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1. Introduction

Let W and Z be d-dimensional random vectors, d > 1, where Z has standard d-dimensional
Gaussian distribution. We are concerned with bounding the quantity

de(LW), L£(2)) = sug\ﬂP(WeA)—]P’(ZeA), (1.1
Ae

where A denotes the collection of all the convex sets in R?.

Our main tool is Stein’s method for the multivariate normal distribution, which has already
been used to obtain bounds on (1.1), the two main contributions coming from Gotze [18] for sums
of independent random vectors (see also Bhattacharya and Holmes [6]), and Rinott and Rotar’
[25] for sums of dependent random vectors that allow for a certain decomposition. Most other
contributions on multivariate normal approximation via Stein’s method have focused on smooth
functions; see, for example, Barbour [3], Goldstein and Rinott [17], Rai¢ [23] and Reinert and
Rollin [24].

The main aim of this article is to improve the results of Rinott and Rotar’ [25] in two impor-
tant ways. First, we remove a logarithmic factor in the error bound of Rinott and Rotar’ [25].
The techniques that allow us to do this are taken from Fang [15] and will yield optimal rates of
convergence in some applications. Second, the assumptions made on the dependence by Rinott
and Rotar’ [25] do not cover the applications we will discuss here. Instead, we will use a mul-
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tivariate generalisation of Stein couplings to achieve the necessary generality. Stein couplings,
introduced by Chen and Réllin [11], capture the minimal structural assumption necessary to use
Stein’s method for normal approximation.

We will also keep the dependence of the constants on the dimensionality explicit and as small
as possible without blowing up the proofs, but we do not pursue optimality in that respect.

The remainder of this article is organised as follows. In Section 2, we will state our main
abstract theorem, but we will postpone the (rather technical) proof to Section 4. In Section 3,
we will discuss two main applications, one involving permutation statistics and the other a new
test for heterogeneity for dense graphs. In Section 5, we will present some standard multivariate
Stein couplings for reference.

2. Main results

Stein couplings were introduced by Chen and Réllin [11] in order to unify many of the ap-
proaches developed around Stein’s method for normal approximation, such as local approach,
size biasing and exchangeable pairs, to name but a few. In the spirit of Chen and Réllin [11], we
give a multivariate definition of Stein couplings.

Definition 2.1. A triple of square integrable d-dimensional random vectors (W, W', G) is called
a d-dimensional Stein coupling if

E{G'F(W') = G'F(W)} =E{W'F(W)} 2.1
forall F:R? — R? for which the expectations exist.

Remark 2.2. By choosing F(w) = e;, where ¢; is the ith unit vector, it follows from (2.1) that
EW; = 0. Therefore, EW = 0 is a necessary condition for a Stein coupling. Choosing F(w) =
wje;, it follows that

E{G(W' - W)'} = Cov(W). (2.2)

Throughout this article, |x| denotes the Euclidean norm of x € R4, and I; denotes the
d-dimensional identity matrix. To shorten the formulas somewhat, we will write EV (-) to de-
note conditional expectation E(-|W).

With this, we can formulate our main result.

Theorem 2.1. Let (W, W', G) be a d-dimensional Stein coupling. Assume that Cov(W) = 1.
With D = W' — W, suppose that there are positive constants « and B such that

|G| < a, |D| < B. (2.3)
Then there is a universal constant C such that

de(LW), L(2)) 24
< C(d"*aEIDP +d"p +d"Pa 2B + a3 By +a' B,
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where Z is a d-dimensional standard Gaussian random vector and

d
By = +/VarEV D2, By= | ) VarEV(G;D)).

i, j=1

d
B3 = Z VarEW (G; D; Dy).
i,jk=1

As usual, we can upper bound VarEY (1) by VarEf(-) for any o-algebra F D o (W). This
is a standard trick in Stein’s method and will be used in the applications without further men-
tion.

Note that, if (W, W/, G) is a d-dimensional Stein coupling and A is a m x d matrix, m > 1,
then (AW, AW’, AG) is an m-dimensional Stein coupling. In this light, assuming that Cov(W) =
I; is a matter of convenience rather than a real restriction. If A is a d x d matrix, denote by || A||2
its operator norm with respect to the Euclidean norm. Noticing that d. is invariant under linear
transformations, we have the following consequence of Theorem 2.1.

Corollary 2.2. Under the conditions of Theorem 2.1, but now allowing Cov(W) = X for any
positive definite X, there is a universal constant C such that

de(L(Z7'2W), L(Z))
=d.(LW), L(Z'?Z)) 2.5)
< C(d7/401s§’IE|D|2 +d"*s,8 + d7/8s;/20(1/2311/2 + d3/8s582 + dl/gs;/zB;/z),

1/2

where sp = || X7 4||>.

Note that the corollary cannot be expected to be informative if X is singular or close to sin-

gular. In particular, the W; need to be standardized so that Var W;, 1 <i < d, are all of the same
order. The proof of Corollary 2.2 is given in Section 4.

Remark 2.3. If (W, W’) is an exchangeable pair of d-dimensional vectors and
EY(W — W) =—-AW (2.6)

for some invertible d x d-matrix A, then (W, W’, %A‘l(W’ — W)) is a Stein coupling and
Theorem 2.1 can be applied. In the special case where A = All4, or in other words, if we have

EY(W — W) =W 2.7)
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for some 0 < A < 1, then one can prove a special case of Theorem 2.1 without using exchange-
ability, but only assuming that L£(W) = L(W’). A sketch of the proof will be given in Section 4.
This is analogous to Reinert and Rollin [24], where a result similar to our Theorem 2.1 was ob-
tained for the special case of (2.6), but for a smooth metric, and where also exchangeabiliy was
relaxed to equal marginals in the special case of (2.7).

3. Applications

3.1. A confidence interval for dense homogeneous random graphs

One of the basic problems in the statistical analysis of graphs is to test whether the connec-
tions between vertices in a graph have arisen ‘completely at random’, or whether there is more
structure in the graph. Among several possible null hypotheses, one of the best-studied is the
Erd6s—Rényi random graph G (n, p), where two vertices are connected with probability p and
remain disconnected with probability 1 — p, independently of all else.

Many test statistics have been analysed in the literature, such as diameter, maximal degree,
number of triangles, etc.; see, for example, Pao, Coppersmith and Priebe [22] for a recent
overview and simulation studies of the performance of these and other test statistics. Despite
the fact that much is known about the behaviour of these test statistics under the null model
G(n, p), it seems that little is known, at least theoretically, about how these statistics behave
under alternative models, such as heterogeneous models, where the edge probabilities may vary.
Here, as a first step, we propose and justify a test that is based on the theory of dense graph limits,
and we will show that our test is consistent, that is, any deviation from the homogeneous model
will eventually be detected (in a sense made precise below).

Theory of dense graph limits

Before we start with the statistical aspect of the problem, we first give a brief introduction to the
theory of dense graph limits. We will only discuss those parts of the theory that are necessary
for the purpose of our application; we refer to Borgs, Chayes, Lovdsz, S6s and Vesztergombi
[8,9] and Bollobds and Riordan [7] for in-depth discussions. Also, dense graph limit theory is
intimately related to the theory of partially exchangeable arrays as studied by Aldous [1]; see
Diaconis and Janson [14].

In what follows, all graphs are assumed to be simple, that is, graphs that contain no loops and
no multiple edges, and, moreover, we assume that all graphs are undirected. To begin with, we
consider non-random graphs. Let F' and G be graphs with k, respectively, n vertices. Denote by
inj(F, G) the set of injective graph homomorphisms from F into G, and define

{(F.G) = T Ol
(m)k

where (n); :=n(n—1)---(n — k+ 1) (note that we follow the notation of Bollobads and Riordan
[7]; our ¢ is what Borgs, Chayes, Lovdsz, S6s and Vesztergombi [8] denote by #iyj). The number
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|inj(F, G)| is just the number of copies of F in G multiplied by the number of graph automor-
phisms of F. Since |inj(F, G)| < (n)g, itis clear that 0 < ¢(F, G) < 1, and we can think of this
value as the “density of F in G”.

Let (G,,) be a sequence of graphs (where n > ng for some unspecified n¢) and for convenience
assume that G, has n vertices. We call this sequence a dense graph sequence if the number of
edges is of order n?. In other words, if K,, denotes the complete graph on m vertices, a graph
sequence (G,) is called dense if liminf,_, » # (K2, G;) > 0, and we will in fact mostly consider
sequences for which lim,_, » (K2, G,) exists. Although it would not pose any difficulties to
allow the case lim;,_, ot (K2, G,,) = 0 (the “sparse” case), this only leads to degenerate results
in the context of dense graph theory, and is therefore excluded for the sake of clarity.

We say that a dense graph sequence (G,) is convergent if lim,_, o  (F, G,) exists for every
finite graph F. We can construct a metric d on the set of isomorphism classes of finite graphs,
denoted by F, that quantifies this convergence. Let F1, F», ... be an arbitrary enumeration of the
set of finite graphs. For two graphs G| and G2, let

d(G1.Gy) =Y 27 |t(F;.G\) — t(F;. Gy).

i>1

It turns out that the metric space (F,d) is not complete. The usual way of constructing the
completion of a metric space is to form equivalence classes of sequences that are Cauchy
with respect to the metric. However, it turns out that there is a much more natural representa-
tion.

Let « : [0, 1]*> — [0, 1] be a measurable and symmetric function; we will call any such function
a standard kernel (called graphon by Borgs, Chayes, Lovasz, S6s and Vesztergombi [8]). For any
finite graph F with k vertices, let

1 1
t(F,K):/ / 1_[ K(xl-’xj)dxl...dxk’
0

O {i, J)CEWF)

where E (F) denotes the edge set of graph F. The quantity # (F, k) can be interpreted the “density
of F in «”, and we will give a more intuitive representation of ¢ (F, k) involving random graphs
later.

One of the key results of dense graph theory (see, for example, Borgs, Chayes, Lovédsz, Sds
and Vesztergombi [8], Theorem 3.1) is the following. If #(F, G,) converges for every F, that
is, if (G,) is a Cauchy sequence with respect to d, then there is a standard kernel « such that
lim¢(F, G,) =t(F, k) for every F. We can therefore say that « is a limit of the graph sequence
(Gy). Analogous to the fact that there are graphs that are isomorphic to each other, there can (and
typically will) be several standard kernels representing the same limit. Therefore, an additional
step of forming equivalence classes of standard kernels is necessary to obtain the actual com-
pletion of the metric space (F, d). Since we do not need this we refer again to Borgs, Chayes,
Lovész, S6s and Vesztergombi [8,9] on how to characterise these equivalence classes.

So far, all graphs have been non-random. If now (G,) is a sequence of random graphs de-
fined on a common probability space €2, we will be interested in statements of the form “(G,,)
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converges to « almost surely”, meaning that with probability 1, the realisation of a sequence
G1(w), G2(w), ... converges to « in the sense introduced above. Although it is possible to allow
for « to be random as well, we will only consider fixed « in what follows.

For a given standard kernel «, there is an elegant sampling procedure to create random graphs
that converge to « almost surely. Let Uy, Ua, ... be a sequence of independent random variables
that are uniformly distributed on the interval [0, 1]. To construct G,,, connect vertices i and j
with probability « (U;, Uj), independently of all other edges. We denote the distribution of the
graph G, obtained in this way by G(n, «) and it is clear that G(n, p) for 0 < p <1 can be
identified with G (n, k) for k = p, the constant standard kernel. Note that the edges of G(n, k)
are conditionally independent given Uy, ..., Uy, but in general not unconditionally independent.
It is now easy to verify that, if G,, ~ G(n, k), then

Et(F, Gp) =t (F, k).

Furthermore, we have the following concentration result, which, by Borell-Cantelli, immediately
implies that (G,) converges to « almost surely.

Lemma 3.1 (Borgs, Chayes, Lovasz, S6s and Vesztergombi [8], Lemma 4.4). IfG,, ~ G(n, k)
for some standard kernel k, and if F is a graph on k vertices, then

82}1
P[|t(F, Gn) — t(F.x)| > €] < exp<_4_kz)

for every e > 0.

Remark 3.1. A remark about models that are more general than G (n, «) is in place. It is impor-
tant to note that dense graph theory is a first order approximation of dense graphs, analogous to
the law of large number for random variables. It can be shown that the completion of (F, d) is
compact and therefore, for any dense graph sequence, there must be accumulation points which
can be represented by a set IC of standard kernels. So, if one considers graph models that produce
dense graphs that allow for more complex dependence between edges, any realisation of a large
enough graph from such a model will be close to at least one of the standard kernels from its
accumulation points /C. Thus, from this first order point of view, any dependence between the
edges becomes irrelevant in the limit, since every « € K is also the limit of the model G (n, k).
As of yet, there seems to be no established theory of second order fluctuations of dense graphs
around their limits that would capture more subtle aspects of such graphs.

Characterisation of homogenous Erdds—Rényi graphs

Recall that K, denotes the complete graph of size m, and let C,, be the cycle graph of size m.
Chung, Graham and Wilson [12] proved the following surprising result, which we shall present
reformulated in the language of dense graph limit theory (see Lovasz and Szegedy [21] for gen-
eralisations of these findings).
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Theorem 3.2 (Chung, Graham and Wilson [12], Theorem 1). If (G,,) is a (non-random) dense
graph sequence such that

t(K2,Gu) = p and  1(C4,Gp) — p*
for some 0 < p <1, then (G,,) converges and the limit is the constant standard kernel k = p.

In other words, x = p is the only standard kernel with ¢ (K>, k) = p and 1 (C4, k) = p*, and it
is not difficult to show that, if « is not constant and ¢ (K>, k) = p, then t (Cy4, k) > p4. This result
suggests that we can use the number of edges and 4-cycles in order to test whether « is constant
or not. Indeed, for G, ~ G (n, ) with non-constant «, we should be able to detect a discrepancy
between the edge density to the fourth power and 4-cycle density if # is large enough.

However, some care is needed. If G, is a given graph of size n, define the two statistics

linj(K2. G| |inj(Ca. G|
T1(Gy) = =222 1(G,) = Jf

2
The factors 2 and 8, respectively, are the sizes of the automorphism groups of K, and Cjy, re-
spectively. Therefore, T is the number of edges in G,, and T is the number of 4-cycles in G,,.
By straightforward calculations we have that, if G,, ~ G (n, p),

Var(T1(G,)) = (Z)p(l —p).  Cov(Ti(Gn), To(Gy)) = 12<Z)p4<1 —p)
and
Var(T>(G,)) = 3<Z)p4(1 — p)(1+ p = 13p* +4np* +35p” — 24np’ + 4n*p?).

It is clear from this that Cor(7(G,), T>(G,)) — 1 as n — 00, hence, in the limit, the fluctuation
of the number of 4-cycles is determined by that of the number of edges in the graph; see Janson
and Nowicki [20] for such and more general results. Thus, we cannot use these values directly to
construct our test.

Following Janson and Nowicki [20], we can instead consider the density of 4-cycles corrected
by the edge density (this is essentially the first non-leading term in a Hoeffding-type decomposi-
tion for the 4-cycle count). To this end, define the normalised edge count

Wi(p, Gy) = M with o7 = (Z)p(l - p),

o1
and the corrected and normalised 4-cycle count

2(Ga) = 2(";)PPT1(G) +9() p*
02

WZ(pv Gn) =

with

0} = 3(Z>p4(l —p)*(1+2p + (4n — 1) p?);
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it is easy to see that Cov(Wy, W3) = 0. In order to motivate the choice of W; and W, note that,
from Lemma 3.1 and for general « and G, ~ G(n, k),

Wi(p, Gn) 1
a0
Wa(p, Gy)

W2 42— p) (£(Ca10) = 4’1 (K2, 10) +3p%)

almost surely as n — o0, so that Wi (p, G,) and W»(p, G,,) can only expected to be near zero if
K= p.

Barbour, Karonski and Rucinski [4] use Stein’s method to prove univariate normal approxi-
mations of subgraph counts and related statistics, but for quantities such as W5 they resort to the
method of moments. Corresponding multivariate results where obtained by Janson and Nowicki
[20] in great generality for incomplete U -statistics using Hoeffding-type decompositions and the
methods of moments. For degenerate statistics like W they state that “Stein’s method does not
seem to work in that case”.

The reason that W, is more difficult to handle is that, if represented as an incomplete U-
statistic, many of the summands are uncorrelated (see (3.5) below), which requires more delicate
estimates. We note that the arguments of Barbour, Karonski and Rucinski [4] could be, in fact,
improved to cover such cases as well.

Theorem 3.3. Let G, ~ G(n, p) be a realisation of an Erdds—Rényi random graph on n vertices
with edge probability p. Let W = (W (p, G,), Wa(p, G,,)) and let Z be a standard bi-variate
normal random variable. There is a universal constant C independent of p and n such that

C
pP(1 = p)*/n’
Theorem 3.3 justifies the following procedure to construct a confidence set for the family of

Erdés—Rényi random graphs. Let G, be a simple graph of size n. Fix 0 <« < 1 and define the
1 — o confidence set as

d(LW), £(2)) <

CS1-o(G)) ={0< p <1:W{(p,Gy) + Wi(p,Gn) < qi—a}.

where ¢|_q is the 1 — « quantile of the x2-distribution with 2 degrees of freedom. In words,
CS1_4(Gy) is the set of those p for which G, is “compatible” with the model G(n, p) at the
significance level «. If CS1_4(G,,) is empty, then G, is not compatible with any homogeneous
Erd6s—Rényi random graph model.

For what follows, denote by P, the distribution of G, under the law G(n, ) and let P, =P,
for k = p.

Corollary 3.4. Forany given 0 < p; < p, <1,

Py[p ¢ CS1-a(Gn)] =a+0(n""?)
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uniformly in p € [p;, pu] as n — oo. Furthermore, if k is a non-constant standard kernel, and if
2
n > max{19, 54q,"”, /r}, we have

nr2
Pe[CS1-4(Gy) #9] < 2exp(—j), 3.1

where

re= it {(1(Ka, ) = 1K, ) + (1Co, 0 =1(Ca, )}

(note that r, > 0 from Theorem 3.2 and the discussion thereafter).

Proof. The first part is immediate from Theorem 3.3. For the second part assume that « is not
constant. Consider the points b(x) = (t(K2,«),t(Ca,k)) and b(p) = (p, p4), and, by slight
abuse of notation, b(n) = (t (K2, Gp,), t(C4, G,)). Using Lemma 3.1, we have

Pe[|b(n) — b(x)| > €]
<P[|b1(n) = b1(0)| > e/52] + Pe[|b2(n) — ba(ic)| > e/3/2] (32)
< 2exp(—&”n/128)

for any ¢ > 0. Now, note that we can write

n 3 n
Wi(p, Gn) = (L)(bl(n)—bl(l?)), Wa(p, Gn) = Qw(n,l?),
o1 02

where
w(n, p) = (b2(n) — ba(p)) — 4p*(b1(n) — bi(p)).
Let
V6T -4
6= T
306

and define the events

Ar(p) = {|b(n) = bo)| <8re /9,
Aa(p) = {|b(n) = b)| <8re /9,

bi(n) —bi(p)| > 8},
bi(n) — by (p)| < 5}.

On one hand, we have

n 3 2
W1<p,Gn)zzI[A1<p>](%) : (3.3)

On the other hand, since |b(n) — b(k)| < 8r, /9 implies |b(n) — b(p)| > r/9, we have

w(n,p)>\/m_45=%
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on Az(p), and hence

n 2
3(4)”) . (3.4)

1802
Setting A(p) = A1(p) U A2(p) and putting (3.3) and (3.4) together, we obtain

Wa(p, Gy)?* > I[Az(p)]<

Wi(p, Gn)* + Wa(p, G)*

- apemnf () (L=

607, 30607
>1[A(p)]rZmin{4.3- 1073 (n — 1)3,3.7- 104 (n)2}.
If n > 19, we have
min{4.3- 1073 (n — 1)3,3.7- 107*(n)2} > 3.5 - 10~*n?.
Hence, if n > max{19, (¢g1—«/(3.5 - 10_4r3))1/2}, and using (3.2),
Pe[CSi—q =01 = P[|b(n) — b(k)| < 8r, /9] = 1 — 2exp(—nr?/144),
which implies (3.1). O

Remark 3.2. Note that (3.1) essentially says that, if the true standard kernel « is non-constant,
the test will eventually detect this for n large enough. It is not clear if this is still true if 4-cycles
were to be replaced by triangles. Chung, Graham and Wilson [12], page 361, give an example of
non-constant standard kernel « for which

t(Kp.k)=1%,  t(C3.6) =4,

which also holds for the constant standard kernel x = 1/2.

Remark 3.3. To go back to the question posed at the beginning of the section, namely to decide
whether a given graph G, is compatible with any homogenous model G(n, p), 0 < p < 1, we
can formulate this now more precisely as the testing problem

Hy:G,~G(n,p) forsome 0 < p <1
against
H:G,~G(n,«) withk # pforall0<p < 1.

As we have already pointed out in Remark 3.1, from the point of view of first order approximation
of dense graph limit theory, the alternative hypothesis is already in its most general form, since
the models G (n, ) cover all possible dense graph limits.

We can now define a test ¥ (G,,) that rejects the null hypothesis if C1_4(G,) is empty, that is,

¥(Gy) =1[W(p, Ga) + W3 (p, Gu) > q1—o forall 0 < p < 1].
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Since
P,[¥(Gn) = 1] <P, [Wi(p, Gy) + Wi (p, Gn) > q1—a] = +O(n"/?),

this test has an asymptotic significance level of « or less. Whether the asymptotic significance
level is strictly less than or equal to o depends on the asymptotic behaviour of the quantity

inf {WZ(p,Gy)+ W3 (p,Gp)),
O<p<l
which cannot be expected to have a x2-distribution. Numerical simulations indicate that the

asymptotic significance level of i is strictly less than «, but a mathematical proof of this obser-
vation eludes us.

Before we prove Theorem 3.3, we need some notation and technical lemmas. For the remain-
der of this subsection, that is until the end of the proof of Theorem 3.3, we will follow the

convention that the elements in an ordered m-tuple (i1, ..., i,) of integers are pairwise differ-
ent and range from 1 to n, and we will assume the same for sets written as {i1, ..., i}, so that
i1, ..., in}| =m always. For every (i, j, k,1) let

nijit = Iij Ll — p>(Lij + L + Ty + Ti) +3p*,

where I;; = I; is the indicator of the event that there is an edge connecting i and j. Note that
between every set of four vertices {i, j, k, [}, only three essentially different 4-cycles can be
spanned, so that, for example, the set of eight 4-tuples

(G g kD, Gk i), (i ), 0, k),
@, Lk, j),(,k,j, i), (k,j,i,l),(j,i,l,k)}
represent the same 4-cycle, and hence
Nijkl = Njkli = Nklij = Nlijk
= Nitkj = Nikji = Nkjil = Njilk-
It is also straightforward to verify that, if V C {1, ..., n} is of arbitrary size, then
E{nijil (Luw)u,vev} =0 (3.5)

for any (i, j, k,[) with |{i, j, k,I} NV| <2. From (3.5), we can easily deduce statements about
mixed moments. For example, for any (i, j, k, /) and any (u, v), we have

E{nijkiluv} =0,
or, if [{i, j, k, I} N {u, v, w,m}| <2, we have

E{nijklnuvwm} =0.
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Whenever we will be using such identities (or similar identities with more factors) in the proof,
we will only refer to (3.5), since obtaining these covariance formulas from (3.5) is straightfor-
ward.

Foreach v ={i, j, k,1}, let

1
X1 = W(Iij + L+ L+ 1+ 1+ Iy —6p),
2 )91

1
Xy = a_z(nijkl + Nijik + Nikj1)

and X, = (X1.y, X2,»)". Now we can represent W as a sum of locally dependent random vectors,
namely

W=>X,, (3.6)

where the sum ranges over all subsets v = {i, j, k, [}. To see that (3.6) is the same as in Theo-
rem 3.3, recall that between each set of four vertices {i, j, k, [}, there can be at most three different
4-cycles, and that, in the definition of X» ,, one representative of each of them is picked. Fur-

. _ . .. _n—1.
thermore, each edge I;; is over-counted ("22) times, hence the additional factor (" 22) in the
definition of X ,. It is straightforward to check that

EW =0, E{WW'}|=I,

where I, is the m-dimensional unit matrix. Note that X, and X¢ are independent whenever
[v N &| <1, that is, share at most one vertex. Hence, for each v, we define the set A, :={£:|v N
&| > 2}, the ‘neighbourhood’ of X,,. For given v, we then have that the collection (X¢)z¢a, is
independent of X,,. Therefore, if I is uniformly distributed over all v,

(W.W'.G) = (W, w- 3" X, —<Z>x,) 3.7)
VEA]

is a Stein coupling (cf. Section 5).

Since the sequence (G,,) starts at some unspecified integer ng, we can assume without loss
of generality that ng > 3, and, hence, use G| and G» to denote the first, respectively, second
component of the vector G, rather than elements from the random graph sequence (G,,).

Proof of Theorem 3.3. We apply Theorem 2.1 for the Stein coupling given in (3.7). Let as usual
D =W’ — W. In what follows, C denotes a positive constant independent of p and n, possibly
different from line to line. Note first that

ol >Cn’p(1—p), o} =Cn’p®l - p)*.

Hence,

IX,|<C ! +1 < ¢
U= \n20y  on) T n32p3(1 - p)
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and |A,| < Cn?, which yields the upper bounds
Cn3/?

S N

p*(1—p)

The second moment of |D| can be calculated as follows. Noting that |§ N &'| < 1 implies
E(X1,X1¢) =0, and | N &'l <2 implies E(X32,6 X5 ¢) = 0, which follows from (3.5), we
have

=a, |D| <

C .

E|D|?> =ED? + ED3

Z > E<X1s>ﬁs/>+( Y Y EXaeXog)

v o§E'€A, v £.&€A, (3.9)
C 4 2 2 1 C 4 2 1 .
5—4><n Xn-xn ><—2+—4><n Xn ><n><—2
ntol n o,
C

< —-=—.
~ n?2p® — p)?

Define the o-field F = 0 (G,,). Clearly, F D o (W). In the following, we calculate the variances
of the conditional expectations in the bound (2.4). First,

Var(IE}—GlDl) < VEII'<Z X1,v Z Xl,v)

v &eA,

(3.10)
Cn 10
:Z Z COV(X1UX1§,X1V/X1§/)< 8 4,
v,V €A, E'eA o1

where the last inequality follows from the fact that Cov(X1,, X1 ¢, X1,/ X1 /) # 0 can occur only
if [(WU&)N (V' UE)| > 2. By the same argument,

10

VarB7GiD2) <Y Y Cov(Xi,Xag. X1 Xae) < % G.11)
v,V EEA,E €A, 192
and
Var(EX G, D1) < % (3.12)
In order to bound Var(]EF G2 D»), we argue that
Cov(X2,y X2, X2,vX2¢) #0  implies [ UE UV UE'| <9, (3.13)
from which we can deduce that
Var(EX G2 D) < C—’f (3.14)

)
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To show (3.13), note that the left-hand side implies that

(i) any intersection of v, &, v’ or & with the union of the other three sets has at least three
elements (otherwise we would obtain a contradiction with (3.5)), and

(ii) at least one of the intersections v N v/, vN &', £ NV and € N &’ has at least two elements
(otherwise X v X ¢ and X, X ¢ would be independent).

Assume now that the left-hand side of (3.13) is true. Since &€ € A,,, we have [vN&| > 2, and hence
|[vUE| <6, and similarly |[v" U &’| < 6. Using (ii), we deduce that one of the three inequalities
[WUE) NV =2, [(vUE)NE| >2,0r |[(vVUE)Nv| > 2 must hold. If the first inequality holds,
we obtain |v U& UV’| <8, and, using (i), that [v U& Uv' UE’| <9; the other two inequalities are
analogous. This concludes the proof of (3.13).

Collecting the bounds (3.10), (3.11), (3.12) and (3.14), we obtain

B =—5 6C 2"
n'/2p(1 — p)

By similar arguments,

Fip2y < € Fipzy - €1
VarE (DI)SE, VarE (D2)SG—;,

and, hence,
B < ¢
TSP pS - p)

The following bounds can be obtained in a similar fashion, again using (3.5), but we omit the
tedious details. We have

C 14 C 14
VarET (G1D}) < — . VarE7(GiD1D2) < — 4.
n O’l n 0’10'2
Cnl3 Cn'#
VarE” (G D?) < ———, VarE” (GoD?) < ———,
( ! 2) - n4612cr£L ( 1) - n8c714022
Cn13 Ci’l13
VarE” (GoD1 D)) < ———.  VarE7(GyD3) < —.
ntofo) o5

and therefore
B3 < %
np”(1—p)
Collecting the bounds on Bj, B> and B3, in combination with (3.8) and (3.9), yields the final
estimate via (2.4). O
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3.2. Joint normality of certain permutation statistics
Let M be a real n x n matrix and assume that M is anti-symmetric, that is, for each u,v €
{1,...,n}, we have

My = —My,.

Note that M, =0. Let = be a permutation of size n, chosen uniformly at random, and consider
the statistic

W= Z Mo (iyn(jy- (3.15)

i<j

Here, sums of the form ), _; have to be interpreted as double sums 27:_11 Z'}:i 41 Ifitis to
be interpreted as a single sum, we will explicitly state the summation index using the notation
Z Ji<j*

Permutation statistics of the form (3.15) were considered by Fulman [16] and they are a special
case of doubly-indexed permutation statistics

> a(i.j.wG). () (3.16)
ij
with
a(i, j,u,v) =1I[i < jlMyy.

The reason to study (3.15) is that two important properties of permutations, the number of

descents and inversions, can be readily represented in this form. Choosing M, ,+1 = —1 and
M, = 0 for all other v > u (for v < u, My, is defined via anti-symmetry), (3.15) becomes
2Des(z~1) — (n — 1), where Des(x) is the number of descents of 7; with M,, = —1 for all

u < v, (3.15) becomes 2 Inv(r 1) — (g) where Inv(rr) is the number of inversions of 7.

Using Stein’s method, Zhao, Bai, Chao and Liang [26] prove a general Berry—Esseen type
theorem for sums of the form (3.16), but their results do not apply to the number of descents
Des(r), which seems to be “too sparse”. In contrast, using a special exchangeable pair, Fulman
[16] was able to obtain a rate of convergence of n~1/2 for the Kolmogorov metric for both, the
number of descents and inversions.

We shall extend Fulman’s results to the multivariate setting. Furthermore, we are able to re-
move a certain condition on M (present in Fulman’s work), arising from the requirement of
exchangeability; cf. Remark 2.3. In addition to extending the exchangeable pair approach by
Fulman [16], we also provide a result using the local approach.

Let MDY, ... . M@ be a sequence of real n x n matrices and assume that each matrix is anti-

symmetric. For each r, define W, =), _ j M %)n( e As in Fulman [16], define

A=Y Mg B0 = Y M.

viv>u viv<u

The mean and covariances of W = (W1, ..., Wy) are given in the following lemma.
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Lemma 3.5. We have EW =0 and

1 , .
Cov(W,, Wy) = 3 (Z MOMS) + Z(A‘(p _ B,Er))(AL(f) — B;ﬂ)), (3.17)
u

u<v

Proof. Both the covariance and the right-hand side of (3.17) are symmetric bilinear forms on
the vector space of all anti-symmetric matrices. Moreover, by Lemma 4.3.1 of Fulman [16], both
expressions match for M) = M®) . Since a symmetric bilinear form is uniquely determined by
the corresponding quadratic form, the results follows. (]

With W = (W1, ..., Wy)!, we have the following result.

Theorem 3.6. Let W be as above and let

— MO
B Sff;| e

. Br=sup ) (MY (3.18)
ru Ty

Assume Var(W,.) =1 for each 1 <r <d. Then, with ¥ = Cov(W), there is a positive constant
Cq4 depending only on d, such that

do(LW), L(Z2Z)) < Ca| =725 (nB> +n'1288)%). (3.19)

Although Theorem 3.6 is widely applicable, it does not yield optimal bounds for the appli-
cations discussed below. To this end, we also give a theorem that gives better bounds under the
more specific situation where the non-zero entries of M) are all near the diagonal and W is the
normalised number of inversions.

Theorem 3.7. Assume the situation of Theorem 3.6. In addition, assume that W is of the specific
form

v - (1/2)()
T S —D2nt5)/ 72

where Inv(rr) is the number of inversions of 7. Assume further that there is a positive integer m
such that

Wi

M;?:O, iflu—v|l>mand?2 <r <d.
Then
do(LW), L(Z2Z)) < Cam | =2 | 3087, (3.20)

where Cq p is a positive constant depending only on d and m, and where

1
:=max{ —, su M) }
B { ~ myZv:} b
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Remark 3.4. We will use Corollary 2.2 to prove (3.19) and (3.20). The bounds in (3.19) and
(3.20) have fewer terms than the bound in (2.5) because we will make use of the inequality d <
af for o and B defined in (2.3), which follows from (2.2) and the assumption that Var(W,)) = 1
for each r.

As a corollary of Theorem 3.7, we prove the joint asymptotic normality of the number of
descents and inversions of r; the rate obtained is best possible.

Corollary 3.8. Let Des(w) and Inv(;w) be the number of descents and inversions of 7w, and let

Inv(m) — (1/2)(5) Des() — (n — 1)/2)‘

—_— t—
W=, W) —(J(n(n_1)(2n+5))/72’ v+ D/12

Then
d ( E(‘V) C(Z)) <
¢ ’ \/ﬁ

for some absolute constant C, where Z is a 2-dimensional standard Gaussian vector.

Proof. Set
—1 ifv>u,
M(l):\/L x {+1 ifv<u
uv ’
n(n —1H2n +35) 0 otherwise,
and set
-1 ifv=u+1,
@ 3 :
M, = +1X +1 ifv=u—1,
" 0 otherwise.
Hence, we can take m = 1 in Theorem 3.7. Let 7 = 7 ~!, which is again a uniform random per-
mutation of size n. It can be easily verified that Wi =3, _; Miti))r(j) and W =3, _; Mﬁ?)rm.

From Lemma 3.5, Var(W;) = Var(W,) = 1 and | Cov(W7, W»)| < C/n. Moreover, § as defined
in (3.18) is smaller than C/+/n. Therefore, the corollary is proved by applying Theorem 3.7. [

To prove Theorem 3.6, we need the following lemma, the proof of which is straightforward
and therefore omitted.

Lemma 3.9. For 1 <r,s,t <d and B defined in (3.18), we have

S S 2 p4
D M M M M, | <Y, 3.21)
Ul,...,lg
4
> | M, My ML M | < OnB?, (3.22)

[{ur,uz2,u3}|=3,[{usg,us,ue}|=3,
[{uy,....ue}| <5
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2 n6
2 MM M M M M| < 5 (323
2 pd
Z | M My My MU M MG | < 220° B B, (3.24)
H{u,....ug}|<7
where Z‘{ul ..... )| <k—1 stands for summation over all tuples (uy, ..., ux) for which at least two

components are equal.

Proof of Theorem 3.6. We adopt the construction of W’ from Fulman [16]. Let I be uniformly
chosen from {1, ..., n} and independently of . Given I, we define 7’ ast o (I, I +1,...,n)
where (1,1 + 1,...,n) denotes the mapping I +— I + 1+ --- — n +— I, while keeping
the rest identical. As 7 and 7’ both are uniformly distributed, W and W’ have the same
marginal distribution (but are not necessarily exchangeable). Fulman [16] showed that with
rA=2/n

E™ (W — W) =—-W.

Following Remark 2.3, the bound (2.5) holds with D = W — W and G = %)»_ID =
nD/4 (cf. Section 5). From the construction of W', we have (cf. Lemma 4.2.1 of Fulman

[16])

_ )
==2 ) M)
jij>1

forr € {1,...,d}. By the definition of 8 in (3.18),

|G| < Cynp, |ID| < CyB. (3.25)
We first prove that
4
VarE™ (D, D) < S~ (3.26)
n
From the construction of W',
VarE™ (D, Dy)
(r) (Y)
= Var(‘ > 2 Mty ﬂ(i)ﬂ(.i2)>
i=1 ji,ja:
J1j2>i
16 -
= (r) (r) (s)
=3 Var(Z > MMy +Z > Mn(z)n(mMn(i)nUz))'
i=1j:j>i Ji.J2t

J1s >0 j1# )2
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Using antisymmetry, it is not difficult to see that the first double sum in the last line is constant.
Hence, we only need to show that

(r,8)
Z |Kij1j2kl112|
(i, 1. j2}1=3, [{k, 11, 12 }|=3

- ") (s " B
= > [CV Moy Matirn iy MromanMatoman)| — 3-27)
[ NAISN T NATE

< CynB.

We consider the cases |{i, ji, j2,k, 1,1} = 6 and |{i, ji, j2, k, 1,2} <5 separately. For the
first case, we have

(r,s) _ 1 (r,s) 1 (r,8)
Kij1j2k1112 - Z Muvlvzwmzz - 2 Z Muvlvzwzlzz
(me _ ((n)3) _
Hu,v1,v2,w,21,22}|=6 [{u,v1,v2}1=3

Hw,z1,22}1=3

1 1
=" (r,s)
B <(n)6 ((n)3)2) Z Moz 2

Hu,v1,v2,w,21,22}|=6

1
(r,s)
B W Z Muzfvzwmzz’

[{u,v1,v2}=3,{w,z1,22}|=3
Hu,v1,v2,w,z1,22}1<5

where M) w2 i= MU M), M) M$). By (3.21) and (3.22),

(r,s) :34
Ky k| = Ca’s-

Next, we consider the case |{i, ji, j2,k,[1,l2}| <5. Let 7 be an independent copy of . Again
by (3.21) and (3.22),

Z |Ki(jq;;klllz |

i, 1. j2} =30k 1y 1p H=3
Wi, jq.dp k0. =S

(r,s) (r,s)
= E[ > (1M oG @om o an | T 1 Maietinm G @z ans )}
I{

i.j1.d2 =318k 1y, }=3
i.j1.j2 kil }=5

5 Y Ml 0, <)

H{u,v1,02}=3, {w,z1,22}1=3

+1(|7 7 ({u, w1, v2}) NF T ({w, 21, 22})| < 5))i|

<Cunp*.
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Therefore, we have proved (3.27), and thus (3.26). Again from the construction of W’, we can
write

64
T _ " (T,S.l)
VarE™ (D, Ds Dy) = n2 Z Kijljzjsklllzls’

J1>1Jp>1,j3>i

1>k, lp>k,I3>k
where
(r.s,1) (r) () ) (r) (s) t
Kiji sktinots 7= COVIME iy oy M iy Mo iy Macdorean Mot Mromas))
By the same argument as for Klj]]zklllz and using the bounds (3.23) and (3.24) instead of (3.21)

and (3.22), we can prove

VarE™ (D, Dy D) < Cy8*Bs. (3.28)
Applying the bounds (3.25), (3.26) and (3.28) in (2.5) and using 1 < Cynp? by Remark 3.4 prove
the theorem. U

Next, we prove Theorem 3.7.

Proof of Theorem 3.7. Let T = 7 ~!. From Diaconis [13], W; can be expressed as

_y ! _n=H Ny
1_;~/<n<n—1)(2n+5>>/72<§” 2 )_.qu,

u=1

where £ is the minimum number of pairwise adjacent transpositions taking t(1) to the first
position, & is the minimum number of pairwise adjacent transpositions taking 7 (2) to the second
position after the first step is done, etc. Because 7 is a uniform permutation, {&i,...,&,} are
independent random Variables with &, ~ Uniform{0, ..., n —u}forl <u <n.For2 <r <d, by

the assumption that M,w =0if |u —v| > m,

I S ")
We=D Mionpy= D M

i<j u,v:lu—v|<m
71*1(u)<rr*1(u)

Z( Z M(V)I r(u) < r(v)]) = anxlir).
u=1

vilu—v|<m

Let X, = (Xf,l), el X,(dd))’. Then W =) ")_, X,. In the above pairwise transposition process,
if we know {&,:1 < v <u + m}, then we can reconstruct the positions of {t(v):|v — u| <m}.
Observe that the relative order of {r(v):|v — u| < m} does not depend on {£,:1 <v <u —m}.
Therefore, X,, is measurable with respect to {§,: |v — u| <m} and W can be viewed as a sum of
locally dependent random vectors (cf. Section 5.3) with neighbourhood A, = {# — 2m, u + 2m}
for each 1 <u < n. For the Stein coupling (5.2), we have

|G| =< Cd,mn,Ba |D| = Cd,mﬂ~
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Moreover, by the local dependence structure,

n
varEY (G, Dy) < Var(Z Z Xf,”X,S”)

u=1veA,

= i Z Cov(Z X" x®, Z Xpré”)

u=1w:|w—u|<6m veA, 2€Ay,
< Cymnp*,
where we used the inequality Cov(X, Y) < (EX? +EY?)/2. Similarly,
VarEY (G, DsD;) < Cyunp®.
The bound (3.20) is proved by applying the above bounds to (2.5) and using 1 < C(,l,mn,B2 by

Remark 3.4. O

4. Proof of main theorem

For given test function &, we consider the Stein equation
Af(w) — w'V f(w) =h(w) — Eh(Z), weRY, “.1)

where A denotes the Laplacian operator and V the gradient operator. If % is not continuous (like
the indicator function of a convex set), then f is not smooth enough to apply Taylor expansion
to the necessary degree, so more refined techniques are necessary.

We follow the smoothing technique of Bentkus [5]. Recall that .4 is the collection of all convex
sets in R?. For A € A, let h4 (x) = I4(x), and define the smoothed function

dist(w, A)
hae(w)= W<f) (4.2)

where dist(w, A) = infyc4 |w — v| and

1, x <0,
1—2x2, 0<x< l,

V=100~ 2, l<x<l, “.3)
0, 1 <x.

Define also
Af =[x eR?:dist(x, A) <}, A" ={xeAudist(x,R!\ A) > ¢}

(note that in general (A7%)¢ # A).
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Lemma 4.1 (Lemma 2.3 of Bentkus [S]). The function ha . as defined above has the following
properties:

1) hae(w)=1 forallw e A, “4.4)
(i) hae(w)=0  forallweR?\ A®, (4.5)
(iii) 0<ha (w)<1  forallwe A®\A, (4.6)
(V) |Vhasw)| <2670 forallweRY, 4.7
V) |Vhae() = Vhae(w)| <8lv—wle™®  forallv,weR. 4.8)

Lemma 4.2. For any d-dimensional random vector W,

de(LW), £(2)) <4d"*e + sup |[Ehp (W) —Ehy +(Z)|. (4.9)
Ae A

Proof. By (2.2) of Bentkus [5], for any ¢ > 0,

de(LW), L£(2)) < sup |Eha (W) —Eha o (Z)|
AcA
+ sup max{P(Z € A°\ A),P(Ze A\ A7)}
AeA

From Ball [2] and Bentkus [5], we have

sup max{P(Z € A°\ A),P(Ze A\ A™%)} <4d'/*e (4.10)
AeA
(the dependence on d in (4.9) is optimal; see Bentkus [5]). O

Fix now ¢ and a convex A C R?. It can be verified directly that with

1
2(1 =)

gae(w,s)=—

/ [hacVT=5w+ V52~ Bha o (D]p () dz,
R

a solution to (4.1) is (cf. Gotze [18])

1
Sfae(w) =/0 ga.e(w,s)ds, 4.11)

where ¢ is the density function of the d-dimensional standard normal distribution. In what fol-
lows, we keep the dependence on A and ¢ implicit and write g = ga¢, f = facsand h =ha¢.
For real-valued functions on R? we will write fi(x) for of (x)/0x;, fij(x) for 92 f(x)/(0x; 0x;)
and so forth. Also we write g;(w, s) = dg(w, s)/dw; and so on.
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Using this notation and the integration by parts formula, we have for 1 <i, j, k <d that

1
gij(w,s) = —gédh(\/l —sw 4 /52);j(2) dz

: 4.12)
= m‘éd hj(\/ 1 _Sw+\/EZ)(pi(Z)dZ
and
V1 =5
gijk(w,s) = BN SV T=sw+ V52)9iji(z) dz
\/_ R (4.13)
= NG ,k(\/l—sw+\/_z)g0,(z)dz.
Lemma 4.3. For eachmap a:{1,..., d}k — R, we have
d ®iy..ix (2) d 2
/ 37 atn ... i T (p(z)dsz! > (ati....i)” (4.14)
R\, 7, ®(2) L=
Lyeeeslfp= I]yeens =
Proof. We will prove that
(7 lk(z) D1 ji (2)
dz = 8i . , 4.15
/Rd 0(2) 0(2) ®(2) Z ir(1)J1 ln(k)]k ( )
where the summation is over all permutations of the set {1, ..., k} and § is the Kronecker delta.
By (4.15),
u Gir...i, )
/ Z a(iy, ..., ip)———— i1l (p(z)dZ—Z Z a(ll,...,ik)a(iﬂ(l),...,iﬂ(k))
RO\, ¢(2) -
I yenns = 01yeney
d 2
<k Y (alr.....i0)"
01yeeey ir=1

To prove (4.15), we observe that

@iy iy (2) @i (2)
d
/Rd 0@ e TOE

821(

p(z)dz

/ pz+x)piz+y)
8xi| "'8xika)’j| "'8yjk x=y=0Jrd () @(2)
2k
0 o)
x=y=0

dwy -+ - 0wk
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where wy = x;; and wyy =y, fors =1,2,..., k. By Faa di Bruno’s formula (see Hardy [19]),
the latter expression equals

Pl (x,y)  0lPnl(x, y)
HSEP|8ws Hseraws x:y:O’

Py,..., P
where the summation is over all unordered partitions of the set {1, 2, ..., 2k} and | - | denotes the
cardinality. However, the summand is non-zero if and only if each P, is of the form {s, ¢ + k}
where i; = j;. This proves (4.15). O

Proof of Theorem 2.1. Fix A € Aand ¢ > 0 (to be chosen later) and let f = f4 . be the solution
to the Stein equation (4.1) with respect to & = h 4 ¢ as defined by (4.2). Let

K :=de(LW), L(2)).
Adding and subtracting the corresponding terms, we have for g(w, s) = ga . (w, s) in (4.11),

E{Ag(W,s) — W'Vg(W,s)}
=E{G'Vg(W' s) = G'Vg(W,5s) — W'Vg(W,s)}

d
+ Y E{Gij — GiDj)gi;(W,s)}
i,j=1
d d d
—E:ZGigi(W’,s) —> Gigi(W,5)— Y GiD,-g,»,-(W,s>}
i=1 i=1 i,j=1

=: Ro(s) + Ri(s) — Ra(s).
As (W, W/, G) is a Stein coupling, clearly Ro(s) = 0. Therefore, by (4.1),
1
Eh(W) —Eh(Z) =/ (R1(s) — Ra(s)) ds.
0

To estimate fol R (s)ds, we consider the cases ¢ <s < 1 and 0 < s < &2 separately. For the first

case, we use the first expression of g;;(w, s) in (4.12) and obtain

1 d 1 1
/52 Ri(s)ds =i]2_:1E/82 (‘g) /Rd[EW(a,-j ~G;D))]
x [A(V1 = sW + /s2) = h(~1 — sW)]g;j(z) dzds,
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where we used the fact that fRd ¢ij(z)dz = 0. By the Cauchy—Schwarz inequality, (4.14) and
(2.2),

d
> E/Rd [EY(8ij — GiD)][A(V1 = sW + +/52) = h(V/T —sW)]gi(2) dz

ij=1

d ( ) 2 1/2
ij\Z
s{EfRd(Z[JEW((SU—GiDn]% )w(z)dz}

i,j=1 9(2)

1/2
X {/dE[h(«/l —sW ++/s2) — h(v/1 —SW)]ZW(Z) dZ}
R

1/2
5@82{/(11[3[}1(«/1 —sW +/s2) — h(v/1 —sW)]z(p(z)dz} .
R

From the definition of x and the concentration inequality of the standard d-dimensional Gaussian
distribution (cf. (4.10)), we have

E{h(~1—sW + /5s2) —h(~/1 — sW)}2
< E{I[dist(vT—sW, A®\ A) < /slz[]}
< P{I[dist(vT —sZ, A°\ A) < /slzl]} +2dc(LW), £(2))

<42 [ 2 pg) 42w
- V11— I—s

Using the Cauchy—Schwarz inequality, the bound (4.7), the simple inequality /a1 +az + a3z <
Jai + /az + /as for ay, ar, a3 > 0, and [ |22 (z) dz < d'/4, we have

1
/ Ri(s)ds
g2

1 1
where we used fs2 st < C|loge| and fez st <C.
2

(4.16)

1 172
1 e K
<CB - a\t—— 4 g4 | dzd
< ) . s/ﬂy( m—i— 1—s|Z|+K ¢(z)dzds

< CBy(d"e"*loge| +a*® + k' [loge),

For the case 0 < s < &, we use the second expression of g;;(w, s) in (4.12), the Cauchy—
Schwarz inequality, the bound (4.7) and (4.14), and obtain

2

/8 Ri(s)ds
0

d 2
|
2 E /0 25 Ja [EY @i — GiDp]hj(VT—sW + Vs2)gi(2) dzds

ij=1
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2 L[ 2160
=z Wes.. _.D. rieJ
/ 8;{;E (5] G,D,>]} (p(Z)w(Z)dZ‘
d d 1/2 @ 2 1/2
<2E{/ {Z[Z [EY (5 — G,-Dj)]z} Z’(—Zz)} cp(z)dz}
i=1j=1

<2Bs,

2
where the factor ¢ in the first inequality comes from fos 2]_J§ ds < ¢. Therefore,

1
/ Ri(s)ds
0

In order to estimate fol Ro(s)ds, let U and V be independent random variables distributed
uniformly on [0, 1]. Then

< CBy(d'Be'?|loge| + d*/® 4+ k'/*|logel).

d
Ry(s)=E Y  UGiD;Digijx(W+UVD,s).
i,j.k=1

We again consider the cases 2 < s < 1 and 0 < s < &> separately.
For the first case, we use the first expression of g;jx(w, s) in (4.13) and obtain

1
/2 Ra(s)ds = / - 3/2S [h(VT=5W + sz + VI —sUVD)
13 R4

i,j. k=1
—h(v1—sW +«/§Z)]UGiDjDk§0ijk(Z)dZdS

+ ZEf 2s3/2 dh(«/l—sW—i—«/Ez)

i,j,k=1

x U[IEW(G,D D) —E(G; D Dy)]wiji(z) dzds

+ Z f 2S3/2s 5 [A(VT=sW + /52)

i,j,k=1
—h(V1 = sZ + /52)JUE(G; D; Dy)gjji(z) dzds
d
+ ) f UE(G;D;Dy)gijk(Z,s)dz ds
i,j,k=1 €

= Ry11+Ry12+ R 13+ Ro14,
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where Z is an independent d-dimensional standard Gaussian random vector. Now, it is straight-
forward to verify that for any u, v, w, z € R4

d
Z uivjwiiji(z) = —u'z2v'zw'z0(2) + (W'vw'z + u'wo'z + v wu'2)e(2).  (4.17)
ijk=1

In bounding f » Ro(s)ds, the integration with respect to s is bounded by f 2 3 mds < Ce™
From (4.17) and the boundedness condition (2.3),

1 —
Rop ] < Efz VLS5 [ it (VT=sW + sz A%\ A) < VT=36]

2577 Jga

d
Z GiD;Digiji(z)|dzds

ij.k=1

1 _
<a / VIZS [ g li[dist(VI—sW + 5z, A°\ A) < VT~ sp]

2 453/2 Jpa
x [EID? + (EY|D? —EIDI*)]} (3lzl + I2)¢(2) dz ds
< Cd*PaE|IDPe™ (k +d"*(B +e)) + Cd* e aBy,

where in the last inequality we used a similar recursive inequality as (4.16) as well as
Jra lzPPo(2) dz < d3/2.
From the Cauchy—Schwarz inequality and (4.14),
|Ry.12] < Ce™ ' Bs.
From (4.17) and a recursive inequality as (4.16),

|R2.151 < C(ke™ +d*)E(1GIIDI?).

For R 1.4, observe that

Eg(Z+w.s)=~77 1_ 5 d[]Eh(«/l —5(Z+w) ++/52) —Eh(Z)]p(2) dz
1
= 2(1—s)/ h(V1—sw+2)p(z)dz + 2 )Eh(Z)
T )/ h(x)¢(x—mw)dx+2(l_ SERD).

Differentiating and evaluating at w = 0, we obtain

V=35
2

Egijx(Z,5) = i h(xX)@;jr(x)dx.
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Now with (4.17),

|R2,1,4] < CE(IG||DI).
For the case 0 < s < £2, we use the second expression of g;;; in (4.13). From (4.8) and
120 Gigi(2)] < alzlg(2),

2

/5 Ry(s)ds
0

i,j.k=1

/ 251/2 » hix(WT=sW + sz + 1= sUVD)UG,D; Dygi(z) dzds

/ 2s1/2 I[dist(v1 —sW + /52, A° \ A) <1 —sB]
R4

x [|D|2 + (EY|D1> - E|D?)]Izle(z) dzds

< Cd"?a(EID* (ke +d'*Be +a'/*) + e\ /VarEV|D|?),

where in the last inequality we used a similar recursive inequality as (4.16) as well as

2
fRd lzl¢(z)dz < d'/? and f(f 2s+/2ds <e.
Therefore,

1
/ Ra(s)ds
0

Collecting the bounds and using the smoothing inequality (4.9), we obtain the following recursive
inequality

< C(d*aEID?e™ (k +d"*(B+ &) +d**e'aBy + 7' By).

k < C{d*aE|D*e ™ (k +d'* (B +&)) +d*/?e 'aBy
(4.18)
+e ' By + By(d¥/® +d'Be'|loge| + Vi | logel) | + 4d'/e.

Let
¢ =2Cd*?aE|DP + B +d¥%a'?B|* + d'/* B, + a~'/* B)/?

with the same constant C as in (4.18). The theorem is proved by solving the recursive inequal-
ity for x and observing that as long as ¢ is smaller than an absolute constant, £!/?|loge| < C
and «!/?|loge| < Cd'/3, the latter follows by solving the recursive inequality for x by upper
bounding +/x in (4.18) by 1. O

Proof of Corollary 2.2. We apply Theorem 2.1 to the Stein coupling

(E’I/ZW, 12y, E*‘/ZG).
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The first two terms in the bound (2.5) are obtained by |I=-1/2G| < ;|G| and |=71/2D| <
s2|D|. For the last three terms, we first observe that for a fixed d x d orthogonal matrix
U= U.,...,Uy)", ad-dimensional random vector V and a random variable X,

M=~

d
> VarEV{(U V)i X} =

i=1 i

VarEV{U] V X} ZVar {UIEV{vX}}
1

Il
.M&

I
-

Ul Cov(EV{V X})U;. = Tr(U Cov(EV {VX})U')

QU

Tr(Cov(EY {V X})) Z [EV{v:x}}.

Therefore, By, By and B3 remain unchanged if we replace G and D by UG and U D. Next,
we write ©1/2 = UAU’ where U is an orthogonal matrix and A is a diagonal matrix whose
components are bounded by sy by definition. Finally, the last three terms in the bound (2.5) are
obtained by

Xd:VarIEW{( “12v),x =Xd: VarEV{(UAU'V), X}

d d
Z VarEV{(AU'V), Z VarEV{(U'V). X}

d
= s% ZVarIEW{ViX}.

i=1

O

Sketch of the proof for Remark 2.3. Let U and V be uniform on [0, 1], independent of each
other and all else. Under the conditions of Remark 2.3, we have from Taylor expansion that

0= r‘E{f(W’) ~F (W)
d
=x" 11[«:2 Wi)fi(W)+2"'E Y UDiD, fij(W + UV D)
i,j=1

d d
=B} WifiW)+E 3 GiD, fi;(W)
i=1 ij=1
d
—2E ) UG;D;(fij(W) — fi(W +UVD)).
i, j=1
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Therefore,
d
E{AfW) = WIVFW)] = 3 By = GiD)) f;(W)
ij=1
d
+2E ) UGiD;(fi;(W) — fi;(W +UVD))
i,j=1
=: R| — R}.

The quantity R} is the same as fol R1(s) ds in the proof of Theorem 2.1. The quantity R/, contains

an additional integration step as compared to fol R>(s) ds of Theorem 2.1, but can be bounded in
very much the same way (up to different constants). ]

5. Some Stein couplings

In this section, we describe some known coupling constructions as multivariate Stein couplings
for reference.

5.1. Multivariate exchangeable pairs

Chatterjee and Meckes [10] and Reinert and Roéllin [24] introduced the exchangeable pairs
method for random vectors, which are instances of Stein couplings. Assume that (W, W’) is
an exchangeable pair of d-dimensional random vectors such that

EY(W — W) =—-AW (5.1

for some invertible (d x d)-matrix A. It is straightforward to check that
(W, W', G):= (W, W, A" (W —W))

is a Stein coupling.

Assume Var(W) = ¥ is positive definite. Let £!/2 be the unique positive-definite root of X,
and let ©~!/2 be its corresponding unique inverse. It was shown by Reinert and Rollin [24]
that exchangeability of (W, W’) implies symmetry of A =3"V2A%12 Let therefore O be
an orthonormal matrix and let L be a positive diagonal matrix such that A = OLO". Define
W=0'S"12w, W = 0'S~12W’_ 1t follows from (5.1) that

EY (W — W) =—LW.

We could therefore — in principle — restrict ourselves to (W, W') that are uncorrelated with (5.1)
being true for diagonal A. However, it is often much easier to work with the unstandardized W,
as £~1/2 and O are typically difficult to calculate in practice.
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5.2. Multivariate size bias couplings

This coupling was considered by Goldstein and Rinott [17]. Let Y be a non-negative d-
dimensional random vector with mean x and covariance matrix X. For each i = {1, ..., d}, let
Y' be defined on the same probability space as Y and have Y -size biased distribution in direction
i, that is,

E{Yif()} = wEf(Y')
for all functions f such that the expectations exist. Let K be uniformly distributed over

{1,2,...,d}, independent of all else, and let ex be the d-dimensional unit vector in direction K .
Then

(W, W,G) = (Y — 1, YX — u,dugex)

is a Stein coupling.

5.3. Local dependence

A refined version of this dependence was considered by Rinott and Rotar’ [25]. Let (X;);e7
be a collection of centered d-dimensional random vectors for some finite index set Z. For each
i € Z, assume there is a set A; C Z such that X; is independent of (X ;) jeac. Let I be uniformly
distributed on Z, independent of all else. Then

(W, W',G):= (Z Xi. Y. Xi, —nX1> (5.2)
i€l i€eZ\Af
is a Stein coupling.

We have the following corollary of Theorem 2.1 for the Stein coupling (5.2). The proof is
straightforward and therefore omitted here.

Corollary 5.1. Let (X;);eT be a collection of centered d-dimensional random vectors for some
finite index set T with cardinality n. For each i € L, assume there are sets A; C B; C I such that
X is independent of (Xj)jeAf and (X ;) jea; is independent of (Xj)ieBl_c. Assume further that

IXil<B,  |{je€Z:(A;NB;))U(A;NB))#0B}| <ca.
where c4 is a constant only depending on d and | - | denotes cardinality. Then we have
de(LW). £(2)) < Cap’n
for some constant C4 only depending on d.
Under the condition of the above corollary, the result in Rinott and Rotar’ [25] yields the bound
de(LW), £L(Z)) < Cap’ nlogn,

which has an additional logarithmic factor.
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Note that if the summands are locally dependent, but highly uncorrelated, that is, if E(X; X ;.) =

0 “for many” j € A;, it seems difficult to obtain informative bounds from Rinott and Rotar’ [25].
For example, if one tries to apply their Theorem 2.1 to dense random graphs in Section 3.1, in
order for x; in their (2.2) to be small, U; in their Theorem 2.1 has to be of order n? (recall n is
the number of vertices in Theorem 3.3), this makes A in their Theorem 2.1 too large for their
bound (2.3) to converge to 0. In contrast, our Theorem 2.1 can yield informative bounds in such
cases.
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