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Abstract We consider the problem of nonparametric estimation of a convex regres-
sion function ¢g. We study the risk of the least squares estimator (LSE) under the nat-
ural squared error loss. We show that the risk is always bounded from above by n~=4/3
modulo logarithmic factors while being much smaller when ¢ is well-approximable
by a piecewise affine convex function with not too many affine pieces (in which case,
the risk is at most 1/n up to logarithmic factors). On the other hand, when ¢( has
curvature, we show that no estimator can have risk smaller than a constant multi-
ple of n~4/3 in a very strong sense by proving a “local” minimax lower bound. We
also study the case of model misspecification where we show that the LSE exhibits the
same global behavior provided the loss is measured from the closest convex projection
of the true regression function. In the process of deriving our risk bounds, we prove
new results for the metric entropy of local neighborhoods of the space of univariate
convex functions. These results, which may be of independent interest, demonstrate
the non-uniform nature of the space of univariate convex functions in sharp contrast
to classical function spaces based on smoothness constraints.
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1 Introduction

We consider the problem of estimating an unknown convex function ¢ on [0, 1] from

observations (xp, Y1), ..., (x,, ¥;;) drawn according to the model
Vi =¢o(x;) +&, for i=1,...,n, (D)
where x1, ..., x, are fixed points in [0, 1] and &1, . . ., &, represent independent mean

zero errors. Convex regression is an important problem in the general area of non-
parametric estimation under shape constraints. It often arises in applications: typical
examples appear in economics (indirect utility, production or cost functions), medicine
(dose response experiments) and biology (growth curves).

The most natural and commonly used estimator for ¢q is the full least squares
estimator (LSE), @1 s, which is defined as any minimizer of the LS criterion, i.e.,

¢is € argmin D (¥Y; — ¥ (x:)*,

veC ;-
where C denotes the set of all real-valued convex functions on [0, 1]. ¢A>1S is not unique
even though its values at the data points xi, ..., x, are unique. This follows from
that fact that (¢ys (x1), - . ., ¢15(x,)) € R" is the projection of (Y1, ..., Y,) onaclosed

convex cone. A simple linear interpolation of these values leads to a unique continuous
and piecewise linear convex function with possible knots at the data points, which can
be treated as the canonical LSE. The canonical LSE can be easily computed by solving
a quadratic program with (n — 2) linear constraints.

Unlike other methods for function estimation such as those based on kernels which
depend on tuning parameters such as smoothing bandwidths, the LSE has the obvious
advantage of being completely automated. It was first proposed by [20] for the estima-
tion of production functions and Engel curves. Algorithms for its computation can be
found in [13] and [14]. The theoretical behavior of the LSE has been investigated by
many authors. Its consistency in the supremum norm on compact sets in the interior
of the support of the covariate was proved by [19]. Mammen [22] derived the rate
of convergence of the LSE and its derivative at a fixed point, while [16] proved con-
sistency and derived its asymptotic distribution at a fixed point of positive curvature.
Diimbgen et al. [12] showed that the supremum distance between the LSE and ¢y,
assuming twice differentiability, on a compact interval in the interior of the support of
the design points is of the order (log(n)/n)*/".

In spite of all the above mentioned work, surprisingly, not much is known about
the global risk behavior of the LSE under the natural loss function:

1 n
G, ¥)== D (@) — ¥(x))*. @)
" i=1
This is the main focus of our paper. In particular, we satisfactorily address the following

questions in the paper: At what rate does the risk of the LSE qgls decrease to zero?
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Global risk bounds and adaptation 381

How does this rate of convergence depend on the underlying true function ¢g € C;i.e.,
does the LSE exhibit faster rates of convergence for certain functions ¢y? How does
qS,S behave, in terms of its risk, when the model is misspecified, i.e., the regression
function is not convex?

We assume, throughout the paper, that, in (1), x; < x < - -- < x,, are fixed design
points in [0, 1] satisfying

c1 <n(x; —xi—1) <ca, for i=2,3,...,n, 3)

where c¢1 and ¢, are positive constants, and that &1, ..., &, are independent normally
distributed random variables with mean zero and variance o2 > 0. In fact, all the
results in our paper, excluding those in Sect. 5, hold under the milder assumption of
subgaussianity of the errors. Our contributions in this paper can be summarized in the
following

1. We establish, for the first time, a finite sample upper bound for risk of the LSE bis
under the loss £2 in Sect. 2. The analysis of the risk behavior of dis is complicated
due to two facts: (1) 4315 does not have a closed form expression, and (2) the class C
(over which ¢, minimizes the LS criterion) is not totally bounded. Our risk upper
bound involves a minimum of two terms; see Theorem 2.1. The first term says
that the risk E¢0€2($1s, $o) is bounded by n~*/> up to logarithmic multiplicative
factors in n. The second term in the risk bound says that the risk is bounded from
above by a combination of the parametric rate 1/n and an approximation term that
dictates how well ¢y is approximated by a piecewise affine convex function (up
to logarithmic multiplicative factors). Our risk bound, in addition to establishing
the n=*/5 worst case bound, implies that qgls adapts to piecewise affine convex
functions with not too many pieces (see Sect. 2 for the precise definition). This is
remarkable because the LSE minimizes the LS criterion over all convex functions
with no explicit special treatment for piecewise affine convex functions.

2. In the process of proving our risk bound for the LSE, we prove new results for
the metric entropy of balls in the space of convex functions. One of the standard
approaches to finding risk bounds for procedures based on empirical risk min-
imization (ERM) says that the risk behavior of 15 is determined by the metric
entropy of balls in the parameter space around the true function (see, for exam-
ple, [4,23,30,32]). The ball around ¢ in C of radius r is defined as

S(¢o,r):={¢p € C: L*(, ¢o) < r}. 4

Recall that, for a subset F of a metric space (X, p), the e-covering number of F
under the metric p is denoted by M (¢, F, p) and is defined as the smallest number
of closed balls of radius € whose union contains . Metric entropy is the logarithm
of the covering number.

We prove new upper bounds for the metric entropy of S(¢o, r) in Sect. 3. These
bounds depend crucially on ¢p9. When ¢ is a piecewise affine function with not too
many pieces, the metric entropy of S(¢o, ) is much smaller than when ¢¢ has a
second derivative that is bounded from above and below by positive constants. This
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382 A. Guntuboyina, B. Sen

difference in the sizes of the balls S(¢g, r) is the reason why ¢31 s exhibits different
rates for different convex functions ¢g. It should be noted that the convex functions
S(¢o, r) are notuniformly bounded and hence existing results on the metric entropy
of classes of convex functions (see [5,11, 18]) cannot be used directly to bound the
metric entropy of S(¢g, 7). Our main risk bound Theorem 2.1 is proved in Sect. 4
using the developed metric entropy bounds for S(¢g, r). These new bounds are
also of independent interest.

3. We investigate the optimality of the rate n~*/>. We show that for convex functions
¢o having a bounded (from both above and below) curvature on a sub-interval of
[0, 1], the rate n~%/> cannot be improved (in a very strong sense) by any other
estimator. Specifically we show that a certain “local” minimax risk (see Sect. 5
for the details), under the loss £2, is bounded from below by n~%/3. This shows,
in particular, that the same holds for the global minimax rate for this problem.

4. We also provide risk bounds in the case of model misspecification where we do
not assume that the underlying regression function in (1) is convex. In this case we
prove the exact same upper bounds for ]E¢022(q3“, ¢o) where ¢y now denotes any
convex projection (defined in Sect. 6) of the unknown true regression function.
To the best of our knowledge, this is the first result on global risk bounds for the
estimation of convex regression functions under model misspecification. Some
auxiliary results about convex functions useful in the proofs of the main results
are deferred to “Appendix”.

Two special features of our analysis are that: (1) all our risk-bounds are non-asymptotic,
and (2) none of our results uses any (explicit) characterization of the LSE (except that
it minimizes the least squares criterion) as a result of which our approach can, in
principle, be extended to more complex ERM procedures, including shape restricted
function estimation in higher dimensions; see e.g., [10,26,27].

Our adaptation behavior of the LSE implies in particular that the LSE converges
at different rates depending on the true convex function ¢y. We believe that such
adaptation is rather unique to problems of shape restricted function estimation and is
currently not very well understood. For example, in the related problem of monotone
function estimation, which has an enormous literature (see e.g., [3,15,33] and the
references therein), the only result on adaptive global behavior of the LSE is found
in [17]; also see [29]. This result, however, holds only in an asymptotic sense and
only when the true function is a constant. Results on the pointwise adaptive behavior
of the LSE in monotone function estimation are more prevalent and can be found,
for example, in [7,8,21]. For convex function estimation, as far as we are aware,
adaptation behavior of the LSE has not been studied before. Adaptation behavior for
the estimation of a convex function at a single point has been recently studied by [6]
but they focus on different estimators that are based on local averaging techniques.

2 Risk analysis of the LSE

Before stating our main risk bound, we need some notation. Recall that C denotes
the set of all real-valued convex functions on [0, 1]. For ¢ € C, let £(¢) denote the
“distance” of ¢ from affine functions. More precisely,
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Global risk bounds and adaptation 383

£(¢):=inf {£(¢, T) : T is affine on [0, 1]}.

Note that £(¢) = 0 when ¢ is affine.

We also need the notion of piecewise affine convex functions. A convex function
a on [0, 1] is said to be piecewise affine if there exists an integer k and points 0 =
o <t} < --- <t = 1 such that « is affine on each of the k intervals [t;_1, t;] for
i =1,...,k. We define k(«) to be the smallest such k. Let P, denote the collection
of all piecewise affine convex functions with k() < k and let P denote the collection
of all piecewise affine convex functions on [0, 1].

We are now ready to state our main upper bound for the risk of dA)ls.

Theorem 2.1 Let R:=max(1, £(¢o)). There exists a positive constant C depending
only on the ratio c1/c such that

5/4

Eg, 62($ en)”
b0l (@15, po) < C log2
Cl

4/5
2 /R 2;,5/4
X min (a , inf Ez(qbo, o) + U—(a)
aceP n

n

provided

— og — .
"= R? & 2¢q

Because of the presence of the minimum in the risk bound presented above, the bound
actually involves two parts. We isolate these two parts in the following two separate
results. The first result says that the risk is bounded by n~#/3 up to multiplicative factors
that are logarithmic in n. The second result says that the risk is bounded from above
by a combination of the parametric rate 1/n and an approximation term that dictates
how well ¢ is approximated by a piecewise affine convex function (up to logarithmic
multiplicative factors). The implications of these two theorems are explained in the
remarks below. It is clear that Theorems 2.2 and 2.3 together imply Theorem 2.1. We
therefore prove Theorem 2.1 by proving Theorems 2.2 and 2.3 separately in Sect. 4.

Theorem 2.2 Let R:=max(1, £(¢o)). There exists a positive constant C depending
only on the ratio ¢y /c such that

R ) R 4/5
Egy € (¢l5a ¢o) <C (log %) (cI ;/_)

whenever

2
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Theorem 2.3 There exists a constant C, depending only on the ratio c1/ca, such that
5/4 2,.5/4
2 en . ok (o)
Egy 0> (0. d1s) < C (log —) inf (Kz(qbo,a) + —) 5)
2cq aeP n

for all n.

The following remarks will better clarify the meaning of these results. The first remark
below is about Theorem 2.2. The later three remarks are about Theorem 2.3.

Remark 2.1 (Why convexity is similar to second order smoothness) From the classical
theory of nonparametric statistics, it follows that this is the same rate that one obtains
for the estimation of twice differentiable functions (satisfying a condition such as
SUPe[0,1] |¢><’)’ (x)| < B)ontheunitinterval. In Theorem 2.2, we prove that (/31 ¢ achieves
the same rate (up to log factors) when the true function is convex under no assumptions
whatsoever on the smoothness of the function. Therefore, the constraint of convexity is
similar to the constraint of second order smoothness. This has long since been believed
to be true, but to the best of our knowledge, Theorem 2.2 is the first result to rigorously
prove this via a nonasymptotic risk bound for the estimator qgls with no assumption of
smoothness.

Remark 2.2 (Parametric rates for piecewise affine convex functions) Theorem 2.3
implies that qS,S has the parametric rate for estimating piecewise affine convex func-
tions. Indeed, suppose ¢y is a piecewise affine convex function on [0, 1] i.e., ¢g € P.
Then using « = ¢y in (5), we have the risk bound

~ 5/4 52574
a0, = € (o 1) 0
n

C1

This is the parametric rate 1/n up to logarithmic factors and is of course much smaller
than the nonparametric rate n~*/3 given in Theorem 2.2. Therefore, ¢;; adapts to each
class Py of piecewise convex affine functions.

Remark 2.3 (Automatic adaptation) Risk bounds such as (5) are usually provable for
estimators based on empirical model selection criteria (see, for example, [2]) or aggre-
gation (see, for example, [25]). Specializing to the present situation, in order to adapt
over Pi as k varies, one constructs LSE over each P, and then either selects one
estimator from this collection by an empirical model selection criterion or aggregates
these estimators with data-dependent weights. While the theory for such penaliza-
tion estimators is well-developed (see e.g., [2]), these estimators are computationally
expensive, might rely on certain tuning parameters which might be difficult to choose
in practice and also require estimation of o%. The LSE Pis is very different from these
estimators because it simply minimizes the LS criterion over the whole space C. It is
therefore very easy to compute, does not depend on any tuning parameter or estimates
for o2 and, remarkably, it automatically adapts over the classes P as k varies.
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Remark 2.4 (Why convexity is different from second order smoothness) In Remark
2.1, we argued how estimation under convexity is similar to estimation under second
order smoothness. Here we describe how the two are different. The risk bound given
by Theorem 2.3 crucially depends on the true function ¢g. In other words, the LSE
converges at different rates depending on the true convex function ¢g. Therefore, the
rate of the LSE is not uniform over the class of all convex functions but it varies
quite a bit from function to function in that class. As will be clear from our proofs,
the reason for this difference in rates is that the class of convex functions C is locally
non-uniform in the sense that the local neighborhoods around certain convex functions
(e.g., affine functions) are much sparser than local neighborhoods around other convex
functions. On the other hand, in the class of twice differentiable functions, all local
neighborhoods are, in some sense, equally sized.

Remark 2.5 (On the logarithmic factors) We believe that Theorems 2.2 and 2.3 might
have redundant logarithmic factors. In particular, we conjecture that there should
be no logarithmic term in Theorem 2.2 and that the logarithmic term should be
log(en/(2c1)) instead of (log(en/(2c1)))5/4 in Theorem 2.3; cf. analogous results in
isotonic regression—[33] and [9]. These additional logarithmic factors mainly arise
due to the fact that the class S(¢o, r), of convex functions appearing in the proofs, is not
uniformly bounded. Sharpening these factors might be possible by using an explicit
characterization of the LSE (as was done in [33] and [9] for isotonic regression) and
other techniques that are beyond the scope of the present paper.

The proofs of Theorems 2.2 and 2.3 are presented in Sect. 4. A high level overview
of the proof goes as follows. The convex LSE is an ERM procedure. These procedures
are very well studied and numerous risk bounds exist in mathematical statistics and
machine learning (see, for example, [4,23,30,32]). These results essentially say that
the risk behavior of qASls is determined by the metric entropy of the balls S(¢o, r)
(defined in (4)) in C around the true function ¢g. Controlling the metric entropy of the
S(¢o, r) is the key step in the proofs of Theorems 2.2 and 2.3. The next section deals
with bounds for the metric entropy of S(¢o, r).

3 The local structure of the space of convex functions

In this section, we prove bounds for the metric entropy of the balls S(¢g, r) as ¢g
ranges over the space of convex functions. Our results give new insights into the local
structure of the space of convex functions. We show that the metric entropy of S(¢o, r)
behaves differently for different convex functions ¢g. This is the reason why the LSE
exhibits different rates of convergence depending on the true function ¢g. The metric
entropy of S(¢o, ) is much smaller when ¢y is a piecewise affine convex function
with not too many affine pieces than when ¢ has a second derivative that is bounded
from above and below by positive constants.
The next theorem is the main result of this section.

Theorem 3.1 There exists a positive constant ¢ depending only on the ratio c1/ca
such that for every ¢o € C and € > 0, we have
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5/4 T

log M(e, S(¢ho, 1), £) < ¢ (log 26—”) N T ¢o) (6)
C1 €

L'(r; ¢o):=

where

(k5/2(a) (r2 + 0% (¢po, a))l/z) .

Note that the dependence of the right hand side on (6) on € is always € '/, The
dependence on r is given by I'(r; ¢9) and it depends on ¢g. This function I'(r; ¢o)
controls the size of the ball S(¢y, 7). The larger the value I (r; ¢o), the larger the metric
entropy of S(¢o, r). The smallest possible value of I'(r; ¢o) equals » and is achieved
for affine functions. When ¢y is piecewise affine, I'(r; ¢p) is larger than r but it is not
much larger provided k(¢o) is small. This is because I'(r; ¢o) < rk>/ 2((])0). When
¢o cannot be well-approximable by piecewise affine functions with small number of
pieces, it can be shown that I"(r; ¢o) is bounded from below by a constant independent
of r. This will be the case, for example, when ¢y is twice differentiable with ¢y (x)
bounded from above and below by positive constants. As shown in the next theorem,
S(¢o, r) has the largest possible size for such ¢g. Note also that one always has
the upper bound I'(r; ¢9) < +/r% + £2(¢p) which can be proved by restricting the
infimum in the definition of I"(r; ¢¢) to affine functions.

We need the following definition for the next theorem. For a subinterval [a, b] of
[0, 1] and positive real numbers k1 < k3, we define KR:=R(a, b, k1, k2) to be the class
of all convex functions ¢ on [0, 1] which are twice differentiable on [a, b] and which
satisfy k] < ¢”(x) < Ky for all x € [a, b].

inf
aeP

Theorem 3.2 Suppose ¢po € R(a, b, k1, k2). Then there exist positive constants c, €
and €1 depending only on k1, k2, b — a and ¢ such that

log M (e, S(¢po, 1), £) > ce 12 for E]I’l_2 <€ <re. (7)

Note that the right hand side of (7) does not depend on r. This should be contrasted
with the right hand side of (6) when ¢y is, say, an affine function. The non-uniform
nature of the space of univariate convex functions should be clear from this: balls
S(¢o, r) of the same radius r in the space have different sizes depending on their
center, ¢o. This should be contrasted with the space of twice differentiable functions
in which all balls are equally sized in the sense that they all satisfy (7).

Remark 3.1 Note that the inequality (7) only holds when € > e;n 2. In other words,
itdoes not hold when € | 0. This is actually inevitable because, ignoring the convexity
of functions in S(¢o, r), the metric entropy of S(¢o, r) under £ cannot be larger than
the metric entropy of the ball of radius r in R”, which is bounded from above by
nlog(l 4+ (3r/€)) (see e.g., [24], Lemma 4.1). Thus, as € | 0, the metric entropy of
S(¢o, r) becomes logarithmic in € as opposed to € ~!/2. Also note that inequality (7)
only holds for € < rep. This also makes sense because the diameter of S(¢o, r) in the
metric £ equals 2r and, consequently, the left hand side of (7) equals zero for € > 2r.
Therefore, one cannot expect (7) to hold for all € > 0.
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Remark 3.2 The proof of Theorem 3.2 actually implies a conclusion stronger than (7).
Let S'(¢po, r):= {¢ € C :sup, |p(x) —do(x)| < r}. Clearly this is a smaller neighbor-
hood of ¢g than S(¢o, r) i.e., S'(¢o, r) S S(¢o, r). The proof of Theorem 3.2 shows
that the lower bound (7) also holds for log M (¢, S"(¢o, 1), £).

In the reminder of this section, we provide the proofs of Theorems 3.1 and 3.2. Let us
start with the proof of Theorem 3.1. Since functions in S(¢o, r) are convex, we need
to analyze the covering numbers of subsets of convex functions. There exist only two
previous results here. Bronshtein [5] proved covering numbers for classes of convex
functions that are uniformly bounded and uniformly Lipschitz under the supremum
metric. This result was extended by [11] who dropped the uniform Lipschitz assump-
tion (this result was further extended by [18] to the multivariate case). Unfortunately,
the convex functions in S(¢y, r) are not uniformly bounded (they only satisfy a weaker
integral-type constraint) and hence Dryanov’s result cannot be used directly for prov-
ing Theorem 3.1. Another difficulty is that we need covering numbers under £ while
the results in [11] are based on integral L, metrics.

Here is a high-level outline of the proof of Theorem 3.1. The first step is to reduce
the general problem to the case when ¢9 = 0. The result for ¢9 = 0 immediately
implies the result for all affine functions ¢y. One can then generalize to piecewise
affine convex functions by repeating the argument over each affine piece. Finally,
the result is derived for general ¢o by approximating ¢y by piecewise affine convex
functions.

For ¢9 = 0, the class of convex functions under consideration is S(0, ). Unfor-
tunately, functions in S(0, ) are not uniformly bounded; they only satisfy a weaker
discrete L?-type boundedness constraint. We get around the lack of uniform bounded-
ness by noting that convexity and the L2-constraint imply that functions in S(0, r) are
uniformly bounded on subintervals that are in the interior of [x1, x,] (this is proved
via Lemma 7.3). We use this to partition the interval [x1, x,,] into appropriate subin-
tervals where Dryanov’s metric entropy result can be employed. We first carry out
this argument for another class of convex functions where the discrete L2-constraint
is replaced by an integral L?-constraint. From this result, we deduce the covering
numbers of S(0, r) by using straightforward interpolation results (Lemma 7.4).

3.1 Proof of Theorem 3.1
3.1.1 Reduction to the case when ¢g = 0
The first step is to note that it suffices to prove the theorem when ¢y is the constant

function equal to 0. For ¢9 = 0, Theorem 3.1 is equivalent the following statement:
there exists a constant ¢ > 0, depending only on the ratio c¢1/c2, such that

en \* jeN—172
log M(e, S(0,7), ) < ¢ (log —) (—) foralle > 0. 8)
2c r
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Below, we prove Theorem 3.1 assuming that (8) is true. Let o € Py be a piecewise
affine function with k(o) = k. We shall show that

5/4 en \* jen-172
logM (e, S(a, 1), ) < ck / (log 2—) (—) foreverye > 0. (9)

Cl r

This inequality immediately implies Theorem 3.1 because for every ¢o, ¢ € C and
o € P, we have
(¢, @) < 26(¢, do) + 26* (9o, @)

by the trivial inequality (a + b)?> < 2a® + 2b*. This means that £2(¢, ) < 2r% +
20%(¢po, ) for every ¢ € S(¢o, r). Hence

M(e, S(¢o, 1), £) < M(€, S(a, V2(r2 + €2(¢o, @), £).

This inequality and (9) together clearly imply (6). It suffices therefore to prove (9).

Suppose that « is affine on each of the k intervals I; = [t;_1, ;] fori =2,...,k,
where 0 =1y <t] <--- <tr_1 <ty = 1,and I} = [0, t1]. Then there exist k affine
functions 7y, ..., 7z on [0, 1] such that o (x) = 7;(x) forx € [; foreveryi =1, ..., k.

For every pair of functions f and g on [0, 1], we have the trivial identity: £2(f, g) =
Zf';l €2(f, g) where

1
Gf.gr=r > (fp) —glx)”.

Jixjel;
As a result, we clearly have
k
M(e, S(a.r), &) < [[ M(e/Vk, S(e. 1), &). (10)
i=1
Fixani € {1, ..., k}. Note that for every f € S(«, r), we have

G(f, 1) = 0G(f,a) < C(f,a) <r?.
Therefore
M(e/Vk, S(a, 1), €:) < M(e/Vk, Si(ti,r), &)

where S;(7;, r) consists of the class of all convex functions f : I; — R for which
G, f) <r.

By the translation invariance of the Euclidean distance and the fact that ¢ — 7 is
convex whenever ¢ is convex and 7 is affine, it follows that

M(e/Vk, Si(ti,r), &) = M(e/Vk, Si(0,7), £;)

where S; (0, r) is defined as the class of all convex functions f : I; — R for which
€0, ) <r’.
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The covering number M (e¢/ Vk, S; (0, r), £;) can be easily bounded using (8) by
the following scaling argument. Let J:={j € {1, ...,n} : x; € I;} with m being the
cardinality of J. Also write [a, b] for the interval /; and let u j:=(x; — a)/(b — a) for
j€J.For f,g €C,let

1/2

1
O AE 2 (f ) =g

jeJ

and S“ (0, y):={f € C : €")(f,0) < y}. By associating, for each f € S;(0, r), the
convex function f € C defined by f(x):=f(a + (b — a)x), it can be shown that

M(e/Vk, Si(0,r), ) =M (ﬁi S0, ry/n/m), e(“)) .
m k

The assumption (3) implies that the distance between neighboring pointsin {u;, j € J}
lies between mcy/(n(b — a)) and mcy/(n(b — a)). Therefore, by applying (8) to
{uj, j € J}instead of {x;}, we obtain the existence of a positive constant ¢ depending
only on the ratio ¢y /c, such that

n e en(b —a) S e T2
logM (.| ——, ™, r/n/m ,z<">) §c(10 )
g ( " Tk ( /m) g 2 N
) ()
C 0og — R .
- g2C1 \/%r

The required inequality (9) now follows from the above and (10).

3.1.2 The integral version

We have established above that it suffices to prove Theorem 3.1 for ¢9 = O i.e., it
suffices to prove (8). The ball S(0, r) consists of all convex functions ¢ such that

%Z&(m < (11)
i=1

Fora < b and B > 0, let J([a, b], B) denote the class of all real-valued convex
functions f on [a, b] for which f ab f2(x)dx < B2.Theball S(0, r) is intuitively very
close to the class J([0, 1], r) the only difference being that the average constraint (11)
is replaced by the integral constraint fol ¢2 (x)dx < r?inJ([0, 1], r). We shall prove a
good upper bound for the metric entropy of J([0, 1], r). The metric entropy of S(0, r)
will then be derived as a consequence.
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Theorem 3.3 There exist a constant ¢ such that for every 0 < n < 1/2, B > 0 and
€ > 0, we have

5/4 —1/2
log M (e, 3([0, 1],B),L2[n,l—n])§c<log%) (%) .12

where, by L[n, 1 — n], we mean the metric where the distance between f and g is

given by
]
( / (f (x) — g(x))? dx)
n

Remark 3.3 We take the metric above tobe Ly[n, 1 —n] asopposedto L,[0, 1] because

172

log M (e,3([0, 1], B), L2[0, 1]) = o0 (13)

To see this, take f;(¢) = 2//2 max(0, 1 —2/¢) fort € [0, 1] and j > 1. Itis then easy
to check that f; € J([0, 1], B) for B > 1/3 and that fol(fj — fj+1)2 > ¢ for some
positive constant ¢ which proves (13). The equality (13) is also the reason why the
right hand side of (12) approaches co as 1 |, 0.

The above theorem is a new result. If the constraint fol ¢2(x)dx < BZis replaced
by the stronger constraint sup, .o 17 1¢ (x)| < B, then this has been proved by [11].
Specifically, [11] considered the class C([a, b], B) consisting of all convex functions f
on [a, b] which satisty sup, ¢, p |f(x)| < B and proved the following. [18] extended
this to the multivariate case.

Theorem 3.4 (Dryanov) There exists a positive constant ¢ such that for every B > 0
and b > a, we have

—1,2
log M (e,C(la, b], B), Lala,b]) <c (m) for everye > 0. (14)

Remark 3.4 In [11], inequality (14) was only asserted for € < egB(b — a)'/? for a
positive constant €. It turns out however that this condition is redundant. This follows
from the observation that the diameter of the space C([a, b], B) in the L;[a, b] metric
is at most 2B(b — a)'/? which means that the left hand side of (14) equals O for
€ > 2B(b — a)'/? and, thus, by changing the constant ¢ suitably in Dryanov’s result,
we obtain (14).

The class J([0, 1], B) is much larger than C([0, 1], B) because the integral con-
straint fol ¢ (x)dx < B? is much weaker than SUP,eo,1] [# (x)| < B. Therefore, The-
orem 3.3 does not directly follow from Theorem 3.4. However, it is possible to derive
Theorem 3.4 from Theorem 3.3 via the observation (made rigorous in Lemma 7.3)
that functions in J([0, 1], B) become uniformly bounded on subintervals of [0, 1] that
are sufficiently far away from the boundary points. On such subintervals, we may use
Theorem 3.4 to bound the covering numbers. Theorem 3.3 is then proved by putting
together these different covering numbers as shown below.
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Proof of Theorem 3.3 By a trivial scaling argument, we can assume without loss
of generality that B = 1. Let [ be the largest integer that is strictly smaller than
—log(2n)/log2 and let n;:=2'n fori =0, ...,1+ 1. Observe that ; < 1/2 < n;41.

Fixi € {0,...,1}. By Lemma 7.3, the restriction of a function ¢ € J([0, 1], 1) to
(i, nis+1]is convex and uniformly bounded by 2+/3 n; 172, Therefore, by Theorem 3.4,
there exists a positive constant ¢ such that we can cover the functions in J([0, 1], 1)
in the L>[7n;, ni4+1] metric to within ¢; by a finite set having cardinality at most

N
o /N ) ( 71/2)
X C| — = X CU. .
P { («/Th+1 —ni } P

Because
ni

+1
(P(x) — f(x))?dx,

1/2 l
[ ew-rwrasy |
n

i=0 Y M

we get a cover for functions in J([0, 1], 1) in the L[5, 1/2] metric of size less than

1 2\/? - I 12
or equal to (Zi:O a; ) and cardinality at most exp (c Dm0 )

Taking o; = e(I 4+ 1)7'/2, we get that

5/4
log M(e, 3([0, 11, 1), La[n, 1/2]) < ce 21 + 1)°/* < ¢1e7 /2 (log zi)
n

where c¢; depends only on c¢. By an analogous argument, the above inequality will
also hold forlog M (e, J([0, 1], 1), L2[1/2, 1 —n]). The proof is completed by putting
these two bounds together. O

3.1.3 Completion of the Proof of Theorem 3.1

We now complete the proof of Theorem 3.1 by proving inequality (8). We will use
Theorem 3.3. We need to switch between the pseudometrics £ and L[5, 1 — n]. This
will be made convenient by the use of Lemma 7.4.

By an elementary scaling argument, it follows that

M(e, S0,7),€) = M(e/r, S0, 1), £).

We, therefore, only need to prove (8) for » = 1. For ease of notation, let us denote
S0, 1) by S.

Because x; —xj_1 > cy/nforalli =2,...,n,wehavexs, ..., x,—1 € [c1/n, 1 —
(c1/mn)]. We shall first prove an upper bound for log M (e, S, £1) where

n—1

2 1 RV
G, ¥): D (@) — Y.
i=2

Tn—2+
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For each function ¢ € S, let ¢~> be the convex function on [x2, x,,—1] defined by

Xi+1 — X X — X
=——¢x) + ————d(xit1)  forx; <x < x4y
Xi+1 — Xi Xi+1 — Xi

where i :2,...,n—2.AlsoletS‘:: [(f):zb € S}.
By Lemma 7.4 and the assumption that x; — x;_1 > c1/n for all i, we get that

Xn—1

6 - - 2
Go s [ (b0 - i) dn

X2
for every pair of functions ¢ and ¥ in S. Letting §:=¢€+/c1/6 this inequality implies
that _

M, S.t0) = M (8,3, Lalxz, ¥a-1])

Again by Lemma 7.4 and the assumption x; — x;_1 < ¢p/n, we have that
Xn c n
/ FPydx < 2> ¢ ) <2 foreveryg € S.
*1 -

As a result, we have that § € J([x, x,], «/¢2). Further, because x» > x; + c1/n and
Xp—1 < X, — c1/n, we get that

M (8,5, Lalxz, xa-11) < M (8, 3(0x1, %, /@), Lalxt + 11, % = 1)

where n:= ¢y /n. By a simple scaling argument, the covering number on the right hand
side above is upper bounded by

8 N n n
M (\/ﬁ’ J([O, 1], RV cz(xn — X])), L2 |:xn o , 1— X, — x1:|) . (15)

Indeed, for each f € J([x1, x,], \/c2), we can associate f(y)::f(xl + y(xp — x1))
for y € [0, 1]. It is then easy to check that f e J([0, 1], /c2(x;, — x1)) and

1=(n/(xn—x1))

Xp—1 ~ 2
[ i = pews = o - (i) = 7)) dy.

140 n/(xn—x1)

from which (15) easily follows. From the bound (15), it is now easy to see that (because
Xp—x1 < 1)

M (8, 3([x1, xn], V/2), Lolx1 4+ 0, x, — 1) < M (8, 3([0, 11, /€2), La[n, 1 — 7).
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Thus, by Theorem 3.3, we assert the existence of a positive constant ¢ a such that
5/4 Jeie 1/2

logM(e, S, ¢1) <c|log — 16

s o= (m2) " (42) T
Now for every pair of functions ¢ and v in S, we have

1
CO@<GW O+~ > @6 =Y.
ie{l,n}

We make the simple observation that (¢ (x1), ¢ (x,)) lies in the closed ball of radius
/n in R? denoted by B, (0, \/n). As a result, using Pollard ([24], Lemma 4.1), we
have

€ Jne
M(E,S,E)SM(E,S,Q)M(\/_ B> (0, \/—))

() (o0

where the covering number of B;(0, /) is in the usual Euclidean metric. Using (16),
we get

332 5/4 Jere 12
10gM(6,S,£)§210g(1+T)+ (1g2_1) (\/T) . (17)

Because log(1 + x) < 3,/x for all x > 0, the first term in the right hand side above
is bounded by a constant multiple of € ~!/2. This proves (8) provided the constant c is
renamed appropriately.

3.2 Proof of Theorem 3.2

In our proof below, we shall make use of Lemma 7.1 (stated and proved in Appendix)
which bounds the distance between functions in R(a, b, k1, k2) and their piecewise
linear interpolants.

Fixm > landlett; =a+ (b —a)i/mfori =0,...,m.Foreachi =1,...,m,
let «; define the linear interpolant of the points (¢;_1, ¢o(t;—1)) and (¢, ¢o(t;)) i.e.,

@i (x):= go(ti—1) + M (x —t;-1) forx €0, 1].
i —li—1

By error estimates for linear interpolation (see e.g., Chapter 3 of [1]), for every x €
[ti_1, t;], there exists a point ¢, € [t;_1, t;] for which

|[po(x) —o;(x)| = (x — t;_1)(t; — )¢ ;tx)
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which implies, because ¢g € R(a, b, k1, k2), that

(b —a)c
8m?

K2

o (x) — i (x)] < (x — t;—1)(t — x) o (i = fio1)* = (18)

K
2 <
2

for every x € [a, b]. By convexity of ¢y, it is obvious that «; (x) > ¢o(x) for x €
[ti—1, ;] and @; (x) < Po(x) for x & [;—1, 1;].
Now for each T € {0, 1}™, let us define

¢ (x):=max ((po(x), ma_x1 o (x)) forx € [0, 1].

The functions ¢, are clearly convex because they equal the pointwise maximum of
convex functions. Moreover, for x € [t;_1, t;], we have

_ oz,-(x) if T, = 1
¢ex) = [¢0(x) if 7 = 0.

Also, from (18),

(b —a)’k>
sup ¢ (x) — ¢go(x)| <= max  sup |Po(x) —oi(X)| < —(—F5—
x€[0,1] Isism ye[y_y,41 8m

Because (¢, ¢o) < sup, ¢ (x) — ¢o(x)], it follows that ¢, € S(¢o, r) provided

(b —a)’ia -,

oo =T (19)

Observe now that for every 7, t’ € {0, 1}™,

C (e, pe) = D €7 (do, max(o, ;) = Y(r, ') min €*(do, max (o, &)
1<i<m
07 #T]
(20)
where Y (z, /)= > # ri’}. We now use Lemma 7.1 to bound Ez(qﬁo, max(¢o, o))
from below. Since «; is the linear interpolant of (f;_1, ¢o(t;—1)) and (i, ¢o(t;)), we
use Lemma 7.1 (inequality (38)) witha = 7;_1 and b = ¢; to assert

(g0, max@y. o)) = LU _ kb =0y

4,096c;  4,096cm5
provided
4 4
n> 2 e Q1)
i — i b—a
From (20), we thus have
ki (b —a)’

02 L) > (1, 7)) ———.
(@, ) = Y(z, 7 )4,09602m5
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Using now the Varshamov-Gilbert lemma [(see, for example, Massart ([23], Lemma
4.7)] which asserts the existence of a subset W of {0, 1}"* with cardinality, |W| >
exp(m/8) such that Y(z, t’) > m/4 forall T, " € W with T # 7/, we get that

Klz(b —a)’

) > 16,3840 forallt, 7’ e W witht # 7' (22)

C(¢r, ¢r

Let us now fix € > 0 and choose m so that

4 Klz(b — a)5
T 16,384cy€?”

From (22), we then see that {¢; : T € W} is an e-packing set under the pseudometric
£. The condition (19) would hold provided

Kivb —a
e ——r.
16 /cak2

Also, the condition (21) is equivalent to

b — ak
e> 21—
— 8./ con?

We have therefore showed that for € satisfying the above pair of inequalities, there
exists an e-packing subset of S(¢g, r) with cardinality |W| satisfying

The proof of Theorem 3.2 is now complete if we take

Kivb —a JKI(b —a)/* c%«/b—a/q
€o=——— and c="——,— and e=—"—.
16k2./c2 9602/ 8.2

4 Proofs of the risk bounds of the LSE

In this section, we provide the proofs of Theorems 2.2 and 2.3. As mentioned in
Sect. 3, these two theorems together imply our main risk bound Theorem 2.1 of the
convex LSE. Our proofs are based on the local metric entropy result (Theorem 3.1) of
the space of univariate convex functions derived in the previous section together with
standard results on the risk behavior of ERM procedures. Before proceeding further,
let us state precisely the result from the literature on ERM procedures that we use to
analyze the risk of 1. There exist many such results but they are all similar in spirit
and the following result from Van de Geer ([30], Theorem 9.1) is especially convenient
to use.
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Theorem 4.1 [30] For eachr > 0, let

S(¢o, r):=(¢ € C : (o, ¢) < 1}

Suppose H is a function on (0, 00) such that

H(r) 2/ \/logM(e, S(¢o, 1), L) de  foreveryr >0
0

and such that H(r)/ r2is decreasing on (0, 00). Then there exists a universal constant
C such that
5 oA n2%s
Py (ﬂ (15, d0) > 5) <C> exp (—@)
s>0
for every § > 0 satisfying \/ns > Co H(/5).

Let us note that our local metric entropy result, Theorem 3.1, easily implies an upper
bound for the entropy integral

/r Viog M(e, S(¢o. ), O)de (23)
0

appearing in Theorem 4.1. Indeed, using the bound given by (6) for M (e, S(¢o, 1), £)
above and integrating, we obtain that (23) is bounded from above by

en ) 3/4 5/8 2 2 1/8
K (1og Z8) P34 inf | K583 () (r +e (¢0,a)) (24)
2c aeP

forevery ¢g € C and r > 0 where K is a constant that only depends on the ratio ¢y /c».

4.1 Proof of Theorem 2.2

Let us define

o\*? en
So:=A (—) R*> log —
n 2cy

where A is a constant whose value will be specified shortly. Observe that §o < R?
whenever n > A4 (log((en)/(2c1)))5/4UZ/RZ. We use the bound (24) for the
entropy integral (23). By restricting the infimum in the right hand side of (24)
to affine functions (i.e., « € 7Pp) for which k(o) = 1, we obtain (note that
infyep, (0. @) = £2(do) < R?)

r 5/8 18
/ Jlog M(e, S(¢o, 1), O)de < K (log 26—”) p3/4 (r2 + R2) (25)
0 C1
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for every r > 0. Suppose now that

5/4 2
= A4 (100 £ 9 26

so that 89 < R? and inequality (25) holds for every r > 0. Let H (r) denote the right
hand side of (25). It is clear that H(r)/r? is decreasing on (0, 00). As a result, a
condition of the form /n8 > Co H (+/8) for some positive constant C holds for every
8 > 6o provided it holds for § = §. Clearly

H(J/3 38 1/8
(Vo) _ g (1og 550" (50 n R2) .
S0 2c

Assuming that (26) holds and noting then that §y < R%, we get
5/8
M <28k (1og en ! §T/8p1/A _ 21/3KA*5/8ﬁ'
8o - 2¢q 0 o

We shall now use Theorem 4.1. Let C be the constant given by Theorem 4.1. By the
above inequality, the condition «/n8 > Co H (+/8) holds for each § > & provided
A =21/ (CK)S/S. Thus by Theorem 4.1, we obtain

2s
2.7 n2-5§
Pg, (E (P15, po) > 5) <C >EO exp (_m)
5>

for all § > 8y whenever n satisfies (26). Using the expression for §p and (26), we get
for § > &,

5/4

1/5
n_nd _ o, (i) P RS 10g % 5 54 (10g 1) 27)
o? 2¢q 2¢1

We thus have
24 né
Py, (Z (P15, Po) > 5) <Ciexp|—~— forall § > &
C]G

for some constant C; (depending only on C and A = 2'5(CK)3/3) provided n
satisfies (26). Integrating both sides of this inequality with respect to § [and using (27)
again], we obtain the risk bound

4/5
Epy (3 — (2 AR 10g
00l (Bis, Po) < C260 = C2 p AR log 20

for some positive constant C, depending only on C and K. Because C is an absolute
constant and K only depends on the ratio ¢ /c2, the proof is complete by an appropriate
renaming of the constant C.
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4.2 Proof of Theorem 2.3
Foreach1 <k <mn,let

€ = inf{*(¢g, @) ;@ € P and k(o) =k}

] ) 02k5/4(0l) ] ) 02k5/4
inf | £°(¢pg, ) + ——— )= inf | &} + .
aeP n I<k=n n

It is also easy to check that

so that

=6 =02=0

As aresult, there exists anintegeru € {1, ..., n} suchthatﬂ,% > 02k5/4/nif1 <k<u
and ¢7 < 02k>*/n if k > u. This means that when 1 < k < u (which implies that
u>2oru—1>u/2)

o2k5/4 o2ud/4

2
o
>02 > — - 1)>/4

2
bt = 357

o (24 o205/ N o2uS/4
2=\ KT T )= 25

Consequently, the proof will be complete if we show that

It then follows that

(28)

en \>/* o2u5/
pa

Epo (0, ¢15) < C (log 2

]

To prove this, we start by defining

5/4 _2..5/4
do:=A (log ﬂ) o
26‘1

n

for a constant A whose value will be specified shortly. Because 63 < o2y /n, it
follows that 65 < 8p/A.

By (24), there exists a positive constant K depending only on the ratio ¢y /c> such
that

. 5/8 1/8
/ Jog M(e, S, 1), O)de < K (log ﬂ) inf [k5/8(a)r3/4 (r2 + ¢y, a)) / }
0 2cq aeP

5/8 1/8
<K (log ﬂ) inf [kS/S(a)r3/4 (r2 +ez(¢o,a)) ! }

aeP,

5/8 1/8
<K (log Ze—n) w8374 (r2 + Zﬁ) / .
cl
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for every r > 0. Let H(r) denote the right hand side above. It is clear that H(r)/ r2
is decreasing on (0, 00). As a result, a condition of the form \/né > Co H (\/S) for
some positive constant C holds for every § > 8 provided it holds for § = §p. Because
Eg < dp/A, we have

5/8 1\ /8
stz)sK(log;—”) uﬁfwaz(wz) .
Cl

Consequently,

1/8
H(o) _ K (1 + l) ﬁ. (29)

o T VA A
We shall now use Theorem 4.1. Let C be the positive constant given by Theorem 4.1.
By inequality (29), we can clearly choose A depending only on K and C so that
Vndy > Co H (/o). Because H (r)/r? is a decreasing function of r, this choice of
A also ensures that «/n8 > Co H(+/3) for every § > 8y. Thus by Theorem 4.1, we
obtain

n2%8

Py, (zz(ém, o) > 8) <C Zexp (—@) for all § > 4. (30)

5s>0

Note further, from the definition of ¢, that §o > oZA /n which implies that the sum
on the right hand side of (30) is dominated by the first term. We thus have

N 8
Py, (£2(¢IS, do) > 8) < Ciexp (— C’zaz) for all§ > 4.

for a constant C| depending upon only C and A. The required risk bound (28) is now
derived by integrating both sides of the above inequality with respect to § and using
that 89 > o2A/n.

5 Non-adaptable convex functions

We showed that the risk of the convex LSE is always bounded from above by n=%/5 up
to logarithmic factors in n and that for convex functions that are well-approximable
by piecewise affine functions with not too many pieces, the risk of the convex LSE
is bounded by 1/n up to log factors. The reason why the risk is much smaller for
these functions is that the balls around them have small sizes. We also showed in
Theorem 3.2 that for convex functions with curvature, the balls are really non-local.
Here, we show that for such convex functions, in a very strong sense, the rate n=4/3
cannot be improved by any estimator.

Recall the class of functions, R(a, b, k1, k2), that was defined in Theorem 3.2. The
constants a, b, k1 and xp will be fixed constants in this section and we shall therefore
refer to K(a, b, k1, k2) by just K. For every function ¢9 € R, let us define the local
neighborhood N (¢g) of ¢g in C by
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n

NS, 50 2/5
k2Cq o
N(po):=1¢ €C: sup [¢(x) —¢o(x)| =| —=~ (—)
xe[0,1] 32

Recall that the constant ¢y is defined in (3). We define the local minimax risk of ¢g € K
to be

Ru(@o):=inf sup Eyl*(@.4),
¢ ¢eN(¢o)
the infimum above being over all possible estimators ¢3 R, (¢o) represents the smallest
possible risk under the knowledge that the unknown convex function ¢ lies in the local
neighborhood N (¢g) of ¢g.

In the next theorem, we shall show that the local minimax risk of every function
¢o € R is bounded from below by a constant multiple of n~#/3. Observe that the
1% diameter of N (¢) defined as SUPg, éreN (o) £2(¢1, ¢) is bounded from above by
n~%/3 up to multiplicative factors that are independent of n. Therefore, the supremum
risk over N (¢g) of any reasonable estimator is bounded from above by n=%/3 up to
multiplicative factors. The next theorem shows that if ¢g € K, then the supremum risk
of every estimator is also bounded from below by n =%/ up to multiplicative factors.
Therefore, one cannot estimate ¢ at a rate faster than n=4/.

Theorem 5.1 (Lower bound) For every ¢y € R(a, b, k1, k2), we have

2 8/5 2\ 4/5
R (d0) > —1 (ﬂ) (b—a)(%) 31)

~ 4,096¢, K?

provided n* > (262)5/2K2/(0ﬁ).

Prototypical examples of functions in £ include power functions x* for k > 2 and
the above theorem implies that every estimator has rate at least n=4/> for all these
functions. Note that the LSE has the rate n =%/ up to logarithmic factors of n for all
functions ¢g. In particular, the LSE is rate optimal (up to logarithmic factors) for all
functions in K.

Prominent examples of functions not in the class £ include the piecewise affine
convex functions. As shown in Theorem 2.3, faster rates are possible for these func-
tions. Essentially, the LSE converges at the parametric rate (up to logarithmic factors)
for these functions.

The hardest functions to estimate under the global risk are therefore smooth convex
functions. This is in sharp contrast to the standpoint of pointwise risk estimation where,
for example, cusps in the function f(x) = |x| are the hardest to estimate. In fact, one
would expect a rate of n>/3 near such cusp points (see [6] for a detailed study of
pointwise estimation although they work with estimators that are different from the
LSE). However, for global estimation, the region over which one gets such slower
rates is small enough to not effect the overall near-parametric rate for piecewise affine
convex functions.

Our proof of Theorem 5.1 is based on the application of Assouad’s lemma, the
following version of which is a consequence of Lemma 24.3 of Van der Vaart ([31],
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pp. 347). We start by introducing some notation. Let P4 denote the joint distribution
of the observations (x1, Y1), ..., (x,, ¥,) when the true convex function equals ¢. For
two probability measures P and Q having densities p and ¢ with respect to a common
measure u, the total variation distance, || P — Q|| 7v, is defined as f (lp—ql/2)du and
the Kullback-Leibler divergence, D(P|| Q), is defined as f plog(p/q)d . Pinsker’s
inequality asserts

D(P|Q) = 2|IP = Qli7y (32)
for all probability measures P and Q.

Lemma 5.2 (Assouad) Let m be a positive integer and suppose that, for each
t € {0, 1}, there is an associated convex function ¢ in N(¢pg). Then the follow-
ing inequality holds:

2 /
R, (do) > Tmin (P, Prr)

min_ (1 — [Py, =Py lI7v), 33
— 8zt Y(r,T) T(r,r’):l( Py, [on ”TV) 33)

where Y (t, t'):=>"{t; # 1/}.

Proof of Theorem 5.1 Fix m > 1 and consider the same construction {¢;, 7 €
{0, 1}} from the proof of Theorem 3.2. We saw there that

2
sup [ () — o] = L2 (34)
xel0,1] 8m?
and that
k2(b —a)’
e, pr) = Y(z, 7)) (35)

4,096¢c,m>

for every 7, T’ € {0, 1} provided n > 4mcy /(b — a). Also, whenever Y(t, 1) = 1,
it is clear that

(e, ¢r) = max £(go, max (o, ).

We use Lemma 7.1 to bound £€2(¢, max(¢, o;)) from above. Specifically, we use
inequality (39) witha = #;_1 and b = 1; to get

K3t —1i21)°  Kk3(b—a)’

Ez ) » i = -
(¢o, max (¢, o;)) < 32¢; 32c¢im’

provided n > 4mcy/(b — a). Thus under the assumption n > 4mcy /(b — a), we
have (35) and also (note that ¢, > ¢1)

/(22(17 —a)’

ELP— whenever Y(z, t/) = 1.
c1m

(e, o) <

We apply Assouad’s lemma to these functions ¢ . By inequality (32), we get
) 1
Pge = Po. N7y = 5 DFy, lIPy,,)-
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By the Gaussian assumption and independence of the errors, the Kullback-Leibler
divergence D(Py, || Pp_,) can be easily calculated to be nE2(¢,, @)/ (20). We there-
fore obtain

n
P, — Py, 7y < %e«m,@/).

Thus by the application of (33), we obtain the following lower bound for R, (¢¢):

2 5
m k(b —a) Jnia | (b —a)?
R el Rl |24 36
n(90) 2 3 4.096m3¢y 20\ m532¢, (36)

provided ¢, € N (¢po) for each . We make the choice

m N
b—a \o '

“\ o320,

The inequality (34) implies that ¢, € N(¢p). The inequality (31) follows easily
from (36). The constraint n > 4com /(b — a) translates to

n? > (2¢2)* k2 /(0 4/cr).

The proof is complete. O

6 Model misspecification

In this section, we evaluate the performance of the convex LSE <;31s in the case when
the unknown regression function (to be denoted by fp) is not necessarily convex.
Specifically, suppose that fj is an unknown function on [0, 1] that is not necessarily
convex. We consider observations (x1, Y1), ..., (x,, Y;;) from the model:

Yi = fo(xj) +&, for i=1,...,n,

where x| < - -+ < x, are fixed design points in [0, 1] and &1, . . ., &, are independent
normal variables with zero mean and variance o 2.

The convex LSE ¢y is defined in the same way as before as any convex function that
minimizes the sum of squares criterion. Since the true function f{ is not necessarily
convex, it turns out that the LSE is really estimating the convex projections of fj.
Any convex function ¢g on [0, 1] that minimizes 22( fo, @) over ¢ € C is a convex
projection of fj i.e.,

%0 € argmin > (folxi) = d(xi)*.
veC o)

Convex projections are not unique. However, because {(¢(x1), ..., (x,)) : ¢ € C}
is a convex closed subset of R”, it follows (see, for example Stark and Yang ([28],
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Chapter 2)) that the vector (¢o(x1), ..., $o(x,)) is unique for every convex projection
¢o and, moreover, we have the inequality:

C(fo. d) = 2 (fo. do) + (o, ¢)  forevery ¢ € C. (37)

The following is the main result of this section. It is the exact analogue of Theorem 2.1
for the case of model misspecification.

Theorem 6.1 Let ¢y denote any convex projection of fo and let R:=max(1, £(¢p)).
There exists a positive constant C depending only on the ratio c1/ca such that

5/4 zﬁ 4/5
en , o
E 4, €% (s, o) < C (log 2—) min ( p ) ,

) 5 O’2k5/4(06)
inf { £°(¢0, ) + ——
aeP n
2 (g )"
n = .
- g2C1

We omit the proof of this theorem because it is similar to the proof of Theorem 2.1. It
is based on the metric entropy results from Sect. 3 and the following result from the
literature on the risk behavior of ERMs.

provided

Theorem 6.2 Let ¢ denote any convex projection of fo. Suppose H is a function on
(0, 00) such that

H@r) > /r \/log M (e, S(¢po,r))de  foreveryr > 0
0

and such that H (r)/r? is decreasing on (0, 00). Then there exists a universal constant
C such that
5 A n2%s
Br, (€. d0) > 8) =€ D exp (5
5>0
for every § > 0 satisfying \/ns > Co H(/5).

This result is very similar to Theorem 4.1. Its proof proceeds in the same way as the
proof of Theorem 4.1 [(see Van de Geer ([30], Proof of Theorem 9.1)]. We provide
below a sketch of its proof for the convenience of the reader.

Proof of Theorem 6.2 Because ¢ is convex, we have, by the definition of <£ls, that
—Z(Y ) < —Z(Y Do)
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Writing Y; = fo(x;) 4+ & and simplifying the above expression, we get
2 n

(o di) = C(fo d0) = = D6 (dis(x) = do(x)
i=1

Inequality (37) applied with ¢ = qu s gives

(¢rs, p0) < (fo, dis) — €(fo, do).

Combining the above two inequalities, we obtain
2 n
s o) = = D& (d1s () — o)
-

This is of the same form as the “basic inequality” of Van de Geer ([30], pp. 148). From
here, the proof proceeds just as the proof of Theorem 9.1 in [30]. O

Theorem 6.1 shows that one gets adaptation in the misspecified case provided fy has
a convex projection that is well-approximable by a piecewise affine convex function
with not too many pieces. An illuminating example of this occurs when f is a concave
function. In this case, we show in Lemma 7.5 (stated and proved in Appendix) that ¢
can be taken to be an affine function, i.e., ¢g € P;. As a result, it follows that if fj is
concave, then the risk of ¢, measured from any convex projection of fj is bounded
from above by the parametric rate up to a logarithmic factor of n.

Acknowledgments The authors would like to thank Aritra Guha, Sasha Tsybakov, a referee and an
Associate Editor for their helpful comments.

7 Appendix: Some auxiliary results

Lemma 7.1 Fix ¢g € C and suppose there exists a subinterval [a, b] of [0, 1] such
that ¢ is twice differentiable on [a, b]. Let o denote the linear interpolant of the points
(a, ¢o(a)) and (b, ¢o(D)) i.e.,

a(x):=¢o(a) + W(x —a) forx €[0,1].

1. If p{(x) = ki for all x € [a, b), then

k(b — a)’

62 9 9 > = A~
(¢0, max (¢, a)) > 4,090

when n > 4c /(b — a). (38)

2. If ¢y (x) < k2 forall x € [a, b], then

/<22(b —a)’

2
£7(¢po, max(¢o, @)) < 326,

when n > 4c1 /(b — a). 39)
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Proof of Lemma 7.1 By convexity of ¢, itis obvious thata(x) > ¢o(x) forx € [a, b]
and o (x) < ¢o(x) for x ¢ [a, b]. We therefore have

1 n
€ (o, max (o, @) = ~ > (@(xi) = po(xi)* I {x; € [a, b1}, (40)

i=1

where I denotes the indicator function. By standard error estimates for linear interpo-
lation, for every x € [a, b], there exists a point ¢, € [a, b] for which

Ll (tx)
2

lgo(x) — a(x)| = (x — a)(b — x) = (41)

Let us first prove (38). By (41) and the assumption ¢ (x) > &1 for x € [a, b], we have

lbo(x) — a(x)| = w forall x € [a. b].

Thus, from (40), we get

2 n
_1

(g0, max(¢, @)) > Z xi —a)* (b — xi)*I {x; € [a, b])

2
> 4—1 —a)>(b — x))*I {xi € [Ba + b)/4, (a + 3b)/4]}.

Clearly (x — a)(b — x) > (b — a)?/16 for every x € [(3a + b)/4, (a + 3b)/4] and
hence,

/clz (b —a)*
1,024

> I{xi €[(a+b)/4, (a+3b)/4]}.

i=1

€% (¢, max(¢o, @)) >

To get a lower bound on the number of points xi, ..., x, that are contained in the
interval [(3a + b) /4, (a + 3b) /4], we use Lemma 7.2 which gives

K12 (b —a)* (n(b—a) B 1)'

22
(éo, max(¢o, &) = 7 024 n %

The condition n > 4¢, /(b — a) now implies that

n(b — a) 1 n(b —a)
2¢) ~ e

which completes the proof of (38). We now turn to the proof of (39). By (41) and the
assumption ¢g (x) < Ky for x € [a, b], we have

[po(x) —a(x)| < (x —a)(b —x)% forallx € [a, b].
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Thus from (40), we write
K2 -
(g0, max(o, @) < = > (xi —a)*(b — x1)*I {x; € [a, b]}.
4n P

Because (x —a)(b—x) < (b — a)2/4 for all x € [a, b], we obtain

K2 b —
£ (¢, max(go, @) = & ——— Zl{x, € [a, b))
To obtain an upper bound on the number of points x1, ..., x, that are contained in

[a, b], we again use Lemma 7.2 to get

_ 4 _
€% (¢, max (o, @)) < 15 (b—a) (n(b a) )
64 n 1

When n > 4c1 /(b — a), we have

nb —a) 1< 2n(b — a)
Cl Cl
and this completes the proof. O

Lemma 7.2 Letx) < --- < x, be fixed points in [0, 1] satisfying c; < n(x; —xj—1) <
cy forall2 <i < n. Let [a, b] be a subinterval of [0, 1] that contains m of the n real
numbers x1, ..., x,. Then

nb-a) | _nb-a)

l<m< (42)
) Cl
Proof Let xo:= max (x; — ¢2/n, 0) and x,4+1 := min (x, + c/n, 1). Let
{xi, ..., xa} 0 la, b) = {xiq1, oy Xkgm)
for some 0 < k < n — m. Clearly
o cim—1)
b—a> Xppm —xkp1 = Y (6 —xi1) = ————
n
i=k+2
which gives the upper bound in (42). On the other hand,
k+m+1
co(m+1)
b—a < xipmi1 —x = Z (X —xi-1) = ————
. n
i=k+1
which gives the lower bound in (42). The proof is complete. O
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Lemma 7.3 Let ¢ be a convex function on [0, 1] for which fol |p(x)|Pdx < 1 fora
fixed p > 1. Then |¢(y)| < 2(1+ p)!/P max (y~1/7, (1 — y)=VP) forall y € (0, 1).

Proof 1t suffices to prove the theorem for 0 < y < 1/2.
Suppose ¢ (y) > y~ /7. Then, by convexity of ¢, the condition ¢ (x) > ¢ (y) must
hold either for all x € (0, y) or for all x € (y, 1). Therefore,

1> / 600 [Pdx = ()P min(y. 1 — y) = $()Py

which gives a contradiction. Therefore ¢ (y) < y~!/7.
Suppose, if possible, that ¢(y) < —cy~!/? for some ¢ > 1. We consider the
following cases separately.

Case (i) Assume ¢ (0) < —cy_l/ P In this case, by convexity of ¢, it follows that
¢ (x) < —cy~ /P forall x € [0, y]. Therefore |¢ (x)| > cy~!/P and thus

1 Y b
1 2/ | (x)|Pdx 2/ —dx =cP.
0 0oy

Case (ii) Here ¢ (0) > —cy~'/P. We now consider the following two subcases:

This contradicts ¢ > 1.

1. ¢(0) < 0. Then ¢(x) < 0 for all x € [0, y]. For each 0 < x < y, we have, by
convexity,

¢(x) = (1 - —) ¢0) + - ¢(y) < (b(y)

Thus y¢(x) < x¢(y) < 0foreach 0 < x < y. As aresult,
Ylp()|? = xPlp(»IP  for0 <x <y.
Integrating both sides from x = 0 to x = y, we obtain

+1
pyp

/ BCOIPdx = ()]

which implies that |¢ (y)|? < (p+1)/y,ie., |p(y)| < (1 + p)'/Py~1/P which is
a contradiction if ¢ > (1 + p)/?.

2. $(0) > 0. Let z € (0, y) be such that ¢(z) = 0. For x < z, we can write, by
convexity,

0=¢() < 2¢(x) + ——(y)
y—x y—x

which implies that
y—z
0>¢(y) =2 ——oKx).
X—2z
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As aresult, |z — x|P|p()IP < |y — z|P|p(x)|? for 0 < x < z. Integrating both
sides from x = 0 to x = z, we get

p+1

lpMI”

< e [0 P 4
p+1§|y z /0 lp(x)|Pdx. (43)

For z < x < y, again, by convexity, we write

X — X

y

¢(x) =

So+ 2@ =
y—2z

“Z() <0.
y—2z -z

Asaresult, |y — z|?|¢p(x)|” > |x — z|P|¢ (y)|P. Integrating from x = ztox =y,

we get

(y—2*!
p+1

Adding the two inequalities (43) and (44), we obtain

y
lpIP Sly—ZI”/ ¢ (x)|Pdx. (44)

lpnIP

y
p+l1 — AP <y — P rq P
P (=9 <y =al” [iewrax <y

Now

Py —Pt > Omin (u”+l + (- u)p+1) =2 PyrHl

<u<y
Combining, we obtain
[P <21+ p)! Pyt
which results in a contradiction if ¢ > 2(1 + p)!/Py=1/P,
O
Lemma 7.4 (Interpolation Lemma) Fix x; < x2 < --- < X, and suppose that

c1 < n(xj —xj—1) < ¢y forall2 < i < n. For every function f on [x1,x,],
associate another function f on [x1, x,] by

~ Xifl —X X =X
f)y=—————f i)+ ——— f(xiy1)  forxi <x < xiq
Xitl — X Xitl — Xi
wherei = 1, ...,n— 1. Then for every pair of functions f and g on [x1, x,], we have

Xn

1 . 2 1< 6
= [ (Fo-gw) dx = > oo -ser =
i=l *

Xn

5/ | (7o) — ) ax.

Proof 1Tt is elementary to check that for every 1 <i <n — 1, we have
Xi4+1 - B 2 X; — X
/ (f(x) - g(x)) dx = % (a2 + B +otﬂ)
Xi
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where o:=f(x;) — g(x;) and B = f(xj4+1) — g(xi+1). Using the inequalities

o2 — B2 2 2
(X—ﬂ < (X,B < o +ﬂ ,
2 - - 2
we obtain
c1(@?® + B2 o’ + p? KA. - \?
AELED < =3 e < [ (7o - aw)
6n 6 X;

o’ + B _ @+
2 - 2n '

< (Xi+1 — xi)

Adding these inequalities from i = 1toi = n — 1, we deduce

" i )? " (7 ) @< , Y
51‘:1 (f (xi) — g(xi)) S/XI (f(x)—g(x)) dxf;l;(f(xl)_g(xl))

which yields the desired result. O

Remark 7.1 Observe that if f is a convex function on [a, b], then f is also convex on
[a, b].

Lemma 7.5 The set of all convex projections of a concave function fy includes an
affine function.

Proof We prove this result by the method of contradiction. Suppose that there is no
convex projection that is affine. Let ¢9 be the continuous piecewise affine convex
projection of fy. For a function g : [0, 1] — R we define g(0+):=limy_, 0+ g(x) and
g(1—):=lim,_,1— g(x). This notation is necessary as fy need not be continuous at
the boundary points {0, 1}.

Case (i): Suppose that fo(0+) > ¢0(0) and fo(1—) > ¢o(1). Then the affine
function ¢ obtained by joining (0, ¢9(0)) and (1, ¢o(1)), i.e., do(x) = (1 —
X)$o(0) +x¢p(1), for x € [0, 1], lies in-between ¢ and fy (as fy is concave) and
(o, fo) = (o, fo), giving rise to a contradiction.

Case (ii): Suppose that fo(0+) < ¢o(0) and fo(1—) > ¢o(1). Then there is
a point u € (0, 1) such that fo(u) = ¢o(u). Let us define q; to be the affine
function joining (u ¢o(u)) and (1, ¢o(1)). Again, éo lies in-between ¢ and fo
and ¢2 (¢0, fo) > 02 (qbo fo), thus giving rise to a contradiction.

Case (iii): Suppose that fo(0+) > ¢0(0) and fo(1—) < ¢o(1). A similar analysis
as in (i7) by looking at the affine function obtained by joining (0, ¢(0)) and
(v, ¢o(v)) where ¢o(v) = fo(v), v € (0, 1), gives a contradiction.

Case (iv): Suppose that fo(0+) < ¢o(0) and fo(1—) < ¢o(1). Suppose that there
are two points ug, u; € (0, 1) such that fo(u;) = ¢o(u;), fori = 1,2. Then
define ¢~> to be the affine function joining (uq, ¢o(uo)) and (u1, ¢o(u1)). Again,
430 lies in-between ¢g and f and Ez(q‘)o, fo) > £2(¢~50, fo), thus giving rise to a
contradiction. Suppose that fy and ¢ touch at just one point v € (0, 1). Then
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410 A. Guntuboyina, B. Sen

defining 4;() to be the affine function that passes through (v, ¢o(v)) and is a sub-
gradient to both ¢ and fj at v yields a contradiction. If fy and ¢9 do not touch at
all then defining ¢ to be any affine function lying between ¢ and fo shows that
2(¢o, fo) = €2(¢o, fo). This completes the proof. O

Remark 7.2 Note thatif n > 2, the convex projection of a concave fj is in fact unique
on (0, 1) and affine.
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