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Abstract

Our main results are quantitative bounds in the multivariate normal approximation
of centred subgraph counts in random graphs generated by a general graphon and
independent vertex labels. We are interested in these statistics because they are
key to understanding fluctuations of regular subgraph counts — a cornerstone of
dense graph limit theory. We also identify the resulting limiting Gaussian stochastic
measures by means of the theory of generalised U-statistics and Gaussian Hilbert
spaces, which we think is a suitable framework to describe and understand higher-
order fluctuations in dense random graph models. With this article, we believe we
answer the question “What is the central limit theorem of dense graph limit theory?”.
We complement the theory with some statistical applications to illustrate the use of
centred subgraph counts in network modelling.
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1 Introduction

Since the seminal paper of Lovasz and Szegedy (2006) on dense graph limit theory, a
considerable amount of literature devoted to this topic has been published. A book-length
treatment was given by Lovasz (2012), and the theory has been extended to related
models, such as sparse graphs by Bollobas and Riordan (2009), Borgs, Chayes, Cohn,
and Zhao (2014a,b), Caron and Fox (2017), Borgs, Chayes, Cohn, and Holden (2017)
and others, multi-graphs by Rath (2012) and Rath and Szakacs (2012), graphon-valued
stochastic processes by Athreya, den Hollander, and Rollin (2019), and permutations by
Hoppen, Kohayakawa, Moreira, and Sampaio (2011) to name a few.

Much of the literature is concerned with what could generally be referred to as laws
of large numbers, where the main interest lies in describing the limiting objects upon
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appropriate scaling as some number n that captures the size of the model — for example,
the number of vertices of a graph — tends to infinity. In many applications, the limiting
objects are deterministic, since the randomness in the model “averages out”, like in
the case of the fraction of heads in a sequence of independent fair coin tosses. And if
the limiting objects are random, then typically because of a phenomenon related to de
Finetti’s Theorem in the sense that the randomness left in the limit can be thought of as
being distinct from the randomness describing the fine details of the model. In the case
of dense graph limit theory, this phenomenon is captured by the Aldous-Hoover theory
of infinite exchangeable arrays; see Diaconis and Janson (2008).

In analogy to the classical Law of Large Numbers for sums of independent random
variables, it is natural to ask about fluctuations around the limits, which in the classical
case is captured by the Central Limit Theorem. This is of profound importance, since
statistical inference is based on exactly this kind of fluctuations. But despite the large
literature on dense graph limit theory, we are not aware of any attempts made to develop
a higher-order fluctuation theory for random graph models, neither in the dense nor
sparse regime.

There have been some recent efforts to understand the subgraphs counts in the
context of graphons and dense graph limit theory. Hladky, Pelekis and Sileikis (2019)
analysed the limiting distributions of r-clique counts of a random graph obtained through
sampling from a graphon (which is our model G(n, k) below), and Chatterjee and Bhat-
tacharya (2021) generalised the results to arbitrary subgraphs. Maugis (2020) analysed
localised versions, where the counts are not global, but only over one specific vertex.
Their results yield in essence that the scaling and limiting distribution depends on
specific properties of the graphon, and this is intimately related to the work of Janson
and Nowicki (1991) on U-statistics. What makes subgraph counts problematic as test
statistics is the fact that it is not immediately clear what is actually being tested (in
other words, what aspects of the model the dominating fluctuations represent), and how
different subgraph counts are related to each other, which is crucial when performing
multiple test over different subgraph counts.

What we propose in this article is not to use subgraph counts as test statistics directly,
but use more fundamental statistics — centred subgraph counts — which themselves
completely determine the fluctuations of subgraph counts, which are orthogonal to each
other, and which are jointly Gaussian in the limit with a straightforward covariance
structure. The latter in particular allows for a proper correction when performing
multiple tests. We give a rather complete description of these statistics in the dense
case for models where vertices have independent labels, and conditionally on the vertex
labels, edges are sampled independently of each other with probabilities given by a
graphon. This model is the workhorse of dense graph limit theory, although in this article,
we generalise this to sampling schemes where vertex labels need not be identically
distributed. We believe the latter is an important contribution and covers the important
case where vertex labels are fixed and arranged on an equally spaced lattice.

As mentioned, the key to understanding all fluctuations is to analyse centred subgraph
counts rather than regular subgraph counts, and we are not the first to do so. Centred
subgraph counts were studied in depth by Janson (1994), where the normal limits
were shown using martingale methods, and by Janson (1997), who used the method of
moments. Fang and Rollin (2015) studied statistics similar to centred subgraph counts
to construct a test whether a given graph is compatible with a constant graphon, and
Bubeck, Ding, Eldan, and Racz (2016) used centred triangle counts to construct a test
for dimensionality in geometric random graphs; see also Gao and Lafferty (2017a,b).

As we will argue in the next section, the mathematical framework of generalised U-
statistics can be used to describe the fluctuations in dense graph sequences. Generalised
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Figure 1: The 2 x 2 graphon « defined in (1.1).

U-statistics were introduced by Janson and Nowicki (1991) to understand fluctuations
of subgraph counts in the Erdds-Rényi random graph and related models, and a more
comprehensive treatise was given by Janson (1994, 1997). In particular, using the
framework of Gaussian Hilbert spaces, Janson (1997) was able to describe the Gaussian
limiting objects arising from generalised U-statistics, although his description is rather
abstract and not easily interpretable in the context of dense graph limit theory.

Our contribution is to modify the approach of Janson (1997) in such a way that
it becomes clearer what the limiting Gaussian Hilbert spaces are and such that it
applies to non-identically distributed vertex labels, and we complement the theory with
a multivariate normal approximation theorem for smooth and non-smooth test functions,
which is based on Stein’s method. Incidentally, none of the existing approximation
theorems in the literature seem to be applicable to the present situation due to the
fact that the summands in our test statistics are uncorrelated, a case that has drawn
surprisingly little attention in the literature so far. Although subgraph counts can
be handled using Stein’s method, as was shown by Barbour, Karonski, and Rucinski
(1989) for smooth metrics, by Rollin and Ross (2015) for total variation and local limit
metrics, by Rollin (2017), Krokowski, Reichenbachs, and Thale (2017) and Privault and
Serafin (2020) for the Kolmogorov metric, centred subgraph counts, which are sums
of uncorrelated but not independent random variables, cannot be handled with these
approaches. The only result in this direction we are aware of is that of Fang and Rollin
(2015), who considered bi-variate normal approximation for related sums of uncorrelated
random variables in the case of constant graphons.

1.1 The basic decomposition of subgraph counts — an example

Before elaborating on the general theory, we first illustrate what a decomposition
of a subgraph into orthogonal components looks like in the simple case of a 2 x 2 block
graphon, also called stochastic block model. This model is general enough to illustrate
the main points, but also simple enough to work out the details, at least for simple
subgraphs.

First, fix constants «, 3,6 € [0,1] and v € (0,1). Then let « : [0,1]?> — [0,1] be the
graphon defined as

a ifzx,y <y,
k(z,y) =qd§ ifz<y<yory<~y<u, for z,y € [0, 1]. (1.1)
B ifx,y>~,

This graphon is illustrated in Figure 1 and represents a graph with two communities
with connection probability « and 8 within the respective communities, and § across the
two communities.

We now generate a random graph G,, on n vertices in the usual way. Let Uy, ..., U,
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be independent random variables distributed uniformly on [0, 1], and conditionally on
U; and Uj, connect vertices ¢ and j with probability «(U;, U;), independently of all else.
It is clear that the probability of a vertex belonging to the first community is v and the
probability it belongs to the second community is 1 — v. We denote by Z; = I[U; < 7] the
indicator that vertex 7 belongs to the first community, and by Y;; the indicator that ¢ and
J are connected.

Now, to start with, consider the so-called edge density

- 1 1

(Gn) = ————= > Vi,

/(G) n(n—l)z 172
11,12

where the sum ranges over all vertices and the prime in the double sum indicates exclu-
sion of the diagonal cases i; = i3 as usual. With Y;; = Y;; — k(U;, U;), it is straightforward
to deduce the decomposition

L 1 ! A 1 l
inj - - T U ) —R)+ R
t/ (Gn) - n(n _ 1) Z }/’Lllz + n(n _ 1) Z (H(UH’ UZ2) KJ) + K, (12)
11,22 11,22
where & = Ex(Uy, Uz) = ay? +25v(1 — ) + B(1 — 7)%. Now, the second sum in (1.2) itself
is a U-statistic, making further decomposition necessary. To this end, we write
:‘i((]j7 UJ) — k= Pl(Zi + ZJ) + pQZiZj, (13)

where

Zi=Z; — 1, p1=ay—B(1—7)+ (1 —2v), p2 =+ —26. (1.4)

Using (1.3) on the second sum in (1.2) and a tedious exercise of adding, subtracting and
rearranging terms, as well as observing that Z? = (1 — 2v)Z; + y(1 — 7), we can write

ZI (5(Uiy, Usy) — K) = (B — a+ 2np1) ZZz + P2 (Z Zz) —ny(1—7)

1,12

Thus, we arrive at a complete decomposition of the form

- 2n1/2p1W P2 (W2 — (1 - 'Y)) 212V, 4 (B—a)W
tY(Gp) =R : 1.5
SNGL) =R+ — — +n1/2(n—1)1/2+n1/2(n—1)’ (1.5)
where o
W=n"23"Z Veu=()""Y Vi (1.6)
7 11 <ig

There are multiple reasons why this decomposition is useful. First, both W and V;
are centred and uncorrelated random variables, and moreover, they themselves are
sums of uncorrelated random variables; this is true if even the U; are not identically
distributed, so long as they are independent. Hence, the variance and covariance
structure is straightforward to calculate, and with the normalisations given above and
assuming the U; are identically distributed, all variances are of order 1. Second, all
quantities have Gaussian limits; for W, this follows easily from the classical central limit
theorem, but it is also not difficult to prove for V,; using Stein’s method or the method
of moments. This fact also implies the limit for W?2, namely a y3-distribution. Third, it is
now straightforward to read off the limiting behaviour of t?”l (@) from this decomposition
(upon appropriate scaling):

1. p1 # 0: The second term in (1.5) dominates and the limit is Gaussian.
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2. pp = 0 and p2 # 1: The third and fourth terms in (1.5) dominate and the limit is the
weighted sum of two independent random variables, one Gaussian and the other
having a centred x?-distribution.

3. p1 = 0 and py = 0: The fourth term in (1.5) dominates and the limit is Gaussian.

These convergence results were also obtained by Hladky et al. (2019) and Chatterjee
and Bhattacharya (2021). Note that even in the third case, the contribution of W in
(1.5) does not vanish if a # 3, although the fluctuation only contributes to a scale that
is smaller than the dominating fluctuation. It is also important to recognise that this
decomposition is not unique; for example, since

1 1 1

n—1 n nn-1)

fluctuations at one scale can always be slightly rescaled and change the composition of
fluctuations at another scale.

This simple example already reveals the subtle nature of subgraph counts under
inhomogeneous sampling schemes, even for just the edge density. It also shows the main
disadvantage of modelling vertex labels U; as random: In general, the subgraph counts
are dominated by the group labels, rather than the randomness in the edges. This is
usually not a desired property if testing a graph model against network data.

The case of triangles £} (G,,) = on > o iy YiniaYiaig Yisig s much more involved
and tedious to deduce, and we therefore only give the final decomposition (for multiple
sums, the prime indicates exclusion of any set of indices where at least two indices

coincide). We have

t2)(Gn) = ¢1+ Ros + Rio+ Ruis + Roo + Ras

where
02W
RO.S = n1/2 )
R — cs(W? —~(1—7)) n caVoa+ces(Veo+Ves)+ eV
10= o W12 (n — 1)1/ ’
crW n/2eg (W3 —n=1/24(1 - 5)(1 - 27))
nt/2(n —1) (n—1)(n—-2)
co(Va+ Vo1 + Vo + Vas) n c1oVeaW +ci1(Voo + Vo)W + c12Ve s W
ni2(n —1)1%(n — 2)1/2 (n—1)12(n—2) ’
Roo — c13Vea+cu(Veo+Ves)+2c15Voa n (W2 — (1 —17))
20 n1/2(n —1)1/2(n — 2) n—1(n-2)
Ros — crW

nt/2(n—1)(n—2)’

with V> and W as in (1.6) and with

Voo = (Z)_W ZZAiY/ija Vosz = (3)_1/2 ZZAJ'YU" Vos= (Z)_l/z ZAiZAjYiJﬁ

i<j i<j i<j
-1/2 S —1/2 S
Ver= (07" wUL U Vo= ()" w(U;, U Y,
i<j<k i<j<k

n\—1/2 YR ¥, n\—1/2 YR VR Y,

Vs = (3) Z &(Ui, Uj)YieYej, Va=(3) Z YiiYirYik

i<j<k li<j<k
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(1.7)

(the values of the constants ¢; to ¢;7 can be found in the Appendix); these results are
again consistent with Hladky et al. (2019) and Chatterjee and Bhattacharya (2021). Note
also that all these quantities are again uncorrelated and themselves sums of uncorrelated
random variables, and they are scaled to be of order 1. We have arranged the terms so
that R, has standard deviation of order n~“. What our main result, Theorem 3.1, says is
that all the quantities arising in such a decomposition are jointly close to a multivariate
normal distribution that has a straightforward covariance structure, which is why we
believe they are better suited for statistical applications than subgraph counts.

Note that explicit decompositions like the ones presented above are possible when-
ever k(U;,U;) can be written as sums and products of random variables involving the
individual U; like we did in (1.3) for the 2 x 2 block graphon. This is possible in particular
whenever « is piece-wise constant, that is, is of block form, and in principle one could
construct an algorithm that derives such decompositions explicitly for any subgraph
density and any block graphon. In general, though, (1.3) has to be replaced by an
approximation, and that will be the content of Lemma 2.2.

In the case where the subgraph is not connected, one can always decompose the
subgraph density into sums and products of subgraph densities of connected graphs.
For example, if inj(F, G) denotes the number of injective homomorphisms from F to G,
we have

inj(a1,G) = inj(a, G) inj(s, G) — 6inj(a, G) — 6inj(a~, G)

so that

Hence, densities of connected subgraphs tell in essence the whole story.

1.2 Preliminaries on dense graph limit theory

In what follows, all graphs are assumed to be simple and finite, without loops.
Consider a graph G,, on the vertex set [n| := {1,...,n}. For any graph F' on k vertices,
the homomorphism density of F' in GG,, is defined as

B hom(F,G,,)

tp(Gn) o

where hom(F, G,,) is the number of graph homomorphisms from F' to G,. A sequence
of graphs G, G, ... is called dense, if the number of edges ¢(G,,) < n?, and it is called
convergent if lim,, ., tp(G,,) exists for all F. Lovasz and Szegedy (2006) showed that
if G1,Gs,... is a convergent dense graph sequence, then there exists a symmetric
measurable function  : [0, 1] — [0, 1] such that

lim tp(Gy) =tr(k) = / H K(Zy, Ty )dzy - - - dxg, (1.9)
[0,1]% “p

n—oo

VYW

where Hviw denotes the product over all pairs of vertices {v,w} that are connected in
F'. Such functions are generally referred to as graphons, but (1.9) is only enough to
determine x up to measure-preserving transformations of [0, 1], so the actual space of
limiting objects is the equivalence class of graphons with the same values of ¢z (x) for
all F'. What makes the representation of the limits appealing is that finite graphs can
easily be embedded in the space of graphons by representing the adjacency matrix of a
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graph as a 0-1-valued function on [0, 1]? in the canonical way. If G is a graph and & the
corresponding induced graphon, it is not difficult to see that tz(G) = tp(x) for all F.
In the context of graphs, the more natural objects to study are the injective homo-

morphism densities, defined as

inj inj(F, Gn)

2N (Gp) = ———2,
where inj(F, Gi,) is the number of injective homomorphisms from F to G,, and where
(n)r =n(n—1)---(n —k+ 1). An approximate relation between ¢z (G,,) and t'(G,) is
given by the inequality

inj <k>
tp (Gn) —tr(Gn)| < % (1.10)

Thus, limtp(G,,) = tp(x) if and only if lim ti;j(Gn) = tr(x), and so from the point of
view of dense graph limits, there is no difference between considering 12 (G,,) instead of
tr(G,). However, higher-order fluctuations of these statistics are of smaller order than
n~t, and so (1.10) is not informative for such purposes. In this article, we will only focus
on tilffj(Gn), but results can be translated in principle via certain identities, relating the
numbers of homomorphisms and injective homomorphisms although the formulas are

not straightforward; see for example Lovasz (2012, Section 5.2.3.).

1.3 A simple (and naive) central limit theorem

In order to motivate much of the remainder of this article, and in particular justify
the expression “higher-order” in the title rather than just “second-order” as one would
naturally expect from the analogy with the classical central limit theorem, we start with
a heuristic analysis of the workhorse model of dense graph limit theory. Let x be a
graphon and U = (U;,Us,...,U,) be a sequence of independent random variables, each
distributed uniformly on [0,1], and given U, let Y;; = 1 with probability x(U;,U;) and
Y;; = 0 with probability 1 — x(U;,U;) for all 1 < i < j < n. Let G, be the graph on the
vertex set [n], where ¢ < j are connected if Y;; = 1 and left unconnected otherwise. We
denote the resulting random graph model by G(n, k). Lovasz and Szegedy (2006) proved
the basic law of large numbers of dense graph limit theory, which states that such G,
converges to x almost surely as n tends to infinity.

The case of the Erdés-Rényi random graph is the special case x = p forsome 0 < p < 1,
which we assume for now. The first-order behaviour is then given by 12 (G,,) — p*(*),
where e(F) is the number of edges in F. Moreover, it is easy to see from (1.9) that if F/
consists of connected components Fi, ..., F,,, then for any graph G we have

tr(G) =[] tr.(G); (1.11)
i=1

hence, it is enough to consider the fluctuations of ¢z (G) and ti}]j(G) for connected F
(although for t}?j (G), a clean identity such as (1.11) that does not involve n does not exist,
as is apparent from (1.8)). Now, the second order fluctuations of ti}‘j (@) are not difficult
to describe (see Janson and Nowicki (1991) for the general statements and Reinert and
Rollin (2010) for rates of convergence in some special cases). Let K5 be the one-edge
graph on two vertices; then,

Cor (t}g(an),t;‘j((}n)) =1, n— o (1.12)

This means that the second-order behaviour of all subgraph counts is asymptotically
determined by the total number of edges. More specifically,

crmn (tiFnj(Gn) —pe(F)> ~n (t}g(Gn) — p) ~ N(0,2p(1 — p)), (1.13)
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where cr is some combinatorial constant depending only on F, and where N(u,o?)
denotes the normal distribution with respective mean and variance. Note that (1.12) and
(1.13) remain true for general F, not just connected F’, since even if F' is not connected,
the quantities ¢, (G) in (1.11) are centred around positive constants, so that tx(G) is
dominated by a linear combination of the tr, (G).

Now, we can consider a more refined view of the normal distribution appearing
in (1.13) as follows. If k,, denotes the 0-1-graphon induced by the adjacency matrix of
Gn, we can analyse the centred and scaled graphon measure Z,(dz) = n(kn(z) — p)dz
for z € D,, and think of it as converging weakly to a white noise process Z; living on
Dy = {(y1,¥2) € [0,1]? : y1 < y2} and having infinitesimal variance p(1 — p)dy (see next
section for exact definitions). That is, for any weight function ¢ € L2(Ds),

/D e0) Zu(dn) s [ o) Zadn) ~ NO. 1), (1.14)

where ||gz>||12]2 = fD2 ©(y)? p(1 — p) dy, and this result can easily be established for multiple
(¢ simultaneously (see (2.1) for precise definition of the stochastic integral). We use
the term “white noise” loosely here, but in the next section, we will refer to Z, more
appropriately as “Gaussian stochastic measure”, since the term “white noise” has a more
specific meaning in Hilda calculus; see, for example, Di Nunno, Jksendal, and Proske
(2009) for an excellent introduction. Further embellishments of this result could be
considered, such as the convergence of the integrated process

x 1
zn(x,y) = / / Zn(du,dv), (z,y) € Do,
0 Jy

to a corresponding Brownian sheet on D, (this requires a consistent ordering of the
vertices, though).

Even in this refined view, the main deficiency remains, namely that the only ran-
domness surviving the limiting procedure is that of the number of edges, albeit now
with a description at a local level. For general graphons x, this phenomenon of loss of
randomness becomes even more pronounced. As we will see, for non-constant graphons,
subgraph counts are dominated by functions of the form """, ¢(U;); that is, the random-
ness coming from the vertex labels dominates, and no information about the edges in
the graph survives when taking limits.

While from the point of view of the classical Central Limit Theorem this could be
seen as the end of the story, we have not taken into account the fact that underlying
all of the graph statistics are so-called generalised U -statistics. Such statistics have a
much richer structure of fluctuations than sums of independent random variables. And
while there is no canonical third and even higher-order fluctuation theory for sums of
independent random variables, since it is not possible to make probabilistic sense out
of “subtracting the dominating effect and analyse what is left” for sums of independent
random variables without making use of signed measures, the situation for generalised
(and regular) U-statistics is different, since fluctuations can happen simultaneously at
different scales, and these fluctuations can be studied separately from one another.

1.4 Summary of main findings

We now give a summary of the remainder of this article in the easier case where the
vertex labels are fixed and lie on an equally spaced lattice. Thatis, U; = i/nfor 1 <i < n,
and the edges Y;; are sampled independently with probability x(U;,U;) = «(i/n, j/n),
1 < i < j < n. We will denote this random graph model by Gi.;(n, <). The picture that
emerges from the fluctuations of subgraph counts is as follows.
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For each k£ > 2 and each connected graph F on the vertex set [k], consider the
collection of centred subgraph indicators

Xpo = H (Ya,a,, — 6(ay/n,ay/n)), acly, (1.15)
F
where I = {(ay,...,a;) € N*: 1< a; <--- < a, <n}, and the corresponding statistic
 —1/2
We=()"""Y Xra. (1.16)
a€Ip

It turns out that Wr converges to a Gaussian distribution, or more generally, the
collection of random variables Xp = (X Fya)aezg, scaled and embedded appropriately,
converges to a white noise process Zr that lives on the space

Dk:{(.’L‘l,...,l‘k)e[0,1]k1$1§~'-<$k}.

and has infinitesimal variance [[ » #(uy, %) (1 — K£(uy, uyw)) du; the case of ' = K is
given in (1.14). Moreover, the progeqsﬂses Zr turn out to be independent of each other for
different F', and convergence holds jointly for any finite collection of F.

Note that we consider ordered sums as in (1.16) in our main result, and the fields Zg
are independent of each other even if the F' are isomorphic (but not identical). Hence,
sums of the form

Z XF,aa

a€ A}

where A} C [n]* is the set of k-tuples of pairwise different indices, can be analysed by
considering ordered sums and then summing over all isomorphic copies of F'.
Now, regular subgraph indicators

H Yow (1.17)

v~Yw

can be approximated in Ly by linear combinations of random variables of the form (1.15),
and in that sense, centred connected subgraph counts in (1.15) are really at the heart of
all fluctuations of (1.17). In some cases, the approximation is in fact an equality, which
lead to the identify (1.2) based on weighted sums of (1.15), leading to the quantities (1.6)
and (1.7). We will also show that the rate of convergence is O(n‘l/ 2) for smooth-enough
test functions and of order O(n~!/(2(+2)) for the convex set distance, where p is the
maximal size of centred subgraphs considered, although the latter result is unlikely
optimal.

While the collection of fields (Zr)pec 7, where F is an enumeration of all connected
finite graphs, can be thought of as the limiting object of some sort of “centred and
normalised” graph, it is important to keep in mind that the limiting white noise fields are
really just Gaussian stochastic measures, or equivalently, Gaussian Hilbert spaces, which
are collections of Gaussian random variables and not objects in an actual Polish space
for which we could define weak convergence. Thus, the results in this article only lay
the foundations for such considerations; concretely, we establish convergence of finite
dimensional distributions with rates of convergence. Further work is needed to turn this
into a full-fledged notion of weak convergence.

For the model G(n, k), where the U; are independent uniform random variables on
[0,1], the fields Zr need to be augmented by additional dimensions to take into account
randomness of the vertex labels, as can be seen in (1.6) and (1.7), where the U; do not
just appear in the quantity W, but also act as weights in the remaining quantities V »
and so forth. We will elaborate on this in more detail in Section 2.
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1.5 Statistical applications

We believe Janson and Nowicki’s theory of generalised U-statistics along with our ex-
plicit multivariate normal approximation theorem open up new possibilities for inference
in statistical network analysis. While subgraph counts have been used for inference (see,
for instance, the discussion by Ospina-Forero, Deane, and Reinert (2019)), we now make
a few points on how centred subgraph counts could be used in statistical applications.

First, in the light of the results discussed in this article, we believe the model G(n, k)
is not appropriate for statistical applications, since the randomness of the vertex labels
and the randomness of the edges are conflated. It seems more natural to think of network
data conditionally on the vertex labels, which is equivalent to using the model Gy, (1, ).

Second, in order to calculate centred subgraph count statistics and use them for
testing, the values x(U,, U,,) need to be hypothesised a priori for each pair of vertices
v and w. As a result, a statistical procedure based on Gi.;(n, x) and centred subgraph
counts to test whether the network is compatible with a specific graphon is in fact
nothing but a test of whether a sequence of independent Bernoulli random variables
Y = (Yij)i<i<j<n are compatible with a specific model of their respective success
probabilities (p;;)1<i<;<n, and the choice of subgraphs F' € F determines to what sort of
deviations the test is sensitive to. For instance, a test based solely on the edge-count
test statistic

TA(Y)=0," >  (Yi—py), or= pij (1 = pij)

1<i<j<n 1<i<j<n

is sensitive only to deviations of the overall edge density from that of the postulated
model. By adding the two stars statistic

Tv(Y)=0g' D, (Y- piy) Ve —pip).,
1<i<j<k<n

oy = pij (1 = pij) pjx (1 — pjr) »

1<i<j<k<n
as well as the analogously defined statistics 7% (Y") and 7'2(Y), a test will also detect
deviations in the form of elevated levels of simultaneous presence or absence of edges
with a common end point (leading to larger positive value of 73,(Y)), but also the opposite,
namely elevated presence of mutual suppression, where presence of one edge inhibits
presence of another (leading to a larger negative value of 7+,(Y")). Correspondingly,
higher order statistics yields information about presence of higher order dependencies
among edges. What is noteworthy is that these statistics are very easy to calculate, and
in particular the expressions for the variances are straightforward.

Third, if values for p;; cannot be obtained a priori, centred subgraph counts can still
serve as diagnostic tests after a model has been fitted by means of any other procedure.
In such a case, these statistics can detect which aspects of the network have not been
adequately captured by a model. For example, algorithms based on stochastic block
models (see Funke and Becker (2019) for a survey on inference methods) typically yield
a community assignment for each vertex as well as connection probabilities between any
two communities, and these values can serve as estimates for p;;. One has to keep in
mind, though, that in order to make a valid statistical inference such a procedure would
require post-hoc Type I error correction, since the network data has already been used
to estimate the p;;.

Last, an important, but difficult question is that of which centred subgraph counts
should be used to determine whether a given network is compatible with a specific
graphon, and this is related to the question of forcibility of graphons; see Lovasz and

EJP 26 (2021), paper 139. https://www.imstat.org/ejp
Page 10/36


https://doi.org/10.1214/21-EJP708
https://imstat.org/journals-and-publications/electronic-journal-of-probability/

Higher-order fluctuations in dense random graph models

Table 1: Results of centred and standardized subgraph counts for fitted models using
the function BM_Bernoulli from the R-package ‘blockmodels’. The numbers reported
are defined in (1.18). The first data set is simulated from a 4 x 4 stochastic block model
with 200 vertices, where each group has 50 vertices. The second data set is the hospital
encounter network ‘rfid’ from the R-package igraphdata, and consists of 75 vertices
representing hospital staff along with encounter counts for each pair of staff. The bold
columns represent the estimated number of groups as recommended by the function
BM_Bernoulli using the Integrated Classification Likelihood (ICL) criterion proposed by
Biernacki et al. (2000).

Number of groups

1 2 3 4 5 6 7 8 9 10

Data simulated from 4 x 4 stochastic block model

zr, 0.00 0.01 0.00 0.17 0.08 —0.07 0.01 —0.02 0.10 0.04
2y 4.65 247 227 -0.57 —-0.51 -0.73 0.16 —1.30 —1.12 —0.95
zpa —18.57 -0.38 1.04 0.03 0.22 0.15 —0.23 —0.11 —-0.32 —0.36
zy 57.36 2.43 0.77 -0.24 —-0.07 —0.04 —0.33 —0.33 —0.69 —0.60
2y —5.39 231 2.62 -0.93 —-0.56 —0.39 —0.65 —0.36 —0.59 —0.35
zz, 190 242 155 1.29 0.27 0.83 1.61 0.14 0.28 0.15

Data set ‘rfid’

zp 0.00 -0.31 0.01 -0.33 0.05 —-0.01 0.13 -0.07v -0.17 0.10
zy 71.48 19.49 8.72 932 9.87 6.25 1.02 -0.15 2.31 0.68
za 1132 149 1.53 4.40 7.96 8.24 8.20 8.25 6.73 6.33
2z 136.27 30.38 22.25 17.06 13.43 13.15 12.31 12.44 10.94 10.86
2y 4432 1.11 -1.74 -1.85 -0.41 0.50 —-1.24 —1.32 —0.67 —1.18
zs, 44.23 -3.36 4.55 5.87 7.85 2.97 —-0.52 0.28 —0.67 —0.57

Szegedy (2011). For example, for constant graphons, it is enough to consider edge
counts and four-cycle counts; see Fang and Roéllin (2015) for a corresponding statistical
procedure.

To illustrate how centred subgraph counts can be used in actual applications, we
have analysed two data sets of small networks. The first is a simulated network with 200
vertices, drawn from a 4 x 4 stochastic block model with connection probabilities given
by the matrix

0.45 0.34 0.82 0.60
0.34 0.70 0.98 0.57
0.82 0.98 0.03 0.82
0.60 0.57 0.82 0.25

Each group had 50 vertices assigned to it, after which the connections were sampled
based on the probabilities K and the respective groups two vertices belonged to. We
then used the function ‘BM_bernoulli’ from the R-package ‘blockmodels’ which, for
each given number of groups, does both assignment of group labels to vertices (also
called ‘clustering’, ‘community detection’ or ‘community recovery’) and estimation of
connection probabilities K. From this, the individual connection probabilities p;; were
be derived. The package blockmodels uses the Integrated Classification Likelihood (ICL)
criterion proposed by Biernacki et al. (2000) to choose the optimal number of groups,
but we have done the centred subgraph count analysis for all group sizes from 1 to 10;
the results are given in Table 1. With y = (v;;)1<i<;j<n denoting the edge indicators and
(Pij)1<i<j<n denoting the estimated connection probabilities (which are a function of y),
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let 9;; = yi; — Pij, the numbers reported in Table 1 are defined as

2(y) =6, (y) Z gij,  2aly) =64 (v) Z YijUjkYik,

» 1<i<j<n 1<i<j<k<n (118)
2 =0y (Y) Z (93505 + Gjibir + JirGrj)
1<i<j<k<n
where
)= >, Py(=py), 6AW) = D Py (L=pi) Dk (1= pi) bax (1 — Pir)
1<i<j<n 1<i<j<k<n
)= D (i (1= i) By (L= Do) + Byi (1= ) P (1 — i)

ISrsgsksn +pir (1= D) Py (1= Pij))

the quantities zg, 213 and z4, are defined analogously. For this simulated network data, it
is evident that the models fitted by BM_bernoulli for four or more groups are consis-
tent with the three centred subgraph count statistics reported, and that they are not
consistent when only one, two or three groups are hypothesised.

The second data set is from a hospital, where 75 individuals of the staff were equipped
with devices to record encounters between these individuals whenever the devices were
in close proximity to each other. Since the network is edge-weighted, where each weight
represents the number of encounters recorded over the time period of the experiment,
we have converted this to a simple unweighted network. An edge is present between
two individuals if they had at least one encounter. It is clear that for this real data, the
fitted stochastic block models do not capture higher order dependence well. Even when
allowing the clustering algorithm dividing the vertices into ten groups, the dependence
captured by centred triangles is not what one would expect from a stochastic block
model.

2 Subgraph counts and generalised U -statistics

In this section we review and discuss material from Janson and Nowicki (1991)
and Janson (1994, 1997) in order to show that the existing literature on generalised
U-statistics does provide a suitable framework to describe the fluctuations arising in
standard dense graph models. The material in this section is not strictly necessary to
state and prove the main results in Section 3, but it gives the motivating context and
associated general limit theory.

2.1 Gaussian Hilbert Spaces

We follow Janson (1997) in essence. While Gaussian Hilbert spaces will serve as a
form of limiting objects, it is important to keep in mind that at this level of abstraction,
Gaussian Hilbert spaces are just collections of Gaussian random variables, and there
is not really a single object taking values in a single space. Although, for instance,
Brownian motion indexed by time can be seen as a Gaussian Hilbert space, it comes
with additional properties such as almost-sure path-wise continuity, which is a statement
about the joint distribution of uncountably many of the variables and goes beyond the
general theory discussed here.

Now, let H be a Hilbert space, where we denote the inner product by (-, ), and the
resulting norm by ||h||; := +/(h, h) 5, although we will drop the dependence on H for
norms and inner products if there is no ambiguity. A Gaussian Hilbert space indexed by
H is a collection of centred Gaussian variables (Z;)ncy defined on a common probability
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space (2, F,P) such that
COV(Zh,Zh/) :E{thh/} = <h,h/>H, h,hl € H.

Clearly, EZ? = Var Z), = Hh||§{ It is known that such a family can be constructed for
every Hilbert space in such a way that, if h,, = hin H as n — oo, then Z;,, — Zj, in
Ly(2, F,P). Moreover, any countable collection of the Z), of a Gaussian Hilbert space is
jointly Gaussian.

Gaussian stochastic measures and stochastic integrals. Let (M, M, ;) be a mea-
sure space, and consider the Hilbert space Lo(M) (we drop the o-algebra and measure
from the notation if it does not cause ambiguity). A Gaussian Hilbert space (Z,),¢ Lo (M)
can be interpreted as a Gaussian stochastic integral on M by setting

/M () Z(dx) := Z,, © € Lay(M). (2.1)

Indeed, the family of random variables defined by Z(A) := Z;,, where A € M with
p(A) < oo so that the indicator function I4 is in Ly(M), defines a Gaussian stochastic
measure Z on M, which has the following properties:

(1) if A € M with p(A) < oo, then
Z(A) ~ N(0, p(A));

(1) if Ay, As,... € M are disjoint sets with p(A4;) < oo for all 4 > 1, then the random
variables Z(A;), Z(As), ... are mutually independent and

Z U A | = ZZ(Ai)

i>1 i>1

(note that convergence on the right hand side is in L, but since the summands are
independent, it is also almost sure by Kolmogorov’s three-series theorem).

This justifies the notation f pdZ in (2.1), since any Gaussian stochastic measure on M
in turn uniquely defines a Gaussian stochastic integral via the standard procedure of
approximating functions in L, (M) via simple functions and taking closure. Note that a
Gaussian stochastic measure can be loosely interpreted as white noise, but we will avoid
this terminology for the remainder of this article for the reasons given in the previous
section.

We can extend the single stochastic integral to a multiple stochastic integral

/ o(x) Z]“(dx)7 RS Lg(Mk,uk), (2.2)
]\/[k

where £/* is the usual product measure on the product sigma-algebra M®*. To this end,
let A,..., A, C M be measurable and pairwise disjoint, and consider simple functions
of the form

n

o) = Z Pi,onin L1 € Aiy, o n € Ay, (2.3)

1yenin=1
where ¢;, . ;, vanishes whenever any two of the indices coincide. For such functions,
the multiple integral can be defined as

| o0z = Y g aZ(An) ZAy),

i1,enin=1
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and the general case ¢ € Lo(M*) can be obtained by approximating such functions by
functions of the form (2.3); we refer to Nualart (2006) for details. The integral (2.2)
turns out to be an element of the kth Wiener Chaos H;, which is the Ls-closure of the
space generated by the random variables {Hy(Z); h € H, |||y = 1}, where H, is the
kth Hermite polynomial.

2.2 Gaussian limits related to sums of independent random variables

Before detailing on the results known for generalised U-statistics, it is illuminating to
briefly review the different types of results known for independent random variables,
and how these results can be formulated in the framework of Gaussian Hilbert spaces.

In what follows, let X1, X5, ..., be independent and identically distributed random
variables with [EX; = 0 and Var X; = 1.

Central Limit Theorem and Donsker’s theorem. Let H = R; the corresponding
Gaussian Hilbert space can be simply constructed by taking a standard Gaussian variable
Z1 and letting Z. = cZ; for ¢ € R. The standard CLT then yields

> X, L 7.,  ceR (2.4)

We can generalise (2.4) and replace the constant ¢ on the left hand side by a general
weight function. To this end, consider the Hilbert space H = L([0, 1]) with the usual
inner product {(p1,¢2) = fol o1(2)p2(x)dr, and let (Z,),cr,(j0,1) be a corresponding
Gaussian Hilbert space. For given ¢ € Ly([0,1]), which we assume to be continuous
almost everywhere to avoid certain technical difficulties which are irrelevant for this
discussion, Donsker’s theorem yields

I .
a7 o PmXe 5 | pl@) Z(dn). o€ La((0.1)), 2.5)
i=1 4

and this holds jointly for any finite collection of such ¢. Moreover, (2.4) follows from (2.5)
if we choose ¢ = ¢, where c € R. It is important to stress that Donsker’s theorem gives a
stronger result than that. In fact, if we take ¢;(z) = I[z < t|, where 0 < ¢t < 1, we can
construct the Gaussian Hilbert space in such a way that the process (Z,, Jo<t<1 is almost
surely continuous in t, so that this process can be identified with standard Brownian
motion By = Z,, for 0 <t < 1. And so, what Donsker’s theorem actually yields is that

|t
1 &
nl/2 ZXi — (Br)ost<1s (2.6)
i=1

0<t<1

where weak convergence is with respect to the Skorohod topology (or uniform topology
if the process on the left hand side of (2.6) is interpolated between jumps).

U-statistics. Before turning to U-statistics, we first consider real-valued functions of
the X;. To this end, we may assume that the X; take values in a general measure space
S, and we denote the distribution of X; by p. Consider the Hilbert space H = Ly ([0, 1] X
S, dt x p) with the canonical inner product that satisfies (o111, p2102) = (@1, v2) (1, 1/)2>#,
where (¢¢)(z,y) := ¢(x)y(y). Denoting by L3(S) the set of functions ¢ € Ly(S) with
E(X;) = 0, and assuming again that ¢ is continuous almost everywhere, it can be
shown that
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o D eti/mux) L g PO 2l ),

0 € Ly([0,1]), ¥ € L3(S). (2.7)

Again, this statement is also true jointly for any finite collection of (¢;, ;). Note that
Z has infinitesimal variance p(dx), since the space L$(S) comes with inner product
(Y1,91) = [g¥1(x)p2(x) p(dz), and the quantity Z(dt x dz) can be loosely interpreted
as “the normalised number of times the value dx has been observed among the indices
dt”. Note also that restricting ¢ to be in L$(S) and not in Ly(S) is necessary, since the
measure Z has more degrees of freedom than the finite-n system, and thus cannot be
fully observed. For example, if X; ~ Be(p), then S = {0,1}, and all functions ¢ € L3(S)
are multiples of the function ¢(0) = —p and (1) = 1 — p. However, the variables
Zy = Z([0,1] x {0}) and Z; = Z([0,1] x {1}), while constructed to be independent, cannot
be observed individually — only their weighted sum —pZ, + (1 — p)Z; can be observed.
This stems from the fact that the number of X; with value 1 must equal n» minus the
number of X; with value 0, and in this sense, the Gaussian Hilbert space L2([0,1] x S) is
slightly too big.

The result for U-statistics can be stated without introducing a new Gaussian Hilbert
space — we only need multiple integrals over the same space. To this end, let

L;(Sk) = {¢ S LQ(Sk) : / ¢($1,. .. ,l‘k) /,L(dl‘l) = O, 1<i< k, (xj)j75i S Skl} . (2.8)
S

For a = (ay,...,ax) € I}, write a/n = (a1 /n,...,ar/n) and X, = (X,,...,X,, ). Then,
for almost everywhere continuous ¢ € Lo(Dy),

# > pla/n)p(Xa) Z, o(t)p(z) ZF(dt, dx),

€Iy Dy xS*
© € Ly(Dy), ¥ € L3(S¥). (2.9)

Again, this statement is true jointly for any finite collection of (¢;,;), even with differ-
ent k; see Janson (1997, Theorem 11.16). Of course (2.7) is just a special case of (2.9),
but (2.9) follows in essence from (2.7) and the continuous mapping theorem. General
functions ¢ € Ly(S*) can be decomposed into orthogonal elements ¢; € L$(S?), and
a corresponding limit result then follows from (2.9), depending on the lowest-order,
non-vanishing element ¢, (which in turn also determines the correct scaling to obtain a
non-trivial limit); see Janson (1997, Theorem 11.19).

Generalised U-statistics. The final extension we consider are generalised U-statis-
tics, which were introduced by Janson and Nowicki (1991). To this end, assume the X;
now take values in a space S; with distribution p;, and let (Y;;)1<i<; be independent and
identically distributed random elements taking values in a space S» with distribution
we. For a € 777, we define X, as before and we let Y, = (Yaiaj)1<i<j<k. We now consider
functions defined on the space

(2)

T = SF x 82(5), with measure pf x ps?’,
where it is understood that 7; = S;. For any function ¢ : 7, — R, we will write
V(Xa: Ya) = V(Xars s Xaps Yarass -+ Yar_jax)-
Let now

Ly(Ti) = {v € La(Th) : Eap(X1) =0} .
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For k > 1, let
Fry=o(Xi,....Xp) Vo (Y forall 1 <i<j<kwithl ¢ {i,j})
Then, define
LY(Te) = {v € Lo(Th) - BE{ (X,Y) | F&,} =0 forall 1 <1< k}. (2.10)

In words, L3(7) consists of all those functions that, for every 1 <! < k, vanish when
being simultaneously integrated over all Y;; with ¢ = [ or j = [. Then, with Z; a Gaussian
stochastic measure on Lo (Dy X Ty),

1
—z > pla/m)p(Xa,Ya) 5 (110, y) Zi(dt, da, dy),
n aczp Dy X Tk (2.11)

¢ € Ly(Dy), ¢ € Ly(Tx)

(here, t and x are k-dimensional vectors, while y is a (g)-dimensional vector); see Janson
(1997, Theorem 11.28) for general ¢ € Ly(7}) via orthogonal decomposition.

2.3 Application to centred subgraph counts

We first apply (2.11) to centred subgraph counts of G(n,x). However, since the
Y;; in G(n, ) are not independent of each other, we need to resort to an auxiliary
representation. Let (U;);>1 and (V;;); j>1 be independent random variables uniformly
distributed on [0, 1], hence &; = S; = [0, 1], endowed with the Lebesgue measure. We
construct a graph G,, on the vertex set [n] by connecting vertices i and j if V;; < &(U;, U;).
For a given connected graph F on k vertices, we consider the function

Ur (u,0) = () [ Aoy < wluswy)] - wluig),  we 0,1 ve0,1)E).  (2.12)

LF .
~]

It is easy to verify that )r € L$(7x), and hence

o 3 elafmU) T (Wa, < 5V, U]~ w0, Ua,)
a€lpy i}zj

(2.13)
&
= o () (u) H (T[vi; < K(ui,uy)] — k(us, uy)) Zi(dt, du, dv).
Dkx[o,l]kx[o,l](Q) o
i~j
Two comments are in place. First, the quantity Z(dt, du, dv), in particular the dv-part,
does not admit an intuitive interpretation, since the uniform random variables V;; are
only used as an auxiliary tool to represent subgraph counts as generalised U-statistics.
Evaluating the stochastic integral in (2.13) with respect to dw, it is not difficult to show
that integral can be written as

/ (B (u) Zi(d, du),
Dy x[0,1]k

where Z;, now is a Gaussian stochastic measure on the space

Ly | Dy x [0,1]%, dt x Hm(ui,uj) (1 — Kk(ui, uy)) du

LF .
~]
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Then, instead of (2.12), we will consider functions of the form

k
2

vpuy) = () [ @y — suiw),  we0,1% ye0,16), v e Ly([0,1]%),

LF L
1~

which allows to avoid the auxiliary representation via the V;; and use the Y;; directly,
despite their dependence, and also allows to consider weighted edges. Hence, what we
will show in the main section is that for U as before, and random variables Y;;, which
are conditionally independent given U and which satisfy E{Y;; | U} = «(U;,Uj),

1
W Z @(a/n)w(Ua) H (Yaiaj - K(Uam Uaj))
a€lpy iE/j
- o(t)h(u) Ze(dt,du). (2.14)
Dy, x[0,1]%

Note that the measure Z; is homogeneous over Dy; this is because the U; ‘average
out’ the differences in the variances of the Y;;, so that the points in D;, only see the
combined variance effect across all Y;;. This is different in Gi.(n, ), which is not
vertex-exchangeable; see Remarks 3.3 and 3.4 for further discussion.

Second, (2.13) does not cover the case where the U; are not identically distributed.
This is important in particular for the model Gy, (n, k), but our results hold in greater
generality.

2.4 An orthogonal decomposition of subgraph counts

We now discuss how (2.14) can be used to understand fluctuations of subgraph counts
of G(n, k), and so fix a graphon «, let U = (Uy,...,U,) be a sequence of independent
random variables uniformly distributed on [0,1], let Y = (Y¥};)1<i<;<n» be conditionally
independent given U and distributed as before, and construct G,, on n vertices as before.
Let F be a graph on the vertex set [k] and write

inj 1
tr(Gn) = 750 ST vas (2.15)

] n
ac A} igj

without loss of generality, we may assume that F' has no isolated vertices. Now, the
following lemma states that tilflj (G,,) can be decomposed into a sum of mostly uncorrelated
centred subgraph counts, weighted by functions of the vertex labels. Some notation
is needed. For a graph H we denote by |H| the number of vertices in H, and for two
(vertex-labelled) graphs H and H’, we denote by H U H' the graph where two vertices
are connected if they are connected in at least one of H and H’. For a subgraph H C F
and a subset A C [k], we denote by H U A the graph obtained by interpreting A as the
empty graph on the vertex set A. Moreover, we denote by Hp the unique graph on the
vertex set {1,...,|H|} that is isomorphic to H and preserves the ordering of the vertex
labels, and we denote by H C’ F that H is a subgraph of F' and that it has no isolated
vertices. Let

Our(u,y) = [ (w5 — wlwi, uy)) - (2.16)

iR

Lemma 2.1. Let F be a graph on the vertex set [k] without isolated vertices. Then there
are functions ¢y, 4 € L§ ([0,1)/41) for H C’' F and A C [k], such that

G =D D raaUY), (2.17)

HC'F AC[K]
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where, with | =

THA(U?J ( Z wHAUa, ‘AH_l;-“7ual)19Hp(uala-~-7ua‘H|)a
ac A}

and such that the following holds: If H and H' are not isomorphic or if |A| # | 4’|,

Cov (rg,a(U.Y),rg 4(U,Y)) =0,

and if g 4 # 0, then, again with | =

Varrg 4(U,Y) < nt.

The key of this decomposition is that terms with different scalings are uncorrelated,
so that we can separate the different orders of fluctuations of t“” (G,). However, whether
ra,4(U,Y) has a normal limit or not, depends on H and A. Simply put, if H U A is
connected (for which it is necessary that A C H), the limit is normal, otherwise the limit
is an element from a higher-order Wiener chaos. However, since each Wiener chaos
itself is obtained by taking products of the underlying Gaussian Hilbert space and taking
limits, we can decompose 7 4 further, but only in an approximate sense.

The following lemma makes this precise and states that the statistics on the right
hand side of (2.17) can be approximated in L, by products and sums of simpler statistics
to any prescribed level of accuracy.

Lemma 2.2. Let H C' F, and let A C [k]. Let i 4 and ry 4 be as in Lemma 2.1. Denote

by C1,...,C, the connected components of HU A and ky,. .., k, their respective sizes,
and assume r > 2 (note that k1 +---+k, = ). For each j, let C” be an isomorphic copy of
Cjon [k ] Then, for each ¢ > 0, there exists N and there exist funct1ons ¥;; € L3([0,1]%)

forl <1< N andl1<j<r, such that

2

E

i (Ua)icr (Ua, Vo) | < (2.18)

3~‘ )

i=1j= 1 jaEA”

for all n.

In other words, the standardised statistics n!/ 2TH, A can be approximated in Ly by
products and sums of centred connected subgraphs counts uniformly in n, and we will
show that these statistics themselves all have Gaussian limits. While the overall quality of
approximation of £ is only of order n~2 in general, the important point here is of course
that the fluctuations at different scalings are uncorrelated and become independent in
the limit.

3 Main result

We are now ready to formulate our main result, which provides bounds on the
multivariate normal approximation of sums as they appear in (2.18). In order to have a
cleaner framework, our result will be formulated for sums over the index set Z;!, which
makes all summands uncorrelated, but sums over A} as they appear in (2.18) can of
course be easily computed from sums over 7.

3.1 Gaussian approximation of centred connected subgraph counts

Let n > 1, let x be a graphon, and assume x # 0 and xk # 1. Let U = (U, ),¢[n) be
independent (but not necessarily identically distributed) random variables, and given

EJP 26 (2021), paper 139. https://www.imstat.org/ejp
Page 18/36


https://doi.org/10.1214/21-EJP708
https://imstat.org/journals-and-publications/electronic-journal-of-probability/

Higher-order fluctuations in dense random graph models

U, let (Yyuw)igv<wsgn be random variables that are conditionally independent given U
and that satisfy E{Y;; | U} = (U, U;). Recall that we set U, = (U, ..., U,,) fora € Z}!.
Let d > 1, and for each 1 < i < d, let F; be a connected graph on the vertex set [k;],
where k; > 1, let ¢; € La(Dy,) and 9; € Lo([0, 1]%) (note that here we do not require that
¥; € L3([0,1]%), since centring is either done explicitly below if k; = 1, or else is not
necessary since the centred subgraphs provide the centring). For 1 < ¢ < d, define

nV2 " pi(a/n) (1i(Ua) — Bi(Ua)) ik =1,
W . (3.1)
(0)" % eila/m) i) T] Caos = 5(Ua,nUa,)) ik > 2,
€Lk, v

and let W = (Wh,...,Wy). Then, for £ = (0y;)1<i,j<a = Var W, we have

Y " gia/n)p;(a/n) Cov (v;(Ua), 1 (Ua)) if by =k; =1,
a=1
75 ()7 eila/mesa/mB § i (Uaiy (Ua) T] Var (Ya,, | V) o
aez}?i Uii’ll)
if F; = F},
0 otherwise

(we emphasise that in (3.2), the condition ‘F; = F}’ really means equality including
vertex labels, not just that F; and F; are isomorphic). Before stating our main result, we
need some more notation. For a multi-index « = («y, ..., ay) of non-negative integers
and z € R?, let

(03
o] = a1+ + aq, al = ol ayl, 2% =272y

and ol
o oy 0%g(z)
0%g(x) = oz «~~8x§‘d'

For any multi-index o € IN?, let

Bl = sup 0°h(x).
z€R4

Moreover, for two d-dimensional random vectors X and Y, and with K the class of convex
sets in RY, define the convex set distance

4: (L(X), (V) = sup [P[X € 4] = P[Y € 4]

Theorem 3.1. Let W be defined as in (3.1), and let Z = (Zi,...,Z4) be a centred
Gaussian random vector with covariance matrix 3 as given by (3.2), and assume the Y;;,
w; and v; are all bounded. Let p be an odd integer such that p > max{ki,...,kq}. Then,
for any (p + 2)-times partially differentiable function h : R — R

Csupa:\a|§p+2 |h|a

[EA(W) —EL(Z)] < 172 (3.3)
for some constant C' that is independent of n. Moreover,
de (L(W), Z(2)) < Cn”~ 2w (3.4)
again for some constant C that is independent of n.
EJP 26 (2021), paper 139. https://www.imstat.org/ejp
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Remark 3.2. Consider again the example of the 2 x 2 graphon and tg‘j(Gn) from Sec-
tion 1.1. For example, letting W, equal W from (1.6), we can write

Wy =n"1/? Z e1(a/n) (V1 (Ua) —E1(Ua)), @1 =1, ¢1(u) = 1w
a=1
letting W5 equal V,; from (1.6), we can write

Wo = ()Y wala/n) bo(Ua) [[ Vavaw = (U Ua))s 2 =1, 02 = 1;

a€ly

e
VW

letting W3 equal V4 from (1.7), we can write

W= ()73 eala/n) vsUa) T[] Vavaw — 6(Uars Uas))

a€ly
v~w

03 =1, ¥3(ur, ug) = uiug;

finally, letting W, equal V4 ; from (1.7), we can write

We= ()" eala/n) vaUa) [] Vavaw — £(Ua,Uas),

a€ly
v~w

04 =1, Ya(ur, ug,uz) = w(ug,us).

The other quantities in (1.7) can be represented in a similar manner. Applying Theo-
rem 3.1, we obtain that the quantities in (1.6) and (1.7) are jointly close in distribution
to independent Gaussian random variables.

Remark 3.3. Consider the case of G(n, x); that is, the U; are independent and distributed
uniformly on [0,1]. Assume ¢; and ¢; are continuous almost everywhere; then, with

Yi(u) = ¥i(u) — By (Uy) if k; = 1,

[ et [ awiwi ik =k =1,
[0,1] [0,1]
lim oy; = / pilt)ps (1) di / iluy () T #uosu) (1= r(ugsu))du— (3.5)
n—ee Dr, [0,1]% o
vriw ifFi:Fj,
0 otherwise.

Therefore, the corresponding Gaussian stochastic measures 7y are determined by the
measure spaces

Dy x [0,1]%, dt x Hfi(umuw)(l—ﬁ(uv,uw)) du |, FeF k=|F|,
F
and these measures are independent of each other.

Remark 3.4. Now consider Gi.¢(n, k). The case k; = 1 is not interesting since o;; = 0
for all j. Moreover, we can assume without loss of generality that ¢); = 1. Assume that ¢
and « are continuous almost everywhere. Then, if F; = F};, we have

lim o, = /D 050 TT (ko) (1 = (ko 1)) dt 3.6)
) 'U’IS/’LU
EJP 26 (2021), paper 139. https://www.imstat.org/ejp
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and o0;; = 0 otherwise. Therefore, the corresponding Gaussian stochastic measure Zr is
determined by the measure space

Dy, [ wlto,tw) (1 = t(to, tw)) dt |, FeF, k=|F|,
F

v~Yw

and these measures are independent of each other.

3.2 Connection to fourth moment theorem

One might wonder why the limits of the centred subgraph count statistics for con-
nected F' turn out to be Gaussian. We believe that this is connected to the Fourth
Moment Theorem, first proved by Nualart and Peccati (2005); see Nourdin and Peccati
(2012) for a comprehensive discussion and proofs based on Stein’s method.

The theorem can be formulated as follows. Let (Z;,),cn be a Gaussian Hilbert space
defined on some probability space (2, and let F be the sigma-algebra generated by that
space. Let F,, € Ly(Q, F) with EF,, = 0 and Var F,, = 1 for all n > 1, and assume the
F,, are elements of a fixed Wiener chaos. Then, F;, converges to a standard Gaussian
distribution if and only if EF? converges to 3.

Consider a Gaussian stochastic measure Z; on D5, where Dy, is as before — we can
think of Z5 as the Gaussian approximation of the centred and scaled “edge-field” Z, in
(1.14). For 1 <i< j < n,let

Xij:/[ ) ) ZQ(dQ?,dy)

Q71]X[1717J,]
It is easy to see that the X;; are independent and that
Xij ~ I\I(O7 7’L_2).

We can think of X;; as a Gaussian version of the centred and scaled edge indicator
between vertices ¢ and j, where ¢ < j.

Let ¢ € Lo(D3) and assume ¢ is continuous almost everywhere, and define @,, €
L2(Dy x Dy) as

utenso) = o (1L P st = ) o

n n

Note that

/ / @n(ﬂc,y,u,v) Zg(dl',dy)ZQ(du,d’U)
Dy J Dy

; (3.7)
= Z ® (, - n) X;j X i + small boundary term

lives in the second Wiener chaos and has variance
1 i jok\® 1

n* 4~ nnon n Jp.

i<j<k 3

The sum on the right hand side of (3.7) is just the two-star count of the X;;, and so
centred subgraph counts of random graphs are in essence multiple stochastic integrals
of the centred edge indicators.

EJP 26 (2021), paper 139. https://www.imstat.org/ejp
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Now, assume that ng ©(x)%dx = 1 and consider

i 7k
F, = Z \/ﬁcp( J7n) Xij Xk

- =
L= n n
i<j<k

we have Var F,, = 1. It is not difficult to see that, if ¢ is continuous almost everywhere,

i k' 3
EF} = o= 5,2 ) x =
" Z " (P(nfn’n) n8
i<j<k
o 2 5
+3y Y n2<p<27‘7,k> ¢<g,g7g) x =
S WS n'n'n n'n’'n n8
| (u,v,w)#(%,5,k)

=3 (/DS @(I)de>2 +o(1) =3 +0(1),

and so, by the fourth moment theorem, F, converges to a standard normal. The
corresponding multivariate convergence can be made with similar arguments for any
finite collection of such ¢. Formally, we can therefore identify a Gaussian Hilbert Space
on Ly(D3) with

/ QO(.SCl,IQ,Ig) ZQ(dIl,dIQ)ZQ(dZEQ,dIg), @Y e LQ(Dg) (3.8)
D3

This argument is general, and in the same manner, we can think of 75 giving rise to a
Gaussian Hilbert space on Ly (D)) for every connected graph F on k vertices and identify
it with the integral

/ o(@) [[ Zeo(dwi, ), o € Lo(Dy). (3.9)
Dy

k ZNJ

However, it is important to keep in mind that the convergence of F,, is only distributional,
so it is not clear whether the Gaussian Hilbert spaces (3.9) can be coupled with the
underlying space Zs in a non-trivial and meaningful manner.

4 Abstract approximation theorem

The following abstract multivariate normal approximation theorem is based on Stein’s
method and can yield informative bounds even in the case of vectors of sums of uncorre-
lated, but not necessarily independent random variables. Let e¢; be the i-th unit-vector in
IN?. A triple of d-dimensional vectors (W, W', G) is called Stein coupling if

E{G'g(W') - G'g(W)} =E{W'g(W)}. (4.1)
forall g : R¢ — R? for which the expectations exists; see Chen and Rollin (2010) and
Fang and Rollin (2015).

Theorem 4.1. Let (W,W',G) be a Stein coupling, and let ¥ = (04)1<i,j<d = Cov(W);
set D = W' — W. Then, for any (p + 2)-times differentiable function h : R — R and with
Z being a centred Gaussian vector with covariance matrix ¥,

\EL(W) — Eh(Z)]

1R e,
<> > e NarE{G,D* | W}
|
i=1 a:lglaKp(‘alJrl)a' (4.2)
+ Z |h|a+1ei ' |E{G1Da}| + Z |h‘o¢<2Hii ‘E‘GlDal
a2 a<p o+ Do wlaSprs P T2
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Remark 4.2. Note that, by Young’s inequality, we can upper bound the last term in (4.2)
as

d
E|G;D*| < \\GillmZ%E\Df“\- (4.3)

j=1

Proof of Theorem 4.1. Let g : R — R be a solution to the Stein’s equation

d d
Z 0i;0i;9(2) — Z 2i0;9(2) = h(z) — Eh(Z), z e R% (4.4)
i,j=1 i=1
From Meckes (2009, Eq. (10)), it is immediate that
1
<—h 4.5
9la < por P (4.5)

and it is therefore enough to bound

d d
E Z 0ij0i;9g(W) — Z Wi0ig(W)
i=1

i,j=1

in order to bound the left hand side of (4.2). By Taylor’s theorem for multivariate
functions,

f)—fwy=>" > 8a£$w) (w' — w)* + R (w/ w)
=1 a:|a|=1 :

and

1
ROww) = Y0 R =) [ = sp0n flwt s’ = w)is

a:|lal=p+1

Now, using (4.1), we have

d 1
+1 :
+E ZGZ- Z b DO‘/O (1 — 8)PO*T¢ig(W + sD)ds p = 11 + 7.

Now,
P d )
0teig(W) - o
e o
=1 =1 a:|a|=l
P d )
9°teg(W) o o
ZE{Z T(E{GiD | W}t —=E{G;D"})
=1 =1 a:|a|=1
14 d )
9ateig(W) o
JrZE Z Z al E{G:D"} p =111+ 712
=1 i=1 a:|o|=l
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First,

p d |
Ilote N N
ral <307 Y T BIE{GDY [ W} - E{GD}|.
=1 i=

=1 a:|a|=l

Next, recalling that o;; = E{G;D;},

d D d |
g\
ro—E E 0ij0i;9(W E E O"H” E{G;D*}|,
i,7=1 =2 i=1 a:|a|=l

A bound on 75 can be obtained in a similar manner, and so

d

E Z Oij ljg Zwazg

ij=1

d
19l ate, 19l 0te, N
> fﬁ@wm{aim|VV}Jr > f\E{GlD M (4.6)

i=1 \ a:1<]e|<p ’ a:2<]a|<p
- |g|a+e‘E|GDa|
Oé.
a:lal=p+1

Applying (4.5), the claim follows. O

5 Proof of Theorem 3.1

Fix d > 1, and for each 1 < ¢ < d, let F; be a connected graph on the vertex set
[ki]. Let U = (Uy)1<vgn be 1ndependent random variables, let x be a graphon, and let
Y = (Yyw)i<v<w<n be random variables that are independent conditionally on U and
such that E{Y,, | Uy, Uy} = £(Uy, Uy). For 1 <i < danda €I}, let

Tio= [] Vavan — £(Ua,.Ua,)) (5.1)

if k; > 2, and for convenience, setT; , = 1if k; = 1. Foreach 1 <i < d, let); : [0, 1% - R
be a bounded function, and for a € 7', let

o — J0ilUa) —Ei(Ue,) if ki =1,
Y WiUa) ifk; > 2

Now, for a € I"i, let

ny—1/2
Xi,n, = (kz) / Wv(a/n)q%aﬂ,a
Recalling the definition of W = (W71, ..., Wy) from (3.1), we have

Wi= Y Xia.

aGI,?i

5.1 Stein Coupling
Letl < dandael’" For1 <j<d,let

Ny ={beTIy : land| =2 Ak},
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where in the expression a N b, the ordered tuples a and b are interpreted as unordered
sets. Note that if k; > 2 and k; = 1 then N;’“ = (. Let

i,a
Wit =w— Y Xy
i,a
bEN]

Let I be uniformly distributed on [d] and independent of all else, and given I, let A be
uniformly distributed on Z;! . Let

w=whA = (Wit G- —d(:j)XI,Aela

where e; is the i-th unit vector in R¢.

Lemma 5.1. (W, W’ G) is a d-dimensional Stein coupling.

Proof. Write g(z) = (g1(x), ..., g4(x)); averaging over I and A,

d
E{GgW)}==3 3 (1) 0ila/n)E{@:uT; agi (W)} . (5.2)
i1=1 a€Z?

If k; = 1, then W%° does not contain any information about U,, and since Tia=1
and E®; , = 0, it follows that E {®; ,T; .g:(W**)} = 0. If k; > 2, then conditionally on U,
W% does not contain any information about (Y, )v,weq- Since E{T;, | U} = 0 it again
follows that E {®; o T; .g9:(W"*)} = 0. Hence E{G'g(W')} = 0. It is straightforward to
check that —E {G!'g(W)} = E{W'g(W)}. O

5.2 Estimates on mixed moments

Before proving the main theorem, we present some lemmas, which will be used in
the proof of Theorem 3.1. For a graph F on the vertex set [k] and b € Z}', denote by F'(b)
the graph on the vertex set {by, ..., by} where b, and b,, are connected in F(b) if and only
if v and w are connected in F'. In other words, F(b) is the induced graph when mapping
vertex v to vertex b, for all v € [k]. We assume throughout that, for each 1 < i < d, F; is
a connected graph on the vertex set [k;], where k; > 1. The reader should keep in mind
that the bounds obtained in Lemmas 5.3-5.5 are worst-case bounds, and will typically
be sharp if all graphs involved are line graphs, but depending on the combinatorics of
the F;, the bounds could be much smaller. Phrases like “there are O(n*) choices” have
to be understood in the context of the usual Bachmann-Landau notation, which in this
case means that the number of choices can be “of order n* or of smaller order”.

Lemma 5.2 (c.f. Janson and Nowicki (1991, Lemma 5)). Let m > 2, and for each
1<li<m,letl <i;,<d, andletb, € Il?i,' Assume

E {H iy, HTil,bl} #0. (5.3)
1=1 =1
Then, every vertex and every edge belong to at least two of the subgraphs
Fll(bl)v 7Flm(bm) (54)

Moreover, the subgraphs (5.4) either coincide in m/2 disjoint pairs (m necessarily even)
or there is a vertex that belongs to at least three of them.
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Proof. Without loss of generality, assume there is m’ < m such that k;, = 1 forall | > m’
(if there are no such indices, set m’ = m). So, assume

I H(I)ithE HTith U # 0.
=1 =1

Suppose there is an edge between v and w in a subgraph that is not in any other

subgraph, so that the factor Y,., — x(U,, U,,) appears exactly once in H;il T;, »,. Since
the Y,,, are conditionally independent given U and since E{Y,, — x(U,,U,) | U} = 0,

it would follow that | {Hl";ll Ti b, | U} = 0, which contradicts the claim. Also, as a
consequence, every vertex among the subgraphs that has at least one edge attached to

it, must also appear in another subgraph. Suppose now there is an isolated vertex v in
a subgraph, say F;, (b;) for some [ > m/, that is not in any other subgraph. In that case,

U, only appears in ®;, 5, and I} {H;’il T, | U} does not depend on U,. Due to the fact

that E®;, 5, = 0 for such Fj, (b;) and independence, the left hand side of (5.3) would equal
zero, again in contradiction to the claim. This concludes the proof of the first assertion.

To prove the second assertion, assume each vertex appears in exactly two of the
F;,(by). If a vertex is in I, (b;) and F;, (b ), say, then all edges attached to it, must also be
in F;, (b;) and F;, (b ), and so forth. Since both graphs are connected, they must coincide.
Hence, the F;, (b;) must come in identical pairs. O

Lemma 5.3. Let 1 < 4,41,...,%, < d for some m > 2. Then there exists a constant C' > 0
that is independent of n such that

EZ Z Z XiaXiy oy Xio by, | < Cn~(Mm=1/2, (5.5)

@€} bieN:®  bneN)?

Proof. First, write the expectation on the left hand side of (5.5) as

1

n\1/2 n\1/2 n \1/2
() /% % () P x (k?i7n)
(5.6)

11
XY Y B ®iaTa®i 0, Doy P Lo}

A€IL bieN["  bnEND?

tm

£:=

Fix a, b1, ..., by and consider the induced subgraphs
Fi(af)aFil(bl)a-~-7Fim(bm)a (57)

which are subgraphs on the vertex set [n]. By Lemma 5.2, if the corresponding expecta-
tion of the summand in (5.6) is non-zero, then either these subgraphs coincide in pairs
of disjoint subgraphs, or all vertices and edges appear in at least two subgraphs while at
least one vertex appears in three. Note that all the subgraphs share vertices with F;(a)
by the definition of N]“‘ and thus can coincide in distinct pairs only if m = 1, which is
excluded.

Assume k; > 2, and recall that each of the F;, (b;) shares at least two vertices with
F;(a). Also, note that F;(a) has k; vertices and so ;" k;, must be at least k; in order
for every vertex in F;(a) to also be in one of the other subgraphs. However, if m > 2,
>, ki, must be larger than k; to also cover all edges of F;(a), of which there are at
least k; — 1; indeed, if a vertex of F;(a) has two edges attached to it and the two edges
are contained in different subgraphs, say one in F;, (b;) and the other in F;,(bs), then

EJP 26 (2021), paper 139. https://www.imstat.org/ejp
Page 26/36


https://doi.org/10.1214/21-EJP708
https://imstat.org/journals-and-publications/electronic-journal-of-probability/

Higher-order fluctuations in dense random graph models

that vertex must belong to all three subgraphs. Therefore, if Z;’;l ki, <ki+m—1,itis
not possible that each edge of F;(a) also belongs to one of the other subgraphs, and so
all terms in (5.6) vanish, that is, £ = 0, and the claim is trivially true.

If Z;’;l ki, = ki +m — 1, the sum (5.6) contains at most O(n*) non-zero terms, since
all vertices of F;, (b1),..., F;, (by,) must coincide with vertices of F;(a) to cover all of the
latter, and this arrangement contributes only a combinatorial factor to the sum that is
independent of n. Thus,

< Cnki C
|€| X nki/2pkiy +tki, ) /2 S m—1)/2

where the second inequality follows from the fact that }_,", k;, = k; + m — 1.

IS ki >ki+m—1,letq:=> " k;j — (k; + m — 1). Note that ¢ is the maximal
number of vertices available among Fj, (b1),. .., F;,, (by) that do not need to overlap with
F;(a) (there might be fewer that can be chosen outside of F;(a), but in any case, never
more). Assume first ¢ is even. Since every vertex must be contained in at least two
subgraphs, there are ¢/2 additional free choices in (5.6), contributing a factor of O(n%/2)
to the sum, so that ki)

CnMitd C
SIS s R S e

where the second inequality follows from the fact that Y, k;, = k; + ¢+ m — 1. If ¢ is
odd, one of the ¢ vertices cannot be chosen freely, so that the additional factor appearing
in O(n?=1/2), and we obtain

- Cnkitla—1)/2 - C ._C
€< T S G S e

If k; = 1, coverage of F;(a) is always guaranteed, since every F;, (b;) overlaps with the
one vertex of F;(a). Hence, with ¢ = >, k;, — m, there are at most ¢/2 vertices which
can be chosen freely if ¢ is even and (¢ — 1) /2 if ¢ is odd, contributing a factor of no more
than O(n4/?) to (5.6), so that

C’n“‘q/Q Cﬂ1/2
€] < 1/2,, (kiy ++ ki, )/2 S m/2 "
n n\vi1 im n
This concludes the proof. O
Lemma 5.4. Let1 < i,j < d and let m > 2. Then there exists a constant C > 0 that is

independent of n such that

Cn'=™/2 ifk; =1,
E> D CY D X < (5.8
. " o {ani-m ifk; > 2. :
a€Li bieNP®  bpEND®

Proof. First, write

£= m/2 Do D EB{®u T2, T} (5.9)

(k,)
a€If b1 END® b NI
Fix a,by,..., b, and consider the induced subgraphs
Ej(b1), .-, Fj(bm), (5.10)

which are subgraphs on the set [n]. By Lemma 5.2, if the corresponding summand in (5.9)
is non-zero, every vertex must appear in at least two of these subgraphs.
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Assume k; > 2, and k; > 2 (if k; = 1, then N;’a = () and the claim is trivially true).
There are O(n*) choices for a and since each of the F;(b;) must have two vertices in
the set a, we can assign k; — 2 vertices freely for each such subgraph, subject to the
condition that each vertex appears twice. With ¢ = m(k; — 2), there are O(n?/2) choices

if ¢ is even. Hence
Cnkita/2

|§‘ < W < ani_m- (5.11)
If ¢ is odd, there are O(n(?~1)/2) choices, hence

ki+(qg—1)/2
€| < C”W < Cpkimm=1/2 < ophimm, (5.12)
nmk;

In the case k; = 1, similar arguments lead to the estimate

Cpltmk;—1)/2

| | = nmk'j/2 < Cnlimm’ (5.13)
if m(k; — 1) is even, and similarly if it is odd. This concludes the proof. O
Lemma 5.5. Let 1 < i4,41,...,%, < d for some m > 1. Then there exists a constant C > 0

that is independent of n such that

)OIV

@' C€LE b ENG  beN) Y bm€ND T b, ENY

tm “m

Cov (Xi.aXiy by -+ Xy b Xisar Xiy o X, )| SO0 (5.14)

T bm

Proof. First, let £ equal the left hand side of (5.14) without modulus. Consider first the
case k; > 2, in which case again we may assume k;, > 2 for all 1 <[ < m, since otherwise
¢ =0, using the same arguments as in the previous lemmas. Now, it is easy to verify that
the covariances are zero if the two sets

aulJb, and o' U[ Y (5.15)
=1 =1
do not overlap (independence). Fix a,a’,b1,b],...,bn,b,,, consider the induced sub-
graphs
Fi(a), Fi1 (bl)7 e 7Fim (bm)7 Fi(a’), Fil (b/l), ey Fim (b;n)’ (516)

which are subgraphs on the set [n], and also consider
E{XiaXi b X b Xiw Xy - Xir, |- (5.17)

By Lemma 5.2, if (5.17) is non-zero, every vertex in (5.16) must appear in at least two of
these subgraphs. Now, let r = |a N d/|.

Case 1 < r < k;: Since r vertices in F;(a) are also in Fj;(a’), both F;(a) and F;(a’) have
k; — r more vertices each that need to be in any of the other subgraphs and, since F; is
connected, also at least k; — r more edges each. We proceed similarly as in the proof
of Lemma 5.3. If Y, | k;, < k; —r + m, it is not possible for all edges of F;(a \ ¢’) and
those connecting F;(a \ a’) with F;(a N a’), to be covered, and so £ = 0. Otherwise, let
q= >~ ki — (ki — r +m). There are O(n**:~") choices for the vertices of F;(a) and
Fi(a’) together, and there are O(n(??/2) choices for the remaining vertices. Hence,

Cn2ki—r+a Cn2ki—r+a C
< -
|£| = pkitki ki, S pkitatki—r+m S pm?
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where we have used that " | k;, =q+k; —7+m

Case r = 0: F;(a) and F;(a’) are not overlapping and each of F;(a) and F;(a’) have k;
vertices that need to be in any of the other subgraphs and, since F; is connected, also at
least k; — 1 edges. If >°" | k;, < k; — 1+ m, it is not possible for all edges of F;(a) and
F;(a’), respectively, to be covered, and so & = 0. Otherwise, let ¢ = > _,", k;, — (ki —14+m).
There are O(n?*t) choices for the vertices of Fj(a) and F;(a’) together, and there are
O(n(29/2-1) choices for the remaining vertices, since at least one vertex from |J;", b;
must overlap with (J;, b]. Hence,

_ CnZkiJrq*l Cn2kita—1 - C
|£‘ = nkitkig+Fip, = pkitatki—14m T pym?

where we have used that )" | k;, = ¢+ k — 1+ m.

Now suppose k1 = 1. If F;(a) = F;(a’) there are n choices for this one vertex, and
since every subgraph must share a vertex with F;(a) and F;(a’), respectively, there are
O (n?*%i=1(ka=1)/2) choices for the remaining vertices. Hence,

Cn1+ki1+"'+ki7,L_m C
€] <
n1+kil +“'k‘>777n

\nm'

If F;(a) # F;(a’) there are O(n?) choices for the two vertices, and since every subgraph

must share a vertex with F;(a) and F;(a’), respectively, there are O (n?*>i%: (ky —1)/2-1)
choices for the remaining vertices, since at least one vertex from Ufll b; must overlap
with (J;", b]. Hence

C«n2+k7¢1 +o ki, —m—1 C

|§| < itk + ki, < nim

This concludes the proof. O
Lemma 5.6. Let m > 2. Then
[EDT'| < Cn™,  |E{G:D*}| < Cn~(ImV/2 0 VarE{G;D* | U, Y} < Cn 1o,

Proof. Note that

Dy =W, -W;=- Y X
beN[ A
and hence,
aj
d
E{GD*|UY}= (D) S X JT [ D X
a€Iy, J=1 \ ben;*®
and .
. (=)™ g~ (n\ 7
E{DP Uy} ="—=> () D | X X
i=1 N a€I}, \ peni®
The bounds are now a direct consequence of Lemmas 5.3-5.5. O

5.3 Proof of Theorem 3.1

Proof. The variance expressions (3.2) are straightforward to establish. The proof of the
bounds (3.3) for (p + 2)-times differentiable functions is a consequence of Theorem 4.1
and Remark 4.2 with the Stein coupling from Lemma 5.1, along with the moment
estimates of Lemma 5.6 with the choice m =p + 1.
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We use the smoothing technique of Gan, Rollin, and Ross (2017) in order to approxi-
mate the indicator function 74 by a (p + 2)-times partially differentiable function. Fix
A € K and € > 0, define

A*={ye RY : d(y,A) <e}, and A ={ye R : B(y;e) C A},

where d(y, A) = inf,ca |z — y| and B(y;e) is the closed ball of radius ¢ around y. Let
{he.a: R4 —[0,1]; A € K} be a class of functions, such that h. 4(z) =1 for z € A and 0
for z ¢ A°. Then, by Lemma 2.1 of Bentkus (2003), we have for any € > 0 that

sup [P(W € A) — P(Z € A)| < 4d"/*c + sup [Eh. o(W) — Eh, (Z)]. (5.18)
AeK AeK

Let f : R? — R be a bounded and Lebesgue measurable function, and for § > 0, consider
the smoothing operator Ss defined as

1 x1+0 xq+0
(Ssf)(z) = (2(5)(1/“_(s '”/zd—(s f(2)dzq...dz.

Choose § = m, let hea = S§’+31AE/<p+s>; then by Lemma 3.9 of Gan et al. (2017),
he,a is (p + 2)-times partially differentiable and
1
HhE,AHOO < 17 |hE,A a g wa 1 g |(X| < p+ 2

Note that h. 4(x) = 1 for z € A and h. a(z) = 0 for x ¢ A®. Therefore, from (3.3),

CSUPa:\a|<p+2 ‘hE’A o C
|]EhE,A(W) - ]EhE,A(Z” < n1/2 ~ n1/25(p+2) (519)
for some constant C. Now, using (5.18), we have
1
. _ 1/4 _
Zlép/c [P(W e A)—P(Z e A)| <4d/"e+ C€p+2n1/2. (5.20)
The final order n~!/(2(P+2)) is then established by taking ¢ = n~1/(2(r+2)) O

6 Proof of Lemmas 2.1 and 2.2

Consider the graph F' on the vertex set [k] as fixed. In what follows, for any subgraph
H C F, H¢ denotes the ‘edge complement’ of H and is the graph obtained by removing
from F all edges which are present in H and then removing all, if any, resulting isolated
vertices.

Lemma 6.1. Recalling (2.16), and with F any graph on the vertex set [k|, we can write

1;[112']' = Z pF,H(Uay)a (6.1)

. HC'F
i~ =

where k
PF,H(U,y) = H K(ui’uj) X ﬁH(uvy)a U € [01 1]ka Yy e R(z)

i~
and where empty products are understood to equal 1.
Proof. We use induction over the number of edges in the graph F'. If F' has no edges,

the claim is clearly true, since H = () C F is the only subgraph of F without isolated
vertices and in that case, Hizj vij =1=ppro(u,y).
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Now, assume the assertion is true for all graphs with e — 1 or fewer edges. Let F' be a
graph on k vertices with e edges. Fix an edge in F', say the edge between vertices [ and
m, where 1 <! < m < k, and let Fj,, be the subgraph of F' obtained by removing that
edge and any isolated vertex after the edge removal. Then

Hyij = Yim H Yij = Wim — KU, um)) H Yij + k(U um) H Yij
invj

. . Fim, . Fpm
1T~ 1~ 1~ ]

and by our assumption the decomposition holds for the subgraph Fj,,, that is

I vi= > II w(uiywg) x [ vy = wlwi, ug)) -

s HC'Fin {i,j}€ E(Fim)\E(H)
Thus we get
[Tvii = Wim — 5w, um)) > 11 w(ui,ug) x [T (wis — s, wy))
s HC Fi, {3,}€B(Fin)\E(H) i
+ k(U um) Y 11 w(uiug) x [ ] Wi — #(ui, uy))
HC Fim {i,j}€E(F1m)\E(H) 7:5]‘
= > 11 k(i ug) % [ (wis — 6 w5) Wom — 5 (u, wm))
HC Fim {i,j}eE(Fim)\E(H) 2
+ Y 11 K(wi ug) % (ug, ) % | (i — s(ui, uy))
HC' Fin {i,j}€E(Fipn)\E(H) e (6.2)

= > 11 ruiyug) x [T vy = slwi, ug))

HC'F:  {ij}€E(F)\E(H)
{l,m}EE(H)

+ Z H K(u;, uj) X H (yi5 — K(uis uy))
HC'F: {i,jYeE(F)\E(H) iR
{tm}¢E(H)
= Z H k(wi, uj) X H (yi5 — K(ui, ug)) .
HC'F {i,j}€E(F)\E(H) iRj
Hence, the assertion is true for F', which completes the proof. 0

Proof of Lemma 2.1. By Lemma 6.1,
£ (G) = > su(UY),
HC'F
where 1
n(UY) = o > pu(Ua,Ya)

a€ A}
(we drop dependence on F, since it is fixed). Now, for A C [k] (including the empty set),
let

My = {1 € Ly([0,1]%) : ¥(u) depends on (u;);c 4 only}
(in particular, My consists of all constants) and
MY ={p € Ma:E{H(U)pU)} =0forall BC Aandall p € Mp}.

From Janson (1997, Lemma 11.17), it follows that, for any ¢ € L ([0, 1]¥), there exists a
unique orthogonal decomposition

Y(u)= Y palu),  a€ My, ACIK]. (6.3)
]

AC[k

EJP 26 (2021), paper 139. https://www.imstat.org/ejp
Page 31/36


https://doi.org/10.1214/21-EJP708
https://imstat.org/journals-and-publications/electronic-journal-of-probability/

Higher-order fluctuations in dense random graph models

Applying this to ¥u = [] ue rlui, uj) =D 4cpy V.4 (u), we can decompose sy further
i c
into a sum of the form

sH,A(u,y) Z Yi,a(uq H (Yasa, — (e, ta,)) -

n
aE.A ’LNj

Let [ be the number of vertices in H U A; we can rewrite sy 4 as 7y 4 where

74U, y) Z VA (uaAP) I Waia, — #(ta, 1))

(LEA" Hp .
i~ g

with 9 4 (u), u € [0,1]4], being the function obtained from ¢y 4 (u), u € [0,1]%, by a
change of coordinates from the (now ordered) set A to (1,...,|A|). The claims about
covariances and variances are straightforward to check. O

Proof of Lemma 2.2. Note that, for |[A]| > 2, Mg is the Ly-closure of the linear space
spanned by

{H Yi(ui) = i € Ly([0, 1])} :
i€EA

Hence, for any ¢ > 0, there are Ny 4 and ¥y 4 p» € L5([0,1]), v € |

], 1<p< N, such

that
Ny, A |A‘ 2
E | Yu,aU) — Z Hll)H,A,p,i(Ui) <e,
p=1 i=1
and hence, for any a € A7,
2
N, a |A|
E 'l/}HA( aAP)H( U’L7U ZH"/)HApz aI H Usz)) <€,
l'h'r\?j p=1 i=1 1~{V

since |(Ya,a, — £(Ua,,Ua,))| < 1. With

1 Nu.a |A|
fH,A(uvy) = m Z wH A,p,i ual H ya aj — uaivuaj))
a€A} p=1 i=1 HN .
we obtain
E(rga(U,Y) = ima(U,Y))?
2
1 N, a |A|
m Z wH A Z HwH A,p, Z(U(L ) H aa; — Ua77UaJ))
aEA? p=1 i=1 'HN .
< l!s7
(n)
where we have used that [[/2} ¢y a4, € L3 ([0,1]4]), so that all cross terms with
|a Na’| > 1 vanish. The final claim now follows from Lemma 6.2. O
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Lemma 6.2. Let H be a graph on the vertex set [l], and let Ci,...,C, denote the
connected components of H. For each 1 < i < r, letl; be the size of C;, let C/ be a graph
n [I;] that is isomorphic to C;, and let ¢; € L5(]0,1]"). Let

u,y) = Z Yi(ua) H (Yava., — #(ta,, Ua,))

a€ A} c!
T

i
v~Yw

Then

T

ElY Hzpz wvien) 1] Wavaw = 6Ua, Ua)) = [[ S:(UY) | <Cnl™t (64)

a€ A i=1 i i=1

for all u, € [0,1] and y,,, € {0,1}, 1 <v <w < n.

Proof. When expanding the term []}_, > . Ap consider two cases: either the different

tuples of indices are all disjoint, or they overlap by at least one index. The first case
easily yields the second expression in the difference (6.4). For the second case, the size
of the union of the indices can be at most [ — 1 which gives the order of the error in the
approximation (6.4). O

A Complete orthogonal decomposition of the triangle density for
2 X 2 block graphon

Under the assumptions of Section 1.1, we have
tzlj(Gn) =Roo+Ros+Rio+ Ris+ Roo+ Ras
where
Roo = (ay+B(L = 7)) (v (a7 +3(1 = )8%) = afy(l — ) + (1 —7)?),
Rys = # x (3lay(a®y + (2= 37)6%) = B3 (1 =) + B(37° — 4y + 1)) W.

Rio = — x 3 (a®y + (a1~ 37) — B2 ~ 37)) + (1 — 7)) (W2 = 1(1 ~ 7))
1
TG 1)
x 1842 ((ay(a = 20) + B2 (1 = 7) = 28(1 = 7)6 + 6*)V2a
+(ay+ 81 =)y = B =) + (1 =27)8) (Vo2 + Vo s)
+ (v(a®y? = 2a(y = )76 — (v = 1)8%) = B2(y = 1)* + 267(y — 1)%6) V/,1)>

_ 1 3 2 2
Rys5 = W= 1) x3(a®y(3y—2)—a (99 —8y+1)4
-3 (37 =4y +1) + 8 (97° — 10y +2) §*) W
n'/? 3 2 3 3 1/2
- —a) — —-n- 1-— 1-2
ey < @ 3B - a) = 8) (WP a1 - )1 - 29)
1 1/2
+ n1/2(n_ 1)1/2(n_2)1/2 x 6 (VA+VV,1 +VV,2+VV,3)
n 1
(n—1)/2(n—2)
x 181/ ((04272 +2a7(1 =7)8 = B2(1 =) = 28v(1 =)0 + (1 = 29)8*) Vo W
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+ @y +a(l =298+ B2(1 =) = B(1 = 27)8 — 6°) (Voo + Vo s)W
+ (o= B)a+B = 2)VeaW),
1

R20 = it 22 —2)
X 182 (2(1 = y)y (a®(=7) + a2y = )5 + (v — 1) + B(5 — 290) + 6°) Vs
+(8—a) 207(1 =) +28v(1 =) + (1 = 29)%8) (Vo2 + Ve s)
+2(a®(y = 1) + a8 — 298) — B2y + B(2y — 1)6 + 6%) Vo4)
+ m x 3(2y — 1)(a = B) (& + aB + B2 — 36%) (W? —y(1 — 7)),
Ros = L ><2(672—67—|—1) (a—p) (a2+a,6’+62—362)W.

 nl/2(n—1)(n—2)

Supplementary Material

Code to reproduce Table 1 (DOI: 10.1214/21-EJP708SUPP; .zip). The zip file
contains code to reproduce Table 1. The code can also be found at https://github.com/
aroellin/csgc.
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