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= Some basic concepts of probability theory
= Some common distributions

m Transformations of random variables

= Monte Carlo approximation

» Information theory
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What is probability?

m Frequentist interpretation

Probability represents long run frequencies of events

It interprets probability as the frequency of occurrence of an outcome
m Bayesian interpretation

Probability is used to quantify the uncertainty about something

It interprets probability as our belief of the likelihood of a certain
outcome, i.e, probability measures a degree of belief
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Probability of an event

m Let A be an event

P(A): the probability that the event A is true

= 0<P(A)<1

m P(A) =0 means the event definitely will not happen
m P(A) =1 means the event definitely will happen

P(A): the probability that the event not A
= P(A) =1-P(A)
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Probability of a random variable

m Discrete random variable X
take on any value from a finite or countably infinite set X
m Example: event vs. random variable
Event A={E AR T’}
Random variable X: Q —={0,1} ,A[\NIpRZY: AIgERYARE->ANN=SE, R
» 1 FRRBRESTW

s 0 FXRIAXRAS T
P(X=1) = P(A)
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Probability of a random variable

m Example: event vs. random variable

Event A={E AR T’}
Random variable X: 0 —{1,2,3,4}
» 1 FRRBRESTW
» 2FREBRTE BigXP
N 3%_.1__5}3951:;7.ka§

4 FXIHRERBK

P(X=1) = P(A)

—

MBEERTS
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Probability of a random variable

m Probability mass function P(X=x) (or P(x))
the probability of the event that X = x

0<P(x)<1
erxp(x) — 1 05 !
0.31
0.2 l
1 3 7 >

X ={1,3,7}
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Probability of a random variable

m Special case

(a) Y5150 4i (b) B AT
X = {1,2,3,4) X = {1}
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Basic rules of probability

= Probability of a union of two events

1 Given two events A and B

P(AUB) =P(A) + P(B)—P(ANB)
= P(A) + P(B) if A and B are mutually exclusive
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Basic rules of probability

10

m Joint probability

Given two events A and B

P(A,B) = P(AN B) = P(A)P(B|A)
— P(B)P(A|B)

Marginal distribution (rule of total probability)

P(A)= ) P(A,B) = ) P(A|B = b)P(B = b)
> >
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Basic rules of probability

11

= Joint probability

chain rule

P(X11 XZ) XD)
= P(X))P(X2|X)P(X31Xy, X3) ... P(Xp|X1, X2, ., Xp—q)

m Conditional probability

P(4, B)
P(B) ’

P(A|B) = if P(B) > 0
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Bayes rule/theorem

P(ANB) =P(B|A)P(A)

* P(ANB) =P(A|B)P(B)

12

.
‘e

012}

Posterior

P(BIA)
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Example: medical diagnosis

m Question: If the nucleic acid test (NAT) is positive, what is

the probability you have COVID-19?

m X =1isthe event NAT is positive

m Y=1isthe event you have COVID-19
m Sensitivity score: P(X=1]|Y=1)=0.8
= P(Y=1)=0.004

m P(X=1|Y=0)=0.1

Ply=1)P(z=1ly=1)
Ply=1)P(x=1ly=1)+ Py =0)P(z =1Jy = 0)
B 0.004 x 0.8

~0.004 x 0.8+ (1 —0.004) x 0.1

= 0.031
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Independence and conditional independence

= Unconditionally independent (marginally independent)

We say X and Y are unconditionally e
independent or marginally

independent, if we can represent

the joint as the product of the two

marginals

X 1Y < P(X,Y)=P(X)P(Y)
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Independence and conditional independence

= Conditionally independent (Cl)

We say X and Y are conditionally independent
(Cl) given Z iff the conditional joint can be
written as a product of conditional marginals:

P(X LY|Z) & P(X,Y|Z) = P(X|Z)P(Y|Z)
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Probability in continuous case

16

m Continuous random variable X
Cumulative distribution function (cdf)

F(x) =P(X <x)

Probability density function (pdf)

d
p(x) = aF(x)

Probability in some interval [a, b]

b
Pla<X<b)=F(b)—F(a) = ’ p(x) dx
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Probability in continuous case

17

= Example

cdf
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0.7 1

06

05|

04

031

0.2}

0.1F

0.35

03 r

025

02

0.15

0.1

0.05 -
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Probability in continuous case

= Example

The pdf p(x)

| p(x) ={(2)”
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Mean and Variance

19

= Mean (expected value) u

Discrete case

> xP(x)

lxeX

Continuous case

E[X]

L

’ xp(x) dx

XEX
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Mean and Variance

20

m Variance g2

var[X] £ E[(X — p)?] = E[X*] — p*

m Standard deviation

std[X] £ /var[X]
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Mean and Variance

21
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The mean and variance estimation

s Sample mean and variance

Taking n samples from the population, estimate the variance

2 1

1
" Oy = ?=1(Yi_liy)2:ﬂy=; ?:1)’1‘

Sampling muItipIe times, computing the expected valued of Gyz

2) — 2 2 _
= E(Gy ) G , SO C — E(Gy )
We take the variance of one time sampling as E(oyz), the sample variance s? is
2 _ 1 2
= ST = n—1 1(yl :uy)
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Mean, median and mode: measure of central tendency

m Mode: the most frequent number occurring in the data set

/\

}
Mode = Mean = Median
(b) Symmetric

1N\ /I

Mean —T T—/V\ode /‘/\ode—T [T—/V\ean
Median Median
(@) Skewed to the Left (c) Skewed to the Right
(Negatively) (Positively)
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Joint distribution probability

m For Xl,Xz, ,Xd
More than 1 variable
Model stochastic relationships between the variables

m Denote a d-dimensional random vector x = (X4, X5, ..., X3)

Number of parameters 0(K%)
m K:the number of states for each variable

m d: the number of variables
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Covariance and correlation

m Covariance

Given two random variables X and Y
Measure the degree to which X and Y are (linearly) related

cov[X,Y] 2 E[X —E[X])(Y —E[Y])] =E[XY]-E[X]E[Y]

m Correlation coefficient

cov [ X, Y]
/var [X] var [Y]

corr [ X, Y] £
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Covariance and correlation

2D Gaussian: effect of covariance / correlation

» Independent (p=0) ” Positively correlated (p=0.8)

3 3

2 2

1 1

0 ok

-1} -1

-2 -2

=3 -3

=3 —& = =1 b 1 2 3 4 44 5 =2 =1 O 1 2 3 4
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Covariance and correlation

The correlation reflects the noisiness and direction of a linear relationship

25 Generative Models: Fundamentals and Applications

2026/9/17



Independence vs. correlation

m If two random variables are independent, they are
uncorrelated

m If two random variables are uncorrelated, they may be
dependent

" If Xand Y are jointly Gaussian, zero covariance implies
independence.
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Covariance and correlation

28

m Covariance matrix

o For a d-dimensional random vector x = (X, X5, ..., X;)

cov[x] =

E |(x—E[x))(x—E[x))]

/ var [ X ]
cov [Xo, X1]

\cov X4, X1]

COV [X1 ] XQ]
var [ Xs]

cov [ X4, Xo]

cov [Xl,Xd]\
COvV [XQ, Xd]

var iX dJ )
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Covariance and correlation

m Correlation matrix

For a d-dimensional random vector x = (X, X5, ..., Xg)

corr [X1,Xq| corr[Xy,Xs] --- corr[Xy,X4]
I}J::: * . . z

corr [ X4, X1] corr [Xg,Xo] -+ corr[Xg, X4]

All diagonal elements are 1, and the others fall in [-1, 1]
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Some common distributions

m Empirical distribution

= Binomial/Bernoulli distribution

= Multinomial/Multinoulli distribution
m Uniform distribution

m Gaussian distribution

= The multivariate Gaussian distribution
m Poisson distribution

m Beta distribution

m Dirichlet distribution
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The binomial and Bernoulli distributions

m Binomial distribution: toss a coin n times, the probability of
having k heads

Bill(l1'|ll. H) é (;I) Hl‘(l o H)n—k

where mean=n6, var=nf(1- 6)

n\ a n!
k] (n—k)E!

m Bernoulli: a special case of binominal distribution where tossing a
coin only once

0 ifr=1
Bereld) = { g it ¢
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The multinomial and multinoulli (Z2E5l) distributions

m Multinomial distribution

tossing a die of K-side n times, x=(x1, x2, ..., xk) is a vector indicating
the appearing time of each side

K

Mu(x|n,0) £ ( . 2 . ) HH;J

r1...rK
1 K/ 33

where 6; is the probability that side j shows up, and

( n ) A n!
rr...TrKg ,1'1!,1-2! “e ~"K!

m Multinoulli: a special case of multinomial distribution with
n=1

K
Mu(x|1,60) = [] 6"~

7=1
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Summary of the multinomial and related distributions

Name i A

Multinomial - - x€{0,1,...,n}%, Zle P =N
Multinoulli 1 - x € {0.1}%, Z,I:ZI xp = 1 (I-of-K encoding)
Binomial - 1 ze€{0,1,...,n}

Bernoulli 1 1 xe{0,1}
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Uniform distribution

38

m Uniformly distributed in the interval [a,b]

. 1
Unif (xz|a,b) = [(a <ax<Db)
) — a
1 - L ]
b-a
0 a b X
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Uniform distribution

39

= Uniformly distributed in a region R

1
Unif(x|R) = ﬁﬂ[x € R]
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Gaussian distribution

m Also called normal distribution

- Univariate continuous probability distribution

Probability density function

1
Vv 2mo?

N(z|p,0?) =

A2\ 78 oINS
3,7 (T— 1)

Cumulative distribution function

I

V2no

,0?)dz
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Gaussian distribution

m Standard normal distribution

Let y = x?TM, then y~N'(0,1)

m Why it is the most widely used distribution?
It is simple with only two parameters, and easy to be used

Many phenomena in real world have an approximate Gaussian

distribution
According to the central limit theorem, the sums of independent random
variables have an approximate Gaussian distribution
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Multivariate Gaussian distribution

42

m Also called multivariate normal distribution

For a D-dimensional random vector x = (X1, X5, ..., Xp)

Mean vector E(x) = u

Covariance matrix X = cov(x)

Probability density function

N (x[p, %)

1

(_‘ZW)D/Q‘EP/Q

1
exp | —=

e

(x—p)' T (x—p)
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The Poisson distribution

We say that X € {0,1,2,...} has a Poisson distribution with parameter A > 0
X ~ Poi(A), if its pmf is
AN

!

Poi(z|\) = e

cdf Plz<=k)=e Y F 2 k=0,1,2...,1>0

The Poisson distribution is often used as a model for counts of rare
events like radioactive decay (BNETIHEZ=RZIREN) and traffic accidents
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The Poisson distribution

m Relationship with a binomial distribution

n!

Ul =k = e
( ) ! “1-p)
oy (A\F b Nl n! Y/ - SN L n!
in (G (-3 a6 (-3 -aim :
nk(n — k)! (1 —
_/1"1 n! . " /lkl n! y
= Tl noee (n—k)!(n— /1)"( B ;) k! nevee (n—k)!'(n— )k o)
A¥ nn—1)(n—-2)..(n—
e (n—AD@

44
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Mean and Variance of Poisson Distribution

45

Recall the mean of a binomial distribution B(n, p) = np, variance of
B(n, p) = np(1-p)= A(1-p)
Since Poisson distribution is an approximation of binomial

distribution when n is approaching infinity, and p is extremely
small, and np= A

Variance A(1-p) ~ A when p is very small
Mean and Variance of Poisson distribution are the same: A
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Student t distribution

m Gaussian distribution is sensitive to outliers.
A more robust distribution is Student t distribution

2

— ()
) _ 1 T—un\ } .35f
Tl oty) o [1__<1 /)] o
1 a 0.25}

X
Zo.20f

. 9 \ e r
where p is the mean, 0 > 0 is the scale parameter, and v > 0

2

vo©

mean = g, mode = p, var = . 0.00
(v —2)

0.40 T

0.15f
0.10}
0.05f

—

([ | |
(2 S R

+
8

=4 =32

When v=1, it is known as Cauchy or Lorentz distribution,

which has a heavy tail

When v— oo, it approaches to Gaussian distribution
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The Laplace distribution

m Also called double sided exponential distribution

1
Lap(z|u,b) £ Zbe\p( |1b,u|)

Here 1. is a location parameter and b > 0 is a scale parameter.

‘ P(x) D(x)
mean = j1, mode = 1, var = 2

X
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pdf and log(pdf)

(a) The pdf’s for a N'(0,1), 7(0,1,1) and Lap(0, 1/+/2). The mean is 0 and the variance
is 1 for both the Gaussian and Laplace. The mean and variance of the Student is undefined when v = 1.
(b) Log of these pdf’s. Note that the Student distribution is not log-concave for any parameter value, unlike
the Laplace distribution, which is always log-concave (and log-convex...) Nevertheless, both are unimodal.
Figure generated by studentLaplacePdfPlot.

48 Generative Models: Fundamentals and Applications

2026/9/17



Effect of Outliers

05

04f

———
— — —

[llustration of the effect of outliers on fitting Gaussian, Student and Laplace distributions. (a)
No outliers (the Gaussian and Student curves are on top of each other). (b) With outliers. We see that the
Gaussian is more affected by outliers than the Student and Laplace distributions. Based on Figure 2.16 of
(Bishop 2006a). Figure generated by robustDemo.

49

= = = m gaussian
s student T
=== == |aplace
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The Gamma distribution

m The Gamma distribution is a flexible distribution for positive

real valued random variables
ba
A

Ga(7'|shape = a,rate = b) = TETHT
['(a)
a d a—1 @
mean = 5, mode = ==, val =15
= —2a-1.0b=1.0 |
mewmng=15b=1.0[
=-—13=2.0b=1.0
7"\
/ \\
I ..':.\'\.
* (a) ” | E (b)

50
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Beta distribution

= Interval [0,1]
m Probability density distribution

1
B(a,b)

B(‘tﬂ‘(.l'l(’l. [)) — .l'a'_l(l _ .l'j)b_l

where B(a, b) is Beta function

a
m Mmean = ——

a+b
ab
m var =
(a+b)%(a+b+1)
a—1
= mode =
a+b-2
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Beta distribution

2.5

beta distributions

|| m— 2-0.1, b=0.1
====a=1.0, b=1.0
= m3-20, b=3.0
s wm 2=8 0, b=4.0

\ M a=b=1, uniform
distribution

M gand b<1, bimodal
distribution with the spikes
atO0and 1

M gand b>1, unimodal
distribution
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Conjugate prior

53

= Bayes in general
p(@ 1 x)xp(x|68)p@) ->p(@]x) isoften a complex integral
= With conjugate prior

* Prior:
0 ~ Beta(a,b)

» Likelihood (for Bernoulli observations zy,...,x,):
Just to update parameters,

z;|0 ~ Bernoulli(f), i=1,...,n _
much easier!

» Posterior:

Olzy,...,xp ~ Beta(a+ Zx,-, b+n-— Zm,)
i=1 i=1
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Dirichlet distribution

= A multivariate generalization of the beta distribution
Probability simplex
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Dirichlet distribution

= A multivariate generalization of the beta distribution
Probability density function

K
Dir(x|a) 2 H 2 I(x € Sk)
where
[Te, T(ak) v 23 .
B(a) & 2=l A0 = Zok=1 Tk
I'(ao) Concentration parameter
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Dirichlet distribution

56

m Property

1 Mean

1 Mode

1 Variance

E[xx] = —%
p
mode x| = ie -
LTk g — K

ak(ap — ag)
az(ag +1)

var (x| =
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a+b
var = ab
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Dirichlet distribution

K
Dir(x|a) = %a) H.rg"‘_lﬂ(xeSK)
= Example k=1
01
0, S
03
(=3 a = (2,2,2)

a=0.10

/1

05

0
n
¥

0
sl [ON O O\ DR ( T Al
— s Ve X o

n
©r — \&v,4,4) L \ v

1\
..L}‘
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Empirical distribution

32

m Also called empirical measure

Given a set of data D =

{x1, %2, ...,
(empirical measure) is defined as

xy}, the empirical distribution

p enlp

é

Tq .‘

where §,(A) is the Dirac measure, defmed by

Og ( A) =

{

0
1

it e € A
ifre A

and A is a given value
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Empirical distribution

m Empirical CDF (eCDF)
10 Generalized definition: weight 1

1 N
Femp(t) — Pemp((_oo’t]) - N Z l{mi o t}

i=1

o] [P ———
.ﬁ‘,____-__—__-——- - -
-

"
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Empirical distribution

m The empirical distribution converges to the true distribution
with probability 1

Empirical CDF

09}
08f o
07} 7
06} ‘

=05}
04}

03

Empirical CDF
Theoretical CDF

0.2

01
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Transformation of random variables

m Question: If X’ ~ p(x) is some random variable, and Y = f{X),
what is the distribution of Y ?

If fis linear transformation
If fis general transformation
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Transformation of random variables

m Linear transformation

The function f(X) is a linear function
Y=fX)=AX+b
where A is a matrix, and b is a vector

E[Y] =E[AX +b] = Au + b,

cov]Y] = cov[AX + b] = ANA",
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Transformation of random variables

60

m Linear transformation

Original Distribution (X)

4 -
5 After Linear Transformation (Y = AX+b)
2.5}
0.0
0
-2.5}
-5.0}
_2 F
-7.5k L
-5 0 5 10 15
-4t
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Transformation of random variables

61

m Linear transformation

Special case

If f(X) is acalar-valued function
Y=fX)=a'X+b

where a is a vector, and b is a value

EY]=Ela' X +b] =a"p+9,

var[Y] = var[a’ X + b] = o' Za.
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Transformation of random variables

m General transformation

If X is discrete

= Example:

p(y)= ) pa(a)

X={1,2,3,4,5}, uniform distribution
f(X) = 1if X is even, and f(X) = 0 otherwise

—

62

P(1)= ) Pu(z)=04
x€{2,4}

P,(0)= Y  Py(z)=06
x€{1,3,5}
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Transformation of random variables

m General transformation

o If X is continuous

Py(y) = P(Y <y) = P(f(X) <y) = P(X € {z: f(z) < y})

m If f() is an invertible function (change of variables formula)

| ¢
Py(y) = P(f(X) <y) = P(X < fX(y) = Pe(F ()

P d e dr d | dx | dx
— —P ‘ — _Pil‘ ‘ = — —I'2\T) = — P\ —|
Py(y) 5 y(Y) T (f"(v)) &y a2 =g P ()] det i
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Transformation of random variables

m General transformation

If X is continuous (change of variables formula)

Py ’

= Example: X~ U(-1, 1), and Y = X2. What is p,,(y) ?

1
px(x) = E

1 dx
;gpy(y)—px(x)‘d px(x)‘d =2 4
d
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Central limit theorem (CLT)

65

Given i.i.d. X{, X5, ..., Xy, €ach with mean y and variance ¢?.

Let Sy = Zé\’zlxi, the probability density function of Sy s

‘2;\70-2

G . 1 s — Nu)2
[)(‘ SN = 5) =~ —= exp (_( /[) >

Let X = %Zli\’zlxi, the probability density function of Z,,
VN  o/vN

converges to the standard normal N (0,1).
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Central limit theorem (CLT)

66

1
05

0 05

(a) (b)

Figure 2.17 The central limit theorem in pictures. We plot a histogram of % vazl xij, where x;; ~
Beta(1,5), for j = 1 : 10000. As N — oo, the distribution tends towards a Gaussian. (a) N = 1. (b)
N = 5. Based on Figure 2.6 of (Bishop 2006a). Figure generated by centralLimitDemo.
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Monte Carlo approximation

m Question: How to compute the distribution of a function of a
random variable X?

Generate N samples from the distribution, call them x,x,, ..., xy
= Markov chain Monte Carlo (MCMC)

Approximate the distribution of f(X) by using the empirical

distribution of {f(x;), f(x2), ..., f(xn)}

N
.- " M
])emp A , —
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Monte Carlo approximation

= How to Compute E(f(X))?

Generate x4, x5, ..., xy ~ P(X)

N
1 —

E(fX) = | fp@dx =~ ) f(x)
=1
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Monte Carlo approximation

= Example: X~ N(0, 1), and Y =sin(X). What is p,,(y) ?

Samples from X ~N(O, 1) Monte Carlo approx. of Y =sin(X)
0.4} m 1‘ 14r ]
I— —
I_l' i 1.2¢
03 B v, \ 1.0 |
> \ 2
2 ol -F ‘1 2 0.8 |
e [ o6t | ]
r \ q _ X
o1l r ‘1 0.4} H-A-
il i |
=il PI—I—I 1 1 [ l_r“l—.—.'—‘ 1
00— 1 o 1 2 3 4 0-0=7% -0.5 0.0 0.5 1.0
X Y
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Accuracy of Monte Carlo approximation
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10 samplas
T

I=1=]
(2]

10 samples
T

d
Generative Models: Funda&ngntals and Applications

10 and 100 samples from
a Gaussian distribution,
N(u = 1.5, .= 0.25).
Solid red line is true pdf.
Top line: histogram of
samples.

Bottom line: kernel
density estimate derived
from samples in dotted
blue
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Accuracy of Monte Carlo approximation

71

Denote by u the exact mean of f(X)

u=E[fX)]
Denote by g2 the exact variance of f(X)

o* = var [f(X)] =E[f(X)’] ~E[f(X)]

Denote by (i the mean of MC approximation

VN(i —p) - N (0,0%)

Denote by 62 the variance of MC approximation

6% = L3 (F -2
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Information theory

= Entropy (H(X) or H(p))

Measure of the uncertainty of a random variable X
with distribution p

K
H(X)= - Zp(A\' = k) logy p(X = k)
k=1

= Entropy is maximized if p(X = k) =% (uniform distribution)

m Entropy is minimized if distribution with delta-function that has all its mass
on one state.
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Information theory

m Example: binary random variable X € {0,1}

a p(X = 1) =0 H(X) = —[p(X=1)log,p(X =1)+ p(X =0)log, p(X = 0)]
0 p(X — O) —1—-—60 = —|[flog, 0+ (1 —0)log,(1 —0)]
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Information theory

= Conditional Entropy

The remaining uncertainty of X when Y is already known

H(X|Y)=-) ple,y) logp(z|y)

T,y

= Joint Entropy

The total uncertainty when considering variables X and Y together

H(X,Y)=-) p(z,y) logp(z,y)

T,y

H(X,Y) = H(Y) + HX|Y) = HX) + H(Y|X)
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Information theory

m Cross entropy

The average number of bits needed to encode data coming from a
source with distribution p when we use model q to define our
codebook

H (p,q) = — Zm log gk
k

Special case

H(p) = H(p.p)
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Information theory

= Example:
Suppose tomorrow’s weather has true distribution:
= p= {P(Sunny) =09 'P(Rainy) = 0.1}

H(p) = —[0.91og, 0.9 + 0.1log, 0.1] ~ 0.47 bits.

If we model g that assumes equal probability: g = {0.5-0.5},
the cross-entropy becomes

H(p,q) = —[0.91og, 0.5 + 0.11log, 0.5] = 1 bit. -> At more expense
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Information theory

m KL divergence (relative entropy)

Measure the dissimilarity of two probability distributions p and ¢

g X
k=1 1k

= ) prlogpr — Zl)k loggx = —H (p) + H (p, q)
k k
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Information theory

= KL divergence (relative entropy)

Theorem (Information inequality)

KL (p||lq) > 0 with equality iff p = q.

Result: discrete distribution with the maximum entropy is the
uniform distribution

H(X) < log ||
L(pllu) = ZP ) log i
= x)log p(x Zp )logu(x) = —H(x) + log | X|.
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Information theory

m Mutual information

Find out how much knowing one variable can tell us about the other

[(X:Y) 2 KL (p(X.Y)|[p(X)p(Y) = > p(x,y)log 1’(j"' Y)
=5 p(x)p(y)

Symmetry: I(X;Y) = I(Y; X)
Non-negativity: I(X;Y) > 0 with equality iff p(X,Y)=p(X) p(Y)
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Information theory

m Mutual information

Measure the reduction in uncertainty about X after observing Y
Measure the reduction in uncertainty about Y after observing X.

I[(X;Y)=H((X)-H(X

X)

Y)=H(Y)—-H(Y
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Information theory

H(XY)

I(X;Y)

H(S()

I(X;Y) = HX) — HX|Y)
= H(Y) — H(Y|X)
H(YIX) [ =HX)+H(Y)—-H(X,Y) J

= H(X,Y) — HX|Y) — H(Y|X)

H(Y)
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Summary

82

Basic probability
Frequentist vs. Bayesian

Event, random variable, probability, conditional/joint probability, Bayes rule, independence,
conditional independence, correlation

Common statistics: mean, median, mode, variance, standard deviation, covariance, correlation
coefficient

Distribution

binomial/Bernoulli, multinomial/Multinoulli, uniform, Gaussian, multivariate
Gaussian, Student t, Laplace, Poisson, Beta, Gamma, Dirichlet, Empirical

Transformation of variables
Linear transformation, general transformation, CLT, Monte Carlo approximation

Information theory
Entropy, conditional/joint entropy, cross-entropy, KL divergence, mutual information
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. Thanks!

Questions?



