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Jlornyeckum noaxon,

V p CumntoM(p, 3y6HAaa 60J1p) = bone3nb(p, 4ymi0)

V p CumnroM(p, 3y6Hasa 60J1b) =
bosiesuws(p, gymio) V bone3nb(p, gecHa) V bone3nb(p, HapbiB) V ...

V p bonesnb(p, gyrao0) = CumntoM(p, 3y6HASA 60.JIb)
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[ToUYMHBbI Heyaa4yn




[ToUYMHBbI Heyaa4yn




[ToUYMHBbI Heyaa4yn
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[lpaKTUYeCKoe HeBeXKeCTBO



NTor

CTeneqb
YBEPEHHOCTU

CTaHAapTHbIN annapaT: TEOPUA BEPOATHOCTEN

(cymmapHbil y4ém HeornpedenéHHocmu,
803HUKarOWelU U3-3a /1eHU U Hesextecmea) 1

%
=
N

)



ba3oBble MOHATUA TeopUn
BEPOATHOCTEN

A npeanonarato, 4To Bbl 3HaeTe, MOMHUTE U NtobuTe
cneayrowme NoHATUA:

* BepoATHOCTb

* He3aBUCMMOCTb CODObITUM

* YcnoBHasa BEPOATHOCTb

* CayyanmHaa BeNUYMHA

* PacnpepneneHne cny4anHom BeNNYNHDI
* [MpaBuno baneca
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[lomep BEPOATHOCTHOTO

BbIBOAA
r T ]
toothache —toothache
catch ~catch catch —catech
cavity 0.108 0.012 0.072 0.008
—cavity 0.016 0.064 0.144 0.576

Plcavity A toothache)

P(cavity| toothache) = P (toothache)
N 108 « 0 0172

o P(Cavity, toothache)}

+ P(Cavity, toothache,—catch)]

= <0.12,0.08> = <0.6,0.4>

P(Cavity|toothache) =
= o [P(Cavity, toothache, catch)
- o [<0.108,0.016> + <0.012,0.064>]
P( toothache)
0.016+0.064
= 0.108 + 0.012 + 0.016 + 0.064 — V-4

—

FiowwaviLy | toocnacng) =

B




BepoATHOCTHbIN BbIBO/,

Obo03HayeHus:
* query variables X;
* evidence variablesE, E,, ..., E

m

* Nonevidence (hidden) variablesY,, Y,, ..., Y

m

P(X|e)=7

AN
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ANTOPUTM BEPOATHOCTHOIO
BbIBOAA

AHanns ana n 6yneBCcKUX NnepemeHHbIX

CnosxHocts no namsatv: O(27)

CnosxHocts no spemern: O(2")

A\
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He3aBUCMMOCTb

P( Toothache, Catch, Cavity, Weather) = P( Toothache, Catch, Cavity)P(Weather)

Toothache Catch
Weather

—

decomposes
Into

(b)

decomposes
Into

Cavity
Toothache  Catch

(a)




YcnoBHaA He3aBUCUMMOCTb

P(Cavity|toothache A catch)= o <0.108,0.016> = <0.871,0.129>

.
P(Cavity|toothache A catch) =

o P(toothache A catch|Cavity) P(Cavity)

-
P(toothache an catch|Cavity) =

P(toothache|Cavity) Plcatch|Cavity)

e
P(Toothache, Catch, Cavity)

= P(Toothache, Catch|Cavity) P(Cavity)

= P(Toothache|Cavity) P(Catch|Cavity) P(Cavitv)
S



Pasmep npencraBneHu

n ycaosHoO HE3aBUCHMMbIX CUMNTOMOB

CnoxHocTb no namatu: 0 (n)

HanBHasa bamecoBcKaa moaenb:




BanecoBcKasa ceTb

G"E:IHID
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CeMaHTUKa
banecoBCKOU ceTu

n
P(xq,..,x,) = 1_[ P(x;|parents(X;))
i=1

[Tpumep:

P(7AmAaA-bA—e)
= P(jla)P(mla)P(a|-b A ~e)P(—b)P(—e¢)

= 0.90 x 0.70 x 0.001 x 0.999 x 0.998 = 0.0006"2.




KOHCTpyuUpoBaHue
banecoBCKOM ceTu

P(xq,....,x) = P(xy|xp_1, e, X1 )P(X0y_1, o) X1)

P(xq1, ., %) = P(xp|Xp—1, -0, X)) P(Xp—1|Xpn—2, o, X1) .. P(x3]|x1) P (x1) =

n n
— ﬂp(xuxi_l, o xy) = ﬂp(xi|parents<xi>>
i=1 =1

P(X;|Xi—_q, ..., X1) = P(Xi\parentS(Xii)E



KoMnNaKTHOCTb 6anMecoBCKUX
ceTeu

[1yCTb:
KonnyecTtso Bxoaawmx pebep He bonbuie k
n 6yneBbiX NnepemeHHbIX

Toraa:

Pa3smep npeacraBneHus: Nn2% uncen
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[MopanoK nobasneHmna y3nos

MaryCalls

—

JohnCalls JohnCalls

!

Burglary @@\

(b)




Tononornyeckaa cemaHTUKaA
banecoBCKOU ceTu




BepoATHOCTHbIN BbIBO/,

Obo03HayeHus:
* query variables X;
* evidence variablesE, E,, ..., E

m

* Nonevidence (hidden) variablesY,, Y,, ..., Y

m

P(X|e)=7

AN
29 g4



Inference by enumeration

P(Xle)=aP(X, e:=u\ P(X,e,v)
Y

[Tpnmep:

P(B|j,m) =aP(B,j,m) =« Z Z P(B,e,a,j,m)
C a

P(blj,m)=ca ) > P(b)P(e)P(alb,e)P(j|a)P(m|a)

e a

00[]\\



CNOXXHOCTb aIrOPUTMA

CNnoOXHOCTb ANA ceTn ¢ n byneBbiMM NepemMeHHbIMU:

O(n2")

OnTMmunsauyuma:

P(blj,m) = a P(b) E_: Pl(e) }__: P(alb,e)P(jla)P(m|a)

LE !

CNOXKHOCTb NO NaMATU: O(n)

CnoxHocTb no spemern: O(2") =

29 g4



[Tpouecc BbIMUCNEHNN B
aNropuTme

P(—alb,e) P(alb,—e)
05 94

P(jla)
90

O
P(mla)

.01 d) 70




The variable elimination
algorithm

P(Blj,m)=aP(B)Y Ple)Y Pla|B.e) P(jla) P(m|a)

N T S T S et N e N
B ' 2 A J M

Npoea anropnutma:

NnHamunyeckoe nporpaMmmmpoBaHue
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CNOXXHOCTb aIrOPUTMA

Tun cetwn CNno)XXHOoCTb
(no BpemeHn n no namaATH)

Singly connected JInHenHas
network (polytree)

Multiply connected JKCNOHEeHUMANbHAA
network

29 g4



P(S+R=x)
£t 2f ot JF

08 .02.72 .18
10 40 .10 40

P(W) P(W)

99 99
90 £l 9
90 ; 90

00 | 1 00




8@,
ST

EiiE
iy

F

P(C)=.5 | &8 4
P(S) P(R) y
80
S0 20
Dire
s R|PW - - -
t t| .99 -
t f | .90
f t] .90
for] 00
P (Cloudy) (0.5, 0.5) true
P (Sprinkler | Cloudy = true) (0.1, 0.9) false
P (Rain | Cloudy = true) (0.8, 0.2) true
P (WetGrass | Sprinkler = false, Rain = true) | (0.9, 0.1) true




[Touemy 310 paboTaeT

Fi
Sps(xy...xn) = H P(z;|parents(X;))
1=1




Mckntovyaem BbIOOPKU, B KOTOPbIX HET cobbITHA €

d:
‘Q



Likelihood
weighting

P(Rain | Sprinkler = true,WetGrass = true) =7

1. P (Cloudy) = (0.5,0.5) - true

2. w = w=x* P (Sprinkler = true| Cloudy = true) = 0.1

3. P (Rain | Cloudy = true) = (0.8,0.2) — true

298>

4. w=wx P (WetGrass = true | Sprinkler = true, Rain = true) =§G‘99



[Toyemy aT10 paboTaeT

Sws(z,e) = II P(z|parents(Z;))ll w(z,e) = H P(e;|parents(E;))
i —1 i=1

m

Sws(z,e)w(z,e) H P(z;lparents(Z H P(e;|parents(E;))
= 1 =1

P(z,e) ,

A\
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Markov chain
Monte Carlo (MCMC)
algorithm

P(Rain | Sprinkler = true,WetGrass = true) =7
Cloudy - true, Rain — false
|[true, true, false, true|
P(Cloudy |Sprinkler = true, Rain = false) — Cloudy = false

|false, true, false, true]

P(Rain | Cloudy = false, Sprinkler = true, WetGrass = true) — Rain = true
|false, true, true, true| Q ’,



[Toyemy 310 paboTaer - 1

M (X7) = z“t(x)CI(x - x'), rae

X

;. (X) — BEpOATHOCTb HAXOAMTCA B COCTOAHUM X B MOMEHT BpeMeHU t
q(x = x") — BepoATHOCTb Nepexoia U3 COCTOAHUA X B COCTOAHME X’

PaBHOBecHOe pacnipejiesieHUe BEPOATHOCTEN: Ty = Tt

vx' m(x')= ) mlx)qg(x - x")
2 <

29 g4



[Toyemy 31O paboTaerT - 2

Property of detailed balance:
vx,x" m(x)q(x - x") = n(x)q(x' - x)

Torna T(x) - paBHOBeECHOe pacrnpeneneHune
BEPOATHOCTEN:

Vx' Z m(x)g(x - x') = Z m(xN)g(x’ - x) =

X X

= n(x) ) q(x' = x) =) <

29 g4



[Toyemy aT10 paboTaerT - 3

Gibbs sampler:

- Sa—

. PR T
JIX — x')= {q {_{Th Xi 11 — \I;, Xj } ] = [ (Z; X, 'E']

X; - NnepemeHHan gns reHepauunu

X; - BCe OCTa/IbHble CKPbITble MepeMeHHbIe

B 3TOM c/nlyyae paBHOBECHOM byaeT anoctepuopHas
BEPOATHOCTb:

N Cor ol o) Do o= | ST T
7(x)g(x — x) = P(x|e)P(x;[Xi, e) = Plzi, Xi|e)(x;[X;, ¢)
= P(ziX;,e)P (X:le) }'(r’: X, e) (using the chain rule on the first term)

P(r:f%, e) Pk”"; Xi|e) (using the chain rule backwards)

m(x)g(x' — x) .



[Toyemy 5710 paboTaeT - 4

Markov blanket:

* Poautenwu

* [leTun

* Poantenu pneteu

OETSANNN (' |X;, e) = P(x.|mb(X;))

PaKT No2:

P(x;|mb(X;)) = a P( v |parents( X;)) x lI P(y;lparents(Y; )

Y;eChildren(X;)



Temporal model



Ob603HavyeHuA

* X; — MHOXeCTBO HeHabntogaemblX CAy4YanHbIX
BE/IMNYMH B MOMEHT BpemMeHun t

* E; — MHOXecTBO Habntogaemblx CIy4anHbIX
BE/IMNYNH B MOMEHT BpemeHun t

b
Xan = | JX
l=a

AN
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[lpeanonoXxKeHus

[lpouecc:
* CTauMoOHapHbIN

* MapKOBCKUM:

P(Xt ‘XO:t—l) — P(Xt ‘Xt—l)

Moaenb HabnogeHus:

P(Et ‘XO:t' EO:t—l) — P(Et ‘Xt) ﬂ:;'



BanecoBcKasa ceTb

R,y | P(R)
t 0.7
f 0.3

R, P(U,)
09

mbrelia, D @mz@ @mbrella, >

I

P[KD,Xl, . ,XhE] i n ,Ef) - P[x[}) H P[:X”X-i--]}P(E{EXi}




Inference in
Temporal Models

Filtering (monitoring)
Prediction
Smoothing (hindsight)

Most likely explanation

P(xl:t | e1.¢)




Filtering and prediction

PekypcunBHoe BbluncneHue Filtering:

P(Xie1/€1.41) =P(Xit1]ers,eqrq) (dividing up the evidence)

= aP(ep 1| Xse1,e1¢)P(Xr1/e:) (using Bayes’ rule)

= aP(e;(|Xe41)P(X¢1ley4) (by the Markov property of evidence)

PassépTtbiBaem Prediction:

P(Xerilers1) = aPer1[Xerr) Y P(Xpralxy, €1:4) P(xqler)
X

= aP(e;11|X¢41) EP[X:%Hlet'}-fj{:xe.lﬂl-_t_} (using the Markov property).
Xt




-----

Smoothing

= P(Xg[€1k,€h+1:t)
aP(Xylers)P(ex 1./ Xy, €1) (usingBayes rule)

o' P(Xg|e1.)P(exr14/Xp) (using conditional independence)
= ofypbria,

P(er 1::|Xk) = ZP(ek+1;t1Xk,xk+1)P(xk.,-11Xk) (conditioning on X 1)

X+ 1

= E P(ery1:4/Xg+1)P(Xk+1|X) (by conditional independence)
Xk+1

= Y P(egs1, €424/ Xp+1)P(Xp41|Xk)
Xk 41

= ) PlepslXns1) P(@hr 2t Xps1)P(Xp 41 [Xk) (35.7)
Xk41



Rain |

true
(a) <

false
Umbrella; true

(b)

Rain, Rain,
frue X [rue
false false
true false

false

0361

rrue




CNOXXHOCTb a/ITOPUTMOB

Ha3BaHue 3apa4um Bpema | NamaTtb

Filtering (monitoring) O(t) 0(1)
Prediction
Smoothing (hindsight) 0(t)

Most likely explanation O(t) O(t)




Forward-backward algorithm

Xouetca y3Hatb P(Xj | e1.;) Ana Bcex k. Yto genatb?

Forward-backward algorithm:

1. Forward filteringor1l ot
(3anomuHas pe3ysnbmamel 8bl4UCAEHUU)

2. Backward recursionottno 1

CnoxkHocTb Bo Bpemeru: O (t)

CnosxkHoctb no namatu: O (| f|t), rae |f] - pasmep
forward message (

29 g4



Hidden Markov Model
(HMM)

HMM: cocTtoaHne —oaHa ANCKPEeTHaaA CaydyanHasa BeJIMYNHA

P(X; | X;—1) — maTtpuua T pasmepa S X S:
Tij = P(Xe=j| Xemq = D)
O;: Ha anaroHanu P(e; | X; = 1)

[Tpnmep:

AN
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dneraHTHaA 3anucb OPMyn

Forward equation:
Backward equation:
Forward-backward anropmntm

CnoxHocTb no Bpemenn: 0(S4t)
CnoskHocTb no namatu: 0(St) <]

29 g4



YnydleHue and
forward-backward algorithm

Ha KaXKaom ware HyXKHO 3HaTb U f1.x U D g1t

Forward-backward algorithm:
1. Forward filteringot1 not

(He 3anomuHas pe3ysnbmamos 8bl4yucaeHul)

2. Backward recursionottpo 1

f1.0 =/ (T) 7O Fes

AN
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Kalman Filters
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Moaenb

O6HOBAEHME COCTOAHUA:
Xeopn = Xp + XA
AAANTUBHbBIN FAYCCOBCKUM LUYM:
Xeop = Xi + XA+ N(O, 0)
P(Xern = Xesn | Xp = X0, Xp = %) =

= N(x; + XA, 0)(Xt4p) q

29 g4



BanecoBcKasa ceTb




OAHOMEPHbIN C/Iy4an

L0 — M)

fT=




OAHOMEPHbIN C/Iy4an

Filtering:

29 g4



O6wmnmn cnyvyan

Bce pacnpeaeneHns HOpMasibHbIE:

P(xpr1]x:) = N(Fx¢, ) (Xe41)
P(ze|x¢) = N(Hxy, 2.)(2) .

Filtering:

(I— K1) (FEFTT3),)

Ki1=FSF +S ) ) H (HEFSFT +3,)H 3



TpyaHoCTH
PACNO3HaBaHMA peyn

* lllym B AaHHbIX
— POHOBbLIN LIYM
— LlUym oT oundpoBKU

 OAHO CNOBO NPOMU3HOCUTCA NO-Pa3HOMY
* A pa3/inyHble cnoBa MOTYT 3By4YaTb OAMHAKOBO

[Tpobnema pacno3HaBaHMA peun —
npobsema BepOATHOCTHOrO BbiBOAG!:



Ob6Lwan NnocTaHOBKa 3a4a4n

max P(words | signal)
words

P(words | signal) =

= a P(signal | words) P(words)

dKYCTHUYECKad MOZEJ/Ib A3bIKOBAA Mo,qenav,
§~




AKyCTn4yeckaa moaenb

HYacTtoTta agucKpeTmsayum:
* Peyb: 8-16 kHz
* My3blKa: 6bonee 44 kHz

KosdpdnumeHT KBaHTOBAHMUA:
8-12 but

MpeanctasneHue peun: 500 K6 B MUHYTY

AN
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AKyCTn4yeckaa moaenb

CBOWCTBA CMTHa/Ia CYMMUPYLOTCA NO ghpelimam
NnnHa dpenma: = 10 mc

Features:

* Ko/sIM4eCcTBO 3HEPTUU B OIpeleJ;IEHHOM
4YaCTOTHOM JiMamna3oHe

* O61IEee KOJIMYECTBO 3HEPTHUU BO ppeumMe
* OTZiMYyMe OT peabIAYIIEro ppernMa

AN
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[Tpnmep

Analog acoustic dgnal: — -

SRPRO T IR ||| ..n\hhm.
digital signal: | I II‘H

5 3¢ 22 63 2 2 73
l[:ll:'-_‘*.“.l | b3 -l' :IDI |

Frames with leatures: I 0 0F 11




AKyCTn4yeckaa moaenb

KonnyectBo BO3MOXHbIX GPENMOB:
256"

[pobnema: Kak xpaHutb P(features | phone)?

* BeKTOpHOEe KBaHTOBaHMWe:
VQ — vector quantization

* [lapameTpusaumna pacnpeneneHuA:
Mixture of Gaussians: 0(kn?) napameTpos

<

29 g4






Output probabilities for the phone HMM:

Onset: Mid: End:

Ci: 0.5 C3:0.2 Cy: 0.1
C5:0.2 C4:0.7 Ce: 0.5
C3: 0.3 Cs: 0.1 Cy: 04




I ERELEELRIE
M30/INPOBAHHbIX CN10B

P(word | e;.;) = aP(eq.+ | word)P(word)

AN
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[lpegnoxeHunA

P(wy,..,w,) =

P(wy)P(wy [wy)P (w3 | wywy) ... P(wy |wy ... wy_q)

n
ﬂp(wi Wy o Wi_q)
=1

Bigram model:

P(w; | wy ...wi_q) = P(w; | w1 %



Pacno3HaBaHWe peyn

1. KombuHmposaHHaa HMM

CocTtoAHuUA: [m] g(;lrgzgtto

2. Anroputm Butepbmn — HanboJiee BeposTHad
[OCJIeJ0BaTEJIbHOCTb COCTOSIHUU

3. I3BneKaem nocnenosaTe/ibHOCTb C/I0B

Ho 3To He Hanbonee BepoATHaA Nocaea0BaTe/IbHOCTb /108!



Oexkoaep A* &

OpneHTUPOBAHHbIN rpad:
BepwwuHa: c10BO

Pebpo (w1, w,): cnOBO W, MOXET NATN Nocne
cnoBa wy

» CtoumocTb pebpa: —log P(w,|wy)

Cost(wy«..1 | —Im_, P(w;|lw;_;) = —log 11 P(w;|w;.

.ﬂ

1 =1

29 g4






KOHTaKThI

Nnba JIbiIceHKOB
ilya.lysenkov@gmail.com
http://twitter.com/ilysenkov

Knyb Computer Science and Its Applications:

http://groups.google.com/group/computer-
science-and-its-applications



