MA 2C, Third Term, 1995

Oliver Knill



ORGANISATION



Course information:

Ma 2c: Spring 95

Instructor: Oliver Knill, 172 Sloan, X 4325 ,
e-mail: knill@cco.caltech.edu

Lectures: MWF at 10:00 AM, in 22 Gates

Text: T. Apostol, Calculus II, (2nd edition) Some notes from the
instructor.

Topics: We finish at the beginning with the vector analysis (see
chapter 12 of Apostol), and continue with the theory of probability
(chapter 13,14) of Apostol. Especially in the probability part, we
will also treat some topics not treated in Apostol’s book.

Recitation: Every Thursday, as scheduled for each section.

Homework: The solutions need to be turned in every Monday on
the teaching assistant. Some problems will be from the book of Apos-
tol, some problems will be given by the instructor. The problems will
be available at least one week in advance. Only the problems with a
(*) need to be done, though it is advisable to do (or at least try) all
of them. The problems with a double (**), should be done without
consulting others.

Examinations: There will be one Mid-term examination and a fi-
nal exam, both on a timed, three hours, take-home bases.

Grading policy: The midterm will count toward 30% of the grade,
homework 30% and the final exam 40%.
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MA 2c: o
CALCULUS/PROBABILITY

Oliver Knill, Room 172, Tel.: 4325, e-mail: knill@cco.caltech.edu

Course given in the third term 1995 Caltech: content according to the weeks:

CHAPTER 0: (CALCULUS END OF MA 2b)
1. Week : 1. Surface integrals, 2. Theorem of Stokes, 3. Theorem of Gauss.

CHAPTER 1: (FINITE PROBABILITY SPACES)

2. Week : 1. Boolean algebras, 2. Probability spaces, 3. Three constructions.

3. Week : 4. Independent events, 5. Random variables, 6. Expectation.

4. Week : T. Variance, Covariance, Correlation. 8. Independent random variables. 9.
Random walk and Game systems.

CHAPTER 2: (GENERAL PROBABILITY SPACES)

5. Week : 1. Cardinality of sets. 2. General probability spaces.

6. Week : 3. Discrete Random variables, Expectation and variance of discrete random
variables. 4. The Borel Cantelli lemma.

7. Week : 5. Integration and expectation, 6. Distribution of random variables. 7.
Examples of continuous distributions 8. Expectation and variance of continuous dis-
tributions.

8. Week : 9. Multidimensional distributions. 10. Transformations of distributions. 11.
Characteristic functions. 12 Distributions of sums of independent random variables.

CHAPTER 3: (LIMIT THEOREMS)
9. Week : 1. Chebychev inequality, 2. Weak law of large numbers.
10. Week : 3. Strong law of large numbers. 4. Central limit theorem.



THEORY



Ma2c, O. Knill,

1. Week, (Summary of the theory)

NOTATION:

r = (z,y, z) point in R3

C =o(I) curve, a:t € I = [e,b] = oft) € R®
S.= r(B) surface, (u,v) € B — r(u,v) € R®

U region in R3.

6C, 68, 6U boundaries of curve, surface, region

F = (P,Q, R) vector field , f scalar field

gradF = VF = (3£

curlF =VAF =

DIFFERENTIAL OPERATORS:
0.1 = 383- f = f. (Partial derivative)

V = (8.,0,,9,) (Nabla)

April 1995

IDENTITIES:

8F)

8z By’ Bz

divcurlF =V - (VAF) =

Q:Q>Q> Ql"i

;

0

p | R, -Q, curlgradf = VAVf =0.
Q@ |l=| P.-R. |.
)(3)-(5%)

divF =V .F =(0,,0,,0,) - (P,Q,R)=P. +Q, +R..

S = r(B) surface.

Ty, Ty tangent vectors

GEOMETRY OF SURFACE: DEFINITIONS:

line integral
JoF-de = [ F(a(t)) - o/(t) dt

surface integral

N =r, A7, normal vector [fs F-dS = [fg F(r(u,v))- N(r(u,v)) dudv

n = N/||N|| unit normal vector. volume integral

Jily £ 4V = [Jfy f(2,y,2) dzdydz

FUNDAMENTAL THEOREM OF CALCULUS:
Jcgradf -ds = f(a(a)) - f(a(b)) = Jsc f

THEOREM OF STOKES:
ffscurlF . dS = f&sF -ds

THEOREM OF GAUSS:

[ffy divF dV = ff;, F dS




Ma2c, O. Knill, April 1995
3. Week, (Summary of the theory)

DEFINITION:

(2, A, P) finite probability space. PROPERTIES:

A, B € A are independent if and only if A, B € A areindependent, if and only if either
P[B] = 0 or P{A|B] = P[4].

P[AN B] = P|4] - P[B].

(Q,4,P) = (A,B,Q)" (product space).

A finite set {A;}ies of events is called inde-
pendent if and only if forall J C I

P[] Al =[] Pl4i.

i€eJ i€J

Given B; € B then

A= {w=(w1,...,wn) | w; € B}

are all independent.

DEFINITION: A random variable on a finite probability space (2, A, P) is a map X :
Q — R such that for all a € R, we have {X =a} € A.

DEFINITION: The expectation of a random variable X is de- || By the definition of a ran-

fined as dom variable, X must be
constant on each atom A

EX]= ) a-PX=dl= )  X(4)-Pl4], and X(A) is defined as the
aEX(R) A€eA, A atom common value, X takes

where an atom is a set in A4 so that BC A A B€ A= B =
Aor B=0. If A={A C 1}, then the atoms are all of the form

{w} and
Y X(w)Pl{w}] -

wEeN

E[X] =

on A. The two expres-
sions for E[X] in the box
to the left are seen to be
the same using ¢ = X(4)
and P[X =d] =
EA atom X(A)=a P[A]‘

PROPERTIES OF EXPECTATION: For random variables X,Y and A € R

E[X + Y] = E[X] + E[Y] E[\X] = AE[X]
X <Y = E[X] < E[Y] EX?|=0&X=0
E[X] = cif X(w) = cis constant E[X -E[X]|=0

PROOF OF THE ABOVE PROPERTIES:

E[X + Y] = ZA utom(X + Y)(A) * P[A]
E[AX] = EA atom(’\x)(A)P[A] = AEA atom X(A)P[A] =
X <Y = X(A) < Y(A), for all atoms A and E{X] < E[Y]
E[X?] =0« X?(A) =0forall atoms A & X =0

X(w) =cis constant > E[X] =c-P[ X =¢]=c:-1=c
E[X - E[X]] = E[X] - E[E[X]] = E[X] - E[X] =

= ZA M.om(X(A) + Y(A)) : P[A] =
AE[X]

E[X] + E[Y]
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April 1995

4. Week, (Summary of the theory)

Variance
Var[X]
Standard deviation
ofX) =
Covariance
Cov[X,Y] =

Correlation of Var[X] # 0, Var[Y] # 0

Corr[X,Y] = 0: uncorrelated X and Y.

DEFINITION: (€2, A, P) probability space, X,Y random variables.

= B[ (X - E[X]?].
v/ Var[X] .
E[(X - E[X])- (Y - E[Y])] .

Cov|X, Y]

Corr[X, Y] = W .

PROPERTIES of VAR, COV, and CORR:

Var[X] > 0.
Var[X] = E[X?] - E[X]2.
Var[AX] = A*Var[X].

Cov|X,Y] = E[XY] - E[X]E[Y].
Cov[X,Y] < o[X]o[Y] (Schwarz inequality).

-1 < Corr{X,Y] < 1.
Cort|X,Y] = 1if X — E[X]
Corr[X,Y] =

=Y - E[Y]
~1if X - E[X] = (Y - E[Y]).

BERNOULLI DISTRIBUTED RANDOM
VARIABLES: (2 = {0,1}",4,P = Q"),
where Q[{1}] =p,Q[{0}] =¢=1-p.

X(w) =Zw.-

i=1

Pw=u=(2)
"E[X] = Zk(:) k

Var[X] = Z k? ( X )p"q""‘—E[XV = npq
k=1

pkqn-—k
n

k_pn

DEFINITION: X,Y are independent if for
all a,b €R
PX =a;Y =b]=P[X =a]-P[Y =}].

A finite collection {X;}:er of random variables
are independent, if for all J C I and a; €R

[IPIXi=ai.

i€eJ

P{X; =a;,i € J =

PROPERTIES:

o If X and Y are independent, then E[X-Y] =
E[X]- E[Y].

¢ If X; is a set of independent random vari-
ables, then E[[T7, Xi] = [T\, E[Xi].

o If X,Y areindependent then Cov[X,Y] =0
¢ A constant random variable is independent
to any other random variable.

DEFINITION: The regression line of two
random variables X,Y is defined as y = az+b,
where

_ Cov[X,Y]

T b = EIY1 - oEIX].

PROPERTY: Given X, Cov[X,Y],E[Y], and
the regression line y = az+b of X,Y. The ran-
dom variable Y = aX+b minimizes Var[Y Y]
under the constraint E[Y] = E[Y] and is the
best guess for Y, when knowing only E[Y] and
Cov[X,Y]. We check Cov[X,Y] = Cov[X,Y].
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5. Week, (Summary of the theory)

DEFINITION: Important example: One di- || PROPERTIES Random walk:
mensional random walk
@={-1,1}"={(w= (w1 <...,wn) |wi €[| ) T {1,...,N}, zi € {-1,1}
{~1,1}}, 4 = {A C O}, P[4] = |A}/|€). ‘
The random variables Xi(w) = w; define PXi=z;,ieI|=2"W,
the k’th step. The random variables S, =
Y k=1 Xi(w) describe the location of the ran- b) E[Xi] =0,
dom walker (drunken sailor) at time n. If X || ¢) E[Sk] =0.
is the win or loss in a game at time k, then S, = 2] = 9-n n

is the total win or loss up to time n. () is the d) n+z even, P[X, =z] =2 ( 5:2& )
set of all possible trajectories up to time N. n +z odd, P[X, = 2] = 0.

DEFINITION: A gambling system attached
to the random walk is sequence of random
variables Vi such that every event {V, =
¢} is a union of sets of the form {w; =

Z1yeee Wl = Tn-1)e PROPERTY of gambling systems:
Let Vi be a gambling system, then You can’t beatg the sygsth: E[SX] =0.

Sy = i Vi X
i=1

is the total winnings with this system.

DEFINITION: Cardinality.

f:A— Bis1:1orinjective: z # y = f(z) # f(y)Vz,y € A.

f : A — B is onto or surjective): f(A)= B.

f is bijectiv & f is 1:1 and onto.

A, B are called equivalent, if there exists a bijection f : A — B.
A equivalent to N: countable infinite.

A equivalent to finite set: finite.

A neither finite nor countable infinite: uncountable.

DEFINITION:
. NeA,
A o-algebra on (2 is a set A€ A= A€ A,

i.,: of subsets of {2 satisfy- {A1,4s,...} C A countable =3
4 U:l A; € A

P[A] > 0, (nonnegativity)
P: A - Ris a probabil- | P[] = 1, (normalisation)
ity measure if {A1, A3,...} countable set of disjoint sets =
PlU2, Al = X2, PlAi] (o-additivity)

A probability space (2, A, P) sonsists of a set {2, a o-algebra A on Q and a probability
measure P on A.

If Q is finite, the probability space is called a finite probability space. If  is countable, it
is called discrete.
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6. Week, (Summary of the theory)

DEFINITION: A function d : 2 x ! — R is
called a metric if

- Let {A;}ier be a collection of o-algebras in ).
(il) d(z,2) < d(z,) +d(y,2) Then (;¢; Ai is a o-algebra.
It follows that if S is a set of subsets of {2, then
there exists a smallest o-algebra, which con-
The pair (2,d) where  is a set and d is a|| tains S.
metric is called a metric space. Examples.
(R",d(z ~ ) = |l= - yll, ({0,1}N,d(z,y) =
Yool —wil2™).

DEFINITION: Let (2, d) be a metric space and let S be the set of
open balls B.(z) = {y € Q| d(z,y) < r}. The smallest o-algebra
which contains S is called the Borel o— algebra on Q.

(iii) d(z,y) =0z =y

DEFINITION: Given a sequence of independent events in a probability space. Define
Aw = limsup,_,, An = sy Uny>m An. We have Ay = {w | w is in infinitely many A;}.

BOREL CANTELLI LEMMA: (Monkey typing Shakespeare)

a) If 3~ P[An] < 0o, then P[A] = 0.
b) If 3, P[As] = o0, then P[As] = 1.

DEFINITION: A random variable X on a probability space (2, A, P) is called discrete, if
(X) is countable or finite. In this case, the expectation of X is defined as

E[X] = Z a-P[X = d]
a€EX(R)

if the sum converges. We denote with L' the set of random variables, for which E[| X]] < co.

Variance, Covariance etc. are defined as in the finite case (keep always an eye on conver-
gence). Note that if f(X) € £, then

Ef(X)]= Y f(e)-P[X=ad].

a€X(R)

For example if X2 € £, then

Var[X] = E[(X - E[X])*] = )_ (a-m)’P|X =a], m =E[X].

a€X(RN)
EXAMPLES:
PX =k] = ’)c—:e"\ Poisson E[X]=2A Electrons from cathode
P[X =k]=(1-p)*'p Geometric E[X]=1/p Waiting time for success
PX =k]=((s)"k~* Zeta E[X]=¢(s+1)/{(s) ¢((8)=X,n"®
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7. Week, (Summary of the theory)

DEFINITION: Integration, Expectation: Denote with S the set of random variables taking finitely
many values: Define for X € S

EX]:= ) a-P[X=d.
aEX(N)

Let £! be the set of random variables X for which supyeS y< x| EIY] < co. For X € L! and
X > 0, the integral or expectation is defined as -

E[X]:= sup E[Y].
YeS,y<x

In general, we decompose X into X = X+ — X~ with X* > 0 and put E[X] = E[X*] - E[X"].
We write also [, X dP for E[X] since expectation is integration. Variance, Covariance etc. are
defined as in the finite case: Var[X] = E{(X - E[X])?], Cov[X,Y] = E{(X - E[X])(Y - E[Y))].

DEFINITION: The Distribution function of a random variable X is F(t) = P[X < t]. Absolutely
continuous random variable: the probability density function F' = f exists. Discrete ran-
dom variable: F is piecewise constant with countably many jump discontinuities. The expectation,
variance and E[g(X)] for g(X) € £! is in the continuous case

m=E[X]=/

o0

af(@)do, VarlX] = [ (e m)*f(a) d , Blo(X) = [

00

9(2)f(z) dz
o0
For discrete random variables this is (repetition)

m=EX]= Y aP[X=ad], Var[X]= ) (a-m)’P[X =al,E[g(X)]= Y  g(a)P[X =d]
a€eX(R) a€X(R) a€EX(R)

Sometimes, one does not know the distribution of the random variable, then E[{X], Var[X] and E[g(X)]
have to be computed by integrating (rsp. summing) over Q.

EXAMPLES OF DISCRETE DISTRIBUTIONS:

|| Distribution | Plz = k] = | Parameters | Domain | Mean | Variance ]|

R ——————————oa— — m‘——_—g—

" Binomial ( ;: )p"(l -p)"*|neN,pel0,1} | {0,...,n} | np np(1 — p)
Poisson 2};':-e"‘ A>0 {0,1,...} | A A
Geometric | (1—p)*~'p p €(0,1) {1,2,...} 11/p 1/p*

EXAMPLES OF ABSOLUTELY CONTINUOUS DISTRIBUTIONS:

(| Distribution | Density f(z) = [ Parameters | Domain | Mean | Variance ||
Uniform Ligp - (b—a) ! a<b [a, 8] T@+08)/2T (b-a)?/12
Exponential [ Ae~** A>0 R* 1/A 1/\%
Normal (2m0?%)~1/2 e | meRo?>0|R m o?

Erlang YEnre > R* A>0,keN | k/) k/)2
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8. Week, (Summary of the theory)

May 1995

PROPERTIES OF DISTRIBUTION FUNCTIONS:

F(t) € [0,1] Pla < X < b} = F(b) - F(a)
a<b=F(a) S F(b) limy._o F(t)=0,lim¢.oc F(t)=1
lim\o F(a+€) = F(a) limeo F(a - ¢) = F(a) — P[X = a]
Every function F : R — R satisfying the above properties belongs to a random variable X: define

the probability space (€2, A, P), where A is the Borel o-algebra on 2 = R and P is defined by
P[[a,d)] = F(b) — F(a) = P[X € [a,})].

DEFINITION: X = (X, X3,...,Xq4) is called a random vector if X; are random variables. The
distribution function of X (also called joint distribution of X;, X3,...,X}) is defined as

F(ty,...,ta) =P[X; < 1, X3 < ta,...,Xa < td) .

The distribution is continuous if there exists a function f : R% — R* such that

tq

1 pta
F(t)=/ / F(y1,v25-..,%d) dya. .. dy2dy, .
-0 - 00 -—00

TRANSFORMATIION OF RANDOM VARIABLES:

¢ Let F be a continuous invertible distribution function. Let X be a random variable which is
uniformly distributed in [0,1]. Then Y = F~1(X) gives random numbers with distribution F.

e Given a continuous random variable X with density f and a differentiable invertible function
¢ : R — R with inverse ). The random variable Y = ¢(X) has the density

9(t) = f(¥(ENIY'(B)] -

e Given a continuous random vector X with density f and a differentiable invertible function
¢ : R? — R? with inverse 1. The random variable Y = ¢(X) has the density

9(u) = f(¥(u))[Det(DY(w))| -

DEFINITION: The characteristic function of X is defined as ¢x(t) = E[e?*X).
Discrete case: ¢x(t) = X ,ex(n) ¢**P[X = a]. Continuous case: ¢x(t) = [~o_ e'*f(z) dz.
CALCULATION OF MOMENTS: E[X*] = (=i)¥¢{(0). Especially, E[X] = —i¢/; (0).

SUMS OF INDEPNDENT RANDOM VARIABLES: X; independent with distribution ¢;, S =
Liz1 Xi then 4s(t) = $1(t) - $2(t) -« $n(2).

THE GAMMA FUNCTION. Some dis- —
tributions use the Gamma function: [L Distribution | Parameter [ Charact. function ]
o . Normal meR,02>0 |[emit-ot/2
I(n) = /0 e M dz. Standard normal et'/2
Uniform [-a,a] sin(at)/(at)
For n € N, we have (n — 1)!. Proof.| [ Exponential A>0 A/(A = it)
I'(1) = 1, T(n) = (n - 1)I(n - 1) Binomial neEN,pel0,1] | (p+ (1 -p)e?)"
by partial integration. Computations Poisson 2> 0 eMe T -1)
like I'(1/2) = /x,T(3/2) = /7/2 use - T
Ja =2 = \/3m Geometric p €(0,1) O™
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9. Week, (Summary of the theory)

CHEBYCHEV-MARKOV INEQUALITY.
Let h: Rt — Rt be a monoton function and X > 0 a random variable with h(X) € £'. Then for
ale>0

h(e)- PIX > d < EIR(X)].
Proof. Take the expectation of h(c)l1x>c(w) < h(X)(w). Use the monotonicity and linearity of the

expectation.
CHEBYCHEV INEQUALITY.
If X € L2, then for all ¢ > 0
PIIX — E{X]| > d < 22X

Proof. Apply Chebychev-Markov’s inequality to Y = |X - E[X]| and h(z) = 2.

DEFINITION.
A sequence of random variables X, converges in probability to a random variable X, if for all
€>0,

lim P[|X, - X|>¢€=0.

n—00

WEAK LAW OF LARGE NUMBERS.

Assume X; have common expectation E[X;] = m and satisfy sup, £ 37, Var[X;] < co. If X,, are
pairwise uncorrelated, then Y_!_, X;/n — m in probability. '

Proof. Since in generl Var[X + Y] = Var{X] + Var[Y] + 2 - Cov[X,Y] and X, are pair-
wise uncorrelated, we have Var[X, + X,,] = Var[X,] + Var[X,,] for n # m and by induction
Var[Sa] = Y7, Var{X;]. Using linearity, we obtain E[S,/n] = m and

Var[Sn/n] = E[(Sn)2/n?] - E[Sa]2/n? = Var[S,]/n? = ;1-2- Y Var[X,] - 0.

i=1
With Chebychev’s inequality, we obtain

P[|Sn/n-m| 2> €] < —0(n— o).

Var[S, /n]

IMPORTANT SPECIAL CASE.

If X; are independent random variables with the same distribution for which the mean m and
variance exist both, then |, X;/n — m in probability.

EXISTENCE OF INDEPENDENT RANDOM VARIABLES: (don’t read this!)
Given a distribution function F, there exists a probability space (2, A, P) and independent random
variables X, X3,... which have all the distribution F.

Proof. We know how to construct a single random variable X with distribution F on a probability
space (R, B,Q). Form the product space

(2,4, P) = (RN,BN,@QVN) .
(2 contains sequences w = (wy,ws,...) and the probability measure P is defined by
PlA; x A2 x A3--- x Ap xRx R x...] = Q[Ai1] - Q[42]...Q[A,] .
The o-algebra A is the smallest o-algebra containing all sets of the form A; x Ay x Ag--- x A, X

R xR x ... with A; € B. The random variables X;(w) = w; are independent and have all the
distribution F.
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10. Week, (Summary of the theory)

DEFINITION. A sequence of random variables X, converges almost everywhere to a random
variable X, if P[X, — X,n — oo] = 1.

RELATION BETWEEN CONVERGENCE OF RANDOM VARIABLES: an arrow stands for "implies”

In distribution
P[X. <t] - P[X <{,VteR.

1

In probability
P[|Xn - X| > €] = 0,Ve > 0.

/ N

Almost everywhere In C!
Complete
Yoori PllXa —X|2 € <00,Ve> 0

STRONGER WEAK LAW OF LARGE NUMBERS:

Assume X; have common expectation E[X;] = m and satisfy M = sup,, E[X*] < 00, sup, E[X?]? <
oo. If X; are independent, then Y P[|S,/n — m| > €] converges for all € > 0.

Proof. Estimation of E[{X}] with Chebychev-Markov’s inequality gives P[|S,/n — m| > ¢] < C/n?
for some constant C.

STRONG LAW OF LARGE NUMBERS:

Assume X, are independent random variables with M = sup, E[X}] < oo, sup,, E[X?] < co with
common expectation E[X,] = m. Then S,/n — m almost everywhere.

Proof. Direct consequence of the stronger weak law above since complete convergence implies
convergence almost everywhere.

DEFINITION. A sequence of random variables X,, converges in distribution to a random variable
X, if for all t € R, P[X,, < t] = P[X < ¢] for n = oo.

CENTRAL LIMIT THEOREM:

Given X, which are independent with mean m and variance 02. Let X be a random variable with

standard normal distribution. Then
Sp—nm

ovn
in distribution, where S, = X; + Xo +... + X,..

Proof. A calculation shows that the characteristic functions of S}, = (Sn — E[Sy])/0[S,] converge
to the characteristic function of X.

— X
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Week 1
Due: Monday, April 10, 1995

Topics: Theorem of Stokes, Theorem of Gauss

Reading: Apostol: 12.1, 12.2, 12.3, 12.5, 12.7, 12.9, 12.11, 12.12,
12.18, 12.19, 12.20

1) (*) Topic: Surfaces. Given the surface S = r(B), where B = [0,27] x
[a,b] and
r : (u,v) — (vcos(u),vsin(u), f(v)) ,

where f : [a,b] — R is a differentiable function.

a) Compute the two tangent vectors r, and r, at each point of S.
b) Determine the normal vector N = r, A r, at each point of S.
2) (*) Topic: Surface integrals. Let Q be the surface
Q={(z,4,2)€R’| ~1<2<1,-1<y<1,2=0}
given by r(u,v) = (u,v,0) and let H be the semi-sphere
H={(z,y,2) R | 22+ y? + 22 = 1,2 > 0}

given by r(u,v) = (u,v,+y/1 — (u2 + v2)). Compute the flux f5 F dS of
the vector field F' through the surface S in the following cases:

a) F(m? y’ Z) = (0’ 0’

1), b) F(z,y,2) =(1,1,0),S = Q,
¢c) F(z,y,2) =(1,1,1),S

Q,
Q, d)F(zr,y,z)=(z,9,2),S=H.



3)

4)

5)

(*) Topic: Theorem of Stokes. Let H be the surface
H={(r,y,2) eR®| 22+ 2 +22=122>0}

and D the disc
D={22+y*<1,2=0}.

(In both cases the orientation is such that the normal vector n has a pos-
itive z component).

Consider the vector field F(z,y, 2) = (~y,z,0).

a) Compute the line integral of F around the circle §D (counterclockwise
oriented in the zy plane).

b) Compute curlF.

c) Compute the flux [ curl(F) dS through the surface H.

d) Compute the flux [, curl(F) dS through the surface D.

e) Why are the two integrals the same?

Topic: Theorem of Stokes. Let v be the closed path in R3 consist-
ing of piecewise straight lines connecting the points P, = (0,0,7/2) —
Py = (0,7/2,7/2) - Py = (0,7/2,0) > Py = (r/2,7/2,0) — P; =
(7/2,0,0) - Ps = (x/2,0,7/2) = P;. Let F be the vector field

F(z,y,2) = (siny,sin z,sinx) .

/’Fds

Compute the integral

a) directly.
b) with the Theorem of Stokes.

Topic: Theorem of Stokes. Let F a vector field in R? and S a surface
such that F is orthogonal to S at every point of S. Prove that F is
orthogonal to curl(F') at every point of S. Hint: Assume the claim is

wrong at one point in S and apply Stokes for a small disc around this
point.



6) (**) Topic: Theorem of Gauss. Let a,b,c € R be positive numbers.
Consider the surface r(B), where

r: (u,v) - r(u,v) = (acosucosv,bsin ucos v, csin v)
and B = {(u,v) | -7 <u<7m-§<v< ]}
a) Describe S geometrically. (Hint: Compute z2/a® + y2/b% + 22/c2).
b) Compute r, and r,.
c¢) Compute dS = N dudv.

d) Let F(z,y,2) = (0,0,2z). Compute the flux of F through S and give
an interpretation of the result with the theorem of Gauss.

7) Topic: Theorem of Gauss. Calculate the flux of the vector field
F(z,y,2) = (z + 2%yz,y + 29’2, 2 — 22y2?)
through the semi-sphere
S={(z,y,2) |2 +y* + 22 =4, 2> 0}.

(The orientation of S is such that the normal vectors in S have the third
component > 0).

8) (*) Topic: Theorem of Gauss. Let S be a closed surface in R® enclosing
a domain G. Assume G contains the origin O = (0,0,0) in its interior.
Consider the Coulomb field

1 (2,y,2
F(z,y,2) = m(—%),r= \/x2+y2+z2

which is defined for R?\ {O}. What is the flux of F through the boundary
S = 6G of G?

9) Topic: Theorem of Gauss. Given the function
f(z,y,2) = a(@® + 4" + 2) + ey + yz + 20) + (s +y + 2) ,

where a,b,c € R are constants. Compute the flux of gradf through the
sphere § = {22 + 32 + 22 = 1}.



1)

2)

3)

4)
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Week 2
Due: Monday, April 17, 1995
Topics: Boolean algebras, Finite probability spaces

Reading: Apostol: 13.1, 13.2, 13.3, 13.5, 13.6

Topic: Boolean algebras. Let A be a Boolean algebra over a finite set
Q. Prove that for all A,B € A

a) AN B¢ and B are disjoint.

b) AUB = (AN B°)UB.

c) AN B and AN B¢ are disjoint.

(*) Topic: Boolean algebras. Let A be a Boolean algebra over a finite
set (). Define AAB = (AUB)\(ANB). Show that (A, A) is a commutative
group (this means the following properties hold:)

a) For all A, B, C the associativity law (AAB)AC = AA(BAC) holds.
b) There exists a zero element A,.,, € A such that AAA,,,, = A for all
A€ A

c) For all A, there exists an inverse B such that AAB = A,.,,.

d) For all A, B the commutativity law holds AAB = BAA.

Topic: Boolean algebras. Let A be a Boolean algebra over a finite
nonempty set (2. Show that (A4,N) is a commutative semi-group: (this
means the following properties hold:)

a) For all A, B, C the associativity law holds AN(BNC) = (ANB)NC.
b) There exists a one element A,,. such that ANA,,. = Aforall 4 € A.
c) Show that (A,N) is not a group (except if Q has only 1 element).

d) The commutativity law holds: AN B = BN A.

Topic: Boolean algebras.
a) Show that (A, A,N) is a ring: (this means that (A, A) is a group and
(A,N) is a semi-group and that the distributivity law

AN(BAC) = (ANB)A(ANC)



holds.
b) (for fun only) Show that (z,+,-) is a ring too. Explore the similarities
and differences between this ring and the ring (A, A, N).

5) (*) Topic: Probability spaces. Q2 = {1,2,3}.
a) Find all Boolean algebras on 2. b) Find all probability spaces on 2.

6) (*) Topic: Probability spaces. What is the probability that a 2 x 2
matrix having random entries 0 or 1 (both with equal probability 1/2) is
invertible? (Construct the probability space ({2, .4, P) and the event that
a matrix is invertible).

7) Topic: Probability spaces. Consider a part of the internet computer
network consisting of 3 nodes (computers). Assume that two of the three
computers are conneced with probability p and that with probability ¢ =
1 — p, a connection is broken.

a) Construct the probability space (12, 4, P).

b) What is the event that all nodes have connection to all other nodes.
c) What is the probability that one can reach from any of the computers
any other computer.

8) (*) Topic: Probability spaces. The birthday paradox: assume 20
people are in a room. What is the probability that at least two people
have the same birthday? (Hint: Compute the event that no people have
the same birthday. The year is assumed to have 365 days.)

9) (**) Topic: Probability spaces. The wardrobe problem: we dis-
tribute randomly n € N coats of n people.
a) Set up the probability space (£, .4, P) for the situation.
b) Define for 1 < ¢ < n the event A; that at least person number i gets
his (or her) coat. What is the probability of the event 4;, NA;,N...NA,,,
where 1 <41 <ip<... < < n.
b) What is the probability p(n) that no person gets his (or her) own coat?
Hint: Consider the event that at least one person gets his (or her) coat
and use the formula from class

P 4il=Y (-1 > PlA,NA,N...N0A4,].
i=1 k=1 1< <2< < <n
c) What happens with the probability p(n) for n — oo?
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Week 3
Due: Monday, April 24, 1995

Topics: constructions of new probability spaces: (i) change of
algebra, (ii) product space (iii) conditional probability space,
independence of events

Reading: Apostol: 13.10, 13.12, 13.13, 13.15

1) Topic: Boolean algebras. Consider the probability space (2,4, P),
where (1 consists of all N-tupels w = (wy,...,wy) with w; € {0,1}, where
A is the set of subsets of  and P is the Laplace probability measure
P[A] = |A|/|€, where |A] denotes the number of elements in A. Let
A, be the set of subsets A of  which can be written as a union of sets
{w|w ==,...,w, = z,} with z; € {0,1}. Show that for every n, the
set A, is a Boolean algebra. How many elements does A, have?

2) (*) Topic: Conditional probability. Given a finite probability space
(2, A, P) and events A; € A. Prove the formula:

P[AN.. NA,] = P[A)]-P[A; | Ai)-P[A3 | AiNAy]--- P[A, | AiN.. NAu_y] .

3) Topic: Conditional probability. A random number generator of a com-
puter gives randomly an integer in the set {1,2,3,...,49,50}.
a) What is the probability that the random number generator gives a
prime number?
b) The random number generator is modified in the following way. Instead
of giving a number out, it checks, whether the obtained number is divis-
able by 2 or 3. If this is the case, it produces an other random number,
etc, until it finds a number which is neither divisible by 2 nor by 3. The
first so obtained number is then given out. What is the probability that
this random number generator with filter gives a prime number?



4) Topic: Conditional probability. Let (f2,.4, P) be a finite probability
space. Given B C Q with P[B] > 0, we have proven in class that (2, B, Q)
with B = AN B and Q[A] = P[A | B] is a probability space. Give an"
example which shows that it is in general not possible to reconstruct the
probability space (2, .4, P) from (2, B, Q).

5) (*) Topic: Conditional probability. You hear somebody say: "I have
three children, and one of them is a girl”. What is the probability that
the other two children are both boys?

6) (*) Topic: Independence. Take a standard stack of 52 cards. (It con-
tains as usual 4 queens and 4 kings).
a) We take randomly one card. Is the event that this card is a queen
independent from the event that this card is a king?
b) We take randomly a card, put it back and take randomly a second card.
Is the event that the first card is a queen independent from the event that
the second card is a king?
c) We take randomly two cards, one after the other, this time without
returning the first card. Is the event that the first card is a queen inde-
pendent from the event that the second card is a king?
Justify in a),b) and c) your answers by computing the relevant probabili-
ties. (Hint: Experiments with a small stack of cards can be helpful).

7) Topic: Change of the Boolean algebra, independence. Given n
independent events A, Ay, ... A, in a finite probability space (2, A, P).
Let B C A be a Boolean algebra. If A; € B, then A; are also independent
in the probability space (2, B, P).

8) (*) Topic: Product probability space, indepencence. Given two
finite probability spaces (€, A;, P;) for i = 1,2. Assume that A,, B, are
independent in (£;,A;, P) and A;, B, are independent in (£, A, P,).
Show that the four sets A; x g, By X 3, X Az, Q) X B, are independent
in the product space (2 = Q; x 0y, 4, P) = (1, A1, P1) X (Q2, A2, P,).

9) (**) Topic: Conditional probability, independence. Given a finite
probability space (12, A, P). Assume that A, B, C are independent events.
Show that the events A N C,B N C are independent in the conditional
probability space (C,. ANC,P[- | C)).
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Week 4
Due: Monday, May 1, 1995

Topics: Random variables, Expectation, Variance and Covariance,
Correlation, Independent random variables.

Reminder of some definitions:

A random variable on a finite probability space (2, A, P) is a map
X : Q — R such that for all a € R, we have {X =a} € A.

The expectation of a random variable X is defined as

EX]= ) a-P[X=4d.
a€X ()

The variance of a random variable X is defined as
Var[X] = E[ (X - E[X])?].

We know from class that Var[X] = E[X?] — E[X]>.
The standard deviation of X is o[X] = 4/Var[X].

The covariance of two random variables X,Y is defined as
Cov[X,Y] = E[(X - E[X]) - (Y — E[Y])] .

We know from class that Cov(X,Y] = E[XY] - E[X]E[Y].

Given two random variables X,Y with Var[X] > 0, Var[Y] > 0, the
correlation between X and Y is defined as

Cov[X,Y]

Corr[X,Y] = JIXIo[Y] °

If Corr[X,Y] = 0, then X,Y are called uncorrelated.




Two random variables X,Y are independent if for all a,b € R

PX=aY=b=P[X=4d]-P[Y =b].

1) (*) Topic: Expectation. Two computers piccolo! and violin? of a local
well known computer net are connected with exactly n connections all
going from piccolo to violin. Each of the connections goes broken with
probability p, 0 < p < 1, independent of the other connections. What is
the expected number of broken connections?

2) (*) Topic: Probability, Expectation. Consider the random walker
(drunken sailor) in the plane, who makes randomly n steps (of length
1) in the four different directions u,d,l,r, with probability p, = p; = p, =
pa = 1/4. He starts at (0,0)

a) What is the probability that he is after 6 steps again in (0, 0)?

b) What is the probability that he is after 23 steps again at the same
place. (Hint: do not immediately start computing)?

c) Consider the random variable X(w) which gives the euclidean distance
of the walker from the origin after n steps. Compute E[X] in the cases,
n=0,1,2.

d) Compute Var[X] in the cases n = 0,1,2.

3) Topic: Random variables. Give an example of a probability space and
a function X : Q — R which is not a random variable.

4) (**) Topic: Expectation, Variance, Covariance, Correlation. Given

the probability space (2 = {1,2,3,4,5,6}, 4 = {A C A}, P[4] = |A|/|9))
lLwe A for
Obw¢ A
the characteristic function of an event A. Define the random variables

X(w) =0, Y(w) = 1iueap, Z(w) = lyy -

("throwing a dice once”). We use the notation 1,4(w) =

Compute

a) E[X], Var[X],o[X], b) E[Y], Var[Y],a[Y].
¢) Cov[X,Y],Cov[X, Z],Cov[Y,Z]  d) Corr|X,Y],Corr[X, Z], Cort[Y, Z].

! Any possible coincidence with living computers would be a pure accident.
2Name changed.



5)

6)

7)

8)

9)

Topic: Covariance, Independent random variables. Given the prob-
ability space (Q = {1,2,3,4,5,6}%, A = {A C Q, P[A] = |A|/|9]) (" throw-
ing a dice twice”). Define the random variables X(w) = wj, Y(w) = w,.
Compute Cov[X,Y]. Hint. Use a result in theory instead of computing
the value directly.

(*) Topic: Expectation, Variance. Let (2,4, P) be the probability
space, where (0 is set of 2 x 2 matrices with entries 0, 1 taken randomly with
probability Plwy; = 1] = Plwis = 1] = Plwa; = 1) = 1/3, Plwse = 1] = 0,
(compaire alsoProblem 6) in Week 2 where we had an other measure).
Consider the random variables X (w) = det(w),Y (w) = tr(w), where det
is the determinant and tr is the trace (the sum of the diagonal elements).
Compute E[X], E[Y], Var[X], Var[Y], Cov[X, Y], Corr[X, Y].

(*) Topic: Correlation, Independent random variables.

Given two random variables X,Y on a finite probability space (2, A4, P)
which have both positive variance.

a) For each 9 € [0, 27], define

Xo = Xcos(@)—Ysin(9),
Yy = Xsin(6)+ Y cos(d) .

Show that there exists a value of  for which Xj, Yy are uncorrelated.
b) If X,Y are uncorrelated then

Var[X + Y] = Var[X] + Var[Y] .

c) Why is the formula in b) also called Pythagoras law?

d) Compute Var[X + Y] if X,Y are independent both with standard de-
viation 1.

Topic: Expectation, Variance. Given two random variables X,Y on
the probability space (2 = {0,1}, A = {A C Q}, P[{0}] = P[{1}] = 1/2).
Determine all random variables X and Y which have zero expectation
E[X] = E[Y] = 0 and the same variance Var[X] = Var[Y] = 1.

Topic: Expectation. For n € N, let Q, be the number of alcohols
CnH3,41OH. Two molecules which can be deformed into each other are
considered as identical. For n = 3 for example, there are two different
such molecules:



H H H H H H

(N (I |
H-C~-C-C-0H H-C-C -C-H

I B ' o |

H H H H OH H

Every OH group is connected to one carbon atom C which has either
one or two carbon neighbors (and this property has some influence on
chemical properties of the molecule). Assume, that each of these molecules
is produced with the same probability. We consider now the case n = 4
and so the alcohol C4HyOH. How many carbon neighbors do we expect
for the carbon atom attached to OH?

This is the last homework assignment before the midterm ex-
amination. The topics of the midterm assignment are identical
to the material of the first four weeks, which is:

1. Week : 1. Surface integrals, 2. Theorem of Stokes, 3. Theo-
rem of Gauss.

2. Week : 1. Boolean algebras, 2. Probability spaces, 3. Three
constructions.

3. Week : 4. Independent events, 5. Random variables, 6. Ex-
pectation.

4. Week: 7. Variance, Covariance, Correlation. 8. Independent
random variables.

The problems will be in a similar style as the Week1-Week4 homework
problems.
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Week 6
Due: Monday, May 15, 1995

Topics: Cardinality of sets, general probability spaces, random
variables on discrete probability spaces

Reading: Apostol: 13.19, 13.21, 14.1, 14.2

DEFINITION: A map f : A — B iscalled 1:1 (or injective), if z # y = f(z) # f(y)
for all z,y € A. The map f is called onto (or surjective), if f(A) = B. The map f
is called bijectiv, if it is 1:1 and onto.

Two sets A, B are called equivalent, if there exists a bijection f : A — B. A
set which is equivalent to N, the set of natural numbers, is called countable infi-
nite. A set which is not finite and not countable is called uncountable. Every set
is either finite, countable infinite or uncountable and these attributes deter-
mines the cardinality of a set. A set which is either finite or countable infinite is
called countable. To avoid confusion, we do not use the word ”countable” in the
restricted sense ”countable infinite”.

DEFINITION:
e A,
A o-algebra on 2 is aset A of| A€ A= A°€ A,
subsets of ) satisfying {A1, Az,...} C Acountable =
?:._1 Ag‘ E A.
DEFINITION:

P[A] > 0, (nonnegativity)

P : A — Ris a probability | P[] = 1, (normalisation)

measure if {A1, A, ...} countable set of disjoint sets =
P[UZ, A = £2, P[A] (o-additivity)

DEFINITION: Probability space: (£, A, P) is called a probability space if A is
a o-algebra of sets in  and P : A — R is a probability measure. If § is countable
infinite or finite, the probability space is called discrete.




1) (*) Topic: Cardinality of sets.
N denotes the set of natural numbers {1,2,3,...}. Show that the following
sets are countable infinite:
a) N? = {1,4,9,16,...}, the set of squares.
b) P ={2,3,5,7,...,}, the set of primes.
c)z={...,—4,-3,-2,-1,0,1,2,3,4,.. .}, the set of integers.
d) N x N.
e) A= {2"3™, n,m € N}.
f) Assume, the set of prime twins T = {3,5,11,17,29,41,...} = {p €
N | p,p + 2 are both prime } is infinite. Show that it is then countable
infinite. For brave people: decide, whether the assumption T is true. !
(The following mathematica ‘one line program‘ shows a graph giving for
each n the n’th prime-twin p, < 10000.

ListPlot [Union[Table[If[PrimeQ[p] && PrimeQ[p+2],p,3],{p,3,10000}]11]

The output of this line is in the appendix of this exercice. Experiment
yourself!)

2) (*) Topic: Cardinality of sets.
In class, we have seen, how Cantor’s diagonal argument showed that the
set [0,1] is uncountable. This was done by writing every point of [0,1]
using a decimal expansion and showing that the set of these sequences
is not countable. We will repeat this here in more detail but using the
binary expansion. Since some binary sequences like 0.01111111... and
0.100000. . . represent the same number, we define

‘ either a; = 0, for infinitely many 1,
S={(a1,a2,...,), a,'E{O,l}, 01'84=1,Vi} 1y y )

a) Verify that f : S — [0,1] given by f(a) = ¥, a;27" is a bijection.
b) Show that S and S x S are equivalent by constructing a bijection
between these two sets.

1This is a famous unsolved problem in mathematics and many prizes are waiting for
the proof (:-)] or disproof (:-(] of this conjecture.



3)

c) Show that [0,1] and [0, 1] x [0, 1] are equivalent. Hint: use a) and b).
d) Show with Cantor’s diagonal argument that S is uncountable.

Topic: Cardinality of sets
a) Prove that every infinite subset A of a countable infinite set S is count-
able infinite. Hint: Prove the fact first for S = N. Construct then a
bijective function f : N — A.
b) Prove that the Cartesian product A X B of two countable infinite sets
A, B is countable infinite. Hint: Prove the fact first for A = B = N. Use

then the bijective function f : N — N x N which has been done in question
1.d).

4) (*) Topic: General probability measures.

Let (€2, A, P) be a probability space. A point w € Q is called an atom, if
{w} € A and P[{w}] > 0. Show that the set of atoms in  is either finite
or countable infinite.

5) Topic: General probability spaces.

6)

7)

Given the probability space (2 = [0,1], A, P), where A is the Borel o-
algebra on [0, 1] (the smallest o-algebra which contains all intervals (a, )
with a < b) and P is the Lebesgue measure defined by P[(a,b)] = b — a.
Show that the set of points with P[{a}] > 0 is finite or countable infinite.

(**) Topic: General probability spaces.

Given the probability space (2 = [0, 1], A, P), where A is the Borel o-
algebra on [0,1]% (the smallest o-algebra which contains all sets (a,b) x
(d,c)) and where P is defined by P[(a,b) X (c,d)] = (b—a)-(d —c). Let
A= {(z,y) € [0,1)? | z = y} (the diagonal in the square ). Show that
P[A] = 0.

Topic: General probability spaces. (A simplified version of Bertrand’s
paradox)

Let Q be the disc {z% + y? < 1} C R%. Problem: "What is the probability
that a point has no more than distance 1/2 from the center.”

First answer: the probability is 1/2, since the problem is radially symmet-
ric, it is the probability that the radius in [0, 1] is smaller than 1/2.
Second answer: the probability is 1/2 since the area of the disc with radius
1/2is 1/4.



Determine the probability space (€2,.4, P) for which the first answer is
right and the probability space (€2, A, P) for which the second answer is
right.

8) Topic: General probability spaces.
Model each of the three solutions of (the in class discussed) paradox of
Bertrand with a probability space.

9) (*) Topic: Random variables on discrete probability spaces.
Let @ = {1,2,3,...} = N,A = {A C Q}. Define the function P on A
through P[A] = ¥;c4 27CHD,
a) Verify that (€2, .4, P) is a probability space.
b) Compute the value of the infinite sum Y 32, np™ for any p > 0. Hint:
call the sum f(p) and use a differentiation trick.
¢) Compute the expectation of the random variable X(w) = w. Hint: use
the answer in b).
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Graph showing for each n the n’th prime twin.
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Week 7

Due: Monday, May 22, 1995

Topics: Borel Cantelli, Random variables, Integration,
Expectation, Variance, Distribution function

DEFINITION: Given a sequence of independent events in a probability
space. Define A, := limsup, . An = Ny-iUn>mAn. We have A, =
{w | w is in infinitely many A,}.

BOREL CANTELLI LEMMA: (Monkey typing Shakespeare)

a) If ¥, P[A,] < 0o, then P[A4,] = 0.
b) If 3, P[A,] = 00, then P[Ay] = 1.

DEFINITION: Integration, Expectation: Denote with S the set of random variables
taking finitely many values: Define for X € S

EX]:= ) a-PX=4].
aeX(N)

Let £' be the set of random variables X for which sup,, Sy<ix) E[Y] < oo. For
X € £! and X > 0, the integral or expectation is defined as

E[X]:= sup E[Y].
YeS,y<x

In general, we decompose X into X = X+ — X~ with X* > 0 and put E[X] =
E[X*]-E[X~]. We write also [, X dP for E[X] since expectation is integration.
Variance, Covariance etc. are defined as in the finite case: Var[X] = E[(X —
E[X])?], Cov[X, Y] = E[(X — E[X])(Y — E[Y})].

The distribution function of a random variable is defined as F(t) = P[z < t]. If
F(t) = [' f(s) ds, then f is the probability density function of X.




1)

2)

3)

4)

Topic: General probability spaces.

Consider the space [0, 1] and the algebra A which is the smallest 0-algebra
containing all open intervals (a,b), a < b.

a) Verify: every set {w}, w € [0,1] is in A. Hint: Show first {0,1} € A.
b) Show that P[{w}] = 0. _

c) Use b) to show that in the definition of the probability measure, the o-
additivity can not be replaced by the general additivity P[A] = 3,5 P[A4,]
for any set S. Hint: take S = Q and A, = {w}.

Topic: General probability spaces, Banach-Tarsky paradox

We mentioned in class the Banach Tarsky paradox which is the math-
ematical theorem! that one can write the unitball S in R® as a disjoint
union of 5 sets A = A; U A, U A3 U A4 U Aj such that after some rotation
and translation of each set A;, the sets A; U A3 U A3 and 44U A5 are both
again unitballs.

Show that at least one of the functions X; = 14, : R® — R is not a random
variable. Read critically the definition of a random variable in Apostol’s
book Vol 2, p. 512.

(*) Topic: Borel Cantelli Lemma.

We are throwing dices infinitely often. The probability space (2, A, P)
is given by O = {1,2,3,4,5,6}N = (w;,ws,...), A is the Borel o-algebra,
which is the smallest o-algebra containing all the sets of the form C, ; =
{w|ws =3} withn €N,j € {1,2,3,4,5,6} and where P is determined by
P[C, ;] = 1/6. Prove with Borel-Cantelli, that for almost all experiments
w, there are infinitely many n, for which w, = wy41... = Way1000 = 6.
(Almost all means that the set of exceptions has measure zero).

(*) Topic: Expectation, Variance.

A random number generator produces random numbers in the interval
[0,1] such that the probability that the number is in an interval (a,b) is
b? — a.

a) Model this situation with a random variable X on the Lebesgue prob-
ability space ([0, 1], A, P).

! As you know, every mathematical theorem is either 1. obvious or 2. not so obvious

or 3. obviously false. The Banach-Tarsky theorem belongs clearly to the third category.
You can find a proof in Amer. Mathem. Monthly, 86, 151-161, 1979.



b) Compute E[X] which is the expected average number produced by X.
c¢) Compute Var{X], which measures the fluctuations.

5) Topic: Expectation.
For which a € R does the random variables X(x) = = on the Lebesgue
probability space ([0, 1],.4, P) have a finite mean E[X] and for which a
does the variance Var[X] exist?

6) (**) Topic: Expectation.
Let @ = [-1,1] x [-1,1], A the Borel o-algebra on 2 and P the measure
defined by P[(a,b) X (¢,d)] = (b — a)(d — ¢)/4. Define the random vari-
able X(w) = |w| = vzZ+ y? which measures the euclidean distance of
w = (z,y) to the origin (0,0). Compute E[X], the expected distance from
0 and o[X] = 4/Var[X], the expected deviation from E[X]. Hint. We
recommend that you consult a symbolic friend? like Mathematica for the

computation of the integral(s). In Mathematica, one computes for exam-
ple with Integrate[Sqrt{z], z] symbolically the indefinite integral f /7 dz.

7) (*) Topic: Expectation, Petersburg paradox.
The Petersburg casino (discussed in class) is modeled by the probability
space ({0,1}N, A4, P), where A is the Borel o-algebra (the smallest o-
algebra containing all the sets A,; = {w, = j} which is the event that
at the n’th time either j = 0 or j = 1 appears) and P is the probability
measure defined by P[A, ;] = 1/2. The game is defined by the winning
function X (w) = 27«), where T(w) = {smallest n | w, = 0}. We have
seen that E[X] = oco. So, any finite fee is actually very favourable for us.
The paradox is that nobody would go to the Petersburg casino and pay even
10 dollars and you have seen in class how fast I lost 30 dollars. One problem is
that for example the case X (w) = 239 is very, very unprobable but you would
win 239 dollars (!), which is more than the number of protons in the universe3
a) We know from class that P[T' = k] = 27*. Compute E[T}, the expected
number of times we have to wait, until 1 occurs. Hint: use HW Week 6).
b) D.Bernoulli proposed to replace the useless fee E[X] by an expected

?Reference books for integrals have statisticallly an error of 15 %, which means that
every 7’th integral, you look up, is wrong.

3The intuition sais that there is a problem to make so many bank notes in this case
since every bank note needs at least one proton. (Pigeon-hole-principle)



profit E[v/X]2. Compute that number which is Bernoulli’s suggestion for
an entrance fee for the Petersburg casino.

8) Topic: Expectation.

A and B are throwing darts onto a wall modeled by the complex plane
C. Their target is the disc Q@ = {|z|] < 1} which is hit randomly. More
precicely, every sector {arg(z) € (a,8) C [0,27)} is hit with probabil-
ity (27)7}(8 — @) and every ring {a < |2| < b} is hit with probability
J? f(r) dr, where f(r) is a function depending on the player, A throws
the darts with a precision so that f(r) = 2r, B throws the darts so that
f(r) = 3r2. The disc is partitioned into 3 rings of equal radius and giving
points as follows. For w € {2, the win is given by

X(w) =5 Lwi<1yay + 3 Lajagpicesay + 1 1izzagpai<ny -

a) Determine probability spaces (2,.4,P4) and (2, A,Ppg) for the two
players.

b) What is the expected win E4[X] for A and the expected win Eg[X] for
B, where E, is the expectation value with respect to P4 and Ep is the
expectation value with respect to Pp.

9) (*) Topic: Expectation, Distribution function, distribution of prime

numbers.

The prime number theorem says that the n’th prime number p,, is roughly
Pn ~ nlog(n) in the sense that this becomes better and better for n — oo.
S0, gn = pn+1/10g(p,) is roughly equally spaced. What is the fine struc-
ture of the distribution of prime numbers? Experimentally, it seems that
they behave quite randomly, namely that n — (gn+1 — ¢.)/ log(n) behaves
like an exponential distributed random variable X satisfying*

PMG@M:fMW&.

a) Show that ([0,0),.4,P) is a probability space, where A is the Borel
o-algebra and where P is the above measure with some parameter A > 0.
Hint: you need only to show that P[] = 1.

b) Define the random variable X (w) = w. What is E[X3]?

c¢) Compute the distribution function of X.

41t is an unsolved mathematical problem if such a relation can be proven asymptotically.
P. Sarnak was talking about that in the Mathematics Colloquium last week.



Ma2c, O. Knill, May 1995

Week 8

Due: Tuesday, May 30, 1995 (day after Memorial day)

Topics: (Multidimensional) distribution functions, Expectation
and variance of absolutely continuous random variables,
Transformations of distributions, Characteristic functions

DEFINITION: The Distribution function of a random variable X is F(t) =
P[X <t]. Absolutely continuous random variable: the probability density
function F' = f exists. Discrete random variable: F is piecewise constant
with countably many jump discontinuities. The expectation and variance of a
continuous distribution is

m=E[X]=/

=<

ooxf(:c) dz, Var[X] = /:o(a: —m)?f(z) dz .

The expectation and variance of a discrete distribution is

m=E[X]= ) @P[X=ad], Var[X]= ) (a—m)’P[X =d].
a€X (%) a€X()

EXAMPLES OF ABSOLUTELY CONTINUOUS DISTRIBUTIONS:

[ Distribution | Density f(z) = F" (z) = | Parameters I Mean | Variance 1
[ Unitorm g (b—a) ) a<b (a+5)/2 | b-a)2/12 ]|
“ Exponential Ae~AZ A>0 1/2 lez ﬂ
z
(z—m)
Normal (21:02)""1/2 € o m € R,oz >0 m a2
EXAMPLES OF DISCRETE DISTRIBUTIONS:

[ Distribution | Plz = k] = [ Parameters | Mean | Variance |]

I] Binomial ( i ) pPa-p"* | neN,pe0,1] | np np(l — p) Il

" Poisson *:- —=A A>0 A A "

ﬂ Geometric a-—p)F=1p p €(0,1) 1/p 1/1’2 “

e <]

-0

The characteristic function of X is defined as ¢x(t) = E[eX]. Discrete case:
¢x(t) = Taex(a) €°P[X = a]. Continuous case: ¢x(t) =

e'*® f(z) dz.




1) (*) Topic: Distribution functions, Normal distribution. We consider

the normal distribution with probability density f = fm o, = (2702%)~1/2 s
a) Show that f(z) is maximal for z = m.

b) For £ = m + o, the second derivative of f is vanishing.

c) Show that [*_ f(x) dz = 1, E[X] = m, Var[X] = o2 (this has been

done in class and you can of course use your notes).

2) (*) Topic: Distribution functions, Erlang distribution. Consider a
random variable X with distribution function F(t) = P[X < t] defined by
the probability density function f(z) = F'(z) which is zero on {zr < 0}
and

Ak.’lik-l

-z >
(k—l)!e , forz >0,

f(z) =

where A, k are parameters.

a) Show that the exponential distribution is a special case.

b) Verify that f is indeed a density functions, that means, show that
(0 dt = 1.

c) Compute E[X].

d) Compute Var[X].

3) (*) Topic: Distribution functions, Exponential distribution. A ra-
dicactive sample containing Lutetium (Lu) ! emits o rays (He* nuclei).
Assume the waiting time X (measured in seconds) for a decay is exponen-
tially distributed with parameter A = 3.

a) What is the probability to get a decay in 1 second?
b) How long does one have to wait in average to measure a decay?

4) (*) Topic: Multi-dimensional distributions. Given o; > 0, and m; €
R. Show that

—my)? 10—mj)?
f(t1,t2) = — G—QL{:‘*L_LZ;?L
v (2r)2oto?

is the multi-dimensional density function for some random vector (X3, X5).
Hint: Show that f = f;- fa, where fi, f> are density functions which belong

1A Mathematica standard package gives more information: <<Miscellaneous ¢ Chem-
icalElements ¢ AtomicNumber[Lutetium] AtomicWeight[Lutetium]



to normal distributed random variables. Use also that fixy) = fxfy
means that XY are independent.

5) Transformation of multi-dimensional distributions.
Let X have a uniform distribution on [0, 7].
a) Compute the distribution function of the random variable Z = cos(X).
b) Let ®, R be two independent random variable, where ® has the uniform
distribution on [0,27] and R has an exponential distribution on [0, 00)
with parameter A = 1. Compute the multidimensional density function of
(®, R). Hint: Use a fact from theory about density functions of random
vectors with independent components.
¢) Compute the multi-dimensional density function of the random vector
(R cos(®), Rsin(®)) using the transformation rule.

6) (**) Topic: Characteristic functions.
a) Compute the characteristic function of a discrete random variable X
which is Poisson distributed:

PIX =k] = X

(X =k =15

b) Use a) and the theory, to compute E[X*] for a Poisson distributed
random variable with parameter A.

7) Topic: Characteristic functions. Compute the characteristic function
of a random variable with the Erlang distribution with parameter k and
) (see problem above).

8) Topic: Erlang distribution. Show that the sum of k independent A-
exponential distributed random variables has the Erlang distribution with
parameter (k,n). Hint: Use the solution of the last problem and a fact
about characteristic functions of sums of independent random variables.

9) Topic: Binomial distribution.
a) Show that every Binomial distribution is the distribution of the sum of
n random variables.
b) Use a) to compute the characteristic function of a random variable
which is (n, p)-Bernoulli distributed.



Preliminary information about the final examination. The topics of the
final examination are the material of the second until 10’th week (no
vector analysis). The content of the course:

CHAPTER 1: (FINITE PROBABILITY SPACES)

2. Week : 1. Boolean algebras, 2. Probability spaces, 3. Three construc-
tions.

3. Week : 4. Independent events, 5. Random variables, 6. Expectation.
4. Week : 7. Variance, Covariance, Correlation. 8. Independent random
variables. 9. Random walk and Game systems.

CHAPTER 2: (GENERAL PROBABILITY SPACES)

5. Week : 1. Cardinality of sets. 2. General probability spaces.

6. Week : 3. Discrete Random variables, Expectation and variance of
discrete random variables. 4. The Borel Cantelli lemma.

7. Week : 5. Integration and expectation, 6. Distribution of random
variables. 7. Examples of continuous distributions 8. Expectation and
variance of continuous distributions.

8. Week : 9. Multidimensional distributions. 10. Transformations of
distributions. 11. Characteristic functions. 12 Distributions of sums of
independent random variables.

CHAPTER 3: (LIMIT THEOREMS)
9. Week : 1. Chebychev inequality, 2. Weak law of large numbers.
10. Week : 3. Strong law of large numbers. 4. Central limit theorem.

The problems will be in a similar style as the homework problems.




Ma2c, O. Kanill, June 1995

Week 9

Topics: Chebychev inequality, Weak law of large numbers

CHEBYCHEV-MARKOV INEQUALITY.
Let h : Rt — RT be a monoton function and X > 0 a random variable with
h(X) € L'. Then for all¢ >0

h(c) - P[X > ¢ < E[A(X)] .

Proof. Take the expectation of h(c)1x>c(w) < h(X)(w) using the monotonicity and
linearity of the expectation.

CHEBYCHEV INEQUALITY.
If X € £, then for all¢ > 0

Pllx - B{x]| 2 4 < Y2

Proof. Apply Chebychev-Markov to Y = |X — E[X]| and h(z) = z2.

DEFINITION.
A sequence of random variables X,, converges in probability to a random variable
X, if for all € > 0,

Jim Pl[X, - X| > 4 =0.

WEAK LAW OF LARGE NUMBERS.
Assume X; have common expectation E[X;] = m and satisfy sup, 2 ¥, Var[X;] <
oo. If X, are pairwise uncorrelated, then 3" ; X;/n — m in probability.

IMPORTANT SPECIAL CASE.
If X; are independent random variables with the same distribution for which the
mean m and variance exists, then Y1, X;/n -+ m in probability.




1) Topic: Chebychev inequality
Given a sequence of independent random variables X, which have the
standard normal distribution with density

-z2/2

1
flz) = Wor
Call S, = Xi+ Xo+...+ X,. Estimate with Chebychev’s inequality
P[|Sn/n| 2 ¢
from above in terms of € and n.

2) Topic: Chebychev-Markov inequality.
Show that every random variable satisfies for € > 0

PuXIZelsE[‘;—f,l—x—'].

3) Topic: Convergence in probability
Consider the probability space (€2, A, P), where 2 = [0,1], A is the Borel
o-algebra of [0,1] and P is the Lebesgue probability measure defined by
P[[a,b)] = b —a.
a) Show that the sequence of random variables X,,(z) = n?- z" converges
in probability to a limit X and compute this limit.
b) Show that E[|X,, — X|] does not converge to zero.

4) Topic: Weak law of large numbers
A coin is tossed repeatedly so that heads turns up with probability p in
each toss and tail turns up with probability 1 — p. Let H,, be the number
of heads and T, be the number of tails in n tosses.
a) Show that (H, — T,)/n converges in probability to a limit c.
b) Compute that limit.
Hint: Introduce a random variable X, which is 1, if head turns up and
which is —1, if tail turns up.



This is the last homework assignment and has not to be turned in. In
an emergency case, if you feel in trouble with not having enough home-
works, there is the following possibility: you turn in your solution of this
homework to the TA or to me until Monday morning 11%. This can give
you credit for maximal 50% of one homework assignment and can
replace a homework, which you have missed or in which you got less then
50% of the points. In any case, it is advisable to look over this problem
set. On Monday, June 5, the solutions will be distributed.

The final will be given out Monday, June 5 and due Monday, June 12,
119 AM (For the senior students, the final is given out Friday, June 2
and due: Wednesday, June 7, 11%°4AM). The topics of the final examina-
tion are the material of the second until beginning 10’th week (no vector
analysis).

CHAPTER 1: (FINITE PROBABILITY SPACES)

2. Week: 1. Boolean algebras, 2. Probability spaces, 3. Three construc-
tions.

3. Week : 4. Independent events, 5. Random variables, 6. Expectation.
4. Week : 7. Variance, Covariance, Correlation. 8. Independent random
variables. 9. Random walk and Game systems.

CHAPTER 2: (GENERAL PROBABILITY SPACES)

5. Week : 1. Cardinality of sets. 2. General probability spaces.

6. Week : 3. Discrete Random variables, Expectation and variance of
discrete random variables. 4. The Borel Cantelli lemma.

7. Week : 5. Integration and expectation, 6. Distribution of random
variables. 7. Examples of continuous distributions 8. Expectation and
variance of continuous distributions.

8. Week : 9. Multidimensional distributions. 10. Transformations of
distributions. 11. Characteristic functions. 12 Distributions of sums of
independent random variables.

CHAPTER 3: (LIMIT THEOREMS)

9. Week : 1. Chebychev inequality, 2. Weak law of large numbers.

10. Week : 3. Strong law of large numbers. 4. Central limit theorem.

The problems will be in a similar style as the homework problems.
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Chapter 1

Finite probability spaces

1.1 Boolean algebra of a finite set

Definition. Let 2 be a finite set. A set A of subsets of {2 is called a Boolean algebra if

(i) N e A,
(i) Ac A— A e A,
(i) AL Be A= AUBec A

The pair (12, .4) is also called a measurable space.

A Boolean algebra is closed under all set-theoretical operations:

Notation:
Uk, Ak is a short hand notation for A; U A;...,A,.
Nk<; Ak is a short hand notation for A; N AzN...AA,.
AP _, Ak is a short hand notation for 4;AA;...AA,.
A\B={we A|w¢ B}.
weANBswe Aandwe B
weAUBswe AorweB
we€AAB& we Axorwe B

weA\Bewe Aandnotw € B

Lemma 1.1.1 Let A be a Boolean algebra. Then:
a) 0 e A

b) AL Be A= AnBe A.

¢) A, Be A= A\Be A.

d) A,Be A= AABec A.

Proof. a) 0= Q°.

b) AN B = (A°U B°)-.

c¢) A\B=ANB*

d) AAB = (AUB)\ (AN B)



Examples.

1) Let A be the set of all subsets of 2. This is a Boolean algebra.

2) Let A be the set {0, Q}. It is a Boolean algebra.

3) Let A be the set {0, A, A°,Q}. It is a Boolean algebra. It is the smallest algebra containing A.
4) Let S be a finite set of measureable sets. Then A(S), the smallest algebra containing S is a
finite algebra.

Lemma 1.1.2 If A and B are Boolean algebras over (2, then ANB is a Boolean
algebra over 1.

Proof. Qe A QeB=0e€ ANB.
Ae AnB,Be AnB,then ANB € ANB.
A€ ANB, then A =€ ANB. ]

Remark. It is not true that if A and B are Boolean algebras, then AU B are Boolean algebras.

Probabilistic interpretation: think of 2 as the set of possible experiments and of A as a set of
events. A translation into common language is:

AU B: Events A or B occurs.

AN B: Both events A and B occur.

A€ N B¢ Neither A nor B occur.

AAB: Exactly one of A or B occurs.

AN B =0: The events A and B exclude each other.
A C B: If A occurs, then B occurs.

Example 1). We are throwing a dice two times. Each experiments is a point in a finite set
Q= {(a,b) | a,b € {1,2,3,4,5,6}}
containing 36 elements. An example of an event is
A={(a,b)eN|a+b=T}.

It contains 6 points in 2. (Make the experiment).

Example 2). Consider a chessboard with 8 x 8 plaquettes. Occupy with probability 1/2 every
plaquest‘te of the chessboard. The probability space has 2% elements. .A, the set of subsets of Q
has 2% elements.



We met the last time a problem:

Given two events A, B. What is the interpre-
tation of A C B?

Clearly w € A = w € B. So, if A is given by a statement S, and B by a
statment T', then S = T.

On the other hand, if A has the property S and B has the property T', then
the property T is a part of property S and I ment property T implies property
S.

The problematic is the following: our language is not precice. Sometimes, ad-
Jectives are used for narrowing properties, sometimes used to enrich properties.
This is reflected best in the following joke:

All thiefs are human beeings. Therefore, all
good thiefs are good human beeings.

The problem is that the first time, good is used in a enriching way, the second
time in a narrowing way.

Example. Throwing dices:
THE PROBABILITY SPACE:

Q={(a,)|a€{1,2,...,6},be{1,2,...,6}.

A={AcCQ}.

P[A]=|Té—|l.

EXAMPLES OF EVENTS:
A={a+b="T1}

B={a+b<T}

We have A C B and the statement "a + b = 7” implies the statement a + b > 7”. Properties are
used always in a narrowing sense.

1.2 Finite probability spaces

Definition. Let .A be a Boolean algebra over a finite set 2. A function P : A — R is called finitely
additive if
P[AU B] = P[A] + P|B]

for all disjoint sets 4, B € A.

Definition. A finitely additive function P on A is called a measure if P[A] >0 for all A€ A. A
measure is called a probability measure if it is a measure and P[] = 1.



Definition. If P is a probability measure on (f2,.4), where € is a finite set and A is a Boolean
algebra on €2, we call (2, .4, P) a finite probability space.

Proposition 1.2.1 Let (2, A, P) be a finite probability space. Then:

a) P[0] =0.

b) AC B = P[A] < P[B].

¢) P[A°] =1 - P[A].

d) P[AU B] = P[A] + P|B] - P[An B] < P{A]+ P[B|.

e) P U?:l Ai] = E:=1 (—l)k_l 2151’1 <iz<..<ix<n PlA;, NAi0...N Aik]'

Proof. a) Since 0 is disjoint from @, we have by the finite additivity
P[0} = P[0V 0] = P[0] + P[0]

and so P[0] = 0.
b) If A C B, then A is the disjoint union A = BU (A \ B) so that by the finite additivity and
nonnegativity of P

P[A] = P|B]+ P[A\ B] > P[B].

c) A and A€ are disjoint. By the finite additivity
P[A] + P[A°] = P[AU A} =P[Q] =1.

d) is clear and a special case of e)

e) If we take >, P[A;], then we have counted twice the sets A;; N A;, with i; < i3. We take them
away. But then, we have taken away twice the sets 4;, N A;, N A;, we again add them. And so on.
O

Notation. Given A € A, we denote with |A|, the number of elements in A.

Examples.
Let A be the Boolean algebra of all sets of subset of (2.
1)
|A|
P[A]l = =
[4] o]

is a probability measure on (2, .A). It is called the normalized counting measure.
2) For every w € Q,

1, €A
== {28

is a measure on (9, .A).
3) Given Q = {w;,w2...,w,} and n nonnegative numbers p,, € R with 3 qp, = 1. Then

P[A] = Epw
wEA

is a probability measure on Q. Both examples 1) and 3) are special cases. Every probability
measure P is of this form with p, = P[{w}].



Probabilistic interpretation. A probability space (12,4, P) determines the experiments as well as
its possible events as well as the probabilities that each event occurs. One reads:

P[A] = p: The probability that the event A occurs is p.
P[A] = 0: The event A doesn’t occur almost surely.
P[A] = 1: The event A occurs almost surely.

It is important to distinguish between: the event A does not occur A = @ and the event A does
not occur almost surely, P[A] = 0.

Cultural remark. Finite probability spaces seem to be very special and not so useful. Only in the
80’th of this century, Nelson has shown that all the calculus of probabilities can be done on finite
probability spaces without loss of generality. This is possible because of Nonstandard analysis
with which much of the current mathematics gets much simpler. However, it will probabily some
decades until this knowledge will enter in courses of calculus or probability.

Problem. Dave has two children. One of them is a girl. What is the probability that the other
child is a boy.

Model the probability space: Without knowledge, we had the probability space @ = {BG,GB, BB,GG}
with the algebra of all subsets and with the Laplace probability measure. Let A be the event that
one of them is a girl. We have

A={BG,GB,GG} .

We have to model this new probability space so that every of these three possibilities have the
same probability. Clearly, the probability that the other child is a boy is 2/3.

We will come back to this example.

(In average, 83 give the right answer.) Computing probabilities of events in a probability space
(2, A, P) is a combinatorial problem.

Let Q be the set of subsets of a finite set X with n elements.

1) Then 2 contains
nl=n.-(n-1)-(n-2)---2-1

elements.
2) Let A be the event in 2 that w contains k elements.
1
4= 1) - womm
elements.
3) Let A be the event that w contains k different elements.

n!

4] =

=n-(n-1)---(n—k+1)

n—k!

elements.

Let 2 be the set of vectors (ay,...,aq) with a; € X, where X is again a finite set with n elements.



1) Q contains (n!)¢ elements.

2) Theset A C Q
A= {ai € A,-},Ai cX

then A contains HLI |A;| elements.
Many combinatorial problems are not so easy:

1) Let Q be the set of permutations of of {1,2,...,n}. Let A, be the set of permutations in €,
which have no fixed point. One can show that

I e G V)
IA"I_n!;_:T°
We see that [A,|/|2]| — e.

2) Let €, be the set of all subsets R of N = {1,2,3...} such that 3 .7 = n. The number |Q2,]
is finite and denoted with p(n) and called the number of partitions of n into positive summands.

3) Let Q, be the set of n x n matrices with entries 0 or 1. How many of them are invertible? For
n = 2 for example, there are exactly two invertible matrices. We do not intend to solve the general
problem.

4) Let (2, be the number of alcohols C,, Hzn+1OH. Two molecules which can go into each other by
deformation are considered as identical. For n = 3 for example, there are two different molecules.

r 1
H H H H H H
I [ |
H-C-C-C- OB H-C-C -C-H
(I o |
H H H H OH H

The problem is a problem in denumerating trees and we do not intend to solve it here.

1.3 Constructions of new probability spaces

1. Construction: CHANGING OF THE ALGEBRA
Given a probability space (2,4, P). If B C A is an other algebra, we call it a subalgebra. We

get a new probability space
(Q,B, P)

by restricting P to B.

Interpretation. The probability space (2, B, P) models a situation, where we know less events
than before. This can be interpreted that we can no more observe the experiment with the same



accurancy. Example. We are throwing dices and suddenly, we can no more read all of the numbers
of the dice but only see whether they are even or odd. 2 = {1,2,...,6} with A = {A C Q} goes
over into A = {0,Q,{1,3,5},{2,4,6}}.

The size of the algebra measures the accuracy of the
measurements.

In applications, one often has not only one subalgebra but many subalgebras and so a family
of probability spaces. This is especially important in gambling situations, where with time, the
knowledge about the system is changing.

Proposition 1.3.1 The space (2, B, P = P|B) is again a probability space.

2. Construction: PRODUCT PROBABILITY SPACE
Given two probability spaces (€, .A;, P;) for i =1,2.
Define the new probability space
(2,4, P)
where @ = )y x Q2 = {(w1,ws) | w1 € R1,w; € N2} and A is the smallest Boolean algebra, which
contains the sets (A;, A;), 4; € A;.

(Since there are only finitely many Boolean algebras on B we can take the intersection of all Boolean
algebras, which contain these sets). By requiring

P[(A1, A2)] = P1[A1]P;[A;]

we determine P on A since every A € A is a finite disjoint union of elements of the form (A;, A;).

Proposition 1.3.2 The product space is again a probability space.

Proof. Enumerate the atoms of §2; and Q2 and attach to them the probabilities a;, b;. P[{a}] = pa,
P[{(a1,02)}] = Ppa,Pa, by definition. Additivity positivity is clear, normalisation 3, p; = 1,
>;9 = 1. Therefore, 3=, pig; = 1. -

Example. We are throwing dices twice. The probability space (Q,.41, P;) describes the first
experiment, the probability space (§2z, 42, P;) the second one. The product space models the two
experiments together.

The product probability space models different ex-
periments which have do not influence each other.

We can iterate this construction and get the product space (2, A, P)".

Example. If we are throwing dices n times, then this experiment is described by the probability
space (2, A, P)*, if (2, .4, P) describes a single case.

10



Example. We are throwing a dime n times. The probability of the event that we have k times

head is :
k n!
Al = ( ‘n)’k!-(n—-k)!'

3. Construction: CONDITIONAL PROBABILITY SPACE
Definition. Let (2,4, P) be a finite probability space and assume B € A satisfies P[B] > 0. Define
the conditional probability of A given B by

__ P[AnB]
PlA|B] = PB]
We get a new probability space
(B)AHB)PHB]) y

where ANA = {ANB| B € A} and P[B | A] = P[AN B]/P[A] is the conditional probabiliy
measure with respect to A.

Interpretation. The probability space (A,.AN A, P||A]) models a new situation, where we know
that A occurs.
P[A|B] is the probability that A occurs under the condition that B occurs.

The conditional probability space is the situation,
where the experimentalist works with more infor-
mation and this information excludes certain exper-
iments.

Example. Look again at Dave who has two children and we know that one child is a girl.

We model first the situation without the additional knowledge. Then, (Q, A, P) = ({GB, BG,GG, BB}, A, P)
and each of the events {GB},{BG},{GG},{BB} has equal probability 1/2. Knowing that one

child is a girl restricts the probability space to A = {GB, BG, GG} and we compute now the con-

ditional probability that we have one boy P[{BG,GB, BB}|A] = P[{BG,GB}]/P[A] =1/24/3=

2/3.

Proposition 1.3.3 Given a finite probability space (2, A, P) and B € A with
P[B] > 0, then (B, AN B, P{- | B]) is a probability space.

Proof. AN B is a Boolean algebra and Q[A] := P[A]B] is a measure. a

Example. A dice is thrown and the result is known to be an even number. What is the probability
that this number is divisible by 37
Q=1{1,23,4,56}, B={2,4,6}, A= {3,6}. Since only one element in B is divisible by 3 and
P[B] = 1/2, we have

P|A|B] = P[AnB|/P[B}]=1/6:1/2=1/3.

Example. An urn contains 10 white and 6 red balls. Let A; be the event that one obtains a white
ball the first time one takes a ball and A; the event that one gets a white ball, the second time
one takes a ball. We have

P{Az|A1] = P[Az N A;]/P]A;] = 9/15.

11



In applications, it is often dangerous that when measuring a probability, not hidden conditional
probabilities are measured. See in Appostol the example of the Biology department which wants
to find out, if there are more boys or girls in the U.S. population.

Eiven simple problems can be surprisingly puzzling:

Problem. The three door problem , Monty Hall problem (1991)

Suppose you’re on a game show and you are given a choice of three doors.
Behind one door is a car and behind the others are goats. You pick a door-
say No. 1 - and the host, who knows what’s behind the doors, opens another
door-say, No. 3-which has a goat. (In all games, he opens a door to reveal a
goat). He then says to you, "Do you want to pick door No. 27" (In all games
he always offers an option to switch). Is it to your advantage to switch your
choice?

Answer: Switching the door doubles the chances to win:

The problem was discussed by Marilyn vos Savant in a ”"Parade” column in
1991 and provoked a big controversy in the next months. Thousends of letters
were written. The problem is that intuitive argumentation can easily lead to
the conclusion that it does not matter whether to change the door or not.
Modeling the problem with a probability space and taking conditional proba-
bilities is a bit confusing. It is simpler to model seperately the two strategies
"switching” and "no switching” in two probability spaces and to compute the
winning event in both cases. In both cases, the probability space has three
elements!

No switching: The probability space consists of three elements
Q = {goat, goat, car} .

The event that you win is
A = {car}

You choose a door and win with probability 1/3. The opening of the host does
not affect any more your choice.

Switching: you choose the door with the car. You loose since you switch.
You choose a door with a goat. The host opens the other door with the goat.
You win and there are two cases, where you win. There is one case, where
you loose. The probability to win is 2/3. Again, we model the thing with a
probability space: 2 = {car, goat, goat}. This time, the event that you win is
A = {goat, goat} and it has probability 2/3.

Proposition 1.3.4 Given disjoint events A; with |J_; A; = Q. Then

PlA]= )" PlAJA)]- Pl4)].

i, P[A;]>0
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Proof. Since A ={J;_, AN A; and the sets AN A; are disjoint we have

n n
PlA]=) PlANA] =) P[A|A|P[4].
i=1 i=1
o
Interpretation. The probabiliy of A can be computed in a case to case study: Compute P|{A]A;]
in different cases and add the probabiliies up.

1.4 Independent events

Definition. Two events A and B are called independent if P[AN B] = P[A] - P[B].

Proposition 1.4.1 Two events A and B are independent, if and only if either
P[B] =0 or P[A|B] = P[A].

Proof. If P[B] = 0, then B is independent of any other event. If P[B] > 0 and A and B are
independent then P[A|B} = P[AN B]/P[B] = P|[A]. If P|B] > 0 and P|AN B]/P{B] = P[A], then
P[AN B] = P[A] - P[B] and A and B are independent. O

Definition. A finite set {A;}:cr of events is called independent if

P Al =]] PlA:]

ieJ ieJ
forall J C I.

Example. Let Q@ = {a,b,¢,d} and P the uniform probability giving to each of the elements prob-
ability 1/4. The events A = {a,d}, B = {b,d},C = {c,d} are pairwise independent since they
have all probability 1/2 and their intersection has probability 1/4. The intersection AN BN C is
{d} and has probabiliy 1/4 while P[A]- P|B]- P|C] = 1/8, so the events A, B, C are not independent.

Independent events are very natural when doing an experiment with randomness several times.
This situation occurs in gambling.

Remark. Independence can sometimes be overcome in games. For example, in Black Jack, there
are people called ”counters” who keep track about the partial sum over all played cards. This
leads to an advantage of the player since the next experiments are no more independent. In the
extreme case, when all cards except one card has been played, the "counter” knows for sure the
value of the next card. (See Los Angeles magazene). This advantage is so big that one can live
with that 30000$ per year. But one has to do it without been caught!

Definition. Let (A,F, Q) be a probability space. For every n, we can form the product space
Q, A, P) defined as follows:  is the set of n tupels with entries in A, A is the smallest Boolean
algebra which contains all the sets (A, Ag,..., A,) with A; € F. The probability measure P is
determined if we define P[(A;, Az,...,As)] =[], QLA

An important example is the case when A = {0,1} and Q[{0}] = ¢,Q[{1}] = p. The event
A={we Q| Y, w; = k} has probability

PA] = ( Y )p’“q""‘-

13



This is called Bernoulli’s formula.

Probabilistic interpretation. If (A, F,Q) describes a single experiment (like throwing a dice) then
(R, A, P) describes n independent experiments.

Proposition 1.4.2 Let (2, A, P) is the n-fold product space of a probability
space (A, B, Q). Let B; be events, which depend only on the i-th outcome:

A ={w = (wi1,...,wn) | w; € B; C A}

Then B; are all independent.

Proof. We have by definition of the probability measure P that P[B;] = Q[A4;] and

k k k
P[n sz'] = HQ[AJs] = H P[B;] .
i=1 i=1

i=1

0

Together with a problem in the homework, we see that chaning A, taking the product space or
taking the conditional probability space are all leaving invariant independent events.

Appendix: Lotto. Geometric filling out of the lotto matrix. Does this decrease the probability of
winning? What happens, if you use the date of the day as your guess?

1.5 Random variables

Definition. Let (£2,.4, P) be a probability space. A function X : @ — R is called a random
variable, if for all values a € R, we have X ~({a}) € A. One says, that X is measureable.

Example. If A is the set of subsets of 2, then every function X : Q - R is a random variable.

Example. Given a set of functions X;, X2,...,X,, on a set (. It is natural to consider the mea-
surable space (X,.4), where A is the smallest algebra such that X; are measureable.

Example. We are throwing dices 2 times. We have already seen that this probability space has
36 elements. Every experiment is given by a pair w = (w;,w2). Look at the random variables
X(w)=w; or Y(w) = w,.

Proposition 1.5.1 The set L of random variables on the finite probability
space (2, A, P). form an algebra: This means a) X,Y are random wvariables,
then X +Y is a random variables.

b) X is @ random variable and A € R, then AX is a random variable.

¢) X,Y are random variables, then XY is a random variable.

d) Given a function f : R > R, then f o X is a random variable.

14



Interpretation. Random variables are outcomes of measurements. For every experiment w, we have
the outcome X (w). If (2,4, P) models an experiment a random variable X is a measurement.

1.6 Some more examples

We do not address the question, how big is the probability that there is life on an other planet, or
if the time for evolution of human beeings was enough or if it needed a kick from outside. Such
questions are subtle but involve a lot of probability. The main problem with such questions is that
the set-up is not easy at all.

1) The random number generator with filter (see Week 3 homework.

[ 1
Generator:=Random{Integer,{1,50}]
Filtered:=Module[{n=Generator},While[Mod[n,3]==0 !! Mod(n,2]==0, n=Generator];n];
Experiment{n_] :=Table[Filtered,{n}];
CountPrimes [s_} :=Module [{k=0} ,Do [If [PrimeQ[s[[i]1],k++],{i,Length(s]}];k];
CountDivisiblae[s_]:=Module [{k=0},
Do[If{Med(n,3]==0 || Mod[n,2]==0,k++],{n,Length[s]1}];k];
£[n_] :=CountPrimes[Experiment [n]]1/n;
Number0fPrimes=CountPrimes [Table[n,{n,50}1];

NumberOfDivisible=CountDivisible[Table[n,{n,50}]1]
| |

What is the average outcome of the random generator and the random generator with filter? The
original generator has in average a value 51/2 (Gauss). There are 15 prime numbers and the
generator gives a prime number with probability 3/10. The tuned generator gives the numbers
1,5,7,11,13,17,19, 23, 25, 29, 31, 35, 37,41,43,47,49 randomly and there are 13 prime numbers.
The tuned operator gives a prime number with probability 13/17. In average, it gives a value
253/17 which is around 15.

2) Balls in a box. Assume we have a box with two rooms of size p and ¢ with p+ ¢ = 1. Assume
we have n particles are in this box modelling a gas. We assume the particles move around in a
random independent way so that a particle is with probability p in the left box and with probability
¢ in the right box. What is the probability that we have k particles in one box and n particles in
the other box. We have computed the probability already. Omega = {left,right}™. Bernoulli’s
formula gave the right probability:

Bi(p,q) = ( Z )p’”q""‘ .

How many particles do we expect to be in the left room?
This is a nice calculation: Since the function Bi(p,q) gives summed up (p + ¢)* = 1. we differen-

tiate the sum with respect to p, which gives n and with the other formula ), k ( Z ) pk—1gn—Fk

so that we compute the average np.
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3) The random walker in the plane. We look at the one-dimensional model in detail later on.

The problem. Assume a walker walks on the chessboard starting at the middle and moves at each
step with probability p,,pi, pu,pa into one of the four directions.

a) What is the probabilty that it is after 6 steps again at the same place?

b) How far is he expected to be in 6 steps in the x direction, how far does he expect to be in 6
steps?

Let us do it first with the computer:

The probability space: Q = {(1,1,1,1),(,,L,u),(,1,1,7),(1,1,1,d),...} has 4 x 4 x 4 x 4 x 4 = 4096
elements.
The random variabes X (w) = z coordinate after 6 steps”. Y (w) = y coordinate after 6 steps.

r ]
Omega=Partition[Flatten(Table[{al,a2,a3,a4,ab,a6},
{a1,4},{a2,4},{a3,4},{at,4},{ab,4},{26,4}11,6];
Travel [omega_] : =Module{{s={0,0}},
Do[If[omega[[i]]==1,8=8+{ 1,0},
If[omega[[1]1]==2,s8=s+{ 0,1},
If[omega[[1]1]==3,8=8+{~1,0},
If [omega[[1]]==4,8=3+{0,-1}111],{1,Lengthlomegal}];sl;
Distance[{a_,b_}]:=N[Sqrt[a~2+b"2}]1];
Distances=Map [Distance,Travels];
Travels=Table [Travel [Omegal[i1]1],{i,Length[Omega]}];
Count [Travels,{0,0}];
ProbabilityOfReturn=Count [Travels,{0,0}]/Length[Omega]

AverageTravel=Sum[Travels[[1]],{1,Length{Travels]}]/Length[Omega}
L J

Let us see if we can do it with the brain better.

How many possibilities do we have to make 6 steps and to return. We must make an even number
of steps in each direction.
1) In z direction only: we must move 3 times to the right and 3 times to the left. There are

6
( 3 ) =20
possibilities.

2) In z direction 2 steps and in y direction 4 steps.
Irudud, lruudd, lrduud, lrdduu, Irdudu, lruddu

2*(g)=1so
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possibilities. .
3) In y direction 2 steps and in z direction 4 steps. again 180.
4) In y direction only 20.

Total: 400 possibilities.

The average walk is easy to discribe. Since the event that the walker ends at the point (k,!) is the
same then the probability that the walker ends at the point (~k, —1). We get

E[X]=0,E[Y]=0.

Let us now illustrate the result in a fancy way:

[ ]
<<Graphics‘Graphics’
Stat={Count [Travels,{0,0}],Count [Travels,{0,2}],
Count [Travels,{0,4}],Count [Travels,{0,6}]};
Stat={400, 225, 36, 1};
PieChart[Stat];

BarChart [Stat];
| |

F 1
Stat={400., 225., 36., 1.};
MusicChart[data_]:=

Play[Sum_{i=1}"{Length[Stat]} Stat[[i]] Sin[Stat[[i]]1+10*t], {t,0,10}1;
L J

Here is the random walk in two and three dimensions:

I 1
Ways={{1.,0.},{0.,1.},{-1.,0.},{0.,-1.}};
Tl{x_,y_}]:={x,y}+Ways[[Random[Integer,{1,4}11];
Show[Graphics[Line[NestList [T,{0.,0.},1000]1],
Frame->True,FrameTicks->None,AspactRatio->1]

Ways={{1,0,0},{0,1,0},{0,0,1},{-1,0,0},{0,-1,0},{0,0,-1}};
Tl{x_,y-,z_}]):={x,y,z}+Ways[[Random[Integer,{1,6}]];
Show[Graphics3D[Line[NestList [T,{0.,0.,0.},100013],
Boxed->True, AspectRatio->1]
| }

Here is a film, how the random walker walks:
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I t
Ways={{1.,0.},{0.,1.},{-1.,0.},{0.,~1.}};
TH{x_,y_}]:={x,y}+Ways[[Random[Integer,{1,4}11];
Module[{s={},v={0.,0.},w}, Do[w=T[v]; s=Append[s,Line{{v,w}]]; v=w;
Show [Graphics[s] ,Frame->False,
PlotRange->{{-20,20},{-20,20}}1,{100}1];

1.7 Expectation

Definition. Let X be a random variable on the probability space (22,4, P). If A is the set of
subsets of {2, then the expectation of X is defined as

EX]= ) P{wlX().

weN

In general, we define

EiX]= )  aP{w|Xw)=a}.

a,X(w)=a
Notice that this is defined since X~(a) = {w|X () = a} € A.

Probabilistic interpretation. As the name says, the expectation of X is the expected outcome of
the measurement. In a game, the expectation value of the winning gives your average win.

Proposition 1.7.1 (Properties expectation) Let X,Y be random wvari-
ables on (2, A, P) and let A\, p be real numbers.

a) E[X +Y] = E[X] + E[Y]

b) E[AX]| = AE[X].

¢) X <Y = E[X]| < E[Y].

d) E[X?|=0« X =0.

e) E[X — E[X]] =0.

Proof. Obvious. |

1.8 Variance, Covariance, Correlation

Definition. Let X be a random variable. The variance of X is defined as
Var[X] = E[(X - E[X))?] .

The square o[X] = 4/Var[X] is called the standard deviation of X. If X and Y are random
variables, their covariance is defined as

Cov[X,Y] = E[(X - E[X])(Y — E[Y])] -

18



Example. Let Q = {1,2,3,4,5, 6} be the possible outcomes of throwing a dice, where P[{i}] = 1/6
have all the same probability. The random variable X [w] = w has the expectation

6
E[X]=) i/6=21/6=17/2

i=1
and the variance

Var[X] = f: %(i _7/2)2 = 35/12.

i=1

The standard deviation is 1.70783. This is the expected error we make, when guessing the value 7/2.

Interpretation. The variance is the quadratic mean error and the standard deviation is should be
thought of as the typical deviation from the mean.

The covariance of two random variables X,Y is defined as
Cov[X,Y] =E[(X — E[X])- (Y — E[Y])].

Interpretation. The covariance is the scalar product between the centered random variables of E
and Y.

Proposition 1.8.1 Var{X] > 0.
Var[X] = E[X?] - E[X]2.
Cov[X,Y] = E[XY] - E[X]E[Y].

Proof. a) obvious.
b) Use the properties of expectation: lel m = E[X].

Var[X] = E[(X — m)?| = E[X? — 2mX 4 m?] = E[X?] — 2mE[X] + m? = E[X?] - m?.
c) Let m = E[X] and n = E[Y]. We have
Cov[X,Y] = E[(X — m)(Y — n)] = E[XY] — mE[Y] — nE[X] + mn = E[XY] — mn

0

Example. Consider the probability space (2 = {0, 1}?, A, P) where P[{1}x{0,1}] =p = P[{0,1}x
{1}} ("throwing two dimes”). Given the random variables X (w) = w; and Y (w) = wz. We compute

Cov[X,Y] = E[XY] - E[X]- E[Y] =p* - p* =0.

Definition: Given two random variables X,Y with Var{X] > 0,Var[Y] > 0, the correlation
between X and Y is defined as
Cov|[X,Y]
o[X],alY]
If Corr[X,Y] =0, then X,Y are called uncorrelated.

Interpretation: This means that the centered random variables are orthogonal to each other if
looked at as vectors. If the correlation is 1 or —1, there exists a linear relation between X and Y.

Corr[X,Y] =
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Proposition 1.8.2 a) —1 < Corr[X,Y] < 1.
b) Corr[X,Y] =1 if X -E[X] =Y -E[Y] and Corr[X,Y] = -1 if X - E[X] =
(Y - E[Y)).

Proof. Recall the Schwarz inequality for vectors in R™:

|(:1:,y)|2 < ((E,iE) * (y’y)

where x,y € R". Proof: (recently appeared in Mathematics Magazine)

2k ThYk =1_12< Te % )2
OEAREVIRTIRE 2\ (kv 2
Apply this inequality to z = X — E[X] and y =Y — E[Y].
If Corr[X,Y] = 1, then the two vectors X — F[X] and Y — E[Y] are parallel. o

1.9 More examples about variance

Example 1. Given n particles in a box. We have seen that in average

E[X]= Zk:k< . )pk“‘q""‘ =pn

particles are in the left box. X was the random variable counting the number of particles in the
left box.

With a similar differentiation trick like before we get
2 —_ n k—1 _n—k
p n(n—l)—zkjk(k—n( 2 )

so that E[X?] — E[X] = p?n(n — 1). We get therefore
E[X?] =p?n(n—1)~np

and
Var(X] = E[X?] - E[X]* = np(1 - p) = npq .

Example 2. roulette,
Let @ = {0,1,2,...,36} each with the same probability. Consider the three random variables

1 wevennotO

Xl(“’)={ -1 wodd

3% w=3
Xa(w) ={ -1 else

2 1<w<12
X3(w)={ -1 else
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We have
P[X;=1]=18/37 , P[X;=-1]=19/37
P[X2;=35]=1/37 , P[X;=-1]=36/37
P[X;=3]=12/37 , P[X3=-1]=25/3T7.
We compute E[X;] = —1/37 and
Var[X;] = 12P[X; = 1] 4 (-1)?P[X; = —-1] —1/37%,
Var|X2] = (35°P[Xz = 1] + (-=1)?P[X; = —1] — 1/372%.

1.10 Correlation line

Example. (Linear regression).

Given two random variables X,Y for which we know X, the expectation of Y and the covariance of
X,Y. In order to find the best prediction for Y, we want to find the random variable Y’ = aX +b,
which minimizes Var[Y" — Y] and satisfies E[Y] = E[Y].

Proposition 1.10.1 Given random wvariables XY, for which we know the
expectation, the covariance and the variance of X. .
Among all the random variables Yo p = aX + b the random variable Y with

_ Cov[X,Y]

= VarlX] ,b=E[Y] - aE[X]

if Var[X] > 0 and ¥ = E[Y] if Var[X] = 0. minimizes Var[Y" — Y] under the
constraint E[Y] = E[Y].

Proof. From E[Y] = aE[X] + b = E[Y], we get b = E[Y] — aE[X]. Minimize Var[¥ — aX] =
Var[Y'] + 2aCov[Y, X] — a?Var|X] gives the solution of a. O
Definition. The line y = ax + b is called the regression line.

Interpretation. Assume, we can measure one of the random variables X,Y and the covariance
of them, the random variable aX + b is the best guess for Y. If the two random variables are
uncorrelated, then a = 0 and Y = E[Y] is the best guess for the random variable Y.

Empirical variance and standard deviation.
There are statistical reasons, why one also considers the empirical variance

B{(X - E[X))?]
where E[X] = n/(n — 1)E[X] for n = |Q].
Standardisation.

Given a random variable X, we denote with X* = X—;'%)ﬁ the standardisation of X. This random
variable has mean zero and variance 1.

Example. For a Bernoulli distributed random variable, we get
Xn = (X —pn)/v/np(1-p).

As we will see later, the distribution of X} converges to the Normal distribution. This is a special
case of the central limit theorem and calld the DeMoivre-Laplace global limit theorem.
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1.11 Independent random variables

Definition. Two random variables X,Y are called independent, if for all a,b € R, the events
A={X =a} and B = {Y = b} are independent.

More generally, a set of random variables X; are independent if for all a; C R, the sets {X; = a;}
are independent events.

Remark. It follows that if X,Y are independent, then P[X € a,Y € b] = P[X € a] - P[Y € }].

Proposition 1.11.1 If X andY are independent random variables, then E[X -
Y] = E[X]- E[Y].
More generally, if X; is a set of independent random variables, then

B[] xa1 =] Elxi .
=1 i=1

Proof.
E[XY] = > abP[X(w)=a,Y(w) =]
a€X(Q),beY (w)
= Y. abP[X(w) = a]P[Y (w) = b]
a€X(Q),beY (w)
= ) aP[X(w)=a] ) bP[Y(w)=1]
a€X(D) bEY (w)
= E[X]- E[Y]
The general claim goes by induction. m]

Example. Let (£2,.4, P) be the product space of two probability spaces. Define
X((w1,w2)) = w1, Y ((w1,w2)) = w2 .

Then X and Y are independent.

Remark. This example is a prototype and one can show that if we have given two random variables
which are independent, one can always weeken the algebra A (and rename the atoms to elements
in Q) so that the probability space is a product space.

Proposition 1.11.2 If X,Y are independent and f,g are measureable func-
tions, then f(X) and g(Y) are independent.

Proof. P[X = a] = P[f(X) = f(a)], P[Y = b] =P[g(Y) = g(b)]. Since P[X =a,Y =b]=P[X =
a|P[Y = b], we have also P[f(X) = f(a),(Y) = 9(b)] = P[f(X) = f(a)|P[g(Y) = ¢(b)}. o

Proposition 1.11.3 Two independent random variables X,Y are uncorre-
lated.

22



Proof  Since X,Y are independent, also X — E[X] and X — E[Y] are independent and so
Cov[X,Y] = E[(X — E[X]))E[((Y — E[Y])] = 0. o

It follows that if Cov[X,Y] # 0, then X,Y are dependent. The converse is however not true:

Example: Given a nonconstant random variable U such that E[U%] = E[U®] = 0. Define X = U3
and Y = U?. They are uncorrelated since

E[U3(U? — E[U?))] = E[U®] - E[U3E[U®]| =0.

or better E[XY] — E[X]E[Y] = 0. The variables X,Y are however not independent. Let a be a
value attained by U. Then

P[X =a?Y =a®] = P[U? =%, U% = a®| = P[U = q] ¢ {0,1}

and
P[U? = a®|P[U3 = a®] = P[U = a]? # P[U = 4]

so that X,Y are not independent.
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Chapter 2

General probability spaces

2.1 Cardinality of sets

Definition. A set is called countable if we can enumerate its elements. In other words, a set S is
countable if there exists a bijection between N and S or if S is finite. A set is called uncountable
if it is not countable.

Lemma 2.1.1 (Cantor) If S is countable, then the set S of its subsets is
uncountable.

Proof. Assume P is countable. By definition there exists a bijection f between S — S so that
f(s) € S for all s € S. Define
D={seS|s¢ f(s)}.

Clearly D € S and there exists ¢t € S with f(t) = D. There are two cases: t € D and b ¢ D. In the
first case t ¢ D and in the second case t € D. Both situations are not possible. The contradiction
shows that the existence of f is not possible. 0

Examples.

o The set of finite subset of a countable set is countable.

o The set of subsets of a countable set is uncountable as we have just seen.
o A subset of a countable set is countable.

e The union or intersection of countable sets is countable.

¢ The cartesian product of countable sets is countable.

o The set of rational numbers is countable.

¢ The set of real numbers in [0, 1] is uncountable.

There exists a direct proof of this fact:
Assume, we can number the real numbers. Put them one after each other

.123342344343444323
.123428342834832348

.234823484328384832
.029394823482934842

=W N =
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172734737473730340
.123342344343444993
.982344334423443444
.443445545433345255

o 3 &

Now, we build a new number which differs from the n-th number at the n-th place.

Appendix: Bertrand’s paradox

Colloquial language is not precice enough to treat probabilistic problems. Paradoxons appear,
when the definition of objects allows different interpretations which leads then to funny or wrong
conclusions. We give three famous problems. These three examples should serve as a motivation
to introduce probability theory on a precice footing.

Bertrand’s paradox (Bertrand 1889)
Throw at random straight lines onto the unit disc. What is the probability
that the straight line intersects the disc with a length > /3, the length of the
equilateral triangle inscribed in the circle?

First answer: take an arbitrary point P in the disc and look at the set of all lines passing through
that point parametrized by an angle ¢. In order that the chord be longer than /3, the line has to
lie within an angle of 60° out of 180°. The probability is thus 1/3.

Second answer: take all lines perpendicular to a fixed diameter. The chord is longer than /3,
when the point of intersection lies on the middle half of the diameter. The probability is thus 1/2.

Third answer: look at the midpoints of the chords. If they lie in the disc of radius 1/2 which has
area 1/4 of the whole disc, the chord is longer than v/3. The probability is thus 1/4.

2.2 General probability spaces

Definition. Let Q be any set. A set A C P(S) is called a o-algebra, if it is a Boolean algebra and
if A; is a sequence in A, then {J; A; € A. in other words, we require

(i) Qe A,
(i) Ae A— A°€ A,
(lll) AiEAiuiAiE.A

The pair (2, .A) is called a measurable space.

Example. Let {2 be any set and let .4 be the set of subsets of 2. Then A is a o-algebra.
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As in the case of finite probability spaces, we conclude that a o-algebra is closed under all countable
operations.

Definition. Let .A be a 0-algebra over a set 2. A function P : A — R.is called countably additive

if
P{U A= 2 P[4;]

for all disjoint sets A; € A.

Definition. A countably additive function P on a o-algebra A is called a measure, if P[A] > 0 for
all A € A. A measure is called a probability measure if it is a measure and P[Q] = 1.

Definition. (£, A, P) is called a probability space if P is a probability measure on the measurable
space (2, A).

Examples.
1) Let © = N and A be the set of subsets of 2. For every A >0

A"
PlA]=3 e~
nefQ :

defines a probability measure on the measurable space (£, A).
2) For every s > 1

PlA] = Y (o) n~"

neR

is a probability measure on the measurable space (f2,.4). The function s = ((s) =3, .qn™* is
the Riemann zeta function).
3) The measure

P[A] — Z 9—n+l

nesl

is a probabiliy measure. (see exercice).

Definition. A function d: 2 x Q —» R is called a metric if

(i) d(z,y) 2 0,
(ii) d(z,y) + d(y,2) < d(z,2)
(iii) d(z,y) =0z =y

The pair (2, d) where §Q is a set and d is a metric is called a metric space.

Examples.

1) @ =R, d(z,y) = |z —y|.

2) @ =R2,d(z,y) = &1 —y1| + |22 — 92|

3) Q arbitrary d(z,y) = 1,z # y and d(z,z} = 0.
4) @ ={z € C||z| =1}, d(z,y) = |sin(z - y)|.
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Definition. Let (£, d) be a metric space. A subset A C ( is open, if for every point € A there
exists r > 0 such that the ball {y € Q| |d(z,y) < r} is contained in A.

Lemma 2.2.1 Let {A;}ics be a collection of o-algebras in Q. Then (7 A
is a ¢-algebra.

Proof. Check properties (i), (ii), (iii):

If Q is in all algebras .4;, then it is in the intersection. If A is in all algebras A;, then A° is in
all algebras and so in the intersection. If A;, A2..., is a sequence of sets which are all in 4; then
their intersection is in all .4; and so in the set. a

Corollary 2.2.2 Let S be a set of subsets of . Then there exists a smallest
o-algebra A, which contains S. One says S generates A.

Proof. Take the collection of all o-algebras, which contain S. This set is not empty and its
intersection A has the required properties. O

Definition. Let (€2, d) be a metric space and S be the set of open sets in 2. The o-algebra generated
by S is called the Borel o-algebra. Together with a probability measure P on (f2,.4), one gets
a Borel probability measure.

Definition. Let (£2,.4, P) be a probability space. A point w satisfying P[{w}] > 0 is called an
atom.

Lemma 2.2.3 A probability space (2, A, P) has only countably many atoms.

Proof. The set T,, = {(n + 1)~! < P7}(w) < n~'} contains maximal n elements. The union
T =, T» is countable and every atom has to be in T'. |

Corollary 2.2.4 A probability space, for which every element is an atom is
countable.

Proof. We have seen that an uncountable sum of positive numbers is infinite. a

We come now to the construction of new probability spaces. There is not much to say here since
the definition is the same as in the finite case.

1) Restriction of B.

The same definition. 2) Product probability space.

Note here, that the product ¢ algebra is the smallest o algebra which contains all sets A x B,
where A € A; and B € A;.

3) Conditional probability space.
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The same definition.

What is new now, that we can also define an infinite product space: (we restrict ourselves to
countable products). Let (£;,.A;, P;) be probability spaces. Then the product space 2 consists
of all sequences i - w; and A is the smallest ¢ algebra, which contains all the sets of the form
(040, Ant1, .., Am, 2,9...), with A4; € A;.

2.3 Appendix: Banach-Tarski’s paradox

Denote with R the d dimensional space and with A the set of subsets of R?. Banach has proven
in 1923 that in dimensions d < 2, there exists a function P : A — [0,00] such that P[] = 0
and P[J_, Ai] = Yoi-., P[Ai] if A; are disjoint sets in R? and such that P[R(A)] = P|A] for any
rotation or translation R and P[[]}._,[a:, bi]] = [T;(6; — ;).

In dimensions d > 3 however, there exists the following situation: the unit ball B can be written as
a union of 5 disjoint sets A;, such that after suitable rotations and translations, the sets A;, A2, A3
can be put together to a unitball and the sets A4 and A5 can be put together to a unitball.

It is also known that there exists no countable additive translational invariant measure P on the
real line equiped with the o-algebra of all subsets of R:

An example in one dimensions is due to Vitali.

If one skips one of the basic axioms in mathematics, the axiom of choice, then one could add the
axiom that all subsets of R. are measureable,

2.4 Discrete Random variables, expectation

Definition: A probability space is called discrete if Q is countable. In this case, many things are
very similar to the case of finite probability spaces.

Doing a similar simplification as in the finite case, one can assume without loss of generality that
= N and that A is the set of subsets of N.

Remark. The o-algebra is uncountable or finite. In the later case, it is a Boolean algebra.

Proof. Assume the o— algebra is infinite. Then there exist infinitely many disjoint sets in .A. Take
a sequence Aj, Az,... of such sets. Then for any subset S of N, we have As = |J;c5 Ai € A by
definition. and for different sets S,T" C N, we get different sets Ag, A.

So, when dealing with infinite probability spaces, we have to deal with uncountable o-algebras.
Discrete probability spaces are used to model situations, where the set of outcomes is countable.

Definition. A random variable is a function X : @ — R such that X~1(a) € A for all a € R.

Remark. A random variable on a discrete probability space takes only countably many (or finitely
many) values.
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Definition. The expectation of a random variable X is defined as
E[X]= ) aP[X=d].
acX(9)
This is in general an infinite sum and is therefore not always defined. See the Petersburg paradox!

Definition. We call £L! the set of random variables, for which the sum E[X] converges. These
random variables are called integrable. Nonintegrable random variables do seldom occur.

Example. (Poisson measure) Let @ = {0,1,2,3,4,...} and A= {A C Q} and
Aw
Y
Plwl ==,
where ) is a parameter. Consider the random variable

X(w)=w.

This random variable discribes the number of calles in a telephone center or the number of electrons
emmitted from a cathode. In some sense, it is the most natural distribution on an infinite set and
random variables, which have values in N and which models a random process has this distribution.
We compute the expectation of this random variable:

o0 o0 _ Ak
E[X]=)_kP[X =k] :kgoke AE =X.

k=0

The Poisson measure is a good approximation for large Bernoulli n. Assume np, = A. Then

Ak A N—k
Plsv=H = BWN,B3z(1-7)
_ ’\_kN(N_l)'(N—'k"}'l).(l_i)N—k
TR Nk N
Xe
— —’;-!-e

Example. (Geometric measure) Let Q@ = {1,2,3,...} and P[{k}] = (1—p)*~'p. This is the expected
waiting time for success of independent p distributed random variables P[X; = 0,... Xj_; =
0, X;, = 1]. How long do we expect to have to throw a coin in order to get head? The expected
value of X(w) =w is

EX]=Y k(1-p*"p=1/p.
k=1

Example. (¢ function measure)
Let Q= {1,2,3,4,...} and

P{A] = Z ¢(s)"In".

ne€A
Let us compute the value of E[X] for X(w) = w.

BIX] = ¥ ¢(s)7Inm "+ = (s + 1)/¢(s)
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Plot3D(Zeta[x+1 y-+1.00000001] /Zeta[x+1 y],x,-5,5,y,-5,5] This probability space is actually useful
for an other reason. Take the events

Ay = {n € N | pdivides n}

Take 2 different primes p,g. Then A, N A, = {n pgdivides n}. Let us compute the probabilities of
Ay, and A, and A,,. We have

PlA)] = ()7 ) _(mp) ™ =p~°

PlAd =((s)' ) () =q*

P[Ap N Ag] = ()™ (npg) ™ = (qp)~°

More generally, we see that all the events A, with different primes are independent. Now let us
compute the probability of the set of natural numbers which are not divisible by any prime number.
This is [[,(1 —p7*). On the other hand, this is the set {1} which has the probability {(s)~!. We
have shown Euler’s formula about prime numbers.

We were discussing already examples of probability spaces which were infinite. We had computed
the expectation value of some random variables taking countably many values.

1. Poisson P[X = k] = ’,‘c—';e"“.

We have seen that this is a limit of Bernoulli probability spaces.

2. Petersburg P[X = 2¥] = 2%,

We have seen that this is an example, where E[X] = oc.

3. Zeta P[X = k| = (™*\F/k.

We have seen a proof of Euler’s formula (™° = [ ime(1 —27°).

4. Homework: P[X = k} = 27%. This is a special case of the geometric distribution.

We look first at more examples.

Example. (Geometric measure) Let Q = {1,2,3,...} and P[{k}] = (1—p)*'p. This is the expected
waiting time for success of independent p distributed random variables P[X; = 0,...Xj—; =
0, X = 1]. How long do we expect to have to throw a coin in order to get head? The expected
value of X(w) =w is

BIX]= Y k(1 - ) p = 1/p.
k=1

How did we compute that value? Again with a differentiation trick. Since
d o0 (e o]
k - k—1 - l— k 1_ (k-l)=1 .
; (1-p)*'p dpg( p)p+§::( ») /p

For random variables taking countably many values, we can also easily compute the value

Ef(X)= Y. f(a)P[X=ad].

a€X(Q)
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One has to be careful however with the convergence of the integral. For example, let Y be the
number of ones before a zero in the Petersburg case. Then, X = e¥ was the win in the Petersburg
game. The expectation of Y exists, it is

E[Y]=) kP[Y =k = ik(l —p)¥
k k=1

which is (1 — p)/p * E[Xgeometric] = (1 — p)/p*. The expectation value of X is however co.

In all these examples, it is not essential that Q is discrete. We can take §2 = [0, 1] and define X
as piecwise constant function. The expectation value is then computed by integration and we will
come to that in the next week.

Variance and correlation.
Given a random variable taking only countably many values. (Discrete random variable). Then

Var[X]= Y (a- B[X]*P[X =d].
aeX()

This is as before. For example Var[X] = E[X?] — E[X]?. Now, we need however that E[X?] < .
This is not authomatic. Take P[X = k] = k~3. Then E[X] = >, kk~3 < oo but E[X?] =

Ek k—l = Q.
All the other definitions are analogue.

2.5 Appendix: the Petersburg paradox

Petersburger paradox (D.Bernoulli, 1738)
In the casino, you pay an entrence fee ¢ and you get the prize 27, where T is the number of times,
one has to throw a coin until “head” appears. Fair would be an entrence fee of

oo o0
c=) 2*P[T=k=) 1=co.
k=1 k=1
The paradox is that nobody would agree to pay ¢ = 10.

The following Mathematica procedures allow to simulate the game of Petersburg.

{ 1
Game[n_]:=Table[Module[{s=1},While[Random[Integer]==1,s=2#s];s8],{k,n}];
AverageProfit[n_] :=N[Apply[Plus,Game[n]]/n];

ListPlot [Table[AverageProfit[k],{k,100}]]
L }

This program produced the following graph:

Figure 1. The average profit per game of the player in dependece on the number of games which
were played.
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What is the problem?:

The problem with the situation is that it is not quite clear, what is fair. For example, the situation
T = 20 is so unprobably that it never occurs in the life time of a person so that one actually has
not to worry about so big values of T. But how to solve the paradox? Bernoulli proposed to take

not the the expectation value E[G] of the profit G = 2T but an expectation value say (E[vG)])?
which would lead to a fair entrence

(E[VG))? = (i 2%/297F)2 = (1/(V2 - 1))* ~ 6.25.

It is not so clear if that is the way out of the paradox. Such reasoning play however a role in
economical and social sciences.

2.6 Independence and the Borel Cantelli lemma

Definition. Let {A,}neN be a sequence of of subsets of §. Define the set

Ao :=limsup 4, = ﬁ U An .

n—+co
m=1in>m

Probabilistic interpretation. The set Ao, consists of the set {w € 0} such that w € A, for infinitely
many n € N. It is the event that infinitely many of the events A, happen.

Theorem 2.6.1 (Borel-Cantelli-lemma) 1) Given a sequence A, € A.

D" PlAn] < 00 = P[Aoo] =0.
neN

2) Given a sequence A, € A of independent sets, then

Y PlAn]=00= P[Ax] =1.
neN

Proof.
(1) PlAco] = limpoo P[Uan Ag] < limpyoo Ean P[Ak] = 0.

(2) For every n € N, we have
P A&l = JI Pl4g) = JT (1 - PlAx]) < T exp(~PlA4x]) = exp(~ Y P[A]) =0.
k>n k>n k>n k>n k>n

(We have used in the first equality the independence of the sets A; and in the inequality step the
elementary estimate 1 —z < e~ for z > 0.)

From

PlAL]=P[|J () 4il< D P All=0

neENk>n neEN  k>n
follows P[AS] = 0 and so P[A] = 1. O
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Example. (The independence is necessary in 2): Take the probability space ([0,1], B, P), where P
is the Lebesgue measure on the Borel o-algebra of [0,1]. For A4, = [0,1/n] we get Ay, = @ and
P(Ap) =1/n.

Appendix: Monkey typing Shakespeare

Silly example. (Monkey typing Shakespeare) Writing the collected works of Shakespeare amounts
to type a sequence of N symbols on a typewriter. A monkey types symbols at random, one per unit
time, producing a random sequence X, of identically distributed sequence of random variables in
the set of all possible symbols. If each letter occurs with probability at least €, then the probability
that Shakespeare’s work appears when typing the first N letters is ¢V. Call A; this event. Call
Ay, the event that this happens when typing the (k — 1) N + 1 until the kN’th letter. These sets
Ag are all independent and have all equal probability. The Borel-Cantelli lemma, the events occur
infinitely often. This means that Shakespeare is not only written once but infinitely many times.

To model this example precicely, we have to construct a probability space (£2,.4, P). Take a finite
alphabet A which is a compact topological space with the discrete topology. Form the product
space 2 = A% which is by Tychonov compact and let A the Borel-o-algebra on 2. If we put on
A a probability measure Q, the probability measure QZ exists on (2, .4). It has the property that
any zylinder set Z(w) = {w € Q | Wk = Tk,...wn =r,} defined by a word w = [ri,,...r,] has the
measure P(Z(w)) = [[}_; P(wi = r;) = [];—; Q(r:). Finite unions of zylinder sets form an algebra
R satisfying 0(R) = A. One can show that P is ¢ additive on this algebra. By Carathéodori’s
continuation theorem of measure theory, there exists a measure P on (Q2,.A). The process of
typing is given by the sequence of independent random variables X,(w) = w,. The event that
Sheakespeare is written in the time interval [Nk + 1, N(k +1)] is given by a zylinder set Ax. They
have all the same probability. Use Borel-Cantelli 2).

The following Mathematica procedures allow to simulate the typing of the Monkey:

I 1
Alphabet={a,b,c,d,e,f,g,h,1,j,k,1,m,n,0,p,q,r,s,t,u,v,v,x,y,2};

Monkey([n_]:=Table [Alphabet [ [Random[Integer,{1,26}11],{n}]

l J

We let him type 700 letters on the computer and save it in a file Sheakspeare.

I i
Shakespeare=Monkey[700] ;

Save["Shakespeare",Shakespeare];
L J

2.7 Integration and expectation

Definition. Let (Q2,.4, P) be a proability space. Let B be the Borel o— algebra on R, d(x,y) =
|z —y|. A function X : @ — R is called a random variable if for all B € B, X~!(B) € A.
Example.

1) If A is the set of subsets of A, then every function X is measurable.

2) Let @ = R and A = B the Borel 5-algebra. A continuous function X :  — R is measurable.
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Definiton. A step function is a random variable which is of the form X = Yo 0 14, with

a; € R and where A; € A are disjoint. Call S the set of such random variables. These functions
can alternatively be defined as random variables which take only finitely many values. For X € S
we can define the integral

E[X] :=/9Xd1>=zn:a,-P(A,~)= Y a-PX=d.

i=1 a€X (1)

Definition. Define £! as the set of random variables X , for which

sup /Y dP
YeS,Y<|X|

is finite. For X € £, we can define the integral or expectation

E[X]:= /X dP=  sup /Y dP -~  sup /Y dP
YeS,y<x+ YeS,Y<X-

where X* = X V0 = max(X,0) and X~ = —X V 0 = max(~X,0). The vector space £ is called
the space of integrable random variables.

Examples.
1) If Q is a finite, then the expectation is the expectation we had considered in the first Chapter.
2) If Q is a countable set, then
ElX]= ) Pw)X(w).
weR

We have seen that in a previous section also.
3) Let Q = {a, b] with a < b, A the Borel o algebra and P[(c,d)] = (d — ¢)/(b - a).

Proposition 2.7.1 Every differentiable function f = X on [a,b] is a random
variable.

Proof. The idea is that f: f dz can be written as a limit of Riemann sums. More precicely, we
can approximate f from below and above by functions f < f < f, where

- 1,

fro= ;;ze,fkf(w)lrk
l n

+ _ - n

o= ngzlglfkf(x)ln.

where I = [(k — 1)/n,k/n). These functions are both in S. We know that f: fX—frde<C/n,
where C = sup,, f/(z). a

Actually, much more functions are random variables. All continuous functions for example are
random variables and if X,, is a sequence of random variables converging pointwise to a bounded
function X, then X is a random variable. In order that a function is not a random variable, it
must be pathological and Apostol’s simplified definition in VOlume 2 is wrong but harmless.
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2.8 Distribution of a random variable

Definition. Let X be a random variable. The distribution function of X is the function
F(t) = P|X <t].

One reason to introduce distribution functions is that one can replace integrals on the probability
space ) by integrals on R which is more convenient.

See Apostol 14.5, 14.6, 14.7, 14.9, 14.10, 14.11, 14.13, 14.14, 14.15

We show now that the distribution function is a monotone function on R which takes values in [0, 1].

Proposition 2.8.1 A distribution function has the following properties.
(i) F(t) € [0,1].

(i) Pla < X < b] = F(b) — F(a).

(i) a < b= F(a) < F(b).

(i) lim¢—, o F(t) =0,lim;, o F(t) = 1.

Definition. A random variable has a continuous distribution, if its distribution function is con-
tinuous. If X(2) is countable, then the distribution function is called discrete. In this case, the
function is piecewise constant and has jump discontinuities. In the case of finite probabiliy space,
there are finitely many discontinuities and they are exacly at the places a, where X takes values
and where the jumpheight P[X = a] is positive.

Distribution functions are continuous to the right:

Proposition 2.8.2 Let F' be a distribution function of a random variable X,
then F(a+0) = F(a) and F(t — 0) = F(a) — P[X = q].

Proof. The limits exist because of the monotonicity and boundedness of F. For the proof, note
that for any probability space and any nested sequence of sets A, C A,_; with |y A, = A, we
have P[, Ar] = PIA].

Fl@a+1/n)—F(a)=Pla< X <a+1/n]—>0.
On the other hand

F(a)—F(a—1/n)=Pla-1/n< X <a|=Pla—1/n< X <a]+ P[X =a] > P[X=aq].
(the proof in Apostol p 518 is too complicated). a

Definition. If F(t) = [__ f(s) ds with some continuous function f, then f is called the proba-
bility density of the random variable X.
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Remark. If X has a probabiliy density, then F is is continuous and the random variable therefore
a continuous distribution.

Definition. The expectation of a random variable X with density f(z) is given by

mﬂ:L@ﬂ@m.

Proposition 2.8.3 Assume, we have given a function F which satisfies the
above three properties. Then P[[a,b)] = F(b) — F(a) = P[X € [a,b)] defines a
measure on the Borel o-algebra of @ = R and the random variable X (z) = =
has the distribution F.

Proof. We check that P is a measure when restricted to the set of halfopen intervals {[a, b).
General theory assures that P can be extended to a measure P on the o algebra generated by
these sets. a

This proposition tells that we can speak of distribution functions without having to refer to explicit

probability spaces.

One can see it also differently without using the distribution function. Definition. Given a random
variable X. The measure u on R defined by

#(B) = P[X € B]

is called the law of X.

The random variable Y (z) = z on (R, B, 1t) and the random variable X have the same distribution.
The above proposition says that we actually do not have to know the random variable itself but
only the distribution function. And from this distribution, we can construct the probabiliy space
and the random variable.

REPETITION:

Definition. Let X be a random variable. The distribution function of X is the function

F(t)=P[X <{].

Proposition 2.8.4 A distribution function has the following properties.
(i) F(t) € [0,1].

(i) Pla < X < b] = F(b) — F(a).

(i) a < b= F(a) < F(b).

() lim;_, o F(t) =0,lim, o0 F(t) = 1.

Definition. A random variable has a continuous distribution, if its distribution function is
continuous. If X(f2) is countable, then the distribution function is called discrete.
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Proposition 2.8.5 Let F be a distribution function of a random variable X,
then F(a+0) = F(a) and F(t — 0) = F(a) — P[X = a].

Definition. If F/ = f, then f is called the probability density of the random variable X.

Remark. If X has a probabiliy density, then F is is continuous and the random variable therefore
a continuous distribution.

Proposition 2.8.6 Assume, we have given a function F which satisfies the
above three properties. Then P[[a,b)] = F(b) — F(a) = P[X € [a,b)] defines a
measure on the Borel o-algebra of @ = R and the random variable X(x) =«
has the distribution F'.

Definition. The expectation of a random variable X with density f(x) is defined as

E[X]=/Ra:f(x)da:.

It follows that if ¢ is a continuous function on R, then

Blo(x)) = [ 9(e) f(s) do.
Especially,
Var|X] = E[X?] — B[X]? = / 22 f(z) do — ( / 2 f(x) dz)? .
R R
Definition. Given a random variable X. The measure 4 on R defined by
#(B) = P|X € B]

is called the law of X.
DISTRIBUTION FUNCTIONS OF ¢(X).

Proposition 2.8.7 Given a continuous random variable X with density f and
o differentiable invertible function ¢ : R — R with inverse . The random
variable Y = ¢(X) has the density

g(t) = F@)Y'(®) -

Proof. Let G be the distribution function of Y:
G(t) = PIY <t] = P[X <9(t)] = F(¥(?)) -

Therefore

9(t) =G'(t) = F'(y(@0)¥'(t) = F(»(1)) -
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2.9 Examples of probability density functions

We consider now some examples with continuous densities. A random variable X on a probability
space ({2, A, P) with a given distribution f can always be written as a random variable Y (z) = z
on the probability space (R, A, f(z) dr) because this random variable has also the distribution f.

1. (2 = [a,b], A = Borel, P = dz).
If X has the constant density f(z) = (b — a)~!, then the distribution of X is the
uniform distribution on the interval [a,b]. We compute

b
Empi/zﬂ@m=%m+w.

More generally, we have

1 bp+l_ap+1
p+1 b-a

E[X?] = /b:c” f(z) dz =
and
b®—a® (a—b)?
3b—a) 4

The uniform distribution is used for errors, which are known to be in some interval
like for example a random error of an angle.

Var[X] = = (b—a)?/12.

2. (2 = [0,00), A = Borel, P = ae~°* dz).
If X has the density f(x) = ae™®%, then the distribution of X is the exponential
distribution on R. We compute recursively

E[X?] = / aPae™ dy = %E[X"“l} .
0

Especially, E[X] = o~ 1,E[X?] = 2/a? and Var[X] = a2

The exponential distribution is used to describe the waiting time for an event like the
time for getting a phonecall or the time for writing a computer program.
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3. If X has the density

1 -eme
m,o\T) = € 20 dz )
e @) = Tt
then the distribution of X is called the Normal or Gauss distribution. Important
is the special case m =0,0 =1

f(z) = \/—‘27% dz

which is the standard normal distribution. We have

E[X]=/_oo of () dz = m + J%az/_w(x—m)f(x) do

The second summand is a constant times the integral of the d/dxf(x) and so van-
ishing. By a linear change of variables, we can assume m = 0 now. For odd p, we
have

E[X?] = /R 2P f(z) dz =0

since f is an even function and so z? f(z) = —(—z)? f(—z) is an odd function.
Also

E[|X{?] =2 ! / ”"zda:
= xPe” 247
[1XF7] V2ro? Jo

A change of variables z = z%/(20?) gives

{e o}
E[|X|P] = 7r_1/22”/201’/ 23t -le=2 gy ,,.—1/221)/20?[*(%(1,4_ 1)).
0

Especially, with 1 = 7~1/2T'(1/2),
E[X? =4?

so that o is the standard deviation.

I(n) = [ 2" le7* dz = (n—1)! for
n € N. Proof. 7(1) =1,T'(n) = (n —
1)I'(n — 1) by partial integration.

The normal distribution is used to measure errors of measurements.

4, The distribution of X with density

1

f(w):m,

is called Cauchy distribution. It has no expectiation since

X
5= | e

this integral does not converge since it is majorized by g(x) = Cz~! for some C > 0.
Also the Variance does not exist.
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5. The distribution X with density

S SR
I@) == e

on R* is called the Erlang distribution. The parameters are k and A. The sum
of k exponential distributed independent random variables are Erlang distributed.
A generalisation is the Gamma distribution, where n is replaced by a general real
number o and (« — 1)! by I'(a).

It follows from the fact that we have a sum of random variables that E[X]| = k/) and
Var{X] = k/)2.

[ Distribution | Parameters | Mean ] Variance ||
[ acl) Normal meR,02>0 [ m K

| ac2) Cauchy - Q"

| ac3) Uniform a<b (a+b)/2 (b —a)/12
{_ac4) Exponential | A >0 1/\ 1/X°

{ pp1) Binomial neN,pel0,1] [ np np(l — p)

[[ Pp2) Poisson A>0 A

| pp3) Uniform neN (1+mn)/2 (n2 - 1)/

| pp4) Geometric | p € (0,1) 1/p 1/p*

i 1
Needs[“Statistics‘NormalDistribution‘"]

Variance[NormalDistribution[0,1])

Random[NormalDistribution[0,1]]

Plot [PDF[NormalDistribution{0,1],x],{x,-3,3}] (#Prob. Density. Funct*)

CharacteristicFunction[NormalDistribution[0,1],t]
| |

Exercice type. The random time which is used to repair a TV set is exponentially distributed with
A = 0.5. What is the probability thgat the repairtime is > 3h? How long does it take in average
to repair the TV?

X = randomvariable.
PIX>3|=1-PX<3|=1-F3)=1-(1-e*)=¢23=0.223.

EX]=Xx"1=2.

Some addendum.

1) We have not yet shown that the density of the normal distribution is really a density function,
i.e. that

/:fm,,,(x)dz=1.

We use a trick to compute first I = (27)~1/2 fRe‘IQ/ 2 dz:

We have
I = (2%)‘1//e_’2‘”2da:dy
RJ/R
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2T 00
= (2#)—1/ d¢/ drre /2 =1,
0 0

so that I = 1. The verification of the density is now obtained by a change of variables =
(z —m)/a.

2) We also want to verify that v(1/2) = /7. We do that directly with a change of variables
2
2z =u*dz = 2u.

r(1/2) /0 ~ %e"‘ dz

0 2
2/ e ™ du
0

e o]
\/5/ e v/2 dy = vV2r2
0

3) The distribution with m = 0,0 =1 is called the standard normal distribution.
4) If F is the distribution function with density f, then 1 — F(t) is the area of the region below f

over the interval (—oo,t].

Reminder.
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If X has the density

fm,a(z) = \/2;76_1_’;;22 i
then the distribution of X is called the Normal or Gauss distribution. Important
is the special case m = 0,0 =1

1 22
flz) = e

which is the standard normal distribution. We have

E[X]:/oo zf(x) dz =m + ‘/2%02 [.:(:l:—m)f(m) dx

—00

The second summand is a constant times the integral of the d/dxf(x) and so van-
ishing. By a linear change of variables, we can assume m = 0 now. For odd p, we

have
E[X?] = / 2P f(z) do = 0
R
since f is an even function and so 2? f(z) = —(—z)? f(—z) is an odd function.
Also

E[|X[?] = 2— / Y P o
= re 2o
V2ro? Jo

A change of variables z = z2/(20?) gives
(o o]
E[|X[] = 7r‘1/22”/201’/ 231z gy o 7r_1/22"/20”I‘(%(p +1)).
0
Especially, with 1 = 7—1/2I'(1/2),
E[X?] = o?

so that o is the standard deviation.

I'(n) = [[°2" e dz = (n—1)! for
n € N. Proof. v(1) =1, T'(n) = (n —
1)I'(n — 1) by partial integration.

The normal distribution is used to measure errors of measurements.

Remark about Mathematica.

2.10 Joint distribution of random variables

Definition. Given d random variables X, X3,..., X4. We call X = (X, Xz,...,X4) a random
vector.

Definition. The distribution function of X (also called joint distribution of X1, X;,..., Xy is
defined by the function F' on R%:

F(xh"')wd) = P[XI $w1>X2 Sm‘;’;-")Xded] .
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Definition. Like in the one dimensional case, a distribution function is called discrete if there
exists a countable set C in R? such that P[X € C] = 1. It is called continuous if there exists a
function f : R? —» Rt such that

4 t1 ta
F(t)=/ / e | flyryyz,- - ya) dy

Lemma 2.10.1 If F is a continuous distribution function with continuous
density f then f = Fia,.. 4.

Proof. There exists at most one continuous density function. The formula is checked by integration.
a

2.11 Transformation of random variables

Repetition: The following proposition is of practical value for the generation of absolutely contin-
uous random variables with distribution F'.

Proposition 2.11.1 (Quantile transformation) Let F be a distribution function which is contin-
uous and invertible. Let X be a random variable which is uniformly distributed in [0,1]. Then
Y = F~1(X) gives random numbers with distribution F.

Proof. Since F,(t) = t, we have
Fy(t) = P[Y <t] = P[F~}(X) < t] = P[X < F(t)] = FxF(t) = F(t)

O
Example. F(t) =1 — e * = u, then
F~l1(u) = =2~ log(l — u)
So Y = —A"1llog(1 — X) generates exponential distributed random variables.
More generally
Proposition 2.11.2 Given a continuous random wvariable X with densily f
and a differentiable invertible function ¢ : R — R with inverse 1. The random
variable Y = ¢(X) has the density
g9(t) = fF(H@)IY' O -
Proof. Let G be the distribution function of Y
G(t) = PlY < t] = P[X <9(t)] = F(¥(t)) -
Therefore
9(u) = G'(u) = F'(¥(u))y' (u) = f((w))¥'(u) -
(]
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Example,

Assume, X has a normal distribution with parameter m,o. We want to compute the probability
density function of Y = eX.

Answer, we have g(u) = f(log(u))u! and so

lo; —m)2
o) = -

2rocu

for u > u and Wg(u) = 0 else.
We compute the mean E[Y] = em+2"/2 and Var[X | = emta®(eo® — 1)
This distribution is called the Logarithmic Normal distribution.

For multidimensional distributions, we have:

Proposition 2.11.3 Given a continuous random vector X with density f and
a differentiable invertible function ¢ : R¢ — R? with inverse . The random
variable Y = ¢(X) has the density

9(u) = f(¥(u))| Det(Dy(u))] .

Proof. This is the usual formula for transformations of volume integrals. a

Example. Given a random vector (X,Y’) with joint density f. Determine the density of (U,V) =
HX,Y)=(X+Y, X -Y).

The inverse is (x,y) = ¥(u,v) = ((v + v)/2,(u — v)/2) which has the determinant —1/2 since
Det(D+y) = Det(D¢~') = 1/Det D¢. Therefore fiu,v)(u,v) = 3fx,v)((u+v)/2, (u — v)/2).

2.12 Characteristic functions

Definition. The characteristic function of X is defined as ¢x (t) = E[e*X].
Discrete case:
¢x(t)= Y €“PX=d].
a€X(0)

Continuous case:

oxO) = [ @) ds.

—00

Remark. Characteristic functions are a nice technical tool which simplify many calculations. Es-
pecially, when we deal with sums of independent random variables, characteristic functions behave
nicely. Mathematically, the characteristic function is the Fourier transform of the law of X.

Examples of characteristic functions.
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[t Distribution | Parameter | Characteristic function ||

Normal meR,g2>0 | emit—ot/2

St. normal e t/2

Uniform [—a,a] sin(at)/(at)
Exponential [ A >0 A/ (A —1t)
Binomial neN,pe[0,1] | (p+ (1 — p)e*)”
Poisson A>0, )\ PRCEESY
Geometric | p € (0,1) ?1_—2%5?7

Proof. 1) Normal: Let ¢ = v/ ImaZ .
z—m)?
E[eiX] _ /eitm—%g)— de
The simplest is to verify this fomula instead of deriving it. We prove

Va7 semmtepnegt g
—00

By a change of variables z = (x — m) /o this is

‘/'2_,;;_1 /oo eitza+a’t2/2—z2/2 dec =1

-0
which is true since the left hand side is

V[ e,

—o00
2) Uniform: [* €*/(2a) dt = sin(at)/(at).
3) Exponential: [~ Ael~Ndz = A/(X —it).

4) Poisson is an exercice.

5) Binomial: 3"¢_, B(n, k)e'*p¥(1 — p)(*~*) =7. To compute that, we need to know more about
the characteristic function of sums of independent random variables. Let us compute the case
n=1:

p+et(l-p).

o

Remark. For finite random variables, the characteristic function is a periodic function since it is a
sum of periodic functions. This is not true in general any more as the above examples show.

Characteristic functions are an important tool to compute moments E[X*| of a random variable
X:

Proposition 2.12.1 E[X*| = (—i)kd)g?).
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Proof. We have

. © kikyk O k
ox(t) = BleX] = B[} ‘k'X 1= Ei’“E[Xk];'c—' :
k=0 : k=0 )

If we make the Taylor expansion of ¢:
d tk
$x(t) = x5

and compaire coefficients, we get
E[X*) = if¢{®) .

Proposition 2.12.2 Given a sequence of independent random variables X;
with characteristic functions ¢;. The characteristic function of Z;.'zl X; is

#(t) = ITj=1 ¢5()-

Proof. Since X; are independent, we get for any complex-valued Borel-measureable functions g;
for which E[g;(X;)] exists that
n n
E(JT 9:(x)1 = [] Elgs(X5)]

Jj=1 j=1

since g;(X;) are independent random variables. One can prove this first for random variables
X; = 14, and then for sums and so on but also by realizing that the o-algebra generated by
9;(X;) is a subalgebra of the algebra generated by X;. The claim is the special case g;(z) = e**.
a

Example. Take two random variables X,Y which have normal distribution N(o1,m;) and N(o2,m3).
Then ¢x .y = e™#=010/2mait=c3e/2 s N(m, +my, /o7 + 02) distributed.

This is one reason, why normal distributed random variables are so important. The sum of inde-
pendent such random variables is again in the same class.

Definition. The convolution of f and g is given by

f*9(e) = /R f(@ - 1)a() dy .

Corollary 2.12.3 Given two random variables X,Y with densities f,g. Then
X +Y has the densily f xg. More generally, the distribution of the random
variable 37| X; is given by fix fax ... % fa, if X; are independent with
distributions f;.

Proof. This follows immediately from the last proposition and the algebraic isomorphisms between
the set of characteristic functions with convolution product and the set of distribution functions
with pointwise multiplication . X

fx§g=7-9.
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Proof: o
Xf = XX =/ e f(x) dx

-—00

w .
Xg = XY = / e*g(y) dy

—o0

o0 o0
XX+Y = XXXY = / / =) f(z)g(y) dy do
—00 J —o0

We make now a change of variables £ — 2 = (z +y) so that £ = 2 — y, dr = dz and

o0 X (e o]
XX+Y = / et / f(z—v)9(y) dy = Xsxq -
—00 —o0

Lemma 2.12.4 (Characteristic functions determine the distribution)
The characteristic function ¢x determines the distribution of X.

Proof. (Proof by literature):

Since the Fourier transform of a measure determines the measure uniquely, the characteristic
function of a distribution determines the distribution.

(Proof by hand):

Since a distribution function F' has only countably many points of discontinuities, it is enough to
determine F(b) — F(a) in terms of ¢ if a and b are continuity points of F. A computation shows
that for such points a, b, we have

1 00 ,—ita _ ,—ith
F(t) - F(a) = 5 /_ T gy de.

We verify that in the case when X has a continuous distribution. Then

1 *® —itx
f@) = 7= [ et a

which gives after integration from a to b the above result.
In the discrete case, we have

™
PIX=K= [ eox(t)at

-7
which is the k’th Fourier coefficient of the periodic function ¢x. ]

2.13 Distributions of independent random variables

Definition. Two random variables X,Y are independent, if for all intervals [a,)), [¢, d), we have
P[X € [a,b);Y € [¢,d)] = P[X € [a,b)}P]Y € [c,d)] .
This generalises the definition for discrete random variables, where we required

P[X =a;Y =bl=P[X =a]- PlY =}].
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We get this statement by choosing intervals which contain only one point in X(£2).

For finitely many random variables, the definition is analogue and for an arbitrary set of random
variables, we require that every finite subset is independent.

Proposition 2.13.1 Two random variable X,Y are independent if and only if their distribution
functions Fx,Fy satisfy

Fixy)(s,t) = Fx(s)Fy(t) .
Proof. If X,Y are independent, then
Fxy)(s,t)=P[X <s,Y <t]=P[X <s]- P[Y < t| = Fx(s) - Fr(t) .

Assume now that F(x,y)(s,t) = Fx(s)Fy(t). Take two intervals [a, b), [c,d). We have
P{X efa,t)}n{Y €le,d)}] = PHX <b}n{Y <d}]~P{{X <b}n{Y < c}] - P[{X <a}n{Y < d}] + P[{

= Fx,y(b, d) - Fx,y(b, c) — F(X,y)(a, d) + FX,y(a,b)
Fx (b)Fy (d) — Fx(b)Fy(c) — Fx(a)Fy(d) + Fx (a)Fy (b)
(Fx (b) = Fx(a))(Fy (d) - Fx(c)) = P[X € [a,b)]P[Y € [c,d)]

a

il

Corollary 2.18.2 Two continuous random variables are independent if and only if their density
functions fx, fy satisfy
fxyy (=) = fx(@)fr@) .

Proof. If fix yy(x,y) = fx(z)fy(y), then Fix yy(s,t) = Fx(s)Fy(t) which implies the claim.
The other direction follows by differentiation. ]

2.14 Inequalities

The Chebychev inequality

Theorem 2.14.1 (Chebychev-Markov inequality) Let h be a monoton
Junction on R with h > 0. For every ¢ >0, and h(X) € L' we have

hc) - P[X > ¢| < E[h(X)] .

Proof. Integrate the inequality h(c)1x>. < h(X) gives directly the above inequality. We used the
monotonicity and linearity of the expectation. m|

Example. h(z) = |z| leads to P(]X| > ¢) < [|X||; /¢ which implies for example that E[|X|] =0 =
PX=0]=1.

Important is the following special case:

Theorem 2.14.2 (Chebychev inequality) If X € £?, then

Var|X]
.

PIIX — BX]| 2 o < =
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Proof. Take h(z) = z? and apply the Chebychev-Markov inequality to the random variable
Y = X — E[X] € £? satisfying h(Y) € L. o

The Chebychev inequality is used to estimate the probabiliy that an experiment is more than ¢
away from its mean. This inequality shows that the variation really measures the fluctuation from
the mean.

Example. Given a standard normal distributed random variable X. What is the probability that
|X| > €? We can say that the probability is less or equal than 1/c?. The exact probabiliy is 2F(c)
which could be computed by an integral. The nice thing about the Chebychev inequality is that
it gives a handy estimate about the probabiliy of an error.

Example. Uniform distribution on [—1,1]. Compare the error given by Chebychev with the real
error.

Example. Gambling in the casino with roulette. We have seen that in all the games, the mean
loosing is the same and only the variance changes. The probability to make an amoutn ¢ more or
less can be estimated by the variance.

2.15 The weak law of large numbers

Let X1, X2,... a sequence of random variables on a probability space (2, A, P). We are interested
in the asymptotic behavior of the sums S, = X; + Xz +... X, forn — o0 and especially in the
convergence of the averages S,/n. This behavior is described by ”laws of large numbers”. De-
pending on the definition of convergence, one speaks of "weak” and "strong” laws of large numbers.

How can we generate a sequence of independent random variables?

Proposition 2.15.1 (Construction of independent random variables)
Given a distribution function F, there exists a probability space (2, A, P) and
independent random variables X1, X3,... which have all the distribution F.

Proof. We have already seen, how we can construct a single random variable X with distribution
F. Call this probability space (R, B, Q). Now, we form the product space

(2,4, P) = (RN,BY,QN) .
It consists of sequences w = (w;,ws,...) and the probability measure P is defined by
P[A; x A2 X A3 X Ap++- X A X RxR x...] = Q[A1]- Q[A2] ... Q[An] .

The random variables X;(w) = w; are now independent and have all the distribution F. o

We first prove the weak law of large numbers. There exist different versions of this theorem since
more assumptions on X,, can allow stronger statements.
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Definition. A sequence of random variables Y;, converges in probability to a random variable Y,
if for all € > 0,
lim P|Y,-Y|>¢=
n—ro0

Comparison of convergences: if for some p € [1,00), || X» — X||, — 0, then X,, = X in probability
since by the Chebychev-Markov inequality, P{|X, — X| > ¢ < || X — X,.||P/eP.

The convergence defined by X,, —, X if E[|X, — X|] — 0 is stronger than the convergence in
probability.

Note that we do not need to need the random variables to be integrable in order to define the
convergence in probability.

Theorem 2.15.2 (Weak law of large numbers for uncorrelated X; € L)
Assume Xi € L? have common ezpectation E[Xi] = m and satzsfy
sup, L 37 | Var[X;] < co. If X, are pairwise uncorrelated (Cov[X;, X;] =0
for i #j) then S,/n — m in probability.

Proof. Since Var[X +Y] = Var[X] + Var[Y] + 2 Cov[X,Y] and X, are pa1rw1se uncorrelated,
we get Var[X,, + Xm] = Var[X,] + Var[X,,] and by induction Var[S,] = 37, Var[X,]. Using
linearity, we obtain E|S,/n] = m and

Var[S, /n] = E[(S,)?/n?| — E[S,)?/n* = Var[S,]/n? = — EVar[X,.] —0.

i=1
With Chebychev’s inequality, we obtain

P[IS,,/n—m|2€]s_Vir(€5;+n/ﬁ]_.

(]

In the first version of the weak law of large numbers Theorem 2.15.2, we only assumed the random
variables to be uncorrelated. Under the stronger condition of independece and a stronger conditions
on the moments, the convergence can be accelerated:

Jensen Inequality Definition. A function h is convez, if there exists for all 25 € R. a linear map
l(z) = az + b such that I(xo) = h(xo) and for all z € R the inequality I(x) < h(x) holds.

Theorem 2.15.3 (Jensen inequality) Given X € L. For any convez func-
tion h: R — R, we have

E[r(X)] = h(E[X])
where the left hand side can also be infinite.

Proof. Let I be the linear map at zo = E[X]. By the linearity and monoticity of the expectation,
we get
ME[X]) = UE[X]) = E[l(X)] < E[h(X)] .
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Example. Given p < q. Define h(z) = |z]|?/P. Jensen’s inequality gives E[|X|?] = E[h(|X|P)] <
R(E[|X|P) = E[|X|P]/P. This implies that ||X||, := E[|X|9]*/¢ < E[|X|?]*/? = || X]|, for p < q and
soLPCLiforp>q.

Theorem 2.15.4 (Weak law of large numbers for independent X; € L4
Assume X; € L* have common expectation E[X;] = m and satisfy M =
sup, || X]ls < oo. If X; are independent, then S,/n — m in probability. More
precicely, Y. P[|Sn/n| > €| converges for all € > 0.

N’

Proof. We can assume without loss of generality that m = 0. Because the X; are independent,
we get

n
Elsil= Y  ElXuX,Xi X,
41,82,13,84=1

Again by independence, a summand E[X;, X;, X;, X;,] is vanishing if an index i = i) occurs allone,
is E[X}] if all indices are the same and E[X?]E[X?], if there are two pairwise equal indices. Since
by Jensen’s inequality E[X?|? < E[X}] < M, we get

E[Si] <nM +n(n+1)M .

Use now the generalized Chebychev inequality with h(x) = z* to get

E[(Sn/n)*
Pls/nizd < ZE/mI
n+n? 1
—_— < 2M—.
s M ent — 2 e*n?
a
2.16 Experiment
[ 1
<<Statistics‘Master®
X1:=Random[Integer,{-1,1}];
X2:=Random[NormalDistribution[0,1]];
X3:=Random{CauchyDistribution[1,1]];
X:=X1;T[x_]:=x+X;S=NestList[T,0.,1000]; ListPlot[Table[S[[n]]/n,{n,Length[S]1}1];
l i
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2.17 The strong law of large numbers

The weak laws of large numbers made statements about stochastic convergence of sums S,,/n =
(X1 +... 4+ X;)/n of random variables X,. The strong laws of large numbers make analogue
statements about almost everywhere convergence.

In order to formulate the strong law of large numbers, we need some other notions of convergence.
The first three of the following definitions we have met already.

Definition. A sequence of random variables X,, converges in probability to a random variable
X,if P[| X, — X| > €] - 0 for all € > 0.

Definition. A sequence of random variables X,, converges almost everywhere to a random vari-
able X, if P[X, - X]=1.

Definition. A sequence of LP random variables X,, converges in L? to a random variable X, if
[|Xn — X||p = 0 for n = oo.

Definition. A sequence of random variables X, converges fast in probability, or completely
> PllXn— X| > €] < oo for all € > 0.

We have now four notions of convergence of random variables X,, — X:

Proposition 2.17.1 (Relations between convergences) :

1) In probability
P[|X» — X| > €] = 0,Ve > 0.

/ N

2) Almost everywhere 3) In £
PlX, - X]=1 E[| X, - X|]=0

|

4) Complete
S22, PllXn - X| 2 ¢ <
oo,Ve >0

Proof. 2) = 1): Since
{XnﬁX}=nU n{lxn"Xlsl/k}
k

m a>m

"almost everywhere convergence” is equivalent with

1= PJ () {1Xx ~ XI < 1/k} = Jlim P{() {1Xn ~ X| < 1/k}]

m n>m n>m
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for all k. Therefore
P Xpm — X| 2 < P[[){IXa = X[ 2 €}] 50
n>m
for all € > 0.
4) = 2): From Borel Cantelli, we get for all € > 0

P[| X, — X| > ¢, infinitely often] =0
We get so for e, — 0
P[LJ | X»n — X| > €k, infinitely often] < Z P[|X, — X| > €, infinitely often] =0
n n

from which we obtain P[X, — X]| = 1.
3) = 1): Use Chebychev-Markov inequality to get P[|X, — X| > €] < E[| X, — X|?]/€?. a

Theorem 2.17.2 (Weak law of large numbers for independent X; € L]
Assume X; € L' have common expectation E[X;] = m and satisfy M =
sup,, || X||s, [|X|lz < o0. If X; are independent, then S,/n — m in probability.
More precicely, >, P[|Sn/n —m| > €| converges for all € > 0.

S’

Proof. We can assume without loss of generality that m = 0. Because the X; are independent,
we get

E[Sfl] = E E[Xil X‘iz Xi3Xi4] .
13 ,i2,13,84=1
Again by independence, a summand E[X;, X, X;, X;,| is vanishing if an index i = i, occurs allone,
is E[X}] if all indices are the same and E[X?|E[X?], if there are two pairwise equal indices. Since
by Jensen’s inequality E[X?2|? < E[X}] < M, we get

B[S <nM +n(n+ )M .
Use now the generalized Chebychev inequality with h(z) = z* to get

E[(Sn/n)*
P[|Sa/nl 2 ¢ < Lela/—)_]
n+ n? 1
< M— - <2M s

Theorem 2.17.3 (Strong law for independent X,, bounded in £
Assume X, are independent random variables in L* with common ezpecta-
tion E[X,] = m and satisfying M = sup, || X.||} < c0. Then Sp/n — m
almost everywhere.

Proof. In the proof of the weak law of large numbers dealing with £* random variables, we got

1

P||Sp/n—m| > € < 2Me4n7' .

This means that S, /n — m fast in probability which implies convergence almost everywhere. 0O -
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Theorem 2.17.4 (Strong law for pairwise independent X, € £')
Assume X, € L' are pairwise independent and identically distributed. Then
Sn/n — E[X,] almost everywhere.

2.18 Appendix. Normality of numbers

l 1
(* UNSOLVED PROBLEM; IS PI NORMAL ? IT WOULD IMPLY THAT THE MEAN =)
(» OF THE DIGITS EXISTS AND IS 4.5 *)

Mean[s_]:=N[Sum[s[[1]],{i,Length[s]}]/Length{s]];
PiDigitsn_]:=RealDigits [N[Pi,n]l1[[1]};

ListPlot [Table[Mean[PiDigits([j1],{j,300}]1]

Mean[PiDigits [60000]]

(» THE SAME QUESTION FOR E *)
EDigits[n_):=RealDigits[N[E,n]1[[1]];
ListPlot[Table{Mean[EDigits[j1],{j,300}1];

Mean[EDigits[50000]]

(* A TWO DIMENSIONAL TEST *)

PiDigits[n_]:=Partition[RealDigits[N[Pi,nl][[1]],2];
ListPlot[Partition[PiDigits[1000],2]];

L J

2.19 The central limit theorem

Definition. A sequence of random variables X,, converges in distribution to a random variable
X, ifforallt € R, Pp[X,, <t] = P[X < ¢t] for n = 0.

Relations between convergences. See summary. The convergence in distribution is clearly the
weakest version.

Lemma 2.19.1 X,, converges in distribution to X if its characteristic func-
tions ¢x, (t) converge pointwise to the characteristic function ¢x (t).

54



Proof. 'We can recover the distribution function Fx from X:

-—zta —ztb

F(b) - F'(a)—— / T eyt

In the continuous case, it is even easier to recover the density

f(@) = \/% /_ Z e g(t) dt

I
PX =k = / e~ Fox (t) dt

or in the discrete case

a

Given a random variable X for which its mean E[X] and standard deviation o[X] exists, we define
= (X — E[X])/o[X]. Note that if we take sums of independent random variables, then the
mean E[S,] = nE[X] and standard deviation satisfy o[S,] = o[Xn]\/n.

Theorem 2.19.2 (Central limit theorem for IID random variables)
Given X, € L* which are IID with mean m and variance o?. Then S; —
N(0,1) in distribution.

Proof. Since the characteristic function of N(0,1) is e~*'/2 we have to show that for all t € R
E[evr] — e /2

Denote with ¢ the characteristic function of X,. Since by assumption E[X,] =0, E[X?] = 0%, we
have

o) =1- %29 +o(t?) .

Therefore

Ele**7vr)

&( \/—)"
— (- omy
P12 4 o(1).
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Chapter 3

Summaries

2. Week, (Summary of the theory)

DEFINITION: Boolean algebra PROPERTIES: A Boolean algebra (12,.4) is

Q be a finite set. A set .4 of subsets of ) is a closed under all set theoretical operations:

Boolean algebra, if A,B € A, then
le A
’ De A ANBe A
Ac A A€ A,
A BeA= AUBc A A\Be A AAB € A.

DEFINITION: Probability measure

A function P : A — R is a probability measure if

P[A] > 0, (nonnegativity)
P[] = 1, (normalisation)
PlUL, Ai =Y PlA)],if Ain Aj = 0, all 4,7, (additivity)

DEFINITION: Finite probability space

We say (2,4, P) is a finite probability space if A is a
Boolean algebra on the finite set Q and P is a probabil-
ity measure on ((Q, .A4).
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PROPERTIES:
AcC B= P[4 < P[B].
P[A°] = 1 — P[4]
P[0] =0

SWITCH ON, SWITCH OFF formula:

P[LnJA«i] =Xn:(—-1)k_l Z P[Ail ﬂAizﬂ...ﬂAik]
i=1 k=1

1< <ig<.. . <ipx<n

CONSTRUCTION OF NEW PROBABILITY SPACES:

Change of algebra: (Q2,B,Q) is a probability space, where B C A is a Boolean
algebra, @ restriction of P to B.

Product space:

(9, A, P) = (941, A1, Py) x (Q2, Az, P2), where @ = 3 x (2, A is the smallest algebra
containing .A1 X .Az = {Al X Az |A, € .A1} and P[(Al X Az)] =P [A1] . Pz[Az].
Conditional probability space:

(B, AN B,P[|B]),f Pr[B] >0and ANA={ANB| A€ A}

P[AN B]

PIAIB| = —5r
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3. Week, (Summary of the theory)

DEFINITION:

(9, A, P) finite probability space.
A, B € A are independent if and only if

P[AN B] = P[4] - P[B].

A finite set {A;}ics of events is called inde-
pendent if and only if for all J C I

P[4 =[] Pl4i] .

ieJ ieJ

PROPERTIES:
A, B € A are independent, if and only if either
P[B] =0 or P[A|B] = P[A].

(Q,A,P) (A,B,Q)™ (product space).
Given B; € B then

Aiz{w:(wla“-,wn)lua'iEBi}

are all independent.

DEFINITION: A random variable on a finite probability space (R, .4, P) is a map X :
2 — R such that for all a € R, we have {X = a} € A.

DEFINITION: The expectation of a random variable X is de-

By the definition of a ran-

fined as dom variable, X must be
constant on each atom A

EX]= Y aPlX=d= Y  X(4)-PH4], and X (A) is defined as the

e€X () Ac A, A atom common value, X takes

where an atom is a set in A so that B C A,Be€ A= B =
Aor B=40. If A={A C Q}, then the atoms are all of the form

{w} and
E[X]= ) X(w)PH{w}].

weR

on A. The two expres-
sions for E[X] in the box
to the left are seen to be
the same using a = X (A)
and P[X =a] =
EA atom X(A)=a P[A]

E{X +Y]=E[X]+E[Y]
X <Y = E[X] <E[Y]
E[X] = cif X(w) = ¢ is constant

PROPERTIES OF EXPECTATION: For random variables X,Y and A € R

E[AX] = AE[X]
E[X?=0& X =0
E[X — E[X]] =0.

PROOF OF THE ABOVE PROPERTIES:

E[X +Y] = £ asom(X +Y)(A) - Pld] = T u0ro(X(4) + ¥ (4) - P[A] = E[X] + E[Y]
EDX] = 54 peom CX)(AP[A] = AT 4 oo X (AIPIA] = AE[X]

X <Y = X(A) <Y (4), for all atoms A and E[X] < E[Y]

E[X? =0 X%(A) =0forallatoms A < X =0

X(w) =cisconstant = E[X]=c-P[X=c=c-1=c¢

E[X - E[X]] = E[X] - E[E[X]] = E[X] — E[X] =0
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4. Week, (Summary of the theory)

Variance
Standard deviation
Covariance

Correlation of Var[X] # 0, Var[Y] # 0

Corr[X,Y] =

Corr[X,Y] = 0: uncorrelated X and Y.

DEFINITION: (€2, A, P) probability space, X,

Var[X] = E[ (X — E[X])?].

o[X] = 4/ Var[X] .

Cov[X,Y] = E[(X - E[X]) - (Y - E[Y])].

o[XJo[Y]

Y random variables.

Cov[X,Y]

PROPERTIES of VAR, COV, and CORR:

Var[X] > 0.
Var[X] = E[X?] - E[X]%
Var[AX] = A?Var|X].

Cov[X,Y] = E[XY] - E[X]E[Y].
Cov[X,Y] < o[X]o[Y] (Schwarz inequality).

—~1< Corr[X,Y] < L.
Corr[X,Y]=1if X — E[X]| =Y — E[Y]
Corr[X,Y] = —1 if X — E[X] = —(Y — E[Y]).

BERNOULLI DISTRIBUTED RANDOM
VARIABLES: (@ = {0,1}*,4,P = Q"),
where Q[{1}] =»,Q[{0}]=¢=1-p.

X(w) = Zw,-
i=1

)

) p*q"F =pn

n
k

k n—k

Pm=m=( rq

E[X]:kzzk(

n
k

DEFINITION: X,Y are independent if for

alla,beR
PIX=a;Y =bl=P[X =a]-P[Y =b|.

A finite collection { X;};c1 of random variables
are independent, if for all J C I and a; € R

P[X,'=a,;,’i€ J]=HP[X¢:a,] .
ieJ

Var[X] = ’; k2 ( Z ) PP " —E[X]* = npq
PROPERTIES:

o If X and Y are independent, then E[X.Y] =
E{X]- E[Y].

¢ If X; is a set of independent random vari-
abl%, then E[H:—-l X’] = H?:l E[le'

¢ If X,Y are independent then Cov[X,Y] = 0.
¢ A constant random variable is independent
to any other random variable.
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DEFINITION: The regression line of two
random variables X,Y is defined as y = az+b,
where

oz Cov[X,Y]

= ] 0 = Y] - aBlX]

60

PROPERTY: Given X, Cov[X,Y],E[Y], and
the regression line y = az+b of X,Y. Theran-
dom variable ¥ = aX+b minimizes Var[Y Y]
under the constraint E[Y] = E[Y] and is the
best guess for Y, when knowing only E[Y] and
Cov[X,Y]. We check Cov[X,Y] = Cov[X,Y].




5. Week, (Summary of the theory)

DEFINITION: Important example: One di- || PROPERTIES Random walk:
mensional random walk
(Q = {_I)I}N = {(w = (wl < '“awN) lw‘i € a) Ic {1,...,N}, x; € {—1,1}
{-1,1}}, A= {A C Q}, P[A] = [A]/[92]).
The random variables Xx(w) = wg define PlX;==z,ie l]=2"1.
the k’th step. The random variables S, =
3 k1 Xk(w) describe the location of the ran- b) E[Xi] =0,

dom walker (drunken sailor) at time n. If Xj c) E[Sk] = 0.

is the win or loss in a game at time k, then S, — ] — 97

is the total win or loss up to time n. § is the d)n+zeven, P[X, = 1] =2 ( M22 )
set of all possible trajectories up to time N. n+z odd, P[X, =] =0.

DEFINITION: A gambling system attached
to the random walk is sequence of random
variables Vi such that every event {V, =
c} is a union of sets of the form {w;

i

D1y Wno1 = Tnoa}. PROPERTY of gambli ms:
. gambling systerns:
Let Vi be a gambling system, then You can’t beat the system: E[S}] = 0.

S =3 WX
i=1

is the total winnings with this system.

DEFINITION: Cardinality.

f:A— Bis1:1 or injective: z #y = f(z) # f(y)Vz,y € A.
f: A > B is onto or surjective): f(A) = B.

f is bijectiv < f is 1:1 and onto.

A, B are called equivalent, if there exists a bijection f : A — B.
A equivalent to N: countable infinite.

A equivalent to finite set: finite.

A neither finite nor countable infinite: uncountable.

DEFINITION:
Qe A,

A o-algebra on (1 is a set Ac A= Ac A,

IA of subsets of {1 satisfy- {A1,A2,...} C Acountable =
e U2, 4i € A

P[A] > 0, (nonnegativity)

P: A — Ris aprobabil-| P[Q] = 1, (normalisation)

ity measure if {A;, Az, ...} countable set of disjoint sets =
PlUR, Ai] = Y2, P[Ai] (o-additivity)

A probability space (f2, .4, P) sonsists of a set (2, a o-algebra A on 2 and a probability
measure P on A.

If Q is finite, the probability space is called a finite probability space. If §} is countable, it
is called discrete.
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6. Week, (Summary of the theory)

DEFINITION: A function d: 2 x Q — R is
called a metric if

: > PROPOSITION:
8) (Z(Z;flz)_soé(x’ y) + d(y, 2) Let {A;}ier be. a collection of o-algebras in Q.
(ifi) d(z,y) =0 @ z =y Then ;.1 A: is a o-algebra.

It follows that if S is a set of subsets of 2, then
there exists a smallest o-algebra, which con-
The pair (R2,d) where Q is a set and d is a|| tains S.

metric is called a metric space. Examples.
(R*,d(z - y) = llz —y|l, ({0,1}N,d(z,y) =

o o}

Ei=1 lz; — y:[27%).

DEFINITION: Let (£2,d) be a metric space and let S be the set of
open balls B.(z) = {y € 2 | d(z,y) < r}. The smallest o-algebra
which contains S is called the Borel o— algebra on Q.

DEFINITION: Given a sequence of independent events in a probability space. Define
Ao :=lmsup,,_, ., An =71 Up>m An. Wehave A, = {w [ w is in infinitely many A;}.

BOREL CANTELLI LEMMA: (Monkey typing Shakespeare)

a) If 3 P[A,] < o0, then P[A,] = 0.
b) If 3, P[A,] = 00, then P[A] = 1.

DEFINITION: A random variable X on a probability space (£2,.4, P) is called discrete, if
(X) is countable or finite. In this case, the expectation of X is defined as

EX]= ) a-P[X=4
a€X(§2)

if the sum converges. We denote with £! the set of random variables, for which E[| X ] < 0.
Variance, Covariance etc. are defined as in the finite case (keep always an eye on conver-
gence). Note that if f(X) € £, then

E[f(X)]= )_ f(a)-P[X=4d].

aeX ()
For example if X2 € £, then

Var[X]=E[(X - E[X])*|= Y (a~m)’P[X =d], m = E[X] .
e€X(Q)
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EXAMPLES:

P[X = k| = 3re Poisson  E[X]=) Electrons from cathode
P[X =k]= (1 ~p)*'p Geometric E[X]=1/p Waiting time for success
P[X =k|=((s)"'k™* Zeta E[X]=((s+1)/¢(s) () =25L,n™"
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7. Week, (Summary of the theory)

DEFINITION: Integration, Expectation: Denote with S the set of random variables taking finitely
many values: Define for X € S

EX]:= ) a-PX=d.
a€X(R)

Let £ be the set of random variables X for which SUPycS y< x; E[Y] < 00. For X € £! and
X 2 0, the integral or expectation is defined as

E[X]:= sup E[Y].
YeS,y<x

In general, we decompose X into X = X* — X~ with X* > 0 and put E[X] = E[X*] — E[X].
We write also fa X dP for E[X] since expectation is integration. Variance, Covariance etc. are
defined as in the finite case: Var[X] = E[(X — E[X])?], Cov[X,Y] = E[(X — E[X])(Y - E[Y])].

DEFINITION: The Distribution function of a random variable X is F(t) = P[X < t]. Absolutely
continuous random variable: the probability density function F’ = f exists. Discrete ran-
dom variable: F is piecewise constant with countably many jump discontinuities. The expectation,
variance and E[g(X)] for g(X) € £! is in the continuous case

o0

9(@)f(z) dx

00

zf(z) dz, Var[X] = /_ ” (x — m)?f(z) dz ,E[g(X)] = /

m = E[X] = /
For discrete random variables this is (repetition)

m=E[X]= ) aP[X=d], Var[X]= Y (a—m)*P[X = a], E[g(X)] = > 9(a)P[X = q
a€X(Q) eEX () acX ()

Sometimes, one does not know the distribution of the random variable, then E[X], Var[X] and Elg(X)]
have to be computed by integrating (rsp. summing) over Q.

EXAMPLES OF DISCRETE DISTRIBUTIONS:

| Distribution | Plz = k] = | Parameters | Domain | Mean | Variance ||

|| Binomial ( Z )pk(l -p)»*|neN,pe0,1] | {0,...,n} | np np(l - p) "

[| Poisson dre=> A>0 {0,1,...} [ A A f
[| Geometric [ (1-p)*Tp p € (0,1) {1,2,...} | 1/p /p*
EXAMPLES OF ABSOLUTELY CONTINUOUS DISTRIBUTIONS:
| Distribution | Density f(z) = | Parameters | Domain [ Mean | Variance |
Uniform ligp - (b—a)™’ a<b a,b| (a+b)/2] (b—a)“/12
Exponential | de™?* A>0 Rt /A 1/X*
Normal @ro?)~Y2 e %7 | meR,0?>0 | R m a2
Erlang e Rt A>0,keN | k/A k/\2
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8. Week, (Summary of the theory)

PROPERTIES OF DISTRIBUTION FUNCTIONS:

F(t) € [0,1] Pla < X < b) = F(b) — F(a)
a<b= F(a) < F(b) limg, oo F(t) = 0,lim 00 Fi(t) =1
limeo F(a+€) = F(a) limeo F(a —¢€) = F(a) - P[X = q
Every function F : R — R satisfying the above properties belongs to a random variable X: define

the probability space (Q,.4, P), where A is the Borel o-algebra on 2 = R and P is defined by
P[[a,b)] = F(b) — F(a) = P[X € [a,b)].

DEFINITION: X = (X3, X2,...,X4) is called a random vector if X; are random variables. The
distribution function of X (also called joint distribution of X;, X2,...,X4) is defined as

F(tl,...,td)=P[X1 StlaX2St29-"’XdStdl’

The distribution is continuous if there exists a function f : R - R* such that

t 1 23 tq
F(t)=/ / F(W1,y2y---,9d) dyd.- . - dy2dy: .
—00 —00 -0

TRANSFORMATIION OF RANDOM VARIABLES:

¢ Let F be a continuous invertible distribution function. Let X be a random variable which is
uniformly distributed in [0,1]. Then Y = F~(X) gives random numbers with distribution F.

e Given a continuous random variable X with density f and a differentiable invertible function
é: R — R with inverse 9. The random variable Y = ¢(X) has the density

HOESICIONAVIR

¢ Given a continuous random vector X with density f and a differentiable invertible function
6 : R% — R? with inverse 9. The random variable Y = ¢(X) has the density

9(u) = f(¥(u))|Det(Dy(u))] -

DEFINITION: The characteristic function of X is defined as ¢x(t) = E[e*X].
Discrete case: ¢x (t) = Y ,cx(q) €*P[X = a]. Continuous case: ¢x () = [ © €' f(z) dz.

€
—00

CALCULATION OF MOMENTS: E[X¥] = (=i)*¢{)(0). Especially, E[X] = —i¢/x (0).

SUMS OF INDEPNDENT RANDOM VARIABLES: X; independent with distribution ¢;,S =
>ie1 Xi, then ¢s(t) = $1(¢) - $2(t) - - $a(t)-
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THE GAMMA FUNCTION. Some dis-
tributions use the Gamma function:

I'(n) =/ 2" le7* dz
0

For n € N, we have (n — 1)!. Proof.
') =1, I'n) = (n - 1)I'(n - 1)
by partial integration. Computations

like I'(1/2) = /7,T(3/2) = /7/2 use
fae? = Var.
| Distribution | Parameter { Charact. function |
Normal meR,02>0 [ emit-o7t"/2
Standard normal e~t/2
Uniform [—a,a] sin(at)/(at)
Exponential A>0 A/(A—1t)
Binomial neN,pel0,1] | (p+ (1 -p)e’)”
Poisson A>0 eMe-1)
Geometric p€ (0,1) Tﬂ%ﬁ’ﬁ
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9. Week, (Summary of the theory)

CHEBYCHEV-MARKOV INEQUALITY.
Let b : R* — R* be a monoton function and X > 0 a random variable with h(X) € £'. Then
forallc>0

h(c) - P[X > ¢] < E[A(X)] .

Proof. Take the expectation of h(c)1x>.(w) < h(X)(w). Use the monotonicity and linearity of the
expectation.
CHEBYCHEV INEQUALITY.
If X € L2, then for all¢ >0
Var|X]
e
Proof. Apply Chebychev-Markov’s inequality to Y = | X — E[X]| and h(z) = z?.

PIX - E[X][2 <

DEFINITION.
A sequence of random variables X,, converges in probability to a random variable X, if for all
€>0,

lim P{|X, - X|>¢=0.

n—roo

WEAK LAW OF LARGE NUMBERS.

Assume X; have common expectation E[X;] = m and satisfy sup, 2 37", Var[X;] < co. If X,, are
pairwise uncorrelated, then ). | X;/n — m in probability.

Proof. Since in generl Var[X + Y] = Var[X] + Var[Y] + 2 - Cov[X,Y] and X, are pair-
wise uncorrelated, we have Var{X, + Xn,] = Var[X,] + Var[X,,] for n # m and by induction
Var[S,] = Y1, Var[X;]. Using linearity, we obtain E[S,/n] =m and

Var[S,/n] = E[(Sn)?/n?] — E|Sy]?/n? = Var[S,]/n® = # iVar[Xn] —0.

i=1
With Chebychev’s inequality, we obtain

Var|[S,, /n]
€2

Pl|Sn/n—m| > €] < =0 (n— o).

IMPORTANT SPECIAL CASE.
If X; are independent random variables with the same distribution for which the mean m and
variance exist both, then i, X;/n — m in probability.
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EXISTENCE OF INDEPENDENT RANDOM VARIABLES: (don’t read this!)

Given a distribution function F, there exists a probability space (£2, .4, P) and independent random
variables X;, X5,... which have all the distribution F.

Proof. We know how to construct a single random variable X with distribution F' on a probability
space (R, B, Q). Form the product space

(Q)A’ P) = (RN)BNaQN) .
2 contains sequences w = (w;,ws,...) and the probability measure P is defined by
PlA1 x A2 x A3+  x Ap x Rx R x...] = Q[4;] - Q[A2] ... Q[An] .

The o-algebra A is the smallest o-algebra containing all sets of the form A; x Az x Az-+- X A, X
R X R x ... with A; € B. The random variables X;(w) = w; are independent and have all the
distribution F.
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10. Week, (Summary of the theory)

DEFINITION. A sequence of random variables X, converges almost everywhere to a random
variable X, if P[X, = X,n — oo] = 1.

RELATION BETWEEN CONVERGENCE OF RANDOM VARIABLES: an arrow stands for
?implies”

In distribution
P[X. <t] = P[X <t],Vt € R.

1

In probability
P{|Xa — X| > €] = 0,Ve > 0.

/ N

Almost everywhere In 1
Complete
E:o=1 P[| X, - X| > € < o0,Ve>0

STRONGER WEAK LAW OF LARGE NUMBERS:

Assume X; have common expectation E[X;] = m and satisfy M = sup,, E[X*] < o0,sup, E[X?]? <
0. If X; are independent, then Y, P{|Sn/n — m]| > €] converges for all ¢ > 0.

Proof. Estimation of E[X?] with Chebychev-Markov’s inequality gives P[|S,/n —m| > €] < C/n?
for some constant C.

STRONG LAW OF LARGE NUMBERS:

Assume X, are independent random variables with M = sup, E[X?] < oo, sup,, E[X2] < oo with
common expectation E[X,] = m. Then S, /n — m almost everywhere.

Proof. Direct consequence of the stronger weak law above since complete convergence implies
convergence almost everywhere.

DEFINITION. A sequence of random variables X,, converges in distribution to a random variable
X,iffor allt € R, P[X, <t] - P[X < t] for n — o0.
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CENTRAL LIMIT THEOREM:
Given X, which are independent with mean m and variance 02. Let X be a random variable with

standard normal distribution. Then
Sp ~nm

ovn
in distribution, where S,, = X; + Xz +... + X,..

Proof. A calculation shows that the characteristic functions of S% = (S, — E[S,])/0[Sn] converge
to the characteristic function of X.

- X
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Ma2c, O. Knill, June 1995

Ma2c¢ Final Exam

[ Material: Open book, open notes, open homework, no computer.

I Time: 4 hours in one sitting. No credit is given for work done in overtime.

Form: A blue book is required. Write Ma2c, name, section number and TA’s
name on the blue book. Use whenever possible a new page when starting a new
problem and indicate on each page, at which problem you are working on there.

Due; Return the blue book to the slot marked Ma2C outside Sloan 255 by 11:00
AM, Monday, June 12, 1995. Late papers are not accepted.

Points: There are 8 problems giving in total maximally 100 points. The number
of points for each question and subquestion is indicated in each question and sub-
questions. Write down, how you obtained the solution and which definitions/facts
you need from the theory. The problems have motivating stories which help to un-
derstand the problem better. It is recommended but not necessary to read the
information in boxes in order to solve the problem.




1) Topic: Theorem of Stokes. Consider the surface S = r(B) defined by

2)

3)

B =0,2x] x [0,2] and
r: (u,v) — (vsin(a) cos(u),vsin(a) sin(u),v cos(a)) ,

where o € Ris a parameter. Define the vector field F(z,y, z) = (y, —=z, 2%).
a) (5 points) Compute the flux of the vector field curl(F) through the
surface S using a surface integral.

b) (5 points) Using the theorem of Stokes, determine the value of the line
integral [ F ds, where

v :t € [0,87] — (2sin(a) cos(t), 2 sin(a)sin(t), 2 cos(a)) .

Topic: Theorem of Gauss. Let U be the region in R® which is bounded
by the two tori

Sy : (u,v) — ((8 + 3 cos(v)) cos(u), (8 + 3 cos(v)) sin(u), 3sin(v))

Sy : (u,v) = ((8 + 2 cos(v)) cos(u), (8 + 2 cos(v)) sin(w), 2sin(v))

which are both parametrized by B = [0, 2] x [0, 27].

a) (5 points) Compute with the theorem of Gauss the flux of F(z,y,2) =
(2z + y, 3y + 2%, 52 + y?) through S; and do the same also for the surface
Sa.

b) (5 points) Compute the flux of F through the boundary é6U of U. (As
usual, the boundary is oriented in such a way that the normal vector N
points outside U at all points of 6U.)

Topic: Boolean algebras, Probability measure. Let (2,4, P) be a
finite probability space, where A is the set of subsets of Q and P[4] =
|A|/|9. The following five problems are independent of each other and
can therefore be solved in any order.

a) (3 points) Compute T, 4 P[A].

b) (2 points) Show: P[AN B] = P[AU B] — P[AAB] for all A, B € A.

c) (2 points) Compute ¥,,cq P[{w}] log(P[{w}]).

d) (3 points) Fix BE A. Let B={A€ A| BNA#0 = BC A}. Show
that B is a Boolean algebra.



4) Topic: Finite probability spaces. (Generalisation of the in class dis-
cussed and illustrated three door problem). You are a guest in a show.
You see n > 3 closed doors. Behind one of the doors is hidden a car and
behind the other n —1 doors are goats. You can guess one door. The host,
who knows, what is behind each door, opens n — 2 doors with goats so
that all theses doors are different from your chosen door. You have now
the two possibilities: no switch which is to keep the door you had chosen
at the beginning (and which is still closed), or switch which is to an other
of the two still closed doors. In any of the two cases, if you have now the
door with a car, you win this car, else you win nothing.

a) (3 points) Model the situation switch with a probability space (2, A, P)
and determine the winning event.

b) (3 points) Model the situation noswitch with a probability space and
determine the winning event.

c) (4 points) Compute the probability of the winning event with switching
and the probability of the winning event without switching.

5) Topic: Conditional probability space. Given a finite probabiliy space
(R, .A, P) and disjoint sets B; € A such that Ui_;, B; = (.
a) (5 points) Show that P[4] = T, P[A|B;] - P[B].

b) (5 points) Using a) show that

P[A|B;]P[B;]
~1 P[A|Bi|P[B]

P[B;|A] =

6) Topic: Random variables. Given the probability space (2 = {1,2,3,4},A =
{0,{1,2},{3,4}, P), where P is arbitrary. Determine for the following
statements, whether they are true or not true and justify your answer:

a) (2 points) X = 1(,<3} is a random variable.

b) (2 points) X = 1(,<2} is a random variable.

c) (2 points) X = 17 is a random variable.

d) (2 points) For any three random variables X,Y, Z on (2, A, P), there
exist a,b € R such that Z = aX + bY.

e) (2 points) For any two random variables X,Y on (Q, A, P), there exist
a € R, such that X = aY.

7) Topic: Expectation. The probability space in roulette is defined by
@ =1{0,1,2,...,36},A = {A C Q},P[{i}] =1/37). A new house in Las



Vegas offers to play the following option: as usually you bet 1 dollar. If
the ball hits a number different from zero which is divisible by 5 then you
get back 5 dollars, (you win then 4 = 5 — 1 dollars). In any other case,
you loose your dollar.

a) (2 points) Determine the random variable X : Q — R which measures
your win in one game.

b) (4 points) Determine E[X], which is the expected win or loss.

c) (4 points) Compute Var[X] which is the risk of this option.

8) Topic: Variance, Covariance. Given random variables X,Y and con-
stants c,d € R.
a) (2 points) Show that X and X + c have the same variance.
b) (2 points) Show that Cov[X,Y] = Cov[X +¢,Y +d].
¢) (3 points) Assume Cov[X,Y] = 1,Var[X] = Var[Y] = 1. Compute
Var[3X + 5Y].
d) (3 points) Assume Cov[X,Y] = 0,Var[X] = Var[Y] = 1. Compute
Cov[5X + 7Y,Y + X].

9) Topic: Independent random variables. Given the probability space

@ ={0,1}",A ={A c Q},P=Qq"),Q{1}] =pQ{0}] =1-p.
We know that the random variable X = X; + X, ... + X,, is Bernoulli

distributed: P[X = k] = Z kg k.

a) (3 points) Compute E[X3].

b) (3 points) What is the correlation of X and X?? (Use the result in a))
c) (2 points) Assume n > 4. Compute the covariance of the two random
variables X; + X3 and X3 + Xj.

d) (2 points) Assume n > 2. Compute the covariance of the two random
variables X; + X3 and X.

10) Topic: Independent events and random variables.
a) (3 points) Prove: A, B are independent events if and only if X = 1,4
and Y = 1 are independent random variables.
b) (8 points) If X —Y and X +Y are independent and E{X] = E[Y] =0,
then Var{X] = Var[Y].
c) (4 points) If X = 14,Y = 15 are uncorrelated, then X,Y are indepen-
dent.



Ma2c, O. Knill, May 1995

Ma2c Midterm Exam (Solutions)

1) Topic: Theorem of Stokes. From
r: (u,v) v (vsin(a) cos(u),vsin(a) sin(v),vcos(a)) ,
we compute
~vsin(a) sin(u) sin(a) cos(u) vsin(a) cos(u)
N =ryAry = ( vsin(a) cos(u) )A( sin(a) cos(u) ) = ( vsin(a) cos(a) sin(u) ) .
0 cos(a) —vsin“(a)
The vector field F(z,y, z) = (y, -z, z*) has the curl
curl(F) = (0,0,-2) .

The flux of the vector field curl(F) through the surface S using a surface
integral is

27 2m
/ / curl(F) dS = / du / 2vusin®(a) dv = 87 sin’(a) .
B 0 0

b) The line integral [ 4 F ds is —4 times the integral [, F ds which is by
Stokes given by [ [, curl(F) dS = 8w sin*(a). The line integral has therefore

the value | -327 sinz(a) There was no point
reduction given for direct
computations of the
lineintegral. It is just
more work.

2) Topic: Theorem of Gauss. a) Let U; be the region bounded by
Sy (u,v) > (843 cos(v)) cos(u), (8 + 3 cos(v)) sin(x), 3 sin(v))
and let U, be the region bounded by
S : (u,v) — ((8 + 2 cos(v)) cos(u), (8 + 2 cos(v)) sin(u), 2sin(v)) .

The divergence of the vector field F(z,y,z) = (2= + y,3y + 23,52 + y?) is
10. By Gauss, the flux through S, is

/ / / div(F) dV = 10Vol(U;) = 10(8 - 27)(3*r) = 1440x? .
Uy
Analoguous, the flux through S; is
/ / div(F) dV = 10Vol(U;) = 10(8 - 27)(2%7) = 640x? .
U,

b) The flux of F through' the boundary 8U of U is the flux through S; minus
the flux through S, and is so



3) Topic: Boolean algebras, Probability measure. Let n denote the num-

ber of elements in §). There are : ) sets with k elements. The measure

of such a set is k/n.

n n ne—
) TacaPldl = Sl k/m) (3 ) =2
We computed the value of the sum as follows:
Define the function

f@ﬂ:ii(:)z*=ﬂ+zr.

k=0

Differentiation with respect to z and multipliing with z gives
. ‘
zf'(z) = Zk ( ;: ) gt = nz(l+ )"t
k=1

This gives for z = 1 the identity

2 n

- -1
E k( k)-n?” .
k=1

b) The sets AN B and AAB are disjoint and their union is AU B. The
of the measure P gives

P[AN B] + P[AAB] = P[AU B].

c) We have P[{w}] = 1/n for all w. We get therefore

Y wea Pl{w}]log(P[{w}]) = —log(n). Remark beside: The negative value of
this sum is called the entropy of the measure.

d)Fix Be A Let B={A€ A|BNA#0= BC A}. To show that B is
a Boolean algebra we have to check three properties:

(i) 2 € B because B C  is always true.

(ii) If A € B we prove that the complement A° is also in B: f AN B =0,
then B C A° which implies A° € B. f ANB # 0, then A°N B # @ and
A° € B.

(iii) If A,C € B, then AUC € B. If AN B # @ (which implies B C A) or
CN B # 0 (which implies B C C), then B C AU B and therefore AUB € B.
Assume therefore AN B =@ and CNB = 0. Then (AUC)N B = so that
also in this case AUB € B.

4) Topic: Finite probability spaces.
a) In the situation switch, there are n possibilities, namely the door, you
choose at the beginning. In n — 1 cases, you choose first a goat, call
these experiments goat,,...goat,_1. Or you choose a car and this exper-
iment is denoted by car. The probability space has therefore n elements
lQ = {goat,,...,goat,_,,car} I. The Boolean algebra is the set of subsets of
Q and each of the experiments has the same probability P{{w}] = 1/n. The
winning event is |A = {goaty, goaty,...,goat,_, }] because in each of these
cases, the host will open the n — 2 doors without car (he has no other choice




since he is not allowed to open the door with the car). If you switch to the
other, still closed door, you win the car.

b) In the situation noswitch, there are also n possibilities and again @ =
{goati,...,goat,_y,car}, which are the possible choices of your door. Of

course, the winning event is | A = {car}l c) In the case of switching, you

win with probability |(n — 1)/n| and in the case of noswitching, you win

with probability {1/n |

5) Topic: Conditional probability space. a) With disjoint sets B; € A
such that |Ji_, Bi = 0, every event A can be written as a union of disjoint
events A N B;. By the additivity property of the probability measure, we
have P[4] = Y[, P[A N B;]. By the definition of conditional probability,
we have P[A|B;] - P[Bi] = P[AN B;] and this is true also for P[B;] = 0.

S PlA|Bi]-P[Bi] = )_ P[ANBi] = P[4].

=1 i=1
b) We assume P{A] > 0 because only then P[B;|A] is defined. By multipling
both sides of the equation with the denominator, we see that we have to show

z": P[A|B;|P|B:|P|B;|A] = P[A|B;|P|B;] .

i=1

By a), the left hand side is P[A]P[B;|A] = P[AN B;]. which is also the value
of the right hand side by the definition of the conditional probability.

6) Topic: Random variables. The definition of the o-algebra should be
A = {0,{1,2},{3,4},9}. (There was no other interpretation of the question The printing mistake (2
possible which changed the sense of the question). ;l"i‘:si‘n:;":::::j‘:;‘::
a) FALSE: X = 1{,<g3) is not a random variable because the set {X =1} = be harmless.
{1,2,3} is not in the Boolean algebra. Nevertheless, it should
b) TRUE: X = 1y,<z} is a random variable because the sets {X = 1} =
{1,2} and {X =0} = {3,4} are in A.
c) TRUE: because every constant function is a random variable.
d) FALSE: Take X,Y =0 and Z #0.
e) FALSE: Take X[1] = 1,X[3] = 0 and Y[1] = 0,Y[0] = 1. Then aY|l] =
0# X[1] =1.

7) Topic: Expectation. The probability space in roulette is defined by (Q =
{0,1,2,...,36}, A = {4 c Q},P[{i}] = 1/37).

a) We have
4 we {5,10,15,20,25,30,35}
X(w) = -1 we{0,1,2,3,4,6,7,8,9,11,12,13,
- 14,16,17,18,19, 21, 22,23, 24,
26,27, 28, 29, 31, 32, 33, 34,36}
b)

E[X] = 4P[X = 4]+ (-1)P[X = ~1] = 28/37 - 30/37 =[-2/37].



c)
E[X?] = 4°P[X = 4]+ (~1)’P[X = -1 = 16 - 7/37 + 30/37 = 142/37 .

Var[X] = E[X?] - E[X]* =[138/37].

8) Topic: Variance, Covariance. Given random variables X,Y and constants
¢,d € R. In the following calculations, we use the linearity of the expectation
and the fact that E[c] = c and E[d] = d, since they are constants.

a) Var{X] = E[(X - E[X])?] = E[(X +c— (E[X]+¢))?] = E[(X +¢c—(E[X +
c]))?] = Var[X +c].
b)
Cov[X,Y] = E[(X - E[X])(Y - E[Y])]
= E[(X+c-E[X +)(Y +d- E[Y +d])
= Cov[X +c¢Y +d].
c) Assume Cov[X, Y] = 1, Var[X] = Var[Y] = 1. We use the basic properties
of Var and E to get

Var[3X +5Y] = Var[3X]+ Var[5X] + 2Cov[3X, 5Y]
= 9-Var[X] + 25Var[Y] + 30Cov[X,Y]

= 9+425+30=[64].
d) Assume Cov[X,Y] =0, Var{X] = Var[Y] = 1.

Cov[5X+7Y,Y+X] = 5Cov[X, X]+7Cov[Y, Y] = 5Var{X]+7Var[Y] = [12].

9) Topic: Independent random variables. To compute E[X?], E[X*], we
use the differentiation trick (as seen twice in class for E[X], E[{X?]): we get
by differentiation with respect to p in a point p+¢=1

)p"q”"‘ = (p+g"=1

pk-l n—k n(p+ q)n—l =n

'Y
il

n
k
)
) P73 = a(n-1)(p+9)" P =n(n-1)
)

M-
b
~_~
a-
|
-
N
AN TN N

p )P = e -2)

Z k(k-1)(k-2)(k-3) ( : ) PP " F = a(n-1)(n-2)(n-3)
k=1

By multipling the second equation with p, the third equation with p?, the
fourth equation with p® the fifth equation with p* and using E[X7] =
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E[Y]?)] = 0 or Var[X] = Var{Y].
c) If X = 14,Y = 1p are uncorrelated, then E[XY] = E[X]E[Y] which

implies P[A N B] = P[A}P

by the Iresult proven in a)

B) which means that A, B are independent and
that X,Y are independent.

REMARK: The large variety of questions and ”pencil discrimiation” was an

issue of critics. The later will

probably be dropped in the final. The former will

be kept. Advantages of many questions are that there is a minor risk of being
stuck with a crucial question and that a finer and fairer grading is possible
since most points are already prediscribed. I expected that you will be able
to solve in 4 h about 8 of the 10 questions. Indeed, the average points were
59 points and multiplied with 5/4, this gives an average of 73 points which is
reasonable. You find the scaled number of points also on your book. If you
have questions/complaints about the grading, address it directly to me. O.K.
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910 012345678
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345678

910 01 2

Referring to a) is
necessary! It is NOT true
in general that

E[XY] = E[X]E{Y]
implies independence.
Here, it is true only
because we deal with
random variables taking
only two values.



Ma2c, O. Knill, May 1995

Ma2c Midterm Exam

Material: Open book, open notes, open homework, no computer.

Time: 4 hours in one sitting. No credit is given for work done in
overtime. Do the topics first with which you feel most comfortable with
(since it is not sure that you will have the time to solve all the questions).

Form: A blue book is required. No pencils. Write Ma2c, name,
section number and TA’s name on the blue book. Use whenever possible
a new page when starting a new problem and indicate on each page, at
which problem you are working on there.

Due: Return the blue book to the slot marked Ma2C outside Sloan 255
by 12:00 AM, Monday, May 8, 1995. Late papers are not accepted.

Points: There are 10 problems, each problem gives up to 10 points and
the number of points for each subquestion is indicated in each question.
Write down, how you obtained the solution and which definitions/facts
you need from the theory.




1) Topic: Discrete probability spaces. (12 points)

We model a physical system which can be in different energy states
and which is in contact with a heat reservoir of inverse tem-
perature 0. If the energies take discrete values e;,ez,..., then
the system will be in the Bolzman distribution which is given
by Psl{j}] = e=P% /Z(B), where Z(B) = }_32, e~P¢i is the nor-
malization factor called partition function. The probabilities
Ps[{j}] are called the Bolzmann-factors. The energy of the
state j is ¢; = X(j). The case e; = j is essentally the situation
of the quantum mechanical oscillator. The formula, you will
compute in c) is Planck’s formula for the total energy of a
quantum mechanical oscillator. In suitable physical units, this
is Planck’s blackbody radiation formula, giving the average
energy of the oscillator in dependence of the temperature.

It is important to note that probability theory has its roots partly
in the foundations of thermodynamics but the vocabulary is dif-
ferent Q=phasespace, (2, A, P)= thermodynamic system, random
variable=observable, probability density=thermodynamic state.

Given for every real number 8 > 0 the discrete probability space (2, A, Pp)
with
QoN={0,1,2,...}, A= {4 CQ}Palli}] =
=IN=1U4,4...0,AF aﬁJ—Z(ﬂ)a
where

Z(B) = e
j=0

and the real numbers e; are such that the sum Z(f) is finite. Consider
the random variable X on (2, A, Pg) defined by X(j) =¢; .

a) (4) Show that
£2(8)
zp) ’

where Ejg is the expectation with respect to (2, A, Pg).
b) (4) Compute Z(B) in the case, when ¢; = j for all j =0,1,....
c) (4) Compute, using a) and b), the value of Eg[X], in the case e; = j.

Eg[X] = -



2) Topic: Finite probability spaces, discrete random variables. (12
points)

In many tables of physical constants and statistical data, the lead-
ing digit of the data is not uniformly distributed among the dig-
its (as might naivly be expected). Rather, the lower digits appear
much more frequently than the higher ones. Benford’s law says
that the probability that the first significant digit is k is given
by log,o(1 + k™). Benford derived this law in 1938 from some
statistics he did from twenty different tables. It is today quite
evident that Benford manipulated the round off errors to obtain a
better fit. Dispite this fraud, the law is called after him. Apropos
fraud: since the IRS is considering doing Bedford tests on the data
obtained from the taxpayer and to audit the worst fits, one can
now alrady read advises (seen in 1995) that a ”creative” taxpayer
who wants to outfox the IRS should fabricate his datas with first
significant digits satisfying Benford’s distribution ...

Consider the finite set Q = {1,2,...,9} and the Boolean algebra A =
{AcQ}.
a) (6) Show that P : A — [0,1]

PlA] = ¥ logio(* 1)
keA

is a probability measure, where log,g is the logarithm with respect to the
base 10.

b) (6) Let X be the random variable, which gives the first digit X (k) = .
Compute E[X]. (Simplify the result as much as possible. No numerical
evaluation of the result is required).

3) Topic: Continuous distribution, Arc-Sin distribution. (12 points)

A quantum mechanical particle moving freely in a one-dimensional
discrete crystal has an energy density in [-2,2] given by f(z) =
1(4 - 22)~1/2, This is called the density of states of the sys-
tem. The probability distribution function F(t) = f: oo f(8) dsis
called the integrated density of states and accessible to mea-
surements in solid state physics.

Consider the function f which is 0 outside (—2,2) and f(z) = 1/(xv4 — z2?)
for z € (-2,2).



4)

a) (3) Compute F(t) = [*_ f(s) ds. Hint: see the title.

b) (3) Verify that f is a probability density function.

c) (3) Consider a random variable X which has the distribution function
F. Compute E[X].

d) (3) Compute Var[X]. (Hint: A table (or Mathematica) tells you that
[ 22/V& = 22 dz = 2arcsin(z/2) — zV4 — 22/2.)

Topic: General probability spaces, Law of large numbers. (14
points)

Computing numbers by a random process is called a Monte
Carlo method. It is often used in numerical investigations done
in fields like statistical mechanics or elementary particle physics.
For example, to study the question why quarks are confined (they
have never been "seen” as simple particles) one uses path integral
methods in lattice gauge theory. One goal in this business is to
compute the potential of interacting particles or the determination
of the masses of the quarks from basic principles. Even to compute
expectation values of observables on a small universe consisting of |
10* points, would require in the simplest case to sum over a prob-
ability space with say 2490% elements which is ridiculous. Monte
Carlo methods allow nevertheless to make computations.

Buffon’s needle problem allows to compute the number 7 with a
Monte Carlo method. The problem is: we are throwing a needle of length
L > 0 onto a piece of paper on which there are parallel lines of distance
1. What is the probability that the needle will hit a line?

Assume that the angle ¢ of the needle is uniformly distributed in [0, 7)
and that the center M of the needle has distance r from the line next to M
and that this distance is uniformly distributed in [0, 1/2]. More precicely,
the probability space is (2, 4, P), where Q = [0,7] x [0,1/2], A is the
Borel o-algebra on 2 and P is the Lebesgue measure P[(a,b) x (¢, d)] =
(b—a)(d-—c)-%fora110$a<b$1rand0$c<d51/2.

a) (5) Compute the event A C Q consisting of all points w = (¢,r) such
that the needle of length L with angle ¢ and having its center in distance
r from the nearest line intersects a line.

b) (5) Compute the probability P[A] of this event.

c) (4) What law assures that for almost all sequences of experiments w,

1
P[A] = lim —{number of times, the needle hits a line in n experiments} ?
n—00 7



5)

6)

7)

Topic: Borel-Cantelli lemma. (12 points)

Borel-Cantelli’s lemma tells about the probability that an experi-
ment is in infinitely many events. It is often used in more advanced
topics of probability theory like in the study of the law of large
numbers, the law of iterated logarithm or stochastic processes like
the random walker or Brownian motion.

Consider the probability space (2, A, P), where @ = [0, 1], A is the Borel
o-algebra on § and P is determined by P[{a,b)] =b—a forall 0 < a <
b < 1. Consider the sets A, = [0,1/n).

a) (4) Does the ¥, P[4,] converge to a finite value?

b) (4) Determine the set Ao = N7=1 Un>m 4n-

c) (4) A statement in Borel-Cantelli’s lemma reads that EneN Pl4,] =
00 = P[Ax] = 1 . Does this agree with a) and b)? If not, what is
wrong/missing?

Topic: Independent random variables, Variance, sum of inde-
pendent random variables, characteristic functions. (12 points)

A central topic in probability theory is the study of sums of
independent random variables. An example is the random
walk, where we sum up random variables which take two
values. Stock markets behave more as random walks with
continuous distributions.

Let X, be independent identically distributed random variables with uni-
form distribution on the interval [-1,1]. Define S, = X1+ X2+...4+ X,
a) (3) Compute Var[S;).

b) (3) Compute the limit Var[S,/n] for n — oo.

c) (3) Compute the limit Var[S,//n] for n — co.

d) (3) Compute the characteristic function ¢s, for n € N. Hint: use a
result in the theory.

Topic: Continuous distributions, transformation of densities. (14
points)

The Gamma distribution is a continuous distribution which has
been found useful to model things like the time needed for a di-
agnose and repair of a car engine or to find and repair a bug in a
computer program. The Erlang and Exponential distribution are
both special cases.




8)

Consider a distribution which has the density with support on (0, c0)
given by
z)= ————e 7,

where A > 0,8 > 0 are fixed real parameters. If a random variable is
absolutely continuous and has this probability density, then it is called
Gamma-distributed.

a) (4) Compute the characteristic function ¢x (t) = E[e*X] of a random
variable X which has the Gamma distribution with the real parameters
A>0,>0.

b) (3) Compute, using a), E[X].

c) (3) Compute, using a), Var[X].

d) (4) Compute the probability density g(z) of the random variable Y =
X3

Topic: The weak law of large numbers. (12 points)

Consider a population of a species (not dinosaurs) which is living
on a planet suffering many meteor impacts. The probability that
a meteor crashes into the planet in a 10 year period is p. In
this case, 1/3 of the population is killed. With probability 1 — p
however, there is no meteor impact and the population is happily
doubling in these 10 years. In which range of probabilities p does
a population grow exponentially?

Let X1,X32,..., be a sequence of independent random variables which
satisfy Pp[Xn = 2/3] = p, Pp[Xn = 2] = 1 —p, where p € (0,1) is a
parameter. Define for each n the random variable T, = (X1 - X2--- -
Xﬂ)l/ﬂ. )

a) (3) Fix 0 < p < 1. Show that there exists a constant ¢, > 0 (depending
on p) such that for all € > 0

P,[|og(Th) ~ log(cp)| = €] = 0.

b) (3) Compute Ep[log(Xy,)], where E, is the expectation with respect to
the probability measure Pp.

c) (3) Compute the value of ¢, for each p.

d) (3) For which p is ¢, > 1?
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Ma2c Final Exam (Solutions)

1) Topic: Discrete probability spaces. (12 points)
a) (4) We compute

d = ¢}
FF2B == et

j=0

and so

_BIE) S 00 y7(8) = 3 XG)Bolis)] = BIX]
Z(ﬂ) j=o0 ’ j=0 Sl .

b) (4) We have

Z(8) = Ze—ﬁj = Z(e—ﬂ)z‘ =z __le..p .

j=0 j=0

c) (4) From b), we get

d e
as? D= "=y

and
%Z(ﬂ)_ e 1
Z(8)  1-eP -1

Eg[X] = -

2) V Topic: Finite probability spaces, discrete random variables. (12
points)
a) (6) Since P[{j}] > 0, we have also P[A] > 0 for all A € A. The additivity
is clear from the fact that we know the masses of the atoms, so that P is a
measure. What have also to check is that P is normalized:

9 k41 9 9

P[] = Y logio(——) = logia(k+1)— D logie(k)
k

k=1 k=1 k=0

= logyy(10) —loge(1) =1.

If such cancellations as in the above calculation occurs, one says, the sum
is telescoping.



b) (6) We have
9 9

Y k-PIX=k= Zk-loglo(k+ 1

k=1 k=1

9
= Zlogm(k +1)* — log;o k*
k=1
9
= Z logyo(k + 1)**! — log;g(k + 1) — log;q k*
k=1

E[X]

L ' 101°
= 1og;(10'%) — log;o(1') — 10g;(10!) = 10 — log,(10!) = 10810(W) .

Again, we had a telescopic sum in the second last step. Numerically, we get
(this computation was not.required) for the average: E[X] = 3.44024.

3) Topic: Continuous distribution, Arc-Sin distribution. (12 points)
a) (3) From the hint we get (make a substitution y = 4z) for t € (-2,2)

F(t) = / f(z)dz = / f(z)dz= = arcsin(%)l‘ﬁ_z = 5 += arcsin(i)

and so F(2)=1/2+1/2=1 and F(t)-— 1fort>2.
b) (3) We either can use a) to see that f f(z) dz = 1 or again compute

/ f(z)dz = —arcsm( )|_2 =1-0=1.
<) 3)

E[X]

2 P 1 2 z p
[ [
%V4_322=—2=0

d) (3) Using the hint

/ 22 /4 - 2? dz-2arcs1n Y—zv4—ax%/2

we get

Var[X] = E[X?]-E[X]* = E[X?]

_ 1 /2 1.2
T —2 V4 -2
= -11F (2arcsin(§) —zv4- x2/2) 2, =



4) Topic: General probability spaces, Law of large numbers. (14 points)
a) (5) Assume the paper (=plane) R? is is equiped with the lines {y = n}.
The center M = (z,y) of the needle can be assumed to be in the strip
0 < y < 1/2. The needle consists of the line segment between the two points

(zx % cos(f),y = % sin(f))

and this segment intersects a line if y — L/2sin(0) < 0. So

A={6,9) €0,7) x [0,1/2] |y < 7 sin(6)} .
b) (5) We have .
Pl4] = % /o (L/2) sin(6) = .2.7;’1

c) (4) The strong law of large numbers assures that for independent
random variables X, (w) = 14(w), Sa/n converges to E[X] = P[A].

5) Topic: Borel-Cantelli lemma. (12 points)
a) (4) ¥, PlAs] = ¥, 1/n diverges. The answer is NO.
b) (4) Since A1 C Ap, we have

Aw= (] U 4n=0,1/n) = {0} .
m=1n>m m=1

c) (4) If A, would be independent and Y, P[Ar] = 00, then P[] = 1.
Siunce P[Ao] = 0, we conclude that the A, are not independent.

6) Topic: Independent random variables, Variance, sum of indepen-
dent random variables, characteristic functions. (12 points)

a) (3)

1

Var{Sn] =ZV&r[X.-] = n/_1 z¥[2dz = % .
b) (3)
Var[S,/n] = Var[S,]/n? = 2/(3n) = 0.
<) (3)
Var[Sn/v/n] = Var{S,]/n =1/3.
d) (3)

650 = [[ om0y = (2D

i=1



7) Topic: Continuous distributions, transformation of densities. (14
points)
Ng(B-1) Ae
z)= —e
1@) = g™

where A > 0,8 > 0 are fixed real parameters. If a random variable is abso-
lutely continuous and has this probability density, then it is called Gamma-
distributed.

a) (4) The computations of a) to c) are identical to the one done in homework
Week 8 question 2), where 3 was assumed to take only integer values. We
do it again. In order to compute

E[e“x] = /oo itz a\ﬂr(ﬁ)z(ﬂ_l) e dy = A8 *® (8= —(A=it)z dr,
0

I'(8) T T(B) Jo

we make a change of variables z = —(\ — it)z and get

A\ g PV
B-leg=2 4, = T
o(t) = ) zt)ﬂ/ P le"rdz = Goap

b) (3) E[X] = —i- ¢/'(0) = fr = § .
c) (3) We have ¢"(0) = —-8(8 - 1)/)«2 and so

Var{X] = E[X?] - B[X]* = ~¢"(0) + &; = p-p B_B

d) (4) Take ¢(z) = z*, ¥(z) = z'/3. Then, by theory, the density of the
random variable Y = ¢(X) is N

10 W@ = g7 /&)

8) Topic: The weak law of large numbers. (12 points)
a) (3) Fix 0 < p < 1. Take log(c,) = E[log(X;)] = m. The random variables
Y; = log(X;) are independent too and m = E[Y;]. We have with the weak
law of large numbers

Py[llog(Tn) — log(cy)| 2 ] = Ppl| D Y —ml]l 2 ¢] = 0.
k=1

b) (3)

Ep[log(X,)]

log(2)PplXn = 2/3] + log(2)P[ X = 2]

log(g)p + log(2)(1 — p) = log(2) — plog(3) .



c) (3) cp = elos@)—plog®) = L,
d) (3) 2/37 > 1 if and only if 2 > 3° and so p < &2,

REMARK: The point average of this final is 61.5105. In order to get a similar average as in
the midterm (average 74.0385), the number of points in the final is multplied with a factor
6/5 for the computation of the grade. The scaled average of the final is then 73.8126. The
scaled number of points of the final is not displayed on your blue book. The homework
average was 55.2261 points which gives, when multiplied with 10/7, an average of 78.8944,
which is good and does not need an adjustement. The number of pomts for your grade will
be computed (by Mathematica) as follows:

3 10 4 6
Points = 1—0 Mldterm Points + — 0T - Homework Points + — 1 0 5 Final Points .

If you have questions/complaints about the grading, address it directly to me (before friday).
O.K.
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Ma2c, O. Knill,

1. Week, (Summary of the theory)

NOTATION:

r = (z,y, z) point in R®

C=a(I) curve,a:te€l=a,b] — aft) € R‘f

S = r(B) surface, (u,v) € B — r(u,v) € R®

U region in R3.

6C, 68, 6U boundaries of curve, surface, region

F = (P,Q, R) vector field , f scalar field

gradF = VF

curlF=VAF =

DIFFERENTIAL OPERATORS:
0:f = £&f = f. (Partial derivative)

V = (8:,8,,0;) (Nabla)

April 1995

IDENTITIES:

9F OF)
zTyT

diveurlF = V. (VAF) =

a, R,-Q. curlgradf =VAVSf =0.
9y =| P,-R; ]}.
-(3)-(3)-(2)

divF=V. F—(azyoysaz) (PvQ’R)=Pz+Qy+R:-

S = r(B) surface.

Ty, Ty tangent vectors

GEOMETRY OF SURFACE: DEFINITIONS:

line integral
JcF-ds= [} F(a(t))- o'(¢) dt

surface integral

N =r, Ar, normal vector [fs F-dS = [z F(r(u,v)) N(r(u,v)) dudv

n = N/||N|| unit normal vector. volume integral

[y £V = [[f, f(z,9,2) dzdydz

FUNDAMENTAL THEOREM OF CALCULUS:
Jcgradf -ds = f(a(a)) = f(a(d)) = fic f

THEOREM OF STOKES:
[fgcurlF -dS = [;c F -ds

THEOREM OF GAUSS:
[[fy divF dV = ffy F dS
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April 1995

2. Week, (Summary of the theory)

DEFINITION: Boolean algebra

1 be a finite set. A set A of subsets of Q is a
Boolean algebra, if

PROPERTIES: A Boolean algebra (R A) is
closed under all set theoretical operations:
A,B € A, then

ed deA ANBe A,
A€A— A€ 4 A\Be A AABe A
A Be A= AUBe A )

DEFINITION: Probability measure

A function P: A -~ Risa probability measure if

P[A] > 0, (nonnegativity)
P[Q)] = 1, (normalisation)
PIULy 4i = D0, PALifA: 0 4, =0, all i, j, (additivity)

DEFINITION: Finite probability space

We say (2,4, P) is a finite probability space if 4 is a
Boolean algebra on the finite set Q and P is a probabil-
ity measure on (2, A).

PROPERTIES:

AC B = P[] < P|B].
P[A%] =1 - P[4]
PlO]=0

SWITCH ON, SWITCH OFF formula;

AJal=3C0 %

i=1 =1 1<, <i,<...<|’.$n

P[A.', N A.', n...n A.‘.]

CONSTRUCTION OF NEW PROBABILITY SPACES:

Change of algebra: (,8,Q) is a probability space, where B C A is a Boolean
algebra, Q restriction of P to B.

Product space:

(Q,AP)= (D, A4,R)x (2, Az, P;), where Q = Q, x Q,, A is the smallest algebra
containing A, x A2z = {Al x Az IA.' € A.} and P[(A| x Az)] = Pl(Al] . Pz[Az].
Conditional probability space:

(B,ANB,P[|B]),if Pr[B] >0and ANA={ANB | A € A}

P[AN B)

P[A|B] = 5B
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3. Week, (Summary of the theory)

DEFINITION:

April 1995

(2, A, P) finite probability space. PROPERTIES:

A, B € A are independent if and only if

P[AN B] = P[4] - P(B] .
(2,4, P)

A finite set {A;}.ics of events is called inde-
pendent if and only if forall J C I

P[] A] = [] Plai].

i€J i€J

A, B € A are independent, if and only if either
P[B] = 0 or P[A|B] = P[A].

(A,B8,Q)" (product space).
Given B; € B then

A= {w=(w1,...,wn) | v € B;}

are all independent.

2 — R such that for all ¢ € R, we have {X =a} € A.

DEFINITION: A random variable on a finite probability space (2, A, P) is a map X :

DEFINITION: The expectation of a random variable X is de-
fined as

EX]= ) a-PX=d] =
a€EX(R)

Y. X(4)-Pl4],

AEA,A atom

where an atom is a set in A sothat BC A, Be A= B =
AorB=49. If A= {AC 0}, then the atoms are all of the form

{w} and
E[X] =) X(w)P[{w}].

weN

By the definition of a ran-
dom variable, X must be
constant on each atom A
and X(A) is defined as the
common value, X takes
on A. The two expres-
sions for E[X] in the box
to the left are seen to be
the same using a = X(A)
and P[X =ad] =
2.4 atom X(A)=a P[A]°

PROPERTIES OF EXPECTATION: For random variables X,Y and A € R

E[X + Y] = E[X] + E[Y] E[AX] = AE[X]
X <Y = E[X] < E[Y] E[X?]=0e X =0
E[X] = cif X(w) = cis constant E[X -E[X]]=0.

PROOF OF THE ABOVE PROPERTIES:

E[X +Y] = 4 som(X +Y)(A4) - Pl4] =
E['\X] = Z:A stom('\x)(A)P[A] = '\EA atom X(A)P[Al = ’\E[X]
X <Y = X(A) < Y(A), forall atoms A and E{X] < E[Y]
E[X?] =0 & X?(A) = 0forall atoms A & X =0

X(w) =cis constant » E{X] =c-P[X =cj=c-1=¢

E[X - E[X]] = E[X] - E[E[X]] = E[X] - E[X] = 0

2 4 stom(X(4) + Y(4)) - P[4] = E[X] + E[Y]
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4. Week, (Summary of the theory)

Variance

Standard deviation

Covariance*

Correlation of Var[X] # 0, Var[Y] #0

Corr[X,Y] =

Corr{X,Y] = 0: uncorrelated X and Y.

DEFINITION: (2, A, P) probability space, X,Y random variables.

Var[X] = E[ (X - E[X])?].
o[X] = Vv Var{X] .

Cov[X,Y] = E[(X - E[X])- (Y - E{Y])].

Cov[X, Y]
o[X]olY] *

PROPERTIES of VAR, COV, and CORR:

Var[X] > 0.
Var[X] = E[X?] - E[X]2.
Var{AX] = A?Var|X].

Cov[X,Y] = E[XY] - E[X]E[Y].
Cov[X,Y] < o[X]o[Y] (Schwarz inequality).

-1< Corr[X,Y) < 1.
Corr[X,Y] = 1if X - E[X] =Y - E[Y]
Corr{X,Y] = ~1if X - E[X] = ~(Y - E[Y]).

BERNOULLI DISTRIBUTED RANDOM
VARIABLES: (2 = {0,1}",4,P = Qn),

where Q({1}] = p,Q[{0}} =¢=1-p.

Xw) =Y w

i=1

—
=

HX=H=(:)MW*
ElX] = gk ( X )p"q""' =pn

Var[X] = z": k? ( : )p"q""‘—E'[X]2 = npq
k=1

DEFINITION: X,Y are independent if for

alla,beR
PX=6Y =b=P[X=d]-P[Y =}].

A finite collection { X;};¢; of random variables
are independent, if for all J C J and ¢; € R

P[X.' = a;,i € J] = HP[X,' = a.-] .
i€J

PROPERTIES:

*If X and Y are independent, then E[X.Y] =
E{X] . E[Y].

o If X; is a set of independent random vari-
ables, then E[H?:l X.'] = H?=1 E[X.'].

¢ If X,Y are independent then Cov{X,Y] =0.| -
o A constant random variable is independent
to any other random variable.

DEFINITION: The regression line of two
random variables X, Y is defined as y = az+b,
where

_ Cov[X,Y]

Vai b = EI¥] - aElx]..

PROPERTY: Given X, Cov[X, Y},E[Y], and
the regression line y = az+bof X, Y. The ran-
dom variable Y’ = aX +b minimizes Var[Y -]
under the constraint E(Y] = E[Y] and is the
best guess for Y, when knowing only E[Y] and
Cov(X,Y]. We check Cov[X,Y] = Cov[X,Y].
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5. Week, (Summary of the theory)

DEFINITION: Important example: One di- |[ PROPERTIES Random walk:
mensional random walk
Q= {-L1}"={(w= (1 <...,wn) |wi €[| a) T c {1,...,N}, z; € {~1,1}
{-1,1}}, A = {4 c Q},P[4] = |A|/|)).
The random variables X;(w) = wy define PXi=z;,iel)=2"11,
the k’th step. The random variables S, =
3 r=1 Xi(w) describe the location of the ran-|| b) E[Xi] =0,
dom walker (drunken sailor) at time n. If X, || <) E[Si] = 0.
is the win or loss in a game at time k, then S, 2] = 0-n n

is the total win or loss up to time n. § is the d) n+z even, P[Xn = z] =2 ( 2;;»& )
set of all possible trajectories up to time N. n+z odd, P[X, = 2] =0.

DEFINITION: A gambling system attached
to the random walk is sequence of random
variables Vi such that every event {V, =
c} is a union of sets of the form {w; =
TlyeeyWn] = In-l}-

Let Vi be a gambling system, then

PROPERTY of gambling systems:
You can’t beat the system: E[S}] =0.

n
SY =) ViXe
i=1

is the total winnings with this system.

DEFINITION: Cardinality.

f:A— Bisl:1 orinjective: z # y = f(z) # f(y)Vz,y € A.

f : A — B is onto or surjective): f(A) = B.

f is bijectiv & f is 1:1 and onto.

A, B are called equivalent, if there exists a bijection f: A — B.
A equivalent to N: countable infinite.

A equivalent to finite set: finite.

A neither finite nor countable infinite: uncountable.

DEFINITION:
A o-algebra on  is a set A€ A= A€ A,

:A of subsets of Q) satisfy- {A1,A3,...} C Acountable =>
g Uf:_l A; € A

P[A] > 0, (nonnegativity)

P: A— Risa probabil- | P[?] = 1, (normalisation)

ity measure if {A1, A2,...} countable set of disjoint sets =>
PlUi2, Al = T2, PlAi] (o-additivity)

A probability space ({2, A, P) sonsists of a set 2, a o-algebra A on 2 and a probability
measure P on A.

NeA,

If Q is finite, the probability space is called a finite probability space. If § is countable, it
is called discrete.
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7. Week, (Summary of the theory)

DEFINITION: Integration, Expectation: Denote with S the set of random variables taking finitely
many values: Define for X € S

E[X]:= Z a-P[X =ad].
a€X(N)

Let L' be the set of random variables X for which SUPyeS y<ix| E[Y] < co. For X € £! and
X 2 0, the integral or expectation is defined as

E[X]:= sup E[Y].
YeS Y<x

In general, we decompose X into X = X* — X~ with X* > 0 and put E[X] = E[X*] - E[X"].
We write also [, X dP for E[X] since expectation is integration. Variance, Covariance etc. are
defined as in the finite case: Var[X] = E[(X - E[X])?], Cov[X,Y] = E[(X - E[X])(Y - E[Y])].

DEFINITION: The Distribution function of a random variable X is F(t) = P[X < t]. Absolutely
continuous random variable: the probability density function F’ = f exists. Discrete ran-
dom variable: F is piecewise constant with countably many jump discontinuities. The expectation,
variance and E[g(X)] for g(X) € £! is in the continuous case

m=E[X]=/

o0

oQ:t:f(:r:) dz, Var[X] = /_:(z - m)?f(z) dz ,E[g(X)] = /

o0

9(z)f(z) dz

For discrete random variables this is (repetition)

m=E[X]= ) aP[X=ad], VarlX]= Y (a—-m)*P[X =a,E[g(X)] = Y 9(e)PX =4
a€X(N) aEX(Q) a€E X(0)

Sometimes, one does not know the distribution of the random variable, then E[X], Var[X] and E[g(X)]
have to be computed by integrating (rsp. summing) over .

EXAMPLES OF DISCRETE DISTRIBUTIONS:
Distribution | Plz = k] = Parameters Domain Mean | Variance
Binomial n€N, pelo0,1]
| Poisson dre=) A>0 {0,1, A A
[L Geometric | (1-p)*Tp p€(0.1) {12, Yp 1Vp ]
EXAMPLES OF ABSOLUTELY CONTINUOUS DISTRIBUTIONS:
Distribution | Density f(z) = Parameters Domain Mean Variance
Uniform gy (b—a)~ a<b a, b (a+b)/2 | (b—a)*/12
Exponential | Ae~** A>0 Rt 1/A 1/0%
Normal (270?)~1/2 e~ 5 | meR,0?>0 | R m o?
Erlang e R+ A>0,keN|k/x k/\?
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8. Week, (Summary of the theory)
PROPERTIES OF DISTRIBUTION F UNCTIONS:

F(t) € [0,1] Pla< X <b)=F@b) - F(a)

a<b=F(a)< F(b) lime—_o F(t) = 0,lim,_.o, F(t) = 1

limeo F(a +€) = F(a) lime\o F(a - €) = F(a) - P[X = a
Every function F: R — R satisfying the above properties belongs to a random variable X: define

the probability space (Q, A, P), where A is the Borel o-algebra on = R and P is defined by
Plla,d)] = F(b) - F(a) = P[X € [a,b)).

DEFINITION: X = (X1, Xa,... yX4a) is called a random vector if X, are random variables. The
dis_tribution function of X (also called joint distribution of X1,X3,...,Xy) is defined as

F(tl,...,td) =P[X1 <Hh,Xp < t2,..., X4 Stdl .

The distribution is continuous if there exists a function f : RY — R+ such that

ty 129 te
F(t)=/ / f(ylvy%---’yd)dyd---dy’a'dyl-
-0 J =00 x

TRANSFORMATIION OF RANDOM VARIABLES:

® Let F be a continuous invertible distribution function. Let X be a random variable which is
uniformly distributed in [0,1). Then ¥ = F~1(X) gives random numbers with distribution F.

¢ Given a continuous random variable X with density f and a differentiable invertible function
¢ : R — R with inverse . The random variable ¥ = #(X) has the density

9(t) = F(¥ () (t)] -

¢ Given a continuous random vector X with density f and a differentiable invertible function
¢ : R? — R? with inverse ¥. The random variable Y = #(X) has the density

9(v) = f(¥(u))|Det(Dy(u))| .

DEFINITION: The characteristic function of X is defined as ¢ (t) = E[e™*X],
Discrete case: ¢x(t) = ¥ ,¢ x(a) ¢“*P[X = a]. Continuous case: ¢x(t) = oo e f(2) dz.
CALCULATION OF MOMENTS: E[X*] = (~i)*$(0). Especially, E{X] = ~ig!, (0).

SUMS OF INDEPNDENT RANDOM VARIABLES: X; independent with distribution ¢, S =
2?:1 Xi, then ¢s(t) = é1(t) - ¢a(t) - én(?).

THE GAMMA FUNCTION. Some dis-

tributions use the Gamma function: | Distribution . | Parameter Charact. function ]|
—_— | o —C ufchon j

o Normal meER,g2>0 |[emit-ot'/2
I(n) = / TleT dz. Standard normal et /2
° Uniform {—a, a] sin(at)/(at)
For n € N, we have (n - 1), Proof. Exponential A>0 M (X =it)
I(1) = 1, F(n) = (n - 1)I(n - 1)| [MBinomial n€N,pe0,1] [ (p+ (1-p)e)"
by partial integration. Computations Poisson 2>0 eAeT=1)
1}:2 f.(al/ézi T/z\—f I'(3/2) = V/x/2 use re—— T -
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9. Week, (Summary of the theory)

CHEBYCHEV-MARKOV INEQUALITY.
Let h: R* — R* be a monoton function and X > 0 a random variable with h(X) € C'. Then for
allc>0

h(e) - PIX 2 o] < E[A(X)].

Proof. Take the expectation of h(c)l x>c(w) < h(X)(w). Use the monotonicity and linearity of the
expectation.
CHEBYCHEV INEQUALITY.
If X € £?, then for all ¢ > 0

PIX - EWX]| 2 4 < YK

Proof. Apply Chebychev-Markov’s inequality to ¥ = |X — E[X]| and h(z) = 2.

DEFINITION.

A sequence of random variables X, converges in probability to a random variable X, if for all
€e>0,

lim Pl|Xa - X| 2=

WEAK LAW OF LARGE NUMBERS.

Assume X; have common expectation E[X;] = m and satisfy sup,, 1 37, Var[X;] < co. If X, are
pairwise uncorrelated, then 3", X;/n — m in probability.

Proof. Since in generl Var[X + Y] = Var[X] + Var[Y] + 2 - Cov[X,Y] and X, are pair-
wise uncorrelated, we have Var[X, + Xn] = Var[X.] + Var{X,,] for n # m and by induction
Var[S,] = 7., Var|X;]. Using linearity, we obtain E[S./n] = m and

Var[Sa/n] = E[(Sn)?/n?] = E[Sa]?/n? = Var[S,]/n* = — ZVar[X,.] —0.

=1
With Chebychev’s inequality, we obtain

P[|Sn/n-m| 2 €] <

___Var[esz,./n] —0(n — o).

IMPORTANT SPECIAL CASE.

If X; are independent random variables with the same distribution for which the mean m and
variance exist both, then Y7, X;/n — m in probability.

EXISTENCE OF INDEPENDENT RANDOM VARIABLES: (don’t read this!)

Given a distribution function F, there exists a probability space (2, A, P) and independent random
variables X3, X3,... which have all the distribution F'.

Proof. We know how to construct a single random variable X with distribution F on a probability
space (R, B,Q). Form the product space

(Q, A, P) = (RN, BN,QN).
Q contains sequences w = (w;,ws,...) and the probability measure P is defined by
PlA; x Az X Ag--- x Ap xR xR x...] = Q[41] - Q[A2]... Q[An] .
The o-algebra A is the smallest o-algebra containing all sets of the form A; x A2 x A3--- X A %

R xR x ... with A; € B. The random variables X;(w) = w; are independent and have all the
distribution F'.
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10. Week, (Summary of the theory)

DEFINITION. A sequence of random variables Xnc

onverges almost everywhere to a random
variable X, if P[X, — X,n — o] = 1.

RELATION BETWEEN CONVERGEN CE OF RANDOM VARIABLES: an arrow stands for "implies”

In distribution
P[X. <t] = P[X < t,vteR.

T

In probability
P{lXa - X| 2 ¢ = 0,Ve> 0.

/ AN

Almost everywhere . In C!
PlXa = X] =1 E|Xe - X|] =0
Complete
ot PlIXa = X| > ¢ < 00,Ve > 0

STRONGER WEAK LAW OF LARGE NUMBERS:

Assume X; have common expectation E[X;] = m and satisfy M = sup, E[X*] < oo, sup, E[X?]? <
0. If X; are independent, then 3, P[|S,/n — m| > ¢] converges for all € > 0.

Proof. Estimation of E[X?] with Chebychev-Markov's inequality gives P{|S,/n — m| > €] < C/n?
for some constant C.

STRONG LAW OF LARGE NUMBERS:

77| Assume X, are independent random variables with M = sup, E[X}] < oo, sup, E[X2] < oo with
common expectation E[X,,] = m. Then S,/n — m almost everywhere. -

Proof. Direct consequence of the stronger weak law above since complete convergence implies
convergence almost everywhere.

DEFIN"ITION - A sequence of random variables X, converges in distribufion to a random variable
X, ifforall t € R, P[X, < t] = P[X < ¢] for n — o0.

CENTRAL LIMIT THEOREM:

Given X,, which are independent with mean m and variance o2. Let X be a random variable with

standard normal distribution. Then
Sp-nm

ayn
in distribution, where S, = X; + X; +... + X,.

Proof. A calculation shows that the characteristic functions of Sp = (Sa = E[Sn])/0[Sn] converge
to the characteristic function of X.

- X
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