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Abstract

In a random graph, counts for the number of vertices with given degrees will typically be
dependent. We show via a multivariate normal and a Poisson process approximation that,
for graphs which have independent edges, with a possibly inhomogeneous distribution,
only when the degrees are large can we reasonably approximate the joint counts as
independent. The proofs are based on Stein’s method and the Stein—Chen method
with a new size-biased coupling for such inhomogeneous random graphs, and, hence,
bounds on the distributional distance are obtained. Finally, we illustrate that apparent
(pseudo-)power-law-type behaviour can arise in such inhomogeneous networks despite
not actually following a power-law degree distribution.
Keywords: Stein’s method; size-biased coupling; vertex degree; inhomogeneous random
graph; power law
2010 Mathematics Subject Classification: Primary 60F05

Secondary 05C80; 90B15

1. Introduction

It has been observed in many real-world networks that, when plotting the observed number
of vertices of degree k against k, on a log-log scale the plots tend to look linear. This so-called
scale-free behaviour (see, e.g. [7]) motivated the scale-free network model introduced in [1],
yielding a probability distribution for the number of vertices of large degree which is scale free.

Some issues arise when trying to assess the vertex degree distribution from a single network.
The log-log scale lends itself to overinterpretation; Solow et al. [16] discussed a good number
of pitfalls when trying to test for power law using such plots. Moreover, Stumpf et al. [18]
have shown that, when sampling from a scale-free network, the sampled network will not in
general be scale free. In addition, the total number of vertices in the network is fixed, and,
hence, counts for different degrees will be dependent. We shall see in this paper that even edges
occur independently, the dependence between degree counts depends on the size of the degrees
under consideration—only when the degrees are large can we reasonably approximate the joint
counts as independent. We establish these facts by proving a multivariate normal approxima-
tion, with possibly nondiagonal asymptotic covariance matrix, as well as a Poisson process
approximation, with independent coordinates. We give bounds for these approximations which
depend on the size of the degrees under consideration. Finally, we shall illustrate that apparent
(pseudo-)power-law-type behaviour can arise in networks which are constructed using
independent edges, and do not follow a power-law behaviour.
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The degree of a vertex is one of the fundamental summaries for random graphs, and, hence,
the degree distribution is a natural object to study. In a general random graph 4" on a set V
of n vertices, the degree of a vertex v, denoted by D(v), is defined as the number of vertices
adjacent to v. The most basic model of a random graph is that of the Bernoulli graph ¢ (n, p),
introduced by Erdos and Rényi [8]. A survey of the Poisson approximation for the distribution
of the kth largest degree for large k in the Bernoulli model §(n, p), as well as of both a Poisson
approximation and a normal approximation for the number of vertices of a given degree, can
be found in [4], with bounds on the distributional distance. For the joint distribution of degrees
in the Bernoulli model §(n, p), McKay and Wormald [12] gave an approximation with simpler
models derived from a binomial distribution and used this for univariate normal approximations.

While Bernoulli random graphs typically do not model real-world networks well, in [6] a
mixture model for Bernoulli random graphs was shown to be suitable for some biological
networks. Under the name stochastic block model, a similar mixture model has proven
successful in the area of social network analysis; see [14]. Here we use the inhomogeneous
model §(n, {p;;}) as a submodel of 4", consisting of all graphs in which the edges occur
independently, and, for i, j € V, the probability that vertices i and j are adjacent is p;;.
This general model not only includes Bernoulli random graphs, but also mixtures of Bernoulli
random graphs, Newman—Moore—Watts—Strogatz small-world networks as defined in [13],
and the exponential random graph model, which is defined by assuming in §(n, {p;;}) that
pij = exp(8; +6;)/{1 + exp(6; + 0;)}, where {6;, i € V} are parameters of the model. For
fairly general random graph models which include a Barabasi—Albert scale-free model, but
do not quite cover the class §(n, {p;;}) in full generality, Bollobas et al. [5] gave a univariate
mixed Poisson approximation for the number of vertices with a given degree. There is a lack
of results for multivariate approximations, despite the need to understand log-log plots. In
addition, networks consist of a finite number of vertices, and, depending on the complexity,
the distribution of vertices with a fixed degree may be far from the asymptotic regime; thus,
bounds on the distributional approximations are required.

In order to understand log-log plots of the number of vertices with degree k versus k, we
consider the degree-count sequence W := (W;, 0 <i <n — 1), where W; counts the number
of vertices having degree exactly i. The definitions of both sequences D := (D(v), v € V)
and W can be related by introducing the index set

={w,i):veV;0<i<n-—1}, (1.1)

and defining, for (v, i) € I', the Bernoulli random variables X, ;) := 1(D(v) = i), where
1(-) is the indicator function. Then D(v) = Z:‘lz_ol iX@,i), and Wy =) X@,iy. Other
interesting statistics may be also obtained by this setting. For instance, one may define the
random variable Z; = ), , W; as the number of vertices having degree at least k, for 0 < k <
n — 1, and consider the se(iuence Z:=(Z,,0<k<n-1).

In the flavour of probability theory, as the sequences D, W, and Z are deterministic functions
of the collection X := {X (), (v,i) € I'}, the o-fields o (D), 0 (W), and 0 (Z), generated by
D, W, and Z, respectively, are all contained in the o -field o (X) generated by X. The collection
X in turn can be represented by the point process E, defined by E := )", - 8o X, Where 84
is the point measure at «, that is, for a set B, §,(B) = 1 if ¢ € B and §,(B) = 0 otherwise.

For the degree-count sequence W = (W;, 0 <i <n—1)in4(n, p), tworesults in particular
have inspired the current work. Barbour et al. [2, Theorem 5.E, p. 97, and Theorem 5.F, p. 99]
gave univariate Poisson approximations for the distribution of Z; and Wj, and Goldstein
and Rinott [9] proved a multivariate normal approximation for the joint distribution of any
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subsequence (Wy,, Wy, ..., Wg,) of W. Both results use Stein’s method; in the context of
Poisson approximations this method is usually called the Stein—Chen method. The applications
of Stein’s method in these two papers use a coupling construction to compute bounds on the
errors made in the distributional approximations. For graph degree counts, for any o € T,
a new graph model §*(n, p) is constructed, conditional on the model §(n, p), such that the
distribution of 4% (n, p) is the same as the conditional distribution of §(n, p) given X, = 1;
this coupling is a special case of a size-biased coupling. The difference between the degree
counts in 4(n, p) and in §(n, p) is then used ingeniously to give a bound on the distance to
the target distribution.

In Section 2 we construct such a coupling in the inhomogeneous model (2, {p;;}), general-
izing the existing construction for the homogeneous model. This coupling will be the main tool
for our distributional approximations, which we derive in Section 3. Firstly, in Theorem 3.1, we
provide a multivariate normal approximation for the joint counts of vertices with predescribed
degrees. The bound depends on the chosen degrees, and on the heterogeneity of the underlying
graph. The approximating normal distribution has nondiagonal covariance matrix in general,
and, hence, in the normal limit the counts will often not be independent.

The multivariate normal approximation is suitable when the degrees under consideration are
not too far away from the centre of the degree distribution. For large degrees, a compound
Poisson approximation is more appropriate. Indeed, Theorem 3.2 gives a Poisson point process
approximation for the M-truncated point process &y defined by

By = Z Su X, (1.2)

OIEFM

where, forO < M <n—1,wesetly :={(v,i):veV;M<i<n-—1}

Using the invariant property of the total variation distance in functional transformations
of point processes, we obtain, from Theorem 3.2, in Corollary 3.1 a multivariate compound
Poisson approximation for the M-truncated degree sequence Dy, := (D(v) 1(D(v) > M), v €
V) in G(n, {p;;}). The result shows that counts for large vertex degrees are asymptotically
independent when the edge probabilities are not too heterogeneous. All these results also
contain a bound in distributional distance. This bound depends on the size of the degrees
under consideration, and on the number of vertices, as well as on the heterogeneity in the edge
probabilities.

We illustrate our results using simulations for a Bernoulli random graph as well as several
classes of inhomogeneous random graphs. Finally, we show that the log-log plots for vertex
degrees can appear to be power-law like, without following a power law, when the edge
probabilities are small.

The proofs are postponed until Section 4.

2. A size-biased coupling for vertex degrees in (n, {p;;})

The size-biased distribution of a collection of variables X relates to a sampling procedure
where the probability of an item to be included in the sample is directly proportional to its size.
Formally, it can be defined as follows; see, for example, [9].

Definition 2.1. Let I be an arbitrary index set, and let X = {X,: o € I} be a collection
of nonnegative random variables with means EX, = Ay, > 0. For 8 € I, we say that
Xf = {Xg: a € I} has the X-size-biased distribution in the Bth coordinate if E XgG(X) =
rAEG(X B for all functions G such that the expectations exist.
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We can also apply Definition 2.1 to a vector W = (Wy, ..., W,;) € R™ by identifying the
vector with the collection {W;, j € T} with I = {1, ..., m]}.

A construction of (X, X#) for each 8 € I on a joint probability space is called a size-
biased coupling. For any subset B C I, we set Xp = ZaeB Xy, and g = E X . Goldstein
and Rinott [9] gave the following mixture construction of a size-biased coupling for X in
‘coordinate’ B. Suppose that Az < oo and that, for 8 € B, we have a variable X# which has
the X-size-biased distribution in coordinate 8 as in Definition 2.1. Then the random variable
X5 which is obtained as the mixture of the distributions X?, B € B, with weights Ag/Ap,
satisfies E X3 G(X) = Az E G(X5).

The application of this construction for coupling variables for the degree-count sequence

= (Wy,, 1 <i <m) has been carried out in [9], for distinct and fixed d; (where i =
1,...,m). The idea is, for a given degree d; and vertex v, we force v to have degree d;.
If the degree of v was equal to d; in the first place, no adjustment is necessary. If the degree
D(v) of v in the original graph was larger than d;, then D(v) — d; edges are chosen at random
from the edges which include v as one endpoint, and are removed. If D(v) < d; thend; — D(v)
edges of the form {u, v} are added to the graph, where the vertices u are chosen uniformly at
random from the n — 1 — D(v) vertices not adjacent to v. Randomizing over v € V then gives
a size-biased version W' of W for the graph 4(n, p).

For the inhomogeneous model §(n, {p;;}), we use the index set I' in (1.1), which covers
all possible combinations between vertices and their degrees, and we write A; = V x {i}
fori € {0,...,n—1}. Fori € {0,...,n — 1}, we construct (X,Xﬁ) for B € A;, with
X ={X@,i: ,i) eT}and X(,,;) = 1(D(v) = i), as detailed below; we call the resulting
graph 7 (n, {pi;}). ,

Then, we construct (W, W') by using arandom index [ in A;, i.e. arandom vertex, which has
the probability mass function P(/ = B) = Ag/A4,, independently of all other random variables
in the system; we call the resulting graph ' (n, {p; i1

To describe the detailed construction of gﬂ(n, {pi;j}), let E denote the (potential) edge
set of the graph model, and define, for an edge {a, b} € E, the Bernoulli random variables
Xia,py :==1(a ~ b) in §(n, {p;;}) (and similarly Xfa,b} in gﬁ(n, {pi;j})), where a ~ b denotes
the event that a is adjacent to b. We also use the following notation: N (v) is the random
neighbourhood of vertex v in §(n, {p;;}) (similarly NP(v) in gﬂ (n, {pij})), and x; = x;(v) is
an i-set (i.e. a set with i elements) of V,, := V \ {v}.

Construction 2.1. For each g = (v, i) € A;, conditional on §(n, {p;;}), the following asser-
tions hold.

e [f D) =d =1, let g(v’i)(n, {pij}) = 4(n, {pi;}), that is, set Xf;;,)} = X{a,p) for all
{a,b} € E.

e [fD(v) =d > i and N(v) = x4, then we choose x; C x4 with probability proportional
to
Lo
+ (. . = 7
[Tl xa) =) ) P(N@) Nx;| =,
j=0 \i—j

INW) N (Vy\xa)l =i —j | D) =i), 2.1
and delete all the edges berween v and the vertices in xq \ x, That is, with probability

proportional to (2.1), we set X{U 0 = = O0forxinxg\x;, and X{a b} = X{a,py forall{a, b}
elsewhere.
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e [fD(v) =d < iand N(v) = x4, then we choose x; D x4 with probability proportional

to
n—1

1
[l xa) =) ﬂmww) Uxil = J,
j=i \j—i

INOUWVy\xa)|=n—1—j+i| D) =i), (2.2)

and add all the edges between v and the vertices in x; \ xq. That is, with probability

proportional to (2.2), we set XEg:;)} = lforxinx; \ x4, and XEZ:Z)} = X{4,p) forall{a, b}

elsewhere.
In Section 4 we shall prove that (2.1) and (2.2) are indeed probabilities.

Lemma 2.1. We have
Yo ffwilxn=1 and Y fGxilxa) =1
{xi:x;Cxgq} {xi:x;Dx4}
Remark 2.1. Note that, in all cases, Construction 2.1 indeed yields N (”'i)(v) =x; if
N() = x4.

Remark 2.2. For §(n, {p;;}), we can define the complement graph §(n, {g;;}) with ¢;; =
1 — p;j such that (u, v) is an edge in §(n, {g;;}) if and only if it is not an edge in §(n, {p;;}).
Then Construction 2.1 for d < i in G.(n, {p;;}) is the same as the construction for d > i in

G(n, {gij}).

We shall show in Section 4 that the distribution of gﬁ (n, {pij}) is indeed the same as the
conditional distribution of §(n, {p;;}) given Xg = 1, yielding a construction of (X, X By for
B € A;, which in turn gives a construction of (W, W') via §'(n, {p;;}) using the random
index I € A; with P(/ = ) = Ag/A4,. In the next section, we shall use Construction 2.1 in
G(n, {pi;j}) to obtain a multivariate normal approximation for the degree-count sequence W,
and a compound Poisson approximation for the truncated degree sequence Dj;.

3. Distributional approximation for degree counts in G (n, {p;;})

3.1. Multivariate normal approximation for joint counts

For a multivariate normal approximation, we generalize the argument from [9], which is
based on Stein’s method; see [17]. Let V. = {1,...,n}, letd;, i = 1,..., p, be distinct
numbers in {0, 1, ..., n—1},andlet Wy, = Y7 _, 1(D(v) = d;) denote the number of vertices
of degree d; in §(n, {pij}). Denote by W = (Wy,, ..., Wg,) the vector of degree counts. As
D (v) has a Poisson-binomial distribution which is cuambersome to write explicitly, we abbreviate

Gu.d = P(DW) = d).

Let A = (A1, ..., Ap) denote the expectation vector of W;fori =1,..., p,

n n
i =EWg =) P(D@) =d) = qua.
v=1 v=1

We also abbreviate, forv =1, ...,n,

o :=ED®) =" pu,
u
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where, and as everywhere else, we use the convention that p, , = 01in §(n, {p;;}). Then

var(D)) = Y puv(l = puw) < o 3.1)
u
For vertices vy, vy, .. ., Uy, denote by 9,("1 """ vm) (n — m, {pij}) therandom graph § (n, {p;;})
with vertices vy, va, ..., v, and all their edges removed. For this graph, let D@L l"”)(w) be
the degree of vertex w, where w ¢ {vy, ..., v,}. We let

gy = PO () = ).

It is straightforward to calculate that the entries of ¥ = (o;,;), the covariance matrix of W, are
oij =1 = ki = Y _ qudqv.d;
v

+y Z[pqu,(,f’f},._quf,)dj_l +(1- pwu)q,(,'f’,}iq,(,fﬂjj — Gu.diqu.d; ]

v w#v
Using the notation from [9], for smooth functions #: R? — R, we let Dh denote the vector

of first partial derivatives of &, and in general let D¥ denote the kth derivative of /; ||| denotes
the supremum norm. We also abbreviate

1

w1 prlw
w

Dy =
Define X9 = (al.(;) with al.(;. given by

o =1 = Dhi = Y quadvd; + Y VDo Puw@u.di—1 = Qv.d) Qw.d;—1 = Gu.d;)-
v

v, w

Finally, let
M = max{ZuU; ZMIS)}
v v

The following result gives a bound for the distance between the distribution of our degree count
vector W to a multivariate normal distribution with the same mean as W, but with covariance
matrix ¥¢. The proof can be found in Section 4.

Theorem 3.1. For any function h: R? — R having bounded mixed partial derivatives up to

order 3,
—1/2 P2T2
[ER(Z, /“(W — 1)) — Nh| < T||D2h||<4op2m +5)
P5T3 3 z 2
+=5-ID h||{2M + ;Ai(di +1) }
Here
p
S=4p* > Pk + Y 1w — VPPl Y 1@udi-1 — G.d) Gw.dj—1 — Gu.a,)]
v,w v, wFEY i,j=1
P
+Y ho Y lGvdi—1 = quai|lgu.d;—1 = Gu.a;]
v i,j=1
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and
1,2

[Z min gy g, (1 - lZ%,d,-)}

Remark 3.1. For every v = ,n, the degree D(v) can be approximated by a Poisson
distribution with parameter /. From [2, Equation (1.23), p. 8],

dry(L(D(v)), Po(uy)) < Mi(l —e )Y Py < min(l; Mi) Y e G2

Here dtv denotes the total variation distance; for two probability measures u and v on the same
probability space with o -algebra B, we define

drv(p, v) = sup |u(B) —v(B)|.
BeB

The Poisson approximation is good, for example, when p, , = ¢/(n — 1) = x for all 4, v and
some constant ¢; then u, ~ ¢ = O(1), and X, p,%’v ~ ¢%/(n — 1). The distributional regime
where the normal approximation is plausible is when all degrees are moderate, u, = O(1) for
all v, so that M = O(n); then it is reasonable to think of X; < n and qi ; = O0(1) as well
as gy 4, = O(1). In this regime, with fixed p, T < n —1/2 "and if > d2 0(1) this yields an
overall bound of the order n—1/2.

Remark 3.2. The term § arises from the variance approximation;

Zmev J_Jp_w|2|(qu_1 Gv.d) Gu.dy—1 = Gu.d,))]

i,j=1
vanishes when all p,,, = 7 are equal.

Remark 3.3. In the case that p, , = c¢/n for all u # v, putting g4 = qy,4, the approximating
covariance simplifies to

(n—D(di —c)dj —c) !
ne(l—di/n)(1 —dj/n) '
Under the regime that d; and d; are typical degrees, so that g4 and gg4; are moderate, this

expression will not in general tend to O for i # j as n — 00; the covariance does not in general
vanish, and the degree counts will be asymptotically dependent.

of =10 = gy, + nqdiqdj[

Remark 3.4. While our bounds are for smooth test functions 4 only, they could be generalized
to nonsmooth test functions along the lines of [15]. Corresponding work is in progress, [3],
and to avoid duplicate work, we restrict ourselves to smooth test functions.

3.2. Poisson process approximation for the truncated degree sequences in §.(n, {p;;})

Construction 2.1 of (X, X#) allows us to assess the distribution of the M-truncated degree
sequence Dy := (D) 1(D(v) = M), v € V) for an arbitrary integer M > 0. To this
end, define ')y by {1,...,n} x {M,...,n — 1}, asubset of T, and restrlct the definitions of
X and X*? to FM to have Xy = {X(U,) (v,i) € Ty} and XM = {X(vl) (w,i) € Ty},
such that .,C(XM) L(Xy | Xg=1) for B € I'y. Construction 2.1 can be used to derive
a Poisson process approximation, with respect to the total variation distance, for the point
process &)y defined in (1.2), where the target Poisson point process ®j; on I'y has intensity
Ay = (EXy, axelTy).
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Theorem 3.2. In §(n, {pi;}), we have

drv(L(Em), Po(Ay)) < By,1 + Bu 2,

where

By, =) (P(D() = M)> and Byp=4) Y P(D@) =MPDYwu) =M-1).

veV veV ueV,

Since the total variation distance between the two processes also serves as an upper bound
of the total variation distance between deterministic functions of the two processes, that is,
drv(L(f(Em)), Lf(On)) < drv(L(En), L(Ony)), where Oy ~ Po(dy) and f is any
deterministic function, we assess the distribution of Dy, by taking the function f on point
measures £ on ['y; as f(§) := (Z?;Ol i&((v,1)), v € V). In this way, the target distribution
L(f(®yr)) gives rise to a multivariate compound Poisson approximation for D, in the next
corollary. The result justifies the independence assumption among large vertex degrees as
used when interpreting log-log plots for vertex degrees when the degrees are observed not in
independent graphs, but in the same graph. It also bounds the departure from an independent
point process in terms of the degree threshold M.

Corollary 3.1. In the model §(n,{pi;}), let Dy denote the M-truncated degree sequence
(D) 1(D(v) = M), v € V), and let Yy denote the compound Poisson vector (Y, p, v € V),

in which all components are independent and Yy, y = Zl";;,l iYy,; with Yy, ; ~Po(E Xy i).
Then, with the By ;s from Theorem 3.2,

drv(L(Dum), L(¥Ym)) < Byu,1 + By 2.

Remark 3.5. Corollary 3.1 is consistent with Theorem 3.13 of [5], where, in a fairly general
submodel of G(n, {p;;}), it was shown that the distribution of an individual vertex degree
converges to a mixed Poisson distribution. In contrast, Corollary 3.1 not only applies in the
multivariate case, but it also provides an explicit error bound on the distance.

Remark 3.6. Using u\” = 2 xeV\{u,v) Pux, We obtain, from (3.2),

— e M
P(D(v) = M) < Po(u,){[M.n — 1]} + % Y P

xeV,
and
| — e’
P(DW () = M —1) <Pou"[M = Lin =2+ ——5— Y P
Hu xeV\{u,v}

This yields an upper bound for the quantities in Theorem 3.2; we can use the Poisson distribution
as a guideline for a good choice of M. These probabilities could be further bounded using
Proposition A.2.3 of [2].

3.3. Simulations for the correlation between counts

We now illustrate the dependence structure in four different random graph models, all on
n = 100 vertices, with independent edges. We estimate the correlations from 10 000 samples
of graphs for each model. The models are as follows.

(M1) The first model is the Bernoulli random graph with p, , = p = 1/n. This graph is at
criticality; some, but not all, realizations may yield a giant component (see [4, Chapter 6]).
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(M2) Inthismodel p, , = % if0<|u—v| (mod 100) < 10and p,,, = % if [u—v| (mod 100) >
10. This is a modified Newman—Moore—Watts small-world model (see [13]) with 100
vertices; two vertices at most distance 10 away from each other are connected with
probability %, and two vertices more than distance k away from each other are connected
with probability g5.

(M3) Here p,, = min(u, v)/n for u # v; the smaller of the two vertices determines the

probability.
(M4) This model is motivated by Rasch-type models; for u < v, we set p,, = o, (3)y(10),
with
1 <np2
T~ u=n )
) i/n
o, (i) = .
—, u>n/2.

v
Figure 1 shows the correlations between the degree counts in the four models; except for
model (M3), there is an appreciable correlation even far away from the diagonal.
Figure 2 shows the degree count correlations, firstly between degree counts for k and k + 1,

and secondly for degree counts of an asymptotically normally distributed degree count and
successive degree counts; the quantile-quantile plots are given for reassurance. We observe a

Degree count correlation of (M1)

Degree count correlation of (M2)

Correlation coefficient of (W, W,)
Correlation coefficient of (W, W,)

Correlation coefficient of (W, W,)
Correlation coefficient of (W, W)

FIGURE 1: Degree count correlation in models (M1)—(M4).
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strong negative correlation for counts, but then close to zero correlation with counts of large

degrees.
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FIGURE 2: Degree count correlation and QQ plots in models (M1)—(M4).
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FIGURE 3: Power law; log-log scale.

3.4. Simulations for power-law-type behaviour

Using models (M1)—-(M4), but now with n = 1000 vertices, in Figure 3 we plot the number
of vertices of degree no less than d versus d itself, on a log-log scale. Despite the networks
being created using independent edges, the plots seem to display a sharp linear decline, which
could easily be mis-interpreted as displaying a power-law behaviour.

These simulations confirm the pseudo-power-law phenomena, and, therefore, raise the
issue that, without rigorous analysis, simulation-based claims of detecting power-law-type
behaviour, or scale-free behaviour, could in fact be unreliable and misleading. The vertex
degree distribution may not be a suitable visual method for distinguishing different network
models. In contrast, our distributional results help assess the joint distribution of vertex degrees
under a fairly general null model.

4. Proofs

In this section we provide proofs for the size-biased coupling construction given in Con-
struction 2.1, as well as for Theorem 4.1, Theorem 3.1, and Theorem 3.2. First we prove
Lemma 2.1.

Proof of Lemma 2.1. We first rewrite f+(x; | x4) and f~(x; | x4) by writing out the set
N (v) in terms of those vertices which remain fixed in the construction, and those which get
added or removed, respectively. Here x;, X4, y;, 2(i—j), and Z(z—1— j+) are all subsets of V.
We have

i
1
+ 4. _ - v, L. _
fFalxn=Y Y > (,H) P(N() = yjUz—jy | D) =i) (4.1)
J=0 {y;j:yjcxi} Azi-j: i—j
Z(i—j)CVo\xa}
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FIGURE 4: The set diagram for (4.1) (left) and (4.2) (right).
and
f i | xa) = Z > > ~P(N(W) = y; NZ(u-1-j4i) | D) =1).

()
Jj=i {yj:y;oxi}  Az@m-1—j+i): J—i
Zn—1—j+i) 2 Vo \¥a}

4.2)
Figure 4 illustrates the set relations in (4.1) and (4.2). See Lemma 4.3.2 of [11] for more details.
Now, from (4.1), since, for any x; and y;, there are (d ) choices of x;, we have

Z f+(xi | xq4) = PD;—
{xi 1 x;Cxq) (D) =)

X Z Z Z P(N(w) = y;j Uzi—j)).

J=0{y;: y;Cx} {zi-j): z2i-j)CTVv\xa}

Let X; = {x;: x; C V,}. Note that w; € X; if and only if ®; can be uniquely decomposed
asw; = yj Uz jysuchthat y; C xgand z;_j) C Vy \ x4. Thus,

+ o —
| ZC e | xg) = P(D() ZVP(N(v)—w,)—l,
Xt x;Cxq} i€ X

as required. Similarly, from (4.2) we find that

Y @il xa) = P(D(v)_l)

{xi: xiDxg4}
n—1
D > P(N(v) = yj N Zu-1-j+i)-

J=t yjyioxal  {zp—1-j+i):
Z—1—j+i) 2 Vo \xa}

Note that, w; € X; if and only if @; can be uniquely written as @; = y; N z(;—1—j+i) such that
Yj O Xa and Tn—1—j+i) 2 Vo \xd. Thus,

Yo failxa) = P(D() )ZP(Nw):w,-):l,

{xi: xiDxgq} w;€X;

as required.
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Proof of Construction 2.1. The goal of this proof is to show that, for § = (v,i) € T,
LXP)Y = £(X | Xpg=1), 4.3)
where X = {X;): (v,i) € I'} and Xf = {Xﬂ : (v,1) € I'}. Indeed, we shall show that the

distribution of the constructed model 9, (n, {pij }) is the same as the conditional distribution of
the original model §(n, {p;;}) given Xg = 1, that is, with Xeqge = {X{4,p}: {a, b} € E} and

dege {Xfa py: ta, b} € E}, weneedtoshow that, forallw := (wa,s, {a, b} € E) € {0, 1}El,
P(Xéggg =w)= P(Xedge =w| Xp)=1. (4.4)

The desired equation (4.3) then follows because X is a function of Xedge.

By the definition of Xy ;), the right-hand side of (4.4) (denoted RHS)isOwhen > " . ev, Wo,x =
i, and, by construction, in that case the left-hand side of (4.4) (denoted LHS) is 0 also. Assume
that ) .y, wy x =i. Then

RHS :=P(Xegge =w | X(v,) = 1)
=P(Xedge =w | D(v) =)
=P Xyp) =wgpforalla #v, b #v; Nw)={x € Vy: wyx =1} | D(v) =1i)
=P(Xi4,p) = wyp foralla #v, b Zv)P(N(v) =x; | D(v) =1i), 4.5)

where the last equality follows from the independence of the edges, as the condition D(v) =i
only affects (X{y x}, X € V3), but not edges which do not contain v. On the other hand,

LHS = P(X(4) = wap foralla # v, b # v X[\ = w, . forx € V)
=P(X(4,p) = wa,p foralla # v, b #v) P(X{(:j ;)} = Wy x forx € V), 4.6)

as the construction of X égg'e) from Xeqge affects only the edges with v as one of its endpoints,
and the edges are independent. Note that, in (4.6),

P(X(") = wy forall x € V) = PN©D () = x;).
Hence, to conclude that (4.6) equals (4.5), it remains to show that
P(N®D () = x;) =P(N(v) = x; | D(v) =i). 4.7
Indeed,

PN () = xi)
=i P(NW) =x; | D) =1)

+ Y qua Y, PINW =x4| D) =d)P(N"?(v) =x; | N) = x4)

(d: d>i} {xq: x4Dx;}
+ 3 g Y POV =x4 | D) =d) PN () = x; | N(v) = xa),
{d: d<i} {xa: xaCx;}

(4.8)
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where the three terms corresponding to the coupling construction given in Construction 2.1.
Now, we calculate the sums over {x; : x4 D x;} and over {x; : x; C x;} separately. In fact,
for the first case d > i and x4 D Xx;, it follows from (2.1) and (4.1) that

Y. PV =x| D) =d)P(N"D () =x; | N(v) = x)

{x4: dexi}
Z 3 3 5 1 P(N(v) =x4)P(N(v) =y Uzi_j))
d—j = =i ’
J=0 {xq:xq2xi} {yj:yjcxi}  {zi-j: (i_j) PO =PI =1
2(i—j)CVo\xa}
4.9)
where

P(N<v>=xd>=[<1"[ p)( I <1—pm>) :

XEXJ xeVy\xg :|

Since y; C x; C xg and z;—j) C Vy \ x4, we have Vy, \ (y; Uzi—j)) D xa \ x; (see Figure 4
for reference). Therefore,

P(N() =x4) P(N(v) = y; Uzi—j)

=[<1‘[p)< [ (1—pvx)>< I <1—pvx>>}

xeVy\xy X€xq\xi
x [( I p)( I1 p)( I ¢ —pvx))]
XEXZ\X| xey;jlzi-j) xeVu\l[y;jUzi—j)U(xa\xi)]

=P(NW) =x)P(NW) = y; Uzi_j) U (xg \ xi)).

Hence, from (4.9), we have, ford > i,

Y. PNV =x| D) =d)P(N" () =xi | N(v) = xg)
{xq: x4Dx;}
_ P(N(v) =x;) 1
~ P(D) =i) P(D() =d)

Y Y Y PV =y Uz U G\ x0).

: ()
J=0 {xq:xq42x;} {y;j: yjCxi} Azi—j): i—j
Z(i—j) CVo\¥a}

4.10)
Since y; U z(;—j) is an i-set (i.e. a set with i elements), (x4 \ x;) is a (d — i)-set, and (y; U

Zi—j)) N (xg \ x;) = &, it follows that y; Uz _;) U (x4 \ x;) is ad-setin X4. Conversely, for
any d-set wy € Xy, since x; is fixed, we can decompose @, as

g =yjUzi—j)Vxa\xi), (4.11)

such that y; C x;, x4 D x;, and z(— - C Vv \ x4. Referring to Figure 4, it is easy to show
that, for any @y € Xy, there are (d J ) solutions (y ],xd Z(i—j)) to decompose wy as (4.11)
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(see Lemma 4.3.4 of [11] for more details). Thus, it follows that

>y > > % P(N(v) = yj Uz(i—j) U (xa \ %))

J=0 {xa:xaDxi} {yj: yjCxi} {zi—j): 2i—j)CTVo\¥a} (i—j)

= > PN =wq)

deXd
=P(D(v) =4d),
and from (4.10) we have, for d > i,
. P(N(v) = x;
> PN =x4 | D) =) PN () = x; | N(v) = xq) = %
{xq: x4Dx;} - (4 12)
The case d < i and x4 C x; is treated similarly, giving '
. P(N(v) = x;
> PIVG) =i | D) = PN = x| Nw) =) = L O
{xq: x4Cx;} - (4 13)
See [11] for details. Combining (4.8), (4.12), and (4.13), .
~ P(N(v) = x;) .
W) (1) — xo) — _ - _
P(N"""(v) = x;) = PDW) = 1) P(N(w) =xi | D(v) =),

as required in (4.7) to complete the proof.

The proof of Theorem 3.1 is based on the following theorem, which is similar to Theorem 1.2
of [9], but gives a multivariate normal approximation with respect to an alternative covariance
matrix X¢ for which || X¢|| is straightforward to bound and which is close to . We use the
notation from [9]. For a vector b € R”, we let ||b|| = max;<;<, |b;|. More generally, for an
array A = (a;, j), the notation || - || is its maximal absolute value. For an array A(w) = {a; (W)}
of functions, ||A| = sup,, max; |a; (W)|.

Theorem 4.1. Let W = (W;, 1 < i < p) be a random vector in RP with nonnegative
components. Let . = (A1,...,Ap) = EW, and assume that var(W) = ¥ = (oy;) exists.
Let 3o = (UO) be a positive deﬁmte (invertible) p x p matrix. For eachi = 1,..., p, let
(W, W) be a random vector defined on a joint probability space with W' having the W-size-
biased distribution in the ith coordinate. Let h: RP — R € Cb, and let Nh = Eh(Z), where
Z denotes a standard normal variable in RP. Then

—12

[ER(S; ' *(W — 1)) — Nh|

p P
< %n Zy PIPIDRI Y] D i fvar EIW] — Wy | W)

i=1

1 i P P P ‘ _
—||E PRIDAI Y ST Y M EIWE - W)W — W)

i=1 j=1 k=1

2 p p
p -1/2,21 p2
+ 51z TR Y )

i=1 j=1

.
—

0
Uij—a,-jl.
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Proof. The proof follows closely the lines of the proof of Theorem 1.2 of [9]. The only
difference is that instead of their decomposition (18), we use

—1/2

ElA(Zg "“(W =) — NA]
) _E_il[ki(w’{ ~ Wi —aiilg, ; f(W)] (4.14)
=
B Z T )} (4.15)
_l lpl ' . . 83 |
- E-i,j,zkj—lki(w} - W) Wi — Wk)/o 0= g W + {WE— W)
x (W) = W) (Wj — Wk)dl]. (4.16)

The bounds for (4.14) and (4.16) are as in [9]; for (4.15), we obtain the bound

—1/2
||2 212 ||D2h||Z Zw,, ol

i=1 j=1
This completes the proof.
Proof of Theorem 3.1. The proof is based on Theorem 4.1 and the size-biased coupling
construction given in Construction 2.1. Fori = 1,...,p,letd; € {0,...,n — 1} and g =

(v,d;) € A;. We use Construction 2.1 to obtain 9,/3 (n, {pij}). Now we randomize over the
first component v of 8, but keep i fixed; we pick I such that P(/ = v) = g, 4;/A;; we call the
resulting graph § (n, {p;; i1). Denote by Wd the number of Vertlces of degree d; in Gi(n, {pij i1

If I = v and D(v) is the degree of v in g(n {pij}), then |W/! di = W | < D) —di| + 1,

because at most | D (v) — d;| edges are added or removed; and the degree of v is fixed to equal
d; in the size-biased distribution. Hence,

BI(Wj — Wa)(Wg! — W)l < E(D(D +d; + 1)* < 2d; + 1)* + 2E D()”.

Now, for d;, the vertex I1 = v is chosen proportional to g, 4 ; hence,

ED(I)* = %qu,d,- (var D(v) + (E D(v))?),
ty=1

and we use (3.1) to bound the variance.
The bound on \/ var E[Wjjf — Wa, | W]is straightforward and follows the lines of [9]. First

note that varE[Wjj]% ~ Wa, | W] < varE[W;’; — Wa, | §(n. {pi;}]. With the notation (2.1)
and (2.2), we abbreviate

a; j(u,v) =au,v)

= Td NS IV @) = x)(IDW) = d; + 1) - [DW) = d)))
Yodsd; (xq: uexy)

x Yy [T I xa)

Xd; CXq3ugxa;
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and

Bi.j(u,v) = B(u, v)
= LAY Y AW =x)(Dw) = d; — 1) = (D) = d)))

! d<d; {xq:uéxy}

x> (x| xa). (4.17)
Xd; Dxd;uexd[.
‘We note that Go.d o
loe(u, v)| < 72 and |ﬁ<u,v>|§%, (4.18)
i

i
and o (u, v) = 0 when u #* v; B(u, v) = 0 when u ~ v. With this notation,
d;
E[Wg' — W, | §(n, {pij))]

= Z Za(u,v)—i—z Z,B(u,v)

v ouFv voouFv
1 1
o Xv:qwd,- (D) #di) 16 = j) — w Xv:qmd,- (D) = dj)1G # )).

This gives
VarE[Wjjf — Wy, | W] < 4{Var<z > a, v)) (4.19)
Vo ouFv
+ var(Z > B, v)) (4.20)
Vo ouv
+1G = j) var(%i Xv:qv’di 1(D(v) # di)> 4.21)

o, 1
+13G # j) Var()»_,- Xv:q”’di 1(D(v) = dj)> } (4.22)

Firstly, for (4.19), with (4.18) and using the fact that «(u, v) = a(u, v) 1(u ~ v),

Afvar(e(u, v) < E(@(, v))* < pundy -

Alcov(au, v); e, V)| < 2puvPuvdyg. U Fu.v,
A leov(ar(u, v); a(u, V)| < 2puvPuw'@u.diGo.d;. V' F UL,
Alcov(a(u, v); a', u)| < 2puypu uGodiQudis U F UL v,

v #u,v.

AZlcov(a(u, v); @ (v, V)| < 2PuvPo.v/qo.diqu d»

The contributions of these terms to the overall variance can hence be bounded by

Z Z pu,vqg‘di +2 Z pu,vpu’,vqadi +2 Z Pu,vPu,v'qv,d;9v',d;

v ouFv u,u’,v distinct u,v,v’ distinct

+2 Z Pu,vPu' ulv,d;qu.d; + 2 Z Pu,vPv,vYqv,d; 90 d;
u,u’,v distinct u,v,v’ distinct

<9M.
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Here we used the crude bound that ¢, 4 < 1. For u’ # u,v and v # u,u’,v, let C =
Clu,u',v,vV)=1u # u',u #v',v #v,u # v). Then

P(C(u, u/v v, v,) =D>1- (pu,u/ + Puv + Pov + Pu’,v)-
Put A(u, v) = Ea(u, v); then, for u, u’, v, v/ mutually different,

cov(a(u,v), a’,v)) = El(a(u, v) — A, v)) (@', v) = 1@, v)) | C=1]1P(C =1)
+ El(a(u, v) — Au, v)) (@', v) =A@, v)) | C =0]P(C =0).

As a(u, v)| < 1(u ~ v)gy,q;/*i by (4.18) and as the edge indicators are independent, we can
bound
|B[(e(u, v) — A, v))(ae(u’, v") — 1’ v")) | C =0]|P(C =0)

9v.d; 4v' d;
: )LQU pu,vpu’,v’(pu,u’ + Puyv + Poy + pu/,v).

i

<4
The contribution of this term to the overall variance can hence be bounded by

4 16
2 Z QU,d,-‘Iv/,diPu,vpu’,v’(pu,u’ + Puy + Pov + Pu/,v) =< ?M
i i

u,u’,v,v" distinct

Now « (u, v) is arandom variable which depends only on {1(x ~ v), 1(w ~ u), 1(w ~ v), w #*
u, v}, and, thus, it follows that, conditional on C = 1, a(u, v) and a(u’, v) are independent.
Moreover,

Ela(u, v) — A(u,v) | C =1]

LAy > >, TG | xa)

! d>d; {xq:uexy} xdide;ugZxdi
X {E[I(N(v) = x){1(D(u) =d;j + 1) —1(D(u) =d;)} | C =1]
—E[(N() =x){1(D(u) =d; + 1) — L(D(u) = dj)}]}.

Regrouping the terms and conditioning on u# ~ v give

E[I(NWw) =x4)1(u ~v)1(D(u) = dj +1)| C=1]
—E[I(NW) =x4)1(u ~v) 1(D(u) = dj + 1]
= pund[P(N@ ) ) = x4\ {u}) — PIN® () = x4 \ fu)]P(DW*) () = d;)
—P(N™ () = x4\ (u)[P(DV () = dj) — P(D“V) (u) = d))]}.

By conditioning on whether or not u’ ~ v and v" ~ v,

IP(N @Y () = xg \ {u}) — PN (0) = x4\ {u})]
< (Pury + P ) PN () = xg \ (u)) + PN (0) = xg \ fu, ')
+ PN ) = xg \ {u, v'}) + PN (0) = xg \ fu, ', 0' D).
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Similarly, [P(D® (u) = d;) — P(D™-*¥)(u) = d})| < puu + Pu../- Hence,
[E[I(N(W) =xg)1u ~v)1(Du) =d; +1) | C =1]
—E[IN() =x2) 1(u ~ v) I(D(u) =d; + D]|
< Pu{(Purv + o) PNV (@) € A)
+ (Pu + Pup) PV ) = xg \ ()},

where A = {xg \ {u}, xg \ {u, u'}, x4 \ {u, v'}, x4 \ {u, v, v'}}. Also, we have |P(D™ (u) =
di — 1) = P(DW*V)(u) =d;j — 1)| < pyw + pu.v; replacing d; + 1 by d; in the above
argument also yields

[E[1(N (v) = x4) 1 ~ v) (D) =d;) | C = 1]
— E[1(N(v) = x4) 1 ~ v) 1(D(u) = d;)]|
< Pusk(Pur v + P ) PN () € A)

+ (pu,u’ + Pu,v’) P(N(u)(v) =xq \ {u})}.
Using these bounds,

|Ele(u, v) — A(u,v) | C = 1]|

qv.d; ;o
= T S>> e | ) pun(pur + pr) PN () € A)

d>d; {xq:uexq} *d; CXa
ugxdl.

+ 2Pu v (Pust + Puw) PN (v) = x4\ {u})}

qv.d;
< 8puw(Puw + Pu + Pu'v + P v) ; .
i

Recalling that, conditional on C = 1, a(u, v) and a(u’, v") are independent, we obtain
[E[((u, v) — A(u, v)) (@', v") — A’ v) | C = 1]

29v.d; 4v' d;
< 64pu,vpu’,v’(pu,u’ + Pu,v' + Pu' v + pv’,v) I}L—Z
i
The contribution of this term to the overall variance can hence be bounded by
64
DS
U oy,u',v,v distinct

i
Thus, for (4.19),

281

var(Z Za(u, v)) < FM'
v ouFv i

A similar argument holds for (4.20), involving B(u, v); recall (4.17). Firstly,

2
var(B(u, v)) < % E(Z D UN®) =x){1(Dw) =dj — 1) = (D) = dj)}

l d<d; {x4:ué¢xg}

2 256
pu,vpu’,v’(pu,u’ + Puy + Puwvt pv’,v) Qu.di Q' ,d; =

(4.23)

2
x 1(u & x4) Z S (xq; | xd)) .

Xd; DXq U exdi
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We bound the probability that vertex u is picked to be added to the neighbours of v; if N(v) =

xd’
q(u)
P(upicked | N) = xg) =1 ¢£x0) Y (a4 | %) < pup—2=0. (424
Xd; DX43UEX, v.di
Note that from (4.24) it also follows that
q(M)
1B, )| < puy—d=t (4.25)
qv.d,
v,d;j
With (4.25) we have
q(uz)l 1\
2 S = S p (M) 2 5 Kk pm
v u;év l )"l u,v
Similarly as above, we obtain
(u) (u")
q dflq di-1 _ 2
Do V(B v, BW =2 Y puabua Tt S oM
u,u’,v distinct u,u’,v distinct i i
and
(u) (u)
Qo.d;—19y g;—1 _ 2
D VB BN =2 Y puupur = S 5 M
u,v,v’ distinct u,v,v’ distinct i i
as well as
(u) (u)
Do d—19.d — 2
Y v W) S2 Y puopra i < S
w,u’,v distinct u,u’,v distinct i i

and, similarly,
2
> cov(Bu.v). B, v) £ M
u,v,v distinct kl’

Now assume that u, v, u’, and v’ are all distinct. We refine the definition of B; fort = 1, 2,
define 8 by

B =LY N AW@ =xiDw =d; =D Y f g | %),

Yod<d; {xq: ugxg) X, DX UEX,,
2 _ Yuvd; . _ _
BV v) = = Yo Y MW@ =xuDw=dj) Y. f(xg | Xa)
d<d; {xq:uéxq) X; DX UEX;

so that B(u, v) = BV (u, v) — BP (u, v). Then

cov(B(u, v), B, v)) = cov(BV (u, v), W', v)) — cov(BPV (u, v), B2, v))
—cov(BPu, v), VW', v)) + cov(BP (u, v), B2 W', v")).
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Now,

Ef ) =L%Y" 3 (pu POV W) = d; =D PV () = x4\ ()

! d<d; {xq:u¢xg}
+ (1= pu ) PDP () = d; — HP(N™ (v) = x4)}
x P(u picked | N(v) = x4)

and
EBVw, v)pP ' v)
_ d‘]v/ Gv.d; 9’ d; Z Z Z Z P(u picked | N(v) = x4)
d<d; d'<d; {xq:ugxq} {yy: we&yy}
X P(u/ picked | N(V') = ya)
xP(N(v) = x4, NW) = ysr, Du) =dj — 1, D) =d; - 1).
Now

cov(BP @, v), BV @', v)
= I "’q”/ Py 3 P picked | N(v) = xq)
d<d; d'<d; {xq:ugxa) (yg:u'dyy)
X P(u’ picked | N(v') = y)))
x {P(N(v) = x4, D) =dj — 1, NO') = ygr, D) =d;j — 1)
—P(N() = x4, D) =dj — DP(NW) = yg, D) =dj — 1)}.

Conditioning on whether or not C = 1 and using independence on C = 1 give

P(N(v) = x4, D) =d; — 1, NO') = yg, D) = dj — 1)
—P(N(v) =x4, D) =dj — )P(NQW) = yg, D) =dj — 1)
=P(C = D{P(N*"V' (v) = x4, D""V'(u) =d; — 1)
X P(N“Y(v') = ygr, D' (') = dj — 1)
—P(N(v) =xq, D(u) =d; —1)P(N(V') = ygr, D(u') =dj — 1)}
+P(C=0){P(N() =x4, D) =d;j — 1, NW') = ygr, D) =d; — 1| C =0)
—P(N®) = x4, D) =dj — HP(NW) = yg, D) =dj — 1)}.

Again, with conditioning on C,

PNV (v) = x4, D"V (u) =dj — 1) = P(N(v) = x4, D) =d; — 1)
=P(C = 0){P(N""V' (v) = x4, D"V (u) =d; — 1)
—P(N(v) =x4, D) =dj — 1| C =0)}.
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Using a similar bound for («, v) and (u’, v’) interchanged allows us to conclude that

cov(BV (u, v), BV, v))
—P(C = 0)% DD 3" P(u picked | N(v) = x4)
i d<di d'<d; {xq:ugxa lyg: w'dyy)
x P(u' picked | N(v') = y)))
x [P(C = PNV (v) = x4, D"V () = dj — 1)
—P(Nw) = x4, D) =d; — 1| C =0)}
x P(N“Y(V) = ygr, D"V (u') =dj — 1)
+P(C =1)P(N®W) = x4, D) =d; — 1)
x (P(N"Y (V) = ygr, D' (') =d; — 1)
—P(N(W) =ys, DW)=dj—1]|C=0)}
+{P(N(W) = x4, D) =d; — 1, NW') = yg, D) =dj — 1| C =0)
—P(N(w) =x4, D(u) =d; — DP(NQ') = ygr, D(u') =dj — 1)}].

From (4.24) and bounding P(C = 1) < 1 as well as g, 4 < 1, we obtain

lcov(BP @, v), BV W', ')
< p(C = 0y Purlulv P(u picked | N(v) = x
=" : Aiz d<ZtL dgﬂ:’i {xd;xd} {yd/%yd/} . e !
x P(u’ picked | N(v') = y)))
x [(P(N""V (v) = xg, D"*V'(u) = d; — 1)
+P(N(W) =x4, D) =d; — 1| C =0)}
x P(N"P(v) = ygr, D" (') =dj — 1)
+P(N(v) = x4, D) =dj — 1)
x {P(N"’ (V) = ygr, D" (') =d; — 1)
+P(N(W) =yg. D) =d; — 1| C =0)}
+{P(NW) = x4, D) =dj — 1, N@) = ygr, D) =dj — 1| C =0)
+P(N() = x4, D) =dj — )P(NW') = yg, D) =d; — D}].

As all the sums overd < d;,d’ < d;,{xq: u & x4}, and {ys : u’' & y.} are bounded by 1,

6
lcov(BYV (u, v), BV @', v'))| < 5 PC=0puvpuv.

1

We can bound the covariances |cov(8! (u, v), BP (', v'))| and |cov(BP (u, v), BP W', v'))]|
similarly. Thus, we obtain

DD cov(ﬁ(u,v),ﬂ(u’,v/))ii—gM. (4.26)

VoouAv wAuv vFEuu v !
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For (4.21), use the bound

var(%i ;qv,d,. 1(D(v) # d»)

1 1
= 3D ed 53 20 D dvdidud VD) # d), 1D W) # di)).

Vo ouv

Using the facts that D™ (v) and D™ (i) are uncorrelated and that

9%, = qual < P(DY @) # D)) = pus, 427)

we obtain, for (4.21),

IA

var(%i ;qm 1(D(v) # d»)

% qu,di + % Z Z%J,dﬂu,d,- Pu,v
i v i

v ouFv

%Z ZCIU,d,-CIu,dip“»”
i v u

3
52
A

IA

IA

M, (4.28)

where we have used the convention that p, , = 0. Similarly, for (4.22), when i # j,

1 3 3
V&I’(; qu,di 1(D(U) = dj)) =< F Z ZQU,d,-QM,dl—pu,y < )\—2M (429)
i 2 & - i

Combining the bounds (4.23) with (4.26), (4.28), and (4.29), we obtain

1568
2 K
)”i

varE[W! — Wy, | W1 <

with M as given in the statement of Theorem 3.1. The sum over all i and j yields an additional
factor p°.

The next step is bounding [|£,"/*|l. Define by (i) = /gog;» and let b, = (by(1), ...,
by(p))" and D, = diag(by(i)). Furthermore, let @ denote the p x 1 vector with entries
aj =3 NPuwquwdj—1 — qu.a;). This gives o = Y, Dy, — b,b))Dy + aa’, where I,
is the p x p identity matrix. For any matrix A, let p1(A) <--- < pp(A) denote the eigen-
values of A in increasing order. Letting B, = I, — bvaT, by Weyl’s theorem (see [10,
Theorem 4.3.1]),

P1(20) = Y p1(DyB,Dy) + pi(aa’) = Y pi(DyB, D).
v v

It can be shown that the eigenvalues of B, are 1, with multiplicity p—1,and p1(B,) = 1 — b;rbv s
the least eigenvalue corresponding to the eigenvector b,. Now, using the Rayleigh—Ritz
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characterization of eigenvalues (see [10, Theorem 4.2.2]),
x"D,B,D,x
xTx
yTva
= min ———
y yTD;?y

p1(By)
" (DY)

= min | 1- ).
; ‘h},d,( Z%),d,)

i

p1(DyByDy) = H}rin

It therefore follows that

—-1/2
5520 < pp(5 2 <X 1= =
” ” — :0[7( 0 ) - _1/2 — mlnqu qv.d; =T
i

p1(%;

Finally, we bound Zi’j lojj — al-(} |. With (4.27),

Z |Gl/ t/

=Y "1 (puwn(l - pwv)(qu_l — qu.q, )(qwd ~1 — quw.d;)

ijlvw

- \/Zv ﬁw(Qv,d,-—l - QU,d,-)(Qw,dj—l - Qw,dj)}‘
<4P22Pwv+ Z |Pwo = VPP |Z|(%}d71 qv,d.)(Gw,dj—1 — qu,d;)|

V;WHEY

+ Zﬁv Z |qy,a'l-—1 - CIv,a'i”CIv,dj—l - CIU,dj|
v ij

=:§.
Collecting the bounds gives the result.

Proof of Theorem 3.2. Recall that g, ; denotes E X, ;) = P(D(v) = i). Based on Theorem
10.B of [2], we obtain

n—1 n—1 n—1
drv(L(Ep). Poy) = Y zqm{z Yo Y. ElXej— X0
veV i=M veV i=M =M, j#i

n—1 n—1
+Z qu,i Z ZE|X(u,./> XEZ ln'}

veV i=M ueV, j=M

Note that, the first summand in the bracket is for the case © = v for j # i, and the second
summand in the bracket is for u € V,, forall j, covering all (u, j) except the case (u, j) = (v, i).

Since X ((:j ;)) =0for j #iand E Xy j) = gy, ;, the first summand in the bracket is equal to
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Yev 2 M qv,i 27;}\4 j#i v, j- This, together with the summand outside the bracket, yields

1
ZveV[ZLM ‘Zv,i]z-

Letd(u,v,i, j) =E|X,j) — XEZ ]))| for u € V. Then Construction 2.1 gives

S(u,v,i,J)

Y qua Y PO =x4 | D) = d)E[|Xw ) — X)) | N@) = x4]
{d: d>i} X4CVy

+ > qua Y PINW) =x4 | D) =d)El[| X)) — XD | N(w) = x4].
{d: d<i} xqCVy

Letéi(u, v, i, j)and 82 (u, v, i, j) respectively denote the above two terms. We first calculate
S1(u, v, i, j). Note that if D(v) = d > i and N(v) = xg4, then, by Construction 2.1,
(X, — é | =1 if and only if vertex u satisfies (i) u € x4, (i) D(u) = j+ 1l or j
in §(n, {p,j}) and (iii) u » v in 9,(” D(n, {pij}), namely, u is not adjacent to v in the graph.
Hence, 61 (u, v, i, j) can be written as

81, v, 6 )= D qua

{d: d>i}
x Y PN =x4| D) =d)
{xqCVy: uexy)

x E[{D@W) = j + 1or j} 1% {u = v} | N(v) = x4].
Conditioning on the event ‘D(u) = j 4+ 1 or j’,
E[{D(u) = j + Lor j}1%7u = v} | N(v) = x4]
=P(Dw)=j+1lorj| N =xq)
x E[1W{u v} | N(v) = x4, D(u) = j + 1 or j].

Since the neighbourhood of vertex v does not contain any relevant information for the degree
of vertex u once we know whether or not # ~ v, we have

81(”7 v’ivj)z Z Qv,d

{d: d>i}
x Z P(N(v) =x4 | D(v) =d)
{xqCVy: uexy}
x P(D(u) = j+1or j | Xpw = DPXE) =0 N@) = xq).
(4.30)

Ifd > iand u € x4, then P(XEZ:?} = 0| N(v) = xy) is the probability that the edge {u, v}
is deleted in Construction 2.1 and, hence, by (2.1),

PGy =0IN®=xn= 3 PN =x|N@ =x)

{u,v}
{x;CVy: xiCxq, uéx;}

= > Fr@i | xa).

{x;CVy: xiCxq,u¢x;}
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For (4.30), we then obtain

S, v,i, )= Y > > fr@ | xa)

{d:d>i} {xqCVy:uexg} {x;CVy: x;iCxq, uéx;}
xP(NW) =x)P(D(u)=j+1orj| X,y =1). 4.31)

Next, we find 87 (u, v, i, j) by a similar argument as_for 81(u,v,i, j). f D(v) =d < iand
N(v) = x4, then, by Construction 2.1, [ X, j) — (u )| = 1 if and only if vertex u satisfies
() u ¢ xq, (ii) D(w) = j — Lor jin §(n, {pi;}), and (iii) u ~ v in g0 (p, {pij}). Hence,
following the same argument as for 81 (u, v, i, j), we arrive at

S v,i, )= Y > > [ | xa)

{d:d<i} {xqCVy:ugxg} {x;CVy: x;Dx4, uex;}
xP(N(w) =x4)P(D(u) =j—1orj| X =0). (4.32)
Now, the sum of §;(u, v, i, j) at (4.31) and §2(u, v, i, j) at (4.32) gives §(u, v, i, j), and,
hence, drv(L(Ep), Po(Ay)) < by1 + by 2 + by 3, where

n—1

b1 =Z[Z P(D(v)—z)} =: Bu1,

veV>=i=M

=YY Y Y Y Y e e

veV i=M ueV, j=M {d:d>i} {xqCVy:uexy} {xiCVy: x;Cxq4, u¢x;}
xP(D() =) P(N(w) =xg) P(D(w) = j+1lorj | Xy =1),

and

busz=) i > f > > > £ | xa)

veV i=M ueV, j=M {d:d<i} {xqCVy:ué¢xy} {x;CVy: x;Dx4, uecx;}
xP(D(w) =) P(N(w) =xg) P(D(w) = j —1lorj | X,y =0).

In particular, removing the constraints of vertex u on choosing x; and x;, and using
Lemma 2.1, we obtain

n—1
bua <2y Y D P(D@) =i)P(D) > )P(Dw) = M | Xyoy =1)

veV ueV, i=M
<2)" Y PO = M) P(Dw) =M | Xy =1)

veV ueV,
.1
-. _BM,Za

and, similarly,

bu3 <2y D P(D@)=MPDw =M—1] Xy =0).

veV ueV,

Now, with both P(D(u) = M | Xuay = 1) and P(D@) = M — 1| Xius) = 0) equal to
P(D™W (u) > M — 1), the assertion follows.
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