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Abstract. This paper presents a method for finding a sparse representation of Barron functions. Specifically,
given an L? function f, the inverse scale space flow is used to find a sparse measure y minimising the L2 loss
between the Barron function associated to the measure y and the function f. The convergence properties of
this method are analysed in an ideal setting and in the cases of measurement noise and sampling bias. In
an ideal setting the objective decreases strictly monotone in time to a minimizer with O(1/t), and in the case
of measurement noise or sampling bias the optimum is achieved up to a multiplicative or additive constant.
This convergence is preserved on discretization of the parameter space, and the minimizers on increasingly
fine discretizations converge to the optimum on the full parameter space.
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1 Introduction

Most neural networks contain a subnetwork with fewer parameters that performs equally
well [36], and some of these subnetworks have been found to generalise equally or even
better than their dense counterparts [28,29]. However, it is a priori hard to determine
which parameters of the network will be part of the subnetwork. Hence, various ap-
proaches have been developed for finding well performing sparse neural network. They
fall roughly in three categories. The first is to add a term to the loss or regularizer that
promotes sparsity. An example of this would be the least absolute shrinkage and selection
operator (LASSO), in which a ¢! regularizer is added [39]. The second is to train a net-
work first and prune it afterwards, meaning weights are reduced with as little as possible
influence on the performance [31]. The third is to start with a sparse architecture, and add
or remove neurons during training [22].

One of the methods, which starts from a sparse architecture, is based on the Bregman
iteration [33]. This method has been introduced and thoroughly analysed for imaging
and compressed sensing [15,17,44]. The method works in these settings by progressively
adding more detail to the reconstructed images and signals, respectively. A limitation
of the original method is that it requires that often requires the problem to be convex.
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However, adaptations of the method, e.g. the linearized variant in [5,/13], where the loss
is replaced by a first order approximation, allows for a successful application to neural
networks. A major success of this method is that it is able to find an auto-encoder without
ever explicitly defining an auto-encoder like architecture [12]. This shows that it has major
potential for automatic neural network architecture design tasks.

1.1 Related work

Bregman iterations were introduced in [33] and further developed and analysed in [1,66/15,
17-19/43,/44] as an algorithm to solve sparsity promoting regularisation tasks in computer
vision. Linearized Bregman iterations as introduced in [18}/44] can be seen as a general-
ization of the mirror descent algorithm [4,32] to the non-differentiable, convex case. More
recently, variants of the original algorithm have been applied in the context of machine
learning, see, e.g. [12,[13,40,41].

Bregman iterations are the implicit Euler discretization of an inverse scale space flow.
Going to the continuous limit has helped to find easy implementations for relatively com-
plex functionals like the total variation functional, and has helped to obtain well-justified
and simple stopping criteria [14]. In the finite-dimensional case of sparse regularization
(and further generalizations) an exact time discretization can be found, which leads to
efficient methods [15,30]. We refer to [6] for recent overview.

Similar to inverse scale space flow being the continuous limit of the Bregman iterations,
we have that the Barron spaces are the continuous limit of shallow neural network. It was
proven that Barron functions have bounded point evaluations [2)38], Barron functions can
be approximated in L? with rate O(m~!/?) [26], Barron spaces have a represented theo-
rem [34] and that Barron spaces are a kind of integral reproducing kernel Banach spaces
(RKBS), a Banach space analogue to reproducing kernel Hilbert spaces (RKHS) [2]. The
spaces are parametrized by the activation function of the networks. The Barron spaces
associated to most of the commonly used non-periodic activation are embedded in the
Barron space with ReLU as activation function [27]. This Barron space together with the
Barron spaces associated to the rectified power unit (RePU), the higher-order generaliza-
tion of the ReLU, are strongly related to bounded variation (BV) spaces [26}34].

A fundamental open question in machine learning is how to find the best function
representing your data. For Barron spaces, this means finding the best measure y repre-
senting the Barron function f. Since the relation between y and f is linear, this leads to
a convex minimization problem. Based on an alternative representation of Barron func-
tions in probability space, the authors in [42] formulated a Wasserstein gradient flow for
this problem based on the ideas of [21]. Under several assumptions, including omnidi-
rectional initial conditions and satisfying the Morse-Sard property, this leads to a unique
solution 7t [42]. However, not all Barron functions satisfy the Morse-Sard property, plac-
ing a limit on the functions that can be represented with this approach [42]. Although this
unique solution 7t represents the Barron function f, it is not necessarily the probability
measure for f with the smallest semi-norm. In order to find sparse neural networks, there
is a need for a method that minimizes this semi-norm as well.
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1.2 Background information

This section provides the relevant background information needed of Barron spaces and
Bregman iterations.

1.2.1 Barron spaces

Fixd € N and ¢ as an element of C*!(R) or the ReL.U activation function max(0, x). Let
X CRYand O C R? x R. Consider a probability measure p € P(X), and define

Ku(x) = /()a(a%%—b)dy(a,b) (1.1)

for y € M(Q). Barron space B, is the Banach space with functions of the form f = Ku
for some y € M(Q) and

inf | (1+|a]l + [b)d|p|(a,b), o€ C™(R),

~n 12
£ 15 Ki,,nff/@(”a” + |b])d || (a, b), o(x) = ReLU(x). (12)

The functions in Barron space can be seen as infinitely wide or continuous versions of
shallow neural networks

m
f:X - R, x — Y co(alx+b;) (1.3)
i=1

with ¢; € R and (a;,b;) € Q) [24]. Two embeddings are relevant for this work. They show
that Barron functions are nice enough to enable proper convergence.

Proposition 1.1 (Barron is Lipschitz, [26, Theorem 3.3]). If p € Py (X) is a probability mea-
sure with finite first moments, then we have Lip(f) < Lip(c)| f| 5, for every f € By.

Proposition 1.2 (Barron L” Embedding, [26, Theorem 3.7]). If p € P,(X) is a probability
measure with finite q-th moments, then B, — LF(X,p) forall1 < p <q.

1.2.2 Bregman iterations

Let H be some Banach space, U be a (closed subset of a) thereof, f € H, ] : U/ — R be
convex, lower semi-continuous and coercive, and R e U — R be convex, bounded from
below and Fréchet differentiable. The Bregman distancdl| between u,v € # for p € 9J(v)
is given by

Dj(u,v) = J(u) — J(v) — (p|u —0). (1.4)

1 Although the Bregman distance is called a distance, it is in general neither symmetric nor does it satisfy the triangle
inequality. It is also referred to as the Bregman divergence.
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The Bregman iterations

U = argmin D?’H(u, ug—1) + ARs(u), up=0,
ueld (1'5)
Pk = Pr—1 — AR (uy), po =0, pi € dJ(ux)

with design parameter A > 0 are an iterative approximation algorithm for the bilevel
minimization problem
u' € argmin J(u)
ucld ‘ (1.6)
st. u € argminR¢(#).
acl
The Bregman iterations converge monotonically to the optimal solution with worst case
O(1/k) convergence [17].
The inverse scale space flow can be derived from by taking the limit of A N\, 0.
Before taking the limit, observe that is equivalent to

.1
up = argmin X(](u) —(pr—1|u) + Ryp(u), up=0 (1.7a)
ueUNIJ*(py)
BBl — —0uR s, po = 0. (1.7b)

Note that usually (L.7b) has the subgradient constraint p; € 9] (yy) instead of (I.7a) having
dJ* (px) as additional constraint. These two ways of writing the constraint are equivalent
by Fenchel duality. In the limit of A \, 0, (LZb) can be seen as the Euler discretization of
the flow equation

opr = —9uRy(ur), po=0, (1.8)
and (L.Za) will find a u; minimizing R ¢(u) whilst enforcing that p; € 9] (u¢) or equiva-

lently uy € oJ*(p¢) [11,14,137]. The inverse scale space is exactly this limit of A \, 0 of the
Bregman iterations, i.e. the dynamical process given by

ur = argmin Rys(u), ug=0, (1.9a)
ueUNaT* (pt)
dipe = —0uRp(w),  po=0. (1.9b)

1.3 Owur contribution

In this work, we study the convergence and error analysis of finding the smallest mea-
sure y such that the Barron function Ky is close to f using the inverse scale space. This
is the continuous and infinite dimensional version of finding a sparse shallow neural net-
work approximating samples of f.

In particular, we consider the minimisation problem

§u°Pt = argmin J(u") (1.10a)
preM(Q)
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.1
st. ute argmmEHf— Ky||%2(p), (1.10b)
peM(Q)

where | encodes the Barron norm and acts as regularizer and L, is the adjoint of K. In
Section 2l we define these operators more rigorously, and show that the associated inverse
scale space is given by

1
pr = argmin || f — KyH%z , up=0, (1.11a)
2 ()
neaJ*(pt)
opt = Lo(f — Kuy), po = 0. (1.11b)

The data function f and the data distribution p are instance dependent, and the conver-
gence behaviour and the error analysis of (I.11]) are dependent on these. In machine learn-
ing, measurements of f are noisy and the data sets always have a bias. Furthermore,
computers are discrete beings. Hence, we analyse (L.11)) in the following four cases:

1. Noiseless and unbiased case: We have access to f and sample from p.

2. Noisy case: We have access to f° with measurement noise instead to f, but we still
want to find to a minimizer for f.

3. Biased case: We sample from p® with a sampling bias instead of from p, but we still
want to find the minimizer for p.

4. Discretized case: The parameter space () is discretized and no longer continuous.

The first shows how well can be when we manage to reduce noise and sampling
bias to a minimum. The second shows how the methods deals with noise on the data
function f. The third provides a novel perspective on learning methods. It shows how
well the method deals with a bias in the sampling. In machine learning there is a large
focus on computing the generalisation error of a method, i.e. how large is the error you
make when you solve (L.10) with only n samples of p relative to using p in its entirety. This
is one way of having a bias in the sampling. Another bias that one could have as the goal
to classify animals based on images to determine whether they are suitable pets, but one
has no images of fish. Our method captures both of these biases in one go. The last shows
that the method behaves nicely when the parameter space () is discretized.

We show in Section[2that the (L.11) is well-defined and determine its optimality condi-
tions. After that we discuss the aforementioned four cases in Sections[3] to[6l respectively.

2 Inverse scale space flow for Barron spaces

In this section, we start by defining the necessary functionals and operators to write down
the inverse scale space flow for Barron spaces. In Section 2.1, we show how to get from
the general form of the inverse scale space in (1.9) to (2.3). Then, in Section[2.2] we show
that this flow is well-defined. Last, in Section[2.4] we derive several optimality conditions
for the flow that are needed for the proofs of the convergence rates later in this work.
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Fixd € N. Let ¥ € R?and Q C Rd+1,p € Pp(X) be a probability measure with
bounded second moment, ¢ € C*'(R) or ¢(x) = max(0,x),V(a,b) = 1+ ||a|| + |b| and
f € L%(p), where we mean that a € R¥ and b € R when we write (a,b) € Q. Use these to
define the operators

K: M(Q) — L[*X,0), p (x — / o(aTx+ D) dyab) (2.1a)
Lo:L*(X,p) — C(Q), ¢ — ((a,b) = /. ¢(x)o(aTx +b)d ()), (2.1b)
JiM@Q) = o), g [ Vb)), 219
1
Rf:M(Q) — [0,00), u — EHKV fHLZXp (2.1d)
We consider the task of finding
u°Pt ¢ argmin J(u") (2.2a)
preM(Q)
s.t. y+€argmin72f(y). (2.2b)
HEM(Q)

The constraint in (2.2b) says that we are looking for a measure y such that Ky represents
the L%(p) projection of f onto the Barron space, and (Z2a) highlights that we want the
measure that induces the Barron norm. We will search for the measure u°P! using the
inverse scale space flow. The flow corresponding to (2.2) is given by

pr = argmin R¢(p), up =0, (2.3a)
neaT* (pt)
otpr = Lp(f —Kut),  po=0. (2.3b)

In the following, we will assume that every u* we refer to has finite J(u*) .

2.1 Derivation of the inverse scale space flow for Barron spaces

To derive the inverse scale space flow for Barron spaces, we start with (1.5) and (L.9).
These imply that the Bregman iterations and associated inverse scale space flow for (2.2)
are given by the iterative process

u = argmin DY (1) + ARs(w), po =0, (2.4a)
HEM(Q)
Pk = Pr—1— AR (pk), po=0, pr=09](u), (2.4b)

and the dynamical system

pr= argmin  Re(p), po=0, (2.5a)
peM(Q)naJ*(pr)

orpr = —0uRs(pt), po=0, (2.5b)
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respectively. First, observe that 0]*(p¢) C M(Q). This shows that (2.5a) and (2.3a) match.
Before we show that (2.5D) is the same as (2.3b), we show that L, is in fact the adjoint of K.

Lemma 2.1. The adjoint L, is given by K, i.e. Lj = K.
Proof. Let ¢ € L2(X,p) and u € M(Q), then, by Fubini-Tonelli

(Knl @)z = [ [ olamx+0)dp(x)g(x)dn(a,b)

—/ / o(aTx + b)dp(x)du(a,b)
= (nl Lp4>>
From the definition of the adjoint it follows that L; =K. O

Note that K is the adjoint for all L, with p € P>(X’), but that the difference between the
various L, is the inner product used.

Proposition 2.1. The variational derivative of R s is given by

9 Ry(u) = Lo(Kp — f). (2.6)
Proof. Observe that

Ry +v) = Rp(u) = (R (1) [ V) m(o)|

lim
vl re()—0 vl ma)
K+ ) = £ 5 /2~ 1Kp = £ 5y /2~ K Kt = ) |9 paien|
= lim
vl re()—0 vl mea)
o IRIT 24 (Kp = 1K) ) = (KK = f) [V) ey
lim (0) (triangle ineq.)
— vlam)—0 vl mq)

IKv|[72,)/2
= im w (def. of adjoint)
||VHM(Q)%0 vl mq)

H o1V 1| aa(y = ©-
v HM o)~
Hence,
I Ry(p) = K (Kp = f)- 2.7)
Combining Lemma 2.Ilwith (2.7) finishes the proof. O

This shows that (2.5b) is indeed the same as (2.3b), and thus that (Z.5) is the same
as 2.3).
2.2 Existence

To show that the inverse scale space flow of (2.3) has a solution, we use a theorem by
Brezis [9, Theorem 3.1]. This theorem establishes that the differential inclusion equation
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oy +Br; €0 (28)

given some initial condition ry € dom(B) := {r € H | Br # @} has a solution. Here,

B is a maximally monotone, possibly nonlinear and possibly multivalued operator over

a Hilbert space H. We show that for a suitably chosen maximal operator B, the solution

to (2.8) exists, that for suitably chosen operator B the inverse scale space flow of (2.3) can

be written in the form (2.8) using B, and that the solution to the former flow satisfies the

dynamics of the latter flow. Thereby establishing the existence of a solution to (2.3).
These suitably chosen operators B and B are

A:C(Q) — M), p — argmin Ry (p), (2.9a)
HEOX (| |ooz1}(P)

B:L%p) — L*(p), r — KAV 'Lyr) -7, (2.9b)

B:L*p) — L*(p), r — KOJ*(Lor)—f. (2.9¢)

First, we show (2.8) with operator B has a solution. For this, we use that it is maximal
monotone.

Lemma 2.2. The operator B is maximal monotone.

Proof. J* is the Fenchel dual of J. Hence, [* is lower semi-continuous, convex and proper.
Ly is a bounded linear operator, so [* o Lo is also lower semi-continuous, convex and
proper. Thus, r — 9]*(L,r) is maximal monotone [10]. Subtracting a constant from a max-
imal monotone operator preserves maximal monotonicity, so B is maximal monotone. The
proof is complete. U

This means the operator B satisfies the requirements for Brezis, and we thus have a so-
lution.

Proposition 2.2. For every rg € dom(B) there exists a unique function r : [0,00) — L?(p) such
that

1. r satisfies (2.8) for almost every t € (0, co0) with initial condition ry,
2. rs € dom(B) forall t > 0,

3. ry is Lipschitz continuous on [0,00) with [|9s7¢| Lo ((0,00);02(0)) < I1B°(r0) |l 12(p)

4. ris right differentiable for all t € (0,00) and 9, ry + B°(r¢) = O for all t € (0, ),
5. t — B°(r) is right continuous and t — ||B°(r¢)|| non-increasing,

where
B°(rt) = argmin||r| 2. (2.10)
re€B(rt)

Proof. See [9, Theorem 3.1]. O
This does not show that (2.3) has a solution yet, since this satisfies (2.8) with the oper-

ator B whereas (2.3) satisfies (Z.8) with the operator B. The former about B follows from
the following lemma.
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Lemma 2.3. Eq. 2.3) can be written as

oy +B(r;) =0, r=0. (2.11)
Proof. Substituting (2.9a)) into (2.3) gives
apt = Lo(f —KA(V 'py)), po=0. (2.12)

Replacing p; with Loyr; gives us
Loder = Lo(f — KAV 'Lyry)), 19 =0. (2.13)

Since L, is a bounded linear operator and thus continuous, r must satisfy

o =f —KA(V 'Lory), 19=0, (2.14)

or equivalently
drt+KA(V 'Lory) —f =0, r9=0. (2.15)
Substituting 2.9b) into Z15) gives @.II). O

We use the listed properties of the solution from Proposition[2.2]to show that the solu-
tion r to (2.8) with the operator B agrees with (2.8) with the operator B. This implies that
there is a solution to (2.3).

Proposition 2.3. Eq. (2.3) has a solution for every pg and p satisfying uo = A(V = Loro) and
po = Lyrg for some rg € dom(B). In particular, 2.3) has a solution for yg = 0 and pg = 0.

Proof. Let r be the solution from Proposition 2.2l with initial condition ryp € dom(B). Since
" =Xv w1y (2.16)
we have that

B°(r;) = argmionHLz(p)
XEB(rt)

= K( argmin ||Ky —f”Lz(p)> —f
uedJ* (Lort)

= KAV 'Lort) — f = B(ry). (2.17)

So in fact, r also solves (Z.8) with B, which has the same solution as (Z.3) by Lemma
What remains is to map the solution r to y and p using

He := A(V_leTt), pt = Lprt.
The proof is complete. U

Remark 2.1. Note that this y; is not unique in general. Since the difference between non-
uniqueness is from the null space of K, this does not impact any of the later statements.
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2.3 Regularity

The regularity that Proposition[2.2] puts on the solution r carries over to y and p.
Proposition 2.4. u € L®([0,00), M(Q)) and p € WV>([0,),C(Q)).

Proof. Recall from point 3 of Proposition[2.2] that

19e7 (| Lo 0,00, 2(p)) < [[B* (r(0))[[ 120y < IIfll2(p)- (2.18)
This implies that
IKpt = fllez(o) = [19erll 20y < [1fllL2p) (2.19)
t
17t 20y < /0 19575l 2(pyds < | fll 12 (p)- (2.20)

We will use this in the norm bounds for both y and p.
For the regularity of p, observe that

Lol 12(0)—c() = Kl () —12(0) < ° (2.21)

by Lemma[2.T|and Proposition[I.2l Since d;p; = L,0;rt, pr = Lpryand 1y € L%(p), we have

Iptllec) = ILprtlle) < IILolli2(p)cioyllrell 2o
< HILoll2p)sc (ol fllL2¢) (2.22)
19eptlleqy = ILperellci) < Lol 2oy 19l 12(p)
< I Lollz2(p)=c (ol fllL2¢o) (2.23)

by (@2.20), (3) of Proposition 23 and @.21). Hence, p € W>1([0, T),C(Q)) with

IPlwie(o,1),c(q)) < max(L )| Lpll r2(0)—c (1l 2(0)- (2.24)

For the regularity of y, observe that

pell ) < TCpie)

= (pt | ut) M(Q) (Fenchel duality)
= (re | Kpt) 2y
< ||Vt||L2(p)||KPlt||L2(p) (Cauchy-Schwarz)

= [I7ell 2 (o) 1Kt = £+ fllr2(p)

< |I7ell 2 (o) (IKpe = fll2gp) + 1 fll12(p))  (Triangle ineq.)
< 2l 2oy 1 fll 2 ) (Eq. @19)

< 2t||f||%2(p)' (Eq- @20))
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Hence, u € L*([0, T), M(Q)) with

1l Lo (0,7, m(Q)) < ZTHinZ(p)- (2.25)

Since the solution r is unique and the shown regularity holds for all T > 0, we can extend
the regularity to the interval [0, o). O

2.4 Optimality conditions

We have now proven the existence and regularity of the solutions to (2.3). In this section,
we will have a look at some of the conditions that must hold for the optimal solution. In
particular, the orthogonality condition, the first-order optimality condition and the source
condition.

We first consider the orthogonality condition. This is a necessary condition, not a suf-
ficient condition. This condition is equivalent to the first-order optimality condition for

@2.20).

Proposition 2.5 (Orthogonality Condition).

Lo(f — Ku') =0. (2.26)
Proof. For pﬁ to be a minimizer of R fr it must hold that
A Rs(u') =0. (2.27)
Recall from Lemma 2.1 that
IuR(p) = Lo(f — Kp). (2.28)
Substituting (2.28) into (2.27) finishes the proof. O

The second condition we consider is the first-order optimality condition. This is again
a necessary condition and not a sufficient condition.

Proposition 2.6 (First-Order Optimality Condition).
(Otpt |ur — ) >0 (2.29)
holds for all t > 0 and -y € 9] (p:).

Proof. For p; to minimize the right-hand side of (2.3a) it must satisfy the first-order opti-
mality conditions for the right-hand side. Hence, iy must satisfy

(ORf(ue) [ v —pe) 20 (2.30)
for all y € 9J*(p¢). Substituting (2.5D) into (2.30) gives (2.29). O
J* is a characteristic function, so 9J* is the normal cone given by
9" (pt) = oxgv-1.|<1} (Pt)
= {ne M) [ (rlg—p) <0, Vq: [V igle <1} (2.31)
In particular, 0 € 9]*(p;) for all t > 0. This gives the following corollary.
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Corollary 2.1.
(Otpt|pe) >0 (2.32)

holds for all t > 0.

The third condition we consider is the source condition. It is satisfied by u' if there
exists a ¢ € L?(X,p) such that

K" € d /Q V(a,b)d|-| (). (2.33)
Here, ¢ is called the Lagrangian multiplier, since it is the multiplier for the Lagrangian

Lagrangian(u, ¢) = J(1) — (¢ | Kp = f)12(,)- (2.34)

Hence, satisfying the source condition is akin to the existence of a Lagrange multi-
plier [16]. The following proposition provides an alternative representation for (2.33).

Proposition 2.7 (Source Condition). The source condition is satisfied by ' if there exists a ¢ €
L%(X, p) such that
Lo(a,b) = V(a,b)sgn{u'} u' ae, (2.35)
and
Lg(a,b)| < V(a,b) (2.36)
forall (a,b) € Q.
Proof. We repeat the steps of Bredies in [8| around Eq. (4.1)], which in turn in based on [16),

below Definition 1]. From the definition of the subdifferential it follows that (2.33) can
only be satisfied when

(K V)i = [ V@ b)dlvl < K@l agey = [ Viad)al'| @37)
forallv € M(Q). Since
(K*¢ [v) pm(q) = (@ | Kv)120) = (Lo | V) pm(q) (2.38)

by the definition of the adjoint and Lemma 2.1} (2.37) is equivalent to

(Lo [V = [ V@0 < (Lo i) aaiey = [ Vi@ bM'] 239)

Eq. 2.39) must also hold when we take the supremum of the left-hand side

sup (Lo [v) p(a) — / V(a,b)dlv] < (Lo¢ | 1) am(a) — / V(a,b)d|u'|.  (240)
veM(Q) Q Q

Every measure v € M(Q) has a polar decomposition such that

dv(a,b) = sgn{v}(a,b)d|v|(a,b). (2.41)
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This allows us to write (2.40) as
S/\I?()o)@p(l) —sgn{v}V |[v) p(a) < (L@ sgn{p’} = VI 1" ) piq)- (2.42)
ve

The right-hand side is bounded, so must the left-hand side. If Ly¢(a,b) > V(a, b) for some
(a,b) € Q, then the left-hand side can be made arbitrarily large by concentrating a large
positive v around that value. Similarly, if Ly¢(a,b) < —V(a,b) for some (a,b) € Q), then
the left-hand side can be made arbitrarily large by concentrating a large negative v around
that value. Hence, L,¢ must satisfy

|Lo¢(a,b)| < V(a,b). (2.43)

Inserting this bound into (2.42) gives
0= sup (Lot —sgn{v}V|v)aey < (Lot sgn{p’} = VK haaoy 0. 244)
veM(Q

Hence,
Lop =Vsgn{p'}, u' ae. (2.45)

The proof is complete. U

Note that the source condition described in Proposition 2.Zlimplies that y; must vanish
on the set
Of = {(a,b) € Q| —V(a,b) < pi(a,b) < V(a,b)}. (2.46)

3 Idealized setting

In this section, we prove that both the L? loss R ¢(j;) and the Bregman distance Df “(ut, )
decrease monotonically to the optimum value in an ideal setting. The rate at which both
of them decrease is of order O(1/t). This rate is independent of the input dimension d.

Theorem 3.1 (Ideal Case). R () is decreasing in time with bound

+
Ry(pr) < Rf(pﬁ) + @, t>0 ae, (3.1)

oD (u',ur) <0, t>0 ae (32)

with equality only when py minimizes R y. Moreover, if ¢ € L%(X,p) is the function such that
the source condition of u' is satisfied, then

2
912 ,,
2t

DY (', ) < (3.3)

for almost every t > 0.

First, we will show the rate of change of the L? loss R #(pt) and the Bregman distance
D;} *(u*, u) under ideal conditions.
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Lemma 3.1. R¢(p) is decreasing in time.

Proof. This follows directly from Proposition[2.2 point 5. O
Lemma 3.2.
D (", ) < @epe | e — 1) may < Rp(uh) = Ry(pe) <0 (3.4)

holds for almost every t > 0.
Proof. Recall from the Fenchel duality that

J(ue) = J(pe) + T (pe) = (pe [ 1e) pm)- (3.5)
Hence,
9D} (", 1) = 3 (J(1") = J(ue) = (pe | 1" = o) pa(r))
=0t (J(u") = {pt | 1) ) (Eq. B.5))
= (@pe | =1 m()
< @upel e~ 1) iy (Corollary 1)
< Rs(uh) — Ry(pe) (—0rpr € ORf(pr))
<0. (1" minimizer)
The proof is complete. U

Proposition 3.1. Forall t > 0, it holds that

DY (u", ) <0, (3.6)
when
If = Kpellizgo) > If = Kpe'll2gp) (3.7)
as well as when
IKpt — Kpaellp2p) > 0 (3.8)
Proof. Eq. 3.7) holds if and only if
Re(p') < Rp(pe). (3.9)

The combination of (3.9) and (3.4) proves the first statement. For the second statement,
observe that

atD?t(Pﬁ'yf) < (Oept | pr — V+>M(Q) (Lemma[3.2))
= (Lo(f — Kpe) | e — 1) () (Eq. @3))
= (Lp(f — Kpt) — Lo(f — KWL) |t — }l+>M(Q) (Proposition [2.5])
= (Lo (Kp" — Kpe) | e — %) pm()
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= (Kp" — Kpy | Kpy — KV+>L2(p) (Lemma [2.7))

= - HKWL - KVtH%z(p)

Clearly, this is strictly negative when (3.8) is satisfied.

62

0

Lemmas [3.2] and [B.1] show that under ideal conditions the Bregman distance and the
population loss respectively are decreasing, and Proposition 3.1l shows that this decrease
is strict. We will now use these to show that the Bregman distance and the population loss

converge and give a rate at which they do that.

Proposition 3.2. If u' satisfies the source condition through ¢ € L?(p), then

b 1911%2(,)
Dy(usm) = —;

for almost every t > 0.
Proof. Define
orer = Kpfr — Ky, ey =0,
and )
p == qu)'
Observe that
atpt = Lpatet, Po = 0= Lpe().
With this we obtain

o 3lles — 9l
= (9rer | er — P)pa(y)
= (Kp" — Kps et — 9) 12 (Eq- GID)
= (Lo(er — ) [ 1" = pe) mio) (Lemmal[2.1))
(pe—p" 11" = pe) ( ) (Egs. B.13), G.12))
= —(DP'(u*, i) + DY (ut, ).

Hence,

at<1|’€t—§b”%z ) —|—Dpt(pl+,}lt) <0

2 (0)

Integrating from O to t gives

t 1 1
s(yt — — 2 - - :
/o DV (', ps)ds + 5 llee = @liT2 () — 5 lleo = Pllzp) <0

Therefore,

DPt (', pe) /D’” u' e)ds

(3.10)

(3.11)

(3.12)

(3.13)

(3.14)
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t bt
- %/0 D¥<(u', VS)dS""%/O / 0:DP*(u', ur)dtds (Fund. th. of calc.)
S

t
= %/0 D (u*, ps)ds (Lemma[3.2)
1
2 2

< _E”et_ﬁbHLZ(p)+E”€O_¢”L2(p) (Eq. G.19))

1 2
< EHBO - 4’HL2(p)

1
= 2912y (Eq. G13)

The proof is complete. O

Proposition 3.3. We have
J(1")
t

Ry(ur) < R(p') +
for almost every t > 0.
Proof. Observe that

D?t(ytyt) —(t—s) (Rf(]fL) — Rf(ﬂt))
= DJ" (' ) = /St (Ry(u") = Ry(pr))dT
< D?(P‘Jr/ﬂt) - /St (Rf(}lJr) — Rf(yr))d’r (Lemma 3.1))

t
< D?(P‘Jr/ﬂt) —/S BTD}’T(;!JF,;{T)dT (Lemmal[3.2))

= D;’s(;f, 1s). (Fund. th. of calc.)

Hence, we obtain after rewriting

DY (ut, us) — D' (', )
Ry(u) < Ry(ut) + —L I

t—s
<Rp(i') + W (D} (4", ) > 0)
SRf(V*HM (0<s<t)
< Ryt + 1) (LemmaB2)

The proof is complete. O
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4 Measurement noise

In this section, we prove that with noise on the measurements, the method will converge
with O(1/t) to the solution that best fits the noisy data. If the noise is small enough, then
it will at first get closer to the noiseless data, too. After some time, the method will start to
get close to the solution for the noisy data and will start moving away from the solution
for the noiseless data. The point at which this transition is of the order of the noise, and
suggest that the method should be stopped early in the presence of measurement noise.
In the remainder of the work, we consider f° to be some perturbation of f such that

Hf(s - fH%Z(p) <9 (4.1)

with & > 0. When using f° instead of f, the flow in (Z3) changes. For this section, we will
keep referring to the solution based on f with y and p whilst we will refer to the solution
based on f° with v and g.

Theorem 4.1 (Measurement Noise). We have

2
atD”’(y+, V) < %, t>0 ae, 4.2)
DI (W' v) <0, t>0 ae, (4.3)
when
If = Kvell 2y > 6+ I1f = K¥ll 2 (4.4)
as well as when
1K™ — K| 2y > 6. (4.5)
Moreover, if u* satisfies the source condition through ¢ € L>(X,p), then
DY (1 uy) < ot 1 2 4.6
7 () < 5 ([9ll2g) + 68"+ = (4.6)

for almost every t > 0.
To prove this, observe that the flow for f° has the same properties as the flow for f.

Lemma 4.1. ng(vt) is decreasing in t.

Proof. Swapping the role of f and f?, i.e. considering f to be a perturbation of f°, im-
plies that R zs(v4) should behave the same as R¢(y¢) from Lemma Thus, Ry (ve) is

decreasing in . O

Lemma.Tshows that the inverse scale space converges with f°, but it does not tell us
how close it will get to the best solution for f.

Lemma 4.2. )
o:DPt (ut,vy) < 51 (4.7)
holds for all t > 0.
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Proof. This follows from

atht (er Vt)

< (0eqr [ v — 1) (o) (Lemma3.2)
= (L(f* = &) [ve = 1) vy (Eq. @3a))
(@)
= (L(f° — Kv) — Lo(f — Ku") | v — V+>M(Q) (Proposition 2.5])
= (f° — f+Ku" — Ky | Kvy — Kp") ) (Lemma2.1))
=(f°—f f | Kvi — Kp >L2(p) — (Kv; — Ku' | Kvy — K;tJr)Lz(p)
< IF — Fllago 1Kve — Kt 20y — 1Kve — K122, (Cauchy-Schwarz)
1 .
< 1 £ = fII? 12(p) (Young’s product ineq.)
52
< —.
— 4
The proof is complete. U
Proposition 4.1. We have
DY (4", ve) <0 (4.8)
forall t > 0, when
1 = Ktll 2y > 8+ 1f = Knll120) (4.9)
as well as when
IKp" = Kvt|lp2(p) > 6. (4.10)
Proof. For the first statement observe that
D} (', v1)
< (0eq | ve — y+>M(Q) (Lemma[3.2))
= (L(f* = Ku) [vi = 1)y (Eq. @33))
= (f° — Ky | Kvy — Ky+>L2(p) (Lemma[2.1])

= <f5 _Kvt‘KVt _f6+f5 _f+f_K‘u+>L2(p)

2
- _Hf(s _KVtHLZ(p) + <f(5_KVt |f(5—f+f—K}l+>L2(p)
—Hf(S—KVtHiz(p)+||f‘5—f+f—Ky+||Lz(p)||K1/t—Kpt+||Lz(p) (Cauchy-Schwarz)

IN

IN

—Hf5 - Kl/tHiz(p) +(6+|f— K;t+||Lz(p)) HfJ — KVtHLZ(p)' (Triangle ineq., Eq. (@.1))

Clearly, this is strictly negative when (4.9) is satisfied.
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For the second statement recall from the proof of Lemma4.2] that
DY (', v) < |If° = fllia ) IKve = Kpi"ll () — IKve = Kpa'[|2
Clearly, this is strictly negative when is satisfied. O

From Proposition 1] and Lemma .2 it follows that the Bregman distance D?t (', v)
is guaranteed to converge until R s (v¢) is close to Rf(u"). We know from Lemma &.T]
that R 4 (v¢) will go to a minimum of R ;5. So we expect the Bregman distance D;” (ut, ),
unlike the Bregman distance D‘]“ (u*, ut), to not vanish. The following proposition exem-
plifies this.

Proposition 4.2. If u' satisfies the source condition through ¢ € L?(p), then

1 5%t
DY (') < 57 (19ll120) + 5t)% + 5 (4.11)
for almost every t > 0.
Proof. Define
der = fO —Kvy+Ku' — f, eg=0. (4.12)
Observe that
tht = Lpatet, qo = 0= Lpe(). (413)

Using this definition of e; we obtain

1
on(3llee = g

= (0rer |er — P) 12
= <f(5 — Kvy + K.u+ - f | e — ¢>L2(p) (Eq' @D)
= <f§ _f | et — ¢>L2(p) + <K“l/l+ — Ky ’6,5 - ¢>L2(p)

<|f° - fliapyllee = @l 2oy + (K uh—Kut | e — $)r2(p) (Cauchy-Schwarz)
< bllet — ¢ll2(p) + (Ku' = Kve | er — @) 12 (Eq- @1))
= dllet — ¢ll2(p) + (Lpler — @) | 1" = vi) p(a) (Lemma[2.1)
= Olles = Pll 2o + e — P11 = v0) () (Eq- @I3), p":= Ly(¢))
= llet = ll2(p) — (@t — P" 1ve = 1) pa(r)-
Since
0 < DY (", v) + Df+(Vt/ﬂ+) = (g =P v = 1") pga) (4.14)

where the inequality stems from that g; and p* are from the subgradients 9] (v;) and 9] (u")
respectively, we obtain
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o3l =01y ) < Olec= Pl @15
Solving this for |[e; — ¢|[12(,) gives
ller = ll2p) < lleo = lli2(py + 6t = Il 12(p) + Ot. (4.16)
Hence,
o 3ller= 9l ) + DJ (')

.
< bllet = @ll2(p) — D] (ve, u7)
< Ol 2 +5 t. (4.17)

By integrating both sides of the equation, we obtain
! Ps t 1 2
/ D;*(u ,1/s)ds+—||et—q>||L2
1o
< 2||¢>|| 4 02yt + 20
(||<P|| +5t) (4.18)

Therefore,

1 ot
D?t(pﬁ,ﬂt) - ?/o D?(f,ﬂt)ds

t t
_ %/ D3 (3, ) +/ 3Dy (ut, i )dds (Fund. th. of calc.)

= t/ Dj( (ut, vs) 5 (t—s)ds
- /Dsf(y vs)ds+5—2t
t 8

52
<1 (5 (1912 +00)" = ler— 9l ) + 5t (Bq GI)
2 | &
§§(||¢||L2(p)+5t) +gt
The proof is complete. O

Proposition.2shows us that we should not continue to t — oo, but should stop earlier.
In particular, the bound for (1) is lowest for t(6) = O(571).
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5 Biased sampling

In this section, we prove that a bias in the sampling gives a similar behaviour as noisy
measurements. However, the terms and bounds differ depending on how the biased sam-
pling is expressed. We consider sampling expressed in terms of a condition on either the
Radon-Nikodym derivative or the Wasserstein-1 distance.

For the remainder of this work, we consider p* € P,(X) to be some perturbation of
the true distribution p € P,(X), also with bounded second moment. We assume that
f € L?(p) N L?(p?). For this section, we will keep referring to the solution based on p
with y and p whilst we will refer to the solution based on p¢ with v and q. We will also
assume that every v’ we refer to has J(v1) finite.

Theorem 5.1 (Biased Sampling of p — Radon-Nikodym). If p* < p and

sl
H _de (5.1)
dp | o)
then
aDP (', ) <0, (5.2)
when
If = Kvell2(pe) > (1 +)[If = Kt 12 (5.3)

Moreover, if ut and v satisfy the source condition through ¢ € L?(p) and ¢ € L2(p?) respectively,
then

DY (it 1) < 9l + 1y [ IKve = Kol s
+w%+nﬂu—mwm@+zw—Kfm%g 54

for almost every t > 0.
Theorem 5.2 (Biased Sampling of p — Wasserstein). If f € C%!(supp(p — pf)) and

Wi (o, 0%) <, (5.5)

then
o:DPt(u',vp) <0, (5.6)

when
I = Kutl2a ey > 26l = Kbt 120y op(ppery + I — Kt 122, (57)

Moreover, if ut and v satzsfy the source condition through ¢ € L?(p) and ¢ € L2(p¢) respectively,
then

Pt t
Dy (u',v) < 2t||4>|| ) T&5 ||f Ky ”601 (supp(p—p%))

et +)12
+2 /O /0 1K = K B ypp(o- gy 4597 + 51KV = Kt ey (5:8)

for almost every t > 0.
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Theorem B.1] refers to the Radon-Nikodym derivative condition, whereas Theorem 5.2]
refers to the Wasserstein-1 distance condition. To prove these theorems, we first consider
a general disturbance with no particular conditions on the perturbation p*. Afterwards, we
refine the statements from the general disturbance under the two mentioned conditions in

Sections5.1land 5.2
Lemma 5.1. We have

DY (', vp) < —||f Ki' |17 (5.9)
as well as

DI (', vr) < —HKV — Kp¥22 ) (5.10)
for almost every t > 0.

Proof. The first statement follows from

DY (", vr)

< {@eqt [ ve = ") (o) (Lemma[B.2)
= (Lpe(f = Kvp) [ve = ") pa) (Eq. @3))

= (f — Kve [K(v — P’+)>L2(pe) (Lemmal[2.])
= (f — Kve | Kve = f+ f = Ki'") 12

L = Kt + F — Ki' | £ = Kin) g
<-|f- KVt||%2(pe) + 1 = K"l 20 I f = Kvtll2(pe)  (Cauchy-Schwarz)
< }le — Ku' ||%z(pg)~ (Young’s product ineq.)

The second statement follows from
at Dqt ( er Vt)

< (@t v — 1) mia) (LemmaB.2)
= (Lpe(f = Kvp) [ve = ") paa) (Eq. @3))
— (= Lye(f — K1) Lyef — Kup) |11 — 1) gy (Proposition 23)
= (Lpe (KVJr — Kve) |ve = 1) pi)
= (Kv' — Ky | K(vs — er))Lz(pg) (Lemma2.7])
= (Kv" — Kvt | Kvp — Kv" + Kv' = Kp®) 120
= —||Kv' —Kvt|| <KV+—KV+|KV+—KVt>L2( )
< —||Kvt — KI/tH —|— |Kvt — Ku® I 22(pe HKV — Kvi|12(pe)  (Cauchy-Schwarz)
< %HKV1L — Ku® HLz(pg). (Young’s product ineq.)

The proof is complete. O
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Proposition 5.1. We have

9Df (4", vi) <0, (5.11)
when
1f = Kvellzzgpey > I1f = Kt ll2(pe)- (5.12)
Proof. Recall from the proof of Lemmal5.1] that
oD (', v) < —IIf = Kuellagpey + 1f = Kp'llizpe) lf = Kvellizgeey — (5:13)
Clearly, this is strictly negative when (5.12) is satisfied. O

Lemma 5.1 and Proposition 5.1 tell us, just like Lemma [4.1] for the noisy case, and as
intuitively expected, that the flow will converge until the solution matches the residual.
This, however, does not tell us how well it approximates the residual on p. We will refine
this when we consider the more specific disturbances.

We will now provide an upper bound for the Bregman distance.

Proposition 5.2. If ut and v satisfy the source condition through ¢ € L?(p) and ¢ € L?(p°)
respectively, then

Pre,t
DJ! (", ) < ZNM! 2t//quT K22 e dsdT
+5lf - Kurnzp I = Kt (514

for almost every t > 0.
Proof. Define

ore; = Ky —Kv;, ¢y =0. (5.15)
and
p" = Lo¢. (5.16)
With this we obtain
o3l — 9l
= (0rer | et — P)12(p)
= (K" — Kt |er = @) 12 (Eq- GID)
= (Lo(er — ¢) [ 1" = vi) m() (Lemma 2.1
= (Lo(er —¢) — qe +q: | 1" —vi) pm(a)
= (q: — Lp4’ + Loer — qe | 1" — vi) ma)
= (qr = P" | 1" = vi) pga) + (Loer — e | 1" = vi) pm() (Eq. E16))

.
— (D% (", v1) + DV (vi, p")) + (Lper — 4 | u" —vi) pq()- (Eq @ID)
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The rightmost term can be bounded by
(Lper — qe | 1" = vi) ma)

—/ s(Lpes — gs) |V —Vt>M(Q)dS

— /o <Lp(Ky — Kvs) — Loe(f — Kvg) | ut — Vi) M) 48
t

= [ (Lalf = Kus) = Lys(f = Kus) [ 1" = vi) s
t

= [ (Lopr(F = Kus) [ = vi) s
t

= /o (f — Kvs | Kp* — Kvt)p2(p—peyds

t
- /o (f — Kvs | Ky — KV’L)Lz(pe,p)ds

t
= /O (f — KVJr — Kvp + K;f + Kvy — Kvs | Kvp — Ky+>Lz(pg_p)ds

t
= /() <f — K]/l+ + Kl/t - KVS ’Kl/t — K]/l+>L2(p£_p)

— [|[Kve — KerHiz(pr)ds

t
S N A e e [

— [|[Kve — Kpt HL2p pds
= [0 = Ktz + 1Kt = Kotz )

< 1K= K2y — 1K= Ki 2 s
<2 L1 Kt gt 4 [~ Kl
= 0 = K gy g [ 1K= Kl

Hence,

at< ller — 47H%2(p)>+Dpt<y+,Vt)
t

N

Integrating from O to t gives

71

(Fund. th. of calc.)
(Eq. G.15))

(Proposition [2.5))

(Lemma 2.7])

(Cauchy-Schwarz)

(Triangle ineq.)

(Young's prod. ineq.)

1 t
< SIF — i IRy E/O||1<ut_1<us||§2(pg_p)(;13. (5.17)

t 1
s(,T 2
| D7t s < 59l + =K B,
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s / / |Kve — Kug |22, dsdlr. (5.18)
Therefore, we obtain
t
DPt(u', 1) = %/ DPt(ut,v)ds
0
t t
< %/ DPs(ut, vg) —|—/ 0:DP* (ut, vy )drds (Fund. th. of calc.)
0 s

t t
< %/ Dps(y’f,vs)—l—iHKy*_KVw‘H%z(pe)/ dtds (Lemmal5.T])
0 s
1/t 1
_ 1 ps (1 1 o2 _
t/o Dt vs) + ¢ K — Kpt | (£ — 5)ds
t
- 1/ D7 #*,vs)ds+5\lf<v*—1<u*llzz
SZtHcpH by [ IR~ Kol dsdt (Bq GI8)

+ 3 If - kit ||Lz,, o glKet - Kt
The proof is complete. O

The bound of (5.14) in Proposition[5.2is similar to that of (4£.11) in Proposition4.2l If v;
remains constant for all ¢ after some time T > 0, then

1 gt T 1
g/@ /0 |Kve — Kvs | 12(pe_pydsdT = 0<1+?> (5.19)

for all t > T. This implies that (5.14), just like (4.11), has a term that is inversely in time,
a term constant in time and a term that is linearly increasing in time.

5.1 Radon-Nikodym

The first type of disturbances is expressed in terms of a bound on the Radon-Nikodym
derivative. This allows for going from the norm using one measure to the norm using the
other measure by adding a multiplicative constant.

For this subsection, we refine our definition of p* by assuming that p® is absolutely
continuous with respect to p with

<e (5.20)

7
L*=(p)

dp

Lemma 5.2. Forall g € L*(p),

lglZ20ppe) < ellgliZ (5.21)
I8 17200 < (1+ )HgH (5.22)
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and for all g € L?(pf),
(1= )18l < I1811720p0)- (5.23)

Proof. The first statement follows from

18132 = [ £2(x)dp = p)(x)
=/fw¢@19m@m

<[, L
< 5||g||L2(p)
For the latter two observe that (5.20) means that
1—s§i—f§1+e p ae.. (5.24)

Hence,

I8y = [ L@ ) = [ 0% ()dp(x) < (1+ )l
as well as

Il = [ £0a00) = [ 20 @ip(x) = (1- &) g1
The proof is complete. U

Using the transformation rules of Lemma [5.2l we can provide conditions on when the
rate of change of the Bregman distance is negative, similar to before.

Lemma 5.3. We have

DY (4", vi) <0 (5.25)
for every t > 0, when
If = Kvillzzpey > (L+ )1 f = KTl 2, (5.26)
as well as when 1+
If = Kvellp2p) > 77— Hf it 12(p) (5.27)
and e < 1.
Proof. Observe that
3D (", ve) < |If — Kn"ll 2o [1Kve = fll 20 = 1K = flI T2 0 (Eq- G.13))
< U+ f = Kpllz o) IKve = fll2p) = 1Kve = flF2pe) (Eq- G.22)

< (L4 f = Ku'll 2 [1Kve = flli2 ) — (1= o) IKve = fll T2, (Eq. G23))
Clearly, BtD “(uf,vy) is strictly negative when either (5.26) or (5.27) is satisfied. O
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When comparing (5.26) with (4.9), we see that the sampling bias adds a multiplicative
term based on e. This is unlike the noisy case, where we got an additive term. Like-
wise, the upper bound for the Bregman distance also gets some multiplicative constants
depending on .

Proposition 5.3. If ut and v satisfy the source condition through ¢ € L?(p) and ¢ € L*(p°)
respectively, then

1 €
Pt t e 2
DY it 1) < 9l + g [ IKve = Kual st

t
e+ 1) 1f = Ki Bagyy + g IF — Ko [ (528)

for almost every t > 0.

Proof. From the transformation rules of Lemma[5.2]it follows that

S = Kt ey < eglF = Kutl2 529)
as well as
1Kve = Kve 2y

= [|[Kvr — KVSH%Z(pe) — [|[Kvr — KVSH%Z(‘O)

< ||Kvz — KVs”%z(p 1 —i—eHKVT KVS”%Z(p )

= (1 - %) | Kve — KVSH%Z

= - KI/SHLZ(‘OS). (5.30)
Additionally,

IKv" — Ky |7

_ + 12

- HKV _f+f_KV HLz(p)

— KVt = IR+ L — K|,
+2(Kv" = f| f = Kp") 1200

< 1KV = £ + I1F = Kt 20

+2||Kvt — fllea oo lf = Ku' l22(0¢) (Cauchy-Schwarz)
< 2||Kvt — fH2 = 2|lf - K;ﬁ”%z (Young’s product ineq.)
< 2||Kv* = flI2 e +2(L+)lIf ~ KV I72,)- (Ea- G22) (5.31)

Bounding (5.14) using ([Eﬂl), (3.29) and (G.31) gives the sought for expression. O



J. Mach. Learn., 4(1):48-88 75

Note that when we take the limit of ¢ — 0 of (5.28), then we get

1 t
P, t L2 Lye o2
D] (1" ) < 2tH‘PHL2(p) + 2Hf Ky HLZ(p)- (5.32)

This shows that the bound for the Bregman distance in Proposition[5.3] unlike the bound
in Proposition[5.2] is no longer tight in e.

An interesting source of bias is when p® is a subsampling of p such that |[f[|;2(,) is
a Monte Carlo estimator of || f|[;2(,)- Clearly, p° < p and ¢ is finite. This means that sub-
sampling is a special case of Radon Nikodym bias and that we can use Proposition 5.3l
At the same time, the fact that || f||;2(,c) is a Monte Carlo estimator allows us to provide
an alternative to (5.28).

Proposition 5.4. Let p € Py(X) be a probability measure with bounded 4-th moment, p* be
a subsampling of p with m(e) € N samples, § > 0, and f € L*(p) N L*(p). If ut and v satisfy
the source condition through ¢ € L*(p) and ¢ € L?(0¢) respectively, then

1 1 t T
D (' v1) < W0l + gy /O /0 |Kve — Kug 34, dsd

t +2
+——|f-K
: m(s)(sﬂf w7

for almost every t > 0 with probability at least 1 — 6.

it +)2

Proof. Since p has bounded 4-th moment, we get by PropositionL.2lthat Ku € L*(p) for all
e M(Q).
From Chebychev’s inequality it follows that
2

— ‘ /X |Kve (x) — Kvs(x)]2dp® (x / | Kve(x) — Kvs(x) [Pdp(x) 2

[ Kve() — Ko dp() — /X|1<vf<x> - Kvs<x>rzdp<x>)2

<
- m(e)d
4 4
_ HKVT - KVSHLAL(‘O) - HKVT B KVSHLZ(p)
m(e)d
| Kve — KVSH%AL(
< ) :
- m(e)d (5.34)
with probability at least 1 — 6. Taking the square root on both sides gives
K P < ”KVT—KV5”%4
H Ve — VSHLZ(‘OS*(J) = m(g)(s (535)
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Similarly,
IF - K2,
0)
If = K12 ey < —Tr (5.36)
Substitution of (5.35) and (5.36) into (5.14) gives (5.33). O

Note that when we take the limit of m(e) — oo of (5.33), then we get

1
pto, t - 2

This shows that the bound for the Bregman distance in Proposition[5.4] like the bound in
Proposition5.2] is tight in e.

5.2 Wasserstein

The second type of disturbances is expressed in terms of a bound on the Wasserstein met-
ric. This allows for going from the norm using one measure to the norm using the other
measure by using the duality between Wasserstein and the Lipschitz continuous function
with Lipschitz constant at most 1.

For this subsection, we refine our definition of p* by assuming that the Wasserstein-1
distance between p® and p is bounded through ¢, i.e.

Wi(pf,p) <e. (5.38)
We also assume that f € C% (supp(p — p?)).
Lemma 5.4. Forall g € C% (supp(p — o)),

||g||L2 (05 —p) 2”g”c01 (supp(pt—p)) & (5.39)

Proof. Recall that
Wi(p%p) = sup (h|p°—p)pm(x).

heC®l(Xx)
Lip(h)<1
Since for all ¢ € C%! (supp(pf — p)),
. g )
Li - <1, (5.40)
P (Llp<g>
we obtain
& — Ll < - g € >
(&lp"=Plmex) = B Ty £~ F e
< Lip(¢)W1 (%, p) < Lip(g)e, (5.41)

where we used (5.38). Furthermore,

Lip(|g[*) < ZHngéO/l(supp(p‘“'*P)) <o
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since

180 = 8P| = Ig(x) — W) [Is ()] + g W)]|
<2HgHC (supp(pt—p)) Llp( )Hx_yHZ‘” (5.42)

for all x,y € supp(p® — p). Hence,

181B2(pe_py = (I3 0° = ) acr)

< Lip(|g[*)e (Eq. GAD)
< 20181201 28 (Eq. G42))
for all ¢ € C%!(supp(pf — p)). O
Proposition 5.5. We have
o:D7 (ut,v1) <0, (5.43)
when
||KV1‘ —fH%Z(ps) > 2€||f - KV+||%0f1(supp(p—p€)) + ||f B KV+||%2(p)' (5.44)

Proof. f — Ku' is a sum of two Lipschitz functions on supp(p — pf); f by assumption
and Ku' by Proposition[.T} Thus, f — Ku' is Lipschitz on supp(p — p¢). From Lemma5.4
we obtain that

Hence,
0D (ut11) < 1 — Kiet a1 Kt = llogpey — 1K — f112 ey (Eq. GI))
2
< /260 = Kt Bos qupp(opey) I = Kt I
< KVt = Flgage) — 1K= £ (Eq. G25)
Clearly, this is strictly negative when (5.44) is satisfied. O

When comparing (5.26) with (£.9), we see that the sampling bias adds an additive term
based on . This is like the noisy case, but unlike when the sampling bias was given in
terms of the Radon-Nikodym derivative.

Proposition 5.6. If ut and v satisfy the source condition through ¢ € L?(p) and ¢ € L?(p°)
respectively, then

1 t
peo,t L Loe o402
D] (“l/l /Vf> < 2tH¢HL2(p) +€2Hf KV HCO/l(supp(pfps))

e [t [T 2 E ikt 2
+5 /O /O K — Ksl[20s qupp(o- g 587 + 51KV = K25 (5.46)

for almost every t > 0.
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Proof. Recall from the proof of PropositionE5that f — Kut € C91 (supp(p — pf)). Eq. 5.45)
can be rewritten as

If - KVW%Z(pz_p) < 2¢||f - K}”-rH(Zjo,l(supp(p,ps))' (5.47)

Similarly, Kvy — Kvs € C%!(supp(p — o)) by Proposition[.2l Hence,

[ Kvz — KVSH%Z(ps_p) < 2e[|[Kvr — KVsH%o,l(supp(p,pe))- (5.48)
Bounding (5.14) using (5.47) and (5.48) gives the sought for expression. O
Note that when we take the limit of ¢ — 0 of (5.28), then we get
1
D' (" 1) < 191122 ) (5:49)

This shows that the bound for the Bregman distance in Proposition 5.6 like the bound in
Proposition 5.2} is tight in e.

6 Parameter space discretization

One issue with the inverse scale space of (L1I) is that p; is defined on Q). To ensure that
pt € 0] (p+) we need to have full knowledge of p;. This cannot be implemented. Hence, ()
needs to be discretized. In this section, we study a particular discretization based on the
Voronoi tessellation. In Section[6.1] we show, for a given sequence of Voronoi tessellations
with mild assumptions, that the inverse scale space flow on these tessellations converges
to the full flow for N — oo. In Section[6.2] we show the rate of convergence for the flow
with fixed N to the optimal solution. Combined, these sections prove Theorem [6.1]
Given a set w C Q with [wN| = N, a Voronoi tessellation divides Q) into N subsets

QHN:{weQ|Vme{1,...,N}: \w—wy\SW—wm} (6.1)
such that
N
a=Jay. (62)
n=1

We consider sequences of sets {w™ }%_; with w™ C Q, |wN| = N and

: : Ny
z\llgnoo max diam () =o.

For this section, we will keeIKI referring to the solution over () with y and p whilst we will
refer to the solution over w™ with v and gq. With v we denote a minimizer of R £ with

J(v*) < oo over the measures supported on w. We will make use of the Lagrangian

F:M(Q) — [0,00), p = J(u)+ARs(p) (6.3)
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of @3) and its restriction to wN

oo, otherwise

Fu, Cwh,
%V:{V supp() € w 64)

in the proofs. We will also assume that () is compact.

Theorem 6.1. The minimizers of the sequence { Fx }{_, converge in weak™ to the minimizer of F.
Moreover,

IKui— FIRagy < 20Kt = £
. 2 . N 2 112 ](VJr)
+ 2Lip(o) (my?xdlam (Qn)) Il +ZT (6.5)

for almost every t > 0.

The first part of the theorem follows from Section [6.1] and the second part from Sec-
tion[6.2l

6.1 Convergence of the discrete flow to the full flow

Both the discrete flow and full flow are well-defined flows, so what remains to show is
that the solutions to the discrete flow for increasing N converge to the solution for the full
flow. To prove this, we will show that the minimizers associated to the Lagrangians of the
discrete flows Fy converge in weak™ to the minimizer of F. This can be concluded from the
fundamental theorem of I'-convergence [7]. The requirements for the fundamental theo-
rem are that Fyy satisfies the liminf property, that there exists a I'-realizing sequence and
that the family (Fy )y is equicoercive. The three propositions at the end of this subsection
show that these requirements hold. These propositions rely on some properties of F that
carry over to Fy. We will prove those first.

Lemma 6.1. F is proper, convex, weak™ lower semi-continuous and coercive.

Proof. F is proper, since 0 € dom(F).

Since V is continuous, | is convex. Since K is a bounded, linear (and thus continuous)
operator and the square of the L?(p) norm is convex, Ry is convex. Since F is a sum of
two convex functions, F is convex.

Let (y) be a sequence of measures and yy,, p € M(Q) such that , p. Then for all
¢ € L2(p),

Bim (Kpin | 9) 1260) = 1m (Lo | ) iy = (Lo | 10aacy = (Ki | @iz (66)

2
This shows that Ky, L—(m> K. Since

1 2
w EHw—fHLz(p) (6.7)
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is continuous and convex, it is sequentially weak lower-semicontinuous. The combination
implies that R is sequentially weak* lower-semicontinuous. Since | is continuous, it is
weak™ lower-semicontinuous. This implies that F is weak* lower-semicontinuous.
F is coercive if and only if
lim  F(u) = oo. (6.8)
el pm)—o0

For measures p & N(K) outside the kernel of K we have that R ¢(p) — o0 as ||| p4 () — o0
Since | is non-negative, F will grow without bound for those measures too. What remains
is the measures y € N(K) inside the kernel of K. For these measures R () is constant,
but the conditions on V imply that | will grow without bound. Hence, F is coercive. [

Now, we can prove the three properties needed for the sequence of Fy’s.

Proposition 6.1 (Liminf Property). For all y € M(Q) and every sequence (p,) such that

Un LN , we have
liminf F, (p,) > F(p). (6.9)

Un—00

Proof. From construction of F, it follows that
Eu() > F(p). (6.10)
Hence, combined with the lower semi-continuity of F proven in Lemmal6.T] we obtain

Liminf Fy (p) = Uiminf Fpun) = F(po). (6.11)

The proof is complete. U

Proposition 6.2 (I'-Realizing Sequence). Let u € M(Q) and define a sequence of measures
N € M(Q) by

N
N = 3 () (6.12)
n=1
We have w, u as well as
dim Ey(pn) = F(p)- (6.13)

Proof. Recall that M (Q)) is dual to C(Q}), so the weak* convergence is defined in terms of
g € C(Q). Since Q) is compact, g is absolutely continuous. Recall that this implies that

Ve>0 36>0 V(ab)(cd) €Q:
l@b)—(ed)] <6 = lgab)-gled)| <e (6.14)
Since the diameter of the Voronoi cells vanishes as N goes to infinity, there must be an N

such that for all N > N and n € {1,...,N}, we have that ||(a,b) — (alY,b})|| < & for all
(a,b) € QY. Hence, forall g € C(Q)) and all e > 0,

N—oo

lmﬂﬂgmeW—ymwm>
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- ) s Lo o)
N

= lim /Qg<a,b>dy(a,b)— Y- g(a), b u())

N—o0 =1

N
= lim /Qg(a,b)dy(a,b)— Z/()Ng(ay,bﬁ])dy(a,b)‘
n=1 n

N—o0

— lim Z/ ¢(a,b)du(a,b) — Z/ (a, b ) dpu(a, b)

N—o0

N—oo

— lim ZlfﬂN (g(a,b)—g(aﬁ’,bff))du(a,b)‘

< lim Z/ Hga b) (ff,by)Hdlﬂl(ﬂ,b)

N—o0

< hm 2/ ed|p|(a,b)

= ellull pmea)

Since € was arbitrary, we must have that

lim Qg(a, b)d(y — un)(a,b) =0. (6.15)

N—o0

This shows that yuy ~ p, and by construction of uy we have Fy(un) = F(un). Fur-
thermore, we showed in Lemmal6.1] that F was weak™ lower semi-continuous. If fact, by
similar arguments, it is sequentially weak™® continuous. Hence, it follows that

lim Fy(pn) = lim F(un) = F(p). (6.16)
N—oo N—c0
The proof is complete. O

Proposition 6.3 (Equicoercivity). The family (Fy)n is equicoercive.

Proof. The family (Fy )y is equicoercive if and only if every member of the family is coer-
cive. In Lemmal6.J]it was proven that F is coercive. Hence, by construction of Fy

lim  Fy(p)> lim  F(u) = oo (6.17)
[l pg () —o0 Il a0

This means that Fy is coercive. Since N was arbitrary, it holds for all members Fy of the
family <FN)N- ]

We have now shown that the requirements for the fundamental theorem of I'-conver-
gence hold, which implies that the sequence of minimizers of Fy converges in weak™ to
the minimizer of F.
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6.2 Convergence error for the discrete flow

In the previous section, we showed that the discrete flow converges to the full flow. In this
section, we will fix N and show the convergence rates of the discrete flow to the optimal
solution. We will first show the generic bound, also shown in Theorem[6.1l Afterward, we
will look at a special case.

Observe that the finite w™ satisfies the required properties for a proper inverse scale
space flow. The following proposition shows the generic bound.

Proposition 6.4. We have
()
t
2
+ 2HP‘+H§\4(Q) (mr?x diam (QnN)) Lip(c)? /X max(1, ||x|)%do(x) (6.18)

HKvt —f”%z(p) < 2”Kﬂ+ _inZ(p) +2

for almost every t > 0.

Proof. From Proposition[3.3]it follows that

Kui— FIRagy) < KV — fl, + 2200 6.19)
t 12(p) = L2(p) F :
Since 1T is a minimizer of R £ over wN, we have for the measure
al t N
un = ) 1 ()8, (6.20)
n=1
that
IKv" = fllr2gp) < IKun = flliz(p)
< ||Kpn — Kt 2 + IKB' = Fllz2p). (6.21)
and thus by Young’s inequality for products with p = g = 2,
1K = fIa(,) < 20K — Kpit 22+ 21Kt = £ (622)

We observe that by a similar argument as in the proof of Proposition[6.2] that

| Kpn —KV+”%2(p)
2

— /X‘/Qa(tﬂx—i— b)d(pn — ") (a,b)| dp(x)

al 2
< /X (;/QHNH‘T(LZTX—J—I?) —(T((aﬁj)Tx_Fby)Hd|y+|(a,b)> dp(x)
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N 2
< (£ fy trolans o0 (@7 o) ) ) o
N >
< (£ e+ s =2 Do) ) ot
n= § ,
< /Xmaxu,nxu)z( by /Qyupwua—am+\b—bﬁf\>d|u*|<a,b>) dp(x)

2
= Lip(c / max(1, ||x||) (Z/ dlam(QN)d’Pl |(a, b)) dp(x)

< ||;t+||§\/l(Q (maxdlam (0 )) Lip(c / max(1, || x||)?dp(x).
Substituting this into (6.22) and the resulting expression into (6.19) gives (6.18). O

In [23], it was shown that a Voronoi cell’s radius decreases with a rate of O(N—1/4)
when the points in wV are i.i.d. sampled from an absolutely continuous probability mea-
sure over (). We can use the direct approximation theorem of Barron spaces to achieve
a better rate [26, Theorem 3.8].

Proposition 6.5. Let N € IN. Denote with My the set of all measures p of N atoms that satisfy
the bounds

] 1\2 )
Ko — Kty < LB Lip(0)? [ max(1 4 il 629
X
and choose wN such that M 7 is non-empty. Then,

J(v +)

HKVt—fH%z < 3||Kp" — fI%, o) T2
(o)
+3](§‘V) Lip(c / max(1, || 2dp(x)
—|—3Mir€1]fwf]|1<v _KVNHLz(p)- (6.24)

Proof. Kpfr € B, so by [24, Theorem 4] there exists a suitable choice for wN. Let UN € My.
Observe that

J(v +)

1K = F72() < IKVT = flI72) +2 (Proposition 3.3)
< 3||Kvt —KVNH +3HKV —KVNH

J(vh)
t

+3|[Kp" — fllZ2 ) +2
< 3||KVJr - KP‘NH%Z(p)

Triangle ineq., Young’s
g q g
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+
31U Lip(0)2 [ max(, ] 2dp(

+ 3K — fl2sg +2 100,

Taking the infimum over uy € My gives (6.24). O

7 Discussion

In this work, we have studied the convergence and error analysis of finding the best mea-
sure y such that the Barron function Ky is close to f using the inverse scale space flow.
After having established the existence and regularity of the solution, we considered the
ideal, noisy, biased, and discretized cases. For each of these cases, we anal\ysed the evolu-
tion of the Bregman divergence with respect to the optimal solution D?(u",14) and the L2
loss R ¢ ().

In the ideal case, we got monotonic and linear evolution to the optimal solution. In the
noisy case, we still got monotonic and linear evolution to the optimal solution but only
up to an error level determined by the noise level §. These results agree with the known
results for inverse scale spaces.

In the novel case of biased sampling,

DPt(u%,vy) < (9<1 + % + t)

with the suppressed factors in the big O notation depending on e. When we work with
noisy measurements, Dt (u",1;) has a similar upper bound but depending on . In that
setting, the smallest upper bound for DPt(u',v;) is attained for #(5) = O(6~'). When
dealing with biased sampling, this smallest upper bound is attained for

Araa) 0-o(F)

for a Radon-Nikodym and a Wasserstein perturbation respectfully. However, whilst in
many cases it is straightforward to provide an estimate for 4, it is not the case for e.

A second issue with the upper bounds for Dt (u*,v;) is that we typically do not know
f,¢,u, vt or p. What we do know is Kv; on supp(p?). This means the bound in Proposi-
tion[5.3lhas more terms that can be explicitly computed than the bounds in Proposition[5.2]
Proposition [5.4] or Proposition That makes Proposition [5.3] arguably the most useful
proposition.

When the parameter space () is discretized, we have shown that we still have a proper
inverse scale space flow. In this setting, we get an additional additive factor depending
on N in convergence. When we don’t make any additional assumptions on w", this addi-
tional factor is of the form O(N~1/4). This 1/d factor shows that the discretization method
suffers from the curse of dimensionality, meaning that the method performs poorly when
working with high dimension. Although we show that an O(N~1/2) can be attained in

t(e) = (’)(
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theory, it is unclear how to find the required N points without solving a different sparse
minimization problem first.

When applied in practice, the true data distribution needs to be sampled. This in-
troduces an error that can either be bounded by a Monte-Carlo rate or using one of the
approaches outlined in Section[5l Whilst the sampling introduces an error, it allows for po-
tential improvements to the iterative scheme. When the data distribution is concentrated
on finitely many atoms, we get for the chosen regularizer | that there exists a minimizing
measure also concentrated on at most that many atoms due to the represented theorem.
This makes the flow piecewise linear in time, and makes y; be concentrated on a finite
number of atoms for all £ > 0 due to the optimality condition. More work is needed to
determine whether these effects combined can be used within this framework to provide
a better discretization of the parameter space ) or avoid the discretization all together in
order to beat the curse of dimensionality.

In this work, we focussed on finding a sparse representation of a Barron space function.
These functions represent shallow neural networks. For deep networks, there are several
candidates spaces, like the Tree-like spaces [25], the Neural Hilbert Ladders [20], the Deep
Variational Splines [35] and the Deep RKBS [3]]. These candidates spaces have different
structures than the Barron space. For example, in the Tree-like spaces the measure is de-
fined over an infinite dimensional parameter space () instead of a finite dimensional set,
and for the Deep RKBS a sequence of measures has to be optimised over simultaneously
instead of just one measure ;. These function spaces pose specific challenges that need to
be addressed, before the method can be applied successfully. We leave the investigation to
which of these structures the methods in this paper can be best extended to future work.

8 Conclusion

This paper investigates an inverse problem for neural networks in the infinite width limit,
which is to find a sparse representation of a Barron function that fits the data well. Sparse
neural networks are known to improve generalization from training to test data, yet ex-
isting methods for identifying infinite width neural networks do not guarantee sparse
solutions. We propose solving the inverse problem using the inverse scale space flow.
The study systematically analyzes the convergence properties of this flow under ideal
conditions and in the presence of measurement noise, sampling bias, and discretization.
In the ideal setting, the objective decreases monotonically at a rate of O(1/t) to a mini-
mizer, while in perturbed settings, convergence is achieved up to a bounded error. Dis-
cretized solutions are shown to converge to the full-space optimum when the mesh-size
gets smaller.

Appendix A Notation and definitions

Let R denote the real numbers, and IN denote the natural numbers without 0. The space
of all Radon measures — regular, signed Borel measures with bounded total variation — on
a locally compact Hausdorff () is denoted by M (Q}). It is a Banach space with the norm
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Ikl = [ dlnl(x),

where || is the total variation measure of y. When Q) is compact and M (Q) is equipped
with the weak*-topology, then M (Q)) is dual to C(Q), the space of continuous functions on
Q). When Q) is unbounded, then it is dual to Cy(Q2), the space of continuous functions on ()
that go to zero at infinity. All Radon measures y € M (Q)) have a polar decomposition, i.e.
there exists a sgn{u} € L1(Q, |u|) with |sgn{u}| < 1 such that

dp(x) = sgn{p}(x)d|p|(x).

The space of all probability measures on a set U with finite k-th moments is denoted by
Pr(U) CM(U). The Wasserstein-1 metric between two probability measures p, 77 € P; (Q2),
can be computed by

(e, ) = sup{ [ fladplew) = [ fl@pn(e) \ fec@), Lp(p <1},

where Lip(f) denotes the Lipschitz constant of f. Given a set X, a positive number
p € [1,] and a radon measure p € M(X), we write LP(p) instead of LP(X,p). If
f : L®([0,00)) — U with U a normed vector space, then f; := f(t) € U, f is Bochner
integrable, and f has norm || f{| .« (j0,e0) 1) = €88 SUP;c [0 00) | fells- If f : U — V is an opera-
tor from U to V, then the operator norm is denoted || f||;/—y. If U C V is a convex set, V is
a locally convex space and | : U — R is a convex function, then the convex conjugate is
written as J* and the subgradient 9] of | at ug is given by

oJ(ug) ={v € V* | J(u) — J(uo) = (v|u —ug)y-, Yu € U}.

(Fréchet) derivatives of a function or operator f are also denoted df. If the derivative is
a partial derivative, then a subscript will be added to indicate the variable with which the
derivative is taken.
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