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Weighted approximations for Studentized U -statistics
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Abstract. In this article, we employ the jackknife method of estimation and
the concept of Studentized U -statistics to derive a new weak convergence re-
sult for nondegenerate U -statistics on the space D[0, 1]. We drop the classical
condition that the second moment of the kernel of the underlying U -statistic
exists and derive a weighted weak convergence result for these Studentized
statistics. This weak convergence is concluded from a weighted approxima-
tion in sup-norm ||/¢||, in probability, of Studentized U -statistics by partial
sums of i.i.d. projections, where ¢ is in an appropriate class of positive weight
functions.

1 Introduction

Let X1, X», ..., be asequence of nondegenerate real-valued independent and iden-
tically distributed (i.i.d.) random variables with distribution F. Consider the pa-
rameter (parametric function) 6 = 6 (F) for which there is an unbiased estimator
in terms of a Borel-measurable real-valued function & = h(xq, ..., x,,), which is
symmetric in its arguments. That is to say, given a random sample X1, ..., X, of
size n > m on F, we have

0=0(F):= E(h(Xl,...,Xm)):/Rmh(xl,...,xm)dF(xl)---dF(xm) < 00.

The corresponding U -statistic (cf. Serfling (1980) or Hoeffding (1948)) is

—1
n
Un=U(X1,...,X,,)=(> > h(Xiys ..., Xi,)
m I<ii<-<ipm=<n
(1.1)
=™ Y. h(Xi..... Xi,),

1<iyzFip<n

where [n]™" := w For further use throughout, we define the projection of &
as follows.

hi(x) =E(h(X1,..., Xm) —0]X1 =x).
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A large number of well-known statistics are U -statistics. Statistics such as the
sample variance, deleted jackknife variance estimator, Fisher’s k-statistic for es-
timation of cumulants, Kendal’s t, Gini’s mean difference are few examples of
U -statistics.

The first central limit theorem for nondegenerate U -statistics, that is, when
Var(fll(X)) > (0, was proved by Hoeffding (1948) when the kernel & is square
integrable. Under the same moment conditions, Miller and Sen (1972) established
a weak convergence result for this class of U-statistics on the space C[0, 1]. Ko-
rolyuk and Borovskikh (1988) showed that the central limit theorem for nonde-
generate U -statistics continues to hold true when E|A (X1, ..., Xm)|4/ 3 < 00 and
0< Var(le(X )) < oo. The common feature of all of these contributions is that
they rely on the unknown parameter Var(le (X)). Bentkus et al. (2009) obtained
a Berry-Esseen type bound for nondegenerate U -statistics of order 2. Also, by
estimating Var(h (X)) using the jackknife estimation, they proved a central limit
theorem for the resulting Studentized U -statistics of order 2. Another example
of the use of jackknife method of estimation for U-statistics is the paper Jing et
al. (2009) in which the authors establish the validity of jackknife empirical likeli-
hood for U -statistics when the kernel of the underlying U -statistic is assumed to
be square integrable and Var(le (X)) > 0. U-statistics of order 2 were also con-
sidered by Csorgd et al. (2008b) when they studied the weak convergence of the
Studentized version of Csorg6-Horvath test statistic for detecting change in distri-
bution (cf. Csorgd and Horvath (1997) and references therein) when the variance
of the underlying kernel A (-, -) is not necessarily finite. Inspired by this work of
Csorg6 et al. (2008b), in this exposition we establish a new weak convergence re-
sult for nondegenerate U -statistics on the space D0, 1], when the second moment
of the kernel / is not necessarily finite (cf. Theorem 1). An application of the main
result of this exposition, that is, Theorem 1, to constructing asymptotic confidence
interval for the parameter 6 = Eh(Xy, ..., X,,) is presented. Theorem 1 gener-
alizes all of the above mentioned contributions to weak convergence and central
limit theorems of U -statistics.

The material in this paper is organized as follows. In Section 2, we present our
main results, Theorem 1 and Theorem 2 and outline their proofs via the auxiliary
Theorem 3 and Theorem 4 whose proofs will be given in Section 4. Applications
of Theorem 1, the main result, are given in Section 3. Finally, in Section 4, we state
some required results on weighted weak convergence of partial sums in the domain
of attraction of the normal law which are crucial in establishing our results and
also present some technical tools, followed by the proofs of our auxiliary results
Theorems 3 and 4 of Section 2.
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2 Main results

Fori=1,...,n,let U,’;_l be the jackknifed version of U, based on X1, ..., X;_1,
Xit1, ..., X,, defined as follows

1

i

= > (X X))
( m ) I<ji<-<jm=n
jl ----- jm#i

Also define the Studentized U -statistic process, U[s,t‘;], as follows.

0,
Upsy = [nt](Upnsy — 6)

Jn = DX U~ U

In the following Theorem 1, which is the main result in this article, we drop the
classical assumption of having finite variance of the kernel 4 of the underlying U-
statistic U,. Consequently, the variance of the projections /() is not necessarily
finite. Hence, we may and will assume that /1(-) € DAN, where DAN stands for
the domain of attraction of the normal law (cf. Section 4). Moreover, we present
our weak convergence results for Studentized U -statistics, in presence of weight
functions. We now define the class of weights that will be used in our results.

Throughout this article, we let QO be the class of functions ¢ (¢), which are pos-
itive on (0, 1], that is, infs<;<; g(#) > 0 for 0 < § < 1, and nondecreasing in a
neighborhood of zero (cf. the below Lemmas 1 and 2 for characterization of Q).
Moreover, we define the integral I (g, c¢) as follows that is also used to characterize
the class Q (cf. Section 4).

o

<t<

k]

m
n

2.1

—

=t =

S |3

1
I(g,c):= /+ t~Lexp(—cq®(1)/1) dt, 0<c<oo.
0

The next result establishes a weak convergence result for Studentized U -statistics
processes via weighted weak approximations as follows.

Theorem 1. Let g € Q. If
(@) Elh(X1,...,Xm)|?? < oo and hi(X) € DAN,
then, as n — oo, we have

(b) U[S,E‘;] = W) on (D,9,||/q) if and only if 1(gq,c) < oo for all ¢ > 0,
where {W(t),0 <t < 1} is a standard Wiener process and ||/q| is the weighted
sup-norm metric for functions in D[0, 1];

(c) On an appropriate probability space for X1, X2, ..., we can construct a
standard Wiener process {W (t),0 <t < oo} such that

W(nt)

sup [Upni — W‘/Q(f) =op(1),

0<r<1
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ifand only if I (q, c¢) < o0.

Remark 1. The notation of = in part (b) of the preceding theorem is as it was
defined in Remark 7 below.

Remark 2. Note that taking ¢ (#) = 1 results in finiteness of (g, ¢) for all ¢ > 0,
that is, Theorem 1 remains valid for nonweighted Studentized U -statistic pro-
cesses. Moreover, in this case, ||/q||-metric will coincide with the usual sup-norm
metric and the notion = of part (b) of Theorem 1, as it is defined above, will
coincide with the convergence in distribution of functionals definition of weak
convergence on D[0, 1] with respect to the sup-norm metric.

Theorem 2. Let {W(),0 <t < 0o} be a standard Wiener process, E|h(Xy, ...,
Xm)|5/3 < oo and h1(X1) € DAN. If g € Q and q(t) is nondecreasing on (0, 1],
then as n — 00,

S (US| /q(t) —>a sup |[W(D)]/q(t)
<t<

0<r<l

if and only if 1 (q, ¢) < oo for some ¢ > 0. Consequently as n — 00, we have

i 1\\ /2 1\ 172
sup \Uf,%]/(tloglog(;)) —>g4 sup \W(t)\/(tloglog( )) .

0<r<l1 0<r<1

The preceding Theorem 2 is a U -statistic version of the below Lemma 4.

It can be readily seen that in Theorem 1, (c) implies (b). By virtue of Lemma 3
(cf. Section 4), with h1(X) instead of X, and in presence of the below conclu-
sion (4.1), it becomes clear that to prove Theorem 1 it suffices to prove the follow-
ing two results namely Theorems 3 and 4. Moreover, as it will be seen in the proof
of Theorem 3, we only require that the weight function g € Q satisfy the condition
that lim; o ;1(_/:) = 0. In view of Lemma 1 (cf. Section 4), the latter relation holds

whenever [ (¢, c¢) < oo for some ¢ > 0. Hence, in view of Lemma 4 in Section 4,
Theorem 2 will also follow from the following Theorems 3 and 4.

Theorem 3. Let g € Q and 1(q, c) < oo for some ¢ > 0. Assume
E(|h(X1,.... X[ log|h(X1, ..., X)) < 00
and that fn (X1) € DAN. Then, as n — o0 we have

[nt] > x)
su U —0) — () =op(1).
02121 e ! ONE /q P
Theorem 4. If E|h(X1, ..., X3 < oo and hi(X1) € DAN, then, as n — oo,

=op(1).

(n—1) - i 2 2
i 2V ~ U = g LR
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Consequently, the preceding approximation combined with (4.1) of Section 4,
the conclusion of Raikov’s theorem, yields a Raikov type result for the distribu-
tion free jackknifed version of U-statistics which is of interest on its own (cf.
Remark 3), and it reads as follows.

Corollary 1. If E|h(X1, ..., Xm)|?/? < 00 and hi(X1) € DAN, then, as n — oo,
n—1 &K, 2
WZ;(U’;_I — Un) —>Pp 1.
1=
Remark 3. When Ehz(Xl, ..., X;») < 00, which in turn implies that Eﬁ%(xl) <

00, then Ez(n) = Eﬁ%(Xl) > 0 and, as n — oo, Corollary 1 implies that

(n -1 YU, - Un)2 —s p ER3(X)).

i=l

m2

The latter version of Corollary 1 coincides with one of the results obtained
by Arvesen (1969) who extended the idea of the so-called (by Tukey) pseudo-
values to U-statistics and studied the asymptotic distribution of nondegenerate
U -statistics via jackknifing.

The condition that E|A(X1, ..., Xm)|?/? < oo in Theorem 1 is assumed to
guarantee the nearness of the (”m;zl) ?:1(U,il_1 — U,)? and %er'lzl fz%(X,-). The
method of truncations is used to establish the latter nearness. Having tried sev-
eral different truncations the author have found the sequence a, = n>"/3, cf. the
proof of Theorem 4, to be an equilibrium point for the truncation / (|4| < a,) and
its tail 7 (|k| > a,). Any other truncation results in requiring a moment higher
than 5/3. The truncation I (|| < n3/3) is associated with the moment condition
E|h(X1, ..., Xm)|?/? < co. Hence this condition seems to be minimal.

Remark 4. When m = 1, the projection ﬁl (X1) will coincide with h(X) — 6,
and Theorem 1, correspond to Corollary 5 of Csorgd et al. (2008a) on taking the
weight function g = 1 for the therein studied Studentized process T, (X — w),
that is, when m = 1, the studentized U -process U[S,g‘] coincides with 7}, ; (X — p).
Hence, in this exposition, we shall state our proofs for nondegenerate U -statistics
with order m > 2. Also, when m = 2, the two conditions in (a) of Theorem 1 as
well as the idea of its proof by truncation, coincide with the corresponding ones of

Theorem 2 of Csorgd et al. (2008b).

3 Application of Theorem 1 to confidence intervals

In view of Theorem 1, for a function g: D[0, 1] — R as in Remark 7, one can
stu

use the pivot g(U[n.] /q(+)) to establish an asymptotic confidence interval for the
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parameter of interest 8. More precisely, in this section, we take ¢(¢) = 1 and we
derive an asymptotic confidence interval of level 1 — o, 0 < o < 1 for 6 using the
pivot supy—, < U[S,;‘t‘]. This can be done since from Theorem 1, with g(t) = 1, we
have

sup Ul —>a sup |W(1)].

0=<t<l1 0<r<l

By virtue of the last relation and by defining wy to be P(supg,<; [W ()| >

wy) = o, we establish the following (1 — o) % asymptotic confidence interval for

0 as follows.

ﬁ[v-ﬂ&amﬂ&] (3.1)
AN ARV '

k=1

where 6 = \/(n -1 Z?=1(U,i_l —Uy,)2.

The distribution of supy.,-;|W(t)| was tabulated by Csorgé and Horvéth
(1984). Confidence intervals of the form (3.1) which are shorter than those ob-
tained from the central limit theorem, were also derived by Martsynyuk (2009),
where she established functional asymptotic confidence intervals for a common
mean of independent random variables.

One can use Theorem 1 to construct the confidence interval (3.1) for the pa-
rameter 0 associated with a U -statistic that is built on a random sample whose
variance is +00. Obviously, this can not be derived neither by classical weak con-
vergence results for U -statistics such as Miller and Sen (1972), nor from the cen-
tral limit theorem of Korolyuk and Borovskikh (1988) in which the variance of the
U -statistic need not be finite, however, i~11 should have a finite positive variance.
Moreover, this result can not be derived from Bentkus et al. (2009) either as the
latter requires that the variance of 0 < Var(h;(X1)) < 00.

To demonstrate this application of Theorem 1, we let X1, X», ..., be a sequence
of i.i.d. random variables with the density function

2a%x3, X >a,
x)= =
fx) { 0, elsewhere,
where a > 0. Consider the parameter 8 = E™(X1) =2"a"™, where m > 1 is a pos-
itive integer, and the kernel #(X1, ..., X,,) =[]/_; X;. Then with m, n satistying
n > m, the corresponding U -statistic is

U, = (”)1 > ﬁ Xi;.

MJ <ij<<im<n j=1

Simple calculations show that hi(X)) =X 2m l1gm=1 _ 2"a™,
It is easy to check that E|h(X1, ..., Xm)|?/3 < 0o and that /;(X) € DAN (cf.
Gut (2005)).
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The asymptotic (1 — «)% confidence interval (3.1) for the parameter 6 = 2" a™
is of the form:
k=1 m 1<ij<-<ip<k j=1 \/_

K\~ ]
<m> 1511<Z<lm<kjl_[l kf

where, by (4.18) of Section 4 we have

=(n— I)Z( ne1 =
i=1

_reobisel N s k] e
~ (n—m)? i=1 "L\ -1 I<ip<--<im<n j=2 ’ |

i, im#l

) 2 o]}

In addition to the above application to confidence intervals, for the Studentized
U -process here, which is defined as

m
0, 0<t<—,
n
U%tu -1
) =) 1) ity <t [T/ Xi; —6) m_.
o/n ’ n— —

where & is defined by (3.2), Theorem 1 with ¢ (¢) = 1, for example, implies that
Upiy= W) on(D[0, 1], p),

where p is the sup-norm for functions in D[0, 1] and {W(¢),0 <t < 1} is a stan-
dard Wiener process. Also, applying Theorem 2, as n — oo, we conclude the fol-
lowing central limit theorem:

1 1
Osup1 Ut (t loglog(;>) —>4 sup \W(t)!/(t loglog<;)>.
<t<

O<r<l1

Remark 5. It is noteworthy to note that on replacing the parameter 6 by U, the

Studentized U -statistic U[St“], which is defined in (2.1), is a desirable candidate in

studying convergence in distribution of bootstrapped U -statistics.
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4 Tools and proofs
The following is the formal definition of the concept of DAN.

Definition 1. A sequence X, X1, X», ..., of i.i.d. random variables is said to be in
the domain of attraction of the normal law (X € DAN) if there exist sequences of
constants A,, and B,, > 0 such that, as n — 00,

Z?:l Xi - An

5 —J N, 1).

Remark 6. Further to this definition of DAN, it is known that A,, can be taken
as nE(X) and B, = n'/%2¢x(n), where £x(n) is a slowly varying function at in-

finity (i.e., lim,_ o0 Q);(gn’;) =1 for any k > 0), defined by the distribution of X.

Moreover, £x(n) = 4/Var(X) > 0, if Var(X) < 0o, and £x(n) — oo, as n — 00,
if Var(X) = co. Also X has all moments less than 2, and the variance of X is
positive, but need not be finite.

Thus, in view of Remark 6, if X € DAN, then as n — oo, with the numeric
sequence n'/2¢(n) we have

1 (Xi — E(X1))
/nt(n)

—>a N(0, 1),

and
o (Xi — E(X1)?
ne2(n)
The result (4.1) is known as Raikov’s theorem (cf. Giné et al. (1997), who also
give a nice proof in this formulation).

The following two lemmas, which characterize the class Q, are due to Csorg6
et al. (1986) (cf. also Lemmas 2 and 3 in Csorg6 et al. (2008a)).

. 4.1)

Lemma 1. Letq € Q. If I(q, c) < oo for some ¢ > 0, then
(172
lim — =0.
10 ¢ (1)
Lemma 2. Ler {W(t),0 <t < oo} be a standard Wiener process and q € Q.
Then,
(a) I(g,c) < oo forall c >0 if and only if

i W ()]
imsup =
10 q()
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(b) 1(g,c) < oo for some c > 0 if and only if

T |W ()]
im sup
110 q()

< 0 a.s.

The presence of the weight function g requires a definition of a proper metric on
DI0, 1] by which weak convergence is defined. This definition is given as follows.

Definition 2. For the functions x, y on [0, 1] and g € Q, define the weighted sup-
norm metric

|Gc =) /q] = sup |x(t) —y(®)|/q(®),
0<t<l1
whenever it is well defined, that is, lim sup; o [x(t) — y(¢)]/q(t) < oco. A short
hand notation for this metric will be || /¢].

For more on the subject of weight functions we refer the interested reader to
Csorgd et al. (1986) and Csorgd and Horvath (1993). Another good source for
literature in this regard is Szyszkowicz (1992).

The next two results, namely Lemmas 3 and 4 are weak convergence results
for partial sums of i.i.d. random variables in DAN in presence of weight functions
g € Q. We shall state and later on use these results in order to establish U -statistics
versions of them in Theorems 1 and 2. The following Lemma 3 coincides with
Corollary 1 of Csorgd et al. (2008a) that is a direct consequence of their Theorem 1
(cf. also Proposition 3.1 of Csorgé et al. (2004)).

Lemma 3. Let g € Q. As n — 00, the following statements are equivalent:
(a) X1 € DAN and EX| = u;

[nt] vy
(b) Z=LTER = W) on (DD, [l/1l) if and only if 1(q,¢) < o0 for all
¢ >0, where {W(t),0 <t < 1} is a standard Wiener process;

(c) On an appropriate probability space for X1, X2, ..., a standard Wiener

process {W(t),0 <t < oo} can be constructed in such a way that as n — 00,

Y X — ) W) B
| ity Jn ‘/q(”‘o”(”

ifand only if I (q, c) < oo for all ¢ > 0.

Remark 7. The statement (b) of Lemma 3 stands for the following functional
central limit theorem on (D, %, ||/¢ql|), where ®© is the o-field of subsets of
D = DIO0, 1] generated by its finite-dimensional subsets, and ||/¢|| stands for the
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weighted sup-norm metric in D = D[0, 1] with ¢ € Q. With —; standing for
convergence in distribution as n — 0o, we have

for all g € Q and g:D = D[0, 1] — R that are (D, ®) measurable and |/q||-
continuous or || /¢ ||-continuous except at points forming a set of Wiener measure

zero on (D, D), generated by a standard Wiener process W (-) on the unit interval
[0, 11.

For a larger class of weight functions that imply the finiteness of (¢, ¢) and
characterized by Lemma 1 and part (b) of Lemma 2, the next lemma coincides
with (b) of Corollary 2 of Csorgd et al. (2008a) and it is a consequence of their
Theorem 1 therein. We note in passing that the following Lemma 4 does not follow
from Lemma 3. Moreover, it can not be obtained via classical method of weak
convergence (cf. page 311 of Csorgd et al. (2008a)).

Lemmad. Let E(X1) =u. If g € Q and q(t) is nondecreasing on (0, 1], then, as
n— oo
[nt]

1
\/_K(”) O<t<1 Z(X 2

if and only if 1 (q, c) < oo for some ¢ > 0. Consequently, as n — oo, we have

[nt] 1\ 172
sup <t loglog(;))

X; —
«/75(”) 0<r<1 Z(

1\ 172
—>4 sup |W(t)|/<t10glog( )) ,

0<r<l

[a@®) —q sup [W()|/q()

0<zt<l1

where log(x) = log(max{x, e}).

The concept of complete degeneracy is essential in our proofs. Below is our
definition of this concept.

Definition 3. The Borel-measurable function L(xy,...,x;):R™ - R, m > 2,
with mean u = EL(X1, ..., X;), is said to be complete degenerate if for every
proper subset {a1,...,a;} of {1,...,m}, j=1,...,m — 1, we have

E(L(X1,..., Xm) — 1l Xays ..., Xa;) =0 a.s.

Remark 8. When a summand is complete degenerate, we shall call the associated
sum a complete degenerate one. In other words, complete degeneracy is inherited
by the sum from the summand.
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We note in passing that if L were symmetric in its arguments, then the associated
U -statistic with such a kernel would be a complete degenerate one. Hence our
terminology for L in this definition.

Remark 9. Concerning complete degenerate U -statistics, it is known that, with re-
spect to the filtration o (X1, ..., X,), they are martingales (cf., e.g., Serfling (1980)
or Borovskikh (1996)). This property will be used in our proofs. We note in pass-
ing that it can also be shown that the martingale property remains valid for multiple
sums with not necessarily symmetric summands.

Along the lines of our proofs we shall use of the followings technical Proposi-
tions 1 and 2 which deal with approximation of the second moment of complete
degenerate sums.

Proposition 1. If L:R" — R, m > 2, is complete degenerate with mean yu =
EL(X1,...,Xp) and EL*(X1, ..., Xm) < 00, then,

2
E([n]—m > (L(X,-l,...,Xl-m)—u))

1<iy#-#im=<n

<[ ™E(L(X1,..., Xm) — 1)*.

A companion of Proposition 1 when the summand L is symmetric and depends
on the index i,,, where 1 <i| < --- < i,; <n, reads as follows.

Proposition 2. If L; :R"™ — R, m > 2, is symmetric, centered and complete de-

generate such that ELl.Zm Xi, ..., Xi,) <00, then
2 n i
m
E( > Lim(Xil,...,Xim)) <> ( 1>E(L,~2m(X1,...,Xm)).
1<ij<-<iy<n im=m \I* —
Proof of Proposition 1. Let il ,,,,, m = %Zcm Ls,... 6, Where Lo, o =
L(Xs,,...,Xs,) and C, denotes the set of all permutations oy,...,0, of
1,...,m. It is clear that
Z (Liy...iy — ) = Z (Liy,..sipy — ).
1<ij#ip<n I<iy#--Fip<n
Now write
2
E([nr’" S G —u))
1<ij#-#im=<n

= (1™ Y Eiy,y )

I<iy#-#im=<n
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m—1
+ ([n]_m)2 Z Z E[(I:ll ..... Ejsljglsees im — /-’L)

J=1 iy =n
X (lA‘il ,,,,, Fjslmtlseens im—j = /’L)]
+ (n]™)? > E((Liy, i = 1) (Lipysy,osing — 1))

1<iy#-#iyn=<n
=" EL1,.m— 1)’
[n]_m Z Z E{E[in ,,,,, ij,ijur] ..... im _M|Xi1’---aXij]
=1 1§i17é"’5£i2n1—j§n
X E[iil,...,ij,ier] ..... im—j — /’LI

Xy, Xi 1)

— 2 A A
+ ([n] m) Z E(Lil,...,i,n - M)E(Lim+1,...,i2m - ,LL)
1<iy#--Fiyn<n

=[n)"ELi, m—n?

<[n]™™ ‘)22 (Lo()....otm) — 14)°

=[] E(L1m — 1),
. . . 2 _ 2
The last equality above is true provided that EL; . =ELy . U]

It is easy to observe that when L is symmetric in its arguments, the inequality
in Proposition 1 becomes equality.

Proof of Proposition 2. First, let

im—1 ir—1

Z o Ly Xy X)) = Y Y

im=miy_1=m—1 i1=1 im=m

and for iy, # i, write

n 2 n n n
E( > Y,-m) =Y EW,)*+ Y. > E®,Y). (4.2)

im=m im=m im=m i), =m
We now show that E(Y;, ¥, ) = 0. To do so, assume that i,, < i;, and write

E(Y;,Yy) = E[EY;,Yi)|Xy, ..., Xi,]
(4.3)
= E[Y,

Im

EYy |X1,.... Xi,)].
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To deal with the conditional expectation E(Y;; | X1, ..., Xj,,) in the latter relation,
first recall that

ir/n ié—]
Yl,’n: Z "'ZLZ,’VL(Xﬂ? ’Xllfl’Xl,)
i’,ﬂ_lzm—l ii:l

Now consider the case when i, —i,, <m — 1, then {i{,...,i, _} N {i1,...,
im} # ¢. Hence, the complete degeneracy of L; implies that

E(Lirgl(Xii""’Xi;n)lxl’“'9Xim):O a.s.,
and this implies that
E;y |X1,..., X;,)=0.

The other case is when i, —i,, > m — 1. In this case ¥;; can be written as

Yir =ZL1‘;,,(XZ~;,...,X1';,,) +ZLi;n(X,~;,...,Xi;n),
I

163
where I} = {iz/n—l"“’ii} C {i1,...,i,fl}and12 = {ir/n.—l’ ...,ii} C {im+1,...,il/n}.
The same argument as that of the previous case implies that on /; we have

E(Li,/,l(Xi{”"vXi£,1)|X1v""X )ZO a.s.

im
Observe that on I, {ii, R i,’n_l} N{i1,...,im} = ¢. Therefore,
E(Li'rn(Xi;, s XX, X;,) = E(Li/n(Xii’ ey Xi,’n)) =0.
The last relation is true since L/ is centered. Thus,
E(Y | X1, ..., Xi,) =0.

The last relation together with (4.3) and (4.2) implies that

2
E( Z Lim(Xilw--»Xim))

I<ii<-<ip<n
n 2
=Y. E( > Lim(Xil,...,Xim)) :
im=m 1<ij<-<ipm—1
im—1<im
We now proceed via a similar argument as in the proof of Proposition 1, for
estimating

2
E( Z Lim(Xil""’Xim—l’Xim))

1<ii<-<ipm—1
In—1<im
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as follows.

2
B X L X X))

I<ij<-<ip-1

im—1<im

= ) E(L(Xiy.....Xi_.Xi)
I<ii<-<ipm—1

Im—1<im

m—
+Z Z [ lm(Xllv--'7XijvXij+1»'~~’xin1_1vxim)|
J=11<ii<<iom—j=<n

Xiysoo o Xinn X

lj5

X:

m—j»

Xi)l

[PR )

]
XE[Lim(Xil,.. XZJ,X
Xi,, ]
+ Z [ lm(Xll’""Xinl—l’Xim)|Xim]

I1<ij<-<iyp—2<n

Xiy . Xi

lja

E[Li,, (Xipy1s s Xingy 2> Xin)1 X ]

= Y  EL lm(X,l,...,Xim))g(mlf 1)E(Lizm(xl,...,Xm)).

1<ii<-<ipm—1

Im—1<lm

Now the proof of Proposition 2 is complete. U

Proof of Theorem 3. To establish Theorem 3 we first observe that

[nt i
sup | ———=(U 0) —
o<1 lmen >f e TEN
[nt]
[nt] hl( i)
sup U 0) — () 4.4
= 0<rzmm | mEG S M St |/
[n1] itk
+ sup |————=WUpn—0) —
i<t | me)Jn " tn )f
But as n — oo, definition of U, [S;‘;] together with Lemma 4 imply that
[nt] Uit — 0) Yy
q—0) —
S RPN e )f

sup
O<t<m/n

E(n)f
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(h(Xl,...,Xm)—Q)—

BN

’ m m
Tty o q<;>
=op(1).

Therefore, according to the latter relation and (4.4), in order to prove Theorem 3,
we need to show that

sup 4.5)

m/n<t<l

Ui —0) —

[n1]
me(n)/n

Due to the fact that

E( )«/_

[nt]
Z (hl(Xll)+ +h1(le)) m‘] <[nt )Zh](x)

1<iy<--<ip<[nt]
it becomes clear that in order to establish (4.5), it will be enough to prove the
following Proposition 3.

Proposition 3. Let g € Q. If

E(|h(X1,.... X[ log |h(X1, ..., X)|) < 00

Then, as n — oo
n—1/2

Int] > (h(Xi, ..., Xi,) — 6

([rrlnt]) 1<i|<---<ip <[nt]

sup
E(l’l) m/n<t<l

—h(Xi) = — ill(Xim))‘/Q(t)
=op(l).

Proof. Without loss of generality, assume that 8 = 0. On taking n large enough,

let § € (%, 1] be small enough so that g(¢) is nondecreasing on (0, §). Observe

that
n—1/2

sup
£(n) m/n<t<l

Ant] WX, Xi)
nt ( 1 m

( m]) 1<ij<-<ip<[nt]

— i (X;) — ---—le(x,-m>)‘/q<r)

172

] o (X X)) — R (Xa)

<
Ty, =
m ) 1<ip<--<ip<[nt]

su
£(n) m/n<I;<8

—---—El(xim))‘/q(z) (4.6)
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% > (X, X))

( m ) 1<iy<--<ip<[nt]

n—1/2
sup
n) s<i<1

—hi(Xi) — - —fll(Xim))'/CI(l)

=1I(n,t)+ Ln,t).

To prove Proposition 3, it will be enough to show asymptotic negligibility of both
I1(n,t) and I>(n,t) in probability.
To deal with I (n, t) write
[nt] 1/2

Ii(n,t) < sup = > (h(Xiy, ..., Xi,)
m/n=t<l ([',Z])K(I’l) 1<ij<-<ip<[nt]

—h(Xy,) — - —hi(X;,))

172
X sup ——.
m/n<t<8§ 4 (t)
The last relation suggests that by virtue of Lemma 1 and from the fact that £(n) is
a slowly varying function at infinity, for large n, we have that £(n)\/n > +/n. To
prove I1(n,t) = op(1) it suffices to show that

[nt] 1/2
[nt])

m

sup
m/n<t<l (

> (h(Xiy, ..., Xi,)

1<ij<--<ip<[nt]
—h(X;) == hi(X;,)) (4.7)

= O0p(1).
To establish (4.7), for i} < --- < i), consider the following truncation setup:

—E(h(Xi,,....X; )1

Hipy Xy X)) o= Xy oo, Xip)L 2 s Xin) Ly <32

Hil,,?(Xil’ LX) = h(Xil, e Xim)1(|h|>i3/2) — E(h(Xil, e, Xi’”)l(lh\>i,i,/2))’

g Xiy, .. Xi,)) = H{"(X;), ... X;,) — E(H" (X, ... X;, )| Xiy) 4.8)
— - —E(H"(X;, ..., Xi,)|Xi,), |
80 Kiys o Xi,) o= HY(Xiy o, X3,) = E(HE (X X3, Xy )
— = E(H Xy X3, X))

Having the above setup, to prove (4.7), we proceed by stating and proving the
following Proposition 4.
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Proposition 4. If E|h(X1, ..., Xm)|*? < oo, then, as n — oo, we have
K12 Z
max g4Xi,....X; ) =0p(1) 4.9)
K Im 1 m
m<Ks<n () | 20 <k
and
K12 Z
max —s— g (X, ..., Xi ) =0p(). (4.10)
K Im 1 m
m<Ks<n () 1o 2 <k

Proof. For throughout, use let A be a positive constant which may be different as
each stage. To prove (4.9), we first represent the statistic _; ; i <<y <K gfz (X,

X;,) in terms of 2" —m — 1 sums which their summand posses the property
of complete degeneracy as follows.

Z gl,n(Xllv~--,Xin1)

1<ij<-<in<K

= ) Yt E(@ (X X))

1<ii<-<ip<K ld=2 1<ji<-<jg<m
Xi; oo X))
m—1 c
—d
+Y Y D Y. E(gi(Xi, ..., Xi,)l
c=2 1<ky<--<ke<md=2 I<ji<-<ja=c

Kigy ooon Xig, )

id

= ) VX.....X,)

1<ij<--<ip<K

m—1
+> > > VI Ky s - Xig)-

c=2 1<k <-<kce<m 1<i|<--<ip <K

In view of the latter setup to prove (4.9), we need to show that

K12
max — > VI9Xip, ..., Xi,)| = 0p(D) 4.11)
m=Kzn () 1<ij<-<im<K
andforrm>3,c=2,.... m—1land 1 <k; <---<k.<m,
K1/2 Z t
max ——— Vi X ..., X; )‘:01:(1). (4.12)
K im k1 ? ’ lke
m=Ksn (0) 1o < 2in <k ]

Due to similarity, we shall only give the proof of (4.11).
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Noting that %/)2 is decreasing in K, for M > 0, we write,
K1/2 Z
P( max VI X, .., X)) >M)
K im 1> ’ Im
m=Ksn () Uiz <2<k

K .1/2
1
§P( max E ’:; ‘ Z ‘GT(Xil,---,Xim)‘>M>
- = m) I<ii<-<ip—1<im

> VIa(Xi, ..., Xi,)

I<ii<-<ip—1<im

o0 i1/2
<up( 3

Im=m (m)

o0
<AM™' > i PE(h(X,, .. X)L

Im=m

(|h|>i3/2))

o0 J
S AM_I Z E(|h(X1, ey Xm)|1(j3/2<\h|§(j+1)3/2)) Z i};l/z

<AM7'E|h(X1, ..., Xn)|"” < o0.

This completes the proof of (4.11) and that of (4.9).
Now we give the proof of (4.10). Similarly to what we had in the proof of (4.9),
we write

> g (Xiy, .., Xi,)

1<ij<--<ip<K

- x {Zer

1<ij<-<ip<K \d=2

X Z E(g;;(xil,...,xim)|x,~jl,...,X,-jd)

1<ji<-<jg<m

m—1 c
+> Y Y Enpt Y EEN Xy X))

c=2 1<ky<--<ke<md=2 1<ji<-<ja<c

Xig oo, Xip )

1 Jd
= >, Vir(Xiys oo, Xiy,)

1<ij<-<ip<K

m—1
+ Z Z Z V,.Z(Xl-kl,...,x,-kc).

c=2 1<ki<-<ke<m 1<ij<--<ip<K
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Therefore, to establish (4.10) we need to show that
K12

tr

max — > VI"(Xiy, ..., X;,) = 0p(1) (4.13)

m=K=<n (m) 1<ij<-<ip<K
andform>3,c=2,.... m—land 1 <k <---<k.<m,
K12 Z .
max V(X ..., X, )=0p(1). 4.14)
K Im ky° > ke

m=Kzn () 1<ij<--<im<K :

To prove (4.13), having the martingale property (cf. Remark 9), we apply Chow’s
maximal inequality for martingales (cf. Chow (1960)) and Proposition 2, for
M > 0 we write

KP s
P< max —— Vi Kiys - Xiy,) >M>
© im 1° ’ Im
m<K<n (m) 1§i1<"‘<im§K

2
sMPSE( Y VI X))

2
(:1) 1<ij<-<ip<n

n—1 2

_ K K+1

e Z(W—W>E( 2 WZ(X“""“"'”)
k=m () )7 Msiieo<insk

n
n

<AM?——
(m) lm—m

2
( 1) (h (Xl»-’Xm—I»le)1(|h|< 3/2))

+AM Z 2 Z < ) hz(Xl,...,Xm_l,Xl'm)l(lh|< 3/2))

m) im=m

<AM™? Z K2E(R* (X1, .., X1, Xiy) n<k3/2))
K=m

o0
< AM_2 Zi_lE(hz(Xl, Cey XVH)I((i—l)3/2<|h|§i3/2))
i=1

< AMT2E|h(X1, ..., Xm)|"? <

Now the proof of (4.13) is complete.
Due to similarity, to establish (4.14), we shall only state the proof for k; =
1,...,kc.=c,wherec=2,...,m — 1 and m > 3. But first observe that

> VX, X

I<ij<--<ip<K

K — K
=(m M+C> Z Z V,'Z(Xil,..,,Xic)

—c—1/. . o
im=m l<ij<--<ic<ipy
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K X tr
=\, _ . > > VI Xy X,

im=m 1<i|<-<i.<ip

Once again an application of Chow’s maximal inequality followed by an applica-
tion of Proposition 2, yield

K12
P( max —— E V'N(X~ X')‘>M)
K im 1> ’ le
m<K=n () | 2 <k

2
| n n "
<M 2{ . 2E(< 1) > > ViZ(X,-l,...,X,-C)>
(m) m—c-—= im=m 1<ij<--<ic.<ip
n—1
K K+1
(e

k= () (50

K K 2
xE<Z > (m_c_l)wij(x,-,,...,x,-c)) }

im=m l<i|<-<ic<ip
) 4/3
<AM72E[h(X1,..., Xm)|"" < 0.

The latter relation completes the proof of (4.14) and that of Proposition 4. Hence,
Ii(n,t) =0p(1).

By virtue of our notion of /{(n,t) and I»(n,t), so far, we have shown that
Ii(n,t) = op(1). To complete the proof of Proposition 3, we need to show that
I)(n,t) =op(1). But observe that for I(n, t) we can write

—-1/2 [ t]
n n
Ln,t) < sup > (h(Xi,, ..., X;,)— 6
Ln) s<;

[nt]
<1 (:1 ) 1<ij<--<ip<[nt]

— i (Xy,) — - —h(X;,))

1
X sup ——.
s<t<14(t)

And since sups, < ﬁ = O(1), in order to show that I>(n,t) = op (1), we only
need to show that
n—1/2

% > (h(Xi, ..., Xi,)

( m ) 1<ii<--<ip <[nt]

sup
£(n) m/n<t<l

— (X)) —--—hi(X;,))|  (4.15)
=op(1).
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The proof of the preceding is similar to that of (4) of Nasari (2009). Hence, the
detailed proof is omitted. Now the proof of Theorem 3 is complete. 0

Proof of Theorem 4. To prove Theorem 4, it suffices to show that as n — oo,

(n—l)z ——Zh (X»)|=op(D). (4.16)

Before giving the proof of (4.16), we do some simplifications as follows.
n
(n=1 (U —
i=1
()
=@n—1 Z(nm—lUn
i=1 ( m )

1 2
- > h(X,-,le,...,ij_l)—Un>
( m ) 1§j1<"'<jmfl§n
jls“'#jnl*l?éi
2 2
(n—1)
i Z( > h(Xiy, Xige o X)) — U,,) (4.17)
n—nm i1=1 m 1) 1<ip<-<ip<n
02,y im#il
2 2
(n —1)
== Z( > (X, Xy, ...,Xim)>
i1=1 m 1) 1<ir<--<ip<n
02, im i1 418
mzn(n -1 19

n—m? "

Remark 10. In view of (4.17) in what will follow without loss of generality, we
may and shall assume that EA(X1, ..., X;,) =0 =0.

By virtue of (4.18) to prove (4.16), it will be enough to prove the following two
propositions.

Proposition 5. If E|h(X1,..., Xm)|5/3 < 00, then, as n — 00,

U,f —0 a.s.

Proof. The proof of this proposition follows from the SLLN for U-statistics (cf.,
e.g., Serfling (1980)). O
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Proposition 6. If E|h(Xi,...,Xm)|?® < 0o and hi(X|) € DAN, then, as
n— 0o,

n

-1 1 ~
(n )Z( S AKX X ) ;Eh%X)

i1=1 m 1) 1<ip<--<ip<n

=op(1).

Let a, ~ b, stand for the asymptotic equivalency of the numerical sequences
(ay), and (b,),, that is, as n — o0, Z’" — 1.
To prove Proposition 6, observe that

(n—1) 2";( S h X . )>2
2 i1 Bigseeey Xy
(n—m) i1=1 )1<12< <ip<n
02, im#il
I’l—]) ‘ —m+1 2
- (n—m)2 Z —1] Z h(Xi,, Xiy, ..., X))
i1=1 1<12;ﬁ ;étm<n

n 2
S (Y b X X))

i1=1 1<l25£ ?élm<”

=[] 3 R (X Xa,)
1<iy#--#ip<n

m—1
HITS Y Xy Xip X X))
j=2 1§i1;é~~-;éi2m,j§n

Xh(X,'l,...,X'

lj’
+ [n] 2! > h(Xiy, Xiys -, Xiy)
L<iy#-Fiyn—1=n

X h(X,'l, Xim+l’ ey Xl'sz])‘

X:

)

X:

lszj)

The first term and the second one, which obviously does not appear when m = 2,
in the latter equality will be seen to be negligible in probability (cf. Propositions 7
and 8), thus the third term becomes the main term that will play the main role in
establishing Proposition 6.

To complete the proof of Proposition 6, we shall state and prove the next three
results, namely Propositions 7, 8 and Theorem 5.
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Proposition 7. If E|h(X1, ..., Xn)|?/? < 00, then, as n — 00,
72" N RP(Xi,. X)) >0 as.
I<iy#F#ip=<n

From the fact that for m > 2, 231—"11 < %, it follows that

E[R2(X1, ..., Xu)|" "V =Eln (X0, X)) PP < o0,

By this the proof of Proposition 7 follows from Theorem 1 of Giné and Zinn
(1992).

Proposition 8. Form >3, If E|h(X1, ..., Xu)|?/? < oo, then, as n — oo,
m—1
172y Y Ay X Xy Xiy)
j=2 1§i|7é---7éi2m,j§n
X h(X,'l, ey Xij, Xim+l’ ey Xi2m—j) = Op(l).

Proof. In order to prove Proposition 8, it suffices to show that as n — oo, for
j=2,...,m—1, we have

72" Xy X, X
1<iy#-Fiyy—j<n

Xh(Xl'],...,X

s Xiy)

Pjprr e

ijs Xim+17 ) Xizm,j) = OP(l)'

Since the proof of the latter relation can be done by modifying, mutatis mutandis,
that of the next theorem, that is, Theorem 5, hence the detailed proof is omit-
ted. O

Theorem 5. If E|h(X|, ...,Xm)|5/3 < 00 andle(Xl) € DAN, then, as n — o0,

[n] 2! > h(Xiy, Xigs oo Xi) DA (X, Xi oo X))

I<iy#--Fiyn-1=n
1,
——Zhl(Xi) =op(l).
i

Proof. Here we make use of the property of complete degeneracy of functions
(summands) even though, here they will not be symmetric.
For further use in this proof, we consider the following truncation setup:

hl,...,m = h(Xl, ey Xm)7

h(l’?),m =hy,.., m1(|h|§n3m/5)’
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. 3, (m) (m)
12,....2m—1 '_h12 mhlm—H ..... 2m—1>

.....
.....
.....

.....

0 . g m)
R e =m0 (o < 20y
where, again, 14 denotes the indicator flinction of the set A and £(-) is a slowly
varying function at infinity associated to 41(X1).
In view of the above set up, observe that as n — oo

k
P( Z hlll2 ,,,,, lmhlllm+1 ,,,,, tszl?é Z hil,...,iz,nl)

I<iy#-Fiom—1<n I<iy#-Fiom—1<n

Hence, the asymptotic equivalency of Zl§i17é~-~7éi2m_1§n hiyiy Ritipyst s .iom—t
and its truncated version, thatis, > 1<, £..4i,, 1 <n h;kl _____ ir,,_; 1N probability.

Having the asymptotic equivalency of the original statistic and its truncated ver-
sion, to prove Theorem 5, we shall proceed by working with the truncated ver-
sion. Noting that due to lack of symmetry, the statistic of our interest, that is,
D t<iy#etiog_1<n M3y iy, 18 MOt @ U-statistic, once again here, we extend the
idea of Hoeffding procedure to represent U-statistics in terms of complete de-
generate ones in our context. This extension shall be done by creating complete
degenerate sums by adding and subtracting required terms. Then by employing
proper new truncations and applying Proposition 1 we conclude the asymptotic
negligibility of all of these complete degenerate sums in probability (cf. Proposi-
tions 9, 10 and 11) except for the last group of them which are of the form of sums
of i.i.d. random variables. Among those the latter mentioned just one (cf. part (b)
of Proposition 12) will asymptotically in probability coincide with % Iy fz%(X i)
and that will complete the proof of Theorem 5.

Now as it was already mentioned, by adding and subtracting required terms we

write
%
Z hil ,,,,, im—1

I<iy#--Fiym—1=n

----- Im

2m—1

— Z Z (_1)2m—1—d

1<i##iam_1<n | d=1

X Z E(h;kl,...,iz,n,I - E(h;kl ..... i2m71)|

1<ji<-<ja<2m—1
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X

ij1a~~'9Xl'j(1)
2m—2

+ ) > i(—l)ﬁ‘d

c=1 1<k;<--<k.<2m—1d=1
* *
X Z E(hil ~~~~~ iom—1 E(hi1,~-~,i2m71)|
1<ji<-<ja<c

X e, Xy )

71 Jd

= Z V@, ..., l2m-1)

1<iy#--Fiyp_1=n

2m—2

+ > > > V(ikgs - ix,)

c=1 1<ki<-<ke.<2m—11<i1#--F#iyp_1<n

+ Z E(h;k] ..... i2m—1)'

I<iy##iam—1<n

Proposition 9. IfElhl’m,m|5/3 < 00, then, as n — 00,

[n] 2" > V(il,....iam—1) =op(1).

I<iy#-Figm—1=n

Proof. Since V (i1, ...,i2n—1) posses the property of complete degeneracy, we
can apply Proposition 1 for the associated statistics and write, for ¢ > 0,
[n] =2 > Vi, ... iom-1)

P( > 8)
I<iy#--F#iyn-1=n

2
58_2E|:[n]_2m+1 > V(il,.--,izm—l)]

l<iy#---Fiyn_1=n

<e [ E[VA, ... 2m - D]

- - =1 - 2
SAS z[n] 2m+1n2m ln 2m+1E[hgrg,)‘..,mh?:rll)—&-l,...,2m—1]
< A7) 2P E by,

— 0, as n — o0.

The estimation for m > 3 that occurs in our next proposition does not appear,
and hence not needed, when m = 2. O
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Proposition 10. For m > 3, ifE|h12,Mm|5/3 < 00, then, as n — 00
[n] 72" *! Yoo V. ..six) =o0p(D),
I<iy#-Fiym—1=n

wherec=3,....2m—2and 1 <k <--- <k, <2m—1.

Proof. Based on the way iy, ,... i are distributed between hl(ffz) ..i, and
lgﬁlﬂ o] in two different cases when k1 = 1 and k; # 1, the proof is stated as

follows.
Case k1 = 1. Let s and ¢ be respectively, the number of elements of the sets

{ik17"-’ikc}m{i1’i2’"'7im} and {ik17"'7ikc}m{il’im+lv""izm—l}‘

It is clear that in this case, that is, k& = 1, we have that s, > 1and s +¢t=c + 1.
Now define

c
. . — T T
VT(lkl, ""lkc) = Z(_l)c d Z E(h;kl Dm—1 _E(h:kl i2m—l)|
d=1

I<ji<m<jo<c
(4.19)

C
r. . _ 7’ T’
Vi, i)=Y (=D > EM g, —EME )]
d=1 1<ji<-<ja<c (4.20)
Xik, 9 Xik )’

J1 Jd

where h¥ = p®) . pm and = x

i15eesiom—1 025 esdm Ul eesl2m—1 © 0 ilyeess i2m—1 [10250sim
)

ilim+l vvvvv i2m—1 :
Now observe that as, n — oo,

P( 3 Vikgs - nik,) # 3> VT/(ikl,...,ikC)>

1<ij#Fiyn—1<n 1<ij#Fiyn—1<n

§P< Z V(ikla"'vikg)?é Z VT(ikl"“’ikc)>

1<iy#-#iyp—1<n 1<iy#-Fiyp—1<n

+P< > VT Gy, ik

I<iy#Fiyn—1=n
T .. .
a > v (lkl,--.,lkc))
1<iy 5&'“3&’.2;1171 <n

< nsp(vlgn;) m| - n3s/5) +ntp(|h(m)

..... 1m+1,...,2m71| > ”31/5)

.....
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The latter relation suggests that
. . T /. .
> V(g .- i) and > VI Gy iny)
l<iy#---Fiym-1=n I<iy#---Fiym—1=n

are asymptotically equivalent in probability.
Since VI’ @ik, ..., ik,) 1s complete degenerate, Markov’s inequality followed
by an application of Proposition 1 yields,
[n] 2] > VI Gy oovin)| > e>
1<iy#---Fiyp_1=n

d
, 2
SS_ZE([H]_zm_'_I Z VT (ikl, ’lkc))

I<iy#--Fiym-1=n

<Ae = @n—1=0] E(3_phinir om 1)

<Ae2n— Qm—1—=0)] nnn IOy, 153
— 0, as n — oo.

The latter relation is true since when ¢ > 3, we have —c + W < 0.

Case k1 # 1. Similarly to the previous case let s and ¢ be, respectively, the
number of elements of the sets {ix,,...,ix.} N {i1,i2,...,in} and {ig,, ..., i} N
{i1t, im+1,.-.,02m—1}. Clearly here we have s, > 0 and s + ¢t = c. It is obvious
that in this case s, # can be zero but not simultaneously. More specifically, either
(s =c,t=0)or (s =0, =c) can happen and due to their similarity we shall only
treat (s =c, t =0).

Let VT(ikl, ..., Ig.) and VT/(ikl, ..., 1) be of the forms respectively, (4.19)
and (4.20), where
xT A (m)
hil ----- Dm—-1 " hiliz ,,,,, imhilim+1 ,,,,, 2m—1
and
«T' _ 3, ()
hil ..... Dm—1 hiliz,..,,imhilim+1,..,,i2m_1 .

Observe that as n — 00,
P( > V(iggs .. ix,) # > v (ikl,...,ikc))
I<iy#---Fiyn-1=n I<iy#--Fiyn-1=n

w PR > 035 nt PR | > n¥),

..........

<
nCP(|h(an1) m} > nSC/S) + P(‘hg’??—Q—l,...,Zm—” > log(n)),

.....
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=

.....

s=c,t=
— 0.

Applying Markov’s inequality followed by an application of Proposition 1 once
again yields,
=

P( [n] 2+ > VI Gk,
<A [n—@m—1-0] nnE(h) . mhgtn)wrl ,,,,, 1)

1<iy#Fism—1<n

Ae™2n—(2m —1—0)] n’/1E|hy,
s,t>0,s+1t=c,

,,,,,

.....

s=c,t=0
— 0, as n — oo.
This completes the proof of Proposition 10. u

..... m|5/3 <00 andﬁl(Xl) € DAN, then, as n — o0,

[n] 2 H! > V(iky iky) = 0p(1),
1<ij#F#iyn—1<n

where, 1 <k <ky <2m — 1.

Proof. As it was the case in the proof of the last proposition, we shall state the
proof for two cases k1 = 1 and k; # 1 separately.

Case k1 = 1. Again let s and ¢ be respectively the number of elements of the
sets {ik,, ik, ) N {i1, 02, ..., im} and {ig,, ix,} O {i1, imt1, .., i2m—1}. It is clear that
in this case we either have (s =2, = 1) or (s = 1, = 2) which due to their
similarity only (s =2, ¢ = 1) will be treated as follows.

Define
2 T T
T/ . 2—d * *
14 (lkl ’ lk2) = Z(_l) Z E(hil ,,,,, Dm—1 E(hil,...,izm_1)|
d=1 I<ji<-<ja=2
X. 9 ’X. b
lkjl lkjd)
T/ 2 2-d 7’/ 7’
N - * *
14 (lkl’lkz) - Z(_l) Z E(hi1 ..... m—1 E( i1,,..,i2m_1)|
d=1 1< <<ja<2

Xik/-l""’Xik ),

id
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T @) (m) T’

* _ * _
where hi] ..... iam—1 hi1i2 ,,,,, imhilim+l ~~~~~ i2m—1 and hil ,,,,, Dm—1 "~ ii2,enim
©)

Dimglseesiom—1"
Having the above setup, as n — oo, we have

P(X Vi X Vi)

1<iy#--#iym—15n 1<iy#Fiam—1<n

P L ViiwE X Vi)

1<ij#Fiyp—1<n I<iy#Fiym—1=<n
+ P( Z VT(ikla ik, # Z VT/(ikl ) ikz))
1<iy#--Fiyn—1<n 1<iy#--Fiyp—1=n

<n2P(IR 1> %) +nP (IR (X)) > n'/?e(n))

< E(Iho, .l pyoors)) +n PR (XD > n'2e(n)
=1 (n) + L(n).

It can be easily seen that as n tends to infinity /;(n) — 0.
To deal with I>(n), we write

nP (R (X1)| > n'e(n))

sy

§nP(MKXQ|> 5

nl/zﬁ(n)
=)

. 12
§nP(MKXQ|>E—£&Q)

2
+ 20" 207 ) E (1Rt 2m—1 A gy pimss))

n'2¢(n)
=)

+ 2012072 0= () E g

§nP(MKXQ|>

5/3
2m71|/

.....

— 0, asn — 0.

The latter relation is true since ﬁl(X 1) € DAN and m > 2, and it means that
Ir(n) = o(1). Hence the asymptotic equivalency of Zliil;é,,,#izm_lfn V(i iky)
and 3, 2.4y, <n VT (k. ik,) in probability.

Before applying Proposition 1 for [n]~2"+! D1 <iyshersting, 1 <n VT,(ikl,ikz),

since we know that k; =1 and s =2, due to symmetry of h;,;, without loss
of generality we assume that kp = 2.

----- Im>
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Now for ¢ > 0, Markov’s inequality and Proposition 1 lead to

P( 172 v G| > s>

1<iy#-#iam—1=n
<Ae[n—(@2m—-3)]"?
) ?2) ®) 2
wlimiteome1 = E(3 limer. am—1)1X1, X2))

2
X E(E(hgz)

+Ae 2 [n—2m—3)]?

2 ¢ 2 ¢ 2
X E(E(hEZ),...,mhganrl ..... m—1 E(h§2),,..,mh§n)1+1 ..... om—1)1X1))

(2) ©) (2) (£) 2
xE(E(h12 ..... mMimt1,.. 2m—1_E(h12 ..... mMimt1,.. 2m—1)|X2))

= As2[n — 2m — 3)] 2n2 I (n)
+ Ae72[n — 2m — 3)] 2 ()

+ A2 [n — 2m —3)] 2nP I (n).

Considering that as n — oo, [n — (2m — 3)]_2n2 — 1, we will show that

Ji(n), J2(n), J3(n) = o(1).

To deal with J;(n) write

i) < nE(ERG ko a1 1X1. X2))

¢
m|X1’X2)E2(h(1n)l+1 ..... om—11X1))

2 (g, (m)
lel’XZ)E (hlm+1 ..... 2’"—1|Xl)1(|ﬁ§m)(X1)|§n1/2€(n)))

.....

- EE0
— EE

.....

A
S
|
~
(3]
~
=
~
!
—_
=
5O
3
N—
[\

< n PR m)Eh,.. ml?
— 0, asn — 0o,

that is, J1(n) = o(1). A similar argument yields, J>(n) = o(1), hence the details
are omitted.
As for J3(n) we write

By = n2E(E(RS kit ame11X2))

..........

_ 2 J4 2
= n ZE{E(E(hEZ),...,mhgrr)l—H ..... 2m—1|X1""’Xm)|X2)}

_ 2 ¢ 2
=n ZE{E(hEZ),...,m|X2)E(h(ln)1+l ..... om—11X1)}
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< n3PCWE ...
— 0, asn — oo.

The latter relation means that J3(n) = o(1). By this the proof of Proposition 11,
when k1 = 1, is complete.

At this stage, we state the proof of Proposition 11, when kj # 1.

Case k1 # 1. Once again let s and ¢ be respectively, the number of elements of
the sets {ix,, ix, N {i1, 72, ..., im} and {ix,, i, }O{i1, ims1s - - -5 i2m—1). Itis obvious
that in this case the possibilities are s =¢ =1 and when m > 3, (s =2,¢t =0) or
(s =0, =2). We shall treat the cases s =t =1 and when m > 3, (s =2,t =0),
separately as follows.

Case ki # 1: s =t = 1. We note that here we have k| € {2,...,m} and k; €
fm+1,...,2m—1}.

Now define

2
Vi i) =Y (=>4

d=1

T T
X Z E(h;kl,.“,izm_l _E(h;k] ..... izm_1)|Xik- ""’Xik~ )’

I<ji<o<ja=<2

2
VI ity i) = Y (=14

d=1

T
X Z E(h;kl,...,iszl _E(h;k] ,,,,, i2m71)|Xikj "”’Xik_4 )’

I<ji<-<jg<2

where h}' =nl) n o and hE = !

senesi2m—1 1102, eeslm DL eesi2m—1 seresi2m—1 102,0sim
1
1 . . Now observe that as n — oo, we have
imA415-+512m—1

P( Z V(ikl yiky) #* Z VT/ (iky ik2)>

1<iy#-Fiom—1<n 1<iy##iym—1<n

P X Vit X Vi)

1<iy#--#ian—1=n 1<ij#Fiyn—1<n
+P< > V(g i) # > VT/(ikl,ikz))
151'17&“‘76!'2,”7]5}1 15i17é"'7éi2mfl§n

.....

.....

— 0.
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In view of the latter relation, we apply Proposition 1 to the sum

[n] =2+ 3 VT (g, iny)

1<ij#Fiyn—1<n

and we get

P<[n]_2'"+1 > Vi) > 8)

1<iy#-Fiym—15n

.....

— 0, asn — oo.

This completes the proof of Proposition 11 for the Case k1 #% 1 when s =1 = 1.
Case k1 #1: (m = 3) s =2,t = 0. In this case, we first note that k1, k €
{2,...,m}. Now define

2
V(i i) =Y (D>
d=1
T

T
* *
X Z E(hi1 ..... m—1 E(hils~~v,l'2m_1)|Xikjl PR Xik.

Jd
I<ji<-<ja=<2

).

2
VT ity i) = Y (=D

d=1
T’ il
X Z E(hil ,,,,, m—1 E(hil,‘..,i2m71)|xikjl ’ ’ Xikjd)’
I<ji<-<ja=2
r 2 m il )
where hf A A . and h¥ =n? o«
Lseees 2m—1 U125eeslm U415 12m—1 I15eees 2m—1 112, 5lm

(0)

Fimt1seeeri2m

P( > V (ig,» ik,) # > v (g, ikz))

1<iy#-#iom—1<n I<iy##iam—1=<n

5P< Y Viim# Y vT<ik,,ik2>)

1<iy#-#iyp—15n I<iy#-F#iyp—1<n

+ P( > Vi, in,) # > VT'(ikl, ik2)>

1<iy#-#iym—1=n 1<iy##iym—15n

_,- Now observe that as n — 00

= ”ZP(Vl%)m’ >n®P) + P(|hm)+1,...,2m—1| > log(n))
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< E(1h12,...m PP o nsss)) + P(Ihimtr.... 2m—1] > log(n))
— 0.

The latter relation together with degeneracy of VT (i \» lky) enable us to use Propo-
sition 1 once again and arrive at

P([n]‘”"“ Y Vi) > e)
1<iy##iym—15n
_ _ 2
<Ae*[n—(@2m-3)]" *n’n 2E(h§22) h§(12+1 ..... m—1)
< Ae72n — @m —3)] 20?0 10g O ) Elhr,

— 0, asn — o0.

.....

Now the proof of Proposition 11 is complete. 0

Remark 11. Before stating our next result, we note in passing that when k; = 1
then, [n]~2"+! Y \<iycting 1 <n V (iky) is of the form

n

-1
[n — @2m —2)] > E(hia. om—1— E(hi o om—1)1Xi))s
el o}/, 2m—1)

otherwise, that is, when, for example, k| = 2 it has the following form

n

1
[n—(Q2m —2)] > E(hTis om—1 — E(Mlis. om—1)1Xi),
inell,on}/ (1.3, 2m—1)

and soon for k; € {2,...,2m — 1}.

Proposition 12. If E|hy._ >3 < oo and hy(X) € DAN, then, as n — oo

(@) [n]72mH! > Vi) =op(l)  forkie{2,....,2m —1},
l<iy#-Fiym-15n

(b) [”—(2’"—2)]_1 Z E(hiy,  om—1 — E(h)y om—1)1Xi)

.....

,,,,,

Proof. First we give the proof of part (a). Due to similarities, we state the proof
only for k| = 2.
Define

VT(lz) = ( 0102,..., im - E(h:kllz i2m71)|Xi2)’

.....

VT (i) = E(hY), _E(m,

i1,y im i1iz,..., i2m71)

|Xi2)a
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r (1 (m) T’ _ (M
where h;k]iz,...,iszl = hi]iz ,,,,, imhi:r;qu,...,isz] and h;kliz ,,,,, om—1 hiliZ ~~~~~ im X
go.) .. Again observe that as n — 00,
1m+1sees m—1
P( oo vinE Y, VT (i2)>
1<iy#--Fiyp—1=n I<ij#Figm—1=n
< P( > V(i) # > VT(iZ))
1<ij#-Fiym_1=n 1<iy#-Fiym—1=n
wr( X Viz ¥ VT/(i2)>
1<iy#-Fiyn—1<n I<iy#-Fim—1=n
S’“D(|h§’§,)...,m| >n*) + P(‘h(l’:;)-i—l ..... om—1] > log(n))
< E(h12,..n 1o nsss)) + P(Ihimsr....2m—1] > log(n))
—0
An application of Markov’s inequality yields
P( [n] 2! 3 v ()| > g)
I<iy#Fign—1=n
- -1 1 0 2
<Ae*[n—Q2m—2)] nn IE(h§2),...,mh§n1+l ,,,,, m—1)
< Ae™*[n— (2m — 2)]_1nn_3/1010g7/6(n)E|h12 ..... ml>?
— 0, asn — oo.
This complete the proof of part (a).
In the final stage of our proofs, to prove part (b) first define
h*(x) = E(h1a,...m 1y pinss) | X1 = X)
and write
S — i E(hi, . om—1 — E(hi,. om—1)1Xi)
i2,..., m— i2,..., m—
n=2m+2, ., n) /(2,0 2m—1)
1 & -
+ E(hia, om—1) = " > hi(Xi)
i=1
1 i E(h} 1X;) 12’1:;}2()()
=55 i2,...2m—114i) = — 1A
n=2m+2, ., n} /2, 2m—1) 3
1 n
S =515 > E(hy,.. om—11Xi) (4.21)
n—2m+2 ie{l,.n)/12,...2m—1)
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1 no 2m — 2 A
R h2 ¥, _em—-2Z hZ X;
n—2mt2 1 1)+n(n—2m+2); 1
1 n
Y L 3 E(his.. om-11Xi)
n_2m+2ie{1 ,,,,, n/{2.....2m—1}
| -
I 3 hi(Xi)
n_2m+2ie{1 ..... n}/A2....2m—1}
1 2m—1 2m — 2 =
————— Y M)+ ————— ) (X
T am 12 l; 1 l)+n(n—2m+2)i§1 e
1 ) ~ -
- > (R X+ h*(Xi”’
n=2m+20, I ame)
| 2m—1 _ 2m —2 -
- X))+ —————- > (X
+n—2m+2 ,2 1( Z)+”(”_2m+2)i:1 e
1 < Z . 1/2
< hl(Xl)>
n=2m+2\, G 2met)

i 12
(X o)

iell, . n}/{2,.,2m—1)

1 B 1 2m—1 _
I ) WX+ ————5 Y h(X)
n=2m+2, . n} /2, 2m—1) n—2m+2 =
n(n —2m+2) = L

. 1 2m—1 7
. It is easy to see that as n — 0o, we have P v} Zi;”z h%(Xi) =op(1). Also
in view of (4.1), that is, Raikov’s theorem in the present context, we have

2m —2 "

— = N"R(X) =op(D), .
n(n—2m+2); (X)) =o0p(1) asn — oo

Hence, in view of (4.21), in order to complete the proof of part (b), it suffices to
show that as n — o0,

1 -
S 3 h*2(X;) = op(1).

iell,..n}/(2,....2m—1}
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To prove the latter relation, we first use Markov’s inequality and conclude that

P< > h*2(X;) > e(n —2m—|—2))

iell, . n}/{2,., 2m—1)

§8—1/2(n_2m+2)—1/2 Z E|E*2(Xl)|1/2

iell,..n}/{2,....2m—1}

<e V2 —2m +2)12E|h*(X))|

<e V2m—2m+ 2)l/zn_l/znl/zE(lhlz,...,m|1(|h|>n3m/5))
<e V2 —2m+ 2)1/2n’1/2E(|h12,...,m|5/(6m)+11(|h|>n3m/5))
—0, as n — oo.

The last relation is true since for m > 2, we have that % +1< %, and this com-
pletes the proof of part (b) and those of Proposition 12 and Theorem 5. U
O
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