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Abstract

Sparse linear regression methods generally have a free hyperpa-
rameter which controls the amount of sparsity, and is subject to a
bias-variance tradeoff. This article considers the use of Aggregated
hold-out to aggregate over values of this hyperparameter, in the con-
text of linear regression with the Huber loss function. Aggregated
hold-out (Agghoo) is a procedure which averages estimators selected
by hold-out (cross-validation with a single split). In the theoretical
part of the article, it is proved that Agghoo satisfies a non-asymptotic
oracle inequality when it is applied to sparse estimators which are
parametrized by their zero-norm. In particular, this includes a variant
of the Lasso introduced by Zou, Hastié¢ and Tibshirani [49]. Simula-
tions are used to compare Agghoo with cross-validation. They show
that Agghoo performs better than CV when the intrinsic dimension
is high and when there are confounders correlated with the predictive
covariates.

1 Introduction

From the statistical learning point of view, linear regression is a risk-minimization
problem wherein the aim is to minimize the average prediction error ¢(Y —
67 X) on a new, independent data-point (X,Y), as measured by a loss func-
tion ¢. When ¢(z) = 22, this yields classical least-squares regression; how-
ever, Lipschitz-continuous loss functions have better robustness properties
and are therefore preferred in the presence of heavy-tailed noise, since they
require fewer moment assumptions on Y [8, 20]. Similarly to the L? norm

in the least-squares case, measures of performance for estimators can be de-
rived from robust loss functions by substracting the risk of the (distribution-
dependent) optimal predictor, yielding the so-called ezcess risk.
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In the high-dimensional setting, where X € R? with potentially d > n,
full linear regression cannot be achieved in general: the minimax excess risk
is bounded below by a positive function of % (proposition 2.2). Stronger
assumptions on the regression coefficient 6 are needed in order to estimate it
consistently.

A popular approach is to suppose that only a small number £, of covari-
ates are relevant to the prediction of Y, so that ¢ may be sought among
the sparse vectors with less than k, non-zero components. Estimators which
target such problems include the Lasso [36], least-angle regression [11] (a sim-
ilar, but not identical method [16, Section 3.4.4]), and stepwise regression [16,
Section 3.3.2]. In the robust setting, variants of the Lasso with robust loss
functions have been investigated by a number of authors [22, 34, 6, 44].

Such methods generally introduce a free hyperparameter which regulates
the ”sparsity” of the estimator; sometimes this is directly the number of non-
zero components, as in stepwise procedures, sometimes not, as in the case of
the Lasso, which uses a regularization parameter A. In any case, the user is
left with the problem of calibrating this hyperparameter.

Several goals are conceivable for a hyperparameter selection method, such
as support recovery - finding the ”predictive” covariates - or estimation of
a "true” underlying regression coefficient with respect to some norm on R
From a prediction perspective, hyperparameters should be chosen so as to
minimize the risk, and a good method should approach this minimum. As
a consequence, the proposed data-driven choice of hyperparameter should
allow the estimator to attain all known convergence rates without any a
priori knowledge, effectively adapting to the difficulty of the problem.

For the Lasso and some variants, such as the fused Lasso, Zou, Wang, Tib-
shirani and coauthors have proposed [49] and investigated [43, 38] a method
based on Mallow’s C), and estimation of the ”degrees of freedom of the Lasso”.
However, consistency of this method has only been proven [43] in an asymp-
totic setting where the dimension is fixed while n grows, hence not the setting
considered here. Moreover, the method depends on specific properties of the
Lasso, and may not be readily applicable to other sparse regression proce-
dures.

A much more widely applicable procedure is to choose the hyperparame-
ter by cross-validation. For the Lasso, this approach has been recommended
by Tibshirani [37], van de Geer and Lederer [39] and Greenshtein [13], among
many others. More generally, cross-validation is the default method for cali-
brating hyperparameters in practice. For exemple, R implementations of the
elastic net [12] (package glmnet), LARS [11] (package lars) and the huber-
ized lasso [48] (package hqreg) all incorporate a cross-validation subroutine
to automatically choose the hyperparameter.


https://cran.r-project.org/web/packages/glmnet/index.html
https://cran.r-project.org/web/packages/lars/index.html
https://cran.r-project.org/web/packages/hqreg/index.html

Theoretically, cross-validation has been shown to perform well in a variety
of settings [1]. For cross-validation with one split, also known as the hold-out,
and for a bagged variant of v-fold cross-validation [23], some general oracle
inequalities are available in least squares regression [26, Corollary 8.8] [46]
[23]. However, they rely on uniform boundedness assumptions on the estima-
tors which may not hold in high-dimensional linear regression. For the more
popular V-fold procedure, results are only available in specific settings. Of
particular interest here is the article [32] which proves oracle inequalities for
linear model selection in least squares regression, since linear model selection
is very similar to sparse regression (the main difference being that in sparse
regression, the “models” are not fixed a priori but depend on the data). This
suggests that similar results could hold for sparse regression.

However, in the case of the Lasso at least, no such general theoretical
guarantees exist, to the best of our knowledge. Some oracle inequalities
[23, 30] and also fast rates [17, Theorem 1] have been obtained, but only
under strong distributional assumptions: [23] assumes that X has a log-
concave distribution, [30] that X is a gaussian vector, and [17, Theorem 1]
assumes that there is a true model and that the variance-covariance matrix
is diagonal dominant. Recently, Chetverikov et al. [7] have obtained fast
rates (up to log-terms) for a certain class of conditional distributions (of
Y given X) which are smooth transformations of Gaussian distributions.
In contrast, there are also theorems [5] [17, Theorem 2] which make much
weaker distributional assumptions but only prove convergence of the (in-

sample) error at the "slow” rate O(r4/ %) or slower. Though this rate is
basically minimax [33] for the model

Y = (X,0,) +¢,Ee|X] =0,E}X] <1, X € R |u]|lp <7, (1)

a hyperparameter selection method should adapt also to the favorable cases
where the Lasso converges faster (|21, Theorem 14]); these results do not
show that CV has this property.

Thus, the theoretical justification for the use of standard CV, which se-
lects a single hyperparameter by minimizing the CV risk estimator, is some-
what lacking. In fact, two of the articles mentioned above introduce variants
of CV which modify the final hyperparameter selection step; a bagged CV
in [23] and the aggregation of two hold-out predictors in [5]. In practice
too, there is reason to consider alternatives to hyperparameter selection in
sparse regression: sparse estimators are unstable, and selecting only one esti-
mator can result in arbitrarily ignoring certain variables among a correlated
group with similar predictive power [47]. For the Lasso, these difficulties
have motivated researchers to introduce several aggregation schemes, such



as the Bolasso [3], stability selection [27], the lasso-zero [9] and the random
lasso [45], which are shown to have some better properties than the standard
Lasso.

Since aggregating the Lasso seems to be advantageous, it seems logical
to consider aggregation rather than selection to handle the free hyperpa-
rameters. In this article, we consider the application to sparse regression
of the aggregated hold-out procedure. Aggregated hold-out (agghoo) is a
general aggregation method which mixes cross-validation with bagging. It is
an alternative to cross-validation, with a comparable level of generality. In
a previous article with Sylvain Arlot and Matthieu Lerasle [25], we formally
defined and studied Agghoo, and showed empirically that it can improve
on cross-validation when calibrating the level of regularization for kernel re-
gression. Though we came up with the name and the general mathematical
definition, Agghoo has already appeared in the applied litterature in combi-
nation with sparse regression procedures [18], among others [42], under the
name "CV + averaging” in this case.

In the present article, the aim is to study the application of Agghoo to
sparse regression with a robust loss function. Theoretically, assuming an
L*>® — L% norm inequality to hold on the set of sparse linear predictors, it
is proven that Agghoo satisfies an asymptotically optimal oracle inequality.
This result applies also to cross-validation with one split (the so-called hold-
out), yielding a new oracle inequality which allows norms of the sparse linear
predictors to grow polynomially with the sample size. Empirically, Agghoo
is compared to cross-validation in a number of simulations, which investigate
the impact of correlations in the design matrix and sparsity of the ground
truth on the performance of aggregated hold-out and cross-validation. Ag-
ghoo appears to perform better than cross-validation when the number of
non-zero coefficients to be estimated is not much smaller than the sample
size. The presence of confounders correlated to the predictive variables also
favours Agghoo relative to cross-validation.

2 Setting and Definitions

The problem of non-parametric regression is to infer a predictor ¢t : X — R
from a dataset (X;,Y;)1<i<n of pairs, where X; € X and Y; € R. The pairs
will be assumed to be i.i.d, with joint distribution P. The prediction error
made at a point (z,y) € X x R is measured using a non-negative function
of the residual ¢(y — t(z)). The global performance of a predictor is assessed
on a new, independent data point (X,Y’) drawn from the same distribution
P using the risk L(t) = E[p(Y — t(X))]. The optimal predictors s are



characterized by s(z) € argmin, E[¢p(Y — u)|X = z] a.s. The risk of any
optimal predictor is (in general) a non-zero quantity which characterizes the
intrinsic amount of “noise” in Y unaccounted for by the knowledge of X.
A predictor ¢ can be compared with this benchmark by using the excess
risk ((s,t) = L(t) — L(s). Taking ¢(z) = z? yields the usual least-squares
regression, where s(z) = E[Y|X = ] and £(s,t) = ||(s — t)(X)]|3,. However,
the least-squares approach is known to suffer from a lack of robustness [20,
Chapter 7]. For this reason, in the field of robust statistics, a number of

alternative loss functions are used. One popular choice was introduced by
Huber [19].

Definition 2.1 Let ¢ > 0. Huber’s loss function is ¢.(u) = “;]IMSC +
¢ (Jul = §) Tuise-

When ¢ — +00, ¢. converges to the least-squares loss. When ¢ — 0, %gzﬁc
converges to the absolute value loss x — |z| of median regression. Thus, the
¢ parameter allows a trade-off between robustness and approximation of the
least squares loss.

The rest of the article will focus on sparse linear regression with the loss
function ¢.. Thus, notations s, £(s,t) and £ are to be understood with
respect to ¢..

2.1 Sparse linear regression

With finite data, it is impossible to solve the optimization problem min £(t)
over the set of all predictors t. Some modeling assumptions must be made
to make the problem tractable. A popular approach is to build a finite
set of features (1;(X))1<;j<a and consider predictors that are linear in these
features: 30 € R4 Ve € X t(z) = Z;l:l 6;1;(z). This is equivalent to
replacing X € X with X = (1;(X))1<j<q € R? and regressing Y on X. For
theoretical purposes, it is thus equivalent to assume that X = R? for some d
and predictors are linear: t(z) = 67 x.

As the aim is to reduce the risk £(t), a logical way to choose 6 is by
empirical risk minimization:

. 1 &
0 e in — (Y — 07X,
argmmn;(ﬁ( )

fcRd

Empirical risk minimization works well when d < n but will lead to over-
fitting in large dimensions [41]. Indeed, if d is too large, no estimator can
succeed at minimizing the risk over R?, as the following proposition shows.



Proposition 2.2 Let 0 > 0 and ¥ be a positive definite matriz of dimension
d. For any 0 € R?, let Py denote the distribution such that (X,Y) ~ Py iff
almost surely, Y = (6, X) + oe, where X ~ N(0,X), e ~ N(0,1) and ¢, X
are independent. Then for any n > d,

A 2
inf sup E, _pen [K(QT, H(Dn)T)} > E[min(0252, ca|5|)} (\ [1+ 2d 1) ,
0 oers " ° ™m

where inf, denotes the infimum over all estimators and 87 denotes the linear
functional x — (0, ).

Proposition 2.2 is proved in appendix A. With respect to o, the lower
bound of proposition 2.2 scales as 02 when o < ¢ and as co when o > ¢,
as could be expected from the definition of the Huber loss (Definition 2.1).
With respect to d and n, it scales as % when d < n. Moreover, there is
a positive lower bound on the minimax risk when d is of order n. Thus,
for such large values of d, consistent risk minimization cannot be achieved
uniformly over the whole of R

Sparse regression attempts instead to locate a “good” subset of variables
in order to optimize risk for a given model dimension. The Lasso [37] is now
a standard method of achieving sparsity. The specific version of the Lasso
which we consider here is given by the following definition.

Definition 2.3 Let n € N and let D,, = (X;,Yi)1<i<n be a dataset such that
X; €RY and Y; € R for alli € [|1;n|] and some d € N. Let ¢. be the Huber
loss defined in Definition 2.1. For any r > 0, let

n

. 1

C(r)=  argmin — G (YZ- —q— QTXi) and
(@.0)eRHL:lo]|, <r TV 2_1:
. 1 <&
(4(r),0(r)) € argmin|g+ < 6, = > X; >|. (2)
(.0)€C(r) o

Now let

~

Alesso(r)(Dy) =z — §(r) 4+ 0(r) x.

The intercept ¢ is left unconstrained in definition 2.3, as is usually the
case in practice [48]. Equation (2) is a tiebreaking rule which simplifies the
theoretical analysis.



2.2 Hyperparameter tuning

The zero-norm of a vector ¢ is the integer ||0]|, = [{¢ : 6; # 0}|. Many
sparse estimators, such as best subset or forward stepwise [16, Section 3.3],
are directly parametrized by their desired zero-norm, which must be chosen
by the practitioner. It controls the “complexity” of the estimator, and hence
the bias-variance tradeoff. In the case of the standard Lasso (Definition 2.3

with ¢(z) = x?), Zou, Hastie and Tibshirani [49] showed that Hé(A)H is
0
an unbiased estimator of the “degrees of freedom” of the estimator A(\).

As a consequence, [49] suggests reparametrizing the lasso by its zero-norm.
Applying their definition to the present setting yields the following.

A~

Definition 2.4 For any dataset D,, let (G,0) be given by Definition 2.3,
equation (2) . Let M € N and (r,)1<m<m be the finite increasing sequence
at which the sets {i : 6(r); # 0} change. Let ro = 0. For any k € N let

Myl = max {m € N|“é(rm)“0 =k and ry, < R} :
with the convention max( = 0. Let then
A (Da) = A (1) (Dy). (3)

Let Algsso = Aﬁffgo denote the unconstrained sequence (corresponding to
[49]’s original definition).

A~

‘H(Tm)Hzl < r,, < R has some potential practical

The (optional) constraint

and theoretical benefits. From the practical viewpoint, it allows to reduce the
computational complexity by excluding lasso solutions with excessively large
¢' norm, which may be expected to perform poorly anyway. From a theoreti-
cal viewpoint, it helps control the L? norms of the predictor (A(r,,), X), thus
avoiding inconsistency issues encountered by the empirical risk minimizer for
some pathological designs [31] .

More generally, consider any sequence (Ax),oy of learning rules which
output linear predictors Ag(D,) : & — Gu(Dyn) + (0x(D,), z). To prove the
main theoretical result of this article (Theorem 3.2), we make the following
assumptions on the collection (Ay),cy-

Hypothesis 2.1 For any n € N, let D,, ~ P®" denote a dataset of size n.
Assume that

1. Almost surely, for all k € [|1;n]],

0,(D.,,) )

<k.



2. Forallk € [|1;n]], gx(D,) € argmianQ(Dmék(Dn)) q+ (0,(D,), LS LX),
where Q(Dy, 0) = argmingeg 1 31, 6 (Vi — (0, Xi) — ).

For the reparametrized Lasso given by definition 2.3 and 2.4, hypothesis 2.1
holds by construction.

Moreover, condition 1 is naturally satisfied by such sparse regression
methods as forward stepwise and best subset [16, Section 3.3]. Condition
3 states that the intercept ¢ is chosen by empirical risk minimization, with a
specific tie-breaking rule in case the minimum is not unique.

2.3 Aggregated hold out applied to the zero-norm pa-
rameter

The tuning of the zero-norm k is important to ensure good prediction per-
formance by optimizing the bias-variance tradeoff. Depending on the ap-
plication, practicioners may want more or less sparsity, depending on their
requirements in terms of computational load or interpretability. For this
reason, we consider the problem of selecting the zero-norm among the set
{1,..., K}, for some K € N which may depend on the sample size. This
article investigates the use of Agghoo in this context, as an alternative to
cross-validation. Agghoo is a general hyperparameter aggregation method
which was defined in [25], in a general statistical learning context. Let us
briefly recall its definition in the present setting. For a more detailed intro-
ductory discussion of this procedure, we refer the reader to [25]. To simplify
notations, fix a collection (g, ék)1§k§ i of linear regression estimators. First,
we need to define hold-out selection of the zero-norm parameter.

Definition 2.5 Let D,, = (X;,Y;)1<i<n be a dataset. For anyT C {1,...,n},
denote DI = (X;,Y;)icr. Let then

~ . . 1 A T N T
kr(D,) = min argmmTc‘ .¢ZT¢C (Yi — ge(D,,) — <9k(Dn),Xi>) .

1<k<K

Using the hyperparameter /%T(Dn) together with the dataset DI to train a
linear regressor yields the hold-out predictor

7ho A )
7 (Dn) 12— QET(DH)(DZ) + <0ET(DH)(D’£)7$>‘

Aggregation of hold-out predictors is performed in the following manner.



Definition 2.6 Let T = (T4,...,Ty) be a collection of subsets of {1,...,n},
where V = |T|. Let:

y

0% = 3 2 a0, (D)
=1
1 |4

0 =5 D iy o) (D7)
=1

Agghoo outputs the linear predictor:
72(Dy) rx = ¢F + (07, x).

Thus, Agghoo also yields a linear predictor, which means that it can be
efficiently evaluated on new data. If the ékT p,y have similar support, ég—g
will also be sparse: this will happen if the hold-out reliably identifies a true
model. On the other hand, if the supports have little overlap, the Agghoo
coefficient will lose sparsity, but it can be expected to be more stable and to
perform better.

The linear predictors x — cj,;Ti(Dn)(DTTj) + (é,;Ti(Dn)(DVTj),x) aggregated
by Agghoo are only trained on part of the data. This subsampling (typi-
cally) decreases the performance of each individual estimator, but combined
with aggregation, it may stabilize an unstable procedure and improve its
performance, similarly to bagging.

An alternative would be to retrain each regressor on the whole data-
set D, yielding the following procedure, which we call ” Aggregated cross-
validation” (Agcv).

Definition 2.7 Let T = (T4, ...,Ty) be a collection of subsets of {1,...,n},
where V = |T|. Let:

The output of Agcv is the linear predictor:

YD) = G (05, ).



Agghoo is easier to study theoretically than Agcv due to the conditional
independence: (ék (DT)) 1 kp(D,) |DT. For this reason, the theoret-

1<k<K
ical section will focus on Agghoo, while in the simulation study, both Agghoo

and Agcv will be considered.
In comparison to Agghoo and Agcv, consider the following definition of
a general cross-validation method.

Definition 2.8 Let T = (T4,...,Ty) be a collection of subsets of {1,...,n},
where V = |T|. Let

ks (D,) = mlnargmm—z ng)c( i —q n')—(ék(Dzj),XQ) .

V
1<k<K Z¢T

Let then
0% = Oe (D)
41" = Gicr(p,)(Dn)-
CV outputs the linear predictor
FR (D) s — @ + (05, ).

This makes clear the difference between cross-validation and Agghoo (or
Agev): cross-validation averages the hold-out risk estimates (and selects a
single linear predlctor) whereas Agghoo and Agcv aggregate the selected
predictors (qk ,9 ) If the parameter k is used instead of the kT in
Definition 2.6, thls yields the bagged CV method of Lecué and Mitchell
[23]. This method applies bagging to individual estimators g, Gk, whereas
Agghoo also bags the estimator selection step. When there is a single, clearly
established optimal model of small dimension, the advantages of a more
accurate model selection step (as in CV and its bagged version) may outweigh
the gains due to aggregation. In contrast, when there are many different
sparse linear predictors with close to optimal performance, model selection
will be unstable and aggregation should provide benefits relative to selection
of a single parameter k.

2.4 Computational complexity

There are two types of computational costs to take into account when con-
sidering a (sparse) linear predictor such as f7— (D,,): the cost of calculating
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the parameters ¢57(D,,), ég—g (D) at training time and the cost of making a
prediction on new data, i.e computing fﬁg(Dn)(x) for some z. In this section,
Agghoo, Agcv and cross-validation are compared with respect to these two
types of complexity.

Let (G, ék)1§k§ x be some finite collection of sparse linear regression esti-

6:(Dy)
number of non-zero coefficients. In particular, under point 1 of hypothesis
2.1,8(n) < K. Let V. =|T| and n, = n—n,, where n, is given by hypothesis
(Reg-T) below (equation 4).

mators. Let S(n) = E [max1<k< K ] denote the expected maximal
== 0

Computational complexity at training time Agghoo, Agcv and cross-
validation must all compute the hold-out risk estimator for each subset in T
and each k € {1,..., K}. Let C’hos denote the number of operations needed
for this.

For a given subset T}, the estimators g (D), 6,(DL) must be computed
for all k£, which may be more or less expensive depending on the method. In
the case of the Lasso, the whole path can be computed efficiently using the
LARS-Lasso algorithm [11].

Then, the empirical risk of all estimators must be calculated on the test
set. On average, this takes at least S(n;)n, operations to compute the risk of
the least sparse 6, (n, scalar products involving an average of S(n;) non-zero
coefficients) and at most O(K S(n)n,) operations in general. In particular,
E[Chos] > VS (1)1,

In a next step, Agghoo and agcv compute the minima of V' vectors of
length K, whereas cross-validation averages these vectors and calculates the
argmin of the average. Both operations have complexity of order V K.

It is in their final step that the three methods differ slightly. Agghoo uses
the é,;T (DL) which have been computed in a previous step, whereas Agev

and cross-validation must compute the QA,;T_ (D,) and HAW(Dn), respectively.
The complexity of this depends on the mezthod, but can be expected to be
small compared to éhos, as there is only one estimator to fit instead of K.

Finally, Agghoo and Agcv must aggregate V' vectors drawn from the
0x(DT) and 6,(D,,), with respective complexity O(V.S(n;)) and O(VS(n)),
provided that a suitably ”sparse” representation is used for the ék Assuming
S(n) & S(ny), this is negligible compared to E[Chos).

All in all, Agghoo, Agcv and cross-validation have a similar complexity
at training time, of order E[C’has] + VK, with ]E[C’hos] most likely being the
dominant term.
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Evaluation on new data Given new data z, the complexity of evaluating
q + (0,z) is proportional to ||f]|,. If the sparse estimators 6 perform as
intended and consistently identify similar subsets of predictive variables, then
Agghoo and Agev sould not lose much sparsity compared to CV, as the
9% (D), QETi (D,,) and 6% should all have similar supports.

At worst, if the supports of the ékTZ<D§) are disjoint, Hé‘;—gH may be as
O, (D)

much as V' times greater than éEr”

. In contrast, ‘

should heuristically be of the same order as Hék (Dfl)H — as both k£ and
0

Ty
l;:Tl optimize the same bias-variance tradeoff with respect to the ”complexity
parameter” k . However, this situation is one in which the hold-out is very
unstable, so Agghoo can be expected to yield significant improvements in
exchange for the increased computational cost. The same argument applies
to agcv.

3 Theoretical results

Let n € N and D,, = (X;,Y:)1<i<n denote an ii.d dataset with common

distribution P. Let (qk, ék> . be a collection of linear regressors which
1<k<K

satisfies assumption 2.1. Let 7 be a collection of subsets of {1,...,n}. In this

section, we give bounds for the risk of the Agghoo estimator fﬁg (Definition

2.6) built from the collection (cjk, ék> .
1<k<K

3.1 Hypotheses

To state and prove our theoretical results, a number of hypotheses are re-
quired. First, the collection of subsets T - chosen by the practitioner - should
satisfy the following two conditions.

(Reg—T) There exists an integer n, such that max(3,%) < n, <n and

T c{T c{Ll,...,n}:|T| =n}
T is independent from D,, .

(4)

Let also n, = n — n; denote the size of the validation sets.

Independence of T from D, ensures that for T € T, DI is also iid with
distribution P. The assumption that 7 = (17, ...,7Ty) contains sets of equal

12
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size ensures that the pairs (j,;Ti( Dn)(Df;i), é,;Ti( Dn)(foi) are equidistributed for
i € {1,...,V}. Most of the data partitioning procedures used for cross-
validation satisfy hypothesis (Reg-7 ), including leave-p-out, V-fold cross-
validation (with n —n; = n, = n/V’) and Monte-Carlo cross-validation [1].

To state an upper bound for (s, fﬁg), we also need to quantify the amount
of noise in the distribution of Y given X, in a way appropriate to the Huber
loss ¢.. That is the purpose of the following assumption.

(Les) Let (X,Y) ~ P. Let s denote an optimal predictor, i.e a measurable
function R? — R such that s(x) € argmin, g E[¢.(Y — u)|X = z] for almost
all z € R%. Assume that there exists s and a positive real number 7 such
that .

Py —s(x)| <3 ‘X] > as, (5)

where ¢ denotes the parameter of the Huber loss.

Equation (5) is specific to the Huber loss: it requires the conditional dis-
tribution of the residual Y — s(X) to put sufficient mass in a region where
the Huber function ¢, is quadratic. For example, assume that Y = s(X)+o0¢e
where ¢ is independent from X and has a continuous, positive density ¢ in
a neighbourhood of 0. If the Huber parameter c is proportional to or larger
than o, then a constant value of 1 can be chosen, independently of . On the
other hand, if ¢ < o, the optimal value of 7 satisfies n = n(0) ~= quf)c.

Finally, some hypotheses are needed to deal with pathologlcal design
distributions which can in general lead to inconsistency of empirical risk
minimization [31]. To illustrate the problem as it applies to the hold-out,
consider a distribution P such that 0 < P(X € H) < 1 for some vector
subspace H, as in [31]. Assume to simplify that Y = (0., X) + . Let py
denote the orthogonal projection on H. With small, but positive probability,
X; € H for all i € {1,...,n}. On this event, it is clearly impossible to
estimate 6, — py(0.). L1kew1se the hold-out cannot correctly assess the
impact of the orthogonal components Qk — pH(Qk) of the estimators ; on the
risk, since (0, X;) only depends on py(0),), whereas out of sample predictions
(0, X) may depend on 0, — py(0),) (since P(X € H) < 1). This means that
the hold-out-selected predictors ]?7%_0 may be arbitrarily far from optimal in
general.

To avoid this issue, two sets of assumptions have been made in the littera-
ture. First, there are boundedness assumptions: for example, if the predictors
G + (ék, X) and the variable Y are uniformly bounded, this clearly limits
the impact of low-probability events such as {Vi € {1,...,n},X; € H} on
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the risk. Such hypotheses have been used to prove general oracle inequalities
for the hold-out [14, Chapter 8] [26, Corollary 8.8] and cross-validation [40].
Alternatively, pathological designs can be excluded from consideration by
assuming an P — L9 norm inequality or "small ball” type condition [28, 29]:
this has been used to study empirical risk minimization over linear models
(31, 2].

In this article, a combination of both approaches is used. First, we assume
a weak uniform upper bound on L' norms of the predictors (hypothesis
(Uub)). The bound is allowed to grow with n; at an arbitrary polynomial
rate.

(Uub) Let (X, Yi)1<i<n, = Dy, be iid with distribution P, where n; is given
by hypothesis (Reg-7 ). Let X ~ X; be independent from D,,. There exist
real numbers L, a such that

1. E[maxlgkgm max; <j<n, | (Bx(Dy, ), Xi — EXM < Ln?
2. E[maxlgkgm E [\(ék(Dnt),X _ EX>\|DMH < Lng.

For the Lasso, if R < n;" in Definition 2.3, then hypothesis (Uub) holds
if in addition E[|| X — EX]||_] < ny”*. This is the case if the components
of X have variance 1 and d is polynomial in n, or if the components of X are
sub-exponential with constant 1 and log p is polynomial in n.

Hypothesis (Uub) is much weaker than boundedness assumptions usually
made in the litterature, where typically the L* norm is used instead of the
L' norm, and the bound is a constant rather than a polynomial function of
ng. Point 1 of Hypothesis (Uub) is natural in the sense that an estimator 0,
which violates it cannot perform well anyway: assuming that P(]Y|) < 400
, by definition of ¢, for any (g, 6),

CQ

Elp(Y —q—(0,X))] > cE[|Y —q—(0,X)]] -5

> cB [|q+ (0, X)|] —cE[]Y]]

CQ

2

c c
> 5 E [[(6, X — EX)|] —cE[|Y]]— =.  (6)
Thus, if E [’(ék(Dm), X — PX>” grows faster than n{, then so do the ex-

pected risk and expected excess risk of Ag(D,,). Point 2 of Hypothesis
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(Uub) can be seen as an ”empirical version” of point 1, wherein the inde-
pendent variable X is replaced by the elements of D,,. The lack of inde-
pendence between 0, and X; makes this condition less straightforward than
1. However, by the Cauchy-Schwarz inequality, it is always the case that

E [‘(élﬁXz — PXZ->|} < \/EEKQA;C,X — PX)2]%. Thus, it is enough to suppose

that d and E[(f;, X — PX)?] are bounded by Ln? for some a > 0.

Together with the weak uniform bound (Uub), we assume that for sparse
linear predictors « +— (0, z — EX) with [|0]|, < K, the L* norm is equivalent
to the stronger ”Orlicz norm” defined below.

Definition 3.1 Let Z be a real random variable. Let 1, : x — e* — 1. The
Yr—norm of Z is defined by the formula

| Z||;w; = inf {u >0:FE [wl (%)1 < 1},

with the convention inf @ = +o0o. We say that Z € L if | Z|| v, < +00.

Plainly, || Z||;4, < +oc if and only if Z is sub-exponential; it can be shown
that ||-||,, is indeed a norm.

The constant relating ||-||;+, and ||-||,. is allowed to depend on n, in the
following way.

(Ni) Let (X,Y)~Pand X = X — PX. For any m € N, let

w(m) = sup X0, 1
o20,0],<2m |[(X,0)]|,,  log?2

There exists a constant 1y such that

k() log K(K) < v, | lg(n”—vK) (8)

The interpretation of this hypothesis is not obvious. Note first that x(K)
is a non-decreasing function of K, and in particular,

k(K) < k(d) = sup %
- or0 [[(X.0)] .

Unlike x(K), k(d) is invariant under linear transformations of X: in other
words, it only depends on the linear space V' spanned by the columns of X.
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In particular, x(d) does not depend on the covariance matrix of X, provided
that it is non-degenerate. The inequality ||(X,6)]|,,, < x(d)]|[(X,0)||, can
be interpreted as an effective, scale invariant version of sub-exponentiality: it
states that the tail of (X, 6) is sub-exponential with a scale parameter which
isn’t too large compared to its standard deviation. In sections 3.3 , 3.4 and

3.5, we shall give examples where simple bounds can be proved for x(K) or
k(d).

3.2 Main Theorem

When Agghoo is used on a collection (Ag)i<k<x of linear regression esti-
mators satisfying Hypothesis (2.1), such as the Lasso parametrized by the
number of non-zero coefficients, as in Definition 2.4, the following theorem
applies.

Theorem 3.2 Let X € R? and Y € R be random variables with joint dis-
tribution P such that hypothesis (Les) holds. Let D,, = (X;,Y;)1<i<n ~ P®"
be a dataset of size n. Let n, = n — ny;, where n; is given by assumption
(Reg-T ). Let ¢ denote the Huber loss parameter from Definition 2.1.

Let K be an integer such that 3 < K < eV™ and (Ay)1<k<r be a collection
of linear regression estimators which satisfies hypothesis (2.1). Assume that
hypotheses (Ni) and (Uub) hold.

There exist numerical constants p; > 0, uo > 1 such that, for any 6 € R
such that Vo + 3% <0<,

2
B g . c?log(K' Vng) TuiLelog K
(1=0)E[((s, F7%)] < (1+0)E [ min_€(s, Ax(D,,)] +54(a-+) SV
(9)

Theorem 3.2 is proved in appendix B. Theorem 3.2 compares the excess
risk of Agghoo to that of the best linear predictor in the collection Ag(D,,),
trained on a subset of the data of size n,. Taking |7| = 1 in Theorem 3.2
yields an oracle inequality for the hold-out, which is also cross-validation with
one split. It is, to the best of our knowledge, the first theoretical guarantee
on hyperparameter aggregation (or selection) for the huberized Lasso. That
n; appears in the oracle instead of n is a limitation, but it is logical, since
estimators aggregated by Agghoo are only trained on samples of size n,.
Typically, the excess risk increases at most by a constant factor when a
dataset of size n is replaced by a subset of size 7n, and this constant tends
to 1 as 7 — 1. This allows to take n, of order n (n, = (1 —7)n), while losing
only a constant factor in the oracle term.
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In addition to the oracle, E [minlgkgK (s, Ak(Dm))] , the right hand side

of equation (9) contains two remainder terms. Since K < ny, the second of
these terms is always negligible with respect to the first as n,,n; — 400 for
fixed L, c. Assuming that n,,n; are both of order n, the first remainder term
is O(*%2) with respect to n. In comparison, the minimax risk for prediction
in the model Y = (0,,X) + ¢,[|0.]|, < ki,e ~ N(0,1) is greater than a
constant times % by proposition 2.2. Thus, if more than logn independent
components of X are required for prediction of Y, the remainder term can
be expected to be negligible compared to the oracle as a function of n.

As a function of a scale parameter o in a model Y = s(X)+oe, where ¢ is
distributed symmetrically around 0, the remainder term scales as é, where
n depends only on o and on the fixed distribution of e. When 2 is lower

bounded and if ¢ is sufficiently regular, then % = O(co) (see the discussion

of hypothesis (Lcs)). In that case, the rate co is the same as in the minimax
lower bounds of Proposition 3.2, and can therefore be considered correct.
When 2 — 0, % ~ c? is suboptimal for Gaussian distributions oe, where the
correct scaling is 0% (by Proposition 2.2 and a simple comparison with least
squares). However, Theorem 3.2 makes no moment assumptions whatsoever
on the residual Y — s(X) - thus, it is logical that the parameter ¢, which
controls the robustness of the Huber loss, should appear in the bound.

In equation (9), there is a tradeoff between the oracle and the remain-
der terms, governed by the tuning parameter # € (0;1]. 6 must be larger
than a positive constant depending on «, vy and n; as a result, Theorem
3.2 only yields a nontrivial result when 1y < #ﬁ Note that hypothe-

sis (INi), which defines vy, allows vy to decrease with n as fast as IOEL”,

in case k(K) is a constant - as when X is gaussian (see section 3.3 be-
low). Assuming only that vy = rp(n) — 0 and that the remainder term is

negligible compared to the oracle, equation (9) proves that E[é(s, Aﬁg)] ~

]E[minlSkSK U(s, Ax(D,,))| by taking 6 = 6,, — 0 slowly enough - an ”opti-
mal” oracle inequality.

3.3 Gaussian design

In the case where X € R? is a Gaussian vector, (§, X — EX) follows a
centered normal distribution. As a result, x(K) - defined in equation (7) - is
a fixed numerical constant, equal to max(||Z|| v, , @), where Z ~ N(0,1).
It follows that for any fixed v, hypothesis (INi) holds as soon as is
large enough.

Ny
log(ntVK)
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Moreover, for Gaussian design, it is possible to show that the Lasso esti-
mators of Definition 2.4 satisfy hypothesis (Uub) for any R > 0 (including
R = +00), as long as Y has some moments and K isn’t too large. More
precisely, hypothesis (Uub) holds with L, a independent from R. This leads
to the following corollary.

Corollary 3.3 Assume that X € R is a Gaussian vector, that for some
u € (0;1], Y € L' and that hypothesis (Les) holds. Let R € R U {+oo}
and let f7* be the Agghoo estimator built from the collection (Affj;fo)

Assume that ny > 13 + g and

. ng Tt 2(nt — ].)
<K< . 1
3 < K < min (lognt’logd’ 5 > (10)

1<k<K"

There exist numerical constants us, us such that for all 6 € [%\ / 105:“; 1}
and all g € R,

1<k<K

(1-0)E [e(s, A;zg)] <(1+0E [ min e<s,A§3;;0<Dm>>] 49438 BT
HgC

N

+ eV IV —dgllpiea)

Corollary 3.3 allows to take § — 0 at any rate slower than ,/los—vm, SO

that the asymptotic constant in front of the oracle is 1. The constraint (10)
imposed on K by Corollary 3.3 is mild, since there are strong practical and
theoretical reasons to take k£ much smaller than logtm anyway: this enforces
sparsity — minimizing computational complexity and improving interpretabil-
ity — and allows better control of the minimax risk (Proposition 2.2). Equa-
tion (10) serves only to prove that éi“j}f" satisfies hypothesis (Uub), hence it
could be replaced by a polynomial bound on R and on X — E X, as explained

in the discussion of hypothesis (Uub).

3.4 Nonparametric bases

Given real random variables U € [a,b],Y € R, a linear model may be a poor
approximation to the actual regression function so(U). A popular technique
to obtain a more flexible model is to replace the one-dimensional variable U
with a vector X = 1;(U)1<j<a,, where (1;)1<j<q, spans a space of functions
W,, known for its good approximation properties, such as trigonometric
polynomials, wavelets or splines ([16, Chapter 5]). d, is practically always
allowed to tend to 400 as n grows to make sure that the approximation error
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of s by functions in Wy, = ((¥j)1<j<a,) converges to 0. In this section, we
discuss conditions under which Theorem 3.2 applies to such models.

It turns out that most of the classical function spaces satisfy an equation
of the form

VfEde,HfH <,UCL b \/ Hf“L2 ([a,d]) »
where pi(a, b) is some constant independent of d,, [4, Section 3.1]. By replacing
Y;(r), defined on [a;b], by v¥;(3=2) defined on [0;1], we can see that the

(0 1) . Thus, if the distribution
of U dominates the uniform measure on |a, b] in the sense that for some
po > 0 and any measurable A C [a,b], P(U € A) > £ [, dx, then

correct scaling with respect to a, b is p(a, b) =

T

0,1
VF € Wa [ FU)] e < M(ﬁo) V1O

In particular, if W, contains the constant functions - which is the case with
splines, wavelets and trigonometric polynomials - then equation (7) holds
with x(d,) of order /d,. Thus, equation (30) of hypothesis (Ni) holds
under the assumption that d, < uyy

Tog
that n, and n; are both of order n (for example a V —fold spht with fixed

V'), this assumption is mild: as a consequence of [14, Theorem 11.3] and
approximation-theoretic properties of the spaces Wy, [10], taking d,, <3 g2 ,
for example, is sufficient to attain minimax convergence rates [35] [14, The-
orem 3.2| over standard classes of smooth functions.

Note that even though x(d,) =~ v/d,, this does not in general imply that
k(K) = O(VK): for example, in the case of regular histograms on [0, 1],

Uy = VI, iy 0 ““@’fjj““; = \/d, and when U ~ Unif([0;1]), £(1) ~q, 400
Vd,. The property x(K) = O(vK) does, however, hold in the case of the
Fourier basis: as a result, d,, may be arbitrarily large, and only bounds on

K (the maximal zero-norm of the estimators) are required. We examine this
case in detail in the following section.

3.5 The Fourier basis

Suppose that real variables (U,Y") are given, and that we wish to find the
best predictor of Y among 1—periodic functions of U. Let s, denote the
minimizer of the risk E[¢.(Y —¢(U))] among all measurable 1—periodic func-
tions on R. For all k € N, let ¢ (z) = v2cos(2mkx) and by (7) =
V2sin(2rkr). Let X = (v;j(U))i<j<d, where d € N and d > 2. One can
easily show that s,..(U) = s(X), where s minimizes P[¢.(Y — ¢(X))] among
measurable functions ¢ on R?. By taking d large and using sparse methods,
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it is possible to approximate functions s,., which have only a small num-
ber of non-zero Fourier coefficients, but potentially at high frequencies, as is
commonly the case in practice [15].

Let (Qk,ék)1gk§K be a collection of sparse linear regression estimators
satisfying hypothesis 2.1 and let #; denote the predictor #; : & + Gp(D,,) +
(0x(Dy,), ). Given this initial collection of linear predictors, Definition 3.4
below constructs a second collection (qk,ék)lgkg x which also satisfies hy-
pothesis (Uub) under an appropriate distributional assumption (Corollary
3.6, equation (14)).

Definition 3.4 Let (cj’k,ék)lngK be defined by

~ A 3
(Gr, Ok) if HekHﬁ <n/

(q~/€a ék) =
(4,0) otherwise,

(11)

where

G(Dy,) € argmin [g|

qu(Dnt)
Q(D,,) = argmin Z (Y — q).
qeR i—1

For any k, let ty : @ = Gu(Dy,) + (0x(Dy,), x).

By construction, ((jk,ék) also satisfies hypothesis 2.1. Replacing ((jk,ék) by
(Gr, 0x) may improve performance and cannot significantly degrade it, as
proposition 3.5 below makes clear.

Proposition 3.5 Assume that Y € L* for some a € (0,1] and let g, € R.
If

16 4
oz (12,4 1010~ . ). (12

for some numerical constant j19 > 0,

. ~ . - H10C 2 4
< 2y — '
B | i (s8] < B | min ¢ + 25 (v 2RIy — ) 3

Theorem 3.2 can be applied to the collection (g, ékhgkg K, which yields
the following Corollary.

20



Corollary 3.6 Assume that U has a density py such that

f (t > po > 0. 14
té%l)ZpU +4) = po (14)

Assume that there exists n > 0 such that almost surely,
c
P()Y = surlU)| < 5) 20

There exists a constant pg > /8 such that, if

K < po (9”> i (15)

to ) log” ny

for some 6 € (0; 1], then

3 °1 Klog K
(1= OE[(s 7)] < 1+ OE| min t(s,8)] + 27022 + bk log

1<k<K Onn, On?.\/n,

(16)

If the 1—periodicity of s, represents (say) a yearly cycle, then Equation
(14) states that each "time of year” w € [0;1] is sampled with a positive
density, i.e that the density of U—|U | is lower bounded by a positive constant

po on [0;1]. This ensures that equation (7) holds with x(K) of order ,/ pﬁo,

log nt

2
so that hypothesis (8) reduces to K < py (%Z) " n particular, if 0 is

constant and n, is of order n, then K is allowed to grow with n at rate

1oZn- This is a reasonable restriction, as by Proposition 2.2, one cannot

eXpect to estimate more than

n
logn

coefficients with reasonable accuracy (a

10 convergence rate being too slow for most practical purposes).
gn
Corollary then deduces an oracle inequality with leading constant M

(arbitrarily close to 1) and remainder term of order a log" , which is typlcally

negligible in the non-parametric setting of this corollary For this reason,
corollary 3.6 can be said to be optimal, at least up to constants.

3.6 Effect of V

The upper bound given by Theorem 3.2 only depends on T through n, and
n;. The purpose of this section is to show that for a given value of n,,
increasing V' = |T| always decreases the risk. This is proved in the case of
monte carlo subset generation defined below.
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Definition 3.7 For 1 € [%, 1} and V€ N*, let TTf be generated indepen-
dently of the data D,, by drawing V' elements mdependently and uniformly in
the set

{T o] [T = [rn]}.

For fixed 7, the excess risk of Agghoo is a non-increasing function of V.

Proposition 3.8 Let U <V be two non-zero integers. Let T € [%, 1}. Then:

E [as, fa?ﬁﬂ] <E [ﬁ(s, fa%)} .

Proof Let (1;)iz1,...v = T Let T={I C[|1;V]]: [I| = U}. Then

-----

Forany I € 7, (T3)ier ~ T and is independent of D,,, therefore % doier f10 ™~
mec This yields the result. ]

It can be seen from the proof that the proposition also holds for Agcv.
Thus, increasing V' can only improve the performance of these methods. The
same argument does not apply to CV, because CV takes an argmin after
averaging, and the argmin operation is neither linear nor convex. Indeed,
no comparable theoretical guarantee has been proven for CV, to the best of
our knowledge, even though increasing the number of CV splits (for given 1)
generally improves performance in practice.

22



Proposition 3.8 does not quantify the gain due to aggregation. This gain
depends on the properties of the convex functional ¢ — £(s,t), in particular on
its modulus of strong convexity in a neighbourhood of the target s (assuming
that at least some estimators in the collection are close to s). Moreover, as
for any loss function, the gain due to aggregation depends on the diversity
of the collection (f£°)1<i<v: the more the hold-out estimators f/° vary with
respect to T, the greater the effect of aggregation.

More precisely, under hypothesis (Lcs), we can prove the following im-
provement to Proposition 3.8.

Proposition 3.9 Let (X,Y) ~ P be independent from D,,. Assume that P
satisfies hypothesis (Les). For anyi € {1,...,V}, let E;(c) denote the event

|(f7° —s)(X)| < 5|. Then for any V €N,

Ta o V-1 o o 2
E s, Fi5,)| <E |0, J1)| - 0~ F [(le - ) <X>HE1<C>HE2<C>] .
(17)
When ((s, f1°) is small enough, the event E\(c) occurs with high probability.

As a consequence, if E [6(3, J?Thlo)} < %, then

B (605, Fi5)] < B [0, 7] ' dea | (7 - F) 0] a9

where Med[Y'| denotes the largest median of a random variable Y.

Proposition 3.9 is proved in appendix C.3. It quantifies the gain due to
aggregation in terms of the parameter ¢ of the Huber loss, the constant 7
given by hypothesis (Lcs) and the distance between two hold-out estimators
that are close enough to s. Taking ¢ — +o00 recovers the least-squares case,
where 7 = 1 and there are no constraints on fﬁo — 5. Only two indices
1,2 appear in the right-hand side of equation (17): that is a consequence
of the exchangeability of the collection (}%O)lgigv for Monte-Carlo subset
generation. The same result also applies to V —fold Agghoo, since it also
yields an exchangeable collection. For arbitrary 7T, all distinct pairs of indices
would have to be considered.

Going beyond proposition 3.9 requires giving nontrivial lower bounds on

~ 2
( f7131° — fT2°> (X), which is no easy task, given the complex dependencies

involved. Results in this direction have only recently been obtained in the
setting of least-squares density estimation [24, Chapters 5-6].

A few general heuristics apply: first, if there is one learning rule Ay, in the
collection which is much better than the others, the hold-out can be expected
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to select it most of the time: in that case, Agghoo reduces to bagging, and
potential gains depend on the stability of Ay,. In contrast, if there are many
rules Ay which are close to optimal, while being distant from each other, then
the gains of aggregation can be expected to be large, even if the individual
rules A, are stable.

4 Simulation study

This section focuses on hyperparameter selection for the Lasso with huber
loss, either using a fixed grid or using the reparametrization from Definition
2.4. The methods considered for this task are Aggregated hold-out given
by Definition 2.6, Aggregated cross-validation given by Definition 2.7 and
standard cross-validation given by Definition 2.8. In all cases, the subsamples
are generated independently from the data and uniformly among subsets of
a given size 7n, as in Definition 3.7. Thus, all three methods share the same
two hyperparameters: 7, the fraction of data used for training the Lasso, and
V', the number of subsets used by the method.

For the huberized Lasso with a fixed grid, the hqreg raw function from
the R package hqreg [48] is used with a fixed grid designed to emulate the
default choice: a geometrically decreasing sequence of length 100, with max-
imum value \,,.; and minimum value \,,;, = 0.05\,,,... The fixed value of
Amaz 18 Obtained by averaging the (data-dependent) default value chosen by
hqreg raw over 10 independent datasets. To compute the reparametrization
given by Definition 2.4, we implemented the LARS-based algorithm described
by Rosset and Zhu [34], which allows to compute the whole regularization
path.

[i.d training samples of size n = 100 are generated according to a dis-
tribution (X,Y), where X € R and Y = w! X + ¢, with ¢ independent
from X. To illustrate the robustness of the estimators, Cauchy noise is used:
e ~ Cauchy(0,0). The performance of Agghoo and cross-validation may
depend on the presence of correlations between the covariates X and the
sparsity of the ground truth w,. To investigate these effects, three para-
metric families of distribution are considered for X, in sections 4.1, 4.2 and
4.3.

The risk of each method is evaluated on an independent training set of size
500, and results are averaged over 1000 repetitions of the simulation. More
precisely, 1000 training sets D; of size n = 100 are generated, along with 1000
test sets (X ;,Y/;)1<i<s00, each of size 500. For each simulation j and any
learning rule A,y among the six obtained by combining Agghoo, monte carlo
CV and AGCV with either a fixed grid or the zero-norm parametrization,
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the average excess risk

500
1

Rj(A, T, V) = % Z |:¢C (Y;t] - AT,V(D]'XXz{,j)) - ¢C (Yltj - S(XZ/J))]

=1

is .computed on the test set for all values of V' € {1,2,5,10} and 7 €
{H:1<i<9}.

4.1 Experimental setup 1

1 1 e 1 d . . . . ]
X is generated using the formula X; = Tl > jo1 Ui—jZj, where Z; are in-
. . _ 2.332;2
dependent standard Gaussian random variables, u; = Ijj<cope 2¢0” and

cor € N is a parameter regulating the strength of the correlations. The
regression coefficient has a support of size r = 3 x k drawn at random from
[|1;1000]], and is defined by w, ;j = u, 4(;), where g is a uniform random per-
mutation, u,; = bif 1 < j < kand u,y; = 2if 2k +1 < j < 3k, with b
calibrated so that || Xw.|;» = 1. The noise parameter is o = 0.08, while the
Huber loss parameter c is set to 2 — a suboptimal choice in this setting, but
convenient for computing the huberized Lasso regularization path.

Choice of 7 parameter For all methods, in most cases the optimal value
of 7is 0.8 or 0.9, similarly to what was observed in the rkhs case [25], where
7 = 0.8 was recommended. Table 1 displays the quantity

Mean [(]%j(A, V) — Rj(A, Ti, V))1§j§1000]
Sd [(Rj(A, V) — Ri(A, ., V))lgjglooo]

G’(A, V)=

Y

where Sd denotes the (empirical) standard deviation and 7. the optimal
choice of 7, 7. = argmin, (o o9, Mean [(}?j(A, T, V))lgjglgoo] . Thus, val-
ues of G(A, 7,V') bigger than a few units suggest that 7 is suboptimal to a
statistically significant degree. When 7. = 0.9, G/(A,0.8,V) is displayed in
black on table 1. When 7, = 0.8, G(A,0.9,V) is displayed in blue on table
1. Exceptions where 7, ¢ {0.8,0.9} are highlighted in red, with the value
min (G(A, 0.8,V),G(A,0.9, V)).

Most of the exceptions 7. ¢ {0.8,0.9} occur on the column r = 150,
cor = 1, while most of the others are of low statistical significance, with

values less than 1.1 on the fourth column (r = 60 and cor = 1). Thus, table
1 confirms the claim that 7, € {0.8,0.9} for all methods, in most cases. For
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grid agghoo, 0—norm agghoo, grid agev and V' > 5, 7, € {0.8,0.9} for all
simulations. Comparing now 7 = 0.8 and 7 = 0.9, grid agghoo and 0—norm
agghoo with V' > 5 show a clear pattern: 7 = 0.9 is better or as good as
7 = 0.8 in all cases except r = 150, cor = 1 where 7 = 0.8 is significantly
better. For other methods, results are not so clear and the difference in risk
between the two values of 7 is often insignificant.

Choice of V' For all methods considered, performance is expected to im-
prove when V is increased, but by how much? If the performance increase is
too slight, it may not be worth the additional computational cost. In figure
1, the mean excess risk for the optimal value of 7 is displayed as a function of
V', with error bars corresponding to one standard deviation. The scale used
for the vertical axis in each graph is the average excess risk of the oracle with
respect to the fixed grid over the A parameter. Quantifying performance as
a percentage of the oracle risk, when cor = 15, Agghoo improves by roughly
20% from V = 1to V = 2, by roughly 10% from V' = 2 to V = 5 and by a few
percent more from V = 5to V = 10. CV with the standard grid behaves sim-
ilarly in these two simulations, while CV with the zero-norm parametrization
shows much less improvement when V' is increased. Thus, taking V' > 5 is
advantageous, but there are clearly diminishing returns to choosing V' much
larger than this. For CV with the zero-norm parametrization, V' = 2 seems
sufficient in these simulations .

Comparison between methods From figure 1, it appears that grid agev
is a very poor choice, being worse than both grid agghoo and grid cv for all
values of V' when r = 150, cor = 15 , and being the worst of all the methods
for V> 2 when r = 24, as well as highly unstable, as the size of the error
bars clearly shows.

Interestingly, 0—norm agcv behaves much better, being the second best
method when cor = 1, and very close to the best when r = 24 and cor = 15.

Generally speaking, of the two types of parametrization of the Lasso, the
zero-norm parametrization appears to perform better than the standard grid
when correlations are small (cor = 1), while the performance is significantly
worse when r = 150 and cor = 15.

Comparing now Agghoo and CV, Agghoo appears to be better than CV
when V' > 2 in situations where r is larger (r = 150). This seems to hold
for both the standard parametrization (grid agghoo) and the zero-norm one
(0—norm agghoo). The relation is reversed for small r, with CV performing
better than Agghoo for all values of V' when r = 24.

26



(excess risK) / oraclie

(excess risK) / oracie

w
-

1.0

10 11 12 13 14 15

0.9

Performance as a function of V for r = 150, cor = 15 Performance as a function of V for r = 150, cor = 1

o
— grid agghoo A — grid agghoo
- — gridev - — gridev
é grid agev grid agev
---- 0-norm agghoo - ---- 0-norm agghoo
0-norm cv 9] 0-norm cv
0-norm agev 8 0-norm agcv
—
[e]
~
—~
X
2]
________ . =
""""" 4 »
------- g
"""""" A 13)
A x
S .} ()
—_— o
4
o8}
07. 4
2 4 6 8 10 S 2 4 6 8 10
Performance as a function of V for r = 24, cor = 15 Performance as a function of V for r = 24, cor = 1
0 ] .
- — grid agghoo
— gridev
grid agev
< - 0-norm agghoo
g - 0-norm cv
0-norm agev
g
Om
~ 7]
—_
4
2]
S
oY
n L
o A A—
‘ 3] e 7 4
— grid agghoo x T <
— gridev [CJh i I 2 R
grid agev - ~3:A é\@
0-norm agghoo Do T A
0-norm cv e A
0-norm agcv O 4
3 1 & & 1 5 & & & 1

Figure 1: Performance relative to the oracle, as a function of V
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Further studies The previous simulations suggest that Agghoo performs
better than CV in the case of high intrinsic dimension. This behaviour is
logical, since the cross-validated Lasso will ignore some predictive variables
when there are too many of them, and randomized aggregation may help
recover more of the support. However, the effect of correlations is unclear.
Experimental setup 1 mixes different types of correlations: correlations be-
tween predictive variables, correlations between predictive and non-predictive
variables, and correlations among non-predictive variables. It is possible that
one type of correlation favours Agghoo while another favours CV.

To gain a more accurate idea of when Agghoo is advantageous over CV,
two more settings are studied, considering separately correlations among pre-
dictive variables, and between predictive and non-predictive variables. Since
previous simulations showed that 7 = 0.8,0.9 and V = 10 were the optimal
parameters, only those parameters will be considered in the following.

Since the choice of lasso parametrization did not seem to affect the relative
performance of Agghoo and CV, we only consider the standard parametriza-
tion, as it is more popular and also easier to use in our simulations. Agcv
is not considered either, since it was discovered to be unreliable in previous
simulations.

4.2 Experimental setup 2: correlations between pre-
dictive and noise variables

Let r be the number of predictive variables and let each predictive covariate
have s "noise” covariates which are correlated with it at level p = 0.8. As-
sume that s < d, where d is the total number of variables. Let (Z})i<j<r,
(Zji)1<j<ra<i<s and (Wy)i1<k<d—rs be independent standard gaussian vari-
ables. For any j € [|0: 7 —1|] and any ¢ € [|1;5]], let Xj54; = \/@ZJOH +
\/OﬁZjHﬂ- and for rs <1 < d, let X; = W;_,,. For the regression coefficient,

choose w, = ”;’:ﬁ‘L , where u = (I)(j—1)Lj<rs)1<j<q. Let then Y be distributed
2

conditionnally on X as Cauchy({w., X),0.3). The loss function used here is
¢, with ¢ = 2.

Results Figure 2 shows a bar plot of the average excess risk of CV and
Agghoo as a fraction of the average risk of the oracle. 90 % error bars were
estimated using a normal approximation. Parameters used for Agghoo and
CV were 7 = 0.9 and V = 10 (7 = 0.8 yields similar result).

Overall, Agghoo’s risk relative to the oracle significantly decreases as the
zero-norm of w, increases from r = 10 to r = 50 , as was observed in section
4.1 . For r = 25 and r = 50 separately, the risk relative to the oracle
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significantly decreases as s increases from 2 to 10. For r = 10, this trend is
unclear due to the random errors.

In contrast, CV’s performance relative to the oracle shows no statistically
significant trend either as a function of r or as a function of s.

As a result of these trends, Agghoo performs significantly worse than CV
for r = 10 and significantly better when r = 50, especially when s > 5.
When r = 25, CV performs significantly better than Agghoo for s = 2 and
s = 5 and they perform similarly when s = 10 and s = 20.

4.3 Experimental setup 3: correlations between pre-
dictive variables

We consider now predictive covariates which are correlated between them,
and independent from the unpredictive covariates. As above, let r denote
the number of predictive variables and p > 0 be the level of correlations. Let
Zo, (Zi)1<i<r and (W;)1<i<a—r be standard Gaussian random variables. The
random variable X is then defined by X; = \/pZy+ /1 —pZ; for 1 <i <r
and X; = W,_, forr+1 <i <d. As in section 4.2, the regression coefficient
w, 1s a constant vector of the form ”)?u;ﬁ‘ﬂ, where this time u = (ngig,n)lggd.

Y is distributed conditionnally on X as Cauchy((X, w,),0.3) and the loss
function used is the Huber loss ¢s.

Results Figure 3 shows a barplot generated in the same way as in section
4.2. Parameters used for Agghoo and CV were V' = 10 and 7 = 0.8, which
is optimal in this case for both Agghoo and CV.

As in previous simulations, Agghoo’s performance relative to the oracle
improves significantly when the intrinsic dimension r grows from 25 to 200,
for a given value of p. The decrease in relative risk is faster for small values
of p. As a result, Agghoo performs best, relative to the oracle, when p = 0.2
for r = 200, whereas best performance seems to occur at p = 0.5 for smaller
values of r, up to random errors.

For cross-validation, the relative risk seems more or less unaffected by the
dimension r, but shows an increasing trend as a function of p for all values
of r.

As a result, Agghoo performs better than CV for » = 200 and for r = 100
and p = 0.2,0.5. For r = 200 and p = 0.2, Agghoo even performs signifi-
cantly better than the oracle! This is possible, since the Agghoo regression
coefficient éfrg does not itself belong to the Lasso regularization path.
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r=150 | r =60 r=24

method 5 1 |15 1 |15 1
1 grid agghoo 22 27130 27105 5.6
2 grid agghoo 25 21131 14110 7.9
3 grid agghoo 25 6835 0606 11.9
4 grid agghoo 0.7 72|37 1.1|45 16.7
5 grid cv 1.0 39|16 01]12 1.5
6 grid cv 08 50(26 05|14 1.1
7 grid cv 14 28|15 08|05 3.7
8 grid cv 20 26129 1116 59
9 grid agev 1.0 39116 01|12 1.5

03 2014 19|03 0.8
03 2205 0705 1.1
05 04100 0308 1.0
1.3 41120 0305 5.6
3.0 14(32 13|19 9.2
40 6.7]51 33|40 13.7
46 73|70 37|52 185
43 94143 1120 3.9
1.9 72|18 44|48 27
27 53124 33|15 0.7
6.1 46|54 3506 0.1
43 94143 1.1]120 39
1.9 58124 45|59 35
21 19(10 40|57 3.7
45 1033 36|73 3.9

10  grid agev

11  grid agev

12 grid agev

13 0—norm agghoo
14 0—norm agghoo
15 0—norm agghoo
16 0—norm agghoo
17 O0—norm cv

18 0O—norm cv

19 0O0—norm cv

20 O0—norm cv

21 O—norm agcv
22 O0—norm agcv
23  0—norm agcv
24 0—norm agcv

— — — —_ — =
e R e R e R e R e A R R I S

Table 1: G(A,7, V) for sub-optimal 7 € {0.8,0.9} and various distributions.
Colours show optimal 7,: blue for 7, = 0.8, black for 0.9, red when 7, ¢
{0.8,0.9}.
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5 Conclusion

Aggregated hold-out (Agghoo) satisfies an oracle inequality (Theorem 3.2) in
sparse linear regression with the Huber loss. This oracle inequality is asymp-
totically optimal in the non-parametric case where the intrinsic dimension
tends to 400 with the sample size n, provided that an LY — L? norm in-
equality holds on the set of sparse linear predictors. The condition holds for
gaussian vectors and for classical approximation spaces in non-parametric
regression. In the case of the trigonometric basis, this approach yields an
oracle inequality in which the total dimension d does not appear.

When Monte-Carlo subsampling is used (Definition 3.7), Agghoo has two
parameters, 7 and V. Theoretically, it is shown that Agghoo’s performance
always improves when V' grows for a fixed 7. Simulations show a large
improvement from V' =1 to V = 5 in some cases, but diminishing returns
for V> 5. With respect to 7, simulations show that 7 = 0.8 or 7 = 0.9
is optimal or near optimal in most cases. In particular, a default choice of
V' =10, 7 = 0.8 seems reasonable.

Compared to cross-validation with the same number of splits V', simula-
tions show that Agghoo performs better when the intrinsic dimension r is
large enough (r = 150 in section 4.1, r = 50 in section 4.2 and r = 100
in 4.3) for n = 100 observations and d = 1000 covariates. Correlations be-
tween predictive and non-predictive covariates, which increase the number
of covariates correlated with the response Y, clearly favour Agghoo relative
to CV and the oracle, whereas the effect of correlations between predictive
covariates is ambiguous.
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A Proof of Proposition 2.2

The proof follows the same lines as the proof of [31, Theorem 1], with some
differences due to the non-quadratic risk.

Since 6 is allowed to depend on 3, which is positive definite by assump-
tion, we can always replace the X; by Z_%Xi. Thus, it can be assumed
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without loss of generality that 3 = [,,. Using the notation of Proposition 2.2
0%, 07) = Elp.(0e + (0. — 0, X)) — ¢e(0¢)],

where £, X are assumed to be independent from the sample D,,. Since ¢, X are
independent, centered normal variables, oe + (0, — 6, X) is centered normal,
with variance o2 4 |6, — 6|3

It follows that

(6T, 67) = 5.0 + 116 — 0112)—gu(0), where g.(x) i= Elgo(x2)] for Z ~ N(0,1).

Let also geo(r) = (77 + 02) - g.(0), so that £(67,67) = g (6. — 0]],).

Consider the prior 1Ty, = N(0, f\’—iId) on .. Then a classical computation
[31] shows that the posterior 7, = II(-|D,) is gaussian and centered at the
ridge estimator

. . 1 <&
O = (S0 + Ma)™ = D ViXs,
=1

where f]n is the empirical covariance matrix. Fix a sample D,, and let 0 ~ T
be independent from e, X. Notice that

E[Vet(07,07)] = E[X¢(0z + (0 - 0, X))]
—E [XE[gb;(as (-0, X))|XH .
Set now 6 = HA,\m. Since 6 ~ ,, knowing X, <9~ — QAAM,X) is centered

normal and independent from e, which is also centered normal. Tt follows
that E[¢.(ce + (6 — 6, X))|X] = 0, since ¢/, is an odd function. This shows

that QAML is a Bayes estimator with respect to the prior II, and the loss
function /.
Thus, for any estimator 6,

S Ep, o [(BD)T61)] 2 B, [Ep, e [(67.67(D))] ]

> Ep.otty |Ep,ppn [0607,05,(D0)]|

_ [ ®n 0r AT
= oy [P [0 ,00)] |

0(0F,07) = ge0 (|10« — 0]],), so by convexity of £(AT,-), g., must be convex.
Hence, by Jensen’s inequality,
2}) '

E [0, 67,.(Du)] = geo (B [[|6 = 0rn(D2)
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_ [0«
Under P%, Y, = <\F,\’Xi> + 0¢g4, SO

0.
VA

Z&V (Sn 4+ M) X,

QML—@ —(E + Ay)~ ( ZXXT 0. —l—aaiXi)—
(E —l—)\[d)
\/_ \/_
= VA, + M) 0, + = (S, + M) X

VA, + A)~ +n;e( + M)
Since d < n, f]n is almost surely non-degenerate. It follows that

n
g &
—§ e X1 X;
n <

i=1

Let 7, = 230", £:X-1X;. By Fatou’s lemma,

f [ .

SUpEp, pen |(67.67(D2)] 2 e (ElIFall)

Since the ¢; are iid normal N(0,1) and independent from the X;, condition-
nally on Xy,..., X, 7, is centered normal, with covariance matrix

O'2 - 02
—1 T —1 _ —1
EE SXXTE =
i=1

It follows by lemma A.1 that

Ellall, [(X:)1cicn] = \/%%\/Tr(igl).

By convexity of the function M +— /Tr(M~=1) on the positive definite ma-
trices (lemma A.2),

E[[1F ) > \/E%,/Tr (B[S)1) = a@@
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Since g. is non-decreasing and convex,

. 2 /d
SupEDTLNPG@;" [€<0*T70T<Dn))i| > Ye,o (U - _)

*

By definition, g.(z) = E[¢.(xZ)], where Z ~ N(0,1), so
0g.(0) = 0E[Z¢.(0Z)] = o E[min(0 2%, c| Z])).
This proves the proposition.

Lemma A.1 Let Y ~ N(0,%) be a gaussian vector, where 3 is positive
definite. Then

2
IR ENEN o)
Proof Let Yy =X"2Y ~ N(0,I,;). Then
ElYIL) = B |5y |

o[y

Thus, the lemma is equivalent to

5 2
YT, >4/=.
O Tr(x) 0] = \/;

Let ¥ = % Let ¥y = QT DQ, where D is diagonal and @ is orthogonal.

Let Ay, ..., Ag be the diagonal coefficients of D (that is to say, the eigenvalues

of ). Then
E {\/ YOTEOYO] —F MQ%)TD(Q%)] :

As @Q is orthogonal, QY ~ N(0, I), so

1755 -7 -
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The coefficients \; are positive (since ¥ is positive definite) and sum to 1
(since Tr(Xg) = 1 by construction). It follows by Jensen’s inequality that

d
E [\/ }/E)TEOYE):| > B ZMYOJ

i=1

= EHYO1H

2
=1/ = since Yy ~ N(0,1).
T

This proves the lemma. |

Lemma A.2 The function f: M — /Tr(M~1) is convex over the convex
cone of positive definite matries.

Proof Let M be a positive definite matrix. Let H be a small, symmetric
perturbation. Then

(M +H) " = (Ig+ M7 H) ™ M
= (Lo = M7 H + (M7 H)? + o | H|[*) M~
= M7 = MUHM T 4 (MH)? M+ of||H]P).

Therefore,
Tr(M+H)™) = Tr(MY=Tr(M*HM )+Tr(M~ H)> MY +o(||H||?).

For any positive real a > 0, vVa+h = y/a + ﬁa — ;_2% + o(h?). Tt follows
that ‘

N _ . DM HM
VIH(M 4+ H)™) = V(M) = = s
Tr((M-YH)2M1) - Tr(M-*HM™1)? -|-0(||H||2)
2/Tr(M-1) 8Tr(M~1)2 ( ')
19
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For any two matrices A, B, let (A, B) := Tr(M~2 ABTM~z). It is easy to see
that this defines a scalar product. Thus, by the Cauchy-Schwarz inequality,
Tr(M"HM™")? = Tr(M >M *HM 3M )
= (MTEHME L)
< Iy, L) (M2 HM ™5, M~ HM~2)
=Tr(M"Tr (M "HM'HM™)
=Tr(M Y)Tr(MH)*M™).
Thus,
Tr(M-*H)2M™Y)  Tr(M-2H)?
2¢/Tr(M-1) 8Tr(M-1)2

Tr((M—*H) M)
Tr(M-1)

> 0.

3
> 2
-8

By equation (19), this proves that the Hessian of f at M is non-negative
definite. ]

B Proof of Theorem 3.2

The idea of the proof is to apply [25, Theorem 17] using suitable functions
(@) .2y

In this proof, we shall adopt the following notational conventions. The
notation P, E will be reserved for probabilities and expectations which involve
the sample D,,, (or D,,). For a (possibly random) function f : R x R —
R, P(f) = P(f(X,Y)) will denote the expectation taken with respect to
(X,Y) ~ P only (ignoring the potential randomness in the construction of
f). The notation E will be used for any other expectation. Moreover, for
any measurable function ¢ : R? — R, we denote

[tllo,p = 18X g, p 3 = E(X)][ Lo where (X,Y) ~ P
[#lly, o = NECXD) Ly, 5= [1ECX) ][ foy where (X, V) ~ P.

For a random function  : w + (2 — t(w)(x)), let

),

t

a,P tA(X)Ha,P Fwi

with a similar definition for Hf || VLP

Fix a dataset D,,, K € {1,...,n;} and for any k € [|1; K[]?, let t =
Ap(Dy,) : x = Ge(Dp,) + (0x(Dy,), z). More precisely, to apply [25, Theorem
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17], one must show inequalities of the form H (w;,ws, (fk)lgkgK): for all
r>2,

P(‘@(fk(x) Y) = ¢e(ti(X | ) <rl [wl( (s, k) +wi( 5(8751))]2

X |:’LU2( E(s,fk)) +w2( f(s,fl))]r_Q ,
(20)

where wq, wo are non-decreasing functions. Since ¢, is Lipschitz, it is enough

to control ||fk — 1 and ka -1 by functions of £(s, ;) and £(s, ;).

le,P Hz,P

B.1 A few lemmas
Lemma B.1 Let X be a non-negative random variable such that
Vee R, P(X >x) <ae™®,

where a > 1. Let g € L*(Ry, e *dx) be an increasing, differentiable function.
Then for allb e Ry,

“+oo
Ely(X) T Sa [ e go)dn
b
Proof

400
E [g(X)Lxs] = / P (g(X)Lxs > u) du

“+oo

=oOPX 20+ [ P 2w

+o00
—gWPX 20+ [ P () 2 g0) g0
<g(b)P(X >b)+ a/b+oo e "¢ (v)dv since g increases

< g(b)P(X > b) — ae bg(b) + a/b h e Yg(v)dv
+oo
a/b e ’g(v)dv.

IN
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Lemma B.2 Let Z be a random variable. Then for all r > 2,

r=2 L

BZ*] < E[|Z|| = E[| Z]'] .
In particular, if ||Z|| ;. < ke ||Z]|;2 for some r > 2,k, > 0, then ||Z]|;. <
ke 2] -

Proof Let p = ::; > 1, % =1- 117’ a= %, then by Holder’s inequality,

E[2%) = E[|Z|*| 2>
< E[|Z]) E [|2]2C-] 7 .

e 1 r—2 1 _ r—2 _ 1 _ 1 _
Now by definition, > = r D a—l—m—:,pa—pxz—?—land
2_1
42— a) =1
P
_2-5
=7 _r=2
r—1
2(r—1) = (r—2)
r—1—(r—2)
=T
Assume now that [|Z||;. < &, ||Z|| 2. Then
2
1Z1}2 = E[Z7]
r—2 1
< E[|Z|]|— E[|Z]']—
r—=2 _r_ _r_
< 1215w 120"
It follows that L, . o,
121 72" < w1215
which yields the result. [ |

Lemma B.3 Let Z be a 11— random variable. Then for all r € N,

1217 < 2701 21|70,
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Proof By definition of || Z||; 4, and Markov’s inequality

Z
P ( > x) < 2e7”.
1 Z1] px

It follows by lemma B.1 that

A " +oo
E {(—) } < 2/ z"e *dx
1 Z]] 0

< 2r!(moment of an exponential distribution).

Lemma B.4 Let Z be a yy—random variable such that || Z|| ¢, < K[| Z] 12,
where k > /2. Then for all integers r > 2,

E[Z2"] < rB[Z%] (4 + 4log &) | Z]| )"

Proof Since 2 > 1, the statement is true for r = 2. Consider now r > 3.
Let b > 1 be a real number to be determined later. Then

EZT<E Zrﬂzszauzum} tE [Zrﬂzzbnzum}

_ — - Z "
<222 B4 120 B | (17— ) T
12\ pwr ) TP =
By definition of ||Z||;+, and a Chernoff bound, the variable ¥ = H ZHZ -
L¥1

satisfies P(Y > x) < 2e™7 for all z, therefore by lemma B.1,
+oo
BZ) <V |21 B2 + 220 [ vei
b

An easy induction argument shows that

+o0 r r! X
r_—t _ i
/ the 'dt = E jlb]e
b ]:0 N

It follows that

1
i

E[Z7] <02 2|50 BIZ%) + 2| 2] r7e™ )

J=0
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Let b=4+4logk > 4+ 2log2. Then for all r > 3,
1 1 1 1 1
Z = T — +2br—2+23 ihr—i

N\ Hr— T r—1
=i b b <

o111
P e T R
=Pttt ” bZ]'

1+1+1+1+1+
_b3 b 20 6 24

< 0.36.

J=0

S| \_/
VR

)

|

[\]

|

N —

|

=
~

As a result, for all r > 3,

ElZ"] < br 2N 2N BIZ°) 4 0.72 |1 2], rlbe™

We now prove that for all ¢ > b, t > 2logt 4 2log k. For all t > 4,

d 2 1

—21 — 21 =1—-—-> -
dt[t ogt og K| ;2 2,

therefore
t—4
t—2logt > 4—210g(4)+T
t—4
>

M ‘

t > 2logt+2log(k). In particular,

It follows that for all t > 4+4log(k) = b, t
< % therefore

b?e b < b? exp(—2log(b) — 2log(k)

. oo 1
E[Z% +0.72||Z ||} 0, r'b 2@
E[Z72
=2 2002 B2 4 072 | 2 vl A2 )
1 Z1] 701

B(7) < 6” 2|12

=%
Al A

Lemma B.5 There exists a constant pg such that, for any sub-exponential
random variable Z and any k > \/5,

121l e < &l 2]l = 121l < porlog s (1 Z]] -
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Proof By lemmas B.3 and B.2, for all r» > 3,
1Z]l2 < (27 6r) 7= (|Z]] -

Remark that

and

d 2\ d2logr, 2 1_logr
%10g<”_2>_$[r_2]_7‘—2[; T—Q}SO

for r > 3 since logr > 1 and -5 > %. Let r = 3 + log(x) > 3. Thus,
2 2

rr—2 < 33-2 = 9 and

(2%,«;7’)ﬁ <2X9Xrrr2

< 18(3 + log(k))k x  TFoECR)

2log(k)
< 18(3 +1 —
< 18(3 + log(k))k exp <1+log(n)>
< 18¢%(3 + log(k))k.
The conclusion follows since by assumption, log x > log(v/2) > 0. [ |
B.2 Controlling the ); norm ka — tAlH% P

First, let us bound the supremum norm by the L? norm.

Claim B.5.1 For any k € {1,..., K}, recall that t, = A(D,,). Then:

~ ~

b =1, < V2r(K) ||i, —

V(k, 1) € {1,...,K}?, bl p

a.s. .

Proof Let X be independent from D, and observe that for any k,
B (X) = by + 07 (X — PX),

where by, = ¢ + 07 (PX) (using the notations of hypothesis 2.1). Note that
1

11|y, .p = 7553- Hence, by the triangle inequality,

N A 1 - N N A
(X)) = t(X)|, p < @Ibk —bi| + H(Qk — )" (X - PX)’

P1,P
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By hypothesis ék’Ho < k. Thus, if K > max(k,[),
2K. The definition of x (equation (7)) implies that

élH <k+i<
0

~

te(X) — t(X

by — by| + K(K) H(ék ~ )X - Px)|

o

< ﬂm(K)\/\Ek — bl + H(ék — )" (X - PX) i
= V2 (K) [[t(X) = (X)), -

Hd’lp_ 10 2
< w(K) [\z}k |+ H(ék —)7(X - PX)

A uniform bound on the Orlicz norm is also required.

Definition B.6 Let

E[5] can be bounded as follows.

Claim B.6.1 Assume that hypotheses (Reg-T ), (Uub) hold and that for
some A > 0, k(K)log(k(K)) < A\/n;. Then

5 2 2410\ 1
E[3] < Ln, "
18] = <log2 + | log log 2| i

Proof Let (k,1) € {1,..., K}2. Defining X; = Xi—nit >t X; and changing
variables in hypothesis 2.1 from (g, 6) to (b =q+ < 0, nit St X >, 9), we

can rewrite ¢ as

tr(z) = b(Dn,) + 0x(Dy,) (x -— Zx>

where

be(Dy,) € argmin |}
b€Q'( Dy 0k(Dny))

Q(Dm,@) —argmm—Z(bC( Z—b—QTX>

beR Tt
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Therefore, differentiating with respect to b,

k= 0L%) ~0

Assume by contradiction that
3> 0,Vi € [|1;n], b + b+ 0L X, < b + 67X, (21)
Let b be such that (21) holds. Then by monotony of ¢, for all ¢ in [0; ],

2
:_Z¢ — b, — 0I'X;)
4

b NT
n—tZap bk—§—9 X))

A%

v

v

b T
n—tzfp bl+§—9 X))

v

—Z¢ = b e — 07 X))
ny

> — — b —0r'X
> LSS
=0.
It follows that
b LSS iy by LSy TR
VF’:E[O, 2]7nt;¢c( k—¢€ k ) nt;¢6( 1 +€ l )
(22)
By integration, this implies that for all £ € [0; g],
(b +2) € Q' (D 0u(Dny) ) (23)
(b~ 2) € Q' (Duis0(D2) ) (24)

If b; > 0, then for small enough ¢, (24) contradicts the minimality of 1b1|.
On the other hand, if b, < 0, then averaging (21) over i € {1,...,n} yields

b, +b < b <0.
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Then for € € [0; 2], (23) contradicts the minimality of |b|. Thus, (21) leads
to a contradiction. Let ¢ be such that Z;k + égXl > I;l + élTXZ Then

[;l — Bk (Qk — 91) i maX | Qk — 91) X {

i=1,...,

Exchanging k and [ yields

|bl—bk|< max‘ Gk—el) X‘<2 max‘ Hk—Hl) (Xz_PX)l

1<e<ng 1<i<ng

Let X ~ X; be independent from D,,,. For any k, I,
. A A 1 & A
(e — 1) (X)] < [b = x| + | (6 — 6)T(PX — n—ZXM + [ (6 — 0)" (X = PX)|
t

< 3 max
1<i<ny

(0 — )T (X, — PX)‘ +|(6 — 6)7 (X — PX)].
As X is independent from D,,, conditionnally on D,,, by hypothesis 2

Htk —tl T~ Imax

(O — )" (X; — PX)‘ + H(ék —0)"(X —PX)’

P1,P

max

~ log 2 1<i<nm (O — 0" (X — PX)‘ + K(K)P <<ék — 0, X — PX>2>E

Hence, by lemma B.5,

0, — 0,7 (X; — PX)

—~

lelP = log2 ISidn,

+ por () log(n(K))P (|(0 — 01, X — PX)|)

3 ) ANT
S 10g2 1I<Ilz§i§t (9k — 9[) (Xz — PX)
log?(k(K)) 55
KP?—=~"2"2p(l(h, — 0, X — PX)|).
+ por(K) | loglog 2| (|< S >‘>

Thus, by the hypotheses of claim B.6.1,

A 6L 2#0)\2 1
E[ } < o Lnle.
bl = loant + | log log 2| "

2L 14«
log 2t -

The result follows since for all n, > 3, ==ng <

) 10g2
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B.3 Proving hypotheses H (w; 1, W;2, (fk)lgkg()
The following lemmas will be useful.

Lemma B.7 For any (u,v,a,b) € RY,

max(u(a -+ b), v(a + b)) < (max(v/ua, voa) + max(v/ub, v/ib) ) g
Proof
(max(\/@, Vva) + max(Vub, \/Eb)>2 = max(ua, va®) + max(ub, vb®)
+ 2 max(v/ua, v/va) max(vub, v/vb)
> max(u(a + b),v(a + b)?).
|

Claim B.7.1 Letlx(u) = P [¢.(Y —u) — ¢.(Y)|X]. Let s(X) € argmin, g lx(u);
s is a risk minimizer. Under hypothesis (Les), almost surely, for any u € R,
d2

c ¢
S(X)—§ §u§s(X)+§ == wﬁx(u) > .

As a result, for any u € R,

Ux(u) = €x(s(X)) = S (u—s(X))* if Ju— s(X)| <

l\DI\‘\S

P — s(X)] if Ju — s(X)| >

v
|

Proof Recall that
72

6:(x) = 5

Then ¢(z) = sgn(z)(Jz| Ac) and ¢ (x) = Ij;)<.. By differentiating under the
expectation, almost surely, for any « such that [u — s(X)| < ¢

Slp<e + c(l2] — )]I|w\>c

%gx( ) = 2P [po(Y — 1) — 6.(Y)|X]
= P¢/(Y —u)|X]
= P[lY —u| < ¢|X]
> PlY — s(X)|+ [u—s(X)| < c|X]
> P yY—s(X)|§g\X
2> 1.
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This proves the first equation. Since s(X) is a global minimum, it follows
that, for any v € [s(X) -5 s(X) + %]7
n(u — s(X))?

Ux(u) — lx(s(X)) = 5

() — Cx(s(X)) > (u — s(x)) XEENH5) = bl6(X))
> (u— (X)) 2"
> T (u— (X))
Similarly, for u < s(X) — 5, {x(u) — €x(s(X)) > % (s(X) — u). This proves
the lemma. -

We now relate the L? norm to the excess risk in the following Proposition.

Proposition B.8 Let (X,Y) ~ P be random variables. Let ¢. be the Huber
loss with parameter ¢ > 0. Assume that P satisfies hypothesis (Lcs). Let
(f1, f2) : X = R? be measurable functions. If for somer > 2, ||f1 — fall, p <

k[ f1 = fally ps then

= 2ol < (s /T ) (e VTGS, )

=l ot
where wy(r, Ky, ) = max (%ﬁx, %2%2 ke 2o ).

In particular, there exists a constant pg such that, whenever || f; — f2”¢1 p <
k| fr = follyp for some k > 2,

A= bl < (il VI ) + s VI 1)) (29)

2v/2¢

V7
3+log 2 log(u)
log 2 X Sup,,>3 €xXp < w—2 |-

where wy(k, 1) = max( x,%nlog(l-@)ﬁ). One can take uz = 16e* x

Proof Let fi, f> satisfy the hypotheses of proposition B.8. Let U = f;(X),V =
fo(X), S = s(X) where

S(X) € argmin P[6.(Y — u) — ¢.(Y)|X].

ueR
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Let
Z = P[¢C(Y - U) +¢C<Y - V) - 2¢C(Y - S>|X]

Notice that in the notation of claim B.7.1, Z = {x(U) +{x(V) —2(x(S) and
in particular, P[Z] = {(s, f1) + £(s, f2). Define the event A = {|U — S| <
5.V =S| < 5}. By claim B.7.1,

(U—-V)Ia<2[(U -5+ (V-5 Lv_si<cliv-si<g

4
< —ZI4. (26)
1

Let » > 2. By lemma B.2,

P(U = V)Is] < PU = V[Iae] =1 P[[U = V|'Tye] 7
< PU VL] P[U — V|7
= P(|U — VILe] = |Ify — foll T2
< PU = VILa] = 657 | fy = falli7

By definition, on A¢, max(|U — S|, |V — S|) > £, therefore by lemma B.7.1,

35
8
U — VL < 2max(|U = S|, |V — )4 < Al

It follows that

r—2

YAPwarWﬁ

P(U-V)I4] < (%

(27)

From equations (26) and (27), it follows that

Ife = fellop = P [(U—V)?]
= P [(U=V)La] + P [(U — V)*Lac]
< %P[ZI[AH (%)TP[ Ll T A
< 2max éP[Z] (§> - PZ] e | f1— f Hﬁ
< 7 s ne T 17 J2lig2,pP :
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Therefore, either || f; — f2||2p , 8 [0(s, f1) + £(s, f2)] or

r—2
r—1

8
= Al <2 (2) 7 P I - plE

r—2

— Ifi- hM1<2T1(%Pm>”

r—1 2r_ 8 2
¢$Hﬁ—ﬁ@y§@”%2(—Pwo

nc

2r 2
= |fh- f2||;,P Sl (%) [(s, fr) + (s, f2))?

In either case,

Finally, by lemma B.7,
) 2
||f1 _f2||27p S (wO(Ta Ry, g(&fl)) +w0(7”, Rr, €<Svf2))) ) (28)

where wy(r, kK, x) = max <2f x, ;12’ 2 2:1:2). This proves the first equa-
tion. Let now r = 3 4 log(x) > 3. By lemma B.3,

r—1 I =l 1 r__r_
27”—2/.{7’(72 < 2r—2 27‘—27"7‘—2 Kr—2

2 2
< 8rxrr—2Kr-2

2
< 8(3 + log /i)/ﬂ’% exp <log(/£)m)

< 72(3 + log k) ke?

since 7 — 772 decreases on [3; +00], as shown in the proof of lemma B.5.
Let ji5 = 576¢2 X (1 + ﬁ) . Then for all x > 2,

272l 2 < 8 rlog(k).
It follows from equation (28) that
2 2 2
iy = Fall3 o < (w106, /25, 1)) + (s, /7G5, 12))
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where w; (K, z) = max (2—:/[%‘33:, %ﬁlog(/{)ﬁ).
|

We are now ready to obtain functions (w; ;) j)ef1;2)2 such that H (ﬁ;i,l, W; 2, (fk)lngK)
holds. In the following, fix K € [|1;n;|] and write k = k(K) for short. Be-
cause the Huber loss ¢, is c—Lipschitz,

Vu, v € R, [p(Y —u) — ¢.(Y —v)| < cJu —v].
Therefore, for all » > 2,
P [(¢e(Y = t1(X)) = ¢e(Y — 4(X)))"] < P ([tu(X) = G(X)]).

Let py = @ + 4. By claim B.5.1, ||fk - tAlel’P < V2K

by lemma B.4, since £ > 15 > /2,
P [(6e(Y — (X)) — ¢o(Y — (X))’
< (=i, (mactos(vR) [l — il )
2 ) (selon (V30 VB [ = il )

Using the notation of Proposition B.8, let

t — lez P hence

<rt (¢l — iy

=w K ) = max 2—\/§Cx@ klo K)ax?
By Proposition B.8,
P [(¢e(Y = (X)) = ¢e(Y — 4(X)))"]
< (wA( (s, 1)) + wa( E(s,fﬂ))

< (WEH log(v/2r) (waly/ £(5. 1)) + wa e<s,t1>>>)r_2,

which proves H (wA, 14V 25 log(v/2K)w 4, (fk)lngK). Now by Definition B.6
and lemma B.3,

P [(¢e(Y = k(X)) = ¢e(Y — 4(X)))"] < P [[tx — 4]']
S 2rlc” ka - tAl

<2rlc"p",

I,
P1,P

which proves H <f/—%, %, (fk)lngK)
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B.4 Conclusion of the proof

We have proved that H (wA, 114V 25 log(v2kK)w 4, (fk)lngK) and H (\C/—%, %’é, (fk)gkg}()
hold, where w, is defined in Proposition B.8. It remains to apply [25,
Theorem 17] and to express the remainder term as a simple function of
¢, Ny, Ny, K, L, K and a. We recall here the definition of the operator ¢ used
in the statement of that theorem.

Definition B.9 For any function h : Ry — Ry and any & > 0, let
§(h,€) = inf{z € R, : Vu >z, h(u) < Eu?},
The following lemma will facilitate the computation of 6(wa, -).

Lemma B.10 Letr > 0,5 > 0 and h,4(x) = (y/rx)V sz?. Then §(h, 4, &) <
oo if and only if £ > s and then §(h,s, &) = ‘/T;
Proof To find 6(h, s, £), notice that given the definition of §(h,. s, £), the con-
dition s < £ is obviously necessary for the infimum to be finite. Assume now
that £ > s. For any u > \/T;’ then £u? > \/ru as well as u? > su? (since we
assumed ¢ > s), therefore éu? > h, (u). Thus by definition, §(h,., &) < %
(in particular, d(h,s,&) is finite). Furthermore, by definition of 6(h, s, &),
V(s €) < E0(hr sy €)?, that is 6y, §) > . u

The following claim can now be proved.

Claim B.10.1 Assume that hypotheses (Reg-T ) and (Les) hold. If K €
{3,...,e¥™} and b > 1 are such that

V2k(K) log (ﬂwq) < M33M41 /Sbf;; —, (30)

then applying Agghoo to the collection (.Ak)lngK yields the following oracle
mequality.

~ , - AlogK  Tlog K piicLni™
(1—O)E[l(s, [75)] < (1 + G)E[lg}C?Kﬁ(s,tk)] + 5460b o =

B

2
Wy, Wa o = (/2K 10g(\/§l'€)’w,4, r = (6?0 — 1) log K and it remains to bound
the remainder terms (Rs;)1<i<4. Now assume that equation (30) holds.

B

Proof Theorem [25, Theorem 17] applies with wy ; = \/ﬁ,uﬁl,g = T gy =
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Bound on Ry, (0) = V20E {52 (wAa g\/ 02b?ggK):|

By (29), we can apply lemma B.10 with s = “—7]3\/5/1 log(V2k), 1 = %
and £ = 1, /=" By (30),

2 blog K*
M3 Ty
= —V2kl 26) < | ——— =¢&.
s nfﬂog(\/_ﬁ)_’lélblog[( £

It follows by lemma B.10 that

5 Ny _2\/§c 4blog K
Y\ ogk ) T T N e

Hence,
8c? 4blog K 2log K
Ro1(0) < v20°5 2B < 4pp 8 (31)
n Ty Ny
Bound on R,5(0) = %E [52 (M\/ﬁn log(V/2k)w 4, %Ggﬂw)]
By (29), we can apply lemma B.10 with s = paps(VRIog(WRR)? .

n

%(ﬁnlog(ﬁﬁ)? and { = g, By (30) and since n < 1,

o Hapa(V2rlog(v2r))?
0

< (%ﬁ 1ogw§,f>)2

Ty
4blog K~

<

Therefore,

by lemma B.10

) ((M4\/§Hllog(\/§/§))w‘4’ 9_2 Ny ) < 2v/2¢q14 NG log(\/ﬁn)4blogK

4 0?blogK ) — n
4 blog K
<~ JIPOB R e (30).
M3 \ 22 U]

Hence, since 0,1 € [0; 1],

62 blog K 2log K
RQQ(@) S 51602& S 89()0 08 .

Ty Ty

(32)
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Bound on Ry3(0) = (9 + [1+10—g E 52 ]

T — \/g therefore, 5(ﬁ, vn U) is the unique nonnega-

)

tive solution to the equation

C—B = /Nyt~ = 17 = b
V2 ! V20,
It follows that ) .
2L iy =2
(\/5’\/71_) /27%

Since K > 3 by assumption, log K > 1 and

2(1+log K) < 5log K

9
+ 7 =Ty

By equation (33),
4log K cE[S]

R23(9) = pK0%b—1 \/—

Bound on Ry4(f) = i (9 n 2(1+1ogK)+1og2 K) [52<cﬂ U)]
52 (Cﬂ nv) is the unique nonnegative solution to the equation

N N

cf3 2 2 _ cf

7:711,.% < X

2n,
which yields ) R
2 (L n,) = L
27 o,
Moreover,
2(1 +log K) +1log® K _ 5 log? K
gy 2L Flos ) Flog K 5y o los
0 0 0
log® K
< 0 0? since K > 3.

Therefore, since by assumption K < n; < eV,

6log? K cE[f] < 3log K cE[f]

.4(0) < Gz o, — OKO1

o4

(33)

(34)

(35)



Conclusion Summing up equations (31), (32), (34) and (35), [25, Theorem
17] implies that assuming equation (30) holds for K, for all § € [\/LE’ 1},

) .
B Sag , . c*log K Tlog K cE[f]
(1-0)E[l(s, f[75)] < (1 +9)E[1g’1§1§nl(€(s,tk)] + 5460b . SR

(36)

By hypothesis (30) and since ny; > n, by hypothesis (Reg-T ),

R(K) log(n(K)) < Y < VI

T A(ps Vopa) T A(ps Vo)

hence claim B.6.1 applies with A\ = m. Thus,

M3

2 i Ho
log2 ~ 8(p3 V pa)?|loglog 2|’

E[5] < juLni™® where 1 =

It follows that

- . logK  Tlog K picLn™
o ag : t

This proves Claim B.10.1. [ |

Theorem 3.2 can now be derived from claim B.10.1. Let 6 be such that
0 > pova+ 3% for some numerical constant ps, to be determined later.

Then 1y < Pﬁ’—m, so by hypothesis (INi),

on N,

K(K)log(r(K)) < ova T3\ Toa(m VK

Letting b = 342 <1°g"t \Y 1), we can rewrite the above equation as

02 log K
Ui Ty
K)l K)) <— .
WK og(u(K)) < 2L [

Since for any = > /2, %g(f@ = \/5[1 + kl’fT\f} < 2v/2, and K(K) >
L > /2 by definition,

V2k(K)log(V2k(K)) < 2\:?71 / bl:gK'
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Let now s = 8(ug V p14), so that equation (30) holds. By claim B.10.1,

log K  Tlog K pycLn™
N1y OKo-1  /n,

(1=0)E[((s, %)) < (L+0)E[ min_£(s,1))]+540b

Since b = 32 (122% V 1) K1 > 2% and Oblog K < e Jog(ny V K),

which proves Theorem 3.2.

C Applications of Theorem 3.2

C.1 Gaussian vectors

Proof For any § € R? Z = (§, X — PX) is a centered gaussian random

variable. By homogeneity of norms, the quotient HHZZHHL? does not depend on
L

the scale parameter o; it is therefore a numerical constant; moreover one can
[

check that for Z ~ N(O 1), |Z”L¢1 = [|Z]lpss = V21log2 < 5. Thus, we
can choose £(K) = = so that

og
k(K)log(k(K)) < 0.6. (37)

It remains to prove point 2 of hypothesis 2.1 for some constant a. Let
k€{l,...,K}. Let gy, 0k be such that A%5:°(D,,)(z) = Gu.r + (Or.r. 7).

By the inequality clu| < % + ¢¢(u), for any ¢q € R,

1~ -
n—Z|Qk,R—Q+<9k,R,X¢>!S—Z\Y—QH‘ Z\Y—QkR—WkR, i)l
b=t

IN

c .
—S Wi gl s > 6uYi — dr — (Brn. X))
n;w q|+2+mt;¢< G~ (Orn X2)
It follows by definition of gy g, ék r that

1 < . R

H_Z|Qk,R_Q+<9k,RaXi>|S_Z|Y_Q|+ +—Z¢c )

ti=1

C
< — Y, — =. 38
_nt;| dl+ 5 (39)
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On the other hand, letting X,,, = = > ", X;,

ne 2ai=1

e

J R 1 R R
> der = g+ Orr X)| = — | ldkr — g+ Ok, Xi))?
=1

n n
2 N5

R .
> — | (Orn Xi — X,.,)?

n
t\ i=1

> — max
ny iE{l ..... nt}

<ék,R7 XZ - Xm:) .

(39)

.....

semi-norm. Let ¥ = P[XXT] be the covariance matrix of X. For all I C
{1,...,d}, let E; denote the vector space {# € R?: Vi ¢ I,0; = 0}. Let

Vi = min N(0).
m 0cE;:0T20=1 (9)

Let finally 4 = min;cg g < 2t 41. Since by construction,
""" b — log

~

Uz
ek,R

<k< K<L
o~~~ logd’

it follows from equations (38), (39) and the definition of 4 that
— 1 - e
VO RZOr < 2 (22 Vi —al+ %) - (40)
i=1

By Holder’s inequality, for any u > 0,

. - p—
E Lg}%( E[|(bk,r, X PX)H] <E Lg}%{ w/ek,Rzek,R}

C
(211 = all e +5)

1
u

Ifn, >4+ %, then by lemma C.1 below,

E { max_ E[|(0yr, X — PX)H} < prne([|Y1 = gl prsa V €). (41)

1<k<K

for some numerical constant u;. For any i € {1,...,n;}, the vector X; has
components X;1,...,X;,. Forany J C {1,...,d}let X; ;= (Xi;)jes € R/

o7



and X5 = (X;;)jesjes. By the Cauchy-Schwarz inequality, equation (40)

and since (|0 r|| < K,
0

max max
1<k<K 1<i<n,

- - _1
< max \/0F X0, r X max max HEJj (Xig — PXZ-J)H
1<k<K ’ 1<i<ng JC{1,...d}:|J|<K 2

1 < nsC 1
<z |22 li—d+ 5 | x ma ax |55 (X - x|
T ( ;’ d 2 ) 1ISni§§t Jc{l,{r.fd}}iﬂg}( 77 (X J) )

(O.r, X; — PX,)|

Let r=1+%r =142 p="10 p = Lo Tet

u T
p

N _1
Ry = Hz 2 (X, — PX, H . 42
K 122&&{1,?35%51{ JJ( o ’J> 2 ( )

Then, by two applications of Hélder’s inequality,

E { max max ‘(ék,R,Xi — PXM]

1<k<K 1<i<n;

2
TZ|Y15—QH‘
,yizl

1

+C

n
<
> 2%

|

L’
L’I‘

<ny

C A
. (201 = alor + 5) || B

Lp
By definition, pr = 1 4 u,

;o r
14+u
u

142
1+3

1_1—&-u

2(1+%) (14w

u

2
<4+ -
u
Therefore, if ny > 13 4+ %, then by lemma C.1 below, for some constant pr,

B | s s | X = PXON | g (O =l v ) | ],
(43)
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Let us now bound HRKH ., where we recall that Ry is given by equation
L’r‘

1
(42). Since for any i € {1,...,n}, J C {1,...,d}, ¥,7 (X, — PX, ) is a
standard normal vector of size |J|, by the gaussian concentration inequality,
there exists some constant p such that

_1 d
< max P [szj (Xig— PXM)HJ + (10gnt + logz (])) + A/’
J<K

L T Jc{1,..d}:|J|I<K

<VK + \/plognt+\/u(1+Klogd)+\/u(1+%).

Since by assumption n; > 13 —|—

i

< ng,

HRKH (1+ u)v/ne + /(1 +ny) + “1§++26*/_
< (14 3y/p)/1e.

From equation (43), we can conclude that for some constant p’ > pr,

3
E [ max max |( O Xi — PX)@ <y (IYs = gl f1sa V€) R

1<k<K 1<i<ng
Together with (41), this proves point 2. of hypothesis 2.1. with o = % and
L= (1Y — gll e V O)
By equation (37), hypothesis (INi) holds with v, = 0.6 log”t Let pus =
0.65v4.5 > 0.6/ + 3, so that § > /;—5@/105—:“ implies 6 > o + /%

Then, by Theorem 3.2 and since K log K < n; (by equation (10)), we obtain
Corollary 3.3 with pg = 7pqpf. [

Lemma C.1 There exists a constant ug such that for any subset I such that
|I| < min ( 2(n; — 1)) and for all € € (0;1],

logn 5

ng—1

P (31 < <) < 2/e(uoe) T
Moreover, if in addition |I| < {5, then for all € € (0;1],

ng—1

P(y<e)< 2eg(u6625)7.

ng—1
As a result, for any r € [O, 2 },

1

< g€ [2(1 + 263)] '

H7 L
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Proof By restricting to a subspace, we can always assume that M(6) =
VO%0 is a norm. Let Sy, = {6 € E; : VX0 = 1} be the unit sphere in norm
M. Let ¢ > 0. By changing coordinates, it is easy to see that the metric
entropy of Sy, in norm M is the same as that of the euclidean sphere S in
the euclidean norm. Therefore, for any § > 0, there exists a finite set Sy 5, of

cardinality less than (g)d and such that for any u € Sy, there exists v € Sy 5
such that M(u —v) < §. Therefore,

r(os9) - (pg0<)
SIP)(inf N(0)§6>+P( sup ]\7(9)2%) (44)

0S5 5 0C€E:M(0)<5

By definition,

~

sup  N()=  sup  max [(§,X; - X,,)|
0cE:M(0)<s 0cE,: \/ﬁ<51<z<nt
= o \/(Xar = Xout) 7211 (Xos = Ko
U1 )
e o
<20 e [[927 (Ker = PXap)

_1 1
As X 7 (Xir—PX; ) is astandard normal vector, P [HEHQ (Xir— PXi1) Hz] <
\/|I|. Hence, by the union bound and the Gaussian concentration inequality,

.2 35)
< nyexp (—%(ﬁ - \/W)Q) : (45)

On the other hand, for any 0 € Sy, (0, X;— PX;,) is standard normal, therefore

0CE:M(0)<5

P ( sup N(6) > %) < nP (Hz;, (Xis — PX, 1)

P(N(Q) < 5) :P<max 10, X — X, < 5)

1<i<ng

SIP)(mf max [(0, X; — PX;) — m\gs)
meR 1<i<ng
< (lrglix (0, X; — PX;) — (0, X; — PX3)| < 25)

IN

ﬂ\

)
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By the union bound, it follows from equations (44), (45) and (46) that

P (5 < g) < (g)m (\/257 A 1)nt1 +nyexp (—%(% = \/W)2> .

= . Th
4<\/|7\+\/2(10gnt+m log%)) en

1
T €XP <_§(% _ \/m)2> < g™,

Moreover, there exists a constant p such that

|I| nt—l
6 2e 11| / —
— — A1 < | max Il ,\/logn n, log = ne—1-|I]
<5> ( o ) M ( ‘ 0og t t g >

I n
Because |I] < |I|| = exp (3[1]log(|1])) < ez . Using the inequality
logn; < \/ng, it follows by the same argument that /log ntm < e1. Since

logégx/%,
1 1 ne —lil
\/n log— <exp |I|lognt+zl|l|logg)§e254.

It follows that
nt—l
<

% 1>,

Let now § =

log ng’

Finally, since |/

which yields the first inequality for some constant pg. The second inequality
then follows from the union bound:

P(i<e)< Y, PHr<e

IC{1,....d}:|I|I<K




By assumption, d¥ = ef1°8d < ¢t which yields the second equation. As a

TLt—l

result, for any r < *=—=
1 +oo 1
ol 0 ol
+00 1
< (uge®)" +/ P (A—T > t) dt
(nee?)" v
) ) +00 1
= (pee”)" + (uge ’”/ P — | dt
(hoe™)" + (o) 1 (u(,-e?)t%

—+00 1 z 2
< () + o) x 263 [ (—)

1
1

nt—l _
2r 1

<2(1+ 262)(M662)r.

2>
IA

= (1+2¢3)(uge?)"

C.2 Fourier series
C.2.1 Proof of Corollary 3.6

Let I C {1,...,d} and § € R!. Since ¢;(R) C [-v/2;1/2], for any = € R?,
by the Cauchy Schwarz inequality;,

(0,2 — PX)| =

> 0;(y(x) - E[@(U)])‘

jel

1
140, X = PX) || wy < log2 1{0, X = PX) || <

IN

Therefore,

8|11
log 2

1612 -

On the other hand, for all j, ¢;(U) = ¢;(U—|U ), where the variable U —|U |
has density >, pu(- +j) on [0; 1], which by assumption is greater than py.
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Therefore, by orthonormality of the trigonometric basis,

P((0,X — PX)? >p0/ (Ze (1 (u ij)) du

jel
> po [16]l72 -
Thus, for any I C {1,...,d} and 0 € R,

8|1
160, X — PX)| 0 < ||H<9X PX)l,e

_12

which proves that r(K) < , /8p— Take pg = ’ﬁ(‘fg; > 4 in equation (15),

so that, since n; > 3 and n, < ny,

20n . —
wH) < ,ug\/_log2 ny =V S

Then equation (8) of Theorem 3.2 holds with vy = #29—17/5.

Moreover, since the support I, of 6, has cardinality |I] < K, by the
Cauchy-Schwarz inequality;,

max ’(ék,X—P)Q < V8K max ék

1<k<K 1<k<K 02

3
< V8Kn}
(O, X; — PX,)| < V8K max |6,

1<k<K 22
3
< \/8an.

Since by assumption (equation (15)), K <

max max
1<k<K 1<i<ng

2lognt — 167 hypothesis (Uub)

holds with L = \/LE and a = 2. As a result, applying Theorem 3.2 yields

equation (16).

C.2.2 Proof of proposition 3.5
Let 1), : 2 — G + <§k,x) and 1), :  — G + <ék,m> By lemma B.7.1,

~ ?7C ~
l(s,lx) > P [Zﬁkz(X) — (X)L 0 —sx))2

2
ne ne
> — (X)_S(X)“m—?
2
ne _ ne _ ne
> i (20) — dll 00—l - )
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Let I be the support of ék, and ék,j denote the j** component of the vector

0. By the Cauchy-Schwarz inequality and orthogonality of the trigonometric
basis,

=G+ Ouri(x)

jel

~ 112
<\ a7+ o[ VA
< V2K +1 ||t — 4|2 -

b=l = s

Since ||t — Q'H; <||tx — (jHOO te(X) — QHLI, it follows that
A P A P
th(X) —qll,, > L > c_
W0 —dll 25T 2 AR
R 3
therefore by equation (15), on the event HQk L= N
¢
3
(X) — Gl >
tk( )_qHLl - 7]2%—|—1
2 1
Tt
3 4
> % Since ny > — by equation (12).
2n U

A 3 ~
On the event HekHEQ > n2, U(s,ty) = £(s,q) < cl||s(X) — g1, therefore
by equation (47),

R - 3cny be ~ ne
(s, ) = s F) > 202 ) — gl —
3cn;  be 5S¢ . 7]02
> — — Is(X) = Gullpr — 14 — gl — —
2~ — 7 15X —alpn = li—al- =
)
> % - Zc|q~ — ¢«| by assumption (12).
~ . . 3
Let k € argmin; ;< £(s,tx). Thus, on the event that HH,;HEQ >ng,
in ((s, ) in 0(s,7) > Us. ) — (s, 5) > S~ 20— aul
1gllcl§nK S, Uk 1£Illcl§nK S,lg) = £(S, 1} S,lg) Z 4 4 q qx|-
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On the other hand, if

. EI R ..
‘9';‘“@2 <n}, t; = t; by definition, so

ér}fgan(s’t’“) — 1gilglgn}<€<s’tk) > U(s,t;) — L(s,t;) > 0.

LetéozlP’(

. 3
H’CH > nf) By Holder’s inequality;,
¢

in (s 80| —E | min o(s.7 S¢S mIG — g )
E |:1£I]1€1SDKE(S,tk):| E nglgan(S,tk)] > 0o 1 1 S0 El(G — ¢.)7]

. ey dC 3 41
> inf 0— — —01E[(§ — ¢«)7]%.
2 Inf = — ot (G —a.)"]
Hence, by lemma C.2 with oo = % , there exists a constant u such that
. ; . - cE[(7 - ¢.)"]
E [lgglKﬁ(s,tk)] —E 12}€1§11K€(8,tk)} > —,un—?. (48)

Moreover, by lemma C.3 below, for all n, > %,
B[ — a.']7 < e+ 14 x 25 P()Y —q.|)x.
Thus, equation (13) follows from equation (48) and the additional assumption
that n, > 0.
Lemma C.2 Let a,b be positive real numbers and let o € [0,1). Then

1
1 o bl—a
inf ad — bo* > [alfa —ozlfa] —.
6>0 aQl—«a

Proof The function f : 6 — ad—bd" is continuous, tends to +o00 at +oo and

f(0) =0, so f reaches a global minimum ¢, on [0, +00). As f is differentiable,
ab

6

= af ¥ =ab

0=f'(6) <= a-— =0
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Lemma C.3 Letn; > 4 be an integer and Y1, ...,Y,, be iid random variables
such that, for some ¢, € R and o € [%, 1} , E|Y1 — ¢.|%] < +o0. Let

g€ argmlﬂZcbc i —q)-

geR

Then for all r € [1 %],
E[lG — .7 < c+2337 BV — a.]].
Proof Remark first that for any z € R,

—cifz < —c
o(zr)=Rzif|z|<c
cifz > c.

Forany g e Ry let I (q) ={i:Yi>q+c}, I-(q) ={i:Y; <q—c} and
In(q) = {i : |Y; — ¢| < c¢}. Thus,

Zi%(Yi —a) =L ()] —cll-(a)| + ) Yi—uq,

i€lo(q)

so that

(114 (@)] = - (@)] = [To(@)]) < d(Yi—q) < c([1(9)] + [To()| = [T-()]) -
i=1

Let g, be such that |1 (q,)| > % and let g4 be such that |I_(qq)| > %. By

monotony of ¢, for all ¢ < q,, > " ¢L(Y; —¢) > 0 and for all ¢ > g,

St ¢l(Y; — q) < 0. Since by definition of ¢,

1 & B
— E o.(Y:i—q) =
ey

it follows that ¢ € [g,, q4]-
Let o = E[|Y — ¢.|*]=. By the union bound and Markov’s inequality, for
all u > 0,

P(Mq%—c—uﬂhg%>:P<HMYﬁ2%+OMk>%>

g(ﬁ)mmz%+mﬁ
(4]
2m

u 2

IN
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Symetrically,
o
P (]L(q* +c+uo)| < %) < —rs
U2

so that one can take ¢, = ¢, — ¢ — uo and ¢4 = ¢, + ¢ + uo with probability
greater than 1 — 2”5;: . It follows that, for any u > 0,

u

2nt+1
PG — ¢.| > ¢+ u0) < —mr- (49)

1
For any r > 1, E[|q~—q*|’”]% <c+E[(Ig—a]—¢)7]", where

E (i ol - o] gar/;”p(('@—%’ oy, Zu) "

0—’!‘

+oo
SUT/ P((‘(I—Q*!Zc—kau?)du
0

“+00 2nt+1
< 0"/ min (1, —an ) by equation 49
0

u 2r

ang

2r o0 2% o
< 2ag" + 20" /2 —— dv
2r v

2r 2r .
§2O‘O_ +2'20‘0_ ang
1 x 2r

<o (142 ’
o o .
- o1

This yields the result under the condition that r < <. [ |

C.3 Proof of proposition 3.9

For any 7 € {1,...,V}, denote f° by fi(X) for simplicity. For any u € R,
let
(x(u) = Plpe(Y —u) — (Y — s(X))|X].

Let also

f:{z'e{l,...,V}:|(fTi°—s)(X)| gg}
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By Jensen’s inequality,

) < () ()
I
§73X<‘j_’§fz> %Ijex 7). (50)

Averaging over i € I yields

7 el = (5 ) + s 3 -

el el el jel

Combining this bound with equation (50) yields

1 . 1
EX(V;J%)SF“X: (fz)—mzz fi Zﬂxfz

iel jei i¢l
1 v A n N R
< Vzﬁx(fi) - 4—‘/222@ -
i=1 iel jel

Taking expectations yields equation (17) by exchangeability of the ﬁ As-
sume now that E[{(s, f1)] < % "C . By claim B.7.1,

C

Eli(s. 0] = 2P (|(f - 900)| 2 £) = 2R o).

It follows that P(Ey(c)) < L. Since the f; have the same distribution,
P(E5(c)) < 3 also. Thus, by definition of the median,

o]}

P (Bu(0) 0 Bafe) N {(fy — () > Med[(fy ~ )2(X0)]}) = 7

Equation (18) then follows from equation (17).
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