Submitted to the Annals of Statistics

STRONG APPROXIMATIONS FOR EMPIRICAL PROCESSES
INDEXED BY LIPSCHITZ FUNCTIONS

BY MATIAS D. CATTANEO", AND RUIQI (RAE) YU!P

1Department of Operations Research and Financial Engineering, Princeton University,
dcattaneo @princeton.edu; bqe. yu@princeton.edu

This paper presents new uniform Gaussian strong approximations for
empirical processes indexed by classes of functions based on d-variate ran-
dom vectors (d > 1). First, a uniform Gaussian strong approximation is es-
tablished for general empirical processes indexed by possibly Lipschitz func-
tions, improving on previous results in the literature. In the setting consid-
ered by [29], and if the function class is Lipschitzian, our result improves the
approximation rate n~+/(24) (o p—1/max{d:2} 5 15 4 polylog(n) term,
where n denotes the sample size. Remarkably, we establish a valid uniform
Gaussian strong approximation at the rate n~1/2 logn for d = 2, which was
previously known to be valid only for univariate (d = 1) empirical processes
via the celebrated Hungarian construction [23]. Second, a uniform Gaus-
sian strong approximation is established for multiplicative separable empiri-
cal processes indexed by possibly Lipschitz functions, which addresses some
outstanding problems in the literature [13, Section 3]. Finally, two other uni-
form Gaussian strong approximation results are presented when the function
class is a sequence of Haar basis based on quasi-uniform partitions. Applica-
tions to nonparametric density and regression estimation are discussed.

1. Introduction. Let x; € X C R%, i =1,...,n, be independent and identical dis-
tributed (i.i.d.) random vectors supported on a background probability space (€2, F,P). The
classical empirical process is

1 n
(1) Xo(h) = ﬁ; (h(xi) —E[h(x))]),  he,
where H is a possibly n-varying class of functions. Following the empirical process litera-
ture, and assuming 3 is “nice”, the stochastic process (X, (h) : h € ) is said to be Donsker
if it converges in law as n — oo to a Gaussian process in £°°(H), the space of uniformly
bounded real functions on J. This weak convergence result is typically denoted by

(2) Xn~ 2,  inl=(H),

where (Z(h) : h € ) is a mean-zero Gaussian process with covariance E[Z(h1)Z(h2)] =
E[h1(x;)h2(x;)] — Elh1(x;)]E[h2(x;)] for all hy, hy € H when H is not n-varying, or its
limit as n — oo otherwise. See [33] and [20] for textbook overviews.

A more challenging endeavour is to construct a uniform Gaussian strong approxima-
tion for the empirical process X,. That is, if the background probability space is “rich”
enough, or is otherwise properly enlarged, the goal is to construct a sequence of mean-
zero Gaussian processes (Z,(h) : h € H) with the same covariance structure as X, (i.e.,
E[X,,(h1) X (ha2)] =E[Z,(h1)Z,(h2)] for all hq, he € F) such that

3) | X0, — Znl|3c = sup ‘Xn(h) - Zn(h)’ =0(pn), almost surely (a.s.),
heH
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for a non-random sequence g,, — 0 as n — oo. Such a refined approximation result is useful
in a variety of contexts. For example, it gives a distributional approximation for non-Donsker
empirical processes, for which (2) does not hold, and it also offers a precise quantification
of the quality of the distributional approximation when (2) holds. In addition, (3) is typically
established using non-asymptotic probability concentration inequalities, which can be used
to construct statistical inference procedures requiring uniformity over J{ and/or the class of
underlying data generating processes. Furthermore, because the Gaussian process Z,, is “pre-
asymptotic”, it can offer a better finite sample approximation to the sampling distribution of
X, than the large sample approximation based on the limiting Gaussian process Z in (2).

There is a large literature on strong approximations for empirical processes, offering dif-
ferent levels of tightness for the bound p,, in (3). In particular, the univariate case (d = 1) is
mostly settled. A major breakthrough was accomplished by [23, KMT hereafter], who intro-
duced the celebrated Hungarian construction to prove the optimal result o, = n~/?logn for
the special case of the uniform empirical distribution process: x; ~ Uniform(X’), X = [0, 1],
and H = {1(- <z):x €]0,1]}, where 1(-) denotes the indicator function. See [5] and [25]
for more technical discussions on the Hungarian construction, and [14], [24] and [28] for
textbook overviews. The KMT result was later extended by [18] and [19] to univariate em-
pirical processes indexed by functions with uniformly bounded total variation: for x; ~ P x
supported on X = R and continuously distributed, the authors obtained

(4) on=n"?logn,

in (3), with J satisfying a bounded variation condition. More recently, [8, Lemma SA26]
gave a self-contained proof of a slightly generalized KMT result allowing for a larger class
of distributions IPy. See Remark 1 for details. As a statistical application, the authors con-
sidered univariate kernel density estimation [34], with bandwidth b — 0 as n — oo, and
demonstrated that the optimal univariate KMT strong approximation rate (nb)~'/2logn is
achievable, where nb is the effective sample size.

Establishing strong approximations for general empirical processes with d > 2 is more
difficult, since the KMT approach does not easily generalize to multivariate data. Founda-
tional results include [27], [22], and [29]. In particular, assuming the function class H is
uniformly bounded, has bounded total variation, and satisfies a VC-type condition, among
other regularity conditions discussed precisely in the upcoming sections, [29] obtained

(5) on=n"YCDflogn,  d>2,

in (3). This result is tight under the conditions imposed [2], and demonstrates an unfortunate
dimension penalty in the convergence rate of the d-variate uniform Gaussian strong approx-
imation. As a statistical application, the author also considered the kernel density estimator
with bandwidth b — 0 as n — oo, and established (3) with

On = (nbd)_l/@d)\/log n, d>2,

where nb is the effective sample size.
While [29]’s KMT strong approximation result is unimprovable under the conditions he
imposed, it has two limitations:

1. The class of functions J{ may be too large, and further restrictions can open the door for
improvements. For example, in his application to kernel density estimation, [29, Section
4] assumed that the class J{ is Lipschitzian to verify the sufficient conditions of his strong
approximation theorem, but his theorem did not exploit the Lipschitz property in itself.
(The Lipschitzian assumption is essentially without loss of generality in the kernel density
estimation application.) It is an open question whether the optimal univariate KMT strong
approximation rate (4) is achievable when d > 2, under additional restrictions on J{.
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2. As discussed by [13, Section 3], applying [29]’s strong approximation result directly to
nonparametric local smoothing regression, a “local empirical process” in their terminol-
ogy, leads to an even more suboptimal strong approximation rate in (3). For example, in
the case of kernel regression estimation with d-dimensional covariates, [29]’s strong ap-
proximation would treat all d + 1 variables (covariates and outcome) symmetrically, and
thus it will give a strong approximation rate in (3) of the form

(6) on = (nb*) V@D logn,  d>1,

where b — 0 as n — oo, and under standard regular conditions. The main takeaway is
that the resulting effective sample size is now nb%"! when in reality it should be nb?,
since only the d-dimensional covariates are smoothed out for estimation of the conditional
expectation. It is this unfortunate fact that prompted [13] to develop strong approximation
methods that target the scalar suprema of the stochastic process, supy, s | Xy ()|, instead
of the stochastic process itself, (X,,(h) : h € H), as a way to circumvent the suboptimal
strong approximation rates that would emerge from deploying directly [29]’s result.

This paper presents new uniform Gaussian strong approximation results for empirical pro-
cesses that address the two aforementioned limitations. Section 3 studies the general empiri-
cal process (1), and establishes a uniform Gaussian strong approximation explicitly allowing
for the possibility that I is Lipschitzian (Theorem 1). This result not only encompasses, but
also generalizes previous results in the literature by allowing for d > 1 under more generic
entropy conditions and weaker conditions on the underlying data generating process. For
comparison, if we impose the regularity conditions in [29] and also assume I is Lipschitzian,
then our result (Corollary 2) verifies (3) with

Qn:n_l/d logn+n‘1/zlogn, d>1,

thereby improving (5), in addition to matching (4) when d = 1; see Remark 1 for details.
Remarkably, we demonstrate that the optimal univariate KMT strong approximation rate
n~/?logn is achievable when d = 2, in addition to achieving the better approximation rate
n~1/4\/logn when d > 3. Applying our result to the kernel density estimation example, we
obtain the improved strong approximation rate (nb%)~Y%\/logn + (nb%)~*/?logn, d > 1,
under the same conditions imposed in prior literature. We thus show that the optimal uni-
variate KMT uniform Gaussian strong approximation holds in (3) for bivariate kernel density
estimation. Theorem 1 also allows for other entropy notions for J{ beyond the classical VC-
type condition, and delivers improvements over [22]. See Remark 2 for details. Section 3
discusses how our improvements are achieved, and outstanding technical roadblocks.

Section 4 is motivated by the second aforementioned limitation in prior uniform Gaussian
strong approximation results, and thus studies the residual-based empirical process:

M Ruler)= =3 (o0a)rl) ~ Elsberlx)).  (0.r)€5x R,

for z; = (x;,yi), ¢ = 1,...,n, a random sample now also including an outcome variable
y; € R. Our terminology reflects the fact that g(x;)r(y;) — Elg(xi)r(vi)|xi] = g(xi)€i(r)
with €;(r) = r(y;) — E[r(y;)|x;], which can be interpreted as a residual in nonparametric local
smoothing regression settings. In statistical applications, g(-) is typically an n-varying local
smoother based on kernel, series, or nearest-neighbor methods, while r(-) is some transfor-
mation such as 7(y) = y for conditional mean or r(y) = 1(y < -) for conditional distribution
estimation. [13, Section 3.1] call these special cases of R,, a local empirical process.

The residual-based empirical process (R, (g,7) : (g,7) € § x R) may be viewed as a gen-
eral empirical process (1) based on the sample (z; : 1 < i < n), and thus available strong
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approximation results can be applied directly, including [22], [29], and our new Theorem 1.
However, those off-the-shelf results require stringent assumptions and can deliver subopti-
mal approximation rates. First, available results require z; to admit a bounded and positive
Lebesgue density on [0, 1]%+1, possibly after some specific transformation, thereby impos-
ing strong restrictions on the marginal distribution of y;. Second, available results can lead
to the incorrect effective sample size for the strong approximation rate. For example, for a
local empirical process where g(-) denotes n-varying local smoothing weights based on a
kernel function with bandwidth b — 0 as n — oo, and r(y) = y, [29] gives the approxima-
tion rate (6), and our refined Theorem 1 for general empirical processes indexed by Lipschitz
functions gives a uniform Gaussian strong approximation rate

®) 0n = (nb™ V@D Slogn + (nb?) "2 1ogn,

where the effective sample size is still nb®*!. This is suboptimal because nb? is the (point-
wise) effective sample size for the kernel regression estimator.

A key observation underlying the potential suboptimality of strong approximation results
for local regression empirical processes is that all components of z; = (x;,y;) are treated
symmetrically. Thus, Section 4 presents a novel uniform Gaussian strong approximation for
the residual-based empirical process (Theorem 2), which explicitly exploits the multiplica-
tive separability of H{ = G x R and the possibly Lipschitz continuity of the function class,
while also removing stringent assumptions imposed on the underlying data generating pro-
cess. When applied to the local kernel regression empirical processes, our best result gives a
uniform Gaussian strong approximation rate

9) on = (nb®) Y82 flogn + (nb?) /% logn,

thereby improving over both [29] leading to (5), and Theorem 1 leading to (8). The correct
effective sample size nb? is achieved, under weaker regularity conditions. As a statistical
application, Section 4.1 leverages Theorem 2 to establish the best known uniform Gaussian
strong approximation result for local polynomial regression estimators [17].

Following [29], the proof of Theorem 1 in Section 3 first approximates in mean square the
class of functions J{ using a Haar basis over carefully constructed disjoint dyadic cells, and
then applies the celebrated Tusnddy’s Lemma [28, Chapter 10, for a textbook introduction]
to construct a strong approximation. It thus requires balancing two approximation errors: a
projection error (“bias”) emerging from the mean square projection based on a Haar basis,
and a coupling error (“variance”) emerging from the coupling construction for the projected
process. A key observation in our paper is that both errors can be improved by explicitly
exploiting a Lipschitz assumption on JH. However, it appears that to achieve the univari-
ate KMT uniform Gaussian strong approximation for the general empirical process (1) with
d > 3, a mean square projection based on a higher-order function class would be needed to
improve the projection error, but no coupling methods available in the literature for the re-
sulting projected process. The proof of Theorem 2 in Section 4 employs a similar projection
and coupling decomposition approach, but treats § and R separately in order to leverage the
multiplicative separability of the residual process (R, (g,7) : (g,7) € § x R). In particular,
the proof designs cells for projection and coupling approximation that are asymmetric in the
direction of x; and y; components to obtain the uniform Gaussian strong approximation. This
distinct proof strategy relaxes some underlying assumptions (most notably, on the distribu-
tion of y;), and delivers a better strong approximation rate for some local empirical processes
than what would be obtained by directly applying Theorem 1.

In general, however, neither Theorem 1 nor Theorem 2 dominates each other, nor their
underlying assumptions imply each other, and therefore both are of interest, depending on
the statistical problem under consideration. Their proofs employ different strategies (most
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notably, in terms of the dyadic cells expansion used) to leverage the specific structure of X,
and R,. It is an open question whether the uniform Gaussian strong approximation rates
obtained from Theorems 1 and 2 are optimal under the assumptions imposed.

As a way to circumvent the technical limitations underlying the proof strategies of Theo-
rem 1 and Theorem 2, Section 5 presents two other uniform Gaussian strong approximation
results when J is spanned by a possibly increasing sequence of finite Haar functions on
quasi-uniform partitions, for the general empirical process (Theorem 3) and for the residual-
based empirical process (Theorem 4). These theorems shut down the projection error, and
also rely on a generalized Tusnddy’s Lemma established in this paper, to establish valid cou-
plings over more general partitioning schemes and under weaker regularity conditions. In this
specialized setting, we demonstrate that a uniform Gaussian strong approximation at the op-
timal univariate KMT rate based on the corresponding effective sample size is possible for all
d > 1, upto a polylog(n) term, where polylog(n) = log®(n) for some a > 0, and possibly an
additional “bias” term induced exclusively by the cardinality of R. As statistical applications,
we establish uniform Gaussian strong approximations for the classical histogram density es-
timator, and for Haar partitioning-based regression estimators such as those arising in the
context of certain regression tree and related nonparametric methods [4, 21, 7].

The supplemental appendix [11] contains all technical proofs, additional theoretical results
of independent interest, and other omitted details.

1.1. Related Literature. This paper contributes to the literature on strong approxima-
tions for empirical processes, and their applications to uniform inference for nonparametric
smoothing methods. For introductions and overviews, see [14], [24], [16], [3], [26], [20],
[28], [37], and references therein. See also [13, Section 3] for discussion and further refer-
ences concerning local empirical processes and their role in nonparametric curve estimation.

The celebrated KMT construction [23], Yurinskii’s coupling [35], and Zaitsev’s coupling
[36] are three well-known approaches that can be used to establish a uniform Gaussian strong
approximation for empirical processes. Among them, the KMT approach often offers the
tightest approximation rates when applicable, and is the focus of our paper: closely related
literature includes [27], [22], [29], [18], and [19], among others. As summarized in the intro-
duction, our first main result (Theorem 1) encompasses and improves on prior results in that
literature. Furthermore, Theorems 2, 3, and 4 offer new results for more specific settings of
interest in statistics, in particular addressing some outstanding problems in the literature [13,
Section 3]. We provide detailed comparisons to the prior literature in the upcoming sections.

We do not discuss the other coupling approaches because they deliver slower strong ap-
proximation rates under the assumptions imposed in this paper: for example, see [10] for
results based on Yurinskii’s coupling, and [32] for results based on Zaitsev’s coupling. Fi-
nally, employing a different approach, [15] obtain a uniform Gaussian strong approximation
for the multivariate empirical process indexed by half plane indicators with a dimension-
independent approximation rate, up to polylog(n) terms.

2. Notation. We employ standard notations from the empirical process literature, suit-
ably modified and specialized to improve exposition. See, for example, [1], [33] and [20] for
background definitions and more details.

The g¢-dimensional Gaussian distribution with mean g € R? and symmetric positive
semidefinite covariance matrix ¥ € R?*? is denoted by Normal(u, ). The binomial distri-
bution with parameter n € N and p € [0, 1] is denoted by Bin(n, p). |.A| denotes the cardinal-
ity of the set .A. For a vector a € R, ||a]| denotes the Euclidean norm and ||a||~, denotes the
maximum norm of a. For a matrix A € R?7*9, g1(A) > 02(A) > --- > 04(A) > 0 denote the
singular values of A. For 1 <i7; <js <nand1<j <jo<n,A; ., . j denotes the sub-
matrix (A;;)i,<i<is j1<j<j» of A, and A;, j .., Ai ., j, are likewise defined. For sequences
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of real numbers, we write a, = o(by) if limsup,,_, |5*| =0, and write a,, = O(b,) if there
exists some constant C' and /N > 0 such that n > N 1mphes |a,| < C|by|. For sequences of
random variables, we write a,, = op(b,) if limsup,,_,, P[|$* | > ¢l =0 forall € >0, and
write a, = Op (by,) if limsup,,_,,, limsup,,_, . P[[3*] > M]

Let U,V CR?. We defineld +V={u+v:uecl,ve V} and lU||oo = sup{||us —
Us |00 : Uy, us € U}, and B(U) denotes the Borel o-algebra generated by U and B(U) @ B(V)
denotes the product o-algebra. Let p be a measure on (U,B(U)), and ¢ : (V,B(V)) —
(U,B(U)) be a measurable function. p o ¢ denotes the measure on (V,B(V)) such that
o d(V)=pu(ep(V)) forany V€ B(V). For R € B(U), let u|r be the restriction of y on R,
that is, pu|r(U) = u(U N R) for all U € B(U). Two measures p and v on the measure space
(U,B(U)) agree on R € B(U) if pu|g = v|r. The support of x is Supp(u) = closure(U{U €
BU) : p(U) # 0}). The Lebesgue measure is denoted by m. Let f be a real-valued func-
tion on the measure space (U, B(U), ). Define the L, norms | f|l., = ([ | f|Pdu)'/P for
1 <p<ooand | fllec = Supxey |f(x)|, and let Supp(f ) {uell: f(u) >0} be the sup-
port of f. L,(u) is the class of all real-valued measurable functions f on (U, B(U)) such
that || f||.p» < oo, for 1 < p < co. The semi-metric 9, on Ly(y) is defined by 0,(f,g) =
(f=9gl2s— ([ fdu— [gdu)?)'/2, for f,g € Lao(n ) Whenever it exits, V f(x) denotes
the Jacobian matrix of f at x. If & and G are two sets of functions from measure space
(U,B(U)) and (V,B(V)) to R, respectively, then F x G denotes the class of measurable
functions {(f,g) : f € F,g € G} from (U x V,B(U) @ B(V)) to R. For a measure p on
(U xV,BU) @ B(V)), the semi-metric 0, on § x R is defined by 0,((g1,71), (92,72)) =
(lgrr1 — garall? o — fglnd,u fggrgdu )2)'/2. For a semi-metric space (S,d), the cov-
ering number N (S,d, ¢) is the minimal number of balls B,(¢) = {u: d(u,v) <&}, v > 1,
needed to cover S.

2.1. Main Definitions. Let J be a class of measurable functions from a probability space
(R7, B(RY),P) to R. We introduce several definitions that capture properties of F.

DEFINITION 1. T is pointwise measurable if it contains a countable subset G such that
for any f € &, there exists a sequence (g, : m > 1) C G such that lim,,_,~ gm(u) = f(u)
for all u € R9.

DEFINITION 2. Let Supp(JF) = Uscg Supp(f). A probability measure Qg on (R?, B(R?))
is a surrogate measure for IP with respect to J if

(i) Qg agrees with IP on Supp(IP) N Supp(F).
(ii) Qg (Supp(F) \ Supp(P)) =0.
Let Qg = Supp(Qg).
DEFINITION 3. For ¢ =1 and an interval Z C R, the pointwise total variation of F over
Tis
P-1

pTVy4 7 =supsup sup Z |f(aiv1) = flaq)l,
FEF P21Ppel 4=

where Pp = {(a1,...,ap): a1 <--- <ap} denotes the collection of all partitions of Z.
DEFINITION 4.  For a non-empty C C RY, the total variation of J over C is

TVyc= inf sup sup f(a) div(@) (u)du/[[[[¢]]2]]co;
UEO(C) feF peD,(U) JRa



STRONG APPROXIMATIONS FOR EMPIRICAL PROCESSES 7

where O(C) denotes the collection of all open sets that contains C, and D, () denotes the
space of infinitely differentiable functions from R? to R? with compact support contained in
Uu.

DEFINITION 5. For a non-empty C C RY, the local total variation constant of F over C,
is a positive number Kg ¢ such that for any cube D C R? with edges of length ¢ parallel to
the coordinate axises,

Vg pre < Kyl L.

DEFINITION 6. For a non-empty C C R?, the envelopes of F over C are

Mg*,C:SIlng»“’C(u), ng,C(u) :Sup|f(u)’7 ucC.
ueC feF

DEFINITION 7. For a non-empty C C R, the Lipschitz constant of I over C is

Lo —sup sup )= S
feFui,uzeC lur — uzl[so

DEFINITION 8. For a non-empty C C R?, the L,; bound of F over C is

Egvczsup/]f]le.
c

feF

DEFINITION 9.  For a non-empty C C RY, the uniform covering number of F with enve-
lope Mg ¢ over C is

Ny (6, M) =sup N(F, [[-[|n2, 0l Msc
m

|,u,2)a de (0700)7

where the supremum is taken over all finite discrete measures on (C, B(C)). We assume that
Mg ¢(u) is finite for every u € C.

DEFINITION 10. For a non-empty C C RY, the uniform entropy integral of I with enve-
lope Mg ¢ over C is

5
Jc((g, T, Mf‘f’c) = / \/1 + IOgNg,C(E, Mﬁc)d@,
0
where it is assumed that M5 ¢(u) is finite for every u € C.

DEFINITION 11. For a non-empty C C R?, J is a VC-type class with envelope Mg ¢
over C if (i) My ¢ is measurable and My ¢(u) is finite for every u € C, and (ii) there exist
cgc>0 and dgc >0 such that

Nyc(e, Mgc) < cgce 9°, ee(0,1).

DEFINITION 12. For a non-empty C C RY, J is a polynomial-entropy class with enve-
lope Mg ¢ over C if (i) My ¢ is measurable and Mg ¢(u) is finite for every u € C, and (ii)
there exist ag ¢ > 0 and by ¢ > 0 such that

logNac(é‘, Mac) < a§7c€_b?’c, e (0, 1).

If a surrogate measure Q4 for P with respect to I has been assumed, and it is clear from
the context, we drop the dependence on C = Qg for all quantities in Definitions 4—12. That
is, to save notation, we set TVg = TVg o, K¢ =Kg,0,, M5 =My o,, Mg(u) = My o, (u),
Ly =Ly, 0., and so on, whenever there is no confusion.



3. General Empirical Process. Let

1 ifd=1
n12/logn ifd=1
Mr,d {n—l/(Qd) ifd>?2 and n,d n Viegn ifd=2,

n-Y/d ifd>3
and recall Section 2.1 and the notation conventions introduced there.

THEOREM 1. Suppose (x; : 1 <i < n) are i.i.d. random vectors taking values in
(R4, B(R?)) with common law IP x supported on X C R¢, and the following conditions hold.

(i) X is a real-valued pointwise measurable class of functions on (R?, B(R4), P ).

(ii) There exists a surrogate measure Q¢ for [P x with respect to H such that Q5¢ = mogq,
where the normalizing transformation ¢g¢ : Qgc — [0,1]% is a diffeomorphism.

(i) Mg¢ < oo and J(l,fH,Mj{) < Q.

Then, on a possibly enlarged probability space, there exists a sequence of mean-zero Gaus-
sian processes (Z:X(h) : h € ) with almost sure continuous trajectories on (3(,9p, ) such
that:

s E[X,(h1)X,(he)] = E[ZX (h1)ZX (hy)] for all hy, hy € K, and
s P[|| X, — Z; lsc > C1Sn(t)] < Coe~* forall t > 0,

where C and C5 are universal constants, and

S, (1) = min (A (t,) + Fu(t,)},

where

A, (t,8) = min {mnvd\/Mg{, Imd\/CQLg{}\/ClTVQ{ \/t + log N (6, M)
M
+4/ 7}( min { V1ogny/Mge, v/ c3Kge + M}(}(t + log Ny (6, My¢))

d—1
1
c1=d sup | | 0;(Voy(x)), co= sup ————, oy = 247 1qd/2 ¢, cd- 1
x€Qs¢ ;1 ’ xeQsc Td(Vdac(x)) 2

and

MacJ2(8, H, Mge) Mg¢
Myt + —=t.
NG + :mf+\/ﬁ

This uniform Gaussian strong approximation theorem is given in full generality to accom-
modate different applications. Section 3.1 discusses the role of the surrogate measure and
normalizing transformation, and Section 3.2 discusses leading special cases and compares
our results to prior literature. The proof of Theorem 1 isin [11, Section SA-II], but we briefly
outline the general proof strategy here to highlight our improvements on prior literature and
some open questions. The proof begins with the standard discretization (or meshing) decom-
position:

1Xn = Z3 I3 < 1 X0 = Xn o macs e + 1 Xn = Z3 llac, + 125 0 mae; — Z3 Nlae,

Fn(t,(;) = J((57J{7M:}()Mj{ +

where || X,, — ZX||4¢, captures the coupling between the empirical process and the Gaussian
process on a d-net of H, which is denoted by 35, while the terms || X,, — X, o mg, ||3¢ and
|1ZX o wgc, — Z:X]|3¢ capture the fluctuations (or oscillations) relative to the meshing for
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each of the stochastic processes. The latter two errors are handled using standard empirical
process results, which give the contribution F,(¢,d) emerging from Talagrand’s inequality
[20, Theorem 3.3.9] combined with a standard maximal inequality [13, Theorem 5.2].

Following [29], the coupling term ||X,, — Z:X||5, is further decomposed using a mean
square projection onto a Haar function space:

10)  [1Xn = Zf llacs < 1 X0 = MoXallae, + MoXn — Mo ZyY [la, + Mo ZyY — Z N3¢,

where Ty X,,(h) = X,, o lph with Iy denoting the Lo-projection onto piecewise constant
functions on a carefully chosen partition of X'. We introduce a class of recursive quasi-dyadic
cells expansion of X', which we employ to generalize prior results in the literature, including
properties of the Lo-projection onto a Haar basis based on quasi-dyadic cells.

The term ||y X,, — o ZX||3¢, in (10) represents the strong approximation error for the
projected process over a recursive dyadic collection of cells partitioning X'. Handling this
error boils down to the coupling of Bin(n, 3) with Normal(%, %), due to the fact that the
constant approximation within each recursive partitioning cell generates counts based on
1.i.d. data. Building on the celebrated Tusnddy’s Lemma, [29, Theorem 2.1] established a
remarkable coupling result for bounded functions Ls-projected on a dyadic cells expansion of
X. We build on his powerful ideas, and establish an analogous result for the case of Lipschitz
functions Lo-projected on dyadic cells expansion of X, thereby obtaining a tighter coupling
error. A limitation of these results is that they only apply to a dyadic cells expansion due to
the specifics of Tusnady’s Lemma.

The terms || X,, — Mo X,,||3¢, and ||gZX — ZX||5¢, in (10) represent the errors of the mean
square projection onto a Haar basis based on guasi-dyadic cells expansion of X'. We handle
this error using Bernstein inequality, while also taking into account explicitly the potential
Lipschitz structure of the functions, and the more generic cell structure.

Balancing the coupling error and the two projection errors in (10) gives term A,,(¢,9) in
Theorem 1. Section SA-II of [11] provides all technical details, and additional results that
may be of independent interest.

3.1. Surrogate Measure and Normalizing Transformation. Theorem 1 assumes the ex-
istence of a surrogate measure Q4¢, and a normalizing transformation ¢4, which together
restrict IP x to be absolutely continuous with respect to m on X N Supp(H), while incorpo-
rating features of the support of J{. We provide examples of Q4 and ¢4, discuss primitive
sufficient conditions, and bound the constants c;, co, and c3 explicitly.

As a first simple example, suppose that x; ~ Uniform(X) with X = x{_, [a;, b], where
—o0 < a < b <oo, I =1,2,...,d. Setting Q3¢ = Px and ¢g¢(z1, -+ ,24) = ((by —
a1) Yz — a1), -+, (bg — ag) "' (g — a4)) verifies assumption (ii) in Theorem 1. In
this case, ¢; = dmaxj<j<q|b; — al|H§l:1 lb; — a)| 7, co = maxj<j<q|b; — a| and c3 =
Qdfldd/Q maXi<i<d ’bl — al\d Hle ‘bl — al|*1.

When P x is not the uniform distribution, or X is not isomorphic to the d-dimensional unit
cube, a careful choice of Qg¢ and ¢g¢ is needed. In many interesting cases, the Rosenblatt
transformation can be used to exhibit a valid normalizing transformation, together with an
appropriate choice of Qg taking into account X and Supp(H). For a random vector V =
(Vi,---,Va) € R? with distribution Py,, the Rosenblatt transformation is

Py (Vi <wv)
Py (Ve <w|Vi =1v1)
T]PV(’Ul)'” avd): :
Py(Va<wvalVi=wv1,-+, Vi1 = va-1)

To discuss the role of the Rosenblatt transformation in constructing a valid normalizing
transformation, we consider the following two cases.
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Case 1: Rectangular Qs¢. Suppose that Q4¢ admits a Lebesgue density fg supported on
Qs¢ = XL, [a;, b], —00 < a; < b; < co. Then, the Rosenblatt transformation ¢g¢ = Toy,,
is a normalizing transformation, and we obtain

=d fQ(u)

C1 = Sup - 5

ueQy min{ fo1(u1), foon (uzlur), -+, fo.a—a(ualus, - ,uq-1)}
1

Co= sup

ue0y min{ fo1(u1), foon (ualur), -, fo.a-a(ualur, - ua—1)}’

and c3 = 2% 1d%? ¢ ¢4, where Jq,jl—j(|ur, -+~ ,uj_1) denotes the conditional den-
sity of Qj|Q1 =u1,--,Qj-1 =uj 1 for Q= (Q1,---,Qq) ~ Q.
This case covers several examples of interest, which give primitive conditions for as-
sumption (ii) in Theorem 1:
(a) Suppose Qg¢ = XL, [a;, by] is bounded. Then, for f; bounded and bounded away
from zero on Qg,
72 —
c1 < df—Q@:n and ¢y < f—Q@gf,
fo fo

where iQ = infxcoy fx(X), fo = SuDPxeo,, fo(%), and Qg = max;<j<q|b; — ay|.
If X = x¢%[a;,by] is bounded and PPy admits a bounded Lebesgue density fx on
X, then we can set Qg¢ = IPx and ¢3¢ = T, . This case corresponds to [29, Theorem
1.1], and the bounds for ¢; and c3 coincide with those in [29, Section 3, Transformation
of the rv.’s]. Alternatively, if X" is unbounded but Supp(H) is bounded, we may still
be able to find Qg¢ supported on a bounded rectangle. We illustrate this case with
Example 1 in Section 3.2.

(b) Suppose Qg¢ = xle[al, b;] is unbounded. This is often the case when X and
Supp(H) are unbounded (but note that setting X N Supp(H) could be bounded in
some cases). To fix ideas, let x; ~ Normal(u, X). Then, we can set Q¢ = Px and
¢3¢ =1Tp, , and obtain

1) < <d Squ max{fx1(z1), fxon(@2]z1),  , fxg—a(@alz_a)}*"
xeg¢

<dmin{Z.. -3 027 w1 A2
- 1gk§d{ kK kLk—1471 1 1:k—11:k 1k}

bounded, but cy (and hence c3) unbounded. This result shows that even when the
support of IPx is unbounded, a valid uniform Gaussian strong approximation can be
established in certain cases (albeit the Lipschitz property is not used).

Case 2: Non-Rectangular Q4. Due to the irregularity of X and Supp(H), in some set-
tings only a surrogate measure Qg¢ with non-rectangular Q4¢ may exist. Then, we can
compose the Rosenblatt transformation with another mapping capturing the shape of Qg
to exhibit a valid normalizing transformation. Suppose that Qs¢ admits a Lebesgue den-
sity fo supported on Qg¢, and there exists a diffeomorphism y : Qg¢ + [0, 1]%. Setting
¢3¢ = T,0n—1 © X gives a valid normalizing transformation, with

72 J—

¢ < df—QsX and ¢y < f—QsX,
i@ iQ

SUpP, ¢ (0,1} |det(Vx~1(x))]

infxe[o,l]d |det(Vx—1(x))]

where S, = IV x ! l2]loo- See also Example 1 in Section 3.2.
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To recap, Theorem 1 requires the existence of a surrogate measure and a normalizing
transformation, which restrict the probability law of the data and take advantage of specific
features of the function class. In particular, assumption (ii) in Theorem 1 does not require X’
to be compact if either (11) is bounded (as it occurs when IP x is the Gaussian distribution)
or Supp(H) is bounded (as we illustrate in Example 1 in Section 3.2). See Section SA-II.2
of [11] for details.

3.2. Special Cases and Related Literature. 'We introduce our first statistical example.

EXAMPLE 1 (Kernel Density Estimation). Suppose that Py admits a continuous
Lebesgue density fx on its support X. The classical kernel density estimator is

ﬁ(w)zig;;K(X"gw),

where K : K — R is a continuous function with K C R? compact, and [ K (w)dw = 1.
In statistical applications, the bandwidth b — 0 as n — oo to enable nonparametric estima-
tion [34]. Consider establishing a strong approximation for the localized empirical process
(&n(w):weW), WC X, where

Ea(w) = Vabd (fx(w) — E[fx(W)]) = Xn(hw),  hw e X,
with 3 = {hy () = b2 K ((- — w)/b) : w € W}. It follows that Mg¢ ga = O(b=?). A

Variants of Example 1 have been discussed extensively in prior literature on strong approx-
imations because the process &, is non-Donsker whenever b — 0, and hence standard weak
convergence results for empirical processes can not be used. For example, [18] and [19] es-
tablished strong approximations for the univariate case (d = 1) under i.i.d. sampling with X’
unbounded, [9] established strong approximations for the univariate case (d = 1) under i.i.d.
sampling with X compact, [29] established strong approximations for the multivariate case
(d > 1) under i.i.d. sampling with X compact, [31] established strong approximations for the
multivariate case (d > 1) under i.i.d. sampling with X unbounded, and [8] established strong
approximations for the univariate case (d = 1) under non-i.i.d. dyadic data with X compact.
[13, Remark 3.1] provides further discussion and references. See also [12] for an application
of [29] to uniform inference for conditional density estimation.

We can use Example 1 to further illustrate the role of Qg¢ and ¢.

EXAMPLE 1 (continued). Recall that X" is the support of Px, W C X is the index set
for the class H, and K is the compact support of K. It follows that Supp(H) =W +b- K.
We illustrate two sets of primitive conditions implying assumption (ii) in Theorem 1.

* Suppose that X' = Xflzl[al, bi], —oo < a; < by < oo, and W is arbitrary. Then, we can
set Q3¢ = Px and ¢3¢ = TP, and the discussion in parts (a) and (b) of Case 1 in Sec-
tion 3.1 applies, which implies assumption (ii) in Theorem 1 under the assumptions im-
posed therein. Furthermore, when X is bounded, c; = O(1) and ¢y = O(1), and hence
c3 = O(1), because fx is continuous and positive on X. This is part (a) in Case 1 of
Section 3.1, and also the example in [29, Section 4]. No information on Supp(¥H) is used.

e Suppose that X is arbitrary, and W is bounded. Then, it may be possible to find Q¢
supported on a bounded set, even if X' is unbounded. For example, suppose that X' = R?
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W= x4 [a,bi], 0 <a; < b; < o0, and K = [—1,1]%. Then, for instance, we can take Q¢
with Lebesgue density
fX (X) B ifxe X;izl[gl,gl},
fa(x) = (1 - Py (xy a0,B)/m(T)  ifxe T,
0 otherwise,

where 3; = max{a; — b,0}, b; = by +0, T = szl[ﬁl,gl + 1] \7><;i:1[5l,51}, and ¢gc =
Tggeox-—1 © X With (21, ,x4) = ((by —a31) " (z1 —@1), -+, (ba — 34) "' (x4 — 3a)). It
follows that assumption (ii) in Theorem 1 holds. A more general example is discussed in
[11, Section SA-IL.6].

Finally, the surrogate measure and normalizing transformation could be used to incorporate
truncation arguments. We do not dive into this idea for brevity. A

We now specialize Theorem 1 to several cases of practical interest. We employ the defini-
tions and notation conventions given in Section 2.1. To streamline the presentation, we also
assume that c¢; < co and co < oo (hence c3 < o0) in the remaining of Section 3. See [11,
Section SA-II] for details.

3.2.1. VC-type Bounded Functions. Our first corollary considers a VC-type class H of
uniformly bounded functions (Mg¢ < c0), but without assuming they are Lipschitz (Lgr = 00).

COROLLARY 1 (VC-type Bounded Functions). Suppose the conditions of Theorem 1
hold. In addition, assume that J{ is a VC-type class with respect to envelope function Mg¢
over Qg4 with constants cy > e and dg¢ > 1. Then, (3) holds with

logn .
On = My, g/ logny/c My TV + % min{/lognv/Msc, v/ csKge + Mae p/Mye.

This corollary recovers the main result in [29, Theorem 1.1] when d > 2, where m,, 4 =
n~ Y4 Tt also covers d = 1, where My 1 = n~1/2,/logn, thereby allowing for a precise
comparison with prior KMT strong approximation results in the univariate case [18, 19, 8].
Thus, Corollary 1 contributes to the literature by covering all d > 1 cases simultaneously,
allowing for possibly weaker regularity conditions on IPx through the surrogate measure
and normalizing transformation, and making explicit the dependence on d, X', and all other
features of the underlying data generating process. This additional contribution can be useful
for non-asymptotic probability concentration arguments, or for truncation arguments (see
[31] for an example). Nonetheless, for d > 2, the main intellectual content of Corollary 1 is
due to [29]; we present it here for completeness and as a prelude for our upcoming results.

For d = 1, Corollary 1 delivers the optimal univariate KMT approximation rate when
Kgc = O(1), which employs a weaker notion of total variation relative to prior literature, but
at the expense of requiring additional conditions, as the following remark explains.

REMARK 1 (Univariate Strong Approximation). In Section 2 of [18] and the proof of
[19], the authors considered univariate (d = 1) i.i.d. continuously distributed random vari-
ables, and established the strong approximation:

t+ Cilogn

NG

P <HXn—Z,§Hg{ > pTVge g ) < Cyexp(—Cit), t>0,
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where C7,Cy, Cs are universal constants. [8, Lemma SA20] slightly generalized the result
(e.g., Px is not required to be absolutely continuous with respect to the Lebesgue measure),
and provided a self-contained proof.

For any interval 7 in R, TVg 7 < PTVy 7 provided that Mg 7 < oo [1, Theorem 3.27].
Therefore, Theorem 1 employs a weaker notation of total variation, but imposes complexity
requirements on J and the existence of a normalizing transformation. In contrast, [18], [19]
and [8] do not imposed those extra conditions, but their results only apply whend=1. [

We illustrate the usefulness of Corollary 1 with Example 1.

EXAMPLE 1 (continued). Let the conditions of Theorem 1 hold, and nb? /logn — oo.
Prior literature further assumed K is Lipschitz to verify the conditions of Corollary 1
with Vg = O(b¥?>7') and Ky = O(b~%?). Then, for X, = &,, (3) holds with o, =
(nb) =1/ /logn + (nb?)~1/21ogn. A

The resulting uniform Gaussian approximation convergence rate in Example 1 matches
prior literature for d = 1 [18, 19, 8] and d > 2 [29]. This result concerns the uniform Gaussian
strong approximation of the entire stochastic process, which can then be specialized to deduce
a strong approximation for the scalar suprema of the empirical process ||, ||s¢. As noted
by [13, Remark 3.1(ii)], the (almost sure) strong approximation rate in Example 1 is better
than their strong approximation rate (in probability) for ||&,||5c when d € {1,2,3}, but their
approach specifically tailored to the scalar suprema delivers better strong approximation rates
when d > 4.

Following prior literature, Example 1 imposed the additional condition that K is Lips-
chitz to verify that 7 = {b~ 2K ((- —w)/b) : w € W} forms a VC-type class, and the other
conditions in Corollary 1. The Lipschitz assumption holds for most kernel functions used in
practice. One notable exception is the uniform kernel, which is nonetheless covered by Corol-
lary 1, and prior results in the literature, with a slightly suboptimal strong approximation rate
(an extra y/logn term appears when d > 2).

3.2.2. VC-type Lipschitz Functions. It is known that the uniform Gaussian strong ap-
proximation rate in Corollary 1 is optimal under the assumptions imposed [2]. However, the
class of functions J often has additional structure in statistical applications that can be ex-
ploited to improve on Corollary 1. In Example 1, for instance, prior literature further assumed
K is Lipschitz to verify the sufficient conditions. Therefore, our next corollary considers a
VC-type class H now allowing for the possibility of Lipschitz functions (Lg¢ < 00).

COROLLARY 2 (VC-type Lipschitz Functions). Suppose the conditions of Theorem 1
hold. In addition, assume that JH is a VC-type class with envelope function Mg over Qg¢
with constants cqc > e and dg¢ > 1. Then, (3) holds with

on, = min{m,, /Mg, l, 4v/caLgc }y/logny/c1 TV

I
Ojg min{+/log nv/Mgc, v/c3Ka¢ + Mo /M.

Putting aside Mg and TV, this corollary shows that if Ly < oo, then the rate of strong ap-
proximation can be improved. In particular, for d =2, m;, o = n~4 but lp,0 = n_l/Q\/log n,
implying that g, = n~/?logn whenever Kg¢ = O(b~%/?). Therefore, Corollary 2 establishes
a uniform Gaussian strong approximation for general empirical processes based on bivariate

+
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data that can achieve the optimal univariate KMT approximation rate. (An additional /logn
penalty would appear if K5¢ = 00.)

For d > 3, Corollary 2 also provides improvements relative to prior literature, but falls
short of achieving the optimal univariate KMT approximation rate. Specifically, m,, 4 =
n~1/(24) put lpa = n~1/% for d > 3, implying that g, = n~"/?\/logn. It remains an open
question whether further improvements are possible at this level of generality: the main road-
block underlying the proof strategy is related to the coupling approach based on the Tus-
nady’s inequality for binomial counts, which in turn are generated by the aforementioned
mean square approximation of the functions h € J{ by local constant functions on carefully
chosen partitions of Q.. Our key observation underlying Corollary 2, and hence the limita-
tion, is that for Lipschitz functions (L4¢ < 0o) both the projection error arising from the mean
square approximation and the KMT coupling error by [29, Theorem 2.1] can be improved.
However, further improvements for smoother functions appear to necessitate an approxima-
tion approach that would not generate dyadic binomial counts, thereby rendering current
coupling approaches inapplicable.

We revisit the kernel density estimation example to illustrate the power of Corollary 2.

EXAMPLE 1 (continued). Under the conditions imposed, Ly = O(b~%2~1), and Corol-
lary 2 implies that, for X,, = &,, (3) holds with o, = (nb%)~"/4\/logn + (nb%)~'/?logn.
A

Returning to the discussion of [13, Remark 3.1(ii)], Example 1 shows that our almost sure
strong approximation rate for the entire empirical process is now better than their strong
approximation (in probability) rate for the scalar suprema ||, ||5¢ = supy,ew |§n(W)| when
d < 6. On the other hand, their approach delivers a better strong approximation rate in prob-
ability for ||&,||sc when d > 7. Our improvement is obtained without imposing additional
assumptions because [29, Section 4] already assumed K is Lipschitizian for the verification
of the conditions imposed by his strong approximation result (cf. Corollary 1).

3.2.3. Polynomial-entropy Functions. [22] also considered uniform Gaussian strong ap-
proximations for the general empirical process under other notions of entropy for J{, thereby
allowing for more complex classes of functions when compared to [29]. Furthermore, [22]
employed a Haar approximation condition, which plays a similar role as the total variation
and the Lipschitz conditions exploited in our paper. To enable a precise comparison to [22],
the next corollary considers a class J{ satisfying a polynomial-entropy condition.

COROLLARY 3 (Polynomial-entropy Functions). Suppose the conditions of Theorem 1
hold, and that J{ is a polynomial-entropy class with envelope function My over Qg¢ with
constants ag¢ > 0 and 0 < bg¢ < 2. Then, (3) holds as follows:

(i) If Ly < oo, then
0n = My av/e1M3TVs¢ (y/logn + (c1m?2 My TVse) 1)
M b
+ ﬁmin{@m, VesKge + My} (logn + (Clmz,dM;gTVg{)_Tw),
(ii) If Lg¢ < oo, then

b

— _ 23
On = In,d C1C2L3{TV(}(( logn + (C1C2|721,dM5H2L3-(TVj{) 4 )

/M : _ LI
+ % min{+/log nv/Mgc, v/c3Kgc + Mg } (logn + (C1C2|i7dM%2LHTVH) 3 ).
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This corollary reports a simplified version of our result, which corresponds to the best
possible bound for the discussion in this section. See [11, Section SA-II] for the general case.
It is possible to apply Corollary 3 to Example 1, although the result is suboptimal relative to
the previous results leveraging a VC-type condition.

EXAMPLE 1 (continued). Under the conditions imposed, for any 0 < by < 2, we
can take agc = log(d + 1) + db;{1 so that H{ is a polynomial-entropy class with con-
stants (ag¢, bgc). Then, Corollary 3(ii) implies that, for X,, = &,, (3) holds with g, =

) A0 E g () b -

Our running example shows that a uniform Gaussian strong approximation based on
polynomial-entropy conditions can lead to suboptimal KMT approximation rates. However,
for other (larger) function classes, those results may be useful. The following remark dis-
cusses an example studied in [22], and illustrates our contributions in that context.

REMARK 2 (Polynomial-entropy Condition). Suppose Py is Uniform(X) with X =
[0,1]¢, and I a subclass of C?(X’) with C9-norm uniformly bounded by 1 and 2 < d < q.
[22, page 111] discusses this example after his Theorem 11.3, and reports the uniform Gaus-

sian strong approximation rate nJZTj polylog(n). See [22], or [11, Section SA-I], for the
additional notation and definitions used in this example.

Corollary 3 is applicable to this case, upon setting (Qg¢, p5¢) = (Px,Id) with Id denot-
ing the identity map from [0,1]% to [0, 1]¢. Tt follows that Mg¢ = 1, TVq¢ = 1, Lgc = 1. [33,
Theorem 2.7.1] shows that } is a polynomial-entropy class with constants asc = C, 4 and
bsc = d/q, where C, 4 is a constant depending on ¢ and d only. Then, Corollary 3(ii) implies
that, for X,, =&, (3) holds with

n"Eta polylog(n) ifd=2
On = q— )
n” B polylog(n) ifd>2

which gives a faster convergence rate than the one obtained by [22].

The improvement is explained by two differences between [22] and our approach. First, we
explicitly incorporate the Lipschitz condition, and hence we can take 3 = % instead of 8 = %
in Equation (3.1) of [22]. Second, using the uniform entropy condition approach, we get
log N (H, ||-|lpy .2, €) = O(e~%9), while [22] started with the bracketing number condition
log N{J(H, ||[|px,1,€) = O(e~%?) and, with the help of his Lemma 8.4, applied Theorem

d

3.1 witha= Tra in his Equation (3.2). The proof of his Theorem 3.1 leverages the fact that

his Equation (3.2) implies that log N (3, ||-|p  2,¢) = O(¢~2%9), and his approximation rate
is looser by a power of two when compared to the uniform entropy condition underlying our
Corollary 3. Setting Ly = 00, by = 2d/q, and keeping the other constants, Corollary 3(i)

would give g,, = n_%; polylog(n), which is the same rate as in [22]. Finally, Theorem 3.2
in [22] allows for log N (H, ||||px 2,€) = O(¢~?7) where p is not implied by his Equation

(3.2), and his result would give the strong approximation rate n G polylog(n). O

4. Residual-Based Empirical Process. Consider the simple local empirical process dis-
cussed in [13, Section 3.1]:

(12) Su(w) = #ZK(%)y wew,
=1
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where x; ~ Px, y; ~ Py, and b — 0 as n — oo. Using our notation, ( nbd(S,(w) —
E[S,(W)|x1, -+ ,Xp]) : W EW) = (Rn(g,7) : g € G,r € R) with § = {b~¥2K(=¥) 1w €
W} and R = {Id}, where Id denotes the identity map from R to R. This setting corresponds
to kernel regression estimation with K interpreted as the equivalent kernel; see Section 4.1
for details. As noted in [13, Remark 3.1(iii)], a direct application of [29], or of our Theorem 1,
views z; = (x;,y;) ~ Pz as the underlying (d 4 1)-dimensional random vectors entering the
general empirical process X,, defined in (1). Specifically, under some regularity conditions
on K and non-trivial restrictions on the joint distribution IP 7, [29]’s strong approximation re-
sult verifies (3) with rate (6), which is also verified via Corollary 1. Furthermore, imposing a
Lipschitz property on H = G x R, Corollary 2 would give the improved strong approximation
result (8), under regularity conditions.

The strong approximation results for .S, illustrate two fundamental limitations because
all the elements in z; = (x;,y;) are treated symmetrically. First, the effective sample size
emerging in the strong approximation rate is nb%*!, which is suboptimal because only the
d-dimensional covariate x; are being smoothed out. Since the pointwise variance of the pro-
cess is of order n~1b~9, the correct effective sample size should be nb?, up to polylog(n)
terms. Therefore, applying [29], or our improved Theorem 1, leads to a suboptimal uniform
Gaussian strong approximation for .S,,. Second, applying [29], or our improved Theorem 1,
requires IP 7 to be continuously distributed and supported on [0, 1]9*!, possibly after applying
a normalizing transformation. This requirement imposes non-trivial restrictions on Pz and,
in particular, on [Py, limiting the applicability of the strong approximation results. See [13,
Remark 3.1(iii1)] for more discussion.

Motivated by the aforementioned limitations, the following theorem explicitly studies the
residual-based empirical process defined in (7), leveraging its intrinsic multiplicative separa-
ble structure. We present our result under a VC-type condition on § x R to streamline the
discussion, but a result at the same level of generality as Theorem 1 is given in [11, Section
SA-IV]. Recall Section 2.1 and the notation conventions introduced therein.

THEOREM 2. Suppose (z; = (x;,y;) : 1 <i <mn) are i.i.d. random vectors taking values
in (R B(R¥ 1)) with common law Pz, where x; has distribution P x supported on X' C
R?, y; has distribution Py supported on )) C R, and the following conditions hold.

(i) G is a real-valued pointwise measurable class of functions on (R?, B(RY), Px).

(i1) There exists a surrogate measure Qg for P x with respect to G such that Qg = mogg,
where the normalizing transformation ¢g : Qg + [0,1]% is a diffeomorphism.

(iii) Gis a VC-type class with function Mg over Qg with cg > e and dg > 1.

(iv) R is areal-valued pointwise measurable class of functions on (R, B(R), Py).

(v) Ris a VC-type class with envelope Mz y over )V with cg y > e and dg y > 1, where
Mz y(y) +PTVg iy, < V(1 +][y|*) forally € Y, for some v > 0, and for some o > 0.
Furthermore, if a > 0, then sup,c v E[exp(|yi|)|x; = x] < 2.

(vi) There exists a constant k such that | log, Eg| + |log, TV| + | log, Mg| < klog, n, where
TV = max{TVg, TVgx vy, 0, } With Vg ={0(-,7) : 7 € R}, and §(x,r) = Elr(y;)|x; = x].

Then, on a possibly enlarged probability space, there exists a sequence of mean-zero Gaus-
sian processes (ZX(g,r) : (g,r) € G x R) with almost sure continuous trajectories on

(G x R,0p, ) such that:

* E[Rn(g1,71)Rn(g2,72)] = B[Z[}(g1,71) Z] (g2,72)] for all (g1,71), (92,72) € G x R, and
* P[||Ry — ZF|lgxr > C1Cy o Tn(t)] < Coe " forall t >0,
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where C; and C; are universal constants, C, , = vmax{1 + (2a) 2,1 + (4a)*}, and
Mg
vn

dyd+1rd 1 4 4 d_d. -1
c{Ms"TVeE 2d+2 c?c2McEcTVz2Lz2 \ d+2
An:min{<1 J - 9) ,< 1=2 9n9 ) },

To(t) =A,(t +klogyn + dlog(cn))‘“g\/g + —Z(t +klogyn + dlog(cn))* ™,

d—1

1
c1 =d sup 0;i(Vog(x)), Co= sUup —————,
' XEQSJ'I:[1 1(Vosb) " xegq 0a(Vog(x))

with ¢ = cger y, d =dg +dg,y, and L = max{Lg, Lgxv,,Qq }-

This theorem establishes a uniform Gaussian strong approximation under regularity con-
ditions specifically tailored to leverage the multiplicative separable structure of R,, defined in
(7). Conditions (i)—(iii) in Theorem 2 are analogous to the conditions imposed in Corollaries
1 and 2 for the general empirical process. Conditions (iv)—(v) in Theorem 2 are new, mild
restrictions on the portion of the stochastic process corresponding to the outcome y;. Con-
dition (v) either assumes R is uniformly bounded, or restricts the tail decay of the function
class R, without imposing restrictive assumptions on the distribution IPy-. Finally, condition
(vi) is imposed only to simplify the exposition; see [11] for the general result. We require a
pTV condition on R in (v), but TV conditions on G and § x Vg in (vi), because P x admits a
Lebesgue density, but Py may not.

The proof strategy of Theorem 2 is similar to the proof for the general empirical process
(Theorem 1), and is given in [11, Section SA-IV]. First, we discretize to a -net to obtain

IR — Z2|gx® < | Rn — Ry o m(gxm)s lsxk + [|1Rn = Zit | (gx ),
+ |1 ZE o migxmys — Zillgx,

where the terms capturing fluctuation off-the-net, ||R, — R, o T(gx®),|/gx® and |1ZE o
T(GxR)5 — ZE||g«x, are handled via standard empirical process methods. Second, the re-
maining term || R, — Z[||(gx=x);» Which captures the finite-class Gaussian approximation
error, is once again decomposed via a suitable mean square projection onto the class of piece-
wise constant Haar functions on a carefully chosen collection of cells partitioning the support
of Pz. This is our point of departure from prior literature.

We design the partitioning cells based on two key observations: (i) regularity conditions
are often imposed on the conditional distribution of y;|x;, as opposed to on their joint dis-
tribution; and (ii) G and R often require different regularity conditions. For example, in the
classical regression case discussed previously, R is just the singleton identity function but Py
may have unbounded support or atoms, while G is a VC-type class of n-varying functions
with a possibly more regular P x having compact support. Furthermore, the dimension of y;
is a nuisance for the strong approximation, making results like Theorem 1 suboptimal in gen-
eral. These observations suggest choosing dyadic cells by an asymmetric iterative splitting
construction, where first the support of each dimension of x; is partitioned, and only after the
support of y; is partitioned based on the conditional distribution of y;|x;. See [11] for details
on our proposed asymmetric dyadic cells expansion.

Given our dyadic expansion exploiting the structure of R,, we decompose the term
IR, — Z[ |(gx®), similarly to (10), leading to a projected piecewise constant process and
the corresponding two projection errors. However, instead of employing the Lo-projection
Iy as in (10), we now use another mapping II; from Lo(IPy) to piecewise constant func-
tions that explicitly factorizes the product g(x;)r(y;). In fact, as we discuss in [11], each
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base level cell C produced by our asymmetric dyadic splitting scheme can be written as a
product of the form &; x ),,, where & denotes the [-th cell for x; and ), denotes the
m-th cell for y;. Thus, Iy is carefully chosen so that once we know x € A&} for some I,
(g, 7] (x,9) = 2 o 1y € V) Elr(y:)lyi € Y x; € XJE[g(x;)|x; € Xi], which only
depends on y, and has envelope and total variation no greater than those for r.

Finally, our generalized Tusnddy’s lemma for more general binomial counts [11] allows
for the Gaussian coupling of any piecewise-constant functions over our asymmetrically con-
structed dyadic cells. A generalization of [29, Theorem 2.1] enables upper bounding the
Gaussian approximation error for processes indexed by piecewise constant functions by sum-
ming up a quadratic variation from all layers in the cell expansion. By the above choice
of cells and projections, the contribution from the last layers corresponding to splitting ;
amounts to a sum of one-dimensional KMT coupling error from all possible A} cells. In fact,
the one-dimensional KMT coupling is optimal and, as a consequence, requiring a vanishing
contribution of y; layers to the approximation error does not add extra requirements besides
conditions on envelope functions and an L, bound for §. This explains why we can obtain
strong approximation rates reflecting the correct effective sample size underlying the empir-
ical process for the kernel regression and other local empirical process examples.

The following corollary summarizes the main result from Theorem 2.

COROLLARY 4 (VC-Type Lipschitz Functions). Suppose the conditions of Theorem 2
hold with constants ¢ and d. Then, ||R,, — Z| gxx = O(0,) a.s. with

(M TVIE )le .5 4 iy 1 atl
—min{ 17g S (cfcsMgTV2EgL2 )d+ }(10 n)a+3/2+(0gn)
On = nl/(2d+2) ’ nl/(d+2) g \/ﬁ

Mg.

This corollary shows that our best attainable uniform Gaussian strong approximation rate
for R, is n~'/(@*+2) polylog(n), putting aside c;, co, Mg, TV, Eg, and L. It is not possible
to give a strict ranking between Corollary 2 and Corollary 4. On the one hand, Corollary 2
treats all components in z; symmetrically, and thus imposes stronger regularity conditions on
P, but leads to the better approximation rate r,~™n{1/(d+1),1/2} polylog(n), putting aside
the various constants and underlying assumptions. On the other hand, Corollary 4 can deliver
a tighter strong approximation under weaker regularity conditions whenever H = G x R and
G varies with n, as in the case of the local empirical processes arising from nonparametric
regression. The next section offers an application illustrating this point.

See [11, Section SA-IV] for proofs and other omitted details. In addition, Section SA-III
in [11] present uniform Gaussian strong approximation results for a general multiplicative-
separable empirical process, which may be of interest but is not discussed in the paper to
conserve space.

4.1. Example: Local Polynomial Regression. Suppose that (X1,1),. .., (X, y,) arei.i.d
random vectors taking values in (R4, B(R9*!)), with x; ~ Px admitting a continuous
Lebesgue density on its support X' = [0, 1]%. Consider the class of estimands

(13) O(w;r)=E[r(y;))lxi=w], weWCX, reR,

where we focus on two leading cases to streamline the discussion: R; = {Id} corresponds to
the conditional expectation p(w) = E[y;|x; = w], and Ry = {1(- <y) : y € R} corresponds
to the conditional distribution function F'(y|w) = E[1(y; < y)|x; = w]. In the first case, R
is a singleton but the identity function calls for the possibility of Py not being dominated by
the Lebesgue measure or perhaps being continuously distributed with unbounded support. In
the second case, R is a VC-type class of indicator functions, and hence 7(y;) is uniformly
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bounded, but establishing uniformity over R is of statistical interest (e.g., to construct speci-
fication hypothesis tests based on conditional distribution functions).

Suppose the kernel function K : R — R is non-negative, Lipschitz, and has compact sup-
port K. Using standard multi-index notation, p(u) denotes the (ddfpﬁ)! -dimensional vector col-
lecting the ordered elements u” /v! for 0 < |1/| <p, where u” = U1 ceugt, vl =l
and |[v| = v + -+ + vy, foru= (uy, - ,uq)" and v = (v1,---,14)". A local polynomial
regression estimator of (w;r) is

~

~ ~ - 2 [Xi—W
O(w;r)= elTﬁ(W,r), B(w,r)= arg;mn; (T(yz) —p(x; — W)Tﬁ) K< 2 ),

withw e W C X, r € Ry or r € Ry, and e; denoting the first standard basis vector. See [17]
for a textbook review. The estimation error can be decomposed into three terms:

O(w,r)—0(w,r) = e/ H,'Sy, +e] (H' —H Sy, +E[0(W,7)|x1,- -, xn] — 0(w,7),

1inea;igati0n non-linearity error smoothing bias
with Fly = & S0, (S5 p(57) Ty K (S5, Hy = Blp(S5)p(35) T Jr K (7)),
and Sy, =5 > 1L p(* )bdK(X";W)(?“(yz') = E[r(y:)|xi])-

It follows that the hnear term is
1 X; — W
Vnblel H 'Sy, = —— ﬁw(iz ) r(y;) — Elr(y;)|x;]) = Rn(g,7),
1 Hy Sw, de;_l ) i) — Elr(yi)lxi]) (9,7)

for (g,7) € § x Ry, 1 = 1,2, and where § = {b~¥?R, (%) : w € W} with Ry (u) =
e/ H;!'p(u) K (u) the equivalent boundary-adaptive kernel function. Furthermore, under the
regularity conditions given in [11, Section SA-IV.6], which relate to uniform smoothness and
moment restrictions for the conditional distribution of y; |x;,

sup el (Hy! — HGY)Sw .| = O((nbh) " logn + (nb?)=*%(logn)*/?)  as.,

weW,reRq v

sup ‘elT(ICIVT,1 —H.HSw,| = O((nb%)~'logn) as.,
weW reRy

sup ‘E[A(w,r)\xl, R H(W,T)’ =O(b'P) as., (=12,
weW,reR;

provided that log(n)/(nb%) — 0. Therefore, the goal reduces to establishing a Gaussian
strong approximation for the residual-based empirical process (R, (g,7): (g,7) € § x R;),
I =1,2. We discuss different attempts to establish such approximation result, culminating
with the application of our Theorem 2.

As discussed in [13, Remark 3.1], a first attempt is to deploy Theorem 1.1 in [29] (or,
equivalently, Corollary 1). Viewing the empirical process as based on the random sample
z; = (x4,y;) ~ Py, i=1,2,--- ,n, Theorem 1.1 in [29] requires P to be continuously
distributed with positive Lebesgue density on its support [0, 1]%+1. For this reason, [13, Re-
mark 3.1] assumes that (x;,y;) = (X, (X, u;)) where the joint law Pz of b; = (x;, u;) ad-
mits a continuous Lebesgue density supported on B = [0, 1]4t!. If My, 5 < 00, K(y} 5 < 00,
SUPgeg TV{,} supp(g)x[0,1] < 00, and other regularity conditions hold, then it can be shown
[11, Section SA-IV.6] that applying [29] to (X,,(h) : h € H;) based on (b; : 1 <i <n) with
Hi={g-(rop)—g-0(-,r): g€ G,r € R}, 1=1,2, gives a Gaussian strong approximation
with rate (6). Without the local total variation condition X} 5 < 00, an additional /logn
multiplicative factor appears in the final rate.



20

The previous result does not exploit Lipschitz continuity, so a natural second attempt is to
employ Corollary 2 to improve it. Retaining the same assumptions, but now also assuming
that o is Lipschitz, our Theorem 1 gives a Gaussian strong approximation for (X,,(h) : h €
H;) with rate (8). Theorem 1 does not give an improvement for R, because the Lipschitz
condition is not satisfied. See [11, Section SA-IV.6].

The two attempts so far impose restrictive assumptions on the joint distribution of the
data, and deliver approximation rates based on the incorrect effective sample size (and thus
require nb?*! — 00). Our Theorem 2 addresses both problems: since Supp(H) = W + bk,
and under standard regularity conditions, we can set Qg¢ and ¢4 according to the discussion
in Example 1, and thus we verify in [11, Section SA-IV.6] that ¢; = O(1), co = O(1), Mg =
O(b=%?), Eg = O(b%?), Kg = O(b=%¥?), TV = O(b¥/?>71), and L = O(b~%?~1). This gives
| Ry — ZE||gxr, = O(0n) a.s. with

on = (nb) Y @2 logn 4 (nb?)~/21ogn.

If, in addition, we assume sup,,cyy Elexp(|yi|)|[x; = w] < oo, then |R,, — ZF||gxx, =
O(on) a.s. with

on = (nbH) V42 Nlogn + (nb?) "V /?(log n)?.

As a consequence, our results verify that the following strong approximations hold:

~

o Let i(w) = 0(w;r) for r € Ry. Recall that Ry consists of the singleton of identity function
d+4 d+1
Id. If bP+ (nb?) 3051 (log n) ~V/2 + (nb?) ™2 (log n)? = O(1), then

1 1+d/2 _1_
sup [V (7i(w) — pu(w) — ZE(w)| =0(r) as v, = (L)
weWw nb?
where Cov(ZE(wy), ZE(ws)) = nb?Cov(e] Hg! Sw, 14, €] H! Sy, 1q) forall wy, wy €
n n 1+ wy 1, 1+ wa 2,
W.
s Let F(y|w) = 0(w;r,) for 7, = 1(- < y) € Ry. If P+ (nd?)( 44/ 2d+1) (1og ) =1/2 =
O(1) and (nb?)~tlogn = o(1), then

sup |Vibi (F(yiw) — Flylw)) — Z8(w,y)| = O(rn) ass.,
weW,yeR
where Cov(Z (wy,u1), ZE (wa, u2)) = nb?Cov (e Hy! Swi,ru, s el Hy! Swa.r, ) forall
(W1,u1), (Wo,u2) in W x R and 7y, , 7y, € Ra.

This example gives a statistical application where Theorem 2 offers a strict improvement
on the accuracy of the Gaussian strong approximation over [29], and the improved Theorem
1 upon incorporating a Lipschitz condition on the function class. See [11, Section SA-1V.6]
for omitted details. It remains an open question whether the result in this section provides
the best Gaussian strong approximation for local polynomial regression or, more generally,
for a local empirical process. The results presented are the best in the literature, but we are
unaware of lower bounds that would confirm the approximation rates are unimprovable.

5. Quasi-Uniform Haar Functions. Assuming the existence of a surrogate measure and
a normalizing transformation, or otherwise restricting the data generating process, Theorem
1 established that the general empirical process (1) indexed by VC-type Lipschitz functions
can admit a strong approximation (3) at the optimal univariate KMT rate o, = n~/?logn
when d € {1,2}, and at the improved (but possibly suboptimal) rate o,, = n~'/?\/Iogn when
d > 3, putting aside cy, co, c3, Mg¢, Lg¢, TV, and Kg¢. The possibly suboptimal strong ap-
proximation rate arises from the Ly-approximation of the functions i € J{ by a Haar basis
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expansion based on a carefully chosen dyadic partition of a cover of X'. Likewise, Theorem 2
established an improved uniform Gaussian strong approximation for the residual-based em-
pirical process (7), but the result is also limited by the mean square projection error incurred
by employing a Haar basis expansion based on a carefully chosen, asymmetric partitioning
of the support of z; = (x;, ;).

Motivated by the limitations introduced by the mean square projection error underlying the
proofs of Theorems 1 and 2, this section presents uniform Gaussian strong approximations
for (X, (h) : h € H) and (R,(g,7): (g9,7) € G x R) when H and G belong to the span of
a Haar basis based on a quasi-uniform partition with cardinality L, which can be viewed
as an approximation based on L. — co as n — oo. We do not require the existence of a
normalizing transformation, allow for more general partitioning schemes than dyadic cells
expansions, and impose minimal restrictions on the data generating process, while achieving
the univariate KMT optimal strong approximation rate based on the effective sample size n/L
for all d > 1. The strong approximation results presented in this section generalize two ideas
from the regression Splines literature [21]: (i) the cells forming the Haar basis are assumed to
be quasi-uniform with respect to a surrogate measure Qq¢; and (ii) the number of active cells
of the Haar basis affects the strong approximation. We apply the strong approximation results
to histogram density estimation, and partitioning-based regression estimation based on Haar
basis, which includes certain regression trees [4] and other related methods [7]. Proof and
omitted technical details are given in [11, Section SA-V].

5.1. General Empirical Process. The following result is the analogue of Theorem 1.

THEOREM 3. Suppose (x; : 1 < i < n) are i.i.d. random vectors taking values in
(R?, B(R%)) with common law P x supported on X C R?, and the following condition holds.

(i) 3 C Span{la, :0<1< L} is a class of Haar functions on (R, B(R?), Px).
(ii) There exists a surrogate measure Qq¢ for IP y with respect to H such that {A;: 0 <[ <
L} forms a quasi-uniform partition of Qg with respect to Qg:

maxo<i<r, Quc(A;)
ming<j<z, Quc(A;)

Qg¢ C Uo<i<r A and < p < oo.

(iii) Mg < oco.

Then, on a possibly enlarged probability space, there exists a sequence of mean-zero Gaus-
sian processes (Z:X (h) : h € H) with almost sure continuous trajectories on (¥,0p, ) such
that:

d E[Xn(hl)Xn(hz)] = IE[fo(hl)fo(hg)] for all hl, h2 € g‘f, and
o P[| X, — ZX|3¢ > C10,P(t)] < Coet + Le= /L for all t > 0,

where C and C; are universal constants, C), is a constant that only depends on p, and

P.(t) = min {Hn(t,é)—i—Fn(t,é)},

0€(0,1)

with

My E
Hy.(t,6) = %\/t + log Ng¢ (6, Myc)

N \/min{log2 L,s%}
n

Mj{(t + logNg}f(é, Mg{)),

where Sg¢ = suppeqe Sy 1(Supp(h) N A; # ().
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This theorem shows that if n~'Llog(nL) — 0, then a valid strong approximation can be
achieved with exponential probability concentration. The proof of Theorem 3 leverages the
fact that the Lo-projection error is zero by construction, but recognizes that [29, Theorem 2.1]
does not apply because the partitions are quasi-dyadic, preventing the use of the celebrated
Tusnady’s inequality. Instead, in [11], we present two technical results to circumvent that lim-
itation: (i) we combine [6, Lemma 2] and [30, Lemma 2] to establish a version of Tusnady’s
inequality that allows for more general binomial random variables Bin(n,p) with p < p <7,
the error bound holding uniformly in p, as required by the quasi-dyadic partitioning structure;
and (ii) we generalize [29, Theorem 2.1] to the case of quasi-dyadic cells.

Assuming a VC-type condition on J, and putting aside My, Eg¢, and S, it follows that

(3) holds with g,, = \/log(n)/+/n/L +log(n)/+/n. More generally, we have the following.

COROLLARY 5 (VC-type Haar Functions). Suppose the conditions of Theorem 3 hold.
In addition, assume that H is a VC-type class with function Mq¢ over Qg¢ with constants
cgc > e and dg¢ > 1. Then, if n ! Llog(nL) — 0, (3) holds with

[MycE log, L, S
J{/L}(F \/mln{og2 g{} 5 log .

We offer a simple statistical application of Theorem 3 in the next example.

EXAMPLE 2 (Histogram Density Estimation). The histogram density estimator of fx is

n P-1

ZZ (weA)l(x; € 4y),

zllO

where {A;: 0 <[ < P} are disjoint and satisfy maxo<;<p Px(4A;) < pming<;<p Px(4A;).
For L proportional to Px(4A;)~, up to p, we establish a strong approximation for the
localized empirical process ((,(w) : w € W), W C X, where

Cn(w) = qu(w) ~E[fx(W)]) = X, (hw),  hweX,

with H = {hy () = L2 1(w € A)1(- € A;) : w € W} a collection of Haar basis
functions based on the partition {A; : 0 <1 < P}. It follows that My ga = LY? and Sg¢ = 1.

If W =X, then we set L = P, Qi =Py, Q3¢ = X, and the conditions of Theorem 3
are satisfied with Eg¢c = L~'/2. Then, for X,, = (,, (3) holds with g,, = log(nL)/+/n/L,
assuming that n ! Llog(nL) — 0.

If WC X, assume W C U<« pAy. If Px(Uo<i<pd;) <1, then {A;: 0 <1< P}isno
longer a quasi-uniform partition of X with respect to IP x. The surrogate measure can help in
this setting: we may add or refine cells to handle the residual probability P x[(Lo<;<pA;)€].
For example, suppose that for some P €N we have

P x ((Uo<i<pAp)©)

. <P+1.
ming<;<p Px(4;)

pP<

Set L = P + P. For any collection of disjoint cells {A; : P <1< L} in X U Supp(H)©,
take Qg¢ to agree with Px on Uy<;<pZ; and Qgc(4A;) = ]5_1PX[(I_|0§,<pAl)C] for | =
P,...,L — 1. Then, the enlarged class of cells {A;: 0 <[ < L + K} and the probability
measure Qg satisfy conditions (i) and (ii) in Theorem 3. It follows that Eq¢ = L=1/2 and
hence, for X,, = (,, (3) holds with g, = log(nL)/+/n/L, assuming that n 'L log(nL) — 0.
In particular, the quasi-uniformity condition of IPx is required on a cover of W, instead of
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on a cover of X, at the expense of possibly increasing the number of cells to account for the
residual probability P x [(Wo<i<pA;)€]. A

Theorem 3, and in particular Example 2, showcases the existence of a class of stochas-
tic processes for which a uniform Gaussian strong approximation can be established with
optimal univariate KMT rate in terms of the effective sample size n/L for all d > 1. This
result is achieved because there is no projection error (H is spanned by a Haar basis), and the
coupling error is controlled via our generalized Tusnddy’s inequality. See [11] for details.

5.2. Residual-Based Empirical Process. The next result is the analogue of Theorem 2.

THEOREM 4. Suppose (z; = (x;,;) : 1 <i <n) are i.i.d. random vectors taking values
in (R B(R¥*1)) with common law Pz, where x; has distribution IPx supported on X' C
R?, y; has distribution Py supported on ) C R, and the following conditions hold.

(i) G C Span{la,:0<1< L} isaclass of Haar functions on (R¢, B[R, Px).
(ii) There exists a surrogate measure Qg for IP x with respect to G such that {A;: 0 <[ < L}
forms a quasi-uniform partition of Qg with respect to Qg:

maxo<i<r, Qg(A)

ming<i<r, Qg(A;)

(iii) G is a VC-type class with envelope function Mg over Qg with cg > e and dg > 1.

(iv) R is areal-valued pointwise measurable class of functions on (R, B(R), Py).

(v) Ris a VC-type class with envelope Mg y over Y with cg y > e and dg y > 1, where
Mz y(y) +PTVg iy, < V(1 +][y|*) forally € Y, for some v > 0, and for some o > 0.
Furthermore, if a > 0, then sup,c v E[exp(|yi|)|x; = x] < 2.

(vi) There exists a constant k such that |log, Eg| + |logy Mg| + |log, L| < klog, n.

Qg C Up<i<r A and <p<oo.

Then, on a possibly enlarged probability space, there exists a sequence of mean-zero Gaus-
sian processes (ZX(g,r) : (g,r) € G x R) with almost sure continuous trajectories on
(G X R,0p,, ) such that:

* E[R,(g1,71)Rn(92,72)] = E[Z](g1,71) ZE (g2, 72)] for all (g1,71), (g2,72) € § x R, and
s PRy — ZE||gxx > C1Cy.0(CoUn(t) + Vi (1))] < Cae™t + Le= /L for all t > 0,

where € and C are universal constants, Cy , = vmax{1l + (20)2,1 + (4a)*}, Cpis a
constant that only depends on p,

_ [ [dMgEg Mg o at1
Un(t) = ( n/L + \/ﬁ(logn) )(t+k10g2n+dlog(cn))

with ¢ = cgCr,y, d=dg +dxy, and
Va(t) = LR > 1)y/MgEg ( max | A )Ly, v/ + Klogyn + dlog(cn),

with Vo = {0(-,r) : r € R}, and 0(x,r) = E[r(y;)|x; = x].

The first term, U,,(¢), can be interpreted as a “variance” contribution based on the effec-
tive sample size n/L, up to polylog(n) terms, while the second term, V,,(¢), can be inter-
preted as a “bias” term that arises from the projection error for the conditional mean function
E[r(y;)|x; = x|, which may not necessarily lie in the span of Haar basis. In the special
case when R is a singleton, we can construct the cells based on the condition distribution
of r(y;) — E[r(y;)|x;], thereby making the conditional mean function (and hence the “bias”
term) zero, but such a construction is not possible when uniformity over R is desired.

Theorem 4 gives the following uniform Gaussian strong approximation result.
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COROLLARY 6 (VC-type Haar Basis). Suppose the conditions of Theorem 4 hold with
constants ¢ and d. Then, if n =1 Llog(nL) — 0, | R, — ZE||gx% = O(0,) a.s. with

— M9E9 a+1 Mig 2a+1
%—M(bgn) +\/ﬁ(logn) +1(|Jz\>1)\/@(012%HA1||00)\/@'

Setting aside Mg and Eg, an approximation rate is (logn)?*t*(n/L)~'/? + 1(|R| >
1)(maxo<i<r|Ai]|so)v/10g 1, Which can achieve the optimal univariate KMT strong approx-
imation rate based on the effective sample size n/L, up to a polylog(n) term, when R is a
singleton function class. See [11, Section SA-V] for details.

The next section illustrates Theorem 4 with an example studying nonparametric regression
estimation based on a Haar basis approximation.

5.3. Example: Haar Partitioning-based Regression. Suppose (z; = (x;,9;),1 <1i <n)
are i.i.d. random vectors taking values in (X x R, B(X x R)) with X C R%. As in Section
4.1, consider the regression estimand (13), focusing again on the two examples R; and Rs.
Instead of local polynomial regression, we study the Haar partitioning-based estimator:

5 ~ ~ e 2
O(w,r)=p(w)'3(r),  F(r)=argmin)_ (r(y:) —p(x))"7)",
YERY =1
where p(u) = (L(ue A;):0<I< L),and w € W C X. As in Example 2, either W = X
or W C X, but for simplicity we discuss only the former case, and hence we assume that
{A;:0< 1< L} is a quasi-uniform partition of Q4c = X" with respect to Q4 = Px.
The estimation error can again be decomposed into three terms:

O(w,r) —6O(w,7)
=pwW) Q'T, +pwW) (Q ' = Q )T, +E[f(w,r)[x1,- - ,xn] — O(w,7),

linearization non-linearity error smoothing bias

where Q = E[p(x;)p(x:) '], Q= > p(x:)p(x:) ", and T, = 1 370 p(x:) (r(y:) —
E[r(y;)|x;]). In this example, the linearization term takes the form

VAlTp(w) QT = = 3 b () () ~ Bl = Rula.r). g€ 8.r € R

for 1 =1,2, where § = {kw(-) : w € W} with ky(u) = L7Y2Y,_ 1(w € A))l(ue
A;)/Px(A;) the equivalent kernel. Under standard regularity conditions including smooth-
ness and moment assumptions [11, Section SA-V.3],

sup |e] (Q' — Q)T,| = O(log(nL)L/n + (log(nL)L/n)**logn)  as.,

reRy
sujg }elT(Q_l - Q H)T,| =0O(log(nL)L/n) a.s.,
reXz
E[f s Xp] = = Adlloo s, 1=1,2
Wegageyl\ 0w, )t 3] = O(w,r)| = O( max [ Arloc) — as., 1=1,2,

provided that log(nL)L/n — 0. Finally, for the residual-based empirical process (R, (g,7) :
g€ G,r€R), 1 =1,2, we apply Theorem 4. First, Mg = L'/ and Eg = L~'/2, and we can
take cg = L and dg = 1 because G has finite cardinality L. For the singleton case R;, we
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can take cg, =1 and dg, =1, o = 1 if sup,y E[exp(|y;|)|x; = x] < 2, and condition (v)
in Theorem 4 holds, which implies that || R,, — ZZ| gxx, = O(0,) a.s. with
_log(nL)?

provided that log(nL)L/n — 0. For the VC-Type class Ry, we can verify condition (v) in
Theorem 4 with o = 0, and we can take c, to be some universal constant and d, = 2 by
[33, Theorem 2.6.7], which implies that || R,, — ZF||gx®, = O(0,) a.s. with

log(nL
on =080 | 1A,

A /n/L 0<i<L

provided that log(n)L/n — 0. A uniform Gaussian strong approximation for the Haar
partitioning-based regression processes (1/n/L(A(w,r) — O(w,r)) : (w,7) € W x R;),
[ =1,2, follows directly from the results obtained above, as illustrated in Section 4.1.

This example showcases a statistical application of our strong approximation result (The-
orem 4) where the optimal univariate KMT strong approximation rate based on the effective
sample size n/L is achievable, up to polylog(n) terms and the complexity of R. See [11,
Section SA-V.3] for omitted details.
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SUPPLEMENTARY MATERIAL

Proofs and other technical results
The supplementary material [11] collects detailed proofs of our main results, and also pro-
vides other technical results that may be of independent interest.
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