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A QUADRATICALLY CONVERGENT BERNOULLI-LIKE ALGORITHM FOR
SOLVING MATRIX POLYNOMIAL EQUATIONSIN MARKQV CHAINS*
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Abstract. A quadratically convergent algorithm is developed for solving matrix polynomial equations arising
in M/G/1 and G/M/1 type Markov chains. The algorithm is based on the computation of generalized block eigenval-
ues/vectors of a suitable pair of matrices by means of a Bernoulli-like method. The use of the displacement structure
allows one to reduce the computational cost per step. A shifting technique speeds up the rate of convergence.
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1. Introduction. We develop a quadratically convergent algorithm for computing the
component-wise minimal nonnegative solution of the matrix polynomial equation

(1.1) G=) AG,
i=0

where A;, i = 0,1,...,n, are all nonnegative m x m matrices and A = >°7"  A; is irre-
ducible and stochastic. The computation of G is fundamental in the numerical solution of
M/G/1 type Markov chains. In fact, Markov chains of M/G/1 type, introduced by M.F. Neuts
in [27], are characterized by block upper Hessenberg transition probability matrices, which
are “almost” block Toeplitz. Due to the structure of the probability transition matrix, the com-
putation of the steady state vector, and of other important performance measures, is ultimately
reduced to the computation of the matrix G [27].
We also consider the dual problem

(1.2) R=> R4,

under the same conditions on A;. Such a problem arises in G/M/1 type Markov chains [26]
having a transition probability matrix in block lower Hessenberg form, which is “almost”
block Toeplitz. Also, for this class of Markov chains, the computation of the steady state
vector, as well as of other important performance measures, is ultimately reduced to solving
(1.2).

We assume that in both problems the associated Markov chain is irreducible and positive
recurrent. Under this assumption there exists a componentwise minimal nonnegative solution
of (1.1) and (1.2), and these solutions are such that p(G) = 1, p(R) < 1, respectively,
where the symbol p(-) denotes the spectral radius. Our algorithm will compute such minimal
solutions.

In the last years, several algorithms for solving the above nonlinear matrix equations
have been designed. Besides the classical fixed point iterations [28, 22, 25], quadratically
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convergent algorithms have been developed, based on Newton’s method [23], on cyclic re-
duction [24, 7, 8, 6], and on the computation of invariant subspaces [1]. Here we propose a
different approach, based on the following observation: by setting

I
G
(1.3) g= -
an-1
and
[0 | I 0 0
0 0 I 0
C = i . 9
0 0 0 I
| —Ao |[I—-A1 ... —Apo —An
(1.4) [I]0 ... ... 0
0|1 0
D= ,
: I
100 A,
we find that (1.1) implies
(1.5) Cg = DgQ@G.

As pointed out in [19], equation (1.5) means that G solves (1.1) if and only if the columns of
the block vector g span a deflating subspace [29] for the pair (C, D). We can also say that G
is a block generalized eigenvector of the pair (C, D), with corresponding block eigenvector
g.

Observe that C'is a block Frobenius matrix, possibly singular. Moreover, also the matrix
D could be singular.

Our algorithm provides an approximation of the generalized block eigenvalue G in this
way: we generate two sequences of matrices {C®)} 5o, {D®) } ;> satisfying

chg=DpWgG?" k=0,1,...-

Due to the spectral properties of G, we show that a suitable submatrix of C*) quadratically
converges to zero, as k — co. This allows one to compute a finite number of matrices C'(*),
D®) gk =1,...,K, forasuitable K, and then to recover an approximation of G by solving
an m x m linear system. We show that the matrices D(*), k > 0, are sparse, and that their
computation requires only O(m?>n) arithmetic operations (ops). The structure of the matrices
C™®), k > 0, is less evident, since they are full matrices. However, we show that the block
displacement rank (see [20]) of C*) is at most 3. Thus, the concept of displacement rank
allows one to exploit the structure of C, and to represent C'*) by means of a few block vectors.
Such vectors can be computed by means of Fast Fourier Transforms, with a computational
cost of O(m?n logn + m3n) ops.

The resulting algorithm is quadratically convergent, and the computational cost of each
step is O(m2nlogn +m?3n) ops. Finally, we increase the speed of convergence by means of
the shifting technique introduced in [17].
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For the dual matrix equation (1.2) we propose a similar algorithm.

The idea of solving polynomial matrix equations by computing a block eigen-
value/eigenvector, or a deflating subspace, is not new. In [12, 14, 16, 19] a block Bernoulli
iteration is applied to compute a block eigenvalue of the block Frobenius matrix associated
with the matrix polynomial equation. In the Markov chains framework, the matrix G is ap-
proximated by computing the invariant subspace of a suitable block Frobenius matrix [1].
More generally, in [19, 2] the solution of the polynomial matrix equation is expressed in
terms of a generalized Schur decomposition of C' and D, and a Schur method is applied to
compute such decomposition. In particular, in [2] this approach is applied to several classes
of polynomial and rational matrix equations; however, the authors write that, for polynomial
matrix equations of degree greater than 2, they don’t know how the structure of the block
Frobenius matrix can be exploited to compute the generalized Schur decomposition.

The paper is organized as follows. In Section 2 we describe our Bernoulli-like algorithm.
In Section 3 we analyze the displacement structure of the matrices C*), k > 0. In Section
4 the algorithm is adapted for solving (1.2). In Section 5 we propose a shifting technique to
speed up the convergence. Finally, in Appendix A we recall the concept of displacement rank
and its main properties.

2. Thebasicalgorithm for G. In the following, for a positive integer h, we will denote
by I, the h x h identity matrix. Moreover, we will denote by e; the m(n — 1) x m matrix
made up by the first m columns of I,,,(,,_1), i.€,

e1 = [Im,0,...,0]" .

The matrix I,,, — Ay is a nonsingular M-matrix [27], thus we will assume without loss
of generality that I,,, — A; = I,,, i.e., A1 = 0. Indeed, in the general case, we may multiply
the matrix equation (1.1), on the left, by (I,, — A1)~

Let G be the minimal nonnegative solution of the matrix equation (1.1), and let C' and D
be the n x n block matrices defined in (1.4) such that

(2.1) Cg = DgQ@G,
where g is the n-block dimensional vector defined in (1.3). Let us denote by C,,_1 1 the

(n —1) x (n — 1) block trailing principal submatrix of C. Since we are assuming 4, = 0, it
is a simple matter to verify that C,,_1 ,,—1 is nonsingular and that its inverse is

A2 [N An—l Im
. 3 I, 0 0
n—1,n—1 — .
0 I, 0
In particular, by defining
I, 0 o ~
S = 0 ot , C=8C, D=SD,

we obtain, from (2.1), that
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The matrices C and D are explicitly given by

0O |Im 0 ... O In|] 0 ... ... 0
_AO Im 0 0 AQ A3 An
a: 0 ..- ) ﬁ: 0 Im 0 o 0

Set C© = €, D = D, and partition these matrices into 2 x 2 block matrices as
follows:

0 |wW® o ... ... 0 I | sOT
_AO 0
c© — 0 70 pO=| 0 V() ,
0 0
where
WO = I,, TO = I,y +d€f, d® =0, s =0,
Ay A; ... A,
I, 0 ... O
(2.2) VO — | . .
0 I, O

Define the sequences of matrices {C*)}>q, {D® }1>0,

0 |w® o ... 0 In,| T
—4, 0
@3 c®=| 0 Tk DW= | 0 Vv #) ,
0 0

such that
T*) = Im(n—l) + d(k)eir,

and d®, Ww®) v *®) k) are defined by means of the following recursions, starting from
(2.2),

d*D) = gb) _ )y ®) e 4ew k)
Wk+) = k) Ty ) o) 4gWH),

24) Y+ — Ry 0y k),

sHDT = g(NT _ () Ty ) "1y (k) |k > 0,
where
(2.5) y®) = Ip(n-1) + d(k)elT +e1AgsT =TH) ey 4sMT

provided that Y'(¥) is nonsingular for any & > 0.
THEOREM 2.1. Assume that the matrix Y (¥) of (2.5) is nonsingular for any k£ > 0. Then
the matrices C*), D)k > 1, are well defined and satisfy the following properties:
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1. ¢+ = Lotk pk+l) — gk pk) k> 0, where L*), U*) are matrices
with the structure

k)T
0
k) — k) _ (k)
k) — lgk) Im(n—l) , Uk = 0 U,
0

such that U(®) C(k) = L(*) p(k);
2. Mg = DWgG?" fork=0,1,...-
Proof. Let us prove the first part of the theorem by using an induction argument. For & =
0 let the matrices L(®), /(%) have the structure stated in the theorem, and satisfy U(©C(®) =
L D) After equating the block entries in the latter equality we obtain that

Lgo) = —u§0)T61A0,
L§0)3(0>T =wOel + ugO)TT(O),
10 = —UPe, A,
10T 4 y©) = g{OTO),
whence we deduce that
Lgo) = W(O)e?y(oiflele’
26) 1V = YOy e 401,
w7 = —WOely© ™
U = yOy©t

If we define the matrices H = LOC© K = U© DO from the structure of C(®, D),
LO U© e find that

0 |Hh 0 ... 0 Im | K7
—4Ao 0
H = 0 H2 ) K = 0 K2 ’
0 0

where
H, = LW,
H =TO + 1 WOeT,
ki = sOT 4+ u0Ty©),
Ky = ULV,

By substituting relations (2.6) in the above equations, we deduce from (2.4) that H = C(™,
K = DM, The inductive step can be proved by using the same arguments. Concerning
the second part of the theorem, observe that by using the property C") = L) and
DM = y© DO we have
cWg=1O0c0g=r0pOgg=
UOcOgq =@ pga? = pMgG2.
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Thus, by induction, it follows that C(®)g = D®) gG2* fork = 0,1,...-O

REMARK 2.2 (Relation with cyclic reduction). We observe that the matrices ¥ (#), y (k)
can be viewed as the blocks generated at the k-th step of the cyclic reduction applied to a
suitable block tridiagonal infinite matrix [13, 7]. For this purpose, let us define the matrices

F®) = e, AqW el
Then, from (2.4) it follows that
Flk+1) — plk)yy ()~ p(k)
Moreover, we can write
T+ — k) _ )y (8~ k)
and we can easily observe that
y k1) — y &) _ Ry )T pk) _ gy (k) Ty k)

The above recurrences, together with the relation for the matrices V(%) in (2.4), allow one to
conclude that the matrices 7%, V(%) F(k) 'y (%) are the blocks obtained at the k-th step of
cyclic reduction applied to the infinite matrix

70  _3/(0) 0
—_p© y(@©  _y(0)
(27) _F©  y©
0

Consider now the relation C(®)g = D gG2* k= 0,1, ...- By deleting the first block
row in this equality, we obtain that

-4 0
0 T 0 V() .
. g= . 9G”",
0 0
ie.,
Ay
0 x
(2.8) T®g, —| . | =v®g,G*, k=0,1,...,
0
where
G
G2
g, =

Gn'—l
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If the right hand side of equation (2.8) converges to zero, we may approximate G' with the
first block entry X of the solution of the linear system

X1 Ao

X. 0
(2.9) T® R S R

Xn-1 0

for a sufficiently large value of k. Moreover, due to the special structure of 7'(%), in order to
compute X in (2.9), it is sufficient to solve the m x m linear system

(2.10) (Im + d{) X1 = A,

where d§k) denotes the first block component of the block vector d®). In fact, such conver-
gence property holds, as we will show in the next theorem. Before stating this convergence
result, we need to introduce the polynomial of degree at most mn

(2.11) a(z) = det(zl — i 21Ay).

=0

We may assume, without loss of generality, that 1 is the only zero of a(z) having modulus
one [15]. Under this assumption, since the M/G/1 Markov chain is positive recurrent, the
function a(z) has m zeros in the closed unit disk (including a zero equal to 1) and m(n — 1)
zeros outside the unit disk, where we put zeros equal to infinity if A,, is singular; moreover,
the matrix G is stochastic and its eigenvalues are the zeros of a(z) in the closed unit disk (see
[27, 15)).

THEOREM 2.3. Leto = 1/min{|z| : |z| > 1, a(z) = 0}. Then for any matrix norm
and for any e > 0 such that e + o < 1, one has |[V®)|| = O((o + €)2").

Proof. Consider the polynomial ¢(z) = det(zI — F(©) — 22V () having degree at most
2m(n — 1). Since the rank of F(©) is at most m, it follows that ¢ = 0 is a zero of g(z) of
multiplicity at least (n — 2)m. Moreover, for the properties of block Frobenius matrices, if £
is a zero of a(z), then £ is a zero of g(z). Thus, ¢ is a zero of ¢(z) if and only if £ is a zero
of 2(n=2)mq(z). From this property, since the M/G/1 Markov chain is positive recurrent, it
follows that ¢(z) has exactly m(n — 1) zeros inside the closed unit disk (see [15]). Hence,
from the results of [15], the matrix equations X = V(® 4+ X2F(0) and X = F(©) 4+ (0 x2
have a minimal nonnegative solution &2 and G, respectively, such that p(R) = o, and G is
stochastic. From Remark 2.2 and from the results of [7], it follows that

—y®) L g2y _p22tpk) — o pk) L yWG2t WGt — g k> 0.

From the results on cyclic reduction applied to quadratic matrix polynomials of [7, 4], one
has that the sequence {F(¥)}, is uniformly bounded and that {V (%)}, converges to zero as

O((o + e)2k), foranye > Osuchthato +e< 1.0

Since G is a stochastic matrix, the entries of g, and of G?" are nonnegative and bounded
from above by a constant. Therefore, for the right hand-side of (2.8), we have that

IV#®g,G*'|| = O((o + ).

As a corollary of the above theorem we have also that, if the norm of Y® ™" remains
bounded from above by a constant for any &, then the sequence {d(’“) }i is convergent.
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The resulting algorithm is the following:
ALGORITHM 2.4.
INPUT: Nonnegative matrices A;, i = 0,...,n, a small real number ¢ > 0 for the
stopping condition, a matrix norm || - ||.
OuTPUT: An approximation G of the minimal nonnegative solution of (1.1).
COMPUTATION:
1. Set Ag = (I - Al)_le, A; = (I — Al)_lAi, 1=2,...,n, A, =0.

2. Setk=0and
Ay Az ... A,
I, 0 ... O
w) — I, d© — 0, (0 — 0, V) — _ _
0 I,, O

3. Compute

d*D) = g®) _y Ry ® e 4eWH)
W) = W) Ty ®) e ) AW k),
VD) — k) y k) k)

ST = g(NT _ (k) Ty ()~ (k)

where Y = I, 1) + d®el +e14p8MT,
4. 1f ||d§k+1) - d§k)|| > €, where dgk) is the first block component of d¥), then set
k = k + 1 and repeat step 3. Otherwise solve the linear system (2.10) and output
G = X1.
From (2.5) it follows that the matrix Y (*), k > 0, is the identity matrix plus a correction
in the first block row and in the first block column. In particular, we have

Y(k)il = Im(n-1) — [ €1A0 ‘ d(k) ] G(k) [—S(kT)T :| )

€

Hence the computation of d®), ¥(® ™" 7 (*¥) and s(*) can be reduced to operations between
block vectors, with a computational cost of O(m?3n) arithmetic operations. The matrix V (%),
k > 1, does not have any evident structure, since it is a full matrix. For this reason the
computation of this matrix can amount to O(m?3n?) arithmetic operations, which is a very
high cost. In section 3 we will show that also the matrix V' (*) has a structure, which relies on
the concept of displacement rank. By using this concept we will show that the matrix V(%) is
represented by at most 4 block vectors, and these block vectors can be computed by means
of FFTs with O(m3n 4+ m2nlogn) ops.

Concerning the nonsingularity of ¥'(*)| from Remark 2.2 and from the results of [4] we
have that Y'(¥) is nonsingular if and only if the (2¥ — 1) x (2* — 1) block leading principal
submatrix of the matrix of (2.7) is nonsingular. We were not able to show that these submatri-
ces are nonsingular. In the numerical experiments we have never encountered singularity. In
any case, if we would encounter singularity, we could apply a doubling strategy, as described

where

sWTe 4, s®Tg® T\
A efd®
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in [3], until nonsingularity is obtained. We refer the reader to [3] for details. The same tech-
nique can be used to overcome a possible ill-conditioning of the matrices Y (%), It can be
shown (see [7]) that the sequence {Y (¥}, converges to a nonsingular matrix. However, it is
not clear what the conditioning of the limit matrix is.

In principle, we could directly apply our algorithm to the pair (C, D), instead of to
the pair (C, D). In other words, we could choose C(® = ¢ and D(® = D, instead of
C©® = ¢ and D = D. However, by starting with C(© = ¢ and D(® = D the structure
of the matrices {C®) };>1, {D®};>1 that we generate is simplified, compared to the case
C©® = ¢ and D = D. Thus we have chosen to use the pair (C, D).

3. Thealgorithm revised with displacement properties. In this section we show that
the matrices V(®), k > 0, have a displacement structure. In particular, we show that they
have block displacement rank at most 3 and we provide recursive formulas for the generators.
These formulas allow us to implement a version of our algorithm with low computational cost,
which fully exploits the Toeplitz structure of the involved matrices. We recall in Appendix
A the concept and the properties of displacement rank, the definition of block Toeplitz-like
matrices, and the fast algorithms for computing the product of a block Toeplitz matrix and a
block vector.

For any k& > 0, let us define the quadratic matrix polynomial

¢ (2) = =V 4 v ®) _ p2e; AqW Pl

The next theorem shows that, for any z and for any k£ > 0, the matrix ¢(*) (z) has displace-
ment rank at most 3, with respect to the block displacement operator A(4) = ZA — AZ,
where

0 0
I, 0

7= _
0 In, O

THEOREM 3.1. For any z and for any £ > 0 we have

ap A0PE) =
Y @® +261Q0)eT 9 (2) + 9B (2)er (FOT + AW Del) — ey T4 H(2),

where
T = [O,Ag,...,An],
u® =e,, QO =_
rOT — oT,
3.2) MHn_um+mem*qu

QU+ = AOW(’“)( Ty k)™ el)Q(’“)
;DT — p(WT (k) ely (k)™ Ly,

Proof. Let us prove the theorem by induction:
A(¢V(2)) = 249 (2) = ¢(2)Z =
—62[A2+22A0,A3,... ]+61[A3,..., n,O]:

esel ¢ (2) — eszel —eref ¢V (2)Z.
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It is a simple calculation to show that
—eyze] —eief 9V (2)Z = —e1zef $°) (2) + ¢ (2)erzel —ery"9 (2).
Hence
AP0 (2)) = (e2 — ze1)ef ¢V (2) + ¢V (2)erze] — ey ¢ (2).

(2
Now, let us assume that (3.1) holds for a k
mark 2.2 and for the results of [9] ¢(’“+1)( 2
(¢¥)(—z))~1. Thus, since (compare [9])

2 and let us show it for k + 1. For Re-

) = 22B(z)", where B(z) = (¢*) ()™

B(z) ' = —¢M ()Y B T g®) (—2)/(22) = —¢®) (=2)Y B T g®) (2)/(22),

we obtain, after some algebraic manipulations:

A+ (%) = 22A(B(2) ") =

2:B(2) ' (6™ (2) A(¢7(’“)( )p*) ()~
— ¢W (=) TA(W (=2))¢*M (—2) 1) B(2) ' =

u(k)elT¢(k+1) (z ) — (¢(k)( )+¢(k)(_ )) Y(’“)_lelQ(’“)erf(ﬁ(’““) (22)/2_,_
Pk (22) e (T — k41 (;2)e, (W) Ty (K) (60 (2)) + 9B (=2)) [2—
e1yT gt (22) =

((u(k) + V(k)Y(k)—lelQ(k)) + zzelAOW(k) (e}"y(k)—lel)Q(k)) e}"¢(k+1) (z2)+

D (32)e, ((roc)T FWRTY R Ty ) 4 20 (eTy () e ) AOW(’“)) ~
617T¢(k+1)(22)‘

d

From the above theorem, since V(*) = —$(¥)(0) we immediately obtain the following
property of the matrices V%), k > 0:

THEOREM 3.2. For any k > 0 the matrices V(%) have the following displacement
structure:

A(V(k)) = u(k)erll—‘V(k) + V(k)e]_’f'(k)T — e]_’YTV(k),

where u(®) | #(¥) ~ are defined in (3.2).

From the above theorem, the matrix V' (¥) is only defined in terms of the block vectors
ulk) p®) Ty k) ykle, ~TV () The computation of these vectors can be performed by
using the fast techniques recalled in Appendix A, which rely on the displacement structure of
V() In particular, from (2.4), we have

eTV(+D) — Ty Ry (k) k)

Thus, given eTV®), the vector yT = eTV®Y® ™" is computed by means of O(nm?)
ops, by using the structure of Y® " The product y™V*) is computed by exploiting the
displacement structure of V%), by means of O(m?n logn + m3n) ops.

4. Algorithm for R. Our algorithm can be used to solve the dual problem, that is,
computing R which satisfies the polynomial equation (1.2).

Since the Markov chain is positive recurrent, the polynomial a(z) of (2.11) has m zeros
inside the open unit disk and m(n — 1) eigenvalues outside the open unit disk. Moreover,
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we may assume, without loss of generality, that z = 1 is the only zero of modulus one. The
matrix R has spectral radius less than one, and its eigenvalues are the zeros of a(z) in the
open unit disk.

Note that the equation (1.2) is equivalent to

RT = AT + ATRT + ... + AT(RT)
and RT satisfies Cr = DrRT, where

I
RT
(R)?
(RT.)n—l

and C, D are as defined in (1.4), where the A; are replaced with A7 .

Thus, we may apply exactly the same algorithm. As for the algorithm for G, £ is a zero
of ¢(z) = det(zI — F(© — 22V(9) if and only if £ is a zero of a(z)z™("~2). In particular,
since a(z) has exactly m zeros inside the open unit disk, then ¢(z) has exactly m(n —1) zeros
inside the open unit disk.

The matrix V(© 4+ F(© is not stochastic, but it is a simple calculation to show that
the matrix V() + F'(©) is stochastic, where V() = (I @ D(x))~'V©(I @ D(x)), F©® =
(I®D(7w)) ' FO(I® D(x)), D() is the m x m diagonal matrix whose diagonal elements
are the entries of 7, and 7 is the steady state vectorof A = 37" | A4;.

From the results of [15], the matrix equations X = V(© 4+ X2F(® and X = F(© +
V(X2 have a minimal nonnegative solution & and G, respectively, such that p(G) = 6,
where § = max{|z| : |z| < 1, a(z) = 0}, and p(R) = 1. Let us define F¥) = (I ®
D)) *F®)(I @ D(x)), V® = (I @ D(w))" 'V (I @ D(x)). As for the algorithm
for G, from Remark 2.2 and from the results of [7, 4], the sequence {V(’“)}k is uniformly
bounded and {£(M}, converges to zero of order O((f + €)2*), for any e > 0 such that
6 + ¢ < 1. In particular, the same convergence properties hold for {V (¥)}, and {F(*)},.
Since p(R) = 0, for the right hand-side of (2.8), we have

[V®r B[ = 0((e +6)*")
for any matrix norm.

5. Shifting technique. The speed of convergence of our algorithm can be improved
by applying the shifting technique introduced in [17] for Quasi-Birth-Death problems, and
expressed in [5, 10] in functional form as follows. Let u be a nonnegative vector of length &
such that u™ e = 1. Define the rank one matrix E = eu™ and the matrix Laurent polynomial
E(z) =T — 27'E. Observe that, by setting

A(z) =Ag+2A; + 2245+ ... + z”An,
where

Ay = Ap + (ZAJ-—I> E = Ay(I - E),

=1

(5.1) A,-:A,-+(Z Aj>E, for i=1,...,n—1,
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since AgE = 0 and Ei = E for any ¢ > 0, we have
21 — A(2) = (2] — A(2))E(2).

Now, for the sake of simplicity assume that A,, is nonsingular (the case where det A4,, =
0 can be treated by means of a continuity argument). Since A, = A, the polynomials
a(z) = det(z] — A(z)) and a(z) = det(zI — A(z)) have the same degree, and, therefore the
same number of roots.

Since the matrix I — 2z~ 1 E is defined for z # 0 and is singular only for z = 1, we deduce
that if A is a zero of a(z) and XA # 0,1, then it is a zero of a(z) and vice-versa. Moreover,
a(1) = 0. Thus, we obtain that a(z) has the same zeros as a(z) except for z = 1 which is
replaced in the case of 4(z) by z = 0.

Let us now consider the problem of computing G. Since we have assumed that 1 is the
only zero of a(z) having modulus 1, we may define, as in [17], the matrix H = G — eu”.
Then, it is easy to see that the eigenvalues of H are those of G except that in the case of H
the eigenvalue 1 of GG is replaced by 0. Moreover, e is an eigenvector of H corresponding to
the eigenvalue 0, and hence He = 0. So we have

G =(H+eu" ) =Hi+eu" H ' +.. . +eu'H+eu", i=1,2...,n.
So replacing G by H + eu™ in (1.1), we obtain the following shifted equation
(5.2) H=By+BH+...+ B,H"

where B; = A;. As before, the solution H of the equation (5.2) satisfies (2.1), where in
C and D the matrices A; are replaced with B;, and G with H. Thus, assuming that all the
intermediate matrices Y (%) are non-singular, we may apply the same algorithm. By using the
same arguments of the proof of Theorem 2.3 we deduce that

IVORE|| =0 (v + o +)* ),

wherey = p(H) < 1,forany e > 0suchthaty+e< 1,0 +€e < 1.
As before we can apply a shifting technique to the equation (1.2), where in this case the
zero that is equal to 1 is moved to oo, instead of to 0. Let

AOZAOa

Al = A +AOE,

R i—1 n

A=A + ZA]'—I E=A;—- ZAJ E, for i=2,...,n.
Jj=0 Jj=t

It turns out that R is also the solution of the shifted equation
R=Ay+RA, +...+ R"A,,
as a direct result of the following identity
n—1 ) n
Age = ZRZ( Z Aje),
i=1 j=i+1
and that

2I — A(2) = (2I — A(2))(I — 2E).
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é 5y 1/o Iter. of Orig. Alg. | Iter. of Shifted Alg.
10T [ 0.07831112 | 1.33333333 || 8

10-2 || 0.01174465 | 1.03030303 || 11
10~3 || 0.02074893 | 1.00300300 || 14
10~ [[ 0.02164936 | 1.00030003 || 17
10-% | 0.02173941 | 1.00003000 || 21
105 [[ 0.02174841 | 1.00000300 || 24
107 || 0.02174931 | 1.00000030 || 27
108 [[ 0.02174940 | 1.00000003 || 29

TABLEG6.1
4, 7y, o, and the number of iterations for Example 1

O | O | | | [ Ot

If 1 is the smallest zero in modulus of the polynomial a(z) among the zeros which are outside
the unit circle, we obtain that

V®r R =0 (((0 +6)°(1/p+ 6))2k)

foranye > Osuchthatd +e < 1,1/p+€ < 1.

6. Numerical Examples. We have implemented in MATLAB our algorithm for the com-
putation of G and R, with and without the shifting technique. We have not used the displace-
ment structure, thus in our results we report only the number of iterations and the residual
error, and we do not report the execution time.

6.1. Computing G. We use the norm of the residual of the equation
Res. = |Ag + A1G+...+ A, G" -G,

to check the accuracy of the computed solution. The stopping criterion for the original and
the shifted algorithms is

|af+ —a?| <1072,
oo

EXAMPLE 1. We construct Ag = W + 6I and A; = Ay = W, where W is the matrix
having null diagonal entries and constant off-diagonal entries, and 0 < § < 1. Note that the
rate p = T (A; + 245)e = 1 — 6. Thus, as § approaches zero, the problem becomes more
unstable. Table 6.1 and 6.2 report the results obtained with size m = 16.

EXAMPLE 2. We solve 3% A;G? = G. The matrices are 4; = D~'(s;4;), for
i =0,1,2,...,10, where A; are random matrices generated by the MATLAB command
rand. The matrix size m is 10. The scalars s are respectively sg = 1,51 = 1,85 =
0.5,s3 = 0.0025,s4 = 0.125,s5 = 0.001, s¢ = 0.0005, s; = 0.0001, s = 0.00005, sg =
0.00001, s19g = 0.00005. The matrix D is a diagonal matrix whose entries are the row sums
of Y1, sid; so that (37, Ai)e = e. In this example v = 0.097488 and 1/0 = 1.0099.
Table 6.3 reports the results.

We observe that in both the examples the residual errors are very small, and that the
shifting technique provides a much faster convergence rate.

6.2. Computing R. We use the norm of the residual of the equation

Res. = |Ao+ RA1 +...+ R"A, — R| .
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é Res. of Orig. Alg. | Res. of Shifted Alg.
10]16x10 1 33x10°1°
10-2 || 1.0 x 10715 5.8 x 10~16
103 13x10°P 2.7x10°18
1074 || 1.4 x10~15 3.0x10°16
107 13x10° 1.9x 10716
1076 || 9.9 x 1016 2.6 x 10~16
1077 13x10° 24 x 10710
10-8 || 1.3 x10°15 2.6 x 10~16

TABLEG6.2
The residuals of the solutions in Example 1
Orig. Alg. Shifted Alg.
Iter. || 13 5
Res. [ 29x 1010 | 5.0 x 1071¢
TABLE6.3

The number of iterations and residuals of the solutions in Example 2

to measure how accurate the solution is. The stopping criterion for the original and the shifted
algorithms is

|+ —aP| <107

EXAMPLE 3. We construct Ag = A; = W and Ay = W + 61, where W is the matrix
having null diagonal entries and constant off-diagonal entries, and 0 < § < 1. Note that the
rate p = ¥ (A; + 243)e = 1 + 4. Thus, as § approaches zero, the problem becomes more
unstable. Table 6.4 and 6.5 report the results obtained with size m = 16.

EXAMPLE 4. We solve R = E}io R A;. Here the matrices A; are generated as in the
Example 2. In this example, p = 1.0006, § = 0.99892, and . = 2.7410. Table 6.6 reports
the results.

Also for the computation of the matrix R the residual errors are very small, and the
shifting technique allows one to considerably reduce the number of iterations.

Appendix A. Displacement rank and fast Toeplitz computations. In this section we
recall the concept of displacement rank, introduced by Kailath et al. [20], and elaborated
in many other papers (see, for instance, [18, 11, 21] and the references cited therein). This
concept is fundamental in devising and analyzing algorithms related to Toeplitz matrices, and
will allow us to design an effective version of our algorithm that fully exploits the structure
of the matrices V(*). Finally, we will recall the fast algorithm based on the use of FFTs for
computing the product between a block Toeplitz matrix and a block vector.

Define the h x h block down-shift matrix

0
I 0

7 =
I 0
where the blocks have dimension m, and consider the following block displacement operator

A(A) =ZA - AZ
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) 0 7 Iter. of Orig. Alg. | Iter. of Shifted Alg.
10~ || 0.75000000 | 12.769578 || 8

102 || 0.97058824 | 85.145135 || 11
103 || 0.99700599 | 48.195253 || 14
10—* || 0.99970006 | 46.190730 || 17
10> || 0.99997000 | 45.999410 || 21
10~ || 0.99999700 | 45.980366 || 24
10~7 || 0.99999970 | 45.978462 || 27

10~2 || 0.99999997 | 45.978272 || 29
TABLE 6.4
4, 8, u, and the number of iterations for Example 3

| O ] ] | Ot

) Res. of Orig. Alg. | Res. of Shifted Alg.
1077 || 3.9x 10718 2.0x 10716
1072 | 49x 10" 27 x 10718
1073 || 6.6 x 10~18 2.7%x 10716
10°% | 54x1016 42%x10°18
107° || 3.7 x 10~16 31x10°18
10°°% | 5.8x10°1® 1.7x 1019
1077 || 4.0x 10716 2.9 x 10~16
1078 || 49x10°° 32x10° 18
TABLE6.5

The residuals of the solutions in Example 3

defined for any h x h block matrix A.

We say that the block matrix A has block displacement rank r if r is the minimum
integer such that there exist block vectors w(®, v, i = 1,...,r, satisfying the equation
A(A) = 3 uldp®T

If A(A) = Yo, u®@v@T then the matrix A can be represented in terms of block
Toeplitz matrices defined by the block vectors w(?, v() ¢ = 1,...,r, and by its first block
column, according the following formula (see [11]):

A=L(Aer) =) LDU@DTZT),
=1

where £(w) (U(w™) ) denotes the  x h block lower (upper) triangular block Toeplitz matrix
defined by its first block columnw (roww™). The block vectors Aey, u®, v®, i =1,...,r,
will be called generators of the block Toeplitz-like matrix A.

From the above results, it follows that a matrix with small block displacement rank can
be expressed by means of a sum of a few products of block lower triangular and block upper
triangular block Toeplitz matrices. In particular, the product of one such matrix and a block
vector can be reduced, by means of formula (3.2), to a few products of block Toeplitz matrices
and a block vector. This computation can be performed by means of a fast algorithm based
on the polynomial evaluation/interpolation at the roots of 1 with FFTs. More specifically, let
A = (Ai_jtn-1)ij=1,...,n be ablock Toeplitz matrix, b a block vector with block entries
By, By,...,Br_1,and ¢ = Ab, where ¢ has block entries Cy, Cy, ..., Ck_1. Then, ¢ can be
efficiently computed by means of the following scheme [11, 7, 8]:

1. Evaluate the matrix polynomial a((2) = Ap 1+ Apz+---+Asp 22" 1+ Agz 1+
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Orig. Alg. Shifted Alg.
Iter. || 16 6
Res. || 2.8 x 1076 | 6.3 x 1016
TABLE6.6

The number of iterations and residuals of the solutions in Example 4

oo 4 Ap_o2?h1 at the 2k roots of 1 w?, j = 0,...,2h — 1, where w is a primitive
2h-th root of 1, by means of m? DFT’s of order 2h, and obtain the matrices a(w?),
j=0,...,2h—1.

2. Evaluate the matrix polynomial 3(z) = By + Bz + --- + By_12""! at the 2h
rootsof 1w?, j =0,...,2h — 1, by means of m? DFT’s of order 2h, and obtain the
matrices 3(w’), j = 0,...,2h — 1.

. Compute the products y(w?) = a(w?)B(w?), j =0,...,2h — 1.

4. Interpolate y(w?) by means of m? IDFT’s of order 2k and obtain the coefficients
Yo, Y1y -+ Y2n_1 Such that y(2) = Y2t izt and set C; = 4,0 = 0,...,h — 1.
The computational cost of the above algorithm is O(m3h + m2hlog h) arithmetic op-

w

erations. Thus, the computation of the product of a block Toeplitz-like matrix and a block
vector can be performed at the same cost.
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