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We introduce the exchangeable rewiring process for modeling time-varying networks. The process fulfills
fundamental mathematical and statistical properties and can be easily constructed from the novel operation
of random rewiring. We derive basic properties of the model, including consistency under subsampling,
exchangeability, and the Feller property. A reversible sub-family related to the Erd6s—Rényi model arises
as a special case.
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1. Introduction

A recent influx of academic monographs [9,11,12,19,21,28] and popular books [6,10,30] man-
ifests a keen cultural and scientific interest in complex networks, which appeal to both applied
and theoretical problems in national defense, sociology, epidemiology, computer science, statis-
tics, and mathematics. The Erd6s—Rényi random graph [13,14] remains the most widely studied
network model. Its simple dynamics endow it with remarkable mathematical properties, but this
simplicity overpowers any ability to replicate realistic structure. Many other network models have
been inspired by empirical observations. Chief among these is the scale-free phenomenon, which
has garnered attention since the initial observation of power law behavior for Internet statistics
[16]. Celebrated is Barabasi and Albert’s preferential attachment model [7], whose dynamics are
tied to the rich get richer or Matthew effect." Citing overlooked attributes of network sampling
schemes, other authors [20,31] have questioned the power law’s apparent ubiquity. Otherwise,
Watts and Strogatz [29] proposed a model that replicates Milgram’s small-world phenomenon
[25], the vernacular notion of six degrees of separation in social networks.

Networks arising in many practical settings are dynamic, they change with time. Consider a
population {u1, us, ...} of individuals. For each ¢ > 0, let G;;(¢) indicate a social relationship
between u; and u; and let G, := (G;;(t));, j>1 comprise the indicators for the whole population
at time ¢. For example, G;; () can indicate whether u; and u; are co-workers, friends, or fam-
ily, have communicated by phone, email, or telegraph within the last week, month, or year, or
subscribe to the same religious, political, or philosophical ideology. Within the narrow scope of
social networks, the potential meanings of G;;(f) seem endless; expanding to other disciplines,
the possible interpretations grow. In sociology, {G,};>0 records changes of social relationships

L<For to everyone who has will more be given, and he will have an abundance. But from the one who has not, even what
he has will be taken away.” (Matthew 25:29, The Bible, English Standard Version, 2001.)

1350-7265 © 2015 ISI/BS


http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal
http://dx.doi.org/10.3150/14-BEJ617
mailto:hcrane@stat.rutgers.edu

Time-varying network models 1671

in a population; in other fields, the network dynamics reflect different phenomena and, therefore,
can exhibit vastly different behaviors. In each case, {G,};>¢ is a time-varying network.

Time-varying network models have been proposed previously in the applied statistics litera-
ture. The Temporal Exponential Random Graph Model (TERGM) in [17] incorporates temporal
dependence into the Exponential Random Graph Model (ERGM). The authors highlight select
properties of the TERGM, but consistency under subsampling is not among them. From the
connection between sampling consistency and lack of interference, it is no surprise that the Ex-
ponential Random Graph Model is sampling consistent only under a choking restriction on its
sufficient statistics [27]. McCullagh [23] argues unequivocally the importance of consistency for
statistical models.

Presently, no network model both meets these logical requirements and reflects empirical ob-
servations. In this paper, rather than focus on a particular application, we discuss network mod-
eling from first principles. We model time-varying networks by stochastic processes with a few
natural invariance properties, specifically, exchangeable, consistent Markov processes.

The paper is organized as follows. In Section 2, we discuss first principles for modeling time-
varying networks; in Section 3, we describe the rewiring process informally; in Section 4, we
introduce the workhorse of the paper, the rewiring maps; in Sections 5 and 6, we discuss a family
of time-varying network models in discrete-time; in Section 7, we extend to continuous-time; in
Section 8, we show a Poisson point process construction for the rewiring process, and we use this
technique to establish the Feller property; and in Section 9, we make some concluding remarks.
We prove some technical lemmas and theorems in Section 10.

2. Modeling preliminaries

For now, we operate with the usual definition of a graph/network as a pair G := (V, E) of vertices
and edges. We delay formalities until they are needed.

Let I := {I'; };er be arandom collection of graphs indexed by T, denoting time. We may think
of T as a collection of social networks (for the same population) that changes as a result of social
forces, for example, geographical relocation, broken relationships, new relationships, etc., but
our discussion generalizes to other applications.

In practice, we can observe only a finite sample of individuals. Since the population size is
often unknown, we assume an infinite population so that our model only depends on known
quantities. Thus, each I'; is a graph with infinitely many vertices, of which we observe a finite
sub-network I‘,[”] with n = 1,2, ... vertices. Since the vertex labels play no role, we always
assume sampled graphs have vertex set [n] := {1, ...,n}, where n is the sample size, and the
population graph is infinite with vertex set N := {1, 2, ...}, the natural numbers.

The models we consider are Markovian, exchangeable, and consistent.

2.1. The Markov property

The process I' has the Markov property if, for every t > 0, its pre-¢ and post-¢ o-fields are
conditionally independent given the present state I';. Put another way, the current state I'; incor-
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porates all past and present information about the process, and so the future evolution depends
on o (I's)s<; only through T';.

It is easy to conceive of counterarguments to this assumption: in a social network, suppose
there is no edge between individuals i and i’ or between j and j’ at time ¢ > 0. Then, informally,2
we expect the future (marginal) evolution of edges ii’ and jj’ to be identically distributed. But
if, in the past, i and i’ have been frequently connected and j and j’ have not, we might infer
that the latent relationships among these individuals are different and, thus, their corresponding
edges should evolve differently. For instance, given their past behavior, we might expect that i
and i’ are more likely than j and j’ to reconnect in the future.

Despite such counterarguments, the Markov property is widely used and works well in prac-
tice. Generalizations to the Markov property may be appropriate for specific applications, but
they run the risk of overfitting.

2.2. Exchangeability

Structure and changes to structure drive our study of networks. Vertex labels carry no substantive
meaning other than to keep track of this structure over time; thus, a suitable model is exchange-
able, that is, its distributions are invariant under relabeling of the vertices.

For a model on finite networks (i.e., finitely many vertices), exchangeability can be induced
trivially by averaging uniformly over all permutations of the vertices. But we assume an infinite
population, for which the appropriate invariance is infinite exchangeability, the combination of
exchangeability and consistency under subsampling (Section 2.3). Unlike the finite setting, infi-
nite exchangeability cannot be imposed arbitrarily by averaging; it must be an inherent feature
of the model.

2.3. Markovian consistency under subsampling

For any graph with vertex set V, there is a natural and obvious restriction to an induced subgraph
with vertex set V' C V by removing all vertices and edges that are not fully contained in V’. The
assumption of Markovian consistency, or simply consistency, for a graph-valued Markov process
implies that, for every n € N, the restriction I'" of T to the space of graphs with vertex set [1] is,
itself, a Markov process. Note that this property does not follow immediately from the Markov
assumption for I' because the restriction operation is a many-to-one function and, in general, a
function of a Markov process need not be Markov. Also note that the behavior of the restriction
I'"! can depend on T through as much as its exchangeable o -field, which depends only on the
“tail” of the process.

Markovian consistency may be unjustified in some network modeling applications. This con-
trasts with other combinatorial stochastic process models, for example, coalescent processes [18],
for which consistency is induced by an inherent lack of interference in the underlying scientific
phenomena. Nevertheless, if we assume the network is a sample from a larger network, then

2We are implicitly ignoring the dependence between ii” and jj’ for the sake of illustration.
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consistency permits out-of-sample statistical inference [23]. Without Markovian consistency in a
time-varying Markov model, the sampled process can depend on the whole (unobserved) process,
leaving little hope for meaningful inference.

3. Rewiring processes: Informal description

We can envision at least two kinds of network dynamics that correspond, intuitively, to local
and global structural changes. Local changes involve only one edge, global changes involve a
positive fraction of edges. We say the status of edge i is on if there is an edge between i and j;
otherwise, we say the status is off.

A local change occurs whenever the status of exactly one edge changes, called a single-edge
update. An easy way to generate single-edge updates is by superposition of independent rate-1
Poisson processes. For each pair i < j, we let {Tk” }k>1 be the arrival times of a rate-1 Poisson
point process. At each arrival time, the status of the edge between i and j changes (either from
‘off” to ‘on’ or the reverse). Doing this independently for each pair results in an infinite number of
changes to the network in any arbitrary time interval, but only finitely many changes within each
finite subnetwork. We call a process with this description a local-edge process; see Section 7.3.

A global change occurs whenever the status of a positive proportion of edges changes simul-
taneously. In practice, such an event might indicate a major external disturbance within the pop-
ulation, for example, spread or fear of a pandemic. Modeling such processes in continuous-time
requires more preparation than the local-edge process.

For an example, consider generating a discrete-time Markov chain I := {I";, },n=0.1,2,... on the
finite space of graphs with vertex set [r]. At any time m, given I';, = G, we can generate a tran-
sition to a new state G’ as follows. Independently for each pair i < j, we flip a coin to determine
whether to put an edge between i and j in G’: if ij is on in G, we flip a p1-coin; otherwise, we
flip a po-coin. This description results in a simple, exchangeable Markov chain on finite graphs,
which we call the Erdds—Rényi rewiring chain (Section 5.1). More general transitions are pos-
sible, for example, edges need not evolve independently. We use the next Markov chain as a
running example of a discrete-time rewiring chain.

3.1. A reversible Markov chain on graphs

We fix n € N and regard an undirected graph G with vertex set [n] as a {0, 1}-valued symmetric
matrix (G;j)1<i,j<n such that G;; =0 for all i =1, ..., n; that is, we represent a graph by its
adjacency matrix with G;; := 1{i; is on}. For any pair of graphs (G, G’), we can compute the
statistic n :=n(G, G') := (ngo, no1, 110, 111), where forr, s =0, 1,

Nps = Z l{G,'.,':rand G;j :S}.

1<i<j<n
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For example, ng; is the number of pairs i, j for which the status of ij changes from 0 to 1 from
G to G’. We use n as a sufficient statistic to define the transition probability

Tnoolngm T"IlﬂT"IO
(o + B) T mo1+n00) (r 4 B)PGr1o+n11)’

(n)
P3(G,G) =
where o’/ :=a(@+1)---(@+j— 1) and a, B > 0.

The sufficient statistic n is invariant under joint relabeling of the vertices of (G, G’) and so the
transition law is exchangeable. Furthermore, POE"; is reversible with respect to

@+ B @+p™
Qa+2p)tn

() .
ozr:—ﬂ a+ﬁ(G) =

where n, :=3",_; .., {Gij =r},r =0, 1. The distribution eé”/)g arises as a mixture of Erd6s—

Rényi random graphs with respect to the Beta(e, 8) distribution. Furthermore, {P ,g}neN is a
consistent collection of transition probabilities and, therefore, determines a unique transition
probability (and hence Markov chain) on the space of infinite graphs with vertex set N.

Though consistency is not immediately obvious for the above family, the savvy reader might
anticipate it: the formula for P( ") involves rising factorials (i.e., Gamma functions), which also
appear in other consistent comblnatorlal stochastic processes, for example, the Chinese restaurant
process [26] and the Beta-splitting model for fragmentation trees [3,24]. We need not prove
consistency explicitly for this model; it follows from our more general construction of rewiring
processes, all of which are consistent (Theorem 5.1). We discuss the above family further in
Section 5.1.

3.2. A more general construction

Throughout the paper, we construct exchangeable and consistent Markov processes using a spe-
cial rewiring measure (Section 6). In continuous-time, Markov processes can admit infinitely
many jumps in arbitrarily small time intervals; however, by the consistency assumption, any
edge can change only finitely often in bounded intervals. In this case, we can choose a o -finite
rewiring measure to direct the process.

4. Preliminaries and the rewiring maps

Forn=1,2,...,an (undirected) graph G with vertex set [n] can be represented by its symmetric
adjacency matrix (G;j)1<i, j<n for which G;; = 1if G has an edge between i and j, and G;; =0
otherwise. By convention, we always assume G;; =0 forall i =1, ..., n. We write G, to denote
the finite collection of all graphs with vertex set [n].

On G, we define the following operation of rewiring. Let w := (w;;)1<i, j<, be an n x n
symmetric matrix with entries in {0, 1} x {0, 1} and all diagonal entries (0, 0). For convenience,
we write each entry of w as a pair w;; := (w?j, wilj), 1 <i,j<n.Wedefineamap w:G, — G,
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by G+ G’ :=w(G), where

0
w:., Glj :0, L.
G;j = { wl.lj. Gi =1 1<i,j<n. “.1)
ijo )

More compactly, we may write w(G) := (wl.(;"j)lfi,jg,,. We call w a rewiring map and w(G) the
rewiring of G by w. We write W, to denote the collection of all rewiring maps G,, — G,,, which
are in one-to-one correspondence with n x n symmetric matrices with entries in {0, 1} x {0, 1}
and all diagonal entries (0, 0).

The following display illustrates the rewiring operation in (4.1). Given G € G, and w € W,
we obtain w(G) by choosing the appropriate element of each entry of w: if G;; =0, we choose
the left coordinate of w;;; if G;; =1, we choose the right coordinate of w;;. For example,

G w w(G)
0 1.1 01 0,00 (1,00 O, (0,00 (0,1 001 01
1 00 01 (Lo ©0 @€ @1 d€,0 00 1 10
10010 ©0,1) (1,0 (0,0 ©1 ©0|~]1 1 0 1 0
001 00 0,00 @, 1) O, (00 @0 01 1 01
1 1000 O, 1,00 0,00 1,0) (0,0 1 0010

A unique symmetric n X n matrix determines each element in G, and W, and so there is
a natural restriction operation on both spaces by taking the leading m x m submatrix, for any
m < n. In particular, we write

Riy.nG = Gl :=(Giji<i,j<m> GeG,, and
“4.2)
W) = (Wij)1<i,j<m> weW,,

to denote the restrictions of G € G, and w € W, to G, and W,,, respectively. These restriction
operations lead to the notions of infinite graphs and infinite rewiring maps as infinite symmetric
arrays with entries in the appropriate space, either {0, 1} or {0, 1} x {0, 1}. We write G, to denote
the space of infinite graphs, identified by a {0, 1}-valued adjacency array, and W, to denote the
space of infinite rewiring maps, identified by a symmetric {0, 1} x {0, 1}-valued array with (0, 0)
on the diagonal.

Any w € Weo acts on G just as in (4.1) and, for any G € G, the rewiring operation satisfies

w(G) ) = wlp (Glimy) foralln € N.

The spaces G and Wy, are uncountable but can be equipped with the discrete o -algebras
0 (Upen Gn) and o (J, ey Wh), respectively, so that the restriction maps -, are measurable
for every n € N. Moreover, both G, and Wy, come equipped with a product-discrete topology
induced, for example, by the ultrametric

d(w,w') :=1/max{n € N: w|p=w'|pm}, w, w' € Weo. (4.3)
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The metric on G, is analogous. Both G, and Wy are compact, complete, and separable metric
spaces. Much of our development hinges on the following proposition, whose proof is straight-
forward.

Proposition 4.1. Rewiring maps are associative under composition and Lipschitz continuous in
the metric (4.3), with Lipschitz constant 1.

4.1. Weakly exchangeable arrays

Let 4y denote the collection of finite permutations of N, that is, permutations o :N — N for
which #{i e N: 0 (i) #i} < 0o. We call any random array X := (X;;);, j>1 weakly exchangeable
if

X is almost surely symmetric, that is, X;; = X j; for all i, j with probability one,
and
X =£ X = Xs@)o(j))i,j=1 for all finite permutations o : N — N,

where =, denotes equality in law. Aldous defines weak exchangeability using only the latter
condition; see [2], Chapter 14, page 132. We impose symmetry for convenience — in this paper,
all graphs and rewiring maps are symmetric arrays.

From the discussion in Section 2.2, we are interested in models for random graphs I' that are
exchangeable, meaning the adjacency matrix (I';;); j>1 is a weakly exchangeable {0, 1}-valued
array. Likewise, we call a random rewiring map W exchangeable if its associated {0, 1} x {0, 1}-
valued array (W;;); j>1 is weakly exchangeable.

de Finetti’s theorem represents any infinitely exchangeable sequence Z := (Z;);>1 in a Polish
space S with a (non-unique) measurable function g: [0, 11> — S such that Z =, Z*, where

Z; =gl m), i>1, 4.4

for {or; (1;)i>1} independent, identically distributed (i.i.d.) Uniform random variables on [0, 1].
The Aldous—Hoover theorem [1,2] extends de Finetti’s representation (4.4) to weakly exchange-
able S-valued arrays: to any such array X, there exists a (non-unique) measurable function
£:00,11*—> S satisfying f (e, b, c, ®) = f(e,c, b, e) such that X =, X*, where

Xij = fla.minnjs i jy) i,j=1, 4.5)

for {a; (7;)i>1; (Ai,j))i>j=1} i.i.d. Uniform random variables on [0, 1].

The function f has a statistical interpretation that reflects the structure of the random array. In
particular, f decomposes the law of X l* . into individual A(; jy, row n;, column 7}, and overall «
effects. The overall effect plays the role of the mixing measure in the de Finetti interpretation. If g
in (4.4) is constant with respect to its first argument, that is, g(a, -) = g(d’, -) forall a, a’ € [0, 1],
then Z* constructed in (4.4) is an i.i.d. sequence. Letting g vary with its first argument produces
a mixture of i.i.d. sequences. A fundamental interpretation of de Finetti’s theorem is:

every infinitely exchangeable sequence is a mixture of i.i.d. sequences.
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Similarly, if f in (4.5) satisfies f(a,-,-,+) = f(a/,-,, ) forall a,a’ € [0, 1], then X* is dissoci-
ated, that is

X*|[n] is independent of X™*|(,41,n+2,.) foralln € N. (4.6)

The Aldous—Hoover representation (4.5) spurs the sequel to de Finetti’s interpretation:
every weakly exchangeable array is a mixture of dissociated arrays.

See Aldous [2], Chapter 14, for more details. We revisit the theory of weakly exchangeable arrays
in Section 6.

5. Discrete-time rewiring Markov chains

Throughout the paper, we use the rewiring maps to construct Markov chains on G,. From any
probability distribution w, on W,, we generate Wi, W», ... i.i.d. from w, and a random graph
o € G, (independently of Wy, Wa, ...). We then define a Markov chain {I";;}m=0.1.2,... on G, by

P =Wy (Tp—1) = Wy 0--- 0 W) (To), m=1. (.1

We call w, exchangeable if W ~ w,, is an exchangeable rewiring map, that is, W =, W? for all
permutations o : [n] — [n].

Proposition 5.1. Let w, be an exchangeable probability measure on W, and let T =
{Tm}m=0.1.2.... be as constructed in (5.1) from an exchangeable initial state T'o and Wi, Wa, ...
i.id. from wy,. Then T is an exchangeable Markov chain on G, with transition probability

Py, (G.G') =w,({W eW,: W(G)=G'}), G,G €G,. (5.2)

Proof. The Markov property is immediate by mutual independence of I'g, Wy, W5, . ... The for-
mula for the transition probabilities (5.2) follows by description (5.1) of T'.

We need only show that I' is exchangeable. By assumption, I'g is an exchangeable random
graph on n vertices, and so its distribution is invariant under arbitrary permutation of [n]. More-
over, the law of W ~ w,, satisfies W =, W? and, for any fixed w € W, and o € 4,,, G’ := w(G)
satisfies

Go(io(j
GiJ = Gotyo(j) = Yolro ()
the i j-entry of w? (G?). Therefore, W° (G°) = W(G)? and, for any exchangeable graph I" and
exchangeable rewiring map W, we have

W) =W (I'7) =, W) forallo € 4,.

Hence, the transition law of I' is equivariant with respect to relabeling. Since the initial state Iy
is exchangeable, so is the Markov chain. O

Definition 5.1. We call {T';y}m=0.1.2.... an w,-rewiring Markov chain.
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From the discussion in Section 4, we can define an exchangeable measure ®® on W, as the
restriction to W, of an exchangeable probability measure w on Wy, where

oW W) = o({W* € Wo: WHi=W}),  WeW,. (5.3)

Denote by Pu()") the transition probability measure of an w”-rewiring Markov chain on G,,, as
defined in (5.2).

Theorem 5.1. For any exchangeable probability measure w on Wy, {Pa()”)},,eN is a consistent
family of exchangeable transition probabilities in the sense that

P (G.G') =P (G* R, (G)., GG eGu  forallm=n, (5.4)

for every G* € R,;}n(G) :={G" € Gy: G"|ym1 = G}, where Ry, ,, is defined in (4.2).

Proof. Proposition 5.1 implies exchangeability of {P,f)")}neN. It remains to show that {Pa()") tneN
satisfies (5.4). By (5.2),

P(G,G) =™ ({WeW,: W(G)=G'}), G,G eG,.
Now, for any m < n, fix G, G’ € G, and G* € R}, (G). Then (5.4) requires
oM (W W W(G%) € R, (G)]) =™ (W € Wt W(G) =G,
which follows by definition (5.3) of @ . To see this, note that
o™ ({W e Wyt Wi (G) = G'}) = o({W € Woe: (Wl lpm1(G) = G'})
=o({W € Weo: Wim)(G) =G'})
=™ ({W € Wa: W(G)=G'}).

This completes the proof. ]

Remark 5.1. The consistency condition (5.4) for Markov chains is exactly the necessary and
sufficient condition for a function of a Markov chain to be a Markov chain, as proven in [8].
Before describing the measure w from Theorem 5.1 in further detail, we first show some concrete
examples of rewiring chains.

5.1. The Erdés-Rényi rewiring chain

For any 0 < p <1, let ¢, denote the Erd6s—Rényi measure on Gu,, which we define by its finite-
dimensional restrictions Sg’) to G, foreachn e N,

eWG)= [] p%a-p'=C.  GegG. (5.5)

I<i<j<n
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Given any pair (po, p1) € [0, 1] x [0, 1], the (po, p1)-Erdds—Rényi chain has finite-dimensional
transition probabilities

Gjj 1-G/,
Prn(6-6)= T pejA=pe)™".  G.G'<Gu (5.6)
I<i<j<n

Proposition 5.2. For 0 < pg, p1 < 1, the (po, p1)-Erd6s—Rényi rewiring chain has unique sta-
tionary distribution &4, with q := po/(1 — p1 + po).

Proof. By assumption, both pg and p; are strictly between 0 and 1 and, thus, (5.5) assigns pos-
itive probability to every transition in G,, for every n € N. Therefore, each finite-dimensional
chain is aperiodic and irreducible, and each possesses a unique stationary distribution 6. By
consistency of the transition probabilities {P,Sz? 1 IneN (Theorem 5.1), the finite-dimensional sta-
tionary measures {0(”)}n€N must be exchangeable and consistent and, therefore, they determine
a unique measure 6 on Goo, which is stationary for Py, ,, . Furthermore, by conditional indepen-
dence of the edges of G’, given G, the stationary law must be Erds—Rényi with some parameter
q € (0,1).

In an eé")-random graph, all edges are present or not independently with probability ¢. There-
fore, it suffices to look at the probability of the edge between vertices labeled 1 and 2. In this
case, we need to choose ¢ so that

gr1+ (1 —q)po=gq,
which implies ¢ = po/(1 — p1 + po). H

Remark 5.2. Some elementary special cases of the (pg, p1)-Erd6s—Rényi rewiring chain are
worth noting. First, for (pg, p1) either (0,0) or (1, 1), this chain is degenerate at either the
empty graph 0 or the complete graph 1 and has unique stationary measure &y or &1, respec-
tively. On the other hand, when (pg, p1) = (0, 1), the chain is degenerate at its initial state and
so its initial distribution is stationary. However, if (pg, p1) = (1, 0), then the chain alternates
between its initial state G and its complement G = (Gij)i,jzl, where G; j:=1— Gy for all
i, j > 1; in this case, the chain is periodic and does not have a unique stationary distribution.
We also note that when (pg, p1) = (p, p) for some p € (0, 1), the chain is simply an i.i.d. se-
quence of ¢,-random graphs with stationary distribution &,, where ¢ = p/(1 — p + p) = p, as
1t must.

For «, B > 0, we define the mixed Erdos—Rényi rewiring chain through eg%, the mixture of

egl)-laws with respect to the Beta law with parameter (o, §). Writing

_ F(Ol+ﬂ) a—1

— 1—p)flap,
Twrp? 7P 4

O(Boz,ﬁ (dp)
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we derive
) m ey L@+ h)
fap(O) = /[o,u » DTr@re)
_ T(@+p) Ta@+n)l'(B+no)
T T@r(B) T(a+p+n)
atmpgtno
BCEDI

where n, :=3,_;_;,{Gij =r},r=0,1, and a=a(@+1)--- (@ +n—1). For ap, fo, a1,
B1 > 0, we define mixed Erdds—Rényi transition probabilities by

p* ' —-pPldp

/ £a+nl,ﬂ+n0 (dp)
[0,1]

1 tnoo 1 T
P(n) (G G/) _ aonOl ﬂo I’lOOa1 ni 131 nio
(«0,B0) (a1, B\ T (g + Bo) T mootnon) (o + B1) T ro+nin)”

G,G'€G,. (57

An interesting special case takes (ag, Bo) = (B8, @) and (ay, B1) = (a’, B) for a, &/, B > 0. In
this case, (5.7) becomes

a0 gtror g/t grno

(m) N ,
P(/g’a),(a’,ﬁ) (G, G ) - (Ol + ,B)TnO(Ot/ + ’B)Tnl s G, G e gn
Proposition 5.3. P((g’)a)’ («.p) i reversible with respect to agﬁ Fyavs

Proof. For fixed G,G’ € G,, we write n,; 1= ij 1{G;; = rand G;j = s} and n) :=
ZRJ- 1{G;.j =r and G;; = s}. Note that n,., = ny,. Therefore, we have

o100 ghror g/ trin gtnio

(n) (n) A
fatpa+p O P pa (G 0) = — g o
aT"BOIBT"/loa’T"/n ,BTnén
(@ +2B8+a)tn
_ N pn) ’
= CutB.a/+p (G )P(ﬁ,oz),(a’,ﬁ) (6", G),
establishing detailed balance and, thus, reversibility. |

A mixed Erd6s—Rényi Markov chain is directed by
w(dW) = f Wpo, p (dW)(Buyy, gy @ Bay,p,)(dpo, dp1), W € Weo,
[0,1]x[0,1]
where w, p, is determined by its finite-dimensional distributions

) wh 1—wo W 1-wl
oW, Wy= [] po"A=po) "ip PA—p'TVi, Wew,,

I<i<j<n

for 0 < po, p1 < 1, for every n € N.
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In the next section, we see that a representation of the directing measure @ as a mixture
of simpler measures holds more generally. Notice that W ~ w,, ,, is dissociated for all fixed
(po, p1) € (0,1) x (0,1). By the Aldous—Hoover theorem, we can express any exchangeable
measure on Wy, as a mixture of dissociated measures.

6. Exchangeable rewiring maps and their rewiring limits

To more precisely describe the mixing measure w, we extend the theory of graph limits to its
natural analog for rewiring maps. We first review the related theory of graph limits, as surveyed
by Lovasz [21].

6.1. Graph limits

A graph limit is a statistic that encodes a lot of structural information about an infinite graph.
In essence, the graph limit of an exchangeable random graph contains all relevant information
about its distribution.

For any injection ¢ : [m] — [n], m <n, and G € G,, we define GV .= (Gyiyw(H)i<i,j<m-In
words, GV is the subgraph G induces on [m] by the vertices in the range of ¥. Given G € G, and
F € G,,, we define ind(F, G) to equal the number of injections v : [m] — [n] such that G¥=F.
Intuitively, ind(F, G) is the number of “copies” of F in G, which we normalize to obtain the
density of F in G,

ind(F, G)

H(F.G)i=— ==,

FegG, GegG,, 6.1)

where n¥" :=n(m —1)--- (n —m + 1) is the number of unique injections ¥ : [m] — [n]. The
limiting density of F in any infinite graph G € G is

{(F,G):= lim {(F,Glw).  FeGn,  ifitexists. 6.2)

The collection G* := [ J,,cyy G is countable and so we can define the graph limit of G € Goo
by

|G| := (t(F, G)) 6.3)

FEg*’

provided 7 (F, G) exists for all F € G*. Any graph limit is an element in [0, l]g*, which is com-
pact under the metric

p(x,x') = ZZ‘" Z |xp — xf

neN FegG,

. x,x elo,119. (6.4)

The space of graph limits is a compact subset of [0, 119", which we denote by D*. We implicitly
equip [0, 119 with its Borel o-field and D* with its trace o -field.
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Any D € D* is a sequence (D) peg+, where D(F) := Dr denotes the coordinate of D cor-

responding to F € G*. In this way, any D € D* determines a probability measure y l()”) on G,, for
every n € N, by

yI(G):=D(G),  GeG. (6.5)

Furthermore, the collection (yl()"))neN is consistent and exchangeable on {G,},cN and, by Kol-
mogorov’s extension theorem, determines a unique exchangeable measure yp on G, for which
yp-almost every G € G, has |G| = D.

Conversely, combining the Aldous—Hoover theorem for weakly exchangeable arrays ([2], The-
orem 14.21) and Lovédsz—Szegedy theorem of graph limits ([22], Theorem 2.7), any exchange-
able random graph I is governed by a mixture of yp measures. In particular, to any exchangeable
random graph T', there exists a unique probability measure A on D* such that I' ~ y, where

ya() = fD* yp(-)A(dD). (6.6)

6.2. Rewiring limits

Since {0, 1} x {0, 1} is a finite space, the Aldous—Hoover theorem applies to exchangeable
rewiring maps. Following Section 6.1, we define the density of V. € W,, in W € W, by

ind(V, W)

(VW)=

6.7)

where ind(V, W) equals the number of injections i : [m] — [n] for which WY = V. For an
infinite rewiring map W € Wy, we define

t(V, W)= lim t(V, W[, W e Wy, if it exists.
n—oo
As for graphs, the collection W* := | J,,cy Wi is countable and so we can define the rewiring
limit of W € W by
|W|:=(1(V, W))

provided 7 (V, W) exists for all V € W*,
We write V* C [0, 11"V to denote the compact space of rewiring limits and vy = v(V) to
denote the coordinate of v € V* corresponding to V € W*. We equip V* with the metric

p(v, U/) = 227" Z |UV — vy

neN Vew,

Vews: (68)

, v, v eV (6.9)

Lemma 6.1. Every v € V* satisfies

o (V)= Z{V*EWHH:V*I[,,]:V} v(V*) for every V. € W, for alln € N, and
® > vew, v(V)=1foreveryneN.
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Proof. By definition of V*, we may assume that v is the rewiring limit | W*| of some W* € W
so that v(V) =t (V, W¥), for every V € W*. From the definition of the rewiring limit (6.8),

ind(W, W* i ind(W, W*
Z V(W) = Z n]_i)rgou=hm Z u=1’

nim n—o00 nW"
WEWm WEWm WEWm

where the interchange of sum and limit is justified by the Bounded Convergence theorem because
0 <ind(W, W*|[n])/n¢’" <1 for all W € W,,. Also, for every m <n and W € W,,, we have

N _ind(W', W*[jg))
RGN SR et
{W’eW,,:W’\[mFW} {W/GWMW,‘[mJ:W}
. ind(W', W*|x))
fr— 1 _—
Jm D) AT

{W/EWH:W/l[m]:W}

. ind(W, W*|jk))
= lim ———~
k— o0 kim
=v(W).

This follows by the definition of ind(:,-) and also because, for any v :[m] — [k] there are
kY / kY™ injections ' : [n] — [k] such that ¥’ coincides with ¥ on [m]. a

Lemma 6.2. (V*, p) is a compact metric space.

Theorem 6.1. Let W be a dissociated exchangeable rewiring map. Then, with probability one,
|W| exists and is nonrandom.

We delay the proofs of Lemma 6.2 and Theorem 6.1 until Section 10.

Corollary 6.1. Let W € Wy, be an exchangeable random rewiring map. Then |W| exists almost
surely.

Proof. By Theorem 6.1, every dissociated rewiring map possesses a nonrandom rewiring limit
almost surely. By the Aldous—Hoover theorem, W is a mixture of dissociated rewiring maps and
the conclusion follows. (]

By Lemma 6.1, any v € V* determines a probability measure 2,, on Wy in a straightforward
way: for each n € N, we define Qf,") as the probability distribution on W, with

QW (w) :=v(w), wewW,. (6.10)

Proposition 6.1. For any v € V*, {QS,") JneN is a collection of exchangeable and consistent prob-

ability distributions on (W },en. In particular, {QSJ")},LGN determines a unique exchangeable
probability measure 2, on Wy for which Q,-almost every w € W, has |w| = v.
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Proof. By Lemma 6.1, the collection {Qf)")}neN in (6.10) is a consistent family of probability
distributions on {W,},en. Exchangeability follows because ind(w, W*|f,) is invariant under

relabeling of w, that is, ind(w, W*) = ind(w?, W*Wn,]) for all permutations o € 4, and o’ € 4,,.

By Kolmogorov’s extension theorem, {Qf,")},,eN determines a unique measure €2, on the limit
space Weo. Finally, W ~ Q,, is dissociated and so, by Theorem 6.1, |W| = v almost surely. [

We call 2, in Proposition 6.1 a rewiring measure directed by v. For any measure Y on V*,
we define the Y -mixture of rewiring measures by

Qy ()= /\;* Q, ()Y (dv). (6.11)

Corollary 6.2. To any exchangeable rewiring map W, there exists a unique probability measure
Y on V* such that W ~ Q.

Proof. This follows by the Aldous—Hoover theorem and Proposition 6.1. ]

From Theorem 6.1 and Proposition 6.1, any probability measure Y on V* corresponds to an
Qv -rewiring chain as in Theorem 5.1.

7. Continuous-time rewiring processes

We now refine our discussion to rewiring chains in continuous-time, for which infinitely many
transitions can “bunch up” in arbitrarily small intervals, but individual edges jump only finitely
often in bounded intervals.

7.1. Exchangeable rewiring process

Henceforth, we write id to denote the identity Goo — Goo and, for n € N, we write id,, to denote
the identity G, — G, . Let w be an exchangeable measure on Wy, such that

a)({id}) =0 and a)({W € Woo: Wl ;éidn}) <00 for every n > 2. (7.1)

Similar to our definition of P, in Section 5, we use w to define the transition rates of continuous-
time w-rewiring chain. Briefly, we assume w ({id}) = 0 because the identity map Goo — G iS
immaterial for continuous-time processes. The finiteness assumption on the right of (7.1) ensures
that the paths of the finite restrictions are cadlag.

For each n € N, we write ©™ to denote the restriction of  to W, and define

(n) . _ /
(n) N o ({WeW,: W(G)=G"}), G#G' eg,,
4 (G,G'): {07 Gloed (1.2)
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Proposition 7.1. For each n € N, qcf)") is a finite, exchangeable conditional measure on G,.
Moreover, the collection {qc(o")}nzz satisfies

g (G,G)=q(G* R, (G)., G#G eGn, (7.3)

forall G* € R;’ln (G), forallm <n, for every n € N, where Ry, y, is the restriction map G, — Gn
defined in (4.2).

Proof. Finiteness of q(") follows from (7.1) since, for every G € G,,
a97(G.Gn) = g7 (G, Gu \{G}) = 0™ ({W € W,: W(G) #G}) 0™ ({W #id,}) < 00

Exchangeab111ty of q(") follows by Proposition 5.1 and exchangeability of w. Consistency of
{qw },,22 results from Lipschitz continuity of rewiring maps (Proposition 4.1) and consistency

of the finite-dimensional marginals {w},cy associated to w: for fixed G # G’ € G,, and G* €
R, (G),

m,n

(n)(G* Rr; n(G )) _ Z qé)n)(G*’ G”)
G//:G//l[m]ZG/

= > o"({WweW,: Ww(G*)=G"})
G":G" (=G’
=" ({W € Wa: Wi (G) =G'})
=™ ({W € Wu: W(G)=G'})
=q¢"(G,G). O

From {qw )}nENa we define a collection of infinitesimal jump rates {le )}neN by

a3 (G, G, G #G,

4
4$’(6.6,\(G),  G'=G. 74

05(G.G") = :

Corollary 7.1. The infinitesimal generators {Qg’ )}nEN are exchangeable and consistent and,
therefore, define the infinitesimal jump rates Q., of an exchangeable Markov process on Goo.

Proof. Consistency when G’ # G was already shown in Proposition 7.1. We must only show

that Qé) is consistent for G’ = G. Fix n € N and G € G,,. Then, for any G* € R_nJrl (G), we
have

Q(n+l)(G* R;n+1(G)) (n-H)(G* gn+l \{ })+ Z (n+l)(G* G//)
G"eR; ) (G):G"#G*

—q3(G*, G \ R, (G))
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=—q{"(G. G, \ {G})
= 0Y(G,G). O

In Section 3, we mentioned local and global discontinuities for graph-valued processes. In the
next two sections, we formally incorporate these discontinuities into a continuous-time rewiring
process: in Section 7.2, we extend the notion of random rewiring from discrete-time; in Sec-
tion 7.3, we introduce transitions for which, at the time of a jump, only a single edge in the
network changes. Over time, the local changes can accumulate to cause a non-trivial change to
network structure.

7.2. Global jumps: Rewiring

In this section, we specialize to the case where w = Q- for some measure Y on V* satisfying
T({1))=0 and f (1 —v@)T(dv) < oo, (7.5)

where I is the rewiring limit of id € Wy, and vi") := v(id,) is the entry of v corresponding to

id,,, for each n € N. For each n € N, we write qfr" ) to denote qc(()") for w = Q~, and likewise for

the infinitesimal generator QE? ).
Lemma 7.1. For Y satisfying (7.5), the rewiring measure Qv satisfies (7.1).

Proof. By Theorem 6.1, Y ({I}) = 0 implies Q~ ({id}) = 0. We need only show that fv*(l —
Uiz))T(dU) < 0o implies SZ%F’)({W € Wy: W #id,}) < oo for every n > 2. For any v € V*,

Qu({W € Wt Wl[n]#idn})=9u< U (WeWws: Wl{i.j}?fid{i,j}})

1<i<j<n

IA

Y (W e W Wi j) #idi )

1<i<j<n
= Y QP(M\lidy})

I<i<j<n

=MD 0),

Hence, by (7.5),

M(l — viz))T(du) < 00,

QT({WEWOO: W|[n]§éidn})§/* 3

for every n > 2. O
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Proposition 7.2. For each n € N, q¥’ ) is a finite, exchangeable conditional measure on G,.

Moreover, {q@}neN satisfies
(G, 6)=¢{"(G* R, (G")), G#G' €Gu,  forallG*eR,.(G).
Proof. This follows directly from Propositions 6.1, 7.1, and Lemma 7.1. (]
We may, therefore, define an infinitesimal generator for a Markov chain on G, by

q¥l) (G’ G/)’ G/ ;é G9

7.6
—4%(G.G:\(G)), G'=G. (7.6)

07 (6.6)= |

Theorem 7.1. For each Y satisfying (7.5), there exists an exchangeable Markov process T on
Goo with finite-dimensional transition rates as in (7.6).

We call I in Theorem 7.1 a rewiring process directed by Y, or with rewiring measure Q- .

7.3. Local jumps: Isolated updating

Fori’> j'>1landk =0, 1, let Rl'.‘,j, denote the rewiring map Wy, — W that acts by mapping
G G =R} ,(G),

o )Gy, i #ET
Gij = {k, S 7.7
In words, Rf‘j puts an edge between i and j (if k = 1) or no edge between i and j (if Xk =0) and
keeps every other edge fixed.

For fixed n € N, let 0, € G, denote the empty graph, that is, the graph with no edges. We
generate a continuous-time process I'g := {I"g(¢)};>0 on G, as follows. First, we specify a con-
stant ¢g > 0 and, independently for each pair {i, j} € [rn] x [n], i < j, we generate i.i.d. random
variables T;; from the Exponential distribution with rate parameter ¢o. Given {T;;}; < ;, we define
Iy by

i~rynj <= Tij<t,

where i ~¢ j denotes an edge between i and j in G. Clearly, I'g is exchangeable and converges
to a unique stationary distribution 81, , the point mass at the complete graph 1,,. Moreover, the
distribution of T, the time until absorption in 1,,, is simply the law of the maximum of n(n —1)/2
i.i.d. Exponential random variables with rate parameter cy.

Conversely, we could consider starting in 1,, the complete graph, and generating the above
process in reverse. In this case, we specify ¢; > 0 and let {7}, }; - ; be an i.i.d. collection of Expo-
nential random variables with rate parameter ¢;. We construct I'y := {I'1(¢) },>0, given {T};}; <,
by

i’\’Fl(t)j — T,'j>l‘.
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For ¢; = ¢p, this process evolves exactly as the complement of T, that is,
I =, Ty,
where T'g := {To(t)},>0 is defined by
S W AR e I Rt TOWE

for all i ## j and all ¢ > 0.

It is natural to consider the superposition of I'g and T'y, which we call a (¢cg, ¢1)-local-edge
process. Let ¢, ¢; > 0 and let (Sffi denote the point mass at the single-edge update map lej
Following Section 7.1, we define

Qegey =0 Y 80 +e1 Y 8. (7.8)

i<j i<j
Lemma 7.2. For ¢p, ¢1 >0, Q¢ ¢, defined in (7.8) satisfies (7.1).

Proof. Since Q¢ ¢, only charges the single-edge update maps, it is clear that it assigns zero mass
to the identity map. Also, for any n € N, the restriction of R;‘j to W, coincides with the identity
Gn — G, except when 1 <i < j <n. Hence,

Q. (IW € Wy: W #£id,)) = @(Co +e1) <00,

¢o.¢1
for every n > 2. |

Corollary 7.2. For any cg, ¢ > 0, there exists an exchangeable Markov process on G with
Jjump rates given by Q¢ ¢, -

Proof. For every n € N, the total jump rate out of any G € G, can be no larger than

nn—1)

coVe 00,
5 (coVvep) <

and so the finite-dimensional hold times are almost surely positive and the process on G, has
cadlag sample paths. The Markov property and exchangeability follow by independence of the
Exponential hold times {7};}1<;<j<n and Corollary 7.1. Consistency is apparent by the construc-
tion from independent Poisson point processes. This completes the proof. ]

Definition 7.1. For any measure Y satisfying (7.5), ¢g, ¢ > 0, we call a rewiring process with
Jjump measure w = Qy + Q¢,.¢, an (Y1, co, €1)-rewiring process.

From our discussion in this section, the (T, ¢g, ¢1)-rewiring process exists for any choice of
T satisfying (7.5) and ¢o, ¢; > 0. Individually, Qv and Q¢ satisfy (7.1) and, thus, so does
w 1= Qy + Q¢ - Furthermore, the family of (T, ¢y, ¢1)-rewiring processes is Markovian, ex-
changeable, and consistent.
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8. Simulating rewiring processes

We can construct an (Y, ¢p, ¢1)-rewiring process from a Poisson point process. For w := Qy +
Qcy.c;» Where Y satisfies (7.5) and ¢g, ¢; > 0, let W := {(z, W;)} C R" x W, be a Poisson point
process with intensity df ® w. To begin, we take I'g to be an exchangeable random graph and,
for each n € N, we define T := ("'"),_ on G, by F([)"] :=T|[y; and

e if + > 0 is an atom time of W such that Wt[”] := W;|[n) # id,, then we put Ft["] =
witrh;
o otherwise, we put Ft["] = Ft[’i]

Proposition 8.1. For each n € N, T is a Markov chain on G, with infinitesimal jump rates
(n) .
o in(1.4).

Proof. We can define W"! .= {(¢, W,["])} C RT x W, from W by removing any atom times for
which Wt["] := W;|[n] = id,, and otherwise putting Wt["] := W;|[n). By the thinning property of
Poisson point processes, WI"! is a Poisson point process with intensity df ® w,, where

0n () 1= 0™ (- {idy}).
Given I‘,["] = G, the jump rate to state G’ £ G is
o ({W e Wy W(G)=G'}) = 0% (G.G),
and the conclusion follows. ]

Theorem 8.1. For any w satisfying (7.1), the w-rewiring process on G, exists and can be con-
structed from a Poisson point process with intensity dt @ w as above.

Proof. Let W be a Poisson point process with intensity df ® @ and construct {rl"h, o from the
thinned processes {W""},cy determined by W. By Proposition 8.1, each T'"l is an exchange-
able Markov chain governed by le ). Moreover, {T"1}, oy is compatible by construction, that is,
Ft[m] = Rm’nFt[”] for all £ > 0, for all m < n; hence, {T'"1}, cn defines a process T' on Goo. As we
have shown previously, the infinitesimal rates given by {Qg' )}nEN are consistent and exchange-
able; hence, I' has infinitestimal generator Q,, and is an w-rewiring process. (]

8.1. The Feller property

Any Markov process I' on G, is characterized by its semigroup (P;);>0, defined as an operator
on the space of continuous, bounded functions % : Gooc — R by

P:h(G) :=Egh(T}), G € Gwo, 8.1
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where Eg denotes the expectation operator with respect to the initial distribution 85 (-), the point
mass at G. We say I has the Feller property if, for all bounded, continuous functions 2 : Goo — R,
its semigroup satisfies

o P,h(G) —> h(G) ast | 0forall G € Gy, and
e G+ P;h(G) is continuous for all ¢+ > 0.

Theorem 8.2. The semigroup (P{);>0 of any w-rewiring process enjoys the Feller property.

Proof. To show the first point in the Feller property, we let G € G, and T := (I';);>0 be an
w-rewiring process with initial state ') = G and directing measure w satisfying (7.1). We define

F = {h:goo — IR | there exists n € N such that G| = G'|jn) = h(G) = h(G/)}.

By (7.1) and finiteness of G,,, Ft[”] — G| in probability as 7 |, 0, for every n € N. Thus, for any
h € F,let N € N be such that

d(G.G")<1/N = h(G)=h(G").

Then T'™! — G|; in probability as ¢ | 0 and, therefore, P,2(G) — h(G) by the Bounded
Convergence theorem. Right-continuity at zero for all bounded, continuous /4 : Go, — R follows
by the Stone—Weierstrass theorem.

For the second point, let G, G’ € G, have d(G, G’) < 1/n for some n € N and construct T
and I’ from the same Poisson point process W but with initial states ['o = G and ') = G’. By
Lipschitz continuity of the rewiring maps (Proposition 4.1), T and T’ can never be more than

10}

distance 1/n apart, for all # > 0. Continuity of P}’, for each ¢ > 0, follows. O

By the Feller property, any w-rewiring process has a cadlag version and its jumps are char-
acterized by an infinitesimal generator. In Section 7, we described the infinitesimal generator
through its finite restrictions. Ethier and Kurtz [15] give an extensive treatment of the general
theory of Feller processes.

9. Concluding remarks

We have presented a family of time-varying network models that is Markovian, exchangeable,
and consistent, natural statistical properties that impose structure without introducing logical pit-
falls. External to statistics, exchangeable models are flawed: they produce dense graphs when
conventional wisdom suggests real-world networks are sparse. The Erd6s—Rényi model’s sto-
ried history cautions against dismay. Though it replicates little real-world network structure,
the Erd6s—Rényi model has produced a deluge of insight for graph-theoretic structures and is
a paragon of the utility of the probabilistic method [5]. While our discussion is specific to ex-
changeable processes, the general descriptions in Sections 5 and 7 can be used to construct pro-
cesses that are not exchangeable, and possibly even sparse.
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The most immediate impact of the rewiring process may be for analyzing information spread
on dynamic networks. Under the heading of Finite Markov Information Exchange (FMIE) pro-
cesses, Aldous [4] recently surveyed interacting particle systems models for social network dy-
namics. Informally, FMIE processes model a random spread of information on a network. Some
of the easiest to describe FMIE processes coincide with well-known interacting particle systems,
such as the Voter and Contact processes; others mimic certain social behaviors, for example,
Fashionista and Compulsive Gambler.

Simulation is a valuable practical tool for developing intuition about intractable problems.
Aldous’s expository account contains some hard open problems for time-invariant networks.
Considering these same questions on dynamic networks seems an even greater challenge. Despite
these barriers, policymakers and scientists alike desire to understand how trends, epidemics, and
other information spread on networks. The Poisson point process construction in Section 8 could
be fruitful for deriving practical answers to these problems.

10. Technical proofs

In this section, we prove some technical results from our previous discussion.

10.1. Proof of Lemma 6.2

We now show that (V*, p) is a compact metric space. Recall that V* is equipped with the metric

,o(v, v/) =22_” Z |UV — vy

neN VeW,

/
, v, v e V*.

Since [0, I]W* is compact in this metric, it suffices to show that V* is a closed subset of [0, 1]W*.
By Lemma 6.1, every v € V* satisfies

v(W) = Z v(W*) for every W e W,
W*eWp1:W*|[=W

and

Z v(W) =1,

WeW,

for all n € N. Then, for any x € [0, I]W* \ V*, there must be some N € N for which

&x 1= Z

WeWy

> 0.

X(N)(W) _ Z x(N+1)(w*)
W*| [ nj=W




1692 H. Crane

For any § > 0, let B(x, 8) := {x’ € [0, 11"V": p(x, x) < 8} denote the §-ball around x. Now, take
any x’ € B(x,27N72¢,). By this assumption, p(x, x’) <27V~2¢, and so

27N Z ix(N)(W)_x/(N)(W)|+27N71 Z |X(N+1)(W*)_x/(N+l)(W*)| 5271\]728,\’;
WeWy W*eWn 11

whence,

D MWy =M w)| < —sx and

WeWy
1
Z \x(NH)(W*) —x’(N+1)(W*)| < ng_
W*eWp 11
By the triangle inequality, we have
£y = xXMwy— Y V(W)

WeWn W+ W*[[3)
< Z |x(N)(W) /(N)(W)| + Z ‘ ( (N+1)(W*) —x/(NH)(W*))

WeWn WeWy W*W*|y=W

+ Z X/(N)(W) _ Z x/(N+1)(W*)

WeWn W*:W* || yj=W
< /44 Z Z |x(N+])(W*) _x/(N+])(W*)‘
WeWy WEW*|(y=W
+ Z x’(N)(W) _ Z x/(NJrl)(W*)
WeWn WH*W*|(y=W
<efd+e/2+ Y WMy - Y FNE(wH)|
WeWn W*:W*| y=W
Therefore,
Yo ™My - > YN (WH)| =6 /4> 0,
WeWn W W*|(y=W

which implies x’ € [0, s \ V*, meaning [0, s \ V* is open and V* is closed. Since [0, 1w
is compact, so is V*. This completes the proof.
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10.2. Proof of Theorem 6.1

Assume that W is an exchangeable and dissociated rewiring map. By the Aldous—Hoover theo-
rem, we can assume W is constructed from a measurable function f : [0, 1]4 — {0, 1} x {0, 1} for
which (i) f(a,-, -, )= f(d',-, -, ) and (ii) f(-,b,c,-) = f(-,c, b, ). More precisely, we assume
Wij = f(a,ni,nj, Ay, jy), foreachi, j > 1, where {a; (;)i>1; (Ayi,j})i<;} are i.i.d. Uniform ran-
dom variables on [0, 1]. Conditional on o = a, we define the quantity

ta(V,W)y:=P{W|=Vla=al, VeW,meN,

which, by the fact that W is dissociated, is independent of a; hence, we define the non-random
quantity
t(V,W):=EM{W|m=V}la)=P{Wlm=V}

Recall, from Section 6.2, the definition

ind(V, W) 1
t(V’W“’l])::T[n]::nW Z

injectionsy:[m]—[n]

wil,=v}), neN

For every n > 1, we also define

1
My = 3 EM{wWil =V W),  k=0,1,....n.

injectionsyr:[m]— [n]

In particular, for every n € N, we have

1
Moy =~ > E(U{WIl =V} W) =1(V. W)
injectionsy:[m]—[n]
and
1
M,,,n:nW Z E(I{W|El,’l]=V}|W|[n])=t(V,W|[,,]).

injectionsy:[m]—[n]

We wish to show that #(V, W|[,;) — #(V, W) almost surely, for every V € W,,, m € N. To do
this, we first show that (Mo ,, M1, ..., My, ) is amartingale with respect to its natural filtration,
for every n € N. We can then appeal to Azuma’s inequality and the Borel-Cantelli lemma to show
that M, , — t(V, W) as n — oo.
Note that
M= YYD Bl =) Wit {w? = V)

injectionsyr:[m]—[n] weW,

and

E(Miyin| M) =E(E(Mis10 | M, Wlk) | M)
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On the inside, we have

EMji1n | Micns Wliky)

1
- E(W Z Z l{ww = V}E(l{WlEﬁ] =w}| Wlk) ‘ My n, W|[k]>

injections ¥:[m]—[n] weW,

1

= pim Z Z 1{w¢=V}E(1{W|'[/I’1]:w}|W|[k]);

injections ¥ :[m]—[n] weW,

whence,

E(EMps1n | Min, W) | M)

=E<n% Z Z 1{w‘”=V}E(1{W|Ef1]=w}IWl[k])‘Mk,n)

injections y:[m]— [n] weW,

= m > > HwY =VIE(E({WIpm =w) | W) | M)

injections ¥ :[m]—[n] weW,

= 2 3w = VIEQWIp = w) | My.,)

injections ¥ :[m]—[n] weW,

=M.

Therefore, (M n)k=0.1....» is a martingale for every n € N. Furthermore, for every k =
0,1,....n—1,

|Mk+l,n _Mk,n|
1
== X EWIy =V} Wiken) - EQ{WI, =V} Wi)
injections v :[m]—[n]
1
= ) [EU{WIy =V Wiken) — EQ{WIj, =V} W)

injections y:[m]—[n]
<m/n,
since EQUW /7, = V} | Wigg1)) — EQ{W|/, = V} | W|i)) = 0 whenever  does not map an

element to k 4+ 1. The conditions for Azuma’s martingale inequality are thus satisfied and we
have, for every ¢ > 0,

2
P{|Mn’n—Mo,,,|>8}§Zexp{—28—nz} for every n € N.
m
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Thus,

00 s e2n
;P{an,n — (V. W)| > e} szZexp{‘m} -

n=1

and we conclude, by the Borel-Cantelli lemma, that

limsup{ |t (V, W) — 1 (V, W)| > &}

n—o00

={|t(V, Wl —t(V, W)| > & for infinitely many n € N}

has probability zero. It follows that lim,, .t (V, W|[,)) =t (V, W) exists with probability one
for every V € |J,,ey W Therefore, with probability one, the rewiring limit (£(V, W))yep=
exists. We have already shown, by the assumption that W is dissociated, that #(V, W) is non-
random for every V € J,,cn Wans hence, the limit (z(V, W))y ey« is non-random. This com-
pletes the proof.
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