Probabilistic Graphical Model

http://freemind.pluskid.org/machine-1learning/probabilistic-graphical-model

XANEE BT — 10 ¥ 6.438: Algorithms for Inference W14, HLTAI RS
73N Z5#T /& 55 T Probabilistic Graphical Model (PGM) [, LARTX) PGM
BT R T = IR, i X MR T TR, TREEIRA
OB SICZ AT A — R R A S . AN XA AR Y HSe 2y 3|
BN 2R AE R %, Y6 Daphne Koller i 134X «Probabilistic Graphical
Models: Principles and Techniques» [ T1%L (1280) MLALE [, 1fiH T
HIEA — T T 6.437 IR IR R IRFE (BAATIESAS L L), AT
MANFRATIAE 6.438 HLA2 B AR PG H 52 U B iy —/NEB g o, B Hax A4
field HHTWAIIAEA T ZH IR AL . FrLA, RIAER R I sk
1977, WATTRETE—4S blog B cover 2L N 4F 1, “BIfEETS
R RERER FME D2 )G, AT EREE AR @0

—BIE PGM LT N =5 TR -

1. Modeling
2. Inference

3. Learning

T I8 A BR84S Mk /1 48 Conditional Independence. Bayesian
Network~ Markov Random Field+ Factor Graph JX263EARMEE T, FRATE
Bk N\ Inference——tLif & BRI A i o BT 18 Inference, 49A—
J7 AT A A R B ARRE TR %X, Ui 7 HS R fE4hE —1
L2 B A4 (Joint Distribution) HMEHN T, THE R H Y
BRS04 (Marginal Distribution) 170X B A ¥ M 2 Learning
ZRHIARMY, B RAERE AT

tetn, & E—MAE% trivial B9E]F, PA8HE X A1 Y /Y Joint Distri-
bution 4 Pxy(x,y), FAZK X Y Marginal!

Px(x) =} Pxy(x,y)
Y

R i A1 B [ Inference (BT FERIFGBA LB AR,
e RAME o 58 N RIANTRE — MR — Bl k1
Ar7~ B—1> Hidden Markov Model (HMM).

i X; AR § KEWRALONE, MY AREREE § RS R B B
TEIRERE (FE4E. Mg RED . B REELAERBEIR KR (Causality),
FAMEREIRALEE ¢ K 0] WP AR Ol 50 2 U T AR R f.0 , ke,
W DEALF B35, A BB R RE SR 0.7, &7 I [l BB A O B3R 2 0.2,

posted on Free Mind on December 24, 2012
generated with pandoc on December 3, 2015
category: Machine Learning

tags: Probabilistic Graphical Model, Learn-
ing Models

AT B ML L T IR AT B B B i
AR BEAL AR f, DAY s P SRR AN A2 R
Ire AW NEBARITE LR, B
BARINAFS BRI 5% TR 70
SR AR BT Y

ooe
ORONCO

Figure 1: An example of Hidden
Markov Model PGM.


http://freemind.pluskid.org/machine-learning/probabilistic-graphical-model
http://freemind.pluskid.org

TEAN IR AR AS 0.10 2RI, FRAUBLEIRAELS i KO Kz 3]
HI—ROOME RS2, AR e ¢ . HHIRA MBS MR Joint
Distribution & E A1 o

MEXFEREOLR, tedn, RATEZERTEERAESS 3 REVOE, REE
H X3 1 Marginal Distribution RIA] o XFINIA ] trivial #]7—+F, 2
I RFNRIATIR 2] o @ HE O N FRATHY Inference JEAEFEASHATHY, 1M
SETFELS IS 8] —LE Observation. HLHIIXE | FRATHA BT SRR
TRT ARSI AR e Y, R g R R BB A IE DL T2, “HRImX
PR BRI TR B A B O, FRARHEI— R AR IR 2 AL I JX A
(] K AR T AT T SE A JE H 1Y) Inference T : XfHE—F, BFIALSE
WGy WENGET] HEE AR TORI S, MBI IR IC N. op

AT Observation (t8,F4f5{ Evidence) /)5 Inference 1% 2575
R, BN

P Xy, 13
Py Y3(Xl|]ﬁ) = M
i Pya (93)

XERATH MR EICE Y2 £8 Y, Ya, Yse §; R RY;
Observe E|HJ{H. 7] LLA 2|51 B S B & — > Marginal, 7] LA
SRR RSRFE It B8 BHit—b MRS, BT Y 2CH8, ir
PR S B — P REIN E, BERESSSEN BN AT —T
normalization, RS R E R E— D SRR CRINET
—)o FrLAEBRIFE B HEIRA TR AA R T LM a5, Tifes/s—25
Y FF— T normalization 7] LA T o LA, 4 Evidence I Inference
(HERFNFRA TR LA PERY trivial HIFF—FE, HE&—PRMMME.

AT AN MR IS PGM IR A 2R ? ©_"bbb AT LAWE,
WCER SR IXAERY, AR Inference AF R 1 SKATHY [A) 8, (H 2 HSIRANH,
AT DARIEMER) . Heanisd, FN AR LD, AR~ 30 K
RS T, FHEEOR Py, 1IX 1 Marginal®:

Py, (x30) = ) Pyao y30 (2%, 13%)
229430
BN X HEUAME, Y BUC=AE, 2T — N X AR &
SRR, T BTSRRI ERHE 1023 XA E0E R b iz bt
BT, XARVIRIRBIONED o fEPIpE 28It R H Joint Distribution
Jr B W R R EERR A TR AT

HARIEATRTE A, #44> Joint Distribution /& P LAZMi X FE I RE
T

A LLRAR, "HRFR, BREARFK.
IR 52 42 BLIR T R AU BT I IR
i

SRR T AR A H 7 BUEE AR ][] 3
PERARERTE MBI, B R SR
FR T3 2] marginalize £



30

chlsorylso(x%o,yfo) = Px, (x1) Py, x, (1lx1) T T Pxyjx,, (xilxio1) Py, x, (il x:)
i=2

TR RIS rT LA I 1 FOR R i o HEZ JE T R n]
DRI T, N TRl s KK T, HANXEIEEPRAEDL:

Px,(x2) = Y Px;xvv, (X1, %2,41,42)

X1,Y1,Y2

=YY Px, (x1) Py x, (y1121) Py, (x2]x1) Py, (2] x2)
X1 Y1 2

=) Py x,(y21%2) Y Px, (x1) Py, x, (x21x1) ) Py, (y1]x1)
Y2 X1 Y1

] DUE S FRAT T EEAR P SR AR Joint Distribution B 254443 iR T/~
[ L5 59 HE SR sRoF T o T A2 2% Bt MJOR A FR R0 A% 1l T BRAE 1Y
~FIT

ﬁﬁ{[]ﬂ U\TEZI@%%\E% Myzﬁxz (XQ) s Eé%ﬁﬁj\lﬁljﬂ Mylﬁxl (xl) ,
T BRI

Py, (x2) = My, ,x,(x2)

BT AR LU HMM 1 Graphical Model _F FLESH FEHBE HK
W 2 fow, A TX AT T R i SE RS AR B AR R <R BEfT
ST SR 5 18 M SRR Y 25 SR 25 20T Message 477 2 Propogate
SR (Xa) B T My, x, (x1) BOREROIE 2 2 7ML Y, 5
Xy W ST, o Xy, 200 EHCEIIEE (My, L x, (11))
BTG, RBBEGRHE, i BES T s aEsa, e X, 5
Zi@f X2 Eq{ﬁl%\ MX1_>X2(X2) °

R LA £ Graph SR ATIX S HH SRR AT ARG IR 1 341,
FAPEFELEER A, WRIAETAEOTE AL X, #Y Marginal, O
KEITE Xq B Marginal B3, AT E ISP A —T9 Message A&
%ﬂﬁ?féaﬁaﬁ—ﬂ"] , Wﬂﬁﬂ My1_>X1 (xl) FH My2_>X2 (Xz) %&K%Kﬁﬁqo FIH
X, AR T, BT LM ERIR 5 508 Marginal
Rl B9 52 2R AR R SRAS i A 17 LAY Marginal HY5, ol 2
f) Sum-Product 5%, (¥ Mfi{ Belief Propagation 5% .

INGE—FRh S Inference [AVBUAY H F ZR FE LU TS, (B QTSR

FRUA B AT LI B 25 R R, FRATRT LAs A Rt ) FH S5 R R B A1
WHEEZE . 1M Graphical Model #2 Z1 1] #f 28 53 417 1 25 #4 HY —Ff ELU L

M[X1=>X2]
_—

MIY1=X1] TM[YZ—»XZ]

&

Figure 2: Message passing example
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on a simple HMM.
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Figure 3: An example of a
grid turned into chordal graph (by
adding red edges).
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