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Introduction

Deterministic versus stochastic systems:
1. In both cases, we may have a well-defined set of equations.
2. In deterministic cases, we have repeatability.

Stochasticity in dynamical systems may be caused by

e External factors: these can include stochastic forcing, boundary conditions, and/or param-
eters. Typical systems in this class of problems include random linear vibrations, advection
of tracers, porous media, and others.

e Internal factors: Intrinsic instabilities which leads to chaotic behavior, i.e. sensitive de-
pendence to small perturbations. Although the system is deterministic, its chaotic behavior
leads to the adoption of a stochastic perspective.

ANES
T
—0—— O3 In

2D steady fluid flows VS 2D turbulent fluid flows

2\ %

Wave maker \E Wind-generated waves

Figure 1 — Examples of deterministic versus stochastic systems.



Chapter 1

Probability Theory and Random
Variables

1.1 Definition of probability

Let us begin with an empirical definition of probability,

number of favorable outcomes

total number of outcomes

Formally, we define the event space S which contains all the possible outcomes A; (events).
Figure 1.1 shows an exemple of event space with simple and composite events. The event space
includes the empty set (). Venn diagrams show all possible logical relations between a collection of
different events and are illustrated in Figure 1.2.

S

A, ..., As non-overlapping B overlapping
(simple) events (composite) event

Figure 1.1 — Event space.

Properties of logical operators:
1. Union and intersection operators, U, N, are commutative and associative.
2. Distribution property:

AN(BUC)=(ANB)U(ANQO),



AUB ANB
A A\B=A\(ANB)=ANB

Figure 1.2 — Venn diagrams.

AU(BNC)=(AUB)N(AUC).

3. De Morgan’s law’s:

AUB = ANB,
ANB=AUB.
A probability is then formally defined by numbers, chosen for each event, such that it satisfies
the following axioms:
1. P,= P(A;) >0 (Nonnegativity),
2. P(S) =1 (Normalization),
3. If A;NAj =0, then P(A; UA;) = P(A;) + P(4;) (Additivity).

Thus, the probability can be seen as the “area” of event A;. The following properties can follow
from the axioms of probability

1. P(0) =0,
2. P(A;)=1-P(4;) <1,
3. If A; N Aj #+ @, then P(Al U AJ) = P(AZ) + P(A]) — P(AZ N AJ)

Example. Toss a fair coin.

The event space consists of events A1 = H (head) and As = T (tail), with respective probabil-
ities P(H) = 1/2 and P(T') = 1/2. See Figure 1.3 for a graphical depiction of the corresponding
event space.

Example. Roll a dice.

The event space consists of events Ay, ..., Ag with probabilities P(4;) =1/6,:=1,...,6. We
can define the composite event M = {Ay, Ay, Ag}, representing the fact that the dice outcome is
an even number.



Figure 1.3 — Event space when tossing a fair coin.

1.2 Conditional probability

Given that a composite event M happened, what is the probability that A; also happened? We
denote this probability as P(A;|M).

Figure 1.4 — Simple events conditioned on a composite event.

If M has occurred we must re-define probabilities because M is now the new event space:
P(M) =1.
Based on this property we define the conditional probability of the event A; conditioned on M as

P(AjﬂM)

P(A;IM) = POD)

Note that we have normalized with P(M) to ensure that all axioms of probability are satisfied by
the new probability P(A;|M). From this definition it immediately follows

P(A; N M) = P(A;|M)P(M) = P(M|A;)P(4;).

Example (previous example continued). What is the probability of As given that M has happened?
To answer this question, note that our new event space is now M = {As, Ay, Ag}. The condi-
tional probability is therefore given by
Ao N M) P(AQ) 1

P(
P = = = PlA U A U dg) 3




More generally, the conditional probability of A given that a composite event M happened is
given by
P(ANM)
P(AIM)=———-
Note that this implies
P(ANM) =P(AIM)P(M) = P(M|A)P(A).

Based on this property we can prove the Total Probability Theorem. If all A;, j = 1,..., N, are
independent (simple) events and M is composite, then

Proof:

SNM =M (AJUAU---UAN)NM =M
(AiNMYU(ANnM)U---U(ANNM)=M
P(M)=PA1NM)+P(AaNM)+---+P(ANNM)

= P(M) = P(M|A)P(A1) + P(M|A)P(A3) + - - + P(M|Ay)P(Aw).

=
=
=

Example. Box A contains 2000 components, of which 5% are defective. Box B contains 500
components, of which 40% are defective. Box C and D contain 1000 components each, with 10%
defective. Pick one box at random and choose one component. What is the probability that it is
defective?

We define simple events A;, i = 1,...,4 representing each box, and a composite event M =
{pick a defective component}. We know P(M|A;) and P(A4;), thus

P(M) = P(M|A1)P(A1) + P(M|Ag) P(Az) + P(M|A3)P(A3) + P(M[A4) P(A4)
1 1 1 1
=005+ 7 +0.40- 34010+ +0.10- 5
= 0.1625.

The total probability theorem is used together with the Bayes’ Rule, which allows to express
probabilities of the form P(A;|M) in terms of P(M|A;):
P(M|A;)P(A;)
(M|A1)P(Ay) +---+ P(M|AN)P(AN)’

P(AM) = -

Example. Person X is searching for a treasure with equipment that finds the treasure with 70%
success rate. Person Y has different equipment with 60% success rate. The treasure is in area I
with probability 80%, or in area II with probability 20%. Person X learns that Y searched area I
and did not succeed. Which area should he search first?

Let us define the events

Ar = {treasure is in I},
Ajr = {treasure is in II},
B = {person Y did not find it in I}.
Then,
P(B|A1)P(A1) B 0.4-0.8
(B|A1)P(A1) + P(B|A2)P(A2) 04-0.84+1-0.2

P(A41|B) = 5 = 0.62.
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Person Y now finds out that X searched area I (after he did) and did not succeed. Where is the
treasure most likely located? We define

C ={X and Y did not find it in I},

and, assuming independence (see below) of the failure rate of X and Y, we have

P(C|A;)P(A,) 0.3-0.4-0.8

(ClA)P(Ay) + P(CIA)P(As) — 03-04-08+1-02 3

P(A|C) = Iz

1.3 Independence

Building on the notion of conditional probability we can now define the notion of independence
between events. Two events A and B are called independent if and only if P(A|B) = P(A) or
P(B|A) = P(B). This is equivalent with P(A N B) = P(A)P(B), since

P(ANB)

P(4) = P(AIB) = —5

1.4 Random variables

A random variable X assigns a value, X;, to each event A;; see Figure 1.5. The input is an event,
the output is a number, vector, etc.

{R,Z,N}

Y

event space

Figure 1.5 — A random variable maps the event space into a (discrete or continuous) set of values.

Example. Toss a coin:

H — 4931,
T —$1.
Example. Throw a dice:
1 —  +%2
5 — %2,
6 — —$100,
2,3,4 — 0.

10



Symbolically, X (¢) is a variable that depends on the random outcome (:
X 1 < Al <~ P]
X2 — A2 — P2
X@Q) — <
X, & A, < P,

We can now fully describe the random variable in terms of a table {Xj, } of values and associated
probabilities (the event no longer needs to be explicitly mentioned).
We define the expected value or mean operator:

n
X = BIX(Q)] =Y PX..

i=1
Statistical interpretation: After many experiments (m), we count i1, X1;42, Xo;...;ipn, Xn. The
total number of experiments can be expressed as

m=i1+iz+ e+ i,
the sum of values of X over all experiments (total income) is
Xt =uX1 + 02 X0+ -+, X,.

Then, the expected value of X (average income per play) follows as
¢ oy =
X = HT:;%XJ-:;PJ-XT
Properties of the expectation:
L EX(Q) +Y(] = EX(O] + E[Y ()],
2. ElaX(()] = aE[X(()], a€R,
3. Consider a function of X (¢), f(X(¢)). Then,

= i1 f(X1) +i2f (X2) + - +inf(Xn),

hence
— Fr

=
=
=
b
Z
o
|
I
NE
s
=
>

Next, we define the variance of a random variable:

E[(X(¢) - X)?]
E[X(¢)2 —2XX + X7
E[X?] - 2XE[X] + E[X?]
E[X?] - X%>0,

from which follows the definition of the standard deviation
o=V,

which possesses the same units as X.

11



1.5 Continuous random variables

1.5.1 Probability density function

A continuous random variable is a random variable with an infinite number of outcomes. Take,
for example, a random number in the continuous interval [0,1]. The probability of getting any
specific number is zero (improbable, but not impossible). On the other hand, the probability of
getting a number contained in an infinitesimal interval of length dz is nonzero, and described by
the probability density function (pdf):

P(X € [xg,z0 + dx]) = fx(x0)dz,

where P(-) describes the actual probability, and fx(-) is the pdf. Therefore, the pdf fx(z) is such
that its area between any two points x,, x; gives the probability that X € [z,, z}]; see Figure 1.6.
As a result, the pdf has the following properties

1. fx(x) >0 for all z, (nonnegativity)
2. [ fx(z)dz =1, (normalization)

Note that the pdf itself is not a probability. It is probability per unit length.

A p(x)
Lq, Tp x

Figure 1.6 — Probability density function.

The expected value of a continuous random variable is
X = E[X] :/ z fx(z)dz,

and that of a function of a continuous random variable is

GTX) = EIG(X0] = | 6la) fx(o)da.
Example. Consider a random variable X,, uniformly distributed in the interval [0, 27] and described

by the pdf U(0,27); see Figure 1.7.
We have

12



o) 27 1
Elcos X| = cos = py(z)dr = / cos x2—dx =0,
0

oo s
0o 2w 1 1
2
El[cos X cos? x py(x)de = / cos“ x—dx = —.
—00 0 2T 2
A Pu()
1
2w
0 27 x

Figure 1.7 — Uniform pdf ¢(0, 27).

1.5.2 Cumulative distribution function

We define the cumulative probability (or distribution) function (cdf) as
o
Fx(z9) = P(X < x9) = / fx(x)dx, for all x,

see Figure 1.8(a). As a result, the pdf can be derived from the cdf as

fX (:L') _ dF;(x(.T) .

Moreover, the probability of any finite interval (Figure 1.8(b)) is given by

Plra < X < 2) = /zb Fx(@)dz = Fx(zy) — Fx(za).

We can prove the following properties for the cdf
1. limy—, o Fx(x) = 0 (probability of the empty set),
2. lim, o F'x(x) = 1 (probability of the full event space),

3. Fx(z) is a non-decreasing function (probability of a subset).

1.5.3 Conditional expectation

Using conditional probabilities we can define the corresponding notion for conditional probability
density functions. Let a random variable X ~ (0, 27). Then, the conditional pdf of U given that
x > 7 is given by (see Figure 1.9 for a graphical illustration)

fulxnaz >m)
P(x > )

Using this pdf we can compute the conditional expectation of X given that X > 7 is given by (see
Figure 1.9)

fo(zle >m) =

E[X|X>7r]=/02wxfy(x|x>7r)da:=/O%x%dxz/%xl/l(/z;)dx 3;.

13
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Figure 1.8 — Cumulative distribution function.

A Pu()

»
>

0 T 2 T

Figure 1.9 — Uniform pdf (0, 27); gray area represents p,(x Nz > ).

1.6 Chebyshev’s inequality

Chebyschev’s inequality is particularly important to bound the probability for large deviations
around the mean of a random variable with arbitrary probability distribution. For any random
variable with finite mean p and nonzero, finite, standard deviation o we have:

1
P(X — | > ko) <

72 k>1.

1.7 Two dimensional random variables

In analogy with the scalar case we define the joint cumulative distribution function and probability
density function for a two dimensional random vector (X,Y’) (the extension can be applied for
higher dimensional vectors). Specifically, using the joint probability for the variables X,Y we
define the joint cumulative distribution function

Fxy(z,y) = P(X <z,Y <y).

The cumulative distribution function for the random vector (X,Y) has the same properties with
the scalar case:

1. limy o Fxy(z,y) = 0 and lim,_,_ Fxy(z,y) = 0 (probability of the empty set),
2. limg y—00 Fixy (z,y) = 1 (probability of the full event space),

3. Fxy(z,y) is a non-decreasing function with respect to x and with respect to y (probability
of a subset).

Note that the probabilistic information for each scalar random variable X or Y is also contained
in the joint cumulative distribution function. In particular, we have

lim Fxy(z,y) = lim P(X <z,Y <y)=P(X <z) = Fx(z),
y—00 y—00

14



ILm Fxy(z,y) = lim P(X <z,Y <y)=P(X <vy) = Fy(y).

T—00

In analogy with the scalar case we define the joint probability density function for the random
vector (X,Y)
2
=—F .

The joint probability density function is quantifying the probability that the random vector belongs
in an infinitesimally small element dxdy:

P((X,Y) € [zo,z0 + dx] X [yo,y0 + dy]) = fxv (z0,y0)dxdy.

We integrate over any subset D C R? to obtain its probability

P((X,Y) € D) = / /D Fey (e, y)dedy.

Knowing the joint probability density function, we directly obtain, through integration, the prob-
ability density functions for each of the vector components X or Y, also known as marginals:

)= [ T fxv(@y)dy and fy(y) = / " fxv (@ y)de.

1.8 Correlation and covariance of two random variables

For applications it is often hard to quantify the dependence of two random variables through the
conditional pdf of one on the other. For this reason, we use simpler measures such as second-order
statistics.

Correlation

Let X be a random variable with mean X and variance Vy = var(X) = E[(X — X)?]. Let Y be
a random variable with mean Y and variance Vy = var(Y) = E[(Y — Y)?]. The correlation of X
and Y is defined as

o0 o0
Rxy = E[XY] = / / vy fxy (z,y)dzdy,
— 00 —0o0
The correlation has the following important properties:
1. Rxy = Ryx (symmetry),

2. for any vector of random variables [X1, X2, ..., Xv] the matrix with elements Rx, y, is positive
semi-definite, i.e.

N N
ZZRXinaiaj >0, for all a;,a;.
i=1 j=1

A direct consequence of these properties is that the matrix Rx,x; is symmetric, and it has
real, non-negative eigenvalues.

15



Covariance

Covariance is a similar measure (based on second-order statistics) that focuses on measuring how
the fluctuations of two random variables around their means relate. The covariance of X and Y is
defined as

Cxy = cov(X,Y) = E[(X — X)(Y - ¥)] = E[XY] - XY = Ryy — XY.

Similarly with the correlation, covariance is both symmetric and positive semi-definite.

To characterize just the mutual dependence between the two random variables, without taking
into account their magnitude, we define the correlation coefficient, which is a normalized version
of the covariance. It is defined as

cov(X,Y)
Vvar(X)/var(Y) .
If p(X,Y) =0, then X and Y are uncorrelated. Note that if X and Y are independent, then

p(X,Y) =

cov(X,Y) = E[XY] - XY
=> Y XYP(X =X,,)Y =Y;) - XY
i
=Y XiP(X =X,)) Y;P(Y =Y;) - XY
i j
= XY - XY =0,

that is, X and Y are uncorrelated. We have used independence to write P(X = X;,Y =Yj) =
P(X = X;)P(Y =Yj). On the other hand, X and Y being uncorrelated does not imply that they
are independent. For instance, we could have (with X =Y = 0) E[XY] = 0 and E[X3Y] # 0,
showing that X and Y are not independent.

By the Cauchy-Schwartz inequality we have |p(X,Y)| < 1. The equality [p(X,Y)| = 1 is
achieved if and only if Y = aX + b with a, b constants.

1.9 (Gaussian random variable

A continuous random variable X is said to be normal or Gaussian if it has a pdf of the form

Fx() = g2,
2o

See Figure 1.10 for a graphical representation of the pdf. The mean X is

Blx) = [ " af(@)dz =

—00

while its variance is

var(X) = E[(X — ,u)2] — /oo (x — M)2 1 o—(@—n)?/202 g,



o2

= — e V' 2y
V2

w L

e y/zdy

vl

:U.

7

\ 4

I x
Figure 1.10 — Gaussian pdf.

Normality is preserved by linear transformations. If X is a Gaussian random variable, ¥ =
aX +b, a, b € R is also a Gaussian random variable with E[Y] = aE[X]+b and var(Y) = a?var(X).
Therefore, suppose you have a Gaussian random variable with mean p and standard deviation o.

Then,
X _ _ _ _
P(Xg:c):P< b M>:P<Y§$ u)zq)(x M)7
g g g g

where Y is a standard Gaussian random variable, that is, it has zero mean and unit variance, and

its associated cdf is :
d(z) = / e " 2.
oo V2T

In this way, we can compute probabilities for any Gaussian random variable (with any p, o) using
the cdf of the standard Gaussian random variable (u =0, o = 1).

1.10 Central limit theorem

We consider sums of the form
Sp=X1+Xo+---+X,,

where X7, ..., X, areiid (independent, identically distributed) random variables. If X;,i =1,...,n
have mean p and variance o2, then in the limit n — oo, by the central limit theorem (CLT), S,
will have a cdf given by a Gaussian random variable with mean nyu and variance no?. We make
the following comments:

1. The CLT is very general (imposes no requirements on X;).

2. X, can be continuous or discrete random variables.

3. The sum of a large number of random variables is a Gaussian random variable.
4. The CLT eliminates the need to model X;.

5. The independence of X; is crucial but may be hard to prove or justify.

17



Example. A machine processes parts, one at a time. Processing time for each part is a random
variable X ~ U(1,5). Assume that there is independence of the processing times. What is the
probability that S1gg < 320, where 5100 = X1+ - - 4+ X100 7

For each random variable X;, we have u = E[X] = 3, 0% = var(X) = 4/3. Thus, the cdf of Sigg
will have a mean pg,,, = 100u and variance agmo = 10002, and hence

320 — 100

P(S <320) =
(St00 < 320) ( >

> = ®(1.73) = 0.958.

1.11 Derived distributions

1.11.1 Functions of one random variable

Example. Let X be a random variable with given pdf fx and cdf Fx. Define Y = aX + b where
a >0, b are deterministic real numbers. What are the pdf fy and cdf Fy of Y ?
From Figure 1.11, we see that the cdf of Y is given by

Fy(y):P(ng):P(aX—i—bgy):P(Xgy;b> = Fy (y;b)

From there, to get the pdf of Y, one just needs to differentiate the cdf

h@zéw@:%&G%SZMC”ﬁg

a

A Y=aX+0b

Figure 1.11 - Y =aX +b.

Example. Now consider the case Y =1/X.
This time, the pdf of Y is given by

Fy(y)ZP(YSy)=P<i<y>-

As shown in Figure 1.12, there are two cases:
e For y > 0, we have
1 1 1
P }Sy :P(X§0)+P X > - :Fx(0)+1—FX — .
Y Y

18



e For y < 0, we have

Putting the pieces together,

_ JFx(0)+1—-Fx(1/y), y>0,
v = {FX(O) “Fe(fy),  y<o.

Taking the derivative of the cdf, we finally obtain the pdf of Y

/1y, y >0,
i) = {fx(l/y>1/y2, y<0.

Y =1/X

Y =1/X

Figure 1.12 - Y =1/X.
Example. Next, consider the case Y = | X].
As before, the pdf of Y is given by
Fy(y) = P(Y <y) = P(IX]| <y).
As shown in Figure 1.13, there are two cases:

e For y <0,
P(X[<y)=0.

e For y >0,
P(|X| <y)=P(-y < X <y) = Fx(y) — Fx(~y).

Putting the piece back together and taking the derivative, we get

) Ix@) + fx(-y), y>0,
fy(y) = {0, ) < 0.
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A Y =[X|

Figure 1.13 - Y = |X]|.

For a general monotonic function, Y = ¢(X), g € C!, g increasing as pictured in Figure 1.14,
Fy(y)=P(Y <y) = P(9(X) <y) = P(X < g7 '(y)) = Fx(9~'(v)).

The pdf is then

Figure 1.14 — General monotonic function ¥ = g(X).

Finally, for an arbitrary, possibly non-monotonic function ¥ = g(X), one needs to consider the
number of solutions of z = g~!(y). If y is such that x = g~!(y) has multiple solutions z1(y), z2(y),
x3(y), say, as pictured in Figure 1.15, then

Fy(y) =P(Y <y) = P(9(X) <y) = P(X <z1(y)) + P(22(y) < X < 23(y)).

The pdf for this particular value of y follows as

d 1 1 !
fy(y) = d—yFy(y) = g'(%) ) fX(xl(y)) - g/(x) o) fX(332(y)) + g/(x) e3(s)

Ix(z3(y)).

Another way is to cut the function ¥ = g¢(X) into monotonic components and analyze them
separately.
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Figure 1.15 — Arbitrary non-monotonic function Y = g(X).

1.11.2 Random number generator

Let X ~ U(0,1), Fx(x) = z, x € [0,1], with samples wuj,ug,...,uy. Given a cumulative dis-
tribution function ®(y), what should be the transformation ¥ = ¢(X), X ~ U(0,1), so that
Fy (y) = ®(y)? We utilize the fact that

Fy(y) = Fx(g ' () =9~ ().

Requiring that Fy (y) = ®(y), this implies

Then the samples ® 1 (u1), @ (uz),..., 2 Huy) ~ Fy = ®.

1.11.3 Functions of two random variables

Example. Let X,Y with joint pdf fxy(x,y) and cdf Fxy(x,y). Define Z = X +Y. What is the
pdf fz(z) and cdf Fz(z) of Z ¢
From Figure 1.16, we see that the cdf of Z for fixed z is given by

P =Pz <) =Py <2 = [ [ perleydds,

The pdf is .
fz(z) = dizFZ(z) = / fxy(z,z — x)dz,

—0o0

where we have applied the Leibniz rule

d b(z) B db(z) da(z) =) of (x,t)
@[/a(z) f(m)dt]—f(a:,b(w)) i~ o) T+ [ O

Note that if X and Y are independent, fxy = fxfy. As a result, the pdf of Z is given by the
convolution of the pdfs of X and Y

f2(2) = /_°° Ix(@)fy (= — @) = fx * fy.
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AN

z

X+Y <z

Figure 1.16 - Z =X +Y.

Example. We now consider the transformation Z = X —Y.
From Figure 1.17, we see that the cdf of Z for fixed z is given by

P =P(Z <) =P -v <2 = [ [ povpdys
The pdf is

fz(2) = dilZFz(Z) = /OO fxv(z,z — 2)dx.

AY
Y=X-2

_Z/Z X

Figure 1.17-Z =X -Y.

Example. Next, we consider Z = XY
As shown in Figure 1.18, we need to consider two cases:

e For fixed z > 0, the cdf of Z is given by

0 9] oo rz/z
o) =Pz <) =Py <= [ [ popdidet [ [ feotedyds,
—oco0 Jz/x 0 —o0
from which the pdf follows as
01 | >~ 1
fz(z) =— Efxy(l‘, z/x)dz + Efxy(a:, z/x)dx = mfxy(x, z/x)dx, z>0.
00 0 —00
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e For fixed z < 0, the cdf of Z is given by
0 00 oo prz/x
o) =Pz <) =Py <= [ [ popdidat [ [ fortedyds,
0 —00

—oco Jz/x

from which the pdf follows as
s

0 00
fz(z) = —/ %fxy(x,z/:c)dx—i—/o %fxy(:c,z/x)dx:/ . fxv(z,z/x)dz.

— 00 —00 ’

XY <z XY = 2

y
\ 4

XY =2 X X
XY <z

XY ==z

z>0 z<0

Figure 1.18 - 7 = XY.

Example. Next, we consider the case Z = max{X,Y}, pictured in Figure 1.19.
We note that max{X,Y} <z = X <z and Y < z, hence

Fz(z) =P(Z <z)=Pmax{X,Y} <z2) = /z /z fxvy(z,y)dydz.
The pdf is

fa(z) = /_ Fxv (@, 2)da + /_ Fxy (2, 9)dy.

Example. Next, we consider the case Z = min{X,Y }, pictured in Figure 1.20.
We note that min{ X, Y} <z = X < zorY < z. Ontheother hand, min{X,Y} >2 = X > 2
and Y > z, hence we write

Fz(2)=P(Z<z2)=Pmin{X,Y} <z2)=1—-Pmin{X,Y} >2)=1- /00 /OO fxvy(z,y)dydz.

The pdf is . .
f2() = / Fxy (@, 2)de + / Fxy (2, y)dy.
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z max{X,Y} ==z

max{X,Y} <z

Y

Figure 1.19 - Z = max{X,Y}.
AY

min{X,Y} >z

min{X,Y} =2z
min{X,Y} <z

>
>

z X

Figure 1.20 - Z = min{ X, Y }.

Finally, in the general case Z = H(X,Y'), we need to find the contour levels H(X,Y) = z, as
pictured in Figure 1.21, then we have

Fz(2) = P(H(X,Y) < 2).

Example. Let X, Y independent random variables that follow an exponential distribution
1_—z/6 >0
a€ , 22U,
€Tr) =
Ix(@) {0, z <0,
and likewise for Y. Compute the pdf of their difference.
Defining Z = X — Y, we have the pdf
o0
fe2) = | fx@)fy@ - 2.
—0o0

It is now crucial to find the limits of integration. We note that the integrand is nonzero if and only
if fx(z) # 0 and fy(x —2) # 0, that is, z > 0 and z — z > 0. Depending on the sign of z, there
can be two cases:

e If z > 0, then the range of integration is x > z, thus

(o]
_ [T el sy, Lo (5O) aage L g
fZ(Z)_/z 7€ 7€ dr = 92¢ 5 € L =596
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)
CcZan

Figure 1.21 - Z = min{ X, Y}.

e If z < 0, then the range of integration is x > 0, thus

1 __ el _, 1 (—0) _ oo 1
_ L o—z/0 —(x—=2)/0 _ ~ z/0\"Y) 2x/0 _ - z/0
fz(2) —/0 5¢ 5e dx = 72¢ 5 € . =5

Combining the two pieces, we arrive at

fz(z) = %G_M/Q, z € R.

1.12 Random sequences

Consider a sequence of random variables X7, Xo,..., Xy. To see how this differs from a single
random variables, consider the following questions:

1. Given the values of X1, Xo,..., Xy, can we say something about X417 This involves the
notion of memory.

2. What can we say about long term averages?

3. How large does N need to be in order for Xy to have a given property?

1.12.1 Bernoulli process

A Bernoulli process is a sequence X; of independent trials, with

1) = P(success at the ith trial) = p,
P(X; = 0) = P(failure at the ith trial) =1 — p.

This is the simplest case of a random sequence: X;;; is independent from X; (no memory). We
have the following properties:

1. The probability distribution for the number S of successes in n independent trials is given by
the binomial distribution

n —
PS<k):<k>pk(1_p)n ka k:(),la"-an7
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where the binomial coefficient is given by

(1) =a"mm

> Ps(k) =1.
k=0

The expectation and variance of S are

As expected, we have

E[S] = ZkPS(k) = np, var(S) = np(1 — p).
k=0

2. The probability distribution for the number 7" of trials up to (and including) the first success
is given by the geometric distribution

PT(t) = (1 _p)t_lpv = 1727 s

The expectation and variance of T" are

E[T]:%, var(T) =

Example. Roll a dice 5 times. What is the probability of having 3 times the face with 67
We have p=1/6,¢q=1—p=5/6, n =5, k = 3, therefore

Ps(k=3) = (g) (éf) (gf = 0.03215.

Example. Roll two dice 4 times. What is the probability that 7 will never be an outcome?
The following 6 pairs correspond to the outcome being 7

(1,6), (2,5), (3,4), (4,3), (5,2), (6,1).

As aresult, p=6/36 =1/6 and ¢ =1 —p =5/6. Since n =4 and k = 0, we get

=0 - () (1) (2)' ~oasm.

Let us now ask a different question. What is the probability distribution of Y}, the total time
until the kth success?
We have that
Yk:T1+T2+"'+Tka

where T; represents the time from the (i—1)th to the ith success. Because the trials are independent,
T; follows the same probability distribution as 7', the time to the first success, hence we have

k
B =Y BT = 5 vy = S22,

=1
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Denoting Py, (t) the probability that Y3, = ¢, that is, the kth success happens at time ¢, we trivially
have Py, (t) = 0 for t < k. For t > k, we have

probability of probability that there are k — 1
successes until time ¢ — 1

Py (t) =
v () (success at time ¢

= p(li - 11>p’“(1 —p)'*.
Hence,
Jora—pr e
0, t<k.

Example. In a certain game, during each minute a foul occurs with probability p, and no foul with
probability 1 — p. The time is discrete (counted as minutes). A foul in each minute is independent
of the rest of the game. Knowing that a player has to leave the game after 6 fouls or 30 mins
(whichever comes first), what is the probability of the player staying for 30 mins?

We model the occurrence of a foul every minute using a Bernoulli process, where P(foul) = p.
We note that the sum of Py, (t) for t = 6,7,...,29 gives the probability that 6 fouls occur within
the first 29 mins (or less). Therefore,

29
P(6th foul occurs over 30 min) =1 — Z Py, ().
t=6
Note that this probability is also equal to
5
P(6th foul occurs over 30 min) = Z Ps(k),
k=0

where Pg(k) is the probability that & fouls occur during the first n = 30 mins.

1.12.2 Poisson process

A Poisson process is the continuous time analogue of a Bernoulli process, and thus applicable to
cases where there is no natural way to discretize time. Formally, an arrival process is called Poisson
with rate X if it has the following properties:

1. Time homogeneity: the probability P(k, ) of having k arrivals in an interval 7 is independent
of the interval.

2. Independence: number of arrivals during a particular interval does not depend on previous
times.

3. Small interval properties: P(k,7),7 < 1, has the following properties:

(a) P(0,7) =1— A7+ O(7?),
(b) P(1,7) = AT + O(7?),
(c) P(k,7)=0(7%), k=2,3,...

27



What is the probability of having k arrivals in a finite time interval of length 77 As shown
in Figure 1.22, we discretize the finite time interval into infinitesimal intervals of length §. As a
result, we end up with n = 7/§ such intervals. In Bernoulli terms, we would have n = 7/§ trials
and we seek the probability Ps(k) of having k arrivals with P(success) = Ad. From the binomial
distribution, we have

n!
Ps(k) = g 09 @ =29
_ n! (Ar)* A\ Tk
T (n—k)k! nk (1_;>
nn—1DnN—-2)...(n—k+1)(\r)* A\ " \r —k
S () 03)

Taking the limit 6 — 0, or n — oo, we obtain the probability of having k arrivals in an interval 7
for a Poisson process

Plk,7) = lim Ps(k) = A7) xr

n—00 k!

T

< >

1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 A -

Figure 1.22 — Discretization of time interval for Poisson process.

Let us check the small interval properties for A7 < 1

Let N, the number of arrivals during 7. Then,
E[N;] = A, var(N;) = AT.
Finally, define T as the time for the first arrival. Its cdf is given by
Fr(t)=P(T<t)=1-P(T>t)=1-P(0,t) =1—e,
since P(T > t) = P(no arrival during [0,¢]) = P(0,t). The pdf of T' follows as

_ dFT(t)

fr(t) = — = e M,

Note that because of the independence property of a Poisson process, the inter-arrival time T
between any two arrivals follows the same distribution as the time for the first arrival.
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Chapter 2

Stochastic Processes and Linear
Systems

2.1 Random processes

Recall the definition of a random variable. From a random event (, we define a random variable
X (¢) by assigning to each event A; a number X (A;)

Pl,Al — X1
PQ,AQ — XQ
P,,A, — X,

Similarly, we define a random process, or stochastic process, X (¢, () by assigning for each event A,
a function X (A;,t)

P,A — Xi(t)
fode = B0 b xwo.
Pn,'An —  Xn(t)
A stochastic process X (¢, () can be interpreted in the two following ways:
1. For a given event (p, the outcome function X (¢, {p) is a regular deterministic function of time.

2. For every t = tg, the quantity X (o, () is a random variable.

Example. Roll a dice. To each dice outcome A;, we associate one of the functions of time shown
in Figure 2.1.

Example. Roll a dice, then associate the following function to the outcome A;

A — X(ti)=t, i=1,2,...,6.

2.2 Averages

There are two types of averages of a stochastic process one can perform.
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X1 (t) X4(t)

A
Al A4
t
L Xa(t) Xs(t)
A2 A5
Xs(t) 2 Xo(t)
A3 /‘ AG
t t

Figure 2.1 — Stochastic process example: roll a dice then pick a function of time accordingly.

2.2.1 Time averages (temporal moments)

Time averages are performed over time ¢ for a fixed (, such as the following temporal mean and
variance

T
mx(() = lim = /0 X(t,C)dt,
T

Vi (() = lim ~ / X (£,0) — mx (C)]2dt.

T—oo 1 0

Note that these are random variables. We also define the time correlation,

1 T
Ry(r,) = Jim /0 X(6,O)X (t +7.C)dt,

which measures how much, for a given ¢, the function X (¢, () at t is correlated with itself at ¢ + 7
(on average over time); see Figure 2.2.

X(t,¢)

A

Figure 2.2 — Time correlation.
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2.2.2 Ensemble averaging (statistical moments)

Ensemble averages are performed over the events ( for a fixed t, as if the stochastic process were a
random variable. For some fixed time t = ¢y, the ensemble mean and variance are

mx (to) = E[X (to, ()],
Vx (to) = E [[X(to,¢) — mx(to)]?] -

For two fixed times %1, t2, the autocorrelation and autocovariance functions are, respectively,

Rxx(t1,t2) = E[X(t1,0) X (t2, ()],
Cxx(t1,t2) = E[[X(t1,() — mx(t1)][X (t2, () — mx(t2)]] -

Example. Roll a dice, outcome denoted as ¢ = 1,...,6 with probability P({ = i) = 1/6. Define
the stochastic process

X(t,¢) = acos(Cwot),

where a and wq are fixed. First, calculate the time averages for a fixed (, viewing X (¢,() as a
function of time

T
mx(¢) = lim %/0 a cos(Cwot)dt = 0,

T—o00
1 2 a2 a’
V- = lim — = —.
x(€) um T/o a” cos”(Cwot)dt 5

Next, perform statistics for a fixed time to, viewing X (¢, () as a random variable

6
P(¢=0)X(to,i) =)
i=1
6

P(¢ = i)[X(to, ) = mx(to)? = 3 é[a cos(iwoto) — mx (to)]2.
1 i=1

a cos(iwotp),

| =

M-

mx (to) = E[X (0, ()] =

=1

M-

Vx (to) = Cxx(to, o) =

(3

In general, time averages and ensemble averages are not equal.

2.2.3 Moments of derivatives and integrals

For a given stochastic process X (¢,(), the ensemble average mx(t) = E[X(t,()] is a function of
time and satisfies the following property

ElaX(t,0) + B = aB[X(t. Q)] + 5.
where o and (8 are deterministic numbers or functions. Defining

Y(t7C) = X/(t’ C) = %7

the ensemble average of Y (¢, () is therefore

my(0) = B (1,0)) = B | 5| = SEX (0] = mie),
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and its autocorrelation function is

dX(t,¢) dX (s, Q)
Ryy(t1,t2) = E
dt t=t1 ds s=ta
82
= EIX(t,¢)X (s, ()]
8ta t=t1,s=12
o 8 Rxx(t,s)
Otds t=t1,s=ts '

Similar properties hold for the integral operator. Specifically, let Z(t,() = fg X(s,{)ds. Then
we will have: . . .
= B[ X(5.0ds) = [ BX(s.0)lds = [ mx(s)ds
0 0 0

t1 to
Rzz(tl,tQ) E[ X(Sl {)dsl ) X(SQ,C)dSQ]

Moreover,

t1 to
/ E[X(s1,0) X (s2,()]ds1ds2

t1 t2
/ / RXX 81,82 d81d$2

Note that Ryy (t1,t2) is an example of two-point/time statistics. More generally, single time statis-
tics such as mx(t), Vx(t),... are described by the cdf

Fy,(x) = P(X(t,¢) < ),
and two-time statistics such as Rxx(t1,t2), Cxx(t1,t2),... are described by the joint cdf

Fx, xi, (71,72) = P(X(t1,() < 21, X(t2,¢) < 72).
One can then differentiate the cdfs to obtain the pdfs, and hence the statistics mx (t), ...

2.3 Stationary stochastic process

A stationary stochastic process X(t,() is one whose statistics do not depend on time (origin of
time). As a result, the ensemble average of such a process is constant,

mx (t) = E[X(t, ()] = mx,
and the autocorrelation function does not dependent on ¢, just the difference 7 = to — ¢y,

Rxx(t,t—l-T) = RX)((T).

2.3.1 Strongly stationary stochastic process

A strongly stationary stochastic process satisfies the following. Consider the families of joint random
variables

X(thC)vX(t?’C))'"’X(tN’C)a
X(tl+h,C),X(t2+h,C),...,X(tN—i-h,C),

then the joint statistics (pdf) over ¢,to,...,tx remain the same for all ¢1,...,ty, for any N and
any h.
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2.3.2 Weakly or 2nd order stationary stochastic process

A weakly or 2nd order stationary stochastic process satisfies the following less stringent conditions

mx (t) = mx = constant,
Rxx(t1,t2) = Rxx (1), T=t1—to,

for all t,t1,t2. Note that strong stationarity implies weak stationarity, since

mx(t) = E[X(t,¢)] = E[X(t + h, ()] = mx,
Rxx(t,t+7) = EX(,OX(t+7,0)] = EX(t+ 1, QX+ h+7,0] = Rxx(7),

where we have chosen h = —t to obtain the last equality.

Example. Consider the stochastic process
Y (t,¢) = acos(wt + 6(¢)),

where 0 ~ (0, 27); see its pdf in Figure 2.3. Is Y (¢, () weakly stationary? We calculate the ensemble
mean

27 1
my (t) = E[Y (t,{)] = Elacos(wt + 0(¢))] = a/o cos(wt + 9)%d9 =0,

where we have used the formula E[g = [g(z x)dx. We also calculate the autocorrelation
function

Ryy(t,t+7) = E[Y (t,)Y (t + 7,()]

= a%E[cos(wt + 0(¢)) cos(wt + wr + 6(C))]

2w
2

I
Q

S— S—

cos(wt + 0) cos(wt + wT + 0)%(10
T

2w 1 1 2w 1 1
= a? 3 cos(ouT)%dH + a? /0 3 cos(2wt + wt + 29)%&9
L,
= —a”cos
54 W,

where we have used the formula cos A cos B = 1/2[cos(A — B) 4 cos(A + B)]. Since my (t) does not
depend on time and Ryy (t,t + 7) = Ryy(7), the process Y (¢, () is weakly stationary. Figure 2.4
shows the autocorrelation function Ryy (7).

A f@

Y

0 27 0

Figure 2.3 — Uniform pdf 6 ~ (0, 27).
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Figure 2.4 — Autocorrelation function of Y (¢,() = acos(wt + 0(()).

2.3.3 Properties of the autocorrelation function for stationary processes

Let Y (¢, ¢) be a stationary stochastic process with E[Y (¢,()] = 0. (If E[Y (¢,()] # 0, one can always
define Y/ =Y — my). Clearly all the below properties hold for the covariance function, Cyy .
The autocorrelation function Ryy (1) = E[Y (t,{)Y (t + 7, ()] satisfies the following properties:

1. Ryy(0) = E[Y(t,()?] = 02 > 0 does not depend on time.
2. Ryy(7) = Ryy(—7) since E[Y (t,{)Y (t + 7,¢)] = E[Y (t1,Q)Y (t1 — 7,¢)] and set t; =t — 7.
3. Ryy(0) > |Ryy(7)|. Indeed,
E[(YtO)£Y(t+7,0)% >0
EYHLO?+Y(t+7,0? £2Y (L QY (t+7,)] >0
= 2Ryy(0) £ 2Ryy(7) > 0, using stationarity
= Ryy(()) > Ryy(T) > —Ryy(O).

2.4 Ergodicity

It is not always convenient or practical to calculate ensemble statistics of a stochastic process since
this requires many realizations of the stochastic process. For stationary stochastic processes, the
notion of ergodicity relates to whether it is possible to substitute ensemble averages over many
realizations to time averages over a single realization. More precisely, a stochastic process X (¢, ()
which is stationary and its time averages equal the corresponding statistics is called ergodic.

Example. Consider the following stochastic process. We flip a coin, then

H — Xi(t)=1forallt,
T — Xs(t) =2 for all t.

Clearly, X (¢,() is a stationary random process. Is it ergodic? We calculate the time average

T

mx(¢) = lim TX(t Q)dt = {

T—o00 0

1, if H,
2, if T,
and the ensemble average

1 1

Thus, this stochastic process is not ergodic. In general, the statistics of a stationary stochastic
process are not necessarily equal to the time averages and ergodicity is not guaranteed.
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Example. Consider the stochastic process
Y(t,¢) = acos(wt + 6(¢)),

where 6 ~ U(0,27) as before. We saw previously that Y (¢, () is stationary, with ensemble mean
and autocorrelation function given by, respectively,

my (t) = 0,

1
Ryy (1) = §a2 COS WT.

Let us now calculate the corresponding time averages. The time mean is

1 [T a
my(¢) = lim —/ acos(wt +60(¢))dt = lim — sin(wT +6) =0,
0 T

T—o0 T—oo 1w

and the time correlation is

T
Ry (1,¢) :Tlgléo%/o a? cos(wt + 0(C)) cos(wt 4 wr + 6(¢))dt

T
= lim - & / [cos wT + cos(2wt + wT + 260)] dt
0

1
= lim & [T COS WT + % sin(2wt + wt + 20)
w

Since the time averages equal the ensemble averages, this stochastic process is ergodic.

Example. We now generalize the above example to multiple frequencies with the following stochas-
tic process

N
Z(t,¢) =Y _ a;cos(wit + 0;()),
i=1
where a; and w; are deterministic, and 0; ~ U(0,27) for i = 1,..., N are independent random
variables. Because each term in the sum is independent and uniformly distributed, the central
limit theorem applies and tells us that the pdf fz of Z(¢,() for fixed time ¢ is Gaussian. We now
calculate the ensemble average

mz(t) = E[Z(t,()] = E

N N
Z a; cos(w;t + GZ(C))] = Z a; E [cos(wit + 0;(¢))] =0,

i=1 i=1
and the autocorrelation function

N N
<Z a; cos(w;t + HZ(C))) <Z ay cos(wit + wiT + 9k(C))>]

=1 k=1

Rzz(t,t—{-’r) =F

=F

N N
Z Z a;ay cos(wit + 0;(¢)) cos(wit + wiT + Hk(C))]

=1 k=1
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N N
Z Z a;apE [cos(wit + 0;(C)) cos(wit + wiT + 0r(C))] -
i=1 k=1

Let us denote
Qi = cos(wit + 0;(C)) cos(wit + wiT + Ok ())-

If i = k, we have seen that
1
ESQu] = 5 CosWiT

If ¢ # k, we have

27 27
ElQi] = / / cos(wit + 6;) cos(wit + wiT + Ok ) ——d0;dby,

(2 )
1 2 2
= / cos(w;t + Oi)dﬁi/ cos(wyt + wiT + Ok )dby,
(2m)% Jo 0
-0,

where we have used independence to write fg,9, = fo, fo,. Thus, we finally obtain

l\J

_l

Rzz(t,t+71)= 5

COS W; T

||Mz

The stochastic process Z(t, () is therefore stationary. It is left as an exercise to the reader to show
that the corresponding time averages are equal to the ensemble averages calculated above; hence
Z(t, () is also ergodic.

2.5 Linear Time-Invariant (LTI) systems

A system is a set of physical objects that interact. Modelling is the process of representing the
behavior of the system in terms of equations. A system usually has

e inputs, which represent the external actions/signals influencing the system, and
e outputs, which represent the quantities of interest

As shown in Figure 2.5, we define the map F from the input u(t) to the output y(t), that is,

y(t) = Flu(®)].

—> system —>

F

Figure 2.5 — An LTI system with input u(t), output y(¢), and map F such that y(t) = Flu(t)].
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2.5.1 Dynamical systems

Dynamical systems are systems for which the output depends on present and past values of the
input.

Examples. The following are dynamical systems:

t
1. y(t) :/t ud(7)dr

-3

N
2. y(t) =u(t)+ Y _u(t —nd), § fixed.
n=1
2.5.2 Time invariant systems

Time invariant systems represents a special class of dynamical systems. Let a system with map F,
F
u(t) — y(t).

We say that the system F' is time-invariant if and only if shifting the input by a given time lag 7
merely shifts the output by the same lag 7, that is,

u(t+ 1) £, y(t+ 7).
Examples. We consider the following systems:
L y(t) = [u(®)]/2.
Step 1: replace u(t) by u(t +7) — [u(t + 7)]3/2.

Step 2: replace y(t) by y(t +7) — y(t + 1) = [u(t + T)]3/2.

Step 3: are 1,2 equal? If yes, as is the case here, then the system is time-invariant.

t
2. y(t) :/ \/u(tl)dtl.
0
t t+7
Step 1: / Vu(ty + 7)dt; = Vu(s)ds, with t; +7 = s.
0

T

t+1
Step 2: y(t + 1) = / ).
0

Step 3: clearly, 1 and 2 are not equal hence this system is not time invariant.

3. y(t) = /t "B (t)dh,

—S

t t+1
Step 1: / Pty + 7)dt; = / ud(€)de, with ¢ + 7 = €.
t

—s t—s+1
t+7

Step 2: y(t+ 1) = / ud(ty)dty .
t+7—5

Step 3: this time, 1 and 2 are equal hence this system is time invariant.
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2.5.3 Linear systems

A system with map L is linear if, denoting
ui(t) -
us(t) =

then, for any fixed numbers a7, as € R, we have

L
arug (t) + aua(t) — aqyi(t) + agya(t).

Examples. We consider the following systems:

d
1. oy(t) = kd—qz is linear and time invariant (LTT).

t
2. y(t) = / u(t1)dt; is linear but not time invariant.
0

3. y(t) = au?(t) is nonlinear, time invariant.
4. y(t) = a(t)u(t), where a(t) is a given function, is linear but not time invariant.
5. The canonical damped harmonic oscillator, pictured in Figure 2.6(a), is LTI

6. Small amplitude water waves excited by a wave maker in a water tank, as shown in Figure
2.6(b), are an LTI system.

8¢:

el _ O
mi + ci + kx = f(t) 0z

Figure 2.6 — LTI systems: (a) damped harmonic oscillator, (b) small amplitude water waves.

2.5.4 Convolution

Convolution is a basic property of LTI systems, which allows to relate the output to the input.
Consider the system pictured in Figure 2.7 with input u(t), output y(¢) and ‘impulse response
function’ (IRF) h(t), which characterizes the response of the system to an impulse input, and is
unique for each system. Then, the convolution property allows to express the response of the system
to an arbitrary input as

mﬂ:/muﬁm@—ﬂw.

—0o0
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u(t) y(t)
h(t)

Figure 2.7 — LTI system.

To prove this formula, we will decompose the input into a series of impulses, as shown in Figure
2.8. We will then use the LTI property to express the output as a superposition of individual
responses to each of these impulses, shifted in time (hence the 7 variable) according to when the
impulse occurred.

A u(7)

A\ 4

Figure 2.8 — Decomposition of the input into series of impulses.

First, we need to define what is an impulse function, or delta function. Consider for small € the
function

5.(t) = {1/6, —€/2 <t <¢/2,

0, otherwise,

which has unit area, and is represented in Figure 2.9. The delta function 6(¢) is defined as

5(t) = lim 8.(t).

e—0

Note that although the delta function has negligible support, it still integrates to one. Some further
important properties of the delta function are as follows:

00 ) €/2 1 ) €/2 1
1. /_ s =l /_ o= sy [ Za g0

e—0 e—0 _6/2 €
00 E+e/2 1 E+e/2 1
9. / F()S(t — €)dt = lim F(t)=dt = f(€)lim Zdt = f(€).
—c0 e—0 576/2 € e—0 576/2 €

We are now ready to prove the convolution formula.

1. First, consider an LTI system and let u(t) = §(¢). By definition, and as pictured in Figure
2.10, the output is the impulse response function (IRF)
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M

~ Y

N ™
N ™

Figure 2.9 — The delta function 6(¢) is the limit of d.(t) as e — 0.

2 O(1) A Y(t) =hit)
— | LTI | —> /\ A~
T g
t !

Figure 2.10 — Impulse response function.

2. Then, consider an arbitrary input u(¢) and express it as a superposition of impulses

u(t) = [~ u(©ae - e

—0o0

3. Finally, utilize linearity and time-invariance to express the output as

)= Lhu(t] = 2| [~ (@t - ae]

—00

/Oo w(§)L[o(t — &)]d¢, using linearity

—00

/
/

o
0

o0
—00

u(&)h(t — &)dE, using time-invariance
(

£)
u(t — s)h(s)ds

u(t) = h(t),

where the last two integrals are by definition equal to the convolution of the input w(¢) with
the IRF h(t).

The convolution has the following properties. If y(t) = h(t) % 2(t), then

LY =ty = h(r)« %
2. / y(s)ds :/ h(s)ds x x(t) = h(t) */ x(s)ds.
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Impulse Response Function

A causal system is one that responds only after being excited (note that all physical systems are
causal). In this case, the impulse response function satisfies h(t) = 0 for t < 0. Suppose now that
the input is such that u(¢) = 0 for ¢ < 0. Then, the convolution formula for the response becomes

o0 t
y(t) = / u(T)h(t — 7)dT = /0 u(T)h(t — T)dT.

—00

How to find the impulse response function for ¢ > 0?7 Let us consider the example of a forced
damped oscillator. By definition, the IRF is the response of the system to a delta function input
and zero initial conditions, hence we need to solve

mi + bt + kx = 0(t), x(0)=2(0)=0.

We take the integral of this equation from —e/2 to €/2 and let € — 0

€/2 €/2
lim (mZ + bz + kx)dt = lim o(t)dt.
e—0 _6/2 e—0 _6/2
In general, only the highest order derivative on the left-hand side, here &, is expected to have an
impulse behavior and thus to give a nonzero contribution to the integral as ¢ — 0. The other terms
on the left-hand side, £ and x, remain finite hence their integral vanishes as ¢ — 0. Note also that
by definition of the delta function, the integral on the right-hand side is simply equal to one, hence

ma(0%) —mz(07) = 1.
Therefore, the impulse imparts new initial conditions to the system at ¢t = 0"

H(07) =0, @0 =,

and the problem for ¢ > 0 becomes

1
mi +bi+kr=0, z(07)=0, #(07)=—.

m
To solve this equation, we consider the ansatz

z(t) = c1e®'t + cpe®?,
which gives the quadratic equation
ms® +bs+ k=0,
and hence the roots are

b Vb2 — 4km .
Slo=——F ——— = —c tiwy,
’ 2m 2m

assuming that b*> < 4k. The solution finally gives the impulse response function, h(t) = z(t).

41



2.5.5 Fourier series and Fourier transforms
Consider a periodic function f(¢) with period T, that is, f(t + T) = f(t), as pictured in Figure

2.11. Then, this function admits the following Fourier series expansion

F(t) = Ao+ {An cos(nwot) + By sin(nwot)}

n=1
where wy = 27 /T is the fundamental frequency, and the Fourier coefficients Ay, A,,, B, are defined
as

1 T
Ag= = t)dt
0 T/O f( ) )
) T
A, = —/ f(t) cos(nwot)dt,
T Jo
9 (T
B, =2 / F(t) sin(nwot)dt.
T Jo
A more compact equivalent representation is

f(t): i Oneinwot

n=—oo

where the Fourier coefficients C,, are

1 [T et
_ —inwo
Cn = T/o f(t)e dt.
A f(t)
AAVAAVAA VAUV
T 2T 3T t

Figure 2.11 — Periodic function with period T'.

The Fourier transform is an extension of the Fourier series to aperiodic functions that are
absolutely integrable, that is,

| I <o,

—00
as picture in Figure 2.12. For such functions, the direct and inverse Fourier transforms are defined,
respectively, as

f) = Fls0) = [ rwe
—177 1 <z iw
£ =F @) = o [ Fw)eta.
Some useful properties of the Fourier transform are as follows:
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VA~

Figure 2.12 — Aperiodic function with compact support.

The Fourier transform is a very useful tool for solving linear ODEs with constant coefficients (as
long as the response vanishes as time goes to infinity). Consider, for example, the forced damped
oscillator

mi + b + kx = f(t).

Taking the Fourier transform on both sides of the equation leads to the algebraic equation
m(iw)*z + b(iw)E + kz = f,
hence the response can be directly expressed as

flw)
—mw? +k +ibw’

T(w) =

2.5.6 Transfer function

For LTT systems, recall that we have
y(t) = h(t) xu(t).

Taking the Fourier transform of this expression, the convolution is replaced by a standard product

o) = Flu(o) = 7| [~ utwinte - ryir
_ /_ Z /_ Z w(r)h(t — 7)e~tdrdt
- /_: w(r)h(t)e O dt dr, t =t —7

h(ty)e ™t dt / u(t)e " “Tdr

Il
=~ T

w)t(w).
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The function h(w) is the Fourier transform of h(t), and is called the transfer function H(w). Thus,
the output of an LTI system can equivalently be expressed in terms of the convolution of A(t) and
u(t), or in terms of the product of H(w) and u(w)

y(t) = h(t) xu(t),
() = h(w)i(w).
Example. Consider the forced damped oscillator defined by
mi + bk + kx = f(t).
Since the response to a delta function input is the impulse response, one can set f(t) = §(¢)
mi + bx + kx = (1),

so that z(t) = h(t) is the impulse response function. Then, the Fourier transform of x(t) is, by
definition, the transfer function H(w)

1

(iw)*mH (W) + iwbH (W) + kH(w) =1 = H(w)= P ————_

Thus, the Fourier transform gives a convenient way of calculating H(w) without explicitly calcu-
lating the IRF h(t).

2.6 Spectrum of a stochastic process

2.6.1 Definition

Let Y (¢, ¢) a stationary stochastic process with E[Y (¢, ()] = 0 and autocorrelation function Ryy (7).
We define the power spectral density (in short, the spectrum) as the Fourier transform of the
autocorrelation function, that is,

Syy(w) = / Ryy (T)e_im—dT,

1 [ ;
Ryy (1) = %/ Syy (w)e™ dw.

Note that for the case of a non-zero mean stochastic process the spectrum is defined using the
covariance function, Cyy (7). The spectrum has the following properties:

1. Syy(w) is real and even since Ryy (7) is real and even

Syy (w) = / Ryy(T)e_WTdT

—0o0

= / Ryy (7)(coswt — isinwT)dr

:/ Ryy (7) coswrdr.

—00

2. The area under Syy is related to the energy (variance) of the stochastic process. Indeed,
9 1 [ ; 1 [
wWwT
oy = Ryy(7)],_g = o /OO Syy(w) e }TZO dw = o /OO Syy (w)dw.
3. Syy(w) > 0, to be proven later in Section 2.7.3.
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2.6.2 Relationship with the Fourier transform

Why do we bother defining the spectrum instead of simply working with the usual Fourier trans-
form? To answer this question, consider a stationary stochastic process Y (t,(). By definition, its
variance is independent of time,

oy = Ryy(0),

which means that Y (¢, () cannot vanish as time goes to infinity. As a result, Y (¢, () is not integrable
(does not have compact support) and its Fourier transform does not exist. On the other hand, it
is usually the case that Ryy (7) goes to zero as |7| goes to infinity. The Fourier transform of Ryy
is thus well-behaved, and is precisely the definition of the spectrum

Syy(w) = / Ryy(T)e_indT.

To understand how the spectrum relates to the frequency content of Y (¢, (), assume that Y (¢,() is
Gaussian and consider the decomposition

N
Y(t,¢) = aicos(wit +6;(C)),

=1

where a; and w; are deterministic amplitudes and frequencies, and 0; ~ U(0, 27) are i.i.d. random
phases. We have previously calculated the autocorrelation function of this process,

N

1
Ryy (1) = Z 5&? COS W; T

i=1
The spectrum is then given by the Fourier transform of Ryy,

N N
1 1
Syy(w) = F[Ryy(T)] = Z ia?}"[cos wiT] = Z §al27r[6(w —wp) + 0w + wy)].

i=1 i=1
As illustrated in Figure 2.13, the spectrum consists of delta functions of amplitude TI’a% /2 at the
discrete frequencies w;. Note that increasing the number of frequencies, one can recover the contin-
uous spectrum in the limit N — oo and w;+1 —w; — 0. Thus, the spectrum reflects the distribution
of energy in Y (t,() over different frequencies, much as we would have expected from a Fourier

transform of Y (were it well-defined). There are however important differences:

1. The spectrum represents the energy (and not amplitude) content of Y, hence the amplitudes
ai,as, ... appear squared in the spectrum.

2. The spectrum does not carry any information on the phases 61,60-,... of Y, and as such it
does not say anything about whether the phases are correlated or not. Hence, the spectrum
by itself is not sufficient to describe the shape of the pdf of Y at a given time.

Remark. In real-world applications, one cannot measure a stochastic process for an infinite amount
of time, making the computation of the autocorrelation function a tricky task (especially for large
values of the time lag 7). On the other hand, one can show that the autocorrelation function can
also be obtained by

Sry(w) = Jim 5B [V ()P,
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A SYY (w)
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w1 W2

Figure 2.13 — Spectrum of a stochastic process with discrete frequencies.

where Y7(w) = F[Y7(t)], and Y7 is a truncation of Y in the interval ¢ € [-T,T]. Rather than
going through the autocorrelation function, it is thus customary to approximate the spectrum by
computing

Syy (w) ~ %E (172 ()?].

2.6.3 Simulating realizations of a given spectrum

Suppose we know that a stochastic process Y (¢, () has spectrum Syy (w) and is Gaussian. How to
compute realizations of the process Y (¢,()? First, we need to chose a fine subdivision 0 < wy <
wy < -+ < wpn41 of the frequency axis, as shown in Figure 2.14. Then, in each frequency interval
[wk, wit1], we choose a unique Wy by sampling uniformly a value in the interval |[wg,wy11]. Then,
the stochastic process Y (¢, () can be approximated and simulated with its discrete counterpart

N

Ya(t,¢) = ag cos(@t + 0x(()),

k=1

where the deterministic amplitudes a; remain to be found, the deterministic frequencies @y are
known and the phases 0;(() are i.i.d. random variables. The discrete spectrum corresponding to
Y4(t, ¢) has been calculated previously

N
Svava(w) = Y 5t 5w — &) + 8w + )]
k=1

We now equate the distribution of energy over different frequencies for Syy and Sy,y,

1 Wk+1 1 WE+1
L[ svvtno == [ Sv)e, k=10,

m Wk ™ W

Approximating the integral of Syy with a midpoint rule, and recalling that delta functions in Sy, y,
integrate to one, we finally obtain a relation relating the discrete amplitudes a; with the initial
continuous spectrum Syy

2
ar = ;Syy(w)Aw, k=1,...,N.
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(a) A Syy(w) (b) A SYde(w)

> f L

w1 W2 Wk W41 WN41 W w1 W2 Wk wN W

Figure 2.14 — Discretization of a continuous spectrum (only the positive frequencies are shown).

2.6.4 Wave spectrum

The wave spectrum is the spectrum of a Gaussian, stationary stochastic process representing the

wave elevation
N

n(t,¢) = An cos(wnt + 0n(C)),
i=1
where A,, and w, are, respectively, deterministic amplitudes and frequencies, and 6,,(¢) are i.i.d.
random variables in [0,27]. Thus, a wave field consists of many harmonics with random phases.
From the central limit theorem, we know that the surface elevation 7 in the above representation
is Gaussian. This representation usually follows from the discretization of a continuous spectrum,
as described in the previous section. For water waves, a commonly used continuous spectrum is
the Pierson-Moskowitz spectrum,

)

A 4
S — —B/w
() = s
where A and N are the following constants

A = ag? = 0.0081¢2,
B = 125wy,

with w, a function of the wind speed at a height of 19.5 m. Other spectral forms may be used,
for instance the JONSWAP spectrum which has more free parameters, hence a better description.
Since the spectra are obtained through direct measurements, it is important to assume ergodicity.

2.6.5 Wind shear and turbulence

Another use of stochastic processes is in modeling wind shear and turbulence. Consider the situation
picture in Figure 2.15, where the longitudinal component U (z,t,¢) of the turbulent velocity field
is decomposed as

U(z,t,¢) =Ul(z,7) + u(t,¢),

where U(t,7) is a short-term mean with averaging time 7 and u(t,() is a fluctuating component
representing turbulent eddies. The mean profile is expressed as

Uz,7) = Uz, 70) [1 +Cln i] [1 —0.4,(2) In 1] ,

Zr Tr

where 2z, = 10 m, 7. = 3600 s, C' is a constant and I, (z) is the turbulence intensity, which goes as
follows

L,(2) = 0.06 [1 + 0.0430 (2, 7)] (i) o

Zr
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The fluctuations u(t, ¢) are modelled as a stochastic process with the following Davenport spectrum

_Ufys 462 wLy

0= —
w (1+92)4/37 27‘(‘07107

Syu(w)

where § = 1072 and L, = 1200 m.

U(z,t,()

Figure 2.15 — Wind shear and turbulence.

2.7 Wiener-Khinchine relations

2.7.1 Theorem

Consider the LTT system shown in Figure 2.16 with stochastic input w(t,(), impulse response
function h(t), transfer function H(w) and stochastic output y(¢,¢). If u(t,() is a stationary and
ergodic stochastic process, then the output y(¢, ¢) is also a stationary and ergodic stochastic process.
Moreover, if u(t, () is Gaussian, then y(¢,() is also Gaussian.

u(t,() y(t7C)
h(t), H(w)

Figure 2.16 — LTT system with stochastic input and output.

We would now like to relate the statistics of y(¢, () to those of u(t,(). First, note that if u(t, ()
is zero mean, then y(t, () is also zero mean. Indeed,

o0

u(T, Q)h(t — T)dT:| = /_00 Eu(t,{)] h(t —T)dr = 0.

—00

Blyit. ) =5 |

We now move to the second-order statistics of the response. The spectrum of the output is related
to that of the input by the following Wiener-Khinchine relations:

Syy(w) = ’H(W)|2SuU(W)‘

Proof. To show this, we start from the convolution expression of the response

y(t,C) = / = h(r)ult — 7, Cydr

—00
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The autocorrelation function of the output is then

Ryy(t,7) = E y(t+7.0)]

[y (t, Oy(
=E [/ / h(r)h(r2)u(t — 71, Qu(t + 7 — 72, ()dT2dT
:/ / h(m)h(r2) Elu(t — 11, Qu(t + 7 — 72, ()]dT2dm)
roo  poo
= / / h(Tl)h(TQ)Ruu(T+7'1 —TQ)dTQdTl.
o0 J =00
This shows that Ry, (t,7) = Ryy(7), hence y is a stationary stochastic process. Its spectrum is
W) :/ Ryy(T)efim-dT
- / / / ZwTh (7—2)Ruu(7' + 71— Tz)dngTldT
— / / / e_iw(§+T2_T1)h(Tl)h(TQ)Ruu(f)ddeldTQ, 'f —rdT—T
- / eiwfRuu(f)df/ T (1 )dm / e T h(7y)dr,

—00 —00 —0o0

= Suu(w)H
= [H(w)|*Suu(w)-

*(w)H (w), since h is real

2.7.2 Applications

Example. Consider a stochastic process Y (¢, () governed by the first-order system

dy
& LYy =X(t
iy (t, ),

where X (¢, () is a stationary stochastic process with zero mean and spectral density

2

Sxxlw) =Gy

The transfer function of the system can be calculated by taking the Fourier transform of the
governing equation, setting the input X (¢, () = 6(t),

iwHw)+pHw)=1 = Hw)= i

Then, from the Wiener-Khinchine relations,

1 ao? 1 ao?
— 2 _ X X
Syy(w) = [HW)PSxx W) = oo e o 3 = o

The variance of Y (¢, () is finally given by

o0 ac? o0 dw o2
=/ s 5 dw = 27X / s S
/ vy = - [ sy = 77X | @B (TR wat
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Example. Consider a vibratory system,

dy? dy

where X (t,() is a stationary stochastic process with zero mean and spectral density

2
ady
Sxxl) = o

As in the previous example, the transfer function of the system can be calculated by taking the
Fourier transform of the governing equation, setting the input X (¢,{) = 6(¢t),

1

_2 ) = T T
w'H(w) + biwH(w)+kH(w)=1 = H(w) o T i

Then, from the Wiener-Khinchine relations,

1 aag( 1 aag(

- k—w? +ibw2a? +w? (k- w?)?4b2w?a? +w?’

Syy (W) = |H(w)[*Sxx (w)

The variance of Y (¢, () is finally given by

ac% dw ~ (b+a)k

7r /0 (a2 + w?)((k — w?)2 + b%w?)  bk(a®+ba+ k)

1 00
0'32/ = ;/O Syy(w)dw =

2.7.3 Positivity of the spectrum

We can now give an indirect proof of the property, stated in Section 2.6.1, that the spectrum Sy (w)
of a stochastic process U (t, () is always non-negative. Assume that Sy (w) < 0 for wy < w < ws.
Now, define a new stochastic process Y (¢, () as the output of an LTI system with input U(t, ) and

transfer function
1, w <w<ws,
|H(w)| = .
0, otherwise.

The spectrum of Y (¢, () can then be calculated with the Wiener-Khinchine relations

Syy(w) = [H(w)[*Spu(w) = {SUU(W)’ w1 < W < wa,

0, otherwise.

However, this implies that the variance of Y (¢, () is negative since

1 [

1 0o
O'% = %/ Syy(w)dw = — SUU(w)dw < 0,

27 S,

which is impossible. Thus, we must have Syr(w) > 0 for all w.

2.8 White noise

White noise is a special type of stationary and ergodic stochastic process X which has a flat
spectrum, that is,
Sxx(w) =Sy for all w.
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As a result, the autocorrelation function of white noise is a delta function,
RXX(T) = 505(7')

Sp is called the intensity of white noise. Note that Ug( = Rxx(0) = oc.
How do we construct white noise? Consider another process, the so-called Wiener process. A
stochastic process W (t, () is called a Wiener process or Brownian motion, if:

1. P(W(0,¢) =0) = 1.

2. For arbitrary 0 < ¢y < ¢; < --- < tp, the increments W (ti,{) — W(to,(), W(t2,() —
W(t1,¢),...,W(tn, () — W(tn-1,() are independent.

3. For any ¢t and h > 0, the increment W (t 4+ h) — W (t) follows a Gaussian distribution with

E[W(t+h,¢) = W(t,¢)] =0,
E[(W(t+h,¢) = W(t,())*] = h.

The correlation function of a Wiener process is
Cww (t1,t2) = E[W (t1, Q)W (t2, Q)] = E[W (t1)[W (t2, () = W (t1, Q)]] + E[W (t1,¢)?]-
Assuming that to > t;, we have

EW (t1, Q)W (t2,¢) — W(t1, Q)] =0,
E[W (t1,¢)*] = E[(W(t1,¢) — W(0,0))*] = t,
hence
Cww(ti,t2) =t1, t2>t.
In general,
Cww (t1,t2) = min(tq, t2).

Figure 2.17 provides intuition for the Wiener process, whose variance scales with t. Individual
realizations are everywhere continuous but nowhere differentiable.

A W({JE)

neales

with £

Figure 2.17 — Wiener process.
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White noise is then defined as the generalized derivative of a Wiener process. The generalized
derivative is defined through the correlation function as

P*Cww (t1,t2)

Ot10ts =0t —t2),

hence white noise X is defined by the following correlation function
Cxx(1)=4(7).

The intensity of white noise is controlled by a multiplicative scalar Sp.

2.9 Direct integration

An alternative approach to working in the spectral domain with the Wiener-Khinchine relations
involves direct integration in the time domain of the system governing equations. Consider, for
instance, the following Langevin equation

Y = —aY +V2DW(t,¢), Y(0) =Yy,

where W (t, ) is a Wiener process, and its generalized derivative is white noise. The above equation
has the following solution

Y —at \/_ ! —a(t—s) aw
(t, C) = }/06 + 2D ) e de

In contrast to the previous spectral approach, working in the time domain allows for the analysis
of initial conditions. The expected value of the solution is

E[Y] = Ype ™,
since E[AW] = 0. Moreover, its autocovariance function is

Cyy (t1,t2) = E[(Y(tl, — Yoe )(Y (t2,¢) — Yoe o'2)]

[</t1 /tz a51+52 31,C)W(82,§)d31d82> e—a(t1+t2):|

tl t2 . .
= 2Deoltitt2) / / e“<81+52>E W(sl,g)W(s%g)} ds1dsa
0 0

t1 to
= 2De~t1Ht2) / / e“(81+82)5(81 — 89)ds1dss
o Jo

_ 0_26—a|7\ [1 o e—2amin(t1,t2)}

9

with 02 = D/a and 7 = t; — t3. Thus, for 7 = 0, we find that the variance is
0% = o%(1 — e,
As time goes to infinity, the expectation and covariance tend to the asymptotic limits

lim E[Y] =0, and tlim Cyy(t,7) = o200

t—o00

52



Because the expectation and covariance no longer depend on time, the system reaches a statistical
steady state after a long time, characteristic of a stochastic attractor as illustrated in Figure 2.18.
At the beginning of the initial transient phase, the initial condition concentrates all the probability
at one point at ¢ = 0. As time evolves, the system relaxes to its stable equilibrium while noise
pushes the state away from this equilibrium. However, damping acts to keep the size of the attractor
finite. The latter is given by the variance in the statistical steady state,

with D indicating the noise intensity, and a the damping intensity. Note that for any stable
system, the picture remains the same: stable dynamics keep the system state close to the stable
equilibrium, while noise pushes the system away from it. The balance between these two competing
effects results in a stochastic attractor describing the statistical steady state of the system.

Y(ET)

\\

NV

\ﬁ
\\\\\\w A \\\ :

Transienk statistical deadAj
hase Mate phace

Figure 2.18 — Transient dynamics and stochastic attractor for Langevin equation.

Of course, the characteristics of the statistical steady state could have been obtained through
the spectrum. The input has spectrum

Sxx(w) =2D,

and the transfer function corresponding to the Langevin equation is

1

Hw) = a+iw’

Applying the Wiener-Khinchine relations, we obtain the spectrum of Y in the statistical steady-

state
2D

a? + w?’
from which we can deduce the variance in the statistical steady-state,

o? —i/oo 2D g, =P
Yoo a2+ w? T al

Syy (w) = |H(w)|*Sxx (w) =
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Figure 2.19 — Sampling of a continuous signal.

2.10 Nyquist sampling rate

Let x(t) be a continuous signal which we want to sample every T time units, resulting in a discrete
signal z,, as shown in Figure 2.19. What should 7" be so that we can fully recover z(t) from z,,?
To answer this question, we represent the sampling process as a multiplication of x(¢) with a train
of impulses p(t) defined as

pt)= > &(t—nT).

The sampled signal x,(t) then takes the form of a train of impulses scaled by the values of x(t) at
the sampling locations,

o0 o0

zp(t) =x(t)p(t) = > z(t)d(t—nT)= Y  a(nT)s(t —nT),

n=—oo n=—oo

which we illustrate in Figure 2.20. What is the effect of sampling in the frequency domain? Because

A z(t) A P(t) A Tp(t)
av e
\\/ f —7 |1 21 ¢ *Vl¢ ¢

Figure 2.20 — Modeling of the sampling process.

xp(t) = x(t)p(t), the Fourier transform ,(w) of x,(t) is simply

Zp(w) = &(w) * p(w).

Let us first calculate p(w), the Fourier transform of p(t). Since p(t) is periodic with period T, it
can be expressed through a Fourier series as

oo
p(t) = Z cpe®0twp =

k=—00
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where the Fourier coefficients ¢; are simply

T/2
T/2

Thus, we can equivalently express p(t)

o0

1 kot
p(t):f Z ezo.)o’

k=—o0

allowing us to write its Fourier transform as a sum of delta function,

= — Z 0(w — kwy),

k=—00

since F1[§(w — kwp)] = e*0! /27, Finally, the Fourier transform of x,(t) becomes

Tp(w) = Z(w) * p(w)

2 -
=T Z(w — kwp).

k=—00

The above result shows that Z,(w) is equal to a superposition of many times the function z(w),
each shifted by kwg in the frequency domain for a different integer value of k. Let us now suppose
that Z(w) is band-limited, that is, its Fourier transform #(w) is zero for all absolute frequencies
above a cut-off frequency wy, as illustrated in Figure 2.21(a). We now need to consider separately
two cases:

1. When wy > 2wy, there is no overlap of the shifted functions &(w — kwp) in Z,(w), as shown in

Figure 2.21(b). Thus, we can recover Z(w) from Z,(w) if we filter the latter appropriately. For
instance, consider the filter defined as an LTI system with z,(¢) as input and the following

transfer function:
H(O.)) — {17 _wc§w§w07

0, otherwise.

As long as the condition wy; < w. < wg — wys is satisfied, the output of this LTI system
(filter) would be equal to the original continuous function z(t). The action of this filter on
the input in the spectral domain is sketched by the dotted box in Figure 2.21(b).

. When wy < 2wy, there is overlap of the shifted functions Z(w — kwg) in Z,(w), as shown in
Figure 2.21(c). The resulting Z(w) then contains a distorted version of Z(w), a phenomenon
that is called aliasing. In this case, it is thus not possible to recover the original function x(t).

Therefore, in order to preserve all information, the continuous signal z(t) must be sampled at

27
wo = ? > 2w,

where w)y is the bandwidth of Z(w). This threshold sampling rate is commonly called the Nyquist
rate of sampling.
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Figure 2.21 - Fourier transform of sampled signal z,(t) and Nyquist criterion.
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Chapter 3

Extreme Event Statistics

3.1 Extreme value theory

Extreme value theory (EVT) is often used when e.g. building dams, where the knowledge of the
statistics of extreme flooding events are required to design the specifications. To specify what EVT
is about, let {X7, Xo,..., X,,} be random variables and define

M, = max{Xq,..., X, }.

We now ask: what is the distribution of M,? In general, it is unknown. However, in the specific
case where {X;} are iid random variables, the answer is known and provided by EVT.

3.1.1 DMore on the central limit theorem

We first briefly review the central limit theorem (CLT), already covered in Section 1.10. Let {X;}
be iid random variables with mean p and variance o2, and define the following sum

Spn=X14+--+X,.

Then, by the central limit theorem (CLT), in the limit n — oo, the pdf of S,, will converge to that
of a Gaussian random variable with mean np and variance no?. This implies that the mean and
variance of .S, grow unbounded as n increases, hence the limit n — co can be seen as degenerate.
On the other hand, we can also define the rescaled sum,

_ Sp—np
 oyn

which will converge to a Gaussian random variable with zero mean and unit variance as n — oo,
that is,

Zn

21
P(Z,<z)= / —— ez,

B oo V2T

Thus, we have used a rescaling of the form (S, — a;,)/b,, where a,, = nu and b, = o+/n, to obtain
a random variable that follows a normal Gaussian distribution. We will follow a similar strategy
for finding a non-degenerate distribution for M.
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3.1.2 Extremal types theorem

The below presentation follows [2]. As in the CLT, let {X;} be iid random variables with cdf
P(X; < z) = F(x). Defining
M, = max{X1,..., X,},

what is the distribution of M,, as n — co? A preliminary calculation shows that

P(M,, < z) = P(max{X1, Xo,..., X} <)

(
=PX; <z, Xo<um,...,X, <x)
=P(X; <z)P(X2 < x) P(X,, <x)
=F(z)F(z)...F(x)
= F(x)"

)

where we have used independence of the {X;}. Recall now that F'is an increasing function of z, and
0 < F(x) < 1. Thus, we define the right endpoint of the distribution as xpyax = max{x : F(x) < 1},
such that

F(x) <1, z< Tmax,
F(x)=1, x> Tmax-

Note that zmax, so defined, may be infinity (for instance in the case of a Gaussian distribution).
Going back to the distribution of M,,, we thus have

lim P(M, <x)= lim F"(x)= {0’ Fmax;

n—00 n—00 1, T > Tmax-
Thus, the pdf of M, tends to a delta function as n — oo and the behavior of M,, can also
be considered degenerate in this limit, similarly to the case of S, in the CLT. This is pictured in
Figure 3.1. On the other hand, the following theorem assures that we can define a suitable rescaling
of the form (M,, — ay)/b, which converges to a well-defined distribution in the limit n — oo.

F(x) lim F"(x) lim iF"( )

n—oo n—oo dx

Y
4

L
> |

Tmax x Tmax X | Tmax X

Figure 3.1 — Cdf of {X;} and M, and pdf of M,,.

Theorem (Extremal Types Theorem). If X, Xs,... is a sequence of iid random variables and
there exists a sequence {a,}, {b,} of real numbers such that each b, > 0 and

lim P (@ < y) =G(y)

n—oo

at all continuity points of G(y), with G(y) a non-degenerate function, then the limiting distribution
G(y) can only be one of three types:
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() Gly)=e ", (Gumbel),
(II) Gy)=e ¥ ", (> 0), for y >0, (Fréchet),
(II1) G(y) =e ¥, (@ > 0), for y <0, (Weibull).

Note: The above definitions of the limiting distributions are the standard Gumbel, Fre¢het, and
Weibull distributions. We can define the distributions more generally by replacing y with (y—m)s~!
for some location parameter m and scale parameter g > 0.

3.1.3 Domains of attraction

Given the distribution of {X;}, and without computing M,,, do we know which of the three types
does the limiting distribution of M,, belong to as n — co? We do! The limiting distribution G(y)
only depends on the behavior of F(z) as its tail, that is,

lim F(x)=1, or equivalently, lim 1—-F(z)=0.

T—>Tmax T—>Tmax

The behavior at the tail means how fast 1 — F/(z) converges to zero as & — Tmax. There are three
possible cases:

(I) If zpax < 00 and

hm L F@
IT—Tmax ($ — xmax)m
for all m € N, or 2 = 00 and
1-F
im =L@
T—Tmax l’m

for all m € N, then G(y) is the Gumbell distribution. Note that this condition means that
1 — F(z) tends to zero at its tail faster than any polynomial.

(I1) If zpmax = oo and
1—F(z) ~az™ ¢,

for some a > 0, then G(y) is the Fréchet distribution with parameter a.

(IT1) If zpmax < 0o and
1—F(x) ~ (Tmax — )%,

for some a > 0, then G(y) is the Weibull distribution with parameter o.

These three cases completely characterize the domains of attraction of the three distributions and
can be illustrated in Figure 3.2. In Table 3.1, we list the type of the limiting distribution G(y) that
corresponds to various kinds of distributions F'(z) of {X;}.
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of Weibull Gumbel

Weibull

Figure 3.2 — Domains of attraction of the three possible limiting distributions.

Xi ~ F(z) M, ~ G(y)
Normal, Exponential, Lognormal, Gamma Gumbel
Pareto, Cauchy, Student, Burr Fréchet
Uniform, Beta Weibull

Table 3.1 — Types of limiting distribution G(y) corresponding to given distributions F'(z) of {X;}.

3.1.4 A specific example

Consider a distribution in the second category. That is, xy.x = 0o and
1—F(z) ~az™ %

We will find sequences a,, and b,, defined in terms of F(z) such that
) M, — an, -
R ——— < = Y .
nhm P ( b < y) e
We first define the quantile function as

Q(p) = inf{z: F(x) > p}.

This returns the smallest x such that the cdf evaluated at = is greater than or equal to p. If F' is
smooth (there are no point masses in the pdf) and strictly increasing (there are no intervals where
the pdf is zero) then this is simply the inverse of the cdf F,

Q(p) = F'(p), for 0 <p < 1.
Now let a,, = 0 and b, = Q(1 — n~1). Using the definition of b, and @, we can find F(b,) as

F(by) = F(QL—n""))



Alternatively we know from the assumed asymptotic behavior of F' that
F(by,) ~1—10,“,
and therefore that the asymptotic behavior of b, is
by ~nh

Now, considering the limiting behavior of (M,, — a,,)/b, we have

- n—00

Mn - Un .
mnP(——JL<y):1mJ%Mﬁgmw
n—00 bn,

= lim F" (byy)

n—oo

~ lim (1 — b, %y~ )"

n—oo

—a\"m
:1m1@—3—>
n—oo n

o

=e ¥ .

This sequence is not unique in admitting a non-degenerate function. Scaling b,, and using nonzero
an can yield Fréchet distributions with different location and scale parameters. Take, for example,

—1 1
B
an, = mby,

for any m and 8 > 0. Then,

M, — a, .

n—oo - n—00

= lim P (Mn < na_lﬁfl(y - m))

~ i (1= (5 - m) )

lim < —l —) >
n—00 n

—a
m

3.1.5 Generalized extreme value distribution

Finally, we note that the three types of limiting distributions can be unified through the following
generalized extreme value (GEV) distribution,

H(y; &) = e~ e ™%

Indeed, the above GEV distribution reduces to one of the three types depending on the value of
the parameter &:

(I) when & — 0, H(y;&) — Gumbel,
(ITI) when & > 0, H(y;&) — Fréchet with parameter o = 1/¢,
(ITI) when & < 0, H(y;&) — Weibull with parameter oo = —1/¢.
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3.2 Statistics of extremes in stochastic processes

Previously, we have characterized the distribution of the maximum of an iid sequence of random
variables. What about stochastic processes, which have memory (encoded in the autocorrelation
function)? We ask various questions:

1. What is the frequency of upcrossings past a given level?
2. What is the frequency of local maxima larger than a given value?

3. What is the pdf describing the statistics of local maxima?

3.2.1 One-sided spectrum and bandwidth

First, we define the notions of one-sided spectrum and spectrum bandwidth. Given a (two-sided)
spectrum S(w), the one-sided spectrum is defined as

1

— >
St (w) = 7TS((,L)), w >0,

0, w < 0,

see Figure 3.3. The variance of the stochastic process corresponding to S(w) can be expressed as
1 o0 2 oo o
o2 = R(0) = — / S(w)dw = = / S(w)dew = / S (w)doo.
27 —50 27 0 0

Hence, the one-sided spectrum ST (w) is a convenient way to directly represent the distribution
of energy contained in the stochastic process over different frequencies. Note that because the
two-sided spectrum is even, we have not lost any information in defining S*(w), and S(w) can be
recovered in a straightforward manner from S (w).

A S(w) A ST(w)

\ \/\ )
> >

w w

Figure 3.3 — Two-sided and one-sided spectra.
Next, we define the moments of the spectrum as
oo
My = / ST (w)dw,
0
[e.9]
My = / w2ST (w)dw,
0
oo
My = / WSt (w)dw,
0

which allow us to introduce a measure of the bandwidth € of the spectrum,
M3
MoMy~
The bandwidth € admits the following two asymptotic limits:

=1
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1. For € — 0, the spectrum is called narrow-banded, see Figure 3.4(a).

Indeed, for S*(w) = §(w — wy), we have My = 1, My = wi, and My = w§, hence € = 0.

2. For € — 1, the spectrum is called wide-banded, see Figure 3.4(b).

(a)
A ST (w) X(t)

e
P—
~ Y

IS 4

A ST(w) A X(1)

\ 4

Figure 3.4 — Narrow-banded spectrum (a), wide-banded spectrum (b), and corresponding time
realizations.

3.2.2 Frequency of upcrossings past a given level

Consider the stochastic process picture in Figure 3.5. We define n(A), the average frequency of
upcrossings past level A, and 7(0), the average frequency of upcrossings past zero level. The average
period between two upcrossings of level zero is then T' = 1/7(0). As we will see below, for Gaussian,
stationary and ergodic stochastic processes, we have

_ 1 M2 _A2
A) = — s /2Mo
hence setting A = 0 we obtain
1 /My 1
n(0) = — _— =
0=V, = 7

and therefore

Example. Consider the platform picture in Figure. The water waves have average period T = 8
sec, and standard deviation o = 2 m. How to choose the height h of the deck above the (mean)
water surface so that the deck is flooded every 10 min? We want

1 1

_ _ — —h?/20% _ —
n(h) Te Tomm h = 5.07m.




n MUL D ;
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Figure 3.5 — Upcrossing rates past level A.

platform

\/\/\’\/\/‘,“\JI

water surface

- T~

seabed

Figure 3.6 — Platform in rough sea conditions.

Let us now prove the formula for the average frequency of upcrossings. We build a counter
function, that is, a function that counts the number of upcrossings, according to the process outlined
in Figure 3.7. First, we build the function f;(¢) that identifies the regions where X (t) > a

fi(t) = u(X(t) — a),
where u is the Heaviside function, defined as

() = {1, x>0,

0, x<0.

Then, we take the derivative of fi(¢) to obtain the function fs(t), which identifies both upcrossings
and downcrossings past level a of X (t),

f2(t) = 62_]11

Finally, we only keep upcrossings by defining f3(¢) as
f3(t) = fa(Du(X(2)).

Thus, we have obtained the counter function



q

N A A A
PN AN VN L
Vi v

f1 (t) A

f3(t) 4

N N

t

Figure 3.7 — Building a counter for the number of upcrossings above a.

The number of upcrossings past a that happen in a given time 7' is then simply

T . .
T) = /0 X()5(X (1) — ayu(X (£))dt.

and the average frequency of upcrossings follows as

ﬁ(a):TleN _IJEI;OT/ X(t —a)u(X (t))dt.

Now, we use ergodicity of X (¢) to translate this time average to an ensemble average

a(a) = [ - a)u(X)}

/ / d(x — a)u(z) fy (v, 2)dxds

—/ tfyy(a,&)dt.

0

The above is called the Rice formula. Assuming that X and X are uncorrelated Gaussian stochastic
processes, the joint distribution f y is simply

1 2 /9.2 1 _2/9 2
. n) — () — —x?/20% & /20’X‘
Fxx(@ ) = fx(@)fx (@) V2o ‘ V2roy ‘
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Note that X and X are uncorrelated since

. 1 /7 : 1 x@®)?|"
EXX]|= lim — X(t)X(t)dt = lim — =0
A=A or | XOXOE= o =5, 70

where we have used stationarity of X (¢) to ensure that it remains finite as ¢ goes to infinity. We
finally obtain, after integration,
a(a) = iU_Xe—a?/?ff%7
2mox
where

% = /0 St (w)dw = My,

2 > < 9
JX:/O Sj.((w)dw:/o w?ST (w)dw = Ms.

3.2.3 Frequency of local maxima past a given level

X(jﬂ N V. W
| \W/‘/ \V \ \\// \ -
fi(t) A
NN

fa(t) A

f3(t) A

N I

t

Figure 3.8 — Building a counter for the number of local maxima above a.

We are now interested in quantifying the average frequency of local maxima larger than a
certain value a. As done in the previous section, we build a counter function according to the
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process outlined in Figure 3.8. First, we build the function f;(¢) that identifies regions of positive
slope

fi(t) = u(X(t),

where u is the Heaviside function defined previously. Then, we take the derivative of fi(¢) to obtain
the function fy(t), which identifies both local minima and local maxima of X (t),

dfi

fa(t) = ar

Finally, we discard local minima and we only keep those local maxima that are above level a. This
is done by defining f3(t) as

f3(t) = = fo(u(=X () u(X () - a),

with the minus to make the remaining delta functions become positive. Thus, we have obtained
the counter function

f3(t) = =6(X ()X (t)u(X () — a)u(=X(2)).

The number of local maxima above a that happen in a given time T is then simply
T . .. .
N(T) = / —6(X (1) X ()u(X(t) — a)u(=X(t))dt,
0
and the average frequency of local maxima above a follows as

T
7™(a) = lim NI _ gy L / —S(X ()X ()u(X (t) — a)u(—X(t))dt.

T—oo 1’ T—oo T 0

Now, we use ergodicity of X (¢) to translate this time average to an ensemble average
" (a) = B |~ Xo(X)u(x >u<—X>}
/ dx/ d:L‘/ dx £0(2)u(x — a)u(—I) fy y ¢ (T, T, &)

—/ d(L’/ dxifXXX(IL’,O,i}).

For Gaussian stochastic processes, this becomes

0 o) 1 1
— dx dx & e_Q/z,
/—oo V 271'3 V MZA

where
2 N Myx? + 2Moxi + Myi?

2My A ’

and the average frequency of all local maxima (above any level) is

Q= and A = MoM, — M2,

_ 1 My
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3.2.4 Upcrossing rates of a transformed process
Let X(t) a stationary stochastic process with average upcrossing rates nx(a), and define
Y(t) = h(X (1)),

where h is a given function. What is the rate of upcrossings for Y (¢)? If, for any given level b of
the stochastic process Y (t), the equation h(a) = b has n solutions a1, ..., a, (see Figure 3.9), then
the rate of upcrossings past b of Y (¢) is given by

ay (b)) = > nx(ay).
j=1

AY
[\
/|~ =

—~ >

a1 a9 as a4 X

Figure 3.9 — Upcrossing rates of a transformed process.

Example. Let X be a Gaussian, stationary and ergodic stochastic process, with

_ i 9x efaz/Zag('

nx(a) = 2w ox

What is ny (b) for Y = X2? We first solve
b=a> = a1p==+Vb,
then according to the formula we have
Loy

1 .
iy (b) = fix (1) + i (ag) = 5= (720K 4 /275 ) = I b2k
TOoOXx TOoOX

3.3 Distribution of derivative at upcrossings

The previous section involves the frequency of upcrossings for a stationary stochastic process,
X(t). For a wide of problems it is also essential to know the probability distribution function of
the upcrossing velocity at a given level a: v, = X(¢|X = a), i.e. the velocity at the moment
of upcrossing. This is relevant, for example, in the ship slamming problem. Below we present a
derivation of analytical expression for this case [1].

Let U describe the upcrossing event at time ¢:

U= {X(t) <a} N {X(t+dt) > a}

Obviously, in order to have an upcrossing we need positive velocity at that time. Let us define as
V the event where the upcrossing velocity is positive but smaller than v:

v={x>opn{Xxw=<of
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The cumulative distribution function for the velocity at the moment of the upcrossing is given by

P(VNU)

Fy(via) = P(V|U) = P

v > 0.

We now compute each of the terms involved. We first express the intersection of the events U and
V as a system of inequalities:

X(t)<a X(t)<a
UNV =< X(t+dt)>a =< X(t)>a—a(t)dt
X(t) <w X(t)<w

The probability of this event can be expressed with the following integral using the joint pdf,
fXX ($, .’L‘)

PUNV) = /0 /_.dt Fyox (@, &)dzdi

Note that the limits of the inner integral differ only by an infinitesimal quantity, £dt. Based on
this observation the above integral can be written as

PUNYV) = / i ¢ (a, &) didt
0

Using a similar argument we have the probability of the event U where we still need the requirement
of a positive upcrossing velocity, X (t) > 0:

PU) = / i ¢ (a, &) didt
0

Using the last two expression we finally obtain:
_ Jo #fxx(a,d)di

IS i fyx(a, &)dd’
For the special case of independent velocity and position, fy ¢ (z,%) = fx(z)fx (%) we have
P

Jo &fy(@)dd

and as we observe the cumulative distribution of the upcrossing velocity does not depend on the
upcrossing level a. From the last expression we can obtain the pdf of the upcrossing velocity:

 ufx(v)
T Tafy@ds

As it can be easily seen for the case of a normally distributed velocity, the upcrossing velocity
follows a Rayleigh distribution.

Fy(v;a)

v > 0.

Fy(v)

fu(v)

3.4 Extreme value distribution over a given time interval

Let X (t) a stationary stochastic process, and T" a time interval. We define

M(T) =max{X(t): 0<t<T},
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0(a) = first time that X (t) crosses a.

We want to find
P(M(T)<a)=P(0(a) >T),

for a narrow-banded stochastic process (that is, € ~ 0). These events are independent, in which
case we can model them through a Poisson process. Denoting the rate of hits for this Poisson
process as nx(a), the cdf of M(T) is

Fyiry(a) = P(M(T) < a) =1 — P(8(a) <T) =1 — (1 - e—ﬁx<a>T) = e x(@T

where we have used the formula for the distribution of the first arrival time of a Poisson process
from Section 1.12.2.

3.5 Extreme value distribution over long time intervals

Recall that we have previously derived n"*(a), the rate of local maxima above level a,

/du/ dvvfy i (u,0,v).

From this, we can find the rate of maxima above any level as
n'(—o0) = lim n™(a).
a— o0
Thus, the cumulative distribution of local maxima is simply
number of max X >a  average rate of max X > a n'"(a)

P(max X > a) = X ¢ -
(max X > a) number of max X average rate of max X nm(—o0)’

hence
Fy(a) = Pmax X <a) =1— P(max X > a),

and the pdf follows as
B dFy(a)
fu(a) = da

For a Gaussian, stationary and ergodic stochastic process, this results in the following distribution
of local maxima (see [3], p.298)

1/2 —5 —5
¢ > / i vi—e au(a)® <71 — 62a> e 2% aeR,

fula) = (2770'%( ag( OxE€

and u(a) is the step function. In the narrow-band limit, for ¢ = 0, the above general formula
reduces to the Rayleigh distribution,

a 2 2
fu(a) = —-e” /2%, 0<a <o,
X

while in the broad-band limit, for ¢ = 1, we obtain the Gaussian distribution,

fM ((Z) — ;
,/2770'%(
Note that the Rayleigh distribution is restricted to positive values of a because a narrow-band
stochastic process cannot have local maxima below zero due to the presence of one main frequency
component; see Figure 3.4. Moreover, still for the case of narrow-bad stochastic processes, the
statistics of local maxima (described by the Rayleigh distribution) are related to the statistics of
the envelope, since the latter goes through the local maxima.

279 2
e a/2”X, —00 < a < 00.
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3.5.1 The 1/Nth largest maxima

Let us call aj,as,...,an,,... the local maxima, as pictured in Figure 3.10. We define the 1/Nth
largest maxima, ay/y, as the value that is exceeded by 1/N of the local maxima. For instance, a;,19
is the value that is exceeded by 10% of the maxima. How to calculate a;,y from the probability
distribution of the local maxima?

ay

Figure 3.10 — 1/Nth largest maxima.

For simplicity, we focus on the case € = 0, for which the distribution of local maxima follows
the Rayleigh distribution
a
fu(a) = —2€_a2/20§<, 0<a< oo.
9x

Integrating the above formula, we obtain the cdf
Fy(mo) = P(n < mo) =1—€™/2, 0 <y < o0,

where n = a/ox is a rescaled height. We then want to find the value n*/N such that

1 1
P(”]ZUI/N)=N = 1_FM(771/N):N
S N2 %
QN
= nl/N:\/QIOgN:;.

In the general case 0 < € < 1, the value above which 1/N of the local maxima will lie is

ox

21 — €2 1/N
nl/N: 2log VI TE N =2
141 — €2

3.5.2 The 1/Nth largest average maxima

We now define the 1/Nth largest average maxima, @, /19, as the average value of all local maxima

above n'/N. Focusing again on the case € = 0, for which the distribution of local maxima follows
the Rayleigh distribution, ,
fM(U):ne_n /2’ 0<n<oo,
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we can readily calculate

) a
/N = " =/ 0 far(nln > n*~)dn
n

:/°° RVIAVEL SN
N P>t

[ fu(n)
_/771/1\/?7 1/N ol

o0
= N/ ?7267772/20177.
nl/N

The 1/3 highest average maxima a'/* is called the s{gniﬁcant amplitude, and the significant wave
height is defined as twice the significant amplitude, H'/3 = 2a'/3. For € = 0, we have 7'/3 = 2,
hence a!/3 = 20x, and HY3 = dox.

1/3

3.6 Summary on short-term statistics

Let X(t) be a stationary and ergodic stochastic process. We have characterized the statistics of
the extreme values of X (¢) in the following ways:

1. Measure of bandwidth:

o0
here M4 = 0245% (w)dw.
ST ere Mp2a /0 w (w)dw

Limiting cases: € = 0 (narrow-band), e = 1 (broad-band); see Figure 3.4.

2. Frequency of upcrossings past level a:
o
n(a) :/ tfyx(a,i)di.
0
For Gaussian stochastic processes, this reduces to

_ 1 [M; _pe
n(a) = % Moe /QMO.

3. Frequency of local maxima above level a:

0 00
n"(a) = —/Oo/a Pfy vz (x,0,2)dxdi.

For Gaussian stochastic processes, this becomes

0 00 1 1
nm(a):—/ di [ dwi s 3\/me*Q/2,
—00 a \V 2T

where
12 Myx? + 2Moxi + Myi?

Q=55 " A )

and the average frequency of all local maxima (above any level) is

_ 1 My
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4. Frequency of upcrossings past level b for transformed stochastic process Y = h(X):
n
ay (b)) = > nx(ay),
j=1

where a; is solution of h(a;) = b.
5. Probability distribution of maxima over finite time 71"

M(T) =max{X(t): 0 <t <T},
P(M(T) < a) = e ™T for large a.
6. Probability distribution of maxima over long times (for Gaussian stochastic processes):
fu(a) = ie*az/QMO, 0<a<oo, fore=0 (narrow-band limit),

My

fu(a) = We_QQ/QMO, —00 < a < oo, fore=1 (broad-band limit).
Mo

7. Average of all 1/Nth largest maxima (for Gaussian stochastic processes):

A1 — €2
AN = |ongtog [ 222 N ).
1+vV1—¢€2

Significant wave height:
HY? =2a'® (= 4ox for e =0).

3.7 Long-term statistics

3.7.1 Exceedance probability

Short-term statistics are valid over a period of up to a few days, during which the spectrum
characterizing the stochastic process can be considered constant. Long-term statistics can be seen
as the “sum” of several short-term statistics, each with different spectra.

Example. To describe the long-term statistics of the sea surface during a series of storms, we
first characterize each storm ¢ through its spectrum S;r (w), which is parameterized in terms of the

significant height Hil/ % and average period T; corresponding to that storm, as done in Table 3.2.

Storm | HY/3 | T | Probability
1 2m |4s 0.05
2 3m | 5s 0.08

Table 3.2 — Table of storm statistics.
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During storm ¢, assuming Gaussian statistics, the frequency of exceeding level ag is

1 @e—‘%/?]\/fo,i — ie_a%/QMO,i _

1
YT or Moy, T; im

If T is the life of the structure, then the total duration of each storm i is
T, =TPF,
where P; is the probability of storm ¢. Then, the total number of exceedances of ag in storm 7 is

N; = NI, = 2P,

2

and the total number of exceedances of level ag over all storms is
T —a% /2M0 i
Na():;Ni:;TTiPie i

For a narrow-band stochastic process, we have seen that ﬁl.l/3 ~ 4,/My;, hence My; ~ (Hil/3/4)2
and

T _on2/(gY/3)2
Naozzi:ipie 2h0/(H1 ) ,
where we have defined hy = 2ag. The total number of cycles is found by setting ag = 0, that is,
T
No = Z ?P
2
The long-term probability of exceeding level hg is thus

Nao _ S5 T/Ti Pie™8/L {1/ Te2n/ (17

Ph>ho) =1, S T/LE BT

In practical calculations the effect of T is relatively small, hence its can be treated as a deterministic
variable and we finally have

P(h > hO) — E |:€_2hg/(ﬁl/3)2 '

3.7.2 The 100-year wave hyy

The 100-year wave hjgg is defined as the wave height higg that will be exceeded on average once in
100 years, that is,

_ N(waves above higo) 1
N No 100 years/T"

P(h > hi) = E [e”h%oo/(glm)2

3.7.3 How safe is the design based on the 100-year wave?

A structure is designed to just barely withstand the 100-year wave. Its desired lifetime is M years.
What is the probability of failure during its lifetime?
We model the waves as a sequence of independent events. We have

P(structure fails) = P(at least one wave above hjgg) = 1 — P(no wave above higp).
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Denoting Nj; the number of waves in M years and using a Bernoulli process, we have
P(no wave above higo) = ¢"'M,

where ¢ is the probability that any single wave is below higp. To find ¢, note that the probability
p that any particular wave is above hjg is by definition equal to 1/Nygp < 1, hence

1 _
~ e~ 1/Nioo

—1-p=1- ~
1 P Nioo

where we have expressed the difference of the two terms as exponential using a Taylor approxima-
tion. Finally,
P(structure fails) = 1 — ¢"™ ~ 1 — ¢~ Nu/Nwoo — 1 _ =M/100,

Table 3.3 indicates P(structure fails) for different vales of M.

M (years) | Probability of failure
1 1%
S 4.9%
10 9.5%
20 18.1%
50 39.3%
100 63.2%

Table 3.3 — Probability of failure of design based on higg.
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Chapter 4

Laplace Transform and System
Analysis

4.1 Laplace transform

The Fourier transform that we have seen earlier requires the function to be absolutely integrable,

that is,
/ |x(t)|dt < 0.

—0o0
When analyzing unstable systems, however, one often encounters responses growing in time, for
which the Fourier transform does not converge. The Laplace transform is a generalized version of
the Fourier transform that exists for a much broader range of functions. More specifically, consider
a function y(t) such that y(t) = 0 for ¢ < 0, and

o0
| i = .
—0o0
for example the function pictured in Figure 4.1. If there exists a real ag such that
o0
|t tian < o
—00

then the “weighted” function y(t)e~%, a > ag, is absolutely integrable and we can find its Fourier
transform

.F[y(t)e—at]:/ y(t)e—ate—iwtdt:/ y(t)e(a—i-iw)tdt’
0 0

which is a function of both a and w. We can now define the complex variable s = a+iw, and define
the Laplace transform of y(t) as

i(s) = Ly(t)] = Fly(t)e ] = /OOO y(t)e *'dt, Rels] > ao.

By taking the inverse Fourier transform, we have

y(t)e % = Flgla + iw)] = % / gla+ iw)e™tdw,

thus
1 e :
y(t) = —/ §(a + iw)e™e™ dw.
T

—00

76



With the change of variables s = a + iw, ds = idw, we obtain the inverse Laplace transform,
1 a-+iw
y(t) = L7j(s)] = =—— lim i(s)e*tds, Re[s] > ao.

27 w—oo a—iw

A Y(t)

t
Figure 4.1 — A non-absolutely integrable function.

The evaluation of the inverse Laplace transform requires integration in the complex s-plane
along a path parallel to the imaginary axis, such that Re[s] > ag. This defines the region of
convergence (ROC) of the Laplace transform; see Figure 4.2.

A Im[s]

A\ 4

@0 Re|s]

ROC

path of integration for
inverse Laplace transform

Figure 4.2 — Region of convergence (ROC) of the Laplace transform.

In summary, for a function y(¢) such that y(t) = 0, ¢ < 0, the direct and inverse Laplace
transforms are defined respectively as

3(s) = Lly(t)] = /0 " y(tetat,
1 at+iw
y(t) = L)) = o lim [ g(s)eids.

27 w00 a—iw

These are defined only for Re[s] > ag, the region of convergence. The Laplace transform possesses
the following properties:

1. Llag(t) + bh(t)] = aLllg(t)] + bL[A(L)].
~ar

df o —s _ —st |0 > —-s = —
2 L[ﬂ_ [ e = fne | + /0 F(t)se™*tdt = —£(0) + sLIF (D).
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o[5)-

df df )
P +£[dt] ~B = s0) + L)

t=0

t=0

3. Final value theorem: if limy_,, f(t) exists, then

lim f(t) = lim sf(s).

t—o0 s—0

d ~d R
[dﬂ /0 d—“);e*“dt = sf(s) — f(0).

Taking the limit as s — 0, we get

Proof. We write

liy sf(s) = i [~ et 0) = [ tim e i) = [T Laenr(0) = Jim £00)

4. Lf(t)+g®)] = LIF@)] - Llg(B)]-

Examples. Common Laplace transforms:
*° 1
1. L[1] :/ e Stdt ==, Re[s] >0
0 S

2 Re[s] > 0.

o0
2. L[t] :/ te”Stdt = =,
0
3. LM = / (Mg — 1 Relg] > A
0 S — )\

kAT _ k,(A—s)t 7, _
4. L[t"e ]—/0 t"e dt_(s—)\)kH’

4.2 Solving linear systems with the Laplace transform

4.2.1 Computing the inverse Laplace transform

To compute the inverse Laplace transform, one needs in principle to evaluate an integral in the
complex s-plane, along a path parallel to the imaginary axis as shown in Figure 4.2. In practice,
we can avoid computing explicitly this integral by using partial fractions expansion to expand the
Laplace transform into a sum of simple fractions, which can then be converted to the time domain
using Laplace transform tables or the few common Laplace transforms listed in the above section.
In systems analysis, the Laplace transform is usually of the form

oy N(s) N(s)
I = B5) = G (s =)

where N(s) and D(s) are polynomials, and the degree of N(s) is at most equal to that of D(s).
We define the roots A\; of D(s) as the poles of §(s), and the multiplicity k; of each root as the order
of the corresponding pole. Then, using partial fractions expansion we can expand §(s) as

ZZ

7,1j1
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where a;; are constant coefficients. The inverse Laplace transform of each individual term can then
be computed using the formula

k!
1 k_X
L [7(3 /\)k 1] = theMt,

We note that a pole of any order n > 1 at s = ) induces a time response that behaves as e’ as
time goes to infinity. Thus, if a function g(s) contains many poles, its region of convergence will

be Re[s] > ag, where ag is the real part of the rightmost pole A;.

Example. The following Laplace transform

A s+ 2
f(S):m,

has first-order poles at s = 0, —2%, 2¢, thus it can be expanded as

f(s) = s(s +Z;)L(§ %) % *3 f% + %
where the coefficients a1, ao, and ag can be found by taking the limits
a1 = lim sf(s) = lim (s + ;z)+(s2— 2) %
a2 = sliglzi(s +20)f(s) = SEIP% s(z t 21’) - 4_ i’
a = lim (s — 20)f(s) = lim S(Z i 31') - i 2

Therefore,
A 1 1—2 1 14+7 1

T2 4 s+2% 4 s—2

and we obtain, by identification,

1 1_i672it_1+ie2it:1

f(t)zi— 1 1 2(1—cos2t—sin2t), t>0.
Example. Consider the Laplace transform
2
f(s) = (551 ;23(2111)
with a first-order pole at s = —2 and a second-order pole at s = —2. We express the function as:
aq as as 552 +3s+1

512 G122 sl r2PGrL)
Multiplying with s+ 1 and taking the limit s — —1, then with (s+2)? and taking the limit s — —2
and finally with s + 2 and taking the same limit, results in the partial fractions expansion:

f() aq + a9 + as 2 15 + 3
S) = = —_ s
s+2  (s+2)2 s+1 s+2 (s+2)2 s+1

and the time domain response is
f(t) =272 —15te 2 + 3¢, t>0.

Notice the te~?! term arising from the second-order pole.
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4.2.2 Response to forcing
Example. Consider the system shown in Figure 4.3 and governed by the following equation

d%y .
m—s +ky=f(t), y(0)=90)=0, f(t)=0()

Taking the Laplace transform on both sides, we obtain
ms*§(s) + kij(s) = 1,

or equivalently,
1 1/m

T ms2 4k (s4i/k/m)(s —ir/kjm)

By applying partial fractions and considering the inverse Laplace transform we have

y(t) = ! sin\lﬁt, t>0
vVkm m

4(s)

— y(t)

k
AVAYAY m. > f(t)

ANANANANANANANAN

/777777777777 777777

Figure 4.3 — Spring-mass system.

The above example shows that the Laplace transform is useful in calculating the response of
stable or unstable systems with given initial conditions to external excitation. Another area of
application of the Laplace transform is in determining the nature of the response of a system under
stochastic excitation with given spectrum. Recall that the response of an LTI system with input
u(t) and transfer function h(t) can be written as the convolution

y(t) = h(t) * u(t),

for zero initial conditions (we will explore the effect of the latter in the next section). Taking the
Laplace transform, we have

9(s) = h(s)a(s),

which shows that §(s) will inherit the poles contained in both h(s) and @(s). This has important
consequences for the behavior of y(t), as we illustrate in the example below.

Example. Let the system

2
md +ky = f(6,0), 5(0) = §(0) =0,
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A S]T (w)

»
>

Wmin Wmax W

Figure 4.4 — Spectrum of forcing.

where f(t,() is a Gaussian, stationary and ergodic stochastic process with one-sided spectrum
shown in Figure 4.4. As time tends to infinity, will the response y(¢,() tend to a stationary and
ergodic random process?

First, we take the Laplace transform of the governing equation and we get

_}?(S,C) £

9(s,¢) = s A h(s)f(s,0),

which shows that h(s) has first-order poles at s = +iy/k/m. We then recall the decomposition

6i(wnt+9n) + e—i(wnt—i—en)

f(t,¢) = Zan cos(wnt + 60,(¢)) = Zan 5 ,

where a,, are deterministic amplitudes, w,, are deterministic frequencies, 6, ~ U(0,27) are iid
random phases, and A = wy,41 — w, — 0 in the continuous spectrum limit. By linearity of the
Laplace transform,

s

! i0n, twnt o 1
6.0 =3 S e e e =55 o

e

- + c.c.,
S8 — lwp

where c.c. denotes complex conjugate. Thus, f (s,¢) has first-order poles on the imaginary axis at
s = Fiwy, n=1,2,... with wmin < w, < wmax. The Laplace transform of the response is

1/m 5

(s +i\/k/m)(s —i\/k/m) fs0)

Ly e +
2m ~ n(s—iwn)(s—i—i\/k?/m)(s—i\/k/m) -

As illustrated in Figure 4.5, two cases are now possible:

9(s,¢) =

1. If \/k/m < wmin or \/k/M > wWmax, as shown in Figure 4.5(a), then §(s) will only contain a
continuous distribution of first-order poles situated at s = tiw,, n = 1,2,... and a pair of

poles at s = £iy/k/m. Since

)

r-1 { efn } — oFi(wnt+6n)

the response y(t, () will be composed of sinusoidal frequency components with iid random
phases, hence it will be stationary and ergodic and we can use the Wiener-Khinchine relations
to characterize its spectrum.
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2. If wmin < V/k/m < wmax, in which case w, = /k/m for some n as shown in Figure 4.5(b),
then ¢(s) will contain a pair of second-order poles at s = +iy/k/m. Since

] — teEi(/E/mt+0,)

eien

(s £iy/k/m)?

the response y(t, ¢) will grow algebraically with time! It is thus not stationary and we cannot
use the Wiener-Khinchine relations since it does not have a spectrum.

-1

)

(a) A Ims] (0) A Ims]

L i /_k/m 1Wmax

1Wmax

X ivk/m

’L'a)min WWmin

\ 2

— i Wmin Rels] —iWmin Rels]

—tWmax

X —ik/m — iWmax

Figure 4.5 — Interplay between poles of the system and poles of the forcing.

4.3 Finite-dimensional LTI systems

Consider the finite-dimensional LTI system, written in state-space form,
X = Ax + Bu,
y = Cx,

where x € R” is the state, u € R™ is the input, y € R is the output, and the matrices A € R,
B € R™™, C € R>™. Note that the state variables are not unique. Indeed, we can always choose
a non-singular matrix M € R™*" such that

x=Mz & z=Mlx,
where z is the state in the new coordinate system. In the new coordinates z, the dynamics become
z=(M1AM)z + (M 'B)u,
y = (CM)z,

Example. Let x = (z1,...,x,) describe a scalar field in a turbulent flow, discretized on a grid
with n points. Applying a Fourier transform, we have

n
X = g X,
i—1
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where «; are Fourier coefficients, and x; are Fourier modes. The vector of Fourier coefficients
a = (aq,...,qy) then represents the state in a new coordinate system (the Fourier basis).

Example. Consider the driven pendulum shown in Figure (4.6). The governing equations are

26 dup
l_
aZ e

y = lsin ¢,

cosp +mgsing =0,

where wug is the prescribed input, and y is the observed output. Assuming that ¢, <z5 are small, we
can linearize by approximating cos ¢ ~ 1, sin ¢ ~ ¢ and retaining only first-order terms, leading to

d d?uyg
Iy Tmg¢ = ——a =ult),

Defining the state as ¢ = (¢, gZ'S)T, we can then write the above equations in state space form,

o=t tlee[ ]
y=1[1 0]¢.

ANAAAA AN

Figure 4.6 — Driven pendulum.

Example. Consider the taut string under tension 7y depicted in Figure 4.7, driven from the top
with motion y(0,¢) = ug(t), and fixed at the bottom. The governing equations are

oy 2 0%y

Y
dt?

where F is the Young’s modulus, A is the cross-sectional area. The boundary conditions are
y(0,t) = up(t),y(l,t) = 0 where [ is the length of the string. If y and dy/Jx are small, we have

FA (== < T,
ox

and we can linearize the governing equation to get

82y 823/

m—s = Top—=.
dt? 0522
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T

ug(t)

y(x,1)

\ 7
Figure 4.7 — Taut string.

To make the problem finite-dimensional, we apply the governing equation at discrete points xy,
with motion y(xg,t) discretized as

yr(t) = y(zp,t), k=1,...,N.

Using a second-order finite difference approximation for the spatial derivative, the discretized gov-
erning equation becomes

7 Ykt1 — 2yk + Yr—1

0 h2 )
where h = xp11 — xp. With N = 3 points, as shown in Figure 4.8, and applying the boundary
conditions, we get

myjg =

. Tp
mijy = ﬁ(m — 2y1 + uo),

. Tp
mijp = ﬁ(ys —2y2 + 1),

. T
mijz = h—S(O —2y3 + y2).

Thus, defining the state x = (y1, %2, ¥3, U1, 92, ¥3)" and § = T'/h*m, the state-space equations are

0 0 0 100 0
0 0 0 010 0
A A N R
25§ 0 000 5|
§ =26 & 00 0 0
5§ 5§ =200 0 | 0 |
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Uo
T1 21
T2 »\ 292
T3 9 Z3
fixed

Figure 4.8 — Taut string discretization.

4.3.1 Response to forcing

The Laplace transform is useful in determining the response of stable and unstable systems to
forcing. Consider the system

X = Ax + Bu,
y =Cx,

with initial conditions x(0) = x¢. Taking the Laplace transform of the above governing equations,

sx(s) — x(0) = Ax(s) + Bu(s)
y(s) = Cx(s),

hence, combining the two equations we get

y(s) = C[sI — A] 'xo + C[sI — A]"'Bi(s).

effectv of IC effect O‘f,forcing

The transfer function Hy (s) (in the Laplace sense) is defined as
H.(s) = C[sI - A]"'B.

To find the response y(t) in the time domain, we will decompose y(s) into contributions from
different modes with different frequencies, in the same spirit as the partial fractions expansion
seen previously. Consider that A is a real n X n matrix with n distinct eigenvalues \;. The right
eigenvectors v; of A are defined as

Av, = \v;, i=1,...,n,
and the left eigenvectors w; of A are defined as
ATWi:/\iWi, i=1,...,n,

where AT is the transpose of A, and possesses the same eigenvalues \;. Note that the name ‘left’
eigenvectors stems from the fact that the above equation is equivalent to

T T
WzA:)\le, Z:].,...,n.
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It is straightforward to show that the right and left eigenvectors verify the biorthogonal property

1 i=j
T )
W"Vj:{o Ty

Thus, if we define V = [vi...v,], W = [w;...w,], A =diag(A1,...,\,), we have the relation
WIVv=vw' =1,

which implies the spectral decomposition of the matrix A,
n
AV=VA = A=VAW'=> \vw/.
i=1
Similarly, we have the spectral decompositions

ST—A=sVWT - VAW = V(sT - A)WT =) "viw/] (s — \),
=1

1
S—)\i.

(ST-A) ' =W I-A) VI =V(EI-A) W =) viw]
=1

Inserting the above decomposition into the expression for y(s), we obtain

n

n
N 1 N
$(s) = D2(Cvi) - (wlx0) + 3 (Cvi)— - (WIB)ils).
i=1 t i=1 ¢
effect of IC effect o}rforcing

The response in the time domain can now be found by identifying the inverse Laplace transform of
individual terms,

n

y(t) =D (Cvi)eM(wlxg) + 3 (Cvi)(w] B) / " MDy(r)dr, 30,
=1

i=1 0

where the last integral comes from the fact that

t
ﬁ_l |: 1 ﬁ(S):| — e)\it ” u(t) :/ eAi(t_T)u(T)dT,
S — )\1 0

4.3.2 Wiener-Khinchine relations

Consider the system written in state-space form,

x = Ax + Bu(t,(),
y =Cx,

with zero initial conditions, and u(t, () is a stationary and ergodic zero-mean random process with
autocorrelation function

Ruu(7) = Eu(t)u’ (t+7)] & {Ruulij(t) = Elui(t)u;(t + 7)),
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and spectrum
o0 ) 0o ‘
Suu(w) :/ Ruu(T)e™™7dr & {Suu}ij(w) =/ {Ruu}ij(m)e“7dr.
oo e

We have seen that the transfer function (in the Laplace sense) of the system is given by
H(s) = C[sI — A]"'B.

If the system is stable (that is, the poles of Hy (s) are in the left-half complex plane, or equivalently,
the eigenvalues \; of A have negative real part), then a Fourier transform of the governing equations
leads to the transfer function Hp(w) (in the Fourier sense),

Hp(w) = CliwI — A]7'B,

which is the finite-dimensional generalization of the transfer function we have seen previously in
Section 2.5.6. Note that the two definitions of the transfer function (in the Fourier or Laplace
sense) are related as Hp(w) = Hy (iw).
Thus, if the system is stable, we have the finite-dimensional generalization of the Wiener-
Khinchine theorem,
Syy(@) = Hp()Sua(@) H (@),

where HIH; = (H*)T denotes the transpose of the complex conjugate of H. As illustrated in Figure
4.9, the Laplace transform can be applied to the initial transient regime, while the spectrum of
the response in the subsequent statistical steady-state is described by the above Wiener-Khinchine
theorem.

(t)
A , |
|
Al 4 A AW Y VY V| / TARVAY .
i AV I'V’ / P KA >t
ol ‘J i\/l\\/ “ 'IJ I‘, "\/ |5/ ) \N\S\,
thamatenly | atakutiad atea 4.;1- state
| will 5 e
=3 (-Mjﬁ-(-l ' = Wienew = Ktunchune

Figure 4.9 — Initial transient regime and subsequent statistical steady-state.

Example. Consider the double spring-damper-mass system pictured in Figure 4.10, and governed
by the following equations

mid1 — c1&2 — k1we = F1,
moZi1 + maoZo + cox1 + (Cl + 02)3’02 + kox1 + (kl + k‘Q)JIQ = F5,

where F} and F5 are stationary, ergodic, zero-mean and Gaussian stochastic processes. First, we
find the transfer function matrix between the input F = (F}, F5)T and the output y = (z1,29)7
by assuming that F; and F5 are deterministic functions with well-defined Fourier transforms, and
taking the Fourier transform of the governing equations

—w2m1 —iwq — kl .’i’l . F1
—w2m2 + iwes + ko —meg +iw(cr + ) + (k1 + k2) o | | Fy |
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Figure 4.10 — Double spring-damper-mass system.

This can be expressed as

L [ All(w) A12(w) :|
Agy(w) Age(w) |’

with

Aw) = wrmimsg — iw?((my 4+ mg)er + micy)

— w2((m1 + mg)k‘l + miko + Clcg) + iwegk1 + k1ko,

A1 (w) = —w?ma +iw(cr + c2) + k1 + ko,
Ago(w) = —w?my,

Az (w) = w?my — iwey — ko,

Agq(w) = iwey + k.

Now, given that F} and F5 are stochastic processes with spectrum

Srr(w) = [ SFIIS(W) SFQPE)Q(W) ] 7

and applying the Wiener-Khinchine relations, we obtain the spectrum of the output

serte)= [ £1700) S | -eosmmcmtic
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Chapter 5

Nonlinear Systems

5.1 Deterministic analysis

5.1.1 Linearization
Consider the case of a general 2 degrees-of-freedom (DOF) first-order system,

T = f(l',y),
v =g(z,y).

Example. Suppose we have a nonlinear oscillator governed by

i+ h(z, &) = 0.

Setting y = &, we obtain the 2DOF first-order system
T =y,
y = —h(.CC, y)

Going back to the general case, we start by looking for fixed points x*, y* of the system. Such

fixed points are defined by
=0,

f(x*?y*) = 0 = i|m*,y*
’y* 0 - 0,

) = = y|m*,y*
that is, the system stays at the fixed point. Assuming that we find such pair(s) z*, y*, we can

apply the transformation
u=zr—z" = wz=u+z",T=1,

v=y—y" = y=v+y,y=n0.
Thus, u and v are variables that measure the distance of the system from the fixed point. Assuming

that |ul, |v] < 1, we can Taylor expand the dynamics

U:f(]? +u,y +’l}):f($,y)+£ u+a_y ’U+O(|’U,’2,|U‘2),
r*7y* x*’y*

v=9(" +uy o) =gy + o ut 3, v+ O(Jul?, [v]).
T*y* T*,y*
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Since, by definition, f(z*,y*) = g(z*,y*) = 0, and neglecting the quadratic term, we obtain a
linearized system governing the dynamics close to the fixed point x*, y*

L~ of of
u_(?a: U+

Jy
be 00
T Oz

Ty

xT* ’y*

5.1.2 Classification of linear systems

Let us first consider a few example of 2DOF linear systems, which can in general be written as
| |a b x
gl ledlly]

Example. Consider the linear oscillator

mx + kx =0,
y =1,

which is equivalent with the first-order system

T | 0 1 T

gyl [ ~k/m 0][y]
The solution is readily obtained as

= Acos(wt+¢) = a?= A%cos?(wt+ ¢),
y=1i=—Awsin(wt +¢) = 3? = A%?sin?(wt+ ¢),

hence, trajectories in the phase space (z,y) describe an ellipse,

2

22+ y_2 — A2,
w
as illustrated Figure 5.1.
AY
=N
& z
fixed point

Figure 5.1 — Phase-space trajectories of the linear oscillator.
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Example. Consider the diagonal system
| |a O x
y] [0 -1 y |’

z = Ae™,

y = Be .

which admits as solutions

The trajectories in the phase space (x,y) of the system depend on the value of a, and the different
possible cases are illustrated in Figure 5.2.

X

i
///4 \\,
e,

a=—1 —1<a<0

Figure 5.2 — Phase-space trajectories of a diagonal system.

HE I

note that x,y = 0 is always a fixed point. Since the system is linear, we seek solutions of the form

|:$:|:['U1:|e)\t N -'U1:|)\e)\t:|:a b][vl]ekt7
Y V9 | v2 c d V9

which leads to an eigenvalue problem Av = Av, where

A:[a b], and v:[vl].
c d V9

In the general case
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We thus want to find nontrivial solutions to (A — A\I)v = 0, that is, solutions such that v # 0. This
requires A — AI to be non-invertible. We thus impose the condition det(A — AI) = 0, that is,

_ + V72 —4A
det[a A dE)\]:O = MN-mA+A=0 = /\1,22%,

where 7 = a + d and A = ad — be. The solution can thus be written as the superposition
x
[ } = oqvle’\lt + 042V2€’\2t,

where vi o are the eigenvectors associated with the eigenvalues A; 2, obtained by solving the linear
system (A — Aj2I)vq2 = 0 once the eigenvalues are found, and aj 2 are constants that are found
from the initial conditions.

Example. Consider the system

T=x+y,
y =4z — 2y.

Following the procedure outlined above, we find the eigenvalues
MN+A-—6=0 = MN=2 l=-3,

and the associated eigenvectors

In Figure 5.3(a), we sketch the behavior of the system in the state-space (x, y), which can be inferred
from the eigenvalues and eigenvectors. The positive eigenvalue \; indicates repulsion away from
the fixed point along the eigendirection v, while the negative eigenvalue A2 indicates attraction
to the fixed point along the eigendirection vo. Should the eigenvalues be both negative, we would
obtain the behavior sketched in Figure 5.3(b).

A1 >0, <0 A1 <0,X <0

Figure 5.3 — Phase-space trajectories of a system with (a) real eigenvalues of opposite sign, and
(b) negative real eigenvalues.
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Going back to the general case, recall that the eigenvalues are given by

A2 =

where 7 = a +d and A = ad — be. Depending on the signs of 7 and A, we can distinguish different
possible scenario which are illustrated in Figure 5.4:

1. If A <0, then

1
Am:gii T2 4N with A >0, <0,

hence the fixed point is an unstable saddle.
2. If A > 0, we further need to distinguish between three cases:

(a) if 72 — 4A = 0, then
A2 = 5’
hence the fixed point is an unstable node for 7 > 0, and a stable node for 7 < 0.

(b) if 72 — 4A > 0, then

1
A2 = % +5VT? —4A with sign(Ai2) = sign(r),

hence the fixed point is an unstable node for 7 > 0, and a stable node for 7 < 0.

(c) if 72 —4A < 0, then
1
Ao = g £ 5[ - 44|,

hence the fixed point is an unstable spiral for 7 > 0, and a stable spiral for 7 < 0.

unstable
%‘ node 22 _4AA =0
unstable
spiral

‘ stable A
spiral
% s " stable
node

Figure 5.4 — Stability landscape for 2D linearized systems.

unstable
saddle
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Example. Consider the system

We first look for fixed points

—r 2 =0 = =0 %1,
-2y =0 = y"=0.

Thus we have the fixed points (z*,y*) = (0,0), (z*,y*) = (1,0), (z*,y*) = (—1,0). Linearizing
the system around the fixed point (z*,y*) = (0,0) leads to the matrix

-1 0
=105
thus this fixed point is stable. Linearizing the system around the fixed points (z*,y*) = (£1,0)
leads to the matrix
2 0
=5 5]

thus these fixed points are unstable saddles. Since we cannot have chaotic dynamics between the
fixed points for a 2D system, the knowledge of these 3 fixed points and their stability behavior
enables us to draw in Figure 5.5 the behavior of the system in phase space.

/
"J > - —/X N -

i g
~
—_—

Figure 5.5 — Phase portrait of system with 3 fixed points.

5.2 Nonlinear systems with white noise excitation

5.2.1 The Fokker-Planck-Kolmogorov (FPK) equation
Consider the nonlinear system

Y .
=TIV oIV AW, V() = Yo,

where Y (¢,¢) € RY is the state, F € RY is a nonlinear ‘drift’ term, & € R¥*V is a nonlinear
‘diffusion’ term, and W € R¥ is white noise. For nonlinear systems, the statistics are non-Gaussian
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and hence 2nd-order moments are not sufficient to give a full description of the response. We thus
have to use the Fokker-Planck-Kolmogorov (FPK) equation, which transforms the trajectory-based
description of the dynamics into an evolution equation for the pdf fy of the state. It is formulated

as follows
N

0 82
fY Za fY]_l 8 8 [U(y:t)fY]:Oa

1,j=1

where fy(y,t) = fy(y1,y2,-..,yn,t) is the pdf of the stochastic process Y (¢,() describing the
state, and the diffusion coefficients b;; are defined as

’l] y7 ZUM' y, U]r Yy, ), Z,jzl,,N

The Fokker-Planck-Kolmogorov equation represents the conservation of probability in phase space.
It is a linear partial differential equation (PDE); more specifically, if the system is described by an
N-dimensional nonlinear ODE, then the FPK is a linear PDE defined in an N-dimensional domain.
The FPK equation is hard to solve (numerically) for N > 4, since it must always integrate to one
and be non-negative. Finally, it is valid for white noise only (similar equations exist for Poisson
noise and Levy noise).

5.2.2 Application examples

Example. Consider the 1D nonlinear system

ay .
a +h(Y)=DW, Y (0) =Y,

where the state Y € R, D is a constant, h(Y) is a nonlinear function and the initial condition Yp
is deterministic. The associated FPK is expressed as

Ofvt) O .
% = a_y[h(y)fy(y,t)] + %DQ%,

with the initial and boundary conditions

fY(y70) = 6(y - y0)7 | lim fY(ya ) 0.

y|—o0

When solving the FPK numerically, we need to ensure that fy > 0 everywhere, and that

/ Z Fr(y, )y =

As t — oo, the long-time solution converges to the statistical steady-state
Jim fy (y,1) = frs(y)-
To find fys(y), we set the time derivative to zero in the FPK,

DQa fYS( )

0,2 =0.

a% (h(y) fy,s(y)] +
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Making use of the fact that fy(y) must vanish as |y| — oo, we can integrate the above equation

8fY,s

ay =0.

hy) fr.s(y) + %D2

Thus, we get the long-time statistics by integrating one more time

o) = o |- [ ]

where C' is a normalizing constant such that

/Z frsdy=1 = C= /Z o [_Di /o h(z)dz] e

Example. Consider the nonlinear oscillator,

dQ_Y_i_Bﬂ
dt

T +h(Y) =2DW,

where h(Y") is a nonlinear restoring force. Since the FPK is formulated for 1st-order equations, we
set Y =Y, Y = Y5 and we rewrite the above 2nd-order equation as a set of coupled 1st-order
equations (similar to a nonlinear state-space description)

dYy

Y

dt 2

dy: .
d—tz = —BY, — h(Y7) + 2DW.

The FPK for the pdf fy,y,(y1,y2,t) is then expressed as

0 0 0
P iel) Dy s 0]+ (802 + b)) v (32, 0)

82fY1Y2 (yh Y2, t)

+2D?
Oy3

In the long-time limit, the solution converges to the statistical steady-state
lim fY1Y2 (yh Y2, t) = fY1Y2,S(y17 3/2)7
t—o00

which is described by the steady-state FPK equation

0

0
0= ——[v2fvive,s(Y1, ¥2)] + a—m[(ﬁyz + h(y1)) fyive.s(y1, y2)] + 2D?

0% fyiva.s (Y1, y2)
o '

Oy3

Integrating the above equation, we obtain the Maxwell Boltzmann distribution,
B (v . B
friva,s(y1,y2) = Cexp [—ﬁ 32 + ) h(z)dz | | = Cexp —@5@1792) )

where &£ represents the total energy of the system, that is, the sum of the kinetic energy and the
potential energy

Y
E(Y,V) = %YM /0 h(z)dz.
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Note that if the system is linear, that is, h(Y') = kY, then fy,y, s is Gaussian as expected. Consider
instead the case h(Y) = aY + kY3, which corresponds to the Duffing oscillator,

Ay dy .
4 B— 4+ aY + kY3 =2DW
72 + B 7 +aY + ,
with total energy given by
) 1. 1 1
Y.V)= Y%+ —aY?+ kYL
EY)Y) 5 + 204 + 1

In the long-time limit, the steady-state pdf is then

fviva,s(y1,92) = Cexp [—i (y_% + 1Ozy2 - 1Icy4>] .
2SI 2D2\ 2 27t T4
We now investigate the relationship between the steady-state pdf obtained above and the stability
properties of the system without taking the noise into account. Let us first focus on the case
a,k > 0. As done in the previous section, we first look for fixed points satisfying Y =Y, =0,
which implies
QY+ kY =0 and Yy =0 = Y =Yy=0.

To find the stability properties of the system in the neighborhood of the fixed point Y| = Y5 = 0,
we linearize the governing equations around Y7*, Y5", which leads to

il [0 1 il_,[n

Yo| | —a -8 Yo | Yo |
We have tr A = —3 < 0 and det A = « > 0, hence as we saw in the previous section, the fixed point
Y7, Yy is stable and attracts neighboring trajectories. Therefore, as illustrated in Figure 5.6, the

shape of the steady-state pdf of the system with noise present is a result of the interplay between
attraction to the fixed point and diffusion due to the noise.

\;: \/7_ é)y’,,(ﬂﬂ)

Biked poat  (atalde)

; AN

Y=Y, qu

Figure 5.6 — Steady-state pdf of a system with a single stable fixed point.

Let us now investigate the case a < 0, K > 0. The fixed points satisfy Y: = Y5 = 0, which
implies

QY +kY{ =0 and Yy =0 = Y =0or j:,/—%, Yy =0.
As before, the linearized governing equations around the fixed point Y* = Y5" = 0 are
i] [0 1 nl_ [
Y| [-a =B |[Ya] Y2 |’
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We have trA = —f < 0 and det A = o < 0, hence the fixed point Y;* = Y5" = 0 is an unstable
saddle. Now, the linearized governing equations around the fixed points Y* = +/—a/k, Y5y =0

are )

Nl_[o0 1 ][n]_,[n

Y| |20 =B Ya] Yo |
We have tr A = — < 0 and det A = —2a > 0, hence the fixed points Y} = £1/—a/k,Y; = 0 are
stable. Thus, as illustrated in Figure 5.7, the shape of the steady-state pdf of the system with noise

present is a result of the interplay between attraction to the stable fixed points at Y;* = +/—a/k,
attraction and repulsion away from the unstable saddle at Y;* = 0, and diffusion due to the noise.

: fyn (42

o
@}\7 /\“ il :\\\\\>>

, > vz Y —_— T

=/ -[SiE 0 |-
. J “ \

Figure 5.7 — Steady-state pdf of a system with two stable fixed points and an unstable saddle.

One can also look for the most probable state (Y7, Y2), which is found by setting

0fvive,s “ 0 and 0fvive,s
oy 0y
=  ay + kyi” =0 and y2 =0,

V ivive,s =0 =0

which coincides with the fixed points of the system. Evaluating the pdf at these local extrema then
allows us to find the global maximum, which in this case will be located at the two stable fixed

points Y{* = £4/—a/k, Y5 = 0.

Example. Consider the nonlinear oscillator,

d2Y dy

7 +5E+h(Y) =W,

where h(Y') is a nonlinear restoring force given by

—ky — 2kyo, vy < —yo,
h(Y) = { ky, —y0 < ¥ < Yo,
—ky + 2kyo, y > yo.

The restoring force h(Y') is illustrated in Figure 5.8, and models the restoring force for a ship
undergoing rolling motion due to waves.
First, we find the equilibrium points of the system by setting ¥ = ¥ = 0 and neglecting the
noise. This leads to
LMY*)=0 = Y "=0orY" = +2y,.
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—Yo

\ 4

Yo Y

Figure 5.8 — Restoring force for the rolling motion of a ship.

wralalde rtalle L T ' Botan R(Y) - kY rt)!.qu'.-'ﬁv'=(

\ “," .."_"-:'-d_--- _-__""'--\__ ‘ oL .,--;',_'_'f:"-' —l ‘/-‘
> Y

mardiseaa A {‘)’)

B>0 =

Figure 5.9 — Phase portrait for rolling motion of a ship.

Linearizing the system around each fixed point, we find that the fixed points Y* = 42y, are
unstable saddles. On the other hand, the fixed point Y* = 0 is stable if the damping # > 0, and
marginally stable if § = 0. The resulting phase portraits are illustrated in Figure 5.9 for the two
cases >0 and 8 = 0.

To find the pdf of the statistical steady-state, we note that

” —3ky? = 2kyoy — kyg, Yy < —o,
/ h(z)dz = { Lky?, —y0 <y < Yo,
0
sky? = 2kyoy — kv, v > vo.
hence we will obtain the steady-state pdf pictured in Figure 5.10. Note that the non-Gaussian

character of the pdf is directly caused by the nonlinear restoring force (softening nonlinearity),
inducing heavy tails to the pdf.

5.2.3 Extended phase space

Suppose that we are given a stochastic process Y (t,¢) with given spectrum Syy (w), and we would
like to determine the pdf of the system

dXx
— =h(X)+Y.
o = X))+
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Doy fy

~ funean

Figure 5.10 — Steady-state pdf for the rolling motion of a ship.

Since Y is not white noise, we cannot apply FPK directly. However, we can represent Y (¢,() as
the response of a linear oscillator excited by white noise,

2y  dY .
— — + kY =oW.
a Tt 7
Because of linearity of the oscillator, we can apply the Wiener-Khinchine relations
1 2
g .
(k — w?)2 + B2

Sy (w) = [H(w)[*Sypyir (w) =

Thus, we can pick o, k, 8 so that Syy(w) is as close as possible to the given spectrum Syy (w).
The coupled system which results is then simply excited by white noise,

dX

— =h(X)+Y,

o = X +Y,

dY

- —_Zz

dt ’

dz .
= = _BZ—kY .
7 B +oW

We can therefore formulate the FPK for the pdf fxyz(x,y, 2,t) as follows

! 0 0 o 1,02
fg{:z + 5,1 (@) + ) fxvz] + a—y[zfxyz] + 5 (=82 = ky)fxv 2] - 502 (J;)Z(QYZ o

5.3 Statistical linearization

We saw in the previous section that if the input spectrum is different from white noise, we need to
augment the dimension of the phase space by adding additional equations to model the input. For

instance, ) )
X=aX+W,

where W is white noise, which gives the spectrum

1

Sxx(W) =y
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For more complicated input spectrum, we would need to use higher-order equations, such as
X+K2X+K1X—|—K0:W,

hence the dimensionality of the resulting augmented system can grow quickly, which becomes
problematic when it comes to solving the FPK. Obviously, high dimensionality of the actual system
would also make the PFK problematic. On the other hand, if the original nonlinear system is close
enough to a linear system, could we find a linear system that mimics the behavior of the nonlinear
system? Statistical linearization, which we will see in this section, tries to provide an answer. Note
that this is a different tool from the usual linearization performed with Taylor expansions. Consider
the nonlinear oscillator,
Y + f(Y,Y) = X,

where f is a nonlinear function, and X is the excitation with given spectrum. We are trying to
find a linear system ) _
Y 4+ B.Y + kY =X,

that is close to the original one, with 8. and k. arbitrary coefficients to be found. To that effect,
we define the difference ' '
A=08Y +kY — f(Y)Y).

We then look for S, ke such that A is small. But since A is stochastic, the relevant quantity to
minimize is the variance E[A?]. Hence, we want to find 3., ke such that

E[A% = E[(BeY + koY — f(Y,Y)?]

is minimum. The associated extrema conditions are

OE[A?]
0fe

OE[A?]

ok, =0.

=0, and

Expanding
E[A%) = E[BY? + k2Y? + f(Y,Y)? +28ekeYY — 26 f(Y,Y)Y — 2k f(Y, V)],
the two extrema conditions are thus
BeE[Y?] + kE[YY] — E[Y f(Y,Y)] = 0,
ke E[Y?] + BE[YY] = BIY f(Y,Y)] = 0.
This is a system of 2 equations for 2 unknowns k. and .. We obtain

EYZEY f(Y,Y)] - EYY]EY f(V,Y)]
E[Y?)E[Y?] - B[YY]?
EZIE[Y f(V,Y)] - EYY]E[Y f(Y,Y)]
EY?]E[Y?] - E[YY]

Be =

)

ke =

The problem is that we don’t know the moments of ¥ and ¥'! We thus need to make the following
assumptions on the form of the solution to compute the above coefficients:

1. Y and Y are Gaussian,
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2. Y and Y are independent (remember that this was the case in the FPK examples), hence
ElYY]=0,

3. X is stationary and Gaussian.

Setting E[YY] = 0 gives

g, — BXIX.Y)
‘ E[Y?
. _ BV Y)]
¢ E[Y?]

Let us now consider a specific nonlinear term,

F(Y,Y) = 2hY 4+ W3Y + Y3,

Then, we get
6 — E2hY? + WYY +€Y3Y]  2hE[Y?]
- E2hYY +wiY? + €YY WZE[Y?] +eB[YY] 2 GE[Y“]
° E[Y?] B E[Y?] -0 EYY

Note that it is expected that 8. = 2h, since f is linear in Y with coefficient 2h. We now make use
of the assumption that Y is Gaussian. For a Gaussian random variable, we indeed know that

E[Y"] =3E[Y?],

which is a specific case of a more general property of Gaussian random variables,

B[y = 0, p odd,
- ol (p—1)!1, peven,

where n!! = n(n —2)(n —4)...2. Thus, we finally have
ke = wg 4+ 3¢E[Y?], B.=2h,

where, even if unknown, E[Y?] = 0% is a constant as ¢t — oo. To find 0%, we note that the above
parameters give the following linear system, which is closest to the original nonlinear one

Y +B.Y + kY = X,

with transfer function

1
ke — w2+ iwfe

1
(ke — w?)2 + w?B2°

H(w) = [Hw) =

By the Wiener-Khinchine relations,

IS (w) _ Sxx(w) _ Sxx(w)
Yy (ke —w?)? +w?B2 (w3 + 3eo? — w?)? + 4h?w?’
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hence the variance 032, is equal to

0 Sxx(w)
Coo (WB 4 3e0 — w?)2 4 4h2w?

1 [ 1
= %/ Syy (w)dw = 7

This is a nonlinear equation for 012/ that can be solved numerically to obtain a%,! The coefficients
k. and S, of the linear system are thus entirely specified. In the special case where Sxx(w) = ¢o =
const, that is X is white noise, we obtain

0_2 . 7TCO
Yo 2h(w + 3ec?)

Vwg + 6mcoe/h — wd

= 0% = o

5.4 Moments equations

5.4.1 Ito’s formula

Let a stochastic process X (t, () governed by
aXx
dt

where X(t) € R, and W (t) is white noise. The differential of a function of X (t), f(t, X(t)), is

provided by Ito’s formula

= a(t) + b(t)W (1),

of of af 1,,0%f
df(t, X(t) = | 5pdt + 5 adt + 2= bdW +§b2wdt,

where the last diffusion term is a correction due to white noise. To generalize Ito’s formula to

higher dimensions, consider the finite-dimensional system
dX .
- = AW +BOHW(Q),

where X € R™, A € R™, B € R™*™ and W € R™ is white noise. For a function f(¢, X(t)) = Y (t),
Ito’s formula becomes

dY Of <~ Of U T AL I em N 9%f
— = | = —A4; —Bij—2| + = Bix B
dt 8t+;8$i +;;6:ﬂi 7t +2;;;axiaxj th =gk

Example. Consider the system

dX, . dXs .
W—al—f—blw, W—ag—{—bgw.
The differential of the function f(t,X) = f(X1, X2) = X1 X> is
d(X1X5) .

T [X1a1 + Xoay + bibo] + [X1bo + Xobi|[W.

Example. Setting a(t) = 0 and b(t) = 0, we trivially get that X (¢t) = W(t), where W(t) is a
Wiener process. Then, the differential of a function f(X) = f(W) of the Wiener process follows as

W) 1EFW)  DF(W)

= dWw.
dt 2 Ox2 Ox W
Letting f(W)=W", n=2,3,..., we have
d(wm)

1

n—1 n—2
= — -1 .
; nW" dW + 2n(n YW
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5.4.2 Moments equations and closure schemes

Let the system

ay :
— = AY) +B(Y)W,

where Y and A are vectors, B is a matrix, and W is a white noise vector. We define
WY) =Y (Y3 (1) Y (1),
where k1, ko, ..., ky, are positive integers. The family of moments are then given by
My ke (1) = BIYFYS2 Y] = B[R(Y)].
Let us now focus on the following 1D system,

dY .

In this case, h(Y) = Y* and my, = E[Y*]. Applying Ito’s formula then taking the expectation,

d 1
% = —kmyg — kpmgyo + §k(k —Dmyg_o, k=1,2,...
For k = 1, this becomes
@ =—mq — um
a 1 — Hms3,
while for £ = 2, we have
de

7 = —2m2 - 2/Jﬂ’)’L4 + 1.
This illustrate the closure problem: moments equations always involve higher-order moments, and
hence the system can never be closed exactly. To circumvent this issue, suitable approximations

can be made, resulting in different closure schemes:

1. The easiest option is to set higher-order moments to zero. The results are rather inaccurate,
and often lead to negative 2nd order moments. In the above example, this is equivalent with
linearizing the original system (but not true in general).

2. Gaussian closure is a more accurate option. Assuming a Gaussian pdf for the response, one
can express higher-order moments in terms of lower-order moments.

3. A third closure scheme is the cumulant neglect hypothesis. Given a pdf g, we denote the
Fourier transform

$(A) = Flg]
Then, the cumulants are defined as
1 dm
m = ———1

The cumulants are connected with the moments in the following way
my = ki,
my = ko + k2,
mg = ks + 3kiky + k7,

and they measure the distance from a Gaussian distribution. Indeed, for a Gaussian distri-
bution we would have k3 = k4 = --- = 0. We may now close the moments equations by
neglecting the cumulants.
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Chapter 6

Bayesian Regression

Suppose we have a training set D of n observations

D = {(xi, i) }iz1s

where x is the input vector and y is a (scalar) output. Our goal is to infer an input—output
relationship in the form y = f(x) from our dataset D. In other words, we seek the conditional
distribution of the outputs given the inputs.

6.1 The standard linear model

In the standard linear model, we assume a linear relationship between inputs and outputs:

fx)=x"w, y=f(x)+e,

where w is the vector of parameters and ¢ is a noise term that reflects the fact that our observations
may differ from the function values. We assume that the noise is Gaussian, that is,

e~ N(0,02).

We first define the likelihood function as the probability density of the observations given
the parameters, which we write as

n

S|
X, w) = i|Xi, W) =
p(ylX, w) i];[lp(y! ) 1;[1 Taro

In deriving the above, we have made use of the independence assumption between input—output
pairs. We may also have some beliefs about the parameters before we look at the observations.
This is specified in a prior over w. For simplicity, we assume a zero-mean Gaussian prior with
covariance matrix X,:

C o Tw)2
exp [—%] = N(XTw,o2I).

w ~ N(0,%,).

The posterior is the probability density of the parameters given the observations we have made
and the prior. Using Bayes rule, we have

p(y|X,w)p(w)  likelihood x prior
p(y|X)  marginal likelihood’

p(w|X,y) =
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where the marginal likelihood is given by

ply|X) = / p(y| X, w)p(w) dw.

We arrive at

1 ToAT T I 1v1 A ' Xy
p(w|X,y) o exp _E(Y_X w)' (y — X'w)|exp 5w Y,wl =N T%’A ,
where A = 02X X T + X, 1. Note the interplay between data and prior knowledge in the variance
A. Also note that for Gaussian input, the output is generally non-Gaussian.

To make prediction for x, not in the original dataset, we compute the predictive distribution
for ¥, at x,:

T 4-1
x, A7' X _
Yu|xs, X, ¥y ~ N <*—y,XIA lx*> )

2
On

The predictive distribution is Gaussian, with a mean depending linearly on x, and a variance
depending quadratically on x,. This means that predictive uncertainties grow with the magnitude
of the input.

Figure 6.1 shows an example of Bayesian linear regression for a simple two dimensional problem.
Note that while input x is one dimensional we include an offset term in the regression by augmenting
each measurement with a constant so that x = (x,1). With few observations, the variance of the
likelihood function is large, allowing the prior to have a dominant effect. As more samples are
collected the likelihood becomes sharper and the prior plays a less significant role.

6.2 Nonlinear regression (projection of inputs into feature space)

Instead of using a linear model for our input—output relationship, we may decide to projet the
inputs into some high-dimensional space and then apply the linear model in this “lifted” space. To
this end, we introduce the function ¢ which maps the input vector x into an N-dimensional feature
space. Our model becomes

fx)=0x)w, y=f(x)+e.

We may proceed as before, except that everywhere ¢(x) is substituted for x. The predictive
distribution becomes

P(x.)TA oy

2
On

b Xy ~= N BT 60x)).
where ® = ®(X) is the aggregation of columns ¢(x) and A = 0, 20®T + 3.

Nonlinear models have more expressiveness than linear models, but they become expensive to
compute as the dimension of the feature space increases. They also have a tendency to overfit the
data. That is, to identify patterns in the data which do not truly exist but are the consequence
of having a finite sample size. An example of nonlinear regression with a quintic feature map is
shown in the top row of Fig. 6.2. Since w is a six-dimensional vector we only show the prior and
posterior distributions for y.
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Prior p(w) ~ A(0,3/) Prior p(y|X)
Y 14
Il
(%
&
[ -1
-3 !
1 -1 0 1
Intercept=w;
Likelihood p(y|X, w) Posterior p(w|D) 3 Posterior p(y|D, X)
w0
s
= 11 :
[1+] -
c 0
S
Q -1 -
(]
o~
-1 -3 T
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1 Posterior p(w|D) Posterior p(y|D, X)
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c
.2 .
® 11 TS A
5 0 s
2
(] -1 -
o
~
-1 -3 :
—1 0 1 -1 0 1 —1 0 1

Posterior p(w|D)

1
0 -
-1 -1

-1 0 1 -1 0 1 -1 0 1

50 observations
o

Figure 6.1 — Top row: Prior distributions for w and y.|x, for a two dimensional linear problem.

Lower three rows: Likelihood p(D|w), w-posterior p(w|D), and y-posterior p(y.|D, x,) for datasets

of size 2, 10, and 50. Black crosses at w = (0.5,0.25) indicates model used to generate data with
2

o°=1/4.
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Figure 6.2 — Top row: Prior and posterior distributions for y, for datasets of size 1, 5, and 50 using
features ¢(z) = (1,z,22%, 23,24, 2°).
relevance determination. |vy|o indicates the number of non-zero elements of « and therefore the

number of features used in the model.

Bottom row: posterior distribution for y, using automatic

6.3 Selecting a prior

In order to apply the Bayesian regression framework we have assumed that we are given a prior in
the form of w ~ N(0,X,). There are two natural questions to ask;

e Why did we assume w ~ N (0,%,)?

e Where does X, come from?

The answer to the first question is simple, if not entirely satisfying. We first define a conjugate prior.
We say that p(w) is a conjugate prior for likelihood p(D|w) if the posterior distribution p(w|D)
is in the same family of distributions as p(w), e.g. they are both Gaussian. Using a conjugate
prior simplifies the problem algebraically and allows us to see the difference between prior and
posterior clearly by looking at how parameters change. Gaussian distributions are self conjugate,
so we selected w ~ N (0, 3,) because our likelihood is a Gaussian. As a consequence, we are able
to derive the posterior distribution analytically and to easily see how the likelihood acts to update
the prior.

Of course, what makes sense algebraically may be arbitrary in the context of the problem we
are considering and we are not required to pick a conjugate prior. In some cases domain knowledge
might lead us to other choices or we may have a sufficiently complex likelihood function that we
are unable to find a conjugate prior. Computation of the posterior distribution in these cases will
be much more challenging.

We now consider the second question; once we have established that it is reasonable to use a
Gaussian prior for w, how do we choose an appropriate covariance, 3,7 The Bayesian approach is
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to let ¥, itself be a random variable with its own prior distribution. That is,
Ep ~ p(Sp(n)

where 7 is a parameter characterizing the prior distribution of ¥,. This gives the joint posterior
distribution over w and X,

p(W, 5| D) = p(D|w)p(w|3p)p(Ep ).

At this point it may seem like we have not made any progress. We no longer need to pick X, but
we do need to pick an appropriate prior p(X,|n) and hyperparameter n. Furthermore, our posterior
is now higher dimensional and more complicated than before. We solve both of the problems
with a method called empirical Bayes, also known as type-II maximum likelihood or evidence
maximization. Using empirical Bayes we set,

p(Xp) =0 (Ep - argimaxp <D|flp)> =9 <Ep - argima:r /p (Djw) p (w\f]p> dw>

where ¢ is the Dirac delta distribution so that X, = argmazp <D[ip> with probability one. For
p

the nonlinear Bayesian regression problem we considered in the previous section the evidence is
given by,

P (Dli‘p) = /p(D\W)p (W|5p> dw
1 1 Tl )
=————Fep|—y X, Y/,
(2m)™/2| 8, |2 ( 27
¥, =021 + 03,07

Maximizing the evidence is equivalent to minimizing the negative log of the evidence, which is often
an easier computational problem. We therefor find >, through solving,

where,

¥p = argminlog |5, + yTﬁgly.
EP
For p(w|¥,) to be a probability density function we need ¥, to be symmetric positive defi-
nite, though we may also consider symmetric positive semidefinite ¥, under the restriction that
w L ker(X,). Optimization on the space of symmetric positive (semi)definite matrices is highly
nontrivial, so we often assume a simple Anstaz for ¥,. The most common are 3, = A~1I with
A > 0, called Bayesian ridge regression, and X, = diag(y) with 7; > 0, called automatic
relevance determination (ARD).

Automatic relevance determination is also often called sparse Bayesian learning (SBL) due to
the tendency of the empirical Bayes estimate of v to be sparse. In this case the support of p(w)
lies on a low dimensional hyperplane and any sample from p(w) or p(w|D) will be sparse. The
second row of Fig. 6.2 shows the result of applying SBL to a simple regression problem. Compared
to Bayesian regression with ¥, = A~1I, SBL learns models with fewer nonzero terms.

6.4 MAP Estimation

In classical statistics we assume there exists some true value of w and are concerned with estimating
its value. A common technique that borrows from Bayesian methods is to assume a prior p(w) and

109



estimate w as the mode of the posterior distribution,

Wirap = argmazx p(w|D) = arg maz p(D|w)p(w)
w W

This is called maximum a-posteriori estimation, often abbreviated as MAP-estimation. For the
nonlinear regression problem with ¥, = A~1T the MAP-estimate Wjs4p is given in closed form by,

. -1
Wirap = (207 + 02AI)  Dy.
Taking the singular value decomposition ® = USV7T with S = diag(s) and noting that y = ®Tw+e¢

with € = (€1, €,...,€,) We can rewrite Wysap as,

Warap = (P07 + 02A1) " 20 w + (907 4 02AI) " De

= (U(S2+ 22D UT) ' USUTw + (U(S2 + Ao2D)UT) TSV e
2

. . S T . S T
—wag <W>U W+Udlag (m)‘/ €

‘ pYers T s T
:w—Udmg T U W—I—Udzag m V €.
bias variance

We see that wpsap is a biased estimator of the true w in that E.[Wyrap] # w, but that as A
becomes large the variance term decays. Setting A > 0 will result in more accurate predictions in
many practical scenarios. Furthermore, using MAP estimation allows one to estimate w even with
fewer observations than features.

6.5 Gaussian Process Regression (GPR)

We begin out discussion of Gaussian processes by rewriting the posterior distribution y.|x., X,y
for the nonlinear regression problem in terms of a symmetric function called a kernel. Recall that
for nonlinear regression the posterior is given by,

p(x.)T A" oy

2
On

yolxe X,y ~N< ,¢<x*>TA—1¢<x*>) ,

with,
A=0,200T + 31

Define k(x,x’) = ¢(x)E,¢(x). Inserting (k(X, X) + 021) (k(X,X) + U,%I)_l = [ into the expres-
sion for the posterior mean gives,

0—12¢(x*)TA—1<1>y = L p(x)TATD (K(X, X) + 021) (K(X, X) +021) 'y

¢
P(x.)TAT (8D75,® + 020) (K(X, X) +021) 'y
d)

o2
’I'L
1

o2
n

(x)TA™ (@07 + 0251) 2,0 (k(X, X) +021) 'y

2
B(x.) TS, (k(X, X) +021) 'y
k(.

LX) (k(X,X) +021) "y
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Applying the Woodbury identity to A~! gives,

o(x.)" (02007 + 2;1)_1 B(x.) = 6(x) pb(x.) — B(x,)T5,® (021 + DTS, D) BT, 6(x.)
= k(x4, %) — k(x, X) (k(X, X) + U%I)_l k(X,x4)
It follows that the posterior distribution for ¥, is equivalently written as,
Y%, X,y ~ N (k(x*, X) (k(X, X) + 021) "y, k(%0 %) — k(x0, X) (K(X, X) + 021) " k(X, x*)) ,

The kernel function here is an inner product with weights given by the prior covariance matrix ¥,
but we can define a kernel more generally. Let X be a closed subset of R™. A kernel is a function
k:X x X — R such that k(x,x") = k(x/,x) and for any collection {x1,...x,} the matrix defined
with K;; = k(x;,%;) is positive semi-definite. We can construct a wide variety of functions that
meet the definition for a kernel. It turns out that just about any kernel is equivalent to an inner
product in a Hilbert space. We present a slightly simplified version of Mercer’s theorem.

Theorem. (Mercer) If k is a kernel with [[ |k(x,x")|?>u(x)u(x’) dxdx’ < oo for some p > 0
then,

o0
k(x,x') = ) X (x)9;(x)
j=0
where \j, ¢; are eigenvalue, eigenvector pairs of the operator Ty, defined by,

Tt () = [ ko) () ()

In other words kernels are, under mild assumptions, equivalent to inner products with infinitely
many features. This fact, together with the expression for the posterior distribution of ¥, in terms
of a kernel function motivates Gaussian processes. Rather than specifying the functional form of
the input—output relationship, we may say that f(x) is a Gaussian process with mean m(x) and
covariance given by kernel function k(x, x’) if,

E[f(x)] = m(x),
cov(f(x), f(x') = E[(f(x) — m(x))(f(x') = m(x))] = k(x,x).

For the simple Bayesian linear regression model discussed in §6.1, we have

In Gaussian Process Regression, we only specify the covariance between data points. In some cases
the function m(x) is also specified, generally as a constant, but here we assume m(x) = 0. As an

example, we may choose
x — x'|2
k(x,x") = exp (—g> )

2

For this particular covariance function, the covariance is almost unity between variables whose
corresponding inputs are very close, and decreases as their distance in the input space increases.
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Figure 6.3 — (a) Three random functions drawn from a GP prior, and (b) three random functions
drawn from the posterior. The shaded area corresponds to two standard deviations away from the
pointwise mean. (Reproduced from Rasmussen & Williams, 2006).

For noise-free observations (02 =

test output y. according to the prior is

WS Qe et}

), the joint distribution of the training outputs y and the

Ys k(xe, X)) k(xx,X4)

Here, we consider only one test point, so k(X,x,) denotes the n x 1 matrix of the covariances
between the test point and all of the training points, and similarly for the other entries k(X, X),
k(X4, x4) and k(x4 X). To get the posterior distribution, we compute the conditional,

y*lx*vXay ~ N(k(x*vX)k(XaX)_1Ya k:(X’HX*) - k‘(X*,X)kJ(X,X)_lk(X, X*))7

which can be thought of as a superposition of Gaussian kernels. Note that the variance is zero for
the training data. For noisy observations we have,

PR Gl et sy s

S0,

Y %, X,y ~ N (k(x, X) (R(X, X) 4 021) "y, k(%0 x0) — k(% X) (B(X, X) 4+ 021) 7 k(X, %))

This is precisely the form we had for the posterior in the case of nonlinear regression except that
now we have generalized our kernel to include infinite dimensional feature spaces. For illustration
of these computations, see figure 6.3.

Common choices of covariance functions include the square exponential kernel given by,

Y2
]{;(X’ X,) = 0’? exp <_M) R

2
20l

and the Matern class of kernels given by,

bl = oo (m“x—}d”ym (M)

A 0) o o
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Figure 6.4 — Illustration of the effect of hyperparameters on data generated from a GP. (Repro-
duced from Rasmussen & Williams, 2006).

where K, is a modified Bessel function. v is generally selected to be a half-integer value 3/2,5/2, ...
so that the kernel simplifies to,

k3ja(x,x') = (1 + \/gr) exp (—\/57“)
k5o (x,x') = (1 +VBr + gﬁ) exp (—\/37”>

where r = ||x —x'||/o;. Samples from the square exponential kernel are infinitely differentiable and
those from Matern kernel with v = (2n 4 1)/2 are n-times differentiable.

In general, the covariance function may have free parameters, the so-called hyperparameters.
In each of the above examples the parameter o; governs the “spread” of the kernel. For small
values of oy, the covariance decays rapidly with the distance between input points; this may lead to
overfitting (figure 6.4a). On the other hand, large values of 0; lead to slow decay of the covariance as
the distance between input points grows, which smoothes out asperities (figure 6.4b). The challenge
is to find a trade-off between the hyperparameters to achieve reasonable predictions (figure 6.4c).
The parameter oy is the marginal variance of the prior at a single point.

In a practical setting, we learn the coefficients in a similar manner to Empirical Bayes. From the
initial assumptions we used to define a Gaussian process, the likelihood p(D|oy,0¢) = p(y| X, 01,0¢)
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Figure 6.5 — Posterior distribution for GP regression using 3 different kernels and 4 sample sizes.
The Matern 1/2 covariance function is not generally used in practice but we include it here to
highlight that small values of v result in less smooth functions.

is given by,
p(y|X,o1,07) = N (y[k(X, X) +071).

To find optimal hyper-parameters we minimize the negative log-likelihood. We therefore set,

01,0 = argmin log [k(X, X) +072LI} +y' (k(X, X) +0,2LI)*1 y.

01,0

This is a non-convex optimization problem and in general is not solvable. Gradient decent and
quasi-Newton optimization algorithms often yield good results nonetheless. It is common practice
to search for the optimal hyperparameters using a quasi-Newton method and from several initial
conditions and select the result with lowest function value. Examples of the posterior predictive
distribution using several kernels are shown in Fig. 6.5.
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