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Abstract

We consider sequences of symmetric U-statistics, not necessarily Hoeffding-degenerate,
both in a one- and multi-dimensional setting, and prove quantitative central limit the-
orems (CLTs) based on the use of contraction operators. Our results represent an

explicit counterpart to analogous criteria that are available for sequences of random

variables living on the Gaussian, Poisson or Rademacher chaoses, and are perfectly

tailored for geometric applications. As a demonstration of this fact, we develop explicit

bounds for subgraph counting in generalised random graphs on Euclidean spaces;

special attention is devoted to the so-called ‘dense parameter regime’ for uniformly

distributed points, for which we deduce CLTs that are new even in their qualitative

statement, and that substantially extend classical findings by Jammalamadaka and

Janson (1986) and Bhattacharaya and Ghosh (1992).
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1 Motivation and overview

1.1 Introduction

In the recent reference [7], we have provided a multidimensional and quantitative
version of a seminal result by de Jong [4, 5], roughly stating that, if F = {F,, :n > 1} isa
normalized sequence of random variables having the form of degenerate, not necessarily
symmetric U -statistics of a fixed order, and F' enjoys an appropriate Lindeberg property,
then a sufficient condition for F;, to verify a central limit theorem (CLT) (as n — o)
is that E[F}] — 3. Observe that 3 = E[N*], where N ~ A/(0,1) is a standard Gaussian
random variable.
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CLTs for symmetric U-statistics

The aim of this paper is to develop some remarkable applications and extensions of
the main results of [7, 4, 5] to the case of symmetric and degenerate U-statistics, in a
possibly multidimensional setting. By symmetric we mean here that the corresponding
kernel does not depend on the choice of the subset of the random input, although it might
well vary with the sample size n. In particular, our main aim is to establish a collection
of quantitative one- and multi- dimensional CLTs (see Theorem 3.3 and Theorem 4.2
below), with explicit bounds expressed in terms of contraction operators — see Section 2
below as well as [19, Section 6] for definitions. Our tools will involve new multiplication
formulae for U-statistics (see Proposition 2.6), as well as new estimates on contraction
operators (see Lemma 2.4), that seem to have an independent interest.

Although the previously quoted results only involve degenerate U-statistics, we
will show in Section 5 that they can be naturally generalized to the case of arbitrary
symmetric U-statistics, by exploiting the explicit form of their Hoeffding decomposition,
together with our multivariate results. As discussed in great detail in the two monographs
[22, 25], as well as in the papers [17, 18, 24], contraction operators play a fundamental
role in CLTs involving random variables belonging to the Wiener chaos of a Gaussian
field, of a Poisson measure or of a Rademacher sequence. To the best of our knowledge,
our contributions represents the first systematic use of contraction operators in the
framework of general symmetric U-statistics.

As the discussion in [2] and the references therein largely demonstrates, the use of
contraction operator is well-adapted for dealing with geometric applications, involving
e.g. additive functionals of random geometric graphs, like the total length, or subgraph
counting statistics. In the last section of the present paper, we will apply our results
to edge-counting statistics of geometric random graphs, belonging to the family of
geometric structures studied in [29], thus substantially generalising some estimates
from [18], as well as from the classical references [1, 12].

1.2 Comments on previous literature

Due to the generality of our results, the present work is related to most articles
dealing with the asymptotic normality of symmetric U-statistics, like the classical paper
[11] about non-degenerate U-statistics given by fixed kernels, as well as the more recent
papers [12, 10, 1, 37, 32], in which the considered kernels might well depend on the
sample size n. We would like to point out explicitly that, like this work, also the papers
[12, 1] prove asymptotic normality of one-dimensional U-statistics that do not necessarily
have a dominant Hoeffding component via a multivariate CLT for the vector of Hoeffding
components. Our method can be seen as a quantitative counterpart to such an approach.
Moreover, whereas the references [12, 10, 1, 37] provide in general non-equivalent
and very technical conditions for asymptotic normality, our statements will only involve
simple analytic quantities, merely depending on norms of contractions of the kernels.
We believe that, as in the Poisson situation [17, 18], such conditions are most suitable for
a large array of possible applications — plausibly much wider than the set of examples
discussed in the present paper. Finally, although for symmetric U-statistics the results of
[7] imply asymptotic normality whenever each Hoeffding component satisfies a fourth
moment condition, these moment conditions are generally quite hard to check in practice.
This remark applies even more so, when the U-statistic is nondegenerate so that one
would have to deal with the complicated expressions for the kernels appearing in the
Hoeffding decomposition.

As in [7], our results rely on Stein’s method of exchangeable pairs [34]. Other articles
which have proved (quantitative) CLTs for U-statistics via this approach include [31, 32].
However, since [31] only deals with non-degenrate kernels that do not depend on n, the
overlap with the present paper seems marginal. In [32], the class of so-called weighted
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U -statistics is considered, and CLTs are obtained for non-degenrate kernels of arbitrary
order as well as for degenerate kernels of order 2. In the latter case, and when all
weights are set to 1, our bound in Theorem 3.3 not only improves on [32, Theorem 1.4]
with respect to the rate of convergence but also deals with degenrate kernels of arbitrary
orders.

We eventually observe that an alternate approach for obtaining the main results of
the present paper (in particular, the general bounds of Section 5) could be based, in
principle, on an adequate generalization of the de-Poissonization techniques of [8] to
the case of non-degenerate kernels whose expression possibly depends on the sample
size, that should then be combined with the estimates from [18]. In the general case
of a sequence of non-degenerate U-statistics whose kernel varies with the sample size,
implementing such an approach would involve a number of highly non-trivial technical
difficulties: we therefore prefer to keep this direction of research as a separate subject
of further investigation. We stress that the intrinsic approach developed in the present
paper will also yield some remarkable results of independent interest, most notably the
product formulae stated in the next section.

1.3 Plan

Section 2 contains some preliminary results, as well as a discussion of product formu-
lae for degenerate U-statistics, and several useful estimates for contraction operators.
Section 3 deals with one-dimensional approximation results for degenerate U-statistics,
whereas the multidimensional case is dealt with in Section 4. In Section 5, we establish
a number of new bounds for general U-statistics, whereas an application to random
graphs is detailed in Section 6. Some technical proofs are collected in Section 7.

2 Preliminary notions and auxiliary results

We will now present several useful results concerning the Hoeffding decompositions
of square-integrable U-statistics, as well as contraction operators. Both constitute the
theoretical backbone of our approach.

Every random object appearing in the sequel is defined on a suitable common
probability space (2, F,P).

2.1 Symmetric kernels and U-statistics

Let Xi,..., X, beii.d. random variables taking values in a measurable space (E, &)
(that we fix for the rest of this section) and denote by u their common distribution. For a
fixedp € [n] :={1,...,n}, let

v (EP,E¥P) — (R, B(R))

be a symmetric and measurable kernel of order p. By “symmetric” we mean that, for all
z = (21,...,%,) € EP and each o € $,, the symmetric group acting on {1, ...,p}, one has
that

’(/}(xla v 7xp) = w(‘ra(l)a s 7'7;0'(p)) .

In general, the kernel 1) might also depend on the parameter n, but we will often suppress
such a dependence, in order to simplify the notation.

In what follows, we will write X := (X;)1<i<n, and use the symbol

D, :=Dy(n) = {J C [n] : |J| = p} 2.1)
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to denote the collection of all p-subsets of [n]. For p,v, X as above, we define
Jp@) = Jp,X(¢) = Z w(va.j S ']) = Z ,(/J(Xin-'-aXip)' (22)
JeD, 1<i1<...<ip<n

We say that the random variable J,(¢) is the U-statistic of order p, based on X and
generated by the kernel . For p = 0 and a constant ¢ € R we further let Jy(c) := 0.

Now assume that p > 1 and ¢ € L'(u®P). The kernel ¢ is called (completely)
degenerate or canonical with respect to p, if

/ V(21,29 ..., p)dpu(z1) =0 for p®P'a.a. (zq,...,7,) € EP71,
E
or, equivalently, if

E[y(X1,...,X,) | X1,...,Xp—1] =0 P-as.

Remark 2.1. In non-parametric statistics (see e.g. the classical references [13, 33]), the
quantity

l@wozcmxwo::CD_iawoz(Z)qlﬁkgzi<ﬁmxhwnw&n

is called a U-statistic, since it is always an unbiased estimator of the parameter

0=0(u):= E[w(le"'vX,’Dﬂ ;

note that many well-known estimators from statistics turn out to be U-statistics (see
again [13, 33]). We however choose to refer to the unaveraged version J,() as a
“U-statistic”. Moreover, in this situation the kernel is typically not degenerate, since 6
would have to be equal to 0 otherwise. However, the centered kernel ) — 8 might well be
degenerate.

2.2 Hoeffding decompositions: general definition
It is well-known (see e.g. [11, 33, 36, 8, 16]) that every random variable
Y = g(Xla s 7Xn) € Ll(]P)ﬂ

having the form of a deterministic function g of (not necessarily identically distributed)

independent random variables X1, ..., X,,, has a IP-a.s. unique representation of the type
- ¥ ey ¥ o) @3

MC|[n] s=0 \MC|[n]:

|M|=s

where, for each M C [n], the summand Y}, is measurable with respect to Fi; := o(Xj,j €
M) and, furthermore,

E[Ya | Fs] =0 holds, whenever M ¢ J .

The representation (2.3) is the celebrated Hoeffding decomposition of Y, playing a
fundamental role in many theoretical and applied problems involving the analysis of
U-statistics in the large-sample limit, see again [13, 16, 33] and the references therein.
The following explicit formula for the summands Yy;, M C [n], is also easily deduced
from the exclusion-inclusion principle:

Yir = 30 (~)MVELY | £
JCM

yielding in particular that Yy = E[Y] a.s.-P.
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2.3 Hoeffding decompositions for symmetric U-statistics

Now assume that the random variable Y is given by a U-statistic J,(¢’) based on a
vector X = (X1, ..., X,,) of i.i.d. random variables, and generated by a symmetric kernel
1, that is:

Y = g(Xl, ,Xn) = Jp,x(¢)>

where we used the notation (2.2). In this case, the Hoeffding decomposition of Y = J,,(q/))
can be expressed as the sum of its expectation and of a linear combination of U-statistics

generated by symmetric and degenerate kernels ¢ of orders s = 1,...,p, that is,
" in—s " in—s
Jp(w) = E[Jp(w)] + Z (p . 8) Js(ws) = Z (p . S) Js(ws)
s=1 s=0
P
n—s
=E[L,@)] + ) ( B ) S Xy, X, (2.4)
=1 P T8 S di<n
where
Yolmr, . w) =Y (-1F N gl @) (2.5)
k=0 1<i1<...<ip<s

and the symmetric functions g;, : E* — R are defined by

gk(yla s 7yk) = E[w(ylv e 7yk7X13 v 7Xp7k)] ) (2.6)

in such a way that, for 1 < s < p, ¥, is symmetric and degenerate of order s. In particular,
one has gy = ¢o = E[¢(X1,...,X,)] and g, = ¢. For s = 1,...,p one has the alternative
formula

Ys(x1,... xs) = gs(T1, ..., Ts) —E[z/}(Xl,...,Xp)]

s—1
- S k@i, w), (2.7)

k=11<i1<...<ip<s

and one can easily check that the random variables Y); appearing in (2.3) verify the
relations

n— |M] .
Yy = (Jp(w))]u = (p_ |M|>'(/)]\/I|(X]7] S M)a M C [n] s.t. |M| <p,
andYM=Oif|M|>p.

Remark 2.2. Plainly, for the averaged version of the U-statistics, the Hoeffding decom-
position reads

) = 0(0) + g (*)otw.

2.4 Analysis of variance

In this work, we are interested in symmetric U-statistics Y = Jp(w), based on an i.i.d.
sample X, such that the kernel v is square-integrable with respect to u®?. Under such
an assumption, the summands in the Hoeffding decomposition (2.4) are orthogonal in
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L?(PP), thanks to the degeneracy of the kernels v,, s = 1,...,p. In particular, we have
that

Var(Jp(w))

2(2_ 2)2Var<J5<ws))
Sﬁ; <Z_j>2 <Z> Var(1s(X1, ..., X)) - 2.8

Choosing n = p leads to the following useful lower bound on the variance:

Var(¢(X1,..., X)) =Y (i) Var (¢ (X1, ..., Xy))
> Var (¢ (X1, ..., X)) - 2.9)

Another useful variance formula in terms of the functions g is as follows (see e.g.
[33, p. 183D):

Var (J, (1)) = (”) zp: (i) (” _p) Var(gi(X1, ..., Xi)) - (2.10)

p) = p—k

Recalling that g, = ¢ yields the following lower bound on the variance of J,(1):

Var(J, (1)) > (Z) Var((X7, ..., X,)) - 2.11)

Remark 2.3 (On notation). For the rest of the paper, for every integer m and every real
r > 0, we will use the standard notation:

L?" <M®m> = Lr (Em’ S@m7 M®m)

Given a measurable mapping ¢ : E™ — R, we will often write

1/r
lpllzrguom) = { /E ol dum}

(by a slight abuse of notation), even when the right-hand side of the previous equation is
infinite.

2.5 Contractions

We will now introduce one of the main analytical objects of the paper, that is, “con-
traction kernels” defined in term of pairs of square-integrable mappings. For integers
p,g >1,0<1<r<pAqand two symmetric kernels ¢ € L?(u®?) and ¢ € L?(u®9),
define the contraction kernel i) . ¢ on EP9-"~! by the relation

(W * @)W1 Yr bttty S35 g )

— /El(w(ml,...,xl,y1,..~,yr47t1w~~vtpfr)
.¢(x1,...,xl,y1,...,yr_l,sl,...,sq_r))du®l(x1,...,xz) (2.12)

:E[w(Xh.--,Xz,y17-~-ayv'—lvt1"'"tp"')
,LID(XI’_._7Xl,y17...,yr,l,sl,...,sq,r)}7 (2.13)
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for every (y1,...,Yr—ist1,- -+ tp—ryS1,. .., Sq—r) belonging to the set Ay C EPT4~"~! such
that the right-hand side of the previous equation is a well-defined real number, and set it
equal to zero otherwise. Given v, ¢, r,l as above, we say that the kernel *lr p is well-
defined if u®p+q*’"*l(A8) = 0 (where A, is the set introduced in the previous sentence).
Note that, in general, it is neither clear from the outset that 1 +.. ¢ is well-defined in the
sense specified above, nor that it is again square-integrable.

If I =0, then (2.12) is to be understood in the following way:

(¢ *2 QO)(yh o 7y7“7t17 o 7t[)—7‘a S1y--- 75q—7")
= w(yh s ,yﬁtlv e ’tp—r)so(ylv ey Yry S1y - ,Sq_r) .
In particular, if | = 7 = 0, then v %/  reduces to the tensor product
YRp: EPTT 5 R

of ¥ and ¢, given by

(¢ by @)(xla e 7xp+q) = ¢($1, e a‘rp) : 90(37114-17 S 7xp+q) .

Note also that ¢ x) ¢ = ¢/ is square-integrable if and only if ¢ € L*(u®?). Hence, ¢ «.. ¢
might not be in L?(p®P+9-7~!) even though ¢ € L?(u®P) and ¢ € L?(u®?). Moreover, if
l=r=p, then ¢ xb¢) = ||¢|\2Lz(#®p) is constant.

The next result lists the properties of contraction kernels that are most useful for the
present work. The (quite technical) proof is deferred to Section 7.

Lemma 2.4. Let p,q > 1 be integers and fix two symmetric kernels ¢ € L?(u®?) and
¢ € L*(u®7).

(i) Forall0 <l <r < pAq the function v *i o given by (2.12) is well-defined, in the
sense specified at the beginning of the present subsection.

(ii) Forall0 <[l <r < pAq one has that
Hd) *i (pH%Z(H/(@p«Fq*rfl) < ||1/) *£,r+l ¢||L2(N®T_l) . ||@ *g*rJrl (p||L2(H®T—l),
where both sides of the inequality might assume the value +oo.
(iii) For all0 <[ <r < pA q one has that
19 %5 @l 2(uemra—r-ty < |6 %" Wl 2guer) - lo <277 @llLz(uer),
where both sides of the inequality might assume the value +oo.

(iv) Ify € L*(u®P) and ¢ € L*(u®9), then, forall0 <[ < r < pAq, one has ¢ +. ¢ €
L2(’u®p+q7rfl) and

[l *ﬁ« W||L2(u®p+q—r—l) < Hw”L‘*(u@T’)H‘PHL‘*(;@‘!)-
(v) Forall 0 <r < pA q the function 1) x" ¢ is in L*(u®P™%) and
|9 x5 ol L2 (uor+a—2ry < [[Y]|L2(uer) 1@l L2 (o0

(vi) If forall0 <[ < p-—1, w*iﬂ/J € L2(u®P~1) and, forall0 < k < ¢—1, @*g%’ € L2(p®a-k),
then, forall0 <1 <r < pAgq, one has ¢ x. ¢ € L?>(u®+777=!) and

||¢ *i“ (p”%,Q(M@erq*r*l) = <¢ *z:; ¥, ® *Z:; ¢>L2(N®T+l)

<[ %5 Dl L2 (ueze—r1y - 0 %5 @l 2 (ue2a—r-1) < 00.
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Remark 2.5. (a) We will heavily rely on item (iv) for deriving our normal approximation
bounds. Moreover, in certain applications item (vi) (which is already contained in
Lemma 2.9 of [27]) can be very useful in order to study the asymptotic distributional
behaviour of vectors of degenerate U-statistics.

(b) The contraction kernels defined by (2.12) also play a fundamental role for the normal
approximation of functionals of a general Poisson measure having the form of multiple
Wiener-It6 integrals or, more generally, of U-statistics (see e.g. [26, 17, 18, 27, 2]),
as well as of functionals of a Rademacher sequence (see e.g. [24, 15]). In these
settings, the measure p appearing in (2.12) is the control measure of the Poisson
measure and the counting measure on IN, respectively, and, hence, it is in general
not finite. We also stress that items (i), (ii), (v) and (vi) of Lemma 2.4 also hold true
for o-finite measures p. This will be clear from the proof below.

(c) Statements (iii) and (iv) can be suitably adapted to the framework of a finite measure,
by introducing appropriate additional multiplicative constants on the right hand
sides of the respective inequalities. For instance, inequality (iv) becomes
Hw *ﬁ. (pHLQ(M®p+q—T—Z) < H(E)l—r+(p+q)/2||¢||L4(#®p) ||S0||L4('u®q). On the other hand, if
u(E) = 400, then, in general, there is no finite constant C = C(p, q,r,1) such that
[ %% @l L2 pertar—ty < CllP auer) @l Liueq). Indeed, take (B, €, ) = (R, B(R), ),
p=q=r=21=1and¥(z,y) = ¢(z,y) = (1 +22)" V41 + y?)~ /4. Then,

(4L ) (@) = /R Boy)dy = (1+22) 12 /R (1+47)"2dy = oo
¥ *3 Y| 12(n) = +oo but

1 1 2
1l zspe2) = /}R2 T+ 21142 dA®?(z,y) = (arctan(z)|TY)" = ° < co.

for all x € R and, a fortiori,

2.6 Product formulae and related estimates

It is easily seen that the contraction kernels ) x. ¢ are, in general, not symmetric. If
f: EP — R is an arbitrary function, then we denote by f its canonical symmetrization
defined via

1
f(iL’l, . ,Zp) = H Z f(xa(l)7 . ,mo(p)) s
o€l
where, as before, $,, indicates the group of permutations of the set [p]. It easily follows
from Minkowski’s inequality that, if f € L?(u®P), then so is f and

I £l L2 uery < I llL2uon) - (2.14)

The following new formula for the product of two degenerate, symmetric U-statistics,
which has an independent interest, will be crucial for the proofs of the main results
provided in this work. Such a statement is a more explicit expression of the product
formula for degenerate, not necessarily symmetric U-statistics which was provided
recently in [7]; it also represents a particularly attractive alternative to the combinatorial
product formulae for U-statistics derived in [20, Chapter 11]. The proof is provided in
Section 7.

Proposition 2.6 (Product formula for degenerate, symmetric U-statistics). Let p,q > 1
be positive integers and assume that ¢ € L?(u®P) and ¢ € L?(u®?) are degenerate,
symmetric kernels of orders p and q respectively. Then, whenever n > p + q we have the
Hoeffding decomposition:

2(pAq)
To() (@) = Y Tprgt(Xpra—t) (2.15)
t=0
EJP 24 (2019), paper 5. http://www.imstat.org/ejp/
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where, fort € {0,1,...,2(p A q)}, the degenerate, symmetric kernel
Xp+q—t * EPHt 5 R,

of order p + q — t, is given by

"L n—p—q+t prqg—t =
- - - t—r
W o ( )(p )(w*r D) (216)

Ny t—r —r,q—r2r—t

In the previous expression, the kernels (1/) *ETT o appearing in the Hoeffding

)p—',—q—t

decomposition of J,.q—¢ (¥ 1" ¢)p4q—t) have been defined in (2.5) and we have written
[x] to indicate the smallest integer greater or equal to the real number x.

Remark 2.7. (a) Proposition 2.6 is in the same spirit as the existing product formulae
for multiple stochastic integrals on the Wiener space (see e.g. Theorem 2.7.10
in [22]), on the Poisson space (see [35, 19]) and for functionals of a Rademacher
sequence — see [23, 14, 30]. In particular, the product formula for multiple integrals
on the Poisson space in its orthogonal form given explicitly by equation (19) of [27] is
completely analogous to (2.15), as one can see by the change of variables k = p+q—t
in (2.15), and by replacing the indicator ]l{p+q_T_l=k} in formula (18) of [27] with
suitable conditions on the respective summation indices.

(b) The product formula for non-symmetric and non-homogeneous Rademacher se-
quences in [30, formula (5.3)] or, equivalently, in [14, formula (2.4)] can be easily
related to Proposition 2.6 and their similarity is quite striking. Note that, on the
one hand, our formula is more general, in the sense that we allow for an arbitrary
distribution of the underlying i.i.d. random variables whereas the formula in [30]
is restricted to discrete multiple integrals which are functionals of a Rademacher
sequence; on the other hand, the success parameters of the Rademacher sequences
considered in [30] are allowed to vary and further the multiple integrals might
depend on the whole infinite sequence.

In order to derive our main bounds, we will also make use of the following elementary
lemmas.

Lemma 2.8. For two positive integers p,q > 1 assume that v € L?(u®P) and ¢ €
L?(u®%) are degenerate, symmetric kernels of orders p and q, respectively. Then, for
t=1,...,2(p A ¢q) — 1, and with the kernels x,,—. defined in (2.16) we have

NN (et tq—t
HXP-Q-q—t‘lLZ(#@erq—t) < Z ( pP—q )( p+q )
t=r p—-rq _’T,QT——t

r=T$]
Hw*i_r ‘pHLz(#mwft)- (2.17)

Proof. From (2.16) and (2.14) we obtain

”X:DJrqft ”L?(N@M—q—t)

tApAq
n—p—q+t pt+q—t ey
= §: ( t—r )(p—nq—rgr—éﬁu¢*iT@%+WJEM@HP0

r=[4]
tAPAgq
n—p—q+t pt+q—t ‘o
o S G A M [
T=lz

which is the desired claim. O
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Lemma 2.9. Letn,p, q,t,r be positive integers such thatn > p+qand1 <r <t < p+q—1.
Then, the inequality

vl S |

is in order, where C(p, q,t,r) is a suitable constant which only depends on p, ¢q,r and t.

) < C(pa (Lt,'f') : nt/z_T

Proof. This immediately follows from the definition of multinomial coefficients. O

3 Main results in dimension one

3.1 Degenerate U-statistics

For the rest of this section, we let Z ~ N(0,1) denote a standard normal random
variable, and write X = (X3, ..., X,,) to indicate a vector of i.i.d. random variables, with
values in a space (E,£) and common distribution p. We also fix a degenerate, symmetric
kernel ¢y = ¢ (n) - possibly depending on the integer parameter n - of order p > 1 (see
Section 2.1 for definitions), and we assume that

E[¢*(X1,...,X,)] < 0.

Writing Jp(z/)) to indicate the U-statistic defined in (2.2), the degeneracy of the kernel
immediately implies that

E[J,(¥)] =0 and o2 := Var(J,(v)) = (Z)E[wQ(Xl,...,Xp)] .

We assume that o2 > 0 and denote by ¢ := ¢, the kernel defined via

gpn(xl,...,xp) = J;1¢($1,...,IP), (1’1,...,5Ep) S E‘p7

and let

W= W, =0, T, () = Jy(0) = D ¢(X;,5 €J), (3.1)
JED,

where the set D, is defined in (2.1). Of course, E[W] = 0, Var(W) = 1 and, by degeneracy,

W= > W, with W;:=¢(X;,jeJ), JeD,,
JED,

is the Hoeffding decomposition of W, as defined in Section 2.2. Since, by assumption,
W is a square-integrable U-statistic of order p, it is easy to see that U := W? admits a
Hoeffding decomposition of the type (2.3), that we write (with obvious notation) as

U= >  Uwu;

MC([n]:|M|<2p
the explicit form of the Hoeffding decomposition of U can be of course be deduced from
Proposition 2.6.
Definition 3.1. Given two real-valued random variables X,Y we write

dw(X,Y) = o [E[R(X)] = E[RMY)]],

where Lip(1) is the class of all 1-Lipschitz mappings & : R — R, to indicate the Wasser-
stein distance between the distributions of X and Y (see [22, Appendix C], and the
references therein, for some basic properties of this distance).
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The following lemma is a simple consequence of the techniques developed in [7]. An
outline of its proof is given in Section 7.

Lemma 3.2. Under the notation of the present section, one has the bound

wwz) < (2+3)( X Var(UM))1/2+2—ﬂm (3.2)

T3 e < 3ovn

where k,, is a finite constant which only depends on p.

We now state one of the main results of the paper. It corresponds to an explicit
bound on the normal approximation of degenerate U-statistics, expressed in terms of
contraction operators.

Theorem 3.3. With W as defined above and with the constants k, from Lemma 3.2 and
C(p,p,t,r) defined in Lemma 2.9, we have

F 2” RS s v
r L2(pu®2p—t —r
+7 Z ZCPP” a (n ) /2

& o [0 gor,
2V 2 /DK

n \[ PRp (3.3)
3 Jn

2/2 /DK ||¢*§¢|| 2(u®2p—2s
=73 \/P (\[ )(ZC Pip, 25,5 a—

1012 2 om,
10112 oy (2t 2207 »
(2 D O 2s.r)

||w||L2 (u®P) \g=1 p= s+1

p (2s—=1)Ap

+Z Z C(p,p,2s —1,7)n°" ”/2>) (3.4)

Remark 3.4. Fix p, and assume as before that the kernel ¢» = 1)(n) depends on the
parameter n. Then, as n — oo, the bound (3.4) is of the order

O™ 2111 o 19172 o)
+ O(I12 emy , o (18043 2 uozn-ry) + O(n™7%),

whereas the bound (3.3) behaves asymptotically as

<||¢||L2 u®p) 1< < ||¢* Yl L2 (ue2r—2r ) —|—O(n71/2)

l—r)/2 1
O(||¢L2 (u®P) 12“?; n(=m/ 1/)*T1P||L2(N®2pr1)>.

0<i<r—1

The asymptotic relations pointed out in Remark 3.4 immediately yield the following
one-dimensional CLT.

Corollary 3.5. Let p be a fixed positive integer and, for eachn > p, let)(n) € L*(u®P) be
a symmetric and degenerate kernel with respect to the probability measure p such that
v (n)||L2(uery > 0. Let X1, Xo,... be iid. random variables on (2, F,P) with common
distribution p and, for n > p, let W,, be the normalized random variable obtained from

Jy(1h(n)) == > Y(n)(Xiys- ., Xi,),

1<i <...<ip<n
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according to the definition (3.1). Assume that the following conditions (i) and (ii) are
satisfied:

x5 p—2s
(i) Foralll < s <p-—1, one has that lim [9m) x5 w(n)HLz(”@Q )

=0.
w0 ) Ragpen,

2
n
(ii) We have that lim L zagen 0

n—oo /1 ||7/’(”)||2LQ(M®”)

Then, as n — oo, W, converges in distribution to Z ~ N(0,1).

Remark 3.6. (a) The statement of Corollary 3.5 is in fact an extension of a CLT by Hall
[10] to general p. Indeed, in this reference it is proved that, with the above notation
for p = 2, the CLT for W,,, n € N, holds, whenever

1 E X1, X -
lim — [w(n) G 2)] 5 =0 and lim () = w(Qn)HLQ(”m) =0
n=0 1 (B[4 (n)2(X1, X5)] ) oo Y Za ey

Note that our bound (3.4) even gives a precise estimate of the error of normal
approximation in this situation.

(b) If, in the situation of Corollary 3.5, the kernel ¢ = ¢(n) is fixed, i.e. it does not
depend on n, then our results imply a CLT if and only if p = 1, i.e., if we are dealing
with a sum of i.i.d. random variables. This is in accordance with classical results
about the non-Gaussian fluctuations of degenerate U-statistics with a fixed kernel of
order p > 2[9, 33, 8, 18].

Proof of Theorem 3.3. We will apply Lemma 3.2. Our goal is therefore to effectively
bound from above the quantity

Z Var(UM),

MC[n]:|M|<2p—1

in terms of the kernel function . From Proposition 2.6, we deduce that

Z Var(UM) = Z_ Var( Z UM>
s=0

|M|<2p—1 |M|=s
2p 2p—1
= Zvar(Jgp_t(Xgp_t)) = Z VaI‘(sz_t(Xgp_t)) )
t=1 t=1

where

tAp
n—2p+t 2p —t =
= * .
X2p—t E ( PR )(p—np—r,%—t (0% SO)prt

r=[4]
Using (2.8), (2.9) as well as Lemmas 2.8 and 2.9, for a fixed t € {1,...,2p — 1}, we
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obtain that

1/2 12
(Var(sz t(X2p— t))) - <<2pn_ t) Var(x2p—t(X1,...,Xgp_t))>

n
¢ IX2p—tllL2(uo2r—1)
n n—2p+t 2p—t T
2p —t t—r p—rp—r2r—t)IFT PlLEEe

n tAp
(2p t) n—2p+t 2p—t s
2 ( )(p T,QTt)w*r Vllza ez

HwHLZ(M@)p) ’— 1 t—r rp
tAp
1 —r —r
= Z C(pvpvtvr)”w*vtﬂ w”LQ(u@QT’_‘)nt/Q . (3.5)

[0 eony 21,

Using Lemma 2.4-(iv) for % < r < t Ap and distinguishing the cases of even and odd
values of ¢, we thus infer the chain of inequalities

2p—1

s 1/2
S Varwa) " £ 3 (Varlp 1)
|M|<2p—1 =
2p—1 tAp t T
w '(/) 2(,®2p—t r
< C(p,p,t,7) H [EA P " oY
£ TZI—%] L2(u®p)
p—1 ||1/}*51p||L2 ®2p—2s
<) Clp.p,2s,5) |T¢H2 - )
et L2 M@P)
+1§(25§p0 (p,p,25,7) Hw”“ ) s
s=1r=s+1 ||¢||L2(H®p)
p (2s—1)Ap ||¢HL4(;L®P) s—r—1/2
XL Copm Lo )

[0 om)

The bounds (3.3) and (3.4) now follow from Lemma 3.2 and from the bounds (3.6) and
(3.7), respectively. O

3.2 U-statistics with a dominant component

In this subsection we drop the restriction that the kernel v be degenerate, and we
obtain quantitative CLTs under the assumptions that one of the terms in the Hoeffding
decomposition is dominant in the large sample limit n — oo. The reason why we treat
this case separately from the general results of Section 5 is that, by virtue of the one-
dimensional results of the previous section, we are able to obtain explicit bounds in the
Wasserstein distance. The theory developed in Section 5 will hinge on multidimensional
results involving smooth distances, and will therefore yield bounds for more regular test
functions.

We now assume that i) = ¢)(n) is a symmetric kernel of a fixed order 1 < p < n such
that

0<E[p*(Xy,...,X,)] < oo.
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Denote by

Ty = Bl,w)] + 3 ( )ws)
s=1

n—s
p—Ss
the Hoeffding decopmposition (2.4) of J,(¢’) with symmetric and degenerate kernels 1,
of order s which automatically satisfy

E[ys(Xi,...,X,)] < oo,

s = 1,...,p. This can be easily seen from their explicit construction. Let us further
assume w.l.o.g. that E[J,(¢)] = 0 and that ||1Z)||2L2(u®p) = Var(¢(X1,...,X,)) = 1. We then
define

m:=min{l <s<p: Var(ws(Xl, e ,Xs)) # 0}
=min{l <k <p: Var(gk(Xl,...7Xk)) # 0} (3.8)

to be the so-called order of degeneracy or Hoeffding rank of J,(¢)). The second
equality in (3.8) easily follows from (2.5) and (2.7). Let

2
o, i v((Z =) mem)) = (220 () Wonlageny

n—s

" S) T =Y + R

as well as

W= U;Lljp(lb) _ Im (Pm) n cr;Ll Z (

(") [l 2 (e =

(note that WY, R all implicitly depend on n). We provide the following bound on
the Wasserstein distance between the law of W and the standard normal distribution,
which is useful whenever the random variable Y (that is, the first non-trivial Hoeffding
component of W) is dominant and R is negligible.

Theorem 3.7. Under the above assumption, one has the estimates
v m'(p - m)!||¢s||L2(#®s) m—s
n 2
s=m+1 \/;(p_ S)'me”Lz(p,@"’)
- Vml(p —m)! mes

< dw(Y,7) + nF
smzn:-i-l VI (0 = ) Womll L2 (uom)

and suitable bounds on dy (Y, Z) are provided by Theorem 3.3.

dw(W, Z) < dw(Y,Z) +

Proof. Using the simple inequality
dw (W, Z) < dw(Y, Z) + / Var(R)

as well as

n—s\2/n 2
J;L? Var((Zj) JS(¢S)> _ ((p—s) (S)HMIILQ(H@,S)

m) 2 () 22 g

_ m!((p—m)!)QHwSH%(#@S) 1
sl((p = $))2[¥mlZz(pemy (R —m) - (R=m —1)-...- (n—s+1)
< m!((p — m)!)2”¢s|‘%2(#®s)( +1ym
s n—op
(P — )2 [[m 5z uom)
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we obtain that

P m! - 2 s 22 ®s 1/2
W(W,Z)SdW(Y,Z)+< > '(((p ) el L(n p+1>’”>

|
s=m+1 S'( p )) me”Lz (u®m)

(n—p+1)"7

< dw(Y,2) + zp: Vml(p = m)Ms L)
N Lo Vsl — ) ¥mll L2 uem
vm!(p*m)!Hi/szm(u@s) m=s

n 2 .
s=m+1 \/g(p - 5)!me||L2(p®m)

This is the first bound stated in the Theorem. The second one follows immediately from
this one and from (2.9) since

sl(p — s)!

slip — s)!
A o uony = DL 0

st||2L2(u®5) <
Combined with Theorem 3.3, Theorem 3.7 yields the following CLT.

Corollary 3.8. Let p be a fixed positive integer and, for each n > p, let )(n) € L*(u®P)
be a symmetric kernel such that [}, ¢ du®? = 0 and ||1)(n)||L2(ue0) > 0. Let X1, X5, ... be
ii.d. random variables on (2, F,P) with distribution ;. and, for n > p, denote by m = m,,
the Hoeffding rank of the U -statistic

B = T 0 ) =3 (0 ) 2w
1<ii<...<ip<n s=0

and let

2
n—1my n—my, n
7 = w((p ), <w<n>m>> = (020 (o Y0 o

Then, with W,, := 0';1}1 Jp(¥(n)), n > p, assume that the following conditions (i), (ii) and
(iii) are satisfied:

1Y (n)m,, *5 (), [ 2 (u®2mn—25)

(i) We have lim max =0.
n—00 1<s<my—1 ¥ (n )mnHLQ(IL@'"Ln)

d) n n 7 mn
(ii) We have lim 1 9()m ”L4(”® ) — 0

n—oo ﬁ [4()m,, | L2 (pmny

19 (1) || 2 (uor)
(iii) We have lim
n=00 \/1|[Y(N)m,, | L2 (omn)

Then, as n — oo, W, converges in distribution to Z ~ N (0, 1).
If the Hoeffding rank m = m,, does in fact not depend on n, then (iii) can be replaced
with the weaker condition

=0.

m—3s n -3 El
(i)’ Foralls=m+1,...,p: lim n™% [¥0)s L2 ue)

P2 W) _ g,
n—oo 19 () m |l L2 (uem)

Again, if we are dealing with a fixed kernel ¢y not depending on n, then also m
does not depend on n and we obtain asymptotic normality of W,, if and only if m = 1.
As observed before, such a phenomenon is consistent with classical results about the
asymptotic distribution of U-statistics, see e.g. [11, 9, 33, 8].
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4 Multivariate results

Our goal in this section is to deduce explicit multidimensional bounds for vectors
of degenerate U-statistics. As in the previous section, we denote by X = (X1,..., X,,)
(n > 1) a vector of i.i.d. random variables, with values in (E, £) and with distribution u.

4.1 Setup

We start by fixing a positive integer d and, for 1 < i < d, we let )V = ("% be a
degenerate and symmetric kernel of order 1 < p; < n (as before, the tacit dependence of
the kernels on the sample size n will be omitted whenever there is no risk of confusion).
We will again assume that ¢)(Y) € L*(u®P¢) and, for 1 < i < d, define

‘ A (i)
@ = i) = v as well as

()

on(i)? = Var (J,, (‘P(i))) = (;)E[(So(i))2(X1, LX) = ||’L/}(n7i)||%2(ﬂ®p) )

Fori=1,...,d write

and let
W .= (VV(I)7 .. .,W(d))

Without loss of generality, we can assume that p; < pr whenever 1 < i < k < d. Thus,
there is an s € {1,...,d} as well as positive integers 1 < d; < dy < ... < ds = d and
1< ¢ <¢g2 <...<gqssuch that

pi=q forall ie{d_1+1,...,d;} andall I=1,... s,
where dy := 0. We also let
v = Cov(W (i), W(k)) = E[W(@EHW ()], 1<i<k<d,
and
V=V(W) :=Cov(W) = (vir)i<ik<d -

Note that v;; = 0,(i)%> fori = 1,...,7r and |v; x| < 0,(i)o,(k) for 1 < i,k < d, by the
Cauchy-Schwarz inequality. Note also that, by degeneracy of the kernels, v; , = 0 unless
p; = pr. Hence, V is a block diagonal matrix. Throughout this section we denote by

Z=(Z(1),...,2(d))" ~ Ng(0,V)

a centered Gaussian vector with covariance matrix V. Furthermore, for 1 <i,k < d, we
denote by
W (i)W (k) = > Ui (i, k)

MC[n]:|M|<pi+pk

the Hoeffding decomposition of W (i)W (k); similarly to the situation of the previous sec-
tion, the explicit form of the random variables Uy, (i, k) can be deduced from Proposition
2.6.
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4.2 Generalities on matrix norms and related estimates

For a vector x = (71,...,74)7 € R? we denote by ||z||2 its Euclidean norm and for a
matrix A € R™? we let ||A||,, be the operator norm induced by the Euclidean norm,
ie.,

[Allop := sup{[|Az[ls : [|lz[]2 = 1}.

More generally, for any k-multilinear form + : (R4)* — R, k € IN, we define its (gener-
alized) operator norm as

[|¢]lop := sup {|1/J(u1, ooug)| tuj e R4, lujllo=1,7=1,...,k } )
Recall that for a function h : R — R, its minimum Lipschitz constant M, (h) is given by

M) — sup 120 = O]

€ [0,00) U {oo}.
oty Nz —yll2

If, for instance, h is differentiable, then it is easy to see that

My (h) = sup || Dh(z)|op
zER4

If, more generally, k¥ > 1 and if h : R? — R is a (k — 1)-times differentiable function, then
we let

D¥h(z) — D h(y) |,
V() i sup 2R ()l
s v =yl

)

thus viewing the (k—1)-th derivative D*~1h of h at any point x € R? as a (k—1)-multilinear
form. Then, if h is actually k-times differentiable, we have My, (h) = sup,cga||D*h(2)]op-
Thus, for k = 0, we also define My(h) := ||h||co-

Recall that the Hilbert-Schmidt inner product of two matrices 4, B € R4*¢ is
defined by

d
(A,B)us. :=Tr(AB") = Tr(BA") = Tr(B"A) = > aijb;; .

i,j=1

Thus, (-, -)m.s. is just the standard inner product on R¢*? =~ R¥’. The corresponding
Hilbert-Schmidt norm will be denoted by ||-||u.s.. With this notion at hand, and follow-
ing [3] and [21], for &£ = 2 we finally define

Mg(h) := sup ||[Hess h(z)||u.s. ,
rcR4

with Hess h being the Hessian matrix of h. Then, we have the inequality
My(h) < VdMy(h). (4.1)

4.3 Main results

The next lemma is the multivariate counterpart to Lemma 3.2 and, as the latter, relies
on the methods provided in the recent paper [7]. Its proof is sketched in Section 7.

Lemma 4.1. Under the assumptions of Section 4.1, the following holds. There are
constants k,, € (0,00), only depending on p;, 1 < i < d, such that:
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(i) Forany h € C3(R?) such that E[|h(W)|] < co and E[|h(Z)|] < oo,

(pi + pr) ( Z Var (Un (i, k))) v

MCln]:
|[M|<pi+pr—1

2O oY )

MC[n]:
|[M|<2p;—1

1 d
it 2

i,k=1

[E[R(W)] - EB[h(Z)]] <

\/>M3() /2 .
ROV > 0 Ponli) iy -

i=1

(ii) If moreover, V is positive definite, then for each h € C?(R%) such that
E[|h(W)[] < oo and E[|h(Z)]] < oo,

[E[R(W)] - B[h(Z)]]

_ d 1/2
My (B)[[V 72 lop 3 .
(pi + ) ST Var(Unl(i k)
p1V2m i k=1 MCln]:
|M|<pi+pr—1

V2nd _ d ) A\
+ 6 M (h)[[V 1/2||oprz'0n(Z)< Z Var(UM(z,z))>
1 =1 MCln]:
|M|<2p;—1
md L
i My(R)| V=12, 32 ()3 R
OIS DO

We next state our main multivariate normal approximation theorem, and some more
notation is needed for the sake of readability. For 1 <,k < d, we define

Pi+pr—1tAPi ADK

A(ikon) = > Y Cpipest ) [0 KT B | o ontmn—ey 02T

t=1  p=[1]
piApk (Pitpr—r—1)AT

=Y Y Chuml ) O ey 0T

r=1 1=0
as well as
[P ]—1
Aoliskim) = ) (C(pnpkﬂs,@nw L [P,
- SADi APk
D paguoro [0 sguory D Cloinpr, 2s,7) ns_r)
r=s+1

it
L2522 | (25—1) Api Api

+ 1D N s uor 6P pauory D > Cipr2s—1,r) 02,

where the constants C(p, ¢,¢,7) have been defined in Lemma 2.9. As indicated in the
statement below, each of the two estimates appearing in Theorem 4.2 hold when either

A; or A is plugged on the right-hand side - the key to this phenomenon being the
subsequent Lemma 4.3.
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Theorem 4.2. With the above notation and assumptions, the following estimates hold

(i) For any h € C*(R?) such that E[|h(W)|] < co and E[|h(Z)|] < oo and for j = 1,2
we have

d
[E[R(W)] - E[R(Z)]] < 4p1 (pi + pr)A; (i, k,n)
z,k:l

| 2Ma(h)Vd 4

-~ > nill

i=1

V2dM;(h) 3/2 ,

VAW N 32 i3,
+ 9p1v/1 ZE Il HLQ(u@P)\/@

i=1

(H®p)Aj (Z, i, n)

(ii) If moreover, V is positive definite, then for each h € C?(R%) such that
E[|h(W)|] < oo and E[|h(Z)|] < oo and for j = 1,2 we have

—-1/2
[E[L(W)] — E[n(2)]] < Ml(h}l'j;ﬁ o > (pi + pr)A; (i kym)

i,k=1
V2rd _ 4 .y .
+ 6p1 M2(h)||V 1/2||Op Zpi||¢( ")HL2(ﬂ®p)AJ(z 7 n)
i=1
VT 1 )
/2 3/2(.1.(n,3)||3
+6p \/* h)|[V™ Hopzp % HL2(M®7))\/@

For the proof of Theorem 4.2 we will need the following preparatory result
Lemma 4.3. For all1 < i,k < d, one has the estimates

MCln]:
[M|<pi+pr—1

1/2
< > Var(UM(i,k))> < Ay (i, k,n) < Ay(i, k,n) (4.2)

Proof of Lemma 4.3. By orthogonality and the product formula stated in Proposition
2.6, we have

pit+pr—1
S Var(Un(i,k)) Z var( > Uuik)
MCln]: MC[n]:
[M|<pi+pr—1 |M|=pi+pr—t

pitpr—1
Z Var(JpHrpk*t(Xpﬁprt))’ (4.3)
t=1

where

t/\PL/\Pk g
N _ n—p; —pp+t pit+pr—1 (o) %7 1)
pi+pr—t t—r pi— TPk — T, 2r —t r pit+pr—t

t/\pz/\Pk (n Pi—pitt) ( pitpr—t )(w(i) o)
_ o — "
S TR e
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By Lemmas 2.8 and 2.9, arguing similarly as in the proof of Theorem 3.3, we obtain for
1<t <p;+pr—1that

n
\/V&I‘(in+pk_t (XPH—;Dk—t)) = (pi —|—pk _ t) HXp7:+pk—t||L2(,J®1’z‘+1’k*t)

n tADi APk
N (pi,"!‘Pk_t) pz:pk n—p; —prt+t Di+pr—1
- t—r p; —rpp — 1, 2r —1

tAPi ApPK

< Y Cwinpe t, )Y+ B Lo ey 02T (4.4)
r=[4]

. Hw(i) *i—r ¢(k) HLZ(H@WM%)

This proves the first inequality in (4.2). The second estimate in (4.2) can be deduced
from the first one by again distinguishing the cases of even and odd values of 1 <t <
p; + pr — 1 and by using the statement of Lemma 2.4-(iv) in the cases t/2 # r. O

Proof of Theorem 4.2. The theorem follows immediately from Lemmas 4.1 and 4.3. O

5 Bounds for general symmetric U-statistics

As anticipated, we now want to apply the multidimensional results of the previous
section in order to deal with the one-dimensional normal approximation of general
U-statistics; in particular, our main aim is to develop tools for systematically dealing
with sequences of U-statistics without a dominant Hoeffding component — thus falling in
principle outside the scope of Section 3.2. As before X = (X, ..., X,,), n > 1, indicates a
vector of i.i.d. random variables, with values in (F, ), and common distribution .

We let ¢y : EP — R be a symmetric kernel of order p which is neither necessarily
degenerate nor has a dominating component. From (2.4) we know that the random
variable F := J,(¢) has the Hoeffding decomposition

P Z (223) 2w = E1r +Z (223)otw,

where the symmetric and degenerate kernels ¢, : E° — R of order s are given by (2.5).
We will assume that

P n S 2 n

2. _ - 2

0 < 02 := Var(J,(¥)) = §: (p B S) <s> 95172 (uesy < +00

s=1

and write
_F- E[F]

v/ Var(F)

for the normalised version of F'. Our goal is to use the multivariate bounds from Theorem
4.2 in order to estimate a suitable distance of W to a standard normal random variable
Z~ N(0,1). Note that the Hoeffding decomposition of W is given by

P n—s p
T = ]
= s=1
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where, in accordance with the notation from Section 4.1, we define

o) = ) Q

w(s: ns)_ / (P(S Vv L.( ].SSS;D

Note that, by construction, we have
n— 9)2

1=Var(W) = i\/ar(Js(@(S))) — i (%) (p s

which implies that

22 u@s)—ZHw Bauonys (5:2)

0< W(S)Hm(#@s) <1, 1<s<p. (5.3)
In order to apply Theorem 4.2, we must estimate the following contraction norms.
m —1 —k
VG2V G

H'(/}(Z) *i w(k)||L2(u®’7+k_S_’) = ||1/}z *i wk||L2(M®i+k—s—1) s (5.4)

o2

where 0 < i,k <pand1<s < [Z*] — 1. Since the kernels ¢;, 1 <i < p, appearing in
(2.5) have complicated expressions and are, hence, not straightforward to compute in
practice, we provide the following lemma which bounds these norms in terms of norms
of contractions of the (much) simpler functions g; given by (2.6). The proof is deferred
to Section 7.

Lemma 5.1. Suppose that 1 < s,i,k <pand0 <[ <p besuchthat) <[l <s<iAk.
Let Q(s, 1) be the set of pairs (r,t) of nonnegative integers such that 0 <t <r <s, t <l
andr —t <s—1.

(i) There exists a constant K (i, k, s,l) € (0,00) which only depends on i, k, s and [ such

that
903 % il 2 ueier—emty < K (i, k, ,1) o 19i %7 Gkl L2 (uortr—r—t)
< K(Z7k757l) gré%x ||¢* ¢||L2 (u®2p—r—t) .

(ii) If, in particular, | = s, then these bounds reduce to
465 %3 Dl o uonei—any < K (i, k5, 5) max [lgs 6 gullpa ooy
< K(irk,s,8) max [+ 9l uozr-20)
In order to estimate the quantities As(i,k,n) from Theorem 4.2, we still have to
bound the L*-norms ||| ps(,e-) for 1 <i < p. Since
[9illTa uoiy = i %9 ill 2oy »

we obtain from Lemma 5.1 (i) that

()=

H’L/}(i)HQL‘l(/L@i) = T”wi||2L4(u®i)
(0
< %K(Z;Z,%O) 0H<13§1H91 *(r) giHL‘Z(IJ‘®2i77‘) (5.5)

IN

Ziz_K(Za 7;’ Z.7 O) Orél?%(z ‘W *9' ¢||L2(#®2P77*) .
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In order to state our normal approximation result for W, let us introduce the following
notation. For 1 < i,k < p < n define

iNk (i+k—s—1)As

V(i k) =Y Z Clisk, 1+ s,8)K(i,k,s,1)
s=1

ﬂ (=) () G

B 7 %, 19050 9l orenr—0
as well as
[itk)_1 \/W(n—i) (n) (n_k)
. % —1 k —k
By (i k,n) := Z ( (i,k,2s,8)K (i, k, s, s) P = P
: Orgax llg: *t gk||L2(u®L+k 21)
VOO,
+ i/ \p 202 p (K(’LalaZ,O)K(kJ,k‘,k‘,O) 012?%(1”92 *2 gi”Lz(u@zFT)

SAINK

Olganggk* gkl L2 (uo2i- r)) Z C(i, k,2s,7) T)

L VOGDVEIG

o2

(K(zzz 0) (k. k., 0) ma lg; ) g1l 2 o)

L7+k

1 (2s—1)Aink

1/2
sl Lalien) TS G201,

where the constants C(i,k,t,s) and K(i,k,s,l) are those from Lemmas 2.9 and 5.1,
respectively. Despite their complicated definition, dealing with bounds involving B; and
B, is actually rather straightforward, once one observes that there are finite constants
b1(i, k) and bo (i, k) such that

n2p7(i+k+sfl)/2

Bl(i,k,n) < bl(l,k) max ng* gk”Lz(H@zMC r—t)

1<s<ink, o2 )eQ( 1)
0<i<(i+k—s—1)As
= Bg_ (Z7 k7 TL) 5
. . t 20— (i+1)/2
Ba(i,k,n) < ba(i, k)L (4 k>2) ogtgn[lgféwq lgi %2 grll 2 (uoisr—20) =5

) 1/2
+ b2 (6, k)L (i k>0 (JE% gi %7 gill L2 (uo2i-—r) Jmax {|gx *) ngL2(M®2i—7‘)>
n2p—1—(i+k)/2

o2

1/2
+ b2 (4, k‘)<max llgi 9ill 2 (o2 ") gRax lgr >, gk L2 (u®2i= 7))
n2r— (z+k+1)/2

o2

BL(i, k,n).

Theorem 5.2 (Normal approximation of general symmetric U-statistics). Let W be as
above and let N be a standard normal random variable. Furthermore, let g € C3(R)
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have three bounded derivatives. Then, for j = 1,2, we have the bound

P

[Blo(W)] ~ Elg(N)]| < 1vFlg" e > G+ K)B; G ,m)
i,k=1

20" /B N o y
S gD o Byirin)  5.6)
i=1

\/%”gmHoo p . N
o I e en VA
i=1

and an analogous inequality holds with the constants B, (i, k,n) replaced by the respec-
tive B}(i,k,n). Here, k; is a finite constant depending only on i.

Remark 5.3. (a) Note that, by using (5.3), the bound in Theorem 5.2 could further be

(b)

(c)

(d)

(e)

simplified but we prefered leaving it as it is since there might be cases where it is
possible to estimate the quantities ||| 2 (u®r) oTe accurately.

A drawback of our approach is that Theorem 5.2 allows one to only bound expressions
involving C? test functions. Such a technical limitation is an artifact of our method of
proof, involving a detour through the multivariate normal approximation result stated
in Theorem 4.2. On the other hand, our derivation of (5.6) from a multidimensional
result immediately implies that, if one can prove that the right-hand side of (5.6)
converges to zero as n — oo, then one can immediately deduce the joint convergence
of the vector of Hoeffding components of the U-statistic W to some multivariate
normal distribution. From a qualitative point of view, this seems to be a much
stronger statement than that the simple convergence of W, since the latter might
a priori be due to certain cancellation effects. Observe that, as several Hoeffding
components of W might vanish in the limit (thus generating a singular covariance
matrix), in the proof of (5.6) we can only invoke part (i) of Theorem 4.2 which
gives a bound in terms of C? test functions. In general, recurring to smoother test
functions seems to be inevitable when using Stein’s method for multivariate normal
approximation, when one does not deal with an invertible limiting covariance matrix.
As already discussed, whenever one Hoeffding component is dominant, then one
might use the bound from Theorem 3.7 in order to obtain a bound on the Wasserstein
distance.

We stress that our bound is purely analytic and that the functions g, whose con-
traction norms must be evaluated, are typically much easier to compute than the
individual Hoeffding kernels v, which are alternating sums of the g, for 0 < k < s
(see (2.5)). Apart from these norms, the only quantity which has to be controlled is
the variance o2 of F.

We remark that the maxima appearing in the definition of the quantities B, (i, k, n)
and Bj(i, k,n) give certain important constraints on the indices s,/,7 and ¢. This is
comparable to similar constraints appearing in the bounds provided in [17] and [18].
In particular, when dealing with example cases, it is usually important to take these
constraints into account in order to show that the bounds indeed converge to zero.
This is for instance the case in the example dealt with in Section 6.

Using a linear projection RP*++P¢ — RY, we could similarly use Theorem 4.2 in
order to provide a bound on the d-dimensional normal approximation of a vector of
non-degenerate U-statistics of respective orders pi,...,pq. This is clear from the
proof of Theorem 5.2.
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Proof of Theorem 5.2. Let g € C3(R) have three bounded derivatives. Define S : R? — R
by S(z1,...,2p) = YF_  v; as wellas h: R” — R by h:= g o S. Then, h € C*(R?), and
one can easily check that

Oh*
— = ¢Wos, 0<k<3.
a{E“alEzk g ° - -

In particular, it follows that
Mi(h) = 9® oo, 0<k <3 aswellas Ma(h) < Blg" oo,

where the last inequality is by (4.1). Let V be the covariance matrix of the vector

Vi= (D), T ™)

Then, S(V) = W, V is diagonal and by (5.2) its diagonal entries sum up to 1. Hence,
letting Z = (74, ..., Zp)T be a centered p-dimensional normal vector with covariance
matrix V, it follows that S(Z) has the standard normal distribution of N. It is easy to
see that plugging in the bounds on the contractions ||1; ¥ ¢y 2(,i+%-:-1) provided by
Lemma 5.1 and (5.5) as well as respecting (5.4) yields the bounds Bj(z', k,n) which are
themselves bounded from above by the B (i, k,n). Finally, we notice that

which is exactly the quantity which is bounded from above in Theorem 4.2 (i). O

6 An application to subgraph counting

Geometric random graphs are graphs whose vertices are random points scattered on
some Euclidean domain, and whose edges are determined by some explicit geometric
rule; in view of their wide applicability (for instance, to the modelling of telecommunica-
tion networks), these objects represent a very popular and important alternative to the
combinatorial Erdds-Rényi random graphs. We refer to the monographs [28] and [25] for
a detailed introduction to this topic and its several applications. We will use our Theorem
5.2 in order to prove the Gaussian fluctuations of subgraph counts in a typical model of
this kind. Although the asymptotic (jointly) Gaussian behaviour of these counts is well
understood both in the binomial and in the Poisson point process situation (at least at
the qualitative level, see again [28]), we chose this example in order to demonstrate
the power and easy applicability of our bounds. As already discussed, in the case of
uniformly distributed points on some Euclidean domain, our results yield a substantial
refinement and extension of [1, 12]. In the case where the vertices of the random graph
are generated by a Poisson measure, the recent paper [17] provides the univariate CLT
with a rate of convergence for the Wasserstein distance.

We fix a dimension d > 1 as well as a bounded and Lebesgue almost everywhere con-
tinuous probability density function f on R%. Let u(dr) := f(z)dx be the corresponding
probability measure on (R?, B(R?)) and suppose that X, X», ... are i.i.d. with distribu-
tion p. Let X := (X;),en. We denote by (t,)nen @ sequence of radii in (0, co) such that
lim,, o t, = 0. For each n € IN, we denote by G(X;t,,) the random geometric graph
obtained as follows. The vertices of G(X;t,) are given by the set V,, := {Xy,..., X},
which P-a.s. has cardinality n, and two vertices X;, X; are connected if and only if
0 < ||X; — Xj||2 < t,. Furthermore, let p > 2 be a fixed integer and suppose that I’
is a fixed connected graph on p vertices. For each n we denote by G, (I") the number
of induced subgraphs of G(X;t,) which are isomorphic to I'. Recall that an induced
subgraph of G(X;t,) consists of a non-empty subset V! C V,, and its edge set is precisely
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the set of edges of G(X;t,) whose endpoints are both in V,. We will also have to assume
that I is feasible for every n > p. This means that the probability that the restriction
of G(X;t,) to Xi,...,X, is isomorphic to T is strictly positive for n > p. Note that
feasibility depends on the common distribution p of the points. The quantity G,,(T') is a
symmetric U-statistic of X,..., X, since

Gn(r) - Z wl“,tn (Xila ey le) 5

1<i1<...<ip<n

where ¢r, (z1,...,2,) equals 1 if the graph with vertices z1,...,z, and edge set
{{zi,2;} : 0 < ||z; — ;]2 < t,} is isomorphic to I and 0, otherwise. For obtaining
asymptotic normality one typically distinguishes between three different asymptotic
regimes (see Remark 6.3 (b) below):

(R1) ntﬁ — 0 and npt;il(p_l) — 00 as n — oo (sparse regime)
(R2) ntd — oo as n — oo (dense regime)
R3) ntd — g € (0,00) as n — oo (thermodynamic regime)

It turns out that, under regime (R2) one also has to take into account whether the
common distribution y of the X is the uniform distribution /(1) on some Borel subset
M C RY, 0 < A(M) < oo with density f(x) = A(M)~'1,(z), or not. To take into
account this specific situation, we will therefore distinguish between the following four
cases:

(C1) nt? — 0 and PP 4 56 as n — 0.

(C2) nt? — coasn — oo and p = U(M) for some Borel subset M C R s.t. 0 < A4(M) <
.

(C3) nt? — co as n — oo, and p is not a uniform distribution.
(C4) ntd — p € (0,00) as n — o0.

The following important variance estimates will be needed (in what follows, for
an, by, >0, n € N, we write a,, ~ b, if lim,_, a, /b, = 1).

Proposition 6.1. Under all regimes (R1), (R2) and (R3) it holds that
E[G,(T)] ~ en?tPY for a constant ¢ € (0,00). Moreover, there exist constants
c1,Ca,¢3,¢4 € (0,00) such that, asn — oo,

(C1) Var(G,(T)) ~ 1 ~nptz(p71),

(C2) Var(Gn(T)) > co - nPti®™Y foralln € N,

(C3) Var(Gn(T)) ~ cz - n2p—1¢42r=2),

(C4) Var(G,(I')) ~ ¢4 - n.

Proof. The formulas on the asymptotic variances given in Theorems 3.12 and 3.13 in
the book [28] yield the claims in the cases (C1) and (C3) and (C4). However, in the

case (C2), the limiting covariance appearing in [28, Theorem 3.12] is actually equal to
zero, from which one can only infer that the actual order of the variance of G, (T') is of a
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smaller order than nzp*lti@p _2). In order to compute an effective lower bound for such
a variance, we will apply formula (2.11). Indeed, by (2.11) we have

Var (G, (I) > (Z) Var(vr g, (X1,..., X,))

(et~ () e )

p
— B[G,()] — (n)l(]E[Gn(F)DQ, (6.1)

p

where we have used the fact that w%’t” = 1r, for the second identity. Now, from [28,
Proposition 3.1] we know that

E[Gn(D)] ~ nPtd®= pyp

where

Ur = (p!)_1 f(x)pdx/ Yra1(0,y2, ..., yp)dy2...dy, > 0.
R4 (R4)p—1

Hence,
(1) (Bleaon)” ~ ez = ol )

and we obtain from (6.1) that indeed
Var (G, (I)) > conPtd®=D e N,
for a positive constant c,. O

We denote by
G, () — E[G,(T
W, e GalD) ~ EG.(D)
Var(G,(T))
the normalized version of G,,(T"). The following statement is a direct application of the
main results of this paper.

Theorem 6.2. Let N be a standard normal random variable. Then, with the above
definitions and notation, for every function g € C3(R) with three bounded derivatives,
there exists a finite constant C' > 0 which is independent of n such that for alln > p,

[Elg(W)] — Elg(V)]| < € (nti79)"* in case (€,
|E[g(W)] — E[g(N)]| < C-n~'/? in cases (C3) and (C4) and
IE[g(W)] — E[g(N)]| < C - (n*P~32r=2)"? " in case (C2).

In particular, we have that W,, always converges in distribution to N as n — oo in the
cases (C1), (C3) and (C4). In case (C2), we have that W,, converges in distribution to
N under the additional assumption that lim,, ., n2*~3t2*~2 — ¢,

Remark 6.3. (a) The proof of Theorem 6.2 provided below is remarkably short — in
particular, because we are able to directly exploit several technical computations
taken from [18]. The fact that a CLT for U-statistics based on i.i.d. samples can
now be directly proved by slightly adapting the computations for the Poisson setting
is a demonstration of the power of Theorem 5.2 above, allowing one to replace
estimates involving the kernels of Hoeffding decompositions with considerably
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simpler expressions. As a side remark, we observe that comparable bounds could in
principle be obtained by combining [18] with a de-Poissonization technique analogous
to [8]; this would however change the rates of convergence, as well as force us to
deal with some complicated conditional variance estimates and provide less complete
information about the fluctuations of Hoeffding projections - see also Remark 5.3-(b).

(b) Note that in all the three regimes (R1), (R2) and (R3) considered in Theorem 6.2,
one has that lim,, o, npti(p b _ +0o0. Indeed, it is shown in [28, Section 3.2] that IV,
converges weakly to a Poisson distribution if lim,, npt,db(p b a € (0,00) and to 0
if lim,,— oo npti(pfl) = 0, respectively. Hence, lim,,_, npti(pfl) = +o0 is a necessary

condition for the asymptotic normality of G,,(T).

(c) We remark that the distinction between uniform distributions and non-uniform
distribution is not necessary for the analogous problem on Poisson space considered
in [28, 18]. The reason is that, in this situation, the formulae for the respective
limiting variances are slightly different, see [28, Section 3.2]. The phenomenon that,
in the case of a uniform distribution on a set M, the asymptotic order of the variance
is different in the dense regime (R2) has already been observed in [12, Section 4]
and in [1, Theorem 2.1,Theorem 3.1]. It is remarked on page 1357 of [12], in the
special case p = 2 of edge counting, that the asymptotic order of Var(G, (")) in fact
depends on the boundary structure of the set M. Moreover, for smooth enough
boundaries, it is claimed there that Var(G,,(T)) ~ cn?td for some constant ¢ € (0, o),
whenever t, = o(n~/(¢*1)). Hence, there are cases where our lower bound for
Var(G,(T")) in case (C2) given in Proposition 6.1 is sharp.

(d) Interestingly, in the case of a uniform y, the condition (D%), which is assumed in
Theorem 3.1 of [1] to guarantee asymptotic normality for the number of p clusters
(that is, subgraphs of p vertices that are isomorphic to the complete graph), is exactly
the same as our additional condition that

lim n2P—3¢d(2r=2) —

n—oo n
We notice that [1, Theorem 3.1] exclusively deals with the counting of p-clusters,
whereas our findings allow one to deduce normal fluctuations for general connected
graphs of p vertices.

(e) As discussed above (see the proof of Proposition 6.1), in the situation of case (C2),
even the qualitative CLT for G,(I') given in Theorem 6.2 seems to be new (for
instance, in this case the scaling used in Theorem 3.12 of [28] leads to a degenerate
limit). We mention that, in the very special case of edge counting (p = 2) considered
in [12, Section 4], the authors prove that asymptotic normality holds even without
the additional assumption that lim,, ,, ntfﬂ =0.

Remark 6.4. We further mention that, in the cases (C1), (C3) and (C4), we obtain the
same rate of convergence as the one obtained in [18] in the Poisson situation for the
Wasserstein distance. Moreover, if (¢,),en is bounded away from zero, then the CLT
holds true due to Hoeffding’s classical CLT via the projection method [11]. In this case,
a combination of Theorems 3.3 and 3.7 yields a bound of order n~'/2 on the Wasserstein
distance.

Proof of Theorem 6.2. Denote by o2 := Var(G,,(I')) the variance of G,,(T') and let gﬁkt)n
be the functions (2.6) corresponding to the kernel ¢r, . Also, fix 1 < i,k < p as well
as indices s and / such that 1 < s <iAkand 0 <[ < (i +k — s— 1) A s. Furthermore,
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assume that (r,t) is a pair of indices in the set Q(s,!). Then, by definition of this set we
have 0 < r —t < s — [. Further, the computations on pages 4196-4197 of [18] show that

) k
g, *t gt}

L2(u®ith—r—t) = O(t,dl(‘lp_i_k_r—i_t_l)) (6.2)

(we observe that the authors of [18] actually deal with the rescaled measure n - u, which
is why they obtain another power of n as a prefactor). Since ¢,, — 0 as n — oo, we can
assume that 0 < t,, < 1 for each n > p. From (6.2) and sincer —t<s—land0<t, <1
we conclude that

) A o

Hgl(‘z,)tn *i 91(*’2”||2Lz(ﬂ®i+k—,,,t) = O(tz(4p i—k—s+l 1)) . (6.3)

By Theorem 5.2 and the definition of the bound Bj (i, k,n) we have to show that, under
the above constraints on the indices i, j, s,[,r and ¢,

nAp—(itk+s—1)

) k
gt +L gt}

%zwwm,r,t) = O((npti(p_l))_l) in case (C1),

o
dp—(itk+s—1)
n i k _ _ .
Qi Hgl(f)tn *f, glg,t)n||2L2(#®i+k,7,,t) = O(n2p 3tz(2p 2)) in case (C2),
n

n4p7(7,'+k:+sfl) @) L k) 2 7 . )
THQM . 91 [T2(ueite—r—ty = O(n77) in cases (C3) and (C4).

Taking into account relation (6.3) as well as the fact that due to restrictions on the
indices involved we always have i + k + s — [ > 3, this follows in the same way as in
the paper [18] which is why we omit the details of these computations. Finally, we
mention that, in cases (C1) and (C2), the respective relations npti(p_l) = O(n) and
n~t = o(n2p—3tz(2p72)) hold such that the last term in the bound of Theorem 5.2 does

not affect the rate of convergence in these cases. O

7 Proofs
In this section we outline the proofs of several auxiliary results in the paper.

Proof of Lemma 2.4. For ease of notation, in this proof we will write x and w for
elements x = (zy,...,7;) € E' and w = (w1, ...,w;) € E', respectively, y for an element
y=1,...,y-_1) € E'", t for an element t = (t1,... ,tp—r) € EP77 and s for an element
s = (s1,...,8¢—r) € E77". We first prove the results which hold for arbitrary o-finite p.
By using the Cauchy-Schwarz inequality we have

(04 D ts) = [ [0y 0) - plx.y.5)|dn'(x)
El

1/2 1/2
< ( wQ(x,yJ)du@l(X)) : (/ wQ(X,y,S)du‘g’l(x)) . (7.1
E! El

Now, as ¥ € L?(u®P) and ¢ € L?(u®7), by the Fubini-Tonelli theorem, the expressions

U (x,y, t)du® (x) and
El,

/ P (x,y,8)du® (x)
El,

are finite for y®?~'-a.a. (y,t) € EP~! and p®?'-a.a. (y,s) € B9, respectively. Hence,
from (7.1) and as

|( +L @) (y, t,8)| < /El [h(x,y,t) - o(x,y,8)|dp® (x) = (|| < [¢])(y. t.5) (7.2)
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we conclude that 1 x.. o is well-defined p®P+9-"~l.a.e. on EP*9="~! such that (i) is proved.
Next, by (7.1) and Fubini’s theorem, due to nonnegativity, we have

9¥,6,8) = (0] 4L [6)2 (v, £,9)
< [ ey s [ Py
El EL

= V2 (x,y, )% (W, y,8)du® T (x, w) .

El+l

Hence, taking into account (7.2) and, again using Fubini’s theorem as well as the
Cauchy-Schwarz inequality, we have

/ (04 ) (v, t,8)du®r ey, t,5)

Ept+g—r—1

< / g(y, t,8)dpPra "y )
Epta—r—1

</ < ¢2<x,y,t>w2<w,y,s>du®l+l<x,w>)du®“qTl(y,t,s>
Eprta—r—1 Bl+

[ ([ weynae s
Er—l El+p—r

: / s02(w,y,S)du@*q‘r(w,S))du@H (¥)
Elta—r

= /E L@@ (R ) () ()
<Y x5 PP a1y o %59 @l p2guerty (7.3)

proving (ii). Item (v) is the special case of (ii) when r = [ since ¢ xb 1) = ||¢H%Q(u®p) and
prip= ||<P||%2(u®q)'

To prove (vi), first observe that under the assumptions in the statement (and (7.3) in
particular ), one has that ¢(y, t,s) is finite for u®?*9-"~l.a.a. (y,t,s) € EP*9~"=! Hence,
as

oy ts) = [ [0y 0wy ol v, 9wy, 8| e w).

a fortiori

f(y.t,s) := . Y(x,y, t)Y(w,y, t)o(x,y,8)p(w,y,s)du® T (x, w)

is well-defined for p®P*t9~""l.a.a. (y,t,s) € EPT9 7!, Furthermore, from (7.3) and the
Fubini-Tonelli theorem we conclude that

2

(k02 ve9) = ([ otxy 0oty )i )

= Y(x,y, t)P(w,y, t)p(x,y,8)p(w,y,8)du® T (x, w)

El+l
= f(y,t,s) (7.4)

for u®Pta-r-laa. (y,t,s) € EPt9=""L Note that from (7.3) we also have that ¢ . €
L?(u®Pta=r=1) because the right-hand side of the inequality is finite by assumption.
Moreover, (7.3), (7.4) and the Fubini-Tonelli theorem assure that we can interchange the

EJP 24 (2019), paper 5. http://www.imstat.org/ejp/
Page 29/43


http://dx.doi.org/10.1214/19-EJP264
http://www.imstat.org/ejp/

CLTs for symmetric U-statistics

order of integration in the following computation:

/+ L(w*i ©)2(y, t,8)du®PT "y t,s)
Ep+a—r—

B /E + ,f(y,t,S)du®”+q‘7"l(y7t78)
pt+q—r—

= /EM (/El (/EW?W¢(X7y,t)¢(w,y,t)<ﬂ(x,y,S)w(w,y,S)du@’*q’”(t,S))

dp®r! (Y)> dp® ™ (x, w)

<\/Equ o(x,y,8)p(wW,y, S)d#@)qr(s))du@)rl(y))dp®l+l(x’ w)
B / </ (Y xy =] V)W, y) (0 gy @) (x, W, y)du®’”l(y)> du®H (x, w)
B+ \J gr—t

= [ e o, 7.5)

which proves the equality in (vi). Next, we apply the Cauchy-Schwarz inequality to (7.5)
and obtain

[ 5L @l2auonarty < 625 Blliaguorsy - lo <05 @lliaguersy . (7.6)

Now, repeating the same arguments and computations with ¢» = ¢ we can conclude the
remaining parts of statement (vi), noting in particular that, due to (7.5), we have

[ 40 ~] Dl L2 uory = |19 %5 Yl L2 uozw-—r—1)  and (7.7)
o *0 =7 oll L2 uor+ty = Il % @l L2(uora—r—t) - (7.8)

The inequality in the statement (vi) now follows from (7.6), (7.7) and (7.8).
Next, we prove (iii) and (iv) which hold for probability measures p. In order to do
this, we first apply Jensen’s inequality to (2.13) which gives

(¥ + 0) (v, t.5)

SE[wz(Xla"'aXlayat)’902(X17"'aXlayvs):| (7.9)

— [ (Pt xy.s))au ). (7.10)
El

To prove (iii), we use (7.9) and the Fubini-Tonelli theorem as well as the Cauchy-Schwarz
inequality to obtain

||¢*lr ‘P||2L2(M®p+q—r—l)
S/ E[wz(Xla'"aXl7Yat)S02(X17"'7Xl7y7s):|
Eprta—r—1i

du®p+Q*T*l(y’t’s)

:E{wQ(Xl,...,Xl,Yl,...,Yr,l,Th...,Tp,T)
'902(X17"'7XlaY17'"a}/?"—hSla"'aSq—r)]

= B[00 0) (X1, X) - (040 9) (X, X,

<=7 Yl uery - e 3" @llL2uery »
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whereweletY; := X, ;, i=1,...,r=0,T; = X,y;,j=1,...,p—r,and S; :=

p+i
j=1...,q—r.
Now, in order to prove (iv) note that by (7.10) we have
/ (1/) *lr @)Qdu‘@p*q"’_l
Eprta—r—1
<[ Ly Py
Eprtq—r—1 El
du®Pta—r=l(y t,s). (7.11)

Hence, by applying the Cauchy-Schwarz inequality on (7.11) and then again to obtain
the second inequality we have

2 —r—
/ )
Ep+a—r—

1/2
< / ( (%, t)d/L@l(X))
Eptq—r—1 El

1/2
( / ¢4<x,y,s>du®l<x>) a1y 4, 5)
Bl
1/2
< ( / ¢4<x,y,t>du®p+q’“(x,y,t,s>)
Erta—r

1/2
(/ X o' (x,y, t)du®PTI (x,y, t, s))
Ept+a—r

1/2 1/2
_— E)<qfr>/2( ¢4d#®p) - u(E)®-")/2 ( / g04@@(1)
EP FEa

1/2 1/2
_ ( w4du®p> ) (/ 904d'u®q)
EP Eq
= ||7/’||2L4(u®p)||80||%4(u®q) )
proving (iv). O

Proof of Proposition 2.6. Write

We=Jy(¥)= Y W, and Vi=Jy(p)= Y Vg
JED, KeD,

for the respective Hoeffding decompositions of W and V. From Theorem 2.6 in [7] we
know that the Hoeffding decomposition of VW is given by

VW= Y Uu,
MCln]:
|M|<p+q

where, for M C [n] with |M| < p 4+ ¢ we have

Uv= >, > (COMEHEW, V| 7
JED,,KeDy: LC[n]:
JAKCMCJUK JAKCLCM
= > (=ML N B [W, Vi | FL (7.12)
LCM JeD,,KED,:
JAKCL,
MCJUK
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Note that Uy, = 0 a.s. whenever |M| < |p — ¢| because |JAK| > |p —¢| for all J € D, and
K € D,. Let us fix for the moment sets L, M C [n] as well as J € D, and K € D, such
that

JAKCLCMCJUK.

Write
m:=|M|, s:=|L] and r:=|JNK|<pAgq.

Note that we have |JU K| =|J|+ |K|—|JNK|=p+q—rand
lp—q<s<m<p+q-—r.
Furthermore, we have
|JAK|=|JUK|—-|JNK|=p+q—2r

and

Li=|(JNK)\L|=|(JUK)\L| - [(JAK)\ L| = [(JUK)\ L]

=|JUK|-|Ll=p+q—71—5.
Also,

E[W,Vi | Fr] = E[¢(X;,j € J)p(Xi, k € K)| X;,i € L]

=¥ xh o((Xi)ieLnink, (Xj)jens (Xu)rer\s) - (7.13)

We denote by II,.(L) the collection of all (ordered) partitions (A4, B, C) of the set L
(i.e. L is the disjoint union of A, B and C) such that |A|=2r+s—p—g¢q, |B|=p—7r
and |C| = ¢ — r. Then, for given sets L C M C [n] with |[L| = s < m = |M]|, a fixed
r€{0,1,...,pAq} and for a fixed triple (4, B, C) € II,.(L) there are exactly

(i) =G i)
JUK|—|M|)  \p+q—r—m
pairs (J, K) € D, x Dy such that [JNK|=r, JNKNL=A, J\K =B, K\ J=C and

M C JUK. Indeed, given these restrictions it only remains to choose the set (JNK)\ L
such that

M\LC(JNK)\L.

The claim now follows from the fact that
(JNEK)\L| = |M\Ll=p+q—r—s—(m—s)=p+q—r—m.
The above implies that, still for fixed L and M, we have

Z ¥ o ((Xs)ierning, (Xj)jens (Xi)ker\)
JED,, KED,:
JAKCL,
MCJUK,
|JNK|=r

- ( o ) > v o((Xiea, (Xi)ies, (Xi)ico) - (7.14)
(

prg—r—m A,B,C)€ll, (L)

Let us assume that M = {j1,...,jm} with1 < j; < ... < jm < n. For 7 € $,,, let us
write

T, =E [(w AT ) (X s X)) ‘ (Xj)jeL} :
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Then we have that T, = 0 unless

{jW(ZT“’m—P—q-‘rl)? s 7]Tr(m)} - L.

Also, for a given partition (A, B,C) € II,.(L) there are (p — r)!(¢ — r)!/(m —p — g + 2r)!
permutations 7 € $,,, such that

Tr = (Y % ©) (Xi)ica, (Xi)ien, (Xi)iec) -

(More precisely, there are exactly (p — r)!(¢ — r)!(m — p — ¢ + 2r)! permutations = € $,,
such that

{jﬂ'(l)7 ce 7.j7r(2r+m—p—q)} NL= A,
{j‘n’(2r+m—p—q+1)7 e ,jﬂ(r+m—q)} =B, and
{jﬂ(r+m—q+1)7 cee 7j7r(m)} =C)

Hence, we conclude that

Tun(r) = B[ (6 #2717 ) (X5 € M) | (X;)jer] = nll > Ix

(=) g=)(m—p—q+2r)
m!

Z (v ©) (Xi)iea, (Xi)ien, (Xi)icc)

(A,B,0)ell (L)

m -1
N (p—r,q—r,m—p—qu%)
Z (1/1 *i SD) ((Xi)ieA, (Xi)ien, (Xi)iec) . (7.15)

(A,B,0)ell (L)

From (7.14) and (7.15) we thus deduce that, for fixed sets L C M C [n] with |[p — ¢| <
|L| =s <m=|M| and for a fixed r € {0,1,...,p A g},

Z ¥ x o((Xa)iernank, (Xj)jen s (Xi)rer\s)
JED, KED,:
JAKCL,
MCJUK,
[JNK|=r

n—m m
= T r). 7.16
<P+q—r—m>(p—r,q—r,m—p—q+2r> M’L() ( )

Hence, (7.12), (7.13) and (7.16) together imply that for M C [n] with
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lp—ql <m:=[M|<p+qwe have

m PAGA(pt+g—m) n—m
SR DM CIED S )

+qg—r—m
s=|p—q| LEM: p=[Pta=2] r+gq
|L|=s 2

m
. T.
(p—nq—r,m—p—q+27°> e 7)

PAGA(p+q—m)
_ Z n—m m
ptq—r—mj\p—r,q—r,m—p—q+2r

r=[itg

m

S0 > Tup(r)

s=p+q—2r l‘/gllwz
L|=s

PAGA(p+g—m)
_ Z n—m m
ptq—r—mjJ\p—r,q—r,m—p—q+2r

r=[ p+q27 mq

(TG (Xjig e M),

where we have used that

SN Tan(r) = > (=)™ H Ty ()
s=p+q—2r LCM: LCM

|L|=s

—(TT) (e )

for the last identity. Thus, we obtain that

PAGA(p+q—m) n—m m
So- > | ) )
M p+q—r—mj)\p—r,q—r,m—p—q+2r

r=f 2=

|M_\=m
> (vFTTe) (K€ M)
MCln]: n
|[M|=m
= Jm(Xm) y
yielding the claim. O

The next two proofs rely on Stein’s method of exchangeable pairs for univariate
and multivariate normal approximation, respectively. As most parts of the proofs are
implicit in the paper [7], we keep the presentation as short as possible. Recall that a pair
(X, X’) of random elements, defined on the same probability space (2, F,P), is called
exchangeable, whenever

(X,X') 2 (X', X).

Henceforth, denote by X = (Xi,...,X,,) our given vector of independent random
variables Xi,...,X, on (Q,F,P) with values in the respective measurable spaces
(E1,&1),...,(Ey, &) In fact, in this paper, Xi,...,X,, are even i.i.d. with values in
(E, &) but we prefer keeping the general framework for possible future reference.
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LetY :=(Y3,...,Y,,) be an independent copy of X and let « be uniformly distributed

on [n] = {1,...,n} in such a way that X, Y, « are independent random variables. Letting,
fory=1,...,n,
xt o= Yo Ha=j
Xy, ifa#
J

and
X' = (X1,..., X))

it is easy to see that the pair (X, X’) is exchangeable.

Proof of Lemma 3.2. We apply the following variant of Theorem 1, Lecture 3 in [34]
(see [7] for more information).

Theorem 7.1. Let (W, W') be an exchangeable pair of square-integrable, real-valued
random variables on (2, F,IP) such that, for some A > 0 and some sub-o-field G of F with
o(W) C G, the linear regression property

EW —W|G] = -AW (7.17)

is satisfied. Then, we have that

2 1 , 1 , 3
dw(W, Z) < \/;\/Var(%]E[(W —W)2]g]) +3—>\]E\W -w|". (7.18)

With the exchangeable pair (X, X’) from above we construct W’ by defining

W= dyx(p)= Y. o(Xjjed) =00 Y w(Xjjel).

JED, JeD,

As exchangeability is preserved under functions, the pair (W, W’) is clearly exchangeable.
In Lemma 2.3 of [7], we showed that

B[W - W |X] =-2w, (7.19)

i.e. (7.17) holds with G = ¢(X) and A = p/n. Furthermore, denoting by

w? = Z Unt

MC[n]:
|M[<2p

the Hoeffding decomposition of W2, Lemma 2.7 of [7] gives the following Hoeffding
decomposition:

n U 2 _
27?E[(W -W)PX]= > auUn, (7.20)
MCln]:
|M|<2p—1
where
M
ap =1— % €[0,1] foreach M C [n]with |[M]|<2p.

P

Hence, we conclude that

n
Var(%lE[(W'—W)ﬂx]): Yo @ Var(Un) < Y Var(Uu),  (7:21)
MCln]: MCln]:
|[M|<2p—1 [M|<2p—1
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which already bounds the first term appearing on the right hand side of (7.18). To bound
the second term, we first use the Cauchy-Schwarz inequality to obtain that

B =] < 5, (BLOV w)2)) (e - w)
= ?(;E[(W' - W)4])1/2- (7.22)

Lemma 2.2 in [7] implies that

%E[(W’ —W)!] = 3E [WQ%E[(W’ - w)?| X]| - E[w*].

Hence, using the orthogonality of the Hoeffding decomposition we obtain that

PE(W W) =3 Y auE[UnUx] - E[W]

4p M,NC|[n]:
|M],|N|<2p
= 3agUj — E[W*] +3 Z an Var(Unr)
1<|M|<2p
=3-BWY+3 >  ayVar(Uy)
MCln]:
1<|M|<2p—1
<3-E[W' + Z Var(Ups) + 2 Z aps Var(Uypy) .
MC[n]: MC[n]:
1<|M[<2p—1 1<|M[<2p—1

(7.23)

From Lemma 2.10 of [7] it follows that

Z Var(Ups) < BW*] -3 + k,0%,
[M|<2p—1

where k, € (0,00) is a constant which only depends on p and where, in the present case,

n—1 P
0? == ¢? := max Z EW2] = (p_1>E[g02(X1,...7Xp)} =

1<i<n
i€EKED,

Thus, from (7.23) we conclude that

ﬁIE[(W’ -wW)t <2 > an Var(Un) + e
4p MCJn]: "
1<|M[<2p—1
<2 Y Var(Uu) + 22, (7.24)
- n
MCJn]:
1<|M|<2p—1
The claim now follows from (7.21), (7.22) and (7.24). O

Proof of Lemma 4.1. For the proof of the multivariate lemma we quote the following

(simplified) result from [6]. It is a variant of Theorem 3 in [21] albeit with better
constants.

Theorem 7.2. Let (W, W’) be an exchangeable pair of R-valued L?(P) random vectors
defined on a probability space (2, F,P) and let G C F be a sub-o-field of F such that
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(W) C G. Suppose there exists a non-random invertible matrix A € R4*? such that the
linear regression property
E[W - W |G] = AW (7.25)

holds and, for a given non-random positive semidefinite matrix 33, define the G-measurable
random matrix S by

E[(W’ W)W —w)T ( g} —2AS + S, (7.26)
Finally, denote by Z a centered d-dimensional Gaussian vector with covariance matrix X.

(a) For any h € C*(R%) such that E[|h(W)|] < co and E[|h(Z)]] < oo,

[ELW)] = ER(Z)]| < A op <1M2<h>m[||SH.s.} + S My (W[ - W%)

< 1A o <+\fM2(h)E[||S||H.S.] + S My (WE W - W||%]> -

(b) IfY is actually positive definite, then for each h € CQ(]Rd) such that
E[|h(W)|] < co and E[|h(Z)|] < oo we have

~1/2
[EO)] - B(Z)]] < M)A oy (”Em"pEﬂwnH.gJ)
Ve

2T _ _
25 M () [A opl| 2 o B[ W = W]

We now apply Theorem 7.2 with the o-field G = ¢(X) and the nonnegative definite
matrix ¥ := V = Cov(WW). Similarly to the above, we define the random vector

W= (W(1),...,W'd)"
via
W (i) = Jp, xo (i) = > (X}, je]), 1<i<d.

JED,,

Then, clearly the pair (W, W’) is exchangeable and from Lemma 3.2 in [7] we know that
E[W - W |X]| =-AW

holds with
A= diag(p1 . ,]ﬁ>

n n
and that the matrix
S = E[(W’ — Wy W' —w)T ‘ g] ~2AV

is centered. Note that we have

n
A Yop = —
A op P

We start by bounding
1A op B[S lrs.] -
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Note that, since S is centered, using the Cauchy-Schwarz inequality, we obtain

d 1/2
_ <Z Var (B[(W(0) — W (@) (W/(k) — W (k) |X])> L 727)

By Lemma 3.3 of [7] the Hoeffding decomposition of

nB[(W'(i) = W (@) (W' (k) = W (k) | X]

is given by
nE[(W(5) — W@) (W (k) - WHE) | X] = S (i +pe — IM)Un (k).
MCln]:
[M|<pi+pr—1

where we recall that

W)W (k) = Z Unm (i, k)
MCln]:
| M|<p;+ps

is the Hoeffding decomposition of W (i)W (k). Hence, by the orthogonality of the terms
in the Hoeffding decomposition we obtain, for 1 < i,k <d,

Var(nlE[(W’(i) — W (i) (W (k) — W (k)| XD

= Y (pi+pe— M) Var(Un (i, k)

MCJn]:
[M|<p;+pr—1
pitpr—1 )
= Z (pi +pe — q) Z Var (Un (i, k))
q=0 MC[n]:
[M]=q
< (pi —|—pk)2 Z Var(UM(z,k)) .
MCln):
|M|<pi+pir—1

From (7.27) we thus conclude that

1A opE[[1S|ls.] = pﬁE[nan.s.]

< (3 va(uslov o - ) v - wiey )

i,k=1
d pitpr—1 /2
<Z Z pz+pk—q Z VaI'U]ka‘ >
bh=1 q= MC|n]:
[M|=q
1 /& ) 1/2
s ( doitm) Y Var(UM(i,k))> : (7.28)

PrA= MC[n):

|M|<pi+pr—1

Next, we turn to n
A lop E[IW' = W3] = ij[HW’ - W3]
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Using Holder’s inequality for sums and then the Cauchy-Schwarz inequality for IE, we
obtain

ZE[Iw - W3] (ZE|W’ "2.1)3/2
d 4\ 2/3 3/2
n (i) — i 1/3
Sp1<<§EIW() W()|) d )
d
n 12 Nk
pld ;E|W W (i)|
1/2
d1/22<1E{W )| B|W (i) —W(i)|4)
2v/2d . n » AR
_ pli_lan(z)pi(%E|W (i) — W(i)] ) . (7.29)

Here, we have used

2_2171'
T on

) ) . 2 .

E|W' (i) — W(i)] E[W(i)?] = 70%(7,)2

to obtain the last identity. Now, taking into consideration that, in contrast to the one-
dimensional setting, we did not normalize the components W (i) of W, similarly to (7.24)
we obtain

M !
SEW@-welt<2 Y (1- |2p) Var (Une (i,1)) + iy, o (i)
MCln]:
[M|<2p;—1

4p;
Hence, from (7.29) we conclude

1/2
A= lopE[[W" — WII3] Zan ( > (1—%)\/&(%@,@')))

MCln]: ¢
|M|<2p;—1

3 3/2
pl\fz Vi

1/2
_M Un(Z l( Z Var (Up (4, ’L)))

p1 MCln]:
|M|<2p;—1

3 3/2
i O
plfz p

Proof of Lemma 5.1. Recall that we have

(i ¥4 1) (1, o, Thim2s0 Vi1 - -+ Ys)
:/ wi(yla'"7y87x1,"'axi—s)
El
UE(YLy s Ysy Timsi1s e ooy Thoi2s)AUE (Y1, - y1) - (7.30)
Recalling also the expression (2.5) of the kernels ¢; and ¥y, respectively, and taking into

account that u is a probability measure as well as that, for k£ > r, the functions g, from
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(2.6) satsify

/k gr (@1, ) dp® T (@, xk) = gz, . 1) (7.31)
Ek—7

by virtue of Fubini’s theorem, we see that (¢; , ¥y) (21, ..., Tptiz2s, Y41, .-+, ¥s) iS @
linear combination, with coefficients only depending on i, k%, s and [ but not on n, of
expressions of the form

G(ﬁt,j,m) (xh v Lig_y o Yaqr 9 Yges Thys oo ka—t—b)
= / gj(Uh e Uty Ymys e s Ymg s Lig g e v - 7'1:1.‘7'7{,7@)
Et

®t
: gm(ula e Uty Yngy - '7yﬂ/ba'1:k1a QI 7'T’km7tfb)d,u (ula o 7ut)

_ t
— (gj x gm)(xi17 s "Tij—t—a7yq1? oy Yqe s Thyy e e - 7mkm,t,b) )

where 0 <j <4, 0<m<E0<t<[,0<t<r<s, 1< <...<ij4—q<k+i-—s5—1
1<k <...<kj—4—p <k+i—s—1landthesets {i1,...,ij_4+—o} and {ki,...,kp_s—p} are
disjoint. Furthermore, we have [+ 1 <m; < ... <mg < s l+1<n; <...<np <s,
l+1<q1 <...<gq.<ssuchthat {q1,...,q.} = {m1,...,ma} U{ny,...,np}, a < j—1t,

b<m-—tandr:=t+|{my,...,mgtN{n1,...,mp}| < t+c. Note that ¢ < s —1[ and, hence,
alsor —t<e<s-—1.

Now, using the fact that p is a probability measure, we obtain that

2
/H, lG(nt’j_’m)(xil,...,xij_t_a,yql,...,ch,xkl,...,kafhb)
Eh+i—s—

®i+k—l—s(

dp 9017-~7$k+17257yz+1,-~7ys)

2 : —p—
:/.+ (95 %0 9m)"dp® T = gy g s ety (7.32)
Eitm—r—

To simplify our discussion, in what follows we will use the notation
uy = (ug,...,u) € B, ug := (ugg1,...,u,) € E™ 4y = (yl’.' Yj—r) € BT,
V2 i = (Yj—rt1, -+ » Yjpm—2r) € E™T, W= (wn,...,wi—;) € 77
and v := (vy,...,v5_m,m) € E¥~™. Then, using Fubini’s theorem and (7.31) we have

2
(95 %t 9m) (W15 Yjri—r—t)

2
/k gk<ulau2ay27v>du®k_m<v):| d:u®t(u1>>
Ek—m
o 2
= </ {/ gi(uy,uz,y1, w)gx(u, 02,Y27V)du®t(ul)] dﬂ@ﬁkm(wvv))
Ei—itk—m | Jpt

2
= (/ . (gi > gk)(u27y17YQ,W,V)du®l]+km(W,V))
Ei—J —m

2 i— _
S / . (gz *Z gk) (u27Y1aY27WaV)dﬂ®l itk m(w7v) ) (733)
Fi—jtk—m

where we used Jensen’s inequality for the last step. The application of Fubini’s theorem
can be justified by the fact that all the g, € L?(u®?), 0 < s < p. Hence, from (7.32) and
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(7.33) we obtain that
2
/Ek+‘— . G(T,t,j,m) (Tiys - - v lij_i—arYais - s Yger Thyy o - 7mkm—t—b)

2 - p—
S / |:/ (gz *i' gk) (u2)y17YQ7W,V)d'u®Z itk m(w’v)
Ejtm—r—t | JEi-itk—m

dp®ITm T (g, 1, y2)

= ||gi *f‘ gk||2Lz(H®7,+k77-4) 5 (7.34)

again by Fubini’s theorem. Since v; x. ¢, is a finite linear combination with coefficients
depending uniquely on i, k,7 and [ of the G, ¢ ; ), the first inequality in (i) thus follows
from (7.34) and Minkowski’s inequality. Inspecting the proof we see that the above
computations immediately lead to the first inequality in (ii) if [ = s.

For the respective second inequalities in (i) and (ii) observe that with u; € FE?,
us € ET—IL’, X1 € Ep_i, X9 € Ep_k, y1 € E~" and y2 € E*=" we have

(gi *ﬁ gk)Q(UQ»Y17Y2)

= (/ [/ (%1, ur, ug, y1)dp®P T (%)
Bt Ep—i

2
kw<x2,u1,u2,y2>du®pi(xa}du@t(ul))
Er—k

2
= (/2 , J w(xlauhuz’}ﬂ)iﬁ(xz,U1,U2,yQ)du®t(U1)}dump_i‘k(xl,xz))
E2p—i— Et

2
= (/ . (w *f‘ w) (Xla u2aX27y17y2)d:u®2p_i_k(xlaX2)>
E2p—i—k
2 —i—
S/ (dJ*f« 1/’) (x1, U2, X2, y1,y2)du®*" " F (x1,%2)
E2p—i—k

again by Jensen's inequality. Integrating this inequality with respect to (uz,y1,y2) yields
the claim. O
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