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1 Mathematical preliminaries and computer arit-
hmetic

1.1 Number systems

Form of any number can be given on the form

N
:E(dN . dO)b = S(Z dz . bi)lo
=0

Where s is the sign, d; is how many of the i’th number that is given and b is
the base. b = 2 is binary and b = 10 i decimal. d; can always take any number
between [0,b — 1]

1.2 Decreasing power method

Converts decimal to binary.
Choosing the largest n where d1g—2" > 0, subtract to that and repeat. Example
with 175:

dip—2">0 < 175-128 >0



Flip the bit at 27 = 128 and repeat with 175 — 128 = 47
dig—2" >0 = 47-32>0
Flip the bit at 2° = 32 and repeat with 47 — 32 = 15
dip—2">0 <= 15-8>0
Flip the bit at 23 = 8 and repeat with 15 — 8 =7
dip—2">0 <« 7T—-42>0
Flip the bit at 22 = 4 and repeat with 7 —4 = 3
dip—2">0 < 3-22>0
Flip the bit at 2! = 2 and repeat with 3 —2 =1
dip—2">0 < 1-12>20
Flip the bit at 2° = 1 and repeat with 1 — 1 = 0 The method is done and we
have 175 =128 + 32+ 8+ 4+ 2+ 1 = (10101111),
1.3 Long division method

Divide by 2, flip the bit if remainder is 1 and continue until it reaches 0. The
bits are "reversed"so we find the least significant first and the most significant
last (smallest to largest.) Example with 175:

175 =87-2+1

8§7=43-2+1
43 =21-41
21=10-+1

10=5-240
5=2-2+1
2=1-240
1=0-2+1

Therefore 175 = (10101111)5 (reading from the bottom and up!).

1.4 Floats

Floats can be given on the form

£(dp . doyd_y,d_y...d_p)y=5 > di-V

i=—m

Example: (101,01); =1-2240-2'+1-20,0-2"1+1-2"2=4+1,1 =525

1
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1.4.1 Method to convert binary float to decimal float

Multiply the binary number m times with 2, until it is not a float. Convert it
to decimal and then divide by 2™. Example

(101,01)5 - 2 = (1010, 1),
(1010,1) - 2 = (10101),
Then (101,01), = L2002 — (5 95)

1.4.2 Multiplication algorithm (Decimal to binary)

Multiply by 2, if the new number is > 1 then flip the bit, and reapeat with the
number after the comma until its 0 after the comma. Example:

0,8125-2=1,625 — 1

0,625-2=1,25 -1
0,25-2=0,5-0
0,5-2=1,0—>1

Therefore (0,8125)19 = (0,1101)4

1.4.3 Infinity long comma numbers

When using the Multiplication algorithm we can sometimes run into an infinite
loop (e.g. 0,1 to binary).

1.4.4 Infinity long comma numbers to fraction

Find how many times, m, you have to multiply 2, to get the repeating sequence
to right after the comma.

Then find how many time, k, you have to multiply 2 with, to get the repeating
sequence right before the comma.

The fraction will then be given as
x

Y
Where z is the repeating sequence in binary and y is 2 — 2™. Example:

J——
= = (g‘ouo \\oo\,L

(0,75, »

x
&
n

X1 = (oo, TT8), Yy

@) « = Qoe), »q

A Woo), W, ), (
Y (7_7"1’5) Q19), (0, . (\*’) 10

= @:‘) 12



1.5 Truncating error
When floats are to large we can truncate (cut of) at a certain point. The trun-
cating error is smaller than the point just before where we cut of:

(@) — (£)s] < b7

Where z is the part we keep, & is the part we loose and n is digits truncation
(how many numbers after the comma did we keep).

1.6 Rounding

If the number after the point we want to truncate at is larger than 5, then add
one to the number we truncate at.
The rounding error is

- 1 _
@)= @) < b
Which is half of the truncating error, since the value at n+ 1 lost is at most 0, 5
with rounding where with truncating it is at most 1.
1.7 Normalized scientific notation

Consists of a mantissa and an exponent. The mantissa is normalized, so can
only have a given number.

)
(N,, = *9.00
(v, = 927
N, = T4 v
0.0y W) s antena

ISR EINPIN
(o, 0wt > W - < 1pon et

ponrd) 0™ v %_(o.o\_\.)g-h‘\
IR PR 7% W A A |

It is easy to get the mantissa to a normalized form just by adding of subtra-
cting from the exponent. Example:
5,001 - 10° can be normalized to 0, 5001 - 10*

1.8 Machine number

Machine numbers are used to represent binary floats in a computer. using nor-
malized scientific notation for binay



32 Bits

Sign Exponent Mantissa

«— 1 Bit— 8 Bits 23 Bits

Single Precision
IEEE 754 Floating-Point Standard

The mantissa is now f where we remember the to put (1, f) to improve
accuracy instead of just (0, mantissa).
Converting machine number to decimal is given as

r=(=1)"-(1,f)-2°

Where m = e — 1023, e is the exponent, f is the mantissa and s is the sign bit.

1.8.1 Absolute error when converting to closest machine number

With a 64 bit machine number and using the defintion for rounding error the
error is given as

|.’,C _ j| S 2m—53
1.8.2 Relative error when converting to closest machine number

If the machine number is "rounding down"to 2~ then it is

—53
I
T —q-2m q
and since 1 < ¢ < 2 the relative error is
x—x” 5
| | < 27o3
T
When rounding up to ™ it is the same
|x —gt | < 953

Relative error is always the same, but the absolute error is larger when the
number is smaller.

1.8.3 Roundoff error with operations
fl(x) = (14 6,)

where fl is the function that converts the float to a machine number with a
relative error of d,.



The operations of z and y therefore has the error given as:
= X5 < ¥ J S
S 2
K *Y
5{‘,5 = /‘5 x —9 > )
X9

i = 5, 34

1.9 Significant digits

Numbers after the comma we are interested in are significant digits.
Relative error when truncating at the significant digits can be calculated as:

TTrunc — Lreal

Treal

1.10 Loss of significance theorem

We will lose at least p bits and at most q bits in precision when doing the
operation x —y Where

1

x:r~2",where§§r<1
1
y:s-2m7where§§s<1
271<1 - =<27P

Example of use:



2820 JBQ,P
i K-y
lcr‘_ l—‘ii’L’?

Ay (O‘lDD‘)L'LI - (@,\)erl

(1,001), = (rom) = (O'QO‘)I

Lad — 17 = 7
< — o
X
g4 2 W ~1° 229 ] -3
R e R T 1 (z—1>1
\ -3 -5
=gl £ %

Therefore the operation (0,1001)s - 21 — (0,1)3 - 2! looses at most 273 bits.

2 Non-Linear Equations

2.1 Bisection method

To find root of a function.

Given an interval of between a and b, compare the point in the middle,c
c = “t with f(a) - f(c) and f(b) - f(c), and then choose the interval where
f(e) -z is < 0. Repeat for a given number of iterations or if a condition/stop

criteria is reached like |f(c)| < € (y going close to 0) or |b — a|] < ¢ (interval
getting very small).

Precondition: f(a) - f(b) > 0 (has to be a root between a and b). If there are
more roots in the interval, it will only find one.

2.1.1 Global convergence

The interval will always get halved each iteration, and therefore will the size of
the interval after n iteration be

(bn = an) = (5)" (b — o)

We can therefore solve how many iterations to do to recieve a given precision 9:

1

(5)”(b0 —ag) <9

And since the interval goes towards 0, it will always find a root.



2.1.2 Absolute error
The error must be less than or equal to half of the interval after n iterations,
using c as the estimate:
1
len| = |en — root]| < i(bn —ay)
And from previous we knoow the size after n iterations, and therefore the error
will just be that times a half:

(3)" (00— a0) <5

2.1.3 Convergence rate

If we know the error after k iterations, then the k+1 step must have half the
error. This follows a linear convergence rate.

2.2 Newtons method

Starting at an x and corresponding f(z) value, get the tangent at f(z), and
then use the intercept between the tangent and the x-axis as the new x, and
repeat. The update is given as

Tpn+1l = Tp —

fix)

Initial Guess
f(xy)

After first iteration A x,)
flag) gt ¥ -
After Second Iteration
flxy)

The algorithm is to stop at either max iterations, f(z) < € (close to 0) or if
|€n41 — xn| <6 (if it does not get much closer).
Precondition: f/(xz) #0

10



2.2.1 Error

The error of the Newtons method is defind as
en = T, — root

Using the newton update we know that

fn
Cn+l1 = €n — 4,

fh
2.2.2 Convergence

Newtons method converges quadratically O(n?).

2.2.3 For rooting non-linear vector function

Given a vector function f , a function that calculated the gradient (Jacobian
matrix) of the function Af and a vector containing the start values xj. First
calculate the J matrix given by

N
o o

oL ..
YA X, Oxn
J—VF:—?'J’F By

Then solving the system of equations
JB = —f(l‘o)

The new estimation is then given by

>

C1 Co +

Continue until max iteration, |f(#1)| < € or if |77) — #)| < &

2.3 Evaluation of polynomials

A polynomial of degree n is given by

Where a is a list of coefficients. ,
Calculating this naively will use 5 + (n — 1) flops (operations), which makes
it O(n?).

11



2.3.1 Nested multiplication

Take a polonium, factorize by taking an x out of the parenthesis and adding the
constant, and repeat. Example:

Pay= St =223 -3zt <22 -4

b, = a

FzZ(32 22 ) <)

Zbo bL=Z-bb~ﬂ3
= 2(Z(P2%+22%)a1) ~ A

R CT by= Z-b, v
_ ~3) +2) - A
- 22 Z(vw’“;ff” R by~ L-b, * 4
= 2(n (2 (23O ) A upp - Tt G,
= b, -

2.4 Horners method

Horners method is defined as

by.y * a,

by‘- S bn—\ A d“‘|

.

-
-

-

ba'-2.b1fc*t

PQ—) ¥ h, = 2 b" ¥ o
Or more intuitively in a table form:
a.v\ Q., -1 = a. CL,,
Z AR 2b. 2
b;‘-1 b n-1 bo b-'
=

Example for finding p(2) when p(z) = 32* + 22% — 322 + 22 — 1:
3 1L -5 i -\

2 6 16 & S6
> 8§ 13 28 ¢¥

The method uses nested multiplication and only uses a linear number of flops,
and is therefore O(n)

12



2.4.1 Polynomial division relationship

Given a polynomial p with degree n and q with degree n-1 given with

n n—1
p(z) = Zai 2" and q(z) = Z b; - 2
i=0

i=0
Then the relationship is
p(2) = (2 — 20)q(2) + p(20)
Where (z — zp) is how many times ¢(z) can be multiplied by to get p(z) with
p(zp) as the remainder.
2.4.2 Horner derivatives

From the relation above we have p’(z9) = ¢(z0) (20 is given as a value).

When using Horners method, the bottom of the table (b values) can be used to
find the derivative value of p, and can be continued to find second derived and
SO on.

Example:
P2,) = 55
2,71 bA
13 )
T 16“1 a0 P2y = o
W 0 P2} = 71

Y Lo T

2.5 Localization theorem

Roots of a given polynomial is within the disc at (0,0) with radius p which is
given as

1
p =14 mazocizn{|arl}

Where ¢ = mazo<k<n{|ar|}, which is just the largest coefficient in absolute
value.
2.5.1 Using the "reversed"

The "reversed"polynomial is defined by a polynomial which have the exponents
reversed:
If p(2) = 3.1 ai - 2" then the "reversed is given by

1
s(z) = 2" p(;) =a, +an_12+...a92"

13



The two polynomials have the same roots, which means we can extend the
localization theorem such that the roots can not be with the circle with a radius
of L:

P

3 Systems of Linear Equations

3.1 Solving linear systems

Solving the equation Ax = b. If A has numbers at all positions, it is dense,
otherwise it is sparse.

If dense, then use a factorization method, and if sparse use a iterative method.
Factorization methods are exact, but costly time and memory wise. Iterative
methods are fast and does not cost much memory, but are approximations.

3.2 Solve using factorization
3.2.1 With LU factorization

If A= LU then we have to solve LUx = b. We can then set Uz = z, and then
solve Lz = b for z using forward substitution and then solve Ux = z using
backwards substitution.

3.2.2 With QR factorization

If Ax =5b and A = QR then we have to solve QRx = b.
Set Rx = z, and solve @z = b. This can be done easily since @ is orthonormal,
which has the property Q7'Q = I, and therefore the solution is

Qz=b —= QTQz=Q"y = 2=0Q">

Then solve Rx = z using backwards substitution.

3.3 LU factorization - Crout

Factorized into a lower (L) and an upper (U) matrix. In crout the diagonal of
the U matrix is 1

Using matrix multiplication to make a system of equations to solve in specific
order. e.g for Agg to get Uyo:

Apo = Log-Upp+0-0+0-0--- <— AOO:LOO'l

14



Then we can solve for Lqg:
AlO :L10U00+10+00 < A10:L10

The general method is to first solve a column in L, then a row in U and so on.
You will get more and more parts in every equation along the way, but always
only one unknown.

3.3.1 Doolittle

Like crout but with 1 on the diagonal of the L matrix.

Lower
_» Triangular

AD0 A0l A02 1 0 0 uoo U0l uo2
A0 Al A12 = Lo 1 0 0 un ui2
A2 A2t Am L20 121 1 0 0 u»
Upper
Triangular

Opposite "direction"than crout, so find a row in U first, then a column in L and
so on.
3.4 Cholesky factorization
Works for a quadratic symmetric matrix (and positive definite)
A=LL"

L is a lower triangular matrix. Using same principle as LU factorization with
matrix multiplication.

Ago = LooLoo <= /Aoo = Loo

If A is an 3x3 matrix then L is defined with
VA 0 0

L—| Aa/Ln v‘Azz — L4 0

[Asy — L, — L,

Agi /Ly (Ags — Ly Lay) /Los y

3.5 Norm

All points when a norm of a vector (when equal to 1, e.g. ||Z||2 = 1) can be
illustrated as

15



0.5

3.5.1 2 norm of vector

Defined by
_ 1
2]l = (3 «7)>
i=1
Corresponds to the euclidean length of the vector.

3.5.2 Infinity norm of vector
1Zlloc = mazi<i<n|zl

Largest absolute element.

3.5.3 1 norm of vector

1zl = (O i)
=1

Sum of all the values in absolute termns

3.6 Matrix norm
3.6.1 Infinity norm of a matrix

Given as
n
|Alloo = mazi<icn Y las]
j=1

Take the sum of all rows (using absolute values) in a matrix, then the infinity
norm is the largest of the row sums.

16



3.6.2 1 norm of a matrix

Given as
n

1A|oo = maz1<j<n Y lai]

i=1
Take the sum of all columns (using absolute values) in a matrix, then the infinity
norm is the largest of the column sums.

3.6.3 2 norm of a matrix

Given as
[All2 = maz1<i<nloil

Where o is a singular value of A. or as
|A]]2 = \/p(AT A)
Where p is a function that gives the spectral radius. Where
p(ATA) = MaT1<i<n\i

Where ) is an eigenvalue of AT A. It just finds the largest eigenvalue of AT A.
In short: The 2 matrix norm is the square root of largest eigenvalue of AT A

3.7 Condition number

When solving a linear system of equation like
Axr=b

Then when there is an error in either A or b, then the error is "scaled"by a
condition number. The bigger the condition number, the less useful are the
answers. The condition number is given by

K(4) =[|A~H[|All

3.8 Neumann series

A is quadrtric and ||A|| < 1 then I — A is invertible and then the following is
true

(I—A)1t= i AF
k=0

And for some matrix B where B = I — A then the inverse of B is just

Bl=(I-A4)""=) A"
k=0

17



3.8.1 Using nested multiplication

To reduce the number of matrix multiplications we can calculate then sum using
nested multiplication: Going form O(n?) to a faster O(n?), and if A is sparse
we can get O(n).

G:_ﬁ)—(z /‘\3 » Al‘\' A'/ '\’AD
a(atvat a) T

A A(A +R)+L)+L
A (A (ARDT)+T)vL

3.9 Splitting matrix Q
A linear system of equations is given as Ax = b then
Az =b <= Qr=(Q—A)x+b

A can be divided into a lower triangular matrix plus the diagonal plus an
upper triangular matrix as

A=L+D+U

The idea is then to choose a Q matrix and the iterate on
Qrf' = (Q-AzF +b = 2P =T -Q A" +Q b

Where x* is an approximate solution to Az = b (we only use the above notation
as theoretical, since calculating Q! is very heavy computationally).
3.9.1 Jacobi method
Using the definitions of splitting matrix, and setting Q = D then we have
QrF !t = (Q-A)z*+b —= Dz*! = (D—-L-D-U)z"+b — Dz**! = b—(L+U)a*
The i’th element in x can then be defined as

) i—1 ok n ok
SR b; _ijo Lijs Zj:i+1 Uijs
! Dy;

3.9.2 Gauss-Seidel method
Setting @ = D + L:

(D+L)z" ' =D+ L-L—-D—-U)x"+b=b—UxzF
The i’th element in x can then be defined as

L n ok i—1 ok
. bi =3 i Uigef = 2520 Lijj
¢ Du

18



3.9.3 SOR method

Setting @ = -=(D + wL)

1
1 k41 1 k k
(=(D+wL)z"" =(—=(D+wL)—L—-D-U)z"+b=b—-Ux
w w
— (D +wL)z" = (1 —w)D — wU)a" + wb

The i’th element in x can then be defined as
wb; + D”If - U)Dmﬂif —w Z?:i-‘,—l Uij.I? —w Z;;ll L,‘jﬂ?k

Dy

k+1 _
;=

Simplified knowing the residual to be r = b — Az*:
ri

k+1
€T
K3
Dy;

zxf—i—w

Where 0 < w < 2. When w =1 it is just the Gauss-Seidel method.

4 Interpolation

4.1 Theorem of polynomial interpolations

If we have n distinct coordinate pairs, then we can find a polynomial of degree
n — 1 that will pass all points. There exists only one unique polynomial that
satisfy this for every case.

But there exists infinitely many polynomials of degree n < that also satisfy this,
but we always prefer a polynomial with fewest degrees.

4.2 Secret sharing

If 2 people are both given a coordinate and a secret value is hidden at e.g.
f(0) = secret, where the secret is located such that if the two people make
a straight line between their points, it will pass the secret point. They can
therefore only know the secret point if they combine their points. This can
easily be extended to higher degree polynomials, such that more people need to
know a point or such that more people are needed to reveal the secret.

4.3 Lagrange interpolation
The lagrangian interpolation is defined on the form
f(x) = c101(x) + cada(x) + c395(x) + - - + cpdn(z)

One delta function for every point the polynomial passes trough, and c; is the
coefficent such that ¢; = y;. For example ¢; that to equal §;(z1) = 1 and
01(x2) = 0 such that whenever an x value corresponds to a point in the data

19



set, only one delta function gives the correct y value with the coefficient, and
all other delta functions are 0. An example using 3 pomts

o ()= & - i
(1= 6 5(?‘ 2Lo.x =[1,8
pf(d =4 . O, (X]:{é:i;i{«,zj
{( ¥)= C«,S* (x +L1Cé2(x) +(§g\(x>
o o e o
=Y cidi(x) fol __g;‘j_
An example using 4 points:

X, =5,x, =6,x,=9,x; =11

Yo=12,y,=13,y, =14y, =16

4.4 Newton divided difference method

The newton divided difference method uses the idea that when given n points
to interpolate, that can result in a system of equations with n equations and n
unknowns. To solve this system the method uses a diveded difference method,
formally as

fn(x) = co+cx—x0) +c2(x —x0)(x—21) + ... cn(x — o) (. —21) ... (T — )

co = flzo] = f(z0) = ¥o
flaa] = flwo] _ fle1) = f(@o) _ 1 — 0

r1 — o r1 — o 1 — o

flrr, z1] = fln, 2o)

T2 — o

c1 = flz1,x0] =

Co = f[ﬂﬂz,xhxo] =
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f[3?3, 332,$1] - f[$279617$0]

C3 = f[$3,$2,131,330] =

T3 — o
And so on.
When doing the method, it is best to do it in a table, like the following example:
iox fx) 1% order 2™ order 3" order 4" order
differences  differences differences  differences
0 00
-0 _y
/ 1-0 ~_7-1 =3
11 1 / 2-0 ™ 6-3
N 8-1 o7 3-0 \
St T N e Ll
2 2 8 o =6 70 0
— 3-1 \
27-8 249 1/

33 2 302 \3719/ 5

N B4-27-37 S Fp
4 4 e4a— 43
To find the correct denominator, it can easily be found by first going down and
left as far possible from the current position and then minus that by the x value
going back an up as far as possible. As an example in the example above in the
first 2nd order difference to get the denominator 2—0: Go to left-down-left-down
and then 2 i reached. Go up-left-up-left and then 0 is reached.

When the table is done, the polynomial can be made from the first definition
by using the top row as ¢;. Using the example above
cg=0,c1=1,c0=3,cg=1land cys =0

p(z) = 04+1(xz—0)+3(z—0)(z—1)+1(xz—0)(z—1) (z—2)+0(x—0)(x—1) (z—2) (z—3)

4.5 Spline interpolation

Instead of making one polynomial to interpolate all points, we just make a
straight line between all points to make a linear spline interpolation. The line
between every two points (z; — x;41) are defined as

Fz) =y + Yi+1 — Yi (& — )
Ti+1 — T4
This makes in non-differentiable.
Instead we can make quadratic spline interpolation using second degree polyno-
mials. In order for it to be differentiable we want the connection between two
lines (at every point) to have the same slope. E.g. the splines ;1 — x; — ;41
then the 2 splines meeting at x; should have the same slope at (z;,y;)
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P

To calculate the two splines, we need to do it simultanous to have the same
slope. We can define the two splines as

2
Y-1=0-10+0a-11T+ a_12%

2
Y1 =a1,0+ 0117 + a1 2T

Then we need the following to be true

d
2 2
—(a_— +a_11x+a—_122°) = —I(a +a112 + a1 2%
Zl‘( 1,0 1,1 1,2 ) ] ( 1,0 1,1 1,2 )

And we know it has to be true at x; therefore xr = x;
<

a—1,1+2a_1,2%; = ai,1 + 2a1,2%;

To be able to have a system with as many unknowns as equations, we have to
set one of the parameters to begin with (usually as ¢ such that the first spline
is linear.)

4.5.1 Example of quadratic spline interpolation

Example with the points (5, 6), (6,5), (9, 5):
First we choose to make ag2 = 0 to get the correct number of unknowns (can
be any number, but for simplicity we choose 0).

The splines meet at (6,5) so we can make two the two equations from point

one (5,6) and two (6,5)
6= ap,0 + ap,1 - 5
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5= ap,0 + ao,1 -6

Because first spline must pass through those two points. As must the second
spline pass through point two (6,5) and three (9,5) therefore

5=aio+a1-6+ayz- 6
S5=ao+a1-9+as-9?

And to make the slopes equal

%(ao,o +ap1-T) =aoa

%(al,o +ai1-T+ars-2?) =a +2a12 7
We know they meet at © = 6 therefore z = x; = 6 and we set them equal
ap,1 = a1 +2a12-6
Now we have the following equation 5

6= ap,0 + ao,1 -5

5 =ag,0+ ag, 6
d=ajo+ai,1-6+az - 62
d=aio+ai1-9+as .92

ap1 = a1 +2a12-6

And with 5 unknowns. We solve them and get the two splines to

Yy =11 —=x

L s
y1:13—5x+§x

Visually we see it to match it:
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5 Numerical Linear Algebra

5.1 Power method

Used to find the largest absolute unique eigenvalue and its eigenvector (Av =
Av), A is quadratic and has an unique largest eigenvalue. Usually we make the
characteristic polynomial (det(A — AI)) and solve for det(A — A\I) = 0, but that
is difficult for large matrices.

If given a matrix A and a startvector (can be any), then an algorithm can be
made as.

g-u*‘ »-‘-'-l "o M

g+~ Ax

Q(Y)
[(O1€3

A& ‘jﬁlw

Where r is the approximation of the eigenvalue, x is the normalized eigenvector
and ¢ is a linear function (e.g. ¢(x) = 2z 4 1). The algorithm can also include
a absolute stop criteria such as [r**1 —r¥| < ¢, or |2%t! — 2¥| < ¢, or relative
stop criteria such as [r¥T — ¥ < 6, |rF| or [2FFL — 2k| < 8, ]|z

“~—

5.1.1 Inverse power method

Can be used to find the smallest eigenvalue and corresponding eigenvector.

Power  Mevhod

e vt b oA
y =+«
= Q(%(A}

X = %/F‘Ju

< d

But calculating the inverse of A can be very expensive we therefore change it to
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Lo wat b oA

5olve H Yy =n ‘v‘, :j

(
r= Q%(v
X = \S/lbn

<

5.2 Gershgorins theorem

Discs that contain all the eigenvalues of a quadratic matrix (but complex and
real) in the complex plan. Defined as

n
Di={2€Cl2—aul < Y layl}
i=1j#1
Where the discs radius is Z?Zl j+11aij| (the absolute sum of the row, not in-
cluding the diagonal) and the center is at the diagonal point.
Example:

T B T WA
/ o ) k3

This matrix has 3 discs, where D; has its center at (1,¢) and a radius of 2, Dy
has its center at (0,0) with a radius of 3 and D3 has its center at (1,0) with a
radius of 3.

5.2.1 Using the inverse

A matrix A and its inverse A7 have the same eigenvalues. Using that we can
make discs for the inverse as well, and then just choose the smallest disc at every
point to minimize the area the eigenvalues can be located at.

5.3 Gram-Schmidt process

The process takes a set of linear independent vectors (matrix A) and makes
an orthonormal set (matrix B). The process takes for all vectors and subtracts
them by how much they go in the same direction as the other vectors to make
them orthogonal and them normalize them to make them orthonormal. In an
orthonormal set of vectors all the length are 1 and the dot product between all
vectors are 0.
B,’C:Aku<Ak,B,;>Bi
i<k
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By,
1Byl
By using the Gram-Schmidt process we can factorize A by saving the B vectors

and by what we correct them by to get a factorization A = BT, e.g. with 3
vectors

By =

||Bi|| <A2,B1> <A3,Bl>
[A1|A2|A3] = [B1]B2|Bs] | 0 || B3| < A1,By >
0 0 || Bs]|

5.4 Least square solutions

If we have more equations than unknowns, then we can approximate a solution
by using least squares method. z* is the approximate solution to the equation
Ax = b where

AT(Az* —b) =0
This equation can be solved using a orthonormal factorization of A (A = BT,
using e.g. Gram-schmidt):

Tz = (BTB)"'BTb

5.5 QR factorization - Householder

If we have a matrix A with M rows and N columns (MxN) and M > N (more or
equally as many rows as columns), then A can be factorized as A = QR where
Q is a MxM orthonormal matrix and R is a MxN upper triangular matrix.
Householders calculates Q7 A = R recursively by calculating

(QF-.-QIQ1)A=QTA=R

With every iteration we first calculate the length (norm 2) of the k’th vector
in A By = ||ag||2. Then we calculate yx, = ar — Brey where e; is the elemen-
tary vector with as many elements as ay (e.g. [1,0,0]7 with 3 elements). Then
normalize it yAkHyyﬁ7 and then Qg is given by

I—2557

By every iteration the dimension of Q7 matrix is reduced by one row and one
column, with the identity matrix to fill it out, so they all have the same dimen-
sion. Generic example with the first 2 iterations, and then the k’th iteration:

k,
B, -llasy
P=a,n, [ 4,-4. 2, Ll e
1 _ -1
W= &, - Pey T A, = : Y, - %y -’ QL“ 0 2
3= ), A o [*[A. r | o Lo-siy
iy 0 R,y ~us
Q- 1-25Y hita
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5.6 Singular value decomposition (SVD - A=PDQ form)

Given a general matrix A (MxN), with no specific restrictions. A can be fa-
ctorized such that A = PDQ, then P is a MxM matrix, D is a diagonal MxN
matrix with singular values and Q is a NxN matrix.

D contains as many singular value as r = rank(A), given by the relation

T 2
A Au; = oiuy,

Which means the singular value is the square root of the eigenvalue for AT A.
The singular values are sorted, such that o1 > 09 > 03 > --- > g, > 0. The
first r singular value are positive (o, > 0).

The Q matrix contains eigenvectors u; (as rows) that corresponds to the
singular values in D. The r + 1 to N eigenvectors are the orthonormal basis for
the nullspace of A.

The P matrix has the first r vectors given by the relation

1
v; = —Aui
oF}

The last » + 1 to N vectors are selected such that P is an orthonormal basis
for the space RY. The first r vectors are already an orthonormal set, so we just
have to add vectors that match into the set.

5.6.1 Approach for SVD
First calculate the singualar values and eigenvectors
ATA'LLZ' = O'?’LLZ'

Where 01 > 09 > 03 > --+ > 0, > 0, which we can use to contruct the D matrix

g1 0 0
0 0 o,

Then we make the Q matrix by setting the eigenvectors found to the singular

values as rows
Uy

Q =
U
Then we can calculate the vectors v; for the P matrix using

1
V; = —Aui
o}
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for all 1 <i <r =rank(A) (same number of positive singular values).
P = [vl P I S R ’UM]

Then we have to select the last v,41 to vys vectors such that the matrix is a
orthonormal basis.

5.6.2 VSU form

When constructing the full A = PDQ we notice that the D matrix only contains
values at the first rxr rows/columns, we therefore dont need the r +1 — r+n
columns in P (the vectors we had to find ourself) and the r + 1 — r + N rows
in Q we don’t need (the eigenvectors corresponding to the non-positive singular
values). The form is called the VSU form

A=VSU

5.7 Minimal solutions

We can either have a consistent system of equations or an inconsistent system
when solving Az = b. We can then define what we view as the solution in all
given cases.

5.7.1 Consistent

If we have as many unknowns as equations then we have a unique solution.

If we have too many unknowns compared to equations (more columns than
rows), then we have a set of solutions, and we choose the one with the minimum
euclidean norm.

5.7.2 Inconsistent

A system with too many equations compared to unknowns (Too many rows
compared to columns) and one unique least squares solution.

Or we can have a set of least squares solutions, then we choose the solution with
the minimum euclidean norm.

w\lavc Sty = e X s doluhe,
Conjl>|—cﬂ/{- /

A0

\A S A o o Wdiony 2> selvn » Minuuw
]! e = S

: -5 fead s 3,
. W e \eut— 4y dohim 2> Ed
Vo loen 7"7L"J" /v

-1

B sk @ leml s dobinp = sol ek g vl

Wity anrme evcd B
pov
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5.7.3 Pseudoinverse

A pseudoinverse AT will always give an unique minimal solution. Using the
SVD, but with the inverse singular values in D instead, such that

ort 00

+ .
D=,y .
0 0 ot

T

Then AT = Q7D+ PT and the minimal solution will be given with z = Atb

6 Numerical Differentiation

6.1 Connection between analytical and numerical diffe-
rentiation

Analytically the differentiation is given by
df flz+ Ax) — f(z)

P limagz—o Ay

Numerically we can define is as

daf  fle+h) = f(z)

dz "~ h
Where the approximation is better the smaller h is. Using this technique the
error follows a linear function (O(n)). So e.g. every time h gets 10 times smaller
(0.1 — 0.01) the error also gets 10 times smaller.

6.1.1 Deriving using Taylor series

We can define f(z+ h) using a Taylor series, and then prove the error term and
defintion from before

ht h? h"
Flot+h) = flo)+ 37/ @) + 5 @)+ 0 (@)

Where the Taylor series is exact for n — oco. We are interested in f’(x), so we
isolate that to get

h2 n
hef'(@) = fle+h) = fz) = 5 f(z) = = Hf(”)(:v)
—
fle+h)— fl@) h L)
/ 7 1 . n
OEREEL @) ()
From there we see that the error term is —2 f"(z) — -+ — h:;l ) (z), which
follows a linear trend, since it can be rewritten as
_ h " hrt (n) _ h 7 h " h? " hrt (n)
€= —o (@)= [ ) = S () =5 1 (@)= )= = ) )

Where the leading term is % which is linear.
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6.2 Deriving O(n?) using f(z + %)

Using the same technique, but using f(z + %) instead of f(z + h) we can have
the error follow O(n?)

df _fe+5) = f@)  flath) -~ flz—h)
dx h 2h

6.2.1 Deriving using Taylor series

We know from before that

1 2 n
FlotB) = F@) + @) 4 o ) bt O @)

And now we also have f(x — h) which is

1 2 n
Flo = h) = () = @) + o @) = ()

All the odd terms are negative, since (—h)™ gives a positive number when n is
even.
If we now subtract them from each other

Fla+h) — flx ) = 208 (@) + 22 77w 420

Since all the even terms cancelled out, we are left with all the odd terms. Now
isolate f'(z)

’ _f(x—l—h)—f(x—h)_th,,, hr! (n)

f'(z) = - L) e (O )
We now see that the leading term in the error is %2 and therefore the error is
O(n?)

1
6

hn—S

= —h2
¢ ( 2n!

F )+ S £ )

6.3 Richardson Extrapolation

We know from before that f'(x) can be given as

f(z) = f(”h);hf(” —h) —h2(a-f"(x)+b-h%- fON @) +c-h* fO(z)+...)

Redefining the error as —t - h? such that

flx+h) - flz—h)

57 +t-h? (1)

f'(x) =

We want to minimize the error term, so we make a new equation with %

N LGt Dl At )) h?
f(w) = . e 2)

o[>
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Now we subtract (1) with 4 times equation (2) such that (1) — 4(2):

flz+h) = flz—h)
2h h

-3f'(x) =

We see that the error term cancels out since th? — 4t%2 =0.
Again isolating f'(z)

4@+ B—f@—8)  fath) —fa—h)

fl@) =3 h 6h

This now approximates the derivative very precisely.

6.4 Differentiation using interpolation

Using interpolation, like Lagrangian interpolation around the around the point
we want the derivative of, we can then just differentiate the polynomial we get
from the interpolation

7 Numerical Integration

7.1 Average based method
One simple way to approximate the integral is just to calculate the average
"height" (y-value) of the interval times the length of the interval (b — a)

b n

f(@)da =~ =3 f(a:)(b—a)

a i=0
7.1.1 Dividing segments using trapozoid rule

Instead of calculating just one average height, we can split the integral up, so

we calculate the average height between each point pair.
¥i

The trapoziod rule is given by

b —
/ f(x)dz =~ (b— a)w
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Which takes the average height and multiplies by the length between a and b.
If we want the integral between a and b, where a nd b is not directly at a given
x; point. We calculate the straight line between the points that e.g. a is between

Yo = ap + a1 - To

Y1 =0ap ta1- 21
And then solve for ag and a1, so we can calculate the y; at a (lets call it y, and
at T4) Yo = ap + a1 - T,

7.2 Integrating using interpolation

As with differentiation, we can just interpolate (e.g. using Lagrangian interpo-
lation) and then integrate that polynomial. Notice that interpolating gets very
un-precise outside the interval of given data points

7.3 Method of undetermined coefficients

We know from the trapezoidal rule, that the integral between 2 points can be
approximated by taking the integral of a straight line between them. Now we
define it to be equal to some linear combination of f(a) and f(b) as

b
/ f(x)dx ~ (b— a)w = Ao - f(a)+ Ay - f(b)

And the straight line between a and b can be defined at ¢y + c;z. And the
integral of that line is

270 2 2 b2 _ g2

b
b
/ cotcrzdr = {cox—k 6129: ] = (cob—|—clT)—(coa+012a ) = co(b—a)+e ( 5

)

We can now define f(a) and f(b) using the straight line just defined
Ao fla)+ Ay - f(b) = Ap(co+c1-a)+ Ai(co+c1 - D)
We rearrange to have it in terms of ¢y and ¢;
Ao(co+c1-a)+ Ai(co+c1-b) =co(Ag+ A1) +c1(Ag-a+ Ay - b)

We can now compare that to the true integral we calculated for the straight

line, which was ¢q(b—a) +cl(b25a2 ), and we can therefore make the 2 equations

b—&:A0+A1
b2_ 2
5 =Ap-a+A;-b
We solve for Ag and A; and get
b—a
Ag=A; = 5



Which are the same coefficients as the trapezoid rule.

The same logic can be used to approximate using a higher degree polynomial
with more points instead of a straight line with 2 points. We just get more A,
coefficients and a larger true integral to compare.

7.4 Simpsons rule

Using 3 points a, ‘%"b and b, and now we define a polynomial of 2nd degree to

go through a and b:
fap(x) = ag + a1z + aza?

And the integral of that function to be

b
a1x2 (J,QCE?’

b
/f(x)dxz[am T g )+ B0 a?) + 207 )

a

And we now define f(a), f(%$2) and f(b) in terms of that polynomial to make
3 equations

fla) =ao+ai-a+ay-a®

a+b a+b a+b
5 ) = a0t ai(——) +azx(—; )?

f(b):a0+al'b+02'b2

We now have 4 equations (with the true integral) and 4 unknowns (with the
value of the integral). We solve the equations, and the integral is then equal to

b —a a
[ s = 222 (1t0) + 47 (2) + 70)

b
h
= / flz)dr = g(f(a) +4f(a+h)+ f(a+2h))
Where h is the distance from a — “T*b, and there a + 2h = b

7.5 Gaussian Quadrature

In the Gaussian quadrature we are no longer restricted to what a and b are, an
we therefore define the integral to be

/ " f(@)de = Aof(2) + AL ()

Where we have 4 unknowns. We can then rewrite to simplify

[ (0= (1) + (1)
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Where the 4 unkowns are wg, w1, t; and t5. We then make 4 equations, where
f(t) =1,t,t2,#3 as a "training set"

1
f(t):1—>/_1f(t)dt:2:w0-1+w1-1

1
f(t):t—>/_1f(t)dt:0:wo-t1+w1-tz

2

1
f(t):t2—>/ f(t)dtzgzwo-t§+w1-t§
-1

1
f(t):tsﬁ/ ft)dt =0=wp-t3 +wy - t3
—1

Solving the equations we get wg =1, w; =1, t; = j:\/g and to = —t1.
Going back to the original interval a to b, we can do the following

b—a)t+b+a

Tr = 9

Since ten when t = —1 — ¢ = a and when t = 1 — = = b. And we set
dz = =2 4t we combine them to make the final Gaussian Quadrature equation

b ! —a a —a
[ twre= [ B 2t

We can easily extend the Gaussian Quadrature to N components using the
same logic, we just need 2N equations made from a "training set"as we did
above using polynomials from 1 to 2N degree.

8 Monte-Carlo Simulation

8.1

using a randomized data generating process (DGP) we can simulate many cases
of a problem to estimate what is most likely to happen

8.2 Numerical integration

If we plot a figure in a space where we know the size of the space, we can then
"drop balls"at random places within the space. The integral of the figure must
then be I = sizegpqee - B%g;‘f‘;ﬁ)‘;;eh; Sﬁ‘fsre. The more points we drop, the more
accurate does the integral get.
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The general process can be defined as

Monte Carlo integration - uniform sampling Consider the in-

tegral .
I=
[ 1@

1. Choose N points x; at random with uniform probability within
the integration interval [0,1].
2. Determine the mean value

1 N
In= = Z i
i=1

and the variance

L p N z
2
- lx - (320)
= =
3. Approximate the value of the integral as

I=Iy+-L

VN

Such that the integral is approximated to Iy with an error term of :I:;—fﬁ.
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