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MODEL SELECTION IN NONPARAMETRIC REGRESSION

BY MARTEN WEGKAMP
Yale University

Model selection using a penalized data-splitting device is studied in
the context of nonparametric regression. Finite sample bounds under mild
conditions are obtained. The resulting estimates are adaptive for large classes
of functions.

1. Introduction. We study the additive regression problem Y = n(X) + ¢,
where 7:R?¢ — R is the unknown regression function, ¢ is the random error
and X € R? is the random covariate. The available data consists of independent
observations (X, Y;). Our aim is to find an estimator 7) in some class § such that
the mean squared error E(77 — 7)?(X) is as small as possible. In this paper we
consider the least squares estimator g € §, which satisfies

> —§(Xj))2§Z(Yj —g(Xj))2 forall g € G.
J J
van de Geer and Wegkamp (1996) formulate necessary and sufficient local metric
entropy conditions of § for consistency of this estimate in the L, norm evaluated
at the observation points X;. van de Geer (1990, 2000) shows how the local metric
entropy of § influences the rate of convergence of the least squares estimator. All
these papers, however, assume that 7 belongs to §.

In the following it will be helpful to decompose the mean squared error into two
terms:

B~ (0 = inf B(g — (0 + {B@— (0 — inf EGg ~ n)*(0)|.

It is clear that the approximation error infgeg (g — n)z(X ) is decreasing in §.
However, the more complex §, the more difficult the statistical estimation problem
becomes as more and more parameters need to be estimated. That is, the
estimation error (g — mn3(X) — infgeg E(g — m3(X) is an increasing function
of the complexity of §. This dilemma is solved by considering a sequence of
models G1, 2, ... whose union is equal to §. With the data at hand, we seek
the optimal model from one of these classes, which balances the two conflicting
errors. Hence we are faced with a selection problem.

One possibility, explored by Barron, Birgé and Massart (1999), is to employ
penalized least squares by introducing a penalty of the form Cpen Dy, where Dy is

Received January 2001; revised May 2002.

AMS 2000 subject classifications. Primary 60F05, 60F17; secondary 60G15, 62E20.

Key words and phrases. Adaptive estimation, classification, data-splitting, least squares estima-
tion, model selection, penalized least squares, VC-major classes.

252



MODEL SELECTION IN NONPARAMETRIC REGRESSION 253

the dimension of the finite-dimensional model Gy, and n is the sample size. The
penalized least squares estimate gpe, minimizes

n

! 2
min — Yi —g(X;)) +
gewizzl(’ 8(Xy)

Cpen Dy,

over k € N and it is shown that for some C > 0
8 inf( i Cpen D
E(gpen — mM*(X) < Clnf< inf E(g —n)*(X) + M)
k \g€bx n

However, the constant Cpe, depends on unknown quantities related to the error
distribution and the regression function. This makes this approach intractable in
practice. Also their moment condition Eexp(|e|/b) < 4 for some b > 0 on the
error distribution is strong.

Penalties which are distribution free upper bounds of the estimation error can
be found in more restrictive regression settings, such as logistic regression as
considered by Hengartner and Wegkamp (1999). Unfortunately, distribution free
upper bounds may be too conservative estimates for the actual estimation error at
hand. In other words, the upper bounds may be loose for a particular problem, and
the model that minimizes the sum of the approximation error and penalty term need
not correspond to that which minimizes the mean squared error, so these methods
may not give the optimal result.

Bartlett, Boucheron and Lugosi (2002) presented a result in the context of
bounded regression (|Y;| < 1) using random penalties of the form

256
pen(k) =E< sup — > o (Y; —g(Xj))2 ‘(Xl, Y, ..., (Xn, Yn)>,

gege 5

where o; are independent random signs, that is, P{o = —1} = P{o = +1} =
1/2. Although this conditional expectation is unknown, it can be approximated
with Monte Carlo simulations. These authors propose the penalized least squares
estimate gpen Which minimizes

I 2 8192logk
min — Y — g(X;)) +pentk) + ———
geﬁkn,-zzl( g(X:)" + pen(k)

over k € N and they prove that

- [ 8192logkT . 13096
E(Zpen — 1 (X) = rrgn[ inf E(g — m*(X) + Epen(k) + — £ ] + :
8€k

n

However, the above penalty pen(k) is at best of order /Dy /n, and not the desired
Dy /n for finite dimensional spaces G of dimension Dy.
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Barron (1991) does not consider a sequence of approximation spaces G, but
rather penalizes each individual function g € § with a penalty A(g)/n. He obtains
for the estimator gpen minimizing

¢ K(g)

- Z —g(x)’

n n
over g € § and some C > 0 the inequality

E A(g)

Gpen = 1200 = C inf [ B(g =20 + =2

under the restrictions |Y;] <1 and ) geg exp(—A(g)) < oco. As will become
apparent later, we generalize this idea to our selection procedure by considering
random functions and allowing for unbounded Y;.

In this paper we take the approach of splitting the data into two parts, using one
part for constructing a least squares estimate g for each model 4, and the second
part for selecting one of the previously obtained estimates. In a way, one wishes to
see how each estimate g behaves on a new data set, and this is precisely what we
propose to do. We show that this yields the desired trade-off between estimation
and approximation error as we obtain an estimator with mean squared error which
is essentially bounded by inf; E(gx — n)z(X ). This is the content of Theorem 2.1
below, and as a consequence of the work of Barron, Birgé and Massart (1999),
it leads to adaptive estimation if n € § for fairly large classes § such as Besov
spaces. Theorems 3.1 and 3.2 make the connection with Barron, Birgé and Massart
(1999) by bounding the smallest mean squared error by the same upper bound for
the mean squared error of the penalized least squares estimator studied by these
authors.

The disadvantage of this method is that not all data is directly used for
estimation. However, by repeating the procedure various times, each time splitting
the data in a different way, we show that we may take the average of the selected
estimates, thereby taking into account all the data. This results in a more balanced
estimate which does not depend on a particular split. Plotting a histogram of the
selected indices can give valuable insight on the variability induced by taking
random partitions of the data.

Another method which uses a data-splitting device is described in Lugosi and
Nobel (1999) in the context of bounded regression (|Y;| < 1). Essentially they use
one half of the data to estimate the VC-dimension of each class §;. Next, this
estimate is plugged into a penalty term, and penalized least squares is performed
to find an estimate, which balances the approximation error with the penalty term.
Again, as the penalty term only provides a distribution-free upper bound for the
estimation error, the trade-off is not optimal. Also, the computational issue of
finding the VC-complexity is quite laborious.
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Our method is related to adaptive regression by mixing (ARM), proposed by
Yang (2001). The ARM algorithm combines general regression estimators ﬁ,
which are based on one half of the data, and assigns weights to the candidate
estimators via proper assessment of the performance of the likelihood of the
estimates utilizing the other part of the data. Under mild conditions Yang shows
that the quadratic risk of the resulting estimate is essentially bounded above by
the risk of each individual candidate procedure, although a small penalty term
of order 1/n and risk bounds involving estimates of the conditional variance
function o (x) also appear in the upper bounds. Minimizing over procedures
automatically renders optimal rate of convergence of ARM. Our selection method
is general and applies to various estimates f; as well. For Gaussian errors, the
likelihood criterion considered in Yang (2001) is equivalent to the sum of squares
considered in this paper. Our main motivation, as outlined earlier, differs in that we
want to select a least squares estimate gx based on a model §; with the smallest
mean squared error (cf. Section 3). Identifying a good model §; allows proper
interpretation of certain characteristics of the regression function 7. Model mixing
or averaging is not suitable for this task. Another difference is that Yang’s proofs
are based on bounds for the Kullback—Leibler divergences using ideas of Barron
(1987) and Yang and Barron (1999). Also our constants in the upper bounds for
the squared error risk are much smaller and we use a mild moment condition on ¢
in lieu of Yang’s more complicated condition A2.

In the context of variable selection in linear regression, Shao (1993) uses a data-
splitting device as well, and he shows that in order to have an asymptotically
correct procedure, which selects only all the relevant variables, one needs that
n/N — 1and N —n — oo as N — oo, where n is the sample size of the data
set used for validation, and N is the total sample size. He also proves that the
cross-validation case where n = 1 is inconsistent.

Devroye and Lugosi (1996, 1997) and Wegkamp (1999) use the data-splitting
technique successfully to select the optimal bandwidth for kernel density estima-
tors in an L and L, sense, respectively, without any knowledge of the underly-
ing density. Hengartner and Wegkamp (2001) and Hengartner, Matzner-Lgber and
Wegkamp (2002) explore bandwidth selection of local linear kernel smoothers in
nonparametric regression using data-splitting.

The advantages of the method proposed here, besides being conceptually
simple, are three-fold. First, it is computationally attractive and there are no
unknown constants involved in the algorithm. Second, the method provides tight
upper bounds for the mean squared error, as we do not balance the approximation
error and a conservative upper bound for the estimation error. In addition, we
provide finite sample bounds with explicit constants. Third, only weak moment
assumptions on the errors are required.

The paper is organized as follows: We introduce a general selection method and
state and prove our main result (Theorem 2.1) in Section 2. We apply the result in
Section 3 for least squares estimates using models §; which are VC-major classes,
thereby including the important special case of finite-dimensional models.
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2. Main result. Consider the additive regression model
Yi =n(Xi) + ¢, i=1,...,N,
where X; € R are i.i.d. P distributed, ; € R are independent with
Ee; =0, Es? < 0% <00 and Elg|? < 7, < oo for some p > 2,

and X; and &; are independent. The regression function : R? — R is completely
unknown and to be estimated from the data.

Let us describe the proposed method. First we split the data (X;,Y;),i =
1,..., N, into two parts. The first sample {(X;, Y;):i € {,,} contains m < N
data points (X;, ¥;) drawn without replacement from (Xy, Y1),..., (Xn, Yn).
We construct regression estimates g; based on {(X;,Y;):i € {,,} using some
regression procedure. For instance, gx is a least squares estimate of 1 using a
model G in Section 3. In order to select the optimal estimate g with the smallest
mean squared error among all gy, ..., gk, we introduce some positive numbers A
associated with each estimate gi. The second data set {(X;,Y;):j € 4.} consists
of the remaining n = N — m observations and is used for validation of the
estimates gi. We select the estimate g which minimizes the penalized sum of
squares using the second data set {(Xj, Y;):j € gn}, thatis, g =g; with

k= argrmn— Z{Y —8k(X; )} +—
k=1....K™ icq

We are ready to state our main result, which bounds the mean squared error of
the selected estimate g basically by the smallest mean squared error among the
estimates g plus a remainder term of order 1/n. We denote the L,(P) semi-norm

by [ - I.
THEOREM 2.1. Suppose that |n — gk |loo < B for some finite constant B. Then
foralla >0,

C(a,B)+C(a, p)
- .

- : A
B2 - nlP < (1 +a) inf (15—l +24) +

The constant C(a, B) is given by

22 +a) a(l+a)
ra (42 P30 >szk}>

with log+ x =max(0, logx), x > 0, and the constant C(a, p), p > 2, is related to
the error distribution as follows:

p/2 K

~ l+a l14+a/4(1+a) o
C(a,p) = T+C (tp +0o?) _2( p ) 2(14_)%) (P=2/2
k=1

for some constant C,, <7.35 p/max(1, log p).
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The proof is given at the end of this section.

In order to reduce the variability induced by taking a random partition of the
data, it is recommended to repeat the above procedure various times. This creates
estimates gy, s = 1, ..., S, and the average estimate § = S~ ! ZSSZI g, takes all the
data into account for the estimation part, and results into a more balanced estimate
in finite samples since g does not depend on a single particular division of the
data. By Jensen’s inequality and since the bound obtained in Theorem 2.1 does not
depend on the particular partitioning of the data,

S 2

N 13
Ellg—n||2=EH§ng—n

s=1

13,
<E-Y g —nl?
Ss:l

— )
n

xk> N C(a, B) +C(a, p)
n

< 1+ a) inf (ENg I’ +

that is, we find the same bound for the mean squared error of the average
estimate g.

The bound || — gklloo < B can be relaxed. The proof of Theorem 2.1 below
shows in fact that for all a > 0 and R > O,

_ - _ . M\ C(a,R)+Cla, p)

BIZ— (R < R) = (1+a) inf (E1G — 0P +24) + ,
k<K n n

where R is defined as

5 4

~ —n)*dP

R?= sup ‘/(‘g;k—n)z
k<k [ (@ —m)*dP

The incurred error due to the selection is bounded by the remainder term

{6 (a, p) + C(a, B)}/n, and depends on the number of moments of ¢; and the
sequence {Ar}. The fact that we approximate

~ 1 ~ 2
18k = nlln =~ > (i —a (X))
JEGn

by |Igk — n||2 fork=1,..., K, causes the remainder C(a, B)/n. This bound does
not occur by formulating our result differently.

THEOREM 2.2. Foralla > 0,

Ak l1+a

ENg—nl2 < (1 +a) inf (Engk a2 —) 4
k>0 n

1+a 2 /1+a\"*E
1+a. P ( ) S (14 a2,
n p(tpt+o )p_2 P k:1( + Ak)
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We will prove this theorem at the end of this section.

It follows from the proof of Theorem 2.1 below (cf. Lemma 2.5) that the
constant C (a, p) can be improved under more restrictive assumptions. More
specifically, if ¢; are Gaussian N (0, o?), then

~ 4(1 + a)2c? X ( ak )
Cla, p) < T 151 )|
@p)=— " Og,;eXp 8(1+a)o?

The remainder é(a, p)/n is due to the fact that we observe Y; (= n(X;) + &)
instead of 7 (X;) directly. Indeed, the proof of Lemma 2.5 shows that C(a,p)=0
if & =0, and in general, the larger the number of finite moments p, the smaller
C(a, p).

Let us address the important issue of the choice for the Ax’s. If we do not
penalize by setting Ay = O for all k, the number of models K = Ky seriously
affects the selection error. The constants C(a, B) and C (a, p) equal in this case

22+a)

C(a, B) = =~ B?log(4¢K)
a
and
~ 1+a 1+a /41 +a)\"?
C(a,p):T—i-KCp(rp—i—o*”)p_z( p ) .

It is clear that we have to restrict the number of models K in order to control
the bound for the expected selection error {C(a, B) + C (a, p)}/n. Again, in
case & are normal N (0,02) random variables, é(a,p) < Caazlog(K), and
considering polynomially (in N) many models still leads to a remainder term
{C(a, B) + C(a, p)}/n of order log(N)/n.

The advantage of taking A; # O lies in the fact that the remainder term
{C(a, p)+ C (a, B)}/n is of order 1/n under mild moment conditions on the errors
(E|&;|? < oo for some p > 2) and we are allowed to consider an infinite number
of models. For instance, setting Ay = k, we see that

K 00
Yo PR c00 i p >4,
k=1 k=1

implying that C(a, p) is finite regardless of the value K. There is an interesting
connection between the size of A; and the moment conditions on the noise. For
instance, taking iy = k% ensures that C (a, p) < oo for p > 2. It should be noted
that the larger A, the smaller the bound for the remainder term, but on the other
hand we wish to keep A smaller than E| g — 7 I? so that the first term in the upper
bound for E||g — n||? in Theorem 2.1 equals

Ak
1 +a) inf (E|gk —nlI>+ =) <C inf E[g — |
(1+a)jinf (B3~ 0l +°4) = inf g~
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for some C close to 1.

PROOF OF THEOREM 2.1. First observe that
Elg —nl* =E{E[IIg — nlI* | (X, ¥}). j € In]}.

Since gx only depends on the training data {(X;,Y;),i € {,,}, the class of
functions & = {g1, g2, ...} is nonrandom, conditionally given {(X;, Y;), i € d;s}.
The independence between the data sets {(X;, Y;),i € 4,,} and {(X;,Y;), j € §n}
ensures that this conditioning does not change the independence structure among
the variables (X;,Y;), j € ,. Using the minimizing property of g, we show in
Lemma 2.3 below that conditionally given the training data, for every k and a > 0,
the inequality

1 1
Ig—nl>< d +a>{; 3 (v —ax))’ - — > (v n(xj))z}

J'Egn jegn

2(1 + .
+sup [% 3 e @ —mX))

JEGn

_ 4N s 2y DM

5 2 @ —miX) - —— }
JEFn
~ 2

+sup[f @ — M2@) dP(x)
k Rd

_(2+a) - o 4_(1+a))\,k

> je%jn(gk MAX) == }

holds. Next we observe that the expectation over the assessment data {(X, Y;),
J € $n} of the first term on the right-hand side of the preceding inequality equals
(1 4+ a) fpa(8k — r])z(x)d P(x). Lemma 2.5 and Lemma 2.7 establish bounds
for the expected values (taken with respect to the assessment data) of both
remainder terms, independent of the training data {(X;, ¥;),i € 4,}. Finally, taking
expectations with respect to {(X;, Y;), i € {,} yields Theorem 2.1. [J

Our proofs are novel in the way we derive Lemma 2.3 and handle the remainder
terms. In particular, the use of desymmetrized empirical processes [pa(Zk —
n)Z(x)d(P(x) — (I + a)P,(x)), rather than symmetrized empirical processes
Jra 8k — n)z(x) d(P,(x) — P(x)), where P, is the empirical measure putting
mass 1/n at each X, j € g, results in more elegant proofs with sharp, explicit
constants as no peeling devices are required as used by, for instance, van de Geer
(1990) and Hengartner and Wegkamp (1999). See van de Geer [(2000), pages 70
and 149] for a clear description of the peeling device.
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To simplify the notation a bit, we present the results in the following framework.
Without loss of generality, we assume that the index set ¢, = {1,2,...,n}. We
observe (X;, ¥;) where the Y; are related to X; by

Yi=n(X;)+¢&, i=1,...,n,

with X; independent random variables with common distribution P and ¢; are
independent, mean zero random variables with a finite pth moment for some
p > 2. In addition &; and X; are independent. Let ¥ be a countable class of
functions and A(f) > 0 be positive numbers. Define the sum of squares by

1 n
Si(f) =30 (% = FXD),

i=1
and our estimate fof n minimizes S,(f) +n"'A(f) over f € F, that is,

S(f)+£<$(f)+ﬁ forall f e F.

The idea of introducing A(f) first appeared in Barron (1991) in the context of
bounded regression where |Y;| < 1. In fact, the results in this section generalize
Barron’s (1991) result to unbounded regression.

Before stating our results we need some more notation. Let P, be the empirical
measure putting mass 1/n at each observation X;, and the empirical L, (P,) norm
and inner product are defined by

1 <& 1 &
||f||ﬁ=;Zf2(Xi> and <f,g>n=52f<xi>g<xi>,
i=1 i=1

respectively. Also, with some abuse of notation we write (¢, f), = (1/n) >_7'_; & %

f(Xo).

LEMMA 2.3. Foralla>0and f € ¥

||f—n||25(1+a){s,,(f) S(,,)Jrﬂ}
+ sup |:2(1+a)8 f +||f_n||2
feF

—(ta)lf -l -+ >(—f)]

PROOF. Define (ignoring the dependence on 7 in the notation)

1 n
S(f) = ;ZEs% I —nll?,
i=1
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and observe that
ES,(f)=S(f) for any fixed f € F.

Also, notice that
1 & ) 1 & )
Su(F)=—2 ¢ +2- Y eitn— HXD+If =l
i=1 i=1

Hence forall f € ¥ anda >0,
IF—nl*=S(f) — S
. A F)
=<1+a>[sn<f)—sn<n>+%}

_ ACF

+[(s—<1+a>sn)<f>—(S—<1+a>Sn)<n>—<1+a>$]
_ A F

<a +a>[sn<f> S+ (qu

_ ACF
+[(S—<1+a>sn)<f>—(S—<1+a>Sn)<n>—<1+a>$]

(by the definition of /)

_ A F
<q +a)[sn<f> S+ %}
A
+sup [(S A4 @S) ) = (S = (1 +a)S) () — (1 +a>$],

which after some algebra leads to the desired result. [J

COROLLARY 2.4. Define hy(f) = (f —=m/Ilf = nlln if I f —nlla >0 and
ho(f)=0if | f —nll, =0. For all a > 0, we have

F—nll? - 2, M)
EIf 1l s<1+a);2;[||f_n” s ]
2
+E sup <2<1 +a) (&, hn(f))2 — M)
feF a n

2 1 +a)x
+sup (1 = = 220y - i - SEDHD),

feF n

PROOF. First observe that since f is fixed,

ELS,(f) — Sa(1 =11 — nll*.
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Use the fact that f was chosen arbitrarily to take the infimum over f € #. Second,
by the subadditivity of the supremum we find that

A
;up [2(1+a)(8,f—n>n+||f—n||2—(1+a)||f_,7||g_(H_a) (nf)]
eF -
1 A
:SprU+ﬂN&f—nh—%Wf—mﬁ— ;“ ”q
feF n
2 1+ax
+mmbv—mﬂ——}ﬁv—nﬁ— ;“(ﬂ}
feF n

Since the algebraic inequality 2|xy| < x%/c 4 cy? holds for all x, y € R and ¢ > 0,
we find that

a 2
2(0+a)(e, f —nhn — Ellf =l

f=n a/? 2
sﬂ+a(Mf—m|@, > -2 - i)
NS =nllalal 14a "
2a+m7 f—n>2
S 8’ 9
a If = nllnln
and the proof is complete. [
We will now bound the remainder term
2(1 +a)? (1 4+ a)r(f)
E sup (7(8, ha(f))2 — 7)
feF a 2n

We will invoke Rosenthal’s inequality, which asserts that for independent random

variables Z1, ..., Z, with mean zero, the inequality
EZZk §Cpmax<ZE|Zk|p,<ZEZ,%> )
k=1 k=1 k=1

holds for p > 2. Recently, Ibragimov and Sharakhmetov (1998) investigated the
exact constant C, and proved the upper bound C,, < 7.35p/ max(1, log p).

LEMMA 2.5. Suppose that T, < oo for some p > 2, and define for a > 0,
p>2,

p/2 K

~ 1+a 14+a/4(1+a) o
C(a,p)=T+Cp(rp+al’)p_2( - ) 3 (1 )P,
k=1
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where Cp, > 0 is the constant appearing in Rosenthal’s inequality. Then for all
a > 0, we have

E su

feF n

) ~
b [2(1 +a) (e, hn(f))ﬁ B (1 +a))»(f)] < C(a,p)‘
a 2n

Moreover, if the error distribution is Gaussian, then

. [2(1+a)2 ) (1+a)k(f)]
a

E su (e, hn()); »

feF

4(1 +a)*c? ar(f)

PROOF. First, we observe as in Baraud [(2000), page 484] that for some

C), > 0 by the Markov and Rosenthal inequalities, respectively,

P{I (&, hn(f))nl = 1}
<t PEle, ha(/))nl”

Tp 2 () XDIP + (02 X0 ha(f)*(Xi))P/?
< CPE p 1 T 1

T (0P 1 () (XDIDPZ + (02 X0 ha(f)*(Xi))P/?
< C,,IE o
. ‘rpnp/z + (o2n)P/?
P npbtp
=Cp(t,+ oPynPl2P,

Consequently,
2

B 2 e iy - 2 HD

a 2 n n

—p/2
» a { 1+4+a }) P
<Cp(tp+o )(2(1 Tl 2 ACf)+1

Integrating out leads to the desired result:

2
E sup (M@»hn(f))%— 1+(JM>
feF a ) n
1+a § : 14+axr(f)
eF
l+a
<

- 2n
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l14+a —p/2
T J;/l-i-a)/ZCp(rp )<2<1+ )2{ 2 WHI}) a“
_1+a
T 2n
Cp(tp+0P) 2 a \""? l+a P/
Tt p—2(2(1+a)2) Z( 2 (Mle))

feF

l+a Cy(rp+oP)l+a <4(1 +a)>p/2 Z —(p=2)/2
e Aﬂ 1 9
2n + n p—2 a MH+1)

feF
and the first claim is proved. The second assertion follows from a similar argument

using the tail bounds for Gaussian random variables instead of the Markov and
Rosenthal inequalities. We omit the details. [J

The following proposition is used in the bound for the remainder term

2 (1 +a))\(f))

E sup <||f—n|| EERLYP -

feF

This is essentially Lemma 2.1 in Einmahl and Mason (1996), which was pointed
out to the author by David Mason, who also indicated that the conditions stated in
their Lemma 2.1 are too strong.

PROPOSITION 2.6 [Einmahl and Mason (1996)]. Let Zy,Z>,...,Z, be
independent, nonnegative random variables with EZ; = ; and IEZZ.2 <02, Then

{ Z(M, —Z) >5} <exp<—%).

i=1

PROOF. Since forall ¢ > 0,
1 2 2 t202
Eexp(—1Z;) < 1= tu; + 51*BZ} < exp( ~tpi + T)

we have using the independence of Z;

{ Z(Mz —Zi) = 5} <exp(—tnd)Eexp ( > (i — Zi))
i=1

i=1
nt o2
fexp<—tn8+ > )

Choosing t = 8/0? yields the result. [
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LEMMA 2.7. Define
P|f —n/*
R=sup ———
fex PIf —nl

and set

. _ a(l+a)
A= gf.e"p< 22 +a>RW))‘

For all a > 0, we have

2+ 1 +a)r 22+
(17 =02 = 220 — i - SEDHD) < 22T

E
oup 2 n n

feF

Rlog(4eA).

PROOF. Set g = (f — n)?. With some slight abuse of notation we write
A(g) = A(g(f)) = A(f). Also we use the short-hand notation Pg for the integral
fRd g(.x) dP(.x)

First we want to relate Pg — (1 +a)P,g to (P — P,)g/~/ Pg. For this matter,
let 6 > 0, C > 0 and suppose that

Pg—P,g<~é+CyPg.
Then for all 8 > 0,

Pg<(1+pB)P,g+ S+ C)#.
To appreciate why, simply consider the cases /Pg < %\/(S-i——c implying
Pg < P,g+ (G + C)% and its complement /Pg > # 4 + C implying
Pg < P,g + %Pg, separately. This argument can be found in Anthony and
Bartlett (1999). Therefore,

¢ 2 2n
2+4+a (1+a)r(g)
SZg:P Pg— > Png_Tza}
~ - a 14+a/2] a/2 1+4a a/2
—Xg:IP’ Pg <1+2>Pn33 a2 [1+a/2 2n Mg)+1+a/28]}

Pg— P,g a/2 <1+a )}
<> P > r(g) +6
2 v Pg 1+a/2\ 2n

(by the contrapositive of the reasoning above taking g = a/2)
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<Z ( n Pg a {l—i-a
exp| —=
By P 2Pg22+al 2n

[by Proposition 2.6 below or Lemma 2.1 in Einmahl and Mason (1996)]
a(l +a) n a
< - 5).
Ze p( 42+a)R (g)> eXp( 2R2+a )

Finally, 1nv0ke that for any random variable T with P{T > ¢} < A exp(—Bt), for
some A, B > 0 and all ¢ > 0, it follows that

A(g)+5})

o] 00 1 1 +A
@.1) IETEIET+:/ P{T+zt}dt:/ P(T > 1} dr < L7108 A
0 0

The proof of both assertions now follows easily. [

PROOF OF THEOREM 2.2. Repeating the same reasoning as in the proof of
Lemma 2.3, conditionally given the covariates X;, we find for all f € ¥,

E|f—nl; = +a)<E||f a2+ ﬁ)

2

A+a?| f-n * 1+a
+E§nea%‘< p <8’||f—n||n>n_ " ”f))‘

Now argue as in Lemma 2.5 to obtain

2 _ 2
P{(1+a) <8’ f—n > B 1+a/\(f)25}
n n n

a If—=nlln
a —p/2
SCP(TP+UP)<m(t+(1+a))\,(f)))
so that
2 . 2
Emax<(1+a) <8, S > —H—a?»(f))
feF a If =nlnln n
o0 2
| P{(”") (e, ()2 ——k(f)>t}
n feF 1+4a)/n a
1+a c a \P?
=t Zf(fp+ap)<(1+a)2)
fe¥F
—1 1—-p/2 1-p/2
X, (1+1()
r/2
=1+“+&(1p+aﬁ)(l+") (1+a)Z L+ 0(F) P22,
n n a p—

feF
and the result follows. [
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3. Applications. In this section we show how Theorem 2.1 can be applied
to adaptive least squares estimation. However, we emphasize that the result of
Theorem 2.1 is more general. For instance, we refer to Hengartner, Matzner-Lgber
and Wegkamp (2002) for a small simulation study in the case where the g are local
linear regression smoothers and k is the so-called bandwidth. Another interesting
possibility is to select among various different types of estimators and find the one
which performs best for the given situation (in terms of smallest mean squared
error). Also the method readily extends to least absolute deviation regression. In
this case, one avoids imposing moment conditions on the error distribution, instead
existence of a density of ¢; with some regularity assumptions is needed.

It is known that linear spaces (e.g., splines) have good approximation properties
for large classes of functions, for instance Holderian functions (of order o > 1/2).
Certain non-linear spaces, such as non-regular histograms and neural networks
provide even more flexible approximation. We refer to the work by Barron, Birgé
and Massart (1999) for a detailed discussion.

Here we assume the collection of models G, at hand consists of uniformly
bounded VC-major classes with VC-dimension Vi. We consider least squares
estirnators g1, which satisfy

— Z — 2 (X)) <L > (Yi—g(Xi))2+l for all g € G.
telm iedy, m
The least squares estimators are not necessarily unique, which poses a problem for
a given sample size n. However, the results of Theorem 3.1 and 3.2 are valid for
any function g with the above property. We note in passing that g is completely
determined at the design points X;, i € {,,, and Lemma 3.3 below shows that for
alla > 0,

E sup (/ g (x)dP(x)—— Zg (X)>—>O
8€Gk ity

provided Vi logm/m — 0. Hence the least squares estimator will be unique with
probability tending to one for all models §; with Vilogm/m — 0. Observe
that those cases provide the more interesting upper bounds for E|g — n||? in
Theorems 3.1 and 3.2.

THEOREM 3.1. Let {Gi} be a sequence of VC-major classes with increasing
VC dimensions {Vi} and SUPg e, g, lg — nllco < B < 00. Assume further that

N (0, 02). Then the method described in Section 2 with m = n and h; = Vj
ylelds an estimator g satisfying for some constants k1 > 1, k2, k3, k4 > 0,

R _ ) B*Vy log(n)
ElZ —nl? < mf[,q inf [ — )2 +x27g]
k febk n

el logZexp< By ol Vk)
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Although Theorem 3.1 can be derived from Theorem 2.1 above in combination
with Theorem 7 in Barron, Birgé and Massart [(1999), page 357] under the weaker
moment assumption Eexp(|e|/b) < 4 for some b > 0, we decided to include its
proof which is markedly distinct and simpler. Notice that the logn term also
appears in Theorem 7 of Barron, Birgé and Massart (1999).

Specialized to finite dimensional models, we can considerably weaken our
assumption on the error distribution (at the cost of a multiplicative logn term).
Suppose that we have a collection of closed, convex subsets of finite dimensional
spaces §x with dimension Dy, where k is bounded by Djy. For instance, nested
models with Dy = k satisfy this requirement. A more specific example is the case
where Gy is the linear space of piecewise polynomials of degree less than r on the
dyadic grid on [0, 1]. That is, G is the linear space consisting of functions

2k
gx) = Z T (X)L 1)k, jo-k)(x), O0<x<1,
j=1
where 7; are polynomials of degree less than some fixed integer » > 1. Notice
that here Dy = r2% and Dy > k is satisfied. This setting using finite-dimensional
spaces is probably the most interesting one in practice, and has received much

attention; see, for instance, the papers by Baraud (2000) and Barron, Birgé and
Massart (1999).

THEOREM 3.2. Let {Gi}x be a finite sequence of closed convex finite
dimensional subspaces with dimensions Dy > k and with SUP relJ, gu lf—n ||C2>o <

B < o0o. Assume further that T, < oo for some p > 4 and let o’ > Eeiz. For each
sample size n, consider only those Gy with Dy < n. Then the method described
in Section 2 with m = n and ,, = k yields an estimator g satisfying, for some
numerical constants k1, kp > 1 and some C(B, o2, p) >0,

—~ . . B4Dk 2n C(B,O’z,p)
BIg -l < intxr inf 1 =P+ "o (50 ) |+ ST,
k feg’k n Dk n

Observe that the logn term is not present in Barron, Birgé and Massart [(1999)
Theorem 4, page 331], but they require that the moment generating function of ¢
exists.

PROOF OF THEOREM 3.1. First, observe that the constants C(a, B) and
C (a, p) defined in Theorem 2.1 are finite since {Vj} is an increasing sequence
and ¢; has a Gaussian distribution. (Alternatively, we can drop the monotonicity
assumption on {V;} and require that the number of models K < N# for some
B > 0.) In order to apply Theorem 2.1, we need to compute E||g; — ||> for each k.

Let P, be the empirical measure putting mass 1/n at each X;,i € {,. Let
| - |l be the empirical L,(P,) norm, that is, ||f||% = %Zieln f2(X;), and we
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write (g, f)n = 13y & f(X;). First we link E||gx — nl|> with E[|gx — nl|2. Itis
essentially due to Vapnik (1998).

LEMMA 3.3. Assume that
R )i (P|f — n2)V/a l(q—l T I
,q = min Sup — , Sup —n
rege (PIf—nPH2\2\g -2 = >

is finite for some q > 2. Let Vi be the VC dimension of the VC-major class Gy.
Then for all a > 0,

E{l8k — nll* — (1 + a)llgk — nll?}

2
_ M+ @Rk q) { log(4e) + Vk{l +log” (2_n>}}
na Vk

PROOF. Observe that

E{lg —nlI> — (1 +a)|g —nl>) <E sup (P—(4a)P)(g—n)>
8E€Gk

Next, observe that

IP{ sup (P — (1+a)P,) (g —n)* = 8}
8€Gk

P—P,)(g—n)?
SP{SHP( n) (g — 1) . [ a 5}
s/ P(g—n)> I+a
(by the same argument as in the proof of Lemma 2.7)

a né
<48Q2n, k) exp<—mm)

[by Vapnik (1998), Theorem 4.2, page 139, and Theorem 5.2, page 194],

where §(2n, k) is the 2n-shattering coefficient of the class

{x: g(x)> B, g€Gr, >0}

This number is related to the VC-dimension Vj by the inequality:

log(8(n, k)) = Vk{l +log™ (%)}

k

see Vapnik (1998), page 192. Again invoke inequality (2.1) to conclude the proof.
O

Now we focus on the analysis of E||g; — n||%.
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LEMMA 3.4. Foralla >0,
~ . 1
B - 0l < (1 +a)(_inf g — 9+ )
8€Gk n

+Esup 2(1+a) <e,g —n >, —alg—nl;).
8€Gk

PROOF. The proof is the same as that of Lemma 2.3, but one conditions on
the covariates X;,i € 4,,. [

It remains to bound the remainder term

E sup (2(1+a) <& g —n>u —allg —nl;)
8€Gk
on the right-hand side of the preceding display. We employ an approximation
argument which avoids the usual chaining argument [cf., e.g., van de Geer (1990)].
Let §; be an 1/n covering net of G, with respect to the Ly(P,) semidistance.
Hence for each g € G, thereis a g* € ¢ such that ||g — g*[l, < 1/n. Observe that
since
E[2(1 +a){e, g — m)n —allg = nlly —2(1 +a)(e, g* — n)u —allg* = nll3]
<2(1+a)E|ellnllg — &g*lln +aEllg — g*ll.{llg = nlln + 1Ig" — nlla}
2(1+a)c  2a
< 5071 2 sup gl + .
n n g

we have

E sup 2(1 4 a)(e, g — n)n —allg — nl2
8€Gk

<Emax (2(1 +a)(e, g — ) —allg — nl2)

g€9%

2(1+a)c  2a
t—t sup [|gll + [Inll -
g

n
Since g is assumed to be a VC-major class, the cardinality |G| < n"* for
some Vi > 0. This, combined with the normality assumption of the errors &;,
yields the expectation on the right in the preceding display that is of order

C Vi log(n)/n for some C > 0 by a standard calculation. This concludes the proof
of Theorem 3.1. [J

PROOF OF THEOREM 3.2. Since A =k,

2(2+a)B? 1
C(a,B)=%{l+log7L <4/{exp(ﬁ) —1})}
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and

p/2 oo

~ l+a I+a /4(1 +a) 3
Cla.p)=— +C,,(rp+af’)p_2< - ) 3 1+ k@2,
k=1

so that both C(a, B) and é(a, p) are finite for p > 4.

LEMMA 3.5. We have, for all Dy <n,

2

~ . o Dk

E|g —nlly < inf lg —nl* +——
8€Gk

PROOF. Since §y is a closed, convex subset of a finite dimensional space, the
projection of the vector (Y7, ..., Y,) onto G, exists. The result follows from the
usual bias and variance decomposition

1
Elgk — 0l =E inf |lg—nl2 +— > Eef Dy,
18 = nlly =E inf llg —nlly + 5 D Eei D
ied,
and the fact that the expected value of an infimum is less than the infimum of the
expected values. [

Combining Theorem 2.1, Lemma 3.3 and Lemma 3.5 yields Theorem 3.2. [J

Using the (combined) data-splitting device, we recover the results obtained by
Baraud (2000), Barron, Birgé and Massart (1999) and Hengartner and Wegkamp
(1999). Our assumptions on the error distribution and regression function are
weaker, and the implementation does not involve unknown penalties, though
a careful choice of the A; is needed. Again we stress that the bounds for
E||g — n||? in Theorems 3.1 and 3.2 are upper bounds of the mean squared errors.
Barron, Birgé and Massart (1999) consider certain finite dimensional models
G with dimension Dy and they show that for large enough penalties of the
form Cp gDy /N, the squared error risk of the penalized least squares estimator
balances the approximation error and the penalty term of each model G, which
generally differs from the mean squared error E|gx — 7>, where g; is the
least squares estimate of model . The constant Cp, p depends on B = ||7]l«
and b > 0 implicitly defined by Eexp(|e|/b) < 4, which are unknown. Taking
(or “guessing”) Cp p too large may result in choosing a model which does not
achieve the smallest mean squared error among all considered models for a fixed
sample size at hand. The upper bounds may be loose for a particular problem, and
the model that minimizes the upper bound

Cb,BDk}

inf! inf || f — |
lg{flggkllf nll© + N
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need not correspond to that which minimizes the mean squared error, so the
penalized least squares estimator may not give the optimal result. In contrast,
Theorem 2.1 shows that the risk of the estimator based on the data-splitting method
is bounded by a small multiple (larger than 1) of the smallest mean squared error
Elgk —n 1K among the considered models.
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