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ABSTRACT. We study the approximation of univariate functions by combining tensoriza-
tion of functions with tensor trains (TTs) — a commonly used type of tensor networks
(TNs). Lebesgue LP-spaces in one dimension can be identified with tensor product
spaces of arbitrary order through tensorization. We use this tensor product structure
to define different approximation tools and corresponding approximation spaces of TTs,
associated with different measures of complexity. The approximation tools are shown to
have (near to) optimal approximation rates for functions with classical Besov smooth-
ness. We then use classical interpolation theory to show that a scale of interpolated
smoothness spaces is continuously embedded into the scale of TT approximation spaces
and, vice versa, we show that the TT approximation spaces are, in a sense, much larger
than smoothness spaces when the depth of the tensor network is not restricted but are
embedded into a scale of interpolated smoothness spaces if one restricts the depth.
The results of this work can be seen as both an analysis of the approximation spaces
of a type of TNs and a study of the expressivity of a particular type of neural networks
(NNs) — namely feed-forward sum-product networks with sparse architecture. We point
out interesting parallels to recent results on the expressivity of rectifier networks. O

1. INTRODUCTION

Approximation of functions is an integral part of mathematics with many important
applications in various other fields of science, engineering and economics. Many classical
approximation methods — such as approximation with polynomials, splines, wavelets,
rational functions, etc. — are by now thoroughly understood. In recent decades new
families of methods have gained increased popularity due to their success in various
applications — tensor and neural networks (TNs and NNs). See, e.g., [8, 46, 14, 15, 51,
37, 56, 27] and references therein for an overview.

In this work, we will define approximation classes of TTs — a commonly used type of
TNs — and study their properties. Our goal is to investigate the expressivity of tensor
networks in the framework of classical approximation theory, as was done in [32, 2] for
deep rectifier NNs.
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Tensorized Univariate Functions

1.1. Approximation of Functions. In this work, we focus on approximating one-
dimensional real-valued functions f : 2 — R on bounded intervals {2 C R. We address
the multi-dimensional setting separately in [3].

The approximation of general functions by simpler “building blocks” has been a central
topic in mathematics for centuries with many arising methods: algebraic polynomials,
trigonometric polynomials, splines, wavelets or rational functions are among some of the
by now established tools. Recently, more sophisticated tools such as TNs or NNs have
proven to be powerful techniques.

In the 20th century, a fully fledged mathematical theory of approximation has been
established. It is by now well understood that approximability properties of a function
by more standard tools — such as polynomials or splines — are closely related to its
smoothness. Moreover, functions that can be approximated with a certain rate can be
grouped to form quasi-Banach spaces. Varying the approximation rate then generates an
entire scale of spaces that turn out to be so-called interpolation spaces. See [19, 17] for
more details.

In this work, we address the classical question of function approximation but with
a new set of tools relying on tensorization of functions and the use of rank-structured
tensor formats (or TNs). We analyze the resulting approximation classes: we will show
that many known classical spaces of smoothness are embedded in these newly defined
approximation classes. On the other hand, we will also show that these classes are, in a
sense, much larger than classical smoothness spaces.

1.2. Tensor Networks. TNs have been studied in parallel in different fields, some-
times under different names: e.g., hierarchical tensor formats in numerical analysis or
sum-product networks in machine learning. TNs are commonly applied and studied in
condensed matter physics, where understanding phenomena in quantum many-body sys-
tems has proven to be a challenging problem, to a large extent due to the sheer amount
of dependencies that cannot be simulated even on the most powerful computers (see [50]
for a non-technical introduction). In all these fields, a common challenge is the approxi-
mation of functions of a very large number of variables. This led to the development of
tools tailored to so-called high-dimensional problems.

For approximating a d-variate function f, there are several types of tensor formats.
The simplest is the so-called r-term or CP format, where f is approximated as

(1.1) flan,. o a) = > vf(a) - vh(2a).

If each factor v¥ is encoded with N parameters, the total number of parameters is thus
dNr, which is linear in the number of variables. The approximation format (1.1) is
successful in many applications (chemometrics, inverse problems in signal processing...)
but due to a few unfavorable properties (see [34, Chapter 9]), different types of tensor
formats are frequently used in numerical approximation. In particular, with the so-called
tensor train (TT) format or matriz product state (MPS), the function f is approximated
as

Td—1

T1
(1.2) flx1, ..., mq) ~ Z . Z R (2 ) bR () .vsi’f’kd’l(xd,l)vsd’l(xd).

ki=1  kg_q1=1

The numbers r, are referred to as TT-ranks, multi-linear ranks or hierarchical ranks. The

rank r, is related to the classical notion of rank for bi-variate functions, by identifying

a d-variate function as a function of two complementary groups of variables (z1,...,xz,)

and (z,41,...,2q). It corresponds to the so-called f-rank rz, with § = {1,...,v}. The
2
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format in (1.2) is a particular case of tree-based tensor formats, or tree tensor networks
(TNs) [34, 24], the TT format being associated with a linear dimension partition tree.
The TT format is the main focus of this work, although many results extend to more
general TNs. Numerically, such formats have favorable stability properties and robust
algorithms (see [28, 54, 47, 30]). Moreover, the corresponding TNs and decompositions
have a physical interpretation in the context of entangled many-body systems, see [50, 51].
For more general TNs, we refer to Figure 1 for graphical representations. The specific
choice of a TN is sometimes suggested by the problem at hand: e.g., in quantum physics
by the entanglement /interaction structure of the quantum system that f is to model — if
f is a vector — see, e.g., [36, 1, 58, 4].

o b *—eo

IR
(B) General Tensor Train (TT) or Matrix
(A) Tensor corresponding to (1.2) with d = 3. Product State (MPS).

N\ .
o/ \o \o\‘ o/\ ./o// ..>.
JVIN) T N T
.

(c) Hierarchical Tucker (HT) or a tree-based
format.

(D) General 2D tensor network.

Fi1GURE 1. Examples of tensor networks. The vertices in Figure 1 repre-
sent the low-dimensional functions (tensors) in the decomposition, such as
vl ... v? in (1.2). The edges between the vertices represent summation
over an index (contraction) between two functions (tensors), such as sum-
mation over k, in (1.2). The free edges represent input variables 1, ..., x4

in (1.2).

At first glance, it seems that TNs are a tool suited only for approximating high-
dimensional functions. However, such formats can be applied in any multi-variate setting
and this multi-variate setting can be applied even if d = 1 by identifying a one-dimensional
function with a multi-variate function (or tensor). This identification is the tensorization
of functions which is at the core of the approximation tools considered in this work. It
was originally applied for matrices in [52] and later coined as quantized tensor format
when tensorization is combined with the use of a tensor format.

In high-dimensional approximation, keeping the ranks rz small relies on the correct
choice of the tensor network that “fits” the interaction structure as hinted above. For the
approximation of tensorized functions a different type of structure is required. In [28], it
was shown that, if f is a vector of evaluations of a polynomial on a grid, then choosing
the TT format yields hierarchical ranks that are bounded by the degree of the polynomial
plus one. Similar statements were shown for trigonometric polynomials and exponential
functions. In [42], tensorized TT formats were applied in numerical modeling and, in
particular, it was shown that discrete solutions to high-dimensional elliptic and parabolic
problems can be approximated with a complexity that is logarithmic in the number of
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grid points. In [41], it was shown that a finite element approximation of two-dimensional
functions with singularities, where the coefficient vector was stored in a tensorized TT
format, automatically recovers an exponential rate of convergence, analogous to that of
an hp-approximation.

The pioneering observations of [28, 52] as well as the subsequent developments in
[53, 41, 42] provide the crucial tools for our work. We utilize these techniques to propose
an approximation theory — in the spirit of classical approximation theory (see [19, 17])
— for tensorized functions, treating the univariate case in depth here and addressing the
multivariate case in [3]. We first show that Lebesgue spaces of p-integrable functions
are isometric to tensor product spaces of any order and analyze some basic properties
of this identification. We then define and analyze the approximation classes of LP func-
tions that can be approximated by rank-structured functions in the TT format with a
certain rate, showing that these classes are quasi-Banach spaces under appropriate con-
ditions. Finally, we show that classical smoothness spaces are continuously embedded in
TT approximation classes, while vice versa TT approximation classes are embedded in
smoothness spaces only under additional assumptions about the TT length (or depth of
the corresponding linear tree).

1.3. Tensor vs. Neural Networks. Recently multiple connections between TTs and
NNs have been discovered, see, e.g., [10, 55, 44, 16, 13, 43]. Tree tensor networks can be
seen as convolutional feedforward neural networks with nonlinear feature maps, product
pooling, a number of layers equal to the depth of the dimension partition tree and a
number of neurons equal to the sum of tree tensor ranks (see [16]). Our work was partly
motivated by current developments in the field of deep learning, particularly [32], where
the authors analyzed the approximation spaces of deep rectifier networks. In this spirit,
our work can be seen as a result on the approximation power of a particular type of
NNs, where the TT format is a feed-forward sum-product NN with a recurrent neural
network architecture. When compared to the results of [32, 2] on approximation classes
of ReLU networks, we observe that both TNs and NNs are able to recover optimal or
close to optimal approximation rates for functions with any order of Sobolev or Besov
smoothness. This is to be contrasted with more standard approximation tools, such as
splines or wavelets, where the approximation class (and thus the approximation method)
has to be adapted to the smoothness notion in question, i.e., for a given a spline or wavelet
order, the approximation tool can optimally approximate only functions with the same
smoothness order. Moreover, both tools will frequently perform better than predicted on
specific instances of functions that possess structural features that are not captured by
classical smoothness theory?.

Of course, this is simply to say that both tools do a good job when it comes to classical
notions of smoothness. We still expect that NNs approximation classes are very different
than those of TNs, in an appropriate sense. We also show that TT approximation classes
are not embedded in any Besov space, as was shown in [32] for RePU networks, unless
the depth of tensor networks is restricted.

1.4. Main Results. First, we show that any LP-function f defined on the interval [0, 1)
can be identified with a tensor. For a given b € N (the base) and d € N (the level or
resolution), we first note that any = € [0,1) can be uniquely decomposed as

d
T = Z b+ by = toa(is, - 1a,Y),
k=1

1A fundamental theory of these structures remains an open question for both tools.
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where (iy, ..., iq) is the representation of [b%z]| in base b and y = b%z — |b%x]. This allows
to identify a function with a tensor (or multivariate function)

f(?;l, Ce ,id, ’y) = f(tb,d@l; Ce ,id, y)) = Tb,df(h; C.e ,id, y),
and to define different notions of ranks for a univariate function. A function f can be
tensorized at different levels d € N. We analyze the relation between tensorization maps
at different levels, and the relation between the ranks of the corresponding tensors of
different orders. When looking at T, 4 as a map on LP(]0, 1)), an important observation
is given by Theorem 2.15 and Lemma B.1.

Result 1.1. For any 0 < p < oo, b € N (b > 2) and d € N, the map T4 is a linear
isometry from LP([0,1)) to the algebraic tensor space Vi 410 := (R®)®?® LP([0,1)), where
Vyare s equipped with a crossnorm, which is a reasonable crossnorm for p > 1.

1.4.1. Approximation Tools. For later use in approximation, we introduce the tensor sub-
space

Vias = (R ® S,

where S C L?([0,1)) is some finite-dimensional subspace. Then, we can identify V46
with a finite-dimensional subspace of L? as

Voas =T, 4 (Voas) C L([0,1)).

We introduce the crucial assumption that S is closed under b-adic dilation, i.e., for any
f €S andany k € {0,...,b— 1}, f(b"'(- + k)) € S. Under this assumption, which is
reminiscent of multi-resolution analysis (MRA), we obtain bounds for TT-ranks that are
related to the dimension of S. Also, under this assumption on S, we obtain the main
results given by Propositions 2.19 and 2.20 and Theorem 2.21.

Result 1.2. The spaces Vj, 45 form a hierarchy of LP-subspaces, i.e.
S:=Voos CVo15s CVhasC...,

and Vi s = Uyen Vo,as s a linear space. If we further assume that S contains the constant
function one, Vi, s is dense in LP for 0 < p < oo.

For the approximation of multivariate functions (or tensors), we use the set @ 4, of
functions ¢ whose tensorization ¢ = T} 4(¢) admits a representation in TT format with
TT-ranks r = (r,)¢_,, i.e. given a basis {¢},}Hm5 of S,

rq dimS

1
(13) So(lla <o U, y) = Z e Z Z Ufl (Zl>v§17k2(z2> e Udd ' d(’ld)vdild+1¢kd+1 (y>7

kllzl kdil kd+1:1

where the parameters v := (vy,...,v4.1) form a tensor network (a collection of low-order
tensors). Then an approximation tool for univariate functions is defined as

Q= (Pp)nen, Prn={p€Ppasr:deN,re N¢, compl(yp) < n},

where compl(y) is some measure of complexity of a function ¢. We introduce three differ-
ent measures of complexity, compl,,, compl, and complg, that are respectively the sum
of ranks, the number of parameters (or number of entries of the tensors from the tensor
network) and the number of non-zero parameters (or number of non-zero entries of the
tensors from the tensor network). Consequently, this defines three types of approximation
tools ®V, ®€ and ®5. When interpreting a tensor network v as a sum-product neural
network, compl,, corresponds to the number of neurons, compl, to the number of weights
of a fully connected network, and complg the number of non-zero weights (or number of
connections of a sparsely connected network).

bt
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1.4.2. Approximation Rates. For each approximation tool &, € {CIDQ/ , P 08 } we con-
sider the corresponding best approximation error

Ea(f), = inf IIf =¢l,
for functions f in L”([0,1)). The main results for approximation rates are Theorems 5.2,
5.8 and 5.11 and can be summarized as follows.
Result 1.3. Let 1 < p < oo and k € N. For any f € WP we have
E (f)p < On7 || llypn
B (f)p < En(Hp < Cn7" [ flypn

with constants C' depending on k, m, b.

Result 1.4. Let 1 <p<o00,0<7<p, a>1/7—1/p, and assume f € B2 . Then, for
any o > 0,

EN(f)p < C|flps n" T
Er(f),<C ’f|BgT n"7e,
ES(f)p < C|flpe, n T

where the constants C' depend on o« > 0, o > 0, b and m. In particular, they diverge to
infinity as o — 0 ora — 1/7 — 1/p.

Result 1.5 (Spectral Approximation). For S = P, with a fited m € Ny, we show that
if f is analytic on an open domain containing [0, 1],

EN(f)o < Cp™”,
ES(f)oo < ES(f)oo < Cp™"°,

for constants C,p > 1. This can be extended to analytic functions with singularities using
ideas from [41].

1.4.3. Approzimation spaces. An approximation tool (®,) is associated with an approx-
imation class AJ(L?, (®,)) of functions f such that the best approximation error E,(f),
decays with an algebraic rate o for ¢ = oo or slightly faster for ¢ < oo (the sequence
(N Y9E,(f)y)ns1 is in £,), see Section 3.4 for a precise definition. The approximation
tools @V, ®¢ and ®S are associated with approximation classes N&(LP), CF(LP) and
S¢(LP), respectively. We first obtain the following properties and relationship given by
Theorems 3.17 and 3.19.

Result 1.6. For any a >0, 0 < p < o0 and 0 < g < oo, the classes N (LP), Cg(LP)
and S$(LP) are quasi-normed vector spaces and satisfy the continuous embeddings
« « « a/2
Co(LP) = S&(LP) = N&(LP) < Co/2(LP).
Direct Embeddings of Smoothness Spaces. The main results on embeddings of smoothness

spaces are Theorems 6.4 and 6.6 and can be summarized as follows.

Result 1.7 (Direct Embedding for Sobolev Spaces W*? and Besov spaces By,). Let
WP denote the Sobolev space of k € N times weakly differentiable, p-integrable functions
and By, the Besov space of smoothness o > 0, with primary parameter p and secondary
parameter q. Then, for S =P, (space of polynomials of degree m) with a fized m € Ny,
we show that for 1 < p < oo and any k € N
WhP s N2F(LP), WHP — C% (LP) — S (LP),
6



M. Ali, A. Nouy

and for 0 < g < oo and any a > 0
a 2 « a e
By, = N(LP), By, — CJ(LF) — Sg(LP).

Remark 1.8. Note that for p = q and non-integer o > 0, By, = WP is the fractional
Sobolev space. Moreover, these results can also be extended to the range 0 < p < 1, see
Remark 5.5.

Result 1.9 (Direct Embedding for Besov Spaces B ). Let By, denote the Besov space
of smoothness o > 0, with primary parameter p and secondary parameter q. Then, for
S = P, with a fited m € Ny, we show that for any 1 < p < oo, any 0 < 7 < p, any
v>1/T—1/p and any 0 <7 < 7,

B, = NIL(LP) = CYX(L?), B, = SL(L).
and for any 0 < ¢ < o0, any 0 < a < ¥
(Lp7 B;'Y,T)Oé/%q - N(;X(Lp) — C:;/Q(Lp)v (Lp> BZ,T)OZ/TY#Z — S:;(Lp)v
where (X,Y)gq, 0 < 0 <1, is the real K-interpolation space between X and Y — X.

Remark 1.10. Note that both Result 1.7 and Result 1.9 apply to Besov spaces. The Besov
spaces in Result 1.7 are of the type By, where p is the same for the error measure. Such
Besov spaces are captured by linear approximation and for p > 1 these are equal to or are
very close to Sobolev spaces.

On the other hand, the Besov spaces By for 1/7 = a+1/p are much larger and these
correspond to the critical embedding line. These Besov spaces can only be captured by
nonlinear approximation. Our results require « > 1/ — 1/p, i.e., Besov spaces that are

strictly above the critical line.

Inverse Embeddings. The main results on inverse embeddings are Theorems 7.1 and 7.2
and can be summarized as follows.

Result 1.11 (No Inverse Embedding). Let By, denote the Besov space of smoothness
a, with primary parameter p and secondary parameter q. We show that for any a > 0,
0<p,q<oo, and any & > 0,
Co(LP) ¢ B,
Result 1.12 (Inverse Embedding For Restricted Depth). Define forn € N, kg > 1 and
cg > 0 the restricted sets
OB = {p € Vi : comply(¢) <n  and d(p) < kglogy(n) + cp},

where d(p) is the minimal possible level (depth) for a tensorized representation of p. For
1 < p < oo, the depth restricted approzimation classes Ag(LP, (®B)) satisfy the continuous
embeddings

AL, (@) = (L7, B

n

AL (@))) < B

«
kg (mt1) D

In words:

e For the approximation tools ®¢ and ®S (of fixed polynomial degree m € Ny), we
obtain optimal approximation rates for Sobolev spaces WP of any order v > 0.
e For the approximation tool q)ﬁ/ , we obtain twice the optimal rate. Note, however,
that the corresponding complexity measure only reflects the number of neurons in
a corresponding neural network. It does not reflect the representation or compu-
tational complexity. Moreover, from [18] we know that an optimal approximation

7
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tool with continuous parametrization for the Sobolev space WP cannot exceed
the rate «, see also [61].

e For the approximation tools @ﬁ/ and ®5, we obtain near to optimal rates® for the

Besov space By, for any order a > 0. For @g, the approximation rate is near to
half the optimal rate.

e More explicitly, for a given approximation accuracy € > 0 in the LP-norm, a target
function f in the Sobolev space W*P can be approximated with a tensorized func-
tion ¢ with TT-ranks of the order e~/(?*) and overall number of TT-parameters
of the order e /% — hence, optimal in the sense of nonlinear widths.

If instead f € By, the TT-ranks of ¢ are of the order e=1/* and the overall
number of TT-parameters is of the order |log(e)|e~**. However, the number of
nonzero TT-parameters of ¢ is |log(e)]e ™1/,

e Particularly the tool ®¢ is interesting, as it corresponds to deep, sparsely con-
nected networks. The above results imply that deep, sparsely connected tensor
networks can optimally replicate both h-uniform and h-adaptive approximation
of any order.

e All approximation tools achieve exponential approximation rates for analytic tar-
get functions. Together with the previous result, this implies that deep, sparsely
connected tensor networks can optimally replicate hp-adaptive approximation,
while the underlying polynomial degree of the tensor network remains fixed.

e Finally, an arbitrary function from any of the three approximation classes pos-
sesses no Besov smoothness. This can be mainly attributed to the depth of the
tensor network and smoothness can be recovered if we restrict the latter to grow

not too fast with the complexity.

We restrict ourselves in this work to approximation of functions on intervals in one
dimension to focus on the presentation of the basic concepts and postpone the multi-
dimensional case to [3].

We base our approximation tool on the TT format. Although some of our results would
remain unchanged for other tree-based tensor formats, ranks are generally affected by the
choice of the format. This is known for multi-dimensional non-tensorized approximation
with tensor formats, see, e.g., [12, 11]. In the non-tensorized case, ranks remain low if the
format “fits” the problem at hand, e.g., if the format mimics the interaction structure
dictated by the differential operator, see [1]. In the context of tensorized 1D approxima-
tion, the tensor format would have to fit the self-similarity, periodicity or other algebraic
features of the target function, see, e.g., [29, 5].

We thus stress the following point concerning the approximation power of tree-based
tensor networks: on one hand, when comparing approximation classes of different tensor
networks to spaces of classical smoothness — the distinction between different tree-based
formats seems insignificant. On the other hand, when comparing approximation classes
of different tensor networks to each other — we expect these to be substantially different.

1.5. Outline. In Section 2, we discuss how one-dimensional functions can be identified
with tensors and analyze some basic properties of this identification. In Section 3, we in-
troduce the approximation tool, briefly review general results from approximation theory,
and analyze several approximation classes of rank-structured functions. In particular, we
show that these classes are quasi-Banach spaces. In Section 4, we discuss how classical
approximation tools can be encoded with a T'T format and estimate the resulting com-
plexity. Among the classical tools considered are fixed knot splines, free knot splines,

>The approximation rates are arbitrary close to optimal.
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polynomials (of higher order)®. In Section 5, we show approximation rates for our ap-

proximation tool that lead to direct embeddings in Section 6. We show in Section 7
that inverse embeddings can only hold if we restrict the depth (or resolution) of the TT
format. In Sections 8 and 9, we discuss the role of tensorization, seen as a particular
featuring step, and the role of depth and sparsity.

2. TENSORIZATION OF MEASURABLE FUNCTIONS

We begin by introducing how one-dimensional measurable functions can be identified
with tensors of arbitrary dimension. We then introduce finite-dimensional subspaces of
tensorized functions and show that these form a hierarchy of subspaces that are dense in
L?. This will be the basis for our approximation tool in Section 3.

2.1. The Tensorization Map. Consider one-dimensional functions on the unit interval,
f:]0,1) — R, that we tensorize as in Section 1.4. We deduce the following property.

Lemma 2.1. The conversion map tyq defines a linear bijection from the set I x [0,1)
to the interval [0,1), with inverse defined for x € [0,1) by

tb_é(x) = (|bz], [b*x] mod b, ..., |b%] mod b, bz — |biz]).
Definition 2.2 (Tensorization Map). We define the tensorization map
Thq: ROV 5 REXOD  foy fop = f
which associates to a function f € ROV the multivariate function f € RE*0D such that

.f(ib s 7iday) = f(tb,d(ih s 7iday))'

From Lemma 2.1, we directly deduce the following property of 73 4, which allows to
identify the spaces RI®Y and RIS *0.1),

Proposition 2.3. The tensorization map Ty q is a linear bijection from RV to RI*0:1)
with inverse given for f € RIE*01) py Tbjdlf =fo tb_j.
The space R%*01) can be identified with the algebraic tensor space

Via:=RE QRO =Rl @ ... @ RP @ROY = (RI)®4 @ ROV,

~
d times

which is the set of functions f defined on I x [0, 1) that admit a representation

r

(2.1) £y, .. igy) Zvl i) . vf(ia)g"(y) ==Y (vf @ ... @} @ g")(ir,... ia,y)

k=1

for some 7 € N and for some functions v* € R and ¢* ¢ ROV, 1 <k <r 1 <v <d.
Letting {0, : j, € Iy} be the canonical basis of R’ defined by (5 (i ) = 0;, j,, a function

fe R% <0 admits the particular representation

(2:2) F=) 0 0, ®. . @6, f(i, da).

Jrely Ja€lp

The following result provides an interpretation of the above representation.

3See [3] for the encoding of wavelets.
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Lemma 2.4. Let f € ROY and f = Tyuf € Via. For (ji,...,ja) € I and j =
Zk:l bk we have

(2.3) Ty a(flp-ajp-agipry) =65 @ ... @05, @ Firs -, Jas "),
and
(24) .f(jla?]da) :f(bid<.7+))7

where f(b=%(j+-)) is the restriction of f to the interval [b=%5,b=¢(j+1)) rescaled to [0,1).
Proof. For @ =ty 4(i1, ..., 4, Y),
@)U p-agirry ()

05, (i1) - - - 05, (ia) f (toaiv, - - - i, y))
5]1( ) 5]d(zd)f(tb,d(jl> s ajd? y))
531( ) 5'd(zd)f(j17"'7jd7y>‘

The property (2.4) simply results from the definition of f. O

From Lemma 2.4, we deduce that the representation (2.2) corresponds to the decom-
position of f = bedl( f) as a superposition of functions with disjoint supports,

bt—1

(2.5) Zf] . iz ]l[b—dj,b—d(jJrl))(x)f(x)a

where f; is the function supported on the interval [b=%j,67%(j + 1)) and equal to f on
this interval. Also, Lemma 2.4 yields the following result.

Corollary 2.5. A function f € RO defined by
vy = o3 Jor z e 074 + 1)
0

elsewhere

with g € ROY and 0 < j < b admits a tensorization Tyaf = 6;, ®...®J;, ® g, which is
an elementary tensor.

We now provide a useful result on compositions of tensorization maps for changing the
representation level of a function.

Lemma 2.6. Let d,d € N such that d > d. For any (iy,...,iz,y) € [gi x [0,1), we have

t&&(il, . ,iJ7 y) = thd(/L.h . ,id, tb,(i—d(id-i-l? e ,7:0?, y)),
and the operator T, ; o bedl from V4 to 'V, ; is such that
deOde :Zd{l

where idgy . g s the identity operator on R and Ty —q s the tensorization map from
RO to Vii—a- Also, the operator Ty g o T_—1 Jrom V,, g to Vi 4 is such that
Tb d© T Zd{1

-----

Proof. See Appendix B. O

For d = 0, we adopt the conventions that ¢, is the identity on [0, 1), T} o is the identity
operator on RV and V,, = RO,
10
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2.2. Measurable functions. We now look at 7}, as a linear map between spaces of
measurable functions, by equipping the interval [0, 1) with the Lebesgue measure.

Proposition 2.7. The Lebesque measure A on [0,1) is the push-forward measure through
the map tyq of the product measure pyq = ,u,‘?d ® A, where py is the uniform probability
measure on I,. Then the tensorization map Ty q defines a linear isomorphism from the
space M([0,1)) of measurable functions on [0, 1) to the space M (I3 x [0,1)) of measurable
functions on I x [0,1), where [0,1) is equipped with the Lebesgue measure and I x [0, 1)
is equipped with the product measure [ q.

Furthermore, the algebra M(I¢ x [0,1)) is identified with the tensor product of algebras
M(1,)?4 @ M([0,1)), which is itself identified with (R®)®? @ M([0,1)).

Proof. See Appendix B. O

In the sequel, when considering measurable functions, the notation V; 4 will stand for
the tensor space (R?)®? @ M([0,1)), with the convention Vi, 5 = M([0,1)).

2.3. Ranks and Minimal Subspaces. The minimal integer r such that f € V,4
admits a representation of the form (2.1) is the canonical tensor rank of f denoted r(f).
We deduce from the representation (2.2) that

r(f) < b

Other notions of ranks can be defined from the classical notion of rank by identifying
a tensor with a tensor of order two (through unfolding). Letting V;, := R% for 1 < v < d,
and Vyiq := RO (or M([0,1)) in the case of measurable functions), we have

d+1

Via=QV..
v=1

Then for any 5 C {1,...,d+1} and its complementary set ¢ = {1,...,d+1}\, a tensor
J € Vi can be identified with an order-two tensor in V3 ® Vg, where V., = @, Vo,
called the S-unfolding of f. This allows us to define the notion of S-rank.

Definition 2.8 (f-rank). For 8 C {1,...,d+1}, the B-rank of f € V4, denoted rs(f),
1s the minimal integer such that f admits a representation of the form

r(f)
(2.6) f= Z 'UZ ® vgc,
k=1

where v} € Vg and vf. € Ve,

Since V4 is an algebraic tensor space, the f-rank is finite and we have r5(f) < r(f)
(though the S-rank can be much smaller). Moreover, we have the following straightfor-
ward property

rs(f) = rse(f),
and the bound

(2.7) rg(f) < min{HdimVl,, 11 dimV,,},

veS vepe

which can be useful for small b and either very small or very large #/.

Representation (2.6) is not unique but the space spanned by the 'vfj is unique and

corresponds to the S-minimal subspace of f.
11
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Definition 2.9 (f-minimal subspace). For § C {1,...,d + 1}, the B-minimal subspace
of f, denoted Ugﬁn(f), is the smallest subspace Ug C Vg such that f € Ug ® Ve, and
its dimension is

dim (U™ () = rs(f)-

We have the following useful characterization of minimal subspaces from partial eval-
uations of a tensor.

Lemma 2.10. For 5 C {1,...,d} and f € Vy 4,
UBE™(f) = span{f(js, ) : s € I}"} C Via ys,
where f(jz,-) € Vge = Vya_up is a partial evaluation of f along dimensions v € (3.
Proof. See Appendix B. O
Next we define a notion of (3, d)-rank for univariate functions.

Definition 2.11 ((5,d)-rank). For a (measurable) function f :[0,1) - R, d € N and
g CA{l,...,d+ 1}, we define the (B,d)-rank of f, denoted r54(f), as the B-rank of its

tensorization i Vy q,
Tﬁ,d(f) = Tﬂ(Tb,df>‘

In the rest of this work, we will essentially consider subsets 3 of the form {1,... v}
or{vr+1,...,d+ 1} for some v € {1,...,d}. For the corresponding S-ranks, we will use
the shorthand notations

rl/(f) =T, zz}(f)a Tu,d(f) =T{,., V},d(f)'

Note that r,(f) should not be confused with 7, (f). The ranks (7,(f))1<,<a of a tensor
f € V,4 have to satisfy some relations, as seen in the next lemma.

Lemma 2.12 (Ranks Admissibility Conditions). Let f € V,4. For any set  C
{1,...,d+ 1} and any partition f = v U «, we have

ra(F) < (Dralf)
and in particular
(2.8) Fen(F) Sbr(f) and ro(f) Sbr(f), 1<v<d—1,
Proof. See Appendix B. O

A function f admits infinitely many tensorizations of different levels. The following
result provides a relation between minimal subspaces.

Lemma 2.13. Consider a (measurable) function f : [0,1) — R and its tensorization
fi= Tyaf at level d. For any 1 <v <d,

Tbjdl—y(UEl/ij:l d+1}(fd)) =span{f“(j1,. .. jvs) 0 Ursooou) €L} = UﬁTl}(f”),

.....

where f” =T, f is the tensorization of f at level v.
Proof. See Appendix B. O

For j = >0 _, jkb” ™", since f"(j1,...,jv,-) = f(b7"(j + ")) is the restriction of f to the
interval [b7"j,b7"(j 4+ 1)) rescaled to [0,1), Lemma 2.13 provides a simple interpretation
of minimal subspace Ugiljrll}( f") as the linear span of contiguous pieces of f rescaled to

[0,1), see the illustration in Figure 2.
12
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T T T T
0.25 0.5 0.75 1

(A) Function f:[0,1) - R

-0.54

T T T T
0.25 0.5 0.75 1

(B) Partial evaluations f(j1, j2,-) for (j1,72) € {0,1}2.

FIGURE 2. A function f :[0,1) — R and partial evaluations of f” € V4
forb=d=2.

Corollary 2.14. Consider a (measurable) function f :[0,1) — R and d € N. For any
1 <v <d,
Tu,d(f) - Tu,v(f)
and
ruw(f) = dimspan{f(b~"(j +-)) : 0 < j <V’ —1}.
Proof. We have

T’V,d(f) =Ta,., y}(fd) =T{v+1,.., d+1}(fd) = dim U{I?/Tl d+1}(fd)

.....

and

() =10,y (F7) = 1o (F7) = dim UREL (F).
Lemma 2.13 then implies that 7, 4(f) = 7,.,(f) and provides the characterization from
the linear span of f(j1,...,7,,-) = f(b77(j+)), with j = >, _, jxb”~*, which is linearly
identified with the restriction fi-v;y-v(j+1)) shifted and rescaled to [0, 1). O

2.4. Lebesgue Spaces. For 0 < p < oo, we consider the Lebesgue space LP([0,1)) of
functions defined on [0, 1) equipped with its standard (quasi-)norm. Then we consider
the algebraic tensor space

Viarr == R @ LP([0,1)) C Vya,

which is the space of multivariate functions f on I¢ x [0,1) with partial evaluations
U1, -, Ja,-) € LP(]0,1)). From hereon we frequently abbreviate LP := LP([0,1)).

Theorem 2.15 (Tensorization is an LP-Isometry). For any 0 < p < oo, T} 4 is a linear
isometry from LP([0,1)) to Vi ar» equipped with the (quasi-)norm || - ||, defined by

IFI =" D 0N G

J1€ly Ja€lp

13
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for p < oo, or

£l oo = ax. comax || £ (71,5 Jas ) lloo-
Ja€lp

Proof. The result follows from Proposition 2.7 and by noting that for f =Ty 4f = fotyg,
15l = [ W@PiN@ = [ 1FGe g )Pt ) = £
[0,1) I¢x[0,1)

for p < oo, and || fllec = esssup, [f(x)] = esssupy, _j, 0 [FUL - dav) = 1 fle. O

We denote by ¢°(I,) the space R’ equipped with the (quasi-)norm || - || defined for
v = (Vg)ker, by

b—
lell7 := ,;'”’“'p (P <00), [ollpe = max fog]

The space V3, 4» can then be identified with the algebraic tensor space
(€7(1,))*" @ LP([0,1)).
and || - ||, is a crossnorm, i.e., satisfying for an elementary tensor v! ®...® v € Vi 414,
'@ @ vl = v e - [l e [0 -

and even a reasonable crossnorm for 1 < p < oo (see Lemma B.1 in the appendix). We
let {€} }rer, denote the normalized canonical basis of ¢7(I}), defined by

(2.9) e? =75 for 0 <p < oo, and e =6, for p=oo.
The tensorization f = T} 4f of a function f € LP([0,1)) admits a representation
(2.10) f=Y .. > o . edaf ..

ne€ly  ja€ly

with =b"Pf(5,...,ja,-) for p < oo and o =T, Ja,+). The crossnorm

s
property implies that

lef, ®...®e ®
so that Theorem 2.15 implies

1/p
= (X Whsl)” ool W= max Il

= J1seda)€
(J1-nja) EILL o

ealle = 75 llp-

2.5. Tensor Subspaces and Corresponding Function Spaces. For a linear space of
functions S C ROY we define the tensor subspace

Vias = (R")®®S C Vi,
and the corresponding linear subspace of functions in RV,

Voas = bedl (Via,s).
In the majority of this work we will be using finite-dimensional subspaces S for approxi-

mation. In particular, we will frequently use S = IP,,, where P,, is the space of polynomials
of degree up to m € Nj. In this case we use the shorthand notation

Vodm = Voap

The tensorization f = T, 4(f) of a function f € V,4¢ admits a representation (2.2)
with functions f(j1,...,Ja,°) == fiji,.j, in S. For & = t,4(j1,...,Ja,y) in the interval

[, 2511), with 5 = 320 5xb4% we have f(z) = £, .(W) = Fir..ju(0% — 7). Therefore,
14
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the functions f € Vjqg have restrictions on intervals [z;,z;;1) that are obtained by
shifting and scaling functions in S. In particular, the space V4, corresponds to the
space of piecewise polynomials of degree m over the uniform partition of [0,1) with b¢
intervals.

For considering functions with variable levels d € N, we introduce the set

Vs i= U Voas-
deN

It is straight-forward to see that, in general,
Vias € Vias

for d < d. E.g., take S =P, and let f € Vi.a,m be a piece-wise polynomial but discontin-
uous function. Then, clearly f does not have to be a polynomial over the intervals

kb (k+ 1079, 0<k<bi—1,
for d < d. The same holds for the other inclusion, as the following example demonstrates.

Example 2.16. Consider the one-dimensional subspace S := span {cos(27-)}. A function
0+# f € Vyas is thus a piece-wise cosine. Take for simplicity b= 2, d =0 (i.e., Voo =
S) and d = 1. Then, f € Va5 due to span{cos(2m-)} 2 span {cos(r), cos(m + 7)},
since cosines of different frequencies are linearly independent. The same reasoning can
be applied to any b > 2 and d, d € N with d < d.

This motivates the following definition that is reminiscent of MRAs.

Definition 2.17 (Closed under b-adic dilation). We say that a linear space S is closed
under b-adic dilation if for any f € S and any k € {0,...,b— 1},

fOH-+k) €S
Lemma 2.18. If S is closed under b-adic dilation, then for all f € S,
F+ k) € S
foralld € N and k € {0,...,b% — 1}.
Proof. See Appendix B. O

Important examples of spaces S that satisfy the above property include spaces of
polynomials and MRAs. The closedness of S under b-adic dilation implies a hierarchy
between spaces V}, 4 ¢ with different levels, and provides V4 ¢ with a linear space structure.

Proposition 2.19. If S is closed under b-adic dilation, then
S::‘/AojsCVb,lﬂgC C%,dﬁc
Proof. See Appendix B. O

Proposition 2.20 (V} s is a linear space). If S is closed under b-adic dilation, then Vg
s a linear space.

Proof. See Appendix B. O

If S C L*([0,1)), then V} g is clearly a subspace of LP([0,1)). However, it is not difficult
to see that, in general, V} ¢ is not a closed subspace of LP([0,1)). On the other hand, we
have the following density result.

Theorem 2.21 (V, s dense in LP). Let 0 < p < oco. If S C LP([0,1)) and S contains the
constant function one, then Vi s = U ey Voa,s 45 dense in LP([0,1)).
15
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Proof. See Appendix B. O
Now we provide bounds for ranks of functions in V; g, directly deduced from (2.7).
Lemma 2.22. For f € V45 and any B C {1,...,d},
rg.a(f) < min{b*? b*# dim S}.
In particular, for all 1 <v <d,
rya(f) < min{b”, b dim S}

In the case where S is closed under b-adic dilation, we can obtain sharper bounds for
ranks.

Lemma 2.23. Let S be closed under b-adic dilation.
(i) If f € S, then for any d € N, f € V, 45 and we have

rya(f) <min{d”,dim S}, 1<v<d.
(it) If f € Vyus, then for any d > d, f € V, g5 and we have
r,.a(f) = rva(f) < min {b”,bd_” dimS}, 1<v<d,
(2.11) r,a(f) <min{b”, dim S}, d<v<d.
Proof. See Appendix B. O

Remark 2.24. Lemma 2.25(ii) shows that the ranks are independent of the representation
level of a function ¢, so that we will frequently suppress this dependence and simply note
rva(p) = 1,(p) for any d such that ¢ € Vi 4 5.

We end this section by introducing projection operators based on local projection. Let
Zs be a linear projection operator from LP([0,1)) to a finite-dimensional space S. Then,
let Z 4.5 be a linear operator defined for f € LP([0,1)) by

(2.12) (Toas F) G +)) = Ts(FGG +4)), 0<j < b

Lemma 2.25 (Local projection). The operator Iy, 4 5 is a linear operator from LP(]0, 1))
to Vpas and satisfies

(2.13) Tyq0Loaso Ty, =idg,.,
Proof. See Appendix B. O
We now provide a result on the ranks of projections.

Lemma 2.26 (Local projection ranks). For any f € LP, T, 45f € Vioas satisfies
Td(Toasf) <malf), 1<v<d

Proof. Lemma 2.25 implies that T}, 4074 4.5 oTde1 is a rank one operator. Since a rank-one
operator can not increase -ranks, we have for all 1 <v <d

Tvd(Toa,s(f)) = ro(Tog 0 Loas o Ty g f) = ro((idg,..ay @ Ls) f) < 1 (F) = rualf).
O

3. TREE TENSOR NETWORKS AND THEIR APPROXIMATION SPACES

In this section, we begin by describing particular tensor formats, namely tree tensor
networks that will constitute our approximation tool. We then briefly review classical
approximation spaces (see [19]). We conclude by introducing different measures of com-

plexity of tree tensor networks and analyze the resulting approximation classes.
16
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3.1. Tree Tensor Networks and The Tensor Train Format. Let S be a finite-
dimensional subspace of RI%") and A a dimension partition tree (or a subtree of such a
tree). A hierarchical or tree-based tensor format [35, 24] in the tensor space Vi 45 =
(R)®4 @ S is defined as a set of tensors with S-ranks bounded by some integers 73, for
a certain collection A of subsets § C {1,...,d+ 1},

T A (Vias) = {Ff € Vias :15(F) <rp,8 € A}.

A tensor f € T (Vb 4,9) in a tree-based tensor format admits a parametrization in terms
of a collection of low-order tensors vg, 8 € A. Hence, the interpretation as a tree tensor
network (see [47, Section 4]).

For the most part we will work with the tensor train format with the exception of a few
remarks. This format considers the collection of subsets A = {{1},{1,2},...,{1,...,d}}.

Definition 3.1 (Tensor Train Format). The set* of tensors in Vi, 4 in tensor train (TT)
format with ranks at most v := (r,)_, is defined as

TTr(Voas) ={F € Vioas: r(f)<r, 1<vd},

where we have used the shorthand notation r,(f) := rp, .y (F). This defines a set of
univariate functions

Poa50 =Ty g (TTr (Voas)) ={f € Voas:r(f) <r,, 1 <wv<d}

where ,(f) = r,4a(f), that we further call the tensor train format for univariate func-
tions.

Letting {¢x 4™ be a basis of S, a tensor f € TT, (Vyas) admits a representation

rq dimS

(3.1)  Fli,.esiay) Z O o) b (i) vt ol e (),

k=1  kg=1 k=1

with parameters v; € R v, € RO>*™-1X7v 2 < < d, and vgy € R4S forming a
tree tensor network

vV = (Ula . 7Ud+1> c Pb,d,S,r = berl % benxm X X berd,lxrd % erxdlms_

The format 77T, (Vyas) then corresponds to the image of the space of tree tensor net-
works Py 4.5 through the map

Ryasr: Poasr = TTr(Vias) C Vias

such that for v = (v1,...,0441) € Ppasr, the tensor f = Ry 45,-(v) is defined by (3.1).
The set of functions @} 45, in the tensor train format can be parametrized as follows:

q)b,d,S,r = {<P = Rb,d,s,r(V) 1V E Pb,d,S,r}; Rb,d,S,r (V) = bedl © Rb,d,S,r-

With an abuse of terminology, we call tensor networks both the set of tensors v and
the corresponding function ¢ = Rpas.(v). The representation complexity of f =

Ryasr(v) € TTy (Vhas) is
d
(3.2) C(b,d,S,r) = dim(Ppas,) = bri + bz ry_17, + rqdim S.
v=2

Tt is in fact a manifold, see [38, 23, 26, 25]. This definition is a continuous version of the QTT format.

17



Tensorized Univariate Functions

Remark 3.2 (Re-Ordering Variables in the TT Format). We chose in Definition 2.2 to
order the input variables of the tensorized function f such that y € [0,1) is in the last

position. This specific choice allows the interpretation of partial evaluations of {1, ... v}-
unfoldings as contiguous pieces of f = Tbjdl(f) (see Lemma 2.13 and the discussion there-
after). Alternatively, we could have chosen the ordering (y,iy,...,ia) — F(y,i1,...,4),

and defined the TT-format and TT-ranks correspondingly. Essentially this is the same as
considering a different tensor format, see discussion above. Many of the results of Sec-
tions 4 and 5 remain the same. In particular, the order of magnitude of the rank bounds
and therefore the resulting direct and inverse estimates would not change. However, this
re-ordering may lead to slightly smaller rank bounds as in Remark 3.9 or slightly larger
rank bounds as in Remark 4.7.

3.2. General Approximation Spaces. Let X be a quasi-normed linear space, ®,, C X
subsets of X for n € Ny and ® := (®,,)nen,. Define the best approximation error

Sﬁe@n
With this we define approximation classes as

Definition 3.3 (Approximation Classes). For any f € X and a > 0, define the quantity

Ul e { Rl Ba ()7, 0<g <o,
Ag up,, 1 [ Eni ()], g = 0.

The approximation classes Ay of ® = (Py,)nen, are defined by
AY = AY(X) = A%(X, B) = {f € X+ |Ifllyg < oo} .

These approximation classes have many useful properties if we further assume that
(®,,) satisfy the following criteria for any n € Nj.
P1) 0 € @, &, = {0}.
P2) &, C ®,44.
P3) a®, = &, for any a € R\ {0}.
P4) &, + ®,, C P, for some ¢ := ¢(P).
P5) U,en, ®n is dense in X.
(P6) ®,, is proximinal in X, i.e. each f € X has a best approximation in ®,,.

Additionally, properties (P1) — (P6) will be frequently combined with the so-called direct
or Jackson inequality

(3.3) E.(f) <Cn”®fly, VfeY,

for a semi-normed vector space Y and some parameter k; > 0, and the inverse or Bern-
stein inequality

(3.4) lly < Cn*lglly, Vo € Dy,

for some parameter kg > 0.
The implications of (P1) — (P4) about the properties of Ay are as follows

o (P1)+(P3)+(P4) = A7 is a linear space with a quasi-norm.
o (P1)+(P3)+(P4) = Ay satisfies the direct or Jackson inequality

Fulf) < Cno |l VF € AL
o (P1)+(P2)+(P3)+(P4) = A7 satisfies the inverse or Bernstein inequality

Il < On® llely. Vo @,
18
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(P1) — (P4) together with a Jackson estimate as in (3.3) are required to prove so-called
direct embeddings. (P1) — (P6) together with a Bernstein estimate (3.4) are required for
wmverse embeddings. We will see in Section 7 that, in general, approximation spaces of
tensor networks are not embedded in smoothness (Besov) spaces. (P5) is typically true
for any type of reasonable approximation tool®>. We have the continuous embeddings

a 8 . . _
Ay — Az, ifa>p orifa=pgand ¢<q.

We will see that, while most properties are easy to satisfy, property (P4) will be the
most critical one. In essence (P4) is a restriction on the nonlinearity of the sets ®,,, with
c(®) = 1 being satisfied by linear subspaces.

3.2.1. Necessity of (P4). We could consider replacing n with n? in (P4), i.e.,
(3.5) B, + B, C Dy

This implies that Ay as defined in Definition 3.3 is no longer a vector space. The state-
ments about Jackson and Bernstein inequalities as well as the relation to interpolation
and smoothness spaces are no longer valid.

One could try to recover the linearity of A7 by modifying Definition 3.3. In Definition
3.3 we measure algebraic decay of E, (f). Algebraic decay is compatible with (P4) that
in turn ensures AY is a vector space. We could reverse this by asking: what type of decay
behavior is “compatible” with (3.5) in the sense that the corresponding approximation
class would be a linear space? We can introduce a growth function v : N — R* with
lim,, v(n) = oo and define an approximation class AY, of ® = (®,),en, as

Al = {f € X:supy(n)E,—1(f) < oo}
n>1

With some elementary computations one can deduce that if the growth function is of the

form

v(n) :=1+In(n),

then (3.5) implies A2 is closed under addition. However, functions in AY, have too slowly
decaying errors for any practical purposes such that we do not intend to analyze this space
further.

We could instead ask what form of (P4) would be compatible with a growth function
such as

~v(n) := exp(an®),

for some a > 0 and o > 0, i.e., classes of functions with exponentially decaying errors.
In this case we would have to require ¢ = 1 in (P4), i.e.,

o, + ¢, C 9,

in other words, ®,, is a linear space.
These considerations suggest that preserving (P4) in its original form is necessary to
exploit the full potential of classical approximation theory while preserving some flexibil-

ity in defining ®,,. Thus, we only consider definitions of approximation tools that satisfy
(P4).

SThink of universality theorems for neural networks which hold for tensor networks as well as we will
see shortly.
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3.3. Measures of Complexity. We consider as an approximation tool ® the collection
of tensor networks ® 4 ¢, associated with different levels and ranks,

Q= ((I)b,d,S,r)deN,reNd»
and define the sets of functions ®,, as

(3.6) D, :={p € Bpqs,:deN,r €N compl(p) <n},

where compl(y) is some measure of complexity of a function ¢. The approximation classes
of tensor networks depend on the chosen measure of complexity. We propose different
measures of complexity and discuss the critical property (P4). We will then only retain
definitions of compl(-) such that the corresponding approximation tool satisfies (P4).

A function ¢ € ® may admit representations at different levels. We set

d(p) = min{d : ¢ € Vyas}

to be the minimal representation level of ¢, and r(yp) = (rl,(go))g(fl) be the corresponding
ranks. Measures of complexity may also be based on a measure of complexity compl(v)
of tensor networks v such that ¢ = Ry 45,(v). In this case, we would define

(3.7 &, := {cp =Rpasr(V) € Ppasr:VE Prisr,deN,re N¢, compl(v) < n} )
which is equivalent to the definition (3.6) if we let

(3.8) compl(y) := min{compl(v) : Ryp45,(v) = p,d € N,r € N},

where the minimum is taken over all possible representations of ¢.

3.3.1. Complexity Measure: Mazimum Rank. In many high-dimensional approximation

problems it is common to consider the maximum rank as an indicator of complexity (see,
e.g., [6]). By this analogy we consider for ¢ € @,

(3.9)
compl() 1= bdr? . () + Tmax (@) diM S, rax(9) = max {r,(¢): 1 <v <d(p)}.

This complexity measure does not satisfy (P4).

Proposition 3.4 ((P4) not satisfied by the complexity measure based on ryay). Let S be
closed under b-adic dilation and assume dim S < oco. Then, with ®,, as defined in (3.6)
with the measure of complexity (3.9),

(i) there exists no constant ¢ € R such that ®, + ®,, C D,.
(ii) There exists a constant ¢ > 1 such that ®, + ®,, C D2.

Proof. See Appendix C. O

3.3.2. Complexity Measure: Sum of Ranks. For a neural network, a natural measure of
complexity is the number of neurons. By analogy, we can define a complexity measure
equal to the sum of ranks

d(sp)
(3.10) comply (p) 1= Zry(gp),
v=1
and the corresponding set
(3.11) N ={p € Pyy5,:deN,r N, comply(p) <n}.

This complexity measure can be equivalently defined by (3.8) with compl,/(v) = 25:1 T,
for v.e Pyagpr-
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Lemma 3.5 (& satisfies (P4)). Let S be closed under b-adic dilation and dim S < occ.
Then, the set ® as defined in (3.11) satisfies (P4) with ¢ = 2 + dim S.

Proof. See Appendix C. U

3.3.3. Complexity Measure: Representation Complexity. A straight-forward choice for the
complexity measure is the number of parameters required for representing ¢ as in (3.2),
ie.,

d(e)
(3.12)  comple(p) :=C(b, d(), S, 7()) = bri() + b ri1(p)ri(p) + ralp) dim S,

and the corresponding set is defined as
(3.13) (IDfl = {go €bpigsr:deN,re Nd,complc(cp) < n} )

Remark 3.6. This complexity measure can be equivalently defined by (3.8) with compl,(v) =
C(b,d,S,r) for v € Pyasr. This means that compl.(¢) = compl.(v) for a tensor net-
work v corresponding to a minimal representation of p, i.e. the sizes of tensors in the
tensor network are equal to the ranks of the represented function .

Remark 3.7. When interpreting tensor networks as neural networks, the complexity
measure comple is equivalent to the number of weights for a fully connected neural network
with r, neurons in layer v.

We can show the set ®C satisfies (P4) with the help of Lemmas 2.12 and 2.23.

Lemma 3.8 (®¢ satisfies (P4)). Let S be closed under b-adic dilation and dim S < oco.
Then, the set ®€ as defined in (3.13) satisfies (P4) with ¢ = c¢(b,dim S) > 1.

Proof. See Appendix C. U

Remark 3.9 (Re-Ordering Input Variables). In the proof of Lemma 3.8, we have used
the property (2.11) from Lemma 2.12. As mentioned in Remark 3.2, we could consider
a different ordering of the input variables (y,i1,...,1q) — f(y,i1,...,1q4), and the corre-
sponding TT-format. This would change (2.11) to

ra(f) =1 d+1<v<d
We still require S to be closed under b-adic dilation to ensure f € Vj 5.

Remark 3.10 (/*-norm of Ranks). One could, in principle, also consider defining the
complexity measure as a {>-norm of the tuple of ranks

U
©

(¥)
compl(p) :==b Y 7(¢)? + ra(p) dim S.
1

i

This definition satisfies (P4) as well with analogous results as for the complexity measure
compl. for direct and inverse embeddings. The (*-norm of ranks is less sensitive to
rank-anisotropy than the representation complexity compl.(p). Note that both complezity
measures reflect the cost of representing a function with tensor networks, not the cost of
performing arithmetic operations, where frequently an additional power of r is required
(e.g., ~ 13 or higher).
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3.3.4. Complexity Measure: Sparse Representation Complezity. Finally, for a function
© = Rpasr(V) € Pyasr, we consider a complexity measure that takes into account the
sparsity of the tensors v = (v1,...,0441),

d+1

(3.14) complg(v) ==Y [ty ]ls,.
v=1

where ||v,|¢, is the number of non-zero entries in the tensor v,. By analogy with neural
networks, this corresponds to the number of non-zero weights for sparsely connected
neural networks. We define the corresponding set as

(3.15) % = {p € ®yy5r:d €N, €N complg(p) <n},

with complg(p) defined by (3.8). We can show the set ®° satisfies (P4). For that, we
need the following two lemmas.

Lemma 3.11. Assume S is closed under b-adic dilation and dimS < oco. Let ¢ =
Rodsr(V) € Pogsr with v = (r,)i_,. For d > d, there exists a representation ¢ =
Ryis#V) € ®pgsr with ¥ = (fy)lcf:l such that 7, = r, for 1 < v < d and 7, <
max{dim 5,b} dim S for d < v < d, and

complg (V) < bcomplg(v) + (d — d)b*(dim S)>?.
Proof. See Appendix C. 0
Lemma 3.12 (Sum of Sparse Representations). Let o4 = Ry g5,4(Va) € Ppggp4 and

v = Rpas+2(VB) € Ppasrs. Then, pa + o admits a representation g + op =
Ridsr(V) € Ppasy withr, =12 +1r8 for 1 <v <d, and

complg(pa + ¢p) < complg(v) < complg(v4) + complg(vp).
Proof. See Appendix C. U

Lemma 3.13 (@ satisfies (P4)). Let S be closed under b-adic dilation and dim S < oo.
Then, the set ®° as defined in (3.15) satisfies (P4) with ¢ = b+ 1 + b*(dim S)3.

Proof. Let g4, pp € S with o4 = Ry g, 5,4(va) € Ppa, 504 and pp = Ry g, 5.2(VE) €
Dy 4, 508 and wlo.g. dy < dp. From Lemmas 3.11 and 3.12, we know that p4 + ¢p
admits a representation ¢4 + ¢p = Rids.5-(V) at level dp with

complg(v) < becomplg(va) + complg(vp) + (dp — da)b?*(dim S)?
< (b+1+b*(dim S)*)n,
which ends the proof. U
3.4. Approximation Spaces of Tensor Trains. We denote by ®V &€ and ®5 the
approximation set ®,, asscociated with the measures of complexity compl,;, compl, and

complg respectively. Then, for a quasi-normed linear space X, we define three different
families of approximation classes

(3.16) N (X) = A (X, (@) )nen),
(3.17) Cg (X) == AJ(X, (@})nen),
(3.18) Sq(X) = AF(X, (27 nen),

with a > 0 and 0 < ¢ < co. Below, we will show that these approximation classes are in

fact approximation spaces and we will then compare these spaces.
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3.4.1. Approzimation Classes are Approzimation Spaces. We proceed with checking if
®N ®¢ and S satisfy properties (P1)-(P6). In particular, satisfying (P1)-(P4) will
imply that the corresponding approximation classes are quasi-normed Banach spaces.
The only property — other than (P4) — that is not obvious, is (P6). This is addressed in
the following Lemma for ®\ and ®¢.

Lemma 3.14 (®V and @€ satisfy (P6)). If1 < p < 0o and S is a closed subspace of LP,
then CIDQ/ and ®C are proziminal in LP for anyn € N. Moreover, if S is finite-dimensional,
the above is true for all 0 < p < 0.

Proof. See Appendix C. O

As the following example shows, we cannot in general guarantee (P6) for ®5.

Example 3.15. Suppose b > 3 and dim S > 3. Take two linearly independent vectors
v,w R and f,g € S. For any N € N, set

1
and

PW=UrRU1R09J+I1RUWR f+wRvR f.

Then, we have the following (see [34, Proposition 9.10 and Remark 12.4] ).

(i) For the canonical tensor rank, we have r(¢n) = 2 for any N € N and r(p) = 3.
(i1) As we will see in Lemma 3.22, on € PFy .o qims for any N € N and ¢ € ®5, 540 6.
Moreover, this complezity is minimal for both functions.
(iii) For N — oo, pn — @ in any norm®.

In other words, EésbJerimS(gp) =0, even though ¢ & <I>§,,+2 dim S -

Remark 3.16. (P6) is required for showing that the approximation spaces Ay are con-

tinuously embedded into interpolation spaces, see [19, Chapter 7, Theorem 9.3]. As a side
note, (P6) does not hold for ReLU or RePU networks as was discussed in [32].

We now derive the main result of this section.

Theorem 3.17 (Properties of V', &€ and ®%). Let 0 < p < oo, S C L? be a closed
subspace that is also closed under b-adic dilation and dim .S < oo. Then,
(i) @ and ®€ and O satisfy (P1) — (P4).
(i) ®N, ®€ additionally satisfy (P6).
(i) If 0 < p < oo and if S contains the constant function one, CIDQ[, ¢ and ®°
additionally satisfy (P5).

Proof. (P1) — (P3) are obvious and (P4) follows from Lemmas 3.5, 3.8 and 3.13, that
yields (i). (iii) follows from the fact that

U@ = U Poasr = [ Voas = Vis,
neN deN reNd deN

and from Theorem 2.21. Finally, (ii) follows from Lemma 3.14. O

Theorem 3.17(i) implies that the approximation classes N&'(L?), C¢(LP) and Sg(LP)
are quasi-normed vector spaces that satisfy the Jackson and Bernstein inequalities.

5Both ¢n and ¢ belong to a finite-dimensional vector space.
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3.4.2. Comparing Approzimation Spaces. For comparing approximation spaces N(LP),
Co(LP) and S¢(LP), we first provide some relations between the sets ®, ®¢ and 5.

Proposition 3.18. For anyn € N,
¢ C ®F C DN C DY i sipme-
Proof. See Appendix C. O
From Proposition 3.18 and the definition of approximation spaces, we obtain’

Theorem 3.19. For any a >0, 0 < p < oo and 0 < g < oo, the classes NJ'(L?), C¢(LP)
and Sg(LP) satisfy the continuous embeddings
[t leY (e’ a2
CO(LP) = SS(LP) = N&(LP) < Co2(LP).

3.5. About The Canonical Tensor Format. We conclude by comparing tensor net-
works with the canonical tensor format

Tr(Voas) ={Ff € Voas:r(f) <r},

which is the set of tensors that admit a representation

dim S

f(ilv oo 7id7 Z wl 21 Zd)gd+1(y)’ 9§+1 Z derlQOq

with w, € R for 1 < v < d and wqy; € RY™5%" The canonical tensor format can be
interpreted as a shallow sum-product neural network (or arithmetic circuit), see [16].

We let Ry 45, be the map from (R®7)4 x RIMSXT .= Py ;o to Vj 46 which associates
to a set of tensors (wy, ..., way1) the tensor f = Ry 45, (w1, ..., wss1) as defined above.
We introduce the sets of functions

.50 =Ty g Tr(Voa,s):

which can be parametrized as follows:

Py a5y ={0=Rpas,(W): W EPogsrt, Roasy = bedl ° Rpa,s,-
For ¢ € V, g, we let

r(p) = min{r(f) : f € Via).s, T4 () = ¢}
We introduce as a natural complexity measure the representation complexity
complg (p) = bd(p)r(p) + r(p) dim S,
define the sets
={p e bys,:deN,reN complg(p) <n},
and consider the corresponding approximation classes
Ry(LP) = AG(LP, (P )nen),

with @ > 0 and 0 < ¢ < co. We start by showing that ®% satisfies (P1)-(P3) and (P5)
(under some assumptions), but not (P4).

Lemma 3.20 (®F satisfies (P1)-(P3) and (P5)). Let 0 < p < oo and S C LP be a finite-
dimensional space. Then ®F satisfies (P1)-(P3). Moreover, if S contains the constant
function one, ®F satisfies (P5) for 0 < p < oo.

"Compare to similar results obtained for RePU networks in [32, Section 3.4].
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Proof. (P1)-(P3) are obvious. (P5) follows from the fact that

U PR = U U Dy g5, = U Vod,s = Vi,s,

neN deNreN deN
and from Theorem 2.21. O

Lemma 3.21 (®% does not satisfy (P4)). Let 0 < p < oo and S C LP be a finite-
dimensional subspace which is closed under b-adic dilation and such that r(T,q4(p)) = 1
for any ¢ € S and d € N. Then, ®F satisfies

(i) R + OF C PF

(ii) there exists no?cho’nstant ¢ > 1 such that ®F + ®R C OR .
Proof. See Appendix C. O
Lemma 3.22. For any n € N, we have ®} C &%,
Proof. See Appendix C. U

Corollary 3.23. For any o >0 and 0 < q < 00,
R;“(Lp) C S;“(Lp).
4. ENCODING CLASSICAL APPROXIMATION TOOLS

In this section, we demonstrate how classical approximation tools can be represented
with tensor networks and bound the complexity of such a representation. Specifically, we
consider representing fixed knot splines, free knot splines and polynomials.® This will be
the basis for Section 6 where we use these complexity estimates to prove embeddings of a
scale of interpolation spaces into the approximation classes Ng'(LF), C¢*(LP) and Sg'(LP).
Our background space is as before LP, where we specify the range of p where necessary.

4.1. Polynomials. Let us first consider the encoding of a polynomial of degree m in
Vb, d,m-

Lemma 4.1 (Ranks for Polynomials). Let ¢ € Py, m € N. For anyd € N, ¢ € Vo am
and for 1 < v <d,
rva(e) < min{m + 1,0"}.

Proof. Since Py, is closed under b-adic dilation, the result simply follows from Lemma 2.23

(i). O

Now we consider the representation of a function ¢ € Py as a tensor in Vy 4, with
m # m. An exact representation is possible if m < m (see Proposition 2.19). Other-
wise we have to settle for an approximation. In this section, we consider a particular
type of approximation based on local interpolations that we will use in the next section.
Let W™*LP denote the Sobolev space of m + 1-times weakly-differentiable p-integrable
functions.

Definition 4.2 (Local Interpolation). We consider an interpolation operator I, from
LP([0,1)) to S :=TPp,, 1 < p < o0, such that for allv € W™ and all 1 =0,...,m+ 1,
we have

(4'1) ‘U - Imv|wl,p <C |U|Wm+1,p

for some constant C' > 0 independent of v. For the construction of this operator and a
proof of the above property see, e.g., 21, Theorem 1.103]. Then, we introduce the operator
Ty am = TLpas from LP([0,1)) to Vi am defined by (2.12) with Zg = Z,,.

8See [3] for a representation of wavelets.
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Polynomials and interpolations thereof can be tensorized in a highly efficient manner
— a fact first observed in [28].

Lemma 4.3 (Ranks of Interpolants of Polynomials). For ¢ € Py, m € N, the interpolant
satisfies Ly, q.m (@) € Voam and for 1 <v <d,

(4.2) Tva(Toam(p)) < min {6”, (m+1)b"", m+1}.
Proof. Since Zp, g.m(¢) € Vpam, the bound r,4(p) < min{b”, (m + 1)bd’”} is obtained

from Lemma 2.23 (ii). Then from Lemma 2.26, we know that 7, 4(Zp 4.m(¢)) < ruqa(p) for
all 1 <v <d, and we conclude by using Lemma 4.1. Ol

From Lemma 4.3, we easily deduce

Proposition 4.4 (Complexity for Encoding Interpolants of Polynomials). For a polyno-
mial p € P, m € N, the different complexities from Section 3 for encoding the interpolant
Ty am(p) of level d and degree m < m within V., are bounded as

comply (T () < (7 + 1)d.
complg(Zy 4.m(¢)) < comple(Zyg.m (@) < b(m + 1)%d + b(m + 1).
4.2. Fixed Knot Splines. Let b,d € N. We divide [0,1) into N = b¢ intervals [z, T511)
with
rp=kb % k=0,... "
Fix a polynomial of degree m € Ny and a continuity index ¢ € Ng U {—1,00}. Define the

space of fixed knot splines of degree m with N + 1 knots and ¢ continuous derivatives as

SNm .~ {f:[O,l)—>R : fi €P,, k:zO,...,N—landeO‘([O,l))},

ThsTht1)

where C71([0,1)) stands for not necessarily continuous functions on [0,1), C°([0,1)) is
the space C([0,1)) of continuous functions on [0,1) and C*([0,1)), k¥ € NU {oc}, is the
usual space of k-times differentiable functions. The following property is apparent.

Lemma 4.5 (Dimension of Spline Space). SN™ is a finite-dimensional subspace of LP
with
gimsim = L DN =(N=D(e+1),  ~l<c<m.
m+1, m+1<c< oo,

With the above Lemma we immediately obtain

Lemma 4.6 (Ranks of Fixed Knot Splines). Let o € S¥™ with N = b%. Then, ¢ € Vyam
and for 1 <v <d

(43 nwws{@”“%”wﬂ+“+””“ sesm
mln{m+17b}7 m+1<c¢<oo.

Proof. For any 0 < j < b”, the restriction of ¢ to the interval [b="j,b7"(j+ 1)) is a piece-

wise polynomial in C([b="7, b7 (j 4 1))) with b?* pieces, so that o(b~(j +-)) € SV "m

(with knots kb™, 0 < k < b¥). Corollary 2.14 then implies 7, 4(f) < dim(SY ") and

we obtain (4.3) by using Lemma 4.5 and Lemma 2.23. O

Remark 4.7 (General Tensor Formats). We could generalize the above statement to a
general tree-based tensor format. In this case, for § C {1,...,d} we would have the bound
(see also Lemma 2.22)

re.a(y) < min {(m + 1)p¢#7 5#5}
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Note that (Ty.a)(js,) is not necessarily a contiguous piece of @, even if 5 is a contigu-
ous subset of {1,...,d}, e.q., B =4j,j+1,...,5+1i}. Therefore additional continuity
constraints on ¢ € SN™ would in general not affect the rank bound. Of course, for large
d the rank reduction due to continuity constraints is not essential, unless ¢ = m and in
this case the ranks would be bounded by m + 1 in any format, see also Remark 3.2.

Proposition 4.8 (Complexity for Encoding Fixed Knot Splines). For a fized knot spline
o € SN™ with N = b?, the different complezities from Section 8 for encoding within Vi,
are bounded as

comply/(p) < CVN,
complg () < compl,(¢) < CN,
with constants C' > 0 depending only on b and m.

Proof. From Lemma 4.6, we obtain
ld/2] d

b b
v d—v d/j2 __
comply (¢ Zb Z b <2b— b _Q—b—l\/ﬁ’
v=|d/2|+1
Ld/2]
comple (¢ Z b + Z A=) L p(m + 1)
v=|d/2|+1
2 J b2
and we conclude by noting that complg(¢) < compl,(y). 0

Now we would like to encode splines of degree m in V, ;,, with m # m and d>d.
An exact representation is not possible for m > m. Then, we again consider the local
interpolation operator from Definition 4.2.

Lemma 4.9 (Ranks of Interpolants of Fixed Knot Splines). Let ¢ € S¥™ with N = b*.
For d > d, the interpolant Ty, 3,,(p) € Vi qm Satisfies

roi(Tpdm(9)) < {min{(m—c>bd”+<c+1>, )}, —l1<c<

m,
min{m + 1, b}, m+1<¢<oo.
7y.d(Ly dm(p)) < min {(m + 1)bJ"’, m + 1} . d<v<d.

Proof. From Lemma 2.26, we know that 7, 4(Z, g,.(¢)) < 7,4(p) for all 1 < v < d.
For v < d, we have from Corollary 2.14 that r,3(p) = 7,4(p). Then, we obtain
the first inequality from Lemma 4.6. Now consider the case d < v < d. The bound
i Tpam(®)) < (m+ 1) simply follows from the fact that Z, z,,,(¢) € Vj4,n- Since
¢ € Voam and Py, is closed under dilation, we obtain from Lemma 2.23 the other bound

ru,g(cp) <m+1. O

Proposition 4.10 (Complexity for Encoding Interpolants of Fixed Knot Splines). For
a fived knot spline ¢ € SN™ with N = b¢, the different complexities from Section 3
for encoding the interpolant T, 5,,,(¢) of level d > d and degree m < m within Vi, are
bounded as

comply(Zy 1,u()) < OV + C'(d — d),
compl(Zy 4,n (1)) < comple(Zy g,n()) < CN + C'(d — ).

with constants C,C" > 0 depending only on b, m and m.
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Proof. Using Lemma 2.26 and Lemma 4.6 and following the proof of Proposition 4.8, we
have

M&

comply(Zy, g, (4 ru(p —d)(m+1) < b_l\/_"‘( d)(m + 1),
v=1
comple(Zy g.m () < bri(p) + Z br,_( + (d — d)b(m + 1)® + b(m + 1)
2 —
< max{b2 — (m+ 1IN + (d — d)b(m + 1),
and we conclude by noting that complg(Z;, 4,,(¢)) < comple(Z, 7.,,())- O

4.3. Free Knot Splines. A free knot spline is a piece-wise polynomial function, for
which only the maximum polynomial order and the number of polynomial pieces is known
— not the location of said pieces. More precisely, the set of free knot splines of degree
m € Ny with N € N pieces is defined as

S = {f :[0,1) = R: 3(wx)ig C [0,1] st
O=z0<11 <. <:UN—1andf‘T Tk+1>€]Pm}'

Clearly Sf]:/ "™ is not a linear subspace like S¥™. Rank bounds for free knot splines are
slightly more tricky than for fixed knot splines. We proceed in three steps:

(1) Assume first the knots xj of the free knot spline are all located on a multiple of
b=% for some dj, € N, i.e., only b-adic knots are allowed. Assume also the largest
dy 1s known.

(2) Show that restricting to b-adic knots does not affect the approximation class as
compared to non-constrained free knot splines.

(3) Show that the largest dj can be estimated using the desired approximation accu-
racy and excess regularity /integrability of the target function.

In this section, we only address point (1). In Section 5.2, we will address (2) and (3).

Definition 4.11 (Free b-adic Knot Splines). We call a sequence of points (x2)N_, C [0, 1]
b-adic if
;Cz = Z’kbidk

for some dj, € N and 0 < i, < b%. We use the superscript b to indicate that a sequence
1s b-adic. With this we define the set of free b-adic knot splines as

SpNm = {f 10,1) = R: 3(ab), C[0,1] s.t.
0=ab<ab<.. <xN—1andf‘ E]P’m}.
k kJrl)

Lemma 4.12 (Ranks of Free b-adic Knot Splines). Let ¢ € SE™™ with (a2)N_, being
the b-adic knot sequence corresponding to ¢. Let d := max {dy : 1 <k <N —1}. Then,
¢ € Vpam and

(4.4) rya(p) < min {0, (m+1)6"", m+ N}

for1 <v <d.
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Proof. For any 0 < j < b”, the restriction of ¢ to the interval [b="j,b~"(j + 1)) is
either a polynomial or a piece-wise polynomial where the number of such piece-wise
polynomials is at most N — 1, since there are at most N — 1 discontinuities in (0, 1).
Hence, Corollary 2.14 implies that r,(¢) < m + N for all 1 < v < d, and we obtain the
other bound r,,4(¢) < min {¢”, (m + 1)b**} from Lemma 2.23 with dim(S) = m+1. O
Proposition 4.13 (Complexity for Encoding Free b-adic Knot Splines). For a free knot
spline ¢ € Sfr’N’m with d := max{dy : 1 <k < N — 1}, the different complezities from
Section 3 for encoding within V;,,, are bounded as

comply () < CdN,

comple(p) < CdN?,

complg(p) < Cd*N,
with constants C' > 0 depending only on b and m.

Proof. Follows from Lemma 4.12, cf. also Proposition 4.8. See Appendix D for a detailed
proof. O

Lemma 4.14 (Ranks of Interpolants of Free b-adic Knot Splines). Let ¢ € Sfr’N’m,
m > m, and (22)N_, being the b-adic knot sequence corresponding to ¢. Let d :=
max {dy : 1 <k <N —1}. Ford>d, the interpolant T, 3,,,(¢) € Vj 4., salisfies

ryiToim()) < min{b”, (m+ 1", m+ N}, 1<v<d,
7.d(Zyam(p)) < min {(m + )64, m+ 1} , d<v<d.

Proof. From Lemma 2.26, we know that 7, 4(Z,g,.(¢)) < 7,4(p) for all 1 < v < d.
For v < d, we have from Corollary 2.14 that r,;(¢) = r,4(¢). Then, we obtain the
first inequality from Lemma 4.12. Now consider the case d < v < d. The bound
Ty d(Tpam(®)) < (m+ 1) simply follows from the fact that Z, j,,,(¢) € Vj4,,- Since
¢ € Voam and Py, is closed under dilation, we obtain from Lemma 2.23 the other bound
TV’J(()O) <m+1. O
Proposition 4.15 (Complexity for Encoding Interpolants of Free b-adic Knot Splines).
For a free knot spline ¢ € Sﬁr’N’m with d := max{dy: 1 <k <N —1}, the different
complexities from Section 3 for encoding the interpolant T, 7,,,(¢) of level d > d and
degree m < m are bounded as

complyr(Zy gm()) < CAN + C'(d - d),

comply(Zy g () < CAN? + C'(d —d

complg(Z, gm(p)) < Cd°N + C'(d —d
with constants C,C" > 0 depending only on b, m and m.

),
)

Y

Proof. Follows from Lemma 4.14, cf. also Proposition 4.10. See Appendix D for a detailed
proof. O

Remark 4.16. Both in Lemma 4.12 and Lemma 4.14, the rank bound is of the order N
and does not assume any specific structure of the spline approxzimation. This is a crude
estimate that could be perhaps improved if one imposes additional restrictions, such as a
tree-like support structure of the approrimating splines.

5. APPROXIMATION RATES

In this section, we discuss approximation rates for functions with different types of
smoothness.
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5.1. Sobolev Spaces. We consider the approximation properties of tensor networks in
Vom for a fixed m € Ny. Recall the definition of three different complexity measures
compl,, compl, and complg from Section 3 and the resulting approximating sets ®7, ®
and ®°. The best approximation error for 0 < p < oo is defined accordingly as

5.1 EN(f)p = inf |f—
(5.1 V(= nf 17 = el
c — _
En(f)P T Lpleang Hf SOHp?
S — _
B3y = it |If = el

and the corresponding approximation classes N, Cf and S as in Section 3.4.

We will apply local interpolation from Definition 4.2 to approximate functions in
Sobolev spaces WP for any k¥ € N. These embeddings essentially correspond to em-
beddings of Besov spaces By, into approximation spaces N (LP), C% (LP) and S5 (LP):
i.e., the approximation error 1s measured in the same norm as smoothness”. To this end,
we requlre

Lemma 5.1 (Re-Interpolation). Let f € Wm“’p, 1 <p<ooandm>m. For any
d € No, Ly gmf s a fived knot spline in S]_Vim, N =b?, and
1f = Toamflly < COTD] flipmers

where C' is a constant depending only on m and p. Furthermore, for d > d,
| Zp,amf — IbdmIbdmf‘|p <C ( d(m+1) |f\Wm+1p 4 p~(d=d)(m+1)—d(m+1) \f’wm+1 p)
where C' is a constant depending only on m, m and p.
Proof. See Appendix E. O
With this we can show the direct estimate

Theorem 5.2 (Jackson Inequality for Sobolev Spaces). Let 1 < p < oo and k € N. For
any f € WFP we have

(52) E7/Lv(f)p S Cn_Qk ||f||Wk,p I
Ey(F)p < Ey(f)p < Cn7" || fllypis -

with constants C' depending on k, m, b.

Proof. Let N :=b%and k :==m+1 > m+1 and fix some f € W*P. The case k < m + 1
can be handled similarly with fewer steps. Let s :=Z g nf and s := T, 5,,,5 € V}, 4, With
a d > d to be specified later.

From Lemma 5.1 we have

(5.3) 1 =5, < ClFllyn (7% + 57705)

for a constant C; depending only on r, m and p. Thus, we set
- dk

5.4 d:=|——-:

(54) [m + 1—‘ ’

which yields

(5.5) 1 =3I, < 2C1 || fllyes N7F.

9Compare to the embeddings for RePU networks in [32].
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From Proposition 4.10 and (5.4), we can estimate the complexity of § as

n := compl(3) < Co(VN +log,(N)) < CoV'N,
n 1= complg(3) < compl.(3) < Co(N +log,(N)) < CuN

with a constant Cy depending on b, m and m. Thus, inserting into (5.5), we obtain
(5.2). For the case m < m, the proof simplifies since we can represent s exactly and use
Proposition 4.8. O

Remark 5.3. One could extend the statement of Theorem 5.2 to the range 0 < p <
1 by considering the Besov spaces By,. For r < m + 1, this can be done by using
the characterization of Besov spaces By, for 0 < p < oo by dyadic splines from [20],
as was done in [32, Theorem 5.5] for RePU networks. For k > m + 1, one would
have to additionally replace the interpolation operator of Definition 4.2 with the quasi-
interpolation operator from [20].

5.2. Besov Spaces. The key to proving direct estimates for Besov smoothness are the
estimates of Proposition 4.13 and Proposition 4.15 for free knot splines. However, there
are two issues with encoding free knot splines as tensorized polynomials. First, free knot
splines are not restricted to b-adic knots and thus cannot be represented exactly within
Vim. Second, even if all knots of a spline s are b-adic, the complexity of encoding s as an
element of V},,,, depends on the minimal level d € N such that s € V} 4,,, and this level is
not known in general. We address these issues with the following two lemmas.

Lemma 5.4 (b-adic Free Knot Splines). Let 0 < p < oo, 0 < @ < m+ 1 and let Sf;N’m
denote the set of free knot splines of order m + 1 with N + 1 knots restricted to b-adic
points of the form

Ty i=ab %, 0<k<N,

for some d € N and i), € {0,...,dy}. For 7:= (a+1/p)~! being the Sobolev embedding
number and f € BY_, we have

(5.6) inf ||f —sll, < ON""|f|ps_-

s€ ;)r,N,m

Proof. See Appendix E. O

Remark 5.5. In principle, Lemma 5.4 can be extended to the case p = oo, f € C° and
the Besov space By replaced by the space of functions of bounded variation. However,
the following Lemma 5.6 does not hold for p = oo, such that overall we can show the
direct estimate of Theorem 5.8 only for p < occ.

Lemma 5.6 (Smallest Interval Free Knot Splines). Let § > 1, 1 < p < oo and f € L.
Let g = q(0) > 1 be the conjugate of § defined by

1 1
_'_

Fore >0, let s = fo:l sk be a piece-wise polynomaial such that
If = sll, <e,

where we assume si s a polynomial over some interval Iy, zero otherwise and Iy, k =
1,..., N, form a partition of [0,1].

Then, we can choose an index set A = A(e) C {1,..., N} and a corresponding spline
§ = pea Sk such that
(5.7) If = 3ll, <2 with || > N9 f||, 7" =: o(¢), k€A
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Proof. See Appendix E. O

Remark 5.7. We can guarantee f € LP° by assuming excess reqularity and using Sobolev
embeddings as follows. Let a« > 0,0 <p < o0, d > 1 and 7 := (a + 1/p)~. Defining
ag > o as

N 0—1

a5 = o+ ——

é p6 )

we get that the Sobolev embedding number for the combination as, pd is
5= (as +1/(p6)) ' = (a+1/p) ' =7

Then, assuming f € B implies that f € L.

T, T

Theorem 5.8 (Jackson Inequality for By ). Let 1 <p <oo, 0<7 <p, a>1/7—1/p,
and assume f € BY . Then, for any o >0, we obtain the direct estimates

(5.8) E{z\/(f)p <C ’f|B$7T T,
EE(f)y < O flgs, 05,
BS(f)y < C flps, n %7,

where the constants C' depend on o« > 0, o > 0, b and m. In particular, they diverge to
infinity as 0 — 0 or a« — 1/7 — 1/p.

Proof. As in Theorem 5.2, we consider only the case m + 1 < «, as the case a« < m + 1
can be handled analogously with fewer steps. By Lemma 5.4, we can restrict ourselves to
free knot splines with b-adic knots. By Lemma 5.6, we can bound the size of the smallest
interval and thus the level d. And finally, by Lemma 4.14, we can bound the ranks of
an interpolation of a free knot spline. Thus, we have all the ingredients to bound the
representation complexity of a free knot spline. It remains to combine these estimates
with standard results from approximation theory to arrive at (5.8).

Let N € N be arbitrary. From Lemma 5.4, we know there exists a spline s €
with b-adic knots such that

(5.9) If = sll, <N fllge

for some constant C; > 0. Set € := C || f||g N~ Since a > 1/7 — 1/p, there exists a

§ > 1 such that f € LP. By Lemma 5.6, we can assume w.l.o.g. that d := d(s) is such
that

b,N,im
Sfr

b= > N7 fllps et

or equivalently
d < qlog, (=7 || 155 N) = qlogy |Cr7 If 155, 1F155 N**o7| < qlog, [CyPN"+7],

where ¢ = /(6 — 1).

We use the interpolant of Definition 4.2 and set s := 7, ;,,s for d > d to be spec-
ified later. Let s; := s(ji,...,Jq4,-), where s = T} 4s, and analogously 5;. For the
re-interpolation error we can estimate similar to Lemma 5.1

~ — ~ —d71—p(d—d)(m m p
s =32 =3 b7 sy — 12 < € 3 by || fme
jelg jerg b
< Cy Y by g0
jerg
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where the latter follows from [19, Theorem 2.7 of Chapter 4], since s; is a polynomial of
degree m.

Since s is a quasi-interpolant of f, s; is a dilation of a polynomial (near-)best approx-
imation of f over the corresponding interval and thus by [19, Theorem 8.1 of Chapter
12]

lssll, < Calfsl g

where f; := f(j1,...,Jja,-) and for any j € I{.
Since 7 < p, we can further estimate

1/p 1/p
Z b—db—(J—d)(m+1)p ||S]||§ < b—d/pb—(ci—d)(m—i-l) Z |f] %a
jerg JEI |
1/7
S b—d/pb—(g—d)(m-‘rl) Z |f]|;a
]Glg T,T
1/7
_ b*d/pbf((ifd)(m+1) Z ‘f]lga bd(afl/T)bd(l/Tfa).
Jelg T

We finally estimate
HS o g”p < CE)bf(czfd)(erl)bd(l/ffafl/p) ‘f'Ba .

More details on the relationship between Sobolev and Besov norms for functions and
their tensorizations can be found in Appendix A.
Thus, to obtain at least the same approximation order as in (5.9), we set

I dim+141/7 —a—1/p) + alog,(N)
o m+ 1

—‘ S 06 logb(N)a
so that
(5.10) Is = 8ll, < CsN™*[fl e -
From Proposition 4.15, 5 € V4 4, with
n := comply(3) < C7 (N?log,(N) + log,(N)) < CN**7,

for any o > 0, where C' > 0 depends on ¢. Similarly for complg and compl,,, we obtain
from Proposition 4.15 that

complg(3) < C(Nlog,(N)? +logy(N)) < CN'™7,
and
comply/(8) < C(Nlogy(N) + log,(N)) < CN'7,

for any o > 0 and constants C' depending on ¢ > 0. Combining (5.9) with (5.10), a triangle
inequality and the above complexity bounds, we obtain the desired statement. U

Remark 5.9 (Dense vs. Sparse TT). Note that for approzimation of Sobolev (and later
analytic functions), the approzimation rates for dense TTs from ®C and sparse TTs from
S are the same, while for functions with Besov smoothness B; . optimal rates are only
achieved with sparse TTs, and dense TTs can only achieve half the optimal rate. This
distinction can be roughly understood as follows.
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Functions with Sobolev smoothness can be optimally approximated with linear approx-
imation tools that, simply put, capture all polynomial features of a function upto some
refinement level d — independent of location. In this case, a TT approximation on level d,
in general, represents a spline that is active/nonzero over all n = b® subintervals of the
corresponding tensorization. A sparse TT representation of such a function has at most
a multiple of n terms. On the other hand, the ranks saturate at r < b%? = \/n and thus
a dense TT representation also has at most a multiple of n terms.

In contrast to functions with Sobolev smoothness, B}  requires nonlinear approzimation
tools that capture possibly location-dependent features of the target function to achieve
optimal approximation rates. In this case, a TT approximation on level d, in general,
represents a spline with much fewer active intervals than the mazimal possible b >
n. Thus, while a sparse TT representation has at most a multiple of n coefficients —
where the sparsity pattern encodes the location of said active subintervals — a dense TT
representation has ranks bounded as r < n? and thus at most a multiple of n* coefficients,
resulting in half the optimal approximation rate.

5.3. Analytic Functions. It is well known that analytic functions can be approximated
by algebraic polynomials with a rate exponential in the degree of the approximating
polynomials: see, e.g., [19, Chapter 7, Theorem 8.1]. In our setting, the polynomial degree
in Vj., is fixed. However, as before we can re-interpolate and consider the corresponding
approximation rate. First, we show that polynomials can be approximated with an
exponential rate.

Lemma 5.10 (Approximation Rate for Polynomials). Let P € Py, be an arbitrary poly-
nomial with m > m (otherwise we have exact representation). Then, for 1 < p < oo

Y

EN(P), < Cb™ trin™ | Pt

p

m+1
Ep(P), < E;(P)y < Cb wminz” Hp(m+1)’

P )
with C' independent of m.
Proof. See Appendix E. O

This implies analytic functions can be approximated with an error decay of exponential
type. For the following statement we require the distance function

dist(z, D) := in/fj|z —w|, z€C, DcC.
we

Theorem 5.11 (Approximation Rate for Analytic Functions). Let p > 1 and define

-1
D, := {z € C:dist(z[0,1]) < pT} :

Let p :== p(f) > 1 be such that f : [0,1) = R has an analytic extension onto D, C C.
Then,

1/2

(5:11) EY(f)so < Clmin(p, b0y~
ES(f)oo < ES(f)ae < Clmin(p, pm+D/0y=7"%

where C' = C(f,m,b, p).

Proof. See Appendix E. .

Remark 5.12. The above estimate can be further refined in the following ways:
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o The factor in the base of the exponent can be replaced by any number 0
min(p, bmV/) < 9 < max(p, bmHV/b),

with an adjusted constant C'.

o The inequality (5.11) can be stated in the form as in [19, Chapter 7, Theorem 8.1]
to explicitly include the case p = 0o

e One can define classes of entire functions as in [19, Chapter 7, Theorem 8.3] for
a finer distinction of functions that can be approximated with an exponential-type
rate.

e One can extend the result to approximation of analytic functions with singularities
applying similar ideas as in [41].

6. DIRECT EMBEDDINGS

In this section, we discuss direct embeddings for the approximation spaces defined
in Section 3.4. Since we verified that N7, C* and S satisfy (P1) — (P4), we can use
classical approximation theory (see [19, 17]) to show that an entire scale of interpolation
and smoothness spaces is continuously embedded into these approximation classes. We
begin by briefly reviewing interpolation spaces. See Appendix A.2 for a definition of
Besov spaces.

6.1. Interpolation Spaces. We consider Peetre’s K-functional real interpolation method.
Let X, Y be Banach spaces with Y < X. The K-functional on X is defined as

K(f,1,X,Y) = K(f,t) = mf{|If —gllx +t]glly}, ¢>0.
Definition 6.1 (Interpolation Spaces, [9, Chapter 5]). Define a (quasi-)norm on X
N pbw KUJ% 0<6<1, ¢g=o0
The interpolation space (X,Y)q,, is defined as

(X,Y)oq = {F € X flly, < o0},
and it is a complete (quasi-)normed space.

Some basic properties of these interpolation spaces are:
oY — (X,Y)y, — X;
o (X,Y)oq = (X,Y)p,q for 0y > 05 and (X, Y )gq — (X,Y)gq for 1 < go;
o re-iteration property: let X' = (X,Y)p 4, Y = (X,Y)s,4- Then, for all
0<f<1and0<qg< oo, we have
(X, Y/)gq (X Y)a q o = (1 - 9)91 + 882

We cite some important results on the relationship between interpolation, approximation
and smoothness spaces. To this end, an important tool are the so-called Jackson (direct)
and Bernstein (inverse) inequalities from (3.3) and (3.4), respectively.

Theorem 6.2 (Interpolation and Approximation, [19, Chapter 7], [9, Chapter 5]). If
the approximation class Ag(X) satisfies (P1), (P3), (P4) and the space Y satisfies the
Jackson inequality (3.3), then

(X;Y)a/kJ,q%AZ[(X)a O<a<ky, 0<qg<oo,
Y — AM(X).
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If the approzimation class Ay(X) satisfies (P1) — (P6) and the space Y satisfies the
Bernstein inequality (3.4), then

Ag(X) — (X, Y)a/k&q, O<a< kZB,
AMB(X) Y.

Theorem 6.3 (Interpolation and Smoothness, [17]). The following identities hold:

(LP,WoP)y, =B 0<60<1,0<qg<o0, 1<p<co

)o, e
(Bps Boz)og = Bpgs = (1= 0)ar + 0z, 0 <p,q,q1, g2 < 00
(LP, BS ) = B2, 0<0<1,0<p,qq< oo,
1 1
(LP, B )oq = B2, 0 <7 <p, plal s

6.2. Embeddings. Theorems 6.2 and 6.3 allow us to characterize the approximation
classes introduced in Section 3.4 by classical smoothness and interpolation spaces, pro-
vided we can show for X = [P and Y = By the Jackson (3.3) and Bernstein (3.4)
inequalities. The Jackson inequalities were shown in Section 5. We will also show later
that Bernstein inequalities cannot hold. This is an expression of the fact that the spaces
Ay are “too large” in the sense that they are not continuously embedded in any classical
smoothness space.
Theorem 6.2 and Theorem 5.2 imply

Theorem 6.4 (Direct Embedding for Sobolev Spaces). For any k € N and 1 < p < oo,
we have

Whe s N2K(LP),  WHhP — Ok (LP) — S (LP),
and for 0 < q < 00
(L2, WHP) o o g = N (LP), 0 < a <2k,
(LP, W) g = CO(LP) = SH(LP), 0<a<k.
Corollary 6.5. Together with Theorem 6.3, this implies the statement of Result 1.7.

Now we turn to direct embeddings of Besov spaces BY  into N (LP), CF(LP) and
S¢(LP), where 1/7 = a + 1/p. That is, the smoothness is measured in a weaker norm
with 7 < p. The spaces By are in this sense much larger than By ,.

Theorem 6.6 (Direct Embedding for BY, ). Let1 <p <o00,0 <7 <pandy>1/7—1/p.
Then, for any o > 0,

B = N/, By, L), By, S(L),

and
(Lp7 B:,r)a(1+cr)/7’,q — N;<Lp)> 0<a< 7“/(1 + U)a
(Lp’ B:,T)Q(Q"l‘o')/ryq — Cg(Lp)v 0<a< 7”/(2 + 0)7
(LP,B:J)Q(H_U)/T,(] — S:;(Lp), I<a< T/<1+U).
Proof. Follows from Theorem 6.2, Remark 5.7 and Theorem 5.8. U
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7. INVERSE EMBEDDINGS

7.1. No Inverse Embedding. It is well known in tensor approximation of high-dimensional
functions and approximation with neural networks (see [32]) that highly irregular func-
tions can in some cases be approximated or even represented exactly with low or constant
rank or complexity'?. This fact is reflected in the lack of inverse estimates for tensorized
approximation of one-dimensional functions as the next statement shows.

Theorem 7.1 (No Inverse Embedding). For any o >0, 0 < p,q < 0o and any & > 0
Co(LP) ¢ B,

Proof. For ease of notation we restrict ourselves to b = 2, but the same arguments apply
for any b > 2. The proof boils down to finding a counterexample of a function that can
be efficiently represented within V},,,, but has “bad” Besov regularity. To this end, we use
the sawtooth function, see [59] and Figure 3.

FIGURE 3. “Sawtooth” function.

Specifically, consider the linear functions

Ii(y) =y, aly)=1-y, 0<y<l
For arbitrary d € N, set

Palit, i, y) = do(ia)Y1(y) + 01(ia)ta(y).
Then, ¢4 = Tbjdlcpd € Vaqm with 7,(ps) =2 for all 1 < v <d. Thus,

(7.1) comply(pq) < 8d + 2m + 2.
We can compute the LP-norm of ¢, as
p—d
1
7.2 P =21 29y dy = ——.
(7.2 loal =2 [ @y dy = —

Next, since C¢(LP) satisfies (P1) — (P4), this implies Cgf(L?) satisfies the Bernstein
inequality (see [19, Chapter 7, Theorem 9.3])

(7.3) @allce < Cn® llgall,, Ve € @n.
On the other hand, by [32, Lemma 5.12],
(74) lallsg, > 2™,

for any & > 0.

10T hink of a rank-one tensor product of jump functions.
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Assume the Bernstein inequality holds in Bgf , for some & > 0. For n € N large enough,
let d := |n/8 —m/4 —1/4] > 2. Then, by (7.1), ¢4 € . By (7.3) and (7.4),

Cr el  Ialles 2 Iallps, 227 2 28
Together with (7.2), this is a contradiction and thus the claim follows. O

In Section 4, we demonstrated that when representing classical tools with the ten-
sorized format we obtain a complexity that is similar (or slightly worse) than for the
corresponding classical representation. This reflects the fact that these tools are tailored
for approximation in classical smoothness spaces and we therefore cannot expect better
“worst case” performance in these spaces. This was also observed in high-dimensional
approximation, see [57, 7, 33].

On the other hand, theorem 7.1 demonstrates that tensor networks are efficient for
functions that cannot be described by classical smoothness (see also [1]). The cost n in
¢ depends on both the discretization level d and the tensor ranks r, that, in a sense,
reflect algebraic properties of the target function.

The proof of Theorem 7.1 shows that tensor networks are particularly effective in
approximating functions with a high degree of self-similarity. Such functions do not
have to possess any smoothness in the classical sense. The ranks reflect global algebraic
features, while smoothness reflects local “rate of change” features.

7.2. Inverse Embedding For Restricted Depth. The above result shows that tensor
networks are effective to approximate functions that do not possess Sobolev or Besov
smoothness. However, one would expect that, if one enforces a full-rank structure or,
equivalently, limits the depth of the corresponding tensor network, we should recover
inverse estimates similar to classical tools from Section 4.

Theorem 7.2 (Inverse Embedding for Restricted ®V). Let 1 < p < oco. Define for
n €N, kg > 1 and cg > 0 the restricted sets

(7.5) OB = {p € Vi : comply(¢) <n  and d(p) < kglogy(n) + cp},
where d(p) is the minimal possible level for a tensorized representation of ¢. Then,
(i) @) satisfies (P1) — (P6) and thus AJ(LP,(®))) are quasi-normed linear spaces
satisfying direct and inverse estimates.
(ii) The following inverse estimate holds:
|SO|B;_7}7<_|»1 <C Hg@”p bCB(m-i-l)nkB(m-&-l)’
B

for any p € @, where 7 > 0 is the Sobolev embedding number.
(1) We have the continuous embeddings

« B m
(L7, (O2)) = (L7, B!

T,T )mm

ARZD(LP (@) = B

0<a<kp(m+1),

Proof. The restriction on ®2 ensures functions such as the sawtooth function from Fig-
ure 3 are excluded.

(i) (P1) — (P3) is trivial. For (P4): since & + & ¢ &4 and
d(p1 + ¢2) < max(dy, da) < kplog,(n) + cg < kplogy(cn) + cp

for 1,y € ®5 then (P4) is true for ®F for the same c. For (P5): |J22, ®V =
U2, @ and thus density follows as in Theorem 2.21. Finally, (P6) follows as in
Lemma 3.14.
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(ii) Any ¢ € ®P is a spline with at most b%%®) < bBp*® pieces. Thus, we can use
classical inverse estimates to obtain the inequality.
(iii) Follows from (ii) and Theorem 6.2.

g

Remark 7.3. Inverse embeddings also hold for restricted sets ®5F and ®S8 defined
by (7.5) with complexity measure comply replaced by complg and compl, respectively.
Indeed, their approzimation classes AS(LP, (®5F)) and AZ(LP, (P5P)) are both included
in A2(L?, (0B)),

A discussion on the role of depth and the approximation power of the restricted class
®Z can be found in Section 8.

8. THE ROLES OF DEPTH AND SPARSITY

One could ask how the direct estimates would change if we replace ® with ®% from
Theorem 7.2. Strictly speaking, this would require lower bounds for the complexity n :=
compl, (). Nonetheless, a simple example reveals some key features of ®E, assuming
the upper bounds for n in this section are sharp to some degree.

Consider the case of Sobolev spaces W*? from Theorem 5.2 with k < m + 1. Then,
assuming the upper bounds from Theorem 5.2 are sharp, we have

n ~ Cy(b,m)b".

The approximands of Theorem 5.2 satisfy ¢ € ® for kg = 1 and cg = cg(b, m). Hence,
in this case we would indeed obtain the same approximation rate as with ®¢, in addition
to inverse estimates from Theorem 7.2.

Consider now W*P with k > m+ 1. In this case we have kg = kg(k) > 1 with kg — oo
as k — oo. In other words, if we fix ® with some kg > 1, then we would obtain direct
estimates for W¥*? as in Theorem 5.2, with 0 < k < k for k depending on kg > 1. Le.,
k=m+1for kg =1 and k — oo as kg — 00.

Finally, consider the direct estimate for Besov spaces B¢ from Theorem 5.8. Again,
assuming the upper bounds of this lemma are sharp and o < m + 1, we would obtain

n ~ CNd,

where N is the number of knots of a corresponding free knot spline and d is the maximal
level of said spline. From Lemma 5.6, we could assume d ~ log(N) and in this case

d ~log(N) < log(N) + loglog(N) < log(n),

in which case we claim we could recover direct estimates as in Theorem 5.8. However, note
that, in order to recover near to optimal rates, we would have to consider the complexity
measure complg (or compl,,) — i.e., we have to account for sparsity. And, as for Sobolev
spaces, to capture an arbitrary regularity o > m + 1, ®2 is not sufficient anymore as it
requires an arbitrary depth.

Thus, when comparing approximation with tensor networks to approximation with
classical tools, we see that depth can very efficiently replicate approximation with higher-
order polynomials: that is, with exponential convergence. It was already noted in [28, 53]
that (deep) tree tensor networks can represent polynomials with bounded rank, while the
canonical (CP) tensor format, corresponding to a shallow network, can only do so approxi-
mately with ranks bounded by the desired accuracy. Moreover, similar observations about
depth and polynomial degree were made about ReL.U networks, see, e.g., [60, 48, 49].

On the other hand, sparsity is necessary to recover classical adaptive (free knot spline)
approximation, see Theorem 6.6. In other words: sparse tensor networks can replicate
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h-adaptive approximation, while deep tensor networks can replicate p-adaptive approx-
imation, and, consequently, sparse and deep tensor networks can replicate hp-adaptive
approximation.

For the approximation with sparse tensor networks, the development of algorithms that
achieve in practice the expected rates of convergence remains mostly an open problem.
In a statistical learning setting, different algorithms have been recently proposed, either
based on sparsity-inducing regularization or on model selection strategies for selecting a
sparsity pattern (position of non-zero entries) [30, 31, 45].

9. THE ROLE OF TENSORIZATION

The tensorization of functions is a milestone allowing the use of tensor networks for
the approximation of multivariate functions. In this section, we interpret tensorization as
a non-standard and powerful featuring step. Then, we discuss the role of this particular
featuring.

When applying tb’; to the input variable x, we create d + 1 new variables (i1, ..., 4, )
defined by

i, =o(b’x), o(t) = [t| modb,
1 <v<d, and
y=0o(%), ao(t)=t—|t],
see Figure 4 for a graphical representation of functions ¢ and 6. Then for each 1 < v < d,

1 1
0.8 08"
0.6 0.6
0.4 04
0.2 0.2

0 0

0 1 2 3 4 5 6 0 1 2 3 4 5 6
(A) o (B) &

FIGURE 4. Functions o and &

we create b features §;, (i,), 0 < j, < b—1, and we also create m + 1 features ¢(y) = y*
from the variable y (or other features for S different from P,,)."! Figure 5 provides an
illustration of these features and of products of these features. Finally, tensorization can
be seen as a featuring step with a featuring map

®:[0,1) — RY0m+D)
which maps = € [0,1) to a (d + 1)-order tensor
() = 0;,(0(bx)) ... 8, (o (b)) (b)o+

J1renJd+1
HFor m = 0, the extra variable y is not exploited. For m = 1, we only consider the variable 3 and for
m > 1, we exploit more from this variable.
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1 1
(4) do(a(b’z)) (B) &(b'x)
| |
(C) 6 (bP2)(b'z) (D) 61(0(bx))do(o(b32))d0(b)

FIGURE 5. Representation of some features and their products for b = 2.

A function ¢ € Vi a,, is then represented by ¢(z) = . ®(x);a;, where a is a (d + 1)-
order tensor with entries associated with the b%(m + 1) features. When considering for
a a full tensor (not rank-structured), it results in a linear approximation tool which is
equivalent to spline approximation. Note that functions represented on Figures 5¢ and 5d
are obtained by summing many features ®(z);,.. j,,,. However, these functions, which
have rank-one tensorizations, can be represented with a rank-one tensor a in the feature
tensor space, and thus can be encoded with very low complexity within our nonlinear
approximation tool.

Increasing d means considering more and more features, and is equivalent to refining
the discretisation. At this point, tensorization is an interpretation of a univariate function
as a multivariate function, but it is also an alternative way to look at discretization.

Another featuring (which is rather straight-forward) would have consisted in taking
new variables (or features) x;; = (0% — j)F 1, (z) = (0% — j)F L1 (0% —j), 0 < k < m,
0 < j < b, where I; is the interval [b%j, b%(j + 1)). This also leads to (m + 1)b? features.
When considering a simple linear combination of these features, we also end up with
classical fixed knot spline approximation.

Both featuring (or tensorization) methods lead to a linear feature space corresponding
to classical spline approximation. One may ask what is the interest of using the very
specific feature map ®7 In fact, the use of the particular feature map ®, which is related
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to multi-resolution analysis, allows to further exploit sparsity or low-rankness of the
tensor when approximating functions from smoothness spaces, and possibly other classes
of functions such as fractals. It is well known that the approximation class of splines of
degree m > r — 1 is the Sobolev space W"P. Therefore, whatever the featuring used, the
approximation class of the resulting linear approximation tool (taking linear combinations
of the features) is the Sobolev space W™1P, Near-optimal performance is achieved by
the proposed approximation tool for a large range of smoothness spaces for any fixed
m (including m = 0), at the price of letting d grow (or equivalently the depth of the
tensor networks) to capture higher regularity of functions. When working with a fixed
m, exploiting low-rank structures will then be crucial.

This reveals that the power of the approximation tool considered in this work comes
from the combination of a particular featuring step (the tensorization step) and the use
of tensor networks.
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APPENDIX A. SOBOLEV AND BESOV SPACES OF TENSORIZATIONS

A.1. Sobolev Spaces. Consider functions f in the Sobolev space Wk» := W*»([0, 1)),
equipped with the (quasi-)norm

1Fllwew = (LG + [F1en) P (0 < 00), [ fllwree = max {|lfllp, [ Flwe}

where |f|yrs 18 a (quasi-)semi-norm defined by

[flwro = 1D f1l,.

with D¥f := f®) the k-th weak derivative of f. Since f and its tensorization f = Tyaf
are such that f(z) = f(j,...,ja, 0% — j) for x € [b%5,b%(j + 1)) and j = ZZ:1 bk g,
we deduce that

oF . . )
D" f(z) = bkda—yk (Jis - Ja, 0% — j)

for z € [b%,b%(j + 1)), that means that D* can be identified with a rank-one operator
over Vi 4 rr,

.....

with
(idg1..ay @ D) F =D 0, ® ... @0, @ D" F(j1, ... ja, ).
jelg
Then we deduce that if f € W*P| f =Ty, 4f is in the algebraic tensor space
Vi qwes = (R?)* @ W,

and

[Flwer =051 D) 65, @ @65, @ DX F(jr - das )l

J1€ly Ja€ly

ThlS 1mphes that deWk’p C Vb’d’Wk,p but Tbjdl (Vb7d7Wk,p) gZ Wk;,p' In fact, Tbjdl (Vb7d7Wk,p) =
WHP(Pyq), the broken Sobolev space associated with the partition P, 4 = {[b%, b(j+1)) :
0<5< be — 1}. From the above considerations, we deduce

Theorem A.1. For any 0 < p < oo and k € Ny, T}, 4 is a linear isometry from the broken
Sobolev space W*P(Py4) to Vi gwis equipped with the (quasi-)norm

Fllwer = (LI + 1F ) ? (0 <00), [ fllwree = max {[[£]loo, [ £lwroe},

where |+ lwrp i a (quasi-)semi-norm defined by

‘f’;;vk,p = bd(kpil) Z |f<.717 e 7jd7 ')‘Ipivk,p

for p < oo, and

| Flivree == 0" max  [f(j1, ... da ) weee.
(J1r-rda)EIL

43



Tensorized Univariate Functions

A.2. Besov Spaces. Let f € LP, 0 < p < oo and consider the difference operator
Ay LP([0,1)) — LP(]0,1 — h)),
Alf1C) = f(+h) = f().
For k = 2,3, ..., the k-th difference is defined as
Af = Ay o0 Af;l,
with A} := Ay,. The k-th modulus of smoothness is defined as
(A1) w(f,t)p = sup || AR[f]

0<h<t

||p, t>0.

Definition A.2 (Besov Spaces). For parameters a > 0 and 0 < p,q < oo, define
k= |a| + 1 and the Besov (quasi-)semi-norm as

1/q
R (fo wkft] > ) O<q<OO7
Flag, =
supg<y<it “wi(f,)p, q=°©

The Besov (quasi-)norm is defined as
Fss, = 171, + 11 -

The Besov space s defined as

By, ={rer: ||fly, <o}

As in Appendix A.1, we would like to compare the Besov space By, with the algebraic
tensor space

. I\ ®d e
Viaps, = (R")** ® By

First, we briefly elaborate how the Besov (quasi-)semi-norm scales under affine trans-
formations of the interval. ILe., suppose we are given a function f : [a,b) — R with
—o0 < a < b< oo and a transformed f such that

Filah) =R zoa= " t@-a)+an f) = )
for —oo < @ < b < oco. Then,
ASIT): a.b—rh) > E.
ALIf(E) = Z (5) s+ i) - Z (5) s+ i) = Al
with | |
he 79,

For 0 < p < 0o, we obtain for the modulus of smoothness

b—(z » :_b—a_

tp— == t
(1.0 2
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and for p = 00, wWi(f,1)ee = wWi(f,t)so. Finally, for the Besov (quasi-)semi-norm this
implies

. b—a\/"
’ﬂmq:(hﬂJ [flg » 0<g< o0, 0<p< oo,

~ b—a\
g, = (120) "W, 0<zoe p=ce

With this scaling at hand, for p < oo, what remains is “adding up” Besov (quasi-
Jnorms of partial evaluations f(ji,...,Ja4,:). The modulus of smoothness from (A.1) is
not suitable for this task. Instead, we can use an equivalent measure of smoothness via
the averaged modulus of smoothness (see [19, §5 of Chapter 6 and §5 of Chapter 12])

wilf. 1) /HM I dh, 0<p< oo

We can then define a (quasi-)semi-norm

flog, = ([ 17 wk<ft>]ff) 0<g<o,

which is equivalent to the former one from Definition A.2 and therefore results in the
same Besov space B,,. Expanding the right-hand-side and interchanging the order of
integration allows us to add up the contributions to |f| By, OVer the intervals [b%j, be(j +

1)), provided that ¢ = p. However, note that this is not the same as summing over
|\ (1, Jar )| e, since the latter necessarily omits the contributions of |AF[f]| across
p,q

the right boundaries of the intervals [b%j, b%(j + 1)).
Example A.3. Consider the function

Fa) = {1, 0<ax<1/2,

0, otherwise.

1, 1/2—-h<z<1/2,

0, otherwise.
For 0 <p< o0,
1AL, =
and for p = oo,
1A flloe =

Thus, for the ordinary modulus of smoothness we obtain

wp(f,t), =tP, 0 < p< oo,

wk(f, t)oo =1.
Inserting this into Definition A.2, we see that f € By, if and only if p # 0o and 0 < o <
1/p. In this case 0 < |f|Ba < 00.

On the other hand, for b=2andd = 1, the partial evaluations of the tensorization
Ts1f are the constant functions 0 and 1. Thus, any Besov semi-norm of these partial
evaluations is 0 and consequently the sum as well. We see that, unlike in Theorem A.1,
even if a function f has Besov regularity, the Besov norm of f is in general not equivalent
to the sum of the Besov norms of partial evaluations.
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Theorem A.4. Let 0 < p=q < 00 and a > 0. Let By, be equipped with the (quasi-
Jnorm associated with the modulus of smoothness when p = 0o or the averaged modulus of
smoothness when p < co. Then, we equip the tensor space Vi 4 pa  with the (quasi-)norm

1Fllsg, = (IFI5 + £ )P (0 <00)s 1l = max{[[ flloo [flag .}

where | - |pg  is a (quasi-)semi-norm defined by

p . 1d(ap—1) . ST
|f| o —b | Z ‘f(jl,...,jd, )|B$,p’

for p < oo, and

‘f|Bé¥0,oc = bda . maX |f(j1""7jd7')|Ba
(jl ----- ]d)e]g 00,00

Then, Tb,d(Bgyp) — Vb,d,Bg,p with
Flng, = [ToaDl g -

APPENDIX B. PROOFS FOR SECTION 2
Proof of Lemma 2.6. We have
d ) d d—d B d
tdlin, i y) = Y ib™ 7 = ib T Y i by =Y b b7
k=1 k=1 k=1 k=1

with z = Zi:ll ippab P (@D = tyd-a(idt1, - -, ig,y), which proves the first statement.
Then consider an elementary tensor v = 11 ® ... ® 14 ® g € Vyq, with v, € R’ and
g € ROY. We have

Tb,J © Tbjdl'v(ila cee ,iJa y) = ’U(tb_,cll © tb,cj(ila s JEu y))

= U(ilv s 7id7 tb,d_fd<z-d+l7 s aicza y))
=v1(i1) .. valia)9(tpa—aliazsrs - -5 1q,Y))
=11 (h) .- -Ud(id)Tb,deg(id+17 NN T y)

= (1)1 ®... Qv ® (Tb,cj—dg»(id-i-la s 7@13 y)?
which proves the second property. The last property simply follows from T} 4 o Tb_Jl =

(ThaoTyy)™" = (idp,..qy @ Thg-a) ™' = idp,.ay ® Tb;i}_d. 0

Proof of Proposition 2.7. Subsets of the form J x A, with A a Borel set of [0,1) and
J = x¢_,J, with J, C I, 1 < k < d, form a generating system of the Borel o-algebra of
I¢x[0,1). The image of such a set Jx A through ¢, 4 is |

with j = S2¢_ jxb?*. Then
Mtoa(J x A)) = M| Aj) = #J07NA) = #J1 . #Jab " NA) = i (Tr) - i (Ja)A(A)
jes

= ,ub,d(J X A)

77777

jGJ 77777

Then, we conclude on Ty 4 by noting that it is a linear bijection (Proposition 2.3) which

preserves measurability. To prove the second statement, we first note that we clearly have

the first inclusion M (7;)®? ® M([0,1)) € M(I¢ x [0,1)). To prove the other inclusion,

we note that a tensor f € M(I¢ x [0,1)) admits a representation (2.2) with §;, € M(I)

and f(j1,...,Ja,0) = fO74 + ) € M([0,1)) (j = ZZ:1 Jxb®F), where the latter
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identification is deduced from Lemma 2.4. The final identification simply follows from
the identification M([;) = R%. O
Proof of Lemma 2.10. f is identified with a tensor in Vg ® Vg with Vg € (R)®#8
and Vge = V445 We have UR™(f) = {(ps ® idge)f : @5 € (Vp)'} with (V) the
algebraic dual of Vj (see [22, Corollary 2.19]). Then for any basis {cpJBB tjp € I#B} of
(Vp)', we have U“gn(f) = span{(goj;@idgc)f - j5 € I} We conclude by introducing the
particular basis c,ojﬁ" = 5j6, with 5jﬂ = ®uepd;, € RI#B, and by noting that (5j5 ®idge)f =
fis:+) € Vige. 0
Proof of Lemma 2.12. For any set 8 C {1,...,d + 1} and any partition 5 = v U «, the
minimal subspaces from Definition 2.9 satisfy the hierarchy property (see [34, Corollary
6.18]) U™ (f) C UX™(f) @ U™ (f), from which we deduce that rz(f) < ro(f)ra(f).
Then for 1 < v < d — 1, by considering v = {1,...,v} and « = {v + 1}, we obtain
o1 (F) < r(F)rpny(F), where 7,10y (f) = dim U, (F) < b, which yields the first
inequality. By considering v = {v + 1} and o = {vr + 2,...,d + 1}, we obtain r,(f) =

Twit,dr1} (F) < mpany(F)rpse,. a1y (F) = T (F)roga(f) < bro(F), that is the
second inequality. O

Proof of Lemma 2.13. We have from Lemma 2.10 that
Tbjdl—y(Ugl/iil d+1}<fd)) = Span{Tbjc%—u(fd(jlv s 7j1/7 )) : (jla o 7jl/) S Ill)/}a

.....

where f%(j1,...,j,,") € Vyq_, is a partial evaluation of £ along the first v dimensions.
We note that

Tbjdl—l/<fd<j1> cee 7j1/> )) = ((Zd{l ..... v} & Tbjdl—y)fd)(jla e 7j1/7 )
= (Tb,l/ © bjdl.fd)(jl’ v 7jw ) - fy(jlu <o 7jl/7 ')7

where the second equality results from Lemma 2.6. The result then follows from Lemma 2.10
again. U

Lemma B.1. Let S be a closed subspace of LP, 0 < p < oo. The norm | - |, is a
reasonable crossnorm on ((P(1,))*? ® S.

Proof. Let vy, € (P(I,), 1 <k <d, and g € S. For p < oo, we have

1
ln@..0uoglh=> ...> Ivl(h)l”--.|vd(id)|”b‘d/ l9(y) Py
0

i1€1 ig€ly

= [lvallzo - - l[valle 1913,
and for p = oo,
[01® ... © v @ glloo = maxfoy(ir)]. .. max |va(ia)| esssup |g(y)| = l[vrlle - . [[valle= |9l oo;
i1E€1 ig€ly y
which proves that || - ||, is a crossnorm. Now consider p > 1. Then, consider the dual

norm

lell, = sup |o(f)|
I£llp<1

over the algebraic tensor space (#7(1,)*)®¢ ® S*, where V* stands for the continuous
dual of a space V. For (v,¢) € ¢P(I,) x ¢*(1,)*, we consider the duality pairing ¢(v) =
b1 ZZ;B Ypvg, such that ¢P(1,)* = 04(1,) with 1/p 4+ 1/¢ = 1. Consider ¢ € S* and
v, € P(1)*, 1 <v <d. To prove that || - ||, is a reasonable crossnorm, we have to prove
that

o1 ® ... ® s ® @5 < |lorllea - [|0alleal| Pl
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with [l9ll; = supses e 6] Let ¢ = g1 © ... ® pa € (B())> = (L), For
jEIL welet 6, = 0;, ®...®6;, € P(I#). Any f € Va5 admits a representation
f = Zjéll‘f 5j & gj where g9; = f(jl, e ,jd, ) c Lp, and

(o1 ® ... @pa @) ()| = o> 6;6(9;)] = (V)]
jergd
where v € ((I) is a tensor with entries v(j) = ¢(g;). Also,
oMW < llelleoliviler < llpllesll Il wller,

where w € (P(I) is a tensor with entries w(j) = |lg;ll, = 1f(1,s---,74,)|l, From
Theorem 2.15, we have ||[wW||ge = max;cza [ £(j1,- -, Jds)lloo = [ Flloo, and for p < oo
b
Iwlf =0~ 1w =07 (F G- a1 = I FIE-
jeIg jeIg
Therefore, [(p1 ® ... ®@qs @ O)(f)| < |¢lleall @l || £l We conclude by noting that || - ||
is a crossnorm on £4(Iff) = £9(1)*?, so that [|¢[|pe) = llealles - - [[@alles O

Proof of Lemma 2.18. By definition, the result is true for d = 1. The result is then proved
by induction. Assume that for all f € S, f(b=%(- + k)) € S for all k € {0,...,b% — 1}.
Then for f € S, consider the function f(b=*"!(- +k)) with k € {0,...,b%" —1}. We can
write k = bk” + k' for some k' € {0,...,b— 1} and k" € {0,...,b% — 1}. Then for any
z € 0,1),
FO™ o+ k) = fOT0O7 (@ + K) + K1) = g(b7 (z + )

for some g € S, and g(b~*(z + k') = h(x) for some h € S. Therefore f(b=41(- + k)) =
h(-) € S, which ends the proof. O

Proof of Proposition 2.19. For f € S, we have (T1f)(i1,) = f(b~'(- +41)). Then from
Lemma 2.18, we have (T}, f)(i1,-) € S, which implies f € V}1 5. Now assume f € Vi 45
for d € N, ie. Thaf = fd € Viyas. Then fd(il,...,z'd,-) € S and from Lemma 2.18,
Feliy, ... ig, b= (ige1 +-)) € S. Then using Lemma 2.6, we have that

PG, ia b gy + ) = fotualin, . ia tyr(iasr, ) = fotpari(in, .- ias1,-)
, which implies that (7} 441f) (%1, - ., l4+1, ) € S, and therefore f € Vj 411 5. O

Proof of Proposition 2.20. Since 0 € V;, 4.5 for any d, we have 0 € V, 5. For fi, fo € V} g,
there exists di,dy € N such that f; € Vi 4,6 and fo € V,4,5. Letting d = max{d;, d»},
we have from Proposition 2.19 that fi, fo € V44,5, and therefore cf) + fo € Va5 C Vis
for all ¢ € R, which ends the proof. U

Lemma B.2 (Density of Step Functions in LP([0,1))). For any 0 < p < oo, the set of
step functions'? is dense in LP([0,1)).

Proof. The set of simple functions is dense in LP([0,1)) for 0 < p < oo (see, e.g., [62,
Theorem 18.3]). Then it remains to show that the set of step functions is dense in the
set of simple functions. For that, it is sufficient to show that the indicator function 14
of any measurable set in [0,1) (hence with finite measure) is the limit of a sequence
of step functions. For all ¢ > 0, since the Lebesgue measure A is outer regular, there
exists an open set O containing A and such that A\(O \ A) < e. The open set O is the
union of a countable set of disjoint intervals (Iy)ren, O = (oo le- Let n sufficiently
large such that A(Ugs,Ix) < €, and consider the step function f = >, 1;,. For p > 1,

127 step function is a finite linear combination of indicator functions of intervals.
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[La=Fller < lovallr+lo—fllor < 267 Forp < 1, [[La—f? < [ [lowal"+[lo—f|P =
[1loval + 1o — f| < 2¢, and thus [|14 — f||z» < 2"/Pe. This shows the desired result for
any 0 < p < oo. Note that this result only exploits the fact that the Lebesgue measure is
outer regular, and it can be extended to any space LP(R, Bg, m) equipped with an outer
regular measure. O

Proof of Theorem 2.21. By Lemma B.2, it is sufficient to prove that Vp.s is dense in the
set of step functions over [0,1). Consider a step function f =", aZ]l[xl z o) # 0, with
0=xp <ay <...<m, =1, and [[f|} = S aglP (i — 33). Let = b= b,
0 <i < n, and consider the function f; = Z:'L:_ol aill[ dad. ) which is such that f; € Vi 4.

Then, noting that z¢ = o = 0 and z¢ =z, = 1, we have

n—1

n—1
f - fd = Zai(]l[ziﬁle) - ]l[mf (E‘j+1)) = Zai(]l[:pf+1,ri+1) - ]l[x‘li,xl))

=0
- Z - a‘l“rl ]]‘["EZ+1,CE¢+1)'

Then, noting that 0 < x; — mf < b % for all 0 < i < n, we have

n—2 n—1
1f = fall, = Z |a; — ai1 [P(Tig1 — x?—i—l) < 2¢p~1 Z |a;|?
' =0
<20 flp( min (i — )
so that || f — fall, = 0 as d — oo, which ends the proof. O

Proof of Lemma 2.23. (i) If f € S, from Proposition 2.19, we have f € V,, ¢ for any v,
so that 7,,(f) < dimS. Then, using Corollary 2.14, we have r, 4(f) = r,,(f) < dim S.
The other bound 7, 4(f) < b” results from Lemma 2.22.

(ii) The fact that f € V, g5 follows from Proposition 2.19. Then, from Corollary 2.14, we
have that r, ;(f) = 7., (f) for all 1 <v < d. For 1 < v < d, Corollary 2.14 also implies
Ty, (f) = rua(f) and we obtain the desired inequality from Lemma 2.22. For v > d, we
note that r,,(f) = dim U, (T}, f). From Proposition 2.19, we know that T}, f € Vj,.s

{v+1}
for v > d, so that Uf;‘j:l}(Tb,,,f) Cc Sand 7,,(f) < dim(S). The other bound r, 5(f) < b”
results from Lemma 2.22. g

Proof of Lemma 2.25. Let {¢i}1<i<aims be a basis of S, such that for g € LP, Zg(g) =
dlms@m( ), with 07 a linear map from L? to R. For f € P, and x € [b=%,b4(j + 1)),

dim S

Trasf(x) = Z o (b — §)o(f(b (5 + ).

=1

We have f(b~9(j +)) = f(j1, - jar-) with j = S0 0% and f = Tyaf, so that

dim S

Toa(Zoasf)(rs - - Jasy) Z¢z ol(f (s Jar))-
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For f =1 ®...¢p4 ® g, using the linearity of g;, we then have
dim S

Td(Zoa,s(Tyg £)) (s -2 day) = 01(1) - - 0a(ia) (> di(y)oilg))
=1

= ¢1(1) - alia)Zs(9) (),
which proves (2.13). O

APPENDIX C. PROOFS FOR SECTION 3

Proof of Proposition 3.4. (ii). Let ¢4, vp € @, with ¢4 € Vou,.5, v € Via,.s and
w.lo.g. dg > da. Set 14 := ryax(pa) and 15 := rya(@p). Then,

compl(¢a + ¢p) < bda(max(ra, dim S) + r5)* + (max(r4, dim S) + rp) dim S
< 2bdar% + 4bdar? + 4bdA(dim S)? + r4 dim S + rp dim S + (dim S)?
<[4+ 4(dim S)* + dim S]n + 4n* < [8 + 4(dim S)? + dim S]n®.

(). Let Wy denote the principal Branch of the Lambert W function. Recall, that the
multi-valued Lambert function W is the solution to the equation

we =2

for complex valued w and z, with countably many solutions Wy, where W, denotes the
principal branch by convention.
Take n € N large enough such that

da = Lnib)wﬂ [”Qmaxl?b(,bc)iimS}H 22 da:= {@J =

T?nax(SOA) - bQ\‘dTAJ : Thenv

Pick a full-rank function ¢4 € V4, s such that r% =

compl(p4) < bdab® + 5% dim S < 2max {b, dim S} dsb% < n,

by the choice of d4 and the properties of the Lambert W function.

Pick any ¢p € V4,5 With rp == rmax(pp) = 1 and dg = da, so that compl(ypp) =
bdg + dim S < n. Then, v, ¢p € ®,. On the other hand, r4 > rp and from [39] we
can estimate the Lambert W function from below as

Wo {” 2 maXI?b(,b znm S}} 2In {” 2 maxl?lf,bzlim S}} ~inln {” 2 maxl?lf,b ()iim S}}

Then
compl(pa + pp) > bdAri +radim S

> b <¢ _ 1) (bﬁWO["%]*)

B <¢ B 1) (ana;«I{ll)(,b (>hrn S}) {h‘ <n2maxl?b(,b()hm S})l -

The leading term in the latter expression is

In(b) ) In(b) -
- n“ |In(n . )
2bmax {b,dim S’} 2max {b,dim S}
This cannot be bounded by cn for any ¢ > 0 and thus (i) follows. 4
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Proof of Lemma 3.5. Let pa, op € ® with dy := d(p4), dg := d(pp), r* = 14(p4),
rP .= rP(pp) and w.l.o.g. d4 < dp. Then using Lemma 2.23,

dp da dp
comply (v + ¢p) < Z(Tf + 78y < Zr,‘j‘ + (dp — dy)dim S + er

v=1 v=1 v=1
< comply(pa) + comply(¢p)(1 + dim §) < (2 4 dim S)n.

g

Proof of Lemma 3.8. Let pa, op € ®€ with da := d(¢a), dg = d(eB), T = r4(pa),
rP .= rB(pp) and w.lo.g. d4 < dp. Then

dp
compl,(va + ¢p) < b(rf1 + 78 + Z b(rﬁ,1 + 7“,?,1)(7‘,? +rP) + (TC?B + TfB) dim S
k=2
dA dB
=brit + Z brid i 4 'r’g?A dim S +brP + Z briy ry +bry dim S
k=2 _
M Ns
dp
+ Z brit P+ brB it
k=1 _
N
B dp
+ Z br,’?_lr,‘f+ (rg‘B — TZ?A) dim S + Z br,‘;‘_lr,f + brf_lr,‘?.
k=d +1 h ng k=da+1
N5 A ~- o
Ny Ng

Since ¢4, pp € P, we have N; = compl.(p4) < n and Ny = compl.(¢p) < n. Then,
using Lemma 2.12, we have

N3 Sb( dZA(Tfl)2> 1/2(dZA(7”E)2> v + b( dZA(Tf1)2> v < dZA(T‘?>2> v

= k=2 k=2

S A a2 .- B le/ 12
Sb(Zka,ﬂ’k> (Zbrquk > +b<zb7’k 17"k) (Z Tk 17"k>
k=2

<2bcomple(p4)"? comply(wp)'/? < 2bn.
If dy = dp, we have Ny = N5 = Ny = 0. If dy < dp, using Lemma 2.23, we have

N, < (dim S)?b(dp — da) < (dim S)? compl,(pp) < n(dim S)?,
N; < (dim S)? < (dim S) comply(¢4) < ndim S,
dp

Ne < (dim S)( Z bry +br) ;) < 2(dim S) compl(pp) < 2ndim S.
k=da+1

Thus, putting all together
comple(pa + op) < [(dim S)? + 3dim S + 2b + 2|n,

and (P4) is satisfied with ¢ := (dim S)? + 3dim S + 2b + 2. O
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Proof of Lemma 3.11. We have the representation

. . k k ,
Tb,d(@) (217 sty Y Z Z Z Ul Zl d ' d(Zd)UsiiHSOQ(y)

Then, from Lemma 2.6,

Ty a(@)(its - yig y)
r1 rq dim S
. ki/- ka—1,kq /- kd,qT _ . -
- Z e Z Z vt () -+ vy (ta)vg31 Ty a-a(®q) (s, - -5 ig, y)
ki1=1 kg=1 g=1
r1 rq dim S b
k1=1 kg=1 q=1 jg41=1

viﬂ (21) e Udd ' d( ) Ugi 5]d+1 (2d+1> Tb7jfd((pq)(]d+17 1d4+25 - - -5 g, y)>
—_——

kg, (a,0q4+1)
o071 (Gagn)

where T4, € Rb*mex(dimS) — GQince S is closed under b-adic dilation, we know from
Lemma 2.23 that 7,(p,) < dim S for all v € N. Let | = d — d and first assume [ > 2.
Then, T} 5 4(¢,) admits a representation

Tb,c?—d(gpq)(jd+17 ?:d+27 v 7@27 y)
dim S dim S dim S

=3 Sl ) (an) T ey ()
ar1=1 a=1 p=1
dim S dim S dim S

= Z Z Z w52 (Jaris tage) - - w] M (i wl T ep(y)

az=1 a;=1 p=1

with wf52(jar1, iava) = Dney W (Jas1)w§* ** (iays). Then,
Tb7j_d(§0q)(jd+1, ’éd+2, s 72J7 y)
dim S dim S dim S

q,00 (- . q1—1,01—1,% q1,00,p
Z Z Z‘sqqzwm (Jd+1, Tdt2) - - 5qz La W (Zd)wl+1 Sﬁp(y)
- N —

az,q2=1 a,qi=1 p=1 e

_( )s ( ) (a—1,0p1)(qp,0p) . ~(ag,0q),p
d‘i]d+1 92,02 (d+2) 'Ud*l 1:%1—1 Rt (Zg) Ugjl l
with U410 € be(bdimS)x(dimS) T, € be(dims) x (dim S)2 ford+3<v< d and Vg €
. 2 . ga— .
R(mS)™xdimS -~ Then, we have ¢ € Ry gg7(V) With V = (01,..., 04, Vat1, - - -+ Vg41), With

7, defined above for v > d, and 7, = 7, for v < d, Tqy; = bdim S, and 7, = (dim S)? for
d+1 < v < d. From the definition of ©,, we easily deduce that ||vgs1]le, = bllvast|le,
|Dar2llo < B2 (dim S)2, ||B,]le, < b(dim S)3 for d +3 < v < d, and ||[Ugz4|le, < (dim S)3.
Then, for | = d — d > 2, we obtain

d+1 d+1
complg(V ZHUVHZO + Z 100 [l
v=d+2

< bcompls(v) + b*(dim S)? + b(dim S)*(d — d — 2) + (dim S)?.
For [ = 1, we have a representation
dim S

Tyq-a(pq)(Jat1,y Zvd Y ep(y)
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with Vgpo € R(bdlmS)XdlmS such that Uc(l 0Jd+1):P _ ZdimS q,a1 (der )gog,al,p. Then, forl = 17

a1=1
pE Rde’r( ) with v = (vy, .. vd,vd+1,vg+2), and

complg (V) < becomplg(v) + b(dim S)? = bcomplg(v) + b(dim S)*(d — d).
For any [ > 1, we then deduce
complg (V) < becomplg(v) + b*(dim S)*(d — d).

Proof of Lemma 3.12. ¢4 and ¢p admit representations

7’5 dim S

Tha(pc)(iv, - ia,y) Z Y W) o M o e (y),

k’ll kdlql

with C' = A or B. Then, ¢4 + ¢p admit the representation

ritrf  rf+rd dims
. , , ka_1,ka :
Tha(pa+ @B)(i1, - ta,y) = Z e Z Z v (i) oyt (Zd)USLSOq(?J)
ki=1 ka=1 q=1

: Ak Bk
with oft = o if 1 <k <7 and of' = 07" i P < Ky < 40P
/l)Aykl/—17kl/ lf 1 S kl/—lp ky S ,r,f
ku-tvky _ ) By ik if A A B
v, = ! if ri' <ky_1,k, <7r{ 41
0 elsewhere,

ka,q Akaq A ka,q Bkaq s¢ A A B
and vy = v i if 1 < kg < rft and vy = v if rft < kg < rf + . From the

above, we deduce that [|v“ ||, < [[v2]le, + [[0F]]4,, SO that

d+1

complg(v Z |04, < complg(v) < complg(va) + complg(vp).
v=1

g

Proof of Lemma 3.14. For 1 < p < oo, the norm defined in Theorem 2.15 is a reasonable
crossnorm (see Lemma B.1) and thus, in particular, not weaker than the injective norm
on Vy4s. Thus, by [34, Lemma 8.6] TT, (Voas) for » € N? is a weakly closed subset
of LP. Moreover, the set ®,,, with either &, = @ or ®¢, is a finite union of the sets
TTr (Vias) for different d € N and r» € N, Since finite unions of closed sets (in the
weak topology) are closed, it follows that ®,, is weakly closed in L”, and a fortiori, ®,, is
also closed in the strong topology. Since LP is reflexive for 1 < p < oo and ®,, is weakly
closed, ®,, is proximinal in LP (see [34, Theorem 4.28]).

Now consider that S is finite-dimensional and 0 < p < oo. There exists d such that
®,, C Vpas and Vj4g is finite-dimensional. Since ®,, is a closed subset of a finite-

dimensional space V; 4 g, it is proximinal in L for any 0 < p < oo. U

Proof of Proposition 3.18. Consider a function 0 # ¢ € V, g and let d = d(¢) and r =
r(¢). We have

d d
comply(¢) = Z’I“V < br; + Z br,_1r, + bdim S = compl,(y),

v=1 ry=2
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which implies ®¢ C ®V. Also

d—1 d d—1 d
comple(p) < bry + b(z 7’12,)1/2(2 rHY2 £ hdim S < bry + b(z T’V)(Z r,) +bdim S
v=1 v=2 v=1 v=2

<b(> r,)* +bdim S = beomply(¢)* + bdim S,

v=1

which yields ¢ C . .., .. Also, we clearly have complg() < comple(y), which
implies ®¢ C ®S. Now consider any tensor network v € Py 4.5, such that ¢ = Ry 45.(v),
with d(p) < d and 7(¢) < . We have that 7, (¢) < dim{of'(:) e R* : 1 <k <1} <
|v1]lg, and for 2 < v < d, r,(p) < dim{v;(-) € R>*™=1 1 1 < k, < r,} < |lvy]e.

Therefore

d d
comply () = > _7,() <D |[vy[leo < complg(v).
v=1 v=1
The inequality being true for any tensor network v such that ¢ = Ry 4.5,(V), we deduce
compl(¢) < complg(p), which yields &5 ¢ &V, O

Proof of Lemma 3.21. (i). Consider pa,pp € ®%, and let da = d(pa), dg = d(pg),

ra =r(pa) and rg = r(¢p). Assume w.l.o.g. that dy < dg. The function p, admits a
representation

TA
. , Ak Ak: N\ A,
Thanpalin, .- ia,,y) = Z wi (i) .. - Wq k(2d>wd+k1(y)a
k=1
and

TA
. . Ak Ak, - Ak
TbadBSOA(Zb -y ldgs y) = Z wy” (21) Wy (Zd)TbvdB (wdh)(y)
k=1

From the assumption on S, we have TbﬁdB(wfjrkl) of rank 1, so that (T} q,04) < 74. We
easily deduce that 7(p4 + ¢p) <14+ 75 and comply(pa + ¢p) < bdg(ra+re) + (ra+
rp)bdim S < 2n + bra(dg — da) < 2n +n? < 3n?.

(ii). The proof idea is analogous to Proposition 3.4: we take a rank-one tensor pp € ®%
such that dg ~ n and a full-rank tensor p4 € @nR with d4 < dg such that r4 ~ b% ~ n.
Then, as in Proposition 3.4, comply (04 + pB) ~ n?. O

Proof of Lemma 3.22. Let ¢ € ®F d = d(p), r = r(p). The function ¢ admits a
representation

r dimS
. . - k- k- q7k
Toaplin, ..., iq,y) = E E :w1(Z1> - -wd(ld)wd+190q(y)~
k=1 q=1
Letting v; = wy, vgy1 = wgyr and v, € RY>™7 such that vfv-vk = 5ky_1,kywl’f“ for

2 <v <d, and letting r = (r,...,r) € N? we have
r dimS

: 4 : ka_1kas: N, ak
Toap(iv, ... ia,y) = Z . Z Z o (ir) - wy M (i) whi o, (),

ki=1  kg=1 q=1

which proves that Tj 40 € @y 4.5, With

d+1 d+1
compls(p) = Y [vlley = Y lwilley < brd + 7 dim S = complg(¢) < n,
v=1 v=1
that is ¢ € ®2. U
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APPENDIX D. PROOFS FOR SECTION 4

Proof of Proposition 4.13. The bounds for compl,(¢) and compl,(¢) directly follow from
Lemma 4.12. To obtain the bound on the sparse representation complexity, we have
to provide a representation of ¢ in a tensor format. First, we note that the interval
I, = [:17271, xZ) is such that Iy = U;* I} ;, where the I ; are nj contiguous intervals from
b-adic partitions of [0,1), and the minimal n; can be bounded as n, < 2d(b —1). To
illustrate why this bound holds, we refer to Figure 6.

If d is the maximal level, the subsequent partitioning of [0, 1) for levels [ = 0,1,2,...,d
can be represented as a tree, where each vertex has b sons, i.e., each interval is subse-
quently split into b intervals. Then, the end-points 2% , and z? of an arbitrary interval
I}, correspond to two points in this interval partition tree. The task of finding a minimal
sub-partitioning I, = U;*, I} ; is then equivalent to finding the shortest path in this tree,
and 2d represents the longest possible path.

" -
Xy Xy o X
O U e e e ® e ® ® e ® ® e ® ® O O

———

FIGURE 6. Visual representation of different partitioning levels of the in-
terval [0,1), with b =2 and d = 4.

In Figure 6, we depict a scenario close to the “worst case”. In order to reach vertex
2% from vertex % |, at most, we would have to traverse the tree up (towards the root)
and back down. On each level, we would need at most b — 1 horizontal steps. Thus, we
require at most 2d(b — 1) steps to reach z?.

Then, ¢ admits a representation as ¢ = chvzl Z?:’“l sik, with s;  supported on I; ;, and
polynomial on this interval. Let A := (k,i). We have I, = [b%jy, 0% (jx + 1)) for some
dy < d and jy € {0,...,0""" — 1}. By denoting (jx1,.-.,jra,) the representation of jy
in base b, s, admits a tensorization

Tb,d)\ (S)\) = 6jA,1 ®...0 5jA,d/\ @ Pas

with py € P,,,, so that complg(sy) < dy +dim S. From Lemmas 3.11 and 3.12, we deduce
that

N ng N
complg() <Y " b(dy, + dim S) + b*(dim §)*(d — dy;) < 20*(dim S)°d > my
k=1 i=1 k=1

< 4b*(m 4+ 1)3d*N.

Proof of Proposition 4.15. From Lemma 4.14, we have
complyr(Zy g () < d(m+ N) + (d—d)(m+ N) < (m+1)dN + (d — d)(m + N),
comple(Zy gm () < b(m + N) + (d — 1)b(m + N)* + (d — d)b(m + 1)* + b(m + 1)
< 2bd(m + 1)?dN? + (d — d)b(im + 1)°.
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Now we consider the sparse representation complexity. The function ¢ admits a repre-
sentation ¢ = Ry gm.-(V) for some 7 € N” and a tensor network v € P 45, such that
complg(v) = complg(p) and

rq m+1

. . k K q, m
Tb,d(@) (Zla N 7 RN’ Z Z Z U d ! d(zd)vi;iggpq i (y)7

ki=1  kg=1 q=1

with the gpqm“ forming a basis of P;,. From Proposition 4.8, we know that complg(p) <
C1N for some constant C depending only on b and m. Then from (2.13), we have that

Ty a( Ty qm(0)) (1, - - iq, )

rq m+1l

r1
K , . .
= E E E U1 (41) d (g )USifTb,J—d(Zb,J—d,m(@?H))(Zd+17~--JJ,Z/)
ki1=1 kq=1 q=1

rq m—+l1l

DD NI

k1=1 kg=1 q=1 jg41=1

of (i) -+ o )T i) Ty al Todam (05 )) Gasts i 9),
with vijﬂwqm(zdﬂ) — o896, (igs1) such that ||igsi]le = bllvasi]lw. Noting that

"Ly geam(€] ) < 1y (gog”‘“) < m+ 1 for all v € N, and following the proof of
Lemma 3.11, we can prove that for d — d > 2, Ibﬂ_dm(gog”l) admits a representation

Tb,g—d(Ib,J—d,m<gpq))(.derl? id+27 v 7iz{7 y)
m+41 m+1 m+1

= D Y S i) e a0 )

az,q2=1 a,qi=1 p=1

with the ¢, forming a basis of P,,, and with Ty, € RPXCntD)x(m+1)? 75 - Rox(mt1)?x(m+1)*
for d+3 < v <d, and 7z,, € RO"D**m+1)  Then, we have Ibdm(w) = Ry gmr(V) with
V= (01,...,04,0ds1, - - .,Ugy,) such that

complS(Ib@m(gO)) < beomplg(p) + b*(m + 1)* + b(m + 1)*(d — d — 2) + (m + 1)*(m + 1)
< max{b, m + 1}(complg(p) + b(m + 1)*
+ (m+ 1)Nd —d —2) + (m + 1)?)
< max{b,m + 1}(complg(p) + b(m + 1)*(d — d)).

For d — d = 1, we have the representation
m—+1

Ty (SO?H (Jar1,y Zvd%dﬂ p(Y)

with some g, € REMHDXMmHED  Then for d —d = 1, ¢ € Ry 65(V) with v =
(01, ., V4, Ugs1,Vg4a), and
compls (T 1,0(#)) < beomply(v) + b + 1)(m + 1)
< max{b, m + 1}(complg(v) + b(m + 1)(d — d)).

Finally for d = d, we simply have Tyq-dm = Im, and we can show that 7, ;,,(¢) =
Ry (V1 -y Vds Var1) With [[Ug41le0 < (m+ 1)[[vasr]le, so that

compls (Zy,gm(¢)) < (m + 1) complg(v).
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Then for any d> d, we have
compls(T, g,n()) < mac{b,m -+ 1} (compls() + biim + 1'(d - d)),
and we conclude by using complg(y) < C1N. O

APPENDIX E. PROOFS FOR SECTION 5

Proof of Lemma 5.1. From (2.13), we know that s := 7, 4,5 f admits a tensorization s :=
Tyas = (idp,..qp @ L) f, with f = T, 4f and where idgy, g : (RB)®4 — (RP)®4 is the
identity. Then,

Tya(f Z 0 ® ... ® 05, ® (9 — Imgj),

jelg

with ¢; = f(j1,...,J4,-). Using the property (4.1) of operator Z, with a constant C
depending on m and p, we have

19; — Zagjllp < Clgjlwmsrs = C| D™ g,

Then, using Theorem 2.15, we have for p < oo

1f = sllp =D b7lg; = Zagslly < C7 Y b~ D™ gyllp = CP | (idyu,...qy © D) FI

jGI{f jEId
and
[f = slloo = I;é%l\gj Tngilloo < CmaXHDm“gJHoo < C|l(idq,..ay @ D) flloo-
b

Then, from Theorem 2.15 we deduce

1f = sllp < Cll(idq,..qy @ D™ ) fllp = CO V|| flywmsrn.

For d > d, we obtain from Lemma 2.6 and (2.13) that
TyaZygmTya = TodT,, b (ld{1 a3 O L) Ty i,

,,,,,,,,,,

jelg
which yields
de S —'8 2{: Q§<2;hgﬁ'_'1%d¥dnn1%ﬁh)‘
jerg

From the property (4.1) of Z,,,, with a constant C depending on m and p, and the property
of Z;,, we obtain

HImgj - Ib,de,mImngp < ébi(did)(mﬂ)’Imgjlwm“’p
< Ch= @D (1g1 s+ Clgslymins) -

In the same Way as above, we deduce

----------

= C b m+1)(b d m+1 ’f|Wm+l,p _'_ b m+1 ’f|Wr_n+l,p)7

with C" = é’max{l, C'} depending on m, m and p, which completes the proof. O
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Proof of Lemma 5.4. The proof is a modification of the proof of Petrushev for free knot
splines (see [19, Chapter 12, Theorem 8.2]). The first step is the optimal selection of n
intervals that, in a sense, balances out the Besov norm |f|z. . In this step, unlike in the

case of classic free knot splines, we are restricted to b-adic knots. The second step is a
polynomial approximation over each interval and is essentially the same as with free knot
splines. We demonstrate this step here as well for completeness.

First, we define a set function that we will use for the selection of the n — 1 b-adic
knots. Let k:= |a] + 1 and

1
M" :_/ 7w (f, 1T dt,
0

where wy, is the averaged modulus of smoothness, i.e.,

1 /[ ;
w07 =1 [ Ak an

By [19, Chapters 2 and 12], M is equivalent to |f|g. -
Let ’

t= 2| Ak f)(z)|” if h € [0,t] and x € [0,1 — kh],
0 elsewhere.

1 ool 1
M7 :/ / / g(z, h,t) dmdhdt:/ G(x)dx,
o Jo Jo 0

0 1
G(z) == / / g(x,h,t)dhdt.
o Jo
The aforementioned set function is then defined as
t
Qt) := / G(z) dz.
0

This function is positive, continuous and monotonically increasing with

Q0)=0 and Q1) =M~ |f[}, .

g(x,h,t) = {

Then,

Thus, we can pick N intervals [;, i =1,..., N, with disjoint interiors such that
N
MT
U I; =0,1] and / G(z)dr = .
i=1 Li N

This would have been the optimal knot selection for free knot splines. For our purposes
we need to restrict the intervals to b-adic knots. More precisely, we show that with
restricted intervals we can get arbitrarily close to the optimal choice.

Let ¢ > 0 be arbitrary. Starting with i = 1, due to the properties of the function Q(-),
we can pick a b-adic interval I7 with left end point 0 such that

(E.1) / G(z)dz < ]\fv g/ Glr)da + =

I I

For I5, we set the left endpoint equal to the right endpoint of I and choose the right
endpoint of I5 as a b-adic knot such that (E.1) is satisfied for I5. Repeating this procedure
until 5, we get

N —1 N -1
/ G(x)dr < M < / G(z)dx + €.
Ui N UXs o N

1=1 7
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Taking [ as the remaining interval such that |, If = [0, 1], we have

/ G(z)dx = M".
U, Iz

1=1"1

For the last interval we see that

M
>
N
and
N-1 1
- M7 — <M - (M —e)< —M" +e.
Qéqwm M A&WQ@M_M N(M Q_NM+5

Finally, we apply polynomial approximation over each I7. There exist polynomials F;
of degree < m over each I such that for f; := f[;: (see [19, Chapter 12, Theorem 8.1])

1 T N
NM’ Z—l,...,N—l,

i — B0 () <Cfilge (I7)<C" | Glz)dx <’
i = Bl (1) < C7|flfy (1) < €' | G@)ar < {%MT+& N

I;

where ||-|| (If) means we take norms over I¢ only. Setting s = SN, Pl = and since
p/T > 1, we obtain

N /T
1 p
_SlP — . || (7€ _ -p/T —M"
| f sHp ;:1 | fi PZHp (I{) < (N —=1)CMPNPIT + (NM +e)

1
< (N —1)CMPN~P/T 4 gp/7-1 ((NMT)Z’/T + sp/T>

< max {C, 271} (MPN1P/7 4 e/

Since the constant is independent of € and e can be chosen arbitrarily small, we obtain
(5.6). O

Proof of Lemma 5.6. Let fi, := f1;,. By the Holder inequality

nmmzlnmmwms(AWﬂ@W@)W(Agguf

AN={k=1,...,N: |It]| > o(e)}.

We choose

Then,
D Nl < N Flbs Noe)Ve < ev.
kg A

For s, we thus estimate

If =3l = Z [ fx = silly + Z [ £l < 2P,

keA kgA
O

Proof of Lemma 5.10. Let P € IP5 be arbitrary and set s := Z; 4, P. From Lemma 5.1,
we obtain

(E.2) 1P — s[l, < Cyp= 9D || Pl -
From Lemma 4.1 we can estimate the complexity of s € V4 4, as
n = compla(s) < b* +b(d — 1)(m + 1)* + (m + 1),
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or

i> n—"0"+bm+1)*— (m+1)>
= b(m + 1)? '

Inserting into (E.2)
_%12" m+1
|P = sll, < Cob™ wns=" | PO
Analogously for compl,,
n = comply (s) < d(m + 1),
and

|P s, < Cob~Grin™ || P

Proof of Theorem 5.11. Set
M = sup [f(2)],

z€D,
and m € N. From [19, Chapter 7, Theorem 8.1], we know

oM,
. i - < —pm
(E-3) Al M= Plloo < Z—3¢

We aim at approximating an arbitrary polynomial of degree m within V4 ,,,. W.l.o.g. we
can assume m > m, since otherwise P, C Vj ..
From (E.2) we know

(E.4) P — s, < Cyb~dm+h ||p(m+1)H

oo’

for a spline s = 7 4., P of degree m. To estimate the derivatives HP(mH) HOO, we further
specify P. Let P be the sum of Chebyshev polynomials from [19, Chapter 7, Theorem
8.1] used to derive (E.3). Le., since f is assumed to be analytic, we can expand f into a
series

flz) = %ao +Y " aCi(x),
k=1

where C} are Chebyshev polynomials of the first kind of degree k. We set P = P, with

1 m
(E.5) Poy = 500 + Z akCl,
k=1
which is such that
2M
(E.6) |f = Penllp < P

™) e get by standard estimates (see, e.g., [40])

K202 —1) - (k2 — m?)
= @2m+1) 1)
60
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And thus, for any 1 < py < p,

(m+1) 1 u“ 2/1.2 2 2
e < @m+1)— 1)! kz+1|a’“|k W= =)
e R

For m — oo, this series converges to a constant dependmg on M, m and p.
We can now combine both estimates for the final approximation error. We first consider
the approximation error ES(f)s. Let n € N be large enough such that

d:= Lb_lnl/?’ — (m+ 1)n_2/3J > 1,
mo= [nt?—1] > 1.

For this choice of d and m, let s € V}, 4., be the interpolant of degree m of the Chebyshev
polynomial Pgy, from (E.5). Then from Proposition 4.4, we obtain

comply(s) < bd(m + 1)* +b(m + 1) < n,

and thus s € ®,,. Moreover, by (E.4) and (E.6),

2M .
EC< ) < ||f PChH + ||PCh —3” < ﬁp_m"‘olb d(m+1) H ( +1) H

< Cyfmin(p, b+ /)

The result for ES(f)s follows from ®¢ C ®5. Now we consider the case of FV(f)s. Let
n € N be large enough such that d := [n'/?] > 1 and m = [n'/? — 1] > 1. Then from
Proposition 4.4, we obtain

comply(s) < d(m+1) <n

Moreover, by (E.4) and (E.6),

[1]

2M
fzy(f)a>fé————Ip‘"‘+.cqb—d0n+1)H}%QHJ)H < Chlmin(p, b)Y
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