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UNDERSTANDING NEURAL NETWORKS
WITH REPRODUCING KERNEL BANACH SPACES

F. BARTOLUCC]I, E. DE VITO, L. ROSASCO, AND S. VIGOGNA

ABSTRACT. Characterizing the function spaces corresponding to neural networks can
provide a way to understand their properties. In this paper we discuss how the theory of
reproducing kernel Banach spaces can be used to tackle this challenge. In particular, we
prove a representer theorem for a wide class of reproducing kernel Banach spaces that
admit a suitable integral representation and include one hidden layer neural networks
of possibly infinite width. Further, we show that, for a suitable class of ReLU activation
functions, the norm in the corresponding reproducing kernel Banach space can be
characterized in terms of the inverse Radon transform of a bounded real measure, with
norm given by the total variation norm of the measure. Our analysis simplifies and
extends recent results in [43, 34, 35].

Keywords. neural networks, reproducing kernel Banach spaces, representer theorems,
Radon transform.

1. INTRODUCTION

Neural networks provide a flexible and effective class of machine learning models,
by recursively composing linear and nonlinear functions. The models thus obtained
correspond to nonlinearly parameterized functions, and typically require non convex
optimization procedures [16]. While this does not prevent good empirical performances,
it makes understanding neural network properties considerably complex. Indeed,
characterizing what function classes can be well represented /approximated by neural
networks is a classic problem [36, 2, 43, 34, 35, 17], but it is still not fully understood.
Moreover, networks with large numbers of parameters are often practically successful,
seemingly contradicting the idea that models should be simple to be learned from data
[57, 5]. This observation raises the question of in what sense the complexity of the
models is explicitly or implicitly controlled. From a functional perspective, the answer
corresponds to understanding what norms can be defined and controlled on the spaces
of functions defined by neural networks.

Among neural networks, there is one model where the above questions become
considerably more amenable to study, namely neural networks with only one hidden
layer. In this case, functions can be seen to be parameterized by measures, with
networks with finitely many hidden units corresponding to atomic measures [2]. The
remarkable advantage of this framework is that the parameterization in terms of
measures is linear, and functional calculus considerably simplifies. This observation is
at the base of the connection between neural networks and Gaussian processes [32], as
well as random features [39], which allows to bring to bear the powerful machinery
of reproducing kernel Hilbert spaces [1]. However, starting at least from [4, 3], it is
clear that norms other than Hilbertian can be defined that might better capture the
inductive biases induced by neural networks. For example, for functions parameterized
by absolutely continuous measures, the L! norm of the corresponding densities can be

considered. More generally, functional norms can be defined in terms of total variations
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of the corresponding measures. The study in [2] provides a clear discussion on this
perspective.

The extension from a Hilbert to a Banach setting opens a number of questions. We
discuss two that are relevant to our study. The first one is related to the characterization
of the solution of empirical minimization problems, the so-called representer theorem.
It is well known that, in a Hilbert setting, minimizers always lie in a finite dimensional
subspace. Each solution is a linear combination of the reproducing kernel associated
to the Hilbert space evaluated at the training set points [24, 23, 44]. This result has
immediate computational implications and is at the base of kernel methods [45]. A
natural question is then how these results extend to a Banach space of functions defined
by neural networks. A number of recent results tackles this question [52, 35]. A main
difficulty is that the Banach spaces defined by neural networks are non-reflexive, and
their definition requires some care. In this context, our first contribution is that we
systematically use the machinery of reproducing kernel Banach spaces [58, 27] to
simplify and analyze the construction of such spaces. In the Hilbert setting, feature
maps and positive definite kernels can both be equivalently used to define functions
spaces with the reproducing property. For non-reflexive Banach spaces, only feature
maps provide a natural approach. While a reproducing kernel can be defined, it is
typically neither symmetric nor positive definite. Instead, we show that, introducing
appropriate feature maps, function spaces defined by neural networks can be seen to
define reproducing kernel Banach spaces of functions admitting a suitable integral
representation. Through this characterization and the application of a recent technical
result in [7], we can immediately derive a representer theorem. This result can be
contrasted to [35], and, as discussed later, allows dealing more directly with some
technical issues. We note in passing that representer theorems for neural networks have
different implications than analogous results in the Hilbert setting. Unlike the Hilbert
setting, they do not have immediate computational consequences, but have interesting
implications from a conceptual point of view. Indeed, they imply that finite networks
suffice to solve empirical minimization problems. Further, they imply an upper bound
on the amount of the amount of overparameterization required.

A second line of inquiry regards the characterization of the functions and the norms
corresponding to neural networks. Once again, it is instructive to look at the Hilbert
setting. A main example of reproducing kernel Hilbert spaces are Sobolev spaces with
smoothness sufficiently high for the embedding theorem to hold. In this case, the norm
in the reproducing kernel Hilbert space can be characterized in terms of a suitable
pseudo-differential operator, with the associated reproducing kernel being the corre-
sponding Green function [55]. Again, the question is whether similar characterizations
can be derived for reproducing kernel Banach spaces defined by neural networks. A
recent line of works shows that results in this direction can be derived when considering
the rectified linear activation function (ReLU) in the network units. A first result in this
direction is derived in [43] for univariate functions, and then developed in [34] for the
general multivariate case. In particular, this latter paper shows that the corresponding
Banach semi-norm can be characterized using the Radon transform. These results are
further developed in [35], where semi-norms are defined in terms of the Radon trans-
form in order to prove a representer theorem for one hidden layer neural networks with
(generalized) ReLU activation function. In particular, the definition of the semi-norm
precedes and is in function of proving the representer theorem. Here we contribute to
this line of work, refining and extending such results, as well as providing different
derivations. Indeed, we show that an analogous yet finer Radon characterization holds
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true for the reproducing kernel Banach spaces corresponding to neural networks with
(generalized) ReLU activation functions. Our construction shows that the characteriza-
tion of the Banach space structure is independent of the representer theorem. Moreover,
our approach provides a natural norm regularizer, thus avoiding semi-norms with
resulting topological issues. Using a norm instead of a semi-norm also prevents the
addition of null space elements (i.e. polynomials) to the neural network minimizers.
We end noting that, while working on the characterization of the regularizer norm of
ReLU neural networks, we also contribute to Radon transform theory, extending the
classical inversion formulae to larger spaces of Lizorkin distributions.

The paper is organized as follows. In Section 2 we recall the main ideas and results
about learning with kernels. In Section 3 we give a short introduction to reproducing
kernel Banach spaces (RKBS) and their characterization in terms of feature maps. Then,
we introduce a class of integral RKBS that can model one hidden layer neural networks,
and establish a representer theorem for such a class in Section 3.4. In Section 4 we
focus on the special case of one hidden layer neural networks with (generalized) ReLU
activation function. In particular, in Section 4.2 we characterize the corresponding
norm by means of the Radon transform. In Section 5 we review the theory of the
Radon transform, and we prove extensions of the classical Radon inversion formulae
to Lizorkin distributions. Section 6 contains the proofs of the main results of Section 4.2.
In Sections 4.3, 3.6 and 5.1 we discuss and compare our results with [35] and with
previous work on representer theorems and Radon distributional theory. Finally, in
Appendix A we collect some variational results that we use to prove our representer
theorem.

Notation. If x,y € R?, x - y denotes their scalar product and |x| denotes the Euclidean
norm. The length of a multi-index m € IN is denoted by |m| = my + ...+ m,. Fur-
thermore, if x = (x1,...,x;) € RYand m = (my,...,my) € IN%, we use the notation
xm = x{" - xl® and 0™ = 97 = 9y!...0Y¢. We denote by S?~! the unit sphere in
R?. The dual pairing between a locally convex topological space A and its topological
dual space A’ is denoted by 4/ (-, - ) 4. For simplicity, we also write the pairings with-
out specifying the dual pair A, A" whenever it is clear from the context. The Fourier
transform F is defined for ¢ € L!(R?) by

1

]:GO(W):W

/Rd p(x)e ¥ ¥dx, w € RY,

and it extends to L*>(R?) in the usual way.
If B is a Banach space, we denote by || - || 5 the corresponding norm. If M and N are
two subspaces of B, we write B = M + N to mean that

B={m+n:meM,neN}, MNN = {0},
and we denote by Py and Py the corresponding projections
Py, Py : B — B, Py(m+n)=m, Py(m+n)=n,

so that I = Py + Pyr. If M and N are two Banach spaces, we write B = M @& N to
mean that product space M x A endowed with the ¢/!-norm

lm +nlls = llmllp + [l
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2. BACKGROUND: LEARNING WITH ERM AND RKHS

In this section, we provide some background useful for the developments in later
sections. In particular, we recall the main ideas behind learning via empirical risk
minimization (ERM) and the need of incorporating a bias in the search of a solution
space. Further, we recall the basic ideas and results related to considering reproducing
kernel Hilbert spaces (RKHS) as solution spaces, in particular the representer theorem
and the interpretation of the bias induced by the RKHS norm.

2.1. Background: learning with ERM. The basic problem of supervised learning is
to estimate a function f : X — R of interest, given a (training) set of input/output
pairs D = (x1,y1),..., (x5, yn) € (X x R)N. The problem is formalized in the setting
of statistical learning theory [54, 13, 18], by assuming that X x IR is a probability space
with distribution P and that the training set is sampled identically and independently,
thatis D ~ PN. Then, the function of interest is the one minimizing the expected risk

min(f), L(f) = [ Lly, f(x))dP(x,)

feT

where L : R x R — [0, 00) is a given loss function. Here, the minimization is thought
over the largest space 7 over which the expected risk is defined. We note that the
expected risk can be interpreted as an idealization of the notion of test error. In practice,
the minimization of the expected risk is unfeasible for at least two reasons. The first
one is that the measure P is known only through the training set D. The second one is
that, in practice, the search of a solution needs to be restricted to some class of functions
H C T, called hypothesis space. The natural approach is then to consider the empirical
risk minimization N
. A 5 1
min £(f), L(f) =, 1_21 L(yi f(x1))-

While the choice of H might seem as a strong restriction, there are example of spaces
such that

?371} L(f) = ?Iéi%’}ﬁ(f)/

sometimes called universal classes of function [49, 9]. As pointed out later, functions
spaces used in both kernel methods and neural networks can be shown to have this
property. In this case, ERM is often modified considering

%i}r}f(f) +J(f),

where | : H — R is a functional, called regularizer. The idea is that the regularizer
should enforce a bias in the search of a solution in H and help finding stable solutions.
Next, we discuss a classic example of hypothesis spaces and regularizers, useful in our
discussion.

2.2. RKHS, representer theorem and regularizers. We next consider the hypothesis
space to be a RKHS. We begin recalling a general definition of RKHS and useful
equivalent characterizations.

Definition 2.1. Let X be a set. A reproducing kernel Hilbert space (RKHS) H over X is a
Hilbert space of functions f : X — R such that:

(i) as a vector space, H is endowed with the pointwise operations of sum and

multiplication by a scalar;
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(ii) for all x € X, there is a constant C, > 0 such that
O <Clflln,  VfeEH. (1)

The property (1) states that, for every x € X, the point evaluation functional ev, :
H — R, evy f = f(x), is continuous. By the Riesz representation theorem, (1) is
thus equivalent to the existence, for all x € X, of an element K, € H such that
f(x) = (f,Ky)y forall f € H. This observation leads to the following more practical
characterization of RKHS [1].

Proposition 2.2. A Hilbert space H of functions on X is a RKHS if and only if there exists a
function K : X x X — R such that forall x € X

(i) K(x,-) € H,
(i) £(x) = (F,K(x, ))m, Vf € H.

The function K is called the reproducing kernel and item (ii) is called the reproducing
property. It is easy to check that every reproducing kernel is symmetric and positive
definite. The reproducing kernel, often just called the kernel, is a key quantity uniquely
associated to each RKHS. In the following, we will see how kernels are useful to
characterize the solutions of corresponding ERM problems. More generally, it is possible
to prove a converse of the above result showing that each symmetric positive definite
kernel can be used to define a unique RKHS [1]. Here, we omit this characterization
and recall another one which is popular in machine learning.

Proposition 2.3. A space H of functions on X is a RKHS if and only if there exist a Hilbert
space F and a map ¢ : X — F such that

() H = {fw:w e F} where f,,(x) = (¢p(x),w)r;

(D) [Ifll% = inf{[[wl|[ 7 : w e F, f = fu}.

The map ¢ is called a feature map and F a feature space. By the above result, each
function in a RKHS can be seen as a hyperplane in the feature space. The linear
parameterization of a RKHS is explicit in the above characterization.

An extension of Definition 2.1 and its equivalent characterizations will be useful
in the following, while considering neural nets. It will also be useful to recall two
immediate consequences. The first is a representer theorem that characterizes the
solution of the ERM regularized with the squared RKHS norm.

Theorem 2.4. Assume H is a RKHS and, for every y € R, the function L(y,-) is convex.
Then, the problem

min £(f) + [I£11%

has a unique minimizer f* such that, forall x € X,

n
f(x) =Y K(x,x)ci, ¢ €R.
i=1
The above result is remarkable since it implies that the minimization over an infinite
dimensional space can be replaced with a finite dimensional one. Indeed, this is the
key observation behind kernel methods [45]. We end this section recalling that for
several reproducing kernels the nature of the regularizers induced by the corresponding

squared RKHS norm can be interpreted via an equivalent characterization.
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Example 2.5 (Differential operators and Sobolev spaces). Let X = R and k(x,x') =
e 1x=%Il the Laplacian kernel. Then, for s = d/2 +1/2, it can be shown that

15 = IIFIIZ + 18°"2£113,

where || f|l2 = [ |f(x)|?dx, and A is the Laplace Beltrami operator. Through the above
characterization, functions with a small RKHS norm can be seen to be more regular.
Similar reasoning can also be shown to apply to other translation invariant kernels.
Interestingly, for all these examples the corresponding RKHS are universal [29].

In the following we discuss the question of whether the above results apply or can
be extended to neural networks, and discuss several implications.

3. RKBS OF NEURAL NETWORKS AND REPRESENTER THEOREM

In this section, we discuss how different function spaces can be associated to neural
networks. In particular, we discuss how RKBS can be used towards this end, and
corresponding representer theorems derived. We first recall the basic expression for
neural networks with one hidden layer and illustrate the benefit of considering the
limit in which the hidden layer can have infinite width.

3.1. Infinite wide neural networks are linearly parameterized over measures. As
mentioned before, a main obstacle towards studying function spaces defined by neural
networks is their nonlinear parameterization. Starting from a linear function w - x,
Proposition 2.3 shows how linearly parameterized nonlinear functions can be obtained
applying a non linear map to the input w - ¢(x). In neural networks instead, a contin-
uous nonlinear function ¢ : R — R is applied also to the parameters by considering
o(w - x). Indeed, this latter expression is a simplified model of a neuron. A one hidden
layer neural network is a function obtained as linear combination of several neurons

K
f(x) =Y ago(wy - x —by), )
k=1
where w; € R? and by € R are called the weights. The above expression can be
developed considering further compositions to obtain “deeper” multilayer architectures.
In this paper, we restrict our attention to one hidden layer networks. In the following,
we discuss how functions spaces of neural networks can be defined very generally
considering an extension of RKHS, namely RKBS. We first illustrate some basic ideas,
in particular a suitable reparameterization of neural networks in terms of measures.
We use the short hand notation p(x,6) = o(w - x — b), where 6 = (w,b). The key
idea is to consider the limit for large K in equation (2), that is

K
Y p(x00c =  [ p(x,0)dn(o). ®
k=1

The latter expression is the limit where the hidden layer has an infinite number of
neurons. Note that, if y = Z,Ile Jg,cx then

K
[ o du(@ = 3 ot 00

Considering the integral in equation (3) requires some care, and in the next few sections
we will discuss how function spaces can be defined with the aid of RKBS. We first

discuss a simplified setting to illustrate some basic intuitions.
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Example 3.1 (Compact parameter spaces and densities). We let 8 € ©, where the
parameter © is a compact subset of R?, and restrict to measures that are absolutely
continuous with respect to the Lebesgue measure d6, so that u(0) = p(0)d6. Then,
equation (3) becomes

fulx) = [ p(x,0)p(6)do. @

The above expression shows how functions are linearly parameterized by measures/
densities, and it is easy to see that they form a linear space. Different structures
and in particular different norms can be considered, for example | |l = [|p||;2(e) or

|fllz = llpllL1()- It canbe proved [2, 42] that the first choice corresponds to considering
a RKHS H with kernel

K(x,x') = /p(x,@)p(x’,())d@.

Indeed, this result is at the base of well known connections between neural networks
with RKHS, and in particular random features [39], but also with Gaussian processes
[32]. The norm |[|f|lz = [|pl[11(e), instead, can be shown to define a Banach space
[2], and clearly H C B. Hence, in general, we can expect the space B to have better
approximation properties than H. We remark that, while surely enlightening, this
setting has at least two major limitations: first, the parameter space of commonly
used neural networks is never compact; second, restricting to absolutely continuous
measures excludes atomic measures, and therefore (finite width) neural networks.

The above example shows that, while a connection between RKHS and neural nets
is possible, going beyond a Hilbert setting might be needed depending on the kind
of structures we consider on the function space of neural networks. The fact that
Banach spaces of neural networks are larger function spaces suggests that it could be
interesting to explore this setting. Interestingly, recent results also suggest that the
gradient descent training of neural networks might be controlling implicitly the norm
in B [11]. Indeed, we will show next that certain Banach spaces are naturally associated
to neural networks. Towards this end, we first recall the basic facts about RKBS.

3.2. Reproducing kernel Banach spaces. Since [58], several definitions of RKBS have
been proposed. Here, we adopt a fairly minimal definition, and refer to [27] for a
comprehensive overview. Among all possible equivalent definitions of RKHS, the one
in Definition 2.1 generalizes seamlessly to the Banach case. Indeed, it suffices to replace
“Hilbert” with “Banach”.

Definition 3.2. Let X be a set. A reproducing kernel Banach space (RKBS) B over X is a
Banach space B of functions f : X — R such that:
(i) as a vector space, B is endowed with the pointwise operations of sum and

multiplication by a scalar;
(ii) for all x € X, there is a constant C, > 0 such that

f)l < Clflls,  VfeB ®)

As for RKHS, the property (5) is equivalent to the fact that for every x € X there
exists an element ev, € B’ such that

f(x)=plevy, f)s,  Vf€EDB. (6)
However, unlike for RKHS, this does not lead to a natural notion of reproducing

kernel, and thus to a characterization as in Proposition 2.2, because in general 5 is not

isomorphic to its dual. Interestingly, the characterization of Proposition 2.3 in terms
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of feature maps generalizes naturally [12, 27]. We report the proof for the sake of
completness.

Proposition 3.3. A space B of functions on X is a RKBS if and only if there exist a Banach
space F and a map ¢ : X — F' such that

() B={fu:p € F}where fu(x) = 7 {9(x), u) 5

(@) [|flls = inf{{|ull7: € F, f = fu}-
Proof. Let B be a RKBS of functions on X'. Define / = B and the canonical feature map

$: X =B, P(x) = evy,

where ev, is defined by (6), so that f, = p for all u € B. Both claims in the statement
are clear.

Conversely, suppose we have a Banach space F and amap ¢ : X — F’, and define
a vector space B of functions on X" as in (i). Then, the norm in (ii) makes B a Banach
space. Moreover, in view of (i), for every f € B there exists u € F such that f = f,,
and |f(x)| = [fu ()] < [|#l| 7[l¢(x) ]| 7. Thus, for every x € X,

f)l < inf pllzlleCllF = 1 fllsle) |z,

HEF, f=fu

which shows that point evaluation is continuous on B. [

Some comments are in order. As mentioned above, Proposition 3.3 gives a recipe to
construct RKBS starting from a Banach space F and a map ¢ : X — F'. In analogy to
RKHS, we call ¢ a feature map and F' a feature space. As in the Hilbert setting, we note
that feature maps are in general not unique. Finally, we add a technical remark.

Remark 3.4. The RKBS B is isometrically isomorphic to the quotient space F /N, where
N is the closed subspace

N={pueF:fu(x)=0 Vxe}
and the isometry is given by

where [p] is the coset of p. Since the dual of /N can be identified with the closed
subspace

Nt ={weF : plwu)r=0Yuc N} CF,
then by duality B’ is isometrically isomorphic to A/*. In particular,
Wyevy = ¢(x), x € X, 7)
where W, : B’ — N* denotes the dual map.

Next, we describe a class of RKBS parametrized by the space of bounded measures,
which is a variant of an example in [2]. This RKBS is the example relevant to discuss

spaces of functions defined by neural networks.
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3.3. A class of integral RKBS. We fix a (Hausdorff) locally compact second countable
topological space ©, that can be seen as the parameter space. Then, we denote by
M (©) the Banach space of bounded measures defined on the Borel c-algebra of ©,
and endow M (©) with the total variation norm || - ||Ty. Since ® is second countable,
the elements of M (©) are finite Radon measures and Markov-Riesz representation
theorem ensures that M (®) can be identify with the dual of Cy(®), the Banach space

of continuous functions going to zero at infinity endowed with the sup norm || - ||co.
Then the TV norm is written as
v = sup{ (s, ) = € Co (@), [[plleo < 1} ®)

Keys to our construction are a function p : X x ® — R and a measurable function
B : ©® — R satistying the following conditions:
(i) forallx € X
sup o(x,0)B(0)| = Dy < oo, ©)
<G
for some D, > 0;
(ii) for all x € X, the function p(x, -) is measurable.

Given the above definition we next define a RKBS a functions with a suitable integral
representation and that can be seen to be parameterized in terms of measures on the
parameter space. As discussed later this yields a direct connection with one hidden
layer neural networks with possibly infinite width. Towards this end, we define the
feature map

¢:X > MO, o) ¢ ey = [ p(x0BO)R(O),

which is well defined because of (9). Then, by Proposition 3.3 the feature map ¢ defines
a RKBS B explicitly given by

B={fu:neM@O), (102
ful) = [ p(x,0)B(6)dn(e), (10b)
1715 = in{llnllrv < fu = £ (100

We add several remarks. First, we comment on the nature of the functions p and .

Remark 3.5 (Reproducing kernel and activation functions). The function p is a reproducing
kernel in the sense of [27, Definition 2.1] (see [27, Section 3.4]). Clearly, it is always
possible to include B in the definition of the kernel p. However, we prefer to regard
{p(-,0)}¢ as a family of basis functions (e.g. as identified by the choice of an activation
function in neural networks), and § as a smoothing function needed to ensure that the
integral in (10b) converges for all .

As we comment next, the introduction of the smoothing function is crucial.

Remark 3.6 (Smoothing function ). Condition (9) (with the measurability assumption)
is necessary and sufficient to ensure that the integral in (10b) converges for all bounded
measures, and thus that all the elements of the hypothesis space have an integral
representation. In [35] B is not introduced, and in fact their Lemma 21 provides an
integral representation only for rapidly decreasing measures. Then, the authors assume
that such a representation extends to a bounded operator. Note, however, that the
extension of an integral operator is not necessarily integral. For example, the L?

extension of the Fourier transform does not admit an integral representation. On a
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related note, [53] considers hypothesis spaces with integral representation by imposing
a growth condition on the integral kernel (see Theorem 3 therein). In our setting, such
a kernel would correspond to the product of p and . Since we need to keep p free of
growth conditions (in order to plug in relevant examples of activation functions), we
charge B with a decay condition. In particular, our strategy allows to seamlessly deal
with neural networks defined by ReLU activation functions.

By choosing the measure u having finite support, i.e.

K
y:Zakégk, a. €R, 6,€0,
k=1

where dy is the Dirac measure at point 6. It follows that the elements of the form

K
fu=Y ap(-,00),  we=ap(b) €R, 6 €O, (11)
k=1

belong to B. Note that the smoothing function B is included in the vector coefficient
(a1,...,ak), so that it does not affect to the dependence of the function fu to the
input variable x € X. Functions as in (11) are the main ingredient of many learning
algorithms, as for example kernel methods and one hidden layer neural networks,
see Example 3.13 and Example 3.12 below. As observed earlier, equation (10b) provides
a pointwise integral representation of the elements of B. However, by (11), for each
0eO

fo=fo, =0(,0)B0) €B, |folls < ldlltv =1, (12)
then

fu= [ fadu@), (13)

where the integral is in the Bochner sense provided that 6 — fj is measurable as a map
from © to B. Finally, observe that (7) can be written as

Wyevy = p(x,-)p € M(@)".

3.4. Representer theorem. We now derive a general representer theorem for the class
of RKBS given by (10). As discussed next, this amounts to providing explicit characteri-
zation of the solutions to empirical minimization problems in machine learning and
beyond. Following the setting described in Section 2, we consider the problem

. 1Y
inf (N 1L(yizf(xi))+||f||13)- (14)

feB i=

We are interested in the case where the hypothesis space is the RKBS given by (10) and
|| - || g is the corresponding norm. With this choice, even existence of a solution is non
trivial since in general B is non-reflexive, so that the closed balls are not even weakly
compact. In the following we establish conditions under which minimizers exist, and
derive a general representer theorem.

First, we need a result showing that (14) can be reformulated as a minimization over
the space of measures M (®). The key observation is that M (®) can be endowed with

the weak™ topology, with respect to which the closed balls are indeed compact.
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Proposition 3.7. Take p : X x©® — R, B : © — R satisfying (9), and set B as the
corresponding RKBS defined in (10). Then

N
1nf< ZLyz, f(xi) —i—||f||3>: inf (%EL(yi/fy(xi))"i_Hy”TV).

feB peM(®)

Furthermore, if u* is any minimizer of

N
inf (%ZL(yirfy(xi)) + ||V||Tv> , (15)
i=1

HEM(O)
then f* = f,« is a minimizer of problem (14).

Proof. By definition of B, we have

. 1Y
}nlf3’< ZL ]/1/ xl + ||fHB) _]/teb\r/llf(@) (NEL(yZ'fV(xl))—i_ ||f]4||l3>
_ 1Y .
N MR A
fV:fll
. 1Y
= Wenﬂuf(@) N;L(yz,fy(xz)) + [virv
fv:fy
f L ¢
= i — 2 L(yi, fu(x; :
it | o L fol)) + vl

Now let assume that y* is a minimizer of (15). Then, for allv € M(©),

N
(%;L(yirfﬂ*(xi))‘i‘ Hu*HTv> < ( ZL yi, fu(x )+H1/||TV>

Fix y € M(©) and take the infimum over all v such that f, = f,, then

N
(%;L(yirfu*(xi))+”V*”TV> < ( ZL Yir fu(x )+nyHB>

With the choice u = p,, we have ||p* ||y < ny*||5 and, clearly, ny*HB < |lu*||Tv, so
that

1 Y 1 N
(NZL(yi,fy*(xi)H waHB) < <NZL(yi/fy(xi))+ ny”8>/
i=1 i=1

which concludes the proof. [

The next corollary shows that the minimization problem (15) can be regarded as
two nested minimization problems where the external one is over a finite-dimensional
vector space. As discussed in the following, this result can be directly compared to the
classic results for RKHS, highlighting similarities but also crucial differences.

Corollary 3.8. With the setting of Proposition 3.7, let

V={pec MO): fulx;)) =0Vi= 1"'1i'N} ={p(x1,)B,...p(xn, )}, (16)



where the orthogonal * is taken with respect to the pairing M@y () m(e)- Then Vis a

closed subspace of M(®), and there exists a finite-dimensional subspace W C M (©) with
dim W < N such that

and
. 1Y . 1Y .
. NgL(}/irfu(xi))+‘|#||TV = inf Ni;L(yi,fu(xi))+;ggIIV+TIITv :

(17)
Proof. Define the map F : M(©) - R,

N
F(p) = (% X L ful) + ||u||w) .

By the reproducing property (10b), the linear maps
y»—>fy(x1~), iZl,...,N,

are continuous. Hence, V is a closed subspace of M (®) with finite co-dimension no
larger than N, and therefore there is a finite dimensional subspace W, dim W < N,
such that

M(O) =W+ V.

Moreover, forall y = v+ twithv € Wand v € V, we have

N
F(10) = 5 Lo M fulox)) + v+,

whence (17) becomes clear. O]

Corollary 3.8 is closely related to Theorem 2.4. However, there are some important
differences. The existence of the finite-dimensional subspace W strongly depends on
the fact that V has finite co-dimension. Moreover, in general there is not a canonical
choice for the complement W and the total variation norm does not preserve the
decomposition, i.e. in general M (®) is isomorphic to W & V, but the isomorphism is
not an isometry. For a RKHS #, there is a canonical choice YW = V* and, for such a
choice, ||v + 7|3, = [[v||3, + || T||3,, so that the inner minimization problem in (17) has
T = 0 as solution. Further, since M (®) is not reflexive, in general V is only weakly
closed (being convex), and it is not easy to show the existence of a minimizer for the
inner minimization problem.

To overcome this issue, we next strengthen condition (9) by assuming that

p(x,-)B € Co(O®), Vx € X, (18)
which clearly implies (9). This assumption is equivalent to assuming that the feature
map

$: X — Cy(O) C M(@)/
takes values in the pre-dual of M (®) (compare with the assumption in [53, Theorem 1,
item 2]). Moreover, for all x € &,

Wyevy = p(x,-)B € Co(@).
We stress that, in many examples, given a function p, it is easy to find a smoothing

function B such that (18) holds true without modifying the form of the solutions (11) (as

functions of x). On the other hand, the choice of 8 does affect the norm of the solutions,
12



albeit in a simple way. Indeed, as seen later, it simply corresponds to renormalizing
the coefficients. Under condition (18), we provide a representer theorem for the RKBS
defined by (10). More precisely, we show that ERM minimizers always exist, and are of
the form (11). Our proof takes care of some delicate topological issues (see Remark A.4).
It is based on [7, Theorem 3.3], the statement of which is given in Appendix A for the
sake of completeness.

Theorem 3.9. Assume that (18) holds true and, for every y € R, the function L(y, -) is convex
and coercive in the second entry. Then, the problem

(1
inf (N Z L(yi, f(x;)) + ||f||6)

feBAN i3

admits solutions f* such that, forall x € X,

K

fHx) =) app(x,0),  a e R\{0}, 6 €0, (19)
k=1
K

1 8 < Y laB(6) ), (20)
k=1

with K < Nand B(6x) #O0forallk =1,...,K.

Proof. In view of Proposition 3.7 and (11), to establish (19) it is enough to consider the
minimization problem (15) on the space M (®), and show that there exists a measure y
with finite support of cardinality at most N that minimizes (15). Towards this end, we
apply Theorem A.3.

We set U = M (®) endowed with the weak™ topology, so that U is a locally convex
topological vector space. We define

A:U—=RN,  (Ap)i = fu(xi) = pmey (@), 1) me) = cyo) (1 P(Xi)) co(0)-

By (18), A is a continuous linear operator from U to RY, regarded as Hilbert space with
respect to the Euclidean scalar product. Furthermore, by assumption on L, the function

1 N
F:RN — (—o0, 400], F(w) = N Y L(yi, wi), w= (wy,...,wy) €RY,
i=1

is convex and coercive on RY with domain RY, thus it is continuous and, hence, lower
semi-continuous. We set H = range .A, which is a Hilbert space since it a closed
subspace of RN. With a slight abuse of notation, we regard F as a map defined on
H and A as a map onto H, so that .A becomes surjective. By (8), the total variation
norm, regarded as a seminorm from U into (—oo, +0], is the superior envelope of
lower semi-continuous functions, hence it is weakly continuous [8, page 11, item 4], its
domain is U and its kernel is trivial. Furthermore, the Banach-Alaoglu theorem gives
that the balls {v € M(O®) : ||v||tv < R} are weakly* compact for every R > 0, so that,
according to the definition in [7, Assumption H1], the norm || - ||y is coercive on U.
By Theorem A.3, the problem (15) has minimizers of the form

K
U= Z axUy, K<N, a.>0, Zﬂk = H‘uHT\/, Uy € EXt(B),
k=1 k

13



where B is the unit ball in M(®) and Ext(B) is the set of extremal points of B (see Defi-
nition A.1). Furthermore, thanks to Lemma A.2,

Ext(B) = {45 : 0 € ®},

so that y is a measure with finite support of cardinality at most N. We thus set f = f,
and

w = JBO)  ue =0,
¢ —aB(Ok) up = —dg,

By (11) we have ay = a;f(6) # 0 if and only if B(6;) # 0, so that (20) holds true by
removing the parameters 6y such that f(6;) = 0, as a consequence of (10c) and the fact
that Y ax = |[v||1v. O

Remark 3.10. While our main motivation is supervised learning, and thus we focus
on minimizing objectives defined by loss functions, it is clear from the working as-
sumptions of Theorem A.3 that Theorem 3.9 holds true for more general variational
problems, arising from different choices of sampling A and finite-data constraint F (see

[7]).

Remark 3.11. The above result is close to [53, Theorem 1], [35, Theorem 1], where in both
cases there is an extra polynomial term. It is also close to [7, Theorem 4.2], [52, Section

4.1], that are stated for M (®). For further details and comparisons, see Sections 3.6
and 4.3.

3.5. Neural Network RKBS. We start discussing some examples illustrating how the
above results specialize to neural networks (we further develop this discussion in later
sections).

Example 3.12 (One hidden layer neural networks). Let ¢ : R — IR be a continuous
(nonlinear) activation function. A one hidden layer neural network is a function

K
f(x) =Y aro(wy - x —by), (21)
k=1

with wy € RY and by € R. Let ® = R, p(x,0) = o(w-x — b) for = (w,b), and
pick a B satisfying (18). Applying Theorem 3.9, we obtain solutions of the form (21),
with K < N. Typical examples of ¢ are sigmoidal functions, i.e. functions satisfying
limy,_o o(t) = 0 and limy— 1« 0(t) = 1, and the widely used Rectified Linear Unit
(ReLU) o(t) = max{0,t}. It is well known that for all these choices of ¢ the corre-
sponding hypothesis classes are universal [14, 37]. In Section 4 we will be studying in
full detail the RKBS and corresponding norm associated with one hidden layer neural
networks with (generalized) ReLU activation function.

Example 3.13 (RBF networks & kernel mean embedding ). Assume that & is a compact
topological space and « : X x X — R is a continuous semi-positive definite kernel. For
X = R%, a classic example is the Gaussian kernel x(x, x') = e_”x_x’|‘27, which is also an
example of Radial Basis Function (RBF) [38]. Let H be the corresponding reproducing
kernel Hilbert space and B be the Banach space given by (10a) with the choice ® = X,
p = x and B = 1. Equation (12) gives that f, = x(-,x) = x, for all x € X, so that (13)
becomes

fu= /XKx du(x) € H.
14



It is interesting to note that this is exactly the kernel mean embedding of u (see [30] and
references therein). Hence B is a subspace of H and, since the kernel mean embedding
is continuous from M (@) into H, the norm || - || is stronger than the norm induced
by the scalar product of H. For example, if the kernel x is characteristic [30], the
map y — fy is injective, so that B is isometrically isomorphic to M (®), which is not
separable, whereas H is separable since X is. Still, Theorem 3.9 states the existence of
solutions of the form

K
f= thin;, xi e X,
i=1

with K < N. Note however that Theorem 3.9 does not imply that the points x} belong
to the training set {x; }¥ ;.

In later sections, we will further develop the study of RKBS corresponding to neural
networks defined by generalized ReLU functions and characterize their norm. Before
that, we discuss the representer theorem we proved, reviewing classical as well recent
related results.

3.6. Discussion: representer theorems in learning, Banach and variational theory.
The representer theorem originates from the work of [24, 23] on interpolation and
smoothing problems in reproducing kernel Hilbert spaces, and plays a key role in
kernel methods [44, 45]. In a simple form, the classical representer theorem asserts
that the solution of the regularized empirical risk minimization on a RKHS is a finite
linear combination of the kernel evaluated at the input data points. This result is both
conceptually and practically remarkable, since it allows to compute the solution of an
infinite-dimensional models solving a finite dimensional problem.

In a broader sense, the representer theorem can also be seen as a sparsity result,
showing the existence of solutions that are combinations of at most as many elements as
the number of samples, regardless of how high the dimension of the hypothesis class is.
Sparsity is an important property in machine learning (as well as in signal processing),
and can be enforced by constraining the ¢! norm of the model parameters [50, 10]. In
a finite-dimensional model, sparsity is essentially a consequence of Carathéodory’s
convex hull theorem (see e.g. [41, Section B.1]). Sparse models naturally generalize
to infinite dimensions by replacing the linear coefficients with the integration with
respect to a measure, and the ¢! norm with the TV norm. Along these lines, [2, 40]
consider superpositions of infinitely many (and more than countable) features with
TV regularization. [40, Theorem 1] can be seen as a representer theorem for bounded
tfeatures and positive measures, based on an extension of Carathéodory’s theorem to
positive measures [40, Theorem 2]. Note that these constructions go beyond kernel
methods and RKHS, and in particular in the direction of neural networks as described
in previous sections, hence requiring different tools from functional analysis.

The approach relevant to our study is given by reproducing kernel Banach spaces.
The paper [58] introduces reflexive RKBS and proves a representer theorem (Theorem
19) for minimal norm interpolation on uniformly convex RKBS (assuming linearly
independent features at the sample points). A different approach is given in [12].
Uniform convexity is assumed so that the Riesz representation theorem holds, thus
ensuring that continuous linear functionals are semi-inner products. Using bilinear
forms instead of inner products, [48, 47] handle non-reflexive spaces, and study in
particular RKBS with ¢! or TV norm. Their construction starts directly from a kernel

function, on which they impose admissibility conditions to obtain representer theorems,
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see [48, Theorem 4.8, Corollary 4.9], [47, Theorem 2.4]. Non-reflexive p-norm RKBS are
constructed in [56] via generalized Mercer kernels, although the representer theorems
require reflexivity. Further definitions of RKBS are reviewed and unified in [27]. While
the authors provide a general framework to construct RKBS and kernels by pairs of
feature maps, their representer [27, Theorem 4.4] still assumes reflexivity of the feature
space. We remark that even in the non-reflexive spaces considered in [48, 47] the
kernel is a function on the square of the input space, and therefore the model can not
accomodate typical basis functions parameterized by a different parameter space than
the input space, thus ruling out integral feature models [2, 40] and neural networks.

The full generality of representer theorems beyond reflexive spaces can be found in
optimization and variational theory, where they have come to mean virtually any result
establishing the existence of sparse solutions to empirical minimization problems with
convex regularization. This kind of problems has a long history. A notable example is
Radon measure recovery with TV regularization, for which ante litteram representer
theorems (for bounded domains) can be found in [15, 59], stating the existence of
solutions that are finite linear combinations of Dirac deltas. The proof of these results
are crucially based on the Krein-Milman theorem and the characterization of extremal
points. A more general setting has been recently developed in [53]. Here, the authors
start from a pseudo-differential operator L, and consider the inverse problem over
an associated native space My of functions on RY with generalized TV seminorm
||IL|[Tv. Then, they show that the extremal points of such a problem are L-splines,
i.e. functions which are sparsified by L, plus a term in the (finite-dimensional) kernel
of L. This point of view has been considered by [35] and extended from R? to P4
with the notion of ridge spline, of which ReLU neural networks are examples. The
papers [6, 7] introduce an extremely general variational framework that extends [53] to
inverse problems on locally convex spaces with abstract convex [6] or seminorm [7]
regularization. The corresponding representers are established: [6, Theorem 1] assumes
a priori the existence of minimizers and focuses on the geometry of the solution set,
whereas [7, Theorem 3.3] provides sufficient topological conditions for the existence of
minimizers.

In summary, we can roughly identify three lines of work studying representer the-
orems: representers for learning models (classically kernel methods, more recently
neural networks), representers for RKBS (generalizing RKHS), and representers in
variational theory. Recently, the abstract variational framework has been applied and
reconnected to machine learning. The paper [52] proves a general representer theorem
for dual pairs of Banach spaces, which can be specialized to a wide range of learning
problems, including sparse regularization on non-reflexive spaces (using [6, Theorem
1]). In [35], [7, Theorem 4.2] is applied to provide a representer theorem for neural
networks with ReLU (type) activation function. In our paper, we further incorporate
and exploit the ingredient of (non-reflexive) RKBS. While the RKBS structure is implic-
itly present in several previous works [41, 2, 35], its role in the explicit construction
and characterization of neural network models was not clear or emphasized. In our
work, we show how such a structure allows to directly derive representer theorems
for feature models and neural networks from general variational theory. For a detailed
comparison between our results and [35] we refer to Section 4.3.
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4. BANACH REPRESENTATION AND RADON REGULARIZATION OF RELU NEURAL
NETWORKS

In this section we discuss the RKBS associated with truncated power activation
functions, including the ReLU. This is related to the results in [35], but here we follow a
dual approach and provide a finer characterization. First, we define a hypothesis space
B, as a RKBS parametrized by M (©) for a suitable choice of ® and p = p;,. Then, we
characterize the norm of B,, by means of the Radon transform.

4.1. The hypothesis space. Let S*~! be the unit sphere in R?, and let
E=S"1xR

with the product topology, which makes it a locally compact second countable space.
Given € M(E), we set u” € M(E) to be the bounded measure defined by

w'(E) = p(=E)
for every Borel set E C E. We define the subspaces of even and odd measures as
M(E)even = {n € M(E) : p’ = p},
M(E)oaq = {p € M(E) : " = —pu}-

Furthermore, for every p € M(ZE), we define the even and odd part of y as

+ vV _ 4V _
Heven = u ZH € M(ﬂ‘)even: Hodd = i ZV € M(d‘)odd-

Every u € M(E) can be written as the sum y = Heven + Hodq and this factorization is
unique, so that
M(E) - M(E)even + M(E)Odd'
Moreover, for every integer m > 2, we define the truncated power activation function
on: R — 1R as
1

Um(t) = mmaX{O, t}mil, teR (22)

(see Figure 1), and the correspondingly
om :RYXxE SR, om(x,n,t) = 0p(n-x —t). (23)

Note that, for m = 2, 0y corresponds to the Rectified Linear Unit (ReLU).
We choose € Cy(E) such that

B(n,t) >0, V(n,t) € E, (24a)
B(—n, —t) = B(n,t), V(n,t) €E, (24b)
Jim (Jx|+ 1t sup B(n,t) =0, VxeR“ (24c¢)
e nesi-1

The positivity condition (24a) is posed to characterize the kernel of the RKBS parametriza-
tion y — f, (see Lemma 6.8). The symmetry requirement (24b) allows to control the
parity when dealing with Radon transform and measures (see Lemma 6.6 and Re-
mark 6.7). The requirement (24c) ensures that condition (18) holds true (see Remark 3.6),
since

1

su x,m,t) < ——(|x| + [¢)™ L. 25

sup (1) < G (el ) 25)
17
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FIGURE 1. ReLU-type activation functions: the ReLU 0, and the trun-
cated power functions 03 and oy.

An example of B satisfying the above conditions is

‘B(Tl, t) = ﬁ

According to the framework of Section 3.3, with the choice of X = R? as input
space and ® = E as parameter space, we define B, as the RKBS with kernel p,, and
smoothing function g, i.e.

By ={fu: 1€ ME)}, (26a)
ful) = [ am(nx— 0B, 1) dp(n, 1), (26b)
17115, = inf{lulry : 1 € M(E), £ = f). (260

4.2. The regularization norm. The next theorem provides an alternative characteriza-
tion of the norm (26c) by means of the Radon transform. A similar result is stated in
[35], within a different framework. To state our result, we first need to specify a few
operators. We list them here, and we refer to Section 5 for all the details. The opera-
tor R denotes the Radon transform from the space S}(IRY) of Lizorkin distributions
on IRY onto the space S}(E) of Lizorkin distributions on the space E (Definitions 5.3

and 5.8). The operator A1 is the Fourier multiplier defined by (47) and (51), and
it is at the root of the inversion formulae for the Radon transform (Theorem 5.9 and
Corollary 5.11). The operator 0; is the distributional derivative acting on the variable ¢
defined in Proposition 6.2.

Theorem 4.1. Fix an integer m > 2. Set By, as the reproducing kernel Banach space with p,,
as in (22), (23) and B satisfying (24), and let Q,, and P, be the subspaces defined by

Om = {fe € Bu: 1€ M(B), ¥ = (-1)"1},
Pu={fy € Bu:ve ME), vV = (-1}
Then Q,, and Py, are closed subspaces of By, such that

Bm = Qm + Pm/
18



and
Pu = {p: R? = R: pis a polynomial of degree at most m — 1}.
Moreover:
(i) the elements f € By, are continuous functions satisfying the growth condition

f(x)] < Ce(1+[x)™F, xeRY, (27)

so that f € S)(R?);
(ii) for all y € M(E), setting

_1\m,,V _1\m+1,,V
T:u+(21)u, Ly bl 12) o 28)
we have
Pmeﬂ = fT’ P'me]/l = fV’
and
d—1 .
Wa’“ Rfy =T (29)
(iii) forall f € By,
£ B, < [1Po, fllB, + 1Pp, fll5, <2lfls, (30)
1 o
1Po,fllB, = Hmat AR v, (31)

1Py, flls, = inf{|v]rv: v € M(E), v/ = (=1)"*v, f, = Pp,f}; (32)
(iv) take a tempered distribution T € S'(IRY) such that

— ; m A d—1 —
T = S ﬁat ATIRT € M(B), (33)
T — fr € Pu (34)

then T € By, and
meT:fT’ Ppm :fV’
for some v € M(O) such that vV = (—1)" 1y,

The proof of Theorem 4.1 is given in Section 6. Here we add some comments. Assume
that m is even, in particular m = 2 for the ReLU (for odd m, simply interchange “even”
and “odd” in what follows). The measures T and v defined by (28) are the even and
odd parts of y and Theorem 4.1 states that

Bm :{fT: TEC M(E)even} + {fvt S M(E)odd}r (35)

—
=)

so that any f € By, admits a unique decomposition f = fr + f, with T € M(E)even
and v € M(E),qq. The even part 7 is uniquely determined by the Radon transform of
f via (29), and || f<||g,, = ||T||Tv, so that Q,, is isometrically isomorphic to M (E)even.
The odd part v over-parametrizes the finite-dimensional space P, of polynomials of
degree less than m and, in particular, || ||, < ||v||Tv. Finally, let L = dim(Py,), and
let py, ..., pr be an algebraic basis of P;,. Since L is finite-dimensional, there exists a

dual family ¢, ..., g in B}, such that

B, 90, Per) By = Ou -
19



Then, for all f € By,
L

fr="Y 590 f) B, Pe-

=1
Item (iv) provides an equivalent characterization of B;, as a subspace of the space
of distributions, as it happens for Besov spaces [51], and it is closely related to the
original approach in [35, 53]. Equation (33) means that there exists a bounded measure
T € M(E)even such that

1 _ . -
WBTAEI 1RT = [BT m Sé(d;)

Thus, fr € O C By C S’ (le), and (34) is equivalent to assuming that the remainder
T — fr is a polynomial of degree less than m. Without assuming (34) we have the
following result, whose proof is postponed to Section 6.

Corollary 4.2. Take a tempered distribution T € S’(IR?) such that (33) holds true. Then there
exist a unique f € Qy, and a unique polynomial p such that T = f + p.

In [35, 53], the polynomial degree is enforced to be smaller than m by requiring that
T is a distribution satisfying the growth condition (27). Note that B, satisfies (27) by
construction.

Finally, we note that Theorem 3.9 immediately gives the following representer theo-
rem.

Corollary 4.3. Assume that, for every y € R, the loss function L(y, -) is convex and coercive
in the second entry, and set BB,, as in Theorem 4.1. Then, the problem

N
inf (% Y L(yi f(x) + ||f||6m> (36)
i=1

feBuy

always has minimizers of the form

K

fx) =Y aom(ne-x — 1), (37)

k=1
where K < N, (ng, t;) € S* 1 xR, ap € R\ {0} and

K
£, < kz |tk B (g, 1) ™
=1

Remark 4.4. As already observed in [35, Lemma 25], the Radon regularization corre-
sponds to several forms of coefficient regularization, such as ¢!-path-norm [33] and
weight decay [26]. Indeed, if we take f € By, of the form

K
f(x) =Y weom (g - x — ty), (38)
k=1
where K € N, (ng, ty) € ST xR, ay € R\ {0}, a simple computation gives that

1 K

1Po, fllg, = Il s A Rty = Y el Blm 1) -
2(2m)4-18 =
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The proof follows directly by Lemma 6.6 together with the fact that

K
f=f n= kZl B (1, t) " Sy )
and
+ _1 m,,V K B
H% = Y Jog| Bmp ti)
™V k=1

In the next section we provide an alternative construction of RKBS for ReLU type
neural networks where the polynomial space P, is avoided.

4.2.1. An alternative construction. As ® = IP%, the space of all hyperplanes in R?, which
is the natural domain of the Radon transform. For every hyperplane & € IP? there exists
(n,t) € E such that

XeEl<<=x-n=t
see Figure 2. The space = is a double cover of IP? with covering map'

A

FIGURE 2. The hyperplane ¢ with equation n - x = t (two-dimensional case).

¥Y:2-P, Ymt)={xeR':x-n=t},
and ¥ (n,t) = ¥(n',t') if and only if (n',t') = (—n, —t). Therefore, we can identify IP*
with the quotient space Z/ ~, where ~ is the equivalence relation on Z given by
(n,t) ~ (n',t') = (0, t') = (—n, —t). (39)
We denote by [(n,t)] € P4 the equivalence class of (1,t) € E. Note that p,, given in (23)

is not well-defined on P9 since pm(x,n,t) # pm(x, —n, —t). To overcome this problem,
we fix a measurable section

s: P B, s(8) = (n(6),4(?)),

1A double cover of a topological space X is a topological space C together with a continuous surjective

map p : C — X, called covering map, such that, for every x € X, there exists an open neighborhood U of

x such that p~1(U) is the union of two disjoint open sets in C, each of which homeomorphic to U via p.
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i.e. s is a measurable map satisfying
¢ = [s(6)],
for every ¢ € IP?. Then, we define the feature map
$m : RY = Co(PY) ¢ M(PYY
given, for every x € R? and ¢ € P?, by

P (x)(8) = om(n(Z) - x — t(2)B(n(Z), £(2)),

where the smoothing function B satisfies (18) and is strictly positive. Further, we
suppose f to be an even function if m is even and an odd function if m is odd. This
last assumption ensures that the right-hand side in formula (40) has the right parity (cf.

Remark 6.7). We thus define the RKBS B, as the RKBS associated with the feature map
¢m according to Proposition 3.3. As we will see, a crucial point to characterize the norm
of B, lies in Lemma 6.6. For the corresponding characterization in the space B,;, one
can prove an alternative version of Lemma 6.6.

Lemma 4.5. For every f,, € B,
1
2(2m)d-1

where the equality holds in S|(Z).

AR fy = B, (40)

We skip the proof of Lemma 4.5 since it is similar to the the proof of Lemma 6.6.
Then, one can prove the following result.

Corollary 4.6. The problem
1 N
inf | =) L(yi f(xi))+ 5
ot Ni; (i, f(x:) + |1 fll g,

always has minimizers of the form

K

f(x) =Y agom(ng - x — 1),

k=1
where K < N, (ng, t;) € S* 1 xR, a € R\ {0} and

K
1£llg, = X laxlBln te) ™
k=1
Furthermore, the map y — f, is an isometry from M (P?) onto By, and

, ue M(]Pd).
vV

fullg, = il = H “ﬁamAd*Rfu

The last part of the statement follows by showing that the map u — f, is injective
and by (26c). The injectivity of the map is a consequence of Lemma 4.5 together with

the fact that B = 0 in S}(E) implies # = 0 in M (IP?), see Lemma 6.4. In other words,

taking the feature map with values in M (IP%)" avoids the redundant parametrization

of the RKBS caused by the odd measures.
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Remark 4.7. The introduction of the section s is technically crucial. A natural alternative
to make the feature map well defined on IP“ is to symmetrize the feature map, i.e.

~ om(n-x—1t)B(n,t) +om(—n-x+t)p(—n, —t)
Fn()(@) = : )]
However, this would result in a representation with symmetrized activation functions.
For instance, for m = 2 we would obtain neural networks with absolute value activation
function instead of the ReLU, i.e.

K
flx) =Y aglng-x —tyl,

k=1

since
Om(n-x—t)+ou(—n-x+1t)=|n-x—t.
This is roughly the strategy followed in [35], where the authors obtain representations

with symmetrized activation functions, but with an additional polynomial term (see
[35, Definition 5 with Remarks 6 and 7]). Note that

on(n-x—1t) —op(—n-x+1t)=—n-x+t,

which is a polinomial of degree 1 in x. In this view, the use of the section s provides a
more transparent construction.

Remark 4.8. In Corollary 4.6 we obtain the same representation as in Corollary 4.3, but
with a simplified regularization compared to Theorem 4.1. Moreover, the norm of a
solution f, is equal to (and not only controlled by) the ¢! norm of the representation
coefficients.

4.3. Discussion: a comparison with previous results. In [35] the authors build a fam-
ily of function spaces F;, and seminorms ¢,,: 5, — IR in terms of the Radon
transform, such that the minimization problem

1 N
inf (N Y L(yi f(x) + q>m(f)>
i=1

feFm

always has minimizers of the form

K
flx) =} aplom(me - x — t) + (=1)"om(—m - x + 1)) + p(x), (41)
k=1

where K < N, (1, t;) € %1 x R,y € R\ {0} and p is a polynomial of order less than
m. We refer to Theorem 1 in [35] for the precise statement. If we compare equations (37)
and (41), we can highlight our two main contributions. The first one consists in getting
rid of the polynomial term by considering a norm, instead of a seminorm, as regulariza-
tion term. A second issue that we are able to overcome with our approach is to avoid
solutions with symmetrized activation functions as in (41). In particular, we choose
the feature map with values either in M (S9~! x R)’, or in M (IP?)’ but pre-composing
the feature map with a measurable section s: P? — S%~1 x R (see Section 4.2.1 for full
details). In view of Theorem 3.9, we first define the hypothesis space as a RKBS. Then,
we show an alternative approach to rigorously characterize the regularization term,
and consequently the hypothesis space, in terms of the Radon transform, which is the
content of Theorem 4.1. Conversely, in [35] the authors start building ad hoc a family of

seminorms in terms of the Radon transform, and consequently a family of hypothesis
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spaces. Their construction is motivated by Lemma 6.6. Then, in a second moment, they
show the Banach space structure of the hypothesis spaces. A limitation of the approach
in [35] is that from their construction it is not evident how to identify new hypothesis
spaces for other types of activation functions. In our approach, the identification of the
hypothesis space follows straightforwardly by Theorem 3.9, and it is independent of
the relation between the Radon transform and the truncated power activation functions.
Finally, it is worth observing that our approach provides an integral representation for
all the elements of the hypothesis space. This latter result is achieved by introducing
the smoothing regularizer §, that ensures the convergence of the integral (26b) without
modifying the desired form for the minimizers (37). In previous works, where S is
not introduced, the authors need to require alternative assumptions, as discussed in
Remark 3.6.

5. RADON TRANSFORM: REVIEW AND EXTENSION

We start recalling the function spaces that will come into play. Letd € N, d > 1.
We use the notation (x) = (1 + |x|?)2. We denote by S(R?) the Schwartz space of
rapidly decreasing functions. We recall that a function ¢: RY — C belongs to S(IR?) if
¢ € C*(R%) and

Pma(@) = sup (x)"|0%p(x)| < +oo, Vm,a € N9, 42)
x€R4

We endow S(R?) with the topology induced by the family of seminorms {pm,a }y, wenes
which makes S(R?) a Fréchet space. Its dual space S’(R“) is known as the space of
tempered distributions. We use the notation P (RR?) for the space of all polynomials on
R? and we denote by Sp(IRY) the space of functions in S(IR?) that are orthogonal to all

polynomials, i.e.

So(RY) = {(p € S(RY) : /]Rd p(x)p(x)dx =0, Vp € P(le)} : (43)

The space Sp(IRY) is called the Lizorkin test function space. It is a closed subspace
of S(R?) and we endow it with the relative topology inherited from S(RR¥). Its dual
space S} (IR?) of Lizorkin distributions is topologically isomorphic to the quotient space
S'(RY) /P(RY), see e.g. [22, Chapter 1, Section 25].

Lemma 5.1 ([22, Lemma 6.0.4]). Let ¢ € S(R). Then ¢ € Sy(R) if and only if, for every

k € N,
lim 22@) _
w—0 ]a)]k

As a consequence of Lemma 5.1, the Fourier transform maps Sp(IR) into the space
So(RR) of rapidly decreasing functions that vanish in zero together with all of their
partial derivatives, i.e.

So(R) = {9 € S(R) : 9™¢(0) =0, Vm € N}.

Recall that & = S%~1 x R. In analogy with S(R), we denote by S(Z) the space of
functions in C*(Z) such that

l

d
@Dw(fl, t) < +o00,

prip(p) = sup (1)

nesi—1teR
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for every k,I € IN and for every differentiable operator D on S%~!. We endow S(
with the topology induced by the family of seminorms py | p, and we denote by S’(
its topological dual space. In analogy with the Lizorkin test function space, Sp(
denotes the set of functions ¢ € S(E) such that

)
)
)

[11 [11 [1]

/ p(n, Hp(t)dt =0,  Vp e P(R),n e L. (44)

Note that the integrals in (44) are finite since the functions t +— t*y(n, t) belong to L' (R)
for every k € N and n € S%~1. Then, by Lemma 5.1, condition (44) is equivalent to
requiring that

lim Fp(nw) _ 0, VkeN,neSs 1
w—0 |w|k

where F denotes the Fourier transform acting on the second variable. We further refer
to [20] for a complete exposition of the function spaces introduced above.

Remark 5.2. Usually, the Radon transform R f of a function f : RY — C is defined on the
space IP? of all hyperplanes in IRY. As seen in Section 4.2.1, & is the double covering of
IP¥ with respect to the equivalence relation (39). Hence, we can identify functions and

distributions on IP? with even functions and even distributions on = and we can define
the distribution Radon transform as a map from S)(R?) onto S}(E)even =~ S)(IP?) and

its dual R* as a map from S}(E )even ~ Sj(IP?) into SO(le ). We adopt this setting since
the space S} (IP) is replaced by S}(E),qq to deal with odd m, see Theorem 4.1.

We briefly recall the notion of even and odd distributions. For all functions ¢ : & — C,
we set

PpWiE—=C,  ¢Y(nt)=y¢(—n,—t), (n,t) € E.
It is easy to check that
So(E) > p = Y € So(E)
is a well-defined continuous involution and, by duality, it defines an involution on
So(E)
So(E) 28— 8" € SH(Z).

We set
So(E)even = {$ € SH(E) : 9" =9}, So(E)oda = {¥ € So(E) : ¥ = —9},
So(Eeven = {8 € Sp(E) : 8" =g}, Sp(Bloaa = {8 € So(F) : 8" = —g},
which are closed subsets of Sp(Z) and Sj(Z), respectively. Moreover,
So(E) = So(E)even + So(E)odds So(E)even N So(E)oad = {0},
S0(2) = Sp(E)even + So(E)odd, S0(E)even N Sp(E)oda = {0},

where the maps

So(E)even X S0(E)odd 2 (Yeven Podd) — Peven + Poad € So(E),
S0(E)even X Sp(E)odd 2 (evens §odd) F Geven + godd € So(E)
are topological isomorphisms. A simple calculation shows that
86( )even = (80( )even),/

So(Z)ogd ~ (S0(E)oda)’,
25
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which implies that S)(E)even =~ S)(IPY) under the identification Sy(E)even = So(IP¥),
as claimed in Remark 5.2.
With this setting, we can recall the definition of the Radon transform and its dual.

Definition 5.3. The Radon transform of ¢ € L!(R?) is the function R¢: & — C defined
by
Ro(n,t) = / ¢(x)dm(x), forae. (n,t) € &,
n-x=t
where m is the Euclidean measure on the hyperplane with equation n - x = t.

Since the pairs (1,t) and (—n, —t) define the same hyperplane, clearly the Radon
transform is an even function, i.e.

(Re)¥ = Re. (45)

Theorem 5.4 ([19, Corollary 4.2]). The Radon transform is a continuous injective operator
from So(IR?) onto So(Z)even.-

We now introduce the dual Radon transform, also known as back-projection. While
the Radon transform is defined for any pair (#, t) as the integral over the set of points
belonging to the hyperplane with equation n - x = ¢, the dual Radon transform is
defined for any given point x € R? as the integral over the set of hyperplanes passing
through x, which corresponds to the set of pairs {(n,n-x) :n € S971} CE

Definition 5.5. The dual Radon transform (or back-projection) of iy € L®(ZE) is the L*
function R*¢ : RY — C defined by
R*y(x) = /d : PY(n,n-x)dn, x € RY,
G-
where dn is the spherical measure on $9~1.,

Note that, if ¢ is an odd function, clearly R*y = 0 since dn is invariant under
reflection.

Theorem 5.6 ([19, Corollary 4.2]). The dual Radon transform is a continuous injective
operator from Sy(Z)eyen 0nto So(RY).

We refer to [25, Corollary 6.1] for an alternative proof of the continuity of the operators

R: So(RY) — Sp(E)even and R*: So(E)even — So(IR?) based on the relation existing
between Radon, ridgelet and wavelet transforms.

Proposition 5.7 ([31, Chapter II]). For every ¢ € L'(R?) and ¢ € L®(E),
/]Rd P(x)R*¢p(x)dx = /HRqo(n,t)lp(n,t)dndt. (46)

The duality relation (46) can be exploited to extend R and R* on distribution spaces
[20, 21, 25].

Definition 5.8. The Radon transform of f € S}(IR%) is the continuous linear functional
R f on Sp(E)even defined by

<Rf ll)> = <f R* > P e 80( )even

Analogously, the dual Radon transform of § € S{(E)even is the continuous linear
functional on Sy(IR?) defined by

(R*g, ¢) = <g,7€<gg, ¢ € So(RY).



Note that R : SH(R?) — S)(Z)even and R* : S{(E)even — Sh(R?) are well defined
and weakly continuous thanks to Theorem 5.6 and Theorem 5.4, respectively.

We next recall the most commonly used inversion formula for the Radon transform,
known as Filtered Back Projection. To state the formula, we first need to introduce the

positive symmetric operator A“~! : S(E) — C*(&) defined by
d—1 _
Ad_lllj(n t) — (_1)Za‘ti 11/](1’1, t) dOdd (47)
' (-1)7 #3 Lp(n,t) deven’

where the Hilbert transform .7# acts only on the second variable. The operator A“~! is
also known as ramp filter.

Theorem 5.9 ( [20, Chapter I, Theorems 3.6 and 3.5] ). For every ¢ € S(RY),
1

- - *Adfl . 4
0= 3R A Ry (48)
For every § € So(Z)even,
1
= ATIRR*e. 4
$= s RRg (49)

In [21, Proposition 4.3], the inversion formula (48) has been extended to the space
D}, (RY) of Schwartz integrable distributions [46], which embeds densely in S} (R?).
We will now provide extensions of (48) and (49) to S(’,(IRd) and S (Z)even, respectively.

It is worth observing that the Hilbert transform appears in the expression of the
operator A?~! only when the dimension d is even. This difference is crucial in the
Radon transform theory. For odd dimension d, A%~ is a differential operator and it is
therefore clear that it maps S(E) continuously into itself. This no longer holds if d is
even, because the Hilbert transform maps S(R) into C*(R), but not into S(R) [28]. A
more satisfactory situation is obtained if we restrict our attention to the smaller space
of functions Sy (E).

Lemma 5.10. The Hilbert transform maps So(R) continuously into itself, and therefore A%~

maps So(E)even continuously into itself for every d > 1.

Proof. We start showing that 7 maps Sp(R) into S(R). Let ¢ € Sp(IR). We already
know that ##¢ € C*(R). Thus, it remains to show that . ¢ is a rapidly decreasing
function, or equivalently that F[77¢] € S(R). We recall that 7 maps S(R) into
L%(R), and for every ¢ € S(RR) it satisfies

F[H ¢l(w) = —isgn(w)Fe(w), forae weR.
Hence, we have that .7 ¢] € C*(R \ {0} ), and for every I € N
0 F[ A ¢)(w) = ~isgn(w)d,Fo(w),  w#0. (50)

Since ¢ € Sp(R), 8!, F¢(0) = 0 for every I € N, and F[/# ] can be extended together
with all its derivatives to continuous functions on R. Therefore, F[.7# ¢| € C*(R) and
hence # ¢ € S(R). In fact, # ¢ € So(R). Indeed, since ¢ € Sp(R), for every k € IN

L FLG @) | i sgn(w) Fo(w)

w—0 wk w—0 wk
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which implies 77 ¢ € Syp(R) by Lemma 5.1. We now show that .7# is continuous from
So(R) into itself. In view of (50), for every w € R and m,« € IN we have

()"0 F A 9(w)| = (w)"|0uFo(w)].

The claim follows by observing that p., «(F¢), m,a € IN, defines a basis of seminorms
for the topology of So(IR). Therefore, since Sp(IR) is closed under differentiation and
since . maps Sy(R) continuously into itself, it is clear from the definition that A?~1
maps Sp(E) continuously into itself for every d > 1. Furthermore, if ¢ € S(E)even, then
A“~1g satisfies the symmetry condition (45) [20, Chapter I, Section 3]. Therefore, A9~
maps Sp(E)even into itself for every d > 1. O

Thanks to Lemma 5.10, we can define the weakly continuous operator G S(’) (2)even —
S)(2)even given by

<Ad71g1 @) = (g Adil@r 8 € Sy(E)even, ¢ € So(Z)even. (51)
We are now able to extend the inversion formulae (48) and (49) to Lizorkin distributions.

Corollary 5.11. For every f € S)(R?),
1

= ———RNTIRS.
f 2(2m)d-1 f
For every g € S§(Z)even,
1
=_—————A"'RR*g.
&7 2(2m)d-1 g
Proof. The proof follows combining inversion formulas (48) and (49) together with Def-
inition 5.8 and equation (51). ]

5.1. Discussion: our contribution in Radon inversion. An important problem in har-
monic analysis is the extension of a linear operator from a Hilbert space to generalized
function spaces. The classical approach is to define the extended operator by trans-
position. A standard example is the definition of the Fourier transform on tempered
distributions [46]. The extension of the Radon transform, and of the related inversion
formulae, is a well-known subject and it is deeply studied in [21, 20, 25]. In particular,
in [21, Proposition 4.3] the author extends the inversion formula (48) to the space of
Schwartz integrable distributions D}, (R?) C S)(R?). Our contribution consists in
showing that the inversion formulae (48) and (49) actually extend to the larger spaces
of Lizorkin distributions S} (IR%) and S} (E)even, a fact which we largely exploit in Sec-
tions 4 and 6. More prec1sely, Corollary 5.11 follows directly by Lemma 5.10, which
allows to extend the Hilbert transform, and consequently the operator A?~!, to Li-
zorkin distributions. To the best of our knowledge, Lemma 5.10 does not appear in
the literature and, together with Corollary 5.11, contributes to enrich the distributional
framework for the Radon transform.

6. PROOFS OF SECTION 4.2

We provide a detailed analysis of the main results of Section 4.2. We will make use of
the classical function and distribution spaces listed in Table 2, on the domains listed in
Table 1. In Table 3 we recall the main linear operators involved. For definitions and

properties we refer to Section 5.
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TABLE 1. Domains (S¥~! denotes the unit sphere in R?).

R4 input space
E =591 xR parameter space

TABLE 2. Function and distribution spaces (X = R%, 5).

Subscripts (E)even and (E),qq denote the corresponding subspaces of
even and odd measures/functions/distributions, respectively.

M(X) real bounded measures on X
S(X) Schwartz space of rapidly decreasing functions on X
S'(X) tempered distributions on X
So(X) Lizorkin test functions on X
(X) Lizorkin distributions on X

TABLE 3. Operators.

[1]

R
Radon transform 5 (IR%) So(
|7
_R
SH(R?) S9(E)even
R*

. d—1
Ramp filter So(Z)even AT So(E)even

) even

! (= Ad_l ] (™
'S()(Q)even — So(ﬂ‘)even

The first lemma allows to regard B, as a subspace of the space of tempered distribu-
tions. We denote by H : R — R the Heaviside step function

H(t) = 0 t<0,
1 t>1

regarded as a temperated distribution.

Lemma 6.1. With the above notation,

(i) om € S'(R) and

oY - g, (52)

where the equality holds true in S’(R);
(ii) forall (n,t) € B, pm(-,n,t) € S'(]Rd);
(iii) the elements f € By, are continuous functions satisfying the polynomial growth
condition
)] < Cp(1+ )" (53)

(iv) By € S'(R%) .
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Proof. (i) and (ii) are clear. We prove (iii). Let f € B,,. By (26a), there exists u € B,
such that

F(x) = /E(Tm(n x— DB, 1) du(n, b).

Then, for every x € RY,
1 _
Fuo)l < gy L 1B Dl — 7 a1

< Gy o 1) 1B, )l 1

m—1 m—
=t & (M T L Dl

k=0

where the integrals converge by (24c). The right hand side is a polynomial of degree
less than m, hence we obtain (53). We now prove that f is continuos. Since

f(xo+h) :/Um(n-h+n-x0—t)ﬁ(n,t) du(n,t),

—
™
[lar

it is enough to show that f is continuos at xp = 0. This is a consequence of the
dominated convergence theorem, observing that, for each (n,t) € E, x +— oy (n - x —
t)B(n, t) is continuous and, by (25),

sup |om (n - x = 5)B(n, )| < (1+ |¢))"|B(n, 1)],

where the right-hand side is integrable by (24c). Item (iv) is a direct consequence of
(iii). O

The growth condition (53) is one starting point of the construction in [35] (see their
equation (8)). Note that, in our construction, the smoothing function g allows us to
prove that the elements of B,, are continuous functions.

We need to introduce the following operator, which provides a bounded inverse of
the derivative. It was implicitly introduced in [53].

Proposition 6.2. The operator

3: So(R) = So(R), () = ¢'(y),

is a continuous linear operator and, by duality, it extends to a weakly continuous operator on
S} (R). The operator

A: So(R) = So(R),  Ap(t) = [ y(s)ds

is a continuous linear operator satisfying

Adp =aAp =1, ¢ e S(R). (54)
By duality, A extends to a weakly continuous operator on S{(IR) satisfying
Adf =0Af =f,  f€SR). (55)

Proof. The first claim is a consequence of the fact that d is a continuous linear operator

from S(R) to S(IR) and that the space of polynomials is stable under differentiation
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(see (43)). Recall that (x) = (1 + |x|2)% and the family of seminorms on S(R) is given
by (42). For ¢ € So(R), we have

X

gy = [ ptar=— [ glar

—00

We show that Ag € Sy(R). For every m € IN and x > 0, we have

@@l =1 [+ Epwdid < [0+ ()
< P2m44,0(@) /ﬂo(l + tz)?mdt < +oo0.

Analogously, for every m € IN and x < 0, we have
@ Apl = [ @ tpman < [ a+2)E o)
—oo " ] oo 1
< p2m+4,0(9) /_oo (1+ t2)7mdt < e
Thus, Ag is a well defined function, and for every m € IN
sup(x)" | A@(x)| < C pamra0(f) < oo (56)

x€R
for some positive constant C. Furthermore, by definition, 0. A¢p(x) = f(x), and thus, for
everym € Nanda > 1,
sup(x)"|8" Ag(x)| = sup(x)™['* "V f(x)| < +oo. (57)
x€R x€R
Therefore, Ap € S(R). Moreover, since f € Sp(R), for every n € IN we have
+oc0 o0 oo
/ x" Ag(x)dx = —/ "o Ap(x)dx = —/ X" f(x)dx = 0.

—o0 —o0 —o0

+

Hence, Ap € Sy(R). By (56) and (57) we have that, for every m,a € IN and some
constant C,

Pma(Ag) = sup(x)"[0°Ap(x)| < C p2mtaa-1(f),
xeR
which shows that A: Sp(R) — Sp(R) is continuous. (54) is a direct consequence of
the fundamental theorem of calculus. Since A is continuos, by duality A extends to a
weakly continuous operator on S)(IR) and (55) follows directly from (54). O]

Note that the fact that d has a bounded inverse strongly depends on the fact that its
domain is Sp(R).

The next proposition is at the root of Theorem 4.1. It was first stated in [35, Lemma
18], by using the Radon transform R. Here we provide an alternative proof based on
the dual Radon transform R*.

Proposition 6.3. For every ¢ € So(R?) and for every (n,t) € E,

sy (o 1,1), @) sy ray = (=1)" B, ) A™(Re)(n, 1),
where A is the operator defined by (54) acting on R¢ as a function of the only second variable.
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Proof. Let ¢ € Sy(IR?). We can consider the function T,: & — C given by

Ty(n,t) = /]Rd om(x-n—1t)p(x) dx.

Reasoning as in the proof of Item (iii) of Lemma 6.1, it is possible to show that T, is a
continuous function. We show that T, € S)(E). For every (n,t) € &,

Ty )] < [ low(n-x = 1)llp(x)]dx
= e = ()

< ﬁ/w(m T 1) () ldx

m—1 .
- T = (" ¢ Y Hgt)
=

which is a polynomial of order m — 1 in the t variable. Now, we compute the expression
of the m- th derivative of T, with respect to the variable ¢. Let iy € Sp(Z). Then

(0} T, ) = (=1)"(Tp, ")
= (—1)m/ﬁ (/]Rd om(n-x — t)(p(x)dx> 9" (n, t)dndt

=)
[l

— (=)™ /}Rd (/Sd1/]Rc7m(n-x—t)8’f’tp(n,t)dtdn> ¢(x)dx.
Hence, by (52),

(01T, ) = /Rd (/5“/ (n-x— t)ap(n, )dtdn) (x)dx
— (—1)m /w (/sd_1 /n:attp(n,t)dtdn) o(x)dx

= (-1)" /Rd (/sd—l Y(n,n- x)dn) @(x)dx.

If  is an odd function, then [, 1 (1,1 - x)dn = 0, so that (9" T,, ¢) = 0. Hence 9}'T,,
is an even distribution, i.e. 9)'T, € S)(E)even. If 1P is an even function, i.e. p € Sp(E )even,
Definition 5.5 gives

(0 Ty, ) = (=1)" | R*¢(x) p(x)dx.

R4
Therefore, (46) gives that, for all ¥ € Sy(E)even,
@1Ty,9) = (<1 [ 9(n,1) Ro(n,)dndt = (<1)"(Re, ).
Therefore,

0/'Ty = (—1)"R¢ in Sy(8),
and, by (55),
T, = A"0{'T, = (-1)" A" (Re) in SH(E).
Thus, there exists p € P(R) such that
Ty =(—1)"A"(R¢)+p in S'(B).
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Hence,

Ty(n,t) = (=1)"A™(Re)(n,t) + p(t)
for almost every (n,t) € E, and therefore for every (n,t) € E by continuity. We now
show that the polynomial p has to vanish everywhere. Indeed, by the dominated
convergence theorem,

lim |Ty(n,t)| < lLim i lom(n-x —1)||e(x)|dx

t—4oco t—+oo
_ 1 1 m—1
—tETwmA.x>t<” x = )" plx)ldx
1
< 1 - m—1 — .
= ke (m—l)!/,1,x2t|x| [p(x)]dx =0

Furthermore, t — A"(R¢)(n,t) € Sp(R), and thus lim_, 40 A™(Re¢)(n,t) = 0.
Hence, we can conclude that p = 0 and

Typ(n,t) = (=1)" A" (Re)(n, t)
for every (n,t) € E. Observing that
sy Om (1, 8), @) 5 vy = B, 1) Tp(n, t),
the claim follows. Ll

The space M (E) is clearly a subspace of §’(Z). The following simple lemma shows
that it is a subspace of S|(E).

Lemma 6.4. Let i, ' € M(E) be such that y = p' in S{(8), then y = p’ in M(E).

Proof. Since Sj(E) ~ S’(E)/P(R) (see Section 5), the equality y = p’ in S)(Z) means
there exists a polynomial p € P(R) such that 4’ = u + p in §'(E). But p must be 0

—
H

since y, ' are finite measures. Hence, ¢/ = p in §'(2) and, a fortiori, in M(E). O
The next result shows that || - ||Tv is invariant under symmetrization.
Lemma 6.5. Let u € M(E). Then

1" llrv = llplirv.
Proof. Fix u € M(Z). By definition of " and 9",

Lwtnty dunt) = [ 9" (nt) du(n,b). (58)
Indeed, using the aboveH equality and ||¢" || ; ||| for p € Cy(E), we have
I v = sup{(u", ) : ¥ € Co(8), ¢l < 1}
= sup{ (1, ") : ¢ € Co(&), [|l9]|o <1}
= sup{ (s, 9): ¢ € Co(8), [[$llo <1} = [[ullTv- 0

Equation (26b) shows that the functions f € By, are parametrized by the measures
i € M(E). We now show that the even component of y can by recovered by the Radon
trasform of f. We recall that A1 is the Fourier multiplier defined by (47) and (51).

Lemma 6.6. For every f, € By,
U mpdipe _ g B (D™
z(zﬂ)d_lat AT RSy =B 5 , (59)

where the equality holds in S|(Z).
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Remark 6.7. Observe that AR fu is an even distribution on E. Furthermore, it is easy
to check that
SH(E) if m is even
91" (= C ¢ o even .
F'So(E)even C S)(Z)oqd  if mis odd

By (24b) B is even, so that B (4 + (—1)"u")/2 has the right parity. Without condi-
tion (24b), the statement of Lemma 6.6 holds true provided that the right hand side
of (59) is replaced with (Bu + (—1)"B"u") /2, which would make the decomposition
of (35) more involved.

Proof. Assume first that m is even. As observed in Remark 6.7, both sides of (59) are

even distributions. Thus, it is enough to check the equality on ¢ € Sp(E)even. We have
sy@ P AT R, ) sym) = (1) sy ey (frr REATIY) 5, e
= (=" [ fulx) AT (x) dx

= (=1)" /le ( Epm(x,n, t) dy(n,t)) R*Adﬁlalntp(x) dx
= (=1)™ /H /]Rd om(x,m,t) R*Ad_18?1¢(x) dx du(n,t)

= (=" [ (pulrm,£), R AT p) dp(in, ).
Proposition 6.3, the inversion formulaH(49) and (54) give that, for every (n,t) € E,
(pm (-, 1), REATID) ) = (—1)"B(n, 1) A"RR* A9}y
= (—1)"2(2m)" B(n, 1) A"}y
= (=1)"2(2m)" B(n, )y (n, t).

Thus, taking into account that both  (see (24b)) and ¢ are even functions, we obtain
552 OV N IR fu W)z = 227)" 1 [ Bln, Bp(n, 1) dp(n, )
=22m)" [ Bn,)9(n,1) dteven(n, )

= 2(27T)d_185(3) (B peven, ’ab>$0(5)r
which proves (59) for even m. If m is odd, the proof is very similar, observing that both
sides of (59) are odd distributions, and thus checking the equality on ¢ € Sp(E)odq-

Furthermore, 9/ is an even function, so that 37" € Sp(IP9), and B¢ is an odd function,
so that

LB (1) dnln,£) = [ Bln, (1) dptoaa(n, ) s

—
=
[l

The map y +— f, is not injective and next result characterizes its kernel.

Lemma 6.8. Let y € M(E). Then:
@) if fu =0, then
Si(E)oqqa  if mis even
Vo -1 m+1 0 o ;
# (=D)"p = He {S(’)(E)even if m is odd

(i) if uV = (=1)"*t1y, then f, is a polynomial of degree less than m.
" " p 1s apoly " 8



Furthermore,
Pu = {p : R = R: p is a polynomial of degree at most m — 1},
where Py, is the space defined in Theorem 4.1.
Proof. Let T = (u+ (—1)"u")/2.If f,, = 0, then (59) implies that 7 = 0 in S)(E) and,
by (24a), T = 0in S| (Z) and, byLemma64 T=0in M(E).
Assume that T = 0. Then (59) gives that
MATIRf, =0
in S)(&). Equation (55) implies that 9" is injective, so that AR f, = 0in S}(E). By
construction AT 1R fu € S§(E)even- Then by Corollary 5.11, we have that
1
Ju= 2(2m)d-1

or equivalently, there exists p € P(R) such that f, = p in S’(R?). Hence,

fu(x) = p(x)

for almost every x € RY, and thus for every x € R” by continuity. But since the
elements of 3, are functions of at most m — 1 polynomial growth (see (53)), we obtain
that f, is a polynomial of degree less than m. We now prove the last claim.

By item (ii), Py, is a subspace of the finite-dimensional vector space of polynomials of
degree smaller than . Now, letv = (J,, ;) + (—1)’”*1(5(_”,_0)/2 with (n,t) € E. Then,
by (26b) and (24b),

RATIRf, =0 in SH(RY),

fole) = [Lowl’ - x =)', ) dv(a', ) = B(n pln-x ="
v = m ’ 7 7 2(m . 1)' 7
where in the last equality we used
max{0, t}" 1 + (—=1)" 1 max{0, -t} = "1,
Then
span{(n-x —t)""1: (n,t) € &} C Pp.
However, it is known that the left hand side of the above inequality is the space of
polynomials of degree less or equal m — 1, so that the claim is proved. [
We are now ready to prove Theorem 4.1 and Corollary 4.2.

Proof of Theorem 4.1. We prove the statements for an even m (if m is odd the proof is
similar). We regard Q,, and P, as reproducing kernel Banach spaces with the norms

Ifllg, = inf{llullry : p € ME), 1" = (=1)"n f = fu}, (60a)
Ifllp, = inf{llullrv : p € M(E), 1" = (=1)" "y, f = fu}. (60b)
Note that in principle these norms induce respectively on Q,, and P, a finer topology

than the one induced by the norm || - ||3, . Fix f € By,. By (26a), there exists y € M(E)
such that f = f,,. Define

V

+ _
T= K 2]/1 GM( )even/ V:y 2]/1

and compare with (28) taking into account that m is even. By linearity of the represen-

tation (26b),
f=fct fu
3’[5 1%

eM (E)Odd/



whereas item (i) of Lemma 6.8 gives

Qm N Pm = {0}1 (61)
so that
Bm - Qm + Pm/
and
fT:Pmer fv:Pme/ (62)

which shows item (ii). The fact that P, is the space of polynomials of degree less or
equal m — 1 is is the content of item (ii) of Lemma 6.8, whereas item (i) is the content of
item (iii) of Lemma 6.1. Since T is the even part of y, (59) gives

1 - pt
amAd 1R _ =1,
2(27)d-18% f=rm =T
hence (29) holds true.
If f = £, for another y’ € M(Z), by Lemma 6.8 we have
/ nv
]/l/:T—f—V/, T:‘u_’_(y), fv’:fV/

2
for some odd measure 1. Taking into account the above equalities, (26¢) gives

Iflls, = inf{||T+v|rv: v € M(E)oad, for = fo}
< inf{|[tllrv + [V'[lrv: v € M(E)oad, fr = fu}
= ||tllry + inf{||V/||rv: V' € M(E)oad, fr = fo}
= || fellgn + [l o]l P,/ (63)

where the second inequality is a consequence of the triangular inequality, the third one
is due to the fact that 7 is even and v/ is odd, and the last equality is a consequence
of (60a) and (60b) observing that T is the unique even measure such that fr = Pg_ f, so
that

Ifellg, = lITlTv- (64)
Furthermore, by Lemma 6.5 we have that

Ifrllg, < EEUE

lrv < ||| 1v-

1 AN
lov < ||#'[I1v, I follp, < ”%

Therefore, taking the infimum over all measures y’ such that f,, = f, we get

I fello, < IflBur fullpn < 11 f11B, (65)
which, together with (63), gives
£, < [l fello, + I fullp, < 2[f]B,- (66)

If f € O, then f = f; and by equations (66) and (65) we have that

1fll5,, < 1l fll@, < [If1l5,-
So that, by (64)

1B, = Iflle., = lItllTv,
which proves (31). If f € Py, then T = 0 and, as above,

1fll5, = [Ifllp, =inf{[[vllrv: v € M(E)oda, fr = f},
which is (32). Finally, (31) and (32) together with (66) give equation (30). This also

implies that Q,, and P, are closed subspaces of B,.
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We finally prove item (iv). Fix a distribution T as in the statement. By assumption (33)
and Lemma 6.4, there exists a unique even measure T such that

1
= /'ATIRT,

"t 2pn Y
hence f; € Q,,. Equation (34) ensures that there exists v € M(E),qq such that T — f; =
fv. Setting y = T+ v, we get

T_f]l =(T—f)—fv=0,
which proves (iv). [
Proof of Corollary 4.2. Reasoning as in the last part of the previous proof, and again
assuming that m is even, (59) implies that

IMATIR(T - fr) =0

in S} (E)even. The injectivity of the operator 9/* AY~1R gives that (T — fr) = 0in Sj(IRY),
i.e. there exists a polynomial p such that T — f; = p in §'(R%). O

APPENDIX A. SPARSE SOLUTIONS IN VARIATIONAL PROBLEMS

In this section we collect some results from [7] that we use in our paper. We start
recalling the definition of extremal point.

Definition A.1. Let Q be a convex subset of a locally convex space. A point g € Q
is called extremal if Q \ {7} is convex. We denote the set of extremal points of Q by

Ext(Q).

While extremal points are difficult to characterize in general, the following result is
tairly standard (see [7, Proposition 4.1]). We report the proof for the reader’s conve-
nience.

Lemma A.2. Let © be a (Hausdorff) locally compact second countable topological space, and
let

B={neM(O):|pulv <1}
be the unit ball in M (©) associated with the total variation norm. Then
Ext(B) = {£dy : 6 € O}.

Proof. We start showing that {£dy : 6 € ®} C Ext(B). Letd € @ and a € {—1,1}. We
suppose that there exist f € (0,1), 1, g2 € B such that

0659 = tyl + (1 — t)‘uz, (67)

and we want to show that necessarily ady = p1 = p2. We observe that the total variation
measures |y1|, |u2| are probability measures. Indeed, if we suppose on the contrary
that ||u1||Tv, [|p2]|Tv < 1, then

|adpllTv < tpallTv + (1 — )| pallrv < 1,
which yields a contradiction. Furthermore,
0o = tpa| + (1 — t)[p2l.
Indeed, we first observe that (¢|p1| + (1 — t)|p2|)(®) = 1 and

0 = |0g| < tlua| + (1 —t)|pa].
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Then, for every Borel set E C O, if 6 € E

1=2069(E) < (t{m| + (1 = H)|m2l)(E) <1,
andif 0 € © \ E

(tlpa] + A = O[p2)(E) = (tpa] + (1 = ) [12])(©) — (E|pa] + (1 = £) [p2]) (O \ E) = 0.

Therefore, |p1| = |ua| = dp, which implies y1 = a16p and pp = apdg with |a1| = |ap| =1,
and equation (67) becomes

adg = (tag + (1 — t)ap)dg. (68)

Since &, a1, ap € {—1,1}, equation (68) is satisfied if and only if & = a1 = a,. So that,
ady = p1 = Hp, and then ady € Ext(B). It remains to prove the opposite inclusion
Ext(B) C {£dy : 6 € ®}. We suppose that there exists 4 € M(O) such that u & {+dy :
6 € ©} but u € Ext(B). Then, | |/Tv = 1. We denote by xr the indicator function on a
subset E C ©. For every Borelian set E such that |u|(E) € (0,1), we can rewrite y as
the linear combination

M- XE K- Xe\E
=1U- +u- =t—+(1—t)——,

where t = |u|(E) € (0,1). Since u ¢ {5y : 0 € O}, then it is possible to find a Borelian
set E such that ju # [u|(E) " 'u- xp and pt # [u|(® \ E)~'1t - x@\g- This shows that there
exist t € (0,1), u1, po € B such that u = tyg + (1 — t)po, which yields a contradiction.

Therefore, we have shown that Ext(By (1)) C {46y : 6 € ©}, which concludes the
proof. 0

To establish our representer theorem we recall the following known result.
Theorem A.3 ([7, Theorem 3.3]). Consider the problem
inf F(Au) + G(u), (69)
uel

where U is a locally convex topological vector space, A : U — H is a continuous, surjective
linear map with values in a finite-dimensional Hilbert space H, F : H — (—o00, +00] is proper,
convex, coercive and lower semi-continuous, and G : U — [0, +00) is a coercive and lower
semi-continuous norm. Then (69) has solutions of the form Zlel yiu; with K < dim H, ; > 0,
YK 7 =G(u),and u; € Ext({u € U: G(u) < 1}).

Theorem A.3 is a simplified version of [7, Theorem 3.3], where G is only assumed to
be a seminorm. In such a case, the statement needs to take care of the kernel of G. A
seminorm G is called coercive if, for all R > 0, the set

{[u] e U/N : G(u) < R}
is compact in U/N, where N is the kernel of G (see Assumption [H1] in [7]).

Remark A.4. In Theorem A.3, the space U is endowed with a topology weaker than the
topology induced by the norm G in order to ensure that the closed balls are compact.
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