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Abstract

In this thesis we propose and analyze algorithms for some numerical linear algebra tasks:
finding low-rank approximations of matrices, computing matrix functions, and estimating

the trace of matrices.

In the first part, we consider algorithms for building low-rank approximations of a
matrix from some rows or columns of the matrix itself. We prove a priori error bounds
for a greedy algorithm for cross approrimation and we develop a faster and more efficient
variant of an existing algorithm for column subset selection. Moreover, we present a
new deterministic polynomial-time algorithm that gives a cross approximation which is

quasi-optimal in the Frobenius norm.

The second part of the thesis is concerned with matrix functions. We develop a divide-
and-conquer algorithm for computing functions of matrices that are banded, hierarchically
semiseparable, or have some other off-diagonal low-rank structure. An important building
block of our approach is an existing algorithm for updating the function of a matrix that
undergoes a low-rank modification (update), for which we present new convergence results.
The convergence analysis of our divide-and-conquer algorithm is related to polynomial or

rational approximation of the function.

In the third part we consider the problem of approximating the trace of a ma-
trix which is available indirectly, through matrix-vector multiplications. We analyze a
stochastic algorithm, the Hutchinson trace estimator, for which we prove tail bounds for
symmetric (indefinite) matrices. Then we apply our results to the computation of the

(log)determinants of symmetric positive definite matrices.

Keywords. Low-rank approximation, column subset selection, low-rank updates,
Krylov subspace methods, matrix functions, banded matrices, hierarchically semiseparable

matrices, trace estimation, determinant.






Résumé

Dans cette thése, nous proposons et analysons des algorithmes pour les problémes d’algébre
linéaire numérique suivants : trouver des approximations de rang faible de matrices, calculer

des fonctions matricielles et estimer la trace de matrices.

Dans la premiére partie, nous considérons des algorithmes pour construire des ap-
proximations de rang faible d’'une matrice & partir de certaines lignes ou colonnes de
cette matrice. Nous prouvons des bornes de 'erreur a priori d’un algorithme greedy pour
la cross approximation, et nous développons une variante plus rapide et plus efficace
d’un algorithme existant pour la sélection de sous-ensembles de colonnes. De plus, nous
présentons un nouvel algorithme déterministe qui donne en temps polynomial une cross

approximation quasi-optimale dans la norme de Frobenius.

La deuxiéme partie de la thése concerne les fonctions matricielles. Nous développons
un algorithme “diviser pour mieux régner” pour calculer les fonctions de matrices & bandes,
hiérarchiquement semi-séparables ou qui ont une autre structure de rang faible hors
diagonale. Notre approche est basée sur un algorithme existant mettant a jour la fonction
d’une matrice qui subit une modification de rang faible, pour lequel nous présentons de
nouveaux résultats de convergence. L’analyse de convergence de notre algorithme “diviser

pour mieux régner” est liée & une approximation polynomiale ou rationnelle de la fonction.

Dans la troisiéme partie nous considérons le probléme de 'approximation de la trace
des matrices dont on ne connait que leur action sur la multiplication avec un vecteur.
Nous analysons un algorithme randomisé, ’estimateur de trace de Hutchinson, et nous
prouvons des résultats de convergence pour les matrices symétriques (indéfinies). Ensuite,
nous appliquons nos résultats au calcul du (logarithme du) déterminant de matrices

symétriques définies positives.
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Mots cléfs. Approximation de rang faible, sélection de sous-ensembles de colonnes,
mises & jour de rang faible, méthodes de sous-espace de Krylov, fonctions matricielles,
matrices & bandes, matrices hiérarchiquement semi-séparables, estimation de trace, déter-

minant.
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Sommario

In questa tesi proponiamo e analizziamo algoritmi per alcuni problemi di algebra lineare
numerica: trovare approssimazioni di rango basso di matrici, calcolare funzioni di matrici,

e stimare la traccia di funzioni di matrici.

Nella prima parte, consideriamo algoritmi per costruire un’approssimazione di rango
basso di una matrice a partire da alcune righe o colonne della matrice stessa. Dimostriamo
dei risultati a priori sull’errore di un algoritmo greedy per la cross approximation e svilup-
piamo una variante piu veloce ed efficiente di un algoritmo gia esistente per la selezione di
un sottoinsieme di colonne. Inoltre presentiamo un nuovo algoritmo deterministico che da,

in tempo polinomiale, una cross approzimation quasi ottimale nella norma di Frobenius.

La seconda parte della tesi ¢ dedicata alle funzioni di matrici. Sviluppiamo un
algoritmo divide-et-impera per calcolare funzioni di matrici a banda, gerarchiche, o
che abbiano in generale una struttura con dei blocchi di rango basso. Un ingrediente
importante per il nostro approccio ¢ un algoritmo esistente per aggiornare la funzione
di una matrice che subisce una modifica di rango basso, per il quale presentiamo nuovi
risultati di convergenza. L’analisi della convergenza del nostro algoritmo divide-et-impera

é legata all’approssimazione della funzione tramite polinomi o funzioni razionali.

Nella terza parte consideriamo il problema dell’approssimazione della traccia di matrici
che sono disponibili solo tramite moltiplicazioni con un vettore. Analizziamo un algoritmo
randomizzato, lo stimatore di Hutchinson, per il quale dimostriamo risultati di convergenza
per matrici simmetriche, non necessariamente definite. In seguito applichiamo i nostri

risultati al calcolo del (logaritmo del) determinante di matrici simmetriche definite positive.

Parole Chiave. Approssimazione di rango basso, selezione di un sottoinsieme di
colonne, aggiornamenti di rango basso, metodi di Krylov, funzioni di matrici, matrici a

banda, matrici gerarchiche, stima della traccia, determinante.
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Notation

R denotes the set of real numbers;

C denotes the set of complex numbers;

I,, denotes the identity matrix of size n x n;

“log” denotes the natural logarithm.

For a matrix A € R*»*";

e The entry in row ¢ and column j is denoted by a;; or A(%, j);
o || A2 is the spectral norm of the matrix A;

o ||Al|F is the Frobenius norm of the matrix A;

o [|Al|max = max; j—1...n|ai;| is the Chebyshev norm of A;

e || A« is the nuclear norm of the matrix A;

e 01(A) > 02(A) > ... > 0,(A) > 0 are the singular values of A; when there is no

confusion, they may be denoted by o1,...,0,;

e 0;11(A) denotes the error of a best rank-k approximation of A in the Chebyshev

norm;
o W(A):={2*Az| z € C",||z||2 = 1} is the numerical range of A;
o k(A) = ||A]|2|A71||2 is the condition number of A;

e Al denotes the Moore-Penrose pseudoinverse of A.
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Abbreviations:

ACA = Adaptive Cross Approximation;

DD = diagonally dominant;

D&C = divide-and-conquer;
e HSS = hierarchically semiseparable;

e SPD = symmetric positive definite;

SPSD = symmetric positive semidefinite.



Il Introduction

This thesis is concerned with three topics in numerical linear algebra: the low-rank
approximation of matrices, the computation of matrix functions, and stochastic trace

estimation. This chapter is a brief introduction to these problems.

Finding a low-rank approximation of a matrix A € R™*™ means finding rectangular
factors B € R™** and C' € R™** such that A is approximately equal to BCT, for some
target rank k < min{n,m}. Almost all matrices have full rank [184], but in many
applications there are matrices that have a low numerical rank, that is, they can be well
approximated by a low-rank matrix. For example, matrices with low numerical rank arise
in the discretization of PDEs [14], in statistical machine learning [80], in social network
analysis [139], and in text document analysis [156]. Having a low-rank representation of a
matrix A € R™*" yields advantages in terms of storage and computational efficiency. For
example, multiplying a dense matrix A by a vector v € R™ costs O(mn) operations; if a
rank-k factorization A = BCT is known, the cost of a matrix-vector multiplication reduces
to O ((n + m)k). In some applications, it is useful to consider low-rank approximations
in which the factors B and C are made of, or constructed from, rows and columns of A,

as this provides enhanced interpretability.

In the first part of this thesis, we consider three different types of low-rank approxi-
mations: cross approzimation, which interpolates A in k rows and k columns [88]; column
subset selection, which aims at selecting k columns that well approximate the range of
A [58]; and CUR approzimation, which uses k rows and columns and then minimizes
the low-rank approximation error [63|. We prove a priori error bounds for an existing
algorithm [13| for cross approximation. For column subset selection, we improve an

existing algorithm [57] that is guaranteed to achieve a quasi-optimal low-rank approxima-
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Chapter 1. Introduction

tion in the Frobenius norm, and extend the technique to CUR and cross approximation.
Although we mostly deal with matrices, we include the analysis of the cross approximation
algorithm from [13] applied to bivariate functions [168| and an extension of the column

subset selection algorithm from [57] to low-rank approximation of (low-order) tensors.

The second part of the thesis deals with the computation of functions of a matrix
A € R™"  Examples of matrix functions include the inverse of A, the square root
of a symmetric positive semidefinite (SPSD) A, and the matrix exponential. More
generally, one can define a matrix function f(A) whenever the function f is analytic on
the spectrum of A [110]. Applications include PDEs [65, 128], social network analysis [70],
and electronic structure calculations [19, 84]. Here we consider matrices which have a
specific low-rank structure, that is, they have off-diagonal blocks with low rank. Examples
include banded matrices and hierarchically semiseparable (HSS) matrices [100]. It is well
known that, in many cases, functions of such matrices retain some (approximate) low-rank
structure [23, 24, 55, 158, allowing for a memory-efficient representation of f(A). In this
thesis we exploit this fact, combined with the observation that if A undergoes a low-rank
modification R € R™*" then f(A+ R) — f(A) is often numerically low-rank [18, 17|, to

develop a fast divide-and-conquer (D&C) algorithm to compute matrix functions.

In some applications, only specific quantities associated to a matrix function are
required. For example, the logarithm of the determinant of a symmetric positive definite
(SPD) matrix can be expressed as the trace of the matrix logarithm of A. For a general
dense matrix A, computing f(A) is infeasible in a large-scale setting and cheaper methods
are needed to approximate its trace. A stochastic algorithm, the Hutchinson trace
estimator [114], provides a way of approximating the trace of a symmetric matrix B €
R™ ™ using a few quadratic forms involving suitable random vectors. In the setting in
which B = f(A) is a matrix function, quadratic forms with f(A) can be computed —
approximately — via quadrature [85] much more cheaply than the computation of the
whole f(A). In the third part of this thesis we analyze the convergence properties of the
Hutchinson trace estimator when it is used on a symmetric but indefinite matrix B and

we apply the results to the approximation of the determinant of SPD matrices.

Organization of the thesis. The thesis is divided into three parts corresponding to the
three topics mentioned above. Each part contains a more detailed introductory chapter.
Our contributions are presented in Chapters 3, 4, 6, 7, and 9, which are based on the

papers [47, 45, 17, 48, 46]. Chapter 10 serves as the conclusion of the whole manuscript.



Low-rank approximation

based on rows and columns






4 Introduction to low-rank approxima-

tion

The first part of this thesis is concerned with low-rank approximation. For a matrix
A e R™" we fix arank k € {1,2,...,min{m,n}} and consider the problem of finding a
matrix B € R™*™ of rank at most k such that A — B is “small”. We assume without loss
of generality that m < n. We recall that the singular value decomposition (SVD) of A
always exists (see, e.g., [112, Theorem 2.6.3]) and is defined as follows.

Definition 2.1. An (economy-sized) SVD of A is a factorization of the form
A=UxVT,

where U € R™*™ gnd V € R™ ™ qgre matrices with orthonormal columns and > =

diag(oi,...,om) is the m x m diagonal matriz containing the singular values o1 > ... >
om > 0.

The problem of minimizing || A — B|| for a unitarily invariant norm (such as the spectral
norm || - [|2 or the Frobenius norm || - ||r) has an elegant and well-known solution given

by the Eckart-Young-Mirsky theorem.

Theorem 2.2 (Eckart-Young-Mirsky (see, e.g., [112])). For every unitarily invariant
norm || - || it holds that

_min [|A=B| = |4 - UV 2.1)
rar?k(B)Sk

where Uy, and Vi, denote the matrices formed by the first k columns of U and V', respectively,
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Chapter 2. Introduction to low-rank approximation

and ¥ denotes the leading k X k submatrixz of . For the spectral norm the right hand

side of (2.1) equals o1 and for the Frobenius norm it equals \/UI%H + UzH +...+02.

In this thesis we also consider the Chebyshev norm, which is denoted by || - ||max and

is defined as the maximum absolute value of an entry of the matrix. We let

S (A) = min A= Bluw,  k=1,.m -1 (2.2)
rank(B)<k

be the error of a best rank-k approximation in the Chebyshev norm. Because of ||A —
Blla/ /it < ||A — Bllmax < | A — Blla, we have o(A)/ /i < 8x(A) < ox(A). There
is no explicit characterization of d;(A) in terms of the singular values of A. Iterative
methods have been developed to find (approximately) the best low-rank approximation
in the Chebyshev norm [143].

While the truncated SVD (2.1) gives the best possible low-rank approximation for
the spectral and Frobenius norms, other low-rank approximation strategies have been
developed. First of all, it can be beneficial to construct low-rank approximations using
rows and/or columns of the original matrix, as this allows for enhanced interpretability and
structure preservation. Examples include unsupervised feature selection [34, 138|, sensor
selection [116], and data mining [72]. We pursue this direction and in Chapters 3 and 4
we focus our work on cross approximation [13, 88, 168] (see Section 2.1), column subset
selection [58] (see Section 2.2), and CUR approximation |63, 166, 172| (see Section 2.3).

A second disadvantage of the truncated SVD is that it costs O(nm?) flops (floating
point operations) for dense matrices: Faster methods are desirable for large-scale matrices.
An algorithm for cross approximation that runs faster than the SVD is a greedy algorithm
called Adaptive Cross Approzimation (ACA) [13], which we will analyze in Chapter 3.
For column subset selection, greedy and randomized strategies have been developed; see,
e.g., [35, 63, 64, 78, 147, 192|. Another (cheap) way to obtain a low-rank approximation

of a matrix is via a randomized SVD (see, e.g., [101]).

In the rest of this chapter, we introduce cross approximations, the column subset
selection problem, and CUR approximations. We review some results which prescribe
ways to choose rows and columns such that a good approximation is obtained, and briefly
review existing algorithms. Finally, in Section 2.4 we briefly discuss the generalization of

these algorithms to the low-rank approximation of tensors.

6



2.1. Cross approximation

2.1 Cross approximation

Cross approximation is a type of low-rank approximation that is often used for matrices A
that cannot be stored in memory, because, for example, A has too many nonzero entries
or it is too expensive to compute all the entries of A. This situation occurs frequently
for discretized integral operators and cross approximation plays an important role in
accelerating computations within the boundary element method [13] and uncertainty

quantification [106].

To formally define a cross approximation, we denote by I € {1,...,m}* and J €
{1,...,n}* some ordered sets (tuples) corresponding to row and column index sets of
cardinality k. We denote by A(I,:) and A(:, J) the corresponding rows and columns of A,

and by A(I,J) the k x k matrix at the intersection of rows I and columns J.

Definition 2.3. If A(I,J) is invertible then the rank-k matric
Ary = A, )AL, J)TA(I,:) (2.3)

18 called a cross approrimation.

In the literature, cross approximations are also called skeleton decompositions [89]
and CUR decompositions' [133, Section 13.1]. Low-rank approximations of the form (2.3)
also feature prominently in the Nystrom method for kernel-based learning [9, 83] and

spectral clustering [77]; in these cases, the involved matrices are SPSD.

2.1.1 Existence results for cross approximation

When A has rank exactly k, a cross approximation of the form (2.3) is equal to A;
otherwise, Ay; interpolates A exactly in the rows and columns corresponding to I and J,
but the error

Erj=A—A(, )AL, J) " A,:)

crucially depends on the choice of the index sets. In this section we review some existing
results on the existence of good index sets for cross approximation and we summarize the

existing polynomial-time algorithms that ensure a quasi-optimal output in Section 2.1.2.

'Note that our definition of CUR approximation in (2.11) is different from the CUR decomposition
in [133, Section 13.1]. We use the definition of CUR approximation from [166, 172].



Chapter 2. Introduction to low-rank approximation

It is useful to introduce the notion of volume of a matrix.

Definition 2.4. The volume of an m x n matriz A is the product of its singular values.

Equivalently, Vol (A) = /det(AT A) (when m < n). Note that the volume of a square
matrix is the absolute value of its determinant. We denote by maxVol,(A) the volume of

a k x k maximum volume submatrix of A.

Definition 2.5. Given v > 1, a k X k submatriz A(I,J) of A has local y-maximum
volume in A if, for every pair of index sets (.7, j) of cardinality k such that I differs
from I by at most one index and J differs from J by at most one inder, we have
Vol (A(1,J)) > %Vol (A(I,J)). A(I,J) has local maximum volume if v = 1. We
define local v-mazimum volume rectangular submatrices A(:, J) analogously (see also [153,
Definition 3.2).

We will say local quasi-mazimum volume submatrices when -y is “sufficiently small”
but not specified (e.g. v = 1.2). A local maximum volume submatrix of A can be very

far from being a maximum volume submatrix. For example, in the m x 2m matrix

1 1 =1 e —1]
1 1 -1 - —1

A=
1 1 -1

the first m columns form a local maximum volume submatrix which has volume 1, while

the last m columns form a submatrix with volume 2™ 1.

The following theorem shows that local quasi-maximum volume submatrices provide

a good choice for index sets (I, J) for cross approximation.

Theorem 2.6 (|88, Theorem 2.2] and [91, Theorem 1|). Let I and J be index sets of

cardinality k such that A(I,J) is a local y-maximum volume submatriz of A. Then

||EIJHmax < '7(k + 1)Jk+1(A) and ”EIJ”max < '7(k + 1)25k+1(‘4)' (24)

Note that the assumption of Theorem 2.6 is weaker than the assumptions of [88, 91];

however, the proofs from these papers still work with the weaker assumption. For the sake

8



2.1. Cross approximation

of completeness, we present the proof of Theorem 2.6, following [88, 91] and emphasizing
the fact that the locality of the quasi-maximum volume constraints is the only assumption

we need.

Proof. We prove that the absolute value of each entry of the error matrix E7; is bounded
by v(k + 1)or41(A) and by v(k + 1)26,41(A). The only entries of E;; that can be
nonzero are of the form Er;(i,j) with i ¢ I and j ¢ J; these are the entries of the
Schur complement of A(Z,.J) in A. For one of these, let us consider the (k+ 1) x (k+1)

submatrix of A given by

The cross approximation error in A associated to the leading k£ x k principal submatrix
A(I,J) is the Schur complement |E;;(i,7)| = |A(i, ) — A(i, J)A(I, J) "L A(I, j)|. By [112,
Equation (0.8.5.1)], we have that |det A(I,.J)| - |Ers(i,5)| = |det A|. If A is singular,
then |Er;(i,j)| = 0; therefore, in the following we consider the case in which A is
invertible. Note that by the adjugate formula for the inverse of a matrix we also have
|A~" | max = maxVoly(A)/| det A]. Therefore,

. | det A ~| det A| ol v(k+1) .
Erj(i, 7)) = < — = — < — =~k+1)o A),
| IJ( j)| |detA(I, J)| maxVoIk(A) ||A71||max ||A71||2 ’Y( ) k-l—l( )

(2.5)

where we used that [|[A™Y|s < [[A7Y|r < (k4 1)||A"!|max and that |det A(1,J)| >
%max\/olk(fl) thanks to the local y-maximum volume assumption, because A is of size
(k+1) x (k+1). By the interlacing properties of singular values (see, e.g., [112, Corollary
7.3.6]) we have op41(A) < 441(A). Therefore, for every choice of i ¢ I and j ¢ J we
have

[Bra (i, )] < y(k + Doper (A) < 5k + Dogra(A),

which implies the first part of (2.4). Moreover, ox11(A) < (k+1)dx4+1(A) < (k+1)0k41(4),
with the last inequality being a direct consequence of the definition of d;. This implies,

together with (2.5), the second part of (2.4). O

Results for cross approximation in the spectral norm exist in the literature of the

closely related topic of rank-revealing factorizations. More specifically, for an n x n matrix

9



Chapter 2. Introduction to low-rank approximation

A, for v > 1, there exist index sets I and J of cardinality k£ such that

1Erslla < (1+72%y/(n = k) (m = ) ox1. (2.6)

In [153, Theorem 3.8| this is achieved by choosing A(:, J) to be a rectangular y-maximum
volume submatrix of A and by taking A(I, J) to be a local y-maximum volume submatrix
of A(:, J). For an SPSD matrix with a Cholesky decomposition A = LL” the relation (2.6)

holds when I = J and L(:, I) is a local y-maximum volume submatrix of L [97].

In the case of the Frobenius norm, for which the best rank-k approximation error is
\/ ol 41+ ...+ 02, Zamarashkin and Osinsky [196] proved the existence of index sets [
and J of cardinality k£ such that

|Ersllr < (k+ 1)y Jod g + ..+ 02, (2.7)

Their proof follows a probabilistic argument; we will discuss this result and the techniques
used in the proof in detail in Chapter 4. Using a similar argument, a result for SPSD
matrices for the nuclear norm — which we denote by || ||« — was obtained in [134] and states

that there exists an index set I of cardinality k such that || Err|l« < (k+1)(ogs1+...+0n).

The results mentioned in this section are summarized in Table 2.1. The fourth result
in the table actually implies a better existence result for the spectral norm, that is, there

exist index sets I and J such that

||E[J||2 < ||E[JHF < (k+1)\/0']%+1+---+02n < (k—l—l)\/m—k‘-akH.

We included the second and third rows of the table because of their connection to

quasi-maximum volume submatrices.

There are also results for cross approximation when more than k£ rows and columns

are chosen (see, e.g., [151]), but we do not consider them in this thesis.

2.1.2 Algorithms for cross approximation

Finding a submatrix of maximum volume of A (which would give a good choice of index
sets by Theorem 2.6) is an NP-hard problem [154]. Fortunately, finding index sets for

a good cross approximation is easier. A common algorithm for cross approximation is

10



2.1. Cross approximation

Existence result Assumptions Reference
| Ersllmax < v(k + 1)okt1 AeR™" A(I,J) local |88, Theorem 2.2|
|E7 7] |max < (k4 1)20 11 ~v-maximum volume in A [91, Theorem 1]
IErsll2 < (\/1+~2k(n— k) AeR™™ A(:,J) local  [153, Theorem 3.8]
/1 +92k(m — k))oki1 ~-maximum volume

in A and A(,J) local
y-maximum volume in
A(:, J)
1Bz < (14 ~%k(n — k))ogs1 A=LLT € R™" SPD, [97, page 82]

L(:,I) local y-maximum

volume in L

IEm|r < (kE+ 1)\/UI%+1 +...4+02 A € R™ ™ no explicit [196, Theorem 1|

m

characterization, related
to volume sampling
NEm|« < (B+1)(oks1+ ...+ 0p) A € R™™™ SPSD, no [134, Theorem 1]

explicit characterization,

related to vol. sampling

Table 2.1 — Existence results for cross approximation.

ACA [13], which is a greedy algorithm for volume maximization. We will recall ACA in
Section 3.2. For general matrices its cost is O(nmk); moreover, it has the advantage that
for n x n SPSD or diagonally dominant (DD) matrices the cost is reduced to O(nk?). In
general ACA does not ensure that a local quasi-maximum volume submatrix is returned. A
suitable modification, which will be proposed in Section 3.3, ensures that the relation (2.4)

holds (but makes the algorithm slightly more expensive).

An algorithm for finding k& columns of A which form a submatrix of local quasi-
maximum volume is presented in [97] in the context of strong rank-revealing QR factor-
izations. This result can be used to derive algorithms that match the second and third
rows in Table 2.1. More specifically, for an SPSD matrix A with Cholesky decomposition
A = LL", this algorithm can be used on the factor L to get an index set I satisfying
the third line of Table 2.1. An algorithm that matches the result of the second row of

Table 2.1 is discussed in [153], but there are no complexity bounds in that paper. However,

11



Chapter 2. Introduction to low-rank approximation

if one uses the strong rank-revealing QR algorithm from [97] twice — once on A to find J

and once on A(:,J)T to find I — one gets an O (%) algorithm.

A result that matches the fourth row in Table 2.1 will be presented in Chapter 4.
Returning again to SPSD matrices, an O(n?) algorithm that matches the existence result
in the last row of Table 2.1 is proposed in [134, Algorithm 4].

2.2 Column subset selection

The column subset selection problem is a classical problem in numerical linear algebra
which has broad applications in a variety of disciplines, such as scientific computing,
model reduction, and statistical data analysis and is closely connected to rank-revealing
QR factorizations [40, 42, 96]. The aim is to determine an index set I € {1,...,n}* of
cardinality k such that the corresponding k columns A(:, I') represent a good approximation

of the range of A.

In this section, we give an overview of some existing results and algorithms for column
subset selection. Let us focus, for now, on the Frobenius norm. The best approximation

error attained by an arbitrary m x k matrix @ is

. B FAN2 2 2

Jin 4= QQUAlF = oty + ...+ ok (2.8)
and a minimizer is Q = Uy from the truncated SVD of A. Here,  denotes the Moore—
Penrose inverse of a matrix and QQ is the orthogonal projector onto the range of Q. Also
for the column subset selection problem the volume of submatrices plays an important
role. In [58] it is proven that if index sets (tuples) X of cardinality & are sampled in such

a way that P(X = I) is proportional to the squared volume of A(:, I), then
E[|A — A(;, X)A(:, X)TA[F] < (k+ 1) (071 + ...+ 05). (2.9)

In turn, this implies that there exists a set I of cardinality k such that

|A = AGDAG D Alr < VE+ 130l + ...+ 02, (2.10)

We remark that taking I corresponding to the maximum volume submatrix is not always
the best choice, and not always satisfies (2.10) (see Section 4.1). The bound (2.10)

12



2.3. CUR approximation

measures how well all the columns of A are approximated by the subset of columns
contained in I. This is remarkable because the bound is larger than the best possible
result (2.8) by a factor that is only linear in k. We will call any quasi-optimal bound
with a factor that is at most polynomial in k£ (and independent of m, n, and A) a
polynomial bound. We remark that the factor v/k + 1 in (2.10) cannot be improved [58,
Proposition 3.3]. In [57], a deterministic polynomial-time algorithm has been developed by
derandomizing this approach using the method of conditional expectations. We will recall
such an algorithm in Section 4.1.1. Another line of work that exploits (2.9) investigates
methods to do (approximate) volume sampling, which leads to randomized algorithms;
see, e.g., |20, 56, 57].

Let us briefly consider the column subset selection problem in the spectral norm. The
discrete empirical interpolation method (DEIM) [64] allows us to obtain in time O(nm?)

an index set I such that

14— AGDAC 1) Al < 2520

The already mentioned strong rank-revealing QR algorithm from [95] implies the existence

of an index set I of cardinality k£ such that

|4 = AG, DAG, D) Al < /15 27k(n — F)og

for v > 1, which can be found in time O (m2 (n + ml(l)(égym» for v > 1. Tt is not possible,
in the case of the spectral norm, to get bounds that do not depend on the size of the

matrix.

We have restricted our discussion to the selection of exactly k columns; let us mention
that several other greedy and randomized algorithms have been proposed and analyzed,
some of which require to select more than k columns; see, e.g., [35, 63, 64, 78, 147, 192]

for a few references representing this research direction.

2.3 CUR approximation

In Section 2.1 we introduced cross approximation as a type of low-rank approximation
built from distinct rows and columns of A, and the k x k matrix A(I,J)~!. CUR

approximations are a more general format in which the middle matrix can be replaced by
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Chapter 2. Introduction to low-rank approximation

any matrix U € R¥*F: they are of the form
A=~ CUR, C=A(:J), R = A(1,), (2.11)

for some row and column index sets I and J of cardinality k. Such decompositions have
been considered initially in [89] (with the name of pseudoskeleton decompositions). Later,
Stewart [175] proved that, given C' and R, the choice that minimizes the approximation
error in the Frobenius norm is U = CTAR'. This is, in general, different from the matrix
U = A(I,J)~! chosen for cross approximation; in turn, the decomposition (2.11) does

not, in general, interpolate the matrix A in the selected rows and columns.

There is a simple and well established strategy to derive a CUR approximation; see,
e.g., [63, 172]. One first applies column subset selection to A and A7 in order to determine

C and R, respectively. Using the results on DEIM, in [172] a CUR approximation
is constructed such that ||[A — CUR||s < 2F <\/"§k + \/”3k> ok+1- Analogously, using

the results from [95], in [166] it is proven that one can construct I and J such that
|A - CUR|F < \/2+72k(m+n— 2]{:)\/@%“ + ...+ 02,. Note that the first bound

features an exponential dependence on k and both bounds depend on the dimension of

the matrix.

2.4 Low-rank approximation of tensors

The low-rank approximations discussed before can be extended to tensors. For example,
a strategy similar to the CUR approximation has been used in [62, 90, 166] for low-order
tensors, and cross approximation of tensors has been discussed in [148, 149]. In this thesis
(in Section 4.3) we only focus on the generalization of CUR approximation to tensors,
which is summarized below. We will need some basic definitions regarding tensors; we

refer to [120] for more details.

Definition 2.7. Let A € R™M**" pe q d-th order tensor. Generalizing the notion of
rows and columns of a matriz, the vectors obtained from A by fizing all indices but the uth
one are called p-mode fibers, where p € {1,...,d}. The matriz AW) ¢ Rruwx(n1-na)/nu
containing all p-mode fibers as columns is called the p-mode matricization of A. The
p-mode product of a matrix B € R™ ™ with A is denoted by A x, B and it is the

Ny X ... XNy 1 XM XNy1 X ... Xng tensor such that its p-mode matricization is B - Al

14



2.5. Contributions

Definition 2.8. The Frobenius norm of a tensor is defined as

ni ng
JANF =Y Al yia)

=1 ig=1

Note that || Al = [|AW||p for all p=1,...,d.
Definition 2.9. The tuple (k1,...,kq) defined by k,, = rank(A®) is called the multilinear
rank of A and we can decompose A as

A:Cx131 X2...XdBd, (2.12)

for coefficient matrices B, € R™*Fe for u = 1,...,d and a so called core tensor
C € Rkvx<xka  The relation (2.12) is called a Tucker decomposition of A.

The Tucker decomposition is particularly beneficial when the multilinear rank is much
smaller than the size of a tensor. Tucker approximations have been considered that use as
By, ..., By some subsets of ki,...,kq fibers of A; see, e.g., [62, 90, 166|. For a d-th order

tensor of size nx...xnand ky = ... = kg = k, the bounds from [90, 166] state the existence
of fiber subsets By, ..., By of cardinality k& and a core tensor C := A x1 BI X9 ... X4 le
such that

H.A—C X1 Bl X9 ... X(g BdHF S \/& <1 + \/1 —i—k(nd—l — /{?)) . HA_-AbestHFy (2.13)

where Ayt is the best Tucker approximation of A of multilinear rank at most (k1, ..., kq).
Note that the suboptimality factor in (2.13) depends on the size of the tensor and grows
exponentially with the order d.

2.5 Contributions

In Chapter 3 we focus on cross approximation and the ACA algorithm. First of all,
motivated by Theorem 2.6 and the fact that ACA is much faster for SPSD or DD matrices,
we consider the problem of finding a maximum volume submatrix in these special cases.
We prove that, in both cases, the maximum volume submatrix can be chosen to be
a principal submatrix. Then, we study a priori error bounds for ACA. We provide a

convergence result that holds for any matrix A € R™*". Our bound for general matrices
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Chapter 2. Introduction to low-rank approximation

extends an existing result for SPSD matrices and yields new error estimates for DD
matrices. In particular, for doubly DD matrices the error is shown to remain within a
modest factor of the best approximation error. We also illustrate how the application
of our results to cross approximation for functions leads to new and better convergence
results. In the last part of the chapter, we show that, starting from the approximation
given by ACA, an iterative strategy allows us to get a polynomial error bound of the

form (2.4) in polynomial time for general matrices.

Output Complexity Reference
2
Cross approximation such that (@) (%) Section 3.3

1B |lmax < v(k + 1)ogi1
and ”EIJHmax < ’Y(k? + 1)25k+1

Symmetric cross approximation of O < "Iclig)f”) [88, 97]

SPD n x n matrix such that
1Brr]l2 < (1+9%k(n = k))ons
and || Erfllmax < 7*(k + 1)og 41
Cross approximation such that @ (%) [97, 153]
1ELsll2 < (V1+47%k(n — k)
V1 +72k(m — k))oki1

Cross approximation such that O(nm?k) Theorem 4.5
1Er||F < (k+ 1)\/0',3Jrl + ... 402
Symmetric cross approximation of O (n?) [134]

SPD n x n matrix such that

NEr|l« < (k+1)(0gs1+ ...+ 0n)

Table 2.2 — Algorithms for cross approrimation with polynomial approzimation errors.

In Chapter 4 we present a faster and more efficient variant of the deterministic column
subset selection algorithm proposed in [57], which achieves the quasi-optimal bound (2.10).
By applying this result to CUR and tensor approximation we improve the results mentioned
in Section 2.3. In particular, our bounds do not depend on the matrix/tensor size and do
not have exponentially large constants. Then, using the technique of derandomization by
conditional expectations as in [57] we construct a polynomial-time deterministic algorithm
for cross approximation which achieves the quasi-optimal error in the Frobenius norm
from [196] (the fourth row in Table 2.1).
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Table 2.2 summarizes the polynomial-time algorithms which ensure a cross approx-
imation with a polynomial error bound that we reviewed in Section 2.1.2 and that we

present in Chapters 3 and 4.

Chapter 3 is based on the paper [47] and Chapter 4 is based on the paper [45].
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Maximum volume submatrices and

cross approximation

This chapter contains an analysis of the ACA algorithm for cross approximation (recall
Definition 2.3) and a discussion of maximum volume submatrices of SPSD and DD matrices,
inspired by Theorem 2.6. More specifically, Chapter 3 is organized as follows. In Section 3.1
we prove that if A is SPSD or DD then there exists a maximum volume submatrix which
is a principal submatrix. In Section 3.2 we recall the greedy ACA algorithm for volume
maximization and we derive a priori error bounds for the approximation returned by
ACA. Although the literature on rank-revealing LU factorizations contains related results,
see in particular |75, Corollary 5.3], the non-asymptotic bound of Theorem 3.6 appears to
be new. Our result includes existing work [74, 106] for SPSD matrices as a special case.
It also allows us to obtain refined bounds for the convergence of cross approximation
applied to functions [13, 180|. Finally, in Section 3.3 we discuss a strategy that allows us
to obtain a cross approximation satisfying a polynomial error bound in the Chebyshev

norm, by suitably modifying the ACA algorithm.

3.1 Maximum volume submatrices

In this section we consider the problem of finding a submatrix of mazimum volume of
A. Our primary motivation is Theorem 2.6, but the problem is connected to a range of
other applications in discrete mathematics, engineering, and scientific computing; see,
e.g., [5, 94, 189|.

Finding a submatrix of maximum volume of A is an NP-hard problem [38, 154].
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Chapter 3. Maximum volume submatrices and cross approximation

In [59] it is shown that there exists a universal constant ¢ > 1 such that it is NP-hard to
approximate the maximum volume of a k x k submatrix of a matrix A € R™*¥ within a
factor ¢*. By a trivial embedding, this implies that it is also NP-hard to approximate the

maximum volume of a k£ X k& submatrix of an n X n matrix.

In many applications, the matrix A carries additional structure. For example, if A
is the discretization of an integral operator with a positive semidefinite kernel then A is
SPSD. In this section, we recall that the submatrix of maximum volume is always attained
by a principal submatrix, that is, a submatrix of the form A(I,I), if A is SPSD. This
has a number of important consequences. For example, it allows us to draw a one-to-one
correspondence to the problem of finding a column subset of maximum volume considered
in [38]. In turn, the maximum volume problem remains NP-hard when restricted to SPSD

matrices. We provide a new extension of this result to DD matrices.

3.1.1 Symmetric positive semidefinite matrices

For an SPSD matrix, an element of maximum absolute value can always be found on
the diagonal. Using compound matrix theory (see, e.g., [112, Section 0.8.1]), this result

extends to volumes of submatrices.

Theorem 3.1. Let A € R™*"™ bpe SPSD and let 1 < k <n. Then the mazimum volume

k x k submatriz of A can be chosen to be a principal submatriz.

Proof. The k-th compound matrix Cj(A) is an (}) x (}) matrix containing the deter-
minants of all £ x k submatrices of A, such that the determinants of the principal
submatrices are on the diagonal. The compound matrix of an SPSD matrix is again
SPSD [112, problem 4.1.P25] and hence its diagonal contains an element of maximum

absolute value. O

Trivially, the result of Theorem 3.1 extends to symmetric negative semidefinite matrices.
On the other hand, it does not extend to the indefinite case; consider for example the
2k x 2k matrix A = [(} (I)]

We include two additional proofs of Theorem 3.1.

Proof 2. Let A(I,J) be any k x k submatrix of A. As A is SPSD, it admits a factorization
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3.1. Maximum volume submatrices

of the form A = LL” for a lower triangular matrix L and, in turn, A(I, J) = L(I,:)L(J,:)T.

The singular values of a principal submatrix satisfy
oi(A(L, 1)) = o (L(1,:)L(I,:)") = oi(L(I,:))*.

Recalling that the absolute value of the determinant equals the product of the singular

values, we obtain

det(A(I, J))? = (TI*_ 03 (A, J)))2 - (Hleai(L(I, )L(J, :)T))2

where we used [111, Theorem 3.3.4] for the inequality. This implies that the volume of
A(I,J) is not larger than the maximum of the volumes of A(Z,I) and A(J,J). In turn,

A(I,J) can be replaced by a principal submatrix without decreasing the volume. ]

Proof 8. Let A(I,J) be any k x k submatrix of A. We will prove that
det(A(I,.J))? < det(A(I, 1)) - det(A(J, J)). (3.1)
If I'NJ = & then the inequality (3.1) is proved in Theorem 1 in [71].

In the general case, we will construct a matrix for which we can apply again this
theorem. Let d = |I N J|. By choosing a suitable permutation and applying it to the rows

and columns of A, we may assume without loss of generality that
I=(1,...,k), J=(k—-d+1,...,2k—d).

When partitioning

Aip A Az x|jk—d
A= A A Az x|)d
Asg1 Asy Az *|}k-d
* * -
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Chapter 3. Maximum volume submatrices and cross approximation

we now have | 422 412 | = A(I,J) = Bia. We also set By i= A(IT) = | 421 42| and

Boy := A(J,J) = [ﬁgz ﬁgﬂ , which both inherit the symmetric positive definiteness from

A. We now build a 2k x 2k matrix B by “repeating” the second block row and column of
the leading (2k — d) x (2k — d) submatrix of A:

A Ap | Ag Agg

B_ Ao Ao | Agp Aoz _ Bi1 Bis

Ag1 Ao | Ao Az B, B

Az Asp | Azp Ass

By construction, B is SPSD. To see the latter, it is sufficient to notice that all principal
minors are nonnegative. Indeed, any principal submatrix of B either has (at least) two

equal rows or is a principal submatrix of A. Theorem 1 in |71] now gives
det(321)2 < det(BH) det(BQQ),

which is (3.1). O

Connection to finding a subset of columns of maximum volume

In [38] the following problem was proven to be NP-hard:

Given B € R™*™ and 1 < k < n, select an m X k submatrix of maximum

volume.

Theorem 3.1 allows us to relate such a problem to the classical maximum volume
submatrix problem. Given B € R™*" we consider the SPSD matrix A = BT B € R™*",
As A(I,I) = B(:,I)TB(:,I) for any ordered index set (tuple) I, there is a one-to-one
correspondence between the principal submatrices of A and the ordered subsets of k

columns of B. Moreover, we have that

k k
Vol (A(I, 1)) = [ [ o:(AU, I)) = [ [ 0:(B(:, I))* = Vol (B(:, 1))
i=1 =1

This shows that B(:,I) has maximum volume if and only if A(I,I) has maximum volume.
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3.1. Maximum volume submatrices

In turn, this proves that the maximum volume submatrix problem remains NP-hard when

restricted to the subclass of SPSD matrices.

3.1.2 Diagonally dominant matrices

Definition 3.2. A matriz A € R"*" is called (row) diagonally dominant (DD) if

n
> lagl < lail,  fori=1,...,n. (3.2)
j=1
i
If (3.2) holds with strict inequality for i = 1,...,n, we call A strictly DD. A matriz A is
called doubly DD if both A and AT are DD.

Lemma 3.3. Let T € R™™ be a strictly DD, upper triangular matriz. Then |det(T(1,J))| <
| det(T'(I,1))| holds for all index sets I # J with the same cardinality.

Proof. Let D be the diagonal matrix with d;; = t;; and set T = D™IT. Because of

det(T(I,J)) = det(D(I,1))-det(T(I,J)),
det(T(I,I)) = det(D(I,1))-det(T(I,I)),

the statement of the lemma holds for 7" if and only if it holds for 7. In turn, this allows

us to assume without loss of generality that 7" has ones on the diagonal. In particular,

det(T(I,1)) = 1.

The statement of the lemma will be proven by induction on k := |I| = |J|. The case
k = 1 follows immediately from the diagonal dominance of T'. Suppose now that the
statement of the lemma is true for fixed k. To prove the statement for k£ + 1, we consider
an arbitrary (k+ 1) x (k + 1) submatrix B :=T(I,J). If I # J then there exists a row

B(i,:) that does not contain a diagonal element of 7. By diagonal dominance of T,
big] + [bi2] + ...+ [bigta| < 1. (3.3)

Denote by B;; the k x k submatrix of T" obtained from eliminating the ith row and jth
column of B. By induction assumption, |det(B;;)| < 1. Thus, combining (3.3) with the
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Chapter 3. Maximum volume submatrices and cross approximation

Laplace expansion gives

k+1 o k+1 k+1
| det(B)| = | > (=1)" by det(By)| <> byl |det(Bij)| <> [bij] < 1.
j=1 j=1 j=1
In other words, |det(T'(1,J))| < |det(T(1,1))|. O

Theorem 3.4. Let A € R™™ ™ be a DD matriz and 1 < k < n. Then the mazimum

volume k X k submatriz of A can be chosen to be a principal submatriz.

Proof. We prove the theorem in the case when A is strictly DD; the DD case follows by a
continuity argument, noting that volumes of submatrices are continuous in A. Let A(I,J)
be a k x k submatrix of A. Also, by applying a suitable permutation to the rows and
columns of A, we may assume that I = (1,...,k) and J = (k—d+1,...,2k — d) with

d = |I N J|. The result of the theorem follows if we can prove
| det(A(1,J))| < |det(A(L,1))]. (3.4)

For this purpose, we note that the LU factorization A = LU always exists with U strictly
DD; see Theorem 9.9 in [109]. We have that

A(I,I)=L(I,1)U(I,I), A(1,J)=L{I,1)U(,J).
As L(I,1) is lower triangular with ones on the diagonal, we obtain
[det(A(T, )| = | det(U(T, 1)), |det(A(T, )| = | det(U(T,.J))|.

Thus, the inequality (3.4) follows from Lemma 3.3. O

For kK =n — 1, the result of Theorem 3.4 is covered in the proof of Theorem 2.5.12 in
[111], while the result of Lemma 3.3 for £ = n — 1 follows from Proposition 2.1 in [155].

3.2 Adaptive Cross Approximation

In the following, we summarize the idea behind Bebendorf’s cross approximation algo-

rithm [13|. For this purpose, we first recall that a cross approximation of A € R™*" (see
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3.2. Adaptive Cross Approximation

Definition 2.3) is closely connected to an incomplete LU decomposition of A. To see this,

suppose that A has been permuted such that I = J = (1,...,k) and partition

Ann An

A= s A11 S Rka.

Ag1 Ag

Assume that Aq; is invertible and admits an LU decomposition A1 = L11U71, where L1
is lower triangular and Uj; is upper triangular with ones on the diagonal. By setting
Lop = A21U1_11 and Ujp = L1_11A12, we obtain

0 0
A = A(G,DA(ILLJ) AT, + :
0 AWK
L 0 0
= [Ull U12:|+ (3.5)
Loy 0 Ak

Lll 0 Ik 0 U11 U12
= : (3.6)
Loy Ipi| |0 A®L [0 I,

where Ij, denotes the identity matrix of size h x h and A®*) ¢ R(m—k)x(n—k) jg the Schur
complement

A(k) = AQQ — A21A1_11A12.

This shows that the approximation error is governed by A®*) and that the factorized
form (3.5) corresponds exactly to what is obtained after applying k steps of the LU
factorization to A, see, e.g., |86, Chapter 3.2].

The first step of the greedy method for volume maximization consists in choosing
indices (i1,71) that maximize |A(i1,71)|. Given index sets I and J of cardinality h for
some h > 1, the next step of the greedy method for volume maximization consists of

choosing indices such that

(in1.dnn) = argmax { | det (L), (L)) | ig Lig T} (37)
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Chapter 3. Maximum volume submatrices and cross approximation

Let us assume that I = J = (1,...,h) and set T = (I,h +1), J = (J,h + 7) for some
7,7€{1,...,n—h}. Then (3.6) implies

det (A(f, j)) = det <A(I, J)) AW, 7).

In other words, the local optimization problem (3.7) is solved by searching the entry of
A that has maximum modulus. This choice leads to Algorithm 3.1, which is equivalent

to applying LU factorization with complete pivoting to A.

Algorithm 3.1 Cross approximation with complete pivoting [13]

Input: Matrix A € R™*" desired rank k
Output: Index sets (tuples) I, J of cardinality k
1. Initialize Ry« A, I+(), J<().
2: for h=0,....,k—1do
(ih+1, Jn+1) < argmax; ; |Rp(i, j)|
4 I+ (I,ih+1), J +— (J,jh_H)
5 pr1Ru(int1, jnr1)
6: Rh+1<—Rh — ph1+1 Rh(:,jh+1)Rh(ih+1, 2)
7: end for

w

Remark 3.5. Because of (3.5), the remainder term of Algorithm 3.1 at each step satisfies
Ry, = [8 A?h)] after a suitable permutation of the indices. Both for SPSD and DD matrices,
the element of maximum modulus is on the diagonal. Positive definiteness and diagonal
dominance are preserved by taking Schur complements; see, e.g., [112, Section 7.7 and
Problem 6.1.P16]. In turn, the search for the pivot element in Step 3 can be restricted
to the diagonal for such matrices. This significantly reduces the number of entries of A
that need to be evaluated when running Algorithm 8.1. It also implies that Algorithm 3.1
returns I = J, which aligns nicely with the results from Section 3.1. Notice that if A is

an SPSD matriz then the cross approrimation
A, DAL)AL

obtained by Algorithm 3.1 is SPSD. In contrast, when Algorithm 3.1 is applied to a DD
matriz, in general the low-rank approximation obtained by the index sets returned by the

algorithm is not DD.
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3.2. Adaptive Cross Approximation

3.2.1 Error analysis for general matrices

Although not desirable, it may happen that the pivots pj in Algorithm 3.1 grow. Upper
bounds on the growth factor ||[A™ |max/||A|lmax play an important role in the error
analysis of Gaussian elimination (see e.g. [190]). In the setting of complete pivoting, we

can define
gn = 5D { A s/ Al mas } (3.8)
A

where the supremum is taken over all matrices of rank at least h. This condition
ensures that there is no breakdown in the first A steps of Algorithm 3.1. By definition,
1<g1 <g2<...<gp Wilkinson [190] proved that

gn <Vh+1: \/2 2312413 (h+ 1)Vh < 2B+ 1(h 4 1)losh+D/4,

)

but it is known that this bound cannot be attained for h > 3. We use the notation “log’
to indicate the natural logarithm. For matrices occurring in practice, it is rare to see
any significant growth and it is not unreasonable to consider g, = O(1); we refer to [109,
Section 9.4| for more details. Extending the proof of [106, Theorem 3.2], we obtain the

following result.

Theorem 3.6. Let A € R™*" have rank at least k < min{m,n}. Then the index sets
1, J returned by Algorithm 3.1 satisfy

1B lmax = 1A = AG, J)AUL ) TTAUL ) max < 4° - gx - 01 (A)- (3.9)

Proof. Without loss of generality, we may assume [ = J = (1,...,k). We perform one
more step of Algorithm 3.1 and consider the relation A1; = L1;Upp from (3.5) for h = k+1.
Because of complete pivoting, the element of largest modulus in the jth column of Lq; is

on the diagonal and equals p;. For such triangular matrices, Theorem 6.1 in [107] gives

1L 2 < 2% - min{|p1, ..., [prsaa |}

Analogously, using that the element of largest modulus in every row of Uy; is on the

diagonal and equals 1, we obtain ||U;'||2 < 2¥. Hence,

IAT M2 = 105 L1 |2 < 45 -min{|p], ... [prga [}
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This implies
min{|pil,. .., et [} < 45A Y = 4Fonia(An) < 4Popia(A), (3.10)

where we used interlacing properties of singular values, see [112, Corollary 7.3.6].

On the other hand, as A®) is the matrix obtained after j steps of Algorithm 3.1
applied to the matrix A%*=7), the definition (3.8) gives the inequalities

Pt = A lnax < 95 1A% D nax = g5 - [Pr—j1] < gk~ [Pr—j]
for j =1,2,...,k. We therefore obtain

HA - A(:v J)A(Ia J>_1A(I7 :>||max

= 1AM | max = [Prsa| < g min{|p1, ..., [prsal}- (3.11)

Combined with (3.10), this shows the result of the theorem. O

Because of the factor 4%, Theorem 3.6 only guarantees good low-rank approximations
when the singular values are strongly decaying. This limitation does not correspond to the
typical behavior observed in practice; the quantities ||Li7 |2 and ||U;'||2 rarely assume
the exponential growth estimates used in the proof of Theorem 3.6. In turn, the factor 4%
usually severely overestimates the error. Nevertheless, there are examples for which the

error estimate of Theorem 3.6 is asymptotically tight; see Section 3.2.2 below.

Remark 3.7. Note that Equation (3.10) ensures that among |p1l,...,|pr+1]|, there exists
at least one which is bounded by 4% oy 1(A). In turn, a stronger statement is possible:
The minimum of all cross approximation errors within the first k steps of Algorithm 3.1

is bounded by 4*0y,1(A) and hence the growth factor g is avoidable.

A result closely related to Theorem 3.6 has been shown in [108] in the context of
perturbation analysis of LU factorizations. This result, however, requires the following
additional assumptions on A. Letting Aj denote the best rank-k approximation of A in
the spectral norm, it is assumed in [108] that Algorithm 3.1 applied to A and Ay returns
|AR(ZL, J)~ (AL, J) — AR(I,J))||, < 1. Then,

the same index sets I, J and, moreover,

1Bl < 54~ 1)V — B = F) 011 (4) + Olorsa (A7)
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3.2. Adaptive Cross Approximation

see Lemma 2.1 and Lemma 2.3, and the discussion in Section 5.3 in [108].

On mixed norms

In the following we develop a variant of Theorem 3.6 in which the best approximation
error is also measured in terms of | - ||max. This will be useful later on, in Section 3.2.4,
when considering approximation of functions. Recall that dx(A) denotes the error of
the best rank-k approximation in the Chebyshev norm (see Eqn. (2.2)). If A is square
and invertible then o, (A) = ||[A~1||;*. This result, relating the distance to singularity
to the norm of the inverse, extends to general subordinate matrix norms; see, e.g., [109,

Theorem 6.5]. In particular, we have

0n(A) = [ ATHIZ5 1, (3.12)
with || - ||co—s1 denoting the matrix norm induced by the 1- and co-norms. More generally,
we set

[1Blla—p = sup || Bz s/||2]la
240
for vector norms || - ||a, || - ||3. Note that ||B|limec = || B||max-

Theorem 3.8. Under the assumptions of Theorem 3.6 and with the notation introduced
above, we have
1B max < 2% - gi - Sg1(A).

Proof. Along the lines of the proof of Theorem 3.6, we first note that

1L oot < (2571 = Dymin{|pal,- ., e}

which can be shown by induction over k. Combined with ||U;;' |11 < 2%, see [107,

Theorem 6.1], we obtain

1AL lmax = 1A% lloom1 < UG o1l L7 oot

< 22k+1 min{|p1\, ceey |pk’+1|}_17

where we used submultiplicativity [109, Eqn (6.7)]. Using (3.12), this implies
min{[pi], .., [peal} < 22PHAG IS = 27 G (An) < 221600 (A).

co—1 T
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Chapter 3. Maximum volume submatrices and cross approximation

The rest of the proof is identical with the proof of Theorem 3.6. [

3.2.2 Error analysis for SPSD matrices

In the SPSD case, the pivot elements of Algorithm 3.1 are always non-increasing. Thus,
when restricting the supremum in (3.8) to SPSD matrices of rank at least k, one obtains

gr = 1. In turn, the following result from [74, 106] is a corollary of Theorem 3.6.

Corollary 3.9. For an SPSD matriz A of rank at least k, the bound of Theorem 3.6
improves to
||EIJHmax < 4k : 0'k+1(A).

The bound of Corollary 3.9 is asymptotically tight, see [106, Remark 3.3] and [117, p.
791]. As the growth factor g which comes into play in Theorem 3.6 is small compared to
the 4* factor, this also proves that the bound of Theorem 3.6 is almost tight.

3.2.3 Error analysis for DD matrices

When restricting the supremum in (3.8) to DD matrices of rank at least k, one obtains
gr < 2; see Theorem 13.8 in [109].

Corollary 3.10. For a DD matriz A € R™" of rank at least k, the bound of Theorem 3.6
improves to
1B Imax < (k+1) - 257 0y (A).

Proof. 1t is well known that the factor U in the LU decomposition of a DD matrix is
again DD; see [112, Problem 6.1.P16|. In particular, this implies that the (k4 1) x (k+1)
unit upper triangular matrix Uj; in the proof of Theorem 3.6 is DD. Then, for every
entry of U;;" we have |(U;;})i;] < 1 by [155, Prop. 2.1]. Therefore,

UG 2 < 1URllF < VE+1)(k+2)/2 <k + 1. (3.13)

This shows that the factor 4¥ can be reduced to (k 4 1)2¥ in the bound of Theorem 3.6.
Combined with gi < 2, this establishes the desired result. O

Corollary 3.11. For a doubly DD matrix A of rank at least k, the bound of Corollary 3.10
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3.2. Adaptive Cross Approximation

mmproves to

1B s lmax < 2+ (k+1)% - o341 (A).

Proof. Trivially, AT is DD. By the same arguments as in the proof of Corollary 3.10 this
implies that not only Uy; but also LY} is DD. Proceeding as in the derivation of (3.13),
we get

L3 N2 < 124y [lp < (k + 1) - ming[pa, . e [}

This shows that the factor (k+1)-2*+1 of Corollary 3.10 can be improved to 2(k+1)2. O

Remark 3.12. The fact that Algorithm 3.1 gives a polynomially good low-rank approx-
imation of a doubly DD matrixz does not imply that it also gives a polynomially good
approzimation of the maximum volume submatriz. For instance, let n = 2k and consider
A= [I(;“ lgk]’ where By, = tridiag (%, 1, —%) Then Algorithm 3.1 does not perform any
pvoting during its k steps and thus the submatriz I, is selected. Its volume is 1, while

k
. . . . 1+\/§
the volume of By is exponentially larger, it grows like (T) .

For the particular case of doubly DD matrices, we have shown that the approximation
error returned by cross approximation is at most 2(k+ 1) times larger than the right-hand
side of (2.4) (when v = 1). This class of matrices includes symmetric DD matrices, which

play a prominent role in {121, 173].

Tightness of estimates for DD matrices

To study the tightness of the estimates from Section 3.2.3, it is useful to connect Al-
gorithm 3.1 to LDU decompositions. From now on, let A € R™*"™ be a DD matrix
and let k = n — 1. Suppose that the application of k steps of Algorithm 3.1 yields
I=J=(1,...,n—1). As in the proof of Theorem 3.6, we exploit the relation (3.5) for

k + 1 = n to obtain the factorization
A= LU = LDU, D :=diag(pi,...,pn)

where L := L11D~! and U := Uy; are lower and upper unit triangular matrices, respec-
tively. We recall from (3.11) that the error of the approximation returned by Algorithm 3.1
is governed by |py|.
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Chapter 3. Maximum volume submatrices and cross approximation

As A is DD, the pivot growth factor does not exceed 2 and we have that |p,| <
2|[D7Y|5! < 2|py|. In turn, the ratio between |p,| and the best rank-(n— 1) approximation

error satisfies

D _ _ _ _ _ _
e im 22k 1A < [pal (U2l D 2L e < 20L YU - (3.14)

on(A)

Inheriting the diagonal dominance from A, the matrix U is well conditioned; see (3.13).

Therefore, large 7 requires |[L ™|z to become large.

The quantity |[L71||2 also plays a prominent role in the stability analysis of LDU
decompositions, see [61] and the references therein. In particular, the potential rapid
growth of ||L7!|2 under complete pivoting has motivated the search for alternative
pivoting strategies [155]. However, the existing literature is scarce on examples actually
exhibiting such rapid growth. The worst example we could find is by Barreras and
Pena [11, Sec. 3|, which exhibits linear growth. A more rapid growth is attained by the

n X n matrix

1 -1
1
1
1 (|- -t .0 __1
A— n/2+1 n/2+1 n/2+1
—1 1
—1 1
-1 1

where n is even and each block has size n/2 x n/2. When applying complete pivoting to

this matrix, no interchanges are performed and the LDU factorization satisfies
IL7 2 = ©(kVE), D72 =1/lpal =2, [[UT"[|2 = O(k).

Note that, for this example, the right-hand side of (3.14) overestimates the error. This
example attains quadratic growth: rj, = [|[A7!|2 = ©(k?). This is still far away from the

exponential growth estimated in Corollary 3.10, but closer than the example from |11,
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Sec. 3|, which yields r, = O(kVk).

For a doubly DD matrix, one obtains linear growth in (3.14) by considering the n x n
lower bidiagonal matrix B having 1 on the diagonal and —1 on the first subdiagonal. In
this case, L = B, D = U = I,, and hence ||B;;!||2 = ©(k), showing that rj can grow at
least linearly with k. We have not found an example exhibiting the quadratic growth

estimated by Corollary 3.11.

3.2.4 Cross approximation for functions

Let us consider the approximation of a function f : [~1,1]> — R by a linear combination

of separable functions:

Tmax

fay) =Y e D@ 1P,  aceRr
=1

In the context of cross approximation, the factors are restricted to functions fi(l) of the
form fi(l) = f(=z,y;) and fi(2) = f(Zi,y), where Z; and g; are fixed elements of [—1,1].
In particular, Micchelli and Pinkus [141] considered interpolating approximations of the
following form:

T -1

flz, 1) flxuy) - f(r,ue) f(x1,y)
flz,y) =~ : ' : : ' : :
f(@,yk) f@esy1) - f(ze, k) @k, y)

for some x1,...,zk,y1,...,yx € [—1,1]. Townsend and Trefethen [180] use a strategy for
choosing the interpolation points which is basically equivalent to Algorithm 3.1 and they
prove a convergence result under some analyticity hypotheses on the function f. There
also exist error analyses for cross approximation of functions when using different pivoting

strategies, see, e.g., [15, 168|.

Let us explain how the greedy strategy of Algorithm 3.1 can be translated to the
function setting. Choosing the first pivot corresponds to finding a point (x1,%1) € [~1,1]?

which maximizes the absolute value of f. The rank-1 separable function approximating f
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Chapter 3. Maximum volume submatrices and cross approximation

is given by .

f(ﬂﬁl,yl)

and the first “residual” function is defined as

fl(xay) = f(xlay)f(wvyl)

61($7y) = f(a:,y) - f1(x,y).

The next step greedily chooses a point (x32,y2) that maximizes the absolute value of e;
and defines functions eq, fo accordingly. Algorithm 3.2 summarizes cross approximation

of functions with complete pivoting.

Algorithm 3.2 Cross approximation of functions [179, Figure 2.1]
Input: f:[-1,1> > Rand k > 0

1: eO(xvyy_f(xvy)

2: fO('rv y)<_0

3: for h=0,...,k—1do

4 (Th1, Ynt1)$ argmax(, yei—1 1721 len(z, )|}
) _en(zhyr,)-en(yng1)

o Ch+1$Ch (eh(!Bth)hy%(bJrl) )
. €h\Th+1,)€n " Yh+1

6: ]:;';ﬁ_fh + en(Thi1,Ynt1)

7. en or

We now explain in more detail the connection of Algorithm 3.2 to Algorithm 3.1,
which allows us to prove a bound on the error e of the separable approximation obtained
after k steps of Algorithm 3.2. Fix (z,y) € [~1,1]? and consider the points z1, . .., z; and
Y1, - - ., Yi obtained by Algorithm 3.2. Consider what happens when applying Algorithm 3.1
to the (k+1) x (k+ 1) matrix obtained by interpolating f in the points mentioned above:

flxr,y1) - flo,ue)  f(21,y)

i) - flawue) flaey)
f(mayl) f(CU,yk;) f(ZC,y)

The first chosen pivot will be p; = f(x1,y1) because it is the largest entry of the matrix.
Now observe that the Schur complement A(M) obtained after the first step, is the matrix
that interpolates the function ey in the points xs, ..., xr, x and ys, ..., yi, y. At this point,
the second pivot chosen by Algorithm 3.1 will be e (22, y2) because of how Algorithm 3.2
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choses (x2,¥2) in line 5. After k steps of Algorithm 3.1 we will be left with only one
nonzero entry in position (k+1, k+ 1) and this will be ex(x,y). This allows us to estimate

lex(x,y)| via Theorem 3.8:

len(@,y)] < 27 g 11 (Agy)). (3.15)

The last thing we need is an estimate on 0g41(A(,,)) that is uniform in (z,y) € [-1,1]2.

This will follow from analyticity assumptions on the functions f(-,y) for y € [—1,1].

Definition 3.13. The Bernstein ellipse &, of radius v > 1 is the ellipse in C with foci in

—1 and 1 and with sum of the semi-azxes equal to r.

Corollary 3.14. Let f:[-1,1]2 = R be such that f(-,y) admits an analytic extension —
which we will denote by f — in the Bernstein ellipse Ery of Tadius ro for each y € [—1,1].
Let1 <r <rg and

M:=  sup  |f(n,§)l,
nedE,, E€[—1,1]

where 0, denotes the boundary of the ellipse. After k steps of Algorithm 3.2 the error

function satisfies

2M gy, <r>—k

1—1/r \4

HekaaX S

Proof. Fix (z,y) € [~1,1]? and let b : [~1,1] — R**! be the vector-valued function
defined by

T
b(n) = [f(n,yl) o f(n, k) f(n,y)] :

The analyticity hypothesis allows us to apply standard polynomial approximation results
(see e.g. Corollary 2.2 in [125]) and conclude that there exists an approximation b :
[—1,1] — R*+! given by

k
b(n) = pu(n)va, (3.16)
h=1
where v;, € RFt1 are constant vectors and py, : [—1,1] — R are polynomials, such that

max[[b() — b(n)[|max < :

11~ glef?: [[6(ct) [[max - 7~

for any 1 < r < ryo. We can clearly bound max,ecg, [|b(@)||max < M.

35



Chapter 3. Maximum volume submatrices and cross approximation

The matrix A, is obtained by sampling b in the points z1,..., g, z, i.e.

A(x,w:[b(wl) ~o o b(a) b(fc)]-

Let us define, analogously,

Aoy = i) - o) )|

Notice that A(xyy) has rank as most k because by (3.16) each of the k£ + 1 columns of
/Al(x’y) is a linear combination of the k vectors vq,..., v, so

p - 2M _
Ok41(Awy) <A@y = Awyllivee = _ max [[b(a) = ba)lmax < 77— 77"

e{z1,....,xx,x} —r1

The result then follows from Equation (3.15). O

To get convergence of the error function to zero as k — oo, in Corollary 3.14 it is
sufficient that the function f(-,y) admits an analytic extension to the Bernstein ellipse
Er, With 7o > 4 for each y, because the factor g, has subexponential growth. Our result
compares favorably to Theorem 8.1 in [180], which requires an analytic extension to the
region K consisting of all points at a distance < 4 from [—1,1]. Figure 3.1 compares
the two domains and it is evident that the requirement from [180] is significantly more

restrictive.

Figure 3.1 — Analyticity regions ensuring convergence of Algorithm 3.2 according to Corollary 3.14
and [180, Theorem 8.1].
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For a positive semidefinite kernel function f, the matrix A, ) in (3.15) is positive
semidefinite and hence the bound of Corollary 3.14 holds with g = 1. This matches an
asymptotic result given in [180, Theorem 9.1].

3.3 Improving ACA to achieve a polynomial error bound

The results for ACA in Section 3.2 are far from the guarantees of Theorem 2.6. However,
successive row and column “swaps” can be performed after obtaining initial index sets I
and J from ACA. The idea is that if the error Ej; has an entry (i, 7) which is larger, in
absolute value, than y(k+1)og41(A), then the (k+1) x (k+1) matrix A := A((,4), (J,5))
contains a k x k submatrix whose volume is larger than Vol (A(1,J)) by a factor larger
than . In such case, one can update the index sets I and J taking those corresponding to

this submatrix of larger volume. The resulting procedure is summarized in Algorithm 3.3.

Algorithm 3.3 Cross approximation with swaps.

Input: A € R™*" rank k, parameter v > 1
Output: Index sets I and J of cardinality & such that (2.4) holds.
. Initialize (L pew, J new)ACA(A, k) using Algorithm 3.1
repeat
Iold<_IneWu Jold<_JneW
(i, 7)4 indices of largest element of Ey_ j.,
(I news Jnew )< maximum volume k x k submatrix of A= A((Lo1d,2), (Jords 7))
until Vol A(IneWa Jnew)/ Vol A(Iold; Jold) < Y
s I—T g, J&—Joa-

IR AN Al

First of all, let us show that Algorithm 3.3 achieves (2.4).

Lemma 3.15. The index sets I and J returned by Algorithm 3.3 satisfy

||EIJ”max < 7(k + 1)0k+1(A) and HEIJ”max < ’Y(k + 1)25k+1(‘4)

Proof. Let (i,7) be the indices selected in Algorithm 3.3 the last time that the cycle has
been executed. As the algorithm stopped after that, in the matrix A := A((I,i), (J, 7))
we have Vol A(I,J) = Vol A(I,.J) > %maXVol(/Al). Therefore, by Theorem 2.6 applied
to A, we have

HA - A(:7 J)A(I, J)il‘&(lv :)Hmax < ’Y(k + 1)O'k+1("4)'

37



Chapter 3. Maximum volume submatrices and cross approximation

Noting that |A — A(:, J)A(I, J)7LA(L, ) lmax = |Ers(5,5)| = |Ersllmax: ons1(A)
or+1(A) (by interlacing properties of singular values), and op41(A) < (k4 1)0541(A)
(k +1)0k+1(A) concludes the proof.

[ VARRVAN

The idea of performing successive swaps is not new. This has been done, for example,
in the context of finding local quasi-maximum volume submatrices for (strong) rank-
revealing factorizations [96, 97, 153, 169], and for cross approximation in [87, 150]. The
algorithm proposed in [87, 150] differs from Algorithm 3.3 in that it performs swaps until
A(I,J) is a local quasi-maximum volume submatrix in A(I,:) and A(:, J). Their strategy

is faster but it does not guarantee that the final index sets satisfy (2.4).

3.3.1 Time complexity of Algorithm 3.3

In this section we show that Algorithm 3.3 takes polynomial time. An ingredient of our
analysis is a bound on the number of swaps S, which will follow from a bound on the

suboptimality of the volume of the submatrix given by ACA.

Theorem 3.16. Let A € R™*™ (m < n) and k < m. Assume (without loss of generality)
that ACA with full pivoting applied to A (Algorithm 3.1) selects the leading submatriz Aq;.
Then, for any index sets I and J of cardinality k (in particular, for those corresponding

to the mazimum volume submatriz of A), we have

|det(A(I,J))| < mFEF2R (m + 1)F(3T5180m+1) | qeg(Ayy)).

Proof. Without loss of generality, we assume that no permutation matrices are needed in
ACA with full pivoting. If we do all n steps, we obtain a decomposition A = LDU where
L € R™™ and U € R™*™ are triangular matrices, with ones on the diagonal and all

other entries of absolute value < 1; the diagonal matrix D € R™*™ contains the pivots

P1y---yPm-

We have that A(I,J) = L(I,:)- D -U(:,J). Using the Cauchy-Binet formula for
the determinant of a product, and the fact that the non-principal submatrices of D are

singular, we obtain

det(A(LLT) = > det(IL(I,K)) - det(D(K, K)) - det(U (K, J)).

|K|=k

non-ordered sets K
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3.3. Improving ACA to achieve a polynomial error bound

We are going to obtain an upper bound on |det A(Z,J)| by bounding the terms in
the previous sum separately. First, the number of unordered sets K C {1,...,m} of
cardinality k is (') < m”. As the rows of L(I, K) have norm bounded by k'/2, we have
|det(L(I, K))| < k*/? by Hadamard inequality. Similarly, |det(U (K, J))| < k*/2. Finally,
to bound |det(D(K, K))|, note that if K = {i1,... i} with iy < ... < i, we have
i, | < gmlpn| where g, < 2¢/m + 1(m + 1)°8(m+1)/4 i5 the growth factor of Gaussian

elimination with complete pivoting (3.8). Therefore,
| det(D(K, K))| = [piy -+ pil < gy - [pr---pul < 28(m 4 DFEFRED) oy,
We obtain the upper bound
| det(A(L, )] < KF'mP|det(D(K, K))| < KPmF2*(m 4 1)H(EFa1sm D) gy,
To conclude, note that |p; - - - px| = | det(A11)]. O

Corollary 3.17. Denote by (Iy, Jy) the starting index pair obtained in line 1 of Algo-
rithm 3.8 and by (Is, Js) the pair obtained after S swaps. Then

1 2
5<O<kogm)

log

Proof. Leveraging Theorem 3.16 and recalling that the volume of the selected submatrix

A(I pew, Jnew) grows at least by v at every step, we have

maxVol(A) > |det(A(Is, Jg))| > 7| det(A(L,.]))|
> PYS
T mkEk2k (m 4 1)F(3 7 log(m+D)

maxVol(A).

Taking the logarithm gives the result. O

Computing Ey_, 7., in line 4 costs O(nmk). Finding the maximum volume £k x k

old
submatrix in A in line 5 costs O(k?) because we can use [142, Proposition 1] to compute the
volume change with respect to Vol A(I 14, Jo1d). Therefore, each cycle of Algorithm 3.3
can be done in O(nmk) time. Using Corollary 3.17 we conclude that the time complexity

of Algorithm 3.3 is O (%).
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Chapter 3. Maximum volume submatrices and cross approximation

Note that one logm factor in the time complexity of Algorithm 3.3 is coming from the
growth factor of Gaussian elimination with full pivoting, therefore it is usually negligible

in practice.

Remark 3.18. If A is SPSD, a local y-mazimum volume submatriz can be found in time
@) (%W) (see [134, Algorithm 4]) and this ensures that (2.4) holds. In particular, a
result analogous to Theorem 8.16 holds with the constant (k!)? instead of m*k*2%(m +

l)k(%+ilog(m+l)),' see [39] and the discussion in [134, Section 2.2.3].
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“Y .ow-rank approximation in the
Frobenius norm by column and row

subset selection

In this chapter we consider algorithms for the low-rank approximation of matrices and
tensors which are guaranteed to have a polynomial error bound. We start in Section 4.1 by
recalling the deterministic column subset selection algorithm from [57], which is obtained
from the existence result (2.9) by derandomization with the technique of conditional
expectations. The conditional expectations are given in terms of coefficients of certain
characteristic polynomials and the algorithm from [57] attains efficiency by cheaply
updating these coefficients. However, it is well known that working with characteristic
polynomials in finite precision arithmetic is prone to massive numerical cancellation [161]
and, as we will see, the algorithm from [57] is also affected by numerical instability. Our
first contribution, presented in Section 4.1, consists of deriving a formulation of the
algorithm that updates singular values instead of coefficients of characteristic polynomials.
While our new variant enjoys the same favorable complexity, numerical experiments
with matrices of different singular value decay indicate that it is numerically robust,

achieving (2.10) even when the right-hand side vk + 1\/Uz+1 + ...+ 02, is at the level

of unit roundoff. Based on a minor extension of the theory from [57, 58|, we will also
present a modification of the column selection strategy that results in significant speed

ups of the algorithm.

In Section 4.2 we derive a result for CUR approximation using the column subset
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selection algorithm from Section 4.1. This strategy results in an error that is at most a
factor v/2k + 2 larger than the best rank-k approximation error in the Frobenius norm.
One major contribution of this work is to derive a polynomial-time deterministic algorithm
that guarantees a polynomial error bound for cross approximation in the Frobenius norm,

via an extension of [57]; our algorithm matches the existence result (2.7).

Section 4.3 contains an extension to the Tucker decomposition of tensors, which
is suitable for tensors of low order. In particular, we derive a deterministic algorithm
that obtains a multilinear low-rank approximation that is constructed from the fibers
of the tensor and satisfies a polynomial bound. Although our approach is a relatively
straightforward extension of (2.11) and related approaches have been proposed in the
literature [62, 90, 166], we are not aware that such an algorithm has been explicitly

formulated and analyzed.

4.1 Column subset selection

We start by providing more details on the approach from [57, 58| for the column subset
selection problem. In the following we assume that the matrix A € R"™*"™(with m < n)
has rank at least k. We let a; denote the ith column of A and m;, . ; A the orthogonal

projection of A on the subspace spanned by the columns a;,,...,a;,, that is,
iy g A = A(LT) - A(, Nt A=QQ"4,

where I = (i1,...,i;) € {1,...,n}¥ and Q denotes an orthonormal basis of A(:, ). We
emphasize that I is a tuple. Although order is not important and we are ultimately
interested in an index set, working with tuples simplifies the subsequent definition and

manipulation of probability distributions.

We now define a discrete probability distribution on integer tuples of the form
Ic{1,...,n}* corresponding to a selection of k& columns from A. For this purpose, let
X = (X1,...,Xk) be a k-tuple of random variables with values in {1,...,n} such that

Vol 2(A(:, )

P = = o VOl2(A(, 7))

(4.1)

It follows from the definition that Vol (A(:, I)) = 0 whenever iy, ..., i contain repeated
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4.1. Column subset selection

indices. Then [58, Theorem 1.3| shows that
E[|A = mx,,. x,AlF) < (k+1) (050 + ... +03,)- (4.2)
In particular, this implies the existence of I satisfying the bound (2.10).

In view of (4.1) and the prominent role played by maximum volume submatrices in
low-rank approximation [88], it is tempting to expect that the k& columns of maximum
volume satisfy (2.10). However, choosing such columns is not only an NP-hard problem —
as mentioned in Section 3.1.1 — but these might also fail to satisfy (2.10). For instance,

for £ = 1 consider the 2 X n matrix
a(l+¢) b b --- b

—b(l+¢e) a a - a

with a? +b* = 1 and ¢ > 0. The column of maximum volume (that is, of maximum
Euclidean norm) is the first one. The approximation error obtained by this choice is given
by |A — mA|% = n — 1, which is much larger than 203 = 2(1 + ¢€)? for ¢ sufficiently
small. Note that choosing any of the other columns yields the best approximation error
(1+¢)? = o2.

4.1.1 Algorithm by Deshpande and Rademacher

Deshpande and Rademacher [57] derived a deterministic algorithm for column subset

selection by derandomizing (4.2) using the method of conditional expectations.

More specifically, the first step of the algorithm chooses an index ¢; such that
E (|4 —7x,,.. xAlF | X1 =i1]

is minimized. By construction, this quantity still satisfies the bound (4.2). More generally,

having ¢ — 1 indices 1, ...,%;—1 selected, step t chooses an index ; such that
E [”A - Tery---kaAH% | Xl = ila s 7Xt—1 = it—laXt = ,Lt:| (43)

is minimized. After k steps we arrive at an index set I of cardinality k such that the
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desired bound (2.10) holds.

For the algorithm to be practical, it is crucial to compute the conditional expecta-

tions (4.3) efficiently. Lemma 21 in [57] shows that

Cm—k+t—1 (BBT)
Cmkart(BBT) 7

E|A—7x,. xAlF | Xi=i1,..., X =4 = (k—t+1)

where the right-hand side involves the matrix B = A — m;,  ;, A and coefficients ¢; =

¢j(BBT) of the characteristic polynomial
(=)™ + o1 (=N 4+ e (=A) + o i= det(BBT - AI). (4.4)

It is therefore required to compute in every step for all values of 4, the ratios

Cm—ttt—1(BiBY)
Cm—k+t(BiBT')

where B; = A —m;, . i1 A.

In the following, we discuss the computation of (4.5) and show how the minimization

problem (4.3) can be relaxed in order to accelerate the search for suitable indices.

4.1.2 Computation of characteristic polynomial coefficients

Assuming that the first ¢ — 1 indices have been selected, we set B := A —m;, ;A

Then
b;b!
Bi:B—TFZ‘B: I — 12 B
[1bill5

is a rank-1 modification of B. Deshpande and Rademacher [57] propose two methods to

compute (4.5) for i = 1,...,n. In the following, we summarize them briefly.

1. Algorithm 2 in [57] computes BB explicitly and then computes B; B! as a rank-2
update of BBT for every i = 1,...,n. The characteristic polynomial of BiBZ-T
is computed by establishing a similarity transformation to a matrix in Frobenius
normal form |36, Section 16.6]. Fast matrix-matrix multiplication and inversion can
be exploited so that the cost of this approach is O(nm® logm), where w < 2.373 is

the best exponent of matrix-matrix multiplication complexity.
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4.1. Column subset selection

2. Algorithm 3 in [57] first computes the thin SVD
B=UxVT, UeR™m™m ¥ eR™™ VeRY™ (4.6)

where U and V have orthonormal columns and ¥ is a diagonal matrix. Then it
computes the characteristic polynomial of BB from the squared singular values
of B, and the auxiliary polynomials g;(z) = [],; (zx—0}(B)) for j =1,...,m
For h=m —k+tand h = m — k +t — 1, the coefficient ¢;(B;B]') can then be

computed as the coefficient of z” in

det(zI — BBT) + T ZH2ZU vi95(@). (4.7)

The cost of this second approach is O(m?n).

The problem of computing the Frobenius normal form of a matrix is “numerically not
viable” [160]. Also, updating directly the characteristic polynomial as in (4.7) is prone
to numerical cancellation, leading to inaccurate results. For instance, consider the 2 x 2
matrix

6.583644 - 107 8.113362 - 1073

8.113362-1073 100

and the column selection problem for k£ = 1. Algorithm 4 in [57] using (4.7) selects the
first column, giving an error ||A—A(:,1)A(:;, 1)TA||r ~ 1.2-:1076 > /209(A) = 1.4-10710,

Therefore, from now on we will avoid updating coefficients of characteristic polynomials
and work with singular values instead. More specifically, we will compute the singular
values of B; by updating the SVD of B and then apply the Summation Algorithm [161,
Algorithm 1] to compute the coefficients of the characteristic polynomial of B; B} from
its eigenvalues (that is, the squared singular values of B;) with O(m?) operations in a
numerically forward stable manner. To describe the updating procedure, consider the
(thin) SVD B = UXVT as in (4.6). The (nonzero) singular values of B; and

UTbbU

U'B,V = (I -UTmU)UTBV = (1 T
1112

>2=(I—qu)2,

with ¢ = U”Tb; /||b||2, are identical. Using standard bulge chasing algorithms (see, e.g., [195,
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Algorithm 3.4] and [6]) it is possible to find orthogonal matrices @, W € R™*™ such that
Q"q = e1, where e; denotes the first unit vector, and QT XW is upper bidiagonal. In

turn, the singular values can be computed from the bidiagonal matrix
QT (I — q¢")IW = (I — erel)(QT=W).

The matrices Q and W are composed of O(m?) Givens rotations [86, Section 5.1] and
the computation of QTS requires to apply each of these rotations to at most 3 vectors.
In turn, the cost of computing this bidiagonal matrix is O(m?), which is identical to the

cost of computing its singular values [86, Section 8.6].

4.1.3 Overall algorithm

The described variation of the column subset selection algorithm by Deshpande and
Rademacher is summarized in Algorithm 4.1. One execution of line 3 is O(nm?), lines 6-
9 are O(m?), and lines 14-15 are O(knm). In summary, the overall complexity of
Algorithm 4.1 is O(knm?). This is identical to the complexity of [57, Algorithm 4]
combined with [57, Algorithm 3|, and it is better than [57, Algorithm 4] combined
with [57, Algorithm 2].

Note that instead of lines 14-15 we could have updated B <— B — 7;, B. However, we
noticed that recomputing B in lines 14-15 tends to improve accuracy and it does not

change the overall asymptotic complexity.

4.1.4 Early stopping of column search

For each column index, Algorithm 4.1 needs to traverse O(n) columns in order to find
the one that minimizes the coefficient ratio or, equivalently, the conditional expectation.
This column search can be shortened. To describe the idea, we revisit the argument from
Section 4.1.1 that has led to Algorithm 4.1. Recall that (4.2) states E[||A—mx, . x, Al|%] <
(k+1) (0741 +--.+02) . This implies that there exists i1 such that

E [HA — 7TX1,...,XkAH%~“ | X; = il] <(k+1) (O']%_H + ...+ Ufn) )

In particular, an index 71 that minimizes the left-hand side will satisfy the bound, which is

the choice made in Algorithm 4.1. However, there may be other choices of i1 that satisfy
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4.1. Column subset selection

Algorithm 4.1 Column Subset Selection

Input: A e R™*" rank 1 <k <m
Output: Column indices S € {1,...,n}*
1: Initialize S<—() and B<+A
2: fort=1,...,k do
3. Compute U and ¥ from the thin SVD of B = ULVT

4 minRatio« + oo
50 fori=1,...,ndo
6: q%UTbi/”biHQ
7: D+ QTYW bidiagonal matrix obtained by bulge chasing [195, Algorithm 3.4]
8: Compute singular values o1, ..., 0, of (I —e1el)D
9 Apply Summation Algorithm [161, Algorithm 1] to compute ¢,,—g1¢—1(BiB})
and ¢y, gy¢(B;iBI') from eigenvalues o, ..., 02,
10: Set ratio<—cpy—kit—1(BiBl)/cm—k+i(BiBL)
11: if ratio < minRatio then Set minRatio<+ratio and ;<7 end if
12:  end for
13:  Append index S « (S, i)
14:  Compute orthonormal basis @ of A(:,S)
15: B+A-QQTA
16: end for
the bound. Any such i; is a suitable choice. More generally, suppose that i1,...,%—1

have already been selected such that

EJA—7mx,. x Al | X1 =d1,...,Xem1 = 01| < (k+1)(0pyy + ... +05)
holds. This implies the existence of 7; such that

E[|A-7x,, x Al | Xi=i1,..., Xe =it < (k+1)(0741 +...+05). (4.8)

Again, there is no need to choose an index i; that minimizes the left-hand side; any s
such that (4.8) holds is a suitable choice. By induction, choosing in every step an index
such that (4.8) is verified implies that the error bound (2.10) holds.

The discussion above suggests to modify Algorithm 4.1 such that it computes

bound<—(k +1) - (07, + ...+ 02)

in the beginning and substitute line 11 with
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11: if (k—t+1)-ratio < bound then Set i;<—i and break end if

To be able to stop the search early, it is important to test the columns in a suitable
order. We found it beneficial to test the columns of B in descending Euclidean norm. For
each step t, computing the norms of all columns of B and sorting them has complexity

O(mn + nlogn).

Although this choice is clearly heuristic, the following lemma provides some justification
for it by showing that the column of largest norm is the right choice for £k = 1 provided

that all other columns are sufficiently small.

Lemma 4.1. Let A = [al AQ] || Ag||F < ||la1]|2 then choosing the first column solves

the column selection problem for k =1, that is,

|A—aial A3 <2(03 + ...+ 02).

m

Note that the condition of the lemma is satisfied if the column norms of A decay

sufficiently fast, for instance if ||a;||2 < @ fori=2,...,n.

Proof. Without loss of generality we may assume that |lai]]2 = 1. By setting B =

Ay — alaJ{Ag = Ay — ala{Ag and b = Agal, we have

A4 1 or 1 bT
b A2TA2 b BTB+bp"
and obtain
b 1 b
1AT Al < 0]l - 0]l 49
bl [|1BT B+ bb" |2 , bl 1Bl + llol3 ,

Here, the first inequality is a norm-compression inequality [27, Section 9.10| and the

second inequality follows from the fact that the involved matrices are positive.
We aim at proving
2 2 2 2
1A — aral AllF = Bl < 2(| A1 — [|Al13),
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which is equivalent to
1|7
IAIE <1+ b5 + == =y

Thus, it remains to show that the larger eigenvalue of the symmetric positive definite

2 x 2 matrix on the right-hand side of (4.9) is bounded by ~. For this purpose, we note

that its characteristic polynomial is given by
p) = (A =1) (A= [Ibll3 = 1B]7) — IIb]13-
Setting v = 1+ [|b]|3 + || B]|%/2, we obtain

p(Y) = 1BI%/2 - (1 = [Ibll3 = I BII7/2) >0,

where we used that ||b]|3 + || B||% = ||A2]|% < |la1]|3 = 1. Because p is a parabola with
vertex (1 + [|b]|3 + ||B||%)/2 < 7, it follows that the larger root of p is bounded by 7,
which completes the proof. ]

It is important to not draw too many conclusions from Lemma 4.1. Consider, for

example, the matrix

1 0 10°°®
A=10 1 10°®
0 0 1072

for some b > 1, say b = 16. For k = 1, the optimal choice is the third column, which
is the one of smallest norm. This matrix also nicely illustrates that the obvious greedy
approach (in order to get k columns of A, one first chooses the column i; that minimizes
|A — m;, Al|F, then the column iy that minimizes ||A — m;, 4, Al|F, and so on) comes with
no guarantees and may, in fact, utterly fail. For k& = 2 the optimal choice consists of
the first two columns. On the other hand, the greedy approach for k = 2 first selects
the third column and then the first column, resulting in the arbitrarily bad error ratio

(error greedy)/(error best) ~ 10°.

This example also shows that, given a column subset of cardinality & — 1 selected by
Algorithm 4.1 one cannot obtain a suitable selection of k& columns by simply performing
another step of Algorithm 4.1. In order to ensure that (2.10) holds, Algorithm 4.1 needs

to be re-run from scratch with &k instead of k — 1.
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4.1.5 Numerical experiments

Both variants of Algorithm 4.1, without and with early stopping, have been implemented
in Matlab version R2019a. As the bulge chasing algorithm in line 7 would perform poorly
in Matlab, this part has been implemented in C++ and is called via a MEX interface.
Our implementation is available at https://github.com/Alice94/CSS-Code together with
the codes to reproduce the figures in this chapter. All numerical experiments in this
chapter have been run on an eight-core Intel Core i7-8650U 1.90 GHz CPU, with 256 KB
of level 2 Cache and 16 GB of RAM. Multi-threading has been turned off in order to not
distort the findings.

We have applied the algorithm to the following three matrices:

1. the Hilbert matrix Apy, € R200%200 given by Apy (i, §) = 714’.7%17

2. Aexp € R0 given by Aey (i, 5) = exp(—0.3 - i — j|/200);
90 20\ 1/20
3. Apoly € R100x200 given by Apoly(i,7) = ((260) 4 (2%0) ) )

The obtained results are shown in Figures 4.1, 4.2, and 4.3 respectively. Each left plot
contains, for different values of k, the approximation error ||A — A(:, S)A(:, S)T Al p
returned by Algorithm 4.1, without and with early stopping. We compare with the

best rank-k approximation error \/ ‘71% gttt o2, and the upper bound (2.10), that is,

\/ (k+1)(07,1 + ...+ 02). It can be seen that both variants of our algorithm stay below
the upper bound, until it reaches the level of roundoff error. Interestingly, for the matrix
Aexp, which features the slowest singular value decay, the observed approximation error
is much closer to the best approximation error than to the upper bound. The right plots
of the figures show, for different values of k, the ratio between the total execution times
of Algorithm 4.1 without early stopping and with early stopping. For example, for the
matrix Ap;p, using early stopping in Algorithm 4.1 reduces the time for constructing an
approximation of rank k& = 15 by a factor 22. For the variant with early stopping, we also
plot the number of columns that were examined. In the most optimistic scenario, only &
columns need to be examined, which means that in every step of the algorithm already the
first satisfies the desired criterion. The plots reveal that our algorithm actually stays pretty
close to this ideal situation, at least for the matrices considered. Note that for values of k

larger than the numerical rank of the matrix, Algorithm 4.1 starts computing ratios (4.5)
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from singular values of the order of machine precision. In turn, the computations are
severely affected by roundoff error and it may, in fact, happen that the early stopping
criterion is never satisfied. This leads to meaningless results and we therefore truncate
the plots before this happens. A proper implementation of Algorithm 4.1 needs to detect

such a situation and reduce k accordingly.

Approximation error Speed-up by stopping early
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Figure 4.1 — Results for matrix Ay -
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Figure 4.2 — Results for matriz Acxp.
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4.2 Matrix approximation

In this section, we extend the developments from Section 4.1 on column subset selection to
compute certain low-rank matrix approximations of a matrix A € R™*" with m < n. We
will pursue two ways. First, in Section 4.2.1, we discuss a general CUR approximation (see
Section 2.3) obtained from applying column subset selection to the columns and rows of
the matrix. Second, in Section 4.2.2, we present a novel approach to cross approximation,

with guaranteed error bounds.

4.2.1 CUR approximation induced by column subset selection

As mentioned in Section 2.3, when a subset of columns C' € R™** and a subset of rows
R € R¥*™ have been chosen, the matrix U € R¥*¥ that minimizes ||A — CUR||F is given
by the projection U = CTART, see [175, p. 320]. The following corollary provides an error
bound for the case when C' and R are determined by the techniques from Section 4.1,
leading to Algorithm 4.2. The results in [63, Theorem 4], [166, Corollary 3.5], and [172,

Theorem 4.1| are closely related.

Corollary 4.2. Let A € R™*" with 1 < k < m < n. Then the CUR approzimation
returned by Algorithm 4.2 satisfies

| A= CUR|lp < V2h+2\/0} 1 (A) +... + 02, (A).
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Algorithm 4.2 Matrix approximation by column subset selection

Input: A € R™*™ rank k

Output: Rank-k CUR approximation, with C, R containing columns and rows of A
1: Compute C' by applying Algorithm 4.1 to select k& columns of A
2: Compute R by applying Algorithm 4.1 to select k columns of AT
3. Compute U+CTAR?

Proof. Using the inequality (2.10) twice and the fact that CCT is an orthogonal projection,

we obtain

|A - CUR||% = ||A— CCTAR'R|%
= |A- CCTA||7 + |ICCT(A - ARTR)|1%
< (I = CCMHA|I% + [|A(I - RTR)[|%
<2(k+1) (07,1(A) +... +02(4)). O

Numerical experiments

We have tested a Matlab implementation of Algorithm 4.2 in the setting and for the
matrices Apiip, Aexp; Apoly described in Section 4.1.5. Figure 4.4 displays the obtained
approximation errors ||[A — CUR||r for different values of k. Again, we have tested both
variants of Algorithm 4.1, without and with early stopping, within Algorithm 4.2. The
speedups obtained from early stopping are very similar to the ones reported Section 4.1.5

and, therefore, we refrain from providing details.

We also consider, for 0 < a < 1, the n x n matrix
A=Q - diag(1l,a,a?,...,a" 1) - QT,

where ) € R™" is determined as the orthogonal factor from the QR decomposition of

1

-1 1

-1 -1 1

-1 -1 -1 1
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Figure 4.4 — Approzimation errors for matrices Awi, (top left), Aexp (top Tight), and Apoly
(bottom).

This is known to be a challenging example for the CUR approximation induced by
DEIM (discrete interpolation method); see [172, Section 4.2], which determines the row
and column indices by greedily choosing a maximum volume submatrix of Uy and Vj
containing the first k& left and right singular vectors of A, respectively. For the example
above, the DEIM induced CUR approximation always chooses 1,..., k for the column

and row indices. For a« = 0.1, n = 6, kK = 5, the error resulting from this choice is given by
|A— A(:,1:5)A(;,1:5)TAA(1:5,)TA(1:5,:)||p ~2.6-107,

which is a magnitude larger than the upper bound /2(k + 1)og ~ 3.5 - 107! guaranteed
by Algorithm 4.2. Note that the latter algorithm selects the last 5 rows and columns for

this example, leading to an error of ~ 1.3 -10719.

54



4.2. Matrix approximation

4.2.2 Cross approximation

We now consider cross approximations (Definition 2.3). As discussed in Section 2.1.1
and Chapter 3, it is crucial to choose the row/column index tuples (I,J) € Q :=
{1,...,m}* x {1,...,n}* wisely. In particular, as the following example shows, choosing

the indices I, J as in Algorithm 4.2 may lead to poor approximation error.

Example 4.3. Consider A= [%1] fore >0 and k = 1. Clearly, the first column and
row satisfy the bound (2.10) for k = 1 with respect to A and AT, respectively. However, the
error of the corresponding cross approzimation, ||A — A(:,1)A(1,1)7TA(L,:)||lr = & — ¢,

becomes arbitrarily large as € — 0.

Zamarashkin and Osinsky [196] have shown the existence of a cross approximation
that satisfies a polynomial error bound in the Frobenius norm. To summarize their result,
let

(X,Y)=(Xy,..., X, Y1,...,Y})

be a (2k)-tuple of random variables with values in 2 such that

Vol 2 (A(I,J))

P(X=LY=J):= 21, 0)eQ Vol 2(A(I', "))

(4.10)

Note that Vol (A(I,J)) = 0 whenever i1,...,i or ji,...,jr contain repeated indices.
Then [196, Theorem 1| shows that

E[J|A — A Y)AX, V) TAX, )|7] < (k+ 1) (0fq + ...+ 05,) . (4.11)
In particular, this implies that there exists (I, .J) € 2 such that (2.7) holds.

In analogy to Section 4.1.1 and [57], we will now derandomize this result producing
a polynomial-time deterministic algorithm that returns a cross approximation satisfy-
ing (2.7). The key for doing so is to find an expression for the conditional expectations

that is easy to work with.
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Conditional expectations

Lemma 4.4. Let 1 <t <k and (i1,...,%,J1,---,jt) be such that

P (Xlii; ,,,,, Xt:it> >0

Y1=71,-» Yi=7j¢

for a random (2k)-tuple (X,Y") with the probability distribution defined by (4.10). Consider

B=A—AC Gty g)) A1y i), Gt ge)) A (i, i), )

the remainder of cross approximation after choosing row indices iy, ..., and column

indices ji,...,5:. Then

> Cm—t+t-1(BBT)
Cm—k+t(BBT) ’

E|||A—AGY)AX,Y)LAX, )%

Yo = -t
where the coefficients cp—_k+t, Cm—k+t—1 are defined as in (4.4) and the expectation is
taken with respect to the distribution (4.10) defined on the (2k)-tuples in €.

Proof. To simplify notation, we let Iy = (i1,...,%), Io = (it41,.--,ik), I = (I1,12) =
(i1,...,1) and define Ji, Jo, J analogously. In the following, we always use the convention
that row and column summation indices range from 1 to m and from 1 to n, respectively.

We have that

Y1=41,--,Yt=3¢

E |4~ AGY)ACX,Y) AKX, )l

Xq=ig,..., thit:|

= Y HA—A(:,J)A(I,J)_lA(I,:)H%-]P’(X:I,Y:J

X Q=01 Xp=it
Y1 =41, Yi =4t

_1 ¥ V012<A((I,ik+1),(J,jk+1))>, (4.12)

LS R R S |
Jt4+15-0 Ik Jk+1

with

T= Z. Vol 2(A(I, J)).
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4.2. Matrix approximation

For establishing the equality in (4.12) we used from [196, Lemma 1] that

EiHl,ijVOlz (A((I, ikt1) (J, jk+1)))

4 = AG DAL)AL = LA ) ,

and, from (4.10), that

Xlzi_l ..... Xt:'it
Y1=3415---» Yi=7j¢

= — - Vol ?(A(I, J)).
X1=01 1m0 Xy=1iy
P(Nzice) 0

IP(X:I,Y:J ):P(le,Y:J) 1

We now aim at simplifying the expression (4.12). For this purpose, we assume without

loss of generality that i1 = 1,...,9; =t and j; = 1,...,j; = t. This allows us to partition
AL, Jy) A(l, J 0 0
AIL,J) = (i) A, 2) , B(,J)= )
A(lz, J1) A(lg, J2) 0 B(l2,J2)

where B(IQ, Jg) = A(IQ, Jg) - A(Iz, Jl)A(Il, Jl)_lA(Il, Jg) by the definition of B. By
the relation between determinants and Schur complements [112, Equation (0.8.5.1)],
Vol (A(I,J)) = Vol (A(I1,J1)) - Vol(B(I2,J2)). Therefore,

v= > Vol*(A(I,J)) = | ZA Vol 2(B(Iy, J2)) - Vol2(A(I1, J1)).

Analogously, one shows

Z V012<A((I,ik+1), (J, ij)))

(NS PR ]

- ¥ V012<B((I2,ik+1),(JQ,ij)))Vol2(A(Il,J1)).

S R S
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By [119, Theorem 7] this ratio is equal to

Cm-ttt-1(BBT) - ((k =t +1)!)°
Cm—it(BBT) - (k — t)1)?

Cm—k4t—1(BBT)
Cm—k+t(BBT)

=(k—t+1)2.

Derandomized cross approximation algorithm

With Lemma 4.4 at hand, we can proceed analogously to Section 4.1.1 and sequentially
find & pairs of row/column indices such that (2.7) is satisfied. Suppose that ¢ — 1 index
pairs (i1,71),-- -, (it—1, ji—1) have been determined. Then the tth step of the algorithm
proceeds by choosing (i, j;) such that

Y1=341,---» Yi=j¢

E [HA CAGY)AX,Y)TEAX, 2

Xy=ig,.., Xt:it] (4.13)

is minimized. We will show in Theorem 4.5 below that this choice of index pairs leads to
a cross approximation satisfying the desired error bound (2.7). In view of Lemma 4.4,
the minimization of (4.13) means that in each step of the algorithm we need to compute

the ratios .
Cm—k+t—1 (Cij Cij)

cm—kit(CiCh)

=1,....m, j=1,...,n, (4.14)
where

Cij =A- A(:7 (j17 .. -ajt—lvj))A((ih . ‘7it—17i)7 (jh . 'ajt—lyj))ilA((ib . '7it—17i)7 )

Analogous to the developments in Section 4.1.2, we now show how the coefficients
in (4.14) can be computed via updating the singular values of Cj;. Let us denote the

remainder from the previous step by
B=A- A(:a (jla .- '7jt—1))A((/i17 .. '7it—1)7 (j17 .. '7jt—1))71A((i17 BT it—1)7 )

Then it follows that

1
Ci; =B — B(:,7)B(i,: 4.15
1] B(Z’]) ( 7..7) (17 )? < )
see, e.g., [13]. We compute a thin SVD B = ULVT such that U € R™*™ V € R™*"
have orthonormal columns and ¥ € R™*™ is diagonal. Note that

B(;,j) =UxV(j,:)T, B(i,:) =U(i,:)2VT.
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4.2. Matrix approximation

Inserted into (4.15), this shows that the nonzero singular values of C;; match the singular

values of Ui.)s
i,:

wry =S —ay,

B(i j)

where z = XV (j,:)7 and y = ﬁZU(i, )T are vectors of length m and can be computed

Urc,;v=x-3v(Q,:)"-

with O(m?) operations.

Similarly as in Section 4.1.2, we transform ¥ — zy” into bidiagonal form, after which
its singular values can be computed with O(m?) operations. This transformation proceeds

in three steps:

1. We compute orthogonal matrices Q and W such that QTSW is upper bidiagonal
and QTz = £||z||2 - e; using, for example, [195, Algorithm 3.4]. In turn, the matrix

Dy = QT (X — zy YW (4.16)

is bidiagonal with an additional nonzero first row; see the first plot in Figure 4.5 for

an illustration.

2. By a bulge chasing algorithm, we transform D; to an upper banded matrix Do
with two superdiagonals using O(m?) Givens rotations. We refrain from giving a

detailed description of the algorithm and refer to Figure 4.5 for an illustration.

3. The banded matrix Dy is reduced to a bidiagonal matrix D3 using the LAPACK [3]
routine dgbbrd.

The overall procedure described above can be implemented by means of O(m?) Givens
rotations, each of which is applied to a small matrix of size independent of m,n. Hence,

it has complexity O(m?).

Algorithm 4.3 summarizes our newly proposed method for cross approximation. The
SVD needed at the beginning of each outer loop is of complexity O(m?n) and each of the
mn inner loops costs O(m?) operations; the total complexity of Algorithm 4.3 is therefore
O(knm?).

Theorem 4.5. For a matrix A of rank at least k, Algorithm 4.8 returns index sets I and
J such that (2.7) is satisfied.
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Figure 4.5 — Illustration of bulge chasing algorithm to transform a bidiagonal matriz with an
additional nonzero first row to an upper banded matriz. In each plot, except for the first and last
ones, a Givens rotation is applied to a pair of row or columns to zero out the entry denoted by ®.

XX XXX XXX XIXXXIXX X[ XX XXX XX XX IXXXX[) XIXXX|X|X
XX XX XX XX XX
X XX XX XX
XX XX XX XX XX
XX XX XX X[X XXX
XX XX XXX XXX XXX
XX XX XX X|[X (X[X[X
X X (X X X
XXX XX XIXX|X|X XIX[X[X|X XIXX|X|X XIX[X[X[)
XX XX XX XX XX
XX X XX X X
X[X X[X[X XXX XXX X[X[X
X[X[X XXX XXX XXX XXX
XXX (X [X[X X[X[X XXX XXX
XX XX XX XX XX
X X X (X X
X[X[X|X X[X[X|X X[X[X[X XXX XXX
XX XX XX XX XXX
X[X[X XXX XXX X[X[X XXX
XXX XXX [ XXX XXX (X [X[X
(X [X[X X[X|X XXX XXX XXX
XXX XXX XXX XXX XXX
XX X[X XX XX XX
X X X X X
XXX XXX XXX XXX XXX
XXX XXX XXX XXX XXX
X [X[X [ XXX XXX XXX XXX
X[X|X XXX X XXX XXX
X[X[X XXX X[X[X[&) X[X[X XXX
X[X|X (X [X[X X[X[X XXX XXX
XX XX XX XX XX
X X X X X

Proof. Let Byxyy =A—A(,Y)A(X,Y) 'A(X,:). For t =1,...,k we have that

Y1=715--Yt—1=Jt—1

X1=i1,.“,xt71:z‘t,1}

E[IBxyylIF

=B 1By llf| iz v P (X = 0, e = i
,J

Xq=i1 ey Xp_1=0p_1 > )

Y1=i1,--» Y4155t —-1,Yt=J Y1=i1,--»Yi1=5t—1

Therefore, as (4.11) holds, the choice (4.13) inductively ensures that

Y1=d1:Yt—1=0t—1

uzieden ] <E[1Bpo I B e

< (k+1)*(0h41 + ..+ 0).

E[IBxyylI?
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4.2. Matrix approximation

Algorithm 4.3 Derandomized cross approximation

Input: A € R™*™ with m < n, integer k < m

Output: Index sets I, J of cardinality k defining the cross approximation (2.3)
1: Initialize I < (),J < (), and B+ A
2: fort=1,...,k do
3:  [U,X,V]4 thin SVD of B

4 minRatio+ + oo
50 fori=1,...,mdo
6 for j=1,...,ndo
7: T+ XV, )T, y B&j)EU(i, Ot
8 Compute matrix D; defined in (4.16) using [195, Algorithm 3.4]
9: Transform D; into upper banded form Dy using bulge chasing algorithm
10: Transform Do into bidiagonal matrix D3 using LAPACK’s dgbbrd
11: Compute singular values o1, ..., 0, of D3
12: Apply Summation Algorithm [161, Algorithm 1| to obtain cm,k+t,1(CijC£)
and cm_kH(C’UC’gg ) from eigenvalues 0%, ..., 02,
13: Set Te—cm_k“_l(cijcfj)
cm—k+¢(Cij C)
14: if r < minRatio then Row <« ¢, Col + j, minRatio+r end if
15: end for

16: end for
17: I« (I,Row), J < (J,Col)

. B(:,Col)-B(Row,:)
18: B« B~ B(Row,Col)
19: end for

Therefore, the index sets I and J computed by Algorithm 4.3 satisfy the bound (2.7). O

In analogy to the discussion in Section 4.1.4, let us emphasize that it is not necessary

to select the pair (i, j;) that minimizes the ratio 7. Any pair (4, j) for which the inequality
o Cm—k+1-1(CiiC)
cm—krt(CigCl)

holds will lead to index sets I and J such that (2.7) is satisfied. Inspired by ACA with full

pivoting (Algorithm 3.1), we traverse the entries of B from the largest to the smallest (in

(k—t+1) < (k+1)2 (071 (A) + ... + 02 (A)) (4.17)

magnitude) and stop the search once we have found an index pair (i, j;) satisfying (4.17).
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A (theoretically) faster algorithm

It is possible to improve the worst-case time complexity of the derandomized cross
approximation algorithm from O(knm?) to O(knm?). This does not improve the practical
performance of the algorithm because in practice (see the numerical experiments’ section)
the heuristic criterion for choosing the new entries as the largest entries of B usually works
well; however, it is satisfying from a theoretical point of view, as it gives an algorithm of

the same time complexity as column subset selection®.
We start with the following lemma.

Lemma 4.6. Let A € R™* % with k < m. If to each column of A a linear combination of

the other columns is added, the volume does not change.

Proof. Adding to a column a linear combination of other columns means computing
AB for a matrix B € R*¥** which has ones on the diagonal and has only one column
with nonzero entries elsewhere, therefore det B = 1. Therefore, ( Vol A)? = det(ATA) =
det((AB)T(AB)) = (Vol (AB))2. O

Lemma 4.7. Let 0 <t <k and (i1,-..,%¢,J1,- - -, Jt, je+1) be such that
Y1=3415--+» Yi=j¢

(s s ) =0

for a random (2k)-tuple (X,Y") with the probability distribution defined by volume sampling.

Consider

B=A—AC, (1, )AL, i), (1 s 30) YA - v dr), ),

the remainder of cross approximation after choosing row indices i1, ..., and column
indices ji,...,jt, and the matric C = B — 7j, ., B.
Then

E {14 = AG Y)ACGY) A IF | 5mins Yo = e

Y1=341,---» Yi=j¢ ’

!The discussion in this subsection follows from a discussion with Alexander Osinsky and Nikolai
Zamarashkin at the 5th International Conference on Matrix Methods in Mathematics and Applications,
in August 2019 in Moscow, and is not contained in the paper [45].
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4.2. Matrix approximation

Cm—k-l—t(CCT)
=(k—t)(k—t+1 ,
( )( )Cm—k+t+1(CCT)

with the coefficients cp—_git, Cm—ka+t—1 defined as the coefficients of the characteristic

polynomial.

Proof. Using the same notation as in Lemma 4.4, we have that

E[ll4— AGY)A,Y) A I | 9, Y = o)

= > A= AGDAUIT) AL F - P(X =1Y =J)

i1k P(iii;}j:jyt i )/;f—&-l_]t—l—l)
Jt42-0k
= Y Vel (A((Lika), (Jks)))? /DD Vol (A1)
i1 b1l
Jt42-Tk+41 Jt42-0k
= Y Vol (B((Birn), (2er)) /D Vol (Blz, 1))’
LSRR S| RS R
Jt42-Ik+1 Jt4+2-Jk
k—t+1)! ,
o e D DRI C IO EA S > ol (B k)
T Jtr2sendktl Jt+2;--
=(k—t+1) Y Vol (C(, (esas- - jis))) / Z Vol (CC, Gegzs - - 8)))°
Jt+25-:Jk+1 Jt+25e-3Tk

(k — t)lem_pt(CCT

) Cmkart(CCT)
(k =t =Dl pr141(CCT)

Cm—k+t+1(CCT)

All equalities but the fifth follow similarly to the proof of Lemma 4.4. For the fifth
equality, note that C' is obtained from B by adding a multiple of the jii1th column of B.

= (k—t+1) = (k—t+1)(k—1)

Therefore,

2
Vol B(:, Jz)* = Vol <[C(:7(jt+2,...,jk)) B(:,th)D
= det <|:C(5’(jt+27---7jk)) B(iajt+1)]T [C(i’(jtﬁv-“vjk)) B(:’jﬁl)])

C(, gz - ) TCG Gegas -5 1)) 0
0 IB(:, jes1) I3

= Vol(C(:, (et -+ 36) - |1 BG, G 13-

= det
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The third equality follows from the fact that C7 B(:, js+1) = 0. Analogously,

Vol B(:, (Ja, jk+1))? = Vol (C(:, (g2, - - -5 dws1)))? + I1BC, G113,

so the factor || B(:, ji+1)||3 is present in both the numerator and the denominator and it

simplifies. 0

Combined with Lemma 4.4, Lemma 4.7 shows that, instead of choosing an index
pair at each step as in Algorithm 4.3, we can subsequently select ji, i1, j1, 92, -- -, jk,
ix. Selecting each index costs O(nm?), leading to an O(knm?) cross approximation

algorithm.

Numerical experiments

We have implemented both variants of Algorithm 4.3, without and with early stopping,
in Matlab. Again, the two inner loops have been implemented in a C++ function that
is called via a MEX interface. The computational environment is the one described
in Section 4.1.5 but the test matrices are smaller because Algorithm 4.3 without early
stopping is significantly slower. We choose Ay, to be 100 x 100, Aexp to be 50 x 100,

€ R39X100 ig given by

Apoly (i,7) = <<1(Z)0>10 + <1]00>10>

The approximation error ||Erj||p = ||[A — A(:, J)A(IL, J)"YA(L,:)||r for the index
sets returned by both variants of Algorithm 4.3 is displayed in the left plots of Fig-

and the matrix Aoy

1/10

ures 4.6, 4.7, 4.8. The right plots display the ratios between the execution time of
Algorithm 4.3 without and with early stopping, as well as the total number of index pairs
that needed to be tested in Algorithm 4.3 with early stopping. It can be observed that

early stopping dramatically accelerates the computation and is thus the preferred variant.

It can be seen that the approximation errors often stay close to the best rank-k

approximation error \/ Uz gttt o2, and do not exceed the upper bound (2.7), modulo
roundoff error. However, for larger values of k, Algorithm 4.3 without early stopping

appears to encounter stability issues; the approximation error is distorted well above
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Matrix approximation error
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Figure 4.6 — Results for matriz Apq-
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Figure 4.7 — Results for matriz Acxp.

the level of roundoff error. To better understand the numerical instability of our cross
approximation algorithm, we analyzed what happens for the matrix A1y for rank k = 43,
for which Algorithm 4.3 without early stopping gives a cross approximation error out of
the bounds predicted by (2.7). We computed the Frobenius norm of the intermediate

residuals

A= AC Greg))) - Ay i), G )™ A1+ de), ) (4.18)

for t = 1,...,43, for the index sets given by Algorithm 4.3 with and without early
stopping. We used Matlab’s vpa with 200 digits of accuracy to compute the Frobenius

norm of the residual. The results are shown in Figure 4.9. The intermediate residuals
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Matrix approximation error
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Figure 4.9 — Frobenius norm of the residual (4.18) fort =1,...,k for the matriv Apoy with
target rank k = 43, when using Algorithm 4.3 with and without early stopping.

grow significantly in Algorithm 4.3 without early stopping, which may completely spoil
the accuracy of the singular values computed in lines 7-11. As these are needed to
determine the indices to select at each step, this selection is not guaranteed to satisfy the
bound (4.17). For Apqy and k = 43, this happens for the first time at iteration t = 34.

Such an intermediate growth of the residual can already happen for small matrices.

For example, consider

—-107% 3 —4
A= 4 1 2
8 -1 1
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When aiming at a rank-2 approximation, the choice that minimizes the expectation at
the first step is the pivot in position (1,1), which results in a residual more than 10*

larger than the norm of the original matrix.

The intermediate growth of the residuals may explain why Algorithm 4.3 with early
stopping shows more stability in the examples we considered: If possible, it chooses one
of the largest entries of the residual, which, in turn, should prevent the residuals from
becoming too large. However, there are no results that ensure that we can take a “large
entry” at each step of the algorithm; further investigation would be needed to understand

the stability of Algorithm 4.3 with early stopping.

We also consider the n x n matrix A = LDLT, where

1 1
—C 1 82
L=|-¢c —c 1 ; D = st
—c —Cc —C --- 1 SQ(TL—I)

with s = sin(#), ¢ = cos(6) for some 0 < 6 < . This is known to be a challenging example
for greedy cross approximation [106]: When k = n — 1 the greedy algorithm selects the
leading k x k submatrix and returns an approximation error that is exponentially larger
than the best approximation error. In contrast, Algorithm 4.3, with and without early
stopping, makes the correct choice by selecting the last n — 1 rows and columns. For

instance, for n = 6 and 6 = 0.1, we obtain the error
|A—A(:,2:6)A(2:6,2:6)LA2:6,:)||Fp ~3.9-107 < 1.8-107'%2 = V60,.
Selecting the first 5 rows and columns results in an error of 9.8 - 10711

Finally, we would like to point out an interesting observation concerning the preserva-
tion of structure. In Section 3.1, we have shown that for a symmetric positive definite
matrix A there is always a symmetric choice of indices, J = I, leading to a symmetric
cross approximation such that the favorable error bound (2.4) is attained. For cross

approximation in the Frobenius norm, the situation appears to be more complicated; it is
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generally not true that a symmetric choice of indices achieves the error bound (2.7) even

when A is symmetric positive definite. For instance, for n = 3 and k& = 1 consider

1.87 —1.82 —2.11
A= |-18 187 211
—2.11 211 2.54

The best symmetric choice is I = J = (3) but this leads to an error ~ 0.1911 >
2\/03 + 03 ~ 0.1821.

4.3 Tensor approximation

As mentioned in Section 2.4, column subset selection can be used to approximate tensors
as well. In the following, we demonstrate the use of the algorithm from Section 4.1 to
obtain approximations of low multilinear rank constructed from the fibers of a third-order

tensor A € R™1xn2xns,

Algorithm 4.4 produces an approximate Tucker decomposition for a given tensor such
that each coefficient matrix B, is composed of py-mode fibers. The following result shows

that the obtained approximation error remains close to the best approximation error.

Algorithm 4.4 Approximation of tensors by column selection
Input: Tensor A € R™M*"2X"3 integers ki, ko, k3
Output: Approximate Tucker decomposition of multilinear rank (ki, k2, k3) in terms of

coefficient matrices By, B2, B3 and core tensor C
: for p=1,2,3 do

—_

2:  Compute BM<—A(“)(:, S,,) by applying Algorithm 4.1 to select k, columns from
A

3: end for

4: Compute C<+A x1 BI X9 Bg X3 Bg

Corollary 4.8. Consider A € R™*"2*"3 and integers ki, ko, k3 such that 1 <k, <n,
for p=1,2,3. Then the output of Algorithm 4.4 satisfies

| A —C x1 By X3 By X3 Bs|lp < k1 + ko + k3 + 3 || A — Apest || 7,

where Apest is the best Tucker approximation of A of multilinear rank at most (ki, ka, k3).
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Proof. The proof is similar to existing proofs on the quasi-optimality of the Higher-Order
SVD |54] and related results in [62, 90, 166].

Using (2.10) and setting 7, = BMB:[, the result of Algorithm 4.1 applied to A®)

satisfies

A% — 7, (A < (e + 1) (02,11 (AP) + .+ 02, (A0)))
< (kb + DJA® =AY 12 = (e, + 1)]|A = Apest |3

(W)

where the second inequality follows from the fact that Ay, the y-mode matricization of

Apest, has rank at most k,. Using the orthogonality of the projections 7,, we obtain

”A—C X1 Bl X9 B2 X3 BgH% = ||.A—.A X1 T X9 g X3 7T3H%7

:HA_AX17T1H%’+”(A_AX27TQ) ><17T1”%+H(.A—.AX37T3) X1 T ><27T2H%
3 3 3

<Y A= AxmlF =Y AW — x, (AW)] Zk‘ + DA = Apest||

= (k1 + k2 + k3 + 3) | A — Apest [ 7,

where the second equality follows from [186, Theorem 5.1]. O

Remark 4.9. Algorithm 4.4 easily generalizes to temsors of arbitrary order. Given a
tensor A € R™M>**"d and integers ki,...,kq, this generalization constructs subsets of

fibers By, ..., Bg and a core tensor C such that

H.A—C ><1B1 X2---XdBd”F§ \/k1+---+kd+d'HA_AbestHF-

This compares favorably with other existence results in the literature, which feature much
larger constants that grow exponentially with the order; see [90], [149, Theorem 3.1],
and [166, Theorem 3.1].

4.3.1 Numerical experiments

We have implemented Algorithm 4.4 in Matlab and tested it on two 50 x 50 x 50
tensors, given by App (4,7, h) = m and Apoly(i,7,h) = (ilo + 510 4 hlo)l/lo /50.
We choose k1 = ko = k3 = k and report in Figure 4.10 the obtained approximation errors

A —C x1 By X9 By x3 Bs||p for different values of k, where By, Bo, B3, C are returned
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Chapter 4. Low-rank approximation in the Frobenius norm by column and
row subset selection

by Algorithm 4.4, with and without early stopping in the column selection part. We

compare with the quantity
3 1/2
<Z or 1 (AW) + . ol (A(“))> ,
pn=1

which provides a (tight) upper bound on the best approximation error. It can be seen

that the errors obtained from Algorithm 4.4 remain close to this quasi-best approximation

error.
100F : : 10° : : :

—— Algorithm 4.4 —— Algorithm 4.4
——Alg. 4.4, early stop ——Alg. 4.4, early stop
---------- quasi-best approx. error 0 e qUAsi-best approx. error
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Figure 4.10 — Results for tensors A, (left) and Apoly (Tight).
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5y Introduction to matrix functions

This second part of the thesis is concerned with matrix functions. The formal definition

is the following.

Definition 5.1. For A € R™" and a complex-valued function f which is analytic on
and inside a contour I' which encloses the eigenvalues of A, the matrixz function f(A) is

defined as
1
©2mi

£(A) /F F(2) (2T, — A) 1z,

where I, € R™"™ denotes the identity matriz.

In fact, it is not necessary for f to be analytic inside I in order to define the matrix
function f(A). For example, when A is diagonalizable, that is, A =V - diag(\1,...,\y) -
V1 and the function f is defined on the eigenvalues A1, ..., A\, of A, the definition above

is equivalent to

F(A) =V - diag(f (M), ., f(An)) - VT

this expression does not depend on the choice of the eigenvector matrix V. When A is
not diagonalizable, f(A) can be defined using the Jordan canonical form. In this case,
letting A1, ..., As be the distinct eigenvalues of A and letting p; be the size of the largest
Jordan block corresponding to the eigenvalue A;, for ¢ =1, ..., s, it is sufficient that f
and its derivatives up to the (u; — 1)th order are defined in \;, for alli =1,...,s. We
refer the reader to 110, Section 1.2] for the precise definition of f(A) using the Jordan

canonical form and some additional equivalent definitions.
Functions of matrices arise, for instance, in the solution of ordinary or partial differ-
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Chapter 5. Introduction to matrix functions

ential equations; see, e.g., [65, 128]. A well-known example is that the solution of the

system of linear ordinary differential equations

(1) = Az(t) #(t) ER", ARV

z(0) = xo g € R
is given in closed form by the matrix exponential

o thAF
z(t) = exp(At)xg = %o
k=0

Other applications of matrix functions include electronic structure calculations [19, 84]
and social network analysis [70]; see Section 7.2 for some more examples. In some cases,
only some quantities related to matrix functions are of interest. The diagonal of a matrix
function is needed, for instance, in Density Functional Theory [19], electronic structure
calculations [130], and uncertainty quantification [177]. The trace of matrix functions is
used to compute determinants [80| (see also Part III), spectral densities [131], Schatten
p-norms [66], the Estrada index of a graph [70] (which will be defined in Section 7.2.6),

and it also arises in lattice quantum chromodynamics [193].

A general-purpose algorithm for computing matrix functions is the Schur-Parlett
algorithm [51]. For specific choices of f, such as the exponential, the sign function, the
square root, or the logarithm, ad-hoc methods have been developed. We refer the reader

to the book [110] for a detailed discussion of methods for general (dense) matrices.

In this thesis, we focus on the interplay between low-rank structures and matrix
functions, analyzing low-rank updates and functions of rank-structured matrices, for

which fast algorithms can be developed.

5.1 Low-rank updates

The first problem that we consider is the computation of a low-rank update of a matrix
function. More precisely, when a matrix function f(A) has been computed and the matrix
A undergoes an additive low-rank modification R for some R € R"*" with rank(R) < n,

we are interested in computing f(A 4+ R) without starting from scratch. This means that
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5.1. Low-rank updates

we look for an efficient way to compute/approximate the update
f(A+R) - f(A).

For example, this is useful when computing matrix functions of adjacency matrices of
graphs in which edges are added or removed: these are rank-2 modifications of the
adjacency matrix. Moreover, having an algorithm for low-rank updates allows us to devise

the D&C algorithms for computing matrix functions that we develop in Chapter 7.

A classical result, the Sherman-Morrison formula, states that if f(z) = z~! and

rank(R) = 1 then the update has rank 1.

Theorem 5.2 (Sherman-Morrison formula). For a matric A € R™"™ and vectors b,c € R™,

1t holds

A~ 1pel A1
T\-1_ -1 _ _
(A+bc) A 1T TA T

provided that all involved quantities exist.

The Sherman-Morrison formula can be generalized to rational functions [28], but
for other matrix functions the update is usually full-rank. However, it was observed
in [18] that in many contexts the update f(A 4 bc”) — f(A) is numerically low-rank; see

Figure 5.1 for an example.

In [18, 17] the updates f(A + R) — f(A) are approximated by low-rank matrices

obtained by a Krylov subspace projection method, which we review in Chapter 6.

5.1.1 Contributions

In Chapter 6 we present two extensions of the convergence analysis of the low-rank
updates algorithm presented in [18]. First, we show that the error of the low-rank update
of matrix functions can be linked to polynomial approximation of the derivative of the
function, which simplifies the analysis from [18] for non-symmetric matrices. Second, we
show that the update of the trace of matrix functions has a quicker convergence when the
matrix and the update are symmetric. These results have been published in [17] and [48],

respectively.
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10°
100} = 1 *
. 107 "
10°° .
10710 1 10710} *.
10’15 . . 10—15 . .
0 10 20 30 0 10 20 30

Figure 5.1 — We consider the 1024 x 1024 tridiagonal matriz A which has 2 on the diagonal and
—1 on the super-diagonal and sub-diagonal. We denote A = tridiag(—1,2,—1). We consider a
rank-1 update of the form bbT where b is a unit vector chosen at random, and we consider the
update f(A+bbT) — f(A) for f(z) = exp(z) (left) and f(2) = \/z (right). The two plots show
the 30 largest singular values of the update. While the update is mathematically full rank, the
numerical rank s much lower than 1024 in both cases.

5.2 Functions of rank-structured matrices

The second problem that we address is the computation of functions of rank-structured
matrices. For now, let us consider a banded matrix A. If f is well approximated by a
low-degree polynomial p on the spectrum of A, the matrix function f(A) can usually
be well approximated by the banded matrix p(A). Many a priori results confirm this
property. For example, the entries of the inverse of a tridiagonal matrix A decay quickly
with the distance to the diagonal, provided that A is well conditioned [55]. Such decay
properties extend to inverses of symmetric banded matrices [55], to more general matrix
functions of symmetric banded matrices [23], and to symmetric sparse matrices with
more general sparsity patterns [25]. When A is not symmetric, one can prove similar
results via diagonalization assuming a well conditioned eigenvector matrix |24, 158| or by
considering polynomial approximations of f(z) on a larger set, the numerical range of A
(see Definition 6.4) |21, 50].

When f cannot be well approximated on the spectrum of A by a low-degree polynomial,

often other low-rank structures come to the rescue. Let us illustrate this with an example.

Example 5.3. Let A = tridiag(—1,2, —1) and let us consider the inverse of such matriz.

The matriz A=Y is not tridiagonal nor banded, but it has the property that all off-diagonal
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5.2. Functions of rank-structured matrices

blocks have rank at most 1. Indeed, consider an off-diagonal block of size kx (n—k), without

loss of generality in the upper-right part of A, and note that we have the decomposition

k n—k

P S NG —
2 —1 (0]
1 '
21 0
~13 1

A= 3 -1 — ][00 1]t 0 0] = blkdiag(A;, Ay) — b,
12 - 0
el :
~12 0]

where Ay and Ay are k X k and (n — k) x (n — k) matrices and b is a vector which
contains 1 in the k-th and (k + 1)th entries; thanks to the Sherman-Morrison formula,
A™! — blkdiag(A;, A2)~! = A~! — blkdiag(A; !, Ay1) has rank 1, and the considered
off-diagonal block of A~' has rank 1.

The reasoning above can be applied to any invertible tridiagonal matrix A. Similarly,
if we consider a rational function r of degree m and apply it to a tridiagonal matrix A,

one can prove that the off-diagonal blocks of r(A) have rank at most m.

5.2.1 Existing algorithms

For computing a matrix function f(A) when A is banded, one can take f(A) ~ p(A)
if a good polynomial approximation p of the function f is known a priori. Compared
to A, the width of the band gets multiplied by the degree of the polynomial p. This
technique is used, for instance, in electronic structure methods [84] combined with
Chebyshev interpolation [22]. In [24], polynomial approximation is combined with a
dropping strategy in order to maintain a low bandwidth in the approximation of f(A). A
possible alternative to a priori polynomial approximations is to adapt an existing method
for dense matrices to banded matrices, possibly combining it with thresholding in order
to maintain sparsity; for example, Newton-Schultz iterations have been used for the sign
function in the context of electronic structure calculations [53, 144]. For functions of
banded Toeplitz matrices, structured thresholding techniques have been designed in order

to maintain a Toeplitz plus low-rank structure [30].

When polynomial approximation of f is difficult, one can instead use an a priori
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rational approximation f(A) =~ r(A) for a rational function r of small degree. Matrices
with off-diagonal blocks with low rank can be stored conveniently in the HSS format [100],
which will be formally introduced in Section 7.1.3, and fast arithmetic can be performed
with them. An advantage of rational approximation is that it also works for matrices that
have off-diagonal low-rank structure but are not necessarily banded. For the exponential,
there exists an excellent rational approximation on the negative real axis [4], which implies
a good approximation of exp(—A) for an SPD matrix A even when the norm of A is large;
see [98] for further examples. Another favorable class of functions is the one of Markov
functions, that has been recently discussed in [16] in the context of a Toeplitz matrix
argument. Rational functions approximating f can also be obtained by discretizing the
Cauchy integral representation of the function; this approach is used, for instance, for
the exponential operator [81], for step functions arising in the computation of spectral
projectors [126], and for matrix functions that may have singularities inside the contour of
integration [136]. An alternative to a priori rational approximation is the use of iterative
methods, such as for the matrix sign function [92] or the matrix square root of an SPD
matrix [100, Section 15.3|; the iterations can be done in HSS arithmetic, and possibly

some truncation strategies are needed in order to maintain a low-rank structure.

5.2.2 Contributions

In Chapter 7 we design new algorithms for approximating functions of matrices with
off-diagonal low-rank structure — for example banded matrices — which can be decomposed
as the sum of a block-diagonal matrix D and a low-rank correction. We approximate the
update f(A) — f(D) with the Krylov subspace projection method described in Chapter 6
and compute f(D) recursively, leading to a D&C algorithm. Our convergence analysis of
the D&C algorithm is linked to polynomial or rational approximation of the functions,
and we show several numerical examples. We also derive a simpler (and faster) algorithm

for banded matrices. The results in Chapter 7 are contained in [48].
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tions

Let A, R € R™*" with rank(R) < n and assume that f(A) has already been computed.

In this chapter we consider algorithms for computing the update
f(A+R) — f(A), (6.1)

without computing f(A + R) from scratch. In Section 6.1 we review the low-rank
updates algorithm proposed in [18, 17]. At the beginning of Section 6.2 we review some
convergence results from [18, 17], then in Section 6.2.1 we prove a new result that relates
the convergence to polynomial approximation of the derivative of f. In Section 6.2.2 we
prove that under suitable assumptions the trace of the update (6.1) converges faster than

the full matrix function update.

6.1 Approximation via Krylov subspace projections

The fact that the update (6.1) is often numerically low-rank — as mentioned in Chapter 5

— motivates the search for approximations of the form
F(A+R) = f(A) = Un X (f)Voms (6.2)

where Uy, V;,, are orthonormal bases of suitable (low-dimensional) subspaces U, V,, of

R™ and X,,(f) is a suitably chosen (small) matrix.

A natural choice for U,, and V,, are Krylov subspaces.
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Chapter 6. Low-rank updates of matrix functions

Definition 6.1. The polynomial Krylov subspace associated to A and a (block) vector
B e R™" is
Km(A, B) :=span {B, AB, A°B, ..., A" 'B}.

The rational Krylov subspace [164] associated with g (z) = (z — &)+ (2 — &) for
prescribed poles &1,...,&m € C is

Qm(A)_le(Av B) ‘= Span {Qm(A)_1B7 Qm(A)_lABa Qm(A)_1A2Bv e ,Qm(A)_lAm_lB} .

Given a factorization of the low-rank matrix R,

R = BJCfT7 B, C e Rnxrank(R)’ Je Rrank(R)Xrank(R)

Y

we let U, and V,, be Krylov subspaces generated with the matrices A and A" and
starting (block) vectors B and C, respectively. To make sure that U, and V,, are real
when using rational Krylov subspaces, the set of poles is assumed to be closed under
complex conjugation. Also, we allow for infinite poles and consider the polynomial Krylov

subspace as the particular case where {; =00, j =1,...,m.

Let us now consider the choice of X,,(f) in (6.2). Lemma 2.2 in [18| states that

AR _[fA) fA+R) - fA) 6
0 A+R 0 f(A+R)

For this reason, the coefficient matrix X,,(f) is set to be the (1,2)-block of the (small)
matrix

Ul AU, ULRV,,
0 VI(A+ RV,

The whole procedure is summarized in Algorithm 6.1. The orthonormal bases Uy, Vi,
of G (A) "V (A, B), gm(AT) 1K (AT, C) are computed with the block rational Arnoldi
method described in [68, 26]. This computation is performed incrementally with respect

to m and yields the compressed matrices UL AU,, and V,I (A + R)V,, nearly for free. For
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6.1. Approximation via Krylov subspace projections

choosing m, we use the following heuristic:

IF(A+ R) = f(A) = Un-iXm-a(f)Vin_allz = |Un X (f)Visy = Un—dXm—a(f)Vin_all2

Xon— 0
0 0 ,

for a small integer d, the so called lag parameter. Each step of the block rational Arnoldi
method in lines 4-5 requires either matrix-vector products with A, AT (for an infinite
pole) or solving shifted linear systems with A, AT (for a finite pole). When only a few
different finite poles are present, it can be beneficial to precompute the LU factorization
of the shifted matrix A and reuse it across several steps. We refer to [17, Section 3.1] and

the references therein concerning further implementation details.

Algorithm 6.1 Krylov subspace projection for approximating f(A + R) — f(A)
Input: Matrix A, update R = BJCT, poles & = (&1,...,6m,.. )7, function f(2), lag
parameter d, desired accuracy ¢

1: function KrRYLOV _PROJ(A, B, J,C,&, f(2),d,¢)

2: form=1,..., Mmnax do

3 qm(2) < (2 —&1) (2 — &m)

4:  Compute orthonormal basis Uy, of g (A4)~ 1, (A, B)

5. Compute orthonormal basis V;, of g, (AT) 71, (AT, C)

UTAU,,  UZTRV,,

6:  Compute X, (f) as the (1,2) block of f
0 V.I(A+ RV,

. Xm—d(f) 0
7. if m>dand | X, (f) — < € then
0 0
2
8: break
9: end if
10: end for

11: return U, X, (f), Vin

When A and R are symmetric, we can choose C = B. It follows that U,, = V;,, and

hence only one basis needs to be generated; line 5 of Algorithm 6.1 is skipped. Moreover,
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Chapter 6. Low-rank updates of matrix functions

the computation of X,,(f) in line 6 simplifies to

X (f) = (Up(A+ R)Upn) — f(U AUp,).

6.2 Exactness and convergence results for Algorithm 6.1

In the following, we let
En(f) = f(A+ R) = f(A) = UnXu(f)V,s, (6.4)

denote the error of the approximation returned by Algorithm 6.1. Moreover, we let 11,
denote the space of polynomials with degree bounded by m and II,,, /¢, denote the set of
all rational functions of the form p(z)/qn(2) with p € I1,,.

The properties of Krylov subspaces and the choice of X,,(f) in line 6 of Algorithm 6.1

allow us to prove the following exactness result.
Theorem 6.2 ([18, Theorem 3.2| and [17, Theorem 3.3|). When using rational Krylov
subspaces associated to poles &1, ..., &m (possibly infinite), it holds that

En(f) =0

for all f € 11,/ qm.-

Remark 6.3. For future reference, we note here that the exactness result in Theorem 6.2
also holds when Uy, and Vi, are orthonormal bases of subspaces of R™ which contain the

Krylov subspaces Uy, and Vyy,, respectively.

Such exactness results can be turned into convergence results via polynomial /rational
approximation. For a function f and a set D C C we denote by || f||p := sup,eg | f(2)]

the supremum norm on D.
Definition 6.4. The numerical range (or field of values) of A is
W(A) ={z"Az | z € C", ||z]|2 = 1}.

Theorem 6.5 ([18, Theorem 4.1] and [17, Theorem 4.5]). Let A and R = BJBT be

symmetric, let the set of poles be closed under complex conjugation, and let Uy, = Vi, be
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6.2. Exactness and convergence results for Algorithm 6.1

an orthonormal basis of gm(A) 1 (A, B). Furthermore, let f be analytic in a compact
domain D containing the union of W(A) and W (A + R). Then the error (6.4) returned
by Algorithm 6.1 satisfies

[Em(f)ll2 <4 min |f —r|p.
TEHm/Qm

When A and R are symmetric, the sets W(A) and W(A + R) are closed bounded
intervals on the real line. For non-symmetric matrices, one needs to consider an approx-
imation problem on a larger set. We state the result in the case of polynomial Krylov

subspaces.

A R
Theorem 6.6 (|18, Theorem 4.2]). Let A := and assume that f is analytic

0 A+R
in a neighborhood of a compact set D O W (A). When polynomial Krylov subspaces are
used in Algorithm 6.1 we have that

1Em(f)ll2 < (2+2V2) Jmin || f —pllp.

The numerical range of A can be much larger than the union of W(A) and W (A + R).
Indeed, there are situations [18, Figure 6.2] in which W (A) contains a singularity of f
and hence the bound becomes void. In order to deal with these situations, alternative
convergence results based on integral representations have been developed in [18, 17].
In Section 6.2.1 we provide an alternative way to deal with this problem in the case
of polynomial Krylov subspaces: We provide a convergence result based on polynomial

approximation of the derivative of f on a convex set containing W (A) and W (A + R).

6.2.1 Convergence analysis for polynomial Krylov subspaces

In the rest of this chapter, we consider the case in which i, and V,, are polynomial
Krylov subspaces. The following lemma is key to our analysis; its proof uses a recent

bound on the Fréchet derivative from [49].

Bi1 Bia ,
Lemma 6.7. Let B = for some matrices By1, Bia, Bas € R™"*™ et D be a

0 B
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Chapter 6. Low-rank updates of matrix functions

compact convex set containing W (Bi1) and W (Baz), and let f be analytic in D. Then

IFB)lrzllr < (1+V2)*[If'|lpl Brzll -

Proof. For n x n matrices A and B, let L;(A, B) denote the Fréchet derivative of f at
A applied to the matrix B and let L(A,-) denote the corresponding linear operator

represented as an n? x n? matrix. By [110, Theorem 4.12],

By 0 0 B2
f(B) = f(D)+ L{(D,N), where D := and NV :=
0 Ba 0 O

Because f(D) is block-diagonal, we have that

IS (B),2

|p = I1Ly(D, NIl < Lg(D, )2 - [ Bizllp-

Corollary 5.1 in [49] states that || L(D,-)|l2 < (1 4+ v2)?||//|lw(p), which concludes the
proof because W (D), as the convex hull of W (Bj;1) and W(Baa), is contained in D. [

A R
Lemma 6.7 applied to the matrix combined with (6.3) immediately

0 A+R

implies the following result, which might be of independent interest.

Corollary 6.8. Let A, R € R™", let D be a compact convex set containing the union of
W(A) and W(A+ R), and let f be analytic in D. Then

IF(A+R) = f(A)]r < (1+ V22| f'[lnl|R] . (6.5)

When A and R are Hermitian, it is well known that the inequality (6.5) holds without
the constant (1 4 v/2)?; see, e.g., [171, Proposition 3.1.5]. For general diagonalizable
matrices A and A + R, Corollary 2.4 in [82] states that

If(A+R) = f(A)lF < Kev(A)kev(A+ R)max|f'] - | Rl F,

where Key(A), kev(A + R) are the condition numbers of any eigenvector matrices of A

and A + R, respectively. The maximum of |f’| is taken over the convex hull of the

84



6.2. Exactness and convergence results for Algorithm 6.1

spectra of A+ R and A. Corollary 6.8 instead holds for any matrix and does not feature
the potentially large constant key(A)keyv(A 4+ R), at the cost of bounding f’ on a larger

domain.

We are now prepared to state a convergence result for Algorithm 6.1.

Theorem 6.9. Let A € R™" R = BJCT € R™", and let f be analytic in a compact
convex set I containing W(A) and W(A+ R). Let Uy, and Vy, be orthonormal bases
of Up, = Kin(A, B) and Vy, = K (AT, C), respectively. Then the error of Algorithm 6.1
satisfies
1En(Nllr <200+ V2?(IR|lr _inf | f = pllo.
p€llm—1

m—

Proof. The first part of the proof is the same as in Theorem 4.2 in [18]: Theorem 6.2
implies that for all ¢ € I1,,, we have E,,,(f) = En(f — q), therefore

IEm(F)lr=1I(f = a)(A+ R) = (f — )(A) — UnXim(f — )V, |IF
<(f = A+R) = (f — ) Dl + [UnXm(f — )V | 5
<N(f —)(A+R) = (f —)(A)lp + | Xm(f — @)llF. (6.6)

Moreover, by definition (line 6 in Algorithm 6.1), we have X,,(f — ¢) = [(f — ¢)(A)]1.2,

. Ul AU, ULRV,,
where A := . We can now leverage Corollary 6.8 to get
0 VI(A+ RV,

I(f = ) (A+R) = (f =) D)Ir < 1+ V22— ¢)[ol| Bl| -

and Lemma 6.7 to get
1Xm(f = @)llr < L+ V22 1(f = @) I |UnRVinllp < (1+V2)2(I(f = a)'[Ibl| Rl F,

because of the inclusions W (UL AU,,) € W(A) and W(VL(A + R)V,,) € W(A + R).
Combining these with (6.6) gives the result of the theorem, because ¢’ € I1,,_1 can be

chosen arbitrarily. O

Remark 6.10. Let us compare the result of Theorem 6.6 with Theorem 6.9. Note that
although the first bound features a somewhat smaller constant and the approximation of
f instead of f’, the latter has the major advantage that the convex hull of W(A) and
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W(A+ R) can be much smaller than the numerical range of A.

6.2.2 Convergence analysis for the trace of the update

Let us consider a symmetric matrix A and a symmetric update R = BJBT. When we
are interested in the trace of f(A + R) given that the trace of f(A) has already been

computed, Algorithm 6.1 can be used to obtain the approximation
tr (f(A+ BJBT) = f(A)) = tr (UnXm(HUL) = tr (Xm(f)) (6.7)

When polynomial Krylov subspaces are used, we can prove an exactness result for (6.7)

which is stronger than Theorem 6.2.

Theorem 6.11. Let A € R™" and R = BJBT € R™" be symmetric, and let U, be an
orthonormal basis of Ky (A, B). Then

tr (Xim(p)) = tr(p(A+ R) —p(A)) for all p € Hap,.

Proof. By linearity it is sufficient to show that the theorem holds for monomials, that is,

we need to prove that
tr (UL(A+ R)Up)?) — tr (ULAUR)) = tr ((A+ R)7) — tr (A7)
for j =0,1,2,...,2m. The left hand side is a sum of terms of the following form:
tr ((U,?QAUm)%(UQBJBTUm)bl(UgAUm)a1 . (UZ;BJBTUm)bh(UZ;AUm)ah> . (6.8)

for some h > 1, ag,ap, >0, a1,...,ap_1 > 1,b1,...,0p > 1, and ag+ b1 + ... +ap_1 +
br, + ap, = j. By [165, Lemma 3.1] we have that

Un (UL AU, UL B = A*B (6.9)
for all k =0,...,m — 1. Moreover, it is easy to see that for £ > 1 we have
(urBJBTU,)¢ = UL (BJBT)*U,, = UL B(JBTB)*'JBTU,,.
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Then, using (6.9) and the cyclic property of the trace we rewrite (6.8) as

tr ((UﬁAUm)GO(UgBJBTUm)bl(U@AUm)al S (UgBJBTUm)”h(UgAUm)%)
h—1

= tr <(U£AUm)“0UZ;B (H C’ai,bi> (JBTB)bhlJBTUm(Un{AUm)ah>
=1

h—1
= tr <0a0+ah,bh H Cai,,bi)

=1

(6.10)

with C, = (JBTB)*"1JBTU,,(UL AU,,)*ULB for b> 1 and 0 < a < 2m — 1.

We claim that C,, = (JBTB)*"1JBTA*B: if a < m — 1, this follows directly from

the exactness property (6.9); if a > m, we write C, as

(JBTB)"~1J BTU,, (UL AU, )" 'UL AU, (UL AU,,)* UL B

BT pAm—1 AarmB

and use the exactness property (6.9) on the two selected parts to arrive at the same

conclusion. Finally, incorporating the rightmost factor B of C, p, into Cy,, , p,,, We obtain
that (6.10) is equal to
tr (JBTB)" T BT AT (BB A - (BIBT ) AT B)
By means of the cyclic property of the trace we finally get
tr (A% (BJBT)" A" - (BJBT)" A )
which matches the terms in the expansion of tr (A 4+ BJBT)7) — tr(A4%). O

The following theorem provides an a priori estimate on the error of the approximation

of the trace of a matrix function update obtained by Algorithm 6.1.

Theorem 6.12. Let A and R = BJBT be symmetric and let f be defined on an interval
D C R containing the eigenvalues of A and A+ R. Then

[tr (f(A+BIBY) = f(4)) = tr (Xm(f)] < 4n min | = pllo.

2m
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Proof. By Theorem 6.11, for all polynomials p € Ily,, we have that

[tr(f(A+ R) - f(A) (Xm ()|
= [tr((f =p)(A+ R)) = tr((f —p)(A))+
tr((f — p)(UT(A + R)Up)) = tx((f = p)(Un AUn))|
< [tr((f = p)(A+ R)[+[tr((f = p)(A))]
+[tr((f = ) (Un(A + B)Un))| + [ tr((f — p)(Uy, AU))|
<nl|l(f =p)(A+ R)ll2 +nll(f = p)(A)l2
+0l|(f = p)(Un (A + R)Un)ll2 + nll(f = p) (U AU ||2-

) — tr

For a normal matrix X and a function g, it holds that ||g(X)|]2 < [|g][(x), where A(X)
denotes the convex hull of the eigenvalues of X. As A(A + R), A(A), A(UL(A + R)Uy,),
and A(UL AU,,) are all contained in D, it follows that the right hand side of the above
equation is upper bounded by 4n||f — p||p. Taking the minimum over all polynomials

p € oy, concludes the proof. O

Example 6.13. Consider SPD matrices A, R € R™*"  and denote by [a, §] an interval
containing the eigenvalues of A and A+ R. The best polynomial approzimation error on

such interval when f(z) = +/z decreases as 4™, where

- VB/a—1
VBla+1

see, e.qg., [181, Theorem 8.2]. Therefore, the error in the approxzimation of f(A+ R)— f(A)
via Algorithm 6.1 decreases geometrically with rate -y, while the error in the approzimation
of tr(f(A+ R) — f(A)) decreases with rate v* thanks to Theorem 6.12, that is, twice as
fast.

Numerical examples

Figure 6.1 reports numerical experiments to explore the scope of the result of Theorem 6.12.
In Figure 6.1(a) we have applied Algorithm 6.1 with polynomial Krylov subspaces to
a random symmetric matrix A and random symmetric update R. As expected from
Theorem 6.12, the trace of the update converges at double speed with respect to the error
of the full update.
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Figure 6.1(b) features polynomial Krylov subspaces with a random non-symmetric

matrix A and Figure 6.1(c) features a rational Krylov subspace method applied to

symmetric A and R. In these two situations, there is no significant difference in the

convergence of the trace of the update.
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(a) Polynomial Krylov applied
to symmetric A and R

Figure 6.1 — Convergence of the errors | f(A+ R) — f(A) —
F(A) = Un X (N)Vi)ll2, and | tr(f(A+ R) — f(A) = Un X (f)
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(b) Polynomial Krylov applied
to non-symmetric A
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(¢) Rational Krylov applied to
symmetric A and R

m(F)Villp, |diag(f(A + R) —
1| for f = exp.
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fd Divide-and-conquer algorithms for

matrix functions

In this chapter, we design new algorithms for approximating functions of matrices that
can be recursively decomposed as the sum of a block-diagonal matrix D and a low-rank
correction. This is the case for banded matrices, HSS matrices (see Section 7.1.3), and

sparse matrices corresponding to graphs with community structure [146].

The update f(A) — f(D) is approximated using Algorithm 6.1 with suitable Krylov
subspaces. We perform the evaluation of f(D) recursively, leading to a D&C algorithm.
Similarly to the a priori bounds on f(A) mentioned in Chapter 5, we prove that the
effectiveness of the D&C algorithm is related to best polynomial or rational approximation.
The advantage of our approach is that the use of Krylov subspaces bypasses the need of
choosing an a priori polynomial or rational approximation of f and this can be beneficial

if there are some outliers in the spectrum of A.

For banded matrices A, polynomial Krylov subspaces associated to low-rank updates
inherit sparsity. Thanks to this fact, we can develop an algorithm that allows for a
more compact description of the low-rank updates and a more efficient implementation,
which we call block diagonal splitting method. Our algorithm is based on covering A
with overlapping blocks and only needs the evaluation of f on these blocks. A related,
although significantly different, technique has been proposed in [170] for approximating
the exponential of infinite banded matrices. The equivalence of our method with low-rank
updates allows us to prove a convergence result that connects the error of the algorithm
with polynomial approximations of f. When only the diagonal of f(A) is needed, we

observe accelerated convergence and we confirm this by theoretical results.
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The remainder of the chapter is organized as follows. Section 7.1 is dedicated to the
D&C algorithm for matrix functions and its convergence analysis. Numerical experiments
for banded and HSS matrix arguments are presented in Section 7.2. In Section 7.3 we
present and analyze the block diagonal splitting algorithm for banded matrices. The

performance of the splitting algorithm is validated in Section 7.4.

7.1 Divide-and-conquer for matrix functions

7.1.1 Divide-and-conquer for matrices with low-rank off-diagonal blocks

In this section we use low-rank updates to devise a D&C method for functions of matrices
that have low-rank off-diagonal blocks. More specifically, let us assume that A € R™*"

can be block-partitioned as

All A12 nyXn T2 XMN:
A= + , Aj €R™XM Ay, € R (7.1)

Ap Ao

where the off-diagonal part Ap has low rank and the diagonal blocks can be recursively
block-partitioned in the same fashion. Examples of matrix structures that have this

property are banded matrices and HSS matrices [41]; see also Section 7.1.3 below.

The computation of f(A) is split in two tasks: computing f(Ap) and computing
f(A) — f(Ap). The latter quantity is approximated via Algorithm 6.1 exploiting that
Ao = A — Ap has low rank; the former decouples into the computation of f(A;1) and
f(Aa2). Since we assume that the blocks A;; can again be decomposed into the form (7.1),
the described procedure is applied recursively for computing f(A;;), ¢ = 1,2. Finally,
when the size of a block A;; is below a minimal block size n; < nyin, we evaluate f(A;;)

with a standard dense method, like the scaling and squaring method [110] for f = exp.

Algorithm 7.1 summarizes the described D&C method for matrix functions. The D&C
method simplifies when certain selected quantities of f(A), like the diagonal or the trace,

are of interest. Because of linearity, it suffices to evaluate the diagonal or the trace of the
low-rank update UXV” ~ f(A) — f(Ap); see lines 19 and 21 of Algorithm 7.1.

Theorem 6.2 directly implies the following result.
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7.1. Divide-and-conquer for matrix functions

Algorithm 7.1 Template of D&C algorithm for matrix functions

Input: Matrix A € R™*"™, poles &, function f(z), lag parameter d, desired accuracy e,
minimum block size npi,, parameter flag that indicates whether the full matrix
function, its diagonal, or its trace is needed

1: function D&C_ FUNM(A,E, f(2),d, €, Nmin, £1lag)

2: if n < npin then

3:  if flag = “full” then

4: return f(A)

5. else if flag = “diagonal” then

6: return diag(f(A))

7. else if flag = “trace” then

8: Compute the eigenvalues \j, j =1,...,n, of A

9: return 3 7 f()))

10:  end if

11: end if

12: Given a decomposition (7.1), retrieve a low-rank factorization Ap = BJCT

13: [U, X, V] «<~KRryLOV_PROJ(Ap, B, J,C,&, f(z),d,¢€) (Algorithm 6.1)
14: F11 <+ D&C_ FUNM(A11,E, f(2),d, €, Nmin, £1lag) (Recursion)
15: Fho + D&C  FUNM(Ag9,&, f(2),d, €, Nmin, £lag) (Recursion)

—
=2}

. if flag = “full" then

return [F“ FQQ} +UXxvT

: else if flag = “diagonal" then
return [%g] + diag(UXVT)
. else if flag = “trace" then

return Fi; + Fay + trace(VIUX)
. end if

[ S
© % 3

NN

Proposition 7.1. Let A € R™*™ and consider qm(z) := [[1=1(z — &) for a set of m poles
&1, &m € CU{o0} closed under complex conjugation. Then Algorithm 7.1 applied to A
and a function f € I, /qm is exact, provided that Algorithm 6.1 called in Line 13 utilizes

all m poles.

7.1.2 Algorithm 7.1 for banded matrices

Let us first consider the application of Algorithm 7.1 to a banded matrix A with bandwidth
b, that is, such that a;; = 0 whenever |i — j| > b. Then the off-diagonal part Ap in
the decomposition (7.1) has rank at most 2b. Under the idealistic assumption that
Algorithm 6.1 converges in a constant number of iterations (independent of n), computing

the low-rank update on the top level of recursion requires O(b?n) operations when
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using either polynomial or rational Krylov subspaces. Thus, the total complexity of
Algorithm 7.1 is O(b*nlogn), provided that nyi, = O(1) (that is, the minimum block

size is a constant which is independent of n).

Remark 7.2. By an appropriate correction of the diagonal blocks in the decomposi-
tion (7.1), it is possible to reduce the rank of the off-diagonal part to b (similarly to
Ezample 5.3). Although this clearly has the potential to result in lower-dimensional Krylov
subspaces in the low-rank update, it also bears the danger of leading to diagonal blocks for
which f is not defined or difficult to approximate. When A is SPD then the rank-b update
can be chosen such that the diagonal blocks remain SPD [124, Section 4.4.2].

Remark 7.3. When Algorithm 7.1 is used with polynomial Krylov subspaces for banded
A then it can be shown that the output is again banded (but with larger bandwidth).
However, in such a situation a much simpler approach is possible, which will be described

in Section 7.35.

7.1.3 Storing the output of Algorithm 7.1 using HSS matrices

Except for the situation described in Remark 7.3, the approximation of f(A) constructed
in line 17 of Algorithm 7.1 is not banded. To still efficiently represent this approximation,

we use HSS matrices.

In the following we give a brief introduction to HSS matrices; see [132, 137, 194] for
more details. The HSS format is associated to a recursive partitioning of the matrix,

which we now formalize.

Definition 7.4. Given n € N, let Tr, be a perfect binary tree of depth L whose nodes are
subsets of {1,...,n}. We say that Ty, is a cluster tree if it satisfies:

o The rootis I := I = {1,...,n}.

o The nodes at level £, denoted by If, e ,Igg, form a partitioning of {1,...,n} into
consecutive indices:

(5)}

i

If = {nl(-{)l—l—l...,nge) —-1,n

for some integers 0 = n((f) < nge) <. < néi) =n,{=0,...,L. In particular, if
() 0 ¢
n;2y =mn;  then I} = 0.

e The children form a partitioning of their parent.
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7.1. Divide-and-conquer for matrix functions

Usually, the cluster tree Ty, is defined such that the index sets on the same level £
have nearly equal cardinalities and the depth of the tree is determined by a minimal
diagonal block size nmin for stopping the recursion. In particular, if n = 2Lnpin, such a
construction yields a perfect tree of depth L in which all the leaves correspond to nmin

indices.

The block structure of an HSS matrix is determined by 7T;. The diagonal blocks

D; := A(IF, IF) are treated as (small) dense matrices. All other blocks are of the form

1771

A(If,[f) for some siblings If,[f in 77, (that is, for any pairs of nodes with the same

parent); for an HSS matrix of rank k, each block has rank (at most) k. Therefore, each

block admits a factorization

A(IE Itf) _ U(f)Sl(f)(‘/}(e))T’ Sz(i) € RF*K, Ui(g) c R”E[)Xk, ij(f) c Rnﬁaxk.

Moreover, the factors Ui(e),Vj(Z)

specifically, there exist so called translation operators, Rgf)l., Rg)j € R2¥F guch that

are nested across different levels of 7, [194]. More

(£+1) (£+1)
0 _ |V2a’ 0 (0 o_ |V’ 0 ()
Ui” = (0+1) Ry Vit = (1) |~V
0 Us; 0 Vaj

where Ig;r_ll, Ig;rl and Igj_ll, Iﬁjl denote the children of If and [ f , respectively. Given the
bases Ui(L) and Vi(L) at the deepest level L, the low-rank factors Ui(g) and VZ-(K) for the
higher levels ¢ = 1,...,L — 1, can be retrieved by means of the translation operators.

Figure 7.1 illustrates the HSS format graphically.

Summarizing, for storing an HSS matrix A we need:

the diagonal blocks D;,

the bases Ui(L), Vi(L),

the core factors SZ(‘? and S j(»?,

the translation operators R(Ug)i, Rgf)i,

The storage cost is O(kn). Note that we have used a uniform rank k for the off-diagonal

blocks to simplify the description; in practice these ranks are chosen adaptively. The HSS
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IY={1,... 4nmn}

N

1 _ 1 _
Il = {1,...,2nmin} 12 —{2nm1n+1,...,4nmin}
Z={1,...,%min} 13 ={2min+1,..., 2nmin} I3 = {2nmin +1,..., 3nmin} I3 = {87min + 1,. .., 4nmin}

=
-

sy |

e (VT Dy

b |

=
-

1 1
o -0

of? |12 [0 Ds

Figure 7.1 — Illustration of an HSS representation of a matriz of size n x n with cluster tree of
depth L = 2, where for simplicity we assume that n = 4dnyiy s a multiple of 4.
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format also allows for fast algorithms for matrix operations. For example, multiplying a
matrix with HSS rank k& with a vector costs O(kn); solving a linear system and computing

the corresponding decomposition costs O(k?n) (see, e.g., [137, Figure 6]).

In the context of Algorithm 7.1, we choose a cluster tree that aligns with the (recursive)
decompositions (7.1). In turn, the sum at line 17 is performed using HSS arithmetic and
is combined with a re-compression step to mitigate the increase of the HSS rank. This
costs O(k:zn) operations, assuming that the HSS ranks of Fi1, Fby and the rank of UXVT
are O(k) [137].

7.1.4 Algorithm 7.1 for HSS matrices

We now discuss the situation when the HSS structure is not only used for storing the
output of Algorithm 7.1 but when the input matrix A itself is also an HSS matrix. In
this case the decomposition (7.1) is aligned with the cluster tree 77, associated with A
as this choice guarantees that the rank of Ap is bounded by 2k and that the outcome
inherits the same cluster tree of the input matrix. In Algorithm 7.1 we can exploit the

fact that fast algorithms are available for HSS matrices as follows:

e We retrieve B and C' in line 12 by means of the translation operators (O(k?n)).

e The Krylov subspaces in Algorithm 6.1 are generated by performing matrix-vector

products and/or solving shifted linear systems with HSS algorithms.

e We use the HSS structures of Ai1, Ags in the recursive calls in lines 14-15 and we

return HSS matrices F11 and Fos.

Let us analyze the cost of Algorithm 7.1 for the input (77, k)-HSS matrix A, with
L = O(log(n)), and flag = “full”. We again make the idealistic assumption that
Algorithm 6.1 converges in a constant number of iterations, independent of k£ and n, and
that the outcome of the (compressed) sum at line 17 has always HSS rank O(k). Then,
we have that the low-rank updates at level £ € {0,1,...,L — 1} cost O(kzz(ny) - nz({)l)),

i=1,...,2% when using either polynomial or rational Krylov subspaces. Since the sum

at line 17 costs O(kQ(ngé) - nﬁ)l)) too, the asymptotic complexity of each non-base level
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of the recursion is
24

oY —nl) | = 0kn).

=1

The base of the recursion requires us to evaluate O(n/nmi,) functions of matrices of size at
2

MOost Nmin X Nmin; assuming a cubic cost for matrix function evaluations yields O(nz; n).

Hence, the overall complexity of Algorithm 7.1 for HSS matrices is O(k%nlog(n)).

7.1.5 Convergence results for D&C algorithm

Convergence results for Algorithm 7.1 can be obtained from the convergence results on
low-rank updates of matrix functions discussed in Section 6.2.2. In the following, we let
71 denote the (perfectly balanced) binary tree of depth L associated with the recursive

decompositions performed in line 12.

Theorem 7.5. Let A be symmetric and let f be a function analytic on an interval D
containing the eigenvalues of A. Suppose that Algorithm 7.1 uses rational Krylov subspaces
with poles &1, ...,&m, closed under complex conjugation, for computing updates. Then the

output F'y of Algorithm 7.1 satisfies

1f(A) = Falz <4L- min [|f —7|p,
TEHnL/Q’m

where gm(2) = [[2, (2 - &)

Proof. Using the index sets contained in 77, (see Definition 7.4), the matrices to which

Algorithm 7.1 is applied to in the £th level of recursion are denoted by

C_oa(7t 7t

for £ < L. Analogously, we let G? denote the update of the form UXVT computed in
line 13. We aim at proving the following bound for the error of Algorithm 7.1:

L—1 f(AZ+1 )
IF(A) = Fallz < max_|[f(a9) - | ¥ ~ G| . (7.2)
=0 I f(Ag}rl) )

This bound implies the statement of the theorem because by Theorem 6.5 each term
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appearing in the sum can be bounded by

FASTE)

f(A% -
F(ASTh)

~ Gl <4 min |f -7,
rellm/qgm

2

where we used that the eigenvalues of principal submatrices of A are contained in .

The proof of (7.2) is by induction on L, the number of levels. When L = 1, the
definition of F4 yields

Al
1) = Falla = [ rcany - [T -Gy

f(A3)

2

Now, suppose that (7.2) holds for L — 1. Then the result for L > 2 is proven by observing

Fi
If(A) = Falla = | f(AD - | |1 +GY
Fy ,
1 1
_ f(A(f)— f(A1) —G?—i— f(A7) _ FA}
i F(A3), f(A3) Fa |,
1 1y 1
< Nyean — 764D I I IE(CHE
_ f(4h)] . Jay) ~Fa ||
» .
“lran— |l b e b - gl
_ F(4h)] ,

Each of the terms || f(A}) — FA}C |l2 corresponds to applying Algorithm 7.1 with a cluster
tree of depth L — 1, for which (7.2) holds by the induction assumption; therefore, (7.2)
also holds for L. O

Corollary 7.6. Under the assumptions of Theorem 7.5, when using polynomial Krylov

subspaces in Algorithm 6.1, we have that
[trace(f(A)) — trace(F4)| < 4nL nll_}n IIf — pllp-
pellam
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Proof. Analogously to the proof of Theorem 7.5, we can bound

[trace(f(A)) — trace(F4)|

L—1 2¢ AE'
< trace(f(A?))_trace I 2]*1)

=1 F(A55)

- trace(G?)

~
Il
o

and use Theorem 6.12 to conclude. O

7.2 Numerical tests for Algorithm 7.1

In this section we test Algorithm 7.1 on a variety of matrices and functions coming from
different applications. The minimum block size parameter nyi, is set to 256 for all our
experiments, and the tolerance is € = 10™® for all experiments, unless otherwise noted.
The lag parameter in Algorithm 6.1 is set to d = 1. The algorithm has been implemented
in Matlab, version 9.9 (R2020b) and the code for reproducing the experiments in this
chapter is available at https://github.com/Alice94 /MatrixFunctions-Banded-HSS. The
computations with HSS matrices have been performed using the hm-toolbox [137]. This
requires choosing a minimum block size and a tolerance parameter, which we set to be

equal to nyi, and €, respectively.

In all tables referring to the computation of matrix functions f(A) the columns denoted
by “Err” contain the relative error in the Frobenius norm computed with respect to the
value of f(A) obtained by dense arithmetic, whenever the size of the matrix allows for

computations in dense arithmetic.

7.2.1 Space-fractional diffusion equation without source

Let us consider the fractional diffusion problem:

fuled) — Zulet) 4 D (a,4) € (0,1) x (0,
u(z,t) =0 (z,t) € (R\[0,1]) x [0, T]
u(z,0) = up(x) z € [0,1]
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where « € (1,2) is a fractional order of derivation and %, 8?%

and right-looking ath derivatives. Discretizing in space by means of the finite difference

denote the left-looking

scheme based on Griinwald-Letnikov formulas, with step size Ax = n%rl, yields
g%a) g(()a) o ... 0 0
a” g% @’ 0 .. 0
u(t) = Au(t 1
() () A:Tn+Tga T, = o ,
u(0) = uo . 0
gr(Loz_)l g§a) g(()a)
IR PR S
where
o o _1)k+1
g((J):_17 g,i):(k'a(oz—l)(a—k—l—l), k:177n7

and u(t),up € R” contain the sampling of the solution and of the boundary condition,
respectively, at the spatial points jAx, for j = 1,...,n. In particular, evaluating the

A

solution at time t = 1 as u(1) = e”ug requires the computation of the matrix exponential

of A which is well approximated in the HSS format [135].

Concerning the latter task, we compare the performances of our D&C method (Algo-
rithm 7.1) with polynomial Krylov subspaces and of the function expm of the hm-toolbox

that makes use of a Padé approximant combined with scaling and squaring.

The results are reported in Table 7.1. The column labeled as “Dense” corresponds
to the evaluation of the matrix exponential with dense arithmetic via Matlab’s expm
function. This has been computed up to size n = 8192 and demonstrates that D&C is
slightly more accurate; expm (HSS) and D&C are cheaper than the dense method from
sizes 4096 and 2048, respectively.

7.2.2 Sampling from a Gaussian Markov random field

This case study, taken from [115], arises from computational statistics and it concerns a

tool often used to model spatially structured uncertainty in the data. Given a cloud of
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A D&C expm (HSS) Dense e

Size HSS rank | Time Err Time Err Time | HSS rank
512 10 0.09 1.89-107%| 0.57 3.78-107% | 0.03 13
1,024 11 0.18 2.34-107% | 1.01 6.75-10"% | 0.15 15
2,048 13 038 4-107% | 1.77 9.88-107% | 0.96 23
4,096 14 1.09 485-107%| 3.99 1.44-1077 | 8.94 23
8,192 15 311 6.09-107% | 10.22 1.16-10"7 | 70.75 25
16,384 15 8.61 18.48 26
32,768 16 22.18 37.22 27

Table 7.1 — Computation of e in the HSS format for the coefficient matriz A of the fractional
diffusion problem discussed in Section 7.2.1. We compare the performances of the expm function
of the hm-toolboz [137] and of the DEC approach proposed in Algorithm 7.1.

points {s;}I*; C R? we introduce Gaussian random variables z; for i = 1,...,n at each
T

point. The vector x = |z ... g,| is referred to as a Gaussian Markov random field

(GMRF) when it is distributed according to the precision (inverse covariance) matrix

A = (a;j) € R™"™ depending on two positive parameters ¢ and 0 as follows:

I+¢- S X8, ifi=j 1 if|[s; — s4l|2 < 6,

aij = k=1,k#i where ij =

—d- X0 ifij 0 otherwise.
ij
A sample v € R” from a zero-mean GMRF with precision matrix A is obtained as

v = Aféz, where 2 is a vector of independently and identically distributed standard

normal random variables.

When many samples are needed, it is convenient to store an HSS representation of
A~3 so that each sample requires only a matrix vector product with an HSS matrix. In
this experiment we set ¢ = 3, we generate n = 27 pseudo-random points s; in the unit
interval (0, 1), and we choose § = 0.02-2977 for j =9,...,18. Sorting the points s; yields
precision matrices that are symmetric, diagonally dominant and with bandwidth in the
range (19, 26].

As suggested in Remark 7.2, as the matrix A is banded and SPD we use a decomposition

which features rank-b updates; we observed a speed up with respect to doing rank-2b
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updates in our experiments. In Algorithm 6.1 the projection method used for computing
the updates in the D&C is the Fxtended Krylov method, which alternates poles 0 and
00. More precisely, the mth extended Krylov subspace associated to a matrix A and a
(block) vector B is

A""Kom(A, B) :=span|B,A"'B,AB,..., A" 1B, A" B]|.

We compare the computation of A~2 in the HSS format by means of our D&C scheme
with the function sqrtm contained in the hm-toolbox [137] which combines the Denman
and Beavers iteration (see, e.g., [110, Section 6.3|) with the HSS arithmetic.

The results reported in Table 7.2 show that the D&C approach yields a significant
reduction of the computational time with respect to sqrtm (HSS). For the largest instance,
n = 32,768, we have profiled the computing time spent at the different stages of the D&C
method. The generation of the bases of the extended Krylov subspaces consumed about
25% of the total time while about 50% was spent to sum the (low-rank) updates to the
block diagonal intermediate results. Around 20% was used for computing the projected
matrices and evaluating the inverse square roots of the diagonal blocks at the lowest level

of recursion and of the projected matrices.

7.2.3 Merton model for option pricing

We consider the evaluation of option prices in the Merton model for one single underlying
asset, as in [123, Section 6.3]. More specifically, we compute the exponential of the
non-symmetric Toeplitz matrix A arising from the discretization of the partial integro-

differential equation

2 2 +00
Wy = e + <r — Ak — 2) we — (r+ANw+ )\/_OO w(&+n,t)p(n)dn,
where w(§,t) on (—oo,+00) x [0,7] is the option value, T" is the time to maturity,
v > 0 is the volatility, r is the risk-free interest rate, A > 0 is the arrival intensity of a
Poisson process, ¢ is the normal distribution with mean p and standard deviation o, and
Kk = erto°/2 _ 1. We use the same discretization and parameters as [123, Section 6.3]
and [128, Example 3|.

We aim at approximating exp(A), for different values of the matrix size n. To do so,
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A D&C sqrtm (HSS) Dense A2
Size Band | Time Err Time Err Time | HSS rank
512 22 0.05 2.02-107° | 0.49 3.44-107° | 0.02 14
1,024 20 0.16 345-107°| 141 522-107° | 0.13 17
2,048 19 037 3.76-107% | 3.99 6.38-1072 | 0.95 19
4,096 21 08 323-107°| 9.05 561-1079| 9.03 19
8,192 22 246  3.46-107° | 21.27 6.61-107° | 70.42 20
16,384 25 5.7 48.92 22
32,768 26 15.12 102.65 25
65,536 26 | 26.25 209.56 24
131,070 25 | 60.44 417.21 24
262,140 26 | 146.97 918.81 26

Table 7.2 — Computation of A~% in the HSS format for the precision matriz A of the Gaussian
Markov random field discussed in Section 7.2.2. We compare the performances of the sqrtm
function of the hm-toolboz [137] and of the DEC approach proposed in Algorithm 7.1.

we first compute an HSS approximation H of A using the hm-toolbox [137], then rescale
it by dividing by 2M°g21ll21 then we apply Algorithm 7.1, and finally we square the
result [logy ||H||2] times in the HSS format. We use polynomial Krylov subspaces for the
updates in Algorithm 7.1. For different values of n, we compare the output of the described
method with the expm algorithm from the hm-toolbox [137] and the algorithm sexpmt
proposed in [123]. In order to attain a similar accuracy to the sexpmt algorithm, we set
the tolerance parameter ¢ = 107!2 in Algorithm 7.1 and for HSS computations in the

hm-toolbox [137]. The results are summarized in Table 7.3.

7.2.4 Neumann-to-Dirichlet operator

Consider

0? d
524 = Au, e lo=0= —b, U |z=t00 =0 (7.3)

for a non-singular matrix A which is the discretization of a differential operator on some
spatial domain © C R’. Then (7.3) is a semidiscretization of an (¢ 4 1)-dimensional PDE
on [0, 4+00) x €; the solution is given by u(z) = exp (—xA_1/2) A~1/2p. In particular,
u(0) = A~Y/2b and the operator A~1/2 is called Neumann-to-Dirichlet (NtD) operator as
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A D&C expm (HSS) sexpmt Dense et
Size Time Err Time Err Time Err Time HSS rank
512 0.49 266-107' | 057 2.34-1071° 0.16 2.95-10712 0.1 18
1,024 0.86 7.13-107'° | 1.82 599-107'° | 054 2.04-107' | 0.69 18

2,048 2.4 1.18-107° | 416 8.03-107° | 1.31 3.37-107*' | 5.05 17
409 | 5.53 6.19-107% | 8.06 2.96-10"8 739  1.86-1071° | 42.33 19
8,192 9.6 565-1077 | 16.23 3.1-1077 25.52  1.35-107° | 323.18 18
16,384 | 20.58 33.71 98.41 20
32,768 | 46.13 67.43 419.82 20

Table 7.3 — Computation of e in the HSS format for the coefficient matriz A in Section 7.2.3. We
compare the performances of our Algorithm 7.1 with the expm function of the hm-toolboz [137]
and the sexzpmt algorithm of [123].

it allows for conversion of the Neumann data —b at the boundary x = 0 into the Dirichlet

data u(0), without needing to solve (7.3) on its unbounded domain.

As in [65, Example 6.1], we consider the inhomogeneous Helmholtz equation
Au(z,y) + kK u(z,y) = f(z,y), f(z,y) =108(x — 5117/512)5(y — 507 /512)

for k = 50 on the domain [0, 7]2. The matrix A corresponds to the discretization of —% —
k% on [0, 7] by central finite differences. We consider step sizes h € {n/2°,... m/2!5}
and compute the NtD operator A='/2 in the HSS format using the D&C algorithm 7.1;
Table 7.4 illustrates the comparison with the computation of A=1/2 in dense arithmetic. For
computing the inverse square root, we move the branch cut to the negative imaginary axis,
that is, when expressing z = pexp(if) for 0 € [—g, 37”] we define f(2) := p~'/2exp (—ig).
This avoids a discontinuity on the negative real axis, where some of the eigenvalues of A
lie. For the updates, we use the complex extension of Algorithm 6.1 with rational Krylov
subspaces where we cyclically repeat 6 poles coming from the degree-6 approximation to
f(z) = 272 on the set S := [~b, —a] U [a, b] for b= || A2 (estimated with normest (A))
and a = 1/||A7!||2 (computed via b / condest(A)) described in [65, Section 2]. As the
spectral interval of A contains zero, which is a singularity of the inverse square root
function, the assumptions of Theorem 7.5 are not satisfied. When applying Algorithm 6.1
for the low-rank updates, the projected matrix in line 6 in practice could be almost
singular, leading to instabilities in the computation of its inverse square root; however,

this does not happen in our example.
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A D&C Dense A~1/2
Size Time Err Time | HSS rank
512 1.18 253-107% | 0.13 12
1,024 | 0.99 3.59-107% | 0.21 13

2,048 1.84 4.26-107% | 0.92 20
4,096 | 3.23 6.39-107% | 6.73 20
8,192 | 7.89 82-107% | 64.74 20
16,384 | 16.75 20
32,768 | 37.7 20

Table 7.4 — Computation of A=/? in the HSS format for Neumann-to-Dirichlet problem discussed
in Section 7.2.4.

7.2.5 Computing charge densities

The approximation of the diagonal of a matrix function applies to the calculation of the
electronic structure of systems of atoms. In particular, the charge densities of a system

are contained in the diagonal of f(H), where f is the Heaviside function

1 <0
f(z) =

0 >0

and H is the Hamiltonian matrix that is given by the sum of the kinetic and potential
energies. The entries of Hamiltonian matrices usually decay rapidly away from the main

diagonal. Let us consider the parametrized model Hamiltonian given in [19, Section 4.3]:

G—DA+(j—1)0 i=i, j=j
H e RNoNxNoNe 0 Ho Ny (= 1) = § C - el i=i, j#5

_ ¢ . -lid i
o (=751~ © otherwise

where we have set the parameters’ values: N = 5, Ny = 1600,A =10~ 6 =107%,C =
107!, and n,g = 5000. The HSS structure of the matrix H is shown in the left part of
Figure 7.2. We compute the diagonal of f(H) by means of Algorithm 7.1 and exploiting

the relation

f(z) = (1 —sign(z))/2.
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More specifically, we use Algorithm 7.1 to compute the diagonal of sign(H); then we
subtract the latter from the vector of all ones and we divide by 2. The procedure has
terminated after 3.52 seconds. As benchmark method we evaluate f(H) by diagonalization
with dense arithmetic. This has required 78.62 seconds. The Euclidean distance of the
vectors obtained with the two approaches is 2.68 - 10711, In Figure 7.2, the first 500

components of the two charge densities are shown.

100 &

T
True diag
HSS diag

10-10 L

10718 |

Figure 7.2 — Left: Ranks of the off-diagonal blocks of the Hamiltonian matriz H from Section 7.2.5;
the blue blocks indicate matrices for which dense arithmetics is used. Right: Charge densities
estimated with dense arithmetic (blue) and with the HSS DE&C method (red).

7.2.6 Computing subgraph centralities and Estrada index

Given an undirected graph G with adjacency matrix A, the diagonal entries of exp(A)

are called the subgraph centralities of the vertices. Their normalized sum
1
EE,(G) = gtr(exp(A))

is called the normalized Estrada index of the graph; it was introduced in [69] to characterize

the folding of molecular structures and has found applications in network analysis [70].

When aiming at the diagonal of exp(A), as the baseline method we use the mmq
algorithm [85], which approximates each diagonal entry of exp(A) by Gauss quadrature
(see also Section 9.4 in Chapter 9). For our D&C method, at each step we run a clustering

algorithm [118| on the matrix to divide it into two components that have few edges
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between them; the ufactor parameter, which measures how “unbalanced” the clusters are
allowed to be, is set to 100. If the rank of the off-diagonal part is less than 1/15 of the
matrix size, we compute a low-rank update, otherwise we use mmq. We also use mmq on
matrices of size less than ny;, = 2566. We compare our D&C algorithm for the diagonal

with mmq and diag(expm(full(A))).

When aiming at trace(exp(A)), we use sum(exp(eig(full(A)))) instead of mmg
to address small blocks or blocks that cannot be divided into smaller blocks with a
low-rank correction; we noticed that this is faster than letting Matlab work with the
matrices in sparse format. As a competitor for the computation of the trace we consider

sum(exp(eig(full(A)))).

In Table 7.5 we report the errors and the time needed by our algorithm. The matrices
we used are minnesota, power, as-735, nopoly, worms20_10NN, and fe_body from the

SuiteSparse Matrix Collection [52].

A D&C diagonal mmgq diagonal expm D&C trace eig

Size Time Err Time Err Time Time Err Time

2,642 1.01 6.24 10710 0.8 1.82-107* | 1.98 014 7.71-107*2 | 044
4,941 2.06 1.29-1078 515 3.39-107' | 16.11 | 0.47 7.75-107' | 3.61
7,716 8.01 4.03-107% | 2419 229-107'° | 56.59 | 3.91 1.96-107'% | 873
10,774 | 15.87 1.04-107% | 3942 354-107° | 151.52 | 2.98 2.69-1071° | 21.04
20,055 | 38.49 2.59-107° | 97.53  1.4-107' | 929.25 | 6.99 2.66-107' | 124.34
45,087 | 182.19 603.57 27.99

Table 7.5 — Computation of the diagonal and the trace of e for the graphs from Section 7.2.6.

The lag parameter

We compare the timings and the accuracy of our D&C algorithm on the matrices nopoly
and worms20_10NN for values of the lag parameter in the range {1,2,3,4}. The results
are reported in Table 7.6. In general, it looks like we can safely put the lag parameter

equal to 1.
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nopoly worms20_10NN
Lag | Diag Trace | Err diag Err trace Diag  Trace | Err diag Err trace

1 | 1944 281 | 1.04-107% 2.69-10710 | 47.82 6.37 | 259-107? 26-10713
2 16.54  3.13 1-107%  3.78-107'2 | 61.76 12.04 | 2.46-107° 5.19-1016
3 | 14.63 4 9.29-107° 2.41-10~™ | 87.85 11.55 | 2.34-107° 5.19.10"1'6
4 | 16.08 3.76 | 851-1079 1.42-107'% | 89.01 20.86 | 2.16-107Y 1.73-10716

Table 7.6 — For two matrices from [52] we investigate the influence of the lag parameter on the
timing of the DEC algorithm for computing the diagonal and the trace of exp(A).

7.3 Block diagonal splitting algorithm for banded matrices

As already mentioned in Remark 7.3 and shown in more detail below, Algorithm 7.1
applied to a banded matrix returns again a banded matrix when polynomial Krylov
subspace bases are used. The purpose of this section is to go further and use this
observation to bypass the need for building Krylov subspaces. We can also avoid recursion

and arrive at a simpler algorithm.

7.3.1 Block diagonal splitting algorithm from low-rank updates

Let A € R™™ ™ be banded with bandwidth b. Our algorithm will be based on splitting A
into a block-diagonal matrix with many small diagonal blocks and an off-diagonal part.
To explain this construction, we will first discuss splitting off one small diagonal block.

We consider the partitioning

D
A=D+R D=| ' |, DieR™, R=A_D, (7.4)

Dy

but we now suppose that the first diagonal block is small, that is, s < n; see also
Figure 7.3.

The matrix R can be written as R = U1 JU{ where

U= [0 Iy o 1"

[ —

s:b 51; n—s—=ob
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*

A=D+R= +

Figure 7.3 — Illustration of decomposition (7.4).

and

; A(s—b+1:s,s+1:54+0)

A(s+1:s+b,s—b+1:5s)
When applying Algorithm 6.1 to approximate the low-rank update f(A) — f(D) the

polynomial Krylov subspaces remain sparse in the following sense.

Lemma 7.7. Given the setting described above, assume that 2mb < s. Then the Krylov
subspaces K(D,Ur) and K,,(DT,Uy) are each contained in the column span of the
n X 2mb matriz
T
Upn:= [0 Lo, 0 ]

s—mb 2mb n—s—mb

Proof. For every polynomial p € II,,—1, the matrix p(D) is banded with bandwidth
(m —1)b. In turn, p(D)U; only has nonzero rows at positions s —mb+1,...,s+mb or, in
other words, every column of p(D)Uj is contained in the column span of Uy,. Combined
with the definition K, (D, U;) = span[Uy, DUy, ..., D™ 1U], this proves the statement

of the lemma. O

The compressions of D and A with respect to the orthonormal basis U,, from

Lemma 7.7 takes the form

Gm = UL DU,
= blkdiag(A(s —mb+1:s,s —mb+1:5s),A(s+1:s+mb,s+1:s+mb)))
=: blkdiag(C", C?),

H,, =ULAU,, = A(s —mb+1:s+mb,s —mb+1:s+mb) =: By.
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Following Algorithm 6.1, we define the approximate low-rank update as

F(A) = f(D) = f(A) — blkdiag(f(D1), f(D1))
~ Unf (B1)UZL — Unf (blkdiag(C{", () UL (7.5)

By Lemma 7.7, this approximation becomes in fact identical to the one returned by
Algorithm 6.1 if K,,(D,U;) and K,, (DT, Uy) each have dimension 2mb. If the Krylov
subspaces are of smaller dimension then the approximations may differ, but the exactness
property of Theorem 6.2 still holds (see Remark 6.3).

7.3.2 The block diagonal splitting algorithm

From (7.5), it follows that the first part of Algorithm 7.1 (lines 12-14) reduces to the
computation of f(Bj), f(C’{l)), f(Cf)), f(Dy), that is, functions of small submatrices of

A. For the second part (line 15) one can apply the same reasoning recursively to ]3/1

With the simplified assumptions that n = ks for an integer k and m := g is an integer,
the discussion above shows that Algorithm 7.1 reduces to the simpler Algorithm 7.2,

where

D := blkdiag(D,...,Dy) and Dy,..., Dy are the consecutive s X s diagonal blocks
of A;

B = blkdiag(Bi, ..., Bi_1) and By, ..., Bx_1 are consecutive s X s diagonal blocks

of A starting from index § + 1;

o (= blkdiag(CF), 052), ey C,gl_)l, Cl£2—)1) where Cfl), ey 0122—)1 are the consecutive

S

5 x 5 diagonal blocks of A starting from index § + 1;

s
2

B := blkdiag(Z, B, Z), C := blkdiag(Z, C, Z), where Z := zeros(3).

The resulting splitting A = D+ B — C'is illustrated in Figure 7.4. Note that Algorithm 7.2

is embarrassingly parallel and attains nearly perfect weak scalability on k processors.
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Algorithm 7.2 Approximation of f(A) for banded A

Input: Banded matrix A € R™*™ of bandwidth b, block size s, function f

Output: Approximation approng)(A) of f(A)

: Define E, B, 6’, C, and split A =D 4+ B — C as explained in Section 7.3.2

: Compute f(D), f(é), and f(é) by evaluating f on each block of D, B, and C

: Set fp¢blkdiag(Z, f(B), Z) and fo<blkdiag(Z, f(C), Z), where Z := zeros(3)
: Return f(D) + fp — fc

= W N =

B

D; o

By

By

)

Ds

Figure 7.4 — The blocks that are involved in the computation of f(A) for a banded matriz A.

7.3.3 Convergence analysis of block diagonal splitting method

Algorithm 7.2 corresponds to Algorithm 7.1 where the updates are performed using
projection onto spaces that include polynomial Krylov subspaces of dimension m := L%J ;
thanks to Remark 6.3 and Proposition 7.1 this implies that Algorithm 7.2 is exact for all

f € 1l,,. This property allows us to prove convergence results for Algorithm 7.2.

Theorem 7.8. Let A € R™™ be a banded matriz with bandwidth b. For a given block

size s, the output approng) (A) of Algorithm 7.2 satisfies

A) — )(4)||2 < 4C min | f —
17(A4) — approx;"(A)[[2 < 4C min |[f = pllw(a),

where C =1 if A is normal and C =1 + /2 otherwise, and m := L%J
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Proof. Algorithm 7.2 is exact for a polynomial in II,, and is linear with respect to f,

therefore for all p € II,,, we have

1£(A) — approx? (A) |2 = || £(A) — p(A) + approx{®) (A) — approx| (A)]|2
= [ £(A4) = p(A) — approx|’ (A)»
< (f = p)(A)l2 + [approx? (A)|2.

Using a result by Crouzeix and Palencia [50], we have |[(f —p)(A4)|l2 < C[|f — pllw(a)-
Since the spectral norm of a block-diagonal matrix is the maximum spectral norm of its
blocks, it holds that

lapprox?, (A) 2 < max [(f = p)(Di)l2 + max | (f —p) (B2 + max | (f ~p)(C )2

<3CN(f = p)llw(a)-

In the latter inequality, we used again [50] combined with the fact that the numerical

range of a principal submatrix of A is contained in W (A). We conclude that

1£(A) — approx (A) 2 < 4C|(f — p) lw(a),

and the claim follows from taking the minimum over all polynomials p € II,,. O

When considering the approximation of the trace of a matrix function by Algorithm 7.2,
a stronger convergence result could be proved, because of the exactness of the low-rank
updates (and therefore of the D&C algorithm) for polynomials in IIy,,. In the specific
case of Algorithm 7.2, however, we can prove a stronger result even for the diagonal
entries of f(A).

Theorem 7.9. Let A € R™"™ with bandwidth b, let us fix a block size s, let m := | ].
Then the output approxz(,s) (A) of Algorithm 7.2 satisfies

diag(p(A)) = diag(approx{’(A)) (7.6)

for all polynomials p € Mopy1.

Proof. The proof is in the spirit of [159, Lemma 5.1], but the aim is different. By linearity
of Algorithm 7.2, it is sufficient to prove (7.6) when p(x) = ¥, with 0 < k < 2m + 1, that
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is, to prove that the diagonal entries of A* and approxz(f) (A) coincide.

To study the entries of A, it is helpful to consider the associated directed graph G(A)
with vertices 1,...,n and adjacency matrix A. The jth diagonal entry of A¥ is given by
the sum of the weights of all the paths of length exactly k that start and end at vertex
1; we recall that the weight of a path v1 — v9 — ... — v of length £ is defined as the
product of the weights of the edges Hi;% Aupons, - We also consider the graphs G(B;),
G(D;), Q(CZ-(I’Q)). The diagonal entries of approxés) (A) are obtained by summing the
weights of the paths of length exactly k in the graphs G(D;) and G(B;) and subtracting
the weights of the paths of length exactly &k in the graphs Q(Ci(l)) and Q(Ci(Q)) for all
indices i. Therefore, it is sufficient to prove that this sum coincides with the sum of the

weights of the paths of length exactly k in G(A).

Note that, for all indices 1, Q(C’i(l)) is a subgraph of G(D;) and G(B;); Q(CZ-(Q)) is a
subgraph of G(D;+1) and G(B;); all these are subgraphs of G(A). The distance from a
vertex in G(D;) and one in G(B;y1) or G(B;_2) is at least m + 1. Therefore, for each
vertex v € {1,...,n} each path in G(A) of length at most 2m + 1 from v to itself satisfies
one (and only one) of the following conditions for some ¢ € {1,...,2 —1}:

r

1. It is contained in Q(Ci(l)), G(B;), and G(D;), but in no other subgraph.

. It is contained in Q(Ci(Q)), G(B;), and G(D;+1), but in no other subgraph.

\V]

3. It is contained in G(B;) but in no other subgraph.

4. Tt is contained in G(D;) but in no other subgraph.

In all these four cases, the weight of the path is counted exactly once in approxi(,s)(A);
we conclude that the diagonal entries of approx},s) (A) coincide with the ones of p(A) for

p(x) = 2¥ for k£ < 2m 4+ 1 and therefore for all polynomials in IIa,, 1. O

A convergence result for the diagonal elements of the output of Algorithm 7.2 follows

from Theorem 7.9 similarly to Theorem 7.8.

Corollary 7.10. With the same assumptions of Theorem 7.8 it holds that

()i — approx(?) (A)al <4C min [|f —plwa

pellom+
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foralli=1,...,n and therefore
[ tr(f(4)) — tr(approx{” (A)] < 4Cn_win ||f = plw(a,
pEllomt1

where C =1 for normal matrices A, and C =1+ V2 otherwise.

Proof. According to Theorem 7.9, for all polynomials p € Ila,,11 we have that
£ (A)ii—approx? (A)il = |(f—p)(A)i—approx?) (A)al < [[(f—p)(A)—approx (A)a.

From here one proceeds as in the proof of Theorem 7.8. ]

In Figure 7.5 we illustrate the convergence of approxgcm)(A) for the exponential of two

banded matrices and we observe that the diagonal — and therefore the trace — converges

much faster than the full matrix function.

10° ‘ ‘ 10° ‘
—e—Full f(A) —e—Full f(A)
—»— Diagonal —»— Diagonal
Trace Trace
107°F '\ 1 107°7 \
S S \
5 ‘\ 5
10 -10 | 10 10
A
10°15 : 10715 ‘ \\’4
0 5 10 0 5 10
m m
(a) Normalized random symmetric tridiagonal ma-  (b) Normalized random non-symmetric pentadiago-
triz. nal matriz.

Figure 7.5 — Convergence of the errors || f(A) — approxgcm)(A)HF, || diag(f(A) — approxgtm)(A))Hg,
and |tr(f(A) — approxgcm)(A))\ for f = exp.

7.3.4 Adaptive algorithm

In Algorithm 7.2 the block size s, which determines the accuracy of the approximation of

f(A), needs to be chosen a priori and is uniform across the whole matrix. In the following,
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we develop a strategy to choose the block size adaptively and possibly differently in

different parts of the matrix.

When f is a polynomial of degree m and A has bandwidth b, f(A) has bandwidth
(at most) bm and the discussion in Section 7.3.3 implies that Algorithm 7.3 is exact
for block size s = 2bm. This motivates the following strategy. For a target accuracy
g, we define the e-approximate bandwidth of a matrix to be the bandwidth that the
matrix has if we discard all the entries with absolute value smaller than . In the first
phase, we choose the sizes of the blocks D1, Ds,..., Dy in such a way that their sizes
are at least twice the e-approximate bandwidth of f(D1), f(D2),..., f(Dx), and we set
F := blkdiag(f(D1),..., f(Dg)). In the second phase we compute the “updates” between
each pair of consecutive blocks D; and Dj; corresponding to indices {ji,...,h} and

{h+1,...,752} of A, respectively, similarly to (7.5). More precisely, we take
P = f(B) — blkdiag(f(CV), F(C?)), (7.7)

with
B:=A(J,J), CW.=A(J, 1), C? :=A(Jy,Jo)

for J; = L#J thy Jy:=(h+1): [#], and J := J; U Ja, and add the matrix P
to the submatrix of F' corresponding to the indices J. As a heuristic criterion to check
convergence, we check if the absolute value of all the entries corresponding to the first
and last column and row of P is smaller than ¢; if this is not the case, the sets Ji, Jo,

and J are enlarged. The procedure is summarized in Algorithm 7.3.

7.4 Numerical tests for Algorithms 7.2 and 7.3

In this section we test the block diagonal splitting algorithm on a variety of functions
of banded matrices. Both the input and output matrices of Algorithms 7.2 and 7.3 are

represented in the sparse format in Matlab.

7.4.1 Fermi-Dirac density matrix of one-dimensional Anderson model

As a first numerical experiment, we test Algorithm 7.3 on the function

f(z) = (exp(B(z — ) + 1)
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Algorithm 7.3 Block diagonal splitting algorithm: Adaptive version

Input: Banded matrix A € R™*"™ tolerance ¢, function f, minimum block size nmin
Output: Approximation F' of f(A)
1: Initialize F' < zeros(n), § < Nmin, @ < 1 (i denotes where the next diagonal block
starts)
2: while i <n do

3 if f(A(i:i+s—1,i:i4+s—1)) has e-approximate bandwidth < s/2 then

4: Set F(i:i+s—1yiti+s—1)«f(A(i:i+s—1,i:i+s—1)),i<i+s, s+
min{s/2, nuyin }

5. else

6: Choose a larger block size s <— min{2s,n —i+ 1}

7. end if

8: end while

9: for each pair of consecutive diagonal blocks do

10:  Compute P using matrices B, C), C? corr. to indices J, J;, and J, as in (7.7)

11:  while the update has not converged do

12: Enlarge matrices B, CV), C( in (7.7) corresp. to indices J, Ji, and Jo, and
recompute P

13:  end while

14: Sum F(J,J) « F(J,J)+ P

15: end for

and a symmetric tridiagonal matrix with diagonal entries uniformly randomly distributed
in [0,1] and all other nonzero elements equal to —1, as in [24, Section 5|; this is the
Fermi—Dirac density matrix corresponding to a one-dimensional Anderson model. We
use 4 = 0.5 and B = 1.84. We set € = 107°, nyin = 32, and we consider values of n
ranging from 29 to 2'9. For each value of n, we compare the approximation F' returned by
Algorithm 7.3 to the approximation p(A) where p is a Chebyshev polynomial interpolating
f on [—2,3] of degree d := [nnz(F')/(2n)]; choosing the degree in this way gives a banded
approximation of f(A) with roughly the same storage cost and a comparable accuracy.
The results are reported in Table 7.7; the approximation errors (relative errors in the

Frobenius norm) and the timings are comparable.

7.4.2 Spectral adaptivity: Comparison with interpolation by Cheby-

shev polynomials

An advantage of (polynomial) Krylov subspace over polynomial interpolation on the

spectral interval of A is the fact that Krylov methods are less impacted by outliers in the
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A Splitting algorithm Chebyshev interpolation | Dense
Size | Time Err nnz/n | Time Err Time
512 0.02 4.42-1077 47.00 | 0.01 1.59-1077 0.03

1,024 | 0.03 4.56-10"7 47.50 | 0.02 1.59-1077 0.12
2,048 | 0.04 4.56-1077 47.75 | 0.02 1.61-1077 0.60
4,096 | 0.06 4.58-10"7 47.88 | 0.05 1.61-1077 3.34
8,192 | 0.16 4.59-1077 47.94 | 0.12 1.61-1077 21.51
16,384 | 0.36 4.60-10"7 47.97 | 0.27 1.61-1077 150.50
32,768 | 0.51 47.98 | 0.59

65,536 | 1.07 47.99 | 1.11

131,070 | 2.23 48.00 | 2.67

262,140 | 4.68 48.00 | 5.38

524,290 | 9.24 48.00 | 11.48

Table 7.7 — Computation of f(A) by Algorithm 7.8, where f(z) = (exp(B(z — p)) +1)"" and
the matrices A are symmetric tridiagonal matrices with diagonal entries uniformly randomly
distributed in [0,1] and all other nonzero elements equal to —1, as discussed in Section 7.4.1.

spectrum of A. In the next experiment, we consider three 2048 x 2048 matrices:

e The exponential of Ay = tridiag(—1,2, —1);

e The exponential of the matrix Ao which is obtained from A; by changing the entry
in position (1,1) to 10;

e The square root of the matrix As which is the tridiagonal matrix with 1inspace(2,

3, n) on the diagonal and —1 on the super-diagonal and subdiagonal.

We run Algorithm 7.2 with different block sizes and Chebyshev interpolation with
different degrees of Chebyshev polynomial and we plot in Figure 7.6 the relative error in the
Frobenius norm versus the number of nonzero entries in the approximation of the matrix
functions described above. For the matrix A;, Chebyshev outperforms Algorithm 7.2.
However, for the matrix A which has an outlier in the eigenvalues, and for the matrix
As for which it is difficult to find a good polynomial approximation on the whole spectral

interval, Algorithm 7.2 achieves a smaller error with the same number of nonzero entries.
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Figure 7.6 — Relative error in the Frobenius norm of the approzimations of exp(A;), exp(As),
and / Az from Section 7.4.2 obtained by Algorithm 7.2 and by Chebyshev interpolation.

We do not report the timings: In general, Chebyshev interpolation is faster than
our splitting algorithm; however, Chebyshev interpolation is only suitable for symmetric
matrices (for non-symmetric matrices one needs more refined techniques such as using
Faber polynomials as discussed, e.g., in [24]), while the splitting method works for any
banded matrix, can automatically adapt to different spectral distributions, and could
exploit the Toeplitz structure of A producing an approximation in constant time (as
the matrices D, B, and C are made of equal blocks, we could compute only a constant

number of matrix functions of the small blocks).

7.4.3 Adaptivity in the size of blocks

The matrix square root of A3 has slower off-diagonal decay in the upper-left region, as
shown in Figure 7.7(b). We run Algorithm 7.3 to compute A3'/?, setting ¢ = 107, The
sparsity pattern of the output is shown in Figure 7.7(a), where different block sizes are
selected for different parts of the matrix; the relative error of the computed approximation

is 2.6 - 10710 in the Frobenius norm.

7.4.4 Comparison with HSS algorithm

We expect Algorithm 7.3 to be faster than the general D&C algorithm (Algorithm 7.1) as
the first one should scale as O(n) and the latter as O(nlogn), plus the fact that we have
no overhead computations needed for HSS arithmetic. We compare the timings of the two

algorithms for the computation of exp(—A) for A = tridiag(—1,2, —1). For Algorithm 7.3
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(a) Sparsity structure of the output of Algorithm 7.3
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Figure 7.7 — The matriz As is the tridiagonal matriz with linspace(2, 3, n) on the diagonal

and —1 on the first super- and sub-diagonals.

we use a minimum block size of 64, while for Algorithm 7.1 we set nuy;,, = 128 and we

write each low-rank update as a rank-1 update as discussed in Remark 7.2; in both cases

we set the tolerance parameter e = 1078, We report the results in Figure 7.8, together

with the timings of Matlab’s expm, for matrix dimensions ranging from n = 28 to n = 2'8.
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Figure 7.8 — Timings of Algorithms 7.8 and 7.1 for exp(—tridiag(—1, 2,
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Introduction to stochastic trace

estimation

Part III is concerned with the estimation of the trace of a symmetric matrix B € R"*",
As mentioned in Chapter 5, in many applications one is interested in computing the trace
of a matrix function B = f(A) for a symmetric matrix A € R"*". The application we
consider here is the computation of the log-determinant of an SPD matrix A € R"*",

which is related to the trace of B = log(A) via the equality
log(det(A)) = tr(log(A)); (8.1)

see, e.g., [10]. The need for estimating determinants arises, for instance, in statistical
learning [2, 73, 80|, lattice quantum chromodynamics [178|, and Markov random fields
models [188]; moreover, certain quantities associated with graphs can be expressed as

determinants, such as the number of spanning trees [67].

Computing the trace of a matrix function is, of course, a trivial task if we are willing to
compute the full matrix f(A), which usually has cubic cost. To compute the determinant,
the standard way is to compute a Cholesky decomposition of A — which also has cubic
cost — and to multiply the squares of its diagonal entries. However, if one is happy with
an estimate of the trace of a matrix B, the Hutchinson trace estimator [114] allows us to
get an approximation of tr(B) by computing some quadratic forms X7 BX for suitable
random vectors X of length n. The Hutchinson trace estimator is described in Section 8.1
and existing convergence results are presented in Section 8.2. The advantage of dealing
with quadratic forms is that, if the matrix A has no low-rank structure, often the quantity

XTBX = XT f(A)X can be approximated via Krylov subspace projection methods much
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Chapter 8. Introduction to stochastic trace estimation

faster than the computation of the whole f(A); see Section 8.3 below.

Let us briefly mention that there are other methods to approximate traces and deter-
minants, including randomized subspace iteration [167] and block Krylov methods [129],
but they only work well in specific cases, e.g., when A = ol 4+ C for a matrix C of low
numerical rank. The Hutch++ trace estimator, recently proposed and analyzed for the
SPD case in [140], overcomes this limitation via a combination of randomized low-rank
approximation with the Hutchinson trace estimator. The Hutch+-+ algorithm will be
briefly discussed in Chapter 10. Another direction of work on large-scale determinant
estimation has explored the use of spectral sparsifiers for symmetric diagonally dominant
matrices [67, 113].

8.1 The Hutchinson trace estimator

Let B € R™ "™ be symmetric. The Hutchinson trace estimator is based on the following
fact.

T
Proposition 8.1. Let X = [Xl Xn} be a random vector of length n such that

E[XXT] =1. Then
E [X"BX] = tx(B).

Proof. We have that

E[XT"BX] = zn: En: bi E[X; X;] = zn: bi; = tr(B),

i=1 j=1

where the first equality follows from the linearity of the expectation and the second
equality follows from the assumption that E[XX7] = I. O

The Hutchinson estimator is obtained by sampling an average of N quadratic forms:

N
1 ) .
— (T (4)
try(B) = N El(X )" BX', (8.2)
where the vectors X, i = 1,..., N, are independent copies of X, which we call probe

vectors. The most common choices for X are standard Gaussian and Rademacher random
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Figure 8.1 — For a randomly chosen symmetric matriz A € R1000%1000 ye piot the error |tr(A) —

trij(A)| for increasing values of N. The error oscillates because this is a stochastic process, but
overall converges to zero with rate O(1/v/N), as it can be expected from a Monte Carlo method.
The estimator tr$(B) behaves in an analogous way.

vectors; the latter are defined by having i.i.d. entries that take values +1 with equal
probability. We will consider both choices and denote the resulting trace estimates by
tr]GV(B) and trR (B), respectively. Other possible strategies include spherical random
vectors [8, 162] and probing vectors |79, 174]; we will briefly discuss the probing vectors
in Chapter 10. A typical example of the behavior of the estimator (8.2) in the case of

Rademacher random vectors is displayed in Figure 8.1.

8.2 Existing tail bounds for the Hutchinson estimator

By the central limit theorem, the estimate (8.2) can be expected to become more reliable
as N increases; see, e.g., [44, Corollaries 3.3 and 4.3] for such an asymptotic result as
N — oco. Most existing non-asymptotic results for trace estimation are specific to an SPD
matrix B; see [8, 93, 162] for examples. They provide a bound on the estimated number

N of probe vectors needed to ensure a small relative error with high probability:

P (’ tr(B) - trN(B)‘ > s) <. (8.3)

tr(B)

More specifically, in [8] it is shown that N = 20e 2 log % and N = 62 log 27" are sufficient

for Gaussian and Rademacher vectors, respectively. In [162] these bounds are improved

and it is shown that N = 85*2% log% and N = 62 log% are sufficient for Gaussian
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and Rademacher vectors, respectively. In [93] it is proven that N = 22 log% is sufficient

for Gaussian vectors when ¢ € (0, %)

The assumption that B is SPD is usually not met when computing the determinant of
an SPD matrix A via (8.1) because log(A) is SPD only if all eigenvalues of A are larger
than one. For general symmetric indefinite B, it is unrealistic to aim at a bound of the
form (8.3) for the relative error, because the fact that tr(B) = 0 does not imply that
the Hutchinson trace estimator has zero error. The only result that holds for general

symmetric indefinite B, as far as we know, is contained in [7]; it is shown that
IP’(| try(B) — tr(B)| > 5) <5 (8.4)

holds for Gaussian vectors if the number of samples is N = 20¢~2|| B||? log% and holds
for Rademacher vectors if N = 6¢72||B||? log %MB); see Remarks 9.13 and 9.17 for a

comparison with our results.

In the context of log-determinant approximation, there are several results obtained by
suitably rescaling or modifying the results for SPD matrices contained in [8, 162]. Ubaru,
Chen, and Saad [183] derive a bound for the absolute error via rescaling, that is, the
results from [162]| are applied to the matrix C' := —log(AA) for a value of A > 0 that
ensures that C' is SPD. Specifically, for Rademacher vectors it is shown in [183, Corollary
4.5] that

P (\ trR (log(A)) — log det(A)] > 5) <5 (8.5)

is satisfied with fixed failure probability ¢ if the number of samples N grows proportionally
to e ?n?log(1 + r(A))*log 2 where r(A) denotes the condition number of A. A similar
rescaling approach is used in [104], in which determinant estimation for indefinite matrices
A is addressed by applying trace estimation to a suitable rescaled version of AA”, in
such a way that its logarithm is negative definite. Theorem 2 in [104] gives a number of
samples that grows as 14e~2n?(log(1 + x(A)?)*log 2 to get an approximation I' such that
P(|logdet(A) —I'| <e) > 1 —4. Also in this case, they get a quadratic dependence on n.

Unfortunately, these estimated numbers of samples compare unfavorably with a much
simpler approach; computing the trace from the diagonal elements of log(A) only requires

the evaluation of n quadratic forms, using all n unit vectors of length n.
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8.3 Approximating the quadratic forms

When using the Hutchinson trace estimator to compute tr(B) for the matrix function
B = f(A), the quadratic forms

(XNTBX® = (X)T fA)x®

can in general not be computed exactly. For this, a polynomial approximation of f
can be used. We restrict our discussion to f(z) = log(z), which corresponds to the

log-determinant.

One possible strategy is to use a priori polynomial approximations. Chebyshev
expansion/interpolation has been used in [103, 152| and approximation by Taylor series
expansion has been investigated in [12, 33, 197]. Often, a better approximation can
be obtained by the Lanczos method (see, e.g., [10]). Given the orthonormal basis Up,
of the Krylov subspace K,,(A, X(®) obtained by the Lanczos algorithm, one takes the

approximations
FNXD = U f(UnAUR)er,  (XO)TFA)XY = ef fULAUR)er.

Note that the size of UL AU,, can be much smaller than the size of A and therefore
computing f(UL AU,,) is cheaper than computing f(A). The Lanczos method for com-
puting quadratic forms is equivalent to applying Gaussian quadrature to the integral
Jlog(A)du(N) on the spectral interval of A, for a suitably defined measure y; see [85]. In
the case of the logarithm, upper and lower bounds for the quantity (X )7 log(A4)X® can
be determined without much additional effort [10]. Moreover, the convergence of Gaussian
quadrature for the quadratic form can be related to the best polynomial approximation

of the logarithm on the spectral interval of A; see [183, Theorem 4.2| and Section 9.4.

By combining the polynomial approximation error with (8.5), one obtains a total error
bound for log-determinant approximation that takes into account both sources of errors.
Such a result is presented in [183, Corollary 4.5| for Rademacher vectors; the fact that all

such vectors have bounded norm is essential in the analysis.
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8.4 Contributions

In Chapter 9, we improve the results from |7, 183] by first showing that the number of
samples required to achieve (8.4) with symmetric indefinite matrices is much lower for
both Gaussian and Rademacher vectors. Our result for Rademacher vectors also implies
an improved bound for SPD matrices. A summary of the bounds that we discussed in
Section 8.2 and that we will derive in Chapter 9 on the number of probe vectors for the
Hutchinson trace estimator in the SPD and indefinite case is presented in Tables 8.1

and 8.2.

Bound on the number of samples Assumptions Reference
N =20e2log 2 X Gaussian 8]
N =2:"2log 2 X Gaussian and 0 < & < 3 [93]
N =82 !f(;jl_% log 2 X Gaussian [162]
N = 62 log 22 X Rademacher 8]
N = 6c2log 2 X Rademacher [162]
N =82(1+¢) !ﬂ% log % X Rademacher Corollary 9.24

Table 8.1 — Summary of the bounds on the number of probe vectors that ensure that (8.3) holds,
for an SPD matriz B.

Bound on the number of samples Assumptions Reference
N =20e72|B|?1og § X Gaussian [7]
N = 4e72(||B||3. + || B||2) log 2 X Gaussian Theorem 9.12
N =e"?n?log(1+ k(A))?log2 X Rademacher, B = log(A) [183]
N = 62| B||? log %MB) X Rademacher [7]
N =872 (| B||3 + 2¢||B||2) log 2 X Rademacher Corollary 9.16

Table 8.2 — Summary of the bounds on the number of probe vectors that ensure that (8.4) holds,
for a symmetric indefinite matriz B.
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Specialized to determinant computation, we combine our results with an improved
analysis of the Lanczos method for estimating the quadratic forms X7 log(A)X, to get
a sharper total error bound for Rademacher vectors. Finally, we extend this combined
error bound to Gaussian vectors, which requires some additional consideration because of

the unboundedness of such vectors.

Chapter 9 is based on the paper [46].
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ces with an application to determi-

nants

In the first part of this chapter we prove new tail bounds for the Hutchinson trace
estimator. More specifically, in Section 9.1 we consider a single-sample estimate (N = 1)
and in Section 9.2 we extend the results to try(B). We show for a general symmetric
matrix B that

IP(\ try(B) — tr(B)| > 5) <4, (9.1)

for both Gaussian and Rademacher vectors, is satisfied with fixed failure probability ¢ if

the number of samples N grows proportionally with the stable rank

_IBIZ
A8 =B
As 1 < p(B) <n (see, e.g., [182, Section 2.1.15]), our result improves the ones in [7| and
in [183] by a factor which can be as large as n. We demonstrate that the dependence on
n is asymptotically tight with an explicit example. For SPSD matrices B, our bound
also improves the state-of-the-art result [162, Theorem 1| for Rademacher vectors by
establishing that the number of probe vectors is inversely proportional to the stable rank
of BY/2. Section 9.3 contains numerical examples illustrating the behavior of our bounds

and a comparison with previous results.

In the second part of the chapter we apply the analysis to the computation of the

log-determinant of SPD matrices. More specifically, in Section 9.4 we provide an improved
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analysis of Lanczos method for the approximation of quadratic forms X7 log(A)X, in
Section 9.5 we combine it with the results from Section 9.2 to get convergence bounds for

log-determinant estimation. Finally, Section 9.6 contains some numerical examples.

9.1 Bounds for a single-sample estimate

In this section we consider single-sample estimates, that is, we look for tail bounds for
the random variable X7 BX when X is a Gaussian or Rademacher random vector. Such
results will be generalized to tail bounds for tr$(B) and tr(B) in Section 9.2.1. Here,

B is a symmetric, possibly indefinite, n x n matrix.

A straightforward approach to get a tail bound for X7 BX is via Chebyshev inequality,
which gives

- Var(XTBX)

P(|XTBX — tr(B)| > ¢) for all & > 0. (9.2)

g2

The variance of the random variable XTBX is 2||B||% for Gaussian vectors and is
2||B — Dg||% for Rademacher vectors, where Dp denotes the diagonal matrix containing
the diagonal entries of B (see [8]). However, (9.2) is meaningless for small values of ¢,

and the failure probability in the right-hand-side decreases slowly when ¢ increases.

In fact, the random variable X7 BX has been largely studied in the literature and goes
under the name of chaos of order 2. In particular, the Hanson-Wright inequality [105, 163|
is a tail bound for such quadratic form for vectors X whose entries are independent

sub-Gaussian random variables.

Definition 9.1. A random variable Y is sub-Gaussian if the quantity
1Y |, := supp™"/2 (E[|Y 7)) /7
p>1
s finite.

We refer the reader to [76, Section 7.4] for equivalent definitions and properties of

sub-Gaussian random variables.

Theorem 9.2 ([163, Theorem 1.1|). There exists a universal constant ¢ > 0 such that

if X is a random vector of length n with E[X;] = 0, independent components which are
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sub-Gaussian with || X;||y, < K, and B € R™*" is symmetric, then for all e >0

62 g
P(|IXTBX — tr(B)| > ) < 2ex (—cmin{ , })
( (B)] > ) < 2exp K4 B|% 2K Bl);

Both Rademacher and Gaussian vectors satisfy the assumptions of Theorem 9.2, as
both types of random variables are sub-Gaussian. However, to obtain practical bounds

we are interested in finding the best constant ¢ in these two particular cases.

For Gaussian vectors, results with explicit constants appear in |32, Example 2.12]
and [127, Lemma 1], but they apply to symmetric matrices with zero diagonal and SPD

matrices, respectively. Lemma 9.6 below is similar, but not identical, to these results.

For Rademacher vectors, the homogeneous case, corresponding to a matrix B with zero
diagonal, has been studied extensively in the literature; see, e.g., [32, 76, 105, 122, 176].
In particular, the results stated in [1, Theorem 6] and [32, Exercise 6.9] give

2
g
P(|XTBX|>¢) < 2exp (- >
(I > e) 16]BJ% + 16] B2z
and )
P(IXTBX|>¢) < 2exp (— — )
32||B||% + 128|[Bl|2e

respectively. Proposition 8.13 in [76] states

3e? €
P(|XTBX|>¢) < 2ex (—min{ , })
(X7BX| 2 ¢) < 2exp 12852 32015l

We will improve these constants in Theorem 9.10 below. The non-homogeneous case is

easily obtained from the homogeneous case; see Corollary 9.16 below.

9.1.1 Sub-Gamma random variables

For both the Gaussian and the Rademacher case we will use a Chernoff bound for sub-
Gamma random variables — a larger class than sub-Gaussian random variables; see, e.g.,

[32].

Definition 9.3. A random wvariable X is called sub-Gamma with variance parameter
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v > 0 and scale parameter ¢ > 0 if

v 2
Efexp(AX)] < exp <2 A

1
—_ Il -
(1—c)\)> for a 0<)\<C

Lemma 9.4 (|32, Section 2.4]). Let X be a sub-Gamma random variable with parameters
(v,c). Then, for all e > 0, we have

P(X > V2ev + ce) < exp(—e).

Lemma 9.5 ([187, Proposition 2.10]). Let X be a random variable such that E[X] = 0,
and such that both X and —X are sub-Gamma with parameters (v,c). Then, for alle > 0,

we have

P(IX|>¢) < 2exp (‘2@1@)

9.1.2 Tail bounds for a single-sample estimate with Gaussian vectors

Let B be a real symmetric matrix and let B = QAQ” be a spectral decomposition,
where A = diag(\1, ..., \,) contains the eigenvalues of B and @ is an orthogonal matrix.
Lemma 9.5 implies the following result for the tail of a single-sample trace estimate with

Gaussian vectors.

Lemma 9.6. For a Gaussian vector X of length n we have

52
P(|XTBX — tr(B)| > ¢) < 2exp (— )
( ) 4|| Bl + 4e| B2

for all e > 0.

Proof. We let

Y :=X"BX — tr(B) = XTQAQTX — tx(B) = > _\i(Z] - 1),
=1

where Z; ~ N(0,1) is the ith component of the Gaussian vector Q7 X. To show that Y

is sub-Gamma, we define for A € R the function

Y(A) == logElexp(A\(Z% — 1))], Z ~ N(0,1).
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We have that 1(\) = log M(AAZ)Q)] =— A —1log(1—2)) for A < . In particular, this

impliesw(/\)_1 2)\fo1"0<)\<2,and¢( )<)\2_1+—/\f0r—7<x\<0f0rallc>0

Using the independence of Z; for different ¢ we obtain

log Elexp(AY)] = Y " log Elexp(ANi(Z7 — 1))] = Y ¢h(A)
=1 =1
i AN 1B
[=20% = T-2) T

for 0 < A < m. This shows that Y is sub-Gamma with parameters (v,c) =
(2||B||%,2||Bl|2). Moreover, —Y = XT(—B)X — tr(—B) is also sub-Gamma with the

same parameters. Because E[Y]| = 0, Lemma 9.5 implies the desired result. O

9.1.3 Tail bounds for a single-sample estimate with Rademacher vec-
tors

We now assume that X is a Rademacher vector. The property that the multiplication
with orthogonal matrices preserves Gaussian random vectors, which has been exploited
in the proof of Lemma 9.6, does not extend to the Rademacher case, and the moment
generating function of X7 BX cannot be written in a simple form. Therefore, other
strategies need to be used. Note that, as Rademacher random variables are bounded,
classical tools such as Hoeffding and Bernstein inequalities can be used to directly obtain
tail estimates for tr]RV (B), but they do not give sharp results; see Remark 9.18. Instead,
we make use of the the entropy method [32] to establish the tail bound in Theorem 9.10

for a single-sample trace estimate.
Definition 9.7. The entropy of a random variable Z 1is defined as
H(Z) :=E[Zlog Z] — E[Z]log E[Z],
provided that all expected values exist.
We will need the two following ingredients. The Herbst argument (see, e.g., [32, page
11], |76, pages 239-240|, and [187, Section 3.1.2]|) turns a bound on the entropy of a

random variable into a bound on the moment generating function. By Chernoff’s bound,

the latter implies a bound on the tail of the random variable. Specifically, we use the

135



Chapter 9. Trace estimates for indefinite matrices with an application to
determinants

following (modified) Herbst argument.

Lemma 9.8. Let Z be a random variable and g : [0,a) — R such that
H(exp(AZ)) < A2g(A)E[exp(AZ)]. (9-3)

Then for all X € [0,a) it holds

A
log E[exp(A\Z)] < AE[Z] + A /0 g(€)de.

Proof. For ¢(\) := logE[exp(\Z)], it holds that ¢'(\) = E[Zexp(\Z)]/Elexp(A\Z)].

Recalling the definition of entropy, this allows us to rewrite (9.3) as

XY (A) exp(1h(A)) — P(A) exp((N)) < A2g(A) exp(¥(N)),

% (@) < g(N).

Integration on the interval [0, A] gives

which is equivalent to

v PO /A
28 lim S < de.
X T s ), 9o
We conclude by noting that limy_,+ % = E[Z]. O

For deriving bounds on the entropy, we need the following two variations of Gross’

logarithmic Sobolev inequality.

Theorem 9.9. Let f: {—1,1}" — R and let X be a Rademacher vector with components
X1,...,X,. Define f(XD) := f(X1,...,Xi-1, - X5, Xiy1,..., Xp) fori = 1,...,n.
Then for all A > 0 we have

2 n
H(exp(Af(X))) < %E exp(\F(X)) Y (F(X) - f(X(”))i] (94)
=1
and
22 n N2
H(exp(Af(X))) < TE [exp(AﬂX)) > (£(X) = (X)) ] : (95)
i=1
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Proof. The inequality (9.4) is a standard result and can be found, e.g., in [32, page 122|.
The inequality (9.5) is a variation of the same argument; see also |32, Exercise 5.5 for a
related (but not identical) result. The inequality (9.5) can, in fact, be found in a Master’s
thesis [1, Theorem 5|. For convenience of the reader, we provide a proof of (9.5) based on
the textbook [32].

In [32, page 122] it is proven that
H(exp(A\f(X))) < 5E [Z (exp(AF(X)/2) — exp(A (X D) /2)) ] (9.6)
=1

For a > b we have

a b a/2 a—b exp(%)+exp (%)
exp <§> — exp <2> = /b/2 exp(t)dt < 5 5

< 0= b\/exp(a) + exp(b)
- 2 2 ’

where the first inequality follows from the concavity of the exponential and the Hermite-

Hadamard inequality. Therefore, for all a,b € R we have

(a — b)?(exp(a) + exp(b)). (9.7)

|

(exp(a/2) — exp(b/2))* <

Applying (9.7) to each summand in Equation (9.6) one obtains

H(exp(Af(X))) < wim[ FROP? (exp(Mf(X)) +exp(Af (X)) )|

ISR

= 3 E[(F(X) — F(XD) exp(Af (X))]

i=1

+ 2 SB[ - FXO)exp(Af (X))

=1

A2
SN )
8

exp(M (X)) Y (£(X) - f<X<“>)2] ,

i=1

where the last equality follows from the fact that f(X) and f(X®) have the same
distribution and changing the sign of the ith entry of X gives X again. O
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We are now ready to state and prove our tail bound for Rademacher chaos of order 2,

that is, for a single-sample estimate.

Theorem 9.10. Let X be a Rademacher vector of length n and let B be a nonzero

symmetric matriz such that B; =0 fori=1,...,n. Then, for all € > 0,
(X7BX| > <) - 0.5)
P(|X*BX|>¢ §2exp(— > 9.8
81 BlI% + 8¢l Bll2

Proof. The proof follows closely [1, Theorem 6] and [32, Theorem 17]; see Remark 9.11
for a comparison with these results. The main idea of the proof is as follows. Using the
logarithmic Sobolev inequalities presented in Theorem 9.9, a bound on the entropy of the
random variable X7 BX is obtained. Using the modified Herbst argument of Lemma 9.8,
we derive a bound on the moment generating function (MGF) of X7 BX, establishing

that it is sub-Gamma with certain constants, which then allows us to apply Lemma 9.5.

Without loss of generality, we may assume ||B||2 = 1; the general case follows from
applying the result to B := B/||B||>. Let us consider the function f : {—1,1}* — R
defined as

f(z)=2TBx = inijij.
i7j
We want to apply the logarithmic Sobolev inequality (9.5) from Theorem 9.9 to f(X).

For this purpose, we let
. T
X0 = [Xl,_,,,Xi,l,—Xi,XiH,...,Xn =X —2X;e;, i=1,...,m,
where e; denotes the ith unit vector. Using that B has zero diagonal entries, we obtain
f(X) = f(X9) = (BX,X) — (BX — 2X;Be;, X — 2X;e;) = 4X;(Be;, X),

where (-, ) denotes the standard inner product in R"™. Therefore, denoting
n n 2
v lmxii- 3 (B )
i=1 Nj=1
Theorem 9.9 establishes, for all A > 0,
H(exp(Af(X))) < 2XE [Y exp(Af(X))]. (9.9)
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The decoupling inequality in |76, Lemma 8.50], which follows from Jensen’s inequality,

gives
XE[Y exp(Af(X))] < Hexp(Af(X))) + Elexp(\f(X))] log Elexp(AY)].
Combined with (9.9), this implies

H(exp(Af(X))) <

- 2)\E[exp(>\f(X))] -log Elexp(AY)] for 0 < A < % (9.10)

To find an upper bound on the MGF of Y, we use again a logarithmic Sobolev
inequality, then transform the obtained bound on the entropy into a bound on the MGF
by Herbst argument. We do so by applying the inequality (9.4) from Theorem 9.9 to the
function h : R™ — R defined by h(z) := ||Bz||3. For this purpose, note that

hX)—hX®) = (BX,BX)— (BX® BX®) = (B(X — X)) B(X + X®))
= 4<XZ'B€Z', BX — XZB€Z> S 4Xi<B€Z', BX>
and, hence,
n . ) n
3 (h(X) - h(X‘”)) <16 (Be;, BX)® = 16||B” BX |} < 16| BX3,
+

i=1 i=1

where we used that ||B||2 = 1 for the last inequality. Therefore Theorem 9.9 gives
H(exp(AY)) < 4X*E[Y exp(\Y)].

Letting g(A) := 4E[Y exp(A\Y)]/E[exp(AY )], we have obtained a bound of the form (9.3),
as required by Lemma 9.8. Note that g(\) = 4¢/()), where ¥(\) := log E[exp(AY)]. The

result of Lemma 9.8 gives

A 1
log Elexp(AY)] < - 4>\HBH2F for \ € (0, 4) .

Inserting this inequality into (9.10) gives

2 2
H(exp(Af(X))) < a _22)\‘)‘2_?”5%)

Efexp(\f(X))] for A € <o, i) .
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The random variable f(X) satisfies (9.3) for the function g(\) := % in the

interval [0,1/4). Recalling that E[f(X)] = 0, the result of Lemma 9.8 gives

-2\ _ 2| B||2)\?

< 2
log Blexp(Af(X))] < X B3 log 1o < APy 19 174)
where we used log(1 + x) < z in the last inequality.
Replacing f by —f and B by —B, we also obtain
2| B||3:2?
log Efexp(~Af(X))] < 2V ¢ 0,1/,

Therefore the random variables f(X) and —f(X) are sub-Gamma with parameters

(4||B||%,4). Applying Lemma 9.5 concludes the proof. O

Remark 9.11. The proof of Theorem 9.10 follows the proof of [1, Theorem 6], which in
turn refines a result from [31, Theorem 17] (see also [32]) by substituting the more general
logarithmic Sobolev inequality from [31, Proposition 10| with the ones from Theorem 9.9
specific for Rademacher random variables. However, let us stress that the results in [1, 31]

feature larger constants partly because they deal with the more general Rademacher chaos

f(X)=sup ¥ X;X;Bj,
BeB i)

where B is a set of symmetric matrices with zero diagonal.

9.2 Tail bounds for trace estimation

In this section we use a diagonal embedding trick to turn Lemma 9.6 and Theorem 9.10 into
tail bounds of the form (9.1) for the Hutchinson trace estimator applied to a symmetric,

possibly indefinite matrix B € R"*".

9.2.1 Tail bounds for trace estimation with Gaussian vectors

Here we assume that X is a standard Gaussian vector.
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Theorem 9.12. Let B € R™ ™ be symmetric. Then

Ne?
P (]tr?V(B) — tr(B)| > 6) < 2exp (— >
4| BIff + 4] B2

for all e > 0. In particular, for N > ;%(HBH% +¢||B||2) log 2 it holds that P(|tr$(B) —
tr(B)| >¢) <6.

Proof. We apply Lemma 9.6 to the matrix
B:= diag(N—lB,...,N—lB) e RVnXNn, (9.11)

that is, the block diagonal matrix with the N diagonal blocks containing rescaled copies of
B. In turn, the trace estimate (8.2) equals X7 BX for a Gaussian vector X of length Nn.
Noting that ||B||p = N~'2||B||r and ||B||2 = N~!||B||2, the first part of the corollary

follows from Lemma 9.6. Setting

o= (~sgapgs o)~ (o s )
=2exp | — =2exp | —
4|BI[ + 4¢]1Bll2 4| B||% + 42[|B]l2

we obtain N = % (|| B||% + ¢ B]|2) log 3. -

Remark 9.13. The result of Theorem 9.12 compares favorably with Lemma 4 in [7],
which shows that P(|tr$(B) — tr(B)| > €) < 6 for N > i—gHBHEIog%. Because of
|Bllr < ||Bll« < V/nl||Bl|F, the bound of Theorem 9.12 is always better for reasonably
small values of € (e.g. € < 5||B||«), and it can improve the estimated number of samples

N in [7] by a factor proportional to n.

We recall that the stable rank of B is defined as p = || B||%/||B||% and satisfies p € [1, 7).
In particular, p(B) = 1 when B has rank one and p(B) = n when all singular values
are equal. Intuitively, p(B) tends to be large when B has many singular values not
significantly smaller than the largest one. The minimum number of probe vectors required

by Theorem 9.12 depends on the stable rank of B in the following way:

4 2 4 2
;(PIIBH% +el[Bll2) log 5 < ?(HHBH% +el[Bll2) log -

The upper bound indicates that N may need to be chosen proportionally with n to reach a

fixed (absolute) accuracy € with constant success probability, provided that || B||2 remains
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constant as well. The following lemma shows for a simple matrix B that such a linear

growth of N can actually not be avoided.

Lemma 9.14. Let n be even and consider the traceless matric B = [I%/Q _IO 12 } Then,

B(| 6§ (B)| <) < @

Proof. By the definition of B, the trace estimate takes the form

for every e > 0, it holds that

nN/2 nN/2
0 <ZX2 Sy >
J=1

for independent X;,Y; ~ N(0,1). In other words,
N-tu$(B)=X-Y,

where X, Y are independent Chi-squared random variables with " degrees of freedom.

The probability density function f of Z = X —Y can be expressed as

1

1) = o T (12D,

nN _ 1
’2‘ 4 2I{vnl\’_
4

1
2

where Ko~ 1 is a modified Bessel function of the second kind [60|. In particular,
4

L r(r-g 1 \/7? ol 1
ol _ 1 <2\/7mN’

where we used the duplication formula for Gamma functions and the inequality 2% (2:) <

\/%; see [185].

As f is an autocorrelation function (of the density function of a Chi-squared variable
with nN/2 degrees of freedom), its maximum is at 0. We can therefore estimate the

probability of X — Y being in the interval [-Ne, Ne] in the following way:

P(|e§(B)] < ) = B(IX — Y| < Ne) < 2Nef(0) < 2y 2. 0

™

We can reformulate Theorem 9.12 in such a way that, given a number N of probe
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estimation error

1072¢

10° 10°
n

Figure 9.1 — Dots: Errors |t1$,(B) — tr(B)| of 20 samples for each n = 2% with k = 2,...,23,
where B is the matriz from Lemma 9.14. Blue line: Error bound £(B,0.05,10) from (9.12).

vectors and a failure probability § € (0,1), we have ¢ = &(B,d,N) such that with
probability at least 1 — & one has tr$(B) € [tr(B) — ¢, tr(B) + ¢]. The random variable
XTBX — tr(B), where B is defined as in (9.11) and X is a Gaussian vector of length n.NV,
is sub-Gamma with parameters (2%, 2”3%), and the same holds for —X7BX. By

Lemma 9.4 we have

2 2 2 2 n 2 1 2
=¢(B,0,N)=—||B log = + —||Bl|l2log = <2 —log -+ —log < | || B]2-
e =e(B,6,N) = || Blpyflog 5 + lBlhlog s < <\/N0g5+N0g5> 1B

(9.12)
As the example in Lemma 9.14 shows, the potential growth of € with \/n cannot be avoided
in general. Figure 9.1 illustrates this growth. In the case of relative error estimates for
symmetric positive semidefinite (SPSD) matrices, it is shown in [191] that the dependence

on log% and 8% cannot be improved.

Remark 9.15. For a nonzero SPSD matriz B, the result of Theorem 9.12 can be turned
into a relative error estimate. Let v := ||B|la/ tr(B) = p(BY?)~! be the inverse of the
intrinsic dimension of B (see, e.g., [182, Section 7.1]). Replacing € by € - tr(B) in
Theorem 9.12 and noting that || B||%/ tr(B)? < v, one obtains

. (!tr%(B) — ()

4 2
> < > — —.
tx(B) _5)_6 forN_Ez(l—l—ﬁ)’ylog(S
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State-of-the-art results of a similar form are Theorem 3 in [162], which requires N >
gvlog %, and Corollary 3.8 in [93], which requires N > E%vlog% and ¢ € (0, %) Com-
pared to [93], our result imposes no restriction on € at the expense of a somewhat larger
constant. On the other hand, as € < 1, our result is always more favorable than the result

from [162] for SPSD matrices.

9.2.2 Tail bounds for trace estimation with Rademacher vectors

As for Gaussian vectors, the result of Theorem 9.10 can be turned into a tail bound for

trR(B) by block-diagonal embedding.

Corollary 9.16. Let B be a nonzero symmetric matriz. Then

Ne?
P(trRB — tr(B 25)32exp<— )
[tx(B) = tr(B)] 8|18 — Dpll + 82(|B - Dgll

for every e > 0. In particular, for

8 2
Nz 22 (IB — Dpl% + ¢l B — Dgl-) logg

it holds that ]P’(\ R (B) — te(B)| > 5) <5

Proof. Let C:= B— Dp andC := diag(N_lc, e ,N_1C') € RN"XNn_ Then, tr'}v(B) —
tr(B) = XTCX for a Rademacher vector X of length Nn. The matrix C has zero diagonal,
IC|lr = N~'2||C||F, and ||C||s = N~||C||2. Now, the first part of the corollary directly
follows from Theorem 9.10. Imposing a failure probability of ¢ in (9.8) gives

se=200 (e i) = (e + i)
=2exp | — =2exp | — ,
8|ICII% + 8<[ICll2 8[ICII% + 8ellCll2

and hence N = E% ([IC[|1% + €[|C]|2) log 3. O

An alternative expression for the lower bound on N is obtained by noting that
|IB— Dgl|lr < ||B||r and ||B — Dgll2 < 2||BJ|2 (the factor 2 in the latter inequality is
asymptotically tight, see, e.g., [29]). The result of Corollary 9.16 thus states that N needs
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to be at least as large as:

8 2 8 2
SIBIE+ 2Bl log 5 < 5 (0l BI + 2211 Bll2) log

where p is the stable rank of B.

Remark 9.17. In analogy to the Gaussian case (see Remark 9.13), the result of Corol-
lary 9.16 compares favorably with Lemma 5 in [7], which shows that P(| tr}(B) — tr(B)| >
e) <6 for N > 5||B|2log 2'rargk(B).

Remark 9.18. [t is instructive to compare the result of Corollary 9.16 to the straightfor-
ward application of Hoeffding’s and Bernstein’s inequalities, two classical concentration

inequalities for the sum of bounded random variables.

Theorem 9.19 (Hoeffding’s inequality). Consider a sum of independent random variables
Z?;Yi such that there exist constants a; < Y; < b; for all i = 1,...,N. Denoting

'

Theorem 9.20 (Bernstein’s inequality). Consider a sum of independent random variables
Zf\ilYi such that there exist constants a; <Y; < b; for all i = 1,...,N. Denoting

N N

Zyi - ZE[YJ

i=1 i=1

C :=max;—1,.. n(bi — a;) we have

P NY NIEY 2 /2
P — 1l >e ] <2ex — .
(2 Z ; = )‘ p( Z%Var(ifi)ws/z)

We apply these inequalities to the random variables Y; := %(X(i))T(B — D)X for
i=1,...,N where the vectors XU ..., X®) are Rademacher vectors. These random

variables are bounded, in particular we have
1 . n
¥il < S IXOIBIB ~ Dalla = %18~ D]l

Moreover, the variance is 5
Var(¥i) = —|1B - Ds|3.

Plugging these values into Hoeffding’s and Bernstein’s inequalities immediately gives the

following tail bounds for trace estimates with Rademacher random variables.
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Corollary 9.21. For a symmetric matrix B we have

P(| t:R(B) — tr(B)| > ¢) < 2 < &N )
r — tr >e)2exp| ———75 |-
N 2n?||B — Dpll3

Corollary 9.22. For a symmetric matriz B we have

e2N
P(| trR(B) — tr(B)| > ¢) < 2exp | — .
[ty | 4]B Dyl + 3en|B— Dyl

Clearly, a disadvantage of these bounds is the explicit dependence of the denominator

on n or n?, which does not appear in Corollary 9.16.
In analogy to the Gaussian case, the following lemma shows that a potential linear

dependence of N on n cannot be avoided in general.

. Then

Lemma 9.23. Let n be even and consider the traceless matrizc B =

P(ytr]RV(Bn < g) <y —
for every e > 0.
Proof. We first note that tr(B) = £ E?:]\g/ ? Z; with independent Rademacher random
variables Z;. In turn, P (|trR(B)| <¢e) =P ()Z:ﬂm Zi| < %) equals the probability

that the number of variables satisfying Z; = 1 is at least *;*N and at most ”T*'EN .

Therefore,
1 K nN/2 Ne 1 nN/2
P(' uhB)l<e)=gnm 2 i ) =2 onN22 \nN/4
i=["7=N]
Ne 2 N
S o =&\ —>
2 N ™
- o1 (2k 1
where we used the inequality 57 ( k) < et O

We do not report a figure analogous to Figure 9.1 because the observed errors are

very similar to the Gaussian case.

146



9.3. Numerical examples

For SPSD matrices, a relative error estimate follows from Corollary 9.16 similarly to

what has been discussed in Remark 9.15 for Gaussian vectors.

Corollary 9.24. For a nonzero SPSD matriz B, we have

6%(B) — tx(B)]
P( D)

1Bll2
tr(B)’

2
Zs)gé for NZ%(I—Fe)vlogg, where 7y =
€

Proof. First of all, it is immediate that ||B — Dgl||r < ||B||r. As shown, e.g., in [29,
Theorem 4.1|, the same holds for the spectral norm when B is SPSD. For convenience,

we provide a short proof: For every y € R™ it holds that
ly" (B — Dp)y| < max{y” By,y" Dpy} < max{||Bl2, | Dpll2} < ||Bll2,

where the first inequality uses that both y? By and y” Dy are nonnegative. By taking
the maximum with respect to all vectors of norm 1 one obtains ||B — Dpgll2 on the
left-hand side, which shows that it is bounded by || B||2. Now, the claimed result follows
from Corollary 9.16 using the arguments of Remark 9.15. O

Corollary 9.24 improves the result from [162, Theorem 1], which requires N > 5 log %;
&

a lower bound that does not improve as y decreases.

9.3 Numerical examples

9.3.1 Triangle counting

To illustrate the estimates from Theorem 9.12 and Corollary 9.16, we compare them
with the convergence of the Hutchinson trace estimation using Gaussian and Rademacher
vectors for an example from |7, 140|. The number of triangles in an undirected graph
is equal to % tr(A3) where A is the (usually indefinite) adjacency matrix. Note that the
quadratic forms X7 A3X can be evaluated exactly using two matrix-vector multiplications.
We consider an arXiv collaboration network with n = 5242 nodes and 48 260 triangles
taken from https://snap.stanford.edu/data/ca-GrQc.html.

We estimate tr(A3) using N = 2,2223 ... 2! samples. For each value of N we

performed 1000 experiments and discarded the 5% worst approximations in order to

147


https://snap.stanford.edu/data/ca-GrQc.html

Chapter 9. Trace estimates for indefinite matrices with an application to
determinants

estimate an error bound that holds with probability 95%. The obtained results are
represented by the shaded regions in Figure 9.2 and match the obtained bounds fairly

well, especially for Gaussian vectors.

Gaussian random vectors Rademacher random vectors

102 102
100 100}
S S
5] 5]
2 -2
21 2"
© ©
[0} [0}
o o
1074k Estimate from Theorem 9.5 - 1074} Estimate from Corollary 9.12
Estimate from [Avron 2010] Estimate from [Avron 2010]
The 95% best obtained errors The 95% best obtained errors
— — — Average obtained error — — — Average obtained error
107 0 ‘2 4 107 ‘2 4
10 10 10 100 10 10
Number of samples N Number of samples N

Figure 9.2 — Estimation of tr(A3) with Gaussian and Rademacher vectors for the matriz from
Section 9.3.1. Error bounds from Theorem 9.12, Corollary 9.16, and [7] for failure probability
0 = 0.05 compared with the observed error.

Figure 9.3 shows the empirical failure probability P(|try(A3) — tr(A43)] > ¢) with
€= %0 tr(A3) using 1000 experiments for N = 2,22,23 ... 2! (blue and red lines). The
vertical purple and yellow lines are the estimated number of samples needed to achieve

failure probability 6 = 0.05 from Theorem 9.12 and Corollary 9.16, respectively.

! Estimated failure probability
T T I

Empirical failure prob. Rademacher
0.8} Empirical failure prob. Gaussian 4

> Estimated N for Rademacher
% — — — Estimated N for Gaussian
g 0.6 — = — Target failure probability 7
o
o
o L 4
© 0.4
=
,_,“3 0.2 B

o—— o AT

100 10" 102 108 104

Number of samples N

Figure 9.3 — Number of samples needed to attain error e = % tr(A3) with failure probability 5%
for Section 9.53.1. Empirical failure probability vs. bounds from Theorem 9.12 and Corollary 9.16.

148



9.3. Numerical examples

9.3.2 Comparison of estimates for indefinite matrices with Rademacher

vectors

We consider the Hutchinson trace estimator with Rademacher vectors applied to two
symmetric indefinite matrices: A is created by A = randn(2000); A = A + AT and
has stable rank p(A) ~ 500; B has eigenvalues 1, 2%, ce ﬁ, —ﬁ, e —ﬁ and
has stable rank p(B) ~ 1.08. We compare the estimates coming from Hoeffding’s and
Bernstein’s inequalities (Corollaries 9.21 and 9.22), the result in [7], and our result
(Corollary 9.16), for 6 = 0.05. Moreover, we estimate empirically the minimum value of
e such that P(|trR (A) — tr(A4)| > ¢) < 0.05 in the following way: For each value of N
from 1 to 10,000 we run the Hutchinson’s estimator 100 times, discard the worst 5% and

plot the maximum error of the remaining estimates.

The results are shown in Figure 9.4. Corollary 9.16 gives the most accurate bound.
Note that the estimate coming from Bernstein’s inequality seems to have a different
convergence rate with respect to all the other ones. This is due to the factor n in such
estimate, and for very large values of the number of samples N the rate is actually
O(1/v/N); however, it does not make sense to consider a value of N which is larger than

the matrix dimension.

4
: : : 10 : : :
6 ———95% of errors for A below this = ———95% of errors for B below this
10
e~ Hoeffding T~ Hoeffding
\ Bernstein Bernstein
- [Avron 2010] - [Avron 2010]
<) = = our result S 102 = = our result 1
= = =
o] L o]
] ~ ]
S04 T-. 5
2 ~-- 2
o =~ Re] 0
< S~a < 10
~ ..
-~
- -~
102¢L ‘ ‘ ‘ 102 ‘ ‘ ‘
10° 10! 102 103 10* 10° 10! 102 103 10*
N N

Figure 9.4 — Comparison of different estimates for the indefinite matrices A (left) and B (right)
from Section 9.3.2.

9.3.3 An SPD example

We consider the Hutchinson trace estimator with Rademacher vectors applied to two

SPD matrices: A has eigenvalues d = rand(1000, 1) and v = 0.002, B has eigenvalues
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1.1 1 1
9929 329 10002

Hutchinson trace estimator 100 times, discard the worst 5% and plot the maximum error

and v =~ 0.6. For each value of N from 1 to 10,000 we run the

of the remaining estimates in Figure 9.5 with a solid line; this corresponds to the accuracy
that we get — empirically — with failure probability § = 0.05. We compare this with the
result in [162] (black line) and the results from Corollary 9.24 (pink and blue dotted lines).
The decay as \/% is correctly captured by both estimates, but the constant in front of it
depends on .
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Figure 9.5 — Results for the SPD matrices A (left) and B (right) from Section 9.3.3.

9.4 Lanczos method to approximate quadratic forms

Let us now consider the problem of estimating the log-determinant through log(det(A)) =
tr(log(A)), or more generally the problem of computing the trace of f(A) for an analytic

function f.

Applying the Hutchinson trace estimator to tr(f(A)) requires the (approximate)
computation of the quadratic forms x” f(A)z for fixed vectors 2 € R™. As mentioned in

Section 8.3, we use the Lanczos method, Algorithm 9.1, for this purpose.

For theoretical considerations, it is helpful to view the quadratic form as an in-
tegral. For this purpose, we consider the spectral decomposition A = QAQT, A =
diag(A1, ..., A\n), with Apin = A1 < A2 < -+ < Ay = Apax. Then

Amax
.’I,'T Tr = =
f(A)z =T /A SO du(V),

min
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9.4. Lanczos method to approximate quadratic forms

Algorithm 9.1 Lanczos method to approximate quadratic form 27 f(A)x

Input: Matrix A € R™ ", nonzero vector x € R", number of iterations m
Output: Approximation of 27 f(A)x

1: Initialize u; < x/||z||2 and By < 0
2: fori=1,...,mdo
3 oy uz-TAu,-
4: r; < Aul — QU; — ﬁifluifl
5: 52 — HTZHQ
6: w1 < 1i/Bi
7: end for
a1 B
8 T, oo
Bm—1
Bm-1  Qm
9: Return ||z|3 - eF f(T}n)er

with the piecewise constant measure

n

() = Z Z?X[)\i,oo)(A)a 2= Q" x, (9.13)

i=1
where x denotes the indicator function. It is well known [85, Theorem 6.2] that the
approximation [, returned by the m-points Gaussian quadrature rule applied to [ is

identical to the approximation returned by m steps of the Lanczos method:

I = 23 - ef f(Tm)er.

To bound the error |I —1I,,|, the analysis in [183] proceeds by using existing results on
the polynomial approximation error of analytic functions. Although our analysis is along
the same lines, it differs in a key technical aspect; we derive and use an improved error
bound for the approximation of the logarithm; see Corollary 9.29. We have also noted two
minor issues in [183]; see the proof of Theorem 9.25 and the remark after Corollary 9.26

for details.

Theorem 9.25. Let f : [—1,1] — R admit an analytic continuation to a Bernstein ellipse

Ery with foci £1 and elliptical radius ro. For 1 < r <o, let M, be the mazimum of | f(z)|
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on &.. Then
1Ll < ol - o,

Proof. As in [183], this result follows directly from bounds on the polynomial approxima-
tion error of analytic functions via Chebyshev expansion, combined with the fact that
m-points Gaussian quadrature is exact for polynomials up to degree 2m — 1. However,
the proof of [183, Theorem 4.2]| uses an extra ingredient, which seems to be wrong. It
claims that the integration error for odd-degree Chebyshev polynomials is zero thanks to
symmetry. While this fact is indeed true for the standard Lebesgue measure, it does not
hold for the measure (9.13). In turn, one obtains the slightly worse factor 1 — r~! in the
denominator, compared to the factor 1 — =2 that would have been obtained from [183,

Theorem 4.2| translated into our setting. O

The afline linear transformation

2 A P
QD : [)\min, )\max] — [—17 1]7 €T +— t _ max + Inln7

)\max - )\min )\max - )\min

is used to map an interval [Apin, Amax] containing the eigenvalues of A to the interval

[—1,1] of Theorem 9.25. Defining g := f o ¢!, one has
2T g(p(A))z = 2T f(A)z, ] g(p(Tm))er = ef f(Tin)er. (9.14)

By its shift and scaling invariance, the Lanczos method with g, ¢(A), and z returns the
approximation ef g(¢(T,))er. This allows us to apply Theorem 9.25. Combined with the

relations (9.14), the following result is obtained.

Corollary 9.26. With the notation introduced above, it holds that

AM, 5.,

[T f(A)e = ol - e F(Tn)er] < ol - T gr 2,

Note that M, is the maximum of g on &,, which is equal to the maximum of f on
the transformed ellipse with foci Apin, Amax, and elliptical radius (Amax — Amin)7/2. The
result of Corollary 9.26 differs from the corresponding result in [183, page 1087|, which

features an additional, erroneous factor (Amax(A) — Amin(A4))/2.
Before addressing the special case of the logarithm, we present an elementary result,
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which will be needed in the proof of Corollary 9.29.

Lemma 9.27. Consider a circle in the complex plane with center a € R, a > 1 and
radius b such that b*> = a®> — 1. Then the mazimum absolute value of the logarithm on this

circle is attained on the real azis.

Proof. We consider the functions ¢ : [0, 7] — C and f : [0, 7] — R given by
0(t) :=log(a + beos(t) + bsin(t)), f@t) = )|

We will prove that f has two local maxima at t = 0 and ¢ = 7 and one local minimum.
This is sufficient for the conclusion, because the problem is symmetric with respect to the

real axis. Denoting by

r(t) := \/a2 + b2 4 2abcos(t), 6(t) := arctan a—(l)—sbmc(ots)(t)’
we have £(t) = log (r(t) exp(if(1))) = log(r(t)) + if(t) and its derivative is

—bsin(t) +ibcos(t) b
a + beos(t) + ibsin(t) - r(t)Q(

() = —sin(t) + cos(t))(a + bcos(t) — ibsin(t))

7‘(2)2 (—asin(t) 4+ i(b+ acos(t))) .

Therefore we have

f'(t) = 2Re(€'(t) - £(t)) = (—asin(t) log(r(t)) + (b+ acos(t))6(t)) .

Note that ¢t = 0, t = 7w and t = arccos (—3) are zeros of f’. To prove that 0 and 7 are

local maxima and ¢ = arccos (—2) is a local minimum it is sufficient to prove that

f/(t) <0 fort eIy = (0,arccos (—2));
f't) >0 fortely:= (arccos (—g) ,7[') .

Now consider the function g : [—1,1] — R given by

b+ at a b+ at
£) = —al (\/ 2102 42 bt) b — —Dog(a? + b2 + 2abt) + b .
g(t) alog ( vV a* + b* + 2abt ) + P 20g(a+ + 2abt) + pa

As arctan(x) < x for all z > 0 with equality only for x = 0, sin(t) > 0 on Z; U Zs,
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bsin(t)
a+bcos(t)

b+ acos(t) >0 on Zj, b+ acos(t) < 0 on Iy, and > 0 on Z; UZy, we have

() < 2bsin(t) -g(cos(t)) fort e Iy

shein() (9.15)
() > 07 -g(cos(t)) for t € Ts.
We show that the function g is decreasing: its derivative is
2 1
) =b(———
g(t) < a2+b2—|—2abt+(a+bt)2>
and we have
g t) <0< a®b*t* + 2t(a®b — ab) + a* — a® — b* > 0.
_aBb—ab _ b

The latter expression is a convex parabola which has its minimum in ¢ = —%532 = —,

for which we have ¢’ (—2) = 0. Therefore ¢'(t) < 0 for all ¢ € [~1,1] so g(t) is
decreasing. Moreover, g (—3) =0,s0 ¢g(t) > 0in [—1, —ﬂ and g(t) <0in [—g, 1], which

implies (9.15). O

Corollary 9.28. Consider an ellipse € in the open right-half complex plane, with foci on
the real axis. Then the maximum absolute value of the logarithm on this ellipse is attained

on the real azis.

Proof. Let 0 < a < (8 be the two intersections of the ellipse with the real axis. If
|log | > |log 3| then € is contained in the circle C; of center a := 3 (2 + a) and radius
b:= % (é — a) = /a2 — 1, and & is tangent to C; in «; otherwise £ is contained in the
circle Cy of center a := % <B + %) and radius b := % (ﬁ — %) =+/a2 — 1, and & is tangent

to Cy in 5. In both cases, the result follows from Lemma 9.27. O

By specializing Corollary 9.26 to the logarithm we obtain the following result.

Corollary 9.29. Let A € R™" be SPD with condition number k(A), f = log and
x € R™\{0}. Then the error of the Lanczos method after m steps satisfies

A F1-1)"
VEA) +14+1

| log(A)z — |3 - ef log(Tm)ei| < callzl3 <

where ca :=2(y/k(A) + 1+ 1)log(2k(A)).
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Proof. The proof consists of applying Corollary 9.26 to a rescaled matrix. More specifically,
we choose B := AA with A := 1/(2Amin) > 0. The tridiagonal matrix returned by the
Lanczos method with A replaced by B satisfies T2 = A\T},,. Together with the identity
log(AA) = log AI,, 4+ log(A), this implies

" log(A)a —||z[13 - e] log(Tim)er = 2 log(B)z — ||} - f log(T;)er.

Note that the smallest/largest eigenvalues of B are given by 1/2 and x(A)/2, respectively.

Applying Corollary 9.26 to B with! 7 := % thus gives

4M _
2" log(A)z — ||||3 - €] log(Tm)er| < |3 - 1_77:17" .,

The constant M, is the maximum absolute value of the logarithm on the ellipse with foci

1/2 and k(A)/2 that intersects the real axis at o := ﬁ and = %. By

Corollary 9.28, M, = |log(a)| = log(2k(A)), where we used aw < 1/ < 1. Noting that

4 M,
1—pr-1

=2(v/k(A) +1+1)log(2k(A))=ca

concludes the proof. ]

9.5 Combined bounds for determinant estimation

Combining Hutchinson trace estimation with the Lanczos method, we obtain the following
(stochastic) estimate for log(det(A)):

N
. | |
estyh = S IIX D)3 el log(T)ey,
=1

where XM ... X)) are independent Gaussian or Rademacher random vectors and
Tf,f) is the tridiagonal matrix obtained from the Lanczos method with starting vector
X@ /| X®||5. By combining the results obtained so far, we now derive new bounds on
the number of samples and number of Lanczos steps needed to ensure an approximation

error of at most ¢ (with high probability).

k(A)+e+1

Vet

Mn fact, it is possible to choose r = for arbitrary € > 0.
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9.5.1 Standard Gaussian random vectors

Theorem 9.30. Suppose that the following holds for N (number of Gaussian probe

vectors) and m (number of Lanczos steps per probe vector):

(i) N > 16c72(piog| log(A)[|3 + ¢ log(A)||2) log 3, where piog denotes the stable rank
of log(A);

(i) m > 7VK(4A)H log (48*1n2(\//<;(A) +1+1) log(2/£(A))>.

2

If, additionally, n > 2 and N < %exp (%) then (| est]GV,m —logdet(A)| > ¢) <.

Proof. For a Gaussian vector X, the squared norm || X||3 is a Chi-squared random variable

with n degrees of freedom. Therefore, by [127, Lemma 1| we have
P(|| X2 > n+ 2v/nt + 2t) < exp(—t)

for every t > 0. For t = log %, the additional assumptions of the theorem imply

2

n+2vnt—|—2t§n+2\/ﬁ'%+2-?—6<n2,

and therefore P(|| X |3 > n?) < %. By the union bound, it holds that

[NCRS)

P(exists ie{l,...,N}st. | XD)2 > n2> < (9.16)

Corollary 9.29, together with condition (ii) and (9.16) imply that | est]GV’m— tr$ (log(A))| <
S holds with probability at least 1 — /2, where we also used that

log(«//@(A)+1+1>> 2

k(A +1-1) ~ /r(A)+1

Applying Theorem 9.12 to the matrix log(A), for which || log(A)[|% = pig|| log(4)|13,
we find that | tr$ (log(A4)) — log det(A)| < £ holds with probability at least 1 — §/2. The
proof is concluded by applying the triangle inequality. O
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9.5.2 Rademacher random vectors
Theorem 9.31. Suppose that the following holds for N (number of Rademacher probe

vectors) and m (number of Lanczos steps per probe vector):

(Z) N > 32e 2 (plogd” log(A) - Dlog(A)H% + %H 10g(A> - Dlog(A)HQ) log %: where Plogd
denotes the stable rank of log(A) — Digg(ay and Digga) is the diagonal matriz

containing the diagonal entries of log(A);

(ii) m > 7”H(4A)+1 log (45*172(\/%;(14) +14+1) 10g(2/@(A))).

Then P(| estJRV’m —logdet(A)| > ¢) < 4.

Proof. Using Corollary 9.26 and the fact that Rademacher random vectors have norm
\/n, the bound ‘ est%}m — 1R (log(A))| < 5 holds if

mzélog (45*1n(\/m+1)10g(2” )/1 <\/7+1>

1-1

r(A)+1+1

2
\/N(A)+11> = r(A)+1

Because of log < condition (ii) ensures that this inequality is

satisfied.
Applying Corollary 9.16 to log(A) and with e replaced by £/2, immediately shows

| trR (log(A)) — log det(A)| < (9.17)

| ™

with probability at least 1 — § if condition (i) is satisfied. The proof is concluded by
applying the triangle inequality. O

Comparison with an existing result. To compare Theorem 9.31 with an existing
result from [183], it is helpful to first derive a simpler (but usually stronger) condition on

N.

Lemma 9.32. The statement of Theorem 9.31 holds with condition (i) replaced by
N > 82 <n log? k(A) + 2¢log /i(A)) log %.
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Proof. We set B := AA with \ := 1/\/)\min(A))\maX(A) and note that
trR (log(A)) — logdet(A) = trR (log(AA)) — log det(A\A).

Using Amax(B) = \/k(A), Amin(B) = 1//k(A), and k(B) = k(A), we obtain

[1og(B) = Diog(s) 2 < 2[|log(B)||2 = log £(A);
log? k(A)

n
1og(B) — Diog(m)ll7 < [ log(B)||7 = p(log(B)) YR Zlong@(A)-

An application of Corollary 9.16 to log(B) therefore yields (9.17) with probability at least
1—6 for N > 82 (n log? k(A) + 2elog K-,(A)) log %, n

Correcting for the two minor erratas explained above, the result from [183, Corollary
4.5] states that P(]| est?,vm — tr(log(A))| > €) < § holds if
2

N > 247202 (log(1 + k(A)))? log 5 (9.18)

and
m > ?’Z(A) log (205—111(\/2/@(14) 1+ 1) log(2r(A) + 2)). (9.19)

Compared to (9.18), Lemma 9.32 reduces the explicit dependence on the matrix size from
n? to n, while the dependence of the bounds on x(A) is comparable. Let us stress that
even a dependence on n does not compare favorably to simply computing the diagonal
elements, but the bound from condition (i) of Theorem 9.31 can often be expected to
be significantly better than the simplified bound of Lemma 9.32. Below we describe
a situation in which the former only depends logarithmically on n. Condition (ii) of

Theorem 9.31 improves (9.19) clearly but less drastically, roughly by a factor v/3.

Implications of low stable rank. Let us consider a family of matrices {A,} of
increasing dimensions n; < ... < ny < ..., a fixed failure probability §, and a fixed
accuracy €; the number of probe vectors required to get P(| try (log(Ay)) — tr(log(Ae))| >
g) < § is proportional to O(py||log(Ay)||3), where py is the stable rank of log(Ay). In
certain applications, including regularized kernel matrices (see, e.g., [43, 80]), the stable
rank grows slowly when the matrix size increases. For such situations, our bounds lead

to favorable implications. To illustrate this, let us consider matrices A, := I,,, + By,
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where the eigenvalues satisfy \;(By) < nyCa' for some constants C > 0 and 0 < o < 1,
for all i < ny, such as in the discretization of a radial basis function kernel on a fixed
domain [80]. In this case, py = O(logny). As a second example, if By comes from a
discretization of a Matérn kernel on a regular grid in a fixed domain, its eigenvalues satisfy
Ai(By) < ngCi~P for some constants C' > 0 and B > 1, for all i < ny [43]; the stable rank
of log(A¢) = log(I, + By) is bounded by p,, = O(ny'g). To apply Theorems 9.30 and
9.31 one also needs to take into account that, for both our examples, ||log(A/)||2 and
k(Ay) grow proportionally to log(ny) and ny, respectively. Finally, note that in practice
one would consider A, = o1,,, + By with the regularization parameter o chosen adaptively;

see, e.g., [37].

9.6 Numerical experiments for log-determinant

To compare the results of Theorems 9.30 and 9.31 with the number of sample vectors
N and Lanczos steps m (per sample) required to reach a fixed accuracy, we consider
the matrices listed in Table 9.1. The matrix labeled as thermo is the thermomec_TC
matrix contained in the University of Florida sparse matrix collection [52] and has been
considered, for instance, in [33, 73, 183]. The matrix lowrank is defined in [167, 129] as

40 10 300 1

T T

A=) ey + ) e,
=7 j=a1/

where each z; is a sparse vector of length 20000 with approximately 2.5% uniformly
distributed nonzero entries, generated with the MATLAB command sprand. The matrix
precip is a two-dimensional Gaussian kernel matrix with length parameter v = 64 and
regularization parameter A = 0.008 taken from [140], involving precipitation data from
Slovakia [145]. As the matrices thermo and lowrank are too large for log(A) to be
computed explicitly, the quantities || log(A)| r and || log(A) — Dioga) | are approximated
by randomized trace estimation combined with the Lanczos method to estimate the

diagonal elements of log(A).

For quadratic forms involving the logarithm, there is a relatively inexpensive way
to obtain an upper bound on the error of the Lanczos method. As discussed in [10],
Gauss quadrature always yields an upper bound for 27 log(A)z, while Gauss-Lobatto

quadrature always yields a lower bound. We fix § = 0.1 and for several values of ¢ we
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Name Size  Ref. logdet(A) r(A) [[log(A)|lr [|log(A) — Diggea)llr

thermo 102158 [52] —5.47-10° 67.2 1.72-103 122.8
lowrank 20000 [129) 89.4 1560 17.04 16.99
precip 6400  [140] —2.56-10* 6738 357 157

Table 9.1 — Summary of the matrices used for log-determinant experiments.

investigate how many samples and Lanczos iterations are needed in practice. When
approximating quadratic forms while aiming at accuracy &, we stop the Lanczos method
when the difference between upper and lower bound is less than /2. Starting from
N =1, we compute the empirical failure probability P(|esty,, — logdet(A)| > ¢); if this

probability is larger than §, we double the number of samples N and repeat.

The results for the three matrices from Table 9.1 are reported in Figures 9.6, 9.7,
and 9.8. The left plots show, for the considered values of ¢ (which have been normalized
by dividing them by the true |log det(A)|), the number of samples required to attain 90%
success probability over 30 runs of the algorithm, versus the number of samples given
by Theorems 9.30 and 9.31. The plots on the right show, for the same (normalized)
values of €, the average number of Lanczos steps required to reach accuracy £/2 versus

the number of Lanczos steps predicted by Theorems 9.30 and 9.31.

For thermo, the diagonal of log(A) is large relative to the rest of the matrix: ||log(A)—
Diog(a)llF/ll1og(A)||F ~ 0.07. Therefore, our bounds predict that Rademacher vectors
perform much better than Gaussian vectors; this is indeed confirmed by Figure 9.6.
The matrix A is well conditioned and, hence, the bounds correctly predict that the
Lanczos method only needs relatively few iterations to attain good accuracy. For lowrank,
Figure 9.7 shows that Rademacher and Gaussian vectors perform similarly. Although the
condition number of A is k(A) &~ 1560, the eigenvalues have a strong decay, and hence its
adaptivity lets the Lanczos method perform much better than predicted by our bounds, see,
e.g., [99] for a discussion. For precip, the ratio || log(A) — Dioga)ll#/[/10g(A)||F ~ 0.44 is
reflected in Figure 9.8, showing that Rademacher vectors attain somewhat better accuracy.
The condition number of A is high and there is no strong decay or gaps in the singular
values; a relatively large number of Lanczos steps is necessary to obtain the desired

accuracy when approximating the quadratic forms.
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Number of samples versus accuracy
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Figure 9.6 — Results for matriz thermomec_TC from [52].
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Figure 9.7 — Results for matriz lowrank from [129].
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Figure 9.8 — Results for matriz precip from [140].

161






18] Conclusions and outlook

In Chapters 3 and 4 we have presented and analyzed deterministic algorithms for cross
approximation, column subset selection, CUR approximation, and Tucker approximation
of tensors. We started Chapter 3 by showing that the search for a k x k maximum volume
submatrix can be restricted to principal submatrices for SPSD and DD matrices; a fact
that appears intuitive but does not appear to be widely known. In fact, for DD matrices
Theorem 3.4 is the first result providing a mathematical justification to this intuition.
For cross approximation, Theorem 3.6 appears to be the first non-asymptotic error bound
that holds for general matrices. Except for [106], previous results for cross approximation
applied to matrices or functions [15, 180] are based on a step-by-step analysis of the error.
In contrast, our technique takes a more global view and can, in turn, leverage existing
results on the pivot growth in Gaussian elimination. As illustrated in Section 3.2.4, this

can yield significant advantages.

A number of fundamental questions remain open. Most importantly, there is a
mismatch between the derived error bounds and the known worst-case examples for ACA
applied to DD and doubly DD matrices. Especially for DD matrices, the theoretical
results feature an exponential growth in the L factor of an LU decomposition, but the
worst known examples only show polynomial growth. This problem appears to be difficult
to overcome and was encountered previously in the context of the error analysis of LDU

factorizations [11, 61].

In Chapter 4, we have dealt with algorithms that guarantee a quasi-optimal low-

rank approximation in the Frobenius norm. We have proposed several improvements
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to the column selection algorithm by Deshpande and Rademacher [57]. The numerical
experiments indicate that updating singular values (instead of characteristic polynomials)
leads to numerical robustness, in the sense that the approximation error obtained in finite
precision arithmetic is not affected unduly by roundoff error. We have also developed
an extension of an existence result from [57] to produce a deterministic polynomial time
algorithm that yields a cross approximation with a guaranteed polynomial error bound in
the Frobenius norm. We have introduced a mechanism for stopping early the search for
indices in column subset selection or cross approximation. Although relatively simple,

this mechanism tremendously reduces the execution time for all examples tested.

A number of issues remain for future study, such as the numerical stability analysis of
our algorithms. In particular, it would be desirable to study the numerical robustness of the
cross approximation returned by Algorithm 4.3 with early stopping. Also, by combining
early stopping with a more aggressive reuse of the SVD might lead to further complexity
reduction, but a rigorous complexity analysis would require deeper understanding of
early stopping, well beyond the limited scope of Lemma 4.1. Finally, we stress that
the algorithms presented in Chapter 4 are intended for small to medium sized matrices
and tensors. For large-scale data, the algorithms presented in this chapter need to be

combined with other, possibly heuristic/randomized dimensionality reduction techniques.

In Chapter 7 we have proposed two new algorithms for computing matrix functions of
structured matrices, based on a D&C paradigm. The algorithms have been tested on a wide
range of examples of practical relevance that require to compute, for a medium- to large-
scale matrix, the whole matrix function, its diagonal or its trace. The numerical results in
Sections 7.2 and 7.4 demonstrate that, most of the time, the proposed methods outperform
state-of-art techniques with respect to time consumption and offer a comparable accuracy.
The convergence analysis of the splitting algorithm from Section 7.3 highlights stronger
convergence properties for the entries located on the main diagonal, which applies also to
non-Hermitian matrix arguments. The block diagonal splitting approach can, in principle,
be applied to matrices arising from the discretization of two-dimensional partial differential
equations. On the one hand, the bandwidth becomes much larger, on the other hand
these matrices have additional sparsity structure that is not exploited by our algorithm.
It would be interesting to explore whether there is a variant of Algorithm 7.2 that also

covers this case efficiently.

We have also expanded the framework of low-rank updates of matrix functions [18, 17]
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towards several directions. When polynomial Krylov subspaces are used, we have proved
in Chapter 6 a convergence result related to polynomial approximation of the derivative
of the function. In the Hermitian case, we have shown that the approximation of the trace
of the update, computed by projection on the polynomial Krylov subspace, has a higher
convergence rate with respect to the full update. We briefly mention an observation on
low-rank updates that would require further study. When polynomial Krylov subspaces
are used and the matrices A and R are symmetric, we noticed that the eigenvalues of the
update seem to converge faster than the whole matrix function update f(A + R) — f(A);
see Figure 10.1 for an example. However, there does not seem to be a “clean” exactness
result similar to Theorem 6.11, so other techniques should be used for proving results in

this direction.
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(b) Well conditioned SPD matriz A, normalized

(a) Normalized random symmetric matriz A,
random update R =bbT, f = NE

normalized random update R = bbT, f = exp.

Figure 10.1 — We consider two examples of symmetric A and R with polynomial Krylov subspaces
for approzimating the update f(A+ R) — f(A). The solid lines denote the convergence of the
ervors [|f(A+ R) — f(A) = UnXn( D)V r, |diag(f(A+ R) — F(A) = UnXn(£)VD)2, and
[tr(f(A+ R) — f(A) — UnXn(f)V,D)|; the dotted lines denote the convergence of the three
largest eigenvalues of the approzimate update U,, X,,(f)UL to the three largest eigenvalues of
f(A+ R) — f(A). Note that in both cases the eigenvalues are converging as fast as the trace, and
faster than the full update and its diagonal.

In Chapter 9 we presented new tail bounds for the Hutchinson trace estimator applied
to symmetric but indefinite matrices. These improve the results from [7] by lowering
the number of samples required to get accuracy € with failure probability é by a factor
which can be as large as n, the matrix size. We have then combined these bounds with

an improved analysis of the Lanczos method for the computation of quadratic forms
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Chapter 10. Conclusions and outlook

27 log(A)x to obtain results on the approximation of the log-determinant of SPD matrices,

improving the results from [183].

The error of the Hutchinson trace estimator decreases as the inverse square root of the
number of samples; this is a typical behavior of Monte Carlo algorithms. In the recent
paper [102] it is shown that a multilevel Monte Carlo approach can give some advantages
for trace estimation; the setting they consider, however, is not the same as ours, as they
use Chebyshev approximations instead of Lanczos method. We conclude this thesis by
touching on two further directions in which trace estimation algorithms can be improved;
these also allow us to draw a connection between Part III and low-rank approximation

(Part I) and rank-structured matrices (Part II).

A disadvantage of the Hutchinson trace estimator is that it does not take into account
any structure of the matrix A. For example, if one needs to compute the trace of a
matrix A which is approximately low-rank, we can obtain a good approximation by taking
tr(Ay), where Ay, is a low-rank approximation of A. The randomized SVD [101] allows us
to compute a low-rank approximation of A via matrix-vector multiplications with random
vectors. By combining this with the Hutchinson trace estimator, the recently introduced
Hutch-+-+ algorithm [140] ensures that O(e~!) samples are sufficient to reach accuracy e
for an SPD matrix A. Our bounds for the Hutchinson trace estimator from Section 9.2

can also be useful in this context [157].

Another case in which trace estimation can be improved is when the matrix has some
known (approximate) sparsity structure. As discussed in Part II, when A is banded or
has some known sparsity structure in many cases f(A) approximately preserves some
structure. When estimating tr(f(A)) this can (and should) be taken into consideration.
Probing techniques have been developed for this aim; see, e.g., [19, 79, 174, 177|. The
idea is that, if f(A) has bandwidth b, computing b quadratic forms with carefully
chosen vectors will allow us to compute the trace exactly. For a tridiagonal matrix,
for instance, the vectors probing can be chosen to be v; = (1,0,0,1,0,0,1,0,0,...)",
vg = (0,1,0,0,1,0,0,1,0,...)7, v3 = (0,0,1,0,0,1,0,0,1,...)7. In the more practical
case in which f(A) is only approximately banded such deterministic vectors will still
give a good approximation of the trace. Probing can be combined, in principle, with the
Hutchinson trace estimator by substituting the “ones” in the probing vectors with i.i.d.
Rademacher random variables; our results from Chapter 9 can be applied to this case as

well.
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