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1 Introduction

Ordinary differential equations model deterministic systems that can be solved exactly through integration.
For example, consider the population model determined by a linear DEQ

dN
— =at)N(t

= = ()N ()
where N is the population size and « is a growth rate. Then, we can solve with analysis by integrating the
following with a change of basis

Nl(t)cii];]dt:/a(t)dt — /%sz/a(t)dt

= N(t) = Cexp </a(t) dt)

This classical exponential growth model is not only continuous, but smooth, and it is this smoothness that
allows us to do calculus on it. But more realistic models will have noise, which can be modeled by a random
variable. Let o = r +n, where r is the deterministic term and 7 is the random term. Then, integrating gives
us

T 0N = [FGa= [ [aoa

The first integral can be evaluated, but classical calculus does not allow us to integrate the random part.
This is where stochastic calculus is needed. Now recall from probability that a random variable over a
probability space (2, F,P) is simply a F-measurable function X. As some warm up exercises, let us prove
a few examples.

Example 1.1 (Class 1)
Example 1.2 (Class 2)

Definition 1.1 (Stochastic Process)

A stochastic process is a collection of random variables indexed by time {X;};cr with their re-
spective measures p.

1. If T is countable (usually integers), then it is called a discrete-time stochastic process.

2. If T is continuous, then it is called a continuous-time stochastic process.
It is also good to think of it as a probability distribution over a space of paths.

We first start off with Markov processes. We can divide them into four kinds, depending on whether we are
using discrete or continuous time, and whether we are using discrete or continuous state space. Since process
over continuous state space is a natural generalization of those in a discrete one, we only distinguish between
the times. When talking about continuous time, there are additional operators we must introduce, such as
generators. Before we go any further, I would like to mention that these set of notes will write down the
transition matrices of Markov chains as left-stochastic matrices, as they are usually written in convention.
Therefore, a transition matrix would look like

3/ 71}



Stochastic Processes Muchang Bahng Spring 2023

P(1,1) ... P(d,1)
=
P(1,d) ... P(d,d)

where P(i, j) represents the probability of transition from state i to state j. Therefore, the rows must sum to
1. T use this notation because it is consistent with when we are working with Markov processes over general

measurable state spaces. Note that we will denote in math font general objects and operators (X, p¢, Ps, )
and their realization as vectors and matrices in bold font (p¢, Ps, 7).

1.1 Transitioning from Discrete to Continuous State Space

Let us remind ourselves of the definitions involving Markov chains over a discrete state space. Let X
be the state at time ¢. The discrete distribution of X; can be represented as a column vector p;, where
pt(i) = P(X; = i), and we can calculate the distribution of X, as

Piys =Pt Ps

where P; is a stochastic matrix. Note that representing a discrete measure on discrete S = {1,...,d} with
a vector really just a notational convenience for computations. We must properly distinguish the three:

1. the actual state X;

2. the probability distribution p;, which is a measure

3. the PMF vector pg, which is just a convenient representation of p; in the way that

pe(i) = pe({i}) = P(X; = i)
That is, the ith element is just the measure on the singleton set {i} € S = 25,

The PMF vector py is really just a way to describe X; and its distribution, which is redundant. Furthermore,
when we try to describe states X; in general measure spaces (5, S), we cannot think of it as a vector anymore.
This is not a problem in even countable spaces since we can just assign p:(7) = P(X; = 4) in a finite space,
but for uncountably infinite spaces we cannot do this. Therefore, we must have some measurable function
f 5 — R that extracts this kind information from X;. Therefore, we must really work with the following:

1. the actual state X; : (Q, F,P) — (5,S)
2. the probability distribution p; of the state X;
3. a collection of S-measurable functions f : S — R that describes the state

At this point, we are not sure what f is since it seems quite arbitrary. But if we fix some A € S and take
f = 1a, then 14(X;) encodes the information of whether X; is in A or not. This is quite nice, since now we
can think of the PMF vector p; as having components defined by the functions

prli) = 143y (X0) = B(X, = )
The following theorem formalizes this concept.
Theorem 1.1 ()

Two random variables X, Y : (2, F,P) — (S,S) have the same distribution if

E[f(X)] =E[f(Y)]
for all F-measurable f : S — R, which can be seen by setting f = 14 for any A € F.
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E[la(X)] = E[14(Y)] = P(X € A) = P(Y € A)

and so the measure that X and Y pushes forward to (S, S) is precisely the same. This does not mean
that they are the same random variable.

Let’s talk more about f in the discrete case setting. We know that the discrete distributions are represented
by a column vector. It is true that every measurable function can be written as a linear combination of

simple (indicator) functions, and so in a discrete space S = {1,...,d}, we can write every f as
F=Y"Ffilgy
=
which outputs f; if its input is i. We can interpret it as a column vector f = (f1,..., f4)7 . We can see that
bil
pif=(pe(1) ... pe(d) | i | =E[f(Xy)]
fa

and if f is any standard unit vector, say (1,0,0) with d = 3, then

1
PIE= (p(1) pe(2) pe(3) [ 0] = ElLpy (X)) = P(X, = 1)

o

Therefore, every time we compute E[f(X;)], we can think of it in the discrete case as dotting p; with a
function vector f to extract whatever we want from the vector X;. And as we will find out later, the
linearity of the stochastic matrix Pg is analogous to the linearity of the Markov semigroup Ps.

Therefore, our Markov process is really just some stochastic process {X;};>o over some measurable space
(S,8) with the property that

P(Xi1s € A|{X, € B }y<t) =P(Xy3s € A| Xy € By)

where A € S, and this captures the discrete case by setting A = {4} € 2% which gives

P(Xips =7 [{Xr = ir}rct) = P(Xpps = 5 | Xi = i)

This basically says that the probability that X;1 s lying in A is only dependent on its present state X; € By,
not the history {X, € B,},<;. In fact, by using the identity E[14] = P(A) and setting f = 14, we can
capture this effect for all measurable f : (S,S8) — (R, R). Thus, the Markov property now looks like

E[f(XtJrs) | {Xr € Br}rﬁt] = E[f<Xt+S) | Xt € Bt]

We don’t need to fix the X,’s into sets B,.’s and so we can write

E[f(Xt+S) ‘ {Xr}rﬁt] = E[f(Xt+S) ‘ Xt}

5/ ]
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Now let’s talk about this Markov property. It is true that o-algebra o({X,},<;) is bigger than o(X}); the
Markov property does not imply that they are the same size. Rather, we should interpret this as the extra
information introduced by the bigger o({X, },<) is irrelevant. This is analogous to trying to approximate
a function with a pointlessly large o-algebra. For example, given a piecewise function X defined on the
unit interval Q = [0,1], let G be the o-algebra generated by [0,0.5),[0.5,1] and H be that generated by
[0,0.25),[0.25,0.5),[0.5,0.75), [0.75, 1].

' &0xI4] = ELxIH]- X

/

—

0.15 & 0.5 0.5
Then, we can see that

E[X | G] = E[X | H]

That is, the two random variables are exactly equal, even though H has more information than G. Note that
this is not the law of iterated expectations. This rule does not say that E[E[X | G]] = E[E[X | H]]; this law
is true regardless. Rather, this property is a special property of the function X, and therefore the Markov
property is a special property of the stochastic process {X;}i>0.

2 Discrete-Time Markov Processes
Definition 2.1 (DTMP)

Let (2, F,P) be a probability space and (S,S) a measurable space. Then, a homogeneous discrete-
time Markov process is a stochastic process {X,, } ey which takes values in S (i.e. X, : Q — 9)
satisfying the Markov property: for every bounded measurable f and n > 1,

E[f(Xner) | {Xr}:}:o] = E[f(Xn+m) | Xn] = (me)(Xn)

Since this is true for all n, this process is time-homogeneous. Note that both sides are random
variables, and it says that the best estimate of f(X,4+m) as a function of {X,}"_, can be simply
expressed as as a function of the current X,,. Notice also that we have given a specific label P, f to
the conditional expectation on the right hand side.

Since every X, has distribution p,,, we can describe the entire distribution of X,, by "extracting" our desired
information f with

E[f(X,)] = /S f on

Now, if we wanted to extract information f from X, 1,,, we may not know its distribution p, 4, but the
Markov property allows us to condition X,, (which we know the distribution of) by integrating over the
measure p,, which we do know:
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E[f(Xn-HrL] = E[E[f(Xn+7n) | Xn]] = ]E[(me)(XnH = /Sme Pn

So, P, is an operator that allows us to compute anything about the distribution of X, 1,, from the measure

of X,,. That is, ppim(f) = pn(Pnf).

Xn+m)] - /Sfpn—&-m - /Spmf Pn = E[(me)(Xn)]

for all measurable f. Let us now show how P; = P realizes as a matrix in the discrete state space case.

Example 2.1 (Transition Operator as a Matrix in Discrete Space)

Given S = {1,...,d}, let us construct a column vector p,, representing the distribution of X,,. Then,
Pr+1(j) = P(Xni1 = j)
=E[1{} (Xn41)]
= E[E[1;}(Xn+1) | Xnl] = E[(P1(;y)(Xn)]
= / 1{3} n+1 | X ]dpn / Pl{]} dpn
ZZ [Xnt1=J | Xn =] P(X, = 1) :2:131{3'}z (Xpn =1)
s icS

which can be summarized as

d
pn+1 ZPl{j} pn - ZP(X’G-H =J | Xn = Z) pn(i)

=1

We can compactly organize the probabilities of these internode travel inside a d x d right stochastic

transition matrix

Po=| = : :
Plig(1) ... Plig(d) P(Xp1=1[X,=d) ... P(Xp4y1=d| X, =d)

and compactly write the above equation as

PZ-}-l = pﬁPt

It immediately follows from computation that P, is realized as P™, the mth power of matrix P,

which can also be shown by the Chapman-Kolmogorov equation below.

Therefore, this linear operator P,, can be seen as analogous to the probability transition matrix Py,

of a

Markov chain. We know that since they are matrices, from first glance we would guess that P,, is linear.

This is indeed trivial by linearity of conditional expectation.
Lemma 2.1 ()

P,, is a linear operator. That is, for o, 8 € R, and bounded measurable functions f, g,

Pm(af"i'ﬁg) :Oszf-f—ﬂng

7/ ]



Stochastic Processes Muchang Bahng Spring 2023

Proof.

By linearity of conditional expectation,

(Pm(af + B89))(Xn) = El(af + 89)(Xntm) | Xn]

af)(Xn+m) | Xn} + E[(BQ)(Xner) | Xn]
(Pf)(Xn) + B(Pg)(Xn)

We can now interpret linearity and the Markov property in the discrete space.
Example 2.2 (Markov Property in Discrete Space)

If we wanted to extract information from X, with function f (i.e. compute E[f(X,)]), we can

calculate
fi
E[f(Xn)] = pgf = (pn(l) cee pn(d))
fa
Now, say that m units of time later, we want to extract information f from X, 4,, by computing
fi
E[f (Xn4m)] = P£+mf = (pn+m(1> L0 pn+m(d))
fa

The problem is that we don’t know what the distribution of X, 1, is (i.e. don’t know pgn4m (7)), so
we get its expectation by conditioning it on X,,, which realizes as taking the expectation of a different
function P, f with respect to p,.

(P f)1
Elf(Xntm)] = EE[f(Xntm) | Xn]] = E[(Prf)(X,)] = (pn(l) cee pn(d))

(Pnf)a

It turns out that this transformation f — P,,f (from row vector to row vector) is linear, and so we
can interpret Py, as f that has been left-multiplied by some transformation matrix Py,.

(me)l f
(pn(l) AL pn(d)) = (pn(l) 000 pn(d)) P
(me)d fa

Pof

It turns out that this Py, acts linearly on f through left multiplication, but we can also right-multiply
Ppn by P, to get the new distribution of X, 4.,!

(me)l fl

(pn(l) pn(d)) : = (pn(l) pn(d)) P :
(me)d fa

PEPm=pl

Therefore, it turns out that the linearity of P,, on f implies linearity of it on the vector p,.

Now focusing on f = 14, we can define the following.

8/ |71}
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Definition 2.2 (Transition Probability)
Let us have Markov process (X,,) with operator P,,. The function p,, : S x § — R defined

p'm(xaA) = PmlA(x) = E[lA(X’rH-m) | Xp = 33] = P(Xn-i-'m €A | Xp = .I‘)

is the transition probability, or transition kernel, of this chain. Note that
1. For each z € S, A~ pn,(z, A) is a probability measure on (5,S). This means that if we are in
some place x at time n, then the probability that we will land in some subset A € S of S at
time n +m is py, (z, A).
2. For each A € S, P14 = pi(-, A) is a measurable function.

p@A%jAM%mw

Note that by the law of total probability, we must have
/ dp(z) =1 and / dp™ (z) =1
s s

Given that we have an initial distribution Xy ~ pg, we can see that the distribution X7 ~ p; is defined as

]P)(Xl S Al) = / P(Xl € A | Xo = Z‘) ]P(X() = Jf) dx
Ao

=/Mm&mmm
Ao

Note that in the matrix realization of the example above, it looks like P, acts on the distribution p,, to get
a new distribution p,4,,, but this is not strictly the case since P,, is an operator on f. However, for the
sake of intuitiveness, we can interpret P,, in two ways:

1. It operates on the measure p,, by pushing it forward in time to get p,t.,. This operator is defined as

Pn = pn-i-m(') = pm(Xn, )

which corresponds to the matrix multiplication pZ +— pZ +m = PIP .,

2. Tt operates on the function f (at X,,1,,) by pulling it back to P, f that operates on X,,. This operation
f — P, f corresponds to the matrix multiplication f — P,,f.

Either way, we can think of the order of operations as either (pLPy)f or pL (Py,f).

Just like stochastic transition matrices, we can also deduce a semigroup property of the collection (P,,)men-
Lemma 2.2 (Chapman-Kolmogorov Equation)
Given the operator P, we have
Ptk = PPy

which indicates

mﬁmmzémmwmmmw
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Proof.

We can compute

Pk f(Xn) = E[f (Xnimir) | Xn]

[(

[E[f( n+m+k) | Xn+mv ] | Xn]
[E[

[

E f( n+m+k) | Xn+m] | X }
Pf ( n+m) |Xn]

E
E
E
P

Example 2.3 (Chapman-Kolmogorov in Discrete Space)

By conditioning on intermediate nodes, we can compute that

Pomix(i,) =Y Pm(i,s) Pi(s,j) = Pmix = PmP
sES

which can be seen by setting x =i and A = {j} € 2° in the transition probability above.

d
Pm+k(i7j) = pm+k(ia {.7}) = me(iv {S}) pk(S, {]}) ds = me(iv {5}>pk(5? {]}) = Z Pm(la ’S)Pk(‘s’j)

ses

and summing this for each entry gives P,k = P Px. By setting k£ = 1, an immediate consequence
of this is that the m step transition probability P(X,+m = j | X,, = 4) is simply P™ (i, j), the kth
power of the transition matrix P.

We give one more property.
Lemma 2.3 (Conservativeness)
{P,,} satisfies
P,1=1

for all m > 0, where 1 = 1g is the constant function of 1.

Proof.

This is trivial since it is just the law of total probability. That is, 15(X,,) = 1, and

(Pmls)(Xn) = E[ls(Xner) | Xn]

and note that o(X,,) is a finer o-algebra than that generated by 1¢(X,, 4+, ), meaning that the right
hand side is equal to 15(X, 1) itself, which equals 1.

In discrete spaces, this property realizes into the fact that the transition matrix is stochastic, since the

constantly 1 function f =), ¢ 1y realizes into the (1,...,1) vector, and
1 1
Po | |i]=]:
1 1

if and only if Py, is stochastic. But this is quite redundant for discrete spaces since the fact that Py, acts

10/ [71]
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on the indicator functions as Ps1y;y(i) = P(Xs4s = j | X; = 4) already implies that it should be stochastic
(by law of total probability).

We provide with a variety of examples.
Example 2.4 (Random Walks)

A random walk on the integers S = Z where a point has equal probability of moving right or left can
be modeled with the probability transition matrix.

i j=i+1
0 otherwise

This can be generalized to multiple dimensional random walks on graphs with probability function

1
P(i,j)=—=
(7’7]) deg(z)
where deg(i) is the number of adjacent nodes to node i. In this way, the point hops randomly from
node to node, and if the graph is connected, then the walker can visit any vertex in the graph.

Example 2.5 (Discrete Moran Model)

Consider a population of size N. Each individual is one of two types (say, red or blue). At each time
step, the system evolves in the following way: First, one of the individuals is chosen uniformly at
random to be eliminated from the population; and another individual is chosen uniformly at random
to produce one offspring identical to itself. These two choices are made independently. So, if a red
individual is chosen to reproduce, and a blue one is chosen for elimination, then the total number of
red particles increases by one and the number of blue particles decreases by one. If a red is chosen
for reproduction and a red is chosen for elimination, then there is no net change in the number of
reds and blues. Let X,, be the number of red individuals at time n. The transition matrix for this
chain is

;’V<NN—1’> j=i—1i#0
(NN—i);'V j=i+1i#N

1—2<NNZ’>;‘V j=i

0 otherwise

P(j,i) =

Note that the states X,, = 0 and X,, = N are absorbing states, which represents a phenomenon called
fixation.

2.1 Classification of States
2.1.1 Stopping Time and Strong Markov Property

Definition 2.3 (Stopping Time)

Given a stochastic process {X,}, a nonnegative integer random variable T is called a stopping time
if for all integers k > 0, T' < k depends only on X, ..., Xg.

11/ [71]
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Example 2.6 (Coin Toss)

Let {X,,} be a stochastic process with X,, — X,,_; be iid standard Gaussians, with Xy = 0. Then,
1. Let T = min{n > 1| X,, > 10} be the first time that we surpass 10. This is a stopping time
since

P(T = k) = P(Xo < 10, X; < 10,..., X_1 < 10, X > 10)

2. Let T = min{n > 1| X,,11 — X,, < 0} be the time of the first peak. This is not a stopping time
because you can’t determine whether we have peaked at time k by looking at the X,’s up to k.
You need information on X, ;.

3. Let T =min{n > 1| X,, — X,,—1 < 0} be the first time we have gone down from a peak. This
is a stopping time since

P(T:]C):P(X0<X1 <X2<...<Xk,1>Xk)

Definition 2.4 (Time of Return)
Given a stochastic process, let the stopping time

Ty :=min{n>1]| X, € A4}

be the random variable defined as the time of first return to A (being there at time ¢ = 0 doesn’t
count). Let Let T) = T4 and for k > 2,

Tk == min{n > TH' | X,, € A}

be the stopping time of the kth return to A.

Since stopping at time k depends only on the values Xy, ..., Xj, and in a Markov chain the distribution
of the future only depends on the past through the current state, it should not be hard to believe that the
Markov property holds at stopping times.

Theorem 2.1 (Strong Markov Property)
Suppose T is a stopping time. Then, for natural £ > 1,

P(Xryr =7 Xr=i,...,X0=1) =P(Xp = j | Xo =1)

2.1.2 Irreducibility
Definition 2.5 (Closed Set, Absorbing State)
A set A C S is closed if it is impossible to get out.
P(Xpt1€A|X,€A)=1
If A = {i} is a singleton set in some discrete state space, then 7 is said to be an absorbing state.

P(Xpi1#i| Xp=14)=0

12/[71]
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Definition 2.6 (Recurrence, Transience)
A state x € S is called recurrent if

Pre =P(T, <o | Xg€ A)=1

i.e. if the chain returns to x infinitely many times. « is said to be transient if p,, < 1, and so
eventually the Markov chain does not find its way back to = ever again.

Definition 2.7 (Communication)
We say that x € S communicates with y € S, denoted x — v, if

Pay =P(Ty <oo| Xg=1y) >0

That is, there is a positive probability that we will jump from « to y in a finite amount of steps. We
can also see this as there existing an m > 0 such that P(X,, =y | Xo = z)p™(z,y) > 0.

Lemma 2.4 ()
The following hold.
1. If x -y and y — 2, then x — 2.

2. If pyy > 0 but py, =0, then x is transient.
3. If x is recurrent and py, > 0, then py, = 1.

Definition 2.8 (Irreducible Set)

A set B C S is called irreducible if for all i, j € B, i communicates with j.

Theorem 2.2 ()

If C is a finite closed and irreducible set, then all states in C' are recurrent.

Theorem 2.3 (Decomposition)
If the state space S is finite, then S can be written as a disjoint union
TUR U...URy

where T is a set of transient states and R; are closed irreducible sets of recurrent states.

Lemma 2.5 ()

If x is recurrent and x — y, then y is recurrent.

Lemma 2.6 ()

In a finite closed set there has to be at least one recurrent state.

13/ [71]
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2.1.3 Periodicity
Definition 2.9 (Period)

For any state x € S, the period of x is defined to be

d(z) = ged{n > 1| P™(z,z) > 0}

Lemma 2.7 ()

If p(x,z) > 0 (not py, > 0!), then x has period 1.

Theorem 2.4 ()

If two states x and y communicate, then they must have the same period

d(x) = d(y)

It naturally follows that if B C S is irreducible, then all states must have the same period.

Definition 2.10 ()

If an irreducible chain has period 1, the chain is said to be aperiodic. Otherwise, the chain is periodic
with period d > 1.

2.2 Stationary Measures

Recall that a discrete time Markov process (X, )nen evolves, and this evolution can be described by the
sequence of measures (pp)n>0 for each X,,. If we would like to measure X,4,, with function f, we can
calculate E[f(Xp4m)] = E,,.,.[f], but we don’t know pj,4y,. Fortunately, we can "pull back" the f to
compute the equivalent

Epn+m [f] = E[f (Xngm)] = EE[f(Xntm) | Xn]] = E[Pn f(Xy)] = Ep, [P f]

which essentially measures X,, 4, with f by measuring X,, with P,, f. Now, we want to construct a stationary
measure p that captures the fact that if a certain state X,, ~ p, = p, then the measure of future X, 4, ~
Prtm = p also. If p is stationary, then both py4., = p, = p, and this is equivalent to

Eum = Eu[me]

for all measurable f and m > 0. This will be the definition that we will work with. To help with the
interpretation, we can restrict the case to f = 14 to get P(X,, € A) = P(X,,4m, € A) for all A € S, which
means that the probability of X,,,,, realizing in A is equal to the probability of X, realizing in A. In
summary, stationary measures describe the equilibrium or steady-state behavior of the Markov process.

Definition 2.11 (Stationary Measure)

A probability measure p is called stationary or invariant if

E,[f] = E,[Py f], conventionally written as pu(f) = u(Pp, f)

for all m > 0 and bounded measurable f. This is a property of the measure.
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To give a pictorial interpretation, imagine an initial distribution Xy ~ py as some amount of sand placed on
the state space S (either as a continuous mass or mounds on discrete nodes). After one step, the distribution
will evolve to X7 ~ p1, where a different mound of sand will form on S. If py = u, then the flow of sand
between the nodes will balance each other out, and we still have the same amount of sand p; = u after each
step. The discrete case is simpler, since we can just imagine there being 7r(¢) of sand at node i, and P(i, 7)
of its proportion of sand flowing from node ¢ to j at each step. Therefore, all the sand flowing out of 4, which
is 2?21 P(i,j)m(i) = 1, balances out with the flow of sand into 4, which is 25:1 P, i)m(j).

d d
1= Zp(i,j)w(i) - ZP(J} i) (j)

and doing this for all 7 realizes into the matrix equation 7w = wP.

Example 2.7 (Stationary Distribution in Discrete Space)

Given discrete state space S = {1,...,d}, our stationary measure p can be represented by the all
familiar vector

m=(r(1) ... w(d)=(u({1}) ... p({d})

Given the PMF vectors p, = 7 and pp4m = 7 and some measurable function f = (f1,.. ., fa)T, the
stationary distribution property says that

Elf (Xnts)] = E[(Pn f)(Xn)] <= 7f = aPnf

which means that P,,f will act on 7 the same way that f does (though P,,f # f). We can also
interpret 7 as the eigenvector of P with eigenvalue 1, so that it is invariant.

Example 2.8 (Two Node System)

Let us have a two node system with nodes labeled L and R. That is, S = {L, R}. Consider a chain
on this state space with transition probability matrix.

1—a a
PZ( b 1—b>

which can be visualized in the following diagram below.

b

Then, the stationary distribution is

_ b a
= (cﬁb’ a7+b)
Notice that if @ = b = 0, then this definition is ill-defined, and any probability distribution is invariant
since P = I, the identity matrix.

This is also stationary since with certain conditions, the limiting behavior of the chain converges to m, but
we will prove that later.
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Definition 2.12 (Doubly Stochastic Chains)

A transition matrix P is said to be doubly stochastic if its columns also sum to 1.

Theorem 2.5 ()

Given a Markov chain with state space S = {1,...,d}, its transition probability matrix P is doubly
stochastic if and only if its stationary distribution is the uniform distribution

I
S \d’d’ 7 d
Proof.

We prove the only if part. Let 7(¢) = 1/N for alli =1,..., N. Then, for j=1,...,N,

N N 1
(wP)(i) = Y _7(§)P(j,i *NZ (,1) = 5 = ()

Jj=1

The if part is very similar.

2.2.1 TUniqueness
TBD TBD

2.2.2 Reversed Markov Process

From now, given the state space (S,S) we can put a measure g on it to get a measure space (S,S, ,u). The
Banach space of all u-measurable functions f : (S,S,u) — (R,R) (i.e. for every Borel B € R, f~}(B) € S)
will be denoted LP(u), equipped with the norm

1/p
1£llzouy = Bu[7]1/7 = (/ f 'pd“)

If p = 2, then we can define the inner product

(f,9)n =Eul[fg] =/ngdu

Lemma 2.8 (Contraction of Stationary Measure)

Let u be a stationary measure. Then,

1P flleouy = (111 Lo () = EulfP1V/?

Now, we can construct reversed Markov processes.

Definition 2.13 (Reversed Markov Process)

Let {X,}Y_ be a discrete time Markov process with transition operator P = P; (and semigroup
(P, = P™)) and stationary distribution p. Then, fix N and let Y,, = Xn_,. Then, Y, is a discrete
time Markov process with the dual transition operator P*, the adjoint of P satisfying

<f,Pg>lL = <P*f,g>#
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for all bounded measurable f,g € L?(p).

Though we have given the reversed Markov process as a definition above, we can prove that this satisfies the
Markov property.

Proof.

We can see how this definition realizes in a discrete space.
Example 2.9 ()

Given S = {1,...,d} and function vectors f, g,

d
= /S foin=3 fgin()

and by definition of the adjoint, we must have

d d d
(1. Pa)u = 3 5iPe)in(i) = 3 i Y- PGi.d)gs ) w(i)
i=1 i=1 j=1
d d d
=S (P )7 = Y (B0 i) = (P £.)s
A bit of computation will show us that
P (i, j) P, i)m(5)

and we can indeed check that
(P*£.9) zg,(zp 6.8 )70
_ , P, 0)m(5) (i
= ggz(;fjﬁ(i) JEC
d d
=3 6 ;P i) 7(j)
j=1i=1
d d
= ij <Zgip(jai)>7"(J)
= ij Pg);7(j) = (f, Pg)u

Note that P* also satisfies P*(7,j) > 0 and by definition of the stationary distribution ,

d d .
> Prlid) =Y S S R () = 10 —1
j=1

Jj=1 Jj=1
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Note that the transition probability is computed using Bayes rule

P (i,j) =P(Yiy1 =J | Yin = 1)
P(Ym =1 | Ym+1 = j)P(Yerl = ])

P(Y, = i)
_ IP)()(n—'m =1 | Xn—m—l = j)P(Xn—m—l = ])
P(Xy = i)

P, )7 (5)
7(4)

and {Y;,} also satisfies the Markov property.

P(Yi1 =7 | Ym=4,Yn-1 =4m-1,...,Y0 = ip)
P(Yo =0y, Y1 = tm-1,Ym =4, Yimt1 = J)
P(Yo =0y, Yin—1 = tm—1, Y = 1)
P(X, =i0,- s Xm—nt1 = tm-1,Xn-m =, Xn—m—1=17)
P(X, =0, s Xin—nt1 = tm-1, Xn—m = 1)
P(X =0, s Xonnt1 = im1 | Xnom =4, Xnm1 = J)P(Xppp =0 | X yn1 = J)P(Xpn_n1 =)
P(X, =i0, s Xn—nt1 = tm-1 | Xn-m = )P(Xp—r, = 1)

P(Xyn =d0,- . s Xom—nt1 = bm—1 | Xnem = 9)p(J, 9)7(4)

P(X, =40, Xin—nt1 = tm-1 | Xn—m = 1)p(2)
_ p(g )7 ()
o p()

Thus, {Y,,} is a Markov chain with the indicated transition probability.

2.3 Reversibility (Detailed Balance)

Note that reversibility of a Markov process and a reversed Markov process are two entirely different things.
There is always a reveresed Markov process, but the fact that it is reversible is a much stronger condition.

Definition 2.14 (Reversibility)

The Markov semigroup {P,,} with stationary measure p is called reversible (or in the physics
literature, is said to satisfy detailed balance) if P, is self-adjoint for every f, g, € L?(u). That is,

(s Pmg)u = (P f: 9)u

By the properties of the adjoint and the Chapman-Kolmogorov equation, we only need to check if P
is adjoint.

Note that if the Markov property is reversible, then assuming Xg ~ u, then

<me7 g>u = <fv Pm9>u = E[f(Xn) E[Q(Xn-&-m) | Xn]]
= E[f(Xy) 9(Xn+m)] = EE[f(Xn) | Xntm)] 9(Xn+m]

for every f,g € L?(u). So that in particular,

me(x) = E[f(Xn+m ‘ Xn = .13] = ]E[f(Xn) | Xn-‘rm = l‘]
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Example 2.10 (Detailed Balance in Finite State Space)

We know that if P is self adjoint, then its transition probability matrix will satisfy
P(j, 1) 7(5)
7 (i)
which is the familiar detailed balance condition that we are used to. To see that this is a stronger

condition than P7r = 7, we sum over j on each side to get

Z P(i,j) (i) = 7(i) Z P(i,j) = 7(j)

P(i,j) = — P, ) 7(j) = P2, 5) 7(i)

Remember that we could interpret (i) as the amount of water at x, and we send P(j,4)m (i) water
from node 7 to 7 in one step. The detailed balance condition tells us that the amount of sand going
from 7 to j in one step is exactly balanced by the amount going back from j to 7. In contrast, the
condition wP = 7 says that after all the transfers are made, the amount of water that ends up at
each node is the same as the amount there.

Many chains do not have stationary distributions that satisfy the detailed balance condition.
Example 2.11 ()

Consider the chain with

S5 5 0
P=|[3 1 6
2 4 4

There is no stationary distribution with detailed balance since 7(1)7(1,3) = 0 but P(1,3) > 0 so we
must have 7(3) = 0. But this would imply that 7(3)P(3,4) = 7(¢)P(4,3) for all ¢ so we conclude all
7(i) = 0, which doesn’t make sense. In fact, the stationary distribution is (1/3,1/3,1/3) since P is
doubly stochastic.

2.3.1 Metropolis-Hastings Algorithm

A huge application of Markov chains are in monte carlo algorithms, specifically the Metropolis-Hastings.
We begin with a Markov chain with transition probability ¢(z,y) that is the proposed jump distribution. A
move is accepted with probability

"(z,9) —mm{W 1}

m(z)q(z,y)’

so the transition probability becomes

p(z,y) = q(z,y)r(z,y)

Why do we do this? Multiplying by r guarantees that m now satisfies detailed balance under p. Without
loss of generality, we can assume 7(y)q(y,z) > w(x)q(z,y), and so we have

m(z)p(z,y) = n(z)q(z,y) 1

*)p2) = 7l 2) WD) g

which satisfies detailed balance.




Stochastic Processes Muchang Bahng Spring 2023

2.3.2 Kolmogorov Cycle Condition

Let us take a motivating example.
Example 2.12 ()

Consider the chain with transition probability

1—(a+d) a d
p= e 1-(b+e) b
c f 1—(c+ /)

and suppose that all entries are positive. To satisfy detailed balance, we must have m(x)p(z,y) =
m(y)p(y, z) for all z,y. So we must have
en(2) =an(l) fr(3)=0bm(2) dn(l)=cn(3)

Multiplying the three equations gives abc = def, or in other words,

p(L,2)p(2,3)p(3,1) _ abe _

p(2,1)p(3,2)p(1,3)  def

Definition 2.15 (Kolmogorov Cycle Condition)

Given a finite irreducible Markov chain with state space S. We say that the cycle condition is
satisfied if given a cycle of states xg,x1,...,x, = xo with p(z;—1,2;) > 0 for 1 <i < n, we have

n n

[Ir@i—1,@) = [ p(ziszin)

i=1 i=1

Theorem 2.6 ()

Given a Markov chain S with transition probability p, there exists a stationary distribution 7 that
satisfies detailed balance if and only if the cycle condition holds.

2.4 FErgodicity

Now, we want to talk about "well-behaved" Markov processes that have a limiting distribution that is the
stationary measure, i.e. the process will eventually end up in its steady state p, — p as n — +oo even if it
is not started there. That is, given some fixed initial condition Xy = z, is it true that

E[f(X,) | Xo=a] = E,[f] asn — o0

Definition 2.16 (Ergodicity)

The Markov semigroup (FP,) is called ergodic if

as n — +oo for every f € L?(u) (i.e. converges to the constant function uf = u(f)). That is, if
we would like to measure X,, ~ p, with f, then far enough in time this measurement converges to
measuring X ~ pu with f. Since this applies to all f (think f = 14), we can determine that p, — u
as n — +00.
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The following theorem determines whether a chain is ergodic, but note that we don’t know anything about
the rate of convergence to the stationary measure.

Theorem 2.7 ()

If Markov process {X,,} with stationary measure p and semigroup (P, ) is irreducible, then (P,) is
ergodic.

Theorem 2.8 ()

Suppose |S| < oo. If the chain is irreducible and all states positive recurrnent, then there always exists
a unique stationary distribution 7. If the chain is also aperiodic, then for any initial distribution v,

lim vP* =x
k— o0

Hence

lim P®¥)(z,y) = 7(y)
k—o0

for all x,y € S. Furthermore, for any measurable function f : S — R, the limit

n=1 €S

holds with probability 1. In particular, the limit does not depend on the initial distribution.

Proof.

The Frobenius Extension to Perron’s theorem (Linear Algebra, Theorem 7.31) combined with its
applications to stochastic matrices (Linear Algebra, Theorem 7.30) proves this statement.

The next result describes the limiting fraction of time we spend in each state.
Theorem 2.9 (Asymptotic Frequency)

Suppose we have a finite Markov chain with p irreducible and all states recurrent. Then, let

i=1

be the number of visits to y up to time n. Then,

N, 1
)
Z E,[T}]
If the chain is aperiodic, then we also have
1
m(y) =
Ey[T,]

Theorem 2.10 ()

Suppose that a chain is irreducible and there exists stationary distribution 7. Then,
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LY ) - 1)

Thus while the sequence p™(z,y) will not converge in the periodic case, the average of the first n

values will.

3 Poisson Processes

3.1 Exponential Distribution

Let us do some review. The exponential distirbution of rate A is a random variable 7" ~ Exponential(A)

with CDF
Fr(t)=P(T <t)=1—e*
and the PDF
Xe ™™ >0
t) = -
ot {O =0
We have
1 1
E[T) = -, Var(T) = 2

Lemma 3.1 (Memoryless Property)
The Exp(A) distribution has the property that for all ¢, s > 0,

PW>t+s|W>t)=P(W > s)

which is called the memoryless property. We can interpret this in the following way. Let W be
the time you have to wait for the first arrival. Given that you already waited ¢ units of time, the
probability that you have the wait s additional units of time is just the probability that you wait at
least s from the beginning. That is, knowing that ¢ units of time have elapsed does not affect the

distribution of the remaining waiting time.

Theorem 3.1 ()

Let W be a continuously distributed random variable. Then W ~ Exp(\) for some A > 0 if and only

if W satisfies the memoryless property.

Theorem 3.2 ()
Let T; ~ Exponential();) for ¢ = 1,...n. Then,

min{77y,...,T,} ~ Exponential(A; + ...+ \,)
and the random variable I which takes the index of min{77,...,T;,} has the PMF
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3.2 Defining the Poisson Process

We first describe a limiting behavior of binomial random variables.
Theorem 3.3 (Poisson Limit Theorem)
Let X,, ~ Bernoulli(n, p,), where {p, },en is a sequence of reals in [0, 1] such that
lim np, = A
n— oo
Letting Y ~ Poisson(\)
X, 2y

That is, the CDFs, and since this is a discrete distribution, the PMFs, converge.

Proof.

We will show that lim,,_, P(X,, = k) = P(Y = k), which shows that the CDFs converge and therefore
convergence in distribution.

. - 9 n\ _ k
i P =)= fim (1 )ok0 -
k n—k
—-1)... — 1
_ fm nn—1)...(n—k+ )()\) (1_ )\)
n—00 k! n n
k k—1\ yk n—k
_ i =00 )A<1—A)
n—00 k! nk n

. )\k A n—k
= T (1 - n)

k n —k
= A— lim (1 — )\) lim (1 — /\)

A e/\ - )\kek
k! k!

Note that this is different from CLT because in CLT, we just assume that the p,,’s are constant and take the
limiting behavior of X,, ~ Bernoulli(n,p) as n — oo.

This result justifies the following model. A Poisson Arrival Process with rate A > 0 on the interval [0, c0) is
a model for the occurrence of some events which may have at any time. We can interpret the process as a
collection of random points in [0, c0) which are the times at which the arrivals occur. Suppose that we would
like to model the arrival of events that happen completely at random at a rate A per unit time. At time
t = 0, we have no arrivals yet, so N(0) = 0. Let us fix some T', and now divide [0,7") into n tiny subintervals
of length 4.

Assume that in each time slot, we assign a X}, ~ Bernoulli(A\d) random variable that determines whether
there was an arrival within the interval ((k —1)d, kd]. So with probability Ad, there will be an arrival within
it, and as the time interval gets smaller, this probability also gets smaller too. Since every n subinterval is
Bernoulli(Ad), the number of arrivals in the interval [0, T), defined as the random variable N, (T, is

N, (T) ~ Binomial(n, Ad) = Binomial(n, )\—T)
n

As we increase the n (equivalently, decrease ¢), we divide [0, T') into smaller and smaller subintervals, resulting
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in finer and finer N,,(T") Binomial distributions. Since np,, = n£ = AT is finite, we can invoke the Poisson

limit theorem and say

N,.(T) EEN Poisson(\T")

Note that the starting point 0 does not matter, and this works for any interval of length 7. Therefore, we
can model the arrival times on any interval of length T" as a Poisson(AT") random variable.

Definition 3.1 (Poisson Process)

Let A > 0 be fixed, representing the rate of arrival in some unit time. The stochastic counting process
{N(t)}+>0, where N (t) represents the number of arrivals by time ¢, is called a Poisson process with
rate A if
1. N(0) =0
2. The number of arrivals in any interval of length s > 0 is N (¢t + s) — N(t) ~ Poisson(As)
3. N(Tt) has independent increments, i.e. if tg < t; < ..., < t,, then
N(t1) — N(to),...,N(tn) — N(tn—1)

are independent.

3.3 Constructing the Poisson Process

Now we have modeled this process using random variables N(t) that counts the number of arrivals up to
time t. Now, we can interpret it using random variables that represent the time in which they arrive.

Definition 3.2 ()

Set Ty = 0. The arrival times are random variables 0 < T; < Ty < T3 < ... such that the inter-arrival
waiting times

T =Tk —Tp_1, k>0
have the property that {W;}7° , are independent Exp()) random variables. Define

N(s) =max{k | T < s}

Now we prove that this process is equivalent to the Poisson process defined before.
Theorem 3.4 (Equivalent Interpretations)

Let {T},} be defined as above and N(s) := max{k | T < s}. Then,
1 N(O) 0
N (s) ~ Poisson(As)
N(t+ s) — N(t) ~ Poisson(As) independent of N(r) for 0 <r <s.
N(t) has independent incremements.
N(s) = max{k | T}, < s} is a Poisson distribution with mean As.

4 Continuous-Time Markov Processes

As the name suggests, in a continuous time Markov process X;, the time parameter is continuous (¢ > 0).
As before, the system jumps randomly between states in S, but now the jumps may occur at any time and
they occur randomly. This implies that there are two sources of randomness:
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1. where the system jumps, which is determined by the transition probabilities, and

2. when the system jumps, which is called the holding time
Definition 4.1 (CTMP)

Let (Q,F,P) be a probability space and (S,S) a measurable space. Then, a homogeneous
continuous-time Markov chain is a stochastic process { X; },>¢ taking valuesin S (i.e. X; : Q@ — 5)
satisfying the Markov property: for every bounded measurable f and and t,s > 0,

Elf (Xets) | {Xr}brad] = B[f (Xeqs) | Xi] = (Paf)(X2)

This again says that the probability of X4, does not depend on the history {X, = i, },<;, but on
the current value of X;.

Just like the discrete-time case, to describe random variable X;, s with function f, we can pull back the
function to compute

ELf(Xi1a)] = E[E[f (Xe12) | Xi]] = E[(Pof)(X0)] = /S Puf dpy

which integrates a new function P;f over the measure p;.
Example 4.1 (Transition Operator as a Matrix in Discrete Space)

Let us have a discrete space S = {1,...,d} with indicators 1y fori=1,...,d. Let x; represent the
column vector of the PMF of X;. From the same work as shown for discrete time Markov processes,
we can let f = 1y;; and compute the probability of X, landing in each point j € S, since that is
what we’re interested in for discrete probability distributions.

Pt+s( ) =P(Xt1s = J)

= E[1(;1 (Xt4s)]
=E[E[1;}(Xt+s) | Xi]] = B[Pl (X0)]
= / 1{]} Xt+s ‘ Xt]dpt = / Psl{j}(Xt) dpt
S
= Z [(Xiys =3 | Xo =] P(X; = 1) = Zpsl{j}(i)P(Xt =)
€s i€sS

which can be summarized as

d
Pt+s(J ZP Ly () pe (i ZP(Xt+s =7 | Xi = 1) pe(2)
i=1

We can compactly organize the probablhtles of these internode travel inside a d x d right stochastic
transition matrix

Po=| i |= s s
Ps]-{d}(]-) ‘e Psl{d}(d) P(Xt+s = ]. | Xt = d) .o P(Xt+s = d | Xt = d)

and compactly write the above equation as

pz—'—i-s Py P
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Lemma 4.1 ()

P, is linear. That is, for t,s > 1, o, 8 € R, and bounded measurable functions f, g,
Pi(af + Bg) = aP,f + BPg

Proof.

By linearity of conditional expectation,

(Ps(af + B9))(Xe) = E[(af + Bg)(Xits) | Xi]
= E[(af)(Xits) | Xi] + E[(Bg)(Xits) | Xi]
(P, f)(Xt) + B(Psg)(Xt)

We can now interpret linearity and the Markov property in the discrete space.
Example 4.2 (Markov Property in Discrete Space)

If we wanted to extract information from X; with function f (i.e. compute E[f(X})]), we can calculate

fi
E[f (X)) =pif = (pe(1) ... ps(d)) | :
fa
Now, say that s units of time later, we want to extract information f from X, by computing
fi
E[f(Xe+s)] = Pigsf = (Pe4s(1) - pes(d)) | -
fa

The problem is that we don’t know what the distribution of X, is (i.e. don’t know p¢4 (7)), so we
get its expectation by conditioning it on X;, which realizes as taking the expectation of a different
function P;f with respect to p;.

(Psfh
Elf(Xits)] = E[E[f (Xi4s) | Xe] = E[(Pof)(Xe)] = (pe(1) ... pe(d)) :
(Psf)a

It turns out that this transformation f — Pgf (from row vector to row vector) is linear, and so we
can interpret Py as f that has been left-multiplied by some transformation matrix Psg.

(PSf)l fl
(pe(1) ... pe(d)) : = (pe(1) ... pe(d)) Py :
(Psf)d fd

P.f

It turns out that this Pg acts linearly on f through left multiplication, but we can also right-multiply
pt by Pg to get the new distribution of X, !

(Rsf)l
(pe(1) ... pe(d)) : = (pe(1) ... pe(d)) Py :
(Psf)d fd

fi
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Therefore, it turns out that the linearity of Ps on f implies linearity of it on the vector py.

Now focusing on f = 14, we can define the following.
Definition 4.2 (Transition Probability)

Let us have Markov process (X;) with operator Ps. The function ps : S x & — R defined

ps(x, A) = Pla(z) = E[1a(Xiys) | Xe = 2] =P(Xeqs € A | X = 1)

is the transition probability, or transition kernel, of this chain. Note that
1. For each z € S, A — ps(x, A) is a probability measure on (S,S). This means that if we are in
some place x at time ¢, then the probability that we will land in some subset A € S of S at
time ¢t + s is ps(z, A).
2. For each A € S, P14 = ps(-, A) is a measurable function.
The transition kernel density is simply the pdf of the measure ps(x, ).

ps(z,A) = /Aps(x,y) dy

Note that in the matrix realization of the example above, it looks like P, acts on the distribution p; to get
a new distribution p;4 s, but this is not strictly the case since Ps is an operator on f. However, for the sake
of intuitiveness, we can interpret Py in two ways:

1. It operates on the measure p; by pushing it forward in time to get p;ys. This operator is defined as

pt = prrs(-) = ps(Xt, )

which corresponds to the matrix multiplication pf + pl- +s = pi Py

2. It operates on the function f (at X;;s) by pulling it back to Psf that operates on X;. This operation
f — Psf corresponds to the matrix multiplication f — Pgf.

Either way, we can think of the order of operations as either (pf Ps)f or pl (Psf).

Just like stochastic transition matrices, we can also deduce a semigroup property of the collection (Ps)s>0.

Lemma 4.2 (Chapman-Kolmogorov)
{P;} satisfies

Pt+sf — PtPsf
for all £,s,> 1, with Py = I, the identity.

Proof.
We can easily see that (Pof)(X:) = E[f(X})

(Prasf)(Xn) = E[f (Xntt4s) | X

EE[f (Xntt+s | Xnte)] | Xn]
E[(PSf)(XnH) | Xn}

= (P(Psf))(Xyn)

= (PtPsf)(Xn)

Xt} = f(Xt), and

We give one final condition.
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Lemma 4.3 (Conservativeness)

{P,} satisfies
P1=1

for all ¢ > 0, where 1 = 1g is the constant function of 1.

Proof.
This is trivial since it is just the law of total probability. That is, 15(X;) =1, and
(Psls)(Xe) = E[1s(Xeys) | Xi]

and note that o(X;) is a finer o-algebra than that generated by 15(X;is), meaning that the right
hand side is equal to 15(X¢s) itself, which equals 1.

Example 4.3 ()

Given the transition matrix

f;l{l}(l) c.. f@l{l}(d)
Po=| 1
Psl{d}(l) Psl{d}(d)

note that by linearity of Ps and the fact that {j} forms a partition of S, we have a

> = 2 L 1m)] 0 = R19)0 = 156) =1

JES JjES

which means that the columns must sum to 1.

Example 4.4 (Markov Chain with Continuous Jumps)

Let N(t),t > 0 be a Poisson process with rate A and let Y, be a discrete time Markov chain with
transition probability u(i, j). Then, X; = Yy is a continuous time Markov chain that takes one
jump according to u(i,j) at each arrival time N (¢).

4.1 Generator

In the discrete time case, we had P, = (p1)* for t € N, and from the Chapman-Kolmogorov equation, knowing
p1 allows us to compute p; for all ¢t € N. Likewise, if we know the transition probability for some ¢t < #g
for any ¢y > 0, we know it for all £. This observation suggests that the transition probabilities p; can be
determined from their derivatives at 0.

We now define the analogous operator to the transition rate matrix in continuous-time chains with a finite
state space. This is a natural extension, since we are just taking the right-derivative of P; at ¢t = 0.

Definition 4.3 (Generator)

The generator .Z is defined as
Zf =1lim M
tl0 t

for every f € L?(u) for which the above limit exists in L?(u). Intuitively, £ f represents the instan-
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taneous rate of change of the measurement f. The set of f for which .Zf is defined is called the
domain Dom(.%) of the generator, and £ defines a linear operator from Dom(.#) C L?(u1) to L?(u).

We have defined the generator . from the Markov semigroup {P; }+>0. Now, let’s try to define the semigroup
in terms of the generator .. Given that we have some map %), can we define some semigroup { P; } satisfying
the definition? We know that by the semigroup property, we can split P, into PP}, and P, P;, from which
we get the Kolmogorov backward equation and the forward equation, respectively.

d P, — P, PP, —1 P, -1

S P =1lim T i 1P ):Pt lim —" - PY
dt hl0 h hl0 h hl0

d . Pow—-P . (Ph—DIP (. Py—1 B
gl =i s e = (m ) = 2R

From which we see that the generator . is commutes with the semigroup
DiﬂPt - Pt.i/p

and solving this differential equation gives
Pt = et‘g

Let’s observe how this generator acts on the indicator functions f = 14. Note that Ps14(i) = P(Xtys € A |
Xt =1).

Pply(i) —1a(
(i) = tim 7140 ~ 14(0)

h10 h

(L14)(5) = (gg)lphl“h_lf‘>

and so (Z14)(4) represents the infinitesimal rate of change of the probability that X; will be in A given that
it is at 1.

Now, how does the generator realize into the finite state space?
Example 4.5 (Transition Rate Matrix)
We know that the semigroup operator P; is equivalent to the transition matrix

P(1,1) ... P(1,d)
Py = : :
P(d,1) ... P(d,d)

Let’s say that we have the function f = . ¢ ¢;ly;y, which realizes as the function vector f, and we

have generator .Z. We know that P, f realizes as the matrix multiplication P¢f, and so we can define
the transition rate matrix Q satisfying the equation

T Pnf —f o | N |
Qf=lim == — — QA=ln—;
This derivatives has entries

- Pu(i, ) U
Qi j):ﬁ P, (i, /) = lim Pu(i,j) = Pol(irj) _ Jimo R ifi#j
) dt A tio h—0 h . Ph(l,l)*l o ‘
lim ————— ifi=j

h—0

representing the flow of probability from ¢ — j. Note that by the law of total probability,

SR = 2| Puig) =Y QM5 =0
t=0 j t=0 j

J

.. d
;Pt(%])zl = %
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So the diagonal entries is simply Q(é,i) = —>_,,; Q(3,7). This realization Q is consistent with
the way .2 operates. Given f = ), filf;, and not worrying about whether we evaluate a limit of
functions or the limit of evaluations, we can get

(£ 1)

[f(ijl{]})] (ijfl{]}) ng (ZL153)()
zd:fa< Ph1{j}()h 145 (i > ij(hm -);Po(i,j))
hw h10

j=1

d
ZQl]fj— £)i

=

<.

and therefore, setting f = 1;;;, we get
L1 () = Q,19)

Example 4.6 ()

Given a two-state Markov chain, {0,1}, with some A > 0. Then, we can model our transition
probability matrix as

Its generator matrix is

4.2 Classification of States
4.2.1 Holding Times and Jumping Times

Now, we would like to find how long a chain stays at a state z € S.
Definition 4.4 (Holding Time)
Let {X;}¢>0 be a continuous time Markov chain, and define T}, to be the holding time at z.

Xy=z, T,=inf{s>1t X;#z}

We can characterize the distribution of T, but first we define the following.
Definition 4.5 (Memoryless Property)
A random variable X has the memoryless property if it satisfies for all ¢, s > 0

PX >s+t]| X >t)=P(X >s)

which is just abuse of notation for the following: We know that (t,00), (s,00), and (s + ¢,00) are
all in R and so they are events. So it really translates to the probability of an outcome landing in
(s +t,00) given that it lands in (¢, 00) is equal the probability of it landing in (s, c0).
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Px ((s+t,00) N (t,00)) _ Px ((s+t,00))
Px((t, OO)) PX((t,oo))

Px ((s+t,00) | (¢,00)) = =Px((s,00))

The exponential random variable is memoryless because the LHS just reduces to

Px((s+t,00) 1—Fx(s+1t) e et
Px((t,00)) ~ 1-Fx(t) e

—e M =1-Fx(s) = Px ((s,00))

Theorem 4.1 ()

The only continuous random variable having the memoryless property is the exponential random
variable.

Theorem 4.2 ()

T, has the memoryless property.

Proof.

We can show that

P(T, >t+s|T,>t)=P(Xy =z,u€[t,t+s]| Xy, =2, uel0,t)
=P(X,=2z,u€t,t+s]| Xe=2x)
=P(T, > s)

Therefore, we know that T, must have the exponential distribution, and for each x, we have T, ~ Exp(A,).

4.2.2 Irreducibility
Definition 4.6 (Irreducibility)

The Markov chain X; is irreducible if for any two states 4,5 € S, it is possible to get from ¢ to j in
a finite number of steps. To be precise, there is a sequence of states kg = i, k1,...,k, = j s.t.

Q(k‘m717 km) > 0

Lemma 4.4 ()

If X; is irreducible and ¢ > 0, then P,(i,j) > 0 for all 4,5 € S.

4.3 Stationary Measures

Recall that the Markov process (X;);>o evolves, and this evolution can be described by the sequence of
measures (p;)¢>o for each X;. If we would like to measure X, ; with function f, we can calculate E[f(X;1)] =
E,,,.[f], but we don’t know p;y,. Fortunately, we can "pull back" the f to compute the equivalent

Epiy. [f] = ELf (Xe4s)] = BE[f (Xeqs) | Xo]] = B[P f(X3)] = Ep, [P f]
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which essentially measures X;; s with f by measuring X; with P, f. Now, we want to construct a stationary
measure that captures the fact that if a certain state X; ~ p; = u follows a stationary measure, then the
measure of future Xy, ~ pis = p also. If p is stationary, then both pyys = pr = p, and this is equivalent
to

Eulf] = Eu[Psf]

for all measure f and s > 0. This will be the definition that we will work with. To help with the interpretation,
we can restrict the case to f = 14 to get P(X; € A) = P(Xi4s € A) for all A € S, which means that the
probability of Xy realizing in A is equal to the probability of X; realizing in A. In summary, stationary
measures describe the equilibrium or steady-state behavior of the Markov process.

Definition 4.7 (Stationary Measure)

A probability measure p is called stationary or invariant if

E,[f] = E,[P,f], conventionally written as u(f) = u(Pf)

for all £ > 0 and bounded measurable f. This is a property of the measure. We can describe the way
it operates on the measure as if p, = p, then

pr+s(*) = ps(Xe,-) = pu

To give a pictorial interpretation, imagine an initial distribution Xy ~ pg as some amount of sand placed on
the state space S (either as a continuous mass or mounds on discrete nodes). As time flows continuously, the
distribution will evolve to X; ~ p;, where a different mound of sand will form on S. If pg = u, then the flow
of sand between the nodes will balance each other out, and we still have the same amount of sand p; = pu
after each step. The discrete case is simpler, since we can just imagine there being (i) of sand at node ¢,
and P (i, 7) of its proportion of sand flowing from node ¢ to j after time ¢. Therefore, all the sand flowing

out of ¢, which is Z?:1 P.(4,j)m(i) = 1, balances out with the flow of sand into ¢, which is Z;'l:1 P, i)m(j).

d d
1= P(i.j)m(i) = Y P(j,))m(j)
i=1 j=1
and doing this for all 7 realizes into the matrix equation 7w = 7wPs.

Example 4.7 (Stationary Distribution in Discrete Space)

Given discrete state space S = {1,...,d}, our stationary measure p can be represented by the all
familiar row vector

r=(x(1) ... =@d)=(e{1}) ... w({d}))

Given the PMF vectors p; = w and piys = 7 and some measurable function f = (f1,..., fq), the
stationary distribution property says that

E[f(Xnim)] = E[(Pnsf)(Xn)] <= nf = nPuf

which means that Psf will act on 7 the same way that f does (though Pgf £ f). We can also interpret
7 as the eigenvector of Pg with eigenvalue 1 since p;ys(-) = ps(Xe, :) = pe(-).
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Theorem 4.3 ()
If i is a stationary measure of a continuous-time Markov process with generator .Z, then

w(Zf)=0
for every f € L?(u).

Proof.

Not worrying about interchanging limits and integrals, we have

P f— P
u(21) =Bl 21 = [ tim 2

g to t

. Pf-hRf
=lim [ ——dp
tl0 Jg t

- %%(EM[PJ] “E,[f) = lim% 0=

For a finite state space, this theorem reduces to the following.
Corollary 4.1 ()

7 is a stationary distribution of a continuous time Markov chain if and only if
Q=0

Proof.

To prove the if, we have

t2Q2
2!

WQZO:>7TPt=7T6tQ=7T(I+tQ+ +...):7r—|—0+...:7r

To prove the only if, we have

int = WiPt =7mQFP, — Q=0

P: =
mPr=m — 0 7 7

Theorem 4.4 ()

If a continuous-time Markov chain X; is irreducible and has a stationary distribution 7, then

Jim Py(i, ) = x(j)

4.3.1 Uniqueness
TBD TBD

4.3.2 Reversed Markov Process

From now, given the state space (S,S) we can put a measure y on it to get a measure space (S, S, u). The
Banach space of all y-measurable functions f : (59,8, u) = (R,R) (i.e. for every Borel B € R, f~}(B) € S)
will be denoted LP(u), equipped with the norm
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1/p
11120 oy = Bl 717 = ( / Ifl”du)

If p = 2, then we can define the inner product

(f,9)n =Eulfg] = /ng du

Lemma 4.5 (Contraction of Stationary Measure)

Let u be a stationary measure. Then,
1Pefllzoy 2 IIF 1oy = EulfP1H?

Now, we can construct reversed Markov processes.
Definition 4.8 (Reversed Markov Process)

Let {X;}o<i<r be a continuous time Markov process with semigroup (P;);>¢ and stationary distri-
bution p. Then, fix T and let Y; = Xp_;. Then, Y; is a discrete time Markov process with the dual
transition operator P}, the adjoint of P; satisfying

<f7 Ptg>u = <Pt*f7 g>u
for all bounded measurable f,g € L?(u).

Though we have given the reversed Markov process as a definition above, we can prove that this satisfies the
Markov property.

Proof.

We can see how this definition realizes in a discrete space.
Example 4.8 ()

Given S = {1,...,d} and function vectors f, g,

d
— [ foau=Y" figin(i
S i=1

and by definition of the adjoint, we must have

(f, Peg)u ZsztgﬂT Zfz(zptlj > i)
—Zm(ZP*%JfJ) o= Zd}P i£)i gi (@) = (P} f,9)u

=1
A bit of computation will show us that

P:(j,)7(j)

Pili,g) =
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and we can indeed check that

(P f,g) = igi(ZPw,j)fj)wm

d d
=36 £iPe(G, 1) 7(5)

j=11i=1
d

= Z (Zgzpt Ja > )
d

> Fi(Peg)m(d) = (f, Pighu

Note that P§ also satisfies P (4,5) > 0 and by definition of the stationary distribution ,
j=1 j=1 ( j=1 ﬂ-(l)

Note that the transition probability is computed using Bayes rule

P, 7) =PYi4s =J | Vi =)
_ ]P)(Yt =1 | Yits :j)P(Kf+s :])

P(Y; = i)
_ ]P)(XTft =1 \ X1t = j)]P)(XTftfs = J)
P(XT—t = Z)

_ P.Gi)m())
()

4.4 Reversibility (Detailed Balance)

Note that reversibility of a Markov process and a reversed Markov process are two entirely different things.
There is always a reveresed Markov process, but the fact that it is reversible is a much stronger condition.

Definition 4.9 (Reversibility)

The Markov semigroup {Ps} with stationary measure pu is called reversible (or in the physics liter-
ature, said to satify detailed balance) if P, is self-adjoint for every f,g, € L?(u). That is,

<f’ F)Sg>u = <P8f’ g>u

Since P, = 5, this condition is equivalent to .# being self-adjoint.

Note that if the Markov property is reversible, then assuming Xg ~ u, then
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(Psf, 9 = {f, Psg)p = E[f(Xs) E[g(Xi45) | Xi]]
= E[f(X¢) 9(Xt+s)] = E[E[f(Xt) | Xits)] 9(Xits]

for every f,g € L?(u). So that in particular,

Psf(x) = E[f (Xiys | Xo = 2] = E[f(X3) | Xiys = 7]
which means that the reversed process follows the same law as the forwrad process.
Example 4.9 (Detailed Balance in Finite State Space)

We know that if Ps is self adjoint, then its transition probability matrix will satisfy

Ps(,1) m(j)
m (i)
which is the familiar detailed balance condition that we are used to. To see that this is a stronger

condition than wPy = 7r, we sum over j on each side to get

ZPs(i,j) (i) = 7(3) ZPS(M) = (j)

Ps(ihj): = Ps(]vl)ﬁ(]):Ps(%])w(l)

Remember that we could interpret (i) as the amount of water at x, and we send Pg(j, i) (i) water
from node ¢ to j in one step. The detailed balance condition tells us that the amount of sand going
from 7 to j in one step is exactly balanced by the amount going back from j to i. In contrast, the
condition wPgs = 7 says that after all the transfers are made, the amount of water that ends up at
each node is the same as the amount there.

4.5 Ergodicity

Now, given a Markov semigroup P; with generator £ and stationary measure p, we know that Xo ~ p
implies Xy ~ p for all times t. It is natural to ask whether the Markov process will eventually end up in its
steady state even if it is not started there, but rather at some fixed initial condition. That is, given X, = =z,
is it true that

ELf(X,) | Xo = 2] = uf = Eu[f] as t — oo
If this is the case, the Markov process is said to be ergodic.
Definition 4.10 (Ergodicity)

The Markov semigroup (F;) is called ergodic if

Ptfﬁﬂf:Eﬂ[f]

as t — +oo for every f € L?(u) (i.e. converges to the constant function pf = u(f)). That is, if
we would like to measure X; ~ p; with f, then far enough in time this measurement converges to
measuring X ~ p with f. Since this applies to all f (think f = 14), we can determine that p; — u
as t — —+o00.

The following theorem determines whether a chain is ergodic, but note that we don’t know anything about
the rate of convergence to the stationary measure.
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Theorem 4.5 ()

If Markov process {X;} with stationary measure p and semigroup (P;) is irreducible, then (F;) is
ergodic.

5 Martingales

Let us first start with the discrete-time martingale for simplicity. In introductory courses, a martingale
might be defined as a stochastic process satisfying

Xn =E[Xni1 | Xo,. .., Xi)

for all n, which models a "fair game." They also may construct the random variables {X,,} first and then
define the filtration as the sequence of o-algebras o(Xi,...,X,). In here, we will construct the filtration
{F,} first and then define the random variables to be adapted to the filtration if X, is F,-measurable for
each n € N.

Definition 5.1 (Discrete-Time Martingale)

Given a probability space (2, F,P), let F = {F,,}.en be a filtration (an increasing sequence of o-
algebras). A sequence {X,} is said to be adapted to {F,,} if X,, is F,-measurable for all n. If the
stochastic process {X,, }nen is a sequence with

1. E[X,] < oo for all n,

2. X, is adapted to F,,

3. E[ Xt | X1y, Xn] = E[X i1 | Fr] = X, for all n,
then {X,} is a martingale. If E[X,,+1 | F,,] < X,, or E[X,,41 | F] > X, the {X,,} is said to be a
supermartingale or submartingale, respectively.

A martingale just represents a sequence of random variables that get finer and finer as the o-algebra increases.
While they do get finer and finer, they do not change the "average" of the function. For example, consider
the filtration generated by finer subsets of the unit interval = (0, 1]. We have

1. Fo={0,0}
2. Fi = 0((0,0.5], (0.5,1])
3. Fy = o((0,0.25],(0.25,0.5], (0.5,0.75], (0.75, 1])

Then, we would have

Y erxr] A 1+ Exzg
> pr—— —
ELeIiRTED] s e [
chonge cherge | ELELXIET]~E[X]
> + +> t p—p—t>
J] 1 0 0s 1 0 01c 05 01 1

A supermartingale (and submartingale) just means that as we make the function finer and finer, its mean
goes down (or up).
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Martingales are used to model lots of random walk events. In the following three examples, let &1, &, ...
be iid, and let S, = So+ & + ... + &n., where Sy is a constant. Let F,, = o(&q,...,&,) for n > 1 and let

Fo =1{0,0}.
Example 5.1 (Linear Martingale)

Let p = E[¢;] = 0. Then, {S,} is a martingale with respect to F,,. We show the three requirements:

1. E[S,] = E[So] + E[&1] + ... + E[&,] = So < oo.

2. By definition, we know that &; is o(§)-measurable for all i € [n], so & is F, = (&1, .-+, &n)-
measurable. Since the set of F,-measurable functions has a vector space structure, S, is also
F,-measurable.

3. We can simply solve

E[Snt1 | Fnl = E[Sn | Fu] + Elént1 | Fn] = Xn + E[6n41] = Xan

where the first equality follows from linearity. For the second equality, note that S, is F,-
measurable from above, and so the best JF,,-measurable approximation of X is X itself (i.e.
we have complete information). We know that &,y; is independent of the &;’s, and so by
definition their o-algebras are independent. This implies that o(&,4+1) and F,, = o (&1, .., &)
are independent, and so due to irrelevant information, E[¢,+1 | Fpn] = E[&nt1]-
If 4 <0 or > 0, then the computation above shows that E[S,11 | Fp] < 0 or E[Sp4+1 | Fn] > 0,
making it a supermartingale or submartingale, respectively.

Given a supermartingale or submartingale, we can change it to be a martingale.
Example 5.2 ()

Given that p = E[¢;] # 0, then {S,, — nu}is a martingale with respect to F,,. We can see this because

ElSn+1 = (n+ Dp | Fu] =E[Sn — np | Fo] + Eléntr — 1 | For
=Sy —np+E[la] —p
=S,—n
Example 5.3 (Quadratic Martingale)

Say u = E[¢] =0 and 02 = Var(§;) < co. Then, {S% — no?} is a martingale.

[
=E[S? — no® | Fn] + E[2S5&nt1 + €241 — 02 | Fy]
= E[SQ - n02 | ]:n] + QE[Snfn-i-l ‘ ]:n] + E[£3L+1] — 02
=E[S%? —no? | F]

where we have used the fact that due to independence of &, 1 with F,,, we have E[S,&,+1 | Fn] =
E[S,E[&+1 | Frn]] = E[S,, - 0] = 0.

This following result shows that martingales with bounded increments either converge or oscillate between

+o00 and —oo.
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Theorem 5.1 ()

Let {X,, }nen be a martingale with | X, 11 — X,,| < M < oo. Let

C ={lim X, exists and is finite}
n—oo

D = {lim sup X,, = +o0 and lim inf X,, = —o0}
n—r oo n— oo

Then P(C U D) = 1.

6 Concentration Inequalities

An informal statement of concentration of measure is the following: If X1,..., X, are independent random
variables, then the random variable f(X1,...,X,) is "close" to its mean E[f(X1,...,X,)] provided that
the function f(x1,...,x,) is not too "sensitive” to any of the coordinates x;. Intuitively, say that we have
a bunch of independent random variables X; and sample from them, to get some values x;. Calculating
f(x1,...,x,), we have sampled from f(Xy,...,X,). Since f depends smoothly w.r.t. its arguments, to
drastically change f, we must drastically change all the arguments. This is not likely, since all the X;’s are
independent.

Most of our intuition about probability in low-dimensional spaces breaks down in high-dimensional ones (on
the order of perhaps 10 or 20). We start off with two geometric examples in high-dimensional space.

Example 6.1 (Uniform Measure on Sphere)

Let u,, be the uniform probability distribution on the n-sphere S™ c R™*!. That is, let us consider
any measurable set A C S™ such that p,(A) > 1/2. Then, if we let d(x, A) be the geodesic distance
between x € S™ and A , we define the expanded set

Ay ={zeS"|d(z,A) <t}

and it turns out that ,
,Un(At) >1— e—(n—l)t /2

which states that given any length ¢ > 0, no matter how small, A; almost covers the whole space.
Then, for large enough n, u, is highly concentrated around the equator.

Note that the bounds decay exponentially (or of greater order).

Example 6.2 (Uniform Measure on Cube)

Example 6.3 (High Dimensional Gaussian)

Given iid X1,...,X, ~ N(0,0?), then let X be the random n-vector of these random variables.

Then, the random variable
X[ =+/X2+...,X2

n

has a distribution that is very concentrated around the expectation

B[] = \/Z
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Naturally, this concentration phenomenon extends to random variables.
Example 6.4 ()

Let us have iid random variables X; with P(X; = 1) =1/2 and P(X; = —1) = 1/2. Then, let’s define
S, =i, X;. The strong law of large numbers tell us that

Sn a.s.
— =0
n

while the central limit theorem tells us that

Sn d
ﬁ—n\/(o,l)

since E[X;] = 0 and Var[X;] = 1. The CLT result shows us that the fluctuations (variance) of S,, of
are order n. However, note that |S,,| can take values as large as n, so the maximum value of S, /n is
of order 1. If we measure S,, using this scale, then %” is essentially 0. The actual bound looks like

IP('S"| > r) < 2¢nr7/2
n

Lemma 6.1 (Markov’s Inequality)

Given any random variable X, we have

Lemma 6.2 (Chebyshev’s Inequality)

Given X with finite variance and expectation, we have

< Var[X]

= O[2

P(X - E[X]| > o)
An inequality that we will use often in proofs is Jensen’s inequality.
Lemma 6.3 (Jensen’s Inequality)

Given a convex function g : R — R and random variable X, we have

9(E[X]) < E[g(X)]

Proof.

We will assume that f is differentiable for simplicity and let E[X] = p. Define the linear function
centered at p to be l(x) = f(u) + f'(1)(x — ). Then, we know that f(z) > I(z) for all z, so

E[f(X)] > E[I(X)]
=E[f(u) + f' (1) (X — )]
=E[f ()] + f' () (E[X] — )
= E[f(p)]
= f(E[X])
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Definition 6.1 (Lipschitz Continuity)

A function f : (X,dx) — (Y, dy) is Lipschitz continuous, with Lipschitz constant A, if it satisfies

dy (f(x), f(y)) < Adx (x,y)

for all x,y € X.

6.1 Talagrand’s Gaussian Inequality

Lemma 6.4 (Gaussian Integration by Parts Formula)

For Gaussian random variables z, z1, ..., z, and a function F' of moderate growth at infinity, we have
- oF
E[xF(xl, . ,xn)} = ZE[J:%] E[axi(xh e ,mn)]

=1

Theorem 6.1 (Talagrand’s Gaussian Inequality)

Consider a Lipschitz function F': RN — R (with Lipschitz constant A). Let z1,...,2x ~ N(0,1)
be iid, and let x = (z1,...,zy). Then, for each ¢t > 0, we have

2
POP%x»—EFoo|>t)<2em>(—,ip)

Proof.

For this proof, we assume that F is not only Lipschitz, but C2. This is the case in most applications
of this theorem, and if it is not the case, then we can regularize F' by convolving with a smooth
function to solve the problem. We begin with a parameter s and consider the function G : R?Y — R
defined

G(z1,...,29N) = exp (S[F(zl, cos2N) — Flzng, - .,zzN)])

For clarity, we will denote variables of F' with z; and variables of G with z;. Let u1,...,usny ~ N (0,1)
be iid, and let vq,...,v, ~ N(0,1) be iid, with vy11,...,van copies of the first N. For shorthand,
we can denote the collection as u and v. Then, we have

E[uzuj] — E[Uﬂ}j} =0
except when j =7+ M or ¢ = j + M, in which case we have
]E[’LLZ’U,]} - E[’U,”Uj] =0-1=-1

since v;v; = X2, where X ~ N(0,1) = x?, a Chi-Squared distribution with 1 degree of freedom. We
consider the transformed random variable

f(t) = Vtu++v1—tv~N(0,1) for all ¢

that is essentially some smooth path from f(0) = u and f(1) = v. Note that given some ¢ € [0, 1],
f(t) is some random vector, G(f(t)) is some random variable, and E[G(f(t))] is some number. We
can define the function ¢ : [0,1] — R as

¢®:EW@@ﬂ14Immm@NI

= / G(y) pry(y) dy
RZN
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where px is the PDF of the distribution X. Take the derivative with respect to t to get the first line,
and we can simplify using Gaussian integration by parts

[Z dtfl 5‘21 ))]
- e[ 2 w0

2N 2N

=225 (rw) #00] 25255 0]

=1 j=1

But we can simplify

]El:(;ﬁ(ﬁ) fz-(t)] =E[(2\1/5 Qﬁ )(\[“J ﬁvj)]
-1 fj=i+Mi=j+M
0 else

(Efusuj] — Elviv]) =

DN =

So, we can simplify the above to

- _E{Z 0z 821+M ))}

and computing the second derivative using the chain rule gives

0G 0G OF

9% = oF om )
oF
ZSG(Z)ETQ(Zl’”"zN)
0*°G 2 oF oF
m(z) =—s"G(2) 67%(21,~~,ZN) oz (#N+1,- -5 22N)

for all z. So we have for all ¢ € [0, 1],

N
‘() = 321@{20(1"@)) oF
< 82E|: zN:

< S’E[G(f(t)) A2
< S2A’E[G(£(t))] = s2A26(t)

gj: (fne (@), -, f2N(t)):|

1), ... ()

oF

) intt) O mwmwwﬁmm}

Solving the inequality for ¢ gives

d@wmsfﬁzjjwmw@ﬁs/fﬁﬁ
= log¢(t) < s*A%t+C
— ¢(t) < 652A2t < 652A2

Recalling that f(1) = u, we have

Elexp{s(F(u1,...,un) — Funt1,--.,u2n))}] < s’ A
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and by independence of the u;’s, the LHS equals E[e*F(#1:uN)] E[e=sF(un+1.42n8)] and by Jensen’s
inequality, we have E[e=sF(#n+1:u2n)] > o=sElF(unt1,-u2n)] We can derive as follows:

exp (SF(ul, cooyuy) — SE[F(untq, ... ,ugN)])]
and by Markov’s inequality, we get for a random vector of standard Gaussian random variables x

P(F(x) — E[F(x)] > t) = P(e*(FCIEFGI] > gst)
E[es(F(X)—E[F(X)]}
<

- est

< eszAz—st

= P/4% Wwhen s = t/2A?

7 Variance Bounds and Poincare Inequalities
Let us first describe this concentration phenomenon by investigating bounds on the variance
Var[f (21, ..., 20)] = E[(f(z1,...,20) = E[f(@1,...,2)])°]
We can first bound
Var[f(X1, ..., X)) = E[(f(X1,. ., X)) —E[f(X1,. ., X)]? <E[(f(X1,..., X)) ]

and since adding a constant term to f doesn’t affect the variance, we can utilize this to get our first variance
bound.

Lemma 7.1 ()
Let X be a random variable or vector. Then,
Var[f(X)] < E[(£(X) — inf £)?] and Var[f(X)] < E[(sup f — f(X))’]

and

Var[f(X)] < =(sup f — inf f)?

e~ =

Proof.
Since Var[X] = E[X?] — E[X]? from above, we have
Var[f(X)] = Var[f(X) — a] = E[(f(X) - a)’] = E[f(X) - a]* <E[(f(X) - a)?]

By letting a = inf f, we get the first inequality. By letting a = (sup f + inf f)/2 be the "middle" of
f, we have |f(X) —a| < (sup f —inf f)/2 = [f(X) —a]? < (sup f — inf £)?/4, and so

Var[f(X)] < E[(f(X) — a)*] < - (sup f — inf f)?

Ry
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which gives our third inequality. We can also see that
Var[f(X)] = Var[—f(X)] = Var[b — f(X)] < E[(b — f(X))?]

to get our second.

This allows us to bound the random vector f(X) if f itself is bounded, no matter what X is. But this
generally turns out to be a very conservative bound, which is unsurprising since we assume so little about X.
For example, if we let X;,..., X, be iid random variables taking values in [—1,1], and let f(z1,...,2,) =
% >i i xi. Then, f takes values in [—1,1], and by the previous lemma, we have

Var[f(le s 7Xn)] < (1 - (_1))2 =1

| =

which looks good, until we see that we can derive a better bound from direct computation (which becomes
much better as n increases).

Var[f(X1,..., Xn)] = % > Var[X;] = %
i=1

However, this computation assumes independence of X;’s, which the previous lemma doesn’t. This is the
reason we're able to get a better bound, since if we took n copies of the same X, we would have

Var[f(X1,...,Xn)] = Var[nX/n| = Var[X] =1

Therefore, we will capitalize on the independence of these random variables in high dimensions to obtain
better bounds. Now in the next result, we shall show that the variance of a high dimensional f(X;,...,X,)
can be bounded by the variances of each random variable. Those quantities, like the variance, that behave
well in high dimensions is said to tensorize.

Consider independent random variables X1, ..., X, and a function f : R™ — R. If we fix values z1,...,x,,
then we can define for all k = 1,...,n the function gg(z1,...,Zx-1,Tk41,.--,%n) : R > R as
gk‘(*/'rlv LI 7xk‘717xk+17 e 7xn)(z) = f(x17 ... 7mk71727xk‘+17 e 7x’ﬂ)
where 9
(gr(T1, o Tl 1, Tha1s - -+ Tn)) (2) = pr (T1y ey Tl 1y 2y Tl 1y -+ s Tp)
and gg(z1,..., k-1, Tkt1, .-, Zn)(Xg) is a random variable of X;. Then, we can define
Vary, f(z1,...,2n) = Varx, [f(@1,. ., Tr—1, Xg, Thg1 -+ Tn)]
2
=Ex,[(f(z1, s @pe1, Xpy Tpr1, -, 2n) — Ex, [F(1, -0 @1, Xios Tt - -5 @0)]) 7]
= Var[gr (21, ..., Th—1, Thi 1, - - Tn ) (Xi)]
= Varx, [g(®1, ..y The1, Tht1,- - - Tn)]

which takes the variance of f with respect to X, keeping all other variables fixed. However, this value will
change for different x1,...,z,’s, and so we can loosen the restriction that they are fixed. We can take

gk(Xh.~~,Xk71,Xk+1,--~,Xn)(Z) = f(Xl,...,kal,Z7Xk+1,...,Xn)

where gi(X1,..., Xp—1, Xgt1,.-.,Xn)(Xk) is a random variable of Xi,...,X,,. Now if we calculate its
partial variance, we get

Vary f(X1,...,Xpn) = Varx, [f(X1, ..., Xy ..., X3)]

= Var[gk(Xl, AN 7Xk—1,Xk+17 . 7Xn)(Xk)]
- Vaer [gk(Xh e 7Xk—1an+la e aXn)]
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which is now a random variable of all X;’s, i # k, that outputs the variance of f with respect to X. But
is it true that

Ex, [f(X1,.... X)) =E[f(X1,..., Xn) | X1, s Xbe—1, Xpt1, -, Xn)?

Now, we can show a very useful property of variance: that the variance of some arbitrary function can be
bounded by the expected sum of the partial variances.

Theorem 7.1 (Tensorization of Variance)

That is, Var; f(x) is the variance of f(X3,...,X,,) w.r.t. the variable X; only, the remaining variables
kept fixed. Then, we have

Var[f(X1,...,Xn)] < E[iVarif(Xl,...,Xn)
i=1

Proof.

We try to mimic the fact that the variance of the sum of independent random variables is the sum of
the variances. At first sight, the general function f(z1,...,z,) need not look anything like a sum, but
we can expand it as a telescoping sum of random variables. We will prove this using the martingale
method, which constructs this random variable f(Xi,...,X,) as a sum of finer and finer increments
starting from the "coarse" constant function E[f(X1,...,X,)]. We define the random variable

Ak = E[f(Xl,,Xn) | X17Xk] —E[f(X1,7Xn) | Xl,...,Xk,,l]

Then, we can express
f(X1, . Xn) —E[f(Xy, ..., X,)] = ZAk
k=1

Note that E[Ay | X1,..., Xkx_1] =0 (i.e. Ag’s are martingale increments). In particular, even though
the Ay’s are not independent, if we have [ < k, then
E[ALA] = EE[ALA; | Xq,. .., Xk—1]]
EE[A; | X1,... Xe1] E[A | Xq, ..« Xg—1]]
EE[Ag | Xq,... Xkp_1]A]
=E[0-A] =0

and so, the variance can be expanded into terms that vanish.
2
Var[f(X1,..., X)] = E[(f(X1,..., Xn) — E[f(X1,..., X,)])"]
n 2 n
el(Ea)]-Eee
k=1 k=1
Now it remains to show that E[A?] < E[Vary, f(X1,...,X,)] for every k. Let us define
Ap= (X1, X)) —E[f (X1, o, X)) | X1y oy Xkm1, Xkt 1s - - » X
to be the approximation of f(Xi,...,X,) "one step" before the final increment. Then, we have
A =E[Ag | Xy, ..., Xx]
and as Xy and Xy,..., Xx—1, Xg+1,..., X, are independent, we have
Varg, f( X1, Xn) =B[AZ | X1, ..o, Xpo1, Xkt 15+ - » X

and therefore using Jensen’s inequality we can prove

E[A2] = E[E[Ay | X1, ..., Xk < E[A2] = E[Vary, f(X1,...,Xn)]
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What we want to eventually do is prove an inequality of the form where for any function h : R — R and
some X ~ u,
Vary [h] = Var[h(X)] < [|L(0)][72

where L is an operator on h. This will allow us to bound

Var(ge (21, - s Th1, Tht1s - - - ) (Xi)] < |L(GR (T, -+ oy Thm1, Thg1, - )| 2

for all x1,...,x,, simply by taking h = g(z1,...,Zk-1,Tk+1,.-.,Zn). Since this works for all z1,...,z,, we
can claim that this inequality holds for all X;(w), ..., X,(w) for all w € Q. That is, we can loosen the fixed
values into random variables.

Vark f(Xl, N ,Xn) = Var[gk(Xl, .. ~;Xk717Xk+1; . ,Xn)(Xk)]
S ||‘C(gk(X1a cee 7Xk:—17Xk+17 s 7Xn))||%2(u)

Note that all terms are random variables of X1,..., X}, and so the same inequality holds for their expecta-
tions over the entire joint measure.

E[Vary (X1, -, Xa)] S E[IL(g(X1,- oy Xemt Xir1, -, X)) 22

and so by tensorization (i.e. summing them up), we get

Var[f(X1,...,Xn)] < Y E[Var; f(X1,..., Xp)] <D E[[IL(gx(X1, -+ Xeo1, Xegrs - X)) |[F2)]

i=1 i=1

Furthermore, this bound is sharp when f is linear. Let us demonstrate this by letting f(z1,...,2z,) =
a1z + ...+ a,x,. On the left hand side, we have

Var[f(X1,...,X,)] = Var {z": aiXi] = 2": a? Var[X;]
i=1 i=1

and on the right hand side, each component divides up to

Var; f(x1,...,2,) = Var[f(x1,..., X ..., 20)]
= Varla1z1 + ...+ a; X; + ... apzy)
= Var[a; X;]
= a? Var[X,]

Then? Note that since f is linear, the values of all z;,j # ¢ have no effect on the variance of X;, and so
Var; f(X1,...,X,), which is originally a random variable of Xy,..., X;_1, X;41,..., Xy, is really just the
constant (random variable) a? Var[X;]. This is because no matter what values Xi,..., X; 1, Xi11,..., Xp
are realized, these values will only contribute to a translation of the random variable f(X,...,X,), and
hence will not affect the variance w.r.t. X;. So, the right hand side also becomes

E[gVarif(Xl, .. ,Xn)] = E[;a? Var[Xi}] = ga? Var[X;]

which is the same as the LHS.

We can view the tensorization of the variance in itself as an expression of the concentration phenomenon.
Var; f(x) quantifies the sensitivity of the function f(x) of the coordinate z; in a distribution-dependent
manner. If this sensitivity w.r.t. each coordinate (E[Var; f(X1,...,X,)]) is small, then f(X;,...,X,) is
close to its mean. However, it might not be so straightforward to compute Var; f, since it depends on both
the function f and on the distribution of X;. So, we can try combining this with a suitable bound on the
component-wise variance.
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Let us define the quantities:
Dif(x) =sup f(x1,.. -, Ti—1,2, Tit1,y---,Tn) — irzlff(acl7 e L1, 2, Ty e ey Tp)
z

and
D; f(x) = f(z1,...,2p) —irzlff(xh...,xi,l,z,miﬂ,...,xn)

which quantifies the sensitivity of the function f to the coordinate x; in a distribution-independent manner.
Now we can introduce the following bounds.

Corollary 7.1 ()

We have

Proof.

We start off with
Vari f(Xl, 300 7Xn) = Var[f(Xl, oD o 7Xi; 000 ,Xn)]
1
< Z(D,—f(Xl,...,Xn))2

Since these a random variables follow this inequality (for all w € Q), we can attach an expectation
on them to get

E[Var; (X1, ..., Xn)] < E[i(Dif(Xl, . ’X"))Q}

and substituting in the previous theorem gives
Var[f(X1,...,Xn)] < E[ZVarif(Xl,...,Xn)]
i=1

E[Varif(Xl,-H,Xn)]

-

©
I
—

E

-

~
Il
—
—
ISy

(Dif(X1,... ,Xn))ﬂ

=

(Dif(Xl,...,Xn))ﬂ

s
Il
—

—=
™

Example 7.1 (Random Matrices)

Exercise 7.1 (Banach-Valued Sums)

Let X1, Xo,...,Xn be independent random variables with values in a Banach space (B,|| - ||5).
Suppose these random variables are bounded in the sense that ||X;||p < C a.s. for every i. Show

that N
1 C?
Var (H E X ) < —
n n
k=1 B

This is a simple vector-valued variant of the elementary fact that the variance of %22:1 X, for
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real-valued random variables X, is of order %

Solution 7.1

We can tensorize the variance to get

n

1 1 1
Vary, ||— E Xi|l = Var||—Xg :—QVarHXkHB
n 4= = n = W
k=1
1 /1 9 C?
< — | = — (— _
< <4(C’ (-0)) ) 3

and so letting f(Xq,...,X,) = H%ZZ:l X]fHB’ we get

Var[f(X1,... Xn)] < > _E[Vary f(X1,...,Xn)]
k=1

—~C?
<N -
= Z n2 n
k=1
Exercise 7.2 (Rademacher Processes)

Let €1,...,€6, be independent symmetric Bernoulli random variables P(¢; = 4+1) = 1 (also called

2
Rademacher variables), let 7' C R™. The following identity is completely trivial:

n n
sup Var {Zektk] = supZti

= k=1 T =1

Prove the following nontrivial fact:

n n
Var [sup Z ektk} < 4sup Z ti

teT teT

k=1 k=1
Solution 7.2
Let us consider a fixed € = (€1, ..., €,) and index ¢ € [n]. Then, consider the random variable formed
by taking the value f(eq,...,€,) and loosening ¢, to be an random variable. That is,
1
P|:f(61, 00 .76n) = sup{eltl + ...+ 1t1 —+ ... +€ntn}:| = —
teT 2
1
P{f(el, ooy €n) =sup{ert; +...— 1t + ... —i—entn}} = —
teT 2

Then, we compute

n
D; f(e1,...,€,) = inf su €xt
2 Elzeener) eie{—l,l}te:?,; o
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and we can estimate
D; f(e) = fler,...,€n) — Dif(er,. .. €)

n
=su ety — inf  su €xt
p> et pt s>t

< sup 2t
teT

We can finally bound

i=1
< 4E sup tz}
n
=4sup Y t?
Exercise 7.3 (Bin Packing)
This is a classical application of bounded difference inequalities. Let Xi,...,X, ii.d. random

variables with values in [0,1]. Each X; represents the size of a package to be shipped. The shipping
containers are bins of size 1 (so each bin can hold a set packages whose sizes sum to at most 1).
Let B, = f(Xy,...,X,) be the minimal number of bins needed to store the packages. Note that
computing B, is a hard combinatorial optimization problem, but we can bound its mean and variance
by easy arguments.

1. Show that Var[B,] < n/4

2. Show that E[B,] > nE[X]
Thus the fluctuations ~ y/n of B, are much smaller than its magnitude ~ n.

Solution 7.3

Listed.
1. Given fixed sizes Xi,..., X, and some i € [n], we can see that a property of f is that

f(le‘"7X7571707Xi+17"'7Xn)+1:f(le‘"7X7§71717Xi+17"'3Xn)

since for an extra package with size 1, you would for sure need one more bin. So the maximum
difference of f based on the x; value is the constant random variable

D;f(X1,...,Xn)= sup f(X1,...,2,...,Xp)— inf f(Xq1,...,2,...,X,)
2€[0,1] z€[0,1]
:f(X17"'717"'aXn)_f(le"'aO7"'aXTL):

and so by the bounded difference inequalities,

Var[B,,] = Var[f(X1,...,X,)]

IA
N
=

&
Il
-

(Dif(X1,..., X))

S e

E[(Dif (X1, ..., Xn))’]

||'M:
I

IA
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2. Given the sizes X1, ..., X,, B, must satisfy
B,=f(X1,...,.Xn)>2X1+...+ X,
since the total volume of bins B,, must exceed the total volume X; + ...+ X, of packages. So,

E[B,] > E{iXk] = nE[X]
k=1

Exercise 7.4 (Order Statistics and Spacings)

Let Xj,..., X, be independent random variables, and denote by X1y > ... > X(,) their decreasing
rearrangement (X (1) = max; X;, X(,) = min; X, etc.). Show that

Var[X(k)] < k‘E[(X(k) - X(k+1))2] for 1 < k < n/2

and that
Var[X )] < (n —k+ 1) E[(X(x—1) — Xx))?] for n/2 <k <n

Exercise 7.5 (Convex Poincare Inequality)

Let Xi,...,X, be independent random variables taking values in [a,b]. The bounded difference
inequalities estimate the variance Var[f(X1,...,X,)] in terms of discrete derivatives D;f or D; f of
the function f. The goal of this problem is to show that if the function f is convex, then one can
obtain a similar bound in terms of the ordinary notion of derivative V, f(z) = 9f(z)/0z; in R™.

1. Show that if g : R — R is convex, then

9(y) —9(x) 2 g'(x) (y — z) for all z,y € R
2. Show using part (a) and the bounded difference inequalities that if f : R™ — R is convex, then
Var[f(X1,..., Xn)] 2 (b= a)’E[|IVF(X1, ..., Xa)lI?]
3. Conclude that if f is convex and L-Lipschitz, i.e. |f(z)— f(y)| < L||x — y|| for all z,y € [a, b]",
then Var[f(X1,...,X,)] > L?(b—a)%
Solution 7.4

Listed.
1. Assuming g is differentiable, let us choose any z,y € R and define some z = Az + (1 — \)y in
between. Then, pictorially, we would like to formally show that

)= 1@) _ 1) = f@)

z—x y—2x

and take the limit as z — = to get f’(x) on the LHS. By definition, we have

F2)=f(Az+ (1= Ny) <Af(@)+ (1 - N f()
Subtracting f(z) and then dividing by 1 — A > 0 on both sides gives

f(z) = f(=)

T S - @)
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Note that z —z = Az + (1 — \y) — 2 = (1 — \)(y — x). So, dividing by y — = > 0 on both sides

gives
1) = 1@ _ 1) = i@
% = B Yy—x
and taking the limit on the LHS gives
) — 1 FE 1@ _ F0) = @)
z—T Z—x Yy—

Since y — x > 0, we can multiply both on the same side to get

fy) = f@) = f'(z) (y — 2)

If y < z, then the proof is the same, and the inequality sign ends up getting switched around
twice, leading to the same conclusion.

2. Note that from the above result, we can multiply both sides by —1 to get that g(z) — g(y) <
g (z)(x —y) for all z,y € R, and then swap the two variables to get g(y) — g(z) < ¢'(y)(y — x).
Let us consider fixed z1,...,x, and some i € [n]. Given f : R™ — R, we define f;(x) : R - R
by unfixing the ith variable. Then, given some «, 3 € [a, b],

fi(x)(B) = fi(x)(a) < ¢'(B)(B — )

or equivalently,

f(‘rlﬂ"'vﬂw"vmn)_f(xlv"’,aw"ax’n)S P

Now let z* € [a, b] be the value s.t.

2" =arg min f(x1,...,2,...,Zp)
z€|a,
Then,
_ . of :
D; f(x) = f(z1,.. ., Tiy...p) — f(@1, .., 2%, mp) < 6x4(x1""’$i""’xn> (x; — 2%)
K2

and so )
(D7 f(X))” < Vif(x)? (5 — 2°)* < Vif(x)* (b - a)?
which gives from the bounded difference inequality

n

Var[f(X1,...,X,)] < E{Z (Di_f(Xl,...,Xn))Q}

i=1

< E[fjviﬂx)? -]
= (0~ o)’E[||VF(X)|']
3. If f is L-lipschitz, then ||V f(X)|| < L, and so

Var[f(X1,...,X,)] < (b—a)*L?
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7.1 Markov Semigroups
Definition 7.1 (Markov Process)

Let (Q, F,P) be a probability space and (S, S) be a measurable space. A homogeneous Markov process
{X:}+>0 is a stochastic process that satisfies the Markov property: for every bounded measurable
function f and s,t > 0, there exists a bounded measurable function P;f satisfying

EBlf (Xeqs) | {Xr}brad] = (Paf)(Xe) = E[f (Xi45) | Xi]

Definition 7.2 (Stationary Measure)

A probability measure p is called stationary or invariant if

&m:MMHm[yw:me
for all ¢ > 0 and bounded measurable f. By abusing notation, this is conventionally written
u(f) = w(Pef)
To interpret this notion, suppose that Xy ~ p. Then,

E[f(X:)] = E[E[f(X}) | Xo]] = E[P;f(X0)] = E,[P; f]

and if p is stationary, then we have E[f(X;)] = E,[f]. If f = 14 for some measurable A C S, then
E[14a(Xy)] = P(X; € A), and

]P’(XtEA):]EU[lA]:/SlAd,u:/Ad,u:u(A):P(XoeA)

which means that the probability that for all A € S and all ¢ > 0, the probability of X; realizing in A is
equivalent to the initial probability of X realizing in A. This means that the process remains distributed
according to the stationary measure X; ~ p for every time ¢. In summary, stationary measures describe the
equilibrium or steady-state behavior of the Markov process.

From now, given the state space (S,S) we can put a measure p on it to get a measure space (S, S, u). The
Banach space of all y-measurable functions f : (S,S,u) — (R, R) (i.e. for every Borel B € R, f~1(B) € S)
will be denoted LP(u), equipped with the norm

1/p
nmmm:mﬂw@=(émw@

If p = 2, then we can define the inner product

(fs9)u = Eu[fg]=/sfgdu

Lemma 7.2 ()

Let u be a stationary measure. Then, the following hold for allp > 1, t,s > 1, o, 8 € R, and bounded
measurable functions f,g.
1. Contraction:

WP fllzoy < 1fllzeqey = EulfF1HP
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2. Linearity:
Pi(af +Bg) = aPbf + BPg

3. Semigroup Property:
Pt+sf = PtPsf

4. Conservativeness:

Pl=1

Lemma 7.3 ()

Let p be a stationary measure. Then, ¢ — Var,[P; f] is a decreasing function of time for every function

feL?(u).

Proof.

Note that

Var, [P f] = ||P.f — Mf||%2(#) =[|R(f - Nf)||%2(#) = ||[Pi—s Ps(f — Mf)||%2(u)
< P(f = w2y = I1Pof = nf 172 = Varu(Puf)

We now define the analogous operator to the transition rate matrix in discrete time chains with a finite state
space.

Definition 7.3 (Generator)

The generator . is defined as

Zf =lim Ptft_ /

for every f € L?(u) for which the above limit exists in L?(u1). The set of f for which .Zf is defined is
called the domain Dom(.%) of the generator, and % defines a linear operator from Dom(.%) C L?(u)
to L?(u).

We have defined the generator . from the Markov semigroup { P, };>o. Now, let’s try to define the semigroup
in terms of the generator .. Given that we have some map %), can we define some semigroup { P; } satisfying
the definition? To do this, we must solve the differential equation:
d . Pys— P . BPs— P . Ps—1
m-t° -t

dt "t (Slfg 1) 51¢0 1) (slw

=PY
For function P; to satisfy this differential equation, we have the solution
J
which also implies that . and P, must commute.
Definition 7.4 (Reversibility)
The Markov semigroup {P;};>o with stationary measure y is called reversible if

<faPtg>/J = <Ptfag>ll«
7

for every f,g € L?(uu). Equivalently, we can say that P; is self-adjoint on L?(u), or since P, = e'Z,
we have % is self-adjoint.
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Definition 7.5 (Ergodicity)
The Markov semigroup {P;};>o with stationary measure y if called ergodic if
Pf —pf

in L?(u) as t — +oo for every f € L?(u). Note that uf = u(f) is the constant function in L?(u).

Exercise 7.6 (Elementary Identities)

Let P, be a Markov semigroup with generator .Z and stationary measure u. Prove the following
elementary facts.
1. Show that u(Zf) = 0 for every f € L?(u)
. If ¢ : R — R is convex, then P;¢(f) > ¢(P;f) when f,¢(f) € L*(p)
. If ¢ : R — R is convex, then Z¢(f) > ¢'(f)Lf when f,é(f) € L?(u)
. Let f € L?(u). Show that the following process is a martingale.

=N

M= 1)~ [ 25(x)ds

Solution 7.5

Listed.
1. This is simply a property of the generator. Not worrying about interchanging limits and inte-
grals, we have

wen) =iz = [ im0 g,

g tl0

L Pif—PRf
=lim [ ——du
tl0 Jg t

— %%(EH[PJ] —E,lf]) = lim = -0 = 0

2. By Jensen’s inequality,
Pso(f) = E[p(f)(Xes) | X
> o( B (Xers | ) = 92

7.2 Poincare Inequalities

Recall that a Poincare inequality for p is, informally, of the form
variance(f) < E,[||gradient(f)||?]

At first sight, such an inequality has nothing to do with Markov processes. However, the validity of a Poincare
inequality for g turns out to be related to the rate of convergence of an ergodic Markov process for which
u is the stationary distribution. That is, a measure u satisfies a Poincare inequality for a certain notion of
gradient if and only if an ergodic Markov semigroup associated to this gradient converges exponentially fast
to u.
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Definition 7.6 (Dirichlet Form)

Given a Markov process with generator .Z and stationary measure u, the corresponding Dirichlet
form is defined as

E(f,9) ==}, L)

Theorem 7.2 (Poincare Inequality)

Let P, be a reversible ergodic Markov semigroup with stationary measure pu. The following are
equivalent given ¢ > 0.
1. Var,(f) < c&(f, f) for all f (Poincare Inequality)
IPf — fllrzqe < e elIf — ufllrze
E(Pf, Pf) < e 2/¢E(f, f) for all f,t
For every f there exists x(f) s.t. ||Pif — pfllz2(n) < w(f)e~t/e
For every f there exists x(f) s.t. E(Pif, Pif) < w(f)e 2/¢

&> 80 e

We should view properties 2 through 5 as different notions of exponential convergence of the Markov semi-
group P; to the stationary measure p. Properties 2 and 4 directly measure the rate of convergence of P, f to
wuf in L?(u), while properties 3 and 5 measure the rate of convergence of the "gradient" (now depicted as
E) of P.f to 0.

7.2.1 The Gaussian Poincare Inequality
Definition 7.7 (Ornstein-Uhlenbeck Process)
Given standard Brownian motion (W;);>0, the Ornstein-Uhlenbeck process is defined as

Xt = efth + eitWem_l

Lemma 7.4 (Gaussian Integration by Parts)

If £ ~ N(0,1), then
E[¢f(&)] =E[f'(&)]

Proof.

Assuming that f is smooth with compact support, we have by integration by parts

7 > ! 6*12/2
—z2/2

[e%s) 6—552/2
:/_OO (0f(@) " do = EIEF(E)]
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Theorem 7.3 ()

The Ornstein-Uhlenbeck Process (X¢):>0
1. is a Markov process with semigroup

P f(z) =E[f(e 'z + V1 — e~2€)] with £ ~ N(0,1)

2. admits p = N(0,1) as its stationary measure
is ergodic
4. has generator and Dirichlet form given by

ZLf(z) =—zf'(x) + f'(x), E(f,9)=(f" 9

&

5. is reversible

Proof.

Let s > t.
1. By definition of X;, we have X; = e * Xy 4+ e !W_2.-1 and

Xs=e’Xo+e Wesy = Xog=(Xs—e Wes_yp)e’
Substituting in the equation for X, gives
X, =e 90X, 4+ et (Woaey — Weze_q)

e e_(t_S)XS +41 - 672(1575)5

where £ = (Weze 1 — Wezs_1)/Ve?t —e?s ~ N(0,1) is independent of {X, },<s. Therefore, we

can write

E[f(Xe) | {Xr}resl = Pesf(Xs) = E[f (77X, + V1 = em2(t=9¢)]

which proves the Markov property and gives the semigroup.
2. We can clearly see that if X; ~ N(0, 1), then X;ys = e *X; ++v/1 — e=25¢ is a sum of Gaussians,
one with variance e~2° and the other with variance 1 — e~2%, and so their sum has variance 1.
We will take for granted that this is ergodic.
4. To compute the generator, we use the chain rule (and not worry about whether we take the
derivative within the expectation integral) and then use Gaussian integration by parts to get

SR =E[f et VImeTg (e - et |
=E[e af (e~ bz + /1 —e208) + e 2t (e x—ﬁ—mf}

§2

and therefore have
9oty =(—od + L VP
at T de ' dz? )"
The Dirichlet form can be simplified using the Gaussian integration by parts as

E(fy9) =—(f, L9
[£(€)(zg'(€) — 9" (9)]

[££(€)g" ()] —E[f(£)g" (&)]
[f'(€)g'(€) + £(€)g" ()] = E[f(£)g" (€)]
[f'(€)g'(©)]

5. Since E(f,g) = E[f'(£)¢'(€)], it is symmetric and so . is self-adjoint.

E
E
E
E
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From the previous theorem part 4, we can see that

g(fa f) = <f/7 f/>u = ||f/||2Lz(u) = Eﬂ[flz]
which means that the Dirichlet form of an Ornstein-Uhlenbeck process is precisely the expected square

gradient of function f! Therefore, with the Poincare inequality, we can bound the variance of f with the
Dirichlet form, which is the expected square gradient of f.

Theorem 7.4 ()

Let p = N(0,1). Then,
Var, [f] < |12

Proof.

We have from the properties of the Ornstein-Uhlenbeck process that

L Pf(@) = E[f(e o+ /1= e g
—E[ - fleto+ VI e Re)
=E[f/(e 'z + vV1-e%¢) e7']
= E[f( e+ VT - e g

=e P f'(x)

Thus
EBS, Bef) = I(Pef) 17200y = € NP T2y < €2 220 = e 2E(S, F)

where the inequality follows from contraction.

By tensorization, we can prove the following.
Corollary 7.2 (Gaussian Poincare Inequality)
Let Xi,...,X, ~ N(0,1) be iid. Then,

Var[f(X1, ..., Xn)] <E[|[Vf(X1,..., Xn)[1?]

Proof.

Computation.

SE[i — (X1, X))

dx;
i=1 v

=E[|VF(X1,- -, Xa)|]

So what have we done so far? If we have some distribution p and want to prove an inequality that bounds
Var,,[f], then we should choose some (reversible ergodic) Markov process that has a stationary distribution
w. We can identify its semigroup, generator, and ultimately its Dirichlet form £(f, g), which will allow us to
invoke the Poincare inequality to bound

Var,[f] < cE(f, f)
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and since u = N(0,1), we have shown above using both the properties of the generator of the Ornstein-
Uhlenbeck process and Gaussian integration by parts that this Dirichlet form is precisely the norm of f’.
This is clear since the Dirichlet form (f, Zg), only depends on . and p. However, the Dirichlet form does
not have to be this form.

1. If u is some other distribution, we would not be able to reduce E(f, f) to the norm of its derivative,
and so it make take on a different form.

2. If we choose a different Markov process, even with the same stationary measure p = N(0,1), the
generator may be different and so will the Dirichlet form.

Exercise 7.7 (Carre du Champ)

We have interpreted the Dirichlet form E(f, f) as a general notion of “expected square gradient” that
arises in the study of Poincare inequalities. There is an analogous quantity T'(f, f) that plays the
role of “square gradient” in this setting (without the expectation). In good probabilistic tradition, it
is universally known by its French name carre du champ (literally, “square of the field”). The carre
du champ is defined as

N(f,9) = 5 [£(f9) ~ .29~ 921]

in terms of the generator £ of a Markov process with stationary measure p.
1. Show that E(f, f) = [T(f, f)dp and that E(f,g9) = [T(f,g)du if the Markov process is in
addition reversible.
Show that I'(f, f) > 0 so it can indeed by interpreted as a square.
Prove the Cauchy-Schwartz inequality T'(f, 9)?> < T'(f, f)T'(g,9)
4. Compute the carre du champ of the Ornstein-Uhlenbeck process and confirm that it should
indeed be interpreted as the appropriate notion of "square gradient."

£9 19

Solution 7.6

Listed.
1. By stationarity, we have

WL = /S.zfdu=o

for all f € L?(u), which reduces the first term below to 0. So, we can reduce the carre du
champ to

RIS ;(/S.Z(F)du . 2[Sf$fdu>
— /S fLfdu=—(f, 2 =E(, )

Furthermore, assuming that P, is reversible, we have

E(f,9) =~ ZLou=—ALf,u=—9ZLf).=E9 f)

( [ 2tGodu- [ 129dn- [ g2 dﬂ)

(=, 29— (9:ZF)n)
= _<f7$g>ll« = g(fag)

and so

/F(ﬁg) dp = %
1
7
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2. Since I'(f, f) = %(X(F) — 2f$f), the problem now reduces to proving that £ (f?) > 2f.Zf.
By Jensen’s inequality, we have P(f?) > (P, f)?, and so

g(fZ):hmPt(fQ)_fz>hm(Ptf)2_f2
t10 t — tlo t
—gwrp| = (amn- )| -
t=0 t=0

3. We know that T'(f + tg, f + tg) > 0 from above, and so if we expand out, we get

D(f +1g, ] +19) = 5 [L((f +19)) — 27 +19)2(f + tg)]

=T(g,9)t* + 20 (f, )t + T(f, f) 2 0

for all ¢. Since this quadratic is nonnegative, its discriminant must be < 0, and so

A = (20(f,9))" - 20(g, 9T (. /) <0 = T(f,9)* <T(f, /)T (g,9)
4. The generator of the Ornstein-Uhlenbeck process is 2 f(z) = —xf'(z) + f”(x). Therefore,

I'(f,9)(x) = % (Z(f9)(2) — f(2)ZLg(x) — g(=) L f ()]

1

= > [(~2(79) @) + (F9)"@)) = F@)(—29'@) + 9" (@)) - 9(a) (— =f (@) + ()]

which simplifies down to f’(z)¢’(z), and so T'(f, f) = [f’(2)]? can be interpreted as the square
gradient of f.

7.3 Variance Identities and Exponential Ergodicity

Now, let us develop some intuition on the connection between Markov semigroups, Var,[f] and the Dirichlet

form E(f, f).
Lemma 7.5 ()
The following identity holds.

%varu[Ptf] = —26(P.f, P.f)

Proof.

By stationarity, u(P;:f) = u(f), and so

; Var, [P f] = {M (P.f)?) — u(Pef)?}
—{u((ﬂf) )~ ()} = S (P
d

-5 [@rra= [ SEpra=2 [ (B g
—QEu[Ptf;f( tf)]—2<Ptf7$Ptf>u:_26(Ptfzptf)
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Theorem 7.5 ()

E(f,f) >0 for every f.

Proof.
We know that t — Var, [P, f] is a decreasing function of ¢ (by contraction of P;), so

%Varu[Ptf] ==28(Pf,Pf) <0

Theorem 7.6 ()

Suppose that the Markov semigroup is ergodic. Then, we have for every f

Varu[f] = 2A g(Ptf7 Ptf) dt

8 Subgaussian Concentration and log-Sobolev Inequalities

8.1 Subgaussian Variables and Chernoff Bounds

We should first consider how one might go about proving that a random variable satisfies a Gaussian tail
bound. Most tail bounds in probability theory are proved using some form of Markov’s inequality.

Lemma 8.1 (Markov’s Inequality)

Given a nonnegative random variable X, we have

IE”(X>0¢)§E

@
which means that the probability that X > « goes down at least as fast as 1/a.
Markov’s inequality is very conservative but very general, too. If we make further assumptions about

the random variable X, we can often make stronger bounds. Chebyshev’s inequality assumes a (possibly
negative) random variable with finite variance and states that the probability will go down as 1/z2.

Theorem 8.1 (Chebyshev Inequality)

Given (possibly negative) random variable X, if E[X] = u < 40 and Var(X) = 02 < +o0, then for
all a > 0,

Var[X]
7

1
IP>(\X—M\>lm)§E = P(X —pu|>a)<

That is, the probability that X takes a value further than k& standard deviations away from u goes
down by 1/k?. Therefore, if o is small, then this bound will be small since there is more concentration
in the mean.
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Proof.

We apply Markov’s inequality to the non-negative random variable | X — pu].

< BX =) _ Var{x

- 2 2

P(IX — p| > a) =P(IX — u* > ?) -

«

since the numerator on the RHS is the definition of variance.

Using higher powers, we can obtain better and better bounds, but not exponential ones. To obtain these
Gaussian tail bounds, we must use more sophisticated methods.

Lemma 8.2 (Chernoff Bound)
Define the log-moment generating function ¢ of a random variable X and its Legendre dual ¢* as

Px(A) = log E[e* X ~EXD] = B[] - AB[X] 9k (t) = sup{At —¥x(\)}

Then, the following is known as the Chernoff bound.

P[X —E[X] >t] < e ¥x®
for all t > 0. We can lower bound it too with

P[X — E[X] < —t] < e ¥x®
and union bounding them gives

P(|X — E[X]| > t] < 2 ¥x®

Proof.

We take some A > 0 and given that the map 2 +— e** is nondecreasing, we can exponentiate and then
use Markov’s inequality:

P[X —E[X] > t] _ ]Pg[e)\(XflE[X]) > e)\t] < efAtE[e)\(XfIE[X])] _ ef(Atwa()\)) < G*w}(t)

as the left hand does not depend on the choice of \, we have the additional flexibility of tuning \ to
get potentially better bounds. We can also use Chernoff bound on the random variable —X to bound
P(X —E[X] < —t) =P(-X —E[-X] > )
_ P(e/\(—XHE[X]) > &M
< e—)\tE[e)\(—X—HE[X])]
— o= it x(A)) o oo ()
There seems to be a minor problem in the fact that —% and —w* y are different, and so provide

different bounds for the upper and lower tail. But note that ¥x(A) = ¥_x(—A), and so their
maximum will coincide and ¢% (t) = ¥* (¢), allowing us to get the union bound.

P(|X — E[X]| > #] < 2e7%"®)

To observe how the Chernoff bound can give rise to Gaussian tail bounds, let us first consider the case of an
actual Gaussian random variable.
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Example 8.1 ()

Let X ~ N(u,0?). Then, E[e}X—EXD] = eXo?/2 50

Ao . A202 t2
= VO=sei- Tl =on

P(A)

and by the Chernoff bound, we have P(X — E[X] > t] < ¢=t"/20"

Note that in order to get the tail bound, the fact that X is Gaussian was not actually important. It would
suffice to assume that the log-MGF is bouded from above by a Gaussian.

Definition 8.1 (Subgaussian Random Variables)

A random variable is called o?-subgaussian if its log-MGF satisfies

PR

R

for all A € R. The constant o2 is called the variance proxy.

Remember that if () is the log-MGF of a random variable X, then 1(—X) is the log-MGF of the random
variable —X. For a o2-subgaussian random variable X, we can therefore apply the Chernoff bound to both
the upper and lower tails and union bound to obtain

P(|X — E[X]| > t) < 2¢71/2°

We have only worked with Gaussians, which are trivially subgaussian. A nontrivial results is that every
bounded random variable is subgaussian.

Lemma 8.3 (Hoeffding’s Lemma)

Let a < X < b a.s. for some a,b € R. Then,

2 2
E[X—EXD] < exp (WB—“)>

That is, X is (b — a)?/4-subgaussian.

Proof.
We assume without loss of generality that E[X] = 0. Then, we have 1)(\) = log E[e**], and we can
compute
E[Xe*X] E[X2e*X]  [(E[Xe*X]\?
")) = 7)) = -
,l/} ( ) E[BAX] ) ,l/} ( ) ]E[eAX] E[e)\X]
and thus

o= 3 g (x5 )

can be interpreted as the variance of the random variable X under the twisted probability measure
AX
dQ = 667”] dP. But a < X < b, so we can bound the variance by its infimum and suprememum
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Y (N\) = Varg[X] < (b — a)?/4, and the fundamental theorem of calculus yields

A pp 2(h — q)2
v = [ [ 0 (o) dpdp < 0=

using ¥ (0) = 0 and ¥’ (0).

Exercise 8.1 (Subgaussian Variables)

There are several different notions of random variables with a Gaussian tail that are all essentialy
equivalent up to constants. The aim of this problem is to obtain some insight into these notions.

1. Show that if X is o2-subgaussian, then Var[X] < o2.

2. Show that for any increasing and differentiable function @,

Bfe(x)] = #(0) + [ () B(X]| > 1) di

In the following, we will assume for simplicity that E[X] = 0. We now prove that the following three
properties are equivalent for suitable constants o,b,c: (1) X is o2-subgaussian; (2) P(|X| > t) <
2¢=; and (3) E[e*X"] < 2.

3. Show that if X is o2-subgaussian , then P(|X| > t) < 2et/20

4. Show that if P(|X| > ¢) < 2e‘t2/2‘72, then E[eXz/ﬁ‘Tz] < 2.

5. Show that if E[eXQ/G"Q] < 2, then X is 180%-subgaussian.
In addition, the subgaussian property of X is equivalent to the fact that the moments of X scale as
is the case for the Gaussian distribution.

6. Show that if X is o%-subgaussian, then E[X?9] < (402)4q! for all ¢ € N.

7. Show that if E[X?9] < (402)%q! for all ¢ € N, then E[6X2/8"2] <2.

Solution 8.1

Listed.
1. We can expand out

2

A
E**BX] =E|1+ A(X —EX) +

?(Xf]EX)er...

)\2
=1+ > Var[X] + o(A\?)
2 2
< %2 gy )\TU +0()2)
which is true for all A. Setting A\ = 0, we get Var[X] < o2.
Unfinished. S,
3. Since X is 02 subgaussian, its log-MGF satisfies ¢(\) = logE[e?] < 22 —  —()) >

2
)‘22"2. Then, its Legendre dual is

2

/\202}7 2
2 1 942

Y* (t) = sup{ At — ¥ (N\)} > sup{\t —
A>0 A>0

where we optimize the quadratic w.r.t. . Therefore, —¢*(¢) < —% = P(X >1¢) <
eV (0) < ot7/207
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4. By using the identity above with ®(t) = et’/6”  we have
E[eXz/Gaz] _ E[elez/Gaz]
— 02/602 = t2 /602 L]P; X| > ) dt
1o 1 [T et Lop(x] 2 )

1+ L tet’/69% 9g=t2/20 gy

=732 ),
14 2 [ et
- 3a2 J, €7

1 > 2 2
:1——2/ (——t)e‘sf?dt

o4 Jo 30

2 >
zl—e_ﬁ

0

—1-(0-1)=2

5. Unfinished.
6. We know X?27 = | X|?? for all ¢ € N. By setting ®(¢) = 29 from the identity above, we can get

E[|X]%9] = 0% + / (29)*T'P(|X| > t)dt
0
and from (3), we get the first line, where we can just keep doing integration by parts:
EIXP) < [ @oeie " d
0

o0
= 2(4q0?) / (2q — 2)t293=1/20% g4
0

2(4g0%)(4(q — 1)o?) / (2q — 4)124-5¢—1 /20 gy
0

= 2(4q02)...(4-202)/ 2te= /2" 4t
0

(4ka?) = (40?)4q!

N

k=1

7. We can expand and from the inequality above, we get

X2 1/X2\?
E[eX* /8" =R |14+ 2 4 = 2=
le ) teoz Talsez) T
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Exercise 8.2 (Tightness of Hoeffding’s Lemma)

Show that the bound on Hoeffding’s lemma is the best possible by consider P(X = a) = P(X =b) = 1.

Solution 8.2

From computing the expectation

1 a0 1 ,b-a
76)\ 2 +76>\ 2

b
) = —

E[GA(X—EX)] _ eA(“_aTH)]P’(X =a)+ Ao— o

we know that this is always less than A\?(b — a)?/8 for all A\. But setting A = 0 satisfies equality.

8.2 The Martingale Method

In this section, we will use the martingale method to derive useful results. Recall that in order to derive
some property (like tensorization of variance) of f(X1,...,X,) — E[f(X1,...,X,)], we can expand it as a
telescoping sum of martingale differences

FX1, o X)) —BIf (X1, X)) = DA
k=1

where

Ak =E[f (X1, X)) | Xiveoo s X = ELf(X1, o, X0) | X1y, X ]

and then deriving bounds on each difference. Note that these are martingale differences because given the
filtration F = {F}, = o(X1, ..., Xk)}, the stochastic process

k
Y=Y A =E[f(X1,...,X,) | X1,..., Xx] = E[f(X1,..., Xp)]

i=1

is a martingale.

Lemma 8.4 (Azuma)

Let F = {Fi}r<n be any filtration, and Aq,..., A, be random variables that satisty the following
properties for k =1,...,n.

1. Martingale Difference Property: Ay is Fr-measurable and E[Ay | Fr—1] =0

2. Conditional Subgaussian Property: E[e*2 | F_q] < e}'7i/2 as.
Then, the sum Y ,_, A is subgaussian with variance proxy > ,_, o7.

Proof.

For any 1 < k < n, we can compute

E[GAZQ';l Ai] — E[e)‘ Efgll A'LE[eAAk | -kalH < 6/\2‘7%/2 ]E[GA ngll Ai]

and by induction, this proof is finished. Note that E[e’* | F_q] < e\"9%/2 can only hold if
E[Ag | Fr—1] = 0.

What this lemma basically says is that if we decompose a random variable into martingale differences, and
each martingale difference is conditionally subgaussian, then their sum is also subgaussian. Now, if we just
assume that each of these martingale differences are bounded, then we can use Hoeffding’s lemma on each of
them to make them subgaussian, and then use Azuma’s lemma to show that their sum is subgaussian. This
is exactly what we do here.
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Theorem 8.2 (Azuma-Hoeffding Inequality)

Let F = {Fj }r<n be any filtration, and let Ay, Ay, By, satisfy the following properties for k = 1,...,n.
1. Martingale Difference Property: Ay is Fr-measurable and E[Ay | Fx—1] =0
2. Predictable bounds: Ay, By are Fj_i-measurable and Ap < Ap < By a.s.
Then, > ;_, Ay is subgaussian with variance proxy 37 ||Br — Ag|/%. In particular, we obtain
for every t > 0 the tail bound

” 22
P A 2t> Sexp(— = )
(Z : S 1B — Axl,

k=1

The Azuma-Hoeffding’s inequality is often applied in the following setting. Let Xi,..., X, be independent
random variables s.t. a < X; < b for all i (we can interpret a and b as simply constant random variables).
Then, let Ap = (X, — E[Xy])/n be martingale differences, which we can show that Ay is clearly Fp-
measurable and that by independence of X;’s, E[Ay | Fx—1] = E[A;] = 0. Therefore, we can show that its
sum satisfies

1 — 2 2
P = X, —E[Xg]} > t]) < e 2t/(0-a)
(7 2ot B 2 ) <o
which is consistent with the central limit theorem.

Now we can return to the case of functions f(Xji,...,X,) of independent random variables. Recall that the
discrete derivative is defined

Dypf(x) =sup f(x1,. ., Tp—1, 2, Tht1s -« - Tn) —igff(xl,...,xk_l,z,a:k+1,...,xn)
z

Theorem 8.3 (McDiarmid)

For Xi,...,X, independent, f(Xi,...,X,) is subgaussian with variance proxy %>} |[Dyf|*.
That is,
P[f(X1,..., Xn) — E[f(X1,..., Xn)] > 8] < exp< iy )
1yeeoyXn) = 1, Xn)] 2t < =S T
> k=t 1D fl13s
Proof.

We use the martingale method again to write
X1, X)) —Elf(Xy,. ., X)) = D A
k=1
where

Ak:]E[f(Xlaan) |Xla"'uXk]_]E[f(Xla"’vXn)|X17"'7Xk71]

What we want to do is set some upper and lower bound on E[f(X1,...,X,) | X1,..., X], which will
set bounds on Ay. We can do this by bounding f by the infimum and supremum w.r.t. each element,
getting

E[ilzlff(Xla-~-7Xk71aZan+17~-~>Xn) | Xl,...,Xk]
<E[f(X1,..., Xn) | X1,..., X4]
S E[supf(Xl, 000 7Xk—1,Zan+17---aXn) | Xl, 500 ,Xk]
z
but by independence of X}’s, we have

E[lrzlff(Xl,7Z,,Xn) |X1,...,X}€] :E[irzlff(Xl,...7Xk,1,Z,Xk+1,...,Xn) ‘ X1;~~~7Xk71]
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So, setting
Ak = E[il’zlff(Xl,...,Xk_l,Z,Xk+1,...,Xn) - f(Xl,...,Xn) | Xlw--;Xk—ﬂ
By = E[sup f(X1,..., Xk—1,2, Xpqr, -, Xn) = f(Xn, 00, X)) | Xy, X

we have Ay < A < By for all k£, and by Azuma-Hoeffding’s inequality along with the fact that
1Bk — Agll < ||Dg.flloc, we get

2t? 2t?
PIACKs, o X) B (K X)) 2 6 < 00 5 ) < o (~ o5 )
> k=1 |1Br — Akll3, > k=1 1Dk f%
We should treat McDiarmid’s inequality as a subgaussian form of the bounded difference inequality

n

Varlf(Xs.... )] < TE[ S (D X))

k=1

The bounded difference inequality says that the variance is controlled by the expectation of the square
gradient of the function f. In contrast, McDiarmid’s inequality asserts the stronger subgaussian inequality,
but under the stronger condition that the variance proxy is controlled by a uniform upper bound on the
square gradient rather than its expectation. This will be a recurring theme:

1. the expectation of the square gradient controls the variance
2. a uniform bound on the square gradient controls the subgaussian property

Note that McDiarmid’s theorem is not satisfactory. The appropriate notion of a square gradient in both
inequalities is the random variable >";'_, | Dy f|?>. To control the variance, we want to take its expectation
E[>r_, |Dxf|?], and to control the upper bound of the square gradient, we simply want to take its supremum
1> |DifI?|lc. However, McDiarmid’s inequality only yields control in terms of the larger quantity
Sor_i [|Defl|% (by triangle inequality), which gets worse in higher dimensions. Rather than taking the
supremum of square gradient, we just take the supremum of each (squared) component and add them up,
which may be much greater than the actual upper bound. Therefore, the martingale method is far too crude
to capture this idea, and we will need new techniques for more refined bounds.

Exercise 8.3 (Bin Packing)

For the Bin packing problem previoulsly, show that the variance bound Var[B,] < n/4 can be
strengthened to a Gaussian tail bound

P(|B, —EB,| > t) < 2¢2¢°/7

Solution 8.3

We can see that
Dkf(X17"'7Xn) = f(Xla"'7Xk7171an+1a"'7Xn> _f(X17"'7Xk71317Xk+17---;Xn) =1

and by McDiarmid’s inequality, we are done.

Exercise 8.4 (Rademacher Processes)
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Exercise 8.5 (Sums in Hilbert Space)

Let X1i,...,X, be independent random variables with zero mean that map to a Hilbert space, and
suppose that || X|| < C a.s. for every k.
1. Show that for all ¢ > 0,

& I & Py
Pl|= Y Xi|| >E||= < g—t/2C
50| 2] x| +4] <
k=1 k=1
2. Show that
1 n
E[l=S X.||<on1/2

3. Conclude that for all t > Cn~'/2,

1 n
[Pk

k=1

> t:| < e—ntz/SC2
4. Finally, argue that for all t > 0,

o[

k=1

Z t:| S 677712/86'2

8.3 The Entropy Method

In order to develop more sophisticated concentration inequalities, let us introduce another term that is used
to measure the deviation of a random variable.

Definition 8.2 (Entropy)
The entropy of a nonnegative random variable Z is defined

Ent[Z] .= E[Z log Z] — E[Z] log E[Z]

Lemma 8.5 (Herbst)
Suppose that random variable X satisfies

A2o?

Ent[e*¥] < E[e*X] for all A >0

Then, X is o2-subgaussian. That is,

2 2
PY(N) = log E[MX—ERXD) < A7 for all A > 0
Proof.
As P(A) = log E[e*¥] — ME[X], we have
d p(\)  1E[XeM] 1 AX 1 Ent[e?] o2
—_ E — — L N A
D x o EeE e el =y 55
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where the last inequality yields from the assumption. By the fundamental theorem of calculus, we

have
YA
PR

\ A 1 EntletX P No?
1/’()+/0 ﬁg[te[fx]]dtgg — () < =

Exercise 8.6 ()

It turns out that the converse is true up to a constant: If X is %Q—subgaussian, then

Ent[e*] <

2 2
)\—UE[e’\X]
2

Solution 8.4

We know that by Jensen’s inequality and concavity of the logarithm,
log E[e*X—EX)] > EN(X —EX)] =0 = E[e**EX]>1

Furthermore, note that given Z = e*X /E[e*¥], we have

AX X
=121071 = [ 575 % g )|
= ﬁﬂﬂ[e*x(log e —logE[e*¥])]
= ]E[el)\X]E[e)‘X)\X — e*X log E[e*¥]]
_ ]E[elAX] (Bl AX] — B[e*¥] log E[*])
Ent[e*¥]
Elel\X]

Since this theorem assumes a bound on Ent[e*X] rather than Ent[X], we will mainly be working with the
entropy of exponentials of a random variable.

It turns out that entropy behaves very similarly to variance and extends nicely into the subgaussian setting.
Just like variance, we define the partial entropy of function f(z1,...,z,) as

Enty f(21,...,25) = Ent[f(x1,...,25—1, Xk, Tht1,-- -, Tn)]

That is, Ent[f(Xy,...,X,)] is the entropy of f(Xi,...,X,) with respect to the variable X only, the
remaining variables kept fixed.

Theorem 8.4 (Tensorization of Entropy)
Given that Xy, ..., X, are independent,

Ent[f(X1,...,Xn)] < E{ZEntk f(X1,...,X,)
k=1

Recall that the basic method for deriving Poincare inequalities is that we have some bound on the variance
of a single random variable
Var,[g] < E[|Vgl*]
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and by tensorization, we can take the multivariate function f and derive
Var,[f] < E[[|Vg||*]
In here, we derive modified log-Sobolev inequalities by bounding the entropy of the form
Ent,[e?] < E[|Vg|? €]
and then using tensorization to bound
Ent,, [eM] < E[[VA)I? ]
Lemma 8.6 (Discrete Modified log-Sobolev)
Let D~ f := f —inf f. Then,

Entle’] < Cov[f,e’] <E[|D™ f|%¢’]

Proof.
Note that log E[ef] > E[f] by Jensen’s inequality. Therefore,
Entle’] = E[fe/] - E[e/] log Ele] < E[fe’] - E[f|E[e’] = Cov[f, e/]
To prove the second part, we have
Cov(f,ef] = E[(f — E[f]))(¢! — E[e/])] <E[(f —inf f)(e/ — ™))
and since e” is convex, the first-order condition gives
e >ef pef(inff— f) = &f — e <ef(f —inff)

and substituting above gives the result.

Now, by defining the one-sided differences
D, f(z) = f(x1,...,2p) — irzlff(xl, e L1y 2y Tty - -5 Tpy)
D,jf(x) =sup f(T1, .+, The1, 2y Thply-- s Tn) — [(T1, ., Tn)

we can use the discrete modified log-Sobolev inequality on each of them and then tensorize to get the
following.

Theorem 8.5 (Bounded Difference Inequality)

For all t > 0,
2
U (X1, Xo) = B (K, Xo) 2 1] S enp —— )
! 413 k=1 1D Pl
t2
IP’[f(Xl,...,X)—]E[f(Xl,...,X)g—t]gexp<— = )
! ! A1 3251 107 P loo
whenever Xi,...,X,, are independent. In particular, f(Xi,...,X,) is subgaussian with variance

proxy 2|| >i_, |Dkf|?||sc, where Dy f = sup, f — inf, f.

8.4 Modified log-Sobolev Inequalities
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Theorem 8.6 (Modified log-Sobolov Inequality)

Let P; be a Markov semigroup with stationary measure u. The following are equivalent:
1. Ent,[f] < cE(log f, f) for all f (modified log-Sobolev inequality).
2. Ent, [P, f] < e ¥/°Ent,[f] for all f,t (entropic exponential ergodicity).

Moreover, if Ent, [P, f] — 0 as t — 400, then

E(log P.f, P,f) < e "/°E(log f, f) for all f,t

implies 1 and 2 above.

9 Lipschitz Concentration and Transportation Inequalities

9.1 Concentration in Metric Spaces

Recall what a Lipschitz function is.

Definition 9.1 (Lipschitz Function)

Let (X, d) be a matrix space. A function f : X — R is called L-Lipschitz if |f(z) — f(y)| < Ld(x,y)
for all z,y € X. The family of all 1-Lipschitz functions is denoted Lip(X).

Remember that given iid Xi,..., X, ~ N(0,1), Gaussian concentration states that the random variable is
||V £]I?]|co-subgaussian. But we can write it in an equivalent way in terms of a Lipschitz property.

Lemma 9.1 ()

Let f:R™ — R be a C! function. Then, ||||Vf|]?||cc < L? if and only if f is L-lipschitz.

Therefore, if given random vector X ~ N(0, 1), then f(X) is 1-subgaussian for every f € Lip(R™, || - ||).
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