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Maximum Likelihood Estimation for Bayesian Network
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- Joint Probabilistic Model
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priors

appropriate distribution is beta distribution
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• Prim and Posteriors
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Ox

L L L

g. ✗
←
"

✗☐] xD] -
. . ✗em,

✗Im]
,
41m] I ✗Im' ]

, Yeni] / Ox , Ask
i.

"" t.tt
.

""

pain YID TED -
" YEMI 0×10}µ / HINTED ,

- -
- HIM]

,
-54A )

I



knowing the value of one parameter tells nothing about another

④
→µm]→YIM]Ñ"

let G be a bayesian network with parameter . 0=10*1pan - -
' Oxnlpaixni ) .

Plot satisfies global parameter independence if it has form 1701--71>10×-1 Paul HIM] . TLD ) block the u-sememe

anyway, a. game, ya ,gammy
,µm,,p

plox.DK/D)--plOxlD)-plAix1D) }
One we can slow each parameter separately , we can combine the results ( like in MLE)

Plow = ¥¥
= # EEÉ÷¥.÷, .¥iiiÉi÷÷••"%•

.

= # ↳ 10*1Pam :D) . Plllxiipaix:)) ]

let G be a bayesian network over 21
.

D={XIN - XIN] } if plot satisfies global parameter independence
g- ⑧↳ QQ
④→④

PLX-LNHD.yt.mil/D)=fPHKM-is.Y-LMtDQ1D)do--fptxtm-ii.y-LMAO) - plots do

= ffptx-LMH.la/1.PlytmHloy1x.xtmH)PHxk1Plo*lHdoxdo*
DX 04K

= ptxtm-DHxlploxkldox.JO#PlyEMtD/Asix.XtMtD)PlOHxlp)dO*
if the prion fmparms of different CPB are independence
paint] - - Xn[Mtl] / D) = F) PIX:[Mtl] / Paki Kmt] , Ox:|pan I ' Plllxilpaix, I D) dox.im,

• Local Decomposition
Oyhi XENIA

Y '

,?⃝÷④;
④ HYm]=Y Him. 0*-0*1=10

µ
.

*mm
,

¥ Ask and ON are dependent g-non they ( notginny¥
× o Ani and Omi are independent g-non the data☒

\ o PLOW D) = Plow B) - PlantD)
④←o



Plo. D) =

PID.PH/--PloxtPlOHxtmT!PtkmH0xtPly-mHxttD-.Qix1=PlOx1-
↳ 10x ;D) . Roshi) . ¥µµ. Ryan] Him] : Owl

Planet ' ¥-1m]=✗. Plytm] HIM] : 041*1

if b~birichb.tk. - - a.) Plot# OF
" "

plan, )= # tanuki"
"""

Romilly =/ I Plan.pl - PHHD.plognikldoxdo.no
On OH

= If PLOIDI doxdosni
D-✗ 031K

✗ Plant)¥em*. Plytnilxtm] ; Owl

=# OHHHH""") . gy.ppm-ai-YJ.yyyy.MU:P

= Dirichlet ( Lyon -1 MIA:p] , Lynx + MTA:y
'

] )

let ✗ be available with parents U. Plain) satisfies local parameter independence - f-
Plain )=¥µµ, Planet

If the prior Plot satisfies global and local parameter independence .
then

plot D) =T.tt?uxp*,Pl0HplDlpl0lD)=T..PlOx..ipax..lD) llgbbal parameter independence
= T.ly#uakpa*,PlOx:lplD) A local parameter Independence

tf Plata) is a Dirichlet distribution Plant ✗ ¥r*, Qual
""""

then Plata / D) is a Dirichlet distribution Planet ✗ IT pµµ✗×NH+M*×☐

If Utsa parent of ✗ Exam Dirichlet Hmu -
- - hmu ) . Dis amputee dataset over 76

PH-onia-xilu-mat-u.DK?fjI,.I1EIj.uY-,
plxtxtif.li/UTMHI--UiD)--fPlX-LMtA--Xi.Oxia/UIMH--u.D)dO*u

** ¥ÉÉÉÉ¥io=/ PATH-11:/Qiu
,
Uttutifu, D) . plan / UIMH]=u, D) dona

=) Palma]=X:/ Kau , Utena]=u ) - Plain / D) done f
- - ¥ ¥ ¥ ④
( ✗t.mu] 1- D / pm ) Q ④④"] ⑥ "] unknown ✗Em"]

[µ yb blocks the tea :|
blocks the kstructue

④uo
=/ Own P¥¥PMQ done



PIED / A-a } ) → chain rule
= %-) Own TjKivi

""""

¥0BN
""' " done PLDIOxuk.pl {Dutta } ) → ohñmwb.

= G-f p*µd*m -1M¥ "] . ¥,
0*1""

" """""

do"" H -

integrity a polynomial over a simplex
=p¥ .MX#i-M-i-.I.d*-M-xyu

] )

f / ✗* µ -1 MIX:D -11 -1T¥, Miyu +Mtxyill )

=

lz-dx.int/U-LXi.uTXxilu-iM-LXi.MPLXIMtD--Ni/UtMtD--U-D) = Fagin +Mujib

11 Integrity over a simplex
let f. = {⑧i. - a) I 0:20

, 1-10=1 }

Isn A
"
. .

. or do

-4-11=1 OH .
.

. oii flea . .
. -on ) do

Eating
"

Laplace transform. Lls) = fittest de
=L
"

f o." - - OF ftp. -a.) do e-
" de

t-0.tw)
"

=) Oi" . . aim f
"

flt - on - -

-

- a) e-
* dt do

-10 ,-101
" go

¥µ, kik -
- oiiexptsla-i.im do f-

"

otexptsojdo
= It f-

"

o
" exptsoldo =

"

otdexptsol
= [ " """"ti

"

-#"""" "
"?⃝= ¥,

Ét¥
= If; otexptso) do

=¥j¥i
= §

= ¥÷÷" - É÷i (
sina.si#=piEI!-n.y:-.Llt--*-m11s)Soia..-oido--

a) =¥÷¥n:=¥¥¥¥,
y

fam .
. ordo =¥f¥,

• Priors fm Bayesian Networks

In a Bayesian network B over K.fr each var ⑥→④ c-B. ✗ has a set of
multinomial distribution Oran * utvakll)

can set the prior of Qnp as a Dirichlet prion
Anu ~ Dirichlet I #TAH ,

- -

- #Ex: in] )



• MAP Estimation
the parameters that maximize the posterior probably
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