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Max Likelihood Principle ¥

ML estimation for arbitrary discrete distributions
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Reading: Ch. 4.1, 4.2



Other ML estimation examples QN
o gnd doda.

Ex- :
ZE) huiead Piol Ry =0 ‘ng’
% g tyeon = A ~
9) x= eslor imaqe (wndosorved) o
o(oswvm’(

Y < B/ e sbrrerved

2 Y = low respluhion (X)
% gl —I— wnoleserved

XN — 2 Y&
!
3) welo,\, 2y - =S = op0 (M)

i
S&W\?QL }S‘le,.)ﬂww?ﬁ’ﬁd .E”
y'= K owed 2 & "j‘\"'%t 7\‘
R ooann



Other ML estimation examples “U'W‘M - %OWI/O\)
) X € KO \ Z ”'3 -

Sawmplt K'XD N? ‘ 2 o
H—KWQ© j RO L oo

ML Prncple .
LY ) = Y \X)r_‘\:\’?(m\x)

Pk TL . ok
?[‘1=Olh'}=?{xwl}q: Aefor)
“Wﬂ*ﬂ.ﬂ* - RLIx o L s

_ Z (\-X) 7\16 A R RO
=0



-]
2
2

3

X

=

ecture 1l Max

STAT 391 GoodNote: L

Other ML estimation examples - cowmeored  daka Cm)
PLy=r 0] = DRl

=0

\ p _
=“?Y‘i‘f"ﬂ= l\—-—)‘—_\_/}i—\—_\j\ < ?{\\' OD“J

1} Syl
O BN

L =
LMET AR T o
N
:;\‘jo §:=L ) j‘j'f(
woo e (N
foq-L L) = 2y Amd—w (el —) cme
=
FW\W
L09): 0 w =0 M
ﬁ“ﬁ——*) L0N= 5 " hn PR
Ae(o) Lt e
N s Mo



Other ML estimation examples = apuaoued Jdafa (Cﬂ\,{k)

ad.wayd
v~ 008 =1 ’7\\1\\4
conle —s LF BL>a o angnot )
> k !\ o ‘)\é,[:ovq CDM‘%
: doline. @
QO | w) qeom (6N
\ &L !
) " \ ! 3 ok et
0 AL 4 A dote
3 {\ o
V\\ Ev %\\/QN\' >\,

—_— ___’?

©

g
3
e

]
E

8

3
S
b=
a
it
<
=
@«




-]
8
2

£

=
=

STAT 391 GoodNote: Lecture 1l Max

ML estimate as a random variable
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ML estimman om variable (5

Probability of observing outcome 1 k times
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ML estimate as a random variable
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ML estimate as a random variable
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