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Abstract

This paper focuses on the model reduction problem for a special class of linear
parameter-varying systems. This kind of systems can be reformulated as bilinear
dynamical systems. Based on the bilinear system theory, we give a definition of the
‘H norm in the generalized frequency domain. Then, a model reduction method is
proposed based on the gradient descent on the Grassmann manifold. The merit of the
method is that by utilizing the gradient flow analysis, the algorithm is guaranteed to
converge, and further speedup of the convergence rate can be achieved as well. Two
numerical examples are tested to demonstrate the proposed method.
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1 Introduction

Linear parameter-varying (LPV) systems are usually used to represent lineariza-
tions of nonlinear systems along certain state trajectories. Those trajectories are
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unknown in advance, can be time-dependent and can only be measured online. One
simple example is the aero-elastic dynamics of an aircraft depending on the wind
speed and the altitude, which are both unknown and cannot be modeled by any func-
tions of time. A natural idea is to treat the parameters as extra input signals and
bring the LPV system into the form of bilinear dynamical systems [3]. Once the sys-
tem is in such a form, bilinear model order reduction techniques can be applied to
reduce it.

The bilinearization approach is first introduced in [3]. In [28], a gradient flow
method is applied to solve the bilinear model order reduction problem. However,
the authors did not discuss the convergence of the method in terms of the projection
matrix. The definition of system Gramians and the associated generalized Lyapunov
equations are given there as well. Based on the generalized Lyapunov equations,
interpolation-based 7, optimal methods such as bilinear iterative rational Krylov
algorithm (BIRKA) and multipoint Volterra series interpolation methods are devel-
oped by [4, 15], respectively. To overcome the stability preservation problem, two
approaches are developed [8], which are variations of the BIRKA method. In [9],
Bruns considered the geometric nature of the projection matrix and developed a
fast gradient flow algorithm (FGFA) and a sequential quadratic programming (SQP)
method to find the (locally) optimal projection matrix, which is a generalization of
the linear time-invariant (LTI) system cases proposed in [26]. For more works on
model order reduction for LTI systems in this direction, i.e., model order reduction
by Riemannian optimization methods, we refer to [22, 23].

The work presented in this paper focuses on the gradient flow method proposed by
[9]. Since a first-order optimization method is applied, we are interested in speeding
up the convergence rate of the optimization algorithm by bounding the line search
step size. Following the work for LTI systems [27], two types of upper bounds of the
line search step size are proposed. The first one is uniform in every iteration but quite
conservative. The second varies over each iteration and speeds up the convergence
rate significantly.

The paper is organized as follows. The remaining part of this section briefly
reviews the bilinearization approach, which turns an LPV system into a bilinear
dynamical system. Section 2 shows the basic system theoretic aspects on stability,
system Gramians, and the associated generalized Lyapunov equations. The upper
bounds on the Gramians and the definition of the H; norm are given in this section
as well. Then, the model order reduction problem is formulated as an optimiza-
tion problem in Section 3. The gradient flow analysis is applied to find the upper
bound of the line search step size, which can guarantee convergence of the optimiza-
tion algorithm. Numerical examples are tested in Section 4. Section 5 concludes the

paper.
1.1 Bilinearization of LPV systems
Consider the LPV system as follows:

£(t) = A(p(1)x(1) + Bii(r),

¥(6) = Cx (1), (4.h

() : {
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withx € R", i1 € R™, y € R4, and p(r) € R"». In many applications, the matrix
A(p(?)) has affine dependence on p(¢), i.e.,

A1) =A+)_ Aipi().

i=1

If A (p(1)) does not have affine parameter dependence, first-order Taylor expansion
can be used to approximate A(p(¢)), which results in an affine parameter-dependent
system. Better approximation of non-affine parametric matrices can be obtained by
empirical matrix interpolation (see, e.g., [6, 19]). To bring the system (1.1) into a
bilinear dynamical system, we first augment the input signal as follows:

N T
u(t) = (i) pi(®) ... pn,(®)) .
Using the following notation,

N;: = 0n><naj=1,2,...,rﬁ,
J Ai, j:l’;’l+i,i:1,2,...,nP,

a bilinear dynamical system is obtained as follows:

. {)'c(t) = Ax(t) + 27 Njx(0u (1) + Bu(1), (1.2)

y() = Cx(1),

where x € R", u € R™, and y € R?. The constant m is defined as m := i + n,.
The model order reduction problem considered in this paper is to find an
orthonormal matrix V € R"*" with r < n such that the reduced-order system

Xt

s RO =VTAV@0) + X7 VIN;Vx(tu @) + VT Bu(), 13
() = CVa o), -

minimizes the difference || Xy — f)bl || between the original system and the reduced-
order one. In this paper, the > norm is considered to quantify the distance above,
which will be defined in the following.

The method described in (1.3) is a Galerkin projection approach to model order
reduction, while a Petrov—Galerkin-type method would be used when replacing V "
with some W such that W'V = I,. Note that in case A is symmetric negative
definite as it is often the case in applications, asymptotic stability of (1.3) is automat-
ically preserved by the Galerkin projection [9, 10] in contrast to the bilinear iterative
rational Krylov algorithm (BIRKA) [4] and other Petrov—Galerkin-like methods.

2 Bilinear system theory
Some basic system theoretic aspects are discussed in this section. We review the

stability definition and stability criterion in the literature. Then, we focus on the
system Gramians, which play a significant role in the model reduction procedure.
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Based on the convolution kernels (Volterra kernels) and the generalized transfer func-
tions of the bilinear dynamical system, the H, norm is defined, which quantifies the
difference between the full-order system and its reduced-order duplicate.

Recall the bilinear dynamical system given by (1.2). Assume that the system input
satisfies u(t) = 0, ¢t < 0, and the zero initial state x (0) = 0. The state of the bilinear
system given by (1.2) has a Volterra series expansion [17]:

0 oo 00 m
x(t) = Z/O ... /0 Z eA(l—fl)Nj] eA(Tl—Tz)szeA(Tz—B) .
i=1 1

Jtaj2senji=
Nj_1 =1y (7)) - - uj, (r)d T - - - d, (2.1)

where b, is the j;th column of B. Itis proved in [28] that if the above Volterra series
converges, it converges to the solution of the system in (1.2). For a bounded input, the
Volterra series converges on any finite time interval. The system stability can then be
interpreted in terms of the Volterra series.

Definition 1 (BIBO stability) The bilinear dynamical system X;; given by (1.2) is
bounded-input bounded-output (BIBO) stable, if for any bounded-input, the output
is bounded on [0, 00).

Since the output is determined by the Volterra series in (2.1), the system is BIBO
stable if for any bounded input, the Volterra series converges on [0, 0o). Unlike for
LTI systems, the stability of bilinear systems relates not only to the eigenvalues of A
butalsototheboundof N;, j =1,2,..., m.In general, if the spectrum A(A) C C™,
then there exist two constants i > 0 and ¢ > 0 such that

eIz < ce™/2, 1 > 0. 2.2)

Assume that ||u| := /27’:1 lujl> < M with M > 0. Let k = Z;’Ll [[N;ll. Then,

we are ready to give the stability criterion of a bilinear dynamical system.

Theorem 1 ([28]) The Volterra series (2.1) converges on the time interval [0, 00) for
any bounded input if the following two conditions hold,

1) The matrix A is stable, i.e., the spectrum A(A) C C™.
1%

ii) The matrices N; are sufficiently bounded, i.e., k < M-

Reachability and observability of bilinear dynamical systems can date back to the
early work of [11]. The definitions are quite standard. In simple words, a bilinear
system is reachable if for any state in the state space, there exists an £ input function
to steer the system from the zero state to the desired state in a finite time interval. A
bilinear system is observable if any initial state can be uniquely determined from the
input-output pair (u(¢), y(¢)) in a finite time interval which contains the initial time
to. For a more comprehensive discussion of reachability and observability, we point
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to [11, 13]. As an alternative, one can also reformulate the bilinear dynamical system
as an affine nonlinear control system (ANCS) as follows:

X(1) = Ax(t) + 21 (Njx (1) + Bju,(1),

y(t) = Cx(1),

and define the reachability and observability in the sense of distribution algebra [20].

Recalling the input-to-state Volterra series expansion in (2.1) and changing the
variables [7], we can write the input-output mapping as

00 00 00 m

(@) = Z[ [ Z CeAtile eAli_lezeAti_z T Njifleml :
. 0 0
i=1

YANCS : {

Jis g2 ji=1
bjl.ujl(t — ) -uj,.(t —ti—---—1tdty - - dt;. 2.3)
Correspondingly, the convolution kernels are
RVt L 1) = CeMiNG AN M2 NG e (2.4)

One application of the convolution kernel is to quantify the system energy [5]. The
reachability Gramian represents the input-to-state energy, which can be written as

o 00 00 0
R= Z/O /0 PP dty - dt; = Z Ri (2.5)
i=1 i=1

with
P = ¢4 B,
Pi=eY [N ...Nu|Un®Pip), i =2,3,...,

where ® stands for the Kronecker product and I, is the m-dimensional identity
matrix. A close observation of (2.5) shows [28] that R;, i = 1,2, ..., satisfy the
following equation:

AR +RAT+Z,_1=0,i=1,2,..., (2.6)
with
Zo = BB,
Zi=NUn®R)N', N=[Ni ... Nu].

The matrices R; thus satisfy

o0 T
R = / Az et ide. 2.7
0

Theorem 2 a) The reachability Gramian R given by (2.5) exists, if the following
two conditions hold

1) the matrix A is stable, i.e., the spectrum A(A) C C™.
ii) the inequality n < . /it/c holds, where u quantifies the decay rate of el as

in(2.2), n = /1 27— NjN] Il
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b) Ifthe reachability Gramian R given by (2.5) exists, then it is bounded by

BB,

Rlle = —/=22,
IRl = == 5

where || - ||o s either the 2,2-induced matrix norm or the Frobenius norm.

Proof Recall the expression for R; in (2.7). The integrand has the upper bound as
follows [27]:

. T, ot
e Zi e o < A Zioy lloe M (2.8)

Then, we can show that

|Rille < ” leAtiZ ATt lodt; < 1 Zi—1]| Oo —ti gz AlZizille
| ille = e i—1€ odlj = ¢ i—1lle e P = —IVL .
0 0

Since R is an infinite sum of R;, we have the following:
%) [ 2 00
Y Zialle
IRIe= 1D Rille <D lIRills < +
i=1 i=1

Noting that Z;_1, i = 1,2, ..., are given as
Zo=BB', Zi=NU, ® R)N ",
we can derive that

1Zolle = IBBT |,

m 2 2.2
cNZi-1lle  n7c
1Zile < 1Y NNT IR Nle < 2120 = L1z, .
= w w
Hence, the upper bound for || Z;_1|ls, i = 1,2, ..., defines a geometric series. It is
2
immediate that if ”lf < 1, then,
00 T
1 wlBB e
DNZicille < IBB lo——5 = —.
1 n-c n —nc

i=1 -

Then, the upper bound of R is

2\ 00 2 T
c E ~Zi— c’||BB' e
||R||. < l_]” i 1”0 < ” . ! -
uw— n*c

2

Existence of the above upper bound yields that ’72 < lie,n < /u/c. O

Remark 1 In many applications, the matrix A is unitarily diagonalizable. Thus, ¢ = 1
holds. Then, the upper bound of the Gramian R is

IBBT |
IRlle < —".
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For systems where A is not unitarily diagonalizable, the constant ¢ must be computed
to determine the upper bound.

From (2.6), each R; solves a Laypunov equation. Summing up all the R;,i =
1,2,..., we can show that R = Y {2, R; solves a generalized Lyapunov equation.

Proposition 1 ([28]) Suppose that the matrix A is stable and Nj, j = 1,2,...,m
are sufficiently bounded so that the reachability Gramian R exists. Then,

a) R satisfies the generalized Lyapunov equation
m
T T T
AR + RA +ZNJ-RNJ. +BB' =0. (2.9)
j=l1

b) The bilinear dynamical system given by (1.2) is reachable if and only if R is
positive definite.

Similar to LTI systems, observability is dual to reachability. Let O denote the
observability Gramian. Then, it can be expressed as

o o0 o0 e
szf / O Oidty---dt; ==Y 0; (2.10)
i=1v0 0 i=1

with
0 = Ce™,
0i = (In® O;i_)Ne, i =2,3,...,
where N = col(N1, ..., Ny) is the column concatenation of matrices N;. The upper

bound and the existence of the observability Gramian are stated by the following
corollary.
Corollary 1 a) The observability Gramian given by (2.10) exists if

1) the matrix A is stable.
ii) the inequality n < \/it/c holds.

b) Ifthe Gramian Q exists, it is bounded by

T ou—n

Again, the Gramian matrix Q can be computed by solving a generalized Lyapunov
equation.
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Proposition 2 ([28]) Suppose A is stable and N;, j = 1,2, ..., m are sufficiently
bounded so that the observability Gramian Q exists. Then,

1) QO satisfies the generalized Lyapunov equation
m
ATQ+QA+) NJON;+CTC=0. (2.11)
j=1
ii) The bilinear dynamical system given by (1.2) is observable if and only if Q is

positive definite.

For stable LTI systems, transfer functions are analytic functions in C™. Hence, the
transfer functions live in the Hardy space

7—[;; = {f :CT - ¢ ‘”f”H,*, < oo, fis analytic.}.

Then, the H7 norm is defined as \/% ffooo fGw) f*(@w)dw, where 1 is the imaginary
unit and * stands for the conjugate transpose. By applying Parceval’s identity, one can
easily show that the 7, norm equals the impulse response energy, which is defined
in the time domain. For bilinear dynamical systems, the > norm originally given by
[28] was defined in the time domain, so it is better to be interpreted as the convolution
kernel energy (or Volterra kernel energy). To be more precise, we define the H;
norm in the (multi-dimensional) frequency domain. Consider the generalized transfer
functions obtained by the Laplace transform of the convolution kernels
HV sy, 50,000 si) = LI 0, )]
= C(sil — A)'Nj (simtl — A)7INjy -+ (52 — AN (1] — A7 bj,.
(2.12)
A stable matrix A guarantees that the matrix functions (s; I — A7 i=1,2,.. . are
analytic in C*. Then, the > norm can be defined as follows.

Definition 2 Suppose that the bilinear dynamical system given by (1.2) is stable and
the Gramians R and Q exist. Then, the H, norm is defined as

o0

) 1 00 o) . ) "
||Ebl||7.tz = Zm/ / Hi](za)l,...,za),-) (Hi](za)l,...,ta)i))
i=1 —00 —00
xda)1 e da),',
where j denotes the abbreviation of the multi-index ji, ..., j;.

Applying Parceval’s identity, the H» norm defined above equals the convolution
kernel energy.

Theorem 3 ([28]) For the bilinear system Xp; given by (1.2), if the system is stable
and the reachability Gramian R (and the observability Gramian Q) exists, the Ho
norm of the system can be computed by

1=l = Vtrace(CRCT) = /trace(BT OB).
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3 Model order reduction

As stated in Section 1.1, the model order reduction problem is to find a reduced-order
bilinear dynamical system Xj;; with a much lower complexity r < n, such that the
distance || Xp; — Xp1ll7¢, is minimized. Define the error system X — X as

x(1) _ A0 x(t) x(t) '
Zple <5cr(t)> _<0 Ar) (xr(’)> T2 ( 0 Nl‘]> (xr(t)> uj (1) + Bu(®),

-tc e 1

with
A, =VTAV, N,;=V'N,;V, j=1,2,....,m, B,=V'B, C, =CV.

Note that the reduced-order system Sy in (1.3) is uniquely defined by the projec-
tion matrix V. Since the bilinear dynamical system is input-output invariant under
coordinate transformations, the reduced-order system is uniquely determined by the
subspace spanned by V rather than the matrix V itself. According to this fact, we
reformulate the model order reduction problem as an optimization problem on the
Grassmann manifold G, .. Then, the gradient flow analysis is applied to guarantee
the convergence of the optimization algorithm as well as to speed it up. The H; norm
criterion describes the approximation accuracy in the frequency domain. In the time
domain, the approximation is only accurate for impulsive input signals. In order to
make the time domain simulation more accurate, we propose to match the steady
state if the low-frequency behavior of the system is of more interest or the system
reaches the steady state.

3.1 Problem formulation

To solve the H; model order reduction problem for a bilinear dynamical system given
by (1.2), equivalently, the following problem needs to be solved as follows:

. Rs X c’

1 f
min J(V) = 5trace ((C —CV)( T r)( T T))
st. VVv=I,6VieE=¢TV =0, and

A0\ (Rp X\ (Rp X AT 0

0 A )J\XT R, X" R 0 Al

" (N; 0 X\ (N 0O BB BB/ 00
+J§1(0 N,,-)(XT )(0 N1 ) 887 587) = oo

3.1

Ry X) is the reachability Gramian of the error system X;; — f;,l,

XT R,
and & € Ty G, , denotes an element of the tangent space of the Grassmann manifold
Gn.r at span{V}. The objective function in (3.1) is derived from Theorem 3, which

where R, =
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computes the half of the squared H, norm of the error system X .. Hence,
minimizing the objective function results in finding an (at least locally) optimal
reduced-order system. The constraint V'V = I, indicates that the matrix V is
orthonormal. The second constraint V& = £'V = 0 means that the subspace
spanned by V is perpendicular to the tangent space at span{V'}. Equivalently, one can
express these two constraints together as span{V'} € G, ,. The third constraint is used
to compute the reachability Gramian of the error system. In fact, one also needs to

Y .
Q{f of the error system by solving
Yo o,

AT o Or Y\ (2 Y\(A0

o AT J\rT Q, Yy" 0.)J\0 A,

3 NT 0 Y\ (N 0, (CTc —cTc (00
= 0 Nj YT 0,)\ 0 N, -cJc c¢'c, ) \oo)°

(3.2)

compute the observability Gramian Q, = (

because it is required to compute the gradient.

To solve the optimization problem in (3.1), gradient descent optimization is con-
sidered in this paper. Then, the gradient of J with respect to V needs to be computed.
An easy way is that we first neglect the geometry of the manifold, i.e., consider
V € R"™ and compute the gradient Jy, which is called the Euclidean gradient.
Then, the Euclidean gradient is projected onto the tangent space of the Grassmann
manifold at span{V'}, i.e., Ty G, . The obtained gradient VJ is the actual gradient
of J, which is called the Riemannian gradient. For detailed explanations, we refer
to [14].

The Euclidean gradient for the objective function J in (3.1) is given by [9] as

Jv(V) = ATV X+ Q,R)+AV(XTY + R, Q))
+BBT(Y +VQ,)+CTC(—X +VR,)

m
+ Z N/VYTN;X +Q,V'N;VR,)
j=1
m
+> N;VX'N/Y+RVINIVQ,). (3.3)
j=1

Since for any matrix V satisfying span{V} € G, ,, V& € Ty G, ,, there holds VTS =
£TV =0, the Riemannian gradient can be obtained by [14]:

VI(V)=( - VVHIy(V), (3.4)

which means projecting the Euclidean gradient onto the orthogonal complement
of V, i.e., the tangent space Ty G, . With the gradient computed, the optimization
problem in (3.1) can be solved by the following algorithm.
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Algorithm 1 H> MOR by gradient descent on G, ,.

Require: initial guess Vj.
Ensure: the optimal projection matrix V.
1: fork=0: K —1do
2: Compute the gradient G, = V.J (V) by (3.4). Set the search direction & =
—Gy.

3: Compute line search step size o, such that J(V («g)) decreases.
4: Set Vi1 = Vo, Vi, &).

5: end for

6: SetV = Vg

Algorithm 1 requires the computation of the line search step size oy and an update
method Vi1 = V(ax, Vi, &). In general, the line search step size can be obtained
by the back-tracking line search [21]. However, such a method can result in a large
amount of computational effort because the Gramians R, and Q, need to be updated
as long as Vj is updated. To compute Vi1 = U(ok, Vi, &), a retraction mapping
needs to be constructed [1]. By investigating the geometry of the Grassmann mani-
fold G, ,, the geodesic can be used as the retraction mapping. Solutions of these two
problems lead to the main results of this paper.

Remark 2 1f instead of the subspace spanned by V, the matrix V is of interest, one
may formulate the optimization problem on the Stiefel manifold. In that case, we
only have V& + &7V = 0. If the canonical metric is used, the projection of the
Euclidean gradient onto the tangent space can be computed by the following [14]:

VI(V)=Jy = VI V.
3.2 Gradient flow analysis

The geodesic on the Grassmann manifold is used to update the projection matrix Vi
in each iteration.

Proposition 3 ([14]) Given a point V. € R™" on the Grassmann manifold G, ,,
ie, VIV = I, and a tangent direction £ € Ty Gy, with its thin singular value
decomposition (SVD) & = USZ, the geodesic emanating from V in the direction of
& has the expression

V(a, V, &) = VZcos(Sa)Z' + Usin(Sa)Z ", a € [0, 1]. (3.5)
Then, at the kth iteration of Algorithm 1, the matrix Vi1 can be updated as
follows:
Vir1 := B(ow, Vie, &) = Vi Zy cos(Ska) Z + Uy sin(Ska) Z),

where Uy S; Z,] = &y is the thin SVD of &;. To compute the line search step size, the
gradient flow of U («, V, &) in terms of the step size « is discussed. U(a, V, &) Wi.ll be
abbreviated as U(«) for notational convenience. Without further specification, F'(«)
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stands for the derivative of the function F' with respect to «. A simple calculation
shows that the geodesic satisfies a first-order ordinary differential equation (ODE).

Theorem 4 The geodesic equation given by (3.5) is the solution of the first-order
constant coefficient ODE

V() = %%(a) =€V —VENV(@), « €0, 1]. (3.6)

Proof From (3.5), the first-order derivative of *U(«) in terms of « is
V(a) = —VZSsin(Sa)Z" + UScos(Sa)Z .
Notice that VU = UTV =0 because V'é = £V = 0, we have the following:

£TV(a) = ZSsin(Sa)ZT = —VE V(o) = —VZSsin(Sa)Z ',
VI¥(a) = Zcos(Sa)Z' = £V V() = UScos(Sa)Z T,

which imply that
V() = —VET V(@) +&EVIV(@) = EV — VENHV(a). O

Remark 3 In general, a geodesic is the solution of a second-order ODE [16]. In case
of the Grassmann manifold, the corresponding second-order ODE is [14]:

V(o) + V(@) (T (@) V(@) =0, « € [0, 1].

Direct computation shows that (3.5) satisfies the above equation. In our case, since
the explicit expression of the geodesic exists and V& = &7V = 0 holds, the
geodesic equation satisfies a first-order ODE. However, to solve the ODE in (3.6),
one still needs the initial value of V and &. Hence, the second-order structure is
included implicitly in (3.6) as an initial condition requirement.

The Euclidean gradient Jy (V) satisfies a symmetry property, which can be used
to simplify the ODE in (3.6) further.

Proposition 4 ([9]) The Euclidean gradient Jy (V) given by (3.3) has a symmetry
property

VI (V) = Jy (V)V.

At the kth iteration, if the steepest descent direction acts as the tangent direction
in the geodesic equation (3.5), the coefficient matrix in (3.6) only relates to Vi and
Jv, (Vi), i.e., the Euclidean gradient at V. For convenience, we abbreviate Jy, (V)
as Jy,.
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Corollary 2 Given the starting point of the geodesic as Vi, and let & = (Vi VkT -
1,)Jv, be the tangent direction, then the geodesic equation given by (3.5) solves the
following first-order ODE

V(@) = (Vidy, — Iy, Vi DB(@) =T B(@), V(O0) = Vi, e €[0,1]. (3.7

Proof Taking the steepest descent direction as the line search direction, i.e.,
& =WV — L)y,
then, we have the following:

SkVET
Vi

ViV = L) Iy V! = Vg ViVl — Iy v
Vildy ViV = Vidy, .

Hence,

ngkT - Vkél;r = VkJ\Z - JVkaT = I%. ]

Based on the derivative of U(«) in Corollary 2, the following results show how
the line search step size can be selected to guarantee the convergence of Algorithm 1.

Theorem 5 Consider the optimization problem in (3.1) with the Euclidean gradient
given by (3.3). Let U(a) € Gy.r, a € [0, 1] be a geodesic, which is certainly differ-
entiable wit.h respect to a. Then, the Euclidean gradient Jy (o) := Jy (U()) and its
derivative Jy (a) := dJy /da have the upper bounds
IJv()llF < 1, (3.8)
liv@lr < QID@lr. (3.9)

where,

4/ BIPICI (1 + Al

f = =) : (3.10)
2BIPICI?

&= Oy (2RI +E ) ek 322 DD ).

(3.11)

Proof See Appendix A. O

Remark 4 The computation of jv () shows that at the kth iteration, jvk () =
—IT% ||2F < 0. Hence, the gradient descent algorithm should always converge.

Corollary 3 Let ¢ and &> be given by Theorem 5. In the optimization process, let V
denote the projection matrix at the kth iteration and & be the corresponding steepest
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descent direction. Then, the projection matrix in the k + 1st iteration is given by
U(ag) := V(ag, Vi, &) in (3.5) with ay the step size. If the step size satisfies

V2
C1+«/§§2’

then the objective function J (V) decreases, i.e., J(U(ar)) < J(Vx), k=0,1,....
The equality holds if and only if V. is the critical point of J (V).

0<ap < (3.12)

Proof The proof is similar to the proof of Theorem 4.1 in [27]. According to Taylor’s
Theorem, there exists a constant T € [0, o] such that

2
J(D(a)) < J(Vo) +ad (Vi) + %Jw(r».

Then, applying Corollary 2 and following the proof of Theorem 4.1 in [27], the proof
can be completed. O

The step size in (3.12) is uniformly upper bounded by a constant, which is inde-
pendent of the number of iterations and the projection matrix in each iteration.
Sometimes this constant can be really small, which makes the step size too conser-
vative. Although Algorithm 1 is guaranteed to converge under such a step size, the
convergence speed is not guaranteed to be fast. Hence, theoretically, one can only
conclude that V;, — V if k — 0.

To obtain a more effective and practical line search step size, the basic idea is to
use the higher order Taylor expansion of J(U(«)) as a function of «, i.e., the step
size. Consider the third-order Taylor expansion of the objective function J (U (x)).
By Taylor’s Theorem, at the kth iteration, 73 € RT, for any 0 < o < 1, we have
the following [27]:

2 3
J(B@) < J(Vi) +ad (Vi) + %J"(Vk) + %Omax [JOD(@). (3.13)
<a<tg

To make sure that the objective function J given by (3.1) decreases, we need to find
an oy, such that J (U (o)) < J(Vi). Note that we already know that there exists an
upper bound 7 of . Hence, first we need to find an effective i, which is solved by
the following Corollary.

Corollary 4 Let U(x), o € [0, 1], be the geodesic equation which satisfies (3.7),
where U(a) is orthogonal and Ty is skew-symmetric, and let sy denote the unique
positive real root of the polynomial

2B0stc? 4 2B1sic? + 2Bastc 4 2Baskct — w+ e’ (3.14)
Let the Lie bracket operations be defined as

L1(A,B)=AB - BA, Li(A,B)=L; 1(A,B)B—BL;_1(A,B), k>2.
(3.15)
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The constants B;,i = 0, 1,2, 3, are given as follows:

Bo = 1L4(A, Tl (3.16)

3
+ Z(HN,,- HIL4(Nj. TON+4I1L1 (N, T | ||£3(N,,~,rk)||+3||£z(Nj,rk>||2) :
j=1

(3.17)
m
B =4|L3(A, Fk)II+Z (4INF L3NG Tl + 120 L1 (N, TOIL2(N;, Tll) »
j=1
(3.18)
B =6|La(A, T + 62 (IINjIIII»Cz(Nj, Tl + 1£1(N;, Fk)||2) ) (3.19)
j=1
B3 =3ILi(A, Tl +3 Z ING L1 (NG, Tioll. (3.20)
j=1
Then, for any given t, € (0, s¢), J(3)(Q](oc)) is upper bounded by
3 1
max |J“/(0(a))| < =6. (3.21)
0<a=<7 2

Denote BB" and C" C as B and €, respectively. The constant 6y is defined by

I (2r3¢ L3@.T) IF\ | [ maxozazs, [W@lr

3] (2€I7 L2(€, ) lIF maxo<q<g [|W (@) F

3] (2€Ty £1(€,T0) Il maxo<q <z, W ()| F
Vslellr maxo<q <7, |W (@)l r

where W(a) = (XT(a) R, (a)) and the upper bounds on W («) and its first three
derivatives are computed from (B.12) in Appendix B. Furthermore, if one chooses a
parameter p1 € (0, 1) and let ty, = p1sk, then there exists a Vi-independent constant
Y such that

O = , (3.22)

O < VITkl3

Proof The proof requires technical calculations, so we put it in Appendix B. O

Remark 5 Corollary 4 tells that the upper bound of maxg<y <z, |/ B (D)) | is related
to || ||3-, which indicates the speed of convergence of such an upper bound.

Now let’s discuss how to derive an upper bound of ¢« from the Taylor expan-
sion given in (3.13). To guarantee the decrease of J, we need to find an « such that
J(U(x)) — J (Vi) < 0. From (3.13), we know that

2 3
J(B(a) — (Vi) < ad (Vi) + %j(vk) + % Jmax |79 (D).
<a<t
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Since,
; Ty T 1 T 1 2
J(Vi) = trace(]vk%(a))lazo = trace(]vk F'eVi) = —Etrace(Fk I'y) = —§||Fk||F,

and for convenience, we denote J (V) as %Vk, then,

o2
Yk + ?ek) <0.

o

J(B(@) — T (V) < %(—urkn% +3

Hence, we need to find a line search step size oy such that

2
2, Y
ay (—lleHF + ERL + ?01() <0. (3.23)

Factorizing (3.23), it can be obtained that

Bk 3y J9v2 + 246 Te 1% 3yt 9y + 240 T 1%
. _

6 |** 20 K 201

<0 (3.24)

Let,

37k + /9y + 246 1T 113
>
20y -7

b = (3.25)

which is the unique positive root of (3.24). It is not difficult to derive that when oy is

bounded by the following:

0 <o <, (3:26)

Equation (3.23) is satisfied. Combining this result with the fact that 0 < ay < 1, the
following corollary can be stated.

Corollary 5 Let ¢y be given as in (3.25) and yi := 2J (Vi). Let the constant t; be
given by Corollary 4, i.e., 0 < 1, < si. Then, for any step size oy which satisfies the
following:

o < min(tg, ¢r), (3.27)

it can be guaranteed that J(U(ar)) < J(Vx), k = 0,1, ..., for any initial guess
Vo € Gn.r. Furthermore, for any smaller step size oy = min(p1sk, p2¢r) with p12 €
(0, 1), Algorithm 1 converges.
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Proof The first part of the corollary, i.e., (3.27), has already been shown in Corol-
lary 4. We only need to prove the second part here. If there exists some constant pp
such that o < pr¢x, from (3.24), we have

. 3k + /972 + 246 Tk
X e+
6 20k

(ax — o)

3k + /9 + 2466 T3
<

< B ox(ax — ¢r)
3k + /972 + 2401l
< 2 Pr(p2 — Dok

= (p2 — DTkl 3 < 0.

It is immediate that 0 < p» < 1 is the condition to guarantee the decrease of the
objective function, which means that for k — oo, I'y — 0. O]

3.3 Matching steady state

The H2 norm criterion describes how well a system is approximated in the frequency
domain. For asymptotically stable LPV systems or nonlinear dynamical systems such
as bilinear dynamical systems, usually the time domain simulation is of more interest.
Since the H> norm is equivalent to the convolution kernel energy in the time domain,
the time domain performance can only be guaranteed for impulsive input signals,
which is not always the case especially for LPV systems. When the low-frequency
behavior of the system is dominant or the system reaches its steady state for a non-
impulsive input, the reduced-order system can introduce bias in the time domain
simulation. To overcome such a problem and make the reduced-order model more
accurate, one can match the steady state by adding an input-dependent feedthrough
term to the output equation of (1.3). Consider the bilinear dynamical system in (1.2).
Suppose the steady state is x, then we have

X(1) = 0=AX() + Y _ N;jx(O)uj(t) + Bu(t) = (1)
j=1
-1

—|A+D N | Bu@).
j=I

The steady-state output is y(#) = Cx(¢). Similarly, the steady state of the reduced-
order system in (1.3) is

-1

0 =— A+ D Njuj) | Beu).
j=1
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Correspondingly, the reduced-order steady state output is y,(t) = C,x,(¢). If the
steady states of the full-order and the reduced-order systems are matched, we have
y(t) = y,(¢t). Then, the next proposition directly follows.

Proposition 5 Define an input-dependent matrix Dg;(t) by
—1 -1

m m
Dy(t) =Cr | Ar+ Y Nyuj®) | B, —C|A+Y Nju;(t)| B. (328
Jj=1 j=I1

The steady states of the full-order and the reduced-order systems are matched if the
output of the reduced-order system in (1.3) is given by

Vr() = Crxp(t) + Dy (D)u(t).

By matching the steady state, the reduced-order system can mimic the low-
frequency behavior of the original system. If only the high-frequency behavior of the
system is of interest, matching steady state can make the approximation worse, which
is not advisable.

Although a large-scale system (A + Z;": 1 Nju;j(t))z = —B needs to be solved
at each time instant, the computational effort is still much less than solving the orig-
inal bilinear dynamical system. A more effective method would be only computing
the steady state of the full-order system at some sampled values of u(¢) offline and
then applying an interpolation technique online to achieve a speedup, which can be a
future research topic.

To close this section, we provide a complete algorithm for reducing a bilinear
dynamical system by the proposed method. As for the constant step size method, one
can compute the step size by Theorem 5 and Corollary 3 and then simply substitute
it into Algorithm 1, the next algorithm only discusses the adaptive step size case.

In the proposed algorithm, A(-) stands for the eigenvalue of a matrix. If A+A T is neg-
ative definite, & = Apin(—A — AT) is used. Otherwise, it < 2Apin(—A) must hold.
For the constant ¢, only if A is unitarily diagonalizable, ¢ = 1 holds. In case that the
matrix A is not unitarily diagonalizable, ¢ depends on ||T'|| IT-Y,ifA=TDsT!
for some diagonal matrix D 4. For the case of A having non-trivial Jordan blocks, ¢
cannot be computed numerically. The algorithm is considered to be converged when
the norm of the Riemannian gradient Gy is smaller than a user specified tolerance or
a maximum number of iterations is reached. Similar to BIRKA, one can also check
the eigenvalues of the reduced-order matrix A,. If the change of the eigenvalues is
small enough, the resulting projection matrix Vj is also close to the optimal one.

The computational cost of Algorithm 2 is mainly dominated by solving the second
row of the generalized Lyapunov equations in (B.3) to (B.6), i.e., the corresponding
generalized Sylvester equations and the reduced-order generalized Lyapunov equa-
tions for the matrices Xg, Rk, Yx, Q- Since the reduced-order r is usually much
smaller than n, the computational cost mainly comes from solving the generalized
Sylvester equations. In this article, we use direct solvers naively, that is, solving the
matrix equations by vectorizing them first and then solving the corresponding linear
system of equations directly. Hence, the computational cost would be O (n3r3). Other
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efficient methods such as the fixed-point method [24], ADI-preconditioned Krylov
method [12], and even an extended version of the residual approximation-based iter-
ative Lyapunov solver (RAILS) [2] can be employed to reduce the computational
complexity. In both [12, 24], iterative methods such as the fixed-point iteration are
introduced to solve the generalized Lyapunov equation. In each iteration, the general-
ized Lyapunov equation is transformed into the classic Lyapunov equation. Then, in
[12], the ADI-preconditioned Krylov subspace method is employed to solve the clas-
sic Lyapunov equation in each fixed-point iteration while in [24] the extended Krylov
subspace method is used. The RAILS method [2] is a Krylov subspace method as
well. When these Krylov subspace methods are employed to solve the classic Lya-
punov equation, the original solution is projected onto a low-dimensional subspace.
Then, one only needs to solve a small-scale Lyapunov equation. To construct the
Krylov subspaces, the computational complexity is linear in the number of non-zeros
(nnz) in the A matrix. Namely, if matrix A is sparse, i.e., nnz = O(n), the computa-
tional complexity is O (n) (see, e.g., [25]). In case that A is dense, the computational
complexity is O (n?). The total computational cost of combining the fixed point iter-
ation and the Krylov subspace methods is thus either O (nK) or O (n%K), where K is
the number of fixed-point iterations. The numerical examples in [24] show that when
A is sparse, their method allows one to solve large-scale problems where n is at the
level of 10° within a few minutes on a commercially available laptop. Although the
aforementioned methods are designated for Lyapunov equations, their concepts can
be generalized to Sylvester equations.

Algorithm 2 7, MOR by gradient descent on G, with adaptive step size.

Require: State space matrices A, B, C, N;j, j = 1,2, ..., m and initial guess of the
projection matrix Vy. Two constants p; 2 € (0, 1).

Ensure: 7, optimal reduced-order system rrlatrices Ap,Br,Cr,Nyj, j =
1,2, ..., m and the optimal projection matrix V.

1: Compute u < 2Amin(—A), n =/l Z;’;l NJ'N]TH and the constant c.

2: Compute the full-order Gramians Ry and Q y for the evaluation of the objective
function J (V).
3: while not converged do
Compute the Gramians X, Rk, Yx, QO according to the generalized Lya-
punov equations in (3.1) and (3.2), respectively.
5: Compute the Euclidean gradient Jy, (Vi) by (3.3).
6: Compute the Riemannian gradient Gy = VJ (Vi) by (3.4). Set the search
direction as & = —Gy.
Compute I'y = Vi J‘—,E - Jy, VkT.
Compute g, j =0, 1, 2, 3 by (3.16) — (3.20) and solve (3.14) to derive si.
: Solve the second row of the generalized Lyapunov equations in (B.3) — (B.6).
1. Compute y; = 2J (Vi) by (B.1c). Compute 6 by (3.22) and (B.12).
11: Compute ¢y by (3.25). Set ax = min(p18k, P20k).
12: Set Vi1 = U(ag, Vi, &) by (3.5).
13: end while
14: Set V = Vi and compute the optimal reduced-order system matrices by (1.3).
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During the reduction, the reduced-order r needs to be determined. One heuristic
method is to investigate the decay rate of \/A(Q y R ), which can be considered as a
generalization of the Hankel singular values of LTI systems. Although these values
are not really the Hankel singular values of the system in general, they still pro-
vide a hint on how well a system can be approximated at a certain order. Another
method would be trial-and-error. By reducing the system to different orders and con-
sidering the computational cost, one could determine r. In the numerical examples
of this paper, we investigated the decay rate of the aforementioned generalized Han-
kel singular values. For both examples, a reduced-order system of dimension ten can
guarantee the approximation accuracy as well as low computational cost.

Remark 6 An important point we would like to address is that during the model
order reduction process, the bilinear dynamical system only serves as an auxiliary
system. It is clear that if, e.g., the parameters are constant (like material parameters),
the resulting auxiliary input function cannot be an £, function unless the parameters
were zero. Nevertheless, once we have the form of a bilinear system, we ignore this
discrepancy and assume that we have £, inputs and that the , norm of the auxiliary
bilinear system exists. This allows us to compute an H>-(sub)optimal reduced-order
model. We use the projection subspaces that lead to the reduced bilinear system then
for the LPV system to obtain a reduced-order LPV system. There are no claims about
stability of the reduced-order LPV system, and also not about optimality with respect
to any norm that could measure the approximation quality. The usage of the asso-
ciated low-dimensional subspaces in order to compute a reduced-order LPV system
is only a heuristic, but the numerical experiments in the next section, also in the
previous papers introducing this “trick” [8, 9], demonstrate that it often works very
well.

4 Numerical examples

Two numerical examples are tested to demonstrate the performance of the proposed
method.

4.1 The synthetic example

The first example is the modified version of the synthetic example on MORwiki [18].
The system was originally single-input and single-output and given as follows:

X(t) = (Ao + €A)x(t) + Bu(z),
y(t) = Cx(), € € (0, 1].
For the test purpose, the system is modified to
X(1) = (Ao +50 x Ae) +Njui(H)x (1) +0.01 x Ac ua(t)x(t) + (B 0) <u1(t)> ,
— —

ua (1)
A N>

y(@) = Cx(1),
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where u1(¢) is the original input signal and N; = 0. The second input u>(t) €
(0, 100] is the time-varying parameter. In this setting, 1000 = & > 7> = 100 and
the matrix A is stable. Hence, the Gramians exist. The system dimension is reduced
from n = 100 to » = 10 with the cut-off generalized Hankel singular values smaller
than 1072, In Fig. 1, we show the time domain simulation of the full-order and the
reduced-order systems for the parameter variation u3(¢) = 50450sin(0.87w¢+4m/3)
and the input u(¢) = 16 + 20cos(0.4x¢), which is a sinusoidal signal as well. In
this example, the gradient descent optimization stops when the norm of the gradient
is less than 10™* and it takes 474 iterations. Let the relative approximation error in
the H; norm sense be defined as

1 Zpr — Zpillae,
1261194,

The relative error for this example is about 0.0066.

Both the input and the parameter variation are low-frequency signals in this test.
Hence, matching steady state would be relevant. It can be seen that without match-
ing the steady state, although the dynamics are captured, there is a mismatch in the
amplitude of the output. By matching the steady state, the mismatch (in the abso-
lute value) is reduced from 10~! to 1073, The uniform line search step size in this
example is around 1.18 x 107°. The minimal value for the adaptive step size is about
0.0197 which is much larger. Hence, although the uniform step size can guarantee
convergence, the convergence speed is too slow. By proposing the adaptive step size,
the convergence rate has a significant speed up. If we compare the convergence speed
in the first 100 iterations, the adaptive step size method is about four million times
faster than the uniform step size method.

Time-domain simulation

0.6
‘ ‘ ‘ ‘ —full-order model
0.4 - reduced-order model
o2 - rom matching steady state

b AR R ¥ L
—without matching steady state
- matching steady state

1 1

B RS T S S A i Ok e

ly(t) — yr(t)]

I I I I I I ]
1 2 3 4 6 7 8 9 10

5
Time (sec)

Fig.1 Time domain simulation and the absolute response error of the synthetic model
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4.2 2D heat transfer model

The second example we test is a 2D heat transfer model, which is a modified version of
the one in [4]. The system is governed by the partial differential equation

pCT; = k(Tex + Tyy) + S(x, ), (x,) €0, 1],

with the following boundary conditions

— Dirichlet boundary conditions on left and right, 7 = 0
— Robin boundary conditions on top and bottom, n- VT = 0.25(T — 1)S(x, y)

with S(x, y) the space-dependent source term and n the normal direction. Spatial
discretization leads to a bilinear dynamical system as follows:

x(t) = Ax(t) + Nix(Duy (1) + Nox (t)ua(t) + Bu(r)
y() = Cx(1).

Suppose that the number of grid points is n, = 10, the system has 107 = 100 states.
The output is taken as the sum of the temperature at all the grid points scaled by
1 /ng, i.e., the average temperature. Again, we reduce the system dimension to 10.
The cut-off generalized Hankel singular values are all less than 1075, In 250 itera-
tions, the relative approximation error is reduced from about 0.9717 to about 0.1619.
Admittedly, the relative error is rather large, but qualitatively, we obtain very good
simulation results.

Time-domain simulation
T T T

0.6 T |
e e o i I -
02 —full-order model I
< of - reduced-order model H
02 | ‘ ‘ | | ., _~rom matching steady state |
"0 1 2 3 4 5 6 7 8 9 10
. Absolute response error
10 T T T T 1
G N - — - — - — - - - — — — ~ - — — ~
X rs~. - N VI BN NT TN T / S -
s v . v Y { { Y ! Y {1
| 10°F ! .
= —without matching steady state ||
= ol | | | ‘ ‘ |/~ matching steady state i
.
o 1 2 3 7 8 9 10

Times(sec)

Fig.2 Time domain simulation and the absolute response error of the heat transfer model
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In this example, the uniform line search step size is 0.0015. However, the minimal
value of the adaptive step size is about 25.3831, which exceeds 1, but convergence is
still guaranteed. We observed that the magnitude of the step size is closely related to
the scaling of the output, which deserves further investigation. For testing purposes,
the first input channel is set to a step function with amplitude 100. The second input
signal is set to a sinusoidal wave u3(¢) = 10sin(sr¢) 4+ 15. Time domain simulation
results and the absolute response errors are depicted in Fig. 2. In the numerical test,
the system response reaches the steady state and only varies according to the variation
of the input u;(#). Hence, matching the steady state would give a better time domain
approximation. It can be seen that without matching the steady state, the mismatch in
the output amplitude is really non-negligible, which in this case is at the same level
as the output signal (10~!). By matching the steady state, although there is still a
mismatch in the amplitude, it is suppressed to the level of 10~3, which results in the
relative error at the level of 1072

5 Conclusions

This paper discusses a model order reduction method for bilinear dynamical systems.
Bilinear dynamical systems can be used to represent a special class of LPV systems.
We review the basic system theory for bilinear dynamical systems and propose to
define the H; norm in the frequency domain, which coincides with the definition
of the convolution kernel energy in the literature. As the > norm can be computed
from the system Gramians, the model reduction problem amounts to an optimization
problem on the Grassmann manifold. We propose to solve the nonlinear, non-convex
optimization problem by gradient descent on the Grassmann manifold. To guarantee
convergence and speed up the convergence rate, we propose a uniform line search
step size and an adaptive step size, which are generalized from the method for LTI
systems. Since the 7> norm is defined in the frequency domain and in the time
domain, it is equivalent to the convolution kernel energy, the time domain approxima-
tion accuracy is only guaranteed for impulsive input signals. For LPV systems, this is
not always the case because the parameters show continuous time-varying behaviors
rather than the impulsive behavior. To increase the approximation accuracy, we pro-
pose to match the steady state. Although additional computational efforts are needed,
the simulation time can still be shortened significantly, especially for multi-query
purposes.
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Appendix A: Proof of Theorem 5

Recall the Euclidean gradient given by (3.3). Rewrite it into two parts.

Jvi=A"VITX+Q,R)+AV(X'Y + R, 0Q,)
+BBT(Y+VQ,)+CTC(—X +VR,)

m
Jya =Y NJVYTN;X+ Q,VN;VR,)
j=1

m
+Y N;VX'N/Y+RVINIVOQ,.
j=1

Applying Theorem 2 and Corollary 1, we can derive the upper bound of the reduced-
order Gramians R,, Q, and the solutions of the Sylvester equations X and Y, which
are

Jret|IBl3 Jretcl3
max([ X r. [R-F) < ~—=—, max(|YllF. 1QrlF) < —F7:
n—n“c n—n“c
(A.])
B2 lc)?
max([| X|l. R £ ———. max(|Y], [Q-]) £ ———. (A.2)
n—n-c n—n-c

Applying the bounds in (A.1) and (A.2), the upper bound of Jy is derived as

4/r|BIPICIA (AN + 1 — n?c?)

J <
IJvillF < (i = P22)?

The upper bound of Jy; is computed as follows:

m
21> NJV(YTN; X+ Q,VN;VR)IlF
j=1

IA

IJvallF

m

2 UNGNTIAYIIXT + 1QANR- DIV
j=1

_ an’rtIBIPICI

(1 — nc?)?

IA

As a result, the upper bound of Jy is

AVFCIBIPICP @+ CIAD
(1 =12y o

IIviiF = Idville + IdvallF <
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In order to derive || Jy | 7, we need to obtain the upper bound on ||X|| ol Y||F, ||Rr IlF,
and || Q|| r. Consider (B.4) with W; given by (B.8). Applying Theorem 2, it is not
difficult to derive that

IBIP (1 4 n*c* + 22| Al

IXlr < T IViE, (A3)
; 20IB|* (1 + n*c? +2c2||A]) | -

IR F < T V17 (A4)

In the same way, it can be computed that
; ICI (1 + n*c* + 22 A]D |

¥l < e IVilF. (A.5)
: 2ICIP (1 + n*c +2c2|A]D) -

10:1lF < i IViiE. (A.6)

Differentiating Jy; and computing its Frobenius norm, we obtain

IBII%|ICI?

oy < 220l
lvills = £ s

(601 = n2e® + 22 A + 2 + 26| Al
+262 (= n2eH? + 42 ANl — 12D ) IV 1

Now differentiate Jy, and compute its Frobenius norm to obtain

2¢%| BIPIIC?

Jyallp < ZIBINETE
1vallr < == 5

(42 = 1) + 607+ 02 + 221 AD) IV I
Summing them up, we can derive

_ 2 BJ*|IC)”?

27 ey

(30 + P22 AP+ (=) (a3 + 262 A ).

Note that here, V stands for ﬁ(a).
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Appendix B: Proof of Corollary 4

The inequality in (3.13) requires up to the third-order derivatives of the objective
function J (U («)) with respect to . Denote the matrix ¢ («) as

_ 0 X(w
Pl = (xWa) R, (a)) |
The derivatives of J (U («)) are computed as

J(V) = %trace (Q:Rf + <_‘9—r¢ V;i‘;) (D(a)> , (B.1a)

1 0 —eT}V 0 —eV).
(V) = jtrace ((VTrket VL, rk)v> ®le) + (—vTe v%v) q’“’”) ’

(B.1b)
Iy = %trace ((—VQF,%C VTZf(l;]?g()v) ®(@)
+ <VTOrkc VT/:]Q(EI,C;()V) 20(@)
+ <_‘9T¢ V}i‘@) c'IS(a)> , (B.1c)
1 0 —¢rv
Iy = 5 trace ((VTert VT£3(€]f Fk)v> D (@)
_eT? .
* <_v$r,§¢ vTﬁilgf ¥k)V> @
+ (VT(;‘;(Q VTZIQéEf‘;k)V) 3%(@)

+ (_VTQ: VTQV) D (O{)) s

Note that here, we abbreviate U(«) as V for convenience and the matrix I'y given
by (3.7) is skew-symmetric. Let W(«) = (X (&) R,(a)) denote the second row of
@ (). Since ||U(x)|| = 1, it is not difficult to derive the following:

IWe@lr \ " ||((zr,§e:2 £3(¢,rk>)>||F

oo 1| W@l | [30@er? L@ ro) i

RO @y | |31 e cie o) s (B-2)
WS (@) F Vsl€lF
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To derive the bound on |J® ()|, we need to compute the bound on ||W ()| and
its first three derivatives. Since W («) depends on the step size, it is reasonable to
consider maxo<q <y, || W ()|l F and its derivatives for some positive scalar 7, which
varies over the iteration. To do so, we consider the generalized Lyapunov equa-
tion associated with @ () and the derivatives of the generalized Lyapunov equation.
Let,

A (A 0 N - (N 0
¢ \0 V@)'AB@))” 7Y~ \ 0 V@) N;B))’
j=12,....m

denote the system matrices of the error system in the kth iteration. The generalized
Lyapunov equations associated with & («), (), P(«), and &3 (@) are

ACI>~|—CI>AT+ZNLJ©N + ¥y =0, (B.3)
Jj=1
m
Acd + BA] + > NyON) + W) =0, (B.4)
j=1
m
Acd+ PA] + Y NydN, + W, =0, (B.5)
j=1
A, 0P DA + Z Nej®IN,; + W3 =0, (B.6)
j=1
where,
0 BV
Vo= <VT£B VT%V> : (B.7)

_— 0 BTV (0 0 o
P\ v v L (B, TV 0 VTLI(A, TV

0 - 0 T
+ ( VTLI(AT rk)v) + X} (( 0 VLN, mv) PN,
j:

0 0
+Nech (0 VT;C](N/T, Fk)V)) ’ (B.8)
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Y2 = (VT(;Z% vT,cQ:(*F; rk)V> 2 <8 VTEI(Z’ Fk)v) ’
+20 (8 vTcl(/?T, rk)V)
+22 (( VL, rk)v> By + Ny <8 VTCIU‘(’)/'T’ F")V>)
i (0 VTﬁz(g, Fk)V> P (8 VTEZ(*?T’ mv)

0 Ty (0 0
+ Z ((0 VTLH(N;, mv) ®Nej + Ney @ (0 VTLyNT, rk>V>>

+2'Zl (0 VLN, F/JV) ® (O VTLyNT, Fk)V> ) (B.9)
j:

_ 0 BV 0 0 .
Y3 = (—vTrgsB VT L(B, rk)v) +3 (0 VTLI(A, mv) ®

. (0 0
3 <0 VTLi(AT, rk)v)
- 0 - . [0 0
X_: ((o VTLI(N;, rk)v) PNj + Nej® <o vTLiv] mv))
0 (0 0
+3 (0 VT LA, mv) ¢+ (o VT Ly(AT, mv)

. . (0 0
TN,
((0 vTaz(N,, rk)v) PNoj + Nej @ <0 VT LN, I‘k)V>)

(=)

. (0 0
(o VTEI(N,, mv) ® (o VTLI(N], rk)V>

+

0 o+ P 0 0
0 VTL3(A, TV 0 VIL3(AT, TV

0 0 - 0 0
((0 VTLs(N; TV ) ONei T Nei ® (0 VILy(N], Fk)V>>

n
M§

~.
I
—

“ (0
+3Z;<0 VTEZ(NJ’Fk)V) ( VT£1(NT Fk)v>
]:
(0
+3 Z (0 VTLI(NJ, Fk)V) P ( VTﬁz(NT Fk)V> (B.10)

~.
I
—_
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Denote the second row of ¥;, i = 0,1,2,3,as Zg,, i = 0, 1,2, 3. According to
Theorem 2, the bound of |W® ()| ¢ satisfies

22 2
(1 —n*c? max [WO@r <c® max [[Zo,(@)llF.
O<a<t 0<a<t;

Now apply Lemma A.3 in [27] and let € denote Z¢,(0), then we obtain the
following:

(1 —n*c? max WO ()l
0<a<t;
< AlIQulr + Al (TFB L4(B, To) I F

+2c%1; (ﬁo max [|[W(&)|F + B1 max [[W ()|
O<a=t 0<a <ty

+ B max [W(@)|F+p3 max ||W<3>(a)||F), (B.11)
0<a<t 0<a<t;

where g;,i = 0,1, 2,3 are given by (3.16) to (3.20). Again, repetitively applying
Lemma A.3 in [27], we derive that

A

max |[W@)|r < [WO)|r+ 7 max [|W(@)r,
0<a<ty 0<a<t;

A

max [|[W(e)|l r
0<a<ty

IWO)llF + 7 max [|W(a)lFr,
0<a<t;

max [|[W(@)|r < IWO)|F+ 7% max [W(@)]r.

0<a<ty 0<a<t;

Substituting the above inequalities to (B.11), it can be obtained that

(= 1e = 2Boric® = 2p15ic? = 2prric? = 2p3ic?) max W (e)]|r
STk

< a positive number.

To make sure that maxo<g <z, || W (@) || 7 is bounded, it must hold that

w— n2c2 > 2,30‘1,'136‘2 + 2,31‘[1362 + 2,32rk2c2 + 2,33rkcz.
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It is also not difficult to show that the upper bound of W(«) and its first three
derivatives satisfy a system of linear inequalities as follows:

1 —T 0 0
0 1 —Ti 0
0 0 1 —Tr

—2Botkc? —2B1tkc? —2Potkc? w — nc? — 2B3tic?

maxo<g<g W)l F

maxo<a<e, W@ 7

maxo<g<y [|W ()|l F
maxo<a <ty ||W(3)(Ol)||F

WOl F
WOl
WO F
1l F + | (T{B L4(B,Tw) £

IA

(B.12)

By following the proofs of Lemma 4.2 and 4.3 in [27], the proof can be completed.
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