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1

Basic Probability Models

Further details concerning the first section of the appendix can be found
in most introductory texts in probability and mathematical statistics. The
material in the second and third chapters can be supplemented with Steele
(2001) for further details and many of the proofs.

1.1  BASIC DEFINITIONS

Probabilities are defined on sets or events, usually denoted with capital letters
early in the alphabet such as A, B, C. These sets are subset of a sample space
or probability space 2, which one can think of as a space or set containing
all possible outcomes of an experiment. We will say that an event A C Q
occurs if one of the outcomes in A (rather than one of the outcomes in Q but
outside of A) occurs. Not only should we be able to describe the probabilities
of individual events, we should also be able to define probabilities of various
combinations of them, including

1. Union of sets or events: AU B = A or B (occurs whenever A occurs or
B occurs or both A and B occur)

Intersection of sets: ANB = A and B (occurs whenever A and B occur)
Complement: A€ = not A (occurs when the outcome is not in A)

Set differences: A\ B = A N B¢ (occurs when A occurs but B does not)
Empty set: ¢ = Q° (an impossible event—it never occurs since it contains
no outcomes)

B e

Recall De Morgan’s rules of set theory: (U;A;)¢ = M;A{ and (N;A;)° =
U;AS.

Events are subsets of Q. We will call F the class of all events (including

¢ and Q).

Definition A probability measure is a set function P : F —[0, 1] such that

6. P() =1
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7. If Ay is a disjoint sequence of events so that AN A; = ¢, for k # j, then
o0
P(UZA) =D P(A)
i=1

These are the basic axioms of a probability model. From these it is not
difficult to prove the following properties:

1. P(¢) =0.
2. If A,k = 1,..., N, is a finite or countable sequence of disjoint events
sothat AxNA; = ¢,k #7, then

N
PUY,A) =) P(A)
i=1

3. P(A) = 1 — P(A).
4. Suppose A C B. Then P (A) < P (B).
5. P(AUB) =P (A) +P(B) — P(ANB).
6. The inclusion-exclusion principle:
P(UrAR) =Y P(A) — ) D P(Ai N A)
k i<j
+Y Y D PANA NAY—--.

i<j<k

7. P(U?i]A,') < le(A,)
8. Suppose A} C Ay C ---. Then P (U2 A;) = lim;_, P (A)).

Counting Technigques

Permutations The number of ways of permuting or arranging » distinct ob-
jectsinarowisn! =n(m—1)---1and 0!= 1. Define n® =nmn—1)--- (n—
7 + 1) (called “n to r factors”) for arbitrary #, and » a nonnegative in-
teger. This is the number of permutations of # objects taken r at a time.
Define #® = 1 and notice that values like (%)(3) are well defined (indeed,
¥ =DEDE3) =)

For example, the number of distinct ways of rearranging the 15 letters

AAAAABBBBCCCDDE

would be 15! if all 15 letters could be distinguished. Since they cannot, this
calculation counts the two possible orderings of the Ds (e.g., DD, or D,D,)
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separately, and the 3! reorderings of the Cs are counted separately, etc. There-
fore, dividing by the number of times each letter has been overcounted, the
number of distinct rearrangements is

150 15
51413210\ 5 4 3 2

Combinations Suppose the order of selection is not considered to be impor-
tant. We wish, for example, to distinguish only different sets selected, without
regard to the order in which they were selected. Then the number of distinct
sets of 7 objects that can be constructed from 7 distinct objects is

n n®
r] !

Note this is well defined for  a nonnegative integer for any real number 7.

Independent Events Two events A, B are said to be independent if
P(ANB) = P(A)P(B) (1.1)

Compare this definition with that of mutually exclusive or disjoint events
A, B. Events A, B are mutually exclusive if AN B = ¢.

Independent experiments are often built from Cartesian products of sam-
ple spaces. For example, if Q; and Q, are two sample spaces, and A; C
Q1, Ay C €, then an experiment consisting of both of the above would
have as sample space the Cartesian product

Q1 x Q) = {(w1, w); w1 € Q1,0 € W}

Probabilities of events such as A| x A, are easily defined, in this case as P (A x
As) = P1(A)P>(A»). Verify in this case that an event entirely determined by
the first experiment such as A = A x €, is independent of one determined
by the second, B = Q; x A,.

Definition A finite or countably infinite set of events Ay, Ay, ... are said to be
mutually independent if

P(A,‘l n Aiz n-.. ﬂA,‘k) = P(A,I)P (A,‘z) .- P(Azk) (1.2)
forany k >2andij <ip < -+ < ip.
Independent events have the properties that

1. A, B independent implies A, B¢ independent.
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2. Any A; can be replaced by Aff, in equation (1.2).

Why not simply require that every pair of events be independent? This
is, as it turns out, too weak an assumption for many of the results we need
in probability and statistics, and does not describe what we intuitively mean
by independence. For example, suppose two fair coins are tossed. Let A =
first coin is heads, B= second coin is heads, C= we obtain exactly one heads.
Then A is independent of B and A is independent of C, but A, B, C are not
mutually independent. Thus pairwise independence does not imply indepen-
dence. Does it make intuitive sense to say that A, B, C are independent? If
you know whether A and B occur, then you automatically know whether
or not the event C occurs, so there is a strong dependence among these three
events.

“Lim Sup” of events For a sequence of events A,,n = 1,2,..., we define
another event [A, i.0.] = lim sup A, = N%_, UL A,. Note that this is the
set of all points x that lie in infinitely many of the events Aj, A,,... The
notation 7.0. stands for “infinitely often” because lim sup A,, is the set of all
points w that are in infinitely many of the A,,, 7 = 1,2,.... There is a similar
notion, liminf A, = UYX_, N, A,, and it is not difficult to show that the
latter set is smaller:

liminf A, C limsup A,

A point w is in liminf A, if and only if it is in all of the sets A, except
possibly a finite number. For this reason we sometimes denote lim inf A,, as
[A, a.b.f.0.], where a.b.f.o0. stands for “all but finitely often.”

Borel Cantelli Lemmas Clearly, if events are individually too small, there is
little or no probability that their lim sup will occur (i.e., that they will occur
infinitely often). This is the essential message of the first of the Borel-Cantelli
lemmas:

Lemma A1 For an arbitrary sequence of events A,, if 3, P (A,) < oo then
P[A, i.0.] =0.

Lemma A2 For a sequence of independent events A,,, Y, P (A,) = oo implies
P[A,io0] =1.

Conditional Probability Suppose we are interested in the probability of the event
A but we are given some relevant information, namely that another, related
event B occurred. How do we revise the probabilities assigned to points of
Q in view of this information? If the information does not affect the relative
probability of points in B, then the new probabilities of points outside of B
should be set to 0 and those within B simply rescaled to add to one. This



Probability 5

is essentially the definition of conditional probability given B. Given that
B occurred, reassign probability 0 to those points outside of B and rescale
those within so that the total probability is 1.

Definition: Conditional Probability For B ¢ F with P(B) > 0, define a new

probability
P(ANB)
PA|B) = ——= 1.3
(A|B) PB) (1.3)
This is also a probability measure on the same space (€, F) and satisfies the
same properties. Note that P (B|B) = 1, P (B°|B) = 0.

Theorem A1 (Bayes' Rule) I/ P (U,B,) = 1 for a disjoint finite or countable
sequence of events B,, all with positive probability, then

P (A|Bp)P (By)

P (Br|A) = > P(A[B,)P (B,)

(1.4)

Theorem A2 (Multiplication Rule) If A,,..., A, are arbitrary events,

P(A1Ay---A,) = P(ADP (A3]ADP (A3|AyA ) - P(AulA1Ay -~ Auly)
(1.5)

Random Variables

Properties of 7 The class of events F (called a sigma algebra or sigma field)
should be such that the operations normally conducted on events, for exam-
ple, countable unions or intersections, or complements, keeps us within that
class. In particular,

(@Q)peF

(b) If A € F then A € F

(c)IfA, e F forallm=1,2,...),then U2, € F

It follows from these properties that Q@ € F and F is also closed under
countable intersections, countable intersections of unions, and so on.

Definition Let X be a function from a probability space € into the real num-
bers. We say that the function is measurable (in which case we call it a
random variable) if for x € N, the set {w; X(w) < x} € F. Since events in
F are those to which we can attach a probability, this permits us to obtain
probabilities for the event that the random variable X is less than or equal
to any number x.
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Definition: Indicator Random Variables For an arbitrary set A € F define I4(w) =
1 if o € A and 0 otherwise. This is called an indicator random variable
(sometimes called a characteristic function in measure theory, but not here).

Definition: Simple Random Variables Consider events A; € F such that U;A; = Q.
Define X(w) = >, ¢ila, (@), where ¢; € R. Then X is measurable and is
consequently a random variable. We normally assume that the sets A; are
disjoint. Because this is a random variable that can take only finitely many
different values, it is called simple. Any random variable taking only finitely
many possible values can be written in this form.

We will often denote the event {w € Q; X(w) < x} more compactly by
[X < x]. In general, functions of one or more random variables gives us an-
other random variable (provided that function is measurable). For example,
if X, X, are random variables, so are

1. X1+ X,
2. X1X,
3. min(Xl,Xz).

The cumulative distribution function of a random variable X is defined
to be the function F(x) = P[X < x], for x € 0.

Properties of the Cumulative Distribution Function

1. A cumulative distribution function F (x) is nondecreasing (i.e., F (x) >
F(y) whenever x > y).

2. F(x) > 0,as x —> —o0.

F(x) > 1,x — oo.

4. F(x) is right continuous: F(x) = limj,_,q+ F(x + b) (i.e., the limit as /
decreases to 0).

8}

There are two primary types of distributions considered here, discrete
distributions and continuous ones. Discrete distributions are those whose
cumulative distribution function at any point x can be expressed as a finite
or countable sum of values. For example,

Fx)= ) pi
}

{130 <x

for some probabilities p; that sum to 1. In this case the cumulative distri-
bution is piecewise constant, with jumps at the values x; that the random



Probability 7

variable can assume. The values of those jumps are the individual probabili-
ties p;. For example P [X = x] is equal to the size of the jump in the graph of
the cumulative distribution function at the point x. We refer to the function
f(x) = P[X = x] as the probability function of the distribution when the
distribution is discrete.

1.2 SOME SPECIAL DISCRETE DISTRIBUTIONS

The Discrete Uniform Distribution Many of the distributions considered so far

are such that each point is equally likely. For example, suppose the random

variable X takes each of the points a,a + 1, ..., b with the same probability
L__ Then the cumulative distribution function is

b—a+1"
x—a-+1
Fx) = +——, =a,a+1,...,b
) b—a+1 X +
and the probability function is f(x) = #H forx =a,a+1,...,band 0
otherwise.

The Hypergeometric Distribution Suppose we have a collection (the population)
of N objects that can be classified into two groups S and F where there are
r of type S and N — r of type F. Suppose we take a random sample of »
items without replacement from this population. Then the probability that
we obtain exactly x items of type S is

()G
G)

fx)= x=0,1,...

The Binomial Distribution The setup is identical to that in the last paragraph,
only now we sample with replacement. Thus, for each member of the sample,
the probability of an S is p = #/N. Then the probability function is

flx) = (Z)p"(l -p"*, x=0,1,...n

With any distribution, the sum of all the probabilities should be 1. Check
that this is the case for the binomial,

D=1
x=0
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The hypergeometric distribution is often approximated by the binomial
distribution in the case N large. For the binomial distribution, the two pa-
rameters n, p are fixed, and usually known. For fixed sample size # we count
X = “number of $’s in # trials of a simple experiment” (e.g., tossing a coin).

The Negative Binomial Distribution The binomial distribution was generated by
assuming that we repeated trials a fixed number 7 of times and then counted
the total number of successes X in those # trials. Suppose we decide in ad-
vance that we wish a fixed number (k) of successes instead, and sample
repeatedly until we obtain exactly this number. Then the number of trials X
is random.

—1
fx) = (z_ 1)pk(l —p 7t x=kk+1,...

A special case of interest is the case k = 1, called the geometric distribu-
tion. Then

f)=pd—p*, x=12,...

The Poisson Distribution. Suppose a disease strikes members of a large popu-
lation (of 7 individuals) independently, but in each case it strikes with very
small probability p. If we count X, the number of cases of the disease in the
population, then X has the binomial(#, p) distribution. For very large n and
small p this distribution can be again approximated as follows:

Theorem A3  Suppose [, (x) is the probability function of a binomial distri-
bution with p = \/n for some fixed \. Then as n — oo,

Ao~
x!

falx) — f(x) =

foreachx =0,1,2,....

The function f(x) above is the probability function of a Poisson distri-
bution, named after a French mathematician. This distribution has a single
parameter, A\, which makes it easier to use than the binomial, since the bi-
nomial requires knowledge or estimation of two parameters. For example,
the size # of the population of individuals who are susceptible to the disease
might be unknown, but the “average” number of cases in a population of a
certain size might be obtainable from medical data.
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1.3  EXPECTED VALUE

An indicator random variable 14 takes two values, the value 1 with prob-
ability P (A) and the value 0 otherwise. Its expected value, or average over
many (independent) trials, would therefore be 0(1 — P (A))+1P (A) = P (A).
This is the simplest case of an integral or expectation.

Recall that a simple random variable is one that has only finitely many
distinct values ¢; on the sets A;, where these sets form a partition of the
sample space (i.e., they are disjoint and their union is £2).

Expectation of Simple Random Variables For a simple random variable X =
Y i cila,, define E(X) = ), ¢;P (A;). The form is standard:

EX) = Z(values of X) x (probability of values)

Thus, for example, if a random variable X has probability function f(x) =
P[X = x], then E(X) = ), xf (x).

Example The expected value of X, a random variable having the binomial (s, p)
distribution, is E(X) = np.

Expectation of Nonnegative Measurable Random Variahles

Definition Suppose X is a nonnegative random variable so that X (w) > 0 for
all w € Q. Then we define

E(X) = sup{E(Y); Y simple and Y < X}

Expected Value: Discrete Case If a random variable X has probability function
f(x) = P[X = x], then the definition of expected value in the case of finitely
many possible values of x is essentially E(X) = > xf(x). This formula
continues to hold even when X may take a countably infinite number of
values provided that the series ), xf (x) is absolutely convergent.

Notation Note that by f W X dP we mean E(XI,), where I is the indicator
of the event A.

Properties of Expectation Assume X, Y are nonnegative random variables.
Then

1. If X = )", ¢ila, is simple, then E(X) =), ¢;P (A)).
2. If X(w) < Y(w) for all w, then E(X) < E(Y).
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3. If X,, is increasing to X, then E(X,) increases to E(X) (this is usually
called the monotone convergence theorem).
4. For nonnegative numbers o, 3, E(aX + 8Y) = aE(X) + BE(Y).

General Definition of Expected Value For an arbitrary random variable X, define
two new random variables X* = max(X,0), and X~ = max(0, —X). Note
that X = Xt — X~. Then we define E(X) = E(X") — E(X™). This is well
defined even if one of E(X*) or E(X™) is equal to oo as long as both are
not infinite since the form co — 0o is meaningless. If both E(X*) < oo and
E(X™) < oo, then we say X is integrable.

Example Define a random variable X such that P[X = x] = x(x;-kl)’

x = 1,2,...Is this random variable integrable? If we write out the expected
value,

[ee] [ee] 1

fo(x) = 2 m

x=I

and this is a divergent sequence, so in this case the random variable is not
integrable.

General Properties of Expectation In the general case, expectation satisfies 1-4
above plus the additional properties

5. If P(A) =0, then [, X(w)dP =0.
6. If P[X =c] =1 for some constant c, then E(X) = c.
7. I P[X > 0] =1 then E(X) > 0.

Other Interpretations of Expected Value For a discrete distribution, the distri-
bution is often represented graphically with a bar graph or histogram. If
the values of the random variable are x; < x» < x3 < ---, then rectangles
are constructed around each value, x;, with area equal to the probability
P[X = x;]. In the usual case where the x; are equally spaced, the rectangle
around x; has as base (x"++x", %) In this case, the expected value E(X)
is the x-coordinate of the center of gravity of the probability histogram.

We may also think of expected value as a long-run average over many
independent repetitions of the experiment. Thus, f(x) = P[X = x] is ap-
proximately the long-run proportion of occasions on which we observed the
value X = x, so the long-run average of many independent replications of
Xis 3 xf (x) = E(X).
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Lemma (Fatou's Lemma: Limits of Integrals) If X, is a sequence of nonnegative
random variables,
E[liminf X,,] <liminf EX,,

It is possible that X, (w) — X(w) for all @ and yet E(X,) does not
converge to E(X). For example, let Q = (0, 1) and the probability measure
be the Lebesgue measure on the interval. Define X(w) = nif 0 < w < 1/n
and otherwise X(w) = 0. Then X,,(w) — 0 for all w, but E(X,,) = 1 does
not converge to the expected value of the limit. This example shows that
some additional condition is required beyond (almost sure) convergence of
the random variables in order to conclude that the expected values converge.
One such condition is given in the following important result.

Theorem A4 (Lebesgue-Dominated Convergence Theorem) [/ X, (») — X(w) for
each w, and there exists integrable Y with | X,,(w)| < Y(w) for all n, w, then
X is integrable and E(X,)) — E(X).

Lehesgue-Stieltjes Integral

A basic requirement of any sigma algebra of subsets of the real line for it to
be of much use is that it contain the intervals, since we often wish to compute
probabilities of intervals like [ < X < b].

Definition: Borel Sigma Algebra The smallest sigma algebra that contains all of
the open intervals is called the Borel sigma algebra. The sets in this sigma
algebra are referred to as Borel sets.

Fortunately it is easy to show that this sigma algebra also contains all of
the closed intervals—in fact, all countable unions of intervals of any kind,
open, closed, or half open. We call a function g(x) on the real numbers (i.e.,
R — R) Borel measurable if for any Borel subset B C R, the set {x; g(x) € B}
is also a Borel set.

We now consider integration of functions on the real line or Euclidean
space. Suppose g(x) is a Borel measurable function % — R. Suppose F (x)
is a Borel measurable function satisfying

1. F(x) is nondecreasing (i.e., F(x) > F(y) whenever x > y).
2. F(x) is right continuous (i.e., F(x) = lim F (x + h) as b decreases to 0).

Notice that we can use F to define a measure p on the real line; for
example, the measure of the interval (a, b] we can take to be u((a,b]) =
F(b) — F(a). The measure is extended from these intervals to all Borel sets
in the usual way, by first defining the measure on the algebra of finite unions
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of intervals, and then extending this measure to the Borel sigma algebra
generated by this algebra. We will define [ g(x)dF(x) or [ g(x)du exactly
as we did expected values, but with the probability measure P replaced by
u and X (w) replaced by g(x). In particular, for a simple function g(x) =
Y, cila, (x), we define [ g(x)dF =Y, cip(A)).

Definition: Integration of Borel Measurable Functions  Suppose g(x) is a nonnegative
Borel measurable function so that g(x) > 0 for all x € R. Then we define

/g(x)du = sup {/ h(x)du; b is simple and b < g}

For a general function f(x) we write f(x) = f*(x) — f~(x) where both

f* and f~ are nonnegative functions. We then define [f du= [+ dp—

[~ dp provided that this makes sense (i.e., is not of the form oo — c0).
Finally, we say that f is integrable if both f* and f~ have finite integrals,

or equivalently, if [ |f(x)|dp < oo.

Definition: Absolutely Continuous A measure © on R is absolutely continuous
with respect to Lebesgue measure A (denoted 1 <« A) if there is an integrable
function f(x) such that u(B) = |, 5 [ (x)d X for all Borel sets B. The function
f is called the density of the measure p with respect to .

Intuitively, two measures u, A on the same measurable space (2, F)
(not necessarily the real line) satisfy u <« A if the support of the mea-
sure A includes the support of the measure u. For a discrete space, the
measure p simply reweights those points with nonzero probabilities un-
der A. For example, if A represents the discrete uniform distribution on
the set @ = {1,2,3,..., N} (so that A(B) is N~! x the number of inte-
gers in B N {1,2,3,...,N}) and f(x) = x, then if u(B) = [, f(x)d\, we
have u(B) = >_ 23,y X- Note that the measure p assigns weights
ﬁ, %, ..., 1 to the points {1,2, 3, ..., N}, respectively.

The so-called continuous distributions, such as the normal, gamma, ex-
ponential, beta, chi-squared and Student’s ¢, should be called absolutely con-
tinuous with respect to Lebesgue measure rather than just continuous.

Theorem A5 (Radon-Nykodym Theorem) For arbitrary measures j and X defined
on the same measure space, the two conditions below are equivalent:

1. pisabsolutely continuous with respect to \ so that there exists a function

f(x) such that
w(B) =/Bf(x)d)\
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2. For all B, A\(B) = 0 implies u(B) = 0.

The first condition asserts the existence of a “density function,” as it
is usually called in statistics, but it is the second condition that is usually
referred to as absolute continuity. The function f(x) is called the Radon-
Nikodym derivative of p with respect to A\. We sometimes write f = Z—'L)f, but

f is not in general unique. Indeed, there are many f(x) corresponding to
a single 1 (i.e., many functions f satisfying j(B) = [ f (x)d X for all Borel
B). However, for any two such functions fi, f2, AM{x; fi(x) # f(x)} = 0.
This means that f; and f, are equal almost everywhere ()).

The so-called discrete distributions in statistics, such as the binomial dis-
tribution, the negative binomial, the geometric, the hypergeometric, the Pois-
son, or indeed any distribution concentrated on the integers, is absolutely
continuous with respect to the counting measure A(A) =number of inte-
gers in A.

If the measure induced by a cumulative distribution function F(x) is
absolutely continuous with respect to Lebesgue measure, then F (x) is a con-
tinuous function. However, it is possible that F(x) is a continuous function
without the corresponding measure being absolutely continuous with respect
to Lebesgue measure.

Definition: Equivalent Measures Two measures ;1 and A defined on the same
measure space are said to be equivalent if both ;1 <« A and A\ <« p. Alter-
natively, they are equivalent if u(A) = 0 if and only if A\(A) = 0 for all A.
Intuitively, this means that the two measures share exactly the same support
or that the measures are either both positive on a given event or they are
both zero on that event.

In general, there are three different types of probability distributions,
when expressed in terms of the cumulative distribution function.

1. Discrete: For countable x,, p,, F(x) = Z{
ing measure has countably many atoms.

2. Continuous singular: F (x) is a continuous function, but for some Borel
set B having Lebesgue measure zero, A(B) = 0, we have P (X € B) =
[, dF(x) =1.

3. Absolutely continuous (with respect to Lebesgue measure): F(x) =
[* f@x)dX for some function [ called the probability density
function.

1P The correspond-

X <X

There is a general result called the Lebesgue decomposition, which as-
serts that any cumulative distribution function can be expressed as a mixture
of those of the above three types; that is, a (sigma-finite) measure u on the
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real line can be written

M= g+ Hge T g
the sum of a discrete measure py, a measure p,, absolutely continuous with
respect to Lebesgue measure, and a measure p, that is continuous singular.
For a variety of reasons of dubious validity, statisticians concentrate on ab-
solutely continuous and discrete distributions, excluding, as a general rule,
those that are singular.

1.4  DISCRETE BIVARIATE AND MULTIVARIATE DISTRIBUTIONS

Definitions For discrete random variables X, Y defined on the same proba-
bility space, the function f(x,y) = P[X = x, Y = y] giving the probability
of all combinations of values of the random variables X, Y is called the joint
probability function of X and Y. (Read the comma as the word “and,” the
intersection of two events.) The function F(x,y) = P[X < x,Y < y]is
called the joint cumulative distribution function. The joint probability func-
tion allows us to compute the probability functions of both X and Y. For
example,

PIX=x]=) f(x,)

all y

We call this the marginal probability function of X, denoted by fx(x) =
PIX =x]=) y f(x,y). Similarly, fy(y) is obtained by adding the joint
probability function over all values of x. Finally, we are often interested in
the conditional probabilities of the form

fx,y)
fr(y)

This is called the conditional probability function of X given Y.

PIX =x|Y =y] =fxy(x|y) =

Expected Values For a single (discrete) random variable we determined the
expected value of a function of X, say h(X), by

Eh(X)] = Z(Value of b) x (probability of value) = Zh(x)f(x)

all x

For two or more random variables we should use a similar approach. How-
ever, when we add over all cases, this requires adding over all values of x
and y. Thus, if » is a function of both X and Y,

Elh(X, V)= Y h@yf(,y)

all x and y
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Independent Random Variables Two discrete random variables X, Y are said to
be independent if the events [X = x] and [Y = y] are independent for all
x,y, that is, if

PX=x,Y=y]=P[X=x]P[Y =y] forallx,y
or equivalently if

f@x,y) =fx(x)fy(y) forallx,y

This definition extends in a natural way to more than two random vari-
ables. For example, we say random variables X, X5,..., X,, are (mutu-
ally) independent if, for every choice of values xi, xs,...,x,, the events
X1 = x11,[X2 = x2],...,[X, = x,] are independent events. This holds
if the joint probability function of all # random variables factors into the
product of the # marginal probability functions.

Theorem A6 I/ X, Y are independent random variables, then

E(XY) = E(X)E(Y)

Definition: Variance The variance of a random variable measures its variabil-
ity about its own expected value. Thus if one random variable has larger
variance than another, it tends to be farther from its own expectation. If we
denote the expected value of X by E(X) = u, then

var(X) = E[(X — p)°]

Adding a constant to a random variable does not change its variance, but
multiplying it by a constant does; it multiplies the original variance by the
constant squared.

Example Suppose the random variable X has the binomial(s, p) distribution.
Then

- !
EX) = z_(:)xx!(nn— o ="

n. X n—x
=2 c Dl =P

x=1
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— & x=1(] — pynx
_”ple x—Dim—0 P
n—1
(ﬂ—l)' j n—1—j
= 1-— 7
np[lZ piromp gy A
n—1 n—1 ) .
=np ( . )p’(l—p)"“"
=0 N/

=np

and so E(X) = np. A similar calculation allows us to obtain E[X(X — 1)] =
n(n — 1)p?, from which we can obtain var(X) = np(1 — p).

Definition: Covariance Define the covariance between 2 random variables X, Y
as
cov(X,Y) = E[(X — EX)(Y —EY)]

Covariance measures the linear association between two random variables.
Note that the covariance between two independent random variables is 0.
If the covariance is large and positive, there is a tendency for large values
of X to be associated with large values of Y. On the other hand, if large
values of X are associated with small values of Y, the covariance will tend
to be negative. There is an alternative form for covariance, generally eas-

ier for hand calculation but more subject to computer overflow problems:
cov(X,Y) = E(XY) — (EX)(EY).

Theorem A7  For any two random variables X, Y
var(X + Y) = var(X) + var(Y) + 2 cov(X, Y)

One special case is of fundamental importance: the case when X, Y are
independent random variables and var(X + Y) = var(X) + var(Y) since
cov(X,Y)=0.

Properties of Variance and Covariance For any random variables X; and con-
stants a;

V&I‘(Xl) = COV(X],X])

var(a1 X + az) = a} var(X;)

COV(X], Xz) = COV(Xz, X])

cov(Xi, X5 + X3) = cov(Xi, X3) + cov(Xy, X3)

cov(a1 X1, a2 X3) = a1ay cov(Xy, Xz)

Similarly, var(3_7_, a;X;) = 3 a7 var(X)+2 3" Y iyieqy @i cov(Xi, Xj)

A=
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Correlation Coefficient The covariance has an arbitrary scale factor because of
property 5 above. This means that if we change the units in which something
is measured (for example, a change from imperial to metric units of weight),
the covariance will change. It is desirable to measure covariance in units
free of the effect of scale. To this end, define the standard deviation of X by
SD(X) = /var(X). Then the correlation coefficient between X and Y is

_ cov(X,Y)
P = SDX)SD(Y)

For any pair of random variables X, Y, we have —1 < p < 1 with p = %1
if and only if the points (X, Y) always lie on a line, so Y = aX + b (almost
surely) for some constants a, b. The fact that p < 1 follows from the next
argument, and the argument for —1 < p is similar. Consider for any ¢,

var(X —tY)=cov(X —tY,X —tY)
= var(X) — 2t cov(X, Y) + ¢% var(Y)

Since variance is always > 0, this quadratic equation in ¢ cannot have two
real roots, so the discriminant must be nonpositive,

[2 cov(X, Y))? — 4 var(X) var(Y) <0

lcov(X, Y)| < y/var(X) var(Y)

The Multinomial Distribution Suppose an experiment is repeated 7 times (called
“trials”), where 7 is fixed in advance. On each trial of the experiment, we
obtain an outcome in one of k different categories Ay, Ay, ..., Ag, with the
probability of outcome A; given by p;. Here Zle pi = 1. At the end of the
n trials of the experiment consider the count of X; = number of outcomes in
category i, for i = 1,2,..., k. Then the random variables (Xi, X»,..., X})
have a joint multinomial distribution given by the joint probability function

that is,

n
P[X, x13X2:x2,-..,Xk:.Xk]=< k)pflpgzpzk
XXy X

__on oy Xy %k

_xllxz!-nxk!pl b Dr
whenever )", x; = n. Otherwise P[X| = x1, Xy = x2,..., X = x] is 0.
Note that the marginal distribution of each X; is binomial (7, p;), and so
E(X;) = np;.
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Covariance of a Linear Transformation Suppose X = (X|,...,X,)  is a vector
whose components are possibly dependent random variables. We define the
expected value of this random vector by

EX;
p=EX)= :
EX,
and the covariance matrix by
var(Xi) cov(X, X3) ... cov(Xy, X,)
cov(Xs, X var(X>) oo cov(Xp, X,
V = . .
cov(X,, X1) - ... var(X,,)

Then if A is a g x # matrix of constants, the random vector Y = AX has
mean Ap and covariance matrix AVA'. In particular, if g = 1, the variance
of AX is AVA’ .

1.5 CONTINUOUS DISTRIBUTIONS

Definitions Suppose a random variable X can take any real number in an
interval. Of course, the number that we record is often rounded to some
appropriate number of decimal places, so we don’t actually observe X but
Y = X rounded to the nearest A/2 units. So, for example, the probability
that we record the number Y = y is the probability that X falls in the interval
y—A/2 < X <y+A/2.1f F(x) is the cumulative distribution function of X,
this probability is P[Y = y] = F(y+ A/2) — F(y — A /2). Suppose now that
A is very small and that the cumulative distribution function is piecewise
continuously differentiable with a derivative given in an interval by

fx) = F'(x)

Then F(y+A/2)—F(y—A/2) ~ f(y)A and so Y is a discrete random vari-

able with probability function given (approximately) by P[Y = y] ~ Af (y).

The derivative of the cumulative distribution function of X is the probability
density function of the random variable X. Notice that an interval of small
length A around the point y has approximate probability given by length of
interval xf(y). Thus the probability of a (small) interval is approximately

proportional to the probability density function in that interval, and this is
the motivation behind the term “probability density.”
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Example Suppose X is a random number chosen in the interval [0, 1]. We
wish that any interval of length A C [0, 1] will have the same probability A
regardless of where it is located. Then the cumulative distribution function
is given by

0 x<0
Fx)y={ x 0<x<1
1 x>1

The probability density function is given by the derivative of the cumulative
distribution function f (x) = 1for 0 < x < 1 and f(x) = 0 otherwise. Notice
that F(y) = [?_ f(x)dx for all y, and the probability density function can
be used to determine probabilities as follows:

b
Pla <X<b]=P[a§X§b]=f f(x)dx
In particular, notice that F(b) = ffoo f(x)dx for all b.

Example Let F(x) be the binomial(n, 1/2) cumulative distribution fun-
ction. Notice that the derivative F’(x) exists and is continuous (in fact
is zero) except at finitely many points x = 0, 1,2, 3, 4. Is it true that F (b) =
f F’(x)dx? In this case the right side is zero since F'(x) = 0 except at
ﬁmtely many points, but the left side is not. Equality is guaranteed only
under further conditions.

Definition: Cumulative Distribution Function Suppose the cumulative distribution
function of a random variable F (x) is such that its derivative f(x) = F'(x)
exists except at finitely many points. Suppose also that

b
Fib) = / Fx)dx (1.6)

for all b € K. Then the distribution is absolutely continuous and the function
f(x) is called the probability density function.

Example Is it really necessary to impose the additional requirement (1.6), or
this just a consequence of the fundamental theorem of calculus? Consider the
case F(x) =0,x < 0, and F(x) = 1, for x > 0. This cumulative distribution
function is piecewise differentiable (the only point where the derivative fails
to exist is the point x = 0). But is the function the integral of its derivative?
Since the derivative is zero except at one point where it is not defined, any
sensible notion of integral results in f F'(x)dx = 0 for any b.
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For a continuous distribution, probabilities are determined by integrat-
ing the probability density function. Thus

b
Pla < X < b] =/ f(x)dx (1.7)

A probability density function is not unique. For example, we may change
f (x) at finitely many points and it will still satisfy (1.7) above, and all prob-
abilities, determined by integrating the function, remain unchanged. When-
ever possible we will choose a continuous version of a probability density
function; but at a finite number of discontinuity points, it does not matter
how we define the function.

Properties of a Probability Density Function

1. f(x) >0forallx e R
2. [T fxydx =1

The CGontinuous Uniform Distribution Consider a random variable X that takes
values with a continuous uniform distribution on the interval [a, b]. Then
the cumulative distribution function is

0 x <a
Fx)={ =% a<x<b
1 x>b

and so the probability density function is f(x) = ;= fora < x < b, and

elsewhere the probability density function is 0. Again, notice that the defini-
tion of f at the points @ and b does not matter, since altering the definition
at two points will not alter the integral of the function.

Suppose we were to approximate a continuous random variable X hav-
ing probability density function f(x) by a discrete random variable Y ob-
tained by rounding X to the nearest A units. Then the probability function
of the discrete random variable Y is

PIY =y]=Ply—A/2 <X <y+A/2]~ Af(y)
and its expected value is

E(Y)=) yPly—A/2<X <y+A/21~ > yAf(y)
y y
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Note that as the interval length A approaches 0, this sum approaches the
integral

/xf(x)dx

This argues for the following definition of expected value for continuous
random variables, if it is to be compatible with the expected value of its
discretized or rounded relative Y. For continuous random variables

EX) = /00 xf (x)dx

oo

and for any function on the real numbers /(x),
EhCO1= [ hofeods

Using this definition, we find that for the uniform density f(x) = ﬁ for

a < x < b, the expected value is the midpoint between the two ends of the

interval “erb.

The Exponential Distribution Consider a random variable X having probability
density function

1
fx)=—e*Ht x>0
u
The cumulative distribution function is given by
Fx)=1—¢™/H
and the moments are

EX)=p, var(X) = p?

Such a random variable is called the exponential distribution, and it is com-
monly used to model lifetimes of simple components such as fuses and tran-
sistors.

The Normal Distribution

Normal Approximation to the Poisson Distribution Consider a random variable X
that has the Poisson distribution with parameter u. Recall that E(X) = pand
var(X) = u, so SD(X) = p!'/2. We wish to approximate the distribution of
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this random variable for large values of . In order to prevent the distribution
from disappearing off to 400, consider the standardized random variable

Then P[Z =z] = P[X = p+zu'/?] = /;—Te’/i, where x = p + zu'/? is an
integer. Using Stirling’s approximation x! ~ +/2mxx*e~*and taking the limit
of this as ;1 — 00, we obtain

“_xe—MN ! e~ /2
x! V2T

where the symbol ~ is taken to mean that the ratio of the left- to the right-
hand side approaches 1. The function on the right-hand side is a constant
multiple of one of the basic functions in statistics, e/ 2, which, upon nor-
malization so that it integrates to one, is the standard normal probability
density function.

The Standard Normal Distribution Consider a continuous random variable with
probability density function

1 2
dx) = ——e ™% —co<x <00
V2
Such a distribution we call the standard normal distribution or the N (0, 1)
distribution (Figure 1.1). The cumulative distribution function
A | 2
D(2) =/ ——e ¥ Pdx
—o0 V27
is not obtainable in simple closed form, and requires either numerical ap-
proximation or a table of values. The probability density function f(x) is
symmetric about 0 and appears roughly as follows.
The integral of the standard normal probability density function is 1,
but to show this requires conversion to polar coordinates. If we square the
integral of the normal probability density function, we obtain

S| 1.2 R | 1.2
——e 2Vd ) (/ ——e 2" dx)
<\/—oo 27'(' y —00 V 27T
= i/ / e 2@ gy dy
27 J o oo

1 oo 27 {5

=2—/ / e 2" rdfdr wherex =rcosfandy=rsind
T™Jo Jo

=1

The normal cumulative distribution function is as given in Figure 1.2.
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FIGURE 1.1 The Standard Normal Probability Density Function

FIGURE 1.2 The Standard Normal Cumulative Distribution Function
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TABLE 1.1 Values of the Standard Normal Cumulative Distribution Function & (x)

X .0 .1 2 3 4 S .6 7 .8 9

0. .500 .540 .579 .618 .655 .692 726 .758 .788 .816
1. .841 .864 885 903 919 933 945 955 964 971
2. 977 982 986 .989 992 994 995 997 997 998
3. .9987 .9990 .9993 .9995 .9997 .9998 .9998 .9999 .9999 .99995

We usually provide the values of the normal cumulative distribution
function either through a function such as normcdf in Matlab or through a
table of values such as Table A1 (a much more compact version than that
found at the back of most statistics books).

For example, we can obtain

®(1.1) = 0.864 ®(0.6) = 0.726
®(—0.5) = 1 — (0.5) = 1 — 0.692

Note, for example that ®(—x) = 1 — ®(x) for all x, and if Z has a
standard normal distribution, we can find probabilities of intervals such as

P[-1<Z <11~0.68 and P[-2<Z <2]~0.95%

The General Normal Distribution If we introduce a shift in the location in the
graph of the normal density as well as a change in scale, then the resulting
random variable is of the form

X=p+0oZ, Z~N(@O1)

for some constants —o0 < p < 00,0 > 0. In this case, since

P(ng)=P<25x_“>=q>(x_“>
ag g

it is easy to show by differentiating this with respect to x that the probability
density function of X is

2 2
o= [0220

fx;p,0) =

o

If a random variable X has the above normal distribution with location
and scale o, we will denote this by X ~ N (u, 0?).
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Moments Show that the function f(x; p, o) integrates to 1 and is therefore
a probability density function. It is not too hard to find the expected value
and variance of a random variable having the probability density function
f(x; u, o) by integration:

E(X) = /oo xf (x5 p, 0)dx = p

oo

var(X) = / oo(x — w*f (x; p, 0)dx = o?

and this gives meaning to the parameters u and o2, the former being the
mean or expected value of the distribution and the latter the variance.

Linear Combinations of Normal Random Variables Suppose X; ~ N(y,07) and
X5 ~ N (s, O’%) are independent random variables. Then X; + X, ~ N (¢ +
[, 03 + 03). More generally if we sum independent random variables, each
having a normal distribution, the sum itself also has a normal distribution.
The expected value of the sum is the sum of the expected values of the
individual random variables, and the variance of the sum is the sum of the
variances.

Problem Suppose X; ~ N(u, o) are independent random variables. What
is the distribution of the sample mean

X, — Z?:l Xi
" n

Assume o = 1 and find the probability P[|X, — x| > 0.1] for various values
of n. What happens to this probability as #» — oco?

The Gentral Limit Theorem

The major reason that the normal distribution is the single most commonly
used distribution is the fact that it tends to approximate the distribution of
sums of random variables. For example, if we throw 7 dice and S, is the sum
of the outcomes, what is the distribution of §,,? The tables below provide the
number of ways in which a given value can be obtained. The corresponding
probability is obtained by dividing by 6”. For example, on the throw of
n = 1 die the probable outcomes are 1,2, ..., 6 with probabilities all 1/6 as
indicated in Figure 1.3.

If we sum the values on two fair dice, the possible outcomes are the
values 2,3,...,12 as shown in the following table and the probabilities are
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0.18

0.16
0.14
0.12

0.1
0.08
0.06
0.04
0.02

0 1 2 3 4 5 6

FIGURE 1.3 The Sum of # = 1 Discrete Uniform {1, 2, 3, 4, 5, 6} Random Variables

2 3 4 5 6 7 8 9 10 11 12

FIGURE 1.4 The Sum of # = 2 Discrete Uniform {1, 2, 3, 4, 5, 6} Random Variables

the values below:

Values 2 7 8 9 10 11 12
1 6 5 4 3 2 1

3 4 5 6
Probabilities x 36 2 3 4 5
The probability histogram of these values is shown in Figure 1.4.

Finally, for the sum of the values on three independent dice, the values
range from 3 to 18 and have probabilities which, when multiplied by 63,

result in the values

1 3 6 10 15 21 25 27 27 25 21 15 10 6 3 1

to which we can fit three separate quadratic functions—one in the middle
region and one in each of the two tails. The histogram of these values in
Figure 1.5 already resembles a normal probability density function.
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FIGURE 1.5 The Distribution of the Sum of Three Discrete Uniform {1, 2, 3, 4, S, 6}
Random Variables

In general, these distributions show a simple pattern. For n = 1, the
probability function is a constant (polynomial degree 0). For # = 2, it is two
linear functions spliced together. For n = 3, it is a spline consisting of three
quadratic pieces (polynomials of degree #» — 1). In general, the histogram
for S,,, the sum of the values on # independent dice, consists of # piecewise
polynomials of degree n — 1. These histograms rapidly approach the shape
of the normal probability density function.

Example Let X; = 0 or 1 when the ith toss of a biased coin is tails or heads,
respectively. What is the distribution of S, = Y"", X;? Consider the stan-
dardized random variable obtained by subtracting E(S,,) and dividing by its
standard deviation or the square root of var(S,):

§io Sn 1

T V(T -p)
Suppose we approximate the distribution of S for large values of #.

First, consider a sequence of integers x = x, that are close to the real
number np + /np(1 — p) in the sense that the difference is bounded by a
constant. Mathematically we write x ~ np + z/mp(1 — p) for fixed z and
0 <p < 1. Then as n — o0, x/n — p. Stirling’s approximation tells us that

n! ~ 2an"t1/2¢ so that

(ﬂ) mnfﬂ—l/Ze—n 1
2mxx 2 — 2y 2 2amp (T—=p) () (1 = )

X
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Also using the series expansion In(1 + x) = x — $x? + O (x?), setting

o= ,/’@, and noting that 0 — 0 as 7 — oo,

Gy =5y

=xln< 4 )—l—(n—x)ln(l;p)
p+zo 1—p—z0
=—xln<l+z—g>—(n—x)ln<l— i >
p l—p
20 z0
——n(p+z0)ln(1+?>—n(l—p—zo)ln(l—1_p>
el ()4 o (5)]
p 2\p p
—n(l—p—zo)i—( zo )_1( zo )2—{—0( 20 )3}
1-p) 2\1-p 1—p

2 2 22 22 22
z 1z z 1z
=—n{ o o o o +O(0'3)}

p 2p Ty a1y

__12 2 (7 n —1/2 __i —1)2
= 2za<p+—l_p)+0(n )= 2—i—O(n )

Therefore,

P[S,=x]= P[S;: =z]= (Z)px(l _p)n—x

(60 B
1 1
T U —p) V2r

This is the standard normal probability density function multiplied by the
distance between consecutive values of S¥. In other words, this result says
that the area under the probability histogram for S for the bar around the
point z can be approximated by the area under the normal curve between

. 1
the same two points (z +3 np(l—tﬂ) '

—222

Theorem A8 et X;,i = 1,...,n, be independent random variables all with
the same distribution, and with mean j and variance o*. Then the cumulative
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Comparison of N(40,24) and Bin(100,.4) probs
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0

20 25 30 35 40 45 50 55 60
X

FIGURE 1.6 Binomial(100,0.4) Probability Histogram Together with N (40,24)
Probability Density Function

distribution function of

S§* — Z:lzl Xi — np
" ﬁa

converges to the cumulative distribution function of a standard normal ran-
dom variable.

Consider, for example, the case where the X; are independent, each
with a Bernoulli(p) distribution. Then the sum ) | X; has a binomial
distribution with parameters n,p and the above theorem asserts that if
we subtract the mean and divide by the standard deviation of a binomial
random variable, the result is approximately standard normal. In other
words, for large values of # a binomial random variable is approximately
normal(sp, np (1—p)). To verify this fact, we plot both the binomial (100, 0.4)
histogram as well as the normal probability density function in Figure 1.6.

Problem Use the central limit theorem and the normal approximation to a
probability histogram to estimate the probability that the sum of the numbers
on § dice is 15. Compare your answer with the exact probability.

The Distribution of a Function of a Random Variable We have seen that if X has
a normal distribution, then a linear function of X, say aX + b, also has a
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normal distribution. The parameters are easily determined since E(aX+b) =
aE(X)+b and var(aX+b) = a® var(X). Is this true of arbitrary functions and
general distributions? For example, is X?> normally distributed? The answer
in general is 7o. For example, the distribution of X? must be concentrated
entirely on the positive values of x, whereas the normal distributions are
all supported on the whole real line (i.e., the probability density function
f(x) > 0,allx € R).Ingeneral, the safest method for finding the distribution
of the function of a random variable in the continuous case is to first find
the cumulative distribution of the function and then differentiate to obtain
the probability density function. This allows us to verify the result below.

TheoremA9 Suppose a continuous random variable X has probability density
function fx(x). Then the probability density function of Y = h(X) where
h(.) is a continuous monotone increasing function with inverse function

h=(y) is
-1 d,
fr) = fx(h (y))d—b )
y

1.6 MOMENT-GENERATING FUNCTIONS

Consider a random variable X. We have seen several ways of describing its
distribution, using either a cumulative distribution function, a probability
density function (continuous case) or probability function, or a probabil-
ity histogram or table (discrete case). We may also use some transform of
the probability density or probability function. For example, consider the
function

Mx(t) = Ee'*

defined for all values of ¢ such that this expectation exists and is finite. This
function is called the moment-generating function of the (distribution of the)
random variable X. It is a powerful tool for determining the distribution of
sums of independent random variables and for proving the central limit
theorem. In the discrete case we can write Mx(¢) = ), e*P[X = x], and in
the continuous case Mx(t) = f_oooo e*'f (x)dx. The logarithm of the moment-
generating function In(Mx(¢)) is called the cumulant-generating function.

Properties of the Moment-Generating Function For these properties we assume
that the moment-generating function exists at least in some neighborhood
of the value ¢ = 0, say for —e <t < € for some € > 0. We also assume that
L%E[X”etx] = E[%X”etX] for each value of # = 0,1,2,... then for —e <
t < e. The ability to differentiate under an integral or infinite sum is justified



Probability 31

under general conditions involving the rate at which the integral or series
converges.

1. M'(0) = E(X).

2. M®(©0) = EX"),n=1,2,....

3. A moment-generating function uniquely determines a distribution. In
other words, if Mx(#) = My(¢) for all —e < # < ¢, then X and Y
have the same distribution.

4. Myx.p(t) = e"*Mx(at) for constants a, b.

5. If X and Y are independent random variables, Mx,y(t) = Mx(#)My(2).

Examples Let X have a distribution as given in the first column of the table
below. Then the moment-generating function of X is as given in column 2.

Distribution Moment-Generating Function Mx (%)
Binomial (s, p) (pe' +1—p)”

Poisson(\ ) exp{A(e’ — 1)}

Exponential, mean 1+W fort <1/u

Normal(y, 02) exp{ut + o’t?/2}

Moment-generating functions are useful for showing that a sequence of
cumulative distribution functions converge because of the following result.
The result implies that convergence of the moment-generating functions can
be used to show convergence of the cumulative distribution functions (i.e.,
convergence of the distributions).

Theorem A10  Suppose Z,, is a sequence of random variables with moment-
generating functions M,,(¢). Let Z be a random variable Z having moment-
generating function M(¢t). If M,,(t) — M) for all ¢ in a neighborbood
of 0, then

PlZ,<z]— P[Z <7]

as n — oo for all values of z at which the function Fz(2) is continuous.

1.7  JOINT DISTRIBUTIONS AND GONVERGENCE

Consider constructing measures on a product Euclidean space. Given
Lebesgue measure ), essentially a measure of length on the real line 9, how
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do we construct a similar measure compatible with the notion of area in two-
dimensional Euclidean space? We naturally begin with the measure of rect-
angles or indeed any product set of the form A x B = {(x,y); x € A, y € B}
for arbitrary (Borel) sets A C %, B C R. The measure of a product set can be
defined as the product of the measure of the two-factor sets (A x B) = A\(A)
A(B). This defines a measure for any product set, and by an extension the-
orem, since the product sets form a Boolean algebra, we can extend this
measure to the sigma algebra generated by the product sets.

More formally, suppose we are given two measure spaces (M, M, 1) and
(N, N, v) . Define the product space to be the space consisting of pairs of
objects, one from each of M and N,

Q=M x N ={(x,y); x e M, y € N}

The Cartesian product of two sets A C M, B C N is denoted A x B =
{(a,b);a € A, b € B}. This is the analogue of a rectangle, a subset of M x N,
and it is easy to define a measure for such sets as follows. Define the product
measure of product sets of the above form by 7(A x B) = u(A)v(B). The
following theorem is a simple consequence of the Caratheodory extension
theorem.

Theorem A11  The product measure w defined on the product sets of the form
{AxB;AeN, Be M} can be extended to a measure on the sigma algebra
o{A x B; A € N, B € M} of subsets of M x N.

There are two cases of product measure of importance. Consider the
sigma algebra on 9?2 generated by the product of the Borel sigma algebras
on N. This is called the Borel sigma algebra in %?. We can similarly define
the Borel sigma algebra on R”.

Similarly, if we are given two probability spaces (21, Fi, Py) and (2,, />,
P,), we can construct a product measure Q on the Cartesian product space
Q) x ©, such that Q(A x B) = P{(A)Py(B) for all A € F|, B € . This
guarantees the existence of a product probability space in which events of
the form A x Q, are independent of events of the form Q; x B for A €
Fi, B e F.

We say a sequence of random variables X, X,,... is independent if
the family of sigma algebras (X)), 0(X3), ... are independent; that is, for
Borel sets B,,,n = 1,...,N in R, the events [X,, € B,],n =1,...,N form a
mutually independent sequence of events so that

P[X] EB],XzEBZ,...,XnEBn]ZP[X] EB]]P[XQEBz]-“P[XnEBn]

The sequence is said to be identically distributed if every random variable
X,, has the same cumulative distribution function.
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We have already seen the following result, but we repeat it here, if only
to get the flavor of the proof.

If X, Y are independent integrable random variables on the same prob-
ability space, then XY is also integrable and

E(XY)=EX)E(Y)

Proof. Suppose first that X and Y are both simple functions, X = )" ¢ila,,
Y =3 d; Ig; . Then X and Y are independent if and only if P (A;B;) =
P(Aj)P(B)) foralli,j, and so
EXY)=EI[Q_ala)Q_diIs)]

=Y cdEals,)

=Y cdiP(A)P(B))

= ECOE(Y)
More generally, suppose X, Y are nonnegative random variables and consider
independent simple functions X, increasing to X and Y,, increasing to Y. Then
X, Y, is a nondecreasing sequence with limit X' Y. Therefore, by the monotone

convergence theorem,
E(X,Y,) — EXXY)

On the other hand,
EX,Y,) = E(X»)E(Y,) — E(X)E(Y).

Therefore, E(XY) = E(X)E(Y). The case of general (positive and negative
random variables X, Y we leave as a problem. [ |

Joint Distributions of More Than Two Random Variables Suppose Xi,..., X, are
random variables defined on the same probability space (€2, F, P) (but not
necessarily independent). The joint distribution can be characterized by the
joint cumulative distribution function, a function on R” defined by

Fxi,...,%,) =P[X1 <x1,..., X, Sx,] =P (X1 <x1]N---N[X, < x4])

The joint cumulative distribution function allows us to find P [a; < X <
bi,...,a, < X, < b,]. By the inclusion-exclusion principle,

P[ﬂl <X1 fbl)--':an <Xn§bn]:F(bl)b2;---:bn)
—ZF(b],...,d/‘,bj+1,...,bn)

]
+ Y Fby,..osaisbis. i, bjsr, . by) = (1.8)

i<j
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The formula (1.8) above allows us to construct the probability measure
of any product of intervals

C = (al) bl] X (aZ) b2] Xooee (any bn]

and thereby any disjoint union of finitely many sets of the form C. The class
of all such disjoint unions (including all of %”) forms an algebra of sets,
closed under complements, finite unions and intersections. In the same way
as we constructed Lebesgue measure on the Euclidean space " from the
basic notion of the length of an interval, we can now extend this probability
measure to all sets in the sigma algebra generated by sets C of the form above.
In general, a joint cumulative distribution function defined on R” allows us to
define a probability measure on #n—dimensional Euclidean space. However
in order that a function qualify as a joint c.d.f., the following conditions
need to be satisfied.

Theorem A12  The joint cumulative distribution function has the following
properties:

(@) F(x1,...,x,) is right-continuous and nondecreasing in each argument
x; when the other arguments x;j, j # i, are fixed.

(b) F(xi,...,x,) — 1 as min(xy,...,x,) — o0 and F(xi,...,x,) — 0as
min(xy,...,x,) — —0Q.

(c) The expression on the right-hand side of (1.8) is greater than or equal
to zero for all a; < bj,a < by,...,a, < b,.

The joint probability distribution of the variables Xj,..., X}, is a mea-
sure on R”. It can be determined from the cumulative distribution function
in the usual fashion, first by defining the measure of intervals and then ex-
tending this to the sigma algebra generated by these intervals. In order to
verify that the random variables are mutually independent, it is sufficient to
verify that the joint cumulative distribution function factors

Fx1,.05%0) = Fi(x1)F2(x2) - - - Fu(x) = P[Xy < 1]+ - P[Xy < 4]

for all xy,...,x, € N.

Theorem A13  If the random variables X, ..., X,, are mutually independent,
then

E[] & X1 =]]Elg X1
j=1 j=1

for any Borel measurable functions gy, ..., gu.
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An infinite sequence of random variables X, Xy, ... is mutually inde-
pendent if every finite subset is mutually independent.

Definition: Strong (Almost Sure) Convergence Let X and X, 7 = 1,2,..., be
random variables all defined on the same probability space (2, F). We say
that the sequence X, converges almost surely (or with probability 1) to X
(denoted X,, — X a.s.) if the event

{w; Xp(@) — X(w)} =N, |:|X,, - X| < % a.b.f.o.i|

has probability 1. Here the notation a.b.f.o., standing for “all but finitely
often,” is the “lim inf” of the events [|X,, — X| < i].

In order to show that a sequence X,, converges almost surely, we need
that X,, are (measurable) random variables for all 7z, and to show that there is
some measurable random variable X for which the set {w; X,,(w) — X(w)}
is measurable and hence an event, and that the probability of this event
P[X,, — X]is 1. Alternatively, we can show that for each value of ¢ > 0,
P[|X,,— X| > €i.0.] =0, or in other words, that the probability of the set of
all points w such that X,,(w) does not converge to X (w) is zero. It is sufficient
to consider values of € of the form e = 1/m, m = 1,2, ... above.

The law of large numbers (sometimes called the law of averages) is the
best-known result in probability. It says, for example, that the average of
independent Bernoulli random variables, or Poisson, or negative binomial,
or gamma random variables, to name a few, converge to their expected value
with probability 1.

Theorem A14 (Strong Law of Large Numbers) [/ X,,n = 1,2,..., is a sequence of
independent identically distributed random variables with E|X,| < oo (i.e.,
they are integrable) and E(X,,) = p, then

1 n
- ZX,- — p almost surely as 7 — oo
n

i=1

1.8 WEAK CONVERGENCE (CONVERGENCE IN DISTRIBUTION)

Consider random variables that are constants: X,,(w) = 1 + % for all w. By
any sensible definition of convergence, X,, converges to X = 1 as n — oo.
Does the cumulative distribution function of X,, say F,, converge to the
cumulative distribution function of X pointwise? In this case it is true that
F,(x) — F(x) at all values of x except the value x = 1, where the function
F(x) has a discontinuity. Convergence in distribution (weak convergence,
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convergence in law) is defined as pointwise convergence of the c.d.f. at all
values of x except those at which F(x) is discontinuous. Of course, if the
limiting distribution is absolutely continuous (for example, the normal dis-
tribution as in the Central Limit Theorem), then F,,(x) — F(x) does hold
for all values of x.

Definition: Weak Convergence If F,(x), n» = 1,...,is a sequence of cumulative
distribution functions and if F is a cumulative distribution function, we
say that F, converges to F weakly or in distribution if F,(x) — F(x)
for all x at which F(x) is continuous. Weak convergence of a sequence of
random variables X,, whose c.d.f. converges in the above sense is denoted
in a variety of ways, such as X,, = X or X,, —>p X (here D stands for “in
distribution”).

There are simple examples of cumulative distribution functions that con-
verge pointwise but not to a genuine cumulative distribution because some
of the mass of the distribution escapes to infinity. For example, if F,, is the cu-
mulative distribution function of a point mass at the point #, then F,,(x) — 0
for each fixed value of x < oo. An additional condition, called tightness, is
needed to ensure that the limiting distribution is a “proper” probability dis-
tribution (i.e., has total measure 1). A sequence of probability measures P,
on Euclidean space is #ight if for all ¢ > 0, there exists a bounded rectangle
K such that P,(K) > 1 — € for all n. A sequence of cumulative distribution
functions F,, defined on R is tight if, for every € > 0, there is a real number
M < oo such that the probabilities of interval [-M, M] are greater than
than 1 — ¢,

E,M)—-F, (M) <1—¢ foralln=1,2,...

Tightness is a condition that ensures that none of the probability mass es-
capes to infinity. For example suppose a sequence of cumulative distribution
functions F,,(x) converges to some limiting right-continuous function F (x)
at all continuity points x of F and suppose the sequence F,, is tight. Then itis
easy to show that the limiting function F is a proper cumulative distribution
function (i.e. has total mass 1) and the convergence is in distribution.

There is an alternative definition of weak convergence that is more ap-
propriate for more general spaces of random elements such as spaces of
continuous time stochastic processes.

General Definition of Weak Convergence A sequence of random elements of a
metric space X, converges weakly to X (i.e., X,, = X) if and only if
E[f(X,)] — E[f(X)] for all bounded continuous functions f.
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Definition: Convergence in Probability We say a sequence of random variables
X, — X in probability if for all e > 0, P[|X,, — X| > €] — 0 as n — oo.
Convergence in probability is in general a somewhat more demanding
concept than weak convergence, but less demanding than almost sure con-
vergence. In other words, convergence almost surely implies convergence in
probability, and convergence in probability implies weak convergence.

Theorem A15 [/ X, — X almost surely, then X, — X in probability.

However, convergence in probability does not imply convergence almost
surely, but it does imply weak convergence.

Theorem A18 [f X,, — X in probability, then X,, —p X.

The converse of this theorem holds under one condition, when the con-
vergence in distribution s to a constant.

Theorem A17 I/ X, —p converges in distribution t0 some constant c, then
X, — cin probability.

The next result, Fubini’s theorem, allows us to change the order of inte-
gration as long as the function being integrated is, in fact, integrable.

Theorem A18 (Fuhini's Theorem) Suppose g(x,y) is integrable with respect to a
product measure ™= pu x von M x N. Then

/ g(x,y)dW=/ U g(x,y)dV]du=/ [/ g(x,y)du]dv
MxN M N N M

Convolutions Consider two independent random variables X, Y, both having
a discrete distribution. Suppose we wish to find the probability function of
the sum Z = X + Y. Then

P[Z=z=) PIX=xIP[Y =z—x]=)_ fx(x)fy(z —x)

Similarly, if X, Y are independent, absolutely continuous distributions with
probability density functions fx, fy, respectively, then we find the proba-
bility density function of the sum Z = X + Y by

fz(2) =/ fx(x)fy(z —x)dx
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In both the discrete and continuous cases, we can rewrite the above in terms
of the cumulative distribution function Fz of Z. In either case,

Fa@) = Elfy(z = X1 = [ Fy(—x)Fx(dx)
9
We use the last form as a more general definition of a convolution between

two cumulative distribution functions F, G. We define the convolution of
F and G tobe FxG(x) = f_OOOOF(x —y)dG(®).

Properties of Convolution

(a) If F, G are cumulative distributions functions, then so is F * G.

(b) FxG=G=xF.

(c) If either F or G is absolutely continuous with respect to Lebesgue mea-
sure, then F * G is absolutely continuous with respect to Lebesgue
measure.

The convolution of two cumulative distribution functions F % G repre-

sents the c.d.f of the sum of two independent random variables, one with
c.d.f. F and the other with c¢.d.f. G.

1.9 STOCHASTIC PROCESSES

A stochastic process is an indexed family of random variables X, for ¢ rang-
ing over some index set T, such as the integers or an interval of the real line.
For example, a sequence of independent random variables is a stochastic
process, as is a Markov chain. For an example of a continuous-time stochas-
tic process, define X; to be the price of a stock at time ¢ (assuming trading
occurs continuously over time).

MarkovChains Consider a sequence of (discrete) random variables X1, Xo, ...,
each of which takes integer values 1,2, ..., N (called states). We assume that
for a certain matrix P (called the transition probability matrix), the condi-
tional probabilities are given by corresponding elements of the matrix,

P[Xp1 =jlXy=il=P;, i=1,...,N, j=1,...,N

and furthermore that the chain cares only about the last state occupied in
determining its future:

P [Xn+1 = 7|Xn =L, X1 =0, Xy 0=102-- 'Xn—l = ll]
:P[Xn+1 =/|Xn:1]=P11
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for all j,4,41,4,...,4, and I = 2,3,.... Then the sequence of random vari-
ables X,, is called a Markov chain. Markov chain models are the most com-
mon simple models for dependent variables, including weather (precipita-
tion, temperature), movements of security prices, and others. They allow the
future of the process to depend on the present state of the process, but the
past behavior can influence the future only through the present.

Properties of the Transition Matrix P Note that P; > O foralls,j and }°; Pj =
1 for all i. This last property implies that the N x N matrix P — I (where
I is the identity matrix) has rank at most N — 1 because the sum of the N
columns of P — I is identically 0.

Example: Rain/No Rain Suppose that the probability that tomorrow is rainy
given that today is not is «, and the probability that tomorrow is dry given
that today is rainy is 8. Then if we assume that tomorrow’s weather depends
on the past only through whether today is wet or dry, the chain given by

X - 1 Day n is wet
"1 o0 Day n is dry

is a Markov chain having transition matrix
l-—a o
P =
("5 1%)
The Distribution of X,, Suppose that the chain is started by randomly choosing

a state for X, with distribution P[Xy = i] = ¢;,i = 1,2,...,N. Then the
distribution of X is given by

Z

P(Xi=j) =) PXi=j,Xo=1)

i=1

PXi=jlXo=0PXo=1)

I
Mz

Il
Mz

z/ qi
1

and this is the jth element of the vector ¢'P, where g is the column vector of
values g;. Similarly the distribution of X, is the vector ¢'P”, where P” is the

product of the matrix P with itself # times. Under very general conditions, it
can be shown that these probabilities converge, and in many such cases the
limit does not depend on the initial distribution q.
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Definition A limiting distribution of a Markov chain is a vector (, say) of
long-run probabilities of the individual states so that

7 = lim P[X, = i]
t—>00

Definition A stationary distribution of a Markov chain is the column vector
(m, say) of probabilities of the individual states such that

TP =1

Theorem A19  Any limiting distribution of a Markov chain must be a station-
ary distribution.

Proof. Notethat ' =1im, o ¢'P" =lim,_ o (¢'P")P = (lim, o g'P")P =
7'P. - B B [ |

Example: Binary Information  Suppose that X, Xy, ... is a sequence of binary in-
formation (Bernoulli random variables) taking values either 0 or 1. Suppose
that the probability that a 0 is followed by a 1 is p and the probability that
a 1 is followed by a 0 is given by g, where 0 < p, g < 1. Then the transition
matrix for the Markov chain is

P=<1_P p )
q l—gq

The limiting distribution for this Markov chain is

So, for example, the long-run proportion of zeros in the sequence is pj—q.

When is the limiting distribution of a Markov chain unique and inde-
pendent of the initial state of the chain?

Definition: Irreducible, Aperiodic We say that a Markov chain is irreducible if
every state can be reached from every other state. In other words, for every
pair i, there is some #2 such that Pl-f;”) > 0. We say that the chain is aperiodic
if, for each state 4, there is no regular or periodic %)attern for the values of &
for which Pi(l-k) > 0. For example, if Pl-(l-l) =0, Pl-(l-2 > 0, Pi(f) =0, Pl-(i4) >0
and this pattern continues indefinitely, then the greatest common divisor of
the values k such that Pi(iN) > 0 is evidently 2. We write this mathematically

as ged{k; Pi(l-k) > 0} = 2, and this chain is not aperiodic; it has period 2.
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On the other hand, if for all states i, ged{k; Pl-(l-k) > 0} = 1, we say the
chain is aperiodic. For a periodic chain (i.e., one that is not aperiodic, so the
period ged{k; P}P > 0} is greater than 1), returns to a state can occur only

at multiples of the period gcd{N; Pi(-N) > 0}.

1

TheoremA20 If a Markov chain is irreducible and aperiodic, then there exists
a unique limiting distribution w. In this case, as n — oo, P" — w1, the
matrix whose rows are all identically 7.

Generating Functions

Definition: Generating Function Let g, a1, ao, ... be a finite or infinite sequence
of real numbers. Suppose the power series

A(t) = Zaiti
i=0

converges for all —e < # < ¢ for some value of ¢ > 0. Then we say that the
sequence has a generating function A(t).

Note: Every bounded sequence has a generating function since the series
>, t" converges whenever |t| < 1. Thus, discrete probability functions
have generating functions. The generating function of a random variable X
or its associated probability function fx(x) = P[X = x] is given by

Fxt) =Y fx@x)* = E@Y)

Note that if the random variable has finite expected value, then this converges
on the interval t € [—1, 1].

The advantage of generating functions is that they provide a transform
of the original distribution to a space where many operations are made much
easier. We will give examples of this later. The most important single property
is that they are in one-to-one correspondence with distributions such that the
series converges; for each distribution there is a unique generating function,
and for each generating function, there is a unique distribution.

As a consequence of this representation and the following theorem, we
can use generating functions to determine distributions that would otherwise
be difficult to identify.

Theorem A21  Suppose a random variable X has generating function Fx(t)
and Y has generating function Fy(t). Suppose that X and Y are independent.
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Then the generating function of the random variable W = X +Y is Fy(t) =
Fx (@) Fy(2).

Notice that whenever a moment-generating function exists, we can re-
cover the generating function from it by replacing e’ by ¢.

Example One of six different varieties of coupons is placed in each box of
cereal. Find the distribution of the number of cereal boxes you need to buy to
obtain all six coupons. Suppose X is the number of boxes you need before
you collect your first coupon, Then since X| = 1, the generating function X,
1s

E@X) =1¢.

Similarly if X, is the number of additional boxes required to obtain a new

coupon, since P (X, = /) = (2) (%)771 the generating function of X, is

N AN R A

SO -

4 6 6 6—1

j=1

To obtain the third new coupon we will need X3 boxes and X; has generating

function _
(4 2\, 4
S(4)(2) -
6 6 6 —2t

i=1

Similarly we obtain the generating function of X4, X5, X¢ and since the total
number of boxes required is the sum of the six independent random variables
X1+ X5 + ... + Xg, it has generating function obtained as the product

St " 4t . t 5116
6-t 6-—2t T 6-5t 6—1)(6—2t)(6—3t)(6 —4t)(6 — 5t)
5 6,25 5, 175 875 Lo 11585 875 ()

tT+ 5+ t
32 648 2916 11664 139968 10368

t X

from which we discover that the probability of only six cereal boxes is 33;,

the probability of seven is 22

&> and so on.

The Poisson Process

One of the simplest continuous-time stochastic processes is the Poisson pro-
cess. Suppose N; denotes the total number of arrivals into a system (such as
the number of customers arriving at a queue) until time ¢. Note that the num-
ber of arrivals in time interval (a, b] is then N, — N,. Assume the following
properties:
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(a) The probability of exactly one arrival in a small interval of length
At is AAt 4 o(At). (Note that the probability does not depend on where the
interval is, only on its length.)

(b) The probability of two or more arrivals in an interval of length Az
is 0(At), where by definition of the o notation, o(At)/At — 0 as At — 0.

(c) For disjoint intervals I; = (a;, b;] (so I; N1; = ¢, i # j), the numbers
of arrivals in these intervals Y; = Nj, — N, are mutually independent random
variables.

Theorem A22 Under the above conditions, (a)—(c), the distribution of the
process Ny, ¢t € T is that of a Poisson process. This means that the num-
ber of arrivals Ny, — N, in an interval (a, b] has a Poisson distribution with
parameter \(b—a) = \x the length of the interval, and the number of arrivals
in disjoint time intervals are independent random variables. The parameter
X specifies the rate of the Poisson process.

We can easily show that if N (¢) is a Poisson process and Ty, T», . . . are the
time of the first event, the time between the first and second events, and so on,
then Ty, T, ... are independent random variables, each with an exponential
distribution with expected value 1/\. Moreover, if Ty, T»,..., T, are inde-
pendent random variables each with an exponential(1) distribution, then the
sum Y ., T; has a (gamma) probability density function with probability
density function

fx)= ﬁx”’le’x, forx >0

This means that the event times for a Poisson process are gamma distributed.

Poisson ProcessinSpace In an analogous way we may define a Poisson process
in space as a distribution governing the occurrence of random points with
the properties indicated above: The number of points in a given set S has a
Poisson distribution with parameter A x |S|, where |S| is the area or volume
of the set, and if Y1, Y», ... are the number of points occurring in disjoint sets
S1,8,, ..., they are mutually independent random variables.
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Gonditional Expectation and
Martingales

2.1 CONDITIONAL EXPECTATION FOR SQUARE INTEGRABLE
RANDOM VARIABLES

Information in probability and its applications is related to the notion of
sigma algebras. For example, if I wish to predict whether tomorrow will be
wet or dry (X, = 1 or 0) based only on similar results for today (X;) and
yesterday (Xo), then I am restricted to random variables that are functions
g(Xo, X1) of the state on these two days. In other words, the random variable
must be measurable with respect to the sigma algebra generated by X, X;.
Our objective is, in some sense, to get as close as possible to the unobserved
value of X, using only random variables that are measurable with respect
to this sigma algebra. This is essentially one way of defining conditional
expectation. It provides the closest approximation to a random variable X
if we restrict ourselves to random variables Y measurable with respect so
some coarser sigma algebra.

Conditional Expectation

Theorem A23 Let G C F be sigma algebras and X a random variable on
(Q, F, P). Assume E(X?) < oco. Then there exists an almost surely unique
G-measurable Y such that

E[(X-Y)] = irzle(X—Z)2 (2.1)

where the infimum (greatest lower bound) is over all G-measurable random
variables. Note: We denote the minimizing Y by E(X|G).

For two such minimizing Y}, Y, (i.e., random variables Y that satisfy
(2.1)), we have P[Y; = Y,] = 1. This implies that conditional expectation is
almost surely unique.

Suppose G = {p, 2}. What is E(X|G)? What random variables are mea-
surable with respect to G? Any nontrivial random variable that takes two
or more possible values generates a nontrivial sigma algebra that includes

a4
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sets other than the empty set that are strict subsets of the probability space
Q. Only a constant random variable is measurable with respect to the triv-
ial sigma algebra G. So the question becomes, what constant is as close
as possible to all of the values of the random variable X in the sense of
mean squared error? The obvious answer is the correct one, the expected
value of X, because this leads to the same minimization discussed before,
min E[(X — ¢)?] = min {var(X) + (EX — ¢)?}, which results in ¢ = E(X).

Example Suppose G = {¢, A, A, } for some event A. What is E(X|G)?
Consider a candidate random variable Z taking the value 4 on A and b
on the set A°. Then

E[(X — Z)"1 = E[(X — a)’Ia] + E[(X — b)*Ix]
= E(X%I4) — 2aE(XI,) + a*P (A)
+ E(X%14¢) — 2bE(XI4c) + b?P (A°)

Minimizing this with respect to both @ and b results in

a=EXIx)/PA)
b = E(XI4)/P (A

These values a and b are usually referred to in elementary probability as
E(X]A) and E(X|A¢), respectively. Thus, the conditional expected value can
be written

E(X|A) ifweA

EX9) @) = {E(X|AC) if w € Ac

As a special case consider X to be an indicator random variable X = Ij.
Then we usually denote E(Ig|G) by P (B|G) and

P(B|A) ifwecA
PB|9)(w) = .
P(BIAS)  ifw e Ac
Note: Expected value is a constant, but the conditional expected value
E(X|G)is a random variable measurable with respect to G. Its value on the
atoms (the distinct elementary subsets) of G is the average of the random
variable X over these atoms.

Example Suppose G is generated by a finite partition {Ay, A,, ..., A,} of the
probability space Q. What is E(X|G)?
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In this case, any G-measurable random variable is constant on the sets
in the partition Aj,j = 1,2,...,n, and an argument similar to the one above
shows that the conditional expectation is the simple random variable

E(XI4,)
P(A)

EX|G)(@) =) _cila (@) where c; = E(X|A) =

i=1

Example Consider the probability space = (0,1] together with P =
Lebesgue measure and the Borel sigma algebra. Suppose the function X (a))
is Borel measurable. Assume that G is generated by the intervals (’ L L L for
j=1,2,...,n. What is E(X|G)?

In this case

j/n

E(X|G)(@) = n/
G—1/n

= average of X values over the relevant interval

X(s)ds whenow e (l -1 s ]—]

n n

Theorem A24 (Properties of Conditional Expectation)

a) If a random variable X is G-measurable, E(X|G) = X
b) Ifarandomvariable X is independent of a sigma algebra G, then E(X|G) =
E(X).
(c) For any square integrable G-measurable Z, E(ZX) = E[ZE(X|G)].
(d) (special case of (c)) [, X dP = [, E(X|G]dP forall A € G.
(e) E(X) = E[E(X]9)].
(f) If a G-measurable random variable Z satisfies E[(X —Z)Y] =0 for all
other G-measurable random variables Y, then Z = E(X|G).
g) If Y1, Y, are distinct G-measurable random variables both minimizing
EX —Y)2 then P(Y, = Y,) = 1.
(h) Additive: E(X + Y|G) = E(X|G) + E(Y|G).
Linearity: E(cX 4+ d|G) = cE(X|G) +d.
1) If Z is G-measurable, E(ZX|G) = ZE(X|G) a.s.
(G) If H C G are sigma algebras, E[E(X|G)|H] = E(X|H).
(k) If X <Y, E(X|G) < E(Y|9) a.s.
) Conditional Lebesgue dominated convergence. If X, — X a.s. and
| X, < Y for some integrable random variable Y, then E(X,|G) —
E(X|G) in distribution.

(1

Note: In general, we define E(X|Z) = E(X|o(Z)), the conditional ex-
pected value given the sigma algebra generated by X, o(X). We can define
the conditional variance var(X|G) = E{(X — E(X|G))?|G}.
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Proof.

(a)

(b)

(d)

(e)
(f)

(g)

Notice that for any random variable Z that is G-measurable, E(X—Z)? >
E(X — X)? = 0, and so the minimizing Z is X (by definition, this is
E(X19)).

Consider a random variable Y measurable with respect G and therefore
independent of X. Then

EX-Y)?=E[(X-—EX+EX-Y)}
=E[(X —EX)’14+2E[(X — EX)(EX — )]+ E[(EX — Y)?]
= E[(X —EX)’1+ E[(EX —Y)*] by independence
> E[(X — EX)’]

It follows that E(X — Y)? is minimized when we choose Y = EX, and
so E(X|G) = E(X).

For any G-measurable square integrable random variable Z, we may
define a quadratic function of A by

g(\) = E[(X — E(X|G) — \Z)?]

By definition of E(X|G), this function is minimized over all real values
of \ at the point A = 0, and therefore g’(0) = 0. Setting its derivative
g’(0) = 0 results in the equation

E(Z(X - EX]9)) =0

or E(ZX) = E[ZE(X|0)].

Ifin (c) we put Z = I, where A € G, we obtain [, X dP = [, E(X|G]dP.
Again, this is a special case of property (c) corresponding to Z = 1.
Suppose a G-measurable random variable Z satisfies E[(X —Z)Y] =0
for all other G-measurable random variables Y. Consider in particular

Y = E(X|G) — Z and define
g\ =E[(X —Z — \Y)*]
=E((X —2) =2\E[(X — 2)Y]+ N E(Y?
=EX - 2>+ NE(Y?
> E(X —2)* =g(0)

In particular, g(1) = E[(X — E(X|G))*] > g(0) = E(X —Z)?, and by the
uniqueness of conditional expectation in Theorem A23, Z = E(X|G)
almost surely.

This is just deja vu (Theorem A23) all over again.
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(h) Consider, for an arbitrary G-measurable random variable Z,
E[Z(X +Y — E(X|9) — E(Y|9))] = E[Z(X — E(X]9))]
+E[Z(Y — E(Y|G))] =0 by property (c).
It therefore follows from property (f) that E(X + Y|G) = E(X|G) +
E(Y9).

By a similar argument we may prove E(cX + d|G) = cE(X|G) +d.
(i)—(l) We leave the proof of these properties as exercises [ ]

2.2 CONDITIONAL EXPECTATION FOR INTEGRABLE
RANDOM VARIABLES

We have defined conditional expectation as a projection (i.e., a G-measurable
random variable that is the closest to X) only for random variables with
finite variance. It is fairly easy to extend this definition to random vari-
ables X on a probability space (2, F, P) that are integrable (i.e., for which
E(X]) < 00). We wish to define E(X|G) where the sigma algebra G C F.
First, for nonnegative integrable X, we may choose a sequence of simple
random variables X,, 1 X. Since simple random variables have only finitely
many values, they have finite variance, and we can use the definition above
for their conditional expectation. Then E(X,|G) is an increasing sequence
of random variables and so it converges. Define E(X|G) to be the limit. In
general, for random variables taking positive and negative values, we define
E(X|G) = E(X™|G) — E(X™|G). There are a number of details that need to
be ironed out. First we need to show that this new definition is consistent
with the old one when the random variable happens to be square integrable.
We can also show that properties (a)—(i) above all hold under this new defini-
tion of conditional expectation. We close with the more common definition
of conditional expectation found in most probability and measure theory
texts, essentially property (d) above. It is, of course, equivalent to the defini-
tion as a projection that we used above when the random variable is square
integrable, and when it is only integrable, it reduces to the aforementioned
limit of the conditional expectations of simple functions.

Theorem A25 Consider a random variable X defined on a probability space
(©, F, P) for which E(]X|) < oo. Suppose the sigma algebra G ¢ F. Then
there is a unique (almost surely P) G-measurable random variable Z satis-

fying
/XdP:/ZdP forall Aeg
A A

Any such Z we call the conditional expectation and denote by E(X|G).
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2.3 MARTINGALES IN DISCRETE TIME

In this section all random variables are defined on the same probability space
(Q, F, P). Partial information about these random variables may be obtained
from the observations so far, and in general, the “history” of a process up
to time ¢ is expressed through a sigma algebra H, C F. We are interested in
stochastic processes or sequences of random variables called martingales—
intuitively, the total fortune of an individual participating in a “fair game.”
In order for the game to be “fair,” the expected value of your future fortune
given the history of the process up to and including the present should be
equal to your present wealth. In a sense you are tending to neither increase
nor decrease your wealth over time; any fluctuations are purely random.
Suppose your fortune at time s is denoted X;. The values of the process of
interest and any other related processes up to time s generate a sigma algebra
H;. Then the assertion that the game is fair implies that the expected value
of our future fortune given this history of the process up to the present is
exactly our present wealth E(X;|H,) = X, for t > s. In what follows, we
will sometimes state our definitions to cover the discrete-time case in which ¢
ranges through the integers {0, 1, 2, 3, ...} or a subinterval of the real numbers
such as T = [0, co). In either case, T represents the set of possible indices z.

Definition {(X,,H,);t € T} is a martingale if

(a) H; is an increasing (in ) family of sigma algebras.
(b) Each X, is H;-measurable and E|X;| < oc.
(c) For eachs < t, wheres,t € T, we have E(X;|H;) = X; a.s.

Example Suppose Z; are independent random variables with expectation 0.
Define H; = 0(Z,Z5,..., Zy) fort =1,2,...and S; = Zle Z;. Then notice
that for integer s < ¢,

t
E[S:|H,] = E[) _ Z|H;]
=1

=Y EIZ|H,]

i=1
N
i=1

because E[Z;|H,] = Z; if i < s and otherwise, if i > s, E[Z;|H,] =
0. Therefore, {(S;, H;), t = 1,2,...,} is a (discrete-time) martingale. As an
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exercise you might show that if E(Z?) = 0 < oo, then {(S? — to% H,),t =
1,2,...} is also a discrete-time martingale.

Example Let X be any integrable random variable, and H, an increasing
family of sigma algebras for # in some index set T. Set X, = E(X|H;). Then
notice that for s < ¢,

E[X:|H] = E[E[X|H;]|H:] = E[X|H,] = X;

So (X;, H;) is a martingale.

Technically, a sequence or set of random variables is not a martingale un-
less each random variable X; is integrable. Of course, unless X, is integrable,
the concept of conditional expectation E[X;|H,] is not even defined. You
might think of reasons in each of the above two examples why the random
variables X; above and S; in the previous example are indeed integrable.

Definition Let {(M,, H;); ¢ = 1,2,...} be a martingale and A; a sequence of
random variables measurable with respect to H;_;. Then the sequence A; is
called non-anticipating (an alternative term is predictable, but this will have
a slightly different meaning in continuous time).

In gambling, we must determine our stakes and our strategy on the tth
play of a game based on the information available to use at time # — 1. Sim-
ilarly, in investment, we must determine the weights on various components
in our portfolio at the end of day (or hour or minute) # — 1 before the
random marketplace determines our profit or loss for that period of time.
In this sense, both gambling and investment strategies must be determined
by non-anticipating sequences of random variables (although both gamblers
and investors often dream otherwise).

Definition: Martingale Transform Let {(M,, H,),t = 0, 1,2, ...} be a martingale,
and let A; be a bounded non-anticipating sequence with respect to H;. Then
the sequence

M, =AM — Mp) + -+ A,(M; — M,_y) (2.2)

is called a martingale transform of M;.
The martingale transform is sometimes denoted A o M, and it is one
simple transformation that preserves the martingale property.

Theorem A26 The martingale transform {(M, Hy,t = 1,2,...} is a
martingale.
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Proof.

=A;E[(M; —M,_;|Hj_;]1 since A; is H;_;-measurable

=0a.s.

Therefore,

E[M”H,,]] ZM,',ICZ.S. |

Consider a random variable 7 that determines when we stop betting or
investing. Its value can depend arbitrarily on the outcomes in the past, as
long as the decision to stop at time 7 = ¢ depends only on the results at time
t,t —1,....Such a random variable is called an optional stopping time.

Definition A random variable 7 taking values in {0, 1,2,...} U {co} is a (op-
tional) stopping time for a martingale {(X;, H;),t = 0, 1,2,...} if for each
n, [t<t]eH,.

If we stop a martingale at some random stopping time, the result con-
tinues to be a martingale, as the following theorem shows.

Theorem A27 Suppose {(M;, Hy),t = 1,2,...} is a martingale and 7 is an
optional stopping time. Define a new sequence of random variables Y, =
Minr = Muing,my for t =0,1,2,.... Then {(Y,, Hy),t = 1,2,...} is a martin-
gale.

Proof. Notice that

t
Minr=Mo+ Y (M —M;_)I(r> )
j=1

Letting A; = I(7 > j), this is a bounded H;_;-measurable sequence and
therefore Z;‘l:l (M; —M;_)I (7> j) is a martingale transform. By Theorem
A26, it is a martingale. ]

Example (Ruin Probabilities) A random walk is a sequence of partial sums of
the form S, = So+ Y, X; where the random variables X; are independent
identically distributed. Suppose P (X; = 1) =p, P(X; = —1) = ¢, P(X; =
0)=1—p—q for0O <p+gqg <1, and p # q. This is a model for our
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total fortune after we play 7 games, each game independent, and resulting
either in a win of $1, a loss of $1, or break-even (no money changes hands).
However we assume that the game is not fair, so that the probability of a
win and the probability of a loss are different. We can show that

M, =(q/p)%, t=0,1,2,...

is a martingale with respect to the usual history process H; = o(Xy, Zo, ...,
X;). Suppose that our initial fortune lies in some interval A < Sy < B and
define the optional stopping time 7 as the first time we hit either of two
barriers at A or B. Then M, ,ris a martingale. Suppose we wish to determine
the probability of hitting the two barriers A and B in the long run. Since
E(Mp) =limy_o E(M;,p) = (q/p)>, by dominated convergence we have

@/P)*pa+ (@/D)Pps = (q/p)® (2.3)

where ps and pg = 1 —p4 are the probabilities of hitting absorbing barriers
at A or B, respectively. Solving, it follows that

(/0" = @/pPpa = @/ - (q/p)" (2.4)
or that
/> —@/p)’®
= 2-5
PA= gl =) 25
In the case p = g, a similar argument provides
_B-S,
pa= B_A (2.6)

These are often referred to as ruin probabilities and are of critical importance
in the study of the survival of financial institutions such as insurance firms.

Definition For an optional stopping time 7, define the sigma algebra corre-
sponding to the history up to the stopping time Hr to be the set of all events
A € H for which

AN[r<tleH; forallteT (2.7)
Theorem A28 Hr is a sigma-algebra.

Proof. Clearly, since the empty set ¢ € H, for all ¢, the same applies pN[7 < ¢]
and so ¢ € Hr. We also need to show that if A € Hr, then the same applies
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the complement A¢. Notice that for each 7,

[T <tI{AN[r <]}
=[r<tIN{A°U[T>t]}
=A°N[T<t]

and since each of the sets [7 < #] and AN[7 < ] are H;,-measurable, so must
be the set A° N [T < ¢t]. Since this holds for all ¢, it follows that whenever
A € Hr, then so it is for A¢. Finally, consider a sequence of sets A,, € Hr for
all m = 1,2,.... We need to show that the countable union U>_ A, € Hr.
But

{U;:?:]Am} Nir<t]= Ufno 1{Am N[r<tl}

and by assumption the sets {A,, N [T < #]} € H, for each ¢. Therefore,
UzZ]{Am N [T < t]} S Ht

and since this holds for all ¢, U?_|A,, € Hr. [ |

There are several generalizations of the notion of a martingale that are
quite common. In general, they modify the strict rule that the conditional
expectation of the future given the present E[X;|H,] is exactly equal to the
present value X for s < t. One, a submartingale, models a process in which
the conditional expectation satisfies an inequality compatible with a game
that is either fair or is in your favor so that your fortune is expected either
to remain the same or to increase.

Definition {(X,, H,);t € T} is a submartingale if

(a) H, is an increasing (in ¢) family of sigma algebras.
(b) Each X; is H;-measurable and E|X;| < oo.
(c) For eachs < t, E(X;|H,) > X a.s.

Note that every martingale is a submartingale.

There is a very useful inequality, Jensen’s inequality, referred to in most
elementary probability texts. Consider a real-valued function ¢(x) with the
property that for any 0 < p < 1, and for any two points x1, x, in the domain
of the function, the inequality

o(px1 + (1 —p)x2) < pop(x1) + (1 — p)o(x2)

holds. Roughly, this says that the function evaluated at the average is less
than the average of the function at the two endpoints or that the line seg-
ment joining the two points (x1, ¢(x1)) and (x, ¢(x2)) lies above or on the
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graph of the function everywhere. Such a function is called a convex func-
tion. Functions like ¢(x) = ¢* and ¢(x) = x?,p > 1, are convex functions,
but ¢(x) = In(x) and ¢(x) = /x are not convex (in fact, they are concave).
Notice that if a random variable X took two possible values x{, x, with prob-
abilities p, 1 — p, respectively, then this inequality asserts that the function
at the point E(X) is less than or equal E¢(X),

P(EX) = E¢(X)

There is also a version of Jensen’s inequality for conditional expectation that
generalizes this result, and we will prove this more general version.

Theorem A29 (Jensen's Inequality) et ¢ be a convex function. Then for any
random variable X and sigma field H,

P(E(X[H)) = E(¢(X)|H) (2.8)

Proof. Consider the set £ of linear functions L(x) = a + bx that lie entirely
below the graph of the function ¢(x). It is easy to see that for a convex
function

¢(x) = sup{L(x); L € L}

For any such line,

E(@X)|H) = E(L(X)|H)
> L(E(X)|H))

If we take the supremum over all L € £ , we obtain

E(¢(X)|H) = ¢(E(X)|H)) L

The standard version of Jensen’s inequality follows on taking H above
to be the trivial sigma field. Now from Jensen’s inequality we can obtain
a relationship among various commonly used norms for random variables.
Define the norm ||X||, = {E(|X|?)}'/? for all p > 1. The norm allows us to
measure distances between two random variables; for example, a distance
between X and Y can be expressed as

X =Yl
It is well known that

X, < 1Xll; whenever 1 <p <gq (2.9)
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This is easy to show since the function ¢(x) = |x|9/? is convex provided that
q > p, and by Jensen’s inequality,

E(IX|%) = E(@(X[") = o(E(X|")) = [E(IX|")[7/*

A similar result holds when we replace expectations with conditional
expectations. Let X be any random variable and H be a sigma field. Then
forl <p <qg < o0,

{E(XP|H)}'P < {(E(IX|7|H)}4 (2.10)

Proof. Consider the function ¢(x) = |x|9/?. This function is convex provided
that g > p, and by the conditional form of Jensen’s inequality,

E(X|7|H) = E(¢(X")|H) = ¢(E(1X|’|H)) = [E(X|"|H)|"? a.s. u
In the special case that H is the trivial sigma field, this is the inequality

Xl = 11Xllq (2.11)

Theorem A30 (Constructing Submartingales) Lez {(S;, H;),t = 1,2,...} be a mar-
tingale. Then (|S;|?, H,) is a submartingale for any p > 1 provided that
E|S,|P < oo for all t. Similarly, ((S; — a)*, H,) is a submartingale for any
constant a.

Proof. Since the function ¢(x) = |x|? is convex for p > 1, it follows from
the conditional form of Jensen’s inequality that

E(ISt111P|Hy) = E(P(Sex)IHp) = ¢(E(Si1lHY)) = ¢(S) = [S,/P a.s. W
Various other operations on submartingales will produce another sub-

martingale. For example, if X, is a submartingale and ¢ is a convex nonde-
creasing function with E¢(X,,) < oo, then ¢(X,,) is a submartingale.

Theorem A31 (Doob’s Maximal Inequality) Suppose (M,,, H,) is a nonnegative sub-
martingale. Then for A > 0 and p > 1,

P ( sup M,, > )\> <X PEWMP)

O<m=<n
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Proof. We prove this in the case p = 1. The general case we leave as a
problem. Define a stopping time

7= min{m; M,,, > \}

so that 7 < n if and only if the maximum has reached the value A by time 7,
or

P|:sup MMEA}ZP[TSM

O0<m<n

Now on the set [7 < n], the maximum M+ > ), so

)\I(Tfn)SMTI(Tfn):ZM,'I(T:i) (2.12)
i=1

By the submartingale property, for any i < n and A € Hi,
E(M;la) < E(Mula)

Therefore, taking expectations on both sides of (2.12), and noting that for
alli <n
EWM;I(T=1)) < E(M,I(T=1))

we obtain

AP (1T =n) < E(M,I(T < n)) < E(M,) u

Once again define the norm || X||, = {E(|X|?)}!/?. Then the following in-
equality permits a measure of the norm of the maximum of a submartingale.

Theorem A32 (Doob's .7 Inequality) Suppose (M,, H,) is a nonnegative sub-
martingale and set M} = supy_,,.,, M. Then for p > 1, and all n

P
M), < ——|IM,
I n||p_p_1|| llp

One of the main theoretical properties of martingales is that they con-
verge under fairly general conditions. Conditions are clearly necessary. For
example, consider a simple random walk S, = Y7 | Z;, where Z; are inde-
pendent identically distributed with P(Z; = 1) = P (Z; = —1) = 1. Starting
with an arbitrary value of Sy, say So = 0, this is a martingale, but as # — oo
it does not converge almost surely or in probability.
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On the other hand, consider a Markov chain with the property P (X, =
X, =1) = ﬁ for j =0,1,...,2i . Notice that this is a martingale, and
beginning with a positive value, say Xy = 10, it is a nonnegative martingale.
Does it converge almost surely? If so, the only possible limit is X = 0 because
the nature of the process is such that P[| X, — X,,| > 1|1X,, = i] > % unless
i = 0. Convergence to i # 0 is impossible since in that case there is a high
probability of jumps of magnitude at least 1. However, X,, does converge
almost surely, a consequence of the martingale convergence theorem. Does
it converge in Ly, that is, in the sense that E[|X,, — X|] = 0 as n — oco? If it
did, then E(X,,) — E(X) = 0, and this contradicts the martingale property
of the sequence, which implies E(X,,) = E(X() = 10. This is an example of
a martingale that converges almost surely but not in L;.

Llemma A If (X;,,H)),t = 1,2,...,n, is a (sub)martingale and if o, 3 are
optional stopping times with values in {1, 2, ..., n} such that o < 3, then

E(Xﬁ|Ha) > Xa
with equality if X, is a martingale.
Proof. It is sufficient to show that

Xs—X,)dP >0
/A(g )aP >

forall A € H,. Note that if we define Z; = X; — X;_ to be the submartingale
differences, the submartingale condition implies

E(Z;|H;) > 0 a.s. wheneveri <j

Therefore, for each j =1,2,...,n and A € H,,,

(X1 — X.)dP = / ZI(o <i<P)dP
fAm[a=z‘] p Anja=] ;

=/ > Zil(a<i<p)dP

AN )y

= [ Y E@Hl@< il < Hdp
Anle=il iy

>0 a.s.
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since I (o < i), I(i < f8),and AN[a =] are all measurable with respect to
H;_y and E(Z;|H;_,) > 0 a.s. If we add over all j = 1,2,...,n, we obtain
the desired result. [ |

The following inequality is needed to prove a version of the submartin-
gale convergence theorem.

Theorem A33 (Doob's Up-Crossing Inequality) ILer M, be a submartingale and for
a < b, define N,(a,b) to be the number of complete up-crossings of the
interval (a,b) in the sequence M;,j = 0,1,2,...,n. This is the largest k
such that there are integers iy <j <ir <ja... < jr < n for which

Mj <a and M; =b foralll=1,...,k

Then
(b —a)EN,(a, b) < E{(M,, —a)* — (My — a)™}

Proof. By Theorem A29, we may replace M,, by X,, = (M,, — a)™* and this is
still a submartingale. Then we wish to count the number of up-crossings of
the interval [0, '] where b’ = b — a. Define stopping times for this process
by ap = 0.

ap =min{j; 0 <j <n,X; =0}

@ =min{j; a; <j <n,X; > b’}

aRp—1 = mln{], (0%) T S / S n, X7 = O}

o = min{j; age_; <j <n,X; = b’}

In any case, if o is undefined because we do not again cross the given
boundary, we define ap = n. Now each of these random variables is an

optional stopping time. If there is an up-crossing between X, and X,

(where j is odd), then the distance traveled is

X — X > b

@j+1

If X, is well defined (i.e., it is equal to 0) and there is no further up-crossing,
then X = X, and

Qj+1

Xojoy = Xoy =Xu—0=0

Qj+1
Similarly, if j is even, since by the above lemma (X, , H,, ) is a submartingale,

E(X _Xa/‘) 20

@j+1
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Adding over all values of j and using the fact that ag = 0 and «,, = n,
E Z(XQH’I - Xa,) > b/ENn((l, b)
=0

E(Xn - XO) = b/ENn(a) b)
In terms of the original submartingale, this gives

(b —a)EN,(a,b) < EM,, —a)" —E(My —a)* ]

Doob’s martingale convergence theorem that follows is one of the nicest
results in probability and is one of the reasons martingales are so frequently
used in finance, econometrics, clinical trials, and life testing.

Theorem A34 (Submartingale Convergence Theorem) ILet (M, H,), n = 1,2,...,
be a submartingale such that sup,,_, ., EM,} < co. Then there is an integrable
random variable M such that M,, — M a.s. If sup, E(IM,|P) < oo for some
p > 1, then ||M,, — M||, — 0.

Proof. The proof is an application of the up-crossing inequality. Consider
any interval a < b with rational endpoints. By the up-crossing inequality,

1
—a

1
E(Na(@,b)) = p—EM, —a)" = —Ilal + EM,)]. (2.13)
Let N (a, b) be the total number of times that the martingale completes an up-
crossing of the interval [a, b] over the infinite time interval [1, 00), and note

that N,(a,b) 1+ N(a,b) as n — oo. Therefore, by monotone convergence
E(N,(a, b)) — EN(a, b) and by (2.13),

E(N(a, b)) < lim sup[a + E(M;")] < oo

1
b—a
This implies

P[N(a,b) < co] = 1
Therefore,
P (liminf M,, <a < b <limsupM,) =0

for every rational a < b, and this implies that M,, converges almost surely to
a (possibly infinite) random variable. Call this limit M. We need to show that
this random variable is almost surely finite. Because E(M,,) is nondecreasing,

EM,)) — E(M,;) > E(My)
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and so
EM,) < E(M;5) — E(My)

But by Fatou’s lemma,
EM*) = E(lim infM,[) <lim infEM,| < oo

Therefore, E(M™) < o0, and consequently the random variable M is finite
almost surely. The convergence in L? norm follows from the results on uni-
form integrability of the sequence. [ ]

Theorem A35 (1. Martingale Convergence Theorem) ILet (M,,H,), n=1,2,...,be
a martingale such that sup,_, ., E|M,|P < 0o, p > 1. Then there is a random
variable M such that M,, — M a.s. and in L?.

Example (The Galton-Watson Process) Consider a population of Z,, individuals in
generation 7, each of which produces a random number ¢ of offspring in the
next generation so that the distribution of Z,.;; is that of {, +...+ ¢, for
independent identically distributed &. This process Z,,n = 1,2,..., is called
the Galton-Watson process. Let E(§) = u. Assume we start with a single
individual in the population Zy = 1 (otherwise, if there are j individuals in
the population to start, then the population at time # is the sum of j inde-
pendent terms, the offspring of each). Then the following properties hold:

The sequence Z,,/u" is a martingale.

If u <1,Z,— 0 and Z, = 0 for all sufficiently large 7.

If y=1and P(£ # 1) > 0, then Z, = 0 for all sufficiently large 7.

If 4 > 1, then P (Z, = 0 for some n) = p, where p is the unique value
< 1 satisfying E(p®) = p.

el S

Definition: Supermartingale {(X;, H,); t € T} is a supermartingale if

(a) H, is an increasing (in ¢) family of sigma algebras.
(b) Each X, is H;-measurable and E|X;| < oo.
(c) Foreach s <t, s,t € T, E(X;|Hy) < X, a.s.

The properties of supermartingales are very similar to those of sub-
martingales, except that the expected value is a nonincreasing sequence. For
example, if A, > 01is a predictable (non-anticipating) bounded sequence and
(M,,, H,)) is a supermartingale, then the supermartingale transform A o M is
a supermartingale. Similarly, if in addition the supermartingale is nonneg-
ative M,, > 0, then there is a random variable M such that M,, — M a.s.
with E(M) < E(My). The following example shows that a nonnegative
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supermartingale may converge almost surely and yet not converge in ex-
pected value.

Example Let S, be a simple symmetric random walk with S§o = 1 and define
the optional stopping time N = {#; S, = 0}. Then

Xn = Sn/\N

is a nonnegative (super)martingale, and therefore X,, converges almost surely.
The limit (call it X) must be 0 because if X,, > 0 infinitely often, then | X, —
X,| = 1for infinitely many 7, and this contradicts the convergence. However,
in this case, E(X,) = 1 whereas E(X) = 0, so the convergence is not in the
L; norm (in other words, ||X — X, || - 0) or in expected value.

A martingale under a reversal of the direction of time is a reverse mar-
tingale. The sequence {(X;, H;); t € T} is a reverse martingale if

(a) H, is a decreasing (in #) family of sigma algebras.
(b) Each X;is H;-measurable and E|X;| < oo.
(c) Foreachs < t, E(X;|H;) = X; a.s.

It is easy to show that if X is any integrable random variable, and if
H; is any decreasing family of sigma algebras, then X, = E(X|H,) is a re-
verse martingale. Reverse martingales require even fewer conditions than do
martingales for almost sure convergence.

Theorem A36 (Reverse Martingale Convergence Theorem) [f(X,, H,), n=1,2,...,
is a reverse martingale, then as n — 00, X,, converges almost surely to the
random variable E(X,| N2, H,,).

The reverse martingale convergence theorem can be used to give a par-
ticularly simple proof of the strong law of large numbers because if Y;,i =
1,2,...,are independent identically distributed random variables and we de-
fine H, to be the sigma algebra o(Y,, Y11, Yii2,...), where Y,, = % Yy,
then H,, is a decreasing family of sigma fields and Y,, = E(Y||H,,) is a reverse
martingale.

2.4  UNIFORM INTEGRABILITY

Definition A set of random variables {X;,i = 1,2,...} is uniformly integrable
if
sup E(IX;[I(1X;| >¢c) —> 0 asc— o0
i
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Some Properties of Uniform Integrability

1. Any finite set of integrable random variables is uniformly integrable.

2. Any infinite sequence of random variables that converges in L' is uni-
formly integrable.

3. Conversely, if a sequence of random variables converges almost surely
and is uniformly integrable, then it also converges in L!.

4. If X is integrable on a probability space (€, H) and H; is any family of
sub-sigma fields, then {E(X|H;)} is uniformly integrable.

5. If{X,,n =1,2,...} is uniformly integrable, then sup, E(X,) < oc.

Uniform integrability is the bridge between convergence almost surely
or in probability, and convergence in expectation, as the following result
shows.

Theorem A37 Suppose a sequence of random variables satisfies X,, — X in
probability. Then the following are all equivalent:

1. (X, n=1,2,...} is uniformly integrable.
2. X, — XinL.
3. E(IXal) = E(XD.

As a result a uniformly integrable submartingale {X,,,7n = 1,2,...} not
only converges almost surely to a limit X as # — oo, but it converges in
expectation and in L! as well; in other words E(X,,) — E(X) and E(|X,, —
X|) — 0asn — oo. There is one condition useful for demonstrating uniform
integrability of a set of random variables:

Lemma AS Suppose there exists a function ¢(x) such that limy_, . ¢(x)/x
=00 and E¢(|X;]) < B < oo forallt > 0. Then the set of random variables
{X;; t > 0} is uniformly integrable.

One of the most common methods for showing uniform integrability,
used in results such as the Lebesgue dominated convergence theorem, is
to require that a sequence of random variables be dominated by a single
integrable random variable X. This is, in fact, a special use of the above
lemma because if X is an integrable random variable, then there exists a
convex function ¢(x) such that limy_,, ¢(x)/x = oo and E(¢(]X|) < oo.



Stochastic Integration and
Continuous-Time Models

3.1 BROWNIAN MOTION

The single most important continuous-time process in the construction of
financial models is the Brownian motion process. Brownian motion is the
oldest continuous-time model used in finance and goes back to Bachelier
(1900), around the turn of the last century. It is also the most common
building block for more sophisticated continuous-time models called diffu-
sion processes.

The Brownian motion process is a random continuous-time process
denoted W(z) or W,, defined for # > 0 such that W(0) takes some pre-
determined value, usually 0, and for each 0 < s < ¢, W() — W(s) has
a normal distribution with mean p(¢ — s) and variance o%(t — s). The pa-
rameters 4 and o are the drift and the diffusion parameters of the Brownian
motion, and in the special case 4 = 0,0 = 1, W(¢) is often referred to as
a standard Brownian motion or a Wiener process. Further properties of the
Brownian motion process that are important are

m A Brownian motion process exists such that the sample paths are each
continuous functions of ¢ (with probability 1).

m The joint distribution of any finite number of increments W (¢,) — W (¢),
W(ty) — W(t3),..., W(tr) — W (#,_1)are independent normal random
variables provided that 0 < #; <, <t3 <4 < -+ < tp_| < t}.

Further Properties of the (Standard) Brownian Motion Process

The covariance between W (¢) and W (s), cov(W (¢), W (s)) = min(s, t). Brow-
nian motion is an example of a Gaussian process, a process for which every
finite-dimensional distribution such as (W (¢;), W (%), ..., W(#;)) is normal
(multivariate or univariate). In fact, Gaussian processes are uniquely deter-
mined by their covariance structure. In particular, if a Gaussian process has
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E(X;) = 0 and cov(X(¢), X(s)) = min(s, t), then it has independent incre-
ments. If in addition it has continuous sample paths and if Xy = 0, then it is
standard Brownian motion.

Toward the construction of a Brownian motion process, define the tri-
angular function

2t for0<t < %
At)=1 2(1—-1) forj<t=<l
0 otherwise

and similar functions with base of length 2~/

Aip@®)=AQt—k) forj=1,2,..., k=0,1,...,2 —1
ANop®) =t 0=t=1

Theorem A38 (Wavelet Construction of Brownian Motion)  Suppose the random vari-
ables Zj j are independent N (0, 1) random variables. Then the series below
converges uniformly (almost surely) to a standard Brownian motion process
B(t) on the interval [0, 1].

o 2 -1

B(t) = Z Z 27N Z kA (8)

j=0 k=0

The standard Brownian motion process can be extended to the whole in-
terval [0, 00) by generating independent Brownian motion processes B™ on

0.7

w(t)

"o 01 02 03 04 05 06 07 08 09 1
t

FIGURE 3.1 A Sample Path for the Standard Brownian Motion (Wiener) Process
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the interval [0, 1] and defining W() = >~"_, B M (1) +B®*D (¢t — n) whenever
n<t<n+l.

Figure 3.1 gives a sample path of the standard Brownian motion. Evi-
dently the path is continuous, but if you examine it locally it appears to be
just barely continuous, having no higher-order smoothness properties. For
example, derivatives do not appear to exist because of the rapid fluctuations
of the process everywhere. There are various modifications of the Brownian
motion process that result in a process with exactly the same distribution.

Theorem A39 I W (¢) is a standard Brownian motion process on [0, 00), then
so are the processes X; = \/LEW(at) and Y; =tW(1/t) for any a > 0.

A standard Brownian motion process is an example of a continuous-time
martingale, because, for s < ¢,

E[W (t)|Hs]= E[W (¢) — W (s)|H] + E[W (s)|H]
=0+ W(s)

since the increment W () — W(s) is independent of the past and normally
distributed with expected value 0. In fact, it is a continuous martingale in
the sense that sample paths are continuous (with probability 1) functions of
t. It is not the only continuous martingale, however. For example, it is not
difficult to show that both X, = W? — ¢ and exp(aW, — a’t/2), for a any
real number, are continuous martingales. Of course, neither is a Gaussian
process. Their finite-dimensional distributions cannot be normal since both
processes are restricted to values in the positive reals. We discussed earlier the
ruin probabilities for a random walk using martingale theory, and a similar
theory can be used to establish the boundary crossing probabilities for a
Brownian motion process. The following theorem establishes the relative
probability that a Brownian motion hits each of two boundaries, one above
the initial value and the other below.

Theorem A40 (Ruin Probabilities for Brownian Metion) If W (¢) is a standard
Brownian motion and the stopping time T is defined by

T=inf{t; W(t) = —b or a}

where a and b are positive numbers, then P (1 < 00) = 1 and

b

PIWr=a)= ——

(Wr=a) a1b

Although this establishes which boundary is hit with what probability,

it says nothing about the time at which the boundary is first hit. The distri-

bution of this hitting time (the first passage time distribution) is particularly
simple:
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Theorem A41 (Hitting Times for a Flat Boundary) If W (¢) is a standard Brownian
motion and the stopping time T is defined by

7, = inf{t; W) = a}

where a > 0, then

Theorem A42

1. P(r, <o00) =1
2. 1, has a Laplace transform given by

E(e—)\Ta) — e—\/alal

3. The probability density function of 7, is
f@) =at™ par™'?)

where ¢ is the standard normal probability density function.
4. The cumulative distribution function of 7, is given by

Plr, <t]1=2P[W(#) > a]l =2[1 — ®(at™V*)]fort >0

and zero otherwise.
5. E(1y;) =0

The last property is surprising. The standard Brownian motion has no
general tendency to rise or fall, but because of the fluctuations it is guaran-
teed to strike a barrier placed at any level 4 > 0. However, the time before
this barrier is struck can be very long, so long that the expected time is infi-
nite. The following corollary provides an interesting connection between the
maximum of a Brownian motion over an interval and its value at the end of
the interval.

Corollary If W," = max{W(s); 0 < s < t}, then for a > 0,
P[W, > a]=P[r, <t] =2P[W(t) > a]

Theorem A43 (Time of Last Returnto0)  Consider the random time L = supf{t < 1;
W (t) = 0}. Then L has cumulative distribution function

2
P[L <s]= Zarcsin(+/s), 0<s <1
T
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and corresponding probability density function

92 resin(V5) = ———, 0 I
dsﬂarcsm s = s(l—s)’ <s<

3.2  CONTINUOUS-TIME MARTINGALES

As usual, the value of the stochastic process at time # may be denoted by
X(#) or by X; fort € [0,00), and let H, be a sub-sigma field of H such that
H; C H; whenever s < t. We call such a sequence a filtration. X, is said to
be adapted to the filtration if X (¢) is H,-measurable for all # € [0, 00).
Henceforth, we assume that all stochastic processes under consideration
are adapted to the filtration H;. We also assume that the filtration H; is right
continuous, is, that
() Heve = H, (3.1)
€>0
We can make this assumption without loss of generality because if H, is any
filtration, then we can make it right continuous by replacing it with

Hep = () Hese (3.2)

€>0

We use the fact that the intersection of sigma fields is a sigma field. Note that
any process that was adapted to the original filtration is also adapted to the
new filtration H,,. We also typically assume, by analogy to the definition of
Lebesgue measurable sets, that if A is any set with P (A) = 0, then A € H,.
These two conditions, that the filtration is right continuous and contains the
P —null sets, are referred to as the standard conditions. The definition of a
martingale is, in continuous time, essentially the same as in discrete time.

Definition Let X (¢) be a continuous-time stochastic process adapted to a
right-continuous filtration H;, where 0 < ¢ < oco. Then X is a martingale
if E|X(¢)| < oo for all ¢ and

E[X(®)|H:]=X(s) (3.3)
foralls < ¢. The process X (¢) is a submartingale (respectively, a supermartin-

gale) if the equality is replaced by > (respectively, <).

Definition A random variable 7taking values in [0, 00] is a stopping time for a
martingale (X;, H;) if for each ¢ > 0, the event [7 < ¢] is in the sigma algebra
H;.
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FIGURE 8.2 The Process W(z) Obtained by Reflecting a Brownian Motion about
W)

Stopping a martingale at a sequence of nondecreasing stopping times pre-
serves the martingale property, but there are some operations with Brownian
motion that preserve the Brownian motion measure:

Theorem A44 (Reflection and Strong Markov Property) If 7is a stopping time with
respect to the usual filtration of a standard Brownian motion W (t), then the

process
& | W@ t<T
W) = { QW () — W) t>7

is a standard Brownian motion.

The process W(t) is obtained from the Brownian motion process as fol-
lows: Up to time 7 the original Brownian motion is left alone, and for ¢ > 7,
the process W(#) is the reflection of W(z) about a horizontal line drawn at
y = W(7). This is shown in Figure 3.2.

Theorem A48 Le: {(M,, H,),t > 0} be a (right-)continuous martingale and
assume that the filtration satisfies the standard conditions. If T is a stopping
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time, then the process
Xt = MtAT

is also a continuous martingale with respect to the same filtration.
Various other results are essentially the same in discrete or continuous
time. For example, Doob’s L? inequality

p

sup M, p—

0<t<T

=<

p

holds for right-continuous nonnegative submartingales and p > 1. Similarly,
the submartingale convergence theorem holds as stated earlier, but with 7 —
oo replaced by ¢ — oo.

3.3 INTRODUGTION TO STOCHASTIC INTEGRALS

The stochastic integral arose from attempts to use the techniques of Riemann-
Stieltjes integration for stochastic processes. However, Riemann integration
requires that the integrating function have locally bounded variation in order
that the Riemann-Stieltjes sum converge.

Definition: Locally Bounded Variation If the process A, can be written as the differ-
ence of two nondecreasing processes, it is called a process of locally bounded
variation. A function is said to have locally bounded variation if it can be
written as the difference of two nondecreasing processes.

For any function G of locally bounded variation, random or not, in-
tegrals such as fOT f dG are easy to define because, since we can write
G = G| — G, as the difference between two nondecreasing functions Gy, G,
the Rieman-Stieltjes sum

Y FHIGE) — G(tio)]

i=1

where 0 =ty < t; < tp < -+ < t, = T is a partition of [0,T], and
tii1 <s; <t will converge to the same value regardless of where we place
s; in the interval (¢;_i, ¢;) as the mesh size max; |t; — #;_| — O.

By contrast, many stochastic processes do not have paths of bounded
variation. Consider, for example, a hypothetical integral of the form

AdeW
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where f is a nonrandom function of # € [0, T]and W is a standard Brownian
motion. The Riemann-Stieljes sum for this integral would be

D FEIW ) — W (tiop)]

i=1

whereagain0 =1ty <t <ty <---<#, =T,and#_| <s; <t.Inthiscaseas
max; | — t;_1| — 0, the Riemann-Stieljes sum will not converge because the
Brownian motion paths are not of bounded variation. When f has bounded

variation, we can circumvent this difficulty by formally defining the integral
using integration by parts. Thus if we formally write

T T
/OdezﬂT)W(T)—f(O)W(m—/O W df

then the right-hand side is well defined and can be used as the definition of
the left-hand side. Unfortunately, this simple interpretation of the stochas-
tic integral does not work for many applications. The integrand [ is often
replaced by some function of W or another stochastic process that does not
have bounded variation. There are other difficulties. For example, integra-
tion by parts to evaluate the integral

T
/de
0

leads to fOT W dW = W?2(T)/2, which is not the Ito stochastic integral.
Suppose we return to the possible limiting values of the Riemann Stieltjes
sums

Io =Y f{W ) — W(ti1) (3.4)

i=1

wheres; = t;_+a(t;—t;_;) forsome 0 < « < 1. If the Riemann integral were
well defined, then I} — Iy — 0 in probability. However, when f(s) = W (s),

Li—Iop=)_[W) - W)l
i=1
and this cannot possibly converge to zero because, in fact, the expected value

18
E (Z[W(m - W(ti_o]Z): Y ti—ti)=T
i=1

i=1
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Since these increments [W (t;) — W (t;_;)]* are independent, we can show
by a version of the law of large numbers that

n

Y AWE) = W) —, T

i=1

and more generally I, — Iy — aT in probability as the partition grows finer.
In other words, unlike the case for the Riemann-Stieltjes integral, it
makes a difference where we place the point s; in the interval (¢;,_,¢;) for
a stochastic integral. The Ito stochastic integral corresponds to & = 0 and
approximates the integral fOT W dW with partial sums of the form

D Wt DIW () — W)

i=1

the limit of which is, as the mesh size decreases, %(Wz(T) —T). If we eva-

luate the integrand at the right endpoint of the interval (i.e., taking o = 1),

we obtain %(Wz(T) + T). Another natural choice is @ = 1/2 (called the
Stratonovich integral), and note that this definition gives the answer W2(T)/2,
which is the same result obtained from the usual Riemann integration by

parts. Which definition is “correct”? The Stratonovich integral has the ad-

vantage that it satisfies most of the traditional rules of deterministic calculus;

for example, if the integral below is a Stratonovich integral,

T
/ exp(W)dW; = exp(Wr) — 1
0

While all definitions of a stochastic integral are useful, the main appli-
cations in finance are those in which the values f(s;) appearing in (3.4)
are the weights on various investments in a portfolio, and the increment
[W(z;) — W (t;_1)] represents the changes in price of the components of that
portfolio over the next interval of time. Obviously, one must commit to one’s
investments before observing the changes in the values of those investments.
For this reason the Ito integral (¢« = 0) seems the most natural for these
applications.

We now define the class of functions f to which this integral will apply.
We assume that H, is a standard Brownian filtration and that the interval
[0, T] is endowed with its Borel sigma field. Let H? be the set of functions
f (@, t) on the product space 2 x [0, T] such that

1. f is measurable with respect to the product sigma field on € x [0, T'].
2. Foreacht € [0,T],f(.,¢t)is Hi-measurable (in other words, the stochas-
tic process [ (., ¢) is adapted to H,).
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FIGURE 3.3 A Typical Step Function f (w, t)
3. E[fOsz(w,t)dt] < 0.

The set of processes H? is the natural domain of the Ito integral. How-
ever, before we define the stochastic integral on H?, we need to define it in
the obvious way on the step functions in H>. Let H} be the subset of H?
consisting of functions of the form

n—1

flo,0) =) ai@)(ti <t <tiy1)

i=0

where the random variables a; are measurable with respect to H;, and 0 =
to <t <--- <t,=T. These functions f are predictable in that their value
a;(w) in the interval (¢;, ;1] is determined before we reach this interval. A
typical step function is graphed in Figure 3.3.

For such functions, the stochastic integral has only one natural defini-

tion:
n—1

T
/0 f.dW @) = ai@)(W (i1 — W(t:))

i=0
and note that considered as a function of T, this forms a continuous-time
square integrable martingale.
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There is a simple definition of an of inner product between two square
integrable random variables X and Y, namely E(XY), and we might ask how
this inner product behaves when applied to the random variables obtained
from stochastic integration, such as Xr(w) = fOTf(w, t)dW(t) and Y7 (w) =
fOTg(a), t)d W (¢). The answer is simple, in fact, and lies at the heart of Ito’s
definition of a stochastic integral. For reasons that will become a little clearer
later, let us define the predictable covariation process to be the stochastic
process described by

T
<X, Y>r (0) = / f (o, )g(w, t)dt
0

Theorem A48  For functions f and g in HZ,
E{<X,Y>T} ZE{XTYT}. (35)
and

T
E(<X,X>7) =E{/ (o, t)dt} = E(X%) (3.6)
0

These identities establish an isometry, a relationship between inner prod-
ucts, at least for two functions in 2. The norm on stochastic integrals defined
2

by
T T 2
‘/ Fdw :E([ f(a),t)dW(t))
0 L(P) 0

agrees with the usual L? norm on the space of random functions,

Hﬂ@ZE{ATﬁ&mﬂd4

We use the notation ||f|5 = E{fOsz(a), t)dt}). If we now wish to define
a stochastic integral for a general function f € H?, the method is fairly
straightforward. First we approximate any f € H? using a sequence of step
functions f,, € H} such that

If —fall3 = 0

To construct the approximating sequence f,,, we can construct a mesh
ti=5T fori=0,1,...,2" — 1 and define

n—1

ful@,1) = D" ai (@)1t <t <tiy1) (3.7)

i=0
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with

a;(w) =
i(w) P——

ti
/ f(w,s)ds

the average of the function over the previous interval.

The definition of a stochastic integral for any f € H? is now clear from
this approximation. Choose a sequence f, € H} such that [|f — f,]13 — 0.
Since the sequence f,, is Cauchy, the isometry property (3.6) shows that the
stochastic integrals fo fn dW also forms a Cauchy sequence in L,(P). Since
this space is complete (in the sense that Cauchy sequences converge to a
random variable in the space), we can define fo f dW to be the limit of the
sequence fo fn dW as n — oo. Of course, there is some technical work to be
done; for example, we need to show that two approximating sequences lead
to the same integral and that the Ito isometry (3.5) still holds for functions
f and g in H?. The details can be found in Steele (2001).

So far we have defined integrals fo f dW for a fixed value of T, but
how should we define the stochastic process X, = fo fdW fort < T?Todo
so we define a similar integral but with the function set to 0 for s > .

Theorem A47 (Ito Integral as a Continuous Martingale) For any f in H?, there exists
a continuous martingale X, adapted to the standard Brownian filtration H,
such that

T
X; = / fw,$)I(s <t)dW(s) forallt <T
0
This continuous martingale we will denote by fot fdw.

So far we have defined a stochastlc integral only for functions f that
are square integral, that is, satisfy E[f0 f2(w, t)dt] < oo, but this condition
is too restrictive for some applications. A larger class of functions to which
we can extend the notion of integral is the set of locally square integrable
functions, £7 ;. The word “local” in martingale and stochastic integration
theory is a bit of a misnomer. A property holds locally if there is a sequence
of stopping times v,, each of which is finite but the v, — o0, and the property
holds when restricted to times t < v,,.

Definition Let L7, be the set of functions f(w,#) on the product space
Q x [0, T] such that

1. f is measurable with respect to the product sigma field on © x [0, T'].
2. Foreacht €[0,T]1,f(.,¢t) is Hi-measurable (in other words, the stochas-
tic process f (., t) is adapted to H,).
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3. P(J) f2(w,s)ds < 00) = 1.

Clearly, this space includes H? and arbitrary continuous functions of
a Brownian motion. For any function f in L7, it is possible to define a
sequence of stopping times

v, = min (T, inf {s; /S f2(a), t)dt > n})
0

that acts as a localizing sequence for f. Such a sequence has the properties

1. v, is a nondecreasing sequence of stopping times.
2. Plv, =T for some n] = 1.
3. The functions f,(w, t) = f (0, t)1(t < v,,) € H? for each n.

The purpose of the localizing sequence is essentially to provide approx-
imations of a function f in £3 . with functions f(w, £)1(¢ < v,) that are
in H? and therefore have a well-defined Ito integral as described above. The
integral of f is obtained by taking the limit as # — oo of the functions
flw, H)1(t < vy,):

t t
/ F(@,$)dW, = lim / Fl, D1t < v)d W,
0 n—0o0 0

If / happens to be a continuous nonrandom function on [0, T], the
integral fOT f(s)d W is a limit in probability of the Riemann sums,

D (Wi, — W)

foranyt; <s; < t;+1. The integral is the limit of sums of the independent nor-
mal zero-mean random variables £ (s;) (W, , — W;,) and is therefore normally
distributed. In fact,

t
X, = / f(s)d W,
0

is a zero-mean Gaussian process with cov(X;, X;) = fomm(s’t) f?(u)du. Such
Gaussian processes are essentially time-changed Brownian motion processes
according to the following.

Theorem A48 (Time Change to Brownian Motion)  Suppose f(s) is a continuous
nonrandom function on [0, 00) such that

/oofz(s)ds =00
0
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Define the function t(u) = [ f*(s)ds and its inverse function 7(t) =

inf{u; t(u) > t}. Then
(@)

YO = [ f(s)dW.

0
is a standard Brownian motion.

Definition: Local Martingale The process M (¢) is a local martingale with respect
to the filtration H, if there exists a nondecreasing sequence of stopping times
T — 00 a.s. such that the processes

M® = M(min(z, 7)) — M(0)

are martingales with respect to the same filtration.

In general, for f € L3¢, stochastic integrals are local martingales, or
more formally, there is a continuous local martingale equal (with probabil-
ity 1) to the stochastic integral fot f(w, s)d W for all t. We do not usually
distinguish among processes that differ on a set of probability zero, so we
assume that fot f(w, s)d W5 is a continuous local martingale. There is a fa-
mous converse to this result, the martingale representation theorem, which
asserts that a martingale can be written as a stochastic integral. We assume
that H, is the standard filtration of a Brownian motion W,.

Theorem A49 (Martingale Representation Theorem) ILet X, be an H; martingale
with E(X%) < co. Then there exists ¢ € H* such that

t
Xz=X0+f o(w,s)dWs for 0<t <T
0

and this representation is unique.

3.4  DIFFERENTIAL NOTATION AND ITO'S FORMULA

Summary 1: Rules of Box Algebra
It is common to use differential notation for stochastic differential equations
such as

dX; = p(t, X)dt + o, X;)d W,

to indicate (this is its only possible meaning) a stochastic process X;, which
is a solution of the equation written in integral form:

t

t
X; = Xo+ / (s, Xs)ds + / (s, Xs)d W
0 0



Probability 77

We assume that the functions p and o are such that these two integrals, one a
regular Riemann integral and the other a stochastic integral, are well defined,
and we would like conditions on pu, o such that existence and uniqueness
of a solution is guaranteed. The following result is a standard one in this
direction.

Theorem AS0 (Existence and Unigueness of Solutions of SDE) Consider the stochastic
DE
dXt =‘Lt(t, Xt)dt+0'(t,Xt)th (3.8)

with initial condition Xy = x¢. Suppose forall0 <t < T,
|ut, %) — pt, I + o, x) — o, y)? < Klx -y

and
lu(t, ) 1> + |o(t, x)[* < K1 + |x|?)

Then there is a unique (with probability 1) continuous adapted solution to
(3.8) and it satisfies
sup E(th) < oo.
0<t<T
It is not difficult to show that some condition is required in the above
theorem to ensure that the solution is uni%ue. For example, if we consider the
purely deterministic equation d X, = 3X."*dt with initial condition X(0) =
0, it has possible solutions X; = 0,¢ < a4, and X; = (¢t — a)’,t > a, for
arbitrary @ > 0. There are at least as many distinct solutions as there are
possible values of a.
Now suppose a process X, is a solution of (3.8) and we are interested an
a new stochastic process defined as a function of X;, say Y; = f (¢, X,). Ito’s
formula is used to write Y; with a stochastic differential equation similar to
(3.8). Suppose we attempt this using a Taylor series expansion where we
will temporarily regard differentials such as d¢, dX; as small increments of
time and the process, respectively (notation such as At, AW might have been
preferable here). Let the partial derivatives of f be denoted by
2
filt,x) = %: fat, x) = %: for(t, x) = 2—;2
and so on. Then the Taylor series expansion can be written
dY, =fitt, Xdt + 3 fu(t, XD + - (3.9)

1
+ fZ(t, XndX; + zfzz(t, Xt)(dXt)2 + ...
+ fia(t, X (@) (dXy) + - -
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and although there are infinitely many terms in this expansion, all but a few
turn out to be negligible. The contribution of these terms is largely deter-
mined by some simple rules, often referred to as the rules of box algebra. In
an expansion to terms of order d¢, as d¢ — 0 higher-order terms such as
(dt) are all negligible for j > 0. For example, (dt)*> = o(dt) as dt — 0
(intuitively this means that (dt)?> goes to zero faster than d¢ does). Similarly,
cross terms such as (dt)(dW,) are negligible because the increment d W,
is normally distributed with mean 0 and standard deviation (d¢)'/?, and
so (dt)(dW,) has standard deviation (dt)*? = o(dt). We summarize some
of these order arguments with the oversimplified rules below, where the sym-
bol ~ is taken to mean “is order of, as dt — 0."
dt)(dt)~0
dt)y dWy)~ 0
AdW)(dW)~ dt

From these we can obtain, for example,

(AdX)(dXy) = [p(t, X)dt + o(t, X)d Willu(t, X,)dt + o(t, X,)d W]
= 12, X)) (dD)* +2ut, Xy)o(t, X)(dt)(dW,)
+ o (t, X)(d W) (dW,) ~ a*(t, X,)dt

which indicates the order of the small increments in the process X;. If we
now use these rules to evaluate (3.9), we obtain

1
dY,~ fit, Xpdt + f(t, XX, + S fo(t, X)(dX,)?
~ fi(t, Xpdt + f(t, Xy) (u(t, X)dt + o(t, X;)d W)
+ %fzz(t, Xt)Uz(t, X,)dt

which is the differential expression of Ito’s formula.

Theorem AS1 (Ito's Formula)  Suppose X satisfies dX, = u(t, X,)dt+o(, X,)d W,.
Then for any function [ such that f| and [y are continuous, the process
f(t, X,) satisfies the stochastic differential equation

1
df t, Xy) = {ut, Xt Xo) + filt, Xp) + Efzz(t, X)o?(t, X))t
+ fZ(t’ Xt)a(t) Xt)th

Example: Geometric Brownian Motion Suppose X, satisfies

dXt = aX; dt + UX; th
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and f (¢, X;) = In(X;). Then substituting in Ito’s formula, since f; = 0,/ =
X;I)fZZ = _X;Z)

1
dY,= X;'aX, dt — EX;zazxf dt + X;'oX, dW,

2
:(a—%)dt—i—od\x/t

. . . . . 2 oo
and so Y, = In(X,) is a Brownian motion with drift ¢ — Z- and volatility o.
2 y

Example: Ornstein-Uhlenbeck Process Consider the stochastic process defined as
t
X, = xpe” ™ + ae*“t/ e™ dW,
0
for parameters o, ¢ > 0. Then,

t
dX; = (—a)xpe *dt + (—a)ae_”t/ e dW, + ce e dW,
0
= —O[Xt dt + ag th.

with the initial condition X, = x¢. This process has Gaussian increments
and covariance structure cov(Xs, X;) = o2 fos e~ 6+t ds for s < t, and is
called the Ornstein-Uhlenbeck process.

Example: Brownian Bridge Consider the process defined as

t

1

Xt=(1—t)/ dW,, for0<t <1
o 1—s

subject to the initial condition Xy = 0. Then

| 1
dXt:—/ ——dW,+ (1 —t)——dW,
0 1—s 1—1
X
= — tdt‘l‘th
1—-1¢

This process satisfying Xo = X; = 0 and

X
ttdt+th

dXt:_l

is called the Brownian bridge. It can also be constructed as X; = W, —
t W,. The distribution of the Brownian bridge is identical to the conditional
distribution of a standard Brownian motion W; given that Wy = 0 and
W, = 0. The Brownian bridge is a Gaussian process with covariance
cov(X;, X;) =s(1 —t) fors < t.
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Theorem AS2 (Ito’s Formula for Two Processes) If

dXt - ﬂ(t, Xt)dt + b(t, Xt)th
dY,= a(t, Yydt + p(t, Y)d W,

then
df(Xt, Yt) =f1 (Xt; Yt)dXt + fz(Xt, Yt)dYt
1 1
+ Efll(Xt: Y)b* dt + Efzz(Xt, Yt)ﬂz dt
+ f12(Xs, YN dt

There is an immediate application of this result to obtain the product
rule for differentiation of diffusion processes. If we put f (x,y) = xy above,
we obtain

d(Xth) = Yt dXt + Xt dYt + bﬁ dt

This product rule reduces to the usual with either 8 or b identically 0.

3.5 QUADRATIC VARIATION

One way of defining the variation of a process X; is to choose a partition
T={0=t) <t < <t,=t}and then define On(X;) = }_;(X;, — X;,_)*
For a diffusion process

dX, = put, Xpdt + o(t, X,)d W,

satisfying standard conditions, as the mesh size max |¢; — #;_;| converges
to zero, we have Qn(X;) — fot o%(s, X;)ds in probability. This limit
f(f 02(s, X;)ds is the process that we earlier denoted <X, X >; . For brevity,
the redundancy in the notation is usually removed, and the process < X, X >,
is denoted <X >, . For diffusion processes, variation of lower order such as
> 1Xi; — Xy, || approaches infinity and variation of higher order, for exam-
ple, >°,(Xy, — X;,_,)*, converges to zero as the mesh size converges. We will
return to the definition of the predictable covariation process <X, Y>;in a
more general setting shortly.

The Stochastic Exponential Suppose X, is a diffusion process and consider a
stochastic differential equation

dYt = Yt dXt (3.10)
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with initial condition Yy = 1. If X, were an ordinary differentiable function,
we could solve this equation by integrating both sides of

dy;
— =dX
Y, !
to obtain the exponential function
Y: = cexp(Xy) (3.11)

where ¢ is a constant of integration. We might try and work backward from
(3.11) to see if this is the correct solution in the general case in which X is
a diffusion. Letting f(X,) = exp(X,) and using Ito’s formula,

1
df(Xt) = {exp(Xt) + E eXp(Xt)O'Z(t, Xt)} dt + exp(Xt)O'(t, Xt)d Wt
# [ (X)dX,

so this solution is not quite right. There is, however, a minor fix of the
exponential function that does provide a solution. Suppose we try a solution
of the form

Y, =1, X;) =exp(X; + h(t))

where h(¢) is some differentiable stochastic process. Then again using Ito’s
lemma, since fi(t, X;) = Y:b'(t) and fo(¢, X)) = [, X)) = Y,
1
dYi=fit, Xndt + ht, X0dX, — St X (¢, Xpdt
1
=Y {b' @) + pu(t, Xp) + Eaz(t, X)Ydt + Yio(t, X1))d W,

and if we choose just the right function b so that b'(¢) = —%02(1‘, Xy, we
can get a solution to (3.10). Since h(¢) = —% Otoz(s, X;)ds the solution is

1 [t 1
Y; =exp (Xt — 5/ az(s,Xs)d5> =exp {Xt ) < X >t}
0

We may denote this solution Y = £(X). We saw earlier that £(aW)is a mar-

tingale for W a standard Brownian motion and « real. Since the solution to

this equation is an exponential in the ordinary calculus, the term “stochastic

exponential” seems justified. The “extra” term in the exponent 1 <X >, is

a consequence of the infinite local variation of the process X;. One of the

most common conditions for £(X) to be a martingale is the following;:
Novikov’s Condition Suppose that for g € L3 5

T
Eexp{%/ 22w, ss)ds} < 00
0

Then M, = S(fotg(a), s)d W) is a martingale.
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3.6  SEMIMARTINGALES

Suppose M; is a continuous martingale adapted to a filtration H;, and A, is
a continuous adapted process that is nondecreasing. It is easy to see that the
sum A; + M; is a submartingale. But can this argument be reversed? If we
are given a submartingale X, is it possible to find a nondecreasing process
A; and a martingale M, such that X, = A; + M,? The fundamental result in
this direction is the Doob-Meyer decomposition.

Theorem A53 (Doob-Meyer Decomposition) et X be a continuous submartingale
adapted to a filtration H,. Then X can be uniquely written as X, = A;+M,,
where M, is a local martingale and A, is an adapted nondecreasing process
such that Ag = 0.

Recall that if M, is a square integrable martingale, then M? is a sub-
martingale (this follows from Jensen’s inequality). Then according to the
Doob-Meyer decomposition, we can decompose M? into two components,
one a martingale and the other a nondecreasing continuous adapted process,
which we call the (predictable) quadratic variation process <M >, . In other
words,

Mt2 — <M >,

is a continuous martingale. We may take this as the the more general defi-
nition of the process < M >, encountered earlier for processes obtained as
stochastic integrals. For example, suppose

t
Xt(w)=f0 f(o,t)d W (2)

where f € H?. Then with < X >,= fot fA(w,t)dt and M, = X?— < X >,
notice that for s < ¢

t 2 t
E[M; — M|H;]1=E |:{/ f(w, u)dW(u)} - / (o, M)dM|Hs:|
=0
by (3.5). This means that our earlier definition of the process < X > coincides

with the current one. For two martingales X, Y, we can define the predictable
covariation process <X, Y > as

1
<X, Y>= Z{<X+Y>t — <X —-Y >y}

and once again this agrees with the earlier definition in Section 3.3, since if
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X and Y are defined as
Xi(w) = '/Otf(a),t)dW(t)
Vo= [ gondwe)
the predictable covariation is
<X,Y> (0) = If(w, 1)g(w, 1)dt
This also follows from the Ito isometry.

Definition: Semimartingale A continuous adapted process X is a semimartingale
if it can be written as the sum X; = A; + M, of a continuous adapted process
A; of locally bounded variation, and a continuous local martingale M.

The stochastic integral for square integrable martingales can be extended
to the class of semimartingales. Let X; = A, + M; be a continuous semi-
martingale. We define

/ h(t)dX, = / bydA, + f h(t)dM, (3.12)

The first integral on the right-hand side of (3.12) is understood to be a
Lebesgue-Stieltjes integral while the second is an Ito stochastic integral. There
are a number of details that need to be checked with this definition — for
example, whether when we decompose a semimartingale into the two com-
ponents, one with bounded variation and one a local martingale in two
different ways (this decomposition is not unique), the same integral is ob-
tained.

3.7 GIRSANOV'S THEOREM

Consider the Brownian motion defined by

with p a constant drift parameter and denote by E,,(.) the expectation when
the drift is pu. Let f,,(x) be the N (11, T') probability density function. Then we
can compute expectations under nonzero drift p using a Brownian motion
that has drift zero since

E,(g(X1)) = Eo{g(XT)MT1(X)}
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where

1
M,(X) = E(uX) = exp {uXt - Euzt}-

This is easy to check since the stochastic exponential M1 (X) happens to
be the ratio of the N(uT, T) probability density function to the N (0, T)
density. The implications are many and useful. We can, for example, calculate
moments or simulate under the condition p = 0 and apply the results to the
case i # 0. By a similar calculation, for a bounded Borel measurable function
8(Xsps .oy Xp,), where 0 <) <--- <,

E#{g(th, cees th)} = EO{g(th, cees th)Mtn(X)}
Theorem A54 (Girsanov's Theorem for Brownian Motion) Consider a Brownian mo-
tion with drift u defined by
Xt = /Jt + Wt

Then for any bounded measurable function g defined on the space C[0, T']
of the paths, we have

E,[g(X)] = Eo[g(X)M1(X)]

where again Mr(X) is the exponential martingale £(uX) = exp (uX7 —
% ,uzT).

Note that if we let Py, P, denote the measures on the function space
corresponding to drift 0 and u, respectively, we can formally write

dP,
E[g(X)] = /g(x)dPﬂ = /g(x)d—P;dPo
B dp,
=Ey {g(X)d_PO}

which means that M1 (X) plays the role of a likelihood ratio,
a,
dP

for a restriction of the process to the interval [0, T']. If g(X) depended only on
the process up to time # < T, then, from the martingale property of M,(X),

E.[g(X)] = Eo[g(X)MT(X)]

= Eo{E[g(X)MT1(X)|H,]}
= Eo{g(XOM(X)}
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which shows that M,(X) plays the role of a likelihood ratio for a restriction
of the process to the interval [0, ¢].

We can argue for the form of M,(X) and show that it “should” be a
martingale under ¢ = 0 by considering the limit of the ratio of the finite-
dimensional probability density functions such as

Fu Xty oeos X2,)
fO(xtp sees xtn)

where f, denotes the joint probability density function of X;,, X;,, ..., X, for
t) <ty <--- <t,=T. These likelihood ratios are discrete-time martingales
under Py. For a more general diffusion, provided that the diffusion terms are
identical, we can still express the Radon-Nikodym derivative as a stochastic
exponential.

Theorem AS5 (Girsanou's Theorem) Suppose P is the measure on C[0, T'] induced
by Xo =0, and
dX; = plw, t)dt + o(w, t)d W;

under P. Assume the standard conditions so that the corresponding stochas-
tic integrals are well defined. Assume that the function

_ plo, 1) —v(w,t)

O, ) o(w,t)

is bounded. Then the stochastic exponential

t t t
Mt=5<—/ H(w,s)dWs>=exp{—/ H(a),s)dWS—lf 92(w,s)ds}
0 0 2 Jo

is a martingale under P . Suppose we define a measure Q on C[0, T] by

dQ
ap ~Mr

ot, equivalently, for measurable subsets A,
O(A) = Ep[1(A)M7]
Then under the measure Q, the process W] defined by

t
W, =W, —/ O(w, s)d W,
0

is a standard Brownian motion, and X, has the representation

dX; = v(w, t)dt + o(w, t)d W,



