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Chapter 1

Introduction

These are notes for my graduate class “Numerical Analysis,” which I have been teaching at the
University of Colorado at Denver. This class serves graduate students in Mathematics as well as in
Computer Science, with varying degrees of mathematical preparation; yet the class needs to be at
the graduate mathematics level.

The objective of these notes is to present important parts of Numerical Analysis in a concise
form that corresponds to what I actually presented in the classroom. Proofs are selected to provide
insight and connections rather than to cover all material with mathematical rigor. A separate part
of the book reviews prerequisites from Linear Algebra and Calculus , which grow naturally into a
presentation of the elements of the theory of linear spaces, essential for work in modern Numerical
Analysis. Only what is actually needed for the numerical analysis is presented.
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Chapter 2

Computer Arithmetic and
Rounding Errors

2.1 Representation of integers

Bits and bytes Data in a computer are represented as binary digits (bits). A bit can attain the
value of 0 or 1. The memory of contemporary computers is organized in bytes, which are groups
of 8 bits. The memory is a linear sequence of bytes starting with byte 0. Every byte is identified
by its address, which is an integer. Memory is measured in bytes and their multiples. One kilobyte
(kB) is 219 = 1024 ~ 10® bytes, megabyte (MB) is 220 = 10242 ~ 10° bytes, and gigabyte (GB) is
230 = 10242 ~ 10° bytes.

Binary numbers and unsigned integers Integers are represented as binary numbers:
(agal...an_l)g :2"a0+2"*1a+~~+an_1, (21)
Integers stored in n bits according to (2.1) attain values from 0 to

(11...1)y =2"—1.

n

This is the unsigned integer type.

Signed integers Negative numbers are usually represented using the complementary storage for-
mat: the n bit binary number = (aga; . ..a,—1)2 represents & — 2" if ag = 1. The advantage of the
complementary storage format is that operations on such integers are simply operations modulo 2™.
This means that two integers different by an integer multiple of 2™ are considered equivalent. Al-
gebraic operations in the complementary format are performed exactly as for unsigned integers and
nonzero bits carried to the left beyond ag are discarded. This results in simple design and fast opera-
tion of the computer circuits. The maximal number that can be represented is (011...1)y = 2771 —1.
The minimal number is represented by (100...0)y — 2" = 27~1 —2n = —n~1,

Integer overflow is the situation when the result of an integer operation falls outside of the integer
range. In the past, integer overflow usually caused the program to abort with an error message.
Today, integer overflow is usually ignored and the operation silently performed modulo 2". This is
a common source of hard to find run-time errors. Sometimes it is possible to force the computer
to watch for integer overflow by using compiler flags, but the resulting program may execute much
more slowly.

The most common integer representation has 8 bytes = 32 bits. Signed 32 bit integers range
from —23' = —2.1x 100 to 23! —1 ~ 2.1 x 10'°. Because the amount of memory that 32 bit integers
can address is only 2GB (signed) or 4GB (unsigned), the computer industry is moving towards the

11



12 CHAPTER 2. COMPUTER ARITHMETIC AND ROUNDING ERRORS

use of 64 bit integers. Major computer vendors such as SUN and IBM changed their processor lines
to 64 bits many years ago. Their CPUs use 64 bit integers to address memory and usually support
64 bit integer operations in hardware. The PC architecture is now in transition. Without 64 bit
integers, a programmer has to pay special care even for the size of problems quite common now.

Example 1 To compute the percentage of nonzero entries in a sparse matrix of order m by n with
k monzeros, a program uses the erpression

p = (100.0 xk)/(m * n).

Suppose m and n are integers, integer arithmetic has 32 bits, and m = n = 107. Then m x n =
101 > 231 — 1, therefore the result of the multiplication will be incorrect.

Exercise 2 Rewrite the code segment in Example 1 to avoid the integer overflow.

2.2 Representation of reals in IEEE arithmetics

We will cover IEEE arithmetics only, because of its prevalence in computer industry. The generic
form of IEEE standard representation is

value bit string
(—1)*L.ay ...a,2%bm=7 s bi...bpai...an (2.2)

(=1)% 9b1...bm—F l.aj...an

The bit s is the sign bit, by ... b, is the exponent, and a ... a, is the significant.The cases when all
bits by ...b,, are zero or all by ...b,, are one are special.

precision total bits sign exponent significant offset
single 32 1 m=8 n =23 f=127
double 64 1 m =11 n =52 f=1023

Here are some examples.

value bit string

1 0 01111111111 0000000000000000000000000000000000000000000000000000
(—1)0 21023-1023 1

2 0 10000000000 0000000000000000000000000000000000000000000000000000
(—1)0 21024-1023 1

-1 —1 01111111111 0000000000000000000000000000000000000000000000000000
(71)1 21023-1023 1
3/4 0 01111111110 1000000000000000000000000000000000000000000000000000

_1)0  91022-1023 1
(=1 2 11

The largest and the smallest positive numbers that can be represented in this format are

value bit string
~ 21024 ~1  8e+308 0 11111111110111111111111111117111111111111111111111111111171111111
(—1)0  22046-1023 1-1/253

1—1/2
271022 9 2e-308 0 00000000001 0000000000000000000000000000000000000000000000000000

(—1)0 21-1023 1




2.2. REPRESENTATION OF REALS IN IEEE ARITHMETICS 13

Some of the special values are

value  bit string

0 0000000000000000000000000000000000000000000000000000000000000000
-0 1000000000000000000000000000000000000000000000000000000000000000
Inf 011111111111 0000000000000000000000000000000000000000000000000000

all bits are 1

—Inf 111111111111 0000000000000000000000000000000000000000000000000000
—_—

all bits are 1

NaN 011111111111 at least one bit nonzero
—_—

all bits are 1

The values of 0 and -0 equal. the values Inf, —Inf (infinity and minus infinity) result from operations
that overflow the floating point range:

(1.5e + 308) * (1.5e + 308)= Inf
1/0= Inf
—1/0= —Inf

and the value NaN (not a number) is the result of operations with an invalid result, for example

0/0 = NaN
Inf—Inf = Nan

Floating point numbers will all zeros in the exponent are subnormalized numbers:

value bit string
(—1)%0.a; ...a,2~ 7+t s 0...0ay...a,

(=1 2= o0.a1...a,
for example

value  bit string
21023 0 00000000000 1000000000000000000000000000000000000000000000000000

(-10 2102 (0.1),=1/2

Try the following computer experiment. Initialize ¢ = 1,and as long as the expression 1 +¢ > 1
is true, set ¢ = £/2. After a while, this process stops, and you obtain a number ¢ such that, in the
computer, 1 +¢& = 1, while 1 + 2¢ > 1. Clearly, 1 4 2¢ is different from 1 only in the last bit of the
mantissa: if the floating point representation is

value bit string
(—=1)*L.ay ...a,2% bm=F s by...bypai...an

(_l)s 2b1---bmm—f l.ay...an

then
142 =(1.0...01), = 142"

In double precision IEEE arithmetics,

value bit string
142752 \(l_/ 01111111111 0000000000000000000000000000000000000000000000000001
(—1)0  21023-1023 1

Denote by @, ©, ® and @ operations on floating point numbers in a floating point arithmetic.
We will discuss implementation of these operations later.
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Definition 3 In any computer arithmetics, the number eps is the smallest floating point number
such that
1®eps>1

We have shown above that
eps =27" (2.3)

In in IEEE double precision,
eps = 2772 & 2.2204¢ — 016,

which is also the value of the Matlab built-in function eps.

2.3 Rounding

Numbers that have more digits than can be represented in the floating point format have to be
rounded. We will consider only rouding to nearest. Then, for a real number z, the result of
rounding is the floating point number fi(z), defined as the floating point number nearest to z. In
IEEE arithmetics, we break the tie by rounding to even result.

Here is how to find.the normalized floating point number (—1)%1.ay ...a,2%0»=f cf. (2.2),
nearest to x # 0, with rounding to even.

Clearly, s =1if x < 0 and s = 0 if > 0. Then find the exponent M so that

X
IS‘Q—M’<2

and set (b1 ...bp )y — f = M. If such a binary number does not exist,  is outside of the range of the
floating point arithmetics. Now the fractional part has the in general infinite binary representation

x
’W’ = 1.a1a2...anan+1... (24)
If apy1 = apy1 = ... =0, clearly fi(x) = 0. Otherwise, the floating point neighbors of the number
T are
x. = 2o2M (Lataz...an),
Ty = 21\/[ ((1.@1@2 ce an)2 + 2—n)
The errors are
|x — x_| = 2M_n (0.an+1an+2 .. .)2
lz—zy] = 27" (1 — (0.ans1an12--.),)
If apy1 = 1 and apio = apts = ..., the errors are same and we choose fi(z) = z_if a, = 0

and fl(z) = x4 if a, = 1, to make the last bit of the result zero (break tie by rounding to even).
Otherwise, we choose fl(z) =z_ if ap41 =0 and fi(z) = 24 if ap41 = 1. In any case,
|z — fl(x)| < 2M—"/2 = oM~ (n+D) (2.5)

We get the following theorem on relative error of rounding.

Theorem 4 If || is within the range of the normalized floating point arithmetics (that is, between
the smallest positive normalized floating point number and the largest floating point number), then

z — fl(x)

T

< P8
- 2
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Proof. From (2.4), it follows that

lz| > 2M.
Unsing (2.5), we get
xr — fl(l’) 2M7(n+1) _ 27(n+1) _ E
x 2M 2

from (2.3). m
Computer rounding satisfies for any real number x in the range of the normalized floating point
arithmetic

fl(z) =2(1+46), 9] <e, (2.6)

where € is the rounding precision. For IEEE double precision, e = 27%3 ~ 1.1 x 10716
For more about floating point computations and IEEE arithmetics in particular, see very nice
and clear booklet [Ove01].

Review of Taylor and binomial theorems

See section 14.1.

2.4 Floating point operations and error analysis
We will assume that the result of floating point operations satisfies
z@y=(z+y)(1+5), [d<e¢ (2.7)

and similarly for the operations ©, ® and @. Here, € is the rounding precision of the computer,
see (2.6). The bound (2.7) is satisfied on virtually all modern computers.

In particular, (2.7) is satisfied when the result of a floating point operation is the exact result
rounded to the precision of the computer, that is, for floating point numbers x and y,

@y =fi(r+y) (2.8)

and similarly for the other operations.

To implement floating point operation, the processor computes the result in extended precision
registers, which is then rounded. In IEEE arithmetics, the extended precision is 80 bits. Typically,
intermediate results are kept in extended precision registers and only the final result is rounded when
stored in memory, so floating point operations are sometimes more accurate. This is usually beneficial
but it may break some software that relies on strict conformance of the arithmetic with (2.8).
Compiler flags can be used to require strict conformance with (2.7), but the program is then usually
slower, because intermediate results must be written to memory or rounded.

Exercise 5 Show that (2.8) implies that € is the smallest positive floating point number such that
14 2e> 1.

The estimate (2.7) can be extended to a series of operations. For example:

Theorem 6 Let S = Y.  x; be calculated by floating point arithmetic as S* = (... ((xo ® 1) ®
x2) - @ xy), and assume that ne < 1. Then

15" =8| < (1+4e" Z\xl\

(ne+ (e — 2)( Z|xl|~n62\mz|

IN
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Proof. From (2.7), we have, with |J;| <€,

o Dx1 = (.130 —|—331)(1 + 51)
(zo®x1)®z2 = ((wo+z1)(1+61)+22)(1+82)
(..((o®r)Pa2) - Dxy) = (.(wo+az1)A+061)+ 4+ x,)(1+0,)

= zo(14+61)...(1+d,)
+z1(14+61)...(1+d,)
+x2(l4+d2)...(1+6,)

+xn71(1 + 57171)(1 + 577.)
+z,(1+90,)

Using the definition of S, it follows that

S*—S = zo((1+61)...(14+4d,)—1)
+z1(1+61)...(1+d,) —1)
+xa(1+6d2)...(1+d,) — 1)

+x,((1+6,) — 1),

hence

57— 8] <) |zi|max{(1+€)" — 1,1 — (1—¢)"}. (2.9)
=0

From the binomial theorem,

— -1 -2)...1
1+€n:1+n6+M62+...+n(n )(n ) €. 2.10
2! n!

Using in (2.10) —e in place of € and adding the two equations, we obtain
I+e)"+(1—-e">2
because only positive terms in € remain, which implies that
1-1-e"<(1+e"—1. (2.11)

Using (2.10) again, we have
(I+e)"—1=1+ne+ R,

where

(ne.)Q <%++%>
< (ne)2(e—2).

IN

This bound together with (2.9) and (2.11) concludes the proof. m
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2.5 Backwards error analysis

Analysis of rounding errors gets quickly complicated, and it is not clear if the errors are acceptable
or not. A large rounding error may mean badly organized computations, but it also may be the
best we can do if a similar difference can be caused by changing the input data only by a factor of e.
Also, rounding errors are not the only errors in numerical computations; more often than not, the
data themselves are uncertain.

The technique of backward error analysis is based on the idea that the result of numerical
computation on the data can interpreted as the result of exact computations on perturbed data.
For example, we can write (2.7) in the form

c@y=(z+y)1+0) =1+ +y(l+0). (2.12)

That is, the floating point sum of two floating point numbers x and y is understood as the exact
sum of perturbed numbers z(1 4 ¢) and y(1 + ).

Consider again the sum of n + 1 numbers as in Theorem 6. From the analysis in the proof of
Theorem 6, we have

S*=(..(zo@x1) Dx2) - ®wp) = 20(1 +0) + 21 (1 +2) + -+ 2, (1 + 6,),

where
14380 = (1+61)...(1+dy,)
146 = (1+4061)...(1+0d,)
14+62 = (1+402)...(1+0d,)
1461 = (1+6,-1)(1+0d,)

Using the same reasoning as in the proof, we have |§;| < (1 + €)™ — 1 ~ ne. We can conclude that
the effect of rounding errors in adding n + 1 number in floating point arithmetic is no worse than
perturbing each input number by at most ne and performing the summation exactly.
Derive similar bounds for T[]}, z;. Let us start with the case n =1:
(1‘0 ® .%‘1) = onl(l + 5)
= ao(m(1+6)
= (zo(1+d0))(x1(1+61))

where |§] < e,d¢ = 41, so from Taylor theorem,
)
(1+(50)2:1+(5:>50:v1+6—1%§:>50§%
In the general case, expressing p = (--- (xg @ 1) ® 2 -+ ) ® x,, as exact operation on perturbed
data,

p = (zow1(l+01))w2(l+02) - )an(l+6n)
= zor1T2- - Tp (L+01) - (1+04)

=(1+8)"

where
146 = "WA+60)(1+62)---(1+6,),
5] < max{ M er —1,1— "R/ - 6)”} ~ nLHE’

similarly as in the previous example.
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Exercise 7 Derive a similar bound on Y\, z;y;.

To use the backwards error analysis to bound the error of the result of the computation, we need
to know what is the sensitivity ofthe result to a small change in the input data. This is the subject

of the following chapter.



Chapter 3

Condition Numbers

We now estimate the effect of a perturbation of input data.

3.1 Loss of significance

Suppose we are given T > 7 > 0, known to relative accuracy §. The numbers actually stored in the
computer are

r=Z(1+01) y=y(1+0d2) [01],[02] <0
Then
z—y = T(1+4+01)—7(1+92)
= T-G+T6 — oy
T, — Yo
- (f@)(w“ “)

T—y

= @-pa+n, <

because using T >y > 0, we have

270 2
< = —0
TIT-y 1-4%

Z01 — Yoo
7y

Example 8 Let y = vV1+22 — 1, = 107° . Supposev/1+ 22 is known with relative accuracy
|6] < e =~ 2-10716. Then the relative accuracy of v/1+ 22 — 1 is bounded by 2%}8—:3 =4-1075.

Indeed, 1 —

SIS

becomes

1—

Vita? 1 ~1_( 12> 1,

1 1y la2
using Taylor expansion

il ld 1k -2
m:1+§+72(22 )z2+—2(2 3),(2 ).

A better way to evaluate this expression is

 (WVTH22-D)(VI+a%+1)
Vita?-1 = VitaZ—1

2

X
VitaZ+1

19
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3.2 Condition number of evaluation of an expression

Condition number is the amplification factor of a small relative change of data. From the previous
section, condition number of the operation (z,y) — = — y, where z ~ y, is

2
1_¢

2z
|z —y|

-

The condition number is usually denoted by k.
For function evaluation f(z), from Taylor’s polynomial of order one,

fla+6) ~ f(z) + f'(z)é
Then
relative change in =
I /
fle+90) = flz) _ fl(x)d _ xf'(z) [
/(@) f(x) f(x) x
relative change in f(z)
The condition numer is
af'(x)
KR =
f(x)
Example 9 f(z)=2% z—0, xz>0:
xzf'(z) rax®!
= = =«
f(@) z®
Example 10 f(z) =arcsinz, =z — l,z<1:
1
zf'(z) T T
- - - 1
" f(z) arcsin x V1 — zZarcsinx o o

Example 11 f(z)=2—-1, z—1:

Amazingly, even a simple operation like x — 1 is ill-conditioned in the case of loss of accuracy.

Review of linear spaces and norms

See Section 15.1.

3.3 Condition number of matrix-vector multiply
Consider the mapping x — Az — y, where

Z1 A
a‘ll ... al
i) " T2

Am1  *+  OGmn
Ln Ym
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Instead of absolute value, the size of a vector is measured by a norm ||z||. Let ||A| be the corre-
sponding matrix norm. If

T =T+ p, T e R, p € R™, — <4

then the relative change in the result is

[Az — Az|| _ Al =2 _ [|A[ ]Iz —2)] _ 1A =l el
AT —y|| [AT —yll = [|AZ -yl Az — y|| [l]|
|

condition number

and get the condition number of evaluation of Az as
k(A z) = Al 7

Exercise 12 Consider multiplication by the matric A = (1,—1) and derive the bound from the
section on loss of significance.

In the important case when A is square and nonsingular and y = 0, we use the inequality
7l = [~ Az]| < [|A~ [ 1Az

to get the bound on relative accuracy of AT as

Ax — AT All|lx —= _ -
[ e e L
condition number of A
where
K(A) = [ AlIA7Y

is the condition number of the matriz A. Note that k(A) = k(A™!) and that the value of the
condition number depends on what the underlying norm is. Usually, condition number of a matrix
is introduced when discussing the solution of the linear system Az = b. We see that the condition
number is in fact related to any matrix-vector multiplication, rather than just solution of a linear
system.

3.4 Stability of zeros of function

Suppose we are solving an equation of the form f(z) = 0. Because of rouding errors and because
f may not be known exactly, the solution we actually get is the solution of a perturbed problem,
with f replace by a slightly different f5. Because f is a function, a proper type of perturbation is
by another function: f is replaced by fs = f 4+ dg, where g is a function and ¢ is a small parameter.
Write the solution of the perturbed equation as x + h, and derive an estimate for h :

fsx+h)= fle+h) + dglx+h) =0
—_—— ——
=f(z)+hf'(z) =6(g(z)+hg’(z))

SO

f(@) + hf'(z) + d(9(x) + hy'(x)) = 0,
which gives
L hgle) ()
f'(@)+6g'(x) — f'(=)

if 6 = 0.
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Example 13 (Wilkinson) Consider perturbation of the polynomial
fx)=ao+ - +anz"

by a change in its coefficients; then the perturbation function g(x) is also a polynomial. Specifically,
consider the change in the root x = 20 of the polynomial

fx)=(z—1)(z—2) - (x —20) = agzr® + arox'® + --- 4+ ag
when the leading coefficient asg = 1 is replaced by 1 + 8. Then g(x) = 2*°
formula for the derivative of a product,

, and we have using the

Wiyn) = Yiv2 o Yn T YW Yn to 12Uy
fl@) = (z-1D(@=2)--(z—-20)
200 = (z—1)(x—2)-(z—19) (z —20) = 19!
=1
g(20) = 20%

so the root 20 becomes 20 4+ h, where

 —620%

101 ~ —08.6e8

In a computer with double precision, § ~ 10716, so h ~ 1077,

3.5 Unstable calculations

Consider numerical evaluation of the recursion

13 4 1
Tnil = 5 Tn ~ 3Tn-1 Lo = 1 @z = 3
It is easy to verify that z,, = % However a numerical experiment shows something quite different;

eventually the numbers x, become very large. To see why, find the general solution of the above
difference equation: With the assumed form of solution A"

13 4
)\n—i-l _ _)\n o _)\n—l
3 3
we get the characteristic equation
13 4
)
3 3

with the roots

|
—N
ol

giving the general solution
1 n

The coefficients A, B are determined from known xg,z;. Even if B = 0 for our initial conditions, a
small second component is created because of rounding errors, and eventually takes over.



Chapter 4

Solution of Nonlinear Equations

4.1 Bisection Method

Given a continuous function a < b, sign(f(a)) # sign(f(b)), f(a) # 0, f(b) # 0,to0 solve f(x) =0::

ag = ay, by = by
fori=1...n
it f(¢1) =0, stop
if sign f(c1) = sign f((a;—1)) then
a; = ci, by = b1
else A; = Q;—1 ,bq; = Cij—1
end
The solution is in the interval (a;, b;) and b; — a; = b"l%, SO

1
bn_an - (bO _a/O)

o

bo—aq
€

For accuracy €, we need at most log, steps One evaluation of f per step is required.

4.2 Newton’s Method

Given f, initial z, we want to find h so that f(x 4+ h) = 0. From Taylor’s theorem:

Fa+h) ~ f(@) +hf'(z) =0

—_ =)
h= F7(@)

Solving for h gives h = — f(z) Repeating this step, we obtain the iterative method

JHON
Tn4+1 = Tn — f/(xn)

Assume f(r) = 0 and denote e, =z, — 1
definition of 2,11 == f(r) = f(zn) + (Tns1 — z0) f (2n)
Taylor expansion = f(r) = f(zn) + (r —x,) f'(zn) + %(T —20)2f7(&,,)

Subtracting, we get
1
(xn+1 — Iy — T+ l’n)f/(fﬂn) = §(T - x’ﬂ)Qf” (gn)

23
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hence )
ot = A e
If x,, — 7, f'(r) #0, f” continuous at r, then
et 110)
e 2 f(r)

that is, quadratic convergence. Also we can expect convergence of the iterations if x,, is close enough
to r, because then

1£7,)
2 f'(wn)

€n <

B Lf"(€,) _
€nil = €n (en§ ) = lent1] < |en]| dn, 5, =

Formulating this carefully leads to the following theorem.

DN | =

Theorem 14 Let f” be continuous at r, f(r) =0, f'(r) # 0. Then there exists € > 0 such that for
any xo, |vo — 7| < €, it holds that lim, o x,, =, and v, 1 — 7| < c|z, —7|? for some c.
Proof. Because f" is continuous at r, it is bounded on same neighborhood of r. Because |f'(r)| > 0

and f' is continuous on a neighborhood of r, we have |f1(z| > L |f(r)| on some neighborhood of .
Then the function §, defined by

max [ f”(¢)|

1 |r—z|<e

~ 2 min [f/(z)]’

|r—z|<e

5(€)

is bounded on some neighborhood of zero. So we can pick € > 0 so that

N =

gd(e) <
——

continuous and equal to 0 at 0

Then, if eg < €, we have by induction
1 .
[ent1] < lenls = lim e, =0

and
|5n+1| < ‘5n”€n| ‘5(5n)| )

s0 the theorem holds with ¢ = maxp,_, <. 0(t). ™

Example 15 Newton’s method applied to compute square root: f(x) = x>

where F(z) = x — ff,(é)) =x— Tz;“ = 1(z+ 2). This is the method used to compute square root in
the microcode of many current CPUs. A good xq is found by normalizing the argument to a fized

interval, such as (1,4) by a bit shift and table lookup.

—a is Tpy1 = F(xy,),

4.3 Newton’s Method for systems

A system of n equations in n unknowns can be written as f(xz) = 0, where
fi 1
f = s xr = .
In T

Replacing in Newton’s method the derivative by the Jacobian matrix,
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daH 0 dit

dxq dx,
=

Afm . dm

dx, dfn

and its reciprocal by the matrix inverse, we obtain formally the Newton’s method for systems,

f(xn+1) — " — (f'(x"Jrl)*lf(x").

Review of Cauchy sequences and Banach contraction theorem

See Sec. 77 and 15.2.

4.4 Estimate of contraction number from derivatives.

Theorem 16 If F:S — S CR", S convez, || - || a norm on R™, and |F'(x)|| < q Vx € S, then for
any x,y €S, |[|[F(z) = F(y)| < qgllz —yl.
Define

Then

and by the chain rule

J0 = G S T =) )
j=1 "7 =1
= Flz+tly—=)(y—x)

where
OF, oF,
Oz Oy,

F/ — . ) .

oF, oF,
oxq e Ox .y,

So,

F(y) — F(z) = g(1) — g(0) = /0 g'(t)dt = /0 Fl(z +t(y —x))(y — =)dt.

Because for integral of a vector function f(t) € R™, it holds that || fb (t)dt|| < fb IIf (@)dt||, we
obtain

matrix vector

1F(y) = F(z)]| < /OIIF’(Ith(y—I))(y—SC)IIdt

IN

1
/O IF' (@ + ¢y — 2)lllly — zllde < glly — .-
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4.5 Application of Banach contraction theorem to systems
of equations

We can now apply the the Banach contraction theorem to show that functional iterations converge
if the norm of the iteration function is small enough.

Theorem 17 Let F: S — S C R, S closed, || - || a norm on R", and |F'(x)]| < q Yz € S, where
S c S, S is convex, and q¢ < 1. Then F has exactly one fized point in S, x = F(x),, for any 29,
the sequence defined by (™t = F(z(™) converges to =, and

1209 — 2| < =[]z — 2.
1 q

4.6 Local convergence and Newton’s method

The next theorem shows that if the norm of the derivative at the fixed point is less than one, the
iterations will converge to the fixed point if started close enough to it. This is called local convergence.

Theorem 18 Let F': S — S CR"™, S open, a* = F(x*) € S, || - || a norm on R™, F' continuous at
z*, and ||F'(z*)|| < 1. Then, for £ close enough to x*, the sequence defined by x™+t1) = F(z(™)
converges to z*, and ||z — z*|| < ¢"||z©) — z*||.

Proof. Because F' is continuous at z*, ||F'(z)|] < # < 1 for x close enough to z*, that is,
||z — z*|| < €, for some e > 0. Then, if ||z — z*|| < ¢, then ||z — 2*|| < ¢||z(® — z*|],
2@ —a*]] < glla™) —2*]] < ||z — 27|, etc. m

In the 1D case, Newton’s method is defined by the iterations x, 1 = F(z,), where

_ f)
fi(z)

F(x) =

Note that

(f'(2))? = f(@)f (=)
(f"(@))*

so F(z*) = 0, F'(z*) = 0, hence the iterations converge faster than geometric sequence with

any positive quotient. Recall that Newton’s method is extended to more than 1D by analogy:

o1 = Flaa), Fz) =z — (f"(2)) 7 f(2).

Flz)=1- = f(z)f"(2),

Theorem 19 If f'(z*) is nonsingular and all partial derivatives of order 2 of f are continuous at

x*, then the deriative of the iteration function F from the Newton’s method is continuous at x*,

and it satisfies F'(z*) = 0.

Proof. Denote the entries of the matriz (f" ()~ by (f” (x));l Then Fi(z) = 2i—Y p_y (f7(2)) 3 fx(2),

and using the rule for derivative of product,

Fig(a:):%F ) =0dij — (ka ’(a:));;+Z<f”(x>>;;aifk<x>>.
J k=1 J

To show that the first sum is zero at x = x*: From Cramer’s rule, the entries of the inverse of
a matriz is are rational functions of its coefficient with the numerator nonzero when the matriz is
nonsingular; consequently, because f'(z*) is nonsingular, the entries of (f (), are continuously
differentiable at x = x* from the chain rule, hence %(f’/ (:v)):k1 are continuous at x = x*. Further,
since f(x*) =0, it holds that fk(x*)a%j(f/(x*))ﬁ: =0.

To show that the second sum at x = x*equals 0;;, note that it equals to the product of the i-th
row of the matriz (f'(z))~! with the j-th column of the matriz f', where (f'(x))"1f'=1. m
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4.7 Functional iterations and orders of convergence

Consider iterations of the form x4 = F(xy) with 2* = F(z*) and F'(z*) # 0, |F'(z*)| < 1. From
the mean value theorem,

Tt — " = Flay) — F(a®) = F(&)(wp —a*)
which gives

. |xk+1 | ’

lim —/—— = 1 F =F 0.

kl)Holo |£Uk—.’E*| lIl'l | (gk)l ( )7&
Because the error converges to zero about as a geometric sequence, the iterates are said converge
geometrically, or with order 1. Recall that for Newton’s method we have derived that the error in
step n satisfies lim,, oo ezz“ = C # 0. Here we take another view. Consider the 1D case. Since
Newton’s method is given by xy11 = F(zx) with F(z) = 2 — (f'(z))" ' f(z), and F'(z*) = 0, we
have from Taylor’s theorem

v — 2 = Fla) = F@*) = F(a*) + F'(")ax — ) + 5o F(6) (ax — )2

giving again

This is called convergence of order 2, or quadratic. In general, we have

Definition 20 Sequence a,, — 0 has convergence of order « if

lim |a’“+;| = C € (0,+00)

k—o0 |an|

Application of the Taylor theorem shows that functional iterations have always integer order of
convergence, equal of the order of the first nonzero derivative at the fixed point:

Theorem 21 Suppose T,41 = F(zx,) — x* = F(z*), F™) is continuous derivatives at x*, and
F(z*) = F'(2*) = --- = F"=D(2*) = 0. Then x,, — «* with order m.

For m > 1, if zq is sufficiently close to x*, the iterations are in fact guaranteed to converge to x*
regardless of the value of F(™)(z*), while for m = 1, it is required that |F’(z*)| < 1.

Exercise 22 FExtend the results of this section to multiple dimensions, using a norm in place of
absolute value.

If the iterates are obtained by another method than functional iterations, the convergence order
does not have to be an integer, as shown in the next section.

4.8 Secant method

The secant method is obtained by approximating the derivative in Newton’s method by a divided

difference: ) ) )
_ o J\Te) S Tn) (T — Tn—1
o1 = f@n)—f(@n—) o f(zn) - f(xn—l)
Tn—Tn—1
It can be shown that for e, = x, — z*, it holds that Ent1 N C’enen 1. To obtain the order of

convergence, assume |e, 11| ~ A|en|0‘ From this, e,_1 ~ A= |e,|~, and substituting in the prev10us
equation yields Ale,|® ~ Clen|A |en| . Comparing the powers of |e,| gives o = 1 + 1. hence
o = V5
= 14v5,
The advantage of the secant method is that it does not require the evaluation of the derivative
of f; only one evaluation of the value of f per iteration is required. However, the secant method
cannot be easily generalized to multiple dimension like the Newton’s method.
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Chapter 5

Polynomials and Horner’s rule

Review of polynomials

See Section 14.3.

5.1 Horner’s rule as recursive evaluation of polynomial

Consider numerical evaluation of the a polynomial

p(z)=astaz+...---+apz"

The straightforward approach directly from the definition is to compute the powers z* for all k,
form the terms ayz*, and sum. This takes O(n?) operations.

A better approach is to form the powers z* recursively and build the sum at the same time,
which takes about 2n operations:

p=1

S = Qo
fork=1:n
p=p*z
S =S+ aip
end now p(s) = s

But a few quick experiments will convince you that the terms arizing in the sum (values of the
variable s above) can be quite large, even if the result is not, and the numbers z* can be out of scale.
From what we have learned in the chapter about floating point arithmetic, this does not bode well
for numerical accuracy.

A still better approach is to use the recursion

p(z) = ao+z2(a+asz+ ... +anz"h)
= ap+z(ay + z(ag +azz + ...+ a,z""?)) (5.1)
= ap+z(a+z(az+2z(as... +za,)...))

which is known as Horner’s scheme. We write the recursion as follows:
to evaluate p(zo)

p(2) = ag + zbo, bo=a1+asz+...+a,z" !
bo = a1 + zby, bi =as+asz+...+a,z""2
bn72 =ap-1+ anfh bnfl = Qnp

This can be rewritten as the Horner’s algorithm:

29



30 CHAPTER 5. POLYNOMIALS AND HORNER’S RULE

b, =0
fork=n:-1:0
brp_1 = ap + zby
end
now p(z) =b_;

Of course, if all we care about is the value p(z), we can use a single scalar variable b. However
we will see that the numbers by have a useful interpretation.

A few quick experiments will convince you that the numbers arizing the Horner’s method are
much smaller than in the naive evaluation, especially if z is close to a root, so Horner’s scheme can
be expected to be much more stable.

5.2 Horner’s scheme as division of polynomials

Let zg be fixed and consider the division of polynomials in variable z,

q(z) = p(z) — p(20)

2 — 2 < p(2) = (2 — 20)q(2) + p(20)

Denote q(z) = by + b1z + ...+ b,_12""! and compare coefficient of the same z* in p(z) and (z —
20)q(2) + p(20):

p(z) = ag+arz+...+ayz2"

Z(bg + blz + e + bn_12n71> — Zo(bo + e + bn_lznil) +p(2’0)

= p(Zo) + zobo + (bo - Zobl)Z +...+ (bn_g — Zobn_l)zn_l + (bn—l) z"
——

ao ai An—1 An

That is,

bn—l = an
bn—2=an_1+ 20bn_1
by = a1 + zob1
b_1 = p(20) = ao + 20bo

which are the same numbers as come up in Horner’s scheme. Hence, we have

Theorem 23 The coefficients b_1,bg, . .., bn, from Honer’s scheme satisfyb_1 = p(zo), and p()—p(z0)

zZ—Z0
bo —+ blz + ...+ bn,lznfl‘
5.3 Horner’s scheme for evaluation of derivatives

Given a polynomial p(z) and number zg, we have Taylor polynomial

pll(zo)
2!

p(n)(zo)

p(z) = p(20) + p'(20)(z — 20) + (z—20)%+...+ z—zp)"

n!

where the remainder R,, = p(n:1>(5) (z — )"t = 0 because p**t1 = 0. Dividing by (z — z), we get
p(z) —plzo) p'(z0), ™
p——— = p'(20) + 51 (z—20)+...+ o) (z — 20)

= byo+biz+...+ bn_lz"_l
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Taking the limit z — 2y, we get

p/(Zo) =byg+bizo+...+ bnflzgil,

which can be evaluated again by Horner’s scheme. Higher order derivatives are computed by applying
this proces several times.

5.4 Finding roots of polynomials
The general procedure for finding roots of polynomial p of degree n is

1. root localization: find a reasonably good approximation of a root

2. iterative solution: using the approximation as a starting point, use a method such as Newton’s
method to find a root, say z,

3. deflation: if p(z9) = 0, then p(z) = q(2)(z — z,), where ¢ is of degree n — 1, and apply the
same procedure recursively for the deflated polynomial ¢

Eventually we obtain representation of the polynomial as product of root factors p(z) = ¢(z —
20) ... (2 — zn-1).

For numerical stability, it is important to improve the roots of deflated polynomials by repeat-
ing the Newton’s method on the original polynomial p before using the root in further deflation.
Horner’s scheme is useful in the iterative solution to evaluate a polynomial and its derivative or
derivatives, and to divide the polynomial by the root factor in the deflation step. However, finding
roots of a polynomial by a process involving evaluation of the polynomial suffers from the fact that
it is inherently difficult to evaluate a polynomial accurately. With fast computers and more memory
available, the indirect method described next is preferred.

Overview of determinants

See Section??.

5.5 Horner’s rule and companion matrix

Consider polynomial P(z) = ag+ a1z +...+a,_12" 1 +2" . (Such polynomial with a,, = 1 is said
to be in canonical form.)

Definition 24 Companion matriz of p(x) =ag+ a1z +...+a, 12" 1 +a" is

0 1
0
A:
1
0 1
—ay —ar -+ —Qp-2 —Ap-1

Example 25 The companion matriz of p(z) = 1 + 2x + 322 + 23 is

0 1 0
A= 0 0 1
-1 -2 -3
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Theorem 26 Let A be companion matriz of p(x) = ag+ a1z +- -+ an_12" "t +2". Then det(\ —
A) =p(A).

Proof. Expanding the characteristic polynomial by the first column, we have

A -1
A
det(\I — A) = det 1
A -1
ap a1 -+ Ap_2 A+ap_1
A -1
A
= Adet 1
A -1
ay ax - Ap_2 A+tap_1
A -1
+(=1)"ag det A ,
-1
A -1

that is,
det(A] — A) = Mdet(A] — A1) + ao,

where A; is the companion matrix of the polynomial a; 4+ asx +-- - +a,_12" 2 +2z" ! . Continuing
the same way, we get

det(M —A) = ag+ (a1 +ad+ - +a, A" 2+ A"
= CL0+A(CL1+>\(Q2+"'+an_1An_3+An_2))

= ap+ (a1 +A(az+ -+ MNan—1+A)...))

which is the Horner’s scheme for computing p(\). ®

Review of eigenvalues

See Section 16.4

5.6 Computing Roots of Polynomials as Eigenvalues

Theorem 27 If z is a root of polynomial p(z) = ag + a1 + -+ + ap_12" 1 + 2", then

n—1
Al < max{l,z |ai|}
=0

and
[A| < max {|ao|, 1+ |ai]|,..., 1+ |an|}.
Proof. Let A be the companion matrix of p. Then p(z) = 0 implies

lz] <Al = max|{ao|,1+ |a1],..., 1+ |a,|}
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and
n—1
[af < [|A7 ]| = max {L > lail}
i=0
]

Numerically stable algorithms for computing eigenvalues and eigenvectors are known. So, it
makes sense to replace computation of roots by computation of eigenvalues of the companion ma-
trix [EM95]. This is how Matlab does it, for example. Type in Matlab type root to see the Matlab
source.
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Chapter 6

Direct Solution of Linear Systems

6.1 Triangular matrices

Definition 28 Matriz U = (u;;) is called upper triangular if u;; = 0 for all i > j. Matriz L = (1;;)
is called lower triangular if l;; = 0 for all @ < j.

Square upper and lower triangular matrices look like this:

Uil U1zt Uln h 0 - 0
U — ’ I — l21
0 5
0 0 T Upp lnl 0o --- lnn

In this chapter, we deal only with square triangular matrices. Solving a system with a triangular
matrix is particularly simple. For upper triangular matrix, Uz = y gives

1
U1 T+ +UIRTn =Y1 = Ty = s (y1 — (u12y2 + -+ + U1nyn)
11
1
Un—-1,n—1Tn-1 + Un—1,nTn = Yn—1 = Tn—1 = (yn—l - un—l,nyn)
umn
Yn
UnnTn = Yn = Tp =
umn
In general,
n n
g UijT; =Y = UuZi+ E UijTj = Y
j=1 j=i+1
n
1 .
— SL’Z‘:; Yi — E Ui Tj |, t=n,n—1,...,1
w j=i+1

Algorithm 29 (Solution of upper triangular system)
for i=n:-1:1
_ 1

n
e (yz‘ = D it Uiﬁj)

Ty

end

35
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6.2 LU by Gaussian elimination

Algorithm 30 (Gauss elimination) for i=1:n-1
subtract row i from row 1+ 1...n to force 0 under diagonal term i
end

Gauss elimination can be interpreted as multiplication by transformation matrices. Let A be n x n.

T
_ _ a1 C
A‘A0‘< b A11>

One step of Gauss elimination is the same as multiplication of A by the transformation matrix

1 0
a2

a C

which gives

ail

. . . . T . . . .
Note that b is size n — 1 x 1, c is size 1 x n — 1, so Z%sme n —1 x n — 1, which is a matrix of

rank one or zero. Proceeding this way further, we express Gauss elimination as multiplication by
transformation matrices:

Let Ag=A. Fori=1,2,...,n— 1, when we already have

U, - .
Ai = Ei,1 -~-E1A: 0 (0271 CZT
0 b A
define the transformation matrix
I 0 0
E;=| 0 1 0
0 —bel g

[42%)

and express the operation of adding to all row i + 1,...n a multiple of row ¢ as matrix-matrix
multiplication,

In the end, we get

E, 1---E1A=U
—_———
L1

where U is upper triangular. This allows solution of the linear system Ax = b as follows:

y():ba yi:EZ—yi,l,izl,...,n—l, Ul':ynfh

that is, multiplication by the matrix L=! in factored form, followed by the solution of aan upper
triangular system.
We will show that
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is lower triangular and give an explicit formula for L. First,

I 0 0
El=(0 1 0
b;
OaiiI
because

I 0 O I 0 0 I 0 O
0 1 0 0O 1 O |=101ao0
0 2 T 0 -2 I 00 I

This shows that L is lower triangular, because product of lower triangular matrices is lower trian-
gular.
In fact the matrix L has the columns ;—7 under the diagonal. This follows easily by induction.

Suppose that .

I 0 0
EZN BN 01 0
0 0 Ly
and compute
I 0 0 I 0 O I 0 0
ES'EZL . EL, =10 1 0 01 0 |=[|0 1 0
0 bi I 0 0 Lii 0 b; Lu

[e273

[e27%)

In conclusion, if Gauss elimination can be performed (that it, division by zero does not occur),
we obtain the decomposition

A=LU,

with L lower and U upper triangular, and the diagonal entries of L equal to one.

6.3 Outer product LU decomposition

While it is possible to compute LU decomposition from Gauss elimination, we can compute LU
decomposition directly. Write again the matrix A in the block form

T
o ail C
A( b A >

and suppose we can decompose matrices of order n — 1. To get a decomposition of A, write the

assumed form
ari cr o 1 0 a1 U,{
b A )\ L Ly 0 U

L U

and compare terms:

1
lia;1=b = 11 =—1D>
ail
ul =T

llu{—l—LlUl =A = LU =An —llu{

To compute LU decomposition of A, we use the following algorithm:
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1. compute Iy, u{, and A1 — llu{ as above

2. use the same algorithm to compute LU decomposition of the matrix A;; — llu? of order one
less

3. eventually, A;; will be a scalar, at which point we take L1y = 1, Uy = Ays.

Because the dominant operation is the rank one update A;; — llurf, where lluf is the so-called
outer product, this method is called the outer product algorithm.
outer product

IE be

inner product

Ibc

6.4 BLAS numerical kernels

The dominant operation in outer LU decomposition is the rank one update. This is an example of
a numerical kernel. Numerical kernels are frequently used operations that dominate linear algebra.
Common numerical kernels are collected in the Basic Linear Algebra Subroutines (BLAS) library.
BLAS are available as a free reference source code, optimized libraries by computer vendors and
researchers, and recently as an adaptive optimized library ATLAS, which probes the computer
during its installation and selects the best algorithms for the given hardware, compiler, and matrix
size. The public codes and documentation can be obtained from www.netlib.org.

BLAS routines exist for various types of matrices (general, symmetric, hermitean,. .. ). The first
letter denotes the data type; we use D for double precision here, because this is the most common
one.

Level 1 BLAS are vector operations and perform O(n) operations O(n) inputs. For example,

DAXPY a times z plus y y=axr+b

DDOT dot product s=aly

DSCAL  multiplication by scalar x=azx i=1,...,n
DCOPY copyy==x y==z, i=1,...,n

Level 1 were the first BLAS developed. When vector computers came, such as CRAY, it be-
came apparent that several vector operations should be done in the same loop to allow for more
optimization and better use of the hardware. Thus Level 2 BLAS were developed, which are are
matrix-vector operations that perform O(n?) operations on O(n?) inputs, for example

DGEMV matrix times vector y = Az + LBy
DGER rank one update A=oaxyT + A
DTRSV  solve a triangular system x computed from Lz =b or Uz = b

As the increase of CPU speed has vastly overcame the memory speed, the use of hierarchical
memory became more important. This includes today’s PCs. In the simplest case, such computers
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have a small but very fast cache memory and large but much slower main memory.

Hierarchical memory

Data are moved between the cache and the memory by the computer by a combination of system
hardware and software, completely transparent to the running code. Typically, the cache contains
data that were most recently used, and a request for data that is not in the cache can incur penalty
of hundreds or thousands of CPU cycles. If program operaters on matrices that fit completely in
cache, the calculations are very fast, but getting the data in and out of the cache is slow. For
this reason, matrix computations are structured around Level 3 BLAS, which implement operations
involving O(n?) operations on O(n?) data, such as matrix-matrix multiplication.

DGEMM  matrix-matrix multiply C =aAB+ pC
DSYRK  symmetric rank k update C = aAAT + BC
DTSRM  solve a triangular system LX =aB or UX =aB

For matrices that do not fit in the cache, Level 3 BLAS split the matrices in blocks that do fit in the
cache. In fact, optimized BLAS implementations use a multilevel block splitting to take advantage
of the complete memory hierarchy, from CPU registers to higher level caches. The core of Level 3
BLAS is the matrix-matrix multiplication. There are even implementations of Level 3 BLAS that
implement all other functions by calling a highly optimized DGEMM.

6.5 Block LU decomposition

We now present a version of LU decomposition that spends all O(n3) work in Level 3 operations.
We look for the decomposition in the form

A— A Apg _ Li; O I o Un Uz | } T
AQl AQQ L21 I 0 A 0 I } n-—r
_ Li; 0 Uir Urs
Ly Lo 0 Usx
Comparing the terms, we get
L11U = Aqq LU decomposition
Lo1Uip = Aoy back substitution with multiple right-hand sides
) L11U1s = A1o forward substitution with multiple right-hand sides
A=Ay — L21~U12 rank r update
LooUse = A LU decomposition

If either of the blocks A11 of Ags is too large, the decomposition is used recursively. A common
choce is r << n small enough that matrices size r x r fit in the cache, decompose A1y directly, and
apply the method recursively to A.

6.6 Existence of LU decomposition

Choosing r» = n — 1, write the decomposition above as
A= An—l bn — Ln—l 0 Un—l Un,
' an, Tl 0 Unn

T T
An—l = Ln—lUn—la Ln—lun = bna ln Un—l = Cn, lnnunn = Qnpn — ln Un

where
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Lemma 31 The matrix A has LU decomposition with nonzero diagonal of L and U if and only if
the block Ay1 has LU decomposition with nonzero diagonal, and ass — lipul #0.

Theorem 32 Matriz A € C"*™has LU decomposition with nonzero diagonal of L and U if and only
if all principal minors of A are nonzero.

Proof. The proof is by induction. For n = 1, the theorem is obviously true. Assume that the
Theorem is true for n replaced by n — 1, and prove that it is true for n.If A has LU decomposition
with nonzero diagonal, then A,,_; does and det A # 0. Because all principal minors of A are det A
and the principal minors of A, _1, it holds that all principal minors of A are nonzero. By induction
assumption, A,,_1 has decomposition A,,_1 = L,,_1U,_1 with nonzero diagonals. Since det A,,_1 #
0, it holds that A,,_; is nonsingular, and we can write

I 0 Ap—1 by | | A .
{ . W } [ ' an, } a [ 0 U — cFATL b, |
where
Apn — czA;ilbn = Qpnp — lZ;Un_lAgfan_lun = Qnp — lgun
which gives
detA = det A1 (ann, — l,TLun)

Since det A # 0 and det A,,_1 # 0, we have a,, — [Lu, # 0, and there exist l,,,, Uny, # 0 such that
lnnunn = Apn — lzun u
LU decomposition can be used to compute the determinant of a matrix, since

A:LU:detA:detLdetU:HliiHu”

3 7

See the source of the Matlab function det. Different choices in the selection of l,,, u,, lead to
different algorithms

loyn = 1, Upp = Qpp — l,TLun Doolittle decomposition
lon = Qun — l,TLun, Unn = 1 Crout decomposition

Unn = lnn = \/@nn — [Tu,  Cholesky decomposition

Overview of minors of positive definite matrices

See Sec. 16.6.

6.7 Cholesky decomposition

Choleski decomposition is usually applied to a symmetric matrix. Then, by induction, ¢, = b, and
L, = Ur. Because a symmetric matrix is positive definite if and only if all its principal minors are
positive, we have

Theorem 33 A matriz A € R"*", A= AT has Choleski decomposition A = LLT, with L. € R"*"
lower triangular with nonzero diagonal, if and only if A is positive definite.

In practice, computing Choleski decomposition is the best way to test if a symmetric matrix is
positive definite. If the matrix is not positive definite, there will be at some point a;; — I7 u; < 0.
To find the smallest eigenvalue of A = AT is equivalent to finding the smallest ¢ such that A—tI is
positive definite, a good (and stable) but expensive method is to employ an interval halving strategy.
ty A—t11is p. d.
to A —tol is not p. d.
= the smallest eigenvalue of A is in (1, t2]
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6.8 Inner product LU

Assume A = LU, where L is lower and U upper triangular and derive formulas for the entries of L
and U.

k
i i
k
L U — A
Clearly, Z;nzl? (ik} lijujr = aii. For i =k, this becomes a;; = 23':1 lijuj; = a;;, hence
i—1
@i = Lijwi; + Z Lijugi.

j=1

Variants:
l;; = 1 = Doolittle’s LU

u;; = 1 = Crout’s LU,

lii = uy; = Cholesky’s LU.
Derive formulas for Doolittle’s LU:

i—1
uig =1, iy = ag — 3255 Lijug

— kK

. i i1
1<k = aj= ijl lijUjk = a;k = lugg + Ej:l lijujk SO
1 i—1
wik = 7 | @i — > lijusp
Lii —
Jj=1
ok _yF .y k=1 .
P>k = aix =5 lijuje = ai = Ligukke + 3252 Lijujk gives

k-1
1
Lk = — | @i — Y _ lijujn
Ukl —
Jj=1
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:

kK i>k

L U

Definition 34 If A is n x n matriz and a;;, = 0 for |i — k| > b, then A that is called a band matriz
and b is called its half-bandwidth.

Theorem 35 If A= LU, A is band matriz with half-bandwidth b, then L and U are also.

6.9 Inner product Cholesky

Let A s.p.d. We know A = LL” (exists Cholesky decomposition) Find L efficiently? Develop algo-
rithm

min(i,k)

LLT =A= Zl”lkj = Qi = Z lijlkj = QL
j=1 j=1

i—1
i=k = ay 211214_21% =l =
Jj=1

k1 k-1

. 1

i>k = ag=liglk + Y lijleg = lin = m(aik = lijlij)
=1 : =1

k

ki
k TN Ikk

i%ﬂlik

Algorithm 36 (Cholesky decomposition)

for k=1:n
b = \Jark — 3521 12
for i=k+1:mn i
—1
lik = g (ai — 2252 Laln)
end
end

Here is the algorithm in a form suitable for coding.
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Algorithm 37 (Choleski algorithm)
input: matriz A only lower triangular part used
output: lower triangular of A replaced by entries of L

for k=1:n
for i=k:n
t = a(k,k)
for j=1:k-1

= t-a(j,i) *a(.]7k)
end
if i==k
if t < 0, error, end
a(k,k)=sqrt(t)
else
a(i,k)=t/a(k,k)
end
end
end

6.10 Operations counts

For Cholesky:

n

M=

Operations ~

—1

S

n

(n—k+1)(k—=1) =Y n(k—1)—(k—1)

k=1 i=1 k=1 k=1
2 3 3
= n% - % +o(n?) = % +0(n?)
because
n nm+1
kaz +0(n™),n — oo
m+1
k=1
To illustrate this formula:
T n(n+1) n? n
“e. n————= = — P
2 2
For Gauss elimination:
K
k hd
n-k
. S 2 (n— 1)3 2
Operations ~ Z(n — k)= + O(n)

(n?)=0>+1+---+(n—1)?

43

So Cholesky decomposition saves about half of the operations by taking advantage of the symmetry

of the matrix.
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6.11 Root-free Cholesky

To avoid square roots and generalize Cholesky decomposition for indefinite matrices,

k
A=LDLY ay = Zlijdjjljk: li=1
j=1
dy 0 O
D=1 19 "~ o0
0 0 d

n

U
_ —
I fall leading minors are nonzero we can use LU decomposition to get A = LU= LD(D'U)

A=AT =" A=1LDLT A=LDU AT =UTDLT =" L =U"T

k
Qi = Z = lidjilik, lLi=1
j=1
k—1
= dk = gk — Z djjliju
j=1
= Ujk =

lij=-

Algorithm 38 (LDLT decomposition, root-free Cholesky)

fork=1:n

forj=1:k—-1,

Vjp=djjli;

end

fori=k:n

t= am — 573 Ly djslay
—

Vj

if k==

dipp =1t~

else

lik = g—(air — 1) -+

end

end

end

6.12 Gauss elimination with pivoting

k |
/‘\\

¥
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Row pivoting: exchange rows k and 1, I > k
(k)
AUk

— max
2:1 lark]

Scaled row pivoting: choose [ so that =
Column pivoting: R ~
Full pivoting: choose 1,1 |a;;| — max [,1 > k
1. Initialize p=[1: n],q =[1 : n]

(k)

2. In the rest, a(p(i), q(i)) stores a;;’ after swapping
exchange row 4,1 : p(i) < p(l)
fork=1:n

search for a(p(i),q(j))| — max = a(p(io), q(jo))
p(k) < p(io) q(k) < a(jo))

fori=k:nforj=k+1:n

ai,j) = a(i,j) — %
end, end
end

a(p(i),q(5))

after LU or Gauss or Cholesky we get

B = (bij) bij = a(p(i),q(5))

B=LU
This is usually written as B = PAQ7T, where P and ) are permutation matrices: define P by
Permutation matrix P so that (a(,),;)ij = PA

P A | PA

¥ i
p(i) pa)

Definition 39 A wvector p is a permutation vector if the map i — p(i), {1,...,n} — {1,...,n} ) is
one-to-one( that is, Vj € {1,...,n}3 i : p(i) = j. For a permutation vector p, define the correspond-
ing permutation matriz P = (P;;) by P; ;) = 1, other entries are zero.

Remark 40 A square matriz is a permutation matriz iff every column and every row have exactly
one one and the rest of its entries are zero.

Example 41 p = (1,2,2,) there is no p(i) = 3
and there are 2 values of with p(i) = 2

not a permutation

p = (4,2,1,3): Permutation matriz
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Definition 42 P € R™*" is permutation matriz if p;; = 0 or 1 & every row has exactly one 1 &
every column has exactly one 1

Lemma 43 If P € R"*", p;; =0 or 1, then P is permutation matriz < PPT =T

Proof. every row has exactly one 1 means every row is | o ... 1 0 ... | every column has
exactly one 1
0

p(i)

(PPT); = Pi,:) + (PT)(:. ) = P(i,:) * (P(.2)) = 83
]
Result of LU with pivoting is
PA = LU = Row pivoting
AQT = LU = Column pivoting
PAQT = LU = Complete pivoting (both column & row)
To solve Az = b:
get decomposition PAQT = LU
to solve PAQTy = Pb : solve Lz = Pb
solve Uy = z
compute z = Q7y

Theorem 44 If A is reqular, the row pivoting method will succeed

Proof. If Gauss elimination with row pivoting failed, we have in the reduced matrix the first column
of all zeros, then det A =0. m

6.13 Accuracy of Gauss Elimination

Theorem 45 If A is reqular, a;; machine numbers, gauss elimination in machine arithmetic delivers

-~ k k . . .

LU = A+ E, where |e;;| < 2ne max; |a§j)| where agj) are the intermediate values in Gauss

elimination.
max; j k aly)|

= ¢ is called the growth factor

qa= max; j |aqj|
Theorem 46 ¢ < 2"~! for row pivoting
Better for full pivoting but still grows fast with n.

Remark 47 For a random matriz g small on average. In practice q seen small but for large general
matrices Gauss can be fishy, especially with very large matrices n > 10° as often seen today. Even for
small matrices, if we need do be sure of the outcome, recommend QR instead. If Gauss elimination
with pivoting is used, it is recommended to be followed by iterative refinement (later).
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Gauss elimination can be used without pivoting on
i) s.p.d. matrices
ii) Column diagonally dominant matrices
= reduced matrices inherit their property.
= pivoting not needed.
= bound on growth factor

Definition 48 Vi A is row diagonally dominant if [ ai; |> 32, ;4 | aij |
Vj A is column diagonally dominant if | a;i [> 32, .45 | aij

6.14 Sparse matrices

A = (a;;) only "few” a;; # 0.Define

fill number of nonzero entries

number of all entries

typically as m,n — oo = fill - 0

Example 49 n =m = 1.5-10°
nonzero ~ 5 - 107

5-107 ~ 10—

Example 50 For a permutation matriz, fill is %

Storing sparse matrices
easiest: in three arrays, ¢, j,a;; (a;;-format)
LL” Decomposition on band matrices

X
YA

X
o

%
A

X
BN

v
Y
Ky

Nonzero factor occur in this are:

Cdculate this

We already know that LU decomposition preserves band structure
. In fact:

Theorem 51 LLT decomposition preserve skyline structure
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Chapter 7

Iterative methods for linear
systems

Direct method: full A n xn  O(n3) operations
Iterative method: involving x — Az requires only O(mn?) where m is number of iterations and
only O(mN),
where N is the number of nonzeros, if A is sparse.
Iterative methods share the main idea with Newton’s method. Recall Newton’s method:

ze—z—af(z) a=(f(z)"
fx)=0& 2= F(x)
—_— —_———
equation fixed point
Tterations: z(*+) = F(z(®)
Consider system Az =b
Ar=bs Az —-b=0cz=0—-Q(Az —D)

Lemma 52 Let A € R"*", Q € R™ "™, reqular, then Ax =b < =z — Q(Azx — b)

Ar=b=>2x=24+0=2— Q(Ax —b)
r=2—Q(Ax—b) = Q(Az —b)=0= Az =b

7.1 Stationary linear iterative method
Definition 53 Stationary linear iterative method is x*+1) = 2 — Q(Az*) —b)
Definition 54 Q is preconditioner

Alternative view
A=Q '+ (A—Q"): Splitting of A

Az =1 Qlz+(A-Q Hx=b
Qlz=—-(A-Q Hz=b
r=—Q(A-Q o+ Qb
x=1x—Q(Ax —b)

t oo

49
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Convergence of iterations

2D = P(®) Fa)=2—-Q(Az —b) = (I — QA)z — Qb
F'(z) =1—-Q(Az —b)

Banach contraction theorem = if ||I — QA| = ¢ < 1 in some norm induced by matrix norm. || - ||,
then:

DAl z* 2" = F(z*) (& Az* —b=0)

ii)vz) € R, b+ = p(z®)) —

i) [lo+) — o< Ll — 2]

iv) [lz ) — 2| < ¢F|la@ — 27|

(In Banach: [lz®+Y) — a2 ||=F(z®)) — F(a*)|=g[l2® — z*|))

Definition 55 If A € C"*" then p(A)={max | A |: X eigenvalue of A}

a
P

Theorem 56 If || - || is a norm induced by a vector norm, then p(A) < || A]]

Proof.

Az =Mz x#0
= A ]l < (1Al
= A< 4]

[
Theorem 57 (Householder) If A € C"*", then

p(A) = lunnf | All,

where inf is taken over all norms induced by a vector norm.

Remark 58 p(A) = inf | Al means
N p(4) < A
(1i)ve >0 3], Al < p(A) + €

Proof of Householder’s theorem. (i) done already

(ii) Shur’s theorem from linear algebra: For any A € C™*™ there exist a unitary matrix U and
upper triangular T such that A = UTU T

Recall from linear algebra
Ur=0" complex conjugate transpose U € C™*" is unitary if U*U = I(< U* = U1
A eigenvalue of T < Tu = u < UTU v = v, v =Uu

—
A

p(T)=p(A) Let e >0
if we find norm ||-||_ such that ||T||, < p(T) + €

ITI]. = maxuso T8 = max, o W07AT: 0 o 10" Av]
e = MaXuz0 o~ = MaXuzo = MaXuz0 g,

T=U*AU v=Uuu=U*v

Al
¢ =max e =[|4fz
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Need to find ||-||, so that |7, < p(T) + € t;j = e t;je) = t;;¢ 7"
t;; = 0 unless j <1
|7

o0

t11 tige  ti3€?

22
==
tnfl,nfl tnfl,ne
tn,n
|7 < mas sl + €25 s
oo
< max [|tii || +en max;; [|t;;]]
——
=p(A) B
‘ Tv = Imax | Tev e — max HD:lTDEv |°° = Imax —HT'wﬂe
U oo w#0 ”ﬁ“oo wneq0 ||D€—1w |oc wneqO Twll,
|w|l, = ||D7*wl||,, Te = D7D, v = D7 w, w = Dev
Ivlle = U0l
lwlle = || D2 o]
[vllz = | D v o]
Then
Axll~
v vl
T
— 7
w0 [ulf,
[P T
= max —
w0 || D]
| DU AUD D w||
= max =~
w0 ||[DSTU*AUD||
= ||D7'UrAUD ||
|

7.1.1 Error Analysis of iterative methods

Assume A regular, denote z* the exact solution Az* =b 2* = 2* — Q (Az" —b)
———
=0

substract
oD —gxe = 20 — g — Q(A(z®) — 2*))
denote e®) = 2(®) — 2* —error in k-th iteration e(**1) = (I — QA)e® error transformation equation
denote r*) = Az* — b = residual r* = Ae(¥)
k=A™ — %) = Az
—_——

Theorem 59 Iterations *t1) = Bz(®) + f converge for any (%) to 2* = Bx* 4+ f < p(B) < 1

Proof.
(a) < direction
p(B) <1=3|-[: [Bl<1
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x +—— Bz + f is a contraction in || - | norm

= 3" :2* = Bx* + f,2®) — 2* as k — co by Banach contraction theorem
(b) = direction

Instead: p(B) > 1 = either z* doesn’t exist or 3z(®) : z(*) —» z*

Suppose p(B) > 1

1) if * doesn’t exist, done

2) z* exists e®) = z(k) — z*

2D = B 4 ¢
¥ =Bx* + f
Subtract above second equation from the first equation

z(k+1) —z* = B(z® — z*)

e(k+1) Be(k)

p(B) =1

N | A|[=1, Bu=XM u#0

In the case, f € C*, B e Cr*"

Pick e =

e = z* 40 = z* 4y

e®) = \e® 0  QED

In the case, f € R™, Be R"*"

If | A | = p(B), A € R = Same as above

If \i2 = ReA+i{dmA  u;2 = Reu £ iImu

Bu1 = )\111,1 B’LLQ = )\2U2 Al = 5\2’[1,1 = ’l_LQ

Pick @ = w4+ us (ifReu; = Reug # 0, ReA; = Redy #£ 0
= wu+u #0
e® = Ny 4 X’fﬂl = Re(Muy)

Case eigenvalues of B purely imaginary if B has imaginary eigenvalues
= B? has real eigenvalues of \?
M [>1 XN eR B2 =My |A|>1

(2 = X260 () _

e(2k) = /\fke(o) - 0

2D = gy 4

Example: z(*) is density of neutron flow in a reactor in time ¢
f is external flux
B is bij Z 0

=
=
A

1fixed point
p(B) = 1steady reaction
p(B) > 1Boom
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Theorem 60 (Perron-Frobenius) If B € R"*", b;; > 0 then here exists eigenvalue A of B,
A = p(B) and the associated eigenvector w > 0. If B is irreducible, (cannot be permuted into the

form
Bi1 Bi
0 B
by same permutation of rows and columns), then p(B) is the only eigenvalue of B such that | A |=
p(B), and eigenvector u > 0.

7.1.2 Neumann Series

Now interpret iterations as multiplication by a matrix:

2B = Bap®) oy 0
D = f
t? = Bf+f=(B+Df
¥ = BB+DNf+f=(B*+B+I)f
e = (Bl BE 244 Df
= Y (B*f) a*=(1-B)'f
k=0

(1 is not eigenvalue of B = 0 is not eigenvalue of I — B)

Theorem 61 If p(B) < 1 then (1 — B)~! = 372, B*, that is, ||(1 — B)™' — Y22, B|| — 0 for

any norm, as n — 0.

Proof. Enough to prove this one specific norm, choose || - || so that ||B]| < 1

n
R,=(1—-B)"'— ZB’“
k=0

(1-B)R, = I-(I-B)) B

k=0
I-I-B—---—B"+I+B+..-+B""!
= I+B""!

B <[ B|"* —0

(I - B)R, =1+ B"*!

= R,=(I-B)'B"
= |Rall < (= B)7'B" | < || = B)IBII"* =0 n— o0
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7.2 Basic iterative methods
Recall the general form of a linear stationary method is
2D — (k) _ Q(Ax(k) —b)

The error transformation matrix is
B=1-QA

Basic choices of Q:
1. Q=A"' B =0 direct solver
2. A=LU+E @Q=U"'L"" Iterative Refinement
3. @ =al B =1-— aA Richardson’s method
4. Q = wD™! Jacobi (overrelaxed if w > 1,underrelaxed if w < 1)

5. Q = (éD — L)~! where L is the strictly lower triangular part of A SOR, Gauss-Seidel if o = 1

7.2.1 Iterative refinement

A=LU+E Q=U"1'L"!
FE can be from rounding during LU decomposition, or from approximate decomposition on pur-
pose: drop small nonzeros in the factors to preserve sparsity - known as incomplete LU (ILU)

algorithms
Iterations:
Q — U—IL—I
29 = 0
M = 0-U'L7TYA-0-f)
= ULt
g D) = W) g (A® — f) k>
implementation:
%) = Az(®) — f: residual
L) =)
Uv(k):u(k)
oD (k) (k)

~—~

correction

7.2.2 Richardson iteration

Q=wl ¥t =z® _,(Az*) —p)
B=1-wA

Ap=1—-wly

Relsg > 0« for small w, [Ag| <1

Theorem 62 If Rehy > 0 for all Ay € o(A) then p(I — wA) < 1 for w > 0 small enough,

: 2Re)\
0 <w < miny,ecq(a) Mi‘g‘
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Proof. Suppose Ay = ReAda +iIm Ay

AB=1—wReAg —twlImAy

Fw)=g> =1 —wReds)?+ (wlmAs)?, 0 < w < e = sl < 1
(I —wReAq)? +w?(ImAy)?

=1 —2wReAs + w?|\a]® = f (w)

f0)=1
f—mine f'(w)=0< —2Reds +2w|Aa> =0
= w = il

A

F(Hee) =1 m
2

Corollary 63 If A is s.p.d then Richardson’s interations converge < 0 < w < A

7.2.3 Jacobi method

Q=wD"!, D=diag4

w =1 Jacobi

w > 1 overrelaxed

w < 1 underrelaxed

2kt = g(k) _ D1 (Ax(k) —b)

iteration matrix B=1 —wD™'A

Practical implementation: step k& r*) = Az(®) —p  gB+tD) = gk) _ (k)

Definition 64 A = C™"*™ or R™*" is row diagonally dominant if
Vi Z?:l,j#i laij| < lail

Theorem 65 If A is row diagonally dominant, then the Jacobi method with w = 1 converges.
Proof. B=1—-D"'A

bij = —o iF ]
biy =1— 3% =
LTI o
— A~ aiil
Jj= J=1,j#i
T}_ o ass n
1o mae 2 S B
7 ‘a”‘ (3 -
Jj=1
]
Jacobi for s.p.d matrices.
suppose A is s.p.d = ay; > 0
B=1—-wD'A
a1y af
D= D™ =
QAnn any

s.p.d
1 1
D:BD 3 =]-wD 2AD 2
= o(D2BD % = ¢(B)
analysis of Richardson’s method p (D%AD_%) <lel<w< ﬁ
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Theorem 66 Corollary 67 If A is s.p.d, D = diag(A), then Jacobi method is converges iff 0 <

2
W< SDTA)

Another view on Jacobi as simultaneous iteration when w = 1:

a11xgk+1) + a12l‘gk) T + alnxgﬁ) — b
aglxgk) + a22xék+1) R + a2n$g€) — bg
anlmgk) =+ an2a:gk) 4o + annx51k+1) — b"

A=D-L-U

Dz D) 4 (A —D)z®) =p

) = g 4+ D=1 (Az®) —p)

over and under relaxation: add more or less of the correction to z(¥)
Di+ (A-D)z® =1b

) = ) 4o (2 — 2)

7.2.4 Gauss-Seidel

Use every values as soon as computed:

a11$§k+1) + amxék) T + a1nx7(1k) — b
a21$§k+1) + a22xék+1) 4o + a2n$g€) _ bg
anlxngrl) =+ angxngrl) 4o + annl'glk+1) _ bn

Another view: cyclical relaxation: in turn, from equation ¢ compute x; (that is, relax xz; while
keeping all other unknows fixed)
n
Z aij X j = bi
j=1

Algorithm 68 (Gauss-Seidel, successive relaxation method) fori=1:n
compute x; from equation i:

1 (. N o
ri=p- | bi Zj:u;éiamxj

end
A major improvement on the Gauss-Seidel method was adding more correction (overrelaxation):

Algorithm 69 (Successive Overrelaxation Method, SOR) fori=1:n

— 1 n
T, = X; — wa_n‘ (Zj:l aijmj — bz)
end

Write SOR in the form of linear stationary iterative method:

1—1 n
(k+1) _ (k) 1 (k—1) k
X, =z, —wa—ii Zaijxj + Z aijl'( ) — b,
J=1 j=i+1

A=D-L-U
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L 0 0 ... . 0 0 —az -  —ain
a2 _ . . .
D= I — az 0 o A 0
: . : : —an—1n
0 Ann —api - —appy1 O 0o .. 0 0

multiply by a;;, terms involving x§k+1) to the left.

1—1 n
k+1 k+1 k k k
w E aijxg» +1) —|—a,',-3:§ D _ au-xg ) g a,-jxg» ) b+aiix§ )
Jj=1

j=it1
(—wL + D) z*+D = pk)y, <7Uz(k) —b+ Dx(k))

—w (—L + lD) 2Bt = lex(k) —w (—Ux(k) — b+ Dz® — Lx(k)) —wLx®
w w

Ax(k) —p

<1D - L) o R+ — (1D - L> 2®) _ (Ax(k) - b)
w w

-1
2D — (k) _ (lD - L) (A:c(k') ~ b)
w

1 -1
B=1-QA Q= (;D—L)

7.3 Descent methods

Assume A is s.p.d. Given a directions d minimize

J(z) = %xTAac — 2T

in this direction. Recall that

0
J(m+td)—>mtin & (VJ(x+td),d)y=0

& dV(A(x+td)—b) =0
- tii(Axfb)Td
- DT Ad

Here, (z,y) = 2Ty. Alternatively, let f(t) = J (x + td) and apply the chain rule to obtain the same
result. When we are given a sequence of directions, we have

Algorithm 70 (Descent method) Given d®), k=1,2,...

fork=1,2 ...

r® :<b(k_> 4%(;)
r %) 4t

ty = <d(k),Ad(k~)>

kD) = (k) 4 ¢ q(k)
end
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When d®) are chosen as the columns of identity matrix, we obtain one sweep of the Gauss-Seidel
method. Hence, we have

Theorem 71 If A is s.p.d. and 0 < w < 2;then in the SOR method, J (x) decreases in every
iteration.

From this, one can show that SOR converges for 0 < w < 2.
When d*) = V.J (), the descent method becomes the steepest descent method. The steepest
descent method is quite slow. One can do better by a smarter choice of directions.

7.3.1 Conjugate gradients

Inner product (z,y) , = 27 Ay = (z, Ay) = (Az,y)
(,y) 4, = 0 & x,y are A-conjugate (A-orthogonal)

Algorithm 72 (Conjugate gradients - theoretical) given (9, b, A, M, ¢
0 =p— Az®

20 — ()

fork=0,--- M

()
e = (v A

rEHD = p(B) 4 Ay
(r++D 4,8

pkFD) = (k) 4 g 4(F)
end
Here, v+ = (&) g, 0(8) s, determined from the condition that it is A-orthogonal to the previous

(k1) g4y (k)
search direction: <v(k+1),v(k)>A =0= <T(k+1) + Skv(k),AU(k)> =0 sp= —W

The miracle of Conjugate gradients is that then v(¥*1) is orthogonal to all previous search directions.

S = —

Theorem 73 4
<v(k+1)7AU(l)> =0 Vi<k

() = (.0 0)
<<k+1 Av(k)> <7, (k+1) <k+1>

(r(+D) r(k+1)> (r(b+1) (D)
w®, Av®y — () ®)y

The conjugate gradient algorlthm as written is not numerically stable. The reason is essentially
that in the inner products < (B) > and <7'(k+1) Avk > the components of the inner product will
be large while the inner product itself will be small. The above theorem allows to rewrite CG to get
rid of this instability.

Algorithm 74 (Conjugate gradients) CG-version 1

70 =p— Az
»(©) — (0)
for k=1,--- .M
(r® ()
B o® av®)
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x(k+1) = x(k) + tfu(k)
,,,.(k-f—l) = r(k) + tA’U(k)

(rOHD) (D))

Sk = 7O ()
PO+ () g ()
end

Algorithm 75 (Conjugate gradient code) r = b — Ax

v=r
n=(rr) for k=1,-- .M
z=Av
R
r=x+tv
r=r—1tz
Nold ="
n=(r,r)
= oo
vV=r-+S8sv
end
Op | Count Storage
Ax 1 -
r,b (in/out)
dot 2
v,z (Scratch)
axpy 3

7.3.2 Preconditioned CG (PCG)

general linear stationary iterative method:

Richardson Preconditioned
x—zx—w(lAx—>b) x—zx—Q(Ax—1b)
A QA=1
A STAS @Q=2S85"

to combine CG with preconditioning: run CG on S T AS instead of A substitution z = Sz
run CG on Z, A after some algebra,

Algorithm 76 (Preconditioned Conjugate Gradients, PCG) given z, b, A, M, ¢
r=b— Ax

z=Qr

v=z

c=(z,r) fork=1,--- .M
z=Av

b=t

r=x+tv

r=x—1z

z=Qr

d=(z,r)

(z < e(r,ry <e)stop end v=z+ (d/c)v
c=d

end
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Op | Count

Qx 1 Storage

Ax 1 x,b (in/out)

dot 2 v,z (Scratch)
axpy 3

7.3.3 Properties of CG

(i) ift A € R™*™ CG finds exact solution in n steps at most (in exact arithmetic)
(ii) e®) = g* — 2(k)

le®a = min [|P(A)e® |4
PEPL,p(0)=1
< min max) | p(A) | He(O)HA

PEP,p(0)=1 A€o (A

because |[p(A)|| = p(p(A4))  p(p(A)) = maxyeq(a) | p(N) |
For PCG, replace o(A) by c(QA)

by choosing p € Py,
E—1\"
By, <o 22 (0)
€@ <2 (1) 1€
_ Amax (QA)
~ Amin (QA)
Assumption: A and @ are s.p.d.

If A not s.p.d. methods similar to CG exist but they are more expensive and do not converge so
well



Chapter 8

Interpolation and approximation

8.1 Lagrange interpolation

Problem: find a polynomial from values at given points
2 points — line, linear function p € P,

8.1.1 Existence and uniqueness

Pr. = {set all polynomials degree< n}

Theorem 77 given xo,...,x, € R, distinct, y;,...,yn € R there exists exactly one p € Py, so that
p(x;))=y;,i=0,...,n

Proof. Uniqueness
P, q € Pn
p(zi)=q(z;) =y;,i=0,...,n
=p—qEc Pn
(p—q)(x;) =0,i=0,...,n = p— q has n+1 roots
=p—q=0=p=q

Existence by construction(Newton’s construction)
n=0 po(z)=Co, Co=1yo
n=1 pi(z)=po(x)+Ci(x—w),pi(01) =y = C; = Lrolt)
p1 (z0) = po (z0) +C1 (zo — 0) = 0

——

Yo

have pp,—1 (z;) =v:,1=0,...,n —1py_1 € Ppy

Prn () =pp_1 (@) +Ch(x—20) (—21)...... (x — 2p_1)
C. = Yn—Pn—1(Tn)

n (xn—xi)(@n—21)...(Tn—Tn_1)
| |

Remark 78 generalization

1. Regression (least-squares fit)

find p € Py, m < n to minimize > . |y —p (xz)\2

2. feClm—xi1 =0, y; = f(x;) we get condition p' (x;) = f' (x;), which is known as Hermite
interpolation (next section)

Interpolation polynomial in Newton’s form

pn()=Co+Cr(x—a0)+Co(z—x0)(x—21)+ -+ Cp (. —xg) + -+ (x — )
evaluated by Horner’s scheme
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pn(x):CO+(x*$0) C1+C2(1'7.’£1)+"'

apply the same process
pn (7)) =to, C1 +Co(x —21) +--- =1
to=Co+ (z —z0) 11
tl :Cl +($*Zl)t2

t, =Ch(x—zp)

Algorithm 79 (Horner’s scheme for Lagrange Interpolation polynomial) To evaluate the
Lagrange interpolation polynomial

fori=n—-1:-1:0

ti = Ci+ (v — ) tipa

end

then py, (z) = tg

Remark 80 The algorithm used in practice is actually different, based on divided differences, cf.,
e.g. [KC02]

The next theorem gives an error estimate.

Theorem 81 f € C"" (a,b), p€ Pp,p(x;),i=0,...,n, z;, distinct z € (a,b), then f (z)—p(z) =

(n.;l_l)yf(nJrl) (x —xg)...(x —xp)

¢ € interval spanned by {x,x¢ ..., x,} =1

Proof. = = x; =error is zero. assume x # x;, V;
denote w (t) = (t — xg) ... (t — x,)

(1) =f(t) —p) - ()

A determined from ® (z) =0

A = f(l’)*P(w)v w(z) #0

w(z)

O (x) =P (o) =----- = ® (z,) = 0 ® has n+1 zeros.

Rolle’s Theorem
®’ has n zeros in I
®"has n-1 zeros in I

&+ 1 zero in I

=3el, ot =0

(D) (¢) = fO D (¢) — pr D) (€) — AT (€)
w(t)=t"Tt+ ...

wr*D (¢) = (t"“)("ﬂ) 10

—_———
(n+1)n(n—1)...4+1=(n+1)!
0=fr () = A(n+1)

) = f@p@) _ (e
w(z) (n+1)!
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8.1.2 Legendre form of the Lagrange interpolation polynomial

n=3 I (X)

given xg,...... , Ty, distinct
define I; € Py, [; (Ij) = 5@‘

Theorem 82 p, (z) = > """, yil; (x;)

Proof. 1. l; € 0, = p, € 0,
2. pn (i) = 3o uili(zj) =y; ™
———
One can also try to determine the coefficients of the polynomial p (z) =ag+...... +anx
directly from the equations

ag+ a;x; +...... + anZ = Yi, 1=0,...... N

for unknowns ag, ..., a,, resulting in a system with Vandermont matrix, which is ill-conditioned for
larger n.

8.1.3 Worst-case error for Lagrange interpolation

p€Pn
_ )
build from Sin Cos
To=a,  ,tpn=b xTp—x_1=nh

z€lab] |z —m0) - (x—x,)| < ER203A- . nh = prt1 AL
Consider z € [z,
(= o) (z —x1)| < 45

x € [zg, 1]
|z — 2| < |xg — x2| = 2R
|z — a3] < |zg —x3] = 3h

|z — x| < |z — 20| = nh
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The resulting estimate is

FrO )
(n+1)!

|f(x) —p(z)| < mex

(bna>"+1 (nzl)!

We can do better by a smart choice of the nodes.

8.1.4 Chebyshev polynomials
T,.(z) = cos(narccosz) —1<z<1

To(l') =

Ty (x) = cos (arccosz) = x

cosa + cosb = 2 cos a;rb cos 2b

cos(n—1)t+cos(n+ 1)t =2cosntcost

cos [(n — 1) arccos z] 4 cos [(n + 1) arccos 2] = 2 cos (n arccos x) cos (arccos t)
Tho1(z) + Ty () =27, (z)x

TO (.’L‘) =1

T (z)==x

Tt (x) = 22T, (x) — Ty ()

Vy

Properties
(i) Tn(z) € Pn, n<1
(ii) T, ()—2" iy oo m>1
(iii) = [11}:>\T()|§1
(iv) T (1) =1
because x=1 cos0=1 arccosl =0 T,(1)=1
(V) To (—1) = (-1)"
because x=-1 cosm=—1 arccos(—1)=m
cos (narccos (—1)) = cosnm = (—1)"
(vi) T, () = 0 & x = cos (2§+1) k=0,---,n—1
(vii) |7, (z)| =1 x=cos 2, k=0,---,n
Roots

s
cos (narccosz) =0 < narccoszt = 5 + km

2k +1
= arccosx:(;r—)we[(),w] k=0,---,n—1
n
2k +1
= xzcosw, k=0,---,n—1
2n

Theorem 83 (Optimality of Chebyshev polynomials)
Letp € P, p(x) = 2™+ ap_12" L +--- +ag then

1 1 1
zen[lfbfl] |p(x)] > o1 = n[la b= s In () ’2”—*1Tn () has leading coefficient
or: %%Tn (x) is the polynomial of degree n with leading coefficient 1 that minimizes mazimum

absolute value on [—1,1]
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Proof. Assume p (z) = 2" + ap_12" "' + -+ max,e_q,1)|p(z)] < 1

q(x) = p(x) —2'7"T, () € Pn_1

=0 between each min and max of 2! ~"T;, (z)

= has n roots = contradiction m

8.1.5 Chebyshev interpolation
Let f € C"t1(—1,1), define x3 by Tpi1 (2x) =0, k=0,---,n
2k+1)7

= Ak =0.-.--
T = COS o RN

Let « € (—1,1) then f (z) — pn (z) = L@ ¢ ¢ (~1,1)

27 (1)
where, p, (z) is lagrange interpolation polynomial on zg,- - ,z,
Proof. (1)
ST (€
@) pa@) =L @ w) @)

(n+1)!
27" Thy1 (@)

8.1.6 Caveats

There is no guarantee that Lagrange interpoloation will converge. For n — oo we still may have

lim max |f(x) —pn (z)] = 40 (8.1)

n—oo —1<z<1

In fact, for any family of interplolation meshes there exists a continuous function such that (8.1)
holds.

8.2 Hermite interpolation
Given f find p so that p € Papi1
p(xi) = f(z)
P (xi) = ' (i)
where, i =0,--- ,n  (2n+2 parameters)
From Lagrange interpolation recall the basis polynomials

l; € Pn,ll (l‘]) = 5ij

It can be shown that if

Aj() = [L-2(x—az;)l' (@)1 (z)
Bj(z) = (z—z;)0(2)
then
Ai(z) = 645, Aj(z)=0
Bi(z;)) = 0, B;; () = 0sj

This suggest construction of Hermite interpolation polynomial as

hn = Zf(l‘i) A (x) + f' (i) By ()
i=0
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Theorem 84 Hermite interpolation polynomial exists and is unique.

Proof. Existence follows from the construction above. To prove uniqueness:
Suppose p,q € Pony1, p(xi) = q (i), p' (xi) = ¢' (i), i =0,--- ,n, and let & = p — ¢.Then

® e Popir, (a;) = (z;) i=0,---,n

and we need to show that ® = 0.® has n + 1 zeros. g, - ,Tn
Rolle’s theorem gives ® = 0 at n points between g, -+ , T,
= ® =0at zg, - ,z, = n+ 1 points

= ®' =0 at total 2n + 1 nodes ®’ € Py,

=9 =0

= & = constant

=>&=0

|

Theorem 85 Let f € C*"*2[q,b],and x, x0, ..., 2, € [a,b]. Then there exists £ € (a,b) such that

f(2n+2) (f)

G @) o)

f (@) = hn (2) =

Proof. Similar to Lagrange interpolation m

8.3 Splines, or piecewise polynomial interpolation

8.3.1 Piecewise linear interpolation
a=x9<x1<--<xTp=bb xp41—xK="~

Let f € Cla,b] and use Lagrange interpolation on each [z, zr41] separately. Denote the resulting
piecewise linear function by I; f We have

v lrnann] = f@) - hf @=L @ w) @z

h2
<

Theorem 86 If f € C?[a,b] then

h?
”f - Ivf”c[a,b] < § ||f//Hc[a7b]

Because of that we say that linear inter2™? order accurate or h? - accurate.
Similarly one can define piecewise quadratic on [Tag, Tak+2] separately.

8.3.2 Piecewise cubic Hermite interpolation

Again let
a=20<x1<--<Tp=b xp41—x=h

use Hermite interpolation on each [z, xk41] separately get Hsf, we have

RIG
4!

(z — ax)? (@ — 1)

If = Hsfll = f (z) — Hsf (x)

n4
16

Theorem 87 If f € C*[a,b] then

h4
~ Holan < 55 |77
1 = Ho S letay < 357 79| oo
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8.3.3 Natural cubic spline

Again, let
a=x9g<x1<--<Tp,=">b

Definition 88 Natural cubic spline is defined using prescribed values y; on nodes z;, i = 1,...,n
as the solution of the problem of finding a function f € Cla,b] and f € C? [xg,zx11] for each k,
such that

b
flzi)=y; i=0,--n, / |f”(x)|2dm—>min

Turns out the solution satisfies f € P3 on each [z, 1], f € C%[a,b] (that is, the first and the
second derivatives are continuous across the nodes), and f” (zg) = f” (z,) = 0. In mechanics, an
elastic rod that is fixed the nodes assumes the shape of a natural cubic spline. Such shapes have
been in use in shipbuilding.
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Chapter 9

Numerical differentiation

9.1 Taylor theorem

See section 14.1.

9.2 Omne-sided differences

From the definition of derivative: f’(x) = M for a small h. Error estimate follows from

Taylor theorem:

2
fleth) = f@)+hf@) + o)

f(x+h)_f(x) _ / h "
Y = [@+5/"
9.3 Central differences

From Taylor theorem
h? h3
f+h) = f@)+nf@)+ 5@+ 510
hé h‘:3 .
fw—h) = fl@)=nf'e)+ 5" @) = 571D
Subtracting we get
fle+h) = flz—h) =2hf(z) + = F(n)
which gives

flx+h) = f(x—h)
2h

The error is bounded by f); hence formula is exact if f € Ps.

2
= @)+ 5 5O)

9.4 Richardson extrapolation
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Chapter 10

Numerical quadrature

Many authors call numerical computation of integrals quadrature, and reserve the word integra-
tion for solving ordinary differential equations. The standard reference for numerical quadrature is
[DR&4].

10.1 Interpolatory quadrature
10.2 Composite rules
Orthogonal polynomials

See Section 15.7.

10.3 Gaussian quadrature

Example 89 We develop the 2 point Gaussian integration formula
1
| hog (2} #(a)dn ~ anf (o) + a f o)
0

First we find orthogonal polynomials in the inner product (u,v) = fol [log (z)] u(z)v(z)dz. We will

find useful the formulas
k17t 14 okt
1 — — = d
{'Og(x)|k+1]o /0 {L< k+1> v

Lok 1
= / dx = 5
0o k+1 (k+1)

Gram-Schmidt orthogonalization with ui, = x* gives

1
/ log ()| 2" da
0

vg = ug=1
B (vo,u1) 1
v, = u17<v0’vo>vo_x71
(vo, u2) (v1,ug) 1 5 1
2T w2 <U0,1}0>v0_ <U17U1>v1:x2—§—?<x—1>
= x2—§x+1—7
7 252

71
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Using Matlab, the roots of vy are
xo = 0.60227690811874, x; = 0.11200880616698

The requirement that the quadratures is exact for u(x) =1 and u(x) = z gives

1
ap+a; = / [log(x)|dz =1
0
! 1
aoTo +a1r; = [log(z)| zdx = 1
0

and solving this system of equations by Matlab (use the stored vaues of the roots, do not type the

numbers in!) gives
ao = 0.28146068096962,a; = 0.71853931903038

To verify that the quadrature rule is exvact also for uw(z) = 22 and 3, compute

1
aox%—&—alx%—/ llog(z)| x%dx = 0
0

1
aoxg +ayzd — llog(z)| 2*dx
0

Il
o

10.4 Convergence theory for continuous functions

Bernoulli polynomials and Euler-Maclaurin Formula

See section 7?7

10.5 Romberg quadrature

From the Euler-Maclauring formula (??) with 2m in the place of n and = = x;_1 + th, we have for
the trapezoidal rule

2m bk hk

/r ftydt = g(f(xi—l)'f‘f(xi))—’— > A (P @) - FE Y @) +
Fi-1 Pl

(_I)thQm o T — T 2m

Sl [ B () 10

Adding over all subintervals and noting that the sum telescopes, we obtain an asymptotic expansion
of the error of the composite trapezoidal rule for f € C?™[a, b]:

b
/ f(t)dt = I, + Coh? + C4h* + ... 4 Copy2h®™ 2 + h*™ Ry,
a

where

I, = h(@"’;f(mi)‘f‘ f(;n)>,

o

Co = (V0 - 5D ),
b
|Rom| < Hf@m)”c[a,b] ﬁ 1Bl cpo,1) -

The specific form of the terms in the expansion is not important. We use the fact that
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e (5 does not depend on h
e R,,, depends only on b,a,m, and f(™)

With the asymptotic expansion, we can use Richardson’s extrapolation Define

b—
R(n,0)=1,, h= 2n“.
and then ER( ) ( )
4°R(n,k—1)— R(n—1,k—1
R(n, k) = 1 .
By combining the expansions we then get

I = R(n,1)+Ch*+...+C5, h*™ 2 4 h*™R),
I = Rm,2)+C{h® +...+CY  h*™ 2+ h*™RY

Lemma 90 R(n,0) is the trapezoidal rule. R(n,1) is the Simpson’s rule. R(n,k), k > 3, are
quadrature rules of order h?*%2, and not composite Newton-Cotes formulas.

Lemma 91 The error of Romberg quadrature is bounded by (b — a)C(n,k) Hf(Q")Hc[a ot where
C(n, k) are constants, so R(n,k) is exact for polynomials of order 2k + 1.

Lemma 92 The weights of Romberg quadrature are positive.
Proof. See, for example [Kre98, Theorem 9.30]. m
Theorem 93 Romberg quadrature converges for any continuous function:
Vk : limy, oo R(n, k) =1
limg 0o R(k, k) =1

Romberg quadrature provides an aposteriori error estimate: because R(n,k — 1) is (hopefully)
much more accurate than R(n,k — 1), the quadrature error can be estimated as

I — R(n,k—1)|=|R(n—1,k—1)— R(n,k —1)]
If we then take the extrapolated value R(n, k) as the answer, we have the estimate
I —R(n, k)] S|R(n—1,k—1) — R(n,k—1)].

The value of the estimate is that it uses only quantities known from the computation. Warning;:
obviously, this estimate may fail for some functions - for a given a,b,n,k, it is easy to devise a
function with wild behavior aside from the quadrature nodes, which will fool any estimate based on
nodal values.

To implement Romberg quadrature efficiently, we need to avoid repeated evalulation of f : the
trapezoidal rule

2n—1
B f(xo) f(aon) _ . _b—a
R(n,0=h <T+ ; fa)+ =5, zmi=atih h=——,
contains values of f already computed for R(n —1,0),which form the part of the sum for even ¢.This
gives

h=b-a, R(0,0) = g(f(a)+f(b))

M—1
-1
h=" m=on R(n,O):4R(n2 ’0)+hZf(a+ih).

i=1
7 odd
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Also, we put the extrapolation formula in a numerically more favorable form as adding a small
update

R(n,k) = R(n,k—1) + (R(n,k—1)—R(n—1,k—1)).

4k — 1

10.6 Adaptive quadrature

Developing the idea of aposteriori estimate leads to adaptive quadrature. The goal of adaptive
quadrature is to find the integral of the function to a given tolerance with minimum number of
evaluations. We describe algorithm based on Simpson’s rule, similar to the method used in the quad
function in MATLAB. See [GGO00] for more details. The error of Simpson’s rule has the asymptotic
expansion, from the beginning of the second column of the Romberg table, or directly from the
Euler-Maclaurin formula. With

h = b;a, xj=a+hj
we have
Q1
b 2h 4 6
[ #at = % (rlan) +4F (a2) + Flaa) +C 20+ O(H0)
b
[0 = % (Flan) +26(0) + 47 (a2) + 2f(w) + f(0) +CH* + O

Q2

Eliminating the h* terms gives the extrapolated value
1
Q=02+ E(QQ - Q1)

and we have the aposteriori estimate

b
/ F)dt— Q| <102 — @l

cf., (77?).
The adaptive quadrature algorithm now proceeds as follows:

1. Given a,b, f, and tolerance 7, compute @1, Q2, Q.
2. If |Q2 — Q1] < 7, then @ is the answer, exit.

3. Otherwise let ¢ = aTer, and apply the same algorighm twice, with (a,b) := (a,¢), 7 = 7/2, and

with (a,b) := (¢,a), 7 =7/2.

In a practical implementation, the values of f, once computed, are passed as function arguments
rather than computed again. Note that here, the tolerance imposed on each subinterval is propor-
tional to the subinterval length. so the sum of the error estimates will not be larger than the given
tolerance. The quadrature in MATLAB does not decrease the tolerance, however. Type edit quad
in MATLAB to see the source code. In general, it is not possible to design adaptive quadrature to
deliver a result with the specified tolerance for every function.
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10.7 Integration of periodic functions

Consider a periodic function f € C™(R) with period M, f(t+ L) = f(t), and let

h:—, l‘i:ih.
n

The Euler-Maclaurin formula in one of the subintervals becomes with the substitution x = z;_1 +th

Z; m k k—1
[ s = e + s+ Y T (56 ) - 6D )
Fi-1 k=3
R ghm  Bn i )f<m>()

By summation and noting that the terms with f*~1 telescope, we get the rectangle rule

/OL Ft)dt ln

I

] =
]
\H
T
_|_
=

i=1
IR < h_mzn:/iE B [ 2220 70 (2)de
- ml Sy " h
< Cph™ || fm C,, = M.
- Clap]’ m!

So, for periodic functions, the simplest rectangle rule has arbitrarily high order of convergence if
f is smooth enough.

10.8 Improper integrals and special integration formulas

The easiest is to transform the integral before numerical computation:

1 1 1
/ x 12t dy = [23?1/26;1 — 2/ 2V %e*dx
0 0 0

The latter integral has continuous integrand, though singularity in derivative. Repeated integration
by parts can be used to get smoother integrand.

We can put the singularity into a weight function and use Gaussian integration on n + 1 points,
which computes f: w(z) f(z)dr exactly if f € Payy1, cf., Example 89.

Integral on infinite interval can be treated by a substitution: for example, an increasing function
w: (0,1) — (1,+00), such as

w(t) =

1
=0 p>0,

can be used to convert an improper integral into an integral on a bounded interval
“+oo 1
| @i = [ wwsw)a
0 0

————
g(t)

Integration of a function on a bounded interval can be converted into integration of a periodic
functions by a substitution as follows. Let w:[0, 27] — [0, 1],and
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then ) .
/ f(x)de = / W (8) f(w(t)) dt
’ ’ g(t)

where g and some of its derivatives vanish at 0 and 27.We then can extend g to a periodic function
on R and apply the rectangle rule to the transformed integral, which gives a quadrature rule for the
original integral. One examples of functions w is

tP

w(t) = 57 @r — )

See [Kre98, DR84] for more.
Sometimes an integrand can be decomposed into f = f; + fo, where f1 can be integrate analyt-
ically, and fs is smooth and amenable to being integrated numerically; for example,

1 1 1
/ xil/zexdmz/ zil/Zdaz—F/ 2712 (e" — 1) dx
1 2

For x =~ 0, one should evaluate the latter integrand using Taylor expansion, e — 1 = x + %2 +...,
to avoid loss of significance due to subtracting two close numbers (Sec. 3.1).

10.9 Multidimensional quadrature

Quadrature rules can be nested: for example, by applying the 2 point Gauss rule first to the outer
integral, then to the inner integral,

/ 11 / llf(w)dmy | 11 ( | 11 f(x,y>dx> dy
/_f(m\?—%)da:—&—/f(x%)dx
e IC RS A R

Clearly, this product rule is exact for all functions f that are polynomials of order at most 3 in each
variable:

Q

fz,y) = Z aijmiyj

0<4,5<3

Integrals on a more general domain K can be computed by substitution: if the domain K is an
image of K = (—1,1) x (—1,1) :

d:K— K, ®uv)= [ gl(zw) ] , @ is one-to-one,

//f(xhxg)dmdy = // f(@(u,v)) |Jo(u, v)| dudv
K

K g(u,v)
where Jg(y,.) is the Jacobian,
2 2
Jq;.(u, U) = det |:88u q)z(u’ U) 681) (I)I(u7 U) )
30 Py (u,v) 55 Py(u,v)

The numerical quadrature rule is applied to the gransformed function g on the reference domain K.
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On a triangle T' with vertices A, B, C,one can show that the formula

[ = = (52) 5 (45) 5(259)
T

is exact for all quadratic polynomials

flay) = Y aya'y.

0<itj<2

Similar quadrature rules and their error estimates exist in higher dimension than 2. They have
been recently in use in in the Finite Element method for solving partial differential equations.
Similary as in the Finite Element method, one can compute the integral over a more general region
by splitting the region into a union of non-overlapping rectangles or triangles, and adding up the
integrals. For more on the quadrature rules used in the Finite Element method, see [Hug00].

Integrals in high dimensions are not tractable by such tensor product schemes: for example, m
point composite Simpson’s rule in R¥ has accuracy O(m*) but require evaluation of f on n = mF
points. Instead, such integrals are computed by methods such as Monte-Carlo, evaluating the
function at random points as follows.

Let X be a random variable with uniform distribution on a bounded domain Q in R¥. To
integrate a function f on €2, we consider the relation of the integral and the expected value of the
random variable f(X):

1= / f@)dx = E(f(X)) area(2).
Q
If we now generate random points (with uniform distribution) X; € Q, the sums
area(Q) w—
I, = # Z F(X5)
=1

will approximate the integral I in the sense that the random variable \/n(I,, — I') has normal distri-
bution N(0,02), in the limit for large n, where

o? = / fPdx —I7.
Q

For example, this means that the probability of |I,, — I| > Bﬁis less than 1%.Practically, this means
that the Monte Carlo integration converges as 1/+/n. If the the area of  is not known, the function
f can be extended by zero to a function on a larger domain of a simple shape, such as the product
of intervals. For more on Monte Carlo methods and quadrature in high dimension, see [?].
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Chapter 11

Numerical solution of ordinary
differential equations

11.1 Initial value problem for first order systems

We consider initial value problems for first order systems of differential equations,

u'(t) = f(t,u(t), u(to) = uo.
The dependent variable u(t) is a vector function in R™ of the scalar variable ¢,

ua (t)
ut) = -
Un(t)
The function f is a function of n + 1 variables, written as (t,2) € R x R™.A solution of the initial
value problem in an interval I > tq is a function u that has derivative v’ in I, satisfies the differential
equation u'(t) = f(¢,u(t)) in I, and satisfies the inital condition u(tg) = ug.
An initial value problem of arbitrary order p,

v®) = F(t,v,0 ., 0P D) w(te) =), .., 0D (1) = op T,

can be written as (11.1), by introducing additional variables for the derivatives. Let

/ " n—1).
Uy =0, ug =0, ug =0",... uy =v™Y;
then (11.1) becomes
u) Ug Uy v
b Us Us vg
d . . . (t ) .
N : = : ) : 0) = : )
dt , n—2
Uy 1 Up Up—1 UO
/ n—1
ul, F(t,ug, ... upy) Up vy

which is of the form (11.1). This reduction of a high order initial value problem to a first order system
is useful for studying properties of the initial value problem, such as existence and uniqueness of the
solution, as well as for solving the problem numerically - most software for initial value problems is
written for first order systems, and, in principle, one would need to develop only methods for first
order systems. However, special methods for the second order systems u” = f(¢,u,u’) are also used.

79
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Review of Banach contraction theorem and estimate of con-
traction number from derivatives

See Sec. 15.2 and 4.4.

11.2 Existence and uniqueness of solution, Lipschitz condi-
tion
Here, we denote vectors in R™*! as (¢, ), with teR and xeR™. For two points C, D € R", inequalities

are understood componentwise

etc., and denote intervals by
[C,D] = {zeR":C<zx<D}
(C,D) = {zeR":C<z<D}

Theorem 94 Let f : R = [c,d] x [C,D] C R*"™ — R"™ be continuous on the region R and satisfy
the Lipschitz condition in the second variable,

vt € (¢, d),z,y € [C,D]: |f(t, ) = f(t, Yl oo < Lz =yl

with some constant L, and let (to,up) € (¢,d) x (C, D). Then there exists a constant a > 0 such that
the initial value problem
ul = f(tau)7 U(to) = Uo,

has unique solution on (ty — a,to + a).

Proof. From the fundamental theorem of calculus, the initial value problem (?7?) is equivalent to
the integral equation

u(t) = ug —|—/t f(r,u(r))dr.

This allows us to rewrite the initial value problem as a fixed point problem u = Au, where the
operator A is defined by

A:u—wv, v(t)=up —|—/t f(r,u(r))dr.

We need to find a Banach space V and a closed set B C V such that A maps B into itself and is a
contraction on B. Let u,v be continuous on [¢, d] and such that

u(r),v(r) € [C,D] V7 € [c,d].

From the Lipschitz condition (?7?), if ,

t

[(Au — Av) ()|« = ‘ (7, u(r)) = f(7,0(7))dr

to 0
t

t (7, u(r)) = f(7,0(7)) |l dT

< —
< al max [lu(r) = o(7)|

IN

o *

So, we choose the space V = (Cltg — a,to + a])" ,which is the space of all R valued continuous
functions on [ty — a, to + a], equipped with the norm

[ully = max [lu(7)]

c<1t<d oo’
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which gives the contraction property
|Au — Av||, < cllu—v|,, c=al <1,

if a is small enough. For the values of Au, we have the estimate

/t: f(ryu(r))dr

< aM, M=
<M M= max i)l

1(Au)(t) = uollo

(Because the function || f(7,z)| ., is continuous on the closed and bounded set [¢,d] x [C, D], it
attains maximum.) This means that (Au)(t) € [ug — aM, ug + aM]. So, if we choose a > 0 small
enough so that also

[ug — aM,ug + aM] C [C, D],

we have
Yu € B: Au € B,

where
B={ueV:Vteto—ato+al:u—aM <u(t) <ug+aM}.

If u* is a sequence of functions from B and ||u* — ul|,, — 0, k — oo, then, by passing to the limit for
each t and each coordinate, we have u € B, hence B is closed. Hence, from the Banach contraction
theorem, the equation u = Awu has a unique solution in B. =

Remark 95 Because a continuous function attains its mazimum on a closed and bounded set, the
Lipschitz condition will be satisfied as soon as all partial derivatives %;Ty) are continuous on [c, d] X
[C, D]. However,

Example 96 Function f(t,z) = x? does not satisfy the Lipschitz condition (??) in any rectangle
[e,d] x R; in general, the region R needs to be bounded. However,

Remark 97 Once the solution is known to exist and be unique in the interval [to — a, to + al, it can
be continued further by picking the point to — a or tg + a to play the role of tog. Because the value of
a 1s determined only from the conditions

al <1, [up— Ma,up+ Ma] CR,

the solution can be continued until it eventually reaches the boundary of R.This can be done for a
general Tegion R, not just a rectangle.

The importance of the Lipschitz condition is that it determines the sensitivity of the solution to
the initial condition. It gives a bound on how far apart can two solutions with close initial values
get

Theorem 98 Let u, v satisfy
u = f(t,u), v = f(t,v)
in an interval (¢,d), and [ satisfy the Lipschiz condition
Hf(ta .’E) - f(tvy)”oo <L ||{E - y“oo

Then for any to, t € (¢, d),

lu(t) —v(t)] < llulto) —v(to)|l o olt—tolL
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Proof. Let t > tg, and k > 0 be an integer, and let z = u — v. We then have from the differential
equation and the Lipschitz condition

12" (M) lse < L12(T)ll o0 »

for all T € (to,t1). Define

t—t
t; = to+ih, h= ko’
m; = ti,rlngarxgti 12(T)lo s ™m0 = [l2(t0)l| o

Using the mean value theorem in each coordinate separately, we have for 7 € (t;_1, ],
2 (1) = zj(tic1) + 25(§;) (T —tica), & € (tica,7),
which, taking the maximum over all j and all 7 € [t;_1,¢;], gives
m; < mi—1 + hLm,,
SO

mo

< < —
IOl < < s

Taking the limit for & — oo and using (1 — %)k — e~ we get

126)]| o < I12(t0) | o 10"

The case t < tq is similar, or one can use the substitution t —tg — t+t;. =
Obviously, we can expect trouble when solving initial values problem with large Lipschitz constant
L.

11.3 Euler method and its variants
Let
ty =to +kh, h>0.

We are looking for approximate values of the solution of the inital value problem at points ¢y,
up ~ u(tk).

Replacing in
tret1
u(tpr1) = ulty) + / f(r,u(r))dr
23
the integral by
trt1
[ frutrdr = b))
tk

and further replacing the values of v by the approximate values uy,we get the Fuler method
Uk4+1 = Uk + hf(tk,uk).
The Euler method can be also thought of as replacing the derivative by one-sided forward difference,

Ug4+1 — Uk ¥

5 (t;wuk).

Euler method approximates the solution curve by a broken numerical solution line made of tangents:
in Fig. 11.1 left, you can see that the slope of the line in [tg,t541].is given by the derivative of the
exact solution passing through the point (¢, uy).
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Euler Euler method, u'=-25u
25 3r N

Figure 11.1: Euler method for v’ = u, u(1) =1, and v’ = —25u, u(1) =1

The initial value problem
u =au, u(ty) =uop

with @ < 0 has the solution u(t) = upe® — 0 as t — oo. So, it is desirable that the approximate

solutions have the same property: up — 0 as k — 00.The Euler method fails for large negative a
(cf., Fig. 11.1 right). The reason is that for this model problem,

Up1 = U + haug = uk(l + ah),
S0
up = uo(1+ah)® — 0, k — 00 <= |1 —ah| < 1.

In this case, we are forced to use small h < 1/a even if we are approximating a very smooth solution,
essentially a constrant for large ¢.Another example of this kind the equation

u' = a(u(t) —sint), wu(to) = uo,

with large negative a, which, for large ¢, has smooth solution wu(t) = sint, and yet one has to use
small h dictated by the condition |1 — ah| < 1.
More generally, consider the n-dimensional problem

u = Au, u(to) = uo.

For simplicity, assume that A is diagonalizable; then there is a basis of R™ consisting of eigenvectors
of A:

AU = \;U;
and the solution of the initial value problem is found by decomposing the initial value in the basis
of the eigenvectors, solving for each component separately, and adding the results:

n n
Ug = E ciUj, u= E chje)‘j(t_tO).
j=1 =1

But, in general, the eigenvalues of A may be complex, so we are forced to consider complex eigen-
vectors, and the complex exponential:

e? = eRez(

cosIm z + isinIm z).

Clearly, v — 0 as t — oo <= ReA; < 0 for all j = 1,...,n. Ordinary differential equations where
some of the eigenvalues of A, or of the matrix %Of the derivatives of f in the nonlinear case, have
a large negative real part, are called stiff.
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Backward Euler

Backward Euler method, u'=-25u

Figure 11.2: Backward Euler method for v’ = u, u(1) =1, and v’ = —25u, u(1) =1

Definition 99 The region of stability of a method for initial value problems is the set

. ) ;L _
j {ha €C:Reha <0, the numerical solution ug of v' = au, ug =1, }

satisfies up, — 0 as k — oo
The region of stability of the Euler method is the circle
R={haeC:|1—ha| <1}.
The Backward Fuler method is obtained by using the approximation of the integral
thtt
| s e i),

which gives
U1 = U + B f (L1, Ut1)-
See Fig. 11.2. This is an implicit method - we have to solve for the value of up1 at every time step,

for example, by Newton’s method. In contrast, methods like the Euler method, which have w1
only on the left-hand side, are ezplicit methods. For the problem v’ = au, we have

Upy1 = Up + haugy
TS L}gHO@|1—ha|>1
(1 - ha)

The last condition is satisfied when ah is outside of the circle in C with center at 1 and radius 1, so
the region of stability of the Backward Euler method is

R = {ah : Reah < 0}.

Methods with this region is stability are called absolutely stable - there are no restrictions on the
step size.

By averaging the Euler method and the Backward Euler method we obtain the Trapezoidal
method (or Implicit Euler method, Crank-Nicholson method)

h
U1 = U + 5 (f (b, ur) + (g1, Uks1)) s

which is also obtained by approximating the integral by the more accurate trapezoidal rule,

| >

/k+1 f(rou(m))dr =~ o (f(te, u(te) + f(te1, u(tes1)))

tr
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Trapezoidal
14 . Trapezoidal method, u'=-25u
121 : :

L L
1 15 2

Figure 11.3: Trapezoidal method for v’ = u, u(1) = 1, and v’ = —25u, u(1l) =1

Heun Heun method, u'=-25u

Figure 11.4: Heun method for v’ = u, (1) = 1, and v’ = —25u, u(1) =1

and replacing again u(t;) by u;. See Fig. 11.3. To obtain the region of stability, we have for the

problem v’ = au,

h
Uk+1 = up+ 5 (auy + augy1)
k
1+ 4
U, = ( 2h> up — 0, k— o0
-y
— 1+ah2<1 ah ”
2 2

— 1JrReah 2+ Imah 2< 17Reah 2+ Im ah\ 2
2 2 2 2
<= Reah < —Reah <= Reah <0

so the Trapezoidal method is absolutely stable,
R = {ah : Reah < 0}.

To solve the equation (or systems of equations in the n-dimensional case) in the Trapezoidal
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method for ug,1, we can use fixed point iterations on the equation

upr1 = F(upy1), F(z) =u, + g (f (tryur) + ftrs1,7))

Assuming that f satisfies the Lipschitz condition

1f(t2) = Ft Yl < Lz =yl

we have

Lh
1£(2) = W)l < 5 llz = yllo

so F will be a contraction and the iterations v «— F(v) will converge when Lh < 2. This will be
satisfied for sufficiently small h, and, the smaller h, the faster the iteration. A good starting point for
the iterations is the result of one step of the Euler method. Using one fixed-point iteration (which
we will show later is sufficient to retain the order of the Trapezoidal method) gives the Heun method
(or Improved Euler method)

uiﬂ = up+ hf(lf]€7 Uug),
h
Uprr = ukt g (f(trur) + f(terrsup ) -

See Fig. 11.4. This method is an example of a predictor-corrector method — first an explicit rule
of a lower order of accuracy is used in the prediction step, which gives an initial approximation
for iterations on a more accurate implicit rule. Here, the Euler method is the predictor and the
Trapezoidal rule is the corrector.

Exercise 100 Show that the Heun method is not absolutely stable.

To implement the Trapezoidal rule in the nonlinear case, one needs to use a better iteration,

such as the Newton’s method, for the corrector step. This requires the user to give also the matrix
of the derivatives %. Again, the Euler method is used as the predictor. Such methods are most

reliable and widely used for stiff problems. Alternatively, the derivatives can be estimated by finite
differences, which of course creates new questions, such as how to determine the proper stepsize for
the differences.

11.4 Local error analysis
Local error analysis The error of the numerical scheme in one step is defined as follows.
Definition 101 Let ug be numerical approximation of the solution of the IVP

u' = f(t,u),  ulto) =uo
at tg, and for each k, let tg denote the solution of the IVP

ay, = f(t,ax),  r(ty) = ug
The local truncation error is defined by
Tk = U1 — U (trt1)-

A method is of order p if T, = O(hPTL), where h = tj. 11 — tg.

The reason for the exponent p + 1 is that error from multiple steps accumulate, and a solution
over a fixed interval will involve O(1/h) steps, hence the error of the solution over the whole interval
will be O(h?). See Sec. 11.6 below.

The methods studied so far were one point methods:
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Definition 102 One-point method for the solution of IVP is a method of the form w41 = F(t, ug).

To estimate the local truncation error and determine the order of the method, we expand both
), and ugy1in the powers of h and compare the terms. We assume that all needed derivatives of f
and of the solutions uy, are bounded in the region of interest.

For the Euler method, we have

Uk+1 = Uk—Fhf(tk,uk),
G (ter1) = k(ty) +h @y (ty) +O(h?),

S—— S~

Uk ftr,ur)

which gives 7, = O(h?); hence the Euler method is of order 1.
For the Backward Euler method, we need to use zero order Taylor expansion of f,

f(rs1, urs1) = fte, ug) + O(h),

(because tg41 — ty, = h and ugs1 — ug = hf(tx, ur) = O(h)), which gives

U+l = Uk + hf(tk+1,uk+1) =up +h (f(tk,uk) + O(h))
= up + hf(tg,up) + O(h?),
'ak(tk+1) = ak(tk) +h ﬂ%(tk) +O(h2),
——r ——
Uk f(tk,’u.k)

and comparing the terms we get again 75, = O(h?); hence the Backward Euler method is also of
order 1.
For the Trapezoidal method, we use the Taylor expansion of f of order 1, for increments ¢ = O(h),
f(tk? + Cauk + 6) = f(tlm ’U/k) + ft (tlmuk) C + fw (tkauk:) f + O(h2)7

where £ € R™ and f, is the matrix of the partial derivatives of f with respect to the last n arguments,

ofr of1
Oxq e Ox,,
Ofn Ofn
Oxq ce Oxy,

Then

h
U1 = U + 5 (f (i, ug) + f(brt1, Ukt1)) -

To simplify notation, write just f for (¢x,ux), and similarly f; and f, ; then
h
Ukt1 — Uk = 5 (f + f+hfi + folunsr —ur) + O(h?))
hoo\ h?
Upt1 — U = (I - 2fac> (hf + ?ft + O(hQ)) :
From the Neumann series (Sec. 7.1.2), the inverse matrix has the expansion,
ho\ h )
I——f: =TI+ —f. +0(h%),
2 2
which gives
h 9 h? 9
Uk41 = Up+ I+§fx+0(h ) hf+7ft+0(h )

2
= wt B+ it ff) 00



88 CHAPTER 11. NUMERICAL SOLUTION OF ORDINARY DIFFERENTIAL EQUATIONS

To get the Taylor expansion of @y (tx41), use first that @) (t) = f(¢,ux(t)) and the chain rule to get

d
t=ty,
hence
h2
Ur(thy1) = n(te) + hag(ty) + 7%’ +0(n?)

2
= U +hf+g (ft+f’£f) +O(h5)

Consequently, 7 = O(h?), and so the Trapezoidal method is of order 2.
To analyze the local truncation error of the Heun method, it is useful to note that the method
consists of nested evaluations of f and consider the more general form

Upy1 = U + alhf(tk, uk) + aghf(tk + coh, f(uk + dglhf(tk, uk)).
The Heun method is obtained for

a)p = ag = ,62:d21:1..

1
2
Again, drop the arguments (¢, ux) when appropriate. Compute Taylor expansion of uj41using the
Taylor expansion of f of order 1 and the chain rule:

Upyr = Uk +arhf + aghf(ty + cah, flug + darhf(tg, ug)) + O(R?)
= wp+arthf +ash (f + ficah + fodorhf + O(h?)) + O(h?)
=y + (a1 + ag) bf + agcah® fi + azdarh® fo f + O(R®).

Comparing with the Taylor expansion (?7),

2
k(ter) = wn o+ B+ (ot fuf) + O(R),

we see that the method will be of order 2 if the coeflicients satisfy the equations
1 1

a1 +az =1, agex = 3 azda = 3

Indeed, the coefficients of the Heun method satisfy these equations. Another solution is
1
ap =0, ax=1, C2=d21=§,
which gives the Improved Euler method
1 h
Uk41 = Uk + hf tr + Eh, ug + §f(tk,uk) s

which is of order 2. Note that this method can be understood as doing one step of Euler method with

half the time step, and then using the result for central difference approximation of the derivative,
which is of order 2.

11.5 Runge-Kutta methods

The Heun method and the Improved Euler method use nested evaluation of f to match the first
three terms the Taylor series for @ (tr+1). They are special cases Runge-Kutta methods, which are
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of the general form

Upt1 = uk—|—ZaiFi

1—1
hf t+6ih,I+Zdiij 3 i:l,...,m

j=1

F;

The original, and still widely used, Runge-Kutta method of order 4 has m = 4 evaluations, and the
coefficients

1 0 0 0 00

i 1 1000

a= ||, c= |t d=]8 1 ¢
2 2

% 1 0 0 1 0

The coefficients of Runge-Kutta methods are solutions of system of nonlinear algebraic equations
arizing from matching the Taylor expansion of the solution. Solutions giving the order p = m do
not always exist; in general, the order that can be achieved is less than the number of evaluations:

Number of evaluationsm 1 2 3 4 5 6 7 8
Maximum order p 1 2 3 4 4 5 6 6
Runge-Kutta method of order 5 and 6 evaluations of f is given by
16
i35 0 (1) 0 0 0 0 o0
0 i 1 0 0 0 0 0
6656 é é 9 0 0 0 0
a= B8], e=[B|. d=|B Bw ms o o o
56430 13 2197 2197 3197 w15
—%5 1 516 -8 =3 ~—1m 0 0
P 1 et TP S VRS N DR
55 2 2 2565 4104 40

11.6 Global error analysis of one-point methods
Global error Recall from Definition 101 that the local truncation error at tj is defined by
Tk = Up41 — Uk (tht1)-

where @), = f(t, 1), Ux(ty) = ug.Using the estimate of how far apart two solutions of differential
equation can grow (Theorem 98),

u(t) — o). < llulto) —v(to)ll, elt—tolL

where L is the Lipschitz constant, we have for the difference of the numerical and the exact solution

o~ s = I7ntllog e Irnallog .+ €D ol
eth -1
o max ol i)

Theorem 103 Suppose the Lipschitz condition holds with constrant L, and ||Ty||, < 7 for all k.
Then
eL(tn—to) _ 1 eL(tn—to) _ 1

Hun_u(tn)“oo S €hL—1 T= hL 7.

Note that the global error has one less power of h than the local error, and that global error can
grow exponentially with the distance from ¢.
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Long term behavior All error analysis are only for ¢ in a finite time interval and linearization
of the differential equation. For large ¢, we want the method reproduce asymptotic behavior of the
solution. We have seen one such example in stiff problems, where the solution of the model problem
satisfies u(t) — 0 as t — oo,and we have studied which numerical methods exhibit the same behavior.
More generally, if the solution has a limit as t — co,we would expect the numerical solution converge
to have the same limit. For nonlinear systems where there is no limit of the solution as the t — oc;
the question is which more complicated attributes of the behavior of the solution for large ¢, such
as oscillations, cycles and atractors, are reproduced by numerical methods [SH96].

11.7 Multi-point methods

11.7.1 Leapfrog method

Replacing in Euler’s method the one-sided difference by the more accurate central difference

u(t+h) — up—1(t — h)
2h

= /(1) + O(h?)

gives the leapfrog method
Up4+1 = Un—1 + thn

Looks great, without any extra cost (still one evaluation of f per step) we get a method of order
two. But numerical examples for the equation

v =—u, u(0)=1

Ashow that after a while, the iterates start oscillating and the method blows up. Replacing ug and
uy1 by values of exact solution and decreasing h delays the blowup but eventually the method fails
anyway. Why? For the model problem the leapfrog method becomes

Up4+1 = Up—1 — 2huy,
To find solutions of this difference equation use assumed form of solution
Up = A", A #0
substitute in the difference equation to get
AL — yn=1 _gpyn
and dividing by A" get the characteristic equation
A 4+2M\h—1=0

which has roots

—2h +/4h? +4
2

Clearly, for arbitrary constants A;, A, the difference solution is satisfied by

A2 = =41 —h+O0(h?
Uy = A1 AT + A2AS

and |A1| > 1.Even if because of the choice of ug and w1, one may have A; = 0, rounding errors will
excite the component AT, which will eventually dominate.

11.7.2 Second difference method

Linear difference equations

See Section 15.9.
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11.7.3 Analysis of multi-step methods

We consider methods of the general form

AmUn+1 + Qm—1Un + ... + QUR—m+1 = h(bmfn—&-l +...+ bOfn—m—‘ﬂ) (111)

The model problem v’ = 0 gives the following concept of stability. In this case, the method reduced
to the difference equation (15.3). Because the difference equation needs to admit the constant
solution u, = 1, A = 1 is always a root of the characteristic equation

am A" + ...+ Xa1 +ag = 0.

If there is a root with |A\| > 1, or a multiple root with |A| > 1, then the difference equation has a
solution that is not bounded. Such methods are obviously not suitable; the unbounded component
of the solution will quickly dominate.

Definition 104 Multi-step method is strongly stable if A = 1 is a simple root of the characteristic
equation, and all other roots satisfy |A| < 1.The method is weakly stable if all roots of the character-
istic equation satisfy |A| < 1.

For the leapfrog method, we have characteristic equation
N —1=0,

with roots A = £1so the method is not strongly stable, but it is weakly stable. As we have seen
with the leapfrog method, one can expect that one problem with weakly stable methods will be that
a perturbation of the characteristic equation, caused by right-hand side ofthe form cu,will push the
roots of the characteristic equation outside of the unit circle. Also, a multiple root A with |A] =1
will cause unbounded components of the solution, but these grow not as fast as in the case || > 1.

Suppose u is an exact solution of the differential equation; substituting into the formula for the
multi-point method we get the residual, called the local truncation error

R(u) = (amu(tni1) — hbomt' (tne1)) + ... + (@ouny1 — hbou' (tns1)) -

The idea is same as before: the local truncation error is by how much the discrete equations are not
satified for the values of an exact solution.

Definition 105 A multi-step method is of order k if R(u) = O(h*+1)
From the Taylor expansion, we have immediately

Theorem 106 A multipoint method is of order k if and only if R(u) =0 for all u € Py,.
One can prove

Theorem 107 If a multi-step method is of order k and it is stable, then the global error on a fixed
interval [to,to + T is O(h*).

11.7.4 Adams-Bashforth and Adams-Moulton methods

The Adams-Bashforth method of order m is obtained from

wltnsr) = u(ty) + /t ()t

n

replacing f(t,u(t)) by the unique polynomial of order m,defined by the values at ¢,,...,t,—my1.1t
is a special case of multi-step method, of the form

Up41 = Up + h(bm—l.fn +.+ bOfn—m—i—l)-
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The Adams-Moulton method of order m + 1 is obtained by replacing f(¢,w(t)) by the unique poly-
nomial of order m + 1,defined by the values at t,,41,...,th—m+1,and it is of the form

Unt1 = Up + h(Cmfrs1r + .+ Cofnms1)

The Adams-Bashforth method is explicit and Adams-Moulton is implicit. The coefficients of the
method can be obtained by integrating the interpolation polynomial, or, more easily, by the method
of undetermined coeflicients, requring that R(u) = 0 for all polynomials of degree up to m, resp.
m+ 1.

A practical algorithm consists of

1. Runge-Kutta method of order m + 1 to obtain the starting value
2. Adams-Bashforth method as the predictor

3. Adams-Moulton method as the corrector.

As for one-step methods, the order of the method is preserved when the nonlinear equation in the
corrector is solved by just one step of the fixed-point iteration. For stiff problems, one has to again
solve the corrector equation by other methods, such as Newton’s method. An aposteriori estimate
of error is obtained from the difference between the results of the predictor and the corrector.
Adaptive variang varies the step size to satisfy a given tolerance without unnnecessarily many
function evaluations.

11.8 Adaptive methods

Ruge-Kutta_Fehlberg... aposteriori estimate, change of step... comes later.
It is very useful to peruse the source code of ODE solvers in Matlab (at least ode45 and odel12),
and to read the help. For more on on numerical solution of ODEs in Matlab, see [SR97].



Chapter 12

Boundary Value Problems

12.1 Shooting methods
12.2 Finite Difference method in 1D

Consider the model problem
—u" = fin (a,b), u(a) = u(b) =0 (12.1)
Recall approximation of the derivative by finite differences:

vy u(@+h)—2u(z)+u(x—h) h? _
u(z) = >3 —Ewﬁgxge@—mx+m (12.2)

Define the mesh

a = 29<21<...<Tpy1 =0
b—a
r; = a-+hi, h=
[ + 9 n+1

We seek approximation to the solution u at the nodes z;,

Applying the difference formula on each node, replacing u(z;) by u; and writing f; = f(x;), we get
the finite difference approximation to the boundary value problem (12.1):

— Ui 2u; — uy
“+h2’ H o i=1,.. 0, up = Upp =0 (12.3)
This is a system of n linear algebraic equations for the n uknowns w1, ..., u,..The boundary values

ug and u,, are given so they are not considered unknowns; they are included in the difference formula
for convenience, to avoid special cases at the boundary. Let

2 -1 fi Uy u(zy)

-1 2 fn Unp U(In)
We can then write discrete system in matrix form,

1

AU =F (12.4)

93
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while the vector U* of the values of the exact solution satisfies
1 *
ﬁAU =F+R (12.5)

where R is the local truncation error. Just as in the methods of ODEs, the local truncation error
is obtained as the residual when the values of the exact solution are substituted in the discrete

equations. From (12.2),
h2
Rl <X \ <4>].
1o = 75 manx fu

But, what does this equation say about the accuracy of the method? Really, nothing until we have
answers to the following questions.

1. Does a solution to the continous problem (12.1) exist and is it unique?
2. Does solution to the discrete problem (12.3) exist and is it unique?

3. How big can U — U* be?

Existence and uniqueness of the solution u is known from the theory of differential equations.
For the discrete solution U to exist and be unique we need the existence of the inverse A~ Then,
subtracting (12.5) and (12.4), we get

1

ﬁA(U*—U) = R
U*—U = h?4A7'R

IU" = Ul ([ AH] IRl (12.6)

A

So, to we answer the last two questions, we need to prove that A~! exists and estimate its norm.
First, we calculate the eigenvalues of A. Because (sin k't)" = —k?sinkt, k integer, by substitution
x = a+t(b— a) we obtain eigenvalues (b — a)?k? of the boundary value problem:

—u" = (b—a)?k*u, u(a) =u(b) = 0.

(By the way, u describes the shape of a vibrating string, and the eigenvalue determines the frequency.)
So, we expect the eigenvectors of the discrete problem have a similar form; indeed, if we define

Vk1

Vkj = Sinjni, Vk =

+1
Vkn

(note that vg = v,4+1 = 0), we have AV = AV, or

—Ukj—1 + 2Ukj — Vi j+1 = AkUk,j,

km
AMe=2(1-—
k < COSn+1>

from the trigonometric identity sin(a + ) = sin« cos  + cos asin 3, as follows:

with

in i kw km P km ik in g kw kx c kw5 km
sin j 255 cos o7 —cos j 5y sin 25 sin j 255 cos SHT 4-cos j 5,507 sin 24

— sin _km - i +2sin '—kﬂ- — sin _km — b
]n+1 n+1 ]n+1 jn+1 n+1
= (2—2005
n +

km sin C km
1 Tny1)
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Because we get n distinct eigenvalues for k = 01,...,n,(the values k = 0 and n + 1 do not give an
eigenvalue, because Vj, = 0), and A is of order n, these are all eigenvalues of A.In particular, all
eigevalues A\, > 0, so A~! exists; in fact, A is symmetric positive definite. The smallest and the
largest eigenvalue and the condition number of A are, from the Taylor expansion of the cos function,

1 2
Amin = 2(1—005 il ):2 1— 1__71-—2_‘_”'
n+l 2(n+1)
(n+1)*
Amax = 2<l—cos nn )%4
n+1

Amax _ 4(n+ 1)
2

Amin T
To estimate the ||A_1 HOO, we need first
Lemma 108 The entries of A~are nonnegative, A=1 > 0.
Proof. We have A = 2(I — B), where
0 1/2

s |12

1/2

12 0

and the eigenvalues of A and B are related by
Aa=2(1-Ap)

SO
0<Aa<4 = |Mg|<1.

So the spectral radius p(B) < 1, and we have the Neumann expansion
A7l = l(I—B)—1 = lin >0
2 2 = =

(In fact, the entries of A=! are positive.) m

Theorem 109 The discrezation error satisfies

(b—a)’

10 = Ul < E= 16

Proof. Let
C = (Cij) = h2A71‘

Since Cij Z 0,
n n
IClo = max )y |ei;| = max D cij = [[Cell
j=1 j=1
where e is the vector of all ones. To compute Ce, consider the boundary value problem

—v" =11n (a,b), v(a) = v(b) =0
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with the solution )
v(z) = —(x — a)2(x — )

Since v(*) = 0,the local truncation error is zero, and we so with the vector of values V = (v(z;)),
! AV = Ce =
72 V=e=—= Ce=V.

which gives
- —b)  (b—a)
W A7 = [Cell,, < max LD ool
0 o0 a<z<b 2 8

Together with the estimate of the global error from the local truncation error (12.6), we get
b—a)® 2
Ut Ul < [[RPAY L 1Bl < 829 _H (4)H
10" = Ul < 1247 1Rl < S5 a®)]

and it is left to use that u® = —f" m
The important point of the analysis are

1. the local truncation error is bounded by const k2 Hu(4) Hoo
2. Hu(4) Hoo is bounded from problem data
3. A~! is nonnegative.

In some generalizations (like equations of the form —(au’) = f), with smooth coefficient function
a(x) these properties still hold and an essentially similar analysis goes through. However, the 4th
derivaties are typically not bounded in more than one dimension, and A~ is not nonegative for many
important equations and for systems, such as elasticity. More advanced analysis that overcomes these
drawbacks is studied in numerical solution of partial differential equations and in the Finite Element
method.

12.3 Finite Difference method in 2D

Inner product, norm, and completeness

See Sections 15.5 and 15.8.

12.4 Galerkin method and finite elements in 1D

12.4.1 Transformation of a model boundary problem to variational form

Consider the model boundary value problem
—u" = f in (a,b), u(a) = u(b) =0

and assume it has a solution u Multiplying the equation by v and integrating we get

b b
—/ u”vdmz/ fodx

b b b
/u”vdwz[uv']iii—/ u’v’da::/ u'v'dz (12.7)

By integration by parts
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using the boundary conditions u(a) = u(b) =0, so

b b
/u’v’daﬂ:/ fvdz. (12.8)

Not that this equation requires only one derivative of w, rather than two as the original boundary
value problem. We can get from (12.8) a statement equivalent to the boundary value problem in
the following sense.

Theorem 110 Let f € Cla,b]. Then u is a solution of the boundary value problem
u € C?a,b], —u" = f in (a,b), u(a) = u(b) =0 (12.9)
if and only if u satisfies

b b
ueV, / u'v'dr = / fvdxvv €V, (12.10)

where

V ={ue€C?a,b] : u(a) = u(b) =0} .

Proof. We have already shown that the boundary value problem (??) implies the variational form
(12.10). On the other hand, assume that u satisfies the variational form (12.10). Then, using the
integration by parts (12.7) again,

b
/ (—u" — fode = OVv € V.

We only need to show that this statement implies —u” — f = 0. Suppose that (—u"” — f) (¢) > 0 for
some ¢ € (a,b). Because —u" — f is continuous, we have —u” — f > 0 on the interval (c—e,c+e¢) for
some ¢ > 0.0ne can easily construct a function such that v = 1 on a smaller interval (c—¢/2,c+¢/2)

and v = 0 outside of the interval (c—¢, c+¢) and v € C?[a,b]. Thenv € V, and fab (—u" = fodz > 0,
a contradiction. The case (—u” — f) (¢) < 0 is similar. m

Finally, note that the bilinear form fab u'v'dx is positive definite:

b
/ uw'v'dz > OVv € Vv # 0. (12.11)

b b
/ u'u'dr = / l/|” dz > 0,
a a

b
2
/ |u'|"dz =0 = v =0 = u=const = u=0,
a

Indeed.
and

using the boundary conditions u(a) = u(b) = 0.

12.4.2 Abstract variational form and the energy functional

We write the variational problem (12.10) in the abstract form
u€eV:a(v,u)=F) Yvey, (12.12)

where a(-,-) is the bilinear form on V/

b
a(v,u):/ u'v'dx (12.13)
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and F' is the linear functional on V, defined by

F(v) = /b fudz. (12.14)

The reason (12.12) is called a variational form is the following. Recall that in our model problem,
the bilinear form is symmetric,

a(u,v) = a(v,u),

and positive definite:
a(u,u) > 0Vu € V,u # 0.

Consider the quadratic functional on V', defined by

Just like in Calculus, if the functional J attains a minimum, then the derivative of J in the direction
v is zero. In the classical Variational Calculus, the directional derivative is called the wariation
of J with respect to the function v, and the equation % = 0 is called the Euler equation.of the
minimization problem for J. Using the linearity of a in each argument, the linearity of F, and the
symmetry of a, we get

0 — y(u): mJ(u+tv)—J(u)
Ov t—0 t
_ lim (3a(u+tv,u+tv) — Flu+tv)) — (a(u,u) — F(u))
t—0 t
_ lim t2a(v,v) + ta(u,v) + t%a(v, u) — tF(v)
t—0 t
= a(v,u) — F(v)

So, the variational equation (12.12) is the first order condition of an extremum of J. Because a is
positive definite, we have more.

Theorem 111 The variational problem (12.12) is equivalent to minimizing J(u), and there is at
most one minimum.

Proof. If J(u) is the minimum of .J, then

g—i(u)zo, Yv eV,

so w is a solution of the variational equation (12.12).
Conversely, suppose that u satisfies (12.12). We will show that J(u) is indeed the unique minimum
of J. Let v € V. Then, using the linearity of ¢ and F' and rearranging terms,

1
Ju+v,ut+v) = §a(u+v,u—|—v)—F(u+v)

%a(v, v) + a(v,u) — F(v) +%a(u, u) — F(u)
—_———
=0

_ %a(v,v) +J(w) > J(u)

with equality if and only if v =0. m
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12.4.3 Discretization by linear elements in 1D

The integrals in the bilinear form (12.13) and the linear functional (12.14) make sense for more
general functions, for example continuous and piecewise differentiable ones. A discretization of
(12.10) is obtained by choosing nodes

b—a
a=29<x1<...<Zpy1 =0, mp=a+kh, h=n+1

and replacing the space V' by the space of continuous piecewise linear functions
Vi ={u e Cla,b] : ul(z, , ) €P1}
to get the discrete problem
up € Vi, a(vp,un) = F(vy) Yop € V.
Of course, according to Theorem 111, the discrete problem is equivalent to
J(up) — min, wup, € Vj,.
The functions ¢, k =1,..., N, defined by
©x € Vi, wp() = Oy,

form a basis of V},. This follows from the face that any function u; € V}, , it holds that
un = Y un(Tk)py
k=1

Therefore, we will write the coefficients in the expansion as ux = up(zx). Expanding also vy, in a

similar way, we have
n n
Up = g UkPEy Vh = g VP>
k=1 k=1

and
alvw,un) = a | > v, > ue | =D > viuka(e;,¢)
j=1 k=1 j=1 k=1
= vTAu,
F(Uh) = F Zngpj :ZUjF((pj)
=1 =1
= vTf,
where
aler,p1) - aler, en) uy vy F(ey)
A=| o fm=| s |v=] o e
a(son? Sol) e a(@n? Spn) Un Un F(@n)

For the model problem here, we get by a simple computation

2 -1
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If the integrals in the right-hand side vector f are approximated by the midpoint formula, we have

f(z1)
f~f=h :

f(n)

So, for this model problem, the resulting system of equations Au =f is exactly same as obtained in
the finite difference method.

12.5 Galerkin method and finite elements for a model prob-
lem in 2D

12.6 Existence of solution and error estimates

12.6.1 Sobolev spaces

The problems to be solved are

u € V:a(u,v) = F(v)Vv € V (continuous problem) (12.15)
up, € V :a(up,vn) = F(vp)Vop, € V), (discrete problem) (12.16)

In the discrete case (12.15), we have established the existence of the solution of the variational
problem by reducing it to a system of linear algebraic equations with a positive definite (hence,
nonsingular) matrix. But, in general, the variational problem (12.15) equivalently, the minimization
problem J(u) — min, v € V, does not necessarily have a solution. One way to see this is to realize
that there is no obvious reason why a minimizing sequence

u® eV, Juw®) - inf J(w)
weV

should have a limit, which would serve as the solution. If V' consists of twice differentiable functions,
the functions «*)might converge to a function that is outside of V, for example, has a kink. If we
modify the definition of V' to contain all continuous piecewice differentiable functions, it is again
possible to find a sequence of functions that converges to a function outside of V', such as with
infinitely many kinks, and so on. To obtain a satisfactory theory, one needs the space V to be
complete. To be able to speak about completeness, one needs to define a norm first. Since a(-,-)
is symmetric and positive definite, it can serve as inner product. However, the form a(-,-) involves
only first derivatives, and it is important to control also the values of the function. This is provided
by the following theorem.

Theorem 112 (Poincaré inequality) Let Q be a bounded domain in RY (in the case N =1, a
bounded open interval). Then there exists a constant C = C(Q) such that

Yu e CHQ), v=0 on 89:/|u\2dx§C(Q)/Vu-Vudx.
Q Q

Though the form a(,-) is often used as inner product, we find it usually more convenient to
formulate the theory in terms of the inner product

(u,v) = / uvd;v—i—/ Vu - Vudz.
Q Q

To add the missing limit to the space, we define V' as the completion of the space {u €EVue CHQ), v=0on 89} .This
space is called the Sobolev space Hg(£2). The letter H signals it is a Hilbert space, the superscript
1 stands for the order of the derivatives involved, and the subscript 0 stands for the zero boundary
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conditions. The elements of this space are classes of sequences with the same limit; one can show
that they can be identified with functions on 2. The form a(-,-) and the functional F(-) are extended
to the space V' by continuity:

[un = ul| = 0, [lvn — o] =0

= a(u,v) = lim a(uy,vy), F(u) = Im F(uy).

. Note that this setting also generalizes the concept the derivative and integral; the full development
of this theory requires the use of Lebesgue integral (taught in Real Analysis), and of generalized
derivatives and distributions (taught in advanced Functional Analysis and in Mathematical Theory
of Finite Elements).

So, we have constructed V as a Hilbert space with inner product (.,.), V; C V is a finite
dimensional subspace, a(.,.) a bilinear form on V, and F(.) a linear functional on V.We also have
the inequalities

Vu € V:a(u,u)>alul®, o> 0 (V-ellipticity) (12.17)
Yu,v € V :la(u,v)| < M |ul|||v]] (boundedness of a) (12.18)
Yu,o € V:|F(v)| <C|v|| (boundedness of F) (12.19)

In our model problem, a = C(2) is the constant from Poincaré inequality, M = 1 (from Cauchy
inequality for a), and, from Cauchy inequality, with

C = /Q|f|2.

12.6.2 Existence of solution

We assume that V' is a Hilbert space with inner product (.,.), Vi C V is a finite dimensional
subspace, a(., .) a bilinear form on V', and F(.) a linear functional on V, and (12.17-12.19) hold. The
questions are

1. does the problem (12.15) have a unique solution u?
2. does the problem (12.16) have a unique solution wup?
3. find a bound on the discretization error u — uy,
Theorem 113 (Lax-Milgram) The problem (12.15) has a unique solution u.

Proof. From (12.18), the mapping v — a(u, v) (with a fixed u) is a bounded linear functional. From
the Riesz’ representation theorem (Theorem ?7?), there is Au € V such that

(Au,v) = a(u,v)Vv € V
and the mapping u +— Aw is linear. Also from the Riesz theorem, there is unique g € V' such that
(g,v) =F(v)Vv eV

The problem (12.15) is then equivalent to Au = t, which, for an arbitrary ¢ # 0, is equivalent to the
fixed point problem
u=u—t(Au — g).

Note that using Lemma 172, for a fixed w,

z, Aw a(z,w
(Al g o]y,

H = sup

[|[Aw]| = sup
2#0 2#0 ||Z||
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We want to show that for a suitable ¢, the mapping Au — u — t(Au — g) is a contraction. We have
[Au = Av|| = [[(I = tA)(u —v)|

and writing w = u — v,

(I —tA)w|® = (w—tAw,w—tAw)
(w,w) —t (Aw, w) —t (w, Aw) +t*  (Aw, Aw)
—_—— e — —_———
=lwl? >aljw|? >afjw|? =||Aw|?<M?||lw]||?

(1 —2at + 2 M?) |Jw]*.

IA

f(@®)

To apply the Banach contraction principle (Theorem 156), it is enough to note that V is complete
and choose t so that f(t) < 1.This is clearly possible for ¢ > 0 sufficiently small, because f(0) =0

and f/(0) < 0. Or one can choose t so that f'(t) =0, ¢t = %2 |
Corollary 114 The discrete problem (12.16) has a unique solution.

Proof. Apply the Lax-Milgram theorem in space V},, which is finite dimensional and thus complete.
]

12.6.3 An error estimate

Here is a basic error estimate in the norm of the space V.

Theorem 115 (Céa’s Lemma)
M
Yop, € Vit fJlu —upl| < o llu — gl

Proof. Let wy, € V. Because V}, C V, we have from (12.15)
a(u,wh) = F(wh)

and recalling (12.16),
a(up,wy) = F(wp).

Subtracting these two equations gives
alu — up, wp) = OVwy, € V.

Now for any vy, € V},

allu—un|® < alu—unu—up)
= alu—up,u—up+ (up —vp))
~——
A
= a(u—up,u—ovp)
< Mllu—upllflu— v

and it remains to divide the inequality by ||u — up|. =

Céa’s Lemma shows that the discretization error is at most constant times the error of the best
possible approximation. One can take vp to be a suitable kind of interpolation of u. For problems
on a mesh with step h, one can show for the model problem that the best approximation error is
O(h).A drawback of this variational analysis is that the norm in V' may not be the error norm of
interest and the error is O(h) rather than the expected O(h?). This is caused by the special form
of the norm on V.Much of the mathematical theory of finite elements is concerned with further



12.6. EXISTENCE OF SOLUTION AND ERROR ESTIMATES 103

development of these estimates to other norms, and in particular obtaining errors of order O(h?) in
the maximal difference between u and uj, (generalizing the concept of “maximal” in a suitable way).

The thin book by Johnson [Joh87] is very nice transparent introduction. For a modern, self-
contained, and relatively accessible treatment including the development of the needed functional
spaces and elliptic partical differential equations, see Brenner and Scott [BS02]. A standard reference
from a more engineering point of view is the monograph by Hughes [Hug00]. The book [CL91]
contains an updated version of the classical original monograph by Ciarlet as well as advanced
chapters on estimates in various norms.
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Chapter 13

Computing eigenvalues and
eigenvectors

Review of eigenvalues and eigenvectors

See section 77.

13.1 Power method

Let A € C* and Av; = Ajv;, v; # 0. For simplicity, suppose that A is diagonalizable, that is,
the eigenvectors form a basis of C™, and the eigenvalue largest in magnitude is simple. Order the
eigenvalues so that

Let zg € C™ and consider the iterates xi41 = Axg. An easy computer experiment shows that the
ratios of the entries of 2541 and xj converge to an eigenvalue of A, at least much of the time, and
the speed of convergence varies. After some iterations, xzj is too large or too small, and overflow or
underflow occurs. A better version of the algorithm is as follows.

Algorithm 116 (Power method for eigenvalues) Given xg, r € C", let wg = xo, and do for
k=1,2,...:

L = Awk

Ak = w,’;zk
2k

w = —

T Tl

The last step, normalization, prevents overflow or underflow.

To see what is going on, expand z¢ in the basis of the eigenvectors:

n
To — E C;U;
i=1
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and assume c; # 0. Then

z, = AFg :ZciAkvi
i=1
= Zci)\fvi
i=1

— k N
= /\1 <61U1+;Cl <)\1) U>

L
= X <clv1 +0 (‘)\—1 >> (13.1)

193
Theorem 117 If A is diagonalizable, the eigenvalues of A satisfy

and

W = 77—
" Yl

ALl > A2l > ..o > A,

the first coefficient in the expansion of xo in the basis of eigenvector is ¢y # 0, then

( :)
o (i)' = o (B

Proof. The proof follows immediately from the expansion (13.1) using ||zx||* = 2}z, and wiwy = 1.
[

A2
A

A2
A1

The convergence of the vector wy to the eigenvector is called convergence in direction.

To speed up the convergence we can apply the method to the shifted matrix ul — A,with eigen-
values p — A;. The power method will then converge to the eigenvalue farthest away from p. The
shift and inverse method consists of applying the power method to the matrix B = (ul — A)fl.
From the spectral mapping theorem, the eigenvalues of A and B are related by

1 1

A = AA=p——.
B N‘AA’ A= N A5

The shift and invert method converges to the eigenvalue A; closest to the shift p with the error

O (
computing eigenvectors and improving accuracy of eigenvalues obtained by other methods. When
the shift p is updated in every iteration from the best available estimate, we get the inverse method.

k
;\\:—:Z‘ > ,where |)\;| is the the eigenvalue second closest to p This method is well suited for

Algorithm 118 (Inverse iteration for eigenvalues) Let o € C" and Ay € C, wy, wiwy =
1,and compute

(AkI—A)Zk = W

ok = Wiz
1
Aprr = Ap— o
Wg4+1 = m

It can be shown that the inverse iteration method converges with order 3. In practice, two or
three iterations are sufficient.
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Unitary matrices

See Section 16.7.

13.2 Jacobi method for eigenvalues of symmetric matrices

13.3 QR decomposition by (Givens rotations

Definition 119 Givens rotation is the matriz
c —5

Gz[ } o2 + 1P = 1.
S C

Proposition 120 A Givens rotation is unitary:

G*G[c —s} {c —s][
S C S C

Proposition 121 For any vector in C2, we can find a Givens rotation such that multiplication by
the rotation anihilates the second entry of the vector:

L =L

— r (13.2)

_ -y
§=——=—, ¢
2 2 2
V" + 1yl Vizl™ + [yl?

Remark 122 The notation is motivated by the fact that in the real case, we can write ¢ = cosp,
s = sin, like in the Jacobi method.

by choosing

Similarly as in the Jacobi method, we embed Givens rotation in the row j and column k of the
identity matrix to define

1.

Multiplication of A = (a;;) € C™*™ by U modifies only rows i and j; for B = (b;) = UA,
bk = casx — saji, bjx = say + cajy,

To anihilate any given entry by; of row j, choose the rotation from (13.2) with

Mgk
y | Ajk
We denote this rotation by U(i, j, k, A).

We can use rotations to anihilate the entries in the lower triangle of A are anihilated in turn
and get the QR decomposition. To anihilate entry at the position (i, 7), we use Givens rotation of
the rows ¢ and j. First the entries of the first column are eliminated under the diagonal, then the
second column, and so on.
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Algorithm 123 (QR decomposition by Givens rotations) R = A
Q=1
fori=1:m
for j =i+ 1:min(m,n)

k=
R = U(i,j, k)R
end

end

Proposition 124 Algorithm 123 computes a decomposition A = QR, where Q is unitary and R is
upper triangular.

Proof. In each step of the algorithm, the relation A = QR is preserved because U (4, j, k) is unitary.
Because of the choice of the sequence of ¢ and j, once an entry of R is set to zero, it will remain
zero, and in the end, R is upper triangular. Finally, @) is product of unitary matrices and so it is
unitary. m

In a practical implementation, instead of forming the matrix @ explicitly, it is possible to record
the coefficients of the rotations to perform the mutiplication of @ or @* and a vector by applying
all rotations in turn.

It is easy to see that if the columns of A € C™*™ are linearly independent, then the first n columns
of @) are the same vectors (up to scalar multiples) as in the Gram-Schmidt orthogonalization of the
columns of A.This follows from the fact that, due to R being upper triangular, the span of the first
k columns of A is the same as the span of the first k columns of @, for all k.

13.4 Reduction to Hessenberg form by Givens rotations

Modern methods for computing eigenvalues proceed by transforming the matrix to a similar one
by unitary transformations. The first step is to transform the matrix into a similar one with many
zeros. We can force zeros in a part of column k of matrix H by rotating rows ¢ = k+ 1 and j > 4
(that is, multiplying by U (4, j, k, H) from the left) to anihilate the entries position (j, k).Each such
transformation affects in the column k only the rows k£ + 1 and j; hence, once a zero is forced, it will
remain. Also, the matching multiplications by the conjugate transpose of the rotations from the left
only affect columns i, j > k (the symbol z is an affected position, 0 means forced zero):

U(i,j, k, HYHU (i, j, k, H)* =

8 8 8 8 8 8 &
88 8 8 8 8 8

Processing each column in turn, we get the following algorithm.

Algorithm 125 Given matrix A € C"*™, do:
H=A
fork=1:n-2
fori=k+2:n
i=k+1
H=U(i,j,k,HHU(i,j,k, H)*
end
end
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Proposition 126 Algorithm 125 returns

H = QAQ",
where Q is a unitary matriz, and H = (hji) is in upper Hessenberg form, hj, =0 for j >k +2:
_hll hlg . . hln_
hai  hao ;
H=10 b
L 0 0 hn,n—l hnn_

If A is Hermitean, A* = A, then H is tridiagonal.

In the symmetric (or Hermitean, for complex numbers) case, efficient algorithms for finding
eigenvalues of tridiagonal matrices are known. In the general case, the method of the following
section is used.

13.5 QR algorithm for eigenvalues
Algorithm 127 Let A be given. Set A1 = A and for k = 1,2, ...compute the QR decomposition
A = Qi Ry,

and set
Aps1 = RiQy.

The matrices Ay are unitarily similar:

QrARQ = QQr RiQ = Ap 11
——
I

A quick computer experiment will show that Ay converges to a triangular matrix or a block triangular
matrix, where (in the real case) diagonal blocks of order two have have eigenvalues that are conjugate
pairs of eigenvalues of A. For faster convergence, the algorithm is modified by using judiciously chosen
shifts

Ag — py, = Qi Rk

The analysis of the QR algorithm and formulation the shifed version are outside of the scope of
these notes; see, for example,[GVLI6].

The reason why the reduction to Hessenberg form is done first is that then all matrices Ry and
Q. are in Hessenberg form, which results in savings because the zeros are not computed.

For more details on eigenvalue algorithms, see Matlab help for the functions ¢r, eig, and hess, and
LAPACK User’s guide and source code, available from NETLIB at http://www.netlib.org/lapack
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Part 11

Topics from Linear Algebra and
Analysis

111






113

The material here is not meant to be covered at once, but rather selected sections are to be
presented right before they are needed, as indicated by the references in the main text. Some of the
material are prerequisites that should be familiar from Linear Algebra and Calculus, some will be
new. Note: Exercises marked by (*) require some knowledge of Mathematical Analysis (also known

as Advanced Calculus). Students not familiar with analysis will have to take these statements for
granted.
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Chapter 14

Algebra and Calculus

14.1 Taylor and binomial theorems

Theorem 128 If f has derivatives of order n + 1 in the interval (a,b) spanned by the points x,
x + h, and f) is continous in [a,b], then

hn+1

(n+ 1)!f(n+1)(§>

2 n
Pl h) = (@) 4 hf' (@) + o @) ok e @) 4

for some € € 1.

Applying this theorem to the function f(x) = (1 + z)* at = 0, we have
k

%(l—l—x)a =ala—1)--(a—k+1)(1+2z)"

SO

(1+x)“:1—|—ax+<;)x2+...+<3)x"+Rn, Rn:(nil>x"+1(l+§)“_("+1), —r<é<ux,

a _ga—l a—k+1
k) 1 2 ko

Note that if a is a positive integer, (Z) = 0 for k > a so we get a finite sum, known as the
binomial theorem from algebra; otherwise, we obtain the infinite series

(1+2)" = i (Z)x” 2| < 1;

n=0

where

because it can be shown that the remainder R,, — 0 as n — oo if |z| < 1. For a = —1, this becomes
the familiar power series from calculus,

1 oo
57 Z(—l)”x", |z| < 1.
n=0

An important special case of the Taylor theorem is obtained for n = 0:

Theorem 129 (Mean Value) If f is continous on interval [a,b] and has derivative on (a,b), then
there exists £ € (a,b) such that

f®) = fa) = f(€)(b - a).
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14.2 Directional derivatives and Taylor theorem in multiple
dimensions

The derivative of function f : R™ — R at the point x in the direction of vector h is denoted as and

defined by
af _def @) — f@) _ {af(x +th)]
t=0

Dy f(z) = ()

t—0 t ot

From the Taylor expansion of the function ¢(t) = f(z + th) at t = 0 we have the Taylor expansion
of f at x. In the 2D case, using the chain rule and the binomial theorem, this becomes

m

k m-+1
Flath) = Z ;, (hlal +h282> f(;v)—&—ﬁ (h 8‘91 +h288 > Flateh), 0<e<l.

Another important case is the total differential, obtained as Taylor expansion of order 1 in the
n-dimensional case:

flx+h)=

(1)

14.3 Polynomials

Theorem 130 (Fundamental theorem of algebra) Every polynomial of degree n > 0 has at least one
root A € C.

When polynominal p of degree n has root A,, we can divide it by the root factor (A — A, ), and
get

Corollary 131 If p is polynomial of degree n p(A) = ag + -+ + anz™, a, # 0, then p(A) = an, (A —
A1) (Ao A1), where A,... A € C are its roots.

14.4 Bernoulli polynomials and Euler-Maclaurin Formula

Definition 132 The polynomials defined by

1
n/Bn_l(t)dt, / Byt =0, n>1,
0

are called Bernoulli polynomials. The numbers b,, = B, (0) are called Bernoulli numbers.

By(t)

Clearly, B,, is a polynomial of degree n with leading coefficient one, and By (t) =t — %

Lemma 133 It holds that B, (0) = B,(1), n>2
Proof. 0= [ B,(t)dt = (n+ 1) (Bps1(1) = But1(0)), n>1. m

Lemma 134 b, =0 for n > 3 odd
Proof. We first need symmetry of the Bernoulli polynomials,

Bo(t) = (~1)"B,(1—t), n>0.

This is clearly true for n = O Assume the equation holds for n — 1; then by integration, B, (t) =

1)"Bp(1—t)+c. Using [ B,(t)dt =0, we have ¢ = 0. The Lemma follows by substituting t = 0.
0
]
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These polynomials are useful in repeated integration by parts:

/Of(t)dt= / Bo(t)f(dt = (B f )] — [ Bio)f (t)at

! / 1 ’ 1 1 ! "
| marwa= SEwrel-; [ moro
/O By () £ D (t)dt = % Bn(t>f<"‘”(t>];—% i B (t) ™ (t)dt,

which gives

Theorem 135 (Euler-Maclaurin Formula) Let f € C"[a,b], n > 2 Then

! b 1 -1
| a0 Z CU0 (-0 (1) — p0-())

DN | =

Only the terms with odd k may be nonzero.

See [AS92, KCO02, ?] for more details and a refined statement of the formula. Warning: in some
of the literature, the scaling of the Bernoulli polynomials differs.



118 CHAPTER 14. ALGEBRA AND CALCULUS



Chapter 15

Linear spaces

A linear space is a set of elements, called vectors, on which are defined the operations of addition
of vectors and multiplication of scalars. See Linear Algebra for details. The important thing for us
is that the operations obey the same laws as operations on vectors in Euclidean space. The scalars
can be either real or complex. Linear spaces will be denoted by letters U, V... Some examples of
particular linear spaces of importance follow.

Example 136 R" is the n-dimensional Fuclidean space known from linear algebra and calculus. C™
is the n-dimensional Euclidean space with complex numbers as scalars.

Example 137 Cla,b] is the space of all continuous functions on a closed (and bounded) interval
[a, b], with operations on functions defined componentwise:

(f +9)(x) = f(z) + g().
Example 138 P, is the linear space of all polynomial of degree at most n.The space of all polyno-
mials (of any degree) is denoted byP = U P.
n=0

Definition 139 A set of vectors S in a linear space V' is linearly independent if for any w1, ..., u, €
S, the only way a linear combination Z?:l a;u; , (a; are scalars), equals to zero is that a1 = ... =
a, = 0.

A linear combination has always finitely many terms - without the concept of a limit, we cannot
define an infinite sum. But a linearly independent set can be infinite:

Example 140 The set {1,z,22%,...,2", ...} is linearly independent.

Definition 141 The span of set S a linear space V is the set of all linear combinations of elements
of S:
n
spanS =< u |u = Zajuj for some n, scalars aj, and uj; € S
j=1
n

Example 142 P =span {1, z,2%,...,2",...}.

Definition 143 A set B in a linear space is a basis of V if B is linearly independent and V =
span B.A linear space is called finite dimensional if if has a finite basis.

Theorem 144 If {uy,...,u,} is a basis of a linear space V, then every element uw € V can be
written as
n
u = Z a;u;
j=1
where the scalars a; are determined uniquely.
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Example 145 The set of all vectors ¢! € R™, defined as all zeros except one at position i, is a basis
of R™. This basis is called the canonical basis.
15.1 Normed linear spaces
Example 146 Definition 147 A norm on a linear space V is a function
10—l € R

such that
Definition 148 1. |jv|| =0, |[v|=0<v=0

2. a scalar = ||av|| = || ||v]]

3. (triangle equality) ||u + v|| < ||ull + ||v]|

A linear space equipped with a norm is called a normed linear space.

Definition 149 A sequence of vectors {un,} C V, V a normed linear space, converges to v € V
(written as “un, — w in V7> or “lim, ooty = w in V7) if limy, o0 ||un, — ul] = 0.

Note that we do not define the concept of convergence if there is no norm. In the case of

the n-dimensional Euclidean space, one can prove that convergence in any norm is equivalent to
convergence of the coordinates of the vectors.

Example 150 V =C", |jv|| =+/> ", |;|* is the Euclidean norm known from calculus and linear
algebra.

Example 151 V = R" or C", |jv|l, = (3, [0:|P)/P, 1 < p < 400, is the so-called p-norm. The
common important cases are the 1-norm,

n
lolly = foil,
i=1

and the 2-norm, which is the Euclidean norm.
Example 152 V =R" or C", ||v||cc = max; |v;|. This is the maximum norm.
Ezxercise 153 Show that for any v, limy_,o ||V, = [|v]/cc-

It is a simple exercise in Calculus to show that lim,_, ;. [|v]|, = ||v|lc. In some applications,
this allows to replace ||v|| by ||v||, with a (not very) large p. This is useful in optimization, because
[v]|5 is a differentiable function of p, while [|v]|o is not differentiable.

Example 154 V = Cla,b], ||V ¢}, = maxe<a<s [v(2)]. This is the space of all continuous func-
tions on the interval [a,b], equipped with the mazimum norm for functions. Other common notations
for this norm are |[v|| ., or [[vll.,, if a and b are clear from the context. Note that the norm is
defined for any v € Cla,b], because the function |v| is continuous on the closed interval [a,b], and
so it attains a mazrimum.

Exercise 155 Verify the azioms of norm to show that this is indeed a norm.
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15.2 Banach contraction theorem
Theorem 156 (Banach) Let S CV, 'V complete normed linear space, S closed, and a mapping
T:5— S be such that for some C < 1,

Vu,v €S ||[Tu—Tv|| < Cllu—1|.

Then (i) There exists exactly one fized point u* of T in S, and (i) for any ug, the sequence un41 =
Tu, — u* as n — oo.

Proof. We show there exists at most one fixed point. Assume z* =Tzg € S and ™ =Tz*™* € S .
Then

2 —a* = Ta* —Tz™
ot = (ITeT =TT < gffa” -2
= a7 a7 (1-q) <0
———— ——
=0 >0
- =0=2z"==x

82

* *%

]
Proof. We need to prove that there is at least one fixed point. Let ug € S, u,41 = Tuy,. We show
that the sequence

Show {a,} is Cauchy: From u; = Tug, ug = Tu; uz = Tus..., we have

[ur —uall = [Tuo — Twa|| < qlluo — w1l

usg — wa|| = [[Tus — Tual| < qllur — ua|

<
[unt1 —unll < g"[lur — o]
[
Proof.
[um —unll < Jtnsr = unll + [unt2 = un=1ll + ... + [um—1 — tm|
< @+ ) — o]

= ¢"(I+q+...+¢"")|lur — uol|

<1
S14

hence,
n

[um = unll < l[ur = wol-

STy
Given € > 0, we choose N so that %Hul — upl|| < &. Then

n

m>n>N = |tun — ul <

—ul| < e
< 1_q||u1 uoll <e,

which shows that {u,,} is Cauchy. Because the sequence {u,,} is Cauchy, it has a limit v € V.
Now we need to show that u € S. and T'w = u. Since S is closed, u,, C S = u € S . Finally,

ITu—ull = |Tu—Tun+unss —ul
< NTw = Tunll + lunsr — ull
< qllu—un + Junsr —ull (15.1)
—_—— — o ——
—0 —0
= ||[Tu—ul|=0=Tu=u. (15.2)
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15.3 Linear Operators

Definition 157 Let U,V be linear spaces. A mapping A : U — V is a linear mapping (or a linear
operator) if A(au+ bv) = aAu + bAv, Ya,b scalars, u,v € U.

For linear operators, we customarily write Au for A(u) if there is no danger of confusion, because
of the relation of linear operators to matrix-vector multiplication.

Example 158 Let U = R™, V = R", B € R™ ™. Then A : u € R™ — Bu € R" is a linear
operator.

If there is no danger of confusion, the matrix and the operator are denoted by the same symbol.
Definition 159 For linear operators from U to V, the operation of linear space are defined by
(A+ B)(u) = A(u) + B(u).

Definition 160 Let A: U — V be a linear operator, || - ||u, || - [[v norms on U and U respectively.

Then |A|lu—v is defined as
[Aullyv

u€eV,u#0 ||u||U '

[All—v =

Remark 161 Fquivalently, ||Allu—v is the least number L such that Yu € U, ||Au||v < L|ullu.
Ezxercise 162 (*) If A:U —V and B:U — V are linear operators,

|4+ Bllo—v < |Alu—v + | Blu_v.
Definition 163 If ||Ally—v < oo, the operator A is called bounded operator (from U to V).

Remark 164 (*) If the space U (at least) is finite dimensional, one can show that all linear oper-
ators are bounded.

Theorem 165 Let U =R™, V=R", AcR"™™ || || = |- Then
[Alr—v = ii??’fnz; .
]:

Proof. We need to show two things
1. L = max; ) _; |a;;[implies that [|Ausc < Lflulls
2. no smaller L has this property.
ad 1. Estimate

(Aw)il = 1Y agusl < laigllus| < O |ai; ) max(u;)
i i i

to conclude that
| Aul|oo = max |(Aw);| < (max Y |ai;])]|ullo
7 7 X
J

ad 2. To find w such that ||Aul|cc = L||usoll, let |u;| = 1 pick the sign of u; to make all a;ju; > 0,
uj = —signa;;. Then pick ig so that > |a;,;| is maximal, and get

| Aul| e = mgxz laiug] > laius] = [aigs]||ullo-
i i i
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15.4 Linear functionals

Definition 166 Linear operators that map a normed linear space into scalars (R or C), are called
linear functionals. When they are bounded as linear operators following Definition 163, they are
called bounded linear functionals. The space of all bounded linear functionals on V is denoted by
V'.The norm of a linear functional ' : V — R is defined as the morm of a linear operator and
denoted by the subscript V' :

1Fly, = sup 00

uevuzo |[ully

Example 167 Let V = Cla,b], I(u) = ff u(z)dx Then

/a b u(z)dz

with equality attained for constant function u =1, so

[ (u)] = < (b—a) max |u(z)]

a<z<b

Il capy =b—a

Example 168 Let V = Cla,b], x,...,x, € [a,b], I, (u) = Y i Aju(x;). Then

n

)| <20 il fue)] < 37 1Ai] max u()],
=0

=0

u)| =

with equality attained when u(xz;) =1 for A; > 0 and u(x;) = —1 for A; < 0.Hence,
ey = 3 141l
i=0

15.5 Inner product spaces

Definition 169 An inner product space is a linear space V with a scalar function (u,v), defined
for all uw,v € V,such that

1. Yu,v,w €V, a,b scalar : (w,au + bv) = a (w,u) + b (w,v)

2. {u,v) = (v,u)
3. (u,u) >0, (u,u)y =0 = u=0

The complex conjugate in 2. has no effect in the real case. The condition 3. implies, in particular,
that (u,u) is real.

Lemma 170 (Cauchy-Schwarz inequality)
[, 0)* < {u, u) (v, 0)
Lemma 171 Let (u,u) be an inner product on V. Then |lul| = \/{u,u) defines a norm on V.
Cauchy inequality can be then written as
[{w, )] < Jull o]

The next lemma shows that Cauchy inequality is sharp.
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Lemma 172

u, v
Ju] = sup 2
veV ”UH

Example 173 Let V = R", (u,v) = uTv. This is the familiar n-dimensional Euclidean space.
Example 174 Let V = C", (u,v) = u*v. This is the n-dimensional complex Fuclidean space.

Example 175 Let V. = P, (the space of all polynomials of degree at most n), and {(u,v) =
f; u(x)v(z)dx, where —co < a < b < 400

Definition 176 If (u,v) =0, we say that the vectors u and v are orthogonal and write u L v.

15.6 Gram-Schmidt orthogonalization

Definition 177 A set of vectors {vo,...,v,} is orthogonal if (v;,v;) =0 if i # j, and v; # 0, for
alli,j=0,...,n.

From any set of vectors {ug,...,u,}, we can attempt to build an orthogonal set by taking each
vector u; in turn and making it orthogonal to all previous wg,...,u;—1,by adding a correction in
their span:

Vo = U

v1 = U1 — apYy, a1g determined from vy L vg

Vo = Ug — AgVg — G21V1, G20, 021 determined from vy L vy, vy L vy using vy L vy
In general,

n—1
’l)j = Uj — E ajivi,
i=0

where the coefficient of the linear combinations are found from the conditions that v; L v; for all
i=0,...,7 — 1, using that the set {vo,...,v;_1} is orthogonal:
n—1 n—1
vi=uj— Y aivi = 0= (vp,v;) = (o, u5) = D agi (o, i)
i=0 i=0

— g = <Ui7uj>
7 <Uiavi>

because all products (vg,v;) are zero except possibly (v;,v;). When (v;,v;) = 0,then v; = 0,and so
u; is a linear combination of {vy,...,v;}, hence of {ug,...,u;}. We thus have

Theorem 178 (Gram-Schmitd orthogonalization) Let {ug,...,u,} be a linearly independent
set in an inner product space.Define

Then division by zero cannot occur, and {vg,...,v,} is an orthogonal set.

Gram-Schmidt orthogonalization by the formulas (178) is a theoretical tool only, because the
algorithm is numerically unstable. To find the Gram-Schmidt orthogonalization of a set of vectors
in R™ or C™,always use the QR algorigthm (Sec. ?7?).
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15.7 Orthogonal polynomials

15.8 Cauchy sequences and completeness

Definition 179 A sequence {ur} C U, U a normed linear space, is called Cauchy if Ve > 0INVk, 1 >
N : ||ak —alH <e

Definition 180 A normed linear space is called complete if every Cauchy sequence has a limit. A
complete normed linear space is shortly called Banach space.

Example 181 R", Cla,b], C" are Banach spaces.
Definition 182 A set S C U is closed if {a,} C S, ||an — al| — 0, implies a € S.

Theorem 183 For every normed linear space U there exists a complete normed linear space V' such
that U C 'V, and
Vu € U:|ully = ully
Vo € VI{up,} CU: lim [|[v—uyl, )
n—oo

In other words, V is a completion of U if
1. the norm on V is an extension of the norm on U
2. every element of V' is the limit of a sequence from U.
Theorem 184 FEvery finite dimensional normed linear space is complete.

Exzample 185 R, as a linear space of dimension one, with the norm defined as the absolute value,
is complete.

Definition 186 An inner product space that is complete is called Hilbert space.

Theorem 187 FEvery bounded linear operator from U to a complete normed linear space, A : U —
W, can be extended to a bounded linear operator B : V. — W by

Bu = lim Bu, if lim u, =u,u, € U.

n—oo n—oo
This extension is unique and does not depend on the selection of the sequence u, — v.Similarly, a
bounded bilinear form a(u,v) on U can be extended by the limit to a form on V,

a(u,v) = lim a(un,v,), im w, = u, lim v, = v, uy,, v, € U,
n—oo n—oo n—oo

and this extension is unique. In particular, if U is an inner product space, the inner product can be
extended to the completion V' or U in a unique way, and V is a Hilbert space.

Theorem 188 (Riesz representation theorem) For every bounded linear functional f on a Hilbert
space V there exists a unique g € V' such that

YoeV: f(v)={g,v).
The mapping f — g is linear.

That is, every bounded linear functional on a Hilbert space can be written as an inner product
with some vector. In the finite dimensional case, this a known simple fact; in the general case, it is
proved using completeness.

Let V = R" with the Euclidean inner product, and F' be a linear functional on V.Consider the
basis {e1,...,en} of V.Then for any v = (v1,...,v,)" €V,

Fv) = F(vier+...4+vpep)
= v F(e1)+...0.F(en)
= <gav>a g:(F(el)avF(en))
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15.9 Linear difference equations
To find all solution of the difference equation of order m
AmUp i1 + Qm_1Up + ...+ QoUp_mi1 =0 (15.3)
assume the form of solution u,, = A".Substituting get the characteristic equation
apA\" ...+ Xar +ap=0

The characteristic equation has roots (in general complex, and not necessarily distinct) Aq, ..., Apy.
If the roots are distinct, the solutions of the difference equation are linear combinations of the powers
ko
U = AT+ .o+ AT,

In case of multiple root A, the identical powers A} are replaced by nAp,n(n —1)A;,...(the number
of additional function is multiplicity of A\r minus one, so the total number of distinct functions is
preserved).

In other words, the m sequences A, n\y, n(n — 1)\} ...(for each root of the characteristic
equation, the number of terms equals to its multiplicity), form a basis of the space of all sequences
that satisfy the linear difference equation (15.3).



Chapter 16

Matrices

16.1 Determinants

Definition 189 For a matriz A € R"*™  or C"*™ the determinant det A is defined by induction:

n=1 : det A = |A] = det(a11) = a1
n=2 : det A = det ( i a2 > = Q1192 — A12091
az; a2

n
anyn : Vi detA= Z(—l)”jaij det A;; expansion by rowi
j=1

n
anyn : Vj detA= Z(—l)”jalj det A;; expansion by columni
i=1

Here A;; is the submatriz of the matriz A obtained by deleting the row i and column j.

Of course, for this definition to make sense, one has to prove that the value of the determinant
does not depend on the choice of the row and column chosen for the expansion. This and alternative
equivalent definitions can be found in any good textbook on linear algebra.

1 2 3
Example 190 Let A= 4 5 6 |. Ezpanding by column one,
7 8 9

det A = ajpdet A1 — agp det Agq + asp det Asg
5 6 2 3 2 3
1det<8 9>—4det(8 9>+7det<5 6)

It helps to remember that the signs (—1)*/ in front of the subdeterminants form a checkerboard
pattern:

+ 1+
+
++
+ 1

127
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16.2 Basic properties of determinants

Theorem 191
A, B € C"*"= det(AB) = det Adet B

Lemma 192 A € C"*"= det(A) = det(AT)

Theorem 193 The determinant of a triangular matriz equals to the product of the diagonal terms:

a11
a21  G22

det =qai...an
ann ann AR ann

Proof. The proof is by repeated expansion over the first row. m
In particular, the determinant of a diagonal matrix equals to the product of the diagonal terms.:

aq
det =ai...ap

Qnp
For block matrices, we have

Theorem 194 The determinant of a block triangular matrix equals to the product of the determi-
nants of the diagonal terms:

An
Asy Ao
det . =det Aq1...det A,

Theorem 195 det A is a polynomial of order n in the entries of A, that is, of the n? variables a;; .
Proof. By induction over the order of the matriz and expansion. ®

16.3 Regular matrices

Theorem 196 Definition 197 The rank of an m by n matrix A is the number of linearly inde-
pendent colums. It is denoted by rank(A).

Theorem 198 rank(A) = rank(AT) , that is, the number of linearly independent columns and the
number of linearly independent rows is the same.

Definition 199 If A € C™"*"™, then the inverse of A is a matriz B such that AB =1 . We write
Al =B.

Definition 200 A € C"*" is called regular if A~' erists, singular if not.
Theorem 201 AB =1 < BA =1, and A~ is unique.
Theorem 202 Matriz A € C"*" is reqular

& VbeCl:3xeC" Az =)

& VbeC' z,yeC':(Ar=b&Ay=b=z=y

& detA#0

< rank(A)=n (16.1)
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16.4 Eigenvalues and eigenvectors

Definition 203 Let A € C**™. The polynomial det(AI — A) is characteristic polynomial of A

Definition 204 The trace of A € R"™™ or C"*™ is the sum of its diagonal elements, tr A =
D1 Qi
Theorem 205 det(A — A) is polynomial in A of degree n,

det(M — A) = a, \" +an 1 A"+ 4 ag

with
an =1, ap1=—trd, ap=(-1)"detd

Proof. First ag = det(0] — A) = det(—A) = (—1)" det A. The rest of the proof is by induction. If
n =1, det(A\] — A) = X —a11. Suppose we know that the theorem holds for matrices of order n — 1.
Then, for A of order n, expand by the first column and let the subscripts ;; mean the submatrix
obtained by omitting row ¢ and column j :

n

det()\f — A) = ()\ — a11) det()\I — AH) + (—1)i+1ai1 det()\I — A)zl
2

1=

= (A—a11) ()\”71 — A" tr Ay A+ ) +q(N), deg(q) <n-—2

=det(A—Aq1) from induction assumption

= A"—)\"_l(au +trA11)—|—...
and trA =aq; +trd;;. =

Definition 206 If A € R"*™ or C"*", then A € C is an eigenvalue and v is an eigenvector of A if
v # 0 and Av = Mv.

Lemma 207 X is eigenvalue of A < (M — A) is singular < det(A — A) =0
Proof. A is eigenvalue of A< Jv=C*" v £0,(AM —A)v=0 =
Lemma 208 det(A — A) = (A — A1) ... (A — An), where Ay -+ A\, are eigenvalues of A.

Lemma 209 Let A be eigenvalue of A € R™*™ on C™*™ and || - || be a norm on R™(onC™), and || - ||
also denote the associated matriz norm. Then | A |<|| A4 | .

Proof. Av=Av,v 0 =| X[ v[=]Av[=]Av <[ Alllvi=[A|<[ Al =
Definition 210 If square matrices A and B are related by

B=M"1AM
for some matriz M, then A and B are similar.

Replacing M by M~ shows that if A and B are similar, then B and A are also similar. Also, if
A and B are similar and B and C are similar, then Aand C are similar.

Lemma 211 Similar matrices have the same characteristic polynomial and the same eigenvalues.
In addition, if v is an eigenvector of B for eigenvalue A, then Mwv is an eigenvector of B for the
same eigenvalue \.

Proof.
1

~ det M
W = M 'AMv =X\ = AMv = AMv

det(\] — M~ AM)
Bv

det(M (NI — A)M)

det(A] — A) det M = det(A] — A)
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Proposition 212 The trace of a matriz equals to the sum of its eigenvalues. In particular, the
trace does not change under a similarity transformation. The determinant equals to (—1)™ times the
product of the eigenvalues.

Proof. Multiply out the root factors of the characteristic polynomial,

detOM —A) =N =X)...A=A) = X" = X" A1 4. 20) + .+ (DA Ay,

and compare with the coefficients of the polynomial from Theorem 205. m

16.5 Symmetric positive definite matrices
Definition 213 If A = AT, A is called symmetric.

Definition 214 A € R"*", AT = A. Then A is positive definite if zt Az > 0 Vo € R, 2 # 0.

Definition 215 For A € C"*"™ A* = (ZT) = (a;;) is the conjugate transpose of A.

Definition 216 If A = A*, A is Hermitian.
Example 217 [ is positive definite, because x #0 z7Iz =27z =| z ||>>0

Example 218 If A is a reqular matriz, then AT A is positive definite. Indeed, for x # 0,0 <||
Az ||?= (A2)T (Ax) = 2T AT Ax

Theorem 219 If A is symmetric positive definite and X is an eigenvalue of A, then A > 0.

Proof. x # 0, Ar = Ao = 2T Ax = \ale = \ = “'/TT“;:” >0. m

xT

Definition 220 R(z) = z;T‘tf” is called the Rayleigh quotient.

The Rayleigh quotient plays an important role in numerical computation of eigenvalues of sym-
metric matrices.

Exercise 221 If A is symmetric, then VR(xz) = 0 if and only if x is eigenvector and R(x) an
eigenvalue of A.

Exercise 222 If A is an n X n matriz and \ an eigenvalue of A, then ¢ + . is an eigenvalue of

cl + A.

Theorem 223 (Polynomial mapping) If A is an n X n matriz and p a polynomial, then all eigen-
values of p(A) are exactly p(\) , where \ are all eigenvalues of A.

Theorem 224 If A € C"*"™ is symmetric, then there exists an orthonormal basis of C™"*™, which
consists of eigenvectors of A, and all eigenvalues of A are real.

If uy,...,uy, is the orthonormal basis of eigenvectors, we have Afuy,...,up] = [Au1, ..., Anty]
and ul u; = §;;, which is the same as

A1
AU = UA, U=[ui,... u, A= ; vtu =1.
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16.6 Principal minors of symmetric, positive definite matri-
ces

Lemma 225 If A is s.p.d., then every principal submatriz A is s.p.d.
Proof. Let Aj1be a principal submatrix of A :
A A "
A= Azr Aso T = ( ! )
Then

T A A
r1#0 = 0< 2T Ax = ( xol ) Agr Ag ( o ) = ${A11$1

= Ay, is positive definite
[

Lemma 226 If A is s.p.d., then det A > 0

Proof. Define f(t) = det((1 — t)I 4+ tA)
For t € [0,1], (1 —t)I +tA is s.p.d. because

r#0 = 2T((1 -t +tA)z = (1 —t)aTx +taT Az > 0.

So f(t) #0 for t € [0,1], f(0) =1, and f(1) = det A. Because f is continuous, f(1) > 0. =

Corollary 227 A is s.p.d. = all principal minors of A are positive.

16.7 Unitary matrices
Definition 228 A matriz U € C™*" is called unitary if U*U =1

Remark 229 The definition is written in the complex case, but of couse all holds in the real case
and the traspose T instead of the complex conjugate transpose *.

Proposition 230 A matriz is unitary if and only if its columns are orthogonal.
Proposition 231 Transformation by a unitary matriz preserves the Fuclidean norm: If U*U =1
lUz|* = (Uz)" (Uz) = 2" U™V = "z = |lz|*,
so the spectral norm of a unitary matriz is one.
Proposition 232 The product of two unitary matrices is unitary: If U*U =1 and V*V =1, then
oV uv)=v*uuv=vv=I
~—
I
Proposition 233 All eigenvalues of a square unitary matriz have absolute value one:
Ur =X = |[Uz| =[A|z] = [A[=1
~——

=ll=ll
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