ese Lye/yvy Bayes Nets !

BAYES NETS|

CAUSAL NETS,

INFLUENCE DIAGITANMS,
BELIEF NETWORKS

Bayes ueh ;mw'n(e a genernl Techmigue

r somputing probebilfies o£ ggy%
t:tufcj:tu o£ Varif Iven the

E.g,) Previous "Cold " exawmple tan be viewes
as a .n'ou/ale. Bayes :

Tomt dishubution of the 3 rv.'s :
P(old, Sore-throal| Runny-uose) =
Cvector of & probt. | adding ape fo 1>

velues Ti?i¢ vf the mmfmz vart (‘evidenee’)

cLe &‘H/W?‘ gv. z

BAYES NET ASSUMPTION Any

node
Fo® NETS WiTH A UNIGUE 1800T : | indy
. v . . of it
The joint probebility distribution o

Sugessor

all the varinkles i the net equels " | node,
+Hhe probability O;L the root times the 5»‘{5"
pmbafih‘{y of each non-root nede , iy

renl

'ﬁo‘ven it parent(s). —
¢ the cxamf(c: rob's
Fo ’:L':xsu’:tdlo

:PCFOO( . Ine-'fhwaf, Emmy-nm) = f be knouwn
P (ol )x P(Sore-theoat | Cold)s Plnny-nose | Cold)
Nofe: This rca.[('{ stands fw ¢ cfuaﬁ'au:

f(fo‘(-‘»fm&l &n'ﬂtmr'fme, Rouny -wose = kag)

= Plloldtrue) x PfSore-Throad = t‘m’ Cold = Frce)
. % P (Runny-nesesTrue | Lol > true)

Pltold s fﬁ.llf , Sore-throat » fuﬁe Runny-nose = /‘tlu)

s l = » ‘1‘ T= d [dd' le
P[ Loldl f ale) » p;::;yn:::: :f[’@ld't‘:‘g
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Br our smple "Cold' example, the
Bayes net assuwuption furns out fo be
gg;:’vulcm‘ fo the conditional mdependence
assumgh'og we made ‘vefwz :

¥ Core-Throaf" (s conﬂa{!'ma[ll :ha(cfendmf
of 'Itumcy-lw“', qiven "Colol*
‘P[S"t-ﬂ"‘d [ Cold ) Rmmy-iu:e)
® ?(S.'C"#‘M/W) ) or
P(Runny-woie | Coldl, Sore-Throat)
> P(Runny-wase | Cold)

’ngf . P(Cold, Sore-throat, Bunwy—uase)

< P(Colo) P (Sore-Thrvat [ Cold) x

P(funny-nose I Lold, Core-Thvout )
by ﬁgdw‘-‘f rule

= P(eoldl) P(love-throal | Loldd) »
P Rinny-nose [ Cold)
by ﬂc:nd«.'ﬁ'vf:bl lht;efo)w(me
o‘l ¢ :‘ﬁc wez:z:)m /

9 wen

Q.E.D.

Cse LYi/yvy u ¥

So sinee the assumptions ave the same

as before, e wath of computis
[poskrior probablibes, qcove:?;m Zm’(mu
Crode values) is the same as before

E.5-
F'( Cold | Sore-Throat) ™ P(tolol» true Soe throat = rue)

_ _P(told) p(Sore-throat | Cold)
PLLold) Pore Throat | Cold ) + FCold) ffore Hhroat (o)

Or, using odds- lokelchosd «Pnuu,(aﬁ'au :
O(told | Sore-Throat) = O (Lol L(Tore-throat W)
Simalacly, f both Sywotons are Given :

O(told | .\‘m-ﬂcmz‘, Kunny-uue)
= O(Cold) L (tore-throat | (ol ) L(Rumny-we | Cols)
as before.
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Other sumple exanples :

A
1 ‘Xf“ [}5@
@ mulhiple @

e TR pobtee

BAYES NET ASSUMPTION Any
1) GENERAL ; ",‘-’S‘(C
The joint probabilily sichibikion of | i1tz

all Hhe variables 1w tee ne aiua/t of it
Hee product of root prebabilities |17
+umes the pro‘a‘(lf& ql ench non- agile
reot uede, given ifs parents w’

its

| Forrot X;, Pox¢; | Pavents (%) = PUX:)

o~

?(xc)“’)xn) o ﬁ- 'P[X, l&fﬂfﬁ(x;» E"‘””h_.-

Cse ety /wy B.N. ¢

@(s) =3

P(L19) =S P(-128) =0

a,.06  PeIW=-7, (AN EN A
ronic cough) [P(s,L, &)= P(S) PLISPEID)|

We weight want, e.4., PL10), PESIL), PlLls,0

Greneral (but m ?%'a'cnf) way of
“"P“H"J lmy Un) cond«'ﬁ'onal pmé

. Express the (un) bomdtional ptobah'k'ly (’;m[.,.-.j
in forws of joint probls for all the nods | - 1.

Qe {

2. Use the Rayes net assumption o A
evaluale ;ﬁ Jm'nf pm‘a‘:’t{h‘eg amegeles

- Can oflen simplify () by compuhng odds
f:skil of ’orcba%h‘h'csy f‘d" =

- General algonthms exist thatl cow
wm&'h’wa?,omb& 1. Rauges mek mvle“:;umg
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&sc WY /vy

Ld’s com’utk 4 (LIC) ’ P(Luuramc.{ dhmu't-myy

for the example :
PLLIE)  PLLAQPEO
Fid odte OLLIS) * frcie” PRLAO(p)

PlLrO) = PLSALAL) +P(SaLAL)
> PLS)PLIS)P(ELL) + F(S) P(LIS) Plelt)
= .3(-5)(D) + (08).7) = -125C
PGLAC) = PLs) PLIDPLE[) + P(18) AL $) PEl)
= .3()(06)+ 7(-29)(-06) > - 0Y&]

soe) = THE . zeve

-0Y2Y
LR s 2Ll o[Tze] T3 chaee

Compute P(S(C)= PlSmoker | Curmic-cough)

" PRs[E) T Plas<o) P
= PUSALaC) + Plsa L atl)
PlrsaLat) + P(xsalac)
= 3(SUD+ 3(D(06) _ 99
~7(-08)(:7) + .7(- &S)(. ,‘) =
L PesIe) = 1.77/2.10 =(_€3%] LYJe chance me,

Skee

8.0, &

Cse LYy/vvy

Finally, let's compute P(L(SpE) =
p(uug-mr/fmkcn Chironae - ”“d[‘)

_ PlLIsAO) /’(L‘s‘c)m
O(L[sA¢€) = p(wLISo\C,) P(LASaL) /LETRT)

= PP Plely) | 3()(-1)
P(S) P[LIS) Plel)  -3(s)(0)

PLIsae) = 167/1z.61 = [ Gzi| 427 chance

* xR

I reel applcawfunx The uefiworks cau have
kundresls of woles, with bk 7’ “om&/n"

=l-67

etc. feronce exponentinly
com.plex (v B nooles)

in worel oalel .
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TNFERENCE IN RBayes NETS

° Mrcuofy saw a genem| (but inefficient)

wetho

o Relfer methods dcpena[ ou sysfém(z‘c

use of the dmlcgeudenee assumplions
implicit i the Bayes net assumgphion ;

A set of nodes X 1s iualqocm(ad'

a scl‘:énodet Y given nodles E’{
IF (ﬂwy are "d- scramdal 9

every vndirected ,Mﬂ‘ conneching & noole

e X wnth a node in Y s dl;’CCgﬂJ or

inelirectly blocked by E

divect
X E_ | ,~blockege Y
O "~ ' -0

O~

one such blockesd
node on emch ruﬂv.
it sufficient

¢ inslepenolente

cse zw2 /ﬂ'l/v UL

waolivect th3¢

Tnferevise in B-N. 2z

E.)  [Eq| e dinct blockege
EF V) JoX c'm{ep-'f Y, 7¢VeuE
! P(X|Y,E) = P(x|E)

N~ dlivect ‘lm‘ka!e,

ESj ) &—— unblocked
— . through here

L Plx(y,E) # P 23]
unblockes ’Mﬂt 'ﬂwough/w!

Ig{crencc m S‘ligg_(g_'conneda/ networks
(polyhrees)

o Ouly one undwected atl. between an
'h:loﬂ nodles F 4

® RN develop o recursive fomula ﬁr

F(x IE) _
for arbrhary Ais jomt sefs a/ uodes X, € n polytree




Lse L2 /avy JYYY Inferente m B.W. 3

They do Thas w3 skgac :
= Express POX(E) tn ferms of
P(EsIX) and P(X|EX)

7 :
Lokelchood lfkeldkwa( Of X ) g,
“evidlential Yoo ik "tamnl cuppert” Ex
given X

E -nosles conneckd E-uosles pommecked
fo X via X chaldven o X via X&s parents

- Express P(x([ES) recum'/dy m ferms o)l

PV: [ES) where the U, are X s grcnf;
(also use the gck« network preb’s P(x [U,U;,-))

~ Express PeES(X) recam'vel? m ferms of
P[E\;‘.I‘I;) where He Y- ave X's ehilalven )
andl m terms of P2, [Ez\v.), where

g are the pareuts c?f X chilol Y., ad
Ez;\Y; are the E-unodes connected +o Z,;,
except via Y,

C5C Tz 299/ 444 Inference m B.N. ¢

e Details - see P Y7 - ¥t [ﬁa_uccqf fo rﬁu/.v m deteccl)
& Ang{ﬁam bared ou these recurtions : pHs2

o TZarl (1982) aud K & (2ar( (1683)
devised a “message -passing’ algorithm
for polytrees, with prz;,az'ou a; e Lges
starbing at evidenee uodec. Has I/‘lﬁu{
S;mc'lun"y fo newral nelt .

_'_Gcferwec I Hul*t:[oty- Lonnected Netwerks
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o (utset eowdihommng - s Lt net mte
'odyhe&r (omH)nf P

e StoctAstie SiHuLATION

One swulation
- Choose velues for the roof nodes rndowss,
using the gfvc« rost probabililies
= Repeat unkl all nodec have values :
seleet a node all ql whote ,oarcm‘r have
vadues | but whith kas no wlue yet;
choose a velue for it randowly, wsing

the gci/m eonditional prﬁhh'&#“ :
Do many somulations
P(x=x|E=e) =
# cimulnhime for which X ex & E e
e stmulations for whieh € =&

© Betler: simulahon with LixeLinood WEGHTIVG :

Whew assigming a value fo an E-uode, Juit give
it the kunown value (novrandomly) . 2ut mul p?
the weht of the simulation ( M’ﬁ‘:&, 1) by the
eorvesponding probability,

Lae tHz /29 [y Inferense in B.N. ¢

EXTENSIONS, APPLICATIONS

o Cﬁ‘eu exteunded +o ,oroéaéc'&'(y wmtervels
usimg Dem‘oskr - Skafer belie! Lunctions .

That's what “bc&’e{ netwerks" wioct eomuan{?
refer fo.

® Extension +o fﬁti‘ﬁi«_e&/ﬂ."‘_/ﬂ@iﬂ
autsian slishubuttons) . Mixing witt
discrele variables not lly wunslevsteod .

Many ruccerrﬁd aﬂa!&ce/t'om i medicine 2,
geological prorpcch’u, , mSuranes um(erwn'h‘n&
web 5"0505‘1514 (bs Ho’crorof( tevectmeent n Bhie)

€.§.) PATHFIDERT ( Stanford, lake £%) cufperfors
(locuh'ug expers in [7-‘905: nolle pathology .
ne Jz w'" areéas hology ; &
Aisen es, /190 qmphm/zmgw ,M/,aap prob’s
Es., LPsc projecf (Pradhan et al '?¢)- mfernal
mesticine (hundreds i olitentes, Fhouseds
of sonditional preb. v )
3 mn for stoch. som. with kel hood waﬂ.'fml
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DECISION MAKING USING] exss
PYTU-Z
INFLUENCE DIAGRAMS 16

Simple example a,[ decision problew: sky-diviy

Friewol mvifes you fo go parachute
jumplhs m{fk Al;(‘ Da yva 70 ?

Tone - true, false
true, falte +hl:{i§: misery,

Regutt
I . Y
Jump  Survive Experiense | @rob  Utility
T Tweill P w TN
—iooo_ |

———
. T Misery -2
Log b .qu
[2] { -

Thrll .
E X -000%s 1-700
3 auhq -00005 =100, Wl"%
Result
1 "
T“MP Survive Expenenee | (rob ULy S
T 002 1000 |

— Thrill
;= Miser 00 2. -1200
I 996 100
- 5 el
F Misery 000000005 |-100, 00!, 000
E _Blalh | 000000002 | -(00, 000,000

Infersnce m BN 8

cse 2T (299 ) wvy
Expected Utilcly of an ackion ;

EU(Tuwp) = avernge uklily we would get
f far adﬁnn'@,gmy repethions
the ackion (always starfing
in the came Shak !)
= Sum of whlbties for all porsible
resulfs, with each utile
wecghted by its probabl
= & P(Result; | DolTump) U(Result;)

= . I5(1000) + . . . +. D0OOS (-100,000,000)
=[FT% wsTaq]
EU[-tJZ(.up) = . 00Z[1000) & .- + . 000000DOL (/00,000 060)
=[qz-20 |

oc DON'T TUHP |

T general, there weay be factors other tham
the “desisions) which influense the possible resulés

[EUCAIE) = Z P(Resul; | Do(A)E) U (Rea.-) )
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E.q., Siting an airpert (sec (6.5, fext
=.g9,) Sitmng an arp [sec eug

Arport
sriph

Tinfluence Diagram (Desusion Network)

| decision node
c chante vosle  (Baes el am(c)
Q Uk‘h'{-y; node

We now nees i .
- preb's of chanee noder, given fhe ymmechinde

cawses and deeisions #ea¥ influence Thew
- uhilihy fables
For bes! dlesision, cvaluate network & expecied
whlidy for cach possible decisiou (allownn forevilency).




