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[PAPER

The Lower Bound for the Nearest Neighbor Estimators with
(p, C)-Smooth Regression Functions

SUMMARY  Let (X, Y) be a R x R-valued random vector. In regression
analysis one wants to estimate the regression function m(x) := E(Y|X = x)
from a data set. In this paper we consider the convergence rate of the error
for the k nearest neighbor estimators in case that m is (p, C)-smooth. It
is known that the minimax rate is unachievable by any k nearest neighbor
estimator for p > 1.5 and d = 1. We generalize this result to any d > 1.
Throughout this paper, we assume that the data is independent and identi-
cally distributed and as an error criterion we use the expected L, error.

key words: regression, nonparametric estimation, nearest neighbor, rate
of convergence

1. Introduction

Regression analysis plays an important role in many
fields such as pattern recognition, data mining, economics,
medicine. For example, in pattern recognition, one wants to
estimate the posterior probability of a label given a pattern
(cf. [2], pp.44—46, and [9], pp.6-9). In economics, when a
bank lends a customer money, it wants to predict the profit
from the profile of the customer such as income, age. In
medicine, one wants to predict the survival time of a pa-
tient with a life-threatening disease from the type of dis-
ease, sex, age, therapy, etc. (cf. [9], pp.4-5). Recently, with
the development of computers, nonparametric methods are
attracting increasing interest. Many estimators are proposed
and the performance of them are researched actively from
theoretical and numerical aspects, for example, partitioning
([91,[15]), kernel ([9],[16],[26]), k-nearest neighbor ([4],
[71,19], [15], [17]), local polynomial ([9],[26]), projection
estimators ([26]). In particular, the k-NN (nearest neighbor)
estimators can be implemented easily and have the good pre-
diction accuracy. So they are used in many practical appli-
cations very often. In this paper we analyze the performance
of the k-NN estimators theoretically. Now we will start to
state regression analysis.

Let (X, Y) be a R? x R-valued random vector. In regres-
sion analysis, one wants to predict the value of Y after hav-
ing observed the value of X, i.e. to find a measurable func-
tion f such that the mean squared error Exy (f(X) — Y)? is
minimized, where Exy denotes the expectation with respect
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to (X, Y). Let m(x) := E{Y|X = x} (regression function),
which is the conditional expectation of ¥ given X = x. Then
m(x) is the solution of the minimization problem. In fact,
one can check for any measurable function f,

Exy (f(X)-Y)*=Exy (m(X)-Y)*+Ex (f(X)-m(X))*.

In statistics, only the data is available, (the distribution of
(X, Y) and m are not available), and one needs to estimate
the function m from the data {(X;, Y))}i_,, which are inde-
pendently distributed according to the distribution of (X, Y).
We attempt to construct an estimator m,, of m such that the
expected L, error R(my) := ExinynEx (m,(X) — m(X))? is as
small as possible, where Ex»y» denotes the expectation with
respect to the data. In order to analyze the performance of
estimators theoretically, it is very important to evaluate how
fast the error R(m,,) converges to zero as the data size n tends
to infinity. In this paper we analyze the convergence rate of
the k-NN estimators in case that m is (p, C)-smooth (cf. [9],
p-37).

The k-NN estimator is defined as follows. Given
x € R we rearrange the data (Xi,Y1),...,(X,,Y,) in
the ascending order of the values of ||X; — x[|. As a tie-
breaking rule, if ||X; — x|l = ||X; — x|l and i < j, we de-
clare that X; is “closer” to x than X;. We write the rear-
range sequence by (Xi ., Y1), .., (Xux Yuy). Notice that
{(Xix, Yi)}., is expressed by {(Xzq), Yze)}., using a per-
mutation 7 : {1,...,n} — {1,...,n} depending on x € RA.
Then for 1 < k < n, the k-NN estimator m,, is defined by

k
1
mx)= 7 > Vi -
i=1

For the details about the k-NN estimators, for example, see
Chapter 6 in [9]. Let K be the class of the k-NN estimators
such that k may depend only on 7 (i.e. k does not depend on
x and the data, given n).

Let p,C > 0,and express pby p =g +r, g € Zsg, 0 <
r < 1. We say that a function m : R? — R is (p, C)-smooth
if forall q1,...,94 € Zso with g = g1 + - - - + g4, the partial

derivatives t,?q’"qu exist and for all x,z € R? the following

Ox, ' ++0x

is satisfied:

dm () - m
oxi" - ox¥ oxI" - ax¥

@< Cllx—=2lI".

For p,C,0 > 0, let D(p, C, o) be the class of distribu-
tions of (X, Y) such that:
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() X is uniformly distributed on [0, 1]%;
(II) Var(Y|X = x) < 0%, ¥x eR%; and
(II) m is (p, C)-smooth,
where Var(Y|X = x) denotes the variance of Y given X = x.

The lower bound for the class D(p,C, o) is known
(cf. [9], p.38), i.e. there exists C; > 0 (which does not de-
pend on n) such that for any estimator {m,},>; and any n

sup  R(m,) > Cyn~2p/CP+d), (1)
(X, Y)eD(p,C,o)

For 0 < p < 1, the minimax rate n=2"/?7+9 is achieved
by a k-NN estimator in K (cf. [9], pp.93,99), i.e. for 0 <
p < 1 there exist a k-NN estimator {m,},>; in K and C, > 0
(which does not depend on n) such that for any n

sup  R(m,) < Con~2P/CPFd),
(X.V)eD(p.C.or)

In another paper, the author showed that for 1 < p < 1.5 the
minimax rate n=2?/?P*% is achieved by a k-NN estimator
in K (cf.[1]). Ford = 1 and p > 1.5, it is shown that
the minimax rate n=2?/?P*4 is unachievable by any k-NN
estimator in K (cf. [9], p.96). In this paper, we generalize
the above result to any d > 1, i.e. for p > 1.5 we show that
there exists C3 > 0 (which does not depend on 7) such that
for any k-NN estimator {m,},>; in K and any n

sup  R(m,) > C3n>/G+D),
(X.V)eD(p.C.or)

Since for p > 1.5 we have n=2P/Cr+d < p=3/3+d) e find
that for p > 1.5 the minimax rate n~2"/7+% is unachievable
by any k-NN estimator in K. The style of the proof is similar
to [9], but for d > 2 the caluculation of the integral in the
proof is not easy, because for d = 1 we deal with intervals
but for d > 2 we must deal with balls.

Throughout this paper we use the following notations
1 R,R.0,Z50, N are the sets of reals, positive reals, nonneg-
ative integers, and positive integers. For a measurable set
D c R, vol(D) denotes the Lebesgue measure of D. For
x € RY, ||x]| denotes the Euclidean norm of x. For u,v € R?,
we define Hu,v) := {w € R? | |w —ul| < |lv - ull} and
G(u,v) := H@u,v)n[0,1]%.

2. Related Work

In this section, we overview the related work about consis-
tency and the rate of convergence. For consistency, it was
shown in [24] that the nearest neighbor estimators are uni-
versally consistent. Since then it was shown that many es-
timators share this property (cf. [5], [6], [8], [10], [13], [14],
[19],[20], [27]-[29]). For the rate of convergence, we know
several results as follows:

e [25] proved the lower bound (1);
o for the distributions satisfying (I[)(IIT) with 0 < p < 1
and the partitioning, kernel, and k-NN estimators, the
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Table 1  The achievability of the minimax rate for the estimators and
D(p,C,0).
achievable unachievable
partitioning O<p<i p>1
kernel O0<p<l15 p>15
k-NN O0<p<l5 p>15d=1

minimax rate n~2?/C7+® ig achievable if X is bounded '
(cf. [7], [9], [171, [23]);

e [15],[16] proved the same statement later without as-
suming that X should be bounded;

e for the partitioning estimators and the class D(p, C, o)
with p > 1, [9] proved that the minimax rate n~2P/2P+d
is unachievable for d = 1, but the generalization to any
d > 1 is not difficult;

e for the kernel estimators, [9] proved the minimax rate
n~2P/2p+d) ig achievable for D(p,C, o) with 0 < p <
1.5 and is unachievable for that with p > 1.5and d =1,
but the generalization to any d > 1 is not difficult.

We summarize the above results in Table 1.

3. Main Result

Theorem (for d = 1, due to [9], p.96)
Let o > 0. We consider a distribution such that
(A) X is uniformly distributed on [0, 1]%;
(B) Var(Y|X = x) =02, VxeR% and
(©) m(x) =xD, for x = (xV, ..., xD),

Then, there exists C3 > 0 (which does not depend on
n) such that for any k-NN estimator {m,,},>; in K and any n

ExiyEx (m,(X) — m(X))* > Cyn~3/C+D,

Remark 1
There exists a distribution satisfying (A) (B) (C). In fact, let
1 _ xDy2
oxp (_ 0=
\2no 200
1 xelo,1)

0 x¢lo, 1
which has the density function f(x,y) satisfies (A) (B) (C).

flxy) = ) -1 170 (%),

where 1} 1j«(x) := . Then, the distribution

Remark 2

From (C), m is (p, C)-smooth with any p > 1 and C > 0,
thus any distribution satisfying (A) (B) (C) is included in
D(p,C,o) with any p > 1 and C > 0. On the other hand,
for p > 1.5, we have n=2P/@r+d < p=3/G+d) Hence, for
D(p,C, o) with p > 1.5, the minimax rate n~2?/?P*® is un-
achievable by any k-NN estimator in K.

Proof. Suppose we are given X = x, X| = x1,..., X, = x,.

for the k-NN estimators, the condition d > 2p is required as
well.
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We take the expectation with respect to Y1,. .., Y,. Then the
following bias-variance decomposition is derived:

2
1 k
Ey.: (m,(x) = m(x))* = By (% D V- m(x))

i=1

2 2
IR IR
=Ep [% > (Y,-,x—m(xl-,x»] +{% >, m(x,-,x)—m<x)}
i=1

i=1

where x; , = (xflx), e (d)) and the last equality is obtained

from (B) and (C) We regard X1,...,X, as the random vari-
ables Xi,...,X, and take the expectation with respect to
Xi,..., Xy By Schwarz’s inequality

2
Exoyn (my(x) = m(x))* = — + Exo { Z ;) - xm}

2
“_ M _ M
> — { Ey Z b'e } )

We evaluate Ex. Y5 | Xl(lx) to obtain the lower bound.
For k = n, since Ex» ¥, X{) = Exu 37 X\ = (1/2) - n
and (2), ExExuyr (m,(X) — m(X))* > -. Therefore, in order
to prove Theorem, it is enough to consider the case 1 < k <
n—1.

Claim 1
For any x, xq, ...

k
(1)

i=1

’xn € [O’ l]da

k
0]
i=1

where for x = (x,...,x9) we put x’ = (0,x?...,x¥).
For d = 1, since x’ = 0, Claim 1 is trivial but for d > 2 it is
not easy. See Appendix for proof.

Let D := {(x1,..., %) | i = X'l < |Ixpsr — X'l @ =

Skllxg =X > lxger =X, j=k+2,...,n}.

We give an example of (xi,...,x,) € D ford = 2,
n=4%4andk =1 (see Fig.1).

Claim 2

k
» (n )Zf D gy - dx, .

(see Appendix for proof).

i=1

From Claim 1 and Claim 2, we have

1 (1) (n - k) )
% . Exn Z X Zf dX1
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X2

o X| °
X e X4

Fig.1  The location of (x1,x2,x3,x4) € Dford =2, n=4and k = 1.

n---(n—k
_mtmh { f x<11>dxl}.
k! 0114 \J6w x

VOl[G(Y, )T {1 = Vol [G(, e DI ™

Claim 3
There exists ¢; > 0 (depending only on d) such that

f xPdx; > e vol[G(Y, x4,
G X+1)

(see Appendix for proof).
From Claim 3, we have
1 My M (n—k)
Exn Z X! —k!

f VOl[G(x', I {1 = vol[G(x', y)]}* ™ dy.
[0,1]4

For d = 1, since x’ = 0 and vol[G(x’,y)] = y, it is easy to
calculate the above integral directly, but for d > 2 it is not
easy to represent vol[G(x’,y)] by x” and y. So it is not easy
to calculate the above integral. We get over the problem
by the following way. Let ¢ : [0,1]¢ — [0,1] and ¢ :
[0,1] — [0, 1] be the maps defined by ¢(y) = vol[G(x', y)]
and Y(u) = ukti (1 — u)y"™ 1. Let u be the measure on [0, 1]
induced by ¢ and the Lebesgue measure on [0, 1]¢. Then, by
the formula of change of variables (cf. [3], p. 216, Theorem
16.13), we have

1
Yo d(y)dy = j; Y(u) p(du) .

[0,174

Let F(u) := vol[{y € [0,1]¢ | 0 < vol[G(x,y)] < u}] for
0 < u < 1, then we have F(u) = u and F’(u) = 1. Note that
F’(u) is the density function of u.

k
1 m
%-EX,,;XM
ceen—k
chuf W (1 = w1 ()

=C1Ln_k)f k+,(1 W du .
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For @ e Rypand B € N, let
1
B(a,pB) := f ua_l(l - u)ﬂ_ldu (Beta function).
0

Then the following formula is well-known:

_@r@) I'(a) (6 - D!
BB = ravp “@rp1)al@
B-1)!

Ta - (atp-1 "
where I' is Gamma function.
On the other hand, by Stirling’s formula,

. n!
Im ——n

n—e0 (1+$)-~~(n+$)
. T(n+1)-T(1+13) -
n—00 F(n+1+}1)

-

lim r(l ¥ l) ¢ - ni

n—oo

i ).

Therefore, there exist c¢;, c3 > 0 (depending only on d) such
that

czn‘ﬁ < n SC3n_71/
(1+$)-~(n+ Z)
Therefore,
k
~Ep Y XY 261WB(/{+1+ %, n—k)
i=1 ’
3 k+1)---n
- 1(k+1+£)--~(n+5)
n! k!

I (T T R (e Ty
S cie [k 1/d
=22(3)
. 1/d
We can take ¢; < 1. From ¢, < ¢3, we have &£ (k) <1.

o \n
Let ¢y := % From (2), we have
o2

ExExoys (m,(X) — m(X))* > -+

1
fo‘sm <cs(£)4 0051, 02x,<1 | K

) 1
o k\?

> —+f . C4(—) —xOb gy
k' Josxi<ei(£)7 0ssl,... 05521 n
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_a'2 Ci k
Tk 3

3
d 3
+2(2) >
n

where C3 is a positive constant (which does not depend on
n). We have got Theorem. O

4. Conclusion

In this paper we analyzed the convergence rate of the error
for the k-NN estimators in K in the case where the regres-
sion function is (p, C)-smooth. We showed that no matter
how smooth the regression function is, one can not achieve
the faster rate than n~3/+% by any k-NN estimator in K (for
d =1, due to [9]). Hence we obtained that for p > 1.5 the
minimax rate n~2?/P*® is unachievable by any k-NN esti-
mator in 4. On the other hand, in another paper, the author
showed for 0 < p < 1.5 the minimax rate is achievable by a
k-NN estimator in K (for 0 < p < 1, due to [9]). As a result,
for the classes D(p, C, o) and K, the upper bound coincides
with the lower bound.
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Appendix A: Proof of Claim 1
Suppose Z;‘:l (1) < Z flx) Let
i) = sy = (i 0 (e
and
) = (el = (dly N ixedly)
Without loss of generality, we assume x(l) <0 < xl(.rl) and

(1) <... < x(l) Then, from ¥i, x{) < 3%, xfx),, we get

<” <. From Ilxi, = 21l < Ilx;, — xll, we have 2 R, (' -

§j))x<v> <y, ((x;j))2 (xW)Z) For x = 0, Claim 1 is

IEICE TRANS. INF. & SYST., VOL.E94-D, NO.11 NOVEMBER 2011

(1) (1)

trivial, so we assume x’ > 0. From X <X
t

250 = X < B (57 - (x<°>)2). Therefore,
Ilx;, — x || < ||le — x'||. This is contradiction. Hence we get
Claim 1. O

, we have

Appendix B: Proof of Claim 2

Leth € N :={1,...,n} and I,J C N\{h} such that §I =
k,INJ = {},and IUJ = N\{h}, where § denotes the number
of the elements. Let D(I, J,h) := {(x1,...,x,) | |lx; = X|| <
lxp, — x'Il,i € L llx; — X'|l > llxp — X'|l, j € J}. First, we show
vol {[0, 11"\ Uy 1, DU, . )} = 0. Let Ajj = {(x1....,
[0, 1719 | |Ix; — x|| = llx; = x’|I}. Then we have

L a4y

1<i,j<n, i#]

X,) €

0,11\ |_ b, 1y

LJh

Let A = {(u,v) € [0, 1] X [0, 1] | |lu — ¥I| = |Iv = x'Il},
then we have vol(4;;)) = vol(A) for any i, j with i # j.
Given u®,...,u® and v, let D@, ...,u®,v) = {uV €
[0,1] | lu = x'|| = |[v = x’||}. Since $D@®, ..., u'?,v) <2,
we have vol {D(u(2), ... ,u(d),v)} = 0. Hence, by Fubini’s
theorem,

vol(A):fldudv
A

= f f 1du®bdu® - du®dv = 0.
[0,1]2d-1 Du®.,....u@ v)

Hence,

vol 1[0, 1"\ |_J D, i< > vol(ay) =0

I.Jh 1<i j<n, i#j

Next, we show D(I,J,h) N DUI’,J', ') = {} for (I,J,h) #
r,J',K)y). Assume DU, J,h)\DW',J' k) # {}. Let
V1s--->yn) € DU, L) D', J’, I'). First, suppose h # I'.
Since (y1,...,¥,) € D, J,h), y, is the (k + 1)-th near-
est element to x" in {yy,...,y,}. On the other hand, since
V1yeeasyn) € DA, J' LK), vy is the (kK + 1)-th nearest el-
ement to x” in {y1,...,y,}, and y, is not. This is the con-
tradiction. Next, suppose h = h’. There exists s such
that s € I and s € J'. Since (yi,...,y,) € D, J, h),
we have |[y; — X'|| < |lyx — X’|l. On the other hand, since
O1s--5y0) € DA, J' 1), we have |lys — X'|| > [y, — X'[l.
This is the contradiction. Hence we obtain the assertion.
From the above two results, we have

DITEDI NP IEERS

1,J,h i€l

EXI!
D(1,J,h)

Finally, we show that for each (I,J,h) the above inte-
gral has the same value. For (I,J,h) and (I’,J',h"), let
I = {il,...,ik},J = {jk+2,---sjn}’l, = {l’l”ll/c}’ and
J = Al -rJp) (for k = n—1, J and J' are empty).
Let n be the permutation of {1,...,n} defined by n(i}) = i,
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n(h’y=handn(j;) = jiforl <s<kandk+2<1t<n.
Let @ : [0,1]" — [0,1]% be the bijection defined by
D((x1,...,x,)) = (x,,(l), R ,x,,(,,)). Let g : [O, l]dn - R
be the function defined by g(xy,...,x,) = Yer xgl). Then
by the formula of change of variables we have

»fD(I’,J',h’) Z

iel’

xﬁl)dxl -o-dxy,

= f go® (x1,...,x,) |det(Jo)l dx; ---dx,
o1 (DU )

= f Zxﬁl)dxl - dxy,,
DU.Jh)

iel

where Jg is the Jacobian matrix of ®. Hence we obtain the
assertion. Since the number of (1, J, h) is ,Cy - (n — k), we get
Claim 2.

|

Appendix C: Proof of Claim 3

Let e := f yDdy, and e, := f dy, then for
Ivli<t, yH=0 lIvli<1
any R > 0,

f yDdy = e, R! andf
IVlI<R, yV=0 IvlI<R

Suppose [|xX — xpp1ll < 1/2. Let I :={i |0 < ¥ < 1/2, 1 <
i<dyand M :={y | |ly = x|l < Ix' = xeall, YO 2 ¥0, i€
I, Y < x’0), j ¢ I}. We give a figure of M for d = 2 and
0<x?< % (see Fig.A-1). We show M C G(x', x;+1). Let
y € M. Since ||x' — xg41]] < 1/2, we have |ly — x'|| < 1/2.
Hence, for any 1 < i < d, we have [y — x¥?| < 1/2. For
i€l since y? > xD and 0 < x’® < 1/2, we have 0 < y? <
1. Fori ¢ I, since y < x@ and 1/2 < ¥’ < 1, we have
0 < y? < 1. Hence we have y € [0, 1]¢, and we obtain the
assertion.

f x(ll)dxl ny(l)dy
G(X xkt1) M

dy = e>R.

1
=50 yPdy
[ly=x[I<I1x’ = X1 1], YD =0
€1 d+1
= FHX’ - xk+1|| *
= (eall’ = xpa [/

€l
Zd,lg(zd“)/d

€] ’ (d+1)/d
2 WVOI[G(X s Xier1)] .

2
Suppose |[x’ — xz. (]| > 1/2. Let z € R such that ||x’ — z|| =
1/2. By applying the proof of ||x" — x;41|| < 1/2 for z, we
have

1) er d+1 €1
xdxy 2 —|IxX' - 7| = ——
1 = =
fG o) 9d-1 9d-19d+1

2249

X+ 1

/

X

Fig.A-1  The domain of M ford =2 and 0 < x¥® < 1/2.

Hence, we have

(D (1) €l
Xy ldx; > f x,dx) > ———
fG(x’ Xka1) ! G(x',2) : Zd_ ! 2d+ !

From ||x" — xp41]| < Vd, we have VOl[G(X, xp11)] < ead??.
Therefore,

f x(ll)dxl
G(X' \X41)

€l

>— vol[G(X, (@+/d
= 22de(2d+])/dd(d+l)/2 (GO, X))

We get Claim 3. O
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