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Abstract. We analyze the convergence of an extended Krylov subspace method for the approximation of
operator functions that appear in exponential integrators. For operators, the size of the polynomial part of the
extended Krylov subspace is restricted according to the smoothness of the initial data. This restriction for the
continuous operator has a significant influence on the approximation of matrix functions evaluated for matrices
stemming from space discretizations of the continuous operator. We prove convergence of the method for the
continuous operator and, in the discrete case, this leads to a convergence independent of the norm of the discretized
operator uniformly over all possible grids. The analysis is illustrated by numerical experiments.
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1. Introduction. Exponential integrators form an interesting class of numerical methods for
the time integration of evolution equations. The favorable properties of exponential integrators
are usually shown by studying exponential integrators for strongly continuous semigroups with
infinitesimal generator A. For finite-difference, pseudospectral, finite-element, or discontinuous
Galerkin discretizations of such operators, the operator A turns into a large matrix. The norm
of this matrix grows with finer space discretizations. However, the properties of exponential
integrators that hold true in the continuous case of an operator carry over to results that are
independent of the norm of the discretization matrix. These results are therefore independent of
the refinement of the space discretization. A review of exponential integrators and their properties
is given in [26] by Hochbruck and Ostermann.

For the application of these integrators, the computation of ¢(A)v is required, where v is a
vector and ¢ is one of the so-called p—functions. These operator functions are given by

k—1 1 T

! Chan sh—1
wr(TA) ::/ e=9)TA_2 g eTHA_Z
0

(k’—l)! :T_k o (k—l)! , k>1. (1.1)

With a suitable functional calculus, they can be seen as the operator A being inserted in the
functions defined by the recursion pg(z) = €,

opr1(z) = M, 0k (0) :%, k>0. (1.2)
The efficient and reliable computation of ¢(A)v is an important ingredient in every exponential
integrator.
Recently, the use of rational Krylov subspaces for the approximation of f(A)v, where f is
a function defined for matrices and/or operators, has been studied by a number of papers (e.g.
[1-4,7-11,14,15,19-21,27-31, 33,34, 36]). A promising method is the extended Krylov subspace
method that has been suggested by Druskin and Knizhnerman in [7] to approximate matrix
functions for invertible matrices in the space

K™ (A, v) = span{A?T v, ..., Av,0, A" o, o AT Y n>1,q¢>1.

We will study a slight variation of this method for operators, in order to obtain error bounds for the
approximation of the p—functions that are independent of the norm of the matrix of the discretized
operator A, uniformly over all possible grids in space. This is the crucial property to be preserved
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for a successful application of the extended Krylov subspace method in exponential integrators.
Without loss of generality, we study bounded strongly continuous semigroups on a Banach space
X in this paper. (The results for a general semigroup can be obtained via the common rescaling
procedure, e.g. page 60 in [12].) In contrast to matrices, the generator A of a Cy—semigroup might
only be applicable to a dense subset D(A) of the Banach space X. With the definition D(A4°%) := X,
where AY := I, and the recursive definition D(A") := {v € D(A""!) | A""'v € D(A)} for n € N,
we define smoother and smoother spaces. It is clear, that the operator A can be applied at most ¢
times to vectors in D(A?). The generators A of bounded semigroups are not invertible in general,
but the resolvent (yI — A)~!, with v > 0, that is the inverse of the operator v — A, exists and is
a bounded operator that pushes v € X to (vI — A)~tv € D(A). The iterated resolvent (v — A)~"
can thus be applied to all vectors v € X for all n > 0. In short, the resolvent is a “smoothing”
operator in contrast to A. Therefore, we study the approximation of operator functions times a
vector v € D(A?) in the space

K2™(A,v) = span {Aq_lv, o Avyu, (I = AT, (VT - A)_"'HU} , n>1, (1.3)

with 4 > 0. The space could be extended by A% “to the left”, but the analysis shows that this
would give no improvement over our derived bounds despite the fact that v € D(A?) is used in
the error analysis.

In contrast to other applications of the extended Krylov subspace, our index ¢ is fixed and
given by the abstract smoothness of the initial data. While for ¢, n > 1, the meaning of the above
definition is clear, we also use

/C,OY’"(A,U) :span{(yl—A)_lv,...,(vl—A)_""‘lU} , n>2, (1.4)

where the superscript 0 that refers to the polynomial part of the Krylov space indicates that the
space is purely rational, and

IC?Y’O(A,’U) :span{Aq_lv,...,Av,v} , qg>1, (1.5)

designates the standard polynomial Krylov subspace.

Due to the well-known shift invariance of the standard Krylov subspace, the space (1.3) is
identical to the extended Krylov subspace with the shifted operator/matrix vI — A. We therefore
also call methods based on this subspace extended Krylov subspace methods. We will illustrate
that the concept of smoothness plays an important role for the discretized operators and that the
restriction of the polynomial part of (1.3) with respect to the smoothness of the initial data is well
considered.

The paper is organized as follows: After the introduction in this section, we motivate the use
of the extended Krylov subspace method and the importance of our continuous analysis for the
approximation of matrix functions for matrices stemming from discretized evolution operators in
Section 2. After some preliminaries in Section 3, we study the approximation of the semigroup
and the p—functions in the extended Krylov subspace for infinitesimal generators of semigroups
in Banach spaces in Section 4. In Section 5, we present a good choice of the free parameter v > 0
that rises the asymptotic convergence. The extended Krylov subspace approximation in Hilbert
spaces is studied in Section 6. We illustrate our analysis by numerical experiments in Section 7,
before giving a brief conclusion in Section 8.

2. Motivation. The main motivation to examine rational Krylov subspace methods is the
favorable property that the convergence of these methods does not deteriorate for matrices with
large norm in contrast to the standard Krylov subspace method (e.g. [16], [25]). Numerical evidence
that this is also true for the method discussed here is given in Section 7 on numerical experiments.
The purpose of this section is to motivate why and how the abstract smoothness of the value v can
be used to speed up the grid-independent approximation of operator functions, that is, to motivate
the special Krylov subspace (1.3). For the illustration, we use the one-dimensional wave equation
written as a first order system on the Hilbert space L?(0,1) x L?(0,1). This representation of
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the wave equation is equivalent to the more common representation as a first order system on the
Hilbert space Hg(0,1) x L?(0,1) equipped with its graph norm (cf. Theorem 5.5 in [13]).

We choose the operator Bu = —uy, on the interval Q = (0, 1) for the Hilbert space H = L*(Q)
with homogeneous Dirichlet boundary conditions. B is a positive, self-adjoint operator on H with
a compact resolvent, hence we have a complete orthonormal basis of eigenfunctions e and positive
eigenvalues Ag,

er(z) = V2sin(krz) e = (km)?, k=1,2,....

For a function f bounded on [0, c0), one can define f(B)v as

oo

f(B)v:= Zf()\k)ukek, v = Zukek €H.

k=1 k=1

Fractional powers B® are defined on appropriate domains
D(B*):={ve H|||B*| < cc}.
Let now X = H x H, and define A : D(A) — H x H by
1
0 B2
-B2 0

A:

where the domain is given by D(A) = D(B2) x D(B2), and the domains of the iterated operators
are D(A%) = D(B?%) x D(B?), respectively. In our example, we are dealing with the Sobolev space
D(B2) = H}(0,1). We now consider the evolution equation

vo=[ 1) =] 8 P[0 = mm. vo=w=[%]. ey

For g = 2,4,6,8, we use four different initial values
q ~q
a_ | % a_ q _ _Po ~q{[0a1] - R
0 [ P ] C T T T b)) = et )

With this choice, we have y¢ € D(A?) and yd ¢ D(A™!). That is, ¢ might be called the maximal
index of smoothness for the initial values y¢ with respect to the operator A. The solution of the
initial value problem is

B?)  sin(rB?) qf
Ur) = eyt = | S 01, —2,4,6,8.
yi(r) Yo [ —sin(rB2) cos(rB?) 6 1
Galerkin discretization with respect to the subspace Vy = span{es,...,en} leads to the matrix
5t
1
Axy = Ol N BR, = diag(m,2m,...,Nx),

-By 0

and the initial condition
o, N
yg,N = [ pg’N } ) qS,N =0, Pg,N :pg,Na

where p¢ 5 can be computed exactly by partial integration or approximated with the discrete sine
transform. The solution of the initial value problem is

)
)

2ol

1
cos(tBX) sin(tB
1
—sin(rB%) cos(TB
3

¢
[ 2’N], q=2,4,6,8.
Po,n

)

y& (1) = eTANygyN = l
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In Figure 2.1, we show the errors of the approximation to e~ y& n in the three Krylov subspaces

versus the dimension n of these subspaces. More exactly, the subplots of Figure 2.1 refer to the
approximation of eTANy&N, with ¢ = 2,4,6,8, from top left to bottom right with 7 = 1/4 and
N = 255. The approximation in the standard Krylov subspace ICTY’*O(A N ygﬁ ~) is marked by crosses
and a dash-dotted line, the approximation in the purely rational Krylov subspace ICEJY’”(A N ygﬁ N
with v = 1, by stars and a dashed line, and the approximation in the extended Krylov subspace
IC%"“](AN, yg’ ~), with v = 1, by circles and a solid line. Errors are measured in the standard
Euclidean norm that corresponds to the LZ—norm in this example.

A first thing to observe is that the methods approximate e™4~ yg, ~ the better the smoother
the original continuous initial value yd is, that is, the higher the number ¢ with y! € D(A?) is.
Hence, the smoothness of the continuous initial data has a significant effect on the question how
well the matrix functions with the discretization matrix times the discretized initial value can
be approximated in the corresponding Krylov subspaces. While this is to be expected for very
fine space discretizations, it is surprising that it starts with very coarse space discretizations with
N = 255 and small matrices in our test problem.

The performance of the standard Krylov subspace method (cross-marked and dash-dotted
line) deteriorates exactly as soon as the space uses vectors AlNy& N with [ > ¢. The transition
from the standard Krylov subspace K2%(An, yg ) that does not use AL yg y to KITH0(An, y v)
that does use A‘szygﬁ y is marked by a vertical gray line. This behavior in our test problem perfectly
fits the theory presented later and motivates the proposed restriction of the polynomial part of
the extended Krylov subspace method.

The purely rational method (star-marked and dashed line) gives the steepest descent in the
error. However, the rational method requires the solution of a linear system with a large matrix
~I — Ay in every step for general discretization matrices. While it is clear that this can pay off
for the “right of the gray line”, the standard Krylov method that only uses matrix multiplications
is clearly faster as long as the index is smaller than the smoothness of the data. It is therefore
reasonable to assume that the most effective method with respect to error versus numerical work
should use the polynomial subspace as long as possible and then switch to the rational method.
This is exactly what an approximation in the extended Krylov subspace (1.3) (circle-marked and
solid line) does.

Numerical examples, like the one just discussed, show that the smoothness of the initial data
is important for an effective approximation. The smoothness of the initial data should therefore
be taken into account. The fact that the discretized operators, mostly represented by matrices,
behave more and more like the continuous operator for finer space discretizations, motivates the
use and the study of the Krylov subspace (1.3). The discussion on the continuous operator level
guarantees that the obtained error bounds are independent of the space discretization.

3. Preliminaries. We briefly review a functional calculus that might be seen as a slightly
simpler version of the functional calculus of Hille and Phillips in [24]. More details about our
functional calculus can be found in [18].

The Lebesgue spaces of complex-valued functions defined on R are denoted by L?(R) with
norm || - ||4. Besides

CR)={f:R—C| fis continuous on R} ,
let
My = {f € C(R) | Ff € L'(R) and supp(Ff) C [0,00)} . (3.1)

where F f is the Fourier transform of f, i.e.
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Fic. 2.1. Plot of error vs. dimension of the Krylov space for the standard Krylov subspace IC:’O(AN,yg N)
(cross-marked and dash-dotted line), the purely rational Krylov subspace ICg’"(AN,yg’N) (star-marked and dashed
line) and the extended Krylov subspace K41 (An,yd ) (circle-marked and solid line) for N = 255 and initial

values yg N that are discretized initial values from smoother and smoother data yg € D(A?), g = 2,4,6,8, from
top left to bottom right.

For each function holomorphic in the left complex half-plane, we denote by f) : R — C the
restriction of f to Rez = 0, so that f()(§) = f(i), and define the algebra

M= {f holomorphic and bounded in Rez <0 | fio) € M4} .

Let now A generate a bounded strongly continuous semigroup on some Banach space X, that is
le™|| < N. For functions f € M, we define a functional calculus via

f(A) = / e F fo)(s) ds.
0
This defines a bounded linear operator f(A) satisfying
[f(A < NIIF foyllr -

The functional calculus so far is suitable to treat the ¢ —functions for £ > 1. We will need another
extension in order to include the semigroup, i.e. the ¢g—function. Let

My := {f holomorphic for Rez <0 | I3n € Ny : uﬂiz))n GM}
—z

For f € My, we now define

rey= - (225 .



where n € Ny is such that (1f—(2n € M. Note that the definition does not depend on the choice of

n. The definition results in a closed operator on X. Finally, we define

MQM::{fEMO|f(A):X—>Xisb0unded}.

The following lemma can be found as Proposition 1.12 in [22].

LEMMA 3.1. The mapping f — f(A) is a homomorphism of M into the algebra of bounded
linear operators on X .

With this definition of the functional calculus, the functions ¢ (z), & > 0, used with the
functional calculus defined above coincide with the definition (1.1) of the bounded operators
or(TA) given in the literature about exponential integrators (cf. Lemma 3.2 and Lemma 3.5
n [18]). Also, for f(z) = (20 — 2)~! with Rezp > 0, we have, by elementary semigroup theory,

1 oo
<20 — z> (A) = /o eSAe™5%0 dg = (20l — A7,

that is, the definition coincides with the definition in terms of the resolvent. We will also need the
following lemma of Brenner and Thomée (cf. Lemma 4 in [5]).

LEMMA 3.2. Let f and g be such that f,g € M, and f(z) = z'g(2) for Rez < 0 and some
1> 0. Then we have

f(Av =g(A)Alv, for wveDAY.

For all functions relevant to our discussion, the functional calculus coincides with the defini-
tions in semigroup theory. We therefore do not use different notations in the following and simply
write f(A) for a function f of an operator A with respect to our functional calculus. For a better
readability and for consistency, we will use ﬁ instead of the equivalent expression (yI — A)~!
at some places.

4. Extended Krylov subspace approximation. Let A be the infinitesimal generator of
a Cp—semigroup on a Banach space. We consider the approximation of @i (7A)v, k > 0, for
v € D(A?) in the extended Krylov subspace

K™ (A, v) = span {Aq_lv, o Avyu, (y I = AT (3T - A)_"'HU} ,

with 4 > 0. The following theorem shows that the convergence to @i (7A)v is the faster the higher
the index k of the ¢ —function and the smoother the initial data is.

THEOREM 4.1. Let A generate a bounded Cy—semigroup. Then, for v € D(A?) and an
arbitrary o —function, k > 0, we have

1
inf Apw —z|| < C Ay||,
I e B

where the constant C' only depends on v, q and k.

Without loss of generality, we state our theorems for 7 = 1. If A is an infinitesimal generator of
a bounded Cy—semigroup, then A =TA, for 7 > 0, is an infinitesimal generator of a Cy—semigroup
bounded by the same constants relevant to our analysis.
For the proof of our main theorem, we need the following lemma.

LEMMA 4.2. Let A generate a bounded Co—semigroup. Then, for v € D(A?) and an arbitrary
pr—function, k > 0, we have

inf lep(A)o— 2| < inf [lpgr(A)ATv —y]|
2EKT™(A,w) ek (A, Adv)

Proof. The statement directly follows from

{lpars(A)A% — || | v € K" (A, A)} € {flgr(A — 2] | z €K& (A 0)} . (1)
6



In order to show this inclusion, we have to show that we can find for any given by,...,b,_1

coefficients ag, ..., a4—1 and ai,...,a,—1 such that
g—1 n—1 1
grk(A) ATy — Z bl Aqv = op(A)v — 2 aAly — ; T (4.2)
With the help of Lemma 3.2, we obtain by the definition of the ¢ —functions
q—1 1
Puss A% = (A0 = 3 . (4.3)

Now, we show that

Z bl Aqv = Z a7V + Pg—1(A)v (4.4)

for a polynomial p,_1 of degree ¢ — 1. Here, we assume that ¢ < n — 1 (otherwise, one proceeds
analogously). Then, we can split the left-hand side in the following way

Z bl Aq’U = Z bl Aq’U + Z bl . (45)

l=q+1

For the case ¢ < I, we can conclude with

CEvves <7 A 1)q e h Z (2 (ﬁ) NG

q o .
. where ¢ = a=i(_1)i
oo Alz, where ¢ (Z)V (-1)

MQ

=0

that the second sum on the right-hand side of (4.5) has the form

Z bl Aq’U—Zbl

l=q+1

For the first sum on the right-hand side of (4.5), we have

q
1 P2q-1(4)
bj——— A% = qiv,
; "= A (v — Ay

where po,—1 is a polynomial of degree 2¢ — 1. Using polynomial long division, we write this
expression in the divisor-quotient form

p2g-1(4) Pg-1(4) |
(v — A)e (v — A)a

where py—1 and py—1 are polynomials with deg(p,—1) = ¢—1 and deg(p,—1) < ¢—1. With relation
(4.6), one can see in an analogous way as above that

V= Pg-1 (A)U +

Altogether, this yields the validity of (4.4) with a; = b; + by for I < q and a; = by for I > ¢q. With
(4.3) and (4.4), we finally obtain (4.2). O



Proof. [of Theorem 4.1] With the help of Lemma 4.2, we have

inf - Jlep(Aw =2l < inf pgrr(A) A% -y
2eK3™ (A,v) yeKY ™ (A, Adv)

For an arbitrary
n—1 1
y=>_ oAt € K9 (A, At),
=1
we can conclude that

llogrr(A) A%y —y|| =

n—1
1
QDq_;,_k(A)Aq’U — Z blmAq’U
=1 v

n—1
1 1
< ||pg+r(A4) — Zblm [ATv]| < Oz [[A%]]
=1 n 2
by Theorem 4.2 in [17]. This yields

1
inf A —z|| < inf A)Aly —y|| < C Aly||, 4.7
- [l (A)v — z]| < oo e lq+x(A) yll < i | A%v]| (4.7)

and our theorem is proved. O

5. On the choice of v. In Lemma 4.2, we have seen that the approximation of ¢y (A4)v in
the extended Krylov subspace K2 (A,v) is related to the approximation of ¢g4x(A)A% in the
purely rational Krylov space IC?Y*”(A, Atv) via

inf  |lee(A)o — 2| < inf [lpgrr(A)A%0 —y]| . (5.1)
2€KL™ (Aw) yEKY™ (A, Adv)

As before, the index ¢ is given by the smoothness of the initial vector v € D(AY). The relation
(5.1) implies that an improvement of the approximation of the ¢, —functions, k > 0, in the purely
rational Krylov space by an appropriate choice of v leads to an improvement for the extended
Krylov subspace method. To obtain a better upper bound for the approximation error, it thus
suffices to restrict our studies to the purely rational case. We will see that the convergence
rate for the best rational approximation of the ¢ —function in the so-called resolvent subspace
Ry = span{(yI — A)~t, (yI — A)=2,..., (yI — A)~"} which is of order (cf. [17])

. 1
At llen(4) - Rl =0 =)
can be improved to
inf [[ou(A) — R|| = O L <n—1
rew, " S\ ) T

As an adequate measure for the convergence rate of the best approximation, moduli of smoothness
play a basic and important role in the area of approximation theory. For the improvement of the
rational approximation, we have to analyze, in our case, the so-called weighted ¢—modulus of
smoothness wy. This modulus was introduced by De Bonis, Mastroianni and Viggiano in [6] for
the characterization of the K —functional of a function f by its structural properties.

With the Laguerre weight function w(z) = e~*, x > 0, we denote by L., the set of all functions
for which the relation

I fulh = / (@) (@) |dz < 0o
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holds true. Let 0 < ¢ < 1, ¢(x) = v/z and set I,, = [4r*h?, 73] with A > 0. Then, the main part
of the weighted ¢—modulus of smoothness is defined by

Qg(f.1) == sup [[wAL,fllLr,,)
0<h<t

where Aj o/ designates the rth symmetric difference of a function f given by

rof@) =301 () (4 242 - 2))

j=0
The complete modulus w;( f,t) is now composed of three particular parts in the following way

w310 = Q0 + it ol = Pl + it o(f = Qllos .m0

where 0 < t < 1 and P,_; denotes the set of all algebraic polynomials of maximum degree r — 1.

Using this weighted ¢—modulus of smoothness, De Bonis, Mastroianni and Viggiano (cf. [6])
could prove that for all n, r € N and f € L. there exists a constant C' > 0, independent of n and
f, such that the best weighted polynomial approximation is bounded by

1
i - <Cwi | f,— .
Plé%n |w(f — Pl < Cw} (f, ﬁ) , r<n

This result was used in [17] to obtain an upper bound for the best approximation of f(A), f € M,
in the resolvent subspace R,,. For the ¢, —functions, k > 1, this bound is

C 1 1
1 _ < =" 5, o — _ _ .
1enfn|\<pk(A) R|| ’7w¢ (gﬁk,\/_l) O<n%> , r<n-—1, (5.2)

where the generic constant C' only depends on k£ and r, and

> SF 5) = N
Pr(s) == > Fepp,(0) <;) =e1lp, <;) TR

We now search for an optimal shift v > 0 depending on the size n of the resolvent subspace R,,.

A slight modification of the occurring constants enables us to examine the modulus We, (gbk, %)

instead of wy (gbk, \/%) We set v := n® with a € R and estimate for arbitrary 0 < t < 1

separately the three particular parts of the rth weighted ¢—modulus of smoothness for @y, that
is w;(gbk,t). If we finally set t = n~/2 in order to get an upper bound for the three parts of

We, (@k, \/Lﬁ), we obtain for r < n — 1 the following results

R - Ch

I 5:3)
N N 1

@) 3o o= Qg =0 or 7= (5.9

Cy Cs
nEerD) T pii-o)

oy Lo
(iii) ;%(sﬂk,t) < (5.5)
with constants C7, Cy and C5 that only depend on r and k. We will see below that with our

choice of 7 the condition v < % = L in (5.4) is always fulfilled. In the following we sketch the
basic ideas to show (5.3) — (5.5):



s k-1
)

W around

(i) We choose P € P,_; as the (r — 1)th Taylor polynomial T;._1 of ¢r(s) :=¢
the point 0 such that

A(T) r+1 1—1 k=1l o,
~ f) r r 1 —1 f S
Or(s) —Tr1(s) = ‘Pkrl( s" = ?:1 <l - 1) m(i)eé (1 _ _) o

yi-t ¥

where £ € [0,s]. If we substitute this expression in the integral representation of the norm
|w(@r — P)|| £1(0,4r2¢2) and use £ < s < 4r%t?, we obtain the desired estimate.
(ii) For v < & the intersection of supp{@;} = [0,7] and the interval (;;,00) of integration is

empty. This yields

. . Q=0
o3 0@k = Qg = 0Bkl 00 = 0

(iii) The tedious procedure to estimate the main part of the ¢—modulus is as follows. First, one
has to consider which s fulfill the condition of the occurring indicator function, that is

%G+hf@%06mﬂ,j€mewﬂ.

Then, one can split the integral in (2}, in a suitable way and bound the different parts separately.

Looking at the upper bounds in (5.3), (5.4) and (5.5), we notice that the two summands in the
last equation are the most restrictive. Hence, we can conclude that a well-chosen v = n® should
fulfill the condition

r—k

r+k

%Q+U:%G—Q)¢é o=

in order to get a shift that is as optimal as possible. This choice of v leads to a convergence rate

of order
1 1
ofl——)=o0 . 5.6
<n%<l+:+:z>> <n) (56)

By way of illustration, let us consider the following simple example: If we want to approx-
imate the ¢ —function in the resolvent subspace R, and choose for instance r = 3, we obtain
infrer,, [[¢1(A) — R|| = O (n’%) instead of O (n’%) predicted in (5.2).

On the one hand, (5.6) shows that the convergence is getting faster and faster for larger values
of r. Keep in mind that by assumption the condition r < n — 1 must be fulfilled, cf. (5.2). On
the other hand, one can calculate that large values of r result unfortunately in ever increasing
constants Cq, Cy and C5 in (5.3) and (5.5).

As described at the beginning of this section, the transition to the extended Krylov space
requires a modification of our shift v depending on the maximal index ¢ of smoothness for the
initial value. In the extended case the parameter « in the exponent of v = n® should therefore be
chosen as

_r—(q+k)
Cr+ (k)

6. Extended Krylov subspace method. Let A be the operator on a Hilbert space with
inner product (-,-). Assume that

Re (Av,v) <0, Vv e DA, (6.1)
and that Range(A] — A) = H for some A with ReA > 0. Then, A is the generator of a

Cp—semigroup with
le™tf <1, Vr=0,
10



that is V = 1 in Section 3. The theory of the previous sections applies and we consider the
approximation of the semigroup €™ in the extended Krylov subspace (1.3)

K™ (A, v) = span {Aq_lv, o Avyu, (y I = AT, (T - A)_"'HU} ,

with v > 0 as before and v € D(A7). Since we are in a Hilbert space, we designate by P, the
orthogonal projection to K2™(A,v) and by A, := P, AP, the restriction of A to this subspace.
Then, A,, also satisfies

Re(Apz,2) <0, VreKI"(Av), (6.2)

and therefore generates a Cy—semigroup with the same constant N = 1 as above and our functional
calculus can be applied again. Since we can now make sense to the operator functions with A and
A, the following theorem describes the relation between the two.

THEOREM 6.1. Let A, = P,AP,, where P, is the orthogonal projection onto the extended
Krylov subspace (1.3). For v € D(A?) and a function ¢y, k > 0, we then have

1
or(A)v — o (An)v]| < C—= [[A%]
n 2

where C' only depends on vy, q and k.
Proof. Let k be arbitrarily chosen but fixed. Under our assumptions, we have

p((V I = A v =p((3] = A) v, VpePu,
and therefore, for arbitrary a;, [ =1,...,n—1,

;al/y A ’U—Zal/y A

=1

It is easy to see that
Aly=Aly for 0<I<q-1,

so that altogether the equation

q—1 n—1 q—1 n—1
a,lAl'U —+ E al( A)l’u = a,lAil’U —+ E al( ) )l’U
1=0 = 7 1=0 = 7 "
can be obtained. Since aq,...,a,—1 and ao,..., a1, have been chosen arbitrarily, we have

K2 (Ap,v) = K™ (A, ).
Let now y € K2"(A,,v) = K2"(A,v) be arbitrary such that by, ..., b,—1 exist with

n—1

1
wr(A)v —y = perr(A)A%v — b——= A%,
( q+ ( lzl ('Y A)

cf. (4.2). We then have

llon(A)v = pr(An)oll < ller(A)v =yl + [lep(An)v -y

n—1
1
Pa+k (A)Aq’U — Z blm/lq’l)

‘Pq-i—k Z bl

n—1

1
gtk (An)Alv — Z by

—(y = An)
‘Pq-i—k Zbl

Aqu

[ ATo]| + Azl

11



If we use the fact that the rational Krylov subspace IC?Y’" (A,v) can also be written as

n 1 A A2
ICg’ (A,v) = span{ v} ,

v, Vyoooy
y—A" (v - A)? (v — At

and proceed similar as in the proof of Theorem 4.1 in [17], one can turn the two problems of
approximating ¢q1x(A4) and @q4r(Ay,) in the corresponding resolvent subspaces into one single
approximation problem in the L'—mnorm. By using our functional calculus, we obtain

1q+%(A) = sn—1 (Al < [F(Pg+k.00) = $n-1.0)) 1

and
[€g+1(An) = sn—1(An) | < [F(g4k,0) = Sn-1,00))ll1>
with
n—1 Zlil n—1
Sn—1(2) = Z clm , F(sn—1,00))(s) = a(-D)"te™ L1 (ys), >0,
=1 =1

where L;_; denotes the standard Laguerre polynomial of degree [ — 1. If we choose y from above
such that the infimum of the L'—problem is attained, which is possible due to (4.2), we get by
using Theorem 4.2 in [17]

1

q+k
n 2

1
ler(A)v = @r(An)o]| < C— [|A%]| + C— || ARl -
n 2

The calculation

Aly = P,AP, A%y = P,AP, A" 'y = P,AAT'v=P,A%
N——
€LY (Av)

yields
[ A vll = [[PrAfv]| < [|A%]],

and therefore

2
ler(A)v — i (An)o| < C—x [[A%0] .
n- 2

In contrast to the unknown best approximation in the general case, the approximation ¢y (A, )v
to pr(A)v in the extended Krylov subspace K2"(A,v) can be efficiently computed. For this
purpose, we first determine an orthonormal basis with the following algorithm. Thereby, the
algorithm is given in a good human readable form. Obvious improvements with respect to stability

12



and efficiency should be performed.

v € D(A?), compute = +/(v,v) = ||v]|
vy =0/
form=1,2,... do
if m < g do
for j=1,...,mdo
Rim = (Avm, ;)
end for
U1 = Avp — Z;nzl hjmv;
hm-i-l,m = H'Dm-i-lH
Um+1 = 57n-|—1/h7n-i-1,’m (63)
else
for j=1,...,mdo
Rjm = (/I = A) " o, ;)

end for
Omg1 = (VI — A) "o, — 2211 hjmv;
herl,m - ”f)erlH
Um+1 = 57nJr1/h7nJr1,m
end if
end for

Note that the algorithm first computes a basis of the polynomial part. However, it is easy to see
that the vectors v1,...,v,, form an orthonormal basis of K2™(A,v) for m =q+mn —1.

When an orthonormal basis is known, the subspace projection operator and the approximation
of an operator function via subspace projection can be formulated conveniently with the help of
quasi-matrices (cf. Lecture 5, [35]). In our case, we consider the quasi-matrix

Vn = [’Ul Vo - ’Uq+n_1]

whose entries form an orthonormal basis of K4"(A,b). According to the definitions in [35], we
can write our projection operator as P, = V,,V.! and we have

(U’ Ul) g+n—1
Pow=V,Viy =V, ; = (v, v5)v;
(va vq+n+1) =0
for an arbitrary vector v € H. The approximation to f(A)v is given by
F(An)o = f(PaAPy v = f(Va VT AVLV o = Vi f(VT AV, o = Vi, f(Sn) Vo,
(as in the case of matrices), where
(Avi,v1) -+ (Avm,v1) (v,v1)
Sy = : : eCc™™m and Vo= : ecm
(A’Ul,?}m) e (A'Umavm) (’U,’Um)

is a matrix and a vector, respectively, and m = ¢ + n — 1. Hence, after computing the matrix
function f(S,) for the small matrix S,, multiplied by the vector V.7 v, i.e.

gn = f(Sn)VnHU’

we can compute our approximation as

q+n—1
F(A = Vo f(Sa)Vii'v = Vagn = > gjv; € H.
j=0

13



Fic. 7.1. Regular mesh.

7. Numerical experiments. In this section, we illustrate our analysis with different approx-
imations of evolution equations. In our first experiment, we use a finite-difference discretization on
the unit square that is equivalent to a regular triangulation with linear finite elements and mass
lumping. This educational example shows the important fact that the rational Krylov subspace
method can be more efficient, despite the fact that the polynomial Krylov method only uses sparse
matrix multiplications and the rational Krylov method needs to solve linear systems in every step.
Furthermore, the experiments with this approximation are easy to understand and to repeat. In
our second experiment, we consider discontinuous Galerkin approximations to Maxwell’s equations
on a more complex domain. Both experiments clearly show that a grid-independent convergence
can be obtained.

7.1. Finite-difference discretization and finite-element discretization. We refer to
our motivation in Section 2, but this time we consider the (real) Schrédinger equation on the unit
square 2 = (0,1)? with homogeneous Dirichlet boundary conditions. This leads to the operator

0 B
=[5 7]

with H = L?(Q) x L?(Q) and Bu = —/Awu. The domain is given by D(A) = D(B) x D(B) with
D(B) = H}(Q) N H%(Q), and the domains of iterated operators are D(A?) = D(BY) x D(BY),
respectively.

We consider the evolution equation

VO = Ay, w0 == ]

where we use initial values y{, ¢ = 2,4, with

yq[qg] gl =pl = I ﬁq{ ~[0a1]2 - R2 e o )
R N T 0 Polz,y) = a®(1—x)%y*(1—y)*

With this choice, we have y¢ € D(A?) and yd & D(A9T!). Discretization with finite differences on
the standard grid (ih,jh), i,7 = 1,...,d, with h = —1= for a fixed integer d, leads with N = d? to

d+1
the 2N x 2N —matrix
0 By 1 1.
AN:[BN 0 ]; BNZE(T(X)IN‘FIN@T), T = tridiag(—1,2,—1),

where ® is the Kronecker product. By is the standard discretization with the five-point stencil for
the negative Laplacian. The inner product is (u,v) = h?v"u, u,v € CV, and the norm therefore
[wlln = hllull2, where || -||2 is the standard Euclidean norm. The discretized initial values yg » are
just the functions evaluated at the grid points.

The same discretization arises from a regular triangulation with linear finite elements and
mass lumping. We will briefly explain how one can see this. We use a regular triangulation with
the same nodes as the grid in the finite-difference approximation as shown in Figure 7.1. Then,

14



one uses the standard N? linear ansatz functions. This leads to the system of ordinary differential
equations

My (0) = Axatr). w0 == | © |, ()

where My is the mass matrix and A ~ is the stiffness matrix. The idea of mass lumping is not
to use the standard inner product, but a discrete one that arises by replacing the integrals over a
triangle K by the quadrature formula

[ 1@ de = SR + £P2) + £(P)

where |K| designates the area of the triangle and P;, i = 1,2, 3, are the corners of the triangle.
With respect to this inner product, the linear ansatz functions are orthogonal and we have the
mass matrix

My =h% Iy, I, N2 identity matrix of dimension 2N?,
and the stiffness matrix

Ay = [ _%N BON } , By=T®In+Iy®T), T = tridiag(—1,2,—1).

The mass matrix determines the inner product with (u, v)ar, = v Myu = h2vfu, u,v € CV, that
is, exactly the same inner product as for the finite-difference approximation. By multiplication
from the left-hand side with the mass matrix, the ordinary differential equation (7.1) turns to

y'(r) = My'Any(r),  y(0)=yo = [ ;ig ] ., My'Ay = Ay,

where Ay is the matrix for the finite differences. Generally, in the case (7.1), the algorithm (6.3)
reads

ﬂ = ||UHMN’ U1 = ’U/ﬂ
for m=1,2,... do
if m < q do
for j=1,...,mdo
hj,m = (MIGIANU"L’Uj)NIN = ’U;—LIAN’Um
end for

D1 = My Anom — Y202 hjmv;
Pont1,m = [|[Om+1llary
Um+41 = :Um-l-l/hm—i-l,m
else
for j=1,...,mdo

B = ((71 _ M;AN)—lum,uj)

end for "
Bmyr = (Y = My AN) "o = 370 hy o,
herl,m - H{)erlnMN
Um+1 = :Um-l-l/hm—i-l,m
end if
end for

The algorithm is presented in a good human readable form. And, apart from using modified Gram-
Schmidt orthogonalization, we implemented the algorithm as given above. For a general purpose
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application of the algorithm, a reorthogonalization might be necessary for large dimensions of
the Krylov subspaces and several further improvements with respect to robustness and efficiency
should be performed.

The projection P, = V,,V,H My to the extended Krylov subspace KL (M&lﬁN, v) with inner
product (u,v)ar, = v Myu yields

A, = P,My*AnP, =V, 8,V My,

where S, = VnH /INVn and V,, is the matrix that contains the computed orthonormal basis of
KL (M ]GlA ~,v). Then, the extended Krylov approximation is given by

(pk(An)U = HUH]\/INVn(pk(Sn)el )

where e is the first unit vector.

As a first experiment, we check, whether the smoothness of the initial data also plays such an
important role for finer discretizations than in our motivation example in Section 2. We choose
the initial values y¢ € D(A9) and yd & D(A?™!) for ¢ = 2,4, as defined above, and plot the error of
the Krylov methods versus the dimension of the Krylov subspaces for step size 7 = 0.005, v = 1,
and N = 1046529, that is Ay is a 2093 058 x 2093 058—matrix. In Figure 7.2, one can see that
the standard Krylov method is useful according to the smoothness of the initial data. The gray
line indicates, as before, the point where the standard Krylov method starts to use approximations
to Alyg terms with [ > ¢. The smoothness seems to play exactly the same important role. The
starting polynomial Krylov steps in the extended Krylov method might not lead to progress if
79| A%¢|| is of order O(1). The quality of the polynomial approximation is mainly measured via
Taylor expansion with this term in the remainder. But if 79||A%¢|| is sufficiently small, that
is sufficiently small for the continuous data, then the polynomial part in the extended Krylov
subspace method can save computation time independent of the space discretization.

The choice of v can significantly improve the approximation of the exponential in the ra-
tional and extended Krylov subspaces. This is illustrated in Figure 7.3, where one can see the
improvement of the rational Krylov subspace method with v = 113 (diamond-marked and dashed
line) over the rational Krylov subspace method with v = 1 (star-marked and dashed line) on the
left-hand side of Figure 7.3. The shift v has been chosen according to Section 5 with the highest
possible rate for 15 steps and r = 2q for ¢ = 4 according to the smoothness of the initial data.
Remember that the theory in Section 5 gives results for the purely rational method as well as
the extended method. The improvement for the extended method is also significant, what can
be seen on the right-hand side of Figure 7.3, where the square-marked and solid line represents
the extended Krylov method with v = 113 and the circle-marked and solid line represents the
extended Krylov method with v = 1.

We choose this discretization, because the polynomial Krylov subspace method only needs
multiplications with a sparse matrix and is computationally cheap compared to one step of the
rational method where a linear system needs to be solved. If one would use linear finite elements
without mass lumping, the application of the polynomial Krylov method would also require the
solution of a linear system with the mass matrix. Then, the polynomial and rational Krylov
subspace method need comparable numerical work in every step. For higher-order finite elements,
when no good mass lumping is known, this is anyway true. If the rational variants can be faster
in overall computing time for our discretization that favors the polynomial Krylov method, one
can dare to say that this will be true for many large systems of discretized partial differential
equations that fit into the presented framework.

In Figure 7.4, we compare the performance of the three Krylov methods with respect to error
versus computing time. The computation has been conducted in the software environment Matlab,
Release R2012a, under Ubuntu, Release 10.4, on a dual core processor with frequency 3GH on a
desktop machine. In this example, one step of the polynomial Krylov method is just multiplication
with the sparse matrix Ay and this is much cheaper than the computation of (v — Ay)~! in
the rational and the extended Krylov method. (yI — Ax)~! has been computed with a multigrid
method without further preconditioning. Nevertheless, the rational and the extended Krylov
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Fic. 7.2. Plot of error vs. dimension of the Krylov space for the standard Krylov subspace ICZ’O(AN,yg N)
(cross-marked and dash-dotted line), the purely rational Krylov subspace ng’n(AN7 yg’N) (star-marked and dashed
line) and the extended Krylov subspace K4 1(An,yd ) (circle-marked and solid line) for N = 1046529 and
initial values yg N that are discretized initial values of data yd € D(A9) but yd & D(ATTY) for q = 2,4.

method are more efficient for the computation of the matrix exponential. As already mentioned,
the performance of the standard Krylov method can be estimated with a simple Taylor expansion
as long as the smoothness of the initial data allows. If 7 becomes larger, then the polynomial part
of the extended Krylov method might not lead to a gain in computing time. This is illustrated in
Figure 7.5. On the left-hand side of Figure 7.5, the Krylov methods are compared for N = 65 026,
v = 1 fixed as before, y§ € D(A%) and 7 = 0.001. The step size is smaller and the Taylor expansion
suggests a better approximation in the first six polynomial Krylov steps what can be seen in the
figure. On the right-hand side, we use the same data but 7 = 10. For this 7 the remainder in the
Taylor expansion is of order O(1) and it can be clearly observed that the standard Krylov method
and the starting procedure in the extended Krylov method make no progress. Since we did not
adapt v, the performance of the rational method is also significantly slower. In the theoretical
estimate a term 76 = 105 appears. This experiment also demonstrates that the analysis that we
conducted and which essentially plays the convergence of the extended Krylov subspace method
back to the purely rational Krylov subspace method is not an artefact of the analysis. There
might be no gain in the first few polynomial Krylov steps. But these steps are cheap and for
more realistic (large) time steps, as on the left-hand side of Figure 7.5, the polynomial Krylov
part according to the smoothness of the initial data clearly pays off.

In a last experiment, we answer the question, whether one could detect the index of smoothness
q automatically in our experiment. We use yd € D(A?) and y¢ & D(ATT!), ¢ = 2,4, as initial
value and plot the error of approximation of the matrix exponential for step size 7 = 0.005 and
N = 1046 529 versus the dimension of the standard Krylov subspace in Figure 7.6. This is the
same initial data as used in Figure 7.2. Besides this, we show

||eTAn, eTAn,l

Yo,N — yg,N”MN

)

versus n > 2, the number of standard Krylov steps taken, as a simple heuristic method to detect
the smoothness of the vector. One can clearly see, that this simple idea would have allowed us to
detect the index of smoothness of the initial data without prior knowledge of the smoothness of
the initial data at the cost of few additional matrix-vector multiplications.
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dashed line) on the left-hand side and the extended Krylov subspace Ki’nfﬁl(AN,yé’N) with v =1 (circle-marked

and solid line) and the extended Krylov subspace IC?Y’"74(AN,yé’N) with v = 115 (square-marked and solid line)
on the right-hand side for N = 1046 529 and initial value yé‘ N-
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Fic. 7.4. Plot of error vs. time for the standard Krylov subspace IC:,L’O(AN,yg ) (cross-marked and dash-
dotted line), the purely rational Krylov subspace ICQ,’n(AN,yg’N) (star-marked and dashed line) and the extended

Krylov subspace K" (AN, ya ) (circle-marked and solid line) for N = 1046529 and initial values yg \ that
are discretized initial values of data yi € D(AY) but y& & D(AIHY) for g =2,4.

7.2. Discontinuous Galerkin discretization. To check the relevance of our analysis for
less regular domains, we use normalized Maxwell’s equations in transverse magnetic form

OH*  OFE*
ot Oy
OHY  OF*
ot Oz

OE*  OHY OH"
ot Ox oy’

as used in Hesthaven and Warburton [23] on the domain € shown in Figure 7.7 with a perfectly
electrically conducting boundary. We follow the presentation in [23] closely and use the free
Matlab-codes that accompany the book in order to build the stiffness matrix Ay and the mass
matrix My in equation (7.1) for our experiment. Since we use the central flux in the discontinuous
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Fic. 7.6. Plot of error vs. dimension of the Krylov space for the standard Krylov subspace IC:’O(AN,yg N)

(cross-marked and dash-dotted line) and of ||e™Anyd \ — e

n=1yd Glmy (square-marked and solid line) as an
indicator of smoothness in the standard Krylov subspace method for N = 1046 529 and initial values yg N that are

discretized initial values of data yd € D(A?) but yd & D(AITY) for ¢ = 2,4.

Galerkin discretization, the eigenvalues of the stiffness matrix are on the imaginary axis, reflecting
the hyperbolic nature of the problem. As initial condition, we use a peak in a square in the domain
Q) for E* and zero for H*” and HY that we evolve with scaled time 1 with the equations and that
leads to the initial values shown in Figure 7.8. The chosen peak is in D(A4?%) for the semigroup.
Now, we use three grids, one coarser (66 nodes) as the grid shown in Figure 7.7 with 211 nodes
and one finer as the grid shown in Figure 7.7 with 935 nodes. The meshes have been generated by
DistMesh (cf. [32]). We also use higher order elements on the finer grids. More exactly, first order
elements on the coarsest grid, fourth order elements on the second grid, and six order elements
on the third and finest grid. As a reference solution, we have used the solution provided by the
codes of Hesthaven and Warburton for a small step size. In Figure 7.9, we show the error of our
three Krylov subspace methods for the coarsest and the finest grid for a time step 7 = 0.1. For
the small discretization matrix that belongs to the coarsest grid, the superlinear convergence of
the standard Krylov method can be clearly seen and the smoothness of the data does not seem
to be important. On the finest grid where the matrix is a 139956 x 139 956—matrix, and for
the time-evolved initial value in D(A?) on a non-standard domain, the methods behave exactly
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Fic. 7.7. Second mesh with 211 nodes.

Fi1G. 7.8. Initial values H* (top left), HY (top right), and E* (bottom).

according to the theory described in this work.

8. Conclusion. We have analyzed the convergence of approximations to the ¢—functions
by the extended Krylov subspace method, where the size of the polynomial part of the extended
Krylov subspace is restricted according to the smoothness of the initial data. We could prove a
sublinear convergence rate of the extended Krylov subspace method for the continuous operator.
The convergence rate depends on the smoothness of the initial data. The analysis also shows a
grid-independent convergence for the discretized operator. Furthermore, we suggested possible
choices of the parameter  that improve the convergence rate for the extended Krylov subspace as
well as for the purely rational Krylov subspace. The relevance of the analysis has been illustrated
by several evolution equations and for different discretizations.
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