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Q Motivation and Applications
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Ly Nonlinear Eigenvalue Problems

We discuss nonlinear eigenvalue problems to compute
eigenvalues \ and right eigenvectors x of

f(\,a)x =0, x e F", A€ F,
where F is a field, typically F = R or F = C.
f:F x FP — F*,

and « denotes a set of p parameters.
Sometimes we also want left eigenvectors y € F* such that

yf(\ a) = 0.
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&y Typical functions

> Generalized linear evps f = AA; + Ao.

> Quadratic evps f = X\2Ay + \A; + Ao.

> Polynomial evps f = S , N'A; with coefficient matrices
A € Fén,

> Rational evps f = =1 _; MA; with coefficient matrices
A € Fén,

> General nonlinear evps f, e.g. f = exp(Zf‘:_j NA).
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Ly Typical questions

> Find all eigenvalues A\ and associated eigenvectors x for a
given parameter value «.

> Find some important eigenvalues A and associated
eigenvectors x for a given parameter a.

> Find all eigenvalues in a given subset of C for a given
parameter «.

> Optimize eigenvalue positions over parameter set.
>
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Ly Resonances in rail tracks

Project with company SFE in Berlin 2004/2006

> Modeling of excitation of the tracks by the train.

> Discretization of rail and gravel bed with finite elements.
> Parametric eigenvalue problem for excitation frequencies.
> Optimization of parameters.

> Goal: Higher safety and reduction of noise.
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Ly Why did SFE need help?

> Even for very coarse discretization (of the track and gravel
bed), commercial programs needed several hours of cpu time
to solve the evp for the whole frequency range.

> Commercial packages delivered no correct digit in the evs.
> Accuracy went down when the discretization was made finer.
> Optimization of parameters not possible with current tools.
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Ly Background

Under the assumption of an infinite rail, FEM in space leads to
Mz+Dz+Kz=F,

with symmetric infinite block tridiagonal coefficient matrices
(operators) M, D, K, where M, z, F are given by

0 0 R

Mo My 0 . Zj_1 Fi_1

0 IW/,T1 ,V,LO Iw/'+1,1 0 ) Zj ) FI
- M1 Miio Mz 2 Fiv
o ... o . Lo L

Operators D, K have the same structure as M.
Furthermore, M;o > 0, D;, Kjo > 0.
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% Solution ansatz

Fourier expansion
I:j — i:-jeiwt7 z = zjeiwt,

where w is the excitation frequency.
Using periodicity and combining / parts into one vector

=12 2, .. %LV

gives a compley (singular) difference equation
Ai(@)Yje1 + Ao(w)yj + Ar(w) Y1 = G

with Ag(w) = Al (w) block tridiagonal and Aj(w) singular of rank
smaller than n/2.
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Ly The associated nonlinear evp

Ansatz: y;;1 = ry;, leads to the palindromic rational eigenvalue
problem

R(k)x = (kA1(w) + Ao(w) + 1Ez‘h (w)")x =0.

Alternative representation as palindromic polynomial eigenvalue
problem

POX = (\2A;(w) + Mo(w) + Ay (w)T)x = 0.
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Hy Acoustic field computation

Industrial Project with company SFE in Berlin 2007/2011.

> Computation of acoustic field inside car.

> SFE has its own parameterized FEM model which allows
geometry and topology changes. (— film)

> Problem is needed within optimization loop that changes
geometry, topology, damping material, etc.

> Model reduction and reduced order models for optimization.

> Ultimate goal: Minimize noise in important regions in car
interior.
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Acoustic field

© SFE GmbH 2007

FE Model: Excitation

Unit force =1 N mm

Z

‘ DLOAD 1 = symmetrical excitation
DLOAD 2 = antimetrical excitation




Ly Tasks in the project

> Numerical methods for large scale structured parameter
dependent polynomial eigenvalue problems.

> Compute eigenvalues in trapezoidal region around 0.

> Determine projectors on important spectral subspaces for
model reduction.

> Model reduction for parameterized model.
> Optimization of frequencies.
> Implementation of parallel solver in SFE Concept.
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Ly Full model: summary

M oHud]+{Ds 0:|{Ud}
DI, M || pq 0 Dr || pg

5]

> Ms, My, Ky are real symm. pos. semidef. mass/stiffness
matrices of structure and air, M; is singular and diagonal, M,
is a factor 1000 — 10000 larger than M:;.

Ks(w) = Ks(w)™ = Ki(w) + 1Ko.

Ds, Dy are real symmetric damping matrices.

Ds is real coupling matrix between structure and air.

Parts depend on geometry, topology and material parameters.

Nonlinear EVPs 15/203

v Vv Vv V



Ly Eigenvalue problem

Ms O Ds 0O Ks(w) Des X

2 S S S S s .
Celor w2l o)+ R 5] -0
or after scaling second block row with A~" and second block
column with X one has the complex symmetric quadratic evp

2 Ms 0 DS Dsf Ks(UJ) 0 XS
(A{o Y R A I

)\_1Xf
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e Normal and condensed forms
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Ly Linear Evps

> For linear evps (Ay + AAi)x = 0 we can analyze the properties
via the normal form of the pair (Ao, A1) under equivalence
transformations (PAoQ, PA; Q) with nonsingular matrices P, Q.

> For the special case A; = [ under similarity transformations
Q~'A;Q with nonsingular Q.

> For the numerical solution we want to use unitary (real
orthogonal) P, Q.
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% Normal Forms

Problem class Transformation Normal form

AX + Agx Q 'AQ, Q invertible | Jordan can. form
A1 X + AoX, PA)Q, PA;Q P, Qinv. | Kronecker can. form
(I NA)X =02 ?
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Jordan canonical form

Theorem (Jordan canonical form (JCF))

For every Ay € C™" there exists nonsingular Q € C™" such that

A1

/)

Q 'A—Q = diag(J,,, ..., ), I, = . - c CPii,

What can we learn from the JCF?

Eigenvalues, algebraic and geometric multiplicities, minimal
polynomial, characteristic polynomial, left and right eigenvectors
and principal vectors, invariant subspaces.

In the real case, real Jordan form.
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Kronecker canonical form (KCF)

Theorem (Kronecker canonical form (KCF))

For every pair (A, Ao), A; € C*" there exist nonsingular
P € C“*, Q € C™" such that P(\A; + AO)Q =
diag(Le,,...,.Le,, My, ..., My, d,s ... doy, Ny, oo, N,), with
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% Regularity, index

Definition
A matrix pencil MA; + Ay, Ag, Ay € C", is called reqularif ¢ = n

and if
P()\) = det(AA; + Ap)

does not vanish identically, otherwise singular.

The size vy of the largest nilpotent (N)-blocks in the KCF is
called the index of AA; + Aq.

Values A € C such that rank(AA; + Ag) < min(¢, n) are called
finite eigenvalues of \A; + Ao.

The eigenvalue 1 = 0 of Ay + pAp is called the infinite eigenvalue
of MA; + Ao.
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Ly Deflating subspaces

Definition

A subspace £ C C"is called deflating subspace for the pencil
AA; + A if for a matrix X, € C™" with full column rank and
range X, = L there exist matrices Y, € C"", R, € C"', and
S, € C"" such that

AX: = Y:Ry, AoX: = Y:S:.
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Ly Weierstra3 canonical form (WCF)

Theorem (Weierstral3 canonical form (WCF))

For every regular pair (A1, Ao), Ai € C™" there exist nonsingular
P e C™ Qe C™ such that

P(\A; + A0)Q = diag(Jy, ... ., Joy, Ny, .., Ny,), with

Pv)
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What do learn from KCF, WCF?

> Finite eigenvalues and infinite eigenvalues.

> Algebraic and geometric multiplicities.

> Index, Kronecker indices (sizes of singular blocks).
> Regularity, non-regularity.

>

Eigenvectors, principal vectors, deflating subspaces, reducing
subspaces (subspaces associated with singular blocks).
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Ly Evaluation of Normal Form Approach

> The normal forms are essential for the theoretical analysis
evps.

> They allow linear stability/ bifurcation analysis, the points
where ranks change are a superset of the set of critical points.

> But, they cannot be used in general for the development of
numerical methods

> They are typically not numerically stably computable, since
the structure can be changed by arbitrary small perturbations.
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% Schur form

Theorem (Schur form)

For every matrix Ay € C™" there exist a unitary matrix Q € C™"
such that

)\1 *x 500 *
QHAOQ _ 0 )\2 * *
O DY O An

What can we learn from Schur form ?
Eigenvalues, algebraic multiplicity, invariant subspaces.
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Generalized upper triang. form

Theorem (GUPTRI form: Demmel/Kagstrom 1993)

Given a matrix pair (A1, Ao), there exist unitary matrices P, Q
such that (PA:Q, PAyQ) are in the following generalized upper
triangular form:

AE11 — A1y AEj2 — A2 AEi3 — A1z AE14 — Ana

_ 0 AEpp — Ao AEpz — Apz AEpy — Acg
POAI+4)Q = 0 0 AEgz — A3z AE3q — Az
0 0 0 AE4q — Ass

Here no = 0>, Ny = (3, AE11 — A1y and \Es4 — Ass contains all left
and right singular Kronecker blocks of NA{ + Ao, respectively.
Furthermore, AE.> — As> and A\Es3 — Ass are regular and contain
the regular finite and infinite structure of AA, + Ay, respectively.
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Hy What can we learn form GUPTRI?

> Eigenvalues
> Algebraic multiplicity of eigenvalues.
> Left and right deflating and reducing subspaces.

> With a lot of perturbation theory also information on the length
of chains.
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Ly Stably computable condensed forms

Problem class transformation stable cond. form
AX +Ax =0 Q'AQ, Q unitary Schur form

Mix + Apx =0 | PAIQ, PAyQ, P, Q unit. | gen. Schur form
(o NA)X =0 ? ?
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9 Matrix Polynomials
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Ly Matrix polynomials

We now study polynomial evps

where A; € F4".
We will extend concepts from linear to general matrix
polynomials.
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Ly Regularity

Definition

A matrix polynomial P(\) = S35 ( NA;, with Ay, ..., A, € F%",

Ak # 0 is called regular if the coefficients are square matrices
and if det P(\) does not vanish identically for all A € C, otherwise

it is called singular.
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% Jordan Chains

Definition
Let P(\) = Y25, NA; with A, ..., A, € F“". A right (left) Jordan
chain of length r + 1 associated with a finite ev \ of P()\) is a
sequence X; (¥;), i =0,...,rwith xo, x; # 0 (Yo, ¥ # 0) and
PA\)x = 0
PA)X: + [ &PN)xo = O

PO, + [ 8 PR)xs ...+ 2L PR)x = O,
K = o
Y P( )+y0[1|d>\ ()‘)] = 0;

VP + Y5 &P + .. + WIS P(] = 0.



Ky Kronecker Chains to ev oo

Definition
Let P(\) = S35, NA; with A, ..., A, € TN,
The reversal of P()) is the polynomial

rev P()) := XP(1/)) = Z NAci.

A right (left) Kronecker chain of length r 4+ 1 associated with the
eigenvalue infinity of P()) is a right (left) Jordan chain of length
r + 1 associated with eigenvalue A = 0 of revP(\).
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Ly Singular Kronecker Chains

Definition

Let P(\) = S35, NA; with A, ..., A, € F™". Aright singular
Kronecker chain of length r 4+ 1 associated with the right singular
part of P(\) is defined as the sequence of coefficient vectors x;,
i=0,...,rinanonzero vector polynomial

x(\) = x,A’ .+ x1\' + xo of minimal degree such that
P(A\)x(A\) =0, considered as a polynomial equation in \.

A left singular Kronecker chain of length r + 1 associated with
the left singular part of P()) is a sequence of coefficient vectors
yi, i =0,...,rinanonzero vector polynomial

y(\) = ¥ A+ ...+ y1A' + yo of minimal degree such that
yH(\)P(N) = 0.

Here y"'(\) = v + ...+ yiAT + y4.
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Definition

For a matrix polynomial P(\), a matrix pencil L(A\) = AX + Y'is
called linearization of P()), if there exist unimodular matrices
S()\), T(X) such that

SOVLN)T(N) = diag(P(\), by, . ., I1).

If L(X\) is a linearization for P()\) and rev L(\) is a linearization for
rev P()\), then L()\) is said to be a strong linearization for P(\).
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&y Properties of linearization

> Linearization preserves the algebraic and geometric
multiplicities of all finite eigenvalues, but not those of infinite

eigenvalues.
> Strong linearization preserves the algebraic and geometric
multiplicities of all finite and infinite eigenvalues.

> The lengths of singular chains are not all invariant.
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&y Companion linearization

The classical companion linearization for polynomial eigenvalue
problems

K
P(A)x = NAx
i—0

is to introduce new variables

yT:[y“yz"”’W ]T:[X,Ax,..,,v—1X]T

and to turn it into a generalized linear eigenvalue problem
LAy =AM X+Y)y=0

of size nk x nk.
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Hy Difficulties with companion form

Example The even quadratic eigenvalue problem
(MM +AG—-K)x=0

with M = M7 K = KT > 0, G= —G' has a spectrum that is
symmetric with respect to both axis, but in the companion
linearization

el Lo wllh]

does not see this structure.

> Numerical methods destroy eigenvalue symmetries in finite
arithmetic !

> Perturbation theory requires structured perturbation for
stability near the imaginary axis.
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% Pros and cons of linearization

Is it a good idea to perform a linearization?
Pros

> Simpler analysis for linear eigenvalue problems.
> Not many well studied methods for matrix polynomials.

> No generalization of Jordan/Kronecker canonical form for
matrix polynomials.

Cons

> The condition number (sensitivity) may increase dramatically.
> The size of the problem is increased.

> Symmetry structures may be lost.
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&y Optimal Linearizations

Goal: Find a large class of linearizations for which:
> the linear pencil is easily constructed;
> structure preserving linearizations exist;

> the conditioning of the linear problem can be characterized
and optimized;

> eigenvalues/eigenvectors of the original problem are easily
read off;

> a structured perturbation analysis is possible.
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6 New Classes of Linearizations
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&y Vector spaces of potential linearizations

Notation: A := N1 k=2 "X\ 1]7, ® - Kronecker product.

Definition Mackey?/Mehl/M. 2006. For a given n x n matrix
polynomial P()\) of degree k define the sets:

Vp = {v®P()\) : veTFk}, vis called right ansatz vector,
We = {w’'®P(\): weF¥}, wis called left ansatz vector,
Li(P) = {LO)=AX+Y: XY €F™ ) L) (A& ) € Vp ).

(P)
Lo(P) = {L()=AX+Y: XY eF™4 (AT 1) L()) € Wp}
DL(P) = L;(P)NLa(P).
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&y Properties of these sets

Lemma

For any n x n matrix polynomial P(\) of degree k,
IL+(P) is a vector space of dimension k(k — 1)n? + k,
ILo(P) is a vector space of dimension k(k — 1)n? + k,
DIL(P) is a vector space of dimension k.

These are not all linearizations but they form a large class.
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Ly Example

Consider the cubic matrix polynomial (Antoniou and
Vologiannidis 2004), P(\) = A\3As + A\2Ax + AA; + Ao. Then the

pencil
0 A; O -/ 0 O
L()\) = I A 0| + 0 A A
0 o0 |/ 0o -/ 0
is a linearization for P but neither in L{(P) nor in Ly(P).
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% The shifted sum

Definition (Column Shifted sum)

Let X and Y be block matrices

X1 - Xk Yio -+ Yik
X=1"1 N Y=1|"1: :
Xt - Xk Yer - Y
with blocks Xj;, Y; € F™". Then the column shifted sum of X and
Y is defined to be
X1 Xk O 0 Yy -+ Yi
XEBY = | : R Pl
Xt - X O 0 Y -+ Y

The row shifted sum is defined analogously.



Ly Example

For the first companion form C;(\) = AX; + Y; of
P(\) = S, NA;, the column shifted sum X; B8 Y is just

Ac 0 - 0 A1 Ao - A
9 .I,, - o _./n .0 - o
: .. . 0 : .. .. :
0 --- 0 | 0 e I, 0
Ak Ak—1 Ao
1o o 0
0 0 0
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Ly Shifted sum property

Lemma

Let P(\) = fozo M A; be an n x n matrix polynomial, and
L(\) = A\X + Y akn x kn pencil. Then for v € F,

()\X‘i‘ Y)(A@In) = V®P(/\) — XBY= V®[Ak Ax_q -+ Ao] ,

and so the space 1L1(P) may be alternatively characterized as

Li(P) = {)\X+ Y  XBY = v A Ac - A, veIE‘k}.

Analogously we can characterize Ly (P).
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Characterization of IL{(P)

Theorem

Let P(\) = YK, N'A; be an n x n matrix polynomial, and v € F¥
any vector. Then the set of pencils in IL;(P) with right ansatz
vector v consists of all L(\) = AX + Y such that

X:[V®Ak —W}

ane Y=[W+(va [ At -+ A]) vRA].

with W € Fkn<(<=1n chosen arbitrarily.

Corollary
Lo(P) = [L{(PT)]".
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Hy A linearization Check

Procedure for linearization condition for LL{(P).

1) Suppose P()) is regular and L(\) = AX + Y € Ly(P) has
0£veFrie, L) - (A1) =veP(\).

2) Select any nonsingular matrix M such that Mv = «ae;.

3) Form L(\) := (M ® I,)L()\), which must be of the form

Z(A):)\j(+y:)\[x11x12]+lyﬁ3/12]7

0|-Z Z|0

where Xi; and Y, are n x n.
4) Check| detZ # 0|, the linearization condition for L(\).

This procedure can be implemented as a numerical algorithm:
choose M to be unitary, then use a rank revealing factorization to
check if Z is nonsingular.
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Ly Example

Consider a general regular P(\) = \2A+ \B + C, and
A B+C}+{—{2 é

L(A):A{A 28-Al T |A-B ¢

Since
AB+CB}>—C c|l [ABZC
A 2B—-A A-B C| |A B C|’

we have L(\) € Ly(P) with right ansatz vector v = 1 1 ]T.
Subtracting the first entry from the second reduces v to e, and

the corresponding block-row-operation on Y yields

S -C C

v= {A -B+C 0] '
Hence Z = A— B + C, and we have a linearization iff
det(A— B+ C)=detP(—1) #0,i.e., \=—1is not an
eigenvalue of P.
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Ly Example

Consider the general regular cubic polynomial
P(\) = N3A+ )\2B + \C + D and the pencil

A 0 2C B -C D
AMX+Y=\|-2A -B-C D-4C|+|C-B 2C-D -2D
0 A —1 —A / 0

in L;(P). Since X@Y=[1 —2 0]'@[A B C D], we

have v=[1 —2 0]". Adding twice the first block-row of Y to
the second block-row of Y gives

_[B+C -D
il

and hence the condition det Z = det(B + C — DA) # 0.



Ly Eigenvector Recovery Property

Theorem

Let P()\) be an n x n matrix polynomial of degree k, and let L(\)
be any pencil in1L,(P) with ansatz vector v # 0.

Then x € C" is a right eigenvector for P()\) with finite
eigenvalue )\ € C if and only if N ® x is a right eigenvector for
L(\) with eigenvalue .

If in addition P is regular, i.e. det P(\) £ 0, and L € 1L4(P) is a
linearization then every eigenvector of L with finite eigenvalue
A\ is of the form A ® x for some eigenvector x of P.

A similar result holds for the space LL,(P) and also for
eigenvalues 0, cc.
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Ly Strong Linearization Property

Theorem

Let P()\) be a regular matrix polynomial and L(\) € 1L1(P) (or
L(X) € Lo(P)). Then the following statements are equivalent.

(i) L(\) is a linearization for P(\).
(i) L(\) is a regular pencil.
(ili) L(X) is a strong linearization for P(\).
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Ly Example

The first and second companion forms

A 0 -+ 07 (A Aco - A
S 5, 0 - 0
() =] 0 b E o
L 6 O In_ | 0 _In 0
(A O 0] [ A1 — 1y 0
Gy = A| O b A2 O
R : —1I
0 o L] | A o 0

are strong linearizations in L{(P), Ly(P), respectively.
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Characterization of DL(P)

Lemma
Consider an n x n matrix polynomial P(\) of degree k. Then, for
v=(vi,...,v)" andw = (wy,...,w)T inFX, the associated

pencil satisfies L(\) = AX + Y € DIL(P) if and only if v = w.

Once an ansatz vector v has been chosen, a pencil from DL(P)
is uniquely determined.
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Ly Are the classes large enough?

Theorem

For any regular n x n matrix polynomial P(\) of degree K,
almost every pencil in L1(P) (L2(P)) is a linearization for P()\).

For any regular matrix polynomial P()\), pencils in DL(P) are
linearizations of P(\) for almost all v € F*.

‘Almost every’ means for all but a closed, nowhere dense set of
measure zero.
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Ly Linearization property for DIL(P)

Theorem

Consider an n x n matrix polynomial P(\) of degree k. Then for
given ansatz vectorv = w = [v4,..., v|" the associated linear
pencil in DIL(P) is a linearization if and only if no root of the
v-polynomial

p(V;x) = vix* '+ v x + v

is an eigenvalue of P.
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Ly Example

Consider P(\) = A*A+ A\2B + AC + D and

A 0 -A B A+C D
LA)=X|0 —-A-C -B-D|+ |A+C B+D 0
-A -B-D -C D 0o -
in DL(P) with ansatz vectorv=[1 0 —1 ]T,
p(v;x) = x® —1.
Using the check one easily finds that

A+C B+ D

det{BJrD A+C}7§o

is the linearization condition for L(\).
This is equivalent to saying that neither —1 nor +1 is an
eigenvalue of the matrix polynomial P()).
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e Structured polynomial Evps.
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Polynomial evps with structure

P()\) x =0,
where
> P()) is polynomial matrix valued function;
> X is a real or complex eigenvector;
> A is a real or complex eigenvalue;
> and P(\) has some further structure.
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Which structures?

Definition

A nonlinear matrix polynomial P(\) of degree k is called

> T-even (H-even) if P(\) = PT(=)) (P()\) = PH(=)));

> T-palindromic (H-palindromic) if P(\) = PT(A~1)\k
(P(\) = PH(A"T)\K,

> T-symmetric (Hermitian) if P(\) = PT()\) (P(\)" = P()\));
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Ly Examples

> A T-even quadratic problem has the form \2M + AG + K with
M=M K=K’ ,G=-G'.

> A H-palindromic cubic problem has the form
A3A; + N2A% + MAy + Ay where A; = A A, = Al

> A quadratic symmetric problem has the form \2M + \D + K,
with M =M" K=K' D=D'.
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&y Properties of even matrix functions

Lemma

Consider a T-even eigenvalue problem P(\)x = 0. Then
P(\)x = 0 ifand only if xTP(=\) = 0, i.e., the eigenvalues
occur in pairs \, —\, or quadruples \, —\, \, —X\ in the real
case.

Consider a H-even eigenvalue problem P(\)x = 0. Then
P(\)x = 0 if and only if x"P(—)) = 0, i.e., the eigenvalues
occur in pairs A, —\

Even matrix functions have Hamiltonian spectrum, they
generalize Hamiltonian problems A\l + H, where H is
Hamiltonian.
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Ly Properties of palindromic matrix functions

Lemma

Consider a T-palindromic eigenvalue problem P(\)x = 0.
Then P(\)x = 0 ifand only if x"P(1/)) = 0, i.e., the
eigenvalues occur in pairs \, 1/ or quadruples \, 1/, X, 1/
in the real case.

Consider a H-palindromic eigenvalue problem P(\)x = 0.
Then P(\)x = 0 ifand only if xTP(1/)\) = 0, i.e., the
eigenvalues occur in pairs \, 1/\.

Palindromic matrix functions have symplectic spectrum, they
generalize symplectic problems \l + S, where S is a
symplectic matrix.
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&y Properties of symmetric matrix functions

In general symmetric/Hermition matrix functions have no special
symmetries in the spectrum. Left and right eigenvectors to an
eigenvalue, however, are the same.

In some special cases (definite, hyperbolic) it can be shown that
all eigenvalues are real or purely imaginary.

Example Consider the quadratic problem \2M + K with M, K
real symmetric, M positive definite, K positive semidefinite. Then
the eigenvalues are the square roots of the negative eigenvalues
of —L~'KL~T and thus purely imaginary.
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Ly Even Matrix Polynomials

> Singularities (cracks) in anisotropic materials as functions of
material or geometry parameters

> Optimal control of differential equations
> Gyroscopic systems

> Optimal Waveguide Design,

> H,, control
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Palindromic Matrix Polynomials

> Excitation of rail tracks by high speed trains
> Periodic surface acoustic wave filters
> Control of (high order) difference equations
> Computation of the Crawford number
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&y Symmetric/Hermitian Matrix Polynomials

> Mass, spring, damper systems, dynamic simulation of
structures.

> Acoustic field problem.
> Quantum dot simulation.
> ...
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@ Structured Linearization
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Structured linearization

Lemma
Consider an n x n even matrix polynomial P(\) of degree k.
For an ansatz vector v = (v4,..., )" € F¥ the linearization

LA)=XX+ Y eDL(P)iseven, ie. X=X"and Y = -YT, if
and only if p(v; x) is even.

Consider an n x n palindromic matrix polynomial P()\) of degree
K.

Then, for a vector v = (v, ..., )" € F¥ the linearization
L(X\) = AX + Y € DL(P) is (the permutation of) a palindromic,
if and only if p(v; x) is palindromic.
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Ly Example

For the palindromic polynomial
P(\)y = (NA] + ) A+ Ay =0, Ay =A]
a palindromic vector v = [a, a]”, a # 0 leads to a palindromic

pencil

T _
(kZ+2T)z=0, Z = {A1 Ao — A }

Al AT

This is a linearization if and only if —1 is not an eigenvalue of
P(N).
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Ly Symmetric linearizations

For symmetric P, a simple argument shows that every pencil in

DL(P) is also symmetric:
L € DIL(P) with ansatz vector v implies that L' is also in DLL(P)
with the same ansatz vector v, and then L = L follows from the

uniqueness.
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Deflation of 'bad eigenvalues’

To have structure preserving linearizations we need to deflate
bad eigenvalues and singular blocks first.

> Open Question: Can we linearize first and then deflate in the
linear problem?

> If so, then we need structure preserving procedures for even
(palindromic) pencils.

> Do we have structured Kronecker forms?
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a Structured canonical forms
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% Structured Kronecker form

To preserve the even, palindromic, symmetric structure, we use
congruence transformations

MW+M = \UTNU+ UTMU,
MT+A = NTATU+ UTAU,
MW+ K = AUTMU + UTKU,
AN+ M AUPNU + URMU,
2T+ A ANTATU + UTAU,
MW+ K = \U"MU+ U"KU,

with nonsingular (orthogonal, unitary) U.
What are the structured canonical condensed forms under these
transformations?
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Structured KCF for even pencils

Theorem (Thompson 91)

IfN, M € R™ with N = —NT, M = M7, then there exists a
nonsingular matrix X € C™" such that

XT()\N 2 M)X = diag(Bg, BI, Bz, B_F),
BS = diag((’)n, 351, 000 ,Sgk),
BI = dlag (Ig€1+1, N ,Ig€,+1 ,1251, e ,Ig5m) 9
BZ — dlag (ZZU1+17 ceey ZZO’,—H ) Z2p1 PECICCI) Z2ps) )

B]: = diag(R¢1, 500 ,R@,Cwﬁ 500 ,C¢u)

This structured Kronecker canonical form is unique up to
permutation of the blocks.
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&y Properties of blocks

1. 0, =)0, +0,;
2. Bach S is a (2¢; + 1) x (2¢; + 1) block that combines a right
singular block and a left singular block, both of minimal index ¢&;.

It has the form
[ 1 07 [ 0 17

o
—_
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3. Each o 11 is a (2¢; + 1) x (2¢; + 1) block that contains a
single block corresponding to the eigenvalue oo with index
2¢j+ 1. It has the form

i 1 07 T 0 17

—
o -,
o
—

-1 .- 0 .-
0 1

where s € {1, —1} is the sign-index or sign-characteristic of the
block;
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4. Each T,s, is a 40; x 44; block that combines two 24; x 29;
infinite eigenvalue blocks of index §;. It has the form

- 101

O —
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5. Each 2,1 is a (40, + 2) x (40, + 2) block that combines two
(20 + 1) x (205 + 1) Jordan blocks corresponding to the
eigenvalue 0. It has the form

- 1

o —
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6. Each 25, is a 2p; x 2p; block that contains a single Jordan
block corresponding to the eigenvalue 0. It has the form

1

O -

1

0 -

—1

where s € {1, —1} is the sign characteristic of this block;
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7. Each Ry, is a 2¢; x 2¢; block that combines two ¢; x ¢; Jordan

blocks corresponding to nonzero real eigenvalues g; and —a;. It
has the form
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8 a. Either Cy, is a 2¢; x 2¢; block combining two ¢; x v; Jordan
blocks with purely imaginary eigenvalues ib;, —ib; (b; > 0). It has
the form

—1 1

where s € {1, -1} is the sign characteristic.
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8 b. or Cy, is @ 41); x 44 block combining v x v; Jordan blocks
for each of the complex eigenvalues

aj + ibj, aj — ibj, —aj+ ib;, —a;j — ibj (with a; =# 0 and bj = 0). In this
case it has form

- Q A
- Q1
Q
Q Iy
A 0 + Q A
| —Q i Q
L A i
WIthQ—[1 O]and/\,_[ 3 bj]
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Ly Structured KCF for palindromic pencils

Theorem (Horn/Sergejchuk 06, Schréder 06)

If A € R™" then there exists a nonsingular matrix X € R™" such
that

AXTATX + XTAX = diag(MA; + AT, ... AT + A)

is in structured Kronecker form.

This structured Kronecker canonical form is unique up to
permutation of blocks, i.e., the kind, size and number of the
blocks as well as the sign characteristics are characteristic of the
pencil \AT + A.
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Ly Properties of blocks

1 0
0,
1.0 i
—- )\ -
0p 1
0p
1 -

where p e N A e R, |\ < 1;



A
02p I
Ly p(a, B) = 5 A b c RéP4D
ng
I
o — .
wherepeN,A:{B (ﬂ,a,ﬁeR\{O},5<o,|a+/5|<1;
. 1
0g o
oUpp=o i — <=» where p € Nis odd,
1
1 08,
oe{l,—1};
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0p 1
— - 1 2p,2p
Uz,p = Lp(1) — € reP,
0Op
1 0
where p € N is even;
—1
Usp = Lp(=1) = — exw Where p € Nis
0Op
;

odd;
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o
[Nlpe]
—_

= Rprp’

]
where p € Nis even, o € {1, —1};
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_ A
0z, I
A
oUsp(a, ) =0 Az b € R2P:2p
I
Oz1g
L b i
. . a —f
where p € Nisodd, [a+ i8] =1, < 0,A = {ﬁ N 1

Az is defined as rotation matrix with rotation angle £ € (0,m),
where ¢ = arctan(g) is the rotation angle of the rotation matrix A,
oc {1 ) -1 }s
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UU6,p(a7 6) =0 A I2 c R2p,2p,

k| b

I
where p € N is even,

o+ if] =1,8<0.A= |9 loe 1),
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% Other structured KCF

> Analogous results for symmetric pencils.
> Analogous results exist for complex even pencils.
> Analogous results exist for complex palindromic pencils.

> Hermitian pencils and complex T-symmetric pencils can be
treated like complex even pencils (Set A = ip).
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Ly Consequences

Even, palindromic, symmetric KCF for pencils exist.

But the transformation matrix X may be arbitrarily

ill-conditioned.

The even, palindromic, symmetric KCF cannot be computed

well with finite precision algorithms.

> The information given in the even, palindromic, symmetric
KCF is essential for the understanding of the computational
problems.

> We need alternatives, from which we can derive the

information, that allows the deflation of singular blocks and

blocks associated with 0, 0o (1 and —1).

v Vv

v
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@ Structured Staircase Form
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Why not just A\QNU + QMU ?

Example Consider a 3 x 3 even pencil with matrices

0 10 00 1
N=Q| -1 0 0|Q, M=Q|0 1 0|Q,
0 00 100

where Q is a random real orthogonal matrix. The pencil is

congruent to
010 100
Al0O01T|—-(010O0
00O 0 0 1

For different randomly generated orthogonal matrices Q the QZ
algorithm in MATLAB produced all variations of eigenvalues that
are possible in a general 3 x 3 pencil.
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&y Structured staircase form for even pencils

Theorem (Byers/M./Xu 07)

For \N + M with N = —N",M = MT € R™", there exists a

real orthogonal matrix U € R™", such that

UTNU =
N . e Ny m N1, m+1 Ni,mi2 Niom 0 17 N
1
= . - Np—1,mt2 -~ .
—Nim - - Nm,m Nm,m+1 .
T T i
=Ml coo 20c “Nmmit | Nt met I
T T
—Ni my2 —Nm—1.my2 0 am
T 92
—Niom %
0 J

Nonlinear EVPs 98 /203




Whereq1Zn12q22n22---2(—7m2nm,

Ni 2mi1—j
N1, mi1

M 2mi2—j

M1, me1

and the blocks X, and A and I, j=1,..., mare nonsingular.

€

BTG, 1<j<m—1,
A0 _ _AT ¢ g2p:2
[ 0 o0 ], A=—-A" €R N

[ 0 ]er”y, rer, 1<j<m,

[):1T1 Tio
T T

T 2p,2 T 1—2p,1—2
:|Y 211:211€RP’P) Yoo =%y €R P, IJ’

My M, m My, m1 My mi2 Mi 2m-1 ny
; . . : :
My, Mm,m Mm,m+1 Mm,m+2 Nm
T T
My i Mm.m1 Mm-1,m1 [
T T
M1 ,m+2 Mm,m+2 am
T 4]
My 2m 1



> The middle block

A 0 Y1 X
ANmi4mi1 + Mmpam = A { 00 } t [ Z}; Z;z } ’

contains all the blocks associated with finite eigenvalues and
1 x 1 blocks associated with the eigenvalue oc.

> The finite spectrum of is obtained from the even pencil
A+ X = MA + (Zq41 — T12X,, £1,) with A invertible.
> The matrix A has a skew-Cholesky factorization A = LJLT,

. o |/
W|thJ:{_l O}’

> The spectral information can be obtained from the
Hamiltonian matrix % = JL='¥L~ 7.
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Ly Consequences, other cases

> Similar staircase forms for palindromic, symmetric pencils.

> All the information about the invariants (Kronecker indices)
can be read off. Byers/M./Xu 07.

> Bad eigenvalues can be deflated first.

> Singularities and high order blocks to the eigenvalue 0, co can
be deflated.

> The best treatment of infinite eigenvalue in the middle block
ANmi1,me1 + Mmi1,me1 1S unclear.

> Is the use of skew-Cholesky better than projecting out the
nullspace with unitary (symplectic) transformations?
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Ly Computational procedure

> The procedure consists of a recursive sequence of singular
value decompositions.

> The staircase form essentially determines a least generic even
pencil within the rounding error cloud surrounding AN + M.

> Rank decisions face the usual difficulties and have to be
adapted to the recursive procedure.

> Similar difficulties as in standard staircase form, GUPTRI.

> What to do in case of doubt? In applications, assume worst
case.

> Perturbation analysis is essentially open for singular and
higher order blocks associated with co.
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Ly Example revisited

Our MATLAB implementation of the structured staircase
Algorithm determined that in the cloud of rounding-error small
perturbations of each even AN + M, there is an even pencil with
structured staircase form

0 0 1

010/,

100

010
Al -1 00
00O
with one block Z5 with sign-characteristic 1.
The algorithm successfully located a least generic even pencil
within the cloud.
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@ Smith form and invariant polynomials
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Ly Equivalence for matrix polynomials

Definition

Two m x n matrix polynomials P()\), Q()\) are said to be
equivalent, denoted P()\) ~ Q(1), if there exist unimodular
matrix polynomials E(\) and F(\) of size m x mand n x n,
respectively, such that

The canonical form of a matrix polynomial P(\) under
equivalence transformations is the Smith form of P()).

Nonlinear EVPs 105/203



Ly The Smith form

Theorem (Smith form)

Let P(\) be an m x n matrix polynomial over an arbitrary field F.
Then there exists r € N, and unimodular matrix polynomials
E(X\) and F()\) of size m x m and n x n, respectively, such that

E()P(A)F(A) = diag(ch(N). ... in gmmy (V) = D().

where d;()), ..., d,(\) are monic i.e., the highest degree terms
all have coefficient 1, d,1()), . .., Gmin{m,ny(\) are identically
zero, and d;()\) is a divisor of di 1(\) forj=1,...,r—1.
Moreover, D(\) is unique.

The r nonzero diagonal elements d;(\) in the Smith form are
called the invariant polynomials or invariant factors of P(\).
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% Greatest common divisors

> Foran mx nmatrix A, leta C {1, ... mfand g C {1, ... ,n}
be arbitrary index sets of cardinality j < min(m, n). Then A,z
denotes the j x j submatrix of A in rows a and columns ; the
determinant det A, is called the «/5-minor of order j of A.

> For d(x) # 0, it is standard notation to write d(x) | p(x) to
mean that d(x) is a divisor of p(x), i.e., there exists some g(x)
such that p(x) = d(x)q(x).

> Note that d(x) |0 is true for any d(x) # 0. Extending this
notation to a set S of scalar polynomials, we write d | S to
mean that d(x) divides each element of S, i.e., d(x) is a
common divisor of the elements of S.

> The greatest common divisor (or GCD) of a set S containing at
least one nonzero polynomial is the unique monic polynomial
g(x) such that g(x)| S, and if d(x) | S then d(x) | g(x) .
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&y Characterization of invariant polynomials
Theorem

Let P()\) be an m x n matrix polynomial over a field F with a
given Smith form. Set po(\) = 1. For1 < j < min(m, n), let
p;j(\) = 0 if all minors of P(\) of order j are zero; otherwise, let
pi(\) be the greatest common divisor of all minors of P()\) of
order j. Then the number r in Smith form is the largest integer
such that p,(\) #Z 0. Furthermore, the invariant polynomials
di(N), ..., d(\) of P(\) are ratios of GCDs given by

dj(/\):%, j=1,...,r,

the remaining diagonal entries are given by
di(A\) =p(A\) =0, j=r+1,...,min{m, n}.



Ly Elementary divisors

> When the field F is algebraically closed, the invariant
polynomials are unique products of powers of linear factors

d,()\) = ()\ — )\,’71)()["’1 B ()\ — )\,’7;(,.)‘]"”‘/', i = 1, RN

where A 1,..., Ay € Faredistinctand o1, ..., € N.

> The factors (A — \;j)*4, j=1,... ki, i=1,...,rare called the
elementary divisors of P()).

> Some polynomials (A — \g)* may occur multiple times as
elementary divisors of P(\), because they may be factors in
distinct invariant polynomials d;, (\) and d;, ().

> For a matrix A € C"™", each elementary divisor (A — X\g)* of
the matrix pencil A/ — A corresponds to a Jordan block of size
a X « associated with the eigenvalue \q of A.
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Jordan structure

Definition (Jordan structure of a matrix polynomial)

For an m x n matrix polynomial P(\) over the field FF, the Jordan
structure of P()) is the collection of all the finite and infinite
elementary divisors of P(\), including repetitions, where P()\) is
viewed as a polynomial over the algebraic closure F.
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&y Companion linearization

The classical companion linearization for polynomial eigenvalue

problems
k

P(A)x =Y NAx
i=0
is
Ac 0 --- 0 At Ao - Ag
L\ = A 0 In : n —:/n O 0
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Ly Companion matrix

If P(N) is regular and Ay invertible then we form the companion
matrix

AlACT ATAc: - ATA
= 0
0 T

We have
det P(\) = det(\/ + Cp) det(Ax).
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% Resolvents

Theorem

For every complex number \ that is not an eigenvalue of the

regular n x n matrix polynomial P(\) with nonsingular leading
coefficient

P()\)‘1 = Si(M+ Cp)‘1 T;
where

Any triple (S, C, T) such that S = SiM, C = M~'CpM,
T = M~'T, is called a standard triple and we have

P\ =S\ +C)'T.
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% Canonical form of linearization

Lemma

Let (S, C, T) be a standard triple for an n x n matrix polynomial
P(X) with nonsingular leading coefficient, then

SCH

o | ¢
sc
S

is invertible and Cpr = QCQ™!

A standard triple that brings Cp to Jordan form is called a Jordan
triple.
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Ly Jordan triples and matrix equations

The blocks of Jordan triples are constructed from the Jordan
chains of P(\) and if (S, C, T) is a Jordan triple then the matrix
equation

A;‘Ak_1SCk + .. .A;‘A1 SC + A;1AOS =0
holds.
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Lemma

Suppose that D(\) = diag(di()), d2(}), . .., dn(N)) is the Smith
form of the T-even n x n matrix polynomial P()\). Then the
following statements hold:

a) Each d,()) is alternating.

b) If P()\) is regular, and v is the number of indices ¢ for which
the invariant polynomial d,()\) is odd, then v is even.
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Ly Jordan structure of even mat. polys

Theorem (Jordan struct. of T-altern. matrix poly’s)

Let P(\) be an n x n T-alternating matrix polyn. of degree K.
Then the Jordan structure of P(\) is as follows.
(@) IF(A—=Xo)™,..., (A — Xo)™ are the elem. div. to \o # 0O, then
the elem. div. to —\g are (A + o), ..., (A + Xo)™.
(b) Zero elementary divisors \°:
(i) if P(\) is T-even, then for each odd 3 € N, \° has even multip.
(ii) if P(\) is T-odd, then for each even 3 € N, \? has even multip.
(c) Infinite elementary divisors:

(i) Suppose P()) is T-even and k is even, or P()\) is T-odd and k is
odd. Then revP()) is T-even, and for each odd -y € N, the inf.
elem. div. of P(\) of degree ~ has even multiplicity.

(i) Suppose P()\) is T-even and k is odd, or P()\) is T-odd and k is
even. Then revP()\) is T-odd, and for each even v € N, the inf.
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Jordan structure T-even pencils

Corollary

Let L(\) = AX + Y be an n x n T-alternating pencil. Then the
Jordan structure of L(\) has the following properties:

(a) Nonzero elementary divisors occur in pairs: if
(A=), ..., (A — Xo)* are the elem. div. of L(\) to Ao # O,
then the elem. div. of L(\) to —\g are (A + Xo)*, ..., (A4 Xo)*.
(b) If L(\) is T-even, then the following elem. div. occur with even
multip.
(i) for each odd 3 € N, the elem. div. \?, and
(ii) for each even~ € N, the elem. div. at oo of degree +.
(c) If L(\) is T-odd, then the following elem. div. occur with even
multi.:
(i) for each even B € N, the elem. div. \?, and
(ii) for each odd~ € N, the elem. div. at oo of degree ~.
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Ly Example

Consider the T-even matrix polynomial

P()) = N { 2) 8 1 — { 8 (1) } = diag()\?, —1)
Both P()\) and revP(\) = diag(1, —\?) have the same Smith form
diag(1, \2); thus P()\) has elementary divisor \? with odd
multiplicity, and also an even degree elementary divisor at co
with odd multiplicity.

But this Jordan structure is incompatible with every T-even
pencil. and with every T-odd pencil. Thus we see a reason why
P(\) can have no T-alternating strong linearization.
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Ly Consequences, Questions.

> The Jordan structure of any odd degree T-alternating matrix
polynomial P()\) is completely compatible with that of a
T-alternating pencil of the same parity.

> This strongly suggests that it should be possible to construct a
structure-preserving strong linearization for any such P(\).

> A question is whether compatibility of Jordan structures is also
sufficient to imply the existence of a T-alternating strong
linearization.

> A more refined question concerns the existence of
T-alternating linearizations that preserve all the spectral
information of P(\), comprised not only of its finite and infinite
elementary divisors, but also (when P()) is singular) of its
Kronecker indices. See De Teran, Dopico Mackey 201x
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Strong linearizations

Generalization of (Antoniou and Vologiannidis 2004).

Lemma

Let P(\) be any n x n matrix polynomial of odd degree, regular
or singular, over an arbitrary field F. Then Sp(\) is a strong
linearization for P(\).

Theorem

Every T-alternating polynomial P(\) of odd degree has a
T -alternating strong linearization with the same parity as P.
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Ly Consequences, Questions

> We know already that there are even degree T-alternating
matrix polynomials that, because of Jordan structure
incompatibilities, do not have any T-alternating strong
linearization.

> If we put such cases aside, however, and consider only
T-alternating matrix polynomials whose Jordan structure is
compatible with at least some type of T-alternating pencil,
then is that compatibility sufficient to guarantee the existence
of a T-alternating strong linearization? This is partially open.
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&y The Regular Case

Theorem

Let P(\) be a regular n x n T-alternating matrix polynomial of
even degree k > 2, over the field F = R orF = C.
(a) If P(X\) is T-even, then P(\) has
» a T-even strong linearization if and only if for each even € N,
the infinite elementary divisor of degree ~ occurs with even
multiplicity.
» a T-odd strong linearization if and only if for each even g € N, the
elementary divisor \° occurs with even multiplicity.
(b) If P(X\) is T-odd, then P(\) has
» a T-even strong linearization if and only if for each odd 5 € N, the
elementary divisor \° occurs with even multiplicity.
» a T-odd strong linearization if and only if for each odd ~v € N, the
infinite elementary divisor of degree -~y occurs with even
multiplicity.
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Ly Palindromic polynomials

Mackey, Mackey, Mehl, M., 2010

> Many of the results for the even case carry over to the
palindromic case.

> The smith form of a T palindromic

> But there are differences, these have to do with the difference
between grade and degree. \?/ + A/ is not palindromic as a
degree 2 but as degree 3 matrix polynomial.

> We don’t have if and only if results.
> Many open questions.
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@ Backward error analysis
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Ly Wilkinson Backward Error Analysis

Consider a set of data D, a computational problem and a
solution space S. Suppose that the exact solution is described
by mapping ¢ that maps the data d € D to a solution s € S.

o - D= S
d—s

In finite precision arithmetic we have an inaccurate solution ¢
and get an inaccurate answer s.
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Ly Wilkinson Backward Error Analysis

> Classical Wilkinson backward error analysis. Show that
& = ¢(d), i.e. the result is the exact result with perturbed data
d and an equivalent backward error = d — d.

> Then analyse via perturbation analysis what the effect of a
perturbation of the data on the result is.

> The amplification factor for the error in the data is called the
condition number.
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&y Backward error analysis for P(\)x

> Data: coefficients A;,i =0,..., k.

> Solution: A, x.

> Method: Eigenvalue solver.

For the perturbation analysis we have to analyze how the

eigenvalues )\ and the eigenvectors x behave under perturbation
of the coefficients A;,i =0, ..., k, i.e. we have to determine the

condition number.
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> We do not solve P(\)x = 0, but L(\)z = 0, where the last part
of the vector z is x.

> |s the condition number of P(A\)x = 0 and L()\)z = 0 different?

> If yes can we make the difference better by choosing different
linearizations?

> What about structure preservation, does that help?
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Ly Conditioning of polyn. evps

Definition

Let \ be a simple nonzero finite eigenvalue of P(\) = fo:o NA;
and let x, y be the associated right and left eigenvectors.

The norm-wise condition number (with respect to perturbations
AP =Y (N AA)) is defined as

kp(A) = limsup {% (P4 AP)(A+ AN (x + Ax) =0,
e—0
|AA|]l < ew;,i=0,1,...,k}

where the weights w; allow to put different measures on the
coefficients.
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&y Homogeneous cond. number

Introduce homogeneous coordinates and write
P(a, ) = K, /BT A with A ~ o/, 0 ~ (0,1), 0o ~ (1,0).

Theorem (Dedieu/Tisseur 2003)

Let (o, B) be a simple eigenvalue of P(«, 3) and let x, y be the
associated right and left eigenvectors.

The norm-wise condition number (with respect to perturbations
AP =YK /B AA) is

p 1/2
| a2tk Ixll2llyll2
kp(a, B) = Jaf?'| B2 ’)W-2> = ~
(; ") WYH(BgeP — s P)lasX|

The condition number is independent of the scaling in («, 5) and
it reduces to the Wilkinson condition number for linear evps.
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Ly Conditioning of product maps

> Our solution map

o : D= S
d—s

is actually composed as ¢ = ¢2(¢1(d)) where ¢1 describes the
linearization and ¢, the solution of the linearized problem.

> If one of the maps ¢; is highly ill-conditioned then so is the
product map, even if ¢ is well-conditioned.

> Usually the linearization itself is harmless computationally, so
we need to analyze the conditioning of the linearization
Lo, B) =aX+ Y.
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Conditioning of linearizations

Let

/\04,5 = [ak_17ak_267 cee 7/8k_1]T) W= /_\a,ﬂ ®ya Z = /\a,ﬂ X X

Theorem (Higham/Mackey/Tisseur 2006)

Let (a, ) be a simple eigenvalue of P with right and left
eigenvectors x, y, respectively.

Then for any pencil L(«, 5) = aX + Y € DL(P) thatis a
linearization of P, with ansatz vector v,

k(i B, V) = \/!alsz+ 182wy lIAasllliXl2llylle
Pl BivV)l Iy P(B 3P — G Pl X]

Nonlinear EVPs 133/203



Ly Optimizing the cond. number

Choose the weights wx = || X2, w, = || Y||2 and set

) max; || Ail|2
min(|| Aol|2, || Ak||2)

Theorem

Let (a, ) be a simple eigenvalue of P with right and left
eigenvectors x, y, respectively.

Then for any pencil L(«, 5) = aX + BY € DL(P) thatis a
linearization of P:

ki(a, B,€1) < pk3/2inf ki(a, B, V), if Ay is nonsing. and |a| > |5);
v

ko, B,ek) < pk¥2infri(a, B, V), if Ac is nonsing. and |a| < |8|.
1’4

Thus always one e; or e, will a be an almost optimal choice.



Ky Backward errors

Definition

Let \ be a simple nonzero finite eigenvalue of P(\) = fozo NA,
and let x, y be the associated right and left eigenvectors.

The norm-wise backward error (with respect to perturbations

AP =YK (N AA)) is defined as

np(A) = min{e: (P+ AP)(A\)x =0,
|AAIl < dlAlLi=0.1,... k]
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% Backward error

Theorem (Tisseur 2001)

Let \ be a simple finite eigenvalue of P()\) and let x, y be the
associated right and left eigenvectors.
The backward errors then are

IP(N)X|2
p(A, X) = k '
1p(A; X) O io [N Ai2)[1x])2
no(y™ 2) = ly"P(M)ll2

(S IV Al2)
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Homogeneous backward error

Theorem (Higham, Li, Tisseur 2007)

Let )\ be a simple finite eigenvalue of P()\) and let x, y be the
associated right and left eigenvectors.
The backward errors then are

1P(a, B)x]l2
7ﬂ7x — . .
el 5 ) = S B A )X

Iy"P(a, B)ll2
v a,pB) = I
e 00 = o [l 3 T ATR)
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Hy Backward error ratio

Theorem (Higham, Li, Tisseur 2007)

Let («, 8) be a simple eigenvalue of a regular P(«, ) and let x
be the associated right eigenvector. Let L(«, 3) € DL(P) be a
linearization with unit norm ansatz vector v with r nonzeros and
let z be the corresponding ev. of L.

Then

ne(2, B, X) _ ppie el & 1BDIAas | max [ Aillal|Zlle  parzpa/2 ) l121l2
(e, 8,2) — Sico ldIBNA )X X2
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Ly Scaling

Consider a quadratic polynomial P(\) = A\2A+ AB + C and let
a=|Al, b=|B|. c=|C]

and choose v = y/c/a. Then with A\ = p it was shown in Fan,
Lin, Van Dooren 2004

P(\) = ?(*)A+ u(vB) + C

that this choice of v is the choice that minimizes p.
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Ly Example

Ratios of backward error 7p /7,

i Ratios for right eigenpairs

10

A

______ ok K

: : * :
i i % Companion :
10 F i O Scaled companion - b .

b 3gg

o m
IQD _DI:J:]D__[:L]E l.._.D..... ........................ e T 4
1 L 1 l 1 L 1
0 2 4 6 8 10 12 14 18
il Ratios for left eigenpairs
12
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? : : (miis
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Ly Structured vs. unstructured perturb.

> Structured condition numbers are typically less than or equal
than the unstructured ones. See Adhikari/Alam 2009,
Ahmad/Mehmann 2010.

> The structured backward errors are typically less than or
equal than the unstructured ones.

> The formulas are pretty ugly.

> Examples are difficult. Consider a 4 x 4 even pencil with two
purely imaginary eigenvalues iaq, ico and eigenvalues A\, — A,
with nonzero real part.
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Ly Example

yi P .
oy
i 1B

5 Om| <O ) Cv 1[31 i
M B, 4@.&2
A . 10(.2

bi oty
2
e)) 2 3)
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@ Numerical methods
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Ly Typical questions

> Find all eigenvalues A\ and associated eigenvectors x for a
given parameter value «.

> Find some important eigenvalues A and associated
eigenvectors x for a given parameter a.

> Find all eigenvalues in a given subset of C for a given
parameter «.

> Optimize eigenvalue positions over parameter set.
>
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Ly Small scale problems

Small scale problems n several 1000, compute all the
eigenvalues.

> QR algorithm (LAPACK, MATLAB (eig),...) for P(A\) = A — A
> QZ algorithm (LAPACK, MATLAB (eig) ,...) for

P()\) = M + A, regular, square.
> GUPTRI for P(\) = A + Ao general.

> QZ, GUPTRI algorithm (LAPACK, MATLAB (polyeig),. . .) for
P(\) = 3%, M A' via linearization.
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Ly The QZ algorithm

Given a regular pencil AA; + Ag

> First determine unitary/orthogonal P, Q such that PA;Q = T,
is upper triangular and PAsQ = H, is upper Hessenberg.

> Deflate eigenvalues oo

> Apply implicitly the QR algorithm to the upper Hessenberg
matrix T, ' Hp without ever forming it.

> After convergence we have PA;Q = T; and PA,Q = Ty
(quasi)-upper triangular.
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Ly Recent developments

> Aggressive deflation, block orientation. Kagstrom/Kressner
2006-2008

> New Lapack version
> High performance versions in Scalapack ?

> As long as there is enough storage, it can be applied to full
dense matrices of dimension several 10000.
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Ly Summary full dense methods

> Good linearization plus full dense QZ algorithm solves many
problems.

> As a quick solution it may be the best to do.

> For larger problems polyeig, or a good linearization and eigs
are good choices.

> Special methods for even and palindromic pencils
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Hy Newton’s method

Consider P(\)x = 0 where P is an arbitrary matrix function.
Kublanovskaya 1969: Use a QR-decomposition with column
pivoting P(A\)M(X) = Q(A)R()), where I(\) is such that
r(A)] = [re2(A)] = -+ = [Fan(A)].

Then )\ is an eigenvalue if and only if r,,(A\) = 0.

Applying Newton’s method, one obtains

1

Myt = Ak — el QA )P (A )N(Ak)R(Ak)~Ten

for approximations to an eigenvalue.
Approximations to left and right eigenvectors can be obtained
from

vk = Q(\k)en and  xx = N(\)R(\) "en.
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Ly Analysis

> Method converges quadratically.

> This relatively simple idea is not efficient, since it computes
eigenvalues one at a time and needs several O(n?)
factorizations per eigenvalue.

> Itis, however, useful in the context of iterative refinement of
computed eigenvalues and eigenvectors.
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Ly Nonlinear inverse iteration

> For Ax = Ax inverse iteration is equivalent to Newton’s

method for
AX — \Xx

vix — 1
where v € C" is suitably chosen.
> For the nonlinear problem

{ P(\)x ]:O

vix —1

:0’

one step of Newton’s method gives

P(/\k) P’()\k)Xk
vH 0

P()\k)Xk
vix, — 1

Xk+1 — Xk
Ak41 — Ak

> This gives U1 := P(\k) TP’ (\k)Xk. and with vFx, 1 = vFx,
then Mgt = Ak — 42k

2T
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Ky Inverse iteration

. Start with Ao, Xo such that v/x, = 1

: for k =0,1,2,... until convergence do
solve P()\k)uk+1 = P,()\k)Xk for Uk 1
Aes1 = M — (VPxi) [ (VP Uk y1)
normalize Xk, 1 = Uxy1/VH Uk

: end for

o aRseN2
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Ly Analysis

> This algorithm is a variant of Newton’s method. It converges
locally and quadratically to some (x, \).
> It was suggested by Ruhe 1973 to use vx = P(\)"yx for the
normalization, where yj is an approximation to a left ev.
> Then the update for A becomes
Vi P(\i) Xk
Vi P ()X
which is the nonlinear Rayleigh functional Lancaster 2002.
> This functional can be interpreted as one Newton step for
solving the equation fx(\) := yf P(A\)xx = 0.
> For linear Hermitian problems this gives cubic convergence if
Ak is updated by the Rayleigh quotient Crandall 1951.
> The same holds for symmetric nonlinear problems if we set in
Step 4 M1 = p(uk+1), where p(uk..1) denotes the real root of
utl i P(A)Uks1 = 0 closest to .

Akt = Ak —



Ly Simplified Newton

> Inverse iteration needs a large number of factorizations.

> The obvious idea then is to fix the shift o i.e. to use,
Xk41 = (A — U/)_1Xk.

> However, in general this method does not converge in the
nonlinear case.

> Neumaier 1985. Assume that P()) is twice continuously
differentiable, then inverse iteration gives

Xk — Xks1 = X+ (k1 — /\k)P(/\k)_1P/(/\k)Xk
= P (POW) + (et = )P ()X
= P(M) " PO 1)Xk + O Mkt — Muf?).

> Neglecting the second order term one gets
Xk+1 = Xk — P()\k)_‘I P()\k-H )Xk.



Ly Residual inverse iteration

1: Let v be a normalization vector and start with an
approximations ¢ and x; to an eigenvalue and corresponding
eigenvector such that v/x; = 1

: for k = 1,2, ... until convergence do

N

3:  solve vFP(a) T P(\ki1)xk = 0 for Ak
or x{'P(Mk11)xx = 0if P()\) is Hermitian and )\« is real
4:  compute the residual ry = P(Aks1)Xk
5:  solve P(o)dx = ry for d
6: set zxi 1 = Xk — Ok
7:  normalize Xk, 1 = Zki1/V7Zk41
8: end for
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Ly Analysis

Theorem (Neumaier 1985)

If P(\) is twice continuously differentiable, \ a simple zero of
det P(\) = 0, and if X is an eigenvector normalized by vix =1,
then the residual inverse iteration converges for all o sufficiently
close to )\, and one has the estimate

[ X1 — Xl

L= 0(lo =) and |[Met — A = O(||xk — X||9),
DX — X (1 ) [ Aks1 = Al = O([[ X — x]|9)

where q = 2 if P()\) is Hermitian, X is real, and A1 solves
x'P(\ks1)Xc = 0 in Step 3, and q = 1 otherwise.
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Ly Method of successive linear problems

1: Start with an approximation A4 to an eigenvalue

2: for k =1,2,... until convergence do

3:  solve the linear eigenproblem P(\)u = 0P (\x)u
4: choose an eigenvalue ¢ smallest in modulus

5: ket = A, — 0

6: end for
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Ly Analysis

Theorem (Ruhe 1973)

If P is twice continuously differentiable, and ) is an eigenvalue
such that P'(}) is nonsingular and 0 is an algebraically simple
eigenvalue of P'(A\)~1P(}\), then the method of successive linear
problems converges quadratically to .
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Newton and inverse iteration

> The discussed Newton and inverse iteration methods can be
used for general nonlinear evps.

> For Hermitian problems and real eigenvalues they converge
faster if the eigenvalue approximations are updated using the
Rayleigh functional.

> One typically gets only one eigenvalue/vector at a time.
> Sometimes the methods repeatedly converge to the same ev.
> Deflation is problematic.

> We do not have a guarantee that we find all eigenvalues in a
given set.

> Matrix factorizations are needed to solve the linear system.
With sparse solvers this can be done (if not too often) for very
large sizes MUMPS, UMFPACK, PARDISO, ....
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&y Safeguarded iteration

For Hermitian problems that allow a variational characterization

of their eigenvalues we can use the safeguarded iteration

Werner 1970, Voss/Werner 1982.

> Let J C R be an open interval and assume that F(\) € C™"is
a family of Hermitian matrices, where the elements are
differentiable in A.

> Assume that for every x € C"\ {0} the real equation

fn, x) =x"F(\)x =0

has at most one solution \ € J.

> Then f defines a functional p on some subset D c C” called
Rayleigh functional of the nonlinear evp which generalizes the
Rayleigh quotient for linear pencils F(\) = A + Ao.

> Assume further that x" F'(p(x))x > 0 for every x € D then
differentiating the identity x"F(p(x))x = 0 one obtains that the
e’vecs are stationary points of p.
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Ly Minimax principle

Under the described assumtions a minimax principle for the
nonlinear eigenproblem holds if the eigenvalues are enumerated
appropriately.

> Avalue \ € Jis an eigenvalue of F(\)x = 0 if and only if

= 0 is an eigenvalue of the matrix F(\), and by Poincaré’s
max-min principle there exists m € N such that

x"F(\)x
0= max in ————
dimV=mxeV, x20 || X|[?

> One assigns this mto A as its number and calls A an m-th
eigenvalue of the problem.
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Hy Minimax theorem

Theorem (Voss/Werner 1982)

Under the above assumptions, for every m € {1,..., n},
F(\)x = 0 has at most one m-th eigenvalue in J, given by

= min su V).
™ dim V=m,DNV£0 veDrE)V o)

Conversely, if

N = inf su V) € J,
™ dim V=m, DN V0 veDrE)V pv)

then )\, is an m-th eigenvalue of F(A\)x = 0.

The minimum is attained by the invariant subspace of F(\p)
corresponding to its m largest eigenvalues, and the supremum is
attained by any eigenvector of F(\p,) corresponding to j = 0.
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&y Safeguarded iteration

The enumeration of eigenvalues and the fact that the
eigenvectors are the stationary vectors of the Rayleigh functional
suggests the following Algorithm.

1: Start with an approximation o4 to the m-th eigenvalue
2: for k =1,2,... until convergence do

3: determine an eigenvector xi corresponding to the
m-largest eigenvalue of F(oy)

solve x}'F(ox.1)xk = 0 for o1

: end for

AN
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Ly Analysis

> If Ay == infyep p(x) € J and x; € D then the iteration converges
globally to \y.

> If Ay, € Jis an m-th eigenvalue which is simple, then the
iteration converges locally and quadratically to Ap,.

> Let F()) be twice continuously differentiable, and assume that
F’(X) is positive definite for A € J. If, in Step 3 of the
Algorithm, xi is chosen to be an eigenvector corresponding to
the m-th largest eigenvalue of the generalized evp
F(ok)x = uF'(ok)X, then the convergence is even cubic.
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% Evaluation

> Whenever the problem has a variational background and the
eigenvalues are real this is the best method.

One gets information about the eigenvalues that no other
method provides.

> It can be easily combined with grid refinement and multilevel
approaches.

It is used in a huge number of applications with great success.
More information and applications see H. Voss website.

v

v Vv
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Ly Nonlinear Newton evp. solver

Nonlinear evp F(\)x = 0. Apply Newton to function

F(\)x

fW(X,)\) - |: WHX—1 :O

The Newton system for A\ 1 = A¢ + px and Xx 1 = Xk + Sk IS

F()\k) F/(/\k)Xk Sk _ F(/\k)Xk
wH 0 wk | wHx, — 1
or
A = I — !
T T WHE (W) T () Xk
Xkr1 = ()\k — >\k+1)F(/\k)_1 FI()\k)Xk.
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Ky Difficulties

> In many applications we want all evs in a given set.
> How do we guarantee that we find all.

> Deflation of computed evs.

> Need to use sparse solvers.

> Need to get into convergence intervals for Newton.

> No global analysis and easy to use industrial implementation.
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Ly Finding all evs in a region R of C

For the general case F(\)x = 0 and most iterative methods it is
an open problem to guarantee that we find all eigenvalues in a
given set R C C.

> We can use Bendixon’s theorem or Gersgorin type results to
analyze the number of eigenvalues.

> The computation can in principle be done with any solver and
many start points.

> We could use the sign function method (not for large
problems) or the Cauchy integral theorem (Beyn 2009).

> Homotopy or path following seem to be the only option.
> None of these methods is really satisfactory.

Nonlinear EVPs 168 /203



Ly Homotopy

> Replace F()\) by P()\) + g(t)Q(\), where the problem
P(\)x = 0 is ’easy’ and where g is a monotonically increasing
function of t with g(0) =0, g(1) = 1.

> Compute all the eigenvalues A;(0) of P in the given set R and
possible the associated ev.

Large potential for parallelism.

Follow the eigenvalue curves \;(t).

Determine eigenvalues that leave R.

Determine eigenvalues that come into R from outside.
Determine bifurcation points.

Use step size control to guarantee that no ev. is missed.
Use Newton method for fully nonlinear problem.

v VvV VvV VvV VvV Vv V
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Ky Difficulties

If the ’hard part’ is large, then evs. move a lot.

Small homotopy steps may be needed to track ev’s of
nonlinear problem.

Many factorizations may be needed.
Need to use out-of-core sparse solvers.
Need to get into convergence intervals for Newton.

Need to update search directions in a clever way to make
stepsizes small.

v Vv

v Vv Vv V
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Ly Application to acoustic problem

Consider nonlinear eigenvalue problem P(A\)x = 0, where

o 2 Ms 0 Ds D;-S Ks()\) 0
P(A)._)\{O w M on Y k|

is complex symmetric and has dimension up to 10,000, 000.
Goal: Compute all eigenvalues in a given region R of C and
associated eigenvectors.
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Hy Model/modal reduction

> After desired ev’s and deflating subspaces U = [uy, . . ., Ug]
have been computed, the projected system

UTM(a)Uz + UTD(a)Uz + UTK(a)Uz = U'f

is formed and optimization is done on this system.

> The original decoupled projection (fluid and structure
separately) does not work.

> We really need nonlinear model reduction (open problem).

> We need to use the fact that only a small part of the system is
changed in every optimization step.

> We need to integrate ev computation, gradient computation,
discretization.

> An adaptive multilevel approach would be great (Reduced
order modeling)
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Projection methods, linear evps.

> For large sparse linear evps Ax = \x, iterative projection
methods like the Lanczos, Arnoldi, rational Krylov or
Jacobi—Davidson method are well established.

> Basic idea: Construction of a search space (typically a Krylov
subspace) followed by projection into this subspace.

> This gives a small dense problem, handled by a dense solver
and the eigenvalues of the projected problem are used as
approximations.

> Main features: Matrix factorizations are avoided as much as
possible (except in the context of preconditioning), and the
generation of the search space is usually done via an iterative
procedure that is based on matrix vector products that can be
cheaply obtained.
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Ly Basic types

Two basic types:

> Methods which expand the subspaces independently of the
eigenpair of the projected problem and which use Krylov
subspaces of A or (A — o/)~! for some shift . These methods
include the Arnoldi, Lanczos or rational Krylov method.

> Methods that aim at a particular eigenpair and choose the
expansion g such that it has a high approximation potential for
a desired eigenvalue/eigenvector or invariant subspace. An
example for this approach is the Jacobi—Davidson method.
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Ly Krylov subspace methods

> For the Arnoldi and other Krylov subspace methods, the
search space is a Krylov space

Kk(A, v1) = span{vy, Avy, APvy, ..., ATy},

where v, is an appropriately chosen initial vector.

> Arnoldi produces an orthogonal basis Vi of ICx(A, v1) such
that the projected matrix H is upper Hessenberg and satisfies

AVi = Vi Hy + feel,

where e, € R¥ is the k-th unit vector and f, is orthogonal to
the columns of Vi, i.e. V{'f, = 0.

> The orthogonality of V, implies that VAV, = Hy is the
orthogonal projection of A to KCk(A, vy).
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Ly Ritz pairs

> If (y, ) is an eigenpair of the projected problem, and x = Vyy
is the corresponding approximation to an eigenvector of
Ax = \x (which is called a Ritz vector corresponding to the
Ritz value 0), then the residual satisfies

ri=Ax—0x = AViy —0Viy = VikHyy —0Viy +fielly = (elly)f.

> Hence, one obtains an error indicator ||r| = |e]y| - ||f]|| for the
eigenpair approximation (x, ¢) without actually computing the
Ritz vector x.

> If Ais Hermitian then this is even an error bound.

Nonlinear EVPs 176 /203



% Evaluation

> The Arnoldi method together with its variants, such as
shift-and-invert and implicit restart, is today a standard solver.

> Itis implemented in the package ARPACK and the MATLAB
command eigs.

> It typically converges to the extreme eigenvalues first.

> If one is interested in eigenvalues in the interior of the
spectrum, or in eigenvalues close to a given focal point 7, then
one can apply the method in a shift-and-invert fashion, i.e. to
the matrix (A — 7/)~" or an approximation of it.

> In this case one has to determine a factorization of A — 7/,
which, however, may be prohibitive for very large problems.

> One may use a preconditioned iterative solver here.
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% Jacobi-Davidson method

An alternative is the Jacobi—Davidson method.

> Let (x,0) be an approximation to an eigenpair obtained by a
projection method with subspace V.

> We assume that || x| =1, 0 = x"Ax and r := Ax — 6x L x.

> Then the most desirable orthogonal correction z solves the
equation
Ax+z)=XAx+2z2), zLlx

> As z L x, the operator A can be restricted to the subspace
orthogonal to x yielding A := (/ — xx")A(l — xx), and from
9 = xHAx it follows that

A=A+ AxxH + xx"A — 0xx".
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Ly Correction equation

> Hence, (A— M)z = —r+ (A — 60— x"Az)x.

> Since both the left hand side and r are orthogonal to x, it
follows that the factor A — § — x" Az must vanish, and therefore
the correction z has to satisfy (A — )z = —r.

> Since \ is unknown, it is replaced by a Ritz approximation 6,
and one ends up with the correction equation

(I = xx") (A= 0N — xx"z = —r.

> The expanded space [V, z] for the Jacobi—Davidson method
contains u = (A — 6/)~"x, obtained by one step of inverse
iteration.

> One can expect similar approximation properties, i.e.
guadratic or even cubic convergence, if the problem is
Hermitian.

> The Jacobi—Davidson method is aiming at a particular
eigenvalue (close to the shift ).
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&y Comparison Arnoldi, JD

> Both, the shift-and-invert Arnoldi method and the
Jacobi-Davidson method have to solve a large linear system.

> In the Arnoldi method this system in general needs to be
solved very accurately to get fast convergence.

> In the Jacobi—Davidson method it suffices to solve this system
approximately to maintain fast convergence.

> Typically only a small number of steps of a preconditioned
iterative method are sufficient to obtain a good expansion z for
the search space V.

> Implementations of JD in FORTRAN and MATLAB can be
downloaded from
http://www.math.ruu.nl/people/sleijpen.

Nonlinear EVPs 180/203



Struct. proj. methods

> Structure preserving linearizations plus structure preserving
Arnoldi methods for linear problems are available for many
structures. (Even, palindromic, .. .).

> The use of structure saves computing time and one gets more
accurate results.

> One has to design specific spaces and specific projections.
Apel/M./Watkins 2002, M./Schréder/Simoncini 2009.

> Many open problems.
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Proj. methods for nonl. evps

Consider F(\)x = 0.

> Expand the search space by directions that has a high
approximation potential for the next desired eigenvector.

> Assume that V is an orth. basis of current search space.

> Let (6, y) be a solution of the proj. problem VFF(\)Vy = 0,
and let x = Vy be the Ritz vector.

> Two candidates for expanding V: V/ = x — F(o) ' F(0)x
motivated by residual inverse iteration, and ¥ = F(9)~"F'(0)x
corresponding to inverse iteration.

> Expanding search space V by ¥ results in Arnoldi type
methods.

> Expanding it by ¥ requires the solution of a large linear system
in every iteration step. This can be avoided by a
Jacobi—Davidson approach .
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Ky Nonlinear Arnoldi

> We consider the expansion of V by ¥ = x — F(o)~1F(0)x,
where ¢ is a fixed shift (not too far away from focal point).

> The new search direction is orthonormalized against the
previous ansatz vectors.

> Since the Ritz vector x is contained in the span of V, one may
choose the new direction v = F(a)~1F(6)x as well.

> For the linear problem F()\) = Ao + AAs this is exactly the
Cayley transformation with pole o and zero 6

(Ao + 0'A1)_1(A0 + 9A1) = /—|— (0 — O')(Ao + O'A1)_1A1

> Krylov spaces are shift-invariant, the resulting projection
method expanding V by v the shift-and-invert Arnoldi method.

> If it is too expensive to solve the linear system F(o)v = F(0)x
for v, one may choose v = MF(6)x with M ~ F(o)~".
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Hy Nonlinear Arnoldi, Ruhe 1998

1: start with an initial shift o and an initial basis V, V7V = [;

2: determine a preconditioner M ~ F(o)~",

3: form=1,2,..., number of wanted eigenvalues do

4:  comp. ev pu and evec y of Fy(u)y := VHF(u)Vy = 0.

5: determine Ritz vector u = Vy and residual r = F(u)u

6: if|r||/|lull < ethen

7 accept approximate eigenpair Ay, = u, Xm = U,

8 if m == number of desired eigenvalues then STOP end if

9: choose new shift o and precond. M ~ F(s)~" if indicated
10: restart if necessary
11: choose approximations p and u
12: determine residual r = F(u)u
13:  end if
14: v=Mr

5. v=v-—WHv v =v/|v|, V=[V,7]
16:  reorthogonalize if necessary
17: end for



% Discussion

> In Step 1 any pre-information such as known approximate
eigenvectors should be used.

> If no information on eigenvectors is at hand, and one is
interested in evs near T € D, choose an initial vector at
random, execute a few Arnoldi steps for the linear evp
F(r)u=06uor F(r)u = 0F'(T)u, and choose V by
orthogonalizing evecs. Starting with a random vector without
this preprocessing does not lead to convergence.

> The preconditioner in Step 2 should be chosen on the basis of
the underlying problem. If this is not available, then use full or
incomplete sparse LU decompositions of F (o).

> Update the preconditioner if the convergence measured by
the quotient of the last two residual norms before convergence
has become too slow.

Nonlinear EVPs 185/203



Nonlinear Jacobi—Davidson

> Suppose that the columns of V C C” form an orthonormal
basis of the current search space, and let (x, 6) be a Ritz pair
i.e. VAF(O)Vy =0, x = Vy.

> Consider the correction equation

px' xH\
< XH,D> F(0) (I— XHX> z=-r, zl1x,

where p .= F'(0)x and r :== F(0)x.
> Rewrite this as F(#)z — ap = —r, where « has to be chosen
such that z L x.

> Solving for z we obtain
z=—x+aF0) 'p=—x+aF(@)"F(0)x,
and x = Vy yields that Z := F(0)~"F'(0)x € span[V, z].



% Discussion

> The new search space span[V, z] contains the vector obtained
by one step of inverse iteration with shift # and initial vector x

> We expect quadratic or even cubic convergence, if the
correction equation is solved exactly.

> Usually a few steps of a Krylov solver with an appropriate
preconditioner suffice to obtain a good expansion direction.

> If a Krylov solver is used and the initial approximation is
orthogonal to x then all iterates are orthogonal to x as well.

> The operator F(0) is restricted to map the subspace x* to
(F'(0)x)*.
> If K~ F(#) is a preconditioner of F(#) then a preconditioner
for an iterative solver is
. px" xx
K:=(l-=—)K(I- =
(= Sip KU = Six
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Ly Template

1: start with an initial shift o and an initial basis V, V7V = [;
2: determine a preconditioner M ~ F(o)~",

3: form=1,2,..., number of wanted eigenvalues do

4:  compute ev u and evec y of Fy(u)y := VHF(u)Vy = 0.
5: determine Ritz vector u = Vy and residual r = F(u)u
6: if|r||/|lull < ethen

7 accept approximate eigenpair Ay, = u, Xm = U,

8 if m == number of desired evs then STOP end if

9: choose new shift o and a precond. M ~ F(o)~"
10: restart if necessary
11: choose approx. p and u
12: determine residual r = F(u)u
13:  end if / B
14:  Find an appr. solution of (/ — 5H(,§‘,)(Z‘;U)F(u)( - %)t =—r

15: v=v—WHv v =v/|v|, V=[V,7]
16:  reorthogonalize if necessary

- end
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Ly Idea of Rat. Krylov

> Linearize the nonlinear family F()\) by Lagrange interpolation
between two points 1 and o.

A~ PEo) + )\_—UF(u) + higher order terms.

o— w—o

> Keep o fixed for several steps, iterate on u, neglect the

remainder in the Lagrange interpolation, and multiply by
F(o)~" from the left:

F(\) =

F(o) "F(\_1)w=06w with 0= A=A
)\j — 0
> This predicts a singularity at
0
)\/‘ = /\j_1 —+ m()\j_1 — O').
> For large and sparse matrices combine with linear Arnoldi
process.

Nonlinear EVPs 189/203



Ly Rat. Krylov |

> After j steps, approx. evs Ay,..., A, orthon. V; = [vy,...,y], and
upper Hessenb. H;; ¢ € C//~" are generated, with

F(o) T F(\-1) Vi1 = ViHjj
> Updating the matrix H;;_4 according to the linear theory yields
g | Hio K
A= [ 57 |
where ki = V7r, = F(\j) v, and r =1 — Vv,
> Use Lagrangian interpolation to satisfy next Arnoldi relation via

\—o A= Ay 1 0
: G(A/_1) - ! = 1 _QG(A]—1)_ ml’

G(\) =

Aji1—0
where G()\) := F(o)~'F()), and updates H according to

A1 —o

1 0
Hiqy = | oM — sl K
’ 0 7.
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% Discussion

> This first version of the rational Krylov method is not very
efficient.

> Ruhe 2000 suggested to modify A and H in an inner iteration
until the residual r = F(c)~'F(\)V;s is enforced to be
orthogonal to V;

> Expand the search space only after the inner iteration has
converged
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Ly Rational Krylov algorithm

1 = [n] with [lv4]| =1, init. \,0;j=1,h=0;;8=¢;x=V;

2: compute r = F(o) "' F(\)x and k; = V/7r

3: while | kj|| >ResTol do

4:  orthogonalize r = r — Vk;

5. seth =h+ ks

6: 6= min eig H;; with corresponding eigenvector s

7. x=Vs

8: update \=X+ L (A—0
9: updatel—l,,_1 aHij— 1 gl
10:  compute r = F(o)~'F(\)x and k; = V/'r

11: end while

12: compute hj 1 = ||r||

13: if |hj;4 ;S| >EigTol then

14:  Vigg =r/hiq)j=j+1, GOTO 2:

15: end if

16: Accept elgenvalue Ai = A and eigenvector x; = x

~—
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Ly Variation of Rat. Krylov

1: start with initial vector V = [v4] with ||v4|| = 1, initial A and o
2: forj=1,2,... until convergence do
3:  solve projected eigenproblem V7 F(o)~1F(\)Vs = 0 for
(A, s)
by inner iteration
compute Ritz vector x = Vs and residual r = F(o)~'F(\)x
orthogonalize r = r — VVHr
expand searchspace V = [V, r/||r]|]
end for

N gk
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Hy Vibrations of a fluid—solid structure

> Free vibrations of a tube bundle immersed in a slightly
compressible fluid.
> Discretizing by finite elements one obtains

k
FA)X = —Kx + AMx + > Cix =0,
jf

o — A
where K, M, and C; are symmetric matrices, K and C; are
positive semidefinite, M is positive definite, and
0=:09 <0y <- <ok <0k := 00 are positive.

> In each of the intervals (oj,0/41),j =0, ..., k.

> This problem satisfies the min-max characterization.

> Consider n = 22654 with one pole oy = 1 which has 11
eigenvalues \y < --- < Ay intheinterval J; = (0,1) and a
large number of eigenvalues greater than 1, 10 of which are
contained in the interval (1,4).
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Method lter. | LU fact. | CPU [s] | nlin.sol. [s]
Arnoldi 34 2 14.93 0.13
Jacobi—Davidson | 37 3| 112.84 0.15
rational Krylov 40 2 70.80 0.22
interval (1,4)

Arnoldi 36 2 17.35 0.17
Jacobi—Davidson | 37 5| 125.87 0.23
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Damped vibrations of a structure

As second example we consider the free vibrations of a finite
element model of dimension 10704 for a solid using a
viscoelastic constitutive relation to describe the behavior of the

material.
Method Iter. | LU fact. | CPU [s] | nlin.sol. [s]
Arnoldi 144 2 707.0 469.9
Arnoldi, restarted 139 5 199.6 25.0
Jac.—Davids. 111 9| 1050.5 161.2
Jac.—Davids, rest. 109 12 914.4 18.9
rational Krylov 147 3| 1107.1 465.3
rational Krylov, rest. | 147 4 647.8 28.5
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% Conclusions

> Industrial applications lead to challenging mathematical
problems.

> Large scale nonlinear PDE eigenvalue problems within
optimization loop.

> The mathematical theory and algorithms are still far from the
needs in reality.

> Commercially available codes are not satisfactory.

> Industry is not interested in and does not pay for the analysis,
convergence proofs, etc.

> Structure preserving linearization techniques have been
derived.

> Homotopy and Newton like method have been developed but
the understanding is open.
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Thank you very much
for your attention.
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