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Abstract: We study the asymptotic behavior of the least squares estima-
tors when the model is possibly misspecified. We consider the setting where
we wish to estimate an unknown function fi : (0,1)¢ — R from observa-
tions (X,Y), (X1,Y1), -+, (Xn,Yn); our estimator g, is the minimizer of
38 (Vi — 9(X3))?/n over g € G for some set of functions G. We provide
sufficient conditions on the metric entropy of G, under which g, converges
to g« as n — oo, where g, is the minimizer of ||g — f«|| £ E(g(X) — f«(X))?
over g € G. As corollaries of our theorem, we establish ||gn — g«|| — 0 as
n — oo when G is the set of monotone functions or the set of convex func-
tions. We also make a connection between the convergence rate of ||gn — g«||
and the metric entropy of G. As special cases of our finding, we compute
the convergence rate of ||gn — g«||> when G is the set of bounded monotone
functions or the set of bounded convex functions.
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2054 E. Lim
1. Introduction

Given independent and identically distributed (iid) observations (X,Y), (X1, Y1),
<+, (Xn, Y,), we consider the least squares estimator §,, which is the solution
to the following problem:
L s 1 5 :
minimize ¢, (f) = = Z(K — f(Xy)) subject to f € G (1.1)
n
i=1

for a set G of functions, where

for some unknown regression function f, : (0,1)¢ — R satisfying E f.(X)? < oo,

and ((X;,e;) : 1 < i < n)is a sequence of (0,1)? x R—valued random vectors

satisfying E(e1|X1) = 0 and E(e%|X;) = 0% < oo. It should be emphasized that

f+« does not need to belong to G, so it is possible that the model is misspecified.
When G is the set of monotone functions, i.e.,

G=Gn2{g:(0,1)¢ = R:Eg(X)*< co and
g(xlv"’ 7xd) Sg(ylv ,yd) lij Syj for 1 S]Sd}v

the estimator g, is known as the isotonic regression estimator. When G is the
set of convex functions, i.e.,

G=G.2{g:(0,1)4 5 R:Eg(X)? < 0o and g is convex},

the estimator g, is known as the convex regression estimator.

When studying the behavior of g, as n — oo, the first question one needs to
answer is, “What is the limit point of (g, : n > 1)?” To answer this question,
we consider the space

L*={f:(0,1) 2 R:Ef(X)? < o0}.

We restrict our attention to the functions f satisfying Ef(X)? < oo since we
expect ¢, (f) to converge to E(Y — f(X))? as n — oo. One such condition
guaranteeing this is Ef(X)? < co together with E(Y?) < oco; see pages 198-199
of [53] for details. L? turns out to be a semi-Hilbert space equipped with the
semi-inner product

(f1, f2) = E(f1(X) f2(X))

and the associated seminorm

1= /(£ f)

for f, f1,f2 € L?. A semi-Hilbert space is a generalization of a Hilbert space
where the inner product is required only to be a semi-inner product. A semi-
inner product (-, -) is a generalization of an inner product where (f, f) = 0 does
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not necessarily imply f = 0. The fact that L? is a semi-Hilbert space plays
an important role in the following discussion since it ensures the existence of a
solution to (1.2).

Empirical L? seminorms || - ||,, and || - ||,,,s can be defined by

£l = {% Zf(Xn?} -l = {% oK € o1 61d>}

for f € L? and § > 0.
A natural candidate for the limit point of (g, : n > 1) in L? is the projection
g« of f, onto G, which is the solution to the following problem:

1/2

minimize ||g — f.||? subject to g € G. (1.2)

Since L? is a semi-Hilbert space, under the assumption that G is a closed convex
subset of L2, a solution to (1.2) exists by the projection theorem and we will
denote the set of solutions to (1.2) by G.. Of course, when f, € G, we have f, €
G.«. In Theorem 3.1 of this paper, we will provide a set of sufficient conditions
under which [|g, — g«|| — 0 as n — oo, thereby justifying g. € G. as a limit
point of (g, : n > 1) in L?.

When the model is well-specified, i.e., f, € G, it is well-known that the metric
entropy of G gives certain information about the consistency or convergence rate.
(For definitions, see Section 2.) For example, in her unique work, [70] proved
g — g«|| = 0 under the conditions f. € G, Esup{g(X)?: g € G} < 0o, and the
e-metric entropy of G in the || - ||, norm being o,(n). Furthermore, the metric
entropy of G in the || - || or || - ||, norm provides explicit convergence rates for
lGr — g«|; see, for example, Theorem 4.1 of [71], Theorem 1 of [10], and Theorem
3.4.1 of [74].

However, when the model is misspecified, little is known about the relation-
ship between the metric entropy of G and the behavior of (g, : n > 1). The
main objective of this paper is to establish a framework under which the metric
entropy explains how (g, : n > 1) behaves. The main contributions of this paper
can be summarized as follows.

1. Our main theorem (Theorem 3.1) states that if the e-metric entropy (with-
out bracketing) of G in the || - || and || - ||,,s norm is finite almost surely
(a.s.) for any € > 0, then

19 — g«ll = 0 (1.3)
as n — oo under the assumption that G is a closed convex subset of L2.
As corollaries of our theorem, we establish (1.3) when G = G,,, or G = G..
So far, the results of type (1.3) have not been established when the model is
misspecified; thus, (1.3) is one of the new contributions of this paper when
f« ¢ G. When the model is well-specified, the results of type (1.3) have
been established by [70] under conditions such as the uniform boundedness
of g € G and the growth of the metric entropy of G in the || -||,, norm being
of order op(n). Our result can be viewed as an extension of some of the
results in [70].
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Our next finding on the rates of convergence (Theorem 4.1) states that
when G is a closed convex subset of L2, the e-metric entropy with brack-
eting provides explicit convergence rates on ||g, — g«||*>. As corollaries of
our finding, we obtain g, — g«|* = Op(a,), where

n=2/3, ifd=1
an ={ n~Y%(logn)?, ifd=2 (1.4)
n” @D if d > 2,

when
G=Gmp=2{9€Gn:|g9(x)| <Bforxe(0,1)%}

for some constant B.
We also obtain ||, — g«||* = Op(by,), where

n- T, if d < 4
bn =14 (logn)n=Y% ifd=4 (1.5)
n=2/d if d >4,

when
g - gc,B é {g € gC : |g($)| S B for € (071)d}

for some constant B. We are not aware of any existing results in the
literature on the rates of convergence when d > 2 and f, ¢ G. Thus, the
above results when d > 2 will shed light on the study of (g, : » > 1) in
the presence of model misspecification.

One of the implications of identifying the limit point of (g, : n > 1) is
that we are able to analyze the Type I error of a hypothesis test whose
null and alternative hypotheses are given by

Hy: fu ¢ G
H,: [, €G.

We will consider one of the popular test procedures, in which we observe
((X;,Y35) : 1 <i<n,1<j<m), where Y;; = f.(X;) + ;5. We then
compute the test statistic as

(1.6)

S (T = (X)) (17)

where Y; = Z;”:l Yij/m, and §, is the solution to (1.1) with the Y;’s
replaced by the Y;’s. The finite sample behavior of this test statistic is
well-known under the normality assumption on the ¢;’s. The finite sample
distribution of the test statistic is known as the chi-bar squared distri-
bution; see, for example, (3.3) on page 51 of [68] and Section 2.1 of [66].
However, not much is known about the behavior of the test statistic when
n and m are large. In this paper, we consider a very simple test procedure,
which is based on the test statistic in (1.7), and we prove that its Type I
error converges to 0 as n — oo for m sufficiently large.
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Shape constrained estimators have received considerable interest in the con-
text of isotonic and convex regression estimators;

1. when f, € G and d = 1, some theoretical works on consistency and con-
vergence rates can be found in [12], [6], [75], [59], [21], [71, 72], [58], [77],
[26, 27], [14], [16], and [8] for isotonic regression, and [46], [44], [59], [35],
[37], [9], [16], [15], and [8] for convex regression,

2. whenf, € G and d > 2, consistency and convergence rates are studied by
[43], [55], [17], [62], [10], and [41] for isotonic regression, and by [65] and
[40] for convex regression,

3. when f, ¢ G and d = 1, some interesting results can be found in [16] and
[8] for isotonic regression and in [37] and [8] for convex regression, and

4. when f, ¢ G and d > 2, we could not find any theoretical results concern-
ing consistency or convergence rates. To the best of our knowledge, this
paper is the first to establish consistency and compute the convergence
rates when f, ¢ G and d > 2.

It should be noticed that our results are consistent with existing results when
f« € G or d = 1. For example, let us consider the case where G = G, g. When
fv € Gm,p and d = 1, the convergence rate in (1.4) agrees with the previous
result given by [58] and [77]. When f. ¢ G,, 5 and d = 1, the convergence
rate in (1.4) is a slight improvement of the previous result established by [16],
who computed the rate of n=2/3 up to a logarithmic multiplicative factor in
n; see Theorem 6.1 of [16]. When f. € G,, p and d = 2, the convergence rate
in (1.4) is a slight improvement of the previous result established by [17], who
computed the rate of n='/2(logn)*; see Theorem 2.1 of [17]. When f. € G B
and d > 3, the convergence rate in (1.4) is slower than the previous result
established by [41], who computed the rate of n~'/%(logn)*; see Theorem 1 of
[41]. Next, let us consider the case where G = G, p. When f, € G. p and d =1,
the convergence rate in (1.5) agrees with the previous results obtained by [35],
[15], and [40]. When f. ¢ G.p and d = 1, the convergence rate in (1.5) is a
slight improvement of the result obtained by [37], who achieved the convergence
rate of n=%/%(logn)>/4. When f. € G. 5 and d > 2, the convergence rate in (1.5)
agrees with the previous result obtained by [40]; see Theorem 3.6 of [40].

Related works can be found in [6], [28], [63], [29], [50], [52], [42], [51], and
[69] for computational algorithms used to compute isotonic or convex regression
estimators; in [34], [61], [39], [60], [22], [2], [67], [49], [64], [19], [20], [13], [24],
[3], [23], [25], and [48] for the density estimation under shape restriction; in [1],
[45], [56], [57], and [18] for additive models; and in [7], [68], [76], [38], [32], [4],
[66], and [5] for hypothesis tests to detect monotonicity and convexity.

This paper is organized as follows. In Section 2, we introduce some notations
and definitions. Section 3 presents Theorem 3.1, our main theorem on consis-
tency, and proves (1.3) for the cases of G = G,,, and G = G, as corollaries. In
Section 4, we describe Theorem 4.1, our main finding on the convergence rate,
and obtain (1.4) and (1.5) for the cases of G = G,,, g and G = G, g as corollaries.
Section 5 considers a test procedure for testing f. € G, analyzes its Type 1 error,
and examine its numerical behavior.
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2. Notation and Definitions

For z € R?, we write its jth component as xj. Thus, = (z1,--- ,24) and its
norm is given by |z| = {37, w?}l/Q. The transpose of x is denoted by z7.

For a,b € R%, we write a < b if a; < bj for 1 < j < d. For a,b € R%, the
hyperrectangle [a,b] is the set {z € R? : a < z < b}. For z € R, [z] is the
smallest integer that is greater than or equal to x. [z]T equals z if z > 0, and
0 otherwise. [z]~ equals —z if 2 < 0, and 0 otherwise. For z,y € R, z Ay = x
if © < y and y otherwise. For sequences of real numbers (o, : n > 1) and
(B :m > 1), we write a,, S B, if a, < CP,, for some constant C and all n > 1.
For a sequence of random variables (Z, : n > 1) and a sequence of positive real
numbers (o, : n > 1), we say Z,, = Op(ay,) as n — oo if, for any € > 0, there
exist constants C' and N such that P(|Z,,/a,| > C) < e for n > N. We also say
Z,, = op(ay) as n — oo if Z,, /av, converges to zero in probability as n — oo.

Covering and Bracketing Numbers

Let d be a pseudo-metric on a set A of functions. A set B C A is called an e-net
for (A,d) if for each f € A, there exists h € B such that d(f,h) <e. For € > 0,
the covering number N (¢, A, d) is defined as the minimal number of elements in
an e-net for (A, d). In other words,

N(e, A,d) 2 inf{J : There exist hy,--- ,h; € A
such that {hy,--- ,hs} is an enet for (A,d)}.
We set N(e, A, d) = oo if no enet exists. The e-metric entropy for (A,d) is
log(1+ N(e, A, d)).
Given [, u € A, the bracket [I,u] is the set of functions f satisfying I < f < w.
An e-bracket is a bracket [I,u] satisfying d(I,u) < e. For € > 0, the bracketing

number N[j(e, A,d) is the minimum number of e-brackets needed to cover A.
In other words,

Nii(e, A, d) 2 inf{J : There exist Iy, - ,ls,us, -+ ,u; € A

J
such that d(l;,u;) < € for 1 <j <.Jand A C | J[l;,u,]}.
j=1

The e-metric entropy with bracketing for (A, d) is log(1 + Nyj(e, A, d)).

Metrics

Let A be a set of functions defined on (0,1)¢. We define a metric dy on A as
follows:

gt = [ 10 - f@

)
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1/2
da(f1, f2) = {/(0 1)d(f1(x) - fz(ff))gdf}

For 6 > 0, let A(§) be a set of functions defined on [§,1 — §]¢. We define a
pseudo-metric d and metrics d and d?_ on A(§) as follows:

n

1/2
dy(fi, f2) = {% D (f1(Xi) = fo( X)) I(X; € 5,1 - 5]d)}

= 1/2
d3(f1, f2) = {/[515]d(f1(x) - fz(x))zdx}
A (fi,f) = sup  |fi(z) = falz)].

z€[6,1-6]4

It should be noted that N(e, A(d),d’) depends on Xi,---,X,, so it is a

random variable.

3. Main Theorem on Consistency

In this section, we precisely describe our main theorem on consistency, Theorem
3.1. Let us consider the following problem:

minimize @, (f) £ %zn:(Y; — f(X))? subject to f € G. (3.1)

=1

In general, there may not exist a solution to (3.1). However, in some specific
cases such as the case of G = G,,, or G = G, a solution to (3.1) exists. We will
first develop a general theory under the assumption that there exists a solution
o (3.1). We will then consider the cases of G = G,;, and G = G, and establish
corollaries.

In order to analyze the behavior of the solution to (3.1), we need the following
assumptions:

Al. (X,Y),(X1,Y7),(X2,Ys),--- is asequence of iid (0, 1)? x R-valued random
vectors satisfying

Y=Ff(X)+eand V; = f.(X;) +¢; fori > 1.

A2. X, Xy, Xz, -+ have a common positive density function 7 : (0,1)% — R.

A3. There exists a positive constant 7, such that 7(z) < 7, for x € (0,1)%.

Ad. (i) E(e|X) = E(g|X;) = 0 and (ii) E(e?|X) = E(e?|X?) = 0? < oo for
it > 1.

A5, Ef.(X)? < <.

Under A1-A5, several properties are satisfied when G = G,,, or G = G.. One
of such properties is presented next.
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P1. G is a closed convex subset of L.

With A5 and P1 in force, the projection theorem guarantees the existence of
a solution to the following problem:

minimize ||f — f.|| subject to f € G. (3.2)

A solution g, to (3.2) exists and is unique up to a set of measure zero under
A2. Furthermore, g, is characterized by the following relationship:

(f« =99 —9:) <0 (3.3)

for g € G; see, for example, Theorem 1 on page 69 of [54]. We will denote the
set of the solutions to (3.2) by ..

We next present other properties that are satisfied when G = G,,, or G = G...
In P3, we focus on a subset of G, to which the solution to (3.1) belongs for
n sufficiently large. P3 states that when one restricts the functions in such a
subset on [§,1 — §] for § > 0, there exist e-nets for such restricted functions in
the dg and dfl pseudo-metrics, respectively, and the e-net in the clfI metric is
independent of n for n sufficiently large. P4 states that for any § > 0, g, and
the solution to (3.1) are uniformly Lipschitz over [4,1 — ¢] and for n sufficiently
large.

P2. For n > 1, there exists a solution g, to (3.1). We will denote the set of
the solutions to (3.1) by G,.
P3. For each § > 0, there exists a subset H(d) C G such that

P(G,, C H(9) for all but finitely many n) = 1. (3.4)
Let #(0) be the set of functions in #(d) restricted to [6,1 — 6]%, i.e.,
H(8) 2 {h:[0,1 —6]7 = R : There exists h € H() such that
h(x) = h(z) for = € [3,1 — 8§]¢}.

(i) For any € > 0 and § > 0, N (e, H(4),d3) < co.
(ii) For any € > 0 and § > 0, there exist a constant r £ r(e,d) and
{h1,--+ ,hr} C H(J) such that

P(limsup sup min d°(g,h;) <€) = 1. (3.5)
n— 00 g€7‘~l(5) 1<j<r

P4. For any § > 0, there exists a constant §(d) such that

9+ €G.,x,y€[5,1-8]4 x#y

- sup |9n(2) = Gn(y)|/1z — y| < B(0)
Gn €Gn,x,yE€[5,1-6]% 24y

IP’( sup |9+(2) = gx(W)|/]x — y| < B(6) and

for all but finitely many n) =1.
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Remark 3.1. The requirement described in P3(ii) is satisfied if, for any &, we
have z\/'(e,’H((S),de) < 00 a.s. for n sufficiently large and there exists an e-net
for (H(5),d%) that does not depend on n for n sufficiently large.

Remark 3.2. The requirement described in P3(ii) is satisfied if, for any d, we
have N (e, H(0),d%,) < oo a.s. for n sufficiently large.

We are ready to present our main result regarding consistency, whose proof
is provided in Appendix A.

Theorem 3.1. Assume A1-A5 and P1-P3. Then, for any g. € G« and g, € Qn,

1 n
— Z(gn(xl) —g.(Xi))? = 0 a.s. as n — oo and (3.6)
n
i=1
lgn — g«]l = 0 as n — occ. (3.7)
If, in addition, P4 holds, then for any § > 0, g« € G, and g, € G

sup [gn(z) — g« (z)] = 0 (3.8)
z€[6,1—6]4

a.S. as n — 0.

Corollary 3.1. Let G =G, £ {g € L? : g(x1,- - ,2q) < g(y1, -+ ,va) if v; <
y; for 1 < j <d}. Under A1-A5, P1-P3 are satisfied, and (3.6) and (3.7) hold.
If, in addition, d = 1 and f,. is continuous, then the solution to (3.2) exists
uniquely and (3.8) holds.

Corollary 3.2. Let G = G. = {g € L? : g is convex.}. Under A1-A5, P1-P}
are satisfied, the solution to (3.2) exists uniquely, and (3.6), (3.7), and (3.8)
hold.

Remark 3.3. Results similar to (3.7) have been established by [8], [16], and
[87]. Also, an analysis of type (3.8) exists when the model is well-specified; see,
for example, [62] for the case of isotonic regression and [65] and [53] for the
case of convex regression. However, when the model is misspecified, the only
work in the form of (3.8) is done by [53], who established (3.8) when G is the
set of convex functions bounded by some known function k, € L?. In Corollary
3.2, we are able to drop the requirement that |g| < k. for g € G.

Corollary 3.3. Let G = Gp = {9 € G : |9(x)| < B for x € (0,1)4} for some
constant B > 0. Under A1-A5, P1-P3 are satisfied, and (3.6) and (3.7) hold.
If, in addition, d = 1 and f. is continuous, then the solution to (5.2) exists
uniquely and (3.8) holds.

Corollary 3.4. Let G = G.p = {g € G. : |g(x)| < B for x,y € (0,1)%} for
some constant B > 0. Under A1-A5, P1-P/ are satisfied, the solution to (3.2)
exists uniquely, and (3.6), (3.7), and (3.8) hold.

The proofs of Corollaries 3.1-3.4 are given in Appendix A.
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In P3, we focus on the set of functions g € G restricted on [§,1 — §]¢, and
impose some conditions on the e-metric entropy of such a set. We consider the
functions restricted on [§,1 — §]¢ because whether §, € G, is stochastically
bounded near the boundary of (0,1)? is not fully answered. For isotonic regres-
sion with Gaussian errors, this boundary issue is tackled in [41]. [41] establishes
convergence rates in the setting of isotonic regression without assuming any uni-
form bound on functions g € G. However, whether or not the convex regression
estimator without a uniform bound has stochastically bounded behavior near
the boundary of (0,1)¢ is still an open question.

We close this section by introducing a set of conditions that can greatly
simplify the problem. To establish consistency, we use the following inequality
n

1 2 &

SO (00X — (X)) < 23V = g (X)) (Gu(X0) — 9.(X0))
= %Z(f*(Xi) — g+ (X)) (Gn(Xi) — g:(Xi))
* % €i(gn(Xs) — 9:(X3)) (3.9)
i=1

as in [73]. In the presence of the following Glivenko—Cantelli type conditions,
(3.6) and (3.7) can be easily established.

P5. (i)

n

ES (X — g (Xi))g(0) — E((X) — 0. (X))g(X)| = 0
i=1

sup
9€g

1
sup |— Zaig(Xi) —E(eg(X))| — 0 a.s. as n — oo.
S
P6.
1 n
supg) . (9(X3) — g.(X:))? —E(9(X) — g«(X))?| = 0 a.s. as n — oo.
9€ i=1

The following theorem establishes (3.6) and (3.7) under P5 and P6.

Theorem 3.2. Assume Al, A4, A5, P1, P2, and P5. Then, for any g. € G.
and g, € Gn, (3.6) holds. If, in addition, P6 is satisfied, then (3.7) holds.

Proof of Theorem 3.2. Combine (3.3), (3.9), and the strong law of large num-
bers. ]
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One of the important implications of Theorem 3.2 is that, in the presence
of A1-A5 and P1-P2, P3 in Theorem 3.1 can be replaced by the following
conditions on the bracketing number and the uniform boundedness of f,, g € G,
and e:

P7.
(i) Nj(e,G,d1) < oo for every e > 0.
(ii) There exists M, > 0 such that

|f(z)] < M, for all 2 € (0,1)?
lg(z)] < M, for all z € (0,1) and g € G
le] < M, as.

To see why P7 can replace P5 and P6, let F = {(f« —¢g+«)g: g € G)}. For any
91,92 € G, we have

dl((f* 79*).913 (f* *g*)QQ) = /

|[fe(@) = g (@)[lg1(2) — g2(2)|dx
(0,1)¢

Hence, P7(i) and (3.10) imply Njj(e, F,d;) < oo for every € > 0, and Theorem
2.4.1 on page 122 of [74] establishes P5(i). Similar arguments can be applied to
establish P5(ii) and P6.

The above arguments prove the following theorem.

Theorem 3.3. Assume A1-A5 and P1-P2. Furthermore, assume P7. Then,
for any g. € G and gy, € Gy, (5.6) and (3.7) hold.

The following corollaries establish consistency of §, for the case when G =
Gm,p and G = G. p under P7.

Corollary 3.5. Let G = G,, p be defined as in Corollary 3.3. Assume Al-
Ab. Furthermore, assume that f. is uniformly bounded and € is bounded, i.e.,
there exist constants My and My such that |f.(x)| < My for all z € (0,1)¢ and
le] < My a.s. Then, P1, P2, and P7 are satisfied, and hence, (3.6) and (3.7)
hold for any g. € Gy and gy, € Gn.

Proof of Corollary 3.5. P1 and P2 can be established using the arguments
similar to those in Steps 1 and 2 in the Proof of Corollary 3.1. P7(i) is established
by Theorem 1.1 of [30]. Theorem 3.3 then implies the desired conclusions. [

Corollary 3.6. Let G = G. p be defined as in Corollary 3.4. Assume A1-A5.
Furthermore, assume that f. is uniformly bounded and ¢ is bounded, i.e., there
exist constants My and My such that |f.(x)| < My for all x € (0,1)¢ and
le| < My a.s. Then, P1, P2, and P7 are satisfied, and hence, (3.6) and (3.7)
hold for any g« € G« and g, € G

Proof of Corollary 3.6. P1 and P2 can be established using the arguments
similar to those in Steps 1 and 2 in the Proof of Corollary 3.2. P7(i) is established
by Theorem 1.1(ii) on page 567 of [31]. Theorem 3.3 then implies the desired
conclusions. O
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4. Convergence Rates

By identifying the limit point of (g, : » > 1) as g., we are now able to obtain
the rate at which E(g,(X) — g.(X))? converges to 0. We start by rewriting

Y =fi(X)+e
= g:+(X) + (fu(X) — g:(X) + )

and treating f.(X) — g«(X) + ¢ as an error term around g,. The problem is
now converted into the question of how to find an unknown function g, (rather
than f,) when the observations come with errors in the form f.(X)—g.(X)+e¢,
whose mean is not zero. Our estimator ¢, minimizes

PO = g0 = S () — 9. (0) ) + (9.0) - 9(X0)?
= 23R - g (X))
2 n

=1 =1

over g € G, so it maximizes

SI'—‘

2 n n
£ EZ Xi) +ei)(9(Xs) - Z (X,))?
over g € G. Many existing theories on the convergence rates of least squares

estimators do not require mean zero errors. Instead, they require EM,(g) —
EM,,(g«) to have a negative drift. In our case, this is satisfied because

EM,,(g) — EM,(gx)
= 2E(fu(X) — g.(X))(9(X) — g(X)) — E(g(X) — gu(X))?
< —E(g(X) — g.(X))? (4.1)

due to the fact that G is a closed convex subset of L?, and hence, (3.3) is
satisfied. (4.1) enables us to utilize existing theories on the convergence rates
without having mean zero errors around g,.

We start with some additional assumptions.

AG6. f, is uniformly bounded, i.e., there exists a constant A, such that |f.(z)| <
A, for z € (0,1)%

A7. The functions in G are uniformly bounded, i.e., there exists a constant B,
such that |g(z)| < B, for z € (0,1)¢ and g € G.

A8. The g;’s satisfy E(g;|X;) = 0 for ¢ > 1 and they are subexponential, i.e.,
there exist constants v and I' satisfying Eexp(I'|e]) < .
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The following theorem is our main tool for computing convergence rates and
is a modification of Theorem 3.4.1 of [74].

Theorem 4.1. Assume A1-AS3, A6-AS8, and P1-P2. For each n > 1, define
¢7L : (0700) - [0700] by

On(t) = J1(t, G, do) (1 + J[)(t, G, d2) /(°v/n))

fort >0, where

t

Ji)(8,G. d2) é/ \/ 1+ log N{)(u, G, da) du.

(£2 /64)A(t/24)

Suppose § — ¢, (6)/6% is decreasing on (0,00), for some oo < 2. Let r,, satisfy
120, (1/1n) S /n for every n. Then

130 = g:1* = Op(1/77)
as n — oo.

The proof of Theorem 4.1 is deferred to Appendix A. As corollaries of The-
orem 4.1, we obtain the convergence rates when G = G,, p and G = G p,
respectively. The proofs of Corollaries 4.1 and 4.2 are provided in Appendix A.

Corollary 4.1. Let G = G, p be defined as in Corollary 3.3. Under A1-A7,

| Gn — 9*”2 = Op(an) as n — oo,

where
n=2/3 ifd=1
an =14 n72%(logn)?, ifd=2 (4.2)
niﬁ, if d > 2.

Remark 4.1 (Comparison with Existing Works When d = 1). When the model
1s well-specified, i.e., f. € G, the convergence rate obtained in Corollary 4.1 when
d =1 agrees with the previous result given by [58] and [T7], who established the
rate of n=2/3 for the univariate isotonic regression estimators; see Theorem 2.2
of [77]. On the other hand, when the model is misspecified, i.e., f. & G, the
convergence rate obtained in Corollary 4.1 when d =1 is a slight improvement
of the previous result established by [16], who computed the rate of n=2/3 up to
a logarithmic multiplicative factor in n; see Theorem 6.1 of [16].

Remark 4.2 (Comparison with Existing Works When d = 2). When the model
1s well-specified, i.e., f, € G, then the convergence rate obtained in Corollary
4.1 when d = 2 is a slight improvement of the previous result established by
[17], who computed the rate of n=/?(logn)*; see Theorem 2.1 of [17]. When
the model is misspecified and d = 2, we could not find any existing theoretical
work on the convergence rates.
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Remark 4.3 (Comparison with Existing Works When d > 3). When the model
is well-specified, i.e., f. € G, then the convergence rate obtained in Corollary
4.1 when d > 3 is slower than the previous result established by [/1], who com-
puted the rate of n='/%(logn)?*; see Theorem 1 of [41]. Corollary 4.1 computes
suboptimal rates compared with those obtained in [41] since the entropy integral,
defined by fot V1 +1log Njj(u, G, dy)du fort >0, is divergent when d > 3. When
the model is misspecified and d > 3, we could not find any existing theoretical
work on the convergence rates.

Corollary 4.2. Let G = G. g be defined as in Corollary 3.4. Under A1-A7,

19n = g4I = Op(bn) as n — oo,

where X
n~AHd, ifd<4
bn =4 (logn)n=Y2% ifd=4 (4.3)
n-2/d, if d > 4.
Remark 4.4 (Comparison with Existing Works When d = 1). When the model
is well-specified, the convergence rate obtained in Corollary 4.2 when d = 1

agrees with the previous results obtained by [35], [15], and [{0]. On the other
hand, when the model is misspecified, the rate in Corollary 4.2 when d =1 is a
slight improvement of the result obtained by [37], who achieved the convergence
rate of n=%/°(logn)®/*; see Theorem 6.1 of [37].

Remark 4.5 (Comparison with Existing Works When d > 2). When the model
is well-specified, the convergence rate obtained in Corollary 4.2 when d > 2
agrees with the previous result obtained by [40]; see Theorem 3.6 of [40]. When
the model is misspecified and d > 2, we could not find any ezisting theoretical
work on the convergence rates.

5. A Test for Misspecification

The case of model misspecification is of particular interest to practitioners be-
cause even though g, is a nice estimator of f, when f. € G, it is typically
not known a priori whether the function f, truly belongs to G or not. Thus, a
modeler must conduct a hypothesis test in order to be confident about f, € G
before he or she suggests g, as an estimator of f,. In this section, we introduce
a test procedure for detecting whether f, belongs to G or not. We consider the
following null and alternative hypotheses:

Hy:fe &G
H,: f. €4.

In our test procedure, we assume that f, can be observed multiple times at
any given design points (X; : 1 <4 < n), and hence, the observed data can be
expressed as ((X;,Y;;) : 1 <i<mn,1<j<m), where

Yij = fo(Xy) + €45
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In Section 5.1, we precisely describe the test procedure under consideration.
In Proposition 5.1, we establish that the Type I error of the test procedure con-
verges to 0 as n — oo for m sufficiently large. Section 5.2 is devoted to extensive
simulation studies, which demonstrate that the test procedure successfully de-
tects the non—monotonicity or non—convexity of test functions as n — oc.

5.1. Test Procedure under Consideration

The key idea of the test procedure is to observe that Y, = Z;n:l Yi;/m converges
to f«(X;) as m — oo for each i € {1,--- ,n} and fixed n. We define §,, by the
solution to (3.1) with the Y;’s replaced by the Y;’s. Let n be fixed and m — co.
In such a situation, we can expect Y; to converge to f, (X;) for 1 <i<n. We
also expect §,(X;) to converge to g.(X;) for 1 < i < n. Therefore, if f, € G,
we expect S 1 (Vi — gn(X;))?/n to converge to 0, whereas if f. ¢ G, we expect
S (Y — ga(X4))?/n to converge to Sr (fu(Xi) — g.(Xi))?/n, which is a
positive number. Inspired by this observation, we consider the following test
statistic:

M=,
TS = — D (Vi = gn(X0))* (5.1)
i=1
To understand the limiting behavior of the test statistic, we will use the following
heuristifz arguments. Let us fix n and assume that f, € G. Since g, minimizes
S (Y — fu(Xi))? over f € G, it follows that

o 1 .
- gw — (X)) < ;m - f(X0)%,
or equivalently,
TS = 3 (Vi = ul(X))? < 2 Y- (Vi = £.(X)*. (5.2)
i=1 i=1

Using the fact that Y; = Z;n:l(f*(Xz) +¢e;5)/m for 1 < i < n, (5.2) can be
rewritten as

2
m n 5 m n m
TS <= (Vi— fulX)P =D | D ei/m | - (5.3)
i=1 =1 \j=1
For each i € {1,--- ,n}, the weak law of large numbers ensures
1 m
—Z&i]‘ = N(O,O’Z) (54)

NGD

j=1

as m — 0o, where N(0,0?) is the normal random variable with a mean of 0 and
a variance of o2. By the continuous mapping theorem together with (5.3) and
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(5.4), we obtain

2
n m

m 1 D
T <—§ i = = (N N4 4N 2)) £ (52 2
S < w2 | 2 ij/m n( 1(0,0%) + -+ + N, (0,0%)) = (6°/n)x3,

where the N;(0,02)’s are independent normal random variables with a mean

of 0 and a variance of ¢2, = denotes convergence in distribution, and A 2p
means that A and B have the same distribution.

On the other hand, let us fix n and assume that f. ¢ G. Then, S°1  (Y; —
Gn(Xi))?/n is expected to converge to > i (f«(Xi) — g+(X:))?/n as m — oo,
which is a positive number. Hence, TS = (m/n) 31, (Vi — §n(X;))? is expected
to go to infinity as m — oo.

From the above arguments, it is intuitively acceptable to conclude that f, € G
with a confidence level of at least 1 — y if the test statistic is less than the
100(1 — )-th percentile of (¢2/n)x?.

For a test procedure to be meaningful, it should fail to reject Hy when f, ¢ G.
As our next proposition suggests, our test procedure has the desired property.
Proposition 5.1 states that the Type I error of the test procedure converges to
0 as n — oo for m sufficiently large.

To describe the behavior of the test procedure, we need some assumptions.

Bl. ((X;,Yi;):1<i<mn,1<j<m)is a sequence of iid (0,1)¢ x R-valued
random vectors satisfying

Ej = f*(Xz) + €45 fori>1and j>1.

B2. X1, Xo,--- have a common positive density function 7 : (0,1)¢ — R.
d

B3. There exists a positive constant 7, such that 7(x) < 7, for z € (0,1)%.
B4. (i) E(g4|X;) = 0 and (ii) E(¢?|X?) = 0% < oo for i > 1.

B5. Ef.(X1)? < c0.

B6. There exists a solution to (3.2) that is continuous. Also, f, is continuous.

Proposition 5.1. Under B1-B6, P1-P3, there exists a constant M such that
m > M implies

P(Fail to reject Hy for all but finitely many n | fr ¢ G) = 1. (5.5)

IfG =G, or G=G., (5.5) holds under B1-B6.
The proof of Proposition 5.1 is provided in Appendix A.

5.2. Simulation Studies

In this section, we examine the performance of the test procedure through sim-
ulations. We compute the proportion of times Hj is rejected with nine different
regression functions, f1, fo, f3, f4, f5, f6, f7, fs and fy, for different n values.
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We define f; : (0,1) = R, fo: (0,1) = R, f3:(0,1) > R, f1:(0,1) = R,
f5 : (0,1)2 — R, f5 : (0,1)2 — R, 7. (O,].)2 — ]R, fg : (0,1)2 — R, and
fo:(0,1)> = R by

fiz) = —exp(—z)

fa(x) = —1.5(x—0.7)2

fa(x) = 5z —0.2)?

fa(z) = 3(x—0.2)(z—0.5)(z—0.7)
fla(),2(2) = 2(1)? +a(2)?
folw(1),2(2) = 2(1)? - a(2)?
Frla(1),2(2) = 1 exp(—((1) — 05)% — (2(2) - 0.5)%)
fs(@(D),2(2)) = (a(1) +2(2) - 05)°

—exp(—50(z(1) — 0.25) + (x(2) — 0.25)?)

for # € (0,1) and (z(1),2(2)) € (0,1)2. On the other hand, fo(x) is the price
of a European call option on a non-dividend—paying stock when z € (0,1) is
the volatility of the underlying stock price. It is assumed that the strike price
of this stock option is 1.3, the risk-free annual interest rate is 0.03, the current
price of the underlying stock is 1, and the time to maturity is 1 year.

It should be noted that f; is monotone, fs, f3, and f, are not monotone, f5 is
convex, and fg, f7, and fg are not convex. The non-convexity of fg can be easily
checked; see, for example, page 295 in [47]. Thus, we applied the test procedure
with G = G,,, to the cases where f. = f1, fo, f3, and fy, respectively. We also
applied the test procedure with G = G, to the cases where f, = fs, fs, f7, fs,
and fg, respectively.

When f. = fi, f2, f3 or fa, we chose X; = i/n—1/(2n) for 1 < i < n and
generated Y;; = fo(X;)+N;;(0,0.1%) for 1 <i <mand 1 < j <m with m = 20,
where the N;;(0,0.1%)’s are iid normal random variables with a mean of 0 and
a variance of 0.12. We next computed Y, = Z;”:l Y;;j/mfor 1 <i<mn, g, as the
solution to (3.1) with G = G,,, and the Y;’s replaced by the Y;’s, and the test
statistic in (5.1). When computing g,, the quadratic programming formulation
of (3.1) is solved through CVX, which is a software package designed to solve
convex programs; see [33] for details. The test procedure is conducted with
v = 0.05, reaching the conclusion of whether Hy should be rejected or not.
We repeated this procedure 100 times independently. Using these 100 trials, we
computed the 95% confidence intervals of the proportion of times Hj is rejected.
Table 1 reports these confidence intervals for a variety of n values.

When f. = f5,f6, f7r or fs, we chose {X1,---,X,} as {(v/v/n — 1/(2y/n),
w/v/n—1/(2y/n)) : 1 <v,w < /n} and generated Y;; = fo(X;) + N;;(0,0.22)
for 1 <i<mnandl < j < m with m = 10, where the Nij(O,O.QQ)’s are iid
normal random variables with a mean of 0 and a variance of 0.22. We next
computed Y; = >oim Yij/m for 1 < i < n, g, as the solution to (3.1) with
G = G. and the Y;’s replaced by the Y;’s, and the test statistic in (5.1). When
computing gy, the quadratic programming formulation of (3.1) is solved through
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TABLE 1
The 95% confidence interval of the proportion of times rejecting Ho when f« is f1, f2, f3,
and f4, respectively.

n| fo=h Je=fo e =13 Jx=Ja

10 | 1.00£0.00 0.72+0.09 0.75+£0.08 0.9240.05
20 | 1.00£0.00 0.50+0.10 0.36+0.09 0.82+£0.08
30 | 1.00£0.00 0.23+£0.08 0.07£0.05 0.57=+0.10
100 | 1.00£0.00 0.00+0.00 0.00+£0.00 0.19+£0.08
200 | 1.00£0.00 0.00£0.00 0.00+0.00 0.02=£0.03

TABLE 2
The 95% confidence interval of the proportion of times rejecting Ho when f« is f5, fe, [,
and fg, respectively.

n | fe=15 fe=Tfe fe=fr fr=1s
4| 1.00£0.00 1.00£0.00 1.00+0.00 1.00=+0.00
16 | 1.00£0.00 0.56+0.10 0.57+£0.10 1.00 £ 0.00
36 | 1.00£0.00 0.07+0.05 0.03£0.03 0.00=+£0.00
64 | 1.00£0.00 0.00£0.00 0.0040.00 0.00=£0.00
100 | 1.00£0.00 0.004+0.00 0.00£0.00 0.00 =% 0.00

CVX. The test procedure is conducted with v = 0.05. We repeated this pro-
cedure 100 times independently. Using these 100 trials, we computed the 95%
confidence intervals of the proportion of times Hj is rejected. Table 2 reports
these confidence intervals for a variety of n values.

When f. = fg, we chose X; = i/n —1/(2n) for 1 < i < n. For each fixed
1, we simulated the underlying stock price up to one year from now using the
geometric Brownian motion with a drift of 0.03 and a volatility of X;. (The
underlying stock price at the current time is assumed to be 1.) From the jth
replication of this simulation (1 < j < m with m = 10), we obtained S;;, the
price of the underlying stock one year from the current time. The price of the
call option, Y;;, is then obtained from exp(—0.03) max(0,S;; — 1.3). We then
computed Y; = Z;nzl Y;j/m for 1 < i < n, g, as the solution to (3.1) with
G = G, and the Y;’s replaced by the Yi’s, and the test statistic in (5.1). The test
procedure is conducted with v = 0.05. We repeated this procedure 100 times
independently. Using these 100 trials, we computed the 95% confidence inter-
vals of the proportion of times Hj is rejected. Table 3 reports these confidence
intervals for a variety of n values.

Tables 1, 2, and 3 show that the proportion of times Hj is rejected gets
closer to 0 as n increases for non-monotone or non-convex test functions, i.e.
f2, f3, f1, f6, f7, fs, and fg. This illustrates that the test procedure successfully
detects the non—monotonicity or non-convexity of the test functions for large n,
as Proposition 5.1 suggests. Furthermore, Tables 1 and 2 indicate that the test
procedure also detects monotonicity of f; and convexity of f5 for a variety of n
values.
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TABLE 3
The 95% confidence interval of the proportion of times rejecting Ho when fi« = fg.

n| fx=1fo

10 | 0.62+0.10
20 | 0.44£0.10
30 | 0.14 +£0.07
40 | 0.05£0.04
50 | 0.03+0.03

Appendix A: Proofs

This Appendix contains the proofs of Theorem 3.1, Corollaries 3.1-3.4, Theorem
4.1, Corollaries 4.1-4.2, and Proposition 5.1.

For notational convenience, E(§, (X)) for any measurable function ¢ : R —
R will denote, in the rest of this paper, [(g,(x))dH (x), where H is the dis-
tribution function of X.

Proof of Theorem 3.1. The proof of Theorem 3.1 consists of 10 steps.
Step 1: We use the fact that g, is a minimizer of ¢, and that g, € G to

obtain
n
Z(}/Z - g*)27
i=1

S|

S = gl <

or equivalently,

n

=3 (X0 — 0o (X)) € 2 DY = 0o (Ki)3a(X0) — oK) (AD)
i=1

i=1

Step 2: We will use Al, A4, and A5 to show that there exists a constant (3
such that

1 n
— E n(X;)2 < B as. for n sufficiently large. (A.2)
n

i=1

To fill in the details, we apply the Cauchy-Schwarz inequality to the right-hand
side of (A.1) to get

3 G (X0) — 9. (X0)?

and
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We then apply (a + b)? < 2a® + 2b2 for a,b € R to get
1
- AnXiz < - — Yx *
SNAETIRIES S REIRME IS D araE
< = Y, —g N 2 by (A3
< n;( Zg y (A.3)

< SE(Y — gu(X))? + E(g:(X ))+1:5

a.s. for n sufficiently large by the strong law of large numbers.
Step 3: We will use Step 2, A2, A3, and P3 to show

E(§,(X)?) < B+1 as. for n sufficiently lage. (A.4)

To fill in the details, we define the truncated value as follows: For any ¢ > 0 and
x > 0, the truncated value of x, denoted by T.(z), is defined by

z, ifx>c
Te(x) = { 0, otherwize. (A.5)

Note that T.(2?) = {T z(x)}? for & > 0, Te(z) < T.(y) for 0 < = < y, and

T(z+y) < T(x)+T(y) for x,y > 0. Together with the fact that |z+y| < |z|+|y|
for z,y € R, we obtain

Te(x +y)?

_Tc(m + y)2

To(2)® + Te(y?) + 2T el| - T ely] (A.6)

<
< ~Te(2)® = Te(y?) + 2T cle] - Telyl. (A7)

We will show that for any ¢ > 0,
E(T(gn(X)") < B+1 (A.8)

for n sufficiently large. If (A.8) is proven, letting ¢ 1 oo for each n and applying
the monotone convergence theorem will yield (A.4). It remains to show (A.8).
Let ¢ > 0 and € > 0 be given. We take § > 0 small enough so that

P(X € As) <, (A.9)

where 45 = (0, 1~)d — [6,1 — §]%. By P3, there exist a constant 7 = r(e,d) and
{h1,--+,hy} C H(5) such that (3.3) holds. Without loss of generality, we may
assume that {hy,--- , h,} is also an e-net of (H(J),d3).
First, we note
ET.(4n(X)?) = ETo(9n(X)*) (X € As) + ET.(3,(X)*) (X € [6,1 - 6]%)
< AP(X € Ag) + ETo (4, (X)HI(X € [6,1 - 8]%)
< e+ ET.(3,(X)?) (X €[5,1—6]%) by (A.9). (A.10)
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Next, let Bs = [0, 1 — §]¢ and note that for each j € {1,--- ,r},

ET.(3u(X))I(X € Bs) — = 3" Tu(3u(X)*)I(X; € By)

=ET.(§,(X) — h;(X) + h;(X))*I(X € Bs)
3 Taal(X) — hy(X0) Iy (X0))PT(X € By)
< ET.(§n(X) — hj(X))*1(X € Bs) + ET.h;(X)*I(X € By)

+ 2ET 2] (X) — by (X)] - T, el (X)I(X € By)

S T3n(X0) — g (X0)I(X € By) ——ZTh X)?I(X; € By)

=1

23 Tl (X0) — g (X Tyel s (XIT(X; € Bs) by (A.6) and (A7)

i=1

< ETL(§u(X) — hy(X))2I(X € By) + ET.h;(X)2I(X € By)

+ 2\/IETC(gn(X) — h;j(X))2I(X € By) - \/]ET J(X)2)I(X € By)

—%anxi)—hxxn I(X, € By) ——ZTh X0)?I(X; € By)

=1

+2\I—ZT (9n(Xi) — hj(X:))2I(X; € Bs)

J Z T.( I(X; € Bs) by the Cauchy-Schwarz inequality

< max {]ETchj (X)?I(X € Bs) — %iTChj(Xi)%(Xi € B(;)}

1<j<r
=J= i1

+ETe(§n(X) — hyj(X))?I(X € By)

+ 2\/IEITC(gn(X) — hj(X))2I(X € By) - \/]ETc(hj(X)z)I(X € Bs)

- % EHZTc@n(XZ-) — hj(X:))1(X; € By)

+2J‘ZT 90 (X2) — 1y (X)X, eBwJ LS Ty (X)X € By),

S0,

n

BT, (30 (X)) (X € Bs) — 3" T(gn (X)) I(X: € By)

i=1
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n

< max {ETCh](X) I(X € Bs) —EZTh Xi)?I(X; 635)}

+ min ET,(3.(X) — hj(X))2I(X € Bé)

+2 min VET.(3n(X) — h;(X))2I(X € By) - \/ET.(h;(X)2)I(X € By)

+2 min J %ZTc(gn(Xi) — hj(X:))2I(X; € By)

i=1

<e (A.11)

a.s. for n sufficiently large by the strong law of large numbers and P3. So,
combining (A.10), (A.11), and the fact that

1 n
SN T I(X;€Bs) <= gn(X;)?
Z 5) < n ;9 (Xi)
yields
1 n
ETG(gn(X)z) <2+ n gn(XZ)z
i=1

a.s. for n sufficiently large. Using (A.2), we can conclude

limsup ET,(§,(X)?) <26+ as.,
n—oo
which implies (A.8).
Step 4: For § > 0, let As = (0,1)%\ [5,1 — 6]¢. We will show that for each
€ > 0, there exists § > 0 small enough so that

n

%Z(Y — g+ (X3)) (00 (X)) — 9+(X:))I(X; € As) < € and (A.12)
LS (X = 0 (X)) (G0 (X2) — 0o (X))I(X; € Ag) < € (A.13)

a.s. for n sufficiently large.
To fill in the details, let ¢ > 0 be given. We apply the Cauchy-Schwarz
inequality to obtain

-~ Z )(Gn(Xi) — g2 (X)) I(Xi € Az)
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IN

1 Z 210X € Ag), | = D (60(X0) - 9. (X0)?
=1

< —Z <X6A5>\—Z i))? by (A.3)

< VEQY — g.(X))2I(X € A5) + y/2E(Y — gu(X))% + €

a.s. for n sufficiently large. We then take ¢ small enough so that E((Y —
9+(X))2I(X € As)) < €, completing the proof of (A.12). Similarly, (A.13) fol-
lows.

Step 5: For 6 > 0, let Bs = [5,1 — 6]¢. We will use P3 to prove that for any
6 >0,

- Z Jo(Xi) = 94(X3)) (9n (Xi) — 94(Xi)) I(X; € By)

*E(f*( ) = 9+(X))(Gn(X) = g« (X))I(X € Bs) = 0 (A.14)

a.8. as n — 0.

To fill in the details, let ¢ > 0 and § > 0 be given. By P3, there exist a
constant 7 £ 7(e,8) and {hy,--- ,h,} C H() satistying (3.5). Without loss of
generality, we may assume that {h,--- , h,} is also an e-net of (#(d), d3). Then,
for each j € {1,--- ,r},

= Z fu(X X)) (9n(Xs) — 92 (X)I(X; € Bs)
- E(f*( ) = 9-(X))(9n(X) — 9. (X)) I(X € By)

= Z fu(X X)) (n(Xi) — hyi (X)) (X, € Bs)

(f(Xi) = g4(X32)) (h;(Xi) — g(Xi))I(X; € Bs)

(f+(X) = 9«(X))(gn(X) = hj (X)) (X € Bs)
N (h;(X) = g.(X)I(X € Bj),

|
=
™
>

|
<
*
P

o
Il
-

n

+ J S () - g*<xi>>2J Do (Gn(X0) — By (X)X € B)
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by the Cauchy-Schwarz inequality, so

< e+ 2e(VE(fo(X) — 9.(X))? + ¢)

a.s. for n sufficiently large due to (3.5) and the strong law of large numbers,
proving (A.14).

Step 6: We will use Step 5 to prove

n

limsup = 3 (£ (X5) = 0. (X)) (G0 (Xs) — 9.(X:) <0 as. (A.15)

i=1

To fill in the details, let € > 0 be given. We then take § > 0 small enough so
that (A.13) holds and

VE(fo(X) = g.(X))2I(X € A5)\/28 + 3+ 2Eg.(X)? < ¢, (A.16)

where A5 = (0,1)%\ [6,1 — §]%. Let Bs = [0, 1 — §]¢ and observe that

=3 (X0 = 9o (K30 (X) = 92(50)) = B (X) = 00 (X)) (Ga(X) — 9(X)
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£ LS — 0. (X0) (60X — 0 (X)I(X; € By)

B ()~ 0.(X))(§0(X) — 0. (X)I(X € By)
FVE(f(X) = g:(X))2(X € A5)VE(gu(X) — g:(X))? < €
a.s. for n sufficiently large by (A.13), (A.14), (A.4), and (A.16). Since

by (3.2), (A.15) follows.
Step 7: We will use Step 3 and P3 to prove that

%Zsi(gn(Xi) —g+(X;)) = 0 as n — o0 a.s. (A.17)
i=1

Let € > 0 be given. We then take § > 0 small enough so that

V2E2I(X € Ag)\/28 + 3 + 2Eg.(X)2 < ¢, (A.18)

where A5 = (0,1)2\ [6,1 — §]%.
First, note that,

< || DX € A0 5 D (0K — g (X2

1 & 2 2 —
Y (X € As) | = Gn (Xi)? + — «(Xi)?
< n;é‘ (X; € As) nzg( ) +n;g( )

< V2E2I(X € As)\/2B +3 +2Eg. (X)2 < ¢
a.s. for n sufficiently large by Step 3, (A.18), and the strong law of large numbers.
So, it follows that

%Zsi(gn(Xi) — g (XD (X; € As) = 0 as n — oo a.s. (A.19)
i=1

Next, let Bs = [5,1 — 5]?. By P3, there exist a constant r £ r(e, ) and
{h1,--+ ,h.} C H(S) satisfying (3.5). Observe that for each j € {1,--- ,r},

n

D eildn(Xi) — 9o (X)) I(X; € Bs)

i=1

<| 2 e mxrc e )

i=1

1
n
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Zfz — g (X)I(X; € Bs)
1 & 1
20| 5 2 Xi))21(X; € Bs)
+ e . > ei(hi(Xi) — g.(X)I(Xi € By)

n -«
i

by the Cauchy-Schwarz inequality, so

Zel Gn(Xi) — 9. (Xi))I(X; € By)

< min —Za LS n(X0) — (XTI, € B)

=1

- Zsl — g.(X)I(X; € By)

a.s. for n sufficiently large by (3.5) and the strong law of large numbers. Hence,
1 n
- > ei(gn(Xi) = go(Xi)I(X; € By) = 0 as n — o0 a.s. (A.20)

Combining (A.19) and (A.20) yields (A.17).
Step 8: We combine Steps 6 and 7 to establish (3.6). First, note that the
combination of Steps 6 and 7 yields

lim sup — Z ) (Gn(X3) — g4(X3)) <0 a.s.

n—oo

Using (A.1), we conclude that

n

1

_Z(gn(Xz) g*(X)) — 0 asn — 0o a.s.

n <
i=1

Step 9: We will use Step 8 and P3 to establish (3.7). To fill in the details, we
will first prove that

ET.(§,(X) — g«(X))?> = 0 as n — oo (A.21)

for each ¢ > 0, where T,(+) is defined as in (A.5). Once (A.21) is proven, letting
¢ T oo for each n will prove (3.7). It remains to show (A.21). Let ¢ > 0 and ¢ > 0
be given. We then take § > 0 small enough so that

P(X € As) <k,
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where A; = (0,1)4\ [5,1 — ). Tt follows that
ET:(§a(X) = 9+(X))*I(X € A5) <€ (A.22)

Let Bs = [0,1— d]. By P3, there exist a constant r £ r(¢,8) and {hy, -+, hy} C
H(0) satisfying (3.5). Without loss of generality, we may assume {hq,--- ,h.} C

H(6) is an e-net of (H(J),d3). Then, for each j € {1,--- 7},
ET.(gn(X) = g-(X))*I(X € B;) — %Zn@n(m — 9:(X0))*1(Xi € By)
= ET.(Gn(X) — hj(X;) + hj(Xi) — g.(X))?I(X € By)
- %ZTC(gn(Xl) - hj(Xz) + hJ(Xl) — g*(Xl))QI(Xl c B(;)

< ]ETc(gn(X) — hj(X))*I(X € Bs) + ETe(hj(X) — g.(X))*I(X € Bs)
+2ET /2|3 (X) — hy(X)| - Tyl (X) — g (X)I(X € By)

- %ZT(’(QW(X’L) - h](X7))21(X1 € B(;)
- % > Telhs(Xi) = 9.(X:))*1(Xi € By)

2 Tl (50) — By (X)) Tyl (X0) — g (XIT(X; € By)
=1
by (A.6) and (A.7)

< max {ETC(hj(X) — g.(X))*I(X € Bs)

- %ZTC(hj(Xi) - g*(Xi))QI(Xi S B(g)}
+ET.(gn(X) — hj(X;))*I(X € By)

3 T (X0) — Ry (X)X € By)

+ 2\/]ETc(gn(X) — hj(X))2I(X € Bs)- \/ETC(hj(X) — g.(X))2I(X € B;)

+ 2$ % > " To(gn(Xi) — hj(X:))2I(X; € Bs)

i=1
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by the Cauchy-Schwarz inequality, so

n

ET(30(X) — 9. (X)I(X € Bs) = = 3" Tu(gu(X:) — 9. (X0)*(X; € By)

=1
< pmx {0400 - 0.0OPI0X € B)
- ST () - (XTI € B}
+ min BT(50(X) ~ hy(X))1(X € By)

+2 min /ET.(3a(X) — by (X))21(X € By)

1<)

BTy (X) = 9.(X))21(X € By)

1<g<r

+2 min J %zn:TC(gn(Xi) — h;(X,)2I(X; € Bs)

’ J %iTC(hj(Xi) — 9+(X3))2I(X; € Bs)
i=1

<e (A.23)

a.s. for n sufficiently large by (3.5) and the strong law of large numbers. The
combination of (A.22), (A.23), and Step 8 proves (A.21), and hence, (3.7) is
established.

Step 10: We will use Step 8 and P4 to establish (3.8). Let § > 0 be given. By
P4, there exists a constant 3(4) such that

sup |Gn(z) — gn(y)| < B(0)[lz — y|| and
Gn€Gn

sup [g«(z) — g« (y)| < B(O)||z — yl|
g+« €Gx

a.s. for x € [5,1 — 6]¢ and n sufficiently large. We next find a finite number of
hyperrectangles Si, - -- ,.5; with non-empty interior, satisfying U§:1Sj =1[6,1—
§]Y and ||z —y|| < efor z,y € S; and 1 < j <.

For each x € §; and X; € S,

|90 (2) = g(2)] < |gn(2) = Gn(Xi)| + [0 (Xi) — g (Xi)| + |9 (Xi) — gu ()]
< B(0)e + [gn(Xs) — g (Xi)| + B(d)e,

SO

sup |gn(7) — g«(2)]
€S
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2oimt |9n(Xi) — g (X)L (X5 € Sj)

< 2B(0)e+ STI(X €S))
1N r
< 20+ ; 190(X0) = 9. (X (X € 55) - S~ 5oy
1. n
< 28(0)e+ |~ ;(gn(Xi) - 9:(X))? - S I(X €S

by the Cauchy-Schwarz inequality
< 2B(0)e+ ¢
a.s. for n sufficiently large by Step 8 and A2. Since there are finitely many S;’s,

sup |G () — g+ ()] < 28(0)e + €
ze[6,1—4]d

a.s. for n sufficiently large, establishing (3.8). O

Proof of Corollary 3.1. The proof of Corollary 3.1 consists of six steps. In
Steps 1-5, we will prove that A1-A3 imply P1-P3. In Step 6, we will consider
the case where d = 1 and f, is continuous and will prove that g, exists uniquely
and (3.8) holds.

Step 1: We establish P1. The only non-trivial part is that G,, is closed in L2.
Suppose that (h; : [ > 1) is a Cauchy sequence in G,,. Since L? is complete, there
exists hoo € L? satisfying ||h; —hoo|l2 — 0 as [ — oco. Furthermore, there exists a
subsequence (I, : k > 1) and  C (0, 1)¢ such that limy,_, . hy, (z) = hoo(z) < 0
for z € Q and Q is a set of Lebesgue measure 1. We define ho : (0,1)% — R by

hoo(z) = sup{hoo(2) : 2 < x,x € Q}

for 2 € (0,1)¢. Then, oo is well-defined, monotone, and coincides with h, on
Q. Therefore, || — hilla — 0 as I — co. So, G, is closed.

Step 2: We establish P2. Let S,, = {(¢(X1), - 9(X,)) : g € G }. Then S, is
a nonempty and convex subset of R™. To see why S, is closed, let {g; : I > 1}
be a subset of G,, satisfying |g;(X;) — ;| = 0 as I — oo for 1 < ¢ < n and some
(G4, ,9,) € R™. Next, we define g : (0,1) = R by

oo (2) = sup{g; : X; <z,1 <i<mn}, ifthereis X, satisfying X; <z
Goold) = min{g; : 1 <i <n}, otherwise

for x € (0,1)%. Then oo € G, and
[(g1(X1), -+ 91(Xn)) = (Goo(X1), -+ s Goo (X)) = O

as | — oo.

Since ¢, is a strictly convex function on S,,, and S,, is nonempty, closed, con-
vex, there exists a minimizer (g, , gn) of @, over S,. We define §: (0,1)? —
R by

i(x) = sup{g; : X; <z,1<i<n}, if thereis X; satisfying X; <=z
g\ = min{g; : 1 <i < n}, otherwise
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for x € (0,1)%. Then § minimizes ¢, (g) over g € G.
Step 3: We will prove that for any subset A of (0, 1)? with nonempty interior,
there exists a constant ¢4 such that

inf g, (X;) — )| < .
)ginefAlgn(Xz) g«(Xi)| < ca (A.24)

a.s. for n sufficiently large.
To fill in the details, note

Xif}EfA |gn(Xi) — g.(X3)]
Doim1 190 (Xi) = g (X)[I(Xi € A)

<
- S I(Xi € A)
< n O 1Gn(X0) = g (X)|I(Xi € A)
T X I(Xie ) n
n 1 &

S S v - oA o 0n (X3) — g+(X; 2
N Z?:l—r(XiGA) n;(g( ) g( ))

by the Cauchy-Schwarz inequality
o (v 1| EDDLIC S WAC s
= YL I € A\ n & P2 ;

2

< 2 n A
S BEed V2P T3t EE(0?) £ e

by (A.2) a.s. for n sufficiently large, proving (A.24).
Step 4: We will use Step 3 and the fact that g, and §,, are monotone to prove
that for any 0 > 0, there exists a constant 5(J) such that

sup |gn(z)| < Bo(6) (A.25)
z€[8,1—6]4

a.s. for n sufficiently large.
To fill in the details, let § > 0 be given. (A.24) implies that there exists a
constant ¢, (X;, : k> 1), and (X, : j > 1) such that

X, € (36/4,0)%, Xj, € (1—46,1—35/4)%,
g*(X'lk) —¢ < gn(Xlk)’ and gn(X]k) < g*(Xjk) +¢s

for k > 1. So, for any z € [§,1 — §]%, the monotonicity of g, implies
g*(sz) —C5 < gn(sz) < gn(x) < gn(xjk) < g*(Xjk) + cs,

and
9+(Xi,) — ¢5 < gn(®) < 9.(X5,) + 5.
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For any X; € (6/2,36/4)¢ and X; € (1 —3§/4,1 — 6/2)¢, the monotonicity of
g« implies
9+(Xi) — ¢5 < gn(x) < g:(Xj) +c5.

Therefore,
+(Xi) — 5 < gnlw) < i (X)) o5 (A26
Xie(gr/lg}?fémﬂg (i) = s < gnl) Xje(l—g(rsl/lérll,l—wg)dg (Xj) + e ( )

The first inequality of (A.26) implies

gn(z) (A.27)
o Zim1 9-(X)I(Xi € (6/2,35/4)%)
= S I(X e (6/2, 35/4) )

= SI(X, en(a/z 30/4)d) Zg* I(X; € (5/2,35/4)%) — cs

—cs

n

= TSI € (5/2,35/4)0) \l Zg* I(X; € (6/2,30/4)%) — cs

by the Cauchy-Schwarz inequality
4
> — Eg.
= “BX € 072,307 9
a.s. for n sufficiently large by the strong law of large numbers. Similarly, the
second inequality of (A.26) implies

X)2I(X € (6/2,36/4)%) — c5 (A.28)

4
m@) S g e A aa1 =027
"Eg (X)?I(X € (1 -36/4,1—6/2)%) +¢5 (A.29)

a.s. for n sufficiently large. The combination of (A.28) and (A.29) proves (A.25).
Step 5: We will use Step 4 to establish P3. Let § > 0 be given and define

H(6) and H(0) by
H(0) = {h € Gm : [h(x)| < ﬁo(5) for z € 6,1 — 6]%}
H(6) = {h:[0,1 —6]¢ = R : There exists h € H(d) such that
h(zx) = h(z) for = € [6,1 — §]%}.

We first note that N (e, H(0),d3) < oo for any e > 0; see, for example, The-
orem 1.1 on page 1752 of [30]. To establish P3(ii), let € > 0 be given. Without
loss of generality, we may assume that h(z) > 0 for any h € H(d). We divide
[0,1]¢ into hyperrectangles [a*,b*], 1 < k < K, with the side length 1/I, where
I = [(1—26)/€e?]. The volume of each hyperrectangle is less than ¢2¢/(1 —24)9.
Note that K is of the order 1/€2?. Let us consider the number of hyperrectangles
that intersect with a face of [§,1 — §]%, i.e., a set of the form

{(z1,--- ,xd)e[d,l—é]d:mjzd} or {(xl,.",xd)e[d,l—é]d:mjzl—(ﬂ»
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for some j € {1,---,d}. Then, the number of such hyperrectangles is of the
order 1/e2(d=1),
For 1 < k < K, we define
1 n
Hy = =Y I(X; € [a*, ).

n
i=1

By the strong law of large numbers and A3,
Hy <EI(X € [a",b"]) + T < 7,627 /(1 — 26)¢ 4 €24

a.s. for n sufficiently large. Note that n only depends on a® and b*, 1 < k < K.
For each h € H(d) and k € {1,---, K}, we define

i I(Xi€[ak bF])

o — S g(X)I(Xi€[a® bF]) if Z?:l I(X; € [ak,bk]) >0,
, otherwise

and let g, = |gx /€. Then, for g € H(4),

> (9(X0) — gl (X € [a",0)))? < @ Hy + (9(0")° — g(a*)?) Hy,

i=1

1
< EHy, + (9(b)? = g(a™)?) (1 + 7 /(1 = 20)7)e*

a.s. for n sufficiently large, and hence,

X 2
a (g, Zegkf(x € [ak7bk])> < c(6)é?

k=1

for some constant ¢(9) a.s. for n sufficiently large. Since g, 1 < k < K, is an
integer between 0 and [(p(d)] and K is an integer that is of the order 1/e¢,
there are finitely many functions of the form Zszl €gil(x € [a*,b*]), proving
(3.5).

Step 6: Since P1-P3 are established, (3.6) and (3.7) hold. We next suppose
that d = 1 and f, is continuous. Then g, is continuous (see Lemma 1 on page
252 of [36]), and hence, exists uniquely. We will use (3.6), the fact that g. is
continuous, the fact that g, is monotone in order to establish (3.8).

Let § > 0 and € > 0 be given. Without loss of generality, we may assume
§ < e. Since g, is continuous over [§/2,1 — §/2]¢, there exists A(§) such that

19:(2) = g ()| < MOz —y]*

for z,y € [§/2,1 — 6/2]%. We next divide [§/2,1 — §/2]¢ into hyperrectangles
[a®,b¥], 1 < k < K, with side-length less than e satisfying U._, [a, b¥] = [5,1 —
§]? for some I < K. Note that for any x € [a%,b] C [6,1 — d]¢, there are
hyperrectangles [a’, b'] and [a¥, b¥] so that they share vertices with [a?, b'], any




Isotonic and convex regression when the model is misspecified 2085

point in [a’,b’] is less than or equal to any point in [a’,b], and any point in
[a*,b*] is greater than or equal to any point in [a’,b?]. In other words, there
exist 7 £ j(i) and k £ k(i) such that

X <z <X, for X, € [af,07] and X; € [a",bF]

|z — X,|| < 2Vde for X, € [a/,07] or X, € [a*,b"].

Then, for = € [a,b'] C [5,1 — 6]¢, X, € [a?, V], and X; € [a,b"],

gn(Xs) = «(2) < Gn(@) = gu(2) < Gn(Xt) — gu (),

and hence,

9n(Xs) = 92 (Xs) + g+ (Xs) = g ()
< Gn () = 94 (2) < Gn(Xi) = 92 (Xt) + 94(Xs) — g ()

S0,

|90 (2) = gx(2)| < max{|gn(Xs) — g«(Xo)[ +[9+(Xs) — g (2)]|
|9 (Xt) = g(Xo)| + |9« (X1) — g:(2)[}-

Therefore, for each X, € [a/, V], and X; € [a*,b"],

|9n () — g« ()]

< mac{|ju(X.) — 9. (Xo)| + max1g.(0) — g.(@)]

19 (Xt) — g«(Xe)| + max |g.(y) — g«(2)[}
y€Elak,bk]

< Gn(Xs) = (X9 + 90 (X2) — gu(X)] + 2VAN(O)e,

SO
|9n(2) = gu(@)] < min g, (Xs) — g (X))
Xs€lal,bi]

i |9n(X,) — g2 (X0)] + 2VAA()e,
0 19(X0) = 9. (X0)| + 2VAA(9)e

and

sup |gn(z) = g«(z)| < min [, (Xs) — g« (X))
z€[at,b?] Xs€lad,bi]

+ th[lggbk] |0 (X1) — g2 (X0)| 4+ 2V (8)e
i |90 (X0) — g:(XD)|L(X; € [a?, b))
2o I(X € [ad, b))
+Z?:1 |9n(X1) — g+ (XD)|I(X; € [a*,0M])
iy I(Xi € [aF,bF])

<

+ 2VdA(6)e
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- Ly~ iy
= S I(X; € [ad, b)) 'E;WWQ) — g (X)) I(X; € [a,V])
n 1o |
+Zl":1 I(X; € [aF,bF]) " n ; |90 (X1) — g« (X)I(X; € [a*,b%])
+2vd\(6)e
- LS 2 i bi
= S (X € ad, b))\ n ;(gn(Xz) = 9+(X0))?1(X; € [a?,b7])
n 1 <& R ,
TSI € [ B\ n ;(gn(Xl) — 9(X1))?1(X; € [a*, bk])
+2VdA(8)e
< e+ 2VdA(d)e (430

a.s. for n sufficiently large by (3.6).
Since there are finitely many hyperrectangles [a?, b%], we conclude

sup [gn(7) — g«(x)] = 0
z€[8,1—6]4

as n — 0o a.s. O

Proof of Corollary 3.2. We will prove that A1-A3 imply P1-P4.

Step 1: We establish P1 and the uniqueness of the solution to (3.2). When
proving P1, the only non-trivial part is that G, is closed in L2. Suppose (h; :
[ > 1) is a Cauchy sequence in G.. Since L? is complete, there exists ho, € L?
satisfying ||h; — heoll2 — 0 as I — oo. Furthermore, there exists a subsequence
(Ix : k> 1) and Q C (0,1)? such that limg_,o. by, (z) = hoo(z) for z € Q and Q

is a set of Lebesgue measure one. We next define h, : (0,1)¢ — R by

hoo(x) = sup{heo(z) + nf(az —2):2€Q,m, € 0h(2)},

where Oh(2) is the set of the subgradients of h, at z € Q. Then heo is convex,
coincides with hs on Q, and hence, ||h; — iloo”Q — 0 as | — 0. So, G, is closed.

Now, we turn to the uniqueness of the solution to (3.2). Since G.. is a nonempty,
closed convex subset of L2, the projection theorem implies that there exists a
solution g, to (3.2) and the solution is unique up to a set of measure zero. In
other words, if g, and g. are two solutions to (3.2), then g.(x) = g.(z) almost
everywhere. But, both g, and §, are convex over (0,1)¢, and hence, continuous,
so they must agree at = € (0,1).

Step 2: We establish P2. To fill in the details, let S, = {(g(X1),- -+, 9(X»)) :
g € G.}. Then, S, is a non-empty, closed, and convex subset of R"; see, for
example, Lemma 2.3 on page 1638 of [65]. Since ¢, (21, ,2n) = >y (Vi —
2;)%/n is a strictly convex function over (21, ,2,) € Sy, there exists a unique
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minimizer (Z1,--- ,2,) of ¢, over S,. Since (21, -, Z,) € S, there exists g, €
G. such that g, (X;) = Z; for 1 <4 < n. Then, g, becomes a solution to (3.1).

Step 3: We establish P3 and P4. To fill in the details, we notice that for any
d > 0, there exist constants By(0) and 1 (5) such that

sup  |gn(x)] < Bo(d) and
z€[8,1—6]4

|Gn(x) = gn(y)| < Br(0) ]|z =yl (A.31)

for x,y € [§,1 — §]? and n sufficiently large a.s.; see, for example, Steps 4 and 5
on pages 201 and 202 of [53]. So, if we let

H(0) = {h € G : [h(z)] < Bo(6), |h(z) — h(y)] < Br(0)]lz -yl
for x € [6,1 — 8]%}

and

H(5) = {h:[5,1 — 6]" — R : There exists h € H(J) such that
h(z) = h(z) for z € [5,1 — §]%},
then (3.4) is established. To establish P3(i) and P3(ii), note that #(¢) is a subset
of A, where
A=1{h:[6,1-8]" = R:his convex, |h(z)| < Bo(6)
|h(z) = h(y)| < B1(8)]lx — yl| for 2,y € [5,1 - 6]},

and hence,

N(e, H(6),d}) < N(e, A, d’,) < oo
H(8),d5) < N(e, A, d°) < o0
by Theorem 6 of [11].

We can establish P4 by using (A.31) and the fact that g. is unique and
continuous over (0,1)%. O

Proof of Corollary 3.3. The proof is similar to the proof of Corollary 3.1.
|

Proof of Corollary 3.4. The proof is similar to the proof of Corollary 3.2.
|

Proof of Theorem 4.1. We will use (4.1), the fact that fi, g., g € G are
bounded uniformly, and that fact that the ¢;’s are subexponential to apply
Theorem 3.4.1 of [74]. We start by observing that §,, minimizes

S|

L= g0 = D) — gulX0) 20 + (9:(X) — g(X0)?
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- Z £u(X0) = 9. (X0) + ) (9(X0) = 9.(X0) + 5 D (9(X0) — 0 (X))
over g € G, so it maximizes
)2 1 3060 1 ) ) 0%) - (X0) = D000 9. ()"
i=1 i=1

For g € G, define M, (g) and d(g, g«) by

M(z) 2 2E(f.(X) = 9:(X))(9(X) = 9:(X)) = E(9(X) — g.(X))?

and s
d(g,g.) 2 {E(g(X) — g.(X))2}"/.

Let
F = {2(f+(X) = gu(X) 4+ ) (9(X) = g+(X)) — (9(X) — gu(X))? :
g€, 0/2<d(g,g9«) <4}

For any f € F, define the Bernstein norm || - ||p by

115 £ {2E(exp | £(X)] = 1= [f(X)])}/2.

We next notice that Theorem 3.4.1 on pages 322 and 323 and Problem 3.4.2
on page 337 of [74] can be rewritten as follows:

Theorem A.1 (Due to Theorem 3.4.1 and Problem 3.4.2 of [74]). Suppose that,
for every n and ¢ € (0,00),

sup{ M (g) — Mn(g+) : 6/2 < d(g,9+) <0, g € G} < —6°/4 (A.32)
and
Esup{v/n[M,(g) — M,(g) — 6°/8]*
6/2<d(g,9:) <6, g€ G} S dnl6) (A.33)

for functions ¢, such that 6 — ¢,(0)/0% is decreasing on (0,00), for some
a < 2. Let ry, satisfy r2¢,(1/rn) < /n for every n. If My, (Gn) > M, (g4), then

Tnd(g, gs) = Op(l)
asn — 00.

Also, Lemma 3.4.3 on page 324 and Problem 3.4.3 on page 337 of [74] can be
rewritten as follows:
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Lemma A.1 (Due to Lemma 3.4.3 and Problem 3.4.3 of [74]). If F satisfies
Ifllz <6 for every f € F, then

Bsup(|= Y (F(X) ~ BF(X) — V(&8 A3/3)" : £ € F)

n
1=1
< TG F )+ Ty, F - 1s) /(62 Vn), (A.34)
where
_ )
EE N = [ T+ 108N, (0,6, do)du
(52/64)A(8/24)N6

We next verify the two non-trivial conditions of Theorem A.1l, which are
(A.32) and (A.33). (A.32) is easily verified because

My (z) — My (gx)
= 2E(fu(X) — g«(X))(9(X) — (X)) — E(9(X) — g.(X))*
< —E(g(X) = 9.(X))? by (4.1)
< —0%/4
for g satisfying d(g, g.) > /2.
To verify (A.33) with ¢,, specified in Theorem 4.1, we will use Lemma A.1.
First, we will show that the Bernstein norm of an element of F is bounded by

¢16 for some constant ¢;. To see why this is true, note that the squared Bernstein
norm of a element of F is

28(exp 2(£.(X) ~ 9.(X) + )(9(X) - 9.(X)) - (9(X) = 9OV
1= 2(£.0X) = 9.(X) + ) (9(X) — (X)) — 9(X) — 6. (X))
— 23" LB (X0 - 9.00) + ) (9(X) — 9.(X) — (9(X) — 9. (X))
by_ Taylor’s Theorem

2E[2(f(X) = (X)) + £)(9(X) — 94(X)) = (9(X) = g (X))*[*
exp[2(£,(X) = g.(X) +2)(9(X) — 6.()) = (9(X) — 0. (X)*}-(A.3)

Since

E[2(f(X) = g«(X) +)(9(X) = g:(X)) = (9(X) — g:(X))?|

= E(2f.(X) +29.(X) + 2¢ — 49(X))*(9(X) — g:(X))?

< 128(A% + BI + 0)E(g(X) — g.(X))?,
f«, g, and g € G are uniformly bounded, and the ¢;’s are subexponential, the
squared Bernstein norm of an element in F in the left-hand side of (A.35) is

bounded by ¢7E(g(X) — g.(X))? for some constant ¢;. So, the Bernstein norm
of an element of F is bounded by

Eld(g, g*) S 515. (A36)
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We will next show that
Nij(e, |l - I8) S Njy(e, G, d). (A.37)

To establish (A.37), let [I1,u1],- -, [lr, u,] be e-brackets that cover G, i.e., G C
Ui_,[l;,u;]. Note that if g € G satisfies I; < g < u; for some j € {1,---,r}, its
counterpart in F is
Fo(X) 2 2(fo(X) = g2(X) +)(9(X) = g:(X) = (9(X) = gu(X))?
( Jo(X) = g.(X) + 26 — g(X))(9(X) — g.(X))
= v(X)w(X),
where v(X) = 2f.(X) — g«(X) + 2e — g(X) and w(X) = g(X) — g.(X). v(X)
and w(X) satisfy
U (X) £ 2£4(X) — g.(X) + 2 — u;(X) < v(X)
<2£u(X) — gu(X) + 28 — [;(X) £ v (X)
and
Wi (X) £ 1(X) = g2(X) < w(X) < uy(X) = g.(X) £ wyr(X).
Also, for any vy (X), w1 (X),v2(X), and wy(X) satisfying
v (X) < vi(X)
Wi (X) < mi(X)

om(X) i=1,2

<
<wy(X) i=1,2,

we have

[v1(X)w1 (X) — v2(X)wa (X)|
< or(X)[Jwi (X) = w2 (X)| + w1 (X) o1 (X) — va2 (X))
+v1(X) = v2(X)| w1 (X) — w2 (X))
< A(As + Ba + [e])|uy (X) — 0 (X)] + (u5(X) = 1;(X))*

Therefore, if we define l~j and u; be

4 (X) = max{ovw : v, (X) < v <V (X)), W (X) < w < wp(X)}
[(X) = @5(X) = 4(Ax + Bi + le)uy (X) = 1 (X)] = (u;(X) = [;(X))?,

then 1;(X) < fo(X) < 4;(X) and

17:(X) = a; (X1

105(X) = 1 (X))* + 4(As + B + |eD)|u; (X) = LXOIIE
a5 (X) = 1 (X) [ (Jug (X) = 5(X)| +4(As + Bs + )5
2B (u; (X) — 1;(X))*(u;(X) = 1j(X) + 4(As + B. + [e]))?
-exp |uj (X) = 1 (X)|(Jus (X) = ;(X)] + 4(As + Bs + [e]))

IA
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— 2
< eE(y(X) - (X))

for some constant €, since u; and [; are bounded by B, and || is subexponential,
proving (A.37). The combination of Theorem A.l, Lemma A.1, (A.36), and
(A.37) proves Theorem 4.1. O

Proof of Corollary 4.1. We apply Theorem 4.1 to the case where G = G,,, p.
By Theorem 1.1 of [30],

e !, ifd=1
log Nj(€,Gm,B,d2) < e 2(log(1/€))?, ifd=2
e20d-1) if d > 2.
Thus, we obtain
SY2(1 4 612 /(6% /n)), ifd=1

$n(0) = { (log1/6)*(1+ (log1/6)?/(6%y/n)), ifd =2
57247 (1 4 572472 /(62 /n)),  ifd > 2,

and it can be verified that ¢, (\/a,) < v/na,, where a,, is given by (4.2). There-
fore, Corollary 4.1 follows. ([

Proof of Corollary 4.2. We apply Theorem 4.1 to the case where G = G, p.
By Theorem 1.1 (ii) on page 567 of [31],

log Njy(€,Ge,B,d2) S e Y2,
Thus, we obtain

517d/4(1 + 517d/4/(52\/ﬁ))7 ifd<4
¢n(6) = ¢ —logd(1—logd/(62y/n)), ifd=4
F02(1 4 2 (82 ), i d > 4

and it can be verified that ¢, (v/b,) < v/nby,, where b, is given by (4.3). There-
fore, Corollary 4.2 follows. O

Proof of Proposition 5.1. Throughout this proof, we will assume f, ¢ G.
The proof consists of four steps.

Step 1: We notice that B6 implies E(f.(X1) — g«(X1))? > 0 when f ¢ G.
Let g. be a solution to (3.2) that is continuous. Suppose, on the contrary, that
E(f.(X1) — g«(X1))? = 0. Since both f. and g. are continuous, f.(z) = g.(z)
for x € (0,1)¢, which contradicts f. ¢ G. Let §. be any solution to (3.2). Since
E(g (X1)— 5 (X1))? = 0, we have E(f. (X1)— g (X1))? = E(f.(X1)—g.(X1))? >
0.

Step 2: We next observe that B1-B5, P2, and P3 imply that

limsup — 3 (G (X2) — g (X)) (£.(X) — 0.(X0)) <0

n—oo T <



2092 E. Lim

a.s. for each m > 1 by Step 6 in the Proof of Theorem 3.1.
Step 3: We will prove that there exists a positive constant ¢ such that

1 Z 255 (A.38)
for n sufficiently large and each m > 1. To see why this is true, we note that
iid@- — GulX,)?

- % Z";((f*(xz) — 0u(X)) + (9+(Xy) + 8 — Gn(X0)))?,

where & — i -
- %i(f*(Xl) —9.(X;))* + %i(g*()m +& — gn(X0))?

2 Ej;a(f*(X) 9.(X)

-2 _i(m(x ) — 9. (X)) (2 (X)) — (X))
> %Zn;(f*(Xl) - %zn:e (fo(X)) — go(X3))

[

Z (1/2) (f*(X1)—g*(X1))2é

a.s. for n sufficiently large.
Step 4: We will next prove Proposition 5.1. We note that for each n,

21—y < 0/\/1—7
because the Markov inequality states that for any a > 0,
P(a?x5/n > a) < E(a?x5/n)/a® = 0 /a®

so taking a = o/y/T — v confirms that P(6?x%/n >a) <1—~vand z;_, < a. If
we take m large enough so that me > o/4/1 — 7, then for n sufficiently large,
(A.38) implies

n

TS = 2 S (Vi = 4u(X0)? 2 me > o/ /T > 21

i=1
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a.s. for n sufficiently large, and hence,

P(Fail to reject Hy for n sufficiently large | fi ¢ G)

=P (m Z(f’n — Gn(X:))? > 21, for n sufficiently large | f, ¢ g) =1,
n

i=1

proving Proposition 5.1. U
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