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Iterative metoder 1
Jonas J. Harang
19 oktober 2022g
34 . Oktober 23



N
or
ge
s
te
kn
is
k-
na
tu
rv
ite
ns
ka
pe
lig
e
un

iv
er
si
te
t

Tema og læringsutbytte

Sauer 2.5: Iterative
metoder
• Jacobi- og
Gauss-Seidel-metoden

• Tynne matriser
• Konvergenskriterier
• SOR

Du skal kunne:
• Forklare når og hvorfor vi vil bruke
iterative metoder for å løse et
likningssystem

• Regne ut noen iterasjoner av
Jacobi/Gauss-Seidel for et mindre system
(3⇥ 3)

• Forklare når Gauss-Seidel og Jacobi
konvergerer

• Identi�sere en tynn matrise

• Programmere Jacobi/Gauss-Seidel i
python
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Fikspunktiterasjon - Rep

For �kspunktet xf til en funskjon
f(x) gjelder:

f(xf ) = xf

Ved �kspunktiterasjon prøver vi å
�nne et slikt �kspunkt på følgende
måte:

1 def fikspunkt(f, x0,tol):
2 x = x0
3 while(abs(f(x)-x)>tol):
4 x = f(x)
5

6 return x

x
*

4 = 3x2
-

=>
x
= E3x2 - Y

f(x) = E53x2
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Fikspunktiterasjon

Kan vi bruke �kspunktiterasjon til å
løse et system av likninger, for
eksempel systemet under?

3u+ v = 5

u+ 2v = 5

Løsningen er [1, 2]

I
,

= (! ) = +Y! )
(1) (i2]
(2)

+(x)) = Xt

(II Us= E + (() = (E)
(21V

= 5
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Hua om v: bytter om write variable

vi laser for ?
(1) 30 + V = 5 [ ? ]
(27 u + zu = 5

(1) => V = 5 -34 -123) = [ S

(2) =>
= 5- 20
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Typiske likningssystem i den virkelige verden
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Tynne matriser

Systemmatrisen for løsning av det elektriske potensialet via
�nite-di�erence metoden i en leder (2D):

2

6666666666664

4 �1 0 �1 0 0 0 0 0
�1 4 �1 0 �1 0 0 0 0
0 �1 4 0 0 �1 0 0 0
�1 0 0 4 �1 0 �1 0 0
0 �1 0 �1 4 �1 0 �1 0
0 0 �1 0 �1 4 0 0 �1
0 0 0 �1 0 0 4 �1 0
0 0 0 0 �1 0 �1 4 �1
0 0 0 0 0 �1 0 �1 4

3
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2D poisson

Poisson likningen for diode med 11 x 7 diskrete punkter
2
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4.0 �2.0 0 0 0 0 0 0 0 0 0 �2.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
�1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �2.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �2.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �2.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �2.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �2.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �2.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �2.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �2.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �2.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 �2.0 4.0 0 0 0 0 0 0 0 0 0 0 �2.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

�1.0 0 0 0 0 0 0 0 0 0 0 4.0 �2.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �2.0 4.0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 4.0 �2.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �2.0 4.0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 4.0 �2.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �2.0 4.0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 4.0 �2.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �2.0 4.0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0 4.0 �2.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0 0 0 �1.0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �1.0 0 0 0 0 0 0 0 0 0 �2.0 4.0 0 0 0 0 0 0 0 0 0 0 �1.0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �2.0 0 0 0 0 0 0 0 0 0 0 4.0 �2.0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1.0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �2.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 �2.0 0 0 0 0 0 0 0 0 0 �1.0 4.0 �1.0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1.0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1.0 0 0 0 0 0
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Tynne matriser

Figur: Systemmatrisen fra løsning av
�nite-element-problem i 2D

• Tynne matriser krever mindre
minne, og er raske å regne ut
matrise·vektor produkt for...

• ... dersom man bruker egnede
metoder: import scipy.sparse

• Gausseliminasjon og
LU-faktorisering har en
tendens til å «ødelegge» de �ne
tynne matrisene: Fill-in

• Ofte har man en god tilnærmet
løsning man kan starte de
iterative metodene med:
polishing
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Jacobi-metoden
Vi har et likningssystem Ax = b, som vi
vil løse gjennom en type
�kspunktsiterasjon med startvektor x0

- Jacobi-metoden. For eksempel:
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for k = 0, 1, 2, 3, ....
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Gauss-Seidel

Vi kan gjøre et lite med
virkningsfullt grep for å øke
konvergenshastigheten til
Jacobi-metoden:

• Løs likning k med hensyn på
ukjent nr k

• Iterer som i
jacobi/�kspunktiterasjon

• Alle nye verdier brukes så fort
de er klare

Eksempel, startvektor [0, 1]:

5x+ y = 1

�x+ 3y = 2

x1 =
1� y0

5
= 0

y1 =
2 + x1

3
=

2 + 0

3
= 2/3

x2 =
1� y1

5
=

1� 2/3

5
= 1/15

y1 =
2 + x2

3
=

2 + 1/15

3
= 31/45
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Gauss-Seidel

Jacobi-metoden

x0 = startvektor
xk+1 = D�1(b� (L+ U)xk)

Gauss-Seidel-metoden

x0 = startvektor
xk+1 = D�1(b� Lxk+1 + Uxk)

Tregere nonvergens

Men : Parallelliserbar Youergene rashere
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Konvergens

En matrise kalles strengt diagonal dominant dersom absoluttverdien
til hvert element på hoveddiagonalen er større en summen av
absoluttverdiene av de øvrige elementene i samme rad

Teorem
Om A er strengt diagonal dominant så konvergerer Gauss-Seidel- og
Jacobi-metoden

Teoremet over kan fortelle oss om GS/Jacobi vil konvergere, men ikke at
det ikke konvergerer.
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Eksempel

2

4
3 1 �1
2 �5 2
1 6 8

3

5

Matrisen over er strengt diagonal
dominant fordi:


1 2
3 1

�

Matrisen over er ikke strengt
diagonal dominant fordi:

3 +1 12

13
5 > 2 + 2

8> 1+6
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Successive over-relaxtion

Gauss-Seidel-metoden

x0 = startvektor
xk+1 = D�1(b� Lxk+1 + Uxk)

SOR
SOR vil øke konvergenshastigheten til GS
ved å sette neste løsning xk+1 som et
vektet snitt av nåværende løsning xk og
løsningen gitt av Gauss-Seidel, x(k+1)GS

xk+1 = (1� !)xk + !x(k+1)GS

xk+1 = xk(1� !) + !D�1 (b� Lxk+1 � Uxk)

Parameteren ! angir hvordan vi vekter de
to løsningene, og når ! > 1 kaller vi
metoden for successive over-relaxtion

↳ like pensom
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Case: Poisson/Laplace-ligningen
Y :

nabla=- 40
=28x18y]

I

I'd= -
d

PDDE x 2 : [8,2 , 82]
- I

-

Ox 04 S G : Electribl potensialet
& ↑ & = ladnings tetthetkromning

- V
- 5V 15

-
JU

- L B S = elektrisk permittivitet

-=0
0 = 0

-

E =

- 40he
L Laplace
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I 13
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A o
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- JU +5u - 5V I tillegy : Grease befingelser
-Do B I ⑧ a 5

y ①

⑧ D A ⑲ y

D

B
8. ⑧

I O 3 Dirichlet pa kontakten
en

A o ⑤
⑮

· I = 2
⑧ ↳

⑧ · ⑧ are⑦ · I = 1

i= 1
2 3 Y I 6 Von Neumann ellers :

Ex = 0 langs sidere


