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Chapter 1

Computing with matrices and vectors

1.1 Numerics and Error analysis

Computers can’t compute in R or C, instead in M, which is not closed under arithmetic
operations. Given a mapping op : M x M — R, the implementation on a computer is as
follows 0p : M xM — M : 0p = rdoop. In M, two variables a,b are called equal iff
|a —b| < ¢, where ¢ is the machine precision.

Fixed point representation
Pro: Easy way of storing numbers, e.g. a +b = (a- 10 + b - 10F)107%.

Con: Precision issues

Floating point representation (default)
Definition 1.1 Given a basis B € IN \ {1}, an exponent range {eyin, ..., émax } C Z, and number
m € IN of digits, the corresponding set of machine numbers is

M={d-BE|jd=i-B™, i=B""1,...,B"—1, E € {emin,-- -, Cmax} }-

There are 5 basic formats for floating point representation.
¢ 3 binary formats: binary32 (simple), binary64 (double), binary128 (quadruple),
e 2 decimal formats: decimal64 (double), decimall128 (quadruple).

Machine numbers are not evenly spread, gaps increase for larger numbers.

Definition 1.2 For € K an approximation of x € K, we define the absolute error and relative
error as
|x — %]

|x

Eabs = |x - J?|/ Erel =

Approximation ¥ of x has I € Ny correct digits if €, < 10~!. Machine precision is the
maximal relative error of rounding

EPS = max 7|rd(x) — x|.
xeR |x\
Definition 1.3 (Axiom of roundoff analysis) There is a small positive number EPS, the ma-
chine precision, such that for the elementary arithmetic operations x € {+, —,-, / } and "hard-wired”
functions f € {exp, sin, cos,log, ...} holds

~x>T<y = (xxy)(1+9),

f(x) = f(x)(1+9),



1.2. Computational effort and Cancellation

for all x,y € M with |§| < EPS. Alternatively, EPS is the smallest possible positive number, such
that 1+EPS # 1.

Forward and backward error

Relative and absolute errors are in general not computable without knowing the exact
solution. One possible computation is the worst-case estimate. Suppose we want to solve
Axey = b for x, which gives the approximation x4, such that Axapp = bapp.

e The forward error is defined as |Xex — Xapp/,

o the backward error is defined as |b — bgpp|.
In practice we stop an approximation if the backward error is small. However, a small
backward error does not imply small forward error.
Dense Matrix Storage Formats

Matrices are stored as either row major (Python) or column major (MATLAB, Eigen) arrays,
indexing starts at 0. In Eigen it is therefore faster to access columns.

1.2 Computational effort and Cancellation

Computational effort is not runtime.

Definition 1.4 (Asymptotic complexity) The asymptotic complexity of an algorithm characterises
the worst-case dependence of its computational effort on one or more problem size parameter(s) when
these tend to infinity.

Implicit assumption: sharpness of O-bound, where sharpness means valid and provable.
Asymptotic complexity does not predict runtime, but the dependence of runtime on size of
the problem.

Cost of basic operations

operation mult/div  add/sub  asympt. complexity
dot product n n—1 O(n)
tensor product nm 0 O(mn)

matrix product mnk mk(n —1)  O(mnk)

Some tricks to reduce complexity

Try to avoid operations of higher complexity, e.g. use vector products instead of matrix
products if possible. Examples: matrix multiplication, hidden summation, Kronecker prod-
uct

1.3 Cancellation

Cancellation occurs when subtracting two almost equal numbers, which can lead to an
amplification of the relative error.

Example 1.5 (Roots of quadratic polynomial) We want to stably compute the roots of a polyno-
mial p(¢) = &% +ag +p.



1.4. Numerical stability

o Step 1: Compute first root & = —% — 3\/a% — 4B (stable).

e Step 2: Use Vieta’s formula to compute the second root &, = g (stable).

1.4 Numerical stability

Given a problem F : X — Y, we want to find an algorithm F : X — Y C M to approximate
F.

Definition 1.6 (Stability) An algorithm F for solving a problem F : X — Y is called numerically
(backward) stable if for all x € X its results F(x) is the exact result for "slightly perturbed” data,

IJC~1:Vx e X, It € X: ||x — %] x < Cw(x)EPS||x| x A F(x) = F(%),

where w(x) is the computational effort of the problem. F is called mixed stable if an % with
123l < O (EPS) exists such that

(1]

IE(x) = F(2)]|

E@) = OERS):

Backward stability implies mixed stability.

Definition 1.7 The condition number of an algorithm F : X — Y is defined as

G+ AY) — @/ IFE)]
@m‘ﬁ< TAxI/ZI] )‘

The condition number for a matrix A is defined as

_ 0;
ca =[lAf[A7H] = .
min

A problem is called well-conditioned if its condition number is small, otherwise it is called ill-
conditioned.

If the problem is well-conditioned, backward stability guarantees accurate results.



Chapter 2

Direct Methods for Solving LSE

We want to solve an LSE Ax = b for given A € K™",b € K" for x. Regularity of A ensures
existence and uniqueness of a solution x.

2.1 Solving LSE
Gauss elimination
The idea is to use Ax =b <= TA =Tb for T € K" regular.

Complexity The complexity of gauss elimination is O(n3). If the given matrix is triangular, the
complexity reduces to O(n?).

LU decomposition

The idea is to decompose A such that LU = PA, with L lower and U upper triangular and
P a permutation matrix. Then solve Ax = LUx = Lz = b for z and Ux = z for x.

Complexity The complexity of solving LSEs using LU decomposition is O (n3). However, solving
for N RHS, we archieve a complexity of O(n® 4+ Nn?) over O(Nn®) using Gauss elimination.
2.2 Exploiting structure when solving LSE

Block elimination

The idea is to rewrite

An Ap X1 _ by — Id 0 X1 _ Al_ll(bl — A12X2)

A21 A22 X2 bz 0 Id X2 Sflbs !
with the Schur complement S = — Ay — A21A1_11A12 and by = by — A21A1_11b1.
Good algorithm if A} can be easily computed. However, block elimination can suffer from
numerical instability. As a rule of thumb, block elimination is numerically stable for s.p.d.
matrices and for diagonally dominant matrices.

Block LU decomposition

Example 2.1 We can decompose a block matrix A into matrices L, U as

R v Id 0 R v
A= (uT O> o <uTR1 1) <O —uTRl) = LU



2.3. Sparse linear Systems

Solving Lz = b gives

_( I1d 0\ (z\ _ 20 _ (ba) _
= (e () - (ntn) - () -

Therefore z, = b, and z, = by — uTR 1z,
Solving Ux = z gives

_ (R v xa\ [ Rxa+oxy, \ _ (za) _
Ux = <0 —uTR_lv> <xb> - (—uTR_lvzb> - <zb> -z

If A is reqular, then its Schur complement is non-zero, i.e. ul R~! # 0, and therefore x, =
Subsequently, x, can be obtained by solving the LSE Rx, = z; — vX;,.

__ X
uTR-1v°

Low-rank modification of an LSE

Having solved Ax = b, then solve Ax = b with rank(A — A) small. Rank-1 modifications
can be decomposed into vectors A=A+ uvl. The problem can be rewritten into the block

partitioned system
A u ¥\ (b
ol —1)\g)  \o/)°

vTA- 1D

By using block elimination, we get ¥ = A~1(b — u¢) and ¢ = AT and hence
TA b
X = A_l — A_l ’07
g b TioTa T

where we have to solve for A~1b and A~lu.
Complexity Knowing the LU decomposition of A, solving for ¥ has complexity O(n?).
The following lemma generalizes this for rank-k perturbations.

Lemma 2.2 (Sherman-Morrison-Woodbury formula) For regular A € K"" and U,V € K"K, k <
n holds

(A+uvi)y=t = A7 - A7 u(rd + viA~u)tviAT,
if Id + VE AU is regular.

Note: System Id + V1 A~1U is k x k and therefore small if k is small. If c(Id + VHEA~IU) <
c(A) - (A+ UVH) and the original and perturbed system are well-conditioned, then also
the k x k system is.

Complexity The factorization of UVH is of complexity O(nk?) if A — A has only a few nonzero
columns (or rows).

2.3 Sparse linear Systems
An m x n-matrix A is called sparse if the number of non-zero entries nnz(A) < mn.

2.3.1 Sparse Matrix storage formats

Our goal is to reduce the required memory to around the order of nnz(A).



2.3. Sparse linear Systems

Triplet matrices
Matrix stored as array of triples containing position i, j and a value. Format allows multiple
elements in array at same position in matrix. The convention is that the values of these
entries are added up.
CRS/CCS format
Matrix A stored as three contiguous arrays.

e val: stores values

e col.ind: stores the column indices

e row_ptr: stores the row pointer

Complexity The cost of inserting a new element into matrix A stored in CRS/CCS format is
O(nnz(A)).

Ways to efficiently initialize a sparsematrix:
e Use triplet format for initialization and then change to CRS/CCS format

e "Reverse” enough space in each row for nonzero entries.

Complexity The cost of efficient sparse initialization is O(n) if nnz(A) = O(n).

2.3.2 Direct solutions of sparse LSE

Solvers like SparseLU exploit the sparsity of matrices.

Complexity The cost of sparse solvers roughly between O(nnz(A)3/2) and O(nnz(A)5/2).



Chapter 3

Direct Methods for solving Least
Square Problems

We want to estimate parameter. Suppose we have a model f(x) = a1x1 +... + a,x,, f: R" —
R and a series of measurements (x¥),y®)r_ x®) € R?, y® € R, where x®) — y®) =
f(x®)). Our goal is to estimate the parameters ay, ..., a, with this series of experiments. We
can write the problem in matrix form

LTI N
xgz) xéz) x,(f) |

S a (n)
MO RO /

and estimate parameters by solving Xa = y, which is linear regression. Due to measure-
ment errors, a large number of experiments and errors in our model, a solution to our
problem generally does not exist. We therefore want to approximate the solution such that
Ax = b, which is equivalent to minimizing the norm of residual ||Ax — b||,. These solutions
are called least squares solutions.

3.1 Least square solutions
Definition 3.1 For given A € K™", b € K" the vector x € R" is a least squares solution of

the linear system of equations Ax = b if

X € argmin, .y, [|Ay — bl2 <= |[Ax —D|[ = suﬂg || Ay — bl|2
yeK”

If x € 1sq(A,b), then Ax is closest to B in Im(A), i.e. projection of b on Im(A).
Theorem 3.2 Forany A € K™", b € K™ a least squares solution of Ax = b exists.
Lemma 3.3 For any matrix A € K™" holds
ker(A) = Im(AH)+,
ker(A)t = Im(AM).

Theorem 3.4 (Normal equation) The vector x € K" is least squares solution to the system Ax =
b, A € K™", b € K™ if and only if it solves the normal equations

ATAx = ATb.



3.2. Normal equation methods

Proof x € Isq(A,b) <= Ax is closest element in Im(A) tob <= Ax —b € Im(A)*+
ker(AH) «— AT(Ax—-b)=0

O

Theorem 3.5 For Ax =b, A € K™", m > n, holds
Im(ATA) = Im(AT),
ker(ATA) = ker(A).

Corollary 3.6 If m > n and ker(A) = {0}, then the linear system of equations Ax = b, A €
K™", b € K™ has a unique least squares solution

x=(ATA)1ATh
that can be obtained by solving the normal equations.

Least squares solutions are only unique if they fulfill the full-rank condition.

3.1.1 General solution and Moore-Penrose generalized inverse
Definition 3.7 The generalized solution x' of a linear system of equations Ax = b, A €
K™", b e K™ is defined as

x" = argmin{||x||» : x € Isq(A,b)}.

Theorem 3.8 The generalized solution x*

is unique.
Theorem 3.9 Given A € K™", b € K™, the generalized solution x* is defined by
Xt =V(VTATAV) " Y(VTATD),
where V is any matrix whose columns form a basis of Im(A)*+. V(VTATAV)=VT is called the
Moore-Peurose pseudoinverse At of A.

3.2 Normal equation methods

Algorithm using normal equation to solve full-rank least squares problem Ax = b

1. Compute regular matrix C = ATA O(mn?)
2. Compute RHS ¢ = ATb O(nm)
3. Solve s.p.d. linear system of equations Cx = ¢ O(n3)

Complexity The cost of solving a least squares problem using normal equation is O(n® + mn?).

The condition number squares in the matrix multiplication ATA, i.e. c4ry = c2. It can
happen that ATA is not regular in IM even if A is regular in M. Also, if A is sparse, ATA is
not necessarily sparse. Therefore, be careful when using normal equations.

Extended normal equation

Extended normal equations maintain sparsity and we can insert a regularization term for
better conditioning.

e s o(0)- (90~



3.3. Orthogonal Transformation Methods

If A is sparse, then B is also sparse, but conditioning is not improved.

More generally, we set r = a~!(Ax — b) for some choice of parameter a > 0.

atas— a5 ()= (7 2) ()= (8)

Good choice of « can give better cg,, hopefully cp, ~ ca.

3.3 Orthogonal Transformation Methods

Consider least squares problem Ax = b, A € K™",m > n with a full-rank A. The idea

is instead of solving Ax = b find an easier to solve system Ax = b such that Isq(A,b) =
Isq(A, D).

Theorem 3.10 A matrix is unitary/ orthogonal if and only if the associated linear mapping preserves
the 2-norm

Q € K"'unitary <= ||Qx||, = ||x|l,, ¥x € K".

If we can decompose A = QR with Q unitary/orthogonal and R triangular, the normal
equation becomes

ATAx = ATh — x=R7'1Q"b

This system is better conditioned with cg = ca.

3.3.1 QR-Decomposition

As a first approach we use Gram-Schmidt orthogonalization. In practice we multiple A by
upper-triangular matrices to obtain an orthogonal matrix Q = ATiT,...T, = AT. Since A
has full rank and each T; also does, T is invertible. Let R = T~!, then A = QR.

Theorem 3.11 (QR-decomposition) For any matrix A € K™* with rank(A) = k there exists

o a unique unitary matrix Qy € K"* that satisfies Q' Qo = QoQE = Idy and a unique upper
triangular matrix Ry € KKk with R;; > 0,V1 <i <k, such that

A = QoRo,
the "economical” QR-decomposition.

e a unitary matrix Q € K"™" and a unique upper triangular matrix R € K"* with R;; >
0,V1 <i <mn, such that

A =QR,
the full QR-decomposition.

Corollary 3.12 The economical QR-factorization of A € K™", m > n, with rank(A) = n is
unique if we demand (Ro);; > 0.

Gram-Schmidt orthogonalization suffers from numerical instabilities due to possible cancel-
lation in subtraction and dividing by ~ 0.



3.4. Singular Value Decomposition

Computation of QR decomposition (Householder reflections)

Thea idea is to find a series of orthogonal transformations, such that applied from the left
yield a triangular matrix Q, ... Q2Q1A = R, similar to Gauss elimination, but now we use
orthogonal transformations. These transformations can only rotate and reflect vectors, i.e.
preserve length of and angles between vectors. Householder reflections use only reflection
represented as projections

_ ool
Hoa = —(a —2proj,a) = — | In — 2% a

The j-th step then tries to eliminate A’s j-th column a; = (u]i aé)T by setting

. 0 . .
v = (aj> —cjel, with¢; = £|df].
2

Then H,al = (a{l 0 ... 0)T and H,g* = g*, where ¢* = Ha* for some k < j. Note that ¢

must be chosen such that cancellation is avoided, i.e. if (0 aé)T is almost parallel to the j-th
basis vector ej, choose Cj such that v/ is not small.

Altogether Hyn...HyA =R, Q = Hle HL, then A = QR. Q is stored implicitly by storing

1

vectors v, ..., 0" as lower triangular matrix (compressed format).

Complexity The computational effort for HouseholderQR() of A € K™", m > n, is O(mn?) for
m,n — oo.

Givens rotations, an alternative QR factorization, use rotations instead of reflections for
building Q.

Normal equations vs orthogonal tranfsformation method

For least squares problems

use orthogonal methods expanded normal equations
if A € R™" dense and n small A € R™" dense and m, n big
because Superior numerical stability SVD/QR-factorization cannot
of orthogonal transformations exploit sparsity
methods

3.4 Singular Value Decomposition

Theorem 3.13 (SVD decomposition) For any matrix A € K™" there exist unitary matrices
Q € K™, V € K", and a (generalized) diagonal matrix ¥. = diag(cy,...,0p) € R™" with
p =min(m,n)and o1 > 02 > ... > 0, > 0, such that

A=UxVH,

Lemma 3.14 The squares 02 of the non-zero singular values of A are the non-zero eigenvalues of
AXA and AAH with associated eigenvectors (V).1,...,(V).p, (U).1,. .., (U).p, respectively.

Lemma 3.15 If for some 1 < r < p = min{m,n}, the singular values of A € K"™" satisfy
012> 02,...,00 > 0pp1 = ... =0y =0, then

10



3.4. Singular Value Decomposition

e rank(A) =, (X encodes rank)
o ker(A) =span{(V).,41,.-.,(V).n}, (V encodes nullspace)
e Im(A) =span{(U).1,...,(V).,}. (U encodes range)

Definition 3.16 The “numerical rank” is computed as

r = #{ci||ei| > tol - max{|oj[ }},
j

for some tolerance tol. By default tol = EPS.
Complexity Cost of thin SVD is O(mn?),m > n.
JacobiSVD is numerically stable.

3.4.1 Generalized solutions by SVD

Theorem 3.17 If A € K"™" has the SVD decomposition A = ULV in block matrix form

%, 0\ (VH
A=t (5 o) (i)
then its Moore-Penrose pseudoinverse is given by AT = V;E U

3.4.2 SVD-based optimization & approximation
Norm constrained extrema
Given A € K™",m > n, find x € K", ||x||, = 1, such that ||Ax|, — min.

Minimum for x = Ve, = V..
Best low-rank approximation

Definition 3.18 The Frobenius norm (or matrix norm) ||-||p of A € K™" is defined as
2 _ vy 2\ 2
1AIE =22 Y lai* = 3 o7,
i=1j=1 j=1
with 03,1 <i <r,r =rank(A), A’s singular values.

Given A € K™, find a matrix A € K™", rank(A) < k, such that ||A — A||,,; — min over
rank-k matrices.

Theorem 3.19 (Best k-rank approximation) Let A = UZV! be the SVD of A € K™". For1 <
k < rank(A) set Uy = (1,1 ...u.x) € K", Vi = (v.1...0.%) € K", &) = diag(cy,...,01) €
Kk, Then for ||-|| = |||z, |- ||, holds true

|A =V < |A—F|| VF € Re(m,n),

ie. UyX Vi is the best k-rank approximation to A.

Principal component analysis (PCA)

PCA is used for dimensionality reduction, trend analysis, and data classification. We try to
identify and approximate trends in given data. TODO: what does that mean mathematically

Find first p singular values that are way larger than the final ones.

11



3.5. Total least squares

3.5 Total least squares
For least squares problems Ax = b, we now also allow A to be perturbed.
Given A € K"",m > n, rank(A) =n, b € K", find A e KM, b e K" with
(A b)— (A b)||; — min and b € Im(A),
which means the perturbed system should be solvable. If (A b)’s SVD is given by

n+1

(A b)=uxv’ = Z; oi(U).;(V)T,
iz

then a solution to the total least squares problem is given by

R 1

X = Aili? = — (V)lzn,n+1

(V)n—i-l,n—i-l
if (V)ut10+1 # 0, otherwise no small perturbation can make b e Im(A), ie. the system
solvable.

3.6 Constrained least squares

Given

A € K™" rank(A) =n, b € K",
Ce R\ rank(C) =p, p<n,deRP,

find x € R™, such that ||[Ax — b||, — min and Cx = d.

Solution via Lagrange multiplier (a saddle point problem)

1
L(y,m) = 5 || Ay — b3 + m'(Cy — d)

X = argmin, g, max L(y, m)
me
Solution via augmented normal equations
ATA CT\ [(x\ _ [(ATb
c o0)\m) \d )’

Solution via SVD. Let C = U(Z, 0)(V; V2)T and xo = V4Z'U"d be a particular solution
to Cx = d, then x = x9 + ker(C) = xo + V,y is also a solution. Now solve ||Ax —b|, =
|AVay — (b — Axop)|l, — min as a linear least squares problem.

12



Chapter 4

Filtering Algorithms

Signal processing: time-discrete signals as vectors/sequences x; = X(jAt) through sam-
pling of time-continuous signal X(t), t+ € [0,T], where x = (xo,...,x,-1)7 € R" and
n At < T. More generally [*°(Z) as vector space of bounded signals.

4.1 Discrete Convolutions

We consider finite, linear, time-invariant causal filters. Mathematically, filters are mappings
F:1%(2) = 1%°(Z) : F((x))jez) = (Yi)iez- F is
e finite: every finite-length signal (x;);cz produces finite-length output F((x;)jcz),

e time-invariant: F commutes with shift operator, i.e. time-shifted input + filter =
apply filters + time-shifted output. The time shift operator S, : I®(Z) — I®(Z) :
Su((xj)jez) = (Xj—m)jez, m € Z. Mathematically, time-invariance is 7 (S ((x})jcz)) =
Su(F((xj)jez)),

e linear: for all (xj)jEZ/ (y]')]'ez S ZOO(Z), (X,ﬁ € R it holds true that J—"((X(x]')]'ez +
ﬁ(yj)jez) = “]:((xj)jeZ) + ,B]:((]/j)jez),

e causal: output only depends on past and present inputs, not on the future. If x; =
0Vi <M = F((x))jez)r = 0 Vk < M.

Definition 4.1 (Impulse response) The impulse response of channel/filter is the output for a
single unit pulse at t = 0 as input, i.e. the input signal is x; = 6;.

We write FIR filters for Finite impulse response and LT-FIR for finite time-invariant linear
causal filters. An impulse response has n-th order for (...,0,ho, hy,...,h,-1,0,...), n € N.
Any finite signal (x;);cz is a linear combination of shifted pulses.

F((x))jez) Z X Sk((9j0)jez)) Z xSk(F (9j0)jez)) = (Vj)jez

m—1

= vk = F((x))jez) = ) Xl
=

where k = 0,...,m+n—2, hj = 0 for j < 0,j > n. The maximal duration of output is
(m 4 n —2)At (length of filter + length of signal).

Finite length signals (...,0,xo, ..., X,_1,0,...) can be represented by a vector (x, ..., x,_1)"
and a filter by a linear mapping F : R" — R"*"*! je. a matrix.

Definition 4.2 (Discrete convolution) For two sequences £, g € 1°(Z) their discrete convolu-
tionu = fx g € [* is defined by

ug =), fjgk- - = =) fie j&i

JEZ JEZ

13



4.2. Discrete Fourier Transform (DFT)

The discrete convolution for vectors, i.e. finite length sequences, is defined equivalently.
Takey = F((xj)jez) = x*h € I®, then for y € R"*"~! as a vector y; = 271;01 xjhy_j, where
hj=0forj<0Oandj>n.

Filtering an m-periodic signal x; = xj,, for all j € Z with p; = Yiez hi 1, motivates the
following definition as a special case of discrete convolution.

Definition 4.3 (Discrete periodic convolution) The discrete periodic convolution of two n-
periodic sequences (p;)jez, (X;)icz yields the n-periodic sequence

n—1 n—1
(yk) = (pk) *n (xk)/ Yk = Z Pr—jXj = E Xk—iPjr ke Z.
j=0 j=0
Definition 4.4 (Circulant matrix) A matrix C € K"" is circulant <= 3(py)rez n-periodic
sequence with C;; = pj—;, 1 <1i,j < n.

A circulant matrix is represented by a vector p = (po, ..., ps—1)7, discrete periodic convolu-
tion by multiplication with a circulant matrix

Yo Po Pn-1 . p1 X0
| m Po :
: Pn-1
Y1 Pn—1 Pn—2 cee P1 X1

Discrete convolution can be reduced to discrete periodic convolution by zero-padding x
to x* with length L = m +n — 1. Then for y* = xL %, hl it follows that yf = y; for all
0 <k <L Forx e R" heR" the output vector will be y = x*xh € RE, which can be
represented as Ax =y, where A € RL™ and

ho 0 0
Yo .
x+h=xls ht =y = _ | e 0 = Ax.
0 hn—l hO
: Xm—1
Yn+m—2 0 0 hn_l

4.2 Discrete Fourier Transform (DFT)

All circulant matrices of the same dimensions have the same set of eigenvectors vy, the
eigenvalues Ay differ depending on the sequence u defining C. Let C;; = u;_; for an n-
periodic u € I*(Z),u; € C. C’s eigenvalues and eigenvectors are then given by

n—1
_ s o
A=) ww, K and v = () );Z:Ol €C", w, = ¥/n
1=0

fork € {0,...,n—1}. The set {vo,...,v,_1} forms a trigonometric basis of C", i.e. vilv,, =

n and vilv,, = 0 for k # m.
Definition 4.5 The Fourier matrix is defined as F, = (w!! )7;0 e Ccv,

14



4.2. Discrete Fourier Transform (DFT)

Lemma 4.6 (Diagonalization of circulant matrices) Forany matrix C € K"",C;; = u;_;, (Up)kez
n-periodic sequence, holds true

CFn - Fn diag(dl,. . .,dn), d — Fn(uo,. . .,unfl)T.

The mapping F : y — F,y is called DFT.

Definition 4.7 (DFT) The linear map F, : C" — C", F,(y) = F,y, F € C", is called discrete
Fourier transform (DFT), i.e. for ¢ = Fy(y)

n—1
»
Cp = Z y]wn], k=0,..,n—1.
j=0

Lemma 4.8 (Inverse Fouriermatrix) The scaled Fourier-matrix ﬁFH is unitary, its inverse is
therefor given by

41 1—
F,l= EFE = —Fu.

The inverse DFT therefore satisfies
n—1 ki n—1 ki
Cr = Z y]wn] — VY= Z CiWn N
j=0 j=0
4.2.1 Discrete Convolution via DFT
Theorem 4.9 (Convolution Theorem) The discrete periodic convolution *,, between n-dimensional

vectors u and x is equal to the inverse DFT of the component-wise product between the DFTs of u
and x, i.e.

n—1
Wiky X = ) U jXj = F;l((Fnu)]-(an)]-);Ll.
i=0
4.2.2 Fast Fourier Transform

Let ¢y = (F,y)r. By splitting (F,y)r = cx = (c')x + wk(c?)x, where ¢! m-DFT of y!, c?
m-DFT of y?> and n = 2m. This is the basis for a divide and conquer approach by further
splitting ¢!, ¢ in the next step.

Complexity The overall complexity for FFT is O(nlogn).

4.2.3 Frequency Filtering via DFT

Given signal x, the Fourier transform is ¢ = F,x. Vector |ck|, |c,_x| measures how much
oscillation with frequency k is present in signal x, k = 0,..., |5 |. Note that ¢,_; = ¢ and
wn*(”*k)]' —w, i
Idea for denoising a signal:

1. transform signal to frequency domain,

2. apply a low-pass filter to cut off high frequency content,

3. transform back to time/space domain.

15



4.2. Discrete Fourier Transform (DFT)

4.2.4 2D DFT
Given a matrix Y € C™", its 2D DFT is defined as 2 nested 1D DFTs, i.e.

ki ok k k
Ciyh, = Z th]z with ke — th ! (Z wp th,j2>, 0<k <m0<ky<n.
0]2
Theorem 4.10 (2D DFT) The 2D DFT and 2D inverse DFT are given by
C = F,(F,Y)T = F,YF,,
S —— 1o =

Y =F,!CF,! = ——EuCF,.
Filtering with 2D DFT is analogous to 1D filtering. 2D discrete convolution is reducible to
2D discrete periodic (circular) convolution.

Theorem 4.11 2D Convolution Theorem) Let U, X € C™" and let the 2D discrete convolution
U *,,, X be defined by

I
—
|
_

m n

(U *m,n X)k,l = (u)i,j(X)i’,f"
i=0 j=0

where i’ = (k—i) mod m, j/ = (I —j) mod n. Then

1 -
U sy X = —Fn m (FnUF,)ij - (FuXEy); ;) F,.

i=0,...,m—1,j=0,...n—1
The theorem states that

U %, X = DFT2 ((DFTZ(U))Z',]' . <DFT2(X)iff>)i:o,.,.,m—l,jzo ,,,,, r

16



Chapter 5

Data Interpolation in 1D

5.1 Abstract Interpolation

Given a set of data points (t;,y;) € R? i=0,...,n, t; € I C R. Find an interpolant, i.e. a
function f : I — R, such that f € C%(I) and f(t;) = y;, Vi = 0,...,n. There are infinitely
many such functions, therefore we need additional assumptions on f such as smoothness
properties. We typically search for f € S C C%(I), where S is a (m + 1)-dimensional
subspace. The function f is then represented as f(t) = "' a;b;(t) with the basis vectors
by, ...,b,_1 and coefficients «g, ..., &;,_1.

Interpolation assumes sufficiently accurate measurements, otherwise we would use data
titting.
5.2 Piecewise linear Interpolation
Connect data points (t;,y;) by line segments. Here is
S={feC’I): f(t) =Bt +7ion [ti_1,ti], B, i €R, i=0,...,n}

with dim(S) = n + 1. A basis for S are the hat functions b;

by — 1— fl—_ffo fortg <t <t,
0 for t > ty.
ti—t

1-— F— for t]'_l <t< tj,
b] =<1 fjﬂ*/tj for t]' <t< t]'+1,
0 for t > t4.
t,—t
bn: 1—m fortn_1§t<tn,
0 fort < t,_1.

Therefore, b;(t;) = 6;;. This basis is unique. Such a basis is called cardinal basis. Note that
S and {bi};?:O depend on points t;. The interpolant then is given by

(5 = Y bi(d).
=0

More general setting

Basis representation f(t) = ¥_ a;b;(t) with interpolating condition f(t;) = i a;b;(ti) =
y; written as (m + 1) x (n+ 1) linear system of equations

17



5.3. Global Polynomial Interpolation

bo(to) e bm(t0> 2%} Yo
Ac = : : =l =Y

bo(tn) P bm(tn) lxm yﬂ
where A is called the Vandermande matrix.

Existenz and uniqueness of interpolant depends on regularity of A, we therefore require
m = n. Then, invertibility of A depends on nodes t; and space S, but not on the choice of
basis {bi}]’.’:O.

Note that a cardinal basis yields A = 1.

5.3 Global Polynomial Interpolation

Space of Polynomials of degree < k P, can be represented by a monomial basis, such that
each polynomial can be written as a linear combination of monomials. This space is k + 1
dimensional, polynomials of degree k are determined by k + 1 points.

Advantages of using polynomials are
e differentiation and integration is easy to compute,
e approximation property of polynomials,
o efficient evaluation through Horner scheme with complexity O(k)

t(. (t(H(axt + ax—1) + ag2) + -+ +a1) + ao.
5.3.1 Lagrange Polynomials

Definition 5.1 (Lagrange Polynomials) We define the Lagrange polynomials as

not—t

L) =]1:—
j=oti 1
J#

Basic properties are L; € Py, Li(t;) = 0;;, linear independent and form a cardinal basis.

Lagrange interpolation

n
p(t) =Y yiLi(t)
i=0
Lemma 5.2 (Existence and uniqueness) The general Lagrange polynomial interpolation prob-
lem admits a unique solution p € DPy,.

Corollary 5.3 The polynomial interpolation in the nodes T = {tj}7=0 defines a linear operator

Ir :R"™™ = Py (yo,...,ya)T > interpolating polynomial p

Complexity Evaluating L; is O(n) using the Horner scheme, evaluating p(x) is O(n?). Evalu-
ating N different data value sets using a Lagrange basis approach is O(n2N), while evaluating N
different data value sets using a monomial basis approach is O(n3N).

Remark 5.4 Lagrange interpolation is ill-conditioned for evenly spaced points mostly due to Runge’s
phenomenon: small changes in the data may cause huge changes in the interpolant.

18



5.3. Global Polynomial Interpolation

5.3.2 Barycentric interpolation approach
Introduce a factor A;, i =0,...,n such that

n Ao B 1
p(t) =gyitfti H(t B A Rl ey T oy Sy oy sy Y B

Setting p1(t) = 1, we can solve for p(t) to get the
Barycentric interpolation
Ai
 Yloviry
==
Z?:O t—t;

Complexity Evaluating N different data value sets using a Barycentric interpolation formula com-
prises the following computational costs:

p(t)

o Computing A, ..., Ay is O(n?)
e Evaluating p(xy) for each k is O(n)
The total computational complexity is O(n% + nN).

If nodes are close to each other, numerical instabilities might worsen the computation of A;
and Lagrange polynomials.

5.3.3 Newton basis

Definition 5.5 (Newton Polynomials) We define the Newton polynomials as

i—1

No(h) =1, Ni(t) =[]t~ 1.

j=0

Note that {Np,...,N,} are linearly independent. Since N;(#;) = 0 for all I < i, Newton
interpolation can be represented by a lower triangular Vandermande matrix A

1 0 0

1 Ny(h) O ... 0 a0 Yo

1 Ni(t2) Na(t) : 1=
0 an Yn

1 Ni(ty) Na(ty) ... Np(ts)

Lagrange interpolation
n
p(t) =) _aiLi(t)
i=0

Complexity The effort for building the system Vandermande matrix for a Newton basis is O(n?).
Solving Aa = y for w is of complexity O(n?) using forward substitution. For N evaluations, this
results in an overall complexity of O (n*N).

Note that algebraically, Vandermande, Lagrange, and Newton interpolation are equivalent
and therefore the respective interpolants unique. Higher degree does not result in a better
approximation.
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5.3. Global Polynomial Interpolation

Runge’s phenomenon

Interpolating with high degree polynomials leads to oscillation/artifacts at the endpoints
on equidistant nodes. Runge’s phenomenon may be avoided through more densely dis-
tributed points to the endpoints (Chebychev nodes) or piecewise polynomial interpolation.
5.3.4 Update friendly schemes

Aitken-Neville scheme

We define partial interpolating polynomials py; as the unique interpolating polynomial of
degree | — k through (t,yk), ..., (t1, y1), where pyi(x) = yx and

(x — t) prg1(x) — (x — t) pri—1(x)

Pri(x) = t— 1t
x—t
=Prs1,1(x) + — t}i(pk-i-l,l(x) —pri—1(x)), 0<k<I<n.

The Aitken-Neville scheme then computes py , recursively as visualized here

n 0 1 2 3

to Yo = poo(x) poi1(x) po2(x) pos(x)
oy =pia(x) pra(x)  pra(x)

th Y2 =paa(x) pas(x)

ts  y3 = pas(x)

This is update friendly as a new data value (t,11,y,+1) can be simply added to the above
scheme and the updated interpolant can be computed partially from already computed
results.

Complexity The effort for evaluation of py,, at point x using the Aitken-Neville scheme is O (n?).

Divided differences
Update-friendly version using the Newton basis. We set

Yltivr - tiv] = Yltis- - tir1]
tivk — ti

y[tl] =Y y[ti/“'/ti+k] =

7

which visually gives the following recursive calculation

to y[to]
ylto, t]
b ylt] ylto, t1, 1]
ylt1, t2] ylto, t, ta, t3]
tr ylto] ylt, b, t3]
ylt2, 3]
ts ylts]
The interpolant is then given by
n—1
p(t) =ag+ar(t—to) +ax(t —to)(t—t) + ... +a, [ [(t—t;),
j=0
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5.4. Splines

where a9 = y[ty], m1 = y[to, t1], a2 = y[to, t1,t2],.... This can be evaluated in a Horner
scheme

(t — to)(. .. ((t — tn_z)((t — tn,l)an + an,l) + ﬂn_z) —+ -+ al) + ap.

Complexity Using divided differences, the effort to update the scheme after adding a new data point
is O(n), evaluating p(t) at given point x using Horner scheme is O(n).

5.4 Splines

Piecwise polynomial interpolation
e on each subinterval [t;_1, t;] polynomial of degree d
e matching of first d — 1 derivatives at nodes t;
Definition 5.6 (Spline space) Given an interval I = [a,b] C R and a mesh M = {a =ty <

t1 < ...<ty_1 < tp}, the vector space Sy rq of the spline functions of degree d (i.e. order d + 1) is
defined by

Sim = {s € CI) 18 = s|[tj71,tj] ePsVji=1,...,n}.

Note that for s € Sjuq, it is s’ € Sy_1 0 and fabs(t)dt € s €S. We have d + 1 de-
grees of freedom on n intervals with d constraints on each interior point, in total we get
dim(Sjpm) =n(d+1)—(n—1)d =n+d.

5.4.1 Cubic spline interpolation

We now consider Sz o, i.e. sj(t) = a; + bjt + c]-t2 + d]-t3. The 4n coefficients are determined
by
e 21 interpolating conditions s;(t;_1) = y;—1 and s;(t;) = y;,

e 1 — 1 smoothness conditions for first derivatives s;.(t]-) = s;. La(t),

o 1 — 1 smoothness conditions for second derivatives s/(t;) = s, (),

e 2 more conditions, for example natural cubic spline interpolation s”(tp) = s"(t,) =0

Economical implementation

Let Sj(t) = aj+ b]'(t — i‘]',1) + C]'(t — tj,1)2 + d]'(t — i‘]',1)3 for all j = 1,...,n. Then the
coefficients are given by
Yi—yj1 (201 +0j) 0j-1 7 = 0j1

G =Y b= 6 9T 2 T e

where hj = t; —t;_ and 03,...,0,_1 are given by the (n — 1) x (n — 1) linear system of
Y-y Yi—Yja
h: .

equations with right hand side r; =

j+1 hj
il I 0o ... 0 o1 n

hy hotks I3
6 3 6

‘. hnfl .

. 3 :

hy, hy_1+h

0 0 n6l - 13 : On—1 Tn—1
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Chapter 6

Approximation of Functions in 1D

Given a function f, find a “simple” approximation f, where simple means that f is
e encoded by small amount of information,
e easy to evaluate.

Interpolation is done by first sampling the given function on some nodes ¢; and then inter-
polating the resulting data set. The error is measured in LP-norm as ||f — f||.

sampling interpolation

fAICR—=K —=° (tyi=ft)ite —  f=Iry (f(ti) =)

6.1 Taylor Approximation

Any function f € CK(I) can be approximated by Taylor polynomial. Given t; € I, there
exists a function 4, : R — R such that

ko £() .
HOEDY f(]]‘gtO) (t—to) +he(t)(t — to)*
=

=Ti(t)

and f(t) — 0 for t — ty. Ty approximates f in a (possibly small) neighbourhood | C I of
to. If f € CK1(I), we can quantify the error as

(k+1)
f(t) = Ti(t) = f(’<:-1()€!)(t _gp)FH

for some point ¢ € (min(t, tp), max(t, tp)).

Taylor approximation is easy and direct, but inefficient (same accuracy often reached with
lower degree polynomials). Access to higher order derivatives is required, which can be
hard to obtain.

6.2 Bernstein Approximation

Taylor polynomials yield local approximation of sufficiently smooth functions. However,
we would like to have a uniform approximation on I without smoothness requirements
(functions are merely continuous).

Definition 6.1 We define the Bernstein polynomials as

n

B (t) = <]>tj(1 — )",
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6.3. Global polynomial Approximation Theory

Theorem 6.2 (Uniform approximation by polynomial) For f € C°([0,1]) we define the n-th
Bernstein approximant as

:if(j/n) :i f(j/n) <>t](1—t) I pu € Py
j=0 j=0

It satisfies ||f — pull, — 0 for n — oco. If f € C™([0,1]), then ||f*) — pflk)Hoo — 0 forn — o
and 0 < k < m.

B]’7 satisfy Z?:o B?(t) =1,0< B]’.“(t) <lforall0<t<1.

This approximation in |||/, is uniform. However, convergence is slow (see proof in the
lecture notes).

6.3 Global polynomial Approximation Theory

We first require a notion of a best approximation error.

Definition 6.3 Let ||-|| be a (semi-)norm on a space X of functions I — K, I C R an interval. The
(size of the) best approximation error of f € X in the space Py of polynomials of degree < k with
respect to ||-|| is

diStH,”(f, p) = Plglgkﬂf —pll-

The best possible L*-approximation is given by

Theorem 6.4 (Jackson’s theorem) If f € C"([—1,1]), r € IN, then for any polynomial degree
n<r

2\ (n—1)! ., 7
inf 17 = pliegany < (145 ) P20 ie oy = 007

The norm infpep, ||f — pll1=(j_11)) is the norm of the best approximation error, it always
exists (P, is finite-dimensional) and is a uniform approximation. Note that this estimate
depends on smoothness of f.

Lemma 6.5 The Stirling approximating states that n! ~ \/2mn (%) .

Sterling’s formula reduces ( ) < C(r)n~", which is algebraic convergence.

Lemma 6.6 If ®* : C%([a,b]) — C°([—1,1]) : @*(f)(f) = f(DP(F)), is an affine pullback based

Yornw-a, —1<i<t,

©:[-1,1] = [o,b], @) =a+

then ®* : P, — Py is a bijective linear mapping for any n € INj.

Lemma 6.7 (Transformation of norms) For every f € C%([a, b]) we have

\b\

Il ae)) = 19" Fllioqeray I l2qan)) = D" fll 21— 1))
Proof Use the affine pullback in the L? integral. O
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6.4. Lagrange Approximation

If A is approximation scheme for f € C%([a, b])
1f = Allpsia, 5y = 1197 f = AR ) | pow1,1))-

b—
IF = Allioy = 2 2190 — A@ )1,

Using this approximation scheme and the chain rule for || || L ([a,b])» WE can express Jack-
son’s theorem for arbitrary intervals, i.e. the best polynomial approximation on C%([a,b]),

as
2\ (n—r)! (b—a\" .,
inf 17 = pliegony < (145 ) "2 (550 17 emqany

For a family of polynomial approximation schemes {A,},cn, we would like to address
the question of whether we can bound the interpolation error as the number of nodes is
increased, ie. ||[f — A,f|| < T(n) for n — oo, for different families 7, = {t(()"), . ,t,(ln)} of
nodes

ﬁ:{t](n) :a+(b—a)£,j:0,...,n} C L

6.4 Lagrange Approximation

We first consider Lagrange interpolation with equidistant nodes.

Definition 6.8 Given an interval I C R,n € IN, a node set T = {to,...,t,}, the Lagrangian
(interpolation polynomial) approximation scheme L1 : CO(I) — P, is defined by

Lr(f) = Ir(y) € Py with y=(f(to), ..., f(fa))" € KL,

Definition 6.9 We define two types of convergence, namely
algebraic convergence if ||f — I7f|| = O(n~P) for n — oo,
exponential convergence if | f — I f|| = O(q") for n — co.

Theorem 6.10 (Representation of interpolation error) We consider f € C"1(I) and the La-
Qrangian interpolation approximation scheme for a node set T = {to,...,tn} C I. Then, for every
t € I there exists a Ty € (min{t, ty, ..., t,}, max{t, to,..., tn}) such that

(n+1) T
f(n—|—<1)!) [1¢t=8):

j=0

f(8) = Lr(f)(t) =

For f € C""(I) and equidistant nodes 7 = {t,...,t,} C I using Lagrangian interpolation,
this results in the following estimates

wmax](t—t) (t—t,)] (6.1)
(n+ 1)1 rer 0)---AE = tnlls '

2(n 1) /4‘I’n+1

If = Lrfllzg < ﬁ”f D] 2

Example 6.11 Using this new global estimate, we are able to understand the following examples as
they demonstrate quite different error behavior.

1f = Lrfllpeqy <

6.2)
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6.5. Chebychev Approximation

e 9(t) = sin(t) € C* has exponential convergence O(q"), simple Lagrange interpolation is
doing much better than predicted by Jackson’s theorem. Using the global estimate we get

1
g = Lrfllimy < v (1)

o f(t)= ﬁ shows bad behavior on edges, i.e. Runge’s phenomenon. Using the global estimate

, which is indeed exponential.

we get || f — Ly fl| () < n! (%)n 10 which by Stirling is exponential growing and therefore

n’
does not guarantee to convergence.

6.5 Chebychev Approximation

Since it is not possible to control the error of ||f("*V)||,., we would like to find nodes
to,...,t, such that ||wHLoo(I) is minimal. Because w(t) = ]_[;’:O(t —t;) € Py, itis equivalent
to searching for g € P41 with minimal ||g[|~;), where g has n +1 zeros in I.

Definition 6.12 (Chebychev Polynomials) The n-th Chebychev polynomial is

Tu(t) = cos(narccos(t)) for—1<t<1, neNN.

The zeros of T, are called the Chebychev nodes and given by t; = cos <2’;1 7[) forj=1,...,n
and the leading coefficient of T, is 2" 1.

Theorem 6.13 Chebychev polynomials satisfy the 3-term recursion for all n € IN
Tut1(t) = 2tT,(t) — To—a(f), Ta(t) =t, To(t) =1
Theorem 6.14 The Chebychev polynomials minimize the supremum norm in the following sense

||Tn||Loo([_1,1]) = inf{HpHL“’([—l,l]) 'p € Pn, p(t) = 2”_1t” +.. .}, Vn € IN.

The nodal polynomial w(t) = [T_o(t — t;) with minimal ||w|| «~(; is given by

w(t) =27"Tpa(t),

where t; are the Chebychev nodes of T,;1. Chebychev nodes are equidistant on circle, but
projected onto the interval [—1,1] more dense at edges. The interpolation error with this
choice of w(t), [[w/eo(_1,1)) =27", is

27" "
If = Er (Dl < Gl s

Arbitrary interval [g, D]

The Chebychev nodes in the interval [4, b] are

1 2k+1
tk—ﬂ+2<b—ﬂ)<cos<wn>+l>, k—O,...,i’l,

the interpolation error for interval [g, b] is

2721171

If = Ir ()l o (ap)) < (

m’”n—&-lnf(n—i-l

M o (o)
Note that this is a much better estimate than for equidistant nodes. However, if || f (n) | Le([-11])

grows too fast it is still possible for the right hand side to diverge.

Example 6.15 For #, which has || f("+1) I Le(j=5,5)) ~ 2t (n + 1)1, the right hand side becomes
105™.
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6.5. Chebychev Approximation

Lebesgue constant

We would like to have an estimate such that || (|| 1([-1,1]) is independent of the number
of nodes as in Jackson’s theorem.

Definition 6.16 (Lebesgue constant) Given a node set T = {ty,..., t,} and approximation
scheme I : R™ — Py, : I+ (f(to), ..., f(tn)) = L7 f, the Lebesgue constant is defined as

I
Ny — sup M8l

ye]Rle ||yHoo

The Lebesgue constant is a quality measure for polynomial interpolation scheme, i.e. the
norm of the operator I in L sense. For Ly : CO(I) — Py : f = L f = IT(f(to), ..., f(tn))
it follows

HLTfHL00 < )\THfHLoo

For all f € C°(I) and A+ = max;e; Yo |Lj(t)], it follows that the interpolation error is at
most (1+ A7) worse than the best approximation error for all f

If = Lrfllps(ry < (14 A7) in I = Pl

This links the best approximation error with the interpolation error from Jackson’s theorem
6.4. In approximation theory, this result is a special case of

Theorem 6.17 (Lebesgue’s lemma) Given a normed vector space (X, ||-||), U C X subspace, and
P : X — U a linear projection onto U. Then

l|x — Px|| < (14 ||P||) inf|jx —u||, Vx€ X.
ueX

The Lebesgue constant for different type of nodes can be estimated as

e Equidistant nodes: A > Ce"/?

(at least exponential growth),
e Chebychev nodes: A < 21log(n + 1) + 1 (at most log growth).

For f € C"([—1,1]), combining the general estimate with Jackson’s theorem gives

2 r
IF = Lrflmoany < ( 71080+ +2) (145 ) CR1 Ol o

1+A7

Implementation

Instead of sampling a given function on the Chebychev nodes, we write p as a Chebychev
expansion p(t) = ¥/ a;T;(t) since the Chebychev polynomials form a basis of P;.

To efficiently evaluate Chebychev polynomials given coefficients &, use the 3-term recursion
formula 6.13

aj+2xajq ifj=n-—1,
x) =) &Ti(x) withdj=qaj—a, ifj=n-2,
- Q; else.
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6.6. Piecewise polynomial Lagrange interpolation

To compute the coefficients «; use the interpolation condition to get

0 forj=n+1,
Y 1o forj=1,...,n,
p(cos(2mts)) = Y Bjexp(—2mijs), where ;=< >/ .
j=—n X forj =0,
la, j forj=—n,... —1

Using some further transformations it follows that

2%15‘ . _mi(j —n) ok . _ mink .
o PP T o0y ) 2 TOP T )

yk = f(tx) k=0,...,n
You+1—k k=n+1,...,2n+1

with z; = {

Using

o mti(k —n) B _ mink
ck—,B]_nexp< 2(”“‘1)>, bk—zkexp< n—|—1>'

the system can be solved via inverse DFT ¢ = Fz_(i +1)b to recover B; from c and «; from B;.

Comlexity The cost of recursively evaluating a Chebychev expansion is O(n). The cost of calculat-
ing coefficients w; for a Chebychev expansion is O(nlogn).
6.6 Piecewise polynomial Lagrange interpolation

General local Lagrange interpolation on a mesh M = {a = xp < x1 < ... < xy, = b}.
1. Choose local degree n; € Ny for each cell of the mesh j=1,...,m.

2. Choose set of local interpolation nodes
T]:{t],"'lt;l]}CI]:[x]—llx]]/ j:ll'..,m

for each mesh cell/grid interval I;. The size of every node set is 1; + 1.

3. Define piecewise polynomial interpolant s : [xo, x,,] — K
sj = s|1j € Py and s]-(t;) :f(t{:) i=0,...,n5,j=1,...,m (6.3)

Corollary 6.18 (Continuous local Lagrange Interpolants) If the local degrees n; are at least 1

and the interpolation nodes t ,j=1,...,m k=0,...,nj, for local Lagrange interpolation satisfy
o =t"Vj=1...,m-1 = seC%a,b),

then the piecewise polynomial Lagrange interpolant according to 6.3 is continuous on [a,b], i.e.
s € C%([a,b]).
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6.7. Overview of estimates

Error estimate

Derivation of error estimate by decreasing the mesh width h, (h-convergence) considering

the special case of fixed number of nodes per grid n; = n. Number of nodes < ‘bh;M”‘ <
[b—a|(n—-1)

I :
Applying the old estimate 6.1 on each subinterval gives the overall estimate with algebraic
convergence of rate n + 1

+1 (n+1)
Hf_SHL""([xU,xm]) SI/ln,/\/l (Tl+1) an HL°° ([x0,2%m])”

2(n-1)/4

—s )y —
I =5l I

Hf(n+1) HLZ([X[),Xm])'

Remark 6.19 Note that
e 1 is now fixed (and small), e.g. for piecewise linear n =1 and estimate holds if f|;, € C?,
e piecewise smoothness of f is sufficient,
e since n can be small, convergence result also for f with low regularity,
e slow convergence.

Similar estimate is possible for cubic spline interpolation. For equidistant mesh with mesh
width &, we get an error estimate with algebraic convergence in h

5
1f = sl o (o)) < @hﬂ‘f@)”Lw([to,tH])l f € CH([to, ta])-

6.7 Overview of estimates

Jackson’s theorem

If f € C"([-1,1]), r € N, then for any polynomial degree n < r

2\ (n—r)! _
inf 17 = plieany < (145 ) P20y = 007

7T

17— i < (1475 ) O () W iy

Lagrange
For f € C""1(I) and equidistant node set 7 = {to,...,tx} C I

£ oy
BN CES [(t—to) ... (t—tu)l,

2n 1/4“’ n+1

If = L7 fll2 ) < ﬁ\!f s [13Y

1f = L7l <
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6.7. Overview of estimates

Chebychev
For f € C"*(I), I = [-1,1],[a,b] and node set T = {to,...,tn} C I

2" n
1f = I (F) e < m“f( +1)HL°°([—1,1])’

242n71 " "
1f = I ()l 1o(jap)) < (n+1)!|11 N o o)

Lebesgue constant

If = Lrflliwqy < (14 A7) inf [If = pliey ¥f € 1.

Chebychev with Lebesgue constant For f € C"([—1,1])

2 r
I = L fllieqany < (S og0+m)+2) (145 ) S0 e

1+A7

Piecewise Lagrange

1
||f_s||L°° ([x0,xm]) = h?\jl_l (n+1) Hf (n+1) HL°° ([x0,2%m])”
2(n 1)/4
1f = sll2y < hn+1m”f(n+l)HLZ([XO,Xm])'

A
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Chapter 7

Numerical Quadrature

Approximate | ab f(t)dt using only point evaluations of f.

7.1 Quadrature Formulas

Definition 7.1 An n-point quadrature formulalquadrature rule on [a, b] provides an approxima-
tion of the value of an integral through a weighted sum of points values of the integrand

[} £0de~ @uth) = Lwpse)
L

Cost of evaluation of Q,(f): n point evaluations of f and n multiplications and additions.

It is sufficient to consider a reference interval [—1, 1], because

[ st =30-a) [ fa
ft)y=f 6(1 —ta+ %(t + 1)b> ,
where f is the affine pullback ®*f of f to [—1,1].

Quadrature by approximation schemes

For given linear interpolation scheme I with node set 7 = {t,...,t,} C [a,b], we can
approximate

b b
/Hf(t)dtz/a Lr(f(t), ..., F(E)T(H)dt

I
g
Pl
£

=

o b
with w' = ["I7(e;)(t)dt.
We define the quadrature error as E,(f) = | fabf(t)dt — Qu(f)]- We get

En(f) < |b=alllf = Fr(f(t0), -, f(t)) "Il o (a )

/

interpolation error

7.2 Polynomial Quadrature Formulas

QF induced by Lagrange interpolation scheme I7.
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7.3. Gauss Quadrature

For given Lagrange interpolation scheme I with node set 7 = {t1,...,t,} C [a,b], we can
approximate the integral Q,, by approximating f with a polynomial p,,_;.

b b n
[ fwar= [ patdt = Y- flter
a a j=1

. b
with wff = J, Li(t)dt.
Example 7.2 (Midpoint rule) Rule forn = 1and ty = 1(a+0b)

[ Fd = - a)f Ga+ )

Example 7.3 (Newton-Cotes formulas) Lagrange interpolation with equidistant nodes t; = a +
bt withj=0,...,n—1.

o 1 = 2 (Trapezoidal rule) f:f(t)dt ~ &8 (F(a) + f(b))
o 1 =3 (Simpson rule) [ f(t)dt ~ L (F(a) +4f(SL) + £(b))

However, Lagrange interpolation is numerically unstable for large n. Therefore, use Chebychev
interpolation instead, which is the Clenshaw-Curtis QF.

7.3 Gauss Quadrature

Quality measure for QF.

Definition 7.4 The order of a quadrature rule Q, : [a,b] — R is defined as

b
order(Qn) = max{m € Ny : Q,(p) = / p(t)dt Vp € P,}+1,
a
that is the maximum degree 41 of polynomials for which the quadrature rule is guaranteed to ne
exact.

Note that the order is invariant under affine transformations. Polynomial QF with n points
is exact for p € P,_1, which is of order < n.

Theorem 7.5 An n-point quadrature rule on [a,b] Qu(f) = L wif(t), f € C%([a, b]) with
nodes t; € [a,b] and weights wj € R,j =1,...,n is of order > n if and only if

b
wj:/a L]‘(t)dt, j=1...,n,

with L; the j-th Lagrange polynomial associated with the ordered node set {t,, ..., t,}
This means for QF to have order < n, weights w;j only depend on node set 7 = {t1,..., tn}.
Theorem 7.6 The maximal order of an n-point quadrature is 2n.
If we can find a family Q, of QFs such that Q, is n point and of order 21, we must have
o Py=(t—c})...(t—cp), P, € Py
e P, L P,_1in L%([-1,1])
e P, is unique

31



7.3. Gauss Quadrature

e For P, = t" 4+, 1t" ' + ... 4+ ayt + ap, we have oc] f Hidt = — f_ll Hindt «—
Ax = b, where A is symmetrlc and positive deflmte

e « exists and is unique
Theorem 7.7 Let {P,}neN, be a family of non-zero polynomials that satisfies
e P,eP,
o [1 q()Py(t)dt = O for all g € P, (L2-orthogonality)
o The set {c]’?}}":l,m < n, of real zeros of P, contained in [—1,1]
Then the quadrature rule Qu(f) = YLy wi f(c}') with weights w; = fub Lit)dt, j=1,...,n,
provides a quadrature formula of order 2n on [—1,1].
Quadrature formulas with n points of order 2n are unique.
Definition 7.8 The n-th Legendre polynomial P, is defined by
e P,cPh
. f Lq9(t)Pu(t)dt = 0 for all q € P,_1 (L*-orthogonality)
e Py(1 ) =
Lemma 7.9 P, has n distinct zeros in (—1,1). These zeros are called the Gauss points.

Definition 7.10 The n-point Quadrature formulas whose nodes, the Gaussian points, are given
by the zeros of the Legendre polynomial, and whose weights are chosen according to Theorem 7.5, are
called Gauss-Legendre quadrature formulas.

Lemma 7.11 The weights of the Gauss-Legrendre quadrature formulas are positive.
Recursive formula for Legrendre polynomials

2n+1 n

P () — ——P, (¢
n+1 n(t) n+1"1()

Py(t) =0, Pi(t)=t, Py(t) =
Quadrature error & best approximation error

Theorem 7.12 For every n-point quadrature rule Q = Y iy w? i fc ( ") of order g € IN with weights
w;i > 0, the quadrature error satisfies

Eu(f) <2lb—al inf [~ pllegay Vf € Cla,b]).
pGPq,l

best approximation error

Lemma 7.13 For every n-point quadrature rule Qu = }.i_ w; f(c ( ) of order q € IN with weights
w; > 0, the quadrature error E, (f) for integrand f € C"(]a, b]) r E Ny satisfies

o ifg>rE,(f) <Cq"|b— a|r+1|]f(r)|]m([a,b]) (algebraic convergence),

o ifg<r E,(f) < |bj’;!‘q+1 | f@) 222 (a,0)) (exponential convergence),

with a constant C > 0 independent of n, f and [a, b]].
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7.4. Composite Quadrature

f € C'([a, b]): algebraic convergence with rate r (log-log plot)
f € C*®([a, b]): exponential convergence (lin-log plot))

Substitution might change smoothness of function on [g, b].

We can approximate sharp algebraic convergence as E,(f) = ©(n~") ~ Cyn~", and sharp
exponential convergence as E,(f) = @(A") =~ CA", for some constant C;,C, > 0 indepen-
dent of n.

To reduce quadrature error of algebraic convergence by factor p > 1, we must increase the
number of nodes by

— 1/r
Nnew = Hold 0
For higher r, we need less additional nodes to increase accuracy.

To reduce quadrature error of exponential convergence by factor p > 1, we must increase
the number of nodes by

=l

so the additional number of nodes is independent of the already added nodes.

Mnew = Mold 1 ’V

7.4 Composite Quadrature

Divide interval with a mesh M = {a = xo < x; <... < x; = b} and apply QF on each cell

I; = [xj_1,xj] to get QFs Q]n],

/fdtzx

j—1

The error estimate for composite quadrature is

(Hdt — Qh(f)

< CIj \b—a\ max Hf |\Lw(zj)-

x] 1
for s = min{r,q}. Algebraic convergence in the mesh width s “h-convergence”. For large
r of rate g, for small r of rate r.

Composite trapezoidal has g = 2, composite Simpson has g4 = 4. So for smooth functions,
error is of O(h?) and O(h*), respectively.

For f € C’
e composite QF is O (n~™in{ar}),
e Gauss QF is O(n™").
Therefore, Gauss is at least as good as composite QF.
For f € C*®
e composite QF is O(n™1) (algebraic convergence),
e Gauss QF is O(A") (exponential convergence).

Therefore, use composite QF only if function is not overally smooth.
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Chapter 8

Iterative Methods for Non-Linear
Systems of Equations

Given a function F, we want to efficiently solve for f(x) = 0. Higher order converge faster.

Definition 8.1 (Order of convergence) A sequence x¥) in R" with limit x* € R" converges
with order p if

30 < L [Ja% ) — x| < L||x® —x*||P, Vk e N.

For p =1, we also require L < 1. This convergence is called linear.

8.1 1D Ilterative Methods

8.1.1 Bisection

Intermediate value theorem yields an easy method for finding the root for continuous func-
tions. Convergence |e®)| = |x®) — x*| < 27%|a —b|.

+ robustness, global convergence
- rather slow convergence
- no extension to higher dimensions

Bisection does not converge linear, because |e()| < L¥|a — b| does not exclude [e®)| >
L|e® 1|, which is needed for linear convergence.

8.1.2 Fixed Point iterations
If x* is a fixed point (FP) of ® = f(x) + x, i.e. ®(x*) = x*, then f(x*) = 0.

Bisection only needed continuity, now we require Lipschitz continuity for ® on [a, b]

dL <0 Vx,ye€ab]l: |®(x)—>(y)| <Llx—y|.

Suppose ® has a fixed point x*. If L < 1, ® is called a contractive mapping. This guarantees
convergence of the fixed point iteration x¥) = ®(x(*~1)) for some initial guess x(* to x*,
because

|x(k) —x*| < L|x(k_1) —x*| =0 fork — oo.

Fixed Point iterations converge at least linearly. Local contractivity is sufficient, but does
not guarante global convergence. Also, the initial value x(°) must be sufficiently close to x*.
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8.2. Nonlinear systems of equations

8.1.3 Algorithm for root-finding with quadratic convergence
Let f € Cl. Rearranging its Taylor series f(x) = f(x%)) + (x — x®)) f/(xK) = 0 gives the

K _ f&®)
fr(x®)

Newton method as a fixed point iteration is ®(x) = x — ;,((fc)). If f € C?and f'(x*)) # 0,
then the convergence will be quadratic.

Newton formula x(*+1) = x(

Lemma 8.2 If®: U C R — Ris m + 1 times continuously differentiable, ®(x*) = x* for some
x* in the interior of U, and ®(1)(x*) = 0 for | = 1,..,m,m > 1, then the fixed point iteration
(8.2.2) converges locally to x* with order greater than m + 1.

Remark 8.3 x(©) € I* quarantees f'(x%)) # 0 for all the iterates. For quadratic convergence
f € C*(I*) is sufficient.

In summary we need a sufficiently small neighbourhood I* of x* such that f'(x) # 0 on I*
and f € C%(I*).

Approximating derivatives

Each Newton step requires the computation of f’(x(¥)), which can be costly or not accessible

. . . Y — f(xk=1)
at all. The Secant method approximates derivatives f/(x*)) ~ %, a Newton step
becomes

(k) f(x(k))(x(k) — x(kil))
Cf) — f(xD)

This method’s convergence is again local, it needs f’(x*) # 0 (simple root), f locally C2. Its

x+1)

rate is superlinear p = V5 o 1.61, but not of quadratic order.
1Y p 2 q

Definition 8.4 An iterative method is a stationary m-point method if x'¥) depends on m most
recent iterates xk=1) . xtk=m) o (k) — q)p(x(kfl), .. .,x(k*m)),for solving F(x) = 0.

Secant method is a 2-point method, Newton method is a 1-point method.

8.2 Nonlinear systems of equations

Given F: D C R" — R”, find a root x* such that F(x*) = 0. Aspects of iterative methods
k)

*

e Convergence: (x()) o convergent, limy_,, x¥) = x
e Consistency: ®p(x*, ..., x*) =x* < F(x*) =0
e Rate and order of convergence ||x*) — x*|| — 0
Definition 8.5 Two norms ||-||, and ||-||,, on a vector space V are equivalent if

3C,Co > 0: Ci|of], < |loll, < Colv||, YveV

This implies that convergence in R" (or any finite dimensional vector space) is independent
of choice of norm, but in general the convergence rate depends on the chosen norm.

Definition 8.6 (Local and global convergence) As stationary m-point iterative method converges
locally to x* if there is a neighbourhood U C D of x* such that x(),...,x("=1) € U implies that
x®) is well defined and limy_,o, x¥) = x*, where (x(X))rcn, is the (infinite) sequence of iterates. If
U = D, the iterative method is globally convergent.
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8.2. Nonlinear systems of equations

8.2.1 Fixed point iterations in R”

Definition 8.7 (Consistency of fixed point iterations) A fixed point iteration x*+1) = & (x(*))
is consistent with F(x) = 0 if forx e UND

Flx)=0 <= ®(x)=nx.
Definition 8.8 (Contractive mapping) @ : U € R" is contractive if

AL <1 || ®(x)0@(y)| < Lllx—yl VxyelU

Contractivity of ® implies that if ®(x*) = x*, then a fixed point iteration will converge to
x*. The convergence is at least linear. If ® is contractive = @ has at most one fix point

Theorem 8.9 (Banach’s fixed point theorem) If D C K" closed and bounded and ® : D — D
satisfies

L <1: o) - )l < Lix -yl VxyeD,

then there exists a unique fixed point x* € D, ®(x*) = x*, which is the limit of the sequence of
iterates x*t1) = &(x®)) for any x© e D.

Convergence criteria for FPI for @ differentiable and knowing ®(x*) = x*.

Lemma 8.10 If®: U C R" — R", ®(x*) = x*, O differentiable in x* and |D®(x*)|| < 1, then
the fixed point iteration xeH)=2(") converges locally and at least linearly.

Lemma 8.11 Let U be convex and ® : U C R" — IR" be continously differentiable with

L = sup||D®(x)|| < 1.

xel

If ®(x*) = x* for some interior point x* € U, then the fixed point iteration x**1) = &(x¥))
converges to x* at least linearly with rate L.

Locally contractive ® implies that the iteration converges locally around FP at least linearly.

Termination criterion for contractive FPI

e Residual based: stop when ||[F(x®)|| < T,
e correction based: stop when [[x*+1) — x(®)|| < 7 or [|x*k+1D) — xB)|| < 7|k

From discussion about condition number: |F(x*) — F(x*))| small does not imply that
|x®) — x*|| is small.

If iteration is linearly convergent: ||x*) — x*|| < (1—L)||x®| < ||x*+1) — x*||. This suggests
to use

L
Tl =W <1

as stopping criterion. It guarantees ||x**1) — x*|| < 7. However, estimating L can be
difficult. But the pessimistic estimate T > L is still reliable.
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8.3. Newton’s method

8.3 Newton’s method
If DF (x(X)) is regular, general Newton’s method in R” is given by
) = (0 _ DF (x0T E(x k).
Theorem 8.4.45 of the lecture notes roughly states: If F(x*) = 0 and DF(x*) is regular, then

it is locally quadratically convergent.

8.3.1 Stopping criterion for Newton’s method
Stop if

D — X0 = [DE(®) T F(x®)| < ]|,

However, if x) was a good approximation, we would have computed new Newton correc-
tion DF(x®))~1F(xX)) and not used it in iteration. In practice, one therefore often uses a
simplified Newton correction as a cheaper stopping criterion

IDF(x*) T F(xW)|| < ).

8.3.2 Damped Newton method
Examples of failures of Newton’s method
e Local min/max
e Asymptotes for F(x) = xe* —1
e Overshooting for F(x) = arctan(x)

We want a large region of convergence. Idea for damped Newton method: check in each
iteration whether distance [|x**1) — x(®0)|| is decreasing. If not, don’t take a full Newton
step, but instead damp the Newton correction by a factor 0 < A% <1

x(k+1) o x(k) _ /\(k)DF(x(k))le(x(k))
Choose AF) maximal sucht that the distance between iterates is decreasing.
Natural Monotonicity Test NMT Choose maximal 0 < A%) < 1 such that
09)1E () 4 A® px® A9 )1 ()
IDE(™) ™ F(x™ + AWAXT) [ < (1= —— | [IDE(x™) " F(x™)]],.

In practice set A} = 1 and check NMT, repeatedly take A%) < @ until NMT passes for
the first time.

8.3.3 Quasi Newton method

Broyden’s quasi-Newton method Broyden’s quasi-Newton method for solving F(x) = 0 is

I:(x(kﬂ))(Ax(k))T
| Ax®) 3

Jkv1—Jk =
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8.4. Unconstrained Optimization

Jk — Jx—1 is a rank 1 matrix. Given an initial Jp, we can obtain J; by rank-1 updates.

Note: one can use Sherman-Morrison-Woodbury formula 2.2 to calculate ], ! from ]k:ll.

Remark 8.12 In general, iterative methods for nonlinear systems should have convergence monitor,
i.e. a simple check at each iteration whether convergence to be expected or not. Example: NMT for
damped Newton. If it fails repeatedly, stop and report error.

8.4 Unconstrained Optimization

Given F : R" — R, find min/max of F. Optimization problems we have already seen are

least-squares solution: find x € K” such that ||Ax — b||, — min,

generalized solution: find least squares solution x to Ax = b such that ||x||, — min,

e norm-constrained extrema: given A € K"", m > n, find x € K", ||x||, = 1 such that
||Ax||, — min,

best low-rank approximation: given A € K"™", find A e Kmn, rank(A) < k such that
|A — A|l,/r — min over rank-k matrices,

total least squares problem: given A € K"", m > n, rank(A) = n, b € R", find
A € K™, b € R™ such that ||[Ab] — [AD]||; — min with b € Im(A)

We only consider minimization, because maximizing F is equivalent with minimizing —F.

Definition 8.13 (Global vs. local minimum) x* is a global minimum of F : R" — R if F(x*) <
F(x) Vx € R", x* is a local minimum of F if there is ¢ > 0 such that for all x with ||x — x*|| < &
F(x*) < F(x).

An application of optimization techniques to machine learning is the following

Maximum likelihood estimation

Suppose some quantity can be modeled with a probability distribution, we would like
to estimate mean y and variance ¢ through randomized sample {w;, ..., w,} assuming a
normal distribution for f, i.e.

¢~ (w—10?/ (20%)

flw,p,0) = ﬂim ,

where f(w;, u, o) likelihood to observe w; for sample i. Value of sample i is independent of
value of sample j.

Maximize P

n

P({wy,...,wy},u,0) = Hf(wj, U,0)

j=1

as a function in y, o, while {wy ..., w,} is fixed, to estimate i, 0. In practice, one maximizes
log P instead (same location of max, but better numerical properties).
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8.4. Unconstrained Optimization

8.4.1 Optimization with differentiable objective function

F : R" — R differentiable, VF direction of greatest increase, —VF is direction of steepest
descent, because locally around

F(x) ~ F(x) + (x — %)"VF(x) = F(x+TtVF(%)) ~ F(z) 4+ 7| VE(®)|%,
which for T > 0 increases and for T < 0 decreases.

A stationary point VF(x) = 0 could be a local or global maximum, minimum, or saddle
point. If F is twice differentiable, we can check the Hessian matrix at a stationary point

9’F !
HF(X) - <axiaxj (x>>ij:1

Taylor expansion if X is stationary point

F(x) =~ F(x) + VF(®)T(x — %) + %(x — %)THp(%)(x — %)
T

increase/decrease /unclear

Type of extremum in ¥ is determined by Hp, i.e. if
e Hr(X) positive definite, ¥ is a local minimum,
e Hp(X) negative definite, ¥ is a local maximum,
e Hp(X) indefinite, X is a saddle point,
e Hp(X) not invertible, e.g. whole region of saddle points (unlikely).

Positive definiteness can be checked for example by checking whether Cholesky factoriza-
tion exists (cf. exercises).

8.4.2 Optimization with convex objective function

Definition 8.14 (Convex function) A function F : R" — R is called (stricly) convex if for all
x,y € R"and all « € (0,1)

F((1—a)x+ay) <(1—a)F(x) =aF(y), (convex)
F(1—a)x+ay) < (1—a)F(x) =aF(y). (strictly convex)

Lemma 8.15 If ¥ € R" is a local minimum of F : R" — R, then it is a global minimum.

8.4.3 Methods in 1D

We now consider f : R — R.

Newton’s method

Newton’s methods (or variants) applied to f’ if f € C?, i.e. iterate

f' ()

Xk+1 = Xk —
S (%)
Note that Newton’s method for minimization is equivalent with approximating a function
locally by a parabola and look for its vertex, i.e.

Fx) % Fxw) + /() (x = ) + 2 F"(66) (3 = ),

which is a parabola with vertex x; — Jf,l,((i"k))
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8.4. Unconstrained Optimization

Golden Section Search

Algorithm for non-differentiable unimodal functions. For unimodal functions, a local mini-
mum is a global minimum.

Definition 8.16 A function f : [a,b] — R is called unimodal if there exists x,, € [a, b] such that f
is monotonically decreasing on [a, x,,] and monotonically increasing on [x, b].

Example 8.17 f(x) = |x|, the absolute value function, is unimodal.

Idea: Suppose for 2 values xg, x1 such that a < xop < x1 < b we know f(xp) > f(x1) and we
can discard interval [a, xo]. If instead f(xo) < f(x1) discard [x1, b]. Then iterate.

Supposea = 0,b =1, x(()o) =1-A4, x§0) = A Ac (%,1). Define A such that A2 = 1 — A.
Positive solution A = (v/5 — 1) (¢ = A + 1 is golden ratio).
initialize xp=a+ (1—-A)(b—a), xy=a+A(b—a), fo=f(x0), fi=f(x1)
while |b—a| > tol
if fo> f1
a < Xg, Xg < X1, f0<—f1
xp —a+Ab—a), fi f(x1)
if f1 > fo

b+ X1,X1 < XQ,fl <— f()
Xo < a-+ (1 — )\)(b — a),fo < f(JC())

If f is unimodal on [a, b], this algorithm converges to the global minimum. In each iteration,
the interval size is reduced by factor 0.618 ~ A < 1, i.e. linear-type convergence as for
bisection (root-finding). If f has multiple local minima, golden section search finds some
local minimum.

8.4.4 Methods in higher Dimensions

We now consider f : R" — R.

Gradient Descent

Ax = —VF(x) is the steepest descent/ gradient descent direction VF(x)TAx < 0. If
VF(x) < 0and « > 0is sufficiently small, then gradient descent guarantees F(x —aVF(x)) <
F(x). A gradient descent iteration sets x(k*1) = x() — t() 7 F(x(*)), where finding the step
size t*) is a 1D problem. In each iteration F(x(X)) decreases, and the algorithm terminates
when VF(x)) ~ 0.
start with initial guess x(©)
while stopping criterion not satisfied (e.g. while |VF|, > tol)

take ¢ (t) = F(x® —tVF(x®))

find step size t* through line search, e.g. t*=argmin, ¢ (t)

take x(tD) = x(b) _ v F(x()

The step size t* can be found through a

line search. Search for exact minimum t* = argmint>0g(k) (t), which is a 1D minimization
problem. However, most of the time not worth the effort.

backtracking line search. Estimating the Taylor expansion gives F(x —tVF(x)) ~ F(x) —
tHIVF(x)|* < F(x) — at|[VF(x)|* for ¢ small enough and some & € (0,1). Start with t = 1
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and fix & € (0, ). Now decrease t until F(x — tVF(x)) < F(x) — at|[VF(x) ||?, iterate until
”g00d decrease” is reached. This guarantees a decrease in F, i.e. F(x®)) — F(x(+1)) >
at|| VF(x0)]|2.
Initialize t=1, a€(0,1), pe(0,1)
while F(x —tVF(x)) > F(x) — at|VF(x)|?

t < pt

Newton’s Method
If F is twice differentiable, differentiating and setting the right-hand size of its Taylor ex-

pansion to zero

F(x) ~ F(x®) + VF(x®) (x — x®) + %(x — xNTHE (x®) (x — x ),

i.e. the minimum of quadratic approximation, suggests
D = 0 — (Hp (x5)) TV F(x®)

Intuitively, Newton’s method is faster because it “knows” more about the function, because
it approximates up to second order terms. Near minimum, its convergence is quadratic and
therefore faster than gradient descent with linear convergence.

Comparison of Newton’s Method and Gradient Descent

In each iteration, Gradient descent computes a line search, Newton’s method computes
Hr and solves an LSE. Newton’s method requires fewer iterations to converge, Gradient
descent typically converges on a larger region. Both can get stuck at local minima or saddle
points.

BFGS method

Instead of computing and solving the Hessian Hr(x(¥)), approximate by By such that By,
is obtained from simple updates of Bi. This method is quasi Newton.

Newton’s method computes x k1) — x(0) = — (Hp(x®))) =1V F(x*)). We approximate Hg(x*))
as By using a secant-like condition as for Broyden’s method

Bry15™) = Biq () — x®)) = VE(x*+D) — F(x ) = y®) ¢

However, By needs to be s.p.d (symmetric positive definite). Using a rank 2 update
Biy1 = By +auu” + Boo” with

1 1

_ (K = B;stk = =
u=y®, v=psW, "‘_W’ ﬁ—_W’

the BFGS update and its inverse using the Shermann-Morrison Woodbury formula become

B y® (yNT  Bysk) (s®K)TBT
Byy1 = Br + — ,
(y(k))Ts(k) (s(k))TBks(k)

Bl = I_M B-1 I_y(k)(s(k))T Jrs(k)(s(k))T
k+1 (N Tsk) | 7k (s(k))Ts(k) (YO Ts®)

L-BFGS does not require the storage of dense matrix By.
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Appendix A

Appendix

A.1 Polynomials

polynomial definition recursion Zeros
noo_
Lagrange L; on R? Li(t) = 1:[0 :]_ft’j tii#j
”
Newton N; on R? No(t) =1 tii#j

Bernstein B; on [0, 1]

Chebychev T, on [—1,1]

Legendre P, on [—1,1]

Ni(t) = Hézo(t —tj)

— t)”*]'

T, (t) = arccos(n cos(t))

Pn S P}’l/ Pn(l) = 1/
f,ll Pn(t)Pn—l(t)dt =0

Po(t) =0, Py(t) = t,
PZ+1(t) = Z;Iftpn(t) -
it Pae1(8)

2i4+1
n,tj = cos <%7t)

non (—1,1),
Gauss points
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