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1/19/2021
Lecture 1
Axioms of Probability

Definition 1.1: Probability Space

A probability space is a triple (QQ, F, P):
¢ () = “sample space” = set of “samples”.
e F =family of subsets of Q, called “events”

* P = probability measure

1.1 Axioms
¢ Technical assumption: F is a “o-algebra” containing Q itself.
- ao-algebra means that countable complements/unions/intersections of events are also events.

e P: F—0,1] assigns “probabilities” to events. Probability measures must obey Kolmogorov Axioms:

Definition 1.2: Kolmogorov Axioms

1. P(A) =0, YAe F; probabilities are nonnegative
2. P(Q) = 1; probability of all possible outcomes is collectively equal to 1
e Note: Qe F

3. If A}, Ap,...€ Fand A;nAj =3, Vi # j, then P(U;=1 A;) = X;51 P(A;); countable additivity: probabil-
ities of disjoint events are additive

* Why do we need countability? 1 = P([0,1]) = ¥ x¢[0,1; P({x}) = 0 because the probability of getting
x = k in a continuous distribution is 0.
Example 1.3
Flip a biased coin: heads with probability p, tails with probability 1 — p.

Q={H,T}
F=2%={z H,T{H, T} (al possible subsets of Q)
P(H)=p,P(T1)=1-p,P(@)=0,P{H, T} =1

(Q, F, P) is a valid probability space that describes an experiment.

The choice of the sample space and F can have flexibility; it is up to us to pick something that suitably models the
problem.

Example 1.4
Same setup as in Example 1.3, but

Q = {all configurations of atoms in the universe}
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And events

A = {set of configurations s.t. coin lands heads}
B = {set of configurations s.t. coin lands tails}

This means that F = {&, A, B,{AU B} = Q}.

(Q, F, P) is another valid choice of probability space to model the problem.

Example 1.5

Flip two coins, biased to heads with probability p and g respectively.

Q={HH,HT,TH, TT}
F=1@,{HH,HT},{TH, TT},Q}
P(A)=p, PB)=1-p

F=2°
P(HH) = pq, P(HT) = p(1-q), P(TH) =(1-p)q, P(TT) =(1-p)1-q)

1.2 Consequences of the axioms

1. If Qis countable, and each w € Q) is an event, then }_,cq P(w) = 1.

2. P(A°)=1-P(A) for event A

Proof.
1=P(Q) (Axiom 2)
=P(AU A9
=P(A)+ P(A°) (Axiom 3)
O
3. P(AuB)=P(A)+P(B)-P(ANB)
Proof. If A, B are events, so are AUB, AnB.
P(AUB)=P(A\(ANnB))+P(B) (Axiom 3)
=P(A)-P(AnB)+P(B) (Axiom 3)
O

More generally, inclusion-exclusion principle holds.

1/21/2021
Lecture 2
Conditional Probability, Independence

2.1 Conditional Probability

In applying probability, we often want to compute probabilities of “complicated” events.
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Theorem 2.1: Law of Total Probability
If A, Ay, ... partition Q (i.e. A;’s are disjoint, and U;>; A; = Q), then for any event B,
P(B)=) P(BNA).
izl
Proof. We can write

PB)=PBNQ)

=[P>(BmUA,-

i=1

=P

U (AmB))
i=>1

=) P(A;nB) (Axiom 3)

i=1

Example 2.2

Suppose you are part of surveillance testing for COVID. What's the probability that a random person in the
surveillance pool tests positive (+) and is asymptomatic?

0.02 0.98

infected not infected

0.7 0.3 0.02 0.98

symptomatic asymptomatic false positive test true negative test

Here, we're assuming that all truly infected people will test positive.
This means that we have
P({+, asymptomatic}) = P({+,asymptomatic} N {false positive result})

+P({+,asymptomatic} N {true positive result})
+P({+,asymptomatic} N {negative result})

=0.98-0.02+0.02-0.3 =

Definition 2.3: Conditional Probability

If B is an event with [°(B) > 0, then the conditional probability of A given B is

P(ANnB)

P(A|B) = W

IfP(A;) > 0, then the Law of Total Probability becomes

P(B) =) P(B| A)P(A).

i=1
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Theorem 2.4: Bayes Rule

If events A, B have positive probability, then

p(A|B) = DB APA)
P(B)
Proof.
P(B| A)P(A) _ P(AnB) P(A)
PB) P PB)

_P(ANB)
~ P(B)
=P(A|B) (definition of conditional probability)

Example 2.5: Conditional Probability

Suppose you are part of surveillance testing. Given that you test positive and are asymptomatic, what is the
probability that you are actually infected?

P(infected n (+,asymptomatic))

P(infected | (+,asymptomatic)) = P(+,asymptomatic)

Example 2.6

We roll 2 standard die, and the sum is 10. What is the probability that the first roll was a 4?

Let A = first roll is 4, and B = sum of rolls is 10.

P(AnB)
PAIB) =55
P({(4,6)})

" P46 +PUG,5) + P((6,4)

For conditional probabilities, we can more generally decompose (provided these conditional probabilities actually
exist):
P(A1NA2N---NAy) =P(ANP(A2 | A1) ---P(An | A1, Az,..., Ap-1).

This basically decomposes the intersection into a sequence of events.
Example 2.7: Birthday Paradox

Let n people be in a room. What is the probability that no two people share a common birthday?
Fori=1,...,nand j=1,...,i -1, let A; = {person i does not share a birthday with any person j}.
Then,

n
=[P4l A1 n-- N Aisy).

i=1

n
) Ai

i=1

P(no people share common birthday) = P
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We can easily find P(A; | AinA2N---NA;j_1) = %(é_”, because we have i — 1 less choices of days for each
person i.

This means we have

X

The inequality comes from 1 — x < e *, and approximately equal when x is small.

So, we also have that P(2 people share common birthday) = 1 — exp(— ﬁ) With n = 23, that’s a probability

365
of about 0.5.

2.2 Independence

Definition 2.8: Independence

Events A, B are independent if
P(AN B) =P(A)P(B).

Note: Sometimes this “technical” definition of independence does not agree with intuition, but it usually does.

Note: If P(B) > 0, then A, B independent iff P(A | B) = P(A). In other words, knowing B occurred tells us nothing
about A.

In general, events Aj, Ay, -+ are independent if

P(ﬂ Ai|=[]P@n
ieS

i€S

for all finite subsets of indices S.

A fact that you can prove: if Ay, Ay,--- are independent, then so are Bj, By, - -, where each B; is equal to A; or Al?. In
other words, you can complement some events and they stay independent.

Example 2.9

Consider an infinite sequence of independent fair coin tosses.
What does this mean, precisely?

Let A; = {toss i is heads}; Al? = {toss i is tails}. The probability of any given sequence of tosses is

|

Il
—

n
P U{toss i has outcome x;} | = | | P({toss i lands x;})
i=1

I
ﬂ. N
N

I

~

S
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Definition 2.10: Conditional Independence
If events A, B, C > 0 with P(C) > 0 satisfy
P(ANnB|C)=P(A|C)P(B| ),

then A and B are conditionally independent given C.

Example 2.11

Let A = {random person is lactose intolerant} and B = {random person is shorter than average}.
A famous study showed that P(A | B) > P(A); i.e. is lactose intolerance caused by height? No!

C = {person is of Asian descent}, then

PANB|C)=PA|C)PB|C) < PA|BnC)=P(A|C).

2.3 Random Variables

Definition 2.12: Random Variable

A random variable is a function X : Q — R with the property:

{weQ|Xw)<aleF, VaeR.

The fact that this set is an event means that we can compute the probability

PX<sa)=PlweQ|X(w) <a}), VaeR.

1/26/2021
Lecture 3

Random Variables, Expectation

3.1 Random Variables (aside)

The definition of random variables from last lectures ensures that we can compute P(X € B) for pretty much any set
B you’'ll be likely to encounter.

Why? Since F is closed under complements (by definition),

fw|X(w)>ale F, VaeR.
Since F is closed under intersection, this implies that

fwla<Xw)<BteF, Va<BeR.

Since F is closed under countable unions, then this also implies that
1
wla<Xw <pr=J {w|a<X(w)sﬁ—;},
n=1

and since the union of events is in F, the LHS must also be in 7. (The RHS is approaching § but never equal to 3.)

10
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We can keep going, and as thus {X € A} for open set A is also an event, etc.
Aside: Borel Sets are sets that can be built up by unions/intersections/complements of open/closed sets.

From this seemingly basic definition of a random variable, we can use the properties of F and build from there,
proving that we can compute the probability that X is in any complicated set that we're interested in.

This technical definition of a RV also implies that RVs satisfy certain algebraic properties:
e If X,Y are RVs, thensois X+ Y, XY, XP (for peR)

o If X;,X>,--- are RVs, then so is lim, .o, X, (if the limit exists)

3.2 Discrete Random Variables

Definition 3.1: Discrete Random Variable

A discrete RV is a RV that takes countably many values.

Some examples:
¢ X =roll of a die (takes values {1,...,6})
* X = number of times I need to cast before I catch a fish (takes values {1,2,3,---})
¢ X =number of heads in 7 coin flips (takes values in {0, 1,2,...,n})

¢ X = fraction of heads in n coin flips (takes values in {0, %, e %1, 1}
Definition 3.2: Probability Mass Function (pmf)

The frequencies with which a discrete RV takes different values are described by its probability mass function
(pmf): Px(x) :=P(X =x) =P({w | X(w) = x})

The PMF doesn’t depend on individual samples w; it’s just the frequency by which the variable takes on values. The
PMF is also defined as Px : X — [0,1].

For example

e If X is a fair coin flip where H — 1 and T — 0, then Px (1) = % and Px(0) = %
The PMF is also called the distribution of X.
Note: By Axiom 3,

Y Px(x)=1.
xeX

Definition 3.3: Joint Probability Mass Function

If X,Y are RVs on a common probability space (Q, F, P), then their joint pmf describes frequencies of joint
outcomes:

Pxy(x,y)=P(X=x,Y=y)
=P(lw| X(w) = x,Y(w) =y}
=P(lw| X(w)=xin{w| Y () =y}

We can also infer several properties of joint distributions:

11
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¢ By the law of total probability, we also see that

)" Pxy(x,y) = Px(x).
y

This is called a marginal distribution.
¢ Random variables X, Y are independent if Pxy (x, y) = Px(x) Py (y).

This is the same as saying the events {w | X (w) = x} and {w | Y (@) = y} are independent in (Q, F,P), Vx,y €
Xx)Y

Example 3.4

Suppose Xj, X, to be fair coin tosses, but linked via magic so that X; = X, with probability ?—1. The pmf can
be represented in this table:

where the columns are X, and the rows are Xj, i.e. Px, x, (x1, x2) is represented by this table.

Conceptual note: Often, it is most natural to model a problem in terms of random variables and their (joint)
distributions, and no mention is made regarding the underlying probability space. This turns out to be okay!

Why? There is a deep theorem in probability (Kolmogorov Extension Theorem) which says that if random variables
and their distributions are specified in a “consistent” way, then there exists an underlying probability space that
gives rise to the desired joint distributions.

Explanation of notation: “Pr” to denote a generic probability assignment when the probability space has not been
explicitly defined!.

3.3 Expectation

Definition 3.5: Expectation
For a discrete RV X, the expectation of X is defined as

E[X]= ) xPx(x),
xXeX

provided the series exists.

Theorem 3.6: Law of the Unconscious Statistician

fY=g(X),g: X—R,then Y isaRVand
E[Y]= ) g(x)Px(x).

XeX

Proof.
E[Y]=) yPy(y)
y

1This is not used in this set of lecture notes, but was used in lecture. I use P(X = x) for the most part, and sometimes Py (x) when referring to
discrete probability mass functions—generally, the two are used interchangeably here.

12
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=)y Y Pxx
y

x|g(x)=y
=) Y gPx(x)
V xlgx)=y
=) g)Px(x)
xeX
O
One of the most important properties of expectation is the linearity of expectation:
Theorem 3.7: Linearity of Expectation
Expectation is linear, i.e.
ElaX +DbY]=akE[X]+bE[Y], a,beR.
Proof.
ElaX]=) axPx(x)
X
=a)_ xPx(x)
P
=alE[X]
So, we can assume a = b =1 WLOG.
E[X+Y]=) (x+))Pxy(x,)
=) x) Pxy(x,»)+> ¥ Pxy(x,)
X ¥y y X
=) xPx(x)+ ) yPy(y)
x y
=[E[X] +E[Y]
This holds without any assumption of independence, etc. O

Example 3.8

Let X;, X» denote outcomes of rolling two fair dice.
Linearity of expectation gives

E[X1 + Xo] = E[X1] + E[X5]

7 7
2 2

Example 3.9

Let X; be aroll of a fair dice, and X, equal to 7 — (first roll).
Linearity of expectation gives (similarly)

E[X1 + Xo] = E[X1] + E[X>]

77
:—+—:7
2 2

13
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A really powerful technique is to introduce “indicator” random variables and use linearity of expectation.

A famous example is the hat example:
Example 3.10

n people put their hats into a basket, and draw a random one out. What is the expected number of people
who get their own hat back?

Let the indicator RVs
X, = 1 if person i gets their own hat
"7 1o otherwise '
n
E[number of people that get their own hat] =E| )_ X;
i=1
=Y E[X;]
i=1
where

1
E[X;] = 1-P(person i gets their own hat) + 0-P(person i gets another hat) = —

This means that the final expected value is just

=1

S| -

n
Y E[Xi]=n-
i=1

Introducing random variables bypasses the need for combinatorics, and simplifies the problem.

3.4 Tail Sum Formula for Expectation

Theorem 3.11: Tail Sum for Expectation

For nonnegative integer-valued (integers for simplicity) random variables, we have

ElX]=) P(X=k).
k=1

Proof.

E[X] =) kPx(k)
k=1

k
=) > Px(k)

k=1j=1

=2 2 Px(k)
j=1

k=j

14
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Example 3.12

Roll 4 fair dice and let M = min (X3, X5, X3, Xy).

EM]=) P(Mzk)
k=1

4
=) [[PXizk)

k=1i=1
6—k+1

:kil( .

4
=~ 1.75

1/28/2021
Lecture 4
Variance, Discrete Distributions, Conditional Probability

Definition 4.1: Variance

The variance of a random variable X describes the “spread” of X around its expectation.

Var(X) = E[(X —E[X])?]
=Y (x—E[X])*Px(x)
=Y x*Px(x) - 2E[X])_ xPx(x) +E[X]?
=E[X?] -E[X]?

A useful fact is that if X, Y are independent (i.e. Pxy (x,y) = Px(x)Py(y)), then Var(X + Y) = Var(X) + Var(Y). We'd
need to prove the following lemma first though:
Lemma 4.2

If X, Y are independent, then E[XY] = E[X]E[Y].

Proof.
E[XY]=) Pxy(x,y)
%Y

=) XyPx(x)Py(y)
X,y

=E[X]E[Y]

With this lemma, we can prove the earlier fact:

Lemma 4.3: Sum of Variances

If X, Y are independent (i.e. Pxy (x, y) = Px(x) Py (y)), then Var(X + Y) = Var(X) + Var(Y).

Proof.
Var(X +Y) =E[(X + Y —E[X + Y])?]

15
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=E[(X-E[X]+Y —E[Y])?]
=E[(X —E[XD?] + E[(Y — E[Y]D)?] + E[(X —E[x])(Y —E[Y])]
= Var(X) + Var(Y) by previous lemma
O

Definition 4.4: Covariance

The covariance between two RVs X and Y is defined as

Cov(X,Y) = E[(X —E[X]) (Y —E[YD].

It’s a useful notion of dependence between X and Y; Cov(X,Y) =0 < X,Y are uncorrelated.

Note: uncorrelated is not the same as independent, but independence implies not correlated.

Definition 4.5: Correlation
The correlation coefficient is
Cov(X,Y)
p(X,Y) =

VVar(X) Var(Y)
This coefficient is always between —1 and 1.

Why is it always between —1 and 1? It's Cauchy-Schwarz in disguise:
E[XY]=) xyPxy(x,))
%y
1 1
=) xPxy(x,))2yPxy(x,))?
Xy

1
2

1
2
<

Y x*Pxy(x,y)
Xy

(Z ¥*Pxy(x, y))
Xy

! }

= (Z xZPX(x)) ’ (Z yZPY(J/))
x y

= |pX, V)| =1

4.1 Common Discrete Distributions

1
= k=1,...
¢ X ~Uniform({1,2,...,n}) = PX(k):{" "

0 otherwise

1-p k=0
¢ X ~Bernoulli(p) = Px(k)=4p k=1
0 otherwise

E[X]=0(1-p)+1(p) = p.

Var(X) =E[X?] -E[XI?=0-(1-p)+1-p—p*=p(1-p)

m ke _ 4 \n—k _
* X ~Bin(n,p) = PX(k):{f)k)p 1-p) k=0,...n

otherwise
Note that X = Z?zl X;, where X; ~pp Bernoulli(p).

16
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Using this, we can see that E[X] = [E[ ;?:1 X,-] = np by linearity of expectation, and Var(X) = Var(Z?:1 X;) =
np(1l— p) because X; are independent.

Indicator random variables of A€ F: 14 ~ Bernoulli(P(A))

1-pkl k=1,2,...
X~Ge0m(p):>PX(k):{g( Pk

otherwise
X = number of trials (each independent Bernoulli(p) until we get a success).
Equivalently, X = min{k = 1| X} = 1}, X; ~pp Bernoulli(p).

EX] =Y PX2k) =Y 1-p)k = % (as it’s a geometric series).

Similarly, Var(X) = 1;_2;;.

X ~ Pois(1), where A is the “rate” parameter > 0.

Ake—1
22— k=0,1,2,...

Px(k)=4{ * = and E[X] = A.
0 otherwise

Useful in modeling the number of “arrivals”. Where does Poisson come from?

Let X,, ~ Bin(n, py), where E[X,,] = np,, — A as n — co.

Our claim is that P(X,, = k) — Ak,f!% (the Poisson law of rare events).

The intuition behind this is to imagine n time intervals in an hour. An arrival in interval i is distributed as
Bernoulli(p,), and the total number of arrivals ~ Bin(n, p,).

As n — oo, we have

P(X,=k) = (Z) prd—pm)"k

B n(n—l)---(n—k+1)(&)k(l_&)”(l_&)‘k
a k! n n n

AR
_)Ee

. Mn o -
The last equality makes use of (1 - 2)" ~ e

A asn—oo,and also n(n—1)---(n—k+1) = n* as n — oo.

Note that by construction of Binomial distributions, if X ~ Bin(n, p) and Y ~ Bin(m, p) are independent, then
X+Y ~Bin(m+n, p).

Similarly, if X ~ Pois(A) and Y ~ Pois(u) are independent, then X + Y ~ Pois(A + p). An interesting consequence of
this is that different classes of arrivals can be combined.

Example 4.6: Coupon Collector Problem

Suppose I buy boxes of cereal, and each box contains a random coupon (of N possible). How many boxes of
cereal do I need to buy until I collect all N coupons?

Let X; = the number of boxes I need to buy to get the ith new coupon, starting from when I find the (i — 1)th
coupon.

We have that X; ~ Geom( N’A’}H ), because we've already seen i — 1 coupons, so we have N —i + 1 left.

N

This means that by linearity of expectation, E[# boxes to buy] = Zfi LEIX;] = % b

N large.

+m+¥:N10ng0r

17
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4.2 Conditional Probability

Recall thatP(A| C) = PS{QE)C) , where P(C) > 0 (from Definition 2.3).

For discrete RVs, we can define the conditional distribution (conditional pmf)

Pxy(x,y) P(X=xnY=y)
P = = =P(X=x|Y=y).
X1y (x1) Pr(y) P(Y =) (X=xlY=y)

This makes sense, provided Py (y) > 0. Note that this also means that for each fixed y, Px|y (- | y) isa pmfon X.

The interpretation of this would be: given Y = y, what is the new distribution over X?
Example 4.7

We pick up coin 1 with probability % (bias is i), and we pick up coin 2 with probability % (bias is %). We toss
the coin twice (suppose H =1 and T =0). Let Y = first toss, and X = second toss.
Pxy(1,1)
Py (1)
1 (1\2,1(3)2
3-(3) +3(3)
+

.3
1

Pxiy(1|1)=

1
2

The geometric RV has a memoryless property; if X ~ Geom(p), then
PX=k+m|X>k)=P(X=m).

This makes sense, because if I've already tried k times, at this point it’s just like if I just showed up and began.

2/2/2021
Lecture 5

Conditional Expectation, Continuous Random Variables

5.1 Conditional Expectation

Definition 5.1: Conditional Expectation
The conditional expectation is defined as

E[X|Y =y]=) xPxy(x]|y).

This also represents the expected value of X given thata I know Y = y.

Note that E[X | Y = y] is a function of y.

As we saw before, if Z is a RV, so is g(2). So if we were to evaluate the expectation at a random value of y, we have
E[X | Y] = g(Y), which is arandom variable (a function of Y).

The most important property of conditional expectation:

18
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Theorem 5.2: Tower Property
For all functions f,

E[f(NX]=E[f(VE[X|Y]].
Proof.

E[fNX]=) f())xPxy(x,y)
Xy

=) fxPxy (x| y)Py(y)
Xy

= Zf(y)(Zxwa(x I y))Py(y)
y X

=Y fWE[XIY =y]Py(»)
y

=E[f(Y)EIX| Y]]

This property also allows us to “iterate” the expectations.
Theorem 5.3: Iterated Expectation
Iterated expectation follows directly from taking f(Y) = 1 in the tower property.

E[E[X | Y]] =E[X].

Example 5.4

Toss a fair coin N times, and let H = number of heads; N and H are RVs.

E[H] =E[E[H | N]]=E

N] 1
— | = =E[N].
2 2

5.2 Continuous Random Variables
X ~ Uniform(0,1) = X is a random number between 0 and 1.

Recall for discrete RVs, the pmf defines its distribution, i.e.

P(X€B)= ) Px(x).

xeB

For a continuous RV, its distribution is defined by its “density” fx : R — [0,00):
P(XeB) = f [fx(x) dx.
B

Densities must satisfy: fx =0 and [ fx(x) dx = 1. This is to satisfy the axioms of probability.
Observe that for continuous RVs, P(X = x) = 0.
Why?
X+0
[P’(X:x)SIP(xSX<x+6):f fx(w) du =6 fx(x).
X

Asd—0,P(X=x)=0.

19
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Definition 5.5: Cumulative Distribution Function (cdf)
The cumulative distribution function (cdf) of a random variable X is defined as

Fx(x) =P(X = x).

For a continuous RV,
X
Fx(x) = f fx(w) du.
—00

Properties of cdfs in general:
. xlirn Fx(x) =0, because P(X < —00) =0
——00

J )}im Fx(x) =1, because P(X <o0) =1
—00

lifn Fx(y) = Fx(x); y | x means that y is descending to x—this is also called right-continuity.
ylx

5.3 Examples of Continuous RVs

1 <x<b
e X ~ Uniform(a, b) = fx(x) =1 =@ a=x o
0 otherwise
0 x<a
Fx(x) = [% fx(x)dx=1{ =2 xe€la,b]
1 x>b

Ae™™ x>0
e X~Exp(l) = fx(x)= .
0 otherwise
Fx(x)=AffeMdu=1-e*
The exponential distribution is the continuous analog of a geometric distribution; it also has the memoryless
property.
5.4 Extensions to multiple RVs

We say Xj, X,..., X, are (jointly) continuous RVs if there is a function fx, x,...x, : R — [0,00) such that

Fxp..x,(x1,X2,..., %) =P(X1 = x1, X5 < Xp,..., Xp < Xp)

Xn Xn-1 X1
=f f f fxx, Wy ) dug -+ dup g duy,
—00 J =00 —00

Example 5.6

If we throw a dart at a dartboard of radius r, let (X, Y) denote the pair of xy coordinates of where the dart
lands.

If the dart lands uniformly on the board, what is fxy?

1 2 2 2
fXY(x’y):{F X“+y =r

0 otherwise

RVs X, Y are independent if
Fxy(x,y) = Fx(X)Fy (y),

20
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or in other words, the events {X < x} and {Y < y} are independent events.

If X, Y are continuous, this is equivalent to

fxv(x,y) = fxX) fr ().

In the dartboard example, X, Y are not independent; knowing X limits the values of Y.

Ifinstead (X, Y) were uniform on the box [0, 7] x [0, 7], then X, Y are independent:
1
fxy(x,y)= ﬁl{xe[o,r]mye[o,r]} = fx(x) fr (y).

For continuous RVs, expectation, etc. are similar to the discrete case; we just replace sums by integrals.

For example, E[X] = f[R X fx (x) dx. More generally,

E[g(X1,..., Xn)] =f---fwg(xl,...,xn)fxl,---xn(xl,---xn) daxp -+ dxy.

For variance,
Var(X) = E[(X - E[X])?]
= E[X?] -E[X]?
2

=fx2fx(x) dx—(fxfx(x) dx)
Example 5.7
If X ~ Uniform(a, b), then

EIX] = — fbxdx— Ll Lb+a
" b-ala 2 b-a 2
(b-a)®

Doing similar computations, we also have Var(X) = 12

Example 5.8
Going back to the dartboard example, let R = v X2 + Y2 = distance from the dart to the center of the board.

r 2 2 r?
[P’(Rs—):[FD X2ryl<
2 4

:IE[I{X2+Y2S§}]
1

_ﬁffl{xhﬁs%}dﬂiy

5.5 Conditioning for continuous RVs
Let X, Y be continuous RVs. The conditional density of X given Y = y is defined as

fxy (x, )
fr -
Note that this is a device to simplify calculations; it's not a true “conditional probability”, in a sense that P(Y = y) =0,

though it has positive density. Its existence makes sense intuitively, but there is some deeper stuff going on; it’s a
special case of “disintegration of measure”.

fxiyxly) =
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With conditional density, we can define conditional expectation for continuous RVs.

E[X1Y=y] fofxly(x|y) dx.

Similarly, E[X | Y] denotes this function evaluated at Y.
Note that the tower property still holds here.

Example 5.9

Back to the dartboard example, we have E[X | Y] = 0. This makes sense, because the X position is still
symmetrical around 0 even for any given Y value.

2/4/2021
Lecture 6

Memoryless Property, Gaussian Random Variables

6.1 Memoryless Property
Suppose we want a continuous RV X with a “memoryless” property like that of the geometric RV.

Mathematically, we want a RV X such that
PX>t+s|X>8)=P(X>1),
fors, t=0.

This means that

PX>t+sNnX>5s)

=P(X>1
P(X >5s)
P(X>t+5s)
——— =P(X>1)
P(X >ys)

PX>t+8)=PX>1)P(X>5s)

This means we need a function f (¢ + s) = f(¢) - f(s); the only nonzero solution to this is f(¢) = e* for some a.

This means that the cdf Fx(f) =1 -P(X > t) = 1 — e%’ for some «a < 0. This means that we can conclude that the only
RVs with this property have a cdf of the form

At

l1-e” for some A >0

FX(I)={

0 otherwise

This is the cdf of Exp(A).

6.2 Gaussian Random Variables
Like exponential RVs, Gaussians emerge naturally in many ways, and are another important class of RVs.

The central limit theorem (which we’ll talk about later) says that the sum of many small independent effects is
gaussian.
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Definition 6.1: Gaussian Random Variable

X is gaussian with mean p and variance o2 (denoted by X ~ A (u,0?)) if it has pdf

e
V2no? P 202 )

For X ~ N(0,1) (standard normal), we define the cdf as

fx()=

2
exp(—u?) du.

X

1
®(x)=F e
(x) = Fnr(o,1) () \/ﬁf—oo

There is no closed form for ®.

If X ~ N (1, 0%), then 2=E ~ (0, 1).
Is fx actually a density? It's nonnegative, but we need to check if it integrates to 1.

Let’s assume WLOG that z =0 and 0 = 1.

(f_ifx(x) dx)2 = U;:fx(x) dx)(f_ifx()’) dJ’)

(o 9)
=ff fx() fy (y)dxdy
—00
1 0o x2+y2
=— - dxd
o I s E
1 2w poo 122
=— f e rdrdé dxdy=rdrdf
2nJo Jo
oo 2
:f re”2dr u:r—; du=rdr
0 2

o0
:f e "du=1
0

Some cool facts about gaussians:
o IfX ~ ./\/'(,uxai() and Y ~ N(uy,ai) are independent, then X + Y ~ A (ux + [Jy,O'g( + cr%,).
Caution: independence is needed here in general.
« If X, Y are independent and X + Y ~ N (u,0?), then X and Y are both gaussian.

e If X, Y areindependentand X + Y and X — Y are independent, then both X and Y are gaussian with the same
variance.

Example 6.2

T = temperature of a chip on a satellite, averaged over 1 second, and let T ~ A/(20,2). There is a failure if the
temperature goes below 10° or above 50° in a 1 second interval.

P(failure) =P(T < 10) +P(T > 50)

_ (T—20<10—20) (T—20>50—20
V2 V2 V2 V2
o2 1-o(2
V2 V2
~7.7x10713 +3.6x 107100
~7.7x10713
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What's the probability that we fail after 25 years of spaceflight?

There are 7.9 x 108 seconds in 25 years, so by union bound,

P(fail after 25 years) < 7.9 x 10%-7.7 x 107®

1
< —
1000

6.3 Mixing Discrete and Continuous RVs
We've seen (X, Y) discrete and (X, Y) continuous; what about X discrete and Y continuous?

The key idea is to factor into conditional and marginal distributions.
Example 6.3

A cellphone sends a bit B € {—1,+1} (equally likely) to the tower. The tower receives Y = B + N, where
N ~ N (0,1), independent of B. (Here, N can model noise, interference, multipath, etc.)

_ _(J’—b)z)
fris(yb) = mexp( > ,

where ye Rand be {-1,+1}.

Given that I observe Y = y, what is the probability that B = +1 was sent?

By Bayes rule,
Pp(+1)
Ppy(+1]|y)=— (y|+1)
By (+1]y O fris(y|
1 (y-1?
227 exp(— 2 )
T (y+1)? 1 (y-1)2
zme"p(_ ) )+ 2\/27reXp(_ 2 )
1
T 14e 2y
2/9/2021
Lecture 7

Conditional Variance, Derived Distributions

7.1 Conditional Variance
Recall that conditional expectation E[ X | Y = y] is the expectation of X with respect to Pxy (| y) or fxjy (- | y).
Conditional variance is basically the same. That is, Var(X | Y = y) is the variance of X given Y = y, or
Var(X|Y =y) =E[(X-E[X| Y =]}’ |V =]
=E[X?| Y =y]-E[X|Y =y]

Just like conditional expectation E[X | Y] is the function E[X | Y = ‘] evaluated at Y, the conditional variance Var(X |
Y) is the function Var(X | Y =) evaluated at Y.

Note that E[Var(X | Y)] =E[(X —E[X | Y])Z] by iterated expectation. The latter is called the minimum-mean-square
error (MMSE) of X given Y.
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Theorem 7.1: Law of total variance

Var(X) =E[Var(X | Y)] +Var(E[X | Y]).

Proof.
Var(X) = E[ X?] - E[X]?

[
E[E[X?| Y]] -E[ELX | Y])?
[

=E(Var(X|Y)+E[X| Y]z] —E[E[X | Y])? (by definition of conditional variance)
=E[Var(X | V)] +E[E[X | Y]?] —E[E[X | Y]]?
=[E[Var(X | Y)]+Var(E[X | Y]) (by definition of variance)

O

Note that this proof works entirely by multiplying things at the level of variance and expectation. We never needed
to work at the level of individual pmfs/pdfs, etc.

Remark: the MMSE of X given Y = Var(X) is equal to Var(E[X | Y]) (rearranging the law of total variance). The term
Var(E[X | Y]) can be interpreted as how much “uncertainty” about X is reduced by knowing Y (on average).

Example 7.2

Let Y = Xj + X» + -+ Xy, where X;’s are [ID, and N is a RV taking values in {1,2,...}. What is Var(Y)?

By the law of total variance, we have
Var(Y) =E[Var(Y | N)] + Var(E[Y | N]).

If we're given N, then Var(Y) = NVar(X;) because the X;’s are independent. Similarly, E[Y | N] = NE[X;]
because of linearity of expectation. This gives us
Var(Y) =E[N Var(X;)] + Var(NE[X;])
= Var(X;) E[N] + E[X;]? Var(V)

7.2 Derived Distributions

The distribution of a RV X is described by its cdf Fx. What if we have a new RV Y = g(X) for some function g? How
do we find the distribution of Y? The distribution of Y is called a derived distribution, because its distribution is
derived from X.

First, ask yourself: do I really need the distribution of Y? Oftentimes, you don’t. For example, E[Y] = E[g(X)], which
is just a function of the distribution of X, and LOTUS applies. More generally, E[ f(Y)] = E[(f o 8)(X)].

If you really do want the distribution of Y, it’s best to work with cdfs.

Fy(y)=P(Y =y)
=P(g(X) <y)
=P(Xeg'(~o00yl)=P(Xeix|gx) <y}

This last term has no closed form in general.

In the case of discrete random variables, we have

Py(y)= ). Pxx.
xlgx)=y
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If g is invertible, then Py (y) = Px(g~'(y)). Note that this formula only works for discrete distributions. For
continuous distributions, it’s a bit more complicated.

Example 7.3

1 0<sxx<l1
Let fx(x) = . ,and Y =2X.
0 otherwise

1 0sy<2
Blindly applying the discrete formula suggests that fy (y) = f; X(%) = {0 thy B
otherwise

We have a problem here—the thing on the right doesn't integrate to 1, so it’s not a valid density function.

It’s better to work at the level of cdfs:

Example 7.4: Order Statistics

Let Xj,..., X, be IID, and sort them so that XU < x@ <... < X guch that X@ is the ith smallest number
in the list (X3, X, ..., X;). If X; are continuous random variables with density fx, what is the density of X OF
Claim: fyw () = n(}=})Fx ()10 - Ex())™ ! fx ().
“Proof”. We have

froW dy=P(XP e (y,y+ dy),

and explaining each part of the formula, we have

ways to select X; robability i — 1 .
that fall in p o aret}; ; [l)lrobablhty one of
y,y+ dyl — the X; € [y, y+ dy]
~= - i-1 n-i T
n . Fx(y) (1-Fx() fx(»dy
- ———
~—— probability n— i
ways to choose i — 1 Xisare = y+dy
of remaining n—1
Xistobe<y

Example 7.5

Suppose I model the time to bus of type k =1,..., n arriving as X ~ Exp(A), all independent.

When does the ith soonest bus arrive? At time X, The distribution in this case is

n-1 i-1 .
fxo (@) = n( i 1)(1 - e‘“) e~ (DAL pm AL
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Another common example of a derived distribution is the sum of two independent RVs.
Example 7.6: Convolutions

If X, Y are discrete, integer-valued independent RVs, and Z = X + Y, what is the pmf of Z?
Py(z)=P(X+Y =2)

=PlUX=Kn{Y=2Z-k

kez
=Y PEX=kn{Y=Z-k})
kez
=Y Px(k)Py(z—k)
kez

This is called the convolution (Px * Py)(z).

Similarly, if X, Y are independent continuous RVs with densities fx, fy, then Z = X + Y has density
fz(2) = ffx(x)fy(z —-x)dx = (fx * fr)(2).

The takeaway here is that adding independent RVs corresponds to the convolution of distributions.

2/11/2021
Lecture 8

Moment Generating Functions, Concentration Inequalities

As an aside:

Theorem 8.1: Independence of functions of RVs

If X and Y are independent, then f(X) and f(Y) are also independent.

Proof. By definition, if X and Y are independent, then the events {X € A} and {Y € B} are independent. That

1S,
P(XeAnYeB)=P(XeA)- -P(YeB).

If we have f(X) and f(Y), we have to show that {f(X) € E} and {f(Y) € F} are independent. We can express
these events equivalently as {X € f~}(E)} and {Y € f~!(F)}, respectively. We can just define A= f~!(E) and
B = f~1(F), and we've shown that these two events are also independent.

Therefore, f(X) and f(Y) are also independent. O

Example 8.2

If X, Y ~ Uniform(0, 1), then we get this distributionof Z =X+ Y:
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1.5 %
f7(2)

0.5 |

In general, computing convolutions can be tedious. In 120 (for example), you will have seen that computations are
simplified by working in an appropriate “transform domain”.

This motivates the definition of “moment generating functions”.

8.1 Moment Generating Functions

Definition 8.3: Moment Generating Function (MGF)
For t € R, provided that the expectation exists, the moment generating function of X is defined as

Mx(t) = E[e¥].

Why “moment generating function”?

A generating function takes a sequence of numbers (ayp, a;, az, - - -) and transforms it into some polynomial/power
series Y ;=0 axz*; convolutions of sequences correspond to multiplication of polynomials.

If we expand the earlier definition of moment generating functions, we have

Mx(t) = E[e"]
@x)"

Since E[X"] is the nth moment of X, MGFs encode moments of a distribution in coefficients of a power series.
An important fact: If the MGF exists, then it uniquely determines the distribution of X.

To recover moments from the MGE we have, by the power series above,

d
— Mx (¢t =E[X].
T x(1) . [X]
Similarly,
n
Mx (t =E[X"].
am X()t:O [X"]
Example 8.4

If X ~ N (uy,02), then

0212
Mx(t) = exp(pxt+ xT)
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If X ~ N (uy,02) independent of Y ~ N(uy,a‘?;), then
Mx.,y (1) = [E[et(X+Y)]
_ [E[etX tY]

=E[e*]-E[e"Y] (since X, Y independent)

202 o’
= exp(tpx +— s ) exp(tuy + Ty)

2, 2
oi+0
:exp(t(yx+/¢y)+t2 x2 y)

This is precisely the MGF of N/ (py + 1y, o2+ Uf,).

This makes calculating sums of RVs a lot easier; we just need to multiply the MGFs instead of convolving the pmfs.
But in principle, everything you can do with MGFs, you can also do by working directly with the distributions.

As an aside (out of scope): More generally, one usually uses characteristic functions instead of MGFs:
Px(0) =E[e"¥],

for t e R. ¢px(¥) is the “characteristic function” of X. The RHS is the Fourier transform of the distribution of X. This
always exists, and uniquely characterizes the distribution.

8.1.1 Examples of MGFs

* X~N(u,0%): Mx(1) = exp(tu+ t2§)

X ~Exp(A): Mx () = 2 for t <A
o X ~Pois(A): My (1) = e~ A+A¢'

* X ~Geom(p): Mx (1) for r <In(1-p)

pt

= T-Q-pet
* X ~Bin(n, p): Mx(t) = (1-p+ pe')"

* X ~Bernoulli(p): My (£) = (1-p) + pe’

Example 8.5

Let X; ~pp Bernoulli(p). We know that Y = Z?:I X; ~ Bin(n, p) by the definition of binomial distributions.
We can verify that this is the case by using MGFs:

n
My () =[] Mx, (1)

i=1
n
=[[(1-p+pe)
i=1
1-p+pe')”

This is precisely the MGF of Bin(n, p), so Y ~ Bin(n, p).
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8.2 Concentration Inequalities

Seldom in applications can we compute probabilities of interesting events in closed form. It’s also usually not
necessary to compute them like this. Usually, we settle for an inequality.

In particular, we usually want to show P(A) = 0 or P(A) = 1.

In a lot of randomness, there is (almost) determinism; the whole point of probability is arguably to (almost)
deterministically predict an outcome. Concentration inequalities are just one step in doing this.

Example 8.6

Let X; ~pp X, and define the empirical mean

_ X1+ X0+ + Xy
" .

n

Var(M,,) = Var

X1+-~+Xn)

1 n
=3 ZVar(X,-)
i=1

_ Var(X)
T on

Since the variance is vanishing, M, must be “almost constant” for 7 > 1.

Can we say more?
Theorem 8.7: Markov Inequality

If X is a nonnegative random variable, then for ¢ > 0,

E[X]
P(X=1n=< T

Proof. We claim that X = f1{x>y, or as a function of w, X(w) = t1{x> ().

X(w)

I1ix>1 (W)

This means that we have
E[X] = tE[lix>y] = tP(X = 1)

O

It’s important to remember/understand Markov’s Inequality because the rest are essentially just consequences of
Markov’s Inequality.
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Theorem 8.8: Chebyshev’s Inequality

If X is a random variable, then
Var(X)
2

P(X-E[X]|=1) <

Proof.
P(X -E[X]| = 0 =PI X -E[X]|* = £*)

E[I1X —E[X]1?]
< _—

< 2 (by Markov)
B Var(X)
=
O
Theorem 8.9: Weak Law of Large Numbers
Let X1, X2, -+ ~gp X, and define M,, = w
Fore >0,
lim P(|M,, —E[X]| >¢&) =0.
n—oo
Proof. We know that E[M,,] = E[X] by linearity of expectation, and Var(M,,) = %
By Chebyshev, we have P(|[M,, —E[X]| > ¢) < %, which tends to 0 as n — oo. O

Let X1, X5, X3- ~;ip X. Think about these X; as outcomes of an experiment modeled by X, repeated under identical
conditions.

We can define the empirical frequency of {X; € B} as
Y Lixen

n
E(F,]=P(X €B)

n=

By WLLN, we have as n — oo,
P(F,—-P(XeB)|>¢e)—0.

In other words, P(X € B) is the frequency at which X takes values in B under repeated trials. This is something we've
been taking as fact, but we've just proven it as well.

This proof means that our axiomatic framework is compatible with the “frequentist” or “empirical” framework.
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2/16/2021
Lecture 9

Chernoff Bound, Convergence

9.1 Chernoff Bounds

Theorem 9.1: Chernoff Bound

ForaRVX,aeR,and >0,

[E[etx]

P(Xza) =< old

=e 1My (8).

Since the RHS is true for all ¢ > 0, we can optimize over ¢ > 0 to get the best bound.
Proof.
P(Xza)=P(tX=ta)
=P(e"* = ')

< E]

i (by Markov)

O

In a sense, Chebyshev gives a “better” bound than Markov because it uses the additional info of the second moment
(for Var(X)). Chernoff (with the MGF), is using information about all moments of X.

Example 9.2

Let Z ~ N/(0,1). We know that the cdf ®(x) has no closed form expression, but Chernoff gives us good control
of tail probabilities.

For a > 0, Chernoff gives

PZz=a)<e "“My(1)

_ 2
—e tuet /2

If we optimize this (i.e. £ = a is the best choice as it’s the minimum), we have

PZza)<e /2

9.2 Convergence of Random Variables

Convergence is essentially the language of “limits” in probability.

For a sequence of real numbers a;, az, - - - € R, we know what it means to write lim;_., a, = a.
Given a sequence of RVs Xj, X»,---, what does it mean to write lim,_., X, = X? Nothing.

Why? Random variables are functions. So, for a sequence of functions fj, f>,---, what does it mean to write
lim;,— fn = f? We need more information, because there are many ways to talk about convergence of functions.

For example,
* Pointwise: lim;, . f(x) = f(x), Vx

e In L'-norm: limy,—.o [ | fu(x) - f(x)| dx =0
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9.2.1 Modes of convergence

There are three useful “modes” of convergence:
Definition 9.3: Almost Sure Convergence

We say that X, — X almost surely if P(lim; .., X, = X) = 1.
This is also notated as X, L% X,

The LHS is equivalent to P({w | lim,—., X (@) = X(w)}), i.e. as functions X, converge pointwise to X on
some set of samples A having P(A) = 1.

Definition 9.4: Convergence in Probability

We say that X;, — X in probability if for every € > 0

lim P(|X, - X|=¢)=0.
n—oo
This is also notated as X, 2 x.

For example, WLLN tells us that the empirical mean % Z?zl X; — E[X] in probability.
Definition 9.5: Convergence in Distriubtion
We say that X, — X in distribution if the cdfs converge, i.e. for all continuity points x of Fy,

lim Fx, (x) = Fx(x).
n—oo
This is also notated as X, 4, X.

Relationship among modes of convergence:
(X, — X as) = (X, — X inprob.) = (X, — X indist.).
All of these implications are strict.
Example 9.6
Let X1, X0, ~1p Bernoulli(%).

X, — X~ Bernoulli(%) in distribution (trivially), but X,, 7~ anything a.s.

Why? Because in order to converge to something, we need a sequence with finitely many ones or zeros,
which occurs with zero probability.

Theorem 9.7: Strong Law of Large Numbers

If X3,X5, - ~gp X and E[X] < oo, then

S|

n
) X; —E[X] as.
i=1

This is the same as WLLN, but claims a.s. convergence instead of convergence in probability, i.e. SLLN implies
WLLN.
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SLLN tells us that individual sample paths % " | Xn(w) — E[X] for all w in some event having probability 1.
SLLN doesn't tell us anomalies can’t happen, but it tells us they won’t happen. For example, if we have a sequence of
coin flips, it’s possible that we have a sequence of all heads, but SLLN says that we will never observe this.

Theorem 9.8: Central Limit Theorem

Let X1, X5, -+ ~;p X, with Var(X) = 0% < oo, and E[X] = p.

Z?:] (Xify)
Vno

In other words, P(S;, < x) — ®(x), Vx e R.

Define S,, = .Then, S,, — Z ~ N(0,1) in distribution.

Proof. WLOG, let Var(X) =1 and E[X] = 0.

E[x" 2
Mx()=)_ X 1+t—+o(r2).
=0 n! 2

Where o(#%) means that it’s vanishing faster than > as 1> — 0.

We also have

Ms, (£) = M x,sx, (1)

Where the last equality comes from lim,, .o (1 + £)" = e°. This last expression is the exact same as the mgf
of a standard normal, i.e.

lim Mg, () = Mpr(,1)(8).
n—oo

This implies that lim S, = N (0,1) in distribution. This pointwise convergence of characteristic function
n—oo
implies convergence in distribution is nontrivial (it's known as Lévy’s continuity theorem). O

A word of caution: X, — X a.s. does not imply that E[X},] — E[X]. We need more information to conclude this.

2/23/2021
Lecture 10
Information Theory, Source Coding

Now that we have covered the basics of probability frameworks, we’ll put them to good use.

10.1 Information Theory

The entire field of information theory can be traced back to one paper: Mathematical Theory of Communication by
Shannon in 1948.

This singular paper kicked off the “information age”.

Some questions addressed in the paper:
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1. How reliably and how quickly can I communicate a message over a noisy channel?
Example 10.1: Cocktail Party

Suppose you're at a party, and it’s really loud, so what you say is being corrupted by the noise in the
room. What you can do is either speak louder, speak slower, repeat what I'm saying, etc.

This is also called the channel coding problem.

2. How many bits do I need to losslessly represent an observation?
Example 10.2: Data Compression

If we have an image, there’s a lot of data redundancy, and these redundancies are compressed, ex. in
the JPEG standard.

This is also called the source coding problem.

Shannon’s mathematical insights guided decades of development in these areas.

10.2 Source Coding (Compression)

For a discrete random variable X with pmf Py, we define the (Shannon) entropy as

H(X)=) Px(x)log E|log
X

)< x|
Px(x) Px(X))]
We typically take the base of the logarithm to be 2, so the units of entropy are “bits”.

What is entropy? We can describe H(X) (in warm fuzzy terms) as the “uncertainty about X on average”. We can also
interpret it as “how random” X is. For example, variance is another quantity that describes the “randomness” in X.

The interpretation of H(X) as “uncertainty” is justified by the source coding theorem, which says that H(X) is the
number of bits I need to describe X on average. Why is this a good measure of uncertainty?

Theorem 10.3: Source Coding Theorem

For any € > 0, the iid discrete random variables X;, X»,--- X;, ~;;p Px can be losslessly represented using
< n(H(X) + ¢) bits (for all n sufficiently large).

Conversely, any representation using < n H(X) bits is impossible without loss of information.

This result has two parts:
1. Descriptions < n(H(X) + ¢) bits are possible

2. Descriptions < nH(X) bits are not
Example 10.4: Huffman Codes

Huffman codes take in a sequence Xj, X», ..., X;; ~ip Px and output a string of bits = n H(X) bits in length
(on average).

Example 10.5

For X ~ Bernoulli(p), we have
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| HX)

0.8
0.6
0.4 +

0.2 +

02 04 06 08 1
We can think of X as a coin flip.
e IfIflip a fair coin » times, then we need 7 bits to represent all n outcomes.
This makes sense, because nothing about the ith flip tells us about anything else.
* IfIflip a biased (p = 0.11) coin 7 times, then I only need = 7 bits to describe all n outcomes.
o IfIflip a biased (p = 0) coin n times, then I need 0 bits to represent all n outcomes.
This makes sense, because we always know that it'll be tails.

The intuition of the symmetry in the graph is because we don't care about what the labels of the outcomes
are—we can switch heads and tails and we should get the same result.

How can the second point be possible? Concentration; from a lot of randomness comes determinism.

For a sequence X3, Xy,..., X;, let the probability of observing it be:

n
P(X1, X2,..., Xn) = [ | Px (xp).
i=1
In other words, all X;’s are ~;p Pyx.

Theorem 10.6: Asymptotic Equipartition Theorem (AEP)

If (X1)i>1 ~np Px, then .
~—logP(X1, Xz,..., Xp) L HX).

In other words, with overwhelming probability,

P(X1,Xo,..., X)) = 9—nHX)

Proof. WLLN says that

1 1§
——log(P(Xi,..., Xp)) = = Y log
n nu,=1

LR [E[log(

= H(X)

PX(Xi))

PX(X))]
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2/25/2021
Lecture 11
Channel Coding Theorem

We will now use AEP to prove “achievability” part of the source coding theorem:

Proof. Fix € >0, and for each n = 1 define a “typical set”:

AP ={(X1,..., Xp) 1 P(X1, ..., Xp) = 27HOE

= a subset of possible observed sequences
Some properties of this set (we claim):
. IP((Xl,...,Xn) € Ag")) —lasn—oo
This is evident by AEP:
P((X1,..., Xp) € A) = P({P(Xy, ..., X;) < 27 "HX ey
= P({—%log(P(Xl,...,Xn)) > H(X) +£}) -0

since the LHS at the end is approaching H(X).

° < 2n(H(x)+£)

ALY

This comes from the definition:

1= Y PXi..., X

(X110 Xn) ALY
= Z 2—n(H(X)+£)
(X110 Xn)EAL?

— | Aén) |2—n(H(X)+e)

Suppose [ have N objects. How many bits (maximum) do I need to represent each object? We need log N bits (there
are a total of 2* total bitstrings, and we can just assign one to each object).

This gives us a protocol for source coding:

e IfIobserve (Xi,..., X,) € A" o

€l2’
by the second property above.

I will describe it using approximately log bits, which is < n(H(X) + €/2),

e IfIobserve (X,..., X,) £ A"

+/2» Ljust describe it brute force using nlog| X| bits.

For this protocol, what is the average description length?

E[number of bits in description] < n H(X) + g) P(X1,..., Xp) € AT )+ nloglX| P((X,.., X,) ¢ AL)

pe < ¢/2 for n sufficiently large

< n(H(X) + ¢) for all n sufficiently large

This concludes the proof of achievability; the converse proof is omitted. O

11.1 Information Transmission (Channel Coding)
The main question that this addresses is: how do we send information reliably over an unreliable channel?

Let’s think about an abstract communication system. Suppose we fix a “rate” R > 0. Communication consists of
sending a message from point A to point B.
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A message M ~ Uniform ({1,...,2"R}) takes nR bits to represent, because H(M) = nR.

This message goes through an encoder, which takes in the message as input, and outputs some sequence X" (M)
(superscript represents a vector), i.e. (Xj(M),..., X, (M)).

This sequence goes through a noisy channel, which corrupts the message into the sequence Y", i.e. (Y1,..., Yy).
Here, Y; is a “noisy version” of X;.

At the other end, we have a decoder, which takes in the noisy sequence and gets back M(Y").
As a diagram, this is

noisy channel
M encoder X" (M) Y . yn decoder

M(Y™

The parameters for this system are:

« » _ p_ HWM) _ #of “information bits”
* "Rate” =R = n ~  #ofchannel uses

* “error probability” = P{"”) = P(M # M)
Examples of “noisy channels”:

¢ Binary symmetric channel BSC(p): flips a bit independently with probability p

Channels in general are represented by a conditional pmf Py |x.

For example, the BSC(p) channel is represented by

X
Pyx(y|x)={” yEx
1-p y=x

Definition 11.1: Mutual Information

For a channel Py|x and input distribution Py, and there is a joint distribution Px y (x, y) = Px(x)Py|x (¥ | x)
and a marginal distribution of outputs Py (y) = }_, Px,y (x, ¥), we have the mutual information

B

uxm=ZR”W”b4HUW“”
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Definition 11.2: Channel Capacity
For a channel Py x, the capacity is defined as

C=maxI(X;Y).
Px

In other words, it’'s the maximum mutual information between channel input and output over all input
distributions. Note that there is no dependence on 7.

Theorem 11.3: Shannon’s Channel Coding Theorem

Fix a channel Py;x and e >0and R< C.

e For all n sufficiently large, there exists a rate-R communication scheme (i.e. encoder/decoder operat-
ing at rate R) that achieves Pé") <e.

e If R> C, then P{" — 1 for any sequence of communication schemes.

What does this mean? We essentially have this graph of error probability:

LTp s

0.5

C
For example, for a BSC(p) channel, C=1- H,(p) = plog% +(1-p) logﬁ, i.e.

1 1CBscp)

0.5+

02 04 06 08 1
Fora BEC(p) channel, C=1-p,i.e.

1 LCBEC(p)

0.5 1

02 04 06 08 1

Our next step is to prove the channel coding theorem for the special case of BEC(p).
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We need to show two things:
1. Anyrate R > C is not possible.
2. All rates R < C allow for reliable communication.

To prove the first point:

Proof. Consider a block of n channel uses.
The transmitter doesn’t know what locations will be erased. But, let’s suppose a genie told us. This means that a
transmitter can send information without error in unerased positions.

Oleele---0e
How many unerased positions are there? < n(1 — p + ¢) with overwhelming probability for any € > 0 and all n
sufficiently large.

This tells us that the transmitter can only reliably send ~ n(1 — p) bits, and therefore R < (1 — p). O
To prove the second point:

Proof. This relies on something called the “probabilistic method”. This refers to the general strategy to show the
existence of something you want. Specifically, don’'t actually construct an explicit scheme and analyze it; just show
one exists with probability > 0.

Fix £ >0, and fix R < 1 — p — ¢. Generate a random 2"*F x n matrix (a “codebook”)

’

Ch - Cin

CZ”R,I Canyn

where C;; ~pp Bernoulli(3).
Give C to both the encoder and the decoder. The protocol is thus
 On observing the message M € {1,...,2"%}, send the row M of C.

¢ Onreceiving Y", look for row in C that matches (modulo erasures). In other words, find a row that matches
all the unerased packets; the index of the row is the message packet.

We can only error if = 2 rows match what was received. O
3/2/2021
Lecture 12
Markov Chains

Continuing on from last time, our job is to show that the probability of error averaged over choices of C is small for
n large.

Let E={1,2,...,n} (the set will be abbreviated as [n]) be the positions that are erased by the channel.

WLOG (by symmetry) I can assume M = 1 is correct.
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Ec[PY] = E[1{M # M}]
= Y E[1{M# M}|E|P(bits erased = E)
Ecln]

< ¥ [E[l{M?fM}IE]IP(E)+I]3’(|E|>n(p+§))
E:|El<n(p+%)

The upper bound basically splits the sum into two groups based on the size of E, but we upper bound the cases
of |E| > n(p+ %). That last term must be vanishing as n — oo by WLLN (if we divide by n on both sides of the
inequality).

So, let’s just look at E[1{M # M} | E| for |E| < n(p + §):

Z"R

U (€A, [n]\E) = C(m, [n]\ E)} | E

m=2

E[1{M # M} | E] =P

What this RHS means is that we know that our received message will match with row 1, disregarding the erasures
(E). Errors occur if any other row (m) matches row 1.

Now, we can use the union bound, noting that the probability that a row matches is just the probability that the
n—|E| non-erased bits match (with probability %):

an

R n—|E|
E[1{M#M}|E]< ) (5)
mz2
< pnR—(n-|E|)

< 2—?’!6

In the last upper bound, we note that nR—n+|E|<n(l-p-§)-n+n(p+5) = —ne.

Going back to what we had before, we have

EclP{"1= ). 27"™PE)+P
E:|El<n(p+%)

LEs +5)
n P 2

1 £
52‘”5+P(—|E| >p+—)

n 2
—0asn— oo

This means that there must exist some choice of codebook and 7 sufficiently large to make Pé") <E.

12.1 Markov Chains

Random variables by themselves are only so interesting; often, we are interested in sequences of random variables,
for example (X},) ,=0, to model real-life things. These are called random processes or stochastic processes. (You just
use “stochastic” if you're feeling fancy.)

For example, these could model
¢ Robot position over time
* Website visited by internet user
 Signal received by cell tower
* etc.
All of these things have some temporal aspect.

Up to now, the only processes we've seen have been IID. This is a good starting point with nice results (WLLN, CLT,
etc.), but are limited for modeling real scenarios.
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Markov Chains are one level above IID processes. They’re simple enough that we can say some very strong
quantitative things about them. They'’re a very flexible class of processes, and useful for modeling a wide variety of
situations.

Definition 12.1: Markov Chain

(Xn)n=0 is a Markov Chain if each RV X; is a discrete RV taking values in a discrete set S (the “state space”),
andforalln=andi,jeS

P(Xn+l =jlXn=1,Xp-1=%p-1,"+, Xo ZX()) =|P(Xn+1 =jlXn= i)-

In other words, the future only depends on the past through the present—the next state depends only on the
current state, and not on anything before.

An interesting note is that any process with finite memory is equivalent to this Markov process; the state space
would just be augmented as S¥ if we have w steps of memory.

Some terminology:
Definition 12.2: State

X, is called the “state” of the process at time n = 0.

If (X;,) n=0 is @ MC, then there is an implicit underlying probability space (Q2, F, P) on which X},’s are all random
variables.

Definition 12.3: Temporally Homogeneous Markov Chain
Temporally Homogeneous Markov Chains are MC such that
P(Xn+1=Jj | Xn=i) = pij,

for Vi, j€ S, n=0. These p;; are “transition probabilities” from i to J, not dependent on time.

In this class, we'll only be working with temporally homogeneous Markov chains (and we’ll be calling them Markov
chains without the qualifier).

Note that these transition probabilities have to satisfy a few rules:
* pij=0,Vi,jeS
* Yjespij=LVieS
Why? This is just the sum of the probabilities for all possible next states, which is just 1.
The transition probabilities p;; for i, j € S describe the statistics of the Markov chain.
It’s often helpful to collect these into a transition matrix such that [P];; = p;;:

P11 P12
P=|P21 P12

This is a “stochastic matrix”; the entries are nonnegative, and the rows sum to 1.
MCs can be represented by state transition diagrams:
* Each state is represented by a node

* Arrows between states with transition probabilities. (No arrow if there is no transition probability)
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Example 12.4
If we have
1 2 9
3 3
P=(0 O 1] s
1 1
z 0 3
The state transition diagram would be
2
3 1

D=

The transition matrix P tells us “one-step” transition probabilities.

D=

What about P(X = j | Xo = i) (i.e. the “n-step transition probability”)? This is by definition p?] (not some quantity
pij raised to the nth power!)

Theorem 12.5: Chapman-Kolmogorov Equations

n-step transition probabilities can be computed as pfj = [P"];; (the latter is raising P to the nth power).
Proof. Induct on n. The base case n = 1 holds by definition.

|]:)(Xn+1=j|X0:j)= ZP(Xn+1:j:Xn:k|X0:i)

keS

= ) P(Xn1=j1 Xy =k, Xo=T)P(Xp = k| Xo = i)
keS

= ) (jth column of P, ith row of P"*)
keS

= [P" x P;j = [P"*];;

3/4/2021

Lecture 13
Big Theorem for DTMCs

13.1 Classification of States

If there is a path in the state-transition diagram from i to j (i.e. p;’j > 0 for some n = 1), then we say that j is
accessible from i, and we write i — j.

If we also have that j — 7, then we write i — j, and states 7, j “communicate’.
By convention, wesay i < i, Vi€ S.
Our claim is that < is an equivalence relation on S. That is,

l. i—i,Vie$S

2. i j e joiVijeS
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3. ik keoj=i—jVijkeS
What does an equivalence relation do? Equivalence relations on a set partition the set into “equivalence classes”.
So, — partitions S into “classes” of communicating states.

IfCcSisa“class”and i€ C,then je C < i« j.
Example 13.1: Gambler’s Ruin

Suppose we fix p € (0,1).

p p p p p
~_
1-p 1-p 1-p 1-p 1-p

What classes of states is there?
{O}) {1y 2) ttty R - 1}) {R}-
Definition 13.2: Irreducibility

A MC is irreducible if it has only one class (i.e. S).

13.2 Class Properties

Definition 13.3: Recurrence

A state i € S is said to be recurrent if, given that Xy = i, the process revisits state i with probability 1.
This is equivalent to saying that I will visit state i infinitely many times with probability 1, given that I start in state i.
For example, in Gambler’s Ruin, states 0 and R are recurrent.

Definition 13.4: Transience

A state i € S is transient if it is not recurrent.

This is equivalent to saying that if Xy = i, then (X},) ,,>1 will visit 7 finitely many times with probability 1. For example,
in Gambler’s Ruin, states {1,..., R — 1} are transient.

Recurrence and Transience are class properties, i.e. if C is a class and i € C is transient, then all j € C are transient.
The same applies for recurrence.
Proof. Ttsuffices to show if i is recurrent, then so is j. In particular, it suffices to show that if Xy = i, then I'll land in
j after finite time with probability 1.
Since i < j,An=1s.t. p?j > 0. So, I'll land in j after Geom(p?j) visits to 1. O
We define

T; =min{n=1: X, =1i}.

In other words, T; is the first time (n = 1) that I enter state I.
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Definition 13.5: Positive and Null Recurrence

If i € § is recurrent, we further classify
e i is positive recurrent if E[T; | Xo = i] < oo

e jis null recurrent if E[T; | Xo = i] = o0
Positive and null recurrence are also class properties.

Definition 13.6: Periodicity

ForieS,let
period(i) = ged{n = 1: p}; > 0}.

In words, if I start in state i, then revisits to state i only occur at integer multiples of the period period(i).

Example 13.7

This is a periodic MC:
1
1

Periodicity is also a class property. In other words, if i — j, then period(i) = period(j).
Definition 13.8: Aperiodicity

An irreducible MC is aperiodic if any state (and therefore all states) has period 1.

Example 13.9

A remark: periodicity is a “brittle” property; it’s not very robust. If we just added one self loop to the previous
example, then it becomes aperiodic, although it won't realistically get to that self loop even if we simulated
this until the heat death of the universe.

1— 10—100001000

1

Definition 13.10: Stationary Distribution

A probability distribution 7 = (7;);es, i.e. a row vector, is said to be a stationary distribution if & = nP.
Written out, this is just saying that 7; = ¥ ;es 7; pij, Vj €S.

This is also a left eigenvector of P with nonnegative entries that sum to 1.

The idea here is that if X ~ 7, then X;, ~ 7w, Vn = 0. In other words, the distribution over states is invariant in time,
and the resulting process (X,) ;= is “stationary”, i.e. not changing with time.
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Theorem 13.11: “Big Theorem” For Markov Chains

(This is essentially a statement about long-term behavior.)
Let (X;,) n=0 be an irreducible MC. Exactly one of the following is true:
1. Either all states are transient, or all are null recurrent.

In this case, no stationary distribution exists, and

lim p;’j =0 Vi, jeS.

n—oo

2. All states are positive recurrent.

In this case, a stationary distribution 7 exists. It is unique and satisfies

1 & &
mj= lim —kzlpl-j:

n—oon

—— Vi,jes.
HTj1%=7]

Moreover, if the MC is aperiodic, then

,}ggopl”] =n; Vi,jeS.
We pretty much always know the long-term behavior of irreducible MCs. As an explanation,

1. If all states are transient, then we return to the state finitely many times with probability 1, so the probability
that we're at a given state at time n goes to 0, regardless of where we start.

2. In this second case, the aperiodic case converges in distribution to the stationary distribution.

Remark: every irreducible finite-state MC is positive recurrent. By the pigeonhole principle, we have to return to a
state with positive probability for at least one state. That is, if we have a finite-state MC, then only (2) is possible.

Example 13.12

Consider a random walk on Z with transition probability p € (0,1). That is,

p p p p p p
1-p 1-p 1-p 1-p 1-p 1-p

This chain is irreducible (all states communicate with each other). If p = %, then all states are null recurrent.
That is, by CLT we will always return to the starting state with probability 1 (it'll be some Gaussian).

Ifp# %, then all states are transient (by SLLN). This is because we’ll always be drifting either to the right or
to the left.

Example 13.13: “Birth-Death” Chain
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q q 1
, and transient if p > 5.

This chain is positive recurrent if p < 3, null recurrent if p = §

Example 13.14: Page Rank

We model the internet by a connected finite directed graph G = (V, E). Let (X,;) >0 be a random walk on this
graph, where the next state is chosen uniformly from outgoing links.

The main question is: how do we rank importance of webpages?

By the Big Theorem, a stationary distribution for this process exists for this MC, and 7 ; describes the fraction
of traffic on site j in the long run. So, 7 is a good proxy for the “rank” of page j.

3/9/2021
Lecture 14
Reversibility, First Step Equations

Example 14.1

Let (X;) n=0 be a random walk on the hypercube {0, 1}"*, where the next vertex is chosen by randomly flipping
one of the bits of the current state.

If we start at state (0, ---,0), what is the expected number of steps before returning?

We know that all states are positive recurrent, so by the Big Theorem, E[Tp...c | Xo = (0---0)] = ﬁ =5 = 2n,
This is because the graph is symmetric, so the stationary distribution must be uniform.

Example 14.2

Suppose we collect a reward R(i) on entering state i € S. If R is bounded and the MC is irreducible, positive

recurrent, then
n

1 a.s.
— ) RXyp) — E[R(x)], X ~ 7.
=1

avg reward in first n steps

That is, the empirical average of rewards tends to the true mean of rewards at the stationary distribution.
Why is this the case?

Let Nj(n) be the number of entries into j up to time n. This means we can write

12 N;(n)
- Y RXp =Y —L—R())
n =1 Jjes
SLLN 1 .
—R(j)
jeS E[T}1 Xo = j]
=Y m;R())
jeS
Nj()

Each re-entry time is iid, so the
to simplify it into an expectation.

~— is the empirical average of re-entry times. This allows us to use SLLN
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14.1 Reversibility
How do we compute the stationary distribution?

The general answer unfortunately is to solve 7; =} ;7;p;j, ¥ j. It turns out this is much easier when the MC is
“reversible”.

Definition 14.3: Reversibility
An irreducible irreducible MC is reversible if there exists a probability vector = satisfying
ﬂjpji = ”ipij Vi,j €S.

These equations are called the detailed balance equations.

We can think of the DBEs as a notion of “flow”; the amount of mass flowing from j to i is the same as the amount of
mass flowing from i to j.

Lemma 14.4

If a MC is reversible, then 7 is a stationary distribution. (In fact, unique by irreducibility + Big Theorem.)

Proof.
2 mjpji =) miPij
i i
n j;ﬂj/t: 2_miPij
4
—= 1 =nP
This equation is just the definition of the stationary distribution. O

So, in the case of a reversible MC, just solve detailed balance equations for 7. Sometimes we can assume the MC
is reversible, and try solve the DBEs; if it works out, we've found the stationary distribution and deduced that it’s
reversible. Otherwise, we'd need to solve the original equations with eigenvalues/eigenvectors.

Where does the term “reversible” come from? If we start a reversible MC with X, ~ 7, then the sequence of states

(Xo, X1,--+, Xn) 4 (Xn, Xn-1,-+, Xp), i.e. the two sequences are equal in distribution.

In other words, reversing time on a reversible MC would look exactly the same as if we went normally. This is like
equilibrium in physical systems.

The Big Theorem tells us about the asymptotic behavior of an irreducible MC. Now, let’s turn our attention to
techniques for analyzing finite-horizon (short-term) behavior of (not necessarily irreducible) MCs.

14.2 First Step Analysis

14.2.1 Hitting Times

Definition 14.5: Hitting time
Consider a subset of states A ¢ S; we define the hitting time to be

To=min{n=0:X, € A}

T4 is arandom variable, but trying to compute the distribution of the hitting time can be incredibly complicated;
but it does make sense to look at the expectation, and is much easier.
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Here’s our strategy. Let us define some quantities t; = E[T4 | Xo = i]. Now, we formulate the “first step” equations, i.e.
a way of thinking recursively about the hitting time in terms of how the MC process proceeds.

That is, for i # A, the soonest we can hit A is on the next step. In other words,

E[TalXo=1i1=1+ )Y piiE[Tal Xo=j].
jes

This should make sense, because at the next transition, we take one step, and once we're at state j, it’s just like we
started in state j again.

Additionally, for i € A, we have that E[T4 | Xo = i] =0.

This is just a system of equations, called the first step equations (FSE);

tz’:l"‘ZjPijtj igdA
=0 icA’

Example 14.6

Consider fair coin tosses. How many tosses do we need until we get two tails in a row?

If we label the nodes in order HH, HT, TH, T T, then our transition matrix is

O NI—= O NI
O NI= O NI

N—= O NI~ O
N—= O N~ O

To answer the question, we can set up FSE, starting in state HH, i.e. we compute tyy = E[Trr | Xo = HH].

1 1
tyr=1+=tgg+ =t
HH 2 HH 2 HT
br =14+ tyr + =1
HT = 2 HT 2 T

1 1
trr=1+—trg+—t
TH 2 TH 2 T

trt=0

Solving this system gives us tyy = 6, tyr = 4, and t7y = 6. This means that it takes us 6 tosses on average to
get 2 tails in a row.

3/11/2021
Lecture 15

Poisson Processes

Let’s continue on with the first step equation examples from last lecture.
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15.0.1 Collected Rewards

Example 15.1

Flip a fair coin until two tails occur, at which point we stop. What’s the expected number of heads that I see?

1
2

—

NI~
D=

(D

Suppose t; = E[# heads seen | X, = i], for i € S. Setting up a system of equations, we have

1 1
Z'SZEIH-FEZ'T
1 1
tH=1+§[H+EtT
thétH"'EtTT
trr=0

Solving this system, we have that fs = 3, ty =4, and ¢7 = 2. Therefore, we expect to see 3 heads, starting at
the start state.

15.0.2 Hitting Probabilities
Consider states A, Bc S, AnNB=g,and T4y =min{n=0:X,,€ A}, Tg =min{n =0:X,, € B}.

Definition 15.2: Hitting Probability
The “hitting probability” is the quantity P(T4 < Tp | Xo = 1).
The way to solve these kinds of problems is to define a system of equations a(i) :=P(T4 < Tp | Xo = i), fori ¢ AUB.

Trivially, @(i) =0 fori € B, and a(i) =1 for i € A.
For i ¢ Au B, we have equivalently (by law of total probability and the Markov Property)

P(Ta<Tg|Xo=0i)=)_ pijP(Ta<Ts|Xo=j).
jeS

Example 15.3: Gambler’s Ruin
C@f @3
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Our claim is that P(Tgr < Ty | X = i) :}%fori:O---R.

To verify, we find that

a(0)=0
a(R)=1

1i—-1 1i+1 ] i
ai)=S——+o——==, i€{l,,R-1)

15.1 Poisson Processes

A Poisson Process is an (the) example of a “Counting Process”. It forms the basis for continuous time MCs.

Definition 15.4: Counting Process

A counting process is a sequence of random variables (N;);>o (here, t € R) is a continuous-time integer-
valued random process, which has right-continuous sample paths.

In a picture, we have

Ni(w)
4+ e—0
—oO
2+ e—0
e— 0
‘ ‘ ‘ t
T T> T3 Ty
) Sl T 82 T 83 T 84 T 85 1

The “arrival times” T; = min{t = 0: N; = i}, or the time of the ith arrival.

The interarrival times S; = T; — T;_; for i = 1 are the durations between arrivals.

Definition 15.5: Poisson Process

A rate-A Poisson Process is a counting process with iid interarrival times S; ~p Exp(A).
Equivalently, the following three conditions must all hold:

1. No=0

2. N;— Ns~Pois(A(t—3s)) forO<s<t

3. (Ng) =0 has independent increments

Why “Poisson”?
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Theorem 15.6: Poisson Distribution of Point Counts
If (N}) t>0 is a PP(A), then for each t = 0, N; ~ Pois(1t).
In other words, P(N; = n) = e_Mn#, which is the Poisson pmf.

Proof.
P(N;=n) =P(Tp < t < Tps1)

=E[L7,<0t<Ty+Spi}]

:fan(s)l{sst}[E[l{t<s+5,,+1}] dx
t
:j(; an(S)[E[lt_5<Sn+l] ds

t
= f fr, (s)e M9 g5
0

In the last equality, we use the fact that S,,4+; ~ Exp(A).

Fact: the sum of n independent exponentials is an “Erlang” RV. We can use this density here.

t —-As n-1
AT s g,
0 (n—-1)!

-t

= e fts"_l ds
(n—-1!Jo

3 (At)nef/lt

B n!

From here, we can make a few observations.

By the memoryless property of Exp(A), if we have a (INy) ;=9 ~ PP(1), then (N5 — Ns) >0 is also a PP(1), for all s = 0.
Moreover, (N;s — Ng) =0 is independent of (N;)p<;<s. In particular, Poisson processes have a Markov Property.

Poisson processes have independent and stationary increments. In other words, if fy < t; < fp < --- < f, then the
increments (Ny, — Ny), (Ny, — Ny,), -+, (Ny, — Ny, _,) are independent, and (Ny; — Ny,_) ~ Pois(A(; — £;-1)), Vi.

15.2 Conditional Distribution of Arrivals

Theorem 15.7: Uniform Arrival Times

Conditioned on the event {N; = n}, we have

d
(Th, Tz,---, Typ) = Uy, Uy, -+, Umy),
where U(;) are order statistics of # Uniform(0, t) RVs.

In other words, given n arrivals occurred up to time ¢, the arrival times look like iid Uniform(0, £) RVs in
distribution.

Proof. ForO=1ty<t <---<t, < t, we have

I]:D(Nl’:n| Tl = tl)"')Tﬂ
I]J’(Ntzn)

=ty)
TN (0, -ty | 1) = Srm, (01, )
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P(N;— Ny, =0| Ty = ty—~Fr = 1)
= (N =N = ] fs k= tim1)
P(Ny=n) i=1

—-Alt—t,) n
_G " e~ Mti=ti-1)
T At €

€ T il

n! .
= n after cancellation

This last expression is precisely the density of order statistics of (Uq), -+, Up)-

Why? Recall that uniform distributions on (0, #)" has density t—ln on [0, t]". Order statistics sort among 7!
permutations, so we get a n! multiplier on the region where coordinates are sorted. O

Example 15.8

Suppose cars pass through a toll booth according to PP(1), where A = vehicles/minute.
We can do a lot of things since this is a Poisson process:

1. What is the probability that no vehicles pass in 2 minutes?
P(N,=0) = e 2*,
2. What is the expected number of vehicles to pass in 2 minutes?

E[Np] =2A.

3. Given that 10 vehicles passed in 2 minutes, what is the expected number that passed in the first 30
seconds?

% because the 10 vehicles’ arrival times are uniformly distributed over the 2 minutes.

3/17/2021
Lecture 16
Poisson Merging/Splitting, Continuous Time Markov Chains

Example 16.1
Suppose photons arrive at a detector ~ PP(A). If 108 photons are detected in 2 seconds, what is the distribu-
tion of the number of photons that arrived in the first second?

Since the (ordered) arrival times are uniform over the 2 second interval, each of the 108 photons has a
% probability of being in the first second. This means that the number of photons in the first second
~Bin(105, ).
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16.1 Poisson Merging and Splitting

Theorem 16.2: Poisson Merging

If (Ny,1) ~PP(11), (INo,1) ~ PP(A,) are independent, then (Ny,; + No ;) ~ PP(1; + A2).

Proof. Let’s go through the three conditions for Poisson processes:
1. We have that Nio+Nyp=0+0=0

2. We also have that

(N1,r + N2 1) — (N1,s + Na5) = (N1, — Ni,5) + (N2, — N2 5)

4 Pois(A, (£ — 5)) * Pois(As (£ — )
= Pois((A; + A2) (£ — 5))

3. Finally, (INy,; + Ny ) 10 has independent increments. This is true because both (N; ;) ;=0 and (N2 ¢) r=0
have independent increments.

Since all three properties are true, (N7, + N», ;) must also be a Poisson process PP(1; + A5). O

Example 16.3

Suppose men are hospitalized ~ PP(1;), independent of women who are hospitalized ~ PP(A,).

Then, the total number of men and women hospitalized ~ PP(1; + A,).

Theorem 16.4: Poisson Splitting/Thinning

Let p1,---, px be nonnegative, with Zle pi = 1. Let (Ny) ;0 be a PP(1). We “mark” each arrival with a label
“i” with probability p;, independently of all other arrivals. Let (IN; ;) ;>0 be the process that counts arrivals
marked with “i”, fori =1,..., k.

We can visualize this as a random switch in position i with probability p;. This splits up the arrivals into k
groups, one for each mark.

arrivals
_—

Note that N; = Zle N; ;forall £=0.

We have that (V; ;) ;>0 for i = 1,..., k are independent poisson processes with respective rates p;A.

Proof. We can consider k = 2 (because we can keep subdividing). Here, we have p; = pand p, =1 - p.
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P(Nl,t =n,Ny; = m) = P(Nl,t =n,Ny;=m,N;=n+ m)
=P(Ni,;=n,Noy=m|Ny=n+m)P(N;=n+m)

(nrm o, AT
_( n )p (1=p)Te (n+m)!

— g PM (p/lt)n _e—(l—p)/lt((l _p)/lt)m
a n! m!

These are the pmfs are Pois(pAt) and Pois((1 — p)A1).

Showing independence is a little more involved but the proofs are not shown here. O

Example 16.5

Suppose packets arrive to a router ~ PP(1). They are randomly routed to outgoing link A with probability p,
and routed to outgoing link B with probability 1 — p.

Packets on link A ~ PP(pA), and packets on link B ~ PP((1 — p) A1), and are independent.

These properties seem simple, but they can be very powerful for problem solving.
Example 16.6: Random Incidence Paradox

Consider (Ny) ;=0 ~ PP(1). Suppose I pick a “random” time fy,. What is the expected length of the interarrival
interval in which 1, falls?

Conventional wisdom would say % = expected interarrival time.

Say ty falls between arrivals 7; and Tj+;. The length of the interarrival time we arrive in is
L=(t—T)+ (Tix1 — to)-

Note that T;,; — fo ~ Exp(1) by memoryless property of exponential distributions.

Let’s look at the complementary cdf:

P(to— T; > s) = P(No arrivals in interval (fg — s, fp))
=P(Ng — Niy-s=0)

This turns out to be twice the average interarrival time!

What'’s the explanation for this? If we show up at a random time, we're more likely to show up in a long
interval.

16.2 Continuous Time Markov Chains

Consider representing a PP(1) as follows:

55



EECS 126 LECTURE NOTES ALEC LI

We start in state 0, and wait for Exp(1) amount of time before transitioning. Thus, if (X;) ;> is a process where X; is
the state at time ¢ = 0, then (X;) ;>0 is PP(1).

This is an example of a CTMC. In fact, all CTMCs look sort of like this.
Similar to DTMCs, we assume that there is a countable state space S for CTMCs.

Recall that DTMCs are defined by a transition matrix P.

Definition 16.7: Rate Matrix

CTMC:s are defined in terms of a rate matrix Q satisfying:
1. [Ql;j=0fori#j,i,jeS.
2. YjeslQlij=0forallieS.

That is, off diagonal elements of Q are nonnegative, and the rows of Q sum to 0.

Definition 16.8: Transition Rate

Note that [Q];; = — ) j#i[Qlij. For convenience, we define g; = —[Q];; as the “transition rate” for state i.

Definition 16.9: Jump Chain

Note that [Ql;; = g;p;; for all i, j for some (p;}); jes satistying " jes pij =1, pi; =0, and p;; = 0.

These p; ;s are transition probabilities for an associated DTMC called the “jump chain”.

The way a CTMC with rate matrix Q works is as follows. We start at state Xy = i, and then:
* Hold for Exp(g;) amount of time, then jump to state j with probability p;, for j € S.
* Hold for Exp(q;) amount of time, then jump to state k € S with probability p i, for ke S.
¢ Repeat.

X; is the state at time ¢ = 0. (X;) ;>0 is a CTMC.

Why is this called a Markov Chain? By the memoryless property of exponential distributions (the hold time), we
have
P(Xesr =1 Xe =1, Xs=i5,0<s<1) =P(Xpr = j | X¢ = 0).

It turns out that any (ruling out pathological situations) continuous time process with the above Markov property
can be realized using the above procedure.

3/18/2021
Lecture 17
CTMC Examples, Big Theorem for CTMCs

All (ish) CTMCs can be constructed as follows. The parameters are
¢ g;: the “transition rate” for state i € S
* p;j: transition probability for i — j in “jump chain”
Here, pij 20, pii =0, X jes pij = 1.
The “jump chain” is a DTMC with transition probabilities p;; for i, j € S.
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The CTMC visits the same sequence of states as the jump chain, except we hold in state i for Exp(g;) time before
making a transition to the next state (where we jump to j with probability p;;).

We define p;; = 0 because we want the memoryless property of exponential distributions; if p;; # 0, then we'd be
staying in the state for a sum of exponentials, which is not memoryless and destroys the Markov property.

An equivalent point of view for CTMCs is as follows. We can define “jump rates” as g;; := q;p;j, for i, j € S. Upon
entering state i, consider the independent RVs T; ~ Exp(g;;) for all j € S\ {i}, and jump to state j* = argmin jcs(Tj:
j€S8) attime T;».

In other words, we start a bunch of timers upon entering a state, and go to the state whose timer runs out first.

All of the parameters for a CTMC can be summarized in terms of a “rate matrix” Q, defined for i, j € S as

—g; i=1i
[Ql;j = i . ] .
qij J#1
Example 17.1
-4 3 1
IfQ=|0 -2 2 [,thenwe canjustread off the transition rates: q; =4, g» =2, and g3 = 2.
1 1 -2
3 1
0 7 1
The jump chain then has transition probability matrixP= |0 0 1
11
5 5 0
2 2

For CTMC, we draw a state-transition diagram and label transitions with jump rates:

When it comes to CTMCs, a key skill is formulating a CTMC given a description of a system model; i.e. specify jump
rates g;j fori # je€S.

Example 17.2

Consider a Poisson process with rate A. The state space S ={0,1,2,...} =N.

A A A A

This means that the transition rates gy ,+1 = A for n = 0, and g;; = 0 otherwise.

Example 17.3: M/M/s queue

Customers arrive to a system with s servers according to a PP(A). If a server is available, the arrival immedi-
ately enters service. The service times are iid ~ Exp(u). If no server is available, the arrival waits until one
becomes available.

Let (X;) =0 denote the number of customers in the system at time ¢ = 0. “In system” denotes customers that
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are in queue or in service.
Your job is to model this as a CTMG, i.e. specify the jump rates.

The state space S = {0, 1,2,...}. The only transitions that are possible are transitions one to the left or one to
the right (the probability that two arrivals happen at the same time is 0 because it’s a continuous process).

A A A A
OBOBOWMOT:
q10 q21 qs2 q43

We have that g,,,+1 = A, it’s the arrivals of the Poisson process. We also have

nu lsn<s
qnn-1= .
su n>s

The first case is where less than s servers are being used, and it’s a race for which of those # finishes first; it’s
the minimum of n exponential RVs, and since they're all iid, this happens with a rate of nu. The second case
is when more than s people are in the system, and so all s servers are being used.

Example 17.4: Birth-Death chain

Individuals give birth ~ PP(A) (all independently), and individuals have lifetimes of iid duration Exp(u). Let
X; denote the number of individuals in population at time ¢.

The state space is S = {0, 1,2,...}, and the transition rates are
Gn,n+1 = nA
qn,n-1=NH

This is because giving birth is like taking the minimum of » iid Exp(1) RVs, and death is like taking the
minimum of 7 iid Exp(u) RVs.

Note that g, = n(A+ ), and pp, p+1 = A—fp, Pnn-1= %ﬂ; this means that the discrete time jump chain is also
a birth-death chain.

17.1 Stationary Distributions

Definition 17.5: Rate Conservation Principle

A probability vector 7 is (with the exception of some weird cases) a stationary distribution for a CTMC with
rate matrix Q if
1Q=0.

If we expand this out, it’s equivalent to writing
Tiqj= Z”iqij VjES.
ieS

The LHS is the rate at which transitions are made out of j, and the RHS is the rate at which transitions are made into
Jj,all assuming that P(X; = i) = m;.
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Example 17.6

Consider a CTMC

Here, we have

A A
Q_[u —p
2 A
TS\ E T

Just like DTMCs, there is a classification of states in CTMCs:

* [ j < i< jinjump chain, i.e. I can travel i — j and back. This means that classes in CTMCs are the
same as those in the associated jump chain.

e State j is transient if, given Xy = j, (X) ;=0 re-enters state j finitely many times with probability one. State j is
recurrent otherwise.

» For arecurrent state j, define the reentry time
Ti=min{r=0:(X;=j)A@s< (X # j)}.
That s, T} is the first time we re-enter state j.
* State j is positive recurrent if E[ T} | Xo = j] < oo.
* State j is null recurrent if E[ T | Xo = j] = co.

¢ There is no concept of periodicity in CTMCs, because we can visit any accessible state in any (arbitrarily small)
amount of time with positive probability.

* Transience/positive/null recurrence are class properties, just like in DTMCs

The Big Theorem characterizes the long-term behavior of CTMCs, just like we did for DTMCs (in Theorem 13.11).

Theorem 17.7: Big Theorem for CTMCs

For ease of writing, let’s define p;:‘j :=P(X; = j| Xo = i) (the transition probability for time ), and m; :=
E[T; | Xo = j] (the mean recurrence time for state j).

For an irreducible CTMC, exactly one of the following is true:

1. All states are transient or null recurrent. No stationary distribution exists, and

g t _ 9 g
thj.lopij—o Vi, jeS.

2. All states are positive recurrent. There exists a unique stationary distribution, and satisfies

1 .t .
mj= o :}Lr&pij Vi,jes.

Note: the stationary distribution in CTMC is not the same as the stationary distribution in the jump chain.
Generally speaking, 7 j o< 7 q, where 7 ; is the stationary distribution in the jump chain. This requires }_ g;7; <oo

or else weird things happen.
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Example 17.8: M/M/oco queue
Similar to the M/M/s queue, but we have infinite servers. That is, the transition rates

qn,n+1 = A
qn,n-1=NnH
because arrivals ~ PP(1) and service times ~j;p Exp(u).

If we solve 1Q = 0, we find that

(&)
m A
j'[n = K e_ﬂ
n!
By the Big Theorem,
do . (A
X; — Pois|—|.
U
In other words, the number of people in the system at time ¢ converges in distribution to a Pois (%) distribu-
tion.
3/30/2021

Lecture 18
CTMC First Step Analysis, Uniformization, Random Graphs

18.1 First Step Analysis

This is exactly the same idea as for DTMCs. In fact, hitting probabilities (e.g. P(reach A before B)) is exactly the
same (we just look at the jump chain).

The only difference is when we consider time-dependent quantities (ex. expected hitting time).

If Ac S, define T4 = min{t = 0: X; € A}. Compute the expected hitting time, given that we start in state j, i.e.
E[Tal Xo=j]

The strategy is the same as for DTMC, except we account for holding times. We define t; :=E[T4 | X = i]. That is,
ti=0Vie A andfori¢ A, we use first step analysis:

E[T4 | Xo = 0] = E[time we hold in state i]+ ) p;; E[Ta | Xo = j].
——

7 jes

Here, we have p;; as the transition probabilities in the jump chain. When we jump, it’s as if time resets to 0 by the
Markov Property. The system of first step equations that we obtain are

;=0 Vie A
ti=%+2j68pijtj ViQ’A.

We can solve these equations to find #;, i € S.
Example 18.1

If we have 20 lightbulbs with lifetimes ~;p Exp(1) RVs, all on at time ¢ = 0. How long does it take until they

all burn out?
1 2 3 19 20
OI0108

60



EECS 126 LECTURE NOTES ALEC LI

We can write down first step equations to compute

tn =E[ Ty | Xo = n]

h=1+1¢=1
t2—1+t1=l+1
2 2
1 1 1
t3—§+t2=§+5+1
—_— 1~
t20—1+—+"'+%~36

18.2 Uniformization
“Uniformization” is essentially the simulation of a CTMC via a DTMC.
For context, consider a CTMC with transition rates (g;) ;cs, and assume IM >0s.t. g; < MVie S.
Let P! denote the matrix of transition probabilities at time ¢ = 0. That is,
[P =P(X;=j| Xo=1i).
The Markov property gives PS** = PSP!, Vs, 1 > 0.

We can show that P ~ 1+ hQ+ o(h) for h = 0. So, we have

pPth = ptph — PY I+ hQ + 0(h))

H_th_,_Lh)
h h
s iszpr
at

This last equation is called the Kolmogorov Forward Equation. In particular, this differential equation has the unique
solution

The question then becomes how do we compute P! for large state spaces? Finding this matrix exponential is not
easy; this is where uniformization comes in.

Definition 18.2: Uniformization
We take y = M, which in turn M = q;; Vi, j€ S.
Define a DTMC with transition probabilities
qij

pij=—
ij Y

qi
pii=1—-—
122 ,}/

Note: these are not transition probabilities of the jump chain.
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Example 18.3

w

2
5

If P, is the transition matrix for a uniformized DTMC, then by construction,

1
Py=1+-Q.
Y

So observe that )
Py =n+ —nQ.
Y
That is, 7Py =71 <= 7Q =0 < x is the stationary distribution for both the CTMC and the uniformized DTMC.

The point of uniformization is to compute (approximately) P! by running the uniformized DTMC for some number
of steps.

How does it work? We have that P}, the n-step transition probabilities for the uniformized DTMC, is equal to
nooon
(I + %Q) =~ eYQ, because 1 + € = €€ for € small.
n
So, to estimate P?, we run the uniformized chain for n = y¢ steps, because Pt = e/® ~ e¥ ey Py

In summary, Euler schemes are discrete-time approximations to solving differential equations. Uniformization is an
approach to compute continuous-time transition probabilities by simulating a DTMC.

18.3 Random Graphs
Alot of objects in EECS+ are modeled by graphs:
* social networks
¢ dependency structure in databases/programs
* tournaments
* epidemiology
e etc.

The simplest class of random graphs is given by the Erdos-Rényi ensemble (i.e. the iid Bernoullis (coin flips) of the
graph world).

Definition 18.4: Erdos-Rényi random graphs

We fix n =1 and p € [0, 1]. Arandom graph G(n, p) is an undirected graph on 7 vertices where each edge is
placed independently with probability p.

Note here that we do not treat isomorphic graphs to be the same.
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What types of question might we ask? If n — oo, how should p scale with # so that graph has a certain property P
with high probability?

Like for capacity (in information theory), there’s often a sharp “threshold” behavior.
Theorem 18.5: Monotone Graph Property Thresholds (Friedgut and Konlai, 1996)

Every “monotone” graph property has a sharp threshold #;,. (A monotone graph property is a property where
adding more edges does not remove the property.)

That is,

p > t, = G(n, p) has P with high probability
p < t, = G(n, p) doesn’'t have P with high property

Example 18.6: Various property thresholds

1. Ifpx # then there are no edges in G(n, p) with high probability (use Markov inequality).
If p> # then G (n, p) has edges with high probability.

2. If p > 1 then 3 cycle with high probability.
Ifp<x % then A cycle with high probability.

3. Ifpx % then the largest connected component is of size O (log n) with high probability.
Ifp> % then the largest connected component is of size ©(n).

Thatis, t, = % is the threshold for the emergence of “giant component”.

4/1/2021
Lecture 19

Connectivity Threshold, Inference

19.1 Connectivity Threshold

Recall that a graph is “connected” if there exists a path between any given pair of vertices.

Theorem 19.1: Connectivity Threshold (Erdds-Rényi)

Fix A >0, and let p,, = /110%.
If 1> 1, then P(G(n, p,) is connected) — 1.
If A <1, then P(G(n, py) is connected) — 0.

Proof. For the case A < 1, we'll show something stronger than what we need:
P(G(n, p) contains isolated vertex) — 1.

This probability is always less < P(G(n, p) disconnected). Our strategy here is to let X be the number of
isolated vertices. We'll use the lemma to show that P(X = 0) — 0, which means that P(X = 1) — 1.

We can define indicators I; = Liyertex i is isolated}; this means that X = Z;’zl I;.
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We know that E[X] = nE[I;] = n(1— p)"’l = nq, where g = (1 — p)”’l.

We can also compute

Var(X) =) Var(l;)+ _ Cov(l;,I))
i#]
P’

l-p

=nq(l-qg)+nn-1)

Using our lemma, we have that

nqg(l1-q)+n(n-— 1){1—’72
P(X=0)< P

n2q2

We know that p is vanishing, so the second term is going to 0. Hence, we just need to show that ng is going
to infinity:
log(ng) =log(n(1 - p)"~') =log(n) + (n— ) log(1 - p).

With p vanishing, log(1 - p) = p, so this turns into

log(n)
n

o) — o — W= dogem — (@~ 1 — (1= Dlog(n) = log(n'*) - co.

For the case of A > 1, we have that

IP(Q (n,p) disconnected) =P {3 set of k disconnected Vertices})

1

=
TTCN\:

P(3 set of k disconnected vertices)

IA
MN\:

T
L

n
) [P(speciﬁc set of k vertices disconnected from rest) (union bound)

Il IA
MN\: MN\:

=
Il
—
—_———
tan

—

n k(n-k)
1 —_
k)( p)

v
=
=

(tedious)

!

In the last step, if we have two groups of n — k and k vertices, we have k(n — k) edges that aren’t placed, i.e.
(l—p)k("_k). D

19.2 Statistical Inference

19.2.1 Hypothesis Testing
In hypothesis testing, we're trying to answer “What happened?”, or “Did something happen?”

We start with some X, representing the state of nature; this takes values in {0,1,---,M — 1}, i.e. there are “M
hypotheses to consider.” This X is then transformed via py,x, representing a model—these are some “likelihoods”,
perhaps pdfs or pmfs. This then outputs some observation Y.
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X may or may not be a random variable, i.e. it may not be described by a known probability distribution. When X is
arandom variable with known distribution P(X =i) =x; fori =0--- M — 1, then we call 7 the “prior” (because it
reflects our prior knowledge of the state of nature). This is what is called Bayesian Inference.

Example 19.2

Let X = {Healthy, Covid, Flu}, and Y = Symptoms observed.
An assumption we'll be making here is that we are always given the model Py x.

If, for example, P(X = H) = 0.9, P(X = F) = 0.03, P(X = C) = 0.07, then this is a prior 7 where 7 (H) = 0.9,
7(F) = 0.03, and 7(C) = 0.07. This reflects our prior knowledge of the state of nature, (eg. prevalence of
flu/covid in the general population).

By Bayes rule, if we observe {Y = y}, then the “a posteriori” probability of {X = x} is given by:

_ _ oy Prix(yx)n(x)
X=Xy =y = e 1@

x Pyix(y | x)m(x).
We can think of this as an update of the prior, given our observations. Note here that the denominator does not
depend on x, just y.

So, this motivates the Maximum A Posteriori (MAP) estimate. In other words, the most likely x after observing
{Y = y}is given by
Xpmap(y) = argmax Pxy (x| y) = argmax Py x (y | x)7(x).
X X

The MAP estimate depends on the likelihoods and the prior.

As an exercise, one can show that for any other X( ),

P(X(y) Zx|Y = y) = [FD(XMAP(J/) Zx|Y = y)

What if we don't have a prior? One strategy is to assume that 7 is uniform over all x. In this case, the MAP estimate
reduces to maximizing the likelihood of the observation over the hypotheses. This gives rise to the Maximum
Likelihood (ML) estimate:
Xmr(y) = argmax Py x (y | x).
X

Note that the notes use the notation of MAP(X | Y = y) and MLE(X | Y = y), but it’s clunky so we aren’t going to use
it here.

4/8/2021
Lecture 20

Binary Hypothesis Testing

Example 20.1

Consider a BSC(p), with X as its input and Y as its output.

1-p
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We can calculate the ML estimate. If p < %, then

Xumr(y) = argmax Py x (y | x) = y.
x€{0,1}

Ifp> %, then the opposite is true (i.e. XML(y) =1-y).
MAP is a little bit more complicated. Recall that we want to find the x that maximizes Py|x(y | x)7m(x).

1- =0
For y =0, we have Py x (0| x)m(x) = (1=pimo x . Here, 7y is the prior probability that X = 0.
p(l-my) x=1

N 0 <7
This means that Xpzp(0) = { p=7o
1 p=zmn

Why is this the case? x = 0 gives the maximum when (1 — p)my > p(1 —mp), or when my > p. A similar
simplification can be done for x = 1, or it can be reasoned as it’s the only other option.

p7o x=0

Repeating this for y = 1, we see that Py|x(1 | x) = .
1-pA-my) x=1

& 0 1-p<m
This means that Xpsp(1) = p=T7o .
1 1-p=mn

Definition 20.2: Likelihood Ratio

In a problem of binary hypothesis testing (i.e. M = 2; there are only two hypotheses), we can define the
likelihood ratio:
_ Pyix(yI1)

L = .
W Py x(y0)

This means that we can reformulate the previous example (and any binary hypothesis test) as:

. 1 Liy)=1
X =

MrL(Y) {0 Ly <1
. 1 Lip=2
X = a
Map(Y) {0 L(y)<77§—‘1)

This means that both Xy and Xjz4p can be expressed as a “threshold test” where we just threshold likelihood ratio
evaluated for the observation!

Definition 20.3: Threshold test
Threshold tests are decision rules of the form

1 Ly)>A
X(y=10 Ly)<A.
Bernoulli(y) L(y)=A2

The last case states that in case of a tie, we break them randomly.

Deriving the above two quantities is as follows:
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Proof. We have that Xpap(y) = argmax, Py x7(x). This is equivalent to saying that we choose x = 1 if:

Py (y 1 Dr(1) = Pyjo(y 1 0)7(0)
Pyn(y11) - 7(0)
Pyjp(y10) ~ m(1)

L) = 7(0)
= (1)
The ML estimate Xj;; can be derived in the same way, just with 77(0) = 7(1), meaning % =1. O

We've talked about this in the discrete case, but continuous observations work in the same way.

Example 20.4

Suppose we have X € {0,1}, and Y = X + Z where Z ~ N/ (0, 0?) independent of X.

The likelihoods can be calculated as

1 y? )
0)= -
frix(y10) s exp( 552

1 (y-1)2 )
1) = =
R
The likelihood ratio is then (simplification omitted)
y 1
L(y) =exp| 5 — — |.
) exp(gz 202)
This scenario can be depicted as follows:
1 1
frix(-10)
0.5 1
: ]
-1 -0.5
We then have
. 1 L)z < y=zj+0’log|
XMAP(J/) = o 1 2 o
0 L)< < y<jz+o°log|}

N 1 L >l << y=
XML(J’)={0 W Y

NI= NI~

L)<l <= y<

20.1 Binary Hypothesis Testing

The previous examples are instances of “binary hypothesis testing”—that is, X € {0, 1}. We have two hypotheses to
discriminate between, given our observation y:

Hy:Y ~Pyjx=o (null hypothesis)
Hy:Y ~Pyjx=1 (alternate hypothesis)

In other words, the null hypothesis is under the assumption that X = 0, and the alternate hypothesis is under the
assumption that X = 1.
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In the end, we want a decision rule (a “test”): X : y—{0,1}.
Definition 20.5: Type I and II Error Probability

With any test, there are two fundamental types of error:

¢ Type I Error Probability (false positive probability):

P(X(Y)=1]1X=0).
* Type II Error Probability (true negative probability):
P(X(Y)=0|X=1).

Our goal is to choose a test that minimizes the Type II error probability subject to a constraint on Type I error
probability.

In other words, for § = 0, we want to find
X;=  agmin  P(X(1)=0]X=1).

XP(X(Y)=11X=0)<p

Theorem 20.6: Neyman-Pearson Lemma
Given S € [0, 1], the optimal decision rule is a (randomized) threshold test of the following form:

1 L) > A
Xp() =40 Ly)<A,
Bernoulli(y) L(y)=A1
where A,y are chosen so that P(X(Y) = 1| X =0) = § (i.e. the type I error probability = f).

Proof from lecture 21:

Proof. There are two things we care about for a test X: Y- X(Y)€e{0,1}: the Type I and Type II error rates.

We can plot the Type I and Type II error rates. Here, we let the threshold test with threshold A be denoted by
X).

Type II error rate

X,
0.2
0—o00

0 0.2 0.4 0.6 0.8 1
Type I error rate
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The function u(p) is the “error curve”. We can express this function as follows:
u(p) = r/rlljléc{P(XA(Y) =01 X=1)+A(P(Xa(Y) | X=0)-B)}.

Although this looks complicated, note that the inside of the max is i, (), which is just an affine function
of 3 for a fixed A. This is because when we fix A, all the probabilities are functions, and the only thing that
varies is f.

Our goal is to show that all threshold tests lie precisely on the error curve, and to show that all other tests lie
above the error curve (i.e. no other test lies below).

First, observe that for a fixed Ay,

uP(X),(V)=11X=0))= P(X},(Y)=0|X=1)

Type II error probability for Xj,

We get this bound because plugging in the LHS into the definition of u(f) makes the second term in the
maximum 0—choosing A = A arbitrarily gives us this bound on the test for A;.

What this is saying is that X 1, lies on or below the error curve; we plug in the Type I error probability into w,
and we've made a bound for the Type II error probability. Since we picked this A arbitrarily, all threshold
tests therefore must lie on or below the error curve as well.

Now, we will show that all tests lie above the error curve.

Suppose we fix 1 € [0,00). Note that there is no prior on X here—hence, we'll impose an artificial prior on X

st o —
with 7[_1 =

In this case, Xyup(Y) = Xx (V) = X3(Y). The MAP test has the crucial property that it minimizes the
1

probability of error:
P(Xpap(Y) # X) < P(X(Y) # X) for any test X.

(We can't just always use this because the MAP test requires a prior.)

This means that if we write out the probability of error (using the law of total probability),
TP(X(Y)=11X=0)+mP(X(Y)=01X=1)2mP(X3(Y)=1|X=0)+mP(X(Y)=0|X=1)a
Dividing by 7, we have
P(X(Y)=0[X=1)+AP(X(Y)=1|X=0)=2P(X)(V)=0|X=1)+AP(X; =1| X =0)
Moving AP(X(Y) = 1| X =0) to the RHS and collecting the As, we have
PX()=01X=1)=2P(X)(Y)=0|X=1)+A(P(X) =11 X=0)-P(X(Y)=1]| X =0))
Note that A was arbitrary. If we maximize the RHS over all A, this turns into the u function:

P(X(Y)=0]X=1)zuP(X(Y)=1] X =0)).

Type I err(:rr probability Type I erro??:)robability

This means that X lies on or above the error curve u.

Since we've proven that all tests lie on or above the error curve, but threshold tests lie on or below the error
curve, we've shown that threshold tests must lie exactly on the error curve.

Where does the randomization enter the picture? Threshold tests don’t always continuously sweep out a
curve u. For example, we could have the following, where all threshold tests lie on one of three discrete
points:
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not achievable b
any threshold tes

How would we achieve this red point? We'd just flip a coin between two threshold tests—the type I and
type II errors will be a weighted average of the two tests, depending on the bias of the coin (by law of total
probability). O

X ﬁ* is called the “Neyman-Pearson Rule”. It is the most powerful test (minimizes type II error) subject to the
constraint that P(Type I error < f§).

4/13/2021
Lecture 21

Estimation

Example 21.1

If we go back to the Gaussian example, wehad X =0 = Y ~A(0,0%) and X =1 = Y ~N(1,0?).

The likelihood ratio was calculated to be L(y) = exp(l2 - L)

o 202

Let’s say I want the Type I error probability to be < . How do we choose the optimal test (i.e. the one that
minimizes the type II error rate)?

Neyman-Pearson tells us we should only consider threshold tests, and we just need to choose A,y appropri-
ately to meet the type I error constraint.

Note that P(L(Y) = 1) = 0 for any A because Y is a continuous RV. Hence, no randomization is needed here.
Now the question is how we choose A? We can start by writing out the Type I error constraint:

Type I error probability
B=P(X(Y)=1]X=0)

1
=P(Y = 5+azlog/L|X=0)
{L(Y)=A}

Y 1
:IP’(— > —+alog7L|X:0)
o 20
1
= l—CIJ(— +Ulog/1)
20

The last step uses the fact that Y /o would normalize the normal distribution Y ~ N(0, 02) (as we know
X =0), turning it into a standard normal. We'd then just solve for A here in terms of f and o.
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21.1 Estimation

Hypothesis testing tries to discriminate between two (or more) discrete hypotheses. Estimation is another inference
problem, but now we try to guess the numerical value of some unknown quantity.

For example, given measurements by GPS, what is my latitude/longitude? The measurements are noisy, so we need
to infer the position. There’s also a notion of “closeness”; getting a position within 1 meter is better than 100 meters.
Or, given the history of a stock, what will be the value tomorrow?

These types of problems are common in ML, communications, signal processing, finance, etc.

The general setup:

model for observations

estimation N
X Pyx Y dure —T— X(Y)
w N . procedure
the “unknown’ observation

The “model”, assumed to be given.
(i.e. we know Pxy)

Our goal is to choose X to make the mean squared error (MSE) as small as possible.
Definition 21.2: Mean Squared Error

The mean squared error is E[(X — X (Y))?], abbreviated as MSE.
A fact (from HW) is that
E[X | Y] = argminE[(X - X(¥))?].
X

In other words, E[X | Y] minimizes the mean squared error.

So, the MSE estimation problem is totally solved in this sense. But, this is not practical in many cases; E[X | Y] is
hard to compute, even if we know Pxy exactly (it usually involves integration). Further, it’s often the case that we
don't know Pxy exactly, but just have some reasonable model of it.

The workaround is to focus on linear estimation. That is, we focus on estimators that are linear functions of our
observations (in general, E[X | Y] is nonlinear). We'd minimize the MSE over all “linear estimators” of the form

n
X(YV)=a+ Z b;Y;, where Y = (Y1,---,Y,) = vector of observations.
i=1

This problem is called linear least squares estimation. The best linear estimator is called the linear least squares
estimate (LLSE), denoted by L[X | Y]. This notation reminds us of E[X | Y], but L for linear.

LLS estimation is just linear algebra disguised as probability.
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4/15/2021

Lecture 22

Linear Estimation

22.1 Linear Estimation

Definition 22.1: Linear Least Squares Estimate

The best linear estimator is called the linear least squares estimate (LLSE), denoted by L[X | Y]:

LIX| Y] =argmink | X - X(V)[],

linear X

where linear estimators X(Y) are of the form

n
X(Y)=a+) b;iYi, a,by,--- by eR.

i=1

A question we need to answer is how we'd solve for L[X | Y].
We want to solve for:
min E[|X-(a+Y b’

a,by,...bn

22.1.1 Calculus Approach
A first approach could be with calculus. If we expand out this square, we'd get

J@,by, -+ by) =E[|X = (a+ ¥ by V)]
=E[X)? -2aE[X]-2) b;E[XY;]+a*+2a)_ b;E[Y;]+) b E[Y?]+ Y E[Y;Y;]

i#]
We'd then take the partial derivative with respect to a and the b;’s, and set to zero:
6 n
51:0: a=E[X]-)_ biE[Y]]
i=1

0

5 =0= E[XY;] = aE[Y;]+ b E[ Y] + ) b E[V; Y]]
1 i#j

This is a system of linear equations we can solve for a, by, ..., by,.

Let’s make life easy by assuming E[X] = E[Y;] = 0 for all i—this eliminates a bunch of terms. We'd see that
a=0

n
E[XY;]= ) b;E[Y;Y;]
j=1
Now, let us define a few terms. Let Zxy = E[(X — ux)(¥Y — ) 7] and Zy = E[(Y — pu3) (¥ — puy)T]. Here, we have
7
Y= ouy = [E[f/], and py = E[X]. The matrix Xxy is often called the “cross-covariance matrix” (here it’s a row
Y

vector because X is a scalar) because each element corresponds to the covariance between X and Y;. Similarly Zy is
often called the “covariance matrix”, because each element corresponds to the covariance between Y; and Y;.
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by

- - | b2

The second equation previously can be rewritten as xy = b’ Zy, where b =
by

This tells us that b7 = SxyZy L In particular, if E[X] =E[Y;] =0forall i, then L[X | Y] = bTY = SxyZy ! Y.

If we don't have zero-mean, we'd just add the means back in to get:

LIX | Y] =px+ZxyZy (¥ — uyp).

Xq
Note that if X is a vector—that is, X = : | —then the linear estimation problem of the form
Xk
4 2 k N 2
min_E |X—X(Y)) =Y min [E[|X,~ - %)) ]
linearX i=1 linearX;

So, we can always assume X is a scalar, because vector problems decompose into scalar problems.
Nevertheless, the expression we calculated before for L[ X | Y] remains valid for a vector-valued X.

Observe that L[X | Y] only depends on the first and second order statistics of X and Y (i.e. means and covariances).
In practice, this is good, because we rarely know the joint distribution of X and Y completely, but we can estimate
the first and second order statistics from data.

Also observe that linear estimation doesn’t always mean linear:
Example 22.2
Let X, Y be random variables; how would we compute the best quadratic estimator of the form
X(Y)=a+b Y +bY??

We'd just compute this as
Xo(Y) = pux + Zyg 2y L (¥ — puy),

- Y
where Y = 2

As such, linear estimation doesn’'t mean that the data is linear; we're just restricting the class of possible
estimators to just linear functions of whatever we're trying to compute.

22.1.2 Connection to linear regression

Consider a simple observation model of the form ¥ = AX + Z, where A € R”*¥, and as such ¥ is an n-vector and X is
a k-vector. Further let Zx = U%I, Xz = O'ZZ I, where X and Z are uncorrelated (i.e. elements of X are also uncorrelated

with one another, and similarly for elements of Z; Zx and 2 are both diagonal matrices with the variances along
the main diagonal).

We'll assume everything is zero-mean for simplicity.

The best linear estimator is
L[X|Y]=2xyZy Y.
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Note that
Sxy =E[XYT]
=E[X(XTA"+Z")]
:(T%AT
Sy=E[YYT]
=E[AX + Z)AX + 2)T]

2 aaT | 2
=02 +0%
UXAA aZI

This is a result of a “Bayesian setting”, where we assume we know a}. If we didn’t know 0’?.{, the best we can do is

assume 0?2 = +00.

In this case, we have
-1
r 9%
AA" + —21
o<
X

I]—minimax[i| i;] = lim AT I—;

Zﬂ
g% —00

This inverse is the limit definition of the left inverse of A, assuming full column rank; this means that this expression
turns into
Lminimax X | ¥ = (ATA)T'ATY,

Recall the linear regression problem, where we try to minimize min, || A% - 7||*. We saw from 16A that the least-
squares solution is
Zs=ATA) ATy,

This is exactly what we arrived at previously—the moral of the story here is that linear regression can be considered
a special case of linear estimation (which is a non-Bayesian, linear observation model).

22.2 Geometry of Linear Estimation

Let V be a vector space over a real scalar field. Let (:,-) be an inner product on V. That is,
1. (Symmetry) (i, V) = (U, it) for i, v € V
2. (Linearity) {ati + b¥, w) = alii, W) + b{V, W) for a,be Z and il, v, €V
3. (@,iy=0foralliteV, and (i, i) =0 <> i =0.

V is called a (real) inner product space. It is a normed vector space, with norm

151:= V@, ).
Norms satisfy
1. (av)=|allV| foracR, veV
2. 15l =0and v =0 < =0
3. (Triangle inequality) ||it + 7|l < || @l + || D]

V is called a “Hilbert Space” if it is “complete” with respect to its norm |-|. Completeness just means that we can
take limits without popping out of the space.

For example, C,(R) = continuous bounded functions on R is complete with respect to the norm || f || = max, | fx) |,
but is not complete with respect to the norm || f|| = f| f|* dx.

Hilbert spaces enjoy a notion of geometry compatible with our intuition.
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Theorem 22.3: Hilbert Projection Theorem

Let H be a Hilbert space, and I/ < H be a closed subspace. For each v € H, there is a unique closest point
el to v,ie. argmin,, exists and is unique.

- -

Moreover, i € U is the closest point to ¥ € H if and only if (ﬁ -7, u’> =0, V' €U (i.e. orthogonal).

A

H

Note that we also have the Pythagorean Theorem:
lal? + - o1% = 5],

A short proof is as follows:

Definition 22.4: Hilbert Space of Random Variables

Let (Q, F, P) be a probability space. The collection of random variables X with finite second moments (i.e.
E[X?] < oo form a Hilbert space with respect to the inner product

(X,Y):=E[XY].

In this notation, || X||? = E[ X?].

22.3 Connection to Linear Estimation

Theorem 22.5: Orthogonality Principle

For RVs Y7, - -+, Y, with finite second moments, the following equations uniquely characterize L[ X | Y]:

EL[X | Y]] =E[X]
EL[X|Y]Y;] =E[XY]]

Proof. For RVs Y3,---, Y, with finite second moments, the space of RVs
U={a+) biYi:abi, b, cR}
is a closed subspace of the Hilbert space of RVs.

By the Hilbert Projection Theorem, L[X | Y] = argmin,,.;, | X — u||? exists and is unique. We can rewrite this
(by definition of the norm) as L[X | Y] = argmin;,,, .  E[(X — X(Y))]Z.
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Moreover, it is characterized by equations:

(LIX|Y]-X,u)=E[LIX|Y]-X)ul=0 Yuel
E[LIX|Y]-X)(a+) b;iYi)]=0 Ya,b;

Witha=1, b; =0,and a=0, b; =1, b;z; = 0 respectively, we have

EIL(X|Y]-X]=0 = E[L[X | Y]] = E[X]
E[LIX|Y]-X)Yi]1=0 = E[L[X|Y]Y;] =E[XY;]

The first equation says that the best linear estimator is unbiased. The second equation says that the observa-
tion error is orthogonal to each observation; i.e. the observation error is uncorrelated the observations.

This is called the “orthogonality principle”. It uniquely characterizes L[X | Y]. O

To see if this agrees with what we derived before, try plugging in

LIX|Y]=pux+ZxyZy Y.

We'd get
EIL(X | Y]] = px = E[X]
EILIX | Y1Y;] = px E[Vi] + ZxyZy " E[(Y — py) Yi]
=px+Zxy =E[XYT]
4/20/2021

Lecture 23

More Linear Estimation, Online Estimation

Last time, one of the big points was that a collection of RVs with finite second moments is a Hilbert Space (a vector
space with an inner product) equipped with the inner product (X, Y) := E[XY]. This means that || X| = /E[|X|?].
This is often denoted as L%(Q, F, P).

Another way to think about this inner productis E[XY] =} ,ecq p(w) X (@)Y (w), but it’s not too important to dwell
on.

One question is why do we focus on squared loss? Because of Hilbert spaces. Hilbert spaces are very structured, and
we know a lot about them and can say a lot about them. These niceties are not present with other kinds of losses.

Recall the Hilbert Projection Theorem (Theorem 22.3); this allows us to connect the idea of Hilbert Spaces to linear
estimation.

Takingd = {a + Zl'.’zl b;Y;:a,by,..., b, €R}, asubspace of the Hilbert space of RVs with finite second moments, this
is the set of all linear estimators of X given the observations Y1, Y», ..., Y. We have (by Definition 22.1)
LIX | Y] = argmin|| X - UJ1? = argmink || X - X(v)[*].
Uel linearX

The projection theorem tells us that this exists and is unique. The orthogonality principle (Theorem 22.5) tells us
that the LLSE is unbiased, and that the LLS error is orthogonal to the observations. The latter also implies that the
LLS error is uncorrelated with the observations (if the RVs are of zero mean).
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It turns out that setting L[X | Y] = a + Y b; Y; and plugging into the orthogonality principle and solving gives us
system of linear equations, resulting in

LIX|Y]=px+IxyZy (Y —uy).

A question we'll tackle today is: what is the error attained by the best linear estimator?

A

The error of the LLSE is

E[ILIX|Y]-XP] = ILIX | Y] - X]?
= IXI* - ILIX | Y (Pythagorean Theorem)
= E[IXI] —E[IL[Y | X1/?]
=Var(X) — [E[ |2XY2Y*1 (Y —puy) \2] (assuming zero mean)
=Var(X) - ZxyZy ' Zxy’
=y

Zyx

In a nutshell, the theory of linear least squared estimation is

LIX|Y]=puy +IxyZy (Y - uy)
LLS error = Var(X) — SxyZy ' Zyx

23.1 Orthogonality Principle in MMSE
Here’s another application of the orthogonality principle.

Let X, Y be RVs with E[ X?| < oo. By calculus (see HW),

EIX | Y] = argminE|[|X - X(7)[?].
X()

Recall that I told you the “real” definition of conditional expectation was the tower property:
E[E[X | Y]g(V)] =E[Xg(Y)] Vg()

assuming E[g(Y)?] < co.

The orthogonality principle characterization of E[X | Y] is precisely

E[EX|Y]-X)g(Y)]=0 Vg(Y)
E[E[X | YIg(V)] =E[Xg(Y)] Vg()

That is, the conditional expectation is the projection of X onto the subspace of functions of Y, and the tower
property is the same as the characterization by the orthogonality principle.
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-X

Posing a similar question as before, what is the MMS error? Doing Pythagorean theorem again, assuming zero mean,
we have
Var(X) = Var(E[X | Y]) +E[(E[X | Y] - X)?]
=Var(E[X | Y]) +E[Var(X | Y)]

This is just the law of total variance!

Before, when we first introduced conditional expectation and conditional variance, we were very formulaic—but
here, we see that these definitions can be thought of as entirely geometric in nature.

A final remark regarding the MMSE vs LLSE: in general, L[X | Y] # E[X | Y]. The subspace of linear functions (V
below) is a subset of the subspace of all possible functions of Y.

A

YV =1{g(Y): linearg(Y)}

However, there are special cases where L[X | Y] = E[X | Y]. Most notably, when X, Y are jointly Gaussian.

23.2 “Online” estimation
Suppose data is observed sequentially. How do we efficiently update our estimate on arrival of new observations?

For motivation, let us start with a simple setting. Let us assume E[X] = 0, and suppose observations Y1, Y», ... are
orthogonal: (Yi, Yj> =0fori# j. Letus define Y" = (V1,...,Yy,) for convenience.

Our claim is that L[ X | Y™ ] =L[X | Y"] +L[X | Y;+1]. In this case,

Cov(X, Yn41)
LX| Y™ =L[X | V"] + —— " (V,q — )
[ | ] [ | ] Var(Y,.1) (Yn41 /Jn+1)

What we can see here is that we can update our best estimate by just adding a term.
Proof. All we need to do is check the orthogonality principle.

E[(L[X Y™ = X)YVe] =E[(L[X | Y"] +LIX | Yya1] = X) V).
If k=n+1, we have

E[(L[X | Y"]+LIX | Ypi1] = X) Yiar] = EILIX | Yoir] = X) Yiad +E[L[X 1 Y] Vi ].
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The first term is 0 by the orthogonality principle (because L[X | Y;,4+1] — X is the error of L[X | Y;,+1]), and the second
term is also 0 since L[X | Y"] is a linear function of Y7, ..., Y;; and we've assumed that all ¥;’s are orthogonal.

If k < n, we'd just expand the expectation the other way:
E[(L[X|Y"]+LIX | Yns1] = X) Y1 | =E[(L[X | V"] = X) Vie] + E[LIX | Y11 Y.
The first term is 0 by the orthogonality principle for L[X | Y"], and the second term is also 0 by our assumptions, as

L[X | Y;+1]is alinear function of Y, ;. O

4/22/2021

Lecture 24
Gram-Schmidst, Jointly Gaussian RVs

Continuing on from last time, we have the following update procedure:
Theorem 24.1: Updating the LLSE
If Y;’s are uncorrelated with Yy = 0, we have
LIX | Yol = E[X],

andforn=0,1,2,..., we have

Cov(X, Yp+1)
LIX| Y™ =0[X| V"] + ——2 (V11 — E[ V1))
[ | ] [ | ] Var(Yn+1) ( n+1 [ n+1])

Here, Y denotes the sequence (Y7, ..., Y3).

Hence, if our observations are uncorrelated, we have a ridiculously nice way of sequentially updating our estimate
of X given new observations.

In general though, observations are not uncorrelated. But, if our observations are correlated, we can transform
them to be uncorrelated using Gram-Schmidt.

In linear algebra, we can take non-orthogonal vectors iy, iy, ..., and make them orthogonal by running Gram-
Schmidt. Through a picture, we have

A

Uyl = Upel — proj[,{ (1)

The resulting sequence ity if,, ... are orthogonal, and span{ﬁl, ity,..., ﬁn} =span{iiy, iy, ..., 0,} forall n > 1.

Definition 24.2: Gram-Schmidt for Random Variables

Given a sequence of RV’s Y1, Y», ..., define Vie1 = Yoe1 =LYy | Y.

The result is that ¥, ¥,,... are uncorrelated by the Gram-Schmidt construction (which is really just the
orthogonality principle). Furthermore, span{l, Yi,..., Yn} =span{l, 1i,..., YV} forn=1.
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What this means is that
L[XIY"]=L[X|Y"] Vn=zL

The key thing gained here is that the Y""’s are uncorrelated, so we can sequentially compute L[ X | Y], and therefore
LIX|Y"].

The sequence Y1, Y»,... is called the linear innovation sequence (sometimes also called the orthogonal innovations)
corresponding to Y1, Y5, ....

Y, is the component of Y;, that can’t be linearly estimated from Y3, ..., Y, (equivalently from Y3, ..., ¥,,.

So, conceptually, by transforming Y, Yz,... — Y1, ¥2,..., we can always do sequential updates of our linear estimator
using the ridiculously simple update we saw earlier.

This is the big idea behind the Kalman Filter. We'll come to this soon.

24.1 Jointly Gaussian Random Variables
Definition 24.3: Jointly Gaussian Random Variables

A gaussian random vector X = (X1, ..., X,;)7, i.e. jointly gaussian random variables, with density on R” is
defined via its pdf:

1
fx(xX)= ——F—exp __(x_NX)TZX_l(x_IJX) .
@2m)? det(Zx)? 2
E[X1]
Here, Xx = Cov(X) =E[(X - pux) (X —px)T], and ux =E[X] = | :
E[Xp]

We write X ~ A (ux, Zx) for short.

One observation here is that Gaussian vectors have distributions parameterized entirely by mean and covariance
(similar to gaussians in one dimension).

There are many equivalent definitions of gaussian vectors.
1. We can define them via the pdf as above.
2. Gaussian random vectors are affine transformations of iid gaussian random variables.

That is, if X has a nonsingular Xx, then we can write
X = pux +AW,

where A € R with full rank, and W = (W},..., W,) T, with W; ~;;z N(0, 1).

Why is this equivalent to (1)2 We can use derived distributions. Namely, we have (here, |-| on a vector represents
the euclidean distance in R"):

S SR VO
fX(x)_ldet(A)IfW(A (x—ux))
1 1, _ 2
= —exp|-=|A"(x- )
|det(A)| 27)% eXp( 2| (=)

1 1 _
- exp( 5 (v ) AAT ()
(2m)2 det(AAT)2
But, we have
Cov(X) =E[(X — ux) (X —ux)"| =E[AWWTAT] = A1AT = AAT.

Hence, this agrees with the density definition.
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3. X is a gaussian random vector iff all of its one-dimensional projections are gaussian random variables; i.e.

a’X~N@a"ux,a"2xa)  VaeR".

For random vectors X, Y, we can partition the covariance matrix as

X ) _[E[(X =0 X =0 "] E[(X = px) (Y — py)]

Y E[(Y —pu) (X —px)T]  E[(Y = py)(Y - py)]
An amazing fact is that if X, Y are jointly gaussian vectors (i.e. [

Zx  Zxy
Zyx 2y

Cov (

is a gaussian vector), then we can always write

Y
X =px+ZxyZy (Y —puy)+V,
where V ~ N(0,Zx — ZxyZy 1Zyx) independent of Y. Notice here that the first partis the L[X | Y].

Proof. Let X = pux + ZxyZy (Y — uy) + V. Our claim is that X, Y are jointly gaussian.

Since Y and V are independent gaussians, we can write them as Y = puy + AW; for some A with W; ~ N (0,1), and
V = BW, for some B with W ~ N (0,I) independent of Wj.

-

This is just an affine transformation of iid standard gaussians, so X and Y is also jointly gaussian.

By definition, we can write
SxyZy ‘A B

oA 0

155
Hy

Wi
Wo|®

Since (X, Y) is jointly gaussian, its distribution is parameterized entirely by mean and covariance.
We have E[X] = ux, and E[Y] = py. We also have
Sgy = E[(X = p) (Y —py) ]
= E[(ZxyZy (Y —py) + V) (Y —py) ]
=ZxyZy E[(Y - p) (Y —py) ']
=Sxy
g =E[(X - ux)(X —pux)"]

=ZxyZy TE[(Y - puy)(Y —py) ]2y Eyx
= ZXYZY‘IZYX +2Zx— ZXYZY‘IZYX
=Yx

Zx  2xy
2vx 2y

px

So, (X, Y) is jointly gaussian, with mean and covariance

Since this is the same parameterization as (X, Y), so it must be equal in distribution, and it must be the case that
(X, Y) are also jointly gaussian. O

Theorem 24.4: MMSE for gaussians
A corollary of this is that for X, Y jointly gaussian,
EIX|Y]=E[ux+IxyZy (Y —puy) + V| V] = px + ZxyZy (Y —uy) =L[X | Y.

This tells us that linear least squares estimation coincides with the (optimal) minimum mean square error
estimation for gaussians.

In practice, things are often approximately gaussian (by CLT). This means that we can expect linear estimation in
these instances to perform near-optimally.
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4/27/2021
Lecture 25

Kalman Filter

From last time, we saw that there are many equivalent characterizations of jointly gaussian random variables:
1. Specify the density
2. Affine transformations of iid A/ (0, 1) RVs
3. All 1-dim projections are gaussian RVs
4. maximum entropy distribution subject to second moment constraints
5. limitin CLT
6. etc.

The most important property (arguable) is the following. If X, Y are jointly gaussian random vectors, then we can
write
X =pux+IxyZy (Y —py)+V,

where V ~ N (0,Zx — ExyZy ' Zyx). That is, in a gaussian vector, each coordinate is a “noisy” version of the others
(i.e. X is a linear transformation of Y, plus some noise).

A consequence of this is that
LIX|Y]=E[X|Y]=px+ZxyZy (Y - py).

That is, linear estimation is optimal for gaussians.

One caution is that gaussian marginals does not imply jointly gaussian.

Example 25.1

+1 wp.

Take Y ~N(0,1), and let B = { be independent of Y.

NI D=

-1 w.p.
Let X = BY ~N(0,1). This means that X and Y are both A/ (0, 1).

But, (X, Y) are not jointly gaussian; the mass of (X, Y) are concentrated on an X shape about the origin.

25.1 Kalman Filter

We already did all of the heavy lifting (i.e. the theory is all done). Today is mostly plug and chug of what we already
know.

The basic setting is a state space model. Suppose we have Xy, Vo, V1, ..., Wy, Wy, ... be uncorrelated random vectors,
say with zero mean (WLOG).

A state space model contains an evolution of the form
Xn+1 =AXp+Vy,

where n = 0 and A is a matrix.

We also have observations of the form
Yy =CXp + Wy,

where n = 1 and C is a matrix.

This is a flexible model for a variety of processes. Note that if X, Vp, V3, ..., Wy, Wy,... are gaussians, then everything
is jointly gaussian.
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Example 25.2
Let p(n) be the position at time 7. Let
p(n)
Xp=|pn-1)
p(n-2)
We then have
0.7 02 0.1 Zn
Xpa=1 0 o|Xx,+]|0][,
0 1 0 0

where Z,, ~ N (0,0%). We also have
Yo=[1 0 0]Xy+ Wy,

where W, ~ N'(0,2).

A Kalman Filter is an efficient algorithm for estimating X process sequentially from the observations.
Many variations are possible (by choosing A and C):

1. Prediction: estimate X, from Y3,...,Y,.

2. Filtering: estimate X, from Y3,...,Y,.

3. Smoothing: estimate X,,_j from Yi,..., Y},.
Theorem 25.3: Kalman Filter

Let (X;) =0 evolve according to the state space model above. Let Xn|m denote L[X,, | Y], and let 2,
denote Cov(X, — Xmm, which is the covariance of the estimation error of X;, given Y. Further, let Zy =
Cov(V —1i) and Zw = Cov(W;) for i = 0 (these can change with time, but we will assume that they are all equal
for all ).

Initialize Xojo = 0, and Zgjo = Cov(Xp).

Forn=1,do

ann =AXn—1|n—1 + Kn(Yn - CAXn—lln—l)

-1
Kn =Zmn,1CT(CZn|n,1CT+ZW)
ann—l =Azn—1|n—1 +2y
Znln = (I_Knc)znln—l

Proof. We'll verify the correctness for the scalar case of the Kalman Filter. Let X, = aX,,—1+V,, Y, = X;, + W,
for n = 1. Let Xy have zero mean.

We initialize Xojo = 0, and 0, = Var(Xo).

The updates are:

Xnin = aj(n—lln—l +Kn(Yn - aj(n—lln—l)

2
an\n—l
K, =
02 +0?
nln—1 w
— 252 2
Un\n—l =a Un—l\n—l +UW
2 1 2
Unln = K”)Unln—l
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The proof of correctness for the scalar Kalman Filter is with induction:
The initialization is trivially correct. So, it suffices to verify the update equations.
Let Y, Y5, ... be the linear innovation sequence corresponding to Y1, Ya, ....

We then have

Xuin =L[Xp | V"
=L[X, | V"]
=L[X, | V" +L[X, | V"]
Cov(X,, Yn) ~
— 2"y
Var(Y,)

=Ky

= ann—l +

By properties of error for LLSE, we have

2 _ 2 _ Cov(X;, l771)2
Un\n - Onln—l Var(f/n)
=02),_1 — KnCov(Xp, V)

2

2
length =051

2

ot —
length ST

N X/z\n 1

™ span{¥y,..., Y,_1}

length Var(Vy,)

Now, let’s evaluate

Cov(Xy, Yi) = Cov(Xp, Yy — L[V, | Y1)
=Cov(Xy, Yy —L[ X, + W, | Y1)
= Cov(Xp, Yn —L[Xn | Al W,, uncorrelated
= Cov(Xp, Xy + Wy, —L[X,, | Y"71)) W,, uncorrelated
= Cov(Xp, Xy —L[ X, | Y"71])
=Cov(Xy, Xpn —L[ Xy | V"7 ]) + CoviL [ X | V7], X — L[ X | Y1) adding 0

0 by orthogo;glity principle
=Cov(X, —L[X, | V"], X, = L[ X, | Y1)

=Var(X, - L[ X, | ¥""!])

_ 2
- Unln—l
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Note that
Xuin = Xnin-1+ Kn(Y"=1L[ YV, | Y7
=L[aXp+ Vet | V7 + K (Y = L[ X, + W51 Y1)
Xn;z—l i

=al[X,-1 | V"] + K (Vn— al[X,-1 | Y1)

= aXp-11n-1+Kn(Yn — aXp-11n-1)
We also have

0% =0% = Ky Cov(Xp, Y™
= (1= Kn)0qy1

2

This verifies the update of o nln-

We also have
Uiln—l =S [E[Xn—ﬂ-[Xn | ?n_l]z]
= [E[(an—l 4P Vn —[L[aXn—l + Vl’l | Ynil])z]
= a0,y TOY

2
nln-1°

This verifies the update of o

2
Un\n—l

We already have K, = At

We then have to evaluate the variance:
Var(%,) =E[(Y = n=1[¥, | 7*71])’]

=E

(X + Wy — L[ Xy, + 5] Y"*l])z]

2

_ 2
- Un\nfl + Ow

This verifies the update of Kj,. O
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