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The intrinsic Toeplitz structure and its applications in algebraic Riccati
equations

Zhen-Chen Guo* Xin Liang!

Abstract

In this paper we derive a Toeplitz-structured closed form of the unique positive semi-definite stabilizing solution
for the discrete-time algebraic Riccati equations, especially for the case that the state matrix is not stable. Based
on the found form and fast Fourier transform, we propose a new algorithm for solving both discrete-time and
continuous-time large-scale algebraic Riccati equations with low-rank structure. It works without unnecessary
assumptions, complicated shift selection strategies, or matrix calculations of the cubic order with respect to the
problem scale. Numerical examples are given to illustrate its features. Besides, we show that it is theoretically
equivalent to several algorithms existing in the literature in the sense that they all produce the same sequence
under the same parameter setting.
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1 Introduction

Consider a continuous-time algebraic/limiting Riccati equation (CARE)

ATX + XA-XBBTX +CTC =0, (1.1)
where A € R B € R"*™ (C € R*". The CAREs arise in various models related to control theory, such as linear-
quadratic optimal regulator design, and H? and H* controller design for linear systems, see, e.g., [35, 3]. They
also arise in nonlinear systems, like nonlinear controller design by state-dependent Riccati equations [13], or solving

differential Riccati equations by implicit integration schemes [17, 8]. Usually (1.1) has infinite many solutions, but in
many applications including those mentioned above only the so-called c-stabilizing solution is hoped to be computed.
Here a solution X is called c-stabilizing if A — BBTX is stable, namely all the eigenvalues of A — BBTX lie in
the open left half complex plane C_. Its existence and uniqueness are guaranteed by the assumption that the pairs
(A, BBT) and (AT,CTC) are c-stabilizable, or equivalently, rank([A — A BBT]) = rank([AT =X CTC]) =n
for any A e C\ C_.

During many years, people have developed many numerical methods to find out the c-stabilizing solution of (1.1).
Reader are referred to [12] to obtain an overview. In this paper, we are focusing on a special case that A is large-scale
and sparse, and B, C are low-rank, namely m,l < n. The existing methods are categorized into four classes:

)

1. projection methods, including extended Krylov subspace method [23], rational Krylov subspace method [18],

tangential rational Krylov subspace method [19], global extended Krylov subspace method [27], etc.;
2. non-projective iterations, including quadratic ADI [45], Cayley transformed Hamiltonian subspace iteration
[38], RADI [5], etc.;

3. Newton-type methods, including the Galerkin projected variant of Newton-Kleinman ADI [9] and its inexact
line-search variant [0], etc.;

4. methods adopted from those suited for small-scale problems, including structure-preserving doubling algorithm
(SDA) [14, 36], and Hamiltonian stable subspace methods [, 4], etc..
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Many more methods and references can be listed if we bring in more details. Interested readers are encouraged to
look through a comparison paper [11] and the references therein.

The methods in the former three classes use a lot of shifts in the calculation process, so a shift selection strategy
rather than several pre-chosen shifts is needed. Different shifts or strategies usually affect the convergence speed
significantly. Moreover, the convergence of those methods usually relies on more assumptions, for example, A is stable.
To deal with the problems without the guarantee, the preprocessing is necessary and costs not little calculations.
On the opposite, the methods in the latter class, like SDA, only use one shift (or a few shifts if the incorporation
technique is adopted), which helps decrease the calculation that is not directly related to the solution.

On the other hand, the methods in the former three classes only use matrix-vector multiplication and inverse-
vector multiplication (that is actually done by linear system solvers), while SDA uses matrix-matrix and inverse-matrix
multiplication (also done by linear system solvers), which implies that SDA consumes much more time than those in
the former classes.

In this paper, first we contribute a Toeplitz-structured closed form of the d-stabilizing solution of discrete-time
algebraic Riccati equations (DARESs) by theoretical analysis, which naturally induces a new algorithm named FFT-
based Toeplitz-structured approximation (FTA) to solve DAREs. The proposed FTA method exploits the fast Fourier
transform (FFT) to reduce the time complexity. Then using a Cayley transformation that transforms CAREs
to DAREs, the FTA is successfully adopted to solve CAREs, where the incorporation technique (a.k.a. defect
correction) is applied to deal with the case that the truncated approximation does not provide enough accuracy. The
FTA solves DAREs and CAREs without more assumptions, shift selection strategies, or matrix-matrix/inverse-matrix
multiplications. As a by-product, we show that FTA, SDA, and many other methods like RADI are equivalent under
the same parameter setting including the same initial guess 0 and the same consistent shift, in the sense that they
all produce the same sequence (or subsequence).

The rest of the paper is organized as follows. First, some notations are used. In Section 2 we present a detailed
form of the inverse of special matrices of the form I + TTT where T is block-Toeplitz, whose proof, not an easy
consequence of the theory on Toeplitz matrices, is put in Appendix A for readability. Section 3 generalizes the idea
on the Toeplitz operator in the associated discrete-time dynamic systems under good conditions to those without
good conditions, and then naturally induces a closed form of the d-stabilizing solution of DARESs, where the special-
structured matrices are involved, which suggests us to develop the FTA method to solve DAREs. As is shown in
Section 4, an variant of FTA for CAREs is obtained with the help of Cayley transformation that transforms CAREs to
DAREs. Numerical tests and discussions are given in Section 5. Some concluding remarks are provided in Section 6.

Notation. Throughout this paper, I,, (or simply I if its dimension is clear from the context) is the n x n identity
matrix. Given a vector or matrix X, XT, X% | X|, | X|r, p(X) are its transpose, conjugate transpose, spectral
norm, Frobenius norm, and spectral radius respectively. By X ® Y denote the Kronecker product of X and Y. By
Ra denote the real part of a complex number a.

We use X > 0 (X > 0) to indicate that X is symmetric positive (semi-)definite, and X <0 (X <0)if —X >0
(=X = 0). Some easy identities are given:

UI+VvVTu)=a+uvhu, vIr+vto)yt=a+uvhTlu (1.2)
Here is the Sherman-Morrison-Woodbury formula:
(M+UDVH =Mt -~ MUD T+ VMUY VM (1.3)

The inverse sign in (1.2) and (1.3) indicates invertibility. Both will be applied occasionally.
In addition, all the discussions below are based on the field R. They are also valid on the field C, with all (-)T
replaced by (-)H.

2 Preliminary

The block-Toeplitz matrices appear in the subsequent sections and play an important role in the proposed algorithms.
Since 1970s, people have known that fast and superfast algorithms are valid for Toeplitz matrices, due to its low
displacement rank, see, e.g., [32, 30, 31, 33, 20]. However, to keep algebraic Riccati equations in mind, here we
only introduce the notations related to block-Toeplitz matrices, and give a lemma that is used in the discussions on
algebraic Riccati equations, while its proof is placed in Appendix A.



Given Ag, Ay,..., Ay € RP1XP2 we will use

- A,
A A
A 1 0
Ay Ay Ay .
Lp1xpz : =l . . . . € RevmxpRm,
Amil . . A1 AO
[Am—1 -+ oo Az Ar Ag]
Ay Ao
Ay Ay
For ease, L, xps(A) = L xps ) it A= . |, and this notation makes no confusion for the subscript
Amfl Amfl
“p1 xp, demonstrates how the matrix is composed. Similarly,
(A1 oo o Ay Ay Ao T
Ao Apoq Ay Ay
A1 t. . t. .
uPl Xp2 . = A2 € Rprmxp2m,
Am—l .
Am,1 .
L Ap—1]
Besides,
FA T
™ T :
L:Pz Xp1 ([AO Ay Amfl] ) = Z’{pl Xp2 ; )
Ay
L AO -
A
™7 :
up2 X p1 ([AO Al e Am—l] ) = Epl X P2 .
Ay
Ao

The following lemma will be used several times later.

Lemma 2.1. Given Y € RP1*P2 D, ;| ¢ RP(t=1xp2 oy

B Y . Y 0 pi1tXpat
Tt - ‘CP1><P2 (|:Dt—1:|> - |:Dt—1 Tt_1:| cR ’

13 =t ([2]) 10 00t ([2])] o~

+Up, xps qﬁﬂ) (L [WH+WYTYW]) ™ Uy, xps Q%DT ,

where Q1,Q2, Q3 are solutions to the following equations respectively, and Q1, W + WY TYW are nonsingular:

Then

(Im(t—l) + Dt—lD;r—l + Tt—thqll) Qz=Diy, W=1I, — Q3TDt—1, (2.1b)
(Ipye + TTY) [Qz] = { . ] , Qe R (2.1¢)
Ql Ipl

3 DARE

Given a linear time-invariant control system in discrete-time:

g is given,
Th1 :Axk+Buk, k=0,1,2,..., (31)
Yk = C:Eka



where A € R"*" B € R™*™ (C € R™™™. Suppose the following condition holds through out this section:

‘ (A, B) is d-stabilizable and (C, A) is d-detectable, ‘

or equivalently, rank([A — X BB™]) = rank([A" —XI C"C]) = n for any A € C\ D, where D is the open unit
disk.
Its linear-quadratic optimal control can be expressed as

o0

where X, is the unique symmetric positive semi-definite d-stabilizing solution of the DARE [12, 15, 34, 40]:
~ X+ ATX(I+BB"X)'A+CTC =0. (3.3)

Here a solution X is called d-stabilizing, if the closed loop matrix Ax = (I + BBTX)71A is d-stable, namely all of
its eigenvalues lie in the open unit disk D, or equivalently, p(Ax) < 1.

3.1 In the operator view

In this section, we briefly state the existence and uniqueness of X, shown by the operator theory, which is based on
the monograph [20].

In order to make things simple, first we assume that A is d-stable. Write @ = {zj }ren, ¥ = {uk }ren, ¥ = {Yk }ren.
Let Ei" denote the Hilbert space of norm-square summable R™-valued series.

Suppose u € éi’m and consider the cost functional (a.k.a. restricted quadratic index)

=L [ AL EE ARD,.

where x satisfies (3.1). Here for any matrix U and any series z = {zx }ren, Uz is understood as Uz := {Uz }ken-

In fact € = Fzo + Lu € 81", where % : R" — fi’n,(ﬁxo)k = Akzo,k > 0, and .Z: Ei’m — Ei",(fu)o =
0, (Lu), = Zf;ol AF==1By; k > 1. Clearly .# and .Z are bounded linear operators. Also, it is not difficult to find
% is a Toeplitz operator. Hence

o= (G 5 L)
T AR T ARD

< 1:0} ) [gzo 9] [xo] > (7™ is the adjoint of operator &)
(

| u P* A |u

where Z, = 7*QF, P = F(QL +L),Z =R+ L"Y + L L+ £*Q%. Then the unique symmetric d-stabilizing
solution X, of the DARE (3.3) is given by

X, =P, — PR ", (3.4)

Clearly, &,, 2, % are bounded linear operators. [26, Theorem 4.7.1] tells that the DARE (3.3) has a unique d-
stabilizing solution, if and only if the Toeplitz-like operator % has a bounded inverse.

In the following, we derive the (infinite) matrix representation of (3.4), which is not provided in [26]. Here we

only show a simple case that Q = CTC,L = 0, R = I. Obviously, the matrix representations of .%,.Z, still denoted
by #,%, are

I 0

A B 0
7|4 w_|AB B 0

A3\’ A2B AB B 0

Hence

X, =7QF -7 QL+ LR+ LTL + "L+ QL) (£ Q" + LT



=7 C"CF - 7 CTcy(I+ v ctcyytyctcx
=7 C"[I-cg(I+ 2 C cy) e cTcT
D14 oy gty 07

Write
C 0
cA cB 0
v=cg =04 g_cyg-|CAB OB 0 , (3.5)

CA3 CA2B CAB CB 0
and then 7: R" — Ei’l, T Ei’m — Ei’l, I+ 77 % Ei’l — Ei’l are bounded linear operators, and 7 is also a
Toeplitz operator. Thus
X, =V"I+7T") ', (3.6)
which is a closed form of the d-stabilizing solution.
For the case that A is not d-stable, does a similar closed form of the d-stabilizing solution exist? In this case,

the operators .7 ,.% are no longer bounded linear operators and the series involved may not converge. In the next
subsection, we will show (3.6) is also the d-stabilizing solution of the DARE (3.3) even for the unstable case.

3.2 In the matrix view
It is well known that X, = lim;_,o, X, where X; is generated by the difference Riccati equation (DRE):
Xy =0, X1 =2(X;) :=C"C + ATX,(I + BBTX;) ' A, (3.7)

which can be recognized as a variant of fixed point iteration for (3.3).
Based on the fixed point iteration, in 1970s, people have developed the doubling algorithm to solve DAREs (3.3)
and CAREs. Anderson [2] proposed a variant, which is recently usually called SDA and has three iterative recursions:

Apy1 = AL, + GeHy) " Ag, (3.8a)
Gr1 = Gi + Ap(In + G Hy) " 'GrAL (3.8b)
Hyi1 = Hi + Aj Hi (I, + G Hy) ™ Ag, (3.8¢)

provided that all matrix inversions are feasible (i.e., I, + G Hy are nonsingular for kK = 0,1,---). The initial terms
are usually set by
Ag = A, Gy = BB, H,=cCTc.

It has been shown that for those initial terms, I,, + G Hj are nonsingular for k£ > 0, and Ay — 0, G — Y, (the
solution to the dual DARE) and Hy — X, all quadratically [10] except for the critical case [25].

In [2], it is stated clearly that Hy = X,x, implying that the iteration for Hy can be treated as an acceleration
of (3.7), because it only computes the terms X, Xo, X4, ..., Xor,.... Moreover, [2] also argued that (3.7) with any
initial Xy > 0 leads X; — X, in usual situation (but did not mention which situation satisfies).

Questions arise naturally, of which two are:

1. can we even only compute less terms in the sequence {X;}, namely accelerate (3.7) even further?
2. how things go when arbitrary initial terms are set?
Before we begin the analysis, a simple property of the DRE (3.7) is given.

Lemma 3.1. The operator 9 is monotonic on the set consisting of all positive semi-definite matrices with respect to
the partial order “>7. In details, if Z1 = 0,Zy = 0, then

Zy = Zo = D(Z1) = D(Z2).
Proof. First suppose Zy > 0 and thus Z5 is nonsingular. Then
Iy = Zye Z7 22y o (Z7 + BBY) T = (23 + BBT) !
& Zy(I +BBYZ,)™' = Z,(I + BBTZ,)™' = 2(2)) = 2(Z).
If Z5 is singular, then Z5 + eI > 0 for any € > 0. Thus, taking limits yields
v rZos Zytvel mZo+el = D(Zy+el) = D(Zy+el) = D(Z1) = D(Zs). O



Then we may ensure the validity of (3.6).
Theorem 3.1. Write

— O - r O 7
CA CB 0
CA® CAB CB .
‘/;5 - . ) Tt = . . . ) (39)
:t—l : CB 0
[CA™ ] |CA"™2B ... ... CAB CB 0|

Ty = 0. Then the terms of the sequence {X;} generated by the DRE (3.7) are given by
X, =VrI+T1,7" 'V, t=1,2,.... (3.10)
Moreover, {X;} is monotonically nondecreasing, and X — X, the d-stabilizing solution of DARE (3.3).

Proof. Clearly X = 0,X; = CTC. Using some calculations, we have
X, =Ct'C+ ATcTc(1+BB*CT0) A
=CTCc+ATCT(1+0oBBTCT)lcA

[ [ rvesmmer] €

—1
(el (, [0 o 1" c
~|CA CB 0]|CB 0 CA|"
Now (3.10) is correct for t = 1,2. Assuming (3.10) is correct for ¢, we are going to prove it is also correct for ¢t + 1.
By the DRE (3.7),

- _ —1
KXo = CPC+ AN (11T Ve (14 BBYE (14 1) ) A
—1
(1:2) CTC + ATV'tT (I + TtTtT)*l (I—|— V;BBTV;T (I—|— TtT,tT)fl) Vid

= CTC+ A"V (I+T,TF + V,;BB™V,") "' ;A

et e
VA I+ T, T +V;BBTV* VA

[ (b Al )

= Vt?rl(f“‘TtJrthal)_thH- O

Then we illustrate the monotonicity of the sequence.

Since X1 t Xo = O, by Lemma 31, X2 = .@(Xl) t .@(Xo) = Xl. Slmllarly 0= XO j X1 j X2 j ce j Xt j tery
namely the sequence {X;} generated by (3.7) is monotonic. On the other hand, the d-stabilizing solution X, is
also the unique symmetric positive semi-definite solution. Thus, X, = 0 = X, and X, = 2(X,) = 2(Xy) = X1.
Similarly X, = X; for any ¢, namely the sequence {X;} is bounded. As a result, X; converges. Write X; — X, and
then X, is a symmetric positive semi-definite solution to the DARE (3.3). Then the uniqueness of the symmetric
positive semi-definite solution forces X, = X,,. In other words, it holds that X; — X,.

It is not difficult to discover that Theorem 3.1 coincides with the decoupled formulae of the dSDA for DAREs
introduced in [21] at ¢t = 2*, which is actually guaranteed by the fact that the sequence {H}} generated by SDA
(3.8¢) is a subsequence of {X;}.

One can easily find (3.10) is the truncated form of (3.6), a Toeplitz-structured closed form of X, whose validity
for the d-stable case has been proved by the operator theory in Section 3.1. Note that under the assumption that
A is d-stable, V; and T}, treated as the truncations of ¥ and .7, converges to ¥ and 7 respectively, by the fact
that ¥, 7 are bounded linear operators. With the help of operator theory, X; — X,. To the opposite, for the case
that A is not d-stable, ¥ and .7 are no longer bounded, and it would be difficult to show X; — X, by the operator
theory. However, the matrix analysis reveals that X; — X, which implies X, indeed has the closed form (3.6) in the
unstable case.



3.3 Efficient method

Now we acquire the non-iterative form (3.10) of X;, which allows us to compute the terms X; directly for arbitrary
t. In the following, we will work on an efficient method to compute X; for any given ¢.
Using the notations for Toeplitz matrices in Section 2, we have

=t (58] = levnttiam o) = [uSm 1
t = Lixm V, 1B Elxm(v;fle) 0 VioaB Ty 1|

Lisxm(Vic1B) Lisxm (Vi1 B)Y = T, T + V,o1BB™V,E

Thus,

and
Xt = CTC + ATV;T_l [I + ‘Clxm(‘/t—lB) Elxm(‘/t—lB)T} - V;S—IA~ (311)

Clearly L;xm(Vi—1B) is block-Toeplitz. Hence the results in Section 2 can be applied.
By Lemma 2.1, X; can be computed by solving only | + m rather than n equations, shown in Theorem 3.2.

Theorem 3.2. Let

0
(It—1y1 + Lixm(Vi-1B) szm(thB)T) [8?] = LJ , Q, € R, (3.12a)
(Ie—1y1 + Lisxm(Vic1B) Lixm (Vi1 B)T) [gﬂ =Vi1B, Q4 € RX™ (3.12b)
0 T
and W =1, — {Qﬂ Vi—1B. Then the sequence X; defined by (3.10) can be generated by
3

c1' [n c
X = | =1 (It—l (24 Ql)il =1, (313)

= (i @W)H] [ =

where

T T
= Ui <[gj> Vi AEREDNN 521y, ([%BD Vit A € RU-Dmn,

Proof. By Lemma 2.1 with Y < 0, D;_1 < V;_1 B, we have

(I + LT~ = U <[gﬂ> (I @ Q1) Usxi ([ngT +Uisem ([%SD (I @W) Uik ({%ﬂ)T,

where
(I + Lixm(Vie1B) Lixm (Vi1 B)") Qs = Via B, W =1-Q3V, 1B,
(I +T,T]%) [gﬂ = m . Qp eRX
Note that

o= |
( + Ayl ) - |: (I+£l><m(V;5*1B> clxm(V;le)T)_lj| '

Hence Qs = [05(1] where
2

(I + Lixm(Vic1B) Lixm(Vie1B)") [gj = E)J :

Q4

Write @3 = {Q } where Q4 € R*™, and then it follows that
3

(I + Lixon(Vie1 B) Lo (Viea B)T) ™ = Uny ([gj) (1901 Ui ({Q D

e (3] o ()

Then the result is a direct consequence of (3.11). O

(3.14)



Theorem 3.2 suggests a new algorithm, Algorithm 1, to approximate the solution of DAREs. The key is how to

fast compute Q. ., or equivalently solve the linear systems (3.12), and compute the products of U, (x)*V,_; A. Both
are related to the manipulations on block Toeplitz matrices. It is well known that the fast Fourier transform (FFT)
can be used to accelerate the calculation with Toeplitz matrices involved, see, e.g., [44, 28, 29] and the references
therein.

Algorithm 1 FFT-based Toeplitz-structured Approximation (FTA) for DAREs

Input: A € R"™" B € R™™ C € R>" and t.

1:

Compute sequentially C- A,CA-A,...,CA'=3. A CA*2. A, and form V;_; € R¢=DIX" by stacking C' and the
first ¢ — 2 terms vertically in order, and form V;_; A by stacking the t — 1 terms vertically in order.
Compute V;_1 B € Rt-Dixm

3: Use Preconditioned Conjugate Gradient (PCG) method to solve (3.12).

T
Compute W = I,,, — [84} V;—1B and then the Cholesky factorizations of Q1 = LoL¢, and W = Ly L.
3

T
Use fast multiplication to obtain S = U« Q> L77) VoA e RUDIxXn gpnd 8§, =
Q Q
1
0 T C
ulxm({ﬂ LWT> Vi1 A e RE-Dmxn and form S = [ S| € REHED)m)xn
Sa

Output: S which satisfies STS ~ X, € R"*",

Some remarks are given below to illustrate the algorithm.

Parameter and output

1. In order to use FFT, t is usually chosen as powers of 2, namely t = 2¥. There is no strategy to determine a proper
t in advance. In practice, we may choose a heuristic k, for example 5-8. If the output is a good approximation
of the solution, then we stop here; otherwise, we use the output as a new initial guess, and run another round
to achieve a better approximation; the process is repeated until convergence, namely some criterion is satisfied.
The details and the validity of implementing a new initial guess are discussed in Section 3.4.

2. Note that rank(S) = rank(Va«). Numerically Vs probably has rank much less than 2¥I. An obvious clue is that
Vo contains a power series of A performing on C, and as k goes larger and larger, the terms in it become more
and more likely to be linearly dependent. This implies that (3.13) is not a compact form. To deal with this,
some compression technique may be brought in. This idea needs more discussions on the convergence, which is
given in Section 3.4.

3. In step 3, we use PCG to solve (3.12). To make calculation least, the preconditioner can be chosen as the
diagonal part of the linear system. We will use it in the Experiments part below. Other preconditioners may
also be considered. In practice, the number of steps of PCG is fixed on an integer M. One reason is that if
the condition number of the system is not too large, then the PCG would converge fast; another reason is that
stopping in the midway will not hurt the outer convergence on X, , which is implied by Lemma 3.2 below.

4. In the output, we do not give an approximation of X, directly but its factor, namely a ¢l X n matrix S. If
some compression technique is used during the process, an approximation of S would have relatively small low
row rank, say r < n. Then in practice we only need the products of X and other matrices, for example, in
obtaining the optimal control (3.2). The setting » < n makes multiplication with X,’s factor save time and
space. This is also considered in many literatures, e.g., [11].

Time complexity Complexity for S, the factor of X;:

1. Step 1, compute V;_1 A, namely CA,CA?, ... CA*™1 in (t — 1)(2n — 1)nl flops.
2. Step 2, compute V;_1B in (t — 1)(2n — 1)Im flops.

3. Step 3, use M-step PCG (suppose one-step PCG is done in Ntl1lnl flops for fast multiplication where N is a
constant), to compute Q, ., in O(MN#tl[In®t + In(¢l)](I + m)) flops.

4. Step 4, compute W in (2t] — 1)% +m flops, and Lq, Lw, EQ, Dy in %l(l —1)(1 +4) flops.

5. Step 5, compute [82] LEQT, [%3} L;VT in 13 + (t — 1)Im? flops; compute S, Sz in O(2NntlInl) flops.
1



6. To sum up, assuming [ < n,m < n and omitting lower order terms, the total complexity is 2in’t 4 2lmnt +

O(MNI(l +m)tln®t + 2NltnInl) = O (t(n? + In*¢t)) flops.

7. Suppose A is sparse, and the number of nonzero entries is nnz(A). Only Step 1 is different, and the total

complexity is O(Itnnz(A) 4 lmnt + MNI(l +m)tIn*t + 2Nitnlnl) = O (t (t(nnz(A) +n + In t)) flops.

Space complexity
1. Step 1, store V;_1 A in (¢t — 1)nl units.
2. Step 2, store V;_1 B in (¢t — 1)lm units.

3. Step 3, store Q. . in (t — 1)I{(l +m) units.

4. Step 4, store W and then Ly, Lq in part of the storage for V;_1B. (The storage is enough and no extra units
are needed because the three matrices need in total m(m+1)/2+1(l+1)/2 units, which is less than (¢t — 1)im.)

5. Step 5, store Sy in the storage for V;_; B and additional storage, consuming in total (¢ — 1)In units; store S; in

the storage for V;_1 A.

6. to sum up, the total storage is (t — 1)I(2n + 1 + m) = O(tn) units.

3.4 Arbitrary initial term

In this subsection, we consider (3.7) with an arbitrary initial Xo = I''I" = 0 with I" € RI*™;
Xo=1I"r, X1 =2(X,) =CTC+ ATX,(I1+BBTX,)"1A.

Note that (3.15) is the same iteration as (3.7) with a different initial matrix.

Theorem 3.3. Write
Y = [At_lB ... AB B}.

Then the sequence { X} generated by (3.15) is given by
T T\ ~!
_ |V T; T; Vi
e 0 B ) 5
where Vi, Ty is defined by (3.9).

Remark 3.1. Note that (3.16) coincides with (3.10) at I" = 0.

Proof. First examine Xj.

[FCA]T <1+ [FOB} { 0 ]T>1 {F(,;J — C"C 4+ AT (1 + BB T™)'TA

=CTC+ A" r(1+BBTr'r)T'A = Xx.

Then examine the recursion.

CT'C+ ATX,(I+BB"Xx,)'A

T T\ ~! T T
AT T| Vi T; T; Vi T| Vi T, T,
corc [ (oo [ [T L] (e [ (e [ 5
T T T\ ~1
(12) 41 | Vi Ty T; Vi | Vi Vi
- o+A {FAt] (I * [Fn] [FTJ + {FAt] BB [FAt} ) [FAt}A
c 171 1 oc
= | 1A AR T+ viB1[vB 1" VA
L At! Iy |y, T'A'B| |TA'B I AtH!
T
T 0 0 0 0
i N R R A N A A I
TA*B I'Y,| |A*B IT,

(3.15)

(3.16)

-1
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~1
_ | Vin * I+ Tiq T * Vi
At M| | M A+
O

= Xt+1-

Theorem 3.4. Let Q1,Q2,Q3,Q4, W, =1, 5 as in Theorem 3.2. Then the sequence X; defined by (3.16) can be
generated by

c1' [ c

Xt — El (Itfl ® Q1)71 51

= (L1 @W)™! S|’

EF erl E[‘
where

I®Q) ' r— ESZF(I® W) ',

Wr =L+ I T — 21 1(
15— B (I @ W) 15, e RI*™,

r=TA"—Z (I®Q1)"

4]

and
Znr=U ({Q ]) Lism (Vi 1B)Tt lATFT c Rt 1)l><l

Q
—=2,I :ulxm (|:
Proof. By (3.16),

v _ [V "1+t oTrtrt 177w
tT At Tt I1+1rnyrrr A

_ [T+ TT -

- I+ T YFrT — Y, mh (1 + LT Ty rr| |- 1l
IR AR v,
- I+ TIYFErT — Y, mr (1 + T, T T,rr e =r

Zr
1 _

=V, I+ T ) "V, + =L I+ Iny 't -1 (1 + LT ' 0,y Tt =,
I'LTE(I+T,T,F)~'V; and * is used to indicate the same part limited by the symmetry. Similarly

:|) £l><m Vt 1B) ol 1AT[‘T R(tfl)mxf'
I v,
I+ 1,15~ I |TA

where = = At —
(3.11), by (3.14), writing £ = Lxm(Vi—1B), it can be simplified to

=CTC+ A™VE (T4 LL7) VA
EF(I 4+t —rAY, . LI+ L,cT)*1 LY AT Ep

=CT'C+E{(IoQ) 'Z1+55IaW)!
= —1 = — 1 - -1 -
+_,F (I—|—FTtTTFT lT)F(I®Q1) :’,1’['—.:2T’F(I®W) 1.:2)1“) =r,

where
Er=TA" —TAY, 1 LYI+LLY) W A=TA - EF (I Q1) '51 - 5 (T W) ' 5. O

Note that the product of two lower triangular block-Toeplitz matrices is still a lower triangular block-Toeplitz

matrix. Hence writing =1 = {il’c} where =, € RX™,
=1

)

U ({ngTﬁlm(wlB) = Uy ({gﬂ)T [IH ® (CB) + Lixm ({W_OQAD L1® B}

= Uy ({gﬂ)TI“ @ (CB) + Lixn ([EO D I,.1® B,

= Un ((CB)T [gﬂ)T L ([51 ] )

10



—2

Similarly, writing =5 = {;270} where =y € R,

)

s (3] o= e [2]) e ([2])

These can be used to reduce calculations for =1 r and =5 r.

Which choice of the initial matrix I" makes the iteration (3.15) converge? Lemma 3.2 gives an easy sufficient
condition, which can be immediately applied to Algorithm 1, and used to deal with the situation where ¢ must keep
small, as is declared in the illustration on the parameter and output for Algorithm 1 in Section 3.3.

Lemma 3.2. The unique positive semi-definite d-stabilizing solution X, of the DARE (3.3) is an attractor (i.e.,
asymptotically stable fized point) of the DRE (3.7) or (3.15). Moreover, any symmetric matriz X satisfying one of
the two following condition lies in its attraction basin:

1. 0= X < X,;

—_nllA 2 R .
2. | X — X, < ||B(1iBnTHX*XJ§)HleT\| for some n € [0,1) and some norm ||| satisfying ||I]| = 1, ||Ax, || < 1.

As a result, (3.15) with the matriz above as its initial term converges to X,.
Proof. First calculate the differentials.
d2(X) = ATdX(I+BBTX) 'A+ ATXd((I + BBTX) ') A
=ATdX(I +BB"X)'A - ATX(I+ BB"X)"'BBYdX(I + BB*X) A
=A"[I-X(I+BB"X)"'BB"]dX(I + BB"X) '4
=AY 1+ XBBT)"'dXx(I+ BBTX)'A
=AY dX Ay,

where Ax is the closed loop matrix. In order to avoid the appearance of 4th-order tensor, we use vectorization to
obtain

d(vec 2(X))
d(vec X)

Since X, is d-stabilizing, p(Ax,) < 1 and thus the Fréchet derivative at X, has norm less than 1, which guarantees

X, is an attractor.
For the first kind of matrices, by Lemma 3.1, X, = 2(X,) = 2'(X) = 2'(0) — X,, which forces 2!(X) — X,.
For the second one, Writing X — X, = A,

d(vec 2(X)) = Ay ® A} d(vec X) and =AY ® AL,

IAx | = 1I(I + BBTX) ™A
= ||l + (I +BB"X,)"'BBYA|"Y(I + BBTX,)7 4|
<|[[I +B(I+ BY*X,B)"*BTA]7Y|||(I + BBTX,) A
1
1—|B(I+B"X.B)~'BTA|
< [Ax. ||
~ 1-||BUI+BTX,B)"'BT|||A]
n
~ 1 Ax. |

< I(I+BB"X,) 4]

Then we consider
2(X) - X =9(X) - 2(X.)

=ATX(I+BBT"X)'A-AT(I+X,BBT)"'X, A

= AT(I+X,BBT)"Y(X — X,)(I+ BBTX) A

=A% (X — X)) Ax,
which implies || 2(X) — X,|| < n||X — X,|. Thus, 2(X) — X, by reasoning in the same way consecutively. O

According to Lemma 3.2, the compression technique can be used in Algorithm 1 without breaking its convergence.

We roughly describe the process here: after performing Algorithm 1 for a small/mid ¢, a truncation technique (e.g.,

SVD/QR) is used on S to produce S% = I'; then (3.16) is used to generate a new approximation; repeat this process
until convergence. To decrease the number of calculations, the same ¢ is used in each outer iteration.

11



4 CARE

Given a linear time-invariant control system in continuous-time:

&(t) = Ax(t) + Bu(t),
y(t) = Cx(t),

where A € R"*" B € R™*™ (C € R™*™. Suppose the following condition holds through out this section:

‘ (A, B) is c-stabilizable and (C, A) is c-detectable, ‘

or equivalently, rank([A — Al BB™T|) =rank([AT —XI C"C]) =n for any A € C\ C_, where C_ is the open left
half complex plane.
Its linear-quadratic optimal control can be expressed as

arg m(lr)l/ [y®)Ty(t) + u(t)Tu(t)] dt = —BT X, x(t),
w(t 0
where X, is the unique symmetric positive semi-definite c-stabilizing solution X of the CARE [12, 14, 34, 40]:

¢(X):=ATX + XA - XBB"X +CTC =0. (4.1)

Here a solution X is called c-stabilizing, if the closed loop matrix Ax = A — BBTX is c-stable, namely all of its
eigenvalues lie in the open left half complex plane C_.

4.1 FTA and its equivalence to many other methods

Many numerical methods to solve CAREs are based on performing Cayley transformation on the associated Hamil-
tonian matrix

’H:[ A BBT].

cTc —AT
For example, the SDA (3.8) for DARESs is also valid for CAREs. If the initial terms are set by

Ag=T+29K;",  Go=29A7'BBTK;',  Hy=2vK;'CTCA;",

where 27 =A—-~vl,y>0and K, = 23 + C’TC’E;lBBT, then I,, + G Hy, are nonsingular for k£ > 0, and it holds
that Ay — 0, Gx — Y (the solution to the dual CARE) and Hy — X, all quadratically [37]. The special forms of
terms Ag, Go, Hy are given by the Cayley transformation H + (H +~I)(H —~vI)~! in order to generate a structured
symplectic matrix pair, see, e.g., in [24, Section 5.3].

Since the recursion of SDAs for DAREs and CAREs are the same, comparing the initial terms, it is clear that the
SDA for CAREs is calculating a subsequence generated by this DRE:

Xo=0, Xip1=Ho+ATX, (I+GoXy) " Ag. (4.2)

Write Y, = CAS'B, B, = VA ' B(I+ YY) "V2, C) = V2y(I + Y, Y.) " V2CASY A, = T+29A5 — B, YTC,,
and then

Go = 29yA7'BBY (AT + CTCA;'BBT) !
= 29A'B(I + BTA;TCTCA'B) ' BT A" = B, BT,

and similarly Hy = CWTCV, Ap = A,. The DRE (4.2) reads

Xo=0,  Xpy1=0CTC, + ATX, (I +B,BTX,) " A, (4.3)
The form of (4.3) coincides with (3.7). Hence the discussions on DAREs can be adopted to CAREs.
Wong and Balakrishnan [15, 416] proposed the quadratic ADI method
Xo =0,

Xi12(A =71 — BBTXy) = —CTC — (AT +7,,,1) Xy, Ryir1 >0,
(AT =yl = X412 BBT) X111 = —CTC — Xyp1 (A + vis1D),

12



and presented in [15, (10)]

—1
Xy = Crpp + AT X, (T4 B, BY, X)) A

Ye41 T Vi+1 Yt+1 Yt41 Yt+10

which is the same as (4.3) as long as ;41 = 7.

Lin and Simoncini [38] developed the Cayley transformed Hamiltonian subspace iteration
M _ _ 1
|:Nttill:| = (rH _ryt-‘rlj) 1(H +7t+11) [_Xt:| ) §R’Yt-‘rl <0,
Xip1 = —Nei MY
Benner et al. [5] devoted the RADI method, originated from the incorporation technique (which we will illustrate

later), and proved that if the initial approximation is 0 and the same shifts are used, the RADI method is equivalent
to quadratic ADI method and Cayley transformed Hamiltonian subspace iteration, together with invariant subspace
approach in [1, 4] for special cases.

From the analysis above, we can conclude that the FTA in this paper and the SDA are also equivalent to these
methods under the same condition that the initial approximation is 0 and the shift v is consistently used, in the sense
that they all produce the same sequence (subsequence for SDA).

Clearly the FTA, Algorithm 1, can be performed on the corresponding DARE to obtain the solution of the CARE.

Rather than directly using the results in Section 3.2, we borrow the same analysis there and eventually obtain
the following analogies of Theorems 3.1 and 3.2.

Theorem 4.1. Let A =1+ 27Z;1,§ = \/2711;13,5 = \/27024\;1. Write

[ O ] [ Y ]
CA CB Y,
e | |ei B -
Vi= : ; T = . . . ’
_CAtfl_ |CA*™2B ... ... CAB CB Y-y_

T, = Y.,. Then the terms of the sequence {X;} generated by the DRE (4.3) are
X, =V I+T,T5 'V, t=1,2,.... (4.4)
Moreover, {X:} is monotonically nondecreasing, and Xy — X4, the solution of CARE (4.1).

Proof. The monotonicity and the convergence of the sequence are the same as that for DAREs in Section 3.2 and
hence omitted. Only (4.4) is proved here.

It is easy to verify that (4.4) is correct for ¢ = 1. Assuming (4.4) is correct for ¢, we are going to prove it is also
correct for t + 1. By the DRE (4.3),

~ ~ ~ ~ ~ i~ ~ ~ -1 -
X1 = CT(I+ YY) 'C + (A— BY. (I + YY)~ 1C) TV, (I + TtTtT) 7
~ . N N ~
: (1+B(1+YVTY7)—1BT\4T (I+TtTtT) Vt> (A-BYT(I+Y,Y))"1C)
(12) ~ s = AT
= CTI+Y, Y ) 'C+(A-BY I+, Y )'O)'V,!
~ ~ ~ ~ s~ -1 . - ~ ~
. (1 +TIT +V,B(I + YVTYW)*IBTVtT) Vi(A - BY"(I+Y,Y")"'C)
o [T+ Y, YT C

-1
I+ TtiT + ‘ZE(I + Y,YTYW)_IET‘ZT] f/itﬁ _ ‘ZEY’YT([ + Y’YY'yT)ilé

~ () [
I+Y., YT -1
= (%" s ~an s menen oo ~
[+ T, I} +V;BB™V,* — V,BY.S (I +Y,Y.T)~'Y, BTV,
C
V, A

I
' [—1~/,51§1QT(1+1@1@T)—1 1]
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T -1

O [T+ vYf Y, BTV, C
(VA ViBY! I1+T1" +V,BB"V" VA
9T T — ~
— ~C~ I+ NY'L 9 ~Y’Y~ 9 ~O~
V:A B Ti| \ViB T Vi A
= Vil (T + T T ) ™ Vi
Here * is still used to indicate the same part limited by the symmetry. O

Using the notations for Toeplitz matrices in Section 2, we have

o Y, B 0 o] [ Y, 0
T = Lixm ({V;&—lB]> =LeY,+ [glxm(vt_lB) 0] - {VHB Tt—1:| '

Theorem 4.2. Let

~ ~ 0
(Iﬂ +TtTtT) [gﬂ = M . Qi eRX (4.5a)
(Fovp + Ve s BBV, + T T, ) Qs = Vi B, (4:5b)

and W =1, — Q3T‘~/t_1§. Then the sequence X, defined by DRE (4.4) can be generated by

T
& (L@t =
Xe = [52] [ (o [W+wyTy,w))-| | =) (4.6)
where . .
vt ([ B, 2t ([8]) e
@1 0
Proof. By Lemma 2.1 with Y <~ Y,, D;_; < ‘N/t_lé,
;7 Q Q)"
(I +T1") " =Usm ( 2 ) (I® Q1) Uikm ( 2 ) (4.7)
@1 Q1
T
(4] v iy (3]
Then the result follows from (4.4). O

Theorem 4.2 suggests a similar algorithm, Algorithm 2, to approximate the solution of CAREs.
Some remarks are given below to illustrate the algorithm.

Parameter and output

1. Considerations similar to Algorithm 1 have to be made. Eq. (4.6) is not a compact form either, and some
truncation/reduction/shrinking technique may be brought in.

Time complexity Complexity for S, the factor of X;:

1. Step 1, compute ‘Zv and its PLU factorization in n + w

flops.

2. Step 2, compute C, B, Y, in 2n®*m + 2n%l + nm + nl + lm(2n — 1) flops.

3. Step 3, compute Vi, namely CA,CA2,... CA* ! in (t — 1)[2n2l + nl + nl] flops.
4. Step 4, compute V;_1 B in (t — 1)(2n — 1)lm flops.

5. Step 5, Use M-step PCG (suppose one-step PCG is done in NtlIn! flops for fast multiplication where N is a
constant), to compute Q. ., in O(MNt[In®t + In(t1)](I + m)) flops.

6. Step 6, compute W, W in (2¢1—1) ™2+ 4 yp 4 (2m —1)lm+ (20— 1) ™2 flops, and Lg, Ly in 21(1—1)(1+4)
flops.
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Algorithm 2 FFT-based Toeplitz-structured Approximation (FTA) for CAREs

Input: A€ R"*", BeR"™™ C € R>X™ and ~,t

1: Compute A =A—~I and generate the hnear system solver A ! for the sparse A (or its PLU factorization
Aw = PLU for the dense A).

2: Compute (tmp) = U'L'PB,C = \/ﬂC’A\;lby the linear solver or forward/backward substitution, and
compute B = v/27(tmp), Y, = C(tmp).

3: Compute sequentially C'- A,CA- A,... CA"=3. A CA"2. A by the way (tmp)A = (tmp) + 27(tmp)g;1 by the
linear solver or forward/backward substitution, and form ‘7,5 € R**" by stacking C and the t — 1 terms vertically
in order, where the first ¢t — 1 terms consists of ‘7;_1.

_ Y.
4: Compute V;_1B € RE=DIXm and form |~ 7 ~| € Ri#*m™,
Vi1 B

5: Use Preconditioned Conjugate Gradient method to solve (4.5).
6: Compute W = I, — Q3 V,_1B, (tmp) = Y, W, W = W + (tmp) " (tmp) and then the Cholesky factorizations of
Ql = LQLg and W = LWLFIFV

* T
7: Use fast multiplication to obtain $1 = Ui <[g2] LEJT) ¥, € RV and Sy = Upsem ({%3] LVVT) V, € Rtmxn,
1
and form § = {Sl} € Rt(+m)xn
Sz

Output: S which satisfies STS ~ X, € R»*".

7. Step 7, compute [82] L_ [QS} Ly, T'in 13 4 (t — 1)Im? flops; compute S;, Sy in O(2Nntl1nl) flops.

8. To sum up, assuming [ < n,m < n and omitting lower order terms, the total complexity is %n3 +2(1+m)n?+
2lmn + 2Int + 2lmnt + O(MNI(l + m)tIn®t + 2NltnInl) = 2n® + O (t(n® + In>t)) flops.

9. Suppose A is sparse, and the number of nonzero entries is nnz(A). The PLU factorization in Step 1 can be
replaced by an iterative solver with at most P steps, such as CG, MINRES and GMRES. The total complexity
is O(P(m + 1) nnz(A) + Imn + ltnnz(A) + Imnt + MNI(I +m)tIn® ¢ + 2Nltnlnl) = O (t(nnz(A) + n + In’ t))

flops. It is worthwhile to mention that computing 121\; ! or solving the corresponding linear systems is necessary
for all methods like RADI and the Cayley transformed Hamiltonian subspace iteration.

Space complexity

1. The storage is similar to that of Algorithm 1.

4.2 Incorporation technique

In the following, we consider the incorporation technique (a.k.a. defect correction). The key idea is: once an
approximate solution X is obtained, letting the difference from the exact solution X, be A, namely X, = X + A,
the difference satisfies AT(X +A4)+ ()? +A)A+CTC — (X +A)BBT(X + A) = 0, from Wthh an approximation A
can be generated and then X + A should be an approximate solution to the original equation better than X. More
details can be found in [24, 5]. The following lemma is important as the guarantee of the validity of the incorporation
technique.

Lemma 4.1 ([5, Theorem 1]). Let X be an approzimation to a solution to (4.1).
1. A=X, — X is a solution to the equation
(A— BB"X)TA+ A(A— BBTX) + % (X) — ABBTA = 0. (4.8)
2. Conversely, if A is a solution to (4;8), then X + A is a solution to (4.1). Moreover, zf)? =0 and A is a
c-stabilizing solution to (4.8), then X + A is the c-stabilizing solution to (4.1).
3. If X = 0,%(X) =0, then A is the unique c-stabilizing solution to (4.8).

4. If X = 0,4(X) =0, then A=< X,.
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To make the incorporation technique useful for Algorithm 2, the fundamental problem we face is the low rank
factorization of € (X). Let X = X, that we have obtained.

Theorem 4.3. Let 1, € R! be a vector with each entry one. Then for X, defined by DRE (4.3), €(X;) = C¥Cy,
where
Co=C, Ci=C+\27(1f @ L) +T.T)" 'V, (4.9)

Proof. Clearly,

€(X;)=ATX, + X;A+CTC - X,BB*X,
= +29(A— 1)~ "Xs + Xey I+ 29(A = D)+ 29(A = 1)~ TCTC(A - I
— 29X (A—D)"'BBTA-1)""X,
— 2y [(Z DA -D T (A-D) X A Xy(A- D)+ Xy — X, (A— D)T'BBT(A - 1) Tx,).

Note that by (4.4)

X(A-DTB =V I+ LT V(A-1)7'B

O
_vrasnan | | d-noB
e
S
CB+Y,

=V + T
[CA" 2B +..-+CB+Y,
I,

~ ~ ~ ~ Im ~ ~ ~, ~
=V I+ LT | | =V I+ T (1 ® L),

and

[ O

XA =vraaan- | do
_CN«g:t—l

I C(A-I)1
=V I+ T 6+6@_I)71

[C A2 +~~+é+5(271)*1
= VI + T,T5)? ((1t @ I)CA—T)"" + Lixn ([‘ZOJ) 1: ® Iz))
= V(I + L) ((1t ® (A= 1)1 + Lo ([h_f@ [lD ?;) :

of which the last equality is guaranteed by

0 AL E 0 -
~ = CA+C —
() Y B P (MR

CA=24+...+C
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Hence

% (¢(Xy) - CFfC) =(A-1)""CTC(A-1)7!

T
+(A=D"TCTA; @ U+ TT) "WV + Vi Lo ([L 10® IZD (I+TT5) ™

+ VU + LT (@ LCA - DT + VI + TiTF) ™ L ([ —10@ IZD Vi

+ VI + LTV = VAT + LT ' T(1e ® L) (AT @ L) T (1 + TIF) 'V,
—(A-D"CTCA -1 -V U+ TN (L e AT @ )T + TNV
—(A-n "C"af e )+ LTV -V U+ LT ' @ L)CA- 1)

c (1
T 0 _
(o)) @ s mE e ([, )
W, - VY I+ T, ' T(1, ® 1) AT @ L) T (I + T,T) 'V,
~VII+TTH ™ (10 L)AF o L)+ T,T5) "'V,

(I +TiTE) Lo <[1t_10® IZDT + Lixi ([h_l()@ IzD (I + 1)

(I +TT5) 'V,

+ VU + T~

=V I+ T

+(I+TTN) - T(1, @ L)AF @ LT — (1, @ L)AT ® I))

0 T 0
~ =T =~
TiTy Lixa <Lt1 ® IJ) + Lix (Ltl ® IJ) TiT,

(I+T,1T") "'V,

- ‘ZT(I + j:’tftT)71

+ T I —T,(1, @ Iy) (AT @ L) T

:07

of which the last equality holds for

0 ~ ~ 0
Loxt ({h_l ® IZD Tt = Tt Lrxcm ({h_l ® ID ' -

According to Theorem 4.3, we are able to make incorporation easily and solve (4.8). One thing worth mentioning
is that C} is not difficult to calculate. Putting (4.7) into (4.9),

T
B 2] [@Qi)™! E
c=er a2 [0 o wmmn-] ]

where =1, 55 is defined as in (4.6), and

L1 = U ({gﬂ)T (1L, ®L),  Sog=Uxm <[%DT (1, ®1).

Theorem 4.3 gives the detailed form of (4.8) at X = X;. Note that the sequence {X;} can be generated by the
RADI method introduced in [5], if the initial approximation is 0 and the same shift vz = + is used at each step.
If we make incorporation at ¢ = 1 in each iteration, then the process is actually the RADI method. As a direct

consequence, we have the following result.

Theorem 4.4. For X, defined by DRE (4.3) and Cy defined by (4.9),
A= X1 — Xy = 29(C A )T (T + CLA L BBT A T CF)1Cl AL, Ay = A— BBTX, — A1,

[1]

or equivalently, Ay is the approzimate solution to (4.8) at X =X, generated by DRE (4.3) ont = 1.

5 Experiments and discussions

In this section, we will provide several examples to illustrate the new algorithm FTA and compare it with some
existing methods. As is stated in Section 4.1, many methods solve a CARE through an equivalent DARE. Hence
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here we only test the CARE of the form
ATX + XA-XBB'X +CTC =0, A eR™" BeR™™ C e RX",

for the performance of the methods on CARE can be recognized as those on DARE. We will use these methods in
the tests:

e FTA: our FFT-based Toeplitz-structured approximation with the incorporation technique;
e RKSM: rational Krylov subspace method [22, 18, 43];
e RADI+opt: RADI method [5], with the residual minimizing shifts;

RADI+proj: RADI method with the residual Hamiltonian shifts;

NK-ADI4GP: the Galerkin projected variant of Newton-Kleinman ADI method [6, 7, 10, 9];
e iNK-ADI+LS: the inexact variant of Newton-Kleinman ADI method with line search.

All experiments are done in MATLAB 2021a under the Windows 10 Professional 64-bit operating system on a
PC with a Intel Core i7-8700 processor at 3.20GHz and 64GB RAM. The implementation of RKSM comes from the
source codes from Simoncini’s homepage' with some modifications; we use corresponding functions in the package
M-M.E.S.S. version 2.1 [12] as the implementations of the last four methods.

The methods are intentionally chosen: RADI is the recommended method by the package M-M.E.S.S.; and it is
usually one of the fastest methods among the non-projective methods, and two different shift selection strategies are
used, for there does not exist a definitely good one and both strategies are good in many tests; the two variants of
NK-ADI are Newton-type methods; RKSM is a projection method. On the other hand, FTA, SDA, RADI, quadratic
ADI and Cayley transformed Hamiltonian subspace iteration are theoretically equivalent if the shifts are the same;
the last three are of the same type, so only one of them, namely RADI, is chosen; SDA is appropriate for small-to-mid
scale dense problems, so we give up putting it into comparison.

Since classical performance indices behave very different in different methods, we directly use the accuracy vs. the
running time to compare. The accuracy is measured by

NRes(X) := 1€X)|r  |ATX + XA - XBB"X + CTC|lp
- Hcg(O)HF B ”CTCHF .

In the following, three examples are tested, where the results are shown in Figure 5.1.

For the parameters, in FTA, we choose some v and use t = 64 in one round, and then do incorporation with
another v and ¢ = 64 until the convergence. Since = is a shift on the matrix A, the choice of 7y with the same magnitude
of the matrix A would perform well. In the following examples, we use a positive number consisting of one random
digit and a hand-picked magnitude as . For instance, v = 8 x 10~7 is used in Example 5.1, where 8 is random chosen
and —7 is hand-picked (in fact picked according to the choice in SDA). In our tests, the digit is not as important as
the magnitude on the convergence speed; for example, in Example 5.1 FTA with v =5,6,7,8,9,10 x 10~7 performs
nearly the same. In addition, since FTA share the same theoretical convergence with SDA, the strategy of choosing
~ in SDA (see, e.g., [24, Section 5.5]) should work in FTA, so should the sensitivity to .

Each of the other five methods has its own way to choose shifts, so we leave the task for their own. Similar
arguments apply for the following examples.

Example 5.1 (Rail). The example is a version of the steel profile cooling model from the Oberwolfach Model
Reduction Benchmark Collection, hosted at MORwiki [41]. The data include A < 0, F = 0, B, C with n = 79841, m =
7,1 = 6. Since we only focus on solving the CARE, F is simply dropped.

For the parameters, in FTA, we use a heuristic shift v = 8 x 10~7 and in each incorporation step v < v/1.01.

In this example A < 0 and thus c-stable, which implies the properties of this problem are good. This results
in the fact that all methods converge. We can see that the FTA is the slowest one among all the six methods.
This phenomenon is reasonable. FTA and RADI are theoretically equivalent, while the only difference is that RADI
has much more chances to choose different shifts to accelerate its convergence. Good shifts largely accelerate its
convergence, and on the opposite, bad shifts would slow it down. RKSM and NK-ADI also benefit from the choice
of shifts.

Example 5.2 (Lung2+). The example is generated in this way: A is the matrix lung2 in the SuiteSparse Matrix
Collection [16] (formerly the University of Florida Sparse Matrix Collection), modelling temperature and water vapor
transport in the human lung; B, C are generated by MATLAB function rand. Here n = 109460, m = 10,1 = 10.

Thttp://www.dm.unibo.it/~simoncin/software.html
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For the parameters, in FTA, we use a heuristic shift v = 5 x 10% and in each incorporation step v < 7/1.01.

In this example A is nonsymmetric and the eigenvalues of A lie in the right half plane, namely A is c-anti-
stable, or —A is c-stable. None of RADI+4-opt, RADI+proj, and RKSM converges. NK-ADI4+GP and iNK-ADI+LS
both report that non-stable Ritz values were detected and terminated the process. Only FTA produces a good
approximate solution. This tells that the other five methods strongly rely on the stability of A. For example,
a sufficient condition for achieving the convergence is that A is stable and the shifts -y, satisfy the non-Blaschke
condition EZ;’C{ ﬁ%’% = —oo [39]. However, the FTA works well even for the case that A is not stable, which
implies that in this sense the FTA is more robust with respect to the spectrum of A.

Example 5.3 (Lung2—). The example is almost the same with Example 5.2 except that the matrix lung?2 is used
as —A rather than A.

For the FTA, we still use a heuristic shift v = 5 x 10 and in each incorporation step 7 + 7/1.01.

In this example A is nonsymmetric and c-stable. Note that the only difference between RADI+opt and RADI+proj
is the different shift selection strategies. RADI+opt tends to converge fast but finally stays at a low accuracy;
RADI+proj becomes convergent very late but soonly converges in a very short time. The phenomenon illustrates
that the choice of shifts fatally affects its speed of convergence. The iNK-ADI+LS converges very slowly, while the
NK-ADI+GP reports that non-stable Ritz values were detected again. The RKSM converges in a fairly good speed
but finally slow down. The FTA converges steadily in a predictable speed.

In another view, compared with Example 5.2, the running time of the FTA is nearly the same for different A’s,
so the running time is predictable and can be estimated in advance.

Example 5.4 (Hcircuit). The example is generated in this way: A is the matrix hcircuit in the SuiteSparse Matrix
Collection [16] (formerly the University of Florida Sparse Matrix Collection), modelling a circuit without parasitics;
B, C are generated by MATLAB function rand. Here n = 105676, m = 10,1 = 10.

For the parameters, in FTA, we use a heuristic shift v = 5 x 10 and in each incorporation step 7 < 7/1.01.

In this example A is nonsymmetric and the real eigenvalues of A lie in [—1,86.3], namely A is neither c-stable
nor c-anti-stable, or equivalently neither of +A is c-stable. None of RADI+opt, RADI+proj, and RKSM converges,
and RKSM terminiates in the midway, reporting that the projected Riccati equation does not have a finite solution.
NK-ADI+GP and iNK-ADI+LS both report that non-stable Ritz values were detected and terminates the process.
Only FTA produces a good approximate solution. This tells that the other five methods strongly rely on the stability
of A, as is illustrated in Example 5.2.

Summarizing the numerical results, we see that the FTA has two significant features:
1. FTA is robust in some sense and it converges no matter how the property of A is;

2. FTA has a steady convergence rate and the execution time is predictable, although in good cases it may converge
slowly compared with other methods.

Moreover, it is easy to see that if A is dense, FTA needs the LU/PLU factorization only several times, while the
other methods need as many as number of iterations, according to the number of used shifts.

6 Conclusion

We have presented our FFT-based Toeplitz-structured approximation method for computing the stabilizing solution
of large-scale algebraic Riccati equations with low-rank structure. It is shown that the closed form given by operator
theory under good assumptions is also valid for the general case, which is proved by matrix analysis. It is quite
natural to ask whether the closed form can be directly produced by the analysis of unbounded linear operators, which
would be a difficult task for future work. On the numerical front, our method works robust in some sense and few
parameters are needed. As the readers may see, there is still possibility to improve the behavior by adopting more
techniques. However, to keep this paper compact and concentrated, we leave it for another work.

A Displacement rank and Toeplitz matrix

In order to prove Lemma 2.1, we first give a few results to the displacement rank and Toeplitz matrices, and interested
readers are referred to the review paper [33] and the references therein.
For any matrix R € RP"*P" | jts (+)-displacement rank a4 (R, p) with respect to block size p X p, is defined by

oy (R,p) == rank, (R — Z, ,RZ,) ), a_(R,p) :=rank,(R — Z,, ,RZy ),
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Iin—-1)p
R"PXP over the ring RP*P. For the case p = 1, rank,(-) = rank(-), the ordinary rank of matrices in R™*".

The definition is based on the following result, namely Lemma A.1.

where Z, , = [ 0} , and rank,(-) is considered as the rank of the linear transformation on the module
pnXpn

Lemma A.1 ([32]). Given R1, Ry € RP"*P and R € RP"*P", then

R—Z,pRZ, , = RiR; <= R=Ly,(R1)Lpxp(R2)",
R—Z) ,RZy, = RiR; <= R=Upxp(R1)Upxp(R2)".

Lemma A.1 implies that for a matrix its displacement rank is related to how it can be expressed as a sum of
products of block-Toeplitz matrices, as is shown in Lemma A.2.

Lemma A.2 ([32, 31, 33]). Given a matriz R € RP"*P™,

1. Its (+)-displacement rank oy (R, p) is the smallest integer B such that R can be written in the form
= Zﬁpo(Ri)upxp(Ri)a (A.2a)

where R;, ]?21» € RPX¥Pp,

2. Its (—)-displacement rank a_(R,p) is the smallest integer B such that R can be written in the form
R=" Upxp(Ri) Lypxp(R:), (A.2b)

where R;, éz € RPxP,

3. If R is symmetric and positive semidefinite, (A.2a) and (A.2b) can be replaced respectively by
R= Z Lpxp(Ri) Lpo(Ri)Ta and R= Zupo(Ri)upo(Ri)T-

4. If R is nonsingular, then ay(R,p) = a_(R71,p),a_(R,p) = as (R71,p).

Lemma A.2 demonstrates the relation between the displacement ranks of a matrix and its inverse, which is actually
the theoretical foundation of the fast and superfast algorithms on Toeplitz matrices.
The following result, namely Lemma A.3, gives an expression of the inverse related to the displacement rank.

Lemma A.3 ([20]). Given R € RP"*P" suppose

Q1 Qf}
Q1 *

_ [ * Qs
QY Qap

1. R is nonsingular, and R™! = { } where Q1.+, Q2 € RP*P are nonsingular;

*

*
2. R—Z,,RZ} = [* Dy 5D

are +1;

] where Dy, Dy € RP=1DXP gnd 57 is a diagonal matriz whose diagonal entries

3. writing R = {: I;Lk] where Ry, € RP(=Dxp(n=1) " there exist Qs3,Q% € RP(=DXp qyeh that RyQs =
Dy, QY¥R, = DT.
Then

T
R = —Upxp <{0§:J) (In ® Ql,t)_lupxp ([Qf OpxP]T)
+Upxp ([C?;J) (In ® Q2,5) " Upxp ([Q% Q2,b]T)T

+ Upxpa ({0 Ws D (In @ W)™ Upspa ([Q% Oanp]T)T, (A.3a)

pPXpa

21



or alternatively,
R™' =Ly <[%1jD (1 ® Qu) ™ Ly ([Qu QHT)T
— Lpxp ([O&”D (I, ® Q2) " Lypxp ([opx,, QZ@]T)T
— Lpxpa ([O’g?’jab (I & W)™ Lyspa ([Opaxp Qé]T)T : (A.3b)

where W = X — Q¥ D, .
Moreover, if R is symmetric, then there exists a factorization to make Dy = Ds; for that case, (A.3) can be

rewritten by Q¥ = QT, QL = QT, Q% = QF.

_ T
Remark A.1. Item 2 of Lemma A.3 implies that R — Z;f,pRZmp = { Dl*ED2 j .

Note that (A.3) presents a sum of a + 2 products of block-Toeplitz matrices, in which the number of terms may
not be the smallest one, namely a(R,p).

In the following, we will derive a sum of the a (R,p) = a_ (R™, p) terms, called a shortest sum, to coincide with
Lemma A.2. Using the same way a sum of a_(R,p) = ay (R, p) terms can also be derived, so we omit the details.

. Ri1 Rio T Ry Ry .
Write R [R21 R, } , and then R~ Z,, ,RZ, , Ry DyEDY| Thus, a < a4 (R,p) < a+2, provided that

rank(D; X DY) = rank(X) = pa.
On the other hand, by (1.3), under sufficient nonsingular conditions, it is easy to have

{Ru R12] ' [Rn + Ry Ri2(Rs R21Ran12) 1R21R11 —RlllRm(Rs—3213111312)_1}
Ro1 R, —(Ry — Ry Ry*R12) 'Ry Ry (Rs — Ro1 Ry' Ry2) ™!

(Rll —RppR; 1R21) —(Ri1 — Ri2R;'Roy) ' RioR;!
—R;'Ro1(Ri1 — R12R;'Ro1)™ Y R;'+ R7'Ro1(Ri1 — RiaR;'Ro1) 'R R;?
Compared with the conditions,

Q= *R;1R21Q1,t, Q1L = *QuRuR;l, Q1 = (R — R12R51R21)71

If ar(R,p) = then it has to hold that R — Z, ,RZ} = S{Ll8 5Dy f S1, 52 € Rpaxp
a4 (R,p) = a, then it has to ho a npBZn, = D15, D, DT or some 57,53 .

Clearly 51,55 are of full column rank for R is nonsingular. Noticing X~! = X, we have
Q1 =—R;'D15:Q11 = —Q352Q1 .1,

Qf = —Q1,:ST Dy R = Q1,57 Q%
Q= (STX718, — STDIR;ID,Sy) ™t = (ST 5718, — STQED,Sy) ™t = (STWSy) !

Thus
ey (|9]) (& @t (108 07)'
Uy, ([ Q352Q1 tD (1 Q1) Upy ([~QuSTQS 0]T>T
S QB) (50 © 52Q1.0)(In © Q1) (I © QST Uy ([QF 0]")"
—upoa< %3 ) I, ® $2Q1,45T) pxpa([ ¥ O]T)T
=ty ([9]) (& 5T 5D e (105 0)")"
Note that o

[W—l — S, (STWS,) Sﬂ WSy = 0.
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Complement S; to a nonsingular matrix [5’2 Sg], and then

—1 ¢
(Wt =5 (sTws,) ST WS, s5] =[S, S5 [Opox;: — (STWSs) S;FWSQ:|

Ipa—1)
_(QT -1 ot ¢
= [52 S‘ﬂ { (51 VV]S2) S WSQ] [0 Ip(a—l)]7
pla—1)

whose rank is p(a — 1). Write

Wl — [52 SS:I |:— (SlTWSQ)71 SlTWSE:| c Rpaxp(a—l)’

Ip(a—l)
WE=1[0 I ] [S2 S5 W eRple-bxpa

and then W=1 — S, (SlTI/VSz)f1 ST =W WE. Hence
T T
R =Upx, ({Q%i]) (In ® Q2,0) ™ Upxyp ([Q% QQ,b}T) +Upxpa ([%ﬂ) (I, @ WiWE) Upx pe ([ 5 O]T)

T T
=Upxp ({gjj) (I, ® Q2,) ™ Upxyp ([Q% Q2,b}T) +Upxp(a—1) ({ng%})upw(a—l) ([WIL 5 O]T) :

(A4)
If ay (R, p) = o + 1, then it holds that
Sty-1s, STDY Ss  Df
_ T _ |P1 2 12 3 3
P AN .
8?2_152 S?Dg S3 0
o [ DSy DyEDY| T Dy 0 (A.5b)

for some S1, Sy € RP**P, S5 € RP*P and D3 € RP(*—1)xp,
Consider (A.5a). Then,
Q1= —R;'D15:Q1+ = —Q35Q1.4,
Qf = —Q1.4(SI D3 + DR = Q1,57 Q% — Q1.4D3 RY",
Qi = (STX™ 1Sy 4+ 83 — (ST Dy + DI)R;'D1S9) ™!
= (STX718y 4+ 83 — DIQ35, — STQLYD,Sy) ™!
= (S35 — DT Q38 + STWSy)~1.

Thus,
ey (%)) (120 @10ty (f0F 017)"
=ty (|70 ) (10 Q1 ey (1= QuesT R = @uuDf R ")
=ty (| ] ) 10 52010000 © @) (100 QST e (05 0]7)'
Fthpga (| 3] ) (& 9200000 0 1071 0 QU (IR 0])”
= e (| B]) 12 0 520087t (105 07"
+Upspa <[%3]> (I © $3Q1,0) Upsp ([DT R o]T)T
= g (| 3] ) (& 52050 - DFQuS2 + STWS2) STty ([F 0)7)
+ Upxpa ([%1) (In @ S2Qu,t) Upxp ([DgRs_l O]T)T
Since

W1 — S5(S3 — D3 Q352 + STWSy) ™1 ST = W1 (W — WS5(S5 — Dj Q382 + ST WSy) ' STw) w1
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1.3 _ _ - _
=1 (W1 4 85(S5 — DFQ3S2)~18T) " W
= (W + WSs(Ss — DY Q3Sy) " STW) ™" = Wit

we have

i (]
+Upxpa (
|
<

> n®Q2p)" Upxp ([Q% Q27b}T)T
{ }) (In & W)™ Upcpo <[Q§ O]T>T*upxr>a <[%5]> (I"®52Q1,t)upxp<[DgRs_l O]T)T
) n®Qap) Upxp ([Q% Q2,b}T)T

([

+ Upxpa [%3}) 0 @ W) Upspa ([Q§ — W182Q1 DT R o}T)T
(A.6)
Similarly, for (A.5b),
T
R = Upxy ([éﬂ) (In ® Qa2.5) " Upsxyp ([Q% Qz,b]T) (A7)

+up><pa ([QS - RS_lD()?)QLtSFWl:D (In ® Wl) poa ([Qs O]T)T,

where W, =W + WSQ(Sg — S?Qng)_IS?W
To sum up, we have Lemma A .4.

Lemma A.4. Given R € RP"*P" guppose the conditions in Lemma A.3 hold. Then o < ay(R,p) < a+ 2, and the
following statements hold.

1. if ax(R,p) = «, then (A.4) is a shortest sum.
2. ifar(R,p) = a+1, then (A.6) or (A.7) is a shortest sum.
3. if ar(R,p) = a+ 2, then (A.3a) is a shortest sum.

Moreover, if R is symmetric, then there exists a factorization to make Dy = Ds; for that case, (A.4), (A.6), (A.7)
and (A.3a) can be rewritten by QF = QT, Q%Y = QY, Q% = QT, S, = S5, D3 = 0.

Then we devote Lemma A.5.

Lemma A.5. Given Y € RP1*P2 YL c RP2XP1 D, | ¢ RP1(t=Dxpz DL ¢ Rpexpi(t=1) et

_ Y _ Y 0 p1tXpat
Ti = Lyixps ({Dt—1:|) B |:Dt—1 Tt—1:| €R ’

T L pL
T} = Lo xps ([YL Dthl]T> - " Dfl € RP=txPit,
! 0 T,

If I, — T, TF is nonsingular, then
Ly—1 Q2 1 I ™T
Ut =TT = Ui (| 2| ) U2 Qi)™ gy (@5 Qaa]”) (Aga)
T
+Z’[P1 Xp2 (|:0 Qj :|) (It @ [W + WYLYW])iluzh Xp2 ([Qé 0;02><P1]T> )
P1Xp2

where the following equations are solvable and Qap, W + WY LYW are nonsingular:

Q3 ( p1(t—1) — thlDthl - ththLfl) = D,gl;l, (A.8b)
(Ipyt — Dy_1Df | = T,1TE 1) Q3 = Dy, W = —(I,, + Q¥D;_1), (A.8c)
(QF  Qop) (I, —TTF) =10 I,], (A.8d)
(Ipie = TVTY) {QQ } = { 0 ] ) Qa,p € RPYXPL, (A.8e)

QQ b p1
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Proof. First consider the case p; = ps = p. Since

—YYEL —-YDE |

1
I,—T,TF =" ,
v [ (t—1) = Dim1Dfy — Tt—thL_l]

-D; 4 YE I

p
and

(Ijp — TVTE) = Zup(Ipy — TTH) Z = 1y — 20,2, — TVTF + 2, T, T 2,

[ 1 [Y o[t i, [0 oo T
0 Dyy Tyq| |0 TE, ;1 0[]0 O

I, -YY' —YDE,

=|-D,_,Y* -D,_\DE,

tp

we have a (I; — Ty TF,p) = 2. By Lemma A .4, since a = 1, the case falls in Item 2 with substitutions
D3 40,83 I,,D1 + Dy_1, X < —I,4_1),D3 < Df 1, 5] + Y, « Y.

Then (A.6) (or equivalently (A.7)) becomes
. ™T
(It = T, TE) ™" = Upxy ({ }) L ® Qap)  Upxyp ([QZL Q2.5] )

ey (|3]) o4 Wy Py W), (104 07)

where Q2, Qa2.p, Q%, Q3,QY, W is as in (A.8).
Then consider the case p; > py. Complement Y to a p; X p; matrix ¥ = [Y 0] and similarly for D;_; =

~ AT L
[Di—y 0] ,YE = P; ] ,DL | = {DB‘l}. Immediately we are able to use the result above on the case p; = ps to

Y .~ 1M\
obtain [Iplt — Loy xps < B )Eplxpl <[YL DtL_l} > . Note that
t—1
* *
- r [x 0 % 0 0 0
Yy . T
‘Cp1><p1 n ‘CP1><Z71 (|:YL DtL—1:| ) = ¥ *
D 4 0 0
*x 0 *x 0
[« % -] [ *
R

Y T
- ;Cp1 Xp2 <|:Dt1:|> £p1><p2 ([YL DtLil]T) .

Thus, Q2 = Q2, Q% = QZLv@Q,b = @2, and Qs = Qs 0], @3 = {QB} Therefore,

L 7 _ L
oot [ 0-[ 2 ][

1 L N e

— ] ?
P1—p2

WYLy — {W

-1

P1—p2

Hence

Upsxpy ([%ﬂ) (I, & [W 4+ WYLYW) ™ Uy, xp, ({~§ O}T>

*

£« 0 % 0 - —I

O % O *
O *x O %
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=Up, xps ({% D Iy @ W+ wWytyw])—1

Finally consider the case p; < py. Complement Y to a py X ps matrix Y = [g] and similarly for ﬁ;r_l

1><P2([Q O}T)T'

[* 0 = 0 ] where D | = [* * ~-], and YL = [YL 0],ﬁtL_1 = [* 0 = 0 ] where DI | =
Y Y ~ D

[* * ] To make things clear, two permutations P, P, are used to make P = |Dy_1|,PsDy_1 = [ 6_1}.
t—1 0

So [V Df,|PT=[v* DF, 0],Df,PF=[DF, 0] and

Y

Dy

P ‘sz Xp2 (

) _ [ﬁmxpz ({

0

L))

- \7T T
Lpaxpe ([YL DtL_l} ) Pt = [Eplxpz ([YL DtL—l}T> O} :

-1
~ . 1\7
Then we use the result above on the case p; = p2 to obtain [Imt — Ly xps ( g ) Ly xps ([YL DtL—l] ) 1 .
t—1
Note that B -
Y ~ ~ T
P Ipzt - ‘Cp2><p2 o ‘CP2><P2 ({YL DtL—l} ) Pt
Dty
Y 7T
_ [I]ht - £p1><;02 <|:Dt1:|> Epl X p2 ([YL Dthl:I ) ] '
T(py—p1)t
Thus,
0 % ™™ 0
5 ~ ~
P22 =P Ly — Loy, ( 5 )cmxpz ([YL DE] ) PP L }
2,b t—1 P2
_ _ 0
Y ™I
— {Iplt - £P1><;Dz <[D ]) ‘C;D1><P2 ([YL Dthl] ) } [Ipl 0]
t—1 0
L Tip,—piyt 0 Ip ]
I Y ™Il [0
_ I:Imt - ‘Cp1><p2 <|:Dt—1:|> £p1><172 ([YL DtL—l] ) :| [Ip1:| 0
0
0
|:Ip2p1:|
Qz
_ | [@zp
|:P2 ;D1:|
. ~ 0 ~ Q2p 0
d similarly, |Qk pr_ [[QF Q] ].Th fore, :[2’ ] d
and similarly [QQ ng { [0 Ipz—zn] erefore, Q25 0 Lo an
~ - n\T
PlUpxps (lQ% )PTP 1 Qo) PP Uy, ([Q% Qs ) Pt
_ T T
_ Up, xp: <[Q2 J) 0 [(It®Q2,b) 1 } Upxpy <[QQL Qz,b] ) 0 ‘|
L I(Pz —p1)t I(pz_pl)t 0 I(P2*P1)t

v (105 @2a]™)

i (| o
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Similarly,

~ 1 ~
PQs =PI PIP.D,

P2

—1
= [[Ipl(t—l) _thlDtL—l _ththlLl] ] [Dt—l} _ {Qz’)] ’
Ipy—pye-n) L 0 0

(t—1) — f)tflf)fq - ﬁflftel}

and similarly, Q% PT = Q% 0], and then

W =—1I,, — Q¥PIP.Diy = ~1p, — Q§Dia = W,
Y

WwyLviy — L
WYrtYw =w [yt 0] [0

} W =wYLyw.

Hence

Plp,p, ([%D (L@ W+ WYY W)™ Uy, s, ([@§ 0}T>TPT
= _umm Q%BD (I, & W+ Wy Lyw))—t |Uose ([(?g O]T)r
I 0
_ _uplx,,z ({%ﬂ) (I @ W+ WYLYW) ™ Uy, i, ([Qg O]T)T . 0
0

Finally, Lemma 2.1 comes out as a corollary.

Proof of Lemma 2.1. Use Lemma A.5 with Y = —(YX)T D,y = —(DE )T, Then we take Q2 = Q1 to obtain the

result. O
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