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Max Likelihood Principle

ML estimation for arbitrary discrete distributions

Other ML estimation examples

ML estimate as a random variable

Reading: Ch. 4.1, 4.2

X

7

-
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Maximum Likelihood Principle

# Language models S = (a ,
b

,
c, .. =3

English m = 15) = 26

PE =( .... ) E

If 45(4a3)=P(a)
pE(a)

Spanish PS= JES0 -- (
French PE(0

,
05: )

Sentence statistics = x ...x n = 10

Data*ty()
Yus
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Maximum Likelihood Principle = choose "model" that make data

parameters
Q : Language = ? most likely
Answered E

,
F

,
s

,G) =M Eprobable)

pE(statistics) = ((E) likelihood In L(E)= e(E)
likelihood

PF) - n- ) = ((F)

--- --
- 38 .6

logTe(E) = - 58
.6
patistics) = 2

F

est =3- max -> Answer =

--

e(G) = - 39. .
8

It's a guess !!!
--- -
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Maximum Likelihood Principle

Data D = <X ,
- My viids

with unknown Pons

inference<

Model class : hall possible P's to consider3 pm-m)
②Belief about P M Estimation

Likelihood likelihood of undaPec
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ML estimation for arbitrary discrete distributions (finites)
S

= 41 , 2 ...m

= 4 (01 :m) with 50 forall 3

= any Pon S defined by2 ,

- Om Parameters

[
Data D =X, .

. . xY <S

Ex : Cointoss S = 40, 13 M = <100,0) , 00001

80
,
1503 No u

If

& = 1
,
0

,
1 ,

1
,
0 = /5)=

=
n = 5
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ML estimation for arbitrary discrete distributions
0 .

S
,

Model class M

1. Write Likelihood
-=(01 -- Om)

L= P(D1)== =
Exi

if Ni= => Ej M
· nj

= #\xi =j] counts

j = 1 : M

1. Log likelihood unknowns

e(0) =m((t)=jm
j=1 data STATISTICS

2 .

Find/OML= argmax &(0) = argmax (10)
-

-M -E M I
CALCULUS
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ML estimation for arbitrary discrete distributions

m=2 (from EX)
1writeevicoalaNo

= 2 (10) = 0:3
n1

= 3

e(t) = 2 . In 00 + 3 . In(t)0
, 0

= angmax

to= 10
, max 2 loEf

- I

e(0) = 2-- + 3
1 - 0

,
O

,

- 20, + 3(1
-01) = 0 ↓-

in general

3 =50
+ Verify eloMY is max

z ((z)=
not mic

e .ge"(M <0
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Other ML estimation examples

*ShimtoralSaints
nur

1 .

Write (10) = Oghe. On

1
. Log : 110) = Athl+... +MOMMo

-

EXS = 41 ... 63

die roll
n = 9

& =5 ,33.Git
n, = uz = n5 = 2

my
= uy = ng = 1

+1 Op+ 2ma+14-25
2 = argurax ((8) subject to *

constraints
:6

Maximization with constraints 7 Lagrange
multipliers
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Other ML estimation examples

(10)=jjagmax
solution by Lagrange

multiplier method

max (10)+-1)
constrate

T
X( . . . )

X, G
:m new variableX

-

my unknowns ↑
linearint

m+ 1 variables data

-L↓ T ↓
i

& · 1 -0 =-·- ==
[0j =-/

X-wi=
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Other ML estimation examples

OMim Sufficient statistics

him known
>Tim known

S = 51.- my
- STAT

statistic function of
D+

r.

U
.

meful for
estimation

A
PROBE MATH

function of XES

f : s -> R randomvariable

Probability

*-Nim
-> OML
ML Exponential family

1D1 = w estimation

E sufficient statisticss
catea


