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New Fast Algorithms for ,
Structured Linear Least Squares Problems

Ming Gu*

December 17, 1995

Abstract

We present new fast algorithms for solving the Toeplitz and the Toeplitz-plus-Hankel
least squares problems. These algorithms are based on a new fast algorithm for solv-
ing the Cauchy-like least squares problem. We perform an error analysis and provide
conditions under which these algorithms are numerically stable. We also develop im-
plementation techniques that significantly reduce the execution time. Our numerical
results indicate that these algorithms are highly efficient and numerically stable for
problems ranging from well-conditioned to ill-conditioned to numerically singular.

Keywords: Linear least squares problem, Cauchy-like matrix, Hankel matrix, Toeplitz
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1 Introduction

1.1 Displacement Equations
The Sylvester type displacement equation for a matrix M € C™*" ig
Q-M-M-A=A (1.1)

where € C™*™ and A € C™*™; A € C™*" is called the generator of M with respect to
Q and A; and r = rank(A) < min(m,n) is called the displacement rank of M with respect
to © and A. M is considered to possess a displacement structure with respect to Q and A
if r < min(m,n). ' '

In general, there is no simple relationship between r and rank(M). For r <« min(m,n),
we usually factorize A as A = A- B for matrices A € C™*" and B € C™*". This decomposi-
tion is not uniqile. For numerical stability reasons, we often choose A to be well-conditioned.

The displacement equation (1.1) does not in general reflect the potential symmetry
structure in M. The symmetric Stein type displacement equation for a Hermitian matrix

"M (m=nand M*=M)is !

M-Q"-M-Q=0, (1.2)
where € C™*™; © € C™*™ is Hermitian and is called the generator of M with respect
to ©Q; and r = rank(©) < m is called the displacement rank of M with respect to Q. M is
considered to possess a displacement structure with respect to Q if r <« m.

For r < m, we usually factorize © as © = A.J-A* for matrices A € C™>*" and J € C™*"
with J being Hermitian. Similar to above, this decomposition is not unique, and we often
choose A to be well-conditioned. '

The concept of displacement structure was first introduced in Kailath, Kung, and
Morf [31]; the symmetric variant of which, the displacement equation of the form (1.2),
first appeared in Chun, Kailath, and Lev-Ari [12]. Displacement equations of the form (1.1)
first appeared in Heinig and Rost [28] for the special case m = n. The most general form
of displacement structure for square matrices, which includes equation (1.1) for m = n and
equation (1.2) as special cases, was introduced in Kailath and Sayed [33]. For a compre-
hensive discussion on the displacement structure theory and applications, see Kailath and
Sayed [34].

1.2 Fast Algorithms for Structured Matrices .

A special case in (1.1) is when both € and A are diagonal. Let C € C™*™ be a matrix
satisfying :
Q-C-C-A=A-B (1.3)
with '
: - ay
Q = diag(w1,***,wm) , A = diag(A1,---,An) and A= |, B=(b1, +",bs) ,

am



where wy, A; are scalars; and ax and b; are r-dimensional row and column vectors. C

is called a Cauchy-like matriz. Usually we assume that wy # A; for all 1 < k& < m and

b .
Ok /( . In particular, C is a Cauchy

1 < j < n. In this case the (k,j) entry of C is

matrix if m = n, r = 1, and a; = b; = 1 for all k and j (see Heinig [25]). In the case
where wi = A; for some pairs of (k, j), equation (1.3) requires that ai - b; = 0 and allows
the corresponding entries in C to be'arbitrary. A Cauchy-like matrix C has the interesting
property that any submatrix of C is again a Cauchy-like matrix. In addition, if C is a non-
singular square Cauchy-like matrix, then C~! is a Cauchy-like matrix as well. For square
Cauchy-like matrices with wy # A; for all £ and j, Heinig [25] developed a fast algorithm for
computing an implicit LU factorization of C with partial pivoting in O(n?) floating point
operations; and Gohberg, Kailath, and Olshevsky [18] developed an explicit fast Gaussian
Elimination with Partial Pivoting (GEPP) procedure for factorizing C based on this work.
Sweet and Brent [44] showed that the generator of C could suffer large internal element
growth in the procedure of [18]; and Gu [23] presented a modified procedure that avoids
such internal element growth and that can perform a fast variation of Gaussian Elimination
with Complete Pivoting (GECP).

Some symmetric/Hermitian Cauchy-like matrices satisfy displacéement equation (1.2).
Let & € C™*™ be a diagonal matrix and let M = M* € C™*™ be a Hermitian matrix

satisfying the displacement equation

M—-Q*M-Q=A.-J A% (1.4)
a
where Q = diag(wy, *,wm); A= : ;and J € C™*" is Hermitian. For wj -w; # 1, the
am
J-a.
Sk 2%  For wj - wj = 1, Equation (1.4) requires that ax - J -a} = 0,

(k,j) entry of H is T—ofw,
and allows the corresponding entries in H to be arbitrary. Assume that w; # 0 for all k&,
equation (1.4) can be rewritten in the form of (1.3) as

QT M-M-Q=(Q*-A4) - (J-4AM).

Hence M is a Hermitian Cauchy-like matrix. Kailath and Olshevsky [32] have developed a
fast Bunch-Kaufman Pivoting procedure for factorizing symmetric/Hermitian Cauchy-like

matrices. .

Other classes of structured matrices include the Toeplitz matrices and the Hankel ma-
trices. A Toeplitz matrix T is a matrix whose entries are constant along every diagonal
(T = (tk—j)1<k<m,1<j<n); and a Hankel matrix H is a matrix whose entries are constant
along every anti-diagonal (H = (hr+j-2)1<k<m,1<j<n)- Let Sm € R™*™ be the matrix that

is 1 on the main anti-diagonal and 0 everywhere else (for example S; = ( (1) (1) )) It is

well-known that for every Hankel matrix H € C™*" S, - H is a Toeplitz matrix. Toeplitz
and Hankel matrices are included in the larger class of Toeplitz-plus-Hankel matrices, which



are sums of Toeplitz and Hankel matrices. These matrices often arise from signal processing
and control theory applications (see, for example, Bunch [7] and Nagy [38]). We will discuss -
the displacement equations the Toeplitz matrix and the Toeplitz-plus-Hankel matrix satisfy
in §3. Our main goal in this paper is to present new fast algorithms for solving the linear

least squares problem
mxmllM -z —hls, ' (1.5)

where M € R™*™ is the Toeplitz or the Toeplitz-plus-Hankel matrix; and h € R™ is a
vector. We will also consider the case where M is a real or complex Cauchy-like matrix.
Throughout this paper, we assume that M is non-singular and that m > n + r, where r is
the displacement rank of M. The problem (1.5) has a unique solution

Ty = (M*-M) . M*-h. (1.6)

Fast algorithms for solving the least squares problem (1.5) when M is a Toeplitz matrix
~ have been developed by Bojanczyk, Brent, and de Hoog [4], Chun, Kailath, and Lev-Ari [12],
Cybenko [14, 15], Nagy [37], Park and Eldén [39], Qiao [40], and Sweet [42] that require
O(mn) floating point operations, as opposed to O(mn?) floating point operations normally
required for general dense linear least squares problems. Fast parallel algorithms have also
been developed by Bojanczyk and Brent [3, 6]. However, some of these algorithms have
unknown stability properties (see Brent [6]) and others are known to be unstable (see Luk
and Qiao [36]); most of these methods suffer from loss of accuracy for very ill-conditioned
problems. _ '
A special case of the Toeplitz least squares problem is the Toeplitz linear system of
equations, where one solves for z in M -z = h with M being a square Toeplitz matrix
(m = n). For discussions on some of the earlier fast and superfast methods (performing
O(n?) and O(nlog?n) floating point operations, respectively) for solving such equations, see
Bojanczyk, Brent and Sweet [5], Bunch (7], Cybenko [13], Sweet [43] and the references
therein. : ' ' '
Recently, Heinig [25] showed that the square Toeplitz matrix can be transformed into .
a Cauchy-like matrix via the fast Fourier transforms; and Gohberg, Kailath, and OIl--
shevsky [18] and Heinig [26] further showed that the Toeplitz-plus-Hankel matrix can be
transformed into a Cauchy-like matrix via the fast trigonometric transforms. Hence fast
algorithms for solving Cauchy-like linear systems of equations can be used to solve Toeplitz
and Toeplitz-plus-Hankel linear systems of equations. Independently, Chandrasekaran and
Sayed [9] presented a modified version of the QR type algorithm of {12] and showed it to
be fast and backward stable for solving non-singular Toeplitz linear systems of equations.

1.3 Main Results

We present a new fast algoritﬁm for solving the least squares problem (1.5) when M is a
Cauchy-like matrix. This algorithm reduces the least squares problem into two Cauchy-like
systems of linear equations and solves these systems by generalizing triangular factorization



techniques developed in (18, 23, 25, 32]. Our error analysis shows that this algorithm is
backward stable if the L matrix in the LU factorization of M with fast partial/complete
pivoting is well-conditioned.

We also present new fast algorithms for solving the least squares problem (1.5) when
M is a Toeplitz or Toeplitz-plus-Hankel matrix. These algorithms transform M into a
Cauchy-like matrix via the fast Fourier or trigonometric transforms and solves the resulting
Cauchy-like least squares problem using the fast algorithm above. Since the choices of trans-
formations are not unique, we compare different choices in terms of efficiency and numerical
accuracy in solving the Toeplitz and the Toeplitz-plus-Hankel least squares problems. Our
error analysis shows that these algorithms are as backward stable as the algorithm for solv-
ing the resulting Cauchy-like least squares problem. Since the Hankel and Toeplitz matrices
are simply related (see §1.2), the new fast algorithms for solving the Toeplitz and Toeplitz-
plus-Hankel least squares problems are also new fast algorithms for solving the Hankel least
squares problem; and the numerical stability results are the same.

We develop implementation techniques that significantly reduce the execution time. We
also perform a large number of numerical experiments on the new fast Toeplitz and Toeplitz-
plus-Hankel least squares problem solvers and compare them with the straightforward QR
type least squares problem solver that ignores the Toeplitz and Toeplitz-plus-Hankel struc-
tures. Our numerical results indicate that these fast algorithms are significantly faster than
the straightforward solver and yet are essentially as accurate on problems ranging from
well-conditioned to ill-conditioned to numerically singular.

1.4 Overview

In §2 we present the new fast algorithm for solving the Cauchy-like least squares problem. In
§3 we show how to transform Toeplitz and Toeplitz-plus-Hankel matrices into Cauchy-like
matrices and compare different choices of transformations in terms of efficiency and numer-
ical accuracy. In §4 we perform an error analysis for these algorithms. In §5 we develop
implementation techniques that reduce the execution time and present numerical results.
And in §6 we discuss some extensions, draw conclusions, and ask some open problems.

1.5 Notation and Conventions

i is the unit imaginary number (i> = —1). For a matrix M, M* denotes its complex
conjugate; in case M is real, both M* and M7T denote its transpose. omax(M) and omis (M)
Omax (M)

denote the largest and the smallest singular values of M, respectively; and k(M) = T (3D)
min

1s the 2-norm condition number of M.

Mp.q s:x is a submatrix of M that selects rows p to g of columns s to k; M. ;.x and M, .
select st* through k** rows and columns, respectively; and when s = k, we replace s : k by
s. However, for matrices A and B with or without superscripts, we further set

As:k = As:k,: and By = B:,s:k )



for matrices C and L with or without superscripts, we set:

Cl = Cl:n,lin 3 Cy = Cn+1:m,1:n and L, = Ll:n,}:n ) L2 = Ln+1:m,1:n 3
‘and for matrices Q and A, Q..+ and A, select both rows and columns s to k of £ and A,
respectively.

|M]| is the matrix of moduli of the {Mg;}. We use the maz norm, the co-norm, the

2-norm, and the Frobenius norm:

1M || max = nllcaj»?fle,jl » 1Moo = maxy | M j| , [IM]|2 = X, 1M -ullz
3, j .

and |M||p = +/Sx ; [Mi;[2. For a matrix M € C™*", the following inequalities hold:

D < Ml < ] ana 172
When the norm in || - || is not specified, it is one of the 1, 2, and co norms.

I; is the k-by-k identity matrix, e, € R* is the vector of all 1’s. P,, € R™ ™ and
. @Qn € R™ ™ are permutation matrices; and P,,(j,k) and Q,(j, k) denote the permutations
that interchange the j** and k** rows of matrices with m and n rows, respectively.

A flop is a real floating-point operation a o 3, where a and § are real floating-point
numbers and o is one of +, —, X, and +. Taking the absolute value or comparing two
floating-point numbers is also counted as a flop. We count a complex addition or subtraction
as 2 flops; a complex multiplication 6 flops; and a complex division 11 flops.

€ is the machine precision. In our error analysis, we take the usual model of arithmetic:?

fi(ac B) = (aoB)(1+n),

where fi(a o 3) is the floating point result of the operation o; and |n| < e. For simplicity, we
ignore the possibility of overflow and underflow. It is well-known that for any A.€ C™*"
and B € C™*", when the matrix-matrix product A - B is computed in the straightforward

<Moo < V- | M]l2 . (1.7)

way, we have
B(A-B)—A-B|<n-r-|4]-|B|, (1.8)

where 7 is a small multiple of e.

‘2 The Cauchy-like Least Squares Problem

2.1 Reducing One Cauchy-like Least Squares Problem into Two Cauchy-
like Linear Systems

Let C € C™*™ be a Cauchy-like matrix satisfying (1.3) and define

= : _ Ymax
Ymax = 1<k<m 1<j<n Iwkl + |/\ | ) "r/)mm = 1<kSI1?’:{1<j<n |Ldk /\]I s 1,b = m (2.9)
_ _  Pmax ,
¢max = 2 1I<nica&x |Cu'k| ¢mm - 1<k;é < I Wk wJI ’ ¢ - ¢_— : (210)

1This model excludes some CRAY machines that do not have a guard digit. Our error analysis still holds
for such machines with a few easy modifications.



We assume that C is a non-singular matrix and ¢ > 0 and ¢ > 0. Hence the diagonal
entries of  are distinct and C is the unique solution to (1.3). In §2.1 we consider the least
squares problem (1.5) for M = C. The notation established in §1.5 will be heavily used in

this section.
The expression in the solution (1.6) is not suitable for direct numerical computation for

ill-conditioned C. The standard approach is to use the QR factorization of C. Let
C=Q-R,

where @ € C™*™ is column unitary and R € C"*” is upper-triangular. The least squares

solution is ‘
zc=(C*-C)y - (C*-h)=(R*-Q*-Q-R)'-(R*-Q"-h)=R™-(Q*-h). (2.11)

Although this scheme is backward stable, it is slow for large m and n. The QR factorization
requires O(mn?) flops to compute in general; and no known algorithm can stably compute
a QR factorization of a Cauchy-like matrix in O(mn) flops.

Fortunately, This scheme is not the only way to compute z¢. Partition (see §1.5 for

— Cl — hl:n
C_(CZ> and h_(hn+1:m>'

We assume that C; is non-singular and define

notation)

Z=Cy-CileCm™*n and K=1I,+2"-ZeC™, (2.12)

The least squares solution ¢ can now be rewritten as

zc = (Ci"(In+z*-Z)-01)‘1-cf-((In Z*).(hhlm ))

n+1lm .
= C'1_1 . K_l : (hl:'n +’Z* : hn+1:m) .

In this formula, C) is a square Cauchy-like matrix (see §1.2), and hence z¢ can be computed
as the solution to the Cauchy-like linear system

Ci-zc=g, (2.13)

where
9=In+2*-2)"  (hin+ 2" - hnsrm) -

In Theorems 2.1 through 2.3 that follow, we show that for the types of Cauchy-like matrices
C that are transformed from the Toeplitz or Toeplitz-plus-Hankel matrices, both Z and
K are Cauchy-like matrices as well, with K being symmetric/Hermitian positive definite.
Hence g can be computed as the solution to the symmetric/Hermitian positive definite

Cauchy-like linear system
K-g=Hhin+2* hntim - (2.14)



N

Theorem 2.1 Let C be a Cauchy-like matriz satisfying the displacement equation (1.3).
Then the matriz Z in (2.12) is a Cauchy-like matriz satisfying the displacement equation

Qn-i-l:m A Q1:11 = (An-;-lzm - C2 * C'I_1 : Al:n) : (B ) Cl—l) .

Proof. Equation (1.3) can be rewritten as

Qn-CL—Cr-A=A1n B and Qnpyim-Ca—Co-A=Api1im B,

which can be further rewrit_ten as
O Qe =A-CT (O Arn) - (B-CTY),

and
Qn+1:m +Cy=Cqy-A+ An+1:m “B.

On the other hand,
Qn+1:m L —Z- Q1:11, = (Qn+1:m : C2) ‘ 01_1 - CZ ’ (C']._:l ’ le) .

Plugging in the above two relations and simplifying, we obtain (2.15). 1

(2.15)

Since both factors in the generator for Z in (2.15) can be ill-conditioned, we rewrite the

generé.tor of Z as

Q'W=(An+1:m"CZ'C1_1'A1:n)‘(B'Cl_l)’

(2.16)

where Q € Cm~")%" and W € C™*" with Q being well-conditioned. In §2.2 we will discuss

how to compute Q and W without computing Api1.m — Co - Cy 1. Ay.,and B- Cy L

Theorem 2.2 below shows that K is a Cauchy-like matrix if all the matrices involved

in (1.3) are real.

Theorem 2.2 Let C be a Cauchy-like matriz satisfying the displacement equation (1.3).
Assume that all the matrices 2, A, A, and B are real. Then the matrizx K in (2.12) is a

symmetric Cauchy-like matriz satisfying the displacement equation

Q1:'n.'-l’{""-[{‘ﬂl:n=-A°x7°-'4T’

where _

A=(27-Q WT) and J=< 0 ‘I’) ,
with Q@ and W being defined in (2.16).
Proof.

U KK QU = Q- Tn+27-2) =T+ 27-2) - Qn
' = (Z- W) Z2-27(Z Q).

(2.17)
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On the other hand, Combining (2.15) and (2.16) gives
Z - M =Qui1m - Z2-Q-W.

Theorem 2.2 follows by plugging this relation into above and simplifying. 1

Remark 1: To compute A for a given generator Q - W of Z, we need to form the
matrix Z and then perform the matrix-matrix product Z7 - Q. The total cost is about
(4r + 1)(m — n)n flops.

The following theorem shows that H is a Cauchy-like matrix if all diagonal entries in

are on the unit circle in the complex plane.

Theorem 2.3 Let C be a Cauchy-like matriz satisfying the displacement equation (1.3).
Assume that |wj| =1 for 1 < j < m. Then the matriz K in (2.12) is a Cauchy-like matriz

satisfying the displacement eguation
K-, K- Qp=A-J - A (2.18)

where
A=(W* 2" Q1 Q) and J=(‘QI'Q f))

with Q@ and W being defined in (2.16).
Proof. By assumption, we have

Im Qua=1I, and Q1. Qniim =Inn .
Hence

K—Q;:n'K'le = (In+Z*'Z)_ I:n'(In'i"Z*'Z)'Ql:n
= 2% Z—-(Z -Mp)(Z Q) -

On the other hand, Combining (2.15) and (2.16) gives
Z‘Ql:n=Qn+1:m'Z_Q'W-

Theorem 2.3 follows by plugging this relation into above and simplifying. |

Remark 2: To compute A for a given generator Q-W of Z, we need to form the matrix
Z and then perform the matrix-matrix product Z* - (.., - @). The total cost is about
(16r + 11)(m — n)n flops.

In §2.2 through§ 2.4 that follow, we will solve linear systems (2.13) and (2.14) by devel-
oping fast algorithms for computing the generator of Z and factorizing C; and K.



2.2 (Gaussian Elimination for Cauchy-like Matrices

Let C be a Cauchy-like matrix satisfying (1.3) and let the LiJ-factorization of C be -
C=L-U, (2.19)

where I € C™*" is unit lower triangular and U € C"*™ is upper triangular. This factor-

ization,-when exists, can be computed via Gaussian Elimination (GE). Given (2.19), the.

factorization for C; is simply L; - U (see §1.5 for notation). .
The first step of Gaussian elimination is to zero-out the first column of C below the

7 U (1 0 v wu
¢= ( v CZ:m,Z:n ) - ( I I, ) ( 0 C(Z) ) ’ (220)

where Uy ; = v is the pivot; Lam1 =1 = v/v; Uy 2.n = u; and c® = Co.m,2:n — 1 - u is the
Schur complement of v. Theorem 2.4 below asserts that C®) is also a Cauchy-like matrix.
Variations and generalizations of this theorem have appeared in [18, 19, 20, 25, 33]. The
algorithms of Gohberg, Kailath, and Olshevsky [18] are based on it.

diagonal entry:

Theorem 2.4 Let matriz C in (2.20) satisfy the displacement equation (1.3) with wy # Aj

foralll<k<mand 1l <j<n. Assume that v # 0. Then C?) satisfies the displacement

equation .
Q2:m . C(Z) — C(z) . A2:n = A(z) . B(z) (2_21)

with A®) = Ay —1- Ay, € CO" V%" gnd B@) = By, ~ B.; - u/y € CT*(n"1),

Hence the first step of Gaussian elimination on the matrix C involves computing v, v, and
u of C from equation (1.3); computing the vector /; and computing the matrices A and
B(?) in equation (2.21). Gaussian elimination then proceeds by recursively applying this
step to C(®), If all the pivots are non-zero, then at the end of this procedure, C is factored
into (2.19).

While the generator of Z can be computed directly from formula (2.15) using the fac-
torization (2.19), numerical accuracy could be compromised for ill-conditioned C;. In the

following we present an alternative procedure that computes the generator for Z during the

course of Gaussian elimination on C. To this end, we define C(V) = C, L(® = I,,, and

(k) - Ll:k;l:k 0 | mxXm
L ( Lis1mar Im—k ) €C (2:22)

and
k+1 -1 v
C( +) = Ck+1:m,k+1:n - Ck+1:m,1:k : Cl:k,l:k . c’1:1‘:,1‘:+1:-n 3

for k=1,2,---,n — 1. C**1) is the Schur complement of Ciik,1:k-
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Lemma 2.1 Let the Cauchy-like matriz C in (1.3) have LU factorization (2.19). Then for
2 < k < n, the Schur complements {C’(")};c‘=1 satisfy the displacement equation

Qo - C® —C®) L AL, = AR . B(R) (2.23)

where {A(®)} and {B®)} satisfy the recursion: AQ) = A, B1) = B and

A(k) = Agﬁ;i)k - Lk:m,k—l : Ag’j:_l) ’ B(k) = Békn_-}lz: - B:(,,;_l) - (Uk—l,k:n/Uk—lyk—l) ’ (2'24)

as well as the identities

A® = Ay~ Crmiker - Cl—:lt—l,l:k—l - Ark-1 (2.25)
B(k) = By — Brk-1- Cl_:.ll—l,lzk—l ) cl:k—l,k:n : (226)

Proof. It is well-known (see, for example, Wilkinson [48]) that after the first (k—1)*¢ steps,
Gaussian elimination performs the elimination procedure on C(®), Partition

(%) ul®)
ck) = ( 7 & ) .
v(k) Cé:'rzz—k+1,2:n—k+1

Then Ui x = v*), Uy gy1:n = ¥, Lijrmp =1 = o) /4(F) | and

C(k+1) = Cgc'rzz-—k+1,2:n—k+1 - Lk+1¢m,k : u(k) :

Equations (2.23) and (2.24) follow immediately by applying Theorem 2.4 to every C(*).
To show (2.25), we note that

Iy O 0 I 0 0
A=D1 o0 1 0 ALY 1= 0 1 0 A
0 I® I, . 0 —I® I, .

Now a straightforward induction using this relation and (2.24) shows that A®*) is the last
m — k + 1 rows of (L(*¥))~1 . 4 for all k. On the other hand

(L(k))-—-l = ( L Ll—:llc,lzk 0 ) ,

-1
—Lk+1:m,l:k 'Ll:k,l:k Im—k

where
-1 -1
Lk+l:m,1:k : Ll:k,l:k = (Lk+1:m,1:k . Ul:k,l:k) : (lek,lzk : Ul:k,l:k)
-1
= Ck+1:m,1:k : Cl:k,l:k :
Hence .
(L(k))—l A= Ll:k,l:kA1=k )
Ak+1:m - Ck+1:m,1:k : Cl:k,l:k : Al:k

from which equation (2.25) follows. Similar arguments show that equation (2.26) holds. 1

12
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To compute the generator of Z, we define
Z(k) = Ck+1:m,1£k : Cl_:]];,]_;k for k= 1,2,---,n. (227)

In particular, for £ = n we have zm =z (see (2.12)). Theorem 2.1 implies that every
Z(%) is a Cauchy-like matrix of displacement rank at most r. In the following we introduce
a simple recursion for computing {Z(®)} via {A(®)} and {B®)}.

First, by applying Theorem 2.1 to Z 1) we have 7 v

Q2:m,2:‘m . Z(l) - Z(l) Wy = A(z) . Y(l) ,

- -where Y() = B, 1 /.
To compute the generator for Z(*), we set

y(k) = B:(,I;.)/Uk,k ) z(k) = (Aglf) : Y(k—l)) : (wk-[k - Alzk—l,l:k—l)-—1

and
y® = (Y(k-l) — 8 5®) y(k)) c o<k - (2.28)

Theorem 2.5 for k=2,---,n,
QIc+1:m : Z(k) - Z(k) . Ql:k = A(k+1) . Y(k) .

Proof. Combining Theorem 2.1 and equation (2.25), we see that the generator of Z(*) is
simply A®+D. B, 1.4 - Cl_:,i,l:k for all k. Hence in the following we will show inductively that

Y*D = Bt Cld s - (2.29)

Equation (2.29) is obviously true for k¥ = 2 by construction. Assuming that it holds for
some k > 2, we want to show it to hold for k£ + 1. To this end, partition v

CrLiis = Crk-114-1 Crir-1k
o Ck,1:k-1 Chr.k

It is well-known that Uy is the Schur complement of Cy.x_1,1:x-1,

Uk, = Crk — Ci:k-1° Clip11:6-1 * Crak—1k -

~ Hence )
1 _ [ Crkcrpra T F-9/Ukk — /Ui
1:k,1:k —g/Uk,k l/Uk,k

-1 ) - =1
where f = Cl:k—l,l:k—l - Crik—1,1:k and g = Cy 1:6-1+ Cl:k—l,l:k—l' Consequently

-1
: - k111 T f-9/U -f/U;
Bit-Criyx = (Bik-1 Bug): ( i l’lﬁgl/Ukj; 9/Ohs 1]%],0? )

= (B1:k—1‘(\_11_:§_1,1;k_1 —f-9/Ukk f/Uk,k) : (2.30)



where .
: -1
f=B.kx = Buk-1-f =B.x — Brk-1"Clif_114-1 " C1k—1,1:%

which, according to (2.26), is simply B:(,’{).
On the other hand, we observe that g is the first row of Z(*~1) which satisfies the
displacement equation

Qo - 25D _ 2= 0 = AR y(k-1)

Hence
g= ((Aﬁ’f,’ 'Y(k)) (wele—1 = Qup—1)

By setting f/Upz = y* and g = 2(¥) in (2.30) and comparing the resulting equation
with (2.28) and (2.29), we have Y(*) = By, - Cl_:lt,lzk' |

2.3 Pivoting and Generator Re-decomposition

The factorization (2.19) does not always exit. One celebrated property of the Cauchy-like
matrix C is that performing partial and complete pivoting on C does not change the Cauchy-
like structure (see Heinig [25]). To perform pivoting on C, one finds a large magnitude entry
(Kmaxs jmax) in C, permutes it to the (1,1) entry to get C = Pn(1, kmax) - C - Qn(1, jmax),
and then applies the elimination step to C. Let C be a Cauchy-like matrix satisfying
equation (1.3). Then forevery1 <k <mand1<j <n,

(Pm(1,k) - Q- Pu(1,k)) - € = C - (Qn(1,5) - A Qn(1,5))

It follows that C is still a Cauchy-like matrix.

To perform partial pivoting, one chooses jmqe = 1; finds the largest magnitude entry
(Kmax, 1) in the first column of C; and permutes the k% and the first rows of C. As in
straightforward GEPP for dense matrices, performing partial pivoting ensures that an LU
factorization can always be computed. There is, however, a potential problem of element
growth. Let

9pp = max [ lmax/|Cllmax

be the element growth factor. It is well-known that gpp < 2"~! for GEPP, and although
very rare, this bound is attainable for certain dense matrices (see Golub and van Loan [21,
pages 115-116]). It is not clear whether this bound is attainable for Cauchy-like matrices
with low displacement rank. When large element growth does occur, the computed LU
factorizations can have a large backward error.

One way to reduce this element growth is to perform complete pivoting, whereby one
chooses the largest magnitude entry in the entire matrix C' and permutés it to the (1,1)
entry. This is an overall O(mn?) procedure. To reduce the cost, we adopt the fast variation
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of complete pivoting proposed in Gu [23] to find an entry that is sufficiently large in mag-
nitude. Since this method involves re-decomposing the generators of both C(*) and Z(*~1)
in the following we show how it works on C*) instead of on C.

In equation (2.23), we QR factorize A¥) to get A*) = A. R, where A is column unitary,
and R is upper-triangular. We then compute B = R- B%) and Y = R- Y(*-1)_ Tt follows
‘that o ’ | |

A® . BE) = 4.B and A®).yG-D- 4.y,
In other words, we have re-decomposed the generators of C(*) and Z*) as A- B and A- ),
respectively. , .

Since A is column unitary, the j®* columns of A(*) . B(*) and B have the same 2-norm,
for all j. Hence we choose jmax by looking for the largest 2-norm column of B. We then
choose the (kmax, jmax) entry to be the largest magnitude entry in the ] " x column of ck),

The following lemma relates |C( ) | to the max and Frobemus.norms of C(); it is a

kmax;imax

. straightforward generalization of Lemma 2.1 in [23].

Lemma 2.2 Let C be a Cauchy-like matriz satisfying equation (1.3). Then
IO e < vim -9+ |G| end [C®r < vimm- g - |CL)

kmax;jmax kmax sjmax

where z/z is defined in (2.9). _

In addition to the potential element growth in the LU factorization, Sweet and Brent [44]
show that the matrices A%) and B(*), if updated as in equation (2.24), could also grow so
that

119, > 4050
- for some k. And if this happens, the backward error in the LU factorization could be large.

The same arguments show that if . v
a0, > -

then the backwa.rd error in the computed Z matrix could be large. However, such element
growth goes away when re-decomposition is performed; in fact it will not occur as long as
A®) is well-conditioned (see [23] and §4).

Algorithm 1 below computes an LU-factorization of the form

C=Pn-L-U- (@), (2.31)

where L € C™*™ js unit lower triangular and U € C™*" is upper triangular; and P,, €
R™*™ and Q, € R™*™ are permutation matrices. Let '

=(Pm‘)T°C'Qn ¢

Algorithm 1 also computes a generator of the matrix Z = C, -C~'1— 1, 1t performs column piv-
oting at every ( steps, where ( is a user supplied positive integer. In particular, Algorithm 1

performs column pivoting at every step if ( = 1. In practice we set { > r. Algorithm 1

assumes that the matrix A is initially column unitary.
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Algorithm 1 LU factorization of C with pivoting.
L:=0e€ C™*™ U :=0¢€ C""; P, :=In; Qn = Ip;
for k:=1ton do
if (mod(k,¢) =0) then
Ak = Ap.m - R (QR factorizes Ag:m);
Bim = R Bin; Yo1k—1:= R-Y 1515
Jmax = argmMaXp< <y | B.,;ll2;
if jmax > k then
Qn = Qn(k, Jmax) * Qn; A := Qn(k, jmax) - A - Qn(k, jmax);
B := B - Qn(k,Jmax); U := U - Qu(k, jmax);
endif
endif
Limpk = (Qim — MeLmiet1) "+ Akim,: - Bugs
kmax = argmax <icm |Ljkl;
if kpmax > k then
Pon = Py - Pr(k, kmax); @ := Pra(k, kmax) - @ - Pra(k, kmax);
A := Pp(k,kmax) - 4; L := Pp(k, kmax) - L;
endif
Uk = Lig; U gt = Ak, * Brsim - (Wenk = Agr1n) ™
Lk :=1; Likg1:mk := Lig1m e/ Ukyks
Aptim = Arp1:m — Liatimk - Ak Betiin = Brgrn — Bik - U k10 /Ui ks
z:= A, Yire-1 - (Wideo1 — Ark—1) 7Y ¥ = Box /Ui
Yoir:=Yik-1—-y-2 )

endfor

Remark 3: If the input data A, B, Q and A are real, Algorithm 1 costs about (4r +
4)mn + (2r — 1)n? flops, plus an extra cost of about (4m — n)nr? /¢ flops for redecomposing
the generators; there is also potentially about n%(¢ + 1)/(2¢) swaps of memory locations.
For a matrix transformed into a Cauchy-like matrix from a Toeplitz-plus-Hankel matrix
(see §1 and §3), the displacement rank r is at most 4. If we choose { > 4, then the cost of
Algorithm 1 is about (20m + 7n)n flops.

Remark 4: If the input data are complex, Algorithm 1 costs about (167 + 22)mn +
8rn? flops, plus the cost for comparisons and the cost of about 4(4m — n)nr2/¢ flops for
redecomposing the generators; there is also potentially about n2(¢ +1)/¢ swaps of memory
locations. For a matrix transformed into a Cauchy-like matrix from a Toeplitz matrix (see
§3), the displacement rank r is at most 2. If we choose { >> 2, and choose pivots that have
the largest sum of real and imaginary parts in absolute value, the cost for comparisons is
about 4mn — 2n? flops, and the cost of Algorithm 1 is about 2(29m + 7n)n flops.
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Remark 5: If r >> max((,1), then the cost of redecomposing the generators dominates
the computation of Algorithm 1. In this case we use QR updating techniques similar to
those of Daniel, Gragg, Kaufman and Stewart [16] (see also Golub and van Loan (21, §12])
to perform the QR factorization at every step, bringing the total redecomposition cost down
to O(mnr). ‘

To get an upper bound on the element growth factor for Algonthm 1, let

1/2
W) = (k [[0e0) =0 (k+ins).

s=2

This is Wilkinson’s upper bound on the growth factor for GECP on a k X k general dense

matrix. Although W(k) isnot a polynomla.l in k, it does not grow very fast either [47] The
- following theorem trivially generalizes a similar result in [23].

Theorem 2.6 Let C be a Cauchy-like matriz satzsfymg (1.3); and let equation (2.31) be
the LU factorization generated by Algorithm 1 in ezact arithmetic for ( = 1. Then the
element growth factor gcp = max;<k<n 1C® | max/NICllmax satisfies

Wy Lk

D24
gcp < Vn-y “W(n) .

2.4 Factorizing A Positive Definite Cauchy-like Matrix

In this subsection, we compute the Cholesky factorization of a symmetric /Hermitian positive
definite Cauchy-like matrix K of the form (2.12):

K=L-D-L*, _ (2.32)

where £ € C™*” is unit lower triangular and D € R™*" is positive diagonal. We will assume
that K satisfies either equation (2.17) or equation (2.18). In both cases, the displacement
equation specifies all the off-diagonal entries of K; the diagonal entnes of K have to be

prov1ded separately.
The first step of Cholesky factorization is to zero-out the first column and row of K

below and above the diagonal entry:

N e { v* (1 0 | 0 . 1 0 *
K= ( v KZ:n,2:n ) B < l In ) ( 0 K@ ) ( I I, ) ’ _ (233)

" where Dy 1 = 7; Lom1 =1 =v/v; and K® = Ky.m o — v - v*/7 is the Schur complement
of ~.

2.4.1 Real Cholesky Factorization

'First assume that K satisfies equation (2.17). Then K is a real symmetric positive definite

matrix. Similar to (2.20), K(?) is a Cauchy-like matrix. Theorem 2.7 below is a direct gen-

eralization of Theorem 2.4. More discussions on factorizing symmetric Cauchy-like matrices
can be found in Kailath and Olshevsky [32].
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Theorem 2.7 Let matriz K satisfy the displacement equation (2.17). Then K2) satisfies

the displacement equation
Qon - K@D K@ ., = A® . 7. (A(z))T
with A® = Ay.,, — 1 - Ay,.. The diagonal entries of K @) satisfy
KD w1=Kep—vi/v, for k=2,---,n.

Hence the first step of Cholesky factorization on the matrix K involves computing v of K
from equation (2.17); computing the vector /; computing the matrix .A(); and computing the
diagonal entries of K (2), Cholesky factorization then proceeds by recursively applying this
step to K(?). Since K is symmetric positive definite, all the diagonal entries are positive and »
hence this procedure never breaks. At the end of this procedure, K is factored into (2.32)
with £ € R™*™.

It is well-known that Cholesky factorization on a general dense symmetric positive def-
inite matrix is always backward stable, and there is no element growth in D. However, the
above Cholesky factorization procedure may not necessarily be backward stable for K. This
is because, as in Algorithm 1 without generator re-decomposition, there might be potential
element growth in the generators. To avoid this problem, we perform diagonal pivoting on
K and re-decompose the generators as well. Since K is symmetric positive definite, v is the
largest magnitude entry in the entire matrix K after diagonal pivoting. Algorithm 2 below
computes a Cholesky factorization with diagonal pivoting:

K=Q.-£-D-£T-(Q.)7 ,

where £ € R™ " is unit lower triangular and D € R"*" is positive diagonal. Algorithm 2
performs generator redecomposition every ( steps; and it assumes that on input, the diag-
onal entries of D are those of K and that A is well-conditioned.

Algorithm 2 Real Cholesky Factorization
L:=0¢€R™™™; Q= In;
for k:=1tondo
if (mod(k,¢) = 0) then
Ap:n := Akin - R (QR factorizes Ax.,); J := R-J - RT;
endif
kmax := argmaxy< <, Dj j;
if kpax > k then
Qn = Qn - Qn(k, kmax); Qi = Qn(k, kmax) - Qu:n - Qn(k, kmax);
D := Qn(k, kmax) - D - Qn(k, kmax);
A= Qn(k, kmax) <A [f:,l:k = Qn(ka kma-X) : ﬁ:,l:k;
endif



£k+1:n,k = (Qk+1:n - wkIn—k)—l ' Ak+1:n -J - -A%‘,;/Dk,k;
Ak+1:n = Ak+1:n - £k+1:n,k : Ak,:;
for j:=k+1tondo
— 2
Dj; = Dj; = L Drg-
endfor

endfor

Remark 6: Algorithm 2 costs about (4r + 2.5)n? flops, where 2r is the displacement
rank of K (see equation (2.17)), plus an extra cost of about 2nr2/¢ flops for redecomposing
the generators; there is also potentially about n? /2 swaps of memory locations. For a matrix
transformed into a Cauchy-like matrix from a Toeplitz-plus-Hankel matrix (see §1 and §3),
the displacement rank of K is 2r < 8. In this case, Algorithm 2 costs about 18.5n2 flops

for { > 4. )

2.4.2 Complex Cholesky Factorization

Now assume that K satisfies equation (2.18). Then K is a complex Hermitian positive
definite matrix. Again K(? in (2.33) is a Cauchy-like matrix. Theorem 2.8 below is a slight
modification of Lemma 3.2 in [32].

Theorem 2.8 Let matriz K satisfy the displacement equation (2.18). Then K(2) satisfies

the displacement equation
K(Z) - Q;'n. : K(Z) : Q2:71. = A(2) -J (.A(Z))*

with
A®) = Ay — (1-t/2)- A1, where t=Agq-T - Af /7.

The diagonal entries of K () satisfy

K(z)bk_l =K — el /7y, for k=2,---,n.

Similar to Algorithm 2, Algorithm 3 belows computes a Cholesky factorization with

diagonal pivoting: :
H=Qn-L-D-L*- (@), (2.34)

where £ € C™*" is unit lower triangular and D € R"*" is positive diagonal. Algorithm 3
performs generator redecomposition every { steps; and it assumes that on input, the diag-
onal entries of D are those of K and that A is well-conditioned. '

Algorithm 3 Complex Cholesky Factorization
L:=0€R™™"; Q, = Ip;
for £k :=1ton do
if (mod(k,¢) = 0) then
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Apm = Ag:n - R (QR factorizes Ay.,); J := R+ J - R,
endif
kmax = argmaxy<;<, Dj j;
if kpax > k then
Qn == Qn - Qn(k, kmax); Q1n = Qn(k, kmax) * Q1:n - Qn(k, kmax);
D := Qn(k)kmax) - D - Qn(k’kmu);
A = Qn(k, kmax) - A; L= Qn(k, kmax) - L. 1:k5
endif
t:= Apsrn - T - AL/ Drks Litrng = (In—k — wp rim)
Ak+1:n = Abt1m — (Legiingk — 1/2) - Ag,;
forj:z.k+1 to n do
Dj; = Dj; = |Ljkl* - D
endfor

endfor

Remark 7: Algorithm 3 costs about (167 + 14)n? flops, where 2r is the displacement
rank of K (see equation (2.18)), plus an extra cost of about 8nr?/¢ flops for redecomposing
the generators; there is also potentially about n? swaps of memory locations. For a matrix
transformed into a Cauchy-like matrix from a Toeplitz matrix (see §3), the displacement
rank of K is 2r < 4. In this case, Algorithm 1 costs about 46n? flops for for ¢ >> 2.

3 Toeplitz and Toeplitz-plus-Hankel Least Squares Problems

3.1 Toeplitz Least Squares Problems

For any integer k > 0, define

0 0 0 ¢
1 0 oo 0

T =10 1 € RF**
o --- 0 1 0

Let © = T,(n1 ) and A = ,(16). It is easy to show that every m-by-n Toeplitz matrix
satisfies the displacement equation (1.1) with A having non-zero entries only in its first
row and last column, and hence the displacement rank is rank(A) < 2. To ensure that
equation (1.1) always has a unique solution, we choose § > 1 in A. The following result is

a generalization of that in Heinig [25]. -

Lemma 3.1 Let M € C™*™ be a matriz satisfying the displacement equation

T . M-M-T®) =4 B, (3.35)
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where A € C™*" and B € C™*™. Then C = Fpp - M - G~1 - F* is a Cauchy-like matriz:
Q-C—C-A=(Fn-4)-(B-¢71(R)), (3.36)

where

1 273 1 2xi
— .= i (k-1)(j-1) — .= 2 (k-1)(5-1)
Fm =y ( )1gk,jgm and Fn=4/T- ( )19:,:'9»

are the normalized Inverse Discrete Fourier Transform matrices;

G= diag(1,5,~- . ,5"_1) where § = 6% ;
and
) = diag (1 eg"T . 2m(m 1)) and A=56- dlag( m . 2’”(n 1)) .

The diagonals of Q and A satisfy

: -1
Ymax <6+ 1, ¢<6+1,¢{mx§2 andqﬁs(sinl) ,
6—1 m

where Ymax, ¥, and Pmax, ¢ are defined in (2.9) and (2.10).

Proof. It is well-known that
T'rg) =('7:m)*'ﬂ’fm

On the other hand, T, (6) =6-G71. T,sl) - G and hence
TO) =g (F) - A-Fn-G.

Equation (3.36) follows by plugging these relations into (3.36) and simplifying.

The relations for ¥max, ¥, and @max, ¢ follow from direct verification. |1

A matrix M is called Toeplitz-like if it satisfies the displacement equation (3.35) with
r < n (cf. [18]). To solve the least squares problem (1.5) when M is a Toeplitz-like matrix,
we transform M into a Cauchy-like matrix using Lemma 3.1. Setting

M= (Fn)-C-F™.g

in (1.6) and simplifying,
oy = .G (Fa)(CTC)TC - (Fm - K)
= G (F) v zc, ’ (3.37)
where z¢ is the solution to the Cauchy-like least squares problem
min[[C -z = (F - 1) |z

The idea of transforming a Toeplitz linear system of equations into a Cauchy-like system of

linear equations was first proposed by Heinig [25].
We summarize the above into Algorithm 4 that follows, assuming that M satlsﬁes equa-

tion (3.35) with A column orthogonal.



Algorithm 4 Solving the Toeplitz-like Least Squares Problem

1.

2.

6.

Choose 6; compute 2 and A in Lemma 3.1;

‘compute h := Fp, -h; A:=F,, - A;and B:= B-G71.(F,)*;

choose (1; compute the LU factorization for C; in (2.13) and the generator for Z
in (2.12) via Algorithm 1;

choose (3; compute the initial generator for K in (2.12) and compute its Cholesky
factorization via Algorithm 3;

compute the right hand side in (2.14) and compute zc by solving the linear sys-
tems (2.13) and (2.14) via forward and backward substitution;

compute 27 := G - (Fr)* - zc.

Remark 8: The total cost of Steps 1, 2, and 6 is O(m log, m) flops via the forward and
backward FFTs; the cost of Step 3 is about (167 + 22)mn + 8rn? flops, plus the cost for
comparisons and the cost of about 4(4m — n)nr?/¢; flops for redecomposing the generators
(see Remark 4); the cost of Step 4 is about (167 + 11)mn + 3n? flops, plus an extra cost
of about 8nr?/(s; flops for redecomposing the generators (see Remarks 2 and 7); Since the
matrix Z is computed in Step 4 (see Remark 2), the cost for Step 5 is about 8(m + n)n
flops. Hence the total cost of Algorithm 4 is about (32r + 41)mn + (87 + 11)n? flops, plus
the cost for comparisons and generator redecompositions. In particular, let M be a Toeplitz
matrix, then r < 2. We choose pivots in Algorithm 1 to have the largest sum of real and
imaginary parts in absolute value so that the cost for comparisons is about 4mn — 2n? flops
(see Remark 4), and we choose ¢; > 2 and (3 > 2. Thus the total cost of Algorithm 4 is
about (109m + 25n)n flops.

3.2

Toeplitz-plus-Hankel Least Squares Problems

For any integer k > 0, define

11 0 0
10 1

=10 1 0 | €R¥E.
N
0 - 0 1§

Since 7;0(6) is symmetric, it has an eigendecomposition of the form

T
0= o o0 (@)
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~

where Qf) is orthogonal and D,(f) is diagonal. QSf) is a fast cosine transformation matrix
for 6§ = £1:

o - , <q]_ cos 22— 10 — 1)#) ,
: : 2n 1<p,i<k

_ 3 (2p - 1)(2j - L)r
Q( 1) = \/: . (COS ) y
k Yk 4k 1<p i<k

where ¢; = %‘and gj =1 for 2 < j < k; and the corresponding diagonal matrices are

D’(cl) = 2 -diag (l,COS E’...’cos gﬁ__‘;l_)ﬂt) ,

k
’D,(c_l) = 2-diag (cos i,cos 31 ——(2k — 1)7r> .

Eod )

2k ok S Tk

Let Q@ = T,.Sfl) and A = 7;(62). It is easy to verify that every Toepliﬁz—plus-Hankel matrix
satisfies the displacement equation (1.1) with A having non-zero entries only in its first
and last rows and columns, thus the displacement rank of a Toeplitz-plus-Hankel matrix is
rank(A) < 4 (cf. (18, 27]). In particular, This result is true for every Toeplitz or Hankel
matrix. Let gcd(m,n) be the greatest common divider of m and n.

Lemma 3.2 Let M € C™*™ is a matriz satisfying the displacement equation
T M-M- T =4-B, (3.38)

T
where A € C™*T and B € C™*". Then C = (Qsﬁl)) -M . ng) is. a Cauchy-like matriz

satisfying:
Q.C-C-A= ((gg,?))T.A) (o) ,

where §) = Dﬁ,f‘) and A = D,(f’).v In particular, we choose 6 = —8; where

S m
1 #f ————-— 1is odd;
b=y 7 el : ,
—1 otherwise.

’

Then the diagonals of  and A éatisfy

ged(m,n) -7\~

2 -2
. . T
Ymax S 4, ¥ < (sin £ ) b <4 and ¢ < (singm)

where Ymax, ¥, and Gmax, ¢ are defined in (2.9) and (2.10).

Proof. The displacement equation can be proved using arguments similar to those in the

proof of Lemma 3.1.
As to the relations for ¥max, ¥, and dmax, @, it is obvious that ¥pa.e < 4 and Pmax < 4.
Let m; = m/ged(m,n) and n1 = n/ged(m,n). Then both m; and n; are integers and

ged(mi,ng) = 1.
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First assume that m; is odd. Then §; =1 and §; = —1. Tt follows that

- 27 —
lwk —/\Jl = 2. cos_(_lf____];.)z — Ccos M'
m 2n _
_ . (2((k=1)-n1—j-mi)+my )’
- s (S e

. (2((k=1)-m+F -m1)—m )
s ( 4my - ny - ged(m, n) i }

> 4

. ™ . s
(g geamm) (T e )|
2 ged(m,n) -7

= 4
s idm -n

bl

where we have used the fact that both
2((k=1)-n—j-m)+my and 2((k—-1)-ny1+j-my)—m

are odd integers and hence are never integer multiples of 4m;-n;-ged(m, n), the denominator.

On the other hand, if m, is even, then it follows that n, is odd, and that §; = —1 and
63 = 1. Similar arguments show that |w; — ;| > 4sin® w

In both cases, the bound on ¢ follows from direct veriﬁczzéi.on. |

A matrix M is called Toeplitz-plus-Hankell-like if it satisfies the displacement equa-
tion (3.38) with » < n (cf. [18]). In the least squares problem (1.5), if the matrix M

is real Toeplitz-plus-Hankel-like, we transform it into a real Cauchy-like matrix C using

Lemma 3.1: T
M=9®.c. (ngz)) )

Plugging this relation into (1.6) and simplifying,
oy = QP - zc,

where L T
zo=(cT-c) -7 ((gsgn) .h) .

Similar to Algorithm 4, Algorithm 5 that follows solves the least squares problem with
M satisfying (3.38). We assume that both M and h are real.

Algorithm 5 Solving the Toeplitz-plus-Hankel-like Least Squares Problem
1. Choose 6; and é; and compute 2 and A in Lemma 3.2;
T T
2. compute h := (g&iﬂ) by A= (Qﬁ;‘})) . A; and B := B - g,

3. choose (;; compute the LU factorization for C; in (2.13) and the generator for Z
in (2.12) via Algorithm 1; :

4. choose (2; compute the initial generator for K in (2.12) and compute its Cholesky
factorization via Algorithm 2;



5. compute the right hand side in (2.14) and compute z¢ by’ solving the linear sys-
tems (2.13) and (2.14) via forward and backward substitution;

@

Lo

6. compute zs = -ZC.

Remark 9: The total cost of Steps 1, 2, and 6 is O(mlog, m) flops via fast cosine
transforms; the cost of Step 3 is about (4r + 4)mn + (2r — 1)n? flops, plus the cost of
about (4m — n)nr?/(; flops for redecomposing the generators (see Remark 3); the cost of
Step 4 is about (4r + 1)mn + 1.5n2 flops, plus an extra cost of about 2nr?/(, flops for
redecomposing the generators (see Remarks 1 and 6); Since the matrix Z is computed in
Step 4 (see Remark 1), the cost for Step 5 is about 2(m + n)n flops. Hence the total
cost of Algorithm 5 is about (87 + 7)mn + (2r + 2.5)n? flops, plus the cost for generator
redecompositions. In particular, let M be a Toeplitz-plus-Hankel matrix, then r < 4. We
choose {1 > 4 and {2 > 4. Thus the total cost of Algorithm 5 is about (39m + 10.5n)n
flops.

3.3 Efficiency and Accuracy Considerations

Every Toeplitz matrix is a Toeplitz-plus-Hankel matrix, hence Algorithm 5 is an algorithm
for solving Toeplitz least squares problem as well. For a real Toeplitz least squares problem,
Algorithm 4 performs 2.7 times as many flops as Algorithm 5 (see Remarks 8 and 9).

However, Algorithm 4 could be more accurate than Algorithm 5. The upper bound on
gcp in Theorem 2.6 and the error analysis of §4 suggest that the smaller 9 and‘¢ are, the
smaller the potential element growth and backward error. In our numerical experiments,
we took § = n in-Algorithm 4. Hence ¢ = O(n) and ¢ = O(m) for Algorithm 4, whereas
¥ = O(m?n?/ ged®(m,n)) and ¢ = O(m?) for Algorithm 5. Thus the upper bound on gcp
in Theorem 2.6 is smaller for Algorithm 4. We will talk more about this trade-off between
efficiency and stability in §4 and §5.

4 Error Analysis

In this section, we do a backward error analysis for Algorithms 1 through 5. In §4.1
we analyze Algorithm 1; in §4.2 we analyze Algorithms 2 and 3; and in §4.3 we analyze

Algorithms 4 and 5.

4.1 Backward Errbrs in LU factorization

We assume that ( = 1 in Algorithm 1, so that column pivoting is done at every step; we
also assume without loss of generality that no column or row swaps actually occur during
the execution of Algorithm 1. At the end of §4 we discuss the case { > 1.

Define .
L-U=C+H, ‘ (4.39)
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where C € C™*™ is the Cauchy-like matrix to be factored; L - U is the computed LU
factorization; and H € C™*™ is the backward error matrix. Since the part of Algorithm 1

that computes the LU factorization is exactly Algorithm 2 of [23] on a rectangular matrix, .

we can obtain an oo-norm upper bound on H by applying the error analysis of [23] to
Algorithm 1 with a few simple changes on the matrix dimensions and related constants (see

Theorem 4.1).
Let Z(®) ¢ C(m—k)xk pe the computed Z(*) matrix and let Z = Z(™). To analyze the

accuracy in Z(*), we define X(¥) € C™*™ to be a lower triangular matrix with unit diagonal

entries such that
L Xlgl-cl-)lzm,l:k = _Z(k); and X.y(',’;):j—l = _Zgl_-]lll fOI’ 2< ] <k-1.

2. All other entries of X(®) are zero.

Lemma 4.1 Let L) be as defined in (2.22). Then L) . X*) = .

Proof. By definition, we can partition X (%) as

k
X(k) = ( X§:k),1:k 0 ) .
-Z®) I 4

Since 5 .
(L(k))-l — Ll:k,l:k 1 0 = Ll:k,l:k 0 _

—Lk+1:m,1:lc - L;k,l:k Im—k “Z(k) Im—k ’
to show that X(*) = (L(*))~1, it is sufficient to show that the first k£ — 1 rows of X(*¥) and

(L%*))~1 are the same. Since (L(*))~! is unit lower triangular, for any 1 < j < k — 1, its j**

row is
-1
(_LJ',I:J'—I Ly 11g-10 1, 0) s

which is exactly the j** row of X (%) by construction. |
Let L®*) and X(®) be the finite-precision counter-parts of L(*) and X(*), respectively. In
§4.1.3, we inductively establish an co-norm upper bound on the matrix E(*) in the equation

L®. X0 =1 4+ B®, ‘ (4.40)
we also establish an co-norm upper bound on the matrix F in the equation
Z.L;-U=Cy+F. (4.41)

Relations (4.39) and (4.41) provide the backward error matrix produced by Algorithm 1:

<-’Zn ) . (f,l . 0) =C+ ( Hl}j:_’lm > : (4.42)
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4.1.1 Preliminary Results

Assume that after the first k¥ — 1 steps of Gaussian elimination in finite arithmetic, we arrive
at the the Cauchy-like matrix

. ® e
ek = ( K Ak )
v(k) Cé:'rzz—k+1,2:n—k+1

that satisfies the displacement equation
Qk:m . C’(k) —_ é(k) . Ak:'n — A(k) . B(k) , (4'43)
with A®) numerically column unitary. Let Z(*~1) be the finite precision counter-part of

(k=1)
20 ( o ) .
Zé:m—-)k-i—l,l:k—l

 Z%*-1) and partition it as

Z(-1) is a Cauchy-like matrix satisfying the displacement equation

Qo - 251 _ 20=1) 0 = AR)  pR-1) (4.44)
The k** step of Gaussian elimination is to eliminate the first column of C(*) below the
diagonal:
¢ = ( l(lk) I,,?_k > ' ( 7:;) c%ii)l) ) .
where :

l(k) = ’U(k)/')’(k) ‘and C(k+1) = CA’éfm—-k+1,2:n—k+1 - l(k) ) u(k) :

C(*+1) is a Cauchy-like matrix satisfying the displacement equation

Qk+1:m * C(k+l) - C(k+1) . Ak+1:n = A(k+1) . B(k+1) 3

where A(k+1) = fig’;)n_kﬂ — 1) . g(k) and B+ = By o0 — 5B . u(®) /4(%) | with &%) and
b(%) being the first row of AK) and first column of B™*), respectively. It follows from (4.43)
that

|
-

7(k) - %’;__'_ﬁ(k:) and 1% — (Qet1:m ~ ’\kI. —”;2;)1 ) Ag:?n—k+1 - b®) ] (4.45)
Similarly from (4.44) wé have _ .
LB=1) = (/&(k) . fz(k—l)) (weleoy — Qo1 11) "t (4.46)
The matrix Z*) is. a Cauchy-like matrix satisfyingx the displacement equation _
~ Qisiim - 25 — Z() . Qe = AGHD .y (*) (4.47)
| where |

y(k) = (f'(k-l) —yB) . g(k=1) y(k))

With y(k) = i)(k)/fy(k)_
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Lemma 4.2 In above notation, we have

k k 5 (k—1 -
AR (Zf:rzz—k,l:k—l ; anzz-k,k) = (Zé:m—)k+1,1:k—1 =10 1) l(k)) :
Proof. From equation (4.45) we have
&(k) : y(k) =wr — A and fig;?n_k+1 : y(k) = (Qk+1:m - /\kI'm—-k) : l(k) .

Hence

AR ) o g ) ) 50 g ®)

= (Qsrm — AeTmei)  1F) = (wp = Ag) - 1)

= (Qk-l—l:m — wil, -k) . l(k) .
It follows from equation (4.47) that
Z@;-k,k = (Qt1im — Wrlmei) L AFFD () = g(k)

On the other hand, from equation (4.46) we have
AR+ (ff(k—l) —y®. z(k))
= figﬁ)n_k“ Sy _(R) L g (k) L p(k=1) g (R+D) o (R) | (R)

= Ag,fr)rz—k+1 p et k) k) (welp—1 — Q1:k—1)

- (Qk+1:m - wkIm_k) . l(k) . z(k)

— ,ag’j)n_kﬂ B 4G I (O O WY SO (O I O

Combining this with equation (4.47) gives
Qk‘*‘l:m' (fogz—k,l:k—l + l(k) ) z(k)) - (chm—k,l:k—l + l(k) ) z(k)) 'Ql:k—l = Ag’:r)n—-k-}-l 'f’(k_l) .
Comparing this relation with equation (4.44) yields Lemma 4.2. 1

Let the finite precision counterparts of v(¥), v(®) () and y*) be 44, 5(*), (%) and
§*). We assume that I(*) is computed as {*) = f(5(*) /3;).

Let G(%) = A(k+1) .y (k) and G = A(*k+1) . Y (*) with

Alk+1) A@I:m_l‘(k),ag) and 7® = (f/(k—l)_g(k). 3k 37(”) .

It follows from Algorithm 1 that the gemerator of Z() is G*¥) = AG*+1) . (%) where
A®+1) j5 the computed Q factor in the QR factorization of Ai(A*+1)); and Y*) is the
numerical product of the R factor with fi(¥Y (%)),

Define

= max [|C® d v= 20| .
7 lrsn,gnll loo and v lgl,ggnll lloo

Using arguments similar to those in the proof of Lemma 4.1, it can be shown that

p<(@+1)-lIClleo+0() and [IZlleo S MMl S1+v <ne L7 oo -



In particular, v is large only if L is ill-conditioned.

The round-off errors of the QR factorization in redecomposing the generators and the
LU factorization (4.39) for the case m = n are analyzed in [23]. Different error analysis has
also been done by Sweet and Brent [44] for the algorithm of [18] that LU factorizes Cauchy-
like matrices, and by Chandrasekaran and Sayed [10] for a generalized Schur algorithm that
LU factorizes more general structured matrices.

Theorem 4.1 below is a direct generalization of related results in § 4.2 of [23]. Throughout
§4 we will use the same 7 in many error bounds; and every 7 is a small multiples of . We
will also assume that both ¥pax in (2.9) and ¢pax in (2.10) are constants at most 2, as in the
case where the Cauchy-like matrix is transformed from a Toeplitz or Toeplitz-plus-Hankel

matrix.

Theorem 4.1 The round-off errors of the QR factorization in generator redecomposition

satisfy
1G® — G®)| o < 7P .m3 - Pmax V-1 + O(€?) ,

and the backward error H in the LU factorization of C in (4.39) satisfies
1Hlloo < 7% -mi -9~ ([Ulloo + 1) -0+ O(e?) -

As remarked in [23], both O(e?) terms in Theorem 4.1 can be avoided by more detailed
error analysis. This is also true for all the 0(62)_ terms that appear in §4.

4.1.2 Error Propagation at the k** Step of Elimination

Our objective in §4.1.2 is to derive an upper bound on || Z(*) — Z(¥)||,, from which an upper
bound on [|E®||es of (4.40) will be derived in §4.1.3.

Lemma 4.3 In the notation of §4.1.1,

<() _ (k) . |

ke B I,y(k)’T L < p40@), 19 1B < p- ey + O(e) (4.48)

5 —y®) < p- g™+ 0, [V lmax < VM - Ymax + O(e)  (4:49)
128 — 2 <

where)p =11 -/m- 1.

Proof. The fact that Algorithm 1 performs row pivotihg gives

h(k)] = ”(Qk:m - )\kIm—k+1)_1 : A(k) : B(k)llma.x"i‘ O(e)

1 u -
T 1(Q%erm — ML) "2 - A® 5B + O(e)
TSP |a®)| - 6%

\/m""»bmaxﬁ-o6 2 \/ﬁ"/’max

where we have used the fact that A) is numerically column unitary.

v

+ O(e) , _

per-¢-vVm-n-v+O0(&), ' (4.50)
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On the other hand, it follows from (1.8) and (4.43) that -
~(k)| . [3(k

30 — ) < . g 1BOL 16O
| — A

Combining these two relations,

. .+ |(®)
38) = 48] < - L] 0(0) < er- -4 - ]+ 00,
k — Ak .

which implies the first relation in (4.48).
To derive an upper bound on |{*) — [¥)|, we first note from (1.8) and (4.45) that

[ —o®) < | Qusrim — AeTmei] 7t 'Agc'r)n—k+1| - [p®)]

. 1Bt
™ ¢I| . ll2 cemi + O(€) <rvm -1+ Y84 - emr + O(e) .
min

Since Algorithm 1 performs row pivoting, we have |y*)| > [[v®)]|nax + O(€) and

<

56 —o®)] @] [5® —y®)]
RO T RE]T )

3(k)
(k)

) — ()] < ) _ (4.51)

By our model of computation (see §1.5), we have

(%)

k)
! 4(k)

<) < n-emr + O(e) .

Plugging this relation and the upper bounds on [3(*) —(*)| and "“y(k) - 'y(k)l into (4.51) and
simplifying, we obtain the second relation in (4.48).
The bound on [§*) — y(®)| and ||y*)|| ey follow from similar arguments. As to ||5(F) —

2(®)||, we note from (1.8) and (4.46) that

]|a(k)| . |y(k—1)|“
Pmin

15®) — 2B <q-r- © 4 O(e?) . (4.52)

On the other hand,

e I T T e R

o O, 000 2 e [24], 00
< fmax-Vm-n- HZ"k—cho + O(€) < dmax - vm-n-v+ O(e) -

Plugging this relation into (4.52) we obtain (4.50). 1
Lemma 4.4 below gives an upper bound on [|G¥*+1) — g+ .

Lemma 4.4 In the notation of §4.1.1,

”é(k+1) - G(k+1)”oo <7 rf.m- V- (Ymax + Pmax) - (¥ +8) - (v +1) + 0(62) :
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Proof. First of all, we note that
G+l _ qk+1) . f(k+1)  y(k) _ g(k+1) , y (k)
(j(kﬂ) - A(k+1))' YR gk+1) (?(k) - Y(k)) . (4.53)
Now we derive co-norm upper bounds on the two terms in the right hand sum. Since

Alk+1) _ q(k41) (l(k) _ [(k)) HON

it follows from Lemma 4.3 and its proof that. |
| | (AEH) — 46HD) . POy < . G0+ O() .
On the other hand,
[7® -y ®] = [(=g® 28 4y B0 g0 @)
= ”( (58 = y®) - 209 — y® . (30 _ () | g®) _ (@) ”
k)

50 ) - 20 o 39 - )
-

o0

IA

o0

Applying Lemma 4.3 and simplifying,

ek —Y<'°>”°° <ner-mYmax (G +vVR-B) - (v+1)+O0(d) .
Taking norms on both sides of (4.53) and plugging in these relations, we have
() - at#0)  FO| 4G+ (70 _y@)|

< P Pmax VM -n-v+r- Hf’(k)—Y(k)”w+O(ez)
P Pmax-Vm-n-v
+"7'7'2'm'¢ma.x'(w+\/ﬁ'¢)'(V+1)‘+O(€2)'

Hé(k+1) _ G(k+1)“

IA

IA

Lemma 4.4 follows immediately by simplifying the last expression. 1

4.1.3 Backward Errors in Z

Our objective in §4.1.3 is to derive an oo-norm backward error bound on E(*).

"Theorem 4.2 Let E®) be as deﬁnef\d in (4.40).. Then for all 1 S kE<m,
|[B®]_<n-rdmon-g- (VR (@ +)+vm) - (r+ 1) +O() .

Proof. By definition, E(® is a lower triangular matrix and Egk% k+1:n = 0. In addition,

L® can be constructed from L(=1) by replacing the zero vector Lfc s Y by [®); and X(*)
can be constructed from X(k=1) by replacing the matrix )

k-1 k-1 )
XIE:-*—I ‘r)n Lk = (—Zézm—)k+1,1:k—1 ’0)



by —Z®). Tt follows that Eifk),l:k = Efk,; ). Consequently,

k = (k) -(k S (k
El(c-i-)l:m,lzk = L§:+1:m,1:k ) X§:k),1:k - Z( )
s (k (k = (k o(k 5(k = (k 5(k
= (Lgc-glzm,l:k—l : X](.:Iz—l,lzk—l + Lgc-lzlzm,k ) Xl(c,l):k—l - Z§:121—k,1:k—1 ? Lgc-zl:m,k - Z](.:gz—k,k)

S(k—1 k-1 H Alke— 5(k o 5
= (Zézm—-)k+1,1:k—-1 + ElE:+1:2n,1:k—1 - l(k) ) z(k - Z;:'r?'z—k,lzk-—l ’ l(k) - Z](.

k
oir) > (459)
where we have used the fact that

L =10, 2, =50

k+1:m, ’
and that
# (k) (k) _ &(k-1) (k1) 5(k
Lytiim k=1 " X1k-1,1:k-1 = Zorm—k+1,1:6—1 + Ek+1:m,1:lc—lz( ).

Applying Lemma 4.2 to (4.54), we have
k k-1 ~
EIEH—)I:m,l:k = (El(c+1:1)n,1:k—1 ’ 0) + (Z(k) - Z(k))
+ (_[(k) gle=1) () (R=1) k) l(k)) ]

Taking the co-norm on both sides, and recalling the fact that entries of E(*) and E(*~1) are

identical elsewhere, we get

|29]., < [B*2] + ]2 - 20

+ ”(i(k) L (O VR (O l"")\lx . (455)
In this relation,
) Gk _ G|,
o0, s e
G*) _ &) “@(k) - @(k)“
o] + ' 100 .

<

®min ®min

" Combining the results in Theorem 4.1 and Lemma 4.4 and simplifying, we have
|29 - 20 <n-rtm-6- (Vi @+ 0+ V) -+ 1) +0() .

On the other hand,

[EQEECECRCRE CEOTE

(= (19 1@ 50— ;0 @) | 9 _e) |

[ (59 - 190) 2@ 1. (20 - )|

Nl

il

(o]

IA

[e o}

Applying Lemma (4.3) to above and simplifying,

[EEIECETORFCI CRO) Noo <norovm-(+va-d)-(v+1)+O0(e) .
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Plugging these relations into (4.55) and simplifying,
|B®] < |B* | _+0-rPm-b- (VR @+ )+ vm) (v +1) + O() .

Theorem 4.2 is proved by solving this recursion with E(® =0. |
Now we analyze the backward error in Z. In equation (4.40), we set k = n to get

= In + E(n) and -t’2 : Xg:z,lm - Z = E1(:_-zl—)1:m,1:n .

l:n,l:n

| ]'_"11 X(n)

L:n,l:n
It follows that
Z- -tfl - ]:72 = ffz X’l";)ln .f,l - ff2 - E'r(z"-l}?l:m,lm ' fll
= L2"i’1—1'(‘tl'Xl(;n;z),lzn)"i’l_i’z—E(-l-)lmln ‘f’l
= Ly -Z/]__l : (I + E§n7z) l:n) : ‘il - .Ez - E7(l-21:m,1:n ' Ll
= j/2z1_ §n121n f’l E‘S:l-)lmln f’l
On the other hand,
c(m) A . s . -1
Lg ). Ll 1 = Ly - XZ{‘:’:ZI:n : (Ll : X](::Z,lzn)
-1 N
= (Z+E(1}+-)1m1n)'(Iﬂ+E§121n) =Z+O(E)'

Hence ;
2t —12=2-B0) 0 b1 — B0 - B+ O(). (4.56)

Theorem 4.3 Let F be defined in ({.41). Then
[Flle <n-r®-m-n-¢-(Va-@+¢)+vm)-(v+1)-(|Zllc + 1) - [|Clleo + O(e?) -
Proof. From equation (4.39) we have C; = I:z U - Hp i 1:m,1:n. Hence
F o= 2.5,.0 |
. f/]_ . f] - .zz . [j + Hn+1:m,1:n
Ll LZ) : 0 + Hn+1:m,1:n
= Z. E(f‘), By U= B min - B2 - U + Hustimpin + O(€)
where we have used relation (4.56). Taking the co-norm,

1Zlleo - IE™ oo - 121 - Ulloo + 1B oo - 121 - Ulleo + | H oo + O(€?)
(1210 +1) - 1B o - [Cllee + |H o + O(')

IA

[l oo

IN

Theorem 4.3 is proved by plugging in related upper bounds in Theorems 4 1 and 4.2, and

observing that
max{p, |Ulle} < (1+2)-||IClleo + OC(e) -
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4.2 Backward Errors in Cholesky Factorization .

We assume without loss of generality that no column or row swaps actually occur during
the execution of Algorithms 2 and 3. Define

LD L=K+H, (4.57)

where K is the symmetric/Hermitian positive definite Cauchy-like matrix to be factored;
L-D - L£* is the computed Cholesky factorization with £ being unit lower triangular; and
‘H is the backward error matrix. For Algorithm 2, K, H, Le R™*™, and for Algorithm 3,
K, H, £ € C™™ Our objective in § 4.2 is to derive an upper bound on |||

4.2.1 Preliminary Results

Assume that after the first £k — 1 steps of Cholesky Factorization in finite arithmetic, we
arrive at the symmetric/Hermitian positive definite Cauchy-like matrix

(k) (k)y*
. g (™)
2:m—k+1,2:m—k+1

For Algorithm 2, K ) is real and satisfies the displacement equation

N N . A AT
Qk:m . K(k) - K(k) . Qk:m = A(k) . J(k) . (-A(k)) 3 (4.59)
and for Algorithm 3, K is complex and satisfies the displacement equation
E® _qr E®.Qp. = A®. FE. ( A(k))* (4.60)

with diagonal entries of €2 being on the unit disk in the complex plane. In both cases,
the diagonal entries of K () are positive and are provided separately from the displacement

equation.
The k** step of Cholesky factorization eliminates the first column and row of K*) below

and above the diagonal:

s (10 & o 10\

18) = o*) 4(*)  and K*H) = Kgcrzt—k+1,2:n—k+1 —v® . (®)yr/y®)

where

Let a*) be the first row of A%), For Algorithm 2, K*+1) js a symmetric positive definite
Cauchy-like matrix satisfying the displacement equation
Qurtim - KD gD o A1) 500 ( A(k+1))T ,
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where A+ = 4F) 41— 1% a8, 1t follows from (4.43) that

; R T
(Qk+1:m - wil, —-k)—l . ‘Ag:r)n—k+1 . j(k) . (&(k))

1Ry —
+®)

(4.61)

For Algorithm 3, K (k+1) jg a Hermitian positive definite Cauchy-like matrix satisfying the
displacement equation
*

3

K(k+1) - Qz+1:m . K(k+1) : Qk+1:m = A(k+1) . j(k) . (A(k+l))

where AT = Ag‘c')""‘“ - (l(k)‘_ t(k)/z) -&®), with ¢(¥) = J‘igl:cr)n—k+1 T - (&(k))* /A®)
and I®) = (I, — wi - Qk+1>=n)—1 -#(¥), For both Algorithms 2 and 3, the diagonal entries
of K(+1) satisfy -

k ' * ‘

Let the finite precision counterparts of o), ¢8) and 1) be 5% £*) and [*¥); and let
the finite precision counterpart of X J(’ch+1) be K ](,ch+1) for j=1,---,m — k. We also define
{

AG+Y) - A(R+1) | F(F) ( A(k+1))* and AG+D = JO+1) . 7(k) ( A(k+1))*

with -
P ~(k Py ~ .

J(k+1) Ag”)n_k+1 _ (l(k) — t(")/2) PO

It follows from Algorithms 2 and 3 that the generator of K(*+1) js

Al+1) = f(k+1) | F(k+1) | ( A(k+1))* ,

whe;'e Alkt1) g thé computed Q factor in the QR factorizatio'n of A(A*+1); and
FU+) =g (ﬁ (R . j(k)) -’R*)

§vith R being the computed R factor in the QR factorization.

4.2.2 Error Propagation at the kth. Step of Cholesky Factorization

Our objective in §4.2.2 is to derive an upper bound on [|[K(*+1) — K(*+1)||,,

Lemma 4.5 In the notation of §4.2,

17O < G Pl +O(e) , 19 = 1Blp < 7735206+ O(H),
€9 @y < n-r*Son-6+0(E), 2 <3-VA+O(e),
RED - KED] < 0 |K W+ 0 for §=1,2,n—k.



Proof. We start by proving the F-norm upper bounds on 7). Since A®) js numerically
column unitary, by relation (1.7) we have

1T PNz = [AD - FE . (AD)" ||z + O(e) < dumax - IEP |2+ O(e) ,

where we have used the fact that the diagonal entries in the matrix A®) . F(*). (A(k))* are
O(e). Since both Algorithms 2 and 3 perform diagonal pivoting on a symmetric/Hermitian
positive definite matrix, it follows that v(¥) = | K*)|| 5.y + O(e) and that (see (1.7))

IT7PNr <n-4® +0(e) .

Let y = A% AL (“<k>)* d § be its finit isi ¢ Th
et y=As, 111 -la and g be its finite precision counterpart. Then we get

from (1.8) that

9-vle < ron Il 15011 () ||
< ron il 0], i
< 5-n-llj(k’llp+0(e2)

< 0 foax - [K® P+ O(),

where we have used relation (1.7) and the fact that A*) is numerically column unitary.
Similarly,
”?:/HZ < \/"_' * Pmax * ”K(k)”F + 0(6) .

We now derive 2-norm upper bound on [(*) — [(¥) for Algorithm 2. From (1.8) we have

(k) — y(k) - (k) (k) — (k)
j®) _ 7(k)"2+"v 7(’:; HZS ,”:(k)||2 ”v 7(1:)) “2,

7% — 18, < +

where [|[5(*)|| pax < 7*) + O(€); and
168 = o®y < [6® = (Qusrim — wrmt) ™ -], + || (st — wrLni) - (G- 9)],

n-11gllz | 1§ =yl
¢min (;bmm

Plugging the corresponding upper bounds on ||§ — yll2, ||7ll2, we obtain the desired 2-norm

IA

upper bound.
To derive 2-norm upper bound on £*) — (%) for Algorithm 3, we note that from (1.8)

cla—vlly o gl N1 —ull,

k) _ 9
t Sm =T m T om

~ (k)

IE® - ¢y, <

2

Plugging the corresponding upper bounds on ||§ — yll2, ||#]l2, and K|z, we obtain
the desired upper bound. Since I*) = (I,_j — wy, - Qk+1m)—1 - t(®) it follows that t(*) =
(In—k — wi * iq1m) - 1%) and hence

2 <3-vn.
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As to the upper bound on |K J(,kjﬂ) -K J(’kj"'l)l, we write (see the model of arithmetic in
§1.5) '

~ (k k
RED =KD jin- 4 m) = 0P /4® - (14 m)

for |71| < 1 and |n2| < n. It follows that

o (k k k k :
RS - KED < - (BEL 0+ 1{I12/v®) <205+ | KOs + O(e)

Lemma 4.6 below gives an upper bound on |JA*+1) — A+1)}j,,
Lemma 4.6 Ini the notation of §4.2,
JACHD — Ay < (r o) 4 [KBp + O(S) .
Proof. Similar to the proof of Lemma 4.4, we have
AR+ _ A+1) ‘j(k+1) LN (A(k+1))* — A+ | 7(k) (A(k+1))*
= ( Ate+1) _ A(k+1)) L F®) . ( ,{(k_+1))*

FARHD L F0) L (FEHD) - g04D)" \ (4.62)

Now we derive 2-norm upper bounds on the two terms in the right hand sum for Algorithm 3.
These bounds for Algorithm 2 can be derived similarly.

Since
AG+D) _ AGB41) = (1) _ [0 . o) — (8 g0} . o®)3
we have
” ( Ak+1) _ A(k+1)) AOR ( A(k+l))* )
< (159 <10y - oDy + [ ~ €O - 0D o /2) - [ O] - [ (4%9)|.
< et ge ||A<’°+1>H2 + O(e?)

Since A®*) is column unitary, it follows from Lemma 4.5 that
[a® 0 < AR ], + 1O - Ba®ls + 1Ol - /2
< 3-vn.
Combining all these bouﬁds, and apply Lemma 4.5 and simplifying, we obtain
” (A(k+1))* — AU 20 (A(k+1))*“‘2 <3n-(r- n51-5 - IE®|r +0(e?) .

Similar arguments give
[atesn. 5@ (A&~ ACDY| <30 (ron)t - IR P e + O

Taking 2-norms on both sides of (4.62) and plugging in the above upper bounds, we arrive
at the lemma. | ‘

The round-off errors of the QR factorization in redecdmposing the generators are ana-
lyzed in [23] and are generalized in Theorem 4.1. Lemma 4.7 performs a similar analysis.



Lemma 4.7 The round-off errors of the QR factorization in redecomposing the generators

satisfy
JA® — ABy <01 -1 - G - 1P| + ().

Proof. Define
A(k—Fl) ‘R = ./i(k-H) + El and j(k+1) =R- j(k) -R* + E2 s

where ‘E1 and E; are round-off error matrices.
Since the numerical QR factorization is performed on fI(A(**1), instead of A*+1) itself,

we write

I Ell2 < ”A<’°+1> ‘R - ﬁA<’°+1>)|[ +”ﬂ(A(’°+1)) A<’°+1 ”2 (4.63)

In the following, we derive 2- norm upper bound on E;. Applying the standard round-off
error bounds for QR factorization (see [21]), we have

“A(k+1) R — ﬂ(A(k+1))“2

IA

nrenfaAeD),

< neren (1A gpalle + (102 + 15011/2) - 11a®)2)
+0(€?)

n-r-n(l+(/n+2-v/n/2)) + O(?)

< 3n-r-n® 4+ 0(?),

IA

where we have used Lemma 4.5 and the fact that .A%*) is numerically column unitary.
On the other hand,

[aA®+) - A& < (JAS), iz + (1O + 189112/2) - 18%))2) + O(e?)
< -1+ (Wn+2-vn/2)-1) +O0(®) < 3n-vn+0(?) .

. Similarly “A(k‘*'l)“ < 34/n. Pluggmg these upper bounds in (4.63) and simplifying, we

obtain
|B1llz < m-7-n°+O(e) .

Now we derive a 2-norm upper bound on E,. It follows from (1.8) that
B2l < n-r - NIRM2 - NI Bl - NIR* Nz < m -7 - 1RIF - 1TPe -

Since '
IRIF = [8(AD)|_+0() <3-va,

it follows that |

< 977‘?"n*||j(k)llp+0(ez)

< 9p-r-n- | AR . F&. (A(k))*“F+0(62)

< 9 dmax 7m0 |K®|p+0O(?) .

| E2]l2
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With all these relations, we now have

AR _ AR = fU+1) | F0k+1) ( A(k+1>)* — AR+ | F(k) ( A<k+1))*
= A+D) . (R. FE R 4 Ez) : ( A(k+1))* — A1) 4(R) ( j(k+1))*
- ( A(k+1) .R) N AON ( Ak+1) .R)* + A+ L g, ( A(k+1>)*
— A1) 7(k) ( Jz((k+1))* «
= ( A+ 4 El) AOR ( Ak+1) ,El)* + AR g ( A(k+1))*
—Al+D) | (k) ( j(k+1))*
= B -FW. ( A<k+1>)*+ ( A1) 4 El) L FEBr + ARHD B, ( A(kﬂ))*

Taking 2-norm on both sides,

550, < 13 2, (A0, [0+ 2], [0, ta
O RN VE0)

y
Lemma 4.7 follows by plugging all the corresponding upper bounds into this relation and
simplifying. |1

4.2.3 An Upper Bound on the Backward Errors

Our objective in §4.2.3 is to derive a 2-norm backward error bound on H in (4.57). Let
£ Pk (g(k))* = BE®) 4 p®) (4.64)

be the computed Cholesky factorization of K(*), where K(*) is the symmetric/Hermitian
positive definite Cauchy-like matrix in (4.58); and H(*) is the backward error matrix. In
the following we derive an upper bound on ||H®) .

It is well-known that

ﬁ:(Lkl) =7*) and ﬁg;)z—kﬂ =%,

and that the Cholesky factorization can be rewritten as

o (k) ONFONN 0 0
snamien) < 3 (8 s oy )

Replacing the two Cholesky factorizations by the corresponding right hand sides in (4.64),
we get

B0 L y® = ( 7(’“) ’)’(k) . (i(k)) * ) N ( 0 0 . ) |

NONIONNOD [(k).(i(k)) 0 Kk+1) 4 p(k+1)
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On the other hand, §4.2.1 implies that
" (k) (k) y* :
& _ [ (v\*)) 0 0
K™= ( v®) k) . (y(k)y* [y (k) ) + ( 0 K&+t | -
Plugging this into above and simplifying,

E ( 0 (v(k>_7(k).z(k))* )

v ®) — ) ) (8] . (y(R)Y% (k) _ o (R) L [CR) . (ioe))*

+ ( 3 (KD~ K(2+1,) + HEHD) ) :
Taking 2-norm on both sides and simplifying,
[Ny < [HED g+ [EED - KED| 4] (o8 58 10)7)
+[o® 4 ® 1] 4 o - @R 48— 4010 (1)) (465)

With arguments similar to those used in the proof of Lemma 4.5, i‘g is easy to show that
“v(k) — ~(®) -i(k)“2 <rSn.n-¢-|E®|p + O().
Similarly, since v(*) = ~(k) -1(®) it follows that
' ”v(k) . (v(k))*/,y(k) — B k) ([(k))* \

| (10 1) (v®)’ [0 (48— ® )"
< Pinan g [EW|p +O(e?) .

IA

2

On the other hand,

“K(Hl) B K(k+1)” " . Ale+1) _ A(k+1) ,
2

- ¢min
Alk+1) _ A(k+1) “ Alk+1) _ A(k+1)“
S 2 + 2
d’min ¢min

S ﬁ.r.n2.¢.llk(k)|lp+o(62)_
Plugging all these bounds into (4.65) and simplifying,
[H®|p < [[HEDlg +7-7-n% - ¢ KB p + O(?) .

Since K is Hermitian positive definite, it follows that |K®)||z < ||K||F for all k. Solve the

above recursion we obtain

Theorem 4.4 Let H be defined as in ({.57). Then

M|z <n-r-n®-¢-|K|lr+O(e?) .



4.3 The Toeplitz and Toeplitz-plus-Hankel least squares problems

We will only analyze the round-off errors in Algorithm 4; the analysis and results for Al-
gorithm 5 are similar. We set § = n and {§ = (3 = 1. Let Zp be the solution com-
puted by Algorithm 4. We want to identify conditions under which £ can be written as
Zyp = Ty + 6Zpr, where 0% is a small perturbation to Zjps, which in turn is the exact
solution to the perturbed linear least squares problem '

min || (M +6M) -z — (h+ 6h) |2, . (4.66)

with 6 M, 6h being small perturbations to M and h, respectively. As in Stewart [41, pp. 75~
76], we say that Algorithm 4 is stable if such small perturbations 6Zss, 6M, and h exist.

Let M be a Toeplitz matrix satisfying equation (3.35) with A numerically column uni-
tary. In finite arithmetic, Algorithm 4 performs the following computations.

1. Compute { = i(Q) and A = fi(A);
2. compute b :=fl(F,, - h), A:=f(F, - A), and B —-ﬂ(B Gl (F));

3. compute the LU factorization for €, and the generator for Z = C; - é’f 1 where
C € C™*™ is the Cauchy-like matrix that satisfies the dlsplacement equation Q- C —
C-A=A-B. Let Z be the computed Z.

4. compute the initial generator for K=1I,+ Z*.Z and solve K - g= 711:,, +2Z*. l-zn+1:m
to get §. '

5. solve Cy - z¢ = § to get &¢.
6. compute £ps :=fl (G771 - (Fn)* - £¢).

In the following we assume that 2 = Q and A = A so that we can apply the results in §4
directly. In actual computations, there are round-off errors in Q and A with | — Q| = O(e)
and |A—A| = O(e), and hence Q and A must be replaced by $t.and A, respectively. However
the corresponding error analysis is almost identical to that in §4, with small increases in
the value of 7. Without loss of generality, we assume that no permutation actually takes
place during the factorization of C and K.

By relation (1.8), we can bound the round-off errors in h, A, and B as

[f= b, < mom < 7 - bl
|4~ Fn- 4], < norome Wl Fmlly WAl <0 (rem)t
|B-B-07-F], < noron Bl 67, NFl <0 (ron) - IBllg -

It now follows that _
le-¢|,sn-t-m**-y-lCllr .
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The same error bound holds (with different 1) if M is given as a Toeplitz matrix and both
A and B are computed from M for G chosen in Lemma 3.1.
We also have

where Iy - U is the numerical LU factorization of Ch.

The round-off errors in solving K.g= hym+2* -I-zn+1;m come from four parts: computing
the right hand side, computing the initial generator for K; factorizing K ; and backward
and forward substitutions. We will put all these round-off errors into Rhi.n. First we set

hin + Z* +hni1m =1 (ill:n + 2" 77'11+1:m) .
Applying (1.8) we have
Ay = Brallz < 0 -m- (L4 112112) - WAl < n-m- (1+1Z1F) - bz -
Let tkhe numerical Cholesky factorization of K satisfy
L-G-L"=K+H,

where H is the round-off error matrix satisfying Theorem 4.4. We also put the round-off
errors in computing the initial generator into H; this only increases the bound on H by a
constant factor. Hence § satisfies

(R+H+H1) 9 = ill:n+2* *hnt1im

where H; is the error matrix due to substitutions and hence satisfies |H1||z < n-n®- || K]2.

The above equation can be re-written as

K- §g=hin+2* hnyrm— (H+H1)-§.

In the following, we consider the round-off errors in Z¢. Since we only need to perform
substitutions, it follows that _

(b0 +70) 30 =3,

where ”H2”oo <n-: n3. ”6—'1“00

Set Zpr = G71 - (Fn)* - 2c and let £a = Zpr + 6Zp. Then it is easy to show that
16Zasll2 < n - n?||Zpsll2- In the following, we identify M and 6h in (4.66). Set

I,

M+66M = -7:;1( Z )'(il‘f]"‘HZ)'G'fn

— . I, . _ A Hl:n,l:n
= M+f’*" <<Z> H2 = (C C)+( 7 ))-g-fn,,
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and hence
= F* L s Hl:n,l:n
A (N L
Similarly, '
hn+1:m

ill:n - Bl:n) - (H+H1) 9 ))

= (FM)*-<.7-'M-h+(f~z—]-'M-h)-/|-(( .

and hence

0

=.(-7'-M)*' ((E-fM-h) + ( (Arn = h1m) = (H+Ha) -5 )) _

61l

IA

Taking 2-norm on 6 M we have
N Hell +IC = Cliz + | Hyn1nllz + IIFilz) -lIGli2

((%)l,

(@+1212) - el +1C = Clla + | Hynpmllz + 1Fll2) - 7

A

where we have used the fact that we have chosen.§ = n in Algorithm 4 and hence ||G||2 < n.
It now follows from Theorems 4.1 and 4.3, as well as (1.7) that

NéMlz <n-r-m?® 0?4 (Vr- @+ )+ vm) (v +1)- (| Z]leo + 1) - [Clleo + O(€?) -
To derive an upper boundl on 6h, we observe that
IEMl; <1 and |K7'-2|p<1,

and hence ||g]l2 < 2 - ||k]|2. + O(e). Taking 2-norms on §h we have

I8hllz < |h— Fa - &), + [Ran = Bra), + 17 +Hall, lgls.
Applying theorem 4.4 and the analysis in § 4.3 and simplifying,

I8l < n-r-(m-n)"5- - Kl - [hllz + O(e®)

< per-(men) g (Va+ 1 Z1F) - IRl + O() -

Similar‘resultsl hold for Algorithm 5. Theorem 4.5 below summarizes these results.

Théorem 4.5 The computed solutions of Algorithms 4 and 5 to the least squares prob-
lem (1.5) can be written as Zpr = Zy + 6Zpm, where Ty is the exact solution to (4.66).
6Zarr, OM and 6h satisfy

l6Erlls < n-nlllEale [
16Mll; < ner®oml® o2 e (V- @+ @)+ vm) - (v + 1) - (12l +1) - [Clleo
+0(€?)

l|6R]l2 n-re(m-n)tS- ¢ (Va+|ZIF) - Ihllz + O() .

IA
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Remark 10: It can be shown that similar norm upper bounds hold for the case {; > 1,
¢2 > 1, and (3 > 1 as well, provided that there is little element growth within the generators
for Algorithms 1 through 3 (see §2.3).

Remark 11: Since ||Z]|oo < 1+ v, Algorithms 4 and 5 are stable if v is not large, and
unstable otherwise. It is known that in the LU factorization (4.39), (L) could be as large
as O(2") in the worst case if C were a general dense matrix; consequently both v and || Z||«o
could be as large as O(2"). Hence the bounds on ||6M]|s and ||6h||2 could be as large as
O(4™) in the worst case. It is not clear whether a sharper bound on v exists for Cauchy-like
matrices with low displacement rank. : :

Remark 12: It follows from Lemmas 3.1 and 3.2 that the parameters 1) and ¢ for
Algorithm 4 are much smaller than for Algorithm 5. Although the above norm upper
bounds on éM and éh are by no means tight, they do suggest that Algorithm 4 could be
more accurate than Algorithm 5 if v and ||Z lloo are about the same for both algorithms. On
the other hand, for both Algorithms 4 and 5, the norm upper bounds on 6 M and éh are much
larger than those for the standard QR method, which are 1 - m - n||M||; and 0, respectively
(see [21]). Hence Algorithms 4 and 5 appear to be less accurate than QR. Our numerical
experiments indicate that Algorithm 5 is in general less accurate than Algorithm 4, which
in turn is in general less accurate than QR; but the lost accuracy can be recovered by one
step of iterative refinement. See §5 for more details.

5 Numerical Experiments

‘We have implemented Algorithms 1 through 5 in Fortran and have performed a large number
of numerical experiments with them to investigate their behavior in finite arithmetic and
to compare Algorithms 4 and 5 with other available algorithms. In this section we discuss
some issues related to measuring backward errors and implementation, and report some of
the numerical results. We chose (; = 10,{2 = (3 = 0, and § = n in Algorithms 4 and 5.

5.1 Backward Perturbation Bounds

In order to conveniently measure the round-off errors in Theorem 4.5, we use the followmg
theorem of Gu [22] to push all of them into perturbations in M.

Theorem 5.1 Assume that 6%y, 6M, and Sh in (4.66) are small perturbations to Tpr, M,
and h, respectively. Then there exists a §M with

16M|lz2 _ ||6M]); ( l|5M||2> (u«%MMz ||6h||2) /( ||6h||2)
< +2{1+ s + 1-2-—=1 ,
1Ml = |M]: M2 B 1212

such that Zpr = Tpr + 6Zas is the exact solution to the least squares problem

n§n||(M+5’zV.r)-x — hlla . (5.67)
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Let £ be the numerical solution to the least squares problem (1.5) computed by Algo-
rithm 4, Algorithm 5, or QR, we look for the smallest possible ||5M ||, in (5.67). If 163 2
is tiny compared to ||M||2, then £,/ is a good approximation, otherwise it is not.

‘ To compute such a ||§M||z, we use the following theorem of Gu [22], which is a mod-

ification of a result of Waldén, Karlson, and Sun [46] and Higham [29, Chapter 19].. Let
D
0
W € R™*" are orthogonal; and D € R™*™ is non-negative diagonal. Let

M=Q- - WT be the singular value decomposition of M, where @ € R™*™ and

“ T Tll2 .
r=h—-M-a:M=Q-<r:) and n=—”'5’01£|2l2.

r is the residual. 7y = 0 if s is the exact solution to (1.5). We assume that £, # 0.

Theorem 5.2 Define

E(gy) = nun{llmﬂp, where §M satisfies (5.67).}
rT.D?. (D2 +n2I)"" .1y
V202 + o] (D24 n2L) ™

k]

£(#y) = min(n,d), wh‘ere‘ &=\‘

where v = [|r3]|2- Then

1<£(§:M)<\/5_+1.
—E(&pm) ~ 2

— £ (&um) .
We measure ||6M||2 by computing 7 = —=——————. Hence ;s is a good approximate
vm-|[Mllz-€

solution if and only if 7 < O(1).

5.2 Implementation Issues

A natural way to implement Algorithm 1 is to keep P, and @, in vectors and keep both
L and U in a single matrix- W by storing L in the strict lower triangular part of W and U
upper triangular part of W. However, arrays are stored column-wise in Fortran. Since U
is generated and stored row by row in Algorithm 1, columns of W have to be moved into
and brought out .of fast memory for most steps of elimination for large n. This causes a
significant amount of memory traffic between slow and fast memory levels in the memory
' hierarchy. For more detailed discussions on memory traffic, see for example [17, §2.6]. As
in Gu [23], we reduce this memory traffic by storing rows of U column-wise in Algorithm 1.
Let S, € R™*" be the matrix defined in §1.2. It follows that U= S, - UT - S, is an upper
triangular matrix, whose k** column is the (n — k + 1)*¢ row of U in the reverse order. The
backward substitution procedure for computing U~! -y in Algorithm 1 can be rewritten
as a forward substitution as S - ((ﬁT) . (Sn - y)). Gu [23] shows that this techni/que
significantly reduces memory traffic.

We further reduce the memory traffic by delaying penhuting rows of L in Algorithms 1
and 2 until the factorization is completed. To be more specific, assume that at k** step of
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MATRIX ORDER ;c—(}fs EXECUTION TIME (SECONDS)
TYPE m n NEW-I NEW-II | NEW-III | NEW-1V QR
320 | 300 | 2.38x107% || 2.30x10"* | 2.60x10”* | 3.60x10™! | 4.30x10° [ 9.40x10~?
640 | 600 | 1.28x1073% | 8.02x107! | 8.84x107* | 1.60x10° | 1.82x10° | 6.09x10°
1 1280 | 1200 | 1.08x107% | 3.28x10° | 3.37x10° | 6.62x10° | 7.05x10° | 4.85x10!
2560 | 2400 | 7.95x10~* 1.26x10? 1.35x10% | 2.55%x10* | 2.76x10% 3.81x10?
320 | 300 | 5.78x10”'7 || 2.02x107* | 2.14x10™! | 3.80x10~* | 4.08x10~* | 8.04x10~?
640 | 600 | 4.07x10”'7 || 8.22x107! | 8.66x10~! | 1.58x10° 1.70x10° | 6.08x10°
2 1280 | 1200 | 2.69%x107%7 || 3.17x10° | 3.37x10° | 6.32x10° | 6.92x10° | 4.78x10!
2560 | 2400 | 1.02x107Y7 || 1.29x10° 1.33x10* 2.56x10* 2.79x 10" 3.81x10?
320 | 300 | 3.81x107° | 2.16x107! | 2.16x10~* | 3.92x107! | 4.24x10~* | 7.92x107}
640 | 600 | 1.93x10°'® || 8.66x10~! | 8.24x107! | 1.55x10° | 1.71x10° 5.93x10°
3 1280 | 1200 | 2.01x10~% || 3.16x10° | 3.38x10° | 6.29x10° | 6.92x10° | 4.72x10%
2560 | 2400 | 5.19x107%° || 1.28x10' | 1.35x10' | 2.55x10* | 2.76x10* | 3.82x10?
MATRIX ORDER ;(—1’:1—’7 BACKWARD ERROR (T)
TYPE m n NEW-I NEW-II | NEW-III | NEW-1V QR
320 | 300 | 2.38x107° 2.07x10' | 2.18x107! | 1.34x10° | 1.19x107! | 3.00x102
640 | 600 | 1.28x107° 8.13x10" | 2.45x107! | 1.41x10° | 2.48x10°! | 1.79%x10~2
1 1280 | 1200 | 1.08x1073 1.33x10° | 3.11x107 | 2.14x10° | 3.10x107! | 1.72x10~?
2560 | 2400 | 7.95%107* 2.89x10° | 9.67%x107? | 7.65x10° | 9.69%1072 | 9.63x10™3
320 | 300 | 5.78x10°7 || 1.06x10° | 8.85%107! | 5.97x10~! | 5.35%x10~! | 2.57x10"*
640 | 600 | 4.07x107%7 || 1.48x10° | 9.92x107! | 5.18x10"! | 5.22x10™* | 2.63x10™?
2 1280 | 1200 | 2.69%10~%7 || 7.31x107! | 5.42x10”* | 2.01x10° | 2.32x10° | 2.19x10~?
2560 | 2400 | 1.02x10~'7 || 2.23x10° 2.34x10° | 2.87x10° 2.48%x10° | 2.20x10~?
320 | 300 | 3.81x10°° 6.61x10 | 4.48x107! | 3.50x10° | 4.57x107! | 1.24x10?!
640 | 600 | 1.93x107%* || 9.18x10" | 1.55x10%> | 4.25x10° | 5.04x10~* | 1.33x10°?
3 1280 | 1200 | 2.01x107* || 1.67x10* | 2.49x10' | 8.66x10° | 1.13x10' | 1.45x107?!
2560 | 2400 | 5.19x107° || 2.79x10' | 4.26x10' | 1.76x10* | 3.35x10' | 1.35x107!

Table 1: FORTRAN BLAS, LARGE RESIDUALS

elimination, we need to swap two rows of L in order to bring the pivot to the (k, k) position.
We achieve this by only swapping the corresponding rows in the generator matrix. After the
factorization is completed, we restore rows of L to their proper positions. This technique is
also used to swap columns of U in Algorithm 1. Our numerical experiments indicate that
Algorithms 4 and 5 are less accurate than straightforward QR algorithm in many cases. To
enhance accuracy we perform one step of Bjorck iterative refinement [2].

Algorithms 4 and 5 are unstable if the parameter v in Theorem 4.5 is exceptionally
large. We monitor the size of v by computing ||¥*¥)|| 5., in Algorithm 1. Throughout our
experiments, ||Y(*)|| ., never exceeded 200.

5.3 Numerical Results

The computations were done on an IBM RS6000 workstation in double precision, where the

machine precision is € =~ 1.1 x 10716,
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MATRIX ORDER ﬁ EXECUTION TIME {SECONDS)
TYPE m n NEW-I NEW-II | NEW-III | NEW-1V QR
320 | 300 | 2.38x1073 |[ 2.40x107! | 2.50x107! | 4.30x10" | 4.50%x10~! | 8.30x10~?
640 | 600 | 1.28x10~% |[ 8.30x10"! | 8.80x10~* | 1.62x10° 1.77x10° | 6.26x10°
1 1280 | 1200 | 1.08x10~3 3.21x10° | 3.41x10° | 6.38x10° | 7.06x10° | 4.80x10%
2560 | 2400 | 7.95x107* || 1.27x10' | 1.32x10' | 2.54x10' | 2.75x10' | 3.81x10°
320 | 300 | 5.78x1077 [ 2.02x107! | 2.18x107! | 4.24x107! | 4.46x10~! | 7.84x10"?
640 | 600 | 4.07x107%7 || 8.40x10~* | 8.68x107* | 1.57x10° | 1.77x10° | 5.96x10°
2 1280 | 1200 | 2.69x107Y7 || 3.24x10° | 3.41x10° | 6.45x10° | 7.10x10° | 4.75x10!
2560 | 2400 | 1.02x10~%7 || 1.28x10! | 1.36x10* 2.55x10? 2.73x 10" 3.80x102
320 | 300 | 3.81x107° | 2.10x107! | 2.18x10”1 | 4.22x10* | 4.44x10~? | 7.60x10~?
640 | 600 | 1.93x107% || 7.96x10"" | 9.08x107! | 1.59x10° | 1.74x10° | 6.01x10°
3 1280 | 1200 | 2.01x107% || 3.14x10° | 3.38x10° | 6.30x10° | 6.90x10° | 4.73x10'
2560 | 2400 | 5.19x107%% || 1.20x10" | 1.37x10' | 2.54x10' | 2.75x10' | 3.80x10?
MATRIX ORDER ;(—lﬂ NORMALIZED RESIDUAL ()
TYPE m n NEW-I NEW-II | NEW-III | NEW-IV QR
320 | 300 | 2.38x10°3 6.94x10% | 2.65x10° | 7.15x10° | 2.63x10° | 3.41x107!
640 | 600 | 1.28x1073 3.91x10%° | 8.40x10° 1.04x10° | 8.42x10° | 4.45x107?
1 1280 | 1200 | 1.08x1073 8.86x10% | 1.40x10' 1.38x10* 1.40x10* | 2.57x107!
2560 | 2400 | 7.95x107¢ 3.80x10% | 4.66x10° | 4.54x10' | 4.65x10° | 3.25x107!
320 | 300 | 5.78x10717 || 2.01x10% | 9.34x107! | 1.11x10° | 4.07x10°! | 2.62x10~*
640 | 600 | 4.07x1077 || 2.10x10% | 7.54x107 ! | 2.80x10° | 4.13x10”' | 2.42x10~*
2 1280 | 1200 | 2.69x10™Y7 || 4.53x10* | 5.13x10°* | 2.51x10° | 2.52x10° | 2.29%x10~?
2560 | 2400 | 1.02x107%7 || 1.69x10' | 2.34x10° | 3.75x10° | 3.34x10° | 2.12x10~?!
320 | 300 | 3.81x10™° 3.88x10 | 1.22x10° 1.46x10* | 1.21x10° | 3.33x107?
640 | 600 | 1.93x107% || 2.15x10® | 4.43x10% | 1.34x10' | 4.62x10° | 2.73x107?
3 1280 | 1200 | 2.01x107*° || 5.07x10 2.60%10! 1.27x10* 1.97x10' | 3.19x107!
2560 | 2400 | 5.19x107%° || 9.21x10' | 7.27x10' | 2.49x10' | 3.31x10* | 3.09x107!

We compared the following algorithms:

Table 2: FORTRAN BLAS, SMALL RESIDUALS

e NEW-I: Implementation of Algorithm 5 without iterative refinement.

NEW-II: Implementation of Algorithm 5 with iterative refinement.
NEW-III: Implementation of Algorithm 4 without iterative refinement.

NEW-IV: Implementation of Algorithm 4 with iterative refinement.

QR: LAPACK [1] subroutine DGELS for solving a general dense linear least squares
problem using the QR method (see §2.1).

The cost for the first four algorithms is O(mn) flops, and the cost for QR is O(mn?) flops.
We solved the Toeplitz linear least squares problem

min [T -z — Al
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MATRIX ORDER ;—ér—) EXECUTION TIME (SECONDS)
TYPE m n NEW-I NEW-II | NEW-III | NEW-1V QR
320 | 300 | 2.38x107% [f 2.10x107! | 2.10x107! | 4.30x10"* | 4.60x10~! | 2.90x10~?
640 | 600 | 1.28x103% | 7.56x10~! | 7.70x107! | 1.46x10° 1.53x10° 2.15x10°
1 1280 | 1200 | 1.08x1073 2.89%10° | 2.96x10° | 5.71x10° | 6.05x10° | 1.53x10%
2560 | 2400 | 7.95x10* 1.14x10! 1.20x101 | 2.31x10! 2.43x10* 1.15x10°
320 | 300 | 4.02x1077 [ 2.00x1071 | 2.24x10™* | 3.62x10"" | 4.10x10"! | 3.00x10™?!
640 | 600 | 3.62x107Y7 || 7.24x107! | 7.88x107' | 1.43x10° | 1.49x10° | 2.19x10°
2 1280 | 1200 | 2.40x10717 || 2.86x10° | 2.98x10° | 5.72x10° | 6.07x10° | 1.53x10%
2560 | 2400 | 7.15x107'® || 1.13x10! 1.18x10' | 2.32x10! 2.41x10* 1.16 x 102
320 | 300 | 3.81x107° || 2.06x107' | 1.98x10~! | 3.80x107! | 3.72x10~! | 3.26x107?
640 | 600 | 1.93x107** [| 7.72x107! | 7.90x10"! | 1.43x10° 1.53x10° | 2.17x10°
3 1280 | 1200 | 2.02x107* || 2.83x10° | 2.98x10° | 5.83x10° | 5.93x10° | 1.52x10!
2560 | 2400 | 5.25x107° |f 1.16x10! 1.19x10! 2.30x10! 2.44x101 1.16x10?
MATRIX _ORDER n_(lT_) BACKWARD ERROR (1)
TYPE m n NEW-I NEW-II | NEW-III | NEW-IV QR
320 | 300 | 2.38x107% || 2.40x10°! | 2.50x107! | 4.30x107! | 4.50x10~! | 8.30x10~*
640 | 600 | 1.28x1073 8.65x10 | 2.45%x10” | 1.42x10° | 2.48x107! | 2.36x107?
1 1280 | 1200 | 1.08x1073 1.01x10° | 3.10x107% | 2.15x10° | 3.11x10~! | 1.69%x10™2
2560 | 2400 | 7.95x10™* 3.51x10% | 9.67x10"% | 7.70x10° | 9.68x10"2 | 1.06x10~2
320 | 300 | 4.02x107" || 1.02x10° | 6.55x10°! | 7.52x107! | 7.06x107* | 2.38x10~!
640 | 600 | 3.62x10°'" || 1.52x10° 1.30x10° | 5.56x10~! | 7.14x10~! | 2.66x107!
2 1280 | 1200 | 2.40x10™%7 || 9.02x10°! | 6.48x10 | 1.92x10° | 1.90x10° | 2.09x107!
2560 | 2400 | 7.15x10°*® || 2.07x10° 2.37x10° 2.82x10° 2.76x10° | 2.30x107?
320 | 300 | 3.81x107° 6.07x10° | 4.55%x10~* | 3.78x10° | 4.55x10~! | 1.36x107!
640 | 600 | 1.93x107% || 2.11x10% | 8.39x10® | 4.41x10° | 5.09x10~! | 1.32x107!
3 1280 | 1200 | 2.02x107%% || 2.58x10! 4.97x10! 1.12x10? 2.02x10" | 1.34x10°?
2560 | 2400 | 5.25x10™*° || 2.22x10! 3.76x 10! 1.75x 10! 3.20x10* | 1.38x107?

Table 3: OPTIMIZED BLAS, LARGE RESIDUALS

for the following types of Toeplitz matrices T = (tx—;)1<k<m,1<j<n’

o Type 1: {t;} randomly generated from uniform distribution on (0,1). A Type 1
matrix is usually well-conditioned.

o Type 2: tg = 2w and t = ﬁi—’:—”ﬂ for k # 0, where w = 0.25. A Type 2 matrix is
also called the Prolate matrix in Gohberg, Kailath, and Olshevsky [18] and Varah [45];
T is very ill-conditioned.

e Type 3: A set of data was generated as

{m/3] . .
k-
T, = e~k J s ( J 5T

'Lm/3J+1co [m/3] +1) BTk,

i=1

where a = w/n; r; is taken from a normal distribution, r, € N(0,1); and 8 =
107, 10711, 10715, and 10~!%. The matrix T € R™*™ was constructed from #;_; =
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Zk—s4n. This is a modification of Test. V in Park and Eldén [39], which, in turn, is a
modification of an example from Kolbel and Schafer [35]. T becomes more and more
ill-conditioned as 3 becomes smaller and smaller.

We chose two types of h vectors:

e components of h are randomly generated from uniform distribution on (0,1). The
Toeplitz linear least squares problem has a large residual.

e components of zps are randomly generated from uniform distribution on (0,1) and
h=T-zp. The problem has a small residual.

Numerical results are summarized in Tables 1 through 4. These results confirm that
both Algorithms 4 and 5 are capable of solving problems ranging from well-conditioned
to ill-conditioned to numerically 'singular,_ both for large residuals and small residuals; and
they are significantly faster than QR.

Algorithm 5 is the fastest algorithm, whereas QR is the slowest. For m = 2560 and
n = 2400, Algorithm 5 is up to 30 times faster than QR in Fortran BLAS and up to 10
times faster in optimized BLAS; and ‘Algorithm 4 is up to 15 times faster than QR in
Fortran BLAS and up to 5 times faster in optimized BLAS. However, if these algorithms
are implemented in systolic arrays, one might expect the speedups of Algorithms 4 and 5
to be more like the Fortran BLAS speedups.

Algorithm 5 is the least accurate algorithm, whereas QR is the most accurate. For

= 2560 and n = 2400, the backward error in Algorithm 5 is upto 10° times larger

than that in QR. With iterative refinement, the backward error in Algorithm 5 is at most -

200 times as large. While Algorithm 4 costs at least twice as much as Algorithm 5, it is
significantly more accurate. With or without iterative refinement, the backward error in
Algorithm 4 is at most 200 times larger than that in QR.

6 Conclusions and Extensions

We have presented fast algorithms for solving the Toeplitz and Toeplitz-plus-Hankel linear
" least squares problems and shown them to be numerically stable under certain conditions.
We have discussed implementation techniques that further improve their efficiency. Numer-
ical experiments indicate that they are both numerically stable and efficient in practice.
The algorithms presented in this paper can be modified to solve Mosaic Toeplitz or Block
Toeplitz linear least squares problems (cf. {11, 18]). '
As Theorem 4.5 indicates, these new algorithms could be numerically unstable if the

parameter v is large. The best available upper bound on v is O(2"), which has never been.

seen in practice. It is not clear whether sharper bound on v exists for Cauchy-like matrices

with low displacement rank.
One way to reduce the upper bound on v is to perform a rank-revealing LU (RRLU)

factorization on C instead of using GEPP/GECP (see, for example, Chan [8], Gu and Eisen-
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MATRIX ORDER ﬁ EXECUTION TIME (SECONDS)
TYPE m n NEW-T NEW-II | NEW-III | NEW-IV QR
320 | 300 | 2.38x107% |l 2.20x107! | 2.50x107! | 4.00x10°! | 4.90x10"! | 2.50x10™!
640 | 600 | 1.28x107% || 7.62x10™* | 7.74x107! | 1.43x10° | 1.54x10° | 2.15x10°
1 1280 | 1200 | 1.08x1073 2.88x10° | 3.03x10° | 5.73x10° | 6.04x10° | 1.52x10%
- 2560 | 2400 | 7.95x10~¢ | 1.13x10' | 1.18x10' | 2.32x10' | 2.39x10' | 1.16x10?
320 | 300 | 4.02x10717 || 2.00x107! | 2.12x107! | 3.56x10~* | 3.74x107! | 2.78x10~?
640 | 600 | 3.62x107Y7 || 7.32x10"! | 7.56x10"! | 1.45x10° | 1.55x10° | 2.15x10°
2 1280 | 1200 | 2.40x107% || 2.85x10° | 2.94x10° | 5.77x10° | 6.02x10° | 1.52x10!
2560 | 2400 | 7.15%x10™%® [ 1.12x10! 1.19%x10' | 2.31x10° 2.40x10° 1.17x10%
320 | 300 | 3.81x107° || 2.06x107% | 2.10x107?! | 3.50x107! | 4.16x10™* | 3.02x107!
640 | 600 | 1.93x107* (| 7.78x10~! | 7.82x10"% | 1.40x10° 1.46x10° | 2.12x10°
3 1280 | 1200 | 2.02x107*° || 2.83x10° | 3.05x10° | 5.69x10° | 6.08x10° | 1.55x10!
2560 | 2400 | 5.25x107%% [ 1.17x10! 1.20x101 | 2.32x10% | 2.44x10' | 1.17x10?
MATRIX ORDER 'n(IT) BACKWARD ERROR (7)
TYPE m n NEW-I NEW-1I | NEW-III | NEW-1V QR
320 | 300 | 2.38x107% || 2.40x107! | 2.50x107* | 4.30x10™' | 4.50x10~! | 8.30x10}
640 | 600 | 1.28x1073 4.15%103 8.43x10° 1.01x10° | 8.45x10° | 4.28x107*
1 1280 | 1200 | 1.08x1073 6.73x10* 1.40x10! 1.18x10? 1.40x10' | 5.07x107?!
2560 | 2400 | 7.95x107* 4.60x10* | 4.65x10° | 4.69x10* 4.65x10° | 4.29x107!
320 | 300 | 4.02x107Y7 || 1.47x10' | 9.79x107! | 8.19x107! | 3.65x10"! | 2.63x107}
640 | 600 | 3.62x107Y || 2.45%x10% | 7.37x107! | 6.97x107* | 6.85%x10" | 2.51x10~!
2 1280 | 1200 | 2.40x107Y | 6.51x10' | 6.58x107! | 2.07x10° 1.16x10° | 2.23x107?
2560 | 2400 | 7.15x107%8 || 4.00x10! 2.30x10° | 4.14x10° | 3.47x10° | 2.24x10°?
320 | 300 | 3.81x107° 4.21x10* 1.21x10° | 1.88x10% 1.21x10° | 3.73x107!
640 | 600 | 1.93x107% | 2.33x10% | 8.25x102 1.08x10 | 4.60x10° | 3.98x10!
3 1280 | 1200 | 2.02x107% || 2.74x10* | 4.90x10! 1.67x10 | 2.15x10* | 3.97x107!
2560 | 2400 | 5.25x107%° || 6.44x10 | 7.86x10' | 2.40x10* | 3.22x10' | 3.90x107?!

Table 4: OPTIMIZED BLAS, SMALL RESIDUALS

stat [24] and Hwang, Lin, and Yang [30]). It is interesting to see if fast RRLU factorization
algorithms can be developed to guarantee that v is always modest.
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