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Chapter 1

Foundations

Using Frank Drake's famous equation, Betty calculates the
prodability of finding ntellgeant iite on a Saturcay night.

Figure 1.1: Applications of probability theory

1.1 Probability spaces, measures and o-fields

1.1.1 Intuition

@he probability space is a triple (Q, F,P), where the sample space ) is a set



of outcomes w, F is a o-algebra of the events, and P is the probability measure.

Intuitively, the set the sample space 2 represent all possible outcomes w of
an experiment. However, we observe the outcomes imperfectly and the events
are the subsets A C 2 for which it is possible to say definitely that either “the
outcome is in A” or “the outcome is not in A.”

When the experiment has a finite number of outcomes, every events is a
finite union of some disjoint elementary events A; which form a partition of 2.

Probability is a measure on F, that is, it is a function that maps events
to non-negative numbers, probabilities. In a case of a finite €2, the probability
of every event A is the sum of probabilities of the elementary blocks of the
partition F which are subsets of A.

The o-algebras are needed to generalize partitions to the case of infinite and
possibly uncountable €.

1.1.2 Probability Space

Definition 1.1.1. class F of subsets of a space €2 is called an algebra (or a

field) if it contains € itself and is closed under complements and finite unions.
That is,

1. Qe F
2. A € F implies A€ € F
3. A,B € Fimplies AUB € F

Note that by DeMorgan’s law, given that F is closed under complement, F
is closed under unions if and only if F is closed under intersections. Therefore,
A,B € F implies AU B € F in the above definition can be replaced with
A, B € F implies AN B € F.

Ezample 1.1.2. Finite unions of all intervals in [0,1].

Definition 1.1.3. A class F of subsets of €2 is a o-algebra if it is an algebra
and if it is closed under the formation of countable unions. That is,

1. F is an algebra.

2. Al,AQ,... e F 1mphes AiUAU.... € F.

(This object is also often called a o-field.)

An algebra is closed under finite set-theoretic operations whereas a o-algebra
is closed under countable set-theoretic operations.

Usually in a problem dealing with probabilities, one starts with a small class
of subsets A, for example, with the class of subintervals of [0, 1]. It is possible
that when we perform countable operations on such a class A of sets, we might
end up operating on sets outside the class A.

The o-algebra generated by A is denoted by o(A) and defined as the inter-
section of all the g-algebras containing 4. One can check that this intersection
is indeed a o-algebra. It is clear that it is the smallest o-algebra containing .A.



Ezample 1.1.4. The class of all finite unions of intervals (a, ] in £ : (0,1] is an
algebra but not o - algebra.

Ezample 1.1.5. The class of all subsets of [0,1] is a o - algebra.
Ezample 1.1.6. If A is the class of subintervals (a,b] of Q = (0,1], then the
sigma algebra generated by A is denoted by B and is called the Borel o-algebra.

Its elements are called the Borel sets of the unit interval.
Fact: There exist sets which are not Borel.

Definition 1.1.7. A set functionm 1 on a o-algebra F is a probability measure
if it satisfies the following conditions:

L. 0<pu(A)<1lfor AeF.
2. p(0) =0,u(R2) = 1.

3. If A; € F is a countable sequence of disjoint sets, then u(lJ; 4;) =
2o 1(Ai).

If we relax assumption that p(£2) = 1 and require only that 0 < p(A) for
all A € F, the function p is called a measure. A probability measure is often
denoted P.

If F is a o-algebra on ), then the pair (2, F) is called a measurable space,
and the sets in F are called measurable. If, in addition, P is a probability
measure on JF, then the triple (2, F,P) is called a probability measure space or
simply a probability space.

The countable additivity of the probability measure gives rise to the following
properties that are stated in a theorem.

Theorem 1.1.8. Let P be a probability measure on a o-algebra F.

1. Continuity from below: If A, and A lie in F and A, 1T A, then P(4,) 1
P(A).

2. Continuity from above: If A, and A lie in F and A, | A, then P(A,) |
P(A).

3. Countable subadditivity: If Ay, As... and Uy, Ax lie in F, then

() < S
k=1 k=1

Ezample 1.1.9 (Invariant measure on S!).

Suppose that 2 is the unit circle and F is the class of all subsets of €. We
claim that there is no probability measure on F, invariant with respect to all
rotations.

LA set function is a real-valued function defined on some class of subsets of €.



Indeed, let S = R/Z and let two points z,y € S! be equivalent if x —y € Q.
This is a valid equivalence relationship, and by Axiom of Choice we can form
a set A by taking exactly one representative in each equivalence class. Define
Ay =A+q mod 1 for every rational q.

Then every point in S' belongs to one of the equivalence classes hence it
equals to a + ¢ for some rational ¢ and some a € A. That is, this point is in
one of A+ g. It follows that S! is a countable union of 4,. In addition, A% are
disjoint. Otherwise, A would contain two different representatives from a single
equivalence class. Finally, all A, should have the same measure by invariance.
However, then either measure of 4, is 0 and then the measure of S* is 0, or
the measure of A, is positive and then the measure of S! is infinite, which
contradicts the definition of the invariant measure.

Ezample 1.1.10 (Banach - Tarski paradox).

If Q is S? and F is the class of all subsets of {2 then there is no finitely-additive
finite measure on €2, invariant with respect to all rotations.

Ezample 1.1.11 (Lebesgue measure).

Let Q = R and B is the Borel sigma-algebra. Then we can define the set-
function p((a,b]) = b —a for a < b. Lebesgue showed that this function can
be extended to a measure on all sets in the Borel o-algebra B. This measure is
called the Lebesgue measure. The probability space on [0, 1] can then be defined
by the restriction of 1 to the subsets of [0, 1].

Ezample 1.1.12 (Lebesgue-Stiltjes measure).

More generally one can define the Stieltjes measure on (R, B) by using a
function F' with the following properties:
(i) F is nondecreasing.
(ii) F is right continuous, i.e. lim,, F(y) = F(z).

Theorem 1.1.13. Associated with each Stieltjes measure function F' there is a
unique measure p on (R, B) with p((a,b]) = F(b) — F(a).

When F(x) = x the resulting measure is the Lebesgue measure.

The proof of this result is non-trivial even in the case of the Lebesque measure
and is based on the Caratéodory Theorem formulated below. We skip it.

The Lebesgue measure can be extended to an even larger class of sets than
Borel sets by adding all sets that are contained in Borel sets of measure zero and
assigning measure zero to them. By passing to a minimal containing o-algebra,
one obtains a o-algebra of Lebesgue-measurable sets. It turns out that this o-
algebra is larger than the Borel o-algebra, and that the Lebesgue measure can
be extended to this larger algebra.

1.1.3 The Caratéodory Theorem

The Caratéodory Theorem gives the conditions which guarantee that a measure
can be extended from an algebra A to the generated o-algebra o(A). It is valid
not only for probability measures but also for general o-finite measures.



(The measure p is called o-finite if there exists a sequence of sets A4,, € A
so that p(A4,) < oo and |J,—, A, = Q. For example, any probability measure is
finite and therefore o-finite. The Lebesgue measure on R is not finite, but it is
o -finite.)

It turns out that if A is an algebra, then the key condition for the existence
of the measure on the o-algebra o(A) is the o-additivity of the measure p on
the algebra A. However, since we cannot expect that a countable union of sets
in A is again a set in 4, we say that a measure p is og-additive on an algebra
A if for every sequence of sets A,, € A such that (), A, = 0, it is true that
limy, 00 M(An) = 0.

Theorem 1.1.14 (Carathéodory). Let pu be a o-finite, o-additive measure on
an algebra A. Then p has a unique extension to a o-additive measure on o(A),
the smallest o-algebra containing A.

The proof of the Charathéodory Theorem is in Appendix. This theorem can
be used to justify the existence of the Lebesgue-Stieltjes measure.

Indeed, in order to prove that the Lebesgue measure can be extended to
all Borel sets, we need to show that it is countably additive on the algebra By
generated by intervals (a,b]. This algebra consists of finite unions of disjoint
intervals. The following proof of countable additivity is taken from Billingsley
“Probability and Measure”.

For shortness, let us use |I| to denote the length of interval I. That is,
(a,b)| = (b—a).

Theorem 1.1.15. Consider an interval I = (a,b] and collection of intervals
I, = (ag, br), which is either finite or countably infinite.

1. Suppose Iy, are disjoint and NIy, C I. Then, Y || < |I].
2. Suppose I C UpIy,. Then |I| <> |1kl
3. Suppose Ii, are disjoint and NIy = I. Then, > |Ix| = |I].

Proof. Obviously, (3) follows from (1) and (2).

Proof of (1). If the collection is finite, then we prove the statement by
induction. Consider n intervals and suppose they are ordered in such a way
that a; < ... < a,. Then UZ;llIk € (a,a,) and so Y ;_; |I| < a, — a by the
induction hypothesis. Consequently, > ,_, |Ix| < (an —a) + (b, — a,) < b—a.

If the collection is infinite, then >, < |I| for every n by the finite case,
and the infinite case follows by passing to the limit.

Proof of (2). If the collection is finite, then we again proceed by induction.
Consider the case of n intervals ordered as before, and suppose that a,, < b <
by. (Otherwise, I is covered by n — 1 interval and the induction hypothesis
immediately applies.) In addition, assume that a < a,, or the result is obvious.
Then note that the interval (a, a,,) must be covered by Uz;lll k- Moreover, since
the intervals I are closed on the right, the interval (a,a,] is covered and we
can apply the induction hypothesis, 22;11 Iy > an, —a. Hence, Y ;_ I, >
(an —a)+ (bn —an) > b—a.



For the infinite collection, we choose an arbitrary ¢ > 0 and consider the
closed interval [a + &, b] and open intervals (ax, by + ¢27%). This is a compact
interval and hence every infinite open cover of the interval contains a finite
sub-cover. We can apply a finite case of (2) to this sub-cover, and find that
b—a—e <302 (x| +227%) = 3722 | |Ix] + &. Taking the limit ¢ — 0 on both
sides gives the desired inequality. O

In the algebra By, every set A is a union of the finite number of intervals,
A = Up_, I} and the Lebesgue measure is defined as

Al =Y 1l
k=1

Theorem 1.1.16 (Lebesque measure is countably-additive). The Lebesgue mea-
sure is a (countable-additive) probability measure on the algebra By.

Proof. Suppose that A = U2 | Ay, where A and Ay, are in By and A, are disjoint.
Then A and Ay are disjoint unions of a finite number of intervals A = U, I;,

and A, = U?ile(k). Then, we consider every of the intervals I; separately and
note that

L =1n U Ay = U UZE (10 J;k)).
k=1 k=1

Applying Theorem , we have

n n oo ng

k
A= 10= 32330
i=1 i=1 k=1 j=1
Since Jj(k) C A, it is covered by U (; N Jj(k)), and therefore >\ | |I; N J](.k)| =
|7 J(k) |. Hence, changing the order of summation above, we get,

> Akl
k=1

oo Mg

Al =33 10W)

k=1j=1

O

Ez. 1.1.17. Let us try to construct a measure on the set of rationals in [0, 1],
Q C [0, 1], which would be similar to Lebesgue measure. Consider the function
P([a,b]) = b—a for all rational 0 < a < b < 1. Can it be extended to an additive
finite measure on the algebra generated by intervals in Q7

It is impossible to extend this measure to a countably additive measure on
the o-algebra generated by intervals in Q. Indeed, P({q}) = 0 for any set {q}
containing a single rational ¢ while P(Q) = P(U,cq¢) = 1. Which condition of
the Carathéodory theorem is not satisfied and why?



Theorem 1.1.18. The Lebesgue-Stieltjes measure is a (countable-additive)
probability measure on the algebra By.

Sketch of the proof: Theorems h.l.ld and ll.l.ld show that the Lebesgue
measure is countably-additive. If we want to prove the Lebesque-Stiltjes mea-
sure is countably-additive, the proofs go almost verbatim except at one point.

Recall claim (2) in Theorem 1.1.15: “Suppose I C UyI;. Then [T <> Ikl

For a finite collection I; the proof is the same. For an infinite collection,
we slightly adapt the proof. Let I = (a,b]. We choose an arbitrary € > 0 and
consider the closed interval [a 4 £/2, b], the interval (a + ¢, b] and open intervals
(ag,bx + 0x), such that F(by + &) — F(by) < €27F). This can be done by
right-continuity of F(x).

The interval [a +¢/2,b] is a compact interval and hence every infinite open
cover of the interval contains a finite sub-cover. This sub-cover also covers
(a+e,b]. We can apply a finite case of (2) to this sub-cover chosen from intervals
(ak, b +6x), and find that F(b)— F(a+¢e) < Y20, (|[Ie]+e27%) = 307, [Ix] +e.
Taking the limit € — 0 on both sides and using again the right continuity of
F(z) gives the desired inequality.

1.1.4 Product measures and Kolmogorov’s extension the-
orem

.
Q)

@e now introduce product spaces and product o-algebras. Given (Q;, F;)
measurable sets indexed by i € I, let @ =[], Q; the space of sequences w =
(wl,wg, .. )

The product o-algebra F on 2 is the o-algebra generated by the algebra of
the cylinder sets A;, x ... x A;, where i; < ... <4, are arbitrary finite subsets
of index set I.

Example 1.1.19. We can define a o-field on R? as a product of Borel o-fields on
R. It can be thought of as an algebra generated by all rectangles I1 X ... x I;. It
turns out that it coincide with the Borel o-field on R?, that is, with the o-field
generated by all open sets of R?. (This is an easy exercise.)

We can also define the probability measure on the product space if the
probability measures P; on spaces (£;,F;) are given. We start by assigning
each cylinder measure P(A4;,) x ... xP(A4;, ) where i; <... < i,. We can check
that this measure is o- additive on the algebra of cylinder sets and then use
the Caratheodory theorem to show that the measure can be extended to a o-
additive measure on F. The proof of these statements is not trivial even for a
finite number of measure spaces and we are skipping some details here.

The construction for a finite collection of ) = R gives the Lebesgue measure
on R%,

For infinite collections there are additional difficulties, which can be over-
come for the case of Borel sets on {2 = R. One formulation of this result is the
Kolmogorov’s extension theorem. Here is a variant of this theorem.
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Let {P,} be a family of measures on B(R"™), where B(R™) is the Borel o -
field on R™ and call this family of measures consistent if P, 1(B x R) = P, (B).

Theorem 1.1.20 (Kolmogorov). Let P, n=1,2,... be a consistent family of
probability measures on B(R™). Then the exists a unique probability measure on
(R>, F =[[B(R)) that agrees with P,, an all cylinder sets that depend on the
first n coordinates.

Proof. The requirement of consistency guarantees that if we can take sufficiently
large number of indices to include all cylinder sets in a finite union or intersec-
tion. In particular, this ensures that we can properly define a finitely-additive
measure on the algebra of cylinder sets.

In order to show countable additivity, we can instead show that the measure
is continuous at the empty set. That is, if we have a decreasing sequence of
cylinder sets B,, such that B, — (), then P(B,,) — 0. Suppose on the contrary
that imP(B,,) = 6 > 0. Without loss of generality we can assume that B,, is
supported on the first n indices. We write B,, to denote the corresponding set
in R™.

The probability measures P,, on B(R™) have the property that for every B,
and a given § > 0, we can find a compact set A,, which approximates B,, well,
that is, A, C B,, and P, (B,\4,) < §/2"*1. We can extend this property from
R™ to cylinder sets supported on the first n coordinates in R>®. Let A,, denote
the cylinder sets corresponding to A,.

Then define C,, = NP_, A;. Note that C,, is also supported on the first
n coordinates and every C,, (restriction of C,, to the first n coordinates) is
compact. (This can be proved by induction.)

The benefit of C,, over A, is that it is a decreasing family of cylinder sets.
However, it still approximates B,, well,

B(B,\Ta) < 3 BB, \AL)
k=1

< iP(Ek\Zk) <6/2.
k=1

The first inequality holds because B,\C, = U(B\A), and the inequality in
the second line holds because By, is a decreasing family of sets.

Since by assumption P(B,,) > §, hence P(C,,) > §/2. In addition note that
C,, C B,, and therefore C,, — 0. The advantage of decreasing sets C,, over B,
is that the restriction of sets C, to the first n coordinates are compact.

Now choose a point (") in each of the cylinder sets C,,. This gives a sequence
of points (™ € R>®. Choose a subsequence (n;) such that the first coordinate
of (") converges to a limit x%. This is possible because C,, is decreasing,
hence z(") are all in C; and restriction of C; to the first coordinate, C, is
compact. Then choose a subsequence (n3) of the sequence (nq) such that the
second coordinate of 2("2) converged to a limit x%. This is possible for a similar
reason. Proceed further and consider the resulting sequence z* = (z7,z5,...).

11



By construction, (z%,...,2%) € C, and therefore 2* € C,, for every n. Hence
x* € NC,, = (), which gives the desired contradiction.
O

Similar to the previous theorem, the assumption of countable additivity in
the Caratheodory theorem can be checked for infinite products of probability
measures on finite sets, and on [0, 1]. However, it should be noted that it is not
automatically satisfied for arbitrary (€;, ;). Usually one requires additionally
that (Q;, F;) is a topological space with Borel-sigma algebra F and that every €;
is either compact or satisfy another appropriate condition which might involve
measures P;.

For example, it is enough if for every € > 0 there exists a compact set K;
with the measure P;(K;) > 1 —e.

1.1.5 Absolute continuity and singularity of measures

The same measure space (€2, F) can have several different probability measures.
A measure p is called absolutely continuous with respect to measure v, denoted
p < v if for each A € F, v(A) = 0 implies that p(A) = 0.

For example, consider the case when v is the Lebesgue measure on R and g
is the Lebesgue-Stieltjes measure corresponding to function F(x). Then if F(x)
is differentiable then one can show that p is absolutely continuous with respect
to v and, if we assume that we know how to integrate with respect to Lebesgue
measure, then one can show that pu(A) = [, F'(z)v(dx).

In contrast, suppose that F(z) is the step function: F(x) =0 for < a and
F(z) = 1 for > a. Then, the measure p is not absolutely continuous with
respect to Lebesgue measure, because p({a}) = 1, (i has an atom at a, and the
Lebesgue measure of a point is zero.

Two measures p and v are mutually singular, denoted by p 1 v, if we can
find two disjoint sets S, and S,, (supports of 1 and v) such that p(\S,) =0
and p(Q\S,) = 0.

For example, the atomic measure p above is singular with respect to the
Lebesgue measure v since we can choose S, = {a}, S, = R\{a}.

In general, a Lebesgue-Stieltjes measure is singular with respect to the
Lebesgue measure if F'(z) = 0 everywhere except on a set of measure zero.

An interesting fact about Lebesgue-Stieltjes measures is that they can be
singular even if the function F(z) is continuous. An example is given by the
Cantor staircase function which we will consider later.

An abstract form of the theorem about the representation of the absolutely-
continuous Lebesgue-Stieltjes measure through its derivative is the Radon-Nikodym
Theorem.

A real valued function f on a measure space (€2, F) is called measurable if for
any Borel set A, f~!(A) € F. (In fact it is enough to require that f~1(A) € F
for all open sets A.)

Theorem 1.1.21 (Radon-Nikodym). If u and v are two o-finite measures on
(Q, F), such that i1 < v then there exists a non-negative measurable f, called a

12



density, such that

w(a) = [ fav.

for all A € F. For two such densities, f and g, it is true that v({w : f(w) #
g(w)}) =0.

The density is called the Radon-Nikodym derivative of p with respect to v
and often denoted dp/dv.

1.2 Random Variables

1.2.1 Random variables as measurable functions

< 3,4
ﬁéet (Q,F) and (S,S) be two measurable spaces. A map X : & — S is

measurable or a random variable (concisely denoted r.v.) if the inverse image of
every measurable set is measurable.

X MA)={w: X(w)cAycFforall AcS

An indicator function an event F' € F is an example of a random variable
(measurable function) where S = {0,1} and S = {0, {0}, {1}, S} is the collection
of all subsets of S. The indicator function is defined as

lifweF
1 =
# () {Oifw¢F

A map from a topological space to another topological space is called Borel
measurable (or B-measurable) if it is measurable with respect to the Borel o-
algebras on these spaces. The continuous maps are obviously B-measurable.
However the class of B-measurable functions is significantly larger, since the pre-
images of the open sets are not required to be open, as in the case of continuous
functions, but only required to be Borel sets.

A map from R? to a topological space S is called Lebesgue measurable if the
pre-images of Borel sets are Lebesgue measurable.

The point of the definition of the Borel and Lebesgue measurable functions
is to ensure that the events {w: f(w) € A} have a well-defined probability for
sufficiently nice sets of elements in S, that is, for all Borel sets.

Theorem 1.2.1. If maps X1: (Q1,F1) — (Q2, F2) and Xa: (Q2, F2) — (Q3, F3)
are measurable, then their composition Xo o X1: (1,F1) — (Q3, F3) is also
measurable.
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In particular, the composition of Borel measurable functions is Borel mea-
surable. However, the composition of Lebesgue measurable functions is not
necessarily Lebesgue measurable.

Definition 1.2.2. The Cantor set C' C [0, 1] is defined by removing (1/3,2/3)
from [0, 1] and then iteratively removing the middle third of each interval that
remains.

Ezx. 1.2.3. The Cantor set C' is closed. The Lebesgue measure of C' is 0.

1

0.9
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0.1
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0 01 02 03 04 05 06 07 08 09 1

X

Ezample 1.2.4. Define the function F' by setting F'(x) =0 for z <0, F(z) =1
for x > 1, F(z) = 1/2 for « € [1/3,2/3], then F(z) = 1/4 for x € [1/9,2/9],
F(z) =3/4 for x € [7/9,8/9], and so on.

It can be checked that F'(x) is a non-decreasing continuous function, which
is called the Cantor-Lebesgue function or the Cantor staircase.

Let f:[0,1] — [0,1] be the Cantor-Lebesgue function restricted to the inter-
val [0,1]. This is a monotonic and continuous function, and the image f(C) of
the Cantor set C' is all of [0, 1]. Define g(z) = z+ f(z). Then g: [0,1] — [0, 2] is
a strictly monotonic and continuous map, so its inverse h = ¢! is continuous,
too.

Observe that g(C') has measure one in [0, 2]: this is because f is constant on
every interval in the complement of C', so g maps such an interval to an interval
of the same length. It follows that there is a non-Lebesgue measurable subset
A of g(C). (This is by Vitali’s theorem: a subset of R is a Lebesgue null set if
and only if all its subsets are Lebesgue measurable. So if all subsets of g(C) are
Lebesgue measurable, then g(C) has measure null, contradiction.)

Put B = g7'(A) C C. Then B is a Lebesgue measurable set as a subset
of the Lebesgue null set C, so the characteristic function 15 of B is Lebesgue
measurable.

The function k£ = 1g0h is the composition of the Lebesgue measurable func-
tion 1p and and the continuous function h, but k is not Lebesgue measurable,
since k~1(1) = (1g o h)~1(1) = h~Y(B) = g(B) = A.

14



1.2.2 Generation of o-algebras

(VL
&et (Xi,i € I) be a family of mappings of a set 2 into measurable spaces
(8;,8;), i € I. Here, I # ¢ is an arbitrary index set (i.c., possibly uncountable).

For every X; we can consider X, 1(&), the collection of inverse images for
all sets in S;. One can check that these collections are o-algebras.

Then the smallest o-algebra generated by X, 1(Si) is called the o-algebra
generated by (X;,i € I) and denoted by o(X;,i € I). We can also define it as
the smallest o-algebra on € with respect to which each X; is measurable.

Here is a theorem that illustrates how these definitions can be used to prove
measurability of functions of several variables.

Theorem 1.2.5. Suppose (Q,F), (5:,S;), and (T,T) are measurable spaces,
X;:Q— S;,i=1,...,n, are measurable maps, and f is a measurable map from
(S1,81) X ... %X (Sn,Sn) to (T, T). Then f(X1,Xa,...,Xn) is a measurable map
from (0, F) to (T, T).

Proof. In view of Theorem , it suffices to prove that the map X: Q —
S x...x 8, defined as w — (X1 (w), ..., Xn(w)), is measurable. To do this, we
observe that the o - algebra on the product space S x ... x S is generated by
products Ay X ... x A,, where Aq,..., A, € S. Then,

{(Xed x...xA}=[{{X;c A} eF,
1=1

and therefore X is measurable. O

1.2.3 Distributions

O@ﬁf X is areal r.v. defined on some probability space (£2, F,P), then X induces

a probability measure on (R, B) called its distribution measure. By definition,
w(B) = P(X € B) = P(X"!(B)), as a function of Borel sets B of R . To
show that p is a probability measure one needs to check countable-additivity.
However, it is simply inherited from the probability space (2, F,P). Namely for
disjoint B;’s,

(Ui By) = P[X 1 (U; By)]
=P(U; X '(By)) = ZP(X_l(Bz‘)) = Zu(Bz‘)

The distribution of a r.v. X can described by its cumulative distribution
function (cdf), F(z) = P(X < x).

15



Theorem 1.2.6. A cdf F' of every probability measure on R has the following
properties:

1. F is a non-decreasing function of x.
2. limy; 00 F(2) =1 and lim,, o, F(x) =0

3. F is right continous, i.e., limy . F(y) = F(x)

Proof. Refer to Theorem 1.1. in Durrett on page 4. O

Theorem 1.2.7. If F satisfies the properties of Theorem , then it is the
distribution function of a random variable that takes values in R.

This theorem is one of simplest examples when a random variable is con-
structed from a distribution function.

In addition, this theorem gives (in a sense) a new proof that the Lebesgue-
Stieltjes measure on R build from a right-continuous non-decreasing function
is countably-additive. Now this Lebesgue-Stieltjes measure arises as the dis-
tribution measure of the random variable constructed in the theorem. (More
precisely, the theorem implies that a right-continuous non-decreasing function
F(z), with some-additional constraints on its behavior on infinity, defines a
(Lebesgue-Stieltjes) countably-additive probability measure on R.) The down-
side is that this proof is more complicated than the proof we described above.

AF

Vo

. X(w)

Figure 1.2: Construction of a r.v. with a given CDF

Proof. We are following Durrett’s book here. Let F': R — [0, 1] have properties
1,2,3 in Theorem . We will construct a random variable defined on (2 =
(0,1],7,00],P) = ((0,1],B((0,1]),P), where P denotes the Lebesgue measure,
and show that it has the distribution function F.

The idea of the following proof is that for every w € (0,1], we trying to
define X (w) as the inverse of the function F'(x). This is not always possible so
we do it in a sophisticated way.

Note that the set {y : F(y) < w} is always an open interval of the form
(—oo,a). It is open because otherwise we would have a sequence {ay} with
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ap |} a such that F(ax) > w and F(a) < w and this would contradict right
continuity.
We define X (w) = «, or more formally.

X(w) =sup{y: F(y) < w}.

One needs to check the measurability of this function, that is, the fact that the
inverse image of every Borel set is Borel. However, we refer to Durrett for this
proof.

Then, note that if we manage to show that the following sets are equal,

{w: X(w)<z}={w:w< F(x)}

then the definitions of the distribution function and the Lebesgue measur imply
that

Fx(z) =Plw: X(w) <z)=Pw:w< F(x)) = F(x).

To check the set equality above, observe that w < F(z) means tautologically
that x is outside of the the set {y : F(y) < w} which means that x > o = X (w).

On the other hand, if w > F(z), then since F is right continuous, there is
an € > 0 so that it is still w > F(z + €) which means that x 4 ¢ is in the set
{y : F(y) < w}. It follows that x is strictly less than the supremum of this set,
X (w), that is X(w) > x + € > x. This completes the proof of the set equality
stated above and therefore completes the proof of the theorem. O

Having proved the existence of a r.v. X with distribution function F', the
uniqueness can be checked easily by the 7 — A theorem.

Ezample 1.2.8 (Singular measures).

Recall the Cantor staircase function F(z) from Example 1.2.4. Since this
function is continuous and non-decreasing, it is clear that it is a valid distribution
function.

From the definition, we see that dF/dxz = 0 for every x in the complement
of C'. As the Lebesgue measure of C' is zero, we see that the derivative of F' is
zero except on a set of zero Lebesgue measure. Such distribution functions are
called Lebesgue singular distribution functions and the corresponding measures
are called singular measures.

In particular, there is no function f for which F(z) = [ f(t)dt holds.

Even discrete distribution functions can be quite complex.

Ezample 1.2.9 (Distribution function with a dense subset of discontinuities).

Let ¢q1,q2, ... be an enumeration of the rational numbers and set
o0
F(.’IJ) = Z 2_11[%’00)(.%‘).
i=1
Clearly, such F' is non- decreasing, with limits 0 and 1 as x — —oco and = — oo,
respectively. It is not hard to check that F' is also right continuous, hence

a distribution function, whereas by construction F is discontinuous at each
rational number.

17



1.2.4 Expected value

z ‘9/4
Mget (Q, F,P) be a probability space.

Definition 1.2.10. Let X : Q — R be a B-measurable random variable. The
expected value of X is defined by

E(X) ::/QXdIP’:/QX(oJ)IP’(dw) (1.1)

The integral is defined as in Lebesgue integration, whenever [, |X|dP < oc.

Theorem 1.2.11 (Existence of the integral for nonnegative r.r.v.). Let (Q, F,P)
be a probability space. There is a unique functional E : X — E(X) € [0, 00| such
that

E(14) = PA), VAeF
E(cX) = cE(X), Ve¢>0,X>0
EX+Y) = EX)+EY), YX,Y>0

X<Y = EX)<EY)
X, +X = E(X,)1EX)

/\/—\AA/—\
—_ = = e e
DD O s W N
NSNS N NN

Sketch of Proof. From these desired properties, we see immediately how to de-
fine E(X). The procedure is well known from Lebesgue integration. First extend
E from indicators to simple r.v.’s by linearity, then to positive r.v.’s by continuity
from below, and finally check that everything is consistent.

Step 1: Simple random variables

Check that if X =Y | ¢;14, is a simple random variable, then
E(X) =) eP(A) (17)
i=1

works. Verify that E is well defined, etc.

Step 2: Nonnegative random variables

Now use (@) to extend E for general X > 0. We know that there exists
an increasing sequence X, of simple r.v. with X,, T X. Now see that
E(X,) 1 (by monotonicity of E). Define

E(X) = lim E(X,) (1.8)

n—oo

Verify again that E(X) is well defined.

Remark: Note that E(X) = +oco is possible even if P(X < c0) = 1. As
an example look at G which is a geometricr.v., i.e. P(G=g) =279,V g=
1,2,3,... Note that P(G < c0) = 1, but E(2¢) = 37 29279 = .
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Step 3: Signed random variables
Write X as X = XT—X~, where Xt := max(X,0) and X~ := —min(X,0).
Define E(X) as follows
E(X)=E(XT)-E(X") (1.9)

provided this expression is not oo — co. Such X are quasi-integrable. X is
integrable if E(|X|) < oo.

O

1.2.5 Independence

@Wo sub-algebras F; and Fy of the o-algebra F in a probability space
(Q, F,P) are independent if for every A1 € F; and Ay € Fo, P(A1 N Ag) =
P(A1)P(As).

Random variables X7 and X5 on the same probability space, are independent
if the o-algebras that they generate are independent. That means that for every
Borel sets B; and By ]P(Xl € Bl,XQ € BQ) = P(Xl € Bl)]P(XQ S Bg)

In fact it is usually sufficient to check it for a subclass of Borel sets, for
example for intervals (—oo, a.

We can extend this definition to a collection of n > 2 random variables and
even to infinite collections of random variables. In particular, for an infinite se-
quence of real-valued random variables, X1, Xo, ..., the cumulative distribution
function is defined as

Fx,(z) = P(X; < z).

The random variables X1, Xo,..., are called independent, if

i=1 =1

for all n > 1 and all choices of (z1,...,z,) € R", .
FEzample 1.2.12. Consider

Fi(z) = /j Ji(y)dy

where f; is the density of X;. Then, the joint law of independent random
variables X1,..., X, on R™ has the density

ha) = [ fila)
=1

with respect to Lebesgue measure dxy dzs ... dx,.

Theorem 1.2.13. If X and Y are independent and E(|X|) < oo, E(]Y]) < o0
then E(XY) = E(X)E(Y).

This can be proved by using the Fubini theorem.
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1.2.6 Kolmogorov’s 0-1 Law

5@uppose that X7, Xo, ... are independent random variables (not necessarily

real valued). Let F, = 0(X,, Xp41,-..) be the future after time n, that is, the
smallest o-field with respect to which all the X,,,, m > n, are measurable. Let
T =N, F,, = be the “remote future”, or the tail o—field.

Ezample 1.2.14. {w : S, (w) converges} € T.

Theorem 1.2.15 (Kolmogorov’s 0-1 Law). If X1, Xs,... are independent and
AeT thenP(A) =0 or 1.

We will only sketch the proof. For details, see textbooks.

Proof. The idea is to show that A is independent of itself, that is, P(AN A) =
P(A)P(A), so P(A) = P(A)?, and hence P(A) = 0 or 1. We will prove this in
two steps:

(a) A€ o(Xy,...,Xg) and B € 0(Xp+1, Xk+2,...) are independent.

Proof of (a): If B € 0(Xg41,...,Xky;) for some j, this is more or less
evident. Passing to the limit j — oo needs a justifucation which can be found
in a textbook.

(b) A€ o(X1,Xs,...)and B € T are independent.

Proof of (b): Since T C 0(Xk+41, Xpt2,...), if A € 0(Xq,...,X) for some
k, this follows from (a). Passing to the limit £ — oo needs a justification that
can be found in a textbook.

Since T C o(X71, Xa,...), (b) implies that A € T is independent of itself and
the theorem follows.

O
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ZERO!
JUST WHAT

1 THOUGHT.

Figure 1.3: Everything is conditional

1.3 Conditional Probability & Expectation

1.3.1 Motivation

Pyalculating conditional probabilities might lead to paradoxes if we are not
careful. This is illustrated by the following example.

Ezxample 1.3.1. Suppose the random variables X and Y have the joint density

function
dry, ifz€l0,1],y €[0,1],

0, otherwise.

fXY(ﬂ%y) Z{

Find the conditional density of X given that ¥ = X.
As we will see later, the ambiguity here is created by the condition Y = X.
Consider two different approaches to this problem.
Solution 1.
Let U =X and V =Y — X. Our goal is to find the conditional density of
U given that V = 0.
First, we find the joint density of U and V. We have

fov(u,v) = fxy (z,y)| I
where J is the jacobian of the transformation,

1 0

J:‘—l 1

-

Therefore, fuy(u,v) =4u(u+v),for 0 <u <1, —u<v < —u+ 1.
The marginal density of V for —1 < v < 0 is

fv(v) = 4/ (u? + uv) du

—v

= 2(1 +v)%(2 —v).
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For 0 < v < 1,

fr(v) = 4/0 _v(u2 + wv)du

- g(v —1)2(2+0).

Using either probability density we have fi(0) = 4/3. Therefore,

fov(ulv =0) = fo‘;((%’)()) = 3u? = 32°.

Hence,

FX]Y = X) = 322

Solution 2. Take U = X and W = Y /X. Now, the goal is to find
fU\W(uaw = 1)

We calculate the Jacobian of the transformation as J = 1/z and fyw (u, w) =
Ixy(x,y)|J| 7! = 4udw for 0 < w < 1 and 0 < w < 1/u. The marginal density
of Wis fiy(w) = w for 0 < w < 1 and fy (w) = 1/w? for w > 1. In both cases,

fw(1) =1
Therefore,
1
dfuyw (ulw =1) = fow(w,1) = 4u® = 423,
Jw)
Hence,

FX]Y = X) = 4a3,

which is clearly different from our previous answer.

How can we explain this paradox?

The reason behind it is that the set {Y = X} has zero measure and therefore
we cannot apply the usual formula

fx(x|B)dx =

In order to make sense, we have to approximate the set {Y = X} by measurable
sets with positive probability. Now, the main problem is that we are not given
a o-algebra G from which we can take the approximating sets. We can choose
G =0(Y —X) or Gy =0(Y/X). which consist of the unions of the level sets
of the functions Y — X and Y /X respectively. Then these two approximations
are different and it turns out that the conditional densities with respect to these
two o-algebras are different too.
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1.3.2 Definition of conditional expectation

Q)
@e present the definition of conditional expectation due to Kolmogorov
(1933).

Definition 1.3.2. Given the probability space (2, F,P), some sub-o-field G C
F, and a random variable X € £!(F) (meaning that X is F-measurable and
E|X| < o), the conditional expectation of X given G is the (almost surely
unique) random variable X such that

i. Xe L1(G) that is, X is G-measurable; and

ii. E(X1g) = E(X1¢) for all G € G: that is, X integrates like X over all
G-sets.

The random variable X is denoted by E(X|G).
The conditional expectation can also be defined for non-negative random
variables even if they have infinite expectation.

Theorem 1.3.3. The conditional expectation E(X|G) is unique up to almost
sure equivalence.

Proof. Suppose that two random variables X, and X, are candidates for the
conditional expectation E(X|G). Let Y := X; — X5. So we have Y € L'(G) and
E(Y1lg) =0VG €gG.
In particular, if we take G = {Y > e}, then E(Y1lys.) = 0. Since
E(Y1lyse) > eP(Y > €), we conclude that P(Y > ¢) = 0 for every € > 0.
Interchanging the roles of X7 and X, we have P(Y < —e¢) = 0. And since ¢
is arbitrary, P(Y = 0) = 1. O

Theorem 1.3.4. The conditional expectation E(X|G) exists for all F measur-
able functions with finite expectation.

The conditional expectation also exists for non-negative F-measurable func-
tions even if their expectation is infinite, but in this case this function can
sometime take value +oo.

We are not going to prove this theorem from the basic principles but rather
point out that it is a consequence of results from either the measure theory or
the theory of Hilbert spaces.

Measure theory proof.

Proof of the existence of conditional expectation via Radon-Nikodym Theorem.
Assume first that X > 0 and define the measure @ on [{2, G|, so that for every
Ceqg,

Q(C) = /CXdP _ E(X10)
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This is a finite measure because E|X| < oco. Note that @ is absolutely
continuous with respect to P, if we consider P as a measure on (2,G). Indeed
if P(C) = 0, then we can approximate X by bounded functions X,, and use
the dominated convergence theorem to find that

Q) = / XdP = lim X,dP = 0.
C n—oo C
Then the Radon-Nikodym theorem is applicable and it implies the existence
of the density X =dQ /dP which has all the properties of the conditional ex-
pectation X = E(X|G).
For general X we can employ E(X1|G) — E(X~|G). O

[See Durrett for a full proof]

Hilbert space method.

This gives a nice geometric picture for the case when Y € £2(2,P). The
proof is based on the following two results from the theory of Hilbert spaces.

Lemma 1.3.5. Every nonempty, closed, conver set E in a Hilbert space H
contains a unique element of smallest norm.

Lemma 1.3.6 (Existence of Projections in Hilbert Space). Given a closed sub-
space K of a Hilbert space H and element x € H, there exists a decomposition
x=y+z wherey € K and z € K+ (the orthogonal complement).

(See Rudin 87 (p.79) for a full discussion of Lemma )

Existence of conditional expectation via Hilbert space projections. Suppose Y €
L£2(Q, F,P). Requirement (%) demands that for all X X € £3(Q,G,P),

]E((Y - E(Y|g))X) —0

which has the geometric interpretation of requiring Y —E(Y|G) to be orthogonal
to the subspace £2(Q2,G,P). Requirement (i) says that E(Y|G) € L2(G).

So E(Y|G) is the orthogonal projection of Y onto the closed subspace £2(2,G, P).
The lemma above shows that such a projection is well defined.

The rest of the proof, which we omit, is concerned with extending the result
from £? -spaces (the random variables with finite 2nd moment) to £! spaces. O
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WHOA! WE SHOULD GET INSIDE!

ITS oKAY! LIGHTNING ONLY KILLS
ABOUT Y5 AMERICANS A YEAR, SO
THE CHANCES OF DYING ARE ONLY
OME IN 7000000. LETS GO ON!

THE ANNUAL DEATH RATE AMONG PEORLE
WHO KNOW THAT STATISTIC 1S ONE IN SIX.

Figure 1.4: More about conditional probability

1.3.3 Properties of conditional expectation

ﬁ@e record some basic properties of E(:|G) as an operator, X — E(X|G):

©C

1. Positivity: Y > 0= E(Y|G) >0

2. Linearity: E(aX +0Y|G) = aE(X|G) + VE(Y|G)

3. E(:|G) is a projection: E(E(X|G)|G) = E(X|G)

4. E(-|G) is continuous with norm 1 in £P(Q, F,P) spaces for p > 1:
IE(X1G) o < X115

and
X, — X implies E(X,|G) — E(X|G)

5. Tower property. If H C G, then: E(]E(X|g)|’H) =E(X|H).

6. f Y € G and E|XY| < 00, then E(XY|G) = E(X|G)Y.
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7. E(-|G) respects monotone convergence:

0 < X, T X implies E(X,,|G) 1 E(X|G)

8. If ¢ is convex and E|p(X)| < oo then a conditional form of Jensen’s
inequality holds: @(E(X|g)) < E(go(X)|g).

9. E(-|G) is an orthogonal projection in £2: E((X—X)Z) = 0 for X = E(X|G)
and all Z € L?(Q,G,P).

10. Repeated Conditioning: for Go C G1 C ..., Goo = o(UG;) and X €
LP(Q, F,P) with p > 1,

E(X]Gn) == E(X|Ge)

E(X|Gn) — E(X|Gsc)

1.3.4 Conditioning on Random Variables

~

¢ eturning to the example in Section , note that if we use the o-algebra
generated by the event {Y = X}, then the conditional expectation is not defined
uniquely. The reason is that this event has zero probability and the uniqueness
holds only up to sets of measure zero.

However, we were able to calculate the conditional density after we refor-
mulated the problem and used a richer o-algebra. This o-algebra allowed us to
approximate the sets with zero probability. In this section we talk more about
the concept of conditional densities and, more generally, about the concept of
conditional distributions.

If X and Y are two random variables then we use notation E(Y'|X) to denote
E(Y'|G) where G is the o-algebra generated by X.

It is very useful to be able to write formulas like

EWW:@:/WMww

where f(y|z) denoted the conditional density. It would be useful to define this
concept with more rigour.

Definition 1.3.7. Let (S,S) and (7,7) be two measure spaces. A Markov
kernel from (S,8) to (T,7T) is a collection of probability measures Ps on (T, 7)
indexed by a parameter s € S. It is supposed to satisfy the measurability
condition: for each A € T, s — Ps(A) is measurable relative to S.

Ezxample 1.3.8. In statistics literature, 6 € © is a parameter and Py is a family
of probability measures on a measurable space of “data”: (X, X).
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Definition 1.3.9. Let X : Q+— S and Y : Q@ — T be to random variables on
(2, F,P). Then a regular conditional distribution for Y given X is a Markov
kernel P, such that the joint distribution of (X,Y") has the property

P(X € A,Y € B) :/ P,(B)P(X € dx)
A

The regular conditional distributions allows us to calculate the conditional
expectations in a straightforward way:

BYIX =)= [ yPu(dy).

The regular conditional distributions usually but not always exist. We will
not go in details of this.

Ezample 1.3.10 (If joint density exists).

If X, Y have density f(z,y) relative to dz, dy for some reference measures
dx on (S,8) and dy on (T,T), then

f(z,y)
(dy) (@)
where fx is the marginal density of X.
Ezample 1.3.11 (Discrete conditional probability distribution).

A point (X,Y) is picked proportional to length measure on the perimeter
of an equilateral triangle with vertices (0,0), (1,0) and (2, @) What is the
conditional distribution of Y given X = z?

First, observe that X is uniform on [0,1] and Y ~ 1 - 6o + 2 - 1[0, f]

For0 <z < 1 the only possible values of Y cons1stent with X =zarey =20

ory = V3z. Thus
0

—_

<z<3)
<3)
More generally, choose ¢ > 0 and 0 < & < 1/2 —e. Then, it is not difficult to
convince yourself by calculating lengths of intervals that

N[

P(Y >0, 2
< =2
P(Y >000<z< )= FO<z 3

pol=[col=

PY>0z<X<zxz+4e) 2
PY >0z<X<z+4+e¢)= Pa<X<zte) =3

and therefore

P(Y:0|$<X<l‘+€)=§

By taking the limit ¢ — 0, for 0 < z < %, the conditional distribution is

1 2
P£:§50+§§\/§17
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where 0, denotes the atomic probability measure concentrated at a. A similar
calculation can also be done for % <z <l.

The conditional densities and distributions can also be helpful to calculate
the marginal densities. If the marginal density of X and the conditional density
of Y given X are known, then the marginal density of Y can be calculated as

fY(’y)dy:/fy|x(y\x)fx(x)dx.

8 MAZIE ANDEZSON WM ANDEETOONS.COM
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PRINCIPAL

1

"I wish we hadn't learned probability
‘cause I don't think our odds are good.”

Figure 1.5: Bleak future for probabilists
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Chapter 2

Convergence

2.1 Weak Law of Large Numbers

¢ ~ ~
dhe Weak Law of Large Numbers is a statement about sums of indepen-

dent random variables. Before we state the WLLN, it is necessary to define
convergence in probability.

Definition 2.1.1. Given a sequence of r.v’s Y,, defined on a probability space
(Q, F,P), say Yy, converges in probability to Y, Y, 5 Y,ifYisar.v.on (Q,F),
and for all € > 0,

'rr}gnooP“Yn -Y|>¢ =0.

Theorem 2.1.2 (Weak Law of Large Numbers). Let X, X1, Xo,... be a se-
quence of i.i.d. random variables with E|X| < oo and define S, = X1 + Xa +
-+ + X,,. Then

S,

= 5 FEX.

n
Proof. In this proof, we employ the common strategy of first proving the result
under an L? condition (i.e. assuming that the second moment is finite), and
then using truncation to get rid of the extraneous moment condition.

First, we assume EX? < co. By independence of X;,

n n n

n 1 X
Var <S> = > Var(X,) = Var(X)
i=1
By Chebychev’s inequality, V € > 0,

P (‘S" —EX‘ > e) < 4 Var (S") _ V)
n € n

ne2

Thus, % —» EX under the finite second moment condition. To transition
from L? to L', we use truncation. For 0 < = < oo let
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Xok = Xil(1x,)<a)
Yor = Xel(x, >0

Then, we have X = X, + Y and

S, 1 1 —
o a2 Kt oD Yo
k=1 k=1

By monotonicity of expectation, we have

1 n
E;Yrk

where the last convergence can be shown by using the dominated convergence
theorem.
Fix 1 > € > 0 and choose x such that

E

1 n
= E};Enfrﬂ = E(|X|]1(|X\>g;)) —0, = — o0,

E (|X|ﬂ(‘x|>z)) = E|Y;1] < €2
Let p, = E(X,1) and p = E(X). Then, we also have

e = < |E(Yar)| < € <e.

Let By, = {|Upn — ptz| > €} and C,, = {|Vin| > €}. Noting that F(X2,) <

x2 < oo, we can apply the Weak Law of Large Numbers to U,,. Thus, we

choose N > 0 such that Vn > N,
P(B,) =P(|Uny — | > €) < e.
Now, by Markov’s inequality, we also have
< E|V| < E|Ya]| <
< < <e
€ €

But on BENCE = (B, UCy)°, we have |Uyp — pa| < € and |Vin| < €, and
therefore

P(C,y) = P(|[Van| > €)

S,

Thus, Vn > N,

STLEX‘ >3E) <P(B,UC,) < 2e.

J(E
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2.2 Strong Law of Large Numbers

2.2.1 Almost Sure Convergence

(%ere our goal is to show that the law of large number holds with respect

to a stronger concept of convergence, the almost sure convergence of random
variables.

First, we show some preliminary results that show that it makes sense to
say that a sequence of random variables converges with probability 1.

This can be done in several ways. If we are considering the real-valued
random variables, then we can use the fact that R is linearly ordered and the
convergence of a sequence x,, is equivalent to the statement that the lim sup z,,
and liminfz, are equal.

Theorem 2.2.1. If X1, Xo, ... are measurable real-valued functions on (Q, F),
then inf X,,, sup X,, liminf X,,, and limsup X,, are also measurable.

Proof. We only need to prove that the pre-images of the sets (—oo, a) are mea-
surable. First,

{infX,, < a} = U{X” <a},

which is a measurable set.

Similarly,
{liminf X,, < a} = ﬂ U {X, <a},
m n>m
which is also measurable.
The argument for sup X,, and lim sup X,, proceed in the same way. O

Difference of measurable functions is measurable. Hence limsup,, . X, —
liminf,,_,,. X,, is a random variable. Hence,

n—roo

Oy = {w : lim X, exists } = {w :limsup X,, — liminf X, = 0}
n—oo n—oo

is a measurable set and its probability is well defined.

Definition 2.2.2. If X, (w) converges for almost all w, i.e., P(2g) = 1, we say
that X, converges almost surely (a.s.) to X = liminf,_, . X,.

It is also said that X,,(w) converges almost everywhere (a.e.) or with proba-
bility 1. The notation is X, — X.

Note that in general we consider two random variables as equivalent (“equal
in a wide sense”), if they differ only on the set of measure 0. So we could take
limsup,, ., X, instead of liminf,, ,. X,in the definition of the almost sure
convergence.

The second way is more general and works for random variables X, that take
values in a metric space S. In this case we start with the distribution measures
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tx, on S, [x, x, on 52 = 5 x S, and generally, wx,,..x,onS"=58x...x5.
By the Kolmogorov extension theorem, one can define a measure j1,, on S°°, the
space of infinite sequences. Recall that a sequence © = (z1, z2, . ..) is convergent
to a if it belongs to the set

So we say that a sequence of random variables X,, almost surely converges
to a limit a if peo(A) = 1.

Question: What is the difference between almost sure convergence and con-
vergence in probability? Is any of them implies the other one?

It is a theorem that almost sure convergence implies convergence in proba-
bility. (See Appendix for a proof.) However the converse is not true, and there
are sequences of random variables that converge in probability but not almost
surely.

Ezample 2.2.3 (Moving blip).

On Q = [0,1] with Borel o-algebra and Lebesgue measure, define X, (w) =
L(z, ..1)(w) where the interval (z,,z,41) is wrapped around the unit circle.
Let x,, be any sequence such that x,, grows monotonically — oo and x,41 —
T, =0 (eg z, =141+ +1( mod1), or z, = logn( mod 1)). Then
P(|X,| > €) = xp41 — xp, — 0 for any fixed ¢ > 0 and therefore X, —5 0, but
for any w and arbitrary N we can find n > N so that X,,(w) = 1. Hence for all
w the sequence X,, does not converge to 0 (or any other value). In particular,
X, does not converge to 0 almost surely.

2.2.2 Borel-Cantelli Lemmas

@ur target will be to prove that S, /n converges to EX not only in proba-

biﬁicy but also almost surely, so we are going to develop tools for establishing
almost sure convergence.

First, note that the convergence of a sequence x,, to a limit £ means that
for every open interval I around x, the sequence x,, will be outside the interval
for only a finite number of times. Hence, we are interested in calculating the
probability that an event X,, € I happens only a finite number of times. This
calculation can be done by using the Borel - Cantelli lemmas.

Let us introduce some notation. Let A, be a sequence of events. Then we
can define a new event {A, i.0.},

{4, i.0.} =limsup A, = lim A,
m— o0

-AU 4

m n>m

n>m
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In words, {A, i.0.} consists of outcomes w that are in infinitely many A,
that is, they repeat infinitely often.

Similarly, we define {4, ev.} as the set of outcomes w, which are in all A,
except for a finitely many n. Here “ev.” stands for eventually.

Formally,

{A,ev.} =liminf A, = lim ﬂ A,

-Un A

n>m
m n>m
Of course, {A, ev.} C {4,1.0.}, and
P(A, ev.) <P(A, i.0.)

Recall that for real valued random variables X,, and X,

{X, =2 X} ={w: Xp(w) = X(w)}
={w:Ve>0,|X,(w) — X(w)| < e eventually}
Thus,

X, 5 X ©P{w:Ve>0,]X,(w) — X(w)] <€ eventually} =1
SVe>0, P(IX, — X|<eev.)=1
& Ve> 0, P(|X, — X|>€i0)=0
(The if and only if statement in the second line of this display holds because
the event in the first line is the intersection of the events in the second line, and
the intersection can be made countable by taking only rational e.)
Let the event A, := {|X,, — X| > €}. Then, we are motivated to find useful
conditions for P(A4,, i.0.) = 0.
Recall that {A, i.0.} =, Unsn Am-
Theorem 2.2.4 (Borel-Cantelli Lemmas). Let (2, F,P) be a probability space
and let (A,,) be a sequence of events in F. Then,

1. If Y, P(Ay) < o0, then P(A, i.0.) = 0.

2. If >, P(A,) = oo and A, are independent, then P(A, i.0.) = 1.

[In the following we will mostly use BCL(1), however BCL(2) is also some-
times useful and it should be noted that there are some substitutes for indepen-
dence in BCL(2).]

Proof. (Of BCL I)
P(A, i.0.) = lim P(Up>mdn)
m— o0 -

< mlgmoo g P(A,) = 0 since leP(An) < 00.
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Proof. (Of BCL II) Assume that ¥P(A,,) = oo and the A,’s are independent.
We will show that P(AS ev.) = 0, which implies that P(A,, i.0.) = 1.

P(A5 ev.) = lim P(Np>ndy,) = lim 1;[ P(AS,) (2.1)
= lim_ 1:[ (1-P(Ap) < lim 1:[ exp (—P(An)) (2.2)

= nh_}n;o exp | — ; P(A,,) ]| =0
since Y P(A,,) = oo, for every n.
For (R.1f), we used the following fact (due to the independence of A,,):

P(Nmzndy,) = lm P(Ou<menAf,) = lim II P =] PAs)
n<m<N n<m
For (@), 1 —z < exp(—x) was used. O

Here is an example that the assumption of independence in BCL(2) is essen-
tial. Consider the space @ = (0, 1] with the o-algebra B of Borel subsets, and
the Lebesgue measure as P. The events A, = (0,1/n] € B. Then, P(4,) = 1/n,
STP(A,) = oo, but P(A, i.0.) =P(0) = 0.

Example 2.2.5. Consider random walk in Z?, where Sy =0, S,, = X1+ -+ X,,,
forn =1,---, and X; are i.i.d. variables in Z¢. In the simplest case, each X;
has uniform distribution on 2¢ possible & vectors. For example, if d = 3, we
have 23 = 8 neighbors

(+1,41,41)

(_17 _1a _1)
Note that each coordinate of \S,, does a simple coin-tossing walk independently.
It is true that

. v _ [ 1 ifd=1or2 (recurrent),
P(Sn =010) = { 0 ifd>3 (transient), (2.3)
and we can prove the transiency by using the Borel-Cantelli lemma.

Proof of Transience for d > 3. Let us start with d = 1, then P(Ss,11 =0) =0
and

P(Sn = 0) = P(n “+1” and n “~1” among X.,) (2.4)
2n
_ 9—2n 2.5
( " ) (2.5)
i as n — oo (2 6)
Vn ' '
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where we used the independence of X,, and the Stirling formula to approximate
the binomial coefficient.

Since the coordinates of S5, are independent for a fixed n, we have more
generally

ip(snzoui(\/cﬁy:{/lﬁz zz;,im (2.7)

n=0 n=0
Thus, for d > 3, " P(S2, = 0) < 00, and (BC I) implies transiency. O
We cannot use this method to prove recurrency for d < 2, since the events
Sa, = 0 are dependent. The recurrency in this case is proved by other methods,

which allow one to handle the events that are dependent in a certain controlled
way. Usually, this is done by tools from the theory of Markov chains.

2.2.3 SLLN with with finite 4-th moment

0

hhe following is a version of the Law of Large Numbers, in which the con-
vergence holds almost surely.

Theorem 2.2.6. If Xy, .., X,, .., is a sequence of independent identically
distributed random variables with E|X;|* = C' < oo, then

n Xi4+...+ X,
lim 2% — im 2T A gy
n—oo n n— 00 n
with probability 1.

Proof. We can assume without loss of generality that E[X;] = 0 . Otherwise,
just take ¥; = X; — E[X;].
A simple calculation shows

E[(S,)*] = nE[(X1)*] + 3n(n — DE[(X1)?]? < nC + 3n%c?,

and by applying a Chebychev type inequality using fourth moments,
C + 3n20*
P[22 > 5] = B[S, 4 > (nd)}] < 22T
22 2> 0] = PS> ()] <
Hence,
Sop |l <o
n=1 n

and we can now apply the Borel-Cantelli Lemma (BC I) to conclude that these
events will happen only finitely many times. O
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The weak convergence of S,,/n holds whenever i.i.d X, have finite mean.
The result about strong convergence of S, /n in Theorem @ assumes that
the fourth moment of X; exists. Can this assumption be weakened?

The method we used relied on the existence of the fourth moment. If we
will try to repeat it with the second moment instead of the fourth, then we find

that

|50l

C
]P’[n

né2’

> 0] = P[|Sn|? > (nd)?] <

and the sum of the probabilities does not converge.

On the other hand, if we consider partial sums S,,2 instead of S,,, we would

find that
C

n262’
Hence the subsequence S,2/n? converges almost surely to 0.

After some reflection, one can notice that it is possible to extract the almost
surely convergent subsequence from any given subsequence of S,,/n.

This gives some hope that it is possible to prove the Strong Law of Large
Numbers using the following theorem.

P > 5] — Bis,af7 > (n29)?] <

Theorem 2.2.7. Lety,, n=1,2,..., be a sequence of elements of a topological
space. If every subsequence y.,, {m} = A C N has a further subsequence y,
{l} C A that converges to y, then y, — y.

Proof. If y, - y then there is an open set G containing y and a subsequence
Yn,, With y, ¢ G for all m. But then clearly no subsequence of y,,, converges
to y. O

Unfortunately, this method does not work since one can show the following
result.

Lemma 2.2.8. X,, —s X if and only if for every subsequence X, there exists
a further subsequence Xn,,, that converges almost surely to X.

We will prove only forward direction.

Proof of forward direction: If X,, — X then there exists €, | 0 such that
> w P(|Xn, — X| > €e) < 0o. For example, we can take €, = 1/k and choose ny,
so that P(|X,,, — X| > 1/k) < 1/2%.

Then, ), P(|X,, — X| > e;) < 0o, and by BCL I we can conclude that X,,, —
X as. O

This result implies that almost sure convergence of random variables does
not come from a topology on the space of random variables.
Indeed, if it were, then Lemma @ and Theorem P.2.7 would jointly imply
that every sequence, which converges in probability, also converges almost surely.
However, we know that this is not_true.
To summarize, the Theorem does not seem to be helpful for proving
Strong Law of Large numbers under weaker conditions. In fact, Kolmogorov
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has found an ingenious way to use the convergence of subsequences to prove
the Strong Law of Large Numbers under the assumption of the finite second
moment. This argument can be found in Appendix.

However, there is another, even more powerful method which shows that the
existence of the first moment is sufficient for the validity of strong law of large
numbers. This method is due to Kolmogorov and Khinchin.

2.2.4 Kolmogorov’s SLLN

Y3an one prove the SLLN under the same assumptions as in the WLLN, —

identically distributed random variables X; with finite mean? Surprisingly, the
answer is “yes”. The proof introduces a new important idea that the convergence
of averages is closely related to the convergence of certain series. However, even
with this idea in mind, the proof works as a bit of magic.

Theorem 2.2.9 (Kolmogorov’s SLLN). Let X1, Xo, ... be i.i.d. with E|X;| <
00, EX; =0, and let S, = X1 + ... + X,,. Then Sy, /n — 0 with probability 1 as
n — oo.

The plan of the proof is as follows: by truncation and centering we will
introduce a new sequence of random variables Y; which are independent although
not identically distributed. These new random variables will have zero mean
and the following properties:

1. n7t Dy }/}Z converges a.s. if and only if n=! > X, converges a.s.;

2. If these two series converge they converge to the same limit, and

3. The series 377 | VarY/k? < oo.
Then we apply another of the great Kolmogorov’s theorems, that say that the
convergence of series Y ;- | VarYy/ k2 implies the almost sure convergence of the

series > oo, Y /k. The we will use a classical lemma by Kronecker that says the

the convergences of these series implies that the sequence n=1>7_, ?k — 0,
and we are done.

We will need two lemmas that relate convergence of averages to convergence
of sequences and series.

Lemma 2.2.10 (Toeplitz). Suppose that a sequence {x,} converges to x. Then,

r1+...+x
" sy
n

Proof. For an € > 0, let ng be such that |z; — z| < /2 for all j > ng. Then,
choose n; > ng such that n% 2?21 |z; — x| < e/2. Then, for n > nq,

1n 1 no 1 n
— r; —x| < — r; — x|+ — r; —x| < e
!n; | 2l =t 3 el

j=no+1
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Lemma 2.2.11 (Kronecker). Suppose that {y;} is a sequence of numbers such
that >~ (y;/j) converges. Then,

yit+y2+ ...+ yp
n

Proof. Let S, = >77_,(y;/j) for n > 0 and Sp = 0. Then

Doui=D (S —Sj-1) =nS. =Y Sj-1.
j=1 j=1 Jj=1

— 0.

Hence,

n

1 < 1
w2 b= 5= d S
j=1 j=1
By assumption, S,, converges to a number x. Hence, by the Toeplitz lemma,
i > =181 =z, and i > i1y — 0. O
Proof of Theorem . We define truncated random variables
X, if X, <n,
Y, = ]
0, if | X,| > n,
and their centered variants, f/n =Y, — EY,,. and also define

Ap = ]P)[Xn 7é Yn]v
b, = E[Y,],
cn = Var(Yy,).

First we note that

> an =Y P[X; >n] <E[Xy| < 0.

(The inequality in the middle is an easy exercise.) By the Borel-Cantelli lemma
(BC1), this implies that P(X,, # Y, i.0.) = 0. In particular this means that
% — 0 a.s. ifand only if (Y1 +...4+Y;,)/n — 0 a.s.

Then, the biases of the truncated variables go to zero.

lim b, =0,
n—oo
because
mm=mm—x»;ﬂ||mwwm@
ni>n

:/ | X1 (w)| dP(w) — 0, as n — .
[ X1|>n
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By the Toeplitz lemma, this implies that %Z?zl b; — 0 and therefore, (Y7 +
..+Y,)/n—0as. ifand only if (Y1 —b1) 4+ ...+ (Y —by))/n — 0 as.
Finally, observe that the variances of the truncated variables, ¢; = Var(Yj;),

cannot grow too fast,
Cn
— < 0.
Z n2

n

Indeed, let o« denote the common distribution of X;. Then,

an = Z/|I<nda
:/332 Z% da§0/|x|da<oo.

n>x

In the last inequality, we used the fact that

1 _C
22y
n>x

for all x > 1, for a suitable choice of C.

By the Kronecker lemma, the convergence ((Y1 —b1)+...+(Y,—b,))/n — 0
would follow from the convergence of the series > > (Y, —b,,)/n. We conclude
the proof by noting that the condition W—Yn < oo implies the almost sure
convergence of > (Y, —by,)/n by Theorem D.2.19, which we prove below. [

Theorem 2.2.12 (Kolmogorov and Khinchin). Let X,, be a sequence of inde-
pendent random variables and EX,, = 0. Then if . EX?2 < oo, then the series
> Xy converges with probability 1.

The proof of this important theorem is based on the Kolmogorov’s maximal
inequality. Let Sy = Z?Zl X}, and define

Tle) = ISkl = 'ZX

Theorem 2.2.13 (Kolmogorov’s Inequality). Assume thatEX; = 0 and Var(X;) =
o7 < oo and let s;, = 377, 03. Then

2
87
PTwzl} < 35

The important point here is that the estimate depends only on s2 and not
on the number of summands. In fact the Chebyshev bound on S, is

s2
P{|S.| > 1} < —g

and therefore the supremum over k does not cost anything.
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Proof. Let us define the events
by = {|S1| <l..., |Sk_1‘ <, |Sk‘ > l}.

Then {T,, > [} is a disjoint union of E}. If we use the independence of S,, — Sk
and S;1pg, that only depends on Xj,..., X}, then we can write

1
P{Ek}g—/ SEdpP
2 /g,

1
< ﬁ/E (s,% +(Sn — sk)Q) dP

k
1 2 2
- (Sk +25%(Sn — Sk) + (Sn — Sk) ) dpP

Ey
1
=— [ S2dp
2 Jg "
Summing over k from 1 to n,

2
5n

1
P{T, > 1} < — 2ap < 2.
{ _l}_p/msnd <%

O

The proof of Theorem is based on the fact that the sequence {S,, =
X1+ ...+ X, } converges to S if and only if

]P’{ sup |Sp — S, > e} =0,
Pq>

as n — oo for every € > 0.

Recall that a sequence of numbers {&, }is called Cauchy (or fundamental) if
M, = sup, ;> 1€ — &l = 0 as n — oo, and that it is a fact of real analysis
that a sequence is convergent if and only if it is Cauchy.

Lemma 2.2.14. A random sequence &, is Cauchy with probability 1 if and only
if for alle > 0, P[M,, > €] = 0 as n — 0.

Proof. Let By ; = {w: |§ — &§| > ¢}, and
= U B
n=1k>n,l>n

Then &,(w) is not fundamental if and only if w € U.5oB°. By continuity of
probability measure, P(U.~oB¢) = 0 if and only if P(B*) for all ¢ > 0. This
holds if and only if for all € > 0,

and this exactly the condition that P[M,, > ¢] — 0 as n — oo. O
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Proof of Theorem . We want to show that S, = X1 + ...+ X, is Cauchy
a.s. By the previous lemma it is enough to show that P(M,, > €) — 0 for all
€ >0, where M, =sup, ,>, |Sp — |-

Let M := sup,s,, |Sp — Su|. By the triangle inequality,

|Sp - Sq| < |Sp - Sn| + |Sq - Sn| = M: <M, < 2M;:a

so it is sufficient to show that M 5o
For all € > 0,

P (sup|Sp —Sn| > e) = ]\;im ]P’( max_|S, — S, > e)

p>n — 00 n<p<N
N e}
m 3 o} > o}
S lim 72: —
N—o0 | € . €
i=n—+1 i=n+1

where we applied Kolmogorov’s inequality in the second step. Since by assump-
tion, Y2, 07 < oo,

n—roo

lim P (sup [Sp — S| > e) =0,
p<n

the sequence S, is Cauchy with probability 1, and therefore S,, converges almost
surely. O

Remark: Just orthogonality rather than independence of the X;s is not
enough to get an a.s. limit. Counterexamples are hard. According to classical
results of Rademacher-Menchoff, for orthogonal X; the condition

Xz(log2 i)o? < oo
i
is enough for a.s. convergence of S, whereas if b; T with b; = o(log2 i) there
exist orthogonal X; such that )", b;o? < oo and S, diverges almost surely.

When we have some additional information on the moments of the random
variables X,,, the strong law can be improved by using Kolmogorov’s method.

Theorem 2.2.15. Let Xy, Xo, ... be i.i.d. withEX; =0, EX? = 02 < 00, and
let S, =X1+4+ ...+ X,,. If e >0, then

Sn
nl/2(logn)/2+e -

with probability 1 as n — oo.
Proof. Let a,, = n'/?(logn)'/?*¢ for n > 2 and a; > 0. Then,

1 1
E _ 2 E

n>2

So by Theorem , >, Xn/an converges with probability 1, and an appli-
cation of the Kronecker Lemma delivers the result. O
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2.2.5 Connection to Ergodic Theorem

We can think about the SLLN as a consequence of an ergodic theorem.

Recall that if (M, B, 11) is a probability space, then T' : M — M is a measure-
preserving transformation of M, if it is measurable and p(T(-1A) = u(A) for
any A € B. Transformation T is called ergodic if every invariant subset have
measure 0 or 1. The Birkgoff ergodic theorem says that for any measurable
function f and ergodic T, we have

Jm 23 1) = [ 5@ pta)
k=0

for p-almost all . This has a striking resemblance to Kolmogorov’s SSLN. In
fact, it turns out that one can derive the SSLN as a consequence of the ergodic
theorem by defining a suitable space M.

If we have a sequence of i.i.d. real-valued random variables X; defined on
(92, F,P), then can define a product space M = [];2; R with the product o-

algebra E, and the measure p, which is a product of the distribution measures
w; of the random variables X;. We define the functions Y; : M — R that map

(©01,09,...) to @; and observe that X; and Y; have the same distribution:

pwY1 € Ay, ..\ Y, € A) =P(Xy € Ay,..., X, € Ay).

We also have a shift operator T on M that maps (w1, ws,ws, .. .) to (ws, ws, w4, . .

It is clear that this operator is measure-preserving in the sense that u(7-1(4)) =
w(A), for any measurable set A € F.

Lemma 2.2.16. Transformation T is ergodic.

This requires a proof and the ideas of the proof are similar to the ideas
behind the proof of the Kolmogorov’s zero-one theorem. What is used is that p
is a product measure generated by cylinder sets. See a book on ergodic theory
for a proof.

In addition, Y;(@) = @; = Y1(T71@).

So by Birkgoft’s ergodic theorem, it follows that

ln 1n—1 N
DNY@) == YWD —» EY; = EX;,

1 almost surely. It remains to get back from measure g and functions Y; to
random variables X; and measure P.

Let C C M be the set of sequences (z;) € M such the 2 3>7" | z; converges
to E(X;). Then the assertion 13" X, converges to E(X;) almost surely
means that P(w, (X;(w)) € C') = 1. This is equivalent to the statement that
(@, (Yi(@)) € C) = 1 because X}, and Y}, have the same distribution measure
pon M. And as we have just seen, (@, (Y% (@)) € C') =1 because of Birkgoff’s

ergodic theorem.
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Chapter 3

Central Limit Theorem

3.1 Convergence in Distribution

dhe strong law of large numbers, the ergodic theorem, and similar results

state that a certain property holds almost surely or with probability 1. One
problem is that for uncountably infinite spaces €2, they are not verifiable exper-
imentally: it is not possible to observe an infinite sequence.

In addition, if the convergence holds for almost every point in an interval, it
will not tell us if it holds on a specific point, or at all rational points, or at all
algebraic points. All these point sets have the Lebesgue measure of zero.

So, from the practical point of view we might be more interested in learning
something about the distribution of random sums with many terms rather than
in proving that almost always these sums converge to zero.

In this chapter we will define the convergence in distribution, learn how to
prove this convergence by using appropriate test function, and derive a proto-
typical limit theorem, the Central Limit Theorem for random sums.

3.1.1 Definitions and Skorohod’s theorem

Definition 3.1.1. Let X,, be a sequence of real-valued random variables and
Fx, (z) be their distribution functions, F, (z) = P(X,, < z). Then X,, con-

verges in distribution to X, X, 4 X if Fx, () — Fx(x) for all z at which
Fx(z) is continuous.

We call this type of convergence of random variables convergence in distri-
bution or weak convergence.

Note. This is really a notion of convergence of distribution measures of X,
rather than of convergence of random variables X,, themselves. The random
variables X,, can even be defined on different spaces.

The convergence almost surely and convergence in probability imply the
convergence in distribution (exercise). In order to talk about reverse implication
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we need to make sure that random variables are define on the same probability
space.

Let us right Y 2 X to denote that random variables Y and X have the same
distribution.

Theorem 3.1.2 (Skorokhod). X, L X = there exists a probability space
with random variables Y, and Y, such that Y, 4 XY 4 X and Y, 3 Y.

Proof. Let Q = [0, 1], F is the Borel sets and P is the Lebesque measure. Define
Y, and Y as follows. Let

F(z)=P(X < z),
and define
Yo = FH(w) = sup{y : Fuly) <w},
Y = F ' (w) = sup{y : F(y) < w}.
See the book for the details of the proof.

The following result is an application of the above.
Theorem 3.1.3. X, 4 x if and only if for every bounded continuous function
f:R—R
E[f(Xn)] = E[f(X)].
Proof. If X, 4 X , then by using Skorokhod’s theorem we can assume that
X, “¥ X. Then by continuity of f, we have f(X,) <% f(X), and also it is
easy to check that the sequence f(X,,) is almost surely bounded. Therefore, we

can take expectations and use the bounded convergence theorem.
In the opposite direction, see Resnick. O

Using this property we can give a different definition of the convergence in
distribution, which applies to a more general class of random variables.

Definition 3.1.4. Let S be a metric space, and B be the Borel o—field on
S. Let Py, Py, --- be a sequence of probability measures on (S,B). Say P,

converges in distribution to P or P, 4, P for some probability measure P on

(S,B), if
/fdPn—>/fdP

for every bounded continuous function f:S — R.

This type of convergence is also often called weak convergence or weakx
convergence. The limits are unique because one can show that if

/ fdP = / fd@ for all bounded continuous f,

then P(A) = Q(A) for all A € B.
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3.1.2 Characterization of Weak Convergence

Theorem 3.1.5. &et P,,n=1,2,..., and P be probability measures on
R. The following are equivalent:

1. [ fdP, — [ fdP for all bounded continuous f;

2. Same for all infinitely differentiable functions with all bounded derivatives
C>;

3. Pp(—o0,z] = P(—00,x] for all x at which x — P(—o0, z] is continuous;

4. Condition 1 for all f such that f is bounded and continuous except on a
set of P measure 0; and

5. Condition 3 with P, (C) for all C' closed, or with P, (O) for all O open.

Proof. 1= 3:
Define f, . by

1 ifx<u
fum(l‘): 0 ifx>w
linear ifu<z<w.

For € > 0,
fo—ew < 1(=00,2] < faute.
Write Pf for [ fdP. So if P, — P, then
Pofo—ca < Pu(—00,2] < Py fo e

Let n — oo,

Pfy_cr <liminf P,(—o0, z] <limsup P,(—00,2] < Pfy ote
n—0o0

n—00

and
P(—OO,.T - 6] S me—e,ac S P(—OO,J}] S me,ac-ﬁ-e S P(—OO,.13+€]

Now assume y — P(—o0,y] is continuous at y = z. Let e — 0, we see that by
taking e sufficiently small we can make Pf,_ ., and Pf; ». as close as we like
to P(—o0,z]. Then we can conclude

lim inf P, (— o0, 2] = limsup P, (—o0, z] = P(—o0, z].
n—0o0 n—o0o
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3= 1
To show this we use another approximation. 3 gives

P,f — Pf for f = 1(—o00,x] where z is a continuity point of the distribution of P.
(3.1)

First observe that the set of continuity points of P is dense in R, as there
are only countably many jumps of © — P(—o0,z]. Second, note that we can
extend (B.1)) from indicators to finite linear combinations of such indicators, i.e.
to step functions.

Now, let f be continuous and bounded in magnitude by M. Choose some
target € > 0 and choose B so that B and —B are both continuity points of the
limit distribution * — P(—o0,z] and P(—B, B]° < e. Note that there exists
n(e) such that P,(—B, B]° < 2¢ for all n > n(e).

Next, choose a step function s so that

|s(z) — flz)] <€

for all x € (—B, B] and s = 0 outside (—B, B] (this can be done by uniform
continuity of f on [—B, B]).
Also
|Pof — Pys| < 2eM + ¢ (3.2)

for n > n(e). (Note that our s depends on e.)
Choose n even larger so that | P,,s— Ps| < e. Thus, by the triangle inequality,

|P,f — Ps| <2eM + 2e.

We also have (@) for n — oo, so we can replace P, by P and put it all together
to get

|Pnf — Pf| < 4eM + 4e

for all sufficiently large n. O
3.2 Characteristic functions

O@H the previous section we have seen that a sequence of measures p,, converges

Wéakly if for every test function from a suitable family (continuous functions,
indicators of (—oo, 2] and so on), the integrals agains u,, converge to the integral
against the limit measure pu. A very useful family of test functions is given by
functions f;(r) = e'* where t is a parameter.

Definition 3.2.1. If u is a probability measure on the real line R, then its
characteristic function is defined by

p(t) = / e dp.
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It is easy to see that this is a bounded complex-valued function |¢(¢)| < 1,
well-defined for every probability measure p. The fact that the characteristic
function is well-defined for any g is the main benefit of it over the moment-
generating function mx (T) := E(e!*).

One of the most important properties of characteristic functions is that it
can be well approximated uniformly by its Taylor series.

Theorem 3.2.2. Let X be a random variable with characteristic function p(t).
IfE|X|" < oo for some n > 1, then (i) the r-th derivative ¢ (t) exists every-
where for every r < n, (ii) ") (0) = i"EX", and (iii)
A n
o(t) = nQEXT L ), enlt),
— n!

where |et)] < 3E[X|", and &, (t) — 0, as t — 0.
The basis for applications of characteristic functions is the following theorem.

Theorem 3.2.3 (Levy - Cramer Continuity Theorem). Let ¢, (t) be the charac-
teristic functions of measures i, on the real line. If for every real t, the sequence
wn(t) converges to p(n), which is a characteristic function of a measure u, then
Ln converge weakly to p.

3.3 Central Limit Theorem

3.3.1 Introduction

Theorem 3.3.1 (CLT). g&f& X1, Xo, - beiid. withE(X,) =y, Var(z,) =

02 <o0. If S, =X+ -+ X,, then

Sn —np
ovn

This is a particular case of a more general theorem: the Lindeberg - Feller
CLT.

There are two approaches to the proof of Central Limit Theorems. One is
to show the convergence of the characteristic functions.

The second approach, due to Lindeberg, uses only the continuously differ-
entiable test functions.

Let us prove here Theorem by using characteristic functions.

45 N(0,1)

Proof. Let o(t) = Ee®(X1=#) Then, by independence,

oy = Benp (S =2) < [o( L)
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By Theorem ,
ot?
plt) =1———+ o(t?),

for t — 0. Hence, for a fixed ¢t and n — oo,
+ o(l)r e 2,
n

Hence by Theorem , the distribution measure of 2 ;:/%“ converges to the

measure of the standard Gaussian random variable. O

o2t?

on(t) = [1  202n

3.3.2 Triangular Arrays

o@@zf we study the sums of random variables which are independent but not

nécessarily identically distributed, then a language of triangular arrays is useful.
Therefore, throughout this section we shall study the sequence of sums

Si=>_ Xi
J

obtained by summing the rows of a triangular array of random variables

)(21,)(227 ...... ;X2n2
X31, X309, 00t 7)(3713
(In the formula for S;, i ranges over {1,2,...}, and j ranges over {1,2,...,n;}.)

It will be assumed throughout that the triangular arrays we consider satisfy
Three Triangular Array Conditions:

1. For each i, the n; random variables X;1, X;2,..., Xin, in the i¢th row are
mutually independent.

2. E(X;;) =0 for all ¢, j, and
3. >, EXZ=1 for all i.
We have some remarks for these conditions:

o It is not assumed that random variables in each row are identically dis-
tributed.

o It is not assumed that different rows are independent. In fact, they are
not in a common application of triangular arrays to the study of sums
Sn=X1+Xo+...+ X,

o It will usually be the case that n; — oo as i — oo.
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3.3.3 The Lindeberg Condition and Some Consequences

Theorem 3.3.2 (Lindeberg’s Theorem). uppose that in addition to the
Triangular Array Conditions, a triangular array satisfies Lindeberg’s condition:

] . 2 .. —
Ve > O,iliglo;E[Xij]lﬂXM >€e)]=0 (3.3)

Then S; % N(0,1).

The Lindeberg condition makes precise in what sense the random variables
must be relatively negligible with respect to the sum for the CLT to hold. It
says that for arbitrarily small fixed ¢ > 0, the terms with absolute value greater
than e contribute negligibly small to the total variance in a row i, as ¢ increases.

Another natural condition is as follows:

Ve >0, lim maxP(|X;;| >¢€) =0. (3.4)
i—00  j

An array with property (@) is said to be wuniformly asymptotically negligible
(UAN). One can show that this condition is implied by the Lindeberg’s condi-
tion, but not vice-versa.

A converse to Lindeberg’s Theorem is as follows:

Theorem 3.3.3 (Feller’s Theorem). If a triangular array satisfies the Tri-
angular Array Conditions and is UAN, then S; —— N(0,1) (if and) only if
Lindeberg’s condition (B.3) holds.

Proof. See Billingsley, Theorem 27.4, or Kallenberg, 5.12. U

3.3.4 The Lyapounov Condition

@ condition stronger (but often easier to check) than Lindeberg’s is the Lya-

pounov condition:

71— 00

36 > 0 such that lim » E[X;[*"° =0 (3.5)
J
Lemma 3.3.4. Lyapounov’s condition implies Lindeberg’s condition.

Proof. Fix any €,0 > 0. For any random variable |X| > €, we have

o XX
- ‘X‘é = €

Thus for any random variable X we have

E|X|2+§

E[X?1(|X]| > ¢)] < =5
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Take X = X;; to be the elements of our triangular array, and take § to be the
value from Lyapounov’s condition. Then we can sum over j on the RHS and
take the limit as ¢ — co on both sides to get the Lindeberg’s condition. O

Theorem 3.3.5 (Lyapounov’s Theorem). If a triangular array satisfies the

Triangular Array Conditions and the Lyapounov condition (@), then S; —=
N(0,1).

This follows from Lindeberg’s Theorem, but we prove it with § = 1 below.

3.3.5 Preliminaries to the proof of Lyapounov’s Theorem

.
@g@e prove the Lyapunov’s CLT by using the Lindeberg method and we need
two preliminary facts. First:

Lemma 3.3.6. If X ~ N (0,0%), Y ~ N(0,72) are independent, then X +Y ~
N(0,0% + 72).

Proof. Either
1. use the formula for the convolution of densities, or
2. use characteristic or moment generating functions, or

3. use the radial symmetry of the joint density function of i.i.d. (0,02 +72)
random variables U and V to argue that Usinf+V cos 0 ~ N(0,02 4 72).

2

Take sin() = ( Z )1/2.

02472

To see how rotational invariance is unique to the normal distribution, see
Kallenberg 13.2.

O
Second:

Lemma 3.3.7. S; - Z if and only if lim; o Bf(S,) = Ef(Z) for all
f € C}(R), the set of functions from R to R with three bounded, continuous
derivatives.

Proof. See Durrett, Theorem 2.2, and use that C3(R) is dense in Cp(R). O

3.3.6 Proof of Lyapounov’s Theorem

O

his proof illustrates the general idea of the proof of Lindeberg’s theorem,
and avoids a few tricky details which will be dealt with later.
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Proof. With n fixed, let X1, Xs,...,X,, be independent random variables, not
necessarily identically distributed. Suppose EX; = 0 and let 0]2 = ]E(Xf) < 00.
Then for S = Y°7 | X; we have 0® := VarS = 3", 7. Note:

1. If Vj, X; ~ N(0,0%), then S ~ N(0,0°) by Lemma 10.5.

2. Given independent random variables X1, X5, ..., X,, with arbitrary distri-
butions, we can always construct a new sequence 21, Zs, . .., Z, of normal
random variables with matching means and variances so that all of Z;
and X; are mutually independent. This may involve changing the basic
probability space, but that does not matter because the distribution of .S
is determined by the joint distribution of (X1, X3, ..., X,), which remains
the same.

Let

SI:SO :X1+X2+X3++Xn,
Sl 1221+X2+X3+...+Xn,
SQ :Zl—|—ZQ+X3++Xn,

TZ:Sn :Zl+ZQ+Zg++Zn,

We want to show that S is ”close” in distribution to T, i.e., that Ef(.S) is close
to Ef(T) for all f € C}(R) with uniform bound K on f and its first three
derivatives: |f®|, i =1,2,3.

By the triangle inequality,

IEf(S) —EA(T)] <Y IBF(S;) —Ef(S;-1)]. (3.6)
j=1

Let R; be the sum of the common terms in S;_; and S;. Then S;_; = R; + X
and S; = R; + Z;. Note that by construction, R; and X; are independent, as
are R; and Z;.

We need to compare Ef(R; + X;) and Ef(R; + Z;). By the Taylor series
expansion up to the third term,

X2 X3
F(R; + X;) = f(R)) + X, fO(R)) + Tff@)(Rj) + 3*!]1"(3)(%)7

(1) Zf (2) Z? (3)
F(Rj+Z5) = f(By) + Z; fV(By) + 5 f (Rj)+§f (Bi),

where «; is a point between R; and R; + X; and j3; is a point between R; and
R; + Z;.
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So, assuming that the X’s have a finite third moments, and noting that the
Z’s do as well (see below), we can take expectations in each of these identities
and subtract the resulting equations. Using independence and the fact that X
and Z agree on their first and second moments, we see that everything below
the third order cancels. Therefore,

[Ef(S;) —Ef(S;-0l = [Bf(R;+X;) —Bf(R; +2Z;)]  (3.7)
X5 ps 2 w(s
= |E5rfPlay) —E9(8)) (38)
K
< 5 EXP+EIZ). (39)

Let ¢ be the third moment of a standard normal random variable. This is
finite since,

o0
c= 2/0 xs\/%exp{—xQ/Q}dx =2 \/% < 0
Therefore, E|Z;]* = co?.
Jensen’s inequality implies that || X |2 = (E|X|?)z < (E|X[*)5 = [ X]|s, so
0% <E|X;|?, and therefore E|Z;|* = co? < cE| X, for each j.
Applying this to (B.9), we get

K K(l+c¢
R+ ez < L0 gyxp.
Now, from (@), we get
Kle+1) &
Es(5) - Ef(D) < KEED S g (310)
j=1

So far we have only considered one row of the array, but () is in fact true
for every row with K and ¢ unchanged and T having the same distribution. For
each ¢ we have,

Kle+1) &
Ef(s) ~EA) < KD S mxp (3.11)
j=1
Now, assuming Lyapounov’s condition holds for § = 1, the RHS of ()
goes to zero as 1 — oo.

By Lemma 10.6, S; —— N(0,1) as i — oc. O

3.3.7 Proof of Lindeberg’s Central Limit Theorem
Gy
,)or Lyapounov’s version of the CLT, we looked at a triangular array {X;;}

Wlth Eng = 07 EXE] = O’?j, ;lél Uz'2j =1. Takmg Si = Xi1+Xi2+' . —|—in1, we

&
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saw that we could prove S; —= N(0, 1) assuming that lim; . > ", B|X;]? =
0.

This is a condition on third moments - we would like to see if a weaker
condition will suffice. We used third moments in a Taylor series expansion as
follows:

X2 X3
F(R+X) = J(R)+ XU (R) + T fOR) + S 1P (o), (3.12)

where « is a point between R and R + X.

Roughly, without the third moments assumption, the above expression is
bad when X is large — although the first two moments exist, we might have
E|X|? = co. The idea now is to use the form in equation () when X is small
and to make use of

PR+ X) = F(B) + XFO(R) + () (313)

where -y is a point between R and R + X, when X is large.
Equating these expansions ( and () for f(R+ X), we get an alter-
native form for the remainder in (B.19):

X3 X? X?
?f(g)(a) = Tf(z)(“/)—Tf@)(R) (3.14)
X e 2
= SUP0) - P ®(X] > o (3.15)
X2 w)
+ 2O (@)1(x) < (3.16)
for ¢ > 0. Thus, for f with |f®| < K for i = 2,3, we get
X7 s 2 Ky
5 [T = EXTL|X]> ) + | X[PL(X] <€) (3.17)
2 K o
< KXPL(X|> ¢ + eX?, (3.18)

an alternative to the upper bound £|X|?, which we used in (@)
Now we return to the setup of section 10.5 and use our new result to get
more refined bounds. From (@) and (@) we had

[Ef(S) |<Z

Using (@) the new bound for X? ()7 the assumption that |f®)| < K, and

since E|Z;|* = co?

J fP(a Ezjf“’(ﬁj)

, we get

n

Ef(S)—EAT)] < > {KEXJZJI(|Xj| >€)+ IG(EEXJ?} + Z %00(?3.19)

j=1

- K
= K EX1(IX;|>€) + 5o +—Za (3.20)

j=1
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As i — oo (going down the rows of the triangular array), the first term goes to
zero by the Lindeberg condition. The last term goes to zero since

(9 n(i)
3 < 2 _ 2
o;; < | max oy, o;; =0° max 0j,
= 1<5<n (i) = 1<5<n(3)

which tends to zero by (?77?). Only %60'2 remains, and letting € — 0 finishes the
argument.

Figure 3.1: The first application of Markov chains was to the linguistic study of
Pushkin’s poem “Eugene Onegin”. In the picture (by Ilya Repin), Eugene
Onegin kills his friend Vladimir Lensky
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Chapter 4

Markov Chains

4.1 Basic Definitions

4.1.1 Transition Matrix

@et S be a countable set, and X,,, n > 0, be a sequence of random variables

that take values in the state space S. (We will often identify S with a subset
of integers.) We say that X, is a discrete-time Markov chain with the initial
probability distribution A on S, and transition matrix P if

L P(Xo = i) = A
2. ]}D(Xn+1 = in+1|X0 = iOa .. 7){n = Zn) — _P2

nybn41*

This definition allows us calculate the joint distributions. For every sequence
of states, (ig,...,in)

]P(XO =10,...,Xp = Zn) = )‘iopimilpihiz s Pinfl’in'

In particular if we some over all ig, . . .7,_1, we will find the marginal distribution
of X,,,

P(Xyn = j) = (AP");.

Here P™ is the n-th power of the matrix P, AP™ denote the product of vector
A by matrix P", and (AP™); is the j-th component of this product.
It follows that

P(X, = j|Xo =) = (P")i;.

We will often write the conditional probabilities P(A| Xy = 4) as P;(A), so,
for example, the previous result is P;(X,, = j) = (P");;.

Ezample 4.1.1 (Random walk on a graph).
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Recall that a graph G = (V, E) is a set of vertices V and a set of edges F,
which are simply a pair of vertices £ C V x V. We will usually assume that the
graph is simple, that is, that there are no multiple edges (edges with the same
endpoints) and that there are no loops, edges that have the same vertex as both
endpoints. The edges (v1,v2) and (vg,v1) are not distinguished, so the graph is
undirected. A degree of a vertex v, denoted d(v), is the number of edges which
are incident to v, that is, that have v as one of its endpoints.

Now we define a Markov chain which is called a simple random walk on
G. The states are vertices and the transition probability P, = 1/d(u). The
interpretation is that if there is a particle at vertex u, it has equal probabilities
move along each of the edges incident to u.

Exercises

FEx. 4.1.2. Let Xy be a random variable with values in a countable set I. Let
Y1, Y5, ..be a sequence of independent random variables, uniformly distributed
on [0,1]. Suppose that we are given a function G: I x [0,1] — I and define
inductively X,4+1 = G(Xp, Ynt1)-

Show that (X,),>0 is a Markov chain and express its transition matrix P
in terms of G. Can all Markov chains be realized in this way? How would you
simulate a Markov chain using a computer?

Ex. 4.1.3. Suppose that Zy, 77, ..are i. i. d. random variables such that
Z; = 1 with probability p and Z; = 0 with probability 1 — p. Set Sy = 0,
Sy =21+ ...+ Z,. In each of the following cases determine whether (X,,)n>0
is a Markov chain.

Xn = STm

Xn:S()—l-...—i—Sn,

Xn = (Sn,So+ ...+ Sn).
In the cases where X,, is a Markov chain, find its state-space and transition
matrix, and in the cases where it is not a Markov chain give an example where
P(X,11 =14|X, =4, Xn—1 = k) is not independent of k.

Ez. 4.1.4. Flip coins (X, = 0 or 1), where each coin flip has parameter p = 3/4
if the last 3 outcomes are 1’s, and p = 1/2 otherwise. For example, P(X, =
1|X1 = 0,X2 = 17X3 = 1) E 1/2

1. Is {X,,} a Markov chain?

2. Let Z,, = (Xpn, Xn+1, Xnt2). Argue that {Z,} is a Markov chain and give
the transition matrix.

FEx. 4.1.5. Let X,, be a Markov chain with transition matrix P.
1. Find

P(Xn = j‘Xn—l = ivxn—&-l = J)

2. Calculate this probability when X, is a simple random walk (up one with
probability p and down one with probability q).
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4.1.2 Communicating classes and irreducible Markov chains

Markov chain can be thought of as a non-deterministic automaton, with

fixed probabilities of transition from one state to another. In this cases, it is
often useful to re-present the chain by a directed graph. Each vertex in this
graph represent a state, and state ¢ is connected by a directed edge to j if there
is a non-zero probability of transition from ¢ to j. One can think about the
probability as a label on this graph.

In this way we obtain an identification of Markov chains with weighted di-
rected graphs, and an evolution of a Markov chain can be represented by a
random walk on the graph.

Sometimes, it is possible to divide the state space of the Markov chain in
pieces, so that the behavior of Markov chain is easier to analyze by consid-
ering each piece individually. These pieces are called communicating classes.
(In graph theory, they are called strongly connected components, and can be
calculated by using Kosaraju’s algorithm.)

Namely, we say that ¢ leads to j and write ¢ — j, if

P;(X,, = j for some n > 0) > 0.

We say that ¢ communicates with j and write i <> j, if both i — j and j — 4.
It is easy to see that this is an equivalence relation and therefore it partitions
the state space into equivalence classes, which we call communicating classes.

Definition 4.1.6. A Markov chain is called irreducible if it has only one com-
municating class.

We say that a class is closed if the conditions ¢ € C' and ¢ — j imply that
j € C. That is, the chain cannot go from a closed class outside. A single state
i is called absorbing if {i} is a closed class.

1

2 5 6

Figure 4.1

Ezample 4.1.7. Consider the chain in Figure @ The arrows represent transi-
tions with non-zero probabilities. For this chain, the classes are {1,2,3}, {4},
and {5,6}, and the only closed class is {5, 6}.
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Ez. 4.1.8. Show that every transition matrix on a finite state-space has at least
one closed communicating class. Find an example of a transition matrix with
no closed communicating class.

4.1.3 Invariant distribution

@meawre (or distribution) A on a countable state space is a (non-zero) vector

with non-negative entries. We call it a probability distribution if the sum of the
entries is 1.

If P is the transition matrix of a Markov chain then a measure 7 is called
invariant if

TP =mx

The terms equilibrium or stationary measure are also used to mean the same.

The definition of the invariant distribution implies that if X, is distributed
according to 7 then X,,; will also be distributed according to 7.

Note that Y ;P =1 for all 4, which means that matrix P has a right
eigenvector with eigenvalue 1 that has all its entries equal to 1. From an alge-
braic viewpoint an invariant measure is a left eigenvector of the matrix P with
eigenvalue 1. This gives us a practical method for computation of the invariant
distribution if the state space is finite (and not too large).

In addition, from the properties of the eigenvectors, we can immediately
conclude that for every finite Markov chain, the invariant distribution always
exists, although it might be non-unique. It is also clear that we can normalize
it so that the invariant distribution is actually a probability distribution.

For infinite chains the invariant distribution not necessarily exists even if do
not require it to be a probability distribution. Here is an example.

Here is an example of a chain without an invariant measure.

Ezample 4.1.9. Consider the chain on {0, 1,2, ...} with the transition probabil-
ities

Dii+1 = Di, Dio=1—p; = q;,

where p; € (0,1). We are going to show that for a suitable choice of g;, the
chain do not have a non-trivial invariant measure.

Let 7 be an invariant measure. Then, by definition,

o0
o = § qiT,
i=0
T = pi—1m;—1, for ¢ > 1.

The last equality implies that m = pomg, 2 = p1po7o, and so on. Assume
mo > 0, since otherwise the measure is trivial. Then, m; < my for all 4 > 1.
Hence, from the first equation, we get
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oo
Ty < To E gi,
i=0

Take ¢; = 277!, then Y =, ¢; = 1 and my < mo, which is a contradiction.
We will consider the question of the invariant measure existence for infinite
chains in a later section.

4.1.4 Time reversal

0@@‘5 is an interesting question of whether one can infer a direction of time from

the evolution of a Markov chain.
First of all, is a sequence X,,, X1, ..., Xo, a Markov chain?
We calculate

P(X}, = iy)
P(Xk41 = thy1)

In general, the quantity on the left depends on k and is different for different
choices of the initial distribution of Xy in the original chain. So, we have a
Markov chain with changing transition probabilities.

However, if we assume that the the original distribution was invariant, then
X, is distributed according to the invariant distribution m, and the reversed
sequence of Xy is a Markov chain with constant transition probabilities, given
by

P(Xy = ik | Xkt1 =ttty ooy Xn = in) = P,

kk+1*

Theorem 4.1.10. Let X,, be an irreducible Markov chain with transition matriz
P and let Xy distributed according to the invariant distribution w. Let N > 0
and set Y, = Xny_,, forn=0,1,...N. Then Y, is a Markov chajn with the

initial distribution m and the matriz 15, determined by equations m;P;; = m; Pyj;.

Proof. We have

PYo=a,....Yn=2)=P(Xog=2,...,Xn =aq)
= m.P.yPys ... Pra
= P,.myPys ... Pra

=Py ... Py Py,

where we applied the definition of P several times. This equality implies that Y;
is a Markov chain with initial distribution 7 and the transition matrix P. [
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In particular, a Markov chain cannot be distinguished from its time-reversal
if

7 Pji = i Pij

These equations are called the detailed balance equations. If a chain satisfies
these equations then it is called reversible. It turns out that reversible Markov
chains are easier to understand than non-reversible chains.

In fact, it is redundant to require that the distribution in the detailed balance
equations is invariant.

Lemma 4.1.11. If distribution X satisfy \; Pj; = A\iPyj, then X is invariant.
Proof.

(AP); = X\Pji=> \Pij=\.
J J

O

This gives us a convenient tool for finding the invariant distribution of a
chain.

Ezample 4.1.12 (Random walk on a graph).

Consider a graph G with vertices i € V. A degree (or valence) of a vertex
i is the number of edges incident with . A random walk on the graph G has
the transition matrix P with entries P;; = 1/d; if (4, ) is an edge, and P;; = 0
otherwise. Here d; denotes the degree of the vertex i. It is easy to check that P
satisfies the detailed balance condition with \; = d;. It follows that the random
walk is reversible with the invariant measure m = d;.

If the graph G is not regular, that is, if it has vertices of differing degrees,
then this invariant measure is not uniform. Vertices with larger degree will
be visited more often than vertices with smaller degree. What if we want to
have at our disposal a Markov chain on the graph G that would have the same
transitions, — from a vertex to their neighbors, — but that would have a uniform
distribution on vertices?

In this case, we can use a lazy random walk. Namely, suppose d = max{d,...,dv|}
is the maximum vertex degree in the graph. Then we set P;; = 1/d if j # ¢,
and P; =1 —d;/d. In other words, if d; < d then with positive probability the
particle will stay at vertex ¢ and wait for the next time period. It is easy to see
from the detailed balance equation that the uniform distribution is invariant for
this chain.

In Figure @, a non-reversible chain is presented. It is clear from symmetry
that the invariant distribution is uniform, but then the detailed balance equation
is not satisfied: P;; # P;;.

Exercises
Ezx. 4.1.13. In each of the following cases determine whether the stochastic
matrix P is reversible:
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0.75 0.25 0.25 0.75
025
0.75

3. The state space is {0,1,..., N} and p;; =0 if |j —i| > 2.

4. The state space is I = {0,1,2,...}, po1 =1, and p; ;41 =D, Pii—1 =1 —p
for ¢ > 1.

5. Dij = Pji for all Z,j eSs.

FEr. 4.1.14. A Markov chain with the state space {0,1,2} has the transition
probability matrix

04 04 02
P=106 02 02
04 02 04

After a long period of time, you observe the chain and see that it is in state 1.
What is the conditional probability that the previous state was state 27 That
is, find

lim P(X,_1 =2|X, = 1).

n—0o0
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4.1.5 Markov Chains for Sampling

n important application of Markov chains occurs in the situation when we

want to sample from a specific distribution on a complicated state space. This
sample will serve as a mean to understand the state space better. In this case,
we often want to construct a Markov chain that will explore the state space and
that will have this target distribution as its equilibrium distribution.

There is a family of algorithms invented for this specific task which are known
under the general name of the Markov Chain Monte Carlo (MCMC) algorithm.

In fact there are many such algorithms for various problems and here we will
only look at a single simple example.

Figure 4.3: An example of a feasible state on a the 8-by-8 lattice graph. Black and
white circles represent 1’s and 0’s, respectively.

Ezample 4.1.15 (The hard-core model).

Let G be a graph with vertex set V' and edge set E. A configuration is an
assignment of 0’s and 1’s to the vertices, and an assignment is feasible if no two
1’s occupy adjacent vertices. We prescribe the same probability to each feasible
configuration. (An example of a feasible configuration on a lattice graph is
shown in Figure §4.3.

A possible question for such a model could be about the expected number
of 1’s in a random feasible configuration.

It is not clear how to answer this question theoretically, and in order to an-
swer this question by using simulations we want to be able to sample from the
uniform distribution on the space of all feasible configurations. For this purpose,
we can use a suitably designed Markov chain X, on the state space of configu-
rations. Let X,,(v) denote the assignment that the configuration X,, prescribes
to the vertex v. Then the chain has the following transition mechanism.
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1. Pick a vertex v at random (uniformly). If any of the neighbors of v takes
value 1 in X,,, repeat a random choice of v.

2. If all neighbors of v take value 0 in X,,, then toss a fair coin. If the coin
comes up heads, then set X,,1(v) = 1, otherwise let X, 1(v) = 0.

3. For all w # v, set X, 11 (w) = Xp(w).

We claim that its invariant distribution is uniform on the set of all feasible
configurations. We prove it by showing that the chain is reversible with respect
to the uniform distribution. Essentially this mean that the probability to get
from configuration wy to configuration ws is the same as the probability to get
from wy to wy.

Indeed, if wy # wq, then the probability of transition from a feasible w; to wy
is non-zero if and only if the configurations are different at exactly one vertex v.
Probability to choose this vertex is the same in both configuration. This vertex
must be surrounded by zeros or one of these configurations is not feasible, so
it is not in state space. And if this vertex is chosen then the probability of
transition from wq to wq equals 1/2 and it is the same as the probability to go
from wy to wi.

By results that will follow, the distribution of the chain converges to in-
variant. So, if we run the chain for a sufficiently large time 7', then we will
eventually get a state X,, which is close to a sample point from a uniform dis-
tribution. Repeating this procedure N time we will get a sample of N random
assignments which will be approximately i.i.d and we can use the to estimate
the expected number of 1’s.

This algorithm is an example of “a Gibbs sampler”, or “Glauber dynamics”.
The characteristic features of this type of algorithms is that they operate on
states which can be represented as assignments s(v) on a certain set of vertices
v € V. The updates (transitions) of an assignment are done locally, on a single
vertices v of the set V. The key point is that an assignment on v is set to a
particular value with the probability equal to the conditional probability of this
value given the values on other vertices w’s, and the conditional probability is
calculated assuming the joint distribution .

It is the fact that these conditional probabilities have a simple form is what
makes this method useful.

In order to see that this chain is reversible with the invariant distribution ,
note that only possible transitions are between states that differ in only one v.
In this case, we have
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(3 5>P[s s],[s,8]»
where s and s’ denote the assignments on v in two neighboring configurations,
and 5 denotes the assignment on vertices w different from v. Hence, the detailed
balance condition holds and the chain is reversible.

The calculation is almost tautological, and it becomes useful only when the
conditional probabilities are easy to calculate.

™

4.2 Hitting times and absorption probabilities

Whe hitting time of a subset A is the random variable

H* =inf{n >0: X, € A}.

The conditional expectation of H* given that the chain starts at i is denoted
by k;“, and the conditional probability that X,, ever hits A is called the hitting
probability of A and denoted

ht = P;(HA < o).

K2

Theorem 4.2.1. The wvector of hitting probabilities h™ is a minimal non-
negative solution to the system of linear equations

hf“ =1, fori € A, (4.1)
Z by, forig A (4.2)

Minimality means that for any other non-negative solution h4, it must be
that h{t > h{ for every i.

In words, the function h; is P-harmonic at the states ¢ which are outside of
the set A, that is, the value of h at state i is a weighted average of values of h at
the neighbors of 7. The values of h at states ¢ which are in A give a boundary
condition h =1 for this harmonic function.

Proof. First, we show that the vector of hitting times must satisfy the equations
(@) and (@) Obviously, it satisfies the first equation. For the second, we write

= Pi(H* < o|X) = j)P;
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Since i ¢ A the event H4 < oo depend only on X, X»,... and therefore by
Markov property we have that P;(H4 < oo|X; = j) = Pj(H” < 00) = hj‘.
Therefore,

ht =" Phd,
J

and the second equality is proved.
Next we establish that for every other solution x, z; > h*. If i € A then
z; =hit =1. If i ¢ A, then

€T, = Zpijl‘j = Z Pij + Z ,Pijl'j
J

JEA JjgA
e PZ‘(Xl € A) + Z Pz‘j:Ej
JEA
= ]P)l(Xl € A) + Z PZJ( Z ij + Z ijxk)
JEA keA kg A

=Pi(X1 € A)+P(X1 ¢ A Xo € A)+ > Piay
JjEAkEA

If we repeat this procedure for n steps, we find that
Z; :Pl(Xl € A)++PZ(X1 ¢ A,...Xn,1 ¢ A,Xn € A)

+ > Pige P,

jlgA jneA
> P;(HA < n).
By taking the limit we find that z; > P;(H” < co0) = h#. O

Theorem 4.2.2. The vector of mean hitting times k? is the minimal non-
negative solution to the system of linear equations

kA =0, fori € A, (4.3)
kA =14 Pk}, forig¢ A (4.4)
jgA

Proof. First, we show that k“ satisfies the equations (@) and (@) The first
one is evident. If we assume that ¢ ¢ A, then

kA =Ei(HA) =) Ei(HalX) = j)Pi(Xy = j)

J

By the Markov property, E;(Ha|X1 = j) =1+ E;(Ha), and therefore,

k=14 Pyks,
jgA

66



which shows that equation (@) also holds.
Suppose now that x is a solution of (@) and (@) Then, for i € A,
z; =k =0. If i ¢ A, then

xr; = 1+Zpij$j = 1+Zpij<1+ ijkxk>

JgA JgEA k¢ A
=P;(H* > 1) +P;(H* > 2) + Z Zpijpjkfﬂk
A kgA

By repeating this procedure and taking the limit we find that

k> Y Pi(H > n) =E(HY) =k,
n=1

which shows that kZA is a minimal solution and completes the proof. O
Q1 n i Pi Qi+1  Pitl .
! 1 Ty

Figure 4.4: The birth-and-death chain

FEzample 4.2.3 (Birth-and-death chain). Consider the Markov chain in Figure
The state 0 is the absorbing state and we wish to calculate the absorption
probability h; = P;(“hit 07).
We have hg = 1 and h; = p;h;11 + q;hi—1 for @ > 1. The latter equation
implies that p;(h; — hiy1) = ¢i(hi—1 — h;), so if we introduce uw; = h;—1 — h;,
then we can write

q; qidi—1---q1
Ujp] = —U; = —U1 = YU,
Pi PiPi—1---P1
where the last equality defines ~;.
Since uy + ...+ u; = hg — h;, so

hi=1—wui(yo+...+%-1),

where v = 1.

If 7%, 7 = 0o, then the restriction k; € [0,1] forces uy = 0 and h; =1 for
all 7. (Extinction is inevitable.)

However, in the case when ) ;o 7; = A < oo, we can take a u; in the region
[0, A71], and then the solution is

Z;iz Vi
Z;io Vi

which shows that for every ¢ there is a positive probability of survival.
Exercises

h; = <1,
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0

Figure 4.5: An example of a discrete-time Markov Chain

Ez. 4.2.4. Consider the Markov chain shown in Figure @ For this chain, show
that

1. The probability of hitting 6, starting from 0, is 1/4.
2. The probability of hitting 3, starting from 1, is 1.
3. It takes on average 3 steps to hit 3 starting from 1.

Ez. 4.2.5. Consider the Markov chain on states {0, 1,2, 3,4} whose transition
matrix is

|

Il
o KR QR
coooR
coow o
oo’ oo
3 o oo

where p + ¢ = 1. Determine the mean time to reach state 4 starting from state
0.

4.3 Recurrence and transience

Yionsider the event “X,, = i for infinitely many n”. By a very general result

due to Kolmogorov, this event can only have the probability 0 or 1. If the
probability is 0 then we call state i transient. If it is 1, then we call it recurrent.

In order to define a useful criterion for whether a state is transient or recur-
rent, we define passage times TZ-(T). They are defined inductively. Let Ti(o) =0
and define the first passage time as

Ti = T’z(l) =infn > 1: Xn = i7

where the infimum of the empty set is co by convention. This random variable
is also called the return probability.
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Figure 4.6: Passage Times

In general, the passage time number r + 1 is defined as
Ti(TH) =infn > TZ.(T) +1: X, =1.

The length of the r-th excursion is defined as SZ-(T) = Ti(T) —Ti(r_l) if Ti(r_l) < 00,
and 0, otherwise. These definitions are illustrated in Figure
Define also the number of visits to i as

Vi= i Ix,=i-
n=0

The expectation of V; is

E,V; = i_o:OEﬂan_i = iopi{Xn =i} = iopg

Theorem 4.3.1. There can be only two situations:
1. State i is recurrent, P{T; < oo} =1 and ), P} = oo;
2. State i is transient, P{T; < oo} <1 and ), P} < oco;
The proof of this theorem is based on two lemmas.

Lemma 4.3.2. Si(r) is independent of { X, m < Ti(T_l)} conditional on {Ti(T_l) <
oo}, and

PIS{" = n{T{" "V < 0o} = Py(T; = n).

This lemma is a consequence of the strong Markov property of Markov
chains. Essentially, if {Ti(rfl) < oo}, then at time ¢t = Ti(rfl), the process
X is at X; = 4, and its future behavior is the same as that of the original pro-
cess started from Xy = 4. In particular, the time before the first new return to

1, S’i(r) has the same distribution as that of the first return 7;.
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Lemma 4.3.3.
Pi(V; > 1) = [Pi(Ti < oo)} :

Proof. Note that the event {V; > r} is the same as {Ti(r) < oo}. For r =0, the
claim of the lemma is true. For positive r, we use induction:

Pi(Vi>r+1)= ]P’Z-(Ti(r) < 0o and Si(rﬂ) < 00)
=Pi(S" ™ < 00| < c0)Py (T < o0)

= (T < 0)B(T") < 00) = [Bi(Ti < 00)]
O

Proof of Theorem . By Lemma , if P{T; < oo} =1, then

P;(Vi =00) = 71L120Pi(‘/i >r) =1,
so i is recurrent and Y P! = E;(V;) = oo.

On the other hand, if P{T; < oo} < 1, then using Lemma again,
SR =BV = S BV > 1)
, r=0
TI-P{Ti<oo}

which implies that P;(V; = oo) = 0 and, therefore, i is transient. O

Corollary 4.3.4. The states of a communicating class are either all transient
or all recurrent.

This follows because for 7 and j in the same communicating class it is easy
to show that > Pj} and ) Pj: are both convergent or both divergent.

Hence we can talk about recurrent and transient classes. It is clear from the
definition of the recurrent class that we cannot leave it forever. In other words,
the following statement holds.

Corollary 4.3.5. Every recurrent class is closed. In particular, if x is a recur-
rent state, and x leads to y, then y is in the same class as x and is recurrent.

For finite classes we also have a converse statement.
Corollary 4.3.6. Every finite closed class is recurrent.

Indeed, if a class is closed and finite, then P(‘‘¢ is visited infinitely many
times ”) > 0 for at least one ¢. This implies that the class is recurrent.

It can happen, however that an infinite closed class is transient.

We also have the following simple result.

70



Theorem 4.3.7. Suppose that chain is irreducible and recurrent. Then, for all
states 7, we have

]P)[T] < OO] =1.

The meaning of the theorem is that if we start with arbitrary state i we will
reach any other state j in finite time with probability 1. Intuitively, the idea of
the proof is that if it were that P;[T; < oo] < 1 for some pair of states ¢ and j,
then there would be a possibility that the chain reaches i and then j will not
be visited infinitely often. This would contradict the recurrency.

Proof. Since

P(Tj < 00) = > Pi(Tj < 00)P(Xq =),

it is enough to prove that P;[T; < oo] =1 for all 3.
Since the chain is recurrent, therefore

P;(X,, = j for infinitely many n) = 1.
By irreducibility, we can choose m such that Pji" > 0, and then we write

P;(X,, = j for infinitely many n) = P;(X,, = j for some n > m)
= ZIF’j(Xn = j for some n > m|X,, = k)P;(X,, = k)
k

k

Since }_, Pfi =1, it must be that Py (T < co) =1 for all k such that P[i > 0,
in particular, for k£ = 1. O

Examples

Ezample 4.3.8 (Simple symmetric random walk on Z). Simple symmetric walk
on Z has the transition probabilities P; ;1 = F; ;41. Then, it is easy to see that

pan = (") gn,
(23 n

By using Stirling’s formula for the factorial one can show that P2" = c¢/\/n,
and therefore the chain is recurrent by Theorem .

Example 4.3.9 (Simple symmetric random walk on Z? and Z3). By significantly
more complicated combinatorics, one can show that P2" = ¢/n and P2" =
c/ n?/2 in the cases of symmetric random walk on Z? and Z3, respectively. Hence,
by Theorem , the random walk is still recurrent in the case of Z?2, but it is
transient in the case of Z3.
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Ezample 4.3.10 (Birth and death chain). Consider a variant of the birth and

death chain. Recall that the probability of transitions are p; ;41 = p; > 0 for

¢ > 0 and p; ;-1 = ¢; for i > 0. In addition, we assume that ppo = 1 — py. Here

the state 0 is not absorbing and the chain is irreducible. When is it recurrent?
From the analysis in Example , we know that

h; = P{*hit O starting with state i"} =1

if and only if > ~; = oo, where

_ qiQi—1---41
PiPi—1---D1

Vi

We can write
Po(Ty < 00) = Poo + Poihi,

If > 7, = oo, then hy = 1 and therefore Po(Ty < oo) = 1. So the state 0 is
recurrent. Since the chain is irreducible, it is recurrent.

Conversely, if the chain is recurrent then, P(7y; < oo) = 1, and therefore
hi=1and > ~v; = cc.

Hence, the birth and death chain is recurrent if and only if > v; = co.

Exercises

Ez. 4.3.11. Consider a Markov chain having state space {0,1,...,6} and tran-
sition matrix

3 05 15 00
001 0000
000 1 00 0
010000 0
0000 1%Lo0 1
0000%%0
00 0 0 0 3 3]

1. Determine which states are transient and which states are recurrent.
2. Find the hitting probabilities A} for i =0,...,6.

Ex. 4.3.12. Consider a Markov chain on non-negative integers such that, start-
ing from x, the chain goes to state x + 1 with probability p > 0, and goes to
state 0 with probability g =1 —p > 0.

1. Show that this chain is irreducible.
2. Find Py(Ty =n), n > 1.

3. Show that this chain is recurrent.
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Ezx. 4.3.13. Let X,, be a Markov chain on {0, 1,...,} with transition probabil-
ities given by po1 = 1, psi+1 + pii—1 for i > 1, and

74+ 1\2
Pijit1 = ( ; ) Pii—1,

for ¢ > 1. Show that if Xy = 0, then the probability that X,, > 1 for alln > 1
is 6/m2.
FEz. 4.3.14. For the Markov chain in the previous example, show that

P(X, - ccasn— o) = 1.

Suppose, instead, the transition probabilities satisfy
1+ 1\«
Dii+1 = ( i ) Pii-1-

For each « € (0, 00) find the value of P(X,, — o0 as n — 00).

Ez. 4.3.15. A random sequence of non-negative integers F,, is obtained by
setting Fy = 0 and F; = 1 and, once Fy, ..., F,, are known, taking F, . to be
either the sum or the difference of F,,_; and F,, each with probability 1/2. Is
F,, a Markov chain?

By considering the Markov chain X,, = (F,_1, Fy,), find the probability that
F,, reaches 3 before first returning to 0.

Draw enough of the flow diagram for X, to establish a general pattern.
Then, using the strong Markov property, show that the hitting probability for
(1,1) starting from (1,2) is (3 — v/5)/2.

Deduce that X, is transient. Show that, moreover, with probability 1, F,, —
00 as nm — 00.

4.4 More about invariant distributions

4.4.1 The existence of an invariant distribution

.
Q)
@hen does an infinite Markov chain has an invariant distribution? First of

all we can ask the question about the existence of an invariant measure, when
we do not require that the measure of the whole space equals 1.

An essential feature of Example m is that probability mass escapes to
infinity. If we exclude this possibility by requiring that the chain is recurrent, we
find that the invariant measure always exists. (However, note that the invariant
distribution can also exist for transient chains, so the requirement that the chain
is recurrent is only a sufficient condition.)

In fact we can identify the invariant measure (up to a scale) as a expected
time spend between visits to a particular state. The choice of this reference
state is irrelevant.
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Let k be a state and define v¥ as the expected time spent in i between visits
to k,

Tr—1
=B Y Lix,=i)-
n=0
We are going to show that for an arbitrary choice of the initial state k, the

vector 7 := ¥ is a positive invariant measure.

Theorem 4.4.1. An irreducible and recurrent Markov chain always has an
invariant measure ™ such that w; > 0 for all 1.

Proof. Since the chain is recurrent and T}, < oo with probability 1, and since
X1, = Xo =k, we can also change limits in the sum and write

Ty
V=K Z Iix,=i}-
n=1
This expression can be written as
oo
vF = Z Exl{x,=i and n<Ti}
n=1

= ZIPk{Xn =idand n < 7Ty}

n=1

= Zipk(Xn,l =7, X, =1and n < Tj).

j n=1
Then, we can write

P(Xno1 = j, Xpn =i and n < T} = P(X,, = i|Xp_1 = j and n < T})
xP(X,—1 =jand n < T})

The event {n < T} means that X7 # k,... X,,—1 # k, and therefore we can use
the Markov property and write

Pi(Xn-1 =4, Xn=tand n <T}} = P;;P(X,,—1 = j and n < T})

Hence

= S P S By = and 1S T

J n=1

= P;; Y Bpl(Xp =j, and m < Tp — 1)
J m=0

=P
J
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This shows that ¥ P = «*. Since 7 = 1, the measure is non-zero. It remains
to show that it is bounded for every i and that it is positive. By irreducibility
for some n and m, P}, > 0 and P} > 0. Then 'yf > 'y,le,g > 0, and 'nyi’,z <
v¥ = 1. This completes the proof. O

[Exercise: Why doesn’t this proof work for the situation in Example ?]
In fact, for irreducible and recurrent chains, the invariant measure is unique
up to a multiplication.

Theorem 4.4.2. If P is an irreducible and recurrent Markov chain and mw is
k

an invariant measure such that mp = 1. Then ™ = y*.

We omit the proof. Let us repeat that besides the existence and uniqueness,
the two previous theorem show that the invariant measure of a state i is propor-
tional to the expected time spend in the state i between two consecutive visits
to some state k.

When can we say that the invariant measure of an irreducible recurrent chain
is actually a probability distribution?

Recall that a state i is recurrent if P;(7; < oco) = 1, where T; is the first
return time. If in addition the expected return time is finite, m; = E;(T}) < oo,
then the state is called positive recurrent. A recurrent state which fails to have
this stronger property is called null recurrent.

Theorem 4.4.3. Let P be irreducible. Then the following are equivalent:
1. every state is positive recurrent;
2. some state is positive recurrent;
8. P has an invariant probability distribution.

Moreover, if one of these conditions holds and w is the invariant probability
distribution, then the expected first return time E;(T;) = 1/m;.

This theorem gives another interpretation for the invariant distribution for
recurrent chains. The measure 7; is the inverse of the expected return time for
the state i.

Proof. (i) ~~ (ii), obviously.

(ii) ~~ (iii). The sum >, 74 is the expected time before the first return to
i, m;. (It is the expected time spend in all other states before the return to i.)
By the definition of positive recurrence m; is finite. Hence, m; = 7}- /m; defines
an invariant distribution.

(ili) ~» (i). Take a state k. By irreducibility, 7, = Y, m; Pj, > 0 for some n.
Set \; = m;/m. Then, A > +* by Lemma below. Hence

mkzz%‘ S;;Z*<OO»
%

Tk

and k is positive recurrent. O
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Lemma 4.4.4. Let P be irreducible and let X be an invariant measure for P
with A\, = 1. Then A > 'yk.

Proof. By invariance and the assumption that A\ = 1, we can write

A= AaPuj + Py

a#k
=Y MPuPuj+ > PeaPuj + Pij
a,b#k a#k

We can continue this expansion and note that the first term is always positive.
Than by reading the remaining terms from left to right we find that

/\jZPk(Xl :jandi21)+Pk(X2:jandi>2)+...

However, this is exactly the expected time spend by the chain X, at j before
the return to k. Hence, A\; > fy;‘ O

Ezample 4.4.5 (Simple symmetric walk on Z). It is easy to check that for the
symmetric walk on Z, the only invariant measure with my = 1 is the constant
measure m; = 1. This measure is not a probability distribution and therefore
we conclude that all states of this chain are null-recurrent, ET; = co.

Ezample 4.4.6 (Birth and death chain). Consider the birth-and-death chain
from Example . The invariant distribution 7 has to satisfy equations

T 1P 1 + i1 Pir1, = 7,
which we can write as
Ti—1Pi—1 + Tit1Git1 = Ty,
or

Qi+1T541 — PiT = T — Pi—1T4—1

= qi—1Ti—1 — Pi—2T;—2

= {q17T1 — PoTo-
However, another invariance equation gives us
m1P1o + moFPoo = 7o,

which simplifies to m1¢1 = mpo.
It follows that

Giy1Tip1 — pim; = 0,
_ b
Tipl = ——Tj,
qi+1
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for all ¢ > 0, and by induction,

DPo DPi—-1
= —...—7p
q1 qi

i

This gives us an invariant measure. This measure is a distribution, if and only
if

o0
Po  DPi-1

. < Q.
i=1 q1 qi

Note that in Example , we showed that the chain is recurrent if and only
if

(e e)
o G
i Pr P

Consequently, the chain is null-recurrent if and only if this holds simultaneously
with the condition
o0
Po  Pi-1
Pl | qi

= OQ.

4.4.2 Convergence

O@H many cases, we are interested not in calculating the invariant distribution

but in sampling from it. This becomes especially relevant if the state space is
very large and we cannot even enumerate it efficiently. In these cases the idea is
to run the chain for a sufficiently long time so that the it becomes in an almost
stationary distribution.

This idea is based on the phenomenon of the convergence of the chain prob-
ability distribution to the stationary distribution. Namely, as chain X,, evolves,
the transition probabilities P; become independent from the initial state ¢ and
converge to the invariant distribution 7;. In order to formulate the precise
result, we need another definition.

We say that a state i is aperiodic if P]; > 0 for all sufficiently large n.

Lemma 4.4.7. Suppose that Markov chain P is irreducible and has an aperiodic
state i. Then for all states j and k, Pj > 0 for all sufficiently large n. In
particular, all states are aperiodic.

Theorem 4.4.8 (Convergence to equilibrium). Let P be irreducible and ape-
riodic, and suppose that P has an invariant distribution . Then P, — m; as
n — oo for all i and j.

Note: This is equivalent to the following statement. Let A be any distribu-
tion, and suppose that X has distribution A\. Then, P(X,, = j) — m; asn — o0
for all j.
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Proof. Let Y,, be a Markov with the same transition matrix as X,, and with Y
distributed according to the invariant distribution «. Assume that X, and Y,
are independent.

Let T =inf{n > 1: X, =Y, = b}, where b is a particular state.

The process W,, = (X,,,Y,,) has the state space that consists of pairs (i, k).
It has transition probabilities P; . ;; = P;; P and initial distribution A\;m.

By aperiodicity of the chain P{X,, =14,Y,, =k} =P{X,, =i}P{Y, =k} >0
for all sufficiently large n, which implies that (X, Y},) is irreducible. In addition
it has an invariant distribution m;m.

By Theorem 1.4.3, the chain is positive recurrent, which implies that E(T") <
oo and in particular P(T < oo) = 1.

We claim that for any n > 1,

P(Xn =y, T< n) = P(Yn =y, T < n) (45)
Indeed, for every m < n, we have
P(Xyn = y[T'=m) =P(Y, =y|T =m),

since both probabilities equal B, ™ for n > m and 4y, for n = m.
This implies that

P(X, =y|T <n)=PY, =y|T <n),

and therefore that equality (@) holds.
It follows that

IP(Xy = j) — | = [P(Xp = j) — P(Ys, = j]
=P(X,=jandn<T)—PY,=jand n < T)|
<Pn<T).

And P(n < T) — 0, as n — 00, because

E(T) = iIP’(T >n) < 0.

n=0

This completes the proof. O

4.4.3 Ergodic theorem

@t is possible to interpret the invariant distribution as the long-run proportion

of time spend by the Markov chain in each state. This result is called the ergodic
theorem. Define V;(n) as the number of visits to ¢ before time n:

n—1
Viln) =) Lix,—i-
k=0
Then, V;(n)/n is the proportion of time before n spent in state 1.
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Theorem 4.4.9 (Ergodic theorem). Let X,, be an irreducible Markov chain.
Then

}P’(Vi(n) %i asn%oo) =1,

n m;

where m; = E(T;) is the expected return time to state i. Moreover, in the positive
recurrent case, for any bounded function f, we have

P(:Lkz:%n—lf()(k)—)fasn—)oo) =1,

where
f= mei,

and m; is the unique invariant distribution.

Proof. For a transient case, the result is clear because then V;(n) is finite and
m; is infinite.
For the recurrent case, we note that

SO 4 M < 2 g g,

where SZ-(T) is the time between visits to ¢ number (r — 1) and number 7.
By strong Markov property the random variables S’i(r) are independent and

identically distributed, with expectation IEZ-Si(T) = m;. By the strong law of
large numbers, with probability 1,

o S

my;.
t—o00 t

and since the chain is recurrent, V;(n) — oo with probability 1. It follows that
with probability 1,

n
— — My, as N — o0
VYz(”) i3 s
or
Vi 1
ﬂ—)f, as n — oQ.
n m;

For the second statement we assume without loss of generality that |f] <1
and note that

S -7 = |2 s
k=0 1

SZ‘M*M
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The last sum can be estimated as follows, for an arbitrary choice of a set of
states J,

S n] < T[E wl ¢ (e m)
i icJ i¢J
e i€J i¢J
= Vvi?(ln)—ﬂ'i +Z(7Ti—‘/;7(71n))+2277i
i€J ieJ ig¢J
SQZ’M—TQ +22ﬂ'7
ier " igJ

Then, for an arbitrary choice of €, one can find a finite set J, so that 2 Zi¢ g™ <

€/2. We know that # — 71'2“ — 0 for every fixed i with probability 1. Since
J is finite it follows that ., @ — m;| — 0 with probability 1. Together,

this ensures that
1 _
=~ n=1f(Xy) = =0,
k=0

with probability 1. O

Exercises
Ex. 4.4.10. Five balls are distributed between two urns, labelled A and B. Each
period, and urn is selected at random, and if it is not empty, a ball from that
urn is removed and placed into the other urn. In the long run, what fraction of
time is urn A empty?
Ezx. 4.4.11. Consider the following transition matrix.
1/2 0 0 0 1/2
o 12 0 1/2 0
P=1|0 0 1 0 0
0 1/4 1/4 1/4 1/4
1/2 0 0 0 1/2
Find all invariant distributions of the corresponding Markov chain.

Ezx. 4.4.12. A particle moves on eight vertices of a cube in the following way:
at each step the particle is equally likely to move to each of the free adjacent
vertices, independently of its past motion. Let ¢ be the initial vertex occupied
by the particle, o be the vertex opposite i. Calculate each of the following
quantities.

1. the expected number of steps until the particle returns to ¢;
2. the expected number of visits to o, until the first return to 4;

3. the expected number of steps until the first visit to o.
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4.4.4 Another example of the Markov Chain Monte Carlo
(MCMC) algorithm

ere we present another example of the MCMC algorithm. This example

is a baby-version of some problems from Bayesian statistics. In contrast to
everything in previous sections, in this example the state space is uncountable,
so we allow the Markov chain to take continuous values.

Consider that observations Y; are independent for ¢ = 1,2,...,n and have
the distribution

yi ~ N(p, 7).

1

We model p, 77 as random variables with prior distribution

1 NN(907QOO_1)7
T ~ F(a0750)7

and p and 7 are independent under prior distribution.

It is assumed here that the parameters of the prior distribution are known.
(The choice of the prior is one of the fundamental issues in Bayesian statistics.)

We would like to sample from the posterior joint distribution of the p and
7 with the goal to learn about some statistics of this distribution.

By Bayes’ formula the posterior distribution is

_ flylp, ), 7)
7T(,U/,T|y) - f(y)

_ Syl 7)m(p, 7)
IS fylp, m)m(p, 7) dpdr

It is clear that

_ —n/2_n/2 T 2
Syl 7y, 7) = @m) 2 2 exp 5 2 =) )

x (2m) 2% exp (= 20— 00)?)

X Bo_aol"(a)_lT‘lO_le_ﬂoT.

In this example, the denominator in (@) can be obtained by direct numeric in-
tegration of this formula and the statistics of the posterior distribution 7 (u, 7|y)
can be calculated by the direct numeric integration against this distribution.

However, in more complex examples, the number of parameters is typically
larger than two, and the direct integrations are difficult.

Instead, we want to sample points (u;,7;) from the posterior distribution
7(u, T|y) without explicitly calculating this distribution.

In order to do this, we build a Markov chain on the state space of the pairs
(w4, 7) so that the invariant distribution of this chain coincides with the posterior
distribution 7 (u, 7|y).
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We will use the Gibbs sampler to build this chain. Given a realization of
(w5, 7;), we will update p; and 7; in an alternating fashion, keeping the other
variable fixed. The probabilities of the updates will be conditional probabilities
given the value of the other variable fixed.

These conditional probability distributions are easy to compute:

7T(,U|ya 7—) = N(Gna <Pn)7

where

0 — wollo + 7, Yi

n— . _
wo +nT

Pn = Yo + NT,
and

(7|1, y) = Llam, Bn),
where

n
an:a0+§7

Bn = Bo + % Z(Z/z’ - p)?.

In a more complicated case we have m groups of observations, with n observa-
tions in which of them. So, our data is Y;j, wherei=1,...,nand j=1,...,m.
The model is

Yy = N, 7).
The prior distributions on the parameters are as before,

Mg~ N(907 900_1)5
T~ F(Oéo,ﬁo),

It is easy to calculate the joint distribution and to conclude that the posterior
conditional distributions on p; and 7, are the normal and the gamma distribu-
tions, respectively, with the parameters

0. _ ©obo + T, Yij
s @Yo +nT

Pn = Po +NT,

)

and

mn
an = o + 9

1
Pn=Po+3 ;(%j — 15)%.
Then, the samples from the posterior distribution 7(u, 7|y) can be calculated
by a Gibbs sampler method.
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Chapter 5

Martingales

5.1 Filtrations and Stopping Times

.ﬂtrations, stopping times, and martingales are all related to the idea of “the
information available at the present time.” This is represented by an increasing
family of o-fields indexed by time and random variables measurable with respect

to these o-algebras.

Definition 5.1.1. A filtration Fy C F1 C Fa C ..., is an increasing sequence
of o-algebras.

We use Foo to denote o (o~ o Fn)-

The o-algebra F,, is often interpreted as a o-algebra generated by “events
that are determined by time n.”

For example, if X;, Xo,... is a sequence of random variables on probability
space (2, F,P), then it defines a filtration

]:0:{@,9} Cc Fi ZU(X1) C Fo ZO'(Xl,Xg) C...

Conversely we say that a sequence of random variables { X, } is adapted to a
filtration {F,} if X, is measurable with respect to F,, for all n > 1. (Sometimes
we will abuse notation and write X,, € F,, to indicate that X,, is measurable
with respect to F,.)

A sequence of random variables { X, } is predictable if X, is measurable with
respect to F,_1, for all n > 1.

Definition 5.1.2. A stopping time T is a random variable T : Q — ZT U {oc}
such that the event {T' = n} is F,-measurable: for every n < oo, {T'=n} € F,.

Intuitively, if X; is the size of your win/loss at time 4 in a casino, then your
decision to stop the game at the end of period n should not depend on the value
of X; for i > n.
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Example: Consider the filtration generated by random variables X;, ¢ =
1,..., N, and the random variable

T = first index ¢ < N s.t. X; = max_X;.
1<j<N

(T:’I’L) = (Xl < Xy X1 <Xn>Xn+1 < Xpy oo XN SXn)

Clearly (T'=n) € Fy, but (T'=n) ¢ F, in general. So, T' is not a stopping
time. Another example is T = sup{n : X,, € A}, the time of the last visit to a
set A.

Another example of a strategy which is not a stopping time is the following
rule for cooking toast: “cook toast until 10 seconds before it starts to smoke.”

Here are examples of valid stopping times.

o Constant stopping time: T'(w) = k.
e The time of the first visit to a set A, that is, T' = inf{n : X,, € A}.

o If T is a stopping time and f(t): ZT — Z* is a non-decreasing function
that has the property that f(t) > ¢ for all t € Z*, then T” = f(T) is again
a stopping time.

e If T} and T are stopping times, so are T3 ATy and T3 V Ts.

The last property implies that any stopping time T is an increasing limit of
bounded stopping times T, = T A n.

Just as we have o-algebras F,, associated with constant times, we do have a
o-algebra Fp associated to any stopping time. This is the information we have
when we observe the chain up to time T'. Formally,

Fr={A: Ae Fo and AN{T < n} € F, for each n}.

One can check from the definition that 7" is Fr measurable and so is X7 on the
set T' < o0.

5.2 Definition of Martingales

n {F,}-adapted sequence of random variables {X,} is a martingale with

respect to F, if
1. E|X,| < 0o, and
2. E(Xp41|Fn) = X, for every n > 0.
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We define Xy = EX; for convenience.

It is useful to think about a martingale X,, as total winnings in a fair game.

From the definition of a martingale and the tower property of the conditional
expectations, it is immediate that E(X,|F,) = X,, for p > n.

An adapted sequence with finite means is called a submartingale if X, <
E(X,+1|Fn), and is called a supermartingale if X,, > E(X,,41|Fn)-

Super-martingale is not an especially “super” thing. It represents winnings
in a losing game where your expected wealth in the next hour is less than it is
now.

Note that if {X;} is a submartingale then {—X;} is a supermartingale and
vice versa. For that reason we will usuall formulate results either only for
submartingales or only for supermartingales. For the other case, the results can
be obtained by obvious transformations.

Note also that a martingale is both a submartingale and a supermartingale.

For a submartingale X,,, we have that E(X,, <E(X,11)). So, a submartin-
gale increases on average and it can be seen as a stochastic analogue of a non-
decreasing sequence. In particular, we will see later that if a submartingale is
bounded from above then it converges.

We can define Y;11 = X;41 — X; and see that

E(Y;11]F:) = 0 for every i > 0.

Such sequences are called martingale differences. If Y; is a martingale difference,
then we can recover the corresponding martingale as

X, =Xo+Vi+Yod...+Y,.
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Examples of Martingales

1. € ums of independent random variables.) If Y; is a sequence of
independent random variables such that E|Y;] < oo for all ¢ > 1 and X,, =
i, Y; then the sequence {X,,} is a martingale.

2. (Learning Martingale.) If {F;} is an increasing sequence of o-algebras
and X is an integrable random variable on (2, F,P), we define X; = E(X|F;).
Then X; is a martingale with respect to {F;}.

3. (Martingale Transforms.)

Definition 5.2.1. Suppose X,, is a martingale with respect to {F,}, Y;, are the
differences X,, — X,,_1, and a,, is a predictable sequence (that is, a, € F,,—1).
Then, a martingale transform X,, = (a - X,,) is given by the formula

Xy =X 1+ anYn. (5.1)

Lemma 5.2.2. If X,, is a F,-martingale, and a,, is a predictable sequence such
that a, X, integrable for each n, then (a- X) is an F,-martingale.

Proof. Y,, = (a- X), is an F,,-martingale if
E(Yn - Ynfl‘fnfl) = E(an(Xn — Xn71)|-/rn71) = 0
Using a,, € Fr—1, Xn—1 € Fn—1 and X,, a martingale, we have

E(Yn — Ynfl‘fnfl) = an(IE(Xn|]-'n,1) — anl) = O

Now, how we can generate submartingales?

Lemma 5.2.3. Suppose {(X;, F;)} is a martingale and ¢ is a convex function
of one variable such that o(X;) is integrable for every i. Then {(v(X;), Fi)} is
a submartingale.

Proof. This is a consequence of Jensen’s inequality for conditional expectations.
O

In particular, for any p > 1, if {X;} is a martingale and E|X;|? < oo for all
i, then {|X;|P} is a submartingale. For example, if p = 2, then we see that the
variance of {X;} is increasing with 1.

The following inequality generalizes Markov’s inequality to the setting of
martingale sequences.

Theorem 5.2.4 (Doob’s inequality I). Suppose {X;} is a martingale sequence
of length n. Then

1
P{w: sup |X;| Zl} < 7/|Xn|d]P’

1<i<n
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Proof. Let us define S(w) = sup; <<, |X;(w)| and £ = {w: S(w) > I}.
We can represent £ as a union of disjoint events E;, where F; is the event
that S(w) achieved [ for the first time at time j.

Ej = {w: |X1(w)| < l,...,|Xj_1| < l, ‘XJ| > l}

We have ) )
PE)<; [ Polapsg [ x|
[ Js, [ s,

J

The second inequality follows from the fact that |X;| is a submartingale. In
particular E(|X,||F;) > |X,| a.e. and E; € F;. Summing up the inequality
over j =1,...,n we obtain

1 1
P{w: sup |Xi|2l} < 7/ \Xn|dIP’§7/|Xn|dIF’.
E

1<i<n

In the proof, we could have started with

P(E;) < — / X, P dP
v Jp

and then we would obtained for p > 1,

1
P(E) < —/ | X |P dP
rJg
In particular, for p = 2, this gives a generalization of Kolmogorov’s inequality
for sums of independent random variables.

Theorem 5.2.5. If X,, is a martingale and T is a stopping time, then X a1
is also a martingale.

Proof. This follows from Lemma . Indeed, an, = 1(7>p—1) € Fpr—1 is the
predictable bounded sequence and X, r = (a,, - X,,). Hence it is a martingale.
O

What about the random variable Xp7 These are your winnings at the stop-
ping time. Can we claim that EXp = X7
Now, if X,, is a martingale and T is a stopping time bounded by b, then

E(Xr) = E(X7A) = Xo,

because X7 ap is a martingale by Theorem .

In the case of an unbounded stopping time 7', we have that X, — X7 a.s,
as n — 0o.

Hence, if we could exchange expectations and limits, then we would write:

E(X7) =E (nlin;o XTM) = lim E(Xrp,) = Xo. (5.2)

However, this exchange is not always valid.
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Ezample 5.2.6. Consider a random symmetric walk S, starting at Sy = 1 and
let T = inf{n|S,, = 0}.

Then we have EST = 0 because P(T' < o0o) = 1, so we eventually hit zero
with probability 1. However, this is different from Sy = 1. Despite the fact that
we play a fair game, we will eventually lose.

In fact the basic theorems of real analysis imply that a sufficient condition
for validity of the exchange is that the sequence of random variables X, is
uniformly bounded. Hence if X, is a martingale, T' is a stopping time, and
X7an is uniformly bounded then EX7 = X.

5.3 Stopping times and martingales: Examples

Ezample 5.3.1 (Gambler ruin).

G@uppo% that we have a coin, with probability p of heads, ¢ =1 — p of

th coin toss

tails. Let us define i.i.d. random variables X; by X; = 1 when the 4
is a head, and —1 when the i*" coin toss is a tail.

Define Sy = a where a is a positive integer, and let S, = So+ X1 +...+X,,.
Let T = inf{n: S, = 0 or b} for b > a an integer. We argue that P(T' < oc0) =1
and we want to find P(Sy = b) and P(Sp = 0).

First, consider the case of a fair coin p = ¢ = 1/2. We know that S, is a
martingale. What we really need is that E(St) = ESy = a, which holds here

because Stap is uniformly bounded. If T, = inf{n|S,, = x}, then
E(St) =0x P(Ty < Tp) + b x (1 - P(Tp < Tp)) = a.
and

a

P(ST:O):P<T0<TZ,):1— .

(=)

Now consider the unfair case p # ¢. Here S,, is not a martingale and so the
idea is to find a suitable h(x) such that h(S,) is a martingale.

If h(S,) were a martingale, we would have that h(z) = ph(z+1)+gh(z—1).
So let us try h(r) = 2%, where z will be determined. Then, we should have
2% = pz"t1 4 ¢z®~1, and in particular, z = pz% + ¢. The roots of this quadratic
equation are 1 and . So we conclude that (%)Sn is a martingale.

For T = inf{n: S,, = 0 or b}, we observe that (¢/p)°" is bounded between
(q/p)° and (q/p)®, so (q/p)°* 7 is a bounded martingale. This implies that

E[(q/p)*"] = (¢/p)*, where Sy = a.
Therefore,

P(St = b)(q/p)" + P(Sr = 0)(q/p)° = (q/p)".

We also have
P(St =b)+P(Sr =0)=1.
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Solving these two equations, we obtain

(¢/p)* —1
Plor =) (¢/p)* —1
and
(a/p)* — (a/p)"
(¢/p)P—1 ~
Ezample 5.3.2 (Wald’s First Identity). Let X, X5, X3, ... be i.i.d. random vari-
ables with E|X;| < 00, S,, = X1 + Xo + ... + X, and F,, = 0(X1, Xo, ..., Xp).
If T is a stopping time for filtration {F,} and E(T) < oo, then ESy = EX ET.

P(Sp = 0) =

Proof.

T 00 oo
n=1 n=1

n=1

Note that event (T' > n) is measurable with respect to F,_1. (At the end
of period n — 1 we know that we have not yet stopped and therefore T > n,
although we do not know if we stop at period n.) Since X,, is independent of
Fn—1, therefore,

ESr =EX; E <Z ]l(TZn)> = EX,ET.
n=1

O

Ez. 5.3.3. If X,, is a martingale such that the differences Y,, = X,, — X,,_1 are
all square integrable, show that for n # m, E(Y,,Y,,) = 0. Therefore

E(X7) = E(X3) + ) _EY}.
j=1
If, in addition, sup,, E[X?2] < oo, then show that there is a random variable
X such that
lim E(|X, — X|?) =0.
n—oo

Ezample 5.3.4 (Wald’s second identity). Let X7, Xo,... be i.i.d. with EX,, =0
and EX? = 0 < oo. If T is a stopping time with ET' < oo then show that
ESZ = o?ET.
Proof. Recall that F,, = o(X1,...,X,). Let M, := S? — no?, where 0 =
E[X?]. Check that M,, is a martingale:
]E[Mn+1|-7:n] = E[SEL+1 —(n+ 1)U2|}—n]
= E[S +2X, 115, + X2, — (n+1)0%| F,)
= 52 _no?
M,,.
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First, if P(T" < N) = 1 for some non-random N < oco. Then, we know
0 = E[My] = E[Mr] = E[S% — To?]. Hence, in this case E[SZ] = E[T]o?.

Now consider the general case where only ET < oo is assumed. We have
E[SZ,,] = E[T A nlo? for every n = 1,2,3,.... Since T A n is an increasing
sequence of positive random variable bounded by T" and converging a.s. to T" as
n increases, hence E[T An] T E[T] < oo.

There is a possibility that Sz, converges to St a.s. but not in L2. This could
prevent us from taking the limit on the left-hand side of E[SZ,,] = E[T A n]o?.
In order to rule out this possibility, note that S, is a martingale with square
integrable increments and E[S%.. | = E[T'An]o? < o2E[T] < co. So, by applying
the result in Exercise p.3.3 to martingale Sta,, we find that Spa, converges to
a limit in L2?. Since we know that Spa, — St a.s., the limit in L? is also Sr.
Therefore E[S7] = lim,, o E[S%,,,] = E[T)0>. O

5.4 Martingale convergence theorem

b.. od o. &
; S .J ‘A\‘?\

@?@uppow that X,, n > 0 is a martingale modeling the fortune of a

gambler (who is playing a fair game) at time n, and let a and b be two real
numbers such that Xy < a < b. Upcrossing is defined as a situation when a
sequence of random variables goes from below the lower threshold a to above
the upper threshold b (see Figure @)

Let Uy »(n) be the number of upcrossings of [a, b] by the sequence Xg, X1, ..., X,
and U, be the number of upcrossings of [a,b] by the entire sequence (so U,
can be infinite).

If X,, is a stock price, and you buy a stock whenever X,, < a and sell it
when X,, > b, then every time that an upcrossing completes, you make a profit
of at least $(b — a). Our goal is to study the number of upcrossings.
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Recall that a super-martingale X,, is a stochastically declining sequence
when E(X,,41|Fn) < X,.

Theorem 5.4.1 (Doob’s Upcrossing Inequality). Let {X,} be a supermartin-
gale, and EXy < a < b. Then for every n,

E(a— X,)* _ |o| + E|X,)|

<
EUap(n) < b—a - b—a

This theorem allows us to conclude that for L'-bounded martingales (i.e.,
when the sequence E|X,,| is bounded), the total number of upcrossings U,
is bounded with probability one. Indeed, EU, ,(n) is increasing and bounded.
Hence EU,, = lim,_,oc EU, (1) < oo and this implies that U, is bounded
with probability 1.

Proof. Let C1 = 1{x,<q}, and

C, = ]l{Cn,lzl}]l{Xn,lgb} + ]l{Cn,1=O}]l{Xn,1<a} for n > 2.

In words, C), equals 1 when either C},_; = 1 and the stock price at time n—1 was
less than upper threshold b or if C),_1; = 0 but the prices at time n — 1 dropped
below lower threshold a. That is C,, is 1 if the trader uses the upcrossing
strategy by trading one share of stock.

Define Y, = (C - X),. This is the wealth of the trader at time n. The
sequence C, is predictable and bounded, and therefore Y,, is a supermartingale.
Hence EY,, < 0. On the other hand, it is obvious from the picture that

Yal(@) = (b= ) (n) (@) — (a — Xn(w))*-

Every upcrossing of [a,b] increases the Y-value by at least (b — a), while the
(a — X, (w))* overestimates the loss during the last interval of play.
By taking expectations on both sides, we find that

(b—a)EUyp(n) < E(a — X)),
as claimed. O

If {X,} is a supermartingale and sup,, E|X,,| < oo, then {X,,} is called L' -
bounded supermartingale.

Theorem 5.4.2 (Doob’s Martingale Convergence Theorem). If {X,} is an L'-
bounded supermartingale, then as n — oo, X, converges almost surely to a limit
X with E|X| < co.

Proof. From the upcrossing inequality we can infer that for every interval [a, b]
the number of upcrossings is finite with probability 1.

If X,, does not converge, then either there is an interval that is crossed in-
finitely many times, which is impossible by the above argument, or X,, converges
to +o00 or —oo.
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However the latter is impossible by Fatou’s lemma:

E(|X|) = E(liminf|X,,|) < lim infE(| X, )
<supE(|X,]) < oo,

so that
P(X is finite) = 1.

O

Corollary 5.4.3. If {X,} is a non-negative supermartingale, then X, =
lim X, exists almost surely.

Proof. The martingale {X,,} is bounded in L!, since E|X,,| = E(X,) < E(X)).
O

5.5 Uniformly integrable martingales

ometimes we are interested to know when the limit of a martingale se-
quence has the expectation equal to the limit of expectations.

In general, convergence in probability can be upgraded to convergence in L!
if the converging sequence of functions X, is uniformly integrable (“UI”). (See
Appendix.)

A class C of random variables is called uniformly integrable (UI) if given
€ > 0, there exists K € [0,00) such that

E(| X[ x>x) <€

for all X € C.

Note that if the sequence X, is uniformly integrable then it is automatically
L' bounded.

If, in addition, X, is a martingale, then by Doob’s theorem we can conclude
that X,, converges a.s. to an integrable r.v. X, and, by uniform integrability,
EX, - EX.

There are two useful sufficient conditions for X,, to be a uniformly integrable
(UI) martingale. First, if X,, is LP-bounded for a p > 1, then X,, is uniformly
integrable. (If X,, is only L!-bounded than it is not necessarily UL)

Second, if X, = E(X|F,) for an integrable r.v. X and a filtration {F,},
then X, is uniformly integrable.

This is a consequence of the following result.

Theorem 5.5.1. Let X € LY(Q, F,P) and let G vary over all sub-o-fields of
F. The family {E(X|G) : G C F} is uniformly integrable.

For the proof we need a lemma. Let us write E(X; A) to denote E(X14).

Lemma 5.5.2. Suppose X € LY(Q, F,P). Then, given € > 0, there exists a
0 > 0 such that for every A € F, P(A) < & implies that E(|X|; A) < e.
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Proof of Lemma. If the conclusion is false, then, for some ¢y > 0, we can find
a sequence A,, of elements of F, such that P(4,) < 27" and E(|X|; A,) > €.
Let

H =limsup A, = ﬂ U A, = {w:w € A, for infinitely many n}.
m n>m

Then by Borel-Cantelli Lemma, P(H) = 0, however, | X |14, is bounded above
by a integrable | X| hence, the ‘Reverse’ Fatou Lemma shows that the expec-
tation when we pass in the limit to |X|14, can only jump upward, hence
E(|X|; H) > €g, and we have arrived at the required contradiction. O

Proof of Theorem: . We denote E(X|G) by Xg. Let € > 0 be given. Choose
& > 0 such that, for all A € F,

P(A) < 6 implies that E(|X|; A) < e.

Choose K so that K 'E(|X]) <4
By Jensen’s inequality for conditional expectations, |X¢g| < | X|g.
Hence E|Xg| < E|X]|, and

KP(|Xg| > K) < E[Xg| < E|X]|,
so that
P(|Xg| > K) < 0.
Since {|Xg| > K} € G, hence
E(|Xg|: {|Xg| > K}) < E(|X|g; {|Xg| > K})
=E(X[;{|Xg| > K}) <,
where the equality holds by the definition of the conditional expectation. O
This situation is in fact the most general as the following theorem shows.

Theorem 5.5.3. Let X be a Ul martingale. Then X..: = lim X, exists a.s.
and in L'. Moreover for every n,

Xn = E(Xoo|Fn)-

Proof. We already know that X converges a.s. and L!. It remains to show the
last property. Let A € F,, and let r > n. Then

[E(Xr; A) = E(Xoo; A)| < E(|X; = Xoof; A)
<E(X, — Xa|) = 0,

as r — 00, because X, converges to X, in L. On the other hand we know by
martingale property that

E(X,;A) =E(X,; A).
By taking the limit r — oo we find that
E(X oo A) = E(Xn; A),
which means by definition that X,, = E(X|Fy). O
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5.6 Regular stopping times

O@H many cases we don’t have a uniformly integrable or even L! - bounded

mfartingale, so we cannot use the criterion of the previous section directly. In
these cases, we hope that we can stop martingales so that the “stopped” mar-
tingale is uniformly integrable.

Definition 5.6.1. A stopping time 7' is called regular for the martingale {X,,}
if the martingale {X,,n7} is uniformly integrable.

For example, for a random walk S,, that starts from a¢ > 0 and b > a, the
stopping time T = inf{n : S, > bor S, < 0} is regular, because the stopped
martingale is bounded.

Theorem 5.6.2. Let S,, = Y1 +...4+Y,, where Y}, are i.i.d. integrable random
variables and EY;, = 0.

Suppose T is a stopping time which satisfies E(T) < oco. Then,
(i) T is reqular for S, assuming E(|Y1|) < oo.
(i) T is regular for S% — nVar(Yy) assuming E(Y?) < oo.
Proof. Since E(T) < oo, hence P(T < 00) =1 and Sran — Sr. We will show
that the convergence holds also in L', which implies that Sz, is uniformly

integrable.
Note that |Strn, — S7| =0 if T < n and

T
|ST/\7L_ST‘ :’ Z Y}

j=n+1

, it T >n.

Hence,

|STAn — ST| = ‘ > Yj]l{jST}‘
j=n+1

> Willgery = &t
Jj=n+1

IN

We claim that E&,;1 — 0 as n — oo. Note that if this is true, then the
previous inequality immediately gives the desired convergence Sppa, — St in
L'

Clearly &,+1 — 0 almost surely, since the series is zero if n > T'. In addition,
Ent1 < & for every n > 0. So, it remains to show that &; is integrable, and the
conclusion will follow by the bounded convergence theorem. We have

E& = ) E(|Yj|1<r).

Jj=1
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Note that event {j < T'} is measurable at time j — 1, since it is known at time
j—1if T < j (that is, if the martingale has been stopped).
Therefore, by independence we find that

(oo}
B¢ =) E[Yj| x E(Lj<ry)
j=1

oo
=EYi| ) E(ly<ry) =EYi| x ET < oc.

j=1
In order to prove the second claim, we will first show that Sta, — St in
L2
Indeed, by using independence, we write

[e’e} 2 e’}
2 2
E(Sran — S1)" = E( > Yﬂl{j<T}) = > E(Yjlyzny)
j=n+1 j=n+1
=E(Y1)2E(T).
because for 7 < 7,

E(Yili<nyYilg<ny)B(Y;Yilg<ry) =0,

since {i < T} is measurable at time ¢ — 1. O
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5.7 Applications of Martingales
Applications:
1. Kakutani Theorem and consistency of likelyhood ratio test.

2. the Choquet-Deny theorem on bounded harmonic functions for random
walks on groups.

The double logarithm law for supremum of a random walk.
Azuma-Hoeffding inequality
Application to math finance

Application to optimality in stochastic control

A T o

Application to filtering
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Chapter 6

Uniform Spanning Trees

6.1 General Results
6.1.1 What is a Uniform Spanning Tree (UST)?

&Yirst of all, recall that a (directed)graph G = (V, E) is a set of vertices V
and a set of edges E, which are simply a pair of vertices £ C V x V. We will
assume that there are no loops, that is, there is no edges e = (v,v). A graph
Gy = (V4,Ey) is a subgraph of G if Vi CV and E; C E.

An undirected graph is a graph in which edge (v1, v2) is identified with edge
(v2,v1). One can think about this as that these two edges always come together.
This is also called a simple graph since it does not have loops and multiple edges,
that is, there cannot be two distinct edges with the same endpoints. If multiple
edges are allowed we have to distinguish between several different edges (u,v).
Such a graph is called a multigraph. Some of our results should also work
for multigraphs but as a standing hypothesis it is assumed that all graphs are
simple.

A path is a sequence of edges e; = (v, V1), -y €n = (Vn—1,0p). A circuit is
a path such that all v; are distinct except that v,, = vg. A graph is connected if
for every pair of vertices u and v, there is a path from u to v.

A tree is a connected graph such that |E| = |V| — 1. It can also be defined
as a connected graph without circuits. And a spanning tree T of a graph G is a
subgraph of G that has the same set of vertices as G and also is a tree.

Definition 6.1.1. A uniform spanning tree (“UST”) T of a graph G is a tree
which is chosen uniformly at random from all spanning trees of G.

6.1.2 Wilson’s algorithm for UST generation

Q)
@HSOH’S algorithm is a very efficient method to generate a spanning tree.
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Wilson’s method applies to a more general situation when one needs to generate
a weighted spanning tree on a directed graph associated with a finite Markov
chain.

Recall that a directed graph Gis a pair (V, E), where V is a finite set of
vertices and E is a set of directed edges, that is a subset of V x V where the
elements (v1,v9) and (vg,v1) are considered different. For an edge e = (v1, v2)
the vertex vy is called tail and denoted e~ and vertex vy is called head and
denoted et.

For each directed graph G we can associate an undirected graph G by for-
getting the orientation of the edges of G. In this case, however, two edges of
G can map to one edge of G. We can talk about paths and cycles of G as the
sequences of edges that map to paths and cycles of G.

In addition, we have the concept of directed path eq,...,e, in which the
head of the edge e; is the tail of the next edge e;4+1. If vg is the tail of the first
edge e; and vy is the head of the last edge v; then we say that vy and v, are
connected by a directed path.

Next we define a spanning tree T' of a directed graph G as a subgraph of G
that includes all vertices in V', that has a marked vertex, called root, and that
satisfies a property that every vertex in V' except root is connected to the root
by a unique directed path in T, and this path is directed from the vertex to the
root.

In general, not all directed graphs G have a spanning tree. However, the
graphs associated with irreducible Markov chains do have spanning trees.

For a Markov chain on state-space V', we associate a directed graph G by
assuming that it has a directed edge (vi,vs), if and only if the probability of
one-step transition from v; to vy is positive, P(vq,v2) > 0.

A usual spanning tree for a graph G is the directed spanning tree for the
simple random walk on graph G for which we forget the orientation of the edges.
Conversely if T is the spanning tree on G, then G has |V| directed spanning
trees which are obtained from T by selecting a vertex v as a root and choosing
those edges in the tree that are directed to the root.

In particular, if we have a method to generate a directed spanning tree
uniformly at random, then this gives a method to generate the usual spanning
tree uniformly at random.

Wilson’s method is a way to generate a directed spanning tree with a specific
probability distribution. Namely, let us associate a weight w(T) to the spanning
tree T, where

=[] »(e)

ecT

and where p(e) = p(v1,v2) is the probability of transition from vertex vy to vy
for every directed edge e = (v, v2).

Wilson’s method generates trees with probability distribution proportional
to these weights. It works by constructing an increasing sequence of trees Tj,
1 =20,...5. Choose a random vertex r. This will be the root of the trees. We
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start with Ty with the vertex set Vo = {r}. Given a tree T; = (V;, E;), which is
not spanning, select € V\V;. Start the Markov chain at 2 and stop it when it
hits T;. Perform a loop erasure on the resulting directed path of the edges and
add the resulting path to T;. The result is declared to be T;4.

This algorithm requires explaining what do we mean by “loop erasure” of a
directed path. Let P = (xo,x1,...,;) is a directed path. If x; = x¢, then we
set the resulting looped erased path is empty. If z; # ¢ then we set ug = xq
and u; = x;4+1 where z; is the last time when the path visited zy. Next we
check if 2; = wuy. If yes, we stop and the loop erased path is (ug,u1). If not
then we set us = x,41, where z; is the last time when the path visited u;. We
continue this process until z; = u; for some ¢. The resulting path (ug, ..., u:) is
directed and has no cycles. We call it the loop erasure of P and denote LE(P).

Theorem 6.1.2. Wilson’s method produces a directed spanning tree T of the
graph associated with Markov chain with probability proportional to w(T).

The proof of this theorem is by a study of a model which is slightly more
general than the Markov chain. We call it the random stacks model. It is given
as a collection of numbers S¥, i = 1,...,00. These numbers are all independent
and P(S? = y) = P(x,y), where P(x,y) is the transition probability of the
Markov chain.

Intuitively, every collection {S¥} can be thought of as a realization of the
Markov chain where the random variable S¥ shows which is the next state after
the i-th visit to the state z.

It is convenient to think about these numbers as organized in stacks lying
under the states x. In this case the Markov chain can be imagined by moving
around the state space from x to whatever is written on the top of the stack S*
and removing this prescription from the stack.

The top elements of stacks describe a directed graph with edges (z, S7). This
is a graph in which each vertex has out-degree 1. This graph is called “visible
graph”.

Next we can consider certain operations on the collection of stacks {S*}
which relate two different collections. Every of these operations is a composition
of several elementary operations, which are called “popping a cycle”.

Popping a cycle is an operation that removes the top elements in stacks {S*}
that form a cycle. Popping a cycle changes the visible graph and it is convenient
to distinguish the edges in this graph even if they have the same endpoints. For
this reason we say that the edge (x,y) has color i if corresponds to the element
y = S7 in the original stack configuration.

Note that a sequence of cycle-popping can terminate if there are no cycles
to pop. In this case, the visible graph is a directed spanning tree. An example
is shown in Figure @

It is important that if the process of cycle-popping is eventually terminated
then the order of cycle-popping does not matter and the resulting spanning tree
is always the same. This is the claim of the following lemma.

Lemma 6.1.3. Given any stacks under the states, the order in which cycles
are popped is irrelevant in the sense that every order pops an infinite number of
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Figure 6.1: An example of cycle popping. On the left is the stacks under the 6
vertices. The stack under the root r is empty. In the middle is a sequence
of popped cycles (shown in the clock-wise order). The numbers on the
top of edges show the depth of the edges in stacks. On the right is the
resulting spanning tree.

cycles or every order pops the same (finite set of) colored cycles, thus leaving
the same colored spanning tree on top in the latter case.

Proof. Suppose that a colored cycle C' can be popped at some stage of a cycle-
popping sequence, that is, that there is a sequence C1, Cy, ...Cy, = C of colored
cycles that can be popped, and suppose that C’ # C1 is another colored cycle
that can be popped at the first stage. Then we claim that either (1) C/ = C or
(2) after C" is popped, there is another cycle-popping sequence such that C' can
be popped.

This is enough to prove the lemma. Indeed, if at least one cycle-popping
sequence is infinite then for every other sequence there is always an infinite
number of cycles that can be popped, so every sequence is infinite. On the
other hand, suppose a colored cycle C is an element of a finite cycle-popping
sequence. Then if we consider a particular stage of another sequence, then the
claim above shows that either C is already popped in this sequence, or it can be
continued so that C' is popped. Since all sequences are finite in this case, when
we conclude that C' will be eventually popped.

So it remains to prove the claim above. Now if all the vertices in C’ are
different from vertices in C; then obviously, C' can still be popped. Otherwise,
let C; be the first cycle that has a vertex in common with C’. Let = be this
vertex and let it be followed by 3 in C’. Since C’ can be popped at the first
stage and since it has no vertices in common with Cy,...,C;_; hence z is still
followed by y in C;. By repeating this argument we find that C' = C; and either
C’" = C or it is possible to pop C' in the order C', Cy, ..., Cy_1,Cky1,...,C. O

Proof of Theorem . We think about Wilson’s algorithm as a particular ex-
ample of cycle popping procedure applied to a realization of random stacks
model. By the previous lemma the order of cycle-poppings does not matter. If
a particular sequence of cycle-poppings terminates, then all of these sequences
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terminate and all them pop exactly the same sequence of cycles. We are inter-
ested to know what is the probability that a particular spanning tree will be
uncovered as a result of any of these sequences. Clearly, the lemma implies that
this probability depends only on the realization of the random-stack model.

Hence, the probability that Wilson’s algorithm ends with a spanning tree T'
is

S w(O)uw(T),

o

where w(O) = [],co p(e), where O is a collection of cycles in a realization of
the random stack model such that popping these cycles will uncover the tree T
Note that this collection does not depend on T in the sense that any collection
O is compatible with any spanning tree T'. Hence, this probability is

(Y w(O))w().
O

so it is proportional to w(T). O

6.1.3 USTs, hitting probabilities, and potentials

=

&

@ ow let us return to the case of undirected graphs. Consider a random
walk on an undirected graph G. This is a Markov chain with the transition
probability p(vi,ve) = 1/d(v1) where (v1, v2) is an edge of the graph G, and the
vertex vq has degree d(v1). Hence, for a given root r, Wilson’s method generates
spanning trees with probability proportional to weight

1 1
vO=Uaes= 1l @
eeT veV\{r}

This probability is the same for all trees with the root at r. Every undirected
spanning tree on graph G corresponds to exactly one directed spanning tree on
graph G with a specified root r. Hence, if after a directed tree is generated
by Wilson procedure with a specific 7, we remove the direction of edges, every
resulting undirected tree will receive equal probability. This shows that Wilson’s
method can be used to generate undirected spanning trees of graph G uniformly
at random.

The uniform spanning trees are connected to other models such as domino
tilings, perfect matchings in graphs and others and it is important to be able to
calculate probabilities that a selected edge or edge belong to the tree. We start
with just one edge.

Theorem 6.1.4 (Uniform spanning tree and hitting probabilities). Let T be
an unrooted weighted uniform spanning tree of a graph G and e = (e, e™*) be
an edge of G. Then

Ple € T| = P.-[ 1st hit e* via traveling along e].

102



Proof. The first statement follows from Wilson’s method applied to graph G if
we set root equal e and start the procedure with e~. Indeed, if the first hit of
et is via traveling along e, then the procedure stops at the moment of hit and
e will not be removed during loop erasure. Therefore, it will be a part of the
generated tree. Conversely, e can be part of the tree only if the first hit of e™
occurred via the edge e. O

How do we calculate the probability of the first hit along a specific edge?
For this we introduce Green functions.

Recall that we introduced the hitting time of a subset A is the random
variable

H* =inf{n >0: X, € A}.

Define the Green function G a(a,x) for a Markov chain absorbed at A as
the expected number of visits to x strictly before hitting A by a random walk
started at a. If

Na(z) =Y 1[X, =2,n < H*]
n=0

denotes the number of visits to x by the Markov chain X; before hitting A, then
GA(G, J}) = E[NA(JJ)|X0 = a].

Theorem 6.1.5. Let G be a finite connected graph. Start a random walk at a
and absorb it when it first visits a set A. For an edge e = (z,y), let Syy be the
number of transitions from x toy. Let x ¢ A. Then,

E[Szy] = Gala,x)/d,.

Proof. Sy, is the number of visits to x followed by a transition to y. There-
fore, E[Syy] = Ga(a,x)/d, by the definition of G 4(a,z) and the fact that the
transition probability from x to y equals d,. O

Theorem 6.1.6 (Kirchhoff’s Formula). Let T be an unrooted weighted uniform
spanning tree of a graph G and e = (e~,e™) be an edge of G. Then,

PeeT]=Get+(e ,e7)/de-,

Proof. By Theorem ,

Ple € T] = P, [ 1st hit e™ via traveling along e]. (6.1)
Consider now the random walk on G, started at e~ and stopped at e*. Then
Se- e+ = 1 if the first hit of e* occurred via e and zero otherwise. And
Se+ .~ = 0 always. Hence, the probability on the right-hand side of (@) equals
Ge+(e7,x)/d, with x = e~ by Theorem . O
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Note that this formula gives an answer how to calculate the probability that
an edge belongs to a tree provided that we can calculate the Green functions
for a given source and boundary.

Obviously Ga(a,z) = 0 if x € A. What can be said about the Green
function outside of a and A? First of all, if the chain is reversible, then the
Green function is in a certain sense symmetric.

Lemma 6.1.7. If the Markov chain X,, is reversible with the stationary distri-
bution w(x), then

m(a)Gala,x) = w(2)G a(x, a).

Proof. By the definition of reversibility P(xz,y) = 7n(x)Pyy = n(y)Pyzr) =
P(y,x). For every path (xg,21,...,2,), this property can be extended to the
property

P(zg,21,...,Zn) = P(Tn, Tn-1,...,%0),

where P(zo,%1,...,2Tn) := 7(T0)Pros; - - - Po,_12,, 1S the joint probability mass
function for a chain P started in invariant distribution 7. Hence, for every n,

W(a)IP’[Xn:ac,n<HA|X0:a] = Z m(a)P[Xy = 21,..., Xn = 2| Xo =q]
xl,.“,mn,1¢A

= Z Pla,zq1,...,Tp—1,)

9617--479071,716?14

= Z P(x,zp_1,...,21,a)
T1,..,Tn_1¢A

=7(2)P[ X, =a,n < HA X, = .

Since Ga(a,z) = Yo" P[X, = z,n < H*| X, = a], after summing the identity

n=0
in the previous display over all n, we obtain the conclusion of the lemma. [

Theorem 6.1.8. If the Markov chain X, is irreducible and reversible with the
stationary distribution w(x) > 0 for all x, then the functionv(x) = Gal(a,z)/m(x)
1s harmonic everywhere outside a U A. That is,

U(J?) = Z Pwyv(y),

forxz ¢ aUA. In addition,
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Proof. By using lemma, we only need to show that the function G4(z,a) is
harmonic over z if x ¢ a U A. However, this is clear from the formula

Ga(z,a) :=E[Na(a)| Xy =2] = ZP(x,y)E[NA(aﬂXl =y

= Z P(z,y)E[Na(a)| X0 = ¥]

= ZP(‘T’ y>GA(ya a),

where Ny(a) == 3.°°

n=1
For x = a, we have

1[X,, = a,n < HA], valid for all z ¢ a U A.

E[Na(a)|Xo =a] =1+ P(a,y)E[Na(a)| X1 =y,

which means that

1 1 1
?CL)GA(%@) = + ;P(aa y)wGA(%a)a

or

O

In our case, we are concerned with random walks on graphs where the tran-
sition probabilities P;; = 1/d;, where d; is the degree of vertex i. Hence we will
call a function f on vertices of graph G harmonic at vertex x, if

f(z) = di S fw),

y~z

where the sum is over all y adjacent to .

Theorems p.1.6 and6.1.§ gives us tools to calculate the probabilities that a
given edge belongs to a uniform spanning tree.

In order to generalize this to many edges, we connect these results with
the theory of electric networks. However, for simplicity we will consider only
the case when all edge conductances are equal 1. This will be enough for our
purposes.

Definition 6.1.9. Let a and A be a vertex and a subset of vertices of a graph
G, then a wvoltage function is a function on the vertices of the graph that is
harmonic at all x ¢ a U A.
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Another name for the voltage function is potential, and one can talk about
potential theory for Markov chains. The voltage should be thought of as a
harmonic function on vertices of the graph that has exceptions at some vertices
where it is not harmonic. We will usually think about a as a point with non-zero
voltage through which the electric current flows in (so it is a “source”) and A
as the set with zero voltage (“ground” or a “sink”). However, this will not play
a role in calculations and purely for convenience.

Definition 6.1.10. Given a voltage function v, we define the associated current
function i on the pairs of adjacent vertices by

i(z,y) = v(x) —v(y).

Notice that current function is antisymmetric i(z,y) = —i(y,z) and when-
ever v is harmonic at a vertex z, we have

Z Z({E,y) =0,

Yy~

where y ~ x means that vertex y is adjacent to vertex x.
The definition of voltage function implies that a current function is a flow
on V\{a U A}, where we use the following important definition.

Definition 6.1.11. A function f on ordered pairs of adjacent vertices in graph
G is called a flow between a and A if f(x,y) = —f(y, ) for all neighbors z,y
and >, f(z,y) =0 for all x not in a U A.

A flow between a and A is called a unit flow (out of a) if 3° _, f(a,y) = 1.

Theorem 6.1.12 (Voltage as expected number of visits). Let G be a finite
connected graph, d, denote the degree of vertex x, and G4(a,x) be the Green
function for a walk started at a and stopped at A. Then, the formula v(z) =
Gala,x)/d, defines a valid voltage function on G, which is harmonic everywhere
outside a U A with the voltage equal to 0 on A. It corresponds to a unit current
flow between a and A.

Proof. Since the stationary distribution m(x) of a simple random walk is pro-
portional to d, m(x) = cdy, the claims that v(x) is harmonic outside of a U A
and that v(z) = 0 for € A have been already proved in Theorem . In
addition, the same theorem implies that

which we can rewrite as

1= Y (0(a) - v(y)-

y~a

This shows that v corresponds to the unit current flow. O
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The Kirchhoff formula in Theorem can be reformulated as a statement
about current flows. Namely, for an edge e = (¢™,e™),

Ple € T) =i.(e ,et),

where 7, is the unit current flow from e~ to e™.

More generally, we are interested in a probability Ple1,...,e; € T)] that a
specific set of edges eq, ..., e belong to a uniform spanning tree.

In order to formulate the result, let us choose an arbitrary orientation on
the graph G, so that we can talk about the start point e~ and the end point e™
of an edge. Then i, denote the unit current flow from e~ to eT. Specifically,
for two adjacent edges = and y, define

1

Z.e(xvy) = di_

[Ger(e732) = Ges (7).

where G is the corresponding Green function. Then for two arbitrary edges we
define the following function:

Ve, f)=ie(f) = ie(f_af+)~

Theorem 6.1.13 (Burton-Pemantle). Let T be a uniform spanning tree of
graph G. For any distinct edges eq,. .., e, € G,

Plet,...,ex € T] = det Y(e;, €;) Lk
The case k = 1 of this theorem has been just established. Then we plan to
proceed by induction by using the identity:

P[el,...,ek S T] = P[ek S T\el,...,ek,l € T]]P’[el,...,e;c,l S T].

The proof of the Burton-Pemantle is based on an interpretation of the con-
ditional probability

P(e € Tley,...,ex €T)

in terms of the UST of the graph G contracted along edges eq,...,ex.

A contraction of a graph G along a set of edges is a different graph G’ in
which all endpoints of the edges are replaced with a single vertex and all the
resulting loops are removed. In this form, however, the resulting graph can
become a multigraph (without loops), in which two vertices can be connected
by several different edges.

Lemma 6.1.14. Suppose T is a spanning tree in G and ey, ...,ex € T. Then
T =T/{e1,...,er} is a spanning tree in multigraph G' = G/{e1,... e}

Proof. A contraction of an edge in T cannot create a cycle in T”, so T” is still a
tree and it is also obvious that it is a spanning tree. O
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Lemma 6.1.15. Letey,...,ex is a set of edges in G and T is a uniform random
spanning tree in G. If ey,...,ex € T, then T' =T /{e1,...,er} is the uniform
spanning tree in multigraph G' = G /{e1, ..., ex}.

Proof. This holds because there is a bijection between spanning trees in G that
contain edges e, ..., e, and all uniform spanning trees in G. If T is a uniform
(random) spanning tree and ¢q,ty are two spanning trees that both contain
€1y... e, then P(T = t;) = P(T = t3) by definition of uniform distribution.
The bijectivity of the map T'— T = T'/{es,..., e} implies that P(T" =t}) =
P(T" = t}). O

It follows that if T' and T" denote the corresponding uniform spanning trees
in G and G' == G/{ey,..., e}, respectively, then

Ple € Tle1,...,ex €T)=Ple € T"), (6.2)

We assume here without proof our previous theory can be applied to multi-
graph G’. (In particular, we assume that a suitable generalization of Wilson’
method generate a uniform spanning tree in multigraph.)

In particular, we assume that

P(e € Tley, ... e € T) =P(e € T') =i (e), (6.3)
where i€ is the unit current flow from e~ to e in multigraph G'.

In order to use this idea we need to understand how the contraction of edges
influences the current flows. For this purpose, we will study the space of current
flows more attentively in the next section. The main idea will be to represent
igl as an orthogonal projection of i, on the space of current flows orthogonal to
currents te,, fegy - -y leg-

6.1.4 Voltages, Currents, and Projections

@ur first goal will be establishing that the matrix Y(e;, e;) = i, (e;) in the
Burton-Pemantle theorem can be represented as the matrix of a quadratic form
(Pxej,e;) for certain functions ej and e} and a certain orthogonal projection
operator Px.

First, we need to understand what are distinct features of current flows.

(What is going on in this section is that we are building a discrete version
of certain concepts from differential geometry. Current flows correspond to
differentials of functions and general flows to differential forms. We are going
to build a decomposition of the space of forms as a direct sum of the space of
differentials and its orthogonal complement.)

In the following theorem we use directed edges and define the current func-
tion 7 on a directed edge e = (z,y) as i(e) = v(z) — v(y), where v is a voltage
function.
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Theorem 6.1.16 (Kirchhoff’s cycle law). Let e; = (vo,v1), ea = (v1,v2), ..,
en = (Vn—1,vn = p) is a directed cycle in'V and i is a current flow. Then

n
> i(er) = 0.
k=1

This follows from the definition of the current function as the difference of
the voltage on endpoints. In fact this property holds for any function on directed
edges defined as difference of a fixed function on edge endpoints. Note, however,
that this property does not always hold for arbitrary flows. (For example, it
does not hold for a flow over the cycle graph that gives value 1 to every counter-
clockwise directed edge.) In fact, this property is in a certain sense characterizes
the current flows.

Lemma 6.1.17. Suppose that an antisymmetric function j (meaning that j(x,y)
—j(y,x)) on the directed edges of a finite connected graph satisfies Kirchhoff’s
cycle law. Then there exists a function F(x) on vertices of the graph such that
Jj(x,y) = F(x) — F(y). This function is unique up to an additive constant.
Moreover, the function F is harmonic at every point x, where the following star
condition is satisfied:

Z jle) =0.

ee” =x

Proof. Fix a value F(x¢) on some particular vertex. Then we can define the
value F'(y) on any vertex by finding a path e1, ..., e, from zg to y and defining
F(y) = F(xz0) — Y_p_; j(e). The fact that this definition does not depend on
the choice of path follows from the cycle law. The uniqueness can be shown by
induction. The final statement follows because

d%ZF@):FW—d% S ).

Y~z ee” =x
U

In order to discuss current flows it is convenient to introduce a suitable linear
space with a scalar product.

First of all, for a graph G = (V, E), let us define E , the set of directed edges
of G. Namely, if e = (v1,v2) € E, then there are two corresponding elements
(“directed edges”) in E.

It is convenient to identify vertices of G with integers 1,..., |V, the edges
in F with ordered pairs (v1,v2),v1 < v2 and the edges in E with all possible
pairs (v1,v2),v1 # ve. For an edge e = (v1,v2) € E, we define —e = (vg,v1).
For the edge e, we also define e~ = v; and et = vy.

Next we introduce an |E|-dimensional linear space of all antisymmetric func-
tions on E, that is, all functions s : E — R, such that s(—e) = s(e). These
functions are meant to represent flows over the graph edges, although at this
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stage we do not impose a restriction that a total flow at a non-source vertex is
zero. Intuitively, if the directed edge is e = (v1,v2), then s(e) represents the
amount of flow from vy to vs.

We introduce a scalar product on this space of flows as

(s,t) = % D s(e)t(e) = > s(e)t(e).

ecE eck

We denote this space (?(E).

For an clement e € E, we will use e* to denote the function e*(-) = 1.(-) —
1_.(-) € [>(E). Here, 1. is a function which maps e to 1 and all other elements
of E to 0. (The function 1, is not antisymmetric and ¢ I2(E).) In particular,
e*(e) =1 and e*(—e) = —1.

A convenient orthonormal basis in the space [?(E) is given by functions e,
where e; are all edges in F.

Next, we define the linear subspace X C [?(E) spanned by “star” functions

fo= Y e elXE).

eEE: e~ =v

Note that if a function g € I2(E) is orthogonal to X, then for every vertex
v in the graph, we have

Z g(e) =0.

eGE: e~ =v

One can interpret this by saying that the flow represented by g has the property
that the net amount that passes vertex v is zero.

Let Px be the orthogonal projection in I?(E) on the subspace X and define
the symmetric bilinear form,

y(fvg) = (PXfag)'

In particular, if e; and e; are two edges in F, then we define V(e;, e;) = V(e}, e7).
At this moment, it is not clear if the form defined in this way coincides with
the form ) we defined above in terms of unit current flows. The fact that these
two definitions are in agreement will be justified in Lemma below.

Let us also define the subspace Y C I?(E) spanned by “cycle” functions,
gc = Z e* e ZQ(E),
ecC

where C'is a directed cycle in G. Note that every h € Y+ satisfies the Kirchhoff’s
cycle law and by Lemma can be written as h(e) = F(e™) — F(e") for a
function F' determined up to a constant.

Theorem 6.1.18. For a finite connected graph G, we have the orthogonal
decomposition I>(E) = X + Y.
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Proof. Every cycle function is orthogonal to every star function. This holds by
an observation that the number of times a directed cycle C' enters a given point
v equals to the number of time that it exits this points. The first number gives
the number of —1s in the calculation of the the scalar product and the second
number is the number of +1s.

Hence X and Y are orthogonal. Now suppose that function j € [?(E)
is orthogonal to both X and Y. The assumption j € Y+ implies that j(e) =
F(e™)—F(e") for some function F' € [2(V). Indeed, fix a value of F(z) on some
vertex of the graph and successively define the values of F' on other vertices of
the graph by using F'(y) = F(z)—j(x,y). This will never lead to a contradiction
by the assumption that j is in Y*. (If a contradiction is obtained, then this
would produce a cycle function which is not orthogonal to j.)

By the assumption that j € X, it follows that for this function F(z) we
have:

Y Fly)=d.F()— Y jle)=d.F(a),

y~x ee” =x

where d, is the degree of x. Hence, F(x) is a function which is harmonic
everywhere on a finite connected graph G. It is known that all such functions
are constants, which implies that j = 0. O

Let a vertex x be called a source of a function j € I*(E)if Y., . .-_, j(e) # 0,
with the outflow of the source equal to the sum. Also, let a function j € I?(E)
be called sourceless if it has no sources. By Theorem m we see that Y = X+
is the subspace of sourceless functions.

Ez. 6.1.19. What are sources of a star function f,? What are sources of a cycle
function fco?

Intuitively, X = Y1 is the space of current flows and Y = X' is the space
of flows with no sources.

Lemma 6.1.20. Let Px denote the orthogonal projection on subspace X and
let j € I12(E). Then Px(j) has the same set of sources as j and the outflow
at each source of j equal to the outflow at the corresponding source of Px(j).
In addition, Px(j) is a current flow for the voltage function which is harmonic
outside of the set of sources of j.

Proof. The statement about sources is clear because the difference j — Px(j)
is in Y and therefore it is sourceless. The second statement follows because of

Lemma . O

Lemma 6.1.21. Let e = (e~,e") be a directed edge in E, and e* is the as-
sociated asymmetric indicator function, that is e*(e) = 1, e*(—e) = —1, and
e*(f) =0, for all other edges f. Then,

Pxe* = ie,
where i, is the unit current flow for the voltage function v(x) which is harmonic

on V\{aU A} witha=e", A= {et}, and v(et) =0.
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Proof. The function j, := Pye* € X = Y. Hence, it satisfies the Kirchhoff’s
cycle law and by Lemma n be written as j.(f) = F(f~) — F(fT) for
some function F. By Lemma 7 it has the same set of sources as e*, that is,
_ and eT, with the outflows equal to 1 and —1, respectively. By Lemma
ﬂl.l

, the function F' is harmonic everywhere outside of these two vertices.
These conditions determine the unit current flow i.. Hence, Pxe* = i.. O

Now let us reformulate the Kirchhoff’s formula in Theorem for the
probability that an edge is in the UST. We will use the operator Px, which is
the orthogonal projection in [?(E) on the subspace X, spanned by star functions,
and the symmetric bilinear form on functions in I?(E),

Y(f,9) = (Pxf.9).
The following lemma shows that our two definitions of ) are in agreement.

Lemma 6.1.22. For arbitrary two edges e;,e; in a connected graph G,

Ve, ej) = ie; (),

R
where i. denotes the unit current flow from a = e~ to A= {et}.

The claim of the lemma is a direct consequence of the definition of Y (e;, e;)

as (Pxej,e}) and Lemma .

In particular, this lemma and Theorem imply that the basic case of
Theorem is valid.

Corollary 6.1.23. Let T be an unrooted weighted uniform spanning tree of a
graph G and e = (e~,e™) be an edge of G. Then, Ple € T| = Y(e,e).

6.1.5 Proof of the Burton-Pemantle theorem

@e need to understand how the current flows in the contracted graph are

©C

related to current flows in the original graph.

Recall that for any directed edge e = (e, e™), the function i, € I*(E) is de-
fined as the unit flow from e~ to e™ with the voltage function which is harmonic
outside of {e¢7,e*}, and v(e”) = 1, v(*) = 0. These current functions satisfy
the Kirchoff’s cycle law (as differences of potential functions) and therefore are
in X =YY",

Lemma 6.1.24. Let F = {f ..., fr} be the set of edges in graph G, and L
be the subspace spanned by functions iy,,...,i5, in X. Let Pp.i denote the

orthogonal projection in I12(E) on the ortho-complement of L in X. Suppose
that edge e ¢ F', and define

ie,F = PLJ_ (ie).

Then ie p is a current flow that has no sources outside of the set {e”, et} U Z,
where Z is the set of endpoints of f;. In addition, it satisfy the property
ie,r(f;) =0 for every f; € F.
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Proof. The orthogonal projection along L, Py 1, subtracts a linear combinations
of functions if,. Since a linear combination of these current flows has no sources
in V\({e",et}UZ), hence Py (i.) is a current flow with no sources outside of
{e",et}UZ.

Let us check the property i. p(f) = 0 for every f € F. Since i, p € X, we
have

Z'e,F(f) =

ie,Faf*)
PXie,F7f*) = (ie7F7PXf*)
fe,yif) = (Ppoic),if) = (ie, Pr(iy))

[l
o o~~~

The first line is by definition of the scalar product, the second and third lines
use the self-adjointness of the orthogonal projections Py and P ., and Lemma
- 1.2 I O

Now consider the restriction of . r to the edges the graph G’ = G/F, which
is the graph G contracted along all the edges in F. Let us denote this restriction
as ie, F-

Lemma 6.1.25. Let the assumptions of the previous lemma hold. In addition,
suppose that for the edge e ¢ F, no circuit can be formed by edges in e U F.
Then, the flow i F is the unit current flow from e_ to e, in G' = G/F.

Proof. If there is no circuit formed by edges in e U F', then the edge e is still
present in the graph G’ = G/F. The previous lemma implies that i. p is a
current flow in G'. (We use the same potential on the vertices of G). It remains
to show that this is a unit current flow out of e~ in the contracted graph.

Indeed, i, r is a linear combination of i, and iy,. The flows iy, have the
same sources as f*. If the edges f; are not incident to the vertex e~ then it is
clear that the flow of i, r out of e~ is the same as the flow of i, out of e~ and
therefore equals 1.

Otherwise, if e~ is incident to an edge in {f;}, then let Z be the endpoints
of the edges {f;} and e, and let C' be a connected component of the subgraph
induced by Z that includes vertex e~. After contraction this will be represented
by a single vertex (¢7)’ in the graph G’ and therefore we need to show that the
total outflow of i, r out of C' equals 1.

Indeed, the total outflow of iy, out of C' is equal to the total outflow of f7
out of C' and hence equals 0. This implies that total outflow of i, p out of C
equals the total outflow of i, out of C'. This equals total outflow of ¢* out of
C, and this equals 1 because C cannot include both e~ and e™. (This is by
assumption that the edges in e U {f;} cannot form a cycle.)

O

It follows from formula (@) and Lemma , that
Ple e Tler,...,ex €T) =i p(e) = Prific](e),
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where L is the subspace spanned by functions 4, ,...,%.,. This is the basis for
the proof of Theorem .

Proof of Theorem , First of all, note that it is enough to consider the case
then there is no cycle in the subgraph formed by edges eq, ..., er. Indeed if we
can find such a cycle then the probability is zero. On the other hand, then we
have )", e; = 0 for the edges in the cycle, which implies that ) (Pxe},e;) =0
for all s = 1,...,k, which means that sum of several columns in the matrix
Y (e;, e;) is zero. This means that the determinant is zero.

Now, we will prove the theorem by induction. The base case k = 1 has been
already established. So suppose the theorem was proved for k& and let us prove
it for k£ + 1.

Let Y} denotes the matrix (Y(e,-,ej)) for i,7 = 1,...,k. Then we need to
show that

det Yk+1 -
“detY, =Plery1 €Tler €T,...,ex €T) = Prlic,  |(exs1),
where L is the subspace spanned by functions i.,, ..., ..

The projection operator Pr. is the projection along the subspace L and it
acts on functions in X by the rule: f — f — 2?21 a;j(f)ic;, where the a;(f)
are certain real coefficient that may depend on function f. (It is not difficult
to write a formula for these coefficients. However, it is not really needed here.)
Let a; = aj(exy1)-

The k + 1 column of matrix Yj41 has elements (ie,,tc,,,)s = (feyslepsy)s
(fepi1s%ery,). We can subtract from this column a linear combination of the
first k columns with coefficients o;;. Then the determinant will not change and
the elements of the last column will become (ic,, P1ic, ), -« (iey, Priic,,,),
(i6k+1 ’ PLJ‘iek+1)‘

Since Pr 1 is the orthogonal projection on the space orthogonal to the linear
span of i, the entries (ic,, Pr1ie,, ) are all zero for j = 1,...,k. And the
entry

(iek+17PLJ‘i€k+1) = (@k—i-l, PXPLLinJA)

= (ekJrl?PL*iek,-H) =Pr. [i€k+1](ek+1)'

By expanding the determinant of k£ + 1-by-k 4+ 1 modified matrix by the entries
in the last column we find that

det Yi41 = Prs [iek+1](ek+1) det Yy,

and this is exactly what we wanted to prove. O

114



6.2 Square Lattice

0

hhe results for the previous graph can be applied to infinite graphs as well,

provided a measure on spanning trees in infinite graphs is well-defined. For a
square lattice graphs in Z? this can be done by considering a sequence of larger
and larger boxes.

Can we say something about local statistics in these infinite graphs? For
example, what is the distribution of vertex degrees in a random spanning tree?
What is the probability that a specific edge belongs to the spanning tree?

In this section we will consider as an example the case of the graph Z2.

The voltage function on Z?

Let T denote the torus R/Z? For every k € Z? and o € T, define the character
function

—2mik-«

xr(a) =e
For every o = (a,a2) € T, define also
o(a) =4 — 2(cos 2may + cos 2mas).

Theorem 6.2.1 (Voltage on Z2). The voltage at u when a unit current flows
from x to y in Z* and when v(y) = 0 is

v(u) = fu) = f(y),

where

[ @)
oy = [ XA ()

where the integration is with respect to the Lebesgue measure on T.

Proof. The discrete Laplacian on Z? is defined by the formula
Af(z) =4f(x) = (flz +e1) + flz +e2) + flz —e1) + fz — e2)).

We are looking for functions which are harmonic with respect to this Laplacian
except for a set of sources. For example, if we have two sources: +1 at x and
—1 at y, then we need to solve the equation:

Av = 0§, — 6y

The main tool here is the Fourier transform F. For every function f on Z 2
we can define a function f = F(f) on T as

fla) =" f(k)xu(a).

keZ?
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Then the significance of function ¢(«) is that the Laplacian operator corre-
sponds to multiplication by the function ¢:

~

Af(e) = (@) (@),

Hence, we can find the Fourier transform of v(x) as

S(a) = 22(0) =0y(@) _ xal@) = xy()
p(a) pla)

and the result of the theorem follows by taking the inverse Fourier transform. [

Can we calculate the integral explicitly?
For a u € Z2, define

P s SN
H(u)74/p () do.

It is clear that in order to calculate v(u), it is sufficient to be able to calculate
function H (u) for all u € Z2.

For us, the most interesting is the function Y(e, f). If we set x = e~ and y =
e, calculate voltage v, and evaluate i.(f) = v(fT) —v(f ™), then a calculation
shows that

V(e )= 3 [H(™ —e") = H(7~ —e7) = H(7* — ")+ H(7* ")
Lemma 6.2.2.
1— e27rn(a1+a2) 4 n 1
H(n,n) :4/ﬂ~z<p(a)da7r]§2k‘—1'

The values off the diagonal can be calculated by checking that H(z,y) =
H(y,z), H(z,—y) = H(z,y), H(—z,y) = H(z,y) and that the identity AH =
—46§p holds. Then one can calculate H recursively at gradually increasing dis-
tances from the diagonal.

Some results about UST on Z2

Using the voltage function and the Burton-Pemantle one can calculate the dis-
tribution of vertex degrees in the UST on Z2. The results are in Figure .
This is given as Exercise 4.10 in Lyons-Peres book.

Exercises

Ez. 6.2.3. Calculate H(3,2).
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Degree

Probability

=.294*

4477

.222¢

=.036"

Figure 6.2: Probability distribution of the vertex degrees in the UST on Z2.

Ez. 6.2.4. If G is a graph and K is a subset of vertices, then the edge boundary of
K is the set of edges 0K that connect K to its complement. An infinite graph G
is called edge-amenable if there is a sequence of finite subgraphs G,, = (V,,, E,,)

such that G is the union of these subgraphs and

lim

n—oo

0Va]

=0.
Vil

If T is a spanning tree in an edge-amenable graph G, then

lim [V,|7' ) di(x) = 2.

n—oo

zeV,
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6.3 Bijection with Domino Tilings

uppose now that the graph G is planar, that is that it can be embedded in

R? (or more generally, in some other 2-dimensional surface), such that vertices
are represented by points and the edges — by non-intersecting intervals that
connect these points.

Then the graph G splits the plane in connected components, which are called
faces, one of which is infinite. If the graph is finite, then the number of faces can
be calculated by using the Euler formula: |V|—|E|+ |F| = 2, or more generally,
= 2 — g, where g is the genus of the imbedding surface.

Figure 6.3: A part of infinite triangular lattice graph and its dual.

We can define the dual graph G* as the graph that has faces of the embedded
diagram as its vertices. Two vertices in the dual graph are connected if the
corresponding faces share the same edge in the diagram of the original graph.
Note that because of this definition we can essentially identify the edges in the
original and the dual.

See an example in Figure @ The edge that connects two vertices of the
dual graph is identified with the edge of the original graph that it crosses.

We also define a bipartite graph G. One class of vertices in this graph is
the union of the vertices of the original and the dual graph, V U V* and the
other class of vertices corresponds to the edges of the original graph E, — or
equivalently to edges of the dual graph. These new vertices can be graphically
imagined as the midpoints of the edges. Then a “vertex” e € E is connected
to a vertex v € V if edge e is incident to the vertex v in the original graph G.
Similarly, vertex e € E is connected to vertex v* € V*, if edge e is incident to
the face v* in the imbedding of the graph G. R

The bipartite graphs that can be represented as G for some planar graph
are called Temperleyan; Temperley found that square lattice graph Z? has this
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representation and connected domino tilings of Z2 to spanning trees of the
corresponding graph G.

Next, there is a correspondence between subgraphs of G and G*. If H is
a subgraph of G with the same set of vertices V', then a subgraph Hx* of G*
contains an edge e if and only if the corresponding edge is absent in H.

For example, the subgraph G C G corresponds to the subgraph with no
edges in G*.

This correspondence is clearly involutive: (H*)* = H.

Lemma 6.3.1. Let G be a finite planar graph. Then T* is a spanning tree of
G* if and only if T is a spanning tree of G.

Remarkably, the spanning trees in the graph G correspond to perfect match-
ings in the graph G. Recall that a matching is a collection of edges such that no
two edges have a common vertex. A perfect matching is a matching such that
every vertex belongs to an edge in the matching.

—x S A ey —x @A
X 3 X X Sl
X —x— o X ®
(a) (b)

Figure 6.4: Bijection between spanning trees and matchings

The bijection is easier to explain by an example shown in Figure @ The
graph G is a part of the laamtticeAZ2 and its vertices are shown by dots. The
additional vertices in the graph G, — that is, the vertices of the dual graph and
half-points of the edges, — represented by crosses.

Assume that we are given a spanning tree on graph G and select a vertex
of this tree as a root. This is vertex A in the example. Then we can define a
perfect matching on the graph G — A. The recipe is to follow the tree from A
to leaves and include the half-edges that go from the mid-point of the edge to
the vertex of G (from a cross to a dot).

The remaining crosses belong to the spanning tree of the dual graph G* and
we can do the similar procedure on this tree. (By convention, we can choose the
root of this tree equal to the vertex of G* that corresponds to the outer face.)

By using this correspondence, the results about the spanning trees can be
translated to results about the perfect matchings (or domino tilings) and vice
versa.
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6.4 Connection with Eulerian circuits

An Euler circuit (also called an Eulerian circuit) is a circuit that uses every
edge of a graph exactly once.

Theorem 6.4.1 (Euler). A finite, strongly connected, directed graph which is
balanced (each vertex has in-degree = out-degree) has an Euler circuit.

There is a quick algorithm to find an Euler circuit called the Fleury al-
gorithm. For us what is interesting is the following connection with uniform
spanning trees.

In a balanced, strongly connected, directed graph, take any spanning tree
T, with directed edges toward an arbitrary root. From the root do an arbitrary
walk, at each stage choosing an unused edge at random but saving the spanning-
tree-edge until last. One can check that this method always produces an Euler
circuit.

Theorem 6.4.2. If T is a uniform random spanning tree and the random walk
steps are chosen uniformly at random we get a random FEuler circuit which is
distributed uniformly at the set of all Euler circuits.

Proof. 777 U

As an example consider the discrete torus Z%. Replace each edge by 2
directed edges. So, in-degree = out-degree = 2d. Any FEulerian circuit consists
of 2d “loop” from the origin.

Simulations suggest the following conjecture, which is on David Aldous’ list
of favorite open problems.

Conjecture 6.4.3 (Aldous). For d > 3, out of 2d loops at the origin, some
have length O(1), all others have length of order N¢ as N — oco.

The point is that there is no loops with an “in-between” size.
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Figure 6.5: Trees by Tomioka Soichiro
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Chapter 7

Galton-Watson Trees

7.1 Galton — Watson process

@he Galton-Watson process is a particular simple example of a branching

process, a class of stochastic processes that finds many applications, from the
study of epidemics to the study of neutron proliferation in a nuclear reaction.
The original application in the paper by Galton and Watson was to a problem
in genetics, namely, to the problem of family name extinction. How fertile
should family members be to insure that the family name will not die out in
future generations? The branching processes has also been used in the study of
queues. In this case the offspring of a customer are those, who arrive while the
customer is being served.

Recently, branching processes have been applied to the study of random
graphs and other random geometric objects.

The Galton-Watson process is a Markov Chain X,, on the non-negative in-
tegers, where X,, represents the size of n-th generation. The random variables
X,+1 and X, are related by certain transition probabilities, and the evolution
of the generation size at time n can be described by the equation:

Xn
Xn+1 = Z Lgn)7
=1

where LZ(»") are independent copies of a random variable L that has the offspring

distribution P(L = k) = py.

Assumption: In all considerations and results below we assume that the
offspring distribution is not trivial in the sense that px > 0 for some k& > 1.

It is often useful to enrich the Galton-Watson process by keeping information
not only about the number of the individuals at time n but also about the details
of the family tree T'. In this description, the random variable X, is the number
of vertices of T at the depth n.
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The randomness in the tree T is described by the following rule: “Each
vertex can have k children with probability pi. The numbers of children for
different vertices are independent.”

More formally, the probability on the set of rooted locally-finite trees T is
defined by probabilities of the cylinder sets {T}, = ¢, }, n =0, 1,..., where T,, is
the restriction of the random tree T to its first n generations. In particular, the
tree Ty always consists of a single vertex, the root. The tree T is determined by
an increasing sequence of its finite subtrees To C Ty C ... T, C .. ..

The conditional probability of T}, 1 given T;, is given by the formula

H Pd(v;)»

v;: l(vy)=n

where the product is over all vertices v; that have level n in T, and d(v;) denotes
the number of children that vertex v; € T, has in T}, 1.

Figure 7.1: A Galton-Watson tree with Xo =1, X1 =4, Xo =4, X3 =2, X4y = 3,
X5 =1and X =0 for £ > 5.

The resulting tree T = lim,,_, o, T}, is called the Galton - Watson tree, and
the sequence X, is the Galton-Watson process.

For the study of the Galton-Watson process X, it is useful to define the
probability generating function of the random variable L,

F(8) =3 pus® = po+ p1s +pas® + ...
k=0

It is often called the generating function of the Galton-Watson process.
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The mean of the Galton-Watson process is the expectation of the offspring
number,

p:=EL = f'(1).

The GW process is called subcritical, critical, or supercritical, depending on
whether p < 1, u =1, or u > 1, respectively.

Lemma 7.1.1. Let X, be the Galton-Watson process. Then if;’; is a martingale
with respect to Fp, = o(Xo, ..., Xn).

Proof. Since X,, is a Markov process, it is enough to condition on X, instead
of o(Xo,...,X,). We have

X’!L

Xn+1 1 Xn
B[t ] = 2 ELiXal = 20
since E[L;| X,,] = E[L;] = p. O

The martingale X,,/u™ is non-negative, and therefore by Doob’s theorem it
has an almost sure limit W > 0.

Now, what is the probability of extinction of the GW branching process?
This is the original question posed by Galton and Watson. We denote this
probability by ¢,

q :=P(X,, = 0 for some n > 0).
It turns out that ¢ = 1 for all subcritical and critical processes.

Theorem 7.1.2. If u <1, then g =1, that is, X,, = 0 for all sufficiently large

n. In particular, fn =W =0.

(By the way, this is an example of an L!-bounded martingale which is con-
vergent almost surely but not in L1.)
For the proof we need the following lemma.

Lemma 7.1.3. The generating function for the Galton Watson process at time
n, Xn, is

Es¥Xr = f(s):= fo...0 f(s)

n times

Proof. We have EsX0 = s, and then we proceed by induction:

EsXr = E[E(szi"fl LX)

_ E{Xﬁl (s Xn_l)} = Ef(s)X

= "D (f(s)) = F(s).
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0 1 0 1

Figure 7.2: Generating function f(s) for 4 > 1 and g < 1, (on the left and right
graphs, respectively)

Proof of Theorem . By the lemma above, we have P(X,, = 0) = f(")(0).
Therefore, the probability of extinction is ¢ = lim, ., f™(0). It is easy to
check that f(s) is differentiable, increasing, concave and f(1) = 1. In addition
 is the slope of f(s) at s = 1. Then it is clear from the picture in Figure @
that if u < 1, then f(™(0) converges to 1. This proves the theorem. O

Theorem settles the question about the extinction probability and
about the limit of the Galton-Walton martingale in the subcritical and criti-
cal case. The argument in its proof also shows how to calculate the extinction
probability for the super-critical process.

Theorem 7.1.4. The extinction probability q :== P(X,, = 0 for some n) equals
the smallest root of the equation s = f(s).

Thus, if 4 > 1 then ¢ < 1 and X,, > 0 for all n with positive probability.
However, even though X, stays positive with positive probability, there is still a
possibility of the zero limit for the Galton-Watson martingale, that is, it is still
possible that Xu 2% () This means that X, grows slower than ™. The Kesten-
Stigum theorem shows that it does not happen under very mild conditions on
the distribution of the offspring.

Theorem 7.1.5 (Kesten-Stigum). Suppose that X,, is a super-critical Galton-
Watson process with offspring random wvariable L and let p = EL > 1. Let
W = lim, 00 Xpn /™. The limit of % is mot identically 0 (a.s.) if and only if
E(Llog™ L) = Y32 (klogk)py, < oo.

This condition is only slightly stronger than the condition on the existence
of p = EL. For example, this condition holds if L has finite variance.

For the classical proof see Athreya-Ney (1972), Part I1.C. We will also give
another proof in Section below.

Even if this condition does not hold, X,, grows only slightly slower than p™,
as the following theorem show.
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Theorem 7.1.6 (Seneta-Heyde). If 1 < pu < oo, then there exists constants ¢y,
such that

1. lim X, /¢, exists a.s. in [0,00);
2. Pllim X,, /¢, = 0] = gq;

3. epy1/Cn = .

We will prove this theorem by using methods of martingale theory and a
zero - one law for Galton-Watson trees.
Call a property of trees inherited if two conditions are satisfied:

1. every finite tree has this property, and

2. if a tree has this property, then all the descendant trees of the children of
the root also have this property.

Example 7.1.7. For a rooted tree T, let X,, be the number of its vertices in
the level n. Suppose that ¢, is a sequence of positive constants such that
lim, 00 ¢nt1/¢n = @ > 1. Define a property P by requiring that it holds for
tree T if lim,, o, X, /¢, = 0. This property is inherited. Indeed, it is obviously
satisfied for every finite tree. Then, if the property holds for a tree T and 7% is
a descendant tree with the corresponding sequence Xff), then we observe that

Xr(f) < X, 41 and therefore,

(i)
Xnl Xntrlnt1 g0,

Cn  Cpt1 Cp

Ez. 7.1.8. Suppose that ¢, is a sequence of positive constants such that lim, o ¢py1/cn =
a > 1. The tree property lim X,, /¢, < oo is inherited.

Lemma 7.1.9. For a supercritical Galton- Watson tree, each inherited property
has probability either q or 1, where q is the probability of extinction.

Proof. Let A be the set of trees with the given property. We are going to show
that P(A) is either ¢ or 1.

For a tree T with k children of the root, let (!, ..., T*) denote the descen-
dant trees of these children. Then

P(4) = E[P(T € A|X))]
< E{P(T(l) €A,... . TX) ¢ A\X1)}

by the definition of the inherited property and the monotonicity of probability.
Since T are independent and have same distribution as T, we find that

EP@meA“”T“”em&ﬂ:Ewmﬁﬂ:ﬂmmy

Hence P(4) < f(P(A)). In addition, P(A) > g, since the property holds for
every finite tree. Hence, by Theorem [7.1.4 and properties of the function f,
which are seen in Figure @, P(A) is either ¢ or 1. O
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Proof of Theorem . Let sp € (g.1) and set s,41 = f(’l)(sn) for n > 0.
Then s,, — 1. In the proof of Lemma we established that E[sX+1|Xy,..., X,,] =
f(s)X». This implies that sX» is a martingale,

E(Sn41) S| X1, oo, Xn] = f(Spp1) ™ = s

Since this martingale is positive and bounded it converges both almost surely
and in L' to a limit Y € [0, 1], such that E(Y) = E(s;°) = so.
Let

cn = —1/log s,.

Tt is easy to check that log f(s)/logs — p as s — 1, hence ¢, 11/¢,, — p, which
is claim (3).

Then sin = e=Xn/n and therefore X,,/c, converges a.s. to a limit W =
—logY supported in [0, co].

By Example , the property X,,/c, — 0 is inherited. Probability of this
property cannot be 1 since this would imply that the random variable Y is 1
but we know that E(Y) = sg < 1. Therefore this probability is ¢ and claim (2)
is established.

Similarly, the property lim X,,/c, < oo is inherited. It cannot have proba-
bility ¢ < 1 because this would imply that with probability 1 — ¢ the random
variable Y is 0. Since Y € [0, 1], this would imply that EY < ¢, while we know
that EY = sg € (¢,1). Hence, lim X,,/¢,, < oo with probability 1. This is
implies claim (1). O

From the theory of Markov chains, we can extract that if ¢(t) denote the

moment generating function of the limit random variable W, that is, ¢(t) =
E(e~tW), then the following equation holds,

o(ut) = f(p(t)).

This equation, which is sometimes called Abel’s equation, can be used to study
the properties of W. In particular, it can be shown that W is absolutely con-
tinuous.

7.2 GW process with immigration

In the Galton — Watson process with immigration there is a new element, - at
time n additional Y; particles arrive. So, the equation for the generation sizes
is now

Xn
Xnt1 = ZLE‘”) + Yit1,

i=1

where Lgn) are independent copies of a random variable that have the offspring
distribution P(L = k) = pg, and Y,,11 are non-negative random variables, the
immigration process. Assume also that Xy = 0.
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We know that without immigration, X, /u™ has a.s. a finite limit /. What
can we say about the processes with immigration?
Consider the super-critical case.

Theorem 7.2.1 (Seneta). Let X,, be the generation sizes of GW process with
immigration, and let Yy, be i.i.d random variables. Suppose that u = E(L) > 1.
If Elogt Y < oo, then lim X,,/u™ exists and the limit is finite a.s., whereas if
ElogtY = oo, then limsup X,,/c" = 00 a.s. for every constant ¢ > 0.

In the proof we will need several auxiliary results.

Lemma 7.2.2. Suppose X, X1, Xo,... are non-negative i.i.d. random variables.
Then
0, fEX < oo,
limsup X, /n = Zf o
n— 00 oo, ’Lf EX = oo.
Proof. Exercise on the Borel-Cantelli lemma. O
Lemma 7.2.3. Suppose X, X1, Xs, ... are non-negative i.i.d. random variables

and EX < oco. Then,
Z e Ju™ < oo
n=1

for all > 1.

Proof. By the previous lemma, for every A > 0, X,, < An a.s. for all sufficiently
large n. By choosing a value of A\ < logu we can infer that a.s. eX»/u"
is exponentially declining for all sufficiently large n and therefore the series
S0, eXn/u™ is convergent. O

Proof of Theorem . First, if Elog™ Y = oo, then by Lemma , limsup(logt Y;,)/n =
+00, which implies that limsup(log™ (Y;,/¢"))/n = oo for any positive c¢. This
implies that limsupY,,/c" = co. Since X,, > Y,,, this implies the second claim
of the theorem.

Now, assume that E[log™ Y] < co. It is not difficult to see that u~"X,, is a
sub-martingale. (Let F denote the o-field generated by Y;, i = 1,2,.... By the
same calculation as in the proof of Lemma ,

E[u_(n+1)Xn+1|Xn7 ]:] =p " Xn + M_(n+l)yn+1 > p " Xy,

and taking the expectation over F we recover the sub-martingale property.)

Now let us calculate the conditional expectation of ©~"X,, with respect to
the o-algebra F. Let X,, , be all descendants at time n of the immigrants that
arrived at time k. Then, we have

n
B XalF) = E(1 " " X,/ F)
k=1

u_kE(,u_("_k)XmM]:).

|
NE

x~
Il

1
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It is clear that X, ;, is the usual Galton-Watson process (without immigration)
that started with Yy, instead of 1 particle. By Lemma Iil'l., the sequence
,u_("_k)Xn,k is a martingale and E(u_(”_k)Xn,k\]:) =Y}. Therefore,

n

E(u " Xn|F) =Y p ¥V
k=1

By applying Lemma to X, = log" Y}, we find that this series is convergent
a.s.

It follows that almost surely, for a fixed sequence Y;, p~" X, is a non-negative
sub-martingale bounded in L'. By Doob’s convergence theorem, this implies
that p~"X,, almost surely converges to a random variable W with finite expec-
tation. This implies the statement of the theorem. O

7.3 Size-biased GW trees

In the next section we are going to prove the Kesten-Stigum theorem following
the method by Lyons, Pemantle, and Peres. Recall that this theorem says that
in a supercritical process the ratio X, /u™ converges to a non-zero limit if and
only if ELlog" L < oo.

The proof is going to be based on a new (that is, different from the Galton-
Watson measure GW') measure GW on trees, which we define in this section.

Figure 7.3: A scheme for the GW size-biased tree

Suppose a random variable X takes value in non-negative integers, and has
the probability distribution py = P(X = k), k = 0,1,..., with a finite expec-
tation pu. Then, a size-biased version of X, a random variable X , takes values
in the set of positive integers and has the probability distribution py = kpg/p.
(This is obviously a probability distribution by the definition of p.)
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Let the probability distribution pi be interpreted as the offspring distribu-
tion for a Galton-Watson tree. We define another random tree, the size-biased
Galton-Watson tree by using the size-biased distribution.

In contrast with usual GW trees, this new random tree is always infinite
and it has a distinguished path from the root to infinity. In particular, we
define a stemmed tree as a pair [t,v], where ¢ is an infinite rooted tree with root
vo, and v = (vg, v1,va,...) is its stem, that is, a path on this tree, such that
d(vk,v9) = k. We assume that the infinite tree is locally-finite, that is, every
vertex has only finite number of children. The size-biased Galton-Watson tree
is a random stemmed tree with a specific distribution_that we describe below.

Schematically, this tree is represented in Figure with the distinguished
path given by the sequence of vertices vg, vy, ...

The tree is random and can be generated in the following way. The vertices
will be of two types, usual and special. There will always be exactly one special
vertex in each generation. Start with the original vertex vy, which is special,
and give it a random number of children distributed according to the size-biased
law {px}. In particular, note that this number is always positive. From these
children, pick one at random. This will be v1, the special vertex in generation
1, and the second vertex in the distinguished path. On all other children, the
descendant trees are the ordinary GW trees with the offspring distribution {ps}.
(In particular, these trees can be finite.) However, we treat v; in the same way
as the initial vertex, vg. In particular, the number of its children is distributed
according to size-biased law {py} and one of these children (grand-children of
vp) is selected as a new special vertex, and a new vertex in the distinguished
path, vo. We continue in this way indefinitely.

This procedure defines a probability measure on all stemmed trees. We
denote this measure by GW. How can we calculate the probabilities of cylinder
sets using this measure?

Suppose that [¢,v], be the set of all stemmed trees, which agrees with the
stemmed tree [t,v] up to the n-th generation. Also, let [t],, denote the set of all
rooted trees that agree with tree ¢ up to the n-th generation.

Lemma 7.3.1. For all sets [t,v],, and all n,
GW([t,v]n) = p "GW ([t]n),
where GW is the Galton-Watson measure on the space of rooted trees.

Proof. We prove it by induction. For n = 0, there is only one tree, that consists
of the root vy and the statement is true. Now consider the restriction of a
stemmed tree [t,v] up to the generations n + 1. If the root of ¢ has k children,
then we denote the corresponding descendant trees as t™, ..., t(). Then, by
the definition of the size-biased trees we have

GW ([t 0]ns1) = = £ 2 GW ([t o) [TGW ([E),),
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where t(® is the descendant tree in which the distinguished vertex v; lies. The
first factor here is the probability that the root of the tree has k children and
the second is that vy is in the sub-tree t(9).

By using the induction hypothesis, we can write this as

GW ([t v]ns1) = 2L Gw (0], [T GW ([t9)],),
e i

At the same time for the corresponding Galton-Watson measure on trees,
we have:

k
GW ([Hns1) = pe [[ GW([tY]0)

j=1
By comparing these expressions we find that

G ([tl11) = o GV ()

which completes the induction. O

Given the measure GW over all stemmed trees, we can define a new measure
over all rooted trees as the marginal of GW. For cylinder sets we have,

GW ([t]n) = > GW ([t,v]n),

where the the summation is over all stems v of the tree ¢. Since a portion of
the stem from the root to generation n is completely determined by its vertex
vy, in generation n, and since the probabilities GW ([¢,v]y) are all equal to each
other and equal to p~"GW ([t],) by Lemma [7.3.1), we have

X, (t)

GW ([t]n) = Xn(O)GW ([t:v]n) = =

GW ([t]n), (7.1)

where X,,(t) is the number of vertices in generation n of the tree ¢. (Informally,

L

measure GW pays more attention to trees with larger offspring than measure
GW. This is why it is called size-biased measure on trees.)

7.4 Supercritical case and a proof of the Kesten-
Stigum Theorem (Thm. [7.1.5)

One interpretation of the equation (@) is that the random variable X, /u™ is
the ratio of two measures of a cylindrical set of trees that agree on the first n
generations. Therefore, questions about the limit of this random variable are
related to questions of absolute continuity of two measures GW and GW with
respect to each other.
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Recall that a measure p is called absolutely continuous with respect to a
measure v, denoted p < v, if for each A € F, v(A) = 0 implies that u(A) = 0.
In this case the Radon-Nikodym derivative f = du/dv exists and allows us to
compute the measure p using formula:

u(4) = /A fav,

We call f density. There can be several such densities but the set where two
densities are different from each other, this set have v measure 0.

Ezample 7.4.1. Consider the Lebesque measure p on [0,1), and v = u + do.
Then, u < v and the density f(x) = 1 at all points « # 0. At zero, f(0) = 0.
The density f can be changed at any Lebesgue set of measure zero that does
not include = = 0.

What we want to prove is that the limit of X,,/u™ have positive expectation.
Typically, this is done by showing the uniform integrability of X, /u™, which
implies that the expectation of the limiting random variable W equals to the
limit of the expectations of X,,/u™, which is not zero. Here, we will use an
alternative method.

The idea is to consider the martingale sequence X,,/u™ as a change of mea-
sure factor. If the expectation of the limit of this sequence is different from 1,
then it means that part of the probability disappeared into a set of measure
zero. The idea is to rule this possibility out and show that the limiting measure
GW is absolutely continuous with respect to the old measure GW.

Namely, we will show that if the condition ELlog™ L < oo holds, then under
the new measure GW the random variables X, /p"™ almost surely converge to
a finite limit . Since random variables X,,/u™ have the meaning of Radon-
Nycodim derivatives on cylindrical sets, it turns out that their convergence
to the finite limit under GW implies that the new measure GW is absolutely
continuous with respect to the old measure GW, with the Radon-Nikodym
derivative W = dGW /dGW . Tt follows by the property of the Radon-Nikodym
derivatives that [WdGW = [ dGW = 1, and therefore W is not identically
Zero.

In contrast, if ELlog™ L = oo then the limit random variable T is almost
surely infinite under the new measure GW and almost surely zero under the
measure GW. The intuitive meaning of this fact is that if ELlogt L = oo the
Galton-Watson tree is almost surely dies out, but if it is conditioned not to die
out (and follows the law of GW ) then it grows faster than p™.

Formally, we will use the following result, which is essentially a variant of
the fundamental theorem about the Radon-Nikodym derivative plus some of its
properties.

Lemma 7.4.2. Let U be a finite measure and v be a probability measure on a
o-field F. Suppose that F,, are increasing sub-o-fields whose union generates
F. Suppose also that (D|F,,) is absolutely continuous with respect to (v|F,) with
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Radon-Nycodym derivative Wy,. Set W :=limsup,,_,,, Wy. Then

(F<v)e (W< ﬁ-a.e)@(/dﬁz/Wdu)

and

(17J_V)<:><W:OO ﬁ—a.e)@(/WdyzO)

(with the integrals taken over the whole space).

Ezxample 7.4.3. In order to understand this result better consider the Lebesgue
measure v and the atomic measure 7 = v + dp on [0, 1), with the o-fields F,
generated by intervals [(k —1)/n,k/n), k =1,...,n. Then W, converge to the
random variable W which equals 1 everywhere except at w = 0, and at w = 0,
W(0) = oo.

In this case 7 is not absolutely continuous with respect to v, and we see that
while W < oo, v-almost everywhere, however W = oo on a set of positive U
measure. The implication is that one has to check that W is finite D-everywhere
in order to show the absolute continuity of  with respect to v and ensure that
W is the Radon-Nikodym derivative dv/dv.
his example is useful to keep in mind when reading the proof of Lemma

4.2

The proof of Lemma can be found in the Lyons-Peres book. (Lemma
12.2 on p. 414). Here is a wordy paraphrase of this proof.

Proof of Lemma . First, one can check that W, is a non-negative martin-
gale with respect to v and the filtration generated by JF,, and therefore by
Doob’s theorem the sequence W,, converges v-almost surely to the random vari-
able W, which is finite v-almost surely. However, as we have seen in Example
, this fact does not guarantee that 7 is absolutely continuous with respect
to v. So we proceed in two steps.

Part 1: Decomposition of measure 7 in the absolutely continuous and sin-
gular parts with respect to v.

Let p = U+ v. The measure p is finite and [ p=C := [(T+v). Both U and
v are < p. Define the Radon-Nikodym derivatives of these measures restricted
to the o-fields F,,.

dv
fn - d7p ]__"7
_dv
=l

and let f = limsup f,, > 0, ¢ = limsupg,, > 0. Note that f,, + ¢, < 1 and
therefore f 4+ g < 1.

One can check that f,,+g, is a martingale with respect to filtration generated
by Fi, k < n, and measure p, and therefore it converges p-almost surely to
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f + g. Moreover, it is an L!(dp)-bounded martingale, hence the convergence of
expectations also holds and E(f +g) := [(f+g)dp = [d(V+ v) = C. Since
we know that [ dp = C and that f + g < 1, it follows that p[f = g =0] =0
and therefore p-almost surely

[ limf,

= lim f—n = limd—a
- - dv

= = =1limW, =W, (7.2)
g lim g, In

Fn

Then, p-almost surely we have

U= 1{W¢Oo}a+ ]I{Wzoo}l//\
= L{woo} (fP) + Liw=0c} ¥
= Liwoo} (Wgp) + Liw=oc} ¥
= ]l{W#OO}(Wl/) + ]]-{W:oo}l//\

where in the second line we use that 7 < p with the Radon-Nikodym derivative
f, the third line uses (@), and the fourth line uses that g is the Radon-Nikodym
of v with respect to p.

We have seen that W is finite v-almost surely, hence we can re-write the last
expression as the following identity (valid up to the sets that have measure 0
both with respect to v and 7),

v=Wv+ ]]-{W:oo}/y\ (73)

Part 2: If U < v then W < oo, v-surely. (We already know that W < oo,
v-surely). If W < oo, v-almost surely, then by (7.3), ¥ = Wv and therefore
JWv = [V. Finally, if [ Wv = [ 7, then (E) implies that W < oo, D-almost
surely and 7 < v with Radon-Nikodym derivative W.

If 7 and v are mutually singular, then ([7.3) implies that W_= oo, U - almost
surely. Then if W = oo, ¥ - almost surely. then, integrating (@), we find that
JWv = 0. Finally, if [ Wv = 0 then (E) implies that 1 = Lyw—oc}7, hence
W = oo, v-almost surely. Since W < oo, v-almost surely, this implies that 7

and v are mutually singular.
O

In our application we will set 7 = GW and v = GW. The o-algebras F,, are
the algebras of cylindrical sets of trees that depends only on the generations at
or below n. The random variables W,, = X,,/u, as can be seen from equation

(1.

Proof of Theorem . Consider those vertices in the n-th generation of the
size-biased GW tree which are off the distinguished path. Their number follows
the Galton-Watson process with immigration. The immigration process is given
by Y,, = L,, — 1 since all except one vertices born from the distinguished particle
are immigrant particles. Hence we can apply Seneta Theorem .

This theorem says, in particular, that if Elog® (L —1) < oo then W,, = W <
oo almost surely, and Elogﬂi —1) = 00, then W,, - W = o0 a.s.
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Note that
~ 1
Elog" (L —1) = M Zlog(k — 1)kpg.
k=2

Hence, Elog™ (L — 1) < oo if and only if E(Llog™ L) < .

This establishes, that the Radon-Nicodym derivative of GW with respect to
GW is bounded GW-almost surely if and only if E(Llog™ L) < co.

By Lemma , we find that under the measure GW, EW = 1if E(Llog™ L)
oo and EW = 0 if E(Llog" L) = oco. This completes the proof of the theo-
rem. O

7.5 Critical Case

The results in the following theorem were obtained by Kolmogorov (1938) and
Yaglom (1947) under the assumption E(L3) < oco. In the more general case,
given here, it was established by Kesten, Ney, and Spitzer (1966).

Theorem 7.5.1. Suppose that =1 and 0? := Var(L) = E(L?) — 1. Then we
have

1. Kolmogorov’s Estimate: lim,, ., nP[X, > 0] =2/0?;

2. Yaglom’s limit law: If o < oo, then the conditional distribution of

X, /n given X,, > 0 converges as n — oo to an exponential law with mean
2
o%/2.

Interestingly, according to Lyons and Peres book, the case 0 = oo in the
second statement appears to be open.

We will prove only the first part of this theorem. The proof of the second
part is more difficult and the details given in the Lyons-Peres book are involved
and not clear enough to me. So this proof is skipped.

In order to establish this theorem we want to show that conditional on the
non-extinction, critical and subcritical Galton-Watson trees have the distribu-
tion of a corresponding size-biased Galton-Watson tree.

This is based on the following lemma, in which L is the offspring distribution
and H i(n) is the event that the descendants of child 7, 1 < ¢ < L, are not extinct
at generation n.

Lemma 7.5.2. Let L be a random variable taking non-negative integer values
with distribution P(L = k) = pg, and 0 < EL < oco. Suppose that given L,

events Hl("), . Hé") are independent and have probability h, — 0 as n — oco.
Let

Yn (LU) = Z ]]-Hin) (LU),
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)

the (random) number of events HZ(" that occur. Then conditional on Y, > 0,

and asymptotically almost surely,

1. only one event Hi(") 0CCUTS:

lim PY, =1|Y, > 0] =1;

n—0o0

2. the law of L is that of the size-biased r.v. L:

lim P[L = k|Y;, > 0] = kpi/EL;

n—o0

3. every of the events Hi(") has the same probability to occur:

lim PIH™|Y, >0,L =k] = 1/k.

n—oo
for1<i<k.
Proof. We have
khy (1 — hy)F—t
O LA

Using the notation t,, = 1 — h,,, we re-write this as

PlY, =1|Y, >0,L=k] =

U
1—tk T4ty ...+ttt ="

Hence,
P, =1V, > 01> > ppth ' =1,
k=1

as n — oo and therefore ¢,, — 1. This proves (1).
By using this, we have

lim P[L = k|Y,, > 0] = lim P[L = k|Y, = 1],

n—»00 n—so0
and by the Bayes rule,
PlY,, = 1|L = k] x P[L = k]
PlY, =1]
kprhon (1 — hy )kt
Y21 pihn (L= hn)7 =t

By using the monotone convergence, we can take the limit (1 — A, ) — 1 under
the summation sign and get

P[L = k[, = 1] =

kg
Z;i1 jpj ’
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which proves (2).
Then, again by using (1), we have

lim PIH™|Y, >0,L = k] = lim PH™|Y, =1,L =k = 1/k,

n—oo n—oo

where the last equality is obvious by the symmetry of the events H i("). O

Proof of Kolmogorov’s estimate in Theorem . Since E(X,,) = E(X,|X, >
0)P(X,, > 0), we have

COEX) 1
EXnlXn > 0) = 55 =00 " PiX, 5 0)

The idea is to show that E(X,|X,, > 0) ~ %Qn by decomposing this variable
into a sum of descendants from different special vertices.

Figure 7.4: A Galton-Watson tree

Let u}! be the left-most individual in generation n when X,, > 0, and let
its ancestors be ul'_4,...,uy. (See Figure for an example.) Let Y; be the
number of children of u}' that are to the right of w;;;. In the example we
have Yo = Y1 =0, Y2 = Y3 =Y, = Y; = 1. Then, let Y/ be the number of
descendants of " in generation n, which are not descendants of u!, ;. In the
example, Y=Y/ =Y, =0,Y{=3,Y/=0,Y/ = 1.

Clearly, X,, = 14377 Y/. In addition, E(Y/|X,, > 0) = E(Y;|X,, > 0) since
the children of u}' generate an independent Galton-Watson tree. The condition
X,, > 0 has no effect on the distribution of Y or Y; because it is satisfied by

K2
the existence of the vertex u).
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Hence,

n—1
E(Xn|Xn > 0) =1+ Y E(Yi|X, > 0).
=0

For the right-hand side we note that as n grows, by Lemma the dis-
tribution of Y; given X,, > 0 (recall, Y; is the number of children of u}" that
are to the right of u;;1) tends to the distribution which is uniform on the set
[0,...,L — 1], conditional on L. Hence, we can calculate lim, . E(Y;| X, > 0)
as E[(E —1)/2] = 6?/2, where we used

since EL = 1. (The passage to the limit of expectations from the limit of
distributions needs a justification, which can be found in Lyons-Peres book.)
It follows that

n—1
1
— =1 E(Y;| X, > 0).
sy =1+ S s
=1+n(0?/2+0(1)),
which implies Kolmogorov’s estimate lim,, o, nP(X, > 0) = 2/02. O

It also worthwhile to note that in the subcritical case 1 < 1, the random
variable X, |x, >0 converges almost surely to a random variable (without addi-
tional normalization by n~!). This is Yaglom’s theorem, and it can be proved
by an analogous method (see Geiger 1999 Journal of Applied Probability. "El-
ementary proofs of classical theorems about the Galton Watson trees”.) The
conditions that ensure that this random variable has finite mean were given by
Heathcoth.

Here is another interesting (and surprising) result about critical Galton -
Watson trees. Let G,, be the generation of the most recent common ancestor of
all particles in generation n.

Theorem 7.5.3 (Zubkov). Suppose EL =1 (the process is critical) and EL? <
oo, then

lim ]P’(nilGn <u|lX, > O) = u,

n— o0
foru<0<1.

In other words, the generation of the common ancestor is distributed ap-
proximately uniformly between 0 and n.
The proof can be found in Geiger’s paper.
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7.6 Simply generated trees

7.6.1 Definition and main properties

Random trees are studied extensively in combinatorics. Here we compare the
models from combinatorics with Galton-Watson trees. The material in this
section are based on Flajolet - Sedgewick book and lecture notes by S. Janson.

Two typical models are binary rooted planar trees and general rooted planar
trees.

A planar rooted tree is a tree imbedded in a plane with one marked vertex
(root). They are equivalent if we can find an oriented homeomorphism of the
plane that move one tree to another, with the root moved to the root. A vertex
of the binary tree has zero or two children and a vertex of a general tree can
have an arbitrary number of children.

Typically, one fixes the number of vertices and considers a tree taken uni-
formly at random in a given class.

Moon and Meir suggested a class of more general models for trees, which
they called simply generated families of trees.

Recall that the out-degree of a node in a rooted tree is its number of children,
that is, the number of edges that lead away from the root. Let ¢ = 1,¢1,¢o,. ..
be a sequence of non-negative numbers (“weights”), let the weight w(v) of a
vertex v be equal to cy(,), where d(v) is its out-degree, and let the weight of a
tree T be defined as

w(T) = [T wlw) = [T )™,
d=0

veT

where the last product is over all possible out-degrees d, and Ng4(7T') denote the
number of vertices of degree d in the tree T.

Definition 7.6.1. A simply-generated random tree is the tree in 7, drawn at
random with probability w(T")/y,,, where

Yn = Z w(T),

TET
and the sum is over all planar rooted trees with n vertices.

For example, if ¢g = ¢ = 1 and all other ¢; = 0, then y,, is the number of
binary planar trees with n vertices, and if ¢; = 1 for all ¢ then this is the number
of all planar rooted trees with n vertices. The first model is called the random
binary planar tree and the second, — the random general planar tree.

Moon and Meir studied the profile of the simply generated random trees
n (k), which is the number of vertices in generation k, when the total number
of vertices n is large.

They found that the average height of a vertex in a simply generated tree
is Ay/n, for some positive constant A and that if ¥ = O(y/n) then the profile
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behaves according to the Rayleigh distribution,

Eun (k) ~ Ak exp ( - 2:;14)

with the mean proportional to k. In particular for initial generations of a random
binary tree, the growth of population is linear (proportional to k).

Moon and Meir use the method of generating functions in their study.

Now what is the relation of these trees with Galton-Watson trees?

If Z;}ZO ¢; = C' < oo, then the sequences of weights ¢; can be scaled so
that it becomes a probability distribution p; = ¢;/C. This will not change the
relative weight of the trees in 7, since every weight will be simply multiplied by
C™, where n is the number of vertices in the tree. In this case w(T) becomes a
probability of a Galton-Watson tree with the offspring distribution p;. However,
note that we condition this Galton-Watson measure on trees by requiring that
the tree has the total progeny equal to n. Hence in this case the simply generated
random tree can be identified with a conditioned Galton-Watson tree.

For example, the random planar binary trees can be described in this way,
by setting pg = pa = 1/2.

What if Z;}io ¢; = 00, as, for example, the situation for the general planar
trees?

Theorem 7.6.2. Let the probability on the set of trees Ty, is given by the weights
¢k, k=0,1,.... Suppose that the series (t) = > -, cuth has a positive radius
of convergence so that ZZOZO ckp® < oo for some p > 0. Then this probability
distribution coincides with the probability distribution of a Galton- Watson tree
conditioned to have n vertices.

Proof. We use a modification of the weight sequence which will not change the
relative weight of the trees, and so it will not change the probability distribution
of the trees. Namely, let ¢; := at’c;, where a and t are parameters. This means
that a vertex of out-degree d how has weight at%cq. After multiplying over all
vertices we get an additional factor a™t#edges in T — gngn=1_pn other words, for
these weights, we have

E(T) _ H(Ed)Nd(T) B H thivd(T)’
d=0 d=0
yn = antn_lyn7

and therefore, the probabilities of trees are the same as before weight modifica-
tion, w(T) /7, = w(T)/yn. |

Since the new weights are ¢; = ac;t’, therefore by our assumption on the
series Y 7o cxt®, we can find a modification of weights such that > ¢; = 1.
Then the corresponding family of random trees is the same as that of the Galton-
Watson trees with probabilities of offspring p; = ¢; and conditioned to have n
vertices. O
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In fact, since we have two parameters, a and ¢, at our disposal, we can also
target a specific mean for the offspring distribution in the Galton-Watson tree.
In particular we can target EL = 1. If it is possible, the simply generated
random tree is equivalent to a critical random Galton-Watson tree conditioned
on the total number of progeny being equal to n.

So, for example, a random general planar tree corresponds to the sequence
¢; = 1 for all 5. By the original definition, this is simply a tree chosen uni-
formly at random from all general planar trees of size n. If we use the weight
transformation with a = ¢ = 1/2, we find that this random tree corresponds
to a random Galton-Watson tree with the geometric offspring distribution with
parameter p = 1/2, conditioned on having n vertices.

For the critical Galton-Watson trees, we already know that conditional on
non-extinction in generation h — oo, the initial portion of the tree converges
to the size-biased random tree. It turns out that the same claim holds if we
condition on the total progeny of a critical tree n and let n go to co. The initial
portion of the tree converges to the size-biased random tree.

Example 7.6.3. Consider a random planar tree with large n. The convergence
to the size-biased tree allows us identify (with large probability) in k-th gen-
eration a distinguished vertex, the ancestor of the vertices in the most distant
generation. This vertex is likely to have offspring distributed as the size-biased
distribution p; = i(1/2)* while all other vertices in this generation generation
will have the out-degree with geometric distribution p; = (1/2)%.

Now, supposing that we can re-weight the original weights ¢; to a sequence of
probability weights, is it always possible to ensure that the resulting probability
distribution has mean 17

The answer is “no”.

Note that we can use the transformation ¢; — ac;t* and obtain a probability
distribution only if ¢ < p where p is the radius of convergence for the series
6(t) =Y oo, cit’, of if t = p and (p) < oo.

If we do the transformation and the result is the probability sequence, then
we must have a = 1/6(t). So, let the probabilities after the transformation be
pr = c,t®/0(t). Then the off-spring distribution of the corresponding Galton-
Watson tree has the mean

EL:ikp =Likc tk:t9/<t)
=IO =CION

Lemma 7.6.4. The function ¢(t) = t0'(t)/0(t) is increasing on [0, p).

Fx. 7.6.5. Prove this lemma.
Define

20
_ .
v =1t

Then it is clear that we can choose a re-weighting transformation with the
critical offspring distribution, only if v > 1.
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The point is that for certain choices of weights v < 1. The trees in which this
situation is realized are called non-generic random trees. It can only happens if
the radius of convergence p < co.

Ezample 7.6.6 (Non-generic random tree).

Let ¢, = 1/kP for k > 0 and 8 > 2. Let ¢g = 1+, where we choose § later.
Then p = 1 and (1) = {(B) + 6 < co. (Here ((z) denote the Riemann zeta
function.) In addition

_ _(B-1
v=vU= T

By a suitable choice of § this can be made smaller than 1. In this situation, the
tree cannot be represented as a critical Galton-Watson tree.

From the arguments in the previous section we know that if we condition
a critical or a subcritical tree on the existence of surviving vertices in the n-th
generation, and let n — oo, then the limit is the size-biased Galton-Watson tree.
Note, however, that when we study random trees from 7,,, we are conditioning
not on the existence of the vertices in the n-th generation but rather on the
total size of the tree. It turns out that for generic trees, this does not make
much difference in the limit, and the limit tree is the same, — the size-biased
critical GW tree.

A surprise comes with non-generic trees. It turns out that for them the limit
is different.

Suppose that we investigate non-generic trees 7T, with the offspring distri-
bution {py}, such that 4 < 1. Then the limit tree can be described as follows.
The vertices are again divided into two classes, normal and special, and in one
generation there can be no more than one special vertex. However, now in some
generations there are no special vertices.

The root vertex is special. The offspring of every special vertex is distributed
according to the following distribution:

I_ k, with probability kpy
oo, with probability 1 — p,

where p:=EL =2 kp.

If the offspring of a special vertex is finite, then one of the offspring is
randomly chosen as the special vertex in the next generation. However, if the
offspring is infinite, then none of the children is chosen as special. All vertices
in the offspring are normal. The offspring of every normal vertex is distributed
according to the usual Galton-Watson law and consists of normal vertices.

With probability 1, this limit random tree has only a finite path of special
vertices, and at the end of this tree there is an explosion.
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7.6.2 The main convergence theorem about simply gener-
ated trees

Definition of convergence of rooted ordered trees

It is convenient to consider all trees as subsets of one very large non-locally finite
tree which is called the Harris-Ulam tree Tyy. Namely, consider the alphabet
of natural numbers N = {1,2,..., and the space V, of all finite strings on this
alphabet, including the empty string (). For example, a typical element is a
sequence (100, 1,10,2). These are the vertices of the tree Txy .

The root of this tree is the empty string #. The edges connect vertices
i1,...,05 and 41, ..., %k, ig+1. This gives Ty the structure of a connected graph
which is in fact a tree. Since the tree has a root, we can talk about parent-child
relation between vertices. For example the vertex (100, 1,10) is the parent of
the vertex (100, 1,10, 2).

The embedding ¢ of a planar tree T in Ty is defined recursively. The root
of T is mapped to 0. If v is mapped to (i1, ...,%x) and has s children vy, ..., v,
(which are ordered by the definition of a planar tree), then v; is mapped to
(i1,...,1k,7). For example, if a vertex of T' that corresponds to (100, 1,10)
has three children, then they are mapped to (100, 1,10,1), (100,1,10,2), and
(100, 1, 10, 3), respectively.

Let Ty C Tiy C T be the sets of all finite (locally finite, arbitrary) rooted
planar trees, respectively.

For a tree T in 7 one can define the out-degree function on vertices of
TyU. Namely, dp(x) = 0 if = is not in the image of the embedding ¢(T"), and
dr(p(v)) = out-degree of vertex V in T. Note that this function can take value
oo if the vertex v has infinite number of children.

Definition 7.6.7. We say that a sequence of planar trees T,, € T converges
to T' € T, if the functions dr, converge to dr pointwise, that is if for every
DS THU,

dTn (’U) — dT (U)

Let 70 denote the subtree of T consisting of the vertices in generations
0,...,m, that is, the truncation of tree T' at height m. Then for locally finite
limit trees T', the situation is simple.

Lemma 7.6.8. If T € TT is locally finite, then, for any sequence of trees
T,€TT

T, =T < T™ = TM™ for each m

— T =T for each m and n > ng(m)
where ng(m) is a certain function of m.

If T is not locally finite then the second equivalence in this statement does
not hold.
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Ezample 7.6.9. Let S,,, 1 < n < oo, be a star where the root have out-degree

n and its children have out-degree 0, then S,, — S, but Sr(lm) #+ SE,Q”) for all n
and m > 1.

Let V[™ be the subset of V. that consists of strings of length at most m
and with string elements at most m. The T!™ is the subtree of T with the
vertices in V™. That is, TI"™ is obtained from T by truncating at height m
and pruning the tree so that all out-degrees are at most m. Then, the following
result holds.

Lemma 7.6.10. For any T € TT and for any sequence of trees T,, € TT

T, T <— T,[Lm] — M for each m

— T =T for ecach m and n > ng(m)
where ng(m) is a certain function of m.

Janson notes that if the trees are random then the analogues of these two
lemmas holds for the convergence in probability or in distribution. For example

T, 5T < T 2 7 for each m

For the proof, Janson refers to the methods in Aldous and Pitman 1998 "Tree-
valued Markov chains” (in the case of locally finite limit tree) , or more generally
to Billingsley "Convergence of probability measures”.

The main convergence theorem

Let us here give a formal statement about the limit of simply generated trees.
Recall that we defined 0(t) = Y ;= c;t’, where ¢; are the weights of a given
family of trees, and p as the radius of convergence of 6(t). We have also defined
the function ¢ (t) = t0'(t)/0(t) and v = limyq, ¢ (t). This parameter represents
the largest mean of the offspring random variable L that can be obtained through
re-scaling of the weight sequence.

Theorem 7.6.11. Let (¢x) be any weight sequence with cog > 0 and ¢ > 0 for
some k > 2.

1. If v > 1, let T be the unique number in [0, p| such that (1) = 1.
2. Ifv <1, let T = p.

Let m, = cx7%/0(7) for all k > 0. Then () is a probability distribution with
expectation p = (1) = min{v, 1}, and (possibly infinite) variance o® = 7¢'(7).
In the case (i) p =1 and the simply generated random tree T,, converges to the
size-biased Galton-Watson tree that corresponds to distribution w. In the case
(i) u = v < 1, T,, converges to the modified size-biased Galton-Watson tree that
has a finite spine ending with an explosion.

[Proof ?777]

144



The convergence for the degree of a random vertex

Recall that we use dr(v) to denote the out-degree of vertex v in a rooted tree
T.

Theorem 7.6.12. Let T, be a simply_generated tree and let the probability
distribution m be as defined in Theorem .

1. Let v be a uniformly random node in a random tree T,,. Then, for every
k>0, asn — oo,

P[dTn = k] — Tk
2. Let Ni(T,,) be the number of vertices of out-degree k in a random tree T,,.
Then for every k > 0,

Nk(Tn) P
_— —
n

Tk

Note that the second statement is stronger and more useful than the first.
It means that the empirical distribution of vertices in a given random tree
converges to the distribution w. It corresponds to the quenched results in ter-
minology of statistical physics, while (i) corresponds to an annealed result.

For generic case v > 1 a form of this result was proven by Meir and Moon
(see Flajolet - Segdewick Proposition VIL.2 on p. 460). In the presented form
it is due to Jansson (Theorem 7.11). Janson also gives a reference to an early
work by Otter (1948).

7.6.3 Further Examples

1) Non-planar trees, or unordered trees.
2) Binary tree II
3) Motzkin tree
4) WE = k!

7.6.4 How to generate simply generated random trees?

We will describe here Devroy’s algorithm for sampling generic simply-generated
trees, and we describe it below. Devroy assumes in his algorithm that the weight
sequence is rescaled to a probability distribution {pg} with mean 1. This is
always possible to do for a finite n by setting the weights ¢, equal to 0 for
k > n. In particular, this algorithm works both for the generic and non-generic
case.

Devroy assumes also that 0 < o2 := Var(L) < oo and shows that the
algorithm is linear in n under this assumption. He explains what happens if the
assumption on the variance is relaxed. He warns, however, that for E(L) = oo,
the explicit results about the complexity of the algorithm are more difficult to
obtain.
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Bijection with Lukasiewicz paths

First, we note that rooted planar trees are in bijection with a special kind of
random walk paths, the Lukasiewicz paths.

The pictures and discussion below are taken from Flajolet-Segdewick book
“Analytical Combinatorics”

Figure 7.5: The depth - first exploration of a tree

Every plane tree can be traversed by starting at the root, proceeding depth-
first and left-to-right and backtracking to the root once a sub-tree has been
completely explored. For example, in the tree in Figure the first visits to
vertices take place in the following order: (a,b,d, h,e, f,c,g,i,7).

If we replace the vertex in this order with the out-degree of this vertex, than
we obtain the Lukasiewicz code of the tree. For the example in Figure @, the
code is

o =(2,3,1,0,0,0,1,2,0,0).

Figure 7.6: Reconstruction of a tree from its Lukasiewicz code

One can check that the code determines the tree unambiguously. Given a
code, one reconstruct the tree step by step adding vertices one after the other
in the left-most available place. For our example, the first steps in this process
are illustrated in Figure @

Lukasiewicz introduced these codes to describe the order of evaluation of
logical expressions. These codes are also a basic instrument in development of
parsers and compilers in computer science.

The Lukasiewicz codes can be represented as paths on the discrete lattice
Zx Z where the j-th element of the code o; corresponds to the path displacement
(1,05 — 1). For our example, we have the path shown in Figure [1.7.
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Figure 7.7: A Lukasiewicz path

In this way, we obtain a bijection between the planar rooted trees with n
vertices and lattice paths from (0, 0) to (n, —1) where the steps have sizes in the
set {—1,0,1,2,...}, and such that the path does not go below the horizontal
axis except at the last step. Such lattices paths are called Lukasiewicz paths

So, in order to generate a random planar tree 7, according to the distribution
w(T), we need to generate a Lukasiewicz path P, with n steps, according to
the distribution w(P) that assigns weights ¢; to increments with value ¢ — 1.

Cycle lemma

For the purposes of path generation, it is somewhat inconvenient that the path
is restricted to be always above the horizontal axis except at the last step.
So consider the class of relazed Lukasiewicz paths that start at (0,0), finish at
(n,—1) and have step sizes in the set {—1,0,1,2,...}. However, they are allowed
to take negative values in between times 0 and n .

Figure 7.8: A example of the Vervaat Transform

Every relaxed Lukasiewicz path can be transformed to a regular Lukasiewicz
path by a certain transformation. We call it the Vervaat transform since it is
analogous to a similar transform in the theory of Brownian motion introduced
by Wim Vervaat. It works as follows. Let xi,xg,...,x, be the steps of a
relaxed Lukasiewicz path, and s; = > 7_, z; is the vertical coordinate of the
path at time j. Let 3 is the first time when the path reaches its minimum value.
Then the Vervaat transform of the original path is given by the step sequence
($3+1, B 7 P x;). An example is shown in Figure @

Lemma 7.6.13 (Dvoretzky-Milman Cycle Lemma). The Vervaat transform
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is an n-to-1 map of the set of relaxed Lukasiewicz path to the set of regular
Lukastewicz paths.

It is also clear that the Vervaat transform preserves the number of steps that
have a given size. It remains to generate relaxed Lukasiewicz paths according
to distribution that gives a path P the weight w(P), where

w(P) =c{ocit ...k ...,
if the path contains n; steps of size j — 1, and we also have the conditions

nog+ny+...=n,
ng X (=1)4+ny x (0)+nax1+...+npx(k—1)+...=—1.

Adding the first condition to the second, we obtain:
ni+2n+3ng+...=n—1.

By assumption, ¢; = p; form a probability distribution, so we have a problem of
getting a sample (ng, n1,na,...) from the multinomial distribution with param-
eters n and (pg, p1, pe, - . .) and an additional linear condition Zzozl knp =n—1.

7.6.5 Sampling from the multinomial distribution

It is easy to sample from the multinomial distribution since its marginal and con-
ditional distributions are binomial and multinomial distributions respectively.
First, we sample ng as a binomial random variable with parameters (n, po), then
we sample n; as a binomial r.v. with parameters [n —ng,p1/(1— po)}, then we
sample ny as a binomial r.v. with parameters [n— (no+n1),p2/(1— (po+p1))],
and so on, until we obtain nx such that n; +... +ng = n.

According to Devroye, a binomial random variable can be generated in con-
stant time independent of n and p. Therefore, the generation of the sequence
(no,-..,nk) will on average take time proportional to the expectation of K
above. If the distribution of L has finite support then this expectation is con-
stant. Otherwise, we need to evaluate the expectation of the maximum of n
independent copies of L and according to Devroye, this quantity is bounded by
o(n/?) if E(LP) < co. (See the argument in Devroye’s paper.)

It follows that the time to generate the sequence (no,...,nx) is O(n'/?) for
L with finite variance.

Note, however, that the generated sequence of nj might fail to satisfy an
additional condition ), kny = n—1. In order to satisfy this condition, Devroye
suggests repeating the procedure until the condition is satisfied.

Note that

EZkznk = kakn = un.
k k

For p =1 this is close to the target condition for ), kny.

148



Also note that this sum can also be written as Z?Zl L; where L; are i.i.d
random variables distributed as L. Hence one can use theorems about sums of
independent random variables. If 4 = 1 and Var(L) < oo, then local limit laws
hold and the probability of the sum to hit n — 1 is at least en™/2 unless some
condition on the parity of the sum interferes (Devroye refers here to Petrov’s
book.)

Hence, on average one needs O(nl/ 2) randomly generated sequences to ob-

tain one sequence (no,...,ng) that satisfies the condition ), kny = n — 1.
Generation of one sequence takes time O(n'/2). Overall, this gives O(n) time
to generated a good sequence (ng,...,nk).

Overall description of the sampling algorithm

So, first we generate the sequence (nog,...,ng) that satisfies the condition
> i kng =n — 1. Then we form a sequence

(-1,-1,...,-1,0,...,0,1,...,1,2,...,2,.. ., K —1,..., K — 1).

where —1 is repeated ng times, 0 repeated ny, and more generally, the value
k — 1 is repeated ny.

After that we permute randomly this sequence and apply the Vervaat trans-
form. This can be done in O(n) time. Finally, we map the resulting Lukasiewicz
path to the corresponding tree. This again takes no more than O(n) time.

Hence, if 4 = 1 the overall running time is linear O(n).

Extensions

What do we do if EL < 1 and the sequence of weights cannot be re-weighted
to the critical case EL = 17 In other words, how do we generate non-generic
trees?

In fact for any fixed n, the probabilities p; with k > n are irrelevant after
we condition on the progeny size equal to n. Hence, for every fixed n, we can
use a truncated probability distribution for L, where pi = 0, if k& > n. This
probability distribution can be conjugated (that is, re-weighted) to a critical
cases and therefore, we can sample from this family of trees.

The re-weighting scheme is changing from time to time and this is what
causes the limit to be different from the case of generic trees.
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Chapter 8

Random planar maps

8.1 Planar maps and Quadrangulations

[This section is based on the Chassaing-Schaeffer paper.]

Planar maps are planar graphs with a fixed imbedding in a plane (or sphere).
One can also consider graphs embedded in surfaces of higher genus. A priori,
loops and multiple edges are allowed in a planar map. We assume here that a
planar map is rooted. That is, it has a root, which is a distinguished edge with
a specified orientation. The starting vertex of the root is called the root vertez.
The face which stays on the right when we move along the root edge is called
the root face or outer face. Two maps are identical if there is a homeomorphism
of the plane that sends one map onto another (roots included).

Figure 8.1: A planar quadrangulation, in planar and spherical representation; pic-
ture from Chassaing and Schaeffer

One particular case of planar maps consists of triangulations, another one,
which we consider here consists of quadrangulations. These are planar maps
with 4-regular faces. See Figure B.1|.

The 4-faces are allowed to be degenerate, in the sense that they can have as
its boundary two edges from u to v and another edge in the region bounded by
these two edges. See an example of these faces in Figure B.2.

One can check that the quadrangulations are necessary bipartite, that is, its
vertices can be colored in two colors, so that no two vertices of two colors are
connected by an edge. In particular, this implies that there can be no loops in
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Figure 8.2: A planar quadrangulation, with vertices labelled by minimal distance
from the root vertex.

@r quadrangulation. However, there still can be multiple edges. See Figure

One can check that if a quadrangulation has f = n faces, then it must have
e = 2n edges. The Euler formula says that there is a relation between the
number of faces, edges and vertices in any planar map. Namely, f +v =e + 2.
It follows that the number of vertices in a planar quadrangulation with n faces
isv=e+2—f=2n+2—-—n=n+2.

The picture in Figure @ also shows the minimal distances of vertices of
quandragulation from the root vertex.

The distribution of the minimal distance across vertices is called the profile of
the quadrangulation, that is, the profile is defined as the vector (Hy), k =1,...,
where H}, is the number of vertices at the distance k£ from the root vertex.

Let d(v) denote the distance from the root. In the following we need some
properties of this function.

Figure 8.3: The map from quadrangulations to well-labelled trees. On the left: rule
for simple (top) and confluent (bottom) faces.

1) If v and v are joined by an edge then |d(u) — d(v)| = 1.

This is clear by triangle inequality for the distances. The case d(u) = d(v)
is ruled out because u and v has different colors and the function d has the
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different parity for vertices of different color.

The second property is immediate consequence of the first one.

2) Around a face, four vertices appear: two blacks, z; and x2 and
two whites, y; and y». These vertices satisfy at least one of the two
inequalities d(x1) = d(x2) and d(y1) = d(y2).

(Note that it might happen that x1 = x2 or y1 = ys.)

In the following, a face will be called simple when only one of these equalities
is satisfied and confluent if both are satisfied.

8.1.1 Quadrangulations and well-labelled trees

Here we describe Schaeffer’s bijection between rooted planar quadrangulations
and well-labelled planar trees. The benefit of this bijection is that we can study
random triangulations in the framework of random trees.

A well-labelled planar tree is a rooted planar tree, in which every vertex is
labelled by a positive integer. The root vertex is labelled by 1 and the labels on
adjacent vertices are different by no more than 1.

The label distribution of the well-labelled tree is the vector (Ax), k =1,.. .,
where A\ is the number of vertices with label k.

Theorem 8.1.1 (Schaeffer). There is a bijection T between planar quadran-
gulations with n faces (counting the outer face) and well-labelled trees with n
edges. Under this bijection, the label distribution of the tree T(Q) equals the
profile of the quadrangulation Q.

Proof. Here is the map of quadrangulations to well labelled trees.

For every confluent face, take an edge (absent in the original map) that
connects two vertices with maximal label d(v). For every simple face f take an
edge that have a vertex v with maximal label as one end-point and leaves v with
face f on its left. See picture in Figure

Finally, let the distinguished edge will be the edge that was chosen for outer
face of the map.

The first claim is that the result of this operation is a well-labelled tree with
the distinguished edge as its root, and the labels equal to the distances d(v). The
second claim is that it is a bijection, and hence the original planar map can be
recovered from the well-labelled tree.

Let us prove the first claim.

Lemma 8.1.2. The mapping T sends a quadrangulation QQ with n faces on a
well labeled tree T(Q) with n edges.

Proof. First, why all vertices of @ belong to T(Q)? Consider a vertex x which
is not the root vertex of @, then one of its neighbors, say y, is located on the
path to the root and therefore has a smaller label. For this edge (x,y) we have
the following possibilities:

1. it is incident to a confluent face;
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2. it is incident to a simple face in which x takes the maximal label, and
3. it is incident to two simple faces in which x takes the intermediate level.

In all of these cases, our rules ensure that x belongs to at least one edge selected
for 7(@Q). It follows that all vertices except root belong to 7(Q). The root is
minimal vertex in all its faces and therefore it is not incident to any edge in
T(Q).

Since the total number of vertices is n + 2, it follows that n + 1 vertices are
incident to an edge in T(Q). For each face, we have one edge chosen. For two
different faces, these edges are different. For confluent faces this is obvious, and
for a couple of adjacent simple faces, the edges must be different because of our
rule of how to chose an edge from two possible for simple cases. It follows that
there are n edges in T(Q).

It is clear that 7(Q) is planar by planarity of Q.

In order to show that 7(Q) is a tree it remains to prove either that 7(Q) is
connected, or that it does not have cycles.

Here is how cycles can be ruled out.

Figure 8.4: Impossibility of cycles

Suppose there exists a cycle in 7(Q) and let e > 0 be the value of the
smallest label of a vertex of this cycle. Either all these labels are equal, or there
is in the cycle an edge (e,e + 1) and an edge (e 4+ 1,e). In both cases, as we
can see from Figure @, the rules of edge selection imply that there is a vertex
with label e — 1 in both components of the plane defined by the cycle. Now
consider the shortest paths from the root to these vertices. Since the vertices
are in different components, one of these paths must intersect the cycle, and the
vertices on the path have the labels smaller than e — 1. This contradicts to the
assumption that e was the smallest label on the path.

It follows that there are no cycles and therefore 7(Q) is a tree on with n
edges. O

The second claim is that there is an inverse mapping from well-labeled trees
to planar quadrangulations.
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Figure 8.5: First step of reconstruction algorithm

Here is how the transformation works. The first step is illustrated in Figure

. We view a planar tree as a planar map with a unique face F. We define
a corner as a sector between two consecutive edges around a vertex. A vertex
of degree k defines k corners and the total number of corners of a tree with n
edges is 2n. (Adding an edge adds 2 corners to a tree.) The label of a corner is
by definition the label of corresponding vertex.

So, first we place a vertex vy with label 0 in the face Fy and add an edge
between this vertex and each of the corners with label 1. The new root is the
edge from vy at the corner before the root of T. The “before” here is in the
sense of counter-clockwise orientation.

If we had [ corners with label 1 then after this procedure we obtain [ faces
in the resulting planar map (including the outer face Fp).

Then we process every face separately. Let k > 3 be the degree of the face k.
Number the corners of F' from 1 to k starting right after vy and going clockwise.
Let e; be the label of corner i. (So, in particular e; = e;—; = 1 and e = 0.)
An example is shown in Figure E for one of the faces.

Then for each corner i > 2 one adds an edge (i, s(7)) inside the face, unless
s(i) =i+ 1. Here s(4) is the successor function:

s(i) = inf{j | > ire; = e, — 1}

In words, for every corner ¢ > 2, we go along the boundary clock-wise starting
with ¢4 1 and look for a corner that has a label which is smaller by 1 than label
of corner ¢. If we find such a corner j, then we connect ¢ to j, unless j =7+ 1
and it is already connected by an edge.

We will prove later that it is possible to add the edges in such a way that
they do not intersect.

After these procedure is finished for each face, we obtain a planar map Q'(T).
In this planar map we remove the edges with labels of the form (e, e). The result
is a planar map called Q(T).

The first claim is that Q(T) is a quadrangulation with n faces, and the
second claim is that this mapping is inverse for the mapping 7 above.

Lemma 8.1.3. The edges (i,s(i) do not intersect.
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Proof. If we have intersecting edges, than we can choose ¢ and j such that
i <j <s(i) <s(j). Then egsi = e; — 1 and the label of j cannot be < e; — 1,
since otherwise we would encounter the label e; — 1 earlier before coming to
5(i), — the labels cannot change by more than 1. Hence e; > ey(;). However by
a similar argument we have ey;) > es(j). It follows that ey;) < e; — 2, which
contradicts the definition of s(j). O

Figure 8.6: Possible types of faces in Q'(T)

Lemma 8.1.4. The faces of Q'(T) can have only the two types shown in Figure
. They are either triangular with labels e, e + 1, e + 1, or quadrangular with
labelse, e+ 1, e+2, e+ 1. The faces of Q(T) are all quadrangular.

Proof. The picture in Figure @ is self-explanatory. However a couple of obser-
vation. Let f be a face in Q'(T') and j be the corner with largest number in the
corresponding face F' in Tp. Let i1 < is < j be its two neighbors in f. (Here we
use the numbering inherited from F'. Then, by the definition for the successor
function, we must have e;, = e;, = e; + 1.

Then two situations are possible. Either io = i; + 1, and the f is a triangle.
Or 45 > 1. In this case i; + 1 is not connected with j and the rules for the
successor function imply that e;, ;1 = e; +2. and that i; + 1 is connected with
1. This shows that f is quadrangular with the properties stated in the lemma.

Finally, when the edges of the type (e, e) are removed, this joins two trian-
gular faces in a quadrangular face. In particular, it removes all triangular faces
and shows that Q(T) is a quadrangulation. O

Now we want to prove our second claim.

Proposition 8.1.5. The mapping Q is the inverse of the mapping T .

Proof. If quadrangulation is an image of the map Q(T) then its faces look as
quadrangular faces in Figure or as pairs of triangular faces in Figure
joined by the edge (e,e). Then we can see that the mapping T recovers back
the relevant part of the tree by selecting the right edges.

One unclear point is that the set of Q(T) gives all possible quadrangulations.
This can be resolved either by comparing the cardinalities of the set (which are
known from other methods), or directly by showing that Q(7 Q) is identity for
every quadrangulation (). The last argument is rather complicated. O
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Since 7 is an map of quadrangulations to well-labeled trees, and Q is an
map of trees to triangulations, and since they are inverses of each other, that
means that there is a bijection between quadrangulations and well-labeled trees
and this concludes the proof of Theorem B

O

8.1.2 Embedded trees

Figure 8.7: An example of an embedded tree. The vector X is the profile of the tree.
[m, M] is the support of the distribution of labels.

How can we generate the well-labelled trees? One of the problems is that
well-labelling assumes that the labels is positive and this is a stringent con-
straint. So we proceed in two steps. The first step is to relax this constraint
and consider a more general class of trees, which is called embedded trees. The
second step that every well-labelled tree belongs to a specific class of embedded
trees. Every such class has the same cardinality and the same number of repre-
sentatives from well-labelled trees. So we will be able to generate a well-labelled
tree provided that we are able to generate embedded trees and convert each em-
bedded tree to a corresponding well-labelled tree in its class. The second step
will require introduction of yet another class of the trees, the blossom trees.

So, for the first step of this program, consider the class of labelled rooted
planar trees, where labels on the neighboring vertices can be different by no
more than 1 unit but there is no condition of positivity. (The root is labelled 1,
as before.) An example is shown in Figure ﬁ

Another way to describe this tree is to imagine that not vertices, but edges
are labelled by labels from the set {—1,0, 1}, which describe how the labels on
vertices change when we move away from the root.

We call these trees embedded trees for the following reason. These trees
are a special type of trees that were considered by David Aldous to describe a
random distribution of mass in space. He accomplished this by embedding the
trees marked by a random vector v. on the edge e in the space. Every vertex
v in the tree corresponds to the point in space given by the sum Zee[r’v] Ve,
where the summation is over edges in the path from the vertex v to the root 7.
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Figure 8.8: An example of an embedded tree and the corresponding mass distribu-
tion.

In our special case the “space” is Z, the labels on edges are {—1.0,1} and
the distribution of mass is simply the profile of the tree. See Figure @

It is easy to generate the embedded tree. Simply generate a planar tree and
put the labels {—1,0,1} on the edges randomly.

The relation of embedded trees and well-labelled trees is described in the
following theorem. Let &, and W, denote the sets of embedded and well-
labelled trees with n edges, respectively. We know that and W,, C &, since the
well-labelled trees are simply embedded trees for which an additional constraint
on labels is satisfied. (The labels must be non-negative.)

Recall also that A (1) denotes the number of vertices with label k. We also
define the cumulated label distribution as

k
A(T) = Z Amt1-1(T),
=1

where m is the minimal label. Clearly Aps_., 11 = n+ 1, where n is the number
of edges in T'. For the example in Figure 8.8, we have Ay =1, Ao =4, A3 =7,
Ay =09.

Theorem 8.1.6 (Chassaing-Schaeffer). There exists a partition of embedded
trees &, into disjoint classes C;, such that for every class Cj,

2. well-labelled trees are fairly represented,

2

C,iNnW,| = ——
| Wal n+2

|Cl|a

and

3. there is a relation between label profiles. For every tree W € C; N W,, and
every tree T € C;, and all k > 1,

Ap—o(T) < Ay(W) < Apq2(T).
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A consequence of this theorem is the enumeration of quadrangulations with
n faces (originally proved by another method in Cori - Vauquelin, 1981).

Corollary 8.1.7. The number of quadrangulations with n faces is
2 3" (2n
n+2n+1\n)’
Proof. By Schaeffer’s theorem (Theorem )7 we know that the number of

quadrangulations with n faces equal to the number of well-labelled maps with
n edges, |W,|. Theorem E.l.ﬁ implies that

2
n :75n7
Wal = — 16|

where |, | is the number of embedded trees. The total number of rooted planar

trees is the Catalan number C,, = %ﬂ (2:), and the total number of labellings
is 3". Hence |£,| = 25 (%"). Altogether, this implies the statement of the

corollary.
O

Theorem can be restated in the following form. Let W,,, T,, be random
trees uniformly distributed on W, and &, respectively. Also let u(W,,) denote
the maximal label of tree W,,, and M(T,), m(T,) denote the maximum and
minimum labels of tree T}, respectively.

Theorem 8.1.8. There is a coupling (W,,T,) such that the induced random
variables (A(Wy), A(T},)) for all k satisfy inequalities

Ap—2(Tn) < A(Wh) < Agra(Th),
and in particular, for this coupling,
(W) = (M(T) —m(Th))| < 3.

Proof. The joint distribution of the coupling is given by the following formula

2|én|, if W and T are both in C' with |CNW,| = 2,
‘5—1“, if W and T are both in C' with |CNW,| =1,

0, otherwise .

The first inequality follows from the inequality in Theorem . One particular
case of this inequality is

A2 (Tn) < Ap(Whn) =n+1 < Ao (Th),
which implies that
p=—2<M-m+1<pu+2,

and this implies the second inequality of the Theorem. O
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Figure 8.9: Blossom Tree and its labelling

8.1.3 Blossom trees

The proof of Theorem uses blossom trees. These are rooted planar trees
with the following properties.

1. The leaves of a blossom tree are of two types: arrows and flags.
2. The root is a special leaf, and it is a special flag.

3. The inner nodes of the tree (i.e., those which are not leaves) have degree
4, and adjacent to exactly one arrow.

The set of blossom trees with n inner nodes is denoted B,,. Since the degree
of inner nodes is 4, it is easy to check that the number of leaves is 2n + 2 and,
in particular, there are n arrows and n + 2 leaves (including root).

For the following construction we need to introduce some labels on the flag
leaves of the blossom tree. This labelling is completely determined by the tree
and given by the following labelling process:

e Start with current label 2 just after the root.

e Go around the border of the tree in counter-clockwise direction. If an
arrow is reached, increase the current label by 1, otherwise, when a non-
special flag is reached, decrease the current label by one and write it on
the flag.

o Stop when the special (root) flag is reached again.
See an example in Figure @/

Theorem 8.1.9. There is a bijection between embedded trees with n edges and
blossom trees with n inner nodes that preserves the label distribution.

The bijection is build by a recursion and we also need “decorated” blossom
trees. These are blossom trees in which flags contains not only labels but also
an embedded tree, which can be empty. If the embedded tree in the flag is not
empty, then its root has the label equal to the label of the flag.

In addition, for every embedded tree we define the root edge as the left-most
edge incident to the root vertex.
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Proof. The rules for the bijection are illustrated in Figure .

e
O
e e+l
T T T ST TTTTN ST T
VA B "B, VA VA B,
\\ ’ \\ ’ \ ’ \ ’ \\ ’ \ ’
\ [ Y 7‘ I Y
€| ed en ed e+lg e-lg e
el e+l | \ \ \ \ \

Figure 8.10: Rules for the bijection from embedded to blossom trees

e e+l e : e+l e e+l e+l et+2 e-1. e e e+l

The first step of the encoding of an embedded tree is special and consists in
writing it on the normal flag of the unique blossom tree with two flags and no
inner node.

The next step is to apply one of the rules in Figure . The first rule says
that if the tree in the flag consist of only one vertex with label e, then this flag
is replaced by the undecorated flag with the label e.

Three remaining rule pertain to the situation when the embedded tree inside
the flag has at least one edge. They prescribe splitting the embedded tree by
cutting it over its root edge. The two resulting trees are put then into two flags
which connected to a new inner node that replaces the flag that we process. An
arrow is also added to the new inner node in a specific direction.

For example in Figure , we apply first the rule II.

Then the procedure is repeated recursively until no flags with embedded
trees remains.

The rules are local so the result do not depend on the order in which the
rules are applied.

Note that every time a new inner node is added, an edge is removed from
the union of the embedded trees. It follows that if the embedded tree had n
edges, the resulting blossom tree will have n inner nodes.

It is also obvious that the inner nodes have out-degree 4.

Next, the choice of the position in which the arrow is placed ensures that
the labels on the new blossom tree will be consistent with the labels on the
embedded trees.

Finally, it is obvious that the procedure is reversible and therefore define a
valid bijection.
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Figure 8.11: An example for the bijection from embedded to blossom trees

O

As a result of this bijection, applied to embedded trees we obtain an unla-
belled trees, in which, however, the leaves can be of two types, arrows and flags.
(The labels on the blossom trees are determined by the graph itself.)

On blossom trees, there is a natural operation of choosing a different root.
More precisely a cyclic shift of a blossom tree A is obtained by replacing the
special flag by the normal flag and choosing a new special flag.

Given a blossom tree B with n arrows and n + 2 flags, the evolution of the
current label, in the labelling process is a walk with n increments +1 and n + 2
increments of —1, whose last step is a negative increment.

A cyclic shift of a blossom tree corresponds to a cyclic shift of the corre-
sponding walk.

The walks with n values of +1 and n + k values of —1 have some interesting
properties. They were uncovered in the study of the ballot-problem in the study
of election voting and are concerned with “low records” in such walks. We use
x;, 1 =1,...,2n + k to denote increments, and Sj, j =0,...,2n + k to denote

the walk values, So =0, S; = >.7_, @, for j > 0. A (low) record r is a (non-
zero) step j > 1, at which a minimum is reached for a first time: for all j < r,
Sj > S,

Since the walks with n increments of +1 and n + k increments of —1 start
from 0 and end at —k, there must be at least k low records. (Potentially, there
can be n + k low records if the walk goes down for the first n + k steps.) Let
r < re < ...<r denote the k lowest records. Note that r; is the location of
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the first occurrence of the absolute minimum of the walk.
An interesting property of the lowest k records is that under the cyclic shift
they are also shifted cyclically.

Lemma 8.1.10 (Cycle Lemma II). Suppose that x = (x1,22,...,Zontk), T; €
{=1,41} is a sequence of increments such that Zf:fk x; = —k, and let ' =
(T14s, Tatsy - - Tontkts) 18 its cyclic shift by s. (Indices are calculated modulo
2n+k.) If {r1,...,r} is the set of the low records of z, then {ry —s,...,r,—s}

is the set of the low records of «' (with calculations done modulo 2n + k).

Remark: In fact, the proof shows that the order of the low records in z’ is
the same as in x except for the cyclic permutation. So if ; < s < r;41, then
the new low record sequence is

ri=ri1—Ss<Th=ripa—s<...
<Thoig1=T1—s+2n+k< ...

Proof. Tt is enough to check the validity of the lemma for s = 1. We consider
two cases.

Ifry > 2then S, | = S;—x fori =2,...,2n+k so all the sum were changed
by the same amount and therefore the sums S,,j,l will be the k£ smallest low
records among these numbers. In addition, S5, , = —k and we know that the
minimal of S,; was at least —k. Hence S5, , cannot be a low record. This
proves the statement of the lemma in this case.

The second case is when 1 = 1. Then we know that S,, = —1, which implies
that S, = —i for all i =1,..., k. After the shift we find that S, _, = S, —x1 =
Si+1fori=2,...,2n+k. This shows that S,, 1 with j =2,... k are still the
low records for these numbers. In addition, the new low record will be 2n + k
with the sum equal to —k. This completes the proof of the lemma.

O

Let B, denote the set of walks with n increments +1 and n + £ incre-
ments —1 that ends with a negative increment. The elements of B,, j are called
conjugate if they can be transformed one to another by a cyclic shift.

Note that the number of elements in a conjugacy class cannot exceed n + k.
This is because the walk must end with —1, so there are only n 4 k choices for
a possible value of the shift.

Let also D,, i, be a subset of B,, j such that the value of the walk \S; is greater
than —k for all but the last step. We call these walks excursions. Obviously, a
walk from B,, , belongs to D, j if and only if the lowest record r;, = 2n 4k and
Ty, = —1.

k3

Lemma 8.1.11. IfC is a conjugacy class of B, i, then the number of excursions
(i.e., elements of Dy, . in this class is

k
Do il = ——|C].
€N Dokl = —=IC
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Ezample 8.1.12. If k = 1 then it means that there is exactly one excursion in
each conjugacy class. If £k = 2 then it either two or one excursions depending
on whether C has n+ k or (n + k)/2 elements.

Proof of Lemma. Note that all walks in D,, , have a low record at 2n+ k. Mark
also a downstep in these walks. The total number of such marked walks in a
class C' is (n + k)|C' N D, x|. Send this walk by a cyclic shift in such a way
that the marked down-step is in the last position. By Lemma the low record
at 2n + k will go to a low record. So the result is a walk in C in which a low
record is marked. The number of such objects is k|C]|.

The statement of the lemma follows from the claim that the map that we
described is a bijection.

Indeed, the inverse transformation is the cyclic transformation of a walk in
C that sends the marked low record to the position 2n + k. O

Proof of Theorem . We will say that two embedded trees are equivalent
if their blossom trees representatives are related by a cyclic shift. This is a
equivalence relation and it partition the set of embedded trees in classes C;.
Since the number of flags is n + 2, the number of elements in each class is < C;.
(Can be smaller because a cyclic shift can lead to an isomorphic embedded tree.)
Next, the embedded tree is well-labelled if and only if all its labels are
positive. If the corresponding walk started at zero, it should be always non-

negative except for two last steps.
O
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Appendix A

Various Useful Facts

A.1 Proof of Caratheodory theorem

Since this theorem belongs mainly to the measure theory we will not give the
full proof. For the full proof see Durrett’s or Shiryaev’s books. However we
indicate some ideas. In particular we will prove uniqueness.

Before we start proving this result, we are going to develop some useful
machinery.

Definition A.1.1. A system of sets A is called a w-system if for any I, I € A,
we have A; N Ay € A.

Definition A.1.2. A collection of subsets D of set Q is called a A-system (or
d-system, or Dynkin system) if

1. Q€D

2.fAe¢Dand BeED,ACB=B—-Ae€D

3. IfA, eDand A, 1A= A€D

Here A,, T A means that A; C Ay C ... and |J,, 4, = A.
Note that every A-system also satisfy this property:

If A, € Dand A,, ] A= A € D. This is a consequence of the de Morgan law.
Now trivially, any o-algebra is a A-system. The converse is not true.

Ez. A1.3. Let Q = {1,2,3,4}. Give an example of a A-system of subsets of
which is not an algebra.

The importance of A-systems comes from the following observation.
Lemma A.1.4. If an algebra A is a \-system, then it is a o-algebra.

Proof. Consider A,, € A, n = 1,2,.... Define B, := (JI_; A, € A It is
clear that B, C B,+1. Consequently, by the property (3) of a A-system, B,, T
U=, A; € A. Similarly, one can show that ();2; 4; € A. Therefore, A is a
o-algebra. O
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Theorem A.1.5 (Dynkin’s 7-A Theorem). Suppose A is a w-system. If D is a
A-system and A C D, then o(A) C D.

Proof. (of the Dynkin Theorem ) The key here is to show that D is not
only a A-system but also an algebra. Then, the statement of the theorem will
hold by Lemma .

Without loss of generality we can assume that D is the smallest A-system
that contains A. Every o-algebra is a A-system, and by minimality of D, we
have that D C o(A). We aim to prove that D is a o-algebra and therefore
D = o(A) by minimality of o(.A).

First, let us show that D is closed under intersections. Here we will use the
fact that D contains 7 - system A.

Let

A1 ={BeD:ANBeDforall Aec A}.

Since A is closed under intersections, A € A;. We can check that A; is a
A-system. By minimality of D, A; = D.
Now let
Ay ={Be€D:ANBeD forall AecD}.

Again, one can check that As is a A-system. In addition, if B € A then BNA € D
for all A € A7 = D. Hence A C A;. By minimality of D, Ay = D. This shows
that D is closed under intersections.

From the definition of A-system it follows that D is also closed under unions,
and so it is an algebra. As we have seen in the beginning of the proof, this
implies the statement of the Dynkin theorem.

O

Lemma A.1.6 (Identification Lemma for Probabilities). Let P and Q be two
probability measures on o(A) where A is a w-system. If P(A) = Q(A) for
A€ A, then P(A) = Q(A) for all A € o(A).

Ezx. A.1.7. Give an example of two probability measures u # v on F = all
subsets of {1,2,3,4} that agree on a collection of sets C with o(C) = F, i.e., the
smallest o-algebra containing C is F.

Proof of Lemma , Consider class C of sets A € o(A), for which it is true
that P(A) = Q(A). Note that A C C C o(A). We need to prove that C = o(A).
By Theorem , in order to prove Lemma [A.1.6, it is enough to show
that C is a A-system.
Indeed

1. Q € C because P(Q2) = Q(N) = 1.

2. Let A,B € C. Then A C B implies B — A € C. This is because P(B) =
Q(B)=PB—-A)+P(A)=Q(B-A)+Q(A) = P(B-A)=Q(B—-A).

3. A, € Dand A, T A implies A € D. This is because P(4,) = Q(4,) =
P(A) = Q(A) and we can use the result that the countable additivity of
a probability measure implies that it is continuous from below.
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O
Now we are able to prove the uniqueness part of the Carathéodory theorem.

Proof of the uniqueness part of the Carathéodory theorem. Lemma directly
implies the uniqueness part of the Carathéodory theorem. Indeed, every algebra
is trivially a m-system. Hence if a measure can be extended from an algebra F
to o-algebra o (F), then this extension is unique. O

Proof of the existence part of the Carathéodory theorem. We will give only a sketch
of the existence proof:
Step 1. Define a set function on all subsets of {2, which is called the outer

measure:
wA) = inf 2]: u(Ay), (A1)

where the infinum is taken over all countable collections A; of sets from A that
cover A. Without loss of generality we can assume that A; are disjoint. (Replace

A; by (U2 A5) U A)).

?

Step 2. Show that p* has the following properties:

1. The set function p* is countably subadditive, that is,
U4 | <o)
J J

2. For Ae A, u*(A) < u(A). (Trivial)

3. For Ae A, p*(A) > p(A). (Here we need to use the countable additivity
of pon (A).)

Step 3. Define a set F to be measurable if
u*(4) = p*(ANE) + p* (AN E°)

holds for all sets A, and establish the following properties for the class M of
measurable sets: The class of measurable sets M is a ¢ - algebra and p* is
countably additive measure on it.
Step 4. Finally, show that A C M. This implies that o(A) C M and p* is
an extension of u from A to o(A).
O

A.2 Function spaces

%? robability theory is closely related to functional analysis. In particular, we
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can often use the fact that random variables with a given number of moments
can be thought of as belonging to some functional spaces. The most important
for us will be Banach and Hilbert spaces.

Definition A.2.1. (i) Let X be a normed linear space with norm || - ||x. If X

is complete with respect to the induced metric d(x,y) := ||z — y||x, it is called
a Banach space.
(ii) If in addition norm || - ||x arises from an inner product (-,-)x, then X is

called a Hilbert space.

An example of Banach spaces are £P (2, ut) spaces. Let (2, F, i) be a measure
space.

Then L£P(, 1) is a space of measurable functions f, which have a finite
p-moment, [|f[P < oo, factored by the following equivalence relation f ~
g in ? <= f = g p-everywhere.

Let ||X||, := ([ ||X[|[?)'/? be the P norm of X. Define convergence in L” as
follows:

X, 5 X = ||X, - X, = 0 (A.2)
It can be shown that L£P is complete for p > 1, i.e. if
lim || X, — Xnll,=0=Jarv. X st X, 5 X. (A.3)
n,m—00
Therefore £P spaces are Banach spaces for p > 1. (For p < 1, || ||, is not a
norm.)
For p = 2, the space £? is a Hilbert space with the inner product (f,g) =
[ fg dp.

For p = 1, the space £ is the space of all integrable functions.
For p = 0o, L is the space of essentially bounded functions with the norm,

|| X||oo = inf{M : P(|X| > M) = 0}.

In general, the L£P spaces with larger p are more restrictive and are easier to
handle.

A.3 Convergence of Functions and Integration

Theorem A.3.1 ( Monotone Convergence Theorem)@@i}f 0 < X, 1 X then
E(X,) 1 E(X).
Theorem A.3.2 (Fatou’s Lemma). If X,, > 0 then

liminfEX,, > E(liminf X,,).

n—oo n—roo

Proof. Define g;, = inf,,>1 f, and note that f, > gx for all n > k. Hence,
E(fn) > E(gx) for all n > k.
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Often we know that the sequence of functions X,, converges almost surely.
In this case the inequality is used in the following form:

liminfEX, > E( lim X,).

n—oo n—roo
That is, the expectation of the limit of non-negative functions can only be
less than the limit (or limit infimum) of the expectations of these functions.

Ezample A.3.3. Define X, on [0,1] as X,, = nlg,1/n)-
lim E(X,)= lim 1=1>0=E(0)=E ( lim Xn) (A.4)
n—oo n—oo n—oo
Remark: Remember this example to get the right sign in the inequality.
Here is a variant of the Fatou Lemma.

Theorem A.3.4 (Reverse Fatou’s Lemma). If X,, < X, where X > 0 and
EX < oo, then
limsup EX,, < E(limsup X,,).

n—oo n— oo

Theorem A.3.5 (Dominated Convergence Theorem). If X,, = X a.s., | X,| <
Y for alin, and E(Y') < oo, then E(X,,) — E(X).

The simplest bound Y in the dominated convergence theorem is a constant.
(This works because we are in a finite measure space!)

A.4 Convergence in L' and uniform integrability

A class C of random variables is called uniformly integrable (UI) if given € > 0,
there exists K € [0, 00) such that

E(IX|ix>x) <€

for all X € C.
Uniform integrability is a sufficient condition to ensure that X,, — X implies
EX, —» EX.

2,
Theorem A.4.1. &@@get {X,} be a sequence in L', and let X € L'. Then
X, — X in L', equivalently E(]X,, — X|) — 0, if and only if the following two
conditions are satisfied:

1. X,, — X in probability,
2. the sequence {X,} is uniformly integrable, (UI).

Proof of “if” part. Suppose the conditions (1) and (2) are satisfied. For K > 0,
define a function gk as follows:

K, ifx > K,
pr(x) =< =, if |[2] < K,
-K, ifzxz<-K.
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Let € > 0 be given. Then
Elox (Xn) — Xul = E(|1Xa| — K)* < E(|Xa|Lix,>K)) <€

for sufficiently large K uniformly in n.

In addition, uniform integrability implies that sup E|X,,| < oo, that is, the
sequence is L'-bounded. By Fatou’s lemma we can conclude that E| X| < oo and
therefore we can ensure that E|px (X)— X| < € for sufficiently large K. Finally,

Elor (Xn) — ¢x(X)| < € for sufficiently large n because X,, — X, therefore
or(X,) = ok (X) (by uniform continuity of ¢x(z)), and the following fact
holds:

Ex. A42. 1fY, — Y and |Y,| < K < oo, then EY,, — EY.

By triangle inequality,
E| X, — X[ < Elpxr (Xn) — o (X)] + Elpx (Xn) — Xn| + Elpr (X) — X[ < 3e
for all n > ng, and the proof is complete. O

Er. A4.3. Let f > 0 be a Borel function such that f(r)/r — oo as r — oo.
Suppose Ef (| X,|) < C for some finite non-random constant C' and all o € Z.
Show that then {X, : a € Z} is a uniformly integrable collection of random
variables.

Solution: Let ¢ > 0 and a = C/e. Take K so large that f(r)/r > a for
r > K. Then

= €.

B[ px, 2] < SELA(Xa)0x, 2] < SEF(IXAD] < ©

A.5 Inequalities

@get X,Y etc. be real r.v’s defined on (2, F,P).

Theorem A.5.1 (Jensen’s Inequality). Let ¢ be conver, E(]X|) < oo, E(|p(X)]) <
co. Then
P(E(X)) < E(p(X)) (A.5)

Sketch of proof. As ¢ is convex, ¢ is the supremum of a countable collection of
lines.

Qp(x) = sup Ln(l'), Ln(x) = apx + bn
L,(EX) € E(L.(X)
(2)
< E(e(X))
Take sup on n.
(1) used linearity, (2) used monotonicity. O
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Keep the following example in mind to remember the direction of the in-
equality.

Example A.5.2.
EX? > (EX)2 (A.6)

In other words, Var(X) > 0.

Other noteworthy facts can be derived as corollaries of Jensen’s Inequality.
Ezxample A.5.3.

X[l taspt (A7)
IE(X)| < E(]X]) (A.8)

Theorem A.5.4 (Markov’s Inequality). If X >0, a > 0, then
P(X >a) <E(X)/a (A.9)

Proof. Integrate 1x>, < X/a. The stated result follows by monotonicity and
linearity. O

Theorem A.5.5 (Generalized Chebyshev’s Inequality). Let v : R — Rt be
increasing. Then

P(Y > b) <E((Y))/(b) (A.10)
Proof.
(2)
B(Y > b) 2 P(Y) > $(b)) < B@(Y))/(0)
(1) used that v is increasing, and (2) used Markov’s inequality. O

Ezample A.5.6. Note important examples ¥ (x) = 2P, exp(z), etc.

Y(z) = 2 = P(|Y| > b) <E(Y?)/b?
X =Y -E(Y)=P(Y —E(Y)| >b) <E((Y —E(Y))?) /b*

Here is an application.

Theorem A.5.7. Suppose X; are independent random variables with
1
PX;,=1)=P(X;=-1)= X
and set S, = X1+ ...X,,. Then, for each a > 0,

a2
P(S, >a) <e 2n.
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Proof. By () ,

P(S, > a) < EeMne 2@

n
_ H R Xip—Aa
i=1

= cosh(\)"e™?®

< 6)\2n/27)\a

To optimize the inequality, we set A = a/n and get P(S,, > a) < e=@°/(2n) ag
claimed. 0
t2n

For example, if take a = tn, then we find that P(|S,| > tn) < 2e~ 2 .

Theorem A.5.8 (Holder’s Inequality). If p,q € [1,00] with 1/p+1/q =1 then
E(XY]) < [[X]|p/1Ylq (A.11)

Here || X||, = (B(|X|")" for x € [1,00); and || X||oo = inf{M : P(|X| > M) =
0}.

Proof. See the proof of (5.2) in the Appendix of Durrett. O
Ezample A.5.9. If |Y| < b then
E(|XY]) < bE(|X])

Theorem A.5.10 (Cauchy-Schwarz Inequality). The special case p=q =2 is
the Cauchy-Schwarz inequality.

E(XY1) < (E(X2)E(Y2)"/? (A.12)
Proof. Apply Holder’s inequality for p = ¢ = 2. O
Theorem A.5.11 (Minkowski’s Inequality (Triangle inequality for LP)).

X+ Yl < [[ X[, + Y]l

A.6 Change of Variable

&%@Set (Q, F,P) be a probability space and X : @ — S a (F\S)-measurable
random variable. X induces a new probability measure Px on (S, S).

Definition A.6.1. Px(A4) = P(X € A) = P(X!(A)) is called the P law of X
or the P distribution of X.
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(97-7:7 P) (Ta T7 ]P)YOX)

(S,S,Px)

Figure A.1: An illustration of the transitivity of the image laws.

Let (T,7) be another measurable space and Y : S — T a measurable map.
Then we have transitivity of the image laws.

Theorem A.6.2 (Transitivity of the image laws). The P distribution of Y o X
is equal to the Px distribution of Y.

Theorem A.6.3 (Change of variable formula). Let Y be a real-valued r.v. on
(S,8). Y is Px-integrable iff Y o X is P-integrable, and then

/SYdIP’X :/Q(YoX)d]P’

Proof. Fix X and vary Y. For indicators Y the identity is the transitivity of
image laws, and this passes to simple r.v/s Y, then all r.v’s Y. See Durrett [1.3,
pp. 17 O

A.7 Types of Convergence of Random Variables

@e learned about the almost sure convergence and convergence in probabil-

ity. The weak and strong laws of large numbers state that % > h_1 X) converges
in probability (respectively, almost surely) to the expectation of X} provided
that X}, are i.i.d and E|Xj| < oo.

Here we discuss some other types of convergence of random variables.

Convergence in L? (p > 1): We say X,, — X if | X, — X, = 0, ie.
lim,, ,, E|X,, — X|P =0.

Convergence in Distribution: We say X,, - X if P(X,, < z) —
P(X < z) for all x at which the RHS is continuous.
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The convergence in distribution is also called the weak convergence for the
following reason.

Theorem A.7.1 (Portmanteau Theorem). X, —— X <= Ef(X,) —
Ef(X) for all bounded and continuous function f.

For the proof see Theorem 3.9.1 in Durrett. As for the name, portmanteau is
a large leather suitcase that opens up in two hinged compartments. This name
for the theorem was apparently introduced by Billingsley.

Properties in Common for ——, 2%, 5.
a) X, - X, Y, Y =X,+4Y,—> X+Y, X,Y, > XY.
b) X,, = X < (X,, — X) — 0 (useful and common reduction).

c¢) For all of 5, 2% and 5 the limit X is unique up to a.s. equivalence.
d) Cauchy sequences are convergent (completeness). (Need a metric to

metrize —», but that is easily provided. See text.)

Theorem A.7.2. The following property holds among the types of convergence.

X, =X X, — X

X, — X

X, 4 X

Proof. (%) can be proved by Chebyshev’s inequality:

) < B, = XP)

P(X, — X| > ¢
epP

(+%): Observe that X,, — X implies that f(X,) — f(X) for every bounded
and continuous f. By dominated convergence, Ef(X,) — Ef(X), and this

implies that f(X,) —— f(X) by the portmanteau theorem.
(s * x)
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Lemma A.7.3. The necessary and sufficient condition for X, == X is that

]P’{sup|Xk—X\ >et =0,
k>n

as n — oo for every € > 0.
Proof of Lemma. Indeed, let A% = {w: | X, — X| > ¢}, and let
Af = ﬂzozl Uk>n Ai,

the set of w where the sequence X,, deviates from X by more than e infinitely
often. Then,

{w: X, » X} =Ueso04e.

In fact in this union it is enough to take a countable union over e, = 1/k. Tt
follows that

P{lw: X, » X} =0 < P(A%) =0,

for every € > 0. By continuity of probability function this is equivalent to the
requirement that

IP( Uk>n Az) — 0,
as n — 0, which means that

P({w: 21;2 | X5 (w) — X (w)| >e}) =0,

as n — oo, for every € > 0. O

Since supys,, | X — X| > ¢ implies that |X, — X| > ¢, the almost sure
convergence implies that

P(\Xn - X|> 5}) — 0,

for every € > 0, which is exactly the definition of the convergence in probability.
O

Here is an example that shows how the convergence of a sequence in Ly can
be used to prove the convergence of this sequence in probability.
Example A.7.4. Suppose that X1, Xo,... are r.v.s that have mean 0, have finite

variances, and are uncorrelated. Let S, = X1+ -+ + X,,. If Y 70 | E(X?) < oo,
then one can show that S,, converges in L? to a limit So. This implies that

hence S, — Seo, i.e. lim,_ o0 P(|Sy, — Seo| > €) =0 for all € > 0.
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Proof. Look at the Cauchy criterion. Take m > n:

m 2 m
E(Sm - Sn)2 =E < Z Xk) = Z ]E(Xlz) —0

k=n-+1 k=n+1

as m,n — oo. Here we used the condition that
oo
D E(X}) < oo
k=1

Therefore, the sequence of S, converges in L2. O

Fact: If the X,, are independent (or more generally, martingale distribu-
tions), then one can prove a stronger statement that S, —3 S,,. This is the
Kolmogorov-Khinchin theorem about convergence of series, and its extension
to the case of martingales. However, there are examples of uncorrelated (but
dependent) sequences with > X2 < co where almost sure convergence fails.
(See Stout’s book “Almost Sure Convergence”.)

A.8 SLLN with with finite 2-nd moment

O@t is an insight due to Kolmogorov, that the method of subsequences is still
useful for the proof of the almost sure convergence. The idea is to choose
a convergent subsequence and to prove that fluctuations of partial sums S,
between the elements of this subsequence converge to zero almost surely.

Theorem A.8.1. If X, X1, Xo,... are i.i.d. random variables with E(X?) =
0?2 <00, and Sy, = X1 + Xo + ... + X, then
STL a.s.
— == B(X). (A.13)
n
Proof. Without loss of generality we can assume that F(X) = 0. Then, as we
have seen, Sj2/k? == 0. Indeed,

Sk2 O'2
P(|%]> ) <
and the convergence holds by the Borel-Cantelli lemma, as in our previous

theorem.
Now, let us define

S Sz

My = n k2

= max
k2<n<(k+1)?
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Since for k2 < n < (k+1)2,

Sn

n

Sn Spe

n k2

S
< "“ + | My,

k2 2

. ’skz

and we know that % =2 0, therefore it is enough to prove that Mj; — 0.

(Since if X,, =% 0 and Y,, ==, then X,, +Y,, == 0.)
For convenience we define

Dy =  max |S, — Sk2|.
k2 <n<(k+1)2

Then, we have

Su—Siz | Siz S

n n k2

M, = max
k2<n<(k+1)2

Dy, Sz
Dy o

+2

k2

It follows that it is enough to prove that Dy /k? == 0.
We have

D? = max (S — 5;2)?
k 1§m§2n(k+m k)

2n

< Z(Sk2+m - Sk2)2.

m=1

Taking expectations on both sides, we get that

2k
ED}) < > mo®=k(2k+1)o”
m=1
< 4k%0?,

Hence we get that

D 2
Dy B (%))
P ﬁ >e| < 2
402
k2e?
Hence,
= D
ZIP’ ( s e) < o0
k2
k=1

By applying the Borel-Cantelli lemma (BC I), we get that Dy /k? =5 0, which
completes the proof. O
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A.9 Devroye’s method for generation random
variables

In this section we present how to generate random variables from a log-concave
distribution.

We assume that we have a random generator that can produce random
numbers uniformly distributed on the unit interval [0, 1]. The basis of Devroye’s
approach is the rejection method.

Suppose that the target density is f and we can bound it by a multiple of
another function g, and that we can generate easily random variables from g.

f(@) < h(z) = cg(x).

For any nonnegative integrable function h on R?, define the body of h as
B = {(z,y) : € R,0 < y < h(z)}. Note that if (X,Y) is uniformly
distributed on Bj, then X has density proportional to h. Vice versa, if X
has density proportional to h, then (X,Uh(X)), where U is uniform [0, 1] and
independent of X, is uniformly distributed on Bj. These facts can be used to
show the validity of the rejection method in the following algorithm is as follows.

Result: X is distributed according to density f(z)

repeat

Generate U uniformly on [0, 1] ;
Generate X with density g;

s f(X) .
until U < (X))

Algorithm 1: Rejection algorithm for generation from density f(z)

Ezample A.9.1 (Normal random variable). See Devroye’s paper.

This can be used for random variables with log-concave density with univer-
sal function g(z).
In this case, it is useful to define a modified random variable

Y = f(m)(X —m),

where m is the mode of the original density f(z). Then the new variable has a
log-concave density, g(z), with a mode at z = 0 and ¢(0) = 1.

It is enough to generate Y since the original random variable can be recovered
as X =m+Y/f(m).

Devroye showed that the normalized log-concave density g(y) satisfies the
following inequality:

9(y) < min (1, elf‘y‘).

Hence the function h(y) = min (1, el_‘y|) can be used in the rejection algorithm
above. A random variable with density proportional to h(y) can be generated
by first flipping a perfect coin. If it is “heads”, then generate (1 4+ F)S, where
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FE is exponential, and S is another perfect coin. Otherwise generate US, where
U is uniform [0, 1] and independent of S. Formally, the algorithm is as follows.
Result: Y is distributed according to density g(y)
repeat

Generate U (a uniform on [0, 1]), E (exponential), and S (a fair
random bit);

Generate a random sign S’;

if S == 0 then
‘ Y=1+F;

else
‘ Y =V, where V is uniform on [0, 1] ;

end

Set Y =Y5’;

until Umin (1,e!~1¥) < g(Y);
Algorithm 2: Algorithm for generation of a random variable with normal-
ized log-concave density g(y)
Devroye generalized this algorithm to cover the case of discrete random
variables with log-concave pmf, that is, with such p, = P{X = n}, that

2
pn Z Pn—1Pn+1-

If the mode of the log-concave pmf is at m, then one has

Pm+k < Pm min (15 el_pmlkl)a

for all k. Hence, one can develop an appropriate rejection algorithm.

For discrete distributions, the general rejection algorithm is as follows. Sup-
pose that pp4r < g(x) forall k —1/2 <a < k+1/2 and all x € R. Then the a
random variable with pmf {py} can be generated as follows:

Result: m + X is distributed according to pmf p,,

repeat

Generate U uniformly on [0, 1]);
Generate Y with density proportional to g;
X =round(Y);

until Ug(Y) < ppmyx;

Algorithm 3: Algorithm for generation of a discrete random variable with
pmf py,.

Devroy applies it with g(z) = min (pm,pmel_pm(‘x'_l/Q)), and observes that
g(x) is a mixture of a rectangular function on [—w/pm, w/pm] (of integral 2w
where w = 1 4 p,,/2) and two exponential tails outside of this interval (of
integral 2).
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So the rejection algorithm can be reformulated as follows.
Result: m + X is distributed according to pmf p,,
Compute w =1+ p,, /2;

repeat

Generate U, V, W uniformly on [0,1]);

Generate a random sign S;

if U < === then

—+w
‘ Y =Vw/pm;
else
| Y = (w+ E)/pm (where E is exponential) ;
end

Set X = S x round(Y');

until W min (1, ew—pmly\) < pm-l—X/pm;
Algorithm 4: Algorithm for generation of a discrete random variable with
log-concave pmf p, and mode at m

(Note that the exponential E can be generated simply as —logV'.)

A.10 Statistics of Random Structures

In this section, when we call an object random, we mean that it is selected from
the uniform distribution on the complete set of these objects.

A.10.1 Random permutations

The uniform distribution on permutations favors the permutations that have
long cycles if we compare it with the random set partitions and its blocks,
which we discuss in the next section.

Large cycles are prevalent in a random permutation and the total number
of cycles is smaller. In particular, for the number of cycles &, in random per-
mutation of n, we have formulas

1 &1
E¢, = f_—Z—leogn
=t =Y
Goncharov ... proved that after the appropriate normalization, the random

variable &, becomes asymptotically normal (Theorem 5.1.1 in [?]).

As an intuitive consequence we can expect that the small cycles are rela-
tively rare in a random permutation. This is quantified by another theorem
by Goncharov (Theorem 5.1.2 in [?]). Namely, if %, () denotes the number of
cycles of length [ in a random permutation of n, then for a fixed [ and n — oo,
the distribution of the random variable k,,(I) converges to the distribution of a
Poisson r.v. with the mean A\; = 1/1.
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For a fixed s-tuple [y, ..., [, the random variables x, (I;) become asymptot-
ically independent, as n — co.

The length of the largest cycle, ;%" is asymptotically proportional to n. The
limiting distribution of {'** is complicated. Its moments were determined by
Shepp and Lloyd in [?] as certain integrals. Lloyd and Shepp have also studied
the length of the smallest cycle.

Another interesting statistics on random permutations, the largest increasing
sequence, has been a subject of recent research, which led to the discovery of
connections with random matrices and Airy distributions.

A.10.2 Random set partitions

We rely here on the book [?] by V. N. Sachkov.
Let &, is the number of blocks in a random partition of [n]. Then, for large

n,
n
E, = 1 1)),
0= (L4 0(1)
n
V n) — 1 1 )
() = e (1+o(1)
and the distribution of the normalized random variable
TV Var(é)
converges to the standard normal distribution as n — oo (Theorem 4.1.1 in [?]).
Now, let the random variables k,(l), { = 1,...,n, denote the number of

blocks that have size [ in a random partition. Then, the distribution of &, (I)

l
has the expectation and the variance both equal to A\, = (rﬁ) , where r,, is the

solution of the equation re” = n.
If [ is fixed and n is growing then the variances of random variables (1),
A are also growing. We can define the normalized random variables

kn(l) — Exn (1)

=" Nt

For a fixed s-tuple I3 < ... < I, the joint distribution of normalized ran-
dom variables &,,(l;) converges to the standard multivariate normal distribution
(Theorem 4.2.1 in [?]).

V. N. Sachkov discusses the distribution of the size of the maximum block,
and shows that it is concentrated within a neighborhood of the point

ern, — log/2mwer, —log(e — 1),

and that in this domain it is close to the double exponential distribution (with-
out any additional normalization). (For a more precise statement, see Theorem
4.5.2 in [?].) Note that r, is asymptotically close to logn, hence in the first
approximation, the size of the largest block is elog(n).
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