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Abstract

In this paper, we use the kernel method to estimate sliced average variance estimation (SAVE) and
prove that this estimator is both asymptotically normal and root n consistent. We use this kernel estimator to
provide more insight about the differences between slicing estimation and other sophisticated local smoothing
methods. Finally, we suggest a Bayes information criterion (BIC) to estimate the dimensionality of SAVE.
Examples and real data are presented for illustrating our method.
© 2006 Elsevier Inc. All rights reserved.
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1. Introduction

The goal of regression analysis is to understand how the conditional distribution of the response
Y given a p-dimensional predictor vector X = (X1,..., X p)T depends on the value assumed
by X. Since in many statistical applications the dimension p is large, the statistical analysis
becomes difficult. Therefore, it is very important to reduce the dimension p without much loss of
information on regression. This has been achieved through the development of sufficient dimension
reduction methods. A case in point is the dimension reduction subspace [3,4] which is defined as
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the column space of any p x K (K < p) matrix B such that

vy X|BTX, (1.1)
where “ 1" stands for independence. This means that B” X is a sufficient statistic for the regression
of Y on X. The central dimension reduction (CDR) subspace [4], indicated with Sy|x, is defined
as the intersection of all dimension reduction subspaces satisfying (1.1). Throughout this article,
we assume that CDR space exists unless stated otherwise. Sliced Inverse Regression (SIR) [12]
and Sliced Average Variance Estimation (SAVE) [7,5] are two promising tools for identifying and
estimating the CDR subspace. SIR uses the mean regression of X given Y, and SAVE is based on
the conditional variance of X given Y. To estimate the SIR matrix and then CDR space, Li [12]
proposed a simple and useful estimation scheme which has become one of the standard methods
in this area. The idea is to divide the whole space of Y into several slices and then to estimate the
SIR matrix through the average of sample covariance of X in each slice. This slicing estimation
method can also be applied to estimate the SAVE matrix (see, e.g. [7]).

The consistency of this slicing estimation is clearly of importance. Hsing and Carroll [11] and
Zhu and Ng [24] proved the asymptotic normality and the root n consistency of the SIR matrix
estimator when the number of data points in each slice, say c, ranges from 2 to /7, where n is the
sample size. Clearly when c is fixed, the estimator is very undersmoothing. Their results actually
provide theoretical support for Li’s [12] empirical study showing that the estimator is not very
sensitive to the number of slices. A relevant work is Zhu et al. [27].

In contrast, as Cook and Critchley [6] and Ye and Weiss [19] pointed out, although SAVE is
more comprehensive than SIR in the sense that the space spanned by the eigenvectors associated
with the non-zero eigenvalues of the SAVE matrix contains the corresponding space based on
SIR, the large and finite sample behavior of the slicing estimator of the SAVE matrix greatly
depend on the choice of the number of slices as revealed by Cook [5], Cook and Critchley [6] and
Zhu et al. [27] empirical studies. This feature was then confirmed by Li and Zhu’s [14] theoretical
results. Specifically, for continuous Y, when c is fixed, the slicing estimator of the SAVE matrix
does not converge. When ¢ — oo and ¢//n — 0 as n — oo, the convergence rate becomes
1/c, and the asymptotic normality does not hold. This inconsistency/slow convergence rate of the
slicing estimator deteriorates the performance of SAVE. Only when Y is taking finite values, the
root n consistency holds. Li and Zhu [14] proposed a bias corrected method to achieve root n
consistency, but the number of slices needs to be selected carefully. How to determine this number
via a data-driven selection algorithm still remains an open problem.

Clearly, any local smoothing method can be applied to estimate the SIR matrix. Zhu and
Fang [23] used kernel methods to obtain the asymptotic normality of the kernel estimator of SIR
when the number of data points in each window ranges from the rate n'/? to n?¢=1/C4) where
d >?2 presents the degree of smoothness for all related functions to be specified in Section A.1.
Note that the kernel estimator can be viewed as a smoothed moving slicing estimator. Li et al.
[13] constructed a moving slicing estimator which is used in the contour regression. However, a
significant difference between the slicing and kernel estimation is: regarding the number of data
points in each slice as a tuning parameter, there is no overlap of ranges for the consistency of the
estimators: 2 to 4/n for slicing estimator and n'/? to n??=1/24 for the kernel estimator.

The above existing results motivate us to pose the following questions which should be of
interest and importance for SAVE: can a kernel estimator of the SAVE matrix be asymptotically
normal? Compared with the slicing estimation, would it also have a completely different range
for the selection of tuning parameters? In this paper, we prove the kernel estimator for the SAVE
matrix to be root n consistent for a range of bandwidths, which is similar to the result with the
kernel estimator for the SIR matrix.
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Furthermore, an important issue in the area of dimension reduction is the estimation of the
dimension of CDR space. Therefore, another thrust of our article is that we recommend Bayes
information criterion (BIC) to consistently estimate the dimension. The method is a modification
of Zhu et al. [25] method.

The paper is organized as follows. In the next section we present the asymptotic results. In
Section 3, we discuss the dimensionality determination of CDR space. Simulation results and the
illustration of a real application are reported in Section 4, where we also propose a new criterion
to choose bandwidth. The appendix contains the proofs of the theoretical results.

2. Asymptotic behavior of the kernel estimator

Write Xx > 0 as the covariance matrix of X. We note that when the standardized variable Z

1 1
of X, Z = sz (X — E(X)), is used, CDR space Sy|z = Z)Z(Syp( (see [4, Chapters 10 and
11]). Throughout this paper, we use Z and Y to estimate Sy|z for simplicity. Denote by f(y), the
density functions of Y and let Z and its independent copies z; be

Z:(Zl’---,Zp)T, Z.jZ(le,...,Zp‘,')T, j=1,...,n.

We define A2 = AA for squared symmetric matrix A. Then the SAVE matrix is defined as

A= E(I,, - cov(zu/))2 - (1,, — 2E<Cov(Z|Y)> n E(COU(Z|Y))2).

When SAVE s used to identify the subspace Sy|z, we need to assume the following two conditions:
E(Z|P5y\zz):PSy‘ZZa (21)
Cov(Z|Psy,Z) =1p — Psy ;. 2.2)

where P,y stands for the projection operator in the standard inner product (see, [4]). Our objective
is then to estimate, based on (z;, y;)’s, the SAVE matrix A, its eigenvalues and the corresponding
eigenvectors.

For notational simplicity, write

Ru(y)=E(ZkZil]Y =), Gu(y)=Raf»), 1<k I<p,
T
r)=EQ@IY =) = (EIY = y)... . EZlY =) = (nO)....rp())

T T
g0 = (OO WFM) = (@10, o)) 23)
The kernel estimators of r(y) and Ry;(y) are defined by

. 1 < y =y
8i(y)=Ele,‘jK( 7 )
/:

T

n

ArN . a1 Y=V
20 =@, ... 8N, f(y)_n_th_;K(T)’

FO) =GO, PN =80/ f ),

. 1 & —y; . A .
Gu =3 ik (2 ). RuG) = Gu)/f o), (24)
j=1

where & is a bandwidth and K (.) is a kernel function.
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To define a kernel estimator of A, we further introduce some notations. Let 0y = 1 if k = [

and 0y; = 0 otherwise. The klth element 4y; of A can be written as, by using the notations of (2.3)
P

Ina = 0u = 2 (Ru(¥) = e(n(¥)) + E ( > (R Ri(Y)

i=1
— R (Y)ri(¥)r(Y) — re(Y)ri(Y)Ry(Y) + Vk(Y)Vl(Y)riz(Y)))~

Through replacing the unknowns by their kernel estimators, the corresponding estimator 4, x; in
A, can be

n

n 14
Jn kil = Okl — %Z (ékl()’j) - fk(yj)fz(yj)) + % > (Iéki(yj)léil(yj)

j=1 j=1i=1
— R ORI — P pF () Rir(v)) + fk(yj>fz(yj)f?(yj)>. 2.5)

To present our main theorems, we adopt vectorization of a matrix as follows. For a symmetric
(p X p) matrlx C = (Ckl)po’ let VeCh(C) = (6117 MR} Cp17 €22, -y Cp27 C33, -y cpp) be a
p(p + 1)/2 dimensional vector.
We are now in the position to introduce the theoretical results. Define the k/th element of matrix
H(Z,Y) as
Hi(Z, ) = =Jxt + 0w = 2(ZkZ1 = Zn(Y) = Zure(¥) + ri(¥)r(¥))
P
+) (zkzi Rit(Y) + Zi Zi Rix (V) — Rii (V) Rif (Y) — Z1 Ziri (V)ri(Y)
i=1
—ZiRii(Y)ri(Y) — Zk Rii(Y)ri (Y) + 2re(Y)Rii (Y)ri(Y) — Zg Ziri (Y)ri(Y)
—ZiRii V)r(Y) — ZiRii (V)ri (V) + 2r1(Y) Rei (V)i (V) + Zir? (V) (Y)

+ Zirf V) (Y) 4+ 2Ziri (Vr (Vr(Y) — 3ri2(Y)rk(Y)rz(Y)>, (2.6)

and for any 4 € RP(P+D/2
7% = AT Cov(Veen (H(Z, Y))T) .

The asymptotic normality is stated in the following theorem.

Theorem 1. In addition to (2.1) and (2.2), assume that conditions (1)—(6) in Section A.1 hold.
Then as n — oo, we have

(A, — N — H in distribution, 2.7
where JT V. (H) is distributed as N (0, o%) forany A # 0.

From Theorem 1, we can derive the asymptotic normality of the eigenvalues and of the cor-

responding eigenvectors by using perturbation theory. The following result is similar to that of

SIR obtained by Zhu and Fang [23]. The proof is also quite similar to that for the SIR matrix
estimator, hence we omit the details.
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Let 11(A)>/2(A)> -+ = 2,(A) 20 and bi (A) = (b1;(A), ..., bpi (AT, i =1,..., p, de-
note, respectively, the eigenvalues and their corresponding eigenvectors of a p x p matrix A.

Theorem 2. In addition to the conditions of Theorem 1, assume that the nonzero A;(A)’s are
distinct. Then for each nonzero eigenvalue A;(A) and the corresponding eigenvector b;(A), we
have

V(i (An) — 4i(A))
= /b (N (Ay — Nbi(A) + 0, (Vnl| Ay — Al
— bi(MNTHb;(A) in distribution, (2.8)
where H is given in Theorem 1, and as n — 00,
Vn(bi(Ay) — bi(A))

2 b (M (AT (Ay — Nbi(A)
= 2, 21 (A) = A (A)

+ 0, (VnllAy — Al
I=1,1%i

X”: bi (M)b; (M) Hb; (A)

in distribution, 2.9)
Aj(A) — 2 (N)

I=1,1#i
where | A, — A = Zlgi,_/’gp laij].
3. Determination of the dimension of Sy,z

The determination of the dimension of Sy|z is another important issue in the area of dimension
reduction. A popular method is the sequential chi-square test method proposed by Li [12]. This
method and some other later developed methods, such as Schott [15], Velilla [18], Bura and
Cook [1], Ferre [9], are particularly useful in SIR. However, most of these methods depend on the
asymptotic normality of the estimators. When SAVE is involved, we either do not have asymptotic
normality if the slicing estimator is employed or cannot obtain an asymptotic distribution of the
estimator with an easily implemented limiting variance if kernel estimator is used. Hence, we
suggest a modified BIC [16] for estimating the dimension of CDR space.

Zhu et al. [25] used a similar algorithm when the dimension of X diverges. The major merit
of this methodology is that only the convergence of the estimator of relevant matrix is enough to
guarantee the consistency of the estimator of the dimension. We note that this is a general method
which can be applied to SAVE. To avoid the inconvenience of selecting the constant in the penalty
term, we suggest here a modified version of Zhu et al. [25] algorithm.

Recall the definition of 4;(A) in Section 2. Let Q = A 4 I, and Q, = A, + I,. Clearly,
4i(Q) = 2;(A) + 1. Determination of the dimension of Sy|z now becomes the estimation of K,
the number of the eigenvalues of Q being greater than 1. We define

log L(A(Q)) = glog Q| — gtr(Q*‘Q,,), G.1)
where A(Q) = (41(Q), ..., 2p (Q))7. Let Oy be the set consisting of all values such that 11 (Q) > 1,
Q= >24QQ) > 1and 441(Q) = --- = 4,(Q) = 1. In addition, let T denote the number

of 2;(Q,) > 1. Clearly, T = p>K holds almost surely as n tends to infinity. According to
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Zhu et al. [25], which is based on Zhao et al. [20,21], we can have an explicit equivalent form of
Sup;)e@, 10g L(A(Q)), that is

p

\ n R .
_sup log L(A(Q)) :=log Ly = > E (log 4;(Qn) + 1 — 4; ().
(OIS i=14min(z,k)

Differing from Zhu et al. [25], we consider directly 4;(Q) as the parameters. From the above
presentation, the supremum of log L(A(Q)) over ®; only involves p —k parameters. Using exactly
the idea of Schwarz’s [16] BIC, we define the criterion by

G(k) =1log L + (p — k) log n.

The second term of G (k) is a penalty and (p — k) equals to the number of 4; (Q2) needed to be
estimated. Similar to Schwarz [16], we include the factor log n in the penalty. Then the estimator
of K is defined as the maximizer K of G (k) overk € {0, ..., p — 1}, that s,

G(K)= max G(). (3.2)
0<k<sp—-1

KX P
Theorem 3. Under the conditions of Theorem 1, K converges to K in probability.

Remark 3.1. Zhu et al. [25] proposed that the penalty can be of the form ¢/ W, where c is the
number of data points in each slice and W,, is a sequence converging to infinity as n tends to
+o00. However, how to select W, is of concern. In contrast, we simply use log n as was used by
Schwarz [16] and we will see from the simulation results that our BIC works well.

4. Simulations and an application
4.1. Simulations

In this section, we conduct simulation studies to evaluate the performance of kernel estimation
and to compare it with the existing methods. Also the efficiency of BIC criterion for the deter-
mination of dimension is assessed here. We adopt the criterion proposed by Li [12] to measure
the distance between the estimated CDR space and the true CDR space Sy|z. That is, when the
estimated CDR space is spanned by b; (A;)’s that are associated with the k largest eigenvalues,
we use the squared trace correlation, the average of the squared canonical correlation coefficients
between biT (An)z’s and ﬁiT z’s which span the true CDR space. See Li [12] for more details. For
ease of presentation, we denote Li’s [12] criterion by RZ. In our simulation results, we will report
the median of R? from a total of 200 Monte Carlo samples.

In this simulation, we considered the following models with structural dimension k = 1, 2.

Model 1: y = (BT x)? x ¢
Model 2: y = (ﬁTx)2 + €
Model 3: y = (ﬂlTx)3 + (ﬁzT)c)2 + €
Model 4: y = (BT )2 + (B1x)? x e.

In these models, the covariable x and the error € are independent, and follow respectively
normal N (0, I1p) and N (O, 1), where Ip is the 10 x 10 identity matrix. In the simulations,
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Table 1
The empirical R? with n = 400
Model 1 Model 2 Model 3 Model 4

SAVE Kernel 0.9106 0.9724 0.9246 0.9496
SAVE Slicing (H = 2) 0.0567 0.9404 0.6498 0.5122
SAVE Slicing (H = 5) 0.9445 0.9481 0.8678 0.8968
SAVE Slicing (H = 10) 0.9282 0.9359 0.0915 0.8797
SAVE Slicing (H = 20) 0.8996 0.9180 0.4322 0.7927
SAVE Slicing (H = 50) 0.7515 0.8203 0.3191 0.5562

p=(1,1,0,0,...,0) for models 1 and 2, and ; = (1,0,0,0,...,0), , =(0,1,0,0,...,0)
for models 3 and 4. The basic experiment was replicated to obtain 200 data sets, each of size
n = 400.

Throughout this section, we used the kernel K (1) = 15/16(1 — uz)zl(M <1 to estimate the
SAVE matrix because this commonly used kernel function possesses some optimality proper-
ties [10]. Another important issue in kernel smoothing is the choice of bandwidth /. Note that
undersmoothing is needed. This also occurs in model checking, see Zhu [22] and Zhu and Ng
[26]. Therefore, we have to select a smaller bandwidth than the one that is optimal in the sense
of nonparametric regression estimation. According to Assumption (5), we can select a bandwidth
at the convergence rate n~1/3, Following the idea of Carroll et al. [2] and Stute and Zhu [17], we
propose an algorithm which can be easily implemented. Specifically, we first choose the optimal
bandwidth /op in terms of the generalized cross-validation (GCV) criterion. Itis of the rate n™ 175,

Then, we use hfina = n_%hopt as the resulting bandwidth.

For the sake of comparison, we report in Table 1 the values of R? obtained through both
kernel and slicing estimation of the SAVE matrix. From the simulation results we can see that
the kernel estimator has some advantages. First, the bandwidth in kernel smoothing can be easily
selected using the existing data-driven algorithm whereas there is no good a priori estimator of
H in practice or theory. What makes the slicing estimation worse is the performance of slicing
estimator is sensitive to the number of slices H. Moreover, R? for slicing estimation has a large
variation for different choices of H. When H is selected properly in model 1, the slicing estimator
can perform well. For example, when H = 5 and 10, the value of R? is slightly larger than the
corresponding value obtained by the kernel estimator. However, the improvement in such cases is
marginal. The results indicate that for models 24, the kernel estimator clearly outperforms the
slicing estimator.

Therefore, when SAVE is used, kernel estimation is worthy of recommendation.

Now let us investigate the efficiency of the BIC criterion for determining the structural di-
mension. The sample size was 400, and the basic experiments were repeated 200 times. The
proportions of decisions for dimension using the kernel and the slicing estimator of the SAVE
matrix are reported in Tables 2 and 3, respectively. From these two tables, we can see that the
slicing estimation tends to overestimate the dimension. Moreover, the number of slices has a
significant impact for estimating dimension. Therefore, kernel estimation based determination
clearly outperforms the slicing estimation based method.

4.2. An application: wheat protein data

Fearn [8] described a data set from an experiment performed to calibrate a near infrared re-
flectance (NIR) instrument for the measurement of the protein content in ground wheat samples.
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Table 2
The frequency of decisions of dimension with n = 400 when the kernel estimator of SAVE is used

D=0 D=1 D=2 D=3 D=4 D=5 D=6 D=7 D=8 D=9
Model 1~ 0.005 0.995 0 0 0 0 0 0 0 0
Model2 0 1 0 0 0 0 0 0 0 0
Model 3 0 0.01 0.885 0.105 0 0 0 0 0 0
Model 4 0 0.06 0.94 0 0 0 0 0 0 0

D stands for dimension.

Table 3
The frequency of decisions of dimension with n = 400 when the slicing estimator of SAVE is used

D=0 D=1 D=2 D=3 D=4 D=5 D=6 D=7 D =38 D=9

Model 1

H=5 0 0.64 0.335 0.025 0 0 0 0 0 0
H=6 0 0.23 0.55 0.195 0.025 0 0 0 0 0
H=10 0 0.01 0.075 0.48 0.36 0.07 0.005 0 0 0
H=20 0 0 0 0.015 0.085 0.485 0.37 0.045 0 0
Model 2

H=5 0 0.675 0.305 0.02 0 0 0 0 0 0
H=6 0 0.255 0.56 0.18 0.005 0 0 0 0 0
H=10 0 0.005 0.08 0.46 0.41 0.045 0 0 0 0
H=20 0 0 0 0.02 0.225 0.45 0.26 0.045 0 0
Model 3

H=5 0 0.045 0.815 0.14 0 0 0 0 0 0
H=6 0 0 0.51 0.425 0.06 0.005 0 0 0 0
H=10 0 0 0.04 0.295 0.575 0.09 0 0 0 0
H=20 0 0 0 0.02 0.12 0.48 0.34 0.04 0 0
Model 4

H=5 0 0 0.865 0.135 0 0 0 0 0 0
H=6 0 0.01 0.465 0.475 0.05 0 0 0 0 0
H=10 0 0 0.065 0.385 0.42 0.125 0.005 0 0 0
H=20 0 0 0 0.01 0.135 0.5 0.315 0.04 0 0

The protein content measurements of each sample (y in percent) were made using the standard
Kjeldahl method, and the six predictors, Ly, ..., L¢ were measurements on log(1/reflectance) of
NIR radiation by the wheat samples of six wavelengths in the range 1680-2310 nm. The calibra-
tion is used to find a linear combination of the log values of reflectance which predicts protein
content; the coefficients may then be programmed into the instrument so that the protein content
of future unknown samples can be read directly. See also the description of Cook [4]. In the
analysis, 50 samples of ground wheat were used. The problem here is to determine the structural
dimension of y given the six predictors. Cook [4] used 2D added-variable plots and discovered
that case 47 and case 24 stands apart from the empirical distribution of the remaining predictor
values, and hence these cases are deleted. We now use the other 48 samples in the following
analysis.

Cook [4] stated that there is strong collinearity between predictors. Therefore, the linear com-
bination of L3 and L4, namely, L34 = 0.856L3 — 0.517L4 was used as a single predictor. We
follow Cook’s [4] suggestion and use L34, instead of L3 and L4, in our analysis.
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Table 4
The structural dimension K determined by BIC criterion
Kernel Estimation Slicing Estimation
bandwidth dim = K H(c) dim = K
H=24(c=2) K =4
H =16(c =3) K =4
hfinal = 1.187 K=1 H=12(c=4) K=1
H =8(c =6) K=1
H=4(c=12) K=1

Our proposed BIC is used to determine the structural dimension. Using GCV, we can select an

optimal bandwidth /4 and the final bandwidth A = n_% hopt = 1.187. By kernel estimation
for SAVE, the dimension of CDR space is 1. For slicing estimation, we considered several values
H of the number of slices. We report the dimension determined by BIC in Table 4 where c is the
number of points in each slice.

These results indicate that kernel estimation can be conveniently used and slicing estimation
performs equally well when H is small. When H becomes comparatively large, slicing method
cannot obtain a good estimator of K. This also confirms the theoretical conclusion obtained by
Li and Zhu [14].

A. Appendix
A.l. Assumptions

The following conditions are required for Theorems 1 and 2.

(D All g (y) = (M) ), Gu(y) = Ri(y)f(y) and f(y) are d-times differentiable and
their derivatives satisfy the following condition: letting Hj (y) stand for f(y), gk (y), G (y),
respectively, there exists a neighborhood of the origin, say U, and a constant ¢ > 0 such that,
forany u € U,

d—1 d—1 1
|H P (4 u) — HV()1<celul,  sup [HP (v)] <e.
!

The constant ¢ can take different value at different places (independent of n) throughout this
section.

(2) Foreach pair 1 <k, !<dandforanyu € U, |H\ ™" (y+u)— H{ " (y)| <clu| where Ha ()
stands for, respectively, Ry (y), r1(y), rk (0)ri(¥), Rii (D Rit (¥), Rt (0)ri(¥), Rt () r1(y)ri ()
and ¢ (y)r;(y)ri (y) for each pair 1<k, [,i <d and forany u € U.

(3) E|ZkZi|* <00, k,l=1...,d.
(4) The kernel function K (.) has the following properties:
(a) the support of K (.) is the interval [—1, 1];
(b) K(.) is symmetric about 0;
© [ Kwdu=1,[" wiK@du=0i=1,....,d—1and [ u!K(u)du < oco;

(d) R2(K) = f_ll K%(u)du < oo.
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(5) Asn — oo, h ~ n~°! with a positive number c; satisfying ﬁ <c < %, the notation “~”
means that 7 and n~°! have the same convergence order.
6) inf >c¢ > 0 for some positive constant c.
yJy p

Remark A.1. Conditions (1) and (2) are concerned with the smoothness of the density function

of Y and regression curve R(y). These conditions are commonly used. Condition (3) is necessary

for the asymptotic normality of A,. Condition (4) is for the use of dth order kernel. Condition

(5) shows the range of bandwidths for asymptotic normality. Clearly, it is fairly wide, but an
1

undersmoothing is needed because the optimal bandwidth O (n~ 2d+1) is not in this range. On
the other hand, since hn!/? — oo as n — o0, thus the number of data points within each slice
cannot be too small. Therefore, compared with the results of Li and Zhu [14], this confirms the
significant difference between the slicing and kernel estimation in this circumstance.
A.2. Lemmas

Since the proof of Theorem 1 is rather long, we split the proof into several lemmas. The
following lemmas present the results that the elements of A, can be written as U-statistics and

then can be approximated by sums of i.i.d. random variables.

Lemma A.1. Suppose conditions (1), (4)—(6) are satisfied. Then
| N . .
- ; (M) =) (20 = k) [ F)) = 0p (1),

where both h1(.) and ha(.) can be f(.), gk(.) and Gy (.) for each pair 1 <k,1<q.

Lemma A.2. Suppose conditions (1)—(6) are satisfied. Then

1 " . n
ﬁ(Zl Hopfop = H(yj)f(yj))
iz

J=1

1 n
= = 2 (HONFO = EHW FD) 0,1,
j=1

Riu() rOr() RuiORi() reOri(ri()
where H(.) can be 00 o 70O and

Rt Ori(ri ()
SO :

Lemma A.3. Suppose conditions (1)~(0) are satisfied. Then
1 n
N Z (H(Yj)gk(y/') - H()’j)gk(yj))
j=1

1 n
N > (ijH()’j)f(yj) - EH(Y)gk(Y)) +op(D),
Jj=1

() nOr) rnOreOri) Rii ()i ()
where H(.) can be 7O 0 70 and O
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Lemma A.4. Suppose conditions (1)—(6) are satisfied. Then

1 < .
N Z (H(yf)sz()’j) - H(yj)le(yj))

1 n
= = 2 (s HODF0) = EHOOGH)) + 0,1,
j=1

R () r()ri()
7o and S

where H(.) can be —~ f()

The proofs are left to Section A.4.

A.3. Proofs of the theorems

Proof of Theorem 1. We need only to deal with the k/th element 4, x; of A, . The proof has been
divided into five steps. In each step, our major target is to approximate each term by a sum of i.i.d.
random variables. First recall the definitions of Ry (-) = G (-)/f(-) and Ry (-) = G ()/f ()
defined in (2.3). Looking at the formula of 4,4 of (2.5), in the following we deal with the
involved estimators to derive asymptotic linear representations in (2.6). Recall the definition of
the conditional expectation in (2.3). Without confusion, we write E(-|Y = y) = E(-|y) and
E( Y =y) = E (+]y) throughout this proof. The proof can be done through the asymptotic linear
representations of U-statistics in the lemmas.
Step 1: By Lemma A.1, we have

1 A
ﬁszl()’j)

fopfop  fON

D= fop 1
Z(Gk!()’j le(yj)+Gk1(yj))<f(yj) f(yj) )

Z <le(y]) — Gu(y)) N Gu(y)) . le()’j)(f(yj) - f(yj)>> (D).

fOj) fo F?

Therefore, by Lemmas A.2 and A.4
1 n
T 2:; (Rkl(yj) - ERkl(}’j))

Gr(yj) — Gul(y;)
R ) — ER ;
E ( o) +< k(yj) kl(yj))

le(yp(f(yj) - fop)
FOop? Forth

+

] n
= = 2 (2 = ERu() + 0, (1. (A1)
j=1
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Step 2: By Lemma A.1, we have

l n
— Y AONAOG)
«/ﬁ P J J

n

1 . .
=/ Z (gk(yj) — &k (yj) +gk(yj)) (gz(yj') — &i1(yj) +gz(yj))
j=1
A2 .

((f(yj)—f(yj)) +2£on(fon) = Fo) L )

X =
o205 20

1 < .

= n (gk(yj)—gk(yj)+gk(yj))<gz(yj)—gz(yj)+gz(yj))

—_

]=

2rop(fop-7o0) 1
705 Frep) T

X

§|~

n —ng(yj)gl(yj)(f(yj)—f(yj)> gl(yj)(é’k(yj) —gk(yj‘))
= o0 " 207
gk(yj)(é'l(yj) - gz(yj)) . gk(yj)gz(yj)) LoD

* 200 200)

Lemmas A.2 and A.3 imply

1 n
N > (fk(yj)fl(yj) - Erk(Y)rl(Y))
=1
1 n
~ Z (ijrz()’j) + zjri(y;) — reypri(y;) — Erk(Y)rl(Y)) +o,(1).
=1

Step 3: Using Lemma A.1, we have

1 A4 . 1 P
7 ; ; Rii (yj)Rir(yj) = N Z ; (Rkl(yj Rki(}’j))Riz(yj)
1 &
o 2 2 (Rutsp) = Rl Res )

—_

981

(A.2)
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Therefore, Lemma A.4 yields

Ly .
Wi ; ; (Rki(yj)Ril(yj) - E<Rki(Y)Ril(Y)>)

1 K<

= Tn Z Z (ijZinil()’j) + 21jzij Rik (¥j) — Rii () Rit(y;)
j=1 i=1

_ E(Rki(Y)R,-l(Y))> +o,(1). (A3)

Step 4: Use Lemma A.1 again to obtain

J_ Ty (FRODRGIRO))

j=1 i=1

=

)4
> (r G (AR GD=re ) +2x om0 (7 0 =ri (37)

j=1i=1

5l

+ 2o (RO) = n)) +rl-2(yj)rk(yj>rz<y,~>> +op(D.

By Lemmas A.2 and A.3, we have

I K&
=L <f,-2<y,~>fk<y,~>fz(yj) - E(r?(Y)rk(Ym(Y)))
j=1 i=1

1 &Ko
= NG Z Z <ijri2(yj)rz(Yj) + 2P e v) + 22 () ()
j=1i=1
=32 GpnG) - E(r?(Y)m(Y)n(Y))) +o0p(1), (A4)

Step 5: Invoking Lemma A.1 again, we derive

Z Z ki V)R (VALY )

1 K<

==X ((Rk,(y, RO )i 0prGe) + (7)) = 10 ) R ) (0)

j=1i=1

+ (fz(yj) - Vl()’j))"i()’j)Rki(yj) + rl(}’j)’"i(}’j)Rki(yj)>-
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Therefore, by Lemmas A.2—-A.4, we achieve

Z (ﬁki GPRGDAG) - E(”I(Y)Rki(Y)Vi(Y)))

1 Gy
N Z Z (ijZijri(yj)rz(yj') + 2ij Rei (yj)ri(yj) + z1j Rii (yj)ri(y )
j=1 i=l
— 20 () R ()i () — E(n(Y)Rki(Y)r,(Y))) +op(D). (A5)

Using the similar arguments we have

f 393 <Rzz PR GAG) - (Vk(Y)Rlz(Y)r:(Y)))

j=1i=1
1np

E Z (leZijri O Pre(yj) + zij Rii (yj)ri(y;) + zij Rii (v )ri (y;)

j=1i=1

— 2 (v R ()7 () — E(rk(Y)Rzi(Y)ri(Y))) +o,(1). (A6)

Finally, by combining the results of (A.1)—(A.6), we have proved that /4, ;; can be written
asymptotically as a sum of i.i.d. random variables. Hence, Central Limit Theorem yields the
desired result with the variance of (2.6). [

Proof of Theorem 3. Let K be the true value of the dimension of . Note that
G(K)—G(k) =log Lx —log Ly — (K — k) log n.

With probability one, we have that from Theorem 2, in probability for large n, 4; () > 1,i =
1,..., K and min(t, K) = K.
If k < K, then min(z, k) = k. Thus for large n,

K
n n
log Lg —log Ly = 3 EkH(logii(Qn) +1-4() = EWH(K, k),
=

where

K
Wa(K, k) =— Y (log 2i(Q,) + 1 = 4(Q)).

i=k+1
We have, for large n,
K
lim W, (K k) = WK, k) =~ 3 (log Zi(Q) + 1~ 2 (Q)) > 0.
i=k+1

Hence, in probability, we have that for large n

G(K) - G(k) > JTnW(K,k)—(K—k)logn>O. (A7)
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If k > K, we note that for i = K + 1,...,k, 4;(Q,) — 1 = 0,(1/y/n), and log 2;(Q,) +
1 -4 ) =—-1 - }vi(Qn))2/2 +o0,(1/n) = O,(1/n). Furthermore, K — k < 0. Then in
probability

G(K)—G(k) > 0. (A.8)
It follows from (A.7) and (A.8) that K—K. O

A.4. Proofs of the lemmas

Proof of Lemma A.1. We only need to show this lemma when A{(.) and h>(.) are the same

because this lemma can be proven easily by the Cauchy inequality when %1(.) and hy(.) are

different. Also we only prove the case with i1(.) = h1(. ) = gr(.) because the proof for other
2

cases are essentially the same. First of all, we show that —= Z/ 1 (gk ;) — gk (yj )) iso,(1)

by rewriting it as a U-statistic. The method is exactly 1dentlca1 to the one developed by Zhu and
Fang [23] to prove their results. The following is an outline of the proof.
First, we can easily obtain that, invoking the conditions,

1 n A n n n 1 o o
NG ; Gop =5 L 22 Zk"z’dﬁK<yj h yl)K<y] h yl)

j=1 i=1 I=1

> awangy K2k (M) o)

i<j<l

2 Als s

Z h(zki, zkls Zkjs Yis Yj» Vi) +0p(1)

i<j<l
=:/nUy1 +0,(1).

Similarly, we can derive that
1 n
N > s ()D& () = VnUn + 0,(1).
j=1

Furthermore, by the properties of the conditional expectation, it is easy to derive that
1 Y1 -V Y1 Y
ﬁE(Un1>=ﬁE<Zkzzk3ﬁK< - 2)1<< - 3))
1 yi—1 y1i—1
=+nE | E|\ ZinZiz— K K
-1 1 -7
=ﬁE< ( ( )rk(Yz) yl)E <EK<yl Y 3>rk(Y3) )’1>)
1
=ﬁE( ( )rk<yz>f<yz>dyz [ K<T>rk(y3)f<y3)dy3>

=nE gk(Y1)+0<hd> fE(gkm)) +o(1).
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Also we have

1 Y1 — Y
ﬁE(Unz)=ﬁE<zkz—K< ‘h 2>gk(Y1)>

h
ik
= ﬁE(gk(Y1>) + O(ﬁh") = ViE(g2(r) +o(1).

Therefore, we have
1 /. 2
E(x ; (8 rp) = guvp)

| N .
= E(ﬁ ; (81%(1/,') — 28 (Yj)gr(Y;) + g;%(Yj))>

rk(yz)gk O f(2) f(y1)dy2dy:

1 n
= VAEUn) = 2VHE(Up) + E(ﬁ > g%(Y,-)) +o(1)
j=1

= o(1).

Since f (yj) is uniformly consistent to f(y;) over j, by condition 6 and Markov inequality, we

obtain
gk(yj) — &x(yj) &r(yj) — gk (y;)
i S i A A — 1
2 ) -3 (B s

f()’j

1 YA 2
<Ly (8 0) = 8 +0,(1) = 0,(1).
=
The proof is concluded. [J
Since the proof of Lemmas A.2-A .4 are essentially the same, we only prove Lemma A.3 here.

Proof of Lemma A.3. We first write \/lﬁ Z;zl H(y;)8k(y;) as a U-statistic:

f Z H(yj)&r(y))
1 Lo (Yi—vi
i 2 N awton k(M)
i=1 j=1
Lo yj—Vi L /yj— i
1 ki H(y;) - K + i HQy) - K| ——
A O o ()
noi<j
= f 5 Y un (ki Yis 2k ¥) + 0p(1) = /Uy + 0p(1), (A.9)

" i<j
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where 0,(1) is the sum of all terms with i = j. To prove this lemma, we then show that U,, can
be approximated by its projection

Up =Y EUnlzxj. yj) — (0 = DEup(Zia. V1. Zia. Ya), (A.10)
j=1

where uj, (.) is the kernel of the U-statistic U,,. Note that U,, isnot a sum of i.i.d. random variables.
In the following we prove that U, can be asymptotically equivalent to a sum of i.i.d. random
variables. To compute EU,, first, we can obtain that

1 Yo -V
EU, = Eup(Zi1, Y1; Zio, Y2) = E Zle(Yz)EK 7

1 Yo -V d
= E| H)o K (2= | | = E(H0am) + 0,
Note that

u1(zk1, y1) =: E(uh(zm 15 Zik2, Y2)lzk1, y1>
=2 [ k(252 0w ar

H(y) 1 2=y
E - K
+ ( > 7 ( 7 re(¥2)| k1, Y1

il / Hy1 + hK (1) f (1 + hoydi + 2OV (y‘) K (v + h) di

_ Zle(yl)f(y1)2+ HOogn 0,(h?).

Thus, the centered conditional expectation is as follows:
unt(zk1, y1) = E(uh(Zkl, Y15 Ziz2, Y2) |z, yl) - E(Mh(Zkl, Y15 Zia, Y2)>

_wHOD O + HODg ()
2

E(H(Y)gk(Y)) +0,0%.

From the above, we have

1
EUylzk1, y1) = n—1) ZE(uh(Zki, Zij, Yi, Yj)lzkt, Y1>
i#]

1
( Z E(”h(zki,zkj,Yivyj)|Zkl,)’1)

n(n—1) i#jior j#1

+ ¥ E(uh(zk,-,zk,»,Y,»,Y,-)|Zk1,y1)>

i#j,ior j=1

1
( Z Eup(Zyis Zkj, Yi, Yj)

n(n—1) i#jior j#l

+ Z E(Mh(Zki,ij,Yi,Yj)IZkl,y1)>

i#j,ior j=1
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—((n —1)(n —2)Eup(Zi1, Zi2, Y1, Y2)
nn—1)

+200 = DE (wn (1. Zez y1, Y2)lzaa, yl))

n 2
= Eup(Ziy1, Zi2, Y1, Y2) + ;E(uh(Zkl, Zi2, y1, Y2)lzk1, yl).

We will see that the projection U, of the U-statistic U, can be approximated as the sum of a
sequence of i.i.d random variables as follows:

Uy — Eup(Zy1, Zia, Y1, Y2)

n
=Y EWUalzj, yj) — (n = DEupn(Zi1, Zia, Y1, Y2) — Ewy(Zi1, Zia, Y1, Ya)
j=1

2 n
== Z E(uh(Zki, 2kjs Yio yj)lzkjs yj)—Euh(Zkla Zi2, Y1, Y2)
j=1
—Eup(Zi1, Zi2, Y1, Y2)

2 n
- Z <E<Mh(Zki, Zkj» Yis Y zkjs yj> — Eup(Z1, Zi2, Y1, Yz))
j=1

2 n 2 n
S5 (um i -—EuZ,Z,Y,Y):— int (zaj. yj
n;( n1(Zkj> ¥j) W(Zk1, Zka, Y1, Y2) n; n1(Zkj> ;)

_2 Z (ijH(yj)f()’j) + H(yj)gk(y))
n 2

- E(H(Y)gk(Y))) +0,0h%).

j=1

We have obtained the simplified form of U,. A
In the following three steps we will verify that U,, can be approximated by its projection U, at
arate 1/+/nh, that s,

V(U = Uy) = 0,(1/v/nh).

2
Step L1: E(uh(Zkl, Y1, Zia, Yz)) — O(1/h) where u(-) is defined in (A.10).
Clearly

2
E(Mh(Zkl, Y1, Zo, Yz))

1 Y, —Y 1 Y- Y
2 2 2 2 1 2 2 2 2 1
<2E<Zk1H (12) 5K ( - )) +2E(Zk2H ()5 K ( - ))

It is easy to see that

1 Y,-Y 1 Y,-Y
E(Z%1H2<Yz>h—2 K2< zh 1)) =E(Rkk(Y1>H2(Y2>ﬁK2< 2/1 1))

1 —
= [ R0 025 K2 () 00 On v d
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2 =

/Gkk(YI)H (yz)—Kz( )f()’Z)d)’I dy>

1
_ / Gra vz = W) B2 (32) 3 K20) £ (32) di dy

1
f Gkk<yz>H2<yz>ZK2(r>f(yz)dt dy> + O(1)

= 2B (s ) + o) = 001/,

and

| Yo— Y Ro(K
E(Z,%ZHZ(Yl)ﬁ <2h 1))= 2}(1 )E(Z,sz(Y)f(Y))—l—O(l)=0(1/h).

This concludes the proof. [
Together with Step L1 and the computation of E(U,,) right below (A.11), we have

G = var(uh(zkl, Y15 Zya, Yz)) = O(%)

Step L2: U,, — Un is a U-statistic. It can be obtained as

n
Uy — Uy =U, — Z E(Unlzkjy, ¥jo) + (n — D Eup(Zyy, Y1, Zia, Y2)
Jo=1
1
=——— " wnQkis Vis 2> ¥))

nn—1) iz

Jo=1 i#]
+n = D Eup(Ziy, Y1, Zi2, Y2)

1
=D ; Un(Zkis i 2hjs ¥5)

"(” -1 Z Z (uh(Z"” Yi, Zyj, Yj)|zkjo )’/O)
i#j jo=1
+(n— 1)Eup(Zi1, Y1, Zia, Yo)
1
== 1) 2 e i 2 )
i#]
1

- E( ki s .,Z .’Y. ki s )
nn—1) ;( up(Zki, yi kj ])|Zkl Vi

+ E(”h(zki, Yi, 2kjs yj)lzkjs yj) + (= 2)Eup(Zir, Y1, Zi2s Yz))

+n — DEup(Zi, Yi, Zyj, Yj)
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1 1
=7e=D Z un(Zkis Yis 2kjs ¥j) — noi—1) Z (Mhl(Zki, Vi)
i#] i#j
+ w1 (2ij, yj)) + Eup(Zii, Yi, Zij, Y;)
1
=——7 Z (uh(Zki, Vis Zkjs ¥j) — wn1(Zki, Yi) — un1(2kj, yj))
nn—1) oy
+Eup(Zi, Yi, Zyj, Y)
1 1
S ai—D > His iz 2k ¥)) = rod) > HGris yio 2 ¥))-

i#] ni<j
Clearly, H (-) is a symmetric kernel of a U-Statistic. [
Step L3: /n(U, — Uy,) = O P(ﬁ)’ For this, we only need to compute the convergence rate

of E(U, — Uy)2.
We can easily obtain that E (H (Zr1, Y1, Zio, Y2)>=0. Moreover, we can prove that
E(H|zxj, yj)=0 for any j. Actually

Hy(zx1, y1) =: E(H|zx1, y1)
= E(“h(zklv i, Zk2, Y2)lzk1, yl]) - E(uhl(zm, ylzk1, )’1)
—E<uh1(Zk2, Y2)lzk1, yl) + E(uh(Zkl, Y1, Zko, Yz))
= up1(2k1, Y1) — un1(zk1, Y1) — E(um(Zkz, Y2)|zk1, Y1>
+Eup(Zi1, Y1, Zi2, Y2)
= —Eup1(Zi2, Y2) + Eup(Zy1, Y1, Zi2, Y2) = 0.

These imply that

2
- . 2E(H(Zkl» Y1, Za, Y2)>
E(\/E(Un —Un)" =nVarU, —Uy,) = ’

n—1

2
The conclusion can be achieved if we can prove that E (H (Zi, Y1, Zio, Y2)) = 0(%). We can
obtain this through the following calculation as:

2
E(H(Zkl, Yi,Z, Yz))

2
= E(”h(zkl, Y1, 22, Y2) —upi(Zi1, Y1) —uni(Zia, Y2) + Eup(Ziy, Y1, Zia, Yz))
= Euj(Zi1, Y1, Zia, Y2)+Eud (Zit, Y1)+ Euiy (Zia, V) +E*up(Ziy, Y1, Zia, Ya)

—2E(Mh(Zk1, Y1, Zia, Yo)up1 (Ziy, Y])) - ZE<Mh(Zk1, Y1, Zio, Y2))up1 (Zio, Yz))

F2Eu(Zua, 1, Zia, ) + 2B (i (Zar, V) (Zea, Vo) )
—2Eup (Zi1, YV Eup(Zia, Y1, Zia, Y2) — 2Eup (Zio, Y2) Eup(Zia, Y1, Zi2, Y2)
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= Euﬁ(zkh Y1, Zo, Y2)+EM%1(Z1<17 Y1)+EU%1(ZI<27 Y2)+E>un(Zi1, Y1, Z2, Ya)
—ZEM/ZH (Zk1, Y1) — 2Eui1 (Ziz, Y2) + 2E*up(Zp1, Y1, Zia, Ya)
12E%up1(Zia, Y1) — 4Eupi (Ziy, Y1) Eun(Zi, Y1, Zi2, Ya)

1
= Eu}(Zin. Y1, Zia, Vo) + Eun(Zin, Y1, Zia, Yo) = 2By (Zua, Y1) = O(5)-

From the above results, we have that, together with (A.10),
n

1
— > HON&O)
NG = J J
= VnUy + 0p(1) = v/nUp + 0,(1)

n

> E(wn(Zrs Zig. Yoo Ylanios vio) = VRE (un (Zia. Zuj. Yi. ¥))) + 0, (D)

n
J

S

L
1 n
= 2; (2 HODS ) + HOpge(s)) = VAEHT)g(V) + 0, (1),
j:

Then
- .
ﬁ (H(yj)gk(yj) - H(yj)gk(yj))
j=1
1 n
==X (s HOD L)) = EHX ) + 0p(1).

j=1
The proof is finished. [
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