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1 Mathematical models for randomness

1.1 A general definition

Let € be a set. Let F be a set of subsets of ). We say that F is a o-algebra if Q2 € F and,
for all A € F and every sequence (A, : n € N) in F,

A¢ e F, GAnef.

n=1

Thus F is non-empty and closed under countable set operations. Assume that F is indeed
a o-algebra. A function P : F — [0, 1] is called a probability measure if P(Q2) = 1 and, for
every sequence (A, : n € N) of disjoint elements of F,

(00) - Sr

Assume that P is indeed a probability measure. The triple (Q, F,P) is then called a
probability space.

In the case where ) is countable, we will take F to be the set of all subsets of €2 unless
otherwise stated. The elements of €2 are called outcomes and the elements of F are called
events. In a probability model, 2 will be an abstraction of a real set of outcomes, and
F will model observable events. Then P(A) is interpreted as the probability of the event
A. In some probability models, for example choosing a random point in the interval [0, 1],
the probability of each individual outcome is 0. This is one reason we need to specify
probabilities of events rather than outcomes.

1.2 Equally likely outcomes

Let © be a finite set and let F denote the set of all subsets of Q. Write || for the number
of elements of Q. Define P : F — [0, 1] by

P(A) = |A]/]€9].

In classical probability an appeal to symmetry is taken as justification to consider this as
a model for a randomly chosen element of €.

This simple set-up will be the only one we consider for now. At some point, you may
wish to check that (€2, F,P) is a probability space, so this is a case of the general set-up.
This essentially comes down to the fact that, for disjoint sets A and B, we have

|AU B| = |A| + |B|.



1.3 Throwing a die

The throw of a die has six possible outcomes. We use symmetry to justify the following
model for a throw of the die

0 =1{1,2,3,4,5,6}, P(A)=|A|/6 for AC Q.

Thus, for example, P({2,4,6}) = 1/2.

1.4 Balls from a bag

A bag contains n balls, indistinguishable by touch. We draw k balls all at once from the
bag without looking. Considering the balls as labelled by {1, ..., n}, we have then selected
asubset of {1,...,n} of size k. By symmetry, we suppose that all choices are equally likely.
Then (2 is the set of subsets of {1,...,n} of size k, so

_(n n! nn—1)...(n—k+1)
|Q|_() kl(n —k)! k(k—1)...1

and, for each individual outcome w,
P{w}) =1/19].

1.5 A well-shuffled pack of cards

There are 52 playing cards in a pack. In shuffling we seek to make every possible order
equally likely. Thus an idealized well-shuffled pack is modelled by the set 2 of permutations
of {1,...,52}. Note that

12| = 52!

Let us calculate the probability of the event A that the first two cards are aces. There are
4 choices for the first ace, then 3 for the second, and then the rest can come in any order.
So

|A| =4 x 3 x 50!

and
P(A) = |A|/|Q] = 12/(52 x 51) = 1/221.
1.6 Distribution of the largest digit

From a stream of random digits 0,1,...,9 we examine the first n. For k£ < 9, what is the
probability that the largest of these n digits is k7
We model the set of possible outcomes by

Q=1{0,1,...,9}"



In the absence of further information, and prompted by the characterization as ‘random
digits’, we assume that all outcomes are equally likely. Consider the event A; that none of
the n digits exceeds k and the event By that the largest digit is k. Then

Q] =10", |Agl = (k+1)", |Be| = |4\ Ap_y| = (K +1)" — k™.

So
(k+1)" — k"

P(By) = 10"

1.7 Coincident birthdays

There are n people in a room. What is the probability that two of them have the same
birthday? We will assume that no-one was born on 29th February. We model the set of
possible sequences of birthdays by

Q=1{1,...,365}".

We will work on the assumption that all outcomes are equally likely. In fact this is empiri-
cally false, but we are free to choose the model and have no further information. Consider
the event A that all n birthdays are different. Then

|Q = 365", |A| =365 x 364 x -+ x (365 —n+1).
So the probability that two birthdays coincide is

p(n) = P(A%) = 1 — P(4) = 1 — 200 X 304 '56;(365 —n+1)

In fact
p(22) = 0.476, p(23) = 0.507

to 3 significant figures so, as soon as n > 23, it is more than likely that two people have
the same birthday.



2 Counting the elements of a finite set

We have seen the need to count numbers of permutations and numbers of subsets of a
given size. Now we take a systematic look at some methods of counting.

2.1 Multiplication rule

A non-empty set €2 is finite if there exists n € N and a bijection
{1,...,n} = Q.

Then n is called the cardinality of Q2. We will tend to refer to n simply as the size of ().
The set {1,...,n1} x -+ x{1,...,nk} has size ny X -+ X ny.
More generally, given a sequence of sets 2y, ..., € and bijections

fl:{l,...,nl}—>Ql, fiiQi,1X{1,...,ni}—>Qi, 222,,k
it can be checked by induction on k, that
|Qk] =11 X ng X -+ X Ny

We will tend to think of the bijections fi,..., fi in terms of choices. Suppose we can
obtain each element of €2 uniquely by choosing first from n; possibilities, then, for each of
these, from ny possibilities, and so on, with the final choice from n; possibilities. Then
implicitly we have in mind bijections fi,..., fix, such as described, with €, = €2, which
together give the bijection

(my,...,mp) —we: {Loong b x o AL g — Qe
where wy is given by

Wy = fl(m1)> w; = fi(wi—lami)a 1=2,...,k.

So
Q] =ny X ng X -+ X ny.

2.2 Permutations

The bijections of {1,...,n} to itself are called permutations of {1,...,n}. We may obtain
all these permutations by choosing successively the image of 1, then that of 2, and finally
the image of n. There are respectively n,n — 1,...,1 choices at each stage, corresponding
to the numbers of values which have not been taken. Hence the number of permutations
of {1,...,n} is n! This is then also the number of bijections between any two given sets of
size n.



2.3 Subsets

Fix k < n. Let N denote the number of subsets of {1,...,n} which have k elements. We
can count the permutations of {1,...,n} as follows. First choose a subset S; of {1,...,n}
of size k and set Sy = {1,...,n} \ S1. Then choose bijections {1,...,k} — S; and
{k+1,...,n} — Sy. These choices determine a unique permutation of {1,...,n} and we
obtain all such permutations in this way. Hence

N x k! x (n — k)l =nl

and so |
n! n
N = - = .
kl(n — k)! </<:)

More generally, suppose we are given integers ni,...,n; = 0 with ny 4+ --- + nx = n.
Let M denote the number of ways to partition {1,...,n} into k disjoint subsets Si, ..., Sk
with |S1| = ny,...,|Sk| = ng. The argument just given generalizes to show that

M xni!x - xng! =n!
SO

n! n
M:—: .
ni!. .. ng! ny...N

2.4 Increasing and non-decreasing functions

An increasing function from {1,...,k} to {1,...,n} is uniquely determined by its range,
which is a subset of {1,...,n} of size k, and we obtained all such subsets in this way.
Hence the number of such increasing functions is (Z)

There is a bijection from the set of non-decreasing functions f : {1,...,m} — {1,...,n}
to the set of increasing functions ¢ : {1,...,m} — {1,...,m +n — 1} given by

g(i) =i+ f(i) — 1.

Hence the number of such non-decreasing functions is (mtzfl).
2.5 Ordered partitions
An ordered partition of m of size n is a sequence (my,...,m,) of non-negative integers

such that m; + --- +m, = m. We count these using stars and bars. Put m; stars in a
row, followed by a bar, then ms more stars, another bar, and so on, finishing with m,,
stars. There are m stars and n — 1 bars, so m +n — 1 ordered symbols altogether, which
we label by {1,...,m 4+ n — 1}. Each ordered partition corresponds uniquely to a subset
of {1,...,m+n — 1} of size m, namely the subset of stars. Hence the number of ordered
partitions of m of size n is (mtz_l). This is a more colourful version of the same trick used
to count non-decreasing functions.

10



3 Stirling’s formula

Stirling’s formula is important in giving a computable asymptotic equivalent for factorials,
which enter many expressions for probabilities. Having stated the formula, we first prove
a cruder asymptotic, then prove the formula itself.

3.1 Statement of Stirling’s formula

In the limit n — oo we have
n! ~ \V2rnt/2e

Recall that we write a,, ~ b, to mean that a,/b, — 1.

3.2 Asymptotics for log(n!)

Set
l, =log(n!) =log2+ --- + logn.

Write |z] for the integer part of z. Then, for z > 1,
log|z] <logx < log|z + 1].

Integrate over the interval [1,n] to obtain

lh—1 < / log x dx < ,.
1

An integration by parts gives

/ logxdxr =nlogn —n+1
1

S0
nlogn —n+1<l, < (n+1)log(n+1) — n.

The ratio of the left-hand side to nlogn tends to 1 as n — oo, and the same is true of the
right-hand side, so we deduce that

log(n!) ~ nlogn.

3.3 Proof of Stirling’s formula (non-examinable)

The following identity may be verified by integration by parts

/a f(x)dxzw(b—a)—%/a ( — a)(b— 2) " (x) da.

11



Take f = log to obtain

n+1 1 1 1 1 n+1 1
/ log zdx = ogn + log(n + )+ / (x—n)(n+1—2)=dz.

2 2 2

Next, sum over n to obtain

n—1
1
nlogn—n—i—lzlog(n!)—ilogn—i-Zak
k=1
where ) )
1 1 1 1
= - l—2)—dr < — l—2)de = .
i 2/0 e L 2k2/0 w1 —2)de = 1505
Set

Then, rearranging, we have
(0.9}
n! = An™" 1 /2e " exp {Z ak}
k=n

n! ~ Ap"ti/2em,
From this asymptotic, it follows that

()2

SO

We will complete the proof by showing that
o—2n 2n N 1
n Vnm
w/2
1, = / cos™ 6do.
0

Then Iy = /2 and I; = 1. For n > 2 we can integrate by parts to obtain [, =

Then
2n—1z:2_2n 2n\m
o2n 2 n)2’

20 _ (oo (20 -
T on+1 n 2n+1

But I, is decreasing in n and 1,,/I,,_o — 1, so also Is,/ls,11 — 1, and so
oo (20 o2 1
n 2n+ 17 nm

12

so A = /27, as required. Set

I2n =

1w

1
2
2
3

Ol >

I2n+1 =



4 Basic properties of probability measures

Let (€2, F,P) be a probability space. Recall that the probability measure P is a function
P: F — [0,1] with P(2) = 1 which is countably additive, that is, has the property that,
for all sequences (A, : n € N) of disjoint sets in F,

(00) - Srn

4.1 Countable subadditivity
For all sequences (A4, : n € N) in F, we have
P ( An> <) P(A,).
n=1 n=1

Thus, on dropping the requirement of disjointness, we get an inequality instead of an
equality.
To see this, define a sequence of disjoint sets in F by

BIZAh Bn:An\(AlLJUAn_l), n:2,3,....

Then B,, C A, for all n, so P(B,) < P(A,). On the other hand, U, B,, = U | A, so, by
countable additivity,

IP(G An> =P (G Bn> Y P(B,) < iP(An).

n=1

4.2 Continuity

For all sequences (A, : n € N) in F such that A, C A, for all n and U2 A, = A, we
have

Tim P(A,) = P(A).

To see this, define B,, as above and note that U}_, By = A, for all n and U2, B,, = A.
Then, by countable additivity,

P(A,) =P (O Bn> = En:IP’(Bn) — i]P’(Bn) =P (G Bn> = P(A).

13



4.3 Inclusion-exclusion formula

For all sequences (A1, ..., A,) in F, we have
P (U Ai> =D (=DM N P4, NN Ay,
i=1 k=1 1<y <--<ip<n

For n = 2 and n = 3, this says simply that
and

—P(A; N Ay) — P(A; N A3) — P(Ay N As)
+P(A; N Ay N Ay).

The general formula can also be written as

7 7_ Z ]P(All N AZ2)

1<i1<io<n
+ E P(A;, NA;, NA;)
1< <ig<ig<n

— e (=D)"MP(A N AN N AY).

The case n = 2 is an easy consequence of additivity. We apply this case to obtain

where B, = Ap N A,. On using the formula for the case n — 1 for the terms on the right-
hand side, and rearranging, we obtain the formula for n. We omit the details. Hence the
general case follows by induction. We will give another proof using expectation later.
Note in particular the special case of inclusion-exclusion for the case of equally likely
outcomes, which we write in terms of the sizes of sets. Let Ay, ..., A, be subsets of a finite

set 2. Then

n

[Aj U= UA =) (=D Y A, NN A

k=1 1< << <n

14



4.4 Bonferroni inequalities

If we truncate the sum in the inclusion-exclusion formula at the kth term, then the trun-
cated sum is an overestimate if k is odd, and is an underestimate if k£ is even. Thus, for
n =2,

P(A; U Ay) < P(A;) + P(Ay)

while, for n = 3,

P(A;) +P(A2) + P(A3) —P(A1 N Ay) —P(A; N A;) —P(Ay N As)
<P(A; UAyU A;) < P(A)) + P(As) + P(A3).

The case n = 2 is clear. In the formula

used in the proof of inclusion-exclusion, suppose we substitute for P(4; U---UA,,_1) using
inclusion-exclusion truncated at the the kth term and for P(B;U- - -UB,,_1) using inclusion-
exclusion truncated at the (k — 1)th term. Then we obtain on the right the inclusion-
exclusion formula truncated at the kth term. Suppose inductively that the Bonferroni
inequalities hold for n — 1 and that k£ is odd. Then k£ — 1 is even. So, on the right-
hand side, the substitution results in an overestimate. Similarly, if £ is even, we get an
underestimate. Hence the inequalities hold for all n > 2 by induction.

15



5 More counting using inclusion-exclusion

Sometimes it is easier to count intersections of sets than unions. We give two examples of
this where the inclusion-exclusion formula can be used to advantage.

5.1 Surjections

The inclusion-exclusion formula gives an expression for the number of surjections from
{1,...,n} to {1,...,m}. Write Q for the set of all functions from {1,...,n} to {1,...,m}
and consider the subsets

Ai={weQ:ig¢{w(l),...,w(n)}}
Then (A; U---U A,,)° is the set of surjections. We have

for distinct 41, ..., 7. By inclusion-exclusion
A0 U = 0SS a0yl = Y0 () -y
k=1 1<iy < <ip<m k=1
where we have used the fact that there are (7,?) terms in the inner sum, all with the same
value. Hence the number of surjections from {1,...,n} to {1,...,m} is
m—1 m
S0t Jom -
k=0

5.2 Derangements

A permutation of {1,...,n} is called a derangement if it has no fixed points. Using
inclusion-exclusion, we can calculate the probability that a random permutation is a de-
rangement. Write €2 for the set of permutations and A for the subset of derangements. For
i€ {l,...,n}, consider the event

A ={weQ:w(i) =1}

A:(UA>

1A NN Ay = (n—k)!

and note that

For i1 < -+ < iy,

16



since each element of the intersection corresponds to a permutation of {1, ..., n}\{i1,...,ix}.
So

Then, by inclusion-exclusion,

P (U AZ) S Y BALnn4y)

k=1 1< << <n
_ - k1T (n—k)! - 1 L
i (=1) (k;) D B
=1

Here we have used the fact that there are (Z) terms in the inner sum, all having the same
value (n — k)!/n! So we find

P(A) =1 — Z(—l)’““% _ Z(—m%.

k=1 ’ k=0

Note that, as n — oo, the proportion of permutations which are derangements tends to
the limit e~ = 0.3678 ... ..

17



6 Independence
6.1 Definition
Events A, B are said to be independent if
P(AN B) =P(A)P(B).

More generally, we say that the events in a sequence (Ay,...,A,) or (A, : n € N) are
independent if, for all k > 2 and all sequences of distinct indices 74, ..., 1,

P(A;, N NA;,) =P(A;) x -+ x P(4;,).

6.2 Pairwise independence does not imply independence

Suppose we toss a fair coin twice. Take as probability space
€ ={(0,0),(0,1),(1,0), (1, 1)}
with all outcomes equally likely. Consider the events
A ={(0,0),(0, 1)}, Ay ={(0,0),(1,0)},  As{(0,1),(1,0)}.

Then P(A;) = P(As) = P(A3) = 1/2 and

P(A1NAy) =P(A NA3) =P(AyNAz) =1/4
so all pairs Ay, Ay and A;, A3 and A,, A3 are independent. However

P(A; N AN As) =0 # P(A;)P(As)P(As)

so the triple Ay, Ay, A3 is not independent.

6.3 Independence and product spaces

Independence is a natural property of certain events when we consider equally likely out-
comes in a product space

Q=0Q; x---xQ,.

Consider a sequence of events Ay,..., A, of the form
Ai: {(wl,...,wn) EQ(.UZ GBZ}
for some sets B; C €);. Thus A; depends only on w;. Then

P(Ai) = !A@\/IQ! = |Bz|/‘Qz‘

18



and
Ain--NA, ={(w,...,wn) EQ:wy € By,...,w, € B}

SO
P4 N0 Ay = B @"X Bul _peay - x P(A,).

The same argument shows that

for any distinct indices iy, ...,%, by switching some of the sets B; to be €);. Hence the
events Ay, ..., A, are independent.

19



7 Some natural discrete probability distibutions

The word ‘distribution’ is used interchangeably with ‘probability measure’, especially when
in later sections we are describing the probabilities associated with some random variable.
A probability measure p on (2, F) is said to be discrete if there is a countable set S C Q
and a function (p, : € S) such that, for all events A,

A= pe

zeANS

We consider only the case where {z} € F for all x € S. Then p, = u({z}). We refer to
(ps 1 € 5) as the mass function for p.

7.1 Bernoulli distribution

The Bernoulli distribution of parameter p € [0, 1] is the probability measure on {0, 1} given
by
po=1-=p, pi=p

We use this to model the number of heads obtained on tossing a biased coin once.

7.2 Binomial distribution

The binomial distribution B(N,p) of parameters N € Z* and p € [0, 1] is the probability
measure on {0,1,..., N} given by

P = pr(N,p) = (ZZ)p’“(l —p)N .

We use this to model the number of heads obtained on tossing a biased coin N times.

7.3 Multinomial distribution

More generally, the multinomial distribution M(N,p1,...,px) of parameters N € Z* and

(p1,- .., pk) is the probability measure on ordered partitions (nq,...,ny) of N given by
N
p(nl 77777 nk): (nlnk>p?l XXka
Here py, ..., pr are non-negative parameters, with p; +---+pr =1, and ny +---+nx = N.

We use this to model the number of balls in each of k& boxes, when we assign N balls
independently to the boxes, so that each ball lands in box ¢ with probability p;.

20



7.4 Geometric distribution

The geometric distribution of parameter p is the probability measure on Z* = {0,1,...}
given by

= p(1 - p)~.
We use this to model the number of tails obtained on tossing a biased coin until the first

head appears.
The probability measure on N = {1,2,...} given by

pr =p(1—p)*!

is also sometimes called the geometric distribution of parameter p. This models the number
of tosses of a biased coin up to the first head. You should always be clear which version of
the geometric distribution is intended.

7.5 Poisson distribution

The Poisson distribution P(\) of parameter A € (0,00) the probability measure on Z*
given by
A
P = pn(/\) =€ y

Note that, for A fixed and N — oo,

pre(N,A/N) = @) (%)k <1 - %) TN NIEN —k+ 1) (1 - %)N_k 2—]:

Now

N(N—=1)...(N—k+1 N "
( )NIE k+)—>1, (1—i) — e, (1—3) — 1

Pe(N, A/N) = pr(N).

Hence the Poisson distribution arises as the limit as N — oo of the binomial distribution
with parameters N and p = A/N.
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8 Conditional probability

8.1 Definition
Given events A, B with P(B) > 0, the conditional probability of A given B is defined by
P(ANB)
P(B)
For fixed B, we can define a new function P : F — [0, 1] by
P(A) = P(A|B).
Then P(Q) = P(B)/P(B) = 1 and, for any sequence (4, : n € N) of disjoint sets in F,

(U2, 4.)nB) P2, (A.NB)) IP’(A mB >
(UA> BB E® ‘Z =2 Pl

P(A|B) =

SoPis a probability measure, the conditional probability measure given B.

8.2 Law of total probability

Let (B, : n € N) be a sequence of disjoint events of positive probability, whose union is €.

Then, for all events A,
=Y P(A|B,)P(B,).
n=1

For, by countable additivity, we have

]P’(A)zP(Aﬂ(GBn)> (G AﬂB) ZPAmB i]P’(A|Bn)IP’(Bn).

The condition of positive probability may be ormtted provided we agree to interpret
P(A|B,)P(B,) as 0 whenever P(B,,) = 0.

8.3 Bayes’ formula

Let (B, : n € N) be a sequence of disjoint events whose union is 2, and let A be an event
of positive probability. Then

P(A|B,)B(B,)
FBA) = S BB, )R (B

We make the same convention as above when P(By) = 0. The formula follows directly
from the definition of conditional probability, using the law of total probability.

This formula is the basis of Bayesian statistics. We hold a prior view of the probabilities
of the events B,,, and we have a model giving us the conditional probability of the event
A given each possible B,,. Then Bayes’ formula tells us how to calculate the posterior
probabilities for the B,,, given that the event A occurs.
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8.4 False positives for a rare condition

A rare medical condition A affects 0.1% of the population. A test is performed on a
randomly chosen person, which is known empirically to give a positive result for 98% of
people affected by the condition and 1% of those unaffected. Suppose the test is positive.
What is the probability that the chosen person has condition A?

We use Bayes’ formula

P(P|A)P(A) 0.98 x 0.001

= = 0.089....
(P|AYP(A) + P(P|A°)P(A¢) — 0.98 x 0.001 + 0.01 x 0.999

P(A|P) = =

The implied probability model is some large finite set Q = {1,..., N}, representing the
whole population, with subsets A and P such that

1 1
A= =N, |ANP|= 2 —
1000 100 100

We used Bayes’ formula to work out what proportion of the set P is contained in A. You
may prefer to do it directly.

|Al, |A°NP| = | AC|.

8.5 Knowledge changes probabilities in surprising ways
Consider the three statements:

(a) I have two children the elder of whom is a boy,
(b) T have two children one of whom is a boy,

(c) T have two children one of whom is a boy born on a Thursday.

What is the probability that both children are boys? Since we have no further information,
we will assume all outcomes are equally likely. Write BG for the event that the elder is a
boy and the younger a girl. Write GT' for the event that the elder is a girl and the younger
a boy born on a Thursday, and write T'N for the event that the elder is a boy born on a
Thursday and the younger a boy born on another day. Then

(a) P(BB|BG U BB) = 1/2,
(b) P(BB|BBUBGUGRB) =1/3,
(¢) AINTUTN UTT|NT UTN UTT UTG UGT) = 13/27.

In (c) we used
6 1 16 11

PINTUTNUTT) )= —— 4+ — — 1+ —
( V V ) 1414—{_1414_'_1414’

6 1 16 11 17 71
]P(NTUTNUTTUTGUGT)—EE—FEE‘FEE‘FEE—FEE.

Thus, learning about the gender of one child biases the probabilities for the other. Also,
learning a seemingly irrelevant additional fact pulls the probabilities back towards evens.
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8.6 Simpson’s paradox

We first note a version of the law of total probability for conditional probabilities. Let A
and B be events with P(B) > 0. Let (£, : n € N) be a sequence of disjoint events whose
union is 2. Then

P(A|B) = P(A|BNQ,)P(Q|B).
n=1
This is simply the law of total probability for the conditional probability ]fD(A) =P(A|B).
For we have

P(ANQ,) PANQ,NB)

P(Al2) = P,  P(Q.NB)

— P(A|BNQ,).

Here is an example of Simpson’s paradox. The interval [0,1] can be made into a
probability space such that P((a,b]) = b — a whenever 0 < a < b < 1. Fixe € (0,1/4) and
consider the events

A= (e/2,1/24¢/2, B=(1/2—c/21—2/2, Q=(0,1/2, Q= (1/21]
Then

P(A|B) = 2 < % — P(A)
but

P(ABAQ) =1>1—¢c=P(A|Q) and P(A|BNQ) = 1%5 > e =P(A|Q,). (1)

We cannot conclude from the fact that ‘B attracts A on {2; and on )y’ that ‘B attracts A
on ).
Note that

P(Ql):P(Qz):%, P(4B) =, P(0yB)=1—c.

According to the laws of total probability, these are the correct weights to combine the
conditional probabilities from (1) to give

1 1 1 €
P(A)=(1—¢) Xgtexg =g, IP(A|B)—1><€+:(1 £) =2
in agreement with our prior calculations. In this example, conditioning on B significantly
alters the weights. It is this which leads to the apparently paradoxical outcome.
More generally, Simpson’s paradox refers to any instance where a positive (or negative)
association between events, when conditioned by the elements of a partition, is reversed
when the same events are considered without conditioning.
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9 Random variables

9.1 Definitions

Let (2, F,P) be a probability space. A random variable is a function X : 2 — R such
that, for all z € R,
{X<r}={we: X(w) <z} eF

For any event A, the indicator function 1, is a random variable. Here

1, fweA
1 — bl )
aW) {0, it we A°.

Given a random variable X, the distribution function of X is the function Fx : R — [0, 1]
given by
Fx(z) =P(X < z).

Here P(X < z) is the usual shorthand for P({w €  : X(w) < «}). Note that Fy(z) — 0
as ¢ — —oo and Fx(x) — 1 as © — oo. Also, Flx is non-decreasing and right-continuous,
that is, for all z € R and all h > 0,

Fx(x) < Fx(x +h), Fx(x+h)— Fx(x) as h—0.

More generally, a random variable in R™ is a function X = (Xy,...,X,) : Q@ — R" such
that, for all z,...,x, € R,

{Xlgﬂjl,,Xngl'n}Ef

It is straightforward to check this condition is equivalent to the condition that Xi,..., X,
are random variables in R. For such a random variable X, the joint distribution function
of X is the function Fx : R™ — [0, 1] given by

Fx(xy,...,2,) =P(Xy < 21,..., X, < 2p).

We return for a while to the scalar case n = 1. We say X is discrete if it takes only
countably many values. Given a discrete random variable X, with values in a countable
set S, we obtain a discrete distribution pxy on R by setting

pux(B) =P(X € B).
Then px has mass function given by
pe = px({z}) =P(X =z), z€b

We call px the distribution of X and (p, : © € S) the mass function of X. We say that
discrete random variables Xi,..., X, (with values in Sy,...,S, say) are independent if,
for all xz; € S1,...,2, € Sy,

P(Xlle,...,Xn:l‘n):]P)(Xl:l‘l)X"'XP(anl'n).



9.2 Doing without measure theory

The condition that {X < z} € F for all z is a measurability condition. It guarantees that
P(X < z) is well defined. While this is obvious for a countable probability space when F is
the set of all subsets, in general it requires some attention. For example, in Section 10.1, we
implicitly use the fact that, for a sequence of non-negative random variables (X,, : n € N),
the sum > 7 X, is also a non-negative random variable, that is to say, for all x

{i){n < :c} e F.
n=1

This is not hard to show, using the fact that F is a o-algebra, but we do not give details
and we will not focus on such questions in this course.

9.3 Number of heads

Consider the probability space
Q=1{0,1}"

with mass function (p, : w € Q) given by

N
po =[] (1—p)' ™,
k=1

modelling a sequence of N tosses of a biased coin. We can define random variables
Xq,..., Xy on Q by
Xk (w) = Wg-

Then Xi,..., Xy all have Bernoulli distribution of parameter p. For zq,...,zy € {0,1},
N
P(X;=z1,..., Xy =ay) = [[p" (1L —p) ™ =P(X; =21) x -+ x P(Xy = zy)
k=1

so the random variables Xi,..., Xy are independent. Define a further random variable
SN OHQbySN:X1+"'+XN, that iS,

Sy(w) =Xj(w)+ -+ Xyw)=wi + -+ +wn.

Then, for £k =0,1,..., N,
N
{sw=H1l= (],

and p, = pF(1 — p)V=* for all w € {Sy = k}, so

P(Sy = k) = (jlj)pk(l _

showing that Sy has binomial distribution of parameters N and p. We write Sy ~ B(N, p)
for short.

26



10 Expectation

10.1 Definition

Let (€2, F,P) be a probability space. Recall that a random variable is a function X : Q@ — R
such that {X < z} € F for all z € R. A non-negative random variable is a function
X : 2 — [0,00] such that {X <z} € F for all x > 0. Note that we do not allow random
variables to take the values 00 but we do allow non-negative random variables to take
the value co. Write F* for the set of non-negative random variables.

Theorem 10.1. There is a unique map
E:F" —0,00]
with the following properties:
(a) E(14) =P(A) forall A€ F,
(b) E(AX) = AE(X) for all A € [0,00) and all X € FT,
() ECQC, Xn) =, E(X,) for all sequences (X, :n € N) in FT.
In (b), we apply the usual rule that 0 x oo = 0. The map E is called the ezpectation.

Proof for Q countable. By choosing an enumeration, we reduce to the case where ) =
{1,...,N} or Q@ = N. We give details for 2 = N. Note that we can write any X € F*
in the form X = )" X, where X, (w) = X(n)1l{,(w). So, for any map E : F+ — [0, o0]
with the given properties,

- B = Y XR({n)) = 3 XF() 2

Hence there is at most one such map. On the other hand, 1f we use (2) to define E, then

Z La(w)P({w}) = P(A)

. Z AX (w)P({w}) = AE(X)
and
E@yﬁ=22&<{m D9 WALyt
so E satisﬁesn(a), (b) and (c; O

We will allow ourselves to use the theorem in its general form.
A random variable X is said to be integrable if E|X| < oo, and square-integrable if
E(X?) < co. We define the expectation of an integrable random variable X by setting

E(X)=E(X") -E(X")
where X* = max{+X, 0}.
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10.2 Properties of expectation

For non-negative random variables X, Y by taking X; = X, Xo =Y and X,, =0 forn > 2
in the countable additivity property (c), we obtain

E(X+Y)=E(X)+E®Y).
This shows in particular that E(X) < E(X +Y) and hence
E(X) <E(Y) whenever X <Y,
Also, for any non-negative random variable X and all n € N (see Section 11.1 below)
P(X > 1/n) < nE(X)

S0
P(X =0) =1 whenever E(X)=0.

For integrable random variables X, Y, we have
(X+Y)"+ X +Y =(X+Y) + X 4+Y"
SO
E(X+Y)H)+EX)+EY ) =E(X+Y))+EX") +EYY)
and so
E(X+Y)=EX)+E®Y).

Let X be a discrete non-negative random variable, taking values (x, : n € N) say.
Then, if X is non-negative or X is integrable, we can compute the expectation using the
formula

E(X) =) x,P(X =,).

To see this, for X non-negative, we can write X =) X,,, where X, (w) = &, 1{x=s,}(w).
Then the formula follows by countable additivity. For X integrable, we subtract the
formulas for X* and X~. Similarly, for any discrete random variable X and any non-
negative function f,

E(f(X)) =) flan)P(X = ). (3)

For independent discrete random variables X, Y, and for non-negative functions f and
g, we have

E(f(X)g(Y) = f@)g)P(X =2,Y =)
= f@)gy)P(X = 2)P(Y =y)
=Y f@PX =2)> g)P(Y =y) =E(f(X))E(g(Y))

Y
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This formula remains valid without the assumption that that f and g are non-negative,
provided only that f(X) and g(Y) are integrable. Indeed, it remains valid without the
assumption that X and Y are discrete, but we will not prove this.

10.3 Variance and covariance

The variance of an integrable random variable X of mean pu is defined by
var(X) = E((X — p)*).
Note that
(X —p)? = X2 —2uX + /2
SO
var(X) = B(X? — 2Xpu + p?) = B(X?) — 2uE(X) + 1* = E(X?) — E(X)%
Also, by taking f(z) = (z — u)? in (3), for X integrable and discrete,
var(X) = Z(xn — p)’P(X = z,).

n

The covariance of square-integrable random variables XY of means y, v is defined by
cov(X,Y) = E((X - p)(¥ — ).
Note that
(X =) Y —v)=XY —pY —vX + pv

SO

cov(X,Y)=E(XY) — pE(Y) = vE(X) + pr = E(XY) — E(X)E(Y).
For independent integrable random variables X,Y, we have E(XY) = E(X)E(Y), so
cov(X,Y) =0.
For square-integrable random variables X, Y, we have

var(X +Y) = var(X) + 2cov(X,Y) + var(Y).

To see this, we note that
(XY = = 0)? = (X = g2+ 2(X = )Y = v) + (¥ = )’
and take expectations. In particular, if X, Y are independent, then
var(X +Y) = var(X) + var(Y).

The correlation of square-integrable random variables XY of positive variance is de-
fined by

cov(X,Y)
Vvar(X)y/var(Y)
Note that corr(X,Y) does not change when X or Y are multiplied by a positive con-

stant. The Cauchy—Schwarz inequality, which will be discussed in Section 11.3, shows that
corr(X,Y) € [-1,1] for all X,Y.

corr(X,Y) =
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10.4 Zero covariance does not imply independence

It is a common mistake to confuse the condition E(XY') = E(X)E(Y') with independence.
Here is an example to illustrate the difference. Given independent Bernoulli random vari-
ables X1, X, X3, all with parameter 1/2, consider the random variables

Yi=2X,-1, Y,=2X,-1 Zy =Y1X3, Zy =YX
Then
EY1) =E(Y2) =0, E(Z)=EY)E(X3) =0, E(Z)=E(Y5)E(X;3) =0

” E(Z175) = E(Y1Y2X3) = 0 = E(Z,)E(Z,).

On the other hand {Z; =0} = {Z, = 0} = {X35 =0}, so

which shows that Z;, Z5 are not independent.

10.5 Calculation of some expectations and variances

For an event A with P(A) = p, we have, using E(X?) — E(X)? for the variance,

E(14) =p, var(ls)=p(l—p).

Sometimes a non-negative integer-valued random variable X can be written conveniently
as a sum of indicator functions of events A,,, with P(A,,) = p, say. Then its expectation is

given by
E(X)=FE (Z 1An> => pu

For such random variables X, we always have

n=1

SO

E(X) =) P(X >n). (4)

More generally, the following calculation can be justified using Fubini’s theorem for any
non-negative random variable X

]E(X) = ]E/O 1{z<X}d37 = /0 E(l{X>x})dx = /0 ]P)(X = x)dx
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The expectation and variance of a binomial random variable Sy ~ B(N,p) are given
by
E(Sy) = Np, var(Sy) = Np(l —p).
This can be seen by writing Sy as the sum of N independent Bernoulli random variables.
If G is a geometric random variable of parameter p € (0, 1], then

[e.e]

P(Gzn)=) (1-p)p=(1-p)"

k=n

so we can use (4) to obtain
E(G) = (1 —p)/p.

For a Poisson random variable X of parameter A, we have
E(X) =X\ var(X)= A\

To see this, we calculate

n!
n=0 n=0 n=1
and
E(X(X -1)) = in(n —1P(X =n) = in(n — 1)64\)‘_ — )2 i AT — )2
n=0 n=0 n! _ (n — 2)'
SO

10.6 Conditional expectation

Given a non-negative random variable X and an event B with P(B) > 0, we define the
conditional expectation of X given B by

E(X1p)

E(X|B) = 5

Then, for a sequence of disjoint events (€2, : n € N) with union €2, we have the law of total
expectation

E(X) =) E(X[Q)P().

To see this, note that X =", X,,, where X,, = X1q, so, by countable additivity,

E(X) =) E(X.) =) E(X|Q)P().
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10.7 Inclusion-exclusion via expectation

Note the identity

n n

[Ja-2)=> (-DF > (@, x-xay,).

=1 k=0 1<i << <

Given events Ay, ..., A,, fix w € Q and set x; = 14,(w). Then

n

H(l — l’z) = ].A?m...mA% ((JJ) =1- 1A1U"'UA7L ((U)

=1
and
:L’il X+ X xik = 1Ailm...mAik ((.U)

Hence
n

1A1U~~~UAn — Z(—l)k+1 Z 1Ailm...mAik.

k=1 1< < <ip<n

On taking expectations we obtain the inclusion-exclusion formula.
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11 Inequalities

11.1 Markov’s inequality
Let X be a non-negative random variable and let A € (0,00). Then
P(X > )\ <E(X)/A.
To see this, we note the following inequality of random variables
Mixza <X
and take expectations to obtain AP(X > \) < E(X).

11.2 Chebyshev’s inequality
Let X be an integrable random variable with mean p and let A € (0,00). Then
P(|X — p| = N\) < var(X) /A%
To see this, note the inequality
N x-pza < (X = p)?
and take expectations to obtain N2P(|X — u| > \) < var(X).

11.3 Cauchy—Schwarz inequality
For all random variables X,Y, we have

E(IXY]) < VE(X?)VE(Y?).

Proof of Cauchy-Schwarz. Tt suffices to consider the case where X, Y > 0 and E(X?) < oo
and E(Y?) < oo. Since XY < £(X?+Y?), we then have
E(X?) +E(Y?

CSELI

and the case where E(X?) = E(Y?) = 0 is clear. Suppose then, without loss of generality,
that E(Y?) > 0. For t € R, we have

E(XY) <

0< (X —tY)?=X? - 2tXY +*Y?

SO
0 < E(X?) — 2tE(XY) + ’E(Y?).

We minimize the right-hand side by taking ¢t = E(XY)/E(Y?) and rearrange to obtain
E(XY)? <E(X?E(Y?).
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It is instructive to examine how the equality

E(XY) = VEX?)VET?)

can occur for square-integrable random variables X,Y. Let us exclude the trivial case
where P(Y = 0) = 1. Then E(Y?) > 0 and above calculation shows that equality can

occur only when
E(X —tY)}) =0

where t = E(XY)/E(Y?), that is to say when P(X = A\Y) = 1 for some \ € R.

11.4 Jensen’s inequality

Let X be an integrable random variable with values in an open interval I and let f be a
convex function on /. Then

f(EX)) <E(f(X)).
To remember the sense of the inequality, consider the case I = R and f(z) = z? and recall

that
E(X?) — E(X)? = var(X) > 0.

Recall that f is said to be conver on I if, for all x,y € I and all t € [0, 1],
fltz+ (1 =t)y) <tf(x) + (1 —1)f(y).

Thus, the graph of the function from (z, f(x)) to (y, f(y) lies below the chord. If f is twice
differentiable, then f is convex if and only if f”(z) > 0 for all z € I. We will use the
following property of convex functions: for all points m € I, there exist a,b € R such that

am+b= f(m) and ar+b< f(z) forallzel.

To see this, note that, for all x,y € I with z < m < y, we can find ¢t € (0,1) such that
m =tz + (1 — t)y. Then, on rearranging the convexity inequality, we obtain

flm) = £(z) _ f() = f(m).
m—x y—m

So there exists ¢ € R such that

fom) = £0) _, _ S~ Jm)
m—x y—m
for all such z,y. Then f(z) < a(xr —m) + f(m) for all z € I.

Proof of Jensen’s inequality. Take m = E(X) and note the inequality of random variables
aX +b < f(X).
On taking expectations, we obtain

f(E(X)) = f(m) = am + b < E(f(X)).
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It is again interesting to examine the case of equality

especially in the case where for m = E(X) there exist a,b € R such that
f(m)=am+0b, f(x)>ax+b forall x#m.

Then equality forces the non-negative random variable f(X)—(aX +b) to have expectation
0,s0 P(f(X)=aX+0b)=1and so P(X =m) = 1.

11.5 AM/GM inequality

Let f be a convex function defined on an open interval I, and let xy,...,x, € I. Then
H(13m) <23 se
— x| < — Tp).
n F n F
k=1 k=1
To see this, consider a random variable which takes the values x4, ..., x, all with equal
probability and apply Jensen’s inequality.
In the special case when I = (0,00) and f = — log, we obtain for z1,...,z, € (0,00)

n 1/n n
k=1 k=1

Thus the geometric mean is always less than or equal to the arithmetic mean.
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12 Random walks

12.1 Definitions

A random process (X, : n € N) is a sequence of random variables. An integer-valued
random process (X, : n € N) is called a random walk if it has the form

for some sequence of independent identically distributed random variables (Y, : n > 1).
We consider only the case of simple random walk, when the steps are all of size 1.

12.2 Gambler’s ruin

We think of the random walk (X,, : n > 0) as a model for the fortune of a gambler,
who makes a series of bets of the same unit stake, which is either returned double, with
probability p € (0,1) or is lost, with probability ¢ = 1 — p. Suppose that the gambler’s
initial fortune is  and he continues to play until his fortune reaches a > x or he runs out

of money. Set
h, = P, (X, hits a before 0).

The subscript = indicates the initial position. Note that, for y = x £+ 1, conditional on
X1 =1y, (X, :n >1)is a simple random walk starting from y. Hence, by the law of total
probability,

hy =qhy1+phyrr, z=1,...,a—1.

We look for solutions to this recurrence relation satisfying the boundary conditions hg = 0
and h, = 1.
First, consider the case p = 1/2. Then h, —h, 1 = hy 1 — h, for all , so we must have

h, = x/a.

Suppose then that p # 1/2. We look for solutions of the recurrence relation of the form
h, = A*. Then

pA2—A4+g=0
so A =1or A =¢q/p. Then A+ B(q/p)* gives a general family of solutions and we can
choose A and B to satisfy the boundary conditions. This requires

A+B=0, A+B(q/p)*"=1

SO
1

P a—a

and



12.3 Mean time to absorption

Denote by T" the number of steps taken by the random walk until it first hits 0 or a. Set
T, = E (T)

so T, is the mean time to absorption starting from x. We condition again on the first step,
using the law of total expectation to obtain, for x =1,...,a — 1,

To =1+ pTuy1 +qTe1.

This time the boundary conditions are 79 = 7, = 0.
For p = 1/2, try a solution of the form Az?. Then we require

Ar® = 1+%A(:{;—|—1)2+%A(:c—1)2 =Ar* +1+ A
so A = —1. Then, by symmetry, we see that
7. = x(a — ).
In the case p # 1/2, we try C'z as a solution to the recurrence relation. Then
Cr=1+pC(x+1)+qC(z—1)

so C'=1/(q — p). The general solution then has the form
Ty = . +A+B (g)
q—p p
and we determine A and B using the boundary conditions to obtain

__ & a (gp)-1

q—p q-p(g/p*—1
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13 Generating functions

13.1 Definition

Let X be a random variable with values in Z* = {0, 1,2,...}. The generating function of
X is the power series given by

Gx(t) = E(t*) = iP(X = n)t".

Then Gx(1) = 1 so the power series has radius of convergence at least 1. By standard
results on power series, G x defines a function on (—1,1) with derivatives of all orders, and
we can recover the probabilities for X by

P(X = n) = % (%)n G (t).

t=0

13.2 Examples

For a Bernoulli random variable X of parameter p, we have
Gx(t) = (1 —p)+pt.

For a geometric random variable X of parameter p,

o0

Gx(t) =3 "(1—p)pt" = ﬁ.

n=0

For a Poisson random variable X of parameter A,

oo )\TL
n=0 )

13.3 Generating functions and moments

The expectation E(X™) is called the nth moment of X. Provided the radius of convergence
exceeds 1, we can differentiate term by term at t = 1 to obtain

G(1) =) nP(X =n) =E(X),

G%(1) = n(n—1P(X =n) = E(X(X - 1))

n=2

and so on. Note that for a Poisson random variable X of parameter \ we have

Gy(1) =X, Gx(1)=X
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in agreement with the values for E(X) and E(X (X — 1)) computed in Section 10.5.
When the radius of convergence equals 1, we can differentiate term by term at all ¢t < 1

to obtain
ZnP n)t" L

So, in all cases,
lim G’y (t) = E(X)

11

and we can obtain E(X (X — 1)) as a limit similarly.
For example, consider a random variable X in N = {1,2,...} with probabilities

1
PX=n)=———.
( n) n(n+1)
Then, for |t| < 1, we have
0 tnfl
x(t) = Z n+1
n=1

and, as t — 1,

G (1) Z

13.4 Sums of independent random variables

Let X,Y be independent random variables with values in Z*. Set
pn=P(X =n), q,=PY =n).
Then X + Y is also a random variable with values in Z*. We have
{X+Y=n}=U_{X=kY=n—Fk}

and, by independence,
P(X = k,Y = 10— k) = petu-r.

So the probabilities for X + Y are given by the convolution
PX+Y =n)= Zkan—k-
k=1

Generating functions are convenient in turning convolutions into products. Thus

Gxyy(t) ZIP’ (X+Y =n)t ZZpkqn Wt = ZpkthQn R0 = Gx )Gy (1).

n=0 k=0
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This can also be seen directly
Gxiv(t) = E*™) = E(t*tY) = EEOE(Y) = Gx (1)Gy (1).

Let X, X1, Xs,... be independent random variables in Z* all having the same distri-
bution. Set Sy = 0 and for n > 1 set

Sp=X1+ -+ X,
Then, for all n > 0,
Gs,(t) = E({t) = E(t* x -+ x t*) = E(t*) x -« x E(t*") = (Gx(1))".

In the case where X has Bernoulli distribution of parameter p, we have computed
Gx(t) =1 —p+ pt and we know that S,, ~ B(n,p). Hence the generating function for
B(n,p) is given by

Gs,(t)=(1—p+pt)".

In the case where X has Poisson distribution of parameter A, we have computed Gx(t) =
e MM and we know that S, ~ P(n)). The relation Gg,(t) = (Gx(t))" thus checks with
the known form of the generating function for P(nA\).

13.5 Random sums

Let N be further random variable in Z*, independent of the sequence (X, : n € N).
Consider the random sum

Then, for n > 0,
E(tV|N = n) = (Gx(t))"

so Sy has generating function

oo

Gy (t) = B(t™) = ZE t|IN = n)P(N =n) =) (Gx(t))"P(N = n) = F(Gx(t))

n=0

where F'is the generating function of N.

13.6 Counting with generating functions

Here is an example of a counting problem where generating functions are helpful. Consider
the set P, of integer-valued paths x = (xg, 1, ..., xs,) such that

Ty = Top — 0, ’l’, - IZ'+1| = ]_, ZT; 2 0 for all i.
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Set

Cn = |Pyl.
Note that, foralln > 1 and z € P,, we have zy = land y = (21— 1, ..., 29,1 — 1) € P4
and z = (Tog, ..., Toy) € Py, where k = min{i > 1 : zo; = 0}. This gives a bijection from

P, to U}_,P;—1 X P,_k. So we get a convolution-type identity
Cn - Z Ok—lcn—k‘
k=1

Consider the generating function

c(t) = i Cpt".
n=0

Note that (), < (2:) < 22" 50 the radius of convergence of this power series is at least 1/4.
Then

C(t) =1+ Z Z C’k_lCn_kt” =1+ tz Ck_ltk_l Z Cn_ktn_k =14+ tc(t)2.
k=1 n=k

n=1 k=1

So, for t € (0,1/4),
1—+1—-4t

) =—%

where the other root Xv1=4 V21_4t can be excluded because we know that ¢(0) = Cy = 1 and ¢
is continuous on [0, 1/4). Then, using the binomial expansion, we conclude that

c - 1 (Qn)
n+1l1\n

The numbers C,, are the Catalan numbers. They appear in many other counting problems.
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14 Branching processes

14.1 Definition

A branching process or Galton—Watson process is a random process (X, : n > 0) with the
following structure:

Xn
Xo=1, X, = ZY’” for all n > 0.
k=1

Here (Yj,, : k > 1,n > 0) is a sequence of independent identically distributed random
variables in Z*. A branching process models the evolution of the number of individuals
in a population, where the kth individual in generation n has Y} ,, offspring in generation
n + 1. We call the distribution of X the offspring distribution.

14.2 Mean population size

Set i = E(X7). Then, for all n > 1,
E(X,) = pu".

This is true for n = 1. Suppose inductively it is true for n. Note that

E(Xp41|X, =m)=E (Z Y,m> = my
k=1

so by the law of total expectation

E(Xuir) = S E(Xant|Xo = mP(Xa = m) = u 3 mB(X, = m) = yE(X,) = "
m=0 m=0

and the induction proceeds.

14.3 Generating function for the population size

Set F(t) = E(t*') and set F,(t) = E(¢t*") for n > 0. Then Fy(t) = t and, for n > 0, we
can apply the calculation of the generating function in Section 13.5 to the random sum
defining X,,,; to obtain

Fria(t) = Fu(F (1))
so, by induction, F,, = F o--- o F, the n-fold composition of F' with itself.

42



14.4 Conditioning on the first generation

Fix m > 1. On the event {X; = m}, for n > 0, we have

Xn+1 = Z XT(L])
j=1
where Xéj) =1 and, forn > 1,
50,
Xr(zj) _ Z Yin
k=507 +1

and
: . :
R N
Note that, conditional on {X; = m}, the processes (X,(LI) :n>=0),..., (XT(Lm) :n > 0) are

independent Galton—Watson processes with the same offspring distribution as (X, : n > 0).

14.5 Extinction probability

Set
q=P(X, =0 for some n >0), ¢,=PX,=0).

Then ¢, — ¢ as n — oo by continuity of probability. Also
Guss = Fas1(0) = F(Fa(0)) = Flgn).
This can also be seen by conditioning on the first generation. For
P(Xpi =0[X; =m) =P(XV =0,..., X™ = 0| X, =m) = ¢"

so, by the law of total probability,
i1 = Y P(Xpi1 = 0|X; = m)P(X, = m) = F(gn).
m=0

Theorem 14.1. The extinction probability q is the smallest non-negative solution of the
equation ¢ = F(q). Moreover, provided P(X; = 1) < 1, we have
qg<1 ifandonlyif p>1.

Proof. Note that F' is continuous and non-decreasing on [0, 1] and F(1) = 1. On letting
n — oo in the equation ¢,11 = F(q,), we see that ¢ = F(q). On the other hand, let us
denote the smallest non-negative solution of this equation by ¢. Then ¢y = 0 < t. Suppose
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inductively for n > 0 that ¢, < ¢, then g,y1 = F(g,) < F(t) = t and the induction
proceeds. Hence g = t.

We have p = limyy F'(¢). If g > 1, then we must have F(t) < t for all ¢ € (0,1)
sufficiently close to 1 by the mean value theorem. Since F(0) = P(X; = 0) > 0, there is
then a solution to ¢t = F(t) in [0, 1) by the intermediate value theorem. Hence ¢ < 1.

It remains to consider the case p < 1. f P(X < 1) =1 then F(t) =1 — u+ put and we
exclude the case u = 1 by the condition P(X = 1) < 1, so ¢ = 1. On the other hand, if
P(X > 2) > 0 then, by term-by-term differentiation, F'(t) < p < 1 for all t € (0,1) so, by
the mean value theorem, there is no solution to ¢t = F(¢) in [0,1), so ¢ = 1. O

We emphasize the fact that, if there is any variability in the number of offspring, and
the average number of offspring is 1, then the population is sure to die out.

14.6 Example

Consider the Galton—Watson process (X, : n > 0) with
P(X;=0)=1/3, P(X;=2)=2/3.

The offspring generating function F' is given by

1 2
F(t) ==+ =t2
(t) 513

so the extinction probability ¢ is the smallest non-negative solution to
0=2t"—3t+1=(2t—1)(t—1).
Hence g = 1/2.
Recall the construction of (X, : n > 0) from a sequence of independent random vari-

ables (Yy, : k > 1,n > 0). Set Ty = 0and T, = Xo+ ---+ X,,-y for n > 1 and
T =5 X, Set Sy =1 and define recursively forn > 0 and k =1,..., X,

Stk =S1, +Yin+ -+ Y, — k.
Then Sp;, = Sy = 1 = X. Suppose inductively for n > 0 that S;;, = X,,. Then
STn_H = STn + le,n + -+ YXn,n - Xn = XnJrl

and the induction proceeds. Moreover T = min{m > 0 : S,, = 0}. Now (S,;)m<r is a
random walk starting from 1, which jumps up by 1 with probability 2/3 and down by 1
with probability 1/3, until it hits 0. The extinction probability for the branching process
is then the probability that the walk ever hits 0.
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15 Some natural continuous probability distributions

A non-negative function f on R is a probability density function if

/Rf(:c)dx =1

Given such a function f, we can define a unique probability measure p on R such that, for
all v € R,

((~00,2]) = / " Fy)dy.

In fact this measure p is given on the o-algebra B of Borel sets B by

u(B) = | fd.

To be precise, we should require that f be Borel measurable. This is a weak assumption
of regularity, which holds for all piecewise continuous functions and many more besides.
The Borel g-algebra B contains all the intervals in R. In fact it is the smallest o-algebra
with this property. You are not expected to keep track of these subtleties in this course
and will miss no essential point by ignoring them.

15.1 Uniform distribution
For a,b € R with a < b, the density function
f(@)=(b—a) 1)

defines the uniform distribution on |a, b, written Ula, b] for short.

15.2 Exponential distribution
For X € (0, 00), the density function on [0, c0)
fz) = Xe™

defines the exponential distribution of parameter X\, written E(\).

15.3 Gamma distribution

More generally, for o, A € (0, 00), the density function on [0, c0)
f(z) = X2 le™ /T (a)

defines the gamma distribution of parameters a and X\, written I'(a, A). Here



The substitution y = Az shows that
/ N2 ey = T(a)
0

so f is indeed a probability density function. When « is an integer, we can integrate by
parts a — 1 times to see that I'(a) = (aw — 1)!

15.4 Normal distribution

The density function

1 2
. —z=/2
x) = e
fla) = ——=
defines the standard normal distribution, written N(0,1). More generally, for ;1 € R and
02 € (0,00), the density function

F(@) = (P (2e?)

vV 2mo?

defines the normal distribution of mean p and variance o, written N (u, 0?).
To check that f is indeed a probability density function, we can use Fubini’s theorem
and a transformation to polar coordinates to compute

2 2 00
(/ 6_12/2d$> = / 6_(I2+y2)/2dxdy - / / e " Prdrdd = 2r.
R R2 0 0
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16 Continuous random variables

16.1 Definitions

Recall that each real-valued random variable X has a distribution function Fx, given by

Then Fx : R — [0, 1] is non-decreasing and right-continuous, with Fx(z) — 0 as x — —o0
and Fy(z) — 1 as ¢ — oco. A random variable X is said to be continuous if its distribution
function Fly is continuous. We say that X is absolutely continuous if there exists a density
function fx such that, for all z € R,

F(z) = / " )y, (5)

We will say in this case that X has density function fx. In fact we then have, for all Borel
sets B,

P(X € B) = / fx(z)d.
B
By continuity of probability, the left limit of Fx at x is given by

Fx(z—) = nll_)rloloFx(.T —1/n) = JLHJOP(X <zx—1/n)=P(X <)
so F'x has a discontinuity at z if and only if P(X = z) > 0. If X has a density function
fx, then P(X = z) = 0 for all z, so X is continuous. The converse is false, as may be seen
by considering the uniform distribution on the Cantor set.
On the other hand, if Fx is differentiable with piecewise continuous derivative f then,
by the Fundamental Theorem of Calculus, for all a,b € R with a < b,

b
Pla < X <) = Fx(0) - Fx(a) = [ f(a)do

so X has density function f. Conversely, suppose that X has a density function fy. Then,
for all z € R and all h > 0,

Fx(x 4+ h) — Fx(x)
h

x+h
~ (o) =\1 / (fx(y)—fx(fﬂ))dy‘< sup | Fxly) = fx(@)

h r<y<z+h

with a similar estimate for h < 0. Hence, if fx is continuous at z, then Fly is differentiable
at x with derivative fx(z).
Given a real-valued random variable X, the distribution of X is the Borel probability

measure px on R given by
ux(B) =P(X € B).
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16.2 Transformation of one-dimensional random variables

Let X be a random variable with values in some open interval I and having a piecewise
continuous density function fx on I. Let ¢ be a function on [ having a continuous derivative
and such that ¢/(x) # 0 for all x € I. Set y = ¢(x) and consider the new random variable
Y = ¢(X) in the interval ¢(7). Then Y has a density function fy on ¢(I), given by

dx

fr(y) = fx(z) a0

To see this, consider first the case where ¢ is increasing. Then Y < vy if and only if
X < ¢Y(y), where p = ¢~ : ¢(I) — I. So

Fy(y) = Fx(¥(y)).
By the chain rule, Fy then has a piecewise continuous derivative fy, given by

ﬂ@wa&wwmwmzfam%

which is then a density function for Y on ¢(I). Since ¢’ does not vanish, there remains the
case where ¢ is decreasing. Then Y < y if and only if X > ¥(y), so Fy(y) = 1 — Fx(¥(y))
and a similar argument applies.

Here is an example. Suppose that X ~ U[0, 1], by which we mean that px is the uniform
distribution on [0, 1]. We may assume that X takes values in (0, 1], since P(X = 0) = 0.
Take ¢ = —log. Then Y = ¢(X) takes values in [0, 00) and

P(Y>y) =P(—logX >y)=P(X <e¥)=¢e""

so Y ~ E(1), that is, uy is the exponential distribution of parameter 1.
Here is a second example. Let Z ~ N(0,1) and fix p € R and o € (0,00). Set

X=pu+oZ

Then X ~ N(u,0?). To see this, we note that, for a,b € R with a < b, we have X € [a, 0]
if and only if Z € [@/, V], where ¢’ = (a — p) /o, = (b—p)/o. So

v b
1 1 s o
P(X € [a,b]) = P(Z € [, V]) = eﬂﬂM:/ o (a—10)?/(20%) g
(X € [a,b]) =P(Z € [d',]) = T

where we made the substitution z = (x — p)/o to obtain the final equality.

16.3 Calculation of expectations using density functions

Let X be a random variable having a density function fy and let g be a non-negative
function on R. Then the expectation E(g(X)) may be computed by

MAXDZ/QWMA@M

R
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and the same formula holds when ¢ is real-valued provided g(X) is integrable. We omit
the proof of this formula but note that for g = 1(_ 4 it is a restatement of (5).
For X ~ Ula,b], we have

1 b
E<X):b—a/ xdr =

For X ~ E(A), by integration by parts,

E(X) = e Mdy = e Mdy = l
0 0 A

For X ~ N(0,1), by symmetry,

1 2
E(X) = ——e "4y =0
(X) /Rx 27Te x

and, by integration by parts,

1 2 1 2 1 2
var(X) = E(X? :/x2 e " /2d:c:/x xe ﬂdxz/—e“ P = 1.
K =B = |7 s Vo vr
For X ~ N(u,0?), we can write X =y + 0Z with Z ~ N(0,1). So

E(X)=p, var(X)=o"
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17 Properties of the exponential distribution

17.1 Exponential distribution as a limit of geometrics
Let T be an exponential random variable of parameter A. Set
T, = |nT].
Then T,, takes values in Z* and
P(T, > k) =P(T > k/n) = e /"

—A/n

so T,, is geometric of parameter p, =1 — e . Now, as n — oo, we have

pn~An, T,/n—T.

So T'is a limit of rescaled geometric random variables of small parameter.

17.2 Memoryless property of the exponential distribution

Let T be an exponential random variable of parameter A. Then
P(T >t) = / e Mdr = e M
t
so, for all s,t > 0,

P(T>s+tT>s)=P(T >1).

This is called the memoryless property because, thinking of T" as a random time, conditional
on T exceeding a given time s, the time T — s still to wait is also exponential of parameter
A

In fact this property characterizes the exponential distribution. For it implies that

P(T>s+t)=P(T > s)P(T > t)
for all s, > 0. Then, for all m,n € N,
P(T > mt) =P(T > t)"

and
P(T>m/n)"=P(T >m)=P(T > 1)".

We exclude the trivial cases where T is identically 0 or co. Then P(T" > 1) € (0,1), so
A= —logP(T > 1) € (0,00). Then P(T > t) = e~ for all rationals ¢ > 0, and this
extends to all ¢ > 0 because P(T > t) and e~* are both non-increasing in ¢.
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18 Multivariate density functions

18.1 Definitions

A random variable X in R" is said to have density function fx if the joint distribution
function Fx is given by

FX(xl,...,xn):/ / Ix(Wrs - yn)dyr ... dyp.
It then follows that
P(X € B) = / fx(z)dz
B

for all Borel sets B in R", in particular for all open and all closed sets. Moreover, for any
non-negative Borel function g, we have

E(g(X)) = / o) fx (x)da.

n

Morover, this formula remains valid for real-valued Borel functions g, provided E(|g(X)|) <
oo. We omit proof of these facts.

18.2 Independence

We say that random variables X1, ..., X,, are independent if, for all x1,...,z, € R,
]P)(Xl < ZL’l,...,Xn < ZEn) :]P)<X1 < ZEl) X+ X ]P)(Xn < [En)
Theorem 18.1. Let X = (Xy,...,X,,) be a random variable in R".

(a) Suppose that Xy,..., X, are independent and have density functions fi,..., fn re-
spectively. Then X has density function fx given by

fx(@1,. .. @) = Hfl-(:r;i).

(b) On the other hand, suppose that X has density function fx which factorizes as in (a)
for some non-negative functions fi,..., fn. Then Xi,...,X, are independent and
have density functions which are proportional to fi,..., f. respectively.

Proof. Under the hypothesis of (a), we have, for B = (—o0, x| X -+ X (—00, z,]

P(X € B)=P (ﬁ{Xi < xi}> = HIP’(XZ- <) = H /_ filyi)dy: = /BH filyi)dy.

Hence X has the claimed density function.
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On the other hand, under the hypothesis of (b), since

H/Rfi(ffz')dxi = A fx(x)dx =1
i—1 n

we may assume, by moving suitable constant factors between the functions f;, that they
all individually integrate to 1. Consider a set B of the form By x --- x B,,. Then

P (ﬂ{xi e BZ»}> _P(X €B) = /BfX(x)dx - H/B fil)das. (6)

On taking B; = R for all j # ¢, we see that
B;

showing that X; has density f; and, returning to the general formula (6), that

P (ﬁ{xi € Bl-}> = f[]P’(XZ- € B)

i=1 =1

so X1,...,X, are independent. O

18.3 Marginal densities

If an R"-valued random variable X = (X7, ..., X,,) has a density function fx then each of
the component random variables has a density, which is given by integrating out the other
variables. Thus X; has density

le(ZL’l) = 1fX(.’El,iBQ,...,.’En)dxg...dl‘n.
Rn—

These are called the marginal density functions. When the component random variables
are independent, we can recover fx as the product of the marginals, but this fails otherwise.

18.4 Convolution of density functions

Given two probability density functions f, g on R, we define their convolution f * g by

fg(z) = / f(@ — v)g)dy.

If X,Y are independent random variables having densities fx, fy then X + Y has density
fx * fy. To see this we compute for z € R

POCHY <9 = [ e fs@fisdy = [ ([ rx@rac)

[ (] _sxtw=nsvwac)ay= [ ([ sxto st ao
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where we made the substitution w = x + y in the inner integral for the third equality and
interchanged the order of integration for the fourth.

Consider the case where XY are independent U|[0, 1] random variables. Then X + Y
has density given by

x, if x € [0,1],
2—z, ifzell2].

s filo) = [

R

1
Loy (z —y) Lo (y)dy = / lpo1,2)(y)dy = {
0

18.5 Transformation of multi-dimensional random variables

Theorem 18.2. Let X be a random variable with values in some domain D in R? and
having a density function fx on D. Suppose that ¢ maps D bijectively to another domain
#(D) in RY and suppose that ¢ has a continuous derivative on D with

det ¢'(x) # 0

for all x € D. Set y = ¢(x) and consider the new random variable Y = ¢(X). ThenY
has a density function fy on ¢(D), given by

fr() = fx(@)|J]

where J is the Jacobian, given by

d
J = det <8$Z> .
dy; ij=1

We omit proof of this result, but see Section 16.2 for the one-dimensional case. Note
that the Jacobian factor is computed from the inverse transformation, where x is given as
a function of y.

Here is an example. Let (X,Y) be a standard normal random variable in R?, which
we will consider as defined in D = R?\ {(x,0) : z > 0}. Set R = |(X,Y)] € (0,00) and
let © € (0,27) be the angle from the positive z-axis to the vector (X,Y’). The inverse
transformation is given by

r=rcosf, y=rsind

or Ox :
o< 2 cos@ —rsind

J = det (% %) = def (sin@ rcos&) =7
or 00

and (R, ©) has density function on (0, 00) x (0, 27) given by

SO

1
Tre(r,0) = fxy(z,y)|J| = %re_r?/2

Hence R has density re~""/2 on (0, 00), © is uniform on (0, 27), and R and © are indepen-
dent.
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19 Simulation of random variables

We sometimes wish to generate a simulated sample X3,..., X, from a given distribution.
We will discuss two ways to do this, relevant in different contexts, based on the reasonable
assumption that we can simulate well a sequence (U, : n € N) of independent UJ0, 1]
random variables.

19.1 Construction of a random variables from its distribution
function

Suppose we wish to simulate a random variable X which takes values in an open interval
I, where it has a positive density function f. The associated distribution function F' then
maps I bijectively to (0,1), so it has an inverse map G : (0,1) — I. For U ~ UJ0, 1], since
P(U =0) =P(U = 1) = 0 we may consider U as a random variable in (0, 1). Set

X = G(U)

then
{X <o} ={GU) <z} ={U < F(2)}
SO
P(X <z)=PU < F(x)) = F(z).
Hence we have constructed a random variable with the given distribution function F'. To
obtain a sequence of independent such random variables, we can apply the same transfor-

mation to the sequence (U, : n € N).
In fact, for any distribution function F', if we define G : (0,1) — R by

Gu)=inf{r e R:u < F(x)}

then, for u € (0,1) and x € R, we have G(u) < z if and only if u < F(z). We omit to show
this in general. Then the same argument as above shows that X = G(U) has distribution
function F'.

19.2 Rejection sampling

Suppose we wish to simulate a random variable X in R? whose density function f has the
form

f(x) = 1a(x)/| Al
where A is a subset of the unit cube and |A| denotes the volume of A, which we assume
to be positive. For this is it convenient to assume that the sequence (U, : n € N) consists
of independent d-dimensional uniform random variables. We can obtain these from a
sequence (U, : k € {1,...,d},n € N) of independent U|0, 1] random variables by setting
Up = (Uin,...,Usy) for all n. Then set

X =Uy
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where

N=min{n >1:U, € A}.
Then, by the law of total probability, for any Borel set B C [0, 1]¢,

P(X € B) = ip(x € B|N = n)P(N = n)

n=1
Now P(U,) € BnAand Uy,...,Upr @A) |BNA|
n) € LN A an 1y, Upn_1 N
P(X € B|N = n) = _ .
(X € BIN =n) = =5 A and 1. U,y & A) A
SO
meA| \BmAy /
P(X € B) — [ f(@)da
Al Z |Al B

as required. Note that, to implement this contruction in an algorithm, requires us only to
determine sequentially whether each proposed value U, lies in A.
A similar approach can be used to simulate a random variable (X7, ..., X4 1) taking

values in [0, 1] and which has a bounded density function f. Let A be an upper bound
for f and define

A={(z1,...,x4-1,7q) €[0,1]:2g < f(x1,...,24-1)/\}.

Construct (X1,..., X4 1, Xy) from A as above. Then, for any Borel set B C [0, 1]¢"?

(B x [0,1]) N A = /B T 'A' La1) g dg

SO

P((Xl, e ,Xd—l) € B) == KB x [T)/’lll]) i A| = / f(l‘l, N ,de_l)dl'l e dl’d_l.
B
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20 Moment generating functions

20.1 Definition

Let X be a random variable. The moment generating function of X is the function My
on R given by
Mx()\) = E(e™).

Note that Mx(0) = 1 but it is not guaranteed that Mx () < oo for any A # 0.
For independent random variables X, Y, we have

Mxiy(\) = E(E+)) = E(eMeNY) = E(eM)E(eM) = Mx (N My (N).

20.2 Examples
For X ~ E(f) and A < /3, we have

Mx () = /000 M Be P dy = %

and Mx(A) = oo for A > 5. More generally, for X ~ I'(a, §) and A < 3,

MX()\) _ L /oo eAxBaxa—le_gxdx _ (6 f )\)a
0

where we recognise in the integral a multiple of the I'(cr, 5 — A) density function.
For X ~ N(0,1) and all A € R,

1 2 2 1 2 2
Mx(\) = [ r——e = 2dx = /2/ —— e N2y = N2
x() R V2T R V2T

where for the last equality we recognise the integral of the N (A, 1) density function.
More generally, for X ~ N(u,c?), we can write X = yu + 0Z with Z ~ N(0,1), so

My (3) = E(&X) = ME(A7) = o2

We say that a random variable X has the Cauchy distribution if it has the following
density function

1
=iy
Then, for all A # 0,
1
M = [ M —dr = .
x(A) /Re 77(1+:c2)d$ 00
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20.3 Uniqueness and the continuity theorem

Moment generating functions provide a convenient way to characterize probability distri-
butions and to show their convergence, because of the following two results, whose proofs
we omit.

Theorem 20.1 (Uniqueness of moment generating functions). Let X and Y be random
variables having the same moment generating function M and suppose that M(\) < oo for
some X\ # 0. Then X and Y have the same distribution function.

Theorem 20.2 (Continuity theorem for moment generating functions). Let X be a random
variable and let (X, : n € N) be a sequence of random variables. Suppose that Mx, (\) —
Mx(\) for all X € R and Mx(\) < oo for some X # 0. Then X, converges to X in
distribution.

Here, we say that X,, converges to X in distribution if Fx, (x) — Fx(z) as n — oo at
all points z € R where Fx is continuous.

We can use uniqueness of moment generating functions to show that, if X, Xy,..., X,
are independent E(() random variables, then S, = X; +--- + X,, ~ I'(n, 5). For

Mg, (V) = ’i[lMXk<A> — Mx(\)" = (%)

which we have seen is the moment generating function for the I'(n, §) distribution.

The condition that M(\) < oo for some A # 0 is necessary for uniqueness. For, if
X is a Cauchy random variable, then My = Msx but X and 2X do not have the same
distribution.

A version of these theorems holds also for random variables in R™, where the moment
generating function of such a random variable X is the function on R" given by

Myx(\) = E(eM).

In this case the condition that Mx(\) < oo for some A # 0 is replaced by the requirement
that My be finite on some open set.
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21 Limits of sums of independent random variables

21.1 Weak law of large numbers

Theorem 21.1. Let (X, : n € N) be a sequence of independent identically distributed
integrable random variables. Set S, = X1+ ---+ X,, and p = E(X;). Then, for all € > 0,

as n — oo,
]ID<

Proof for finite second moment. Assume further that

Sy
——u’>5>—>0.
n

var(X;) = 0 < 0.
Note that
E(S,/n) = u, var(S,/n)=d*/n.
Then, by Chebyshev’s inequality, for all € > 0, as n — oo,

S

J{E

T H

> 5) <e%0?/n — 0.

21.2 Strong law of large numbers (non-examinable)

Theorem 21.2. Let (X, : n € N) be a sequence of independent identically distributed
integrable random variables. Set S, = X1 +---+ X,, and p = E(X;). Then

P(S,/n — pasn — oo0) = 1.
Proof for finite fourth moment. Assume further that
E(X}) < 0.

Set Y, = X,, — p. Then (Y, : n € N) is a sequence of independent identically distributed
random variables with E(Y;) = 0 and E(Y}!) < oo, and

__,u:
n n

Hence, it will suffice to conside the case where = 0.

Note that
- 4
4 4 2 12
Sn:E X,-+(2> E XZ.X]-—I—R
i=1

1<i<j<n
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where R is a sum of terms of the following forms: X;X;X;X; or X;X;X? or X;X? for
i, 7, k,l distinct. Since u = 0, by independence, we have E(R) = 0. By Cauchy—Schwarz,

E(X7X3) < \/E(XH)/E(X3) = E(X)).
Hence
E(S}) = nE(X}) + 3n(n — DE(X;X3) < 3n’*E(X})
and so
E i AN —iE 5.\’ <3]E(X4)ii<oo
n=1 n B n=1 n h ' n=1 n2 .
Hence P(S,,/n — 0) = 1. O

The following general argument allows us to deduce the weak law from the strong law.
Let (X, : n € N) be a sequence of random variables and let ¢ > 0. Consider the events

= ﬂ {IXm| <e}, B,={|X.|<e}, A={|X,| < e for all sufficiently large n}.

Then A, C A,41 and A, C B,,. Also, UX A, = A and {X,, — 0} C A. So
P(A,) <P(B,), P(A,) —PA), PX,—0) <PA).

Hence, if P(X,, — 0) = 1 then P(|X,,| > &) — 0 as n — oc.

21.3 Central limit theorem

Theorem 21.3. Let (X, : n € N) be a sequence of independent identically distributed
square-integrable random variables. Set S, = X; + -+ + X, and set p = E(X;) and
0? = var(X1). Then, for allx € R, as n — oo,

Sp —np

P < — o
( oV x) )

where ® is the standard normal distribution function, given by

| 2
O(z) = / \/ﬁe_y Pdy.

A less precise but more intuitive way to state the conclusion is that, for large n we
have approximately S,, ~ N(nu,no?). This formulation is useful in applications where the
theorem is used to justify calculating as if S,, was exactly N(nu,no?).
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Proof for finite exponential moment. Assume further that Mx () < co and Mx(—J) < 0o
for some ¢ > 0. It will suffice to deal with the case where = 0 and 0% = 1. For then the
general case follows by considering the random variables Y,, = (X,, — u) /0. Set

1
R(z) = 5/0 e (1 —t)?dt.

By integration be parts, we see that

22
e$:1+x+?+R(x).

Note that, for [A| < §/2 and t € [0, 1], we have e!** < el¢l/2 ] 50

Az|? 8la|/2 2|\l ’ (0]z]/2)° 8la|/2 2|\l ’ 5|
R < — < < LA

and so

R < () @ e,

Hence
2|
)

as A — 0. On taking expectations in the identity

E(ROX))]| < ( ) (M (5) + Mx(—5)) = o(|A])

2 2
M =14+ A\X +

+ R(AX)

we obtain )

My(\) =1+ % + E(R(AX)).

Hence, for all A € R, as n — oo,

Mg, ym(A) = E(eXE 500y — Ay (A /y/n)"

— (1 + %(1 + 0(1)))n — N2 = My(\)

where Z ~ N(0,1). The result then follows from the continuity theorem for moment
generating functions. O]
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21.4 Sampling error via the central limit theorem

A referendum is held in a large population. A proportion p of the population are inclined
to vote ‘Yes’, the rest being inclined to vote ‘No’. A random sample of N individuals is
interviewed prior to the referendum and asked for their voting intentions. How large should
N be chosen in order to predict the percentage of ‘Yes’ voters with an accuracy of +4%
with probability exceeding 0.997

If we suppose that the interviewees are chosen uniformly at random and with replace-
ment, and all answer truthfully, then the proportion py of ‘Yes’ voters revealed by the
sample is given by

Sy
PN = N
where Sy ~ B(N,p). Note that
E(Sx) = Np, var(Sy)= Npg

where ¢ = 1 — p. Since N will be chosen large, we will use the approximation to the distri-
bution of Sy given by the central limit theorem. Thus Sy is approximated in distribution
by

Np++/NpqZ

where Z ~ N(0,1). Hence

. VNpgZ VN
P(lpy —p| > € %P(’— >e|=P||Z]|>2e—|.
(Ipv —pl =€) N Z| N

By symmetry of the N (0, 1) distribution, for z > 0,
P(|Z] = 2) =2P(Z > z) = 2(1 — ®(2))

so P(|Z] > z) = 0.01 for z = 2.58. We want ¢ = 0.04 so, choosing p = 1/2 for the worst
variance, we require

4
2% — /N =258
“ 100

which gives N = 1040.
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22 Geometric probability

Some nice problems can be formulated in terms of points or lines chosen uniformly at
random in a given geometric object. Their solutions often benefit from observations of
symmetry.

22.1 Bertrand’s paradox

Suppose we are given a circle and draw a random chord. What is the probability that the
length of the chord exceeds the length L of the sides of an equilateral triangle inscribed in
the circle?

Here is one answer. We can construct a random chord C; by drawing a straight line
between two points A, B chosen uniformly at random on the circle. Write ADE for the
inscribed equilateral triangle with vertex at A. Then |C}| > L if and only if B lies on the
shorter arc from D to E. By symmetry, this event has probability 1/3.

Alternatively, we can construct a random chord C5 by choosing a point P inside the
circle and requiring that P be the midpoint of C5. This determines C5 uniquely. Denote
the centre of the circle by O, the endpoints of C; by D, E and the endpoint of the radius
through P by Q. If |Cy] = L, then OQD and OQFE are congruent equilateral triangles. So
P is also the midpoint of OQ. Hence |Cy| > L if and only if |OP| < R/2. By scaling, this
event has probability 1/4.

These alternative answers are not a paradox but do show that there is more than one
natural distribution for a random chord. Arguably, neither is the most natural. We could
instead draw a line in a plane and think of dropping the circle randomly onto the plane.
Conditional on the circle hitting the line, it is natural to suppose that the distribution of
the height H of its centre above the line is uniform on [—R, R|, where R is the radius of
the circle. Denote the chord obtained by C5. By the calculation for Cy, we have |C3| > L
if and only if |[H| < R/2. So for this model the probability is 1/2

22.2 Buffon’s needle

A needle of length / is tossed at random onto a floor marked with parallel lines spaced a
distance L apart. We assume that ¢ < L. What is the probability p that the needle crosses
one of the lines?

Think of the direction of the lines as horizontal and the perpendicular direction as
vertical. Write Y for the distance of the lower endpoint of the needle from the line above
the line below it and write © for the angle made by the needle with the positive horizontal
direction. A reasonable model is then to take Y ~ UJ0, L] and © ~ U[0, x]. Since ¢ < L,
with probability 1, the needle can only cross one line and this happens if and only if
Y < ¢sin©®. Hence

1 ™ L 1 g 2€
p=— Liyersmordydd = — [ 0sinfdo = —.
7TL/0 /0 ly<tsinf} Y 7TIJ/0 Sl w L
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The appearance of 7 in the probability for this simple experiment turns it, in principle,
into a means to estimate m. Consider the function f on (0, 00) given by

o

f(iﬁ)*ﬁ-

Then f(p) = and f'(p) = —2¢/(p*L) = —m/p. Suppose we throw n needles on the floor
and denote by p,, the proportion which land on a line. The central limit theorem gives an
approximation in distribution

Pn = p+ /(1 —p)/nZ

where Z ~ N(0,1). Set
20

We use Taylor’s theorem for the approximation
7i—n T (ﬁn - p)f/(p)

Then, combining the two approximations,

Note that the approximate variance 72(1 — p)/(np) of #, is decreasing in p. We take ¢ = L
for the minimal variance 7%(7/2 — 1)/n. Now

P(|Z| > 2.58) = 0.01

so to obtain
P(|7r, — w| < 0.001) > 0.99

we need 2.587/(7/2 — 1)/n ~ 0.001, that is n ~ 3.75 x 107. It is not a very efficient way

to estimate .
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23 Gaussian random variables

23.1 Definition
A random variable X in R is Gaussian if
X=pu+oz

for some p € R and some o € [0,00), where Z ~ N(0,1). We write X ~ N(u,0?). If
o > 0, then X has a density on R given by

(@) = (P20,

vV 2mo?

A random variable X in R" is Gaussian if 7 X is Gaussian for all u € R™. For such X, if
a is an m X n matrix and b € R™, then a X + b is also Gaussian. To see this, note that, for

all v € R™,
v (aX +b) =u" X +0'b

where u = a’v, so vT(aX + b) is Gaussian.

23.2 Moment generating function
Given a Gaussian random variable X in R", set
p=E(X), V= var(X) = E((X — p)(X - "),
Then, by linearity of expectation,
E(u"X)=v"p, 0<var(u’X) =u"Vu

S0
u' X ~ Ny, u"Vu).

Note that V' is an n x n matrix, which is necessarily symmetric and non-negative definite.
The moment generating function of X is the function Mx on R™ given by

Mx(\) = E(e) ).

By taking v = A, from the known form of the moment generating function in the scalar

case, we see that
Mx(A) _ e/\T;H—)\TV)\/Q‘

By uniqueness of moment generating functions, this shows that the distribution X is
determined by its mean p and covariance matrix V. So we write X ~ N(u, V).
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23.3 Construction

Given independent N (0, 1) random variables Zy, ..., Z,, we can define a Gaussian random
variable in R™ by
Z=(Zy,....7Z,)".

To check that Z is indeed Gaussian, we compute for u = (u1,...,u,)T € R* and A € R

n
E )\uTZ (H Au; ,) _ H€Au§/2 _ e)‘2‘“‘2/2
i=1

which shows by uniqueness of moment generating functions that u”Z ~ N(0, |u]?). Now
E(Z) = 07 COV(ZZ‘7 Zj> = 6ij

so Z ~ N(0, I,) where I, is the n x n identity matrix.
More generally, given u € R™ and a non-negative definite n x n matrix V', we can define
a random variable X in R™ by
X=pu+oZ

where o is the non-negative definite square root of V. Then X is Gaussian and
E(X)=p, var(X)=E(0Z(02)")=0B(ZZ")o=0l,0=V
50 X ~ N(p, V).

23.4 Density function

In the case where V' is positive definite, we can invert the transformation x = p + oz by
z =01z —p). Then

122 =T = (- )"V Nz —p), J=det(c?) = (detV) /2
so X = pu+ oZ has a density function on R" given by
fx(@) = f2(2)|J] = (2m)73(det V) 72 mm V2

which is thus a density function for all N(u, V') random variables.
More generally, by an orthogonal change of basis, we may suppose that we have a
decomposition R” = R™ x R"™ such that

=) v=(00)

where U is positive definite m x m matrix. Then

()

where Y is a random variable in R™ with density function

Fr(y) = 2r) ™ (det U) V2~ 0NV =272,
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23.5 Bivariate normals

In the case n = 2, the Gaussian distributions are characterized by five parameters. Let
X = (Xi, X3) be a Gaussian random variable in R? and set

e = E(Xy), of =var(Xg), p=corr(Xy,Xy)

Then py, po € R and 0,03 € [0,00) and p € [—1,1]. The covariance matrix V is given by

V= O'% pPO102
pPO102 O'%.
Note that, for any such matrix V and for all z = (z1,79)" € R?,

2TV = (1—p)(oia? +o523) +p(orw +0212)* = (1+p)(oir]+0525) — p(o121 — 0212)* = 0

so V' is non-negative definite for all p € [—1,1]. This shows that all combinations of
parameter values in the given ranges are possible.
In the case p = 0, excluding the trivial cases 01 = 0 and o, = 0, X has density function

2
fx(x) = (2m) 7 (det V) 2em VT a2 — T (amap) =1 2em (emim)®/ o)
k=1

so X; and X, are independent, with X, ~ N (ug, 07).
More generally, we have

cov(X1, Xy — aX;) = cov(X1, Xo) — avar(X,) = pooy — aos.
If we take Y = X5 — aX; with a = poy /oy, then cov(X;,Y) = 0. But
X\ (1 0)[(X
Y - —a 1 X2

so (X1,Y) is Gaussian, and so X; and Y are independent by the argument of the preceding
paragraph. Hence X5 has a decomposition

XQZCLX1+Y

in which X; and Y are independent Gaussian random variables.
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