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Abstract

In this paper, we prove exponential tail bounds for canonical (or degenerate) U-
statistics and U-processes under exponential-type tail assumptions on the kernels.
Most of the existing results in the relevant literature often assume bounded kernels
or obtain sub-optimal tail behavior under unbounded kernels. We obtain sharp rates
and optimal tail behavior under sub-Weibull kernel functions. Some examples from
non-parametric regression literature are considered.
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1 Introduction and Motivation

In this paper, we study the properties of the U-statistic

U= Y ¢(Yow;(Xi, X))y (Y), (1)

1<i#j<n

where 71 = (X1, Y1),...,Z, = (X,,Y,) are independent but possibly non-identically
distributed random variables defined on a domain X x 2), for functions ¢, ¢ : ) — R and
{wi’j X xX > R:1<i#j<n} represents a set of bivariate functions. U-statistics
of type (1) appears frequently in nonparametric statistics literature although not exl-
cusively. For example, suppose X1, ..., X, are independent and identically distributed
(i.i.d) realizations of a random vector X € RP with Lebesgue density f. Consider the
problem of estimating the quadratic functional

N(f)= | Playe =E[£(X)].
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A natural estimator for this functional is given by

f(f)::(n_ll)hp Z K<X X> Zf (2)

1<i#j<n

where h,, represents the bandwidth and f (=9)(.) represents the leave-one-out kernel den-

sity estimator:

(=i . 1 "~ Xj — T

0= X K (55

J=137#i
Here the function K'(-) is assumed to be symmetric and satisfies [, K (z)dx = 1. This
estimator was introduced by Hall and Marron (1987) and was studied thoroughly (in
terms of adaptivity) for p = 1 in Giné and Nickl (2008).
Similarly, to estimate integrals involving the conditional expectation function from

i.i.d realizations (X1,Y1),...,(Xn,Yy) of (X,Y), the following U-statistics appears:

1 X; — X,
i 3 e (S,
n(n — 1)hn T hn,

Both the U-statistics I'(f) and U are of type (1).

Apart from nonparametric statistics literature, U-statistics of type (1) also araise
in relation to Hanson-Wright-type inequalities. The classical Hanson-Wright inequality
concerns tail bounds for the quadratic form G AG where G is a standard multivariate
normal random vector in R™ and A € R™ "™ is a positive semi-definite matrix; see
Theorem 3.1.9 of Giné and Nickl (2016). For further applications of Hanson-Wright
inequalities, see Rudelson and Vershynin (2013) and Spokoiny and Zhilova (2013). Note
that for any random vector Y € R" and matrix A € R™*"

YTAY = ) YiAGL))Y;
1<i,j<n

where A(i,j) represents the i-th row, j-th column entry in the matrix A. Thus, the
quadratic form Y TAY is also a U-statistics of type (1). Observe that in this case
w; j(+,-) = A(i,j) identically and X;’s can take arbitrary values.

Motivated by the examples above, we study the properties of the U-statistic U,.
Before proceeding further, we briefly discuss degenerate and non-degenerate U-statistics.
See Serfling (1980, Chapter 5) for more details. For any sequence of functions (called

kernels) f; ;(-,-) and independent random variables Zi, ..., Z,, a U-statistic is given by
Tn = Z f’i7j(Zi7 Z])
1<i#j<n

Note that the diagonal terms (i = j cases) are ignored in the summation above. If
these diagonal terms are included then the resulting statistic is called a V-statistic. The
U-statistic U, is called degenerate or canonical if the kernel functions satisfy

E [fi,j(Zia ZJ”ZJ = E [fi,j(Ziy Zj)‘Zj] = O, fOI‘ all 1 S 7 7'&] S n. (3)



If the kernel functions do not satisfy (3), then the corresponding U-statistic is called non-
degenerate. It is not difficult to see that a non-degenerate U-statistics can be written as
a sums of independent mean zero random variables and a degenerate U-statistics:

= Y fhZ.z) +Zgj +Zh (4)

1<i#j<n J=1
where
(2, 2;) = £,5(Zi, Z3) — B [ fi,5(Zi Z)| Z;) = E [ fi,5(Zi Z)| Zi] + B 1fij(Zi, Z5)]
9i(Z5) = > {E £i.4(Zi, Z)|Z;] — Efii(Zi, Zj)] } (5)
i=1,itj
hi(Zi) = Y {E £i.(Zi, Z)|Zi) — E|fi(Zi. Z;)] }
=L

It is clear from these expressions that the kernels Z%(-, -) satisfy (3) and so are degenerate

kernels. Since T, 7(11) and TT(L2) in (4) are sums of independent random variables with mean
zero, they can be understood easily from the classical results like the central limit the-
orem (asymptotically) and Bernstein/Hoeffding inequalities (non-asumptotically). For
this reason, we focus mostly on the degerate part of (4) in the rest of the paper and de-
rive non-asymptotic moment as well as tail bounds when the non-degenerate U-statistics
is of the form (1). Our main tool is the decoupling inequality proved in de la Pena
(1992). We refer to de la Pena and Giné (1999, Chapter 3) for more details regarding
decoupling in U-statistics. After deriving non-asymptotic tail bounds for degenerate
U-statistics we provide the same for supremum of degenerate U-statistics over a func-
tion class. Suppose F, is a class of sequence of functions (degenerate kernels) of type
= Z%(-,-): 1 <i# j<n} and define

- Y Bz
1<i#j<n

Then {U,(f): f € Fn} can be viewed as a process called the U-process and we provide
exponential tail bounds for the supremum:

Un(F) := sup |Un(f)|.

feFn

An important application would be the study of uniform-in-bandwidth properties of the
estimator I'(f) in (2), that is,

sup  |L(f;hn) —E {f(f;hn)} :

hne[anybn}

for some numbers a,,, b, € (0,1). Further applications can be found in de la Pena and
Giné (1999, Section 5.5) and Major (2013). As a final note, we mention that even though
our techniques extend to U-statistics/processes of higher order, we restrict ourselves to
second order U-statistics/processes.



1.1 Literature Review

In this section, we review some of the by-now classical exponential tail bounds for degen-
erate U-statistics and supremum of U-processes. Proposition 2.3 of Arcones and Giné
(1993) proved a Bernstein type inequality for degenerate U-statistics/processes. For the
degenerate U-statistics
Upi=n"" > f(Z72),
1<i#j<n

with i.i.d random variables Z1,..., Z,, 0% = Ef*(Z;, Z;) and ||f| ., < C, there exists
constants c1, co > 0 such that for any ¢ > 0,

Clt
P(|Un| > 1) < crexp (—J n (Ct1/2n1/2)2/3> '

This tail bounds has two regimes: exponential and Weibull of order 2/3. Because of
the appearance of the variance, this tail bound provides the current rate of convergence.
Theorem 3.3 of Giné et al. (2000) improved the tail bound by providing the optimal
four regimes of the tail: Gaussian, exponential, Weibull of orders 2/3 and 1/2. Houdré
and Reynaud-Bouret (2003) gave an alternative proof to the result of Giné et al. (2000)
using martingale inequalities with explicit constants. In particular, Theorem 3.3 of Giné
et al. (2000) shows that for all ¢ > 0,

1 [t 33 12
P(|nU,| > t) < Lexp —Zmln D BB AR ,

for some constants A, B,C, D and L. The main disadvantage of the results above is the
restrictive boundedness assumption. Theorem 3.2 of Giné et al. (2000) actually applies
without the boundedness condition but the tail bound thus obtained is sub-optimal. For
example if f(Z;, Z;) = Yig(X;, X;)Y; where Z; = (X;,Y;), |9/l < C < oo and Y;’s are
mean zero sub-Weibull variables of order o > 0, that is, P(|Y;| > t|X;) < 2exp(—t%).
Then Theorem 3.2 of Giné et al. (2000) implies a tail bound of the form:

1 . (2t to g2
P(|nU,| >t) < Lexp <_me{C'2’D’BO‘17/W2})’

where a;! = (3/2 4+ 1/a) and a; ' = (2 + 2/a)~!. This is sub-optimal in comparison
with the results of Kolesko and Latata (2015, Example 3). On the other hand, the
results of Kolesko and Latala (2015) do not get the correct rate of convergence as can
be obtained from the results of Giné et al. (2000). This is because the bound of Kolesko
and Latata (2015) does not depend on the variance. We are not aware of any tail bounds
in the literature that implies the correct rate of convergence as well as the optimal tail
behavior.

In regards to the tail bounds for U-processes, some of the important works are
Adamczak (2006), Clémencon et al. (2008) and Major (2013). The latter two papers
only consider bounded kernels and the bounds of Adamczak (2006) are written in terms



of functionals that are in general hard to control. The results of Major (2005) and Ma-
jor (2013) apply only to bounded kernels and are written for VC class F,, but imply
the correct rate of convergence. However, the results there do not show the optimal
four regimes in the tail behavior. Theoerem 11 of Clémencon et al. (2008) is written
as a deviation inequality but does not imply the correct rate of convergence. For in-
stance, if f(X;, X;) = €6, K((X; — X;)/h) with €; being Rademacher random variables
indepenedent of X; € RP, then the rate of convergence of

T, := sup Z gig; K <z A j) ;
he{hn} l1<izj<n

from Theorem 11 of Clémengon et al. (2008) is n || K|, = O(n) (because of F'n in the

moment bound) but the correct rate of convergence is nhﬁ/ 2 (that can be obtained by cal-
culating the variance). As in the case of U-statistics, we are not aware of any tail bound
results that can obtain the correct rate of convergence and apply to unbounded kernels.
Using the techniques of truncation, decoupling technique and the entropy method of
Boucheron et al. (2005), we prove a deviation inequality for degenerate U-processes that
implies the correct rate of convergence and the optimal tail behavior.

The remaining article is organized as follows. In Section 2 we prove exponential tail
bounds for degenerate U-statistics of the product form kernel in (1). In Section 3 we
prove a deviation bound for degenerate U-processes and also provide maximal inequali-
ties to control the expectation of the maximum.

2 Tail Bounds for Degenerate U—Statistics

Recall the setting of the random variables and U-statistics from Section 1. There are n
independent random variables Z; = (X1,Y1), Z2 = (X2,Y2),...,Z, = (X,,Y,) on some
measurable space and sequence of functions {w; ;(-,) : 1 < i # j < n}. Consider, for
functions ¢(-) and v (-) the U-statistic

Un = Z fij(Zi, Z5),  where  fi;(Zi, Zj) := §(Zi)wi j(Xi, X;)(Z5).  (6)

1<i#j<n

The kernels f; ;(-,-) are not required to be degenerate here. We will derive moment and
tail bounds for the degenerate version of the U-statistics T)° given by

Uy = > .z,

1<ij<n

for the kernel fz%(-, -) defined in (5). We first prove a basic lemma that reduces the

problem of moment bounds on UP to a symmetrized version of U,,; see Theorem 3.5.3
of de la Pefla and Giné (1999). For any random variable W, set ||[W]||, = (E[|W[P])Y/P
for p > 1.



Lemma 1. For any p > 1,

U2l <Cl > eeifis(ZZ))|
1<i#j<n P

for Rademacher random variables (;,€; : 1 <i <n). Here C can be taken to be 192 and
Zy = (X1, YY),.... 2] = (X],Y,)) represents an independent of n independent random

n’-n

variables such that Z; is identically distributed as Z; for 1 <i < n.

The proof of this lemma (in Section A) is based on the by-now classical decoupling
inequalities of de la Pena (1992) and de la Pena and Giné (1999, Chapter 3). The result
also holds in case of degenerate U-processes and does not require the special structure
of the kernels f; ;(-,-) in (6).

To prove moment and tail bounds for degenerate second order U-statistics with
unbounded kernels, we use the following assumptions. Define a random variable W to
be sub-Weibull of order a > 0 if [[W{|,, < oo, where ¢o(x) = exp(z®) — 1 for z > 0 and

Wy, =nf{C>0:E[p (W[/C)] <1}.

Several properties of sum of independent sub-Weibull random variables are derived
in Kuchibhotla and Chakrabortty (2018). The main focus of this section is to extend
these results to degenerate U-statistics of special type. Consider the following assump-
tions.

(A1) There exists constants 0 < a, 3, Cy, Cyy < 0o such that

Z)|*
max [E [exp <M> ‘Xz] <2, and max E

1<i<n Cg 1<i<n

B
exp (W’(jg)‘ ) \Xi] <,

(]

hold almost surely.
(A2) The functions {w; ;(-,-) : 1 <1i# j < n} are all uniformly bounded, that is,

/
max sup w; j(z,2")| < By.
13i¢f§n(x,x/)exxx‘ 0s(®,2)] < B

The main technique in our proof is truncation and Hoffmann-Jgrgensen’s inequality.
Assumption (A1) implies that conditional on X;’s the maximum of ¢(Y;) is at most
a polynomial of logn (in rate). This along with Assumption (A2) allows us to apply
truncation at this rate and study the truncated part using the sharp results of Giné
et al. (2000). The unbounded parts of smaller order are controlled using Hoffmann-
Jorgensen’s inequality. The bound B, in Assumption (A2) is allowed to grown in n
and all the kernels are also allowed to be function of n. All the results to be presented
here are non-asymptotic. For more applications of this technique see Kuchibhotla and
Chakrabortty (2018).



Define

T, := 8E max |¢ |X1,...,Xn}, Ty —8E[max [ (Zi)| | X1, ... X
1<i<n

and the truncated random variables

i1 —<b( DUHo(Z)| < Ty}, and @i := ¢(Z)1{|¢(Z:)] > Ty},
1= ZHH[W(Z))| < Ty}, and  Wjo:=(Z))L{[$(Z))| > Ty}

It is clear that ¢(Z;) = ®;1 + ®;2 and @D(Z’) \I" 1t o’ " 5. Based on these, note that

(7)

O(Zi)wi j(Xi, X)U(Z5) = Py pw; j( Xy, X5) W)y 4 @ 0w; (X, X)W

(8)
+ ©i1wi ;i (Xi, X )\I’/ 2t leJ(X’LaX )

The first term on the right hand side is bounded by Ty B,T;. The second and third
terms are non-zero only when ®; 9 and \11372, are respectively non-zero, which can only
happen with only a small probability under Assumption (A1). Finally, the fourth term
can be non-zero only if both ®; and \113’2 are non-zero which can happend with even
smaller probability. These four terms leads to four different degenerate U-statistics that
will be controlled separately in Section A.1 to prove the following result. We need the
following notation: for 1 <1i,j5 < mn,

07 4(x) =E[¢*(Z)|Xs = 2] and o}, (z) = E[*(Z;)|X; = a].

Define Ay := CyCy By, (logn)® 77" and

Mijpi= | Y Efofs(Xiwi;(Xi Xj)07 4 (X;)] ;
1<iAj<n

Avi=supd Y Egi(X)oi s (Xo)wi (X, Xj)os.0(X;)pi (X)) :

1<i#j<n
Y E[@(X)] <1, Y E[p(xX)] <1},
j=1 i=1
" 1/2
Ay = Cylog )/ sup max | 3 E [w;(z, X;)7,(X;)]
j=

1<5<n

1/2
Aé% = Cd,(logn) sup max (ZE w; (X, 7)o Z(ZS(X )])

Ay = (log n)l/QAg/; (logn)Aa,
Ag+ = (log n)l/QAé/)2 (logn)Aas.



The quantities A /27A1,Ag7;,Ag€)2,A2 also appear in the case of bounded kernels as

shown in Theorem 3.2 of Giné et al. (2000).

Theorem 1. Under Assumptions (A1) and (A2), there exists constant K > 0 (de-
pending only on «, ) such that for all p > 1

HUnDHp < Kp1/2A1/2 + KpAi + Kpl/a*Aa* + Kpl/ﬁ*Aﬁ*
+ Kpl/“l/a*Aéc/g + Kpl/“l/ﬁ*/\é% L Rpl et .

Here o := min{a, 1} and f* := min{s,1}. By Markov’s inequality, there exists a
constant K' > 0 such that for any t > 0,

P(|UP| > K'Top(t)) < 2exp(—t), 9)
where

Tas(t) = VA g + tAy + 1% Age + /7 Ag.
+ tl/ﬂl/a*Aé% - tl/“ﬂ*Agfj)Q 4l em /B g

Remark 2.1 (Comparison with previous results) As noted in the introduction, an
important feature of our result is that the kernel is allowed to be unbounded with proper
tail behavior. The tail of the degenerate U-statistics as shown in (9) has seven different
regimes, the prominent ones being the Gaussian and exponential parts. These seven
regimes collapse to five if « = 8. In particular, if o = § < 1, then for p > 1,

21, < K920, 2+ oy + K [ {AG) + A} + oz

+ Kpl/2+i/a [A(a)

) +A(’8)} +Kp1/°‘+1/*BA2.

3/2
If « = 8 = oo, then our assumption (A1) implies boundedness of the kernels. In
this case, only four regimes remain and these four regimes coincide with those shown
in Theorem 3.2 of Giné et al. (2000). Additionally in the case of bounded kernels
(¢ = p = o0), our result essentially coincides with Theorem 3.2 of Giné et al. (2000)
except for the additional y/logn and logn factors. We believe these to be artifacts of our
proof although we do not know if these factors can be avoided in the general setting. It
is worth mentioning here that we could not use the proof technique of Giné et al. (2000)
to avoid these factors. o

3 Tail Bounds for Degenerate U—Processes

In this section, we generalize Theorem 1 to degenerate U-processes. Consider

U,(W) := sup |Up(w)|, where U,(w):= Z eip(Zi)wi j(Xi, X;)(Z})el,
wew 1<i#j<n



for some function class W with elements of the type w = (w;j)i<izj<n. If W is a
singleton, then this reduces to the U-statistic studied in Section 2. Here ¢4, ..., &, denote
an independent sequence of Rademacher random variables as before. For simplicity, we
consider the symmetrized version and by Lemma 1 the results also hold for the original
degenerate U-process; see Theorem 3.5.3 of de la Pefia and Giné (1999) for details.

U-processes were introduced in Nolan and Pollard (1987) to study cross-validation
in the context of kernel density estimation. They studied uniform almost sure limit
theorems and established the rate of convergence. These results parallel the Glivenko-
Cantelli theorems well-known for empirical processes. Functional limit theorems were
established in Nolan et al. (1988). Exponential tail bounds that parallel the classical
Bernstein’s inequality for non-degenerate and degenerate U-statistics were given in Ar-
cones and Giné (1993). They also established LLN and CLT type results under various
metric entropy conditions. Most of these results require boundedness of the kernel func-
tions. Being asymptotic in nature, some of these results can be extended to the case of
unbounded kernels using a truncation argument. Finite sample concentration inequali-
ties for degenerate unbounded U-processes are not readily available.

The only work (we are aware of) that provides general results for U-processes appli-
cable to U, (W) is Adamczak (2006). In this work, degenerate U-processes of arbitrary
order were considered. However, the moment bounds for U-processes in this work de-
pend further on the moment bounds of some complicated degenerate U-processes of
lower order. Furthermore, the tail behavior thus obtained is not sharp for unbounded
U-processes.

To avoid measurability issues for U, (W), we use either of the following conventions.
One simple assumption on W used in van der Vaart and Wellner (1996) that implies
measurability is separability and in this case we can take W to be a dense countable
subset of W. Another convention used in Talagrand (2014) is to define for any W and
increasing function f(-),

E[f (U,(W))] := sup{E [f(Un(F))] : F C W a finite subset} .

Based on either convention, we treat ¥V as a countable set for the remaining part of this
section.

One “simple” way to obtain tail bounds for U, (W) is via generic chaining as follows:
First apply Theorem 1 for U, (w) — Uy, (w") for functions w,w’ € W. The tail bound (9)
provides a mixed tail in terms of various semi-metrics on W. Using these and follow-
ing the proof of classical generic chaining bound (e.g., Theorem 3.5 of Dirksen (2015)),
one can obtain tail bounds for U-processes in terms of y-functionals; see Talagrand
(2014) and Dirksen (2015) for details. A problem with this approach is the complica-
tion in controlling the -functionals. This approach with Dudley’s chaining (instead of
generic chaining) was used for bounded kernel U-processes in Nolan and Pollard (1987)
and Nolan et al. (1988).

In the following, we first provide a deviation inequality for U, (W) and then prove
a maximal inequality to control the expectations appearing in the deviation inequality.
For these results, we consider the following generalization of assumption (A2).



(A2’) The functions {w : w € W} are all uniformly bounded, that is,

sup  sup max ’wi7j($,x’)’ < Bw.
weW (z,z")exXxx 1Si#j<n

We will use the notation of ®; 1, ®;2, ¥} |, ¥, given in (7). For the main result of this
section, define

Ao (W) := (logn)® "+ C4Cy B,

n
E,1(W):= C’w(logn)l/ﬂ sup max E | sup Z gi®i 1w i (Xi, )| ,
zex 15 weW |, S

n
Ena(W) := Cy(logn)** sup max E | sup Z Wl wij(z, X))
zex 1SiSn | yew ot ’

20,,1(W) :=E | sup sup Z Eifl%,l/pj(x)aj’¢(x)wi’j(Xi’x)PXj(dQU) 7
_wEW {p;} 1<i#j<n

W, 2(W) :=E | sup sup Z 5;\119-71/qi(w)ai,(b(a:)wi,j(x,X]{)Pxi(dx) ,
_wEW {4} 1<i#j<n

1/2
n
1/2
anl (W) := Cy(log n)l/ﬂ Slelg 516111/)\} lrg]aécn Z E[Uzd)(Xi)wij(Xi,m)] ,
rerw T \i=1i#)
. 1/2

1/2
Zn{Q (W) := Cy(log n)l/a Slelg Sgul/)v Juax E E [‘712}1&<Xj)wi2,j (:c,Xj)] ,
PERWETRTE =L

I($w)wlly sy = sup supsup Y E [q:(Xi)oi6(Xi)wi j(Xi, X[ (X))ps(X])] -
weW {ai} {pi} 1<izj<n

Here in the definitions, the supremum over {¢;} (or {p;}) represents supremum over all
function (qi1,...,qn) (or (p1,...,pn))satisfying

Z/q?(m)PXi(dm) <1, and Z/p?(x)PXi(dm) <1,
i=1 Jj=1

where Py, (-) denotes the probability measure of X;. Note that ||(¢wi))w||,_,, is similar
to Ay defined for Theorem 1.

Theorem 2. Under assumptions (A1) and (A2'), there exists a constant K > 0 (de-

10



pending only on «, ) such that for allp > 1

[t (W), < KE [UDO0)] + Kpl/2(0,109) +20,200) + Kp [ (i)l 5
+ Kpi/e” [ERQ(W) i 2711/22()/\;)\/@4- As(W) log n}
KPP [0 O) + SY20W)Viogn + AsOW)log]
N Kpl/ﬂl/a*ziﬁ(w) i Kp1/2+1/,8*2i{12(w) T Kpl/"‘*“'l/ﬁ*Ag(W)'
Proof. See Appendix B.1 for a proof. =

If W is a singleton set, then the above result reduces to Theorem 1. From the moment
bound above, it is easy to derive a tail bound using Markov’s inequality. In comparison,
we again get seven different tail regimes that again reduce to five if « = §. Unlike
the result of Adamczak (2006), the moment bound in Theorem 2 only depends on some
expectations. An additional advantage of Theorem 2 is that all the expectations only
involve bounded random variables.

3.1 Maximal Inequality for Bounded Degenerate U-Processes

To apply Theorem 2, we need to control various expectations appearing on the right
hand side of the moment bound there. Expect for E[Uél)(W)], all the other quantities
are maximal inequalities related to empirical processes. See van der Vaart and Well-
ner (2011) and Lemmas 3.4.2-3.4.3 of van der Vaart and Wellner (1996) for maximal
inequalities of empirical processes. In this section, we provide a maximal inequality for
7gl)()/\/). For independent and identically distributed random variables, Chen and Kato
(2017, Theorem 5.1) provide a maximal inequality for degenerate U-processes of arbi-
trary order. This result is similar to Theorem 2.1 of van der Vaart and Wellner (2011)
for empirical processes. The same proof as in Chen and Kato (2017) does not provide
the “correct” bound in the case of possibly non-identically distributed observations since
they use Hoeffding averging which can lead to sub-optimal rate if the observations are
not identically distributed. A modification of the proof leads to the maximal inequality
below.
For any n > 0, function class F containing functions f = (fi;)i<izj<n : X X X —
R and a discrete probability measure @ with support {z1,...,z}, let N(n, F, | [l20)

denotes the minimum m such that there exists f(I), ) ... f(m) e F satisfying

sup inf H — U
Fer1<icm f=1

<
20"

where for f € F,

‘2 — Z1§z’;ﬁjgtfi%j(zhzj)Q({Zi})Q({Zj})
20 Zlgi;ﬁjgt Q{z}HQ({z}) '

I/
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Note that the right hand side is expectation with respect to the measure induced on
{(zi,25) : 1 <i# j <t}. Define the uniform entropy integral needed for U-processes is
given by

é
J2(0, F -l = Sgp/() log N( [|Flla.q » F+ I ll2,0)dn

Here F' = (Fj j)1<i+j<n represents the envelope function for F satisfying |f; j(z,2")| <
F; j(x,a') for all f € F,z,2' € X and the supremum is taken over all discrete probability
measures () supported on X x X. The following Lemma proves a maximal inequality
using Theorem 5.1.4 of de la Pena and Giné (1999). The proof is very similar to that of
Theorem 5.1 of Chen and Kato (2017) which itself was based on the proof of Theorem
2.1 of van der Vaart and Wellner (2011).

Theorem 3. Suppose F represent a class of real-valued functions f : X x X — R
uniformly bounded by R with the envelope function F. Then there exists a universal
constant C > 0 such that

D i<izj<n €€ fij(Xi, X;) Ja(a, F, ||-]l,)b?
E [sup [ =1=2= < CIF|ly,p J2(a F, |1]1») ol I
feF nin —1) a
for any a > A, and b > B,,, where B2 = R/(n|[Fllyp),
1
=N Z E[}Pz?,j(XivXj)]a
nin—1) 4
1<i#j<n
AL = IF| [Th 1 (F) + T3 (F) + E0(F)]
1
I? (F)=E sup ———~ Z {E [f2,(X:, X;)|1X:] —E[f7(X, X))} |
rern(n ) 1<iZj<n
1
2 ,(F):=FE |sup —— E [f7,(Xi, X;)|1X;] — E[f7;(X4, X;) :
2 fefn(n—l) 1<;<n{ } [ 5] J ]}
$2(F) := sup ——— Z E [f%(X:, X;)] .
yern(n—1 1<z;é]<n
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APPENDIX

A  Proofs of Results in Section 2

Throughout the proofs in all the appendices to follow, we use the notation
zZ ={(Z1,€)),...,(Z),en)} and Z,:={(Z1,e1),...,(Zn,en)}
Note that this is different from Z; and Z,, defined in the main text.

Proof of Lemma 1. From Theorem 3.1.1 of de la Pena and Giné (1999) and following
the arguments similar to those in Theorem 3.5.3 of de la Pena and Giné (1999), we get
for all p > 1

T2, <48 > ecifi(Z 7))
1<i#j<n »

where ¢;,¢;,1 < i < n are Rademacher random variables independent of (Z;, Z!),1 <
i <n. Note from (5) that

€i€;- Z%(ZZ', Z;) = €Z'E;-fi7j(Zi, Z;) — 61'69/]0@'7]'(2, Z]')Pz(dz)
- 81'69 / fi,j(Zi7 z)Pj(dz) + Eié‘;- // f@j(z, Zl)Pi(dZ)Pj(dZ).

Here P, represents the probability measure of Z; for 1 < i < n. By Jensen’s inequality,
it is clear that for p > 1,

> 5i5;‘/fz‘,j(zaZ;')Pi<dZ) <\ > etz ,
1<i#j<n » 1<i#j<n p
/ / !
Z Eisj/f@j(Zi,z)de(z) < Z ei€; fij(Zi, Z5)||
1<iZj<n ,  |h<izi<n )
> e // fij(2:, 2V Pd2)Py(d2)|| < || D e fij(Zi Z5)
1<i#j<n P 1<i#j<n p

Therefore, for p > 1,

HTTLDHp S 192 Z EiE;fiJ(ZZ', Z],)

1<i#j<
<i#j<n »
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A.1 Proof of Theorem 1

Based on the basic decomposition (8), we get

o @d(Ziywi (X, Xw(Z))eh = U +UP + Ul + Uy,

1<i#j<n
where

Z/{fll) = Z 5iq)i,1wi,j(XiaX/)\I’/ j

1<i#j<n
quQ) = Z Siq)i72wi7j(Xi,X/)\I’, j
; 1<i#j<n . (10)
qu) = Z Siq)i,lwi,j(XiaX )\I’ j
1<i#j<n
L{#) = Z eiq)i,Qwi,j(XiaX;‘)\Ij;"Qg,
1<i#j<n

It is easy to verify that Z/IT(LIC), 1 < k < 4 are all degenerate U-statistics. From Theorem
3.2 of Giné et al. (2000), we get that there exists a constant K > 0 such that for all
p=>1,

] UtV ‘ <K [\/@4 4 pB+p¥2C +p2D] ,
p
where
1/2
2
A=Y E[eFwd 00X ()] |
1<ij<n

B :=sup | E Z eii(ei, Zi)®igw; (X, X)W (e, Z5)el -

1<i£j<n

n
EY &(e,Zi) <1, EZQ eLZ) <13y,
=1

p/2

)10/2

C?:=E | max E Zcb 20X X0 (95)° | X0, Y

1<i<n

2
(&ian[Z%w (X0 X ()7 15,5

DP =T ® Xi, X557 -
[1<%X< @15 (X, ) ]’1‘}

14



It is clear that

A< N EB[FWwl (X X ()] = D Elod(Xowi (X, X5)0? (X))

1<i#j<n 1<ij<n

The quantity B appears as the square root of the wimpy variance of the supremum of
an empirical process; see Boucheron et al. (2013, page 314). Lemma 4 of Section A.2
implies that

B<sup! Y E(gi(Xi)oe(Xi)wi (X, X;)o.0(X;)p;(X;)]
1<i#j<n

Y E[GF(X)] <1, ) E[p(X
j=1 i=1

For bounding C, note that

2
Z@llw (X3, X5) (),)° | X0, V| < T2 supZE w?i(z, X;)0% ,(X5)]
xX
- ] 1
2
Z‘I’ 5y (Xi X5) (W5,) X5, V)| < TwSUPZE iy (Xi, 2) 07 (Xi)] -
J =1
Combining these two inequalities implies that
n 12 n 1/2
C < Tysup ZE [w?’j(az,Xj)a?ﬂp(Xj)] + Ty, sup (ZE [wzj(Xi,:r)qus(Xi)])
x . x .
]:1 =1

Finally, it is clear from assumption (A2) that D < TyT,B,,. Combining all these with
Theorem 3.2 of Giné et al. (2000) and noting

Ty < Ka0¢(logn)1/a and Ty < KgCy(log n)/8,
we get that there exists a constant K > 0 such that for all p > 1

HUfz”Hp <K [\/ﬁAl/g + phAy +p*/? {Ag}% Agfj)z} +p2A2} : (12)

To bound uf) and L{T(Lg) in (22), we use Hoffmann-Jggensen’s inequality (Proposition 6.8
of Ledoux and Talagrand (1991)). Observe that

n n
= @®iogi(Xi; 2}), where gi(Xi; 2) = Y wi(Xy, X)W e
i=1 =1

15



With 2/ = {(¢},2}),...,(e},, Z])} and X, := {X1,...,X,,}, note that

P | max
1<I<n

and so, by Equation (6.8) of Ledoux and Talagrand (1991), we get

Zgz 7 292(X17 Z/

> O\Xn,Z’> <P <f§?<’%’¢( )| > Ty| X, ) <1/8,
E [UP|%,, 2, < SE Lr;% |32 (9:(Xi: 2)) | | X, ZL}
<8E[max lop(Z. ‘X] max ‘gz (X 20) ‘_Tqb max ‘gz X“Z')‘

From assumption (A1) and Theorem 6.21 of Ledoux and Talagrand (1991), we thus get
for0 < a <1,

(7 | < KaE UP|%,, 2, max |%;20:(X;: 2, y‘
Vo | X, 2, Vo | X 2,
, (13)
< Ko | Ty + || max |¢(Ys)] max ‘gl Xi; Z, )‘
1<i<n Ve ‘sza 1<i<n

< Ko Cy(logn)'/® max |l9i(Xi; 2))|

for some constant K, depending only on a (and can be different in different lines). If
a > 1, then we get

e

XnvZ;L <i<n

< KaC’d)(logn)l/a ax }gl (Xi; 23)| -

'¢'a*

See proof of Theorem 3.3 in Kuchibhotla and Chakrabortty (2018) for similar argument.
Thus,

[u@)\p\x z’} < KLCH(log n)"/*p"/*" max ux 00X 20)"

Thus, for p > 1,
2)p D P p/a, p/a* ) =ZI\|P
E [\L{n \ ] < K{Cy(logn)? pP'™ E L@%‘QZ(XZ,Z?])‘ . (14)

To control the right hand side above, recall that
n
gile; Zn) = Y wig(x, X))V e
j=1,ji
is a sum of mean zero independent random variables that are bounded by B,,T}. Also,
note that

Var(g;(; 2),) Z E [w};(z, X))v*(Z})] Z E[w?;(z, X})o? ,(X})].
J=Llj#i J=1,j#1¢
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Therefore by Bernstein’s inequality (Lemma 4 of van de Geer and Lederer (2013)), we
get that

P <1rga<x 19i(Xi; 21)| — Ty/6log(1 +n) — 3B, Tylogn > Tyt + SBwT¢t> <27t

where .
Y3 = max > Elwi(x, X))ok, (X))].
=L
So, by Propositions A.3 and A.4 of Kuchibhotla and Chakrabortty (2018), we get that
forp>1,

E Llélgzx e z,g)v’] < CP [(1og )P0 + (ByTy)P(logn)? + pP/* Y + pp(BwT¢)p] .

Hence for p > 1,
E [|u§f>|ﬂ < K2CP(log n)P/opp/" [(log n)?/ Y7, 4 (B, Ty )P (log n)ﬂ

X (15)
+ KECP(log n)?/*pP/ [pp/QTz) + pp(BwTw)p] .
A similar calculation for Z/I7(13) shows that for p > 1,
E [4?)17] < KHCh(ogn)?/ o™ [(1og n)?/* X% + (B, Ty)” log n)?| )

+ K5CP (log n)P/ P pP/ 5 [pp/%g + pP(BwT¢)P} ,

where
n

Y3 = max > Elwl(Xi,2)07 4(X))-
i=1,i#j
To control L[}fl), recall that

n n
UD = eiip | Y wi(Xi, X)W o)
i=1 j=1,ji
Following the arguments leading to (13), we have

‘ U@

n

n

1/ (Y. YO
wa*|Xn7Z;,, S Kac¢(10g n) “ 112%}(” A ;7&‘1'07/7] (X'HX])\IJ]g] .
J=LJ7F1

Conditioning on X,,, X, the right hand side satisfies the hypothesis of (6.8) of Ledoux
and Talagrand (1991) and so by Theorem 6.21 of Ledoux and Talagrand (1991), we get

n
/ ! !
max g w; (X, X)We <K
1<i<n | A.”( o X3)¥es =0
j=1,j#i wﬁ*“XnPXT/L

< KﬁBw(IOg n)l/ﬁCdJa

L . / /
(Joax |wi j (Xi, X5)w(Z))] ‘

wB‘XnyX;L
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for some constant Kz depending only on 3. Therefore, for p > 1
E [|UT(L4) |p} < KPCZCgpp(l/a*H/ﬁ*)(log n)Ple” +7 gr < gppp(/et /BN (17)

for some constant K > 0.
Combining bounds (15) and (16), we get that for some constant K > 0 and for all
p=1,

HUff) + Llr(f) Hp < Kpl/o‘* (log n)1/2Aéo/‘; + Kpl/’g* (log n)l/QAé%
R A K A,
+ K (logn)As[p"/" + pH/F] + K Ag[p' /o7 4 pt /87,

Combining this inequality with (12) and (17), we get for all p > 1

>
/=1

<K [p1/2A1/2 + pAy + p*/? {Aéa; + Aé%} +p2A2]
P
+ Kpl/o‘* (log n)l/QAéo/% + Kpl/ﬁ* (log n)l/zAé’%
+ Kp1/2+1/a*A:(,)O/% + Kp1/2+1/5*A:(5)2
+ K (logn)Aa[p/*" + p!/7] 4 KAg[p /" 4 pt1/77]
+ KpA/a+1/B) A,
Since a* < 1 and pB* < 1, we have

min{p1/2+1/a*’p1/2+1/,3*} > p¥/2 and min{p1+1/a*’pl—&-l/,B*’pl/a*—i-l/,B*} > p2.

Using these inequalities, the bound above can be simplified as

4

>

(=1

< Kp1/2A1/2 + KpAy

P
+ Kpt/ [(log n)l/QAé‘;‘% + (log n)Ag] + Kp'/¥ [(log n)l/QAéf)z + (log n)AQ]

+ Kpl/QH/a*Ago/g + Kpl/QH/ﬁ*Aé%
4 Kpl/a*+1/B*A2'

Here the constant K > 0 depends only on «, . This completes the proof based on
Lemma 1.

A.2 Auxiliary Lemmas Used in Theorem 1

The two lemmas to follow in this section provide explicit (but not necessarily optimal)
constants for Equations (3.1) and (2.6) of Giné et al. (2000). These lemmas can be used

18



in the proof of Theorem 3.2 of Giné et al. (2000) to get explicit constants. In this respect,
we note that Theorem 3.4.8 of Giné and Nickl (2016) (which was first proved in Houdré
and Reynaud-Bouret (2003)) does not imply Theorem 3.2 of Giné et al. (2000) since the
result of Giné et al. (2000) applies for unbounded kernels in U-statistics while the result
of Giné and Nickl (2016) applies exclusively for bounded kernel U-statistics.

Lemma 2. Suppose Z1, ..., Z, are independent mean zero random variables. Then for
p=1,

n p/2
< 4PpP/? (Z E [ZE]) + 4PpPR [&% |Z; Ip]
=1

Proof. By Theorem 7 of Boucheron et al. (2005), we get for p > 2,

2
<o+l (2P o E Zn: 72 "
a e—+e i=1 '

By Theorem 8 of Boucheron et al. (2005), we get for p > 2,

n p/2 n p/2 2
72 < 3p/2 E [ 72 3pr) " E Z;|P
2 =¥ LB ) 4 () B2

=1

for kK = 0.5y/¢/(y/e — 1). Thus for p > 2,

n p/2
< 4PpP/? (Z E [ZE]) + 4PpPR LIE% Zi|p] :
=1 -

Since the inequality holds true for p = 1 trivially, the result follows. O

Lemma 3. Suppose &,1 < i < n are independent random variables, then for p > 1 and
a >0,

ppaZE [|€:[F] < 4(1.5)PYpP°E [max \5#’] +2(1.5)P (ZE [1&] )

=1

Proof. Fix p > 1. Define g > 0 such that
dp := inf {t >0: Z}P’(\m >1) < 1} :
i=1
By (1.4.4) of de la Pena and Giné (1999), it follows that
1 n
5 max {56’, Z;E 1€ Lgje,1>01] } <E Lfglaggl \lep] (18)
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Observe that

> R[4l = ZE &P e m001] + DB [1€6P 11, <00}
=1 3

i=1

(a)
< 2E [max |§z]p} + ZE ]fz\p]l{|&|<50}]
=1

< 9E Lrgag I&I”] +o5 z;E (161 L 16 <60}

(a) A [+
< 2E Lglgﬁl&!p} +2E LQ%IQIP } (Z}E U&m{lmsao}])
<98 [ 6] +28 [ e 6] (ZE H&H) -

1<
Inequality (a) follows from (18). To prove the result now, we consider two cases:

— Case 1: If . »
e (;Euan) ,

then

n (-1/p [ ™
E | max 617 ](;E[mr])s( a6 1(22215:[&-1)
< p(1> (imr&u)p (gEU&\Q
p(p 5 <ZE i )

Therefore (in case 1),

P SOR[GP] <28 | max 6] + 207 (ZE[|§i|1) )

— Case 2: If

n p
P ngx |5ﬂ > (;EMJ) :

20



then

< <E [max & [P
1<i<n

< p

< (E nggg [

Therefore (in case 2),

P S E [P <2me[max lfz\p]Jr?p“(”“) {max\ r]

=1

< 2pP°E [max 1314

1<i<

< (24 (L5 R [

1<i<n

el l/e)pa D
[ 2 () | ma e

1<i<n

max w]

Combining inequalities (19) and (20), we get for p > 1 and « > 0 that

=1

4(1.5)PpP°R -
415 |

< 4(1.5)?%?“1& -

This proves the result.

p
max &1

p
| \&I

p
e ‘@l

P S RIGPI < (24 (LR | 6] + 207 (ZMI&-I])
- =1

| 42 (ZEM)

7y (ZE el )

5)P (ZE[I&-H)

(20)

O]

Lemma 4. Under the notation of Theorem 1, the quantity B defined in (11) satisfies

B< SUp{ > E(gi(X0)0ie(Xo)wi i (Xi, X;)05.0(X;)p (X5)] :

1<i#j<n

Y B¢ (X
j=1

21

)] <1,) E[pi(Xy)] < 1}-
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Proof. Following the proof of Theorem 3.2 of Giné et al. (2000), the quantity B is the
square root of the wimpy variance of

. 1/2
S, = (ZE [Ff(giyzi;z;z)‘z’:l]> ;

i=1
where Z/ = {(¢},2}),...,(e},, Z])} and
n
/ ! / /
Fi(5i7 Zi; Zn) = Eiq)i,l Z wi,j(Xz‘a Xj)\l’j,lgy
=Lj#i

This implies that

" 1/2
5 < (ZE [G%(Xi;z;nz;]) |
=1

where for o; ¢( z) :=E [¢*(Y})|X; = z],
n
Gi(Xi; Z)) =03 p(Xi) Y wij(Xi, X)W ]
=1,

Note that o; 4(-) depends on i since the random variables are allowed to be non-identically
distributed. Now observe that

n—sup{Z/q, (z; Z)) Px, (dz) Z/qz )Px, (dx) < 1} (21)

To prove this, note that for any {¢;(-) : 1 <i < n} satisfying the (integral) constraint,

Z/QZ ) Px; (dz)

n

< Z </ ) Py, (dx )1/2 </G2 z; Z)Px, (dx))1/2

n n 1/2
< (Z / q?(sc)PX,.(dm) <Z / G?(x;zq’%)Pxi(dx)) < Sn.
i=1 i=1

To prove the reverse inequality, define for 1 < i < n,

" 1/2
0i(x) = Gi(z: 2! (Z / G?(x;Z;)PXi(dx)> .
=1

It is clear that {g;(-) : 1 <1i < n} satisfy the integral constraint in (21) and
Z / ai(x '\ P (dz) = Sy,
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This completes the proof of (21). Rewriting the representation (21), we get

Sp = sup Zz—:J i Z /qz x)0s 6 (x)w; j(x, X;) Px, (dz)

n
Yiny [ @ (2)Px, (do)< 1j=1 i=1,i#j

This representation shows that S, is indeed the supremum of an empirical process. The
wimpy variance of this supremum is given by

{sup Var ZEJ it Z /ql )0 6 (x)w; j(z, X;) Px, (dx)
qi(

1=1,i#j
- 2_
= o ZE o7 (X)) Z /% 2)0i6(2)wij(x, Xj) Px, (dz)
{ai() 7=1 L i=1,i#7] ]
— 2_
= sup ZE O'Jg-,w(Xj) Z /ql x)o; ¢(x)w; ;(x, X;)Px,(dx)
{ai() L i=1,i#j ]
Now a duality argument implies that
27y 1/2
sup. Sk |2, [ 3 [ @@y e, )Py, o)
{a:(") j=1 i=1,i#]
=sup{ > Elgi(Xi)oio(Xi)wij (Xi, Xj)o4(X;)pi(X;)] :
1<i#j<n
n
ZE P (X)) <1 Z a7 (X)) <
Thus the result follows. O
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B Proofs of Results in Section 3

B.1 Proof of Theorem 2

Similar to u,ﬁf), 1 < ¢ < 4 defined in the proof of Theorem 1, we define

UDW) = sup | Y &i®iqw; (X, X)W €]
wEW 1 <itj<n

Z/{,(f)(W) = Sup Z 6i(1>i72wi7j(Xi,X]/-)\If;-71€;
WEW 1 <itj<n

Z/l(?’)(W) = Sup Z Ei‘bi71wi7j(Xi,X]/~)\If;-72€;
WEW l1<iztj<n

U£4)<W) = Sup Z EZ“I)@QU]Z‘J(XZ‘,X]/-)\I/;QE;
wEW1<izj<n

As in the proof of Theorem 1, we will control each of the terms separately in the following
lemmas. All the lemmas below assume (A1) and (A2').

Lemma 5 (Control of Uiy (W)). There exists a constant K > 0 (depending only on
a, B) such that for allp > 1,

u<4>(W)H < KAy (W)pl/e+1/8",

< Byy for all w € W, it follows that

Proof. Since ||w; ;||

UDOV < By S [BuaWy] < By (z@i,ﬂ) S,
j=1

1<i#j<n i=1

By definition

(gggg > |®ia] > O\X) (fggg 6(Zi)| > T¢\Xn> <1/8,

1<I<n 1<i<

(max Z|\IJZ2| >O’X) <P<max [V (Z)) |>T¢‘X) <1/8.

Hence by (6.8) of Ledoux and Talagrand (1991), we get that

n
E > (@2 Xn

=1

Z\‘If ol |

< CE [max p(Z ||X]

1<i<n

<CIE[maX 1v(Z))|| X, ],

1<:i<
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for some constant C' > 0. Thus by applying Theorem 6.21 of Ledoux and Talagrand
(1991) to > {®i1 — E[®;1] A, ]} and Y {V], — E[W],|A}]}, we get

n
> (@il <C
=1

wa* |Xn

n
Z W 5] <C
=1

¢ﬁ* |Xn

< CCy(log n)t/e,
Yol Xn

1!333;\ (Zi)]

< CCy(logn)'/?,
Psl Ay

lrggg;\ V(Z;)|

Therefore, for all p > 1,

This completes the proof. O

n

UPW)|| < KBWC,Cyllogn)™ 7 pHe 115 = KAy (Wph/ +1/6°.
p

The following lemma controls the moments of u? (W) and Uflg)(W).

Lemma 6 (Control of U (W) and UT(L?’)(W)). There ezists a constant K > 0 (depending
only on «, ) such that forp > 1,

+Kp1/2+1/a*21/2(w) +Kp1+1/a As (W)
[u@0m)|| < K5 [B1 (W) + (l0gm) /25 F W) + (log m) s (W)]
p

n

UP )| < Kp"" [Eas (W) + (logn)' PE50) + (losm) Aa(W)]

+ KpYHYBT SR W) + Kptt U A (W),

Proof. We will only prove the bound for u? (W) and the proof for ut (W) follows very
similar arguments. Recall that

U, (2) = sup

252 7 29z Xi; 27/17 w)
weWw

, where g;(z; 2], w) Z Wl ebwij(z, X5).
Jj=1,#1

Here again (6.8) of Ledoux and Talagrand (1991) applies and we get

n
gKCd,(logn)l/a [nax sup Z LW yw; 5( Xy, X))
WEW i1,

Ya*

N <

By a similar calculation, we get

n
< KC., (loen)/? max su £:®; 1w; (X5, X0 .
X! Zn w( g ) 1<]<nw€$\} 112;76] P41 z,]( i j)

uPow)|

P
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Thus, for p > 1,

. . »
(2) P /o, pja* 'yl o (v v

E [P V)] < KPCY(logn)”/*p* E | max sup | D Wi (X X)) |

L J=Lj#i

- . »
(3) p} < KPP p/B,p/B* B (X X

E[Wn (W)P| < KPCY (logn)?/PpP 7" E jnax sup iz%jsz@z,lwz,J(X“Xj)

(23)

The right hand side quantities involve supremum of bounded empirical processes for
which Talagrand’s inequality applies; see proposition 3.1 of Giné et al. (2000). Observe
that for any x € X,
max sup ]\I/; 1wi7j(x,X]’-)\ < C’d,(logn)l/ﬂBW,
I<j<nypew 7
max sup |®; 1w; j(X;, z)| < C’¢(logn)1/°‘BW.
ISZSTL 'LUGW ’ ’

By proposition 3.1 of Giné et al. (2000), we obtain for any z € X and p > 1,
= =p/2
E Lﬁé‘%’v lgi(a; 20, w>|p] < K7 { B8 ,(0) + 2525 (W) + pP O log n)? P B, |

where E,, 2(W) = C;lEmg(W)/(log n)'/* and 22/22()/\/) = C;lﬁil{zz()/\/)/(log n)Y/®. There-
fore, by following the argument that lead to (15), we get that

, oz p
E LT?Q% sup 19i (X33 25, w)]| ] (24)
< P [EL (W) + p 2523 (W) + pCE (log n)? /P B |
+ KP? [(log n)p/Ziﬁg(W) + (log n)PCy(log n)p/ﬁB{j\,] .
Substituting this in (23), we get
E [P W] < KPpP" | ES 5 (00) + 52555 (W) + 9 A5 ) |
+ K" | (log m)"/2E1/5 (W) + (log )P AR(W)|
By a similar calculation, we get
E [P )P| < Kp7/7 [ B 09) + 920 00) + pP ARV
+ KPP [(1og )/ EOV) + (1og )P ABOW)|

This completes the proof of the result. O
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The following lemma controls the moments of Ur(Ll) (W). This is a bounded degenerate
U-process and is (usually) the dominating term among the four parts.

Lemma 7 (Control of L[T(LI)(W)). There exists a constant K > 0 (depending only on
a, B) such that for allp > 1,

[uP )| < KE [P ow)] + Kp'? (@,1(W) + 2,200))

+ Kp <||(¢w¢)W||2_>2+En1(W) + En,2(W) + 1/2 W)/logn + Aa(W logn)

+ Kp*2 (S200) + /50M)) + Kp2As ().

Proof. Recall that

U(l) = sup

Zgz i,191 Xi; Z?”L? w)
weW

, where g;(X;; 2], w) = Z i yw; 5( Xy, X7).
J=1.37#i

(1)

Observe that conditional on Z],, Uy ' (W) is a bounded empirical process and so Tala-
grand’s inequality applies. Thus by Proposition 3.1 of Giné et al. (2000), we get for
p=1

E [ ovyp|z] < k7 (B [upov)|2;])”

p/2
+ KPpP/? sup (ZE 1197 (Xi; 2], )\z;])

weWw
+ KPpPE {max |®;.1|7 sup |gi(Xi;Z,’1,w)‘p ’Zg} .
1<i<n weW
Therefore, for p > 1,

E[uPov)r] < 578 (E U ov)|2;])”

p/2
+ KPR | sup (ZE (07 5(Xi)g f(Xi;z,g,w)\z;O

weWw 1

KpppC’p(logn)p/ E [max sup |gi( Xi;ZT’L,w)V’]
1<i<n e
=: KP I+ 1+ I11].
Controlling II1 : Using (24) from Lemma 6, we get
0L < K7p? [EL (W) + p 2S5 00) + A5 (0)]

+ KPP [ (log n)? 250/ (W) + (log )P A5 (W) |

27



Controlling II : To control II, we use a technique similar to the one used in Lemma 4.
For this note by (21) that for any w(-,-)

n 1/2
(Z / U§¢(x)g?(x;zz7w)PXi(dx)>
=1
- {Z/ )10 Zho ) P () 3 [ 2P ) < 1} |
i=1

=1
p]

Therefore,

n

> [ a@oio()ne: 25w Py (do)

i=1

II = p*/?E | sup sup

’LUGWZ lfq )<1

Now observe that
> [ a@oisw)na: 25, w) Py, (do) ZaJ\w g w)
i=1

where {¢;} represents the sequence (g1, .. ., q,) satisfying > ; [ ¢?(z)Px,(dz) < 1} and

( i {aits Z /Qz 7)oy ¢ (w)w; j(, X )PX (dz).
i=1,i#j
Thus
P
IT = p°E | sup sup | Y 501 0;(X}; {q;}, w)
weW {g;} ; 7

The right hand side is a bounded empirical process and by proposition 3.1 of Giné et al.
(2000), we get

p

E | sup sup| ) e;0;,0;(X}:{qi}, w)
wGW{qq} Z 770

p

< KP [ E |sup sup 26]‘113 145(X L{ait,w)
{q;} wew j=1 (25)
p/2
+ KPpP/? sup sup | Var ZE 0 (XG{ai}, w)
{q;} wew j=1

+ KPR |sup sup max [0y, P16 (X5 {a:}, w)l?
{q}wEW
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We will now control each of the three terms appearing in (25). Using the fact [¥/ ] <
KCy(logn)'/8, we get

E [sup sup max [0, 716(X;: {ash,w)P| < Clog ) sup sup sup 6(a's (g} w)P
{q}wGW weW z'eX {¢;}

By following the duality argument (21), we get

1/2
sup |4(2 {gi} w)| < | DY E[of,(Xp)w(Xi,2)] |
{a:} i=1,i#j
and so,
E |sup sup max |\Il 1715 ( i}, w)P
{q:} weW 1<5<n
p/2 (26)
< KPCY(logn)"/?  sup ZE wi(X;, )] | = KPS w).
weW,xeX i—1 ’
Also, note that
D WX (it w) | = ZE [07 (X)) (X]: {ai}, w)] -
j=1 '
Hence, again following the duality argument (21 we get
sup sup | Var Zej\llj 1i(X {ql
{gi} wew j=1
(27)

< sup sup sup Z E [qi(X)0s,6(Xi)w; j(Xi, X5)0j0(X)pi (X])]
{g:} weW {p;} 1<i#j<n

Here {p;} represents a sequence (p1,...,py) satisfying Z ) fp] r)Px,(dr) <1
Substituting (27) and (26) in (25), we get

p

II < KPpP/2 | E |sup sup Ze 9’1€j(X]’-;{qi},w)
{a:} weW |55

+ KPP |[(wi)wlih_y + KPp*2SE (W),

Controlling I : We use Lemma 8 (a restatement of Lemma 2 of Adamczak (2006)) to
control I. In the notation of Lemma 8, take

Wj = (z’:‘;,Z;-), T = (Zl,...,Zn,z’;‘l,...,En),
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and for w € W,

[P (W5, T) = Z &P wi i (X, X5) W 1€

1=1,i#7]
This implies
n n
§=Er | sup SN eiawi (X, X)W e :E[ur(Ll)(W)\Zﬂ.
WEWN j=1 i=1,i#j

Observe that E[S] = E]| ¢ )(W)] Thus we get for p > 1

E[SP] < KP (E[S])” + KPpP/>Y? (28)

+ KPpPE max E | sup Z £i®i 1w j( Xy, X7)W 1) 4 ,
1=jzn wEW |, 1,i#j

where
1/2

2
T := sup ZE (Z Er [f WJ,T)qj(T)]> ,
qeQ 7j=1 weW

with Q defined in Lemma 8. We now simplify the last two terms on the right hand side
of (28). First observe that for the third term

E | sup Z ei®iwi (X, X5) W 165 | 2,
wEWi 1itj

n
< KCy(logn)/#supE | sup Z ei®iw; ;(Xi,x)| | = KE, 1 (W).
zeX wew

i=1,i#]
To control Y, observe that
n
S Er [ (W, T (7)) = 5051 > By |i(T) > ei®iqwi (X, X))
wew weW i=1,i#]

So, using the definition of sz‘,w(‘)’ we get
27\ /2
= sup ZE 027w(XI) Z ET Qj(T) Z 5iq)i,1wi,j(Xi7le‘)

€2 \ j=1 wew i=1,i#j

n
< sup ZE pi(X))oju(X)) D Er |gi(T) Y ei®iqwij(Xi, X))

(o }ac0 eyt =it

®) -

= supE | sup Zsz "y /pj(ﬂf)o'jﬂ/)(l‘)wi,j(Xi,$)PXj(d27)
{pj} |weW 4 j=1,j#i
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Equality (a) above follows from the duality argument (21) while equality (b) follows
from the argument given in Lemma 8. O
B.2 Auxiliary Lemmas Used in Theorem 2

The following lemma is a rewording of Lemma 2 of Adamczak (2006). For this result,
define the class of functions

Q = {q( )= (q1(+) Z lgp(T)| =1 for all T} .

The domain of functions in Q is left out on purpose.

Lemma 8. Suppose F := {(fF,..., f¥): k > 1} represents a countable class of vector
functions. Define for independent random variables T, W1, ..., Wy,

S :=Ep |sup fo(Wj,T) ,
k21|

where Ep[-] represents the expectation only with respect to T'. (So, S is a random variable
that depends on Wy,...,Wy). If Ew[ff(I/Vj,T)] = 0 for a.e T, then there exists a
constant K > 0 such that for allp > 1,

p/2

2
E [$%) < KP(E[S))? + K?p?’? sup ZE <Z]ET (W;, T) QJ(T)]>

qGQ J 1
P
max (ET ) ]

Proof. Following the proof of Lemma 2 of Adamczak (2006), we get

+ KPp’E Suplf] (W;, 1)

S = sup Z]ET (Y)Y fF(W;, T)

qeQ 1 j=1
To see this, define ¢(-) = (¢1(+),...) € Q such that
G (t) = sign fo(Wj,T) , and Gy(t) =0, fork # k.
j=1
Here k satisfying

ijk(ijT) = sup Zf]k(I/VJ’T)
j=1 A= Pt
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Therefore,

S = sup Z <ZET |au(T)f WJ,TD —: sup qu;

qeQ qeQ

The right hand side above is the supremum of a mean zero empirical process and so by
proposition 3.1 of Giné et al. (2000), we get
p/2

E[SP] < KP(E[S])? + KPpP/? sup ZE 92 ;(W;)] 1+ KPpPE
qeQ j=1

max su WP .
122X qeplgqj( J)’]

From the definition of Q, we get

sup lgq,j( = Sup ZET [Qk f (WjaT)] = Er |sup |f (W],T)’
qeQ k>1
Thus,
r P
Pl _ k.
E lfgjagn sup |gq,;(W;)| ] =E [gjagn (ET 2;11)”9 (W;,T) ) ] .
So, the result follows. ]

C Proof of the Maximal Inequality

The following moment bound of Rademacher chaos is used in the proof. See corollary
3.2.6 of de la Pena and Giné (1999) and inequalities leading to (4.1.20) on page 167 of
de la Pena and Giné (1999).

Lemma 9. Let Z be a homogeneous Rademacher chaos of degree 2, that is,

7 = E Eieja@j,

1<i#j<n

for some constants a; j,1 < i # j <n. Then ||Z||,, < 4es,, where

2 . E 2
Sn o ai,j-

1<i#j<n
Proof of Theorem 3. As before, let X, := {X1, Xo,..., X,,}. Also, let

1
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By Lemma 9, we get conditional on A,
1/2

HZe(f)Hwﬂzn < de Z f (Xi, Xj) < de ”f”z,Pn )
1<z;£]<n

where
1/2

Z L(Xn X))

1<z;é]<n

and define the discrete probability measure P, with support {X1,..., X, } as
1 .
P,{X;}) == for 1<i<n.
n

Now, following the proof of Theorem 5.1.4 of de la Penia and Giné (1999),

Ap
maxZg(f)H §C’/ logN<5,]:,\|-|]2Pn) de,
1| 0 ’

feF
where
Ap = sup || flly p, -
feF
Therefore,
‘maXZe(f) <C|F|,p J2< S I ||2)
feF ol S\ E g,

This implies that

E |sup Z.(f)| < CE

fer

A,
F J ,F, . 29
1Pl p, 2<||F||2 —E ||2)] (29)

Using concavity of (z,y) — /yJ2(\/2/y,F,|ll;) as in the proof of Theorem 2.1 of
van der Vaart and Wellner (2011), it follows that

A, E[AZ]
||FH2,Pn Ja ( Fol- HQ) < ||F||2,P J2 (HFH Fo - ”2) (30)
2,P
where 1
IFlp = oy 2 B (XX
1<i#j<n

At this point the proof of Theorem 5.1 of Chen and Kato (2017) uses Hoeffding averaging
to bound E [AZ] which proves the result for iid random variables X;. To allow for non-
identically distributed random variables X;,1 < i < n, we bound E[A%] in terms of Jy
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on the right hand side of (30). This is similar to the proof of Theorem 2.1 of van der
Vaart and Wellner (2011). To bound E [A?L], define for f € F,

wﬂuw:mj]Jggéfﬁw%X»—Mﬁwaxmxn

— {E [f2(X3, X)15] +E [f25(X0, X)] 3|
m@uw=M;4>K§?fE (X0 X)X — B [f(X: X))}
W) = s 2 B X)) -5

Using these definitions, we get

A2 < sup WV (f) + sup W (f) + sup W (f) + 22 (F), (31)
feF feF feFr
where
$2(F) = sup ——— Z E [f2(Xi, X;)] -
yer n(n - 1<'L7£]<n

By decoupling and symmetrization, we obtain

E [sup WiV (f)

; < CE |sup Z €i€jfi2,j(Xi7Xj)
eF

sernn =1}, Zen

Set for f € F,

N e 2 (X X
Re(f) T \/ml<#zj<n€l€]fl,](X’LaX])'

Again by Lemma 9 and using |f; j(z,2’) 4+ gi j(z,2')| < 2R for all f,g € F and z,2’ € X,
we get

1/2

1 2
iz, S8R Y p— E . (i (Xi X5) = 915(Xi, X5)
1<i#j<n

< 8eR|f =gl p, -

Hence by following the first part of the proof, we get

EkmwpﬁiéCRM%Pb< Em@fw%)-

[Re(f) = Re(9)]|

fer n ||F||2,P
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Substituting this in (31) after taking expectations,

A2 A,
2ol < oz (1200 7, ) 4 2,
[Pl 1El2,p
where
2 , E [Supfef WT(LQ)(f)} tE [Supfef W ()| + S2(F)
B = and AZ := :

2
112, p

It follows that ,
Al

2
112, p

A,
<oz, (JBally 700 4 a2,
1F 1l

for any a > A, and b > B,. Therefore, by Lemma 2.1 of van der Vaart and Wellner
(2011), it follows that for any a > A, and b > B,

A, Jo(a, F,|-||,)b?
Jo ” ||2 T, HHQ < CJQ((L,J—", ||||2) |:1 + 2( 2H ”2) :| )
1 l5,p a

Substituting this in (30) and (29), we get

Ja(a?, F, |||, )b
E |sup Z.(f)| < CIFlyp Ja(a) [1—1— 2(2. 7 1) }
feF a
for any a > A, and b > B,,. The result is proved. -
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