ECE 6010
Lecture 2 — More on Random Variables

Readings from G&S: Section 3.3, Section 3.4, Section 3.6, Section 3.7, Section 4.3,
Section 4.6, Section 5.1, Section 5.2, Section 5.6, Section 5.7, Section 5.8,

Expectation
When we say “expectation,” we mean “average,” the average being roughly what you would

think of (i.e., the arithmetic average, as opposed to a median or mode). For a discrete r.v.
X, we define the expectation as

BlX] = Zﬂfsz(xz)

For a continuous r.v., we define the expectation as

MM=/ZM@MM

Now a bit of technicality regarding integration, which introduces notation commonly
used. When you integrate, you are typically doing a Riemann integral:

b n
/ xfx(x)dx = lim ZZifX(ZZ‘)('TiJrl — ;)
a maxj<i<n—1 |[Tit1—2i|—0 =1
a=11 <23 < - <Tp=>b zi € (@i, Tit1)

In other words, we break up the interval into little slices and add up the vertical rectangular
pieces.
Another way of writing this is to recognize that

zifx(zi)(a:iﬂ — 331) ~ ZZP(JJZ <X < X’i+1) = Zi(FX(xi+1) — Fx(xl))

and that in the limit, the approximation becomes exact. Note, however, that this is ex-
pressed in terms of the c.d.f., not the p.d.f., and so exists for all random variables, not just
continuous ones.

This gives rise to what is known as the Riemann-Stieltjes Integral:

n

E[X] = li IFx (zi41) — Fx(23)].
[X] Inaxlg@;ggw_xwZz[X<a:+1> (7))

i=

L%Mﬂ@

This notation “describes” continuous, discrete, and mixed cases. That is,

E[X] = /OO xdFx (x).

— 00

We write the limit as

We have defined the Riemann-Stieltjes integral in a context of expectation. However, it
has a more general definition:

/ [(z)dg(x) = lim Z F(z)lg(ziv1) — g(xi)]

max(zi41—z;)—0

When g(x) = z, this reduces to the ordinary Riemann integral. Sufficient conditions for
existence:
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e g(z) of bounded variation

e and f(z) continuous on [a, b]
or

e f(z) of bounded variation

e g(z) continuous

The first case covers the case of expectation.
In a directly analogous way we define

| s@arx(e) = tm > g Fx (rass) - Pl

o0 i=1

Now consider the r.v. Y = g(X).

(o)
BlY) = [ wirv)
Note that dF'y (y) is the representation of the limiting value
Fy (yir1) = Fy (yi) = Pr(yi <Y < yip1) = Pr(y: < 9(X) < yit1)
= Pr(g ' (yi) < X < g '(yip1)) = Pr(zi < X <wip1)

which, in the limit is equal to dF'x (x), when y = g(z). Thus

EWJ/wyﬂww>/wgwwEﬂm

— 00 o0

Let us put this in more familiar terms: If Y = g(x), then

ﬂmzjmmmm@Mx W

—00

One might think that finding E[Y’] would require finding fy (y). However, as (1) shows,
all that is necessary is to substitute g(x) for « in the expectation. This is sometimes called
the law of the unconcious statistitian, since it can be done nearly thoughtlessly.

An interesting result is obtained through the use of indicator functions. Let I : (F,Q) —

R be defined by
1 wed
IA (w) =
0 weA
In other words, the indicator function indicates which its argument is in the set which is the
subscripted argument.

We define a simple function as one which is a linear combination of indicator func-
tions: For some collection Ay, A, ..., A, € F,

g(w) =Y bila, (@)
k=1

This gives us a piecewise-constant function on 2. It also defines a random variable.
Note that the collection need not be disjoint. However, we can shuffle things around to
write the function as

9(w) = bila; (W)
k=1
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where the Ajs are disjoint, and where the b;s are unique. Note that
Ay ={weQ:g(w) =by}

Now note that
E[l4] = P(A)

Based on this, and the disjointness of the A3, we can write

Elg) = Y biP(47)

There are many instances where indicator functions are used to get a “handle” on the prob-
ability of an event.

Now we will get a bit more technical, dealing with some issues related to the existence
of expectations. We have seen how to define expectations for simple functions (which
are random variables). But what about more general random variables? Let X > 0 be a
random variable. We define

E[X]= sup E[g]
gsimple<X
where the sup means “least upper bound”, and the limit is taken over all simple functions
g satisfying ¢ < X. It can be shown that this limit always exists, though it may be infinite.
There is thus no question of convergence or anything like that.

Generalizing further, let X be an arbitrary r.v. Since the previous result holds for non-

negative random variables, let us split X:

X=X"-X"
where X is the positive part and X ~ is the negative part:
X =max(X(w),0) >0 X~ = —min(X(w),0) >0
Now X+ and X — have well-defined expectations. We take
E[X]=E[XT] - E[X7]

which is defined in every case except when E[X *] and E[X ~] are both infinite (in which
case the difference is undefined).
Let us examine the expectation in light of the Riemann-Stieltjes integral. We define

E[X] = /OO xdFx (x) = lim /b zdFx (x)

— oo a——o00,b—o0 J,

This is a stronger sense of the limit than, for example

/OO xdFx (z) = lim /a zdFx (x)

a— 00
— 00 —a

For example, sin(z) has an integral in the latter sense (which is equal to 0), but not in the
former sense.
Now we will consider an example of a density where the expectation does not exist.
Example 1 Cauchy density:
fx(@) = ——
Tr)=—">%

X (1 + x2)
It is straightforward to show that this satisfies the requirements for a p.d.f. It looks a lot
like a Gaussian, but has “heavy tails.” It can be shown that a Cauchy r.v. can be obtained
as a ratio of Gaussians: X = Y/Z. Now let us attempt to compute

b
E[X]= lim l/ T dx

a——o00,b—00 T a 1 —+ CE2
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If a = —b, then the integral is zero, no matter what. If you fix a or b, taking the limit of the
other one, the result is co. That is, F[X ] exists and E[X ] exists (although both are co),
but they can’t be subtracted. ]

Properties of Expectations

1. If X =cthen E[X] =c.
2. IfY = aX + bthen E[Y] = aE[X] + b.

E[X] acts kind of like an integral of X (w) over Q, weighted by P. One way that the
expectation is expressed is

E[X]:/QX(w)P(dw):/QXdP.

An integral in this form is said to be a Lebesgue-Stieltjes Integral. Since X induces a
probability Px on (R, B), as we have observed we can also think of the probability space
(R, B, Px). We can write

E[X] :/RICP)((d:E)

where now X is the “identity” r.v. on the real line. We thus have two equivalent definitions:

/Q X () P(dw) = /}R Py (dz)

Back to properties:

1. IfY =go X then

E[Y] = /Q (g0 X)(w) P(dw) = / o) Px (dz) = / yPy (dy)

R

Pair s of random variables

Ultimately, we will be dealing with infinite sequences of random variables. As steps along
the way, we will examine carefully pairs of random variables, then vectors of random
variables.

On R?, the smallest o-field of interest is B2, which is the smallest o-field containing all
of the rectangles. This is the Borel o-field of R2.

Definition 1 A bivariate random variable (X,Y") is a measurable mapping from (Q, F)
to (R?, B?). O
That is,
{we:(X,Y)(w) e B} e FVB e B?

Note that two r.v.s X, Y on (€, F) form a bivariate r.v.
Definition 2 The joint or bivariate distribution of (X,Y") is

Pxy(B) = P{w € Q: (X,Y)(w) € B})

for B € B2 O
Definition 3 The joint c.d.f. of (X,Y") is defined as

Fxy(a,b)=P(X <a,Y <b) = P((X,Y) € Rap)
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where R,y is the semi-infinite rectangle

Rop = {(z,y) € R? cx < a,y < b}

Properties of the joint c.d.f.:
1. lima’b*,oo nyy(a, b) =1.
2. lima_,_oo F‘X,y(a7 b) =0= lin’lb_,_oo FX7y(a, b)

3. limg—oo Fx,v (a,b) = Fy (b), the marginal c.d.f. of Y.
limy_,o0 Fx,v(a,b) = Fx(a), the marginal c.d.f. of X.

4. Fxvy(a,b) is continuous “from the northeast.”

5. Fxy(z,y) is montonically increasing (or, more precisely, nondecreasing) in both
variables.

Any function with these properties is a legitimate c.d.f., and completely characterizes the
family of joint c.d.f.s.

Joint discrete r.v.s

Definition 4 If X,Y are discrete r.v.s taking values in sets {z;,...} and {y1,...,}, re-
spectively, then (X, Y") forms a discrete bivariate r.v. and its joint p.m.f. is defined by

pxy(a,b) = P(X =a,Y =b)

Properties of pxy:

1. pxy >0,and pxy(a,b) =0ifa & {x1,...}orb & {y1,...}
2. 325 Yt pxy (wi,yy) = L.

3 Fxy(a,0) = Xopa, iy ai<any, <vy PXY (05 95)

4. Marginals:
Px (z;) = ZPXY(ICi,yj)
J

Py (y;) = ZPXY(%Z/J‘)

Joint continuous r.v.s

Definition 5 X and Y are jointly continuous r.v.s if there is a function fxy : R? — R?
such that

b a
Fxy(a,b) = / / Fxv (@, y) dedy

forall (a,b) € R2. The function fxy is called the joint p.d.f. of X and Y (when it exists).
O
Properties of joint p.d.f.:

1 fxy >0.
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3. We can get the p.d.f. from the c.d.f:

82
fXY(xvy) - axayFXY(Zay)

4. Marginals:
fX(x):[ fxv(z,y)dy

fr(y) = /_OO Ixv(z,y)dr

If X and J are jointly continuous, then they are marginally continuous (that is, fx
and fy are continuous). However, the opposite is not true.

Example 2 Important example! X and Y are said to be jointly Gaussian with parameters
fhas ty and 02, 02, (Where pi,, 1, € Rand 02,07 > 0) and p (where p € (—1,1)) if the

x Y

have the joint p.d.f.

1 1 (z —pa)?®  2p(z — pia) (y — ) (y—uy)QH
x, = — X — - +
fxy(z,y) oo I p{ 21— p?) { o2 040y &
We write (X,Y) ~ Ntz i1y, 02,05, p). In this case, the marginals satisfy
XNN(N’MO—?E) YNN(M@/;O—;)'

If we make contour plots of the function, that is, plots of constant probability, we obtain
ellipses. When p = 0, we get circles. As p increases positive, the ellipses tilt clockwise.
As p decreases, the ellipses tilt counterclockwise.

p is called the correlation coefficient. It is a measure of how much X “looks like” Y.

O
Independence of r.v.s
Definition 6 X and Y are independent if
P(X €AY €B)=P(X € A)P(Y € B)VA,B € B.
O

1. X and Y are independent iff Fixy (a,b) = Fx(a)Fy (b)V(a,b) € R

2. if X and Y are jointly continuous, then they are independent iff fxy (z,y) = fx(z)fy (v)
3. If X and Y are discrete, then they are independent iff pxvy (a,b) = px (a)py ().
4

. If X and Y are jointly Gaussian random variables, then they are independent iff
p = 0. (Show this using the p.d.f.)

Caution: Gaussian r.v.s are special this way. As a general rule, uncorrelated does not
imply independence..

In practice, it is common to assume that random variables are independent based on
physical arguments, rather than to prove is by identifying a joint density and computing the
marginals.

Many times, independence is also taken as an assumption, even when it is not strictly
true. This independence assumption frequently simplifies analysis. However, the validity
of the assumption must be validated (e.g., using computer simulations).
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Expectations of functions of twor.v.s

Let g : R2 — R be measurable (e.g., {(z,y) € R? : g(x,y) € B} € B2YB € B?). Then
for a bivariate r.v. (X,Y") we can define Z = ¢g(X,Y).

E[Z] = /00 2dFz(z) = /Rg(:c,y)PXy(dxd:L’y)

I 2 9@ y) fxy (2, y) dady - (X,Y) jointly continuous
D Zj 9(xi, y;)pxy (T4, Y5) (X,Y) discrete

Properties:
1. E[X+Y]=E[X]+ E[Y]
2. If X > Y then E[X] > E[Y].
3. If X and Y are independent then
E[g1(X)g2(Y)] = Elg1(X)]E[g2(Y)]¥(measurable, well-defined)g:, g2.
Comments: If X and Y are independent, then
E[XY] = E[X]E[Y].

However, if E[X]E[Y] = E[XY], this does not mean that they are independent.
(Uncorrelated does not imply independence.)

However, if Elg1(X)g2(Y)] = E[g1(X)]E[g2(Y)] for all appropriate functions,
then X and Y are independent. In fact, this is necessary and sufficient for indepen-
dence.

Definition 7 The covariance of X and Y are is defined as
cov(X,Y) = E[(X — E[X])(Y — E[Y])]
The variance of X is defined as

var(X) = cov(X, X).

4. cov(X,Y) = E[XY] - E[X]E[Y]. var(X) = E[X?] — (B[X])%

5. If X and Y are independent then cov(X,Y) = 0. If cov(X,Y) = 0, we say that X
and Y are uncorrelated.
Again, uncorrelated does not imply independence.

6. var(X +Y) = var(X) + var(Y) 4+ 2cov(X,Y). If cov(X,Y) = 0 then var(X +
Y) =var(X) + var(Y).

7. cov(aX 4+ b,cY +d) = accov(X,Y) for all constants a, b, ¢, d € R. Thus

var(aX) = a? var(X).

Definition 8 1f 0 < var(X) < oo and 0 < var(Y) < oo, the correlation coeffiicent

between X and Y is
cov(X,Y)

var(X) var(Y)
This is a normalized version of the covariance. O
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8. |p| < 1. This can be shown using the Cauchy-Schwartz inequality.
|p| = 1iff X and Y are linearly related,

X=aY +0

for some constants (a, b) with a # 0.

Example 3 If (X,Y) ~ N (pta, 1y, 03,02, p), then p(X,Y) = p.
O

As we have observed before, if X, Y are jointly Gaussian and p = 0, then they are
independent. Otherwise, p = 0 does not imply independence.

Characteristic functions

The characteristic function is essentially the Fourier transform of the p.d.f. or p.m.f. They
are useful in practice not for the usual reasons engineers use Fourier transforms (e.g., fre-
quency content), but because they can provide a means of computing moments (as we will
see), and they are useful in finding distributions of sums of independent random variables.

Definition 9 Let X be ar.v. The characteristic function (ch.f.) of X is

¢x(u) = E[e™]

for u € R. (Here, i = v/—1. We will not use v/—1 = j.) a
Let us write some more explicit formulas. Suppose X is a continuous random variable.
Then (by the law of the unconcious statistician)

ox(u) = /OO e fx (z) da.

— 00

This may be recognized as the Fourier transform of fx (z), where w is the “frequency”
variable. (Comment on sign of exponent.) Note that given ¢ x we can determine fx by an
inverse Fourier transform:

If X is adiscreter.v.,

ox(u) = Z e"Tipx (i),

which we recognize as the discrete-time Fourier transform, and as before u is the “fre-
quency” variable. (Comment on the sign of the exponent.) Given a ¢ x, we can find px by
the inverse discrete-time Fourier transform.

Properties:

1. ¢x(0) = 1. (Why?)
2. |¢px (u)| < 1Vu. (Why?)

3. ¢x and fx form a unique Fourier transform pair.

Ix < éx.
Thus, ¢ x provides yet another way of displaying the probability structure of X.

4. ¢x(u) = [7_ €™ dFx(x). This is referred to as the Fourier-Stieltjes transform of
Fx.

5. ¢x is uniformly continuous.



ECE 6010: Lecture 2 — More on Random Variables 9

Definition 10 For anr.v. X, the kth moment of X is E[X*], for k € N. O
We can write

Theorem 1
If E[|X|*] < oo then

That is, we can obtain moments by differentiating the characteristic function. For this rea-
son, characteristic functions (or functions which are very similarly defined) are sometimes
referred to as moment generating functions.

Proof

U S (Zu)k - (Zu)k

¢ﬂm:Ekﬂ:E§:k!ﬁ:§:k!mﬁy
k=0 k=0
Then
& 3 gl #~3 (other stuff
w@((u) = [7] +Zu (other stuff)
k>j
soatu =0,
i j JE[X7
Wﬁﬁx(ﬁ o =7 E[X7].
O
Example 4 X ~ N (u,0?). Then it can be shown (homework!) that
¢X (U) _ 67u202/2+iup,
Then it is straightforward to verity (homework!) that
EX]=pn EX?|=0*+u?

so that var(X) = o2. 0
Definition 11 For a joint r.v. (X,Y") we define a joint characteristic function

¢Xy(u,1)) _ E[eiuX+ivY]'

O

Then ¢ xy and Fxy are uniquely related (two-dimensional Fourier transforms).

Definition 12 The nth order moments of two random variables are the quantities of the
form
pe = E[X*Y! k>0,1>0,k+1=n.

The nth order central moments are
mp = E[(X —EX)*Y -E[Y))! k>01>0,k+1=n.

O
Example 5 For n = 2, the second order moments are E[X 2], E[Y?] and E[XY].
The central moments are cov(X,Y), var(X) and var(Y"). O
Properties:
1. Moments:

a'n/
_ -~ (k1)
Bel = 5 e bxv (u,v) i

u,v=0
2. X and Y are independent if and only if ¢x v (u,v) = éx (u)gy (v) for all (u,v) €
R2,
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Sums of independent random variables
Let X and Y be independentr.v.s, and let

Z=X+Y.
Then
¢z (u) = Elexp(iuz)] = Elexp(iuX +iuY)] = ¢x,v (u, u).
But also
Elexp(iuX + iuY)] = Elexp(iuX) exp(iuY)] = ¢ x (u)dy (u).
So

[ 62(u) = ¢x (w)gy (u) ]

If X and Y are continuousr.v.s, then so is Z.
f2(2) = F oz (u)] = FHox (2)py (2)] = fx(2) * fr(2)

by the convolution theorem.

Thus, when continuous independent random variables are added, the p.d.f of the
sum is the convolution of the p.d.f.s (and respectively p.m.f. for discrete independent
r.v.s).

An example: Jointly Gaussian
If (X,Y) ~ N (i, iy, oz, Uga p), then

. 1
bx,y (u,v) = expli(upy + vpy) — E(UQUQQC +0%0; + 2uvpo,oy))]

We make an observation here: the “form” of the Gaussian p.d.f. is the exponential of
quadratics. The form of the Fourier transform of the eponential of quadratics is of the form
exponential of quadratics. This little fact gives rise to much of the analytical and practical
usefulness of Gaussian r.v.s.

Characteristic functions marginals
We observe that
oxy (u,0) = dx (u)
In our Gaussian example, we have
bx(u) = ¢x v (u,0) = exp(iup, — o2u®/2)
which is the ch.f. for a Gaussian,
X~ N(Mw; 0926)

We could, of course, have obtained a similar result via integration, but this is much easier.

Some important inequalities

In general, when we observe an outcome of a random variable, we “expect” it to be near
the mean (that is, near the expected value). Further, the farther the outcome is from the
mean, the less likely we expect the outcome to be. There are some very useful probabilities
which quantize these intuitive “expectations.” These are the Markov inequality, and its
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consequences, the Chebyshev inequality and the Chernoff bound. We will introduce these
here.
Let B € B for a Borel set B. Recall that

wo={y 750

Let X be a random variable, and let Y = I'z(X). This is a measurable function, so Y is
another random variable.

E[Y] = Px(B) = P(X € B).

We will use this “expectation as probability” idea to get a bound.
Suppose g is a honnegative, nondecreasing function. Suppose b € R with g(b) > 0.

Consider the function
>1 >
h(:c) = —g(x) — < T = b
>0 V.
Observe that
h(x) > Iip,o0) ()
for all z, since
1 >0
0 x<b.

I[b,oo) (.17) = {

Note that 2(b) = I}, 00) ().

Now we have
E[h(X)] > E[Ijp00)(X)] = P(X > b).
Ao [9(X)]
_ Elg
Thus
Hszgﬂgg”

A similar result can be established if g is nonnegative, nondecreasing on [0, co) and sym-
metric about 0. We can thus establish that

Elg(X
P(|X|>0b) < M.
g9(b)
Special case: Assume X > 0, and let
r x>0
gle) = {0 z <0,
The inequality above gives rise to the Markov inequality:
p(x 25 < ZX

for all b > 0. Somewhat more generally, the Markov inequality says

EfX]]
b

P(IX]>b) <
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forany b > 0.
Special Case: Take g(x) = X2. (This satisfies the requirements for g.) Then
Y2
P(lY|>b) < E)Q ].

LetY = X — u,. We obtain the Chebyshev inequality,

BI(X — )] var(X)
]D(|‘X*7N’95|>b)S B2 - B2 .

Interpretation: The probability that X differs from its mean by more than some amount
is less than the variance of X over b2. Further away, less probable. Higher varianace, more
probable.

Special case: The Chernoff bound. In this case, let us take X positive, and let g(z) =
e®® for s > 0. Then we obtain

P(X >b) <

There is some flexibility in the choice of s, which may be selected to make the bound as
tight as possible.

The Chernoff bound is a powerful tool which has been put to good use in digital com-
munications. (See, e.g., Wozencraft and Jacobs.)

Jensen’s inequality

Jensen’s inequality can be used in some cases to “interchange” expectation and function
evaluation (at least, approximately). It is based on the idea of convex functions.

Definition 13 A function ¢ : R — R is convex if
c((1 —a)z+ ay) < (1 —a)c(z) + ac(y).

forall z,y inRand 0 < o < 1. O

That is, a function is convex if the chord connecting the points (z, f(z)) and (y, f(v))
lies above the function between x and y. (Draw a picture.) It can be shown that if ¢ is twice
differentiable then c is convex iff ¢’ (z) > 0Vz € R.

Example 6 ¢(z) = e”

clr)=e"
c(z) = 22
clx) =ax +b 0

It can be shown that all convex functions are measurable with respect to the Borel field
B(R).

Theorem 2
If c: R — R is convex, then

| Ele(x)] > c(Elx),

with equality if and only iff ¢(x) is a constant function.

In otherwords, we can interchange expectation and functions, and at least get a bound.
Example 7 E[X?] > (E[X])?

E[eX] > eE[X]

IfX >0, E[1/X]>1/E[X]

If X >0, —E[log X] > —log Ex]. |
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Cauchy-Schwartz inequality

This is an inequality that holds in any Hilbert space. It more or less forms the theme for the
first several weeks of 6030.

Theorem 3
If E[X?] < oo and E[Y?] < oo then

|E[XY]|* < E[X?E[Y?].

For example,
| cov(X,Y)|* < var(X)var(Y)
implying [p| < 1.
Observe that var(X) = E[X?] — E[X]? > 0 using Schwartz and Jensen inequalities.

Conditional Expectations and Distributions

Suppose X is a discrete r.v. Now we define the conditional distribution of another r.v. Y
given X = ;. (at some point where P(X = z) > 0) by

P(X = xk)

Fy\x(ylvy) = P(Y < y|X =) =

By the law of total probability,

Fy(y) = ZFY|X(?J|$k)pX($k)-
k

As we discussed before, when we condition on an event, we are shrinking the sample space
under consideration. So there is some normalization that takes place.
We also define

o0

ydFy x (y|zg).

E[Y|X =z;] = /

Note that this depends on the value of xy; it is a function of z;. Let us now take the
expectation with respect to X:

Ex[E[Y|X = z]] = > E[Y|X = a4 Px(z)) = E[Y],
k

We can think of E[Y|X = x] as a discrete random variable that is a function of X.
Foradiscrete r.v. X, the function Fy-| x (| ) could be either a discrete or a continuous
r.v. Discrete:

py|x (ylzr) = P(Y = y|X = ax)
Continuous: There exists a function fy|x such that

Yy
FY\X(ylxk) :[ fy|X(Z|$k)dZ.

We can also write
Fyx (yler) = Ell(—oo,y) (V)X = x4]

If Y is discrete we have

pY‘X(yMk) N P(Y ;zy(;f)k(): xk) B pd;/a:(f;k,)y)
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When X is a continuous r.v., conditional probabilities and expectations are somewhat
more complicated, because P(X = xk) = 0 for any particular value of .
Recall that E[Y'| X ] = g(zx) for some function g, and E[g(z)] = E[Y].

Definition 14 Suppose Y is an r.v. on the probability space (2, F, P) with E[|Y]] < co.
Then for A € F, define

/ YdP = E[T4(Y))].
A
O

Definition 15 Suppose X and Y are random variables and E[|Y'|] < oco. The conditional
expectation of Y given X = =z is any measurable function g(x) = E[Y|X = z] of z
satisfying

/ E[Y|X = z]Px(dx) = / YdP )
B X-1(B)
forall B € B,where X 1(B) = {w € Q: X(w) € B}. ]
1. It can be shown that under the stated conditions, such a function always exists.
2. If X is discrete then E[Y|X = =] as defined earlier satisfies the property.

3. E[Y|X = z] is unique, in the sense that if there are two functions g(x) and h(x)
both satisfying (2) then P(g(z) = h(x)) = 1.

When a condition is true with probability 1, we say that it is true “almost surely,” or “a.s.”
Once we have defined conditional expectation, we can define a conditional c.d.f.:

Fyix(ylz) = Ell(co,y)(y)| X = z].
Properties:
1. This definition agrees with the previous one when X is discrete.
2. Fy(y) = [z Fy|x(ylz)Px (dx).
3. Fy|x isac.d.f. as a function of y because it satisfies all the properties of a c.d.f.

4. If X and Y are jointly continuous then Fy-| x (y|=) has a density for every z,

fyix(ylz) = L}Z({;’)y)

There is another interpretation:
Fy x(ylz) = Alim+P(Y <ylr—Az/2 < X <z + Azx/2)
x—0

imag ot PY <y,2 - A/2< X <z + Azx/2)/Ax
N limag Lo+ Plx — A/2 < X < x+ Ax/2)/Ax

0

_ %ny(a:,y)
0

%FX(JU)

0
%FXY(may)
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. . 0 .
If X and Y are jointly continuous then a—yFy|x(y|$) exists and

0 ;
a—yFY\X(yI:v) = fxy(@:9) y)'

Also,

oo

yfyix (ylz) dy.

EMX:d:/

Analogously for continuous random variables

ElY|X =z = Zylpy\x(yﬂfﬂk)-
]

A more general defi nition of conditional expectation

We will explore conditional expectation in terms of probability spaces. Suppos G is a sub
o-field of F. A function g :  — R is “measurable with respect to G” if

{weQ:gw)eB}legGforal BeB

(Any such function g() would be a r.v. too. But this g() is more restricted.)
We will now define “conditioning on a o-field.” Suppose Y is a r.v. with E[|Y]?] < oo
and G is a sub o-field of F. Then E[Y'|G] is any G-measurable random variable such that

t/EWWMP:/AwPMMHAEQ
A A

If Y itself were G measurable it would be its own conditional expectation.

Example 8 Let (w, F) = (R, B). Let G = {(—0,0), [0, 00), 0, R}. (This is a o-field.) Let
Y be ar.v. Then E[Y|G] is any G-measurable r.v. satisfying

/ E[Y|G]dP = E[Y]
R

/ E[Y|G]dP = / YdP
(—00,0) (—00,0)

/ E[Y|GldP = / YdP.
[0,00) [0,00)

Note: to be measurable on G means being constant on (—oo, 0) and [0, co).
The G-measurable r.v.s in this case are simple functions:

b+ (,UZO
g(w){b_ w<0

SO

b_P((—00,0)) = / yap

(—00,0)

b ([0, 00)) = / Ydp

[0100)
This gives us two equations in two unknowns.

f[(),oo) Ydp b f—oo,()) Ydp

b_,’_:i ]
Jio.00) 2P Jicooy 4P
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Definition 16 If X is anr.v., define o(X) (the o-field generated by X) to be
{{w € Q: X(w) € B} for B € B}.

O
Fact: A r.v. Y is measurable with respect to o(X) if and only if there is a measurable
functiong : R — Rsuchthat Y = g(X).
We now define conditional expectation with respect to a o-field:

Definition 17 If X and Y are r.v.s with E[|Y]] < oo, we define

E[Y|X] = E[Y|o(X)]

Properties:
1. By the fact stated above, we can write
EY|X] = g(x)
for some function g, g(x) = E[Y|X = z].
E[Y] = E[E]Y|X]]
If Y itself is G-measurable, then E[Y|G] =Y.
ElaY: + BY2|G] = aE[Y1|G] + BE[Y2|G].
If Y > 0, then E[Y|G] > 0.

© o~ w D

IfE[Y]] <ocand G C £ C F, then
E[E[Y[E]] = E[YG].

Idea: If you first condition on a field that is less “course” than G you get a r.v. Then
conditionon G.

Definition 18 Two o-fields G and H are independent if

P(GH) = P(G)P(H)forall G e Gand H € H.

Note: X and Y are independent r.v.s iff o(X) and o(Y") are independent o-fields.
6. If o(Y) is independent of G then E[Y|G] = E[Y].

7. If Y is G-measurable then E[Y'|G] = E[Y].

So, for example, if G = ¢(X), and Y = ¢g(X) forsome g : R — R (thatis, Y is
G-measurable) then
EY|X]=Y = g(X).

More informally, E[g(z)|X] = g(z).



