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SUMMARY

In this paper, we investigate the normwise, mixed, and componentwise condition numbers and their upper
bounds for the Moore—Penrose inverse of the Kronecker product and more general matrix function com-
positions involving Kronecker products. We also present the condition numbers and their upper bounds
for the associated Kronecker product linear least squares solution with full column rank. In practice, the
derived upper bounds for the mixed and componentwise condition numbers for Kronecker product linear
least squares solution can be efficiently estimated using the Hager-Higham Algorithm. Copyright © 2012
John Wiley & Sons, Ltd.
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1. INTRODUCTION

Condition numbers play an important role in the study of stability of numerical algorithms and com-
plexity analysis. They measure the sensitivity of the solution of a problem to perturbations in the
data. Recently, Cucker, Diao, and Wei [1] presented sharp bounds for the condition numbers for
the linear least squares (LS) problems. Xu, Wei, and Qiao [2] derived the condition numbers for
structured least squares problem. In this paper, we consider the LS problem involving Kronecker
products [3—10]

min (4@ B)v —cla, (1.1)

where A ® B has full rank. The LS problem involving Kronecker products arises in many applica-
tions, such as structured linear total least norm on blind deconvolution problem [11] and constrained
LS problem with Kronecker product structure [3]. A well known and important application of the
problem is the bivariate problem of surface fitting, where the data points lie on the vertices of a
rectangular grid. The least squares approximation can be given by (see e.g., [12, 13]),

min Z [g(xp, ¥g) = frgl®s

(p.g)eM
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CONDITION NUMBERS FOR KRONECKER PRODUCT LEAST SQUARES 45

where M = {1,2,...,m1} x {1,2,...,ma}, {(xp,yq) € R? | (p,q) € M} is a finite set of data
points with a scalar value f,, associated with each (xp, y,), and g is a suitable approximation
function in a finite dimensional vector space V. When V is a tensor product of function spaces, then
the least squares problem involving Kronecker products is obtained.

Normwise perturbation analysis, which measures both the input and output data errors by norms,
is classical in numerical analysis. Since 1980s, componentwise analysis, which often gives sharper
error bounds, has been used. In fact, most error bounds in LAPACK [14] are based on componen-
twise perturbation analysis. There are two kinds of condition numbers in componentwise analysis:
the mixed condition numbers and componentwise condition numbers [15]. The mixed condition
numbers use the componentwise error analysis for the input data, whereas the normwise error
analysis for the output data. On the other hand, the componentwise condition numbers use the
componentwise error analysis for both input and output data. In practice, because of rounding errors
and data storage limitation, it is reasonable to measure the input errors componentwise instead of
normwise. Moreover, a condition number gives the worst case sensitivity measurement. Normwise
condition number may overestimate the errors. For example, let

1076 0 10 !
A=| 0 0|, B=|0 0|, c¢c=|: |eR’
0o 1 0 1 1

in the least squares problem (1.1), then Corollary 4.1 gives the mixed, componentwise condition
number and their upper bounds

m"(A® B,¢) =m'* (A ® B,c)"™ =c!(4® B,c) =" (A ® B, )" =3,
and the normwise condition number
k(A ® B, c) = 4.8990¢ + 006.

The mixed and componentwise condition numbers m*s (A® B, ¢) and ¢!* (A® B, ¢) are much smaller
than the normwise condition number «’* (A® B, ¢). Consequently, the perturbation bounds based on
the mixed and componentwise condition numbers are more effective and sharper than those based
on the normwise condition number.

We first give a brief review of some previous work on the normwise, mixed, and componentwise
perturbation analysis for linear system and LS. Skeel [16] introduced the mixed perturbation analy-
sis of nonsingular linear systems of equations, a mixed error analysis of Gaussian elimination, and
obtained the mixed condition number for the solution of nonsingular linear systems. In [17], Rohn
derived a new relative condition number measuring the perturbations in both the input and output
componentwisely, which was named as componentwise condition number. In [18] and [19], tight
upper bounds for the mixed condition numbers for LS problem are given. For structured compo-
nentwise perturbation, Rump [20] concentrated on the linear systems with some special structures,
such as Toeplitz and Hankel. Cucker and Diao [21] derived an exact expression for LS problems
with structures. Arioli et al. [22], using normwise perturbation of inputs, obtained expressions of
condition numbers for some components of the LS solution. In [23], using dual techniques, the exact
expression of the linear functional of LS solution is given.

In this paper, we investigate the normwise, componentwise, and mixed condition numbers for a
Kronecker product linear least squares (KPLS)problem. By applying the chain rule to derive the
corresponding Fréchet derivatives and then take the appropriate norm, we derive the exact expres-
sions of the condition numbers, which are useful for hybrid symbolic-numeric computations [24].
When the problem size is small, we can obtain the exact condition numbers by using symbolic com-
putations. Moreover, we also derive the corresponding upper bounds. Thus, when the problem size
is large, we can apply fast algorithms for solving least squares problems [25] and our upper bounds
to numerically estimate the condition numbers. We show that using the Hager—Higham condition
estimation algorithm [26,27], we can efficiently estimate the upper bounds for mixed and compo-
nentwise condition numbers, which can be used to estimate the accuracy of the computed solution
and the conditioning of the problem.

Copyright © 2012 John Wiley & Sons, Ltd. Numer. Linear Algebra Appl. 2013; 20:44-59
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This paper is organized as follows. In Section 2, we review some concepts related to this paper.
In Section 3, we investigate the normwise, mixed, and componentwise condition numbers and their
upper bounds for the Moore—Penrose inverse of a Kronecker product. In Section 4, the condition
numbers for the associated LS problem involving Kronecker products are studied. In Section 5, a
numerical example is provided. Finally, in Section 6, concluding remarks for the future research
are presented.

Throughout this paper, R”*" denotes the set of real m x n matrices of rank r. For a matrix
A e R™" AT is the transpose of A; rank(A4) denotes the rank of A; || A, is the spectral norm of
A, and ||A| F is the Frobenius norm of A. The identity matrix of order » is denoted by /,. For a
vector a, ||a|| o is its co-norm, and ||@||; is the 1-norm. For any matrix A = [a; a3 --- a,] € R™*",
we define vec(A) € R™" by vec(A) = [a{ a, -+ aZ]T, by stacking the columns of A. For a vector
a, |a| is the vector whose components are the absolute values of the corresponding components of
a. Also for two vectors a, b € R”, a < b means a; < b; with a; being the ith component of a. If
a € R”, then we denote by D, = diag(a;,as,...,a,) the n xn diagonal matrix with ay, as,...,an
in its diagonal. In general, D 4 = D .(4), Where A is a matrix.

2. PRELIMINARIES

In this section, we review some concepts and properties that are useful for this paper. First, we define
a componentwise vector division. For any vectors a, b € R”, we define the componentwise division
4 —c e, 1T b

7 = IC1 2 cn]” by

a;/b; ifb; #0,
Ci = 0 ifa,'Zb,'ZO,
00 otherwise.

Using the aforementioned definition, we then define a distance function. Let ¢ = “b;b, then the
distance d(a,b) = ||c|lco = max;(|c;|). In the rest of this paper, we will only consider vector
pairs (a,b) satistying d(a,b) < oo. For matrices, we have the matrix componentwise division
% = 35583 Accordingly, a matrix distance function d(A4, B) = d(vec(A),vec(B)). Also, we can
define a matrix norm || A ||max := [|vec(A4)||oo, which equals max; ;j(|a;;|).

A general theory of condition numbers can be found in [28]. Gohberg and Koltracht [15] gave
a useful lemma for exact expressions of the condition numbers. Before presenting their lemma,
which relates the condition numbers to the Fréchet derivative, we recall the definition of the Fréchet
derivative of a function.

Definition 2.1
Let X and Y be Banach spaces and D C X be an open subset of X. A function L : D — Y is called
Fréchet differentiable at a € D, if there exists a bounded linear operator F,, : D — Y such that

fi 1E@+1) — L(@) — Fa@lly

=0,
10 7]l x

where || - ||x and || - ||y are norms defined in X and Y, respectively. Then, the linear operator F, is
called the Fréchet derivative of L ata.

Lemma 2.1 ([15])

(a) Let F : R? — RR? be Fréchet differentiable at @ and a continuous mapping defined on an
open set Sg C R? such that 0 ¢ Sr. For a given vector ¢ € SF such that F(a) # 0 and the
ball B(a,€) = {x € R? | ||x —all> < €|la]]2} for a sufficiently small ¢ > 0, the normwise
condition number of the mapping F at the point a is

IF(x) - F@l2/IF@l2 _ [1F'(@)]2llal

k(F,a) = lim sup

=0 xeB(a.e) lx —all2/llall2 IF@l2
x#a
Copyright © 2012 John Wiley & Sons, Ltd. Numer. Linear Algebra Appl. 2013; 20:44-59
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where F’(a) denotes the Fréchet derivative of F ata.
(b) Under the assumptions in (a), let B®(a,€) = {x | |x; —a;| < e€la;|, i =1,2,...,p} C SF;
the mixed condition number of F at a becomes

o [F(x)—F@lleo 1  [F'(@)Dalloo
m(F,a)=lim sup = ,
0 s F@le dxma)  [F@los
x#a
where D, = diag(ai,az,...,ap).

(¢) Suppose F(a) =[f1(a) fa(a) ... fq(a)]T such that f;(a) #0,for j =1,2,...,q. Then, the
componentwise condition number of F at a is
d(F(x), F
c(F,a)=1lim sup M
E_)OxEBO(a,e) d(x’ a)

x#a

where D () = diag(f1(a), f2(a).. ... fp(@)).

= | DF {0 F' (@) Dallcos

Remark 2.1

(a) Itis easy to see that B%(a,€) C B(a,¢€). Because the condition numbers are the limits of the
supremum over some sets, the mixed condition numbers must be smaller than the normwise con-
dition number. If there is small component in the output data, then the componentwise condition
number may be bigger than the normwise condition number.

(b) From the definitions of condition numbers, we see that they can give a posteriori error
estimations for the computed solution F'(x). For example,

1F() = F@ll2 Ilx — all2
@i~
| F(x) = F(a)] oo
IF@)]o m(F,a)d(x,a) <m(F,a)s,
F(x)— F(a)
[

<k(F,a)e,

&

RA

= d(F(x),F(a)) S c(F,a)d(x,a) < c(F,a)e,

oo

for all x € B%(a, ¢), can be used to estimate the accuracy of the computed solution F(x).

For A € R™" and B € RP*4, their Kronecker product A ® B € R™P*"4 js defined by
A ® B = [aj; B] [29]. The following results can be found in [29] and [30]:

vec(AXB) = (BT ® A)vec(X), 2.1)
vec(A® B) = (I, @ Kgm ® 1) (vec(A4) ® vec(B)), 2.2)
a®b = vec(bal), 2.3)

where K, is the commutation matrix defined by

m

n
Kmn=Y_ Y Eij(mxn)® Eji(nxm), (2.4)
i=1j=1
where E;j(m x n) = ei(m) (eﬁ."))T € R™ " denotes the (i, j)th elementary matrix and ei(m) is the
ith column vector of the m-by-m identity matrix /,,,. For C € R™*" and y € R”, the following
relations hold [29,30]: K, mvec(C) = vec(CT); Knn(y®C)=C ® y,and K,z;n = Kum.
For an m-by-n matrix A, its Moore—Penrose inverse [31], denoted by AT e R"™™ s the unique
matrix satisfying AATA = A4, ATAAT = AT, (4AT)T = AA4%, and (ATA)T = AT A. The solution
of the LS problem min,, || Au — b||, can be obtained by ATb.

Copyright © 2012 John Wiley & Sons, Ltd. Numer. Linear Algebra Appl. 2013; 20:44-59
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3. CONDITION NUMBERS FOR THE MOORE-PENROSE INVERSE OF A
KRONECKER PRODUCT

In this section, we will consider the normwise, mixed, and componentwise condition numbers for
the Moore—Penrose inverse of a Kronecker product A ® B, which plays an important role in the
associated least squares problem minyerna ||(A ® B)v —c||».

We begin with the general case of the s x ¢ matrix function [32],

S (X)) f12(X) Sf1:(X)

f21(X)  fr2(X) Jf2:(X)
£(X) = : : :

fs1(X)  fs2(X) Sst(X)

of a matrix X. In particular, let A € R™" and B € RP*? and set X = A ® B, we obtain the
functional composition involving Kronecker products,

J11(A® B)  f12(A® B) f11(A® B)
f21(A® B)  f22(A® B) f2:(A® B)

f(A® B) = : : : 3.1
Su(A®B) fu(A®B) - fu(A® B)

Next, we extend the three types of the condition numbers in [1] to the functional composition
f(A ® B) (3.1). We can define the normwise condition number for its Moore—Penrose inverse,

[E7((A+ AA)® (B+ AB)) —fT(A® B)| -
elfae B,

k(T (4 ® B)) := Eh_r)r(l) sup
VIAAIZ+IABI%
<e /1415 +1B1%

the mixed condition number,

k)

[vec (£7((A+ AA)® (B + AB)) —fT(4® B))|

m(#E (A ® B)):=lim  sup e (F (A2 B))

e—>0
182 loo<e

1158 loo<e

s

oo

and the componentwise condition number,

1
¢(f'(4 ® B)) := lim sup -

e—0 €
A4 oo<e

fT(A+ A4A)® (B+ AB))—fT(A® B)
fT(A® B) Hoo

1582 oo <€

Remark 3.1
In the aforementioned definitions of the condition numbers, we assume that both A and B are
nonzero matrices.

The matrix of partial derivatives is referred as the Jacobian matrix of £(X') at X [30,33]. Suppose
now that each of f1, f2,..., fin is a real-valued differentiable function of the same n x 1 vector
x = [x; x2 --- x,]T. Then, we denote f(x) = [fi(x) fa(x) --- fin(x)]T; the Jacobian matrix of
f at x is given by

i) G i) 2 fi(o)
o) | am 0 g5 Hw) 2 f3(x)
8xT o ’

a0 gl fn() g fn ()

Copyright © 2012 John Wiley & Sons, Ltd.
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which is just the Fréchet derivative of f at x. Before deriving the Fréchet derivative of the vec-
torized form of the mapping A ® B — £7(4 ® B), we quote the following lemma regarding the
derivatives of the Moore—Penrose inverse.

Lemma 3.1 (Theorem 8.3 [30])
If X is an m x n matrix of full rank and X T denotes its Moore—Penrose inverse, then the derivative
dX 1 takes the form

dxt =1, — xTxX)@xDyxt xt + xTxtT @xT) 1, — xx1 - xT@x)xt
and the Jacobian matrix takes the form
dvec(X T
dvec(XT) _ {XTTXT &y —XTX)+ (I — XXM ® XTXTT} Kmn — (X1 @ X1,
dvec(X)T
where K, is defined in (2.4).

Now, we present the Fréchet derivative of the mapping (vec(A), vec(B)) —> vec(fT(4 ® B)).
For simplicity, £ denotes (4 ® B).

Lemma 3.2

Let A € R™" B € RP*9, and the mapping ¥ : R"" xR?9 — R*! be ¥ (a, b) = vec(fT(A® B)),
where a = vec(A), b = vec(B). If f is continuously differentiable at A ® B and (A ® B) has full
rank, then ¥ is continuous and Fréchet differentiable, and its derivative is of the form

V' (a,b) =panLr dupLal

where
beas) = {[fTTfT ® (I, — £16) + (I, — ity @ £t 1Ky — (1 ® ﬁ"T)} (%) I3
and
La=vec(A)®Ipg, L= UInn®@vec(B)Kpmn, K=1,QKym®I,.
Proof

First, we prove that v is differentiable. Because (A ® B) has full rank, then from Lemma 3.1, we

know that £7(4 ® B) is differentiable at f(4 ® B). Also, because f is differentiable at A ® B, we

can conclude that { = vec o f1 is differentiable with respect to [(vec(A4))T (vec(B))T]T.
Differentiating f(A4 ® B), it follows from Lemma 3.1 that

d(f'(A®B) = (I, —f'f) (d (F(A® B))T) g7 gt
yetetT (d F(A® B))T) (I, — 867 — £ (d(£(A ® B))) £
and
d (vec (1(4 ® B))) = {[fTTfT ® (I, — 1) + (I, — 1) @ £161 | K, — (£ ® fT)}
vec(d(f(A ® B))).
Using (2.1), (2.2), and (2.3), we have

vec(d (£(A ® B))) = d(vec (f(A ® B))) = (%) {vec(dA ® B) + vec(A ® dB)}

— (%) (In ® Kgm ® 1)) {vec(dA) ® vec(B) + vec(A) ® vec(d B)}

- (%) (In ® Kgm ® 1,) {vec(vec(B)(vec(dA))T) + vec(vec(dB)(vec(A)T)}

= (52428 ) (1 ® Kgm @ 1) {(Inn @ vee(B)) Knvec(dA) + (vec(A) & I pq)vec(dB))}

Copyright © 2012 John Wiley & Sons, Ltd. Numer. Linear Algebra Appl. 2013; 20:44-59
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It follows from the definitions of ¢4 ), L 4, and L g that

d (Vec (fT(A ® B))) = a5y Imn ® vec(B)) Kmnvec(dA) + ¢p) (vec(A) ® Ipq)vec(dB)

= [¢unLle $upLal [ Zgﬁggg;g ]

Then, the Fréchet derivative is found to be ¥'(a,b) = [p4.8)LB $(a.B)L 4]- |

From the aforementioned Fréchet derivative, we have the following theorem providing explicit
expressions of the condition numbers for the Moore—Penrose inverse of the matrix function of
Kronecker products, which will be useful in error free symbolic computation.

Theorem 3.1
Let A € R™" B € RP*? and the mapping ¥ (a,b) = vec(fT(4 ® B)), where a = vec(A),
b = vec(B). If f is continuously differentiable at A ® B and f(A ® B) has full rank, we have

L Lall, JIIAlIZ + |BI2
(A B) ll¢ayLs dasyLall, VIAI%+1BI%

|74 ® B)|
Il By LBlvec(|A]) + |¢am)Lalvec(|B)|
[vec(tT (4 ® B))| '

bl

m(ET (A ® B))

Furthermore, if there is no zero element in 7 (A4 ® B), then we obtain

|¢ca.B)L|vec(|A]) + |a,8) L alvec(|B|)
vec(fT(A ® B))

c(tT(4® B)) =‘

HOO

Proof
By Lemmas 2.1 and 3.2, noting that a = vec(A4), b = vec(B), we obtain the normwise condition
number for £7(4 ® B):

e B) W' @bz @67, bwsLs dusLalay/lali+Ibl3

¥ (a,b)ll2 - |vec(tT(A® B))|,
N$unls dunLallay/IAlG + B3
- |£7(A® B)| '

Recalling that D 4 = Dyec(4) and denoting D, 5 = |: D4 :|, we obtain the following form

Dp
of the mixed condition number for the Moore—Penrose inverse of Kronecker product function

Dy 0
1/ @.0)Daply ‘W(A’B)LB d’(A’B’LA][ 0 Dp ”

mtT(4® B)) = - %
[V (a,b)lloo [vec(fT (A ® B))|loo
Dy O
H ‘[¢(A,B)LB b4, L Al [ 0 Dg ] e N
B |vec(fT(A® B))| .
vec(|Al)
H \[paByLE Peam LAl [ vee(|B)) || _
B [vec(fT(A ® B))loo
_ ll¢an Llvec(JA) + [dea.B) Lalvec(| B]lloo
||Vec(fT(A ® B))”oo ’
Copyright © 2012 John Wiley & Sons, Ltd. Numer. Linear Algebra Appl. 2013; 20:44-59
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and the componentwise condition number for £7(4 ® B) is found to be
(A4 ® B)) = | D3L , v/ (@.b)Dyy| =| D! bean L La| P4 9
c = Dy@n¥ (@ b)Dap o = | Prectrtaspy) dapLeduamlal| Dy ||

(<

_ D4y O
1 A
= 1D seceianmyPanls ¢(A,B>LA][ 0 DB]

oo

[$ca.B)L B ¢(A,B)LA]|[ XEESEB ]
vec(ff(A ® B))

[o.¢]

|¢ca.ByLB|vec(|A]) + |¢a,5) L alvec(|B|)
vec(fT (A ® B)) o

where e is the vector of all ones with compatible dimension. O

The aforementioned theorem shows that the normwise condition number k(f(A ® B) is
proportional to the norms ||A|| r and || B|| ¢ and the reciprocal of ||£T(4 ® B)| r, as expected.

Let us consider two matrix functions g(A4) : R™" — R¢*/ and h(B) : R?*? +— R&*" and
assume that f(4 ® B) = g(A4) ® h(B). Then, it can be verified that fT(4 ® B) = g'(4) ® hf(B).
Thus, we have

d(ffaeB) =d (') en'B) =d (&) @n'(B) + ') @ d ('(B)).
Vectorizing the aforementioned equation and using (2.2), we obtain

d (vec (g'(4) @ 1" (B))) = vec (d (g (A)) ohi(B) +ef () ®d (hT(B)))
= (L. ® Kgs ® I) {Vec (d (gT(A))) ® vee (1(B)) + vec (gT(A)) ® vee (d (IhT(B)))}
=(I.® Kgs ® I) {(1 e ® vec (IhT (B)))vec(d (gT (A))) + (vec(gT (A))®1hg)vec(d (IhT (B)))}
= (I ® Kgr & ) (I re ® vee (T (B))ile" ()" () ® (17 — & (A)g(4))

+ (L —g e () @ g (e (]K.s — (&' (4) ® gf (4))}vec(d(g(4))
+ (vee (&7(4)) @ Ing) 1" (BT (B) @ (1) — b (B)B(B))

+ (I, ~B(B)L'(B) @' (B! (B) Ky — (M (B) 9 B (B)vec@m(B))|.  (:2)

Suppose that A and B are of full column rank. To present the condition numbers for the LS
problems (1.1), we simply consider the function (A ® B) = A ® B and obtain

g'(4) =47, n'(B)=B" (3.3)
and
AtA=1,, B'B=1, (3.4)

Analogous results can be obtained when A and B have full row rank.

Note that g(4) = A and h(B) = B; thus,e = m, f =n,g = p,and h = ¢g. As an immediate
consequence of (3.2), by applying (3.3) and (3.4) we have the following corollary regarding the
Fréchet derivative in the condition numbers for the Moore—Penrose inverse of a Kronecker product
A ® B. Recall that R7"*" denotes the set of real 1 x n matrices of rank r.

Copyright © 2012 John Wiley & Sons, Ltd. Numer. Linear Algebra Appl. 2013; 20:44-59
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Corollary 3.1
Let A € R, B € RE* y(a,b) = vec ((A® B)'), a = vec(A), and b = vec(B). Then V is
continuous and Fréchet differentiable at all (a, ). Moreover, it has the matrix expression

V'(a,b)=[Q0pM4 P4Ng],
where
My=—(A" @AM + (I — A4 @ (AT A Kpun,  Pa = (In ® Kpn ® 1) (vec(AT) ® I,,)
and

T _
Ng=—(B" @B+ (I,—BBN)Y®(BTB) 'Kpg, OB = n® Kpn®I)(Inm ® vec(BT)).

From the aforementioned Fréchet derivative, we have the following corollary giving exact expres-
sions of the condition numbers for the Moore—Penrose inverse of the Kronecker product A ® B,
which will be useful for the symbolic computations in the absence of rounding errors.

Corollary 3.2
Let A € R"™" and B € R} 4 Respectively, the normwise and mixed condition numbers are of the

following forms:
I[QsMa PaNgll, /141 + I1Bl%

A® B)) = ,
(4®B) AR 1B F

119 BM4lvec(|A]) 4+ |PaNB|vec(|B])oo
[vee(AT ® B

m(A® B)") =

Assuming there is no zero element in AT and BT, the componentwise condition number is
expressed as

c(A® B)") = H |Q M a|vec(|A|) + |P4Ng|vec(| B)

vec(AT ® BT) Hoo ’

Corollary 3.2 gives explicit expressions for the condition numbers k (A® B)T), m((A® B)T), and
c((A® B)"). When B = 1, they essentially reduce to the known k(AT), m(AT), and c(A4") in [1].
Although these expressions are exact using symbolic computation, they may not be easy to compute
numerically because of the large size of the system involved and the commutation matrix K, ,. The
following corollary presents simpler and practical upper bounds for the mixed and componentwise
condition numbers.

Corollary 3.3
For the mixed and componentwise condition numbers in Corollary 3.2, the following simpler upper
bounds hold:

ATl (IBT||B||BT| + (BT B)™Y||B|T |1, — BBT|) |lmax
m((A®B)T)sm((A@)B)T)upper::III |® (I1BY)|B||BY| + |( Y BT ) |l

N I (AT ANAT] + (AT A7 AT |1y — AAT]) & | BT ||| max
”AT ® BT”max ’
1 t t Tgy-1B|T|I, — BB'
HA® B < c(A® BYyme = |AT| ® (|1BT||B||B |—;T|((§Blj) |B|"|1, — BBT))

(AT AN AT| + (AT A~ AT |1y — AAT]) ® | BT
At ® Bt

+ ‘
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Proof
Using (2.1), (2.2), and (2.3), we have

105 M a||vec(A)| < | ® Kpn ® I)(Inm ® vee(BH)| [~(4T" ® 4T
+ (Im — AAT) ® (AT A) 7 K] |[vec(4))|
T
< (In ® Kpn ® Ig)(Inm ® vee(| BT ) (14T | @ 4T))
+ [ Iy — AAT| ® (AT A) 7Y [ K]l vec(4))
< (I ® Kpn ® 1) (Inm ® vee(| B ))vec(|4T|| 4] AT
+ (AT AT AT | L, — AAT))
= (Im ® Kpn ® Ig)vec(vec(| BT )vec(|4T||A]|AT|
+ AT AT AT | Ly — AATYT)
= (In ® Kpn ® Iy) [vec(|aT||4]]4")
(AT ) AT |1 — A4T) @ vee(|BT)) ]
= vee ((A"IAIIAT| + (AT )7 AT 1 — A4T]) @ | BY]).
Also, we can prove the following inequality:

|PaNglvee(|B]) < vec (4| @ (BIIBIIBT |+ (BT BY™|[BI"|1, - BBT)).

Note that ||vec(A)|lco = || A]lmax and the infinity norm is monotonic. The upper bounds can be
obtained by applying the aforementioned two inequalities to the exact expressions of the condition
numbers m((A ® B)") and ¢((4 ® B)T) in Corollary 3.2 and by using the matrix norm triangular
inequality. O

4. CONDITION NUMBERS FOR THE LINEAR LEAST SQUARES PROBLEM INVOLVING
KRONECKER PRODUCTS

As we know, the LS problem
min ||Au —b|2,
ueR”
where A € R™*" is of full column rank and » € R™, has a unique solution x = ATh [25,32,34-37].

Now that we have derived the condition numbers for the Moore—Penrose inverse (A ® B)T in
Section 3, we are ready to study the condition numbers for the associated KPLS problem

i A® B)v—c||2, 4.1
min_ [|(4® B)v—c|2 (4.1)
where A € RI”", B € Rgxq, and A® B € RZZ’XM, ¢ € R™ (see e.g., [3—10] for details). It has
a unique minimal 2-norm solution
x=(A®B)c=UT®BYe=((4T4)' @ (BTB)™) (AT @ BT)c. (4.2)

Our results generalize the perturbation analysis of the nonsingular linear equations (A® B)x = d
[38,39] to the LS problem involving Kronecker products.
The perturbed system of (4.1) is

min [|[(4+A4)® (B + AB)|v — (¢ + Ac).
v n

where A A, AB, and Ac have the same dimensions as A, B, and ¢, respectively.
Similar to Lemma 3.2, we first consider the Fréchet derivative.
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Lemma 4.1

Let the mapping ¢ : R™" x RP4 x R™P — R"9 be defined by ¢(a,b,c) = (A ® B)Tc, where
a =vec(A) and b = vec(B). Assuming that A and B are of full column rank, then ¢ is continuous
and Fréchet differentiable at all (vec(A), vec(B), ¢). Moreover,

¢'(a,b,c)=[QP AT @ BT,
where, denoting r = ¢ — (A ® B)x, we obtain the following expressions for P and Q:

Q=" (AT @ (B"B) ) Um ® Kpn ® I)(Imn ® vec(BT)) Kpnn
—(xT @ (AT ® BN) (1, ® Kym ® 1)) (Inn @ vec(B)),

P=0"@ (AT Q@ BTB) ™)) Un ® Kpn ® 1g)(vec(AT) ® 1p9) K pq
— (T ®(AT® BN) (I, ® Kym ® 1,)(vec(A) ® I ,).

Proof
From Lemma 3.2, we know that AT ® BT is continuous and differentiable and so is ¢(a,b,c) =
(A ® B)fc. Differentiating both sides of (4.2), we have

dx =d((ATA)'® (BT B) ™) (AT @ BT)c)
=d(ATA)'QBTB) ) (AT QBT )c+((ATA)'@(BTB)™)d(AT @ BT )c+(AT@BT)dc
= —((ATAHTTQBTB)™Hd(ATA) @ (BT B)(ATA)' @ (BTB) 1)(AT @ BT)c
+ (AT @ (BTBY ) (dAT @ BT + AT @ dBT)c + (AT ® BY)dc

= — (AT '@ (BTB) ) (dATA) ® (BT B) + (4TdA) ® (BT B) + (AT A) ® (dBT B)
+(ATA) ® (BTdB))x + (ATA) '@ (BTB) ") (dAT@BT + AT @dBT)c+(AT®@BT)dc

= —(A"®BM(dAQB+A®dB)x—((ATA)'@(BTB) \)(dAT QBT + AT ®dBT)(AQ B)x
+((ATA)' @ (BT B 1) (dAT @ BT+ AT®dBT)c+(AT®@BY)dc

= —(ATQBT)(dAQB + A® dB)x + (AT A) ' @ (BT B)™")(dAT @ BT + AT @ dBT)r
+ (AY ® BY)dc. (4.3)

We then vectorize both sides of the aforementioned equation and obtain

dx = vec(dx) = vec(—(AT ® BT)(dA® B + A ® dB)x)

+ vee(ATA) '@ (BTB) ™ 1)(dAT @ BT + AT @ dBT)r) + vec((AT ® BT)dc)

= -~ (T @ (AT ® BN) (I, ® Kym ® I)[vec(dA) @ vec(B) + vec(A) ® vec(d B)]
+ T @ATAT' R (BTB)Y ™) (I @ Kpn ® 1) [vec(dAT) @ vec(BT)
+ vec(AT) @ vec(dBT)] + (AT @ B)de

= — (" ® A" ® BN Uy ® Kgm ® 15)[(Inn ® vec(B))vec(dA)+(vec(4) ® I pq)vec(dB)]
+ T @ATA' R (BTB)Y ™) @ Kpn @ 15)[(Imn ® vec(BT)) Knvec(dA)
+ (vec(AT) ® I9) K pgvec(dB)] + (AT ® BT)dc.

That is,
dx =[Q P AY @ BT[da” dbT deT|T.
So, the Fréchet derivative is ¢’(a,b,c¢) = [Q P AT ® BT]. O
Copyright © 2012 John Wiley & Sons, Ltd. Numer. Linear Algebra Appl. 2013; 20:44-59
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From the aforementioned Fréchet derivative, we have the following exact expressions of the con-
dition numbers for the KPLS problem and their upper bounds, which can be used to efficiently

estimate the condition numbers.

Corollary 4.1

Using the notations in Lemma 4.1, we have the following normwise and mixed condition numbers

and their upper bounds:

K'*(A® B,c)

m'(A® B,c)

/A

[Ax]l2
€llx]l2

lim sup

e—>0
JIAAR: + IABI: + | Acl3
<ey/Il41% + 1813 + lel3

IlQ P A ®BT]||2\/||A||2F +1BI% +llcl3

l[x]l2
1A
lim sup TH1Ax]oo
€0 IAA| <e|A| € 100
|AB| < €|B]
|Ac| < €|c]
[1Qlvec(lA]) + [Plvec(|B]) + (AT @ [BTDe]lloo
llxloo

2[147 ® BT(14] @ [BD)x]|
1% lloo
L2 lI(Aa" )" @ (BT B)~'|(14]" ® |BID)Ir|]

1% lloo

[147 @ Bllel] o

1%l

mlS(A ® B,C)upper‘

If there is no zero element in x, then the componentwise condition number is

" (AQ B,c)

Copyright © 2012 John Wiley & Sons, Ltd.

/A

e—>0

. 1|Ax

lim sup - |l—
[AA|<eld] 1Y oo
|AB| < €|B]
|Ac| < €|c]

H |Qlvec(|A]) + [Plvec(|B|) + (|4T| ® |BT|)|c|

X (o)

2|Ip3 114" @ BY (Al @ BDIx|

+2[ID7HIAT A © (BT B (AT ® |BID)Irl|
+ |1p3"114" & BT|lel|
o0

CIS(A ® B,c)upper.
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Proof
Combining Lemmas 2.1 and 4.1, we obtain the exact expressions for the normwise, mixed, and
componentwise condition numbers. Using (2.1), (2.2), and (2.3), we have

1Qllvec(A)| < |(rT @ (AT A" & (BT B) ™) (Um ® Kpn ® Ig)(Iynn @ vec(BT)) Kpn| vec(4))
+ ((xT ® (AT ® BN) (1, ® Kym @ 1) (Inn @ Vec(B))‘ [vec(A)|
< [IFM1@ (A" A @ (BTB) ™ )(Um ® Kpn ® 1g) (I ® vec(|BT])] vee(|AT])
+ [|xT| ® AT ® BT ) (I ® Kgm ® 1) (Imn ® Vec(|B|))] vec(|A)
= (1@ AT @ (BT B )Un ® Kpn ® Ig) vec(vee(| BT vee(|AT)T)
+ (|xT| Q4T ® BT|) (In ® Kgm ® I,)vec(vec(|B|)vec(|ADT)
= (|rT|®|(ATA)—‘®(BTB)—1|)vec(|AT|®|BT|)+(|xT| ® |AT®BT|)vec(|A|®|B|)
=|4"@ BY|(j 4| @ |B)Ix| + (A" )7 @ (B B)7'(1AI" @ [BIT)r|.
Similarly, we can deduce that
[Plvec(|B]) < [4T @ BY|(|A| @ |B)|x| + (AT )" @ (BT B) '|(|A]" ® [B|T)]rl.

Because of the monotonicity property of the infinity norm, the upper bounds m’S (A ® B, c)"PPer
and ¢/(4 ® B,c)"PP°" can be obtained by applying the aforementioned two inequalities to the
exact expressions of m'*(A ® B,c) and ¢/*(A ® B,c) and by using the matrix norm triangular
inequality. O

Remark 4.1
From the small example in Section 1, the derived upper bounds m!s(4 ® B, ¢)"™ P and c!*(4 ®
B, ¢)"PPe" are achievable.

Finally, we present an approach to compute the upper bounds, in particular the second term in
m'(A® B, c)"PP* or ¢! (A® B, c)"P°", involving [[|(AT A)~' ® (BT B)!|(|A|” ® |B|T)|r||| ..
Let z = (|A|T ® |B|T)|r| and e be the vector of all ones, then we have

[IAT ™" @ BTB) (A" @ [BIT)Ir|
=[l4" A @ BT Bz
=[l(a" )7 @ (B B)™'|Dze]
= [T @ (BT B! D,
= A" & (BTB))D, |, .

We can apply LAPACK’s condition estimator SLACON, based on the Hager—Higham’s algorithm
[26, 27], to efficiently estimate the aforementioned matrix co-norm. The estimator involves solu-
tions of some linear systems with the coefficient matrix (A7 A) ® (BT B). If the Cholesky factors
R; and R, of AT A and BT B, respectively, are available, then

(ATA)® (BT B) = (R] ® R})(R1 ® R»).

Thus, the upper bounds can be efficiently estimated by exploiting the triangular structure of R;
and R,.

5. NUMERICAL EXAMPLE

In this section, we present test results with our computable upper bounds for the condition numbers
of the bivariate least squares tensor product problem. We compare the computable bounds of the

Copyright © 2012 John Wiley & Sons, Ltd. Numer. Linear Algebra Appl. 2013; 20:44-59
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Table I. Kronecker products linear least squares problems.

mon BV f)  mPien, /) SV @ Vs, f)
mlS(Vl ® Va, f)upper Cls(Vl ® Va, f)upper

4 3 1.4013e+002 7.7233e+001 2.7361e+002
7.3825e¢+003 2.9440e+004

8 5 1.2264e+004 3.8985e+003 2.6674e+005
5.1227e+006 3.6968e+008

12 6 3.6263e+004 5.1042e+003 2.4146e+004
7.0622e+007 2.0248e+008

condition numbers with their corresponding exact values. All computations were carried out using
MATLAB (MathWorks, Natick, MA, USA) 7.0 with precision € ~ 2.2 X 10716, In our experiments,
when computing the upper bounds, the computed solution was used as an estimation of the exact
solution x.

Example 5.1 ([13])

For i = 1,2, consider intervals I; = [a;, b;], and let E; be finite-dimensional subspaces of all
functions from /; to R. Let n; = dim(E;), x1,X2,...,Xm, € [a1,b1], y1,¥2,...,Ym, € laz,bs]
pairwise different in each case. The bivariate least squares tensor product problem is, for a given
f € R™1"™2 1o find a tensor product function g € E1 ® E, minimizing

mp my

D 18Gp ¥9) = Fio—1ymatal> (5.1)

p=1¢g=1

The aforementioned minimization problem can be rewritten as minyegni-n2 ||(V1 ® V2)x — f2.

In the numerical experiments, we choose /1 = I, = [0,1], x; = y; = ,’n—, i =1,2,...,m, and
E| = E, as the space of all polynomials of degree < (n —1). Let f be a random vector with proper
size. The comparison is given in Table I where each two rows correspond to an array of parameters
(m,n).

Table I shows that the upper bounds are around three orders of magnitude larger than their
exact counterparts.

We also test our computable bounds for other problems with different settings and obtain results
similar to those in the aforementioned example. That is, the computable upper bounds are around
three orders of magnitude larger than their exact counterparts.

6. CONCLUSION REMARKS

This paper presents three types of condition numbers of the Moore—Penrose inverse of a matrix
with elements generated by a single Kronecker matrix product. From them, the condition numbers
of the Moore—Penrose inverse of a Kronecker product and the associated least squares problem are
derived. Computable upper bounds for the condition numbers are also provided. It is of interest to
extend our results to the corresponding rank-deficient and weighted KPLS problems [25,40] and to
develop extra-precise iterative refinement [34,41] for such problems.
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