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Numerical Treatment of Operator Equations:

| 4 Adaptive Frame
Methods

‘Cu = f Stephan Dahlke
L: H— H', H Sobolevspace, H'dualspace [{iymm
(H,Lp,H") Gelfand triple

» elliptic

[Luller ~ [lullg, weH
example:

—Au = f in QcR? Lipschitz
u = 0 on 99

L = A: HYQ) — HYQ
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Sj = span{w,\, A E /\j C j}
(Luj,v) = (f,v) forall wvesS;
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» multiresolution analysis {V}};>0 :
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V; = span{yp;i, k€ I;} Wavelets

Vim=Vie W1 Vo=Wo L2Q) = a5, W;

W; = span{y;r, k € J;}

A=(i k), N=4 7=} xJ)

j=0
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Some Examples:

Q=R:

Adaptive Frame

wj+17k($) = 2j/2¢(2j;c — k), (Pj,k($) — <,0(2jx — k) Methods
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Verschobene und skalierte Wavelets

? Wavelets
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Wavelets in Numerical Analysis:

» advantages:

» uniformly bounded condition numbers Adaptive Frame
Methods
» efficient compression techniques Sistien Delilie

» adaptive strategies, guaranteed to converge with
optimal order

Wavelets

» disadvantages:
» construction of wavelets on domains is complicated

C. Canuto, A. Tabacco, and K. Urban, The wavelet
element method, part I Construction and analysis,
Appl. Comp. Harm. Anal. 6 (1999), 1-52.

W. Dahmen and R. Schneider, Composite wavelet bases for
operator equations, Math. Comp. 68 (1999), 1533-1567.

W. Dahmen and R. Schneider, Wavelets on manifolds |I.
Construction and domain decomposition, SIAM J. Math.
Anal. 31 (1999), 184-230.

and many more....
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» possible way out:

» Use frames instead of bases! Wavelets

» more flexibility, (maybe) a simple construction of
wavelet frames with high smoothness, small support,
sufficient stability etc. possible
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Frames in a Hilbert Space:

> F = {fulnen is called a frame, if B
AHfH'?.[ S Z |<](‘7 fn>7—{|2 S BHfH%_[ f — Z C’I’Lfn Stephan Dahlke
neN neN

» the operators

FiH =GN, e ((F fa)1),en

F*ZEQ(N)—)H, CHzcn.fm
neN
are bounded
» frame operator

S(f):=FF(f) =D}, fa)fn

neN
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Dual Frames:

Adaptive Frame
Methods

Theorem
Let { fn}nen be a frame. Then

» S is invertible and Blr<s1l<Alr

> F= {fn}HENv = SL1f, is also a frame, the dual
frame, Hilbert /Banach

Stephan Dahlke

» every f € H has an expansion

F=) A8 rfn =D fs FadrS
neN neN
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Banach Frames:

F = {fn}nen in B’ is a Banach frame for B with sequence
space By if:
» Ff=({/, fn>BXB’)ne/\/ is bounded from B into By;

» norm equivalence:

1715~ {| (CF b e,
» there exists a bounded synthesis operator R, such that

R(<f> fn>B><B’)nEN) = f

K. Grochenig, Describing functions: atomic decompositions
versus frames, Monatsh. Math. 112 (1991), 1-42.
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A frame F for H is a gelfand frame for the Gelfand triple Adaptive Frame
(B,H,B'), if F C B, F C B’ and there exists Methods
(Bd, 62(,/\/‘), B&) SUCh that Stephan Dahlke

F*:B; — B, F*c:chfn and
neN

F:B—By Ff= (<f7 fn>BXB/)nEN

are bounded operators. —>

Gelfand Frames

F*:B, - B, Fc= Z Cnfn and
neN
F:B — By Ff = ({f. fu)sx5),en

are bounded
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Theorem )
If F is a Gelfand frame for (B, H,8’), then F and F are
Banach frames for B and B, respectively.

Gelfand Frames




Wavelet Gelfand Frames on Domains:
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Wavelet Gelfand Frames on Domains:

[: . Hé(Q) — Hit(Q) Adaptive Frame

Methods
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» B:i=HL(Q), t>0, H:=LyQ), B :=H Q)
> (NE) - Bd = 6272t(j), Bfl = 52,2715(‘7)
b (J) = {(C/\)AGJ € (M) < 00}

AeJ
A= (jvk)v ‘)" =J




Aggregated Wavelet Gelfand Frames:

» WH = {91\ 7 Wavelet Gelfand frame for
(HS(D)v L2(|:|),H7t(l:|)), t>0, 0= (Ov 1)d

Adaptive Frame

e.g., tensor products of boundary adapted wavelets as in Methods

Stephan Dahlke

W. Dahmen,R. Schneider, Wavelets with complementary
boundary conditions — Functions spaces on the cube, Re-
sult. Math. 34 (1998), 255-293.
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Aggregated Wavelet Gelfand Frames:

» WH = {91\ 7 Wavelet Gelfand frame for
(HY(O), La(D), H~(D)), ¢ > 0, 0= (0,1)? A
e.g., tensor products of boundary adapted wavelets as in A etnode
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W. Dahmen,R. Schneider, Wavelets with complementary
boundary conditions — Functions spaces on the cube, Re-
sult. Math. 34 (1998), 255-293.

» overlapping partition Q = |, Q;

» C"™—diffeomorphisms «; : (1 — €Q;, m >t Wavelet Gelfand
Q
1 1
Ky y)
Q,
Y2

\UD\_—/

(0,1)? k2




» define
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Methods

\U = {wl,A}lS’LSn,AEJ’ Stephan Dahlke

where

Uk (2))
-1

71<‘<7A€7
et Dry(r; Y2~ = =" J

Yia(z) =
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» define

Adaptive Frame
Methods

\U = {wl,A}lS’LSn,AEJ’ Stephan Dahlke
where
€ .
biale) = — Dy cicnve g,

| det Ds; (1 (2))[ /2"

» if WX has sufficient order of vanishing moments — W
is Wavelet-Gelfand—Frame for (H{(R2), L2(S2), H~4())

Wavelet Gelfand
Frames on Domains




» define

V= {¢ir}i<i<nres,

where

Uk (2))
-1

Vi) = e D L)) 2

1<i<n, A€ J,

» if WX has sufficient order of vanishing moments — W

is Wavelet-Gelfand—Frame for (H{(Q2), L2(2), H

~~ Easy to implement!
~> High smoothness possible!

()

Adaptive Frame
Methods

Stephan Dahlke

Wavelet Gelfand
Frames on Domains
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Adaptive Numerical Frame Schemes:

Lu=f L:B— B,
(B,H,B') = (H,L»,H') Gelfand triple

Idea: use frame discretization! We have seen that
» construction of wavelet frames
is simple, and we hope that
» adaptive strategies can still be derived
» their (optimal) convergence can be shown
R. Stevenson, Adaptive solution of operator equations using

wavelet frames, SIAM J. Numer. Anal. 41 (2003), 1074-
1100.

(1) Adaptive Frame
Methods

Stephan Dahlke
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Series Representation:

Adaptive Frame

» fix a Gelfand frame F = {f,, }nen for (B, H, B') with Methods
(Bd7 62(./\[)’ B&) Stephan Dahlke
» assume that there exist isomorphisms
Dpg : Bg— lo(N), Di : €o(N) — B,
(alway satisfied for wavelet Gelfand frames)

ﬁlTF* FlTﬁ* Series Representation
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Lemma
The operator
G := (Dg) 'FLF*Dg*

is bounded from l3(N') to la(N), G = G*, and boundedly
invertible on its range ran(G) = ran((Dj)"'F).

Series Representation




It works...

Theorem
. Adaptive F
The solution u of Methode
Eu = f Stephan Dahlke
can be computed by
u=F*Dg'Pu

where u solves

Pu = <a§:(id— aG)"> £, f:=(Dy)'Ff

n=0

Series Representation

with 0 < av < 2/Amax and Amax = ||G||. Here
P : (,(N) — ran(G) is the orthogonal projection onto
ran(G).




Numerical Realization:
ul) = u® — o(Gul — 1), u® =0
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Numerical Realization:
ul) = u® — o(Gul — 1), u® =0

Adaptive Frame

» RHS|e, g] — g.: determines for g € l>(N) a finitely Methods
supported g € ¢2(N) such that Stephan Dahike

g — gellev) < &

» APPLY[e,N,v] — w.: determines for N € L({2(N))
and for a finitely supported v € £>(N) a finitely
supported w. such that

INV = we|[gyv) < &

» COARSE]J¢g, v] — v.: determines for a finitely
supported v € £»(N) a finitely supported v. € f2(N)
with at most N significant coefficients, such that

v — VEHZQ(/\/) <e, N < Nmin




The Algorithm...

ALGORITHM SOLVE[e, G, f] — u.:

Adaptive Frame

Let # < 1/3 and K € N be fixed such that Methods
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3p" <0, p=lid— aGyrana)l-
i:=0, v(0) .= 0, g9 := ||G‘;én(g)||‘|f||€2(N)




The Algorithm...

ALGORITHM SOLVE[e, G, f] — u.:

Adaptive Frame
Let 6 < 1/3 and K € N be fixed such that Mithods

Stephan Dahlke

3pK <0, p=|id— aG|ran(G)||-

1} = 0, V(o) = 0, Eo - — ||G‘;én(g)||‘|f||€2(N)
While ¢; > ¢ do

i:=1+1

g :=3p%e;i_1/0

f) .= RHS[ 2L, f]




The Algorithm...

ALGORITHM SOLVE[e, G, f] — u.:

Let # < 1/3 and K € N be fixed such that
3p% <0, p=id - aGyran(a) |-

i:=0, v = 0, g0 := ||G‘;én(G)||’|f||fz(N)
While ¢; > ¢ do
i:=1+1

€ = 3pKe;_1/0
f) .= RHS[ 2L, f]
V(LO) = V(ifl)

Forj=1,....K do

v(d) .= y(ii-1) — o(APPLY[ 2L G, v(i—1)] — £(1)

6a K’

Adaptive Frame
Methods
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The Algorithm...

ALGORITHM SOLVE[e, G, f] — u.:

Adaptive Frame

Let # < 1/3 and K € N be fixed such that Methods
3pK < 97 p= ||IC| _ aG|ran(G)||- Stephan Dahlke
1= 07 V(o) = 07 €0 ‘= ||G‘;én(G)||’|f||fz(N)

While ¢; > ¢ do

i =1+1

g == 3pKei_1/0

f) .= RHS[ 2L, f]

V(LO) = V(ifl)

Forj=1,....K do

v(hd) = y(i-1) — a(APPLY[:;}"(, G, v — £(9)
od

v() := COARSE[(1 — 0)e;, v(»1]




The Algorithm...

ALGORITHM SOLVE[e, G, f] — u.:

Adaptive Frame

Let # < 1/3 and K € N be fixed such that Methods

Stephan Dahlke

3p% <6, p=|id - aGiran(e)ll-

i:=0, v0) = 0, e0 == ||G‘;én(G)||’|f||fz(N)

While ¢; > ¢ do

=414+ 1

g = 3pKe;_1/0

f) .= RHS[ 2L, f]

v(#0) .— (i-1)

Forj=1,...,K do

v(id) .= y(B-1) — a(APPLY]| b @, V(ifjfl)] — f(i))

6K’
od
v() .= COARSE[(1 — 6)g;, v(t5)]
od

u. = v




Properties of SOLVE[e, G, f]:

Adaptive Frame

Theorem Methods
. Stephan Dahlke
SOLVE]e, G, f] produces u. with ;

lu— F*Dgtuc|ls < | F*||| D le.
Theorem

If the best N—term approximation of u satisfies O(N %),
then

> ||u — F*Dgluc||s = O((#supp u:)~*)

» #flops needed to compute u. = O(F#supp u.)




numerical realization of RHS, APPLY, COARSE: O
Methods
A. Cohen, W. Dahmen, and R. DeVore, Adaptive wavelet Stephan Dahlke
methods for elliptic operator equations — Convergence

rates, Math. Comp. 70 (2001), 27-75.

A. Cohen, W. Dahmen, and R. DeVore, Adaptive wavelet
methods Il: Beyond the elliptic case, Found. Comput. Math.
2 (2002), 203-245.

R. Stevenson, Adaptive solution of operator equations using
wavelet frames, SIAM J. Numer. Anal. 41 (2003), 1074—
1100.

Numerical Realization




How to Realize APPLY?

» APPLY[e,G,v] — wg, st.||Gv—w.|g <¢

Adaptive Frame
Methods

Stephan Dahlke

Numerical Realization




How to Realize APPLY?

» APPLY [, G,v] — we, s.t.|Gv — wllg, <€

Adaptive Frame
Methods

» find significant columns of G and compress them Siczptiem Delillie
(corresponding to significance)!

Numerical Realization




How to Realize APPLY?

» APPLY [, G,v] — we, s.t.|Gv — wllg, <€

Adaptive Frame
Methods

» find significant columns of G and compress them Siczptiem Delillie
(corresponding to significance)!

(oo}

coceeee

Numerical Realization




How to Realize APPLY?

» APPLY [, G,v] — we, s.t.|Gv — wllg, <€

Adaptive Frame
Methods

» find significant columns of G and compress them Siczptiem Delillie
(corresponding to significance)!

(oo}

coceeee
DOX...

o | e — Y

0 Numerical Realization




How to Realize APPLY?

» APPLY [, G,v] — we, s.t.|Gv — wllg, <€

Adaptive Frame
Methods

» find significant columns of G and compress them Siczptiem Delillie
(corresponding to significance)!

(oo}

coceeee
DOX...

o | e — Y

0 Numerical Realization

G v

» (CP) = it works!




N : lp(N) — £o(N) is s*—compressible if

IN-Ny| € a27’%,  0<s<s

Adaptive Frame
Methods

727 non—zero entries per row/column, {a;}rez summable Stephan Dahlke

Theorem
G s*—compressible, u € (*(N), s € (0,s%),
7= (1/2+s)7L, f is s*—optimal, i.e., f. := RHSJe, f]

#supp ., number of arithmetic operations < e_l/s\f\%‘zN).

P is bounded on l¥(N), 5 € (s,s*). Then, for K in
SOLVE sufficiently large u. := SOLVE[e, G, f] satisfies T R

#supp u., number of arithmetic operations < ¢ 1/S]u|1/SN).
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Richardson iteration revisited:
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The Steepest Descent Approach:

Richardson iteration revisited:

» Richardson requires computation of optimal relaxation
parameter o = 2.0/ ([|Gjranc |l + | Girana )

» estimation of |G difficult

ranc|
» k(G) = ”GHHG|ranGH large = slow convergence
» alternative schemes?

Use steepest descent method!

Adaptive Frame
Methods

Stephan Dahlke
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Approach




Ideal lteration:

choose:  w(?) € ran(G)

Adaptive Frame
Methods

iterate:  r(™ = f — Gw(®™),

Stephan Dahlke

() p(n)
(n+1) _ o) (1)
v W (Gr(m), p(n)

()

» w® cran(G), n>0

> ||mn—>oo W(n) = Pu

The Steepest Descent
Approach




Ideal lteration:

choose:  w(? € ran(G)

Adaptive Frame
Methods

iterate:  r(™ = f — Gw(®),

Stephan Dahlke

WD) ) )

<C}r(n)7 r(n)>
» w® cran(G), n >0

> limp_oo w() = Pu

Advantages:

» descent parameter individually computed for each step

The Steepest Descent

» asymptotically: Richardson <> steepest descent Approach

> quantitatively: steepest descent often better




The Algorithm...

ALGORITHM
Fix constants etc...

inner loop:

STEEP_SOLVE[s, G, f] — w.:
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The Algorithm...

ALGORITHM STEEP _SOLVE[s, G, f] — w.:
Fix constants etc...

inner loop:
fori:=1to K
W; 1= W1

#; .= RHS[n, f] — APPLY[n, G, W;]
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The Algorithm...

ALGORITHM  STEEP_SOLVE[s, G, f] — w.:

Fix constants etc...

inner loop:

fori:=1to K

W, = W;_1

#; .= RHS[n, f] — APPLY[n, G, W;]
z; == APPLY[n, G, ]

Wi i Wit Gl

etc.

Adaptive Frame
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The Algorithm...

ALGORITHM  STEEP_SOLVE[s, G, f] — w.:

Fix constants etc...

inner loop:

fori:=1to K

W, = W;_1

#; .= RHS[n, f] — APPLY[n, G, W;]
z; == APPLY[n, G, ]

o

WZ‘ = \X/i +
etc.

w; .= COARSE(n, w;]
etc.

Adaptive Frame
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Properties of STEEP _SOLVE[e, G, f]:

Theorem
STEEP_SOLVE[z, G, f] produces w. with

|lu — F*DglngB <e
Theorem

If the best N—term approximation of u satisfies O(N %),
then

> |lu— F*Dig'wel|s = O((#supp u:) ™)

> #flops needed to compute w. = O(F#supp u.)

Adaptive Frame
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The Steepest Descent
Approach




Domain Decomposition:

drawbacks of steepest descent:

» sometimes not efficient enough

» k(G) > 0 — many iteration steps
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Domain Decomposition:

drawbacks of steepest descent:

» sometimes not efficient enough

» k(G) > 0 — many iteration steps

possible alternative:

» domain decomposition methods !
» overlapping partition

» parallelization

Adaptive Frame
Methods

Stephan Dahlke
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Domain Decomposition [H.A. Schwarz, 1870]

» decompose the problem into coupled subproblems in
. Adaptive Frame
smaller subdomains Ntorh

Stephan Dahlke
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Domain Decomposition [H.A. Schwarz, 1870]

» decompose the problem into coupled subproblems in
. Adaptive Frame
smaller subdomains Ntorh

Stephan Dahlke

Schwarz iteration:

* L= f in,
u’f+1 = uk‘rl, on Fl,
Q) u’f“ = 07 on 891 \ F1,
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Q
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Domain Decomposition [H.A. Schwarz, 1870]

» decompose the problem into coupled subproblems in
smaller subdomains

Schwarz iteration:

* L= f in,
u’f+1 = uk‘rl, on Fl,
Q) u’f“ = 07 on 891 \ F1,
/ .
ol - Lub™ = f, in Q,
[ 2 U§+1 = ulf+1‘r2, on rz,
u’2“+1 =0, on 9 \ I
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Domain Decomposition [H.A. Schwarz, 1870]

» decompose the problem into coupled subproblems in
smaller subdomains

Schwarz iteration:

Q
Q)
/ AN
Q
[ ] Q2
k+1
k+1 _ Uy (J}),
u X)) =
w={ i)

1
IT2?

k+1 _
Lui™" = f,
k+1
y S
Ul - 07
k+1 _
e
+ _
Up = U
k+1
Uy =0,
if x € Qg
if € Q \ Q.

in Ql,
on Iy,
on 891 \ Fl,

in QQ,
on rz,
on 692 \ F2.
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Disretization: Additive Schwarz lteration:

weak formulation of the first subproblem:
find w € H} (1), s.t.
a(w,v) = (f,v)LZ(Q)—a(uk,v), for all v € H&(Ql)

u’erl =uF +w
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Disretization: Additive Schwarz lteration:

weak formulation of the first subproblem:

Adaptive Frame
Methods

find w € H} (1), s.t.
a(w,v) = (f,v)LZ(Q)—a(uk,v), for all v € H&(Ql)

Stephan Dahlke

u’erl =uf 4w

» Gelfand frame ¥ = v y v
» G discretization of a(-,-) on Q; w.r.t. W0
> Qi : la(N) — £a(N;) restriction to N;




Disretization: Additive Schwarz lteration:

weak formulation of the first subproblem:

Adaptive Frame
Methods

find w € H} (1), s.t.
a(w,v) = (f,v)LZ(Q)—a(uk,v), for all v € H&(Ql)

Stephan Dahlke

u’erl =uf 4w

» Gelfand frame ¥ = v y v
» G discretization of a(-,-) on Q; w.r.t. W0
> Qi : la(N) — £a(N;) restriction to N;

fork=1,...,
uf =uF 1t oY QTG IQi(f — GuFY)
endfor

0 < o <1 relaxation parameter




Properties of Additive Schwarz:

» define 1
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Properties of Additive Schwarz:

» define
G' 0 ... 0
- 0 Gy' ... 0
M= 521 Q?Gi 1Qi - : : . :
1
0 0 ... G,

— u—uftl = (I — aM_lG) (u — u¥),

» scheme corresponds to a Richardson iteration for the
preconditioned system
M 'Gu=M"!f
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Properties of Additive Schwarz:

» define
G' 0 ... 0
- 0 Gy' ... 0
M= 521 Q?Gi 1Qi - : : . :
1
0 0 ... G,

—u—u"l = (I-aM'G)(u—u"),
» scheme corresponds to a Richardson iteration for the
preconditioned system

M 1Gu=M"1fr

» convergence analysis possible
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Properties of Additive Schwarz:

» define
G' 0 ... 0
- 0 Gy' ... 0
M= 521 Q?Gi 1Qi - : : ) :
1
0 0 ... G,

—u—u"l = (I-aM'G)(u—u"),

» scheme corresponds to a Richardson iteration for the

preconditioned system
M 1Gu=M"!f

» convergence analysis possible

» method is easy to parallelize
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Properties of Additive Schwarz:

> define
G' 0 ... 0
- 0 Gy' ... 0
M= Y0 QTGQi = : : : :
-1
0 0 ... G,

—u—u"l = (I-aM'G)(u—u"),

» scheme corresponds to a Richardson iteration for the

preconditioned system
M 1Gu=M"!f

» convergence analysis possible

» method is easy to parallelize

» adaptive versions suggest themselves
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Adaptive Version:
ALGORITHM ADDSCHWARZSOLVE[s, G, f] — u.:

Let < 1/3 and K € N be fixed such that Adaptive Frame

Methods

3pK <0, p=id — aG|ran(G)H- Steshan Dahike
i:=0, v0:=0, g := ”(M_1G|_rén(c,)HMHM_lan




Adaptive Version:
ALGORITHM ADDSCHWARZSOLVE[s, G, f] — u.:

Let # <1/3 and K € N be fixed such that Adaptive Frame
3pK <0, p= ”'d - aG|ran(G H Stephan Dahlke
i:=0, v0:=0, g :=||(M 1G|_ran )HMHM_lfHM

While ¢; > ¢ do

1:=1+1

gi = 3p%e; 1/0

£() .— RHS[HMH‘;)%6 =, M~f]




Adaptive Version:
ALGORITHM ADDSCHWARZSOLVE[s, G, f] — u.:

Let # <1/3 and K € N be fixed such that Adaptive Frame
3pK <0, p= ”'d - aG|ran(G H Stephan Dahlke
i:=0, v0:=0, g := (M 1G|_ran )HMHM_lf'HM
While ¢; > ¢ do
1:=1+1
gi = 3p%e; 1/0
£0) = RES[ e, M ]
v(i:0) .— (i=1)
Forj=1,...,K do
vi(Bd) —

v(i=1) — (y(APPLY[HM”?%, M 1G,vEi-1] — £0))




Adaptive Version:
ALGORITHM ADDSCHWARZSOLVE[s, G, f] — u.:

Let < 1/3 and K € N be fixed such that Gl
3pK <0, p=|lid— aGiran()ll-

Stephan Dahlke

i:=0, v9:=0, g0 := (MG} g MM ]
While ¢; > ¢ do
=1+ 1
ei = 3p"ei1/0
Oe; 71

£ = = RHS[ e M

v(©0) . y(i-1)
Forj=1,...,K do
v(l’j) =
v(i—1) (y(APPLY[HM”?%, M 1G,vEi-1] — £0))
od

v() := COARSE[||M||7Y/2(1 — §)e;, v(:5)]




Adaptive Version:
ALGORITHM ADDSCHWARZSOLVE[s, G, f] — u.:

Let # <1/3 and K € N be fixed such that Adaptive Frame
3p% <6, p=id— aGran(a)ll-
i:=0, v0:=0, g :=||(M 1G|_ran
While ¢; > ¢ do
1:=14+1
i :=3pRei_1/0
£ .— RHS[HMH(I’%MK, 1f]
v(i:0) .— (i=1)
Forj=1,...,K do
v(d) =
v(Bi—1) (y(APPLY[HM”?%, M 1G,vEi-1] — £0))
od
v() .= COARSE[|M|~Y2(1 — )e;, v(-5)]
od
u. = v(D),

Stephan Dahlke

o) IMIM ™|
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Numerical Experiments: Steepest Descent:
Poisson equation on an L—shaped domain

—Au = f in Q C ]R2; u=0 on 0f2. Adaptive Frame
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Numerical Experiments: Steepest Descent:
Poisson equation on an L—shaped domain

_Au = f in Q C ]R27 u = 0 on aQ Adaptive Frame

Methods

Stephan Dahlke

Figure: Exact solution and right—hand side.

overlapping partition with two rectangles Steepest Descent
Q=(-1,1) x (-1,0)U(-1,0) x (—1,1)




The First Iterations...
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The Next lterations...

Adaptive Frame
#supp us = 952 #supp ue = 1139 #supp u. = 4617 Methods
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Numerical Experiments: Additive Schwarz:
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The Next lterations...

Adaptive Frame
Method
##supp ue = 160 F##supp ue = 362 F#supp ue = 645 ethods
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Additive Schwarz vs. Steepest Descent:
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Summary:
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Use frames instead of bases
Adaptive numerical frame schemes
Wavelet Gelfand frames
Richardson lteration

Steepest Descent

Domain Decomposition
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