FGMRES DYNAMICS AND THE GEOMETRIC MEAN
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Abstract. Flexible GMRES refers to a particular modification of preconditioned GMRES in
which the preconditioner expressions vary. The algorithm has met with varying success and we
show theoretical results detailing particular equivalences of FGMRES to GMRES systems using
a construction similar to one in [11], and use this in order to detail new convergence results for
FGMRES which include a relation between FGMRES and a geometric mean of properties of certain
sequences of GMRES systems. These convergence results show that FGMRES is not as appealing
as certain aspects of simply preconditioned GMRES, and suggest a conjecture on the connection
between FGMRES and GMRES[14]. Further, we build on [14] with an analysis of the dynamical
properties of FGMRES using the convergence conditions instantiated by [28, 29, 30].
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1. Introduction. Since the advent of GMRES[19], many adaptive methods have
followed suit[1, 2]. This has incentivized the creation of an adaptive GMRES algo-
rithm, or FGMRES[20]. Since then, many other similar methods have also been
developed[10, 18, 24, 25].

Here, we consider the iteration of a linear system of equations Ax = b using FGM-
RES, and aim to build on the convergence results first shown in [20], the backward
analysis of FGMRES provided in [9] (which followed a similar result for GMRESI[6]),
and problems posed in [17]. However, unlike [9], we will not look at backward-error
analysis, but rather a different way in which we can compare the convergence analysis
to the original convergence results of GMRES[19].

In the course of extending the GMRES results, we will establish a relation between
GMRES and FGMRES by introducing a matrix Y (which we will refer to in this paper
as 'the Y matrix’) for which GMRES using Y is equivalent in performing our original
FGMRES iteration on Az = b and is constructed in a manner similar to the key
construction found in [11]. Using this, we can extend results of GMRES on systems
with symmetric part positive definite, and this result will have as a consequence a
relation between GMRES and FGMRES using the geometric mean.

From there we will detail the consequences of this theoretical property. This
includes a spectral relation between Y and our original constituting matrices, and
examples that indicate a strong dependence of FGMRES on the initial vector chosen
in the iteration or right-hand side. Finally, we leave off with a conjecture for the
relation of convergence between GMRES and FGMRES.

Because of the dependence of the Y matrix on the initial vector, this necessitates
a discussion on the influence this has on possibly stagnating. To this end, we further
the discussion from [14] and use the results from [28, 29, 30] in order to apply a
dynamical systems approach to studying FGMRES.

The remainder of the paper is organized as follows. In section 2 we recall some
basic facts of convergence of GMRES that we wish to extend to FGMRES. Section
3 is dedicated to convergence results. In section 4 we illustrate with some numerical
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examples which includes our dynamical analysis as well, and we conclude in section
5.

2. GMRES. Let K}, := span{rg, Arg, A%rq,---, A*¥"1rq} be a Krylov subspace
corresponding to a given matrix A and its residual rg. It is known that GMRES on
A and rg generates an orthogonal basis corresponding to this Krylov subspace. This
allows us to write the iterates of GMRES at step m as x,, = x¢o + Vin¥ym, where
V. forms an orthonormal basis of the Krylov subspace produced by the Arnoldi
method.[13, 15, 22]. We can alternatively express this observation as the Arnoldi
relation AV = V H, with H being upper-Hessenberg.

In particular, and to provide a comparison to FGMRES later, the standard GM-
RES algorithm may be expressed as:

AvrcoriTHM 2.1 (GMRES).

ro =b— Axg, B := ||rol[2,v1 = 3§
Forj=1,2,...m
w; = Av;
Fori=1,...,7
hij = (wj,vi);w; := w; — hijv;
End
hj1; = llw;l2 Arnoldi
Ifhjy1,5=0
m:i=j
break
Ui+l = hjlijl.,j
End
Hm = [hij]

Find y,, = min||Be1 — Hpyl|2 via a Givens rotation QR process, keeping in mind that
H is Hessenberg.
T = o + Vinym  [15, 19, 22]

With this description of GMRES, we can now outline the theoretical results with
which will be compared with FGMRES.

The following theorem will be similar to theorem 3.2 by relating the solution of
GMRES at each step to a polynomial of powers of the given matrix A. This is a
concept which will be important later in the proof of lemma 3.4.

THEOREM 2.2. [15, 22] Let x,, be the mth step approzimate solution obtained by
GMRES, and r,, :==b— Ax,,. Then

(2.1) T = Xo + gm (A)ro
and
(2.2) [rmll2 = [[(I — Agm(A))roll2 = mingep,, ,|[(I — Aq(A))roll2

Where q is a polynomial of degree not exceeding m — 1.

With this theorem we have only to recall one more important convergence re-
sult that can be compared with that of FGMRES. In particular, this illustrates the
convergence of GMRES on matrices with symmetric part positive definite.

THEOREM 2.3 (Residual Minimization).
2
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Ire41ll3 < [1 = &]llmll3

here
(2.3) v .

o= Al kAT

H = )‘min(AS) = )‘min(E(A + AT))
[15, 22]

With this background, we can now discuss the connections between GMRES and
FGMRES, and use this connection to extend the convergence results in FGMRES.[14]

3. FGMRES. As outlined above for GMRES, the Arnoldi loop constructs the
following orthogonal basis of a preconditioned Krylov subspace:

(3.1) Span(rg, AM~Yrg, -, (AM =)™ 1r)

In which the new vector is obtained from the previous vector in the process. The
last step is a linear combination of the previous vectors z; = M~ 1v;,i = 1,---,m.
Here, we need only apply M ! to V,,ym. However, if we allow the preconditioner to
change at each step, we would have

(3.2) zj=M; o,
If we perform this modification, we may modify the above algorithm to create
GMRES with flexible preconditioning, or FGMRES:
ALGORITHM 3.1 (FGMRES).
Let xo be an initial vector, m a preset dimension of the Krylov subspace, and define
Hm € §R(m+1)><m'
Perform Arnoldi
Compute ro = b — Axg, 8 = ||rol]2,v1 = %0
Forj=1,---.m do
zj = Mj_lvj

w = Az;j
Fori=1,---,j do hi; :=<w,v; > w:=w—h;v
hjy15 = llwll2, if hjy1,; = 0 break, vj 1 = ——

i+1.4

L = (2’1,"',Zm) :

The approximate solution is then x,, = xg + ZmYm, where y.,, is the solution to the
linear least squares problem H,,y = Pe;.

It is clear that the above algorithm is mathematically equivalent to preconditioned
GMRES when M; = M for j =1,---,m. [3, 22, 26]

In order to compare FGMRES with GMRES (before extending FGMRES results
past the current literature and provide comparisons with the results listed in the
previous section), we recall a basic and established properties of FGMRES which
mimics theorem 2.2 above.

THEOREM 3.2. MiNgeag+span(z.,)| 10 — Azl|2 = |[b — Az, [|[22]

Finally, in order to extend these GMRES results, and add to the results on FGM-
RES, we note that FGMRES is equivalent to GMRES on a particular matrix.

THEOREM 3.3. FGMRES applied to a linear system Ax = b is equivalent to
applying GMRES to a linear system Yz = b (with the same initial vector xg) for
some n X n matriz Y .



Proof.

Notice that if FGMRES uses a sequence of preconditioners M, ' A, then FGMRES
minimizes the residual over a linear combination of the vectors zg, z1,..., and thus
similar to what was done in [11] Yz; = z;41,0 < ¢ < n — 1 defines the matrix for
which performing GMRES on Y is equivalent to applying FGMRES on A with the
sequence of preconditioners M;. Specifically, Y can be found algebraically as:

(3.3) Y = (z1]z|2s]...)(20|71)22] )

= AV

In this way, FGMRES is equivalent to GMRES on Y, and Y describes the con-
vergence behavior of FGMRES. 00

From this point, the Y matrix defined in the previous theorem forms a lynchpin
of our analysis.[14]

In order to use this expression for Y carefully, to combine it with the result of
[28], and establish very limited convergence results to compare with the previously
exhibited GMRES convergence results, we will need the following lemma. This is
essentially a stability result of GMRES that is applied to FGMRES and places a re-
striction on the variation of the preconditioners from one iteration to another (similar
to, yet looser than, some results in [9, 10, 21]). A much stricter bound can be found
using [6], but for the purposes of this study we neither need such strict results, and
we will use the following result to build a connection between the behavior of the
residual norm of FGMRES and the geometric mean of the behavior of the residual
norm of the individually preconditioned GMRES iterations.

LEMMA 3.4. Assume that ||[M;* — Mj*1|| <e.

Let the initial vector be given as xq and ro := b — Axg.

Let xy, be the solution after k steps of FGMRES (xj # x) and the Hessenberg
matriz Hy, be nonsingular.

Leta; = Mflro, and define inductively aj, = Z?zlM;l(Zf;llai,j,kMiai—i—%,l,jAak,l)
where o j 1, Vk—1,; are arbitrary.

Define the Y -matriz so that Ya; = a;+1 as in theorem 3.3.

Let yi. be the solution after k steps of GMRES on'Y with Mflro in place of 1.

Then ||z — yi|| < Cre for some constant Cy, or ||b — Axg|| < ||b — Aygl|-

Proof.

We leave the proof of this in Appendix A.

14]

With this, we may now establish some basic results for FGMRES, showing not
only in a certain case that FGMRES converges if GMRES does (a basic theoretical
result for many adaptive methods that build on top of a previous, non-adaptive ver-
sion), but that FGMRES shares an amiability with matrices that have symmetric
part positive definite like GMRES, paralleling theorem 2.3.

THEOREM 3.5 (Y is Positive Definite). If each of the matrices Mi_lA has sym-
metric part positive definite parts and ||M;1 - M;lﬂ <e, then FGMRES converges.

Proof.

In lemma 3.4, let 72 ; =1 for j =1,---,m, else a,y = 0, let zy = Ml_lro, then
a1 = zg. Consequently, by theorem 3.3, the residual r,, resulting from using GMRES
on Y defined by a; cab be approximated by the actual residual term using FGMRES
or bounds it from above.



Then by theorem 2.2 applied to GMRES on Y:

[l ™ )
(3-4) = (ming|lzo — (B2, 8i - M~ Azo)[ )™
< IR ming ||ro — B - M Az

With each item in the product is the minimum residual with respect to Mi_lA,
and thus by theorem 2.3:

2
m m s -
(3.5) [l7rml[™ < [IZy (1 = Z5)]11M; Hlffroll

K2

where p1; = )\min(M_lA + (M_lA)T)/27Ui = ||M7,'_1A||2
0

14]

Of particular interest in theorem 3.5 is the appearance of the geometric mean
in equation (3.5). Following this, and recalling theorem 3.3, we wish to analyze this
matrix Y to follow out this idea.

The result we obtain is very limited, but does point to the expanding viable con-
nection with FGMRES and a specific geometric mean on its corresponding GMRES
counterparts:

THEOREM 3.6 (Unit Disk Convergence of Y). If each of the matrices I — M{lA
has norm < 1, ||[M; ' — Mjflﬂ < ¢, and the right-hand side vector M, 'b has all
nonzero entries under the Jordan basis of the matriz Y described above (and is non-
singular), then the residual norm of FGMRES at step k is identical to the residual
norm of GMRES at step k on a matriz Y whose spectral radius is asymptotically
bounded by the geometric mean of the norm of the matrices I — Mi_lA.

Proof.

Let b be replaced by Ml_lb and xg be replaced by 0, it will be useful to note a
similar construction of the FGMRES matrix that if we consider minimizing the resid-
ual over the polynomial of the vectors b, (I — AM; ")b, (I — AM; ') (I — AM; )b, ...,
then by theorem 3.3 performing FMGRES is equivalent to performing GMRES on a
Y with

Y o= [((I =AM — AMy )(1 — AM; )b -
(3.6) (bI(1 — AMB|(I = AMy ) (I — AM; D] )]
= AV

We will perform the rest of the analysis with this Y. The rest of the result follows
by applying the previous lemma 3.4 with coefficients chosen to give the matrix Y
above, namely, «; ;; = 1 and v; ; = —1 (else o,y = 0).

Assume that Y is nonsingular, and that A; is an eigenvalue corresponding to
the spectral radius, and if the Jordan canonical form of ¥ = XJX ! then the right
hand side b is such that el X~'b # 0 (by our hypothesis) where m is the geometric
multiplicity of A;. Hence,

(3.7) (bIYD|Y?b|--) e =Y"b
5



Let the Jordan form of Y = X JX ! with J ordered so that the first Jordan block
contains A1 with geometric multiplicity m. Further, since X is nonsingular, there
exists x; such that x;‘FX = el'. Finally, let d = X~ 'b. With these simplifications,
multiply the above through by mlT:

(3.8) (0,0,...,0,%" ;¢\ 71 0,0,...,0)d = ] Y"b

Since ¢; satisfies the minimal polynomial of Y

(3.9) Nidy = 2 Y™b

By assumption d; # 0, so then:

(3.10) A" <

Using Bunyakovsky-Cauchy-Schwartz inequality together with the fact that if
27X = eI, then af]| < ||X ]|

Ly
(311 A ——
[1X=H[1]o]]
Let C := +7 then:
X —L]b]]
Yn
(3.12) il < el

Now using the fact that Y"b = II(I — M, ' A)b:

(3.13) M| < O ([T — M A) )=

Thus, noting that C# — 1, if the geometric mean of the norm corresponding
preconditioners (||I — M; ' A||) are < 1, the spectral radius is also < 1. O [14]

4. Numerical Experiments and Examples. We now systematically illustrate
the above two convergence theorems for FGMRES.

First, as an important remark, theorem 3.5 can be used to give some weak con-
vergence bounds—even in the case where not all of M[lA have symmetric positive
definite parts (since the minimum residual bound still holds).

That is to say, u; € o(I) — o(J;), and when we vary the stiff subspace, a weak
bound on when convergence still occurs can be thus given by the above result.

6



4.1. Numerical Test: Convergence rate of FGMRES with components
that have symmetric positive definite parts. The following illustrates theorem
3.5. To calculate the bound we use the minimum residual bound, and then we use
the bound formed by the geometric mean of the residual norm bound for each of the
individually preconditioned GMRES iterations as in equation (3.5). Afterwards, we
compare it with residual norm of FGMRES. Since the minimum residual bound is not
tight, the overall bound is not tight.

~1 mill. entry matrix, n=1024 dense

positive definite

Residual Error (log)

Iteration

FGMRES — —— Geom Mean

Figure 1. FGMRES bound for components
with symmetric positive definite parts

A similar numerical generalization occurs with theorem 3. Theorem 3 does not
show that in the unit norm case that the residual norm of FGMRES asymptotically
approaches the geometric mean of the residual norm of each individual preconditioned
GMRES (it only analyzes the spectra of the matrix Y'), yet this claim is backed by
numerical experiments as shown below.[14]

4.2. Numerical Test: FGMRES with a family of matrices where || M, ' A|| <
1 v. a bound which is the geometric mean of the residual norms of the in-
dividually preconditioned GMRES iterations. The following exhibits the tight
bound the geometric mean of the residual norm of the individually preconditioned
GMRES iterations gives. The places where FGMRES crosses the bound might be
due to errors from the constant factor C' in the proof of theorem 3.

7



~1 mill. entry matrix, n=1024 dense

spectrum<1

3.73
¥ 373
5 3.72
=
B 372
o]
=]
= 371
8
371

12 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Iteration

— —— FGMRES —————— Geom Mean

Figure 2. FGMRES residual norm v. geometric mean of GMRES residuals

Theorem 3 of the previous section included a restriction on the right-hand side
of the linear system of the original system. This suggests that FGMRES might have
a strong dependence in more general circumstances. This forms the bulwark of a
conjecture that we propose in the conclusion of this paper. Before this, we first
show an example that shows that we should indeed expect any sufficiently general
theoretical property of FGMRES should include some dependence on the right-hand
side of the original system or the initial vector iterate. This forms an important
demonstration to introduce the dynamical properties in FGMRES.

4.3. Example: FGMRES Failure. Take as an example, an FGMRES algo-
rithm which has Mi_lA as a matrix that permutes rows ¢ and i + 1 for ¢ < n — 1,
ro = e, M, '} A an arbitrary matrix, and M,;;'A = I. Thus since el e; = 0 (i # j),
the Arnoldi process will trivially produce:

(4.1) Pm( Ino,l g )

Where Py, is the permutation matrix the permutes the first and last rows, and
@ can be made an arbitrary vector via appropriate choice of M;_llA and rg. Thus,
in this simple example, the spectrum can depend wholely on ro (because Py, is non-
singular, then multiplication by it forms a homeomorphism; therefore, if B is made
to vary its eigenvalue in modulus from 0 to oo, then the same must occur under the

8



homeomorphism 1!).[14]

4.4. Dynamical System Properties of FGMRES. What the previous ex-
ample points out is that the Y matrix is dependent on the initial starting vectorof
FGMRES. This gives an extra degree of variance that the original GMRES algorithm
does not have. To this end we note the definition of the following functions of Zavorin
[28, 29, 30]:

Fy(y) diag(y) - VHVy

4.2 n TR
(4.2) G(A1, A2, ) = (—1) +1con](Hk:17k¢jﬁ)

Since changing the initial vector can cause potentially large alterations in the
matrix Y that GMRES is applied to, then if we are trying to determine the possibil-
ity of FGMRES to stagnate (and given that Fy is dependent on a relatively stable
eigenproblem), we are left with studying the dynamics of G.

To this end, we consider G as a discrete dynamical system. We aim to show
that the convergence properties of G' are not of a straightforward kind that one would
expect from an algorithm used to solve linear systems. In particular, even for the
benign n = 3 case, there are heteroclinic connections and other possible manifolds
that underlie the structure of GMRES. Thus, we consider n = 3, take G over i3,
and note that G(aT) = G(Z). With these simplifications, then we can instead identify
G as acting on 5%, and for (0,¢) € S?, we define G as G with domain and output
restricted to the unit sphere. In particular, we define G as:

[ arccos(sin ¢ cos ¢ sin®(0)(cos ¢ — sin ¢))

(6){cos
arctan(cot(9) S 5o g—cant)

We note that with such a definition that an analytic continuation can be made for
when z = v, thatNtherefore (0,¢) = (5, %) is a fixed point, and that the eigenvalues of
the Jacobian of G at this point are —2,0 respectively. Furthermore, there is a period
two oscillation between (7,0) and (7, §) which both have Jacobians with eigenvalues
of modulus < 1. Therefore, by [4][p. 126], we have one saddle hyperbolic point, and

a convergent periodic hyperbolic point.

To explore this more, we look at the following picture showing a Newton-Raphson
coloration of the domain of G, i.e., [0, 7] x [=F, 5]. The lighter the shading the more
stable the iteration of G. The curling line through the middle of the picture connects
all of the hyperbolic points mentioned in the previous paragraph, and therefore forms
a heteroclinic connection. This line through the middle of the picture is therefore the
'bad’” non-convergent domain that shows where—unless the eigenbasis of the matrix
happen to satisfy the non-stagnation condition-FGMRES is also likely to stagnate.

IThe authors would like to thank Kyle Kloster and Jake Noparstak for this argument
9
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Figure 3. Newton-Raphson like plot of iterations of G function centered at (

We strongly emphasize that this is not necessarily a bad property. The extra
variance in Y upon each restart of FGMRES compared to the simple floating point
variation of the entries of the original matrix A in GMRES can possibly force the
system away from stagnation with great ease and may explain FGMRES’ performance
given the otherwise stultifying geometric mean conjecture. 2

5. Conclusion. In summary, then, we have shown that FGMRES is equivalent
to GMRES on a different matrix Y. Using this matrix, we were able to pull up basic
convergence results from standard GMRES theory. Namely, that GMRES converges
if the symmetric part of the preconditioned matrix is positive definite was extended
into a similar yet appropriate form for FGMRES.

More importantly, however, was that this result introduced the concept of utilizing
geometric mean to relate actions on FGMRES to individual GMRES iterations. We
were able not only to show that FGMRES has a dependence on positive definiteness
of the symmetric part of the corresponding preconditioned matrices, but that this this
dependence is precisely that the geometric mean of the bounds for the convergence
rate of GMRES formed a bound for the convergence rate of FGMRES.

Once this concept was established, we then were able to find similar properties
hidden in FGMRES that followed a geometric mean relationship with similar key
properties of FGMRES. Namely, a bound of the spectral radius of Y followed this
relationship.

We then exhibited some numerical examples that both backed up the above de-
scribed FGMRES convergence bound for which the symmetric part of the precondi-
tioned matrices of A were all positive definite, as well as showed that this geometric
mean property indeed works in more cases than we were able to definitively prove
here. We also showed a specific example that shows that restrictions on the right-
hand side—just as in our result regarding an asymptotic bound on the spectral radius

2The author would like to thank discussion with Kyle Kloster, Ahmed Sameh, Mestapha
Oumouni, and Tim Kelley

10

s

274

)



of Y-should be expected in general for FGMRES.[14]

The final numerical experiment showing the dynamics of Zavorin’s function is—in
truth—a starting point. In actuality, and in higher dimensions, it is entirely possible
that the dynamical properties will not be so simple as having a 1D heteroclinic con-
nection. As can be evidenced in the first few iterations in the shading of Figure 3,
the ranges of each successive iteration are incredibly complex. Therefore, it is very
likely that higher-dimensional hyperbolic points will lead to much more interesting
actions. Also, FGMRES still manages to hide this stagnating manifold into a rather
small space. Furthermore, the introduction of a dynamical systems approach into
FGMRES research can possibly lead into a rich area of study.

These results all converge around similar ideas, and we would like conclude by of-
fering the following conjecture: that under some suitable restriction on A and b (given
example 4.3 above) that if GMRES applied to each of the individual preconditioners
of FGMRES converges, then not only will FGMRES converge; but its the residual
norm at step k of FGMRES will asymptotically approach the geometric mean of the
residual norm of each of the individually preconditioned GMRES iterations at step k.

It should be noted that if true, this exposes a flaw in the existing literature on
FGMRES. Namely, if this conjecture is true, then FGMRES seems to no better than
simply choosing the best preconditioner in the adaptive preconditioning in FGMRES.
There are three explanations for this. First is that there might be computational
advantages for not generating the preconditioner explicitly that mean that the algo-
rithm must be theoretically treated as a FGMRES iteration[2]. Second, it may be
theoretical impossible for the preconditioners to be generated a priori[l, 8]. Third, as
mentioned previously, given the additional theoretical dependence on the right-hand
side, this might allow us to dynamically push ourselves out of the domains where
normal GMRES would have stagnated. However, given the strong restrictions on the
preconditioners placed in lemma 3.4, or the unexpected conditions on the right-hand
side exhibited in example 4.3 and theorem 3, the ’suitable restriction’ on A and b
might be stronger than anticipated. In either case, FGMRES remains to fill in an im-
portant gap in applications and still exhibits a strong relationship with the theoretical
and practical advantages of GMRES.

Appendix A. FGMRES DECOMPOSITION LEMMA.

In this appendix, we restate and prove the lemma required to analyze the precon-
ditioner dependence of FGMRES.

LEMMA A.1. Assume that [|M; ' — M;lH <e.

Let the initial vector be given as xg and rg := b — Axg.

Let xy, be the solution after k steps of FGMRES (x # x) and the Hessenberg
matriz Hy be nonsingular.

Leta, = Ml_lro, and define inductively aj, = E?Zle_l(Ef;llozw,k]\/[iai+’yk_17jAak_1)
where o j 1., Ye—1,; are arbitrary.

Define the Y -matriz so that Ya; = a;11 as in 3.5.

Let y;, be the solution after k steps of GMRES on Y with Mflro in place of r¢.

Then ||z — yi|| < Cre for some constant Cy, or ||b — Axg|| < ||b— Aygl|-

Proof.

We show this inductively.

k=1

Note that 2; minimizes the residual over xz¢ + Span(M; 'r¢) by theorem 3.2
and y; minimizes the residual over o + Span(M; 'p(ro)) = o + Span(a; M; 'rg) =
xo + Span(M; *ry) by theorem 2.2.

11



Thus 1 = Y1-

k= N:
Assume that ||z; — ;|| < Cie, V1 < i < N.
Note that x; — x¢ is a linear combination of z1, zo,--- up to z; (where z; are the

same z; vectors in the FGMRES algorithm).
Thus x; minimizes the residual over zg + Span(Zy) = xo + Span({x; — xo|l <
i < N}Uzk) =29+ Span(X;) (by theorem 3.2 above).
Note that y; — ¢ is a linear combination of aq,as,- -+ up to a;.
Thus y; minimizes the residual over zy + Span(zp,Yz, --,Y
Span({y; — xo|l <i < N}Uay) =z + span(X2) (by theorem 2.2).
By algorithm 3.1 above, we have

lz) = @ +

(A].) 2 = M,;l(Zf;fﬂlMlzz + CkflAZkfl).

And because the spans are the same as shown above, then under a different linear
combination

(A.2) 2 = My (S5 BIM; (m; — m0) + (o A(mr—1 — 20))

Furthermore, by hypothesis of aj as a polynomial expression of the prior a;:

(A3) ap = SF_ M (S o e Mias + k-1, Aak_1)

And because the spans are the same, then under a different linear combination

(A.4) ak = Z?:lM;l( fglla;,j,kMi(yi — o) + 71/%1,jA(yk71 — 20))
Note that 7;,_, ; # 0 as when this = 0 this corresponds to the breakdown case of
FGMRES, which can not happen since Hy, is nonsingular. Now define z;, as:
/ / /
(Vk,ﬁl’j Pk Ef;llw
Ckfl Ck*l

Further, if |[M; " — M{ng < € then for any vectors p, g

(AB) 2z, =34,

(2 — @0) + 21 o (s — 20))

1P+ M Ml| g+ (M1 = M+ M; |
p+al| + elfal
I[P +qll + Cllel|

(A.6)

Al

We will use A.6 repeatedly in what follows.
Then, also recalling that ||z; — y;|| < Cje:

|z, —axll2 = \|E§:1(Wf§fl‘j 2 — Zf;f%(% — o) + 11 (i — w0)) — a2
(A7)
By equation A.2:
12



= B (e M (S5 B Mi(wi = o) + Go_y A1 — 20))
I _
—E§:11%(33i —x0) + 215 o) (i — m0)) — akll2

(A.8)
By equation A.4:

1 k1 Y148,
= ‘|E?:1((Mk 1(21?:11 Lg;:jl M;(z; — o)
(A9)  yp A1 — ) — T Wkgliiﬂi (5 — x0) + X215 (i — 20))
=M (S g Mi(ys — @0) + oy jAE—1 — 20)))|

Using A.6:
1 Ve JB;
< ||E?:1(((E§=11 kg;:_’l (xz —fEO)
_ 171 4Bt _
o1 My Alai-1 — w0)) = DI %c,’:fl (@i — x0) + TiZ) o)y (@i — 70))
— (S5 ok (Wi — 20) + Yimy ;M Alyr—1 — 20)))l| + Ce
—1 k—1
—(85 gk (v - 20) + Vo1, My Alyk - x0)))|| + Ce
< Z?ﬂ(”%@k_ll,jM;; A(Tg—1 — xol—lﬁk_l,jMf A(yr—1 — z0)|
+12E0 a;,j,kl(mi — o) = X o (v _1550)”) + Ce
< E?:1(H’V/Ig_1,jM1; fllc(:ﬁkﬂ —z9) — ’V,'c_l’jM; A(yr—1 — z0)||
250 g el — wal|) + Ce
(A.10)

Induction hypothesis:

(A.1§ E?:l(”?llcfl,ij_lA(Ik—l —x0) — vg,l’ij_lA(gl/k_l —xo)||) + Ce

= E?:l(”Mk_ ||||7]/<;71’jA('rk—1 —x0) — a;,l,jﬁkMkM].‘ A(yr—1 — z0)|]) + Ce
A.6 again:

(A.12) < X (IM e A k-1 = yr—)I]) + Ce

Induction hypothesis:

(A.13) < Ce

Therefore, under the assumption that v, _, ; # 0 for some j, then span(Xi)
span(X7{) where the last column of X7 is z;, and ||z}, — agl|2 < Ce.

But since ||(y; —x0) — (i —x0)|| < Cye, then || X1 — Xa||2 < || X1 — Xa||r < nCxe

Then by Wedin [5, 12, 27], we know that the forward error for a linear least square
problem is ||z — yx|l2 < (14 262(X1))nCxe = Cie.

Should 7;,_, ; = 0Vj, then this corresponds to span(Xi) D span(X;) where the
last column of X7 is z;, and ||z}, — ax|| < Ce. Therefore, if we let zj correspond
to the solution using X7, then similar to the previous line ||z}, — yi|l2 < Cke, and
b — Azel] < |[b— Azl = [Ib— Age + Ay — 2| < I — Agil| + Cie.
|
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