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1. Introduction

Consider the n x n linear system
Ax =D, (1)

where A is a matrix such that b is in #(A), the range of A.
Given a splitting A = M — N (M nonsingular), a classical iterative
method produces the following iteration

XD =M 'Nx" + M, 1=0,1,..., 2)

where M~'N is called the iteration matrix of the method. On the
other hand, a two-stage method consists of approximating the lin-
ear system (2) by using another iterative procedure (inner itera-
tions). That is, consider the splitting M = F — G and perform, at
each outer step [,s(l) inner iterations of the iterative procedure in-
duced by this splitting. Thus, the resulting method is

s()-1

x(l+1) ( + F G ]F
Jj=0

Nx" +b), 1=01,..., (3)

cf. [1]. Two-stage iterative methods have been studied, e.g., in [2-5].
In this paper, a two-stage iterative process is developed for the solu-
tion of the linear system (1), where at each outer iteration Il =
0,1,..., the linear system (2) is approximated by using an alternat-
ing iterative procedure. More specifically, let M =P —Q =R — S be
two splittings of the matrix M. In order to approximate the linear
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system (2), for each [,I=0,1,..., we perform s(I) inner iterations
of the general class of iterative methods of the form

209 = P71z + P (Nx" + b),

Z: ) =R~ 5z"+z +R'NxY +b), k=0,1,....s()—1
=x0, or equivalently

280 = RTISPT1QzM + RSP + 1) (Nx" + b),
k=01,....s (1)71.

Thus, the alternating two-stage method can be written as follows

s(h- )
D4 N (RISPTIQYRT(SP! + (N + b),
j=0

with z©@

L

XD = (R'spQ) !

1=0,1,.... (4)

In a similar manner as the two-stage methods, we say that an alter-
nating two-stage method is stationary when s(I) = s, for all [, while
an alternating two-stage method is non-stationary if the number of
inner iterations changes with the outer iteration L

Clearly, given an initial vector x©, the alternating two-stage
iterative method (4) produces the sequence of vectors

XD — TOxO +6qy, 1=0,1,..., ©)
where
s(h)-1
T = R'SP'Q™ + 3" (R'SPIQYR (SPT + DN, ©®)
j=0

and ¢y = >3 T (RT'SP'QYRT(SP™! + I)b.
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In order to analyze the convergence of the alternating two-stage
method (5) and taking into account that A=M - N and
M=P—-Q=R-S, the iteration matrices T",[=0,1,..., defined
in (6), are written as follows:

—_

s()— )
TV = (R'SPQ)" + 3 (RTSPTIQIRT(SP™ + N

-

©
—_

),
=R'SP'QI + S (R'SPTIQYR ISP +1)(P— QM 'N

o

—_

S

_ (R—ISP—IQ)S(I) n

20 o

),
(R'SP'QYRISUI - P'QM'N

~0

-

s(h-1 )
+ > (R'SPTQYI-RT'SMIN = (R7'sPT'Q)*"

T
<)

+ (- ((R'SPTQ"MT'N, 1=0,1,... (7)

In this paper, our study concentrates on these alternating two-stage
methods. Specifically, in Section 3, we give convergence results of
these methods for nonsingular linear systems, when the matrix A
of the linear system is monotone, H-matrix or Hermitian positive
definite. In Section 4, we also prove the convergence of these meth-
ods for consistent singular linear systems, when M-matrices or
symmetric positive semidefinite matrices are considered. In Section
5, we explore the use of parallel implementation of these alternat-
ing two-stage methods for the solution of Markov chains. Previ-
ously, in Section 2, we present some definitions and preliminaries
that are used later in the paper.

2. Notation and preliminaries

The notation and terminology adopted in this paper are along
the lines of those used by Berman and Plemmons [6]. We say that
a vector x is nonnegative (positive), denoted x > 0(x > 0), if all of
its entries are nonnegative (positive). Similarly, a matrix B is said
to be nonnegative, denoted B > O (where O is the zero matrix), if
all its entries are nonnegative. Given a matrix A = (a;), we define
the matrix |A| = (|a;|). It follows that |A| > O and that |AB| < |A||B|
for any two matrices A and B of compatible size. By p(A) we denote
the spectral radius of the square matrix A. A general matrix A is
called an M-matrix if A can be expressed as A = sl — B, with
B >0, s>0, and p(B) <s. The M-matrix A is singular when
s = p(B). The M-matrix A is nonsingular when s > p(B). Let Z"" de-
note the set of all real n x n matrices which have all non-positive
off-diagonal entries.

A nonsingular matrix A € Z"" is an M-matrix if and only if A is a
monotone matrix (A~ > 0). For any matrix A = (a;) € ®"", we
define its comparison matrix (A) = (az) by o =|ai|, 05 =
—l|ag|,i # j. A nonsingular matrix A is said to be an H-matrix if (A)
is an M-matrix.

Lemma 1 [7,8]. Let A,B ¢ R™".

(a) If A is an H-matrix, then |A™"| < (A)"".
(b) If |A| < B then p(A) < p(B).

Definition 2 [6,2,9]). Let A € R™". A splitting A= M — N is called

(a) regular if M™' > 0and N > 0,

(b) weak regular if M~' > 0and M~'N > 0O,

(c) H-splitting if (M) — |N| is a nonsingular M-matrix, and
(d) H-compatible splitting if (A) = (M) — |N|.

Lemma 3 [3]. Given a nonsingular matrix A and a matrix T such that
(I — T)™! exists, there is a unique pair of matrices P,Q such that P is

nonsingular, T=P'Q and A=P-Q. The nmatrices are

P=AI-T)'and Q=P —-A.

In the context of Lemma 3, it is said that the unique splitting
A =P —Q is induced by the iteration matrix T. We point out that
when the matrix A is singular, the induced splitting is not unique;
see e.g., [10].

Lemma 4 [6,2]. Let A= M — N be a splitting.

(a) If the splitting is weak regular, then p(M~'N) < 1 if and only if
Al>o0.

(b) If the splitting is an H-splitting, then A and M are H-matrices
and p(M~'N) < p((M)"'N]) < 1.

(c) Ifthe splitting is an H-compatible splitting and A is an H-matrix,
then it is an H-splitting and thus convergent.

The transpose and the conjugate transpose of a matrix A € C™"
are denoted by A" and A", respectively. Similarly, given a vector
x € C",x" and x" denote the transpose and the conjugate transpose
of x, respectively. A matrix A € C™" is said to be symmetric if
A =AT, and Hermitian if A = A”. Clearly a real symmetric matrix
is a particular case of a Hermitian matrix. A complex, not necessar-
ily Hermitian matrix A, is called positive definite (positive semidef-
inite) if the real part of x"Ax is positive (nonnegative), for all
complex x # 0. When A is Hermitian, this is equivalent to requiring
that x1Ax > 0(x"Ax > 0), for all complex x # 0. A general matrix A
is positive definite (positive semidefinite) if and only if the Hermi-
tian matrix A + A" is positive definite (positive semidefinite). Given
a matrix A € C™", the splitting A = M — N is called P-regular if the
matrix M" + N is positive definite.

Let T € ®R™", by o(T) we denote the spectrum of the matrix T.
We define y(T) = max{|4|: 2 € o(T), A # 1}. We say that two sub-
spaces S; and S, on R" are complementary if S; S, = R", i.e., if
S$1 NS, = {0} and S; + S, = RN". The index of a square matrix T, de-
noted indT, is the smallest nonnegative integer k such that
(T = 2(T%). By ind,T we denote the index associated with
the value one, i.e., ind,;T =ind(I — T). Note that when p(T) =1,
ind;T < 1 if and only if ind;T = 1. We say that a matrix T ¢ R™",
is convergent if lim,_.. T¥ = 0. It is well known that a matrix T is
convergent if and only if p(T) < 1. By A4°(T) we denote the null
space of T.

We say that T is semiconvergent if lim,_. T* exists, although it
need not be the zero matrix. If, on the other hand, p(T) = 1, two
different conditions need to be satisfied to guarantee semiconver-
gence, as the following result shows.

Theorem 5 [11]. Let T € ®™", with p(T)=1. The matrix T is
semiconvergent if and only if the following two statements hold.
(a)1e€o(T)and y(T) <1, (b) /¥I-T)o (1 -T)=R".

Condition (b) is equivalent to the existence of the group inverse
(I - T)*, and it is also equivalent to having ind;T = 1; see, e.g., [6].
We review in what follows the definition of some generalized
inverses.

Definition 6 [6]. Let A € R"™*", and consider the following matrix
equations.

(1) AXA=A,
(2) XAX = X, and
(3) AX = XA.

A {1,2}-inverse of A is a matrix X which satisfies conditions (1) and
(2). If, in addition, X satisfies condition (3), X is said to be a group
inverse of A.

We would like to note that the group inverse A* of a matrix A, if
it exists, is unique. When A is nonsingular, each generalized inverse
coincides with A™".
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Theorem 7 [6]. Let T € R™", with T > O, and let C be a {1,2}-
inverse of I — T with %(C) complementary to .4"(I — T), such that Cis
nonnegative on #(I —T), i.e, the matrix C satisfies the following
conditions.

Q) [-T=I-T)CU-T),
(i) C = cu-Tc
(iii) /(I -T)® 2(C) = R",
(iv) If x € /(1— T),x > O then Cx > 0.

Then, p(T) < 1, and ind,(T) < 1

Lemma 8 [6]. Let T € R"™" be semiconvergent. Then

lim T"=1-(1-T)I-T)".

Definition 9 [6]. A general M-matrix A is said to have property c if
for some representation of A=sl —B,s > 0,B > O, the matrix s™'B
is semiconvergent.

Obviously, a nonsingular M-matrix always has property c.

Theorem 10 [11]. Let A € Z"". Let A= M — N be a regular splitting,
and let T = M~'N. Then A is an M-matrix with property c if and only if
p(M <1,and /(I-T)o2(I-T) =R".

Theorem 11 [6]. Let A= M — N be a P-regular splitting of a symmet-
ric matrix A. Then the matrix M~'N is semiconvergent if and only if A is
positive semidefinite.

3. Convergence for nonsingular linear systems

Consider that A is a nonsingular matrix, and let x* be the exact
solution of (1) and let e+ = x(+1 _ x* be the error at the [ + 1 iter-
ation of the alternating two-stage iterative method (4). It is easy to
prove that x* is a fixed point of (5). Thus

et — T — —1O1d-D . TOO0)

Thus, the sequence of error vectors {€"}7; generated by the itera-
tion (5) converges to the vector 0 if, and only if,
lim_ TOTED ... TO = 0.

Lemma 12 [12]. Let A?,1=0,1,..., be a sequence of nonnegative
matrices in R™". If there exist a real number 0 < 0 < 1, and a vector
v>0 in K", such that AYv < 0v, for all 1=0,1,..., then
p(V) <& <1, where V; =AY ...AVA©, and lim; ., V' = 0.

Theorem 13 [10]. Let A be a nonsingular matrix such that A~' > 0.
Let A= M — N = P — Q be weak regular splittings. Consider the matrix
T = P 'QM'N, then p(T) < 1. Furthermore, there is a unique pair of
matricc;:s B,C, such that A= B - C is a weak regular splitting and
T=B"C

Theorem 14 [2]. Let A= M — N be a convergent regular splitting,
and let M = F — G be a convergent weak regular splitting. Then, the
two-stage iterative method (3) converges to the solution of the linear
system (1), for any initial vector x© and for any sequence of inner iter-
ations s(I) > 1,1=0,1,....

Theorem 15. Let A™' > 0. Consider the splitting A= M — N is regu-
lar and the splittings M = P — Q = R — S are weak regular. Then, the
alternating two-stage method (5) converges to the solution of the lin-
ear system (1), for any initial vector X and for any sequence of inner
iterations s(l) > 1,1=0,1,....

Proof. Since A= M — N is a regular splitting, M~' > 0, then from
Theorem 13 there exists a unique pair of matrices B, C, such that

R!SP7'Q =B7'C and M =B — C is a weak regular splitting. That
is, the iteration matrices defined in (7) can be written as
T = B0 + (1 - B'C*"MIN,1=0,1,...

Thus, T®,1=0,1,..., are the iteration matrices of a non-
stationary two-stage method for the matrix A, with the regular
splitting A= M — N, and M = B — C being a weak regular splitting.
Therefore, using Lemma 4(a) and Theorem 14, the proof is
complete. O

Now we study the convergence of the alternating two-stage
method (5) when A is an H-matrix and therefore not necessarily
a monotone matrix. In the following theorem the fact that A is an
H-matrix follows from Lemma 4(b).

Theorem 16. let A=M-N be an H-splitting and let
M =P —Q =R - S be H-compatible splittings. Then, the alternating
two-stage method (5) converges to the solution of the linear system
(1), for any initial vector x and any sequence of inner iterations

s(h =1,1=0,1,...

Proof. By Lemma 4(b) and (c), the matrices P and R are H-matrices.
We use Lemma 1(a) to obtain the following bounds from (6).
s(h)-1 )
ITOL<(RISIPH QD™ + Y (RMISIPIQIY IR (1SIIP-
j=0
s(h)—
<(RTISIPYTRD™ + 3 (R

j=

"[+DIN]

L

"ISIP) M QIY (RY (ISI(P) T +)IN].

o

8)

Let us denote by T, the matrix in (8). Clearly T® > 0. Moreover,
this is the iteration matrix of an alternating two-stage method for
the matrix (M) —|N| with the regular splittings (M) — |N| and
(My = (P) — |Q| = (R) — |S|. Therefore, from (7), T® = ((R)™|S|
Py QD™ + (= (R ISI(P) " |Q])*") (M) T|N] is obtained.

It follows from Theorem 13 that there is a unique pair of

matrices B, C, such that (R)'|S|(P)"!|Q| =B 'Cand (M) =B —Cisa
weak regular splitting. Thus,
T0 = B0+ (1= (B0 (M) |N|

=1 (1= By M) ) (M) - IN). 9
Consider any fixed vector =1,1,...,1)">0 and x=
(M) — |N\) 'e > 0. Since B~ e>0 and <M> Y= B’1C) 1Bl—

P 0(B 'CYB!, from (9) it follows Tx =x — >3 (B'CYB e <
X— B'e < x. Therefore, there exists 0<60<1 such that
Tox < <0x,1=1,2,..., and from Lemmata 12 and 1(b) the proof is
complete. (]

We will now deal with the convergence of the alternating two-
stage method when A is a Hermitian positive definite matrix.

Theorem 17 [13]. Let A be a Hermitian positive definite matrix. Let
A=M-—-N=P-Q be P-regular splittings. Consider the matrix
T=P 'QW7IN, then p(T)<1. Moreover, the unique splitting
A =B - C induced by the iteration matrix T, such that T = B"'C, is
also P-regular.

Theorem 18 [4]. Let A be a Hermitian positive definite matrix. Con-
sider A= M — N such that M is Hermitian and N is positive semidefi-
nite. Let M = F — G be a P-regular splitting. Assume further that the
sequence of inner iterations {s(l)}°, remains bounded. Then, the
two-stage iterative method (3) converges to the solution of the linear
system (1), for any initial vector x©.

Theorem 19. Let A be a Hermitian positive definite matrix. Consider
A =M — N such that M is Hermitian and N is positive semidefinite. Let
M =P —Q =R -S be P-regular splittings. Assume further that the
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sequence of inner iterations {s(l)},°, remains bounded. Then, the alter-
nating two-stage method (5) converges to the solution of the linear
system (1), for any initial vector x©

Proof. By hypotheses M is positive definite and therefore nonsin-
gular. From (7) it follows that the iteration matrix of the corre-
sponding alternating two-stage method (5) can be written as
follows:

T([) _ (Rflsp—lQ)s(l) + (I _ (R—lsp—l Q)S(l))M—lN'

Moreover, from Theorem 17, there is a unique pair of matrices B, C,
such that R"'SP™'Q =B~!C and M =B — C is a P-regular splitting.
Thus, T is the iteration matrix of a non-stationary two-stage meth-
od for the matrix A = M — N, with M Hermitian and N positive semi-
definite and M = B — C being P-regular. Therefore, using Theorem
18, the proof is complete. O

4. Convergence for consistent singular linear systems

Under certain conditions, discussed in this section, the alternat-
ing two-stage iterative method (5) can be extended to the case
where the matrix of the linear system (1) is singular but the equa-
tions are consistent. In this case, the alternating two-stage iterative
methods may be used to approximate a solution to the problem. In
other words, if x* is a solution of (1), and e = x(#1) — x* then
et = TWe for =0,1,... Thus, to study the convergence of
the alternating two-stage method (5) we need to show that
TOTED ... T®e® converges to an element in .4(A), the null space
of A, when [ tends to infinity.

Theorem 20 [14]. Let AV 1=0,1,..., be a sequence of square
complex matrices such that each group inverse (I —A(”)# exists.
Suppose that there is a subspace S satisfying ./V(I—A(’)):S,
I1=0,1,.... If there exists a matrix norm | -| such that the set
{|AY |22, remains bounded and |A"(I—ADY1-ADY*|<0<1,
1=0,1,..., then lim;_ APA"-V...A® = p, where P is a projection
matrix onto the subspace S.

We proceed now to discuss the convergence of the alternating
two-stage method when the coefficient matrix of the linear system
is an M-matrix with property c.

Theorem 21. Let A be an M-matrix with property c. Let the splitting
A =M — N be regular, and the splittings M =P — Q = R — S be weak
regular. Then, the matrices T",1=0,1,..., defined in (6), satisfy
p(TV) < 1 and ind, TO < 1.

Proof. From (7), it follows that I—T® = — (R'SP7'Q)*")
(I-M'N),I=0,1,.... Since M"' >0 and the splittings M =
P—Q =R-S, are weak regular, then we have (R"'SP7'Q)*" > 0,
and from Theorem 13, p((R'SP'Q)*")< 1. Therefore,
(I — (RISP'Q)*) exists and is a nonnegative matrix.

Consider the matrix C=(I—M'N)*(I— (R 'sP'Q)*")!
where (I—-M'N)* is the group generalized inverse of
(I — M7IN). Its existence follows from Theorem 10. Therefore, in
order to conclude the proof we are going to show that matrix C
satisfies conditions (i)-(iv) of Theorem 7. Clearly, using Definition
6, the matrix C satisfies conditions (i) and (ii). Furthermore, it is
easy to show that #(C) = 2((I - M~'N)*) = (1 - M~'N) and
W (I=T" = /(I-M"'N)= /(A). (10)
Moreover, from Theorem 10, it follows that #(I—M™'N) and
A (I—M7'N) are complementary, and then (iii) is shown.Finally,
let xc #(—-T"),x >0, then (I - (R'SP'Q)*")'x € #(I - M"'N)
and also (I—R'SP'Q")'x>0. Since M'N>0 and
(I — M~'N)* exists, it follows from Plemmons [15, Theorem 2] that

(I—M 'N)* is nonnegative on #(I — M~'N). Then Cx >
proof is complete. [

0 and the

Theorem 22. Let A be an M-matrix with property c. Let the splitting
A =M — N be regular, and the splittings M =P — Q = R — S be weak
regular. Assume further that the diagonal entries of the matrices

P'Q and R'S, are positive. Then, the matrices TV 1=0,1,...,
defined in (6), are semiconvergent.
Proof. From the hypotheses it follows, for all [ = 0,1, ..., that the

matrices

s(h—1
TV = (R7'SP'Q)™ + 3 (R'SP'QYR'(SP™' + )N
j=0

are nonnegative and have positive diagonal entries. Moreover, from
Theorem 21, the matrices T?,1=0,1,..., satisfy condition (b) of
Theorem 5 Therefore, using the result in [16, Theorem 2], the proof
is complete. O

We would like to point out that in Theorem 22 we have as-
sumed that the matrices P~'Q and R'S, have positive diagonal en-
tries. However, the iteration matrices of some classical alternating
iterative methods do not have this property. In order to ensure that
condition (a) of Theorem 5 holds, we use a standard device by
shifting the matrix, so that the value 1 is the only eigenvalue on
the unit circle; see e.g., [6].

Theorem 23. Let A be an M-matrix with property c. Let the splitting
A =M — N be regular, and the splittings M =P — Q = R — S be weak
regular. Then, for each & € (0,1), the matrices T\ = 6TV + (1 — §)1,
1=0,1,..., with TY defined in (6), are semiconvergent.

Proof. Since I - T =51 —T"),1=0,1,..., from Theorem 21 it
follows, for each ¢ (0,1), that p(T¥)<1 and #(I-TV)®
#(—T)=®"1=0,1,.... Moreover, by the hypotheses on the
splittings and from (6), T” > 0. Thus (see e.g., [6, Exercise
6.4.3]), T has only the eigenvalue one on the unit circle, and from
Theorem 5 it follows that TES') is semiconvergent for all 6 € (0, 1).
O

Therefore, if need be, Eq. (5) can be replaced in the alternating
two-stage method by

XU = 510 1)+ (1 - oY, 1=0,1,.... (11)
Theorem 24. Let A be an M-matrix with property c. Let the splitting
A =M — N be regular, and the splittings M =P — Q = R — S be weak
regular. Assume that the sequence of inner iterations {s(l)}[°, satisfies
s(l) =s,1=0,1,.... Then the following two results hold.

(a) If the diagonal entries of the matrices P~'Q and R™'S, are posi-
tive, the stationary alternating two-stage method (5) converges
to a solution of the consistent linear system Ax = b, for any ini-
tial vector x©

(b) The stationary alternating two-stage method (5) with the mod-
ification (11), converges to a solution of the consistent linear
system Ax = b, for any initial vector x©.

Proof. Since s(l) =s,1=0,1,...,
matrix, i.e.,

then there is a single iteration

s—1
TV =T=@R"'SP'Q’+> (R'SP'QYR'(SP' + )N,
Jj=0

cf. (6). Let x* be a solution of (1), and e® =x® —x*, then
0 = Tel"V = Te®, for [=1,2,.... In the case (a), from Theorem
22, T is semiconvergent, and from Lemma 8 it follows that
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lime® = lim Te® = [I - (I-T)(I-T)*]e® e /(I -T).
Therefore, from (10) the semiconvergence is proved. The proof of
part (b) is analogous, but using, in this case, Theorem 23. O

Theorem 25. Let A be an M-matrix with property c. Let the splitting
A =M — N be regular, and the splittings M =P — Q = R — S be weak
regular. Suppose that there exists a matrix norm | -| such that
ITOU =TI - TY)*|| <1,1=0,1,..., where T" are defined in
(6). Assume further that the sequence of inner iterations {s(I)},5,
remains bounded. Then, the alternating two-stage iterative method
(5) converges to a solution of the consistent linear system (1), for
any initial vector x©.

Proof. The proof is an immediate consequence of Theorems21 and
20. O

Next we study the symmetric positive semidefinite case. Firstly,
we give an auxiliary result needed later.

Lemma 26 [13]. Let A be a symmetric positive definite matrix and let
A =B — C be a P-regular splitting. Given s > 1, the unique splitting
induced by (B"'C)* is also a P-regular splitting.

Theorem 27. Let A be a symmetric positive semidefinite matrix. Let
the splitting A = M — N be such that M is a symmetric positive definite
matrix and N is a positive semidefinite matrix. Let M =P —-Q =R - S
be P-regular splittings. Assume that the sequence of inner iterations
{s(D)}2, satisfies s(I) =s,I =0,1,.... Then the stationary alternating
two-stage method (5) converges to a solution of the consistent linear
system Ax = b, for any initial vector x©,

Proof. Since s(l) =s,1=0,1,...
matrix, i.e.,

T =T=R'SP'Q’ + (- (R'SP'Q*)M'N,

cf. (7). Moreover, from Theorem 17, there is a pair of matrices B, C,
such that R"'SP7'Q =B 'C,M =B - C is a P-regular splitting and
p(B7'C) < 1. Therefore, I — (B"'C)° is a nonsingular matrix. Thus,
from Lemmas 3 and 26 it follows that the splitting induced by
(B"'C), namely M = B — C, with B = M(I — (B'C)*)"", is P-regular.
Then, T®=T=B1C+(I-B'C)M'N=B"1(C+ (B-C)M'N)
= I§*1(€ + N). Thus, the splitting A = B- (E + N) is a (non-unique)
splitting induced by T. Since BT+ Cis positive definite and N is po-
sitive semidefinite, BT + C + N is positive definite and thus this
splitting is P-regular. Therefore, from Theorem 11 it follows that T
is a semiconvergent matrix and the proof is completed. O

» then there is a single iteration

Theorem 28. Let A be a symmetric positive semidefinite matrix. Let
the splitting A= M — N be such that M is a symmetric positive definite
matrix and N is a positive semidefinite matrix. Let M=P—-Q =R-S
be P-regular splitting. Suppose that there exists a matrix norm || - ||
such that T —T"(1-T")*| <1,1=0,1,..., where T" are
defined in (6). Assume further that the sequence of inner iterations
{s()};2, remains bounded. Then, the alternating two-stage iterative
method (5) converges to a solution of the consistent linear system
(1), for any initial vector x(©.

Proof. The proof is an immediate consequence of Theorems 20 and
27. O

5. Numerical experiments

The numerical experiments corresponding to the methods de-
scribed in this paper have been performed on several parallel com-
puting platforms and similar results have been obtained on all of

them. Here, the results obtained in two different parallel operating
systems are presented. One of them is a distributed multiprocessor
IBM RS/6000 SP with 8 nodes. These nodes are 120 MHz Power2
Super Chip and are connected through a high performance switch
with latency time of 40 microseconds and a bandwidth of 110
Mbytes per second. The second system used is an Ethernet network
of 6 Pentiums IV running Linux and connected through a switch
with a bandwidth of 1 Gbit per second. The parallel environment
has been managed using the MPI library of parallel routines [17].
Moreover, the BLAS routines [18] for vector computations and
the SPARSKIT routines [19] for handling sparse matrices, were
used. The algorithms have been applied to the solution of singular
linear systems arising from Markov chain modeling. Concretely,
these algorithms can be used to find the stationary probability dis-
tribution of a Markov chain, i.e., one is looking for a nonnegative
vector x such that Bx = x, where B is a nonnegative column sto-
chastic matrix, i.e., B'e = e, where e = (1,1,...,1)T. This implies
that p(B) = p(B") = 1; see e.g., [6]. The vector of probabilities is
normalized so that x"e = 1. In this case, the system to be solved is

(I-B)x=0. (12)

If B is a transition matrix of a Markov chain, the matrix A =1- B is
an M-matrix with property c, and thus the convergence of the alter-
nating two-stage method (5) with the modification (11), if need be,
is guaranteed when the splittings are chosen as in Theorems 24 and
25. In these experiments, alternating block iterative methods for the
solution of the linear system (12) are used. In the methods used for
the solution of (12), the variables are partitioned into r groups, i.e.,
x=xLxL .. X" x e R i=1,...,r,50,n; = n. Thus, the matrix
A =1 - B is partitioned into r x r blocks as follows:

All A12 T Alr
A21 A22 T A2r

A= . . . (13)
Arl Ar2 t Arr

with the diagonal blocks A; being square of order n;. In the experi-
ments reported in this paper, the number of obtained groups, r, is
larger than the number of processors p. Thus, we have assembled
blocks from (13) into p groups, each group being assigned to one
processor. There are r, blocks assigned to processor ¢,¢=1,...,p,
and thus 7 ,r, =r. In order to describe the different versions of
the iterative methods tested, we describe the Block Jacobi (BJ) and
the Symmetric Block Gauss-Seidel (SBGS) algorithms, for solving
the singular linear system (12), for a generic number of blocks g
in (13). Taking into account that we concentrate on Markov chains,
we assume that the solution x is normalized so that x"e = 1, where e
is a vector of all components equal to one. In fact, in the algorithms
studied below, such normalization is assumed at every iteration.

Algorithm 1 (Block Jacobi - BJ). Givenaninitial vectorx©®" = [xgo)T,
o o7
Xy ,..Xg ]
For [=1,2,..., until convergence
Fori=1toq
q
Solve (or approximate) Aix’ = — > A"V, (14)

The linear systems (14) can be solved independently of each
other. Thus, this algorithm is inherently parallel. This parallelism
is best exploited if the number of blocks matches the number of
processors.

In order to ensure the regularity of the Block Jacobi splitting,
when B is the transition matrix of a finite homogeneous Markov
chain, one can suppose that each column of N =A — diag(A11,
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...,Ay) must have one nonzero entry, or each block A; must be
irreducible and at least one column, for each corresponding block
in N, must have at least one nonzero entry; see, e.g., [14].

Algorithm 2 (Symmetric Block Gauss-Seidel - SBGS). Given an
initial vector x0T = @' x©O"  xO")
For [=0,1,..., until convergence
Fori=1toq
Solve (or approximate)
i—1
I qu AL, (15)
=1 j=it+1
Fori=qto1
Solve (or approximate)
q i1 1)
Al == 30 A - S A, 6
j=i+1 j=1

It is clear, from the right hand sides of (15) and (16) that this
algorithm is inherently sequential.

We are ready to describe the different parallel methods ex-
plored in this paper. We assume that there are p processors. As
mentioned earlier, when each solution of (14) in Algorithm 1 is
approximated by an alternating iterative method, this is called an
alternating two-stage method. In particular, each solution of (14)
could be approximated by the Symmetric Block Gauss-Seidel
method.

Algorithm 3. Divide the r blocks of (13) into p groups, each
assigned to a different processor.

1. Perform parallel B] (with g = p in Algorithm 1), i.e., each proces-
sor approximates the solution of one linear system (14). (This is
the outer iteration).

2. Each solution of (14) in Step 1 is approximated using t steps of
SBGS (with g = r, in Algorithm 2).

3. Each solution of (15) and (16) in Step 2 is approximated by a
fixed number m of Gauss-Seidel (GS) iterations.

In Step 3 of Algorithm 3, each solution of (15) and (16) is
approximated using GS iterations. In the following algorithm these
solutions are obtained by a direct method.

Algorithm 4. Divide the r blocks of (13) into p groups, each
assigned to a different processor.

1. Perform parallel BJ (with g = p in Algorithm 1), i.e., each proces-
sor approximates the solution of one linear system (14). (This is
the outer iteration).

2. Each solution of (14) in Step 1 is approximated using t steps of
SBGS (with g = r, in Algorithm 2).

3. Each solution of (15) and (16) in Step 2 is obtained using LU
factorizations.

In our experiments, we have used as the global stopping crite-
rion (i.e., in the outer iteration) a test for the error to be less than
a prescribed tolerance. In other words, we test if |Ax" |, < e.

As is well known, BJ, as well as SBGS, and the nested Algorithms
3 and 4, may not converge, especially for singular linear systems. In
order to guarantee convergence, we use the customary device of
shifting the iteration matrix from T to T; = 6T + (1 — §)I, where
0<6<1,T=M"'Nand A=M — N is a splitting that represents
the iteration of the corresponding algorithm. This shift is per-
formed at the end of each outer iteration. This is also the point of
the computation where the vector x!) is normalized.

In all experiments reported in this section we have used
£ =105 and 5 = 0.95. We actually run our codes with two models
in [20]. One of the specific models chosen is a biological model de-
scribed in [21]: the 2D epidemic model of Ridler-Rowe. The matrix
we use is of order 263,169 and has 1,050,625 nonzeros, and we la-
bel it TwoD. The other model is a multi-class, finite-buffer, priority
queuing network model with applicability to telecommunications
modelling described, e.g., in [22]. The matrix we use is of order
130,068 and has 875,896 nonzeros, and we label it QNATM.

In order to run the algorithms considered in this paper, three
different permutation and partition methods were used to obtain
the block structure (13), namely TPABLO [23], the near-complete
decomposability test of the Markov chain analyzer (MARCA) [24],
and the equal partitioning that forms (approximately) equal size
blocks. However, for these models (they are not nearly completely
decomposable, [25]), the use of partitions such as MARCA or TPAB-
LO provides a substantial increase in computational time.
Concretely, since the matrices are not nearly completely decom-
posable, MARCA does not find more than one strongly connected
component after removing some elements according to a drop tol-
erance; therefore, MARCA permutation is the identity. On the other
hand, our runs with TPABLO permutations using different parame-
ters (blocking, threshold and minimum/maximum block sizes, see
[23] for an explanations of these parameters) obtain more that one
diagonal partition only when a maximum block size is indicated;
after the corresponding permutation, the best computational time
is between two/five times the one obtained for the algorithm that
uses equal size blocks obtained from the original matrix.

Therefore, we concentrate our experiments on the performance
of the algorithms using equal size blocks obtained from the original
matrix. These equal size blocks were obtained in the following
way: firstly, we consider a block diagonal structure depending on
the number of processors (Table 1 reports the order of these diag-
onal blocks, for the QNATM and TwoD matrices), and finally we
construct, at each diagonal block, blocks of a predetermined and
constant size n; = #. Obviously, if the order of a diagonal block is
not a multiple of #, there will be an extra block of order less than

In Fig. 1 we report results corresponding to Algorithm 3 on both
parallel environments, for the QNATM matrix of order 130,068
varying the number of inner iterations m and using 4 processors.
In this figure, the diagonal blocks have been divided into blocks
of order # = 50. The best results are obtained for m =1 or m = 2.
It can also be observed in Fig. 1 that for a fixed number of proces-
sors and for each m the computational time starts to decrease as
the number of SBGS steps, t, increases up to an optimal value of t
after which the time starts to increase (in Fig. 1a, t =15 for
m=1 and t =10 for m > 1, and in Fig. 1b, the optimal value is
t=20form =1andt =15 for m > 1). This behaviour is character-
istic of two-stage methods, and it appears in all the results pre-
sented here.

Although this optimal value is hard to predict, a good choice for
the value of t is one which balances the realization of more inner
updates with the decrease of the global iterations (and its associ-

Table 1
Block size of diagonal blocks.

Matrix: QNATM of order 130,068

p=4  Blocks size 32,517 32,517 32,517 32,517
Nonzeros in diag. blocks 215254 211,532 209,317 214,097

Matrix: TwoD of order 263,169

p=2 Blocks size 131,584 131,585
Nonzeros in diag. blocks 524,798 524,802

p=4  Blocks size 65,792 65,792 65,792 65,793
Nonzeros in diag. blocks 261,888 261,886 261,887 261,890
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Fig. 1. Algorithm 3. Matrix QNATM of order 130,068. Four processors.
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Fig. 2. Algorithm 3. Matrix QNATM of order 130,068. Four processors.

ated computational cost). As we can see, the choice for the value of
t depends on the characteristic of the parallel computer system
used. Thus, according to the characteristic of the IBM RS/6000 SP,
that is, minor speed of process but greater speed in the intercon-
nection network than the cluster of Pentiums, the optimal number
of local steps must decrease (see e.g., Fig. 1). Our experience indi-
cates that, for our problem models, good choices of the value of t
are between 10 and 15 on the IBM RS/6000 SP, and between 15
and 20 when the cluster of Pentiums is used.
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As can be seen in Fig. 2 there are no significant differences when
another block size # is used. Nevertheless, we find that a good
choice for the size of these blocks is # = 150. Hence, unless indi-
cated otherwise, the results presented in the rest of this section
have been performed with # = 150.

In Fig. 3, we illustrate the performance of Algorithm 4 on both
parallel environments. The results reported in this figure are repre-
sentative of other runs we have performed. For all values of t the
timings are always better than those of Algorithm 3. That is, the
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(a) IBM RS/6000 SP.
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(b) Linux Cluster.

Fig. 3. Algorithm 4. Matrix QNATM of order 130,068. Four processors.
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Fig. 4. Algorithm 4. Comparison of using alternating iterations. Four processors.
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Fig. 5. Algorithm 3. Comparison of using alternating iterations. Matrix QNATM. Four processors.

use of LU factorizations to solve (15) and (16) instead of using
Gauss-Seidel iterations provides a substantial reduction in compu-
tational time when solving these singular linear systems.

On the other hand, if in Step 2 of Algorithms 3 and 4 we use BGS
iterations instead of SBGS iterations to approximate each solution
of (14) we are in the presence of a two-stage method. Fig. 4 com-
pares the use of two-stage and alternating two-stage methods for
Algorithm 4. In Fig. 4a we report results corresponding to the
QNATM matrix and Fig. 4b corresponds to the TwoD matrix. We
note that for small t values, the use of SBGS alternating iterations
is always preferable, and for high t values both methods have sim-

ilar performance. This conclusion can be extended to Algorithm 3
as we can see from the results in Fig. 5.

In Fig. 6 we present results comparing the execution time of
Algorithm 4 setting p = 1,2,4, that is, with 1, 2 or 4 processors,
for the matrix TwoD and using a block size of # = 150. We note
that when Algorithm 4 is used with a different number of proces-
sors, p, a different computational method is obtained, in terms of
performed operations. In fact, Algorithm 4 with p = 1 corresponds
to a SBGS algorithm in which the diagonal blocks (of order #) are
solved by using LU factorizations; note that, in this case (i.e.,
p = 1), the parameter t used in Algorithm 4 is not relevant, that
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Fig. 6. Algorithm 4. Matrix TWOD of order 263,169. Linux cluster.



H. Migalléon et al. /Advances in Engineering Software 41 (2010) 13-21 21

is, for all values of t the same method is obtained. Fig. 6 shows a
significant reduction of the execution time for Algorithm 4 when
the number of processors increases, specially when a reasonable
value of t is considered.

6. Conclusion

In this paper, a convergence theory of two-stage iterative meth-
ods for the solution of both nonsingular linear systems and consis-
tent singular linear systems has been developed. Convergence of
these methods, for nonsingular linear systems, is shown for
monotone matrices, H-matrices and Hermitian positive definite
matrices. Furthermore, for consistent singular linear systems, con-
vergence theorems when the matrix of the linear system is either
M-matrix or symmetric positive semidefinite are given. Although
the theory has been demonstrated in a sequential context, it can
be extended without difficulty to a parallel environment, as pre-
sented in the numerical experiments. The experiments performed
for singular systems, arising from Markov chain models, show that
the use of two-stage methods with alternating methods and direct
methods ininner levels, provide a substantial reduction in computa-
tional time.
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