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Abstract: The conditioning theory of the generalized inverse Cffl is considered in this article. First, we
introduce three kinds of condition numbers for the generalized inverse Ci, i.e., normwise, mixed
and componentwise ones, and present their explicit expressions. Then, using the intermediate result,
which is the derivative of C:*rq, we can recover the explicit condition number expressions for the
solution of the equality constrained indefinite least squares problem. Furthermore, using the augment
system, we investigate the componentwise perturbation analysis of the solution and residual of the
equality constrained indefinite least squares problem. To estimate these condition numbers with high
reliability, we choose the probabilistic spectral norm estimator to devise the first algorithm and the
small-sample statistical condition estimation method for the other two algorithms. In the end, the
numerical examples illuminate the obtained results.

Keywords: generalized inverse Ci; normwise condition number; mixed and componentwise
condition numbers; EILS problem; probabilistic spectral norm estimator; small-sample statistical
condition estimation
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1. Introduction

Throughout this paper, R"*" denotes the set of real m x n matrices. For a matrix
A € R™, AT is the transpose of A, rank(A) denotes the rank of A, || Al| is the spectral
norm of A, and ||A||r is the Frobenius norm of A. For a vector 4 ,||a||« is its co-norm,
and ||a||; the 2-norm. The notation |A| is a matrix whose components are the absolute
values of the corresponding components of A. For any matrix A, the following four
equations uniquely define the Moore-Penrose inverse At of A [1]:

AATA = A, ATAAT = AT, (AAN)T = AAT, (ATA)T = ATA. 1)
The generalized inverse Ci is defined by

cl = (1- (PQP)*Q)Ct, @)

where Q = ATJA, A € R(PH*" denotes weight matrix and P = I — C*C is the orthogonal
projection onto the null space of C and C € R**" may not have full rank and ] is a signature
matrix defined by
|, 0
I= { 0 -l

} ptq=m
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The generalized inverse Ci originated from the equality constrained indefinite least squares
problem (EILS), which is stated as follows [2-5]:

EILS : Hcmirh1H (g— Ax)T](g — Ax), 3)

where ¢ € R” and I € R®. The EILS problem has a unique solution:
x =Chh+(PQP)tAT]g (4)
under the following condition:
rank(C) =s, x'Qx >0 for all nonzero x € null(C).

The above condition implies

p>n—s, rank (é) =n, ®)

then (5) ensures the existence and uniqueness of generalized inverse Ci (see [2,6]). The gen-

eralized inverse Ci has significant applications in the study of EILS algorithms, the analysis
of large-scale structure, error analysis, perturbation theory, and the solution of the EILS
problem [2-5,7-10]. The EILS problem was first demonstrated by Bojanczyk et al. [5].
Additionally, we reveal some detailed work on the perturbation analysis of this problem.
The perturbation theory of the EILS problem was discussed by Wang [11] and extended
by Shi and Liu [8] based on the hyperbolic MGS elimination method. Diao and Zhou [12]
recovered the linearized estimate of the backward error of this problem. Later, Li et al. [13]
investigated the componentwise condition numbers for the EILS problem. Recently, Wang
and Meng [14] studied the condition numbers and normwise perturbation analysis of the
EILS problem.

Componentwise perturbation analysis has received significant attention in recent
years; for references, see [15-19]. The motivation for studying componentwise perturbation
analysis is reasonable for research because, if the perturbation in the input data is measured
componentwise rather than by norm, it may help us to measure the sensitivity of a function
more accurately [15], and improve the exactness and effectiveness of the EILS solution
computation. It has attracted many authors’ attention to consider the componentwise
perturbation analysis in which the least squares problem [16] and the weighted least squares
problem [17] are included. In this article, we continue the research on componentwise
perturbation analysis of the EILS problem. We can recover the componentwise perturbation
bounds of the indefinite least squares problem with the intermediate result.

The generalized inverse Ci reduce to K-weighted pseudoinverse L} when g = 0 and K
has a full row rank. This pseudoinverse was expanded to the MK-weighted pseudoinverse
L}, by Wei and Zhang [6], which describes its structure and uniqueness. Its algorithm
was developed by Elden [20]. According to Wei [21], the expression of L} based on GSVD
was investigated. A perturbation equation for L} was given by Gulliksson et al. [22].
The condition numbers for the K-weighted pseudoinverse L} and their statistical estimate
were recently provided by Mahvish et al. [23].

The condition number is a well-known research topic in numerical analysis that es-
timates the worst-case sensitivity of input data to small perturbations on it (see [24-26]
and references therein). The normwise condition number [25] has the disadvantage of
disregarding the scaling structure of both input and output data. To address this issue,
the terms mixed and componentwise condition numbers are introduced [26]. Mixed condi-
tion numbers employ componentwise error analysis for input data and normwise error
analysis for output data. On the other hand, the componentwise condition numbers employ
componentwise error analysis for input and output data. In fact, due to rounding errors and
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data storage difficulties, it is more practical to estimate input errors componentwise rather
than normwise. However, the condition numbers of the generalized inverse Ci have not
been discussed until now. Inspired by this, we attempt to present the explicit expressions
of normwise, mixed and componentwise condition numbers for the generalized inverse
Ci, as well as their statistical estimation due to their importance in EILS research.

The rest of this manuscript is organized as follows: Section 2 provides some prelim-
inaries that will be helpful for the upcoming discussions. With the intermediate result,
i.e,, the derivative of Ci, we can recover the explicit expression of condition numbers for the
solution of the EILS problem in Section 3. Section 4 will present the componentwise pertur-
bation analysis for the EILS problem. In Section 5, we propose the first two algorithms for
the normwise condition number by using the probabilistic spectral norm estimator [27] and
the small-sample statistical condition estimation [28] method. Additionally, we construct
the third algorithm for the mixed and componentwise condition numbers by using the
small-sample statistical condition estimation [28] method. To check the efficiency of these
algorithms, we demonstrate them through numerical experiments in Section 6.

2. Preliminaries
In this part, we introduce some definitions and important results, which will be used
in the upcoming sections.

Firstly, we define the entrywise division between two vectors v = [vy,...,vp] Terr

and w = [w1,...,wP]T €ERPDy 2 = [ﬂl,...,np]Twith

. %, if wi 7é 0
i i, if w; = 0 .
Following [1,26,29], the componentwise distance between v and w is defined by

Vip —W; .
v—w |o; — w;] l’rT_"*‘, if wi, #0
= max { ——H} = i
(o)

d(v,w) =
( ’ ) w i=1,..,p ‘wl| ‘Z)i*|, ifw;,, =0

Note that when w;, #0,V i=1,...,p, d(v,w) gives the relative distance from v to w with
respect to w, while the absolute distance for w;, = 0. We describe the distance between the
matrices V, W € R"*" as follows:

d(V,W) = d(vec(V),vec(W)).

In order to define the mixed and componentwise condition numbers, we also need to
define the set B°(v,¢) = {u € R?| |u; —v;| <e€lv;|, i=1,---,p}and B(v,e) = {u € RP |
[l — v||2 < €||v||2} for given e > 0.

Definition 1 ([29]). Let X : R? — R be a continuous mapping defined on an open set Dom(R) C
RP?, and v € Dom(R), v # 0 such that X(v) # 0.

(i)  The normwise condition number of X at v is given by

i [R(u) = R()[]2 /[lu—2]>
n(X,v) = lim sup ( IR / )

limg sup ol
u#v

(i)  The mixed condition number of N at v is given by

. IRG) R 1
mie) =l P TR dwo)

u#v
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(iii) The componentwise condition number of X at v is given by

d(N(u), N
C(N, v) — llm Sup M
e—0 MEBG(U,S) d(u, U)
u#v

When the map X in Definition 1 is Fréchet differentiable, the following lemma given
n [29] makes the computation of condition numbers easier.

Lemma 1 ([29]). Under the assumptions of Definition 1, and supposing N is Fréchet differentiable
at v, we have

_ an@)lol _ les@)pells oo
n(X,0) = FRg, o MR 0) = FRei ) = | AR

where dX(v) stands for the Fréchet derivative of X at v.

(XJ

To obtain the explicit expressions of the above condition numbers, we need some
properties of the Kronecker product [30] between X and Y:

vec(YZX) = (XT®Y>VEC(Z), (6)
Vec<YT) = TLypvec(Y), 7)
Y@ X[z = [IY[2llX]l2 ®)

where the matrix Z has a suitable dimension, and I, € R™*"™" is the vec-permutation
matrix, which depends only on the dimensions m and #.

Now, we present the following two lemmas, which will be helpful for obtaining
condition numbers and their upper bounds.

Lemma 2 ([31], p. 174, Theorem 5). Let S be an open subset of R"*1 , and let X : S — R™*P
be a matrix function defined and k > 1 times (continuously) differentiable on S. If rank(R (X)) is
constant on S, then X' : S — RP*™ is k times (continuously) differentiable on S, and

ARt = —RTARRT 4+ RIRTART (I, — RRT) 4 (I, — RTR)IRTRT KT, )

Lemma 3 ([1]). For any matrices E, F, G, H, U and V with dimensions making the following
well defined
[E®F+ (G ® H)IIJvec(U),
[E®F+ (G ® H)II]vec(U)
V 7
FUETand HU'GT,

we have
II[E @ F+ (G & H)]ivec(|U])|o, < ||vee(|FIullEI" + |H[Ju|"IG")|

and

vec([F||[U|[E]" + [H||U|"|G|")
Vi

H|E®F+ (G® H)Mjvec(Ul) || _
14 o

‘ [e9)

3. Condition Numbers
First, we define a mapping ¢(u) : R™"*" — R" by

p(u) = VEC(Ci). (10)
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Here, u = (vec(A)T,vec(C))T, Au = (vec(AA)T,vec(AC)T)T, and for matrix
X = (%), ||XHF = [lvee(X)ll2 and || X|lmax = [[vec(X)[[co = max i

Then, using Definition 1, we present the definitions of the normwise, mixed, and com-

ponentwise condition numbers for generalized inverse Cf4 as given in [32]:

1(C+aC), —Chlle/lIChIIe

4,0 = =1 (11)
n , n(¢p,u) == lim su ,
O =m0 =y o achiebaa ciie B4, ACTTE/ A, Cllir
C+ AC), — CH | max
mt(A,C) = m(p,u) :=lim  sup (Gl ) lma 7 1A , (12)
0 A4/ Amane ICE lmax (u+ B, u)
HAC/CHmaXSE
C+ac)t —ct
t(A,C) =c(p,u) :==lim  sup y 1A Chs iA B (13)
€0 ”AA/AHmaXSS (u + Au, l/l) CA max

[|[AC/C|max<e

With the help of the vec operator, Frobenius, spectral, and Max norms, we can rewrite
the definitions of normwise, mixed and componentwise condition numbers as follows:

: H { vec(AA) }
C+AC)%, — C (AC)
nt(A,C) = n(¢,u) = lim [vee((C+ if‘ ”2/ vee( 2 (14
0 vec(A vec(A [[vec(Cy)ll2 vec(4)
KA vl
vec( vec(
C+ACK -Chle 1
m*(A,C) = m(¢,u) := lim sup Ivee((C + i a)l , (15)
0 | vec(AA) /vec(A) <t [vec(CH)lleo d(u + Au, )
[[vec(AC) /vec(C) || <e
1 C+AaC)k, —ct
ct(4,C) = c(¢,u) == lim sup vec((C+ i a) (16)
0 vec(AA) /vec(A)||<e 4 (1 + Dit, 1) vec(Ch) .
[[vec(AC) /vec(C) ||l <e
In the following, we find the expression of the Fréchet derivative of ¢ at u.
Lemma 4. Let the mapping ¢ be continuous. Then, the Fréchet differential at u is:
¢'(u) = [W(A), W(C)], (17)

W(A) = —[(CH @ (PQP)*AT]) + (JACK)T @ (PQP)")[Lmi],
W(C) = —[(Cjﬁf wCh) - (1—cchT o chct ), — (€' Qch)T @ (PQP)")IT,,]. (18)

Proof. Differentiating both sides of (2), we obtain

d(ct) = d[(1-(PQP)tQ)C']. (19)

From ([3], Theorem 2.2), we obtain

(PQP)" = P(PQP)" = (PQP)'P = P(PQP)'P, (20)
P(I - (PQP)'QP) =0, (PQP)'QP = P. (21)



Mathematics 2023, 11, 0 6 0f 19

Thus, substituting (20) into (19) and differentiating both sides of the equation, we
can deduce

d(Ch) = d[(1 - P(PQP)*Q)C'] = dC* — d(P(PQP)*QCY)
= (I - P(PQP)'Q)dC' — dP(PQP)'QC' — Pd(PQP)'QCt — P(PQP)'dQC".

Further, using (9), we have

d(ck) = (1— P(PQP)TQ)[-CTdcct + ctct'dcT(1— cCh) + (1—cfe)dcTct ¢
—d(1—-cfc)(pQpr)tQC’ + P[(PQP)*d(PQP)(PQP)*
— (PQP)*(PQP)"' d(PQP)" (I — (PQP)(PQP)")
— (1 (PQP)'(PQP))d(PQP)" (PQP)"" (PQP)"]QC" — P(PQP)tdQC.

Noting (20), (2),and (I — P(PQP)"Q)(I — C'C) = P(I — (PQP)*QP), the previous equa-
tion may be expressed as

d(ch) = —cldcct + chctdacT (1 - ccty + P(1 — (PQP)*QP)dCTCt ¢t +dctc(PQp)tQCt
+ Cfdc(PQP)*Qct + (PQP)Td(PQP)(PQP)TQC?
— (PQP)'(PQP)"' d(PQP)" (I — (PQP)(PQP)")QCT
— P(I— (PQP)'QP)d(PQP)T(PQP)! (PQP)*QCt — (PQP)*dQCT.

Further, by the fact PQ = (QP)T = QP, (21), and
cp(PQP)t = c(PQP)" =0, (22)

the above equation may be simplified as follows:

d(ch) = —ctdcct + ctctacT(1 - cct) + ctdc(PQp)tQct — (PQP)tdQCt
+(PQP)'dQP(PQP)"QC" + (PQP)"QdP(PQP)"QC”
— (PQP)*(PQP)" dQTPT (1 - (PQP)(PQP)*)QCt
— (PQP)*(PQP)" QTdP" (1 - (PQP)(PQP)*)QC*.
— —ckdcct + chct'dcT (1 - ccty + ctdc(PQP)tQct — (PQP)tdATTACY
— (PQP)TATJdACT + (PQP)TPAATTA(PQP)TQCt + (PQP)TPATJdA(PQP) QCT
— (PQP)(PQP)' dQTP(1 — QP(PQP)")QC' + (PQP)'QdP(PQP)TQC!
— (PQP)*(PQP)(PQP)'dPT(I — QP(PQP)")QC™. (23)

Considering PQ = (QP)T = QP, we obtain
P((I = QP(PQP)") =0 QP(PQP)" =P (24)
Substituting this fact into (23) implies

d(ch) = —chdcct + chctacT (1 - ccty + ctdc(pQP)tQct
— (PQP)*ATJdA(I — P(PQP)'Q)CT — (PQP)TQCTdC(PQP) QCT
— (PQP)TdATJA(I - (PQP)*Q)CT + (PQP)tdCTC! Q(1 - (PQP)TQ)CY.
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We can rewrite the above equation by using (2) and (20) as
d(ch) = —cldcch + chctacT (1 - cch) + (PQP)tdcTct Qck — (PQP)TATIdACH
— (PQP)*dAT]ACH. (25)

By applying "vec" operator on (25), and using (6) and (7), we obtain

vec(d(Ch)) = — (Y @ (PQP)* AT])vec(dA) — (JACH)T @ (PQP)t)vec(dAT)
— (¥ @ ct)vec(dC) + (1 — cchT & ¢t vec(dCT)
+((ct ch)T @ (PQP)*)vec(dCT) by (6)
= —[(c} © (PQP)TAT]) + ((JACK)T © (PQP)")TTyu]vec(dA)
— (e} @ch) - (1 - cchT @ et I, — (¢ ch)T © (PQP)HIL,,Jvec(dC)
by (7)
= [(C} @ (PQP)TAT]) — (JACK)T & (PQP)" )Ty,

_ (CET ® Cziq) +((I-ccHT® cicﬂ)nm + (CJrTQCi)T ® (PQP)HI1)] {Vec(dA)}

vec(dC) |
That is,
d(vec(Ch)) = [W(A), W(C)]do.

Thus, we have obtained the required result by using the definition of Fréchet derivative. [
Remark 1. Setting C = L, K= A, q = 0and C as full row rank, we have Ci = L} and

W(A) = —[(Cl ® (AP)!) + ((ACH)T @ (AP)T(AP)" )Ly,
W(C) = —[(Ch @Ch) — ((AChHTACH)T ® (AP)H(AP)T)IL,],

where the latter is just the result of ([23], Lemma 3.1), with which we can recover the condition
numbers for K-weighted pseudoinverse L, [23].

Using the straightforward results of Lemma 1 and Lemma 4, we derive the following
condition numbers for Ci.

Theorem 1. The normwise, mixed and componentwise condition numbers for Ci defined
in (11)—(13) are

1 v, Wl ey
n+(A,C) = , 26
0 Ivec(C) 2 )

[[W(A)|vec(|A]) + |W(C)|vec(|C|)
[vec(CH)leo
HAC) = HIW(A)Ivec(Al)z;|iv;/(<:)|vec(|<:|>
vec A

mt(A,C) = ”°°, (27)

(28)

[00)

Next, we provide easier computable upper bounds by minimizing the cost of comput-
ing the above condition numbers. The estimation of the upper bounds will be demonstrated
by numerical experiments in Section 6.
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Corollary 1. The upper bounds of normuwise, mixed and componentwise condition numbers for
Cf‘ are
nt(A,C) < n"PPe(A,C)

T
= [ICL 121 (PQP)T AT |2 + JACK 21l (PQP) 2 + ICH 121 CE 12 + 11(T = cCH[lalIchct |1,

T A, C
+ e ach ol oyt ) 1A Cle,
TSAE

mt(A,C) < m"PPe (A, C)
T T T
— |I[1(PQP)TATJ||A||CH | + |(PQP)||AT||JACK | + |ChIClICE | + |Chct|ICT (1 — cch)
T
+1(PQP)(ICT]ICT QCH |1 lmax/ | C [l maxs
ct(A,C) < c"PPer(A, Q)

T T T
— |[[1(PQP)ATT||A||CE | + [(PQP)T||AT||JACK | + [CY ICl|Ch | + |Chet (1CT||(1 - cCh))
+[(PQP)T(ICT(IC" QCH 11/ C lmax-

Proof. For any two matrices X and Y, it is well-known that ||[X, Y]|2 < [ X2 + [ Y]]2-
With the help of Theorem 1, and (8), we obtain

nt(A,C) < [|| - (C @ (PQP)TAT]) — ((JACH)T @ (PQP)")ITyn2
+ = (e @)+ (1-cchT @ chet ), + (¢ Qch)T @ (PQP) T, ]

y ||[A,icmF
AT
T T
< [lIck ® (PQP)*AT]|l, + [JACK)T @ (PQP)' |l + ||C @ Chl2
T T A, C
- cchT @ ket + e ach)T o (papy ) 1A EllE
AR
T
= [ICL 120 (PQPYY ATT||2 + [TACK 21l (PQP) |2 + ICE 12l Ch 12 + 11T = cCH 2 )it |1,
T A, C
+ 1t ach ol (papy o LA~ .
AT

Secondly, by using Lemma 3 and Theorem 1, we obtain

mt(4,C) = ||| - (C§ ® (PQP)TAT]) ~ (JACK)T @ (PQP) )Tym|vec(|Al) + | - (C} @ C})
+((1—cchT & e + (T QCH)T @ (PQP)")Ia|vec(|C])[|eo/ [[vec(Ch) oo
< II(PQP)* ATJI|AIICK | + [(PQP) (AT |[TACK | + [ChIIClICY | + |ChCICT (1 - cct)
+1(PQP)IICT(ICY QCH [ lmax/ 1C lmaxs

and finally, we have

1 _ 17 + AT IN\T + l 1
t(A,C) = ||| - (C} @ (PQP)TAT]) — (JACH)T @ (PQP) ") |vec(|A]) + | — (C @ Ch)
+((1—cchT o ctct ), + (€' QCh)T @ (PQP) ")y vec(|C|) / [vec(CH)| [l
< [(PQP)* ATJ||AlICK | + [(PQP)H|AT|ITACK] + |ChlclIch | + |k et ||cT) (1 — cch)

+[(PQP)T|ICT(ICT QCH 1]/ C flmax:
O
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Remark 2. Using the GHQOR factorization [3] on A and C in (2) and (5):

T (L O Trn_ (K O
HAQ—(L21 Ln), UCQ—<O O>, (29)

where U € RS and Q € R™" and a [—orthogonal matrix, H € RP+0x(p+0) (ie, HIHT =),
Loy and Ky are lower triangular and non-singular. We have

I 0 0
ct = ( ! >1<1UT, PQP)T AT = ( v )HT, poP)t = ( - ) T
A Q —L221L21 11 11 ( Q ) ] Q L221 2 ( Q ) Q 7(L2TZL22) 1 Q
T 0 _ T T T _
cict = ( L)Ly )(Kul)TQT, ' Qch = Uy Ky Ly LK U,

I

17 —T -1 T t -1 T
= >1<11 Kiy (I —Ly'Ly )QY, CC'=U( KnKy; 0)Uy,
22 21

T
JACH = JLykiTuf, cich = Q( B

where U = (Uy, Up), H = [Hy, Hyp|; Uy and Hy are, respectively, the submatrices of U and H
obtained by taking the first r columns. Putting all the above terms into (18) leads to

wi(a) = | (wk (1 —15t Q" 00 %))
22
. 0
+ (KMTU1K11L1T1]®Q< (DLt >QT>HW,},
_ . I .
W1(C) = _KUlKnT( I —Ly'Ly )QT®Q< . )K111U1T>

_ ((I— Ui ( KnKy' 0 )ulT)T® < _LO )(Kl—ll)TQT)Hsn

-1
22 L22

STy T yp—Tp—177-1 0 T

Remark 3. We can obtain dx using the d(Ci) expression, where (4) is the solution of EILS
problem (3). By differentiating (4), we obtain

dx = d(Chh+ (PQP)TAT]g).
Thus, using (20), we obtain
dx = d(Chh+p(PQP)tAT]g) = d(Ch)h+ Cldh + dP(PQP)T AT Jg + Pd(PQP)AT g
+P(PQP)*dAT ¢ + P(PQP)T AT ]dg.
Substituting (25) into above equation and using (9), we have
dx = [-chdcch +chctacT(1—cch) + (PQP)tdcTct Qck — (PQP)TATIdACK
—(PQP)'dATJACKIh +d(1 — CTC)(PQP)T AT Jg + P[—(PQP)td(PQP)(PQP)
+(PQP)*(PQP)" d(PQP)T(I - (PQP)(PQP)")

+(I - (PQP)t(PQP))d(PQP)" (PQP)" (PQP)'1A"]g
+P(PQP)*dAT g + P(PQP)tATJdg + Cdh,
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which together with (20)—(22) give

dx = —chdcchh+chctdcT(1 - cctyn+ (PQP)tdcTct Qchn — (PQP)T ATIdACKK
—(PQP)*dATJACkK — Ctdc(PQP)TAT]g — (PQP)TdQP(PQP) AT Jg
—(PQP)"QdP(PQP)*ATJg + (PQP)'PQP(PQP)*dPT (I — (QP)(PQP)")AT]g
+(PQP)T(PQP)" dQTP(I — (QP)(PQP)')ATJg + P(PQP)tdAT g + P(PQP)* AT]dg + cidh.

Noting (24), the above equation can be rewritten as

dx = —chdcchh+chctdcT(1-cchh+ (PQP)tdcTct ATjACkK — (PQP)tATTAACK K
—(PQP)*dAT]ACk K — CtdC(PQP)t AT g + (PQP)TdAT (g — A(PQP)TAT]g)
—(PQP)'ATJdA(PQP)" AT Jg + (PQP)'QCdC(PQP)' A" g
—(PQP)*dCTC ATJ(g — A(PQP)TAT]g) + (PQP)*ATJdg + CHdh.

Further, by (20) and (4), we have

dx = —chdc(Chn+ (PQP)TAT]g) +Chct dcT (1 - cChh— (PQP)TATIAA(Ch R + (PQP)TATTg)
—~(PQP)tdCTC AT](g — A(Chh + (PQP)AT]g))
+(PQP)'dAT](g — A(Chh + (PQP)AT]g)) + (PQP) AT]dg + Chdh by (20)
— —clhdcx+ctct'dcTp — (PQP)TATJdAx — (PQP)TdCTCY AT
+(PQP)'dAT]r + (PQP)" ATJdg + Chdn, by (4) (30)

where s = Jr = J(g — Ax), B = (I — CCYh. By utilizing operator "vec” on (30), and us-
ing (6) and (7), we obtain

dx = —(xT @ (PQP)" AT )vec(dA) + (sT ® (PQP))vec(dAT) — (xT @ C} )vec(dC)
+(BT @ Chct vec(dCT) + (C1 ATs)T @ (PQP)')vec(dCT) + (PQP)Tdg + Chdh by (6)
= [-(T @ (PQP)*AT]) + (5" ® (PQP)!)TLu]vec(dA) — [(x" @ C}) — (87 @ ChC )T,
—((CT" AT$)T ® (PQP)")ITsy)vec(dC) + (PQP) dg + Chdn by (7)
= [- (T @ (PQP)TAT]) + (5T ® (PQP) )Ty, —(xT @ Ch) + (BT & ChCT )T,
vec(dA)
vec(dC)

dg
dh

+((CT ATs)T ® (PQP)")ILsu, (PQP)', C%]

From the above result, we can recover the condition numbers of the EILS problem provided
in [3,13,14]. Further, we observe that r = (g — A(Ckh + (PQP)*AT]g)). Applying the same
procedure, we can determine dr and condition numbers for residuals of EILS.

4. Componentwise Perturbation Analysis

In the following section, we derive a componentwise perturbation analysis of the
augmented system for the EILS problem.
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Let the perturbations dA € R(P+0*" dC € R, dg € R" and dh € R satisfy
|dA| < e|A]|, |dC| < €|C| |dg| < €|g| and |dh| < e|h| for a small € and s = Jr. Suppose that
the perturbed augmented system is

0 0 C+dC A+dA h+dh
0 J+dJ A+dA s+ds | =| g+dg
(C+dO)T (A+dA)T 0 x +dx 0

Denoting

and the perturbations

0 0 dC dg dA
ds = 0 dj dA |, df=|dh |, dz=| ds |.
(do)T (dA)T o 0 dx

When A is of full column rank and C has full row rank, S is invertible. It can be verified that

T
cilach  ~(jach) ct!
ST = | —JACL J-JA(PQP)'AT] JA(PQP)!
ch (PQP)*AT]  —(PQP)!
If the spectral radius
o([s7"|las) <1 (31)

then I, + S~1dS is invertible. Clearly, the condition

T T T
[$Allek (SR ¢t act ||c) + |JACH)T| A
e<p™'| | [JA(PQP)T|ICT |JA(PQP)[|AT |jACk|lAl + |- A(PQP) AT]|IC] | |, (32)
(PQP)T(|CIT  |(PQP)||A[T IchIIC| + |(PQP) AT Al

implies (31). The following results [33] are important for Theorem 2.

Lemma 5. The perturbed system of a linear system Sv = u is defined as follows:
(S+dS)(v+dv) =u+du,

where v + dv is the solution to the perturbed system, when the perturbations dS and du are
sufficiently small such that S + dS is invertible, the perturbation dv in the solution v satisfies

1
do = (1 + 5*1d5) S~1(du — dSv),

which implies

|do| < ‘(Hslds)l“sl‘(mm +dS|[o]).
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Furthermore, when the spectral radius p(|S’1||dS\) < 1, we have
1
dof < (1= |s7"1dsl) s~ (Idu| + S| fo])
- (1+o(‘5*1‘|d5\))‘5*1‘(|du\ +dS|[o]). (33)

Now, we have the following bounds for the perturbations in the equality constrained indefinite
least squares solution and residual.

Theorem 2. Under the above assumption, for any € > 0 satisfying the condition (32), when the
componentwise perturbations |dA| < e|A|, |dC| < €|C| |dg| < €|g| and |dh| < €|h]|, the error
in the solution is bounded by

Jdx]e < e(ncium + ICllx) e + || (PQPYFATJ (g1 + AlIxD) | _ + || (PQPY*(ICIT I + ArT|r|>Hoo)

+0(?)

(34)
and error in the residual is bounded by
ldrfleo < €<||JAC§(IhI +[Clx)lleo + [IT = JAPQP) AT (Ig] + | Allx[)]|oo
+ITAPQPI(CITIA + AT D]l ) + O(<2). (35)

Proof. Since the condition (32) implies (31), applying (33) in Lemma 5, we obtain

|dh| +[dC]|x|

dA
-1 —1
[ jff ] - (HO(‘S MdS'))‘S ’[ Idé%gI'/\Jlrerlglxilrl

Finally, using the conditions |[dA| < e|A|, |dC| < €|C| |dg| < €|g| and |dh| < €|h|, and the
explicit form of S~1, the upper bounds (34) and (35) can be obtained. [

Furthermore, we can obtain the componentwise perturbation bounds of the indefinite
least squares solution and its residual.

Remark 4. Assume that C is a zero matrix, A = 0, and h = 0. Using the above notations, for any

€ > 0, if the componentwise perturbations satisfy |dA| < e|A| and |dg| < €|g|, then the error in
the solution is bounded by

laxlle < e(11( (4%14) ) AT + Al s + 11 (AT74) AT ) +0(e)

and the error in the residual is bounded by

—1 -1
el < (117 = JA(4T1A) " ATII()+ Al s+ 1A (4774) " l1ATIrl ) +O(€2).

5. Statistical Condition Estimates

This section proposes three algorithms for estimating the normwise, mixed and com-
ponentwise condition numbers for the generalized inverse Cjtq. Algorithm 1 is based on
a probabilistic condition estimator method [27] and utilized to examine the normwise
condition number for K-weighted pseudoinverse L}Q [23], ILS problem [34], constrained
and weighted least squares problem [35] and Tikhonov regularization of total least squares
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problem [36]. Based on the SSCE method [28], we develop Algorithm 2 to estimate the

normwise condition number; for details, see [23,34,37-39].

Algorithm 1 (Probabilistic condition estimator for the normwise condition number)

1. Compute the derivative d¢(u) = [W(A), W(C)], and choose a starting vector i
uniformly and randomly from the unit t-sphere S; 1 with t = n?.

2. Using the probabilistic spectral norm estimator [27], compute the certain lower bound
a1 and the probabilistic upper bound a; of d¢(u).

3.  Compute the normwise condition number by using (26)

A Q)IA, C +
nf,(A, C) = 1 ( )Ll[ 1l withn,(A,C) = Nl
oAl 2

Algorithm 2 (Small-sample statistical condition estimation method for the normwise
condition number)

1. Generate matrices [dAq,dCy], [dA,,dCy), ..., [dA,,dC,] with each entry in V(0,1)
and Orthonormalize the following matrix

vec(dA;) vec(dAp) --- vec(dAy)
vec(dCy) vec(dCy) -+ vec(dCy)

to obtain [Tl, T, Tq] by modified Gram-Schmidt orthogonalization process. Each
T7; can be converted into the corresponding matrices [dA;, dC;] by applying the unvec
operation.

2. Letp = m+ mn. Approximate w, and w, by

(k= 3)
3. Fori=1,2,...,49, compute
6; = —chdc,ch + chct'dcT (1 - cct) + (PQp)tdcT ¢t Qch — (PQP)T AT1dA,CY — (PQP)TdATTACK.
4. Compute the absolute condition vector by
w 2
Ko ::;q\/|91|2+|92|2+---+\9q , (37)
14

where the square operation is applied to each entry of 6;,i = 1,2, ..., q and the square
root is also applied componentwise.
5. Estimate the normwise condition number (26) by

NEellTA, Ol

B

, (38)

F

w, 2 2 2
where Nbog i= 90y/|ley 2+ lloa 3+ + oy 3 = || e

-

To estimate the mixed and componentwise condition numbers, we need the fol-
lowing SSCE method, which is from [28] and has been applied to many problems (see,
e.g., [23,32,34-36]).

6. Numerical Experiments

In the following section, we illustrate two specific examples. The first compares
the normwise, mixed and componentwise condition numbers and their upper bounds.
The second is used to present the efficiency of statistical condition estimators.
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Example 1. In this example, we first compute the condition numbers and their upper bounds by
using the below matrix pair, then we demonstrate the reliability of Algorithms 1-3. Matlab2018a
has been used to perform all the numerical experiments. We examine 200 matrices that are created
by repeatedly applying the matrices A € R™*" from [34] and C € R**" below.

=% ullo

where up € RP,u; € RTand v € R" are unit random vectors obtained from Matlab function
randn( -,1) and D = n! diag(nl, (n— 1)1,‘ .
number of A, i.e., k(A) = || Al|2|| A 5 18 nl. C = [Cy,0], where Cy is a nonsymmetric Gaussian

random Toeplitz matrix generated by the Matlabs function toeplitz(c,r) with ¢ = randn(s, 1),
r = randn(s, 1). From Table 1, we can see the numerical outcomes of the ratios given by

} V, Uy = Ip = 2upuy, Uy = Iy — 2ugug, and V = I, — 200",

, 11). It is simple to determine that the condition

wy =n"PPT(A,C)/nt(A,C), wy =m"PP (A,C)/mt(A,C) and w3 =P (A,C)/ctH(A,Q).

Table 1. Comparison of condition numbers and their upper bounds by choosing different values of

p,q,s and n.
Mean Max Mean Max Mean Max
p,q9,n,s w1 wy w3
25,15,20,10 1.0763 x 10° 4.8422 x 109 1.0647 x 10° 2.8373 x 10° 1.1538 x 100 3.9657 x 10°
50, 30, 40, 20 1.3146 x 10° 6.7089 x 10° 1.0861 x 10° 4.4630 x 100 1.2845 x 100 5.9123 x 10°
75,45, 60, 30 1.7422 x 10° 1.6402 x 10! 1.1965 x 10° 1.2847 x 10! 1.0784 x 10° 1.5766 x 101
100,60,80,40  2.6043 x 109 1.9461 x 101 1.4574 x 10° 1.6783 x 101 1.7540 x 100 1.8452 x 101
p,q9,n,8 w1 wy w3
25,15,20,10 1.4032 x 10° 5.7654 x 10° 1.2433 x 10° 4.6501 x 10° 1.3601 x 10° 5.3752 x 10°
50, 30, 40, 20 1.7341 x 10° 8.2074 x 10° 1.5623 x 100 6.4738 x 10° 1.7320 x 100 7.2004 x 10°
75,45, 60, 30 2.5254 x 10° 2.8732 x 10! 1.8510 x 10° 1.6062 x 10! 2.0653 x 10° 2.2903 x 10!
100,60,80,40  2.7034 x 109 3.9543 x 10! 2.0312 x 10° 2.0106 x 10! 2.3871 x 10° 2.4803 x 10!
p,q9,n,8 w1 wy w3
25,15,20,10 1.7301 x 10° 7.9662 x 10° 1.4607 x 10° 6.8606 x 10° 1.5296 x 100 8.0651 x 10°
50, 30, 40, 20 1.9674 x 10° 3.7649 x 10! 1.7065 x 10° 8.5963 x 10° 1.8472 x 10° 9.7063 x 10°
75,45, 60,30 2.7055 x 10° 5.6570 x 10! 2.0276 x 10° 3.2613 x 10! 2.3601 x 10° 4.6904 x 101
100,60,80,40  2.9867 x 10° 7.1601 x 10! 2.2760 x 10° 4.9013 x 10! 2.5935 x 10° 59721 x 10!
p,q9,1n,8 w1 wy w3
25,15,20,10 1.8271 x 10° 2.3021 x 10! 1.6354 x 10° 1.4032 x 101 1.7925 x 100 1.5102 x 101
50, 30,40, 20 2.3064 x 10° 3.7632 x 10! 1.9642 x 10° 1.5210 x 101 1.9862 x 10° 1.6082 x 101
75,45, 60,30 2.8063 x 10° 7.4310 x 10! 2.0513 x 10° 5.0471 x 10! 2.6743 x 10° 6.0437 x 10!
100,60,80,40  2.9887 x 109 8.6501 x 10! 2.3810 x 10° 7.1089 x 10! 2.7011 x 10° 7.4810 x 10!

To show the efficiency of the three algorithms discussed above, we run some numerical tests
and choose parameters § = 0.01 and e = 0.001 for Algorithm 1 and k = 2 for Algorithms 2 and 3.
The ratios between the exact condition numbers and their estimated values are determined as follows:

rp = n%(A,C)/ni(A,C), T = ng(A,C)/ni(A,C),
m¥(A,C)/m¥(A,C), re = cF(A,C)/cH(A,C),

Tm =
where 1) is the ratio between the exact normwise condition number and the estimated value of
Algorithm 1, rs is the ratio between the exact normuwise condition number and the estimated value
of Algorithm 2, and ry, and r. are the ratios between the exact mixed and componentwise condition
numbers and estimated values of Algorithm 3.
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The results in Table 2 demonstrate that Algorithms 1-3 can reliably estimate the condition
numbers in most situations, supporting the statement in ([40], Chapter 15) that an estimate of
the condition number that is correct to within a factor 10 is generally appropriate because it is the
magnitude of an error bound that is of interest, not its precise value. For the normwise condition

number, Algorithm 1 works more effectively and stably.

Table 2. Results by choosing different values of p, g, s and n for Algorithms 1-3.

Mean Variance Mean Variance Mean Variance Mean Variance
p.q,n,s Ty s Tm Te
25,15,20,10  1.0000 x 10° 5.3577 x 10711 1.0322 x 10° 1.2063 x 10~ 1.0067 x 10° 1.3505 x 10~2 1.2785 x 10° 1.0431 x 102
50,30,40,20  1.0000 x 10° 7.0635 x 1072 1.1439 x 10° 3.5027 x 10~! 1.0134 x 10° 3.9054 x 102 1.3744 x 10° 3.6397 x 102
75,45,60,30  1.0001 x 10° 1.5165 x 10~ 1.2906 x 10° 4.6021 x 10~1 1.1075 x 10° 4.1653 x 10~2 1.5043 x 10° 3.9428 x 102
100,60,80,40  1.0001 x 10° 1.7940 x 10712 1.3482 x 10° 5.7803 x 10~! 1.2306 x 10° 4.9563 x 1072 1.8732 x 10° 4.6543 x 102
v,q,n,s p Ts Tm Te
25,15,20,10  1.0000 x 10° 6.5102 x 1072  1.2654 x 10° 2.7360 x 10~ 1.3405 x 10° 3.4605 x 1072 1.2765 x 10° 2.6123 x 102
50,30,40,20  1.0000 x 10° 7.4738 x 10711 1.4783 x 100 4.4925 x 10~! 1.7169 x 10° 4.8543 x 102 1.5063 x 10° 4.3326 x 102
75,45,60,30  1.0001 x 10° 1.6062 x 1072 1.6295 x 10° 6.8732 x 10~ 1.8206 x 10° 6.4890 x 102 1.7422 x 10° 5.0542 x 102
100,60,80,40 1.0001 x 10° 2.5106 x 10~13 1.8693 x 10° 7.9543 x 10~1 2.1456 x 10° 7.4293 x 10~2 2.0361 x 10° 6.3702 x 102
p.q,n,s p Ts Tm e
25,15,20,10  1.0000 x 10° 1.7029 x 10~8 1.2063 x 10° 4.2083 x 10~1 1.6710 x 10° 5.7862 x 1072 1.3722 x 10° 4.7031 x 102
50,30,40,20  1.0000 x 10° 2.4771 x 10711 1.7033 x 10° 7.2035 x 10~ 1.8041 x 10° 6.0165 x 1072 15760 x 10° 5.7402 x 102
75,45,60,30  1.0002 x 10° 6.1041 x 10712 2.0654 x 10° 7.5293 x 10~! 2.2054 x 10° 8.3014 x 10~2 2.0113 x 10° 7.2461 x 102
100,60,80,40 1.0003 x 10° 5.6854 x 10713 2.1976 x 10° 8.2063 x 10! 2.2593 x 10° 8.6458 x 102 2.1263 x 100 7.9432 x 102
p.q.n,s Tp Ts Tm e
25,15,20,10  1.0000 x 10° 5.6321 x 1077  1.6305 x 10° 6.2092 x 10~1 1.9455 x 10° 6.7402 x 102 1.8240 x 10° 6.0461 x 102
50,30,40,20  1.0000 x 10° 6.0573 x 1072  1.7002 x 10° 8.0210 x 10~ 1.9822 x 10° 8.0549 x 1072 1.9701 x 10° 7.4322 x 102
75,45,60,30  1.0003 x 10° 8.6021 x 10~11 2.1533 x 10° 9.0425 x 10~! 2.4003 x 10° 9.3614 x 102 2.2764 x 10° 8.4681 x 102
100,60,80,40 1.0004 x 10° 2.8543 x 10712 24187 x 10° 9.2054 x 10! 2.6005 x 10° 9.5370 x 10~2 2.5711 x 10° 9.4502 x 102

Algorithm 3 (Small-sample statistical condition estimation method for the mixed and
componentwise condition numbers)
1. Generate matrices [dA1,dCy], [dAy, dCo], ..., [dAy, dCy] with each entry in N(0,1)
and Orthonormalize the following matrix:

vec(dAq)
vec(dCy)

vec(dAy)

vec(dAy) }
vec(dCy)

vec(dCy)

to obtain |1, T, . .., ;] by modified Gram-Schmidt orthogonalization process. Each
7; can be converted into the corresponding matrices [dA;, dC;] by applying the unvec

operation. Let [dA;, dC;] be the matrix [dAf\/z,a\(ﬂ multiplied by [A, C] componentwise.
2. Letp = mn + sn. Approximate w, and w, by (36).

3. Fori=1,2,...,q, compute

0; = —chdc,ch + chct'dcT (1 - cch) + (PQpytdcTct Qck — (PQP)tATJdA,Ch — (PQP)TAATTACE.

Using the approximations for w, and wy, compute the absolute condition vector

w
K, = a;¢|91|2+ 02+ - + [0, 2
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4.  Estimate the mixed and componentwise condition estimations mécce(A, C) and csicg(A, C)

as follows:
+ +
mg(A C) _ HKsce!OO ) si( _ Ksce:t
[[vec(C)lleo vec(Ch) ||,

Example 2. On similar patrons given in [2,3,5], we generate A and C matrices using the GHQOR fac-

torization.
Tsn_ |L11 O T~~_ |Ki1 O
HAQ_|:L21 Lzz'ucQ_ 0 0

where H € R0 >(1+4) js J-orthogonal, i.e., HTHT = ], Q is orthogonal, and Ly, € R(=5)*(n=s)
and Ky € RE*S) are lower triangular and non-singular, respectively. In our experiment, we let
L11 Lyy be random matrices. H is a random J-orthogonal matrix with a specific condition number
generated using the method described in [41]. Q € RU™™ and U € RG*5) generated randomly (by
Matlabs gallery (‘qmult’,....), Loy, and Kyq are generated by QR factorization of random matrices
with specified condition numbers and pre-assigned singular value distributions (generated via
Matlabs gallery (‘randsvd’,...)). To examine the above algorithms’ performance, we use 500 matrix
pairs, variate the condition numbers of A and C, and set p = 50, g = 30, n = 40, and s = 20.
The ratios between the exact condition numbers and their estimated values are below.

rp = nh(A,C)/nt(A,C), rs =ni(A,C)/nt(A,C),
rm = mi(A,C)/mb(A,C), re =cH(A,C)/cH(A,C),

where the parameters 6, €, k, and ratios Tp, Ts, T'm and r¢ are the same as given in Example 1. We
present these numerical results and CPU time in Figures 1 and 2. The time ratios are defined by

where t is the CPU time of computing the generalized inverse Ci by GHQR decomposition [20].
is the CPU time of Algorithm 1, t, is the CPU time of Algorithm 2, and t3 and ty are the CPU times
of Algorithm 3. From Figures 1 and 2, we can see that these three algorithms are highly efficient in
estimating condition numbers. However, Table 3 shows that the CPU times of Algorithms 1 and 2
are smaller than Algorithm 3.

Table 3. CPU times for Algorithms A, B, and C by choosing different values of p, g, s and n.

p.q,n,s ty ts tm tc
25,15,20,10 0.1065 0.2742 0.7601 0.4643
75,45, 60,30 0.3784 0.5204 1.3644 1.1677
100, 60, 80, 40 0.4842 0.6032 1.4569 1.2658

120, 80,100, 50 0.5643 0.7411 1.6345 1.5403
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Figure 1. Efficiency of normwise condition estimators and CPU times of Algorithms 1 and 2.
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Figure 2. Efficiency of mixed and componentwise condition estimators and CPU time of Algorithm 3.

7. Conclusions

In this paper, we provided the explicit expressions and upper bounds for the normwise,
mixed, and componentwise condition numbers for the generalized inverse Ci. Addition-
ally, the corresponding results for the K-weighted pseudoinverse L} can be obtained as
a special case. We also show how to recover the previous condition numbers of the EILS
solution from the generalized inverse Ci condition numbers. We also developed the
componentwise perturbation analysis of the EILS problem. Moreover, we designed three
algorithms that efficiently estimate the normwise, mixed, and componentwise conditions
for the generalized inverse Ci using the probabilistic condition estimation method and the
small-sample statistical condition estimation method. Finally, numerical results demon-
strated the performance of these algorithms. In the future, we will continue our research
on the MK-weighted generalized inverse.
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