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Abstract

In Reinert and Rollin (2009) a new approach—called the ‘embedding method’—was
introduced, which allows us to make use of exchangeable pairs for normal and multivariate
normal approximations with Stein’s method in cases where the corresponding couplings
do not satisfy a certain linearity condition. The key idea is to embed the problem into a
higher-dimensional space in such a way that the linearity condition is then satisfied. Here
we apply the embedding to U -statistics as well as to subgraph counts in random graphs.
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1. Introduction

Stein’s method, first introduced in the 1970s [15], has proved a powerful tool for assessing
distributional distances, such as the normal distribution, in the presence of dependence. When
considering sums W of random variables, the dependence between these random variables needs
to be weak in order for the distance to a normal distribution to be small. For quantifying weak
dependence, Stein [16] introduced the method of exchangeable pairs: construct a sum W’ such
that (W, W’) form an exchangeable pair, and such that EW(W’' — W) is (at least approximately)
linear in W. This linearity condition arises naturally when thinking of correlated bivariate
normals. The generalisation of this approach to a multivariate setting remained untackled until
recently when Chatterjee and Meckes [4] solved the problem in the case of exchangeable vectors
(W, W) such that EW(W/ — W) = —AW + R, where A is a scalar and R is a remainder vector,
with E |R| small. This is a rather special case; in [11] we considered the general setting where

EY(W —W)=—-AW+R (1)

for a matrix A and a vector R with small E |R|. In a follow-up paper by Meckes [8] the results
of [4] and [11] are combined using slightly different smoothness conditions on test functions as
compared to [11]; nonsmooth test functions are not treated by Meckes, but the bounds obtained
there improve on those from [11] for the example of d-runs with respect to smooth test functions.
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Multivariate normal approximation and embedding 379

A surprising finding in [11] was that it is often possible to embed a random vector W into
a random vector W of larger, but still finite, dimension, such that (1) holds with R = 0; this
embedding does not directly correspond to Hoeffding projections, although it is related to
them. Here we explore the embedding method further, by illustrating its use in two important
examples. In the first example we consider complete nondegenerate U -statistics, and in the
second example we consider the joint count of edges and triangles in Bernoulli random graphs.
In both examples the limiting covariance matrix is not of full rank, yet the bounds on the normal
approximation are of the expected order.

The paper is organised as follows. In Section 2 we review the theoretical results in [11],
giving bounds on the distance to normal distributions under the linearity condition (1), both for
smooth test functions and nonsmooth test functions. In Section 3 we discuss the embedding
method, and point out a link to Rademacher integrals and chaos decompositions. In Section 4
we illustrate the embedding method for complete nondegenerate U -statistics; the embedding
vector contains lower-order U-statistics which are obtained via fixing components. Section 5
gives a normal approximation for the joint counts of the number of edges and the number of
triangles in a Bernoulli random graph; to the authors’ knowledge, these are the first explicit
bounds for this multivariate problem. The embedding method suggests counting the number of
2-stars as well, which makes the results not only more informative but also, surprisingly, easier
to derive.

2. Theoretical bounds for a multivariate normal approximation

2.1. Notation

Denote by W = (W1, Wa, ..., Wd)—r random vectors in R¢, where W; are R-valued random
variables fori = 1,...,d. We denote by ¥ symmetric, nonnegative definite matrices, and,
hence, by % !/2 the unique symmetric square root of . Denote by Id the identity matrix, where

we omit the dimension d. Throughout this paper, Z denotes a random variable having standard
d-dimensional multivariate normal distribution. We abbreviate the transpose of the inverse of
amatrix Aas A~T := (AT,

For derivatives of smooth functions /#: RY — R, we use the notation V for the gradient
operator. Denote by || - || the supremum norm for both functions and matrices. If the
corresponding derivatives exist for some function #: R? — R, we abbreviate

9 2
i
Bx,-

; |12 := sup
i.j

)

h|; :=su
|71 l_P 9x0%;

and so on.

We start by considering smooth test functions.
Theorem 1. (Cf. [11, Theoem 2.1].) Assume that (W, W') is an exchangeable pair of R4-
valued random variables such that

EW=0, EWW' =3,

with £ € R¥* symmetric and positive definite. Suppose further that (1) is satisfied for an
invertible matrix A and a o (W)-measurable random variable R. Then, if Z has d-dimensional
standard normal distribution, we have, for every three times differentiable function h,

|hl2 |hl3

1
[ER(W) —ER(Z'22)| < Z=A+ =B+ <|h|1 + 5d||2||1/2|h|2>c, 2
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where, with \() = Zizl (A" Dil,

d
A=Y X(i)\/varEW(Wi’ — Wi (W) — W),
i,j=1
d
B= Y 2DE|(W - W)W — W)W, — W),
i,j.k=1

Cc=Y »JERX
i

Note that Theorem 1 is a nonasymptotic result and, therefore, yields bounds for any finite 7.
These bounds do not require underlying independence of the random variables, although
our examples will illustrate that in order to assess the quantities A, B, and C, the explicit
structure of the problem needs to be taken into account. With respect to the requirements on
the derivatives of the test functions, bounds of the form (2) are comparable with those that
could be obtained from Lindeberg’s proof of the central limit theorem; see, for example, [3]
for the one-dimensional case. Lindeberg’s original proof for independent summands allows for
a straightforward adaptation to temporal dependence structures, such as martingales; cf., for
example, [1] and [14]. Stein’s method, however, makes no assumption about the ordering of the
index set. In applications such as U -statistics, this ordering is typically introduced ‘artificially’
(see [7, p. 118ff.] and also [5] for a graph related example), and, hence, bounds of the form
of our Theorem 1 appear more natural in this context, as the order of the index set does not
influence the bounds. In particular, to obtain optimal bounds in the Kolmogorov metric, Stein’s
method is typically better suited than a martingale approach in cases where martingales are
only an auxiliary construct and are not intrinsic to the particular problem.

The proof of Theorem 1 is based on the Stein characterization of the normal distribution
which states that ¥ € R? is multivariate normal, MVN(O, X), if and only if

EY'Vf(¥)=EV'EVf(Y) forall smooth f: RY - R.

In Meckes [8] a different norm for functions and operators is used to obtain a similar result,
and the difference in the bounds depending on the chosen norm is illustrated for the example
of runs on the line.

Theorem 1 can be extended to allow for covariance matrices which are not full rank, using
the triangle inequality in conjunction with the following proposition.

Proposition 1. (Cf. [11, Proposition 2.8].) Let X and Y be R -valued normal variables with
distributions X ~ MVN(0, X) and Y ~ MVN(0, Xo), where ¥ = (0 j)i, j=1,...a has full

,,,,,

derivatives. Then

d
1 0
[BR(X) ~Eh(Y)| < 2 ) loi.j —of .

ij=1
For nonsmooth test functions, following [12], let ® denote the standard normal distribution
in R?, and let ¢ be the corresponding density function. For 4: RY — R, set

hy (x) = suplh(x + y): |y| <6}, hy (x) =inf{h(x 4+ y): |y| < 6},
and h(x,8) = hi(x) — hy (x).
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Let # be a class of measurable functions R? — R which are uniformly bounded by 1.
Suppose that, for any & € # and any § > O, h;‘(x) and hyg (x) are in J¢; for any d x d
matrix A and any vector b € R?, h(Ax + b) € #; and, for some constant a = a(¥#, §),
SuPhle{fRd h(x,8)®(dx)} < as. Obviously, we may assume that @ > 1. The class of
indicators of measurable convex sets is a class where a < 2+4/d; see [2].

Let W have mean vector 0 and covariance matrix X. If A and R are such that (1) is satisfied
for W, then Y = £~ 1/2W satisfies (1) with A = X~ V/2A X2 and R’ = £~ V/2R. With

d
MO = IET AT,

m=1

and

i,j k,t

B = ZA(’)E

i,j.k

~ g _ 2

¢ = i B8 )
i k

we have the following result [11].

A= Zk(’)\/varEYZE e 1/2(Wk Wi) (W] — W),

> O = W = W] = W),

r,s,t

Corollary 1. Let W be as in Theorem 1. Then, forallh € F# with |h| < 1, there existy = y(d)
and a > 1 such that

sup [ER(W) —Eh(Z)| < yz(—D/
hed#

B/
+ av T’),
2T’
where
/

B’ 2 A
@ 4 D’2> and D' == +C'd.

1
T/= a—2<D/+

Remark 1. We can simplify the above bound further. Using Minkowski’s inequality, we have
var Zle X; <k? sup; var X;. Thus, we obtain the simple estimate

var ' Z 08w = W W — wo)
< d4||2*1/2||4supvarEW{(W,§ — W) (W, — Wp)},
kL

and, hence,

A< ISP YA sup Jvar BV (W] — Wi (W, — Wo)):
; k.,
—" %

in B’ and C’ we could similarly bound E;kl/z by |[=~1/2

however examples, such as the random graph example in Section 5, where || X
a noninformative bound.

|| to obtain a simpler bound. There are
—172) provides
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Remark 2. Note that, if (W, W’) is exchangeable and (1) is satisfied, we have
EW — W)W —W)T =2EWAW)T =2ZA . 3)
On the other hand, if we only have £(W) = £L(W'), we obtain
EW —W)(W —W)T = AS +TAT. 4

Hence, to check in an application whether the often tedious calculation of ¥ and A has been
carried out correctly, we can combine (3) and (4) to conclude that, under the conditions of
Theorem 1, we must have AX = AT,

3. The embedding method

Assume that an £-dimensional random vector W) of interestis given. Often, the construction
of an exchangeable pair (W), W(/@)) is straightforward. If, say, W) = W(;)(X) is a function
of independent and identically distributed (i.i.d.) random variables X = (X1, ..., X,;), we can
uniformly choose an index I from 1 to n, replace X; by an independent copy X/, and define
W(/e) = W(¢)(X'), where X' is now the vector X but with X; replaced by X;.

In general, there is no guarantee that (W), W(/e)) will satisfy condition (1) when R is of the
required smaller order or even equal to 0; hence, in this case Theorem 1 would not yield useful

bounds.

Surprisingly, it is often possible to extend W) toa vector W € R¢ such that we can construct
an exchangeable pair (W, W’) which satisfies condition (1) with R = 0. If we can bound the
distance of the distribution .£(W) to a d-dimensional multivariate normal distribution then a
bound on the distance of the distribution £(W()) to an £-dimensional multivariate normal
distribution follows immediately.

In order to obtain useful bounds in Theorem 1, the embedding dimension d should not be too
large. In the examples below it will be obvious how to choose W@~ to make the construction
work.

As a first illustration of the method, it was observed in [9] that, for functions which depend
on the first d coordinates of an infinite Rademacher sequence, that is, a sequence of symmetric
{—1, 1} random variables, the natural embedding vector is a vector of Rademacher integrals
of lower order. A similar construction works fairly generally as follows. Assume that F =
F(X1,...,Xg) is a random variable that depends uniquely on the first d coordinates of a
sequence X of i.i.d. mean 0 random variables, with E(F) = 0 and E(F?) = 1, of the form

d d
F=Y" Y nlfuli,....i)Xi X, =:Z}Jn(fn); (5)

n=1 1<ij<--<i,<d

such representations occur as chaotic decompositions for functionals of Rademacher sequences.
A natural exchangeable pair construction is as follows. Pick an index I sothatP(/ =i) = 1/d
fori = 1,...,d, independently of X1, ..., Xy, and if I = i, replace X; by an independent
copy X in all sums in decomposition (5) which involve X;. Call the resulting expression F’,
and the corresponding sums J, (f,), n =1, ..., d. Now choosing W = (J1(f1), ..., Ja(f2))
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as the embedding vector, we check that, foralln =1, ...,d,
E(Jy/l(fﬂ) - Jn(fn) | W)
1 d

=== 2 M Onlfalin i) B X, | W)

i=1 I<ij<--<ip<d
n
= _E Jn(fn)-

Thus, with W' = (Jl/(fl), R Jz/l(fd))’ condition (1) is satisfied, with the matrix A =
(Ai,j)1<i,j<a having all of its off-diagonal entries equal to O and its diagonal entries, A, ;,
equal to n/d forn = 1,...,d. Note that, although diagonal, the diagonal entries of this A
are not equal. It is not possible to correct this by simple coordinatewise scaling of W, as this
will change X only and leave A unaffected; see also the discussion in [11, Section 5]. Hence,
again, the generality of (1) is essential here.

4. Complete nondegenerate U -statistics

Using the exchangeable pairs coupling, Rinott and Rotar [13] proved a univariate normal
approximation theorem for nondegenerate weighted U -statistics with symmetric weight func-
tion under fairly mild conditions on the weights. Using the typical coupling, where uniformly
a random variable X; is chosen and replaced by an independent copy, they showed that (1)
is satisfied for the one-dimensional case and a nontrivial remainder term, corresponding to
Hoeffding projections of smaller order. It should not be difficult (but nevertheless cumbersome)
to generalise their result to the multivariate case, where d different U-statistics are regarded
based on the same sample of independent random variables, such that (1) is satisfied with
A = I and a nontrivial remainder term, again of lower order; for multivariate approximations
of several U -statistics, see also the book by Lee [7]. However, as we want to emphasize the
use of Theorem 1 for nondiagonal A, we take a different approach.

Let X1, ..., X, be asequence of i.i.d. random elements taking values in a measure space X.
Let ¢ be a measurable and symmetric function from x4 to R, and, foreachk =1, ...,d, let
VX1, o, Xi) = BW (X, .., Xa) | Xuyee, Xp)-

Assume without loss of generality that E ¢ (X1, ..., Xg) = 0. For any subset o C {1, ..., n}
of size k, write ¥y (a) := ¥ (X;,, ..., X;,), where the i; are the elements of «. Define the
statistics
U=y (@),
|o|=k
where ) E (o) denotes summation over all subsets & C {1, ..., n} which satisfy the property E.

Then Uy coincides with the usual U -statistics with kernel 1. Assume that Uy is nondegenerate,
that is, P(y1 (X1) = 0) < 1. Set
-1
n
Wy :=n!/? Us.
ki=n k k

It is well known that var W =< 1 (see, e.g. [7, p. 10ff.]). Note also that, as n — o0,
Y :=EWW") will converge to a covariance matrix with all entries equal to var v (X) and
which is thus of rank 1, as we assume nondegeneracy and, hence, U; = Z?: L V1 (X;) will
dominate the behaviour of each Uy.
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We can make the connection Withl Hoeffding projections more explicit. If H) denotes
the jth Hoeffding projections of (Z)_ Uy (for a detailed discussion, we refer the reader to [7,
p- 25ff.]), then we have the representation

k
A
Wi = nl/2 < .>H<]>
g ]

foreachk =1, ..., d. Thus, for complete U -statistics and with the coupling used in Theorem 2,
below, the embedding vector for U, consists of weighted averages of the Hoeffding projections.
However, whereas the Hoeffding projections are unique, our embedding is not and will depend
on the specific coupling.

Using Stein’s method and the approach of decomposable random variables, Rai¢ [10] proved
rates of convergence for vectors of U-statistics, where the coordinates are assumed to be
uncorrelated (but nevertheless based upon the same sample X1, ..., X,). The next theorem
can be seen as a complement to Raic’s results, as in our case, a normalization is not appropriate.

Theorem 2. With the above notation, and if p == Ey (X1, ..., Xd)4 < 00, we have, for every
three times differentiable function h,

[ER(W) —Eh(Y22)| < n=24p"2d0 hly + p**d"|h]3).

Proof. Let X7, X;l be independent copies of Xi,...,X,. For any subset « C
{1, ..., n}of size k, define the random variables W}, (@) analogously to ¥ () but based on the
sequence X1, ..., X1, X}, Xjt1, ..., X,. Define the coupling as in [13], that is, uniformly
pick an index J from {1,...,n} and replace X; by X’;, so that U; = Z|Ol|:k Iﬂ/J’k(O[); it is
easy to see that (U’, U) is exchangeable. Now note that, if j ¢ «, w}’ (@) = Y (@), and, with
X = (X1,...,X,), that EX ¥ (@) = Y1 (@ \ {j}) if j € a. Thus,

/ 1 - /
EX (U - Up =~ §_ lj |§| kE"(xv,,k(a) — Y (@)
j= o=
asj

= U4 Y Y e\ D)

j=1 la|=k
asj

k n—k+1
=——U+——— > %p
" "Bkt

k n—k+1
=——Ur+ ——Ui-1, 6)
n n

where the third equality follows from the observation that

Y@\ h= D B,
lr|=k |Bl=k—1
a3j BZJ

and, thus, in the corresponding double sum of (6), every set 8 of size k — 1 appears exactly
n — (k — 1) times. Thus,

X / . k
ES (W, — Wi) = _;(Wk - Wi—1).
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Hence, (1) is satisfied for R = 0 and

1
-2 2
A== -3 3
n . ’
—d d
with lower triangular A~ such that, if | <k,
_ n
A D=
[
thus, for/ =1, ...,d,
A0 < an. (7

Now define n; i (a) := 1//}’,((05) — Y (). Then we have, forevery k,l =1, ...,d,

n

/ 1
EX X (U — U] - Up) = - Z( > Uj,k(oz)nj,z(ﬁ)) (8)
= e

and
EESY (U] - U] — U)))?

l n
== X > E@ix@nii(B)njx(y)n;i(8)). ©)
i,j=1 la|=k, |B|=l |y|=k,|5|=I
anpsi yNésj

Now note that, if the sets « U 8 and y U § are disjoint (which can only happen if i # j),

E®ix(@)nix(BInji(¥)In;i(8) = EMix(@)nix(B) E(mji(y)n;i(8)),

due to independence. The variance of (8), that is (9) minus the square of the expectation
of (8), contains only summands where « U B and y U § are not disjoint. Recall now that
o =E¥(Xy,..., X;)* Bounding all the nonvanishing terms simply by 32p, it only remains
to count the number of nonvanishing terms. Thus,

var EXX (U] — Up)(U] — U))

Ly ¥ O

i,j=1 la|=k, |B|=l ly1=k, |8]=l
anBsi  yNésj, (yUS)N(aUB) £ D

1 n
Y T (X X wmey X )
i=1 |al=k, |B|=l “jeaUp |y|=k, |5]=I J¢aUp ly|=k, 18]=l
anpai yN&>j yNsaj, (yUSHN(aUB)#L
=: Ag1 + Bk,

where the equality is just a split of the sum over j into the cases j e « U S and j ¢ a U .
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In the former case we automatically have (o U ) N (y U §) # @. Itis now not difficult to see
that 5 5
A < 32ptk+1— 1)<n— 1> <n— 1) '
T n k—1 -1
Noting that, for fixed j, k, [, «, and 8,

{lyl=k 18l =1:yNé>j, (yUdN(aUp) # I}
={lvl=k 18l =Lynésji\{lyl =k 18l =1Ly N> j, (yUdHN(UP) =2,

we further have

Rpn—-1)(n—1\(n—-1
By < ——
M= (k—l)(l—l)
n—1\/n—-1 n—k—Il+1\/n—k—-1+1
X - )
k—1/\l—-1 k—1 -1
where we have also used the fact that
n—|aUB| - n—k—I1+1
k—1 - k—1 '
The following statements are straightforward to prove:
n—1\/n\"" &k
= -, 10
()6 - a
-1 k .
n—k—I1+1\(n 25 n—2k—1+3 25 1_k(2k—i—l 3)' (11
k—1 k n n n n

Thus, from (10),

-2 -2 V22 5
nz(”) (n) Ak’l§32p(k+l k21 <64pd.

k l n3 - nl
From (10) and (11),
-2 -2 272 _ _ 6
2 n n B, < 320k“1“(kQRk +1 —3) +1(k + 2] — 3)) - 192pd .
k l n3 n3

Thus, for all k and /,

var EY (W] — W) (W] — Wy) < var EXX (W] — W) (W] — W)
256pd°
n3

(12)

Note further that, foranym =1, ..., d,

n

1
E|U), — Unl® = ;ZE
j=1

Y im@nim(BInjm ()

la|=|B|=ly|=m
anBnysj

n—1\>
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using (16), below; hence, along with (10),

E (W] = Wi (W = W (W] = Wp| < max E|W,, — Wy’

n\ 2 /n—1\>
< 8p%*n3/? max
- m=ik,l \m m—1

< 8p34adn32. (13)

Applying Theorem 1 with the estimates (7), (12), and (13) proves the claim.

Remark 3. Using the operator norm as used by Meckes [8], we would be able to achieve
a bound of nlog(d + 1) instead of (7), but using bounds for the total derivatives of the test
functions, sup, cgk || D" A (x)||op, instead of bounds for |A],.

5. Edge and triangle counts in Bernoulli random graphs

Typical summaries for random graphs are the degree distribution and the number of triangles,
as a proxy for the clustering coefficient in a random graph, which is the expected ratio of the
number of triangles over the number of 2-stars a randomly chosen vertex is involved with.
Conditional uniform graph tests are based on fixing the degree distribution and randomising
over the edges, conditional on keeping the degree distribution fixed. Our next example shows
that even when fixing only the number of edges, not even the degree distribution, under a normal
asymptotic regime, the number of triangles, or the number of 2-stars, is already asymptotically
determined. Let G(n, p) denote a Bernoulli random graph on n vertices, with edge probabilities
p; we assume thatn > 4 and that 0 < p < 1. Let I; j = I;; be the Bernoulli(p) indicator that
edge (i, j) is present in the graph; these indicators are independent. Our interest is in the joint
distribution of the total number of edges, described by

1
l,J l<j
and the number of triangles,
U=l Z lijljilik = Z Lij1jlik.
i, ],k distinct i<j<k

Here and in what follows, ‘i, j, k distinct’ is short for (i, j, k): i # j # k # i’; later we will
also use ‘i, j, k, £ distinct’, which is the analogous abbreviation for four indices.

In view of the embedding method, we also include the auxiliary statistic related to the number
of 2-stars,

1
V=3 o L= Y Uijlix+ Ll + 1.

i,j,k distinct i<j<k

ET = (" Ev=3(")p2 and EU=("),
BACYAS —\3)7> —\3)7
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With some calculation, we find that the variances are not all of the same order. Hence, we
rescale our variables (cf. [6]), setting

n—2
2

1 1
T = T, Vi=—=V, and U1=—2U.
n

n n?

For these rescaled variables, the covariance matrix X for W, = (Ty — ET,, Vi —E Vy, U; —
E Uj) equals

1 2p p2
1—p) p*(1—p)
3(n—2) (n 2, pd—p) 3, pd-p
21=n—4<3)p(1—p) 2p 4pt n—2 2P n—2 . (14)

2 2 2
’ 3, pd=p) 4, p(I+p—2p°
2 g 2 £ =’

R 3(n—2)

Remark 4. With n — oo, we obtain as the approximating covariance matrix

1 1 2p p2
Zo=5p(1—p)2p 4p* 2p% ). (15)
p* 2p° p*

As also observed in [6], this matrix has rank 1. It is not difficult to see that the maximal diagonal
entry of the inverse X ~1 tends to 0o as n — 00, so that a uniform bound on the square root of
DR I as suggested in Remark 1, will not be useful.

Janson and Nowicki [6] derived a normal limit for Wy, but no bounds on the approximation
were given. Using Theorem 1, we obtain explicit bounds, as follows.

Proposition 2. Let Wy = (T} — E Ty, V1 — E Vi, Uy — EUy) be the centralized count vector
of the number of edges, two-stars, and triangles in a Bernoulli(p) random graph. Let 1 be
given as in (14). Then, for every three times differentiable function h,

1/2 8|hl3

hlr (35
[ER(W) —Eh(E,'"2)| < %(Z +9n‘1> + 3—n(1 +n ' 4072,

While we do not claim that the constants in the bound are sharp, as we have (g) random edges

in the model, the order O(n_l) of the bound is as expected. While, for simplicity, our other
bounds are given as expressions which are uniform in p, bounds dependent on p are derived
on the way. In this example, we were not able to obtain any improvement on the bounds using
the operator bounds [8].

Proof of Proposition 2. The proof consists of two stages. Firstly, we construct an exchange-
able pair; it will turn out that R = 0 in (1) and, hence, C in Theorem 1 will vanish. In the
second stage we bound the terms A and B in Theorem 1.

Construction of an exchangeable pair. Our vector of interestisnow W = (T — ET,V —
EV,U —EU),rescaledto W) = (T1 — E Ty, Vi —E Vy,U; — E Uyp). We build an exchange-
able pair by choosing a potential edge (i, j) uniformly at random, and replacing /; ; by an
independent copy Ii/, j More formally, pick (1, J) according to

-1
P(1=i,J=j)=<Z> . l<i<j<n.
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If I =iand J = j, wereplace I; ; = I;; by an independent copy Ii”j = I]/',i and set

T'=T— s — 1)),

Vi=V— Y =I5 Uk + T,
(k: k£I,J}

U'=U-— Z Urg =T Plyilig.
(k: k#£1,J}

Set W = (T'—ET,V' —EV,U’" —EU). Then (W, W) forms an exchangeable pair. We
rescale W’ as W to obtain 77, V{, and U/, so that (W, W/) is also exchangeable.
Calculation of A. For the conditional expectations EY (W' — W), firstly we have

2(n —2) . :
EV(r -y =5—=—>EVU, - L | I=iJ=))

n“(n—1) =

n—2 2(n —2)

fr— - T
n2 P n3m—1)

) l ( )
= 1 1 E 17 1).
Furthermore,

1 /n\"!
—EW(V{—Vl)Zn_2<2> STEY T Uiy — 1 U+ L)

i<j  kik#ij

1 /n\ 7! 1 /n\ !
=2— V-2p— -T
1

1

n\ n\
= —2(2) Vi—EW) +2p<2) (Ih —ET),

where the last equality follows from E(V{ — V) = 0. Similarly,

n

—1
2) (Vi —E V).

—1
—EY W] -U) = —3(';) (U —EU)) + p(

Using our rescaling, (1) is satisfied with R = 0 and A given by
-1 1 0 O
n
0 —p 3
Bounding A. The inverse matrix A~! is easy to calculate; for simplicity, we will apply the
uniform bound for A?) = Zi:l (A" Dl
O] < 3n?, i=1,2,3.

The bounding of the conditional variances is somewhat laborious. The conditional variances
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involving T’ — T can be calculated exactly. As Il.2, ;= I j,

—1
EW(T/ _ T)2 — <;> ZEW(Ii/’j _ i,j)2

i<j

-1
= (Z) Dup—pEV I+ (1 - pEV I )

i<j
-1
n
=p+{- 2p)(2) T,
so that with var T given through (14), var(EY(T" — T)?) = (';)*1 (1 =2p)?p(1 — p) and

_ oyt
varEY (1] — T))?) = (”,1—82)(’2’) 1 =2pPp(1 = p) <n”5,

where we have used the fact that p(1 — p) < }t for all p. Thus,

\/vaI(EW(T{ — T2 <n3.
Similarly,
-1
EY(T -T) U -U) = <'21) (pV +3(1 =2p)U);

hence,

\/varEW(T’ —TYU —U) <n3.

Straightforward calculations show that
n -1
EY(V' —Vv)? = <2> {Zp(n — 4T 4+2V(np — 10p +2) + 6(1 —2p)U + 4pT?

+a-2p) Yy EWIi,in,k(Ii,€+Ij,Z)}~
i,j,k,£ distinct

With the notation 7 for the centralized variable, we have
varEV (v — v)?
n -2
< 5<2> {p2(2n -8+ 4pn2 - 4pn)2 var(T) +4(np — 10p + 2)% var(V)
+36(1 —2p)? var(U) + 16p? var(T?)

+(1-2p)? Var( Z EV I LT + Ij,e)) }

i,],k,£ distinct

where we have used the fact that in general var Zle Xi <k Zle var X;. Here, the variances
for T, V, and U are given through (14).
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‘We have the bounds

2 2 2 27 (n\ 2
p-(2n — 8 +4pn~ — 4pn) Var(T)§6—4 ) n-(n+2)~,

16
4(np — 10p +2)* var(V) < ﬁn3(n D=2+ 1),
81
36(1 — 2p)* var(U) < ﬁn(n — D —2)(3n +2),
~ 27
1op? var T2 < =n’(n — 1),
n
varz Z | Z EY L i Lk (i + 1) < 3n? <4>
i#j ks ki, j) (€2 L#i, j k)
We also have

—1
n
EV(V -v)U' -U) = (2> <2pV +6(=2p)U+p > Ll jlie

i,j,k,€ distinct

+(1=2p) Z Ii,jli,kli,ele,j>-

i,j,k,€ distinct

Now,
n
var' ' Z . Ll jlie < <4>n2
i,j,k,£ distinct
and 1 1
n n
var' ' Z ' Lijlij i ol < (4) (ﬁ + E<2)>’

i,Jj,k,£ distinct
so that

\/VarEW(Vf — VW] =U)) <n? +11n7"

Finally,

1/n\"!
EW(U/ — U)2 = §(2> {2pV+ 6(1 —2p)U +p Z EY Likly i1 ey

i,Jj,k, ¢ distinct

+( —2p) Z EW Ii,jli,klk,j[i,ﬁlﬁ,j}-
i,J,k, ¢ distinct

With
n n
var Y EY il Ll < ( 4) <p4(1 -rH+ 6(2)1:2(1 - pﬁ))
i,Jj,k,¢ distinct
and

n n
var Z EV L Ll i1l < <4> <P5(1 -p)+ 6<2>P2(1 - P8)>,

i,j,k, ¢ distinct
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we obtain

\/var(EW(U; —U)?) <5n 3 +2n7 %,
Collecting these bounds we obtain
A <3507 4 36n72.

Bounding B. We use the generalized Holder inequality

3 3
EE|X,~| < H{Emﬁ}l“ < igg§3E|xiP. (16)
First, E|T' = T|? = (';)‘1 > Ellij— Il{j|3 =2p(1 — p) < 3. so that
(n —2)3 1 _
E|T| - T = n—62p(1 —p) < 3" 3,

Similarly,

-1
n
EIV =V = (2> ZE i) — Ii/,j|3 Z Ujk + Lig)Uje + i) s + Lis)
i<j (k,e,s: k,£,s%i,j}

=2p(1 - p)(n —2)
x 8p2 4 2p(1 — p) +2(n — 3)2p* +2p%) +8(n — 3)(n — 4 p*),

so that
EWV{—ViP <8 +nt+n7).
Lastly,
-1
n
E|U - UP = (2) SCEl; -1 > Y Liuisdjelielshi
i<j (ki ki, j} (€: €5, j) {s: s#i,j)
=2p(1 — p)(n—2)(p* + (n = 3)p* + (n — 3)(n — ) p°),
so that

ElU{ - Ul < 35> +n+0n7).
Thus, for B, we have
B<3nx9x8m? +nt+n) =32 +n 2 +n7?).
Collecting the bounds gives the result.
Remark 5. Had we not introduced V, conditioning would yield

2
~-EMYw -u) = e SCERYSN i Liadix — 1 1adix)
i<j {k:k#i, j}

2 2 T.U .
=3 Y P e Z Tl
i<j,k#i,j
The expression ) ; <j ki gV Ij i1 x would resultin a nonlinear remainder term R in (1).
The introduction of V not only avoids this remainder term, indeed R = 0 in (1), but also yields
a more detailed result. This observation that the 2-stars form a useful auxiliary statistic can
also be found in [6]; there it is related to Hoeffding-type projections.
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Using Proposition 1, we also obtain a normal approximation for X given in (15).

Corollary 2. Under the assumptions of Proposition 2, for every three times differentiable
function h,

h
[ER(W) —Eh(5y/*Z)| < %(44 +21n + 32072 +4n73)
n
8|h
+ OB ey,
3n
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