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MINIMAX OPTIMAL RATES OF ESTIMATION IN HIGH
DIMENSIONAL ADDITIVE MODELS

By MING Yuan®f, AND DING-XUAN ZHOUS
University of Wisconsin-Madisont and City University of Hong Kong®

We establish minimax optimal rates of convergence for estima-
tion in a high dimensional additive model assuming that it is approx-
imately sparse. Our results reveal a behavior universal to this class
of high dimensional problems. In the sparse regime when the com-
ponents are sufficiently smooth or the dimensionality is sufficiently
large, the optimal rates are identical to those for high dimensional
linear regression, and therefore there is no additional cost to entertain
a nonparametric model. Otherwise, in the so-called smooth regime,
the rates coincide with the optimal rates for estimating a univariate
function, and therefore they are immune to the “curse of dimension-
ality”.

1. Introduction. With the recent advances in science and technology,
high dimensional regression problems have become ubiquitous in a multitude
of areas — genomics, medical imaging, and finance are a few well known
examples. A considerable amount of research effort has been devoted to
the understanding of challenges brought about by the high dimensionality,
and development of statistical methodology to counter them. Most of the
existing work focuses on high dimensional linear regression where a number
of approaches such as the nonnegative garrote (Breiman, 1995), the Lasso
(Tibshirani, 1996), the SCAD (Fan and Li, 2001), and the Dantzig selector
(Candes and Tao, 2007), have been developed to exploit sparsity, or perform
variable selection; and much progress has also been made to understand to
what extent a high dimensional regression coefficient vector can be reliably
estimated; see, e.g., Koltchinskii (2011), Bithlmann and van de Geer (2013)
and references therein.

Linear models, however, could be too restrictive in many applications.
As a more flexible alternative, high dimensional additive models have at-
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tracted much attention in the past several years. See, e.g., Lin and Zhang
(2006), Yuan (2007), Koltchinskii and Yuan (2008), Ravikumar et al. (2009),
Meier, van de Geer and Bithlmann (2009), Huang, Horowitz and Wei (2010),
Koltchinskii and Yuan (2010), Fan, Feng and Song (2011), Raskutti, Wain-
wright and Yu (2012), and Cui et al. (2013) among others. Let {(Xj,Y;) :
i=1,...,n} be independent copies of a random couple (X,Y) following a
regression model:

(1.1) Y = f(X) +e,

where the error ¢ follows a A'(0, 02) distribution. The additive model amounts
to the assumption that

(1.2) flx1, . yza) = fi(@r) + - + fa(za),

where the component functions fjs are modeled non-parametrically; see,
e.g., Stone (1985) or Hastie and Tibshirani (1990). Here we assume that
they reside in certain reproducing kernel Hilbert spaces (RKHS); see, e.g.,
Aronszajn (1950) and Wahba (1990).

To fix ideas, assume that X follows a distribution II supported on a
product space X% for some compact subset X of R, and that all component
functions come from a common RKHS of functions on X', denoted by (H1, ||-
l2¢,)- It is clear that the additive model (1.2) can be identified with space

Hg=H1D...DH1= {g:Xd%R\g(ml,...,xd):gl(:rl)—i—...—l—gd(xd),
and gl,...,gdé'Hl}.

Obviously linear models can be viewed as a trivial special case of (1.2) by
taking H; to be the collection of all univariate linear functions defined over
X. Another canonical example of H; is the mth (2m > k) order Sobolev
space Wi([0, 1]¥) defined on a unit interval (X = [0, 1]%). See, e.g., Wahba
(1990) for further examples.

We note that for a general g € Hq, the additive representation given by
(1.2) may not be unique. Define the (quasi-)norm || f|ls, (7, (¢ > 0) by

I, 0, = inf{H(HglnHl,...,||gd||H1>THZ cg1(@n) ot galwa) = glan, )
q

and gl,...,gdeﬁl}.
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In other words, || fl¢,(2,) is the £, norm of the vector of RKHS norms of
its component functions minimized over all of its additive representations.
In particular, when q = 2, || - [|,(3,) can be viewed as a RKHS norm. More
specifically, let K : X x X — R be a Mercer kernel generating the RKHS
(H1, || - |l%,) and write

Kd((xlv- . 'axd)—rv (xllv . 'al{i)—r) = K(xla‘rll) +et K(xdalil)

It is not hard to see that K, is the generating kernel of the RKHS (Hyg4, || -
l22(7,))- Another special case of the £,(H4) norm defined above is the case
when g | 0. || - [|¢(7,) can be interpreted as the smallest number of additive
components needed to express a function from H,.

When the dimension d is large, it is of particular interest to consider the
case when f resides in an £4(H,4) ball for 0 < ¢ < 1:

Br (6(Ha) = {9 € Ha N9l 3y, < B}

91l zony = </xd g2(x)dﬂ(a:)>1/2.

We are interested in the minimax optimal rate of convergence for estimating
f in terms of the squared ||- ||z, 1y norm. In particular, when the eigenvalues
of the K decays polynomially, i.e., its kth largest eigenvalue is of the order
k=2, our results imply that the minimax optimal rate for estimating f €
Br(£y(Ha)) is given by

Write

q
logd\' 2 __2a
(1.3) R(n,d) = < & > +n 2T,
n

up to a constant scaling factor. The optimal rate of convergence given by
(1.3) exhibits an interesting two-regime dichotomy as illustrated in Figure
1.

More specifically, when the component functions are not sufficiently smooth

in the sense that 11
o< -2,
q

the second term on the right hand side of (1.3) is dominated by the first one
if d is ultra-large:

\V)

d > exp n%q(ﬁfg)} ,
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Fig 1. When the smoothness index « and dimensionality measured by
loglog d/logn falls in the smooth region in the figure above, the optimal

2a
rate is given by n~ 2e+1 which is determined solely by the smoothness index.
On the other hand, if they fall into the sparse regime, then the optimal rate is
given by (n~!log d)l_Q/ 2 which is determined entirely by the dimensionality.

and hence the minimax optimal rate becomes

10gd>1g

n

(1.4) R(n,d) = <

where we write for two positive sequences a, 4 and b, g, anq < by g if
an,d/bn,q is bounded away from both zero and infinity. The rate given by
(1.4) happens to be the minimax optimal optimal rate for estimating a d
dimensional linear regression when assuming the vector of regression coeffi-
cient comes from a ¢, ball in R see, e.g., Ye and Zhang (2010) or Raskutti,
Wainwright and Yu (2011). On the other hand, when

déexp n%fq(Qal#»l (21):| ,

the optimal rate is given by

2

R(n,d) < n™ 2a+1,
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This rate coincides with the optimal rate for estimating f if we know in
advance that it actually comes from a single component space Hi, e.g.,
fo = = fqg = 0, rather than the d-variate function space Hgy; see, e.g.,
Stone (1980, 1982) and Tsybakov (2009). Similar phenomenon depending
on the dimensionality d has also been observed earlier for high dimensional
additive models under exact sparsity (¢ = 0). See, e.g., Koltchinskii and
Yuan (2010), Raskutti, Wainwright and Yu (2012) and Suzuki and Sugiyama
(2013). Our results suggest that such phenomenon is more universal and
applies in general to the approximate sparse case.

It is also worth pointing out that such a regime-switch in d vanishes when
the component functions are sufficiently smooth in that

S 1 1
a - 77
=4 2
a phenomenon absent in the case of exact sparsity (¢ = 0). In this situation,
the second term on the right hand side of (1.3) is always dominated by the

first one and therefore the optimal rate is always

logd -3
- .

R(n,d) = <

In other words, we pay no extra price, in terms of rates of convergence, for
entertaining a generally nonparametric additive model (1.2) when compared
with the much more restrictive linear models, regardless of the value of d.

Although we focus on additive models, our general framework is also
closely related to multiple kernel learning or “aggregation” of kernel ma-
chines, a popular technique in machine learning to combine multiple kernels
instead of using a single one in order to achieve improved prediction perfor-
mance. These type of problems have been studied previously by Bousquet
et al. (2003), Cramer et al. (2003), Lanckriet et al. (2004), Micchelli and
Pontil (2005), Srebro and Ben-David (2006), Bach (2008), and Suzuki and
Sugiyama (2013) among others. It is expected that our results here could
lead to further understanding of these problems as well.

The rest of the paper is organized as follows. We first review some basic
concepts and properties of reproducing kernel Hilbert spaces in Section 2.
Section 3 presents the main results. All proofs are relegated to Section 4.

2. Reproducing Kernel Hilbert Spaces. We begin with a brief re-
view of some of the basic facts about RKHS, which we shall make repeated
use later on. Interested readers are referred to Aronszajn (1950) and Wahba
(1990) for further details. In particular, we shall focus on the jth component
space, e.g., the RKHS defined on the jth coordinate of X € X
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2.1. Kernel and RKHS. Recall that K is a symmetric positive semi-
definite, square integrable function on X x X. It can be uniquely identified
with the Hilbert space H; that is the completion of

{K(z,"):x € X}

under the inner product

<Z i K(zi,+), Z c;-K(x;-, )> = Z cic;K(xi, .I';)
[ K ,J

J

In the rest of the section, we shall write H; and H(K) interchangeably
with the latter notion emphasizing the one-to-one correspondence between a
kernel and a RKHS. Most, if not all, the commonly used kernels are bounded,
which we shall assume in what follows. In fact, without loss of generality,
we shall assume in the rest of the paper that sup, K(z,x) = 1. Note that,
for any h € H(K),

(2.1)  [[hlle == sup |h(z)| = sup |[(h, K(z,-)) k| < sup || K (z, )| x|,
zeX reX T

by the Cauchy-Schwartz inequality. Recall that
HK(.T, )H%( = <K($7 ~),K(a:, )>K = K(:L',l') <L

Thus,
[7lloe < 1Ak,

a convenient fact that we shall use repeatedly in the later analysis.
By the spectral theorem, K admits the following eigenvalue decomposi-
tion:

(2.2) K(z,a') =) Nrpje(@)pju(a)
E>1

where A\ji > Ajo > --- > 0 are its eigenvalues and {¢;; : k¥ > 1} are the
corresponding eigenfunctions such that

(@ijks ik ) Lo(11;) = Okt -

Here I1; is the jth marginal distribution of II, and 0 is the Kronecker delta.
Note that the decomposition (2.2) depends on the jth marginal distribution
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II; through eigenfunctions ¢jis. It is well known that the RKHS-norm of
any h € H(K) can be written as

1
1Pl = kz /\Tk(h’ Pik) La(11,)
>1

which means that the “smoothness” of functions in H(K) is determined by
the rate of decay of the eigenvalues Aji, and the unit balls in the RKHS
H(K) are ellipsoids in the space La(Il;) with “axes” y/Ajj. For example, it
is well known that if IT; is the Lebesgue measure on [0, 1], then \jj, =< k=2*
for W'

2.2. Complexity of RKHS. How well we can recover a function from a
particular RKHS is fundamentally related to the capacity of the unit ball in
H(K):

BI(H(K)) = {h € H(K) : [[h]lic < 1}

See, e.g., Yang and Barron (1999). In particular, the capacity of By (H(K))
can be measured by its covering number N (By(H(K)), 9, || - ||o) Where || - ||
is defined in (2.1). Recall that for 6 > 0 and a set F of continuous functions
on a metric space X, the covering number N (F,0,| - ||) with respect to
the || - ||oo metric is defined as the smallest integer m such that

F=Jlrer:If =19 <d}

i=1

for some {f}7 | C F. In particular, if A\jz = O(k~2®) and sup; i, [|ojklloo <
oo, then

(2.3) log N (B1(H(K)), 5, | - lsc) < cd™a, Y5> 0,

for some constant ¢ > 0. This holds, for example, for Sobolev spaces of order
Q.

For our purposes, we are also interested in certain data-dependent esti-
mates of the complexity of a function class, namely, Rademacher and Gaus-
sian complexities. See, e.g., Bartlett and Mendelson (2002). Write

1 n
(2.4) Rjn(u) = sup — Zdih(xz‘j)
heB1(H(EK)): (1Rl Ly <u | T 5

where o;s are iid Rademacher variables, that is P(o; = 1) = P(o; = —1) =
1/2. The following bound of Rj, will become useful for our later analysis.
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LEMMA 2.1.  Assume that \ji < c1k™* and sup; i, |kl < c2 for
some constants c1,ca > 0. Then there exists a constant ¢ > 0 depending on
a, c1 and cy only such that for any B > 0, with probability at least 1 — d =7,

log d
Rj,(u) < en~Y/? <u121a + uy/Blogd + ﬁ\;% —|—ed>

uniformly for all u € [0, 1].

Another quantity of interests to us is the “empirical” Gaussian complexity
of the unit ball in H(K):

%Z&'h(%‘)

=1

heBI(H(K)):HhHL2<HjTL)Su

where 11, is the jth marginal of the empirical distribution II,. Similar to
Lemma 2.1, we have the following bound for Zj,.

LEMMA 2.2, Assume that N < c1k™>* and sup;y |kl < c2 for
some constants c1,ca > 0. Then there exists a constant ¢ > 0 depending on
a, ¢1 and ¢y only such that for any B > 0, with probability at least 1 — d =P,

Ejn(u) < en~H/? (ul_i + uy/Blogd + e_d)
uniformly for all u € [0, 1].

Both Lemmas 2.1 and 2.2 appears to be standard and follow from a
standard peeling argument (see, e.g., van de Geer, 2000). Although they
are useful for our analysis, we are unable to find these specific results in the
literature. For completeness, we present their proofs in Section 4.2.

3. Main Results. In what follows, we shall assume that there exists a

constant 1, > 1 such that

d
(3.1) g ol 7, < D gill7am,) < mallgl?,
j=1

for any g € Br(€4(H4)), where

g(x1,...,2q) = gi(x1) + -+ - + ga(za)
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and
d
Hgqu(Hd) = Z ngllgﬁ‘
j=1

Condition (3.1) is a nonparametric version of the restricted eigenvalue con-
ditions commonly used in analyzing sparse estimation in high dimensional
linear regression; see, e.g., Bickel, Ritov and Tsybakov (2009). It is worth
noting that different from the usual restricted eigenvalue conditions in linear
regression, Condition (3.1) is on the distribution of X rather than the design
matrix, or observations X1, ..., X,. The condition is satisfied in particular
when II is a product measure.

To fix ideas, in the rest of the paper, we shall also assume that there exist
a constant ¢y > 1 and a non-increasing sequence of nonnegative numbers
A1 > A9 > --- such that

(3.2) 6;1)% < )\jk < ek,

forall j =1,2,...,dand k > 1. In addition, similar to the treatment of high
dimensional linear models (see, e.g., Raskutti, Wainwright and Yu, 2011),
we shall assume in the rest of the paper that con?/? < d < e" for some
universal constant ¢y > 0 to ensure nontrivial probabilistic bounds. This, in
particular, is true in high dimensional settings where n < d < e”.

We are now in position to present the main results. We first state a min-
imax lower bound.

THEOREM 3.1.  Assume that \, = k2% for some o > 1/2. Under the
regression model (1.1) where f € Br({q(Haq)) and the covariate X follows a
distribution I1 such that (3.1) and (3.2) hold, and the eigenfunctions {j :
j=1,....d,k > 1} are uniformly bounded, there exists a constant ¢ > 0
depending on o2, o, R, ¢\ and ng only such that

. . ~ 2 10gd 17(1/2 _ _2a
lim inf  sup  P{|f = Fllz,m = ¢ +n" 2+ | 5 > 0.
" [ feBr(tg(Ha)) n

The lower bound is established via Fano’s Lemma. See, e.g., Cover and
Thomas (1991). We relegate its proof to Section 4. Next, we show that the
rates given in the lower bound in the previous theorem is attainable. In
particular, we consider the least squares estimator:

(3.3) f= argmin {1 > vi- g(Xi)F} :

9€Br(ts(Ha)) (T 521

The next result shows that ]?is indeed minimax rate optimal.
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THEOREM 3.2. Assume that \, = k2% for some o > 1/2. Under the
regression model (1.1) where f € Br({q(Hq)) and the covariate X follows a
distribution 11 such that (3.1) and (3.2) hold, and the eigenfunctions {¢j :
j =1,....d,k > 1} are uniformly bounded, there exists a constant ¢ >
0 depending on o2, o, R, c\ and ng only such that for any B > 0 with
probability at least 1 — d 7,

(3.4) 1 = 7 < c(B+1)

and

~ 1 d 17q/2 oa
3.5) Hf—ﬂimmédﬁ+nl<f ) +nnﬁ1,

where f is the least squares estimator defined by (3.3).

The proof of Theorem 3.2 is also presented in Section 4. It relies on
several basic facts of the empirical processes theory such as symmetrization
inequalities and contraction inequalities for Rademacher processes that can
be found in the books of Ledoux and Talagrand (1991) and van der Vaart
and Wellner (1996). We also use Talagrand’s concentration inequality for
empirical processes; see, e.g., Talagrand (1996) and Bousquet (2002).

Theorems 3.1 and 3.2 together immediate imply that the minimax optimal
rate for estimating f € Br({q(Hq)) is

+n 2o+l

-~ logd 1_Q/2 2a
17 = Ay = (2°)

This result connects with two strands of literature — estimating high dimen-
sional linear regression assuming that the coefficient vector belongs to an /,
ball, and estimating a high dimensional additive model assuming that the
underlying function comes from a fo(H4) ball. In the case of linear regres-
sion, it is known that the ¢; penalty or the Lasso (Tibshirani, 1996) leads
to rate optimal estimators under suitable regularity conditions. See, e.g., Ye
and Zhang (2010). A similar phenomenon has also been observed for the
high dimensional additive models where it is shown that a mixed ¢; norm
penalty of the form

d d
(3.6) az > gillrn + an > g5l o,
=1 i=1
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can lead to rate optimal estimators with appropriate choices of the tuning
parameter a, > 0. See, e.g., Koltchinskii and Yuan (2010) and Raskutti,
Wainwright and Yu (2012). The use of a mixed ¢; penalty of the form (3.6)
highlights the difference between linear models and additive models. When
dealing with nonparametric component functions, we need to penalize both
the RKHS norm and Lo norm; the former ensures smoothness of the estimate
whereas the latter is needed for thresholding redundant components and
hence inducing sparsity.

A natural question is whether or not a similar strategy will lead to min-
imax rate optimal estimators under an ¢,(?4) ball for general 0 < ¢ < 1.
Somewhat surprisingly, the answer appears to be negative in general, and
we give here a heuristic argument why. The challenge occurs in the smooth
regime where

1 . —
a< —— -, and d < exp |n2-a\2a+1 2}.
q 2
Recall that the corresponding minimax optimal rate of convergence in the

smooth regime is given by
2c
n~ 2o+1,

As pointed out before, this is the best possible rate of convergence even if
there is only one nonzero component. And to achieve this rate, we need to
choose

(37) Qp, Z n_QaQﬁ’

because, if a, is smaller, then in the particular case of one nonzero com-
ponent, the minimax optimal rate cannot be attained. See, e.g., Tsybakov
(2009) or Koltchinskii and Yuan (2010). Now for a general f from the unit
l4(Hq) ball, we will need a diverging number of nonzero components to ap-
proximate it. More precisely, as we shall show in the proofs, we may need

estimate up to
n \ /2
(10g d)

nonzero components to balance the approximation error and estimation error
due to estimating the nonzero component functions. If we choose a,, to be of
the order given by (3.7), then each component can only be estimated with
squared Lo error of the order of

2 > _ 2«
anNn 2a+1

)
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leading to an overall rate of convergence no smaller than, up to a multiplica-

tive constant,
n q/2 g
n 2a+1
logd ’

at least under the assumption that II is a product measure. This rate is ob-
viously suboptimal. As a result, in the smooth regime, no matter what value
an is, we cannot attain the minimax optimal rate of convergence through a
mixed ¢; penalty of the form (3.6).

As a working model, we assume that the eigenvalues decay at the same
polynomial rate across components, and the eigenfunctions ¢;s are bounded,
which hold true for Sobolev kernels among other commonly used kernels.
It is of interest to consider more general settings, for example, when the
eigenfunctions are unbounded, or if the eigenvalues decay at different rates,
or if the eigenvalues for some components decay even exponentially. It is
conceivable that our analysis could be extended to deal with more general
situations. But as in the single kernel case, treating these more general cases
is typically more tedious and technical, and we shall leave them for future
studies.

4. Proofs.

4.1. Proof of main results. 'We now prove the main results Theorems 3.1
and 3.2. For brevity, we shall also assume that 0> = 1 and R = 1 in the
proofs. The more general case follows an identical arguments with different
constants.

4.1.1. Lower bounds. We establish the lower bound via Fano’s Lemma.
To this end, we need to construct a set of functions

G:={g",....g"} C Bi(ty(Ha))

that are sufficiently apart from each other. Let N be a natural number whose
value will be specified later. For a matrix A € {—1,0,1}?*" denote by s4
the number of its nonzero rows, that is

sq =card {i: A; # 0},

where A;. is the ith row vector of A. Write

d N
—1
gA(:L'la cee 7$d) 1/2 /4 Z Z a]k’>\] N+]€90],N+k(z])
7=1 k=1
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It is clear that

N q
Z (l]k)\J N+k§0] N+k(T5)

N—2%g *12 3
()

j=1 k=1

IN

||9A||Zq(yd)
Ha

Because a?k, € {0,1}, this can be further bounded by

d
loall < 53 DT £ 0) =1,
J=1

which implies that g4 € Bi({4(Ha)).

We now describe how to generate the set G. In particular, we consider
functions of the form g4 with A € {£1,0}?*" as described before. We first
choose s rows of A to be nonzero, and set the rest of the rows of A to be zero.
The value of s will become clear later. To this end, we appeal to Vershamov-
Gilbert Lemma which states that we can find a set {61,...,0,} C {0,1}¢
such that

(a) [|0klle, = s for 1 < k < My;
(b) for any k # K, |0 — O lle, > 5/2;
(c) log My > tslog(d/s).

See, e.g., Massart (2007). For a given 6, we set zero the rows of A if the cor-
responding coordinate of @ is zero. In the next step, we fill in the remaining
rows of A with +1. Again, by Vershamov-Gilbert Lemma, there exists a set
{T1,...,Tan} € {£1}*N such that

(2") for any k # K, |Tx — T [If > Ns/2;
(b’) log My > Ns/8.
For a given I', we shall fill in the nonzero rows of A by I', leading to a

collection
G={9a0,r,) 1 <7 <M,1<k< M},

where A(0,T") is a d x N matrix whose ith row is zero if the ith entry of #
is zero, and the collection of the nonzero rows of A is given by I'. In what
follows, for brevity, we shall write

G={ga, 1 <k<M},
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where M = M; M5 and
A={A;:1<k< M}

is the collection of d x N matrices of the form A(6;,T';). By (c) and (b’),
1 1
log M > Zslog(d/s) + §N8'

Note that, for any two matrices A, B € {—1,0,1}" such that sy =
sp =: s, we have

2
d N

L 1/2
N~ts/a /Xd Z G ka)AJ/NJrk‘pJ N+k(T5) | %
7=1 k=1

lga = 98117,

de((ml, . ,:Ud)T)

77;1]\771572/(1 Z
j=1

2

N
2
E agk ] N.,.k(Pj N+k
=1

v

Lo (115)
d
_ 77q_1]\7—15—2/q Z Z Aij+k(ajlc - bjk)2
=1 k=1

where the inequality follows from (3.1). By (3.2), this can be further lower-
bounded by

||9A—gBH%2(H) =N 77q , N7 _2/qzz)‘l\/+k ajk_bjk)
7j=1 k=1
d N
> C;lnq—lN—ls—Z/qAQN Z Z(ajk _ bjlc)z
j=1k=1

_ C;lnq_12_2aN_1_2a8_2/q||A _ BHIQ-T‘
By construction, for any A # A’ € A,
|A— A2 > Ns/2,
and hence,

”gA_gA/H[Q >C>\ ,,7 12 1— 201N 2 1 2/(]
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On the other hand, for any A € A,

2

d N
lgallf,my = N7lse / SN AR (@) | diT((an, )T

71=1 k=1

—_

2

IN

77qu1372/‘1 Z

d
1

N
1/2
D WA N PAN
k=1 Ly(I1;)

N
;i 2
5,N+kQjk
1 k=1

- nquls*Q/q

J

d N
1.2 2
engN ™ s /qE g AN +k@,
j=1k=1

d N
< N Ty Y S

2a8172/q.

d

IA

= c\ngN~

Following a standard argument, the lower bound can be reduced to the
error probability in a multi-way hypothesis test. See, e.g., Tsybakov (2009).
More specifically, let © be a random variable uniformly distributed on {1,..., M}.
Then it can be deduced that

_ 1 .
inf  sup P{Ilf—f!2 > i Jlga— gul? }zinfp{@#@},
F FeBi(ty(Ha) L2 = 4 azavea L2 6

where the infimum on the righthand side is taken over all decision rules that
are measurable functions of the data. By Fano’s Lemma, we get

(4.1) IP’{(:) ”; G)]Xl,...,Xn} >1— Ix,...x, (Y1, ..., Yn;©) +log 2],

|
log M

where Ix, . x,(Y1,...,Y,;0) is the mutual information between © and
Yi,...,Y, with Xy,..., X, being held fixed. It is not hard to derive

~1
M
Ex, ..x,Ix,. x,Y1,...,Y,;0)] < <2> Z Ex,, . x,K(Pg,|lPg,,)
A#£A'e A
—1
n({ M
< 2< 9 ) > Exyoxallga—gallZ,a);

A£A'EA
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where K(+||-) denote the Kullback-Leibler distance, P, stands for conditional

distribution of {Y; : 1 < ¢ < n} given {X; : 1 < i < n} and the true
regression function in (1.1) is given by f = g, and for any g : X% - R,

9l = 5 Dl

=1
Thus,
n( M\
Exy X [Ixyx, (Y1500 Yo ©)] < 2< 2) > llga = galli,m
A£ATEA
< I 2
< §A%>E<A||QA—9A'||L2(H)
2
< 2nmax|lgalz,m
< 20>\7]qu*2°‘51*2/‘1.

Now, from (4.1), we get

inf sup  PIf - fI3 > ety et N2
FreBi(ty(Ha))

> infP{O # O}
(C]
Ex,,..x, Ixy,..x,(Y1,...,Yn; ©)] 4 log 2
log M
2c>\7]qu*2a31*2/‘1 +log 2
1slog(d/s) + tNs

n \9/2
=G <logd>

for a sufficiently small constant C7 > 0 yields

> 1-

> 1

Taking N =1 and

ForeBity( n

< log d\ '~%/?
(4.2) inf  sup  PI|f—fl5>C < ) > 3/4,
Ha))

for some constant Co > 0 depending on «, 7, and cy only. On the other
hand, if a < 1/q —1/2, taking

s=1, and N = ClnTIH
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for a sufficiently small constant C > 0 yields

(4.3) inf sup  P{|f - fI} > Con i} > 3/4
I feBi(tq(Ha))

Combining (4.2) and (4.3), we have

inf  sup P{!f— fl5 > Co
FreBi(ty(Ma)

which completes the proof.

4.1.2. Upper bounds. We now prove the upper bounds given in Theorem
3.2. By definition,

i=1 i=1
which immediately implies that

n

1 < 2 9 —~
@ 3[R - rx)] < S [Fox) - £
i=1 i=1
Write A; = fj — fjand A = f— f- It is clear that A = Z?:l Aj.
Our main strategy is to derive upper and lower bounds for the right and
left hand side of (4.4) respectively, and then put them together to derive
(3.4).

Step 1. Bounding the righthand side of (4.4).. Observe that

!AjHLz(njn)>
18l )

1 ¢ >
=~ eili(@ig)| < 18yl Zyn (
=1

where Zjn is defined by (2.5). By Lemma 2.2, this can be further bounded
by

_ -1 = _
2 (18158, 1A, + 18 BT D0gd+ €1
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for some constant C; > 0, with probability at least 1 — d~ (51D, By union
bound, with probability 1 — d =72,

n d n
2 ~
=3 e fo - foa) < 2y Zaz
i=1 j=1 i—1
< 2Cm‘1/22||A HL2 W)IIA ||
7=1
d
+2Cin 2/ (B4 1) logd Y 14|y,
j=1
d
(4.5) +2Cn ey 1A |,

We denote by &£; the event that the above inequality holds. We now bound
the three terms on the rightmost side separately.
We first derive a bound for

_WZHA H 14 HLQQ‘*

We treat the cases of 2/(2a+ 1) > g and 2/(2a+ 1) < g separately.

Case 1: 2/(2a+ 1) > ¢. By Young’s inequality, for a constant ¢ > 1 whose
value will be specified later,

_ - j— _ _4da_
n 1/2HA]~H72_?1HA]~HL2(21_‘I"J_7L) <( QQ_IHA]‘H%Q( +C2a+1n 2a+1HA H2o¢+1‘

Note that for any ¢ < ¢’ < 2,

d d d
Do, < 2 Dol + D 1,
j=1 j=1 j=1
d d
< 2 1555, + D 1Fll%,
j=1 -
< 4

In particular, we get

Z 14 ||2°‘+1 <4,
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Hence,
(4.6)

d ~1/2 = -5 _ _da_ 9 4o _ _2a
ST I IA LA 5 < CF AR, + 4G
7j=1

Case 2: 2/(2a+ 1) < ¢.Write

~1/2 : 2 1=
nTY2Y NI 1A LGy
j=1

-1/2 2 "
— n > 1A 13 A L, 35
i1 llagy >n=1/2
—1/2 2 12
in > I IAI LG -

3118 ll3y <n=1/2

For the first term on the right hand side, by a similar argument as
before, we have

-1/2 e (AL 2a
n S IAIE AL
J:llAjllaey >n=1/2
— Ao 2 _da  _ _2a ﬁ
S D D A R S LD DR 1
GillA gy >n—1/2 3118 I, >n=1/2
__4da 2 _da 4 g
< CET Y A D A,
3il1A; ll3¢y >n =12 3118l >n=1/2
_ 4« 4o 1 g
< (a1 Z HA]»H%2(HW)+4CQQ+1H 1 2)7

Gl A3y >n=1/2
where in the last inequality, we used the fact that
d d
S Il <D0 0ag, <230 (154, + 1514, ) <4
i1l >n=1/2 J=1 j=1
On the other hand, because

1A Loy < NG Lo < N1AG] 1341
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we get
_ 1 1—-L -
n~? > AN IAG 5y < n 2 > [PAVYIE%
F:ll A2y <n=1/2 il A |l3, Sn—1/2
S
iy Hl
JillAG |l <n—1/2
d
< 0D YA,
j=1
< 4n~(1-9/2)
Thus,
(4.7)
—1/2 : 25 1-5- P 9 o (g g
" Z:HAjnialHAJ‘HL2(21'CEJ'n) S Z||Aj”L2(Hjn)+8C2a+1n 2.
Jj=1 j=1

Combing (4.6) and (4.7), we get
(4.8)

d ) ) d
_ = 1—5 4o 4a —(1— 27#
n 1/2 E HAJ‘|72-[1HAJHL2(2HJ¢L) < ¢ 2l E HAJ'||%2(HJ'TL)+8C2°‘+1’I’L (1-max{3 2°‘+1})-
j=1 7=1

By Theorem 4 of Koltchinskii and Yuan (2010), there exists a numerical
constant Cy > 1 such that with probability at least 1 — d~? for all h € H;,
and j =1,...,d,

(4.9) by, < C

W) Hh||H1] ,

1Al Ly, + (n%‘“ +
and

(4.10) [[AllLy(y,) < C2

__a B+ 1)logd
Hh\h(njw(n YR L LANTY I

n

Denote by & the event that both (4.9) and (4.10) hold. Under &,

d

d

_ 2 B+ 1)logd
S U8, < 203 (Il + (o + CEED) e
=1 =1

IN

d
__2a 1 1 d
2022 Z HAJ'”%Q(H].) + 8022 <n 22+1 + M) ,

, n
J=1
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where the second inequality follows from the fact that

d
Do lIAIE, <4
j=1

By (3.1), this implies that

d

_ _2a
D 14117, < 2C3mall Al ) +8C3 (n 2041 +
=1

(B+1)logd
—
Together with (4.8), we get

4o

d 1 1
— Ser 1_7 -
n 2SN AL < 203 =T AR
7=1

8O <n2§il L B+ Dlogd logd>

n

(4.11) 8¢ matTy~(mmax{d i )).

The second term on the rightmost hand side of (4.5) can also be bounded
under event &. By (4.10),

d

d d
__o 6+ 1)logd
meﬂw<@ZMme@@mw<imem
j=1

j=1 j=1

(4.12)

IN

d
= 1)1
Cs Z ||AjHL2(nj) + 405 <n_2a+1 + M) 7

- n
Jj=1

where in the second inequality we used the fact that

d d
D 1Al <D 14814, <4
j=1 i=1

Write

d
D 1Al o) < > 1Al Lo )+ > 1A £y 1)
=t G NA >/ 125 518l g a1y </
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The first term can be bounded by the Cauchy-Schwartz inequality:

> 1851l Lo,
jiHAj||L2(nj)>\/%

1/2
. logd
< <card {J Az >/ = }) > 14117 5 11,
j5||Aj||L2(Hj)>\/ 105(1

1/2

Observe that

_ d —q/2
, log d logd ~%/? log d\
card {j Ay > /= }s( - ) ZIIA 19, <4 .

Thus,

1/2

A

logd\ 74 d
DR TP - B D i FV
518l g a1y >/ =t

logd ¥/
T o I

IN

Together with the fact that

log d (1-q)/2
Z 18| 21 Z 125115, 1, " ( - )
T Al Ly ) Sy reed j:”AjHLQ(Hj)S\/@

logd (1-9)/2 d
(229) > 1slm,

(1711)/2
< 4 <log d> 7
n

1—gq
logd\ ~7* logd\ 2
413 31l < 4 ()" 1 + 1 (57
7=1

IN

we get
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In the light of (4.12), we have

d 1/2—q/4
logd log d
VO I8y < aCan (B Ay
i=1

log d logd\ 2
(4.14) Ay 7 [ 2B C +802\//3+1<°i > ,

where we used the fact that logd < n and Cy > 1.
Combing (4.5), (4.11), (4.14) and the fact that

d
Z HAjHHl <4,
J=1

we get
2 ~ _ Ao
52&-[ (Xi) — f(Xi)} < CangC 21| AlZ,m
i=1
_|_03C_2§%1 <n_2211 + (ﬁﬂ)logd>
n
+C3C#‘Ln—(l—max{%,ﬁ})
logd 1/2—q/4
Ca/F Ty (2 ) NP~
3 /ﬁ + 1n 2a+1 Og
q
logd\ 2
1
Csv/ B+ < . )
(4.15) +Cyn 127,

for some constant C3 > 0, under the event & N &,.

Step 2. Bounding the lefthand side of (4.4).. To bound the lefthand side
of (4.4), first observe that

(4.16) HA”LQ(H HA”LQ(Hn = 96843(1;1?%)) (HQH%z(H)_”9||%2(Hn)>
q
l9ll o 1y <N ANl Ly ()

Note that for any g € By({q(Ha)),

ol < o0, sy < (gl ) < 36



24 M. YUAN AND D.X. ZHOU

and
4
19117, qm) < Ngll7 Mgl 7, < 1609117, -
By Talagrand’s concentration inequality, for any fixed u € [0, 1],

sup (gl — 9l

9EBa by (Ha)
9l Ly (1) <u
716t
<28 o (lalay - o) /2 2|
oeBittaita)) 20 Fa(lln) noon
l9ll oy <u

with probability at least 1 — e~!. By symmetrization inequality,

E  sup <”9||%2(n) - \\9’\%2(11”)) <2E SupHd)) ( ng )

9EB4(Lq(Ha)) gEBa(£g(
9l Ly (m) <u l9ll o (my<u

Note that g2 is 8-Lipschitz function on By (¢,(H4)). By contraction inequality,
1 n
E Z oig?(Xi) | <8E  sup (=) oig(Xy) .
Ha) \" i

gEBy ([q (Ha)) gEB4(Ly(
l9ll o (my <u 191l £ (1) S

Again by Talagrand’s concentration inequality, there exists a numerical con-
stant Cy > 0 such that with probability at least 1 — e~*

E 0ig(X
9634( (Hd) ( Z >

Y

”gHLz(H <u

1 & t ot

< Ci|  sup | =) 0ig(X) +u\f+

geBa(lq(Ma)) \" i1 non

9l o (my <u

t ot
<ol sw z( S xm)+u[+
Z] 1”9]”7—[ <4 7j=1 n n

||Z]7191HL2(H)7
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In other words,

sup 19117,y — llgll7
9EB (L (Ha)) ( La(1) Lz(Hn))

llgll Lo () Su

d n
1 t t
(4.17) < 16Cy sup Z ( ZO’in(l'ij)) + u\/7+ -1,
i llgill, <4 =1 N4 n.on
”Z?ZI‘%HLQ(H)SU

with probability at least 1 — 2e™".

Note that
1< 1
= 0igi(wig) < llgjlla sup < Zfﬁh(%j)>
i 3¢, =1 n =

1Pl Ly (i) N9l Ly () /11951194,
By Lemma 2.2 and union bound, there exists a constant Cs > 0 such that

1 n
sup ( Zaih(a:ij)) < Con™ 2 (w35 +uy/(F+ 1)logd +¢ ) |
=1

l1R]l3, =1 iz
||h||L2(Hj)§u

uniformly over u € [0,1] and j = 1,...,d with probability at least 1 — d~".
Denote this event by &, and we shall now proceed conditional on &3.
It is not hard to see that, under &3,

d 1 n d 1 1—-L
Z (nZaigj(a:ij)> < Csn_l/QZ<||9j”72-ﬁ”9jHL2(2ﬁlj)
j=1 i=1 J=1

(4.18) +||gj||L2<nj>\/<ﬁ+1>1ogd+e—d||gj||ﬂl>.

Following the same argument as that for (4.8), it can derived

~1/2 d = 1-5
n sup gl s
>4 lgill3, <4 j=1
HZ?:l 93 HLQ(H)SU

d
_ _4a _da (1 g 1
< CET s Y gl +8c (o)
S lgslly, <4 =1
HZg:lngLQ(n)Su

(4'19£ C_%nqu2 + SC%n_(l_maX{%’ﬁ}).
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Similar to (4.13), it can also be shown that for any g1, ..., gq such that

4 d
Z ”ngﬁJHI <4 and Z HQJ‘HLz(Hj) s
i=1 e

we have

1—¢q

d —a/4 B
logd\ logd' 2
4200 Y lglemy < 4 (F51) T wa (25 T
j=1

n

Combining (4.18), (4.19) and (4.20), we have

d n
1
TP 9l £ Sy
Y llglld, <4 =1 \" =t
”Zg:lngLQ(n)Su

< C5¢ Tt + 8Cs¢atTy mma(d aa))

(B+1)logd [ 45 (logd —a/4 logd =R
+4Cs | L0812 (10BEN T,
n n n

+C5n71/2e*d.

Together with (4.17), conditional on &,

sup (gl — 191,
9B (Lq(Ha)) 210 =)
l9ll oy <u

4o ¥ 1
< Co¢m Tt + Cogmmitn O maxmi )

—q/4 =
LG (B+1)logd (77;/2 (logd) wt (logd> 2 >
n n n

—|—C'6n_1/26_d + Cs <U\/? + t) .
n o n

holds for some constant Cg > 0, with probability at least 1 — 2e~t. Using a
peeling argument similar to that for Lemma 2.1, we can make this bound
uniformly over u € [0, 1]. More specifically, it can be shown that there exist
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constants C'7 > 0 such that, conditional on &3,

2 2
sup (gl = 9l
9EB4(£y(Ma)) 2 (i)
llgll Lo () <u

< CGC_%TIQUQ + Op¢ Ty~ (a5t D)

—q/4 e
ey [P+ Dlogd (n&” <1ogd> . (logd> 2 )
n n n

+06n71/267d
f+1)logd | (5+1) logd>

n n

(4.21) +Cy <u (

uniformly over all u € [0, 1] with probability at least 1 — d~?. Denote by &,
the event that inequality (4.21) holds. Then
P{E4} > P{&E|EIP(E3) > (1 —dP)2 > 1 —2d7°.

Together with (4.16), we get, under event &4,

||AH%2(H) < ||AH%2(nn) + CSC_%nqzﬂ + CSC%n—(l—max{%,ﬁ})
+Cy Wn)logd (77;/2 <lngLd)—q/4 1Al + <lo§Ld
+Cgn /2
(4.22)  +Cs <u (B + ;)logd LB ;)log d) |

for some constant Cg > 0.

))
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Step 3. Putting it together.. Combining (4.15) and (4.22), we get
A2 < Congl 1] A2
A, < CongS A7,

—I—Cgcfﬁ(il (B+1)logd

n
da 1
+Cy( 2a+T n_(l_max{%’2o¢+l )

log d 1/2=a/4
LG /FHT ( ) N

n

o I
+09\/ﬁ+1n*m,/%d

log d) -3

+Cy(B+ 1) <
+C97’L*1/267d,

for some constant Cy > 0, under the event & N &y N &y.
Take ¢ large enough so that

Cong¢ 2T < 1/2.

Then
10 (f+1)logd

A7,y < 20y¢ 2T -

+209C%n—(1—max{%,ﬁl+l})

logd 1/2=a/4
20y /AT ( ) 1AL

n

o N
120y /B 1 w084
n
logd\ 2
+2ng/6+1<0§ )

+2an71/267d.

Therefore, there exists a constant Cyg > 0 such that, under the event & N
Er N &y,

_ 2 logd -3 logd 1/2=a/4
A1y < Cuo(B+1) <n sty (RED) T (8 N

which implies (3.4). Statement (3.4) now follows from the fact that
P{&iNENEY > 1 —P{E} — P{E5} —P{ES} > 1 —4d 7,
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and appropriate re-scaling of the constants.
To show (3.5), we first derive, via an identical argument to Step 2, that

_ 4o _da ({1 _max{2 L1
||AH%2(HH) < HA”%Q(H)+011C 20 Tpu® + Cypp(Zatin~(Imex{3 )

1 1 —a/4 1 =2
+Cn (64 Dlogd (< ogd> u+2 ( ogd> ’
n n n

d

+011n_1/2€_

(B+1)logd N (B+1)logd
n n ’

(4.23) +C1 (u

for some constant C17 > 0. Together with (3.4), this implies (3.5).

4.2. Proof of auxiliary results. We now present the proofs of Lemmas 2.1
and 2.2.

ProOOF OF LEMMA 2.1. An application of Talagrand’s concentration in-
equality yields, with probability at least 1 — e™*

Rjn(u) <2 (ERjn(U) + U\/z-i- Z) .

It is well known that there exists a numerical constant C; > 0

1/2 L
ERjn(u) < {E[Rj (U)}Q} / < O M2l ea

See, e.g., Mendelson (2002) or Koltchinskii (2011). In other words, with
probability at least 1 — e~?,

Rjn(u) < Cy <n1/2u121a + U\/?—i- t)
n n

for some numerical constant Co > 0. We now make this inequality uniform
over u € [0,1] via a peeling argument.
In particular, with probability at least 1 —exp(—flogd—2log j) for some
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constant 5 > 0,

sup
Clblg<t
27 < IRl g1,y <279+

Rjn(27711)

1 n
- (2
n;“ (xj)

IN

A

Con- 1/ [(2—3‘“)1—22 + 277+ (Blog d + 2log )
+n"Y2(Blogd + 2 logj)] :

By union bound, there exists a constant C3 > 0 such that

Blogd)

Rjy(u) < Cyn /2 <u1_21a +uy/Blogd + T

holds for any u € (e*d(za/@a*l)), 1], with probability at least

[2adlogy e/(2a—1)]

1-— Z exp(—flogd —2logj) > 1—2d77°.
j=1

On the other hand, when u < e~®(22/(2a—1))
Rjn(u) < Rjn(e—d(Qa/(Qa—l)))
C2n—1/2 <€—d+€—d(2a/(2a—1))\/ﬁng+ 61;%d>

-1/2 ( —d Blogd
202')1 <€ +7\/ﬁ s

with probability at least 1 — d—?, for sufficiently large d. In summary, there
exists a constant C4 > 0 such that

IN

IN

_ 1 Blogd _
Rjn(u) < Cyn 1/2 <u1 20 +uy/Blogd + n +e d),

uniformly over all u € [0, 1] with probability at least 1 — 3d~°. O

PrRoOOF OF LEMMA 2.2. Note that

/ [log N'(By(H1), 6, || - [ ..)]"/* du < cad' 2.
0
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Therefore, there exist constants C1, Cy > 0 such that for any fixed u € [0, 1]
P {Ej (v) < Cyin~ 12 (ul_i + ut1/2)} < Cyexp [—(u_l/o‘ +11)].

See, e.g., van de Geer (2000; Corollary 8.3). The rest of the proof follows a
similar peeling argument as that for Lemma 2.1 and is omitted for brevity.
O
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