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1. INTRODUCTION
We study the regression model
Kze()(z@)—i-m, Z:L,n, (11)

where Y7, ..., Y, are independent real-valued observations, z, ..., 2z, are covariables with val-

ues in some space Z, 0y is an unknown regression function, and Wi, ..., W,, are measurement
1
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errors. At the values zq, ..., z,, the regression function 6, is defined by means of a given
convex loss function v : R — R. Namely, we require for each b € R, that the expectation
E~(Y; — b), is finite and moreover that b — E~(Y; — b) has a unique minimum in b = 6y(z;).
Thus, when v(£) = £2, the measurement errors W; = Y; —y(2;) (i = 1,...,n), are required to
have mean zero and finite variance, and when when ~(¢) = |£|, then their median is assumed
to be zero, etc.

Suppose 0y € O, where the parameter space O is a given subset of the set of all real-valued
functions on Z. We shall study the regression estimator

~

RS 2
0, = arg min |~ ;’V(Yi —0(z))+ N\ 1,(0)] . (1.2)

Here, I,,(0) is taken to be the soft thresholding type penalty explained below (equation (1.3)),
and A2 is a (to be chosen) smoothing parameter.
Take @), as the empirical measure of the covariables:

1 n
Q, = E;@,

We denote the Ly(Q,)-norm of a function 6 : Z — R as

rw%ﬂ/ﬂ%w.

Now, let 1, ...,1, be an orthonormal basis in Ly(Q,). Each function 6 can be written as
n
0=> oty
j=1
in Ly(Q,). Moreover,
n
1611, = >_ oF = llall,
j=1

where o = (o ..., a,)’, and where we denote the Euclidean norm of a vector in R™ by || - || -
For 6 = Z?Zl a1, the soft thresholding type penalty is

1(6) = 3" layl. (13)

As will be explained in Section 2, in the least squares (LS) case ((£) = £2), the estimator
in (1.2) is in fact the standard soft thresholding estimator (see e.g. DONOHO and JOHNSTONE
(1994b) and DoONOHO (1995)). The least squares estimator (LSE) with soft thresholding is
well studied, and very convenient from a computational point of view. It is however of interest
to investigate other loss functions as well, because the theory for the least squares case depends
on the assumption of existence of second moments of the errors. Moreover, the LS method
requires a smoothing parameter \?> which depends on the scale on which the observations
are measured. It depends on (an estimator of) the variance of the errors. Robust regression
estimators can do with a choice for A> which works for all data. This is in particular true for
the least absolute deviations (LAD) estimator (y(§) = |£|). Moreover, LAD estimation with



ADAPTIVE ESTIMATION WITH SOFT THRESHOLDING TYPE PENALTIES 3

soft thresholding type penalty is computationally quite feasible. The minimization problem
(1.2) can be solved using a standard L;-fitting routine (see Section 6), which in turn may be
based on a simplex algorithm or accelerated version thereof.

There exists a large amount of literature on penalized M-estimation. We will not give a
complete overview here, but only mention some of the relevant references. SILVERMAN (1982),
STONE (1990), and BARRON and SHEU (1991), study the asymptotic theory for the more
classical (spline-)smoothing techniques by penalization (in a density estimation problem).
VAN DE GEER (1999, 2000) studies penalized M-estimation using the entropy of parameter
space. BIRGE and MASSART (1997, 2001), BARRON, BIRGE and MASSART (1999), YANG
(1999) and BARAUD (2000), present general results on model selection via penalization. The
literature on wavelets contains many results on estimation via penalization, see e.g. DONOHO,
JOHNSTONE, KERKYACHARIAN and PICARD (1996a,b). Soft thresholding in connection with
LS estimation is also studied in TIBSHIRANI (1996). The soft thresholding type penalty we
consider can be viewed as an special type of L;-penalty. Such penalties are also in MAMMEN
and VAN DE GEER (1997) in connection with LS estimation, and in PORTNOY (1997) in
connection with more general loss functions.

We shall study the large sample behavior (n > 2 large) of estimators of 6. Throughout,
as n varies, 0y as well as © are allowed to vary as well. However, to avoid too many indices,
we will not always express dependence on n in our notation.

The paper is organized as follows. In the next section, we re-establish a rate of convergence
for the LSE with soft thresholding. We use a method of proof that does not need an explicit
expression for the estimator, so that it is well tailored for transfer to other estimation methods.

In Section 3, we present the extension to robust regression. Here, we need an inequality
derived from empirical process theory.

To illustrate the regression theory, and yet minimize the amount of approximation theory,
we introduce in Section 4 a space of functions governed by a roughness parameter p. It
is assumed there that the true regression function 6y = 23;1 a;0Y; has roughness at most
p, in the sense that » 7, ool < M. If the parameter p (0 < p < 2) (as well as the
parameter M) is known, one may consider estimators without penalty. Rates of convergence
for such estimators follow e.g. from entropy calculations. The regression estimators with soft
thresholding type penalty do not require knowledge of p, and turn out to be rate-adaptive
in p. We also discuss the relation with Besov spaces. In Section 5, we consider the special
case of least absolute deviations (LAD). Section 6 presents a simulation study, where LS is
compared to LAD, when the errors are Laplacian (i.e., double exponential) or Gaussian.

2. LEAST SQUARES ESTIMATION USING SOFT THRESHOLDING

In this section, we investigate the classical regression model (1.1), with independent errors

Wi, ..., W, with zero expectation and finite variance 0. Moreover, we let én denote the LSE
with soft thresholding, i.e.,

~ 1 n n
On = i = (Yi—0(z)* +2X; » 21
M8 it trantn | 1 ;( (2)) n ; || (2.1)
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n
=ty
j=1

(We have added a factor 2 to the penalty term to simplify the expressions.) The explicit
expression, which explains why the method is called soft thresholding, is the following. Let
«a and a be two vectors in R"™, and consider the loss functions

2 (ala) = (z 0y - aff 2023 m) |
=1 j=1

and

Thara (@|a) = <Z o — a;* + X, (#{ay o Jay] > 0})> :

Jj=1

The solution of the minimization problem
(a)soft = arg mo%n TSQOft<a‘a)

18

aj; — )\%, if CNL]‘ > )\i
(a'j)soft: O, 1f|aj|§)\i ) jzl,,n
aj+ A2, ifa; < =X\

Furthermore, the solution of the minimization problem
(a)hard = arg mo%n T}?ard<a|a’)
is
as, if |a’j‘ > )‘i .
;i hard = ,7=1...,n.
(7)1 {0, if |a;| < 2277

Now, let us write the empirical coefficients as
1 n
Qjn = — Z; Yi; ().
1=

Then the coefficients of the soft thresholding estimator are (&, )sot, and those of the hard
thresholding estimator are (&, )nara- Thus, the penalized least squares estimator (2.1) is the
soft thresholding estimator.

Consider now “true” coefficients «aq. Let

Oy = (QO)hard-
Then we have
Thara (| ag) = [l — a|2 + Ay Ny, (2.2)

where N,, = #{|a;o| > A\2}. When A} = ¢%/n, this is the bias-variance decomposition for the
projection estimator when the optimal choice of the subspace formed by a subset of ¢, ..., ¥,
is known.
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We will now establish an upper bound of the form (2.2) for
|G, — o||n. We will not use the explicit expression &, = (&, )sore- This is of importance, be-
cause it will allow the extension to other estimation procedures, where no explicit expressions
are available.

In the theorem, we put

1 & .
‘/j = ﬁz;wj('zz)W“ ] = 1,...,77,.
Theorem 2.1. Let B,, be the set
B, = { max |Vj| < A2},
Jj=1,...,n

Then on B,
lén — aolly < 4(llee — aoll, + 4N, Ny). (2.3)

Proof. Write
Tn =17+ lagol > A3},

In(a) = Y fayl, Iu(a) = Y layl,

JE€ETn J€Tn

and

and (identifying a function # with its coefficients «),

n

L(e) = In(a) + Tn(a) = Y _|ayl.

j=1
Clearly, by the definition of the estimator &,
2 (A | 2 ~
7_soft(ozn|0z7l) S 7—soft(oz*|0z7l)'

Rewrite this to

|60 = aolls + 200 Lu(G) <2 Vil — ) + 270 () + [l — aol .
j=1

This gives

16 — ally, + 225 (6n) < 2 max Vil In(dn — o) + 22X I (aw) + flo — aolf5-

gooe

On B, we find
|Gt — 040”31 + 2)‘2111(6%)

< 2N L (G — ) 4+ 2021, (o) + |l — ao)? (2.4)
or, since a;, = 0 for j € J,,
|G — o2 + 2202 In(Gn) + 202 Tas () < 202 DN (G — ) + 202 1 (A1)

+2X I (o) + [l — aoll-
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But then
[l — awlls < 220 In (G — ) + 25 (In () — In(an)) + [law — aoll7
< AN In (G — @) + [las — aoll7
AN VNGO G — 02 + o — aollZ,
JE€EIn
where in the last inequality we applied Cauchy-Schwarz. Now, use that

D bgn = gl = > a0 — ajol® < [ldn — aoll? (2.5)

JE€ETn JETIn

We then arrive at
6 — aoll? < 4X2/ Nylldn — aolln + [Jow — aoll3.
But this implies (2.3). O

Corollary 2.2. Suppose that for some constant K < oo, the errors Wy, ..., W, satisfy
max Eexp[W?/K? < K.

Then it follows from e.g. VAN DE GEER (2000, Lemma 8.2), that for a constant ¢ depending

on K,
1 1
P (Amax Vil > ¢4/ ogn) < cexp[— Oan].
Jj=1,...n n C

Thus, then we may take \2 = cy/logn/n, and obtain

A logn
P(ldn — aoll2 > 4(Jla — o2 + 4NIN,)) < cexpl——57.

In general, it is clear that the choice of A2 depends on the distribution of the errors. As
a consequence, if the errors have heavy tails, the rate of convergence of the LSE with soft
thresholding may be very slow. Therefore, robust methods may provide a welcome alternative
to the LS method.

3. ROBUST ADAPTIVE ESTIMATORS

The estimator with soft thresholding type penalty, based on the convex loss function =, is

defined as

n

O, oo, Gmm 27 +)‘QZ‘O‘J"

] 1055 =1

= Z@j,n%‘- (3.1)
j=1

The case y(§) = £? was studied in the previous section. In this section, we examine the
robust case, where ~ satisfies

() - <1E—¢], &EeR. (3.2)
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The following notation is convenient. Let for i = 1,...,n, X; = (Y}, %), let P® be the
distribution of X; and v5(X;) = v(Y; —0(2;)). Let P =" P%/n and denote the empirical
distribution based on Xy,..., X, by P,.

We assume that Ey(Y; — b) has a unique minimum in b = 6y(z;). This implies

0y = arg mein/%dp.

We assume moreover that 6y € O, where O is a given class of regression functions.

Now, 0 < e <1 and let 0, = Z?=1 a;.; € O satisty

[0 = )P < 16. ~ 6ol e (33)

In view of Section 2, a natural choice for 6, would be the counterpart in the robust setting of
a hard thresholding version of 6y, that is

0. = arg min {/vgdP + A #aj ¢ o] > O})} .

96@, 9127:1 Oéj’(ﬂj

However, we do not insist on this because (3.3) may not be true for this choice. It should be
noted that we may also choose 6, = 6, in which case (3.3) is automatically true.

We also need the following condition.
For 0 <t < 1, write 6, = t0 4+ (1 — t)f.. (We do not require 6, € ©.) Assume that for
to < 1/(2K) sufficiently small and § € ©, we have for all 0 <t < t,

/ (o — 00 )P > €| — oll%.. (3.4)

Since [ ypdP is minimized at 6, condition (3.4) will be a reasonable condition under the
following condition (3.5). We denote the supremum norm by

[0]|oc = sup [6(z)].
zZEZ

Suppose that for some constant K,

sup 10|00 < K. (3.5)
0e®

Condition (3.5) is of course an awkward condition. The choice for the smoothing parameter
in Theorem 3.1 is based on the empirical process inequality of Lemma 3.4. It depends on a
universal constant c.

Theorem 3.1. Suppose that (3.3) and (3.4) hold. Let J, be any subset of {1,...,n}, and
define
N, = |x7n|> M, = Z |aj7*|'
J¢TIn
Suppose that [|0. — 6|3, + Xy Ny + X2 M, < 0, where n) = eto/32. Then for \> > cy/logn/n,

we have

A 1 1
P (16, = 6ol = 510 ~ flls, + XN, + A2, + 1))
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logn

c2 )

Proof. The proof follows the line of reasoning of Theorem 2.1 on the LSE.
Define t = to/(1 + ||0, — 64]|@,). Consider the convex combination

Or = 10, + (1 — t)0,.
Using the convexity of the loss function 7, and of the soft thresholding type penalty, we obtain

< cexp[—

— Z’}/ th ZZ ) —+ )\i[n<ét,n)

.J{%§NM—a@»+ﬁmaﬁ
+(1—1) {% ny(Yl- —0.(2)) + Ai[n(e*)}

1n
< — Y_*z 2[11 * )9
< 5 20— (e0) ML

where in the second inequality, we used that 6,, minimizes the penalized loss function over ©
and that 0, € ©. We rewrite this in a convenient form, namely

[ O, = 20)dP 4 X200 < = [ g, = 20)d(Pa = P) 4 X21,(6.)

—|—/<’79* — ’}/go)dp.
By assumption (3.3),
[ 0o = m)aP < 1. - eol /e

Moreover, by assumption (3.4)

/m@,~mwﬁzq@m—%%ﬁ
So we find
w@—w@+&h@us—/mm—mwmﬁPwmmwo

+16. — 6ol3, /€.

We will now apply Lemma 3.4. Fot this purpose, we remark that if In(ém —0,) <n”
follows immediately that also
1

16sm — O]l < n~2. One can show that then also ||6, — Ocll, < %n_ﬁ (this follows from
the same arguments as those used at the end of this proof). We may therefore assume that
L0 — 0%) > n=2. Observe also that 10t — Oul|lco < 1.

NI

it
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_ logn A
| / (i — )Py~ P)| < ey, (By, - 6.).

We show in Lemma 3.4 that

Let B,, be the set

1
P(B.) 2 1 - cexpl——5"].

On B, we find
6”ét,n - 90”2% + )‘i[n@t,n)
<AL (O — 0.) + N2 L, (0.) + [0, — 0013, /e. (3.5)

This inequality is similar to (2.4) in Theorem 2.1, and we may proceed as there. Then
6 = Ooll3, < 2227/ Nl — .l + 110, — Goll3, /e + 2720,

where we now used that for ét,n = Z?Zl O jntj,
Z (OAét,j,n - aj,*)z S ”et,n - H*HQQnu
JEIn
instead of inequality (2.5). The additional term 2A2M,, is due to the fact that «;. may not
be zero for j & J,. )
Invoking [0, — Ool|3), = 5110 — 0115, — 10« — 60l|3,, and € < 1, we find
€, A A 2
§||0t7n - 6’*”22” < 2)‘2 \% NnHetm - Q*HQn + EHH* - HOHQQ” + ZAiMn-
But then
A 8
160 = Ol < —max([16- = bollg., A v/ Ny An v/ M) (36)

Here, we used twice the inequality a + b < 2max(a,b) for positive a and b.
The right hand side of (3.6) is less than 8n/e = tg/4 < ty/2. Since

A 0, — 0.0,
10on — O.lgn = to—Pn—Ollan
L+ 16r — 0],
we find
16~ .o, _ 1
Lt 16n— 0.0, 2

50 |0, — 0., <1, and hence t = to/(1 + ||6n — 0. ]l0,) > to/2. Thus (3.6) gives

R R 16
10 — 0*||Qn = Hetm - 0*||Qn/t < amaX(H@* - HOHQn? )‘i V Ny A/ My).

Hence
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16, = 6o, < 2116, — 6113, + 2016 — boll3,
16
< 2(==)" max([16. = bollg,, ANy Au M) +2[10. = ol
0
1
o

< (10 = oIy, + Ao No + ATM).

Corollary 3.2. Let

0. —arg  min { [P+ i ol > 0}>}

0€0, =3""_, a1
= o
j=1
Take J, = {j : |a;«| > 0}, to find from Theorem 3.1 that under the conditions stated there

!

logn

. 1 1
P (10, — 6l = (10 — Gl + o + 1)) < coxpl-

c2

Theorem 3.1 and its corollary show that for the robust penalized regression estimator,
one has a similar result as for the penalized LSE. Moreover, the robustness condition (3.2)
implies that there exists a universal value for the smoothing parameter, that works well for
all error distributions. The optimal value for the smoothing parameter is as yet not clear.
The empirical process inequality of Lemma 3.4 gives an upper bound A\? > ¢y/logn/n.

The remainder of this section is on the empirical process inequality of Lemma 3.4. Before
stating this lemma, we need the following auxiliary result, where we use the notation a Vb =
max(a,b) (a A b= min(a,b)).

Lemma 3.3. For all M > 0, the following upper bound holds

1
P( sup ‘/’}/.9—’)/0)d<P P)| > 16M ogn)

I.(0)<M n

(M?v1)logn

2 J

< exp[—

Proof. Define the following empirical process

/(79 )

Ui(0) =~v(Y; —0(2)) —v(Ys),i=1,...,n.
An Hoeffding type inequality, proved by MASSART (2000), says that for all u > 0 we have

Z = sup d(P, — P).

I,(0)<M

Set

P (Z>E(Z) +u) < exp {—"8;% ]
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where b,, satisfies

sup Z 1U:(0 Ui(0))ll5 < 0.

In(0)<M =

Here, ||U]|« denotes the sup-norm of the random variable U.
Since v is 1—Lipschitz (condition (3.2)), and ||6]|q, < I,.(f), we have that

Sup Z 1U:(0 Ui(0) 1
<4n sup ||0||2Qn <dn(M?*A1).
In(0)<M

As a result, we find the upper bound b2 < 4n(M?* A1). A symmetrization procedure (see
e.g., LEDOUX and TALAGRAND (1991) or VAN DER VAART and WELLNER (1996)) implies
the following bound:

E(Z) = sup

I, (0)<M n

S -z
1 n

— Ui(6
n;e ()
where the ¢;’s are Rademacher random variables. Using the fact that v is 1-Lipschitz, the

contraction principle in LEDOUX and TALAGRAND (1991, Theorem 4.12) gives the following
bound:

<2E | sup

I.(0)<M

.....

By Hoeffding’s inequality (Hoeffding (1963)) and using results in VAN DER VAART and
WELLNER (1996, Chapter 2.2), we find the bound 6M 4/ log" for last quantity. As a conse-

quence we get
logn nu?
PlZ < 12My| — >1-— —— .
7 < 12My[ == +u] 2 eXp( 32(M2/\1))

logn

Taking u = 44/ =>=M completes the proof of the lemma. U

Lemma 3.3 is used in the next lemma, which is in turn a basic ingredient of Theorem 3.1.
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Lemma 3.4. There exists a constant ¢ such that

|f<’70—79*)d(Pn—]5)\ S logn

p sup > ¢
10-0.lloo<1, In(0—0.)>n~% 1,(0 —0.) n
logn
< cexp[~—3—].

Proof. Without loss of generality, we may assume 6, = 0. We show in the previous lemma
that we have the concentration inequality

1
P< sup |/’Y@ Y0)d(P, — P)| > 16M ogn)

I, (0)<M n

(M?V 1)logn

2 I

Take jo as the smallest integer such that jo + 1 > log, v/n. Then we find

< exp[—

|f(76—70)d(Pn—P)| logn
7.(0) > 32 -

P sup
n"E<I,(0)<1

Jo
1 )
<> s | [tu— - Pl 2 16y 2
=0 I,(0)<2-3 n
logn
< (logy vn + 1) exp[———]
logn
< Cp exp[— ng J.

Moreover,

P( wp L0020 =P logn>

1n(0)>1 I1.(9) N n
- _ 1
<SP sw | [u— (R - P > 16y
o \In(@)<2t! n
- (log n)220+1
<
< ; exp] 5
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4. AN ILLUSTRATION WITH ROUGHNESS PARAMETER P

In this section, we illustrate the consequences of Theorem 2.1 and Theorem 3.1 for a special
case. Consider the set of functions

n

0,={0=> aj, > |ay|* <1}, (4.1)
j=1

J=1

where 0 < p < 2. Here, for p = 0, we use the convention x° = 1 if z is non zero and 0° = 0.
Since the sets ©, are increasing in size as p increases, we may think of p as a roughness
parameter. Thus, the smaller p the “smoother” the functions in ©, will be. At the extremes,
p = 0 implies that there is at most 1 non-zero coefficient, whereas p = 2 only requires that
is within the n-dimensional unit ball.

We will first consider in Subsection 4.1, the case where it is known that for a given p,
tp € ©,. In that situation, one may consider an estimation method without penalty. The
rate of convergence can then be derived from the entropy of ©,. Subsection 4.2 computes
this entropy. In Subsection 4.3, we show that the estimators with soft thresholding type
penalty (which do not require knowledge of p) converge with the same rate as the one found
in Subsection 4.1. Subsection 4.4 discusses the relation with Besov spaces.

4.1. The case p known.

Lemma 4.1. Suppose © C ©,, where 0 < p < 1. Let

pr
), = arg mi Y; — 6(z
0, = arg min ;:1 Y(Y; = 0(2))

be the regression estimator without penalty. When v(£) = £? (the least squares case), assume
that for some K < oo,

max BexplW2/K? < K,
and when the Lipschitz condition (3.2) holds (the robust case), assume (3.4) for 0, = 6.

Then there exist a constant C, depending on K in the LS case, and on p, such that for all
T>C,

A logn, 2-» ng(logn)%e
P(ldn — follo, 2 TEED)) < Coxpl- 51
Proof. This follows from general results in VAN DE GEER (2000, Theorem 9.1 and Theorem
12.3), using the entropy given in Lemma 4.3 below. U

The rate of convergence (logn/ n)QTTp corresponds to the minimax rate over ©,, when the

errors are i.i.d. Gaussian random variables (see DONOHO and JOHNSTONE (1994a)).

The results of VAN DE GEER (2000, Theorem 9.1 and 12.3) can be also used for the case
1 < p < 2, and the resulting rates will then be sub-optimal (i.e. slower than the minimax
rate over O,).
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4.2. The entropy of O,.

Definition 4.2. Let T be a (subset) of a metric space. The 0-covering number N(0,T)

s the minimal number of balls with radius & > 0 necessary to cover T'. The d-entropy is
H(,T) =1og N(0,T).

In our situation, we need entropies of subsets of Ly(Q,). Note that Ly(Q),) is essentially
the n-dimensional Euclidean space R".

Of course, the smaller p, the smaller the entropy. Bounds are given in the next lemma
(where we omit the two extreme but trivial cases p =0 and p = 2).

Lemma 4.3. Consider the following subset of R":
A, ={a=(a1,...,an) 0 D0 |oy]P < 1}, with 0 < p < 2. We have for some constant A,
depending only on p,

2p 1
H(,A,) < Ad 2+ <logn + log 5) , 0> 0. (4.2)

Proof. Let € = 6227 Define for o € A,

No(e) = #{oy 1 |aj| > €}.
Moreover, let
N(e) = 7],
where || denotes the integer part of x > 0.
We have
max N, (€) < N(e).

aGAn
It suffices to have a J-approximation of the coefficients larger than €, neglecting the other
coefficients. That is, let a € A,,, and suppose that for some a,

oy —a” < 8%
loj|>e

In addition, suppose that a; = 0 for all || < e. Then we have

lo—allf <&+ Y Joy* <267,

loj|<e
provided
> )P <
lovj|<e
But this follows from
12 — |2=p+p
§ |O‘J| = § |O‘J|
lovj[<e lovj[<e
|P2—p
< E |O‘J| €
lovj|<e

< err,
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The number of ways to choose N(¢) < n coefficients out of n is

(i) =

Moreover, the d-entropy of a unit ball in Euclidean space with dimension N(¢) is at most
5N(€)log 1 (see e.g. VAN DE GEER (2000)). So, we arrive at

H(V25, A,) < N(e) (5 log% +logn) ,

where € = 5%, and N(e) < e ”. O

4.3. The case p unknown: adaptation.

Lemma 4.4. Let

0, = arg min [% Z’V(Yz’ —0(z)) + )\i[n(ﬁ)]

0O
=1

where I,,(0) is the soft thresholding type penalty (1.3). When ~(§) = &* (the least squares
case), assume that for some K < oo,

max Besp[W?/K < K.

----- n

and when the Lipschitz condition (3.2) holds (the robust case), assume (3.4) for 6, = 6.
Then there exists a constant ¢, which depends on K in the LS case, and which is universal in

the robust case, such that for \,, = cy/logn/n, we have

logn logn

p (nén—eonQn > o >) < coxp[- 18",

2
Proof. As in the proof of Lemma 4.3 we employ the fact that if

n

Z ‘O‘j‘p <1,

j=1
then

No(e) =#{o : |aj| > €} <€’
It is also easy to see that in that case, for p <1,

Mo(e) = > gl = > Jay|' 7t < e

loj| <e logj| <e
Thus, in Theorem 2.1, N,, < A\-?¢, which gives by Corollary 2.2 the result for the LS case.
Moreover, taking in Theorem 3.1, J, = {j : |a o] > A2}, there gives N,, < \,% and
M, < 22077 This yields the result for the robust case. O
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4.4. Relation with Besov spaces. In the literature on adaptive estimation, one often con-
siders so-called Besov spaces B, ,([0,1]%). Such spaces are intrinsically connected to the
analysis of curves since the scale of Besov spaces yields the opportunity to describe the reg-
ularity of functions, with more accuracy than the classical Holder scale. General references
about Besov spaces are BERGH and LOFSTROM (1976), BEsov, IL’IN and NIKOL'SKII (1978),
EDMUND and TRIEBEL (1992) and DEVORE and LORENTZ (1993). This subsection discusses
the link with our roughness parameter p. The notation B, ([0, 1]¢) refers to the case of func-
tions on the d-dimensional unit cube, with “smoothness” o, and where p and ¢ refer to L,-
and Lg,-norms with respect to Lebesgue measure. We will not go into the details, but mainly
want to show that, apart from logarithmic factors, such Besov spaces correspond to a rough-
ness parameter p equal to p = 2/(2s + 1), where s is the “effective” smoothness o/d, and
where we assume p < p (see Lemma 4.5). Similar observations can be found in DONOHO
and JOHNSTONE (1996). The application of Lemma 4.3 then yields a bound for the entropy.
However, in Besov spaces, the coefficients at higher levels tend to be smaller, i.e., there is
more structure than as can be described by our roughness parameter p. As a result, it turns
out that Besov spaces have entropies without logarithmic factors (see Lemma 4.6).

Consider a wavelet basis ;, of L*(Q,) with regularity  such that r > s. We recall
that a wavelet regularity is expressed through its number of vanishing moments, see e.g.
MEYER (1987) or MALLAT (1998). Then a Besov norm is equivalent to an appropriate
norm in the sequence space, that is, the space of the wavelet coefficients, see DEVORE and
LORENTZ (1993) or DONOHO, JOHNSTONE, KERKYACHARYAN and PICARD (1996a,b) We
take a sequence space as a starting point (and consider for simplicity the case corresponding
tod =1 (0 = s) in the Besov interpretation). The coefficients « are now indexed by two
integers: & = {1}, where k runs from 1 to 2/, and where j € {1,2,...,J} can be seen as a
zoom-level.

Let Bs, 4 be the set of coefficients {c;;} that satisfy

s e
Q=

27

J
Z2j((2s+1)§—1)% Z ‘Oéj,k‘p < 1. (4.3)
j=1

k=1

When the a;;, are the coefficients of the appropriate Besov basis, this quantity is equivalent
to the Besov semi-norm. Throughout, we assume s > 0, p > 1, and ¢ > 1. In the Besov space
interpretation, By, , (with J = 00) corresponds (in the sense of norm equivalence) to a Besov
ball in the space Bs,4([0,1]).

Lemma 4.5. Suppose that o = {«;} satisfies (4.3), with
p=2/(2s+1) <min(p,q), and J < co. Then

J 2
SN agulr < T (4.4)

j=1 k=1

Proof. By Holder’s inequality, for a sequence aq,...,ar, and for ¢t > 1,

L L t
Z | < L (Z |al‘t> : (4.5)
=1 =1
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Apply this first with L = J, |a;| = Zf:l | x|?, and ¢t = ¢/p. Then we find

2
1 q

J 27 J 27 P

a—p
DA agulr g <7 DD lajul : (4.6)
=1 | k=1 =1 | k=1

Next, apply (4.5) with L = 27, |a; | = |a;x|?, and ¢ = p/p. This yields

27 . : 27
PAVZd Y
D gl p <277 (O eyl
k=1 k=1
J

Do this for each j =1,...J, and insert the result in (4.6):

)

q

IS

ok

J 27

T DTS gl

j=1 | k=1

S
QD

27

<J 25 (3 lagal)?

j=1 k=1

ST
Qo

27

> lagal?

j=1 k=1

Il

<

N
M~

&2,

k

<k

since

g

Remark 4.1. One can also define spaces B;,, with p = oo and/or ¢ = oco. Condition
(4.3) is then to be understood with the usual adjustments. Note that Bs,, C Bsp.oo-

In our applications, the number of levels J is logarithmic in n. The entropy of the spaces
Bs ;4 can now be bounded by combining Lemma 4.3 with Lemma 4.5. However, it turns out
that this will result in a bound with an unnecessary (logn)-term. The entropy bound without
logarithmic factors can be found in BIRMAN and SOLOMJAK (1963) for the case of Sobolev
spaces, and in BIRGE and MASSART (2000) for the generalization to Besov spaces.

We consider B, ,, as a subset of the Euclidean space R?'~2 with Euclidean norm || - |
(possibly J = oo, in which case R*> should be understood as l5(N)).

Lemma 4.6. Let p =2/(2s + 1) < p. For a constant A depending on p and s,
H(6, By po0) < A5, 6> 0. (4.7)
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Proof. This is shown in BIRGE and MASSART (2000). In fact, they show that the §-entropy for

the L /(Lebesgue measure)-norm, of a Besov ball with radius 1 in B, ([0, 1]?), is bounded
by Aé_%, provided s = % > % -1 O

p

5. LEAST ABSOLUTE DEVIATIONS

The LAD estimator with soft thresholding type penalty is

0, — Y —0(z)] + A2
" ee@,emzl?lam Z| bl Z‘%‘

n
=ty
j=1

Note that this estimator has a certain scale invariance, in the sense that the optimal value
of the smoothing parameter does not depend on the scale of the data. In particular, the
smoothing parameter will not depend on (an estimate of) the variance of the data.

In order to apply Theorem 3.1, we need to verify conditions (3.3) and (3.4). Condition
(3.3) depends on the choice 6, and moreover on the choice of the basis functions 1y, ..., ¥,.
To avoid digressions, we simply take 6, = 6y, so that (3.3) is automatically true.

We will require the boundedness condition (3.5), i.e., that for some constant K,

sup ||0]|00 < K. (6.1)
90

Let us (for simplicity) assume that Wi, ..., W, are ii.d. copies of a random variable W
(with median zero). Suppose W has density fy with respect to Lebesgue measure, and that
for some n > 0,

fw(w) >mn, for all |w| <. (6.2)
Then indeed, one may verify (see also VAN DE GEER (1990)) that (3.4) holds with ¢, =
min(3, 7&). Thus when (6.1) and (6.2) are met, then Theorem 3.1 holds with 6, = 6.

Remark 6.1. It is not a good idea to apply LAD with soft thresholding in the sequence

space. To see why, recall that the empirical coefficients are given by

_ RS 4
a],nzgzm¢j(zl)7]:177n
i=1

Renormalize to 3
Y; =Vndn, j=1,...,n
with expectation (assuming the errors are centered)
Ef/j =Vnajo =90, j=1,...,n
The LAD estimator of 9 is now

n n

5, _arggggl{zm—ﬁmmzzw}.
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Thus, as soon as /nA2 > 1, 4, = 0.

Suppose now that 9y remains bounded, say that |, <1 for all j. This is perhaps not a
natural condition, but it is the sequence space counterpart of (6.1), and we need it in order
to be able to apply Theorem 3.1. But then result of Theorem 3.1 is actually trivial:

1 - 2 1 2 1 2
o > Uio= ~2_ Viet >
j=1 :

N, 1 N, 1
<4 Digl = =2 + — L
= + n Z ‘ ],0| n + \/ﬁ Z |O‘],0‘
J¢~7n ]¢\7n

6. SIMULATION STUDY

In our simulation study, we consider LS and LAD. In the LAD case, we will not restrict
the functions 6 to be bounded in sup-norm by some constant (condition (6.1)).

The signals have been generated using the software MATLAB. We consider the Heavisine
function and the Doppler function with n = 100 observations, and decompose these two
functions onto a wavelet basis using a Daubechies wavelet with 8 vanishing moments.

As error distribution, we considered the standard centered Gaussian distribution with vari-
ance 3, and also the Laplacian (i.e., double exponential) distribution, with mean zero and
variance 3.

The LS estimator is computed using its explicit expression whereas the LAD estimator
must be numerically computed. Since the LAD estimator is defined as the solution of an
Ly-minimization, a standard minimization algorithm does not give good results. It is however
a standard L;-fitting problem. To see why, write ¥; = 0 for i =n +1,...,2n (data augmen-
tation). Moreover, when i € {n +1,...,2n} take ¢;(z;) = A2 for i = j +n , and ¢;(z) = 0
fori# j+mn,j=1,...,n. To obtain the LAD estimator with soft thresholding type penalty,
we now have to minimize over a € R"

2n n
DoIYi=D ().
i=1 j=1

This is a standard L;-regression problem (with 2n observations and n parameters).

Following ideas developed by BRUCE, SARDY and TSENG (1999) for the Huber loss func-
tion, we consider the minimization problem as an optimization problem with Lagrange mul-
tipliers and the associated dual, see for instance ROCKAFELLAR (1970). A primal-dual al-
gorithm with a log-barrier penalty, described by CHEN, DONOHO and SAUNDERS (1999)
provides an efficient numerical method to compute the LAD estimator.

We have looked at 9 cases, corresponding to different values of the smoothing-parameter
A2 including the theoretical optimal value for the Gaussian case \? /o = \/2logn/n = 0.303
that corresponds to the 8" line. The four tables (Figures 4-7) summarize the performance of
the LS and LAD estimators in terms of mean square error (MSE). The numbers represent an
average over 20 simulations. In order to make comparison of L.S and LAD relevant, we have
put on a same line the results with A2 /o for the LS and A\? for the LAD. We also added a line



where comparisons are made for the optimal cases, i.e., smallest |6, — 6o|lo, (corresponding
to different smoothing parameters).

In these simulations, we can see that LAD works better in the Laplacian case, and LS
works better in the Gaussian case (as is to be expected). In the LS case, the value A2 /o =
/2logn/n = 0.303 is optimal when the errors are Gaussian, but it is too large when the
errors are Laplacian.

We show the results for some significant simulations. The LS estimator is represented in
dotted lines and the LAD estimator is represented with solid lines. The figures 1-2 show the
results obtained for the two different functions Doppler and Heavisine with Gaussian noise.
The last figure, figure 3, shows the results when taken Heavisine function corrupted by Lapla-
cian noise. We can observe that LAD catches better the irregularity of the two functions
Heavisine and Doppler, when LS is too smooth. However LAD with a wavelet basis may have
limitations because its ability to estimate spatially inhomogeneous signals might conflict with
the goal of robustness to filter noise.
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Heavisine function Noisy function
6 T T 8 T T

0 50 100 150 0 50 100 150

Lambda2=0,1011 Lambda2=0.3034
6 T T 4 T T

0 50 100 150 0 50 100 150

FIGURE 1
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Doppler

Noisy data

22

50

100

Lambda=0.2821

150 0 50 100

Lambda=0.3034

150

100

150 0 50 100

FIGURE 2

150
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Heavisine Noisy data

23

T T T 8 T T T

20

40 60 80 100 0 20 40 60

Lambda=0.1517 Lambda=0.3034

80 100

T T T 6 T T T

40 60 80 100 0 20 40 60

FIGURE 3

80 100
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Heavisine function with Gaussian errors.

A2 MSE for LS | MSE for LAD
0.0303 (1) 0.7535 0.605
0.0607 (2) 0.5229 0.3994
0.1011 (3) 0.4782 0.3737
0.1517 (4) 0.4934 0.4507
0.2124 (5) 0.4749 0.4612
0.2427 (6)|  0.3451 0.4828
0.2731 (7) 0.2821 0.5003
0.3034 (8) 0.2238 0.5601
0.6070 (9) 0.5852 0.6242
optimum | 0.2238 at (8) | 0.3737 at (3)

FIGURE 4.

Heavisine function with Laplacian noise.

A2 MSE for LS | MSE for LAD
0.0303 (1)|  1.7051 15157
0.0607 (2) 1.010 0.954
0.1011 (3)|  .8201 0.6238
0.1517 (4)| 0.7853 0.58906
0.2124 (5) 0.6021 0.4324
02427 (6)]  0.5925 0.4654
0.2731 (7) 0.5896 0.5870
0.3034 (8) 0.6012 0.6925
0.607 (9) | 0.6238 0.7021
optimum | 0.5896 at (7) | 0.4324 at (5)

FIGURE 5.
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Doppler signal with Gaussian errors.

‘ 2\ ‘ MSE for LS ‘ MSE for LAD ‘

0.0303 (1) 0.5862 0.8103
0.0607 (2) 0.5210 0.7801
0.1011 (3) | 0.3521 0.6610
0.1517 (4) | 0.2625 0.5218
0.2124 (5) 0.2212 0.3451
0.2427 (6) 0.1521 0.2821
0.2731 (7) 0.1330 0.3299
0.3034 (8)| _ 0.090 0.4445
0.6070 (9) 0.3928 0.5510
optimum | 0.090 at (8) | 0. 2821 at (6)

FIGURE 6.

Doppler signal with Laplacian errors.

‘ A2 ‘ MSE for LS ‘ MSE for LAD ‘

0.0303 (1) 0.736 0.901
0.0607 (2) 0.6260 0.7700
0.1011 (3)| 0.5218 0.6101
0.1517 (4) 0.5680 0.5018
02124 (5)| 0.6321 0.3451
0.2427 (6)|  0.7081 0.2821
0.2731 (7) 0.8588 0.8229
0.3034 (8) 0.9097 0.8429
0.607 (9) | 0.9254 0.9545
optimum | 0.5218 at (3) | 0.2521 at (6)

FIGURE 7.

25
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