arXiv: arXiv:1702.01402

SUPPLEMENTARY MATERIAL TO “ESTIMATION
BOUNDS AND SHARP ORACLE INEQUALITIES OF
REGULARIZED PROCEDURES WITH LIPSCHITZ LOSS
FUNCTIONS”

BY PIERRE ALQUIER®' AND VINCENT COTTET* AND GUILLAUME
LECUE*

CREST, CNRS, ENSAE, Université Paris Saclay.
EMAIL: PIERRE.ALQUIER, VINCENT.COTTET,
GUILLAUME.LECUEQENSAE.FR

The supplementary material is organized as follows.

e Section 6 proposes an alternating direction method of multiplier algo-
rithm for the matrix completion methods proposed in Section 4. Our
estimator is evaluated on simulated and real datasets. Python note-
books can be downloaded: https://sites.google.com/site /vincentcottet /code

e Section 7 contains an application of our general results to the case
where E is a reproducing kernel Hilbert space (RKHS).

e Section 8 contains a complete discussion of the Bernstein condition.

Many examples and sufficient conditions (old and new) are provided.

Section 9 contains the proofs of the theorems of Section 2.

Section 10 contains the proofs of the optimality results of Section 4.

Section 11 contains the proofs of the new results stated in Section 8.

Finally, Section 12 contains the study of the (non-penalized) ERM. We

also provide an application to shape-constrained logistic regression.

6. Simulation study in matrix completion.

6.1. Algorithm and Simulation Outlines. Since this part provides new
methods and results on matrix completion, we propose an algorithm in or-
der to compute efficiently the RERM using the hinge loss and the quantile
loss. This section explains the structure of the algorithm that is used with
specific loss functions in next sections. Although many algorithms exist for
the least squares matrix completion, to our knowledge many of them treat
only the exact recovery such as in [10] and [30], or at least they all deal with
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differentiable loss functions, see [22]. On the other hand, the two losses that
we mainly consider here are non differentiable because they are piecewise
linear (in the case of hinge and 0, 5-quantile loss functions): new algorithms
are hence needed. It has been often noted that the RERM with respect to the
hinge loss or 0.5-quantile loss can be solved by a semidefinite programming
but the cost is prohibitive for large matrices, say dimensions larger than 100.
It actually works for small matrices as we ran SDP solver in Python in very
small examples.

We propose here an alternating direction method of multiplier (ADMM)
algorithm. For a clear and self-contained introduction to this class of algo-
rithms, the reader is referred to the very pedagogical introduction [9], and
we do not explain all the details here. When the optimization problem is a
sum of two parts, the core idea is to split the problem by introducing an
extra variable. In our case, the two following problems are equivalent:

N
L 1
minimize {N ZE(<X¢,M>,Y;) + >‘||M||Sl}v

and
mlmmlze { ZE (X3, M), Y:) + A \|L||Sl}subject to M =L

Below, we use the scaled form and the m x T matrix U is then called the
scaled dual variable. Note that the Sy norm is also the Froebenius norm and
is thus elementwise. We can now exhibit the augmented Lagrangian:

N
1 « «
La(Ma La U) = N Z€(<X17 M>7 }/Z>+A HLH51+§ HM - L+ UH%Q_E ”UHég )
i=1
where « is a positive constant, called the augmented Lagrange parameter.
The ADMM algorithm [9] is then:
2
Sa

N
1 o
k+1 : k k
(24)  M"**! = argmin (N El (((X;,M),Y;) + 5 HM—L +U

2
Sa

The starting point (M°, L°, UY) uses one random matrix with independent
Gaussian entries for M9 and two zero matrices for LY and U. Another choice

(25)  L*' = argmin <)\ IZls, +5 HMk+1 ~ L+ U’“‘

Ukt — ik o gkl R
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of starting point is to use a previous estimator with a larger A. The stopping
criterion is, as explained in [9], || MF+! — M"“HQS2 + ||UFt - U";HE2 < ¢ for
a fixed threshold e. It means that it stops when both (Uy) and (M},) start
converging.

General considerations. The second step (25) is independent of the loss
function. It is well-known that the solution to this problem is S/\/O((Mk‘H +
U*) when S, (M) is the soft-thresholding operator with magnitude a applied
to the singular values of the matrix M. It is defined for a rank r matrix M

with SVD M = USVT where ¥ = diag <(di)1§i§r) by Sa(M) = US,(£)V T

where S,(X) = diag <(max(0, d; — a))1<i<r>.

It requires the computation of the SVD of a m x T matrix at each iteration.
This is the main bottleneck of this algorithm (the other main step (24) can be
performed elementwise since the X;’s take their values in the canonical basis
of R™*T 50 it needs only at most N operations). Two methods may be used
to speed up the algorithm. First, there are efficient algorithms for computing
the n largest singular values and the associate subspaces, such as the Fortran
PROPACK. It can be plugged in order to solve (25) by computing the n
largest and stop at this stage if the lowest computed singular values is lower
than the threshold. It is obviously more relevant when the target is expected
to have a very small rank. This method has been implemented in Python
and works well in practice even though the parameter n has to be tuned
carefully. Second, one can use an approximate SVD such as in [21].

Moreover, the first step (24) (which may be performed elementwise) has
a closed form solution for hinge and quantile loss: it is a soft-thresholding
applied to a specified quantity.

Simulated observations as well as real-world data (cf. the MovieLens
dataset!) are considered in the examples below. Finally note that parameter
A is tuned by cross-validation.

6.2. Simulation study for RERM “Hinge + S1”. As the hinge loss has
not been often studied in the matrix context, we provide many simulations
in order to show the robustness of our method and the opportunity of using
the hinge loss rather than the logistic loss. We follow the simulations ran
in [141] and compare several methods. An estimator based on the logistic
model, studied in [16], is also challenged?.

lavailable in http://grouplens.org/datasets/movielens/

In the followings, the four estimators will be referred to Hinge for estimator given
n (18), Hinge Bayes and Logit Bayes for the two Bayesian estimators from [14] with
respectively hinge and logistic loss functions, and Logit for the estimator from [16]. The
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A first set of simulations. The simulations are all based on a low-rank 200 x
200 matrix M™* from which the data are generated and which is the target
for the predictions. M* is also a minimizer of R/, so the error criterion that
we will report for a matrix M is the difference of the predictions between
M* and M, which is P[sign({M*, X)) # sign((M, X))]. The X;’s correspond
to 20% of the entries randomly picked so the misclassification rate is also
(1/mT) %, H{sign(Myq) # sign(M;,)}.

Two different scenarios are tested: the first one (called A), involves a
matrix M* with only entries in {—1,+1} so the Bayes classifier is low rank
and favors the hinge loss. The second test (called B) involves a matrix M* =
LR" where L, R have i.i.d. Gaussian entries and the rank is the number of
columns. In this case, the Bayes matrix contains the signs of a low-rank
matrix, but it is not itself low rank in general. We also test the impact of
several noise structures on the performance of the estimators:

1. (noiseless) Y; = sign((M*, X;))

2. (logistic) Y; = sign((M*, X;) + Z;), where Z; follows a logistic distri-
bution

3. (switch) Y; = ¢;sign((M*, X;)) where ¢; = (1 — p)d; + pd_y

Finally, we run all the simulations on rank 3 and rank 5 matrices and A is
tuned by cross validation. All the simulations are run one time.

Model | A1 A2(p=.1) A3 | Bl B2(p=.1) B3
Hinge 0 0 145 | 6.7 10.9 21.0
Logit 0 0.5 173 | 5.1 10.7 19.8
Rank 3 Hinge Bayes | 0 0.1 8.5 5.3 10.8 22.1
Logit Bayes | 0 0.5 16.0 | 4.1 10.1 16.0
Hinge 0 0.8 29.0 | 11.7 19.3 23.3
Logit 0 3.1 30.1 | 9.0 18.3 22.1
Rank'd  pri oe Bayes | 0 0.5 27 | 94 17.9 24.4
Logit Bayes 0 4.4 325 | 7.8 17.3 21.5
TABLE 1

Misclassification error rates on simulated matrices in various cases. Model
€ {A, B}{1,2,3} refers to scenario € {A, B} and noise structure € {1,2,3}. For the
noise-free Model = A0, the 0 column shows the exact reconstruction property of all
procedures.

The results are very similar among the methods, see Table 1. The logistic
loss performs better for matrices of type B and especially for high level of
noise in the logistic data generation as expected. For type A matrices, the
hinge loss performs slightly better. The Bayesian estimators performs as well
as the frequentist estimators even though the program solved is not convex.

Bayesian estimators use the Gammma prior distribution.
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Impact of the noise level. The second experiment is a focus on the switch
noise and matrices that are well separated (as A2 in the previous example).
The noise lies between p = 0 and almost full noise (p = .4). The performance
of the RERM with the hinge loss is slightly worse than the Bayesian esti-
mator with hinge loss but always better than the RERM with the logistic
loss, see Figure 6.2.

Model /

= Hinge
Hinge Bayes /
Logit

0.4+

0.3+

0.2+

Misclassification Rate

0.14

0.0

0.00 005 0.10 015 0.20 025 0.30 035 0.40
Level of noise

Fic 1. Misclassification error rates for a large range of switch noise (noise structure
number 3).

Real dataset. We finally run the hinge loss estimator on the MovieLens
dataset. The ratings, that lie in {1, 2, 3,4, 5}, are split between good ratings
(4,5) and bad ratings (others). The goal is therefore to predict whether the
user will like a movie or not. On a test set that contains 20% of the data, the
misclassification rate in prediction are almost the same for all the methods
(Table 2).

Model ‘ Hinge Bayes Logit Hinge
misclassification rate ‘ .28 27 .28
TABLE 2

Misclassification Rate on MovieLens 100K dataset

6.3. Simulation study for quantile matriz completion. The goal of this
section is to challenge the regularized least squares estimator by the RERM
with 0.5-quantile loss. The quantile used here is therefore the median. The
main conclusion of our study is that median based estimators are more
robust to outliers and noise than mean based estimators. We first test them
on simulated datasets and then turn to use a real dataset.
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Stmulated matrices. The observations come from a base matrix M* which
is a 200 x 200 low rank matrix. It is built by M* = LR where the entries of
L, R are i.i.d. gaussian and L, R have 3 columns (and therefore, the rank of
M* is 3). The X;’s correspond to 20% randomly picked entries. The criterion
that we retain is the [; reconstruction of M* that is: (1/mT)>_,  |My,
My,

The observations are made according to this flexible model:

Y, = (M*, X) + z + 0G.

z; is the noise, o is the magnitude of outliers and (; is the outlier indicator
parametrized by the share p such that ¢; = p/26_1 + (1 — p)do + p/2d1. The
different parameters for the different scenarios are summarized in Table 3.

On the first experiment, p is fixed to 10% and the magnitude o increases.
As expected for least squares, the results are better for low magnitude of
outliers (it corresponds to the penalized maximum likelihood estimator), see
Figure 2. Quickly, the performance of the least squares estimator is getting
worse and when the outliers are large enough, the best least squares predictor
is a matrix with null entries. In opposite to this estimator, the median of the
distribution is almost not affected by outliers and it is completely in line with
the results: the performances are strictly the same for mid-range to high-
range magnitude of outliers. The robustness of the quantile reconstruction
is totally independent to the magnitude of the outliers.

Zi o C-L
Figure 2 N(0,1/4) 0=0.30 p=0.1
Figure 3 N(0,1/4) 10 p=0.025
Figure 4 t,,a=1..10 0 p=20
to: t-distribution with o degrees of freedom.
TABLE 3

Parameters and distributions of the simulations

In a second experiment, we fixed the magnitude of outliers but we increase
their proportion within the dataset (see Figure 3). The median completion
is, as expected, more robust and the results deteriorate less than the ones
from least squares. When the outliers ratio is greater than 20%, the least
squares estimator completely fails while the median completion still works.

The third simulation involves non gaussian noise without outliers: we use
the t-distribution, that has heavy tails. In this challenge, a lower degree of
freedom involves heavier tails and the worst case is for Student distribution
with degree 1. We can see that the least squares is inadequate for small
degrees of freedom (1 to 2) and behaves better than the median completion
for larger degrees of freedom, see Figure 4.



REGULARIZED PROCEDURES WITH LIPSCHITZ LOSS FUNCTIONS 7

method
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FiG 2. l1 reconstruction for different magnitude of outliers

method
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Fic 3. l1 reconstruction for different percentage of outliers

method
= Least Squares
Median loss

0.50

\
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Fi1G 4. 11 reconstruction for student noise with various magnitude degrees of freedom

Real dataset. The last experiment involves the MovieLens dataset. We keep
one fifth of the sample for test set to check the prediction accuracy. Even
though the least squares estimator remains very efficient in the standard
case, see Table 4, the results are quite similar for the MAE criterion. In a
second step, we add artificial outliers. In order to do that, we change 20% of
5 ratings to 1 ratings. It can be seen as malicious users that change ratings
in order to distort the perception of some movies. As expected, it depreciates
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MSE MAE

Raw Data, LS 0.89 0.75

Raw Data, Median  0.93 0.75

Outliers, LS 1.04 0.84

Outliers, Median 0.96 0.78
TABLE 4

Prediction power of Least Squares and Median Loss on MovieLens 100K dataset

the least squares estimator performance but the median estimator returns
almost as good performances as in the standard case.

7. Kernel methods via the hinge loss and a RKHS-norm reg-
ularization. In this section, we consider regularization methods in some
general Reproducing Kernel Hilbert Space (RKHS) (cf. [15], Chapter 4 in
[38] or Chapter 3 of [11] for general references on RKHS). Note that RKHS
is a vast class of functions space which include non-parametric spaces such
as Sobolev spaces (see [38]).

Unlike the previous examples, the regularization norm here, which is the
norm ||-[|5,, of a RKHS H, is not associated with some "hidden” concept
of sparsity. In particular, RKHS norms have no singularity (except at 0)
since they are differentiable at any point except in 0. As a consequence
the sparsity parameter A(p) cannot be larger than 4p/5, i.e. p does not
satisfy the sparsity equation, unless the set I' 4« (p) contains 0 that is for p >
20 || f*{l3, - Indeed, one key observation is that norms are non differentiable
at 0 and that its subdifferential at 0 is somehow extremal:

(26) A1 (0) = B« :={f : Il <1},

where ||-]|, is the dual norm.

As a consequence, the rates obtained in this section do not depend on
some hidden sparsity parameter associated with the oracle f* but on the
RKHS norm at f*, that is || f*||,,. (such error rates are refer as “complexity
bounds” in [28]). The aim of this section is therefore to show that our main
results apply beyond “sparsity inducing regularization methods” by showing
that “classic” regularization method, inducing smoothness for instance, may
also be analyzed the same way and fall into the scope of Theorem 2.1 and
Theorem 2.2. This section also shows an explicit expression for the Gaussian
mean-width with localization as used in Definition 9.1 (a sharper way to
measure statistical complexity via a local r(-) function provided below).

Mathematical background. In this setup, the data are still N i.i.d. pairs
(X;,Y;)N, where the X;’s take their values in some set X and Y; € {—1, +1}.



REGULARIZED PROCEDURES WITH LIPSCHITZ LOSS FUNCTIONS 9

A 7similarity measure” is provided over the set X' by means of a kernel
K : X x X — Rso that 1,29 € X are "similar” when K (x1,xz9) is small.
One can think, for instance, of X' as the set of all DNA sequences (that is
finite words over the alphabet {A,T,C,G}) and K(w;,ws) is the minimal
number of changes like insertion, deletion and mutation needed to transform
word wy € X into word wo € X.

The core idea behind kernel methods is to transport the design data X;’s
from X to a Hilbert space via the application x — K (x, -) and then construct
statistical procedures based on the ”transported” dataset (K (X;,-),Y;)N,.
The advantage of doing so is that the space where the K(Xj;,)’s belong
have much structure than the initial set X which may have no algebraic
structure at all. The first thing to set is to define somehow the ”smallest”
Hilbert space containing all the functions x — K(z,-). We recall now one
classic way of doing so that will be used later to define the objects that need
to be considered in order to construct RERM in this setup and to derive their
estimation rates via Theorem 2.1 and Theorem 2.2. Note that even though,
we derive estimation rates only in the bounded case (because the subgaussian
assumption is not natural for RKHS), we provide a computation of the two
complexity parameters since their analysis is identical and they yield an
example where the two Gaussian width and Rademacher complexities are
equal.

Recall that if K : X x X — R is a positive definite kernel such that
| K]z, < oo, then by Mercer’s theorem, there is an orthogonal basis (¢;);cy
of Ly such that p ® p-almost surely, K (z,2’) = > 72, Xidi(x)¢;(z") where
(M\i)ien is the sequence of eigenvalues of the positive self-adjoint integral
operator Tk (arranged in a non-increasing order) defined for every f € Lo
and p-almost every x € X by

Tehe) = [, Klea) )i,

In particular, for all ¢ € N, ¢; is an eigenvector of Tk corresponding to the
eigenvalue \;; and (¢;); is an orthonormal system in Lo(u).

The reproducing kernel Hilbert space H is the set of all function series
Yooy a;iK(x;,-) converging in Ly endowed with the inner product

<Z aiK(a:i, -), Z ij(.f;-, )> = Z aiij(a:i, a:;)
Y]

where a;, b;’s are any real numbers and the z;’s and x;’s are any points in

X.
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FEstimator. The RKHS Hg is therefore a class of functions from X to R
that can be used as a learning model and the norm naturally associated
to its Hilbert structure can be used as a regularization function. Given a
Lipschitz loss function ¢, the oracle is defined as

[* €argminEl;(X,Y)
feHK

and it is believed that || f*||y,. is small which justified the use of the RERM
with regularization function given by the RKHS norm ||-[|5, :

N

. . 1

f € argmin <N E Cr(Xi, Yi) + A HfHHK>
i=1

feMHK
Statistical properties of this RERM may be obtained from Theorem 2.1
in the subgaussian case and from Theorem 2.2 in the bounded case. To
that end, we only have to compute the Gaussian mean width and/or the
Rademacher complexities of By, . In this example, we rather compute the
localized version of those quantities because it is possible to derive explicit

formula. They are obtained by intersecting the ball with €. In order not to
induce any confusion, we still use the global ones in estimation bounds.

Localized complezity parameter. The goal is to compute w(pBy, NrE) and
Rad(pBy, Nr&) for all p,r > 0 where By, = {f € Hi : [|flly, < 1}1s
the unit ball of the RKHS and £ = {f € Hy : Ef(X)? < 1} is the ellipsoid
associated with X. In the following, we embed the two sets By, and &£ in
la = I3(N) so that we simply have to compute the Gaussian mean width and
the Rademacher complexities of the intersection of two ellipsoids sharing the
same coordinates structures.

The unit ball of Hx can be constructed from the eigenvalue decom-
position of Tx by considering the feature map ® : X — Iy defined by
O(x) = (\/)Ti@(a:))ieN and then the unit ball of Hx is just

By = {f5(-) = (B,2()) - |1BIl,, <1}

One can use the feature map ® to show that there is an isometry between the
two Hilbert spaces H  and Iy endowed with the norm |3 x = (3 82/\i) 12,
The unit ball of Iy endowed with the norm |||, is an ellipsoid denoted by
k.

Let us now determine the ellipsoid in [» associated with the design X
obtained via this natural isomorphism 3 € lo — f3(:) = <,8, <I>()> € Hx be-
tween Iy and H g . Since (¢;); is an orthonormal system in Lo, the covariance
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operator of ®(X) in [y is simply the diagonal operator with diagonal ele-
ments ()\;);. As a consequence the ellipsoid associated with X is isomorphic
tof={B¢cly: E(8, <I>(X)>2 < 1}; it has the same coordinate structure as
the canonical one in ly endowed with [|-||: £ = {8 € lo : S, \iB? < 1}. So
that, we obtain

1/2
27)  w(EK,(f) NrEp) = w(pEx NrE) ~ [ Y (p°Aj) Ar?
J
where the last inequality follows from Proposition 2.2.1 in [39] (note that
we defined the Gaussian mean widths in Definition (2.4) depending on the
covariance of X). We also get from Theorem 2.1 in [32] that
1/2
28) Rad(K, (/") N1€p) ~ | 32(6205) Ar?

J

Note that unlike the previous examples, we do not have to assume isotropic-
ity of the design. Indeed, in the RKHS case, the unit ball of the regularization
function is isomorphic to the ellipsoid £x. Since £ is also an ellipsoid having
the same coordinates structure as Ex (cf. paragraph above), for all p,r > 0,
the intersection pBy, N7 is equivalent to an ellipsoid, meaning that, it con-
tains an ellipsoid and is contained in a multiple of this ellipsoid. Therefore,
the Gaussian mean width and the Rademacher complexity of pBs, NrE has
been computed without assuming isotropicity (thanks to general results on
the complexity of Ellipsoids from Proposition 2.2.1 in [39] and Theorem 2.1
in [32]).

It follows from (27) and (28) that the Gaussian mean width and the
Rademacher complexities are equal. Therefore, up to constant (L in the sub-
gaussian case and b in the bounded case), the two subgaussian and bounded
setups may be analyzed at the same time. Nevertheless, since we will only
consider in this setting the hinge loss and that the Bernstein condition (cf.
Assumption 2.1) with respect to the hinge loss has been studied in Propo-
sition 8.3 only in the bounded case, we continue the analysis only for the
bounded framework. Moreover, the subgaussian assumption is not natural
for RKHS.

We are now able to identify the complexity parameter of the problem. We
actually do not use the localization in this and rather use only the global



12 P. ALQUIER AND V. COTTET AND G. LECUE

complexity parameter as defined in Definition 2.7: for all p > 0:
127 2
) e | (=)
T = —_—
g VN

where k > 1 is the Bernstein parameter.

Results in the bounded setting. Finally, let us discuss about the bounded-
ness assumption. It is known (cf., for instance, Lemma 4.23 in [38]) that if
the kernel K is bounded then the functions in the RKHS H are bounded:
for any f € Hic, Ifll, < IKl Iflly, where [|K]|.. := sup,cr /K (w,2).
As a consequence, if one restricts the search space of the RERM to a RKHS
ball of radius R, one has F' := RBy, C R| K], Br. and therefore the
boundedness assumption is satisfied by F'. However, note that a refinement
of the proof of Theorem 9.2 using a boundedness parameter b depending
on the radius of the RKHS balls used while performing the peeling device
yields statistical properties for the RERM with no search space constraint.
For the sake of shortness, we do not provide this analysis here.

We are now in a position to provide estimation and prediction results for
the RERM

1/2
N C s
30) fe ?55?3; le;“ — Y f(X))4 + (ZJWJ

[RAlE

where the choice of the regularization parameter A follows from Theorem (2.2)
and (28) (for r = 4+00). Note that unlike the examples in the previous sec-
tions, we do not have to find some radius p* satisfying the sparsity equa-
tion (3) to apply Theorem 2.2 since we simply take p* = 20 || f*||, . to insure
that 0 € I'p«(p*).

THEOREM 7.1. Let X be some space, K : X X X — R be a bounded
kernel and denote by Hy the associated RKHS. Denote by ()\;); the sequence
of eigenvalues associated to Hy in Ly. Assume that the Bayes rule f from
(35) belongs to RByy,, and that the margin assumption (36) is satisfied for
some Kk > 1.

Then the RERM defined in (30) satisfies with probability larger than

1/2 (2k—1)/k

1—Cexp | —-CN'/?# H?HHK ZAj ,
J
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that

1/2k

17, (250)"

o P (22)™

d Erin e f f; C
LS NI and Epinge(f)

F-7|

where Epinge( f) is the excess hinge risk of f.

VN

Note that classic procedures in the literature on RKHS are mostly devel-
oped in the classification framework. They are usually based on the hinge
loss and the regularization function is the square of the RKHS norm. For
such procedures, oracle inequalities have been obtained in Chapter 7 from
[38] under the margin assumption (cf. [10]). A result that is close to the one
obtained in Theorem 7.1 is Corollary 4.12 in [34]. Assuming that ||| < C,
X Cc RY, | K|, <1, that the eigenvalues of the integral operator satisfies

(31) Ai < cil/p

for some 0 < p < 1 and that the eigenvectors (¢;) are such that ||¢;| < A
for any i and some constant A then the RERM f over the entire RKHS
space, w.r.t. the quadratic loss and for a regularization function of the order
of (up to logarithmic terms)

(32 7o ol = max<”f|lii’/““” Hfu%)
o N N

satisfies with large probability an oracle inequality like

E(Y — f(X))? < inf ( inf E(Y — f(X))*+ Cp(r)> :

- 2L \[Ifllp <

In particular, an error bound (up to log factors) follows from this result:
with high probability,

[ i Hf*u%)

~ 2
@3)  ||F-r LQSCP(Hf*HH):CmaX( T

One may compare this result to the one from Theorem 7.1 under assump-
tion (31) even though the two procedures f and f use different loss functions,

regularization function and different search space. If assumption (31) holds
1/2 1/(2x)
then (ZJ )\j> < ¢ and so, one can take r(p) = (Ccp/(&ﬁ)) and
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A= C\/W . For such a choice of regularization parameter, Theorem 7.1
provides an error bound of the order of

2 171}, €
< C K
La(p) [ VN

which is almost the same as the one obtained in (33) when x = 1 and p is
close to 1. But our result is worse when « > 1 and p is far from 1. This is
the price that we pay by using the hinge loss — note that the quadratic loss
satisfies the Bernstein condition with x = 1 — and by fixing a regularization
function which is the norm |[[-[|;,, instead of fitting the regularization func-
tion in a “complexity dependent way” as in (32). In the last case, our proce-
dure f does not benefit from the “real complexity” of the problem which is
localized Rademacher complexities — note that we used global Rademacher
complexities to fit A and construct the complexity function r(-).

1/k

(34) |7-7

8. A review of the Bernstein and margin conditions. In order
to apply the main results from Theorem 2.1 and Theorem 2.2, one has
to check the Bernstein condition. This section is devoted to the study of
this condition for three loss functions: the hinge loss, the quantile loss and
the logistic loss. This condition has been extensively studied in Learning
theory (cf. [2, 16, 33, 4, 43, 18]). We can identify mainly two approaches
to study this condition: when the class F' is convex and the loss function
¢ is “strongly convex”, then the risk function inherits this property and
automatically satisfies the Bernstein condition (cf. [2]). On the other hand,
for loss functions like the hinge or quantile loss, that are affine by parts, one
has to use a different path. In such cases, one may go back to a statistical
framework and try to check the margin assumption. As a consequence, in the
latter case, the Bernstein condition is usually more restrictive and requires
strong assumptions on the distribution of the observations.

8.1. Logistic loss. In this section, we study the Bernstein condition of
the logistic loss function which is defined for every f : X — R, x € X,
ye€{—1,1} and v € R by

Ci(x,y) = U(yf(z)) where £(u) = log(1 + exp(—u)).

Function ¢ is strongly convex on every compact interval in R. As it was first
observed in [2, 3], one may use this property to check the Bernstein condition
for the loss function £. This approach was extended to the bounded regression
problem with respect to L, loss functions (1 < p < c0) in [31] and to non
convex classes in [33].
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In the bounded scenario, [3] proved that the logistic loss function satisfies
the Bernstein condition for k = 1. One may therefore use that result to
apply Theorem 2.2. The analysis is pretty straightforward in the bounded
case. It becomes more delicate in the subgaussian scenario as considered in
Theorem 2.1.

PrROPOSITION 8.1 ([2]). Let F be a convex class of functions from X to
R. Assume that for every f € F, |||l < b. Then the class I' satisfies the
Bernstein condition (for the logistic loss) with Bernstein parameter k = 1
and constant A = 4exp(2b).

The proof is given in Section 11. This result solves the problem of the
Bernstein condition with respect to the logistic loss function over a convex
class F' of functions as long as all functions in F' are uniformly bounded
by some constant b. We will therefore use this result only in the bounded
framework, for instance, when F' is a class of linear functionals indexed by
a bounded set of vectors and X takes values in the canonical basis — like in

Section 4 where we assumed that X € {Ej 1, , Ey, 7}, the canonical basis
of R™*T
In the subgaussian framework, one may proceed as in [13] and assume that

a statistical model holds. In that case, the Bernstein condition is reduced to
the study of the margin assumption since, in that case, the “Bayes rule” f
(which is called the log-odds ratio in the case of the logistic loss function)
is assumed to belong to the class F' and so f* = f. The margin assumption
with respect to the logistic loss function has been studied in Example 1 from
[13] but for a slightly different definition of the margin assumption. Indeed,
in [43] only functions f in a L., neighborhood of f need to satisfy the margin
assumption whereas in Assumption 2.1 it has to be satisfied at least in the
non-bounded set C (see Remark 2.1).

From our perspective, we do not want to make no “statistical modeling
assumption”. In particular, we do not want to assume that f belongs to F.
We therefore have to prove the Bernstein condition when f may not belong
to F. We used this result in Section 3 in order to obtain statistical bounds
for the logistic LASSO and logistic SLOPE procedures. In those cases, F
is a class of linear functionals. We now state that the Bernstein condition
is satisfied for a class of linear functional when X is a standard Gaussian
vector (the proof has been postponed to Section 11).

PROPOSITION 8.2. Let F = {({-,t) : t € RBy,} be a class of linear
functionals indexed by RB,, for some radius R > 1. Let X be a standard
Gaussian vector in R? and let Y be a {—1,1} random variable. For every
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f € F, the excess logistic risk of f, denoted by PLy, satisfies

€0 2
glogistic(f) = PEf > ﬁ ||f - f*||L2
where ¢y is some absolute constant.

8.2. Hinge loss. Unlike the logistic loss function (on a bounded support),
both the hinge loss and the quantile losses do not enjoy a strong convexity
property. Therefore, one has to turn to a different approach as the one used
in the previous section to check the Bernstein condition for those two loss
functions.

For the hinge loss function, Bernstein condition is more stringent and is
connected to the margin condition in classification. So, let us first introduce
some notations specific to classification. In this setup, one is given N labeled
pairs (X;,Y;),i = 1,..., N where X; takes its values in X and Y; is a label
taking values in {—1,+1}. The aim is to predict the label Y associated
with X from the data when (X,Y) is distributed like the (Xj,Y;)’s. The
classical loss function considered in this setup is the 0 — 1 loss function
li(z,y) = I(y # f(x)) defined for any f : X — {—1,+1}. The 0 — 1 loss
function is not convex, this may result in some computational issues when
dealing with it. A classic approach is to use a “ convex relaxation function”
as a surrogate to the 0 — 1 loss function: note that this is a way to motivate
the introduction of the hinge loss ¢f(x,y) = max(1 — yf(x),0). It is well
known that the Bayes rules minimizes both the standard 0 — 1 risk as well
as the hinge risk: put n(z) := E[Y|X = z] for all z € X’ and define the Bayes
rule as

(35) f(z) = sgn(n()),

then f minimizes f — P¢ ¢ over all measurable functions from X to R when
£y is the hinge loss of f.

Let F be a class of functions from X to [—1,1]. Assume that f € F
so that f is an oracle in F' and thus (using the notations from Section 2)
f* = f. In this situation, the margin assumption with respect to the hinge
loss (cf. [10, 25]) restricted to the class F' and Bernstein condition (cf. As-
sumption 2.1) coincide. Therefore, Assumption 2.1 holds when the margin
assumption w.r.t. the hinge loss holds. According to Proposition 1 in [25],
the margin assumption with respect to the hinge loss is equivalent the mar-
gin assumption with respect to the 0 — 1 loss for a class F' of functions with
values in [—1, 1]. Then, according to Proposition 1 in [10] and [¢] the margin
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assumption with respect to the 0 — 1 loss with parameter x is equivalent to

(36) P(In(X)| <t) < ct=1,Y0<t<1 whenw>1

In(X)| > 7 as. for some 7 >0  when k = 1.
As a consequence, one can state the following result on the Bernstein con-
dition for the hinge loss in the bounded case scenario.

ProprosITION 8.3 (Proposition 1, [25]). Let F' be a class of functions
from X to [—1,1]. Define n(xz) = E[Y|X = z] for all x € X and assume that
the Bayes rule (35) belongs to F. If (36) is satisfied for some k > 1 then
Assumption 2.1 holds with parameter k for the hinge loss, and A depending
on ¢, k and T (which is explicitly given in the mentioned references). In the
special case when k =1 then A =1/(27).

Note that up to a modification of the constant A, the same result holds
for functions with values in [—b,b] for b > 0, a fact we used in Section 7.

8.3. Quantile loss. In this section, we study the Bernstein parameter
of the quantile loss in the bounded regression model, that is when for all
f € F|flle. <bas.Let 7€ (0,1) and, for all x € X, define f(z) as
the quantile of order 7 of Y|X = x and assume that f belongs to F, in
that case, f = f* and Bernstein condition and margin assumption are the
same. Therefore one may follow the study of the margin assumption for the
quantile loss in [18] to obtain the following result.

PROPOSITION 8.4 ([18]). Assume that for any © € X, it is possible
to define a density f, w.r.t the Lebesque measure for Y|X = z such that
fz(u) > 1/C for some C >0 for all u € R with |u — f*(x)| < 2b. Then the
quantile loss satisfies Bernstein’s assumption with k =1 and A = 2C owver

F.
9. Proof of Theorem 2.1 and Theorem 2.2.

9.1. More general statements: Theorems 9.2 and 9.1. First, we state two
theorems: Theorem 9.1 in the subgaussian setting, and Theorem 9.2 in the
bounded setting. These two theorems rely on localized versions of the com-
plexity function r(-) that will be defined first. Note that the localized version
of r(-) can always be upper bounded by the simpler version used in the core
of the paper. Thus, Theorem 2.1 is a direct corollary of Theorem 9.1, and
Theorem 2.2 is a direct corollary of Theorem 9.2.
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So let us start with a localized complexity parameters. The ”statistical
size” of the family of ”sub-models” (pB),>0 is now measured by local Gaus-
sian mean-widths in the subgaussian framework.

DEerFINITION 9.1. Let 0 > 0. The complexity parameter is a non-
decreasing function r(-) such that for every p >0,

CLw (pBNr(p)Br,) < 0r(p)**VN
where k is the Bernstein parameter from Assumption 2.1.
In the boundedness case, it is written as follows.

DEFINITION 9.2. Let 6 > 0. The complexity parameter is a non-
decreasing function r(-) such that for every p >0,

48Rad(pB Nr(p)Br,) < 0r(p)**VN
where k is the Bernstein parameter from Assumption 2.1.

To obtain the complexity functions from Definition 2.5 and 2.7, we use the
fact that w (pBNr(p)Br,) < w(pB) and Rad(pB Nr(p)Br,) < Rad(pB):
it indeed does not use the localization. We also set § = 7/40A in those
definitions because it is the largest value allowed in the following theorems.

THEOREM 9.1. Assume that Assumption 1.1, Assumption 2.1 and As-
sumption 2.2 hold. Let r(-) be a function as in Definition 9.1 for some 6
such that 40A0 <7 and assume that p — r(2p)/p is non-increasing. Let the
reqularization parameter A be chosen such that

1007 (2p)2~ r(2p)2F
— <AL Yp > p*
Tp 2Ap p=r

(37)

where p* satisfies (3). Then, with probability larger than

o 92N(2(i—1)V0T(2jP*))4H—2
(38) 1= exp (- 17T

j=0i€l;

where for all j € N, I; = {1} U {i € N* : 2071p(27p*) < 27p*d,(B)}, we
have

|7-r

<p", Hf* f

L Sr(20%) and E(f) < r(20%)/A,
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Proof of Theorem 2.1: Let 7(-) be chosen as in Definition 2.5. For this
choice, one can check that the regularization parameter used for the con-
struction of the RERM satisfies (37) with an adequate choice of constants.
Moreover, for this choice of function r(+) it is straightforward to lower bound
the sum in the probability estimate in (38). O

The bounded case is in the same spirit.

THEOREM 9.2. Assume that Assumption 1.1, Assumption 2.1 and As-
sumption 2.3 hold. Let r(-) be a function as in Definition 9.2 for some 6
such that 40A0 < 7 and assume that p — r(2p)/p is non-increasing. Let the
reqularization parameter A be chosen such that

1 9 2K 92 2K
00r(2p)™ _ \ T2 s

(39) 7 24y >

where p* satisfies (3). Then, with probability larger than
(40) 1-2 Z Z exp (—CQQQN(QiT(QjJrlp*))4'{*2)
7=0 iEI]'

where co = 1/ max (48,2076b**~') and for all j € N, I; := {1} U {i € N*:
2i=1p(27p*) < min(2/p*dy,(B),b)}, we have

\F=r|<o ||F-r

L, =727 and E(f) < r(2p")* /A,

The proof of Theorem 2.2 is straightforward consequence of Theorem 9.2.
It is identical to the one of Theorem 2.1 and we do not reproduce it here.

9.2. Proofs of Theorems 9.2 and 9.1. Proof of Theorem 9.1 and and
Theorem 9.2 follow the same strategy. They are split into two parts. First,
we identify an event onto which the statistical behavior of the regularized
estimator f can be controlled using only deterministic arguments. Then, we
prove that this event holds with a probability at least as large as the one in
(38) in the case of Theorem 9.1 and as in (40) in the case of Theorem 9.2.
We first introduce this event which is common to the subgaussian and the
bounded setups:

0 forall f e F
"TVNP = PoL| £ Gmax (r@max(f = £ 00 IF - £

where 6 is a parameter appearing in the definition of r(-) in Definition 9.1
and Definition 9.2, k > 1 is the Bernstein parameter from Definition 2.1 and
p* is a radius satisfying the sparsity Equation (3).
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PROPOSITION 9.1.  Let X\ be as in (37) (or equivalently as in (39)) and
let p* satisfy (3), on the event g, one has

| <r(2") and E(f) < 0r(2p")"

Proof. Denote p = Hf —f* H We first prove that p < p*. To that end, we
assume that the reverse inequality holds and show some contradiction. As-
sume that p > p*. Since p — 7(2p)/p is non-increasing then by Lemma A.1,
p — A(p)/p is non-decreasing and so we have

A(p A(p* 4
(p) S AP S 4
p I 5
Now, we consider two cases: either f— f* . < r(2p) or f— f* . >
2 2

r(2p)-
First assume that Hf f* < 7(2p). Since A(p) > 4p/5 and h = f —

f* e pSnr(2p)BL,, it follows from the definition of the sparsity parameter
A(p) that there exists some f € F such that ||f — f*|| < /20 and for which

4p
1F + Rl = 1I£1 =+

It follows that

ot m
\m
\]
<

|71 =g+ ml=1g = 05 + pll= 1A =211 = £1 2
Let us now introduce the excess regularized loss: for all f € F,
L3 =Ly +AFI = 1F1) = s + M) = g+ XD -
On the event 2y, we have
Pyey=Pyl;+ 2 (||F] = 1r0) = (v = Pycy+ 2 (|| £ - 1)

2K T\D \D
> —6max <T(2ﬁ)2n * L2> + T()p = —97“(2/3) + T()p >0

because by definition of A, TAp > 100r(2p)?*. Therefore, PN/J;: > 0. But, by

construction, one has Py LA < 0.

Then, assume that Hf —f*

; > r(2p). In particular, f € C where C is the
2

set introduced in Equation (2) from Remark 2.1 . By definition of f we have
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PNE} < 0 so it follows from the Bernstein condition (cf. Assumption 2.1)
that

<AP£f—A[(P PN)L; +PN5A+A(”f ”_Hfm

12

(41)

< Af max < (2p)%", g + ANp.

Lo

Hence, if A6 < 1/2 then

2H

r(2p) < 2AMNp.

But, by definition of A one has r(25)%* > 2A\p.
Therefore, none of the two cases is possible when one assumes that p > p*
and so we necessarily have p < p*.

Now, assuming that Hf -

L2 r(2p*) and following (41) step by step
2

also leads to a contradiction, so ’ f— f . < r(2p*). p Next, we prove the
2

result for the excess risk. One has

PyL} = PyLy+A (HfH - ||f*||) = Py~ P)e;+ Py ([[7] - 1°1)

—6O max <r(2p )2
(‘”2%4) r(2p")* + PL;

In particular, if Pﬁf > r(2p*)%F /A then PNEj‘5 > 0 which is not possible by

v

e by

)—l—Pﬁ —\p > —0r(2p*)* — A"+ PL;
> — A F

construction of f so we necessarily have PL i< r(2p%)2%/A. O

Proposition 9.1 shows that f satisfies some estimation and prediction
properties on the event {2y. Next, we prove that {2y holds with large prob-
ability in both subgaussian and bounded frameworks. We start with the
subgaussian framework. To that end, we introduce several tools.

Recall that the ¥s-norm of a real valued random variable Z is defined by

1Z1l,, = inf {c > 0: E4ia(|2]/c) < 2(1)}

where t9(u) = exp(u?)—1 for all u > 0. The space Ly, of all real valued ran-
dom variables with finite 1)9-norm is called the Orlicz space of subgaussian
variables. We refer the reader to [36, 37] for more details on Orlicz spaces.
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We recall several facts on the o-norm and subgaussian processes. First,
it follows from Theorem 1.1.5 from [11] that | Z][,, < max(Ko, K1) if

(42) Eexp(\Z]) < exp (\°K?), VA > 1/K.

It follows from Lemma 1.2.2 from [11] that, if Z is a centered 1 random
variable then, for all A > 0,

(43) Eexp (A\Z) < exp <e>\2 ||Z||52) :

Then, it follows from Theorem 1.2.1 from [11] that if Z;,..., Zy are in-
dependent centered real valued random variables then

N N 1/2
(44) ZZz‘ <16 (Z ||Zz'”12pQ> :
=1y, i=1

Finally, let us turn to some properties of subgaussian processes. Let (7, d)
be a pseudo-metric space. Let (X;)ier be a random process in Ly, such that
for all s,t € T, || X — Xy, < d(s,t). It follows from the comment below
Theorem 11.2 p.300 in [29] that for all measurable set A and all s,t € T,

/A | Xy — X |dP < d(s, t)P(A)epy ! <IP’(1A)> .

Therefore, it follows from equation (11.14) in [29] that for every u > 0,

(45) P (sup | Xs — X¢| > co(r2 + Du)) < thy(u)!
s, teT

where D is the diameter of (T, d), ¢y is an absolute constant and 7, is the
majorizing measure integral (7', d; 12) (cf. Chapter 11 in [29]). When T is a
subset of Ly and d is the natural metric of Lo it follows from the majorizing
measure theorem that vo < c;w(7T) (cf. Chapter 1 in [39]).

LEMMA 9.1.  Assume that Assumption 1.1 and Assumption 2.2 hold. Let
F' C F then for every u > 0, with probability at least 1 — 2 exp(—u?)

C()L
sup [(P—Pn)(Lr—Ly)| £ —=
s (P~ Py)(ey = £9) < G2

where d is the Lo metric and dr,(F") is the diameter of (F',d).

(w(F') + udp, (F"))
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PRrROOF. To prove Lemma 9.1, it is enough to show that ((P — PN)Ef)feF,
has (L/v/N)-subgaussian increments and then to apply (45) where yo ~
w(F") in this case.

Let us prove that for some absolute constant cg: for all f, g € F”,
(P = Pn)(Ls = Loy, < co(L/VN)If =gl

It follows from (44) that

N |(Ls = L) (Xi, Vi) —E(Ly — L)%\
I(P = Pn)(Ls = L), <16 (Z e L
=1
16
= \/7]V 1Cr.9 o

where (s g = (L — Ly)(X,Y) —E(Lf — Ly). Therefore, it only remains to
show that |Gz, ll,, < c1LIIf = gll,-
It follows from (42), that the last inequality holds if one proves that for

all A\>c1/(LIIf —9l,)

(46) Eexp (A|Csgl) < exp(caX’L? || f — gl7,)

for some absolute constants ¢; and co. To that end, it is enough to prove
that, for some absolute constant c3 — depending only on ¢; and ce — and all
A >0,

Eexp (ACrgl) < 2exp(esh’L? | f — gIZ,)-

Note that if Z is a real valued random variable and e is a Rademacher
variable independent of Z then Eexp(|Z|) < 2Eexp(eZ). Hence, it follows
from a symmetrization argument (cf. Lemma 6.3 in [29]), (a simple version
of) the contraction principle (cf. Theorem 4.4 in [29]) and (43) that, for all
A >0,

Eexp (AlCrg]) < 2Eexp(AeCry) < 2Eexp (2Xe(Ly — L) (X,Y))
< 2Eexp (2Xe(f — g)(X)) < 2Eexp <C4)\2L2 lf — gHi)
where € is a Rademacher variable independent of (X,Y’) and where we used

in the last but one inequality that |L¢(X,Y) — L,(X,Y)| < |f(X) — g(X)|
a.s..

PROPOSITION 9.2. We assume that Assumption 1.1, 2.2 and 2.1 hold.
Then the probability measure of Qo is at least as large as the one in (38).
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Proof. The proofis based on a peeling argument (cf. [12]) with respect to
the two distances naturally associated with this problem: the regularization
norm ||-|| and the Lo-norm |[|-||, associated with the design X. The peeling
according to ||-|| is performed along the radii p; = 27p* for j € N and the
peeling according to ||-||, is performed within the class {f € F': ||f — f*|| <
pi} = f* + p;B along the radii 2'r(p;) for all i = 0,1,2,--- up to a radius
such that 2r(p;) becomes larger than the radius of f* + p;B in Lo, that is
for all ¢« € I;.

We introduce the following partition of the class F'. We first introduce the
“true model”, i.e. the subset of F' where we want to show that f belongs to
with high probability:

Foo={feF:|If —f <poand ||f — [, <r(po)}

(note that py = p*). Then we peel the remaining set F'\ Fp o according to
the two norms: for every i € Iy,

Foi={feF:|If =1 < poand 27 r(po) < IIf = f*llp, <2'r(po)},
forallj > 1,
Fio={f€F:pja <|lf =l <pjand |If = fllp, <r(pj)}
and for every integer ¢ € I,
Fia={f € F:pjr <|If = £ < pj and 27 (pj) < |f = I, < 2'7(p))}-

We also consider the sets FJ; = p; BN (2'r(pj)) B, for all integers i and j.
Let j and ¢ € I; be two integers. It follows from Lemma 9.1 that for any
u > 0, with probability larger than 1 — 2 exp(—u?),

sup |(P—Py)Lg| < sup  [(P— Pn)(Ly — Lyl

fEF;; f9€F}+f
COL * *
(47) < ﬁ (w(Fj,z‘) + udp, (}7371))

where dr, (F};) < 2% 1r(pj).

Note that for any p > 0, h : » — w(pB N rBr,)/r is non-increasing
(cf. Lemma A.2 in the Appendix) and note that, by definition of r(p) (cf.
Definition 9.1), h(r(p)) < 0r(p)?* v/ N/(CL). Since h(-) is non-increasing,
we have w(Ff,)/(2'7(p;) < h(2r(p)) < h(r(py)) < 0r(p;)*~VN/(CL)
and so w(F};) < 02ir(p;)?*v/N /(CL). Therefore, it follows from (47) for
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u = Ov/N(20=V0r(p))25=1/(20L), if C > 4cp then, with probability at
least

(48) 1= 2exp (02N (2 DVO0r ()2 (4C2L2))
for every f € Fj,,

(P — Py)Ly| < 0(20~DV0(p)))"

< Omax (r(2max(|f — £ 0" ) 1~ £I2%)

The result follows from a union bound. [J
Now we turn to the proof of Theorem 9.1 under the boundedness assump-
tion. The proof follows the same strategy as in the ”subgaussian case”: we
first use Proposition 9.1 and then show (under the boundedness assumption)
that event 0y holds with probability at least as large as the one in (40).
Similar to Proposition 9.2, we prove the following result under the bound-
edness assumption.

PROPOSITION 9.3. We assume that Assumption 1.1, 2.3 and 2.1 hold.
Then the probability measure of Qo is at least as large as the one in (40).

ProoFr. Using the same notation as in the proof of Proposition 9.2, we
have for any integer j and i such that 2'r(p;) < b that by Talagrand’s
concentration inequality: for any = > 0, with probability larger than 1—2e™%,

8z  69]|Lr,

X
(49) Zj,i < QEZJ'J' + O'([,FM) W + T‘X’

where

Zj; = sup |(P=Pn)Lyl, o(Lp,) = sup Eﬁ?f and ||Lr,

= sup [Lsll, -
feEF;;

fEF;, feF;, &
By the Lipschitz assumption, one has
o(Lr;,) < 2%r(p;) and ||Lp,, o <20
Therefore, it only remains to upper bound the expectation EZ; ;. Let €1, ..., en

be a N i.i.d. Rademacher variables independent of the (Xj, Y;)’s. For all func-

tion f, we set
| N
Pyef ==Y ef(Xi)

N 4
=1
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It follows from a symmetrization and a contraction argument (cf. Chapter 4
in [29]) that

4Rad(p; B N (2'r(p;))B
EZ;; <A4E sup |Py.(f—f*)| < ad(p; (2°r(p;j)) BL,)
feFy; \/N

Now, we take x = c20? N (2717 (p;))**~2 in (49) and note that 2ir(p;) < b
and k > 1: with probability larger than

< (6/12)2ir(p;)*".

(50) 1 — 2exp(—c20N (27 (p;))*2),
for any f € F};,
|(P — Pn)Ly| <0271 r(pj)* /3 + 24/8c2f (2i*1r(pj))2n + 69¢26%b(2 r(p;)) 2

. 2k |1 .

<0 (207090(0)) ™ [+ 200+ o0catb(2'r (o)
. 26 1

<0 (2(“1)”7*(0]‘)) [3 +2v/8cz + 69c2962”1]

< @ max (T(QH]&X(Hf — e N1 f — f*H%Z)

if ¢ is defined by

(51) . 1 1
2= M 4”° 2070021 ) -
We conclude with a union bound. [J

REMARK 9.1 (Technical comments). The machinery we used here to
prove Theorems 9.2 and 9.1 is inspired by the technique from [28, 27]. In the
latter papers, estimation properties of reqularized ERM are also obtained but
for the square loss. Here, we extend those results to Lipschitz loss functions.
Going from the square loss to Lipschitz loss functions is not straightforward.
It requires another machinery given that the homogeneity argument used in
[28, 27] do not apply here. In a nutshell, this argument shows that if PNC? >

0 (where C} is the regularized excess loss of f) for all f € F O (f* +7.SL,)
then it is also the case for all f such that ||f — f*||;, > r« (and therefore
the RERM is in f* + r.Br,). This argument cannot be used for Lipschitz
loss function because there is no homogeneity between Ly and L, when f —
= Xg — f*) for some A > 0. As a consequence, one needs to control
the oscillation of the process f — (Pny — P)Ly on every shelves Fj; in the
Lipschitz case. This requires a (double) peeling argument. Peeling arguments
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(see [12]) work only if one can sum all the deviation probabilities of the events
where the empirical process is controlled on each shell. This is an infinite sum
and therefore, one needs enough concentration to make this sum converging.
That is the reason why we assumed subgaussianity or boundedness in order to
make the peeling argument work. The weak stochastic framework considered
in [28, 27] would not be enough here because of this approach based on a
peeling argument.

10. Proof of the optimality results in Section 4.

10.1. Proof of Theorem 4.3. For the sake of simplicity, assume that m >
T so max(m,T) = m. Fix r € {1,...,T}. Fix > 0 such that exp(x)/[1 +
exp(z)] < b, we define the set of matrices

Cp, = {A e R™" :¥(p,q), Apgq € {O,x}}

and
M, ={A¢c R™T . A= (B|...|B|0),B € C,}

where the block B is repeated |T'/r | times (this construction is taken from [24]).
Varshamov-Gilbert bound (Lemma 2.9 in [11]) implies that there is a finite
subset MY C M, with card(MQ) > 2"/8 11 with 0 € MY, and for any
distinct A, B € MY,

2 mr|[T/r] o _mT ,
- > L2
|4~ BIg, > " e > B
and so )
1 T
—||A - B|% > =—.
——llA- B3, > T

Then, for M € M%)\ {0},

1= 5 e () (200

=1 j=1

S ()

oo (12580
2
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where ¢(b) > 0 is a constant that depends only on b. So:

1

card(M9) — 1 > K(Bo,Pa) < c(b)na’ < c(b) log(card(M3) — 1)

Ae Ml

as soon as we choose

xg\/log@ardwg)—l) . wmlog@)

n 8n

(note that the condition n > rmlog(2)/(8b?) implies that exp(z)/[1 +
exp(z)] < b). Then, Theorem 2.5 in [11] leads to the existence of 5,c > 0
such that

1, — mr
inf Pl ——|M—A|I2 >c— | > 5.
(G A1 2 ) 2

g

10.2. Proof of Theorem 4.5. For the sake of simplicity, assume that m >
T so max(m,T) =m. Fix r € {2,...,T} and assume that 7" < N < mT.

We recall that {E,; : 1 <p <m,1 <p < T} is the canonical basis of
R™*T_ We consider the following “blocks of coordinates”: for every 1 < k <
r—land 1<I<T,

k—1)mT
By = {Ep,l : (k= YmT

L<p< kmT i

=P N
(note that (r — 1)mT /N + 1 < m when T < N < mT'). We also introduce
the “blocks” of “remaining” coordinates:

—1)mT
BO—{Ep,q:(TN)m‘Flﬁp,lSQST}

For every 0 = (o1) € {0,1}0"D*T we denote by P, the probability
distribution of a pair (X,Y) taking its values in R™*7 x {—1,1} where X
is uniformly distributed over the basis {E, 4 : 1 < p <m,1 <p < T} and
for every (p,q) € {1,...,m} x{1,...,T},

P,[Y =1|X = Ep 4] = { 1 ot}fe(iwise.

We also introduce 1, (Ep 4) = E[Y = 1|X = E, ;] = 2P,[Y = 1|X = E, ;]-1.
It follows from [10] that the Bayes rules minimizes the Hinge risk, that is
fo € argming Eo (Y — f(X))+, where the minimum runs over all measurable
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functions and E, denotes the expectation w.r.t. (X,Y’) when (X,Y) ~ Py,
is achieved by fi = sgn(n,(-)). Therefore, fi(-) = (MZ,-) where for every

(p,q) € {1,...,m} x{1,...,T},

% . 201, — 1 if Ep7q € By
(Mg )pg = { 1 otherwise.

In particular, M} has a rank at most equal to r.

Let 0 = (0pgq),0" = (0,) be in {0, 1}=DT We denote by p(c,0’) the
Hamming distance between o and ¢’ (i.e. the number of times the coor-
dinates of o and ¢’ are different). We denote by H(P,,P,) the Hellinger
distance between the probability measures P, and P,.. We have

H(P,,P,) /(\/d? \/d?(,,)z - 2”(7\7"7,).

Then, if p(o,0’) = 1, it follows that (cf. Section 2.4 in [11]),

H2(P, P, )\
HQ(IP’??N,IP’?/N):2<1—<1_( - ")> )

:2<1 (1]17>N) <2(1—e?):=q.

Now, it follows from Theorem 2.12 in [11], that

= TNo (Ep,q)-

(52)  inf max EZN |6 —of, > r=1T (1 —Jall - a/4))
6 ¢e{0,1}(r=1T 8

where the infimum infs; runs over all measurable functions & of the data
(X;,Y;)Y, with values in R (note that Theorem 2.12 in [11] is stated for
functions ¢ taking values in {0, 1}(’”_1)T but its is straightforward to extend
this result to any & valued in R) and E®Y denotes the expectation w.r.t.
those data distributed according to PEV.

Now, we lower bound the excess risk of any estimator. Let f be an esti-
mator with values in R. Using a truncation argument it is not hard to see
that one can restrict the values of f to [—1,1]. In that case, We have

Eninge(f) = E [\mm — 1IF(X) = £001] = EIF(X) - £(X)|
—Z’f p.a) (Ep,q)[P[X = Epq]

= Z Z — (20pg — 1)[ = Ji%: Gkt — Opg

Ep qGBkl
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where & is the mean of {(f(Ep4) +1)/2: Epq € By}. Then we obtain,
A 2
inf su EEN &, >—inf max E®N|6-0
F 06{0’1}871)T o hmge(f) =N & se{01}r-1T o H Hl1

and, using (52), we get

- T
H{f sup E;@Nghinge(f) Z COL
/ oefo1)t-0T N
for ¢o = (1 —Va(l-— a/4)) /4.

O

11. Proofs of Section 8. The proof of Proposition 8.1 may be found
in several papers (cf., for instance, [2]). Let us recall this argument since we
will be using it at a starting point to prove the Bernstein condition in the
subgaussian case.

Proof of Proposition 8.1. The logistic risk of a function f : X — R can
be written as Pl; = E[g(X, f(X))] where for all z,a € R, g(z,a) =
(1 -+ n(2))/2)log (1 + e=)+((1 — n(x))/2) log (1 + %) and n(x) = E[Y | X
x] is the conditional expectation of Y given X = x.

Since f* minimizes f — P{; over the convex class F, one has by the
first order condition that for every f € F, Edog(X, f*(X))(f — f*)(X) > 0.
Therefore, it follows from a second order Taylor expansion that the excess
logistic loss of every f € F is such that

glogistic(f) = P‘Cf
1

(53)  =E|(f(X)- f*(X))2/0 (1 = w)d(f*(X) + ul(f = f)(X))du
where §(u) = 02g(z,u) = e*/(1 + e*)? for every u € R.

Since |f*(X)|,|f(X)| < b a.s. then for every u € [0,1], |f*(X) + u(f —
F*)(X)| < 2b, a.s. and since §(v) > 6(2b) > exp(—2b)/4 for every |v| < 20,
it follows from (53) that PL; > §(2b) || f — f*H%2 O

Proof of Proposition 8.2. Let t* € RB;, be such that f* = <~,t*>, where
f* is an oracle in F = {(-,t) : t € RBj,} w.r.t. the logistic loss risk. Let
f={:,t) € F for some t € RB,. It follows from (53) that the excess logistic
risk of f satisfies

PLs > /1 E [<X, = )26 (X, ¢ +ult — t*)>)} du.
0
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The result will follow if one proves that for every to,t € R?,

—1
min<7r,7r2 <||t0”2 27T+||t0||§> > 2
I¢l13
2
o+ b2+ (= 1) ltoll,  SV2T

Let us now prove (54). We write t = t5- + Ato where t3- is a vector orthog-
onal to tg and A € R. Since <X, tOL> and <X, t0> are independent random
variables, we have

E[(X,1)°3 ((X,10))]
—E [(X,t5)°| E [6 ((X,t0))] + VB [(X, t0)6 ((X.t0)) ]

2
= [[&& ]|, Eolitoll, 9) + A% o3 Ego(lltoll )

(54) E [(X, )% ((X,t0))| >

where g ~ N(0,1) is standard Gaussian variable and we recall that 6(v) =
e’/(1 4 ¢e¥)? for all v € R. Now, it remains to lower bound Ed§(og) and
Eg25(og) for every o > 0.

Since 0(v) > exp(—|v|)/4 for all v € R, one has for all ¢ > 0,

Ed(og) > Eexp(—olg|)/4 = exp(c?/2)P[g > 5]/2
and
Eg®5(cg) > Eg” exp(—olg|) /4

Uexp(—02/2)] .

— (1/2)exp(o/2) | (1+ 0Pl = o] - T

Therefore, for o = ||to]|5,

E[(X.1)% ((X.0))] > exp(e/2)Bly > o 15

o exp(—o? /2)]

+ 2)\2 Htng exp(0?/2) [(1 + 02) Plg > o] — Nors

and since ||t||5 = Ht(ﬂ‘; + A2 |[to]|3, one has,

E [(X.0)% (X.t))] = ’\’/tg min { (W) (1407 (W) - a}

where ¢ and ® denote the standard Gaussian density and distribution func-
tions, respectively.
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We lower bound the right-hand side of (55) using estimates on the Mills
ratio (1 — ®)/¢ that follows from Equation (10) in [17]: for every o > 0,

1—®(0) - ™
¢(0) V2 + o4 (m—1)o

O
Proof of Proposition 8.4. We follow a proof from [18]. We have

PLy = Elp-(Y = f(X)) = pr (Y = f7(X))]
= E{Elp-(Y - f(X)) = pr(¥ = [*(X))X]}.
For all x € X, denote by F, the c.d.f. associated with f,.. We have
Elp- (Y — f(X))|X = 2]

= (r — — f(x Fmd T — f(z))Fy(d
(r—1) /Mm(y F(2) Fa(dy) + /yzm)@ F(2) Fa(dy)

- / (v — F(2)Fa(dy) + (1) / (v — 1)) Fu(dy)
y>f(x) R

- / A=)y (= ([ vratan - s)
— gl f@) + (7 — 1) /R yF,(dy)

where g(z,a) = [ .,(1 — Fy(y))dy + (1 — 7)a. Note that dag(z, f*(z)) = 0
(can be checked by calculations but also obvious from the definition). So

Elp- (Y = f(X)) = pr (Y — f5(X))|X = 2]

f(=)
=90 @) ~gte 5@ = [ (1)~ wikgte wau

@ 1 (i@ ~ (f@) = [ (2))?
= [ U = wstidnz & [ 1) - = S
It follows that
X)) — (X 2
Equantile(f):P‘cfZE{(f( ) Qéf ( )) } :%Hf_f*n%g
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12. Empirical risk minimization with Lipschitz loss function. In
this section, we consider the case where we have no a priori knowledge on the
oracle f* such as “low dimensional structure” or “smoothness”. In that case,
there is no reason to force some structure on the estimators and therefore
a natural procedure is the one minimizing the empirical risk itself (without
regularization):

- 1

(56) fe ar}ggzln <N ;éf(Xz,Yl)>
where ¢ is a Lipschitz loss function as considered in the previous sections
and F' is a convex class of functions.

The aim of this section is to obtain estimation and prediction bounds for
f in the two subgaussian and bounded settings as introduced in Section 2.
As in the regularized case, the statistical performances of f are driven by
fixed points, one for each of the two setups.

DEFINITION 12.1.  Let 0 > 0. The complexity parameter in the sub-
gaussian case Ty is any point satisfying

Lw (F N (f* +7.Br,)) < 0r2*VN
where k is the Bernstein parameter from Assumption 2.1.
In the bounded case, it is written as follows.

DEFINITION 12.2. Let 8 > 0. The complexity parameter in the
bounded case r* is any point satisfying

48Rad(F N (f* + r.Br,)) < 0r2"VN
where K is the Bernstein parameter from Assumption 2.1.

Explicit computations of 7, in both subgaussian and bounded cases are
available in the literature for various classes F' (see, for instance, [19, 5, 20,

, 32, 1, 6, 20]). An example in shape constrained regression is provided
below. Let us now state the main results of this section (we treat both cases
at the same time since they are identical in nature).

THEOREM 12.1. Assume that Assumption 1.1, Assumption 2.1 and As-
sumption 2.2 (resp. Assumption 2.3) hold. Let r. be as in Definition 12.1
(resp. Definition 12.2) for some 0 such that AQ < 1. There exists a constant
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co depending only on L (resp. on b) such that, with probability larger than
1 — exp(—cof?Nrir=2), the ERM (56) f satisfies

|17-r

<r, and E(f) < 97‘3”.
Lo

Proof of Theorem 12.1: As in Section 9, we introduce an event (which
is common to the subgaussian and the bounded setups) on which we can
derive the statistical performances of f using only deterministic arguments:

b= { for all f € F, ‘(P— PN)£f‘ < fmax (rf“, f— f*||%’;>}

where 0 is a parameter appearing in the definition of r, in Definition 12.1 and
Definition 12.2 and k > 1 is the Bernstein parameter from Definition 2.1.

Let us place ourselves on the event €. Let f € F be a function in F such
that || f — f*|, > r«. We have

PyLy = (Py = P)Ly+PL; > =0|f = I3 + (/A |1f = £ > 0.

Since PyL; < 0, we have Hf— f* . < r, on the event €. Let us now
2

prove the sharp oracle inequality. It follows from

0>PnL;= (PNfP)£f+Pﬁjz

> —fmax <rf“, ‘f— fr

2K
> + PL; = —0r}" + PL;
Ly

that 97",%” > Pﬁf.

Let us prove that € holds at least with the exponential probability from
Theorem 12.1. The proof uses a peeling argument of the class F' along the
shelves

Fp — {f € F: 2 <|If = g, < 2’%*}

for all integer k > 1 and Fy = F N (f* +r.Br,). The peeling argument used
here is similar to the one from Proposition 9.2 and 9.3 but it is simpler since
we do not have to peel simultaneously along the values of the distance to f*
of the regularization norm.
Let us first consider the subgaussian case. It follows from Lemma 9.1 that
for all k € N and v > 0, with probability larger than 1 — 2 exp(—u?),
coLL

Sup (P = Pn)(Ly — Lg)| < i (w(F) + udr, (Fi))
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where dr,(F},) < 2¥*1r,. Finally the result in the subgaussian case follows
from a union bound and the same arguments as in the proof of Proposi-
tion 9.2. The result in the bounded case is similar except that we use Tala-
grand’s concentration inequality instead of Lemma 9.1 and the arguments
from the proof of Proposition 9.3.

As a proof of concept we apply Theorem 12.1 to the isotonic regression
which is an example of a shape constrained regression problem [35, 12, 15,

, 7, 23]. Unlike the majority of works on shape constrained regression,
we consider the classification problem with {—1,1}-valued outputs where
one wants to fit a logistic function f; : z € R? — o({x,t)) (where o(u) =
e"/(1+e*),Vu € R) with a constraint on the shape of the weights ¢. Note
that we do not assume that the log-odds ratio has a particular structure
satisfying a shape constraint since we do not make any assumption of the
distribution of Y'|X but we want to predict Y by the best logistic function
f+ having weights t* satisfying a constraint.

We consider the class of linear functionals F' = {ft(‘) = <-,t> 'te I}
indexed by isotonic vectors:

(57) IT={t=(t;)] €RP: 11 <ty <---<t,}.
We are given a dataset made of N i.i.d. pairs of random variables (Xj, YZ)Z]\L 1
distributed like (X,Y) where the outputs Y;’s take their values in {—1,1}
and the X;’s take their values in RP. Let R > 1 and the ERM

N
(58) t € argmin (;f Z log (1 + exp ((X;, t>))> .
i=1

teL |t <R

Let us assume that the X;’s are distributed according to a standard Gaus-
sian variable. In that case, it follows from Proposition 8.2 that the Bernstein
condition is satisfied with parameter x = 1 and the subgaussian Assump-
tion 2.2 is satisfied. Therefore, in order to apply Theorem 12.1, it only re-
mains to compute the complexity parameter r, in the Gaussian case. To
that end, we need to upper bound the local Gaussian mean width of Z. This
follows from [!, (D.12)] that

w(ZNrBy,) < rlog(ed)

and so one can take 7, = log(ed)/(6v/N) in Definition 12.1 given that x = 1.
We can therefore apply Theorem 12.1 and obtain the following result.
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THEOREM 12.2. Assume that X is a standard Gaussian vector in RP.
With probability larger than 1 — Cexp (—ClogQ(ep)), the isotonic logistic
regression estimator t defined in (58) satisfies

log(ed) ~ ~ . _ log%(ed)
NI and Eiogistic(t) = R(t) — R(t*) < ~

where t* € argmin, 7 |, < Elog(1 + exp((X,1))).

(LR P

Note that other examples of applications of Theorem 12.1 in shape con-
strained regression can be obtained using the same strategy for other type
of constraints such as convex regression or unimodal regression by using the
results on the Gaussian mean widths from [6].

APPENDIX A: TECHNICAL LEMMAS

LEMMA A1, If p — r(2p)/p is non-increasing then p — A(p)/p is non-
decreasing.

Proof. We have for all p > 0

Alp) _ inf sup  (H,G).
P HeSN(r(2p)/p)Bry Ged)|-||(M*)

The result follows since p — S N (r(2p)/p)BL, is non-increasing. [J

LEMMA A.2. Let p > 0. The function h : v > 0 — w(pB NrBL,)/r is
Nnon-increasing.

Proof. Let r; > ry. By convexity of B and By, we have
(59) (pBNmBr,)/r1 = (p/r1)BNBL, C (p/r2)BNBL, = (pBNraByr,)/ra.
O
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