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Introduction

We are living in a digital age where the amount of data humanity is
creating increases constantly. On average, the stunning amount of
1134000 terabytes or 1.134 exabytes is generated globally each day.
This number is expected to rise to about 463 exabytes per day in 2025.
In the area of machine learning, we create models based on data we
have available with the goal to make predictions for unknown cases.
Today, the applications are rising inflationary and these models are
present in our everyday life as never before with data sets becoming
ever more high-dimensional. These models may bring advancement
even for crucial tasks such as the prevention of forest fires in a world
influenced by climate change.

In a supervised learning setting, we have labeled data available
for training a model that is able to predict the labels on future data.
This is the setting we focus on in this work. Here, we have a close
relationship to approximation theory since we may assume that an
unknown underlying function maps each data point to its label. It is
this function that we want to learn or approximate. In the classical
function approximation sense, our data are nodes in the domain and
the label is represented by the value of the function at the respective
node.
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When we consider the approximation of a function with high di-
mension, the most fundamental issue is the curse of dimensionality, as
Richard Bellman first described it, see [Bel72]. The curse says that with
increasing dimension, we need an exponentially increasing amount
of data to achieve reasonable accuracy. For a rigorous mathematical
formulation of the curse, we refer to [NW08]. It quickly prevents the
application of straightforward methods for approximation when the
dimension rises. For a single problem with spatial dimension 40 and
two points in each dimension, we have 240 ~ 2 - 10!2 which is not going
to be feasible, even with the huge amount of data we have today. There-
fore, it is a necessity to find ways around this curse, e.g., by making
further assumptions that fit the problem.

Moreover, the question of interpretability in the context of explainable
artificial intelligence is gaining significant traction. We want to know
how the predictions come to pass and which attributes are the most
influential. This gives us not only a possibility to make modifications
trying to achieve a certain outcome, but also to discard the measurement
of unimportant attributes that may be expensive. Many well-known and
proven methods in machine learning, e.g., support vector machines,
neural networks, and decision trees, cf. [SC08, HTF13, Aggl5], do
not intrinsically allow for interpretation. However, there is rather
current research on the interpretability of these methods, see e.g.
[MSM18, Sam19]. Moreover, we have approaches from statistics with
regard to interpretability like the estimation of mutual information, see
[KSGO04, Ros14].

We focus solely on a scenario with scattered data in this work, i.e., the
nodes are either drawn randomly or they are given to us in applications.
We refer to [Wen04] for a an overview of this topic and [Buh03] with a
special focus on kernel methods with radial basis function kernels. In
the case of active learning or black-box approximation, it would be possible
to choose a sampling scheme for a function. For active learning, we
have seen the development of many reliable methods such as sparse
grids, cf. [Heg03, BG04, GH14], or rank-1 lattices, see e.g. [S]94, Kdm13,
KPV15, CKNS20]. A rank-1 lattice represents a sampling scheme with
a simple structure that transforms the evaluation of a high-dimensional
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function to the computation of a single fast Fourier transform. They have
been used in the integration as well as the approximation of functions
where the lattice is generated by an efficient component-by-component
construction, see e.g. [CNO07].

In this work, we present a method for the approximation of high-
dimensional functions and data that is built around the concept of
interpretability. What are the requirements on this method? The first
requirement is straightforward that the method should produce an
approximation that is close to the original function, in the case of
function approximation, or generalizes well to new data. As the second
requirement, we want to be able to evaluate the approximation fast on a
large number of new nodes or data points. Those two requirements are
nothing surprising and every machine learning method should fulfill
them. However, we add interpretability as the third requirement, i.e.,
the ability to determine how the variables interact and how important
their contribution is. This provides us with a powerful tool to analyze
and understand the data set. Using, e.g., an attribute ranking, we may
identify important and unimportant variables. As the fourth and final
requirement, we want to have the ability to incorporate the information
we gained through this interpretation to improve the model.

Our method consists of three major components which we introduce
in the following. The fist crucial component of the method is the
multivariate classical analysis of variance (ANOVA) decomposition, cf.
[CMO97, RFA99, Gri06, LO06, Hol11] and [Owel3, Appendix A] for an
overview. The ANOVA decomposition is an important model in the
analysis of dimension interactions of multivariate, high-dimensional
functions. It decomposes a d-variate function f into 2 ANOVA terms

fu as
f= > h
uc{1,2,...,d}

where each term is uniquely identified by a subset of the coordinate
indices {1,2,...,d}. The decomposition has shown to be a useful
tool in the study of the success of certain quadrature methods for the
integration of high- and infinite-dimensional functions, see [Nie92,
BG04, GH10, BG14, GKS16, KNP*17]. The directly related global
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sensitivity indices or Sobol indices, cf. [Sob90, Sob01, LO06], provide
the necessary means for interpretation. They assign each ANOVA
term a value of how much they relatively contribute to the variance
of the function. We investigate the connection of the classical ANOVA
decomposition to orthonormal bases in weighted Lebesgue spaces L,
and show interesting relationships to the support of the index of the
basis coefficients.

Our approach around the curse of dimensionality is also motivated
by the decomposition. In fact, we assume sparsity in the ANOVA
decomposition related to the concept of superposition dimension. In
other words, we remove ANOVA terms where more than d; < d
variables interact such that

fr D fa
}

uc{1,2,....d
[u]<ds

This is a sensible assumptions for functions of certain smoothness types,
e.g., dominating-mixed smoothness, cf. [PS21a], but also for data sets
from applications. Here, the sparsity-of-effects principle tells us that
many real world systems are dominated by a small number of low-
complexity interactions, see e.g. [WH11, HSS*21]. This technique is
also related to low-dimensional structures and active subspace methods
[FSV12, CDW14, CEHW17] as well as random features [RR08, CJJ12,
YLM™*12, LTOS19, HSS*21]. The method of sparse random features in
[HSS*21] goes into a similar direction with the difference that weights
or basis functions are drawn at random and a different optimization
problem is considered. The ShRIMP method has also recently combined
this approach with iterative magnitude pruning, cf. [XSSW21].
Discrete transformations such as the discrete Fourier transform, the
discrete cosine transform, and others are of great importance in a
variety of applications from applied mathematics and other sciences.
They are the basis for algorithms like the fast Fourier transform (FFT)
and the fast cosine transform (FCT), cf. [Bri88, PPST18]. The FFT
itself is certainly one of the most important algorithms today. The
non-equispaced fast Fourier transform (NFFT) and the non-equispaced
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fast cosine transform (NFCT) represent extensions of this concept that
allow for non-equispaced spatial nodes, cf. [KKP09, PPST18, KKP].
The complexity of these algorithms depends on the size of the index
set which grows exponentially in the dimension for many common
examples. In relation to the sparse ANOVA decomposition, we propose
a form of index set, the grouped index set, that fits this decomposition.
The second component of our approximation method are the grouped
transformations from [BPS22]. They represent an extension of NFFT
and NFCT in order to perform fast transformations with grouped
index sets and non-equispaced nodes. The basis for the method is to
break down one high-dimensional transformation into multiple low-
dimensional transformations. Inaddition, itis possible to compute these
transformations simultaneously which enables us to use parallelization.

Finally, we combine the previous ideas and approximate our function
via solving a least-squares problem of the form

2
min ||y -F f

f &
which represents our third and final component. We employ the
iterative LSQR algorithm, cf. [PS82, Bj696], in a matrix-free variant.
The system matrix F itself is never explicitly constructed, but the
fast grouped transformation algorithms serve as an oracle function
that delivers the result of matrix-vector multiplications with F and
its adjoint. We also incorporate regularization into the problem that
additionally allows us to use a priori information about the smoothness
of the function if it is given. Furthermore, we analyze the condition
of the matrices based on the matrix Chernoff bound by Tropp, see
[Trol1], as well as the errors of the method with two approaches.
To this end, we assume randomly generated nodes according to a
distribution corresponding to the underlying function space and make
use of concentration inequalities. First, we consider the worst-case error
for classes of functions in smoothness spaces and show probabilistic
error bounds. The results are an extension of [KUV21, MU21] in our
setting. The error for individual function approximation is considered
as the second setting with the help of Bernstein’s inequality, cf. [SCOS,
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Chapter 6]. In the case of sparse grids as sampling schemes, such errors
have been discussed in [Boh17]. For hyperbolic wavelet regression, this
has recently been considered in [LPU21].

In order to demonstrate the applicability of the method, we perform
numerical experiments with synthetic and real data. Synthetic data
represents the approximation of a given function where the nodes as
data points are generated randomly in the domain and the function is
evaluated at these points. In the case of real data, we apply our method
to publicly available regression data sets. In both settings, we compare
our results to benchmark data from published articles.

Outline of the Thesis

Chapter 2: The Classical ANOVA Decomposition

Chapter 2 is concerned with the introduction of the classical ANOVA
decomposition and its properties. In Section 2.1, we discuss weighted
Lebesgue spaces and orthonormal systems as well as some of the
surrounding important theory as preliminaries. Section 2.1.1 lies
emphasis on the spaces that characterize smoothness through the
decay of the basis coefficients such as Sobolev type spaces and weighted
Wiener spaces. Examples for spaces with complete orthonormal systems
that will be important for our method are provided in Section 2.1.2.
The approximation of functions by partial sums is briefly discussed in
Section 2.1.3.

The main goal of Section 2.2 is to expand the results of [PS21a] for
periodic functions, and [PS22a] for the Chebyshev system. In these
works, we proposed a new Fourier approach to understanding the
ANOVA decomposition. Here, we aim to generalize this approach to the
setting of complete orthonormal systems in weighted Lebesgue spaces.
We introduce the integral projection and the ANOVA terms leading
to the classical ANOVA decomposition. Specifically, we investigate
the relationship between the decomposition and the basis coefficients
culminating in Lemma 2.14 and Lemma 2.17. Moreover, we show that
functions inherit their smoothness, i.e., the decay properties of the basis
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coefficients, to projections and ANOVA terms in Theorem 2.21 and
Theorem 2.22.

Section 2.3 is concerned with the interpretability of the ANOVA
decomposition using Sobol indices. We discuss notions of effective
dimension and specifically how the superposition dimension as one
such notion may lead to sparsity in the decomposition. This motivates
the introduction of the truncated ANOVA decomposition. Here, we are
able to find a relationship to the basis coefficients in Lemma 2.24 and a
direct formula in Theorem 2.25. In order to connect the smoothness of
the function to the concept of low-dimensional interactions, we use a
previously proposed worst-case version of the superposition dimension
for the Sobolev type space. In this setting, Lemma 2.28 connects this
worst-case version with the truncation error of the truncated ANOVA
decomposition. Theorem 2.29 and Theorem 2.30 provide general
bounds for this truncation error. When considering the important
special case of dominating-mixed and isotropic smoothness, we have
the bounds in Corollary 2.32 and Corollary 2.33 which imply that the
worst-case superposition dimension is low for this class of functions.

Chapter 3: Fast Multiplication with Grouped
Transformations

In Chapter 3, we introduce the grouped transformations from [BPS22]
in a general setting. Section 3.1 provides the foundation for this by
reiterating on the non-equispaced discrete Fourier transform (NDFT)
and the non-equispaced discrete cosine transform (NDCT) as well as
their fast algorithms NFFT and NFCT.

Section 3.2 is concerned with the grouped transformations making a
distinction between the periodic and non-periodic case. In Section 3.2.1,
we relate the sparsity in the ANOVA decomposition to a specific
structure in index sets, culminating in Definition 3.3, the grouped index
set, and the analysis of its properties. Section 3.2.2 introduces the
details of the grouped transformation. Specifically, we go into detail
about the matrix structure and how to decompose the high-dimensional
transformation into multiple low-dimensional transformations. As a
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result, we obtain Algorithm 3.1 and its counterpart for the adjoint
multiplication Algorithm 3.2. The algorithm is implemented as a
publicly available package for the programming language Julia which
is addressed in Section 3.2.3.

Chapter 4: High-Dimensional Explainable ANOVA
Approximation

Chapter 4 combines the classical ANOVA decomposition and the
grouped transformations into our approximation method. InSection 4.1,
we discuss how the method uses LSQR to solve a least-squares problem
with the goal to determine approximations of the basis coefficients of
our unknown function. In the case of a real data set, we refer to the
unknown underlying function that maps input to output. Here, the
relationship between the number of nodes and the number of basis
functions for the approximation is crucial. We distinguish between the
overdetermined and the underdetermined case. In an overdetermined
setting, Theorem 4.2 and Corollary 4.3 provide upper and lower bounds
on the spectral norm of the Moore-Penrose of our system matrix. In the
case of an underdetermined setting, we introduce regularization that is
capable of incorporating a priori information about the decay of the
basis coefficients, i.e., the smoothness of the function.

Section 4.2 introduces the method with its interpretation capabilities
that allow us to perform a refitting, i.e., using structural information to
obtain a better approximation. This is summarized in Algorithm 4.1.
In Section 4.2.1, we go into detail about different strategies for detecting
important ANOVA terms and recognizing the potential sparsity in the
decomposition. Specifically, we propose a new method for obtaining
attribute rankings. Section 4.3 is concerned with approximation errors,
i.e., the worst-case error for functions from smoothness spaces and the
individual approximation error. Theorem 4.10 considers the worst-case
error bound for L, in Sobolev type spaces while Theorem 4.11 gives us
a bound in weighted Wiener spaces. We consider the bounds in the
context of functions of dominating-mixed smoothness as an important
special case. Theorem 4.12 and Theorem 4.13 give bounds on the indi-
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vidual approximation error for L, and L, with the help of Bernstein’s
inequality. However, this may again grant insight for functions in
smoothness spaces when we are unaware of the L., worst-case error,
see Corollary 4.14 and Corollary 4.15. Additional information on the
importance of ANOVA terms can be incorporated using Theorem 4.16
and Theorem 4.17. The method and all the related tools are imple-
mented in a publicly available package for the programming language
Julia.

Chapter 5: Numerical Experiments with Synthetic Data

Chapter 5 is concerned with demonstrating the applicability of our
method for function approximation, i.e., as data we have nodes in
the domain drawn i.i.d. at random according to the corresponding
distribution. The function is then evaluated at these nodes and for
some experiments we add Gaussian noise. As benchmark function,
we use a 9-dimensional periodic function in Section 5.1 which is a
sum of products of univariate B-splines, see also [PV16] where a
similar function appears. We also consider a related 8-dimensional
non-periodic function in Section 5.2. As a final example, we use the well-
known Friedman 1, Friedman 2, and Friedman 3 functions in Section 5.3,
see e.g. [MLHO03, BGM09, BDL11]. We apply different methods from
Section 4.2.1 for the detection of important ANOVA terms and use
refitting to obtain our approximations. For the Friedman functions, we
compare our results to popular machine learning methods and mutual
information estimation as a different form of attribute ranking.

Chapter 6: Numerical Experiments with Real Data

In Chapter 6, we perform experiments with our method on real data
sets that are publicly available. Here, we rely on data sets from the
UCI repository [DG17] and from the website [Tor]. The data sets
include forest fire prevention, house energy prediction, air-foil self-
noise prediction, and house price prediction. Moreover, we consider
a data set about the control action on the ailerons of an F16 airplane.
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The strategies from Section 4.2.1 are applied to detect importance
information about the attributes and their interactions. All results
are compared to published benchmark experiments with well-known
machine learning methods.

Chapter 7: Conclusion

We summarize the main results of this work in Chapter 7.
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The Classical ANOVA Decomposition

The analysis of variance (ANOVA) decomposition, see e.g. [CMO97,
RFA99, Gri06, LO06, Holl1], represents an important model in the
analysis of dimension interactions of multivariate, high-dimensional
functions. It was also a major tool in understanding the reason behind
the success of quadrature methods for high-dimensional integration
[Nie92, BG04, GH10] as well as infinite-dimensional integration [BG14,
GKS16, KNP*17]. The ANOVA decomposition decomposes a d-variate
function in 2¢ ANOVA terms where each term belongs to a subset
of coordinate indices [d] := {1,2,...,d}. Each single term depends
only on the variables in the corresponding subset and the number of
these variables is the order of the ANOVA term. In this chapter, we
study the classical ANOVA decomposition for functions in weighted
Lebesgue spaces with orthonormal bases - periodic and non-periodic
- and how it acts on the frequency domain. The decomposition is
referred to as classical because we choose an integral projection operator.
In this setting, we discuss relationships between ANOVA terms and
the support of the basis indices as subsets of Z?. Moreover, we prove
formulas for the representation of ANOVA terms and projections. The
chapter is based on results from [PS21a] for periodic functions and

21
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[PS22a] for non-periodic functions.

In Section 2.1, we discuss weighted Lebesgue spaces and necessary
functional analytic foundations for our theory. Smoothness spaces
based on the decay of basis coefficients are considered as well. The
ANOVA decomposition will be introduced in Section 2.2 and we study
its behavior with regard to orthonormal bases in weighted Lebesgue
spaces. Lemma 2.14 and Lemma 2.17 based on [PS21a] show how
the projection operator and the ANOVA terms are represented in
the frequency domain. Moreover, we show in Theorem 2.21 and
Theorem 2.22 that functions in our setting inherit their smoothness
to the projections and the ANOVA terms. In Section 2.3, we discuss
the important interpretability properties of the decomposition with
regard to effective dimensions and certain truncation ideas. These
will be particularly relevant for the explainable approximation method
in Chapter 4. We also provide a connection between the truncated
decomposition and the basis expansion of the function in Lemma 2.24.

The worst-case superposition dimension relates the smoothness of the
function in form of a Sobolev type space to the superposition dimension.
In Lemma 2.28, we show the connection to the L, truncation error in the
Sobolev type space. Subsequently, we discuss the worst-case ANOVA
truncation error in L, in Theorem 2.29 and L, in Theorem 2.30. As an
important example, we consider product and order-dependent weights,
see [KS512, GKN*14, KN16, GKN*18], of functions with isotropic and
dominating-mixed smoothness, cf. [GH14, KPV15, BKUV17], an derive
Corollary 2.32 and Corollary 2.33.

2.1 Weighted Lebesgue Spaces and
Orthonormal Systems

In this section, we discuss weighted Lebesgue spaces and their im-
portant properties as well as complete orthonormal systems and basis
expansions. Together with the idea of product spaces we lay the foun-
dation for our later considerations of the ANOVA decomposition in
Section 2.2. We use the well-known book by Werner [Werl8] as our
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reference for functional analysis and [CK04] for Lebesgue spaces in
particular. We also consider Sobolev spaces, see e.g. [Ada03], in the
variant of Sobolev type spaces, cf. [KMU16], and weighted Wiener
spaces, see [BD73, KLT21], which relate the smoothness of a function
to the decay of its basis coefficients.

In the following, we define the Lebesgue function spaces and the
corresponding sequence spaces.

Definition 2.1. Let p € [1,00], D € {T,[-1,1],[0,1],R}, and w: D? —
(0, 00) a probability measure with

‘/]Dd w(x)dx =1

where T = R /7 is the torus. We define the weighted Lebesgue spaces with
spatial dimension d € N as

Lp(Dd,w) = {f DY — C measurable: / If ()P w(x)dx < oo}
DA

for p < oo and

Lo(D?) := { f: D - C measurable: esssupp |f(x)| < .
xeD4
For the weight function w = 1, we write
L,(DY) = L,(D4,1).

The corresponding norms are given by

1

v
1l ot 0 = (/Dd If ()l dx) for p <oo and
£l ey = esssupp |f(x)].

xeDd

Additionally, 1,(D?, w) is a separable Hilbert space with scalar product

fr it = /D f@gWe@dy, f,g € LoD, w).
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Under our assumption that we have a probability measure @ in
Definition 2.1, we have the embeddings

L,(D% w) CLy(D%, ), 1<g<p<oo, and
Lo(D?) € L,(D%, ), 1< p < o0,
see e.g. [Vil85, CK04]. Moreover, the continuous functions C (Dd) with

compact domain D are bounded and therefore elements of Lo, (D).

Definition 2.2. Let p € [1,00]. Then we define the Lebesgue sequence
spaces as

=1 (x));z €C: ) il < o0

jEZ

for p < oo and

U :

{(xj)/ez cC s‘up|xj| < Oo}‘
jEZ
The norms are given by

o (Z;’ez |x]~’p)% tp <

SUPjez | Fp =

||(xf)jeZ 6,

Additionally, €, is a separable Hilbert space with scalar product

<(xj)jeZ’ (yj)jez>fz = Z X Yjs (xf)jez' (yf)jEZ €b.
jezd

We consider the norms ||x|| 0 also for finite vectors x € R?, d € N.
The Lebesgue sequence spaces are embedded with

b, Cly for 1<p<g<oo,

see e.g. [Tre06].
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We consider the separable Hilbert space L,(D?, w) which is where
we later apply the ANOVA decomposition. Since the space has the
property of separability, we know that there exists a countable complete
orthonormal system or basis and we have Parseval’s identity.

Definition 2.3. Let H be a separable Hilbert space with scalar product (-, )¢

and induced norm |||l = (-, Yo A sequence of elements (Qi)xez € H is
called complete orthonormal system or basis in H if

1 :k=¢

, :6 =

and

f= e o

keZ

holds for all elements f € H. We denote with

() =, prn k €Z,
the basis coefficients of f with respect to the system (i)} ;-

Theorem 2.4 (Parseval’s identity). Let H be a separable Hilbert space with
orthonormal basis (¢k )kez. Then

Wl = | e PP
keZ

Proof. see e.g. [Werl8, Chapter V] |

holds for all f € H.

In the case of product spaces, we are able to construct a basis
from the one-dimensional case. To this end, we consider d = 1 with
probability measure w, i.e., the space Ly(D, w) for a domain D €
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{T,[-1,1],[0,1], R} and orthonormal basis (¢ )kez. For d > 1 it follows
that the product space Lo(D?, @?) with product density

d
wD(x) = ﬂ w(x))
j=1
has the basis ((pgcd)) kezd With
P d
o () = [ | pi(x)), 1)
j=1

see e.g. the product topology in [Hoc88].

2.1.1 Smoothness and Weighted Decay

In this section, we aim to characterize the smoothness of a function
in relation to the function space by the decay of its basis coefficients.
Here, we always consider a product space Lo(D4, @) for spatial

dimension d € N with an orthonormal basis ((p;cd)) kezd. We assume that
(p;(d), k € Z%, are bounded continuous functions such that we have a
bounded orthonormal system (BOS) with

(d)

Py < o0 (2.2)

Lo (D4)

Cgos = sup
kezd
for the BOS constant. Note that if our domain ID is compact, then every
continuous function is also bounded.
Given a weight function w: Z? — [1, o), we introduce the weighted
Wiener spaces

A D, w@) = {f e LiD?, 0?): > wlk) lex(f)] < oo} (2.3)

kezd

1 Nl e oy =, ) ek ()]

kezd
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with AY (DY) = AY(D4,1) as well as AD4, @) = AYDA, 0@).
Note that A (D, w?) is called Wiener Algebra for D = T and 0@ =1,
cf. [BD73], which motivates the term weighted Wiener spaces, see also
[KLT21]. We have the apparent embeddings

AYD, 0Dy ¢ A, 0 W) C Loo(DY).

The embedding into L, follows from the estimate

||f||Lm(Dd) = esssupp
xeDA

D ke )

kezd

< Cros ), lex(f)|

kezd
= Cgos ”f“y{(]Dd,w(d)) :

Moreover, we define the space

HY(D?, @) = { feLyDd?, 09): Z w?(k) |cx(f)* < oo} (2.4)

kezd

1 Moot oy = | D w2(k) lex(FI

kezd

with H?(D?) := H*(D%, 1) which may be referred to as Sobolev type
space or also weighted Korobov space, see e.g. [SW01, KMU16, DTU18].
In this setting, we have that the absolute value of the basis coefficients
|cx(f)| decays like the inverse of the weight w(k) and specifically
lck(f)] € o(w™!(k)). In the following lemma, we show that functions in
AP (D, w®) also have continuous representatives.

Lemma 2.5. Let Ly(D4, ©?) be a weighted Lebesgue product space as in

Definition 2.1 with an orthonormal basis ((pgcd) kezd of bounded continuous
functions such that Cpos < oco. Then every element of the corresponding
weighted Wiener space A(D, @) has a continuous representative.

Proof. We prove that for ¢ € A(D, w@), the function
h(x) = Z ck(g)(pgcd)(x)

kezd
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is this representative. This sum converges absolutely to ¢ since it is an
element of the Wiener algebra A, 0@). Since the basis functions

(pgcd) are bounded and continuous, the absolute convergence implies
the convergence in the space of bounded continuous functions which
proves our statement. u

Lemma 2.6. Let w: Z¢ — [1, ) be a weight function with (w™'(k))xezs €
ty. Then H*(D4, 0 @) € A(DA, w@).

Proof. The result follows directly by the Cauchy-Schwarz inequality

DIkl = 3, w7 ) k) el < Wl | @ 2(K).
kezd kezd kezd

Lemma 2.5 and Lemma 2.6 imply that every f € H?(D, o@) with
(w1 (k))kezs € £ has a continuous representative.

Lemma2.7. Letw: Z¢ — [1, 00) beaweight function. Then A (D4, w@D) C
H*(D?, w@).

Proof. This follows directly from embeddings of the Lebesgue sequence
spaces, i.e., we have for the norm ||-||,, < ||Il- |

In the following, we discuss an important type of smoothness weights,
isotropic and dominating-mixed smoothness. Especially the functions
of mixed smoothness are of great importance in many applications and
have been studied for a long time. We introduce the related weights

d
W B(k) = oo i 1+ Il | ]+ Til)? (25)

s=1

withsuppk = {i € {1,2,...,d}: k; # 0} as well as parameters § > 0,
and a > —fB. The parameters «a, 8, and the weight v, u C {1,2,...,4d},
regulate the decay of the basis coefficients. Here, a is the isotropic
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smoothness parameter and  the dominating-mixed smoothness pa-
rameter, cf. [KMU16, DTU18]. Moreover, y is a weight that controls
the influence of dimensions and their interactions. For a general choice
of the weights y we refer to [DSWW06]. However, we want to focus
on a specific structure for y and choose product and order-dependent
(POD) weights such that

Vu =Ty n Vs, (2.6)

s€u

where T € (0,1] is non-increasing and y = ()/1-)?:1 € (0,1]%. This POD
structure gets its motivation from quasi-Monte Carlo methods for the
solution of PDEs with random coefficients, cf. [KSS12, GKN*14, KN16,
GKN™*18]. Similar weights for isotropic and dominating-mixed smooth-
ness have been considered in [GH14, KPV15, BKUV17]. Different
structures for the weights have also been discussed in [CKNS20].

The following theorem shows that a function in a Sobolev type space
He (D?, D) with any A > 1/2is an element of the weighted Wiener
space A (D, 0 @) as well. Consequently, any function contained in
a Sobolev type space HY" (D7, w @), ie., any function of dominating-
mixed smoothness larger than 1/2, is an element of the weighted Wiener
space A(D?, w@). The theorem is similar to the result [KPV15, Lemma
2.2].

a,f+A

Theorem 2.8. Let H*""" (D, w®) be a Sobolev type space with weight
w*f as in (2.5), A > 1/2, and POD weights Vsuppk € (0,1] as in (2.6) for
k € Z¢. Then we have

d
||f||ﬂwarl* (D4, (@) < (l_[ \/1 + 2V52 (C(2A) - 1)) ”f”Hw“'ﬁ*/‘ (D9, (@)
s=1

forall f e HY"" (D4, @) and therefore the embedding HY DA, @) ¢
ﬂw“'ﬁ (Dd, C()(d)).

Proof. We estimate the norm || f|| 0l by applying the Cauchy-

ﬂw“/ﬁ (Dd,
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Schwarz inequality to obtain

0,4
gt iy = 3 @ PRI ek(Pl = 3 L o) e )

kezd kezd

1
< ||f||Hwﬂfﬁ+/‘(Dd,w(d>) Z w024 (k)
kezd

The remaining sum can be decomposed into a product and expressed
as the Riemann zeta function C such that we have

d 2(1 0ks,0)

1 3 1—‘|2u| nsesuppk Vs
2w L - ol o

kezd keZd kezd s=1
2(1 Ok,0) d 1
= = 14292y ——
Hé(lﬂkpm G( VS%(Hk)M)
d
(1 +2)2(C(20) - 1)) .
s=1

This also implies the constraint A > 1/2 since the argument in the
Riemann zeta function needs to be larger than one. |

2.1.2 Examples for Complete Orthonormal Systems

While the previous and forthcoming considerations in this section
allow for a very general orthonormal system with product structure,
we introduce four important examples. These four examples do not
only cover a wide range of functions, both periodic and non-periodic,
but also important probability measures @@ in the Lebesgue space
Ly(D?, w@). This fact will be helpful when dealing with different
data distributions in the approximation method in Chapter 4 and the
experiments in Chapter 6.
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2.1.2.1 The Fourier System

A well-known example for complete orthonormal systems is the Fourier
system. We have periodic functions f: T¢ — C defined over the d-
dimensional torus T and a density @ = 1 which yields the space L,(T%)
as in Definition 2.1. It is well-known that the Fourier system given by
the functions

qok) eXP(x) 27'Lik~x, k e Zd, (2.7)

forms a complete orthonormal system in LZ(T"’), see e.g. [PPST18,
Chapter 1]. Moreover, the basis functions are continuous and bounded
with

|<Pf)’exl’(x)| =1

for all k € Z and x € T¢. The BOS constant (2.2) is Cpos = 1.

2.1.2.2 The Chebyshev Polynomials

As a second example, we consider functions f: [-1,1]? — R defined
over the cube [—1, 1] and the Chebyshev probability density

d
1
), cheb
(x) =
1:1[ iyl — xs

If we consider the weighted Lebesgue space Ly([~1,1]¢, @@ <) the
(normed) Chebyshev polynomials of first kind

d
upp k
(pgcd Cheb( )= ls PPi l_[cos(kS arccos xs), k € N9, (2.8)

s=1

form an orthonormal basis, see e.g. [Tre20]. Moreover, the basis
functions are continuous and bounded with

Y (2.9)

H (d), cheb
Loo([-1,1]%)
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fork € Ng. This implies for the BOS constant (2.2)

d
Cpos = V2

which rises exponentially for a growing spatial dimension d.

2.1.2.3 The Cosine Basis

The so-called half-period cosine with basis functions

(d "B(x) = \/_lsuPpkl 1_[ cos(mtksxs), k € N9, (2.10)

s=1

defined over the cube [0,1] is a well-known basis of L,([0,1]%), cf.
[Sut18, Chapter 9]. As for the Chebyshev system, we have the norm

|supp k|
2

Leo([0,114)

(d), cos
k

and therefore the BOS constant (2.2)

d
Cpos = V2

which rises exponentially in the spatial dimension.

2.1.2.4 The Transformed Cosine

We consider the space L (R?, w@-std) with the density

@5t (y) = l_[—e = nyd et 2.11)

This is the probability density function of the standard normal distribu-

tion, i.e., the normal distribution with zero mean and variance one. We
d

have fRd w@sd(x)dx = 1 as well as SUD,, cpd @D st(x) = (211)~2 which
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implies @4 € Lo, (R?). The cumulative distribution function of the
standard normal distribution is given by

O:R—[0,1], Px)= %

1+ erf (%)] (2.12)

with the error function defined as

2 T
erf(x) = —/ e ! dt.
v Jo

T

It is our goal to construct a basis in Lo(RY, @@ std) using transfor-
mation ideas from [NP20, NK14] and the half-period cosine basis in
L»([0, 1]%), see (2.10), by using the approach from [PS22b]. As transfor-
mation we propose to apply the cumulative distribution function ® for
each variable yielding

D(x1)
()
PRl S A1, ) < |0 213)

D(x4)
with the inverse

O (xq)
-1
¢ [0,1]¢ - RY, yl(x) = @ :(xZ) . (2.14)

cI3_1.(9601)

If we have a given function f: [0,1]¢ — R, f € 1»([0,1]%), we may
apply the transformation to obtain f o 1 € L,(R?, @), As a result,
we have the commutative diagram in Figure 2.1. This process can also
be related to inverse transform sampling, see e.g. [H04]. Now, we aim
to transform the half-period cosine to a complete orthonormal system
on Ly(RY, @) using 1.
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(0,1 7———— g
\\\ Y
Ly([0,1}¢ sf AN fopeLy(RY,w@std)
B R

Figure 2.1: Commutative diagram of spaces and the transformations
between them.

Lemma 2.9. Let g, h € L([0,1]%), u, v € Ly(R?, @ s with probability
density D% from (2.11), and transformation 1, Y~" as in (2.13) and (2.14)
respectively. Then

(g0, ho),rd wasay = (&, M1,y (0,11%)

<u/ U>L2(Rd,a)(d)15*d) = <u ° '1[}_1/ vo ¢_1>L2([0,l]d)

and || 1|y q0,10) = ”h ° ¢_1||L2(Rd,w<d),stdy 1 0 Pl q0,13) = Ntll, (e, o stay-

Proof. In order to prove the first equality, we insert the definition and
perform a change of variable as follows

(5 oo Yooy = | Q) byl @) dy

= g(®) h(t) @D (2)) [det(p Y (¢)| dt.
[0,1]4

As functional determinant we obtain the product |det(1,b‘1)’(t)| =
[1%, V2 e *2%:=1) and subsequently

o@D Std(lP 1(t)) |det(1/) 1) (t)| — l_[ \/_ —erf‘2(2xs—1) . \/z_neerf—2(2xs—1)

:1.
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This proves the first equality. The proof for the second equality works
analogously. |

(d), std

Theorem 2.10. The functions (¢, ")y end with

P ) _( (@, Coso¢)( y=v2'" llol_[cos(nki D(x;), (2.15)

s=1

the cumulative distribution function @ from (2.12), and the transformation
from (2.14) form a complete orthonormal system in Ly(R?, @@)-*td),

Proof. The cumulative distribution function @ is bijective and Lemma 2.9
implies that f + f o1 is an isometric isomorphism between L,([0, 1]9)
and Ly(R?, @@ *d). An isometric isomorphism between two spaces
maps an orthonormal basis in one space to an orthonormal basis in the

(d), std

other. This directly implies that (¢, ™) ey is an orthonormal basis

in Ly(R?, (@) std), [ ]

In summary, we have constructed a complete orthonormal system

(go(d) stdy ket in the weighted space Ly(R?, 0@ ) ysing transforma-

tion ideas from [NP20, NK14] and the well-known half-period cosine

(d), cos

basis (¢,

) kend ON L»([0,1]%). The transformation and some basis
functions have been visualized in Figure 2.2. The BOS constant (2.2) is

d
then equal to that of the half-period cosine, i.e., Cpos = V2.

Remark 2.11. The same transformation idea can be applied to different
distributions and corresponding probability densities. As origin space, we
may always use Ly([0,19]) with the half-period cosine basis. This is the
same connection a random variable of any distribution has to the uniform
distribution via inverse transform sampling.

2.1.3 Approximation with Partial Sums

In this subsection, we consider a Lebesgue product space L,(D?, @),
(d)

see Definition 2.1, with an orthonormal basis (¢,

)kezd thatis abounded
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(a) Cumulative distribution func-(p) Basis functions (p(l)rSfd from

tion @ from (2.12). (2.15) for k = 1 (solid), k = 2
(dotted), and k = 3 (dashed).

Figure 2.2: Cumulative distribution function ® and transformed basis

functions @™ in one dimension.

orthonormal system. Note that our index set may also be the subset
Ng C Z% cf. Section 2.1.2. However, this is contained in our statements

since we may set (pgcd) =0 for k € Z4\ Ng. The main goal of this work is
the approximation of functions. With our methods in Chapter 4, we are
always going to consider only a finite part of the basis expansion. This
part is given by a finite frequency or index set which we denote in general
by I C Z9. Given such an index set 7, we define the corresponding
partial sum operator as

Srf(x) = )" ak(f) ¢ () (2.16)
kel
for every f € Lo(D?, @) and call Sy f the partial sum of f with respect

to J. Since our basis functions (pgcd)(x) are continuous, the function
Sr f(x) as a linear combination is a continuous function as well. For a
given weight w: Z¢ — [1, %), we consider index sets of type

T ={keZ: w(k) <N} (2.17)
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with cut-off parameter N € N. Figure 2.3 shows two possible examples
in 3 dimensions, the full grid version with

w* (k) = [kl (2.18)

and a version with our weights w®# from (2.5). Figure 2.3a is also called
a hyperbolic cross. The approximation with hyperbolic crosses and the
related mixed smoothness functions presents an important problem in
many applications. For a detailed overview, we refer to [DTU18]. In
the following two lemmas, we discuss the errors that arise through this
truncation.

(@) I with w*f, a = g = 1, from (2.5) (b) 7 with w®™ from (2.18) and N = 5.
and N = 40.

Figure 2.3: Two possible index sets 1 with different weight functions w
and cut-off parameter N.

Lemma 2.12. Let H*(D4, 0®) be a Sobolev type space with weight function
w: 2% — [1,00) and I as in (2.17) with cut-off parameter N € N. Then we
have the truncation error

1
sup lf =Sz flli,ma ey < N

”f”HW(Ddlw(d))Sl

Proof. We employ Parseval’s identity and incorporate the weight to
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obtain
w?(k
I =51 oy = D IP= Y 2 len(HP
kezi\T kezi\1
< " ( IPIRRCICGL
kEZd\I kezi\T
1 2
by @) 1 et
The result follows since infyczq\ 7 w?(k) = N2, cf. (2.17). [ |

Lemma 2.13. Let AY(D“, 0) be a weighted Wiener space with weight
function w: Z% — [1,00) and T as in (2.17) with cut-off parameter N € N.
Then we have the truncation error

Cgos

sup ||f -Sr f“Lw(Dd) <

11l oo (e o)y <T
with Cpos from (2.2).

Proof. We estimate the L., norm and incorporate the weight in a similar
fashion to the proof of Lemma 2.12 to obtain

“f -Sr f”Lw(Dd) = esssupp Z Ck(f) (chd)(x)

xeDA kezd\T

< > lexflesssupppix)
keZd\T xeDd
%) w(k)
<su
o [ - Z ot 1)

Cgos
- infkezd\j ZU(k)

The result follows since infyczqe\ r w(k) = N, cf. (2.17). |

”f”y{w D4 @) -
( ’ )
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As Lemma 2.12 and Lemma 2.13 show, the relation between the
weight function w and the truncation parameter N is the key factor in
the truncation error. In all generality, for a fixed N € N, we observe
that with rising smoothness of a function, we need less elements in
the corresponding index set 7, i.e., less basis functions to achieve the
same error. If we do not fix N, we may state that with the same amount
of basis functions, we achieve a better error. In Figure 2.4, we have
visualized the relationship between N and |7 | for our two weight
functions from before in three dimensions.

10°)
10t
10° ¢
5 1
107 ¢
10' J_l—/f 5
100 ¢ .

Bl | | | | |

0 5 10 15 20

N

Figure 2.4: Number of elements in J in relation to the cut-off parameter
N for d = 3 and w™ from (2.18) (dotted) as well as w#,
a =p =1, from (2.5) (solid).

2.2 Projection, ANOVA Terms and the ANOVA
Decomposition
In this section, we lay the foundation for and subsequently introduce

the classical analysis of variance (ANOVA) decomposition, see e.g.
[CMO97, RFA99, LO06, KSWWO09, Hol11, Gul3]. It is based on and an
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extension of results in [PS21a, PS22a]. We specifically want to point
out [Owel3, Appendix A] as a detailed reference to ANOVA with
many important remarks and connections. We consider Lebesgue
space L (D4, @) from Definition 2.1 with functions f: DY - Cand a
product structure, i.e., we have a complete orthonormal system

d
P ) = [ [ or (), ke 2,
j=1

where @y, k € Z, is a orthonormal basis in Ly(D, w) with

d

0 D) = | Jolx),

=1

cf. (2.1). Moreover, we assume the basis functions are bounded and
continuous with BOS constant Cgos < o, cf. (2.2). A final assumption
that we can make without the loss of generality is g = 1. Now, we may
write any f € Ly(D¢, @?) as the basis expansion

f@) =3 alf) o). (2.19)

kezd

In the following, we denote the set of coordinate indices as [d] =
{1,2,...,d} and its subsets with bold small letters, e.g., u C [d]. The
complement is always considered with respect to [d], e.g., u = [d] \ u.

The foundation of a multivariate decomposition is a projection oper-
ator, cf. [KSWWQ9]. For the classical ANOVA decomposition, we use
the integral projection

Pufe):= | Fx) 07D () dixye (2.20)

which means integrating over the variables x; with i ¢ u. If u = 0 we
get the constant Py f € Cand for |u| > 0 a function P, f € Lyo(D#l, @(1uD),
Since P, f only depends on the variables x,, we have P, f (x) = P, f (xy).
The following lemma provides a connection between the projections
P, f and the basis expansion (2.19) of functions.
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Lemma 2.14. Let f € Ly(D?, w®) and P, f, 0 # u C [d], as in (2.20).
Then for an index € € Z"! we have
ce(Puf) = ck(f)

where k € Z% is the index with k, = € and k. = 0. Note that the basis
coefficient c¢ (P, f) is with respect to the basis (qog,lul)){ezw in Lo(DI#!, o(uD),
Moreover, we have

Pof =co(f)-

Proof. The basis coefficient is given by definition as

ce(Puf) = ‘/]D) o f(x) w(d_lul)(-"cuc)dxuC a;lu‘)(xu)w(lul)(xu)dxw

We consolidate the two integrals and exploit the product structure of
the weight to obtain

cr(Puf) = /D S5 ) @) .

If we take the index k € Z¢ with k, = ¢ and supp k C u we have
(pglul)(xu) = (chd) (x) which leads to

ce(Puf) = /D f@) P () @ (x) dx = ci(f).
and yields our statement. |

Using the projections (2.20), we recursively define the ANOVA terms
of a function f € Ly(D4, @) as

ful®) = Puf(x) = > fola). (221)

ocu

This yields the constant fp = Ppf € C and for @ # u C [d] functions
fu € Lo(DIl, (D). There also exists a direct formula for the ANOVA
terms f, which has been proven in [KSWW09] using properties of
projection operators. We show the same formula in Theorem 2.16 using
combinatorial arguments and the following lemma.



42 2 The Classical ANOVA Decomposition

Lemma 2.15. Let a € Ngand b € N with b > a. Then

Z( 1)~ u+1( ) (- 1)b a
Proof. We prove an equivalent form obtained through multiplication

with (-=1)? and an index shift

b—a-1

Z( 1)n+u+1( ) (- l)b

Splitting the sum and applying the Binomial theorem yields

b—a-1

Z (- 1)n+u+1( ) Z( 1)n+u+1( )_ (_1)b+1
= (-1 ;)(—1)" (b . “) -1

=(~1+1)b-1=0
= (-1)".
|
Theorem 2.16. Let f € Ly(D?, @) with u C [d]. Then
fu= Y (F1)MIR, 5 2.22)

vCu

Proof. We prove this statement through structural induction over the
cardinality of u. For |u| =0, i.e., u = 0, we have

(—1)"0Pof (x) = Pof (x) = Pof (x) = ) fulx).

(el]
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Now, let (2.22) be true for v C [d], |[v| =0,1,...,m—=1, m € [d], and
take a subset u C [d] with |u| = m. We use the notation

5 B 1 :wCvo
WS T0  : otherwise.

and start from the recursive expression in (2.21) to obtain

ful®) = Puf(®) = D fol@) = Puf(x) = > > (DI Py f(x)

oCu vCu wCv

= Puf(x)= > DL (DI Py (%) S

oCu wCu

We exchange the two sums and sum over the order of the ANOVA terms

DD IP, f(x) bwco = D Pufl@) Y (DT 5,

vCuwCu wCu vCu
m—1
= D Puf(x) >0 D (),
wsu n=|lw| v<u
|v|=n
m—1
= > Puf@) Y D)"Y s,
wCu n=|w| vCu

|v|=n
The application of Lemma 2.15 then yields the direct formula (2.22). W

As for the projections P, f in Lemma 2.14, we are able to prove a
connection between the ANOVA terms f, and the basis expansion (2.19)

of f.

Lemma 2.17. Let f € Lo(D4, @) and fu, 0 #u C [d], as in (2.21). Then
for an index € € Z*! we have

: otherwise

c(f) = {ck(f) (b e(Z\{opH
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where k € Z% is the index with k, = € and k,c = 0. Note that the basis
coefficient c¢(fy) is with respect to the basis ((pglul))fezw in Ly(DI*l, (l#D),
Moreover, we have

fo=Pof =co(f).

Proof. We define k € Z? as the index with k, = ¢ and k,c = 0. Employ-
ing the direct formula (2.22) yields

o) = /D )7 ) o) d,
= [ [ e, )

= 2D [ b ) B ) ) i,

vCu

= >0 e, B f) [ ] Sno-

vCu heu\v

70D (x,) 0D (x,) dx

For ¢ € (Z\{0})"],i.e., supp k = u, we have [ThewoOnp=1=v=u
and it follows that

ce(fu) = (=1)" ek, (Puf) = ck(f) -

In the case that supp k € u, we have [\, 60,0 =1 < suppk Cv
and therefore

ce(fu) = Z (=D)#Pley (P, f) = ci(f) Z (=1)l-lel,

vCu vCu
supp kCov supp kCv
We show that the appearing sum is zero by the binomial theorem

||~ |supp k|

Z (_1)|u|—|17| — Z (|u| - |Supp kl)(_1)|u|—(|supp k|+j) — 0
J

vCu j=0
supp kCv

which yields the result. |
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Lemma 2.14 and Lemma 2.17 tell us the following interesting con-
nection between the projections P, f and the ANOVA terms f,, with the
basis expansion of f, i.e.,

Puf(x)= ) c«®uf) (@)= > alf) ey ().

tezll hez?
supp hCu

and

)= > awlfe®= > ey @)

ce(z\{oh! hezd
supp h=u

We observe the recursive definition of the ANOVA terms directly here
since the difference between the terms and the projections lies only
in the support of the respective indices h € Z?. This connection to
the basis expansion allows us to work with these objects in an elegant
manner. An example for this is the proof of the following corollary,
showing the orthogonality of ANOVA terms. This is a well-known fact,
see e.g. [Gri06, KSWWO09].

Corollary 2.18. Let f € Ly(D4, 0¥) and u,v C [d] with u # v. Then the
ANOVA terms f, and f, are orthogonal, i.e.,

<fur fv >L2(Dd,a)(d)) = 0.

Proof. We employ Lemma 2.17 to obtain

D D, wOal) @ ®), 0, Dywe o)

kez?  heZd
supp k=u supp h=v

Z Z Ck(f)mék,h =0.

kez?  heZd
supp k=u supp h=v

<fu s fo )Lz(Dd,m(d))
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We have collected all ingredients and are now prepared to introduce
the classical ANOVA decomposition in our setting, cf. [KSWW09].

Theorem 2.19. Let f € Lo(D9, w@), the ANOVA terms fu as in (2.21)
and the set of coordinate indices [d] = {1,2,...,d}. Then f can be uniquely
decomposed as

d d-1 d
F&) = for D fiy )+ D0 D funGeum)++ i) = ) fulxa)
i=1 i=1 j=it1 uCld]

(2.23)
which we call analysis of variance (ANOVA) decomposition.

Proof. The statement is well-known and can be proven straightforward
by summation

D )= Y e @ = D ekl @) = f).
uCld]

uCld] kezd kezd
supp k=u

The uniqueness of the decomposition follows from the fact that every
basis coefficient cx(f), k € Z9, appears only once in the ANOVA term

fsupp k- u

Multivariate decompositions in general and the ANOVA decomposi-
tion in particular can of course be considered in a much more general
setting. For this, we refer to the article [KSWW09]. In our setting, we
not only have uniqueness of the decomposition, but also our one to one
connection of every basis coefficient cx(f), k € Z?, and ANOVA term
fsupp k- This view of the decomposition in the frequency domain, which
we visualized in Figure 2.5, will be an essential tool in our approxima-
tion method of Chapter 4. It also an interesting observation how the
decomposition reflects the curse of dimensionality trough the number
of terms |P([d])| = 27 rising exponentially in the spatial dimension.

Remark 2.20. The ANOVA decomposition (2.23) depends strongly on the
projection operator P, f from (2.20). The integral operator considered in
this thesis leads to the so called classical ANOVA decomposition. Another
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important variant is the anchored decomposition where one chooses an anchor
point p € D and the projection operator is then defined as

Puf(xu) = f(y), Yu = Xy, Yuc = Puc.

This decomposition can for example be used for the integration of high-
dimensional functions, see e.g. [DG14, KNP*17, GKNW18]. Howeuver, the
error analysis may again be based on the classical ANOVA decomposition, see
e.g. [GHHR17]. In our scattered data setting, we always focus on the classical
version of the decomposition.

In the end of this section, we discuss how the smoothness of a
function f € Ly(D4, @?) defined by the decay of the basis coefficients
translates to its projections P, f and ANOVA terms f,. This has also
been discussed for a different setting in [LO06, GKS10, GKS16] and
therein called inheritance of smoothness. In our setting, we consider
smoothness trough the Sobolev type spaces H* (D, @) and weighted
Wiener spaces AY (D4, 0 D) with weight function w: Z% — [1, ), see
(2.4) and (2.3).

Theorem 2.21 (Inheritance of smoothness for Sobolev type spaces). Let
feH” (D4, ') with weight function w: Z¢ — [1, ). Then for any weight
wy: Z" — [1, 00) with

wy(ky) < w(k) Vk € Zd,suppk Cu,

we have P, f € H«(D*|, 01#D) and f,, € H*« (D!, @1#D). This holds true
in particular for a weight defined by w,,(¢) = w(h) with h,, = € and hyc = 0.

Proof. We show that the norm ||Py f | uwu il () is finite by using
Lemma 2.14

DO la®pP = Y witka)lHP < D wik) e

ez kez? kezd
supp kCu supp kCu

< D WP k(A = 1 oo yin) < o

kezd
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(a) The origin as the index k € 73 with (b) The indices k € Z° with |[supp k| =
[supp k| = 0. 1 belonging to f(1) in orange, f(2)
in magenta, and f3) in cyan.

(c) The indices k € Z3 with |supp k| = (d) The indices k € Z3 with |supp k| =
2belonging to f(1 5) inorange, f(1 3} 3 belonging to f(1 7 3} in orange.
in magenta, and f{5 3y in cyan.

Figure 2.5: The ANOVA decomposition in the frequency domain visu-
alized within the cube [-5,5]° N Z3.
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Analogously, we employ Lemma 2.17 to prove f, € H«(DI*I, (D)

Y@l = Y witk)le(HP < Y. wik) ex(F)P

ezl kez? kez!
supp k=u supp k=u
2 2 2
< > W) k(NP = 1 oo gy < -
kez?

Theorem 2.22 (Inheritance of smoothness for the weighted algebra).
Let f be an element of A (D, @) with weight function w: Z* — [1, ).
Then for any weight w,, : Z*! — [1, co) with

wy(ky) < w(k) Yk € Zd,suppk Cu,

we have P,, f € AV«(D*|, o)) and f, € A« (DI, w1#D). This holds true
in particular for a weight defined by w,, (¢) = w(h) with h,, = € and hyc = 0.

Proof. First, we prove that [Py f || gou piul o) 1S finite with the help of
Lemma 2.14

N @ la®uhl = Y wilk) (Nl Y. wk) el

rezll kezd kezd
supp kCu supp kCu
< Z w(k) [ek (] = 11f ll o (pd g < o
kezd

In a similar fashion, we use Lemma 2.17 and prove f, € A“* (DI, oDy

D wOlefl = D, wak)lek(Hl < Y w(k) [ex(f)

tezlvl kez? kezd
supp k=u supp k=u
< > w0k lek(HI = If lloa gy < .
kezd
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Theorem 2.21 and Theorem 2.22 show that the projections P, f and
the ANOVA terms f, are at least as smooth as f itself. In certain cases,
e.g., for kink functions, it has been observed that some ANOVA terms
are indeed smoother than the function itself. Those kink functions arise,

e.g., in financial applications, see [GKS10].
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2.3 Effective Dimensions and the Truncated
ANOVA Decomposition

In this section, we discuss the interpretability of the ANOVA decom-
position based on the well-known Sobol indices or global sensitivity
indices, cf. [Sob90, Sob01, LO06]. We introduce notions of effective
dimensions and the truncated ANOVA decomposition. This helps us
achieve two purposes: We lay the foundation for our interpretable
approximation method from Chapter 4 where the sensitivity indices
play a major role and moreover it helps us discover a way to circumvent
the curse of dimensionality in terms of our decomposition.

We aim to understand the importance of ANOVA terms f,, 0 # u C
[d], by considering variances. The variance of a function is defined as
the integral

o2(f) = /D d (f(x) = co(f))* @P(x) dx

for a real-valued function f € Lo(D4, w("’)). In this case, we have the
equivalent formulation

02 (F) = IFIIE e oy — lco(F)I?

which yields a sensible definition for complex-valued functions as well.
Subsequently, we obtain that for the ANOVA terms f, with @ # u C [d]
we have cy(f,) = 0 by Lemma 2.17 and therefore

Gz(fu) = ||fu||i2(D|u|,w(|u\))' (2.24)

The following lemma shows how the ANOVA decomposition works
with regard to the variances of our terms.

Lemma 2.23. Let f € Ly(D4, @Y). Then we have

()= . *(fu).

0+uc[d]
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Proof. We show that the right-hand side equals the left-hand side by
applying Lemma 2.14 as follows

> *(f) = Z > lekHP

0+uc(d] 0#ucld] kez?
suppk u
2 2 2 2
= 3 ekl = el = IFI2, o i — ol PP
kezd

In order to find a comparable score to rank the importance of ANOVA
terms against each other, we introduce the Sobol indices or global
sensitivity indices (gsi)

o*(fu)
a*(f)

for a subset of coordinate indices @ # u C [d], see e.g. [Sob90,
Sob01, LO06]. The global sensitivity index g(u, f) for a term f, tells
us how much of the variance 0?(f) is explained by f,. We have
2o#ucid) 01, f) = 1 by Lemma 2.23. The sensitivity indices will be an
important tool in the detection of sparsity in the ANOVA decomposition
in Section 4.2.1.

Based on the concept of global sensitivity indices, we introduce the
notions of effective dimensions as proposed, e.g., in [CM097, Hol11].
Given a fixed 6 € (0,1], the notion of superposition dimension is
defined as the minimum

o(u, f) = €[0,1] (2.25)

dSP)(8) := min{s € [d]: Z o2(fu) = 60%(f) ¢ - (2.26)
D#uc[d]
|lu|<s

We observe the equivalence

Z 2(f) = 60%(f) Z o(u, f) > 6.

0#ucld] 0#ucld]
lu|<s |u|<s
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In other words, 6 percentage of the variance o2(f) of our function f
is explained by the ANOVA terms f, with |u| < d®P)(5). In general,
if we have a small d*P)(5) for a 6 close to one, we call the function of
low-dimensional structure.

The effective dimension in the truncation sense for a 6 € (0,1] is
defined as

d9(5) = min { s € [d]: Z 2(f) = 60%(f) } - (2.27)

0#uc[s]

In this case, § percentage of the variance 2(f) can be explained by a
part of the variables, i.e., the subset {1,2, ..., d®(5)}. In other words, if
d®(5) is small for a 6 close to one, only a few variables contribute to a
significant amount of the variance of f. In this work, we focus on the
superposition dimension d*P)(5).

The concept of effective dimensions motivates the idea of considering
only a part of the ANOVA decomposition of a function which may
yield some interesting benefits. We say that U C P([d]) is a subset of
ANOVA terms if it is downward closed with regard to set inclusion,
i.e., for u, v C [d] it holds that

(vCuanduel) = v e U.

This condition is necessary because of the recursive definition of the
ANOVA terms (2.21). However, it can be relaxed if one assumes f, = 0
forallo C [d], v ¢ U, where there existsau € U withv C u.

For any subset of ANOVA terms U C P([d]), we define the truncated
ANOVA decomposition as

Tuf = ) fu
uel

A specific truncation idea can be obtained by relating to the superposi-
tion dimension d*P)(5), see (2.26). For a chosen superposition threshold
ds € [d], we define

u‘@ds) .= (y c [d]: |u| <ds} (2.28)
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and subsequently

Taf = Tyaa f = Z Ju-
ucld]
|| <ds

As before, we are interested in how this truncation works in the fre-
quency domain and show the relationship between the basis coefficients
of Ty and f.

Lemma 2.24. Let f € Lo(D, 0¥ and U C P([d]) a subset of ANOVA
terms. Then Tyf € Lo(D4, w¥) and for any index k € Z%, the basis
coefficient is given by

ck(f) :suppkel
0 : otherwise.

ck(Tuf) = {

In particular, for U = U%4) with dg € [d], we have

ck(f) : |supp k| < ds
Ts f)=
c(Ta.f) {O : otherwise.
Proof. Let k € 74, Employing linearity and Lemma 2.17 yields

{ck(f) :suppk el

0 : otherwise.

cx(Tuf) = Z Z ch(f) Ok, =

ueld pezd
supp h=u

The statement for T, f follows since supp k € U%%) & |supp k| <
ds. [ |

Since there exists a direct formula for the ANOVA terms themselves,
see (2.22), the existence of such formulas for the truncated decom-
position can be assumed. The following theorem and its subsequent
corollary show such a formula for the general case and the superposition
case.
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Theorem 2.25. Let f € Lo(D?, w'?) and U C P([d]) a subset of ANOVA
terms. Then we have the direct formula

Tuf =, ) (D, f.

uel vel
uco

Proof. We apply (2.22) and obtain immediately

Tuf =D fu= 3. 3 (DR, = 3 N (—1)ul-elp, £ 5,

uel uel vCu uel vel
= Z Z(_l)lm—\mpvﬁ
vel uel
vCu

Corollary 2.26. Let f € Ly(D?, w®) and ds € [d] a superposition threshold.
Then we have the direct formula

- Y| S (5 P

ucld] |n=u|
u]<ds

Proof. Letu € U@%). The statement follows from the equality

Z (—=1)lel-lul = i (=1)" Tl

el (@ds) n=ul

— i (_1)n—|u|(d - |u|)
n—|ul)

n=|ul

{fveu“® . yco,|v|=n}

and Theorem 2.25. [ |

As mentioned before, the number of terms in the ANOVA decompo-
sition is 2¢ and therefore grows exponentially in the dimension which
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reflects the curse of dimensionality in the sense of our multivariate
decomposition. Now, we consider how the truncation may impact this
exponential growth. The following well-known lemma from learning
theory shows us that the number of terms in U#%) grows polynomially
in the spatial dimension d for a fixed superposition dimension ds which
represents an important observation we exploit in our approximation
approach in Chapter 4. In other words, it provides a way around the
curse of dimensionality.

Lemma 2.27. Let d; € N. Then for any d € N, d > d;, we estimate the
cardinality of U“%) by
<& d\*
ds !

i.e., the number of terms in U'\%%) has polynomial growth in d for fixed ds.

‘uw,ds)

Proof. We estimate the sum as follows

d d. d n ds d
_ 5 (d £ d"d’;_ ~(d\ dr d\" 5 dl
=2l Xma=2la) ela)

n= n=0

|u<d,ds>

The statement follows from estimating the sum by the Taylor series for
ds
e, u

The truncated ANOVA decomposition will play a major role in
our approximation approach since truncating to a subset of ANOVA
terms may maintain a large part of the variance of the function while
simultaneously simplifying a possible approximation model. Therefore,
we are interested in functions that can be approximated well by such a
truncated ANOVA decomposition, i.e., Ti; f = f. We are considering
relative truncation errors of the form

I1f = Tuflly,

2.29
T (229
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with H; € {Ly(D4, @), Lo(D)}, Hy € {H* (D4, @), A® (D4, 0 D)}
for a weight w: Z% — [1,0). In other words, we try to relate the
truncation of the ANOVA decomposition to the smoothness of the
function characterized by the decay of the basis coefficients. If this
relative error is small, the truncation will be sensible since we have
sparsity in the ANOVA decomposition.

Specifically, we are interested in relating the concept of superposition
dimension to the smoothness of the function. To this end, we modify
the superposition dimension in the sense of this space, cf. in [Owe19].
For H*(D?, @) and accuracy 0 € (0,1] we define the worst-case
superposition dimension as

dWesP)(5) := min{s € [d]: sup Z o*(fu) <1-06¢. (2.30)

1 0 oty ST 3]
|u|>s

In contrast to the superposition dimension d®P)(5) itself, it is not a state-
ment for a single function, but for the space H* (D4, @@). The following
lemma shows the connection between the worst-case superposition
dimension and the truncation error (2.29) for U = U“@%).

Lemma 2.28. Let HV(D?, w®) be a Sobolev type space with weight function
w: 2% — [1,00). Then for a superposition threshold ds € [d], and ¢ € [0,1]
we have the equivalence

sup If - Tdsf“LZ(Dd,w(d)) <& = dWPN(1 - ¢?) < d.
1/ 0 ot oty <1

Proof. We use (2.24) in (2.30) to obtain the equivalent formulation

2 2
sup > ()= sup NfF=TafIE pe -
1/ o it oty <1 Cld] 1f oo (o oy <1
|lu|>s

Defining 6 := 1 — &2 yields our desired result. |



58 2 The Classical ANOVA Decomposition

Lemma 2.28 tells us that if we are able to bound the corresponding
truncation error, we immediately obtain a bound on the worst-case
superposition dimension dWeP)(5).

Theorem 2.29. Let HY(D?, @) be a Sobolev type space with weight function
w: Z% — [1,00) and U C P([d]) a subset of ANOVA terms. Then

1

su =T oy < — .
Fleos: st )
f Hw(]Dd,(u(d))— supp kel

Proof. We employ Parseval’s identity and Lemma 2.24 to derive

1 = Tuf I e iy = D, Ik () =ce(Tuf)P = > lex(FP

kezd kez?

supp k¢l
w?(k) 2
> el
2
kezt (k)
supp k¢l
< ! 2
— mln kezd wz(k) ”f”Hw(Dd,w(J)) .
supp k¢U
Applying the square root on both sides yields the result. |

Theorem 2.30. Let A“(D?, wD) be a weighted Wiener space with weight
function w: Z* — [1,00) and U C P([d]) a subset of ANOVA terms. Then

Cgos

su -Ty < - .

71l P <1”f f”Lm(Dd) min ;e w(k)
A0 0 () supp kel

with Cpos the constant (2.2). Additionally, for H*(D?, @) with weight
function w: Z* — [1, 00) such that {w™(k)}xeze € bo, we have

sup ”f - TLIfHLw(Dd) < CBOS

”f”Hw(Dd,m(d))Sl
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Proof. We estimate the L,-norm by the sum of the absolute values of
the basis coefficients and then use Lemma 2.24 to obtain

D (k) = e(Tuf) 9 (%)

kezd

<esssupp ). [ow(f)l |} )|

xeD!  pczd

If - TufHLw(Dd) = esssupp

xeDA

v
Les(D9) keZZ:d w(k) lek(H)l (2.31)

supp k¢l

d
o

< sup
kezd

Csos
T omin g
supp k¢l

w(k) ||f||ﬂw(]Dd/a)(d)) .

Employing the Cauchy-Schwarz inequality in (2.31) instead of extracting
the minimum yields

1
lf = TufllL,oe,wa) < CBos Z 22(k) 1 e (o, ot -
kezd
\ supp k¢l
The condition {w™!(k)}eze € & assures that the sum appearing in the
bound is finite. |

In the following, we consider the bounds for our special isotropic
and dominating-mixed smoothness weights

d
WP (k) = b L+ ) [ ]+ 1K)
s=1

from (2.5). Specifically, we aim to show that a cut-off based on a
superposition threshold d; is sensible for Sobolev type spaces and
weighted Wiener spaces with this weight. We consider the worst-case
truncation as corollaries of the previous results in Theorem 2.29 and
Theorem 2.30.
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Lemma 2.31. Let n € [d] and y € (0,1]%. Then

2 [ 12 <Ivl

uc[d] s€u
[ae|=n

Proof. We rewrite the sum as follows

d d d
2 _ 2 2 2
Z l_[ys_zyzl Z ylz Z Vin‘
uC[d] SE€Eu i1=1 ip=i1+1 in=iy-1+1
|lu|=n
Then every single sum can be estimated by ||)/ ;, ie,
d d )
2 2 _
> iy k=l
l',‘:l'];1+1 i,‘:1
forj € {2,3,...,d} with equality for j = 1. [ |

Corollary 2.32. Let HY""(D?, w@) be a Sobolev type space with weight
function w®# from (2.5) with POD structure (2.6), > 0,a > —B,T € (0,1]°,
and y € (0,1]9. Then

ds+1
sup If = Ta, fll, e gy < Tagn 2+ ds)™* 27D l_[ i
AN et (Dd,a,(d))ﬂ <1
(2.32)

for asuperposition threshold d € [d] where y* = (y:)?_, is the non-increasing
rearrangement of y. For functions with isotropic smoothness a = 0 and
dominating mixed smoothness § > 1/2, we have

sup f - Tdsf”Lm(Dd) (2.33)

1 g ot <1

d
< Coosy| ), 2'TH(C@8) -1 [

n=dg+1
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where C is the Riemann zeta function and Cpos the BOS constant (2.2).
Assuming exponential decay for I's, i.e., I's = ¢® with 0 < ¢ < 1, such that

c||y|l, y2c@p) -2 <1 (2.34)

yields the bound

sup If = Ta, fllL ooy (2.35)

Il ot i <1

Cros (¢l vacem —2)
< .
J1-2¢2 |y} cep) - 1)

Proof. We apply Theorem 2.29 and solve the appearing minimization
as follows

min  w*f(k)
kez?
[supp k|>ds

d
= min T+ [ Ja+ie)? [ o
s=1

|supp k|>ds sesupp k
— a  op(ds+1) | : -1 H -1
(2+d)t2 i Tewppr L] 7
|supp k|>ds sesupp k
ds+1

= (2+d,)* - 20001 1_[ )™
s=1

to obtain (2.32). In order to prove (2.33), we calculate the bound from
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Theorem 2.30 by rearranging the terms

1 1
2, ww 2 L T2 [Ty 722 (1 + |k

kezd uCld]  kez? " |u|
|supp k|>d; |u|>ds supp k=u

=2 T 2 1

ug[Z] ne@vop ([Msew 752 (Hlsuil(l + |hs|)2ﬁ)

= Z Iﬁ|2u| l_[ySZ Z u] 1 28
ucld] seu ne@qopil s (1 +1hs])
[12]>ds

[ua]
1
s (1) 5 oo
o] s 2
uCld] seu keZ\{0} (1+ [k
|u|>ds

Replacing the resulting sum by the Riemann zeta function and applying
Lemma 2.31 yields

2. w%(k) =2 Ty (ﬂyi) 2 (2(2p) - )
k

GZf’ ug[d] SEU
[supp k|>ds fu|>ds
d
= Z 72" (C(2p) - 1)" Z (1—[ Vg)
n=ds+1 uC[d] \s€u
lul=n
d 2
n
< 3 22reep) -0 |yl
n=ds+1

Corollary 2.33. Let AY (4, @) bea weighted Wiener space with weight
function w®P from (2.5) with POD structure (2.6), > 0,a > —B,T € (0, 1)4,
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and y € (0,1]4. Then

ds+1
sup [|f = Ta,flly (i) < Cpos a1 2+ds) 27 F@D T

N et ot 0, S s=1
(2.36)

for a superposition threshold ds € [d] where y* is the non-increasing rear-
rangement of y and Cgos the BOS constant (2.2).

Proof. We use Theorem 2.30 and calculate the bound for the weight
function w** by computing the minimum as in the proof of Corol-
lary 2.32. u

The previous results deliver us a wide range of error estimates for
the truncation of the ANOVA decomposition in different norms. We
specifically point out that for our weights, the bounds (2.32) and (2.36)
are independent of the spatial dimension d. Similarly, if Hsz isbounded
then also (2.35) can be considered independently of d.

Moreover, (2.32) gives us information about the worst-case superpo-
sition dimension d"*P). We fix the weights T, y, and a superposition
threshold ds € N. Then Lemma 2.28 implies for the worst-case super-
position dimension

dWsP)(1 = £%(a, B)) < ds.

with
ds+1

e, B) = Ta 41 (2 + dy)~* 27PUs+D) ]_[ e
s=1

In other words, the worst-case superposition dimension is at most d; for
accuracy 1 — ¢%(a, B). In Figure 2.6, we have visualized truncation with
ds = 3. The figure shows &(a, ) depending on the isotropic smooth-
ness a and the dominating-mixed smoothness 8 from the weights w®#,
see (2.5). We observe that a high accuracy is obtainable in our setting
even for small smoothness parameters «, and .

In summary, we find that smoothness of this type relates to sparsity
in the ANOVA decomposition in the superposition sense.
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100 )
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smoothness

(a) Isotropic smoothness @ > 0 and (b) Isotropic smoothness a > 0 with

dominating-mixed 8 > 0. B = 0(solid) and dominating-mixed
smoothness f§ > 0 with @ = 0
(dashed).

Figure 2.6: Bound from (2.32) witha@ > 0and § > 0 as well as parameters
I'=landy =1



Fast Multiplication with Grouped
Transformations

The fast realization of discrete transformations like the fast Fourier trans-
form (FFT), see e.g. [Bri88], play an important role in many applications.
In fact, the FFT is one of the most important algorithms of our time. The
non-equispaced fast Fourier transform (NFFT) and the non-equispaced
fast cosine transform (NFCT), cf. [KKP09, PPST18, KKP], provide the
fast realization of the discrete Fourier transform and the discrete co-
sine transform, respectively, if the spatial nodes are non-equispaced.
However, as an index set, we still need to use full grids that grow
exponentially in the spatial dimension. This can be remedied, e.g.,
with the lattice fast Fourier transform, see [Kdm13], but then the nodes
have to be chosen as a rank-1 lattice. With grouped transformations,
we propose a fast realization of a transformation with non-equispaced
scattered nodes and a new form of index set motivated by the ANOVA
decomposition from Chapter 2.

The goal of this chapter is to combine the ideas of the ANOVA
decomposition and specifically its truncation from Section 2.3 with the
concept of fast transformations. This process is always in combination
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with a transformation that fits to the chosen basis, e.g., the systems from
Section 2.1.2. We reiterate on the NFFT and the NFCT in Section 3.1. The
core ideas for the grouped transformations from [BPS22] are presented
in Section 3.2 which we simultaneously generalize to new systems.
Section 3.2.1 introduces grouped index sets as a combination of the
index sets we have used to truncate basis expansions in Section 2.1.3 and
the truncated ANOVA decomposition from Section 2.3. Section 3.2.2
is concerned with the fast transformations for non-equispaced data
and matrices that are based on the grouped index sets. Moreover, we
described in detail how the transformations are realized for every one of
the system presented in Section 2.1.2. The grouped transformations are
going to be used as a main part of the ANOVA approximation method
in Chapter 4.

The core concept for grouped transformations was developed by the
author in [PS21a] and later formalized in [BPS22]. The contributions
by F. Bartel were focus on the group lasso regularization and the fast
iterative shrinkage-thresholding algorithm.
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3.1 Non-Equispaced Transformations

In this section, we consider two systems of functions, the Fourier system

£5P (x) = 21k, k e 27, (3.1)

and the cosine system

U

Egccos)(x) = l_[ cos(2m ksxs), k € N9, (3.2)

s=1

for a spatial dimension d € N. Subsequently, we take polynomials

p:D! = C, pl) =) préilx) (3.3)
kel

with coefficients py € C, k € 1 and a finite index set 7 C 7% for the

Fourier system (& ;{exp))k€ rand 7 C Ng for the cosine system (& ;{COS)) kel-
Here, our domain is the torus, i.e., D = T, which we identify with the

interval T = [-1/2,1/2) for the Fourier system égceXp). For the cosine

system égfos), we have the domain D = [0,1/ Z]d. Our main topic of
interest s the fast evaluation of p onasetofnodes X = {x1,x2,...,xpm} €
D9, M € N. For index sets of a full-grid type, cf. Section 2.1.3, this is
referred to as a non-equispaced discrete transformation. Here, non-
equispaced refers to the nodes X since they may lie in our domain in an
arbitrary way. If the nodes are equidistant, we would have a discrete
Fourier transform (DFT) or discrete cosine transform (DCT), see e.g.
[BH95].

Definition 3.1 (Non-equispaced discrete Fourier transform). Let X :=
{x1,x2,...,xpm}with X C [-1/2, 1/2)d, M € N a set of nodes and

I}Vexp) = {k €Z% ks € [—% % - 1} ,8 € [d]} (3.4)
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an equispaced full-grid index set with parameter vector N € (2N)4. Given
coefficients py € C, k € I;,exP), the evaluation of

P = > ),

ker™®

at the nodes X, i.e., p(x1),p(x2),...,p(xpm), is called non-equispaced
discrete Fourier transform or NDFT. For given coefficients hy € C, x € X,
we refer to the evaluation of

ik = > e w),

xeX

at the frequencies k € I, Zf[eXp ) as adjoint non-equispaced discrete Fourier
transform or adjoint NDFT.

Definition 3.2 (Non-equispaced discrete cosine transform). Let X :=
{x1,%x2,...,xm}, X C€[0,1/2]¢, with M € N a set of nodes and

I = {k ez ke [0,N; -1],5 € [d]} (35)

an equispaced full-grid index set with parameter vector N € N, Given
coefficients pr € R, k € I;,C %) the evaluation of

px) = > pré ),

(cos)
kel

at the nodes X, i.e., p(x1),p(x2),...,p(xMm), is called non-equispaced
discrete cosine transform or NDCT. For given coefficients hy € R, x € X,
we refer to the evaluation of

h(k) = 3 e £ (),

xeX

at the frequencies k € I, ;,COS) as transposed non-equispaced discrete cosine
transform or transposed NDCT.
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We understand the NDFT and the NDCT as a matrix-vector multi-
plication. In general, we denote with & the functions which can be

the Fourier system & Ef)(p) or the cosine system & ;{COS) together with the
respective index set 7 which is of type 7, IE,eXp) in the former case and

Z}i,cos) in the latter. We write the evaluation of p from (3.3) at nodes
X ={x1,x2,...,xpm} C D% as

p(x1) Sa(¥1)  Cipla) o Ex () (P
. P(Tz) _ 5k1:(x2) Ekz:(XZ) 5kn:(x2) pfcz ey
pe)) &G Gt - &) i,
with k;, i = 1,2,...,n, n := |I|, a chosen order of the indices in 7.

Since this order can be arbitrary, we omit denoting it explicitly, e.g.,
when we write F}\, = (&x(X))xex ker and P = (P )ker- In a similar way,
we consider the “adjoint’ or "transposed’ problem, i.e., the evaluation of

hk) = > e ()

xeX

with coefficients h, € C, x € X on the index set 7. This translates to
a matrix-vector multiplication with the adjoint (or transposed in the
real-valued cosine case) of F¥ie,

IE(kl) Ej (1) &g (x2) v &gy lam) N,
L R
hi(ky) k, .(xl) &k, .(xz) . &k, (.xM) fa

The NDFT and the NDCT are therefore naive multiplications of the
matrix F }\’ with a vector. These multiplications are in the complexity
class O(n - M) with n = |Iy| = ]_[Zl:1 N;. Since the cardinalities rise
exponentially in the spatial dimension d, we observe that the curse of
dimensionality is present.
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The non-equispaced fast Fourier transform or NFFT is a fast algorithm
for the realization of the NDFT. The algorithm approximates the result

of the matrix-vector multiplication F _),( f for the Fourier system & pr). It
is based on the approximation of d-variate trigonometric polynomials
by linear combinations of translates of a periodic window function. The
NFFT is in the complexity class

d
O (] [ Ns1log N +[log ¢ 1X| (3.6)
s=1

with € > 0 being the desired accuracy. This represents a significant
improvement to the naive multiplication. For a detailed description
of the algorithm we refer to [PPST18, Chapter 7] as well as [KKP09].
Similarly, there exists the non-equispaced fast cosine transform or NFCT

which is a fast algorithm for the computation of a NDCT. It approximates

the result of F}\’ f for the cosine system cfgfos). The algorithm can be

derived from the NFFT as described in [PPST18, Section 7.4] and it is in
the complexity class (3.6) as well.

The software package NFFT3, cf. [KKP], combines a number of
algorithms including the NFFT and the NFCT as a C library. It can be
included in many different programming languages including Python,
Matlab, and Julia, see [Sch18, Schb].
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3.2 Grouped Transformations

In Chapter 2, we have seen a connection between the support supp k
of an index k € Z¢ and the ANOVA term f,, u C [d], of a function
f:D? — Cin aspace Ly(D?, w@) with product basis (qogcd)) kezd from
Section 2.1.2. Moreover, we have considered the truncation of the
ANOVA decomposition in Section 2.3 to subsets U € P([d]) of ANOVA
terms. Grouped index sets bring together the concepts of subsets of
ANOVA terms and the partial sums from Section 2.1.3 with the goal of
a unified approach in truncating both the ANOVA decomposition and
the basis expansion.

The grouped transformations were first introduced in [BPS22] and
have the aim to provide transformations as in Section 3.1 for non-
equispaced data when using grouped index sets which will be intro-
duced in Section 3.2.1. The major idea is to reduce the d-dimensional
problem to a number of low-dimensional problems trough exploitation
of the grouped ANOVA structure. The algorithms have been applied
successfully in [PS21a, PS21b, PS22a].

3.2.1 Grouped Index Sets

We distinguish between the periodic case with the Fourier system (2.7)
and the non-periodic case with the cosine based systems (2.8), (2.10),
and (2.15). The index sets

P = (-N/2,-N/2+1,...,-1,1,2,...,N/2-1} CZ  (37)
for bandwidth parameter N € 2N and
™ = 1,2,...,N -1} c N (3.8)

provide the one-dimensional foundation. Note that both sets do not
contain the 0 index. Subsequently, for a given subset of coordinate
indices @ # u C [d], we define

" .
Iu(g\e]) = {k €2 suppk =uand k, € (Ilflpe )) " } (3.9)
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for the periodic case and
nper nper Joe]
I(pe). {keNg supp k =u and k, e(Ilspe)) }

for the non-periodic case. The empty set always belongs to the zero

index, i.e., Ip = wper) 1, (nper) _ = {0}. We observe that these index sets
provide a disjoint decomposmon of a cube in their respective domains,

i.e., we have

d d
(287) =no 25" and () =50 | L
uc[d] uc[d]
u#0 u#(

It remains to show the connection to the ANOVA terms f,,. To thisend,
we recall Lemma 2.14, i.e., the fact that all indices k with supp k = u
belong to the ANOVA term f,. For our index sets, we observe that
Iper) C{keZ': suppk =u} andI(nper) C {k eNd: suppk =u}. In
terms of partial sums, cf. Section 2.1. 3 our index sets therefore provide
a way to truncate the basis expansion of the corresponding ANOVA
term. Therefore, we have

fu= D alf) 9 ~ Sy f = 3 el ol (3.10)
cupp ket ker
fu = Z Ck(f) (P nper)f = Z Ck(f) (p(d) (311)
kENd ke]-(nper)
supp kO:u u,N

In summary, index sets of this type allow for truncation of the basis
expansion for a single ANOVA term.

Finally, bringing together the truncated ANOVA decomposition of
the function with our index, we observe

NI %

uecl uel kel, n



3.2 Grouped Transformations 73

for a subset of ANOVA terms U C P([d]) with I,y = Iu(l?sr) in the

periodic case and 7, y = Iu(;ger) in the non-periodic case. We formalize
this concept as grouped index sets in the sense of ‘grouping’ indices with
the same support for the corresponding ANOVA term. In other words,
we construct index sets that fit the chosen ANOVA truncation.

Definition 3.3 (Grouped index set). Let d € N be the spatial dimension
and U C P([d]) a subset of ANOVA terms, cf. Section 2.3. Moreover, we have
a bandwidth parameter N, € N for every set of coordinate indices O # u € U.
In the periodic case, Ny, must be an even number. We define the index sets

W) = pu IR (3.12)
uecl\{0}

™) = o e (3.13)
uecl\{0}

and call them grouped index sets. Here, N = (Ny,),eu\ (o} collects bandwidth
parameters. In the case of superposition cut-off, ie., U = U®4) with
superposition threshold ds € [d], cf. (2.28), we define the grouped index sets
order-dependent, i.e., Ny, = Ny foru,v € Udds) gith |u| = |v|. Therefore,

the grouped index set I;,per)(u(d'd“) or Izsnper)(u(d'ds)) is well-defined for
N = (Ns)j;l

The cardinalities of the grouped index are considered in the following
lemma.

Lemma 3.4. Let d € N be the spatial dimension, U C P([d]) a subset
of ANOVA terms, and Ny, € N, u € U, the bandwidth parameters. The
cardinality of the respective grouped index set is

[y = =1+ Y -,
0#uecl

For U = U4 with superposition threshold 1 < ds < d and order-dependent



3 Fast Multiplication with Grouped Transformations

%

(a) Index set I (Per)(u@ 3)) w1th Ny =
(pe
12,Np =8,N3 =4 ]
2 =8 N3 =4( N| |

for |u| = 1, in cyan for |u| =
in magenta for |u| =

4

(c) Index set I;Tper)(u) with U
{0,{1},{2,3},{1,2,3}}, Nypy = 12,
Npzy = 8 Nppgy = (I(per
in black for u = 0, in orange for
u = {1}, in cyan for u = {2,3}, and
in magenta for u = {1, 2,3}).

in orange
2, and

-

(b) Index set 7, (“Per)(u(?’ 3)) with Nq =
12, N, = 8, N3 = 4 (""" in or-

ange for |u| = 1, in cyan for |u| =2,
and in magenta for |u| = 3).

b

= (d) Index set I;,nper)(ll) with U =

{0,{1},{2,3},{1,2,3}}, Npgy = 12,

Npgay = 8, N{123} =4,y nper)
in orange for u {1}, in cyan

foru = {2,3}, and in magenta for
u={1,2,3}).

Figure 3.1: Visualization of grouped index sets I;,per)(ll) and 7, Z\(,nper)(ll)

from Definition 3.3.
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bandwidth parameters Ng, s =1,2,...,ds, we have

d
~ (d
)I;]per)(u(d,ds)) — |I1\(]nper)(u(d,ds)) =1+ Z (S) (Ns _ 1)5 )

s=1

Proof. Clearly, we have

(per)| _ (nper)| _
LR =1, = (Ny =)
The statement follows from the disjointness of the index sets. |

Similar to the projection operator P, f from (2.20), for an index set
T C 7% and a subset of coordinate indices @ # u C [d], we define the
discrete projection

Pl ={teZ":.3k el with k,=¢}. (3.14)

with PpZ := {0}. This projection filters the relevant information about
indices with a support of u, i.e., we have for the grouped index sets

Fo ) L P

3.2.2 Fast Multiplication

In Section 3.1 we have introduced the NDFT and the NDCT and their
fast counterparts, the NFFT and the NFCT. Although the fast trans-
formations provide a significant improvement in complexity, we still
suffer from the curse of dimensionality. However, the transformations
are coupled to the use of full-grid index sets as in (3.4) and (3.5). Here,
we modify the approach to grouped transformations which will be
coupled to the grouped index sets from Section 3.2.1.

We consider a space L,(D, a)(d)) as in Definition 2.1 with product

basis ((pgcd)) xezd of bounded continuous functions (pgcd). Then we take
functions @
p:D'=C, p)= > prel ()
kEIN(u)
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supported on a grouped index set Jy(U) from Definition 3.3 with
U < P([d]) a subset of ANOVA terms and bandwidth parameters

N e NIUIF1, We have Iy (U) = T, Z:,per)(ll) for the periodic Fourier system

or In(U) = I]i,nper)(U) otherwise. The values px € C, k € In(U), are
coefficients. We are again interested in the evaluation of p at M € N
arbitrary nodes X := {x1,x2,...,xm} C D"

As in Section 3.1, this evaluation can be understood as a matrix-vector
multiplication as follows

d d d
by (PEE) P el
g [ PO o) el g || P
N : : : : =
P @) @i - o) o
_. X ~
= F} )P (3.15)

with ki, i =1,2,...,n,1n =1+ Ypsper (Nu — 1)'"', a chosen order of
the indices in Zn(U). Now, we recognize a structure in the matrix
F;(}V w which fits our groups, the subsets of coordinate indices u € U =
{0,u1,us,...,uy}, m:=|U|-1,since

po

X A X oo X Pui | _ X &

FX p_(wa,F_,ul,Nul, FIN) : _prulwpu. (3.16)
A‘ uel
pum

Here, we have grouped the indices belonging to the same set u together
yielding the matrices

1
1

. X d
FI@ =1.1 and FIu,Nu - (qogc )(x))x€X kel, N



3.2 Grouped Transformations 77

as well as the coefficient vectors
i)@ = ﬁo, and f)u = (ﬁk)keju,l\lu .

Note that the order of the indices k € 7, n,, # € U, has to be consistent
across the matrices F }Y .. and the coefficient vectors py,.

In (3.16) we observe that the multiplication of our main matrix F }\;} w
with the coefficient vector p can be written as sum of the matrix-
vector multiplications F }(u . Pu. Moreover, every single multiplication
in this sum is independent, i.e., we are able to parallelize its evaluation

which will be a key factor. For now, we still have matrices ij N

with d-dimensional basis functions (pgcd), d-dimensional nodes x, and
d-dimensional indices k. Using the ideas of projections and the product
structure of our space, we can reduce the dimensionality of this problem.

The first key observation is that under our assumptions on the space
and the basis, we have

o) = 9"V (x,) forevery kel and xeX

since supp k = u and ¢g = 1. In the multi-set

Xy = {(xl)u ’ (x2)u RN (xM)u}

we collect the u part of every node x; € X, j =1,2,..., M. Note that
X, may contain duplicates therefore we defined it as a multi-set. Using
the projection from (3.14), we are also able to collect the relevant part of
the indices with P, 7, n, € Z!*. Bringing these concepts together, we
have the equivalent formulation

FY pu=Fy pu with Fyty = (o)

TuNy Py ZuNy PuZu,Ny xeX, LeP, TN,

In summary, we have obtained matrices FI‘,Y"I N with |u|-dimensional
utu, Ny

basis functions (P;Iul), |u|-dimensional nodes x,, and |u|-dimensional
indices ¢. So, our d-dimensional transformation is reduced to |U| many
low-dimensional transformations.
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The ideas can be translated to the ‘adjoint’ or "transposed” problem
as well. We consider the function

h: InU) = C, h(k)= Z I 9 (x).
xeX

with coefficients h, € C, x € X. The evaluation of I on the index set
In(U) can be understood as the matrix-vector multiplication

h(ky) <P§q)(x1) <P§q)(xz) (pgq)(xM) e,
i |H0 | [P0 B o Bl || B
h(ky) a(kdn)(xl) 55:?(962) a(kdn)(xM) I
H
. X
- (FIN(LU) h

with n = Ix(U). Using the ideas and notation from before, we may
write

H H
(Ffm) hH (FPUJIQ,N@ ) h
H

X X
H (BX ) (£, ) A
(P}fv(u)) h = 1'N.“1 - Pu] Iuerul — 741 _ h’

. : K

H h

F X ) h Xum tm
( Ly Nuy, (Fpum Ium,Num ) h

m = |U| — 1, and therefore reduced the d-dimensional transformation

to |U| lower-dimensional transformations which are independent and

can be computed in parallel.

We present a general version of the grouped transformations as
Algorithm 3.1 and its adjoint counterpart as Algorithm 3.2. However,
this algorithm lacks one crucial part which is the fast realization of the
multiplications FI“)\::‘ T, Py and (FI“,\::‘ T )Hh. This depends on the chosen

basis and will be considered for each of the systems from Section 2.1.2
afterwards.
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Remark 3.5. The error of one NFFT with é;{eXp), cf. Definition 3.1, can be
estimated as follows

D\ & (x) - NFFT(,)| < C(N) l|pully, -
kEIu,Nu

Here, C(N,) decays exponentially in Ny, cf. [PPST18, Theorem 7.8] and
references therein. Since the grouped transformation is a sum of the above, we
can bound the overall error by

(ggg C(Nu)) 171, -

The same statement holds for the NFCT with functions & g:os), see Definition 3.2.

3.2.2.1 Grouped Transformations with the Fourier System

We consider the periodic functions f: T¢ — C in the space Ly(T9) with

the Fourier system (pg(d)' “P(x) as complete orthonormal system, see
(2.7). For this system, we propose a fast algorithm for the multiplication

Fli(uf(}’cr)ﬁ with N € ZN, us [d]’X < Cd’ and
““u,N

p = (P er) € C(N_l)lu‘.
p (pk)kefu(g\])

The index set Iu(};\e}r) has been defined in (3.9). In the end, it is our goal to
apply a |u|-variate NFFT from Section 3.1. We observe the connection

Pqu(g\elr) _ {k c7ll. ke [;,e’(p) and supp k = [|u|]}

with [|u|] = {1,2,..., |u]} to the index set I;,eXp) from (3.4) with N =
(N,N,...,N) € NI Since Pufu(plf;r) is a subset of IJSEXP), we require
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Algorithm 3.1 Grouped Transformation

Input: deN spatial dimension
(¢r) € Lo(D, w) basis of L(D, w)
u c P(d]) subset of ANOVA terms

N = (Nu)ueu\{0} € NIUI-1 bandwidth vector, cf. Def. 3.3
X ={x1,x2,...,xm} CD? M nodes in the domain
pr €C, ke InU) coefficients

1: foru e U\ {0} do
2 Pu— (lak)kefu,Nu
X (uel)
3: F — ( )
Putu,Ng Pe (x) x€X, P, I, N,

4: end for

5. p (ﬁo)?ﬁl

6: foru e U\ {0} do
7. pe—p+ PI)’(:I»,,N,, Pu < parallelization
8: end for

Output: p € CM  result of the multiplication Pf,fv (u)ﬁ"
Complexity: ), cost of Ff)\:f T . Pu
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Algorithm 3.2 Adjoint Grouped Transformation

Input: deN spatial dimension
(pr) € Lo(D, w) basis of Ly(D, w)
ucP(d) subset of ANOVA terms

N = (Nu)ueu(oy € NU=1 bandwidth vector, cf. Def. 3.3
X ={x1,x2,...,xpm} CD? M nodes in the domain
hyeC,xelX coefficients

: forue U\ {0} do

H

() — ()
end for
: h@ — erz\’ hx
: foru e U\ {0} do
6 hy — (FI)’?Lt Nu) Pu < parallelization
7: end for ,
8 h «— (hy)uecu

—_

N

eP, Iy N, XXy

Output: h € C*Zosueu M=) pegult of multiplication (F&

H
PIN(U)) h

H
Complexity: 3, cost of (F I(’Yuf N ) Pu
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zero-padding in order to apply the NFFT for this special index set. We
define

. pr(€)  :suppf = [|ul]

o= (¢ ex ith = :
8 (gl)t’ell\(, po W& {0 : otherwise (3.17)

with px(£) = px for the index k € Z¢ with supp k = u and k,, = £. The
process of projection and subsequent zero-padding has been visualized
in Figure 3.2.

Figure 3.2: Visualization of the projection and zero-padding from

(exp)
to I(3,3) .

(per)
I{l,z},s

(d), exp (exp)

k

k
from (3.1). If we denote with F}Y(EXP) = (ét(,QXP)(x))xe Roer® the NDFT

N N

We also notice that our basis functions ¢ coincide with &

matrix for X = X,,, we have that

Xy A FX A
Pqu(,pI\e;r) p I}\(]exp) g

The right-hand side can be computed via a |u|-variate NFFT which
leads to Algorithm 3.3.
It remains to consider the adjoint multiplication, i.e., the multiplica-
tion of (FI()Y“I( per))H with a vector h € CM. We can compute the adjoint
"“u,N
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|u|-variate NFFT and denote the result as

H
r_ (7 _ X
)~

This simultaneously provides the result to our original question since

(FXu —

i = (Fe)
)'h=he .
P, ZFe tep, 15

In other words, we have computed more coefficients than necessary by
using an adjoint NFFT. We present the method as Algorithm 3.4.

3.2.2.2 Grouped Transformations with the Chebyshev System

;(d)":heb(x) from (2.8) as a

basis in the space Ly([-1, 19, @@ cheb) with non-periodic functions
f:[-1,1] — R. For this system, we propose a fast algorithm for the
multiplication

Now, we consider the Chebyshev system ¢

X R .
F P With N €2N,uc[d] X c[-1, 119, and
“=u,N

p=(p wpen) € CN=D

p (pk)keju(ﬁ )
While we may reuse some ideas from the Fourier system, the details
differ in some aspects. Similar as for the periodic case, we have

Pufu(,r}ser) = {k € Nl)"l: ke II\(,COS) and supp k = [|u|]}

with the index set I;,COS) from (3.5),and N = (N, N, ..., N) € Nl The
zero-padding also works in the same manner as before in (3.17) and we
obtain

N A A pr(€)  :suppl = [|u]
= cos th =
g (g[)[EIzil oW 8t {O : otheriwse
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Algorithm 3.3 Multiplication of P;(" with a coefficient vector p

(per)

U=y, N
(Fourier system)
Input: deN spatial dimension
u C [d] subset of coordinate indices
N € 2N even bandwidth parameter

X ={x1,x2,...,xm} CT? M nodes in the domain
P = (Pr)gestmn €CH D" coefficients
u,N

1: N«— (N,N,...,N) € 2N)I
2 X <_Xu = {(xl)u/(xz)u/"'/(xM)u}
3: forf € I;,eXp) do

4 if suppf = [|u|] then

5: k «— (0)g=1

6: k, —¢

7 gg — ﬁk

8 else

9 gl’ —0

10:  end if

11: end for

12: g — (gf)[efzi]exp)

A

13: p — Ff(cxp) g < compute via |u|-variate NFFT
N

A

Output: p € CM  result of the multiplication F;\)“I(per)p
U<y N

Arithmetic cost: N'*llog N
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Algorithm 3.4 Multiplication of (FI))("I ( per))H with a coefficient vector h
u=y,N
(Fourier system)

Input: deN spatial dimension
u C [d] subset of coordinate indices
N € 2N even bandwidth parameter
X ={x1,x2,...,xm} CT? M nodes in the domain
h = (hy)yex € CM coefficients

1: N«— (N,N,...,N) € 2N)
2: X «— Xu = {(xl)u , (XQ)u PN |..|’ (xM)u}

3 = (h — [FX h < compute via |u|-variate adjoint
(exp) (exp) P ]

keI Iy
NFFT

Output: (ﬁ ) € CM  result of multiplication (F** Hh
P ¢ ep, -C,(Ss” p ( P, Iu(}:;\e}r))

Arithmetic cost: N"llog N
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with pi(£) = py for the index k € N with supp k = u and k,, = .
(d), cheb
k

system & ECCOS) from (3.2), but we have

However, the basis functions ¢ do not coincide with the cosine

k
(chd),cheb(x) _ \/Elsupp | é;(cos) (arczc;sx)

where the arccos is applied elementwise to x. We denote the trans-
formed nodes with

- 1 1 1
X = {E arccos (x1),, , 7 arccos (x2), ,-- -, = arccos (JCM)u} .
As a result we have the identity

v 4
o = P i (V2
N

P L

t’e]lifos)) 8

Algorithm 3.5 summarizes our method with the most notable change
that the nodes X have to be transformed and we require a multiplication
with a diagonal matrix. However, both operations are possible in linear
time which is why the complexity of the algorithm is still dominated
by the |u|-variate NFCT.

For the transposed case, i.e., the multiplication of (FX (epe
P, Y
a vector h € RM, we compute the transposed |u|-variate NFCT and

denote the result as
T
2 )) h.

A A . [supp €|
h= (h[) ) = diag (\/E ) oo | F
rer rerl "1

))T with

As in the periodic case, this provides us with the result of the original
matrix-vector multiplication since

X T r
(F%  YTh= (h[) .
P, L0 (eP, 1%

The method is summarized in Algorithm 3.6.
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Algorithm 3.5 Multiplication of FY ¢
P.T nper

U=y N

, with a coefficient vector p

(Chebyshev system)
Input: deN spatial dimension
u C [d] subset coordinate indices
NeN bandwidth parameter

X ={x1,x2,...,xm} €[], 1]d
5 — (h oer) € R(N—l)""
P = (Pi)ycponen

: N«— (N,N,...,N) e Nl

N =

3 forf € I;,COS) do

4:  if supp € = [|u|] then
5 k — (07,

6: ku — ¢

7 ae— 2"y

8 else

9 gt’ —0

10:  end if

11: end for

12: g — (gl)l’efz\(]cos)

M nodes in the domain
coefficients

1

X — X, = {% arccos (x1),, , % arccos (x2),, , - - ., 5 arccos (xM)u}

13: P — F;(_(ws) g < compute via |u|-variate NFCT
N

Output: p € RM  result of the multiplication F;("I(nper)ﬁ

Arithmetic cost: N*llog N

uty N
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Algorithm 3.6 Multiplication of (Flf"j (nper))T with a coefficient vector h

ut, N
(Chebyshev system)
Input: deN spatial dimension
u C [d] subset coordinate indices
NeN bandwidth parameter
X={x1,x2,...,xm} C[-1,1]? M nodes in the domain
h = (hy)yex € RM coefficients
1: N«—(N,N,...,N) e N
2 X — Xy = % arccos (x1),, , % arccos (x2), , .- -, % arccos (xM)u}
T
3:ﬁ=(ﬁ) FX | n te via |u|-variat
k kerie — ( T < compute via |u|-variate
transposed NFCT
4 h— diag (\/ilsupp”) (c08) h <in linear time
rer

Output: (fz ) €RM  result of multiplication (F** Th
P ¢ (eP, Iu(S\e]r) p ( P, Ilqul\};er))

Arithmetic cost: N*llog N
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3.2.2.3 Grouped Transformations with the Half-Period Cosine System

The half-period cosine system (pg(d)’cos(x) from (2.10) is a basis in
L»([0,1]%) with non-periodic functions f: [0, 19 — R. As for the
other systems, we propose a fast algorithm for the multiplication

F;fu](nper)ﬁ with N €2N,u C[d],X c[0,1]%, and

p = (D nper) € R(N_l)lu‘.
p (pk)ka—u(ﬁ )

Here, there is only one difference to the Chebyshev system from
before: We have a different relationship between the basis functions

(ch’i) Cos) -

"“®* and the cosine system & ;{ ,ie.,

(d), cos _ [supp k| (cos) 1
(oM (x) =V2 &k (Ex.

As a result, we use Algorithm 3.5 for the multiplication P;f"](

modify line 2 to

X — Xu = {%(xl)u ’ % (xZ)u AREN % (xM)u} . (318)

Similarly, for the transposed multiplication (FI()\”‘ )"h we use Algo-

(nper)
u Iu,N

rithm 3.6 and again modify line 2 to (3.18).

3.2.2.4 Grouped Transformations with the Transformed Cosine
System

The transformed cosine system (pid)’ Stcl(x) from (2.15) is a basis in

Lo(RY, @ std) with non-periodic functions f: R? — R. Here, we also
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propose a fast algorithm for the multiplication

Fli(]nperp with N €2N,u C [d],X CR?, and

p=(p open € RV-D™
p (Pk)kd"(ﬁ )

For the relationship between the basis functions (p;(d)’Std(x) and the

(cos)

cosine system & e we have

(P;d),std(x) _ \/Elsupp kg(cos)( v 1(x))

with the transformation function 1711 ! from (2.14). We again use Algo-

rithm 3.5 for the multiplication F (per)
P, 7 "Per

”uN

p and modify line 2 to

K= {g (0w), 5 (07 w), o g (9 0)
(3.19)

The transposed multiplication (F X )Th can be realized with Algo-

(nper)
M u, N
rithm 3.6 where line 2 is again modified as in (3.19).
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3.2.3 Implementation

The grouped transformations have been implemented in the publicly
available package GroupedTransforms.jl for the programming language
Julia, see [SB]. The package uses NFFT3.jl, see [Schb], for the computa-
tion of the low-dimensional transformation and utilizes parallelization
to distribute their computation to different Julia workers depending on
the core count of the machine.

In the following, we show code examples for the usage of the package
on the examples from Figure 3.1. We begin with the subset of ANOVA
terms UG and the bandwidth vector N = [12, 8, 4]. The transforma-
tion objects ¥_exp and F_cos can be used just like matrices although
there is never a matrix constructed explicitly.

using Distributed

m

addprocs (3) # paralleliz: on with 3 workers

@everywhere using GroupedTransforms
using LinearAlgebra

d=4

ds = 3

M = 1_000 # number of nodes

X = rand(d, M) .- 0.5 # draw nodes a random

N = [12, 8, 4]

# initalize GroupedTransform with exponential functions

F_exp = GroupedTransform("exp", d, ds, N, X)

# generate coef cient vector (initalized w
fhat = GroupedCoefficients (F_exp.setting)

for i = l:length(F_exp.setting)

u = F_exp.setting[i][:u]
fhat [u] = rand(ComplexF64, size (fhat[u])) # generate coe cients
= A wamcke
end
f = F_exp * fhat # apply grouped transform to coefficient vector
h = rand(ComplexF64, length(f))
h_hat = F_exp' * h # adjoint transform
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F_cos = GroupedTransform("cos", d, ds, N, X)
# generate coefficient vector (initalized with zeros)

fhat = GroupedCoefficients (F_cos.setting)

for i = l:length(F_cos.setting)
u = F_cos.setting[i] [:u]
fhat [u] = rand(Float64, size(fhat[u])) # generate coefficients at
<— random
end

f = F_cos » fhat # apply grouped transform to coefficient vector

h = rand(Float64, length(f))
h_hat = F_cos' * h # adjoint transform

Now, we show how to apply a grouped transformation with the
subset of ANOVA terms U = {0, {1},{2,3},{1,2,3}} and the same
bandwidth vector N = [12, 8, 4] as before.

using Distributed
addprocs (3) # parallelization with 3 workers

@everywhere using GroupedTransforms
using LinearAlgebra

d=4

ds = 3

M = 1_000 # number of nodes

X = rand(d, M) .- 0.5 # d nodes at random
U = Vector{Vector{Int64}} (undef, 3)

U[l] = []

ufz2] = [1]

Uu[3] = [2, 3]

ul4] = [1,2,3]

N = [12, 8, 4]

# initalize GroupedTransform with exponential functions
F_exp = GroupedTransform("exp", U, N, X)

# generate coefficient vector (initalized with zeros)
fhat = GroupedCoefficients (F_exp.setting)

for i = l:length(F_exp.setting)
u = F_exp.setting[i] [:u]
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fhat [u] = rand(ComplexF64, size (fhat[u])) # generate coefficients

“— at random

f = F_exp » fhat # apply grouped transform to coefficient vector

h = rand(ComplexF64, length(f))
h_hat = F_exp' * h # adjoint transform

# initalize GroupedTransform with cosine functions

F_cos = GroupedTransform("cos", U, N, X)

# generate coefficient vector (initalized with zeros)

fhat = GroupedCoefficients (F_cos.setting)

for i = l:length(F_cos.setting)
u = F_cos.setting[i] [:u]
fhat [u] = rand(Float64, size(fhat([u]))
< random
end

# generate coefficients at

f = F_cos » fhat # apply grouped transform to coefficient vector

h = rand(Float64, length(f))
h_hat = F_cos' * h # adjoint transform






High-Dimensional Explainable ANOVA
Approximation

We have collected the main ingredients and are now ready to introduce
our method for the explainable approximation of high-dimensional
functions from scattered data that has been presented in [PS21a, PS21b,
PS22a, PS22b]. The ANOVA decomposition introduced in Chapter 2
represents a crucial building part of the method and the related global
sensitivity indices or Sobol indices will be our main tool for interpretabil-
ity. On the other hand, the grouped transformations from Chapter 3
are important for the realization of fast transformations with the special
grouped index sets in order to achieve a fast approximation method.

In Section 4.1, we go into detail about the central least-squares problem
which we use to approximate the function via the approximation of
its basis coefficients. A main factor in these considerations is the
amount of nodes compared to the amount of coefficients we aim to
recover. This factor is also referred to as oversampling factor. If the
factor is smaller than one, we are in an underdetermined setting
and otherwise overdetermined. For the overdetermined setting, we
investigate properties of the Moore-Penrose inverse and discuss the

95
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necessary oversampling in order to achieve bounds on its spectral norm
with high probability when we have nodes drawn at random. The
results are based on the matrix Chernoff bound by Tropp in [Trol1].
In the underdetermined setting, we discuss the addition of Tikhonov
regularization that simultaneously allows us to incorporate a priori
smoothness information if it is known. Section 4.2 introduces the
method which culminates in Algorithm 4.1. Here, we also discuss
details of the interpretability and multiple ways to determine a subset of
ANOVA terms with large importance to the function. Finally, Section 4.3
is concerned with the errors of the method in the case of function
recovery. We first consider the setting of Sobolev type spaces and
weighted Wiener spaces where we are looking for worst-case bounds on
the L, error. We extend results from [KUV21, MU21] to our setting for
the Sobolev type space achieve the bound in Theorem 4.10. Moreover,
we are able to prove a new result for the L, worst-case error in weighted
Wiener spaces in Theorem 4.11. Additionally, we are able to bound the
L, and L error for individual function approximation in Theorem 4.12
and Theorem 4.13, respectively. Since there are no worst-case bounds
in the Lo, setting, we may use the individual results for functions in
smoothness spaces yielding Corollary 4.14 and Corollary 4.15.

4.1 Least-Squares Approximation with
Regularization

In this section, we discuss the crucial part for our approximation frame-
work which we will present in Section 4.2. We consider a product space

Ly(D?, @) from Definition 2.1 with an orthonormal basis ((pgcd) Vkezd
of continuous functions. Note that the we require the system to be a
bounded orthonormal system (BOS) with BOS constant

(pgj’” <o 4.1)

Cpos = sup Lo (D)

kezd

which all of the examples from Section 2.1.2 are. For now, we assume
that there is a fixed subset of ANOVA terms U C P([d]) and a finite
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grouped index set Jy(U) with parameter vector N = (Ny)yeu, cf.
Definition 3.3. Here, the additional constant

< CBOS (4.2)

Csupp = sup ||<P Lo@)

kely(U)
which can always be estimated by the BOS constant will be relevant.

Remark 4.1. For the examples from Section 2.1.2, we have

Y L s
d

c B \/5 . (p;) (p(d),cheb, -
BOS = \/_d . — ,4(d), cos
Zd : gok =@ ,
\/§ . (p;(d) =g (d), std,
1 (P(d) (P(d) exp
c _ \/55 ( (p(d) cheb
supp — \/55 . <P( ) _ qo(d) cos,
ﬁs . (p( _ qO(d) std

with s = maxz, ) |supp k|. In the special case of U = U@45), we get s = d
for superposition threshold d.

In Section 2.3, we have seen that we are able to truncate the ANOVA
decomposition of a function f: D? — C in Ly(D?, ©?) such that

faTuf =) fu= ), (o

uel kezd
supp kel

However, we have infinitely many indices in the set {k € Z?: suppk €
U} and therefore infinitely many basis coefficients cx(f). Using our
grouped index set

In(U) C {k €Z%: supp k € U},
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we truncate the basis expansion of Ty f to a finite linear combination of
basis functions. This yields the partial sum, cf. Section 2.1.3,

Tuf ~Snanf= ). (el

keln(U)

Here, we have combined the ANOVA truncation with our grouped
index set to a combined truncation operation.

Our scenario is scattered data approximation using a set of M € N
arbitrary nodes X = {x1,x2,...,xm} C D? and a vector of function
evaluations f = (f (x]'))]‘l\ﬁ1 € CM. Itis our goal to find an approximation
for the function f, i.e., approximations for the coefficients cx(f), k €
In(U).

First of all, we notice that we may write the evaluation of the partial
sum Sz, ) f at the nodes X as a matrix-vector multiplication

(oM

_ X
(St f() yex = Fro

. . X _ (d)
with matrix FIN(U) = ((pk (x))xeX,kEIN(u) ,
and coefficients ¢ = (cx(f))kezy (), see also (3.15). Since we assume
that Sz, 1) f = f, we may also assume that Sy, (i) f(x) = f(x) for x € X.
The errors caused by this truncation will be addressed in Section 4.3.
Now, it is our goal to determine the approximation via solving the
least-squares problem

2
. (4.3)

. X b
min ‘f - PIN(U)f

fE(ClIN(u)|

We denote its solution as f'sol =( fk)kE]N(u) and call fk, k € InU),
approximate coefficients since ideally we have fk % ck(f). Then the linear

combination @
X . z
St f = Z it (4.4)
keln (U)

will be referred to as approximate partial sum since S;(N a f=Sn)f-
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Solving the problem (4.3) is equivalent to solving the normal equa-
tions

H H
X X L I X
(PIN(U)) PJN(U) fSol = (P]N(u)) f (45)

If the matrix (Ff,fv (u))H X

Fooan s invertible, the unique solution is given
as

H -1 H
A _ X X X
feol = ((FIN(u)) FIN(LD) (Ffzv(U)) !

B
(X
- (PIN(U))

with (F _/r\,’\, (u))+ being the Moore-Penrose inverse. In Section 4.1.1 we con-

X HpX
Frw) Fra
that we are in the overdetermined case, i.e., we have |X| > |In(U)|. For
the underdetermined case, | X| < |Zn(U)|, we modify the problem (4.3)
and introduce Tikhonov regularization in Section 4.1.2.

sider when the matrix ( is invertible under the condition

For now, we assume that problem (4.3) has a unique solution. We
determine that solution using the well-known iterative LSQR algorithm
from Paige and Saunders, see [PS82, Bj696]. The algorithm is an adap-
tion of the conjugate gradients method, see e.g. [HS52], for rectangular
matrices. While the residuals are the same as applying the conjugate
gradient method to the normal equations (4.5), LSQR has better nu-
meric properties and is more reliable in this case, cf. [BBC*94]. A main
advantage we are able to exploit is that LSQR does not need the system

matrix F }\; ) itself. We only need two oracle functions: the first function

returns the result of the multiplication of F 17\1,\; )
and the second function does the same for the adjoint (or transposed)
(F}\;} (u))H. For this we may rely on the grouped transformation, see
Algorithm 3.1, and its adjoint version, see Algorithm 3.2. One iteration
of the LSQR algorithm is therefore in the same complexity class as the
grouped transformation.

with a given vector



100 4 High-Dimensional Explainable ANOVA Approximation

4.1.1 The Overdetermined Case

In this section, we consider the overdetermined case for problem (4.3),
i.e., we have more nodes in X than indices in Jx(U), i.e.,

M=|X| > |InU)| =1+ Z (N, — ),

0+uel

see Lemma 3.4. The ratio |X| /|Zn(U)| will be referred to as the oversam-
pling factor. In this case, our problem has a unique solution when the

X X .
matrix FX () has full rank since we then have that (F T (u)) F () 18

invertible. In the following, we aim to consider requirements on the
nodes X and the parameter vector N such that we can prove with high

probability that F I w has full rank.

Here, we discuss the properties of our random matrix F _/r\;, wy ie., the
nodes X have been drawn i.i.d. at random according to a probability
distribution. One requirement on the space Ly(D4, @?)) from Chapter 2
is that the density »@ has to be a probability density. We make the
connection in the sense that we consider the properties of the matrix

F ;( ) if the nodes X have been drawn according to the distribution
()

defined by the density ©@. In the case @ = 1, we would obtain
uniformly distributed nodes. With this setting we are in a special case
of [KUV21] and [MU21] which dealt thoroughly with the properties of
such matrices making use of concentration inequalities and specifically
the matrix Chernoff bound by Tropp, cf. [Trol1].

We approach the problem by considering the matrix

1 H
X X X
Arw = 1x] (Fiw) Fhwr

If we are able to bound its eigenvalues, we immediately obtain a bound
on the spectral norm of the Moore-Penrose inverse of F I wy
Theorem 4.2. Let all of the nodes in X be drawn i.i.d. at random according
to the probability density w@. For an r > 0 the eigenvalues of the matrix
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HX ) are greater than 1/2 with probability at least 1 — |X|™" if

|X]

[ In(U)] <
7C§upp (r+1) log|X|

(4.6)

with Csupp from (4.2). In particular, we obtain an upper bound on the spectral
norm of the Moore-Penrose inverse

2
X1
Proof. The theorem is an application of [MU21, Theorem 2.3]. They use
the value

bh—b

N(Iy(U)) = sup Z

xe€D? ey (U)

see also [Nev79]. In our case, we may estimate it by the constant Csypp
from (4.2) as follows

sup |(Pk (x)) sup §0k (x)) Cgupp
xeD4 keI kely (u) xeD4 keln(U)
supp | In(U)] .
This yields our desired result. u

Clearly, a direct consequence of Theorem 4.2 is that the matrix
X X
(5 <U>) Frw

per bound on the spectral norm of the Moore-Penrose inverse (F

is invertible. Simultaneously, we have obtained an up-

R
which will be useful when considering approximation errors in Sec-
tion 4.3. The following corollary provides a lower bound on the spectral
norm of the Moore-Penrose inverse.

Corollary 4.3. Let all of the nodes in X be drawn i.i.d. at random according
to the probability density wP. Let r > 0 with

|X]
(r +1) log |X|

[In(U)| < (4.7)

10 Cupp
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with Csypp from (4.2). Then we obtain the lower bound on the spectral norm
of the Moore-Penrose inverse

2

>
bt V3IX]

H IN(U)

with probability at least 1 — |X|™"

Proof. This is the application of [MU21, Corollary 2.4] as a consequence
of [KUV21, Proposition 3.1]. [ |

Both results are based on the matrix Chernoff bound by Tropp, see
[Trol1]. The difference between lies in the constant factor 1/7 in (4.6)
and 1/10 in (4.7). In summary, we have shown that the problem has
a unique solution with high-probability if the oversampling factor is
large enough.

The important message from Theorem 4.2 and Corollary 4.3 is that if
the nodes in X are distributed according to the probability density &?
of our space L, (D4, @), then our matrix is well-conditioned. In our
setting, we even obtain an improvement to [MU21] since we need less
oversampling because of our constant Csypp < Cpos. In the periodic
case with the Fourier system from Section 2.1.2.1 as well as in the non-
periodic case with the half-period cosine basis from Section 2.1.2.3, we
assume uniformly distributed nodes. For the Chebyshev system from
Section 2.1.2.2, we assume a distribution according to the Chebyshev
density. For the transformed cosine from Section 2.1.2.4, this was a main
motivation to even consider this system. The space has the probability
density function of the standard normal distribution and can therefore
deal with data that has zero mean and variance one. This fact will be
discussed more thoroughly in Section 4.2.

Remark 4.4. In [PS22a] the Chebyshev system from Section 2.1.2.2 was
considered. Here, we need our nodes X to be distributed according to Chebyshev
probability density

), cheb
()= H 1 — xs
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However, it was investigated how one could modify the least-squares system in
order to use uniformly distributed nodes X together with the Chebyshev system.
The idea is to introduce a padding parameter 6 € (0,1) and use uniformly
distributed data in [-1 + 0,1 — 0]. Then we apply a preconditioner that has
the Chebyshev density on the diagonal to the system matrix. The choice of 0
influences both the condition of the matrix and the necessary oversampling. A
larger O will have a negative effect on the condition number while a smaller
theta requires a higher oversampling.

4.1.2 The Underdetermined Case and Smoothness
Information

In this section, we consider the case of oversampling factor | X| /| Zn(U)]
smaller than one, i.e.,
M= X < |[In@) =1+ > (N, -1
0#ucl

In other words, we aim to reconstruct more coefficients | I (U)| than we
have available data points X. We approach this by modifying problem
(4.3) and add a regularization term, cf. [BPS22], to obtain the new
problem

A

f

for a regularization parameter A > 0. Here, for a weight function
w: In(U) — [1, ), we define the diagonal matrix

W = diag(w(k) )xenvu) (4.9)

and the weighted norm
pl, = i

For our diagonal matrix W with entries larger than one, we have the
equality

min

2
( 4.8)
fecivw|

w

X 12
f=Ffan £, + 4

|, = (v 7) Vw7 = |Vivs

%3
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where VW is the element-wise square-root of W. This weighted norm
introduces the possibility for us to incorporate a-priori smoothness
information about our problem. If nothing is known, we may choose
w = 1 and obtain a standard Tikhonov regularization, cf. [ORA16].
However, if we know that f is an element of a Sobolev type space,
ie, f € H'(DY, 0¥) for a weight v: Z¢ — [1, ), we may define
w(k) = v(k) on In(U). Using such a smoothness weight leads to a
smaller search space which can be seen by using the equivalent Ivanov
formulation of the regularization functional, cf. [ORA16], where we
minimize the data fitting term subject to a bound on the Sobolev norm.
This may compensate the lack of information from a small node set, i.e.,
a small oversampling factor.
Problem (4.8) is equivalent to

- ()

and therefore the normal equations become

min
fecknw]

H H
X X ;o X
((Ffmw) FIN<U>+AW) fsol—(PIN(w) f-

This problem always has a unique solution since the matrix on the
left-hand side is a symmetric positive definite matrix. We have achieved
this trough shifting the eigenvalues away from zero. However, the
solution does now depend on the regularization parameter A. In the
general case, the optimal choice for A will be determined using cross-
validation techniques, e.g., with the methods in [BHP20] which allow
for fast computation of the cross-validation score for leave-one out
cross validation in a periodic setting. This score can then be used to
choose a A which will be close to the optimal one, i.e., avoiding over- or
underfitting effects. While we introduced this form of regularization
for the underdetermined setting, it may of course also be beneficial if
we are in the overdetermined setting.
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Remark 4.5. If we apply the method to a synthetic test function f: D* — C,
ie., we have the norm ||fll,pd ) of the function as well as the basis
coefficients ck(f), k € In(U), available, it is possible to compute the error

2

X
”f SJN(U)f Lo(D4,0@)

YT R S [ ARSI

keln(U) keIn(U)

Choosing A according to this error will clearly yield the better choice. However,

this error is in general not available and the strateqy therefore not always
feasible.

If we choose w = 1 and therefore a Tikhonov regularization, we have
for the norm of the Moore-Penrose inverse

Hi
max 5
=12, [ INW)| pi + A

H -1 H
X X X
((F IN(U)) Fran* M) (F IN<U>)

with u, uz, ..., 45w the singular values of le(u).
Remark 4.6. It is possible to use different forms of regularization for our
least-squares problem. In [BPS22] the use of a group lasso approach, see e.g.
[YL06], was discussed. This regularization promotes sparsity in the ANOVA
terms fy, u € U, and may therefore discard unimportant terms.
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4.2 Explainable Method, Attribute Ranking and
Active Set Detection

With every preparation complete and every prerequisite discussed,
we now introduce the explainable ANOVA approximation method
for high-dimensional functions in the scattered data setting. First of
all, we assume that we have a given set of M scattered data nodes
X = {x1,x2,...,xm} € D? and values y = (yi)f\ﬁl e CM. We denote
the data also as tuples

D = {(x1, 1), (x2,12), ..., (xm, ym)} € DY x C. (4.10)

We then assume that there exists a continuous function f: DY — C in
Ly(D4, @) such that f(x;) ~ y;. This is already a very crucial part
in the method. If we aim to approximate a function f and we know
that f is in a certain space L,(D4, w(d)), the setting is clear. However, in
applications we are provided some form of nodes X C R and values in
C (or R ¢ C) and we do not have any information what may be the best
choice of space and subsequently basis. In parts, this issue has been
discussed in [PS21b] and [PS22b]. After some necessary preprocessing,
we have the option to apply normalization.

In machine learning, the scale of our features is a key component
in building models. Let us, e.g., take recommendations in online
shopping. We are only able to analyze the customers that actually exist
and what they bought in the shop. However, the features may lie on
immensely different scales. If we measure, e.g., the time a customer
spent in the shop in seconds as well as their age in years, the result
will be a scale that contains values with thousands of seconds and a
scale ranging from up to 90 years. Bringing those features on similar
scales trough normalization may significantly improve performance
of our model. Two common methods for data normalization are min-
max-normalization and Z-score normalization, see e.g. [HTF13]. The
former method will yield data in the interval [0, 1] and is especially
useful if there is an intrinsic upper and lower bound for the values,
e.g., when considering age. If we come back to our previous example,
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the time a customer spends in the shop would be less suitable since
the values may have a wide range and we will probably have very few
people with a significantly small or large time. In this case, the Z-score
normalization makes much more sense. It tells us how many standard
deviations our value lies away from the mean of the data resulting in
a distribution with zero mean and variance one. In summary, if we
apply min-max-normalization to the nodes X, we obtain X C [0, 1]
and may use the half-period cosine basis from Section 2.1.2.3. Should
we apply Z-score normalization to X, we obtain X C R with mean
zero and variance one resulting in the applicability of the transformed
cosine basis from Section 2.1.2.4.

The first step in our method is to truncate the ANOVA decomposition
of our function f: D? — C. We choose truncation by a superposition
threshold ds € [d] such that we obtain

=D fux D, fu=Taf.
uc[d] uC[d]
[u|<ds

This has been discussed thoroughly in Section 2.3. A truncation of this
type makes sense if the function f has a low superposition dimension
dGP)(§) for high accuracy 0, see (2.26). Then we may choose ds = dp),
However, the superposition dimension is in general unknown. Here,
we distinguish again between two main cases. If it is our goal to
approximate a function where the smoothness is known, we may
compute the worst-case superposition dimension (2.30) or use the
bounds on it as in Section 2.3. This works, e.g., for the functions of
dominating-mixed and isotropic smoothness. Then we can assume a
low superposition dimension. If we do not have any a-priori information
about the function, we have to choose a superposition threshold ds € [d]
or possibly determine one via cross-validation. The second major case
is real data from applications where we just have the nodes X and
values y. Here, the situation is very different. For the complete
generality of problems one cannot make the assumption that we have a
low superposition dimension. However, there are many application
scenarios where numerical experiments successfully showed that this
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is indeed the case, see e.g. [CMO97, HS5721]. Moreover, it has been
theorized that most real world applications consist only of low-order
interactions relating to sparsity-of-effects, cf. [WH11], or the Pareto
principle. Since we generally do not have a-priori information in
this scenario, we work with low superposition thresholds d; and use
cross-validation to improve the choice.

The next step is to truncate the basis expansion of f or Ty, f to achieve

(d)

a finite amount of basis functions ¢, * and therefore coefficients cx(f).

To this end, we choose a grouped index set Zn (U *4:)) with bandwidth
parameters N = (N]')?i1 € N% according to Definition 3.3. We then
have an approximation by a partial sum

f=Taf~Spuaa f = Z (f) oy,

ke Iy (U@ds))

see also Section 2.1.3. The choice of N isagain an interesting issue. Any a-
priori information may possibly help this choice. If we have information
about the smoothness of the function, we can find upper bounds on
the truncation error based on the choice of N. This will be discussed in
detail in Section 4.3. In the general case without a-priori information,
this parameter has to be chosen via cross-validation techniques again.
However, experiments with real data from applications show that low
bandwidths achieve good results, cf. the experiments in Chapter 6.

Now, we determine approximations for the basis coefficients c(f),
k € In(U@4)), as the solution of the (regularized) least-squares prob-
lem

2

fsot = (fK)kery s = alr;grg;? ”y IN(U(ddS) b

7

w

(4.11)
cf. (4.8), such that fk ~ ck(f), k € In(U@%)). A detailed description of
the solution can be found in Section 4.1. Depending on the oversampling
factor |X|/ |IN(U(’1"15))| we can decide if we use regularization, i.e.,
A > 0, or not. If a priori smoothness information is available, it



4.2 Explainable Method, Attribute Ranking and Active Set Detection 109

can be incorporated via W, see Section 4.1.2. We have obtained the
approximation

RC
frTaf= SIN(u(d'd“)f ~ Sir(N(um,ds))f = Z Ji (PE()'
kely (Uldds))

In the next step, we interpret our approximation S T (Udds) f using

the techniques presented in Section 4.2.1. The goal is to reduce the
number of ANOVA terms such that we may choose more indices for
important terms. In general, the methods from Section 4.2.1 lead to
a subset U@ctve) ¢ 11\@4:) The special case of incremental expansion
does both, remove certain terms and also add others of higher order.
Regardless of the specifics, we have obtained a new subset of ANOVA
terms U@t ¢ P([d]). In Figure 4.1 we have visualized the process
for a 4-dimensional function.

Why does it make sense to reduce the number of ANOVA terms? The
oversampling factor |X| /|Zn(U)| directly influences the quality of our
model. If the factor is low, i.e., we have a small number of nodes
compared to our number of indices, the model may not yield a good
approximation error, see also Section 4.3. By reducing the number of
ANOVA terms to an active set U(aCﬁ"e), we increase this factor. Moreover,
if some terms are removed, it is also possible to increase the bandwidth
parameters N, for terms u € U@, This may bring benefits since
those terms have in some way been determined to be important.

Using the set U@ we perform a refitting, i.e., we solve the new
least-squares problem

2
A . . X 4 4112
8sol = (gk)kEIM(U<aCﬁve)) = argmin ‘f - PIM(u(actiVe)) g”€ +0 ”g”W ’
§€C|IM(U(aCtiVC))| 2
(4.12)
as a modified version of (4.11) with different regularization parameter 0.

Here, we have the grouped index set 77 (U °1V®)) with new bandwidths

M = (My),cjeive) € NIU"| a5 in Definition 3.3. Note that also the
matrix W now only contains the weights for the indices in Zys (L@<tive)),
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Finally, we have obtained the approximation

X A d
f ~ S]M(u(active)) f = Z gk (ch ) (413)
kEIM(u(aclive))

Algorithm 4.1 describes the complete approximation procedure using
a cut-off for the terms by global sensitivity indices as described in
Section 4.2.1 as an example. Note that it is possible to choose any of
the strategies in Section 4.2.1 for obtaining an active set. Moreover, we
can iterate the procedures to obtain an active set multiple times. In this
case, we have to solve a new least-squares problem for every new active
set U@tv®) The method has been implemented as a Julia package, see
[Scha] with all available bases from Section 2.1.2.
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o1}, £
o({2}, f)

o({1,3}, f) |
o{1,4}, )|
0({2,3}, f)

0(2,3,4},f)|
o({1,3,4}, f)

0({1,2,3}, )

Figure 4.1: Explainable ANOVA network of a function f: D* — C for
superposition threshold d; = 3. We visualize the different
ANOVA terms f, for |u| = 1 in orange, |u| = 2 in magenta
and for |#| = 3 in blue. The related global sensitivity indices
o(u, f) serve as interpretable quantity for the ANOVA term.
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Algorithm 4.1 ANOVA approximation method

Input: X CD* finite node set, |X| = M
yeCM function values
ds € [d] superposition threshold

CEN QU BRWN =

[y
o

11:
12:
13:

14:
15:

16:

17:
18:
19:
20:
21:
22:

23:
24:
25:

26:

L (Dd, a)(d)) space with complete ONS, cf. Sec. 2.1.2

: Choose bandwidth parameters N' = (N; )?il.
: Choose regularization parameters A; € [0,),i=1,2,...,n.
: if a priori smoothness information via weight w: Z¢ — [1, ) is known then

w «— (w(k))

keZy (U(dds))
else
w (1)keIN(u(drdS))
: end if
: W «— diagw
: Apply cross-validation to determine best regularization parameter A via solving (4.11):
2 2
¢ fol = (i = arg min -FX fll +A|lf
fsol (fk)kEIN(u(d,ds)) g fec‘]-N(u(d/ds))‘ Yy IN(U(d'dS)) f 6 f W
Compute global sensitivity indices for approximation S¥ f using (4.14):
In (u(d,ds))
foru € U@45) \ {0} do
2 2
X A A
oSy sy f) < (Z"du,wu ‘f , ‘ ) / (ZkE]N(U(d’dS))\{O} |f k )
end for
Choose threshold vector € € [0,1]% and build active set through thresholding;
i d,ds). X .
U 0u { UL 0w, ST 1y P> ém}
lutesio)|
Adjust bandwidth parameters M = (M;) =1
Adjust regularization parameters 0; € [0,00),i=1,2,...,n.
if a priori smoothness information via weight w : 7% - [1, ) is known then
w — (w(k))kefM (u(gsi,s))
else
w — (1)k€IM(u(gsi,s))
end if
W «— diagw
Apply cross-validation to determine best regularization parameter 0 via solving (4.12):
2
A (A . _ . . _ X n A2
8sol = (gk)kEIM(u(gsL£)> = argmlnh ,,)IM(U(gSl’£>)| y FIM(U(gSiff)) 8 . +0118llw
8€et 2

Output:  §; € C, k € Iy(UCH®))  approximations to

basis coefficients ¢ (f)
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4.2.1 Attribute Ranking and Active Set Detection

This section is concerned with the question: How can we interpret the
approximation and which insights does it give us into the data? The following
statements hold for a general U C P([d]) with U = U@ as a special
case. The grouped index set is a union such that we have

NW=5Lu | L,
ucl\{0}

as in Definition 3.3. Therefore, we can directly compute the global
sensitivity indices or Sobol indices of the approximation S¥ Tl f as

2
fk

X ZkEIu Nu
Q(u/ S[N(u) f) =
ZkGIN

(4.14)

Since all sensitivity indices add up to one, we may choose a dimension-

wise cut-off percentage € = (es)mx"eulu| € (0, 1)m@ueulul gych that we
choose the active set

U = gu {u € U: o(u, ST f) > é'|u|} cu. (4.15)

In other words, this throws away every ANOVA term with a small
contribution to the variance of the approximation with respect to €. A
dimension-dependent choice of € may be favourable in some cases, but
it is always possible to choose every entry to be equal.

If we are interested in how much one variable i € [d] adds to the
variance of the function, i.e., how 1mportant it is, we sum over all of the
contributing sensitivity indices o(u, S () f) with i € u. This leads to

Z 0,55 1) f):

ue{vel: iev}

the sum

In order to obtain a ranking score, we weigh the sensitivity indices by
the number of sets v € U with |u| = |v| and i € v. This counteracts
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an effect that makes a variable seem important if it occurs in many
unimportant terms of the same order in contrast to other variables with
some terms of that order not appearing in U. We obtain the ranking
score

Suetwett: ico) {0 € U Jul = [0 i € 0} 0, S% ) f)

r(i) =
Swett (Siea o € Us Jul = o], i € 01 ™) 00, 8%, ) )

. (4.16)

In the denominator we added normalization such that ¥ ¢4 7(7) = 1.
Computing every score r(i), i € [d] provides an attribute ranking with
respect to U showing the percentage that every variable adds to the
variance of the approximation. This allows for the conclusion that if we
have a good approximation S’IYN w f, its attribute ranking will be close
to the attribute ranking of the function f. The obvious option is now to
reduce the dimensionality of the problem by removing the influence of
variables with a low attribute ranking score. Choosing a cut-off ¢ > 0,
this yields a subset

U@ =gu{uel: r(i)y>e forall icu}cU. (4.17)

This idea is related to the concept of truncation dimension (2.27).

A final method we propose is incremental expansion. This method
is advantageous if the model function is already very complex with a
small superposition threshold d; which may occur if we are dealing
with an especially large spatial dimension d. Here, we start with a
small ds, e.g., ds =1 or d; = 2. A reduction in the ANOVA terms can be
performed by either of the two previous approaches. Now, one chooses
a 0 € (0,1) and determines the subset

v:={ield]: r(i)> 0}.

If we assume that additional interactions of the important variables
might also be significant to the variance, we may add interactions of
size up to n € [d], n > d,. This translates to considering the subset

utedm = 1 U {u € P(v): ds < |u| <n}.
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This will be a beneficial way to improve the accuracy of the model if
higher-order interactions play a role. However, if this method is used
without reducing the complexity with any of the previous approaches,
the overall complexity of the model will be significantly larger.
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4.3 Approximation Errors

In this section, we consider the approximation error of the ANOVA
approximation method in the case of approximating a function f: D¥ —
C. Mainly, we are interested in the errors

X X
I =Sk s nd =S5 A

Lo(D4,w@)

Here, S)I(N ) f is the approximate partial sum we have obtained by
approximating our coefficients cx(f) with the least-squares method.
This error can be considered in different ways. If we are aware of
the regularity, e.g., considering Sobolev type spaces H(D?, w?@) or
weighted Wiener spaces A® (D9, ©@) with a weight function w: Z% —
[1, o0), we may ask for the worst-case error in this respective space. For
the L error, this will be considered in Section 4.3.1 for both spaces. If we
do not have regularity information, we are interested in the individual
error of approximating one function which we consider in Section 4.3.2.
Since we do not have bounds for the L., error in the worst-case setting,
we use the results in the individual setting to obtain such statements
again, but there is an difference in the node set X. In the worst-case
setting, we need to draw our nodes at random only once for the entire
class. However, in the individual setting, we need to draw them for
each function. In the setting of reproducing kernel Hilbert spaces,
similar worst-case errors have been considered in [KUV21, MU21]. An
individual approximation error for hyperbolic wavelet regression and
scattered data was proposed in [LPU21]. If we consider sparse grids as
a sampling scheme, we have the results in [Boh17] for the individual
error as well as the recent work [KLT21] for weighted Wiener spaces in
the worst-case setting.

4.3.1 Worst-Case Error

We begin by considering the worst-case L, error for Sobolev type
spaces H*(D4, 0) and weighted Wiener spaces A (D*, »¥) with
weight function w: Z? — [1, ). In the periodic case, this has been
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done for Sobolev type spaces in [PS21a]. Here, we generalize the
results. We assume a product space Ly(D?, »?) as in Definition 2.1

with orthonormal basis ((pf))kezd thatis a bounded orthonormal system
(BOS) with BOS constant Cpos from (4.1). Thisif fulfilled for all examples
in Section 2.1.2. We also assume a fixed set of ANOVA terms U C P([d])
and a corresponding grouped index set Zn(U) from Definition 3.3 with
bandwidths N = (N, )ucu € NUl. The infinite complement of this finite
index set will be denoted as

ISU) =79\ In(U).

A key part will be the necessary oversampling of our function where
the additional constant Cgypp from (4.2) plays a role. This constant
can always be estimated by the BOS constant, but may be significantly
smaller which yields an improvement in the required oversampling of
Theorem 4.2 which we are going to need in this section.

The error caused by the truncation with our index set Zn(U) is going
to play a major part in the approximation error. In the following two
lemmas, we are considering the worst-case truncation error for L, in a
Sobolev type space and L, in the weighted Wiener space.

Lemma 4.7. Let H*(D?, w®) be a Sobolev type space with weight function
w: Z% — [1, c0). Then

2 1
sup |If = Snvan flly 00y S
oo o <1 20 T infy pe ) w2 (k)

Proof. For the proof, we apply Parseval’s identity and incorporate our



118 4 High-Dimensional Explainable ANOVA Approximation

weight function w to obtain

2
I =Stvin oo = D IwAR= Y T (PP

keIS(U) keIS(U)

1 2 2
S v —— w(k) ek ()
infye 7oy w?(k) kdz}s;u)
2
”f”Hw(Dd,w(d))
The result follows by taking the supremum. |

Lemma 4.8. Let AY(D?, wD) be a weighted Wiener space with weight
function w: Z% — [1,00). Then

Cgos

sup “f - SIN(U)f”Lm(Dd,) = W

A1l oo (1) <1
with the BOS constant Cpos from (4.1).

Proof. For the proof, we estimate the absolute values of the basis
functions by the BOS constant and incorporate our weight function w
to obtain

”f - SIN(U) f”Lm(Dd,m(d)) = esssupp Z Ck(f) (pgcd)(x)
xeD? keIS(U)

<Coos . lek(f)l

keI (U)

~Cios Y, D)
keI (U)

CBos I f l v (pd o)
infye ey w(k)
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The result follows by taking the supremum. |

For the least-squares error, we rely on similar techniques as in [MU21]
and [KUV21] that have been used for the setting of reproducing kernel
Hilbert spaces. We consider the case where the nodes X are drawn
ii.d. at random according to the probability density w? of our space
and we have given function values f = (f(x))xcx. Before we consider
the actual L, error bound, it is necessary to discuss properties of the
infinite matrix

X . ()

o= (s ) 418)
@ ( (k) " xeX keI (U)
that will play an important role in the proof. Specifically, we are
interested in the spectral norm of this operator. In order to determine a
bound for this norm, we require the use concentration inequalities.

Lemma 4.9. Let H*(D?, @) be a Sobolev type space with weight function
w: Z* — [1, c0) such that

1
> g <

kezd

Moreover, let X € D9 be a set of |X| > 3 nodes drawn i.id. at random
according to the probability density w'?, and let r > 0. Then for the infinite

X
matrix @ Tew) from (4.18), we have

-A

3 -r
#(lteo) @ 4], 2] 21w

bHh—b

where

1
X X
A= E((‘chm)) q’rC(U)) dlag(w (k))kefc(ll)
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and
8(r +1)log | X|

1 1
Cigos ? Z Sy Sup
X1 keIS(U) w2 (k) kez§w) @ (k)

F := max

with k = (1 + V5)/2, and constant Cgos from (4.1).

Proof. For the details of this proof we refer to [MU21, Proposition
3.8]. This lemma is an application of the proposition for our special
setting. u

The following theorem considers the L, approximation error in a
Sobolev type space where the basis coefficients are approximated by
least-squares. Here, we incorporate the bound on the spectral norm of
the Moore-Penrose inverse from Theorem 4.2 as well as the bound on
the spectral norm of our infinite matrix @<, rew) from Lemma 4.9.
Theorem 4.10. Let HY(D?, @) be a Sobolev type space with a square-
summable weight function w: Z¢ — [1,00) such that (w="(k))iezs € bo.
Moreover, let X C D? be a set of |X| > 3 nodes each drawn i.i.d. at random
according to the probability density w'? such that

|X]
(r+1) log|X]|

[In(U)| < (4.19)

10 Cupp

for an r > 0 with Csypp from (4.2). Let f = (f(x))xex be evaluations of
f e HY(D?, w@), and let S¥ () f be the approximate partial sum obtained

by approximating the basis coefficients cy(f) via solving the least-squares
system (4.3). Then we have for the error

2
sup ||f X f (4.20)
Flhgorot <1 N( ) Ly, i)
4c2 K 1 1
BOS
< Bmax m Z wz(k)’ inf, _-c wZ(k)
supp <N ke IC kely(U)
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with probability at least 1 — (23/* + 1) |X|™ for x« = (1 + V5)/2, and Cpos
the BOS constant from (4.1).

Proof. Let f € CHNWI be the approximate coefficients obtained by
solving the least-squares problem (4.3), i.e.,

N N t
f = ke = (F;;,(U)) f-

Moreover, we collect the exact coefficient as ¢ = (cx(f))keryu)- Then
we may rewrite the error and apply Theorem 4.2 to obtain

2 n 2 R 2
HSIN(u)f _S}\}N(U)f Lo @) keIZ(U) |fk _Ck(f)‘ - Hf -¢ A
.
2
= (F§V<U>)+f I\
+ 2
= (Ffav(w) f-F <U>é)
+ 2
= (Fff;(w) . [“f‘ng(wé b

In the next step, we consider the quantity

2

1 X R
il - F],

1 2
X7 2 =S Ff
xeX
Using the basis (f)g(d)(x) = ﬁ (pgcd)(x), k € 74, of HY(D?, 0?), we can
write @ @
FO) =Snan fE) = D P o 0Py

keIS(U)

with coefficients

X . ~ (d)
€= (<f’(Pk >Hw(Dd'“’(d)))keI§(u)'



122 4 High-Dimensional Explainable ANOVA Approximation

Using the infinite matrix @®X_  from (4.18), we obtain

Iy

Llore o = Lot & < L [lov, |
il - Ftl, = @k, = ekl 0
R
1X] H (D}YIS(U Q)?C(u) “C”ez'

We then define two random events

H 1
A= H c CDXC <F+ sup ——
{IXI Iy (U) Nl keIS(U) w?(k)

+12 2
_ X =
Bi= {H(PIN(U)) = |,\f|}'
[2—)?2

From Theorem 4.2 we know that P(B¢) < |X|™". Moreover, Lemma 4.9
implies that

X
(|X| H Yow) ‘Dz%n

>F+ ||A||{2)
—b

g T

> F) <23 |X|™
bh—l

and therefore P(A€) < 21 |X|™". In total, we have

1-P(A N B) < P(AS) + P(BS) < (1 + z%) x|
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If the events A and B happen simultaneously, we have for the error

2 t
X X X
”SIN(U)f_S[N(U)f Lo(D, ) < H(P]N(U)) . ”f_FIN(
>
2 _
<~ |lo¥ AP <2|F+ .
|X| || IC u bty ¢ l sup 2(k) ”f”H (D4, @
<4 “f”sz(Dd/w(d))
8(r +1)log|X| , 1 1
—=—C Z ——, sup ——
Bos K 2 ’ 2
X keIS(U) wi(k) kergwy @ (k)

By the requirement on the oversampling, we get the estimate

log |X| < 1

(XTI 7 10 Clypp (r + 1) [ I ()]

Finally, we may combine this with the truncation error result of
Lemma 4.7 to obtain

2
X
”f ~Shanf

Lo(D4, (@)
2
=[lf = Savan fllL, e wm) * ”wa wf- SIN<U>f Ly(D7 o)
2
Hf”HW(]Dd,a)(d)) ’S 2
~ infrere) wA(k) ) f = Sh f Ly(D4,w®)
2
<5 ||f||Hw(Dd,w(d))
8(r+1)log|X| , Z 1 1
X] BOS w2(k)" infyere () w(k)

keZ&(U)
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Theorem 4.10 gives us insight into our approximation error if we can
guarantee the necessary oversampling (4.19), i.e., logarithmic oversam-
pling. We also have detailed knowledge about our constants.

Under the same requirements on the oversampling and with a similar
approach, we are able to achieve a new bound on the L, error in the least-
squares setting if we are in the weighted Wiener space A® (D4, w@),
i.e., we require more regularity.

Theorem 4.11. Let AY(D?, wD) be a weighted Wiener space with weight
function w: Z¢ — [1,00). Moreover, let X C D be a set of | X| > 3 nodes
each drawn i.i.d. at random according to the probability density w@ such that

|X|
(r+1) log|X|

[ In(U)] <

2
10 C2pp

for an v > 0 and Ceupp from (4.2). Let f = (f(x))xex be evaluations of
f e AYDA, D), and let S}YN w f be the approximate partial sum obtained

by approximating the basis coefficients c(f) via solving the least-squares
system (4.3). Then we have for the error

V3 Cgos
Lz(Dd,(u(d)) - lnkaIACI(u) W(k)

sup (4.21)

11 oo e o)y <1

X
f- SIN(U)f

with probability at least 1 — (23/* + 1) |X|™" for « = (1 + V5)/2, and Cpos
the BOS constant (4.1).

Proof. From the proof of Theorem 4.10, we know that

2
_aX
HS[N(u)f SIN(U)f Lo(DA, @)

t 2
(FX )
-ZN(u)

<

310 =S f@

b—b xex
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The sum can be estimated by the L., norm as follows

Z |F () = S )| < Z If = Snan Hiw(md)

xeX xeX
2
= X1 |If = Smaw fIIL o0 -
Lemma 4.8 tells us that

Cgos ”f”;llw(Dd,w(”’))

If =S fll_oey

Moreover, Theorem 4.2 implies that

2
bh—b |X|

” fN(U)

with probability 1 — |X|™". In summary, we obtain

sup ||f ¢ a1 f
[T N< ) Ly w@)
2
- Hf - S f”LZ(Dd'“’ ? ”SIN(U) f- SIN(LI) f Lo(D4, (@)
2
< ”f - SIN(u)f”Lw(Dd) +2 ||f - SIN(u)fHLm(]Dd)
3C12305
also with probability 1 - |X|™". -

In the recent paper [KLT21], L, error bounds have been considered
for weighted Wiener spaces using sparse grids as sampling schemes.
Here, we have collected counterparts for these results in our setting for
least-squares approximation with Theorem 4.11 being a wholly new
result. It shows that the Lo, truncation error from Lemma 4.8 and the
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L, approximation error from Theorem 4.11 are of the same order in
weighted Wiener spaces.

Let us consider the previous bounds in a special setting to better
understand their impact. We consider space L»(T“) of periodic functions

with spatial dimension d € N and the Fourier system (pg(d)’eXp, keZ%as
an orthonormal basis such that Cpos = Csupp = 1 for the constants (4.1)
and (4.2). The functions of dominating-mixed smoothness represent an
important class of functions used in many different applications, see
e.g. [DTU18], which is why we choose the weights

d
w(k) = wy(k) = | [ (1 + ks’

s=1

with dominating-mixed smoothness parameter § > 0. Note that this is a
special setting of our more general weights from (2.5). For the ANOVA
truncation, we choose a subset of ANOVA terms U = U@%) with
superposition threshold d; € [d] and a grouped index set I (U@%))
with bandwidths N € (2N)%, cf. Definition 3.3.

We first consider the sum appearing in the bound in Theorem 4.10
which we split as follows

1 1 & 1
[ [ -
25w L owwe gl X, e
keI (U(@4s)) kez! n=1 keZ\{oh"\ Iy,

|supp k|>ds
with index sets 7y from (3.7). The first sum is only related to the
ANOVA truncation and appeared already in Lo, bound in Corollary 2.32.
It can be expressed explicitly as

d CZ s+1 C§+1
I e
\sul:lflf%]id;

with C being the Riemann zeta function. The second sum appears in
the truncation of the basis expansion to our index set 1 N (U @A4)) which
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we can express as follows

1 1 1

2(1) Z 21) Z 2
wﬁ(k) ke(z\{0})" wﬁ(k) kery wﬂ(k)
n

n_ _r
“G-| 2 (1+ k)

kGIN,,

ke@\{(O)"\ I,

The remaining quantity can be expressed using the generalized har-
monic number H N op tO obtain

N/2-1

& 1 1

1
=2 + =2Hy yp—24+——.
kgz;,, (1+ [kD)* kZ::‘ A+ (§+1)% 2:2h (X +1)%

In summary, we get an explicit form

S(B,ds,d,N) = Z ! (4.22)

2
keIS(UdAs) wi(k)

Cds+1 _ Cd+1 ds d 1 n
_ 7B B n_ N oo — -
=—T—7 — G Z (n) lCﬁ (27{2,% 2+ (% N 1)2ﬁ) l .

n=1
Considering the bound (4.20), we obtain for the first quantity in the
maximum

4KZS(,8/ dS/ dl N)
1+ 25, (N -
The second part of the maximum in (4.20) can be computed as follows

5

B1(8,ds,d,N) = (4.23)

BZ(ﬁ/ dS/N) =

5
min {226+, (1 N6, (14 N2yt (1 + Diey2dipy
(4.24)
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since the minimum is either attained through the ANOVA truncation
which yields the term 22/(4s*1) or through the index set truncation which
yields (1 + %)z'iﬁ, i =1,2,...,ds. Note that this quantity does not
depend on the spatial dimension d which is fact was already discovered
in Section 2.3 for the ANOVA truncation part. If the minimum is attained
at 2281 the bound B, is dominated by the ANOVA truncation and
is therefore of the same order. Note that the quantity B, appears up to
a constant also in our L error bound (4.21) in Theorem 4.11.

Figure 4.2 shows the quantity B1(8,ds, d, N) from Theorem 4.10
and B,(B, ds, N) from Theorem 4.10 and Theorem 4.10. We visualize
them depending on the smoothness f for exemplary choices of spatial
dimension d, superposition threshold d; and bandwidths N. We
observe the dependence of B; on the choice of the bandwidths where a
larger choice of bandwidth leads to a steeper descent. However, except
for a small interval near § = 1, the maximum in the bound (4.20) is
always dominated by the dimension independent $,. In general, we
notice a good worst-case bound for our approximation error which
implies the applicability of our methods for the important class of
functions with dominating-mixed smoothness.

4.3.2 Individual Error

In the following, we leave the area of worst-case error and consider
the recovery of individual functions. Note that there is an important
difference in the approximation operator ijN - the previous
Section 4.3.1, we may draw the node set X once for the entire class
of functions and now we draw the node set X once for each function
to be exact. As an assumption, we always use that our function f is

an element of the Lebesgue product space Ly(D?, ©@) with complete

orthonormal system ((Pg{d))kezd. Here, we do not necessarily require
it to be a bounded orthonormal system unless stated explicitly in the
respective theorem. We additionally assume that f is continuous and if
the domain is D = R, we require f to be bounded such that we always
ensure f € Lo (D).

We begin by proving a general probabilistic result using Bernstein’s
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10 N .
109 |- i

10712 N -

I I =
1 2 3 4 5
B

10715

Figure 4.2: Bound 81(8,4,9,N) from (4.23) for N; = [128,32,16,4]
(solid), and N; = [64,24,12,4] (dashed), N3 = [32,16, 8, 4]
(dotted) in orange and bound $5,(f8,4,9,N) from (4.24)
for Ni, N; (solid), and N3 (dashed) in cyan. Note that
B>(B,4,9,N1) = B2(B,4,9, Np) since the minimum in (4.24)
is realized at 2198,

inequality, see [SC08, Chapter 6]. A similar approach was first used in
[LPU21] for hyperbolic wavelet regression. For independent random
variables &, &, ..., &m, M > 1, with [|&l, < C and E(&%) < o2,
Bernstein’s inequality states that

/202 ZCT —r
( Z &i > 3M ) <e forany 7> 0. (4.25)

In the following, we denote the individual truncation errors in L, and
Lo as

e2 = ||f = Srvan flliypopmy  and e = [lf = Snvan i o) -
(4.26)

Theorem 4.12. Let f € Lo(D9, w @) be a bounded and continuous function,
let X C D be a set of |X| > 3 nodes each drawn i.i.d. at random according to
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the probability density w@ such that

X
FN(0) [P g—
10 Cgypp (r + 1) log | X|

for r > 0 and Csypp < o0 from (4.2). Let f = (f(x))xex be evaluations of f,
and let S}\’ w f be the approximate partial sum obtained by approximating

the basis coefficients c(f) via solving the least-squares system (4.3). Then we
have for the error

|7-¢;

with probability at least 1 — 2| X|™".

< 302 4 269000 2e2,
Lz(]Dd @)~ 2 Csupp‘,5 | Zn (UD)| 15C3upp | Zn(U)]

Proof. In order to apply Bernstein’s inequality (4.25), we introduce the
random variables

ni = |f(xi) -
&=n-EMm), E(&)=0.
We proceed to bound the variance of &; as follows
4
B () =E (1) ~E ) = |If = Stuiwn £l o0 ) —
<elel—e;<e ( 2 —ez) < ezel.

For the infinity norm, i.e., the constant C in (4.25), we get

E(ni) = e3,

I€illeo = 1M =B M)l < €3

Now, the application of Bernstein’s inequality yields

X1 2e2e2(r + 1)log |X|  2¢2
2600 g eoo(r + 1) log |X| —r-1
(mz‘fl —\/ ] MY < 1]

(4.27)
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for r > 0. In order to bound the approximation error, we start by

following similar steps as in the proof of Theorem 4.10. Let f e CciIn
be the approximate coefficients obtained by solving the least-squares
problem (4.3), i.e.,

A N t
f=Ukenyu) = (F}i(u)) f

Moreover, we collect the exact coefficients as ¢ = (ck(f))kenyu)- Then
the error can be estimated as follows

H wf - SIN(mf

Ly (D7, (@)

X
< (Fx (w)

bh—ob yeX

see the proof of Theorem 4.10. Now, we define two random events

{|X| Z |f(x) SfN(U)f(x)|

xeX

<es+ % €
5C2upp [N (U)] 15C2 [Zn (U)]
{H IN(U)

supp supp
=X }

From Theorem 4.2, we know that P(B) > 1 —|X|™" for any r > 0. Our
oversampling requirement tells us that

2. 2e3e5,(r + 1) log | X| . 2¢2,(r +1)log |X|
2 1X] 31X

e2e2 02

2 00
5C§upp |IN(U)| 15C2 |IN(u)|

supp

<e+
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which implies with (4.27) that P(A) > 1 — |X|”™' > 1 - |X|™". In total,
we get
P(ANB) >1-PAS) —P(BS)>1-2|X]|™".

If both events happen, we obtain for the approximation error

”SI anf — Sy u)f LoD @)

|X| Z |f(x) SJN(U)f(x)|

2
Hf IN(U)f

Loy(D4,w d>)

xeX
2,2
eses e

< e2+2]e2 +
2 2\ 5Cpp [ In (L)) 15C§-upp | Zn (U)]

This is always applicable since we do not make any regularity as-
sumptions in terms of the decay of the coefficients as would be the case
if we assume that the function lies in a Sobolev type space or a weighted
Wiener space. In fact, it can be explicitly computed and compared to the
error if the basis coefficients of the function are known. For a numerical
experiments with a periodic function, we refer to Section 5.1. Now, we
aim to obtain a similar bound error in the Lo, norm.

Theorem 4.13. Let f € Ly(D?, @) be a bounded and continuous function,
let X C D be a set of |X| > 3 nodes each drawn i.i.d. at random according to
the probability density w@ such that

|X]
10 Cgupp (1+7)logl|X|

[In(U)] < (4.28)

forr > 0and Csypp < oo from (4.2). Let y = (f(x))xex be evaluations of f,
and let SX U f be the approximate partial sum obtained by approximating
the basis coefficients ci (f) via solving the least-squares system (4.3). Then we
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have for the error

X
||f SIN(u)f”Lw(Dd)

|INéU)| €260 + %Ei

< ew + \/2c§upp | ZIn(U)| €2 + 2Coypp

with probability at least 1 — 2|X|™" and ey, e« the truncation errors from
(4.26).

Proof. The idea of the proof is close to the previous theorem. We
estimate the error using the triangle inequality as follows

_gX _aX
”f S f Lm(Dd)Seer”SIN(U)f SfMU)fHLW(Dd)'

The second part can be bounded by applying the Cauchy-Schwarz
inequality to obtain

A

[sven =S5 Hmw e k;(m (=)ol

SJ > \fk—ck<f>|2sup¢ Y Jeke]

keln(U) xeD? \ kerv(U)

< [[smvan £ =85 f Chipp [ Iw (D)

Lo(D?, (@)

Now, we apply the same steps as in the proof of Theorem 4.12 to obtain
the estimate

X
||SJN<U)f ~Shanf

Lo (D4, @)

) 269600 2e3,
<4 [2e5 + + 52\l
Csupp\/5|IN(U)| suppl N( )|
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with probability 1 —2|X|™". This gives us

X
”SIN(U) f=Shaf ”Lm(Dd)

Inuu 2
| Né ) ezew+ﬁe§o

< \/2C§upp [In ()] €3 +2Coupp

which proves our result. |

This L. bound may help us again in a setting where we know
regularity, e.g., in a Sobolev type space or a weighted Wiener space, but
we do not have any statements about the worst-case error in L. In the
following, we consider two corollaries for this setting.

Corollary 4.14. Let 0 # f € H*(D4, ) with a weight function w: Z% —
[1, 00) that is square-summable, i.e., (w ™' (k)) ez« € €. Moreover, let X € D?
beaset of | X| > 3 nodes each drawn i.i.d. at random according to the probability
density ' such that

|X|
(1+7) log|X]

[ IN(U)] <

10 Cupp

for r > 0 and Csypp < oo from (4.2). Let f = (f(x))xex be evaluations of f,
and let S}\’N w f be the approximate partial sum obtained by approximating

the basis coefficients c(f) via solving the least-squares system (4.3). Then we
have for the error

_aX
”f SIN(u)fHLW(Dd)

||f ||H1U(Dd’a)(d))

1
< Cgos Z wz—(k)

keI$ (U)

L), 2

1+ \/ZCSZupp [ In(U)] + 2Csupp 5 15

with probability at least 1 — 2 |X|™" and Cpos < oo from (4.1).
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Proof. Following the same arguments as in the proof of Theorem 2.30,
we obtain

1
s < Cpos ||f||HW(Dd,al(d)) Z wZ(k)
keIS(U)

If we roughly estimate the e, truncation error by e, we get

1
e < ew < Cpos ||f||Hw(Dd/w(d)) Z w2(k)'
keI (U)

Applying this to Theorem 4.13 yields the result. [ |

Corollary 4.15. Let 0 # f € AY (D, ) with a weight function w: Z* —
[1,00), let X € D? be a set of |X| > 3 nodes each drawn i.i.d. at random
according to the probability density w'? such that

X
10 Cgupp (1+7)log|X|

forr > 0 and Csypp < oo from (4.2). Let f = (f(x))xex be evaluations of f,
and let S}\’N w f be the approximate partial sum obtained by approximating

the basis coefficients c(f) via solving the least-squares system (4.3). Then we
have for the error

[ In(U)] <

_aX
”f S/ Loo(DA) Cgos _
Il e oy~ infrereqr w(k)
Inu 2
1+\/2C§'upp | Zn(U)| + 2Csupp Gl Né ) t o

with probability at least 1 — 2 |X|™" and Cpos < oo from (4.1).

Proof. We use the same arguments as in the proof of Lemma 4.8 to
obtain
CBos |1f Il 4w (pe, o)

€0 <
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If we estimate the truncation error e; by e« and apply Theorem 4.13,
we have proven the statement. |

Corollary 4.14 and Corollary 4.15 give us bounds on the L., error
for Sobolev type spaces and weighted Wiener spaces in an individual
setting where we do not have worst-case results. We observe that these
errors scale in the size of the index set J(U). For the well-known case
of dominating-mixed smoothness, the quantities

Z 1 and 1
eergn @) infyereqw) (k)

have been computed in the previous Section 4.3.1, see (4.22) and (4.24).

In the following, we study how certain requirements in our ANOVA
language may lead to upper bounds on the errors e; and eq, from (4.26)
under certain conditions that allow us to separate the truncation of the
ANOVA decomposition and the truncation with the grouped index set
In(U). We start by considering e, and the superposition dimension as
well as global sensitivity indices.

Theorem 4.16. Let f € Ly(D9, 0¥) with superposition dimension ds =
d®P)(8) € [d] for accuracy 6 € (0, 1). Moreover, we have a subset of ANOVA
terms U € U%%) with

o(u,f) < e for ue U\ U and €€ (0,1)%.
Then the error ey from (4.26) can be bounded by

2 2 2
ey <106+ Z el [0°(f) + ||Tuf - SIN(U)f”LZ(Dd/a,(d))‘
uel@ds\u
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Proof. We use orthogonality to split the error as follows

1f = Stvwn £l o o)
= 1f = TufI e oy + [T f = Sty £y i
=|If - Tu<d,ds)f||iz(Dd,m<d)) + | Tywan f — Tllf”iz(Dd,m(@)
+ || Tuf - SIN(u)inz(Dd,w(d)) :

The first part is smaller than or equal to (1 — 5)a?(f) by the definition
(2.26). For the second part, we have for u € U@\ U that o(u, f) < e
implies

1fiull? e oy < €io(f).

As a consequence, we get

2 2
Ty f = Tufl o gy = D, Wfull? oa wio
uell@ds)\U

<) ), e

uell@ds)\U
which yields our desired result. |

Finding a bound on e, requires stronger assumptions on our function.
Here, we assume f € A(D?, w@). In fact, if we define a form of £
equivalent to the sensitivity indices as

1
0@, f) = —— > lek(f)l,
Il amo S
supp k=u

we are able to determine similar bounds as in Theorem 4.16.
Theorem 4.17. Let f € A(D?, @) with
Z O, f)<1-6

uC[d]
jul>d
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for accuracy 6 € (0,1). Moreover, we have a subset of ANOVA terms
U c u“ds) with

O, f)<en for ue U9\ U  and €€ (0,1)%. (4.29)
Then the error e« from (4.26) can be bounded by

o < Cpos |1 -0+ Z Elul ||f||ﬂ(Dd,m<d>)+||TUf - SIN(U)f”Lm(Dd)
uel@as\u

with Cgos from (4.1).
Proof. We use the triangle inequality to split the error as follows
If = Svn flleo ooy < I1f = Tuflli ooy + [ITuf = S Il o)
<|If - Tu(d,ds)f”Lm(Dd)
+ I Ty@an f = Tufll o)
+||Tuf - SIN(LI)fHLm(Dd)
For the first part, we have

lf = Tywa flly_pe < Cos Z ek ()] < Cos (1=0) 1 f 1| s (e oty

kez?
[supp k|>ds

by (4.29). The second part can be estimated as follows

Ty f = Tufll oo < Csos >, > lek(f)]

uelU@ds\U  kezd

supp k=u
< Coos Ifllapipy Y, €l
well@ds\u
which yields our desired result. u

This concludes our considerations of the least-squares error for worst-
case recovery as well as individual function recovery. In summary, we
obtained bounds in the worst-case setting for the L, error and in the
individual recovery setting for the L, and L, error.



Numerical Experiments with Synthetic Data

In this chapter, we perform numerical experiments on synthetic data,
i.e., we want to approximate a function f: D4 — C that is an element
of Ly(D4, w?). The available scattered data is

D= {(x, f(x)+ny): x € X} CD*xC (5.1)

with X C D being a finite set of nodes drawn i.i.d. at random according
to the probability density @¥). In some cases, we add Gaussian noise
1, otherwise we have 1, = 0. Our goal is to recover the function f
from the data D, i.e., determine approximations for basis coefficients
ck(f) on grouped index sets I (U) with bandwidths N from Defini-
tion 3.3 by applying the method from Section 4.2. Initially, we choose
a superposition threshold d; € [d] and use the set of ANOVA terms
U'@4:) which we reduce to an active set U* € U“%) via one or multiple
ideas from Section 4.2.1. This requires us to compute approximations
of the type

X _ £ (d)
Shanf= D, feold

kGIN(u)

139
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see e.g. (4.4), for a general U C P([d]) by solving the least-squares
problem (4.3) or its regularized variant (4.8) with parameters A > 0 and
W a diagonal weight matrix. We specifically choose test functions with
sparse ANOVA decompositions such that we have f, # 0 only for a
subset U* C P([d]) of ANOVA terms. This has the goal to demonstrate
the applicability of tools from Section 4.2.1.

We are going to use two kinds of error measures. The first one is
the L, approximation error which can only be calculated if we have an
explicit form for the norm || f |y ,pa @) and the basis coefficients ci(f).
Then we define the error as

X
‘f B SIN<U)f

e o

Lo(D9,0@)

eLZ(f, D,IN(U)) = (5.2)

N 2
Skemay (\fk ~alf)| - |ck(f>|2)
1- .
\ FI; o oo

This error can be regarded as a generalization error since it measures
the deviation in the basis coefficients of the function f, i.e., the error
itself has no random component. However, it is not always possible to
compute it since the norm or the basis coefficients may not be known
explicitly. In this case, we have to consider empirical errors, i.e., errors
computed on a second set of nodes that have not been used in computing
the approximation. We denote this set with

Dyest = {(x, f(x) + nx): X € Xiest} C D?xC (5.3)

since it is used to fest the approximation. Here, Xics is again a finite
set of nodes drawn i.i.d. at random according to w® and 7, is again
Gaussian noise or 1, = 0. We define the mean square error (MSE) as

1 X 2
emse(f, D, In(U), Drest) = m( Z |SIN(U)f(x) -yl - (54

X,y)EDtest
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This error contains a random component since it depends on the test
set Dyest. It represents an approximation on the L, error since we have
for the expected value

2
E [eMSE(f/ D, IN(U)r Dtest)] = Hf - S?}q(ll) f Ly(D4, @) .
2 S,

Table 5.1 provides an overview of our experiments with synthetic
data including references to the functions we used, whether we used
noise and/or regularization, and the spatial dimension as well as the
number of nodes.

d |D| noise space regularization references section
9 10000 no Lo(T9) W =1 [PV16, PS21la, BPS22] 5.1
8 10000 no Ly([-1,1]8, w(@:cheb) no [PV17, PS22a] 5.2
10 200 yes Ly([0, 1]19) W=I [MLHO03, PS21b]  5.3.1
4 200 yes Lo([0,114) W=1I [MLHO03, PS21b]  5.3.2
4 200 yes Lo([0,1]%) W=1I [MLHO03, PS21b]  5.3.3

Table 5.1: Overview of the experiments with synthetic data. In the
column regularization, we refer to smoothness weights W # I
as in (4.9) or standard Tikhonov regularization with W = I
otherwise. The spaces and their respective bases have been
considered in Section 2.1.2.

5.1 Periodic B-Spline Function

In this section, we consider the 9-dimensional 1-periodic function

f:T° >R,

x > Ba(x1)B4(x3)Bs(xg) + B2(x2)Ba(x5)Bs(x6) + Ba(x4)Ba(x7)Be(x9),
(5.5)
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where B;, B4 and Bg are parts of univariate, shifted, scaled, and dilated
B-splines of order 2, 4, and 6, respectively. The function f is an element
of the space Lo(T?). The Fourier series of the B-splines is given by

ek 4
Bj(x) = c; Zs'mc] (T[T) cos(m - k) 2™k for j=2,4,6,
keZ

with sinc(x) := sin(x)/x and the three normalization constants

. __\/5 Lo 315 [277200
27 V1 "7 Veod 6~ \ 655177

such that [|Bj[|_ ., =17 =2,4,6.

For this function, we have an explicit form for the Fourier coefficients
ck(f) and the norm ||f||; ), i-e., the generalization error er, from
(5.2) can be computed. Moreover, the function f has superposition
dimension d®P)(5) = 3, see (2.26), for 6 = 1, i.e., it can be represented by
at most three-dimensional ANOVA terms with f = T3 f. This leads to
ds = 3 being the optimal choice for the superposition threshold with no
error caused by the ANOVA truncation. We have the active set of terms

U’ = P({1,3,8}) UP({2,5,6}) UP({4,7,9})

with f, = 0 for u ¢ U*. The function also has dominating-mixed
smoothness of 3/2 — ¢ for every ¢ > 0, i.e., f € HV¢(T%) with

we(k) = ]_[ (1+[ki)2e.

jesupp k

In [PV16, PS21a, BPS22] a test function similar to f was also considered
as a benchmark function for different methods. Note that [PV16] dealt
with the problem of active learning or black-box approximation where the
function is given as a black-box and can be evaluated anywhere. They
made use of rank-1 lattices as sampling schemes.
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The ANOVA terms f, can be computed analytically such that we

obtain
fo=3 l_[ ¢j
je{2,4,6}
[Tjcae ¢ (
Co(i)

friy(xi) = Bo(iy(xi) = Co(i) (5.6)

for the constant and the one-dimensional terms withi =1,2,...,9 and

2 iief{l,2,4},
o(i):=44 i€ {357},
6 :ic{8609}.

We find for the two-dimensional terms f,, u = {i,j},i,j € {1,2,...,9},
that f(; iy =0 foru ¢ U* and

[ljepa6) €

Bogi) (1) = Cofiy) (Bo(i)(x7) = Cofs 7
ENEVRE (Bogi) (xi) = €o(i)) (Bo(j)(xj) = Cofy) ~ (57)

fupxip) =
for u € U". Finally, we get for the three-dimensional terms f,, u =
{i,j,€},i,j,0€{1,2,...,9}, that f, = 0 again for u ¢ U* and

Fii iy (xi,,00) = (Botiy (%) = €o(iy) (Bo() (%)) = o)) (Boge)(Xe) = co(r))
(5.8)
foru e U".
As available data, we have

D ={(x, f(x)): x € X},

cf. (5.1), with a node set X € T° of |X| = 10000 nodes drawn i.i.d.
uniformly at random. Using the ANOVA approximation method from
Chapter 4, we aim to recover the information that U~ is the active
set of terms as well as an approximation for f. We begin with no
regularization, i.e., we solve least-squares problems of type (4.3). Any
form of attribute ranking will not be able to detect the sparsity in the set
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of ANOVA terms U2 since every variable x1, x2, . .., xg itself plays a
role.

We start by using grouped index sets Iy (U®?) with different band-
width parameters N. Here, we are for now not particularly interested
in the error er,(f, D, Iy (U®?)), but the detection of the active set U*.
We aim to determine this set via the global sensitivity cut-off from
(4.15). Therefore, we have to check the existence of a threshold vector
£ € (0,1)% such that U8%®) = U*. The choice for the entries of ¢ lies in
the intervals

.. - X : X P
g €l = uel%%i(\u*g(u’ SIN(U) f)r g;g}@(ul SIN(U) f) , 1=1,2,3.

|u|=i lul=i

(5.9)
In other words, a larger interval I; implies that the active terms in U* are
better separated from the inactive terms in the complement U3 \ U*.

N [In|  er, I I I3

[16,4,2] 544 2.7-107! (0.0,2.4-1072) (2.2-107%,2.1-1072) (6.5-1075,2.8-1073)
[32,4,2] 688 2.8-1071 (0.0,2.4-1072) (2.2-107%,2.1-1072) (6.8-107°,2.8-1073)
[64,8,2] 2416 2.5-107! (0.0,2.3-1072) (7.5-107%,2.1-1072) (4.3-1075,2.6-1073)
[64,8,4] 4600 1.1-107! (0.0,2.2-1072) (1.3-107%,2.0-1072) (8.0-1075,2.4-1072)
[64,16,4] 10936 3.9 - 101 (0.0,1.8-1072) (4.9-1073,2.0-1072) (8.0-107%,1.9-1072)

Table 5.2: Approximation of f from (5.5) with different bandwidth
vectors N and grouped index set Iy = In(U“¥). The
generalization error is denoted as e1, = er,(f, D, I; N(U(9'3)))
and the intervals I, I, and I3 from (5.9). All results are the
average of running the experiment on 10 randomly generated
data sets D.

Table 5.2 shows the results from experiments with different band-
width vectors N. Clearly, the approximation error e, (f, D, In(U®?)))
itself is not great. However, the active terms are well-separated from the
inactive terms for any of the bandwidths and we have large intervals I;
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to choose the threshold parameters ¢; such that we are able to detect the
active set with U®¢) = U*. In summary, the first step of our method
was successful and we were able to exactly determine U". Figure 5.1
depicts the global sensitivity indices for the experiment from Table 5.2
with bandwidths N = [64, 8, 4]. If we compare to the one-dimensional
indices in Figure 5.1a to the definition of the corresponding terms
(5.6), we observe that we have three types of smoothness depending on
the order of involved B-splines which results in the sensitivity indices
being grouped around three values. The same connection between
the smoothness of the terms and the groups can be observed for the
two-dimensional terms (5.7) in Figure 5.1b and the three-dimensional
terms (5.8) in Figure 5.1c.

For the second step, we now aim to obtain a good approximation
on f. To this end, we choose to use a grouped index set 7y (U") with
larger bandwidths M € (2N)3 than before. Note that we would also
be able to choose individual bandwidths for each u € U*. Table 5.3
shows the results of our experiments. Note that we were able to
significantly increase the bandwidths from the previous experiments
and as a result, we were able to decrease the error ey, about one order in
the exponent. Therefore, our two step method was successful, i.e., we
have not only detected the active set of terms U*, but also approximated
a 9-dimensional function using only 10000 data points with an error
of about 1.4 - 10~2. For this function, we are also able to compute the
bound from Theorem 4.12 for individual function approximation. The
truncation error e, from (4.26) can be computed explicitly while we
estimate the truncation error e, from (4.26) in L, as

foi= ) lek(Pl > e

kezd\I

for an index set 7 C Z%. We have visualized the relative ey, error
compared to the relative bound

1 s 208 282,

B=—"—|3¢ +
fllm 72 \Blw@)] 15N

(5.10)
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in Figure 5.2.

M | Zp (U] eL,

[80,16,12] 6730 1.4-1072
[90,18,14] 9994  1.7-107!
[80,14,10] 4420 1.5-1072
|
]

[80,10,10 3628 1.9-1072
[70,16,12 6640 1.4-1072

Table 5.3: Approximation of f from (5.5) with different bandwidth
vectors M and grouped index set Zp(U*). The generalization
erroris denoted as er, = er,(f, D, Iy (U")). Allresults are the
average over computing the approximation with 10 randomly
generated data sets D.

We conclude our considerations of this test function by repeating the
experiments using the weighted regularization idea from Section 4.1.2.
Since we know that f € H*:(T?), we define the weight matrix

wr =diag| [] (+]k]?
jesupp k kel

for a finite index set 7. Now, we perform the experiments from
Table 5.2 again, but this time we solve the regularized least-squares
problem (4.8) and also add the larger bandwidths from Table 5.3 to
the test in order to see the effect of reducing the search space with
this type of regularization, cf. Section 4.1.2. In Table 5.4 we see that
the regularization makes an enormous difference when it comes to
the oversampling. While the error slightly improves in comparison to
the results in Table 5.2, we even achieve comparable errors for around
200000 indices, i.e., 20 times more indices than nodes. In Table 5.5 we
repeated the experiments of Table 5.3, showing the same phenomenon
which also allows us to decrease the error slightly.
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Figure 5.2: Visualization of approximation errors and the error bounds
from Section 4.3.2.
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N Inl A e, L 163 I
[16,4,2] 544 € 2.7-107 (0.0,2.5-1072) (2.1-107%,2.1-1072) (6.1-107%,2.6-107%)
[32,4,2] 688 e* 2.7-1071 (0.0,2.5-1072) (2.1-107%,2.1-1072) (6.0-107%,2.5-107%)
[64,8,2] 2416 e* 2.4-107! (0.0,2.4-1072) (5.1-107%,2.0-1072) (3.5-107,2.2 - 1073)
[64,8,4] 4600 €® 1.0-107! (0.0,2.3-1072) (9.6-1075,2.0-1072) (5.7-107,2.1-1072)
[64,16,4] 10936 e* 1.2-107! (0.0,2.3-1072) (2.7-107%,2.0-1072) (7.2-107°,1.9-1072)

[80,16,12] 120616 €° 2.3-107! (0.0,2.7-1072) (3.0-107%,1.6-1072) (2.6 - 107%,9.4 - 1073)
[90,18,14] 195754 €® 2.5-107! (0.0,2.7-1072) (3.3-107%,1.6 - 1072) (2.7 -107%,8.1- 1073)

Table 5.4:

Table 5.5:

Approximation of f from (5.5) with different bandwidth
vectors N and grouped index set Iy = Iny(U®?). The
generalization error is denoted as er, = er,(f, D, 1; N(UOA))
and the intervals I, I, and I3 from (5.9). We apply weighted
regularization with Wy, as in (4.8) with A being the best
choice of regularization parameter from ef,t = 0,1,...,5.
All results are the average of running the experiment on 10
randomly generated data sets D.

M [Zm(U9)] A er,

[80,16,12] 6730 €% 1.3-1072

90,18, 14] 9994 e’ 1.4-1072
[

[80,14,10] 4420 e 15.1072
(80,10, 10] 3628 el 1.8-1072
[70,16,12] 6640 e 1.3-1072
[100,20,14] 10732 &’ 1.4-1072
[120,24,16] 15958 & 1.7-1072

Approximation of f from (5.5) with different bandwidth
vectors M and grouped index set Zpr(U*). The generalization
erroris denoted as er, = er,(f, D, Iy (U")). Allresults are the
average over computing the approximation with 10 randomly
generated data sets D.
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5.2 Non-Periodic B-Spline Function

In this section, we consider the non-periodic function
fi[-1,1 - R, (5.11)
f(x) = Ba(x1)Ba(x5) + B2(x2)Ba(x6) + B2(x3)Ba(x7) + B2(x4)Ba(xs),
with B; and By being parts of the univariate shifted, scaled and di-
lated B-splines from the previous Section 5.1. We have visualized

the two B-splines in Figure 5.3. The function f is an element of
Lo([-1,1]8, 0@ <heb) and we have normalized the splines such that

”Bz||L2([_1,1]8,w(d),cheb) = ||B4||L2([_1,1]8,w(d),chcb) =1

1.5

0.5

0k i i :
-1.5 -1 -05 0 0.5 1 1.5 -15 -1 -05 0 0.5 1 1.5

(@) Bp: [-1,1] — R highlighted in (b) B4: [-1,1] — R highlighted in
bold. bold.

Figure 5.3: B-Splines B, and By from (5.11).

For this function, we have an active set
u =0UP{1,5) UP({2,6}) UP({3,7}) UP({4,8})

such that f, = 0 for u € P([d]) \ U". This implies that we have the
superposition dimension d(SP)((S) =2foro =1,ie., f =Taf, see (2.26).
We can also explicitly compute the basis coefficients

d), cheb
ck(f) = <f'(P;<) e >L2([_1,1]8,w(d),cheb)
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and the norm || [l ,;_1,155 (@ cheb), i.€., the generalization error e, from
(5.2) is available.

As for the periodic function in Section 5.1, it is our goal to recover
the active set U" and obtain a good approximation for f from the data

D ={(x, f(x)): x € X}.

Here, we have a set X C [-1,1]® of |X| = 10000 nodes drawn i.i.d. at
random according to the Chebyshev probability density «(? "¢, The
superposition threshold will be set to ds = 3, i.e., we start by taking also
3-dimensional terms into account. We do this to show that starting with
a higher superposition threshold ds will still lead to the correct active
set U". We use the global sensitivity cut-off method from (4.15), i.e., we
are looking for a threshold vector & € (0, 1)% such that U@ = 1J*. The
choice for the entries of & lie in the intervals

.. e X : X P
ei€li= uelfl%%i(\u*p(u,SIN(u)f), mino(u,S7 ) )|, =12

|u|=i [u|=i

(5.12)
Alarger interval I; implies that the active terms in U" are better separated
from the inactive terms in the complement UG\ U*. For |u| = 3 we
are hoping that the value

= X
= ueLrIr(}‘%(\u*g(u’SfN(U) ) (5.13)
|u|=3

is small in order to correctly recognize that there are no terms u € U”
with |u| = 3.

The experiments from Table 5.6 show promising results already
for the generalization error as well as the active set detection. We
have a clear separation of active terms in U* and inactive terms in its
complement yielding large intervals I; and I. The 3-dimensional terms
are correctly not attributed any importance with the quantity g3 being
in the range of 1071°. The global sensitivity indices are also visualized
in Figure 5.4.
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Now, we choose to use a grouped index set Zp(U*) with larger
bandwidths M € N? than before to obtain a better approximation. Note
that M now only has two entries since there is no three-dimensional
term in the active set U". The results of the experiments are displayed
in Table 5.7. We observe that we can decrease the generalization
error further obtaining a final approximation with er,(f, D, Iy(U")) =
3.3-107%

N [N | er, L I 03

[16,8,2] 1549 7.0-10™* (0.0,8.6-1072) (9.8-107%,5.9-1072) 8.2-10710
[16,16,2] 6477 4.3-107% (0.0,8.6-1072) (6.4-107%,5.9-1072) 1.7-10710
[32,8,2] 1677 7.0-107* (0.0,8.6-1072) (9.4-107%,5.9-1072) 8.1-10710
[32,16,2] 6605 3.8-107% (0.0,8.6-1072) (2.9-1079,59-1072) 7.2.-10~1
[16,8,4] 3005 7.6-107* (0.0,8.6-1072) (1.2-1078,5.9-1072) 8.6-107°

Table 5.6: Approximation of f from (5.11) with different bandwidth
vectors N and grouped index set Iy = In(U®¥). The
generalization error is denoted as er, = er,(f, D, In(U®3))
and the intervals Iy, I from (5.12), and g3 from (5.13). All
results are the average of running the experiment on 10
randomly generated sets of nodes X.
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M | (U)| er,

[60,30] 3837  3.4-107*
(60, 36] 5373  3.3-107*
[60,42] 7197  1.0-1073
[80,30] 3997  3.4-107*
[ ]
[ ]

80,36 5533 3.3-107*
80,42 7357 1.4-1073

Table 5.7: Approximation of f from (5.11) with different bandwidth
vectors M and grouped index set Zp(U*). The generalization
errorisdenoted as ey, := e, (f, D, Ip(U*)). Allresults are the
average over computing the approximation with 10 randomly
generated data sets D.
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5.3 Friedman Functions

The Friedman functions are a class of functions used for benchmarking

scattered data approximation, see e.g. [MLHO03, BGM09, BDL11]. We

start by defining the three non-periodic Friedman functions over [0, 1]%.
The Friedman 1 function

f1: 10,11 > R, fi(x) = 10sin(mtx1x2) + 20(x3 — 0.5)* + 10x4 + 5x5

has spatial dimension d = 10. However, only five of the ten variables
have any influence on the function which is the most important infor-
mation we aim to find with an attribute ranking. Additionally, we have
the superposition dimension d®P)(5) = 2 for 6 = 1, i.e, Tof = f, see
(2.26). The Friedman 2 function

2
£:[0,1]* > R, folx) = \/Sf(xl) + (Sz(xz) " X3 = ;)

s2(x2) - s4(xq)
has spatial dimension 4 and contains the variable scalings s1(x1) = 100x1,
s2(x2) = 520mxy + 407, and s4(x4) = 10x4 + 1. The scalings ensure that

we have x; € [0,1],7 = 1,2, 3,4. The third and last Friedman function
is given by

f3:[0,11* - R, f3(x) = arctan (52(x2) x5 — (s2(x2) - 54(964))_1)

s1(x1)

again with spatial dimension d = 4 and the same scalings s1, s, and s4
as before. Here, every term is (analytically) non-zero which means that
entire function can only be reconstructed for a superposition threshold
ds = 4 without an ANOVA truncation error.

The three functions fi, f>, and f3 are elements of the space L([0, 1]%)
for their respective spatial domain 4. However, we do not have access
to an explicit form of the norm ||f{l; (o 1}¢) and the basis coefficients

ce(f) = (f, (P;(d)’COS>L2([O,l]d)/ i.e., we have to rely on the empirical error.
Since it is our goal to compare to the results in [MLHO03], we use the
mean square error (MSE) enmsg(f, D, IN(U), Diest) from (5.4). As in
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[MLHO3], our data D, cf. (5.1), will always consist of 200 nodes and
noisy function evaluations. For the test data Diest, cf. (5.3), we validate
our model on 1000 nodes and also apply noise to the evaluations.
Table 5.8 shows benchmark data from [MLHO03] with a support vector
machine (SVM), a linear model (LM), a neural network (MNET) and a
random forest (RFORST) together with the results from our method
(ANOVAapprox). In the following sections we present the detailed
procedure on how to obtain the models for ANOVAapprox.

SVM LM MNET RFORST ANOVAapprox

Friedman 1 436 771 921 6.02 143
Friedman2 (-10%)  18.13 36.15  19.61 21.50 17.18
Friedman 3 (-107%) 2315 4542  18.12 2221 20.69

Table 5.8: Mean squared errors (MSE) for different methods when
approximating Friedman functions in [MLHO03] compared to
ANOVAapprox. The value for ANOVAapprox was obtained
by computing the approximation on 100 randomly generated
data sets D and validating them on 100 randomly generated
test sets Diest. All values are the medians of the mean square
errors and the best value for every function is highlighted.

The results show that the ANOVA approximation method is compet-
itive to the other approaches and delivers the best MSE for Friedman
1 and 2 as well as a close second best MSE for Friedman 3. Note that
a set with 200 data points is rather small and other experiments used
significantly more data, but we aimed to stay in the exact setting of
[MLHO03].

5.3.1 Friedman 1

The function f; provides a particular challenge for attribute ranking
since it has spatial dimension 10, but only the variables x; to x5 have an
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influence on the function value. Moreover, we have an active set

uy = {0}y U {{1}, {2}, {3}, {4}, {5}, {1, 2}}, (5.14)

i.e., only one two-dimensional term is relevant to the function. For
obtaining the approximation, we use the data

D = {(x, fi(x) + 1): ¥ € X)
Drest = {(x/fl(x) + T]x): X € Xtest} ’

cf. (5.1) with a set X € [0,1]'° of |X| = 200 uniformly distributed
nodes drawn i.i.d. at random. Here, 1, is random Gaussian noise with
expected value 0 and variance 1. For computing the MSE, we use a test
set Xiest C [0, 1110 of | Xiest| = 1000 uniformly distributed nodes drawn
ii.d. at random.

We choose as superposition threshold ds = 2and apply regularization,
i.e., we solve problem (4.8) unweighted with regularization parameter
A > 0and W = I the identity. Our first goal is to approximate the
function with a grouped index set Iy (U1%?) for bandwidths N € N2,
Here, we aim to find the information that the variables x4 to x19 do
not contribute to the function. The active set detection with attribute
ranking provides a method for this, i.e., we want to find an ¢ > 0 such
that

uese) = (4 € {1,2,3,4,5}: |u| <2} =U®?,

see (4.17). Since the emphasis lies on computing the attribute ranking,

we choose small bandwidths N = [4, 2] such that |IN(U(10'2))| =76 and

compute the approximation S}YN (w2 f1 with regularization parameter

A €[0,1,2,3,4,5]. We then choose the A that yields the lowest MSE.
This procedure is iterated with 10 randomly generated pairs of data
sets D and Dyes; in order to account for the variance in the data. The
average of the mean square errors emsg(f1, D, In(U1%?)), Dyest) is 4.99
with A = 1 turning out to be the choice for the regularization parameter.
The average attribute ranking

r =[0.22,0.21,0.090, 0.36, 0.099, 0.005, 0.003, 0.004, 0.004, 0.004]
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is depicted in Figure 5.5a. The scores r;,i = 1,2,...,10, were computed
according to (4.17). This implies a clear separation of active variables
x1 to x5 and inactive variables x4 to x19 such that we may choose the
cut-off at 1% with ¢ = 0.01 and

Ut =y ¢ {1,2,3,4,5}: |u| <2} =UG?.

Now, we want to detect the active set of terms U C @001 from

(5.14). To this end, we compute the approximation S)I(N (Lar0on) fi with

bandwidths N = [6, 4], i.e., an increase to the previous experiment, and
A €[0,1,2,3,4,5] again. The approximation yields an average MSE
emse(f1, D,IN(U(arfO'Ol)), Dhest) of 3.17 on the 10 randomly generated
pairs of data sets D and Dyest with A = 1. We depicted the global
sensitivity indices in Figure 5.5b. Clearly, the active sets U; are well-
separated from the inactive sets such that we may apply a sensitivity
cut-off with UEs00L00L) = 11+ f. (4.15).

Finally, we have to determine a good choice of bandwidths N for
the approximation S)I(N ) fi. From the experiments in Table 5.9,

we obtain that this choice is N = [6,4] yielding an average MSE
emse(f1, D, In(U7), Diest) of 1.47 on the 10 randomly generated pairs
of data sets D and Diest with A = 0. In order to obtain the value for
Table 5.8, we have computed S}\;M] () f1 on 100 randomly generated

data sets D and took the MSE on 100 randomly generated data sets
Diest. This is a replication of the setting in [MLHO03] which yielded a
median MSE of 1.43 for our setting. This is a significant improvement
to the results obtained by the other methods, see Table 5.8.

There exist a number of other methods for attribute rankings or
feature selection, see e.g. [GE03]. We conclude this section with a
comparison to the well-known method of the estimation of mutual
information. The mutual information between two random variables
represents a measure for the dependency between the variables. For a
pair of jointly continuous random variables (Z, Y)) with values over the
space Z X Y, itis defined as

Py (z,Y)
I(Z,Y) = z,1Y) log ——~ dzd
(Z,Y) /Z/yp(z,Y)( y) log 22 Pr() y
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N  |InU)| A ewmse

[4,4] 25 0.0 1.65
[6,4] 35 00 147
8,4] 45 00 152
[10,4] 55 1.0 159
[4,6] 41 00 1.71
[6,6] 51 00 1.52
8, 6] 61 00 1.63
(10, 6] 71 0.0 1.70

Table 5.9: Approximation of f; with different bandwidth vectors N,
grouped index set Zy(U;) and regularization parameter A.
The mean square error emsg ‘= emse(f1, D, IN(U7), Diest) is
the average over 10 randomly generated pairs of data sets D
and Dtest‘

with p(z y) the joint probability density function of Z and Y, and pz, py
the marginal probability density functions of Z and Y, respectively. We
use the function SKLEARN.FEATURE_SELECTION.MUTUAL_INFO_REGRESSION
from the scikit-learn Python library for the computations, see [PVG*11].
The estimation of the mutual information is based on the estimation of
entropy from k-nearest neighbor distances, cf. [KSG04, Ros14].

Table 5.10 shows the results of our experiments with different values
for the number of nearest neighbors k. The method has been applied to
the data set D withnoisy evaluations. We observe thatitis not possible to
clearly distinguish the active variables. The active variables x3 and x5 get
attributed only a small influence while some unimportant variables get
attributed a higher influence, e.g., the variable x1¢ in the test with k = 5.
In contrast to the experiments with mutual information estimation,
our model-based approach by estimating the global sensitivity indices
delivers a clear distinction of the active variables.
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X1 X2 X3 X4 X5 X6 X7 X8 X9 X10

0.14 0.15 0.00 0.21 0.10 0.00 0.00 0.01 0.04 0.05
0.17 0.11 0.05 0.23 0.07 000 0.00 0.00 0.00 0.11
0.14 0.12 0.04 025 0.05 0.00 0.03 0.02 0.00 0.04

N 01 Q| =

Table 5.10: Attribute ranking obtained by mutual information estima-
tion using the scikit-learn library. The parameter k repre-
sents the number of neighbors to use in the entropy estima-
tion.

5.3.2 Friedman 2

Now, we consider the second Friedman function f, with spatial di-
mension d = 4. For this function, we do not have a clear active set of
terms from an analytical viewpoint which means that we are going to
determine one empirically from the approximation. As the data, we
use a set X C [0, 1]* of |X| = 200 uniformly distributed nodes drawn
iid. at random. For computing the mean square error, we use a test set
Xiest € [0, 1]* of | Xiest| = 1000 uniformly distributed nodes also drawn
iid. at random. This gives us the data

D = {(x, fo(x) + 11x): x € X}
Dyest = {(x/f2(x) + nx): x € Xiest}

cf. (5.1), where 1, is Gaussian noise with mean zero and variance 125
as in [MLHO3].

In order to determine an active set, we choose as superposition
threshold d; = 2 and compute the approximation S}\IM] ) fo by

solving the unweighted regularized least-squares problem (4.8) with
regularization parameter A € [0,1,2,3,4,5], W = I the identity, and
grouped index set 1[4 7 (U%2). This yielded an average for the mean
square error enmsg(f2, D, Zja2)(U*?), Diest) of 18.2 - 10° on 10 randomly
generated pairs of data sets D and Dyt with A = 3. The average global
sensitivity indices are depicted in Figure 5.6. This is a rather surprising
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result since the terms involving the variables x; and x4 do not seem
to contribute significantly to the variance of the function. We decided
for a global sensitivity cut-off at 1% and subsequently obtained as the
active set

a0t = 0, (23, {3}, (2,3} = U

cf. (4.15).
05+ ‘{3} g
04| |
{2}
0.3+ .
0.2
{2,3}
0.1} |
] i A Bl
1 3 5 7 9

Figure 5.6: Average global sensitivity indices g(u, ijm] ) f2) on 10

randomly generated data sets D. Active sets u € U] in
orange and inactive sets u ¢ U, in red.

For finding a good choice of bandwidths N in the approximation

SfN ) f2, we performed the experiments in Table 5.11. The bandwidths
2
N = [4,2] yielded the best average MSE ewsg(f2, D, In(U3), Diest) of
17.3 - 10° with regularization parameter A = 2. Computing the approx-
imation S?H () f2 on 100 randomly generated data sets D yielded a
, 2

median MSE ewmsg(f2, D, In(UJ), Drest) of 17.18 - 103 on 100 randomly
generated test sets Diest Which represents the value for Friedman 2 in
Table 5.8.
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N |IwWg)| A ewmse

4 3.0 18.3-10°
12 2.0 18.5-10°
28 40 20.1-10°
8 2.0 17.3-10°
16 1.0 17.5-10°
32 2.0 19.0-10°
12 3.0 17.6-10°
20 30 179-10°
36 40 19.3-10°

N~ NN

~

N~ NN

—_—r—r—r—— e — — ——
CANCANCAN NG S IS )
NN OB DN NN

~

e e e e e e e e

Table 5.11: Approximation of f, with different bandwidth vectors N,
grouped index set Zy(U;) and regularization parameter A.
The mean square error emsg = emsi(f2, D, IN(U3), Drest) is
the average over 10 randomly generated pairs of data sets D
and Diyegt.

5.3.3 Friedman 3

Finally, we consider the third Friedman function f3 with spatial dimen-
sion d = 4. This function is special since the inverse tangent arctan
causes that we neither have an intrinsic sparsity in the ANOVA decom-
position nor in the number of variables. As for Friedman 2, we have
to determine an active set of terms empirically. The data will again
be a set X C [0,1]* of |X| = 200 uniformly distributed nodes drawn
iid. at random. The mean square error will be computed on a test set
Xiest C [0, 1]* of | Xiest| = 1000 uniformly distributed nodes also drawn
iid. at random. As data we use

D ={(x, fa(x) + nx): x € X}
Drest = {(x, f3(x) + T]x): X € Xtest} ’

cf. (5.1), where 1, is Gaussian noise with mean zero and variance 0.1 as
in [MLHO3].
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We start our experiments by choosing to use the full set of ANOVA
terms U** = P([4]) and aim to determine an active set u; c U from
there. We use bandwidths N = [4,2,2, 2] and compute the approxima-

tion Sj_([ ) f3 by solving the unweighted regularized least-squares
42272 .

problem (4.8) with regularization parameter A € [1,2,3,4,5]and W =1
the identity. When computed on 10 randomly generated data sets D, the
approximation yielded an average MSE emsg(f3, D, Zja,2,2 /(U %), Drest)
of 33.3 - 1072 on 10 randomly generated test sets Diest. Figure 5.7 shows
the average attribute ranking

r =[0.166,0.209, 0.612,0.013]

for the approximation with r; computed according to (4.16). We observe
that the variable x4 seems to have very little influence on the variance
of the approximation. If we cut off at 5% importance, we get

u(ar,0.0S) — P(B])/

see (4.17). However, we want to limit the interactions with superposition
threshold d; = 2 such that we choose the active set

U; = {u € [3]: |u| <2} =UB?.

Now, we only need to find a suitable choice of bandwidths N in

the final approximation S)I(N(u*) f. Table 5.12 shows the results of our
3

experiments with different N € N2, Here, N = [12,2] yielded the
best average MSE ewmsg(f3, D, In(U3), Diest) of 21.0 - 1073 with regu-
larization parameter A = 4. Finally, we compute the approximation

S}Y[u () f3 on 100 randomly generated data sets D yielding a median
- 3

MSE emsg(f3, D, I N(LI;), Dhest) 0£20.69-1073 on 100 randomly generated
test sets Diest Which is the value for Friedman 3 in Table 5.8.
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06| .
04 |
02} .
077\ 7777777777 | \777777777?:
1 2 3 4
Figure 5.7: Average attribute ranking (i), i = 1,2,3,4, for

X

T2 (UEY)
sets D. Active variables x; to x3 in orange and inactive
variable x4 in red.

f3 computed on 10 randomly generated data

N |Inuy| A eMSE
(8,2] 25 3.0 222-10°3
(8, 4] 49 20 227-1073

(10,2 31 40 21.3-10°3

37 40 21.0-1073

]

[10,4] 55 3.0 21.8-1073
]
] 61 3.0 21.6-1073

Table 5.12: Approximation of f3 with different bandwidth vectors N,
grouped index set Iy (U3), and regularization parameter A.
The mean square error emsg = emse(f3, D, IN(U3), Drest) is
the average over 10 randomly generated pairs of data sets D
and Diegt.
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5.3.4 Runtime

We conclude this section with a runtime comparison of our methods
for the experiments conducted with the Friedman functions. Here,
we distinguish between an init step, i.e., the initialization and pre-
computations of the grouped transform, and solving the regularized
least-squares problem (4.8) with LSQR. Table 5.13 shows the runtimes
for computing the approximations. Note that this is the computation
for one specific choice of parameters A, and N. However, solving for
additional regularization parameters A does not require a repetition of
the initialization. The experiments were conducted on a computer with
an Intel Xeon Gold 6240 R CPU at 2.4 gigahertz. We used 12 cores for the
parallelization of the grouped transformations. One observes a direct
correlation from the number of involved ANOVA terms to the time for
both the initialization and computation step. This is especially evident
when comparing Friedman 1 with 4 = 10 to the other experiments.

function u cP(d)) N init time LSQR time
Friedman 1 o2 (4,2] 31.6 ms 21s
Friedman1  (@r001) [6,4] 6.2 ms 0.89 s
Friedman 1 uj [6,4] 1.4 ms 54.0 ms
Friedman 2 u“2 [4,2] 2.7 ms 85.3 ms
Friedman 2 u; [4,2] 1.3 ms 15.1 ms
Friedman 3 uts [4,2,2,2] 7.1ms 0.17 s
Friedman 3 u; [12,2] 1.8 ms 61.1 ms

Table 5.13: Runtimes of experiments with the Friedman functions using
the ANOVAapprox method. The pre-computations and
initialization is measured as init time and computing the
solution of the corresponding least-squares problem as LSQR
time (N = [N1, N2] or N = [Ny, Na, N3, Ny]).



Numerical Experiments with Real Data

Now that we have shown the performance of the ANOVA approximation
method from Chapter 4 for the recovery of functions, we focus on known
data sets from applications. In this case, we have given data

D = {(x1,y1), (x2,y2), ..., (xm, ym)}, MEN, 6.1)

with a set of nodes X = {x1,%,...,xm} C R? and values yi € R,
i=1,2,...,M. The spatial dimension 4 is here the number of features
of the data set. Note that we always apply a Z-score transformation or a
min-max normalization beforehand, see e.g. [HTF13], such that we may
assume that the nodes x; are either from a standard normal distribution
or uniformly distributed in [0,1]¢. In order to apply our method
from Section 4.2, we assume that there exists either a continuous
f: RY — R from Ly(R?, 0@5td) je., we use the transformed basis
functions @@ 54 from Section 2.1.2.4, or a continuous f: [0,1]? —
R from L,([0,1]9), i.e., we use the half-period cosine basis ¢
from Section 2.1.2.3. Moreover, f should fit our data in the sense
that f(x;) = yi;, i =1,2,..., M. We use the ANOVA approximation
method to approximate this function f. We always start by choosing
a low superposition threshold ds € [d] to compute an approximation

167
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SfN (b)) f with grouped index set Iy (U#%:)), and bandwidths N € N,

see Definition 3.3, via solving the regularized least-squares problem
(4.8) with regularization parameter A > 0 and W = I the identity. Then
we perform an analysis using the methods from Section 4.2.1, e.g.,
via attribute ranking or global sensitivity indices, to obtain a subset
U* c U@4s)_ In the end, we have to determine bandwidths M € N and

. . . . X
obtain the final approximation S7 ) f-

Since we only have the data set D available, we need to use it for
training, i.e., obtaining the approximation, as well as for testing, i.e.,
evaluating the performance of the model. To this end, we apply a
cross-validation procedure. For each data set we choose a split of the
data into training and test set with the value pest € (0, 1) such that we
have | prest - M | data points for evaluating the model and M — | prest - M |
for obtaining the approximation. A common example is to reserve 10%
for testing, i.e., prest = 0.1. This yields a training set Diwin € D and
a test set Dyt € D such that Diajn N Diest = 0 and Dirain U Diest = D.
However, it will not be sufficient to perform this procedure only once
since it depends on which specific points we choose for Dirain and Dixest.
We are going to apply a form of cross-validation where we randomly
draw Dipain and Diest from D a number of times. Cross-validation with
10 iterations therefore refers to drawing the training set and the test set
10 times at random.

In order to evaluate the model, we consider empirical generalization
errors. The root mean square error (RMSE) is defined as

1 2
ermse(D, In(U), Drest) = J m( Z |S§N(U) flx) - }/‘ :

%,1)€Dtest
The mean absolute deviation (MAD) is an ¢; error and given by

1
eMap(D, IN(U), Deest) = D] Z |S§N(u)f(x) - y|.
(

X,Y)€EDxest
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Finally, we have the relative ¢, error

2
Z( Y)€Dest S{I\} f(x) -y
ot es )
erel(D, IN(U)/ Diest) = a .

2
Z(x,y)EDtest Iyl

Note that we are minimizing the ¢, norm which corresponds to the
RMSE and the relative ¢, error. We do not minimize an #; norm and
therefore the MAD is more of a byproduct.

In order to compare our performance to other well-known methods,
we chose data sets from the UCI machine learning repository [DG17]
and the website [Tor]. An overview is provided in Table 6.1 with
references where the data sets originate from and where else they
have been considered. Note that the forest fires data set has been
investigated with our method in [PS22b] and the other data sets in
[PS21b]. Table 6.2 summarizes our numerical results from the following
sections in comparison to the results from the literature. Our method
does not only provide interpretable results, it also outperforms the
other methods in the model accuracy.

Name dimension data points references
Forest Fires (FIRES) 12 517 [CM07, DG17, PS22b]
Energy Efficiency Heating (ENH) 8 768 [GPT20, DG17, PS21b]
Energy Efficiency Cooling (ENC) 8 768 [GPT20, DG17, PS21b]
Airfoil Self-Noise (ASN) 5 1503  [HSS*21, DG17, PS21b]
California Housing (CH) 8 20640 [KM15, Tor, PS21b]
Ailerons (AIL) 40 13750 [KM15, Tor, PS21b]

Table 6.1: Application data sets for benchmarking the ANOVAapprox
method with sources.
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dataset  error (type) method (reference) ANOVAapprox
FIRES 12.71 (MAD) Support Vector Machine ([CMO07]) 12.65
ENC 1.79 (RMSE) Gradient Boosting Machine ([GPT20]) 1.49
ENH 0.48 (RMSE) Random Forest ([GPT20]) 0.44
ASN  0.0277 (relative £p) Sparse Random Features ([HSS*21]) 0.0161
CH 0.11450 (RMSE) Local Learning Reg. NN ([KM15]) 0.10899
Ailerons 0.04601 (RMSE) Local Learning Reg. NN ([KM15]) 0.04569

Table 6.2: Result comparison for different data sets and approaches.
The models for ANOVAapprox where validated using 100
random splits of training and test set. More details are
discussed in the corresponding section. The ANOVAapprox
error is compared to the best error found in the mentioned
source together with the method used therein.
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6.1 Forest Fires

The forest fires data set from the UCI repository [DG17] contains
information about forest fires in the Montesinho national park in the
Trés-os-Montes northeast region of Portugal from 2002 to 2003. The
data set has d = 12 attributes about every fire with the target variable
being the area of the forest that was destroyed. An efficient model for
the prediction of this area can be used in predicting the occurrence
of fires and preparing appropriate countermeasures. It is our goal to
compare to the results from [CM07] and where this data set has been
considered.

group name description
. X x-coordinate (1 to 9)
spatial (5) Y y-coordinate (1 to 9)

temporal (T) month  month of the year (1 to 12)

day day of the week (1 to 7)
FFMC FFMC code
DMC DMC code
Fw DC DC code
ISI ISIindex
temp outside temperature in °C

RH  outside relative humidity in %
wind outside wind speed in km/h
rain outside rain in mm/m?2

meteorological (M)

Table 6.3: Attributes and their corresponding groups

Here, the 12 attributes are grouped into 4 categories as in [CM07], i.e.,
spatial, temporal, FWI system, and meteorological data, see Table 6.3.
The Tras-os-Montes northeast region of Portugal has been divided into
a 9 by 9 grid and the spatial attributes describe the location of the fire
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in this grid. As temporal attributes, we have the month of the year and
the day of the week when the fire occurred. The forest fire weather index
(FWI), cf. [TA06], is the Canadian system for rating fire danger. The
FWI group contains four of its component, the FFMC code, the DMC
code, the DC code, and the ISI index. Moreover, the meteorological
group collects the four attributes temperature, humidity, wind, and
rain.

For pre-processing, we apply a Z-score transformation to the the
variables and the logarithmic transformation log(1+-) to the burned area.
The Z-score transformation achieves that we may assume our data stems
from a standard normal distribution. The logarithmic transformation
on the target is helpful since the variable shows a positive skew with a
large number of fires that have a small size. We denote the data with D,
cf. (6.1), and split it into 90% for the training set Dirin and 10% for the
test set Dyest. In the following, we do not use all of the variables, but
build models based only on some groups as denoted in Table 6.3, e.g.,
STM means that we use spatial, temporal and meteorological attributes
without the FWI.

Table 6.4 shows the overall results of our experiment (ANOVA)
combined with the benchmark data from [CMO07]. Each value, our
ANOVA results as well as the others, were obtained by averaging over
executing a 10-fold cross-validation 30 times. This results in a total
of 300 experiments. We used a superposition threshold of d; = 2
and therefore needed to detect optimal choices for the bandwidths
N € N in the grouped index sets Iy (U@?)), see Table 6.5. We are
able to outperform the previously applied methods for every subset of
attributes in both average MAD eman(D, 1 N(U(dfz)), Diest) and average
RMSE ermsi(D, In(U@2), Dyest) error. We also observe a significant
better result in the RMSE which penalizes larger deviations stronger.

We replicated the setting of [CMO07] for benchmark purposes. How-
ever, with our method, we should be able to detect the most important
attributes for the forest fires ourselves. To this end, we use all 12
attributes of the data set in obtaining our approximation and subse-
quently interpret the results. Figure 6.1 shows the attribute ranking
r(i), i = 1,2,...,12, as well as the global sensitivity indices for an
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attribute selection

model ST FWI STM FWI M
Naive 18.61 (63.7) 18.61 (63.7) 18.61(63.7)  18.61 (63.7)
MR 13.07 (64.5) 13.04 (64.4) 13.00 (64.5)  13.01 (64.5)
DT 13.46 (64.4) 13.43 (64.6) 13.24(64.4) 13.18 (64.5)
RF 13.31 (64.3) 13.04 (64.5) 13.38 (64.0) 12.93 (64.4)
NN 13.09 (64.5) 13.92(68.9) 13.08 (64.6) 13.71(66.9)
SVM 13.07 (64.7) 13.13(64.7) 12.86(64.7) 12.71(64.7)
ANOVA | 12.75 (45.77) 12.81 (46.7) 12.76 (46.09) 12.65 (45.69)

Table 6.4: MAD and RMSE (in brackets) for the best performing model

in the corresponding attribute subset (underline - overall best
result, bold - best result for this selection).

attribute selection | Ny Ny [l A
ST FWI 2 6 149 ¢°
STM 2 10 261 €10

FWI 2 4 23 ¢8

M 2 8 47 €7

Table 6.5: Optimal parameter choices for the experiments from Table 6.4.
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approximation with grouped index set 7} »)(U>?)) and regularization
parameter A = 1.

0.3} 3

0.2} 3

I B |

Figure 6.1: Attribute ranking r(i), i = 1,2,...,12, from (4.16) of our
final model obtained for the prediction of the forest fire area.

We observe that the attributes 3, 7, and 9 are of the most importance
to the prediction such that we have yr0l) = DUf o € U122 see (4.17).
They represent the month of the year (3), the DC code of the FWI
(7) and the outside temperature (9). We subsequently computed an
approximation with only these three attributes and a superposition

threshold d; = 2. Here, we used the grouped index set 75, 10](Uﬁres)
8

and regularization parameter A = e°. The resulting model yielded
an average MAD emap(D, I}p,10] (Uﬁres) Dhest) of 12.64 and an average
RMSE ermse(D, Zj2,10 (Uﬁres) Dtest) of 45.57 with 30 times of 10-fold
cross validation as before In summary, we know that the most impor-
tant information of our problem is contained in only three attributes
and we also obtained a better performing model using only these three

attributes.
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6.2 Energy Efficiency

This data set from the UCI repository [DG17] describes the energy
efficiency of houses by d = 8 attributes and two values to predict, the
cooling load and the heating load. Therefore, we have two problems
ENC to predict the cooling load and ENH for the heating load. The
data set D contains 768 data points from sample houses in both cases
which we split 70% for the training set Dirin and 30% for the test set
Diest, 1.€., prest = 0.3. The data points have been normalized into the
interval [0, 1], i.e., we use the half-period cosine basis.

We start by considering the prediction of the heating load with a
superposition threshold of d; = 2. We have taken one randomly drawn
pair of data sets Dirain and Dyest to detect an initial bandwidth vector
N € N? with

Ni—1=(Ny-1)? (6.2)

for the grouped index set Zy(U®?) as well as the threshold vector
e € (0,1)? for the cut-off of the global sensitivity indices Uesie) gee
(4.15). Note that we use (6.2) in order to have all ANOVA terms with
the same number of indices which may create better conditions for the
active set detection if no information is known. Here, it turned out that
the bandwidths N = [26, 6] and the threshold vector & = [0.001,0.001]
are opportune choices. This leads to an active set

usie = cu®? with |U* =28

heating = heating

terms. Subsequently, we aim to determine bandwidths M for an

approximation with grouped index IM(u;eating)' This is done via

cross-validation with 20 iterations. The resulting bandwidth choice is
M = [100, 6] and for the regularization parameter we have A = 20. The
model has then been trained on 100 randomly generated training sets
Dirain and validated on 100 corresponding test sets Dyest which yielded
a median for the RMSE ermse(D, Iy (U ), Diest) of 0.44.

heating
For the cooling problem, we proceed in a similar fashion. We set the
superposition threshold to ds = 2 and determine the bandwidths N
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with (6.2) for the grouped index set 1 ~(U®2) as well as the threshold
vector ¢ € (0,1)? for the global sensitivity cut-off using one data pair
Dirain and Dyest. Here, we obtain N = [10,4], and & = [0.002,0.002]
yielding the active set

u(gSi’E) = uzooh'_ng c u(8,2) Wlth u*

cooling

=22

terms. Then we use 20 iterations of our cross-validation to obtain a
good choice of bandwidths M for an approximation with grouped
index set Zp(U* g). This yielded a bandwidth vector M = [30, 6]

coolin
with regularization parameter A = 50. As a result we obtained a

model with a median RMSE egrmsg(D, Iy (U ), Diest) of 1.49 trained

cooling
on 100 randomly generated training sets Dirin and validated on 100

corresponding test sets Dyegt.

Figure 6.2 shows attribute rankings for our obtained models. For
both problems Figure 6.2a, and Figure 6.2b, we notice that the attribute
5, i.e., the overall height of the building, is especially important for the
prediction of the load.

6.3 Airfoil Self-Noise

This data set from the UCI repository [DG17] is provided by the NASA
and describes experiments with airfoil blade section. The aerodynamic
and acoustic tests have been conducted in an anechoic wind tunnel
with different speeds and angles of attack. We aim to find a model that
is able to predict the scaled sound pressure level of the self-noise in
decibels, see [DG17]. The data set D has d = 5 attributes and contains
1503 nodes. We reserve 80% for the training set Dirain and 20% for the
test set Dyest such that pyest = 0.2. The data points have been normalized
into the interval [0, 1], i.e., we use the half-period cosine basis. Since this
data set has recently been used in [HSS*21] for experiments with sparse
random features, we choose the same split to compare the results.

We use the same general procedure as before in Section 6.2. First,
we approximate with a grouped index set Iy (U®?) and determine
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(a) Attribute ranking r(i), i = (b)Attribute ranking r(i), i =
1,2,...,8, from (4.16) of our fi- 1,2,...,8, from (4.16) of our fi-
nal model obtained for the heating nal model obtained for the cooling
problem. problem.

Figure 6.2: Attribute rankings for the energy efficiency data set.

a good choice of bandwidths on a single pair of data sets Diin and
Dyest which yielded N = [170, 14] under condition (6.2). Analyzing the
global sensitivity indices shows that it is best to choose a cut-off with
& = [0.01,0.01] such that we obtain an active set
u(gSLE) = u;irfoil < U(S,Z) with |u;irfoil| =15

terms. This means that we have only removed one term from U®?.
Then we draw 20 pairs of Dirain and Diest to use cross-validation in order
to determine a good choice of bandwidths M for an approximation
with grouped index set Iy (U}, ). This resulted in M = [200, 30]
and regularization parameter A = 100. The obtained model was then
validated on 100 random pairs of training data Dirin and test data Drest
yielding a median relative error e, (D, 7; M(U;irfoﬂ), Diest) of 1.61%. In
Figure 6.3 we have visualized the attribute ranking for our model. It
shows that attributes 3 and 4, i.e., the chord length and the free-stream
velocity have a large influence on the predictions.
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Figure 6.3: Attribute ranking r(i),i = 1,2, ..., 8, from (4.16) of our final
model obtained for the prediction of the sound pressure
level of airfoil blade sections.

6.4 California Housing

The data set from [Tor] describes the prices for houses in California
from data about the block groups from the 1990 census. We have a
data set D with d = 8 attributes and 20460 data points. It is our goal
to create a model that is able to predict the median house price for
the geographic area. Since we want to compare our results to [KM15],
we split the data in 50% for the training set Dirin and 50% for the
test set Dyest Such that prest = 0.5. Here, the nodes as well as the values
have been transformed into [0, 1] via a min-max-normalization. The
normalization of the values is replicated from [KM15].

We start with a superposition threshold of d; = 2 to obtain an
approximation with the grouped index set In(U®?). Using one
randomly drawn pair of data sets Dirain, and Dyest, we obtained N =
[82,10] under condition (6.2) for the bandwidth and & = [0.02, 0.02] for
the sensitivity cut-off yielding an active set
=21

~ “housing = housing

UEsio = 1r  cu®?  with |u*

terms. Subsequently, we computed an approximation with M € N?
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and the grouped index set Zp (U}, ) where M was determined via

ousing
cross-validation using 20 randomly drawn pairs of data sets Dirain, and

Dyest. This yielded M = [120, 10] and the regularization parameter
A = 100. The model was subsequently validated on 100 randomly
drawn pairs of training and test data which yielded a median for the
RMSE

erMSE (D, Iy (Uygyging ) Drest)

of 0.10899.

Figure 6.4a shows an attribute ranking for the obtained model. We
observe that the variables 1, 2, and 6, i.e., the geographical longitude,
the latitude, and the population count, are most important for the
prediction. It is also evident from the global sensitivity indices, see
Figure 6.4b, that the ANOVA term f{; 5, has significant importance
which seems very plausible from an interpretation view since variable 1
is the longitude and variable 2 the latitude, i.e., together they represent
the geographical location.

6.5 Ailerons

The Ailerons data set from [Tor] describes the control problem of flying
an F16 aircraft. The attributes describe the status of the aircraft and it
is our goal to predict the control action on its ailerons. The data set
has d = 40 attributes and 13750 data points. We aim to replicate the
setting in [KM15], which separates the data into 50% for the training
set Dirain and 50% for the test set Diest such that piest = 0.5. Here,
the nodes as well as the values have been transformed into [0, 1] via a
min-max-normalization. The normalization of the values is replicated
from [KM15].

As a first step, we aim to consider an attribute ranking for superposi-
tion threshold ds = 1in order to determine whether some variables have
little influence and can be omitted for the model. To this end, we are
using the grouped index set Z;o(U“%")) for approximation and average
the attribute ranking over 100 randomly drawn pairs of data sets Dirain
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T T
{1,2}
02 015 .

0.15| . 01l |

0.1 |

At Tl

11 13 15 17 19

(a) Attribute ranking r(i), i = (b) Global sensitivity indices for the
1,2,...,8, from (4.16) of our final house price model. The geograph-
model obtained for the prediction ical location term {1,2} is high-
of median house prices in Califor- lighted in orange.
nia.

Figure 6.4: Analysis of the ANOVAapprox model for the prediction of
house prices.

and Diegt. This lead us to eliminate 29 variables with a contribution
smaller than ¢ = 0.0185 such that

uer = Ul with Ul =12
al al

terms, see (4.17).
We proceeded with the 4 = 11 active variables and d; = 2 such that
we have the set of terms

U :={u C[11]: |u| < 2}.

We perform sensitivity analysis on an approximation with grouped
index set Z[15,(U) which leads to an optimal cut-off vector ¢ =
[0.001,0.001] such that we have an active set

uestd =y cu with U

aill = 43
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terms. The model was subsequently validated on 100 randomly drawn
pairs of training set Diin and test set Dyest yielding a median RMSE
of 0.04569. In Figure 6.5 we have visualized the attribute ranking for
our model. We observe that the variables 1, 2,and 8 are of greater
importance. They correspond to the control variables 7, 3, and 30 of the
original problem.

02} |
015| y
0.1} .
0.05 - { [ { {
oL T [ b | g

1 2 3 45 6 7 8 9 1011

Figure 6.5: Attribute ranking r(i), i = 1,2,...,11, from (4.16) of our
final model obtained for the prediction of the control actions
on the ailerons of an F16 aircraft.






Conclusion

The main focus of this work was the introduction and analysis of the
ANOVA approximation method. It includes considerations of the
ANOVA decomposition in connection to orthonormal bases in the
Lebesgue product space Lo(D?, w@) as well as the introduction of
grouped transformations as a general concept for the extension of the
non-equispaced fast Fourier and fast cosine transforms to grouped
index sets. The method is applicable for the approximation of functions
as well as for regression problems with scattered data where one
approximates an unknown underlying function that maps input data
to output. Our main assumption is that the sparsity-of-effects principle
is applicable, i.e., the function is dominated by low-order interactions
which we related to both scenarios.

We considered the classical ANOVA decomposition with the inte-
gral projection operator in weighted Lebesgue spaces Ly(D?, w®) with
probability measures w? and found a new connection to complete or-
thonormal systems (@E(d)) reze With relationships to the basis coefficients.
This connection provided a new access to the decomposition that simpli-
fied understanding properties like the inheritance of smoothness. With
the goal of our approximation method in mind, we considered sparsity

183
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of the decomposition and its truncation. Specifically, we focused on
the concept of low superposition dimension, i.e., a large part of the
variance is explained by interactions of low order. Since the number
of ANOVA terms grows exponentially in the spatial dimension, this
truncation provided us with a way to reduce it to polynomial growth
as a way to circumvent the curse. We discussed how smoothness may
be related to a low superposition dimension or its worst-case version.
For Sobolev type spaces H? (D4, ©¥) and weighted Wiener spaces
AP (D?, @ @) with smoothness weight w: Z% — [1, o), we were able
to prove worst-case truncation bounds that directly give insight into
the worst-case superposition dimension. We found that the important
special case of isotropic and dominating-mixed smoothness is related
to a low worst-case superposition dimension with error bounds for
L, and Lo ANOVA truncation. The error bounds even suggested an
independence of the spatial dimension for the worst-case error in many
cases.

We were then interested in linking the ANOVA truncation together
with the approximation by partial sums in the Lebesgue space Ly(D9, w(?).
To this end, we introduced a new form of index set, the grouped in-
dex set Iy (U) with bandwidths N € N and the set of ANOVA terms
U € P([d]). The fast evaluations of such partial sums on a number
of nodes X := {x1,x2,...,xm} € D? can always be interpreted as a
matrix-vector multiplication for matrices of type

P ) o )
FX = (Pf])(xz) (Pgi)(xz) (an)(xz)
I_ . . . .

o em) @0 em) 9 (am)

with ((pgcd)) xezt being the orthonormal basis, and the index set 7 =
{ki,ko,..., k) C7Z°. Depending on the basis functions ¢y, index set
I, and the nodes X, there are different fast algorithms available that
produce a fast matrix-vector multiplication such as the fast Fourier
transform (FFT), the non-equispaced fast Fourier transform (NFFT)
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or the lattice fast Fourier transform, cf. Table 7.1. While the lattice
FFT is applicable for high-dimensional functions, one has to be able
to evaluate the function on a reconstructing rank-1 lattice. In our
case of scattered data nodes, it is not applicable. Then we have the
issue that the NFFT relies on a full grid index set and the curse of
dimensionality quickly prevents its efficient application. We proposed
the grouped transformations as an extension to the non-equispaced
transformations that are able to harvest the advantages of the NFFT
for grouped index sets Jy(U). The main idea was the decomposition
of the high-dimensional matrix-vector multiplication into one low-
dimensional multiplication for each ANOVA term in U by exploiting
the connection between basis coefficients and ANOVA terms. Since
all of these multiplications are independent of each other, they can
be parallelized and the grouped transformation provide an efficient
algorithm for this type of high-dimensional transformation. Since the
NFFT and its counterpart for the cosine, the NFCT, are a main building
block of the algorithm, we are for now restricted to bases built from
the exponential function or the cosine. However, the algorithm can be
extended to other bases. The algorithm is implemented in the publicly
available Julia package GroupedTransforms.jl.

X | I | functions | algorithm | reference
equispaced full grid exponential fast Fourier transform [Bri88]
equispaced full grid cosine fast Fourier transform (real part) [Bri88]

scattered full grid exponential | non-equispaced fast Fourier transform | [PPST18]
scattered full grid cosine non-equispaced fast cosine transform | [PPST18]
lattice any exponential lattice fast Fourier transform [K&am13]
Lissajou any cosine lattice fast Fourier transform [PV17]
scattered |grouped index set | exponential grouped transformations [BPS22]
scattered |grouped index set| cosine grouped transformations [BPS22]

Table 7.1: Fast algorithms to compute the multiplication of matrix F }\’
and a vector.

We combined all previous results to the ANOVA approximation
method. Our given data is represented by scattered the data nodes
X1,%2,...,xm € D7 and the corresponding labels y1, y2,...,ym € C.
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Then we assume there is a continuous function in our Lebesgue space
Lo(D4, @) which fulfills fx) =y, i=12,...,M. Applying our
main assumption, i.e., we have a low superposition dimension, led
to the truncation of the ANOVA decomposition with a superposition
threshold and then the truncation of the series expansion of each term
which yielded an approximand that is supported on a finite grouped
index set. Depending on the specific problem, a sensible choice for the
superposition threshold may have to be determined via cross-validation.
While our approximand is supported on a finite index set, the basis
coefficients are unknown and we determined approximations for them.
To this end, we made use of regularized least-squares with iterative
LSQR and applied the grouped transformations algorithm for the
necessary matrix-vector multiplications. The regularization approach
additionally allowed for the incorporation of a priori smoothness
information if available. We analyzed the properties of the arising
matrices and found that they are well-conditioned if the data nodes x;
are distributed according to the probability density of @@ of the space
Ly(D?, ). However, we proposed multiple examples for systems that
cover a number of scenarios such as the very common cases of uniformly
distributed data or standard normal distributed data. In a application
setting, one may perform well-known min-max normalization or Z-
score normalization techniques and then assume such distributions.
Bounds for the singular values of the Moore-Penrose inverse in the
overdetermined case were obtained with high probability if there is
sufficient oversampling. We showed that in our setting we require less
oversampling than in the results of [KUV21, MU21].

An analysis of the global sensitivity indices of the initial approx-
imand yielded a method to obtain structural information about the
function. Through a number of techniques we suggested, e.g., attribute
ranking or global sensitivity cut-off, one is able to reduce the number
of involved ANOVA terms further. Moreover, this information may
lead to interesting insights into the data. A refitting with the modified
approximand, i.e., solving a new least-squares problem, may also bring
improvement in the accuracy of the model by laying more emphasis
on the important parts of the function. In the end, we obtained an
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interpretable approximation of the function.

We analyzed the method and proved bounds on the worst-case L,
error for functions from Sobolev type spaces and weighted Wiener
spaces. While the bound for the Sobolev type spaces has a counterpart
in the reproducing kernel Hilbert space setting of [MU21], the L, bound
for the weighted Wiener spaces is a completely new result. While here
the nodes can be drawn once for the entire class, one may also consider
individual approximation errors where the nodes are drawn for each
function. We have applied Bernstein’s inequality, see [SC08, Chapter 6],
to obtain such bounds for the L, and L, errors. Since bounds on the
Lo error in the worst-case setting have not yet been proven, we have
used the individual bounds to still get results for this setting in Sobolev
type spaces and weighted Wiener spaces. The ANOVA approximation
method has been implemented in the publicly available Julia package
ANOVAapprox.jl.

Experiments with synthetic data, i.e., the approximation of functions,
showed that the method is able to determine sparsity in the ANOVA de-
composition correctly and subsequently produce good approximations.
We have considered examples in the periodic and the non-periodic
setting. Specifically, we have used sums of products of B-splines as
well as the well-known Friedman benchmark functions. The numerical
results of the experiments with the Friedman 1 function showed that
we are able to determine an approximation for this 10-dimensional
function using as few as 200 nodes. Moreover, our attribute ranking
as analysis tool yielded better results than experiments with mutual
information estimation. A comparison to benchmark results with other
well-known machine learning methods showed that we are able to
outperform them for Friedman 1 and Friedman 2. Only for Friedman 3,
we obtained a second place.

The experiments with publicly available real data sets also showed
very promising results. Our method was in most cases able to out-
perform even ensemble machine learning methods such as gradient
boosting machines. The insights from the data analysis proved signifi-
cant, e.g., for the forest fires data set we were able to reduce the model
to 3 important attributes yielding better approximation results than
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all other models. The obtained structural information also delivers
sensible results. Let us take the California housing data as an example.
Here, we detected a two-dimensional interaction between latitude and
longitude forming the geographical location. The information obtained
by the attribute ranking also fits with the intuitive notion, e.g., what
quantities influence the house price.

The idea of the ANOVA approximation method has already been
extended to hyperbolic wavelet regression, see [LPU21], and hyperbolic
cross approximation. An interesting open problem is the L., worst-case
error which would require probabilistic bounds on the ¢; operator norm
of the Moore-Penrose inverse.
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