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>EEERE ( Dlrected Graph1cal model ) , WFFAIIMHHEIRNEE ( Bayesian
Network ) , BUEZMNLE ( Belief Network , BN) o
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HFAEEERE G, G rRI G S B — MR R, BN ) o
PN R X, T X 2 AR R RXR. X, RFEE X, [
B RS, P(X|Xy, ) TR B R ) 30 5 P AR ) @

( Local Conditional Probability Distribution ). 15 X FYEKEMEZR 7510 A] ®/ \“
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p(x) = [ | pCeklx ), (11.8)
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p(a, b, c) = p(cla, b)p(a,b) = p(c|a, b)p(bla)p(a)

p(x1,...,27) = p(x1)p(x2)p(zs)p(za|z1, v2, 23)
p($5 |CU1, 563)]9(% |$4)p($7|$4, 565)
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fa/Ra]fkiER (Hidden Markov Model , HMM )
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gene B.04
dna 8.82
genetic 0.81

LR

Topic proportions and

Documents ;
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Seeking Life’s Bare (Genetic) Necessities

COLD SPRING HARBOR, NEW YORK—  “are not all thar far apart,” cspecially in
How many genes does an|BREIMSH negd 1o comparison 1o the 75,000 senes in ||'|.L b
Lot week ar the genome mee 11 agynie, notes Siv Andersso T
here,” two genome researchers with radically Universicy in S ptme—et
differene u|*~pn-|..h-.- presented -.umplﬂ'm - S o Lk coning up with oo
tary views of the katic genes needed for e sus answer may be more chan just o gt
One research res 1T, LS co REPLTeT analy- niimbers e '\_'|,||:|r L Imeire g 11\|
ses b compare kmown cenomes, concluded  moere senomes are g apped
that today's & can be sustained with sequenced. “Ic mav be a way of o
just 290 geres, and chat che earliest life foms any newly spgquenced genome,” |_-_1;|'|.||_|'|-
required a mere 128 senes The —
other nesearcher mapped enes
in a simple parsite and esti-

mated that for this arzanism, k

Arcady Mushegian, a computational mao-
lecular biologist ar the Mariagal Cenrer

S0 genes are plenty to do the
jub—baur thar anyehing shose
of 100 wamaldn't be encugh.
Although the numbers don'e
march precisely, these prodicrions

0 FRIOM HGEI

£

P

* Genome Mapping and Sequenc-
ing, Cold Spring Harbor, Mew York,

Stripping down, Compuler anaysis yields an esti-
May B 1o 12, mate of the minemum modem and ancient genoneas,

SCIEMCE = WO 271 = 14 MAY 1990

(HENBSREFS]) 1




B =R F AR Y

! - = - ™
D D D
", - . - b -
(a) —miIESWE (b) —mRGHESHE (c) METEHRT
(HENBSREFS]) 1



> REEZMES
> T Bémtdes

(HERMEZE5REF ) 1



5/RAI K FE17

- REATKHENL, OMERERE, R—XEEnERERT—AREDRARX
MERREREH TR X MBS IR TR,

£ Y 11.2 - BRn] KRN ST — VA& X = (X, -, X" FI—1
KN ENTHE GV, &) (A LAETEEIR ), B G EIJEI’J*T‘F'E k 2 BEA
BEX,1 <k <K WRGX)FREBTE/RA] KR, BI— M & X, 75
LE TR EIER Y TRrE Eth T &,
p(xk|x\k) = POk |X (k) (11.15)
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Hammersley-Clifford EIE

> LA ENEX SR UD BN —RINEX ERmAE _ERIIES R EBIRFIAZ T

)

£ B 11.1 - Hammersley-Clifford %P . 28R —7710 p(x) > 07270
& G RS SR A KM, 2 HAY p(x) vl PAFRIR N — RV E N AE &
KA _E AR T R 2 e fifz X, Bl

pee) = 2 [T $exo) (11.16)

cel
Hrh e nGHMERKRES, ¢.(x.) > 0FE NTER c_ERIAREREL ( Po-
tential Function ) , Z 2/’ 77 A %% ( Partition Function ) , F 3 3EfT—
R R,

Z= ][ ¢, (11.17)

xeX cel

o 0 VBEAL R E X BYER(EZS [H].

(HERMEZE5REF ) 2



> TR ENREE RS D m A LR A

= (3 ~E(X.))

cel

»Hp E(X) NEEERE, 7 BT HKE

(HERMEZE5REF ) 2



lllustration: Image De-Noising

Original Image



lllustration: Image De-Noising (2)
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lllustration: Image De-Noising




lllustration: Image De-Noising (4)

Restored Image (ICM) Restored Image (Graph cuts)
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p(x) = p(x1)p(x2|21) p(rslez) - - plan|an-1)

NS

p(x) = - Y1 2(21,22) Ya3(x2,23) - Yn_1 N(TN-1,ZN)
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T T3 T T3

L4 L4

p(x) = pl(z1)p(z2)p(z3)p(Ta|T1, T2, T3)

1
— EwA(:chCCQ,CCS)lDB(CCQ,CCS,fM)@DC(:Chx?vx4>

(HERMEZE5REF ) 3



EB1EE (Moral Graph )

> A moral graph of a directed acyclic graph G is an undirected graph in which each node
of the original G is now connected to its Markov blanket.
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- LR R 9 1, 1
p(x:0) = s e ( 3 eLficxe) )

cel

257 N NMIRER D = (WP HXEURFEECH
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n 1

N
N 2 (3 oust™) - tog 2(0),
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»1OFRPASABRIZL ( Marginal Likelihood )

p(x;0) = ) p(x,z;6)
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— N EERERAE L. K-means

s f\
Y "\
0 a” a-\

1. kinitial "means” (in this 2. kclusters are created by 3. The centroid of each of 4. Steps 2 and 3 are

case k=3) are randomly associating every the k& clusters becomes the  repeated until convergence
generated within the data  observation with the new mean. has been reached.
domain (shown in color). nearest mean. The

partitions here represent
the Voronoi diagram
generated by the means.
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K-means E3%

AR mo,..m 0
MEARHIT FERD
>822 ( Assignment step )

SO = {ay |y~ mP| <, —m|F Vi1 <5 < k),

>E#F (Update step )
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HAE;m A1t ( Expectation-Maximum , EM ) &%

"RigE—HTE, Bl TERE AN, WEHITSEEITE?

I EBPRIPATARRI ER : ’ .
T, 2]
log p(a; 0) :ngQ(Z)p 2(2) ) /
z F B Jensen A=
>Zq ) log a:(z)é)) =
N
2 ELBO(q, z;0),
UEHE T 57
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log p(x;6) = )’ q(z) log p(x; 6)

- Z q(z)( log p(x, z; 6) — log p(z|x; 6))

p(z|x;0)
q(z)

=3 q(z)log £ (zé) 2 _ 3 q(z)log

= ELBO(q, x; 6) + KL(q(z)|| p(z|x; 6)),
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ELBO(q, x; 6) + KL(q(z)||p(z|x; ©))

’Ei

gt+1(z) = argmax ELBO(q, x|6;)
q

’Mi

0; 1 = argmax ELBO(qs1,x|60)
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log p(x;6441) iELBO(QHIrx; Or+1) J[ELBO(qu,x; 6;) = log p(x;@t)]

M E
& &
KL @), P& 01) | |
KL(q1(2). p(2lX;6)=0 | [ ________________
KL(q(z), p(z|x;6,)) log p(x;6;41)
ELBO(q41,%;6441)
log p(x;6;) = seeeeeeeedeilaoan log p(x;6,)
ELBO(q,x;6,) ELBO(q;41,%:6;)
(a) VGRS (b) E 4 H (©) M % B
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GMM Raeuvisit
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GMM Raeuvisit

M#E % q(z=k) =y WNHEEDKIFHETHRA
NoE (n) L(n) — L
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A=l E—7 nk
N K 7t
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n=1k=1 Tk
N K o B 2
:ZZ’}’nk( (mz z’uk) —1ogak+log7rk)+0,
n=1k=1 Tk
N (|, 03,) = L (_M)
o O AMBHE MR Y 207
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GMM Raeuvisit
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GMM HZEF ]

(a) W1k, (b) 4 1 KIEAR

(d) % 8 KIEAX

(FHERZS5REFS]) 5



GMM HZEF ]

Dalay

100 Waiting time vs Eruption time
Old Faithful geyser
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k-means clustering vs. EM clustering

Different cluster analysis results on "mouse" data set:

Original Data k-Means Clustering EM Clustering
s s - na -
0 na an s " i 2 0a 1 v " 5';-,-#
- = l-d_ N .l-. §
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= e a ] - W K i |
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Inference in Graphical Models

T T T

_ plylz)p(x)
p(zly) = (1)
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> {5 AHERT Exact Inference
> W EHZA Variable Elimination Algorithm
S ER TR
FEXEWEE

> E{AHERT Approximate Inference

> o HERR
" XiFE (RFREZHE)

>+ B2 T AT FAPREEER p(y).
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01ROt FA R ER?

@IS

p(z1,®4) = Z p(z1)p(z2|z1)p(@s|er)p(za|z2, 23)
>R ADIT R E?
73 bl

ab+ ac = a(b+ c)
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> APRBEER
p(x1,24) = Z p(z1)p(@2|z1)p(zs|e1)p(za|ze, 23)
r2,IT3
p(x1,24) = p(a ZP x3|21) ZP To|z1)p(x4|T2, 23)

> B HRAR] IR A RN EE HIFZ =

> AR p(x,)
r4) =) pwalwa, x3) > plasler)p(za|zr)p(ar)

R L EEITR?
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R

S 2fEHE (Belief Propagation , BP) &i&
> FRAFFR (Sum-Product ) BEIZSOEEE®E ( Message Passing ) &%,

> RHEEHFREFRIAFE (Sum-Product ) RIFEFEHE, HEREFER, XEFEA
LT RENITREZRR,
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Mz,l(&?l) M3,2(332) MT,T—1($T—1)

M1,2(332) M2,3($3) #T—l,T(iBT) @
_ R — o _

5t DAL AR p(ay) N

TTT ZP

Tt—1 Tt4+1
:_T TY ZHCbIt;ItH
Tt—1 Tt41 zr t=1
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M1,2($2) M2,3($3) #T—l,T(iBT)
sropete (v )— (o) ———  —()
_________________________________________ p2,1(1) w32 (x2) prr—1(rr—1)

p(x,) = (Z ZH¢(xJ,xm)) (Z Ziﬁcb(xf’xﬁﬂ)

Xt-1J Xtq1  Xr J=t
- % (Z P(X¢—1,X¢) -+ (Z ff’(xz-xs)(z P(xy, xz))))'
(E ¢(x,,x,+1)-+-( E P(xr—2, X7 1)(2 P(xr_ 1sxT))))
= %#r—l,:(x:)ﬂtﬂ,r(xf)s (11.77)
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Pe-1,(x) ESCNZR X, IFIZE R X, FIBHIHE & XN
Me1,0(X¢) = Z X1y X DU —2,0-1(X¢—1).

;.tH,l‘t(x,) %Q% XI+1 rﬂ%% Xlr {%jﬁ_@ﬁ}gfﬁlﬁ\ ;E S{%
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1. W‘Eﬁﬁﬁﬁﬁﬁﬂﬂ:%ﬁ@‘{ﬁﬁ [J,t_l,t(il?t)a t = 1, Tt ,T — .13
2. W?ﬁﬁ\ﬁ_ﬁ&ﬁ{%ﬁm{ﬁ;ﬁ ﬂ/t+1,t(xt)’ t=1T — 1,"‘ ,1;
3. fEAEE T At it EAL AL Z,

Z = Z Nt—l,t(xt)ﬂt+l,t(5ct)-

Tt
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B —RRHYHERR

gISEA
> FARE A
>[XIFE ( Factor Graph )

Undirected Tree Directed Tree Polytree
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AT [T

»IRERIE2ERE (Loopy Belief Propagation )
’%ﬁﬁﬁ%%gtﬁﬁﬁ%ﬂﬂﬁﬁ,Wﬁ%ﬂK%%%,E%%E%L&EMEWE%
7,
> 9374 ( Variational Method )
"SIN—TMEDSDH (BERRERENSE) REMXLERMHR, AEBRIERNGE
T,
»X4E7% ( Sampling Method )
SRR A EREFTEENDH p(x) W—LEEDd, FHiBXLEHARRMETIXN 9
BXMIEE
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*#5% ( Sampling Method )

PAR X B MW AL R A Ap(x), ST RITHEIRZ
[ (x)] = f P,

» RAE &

y WAR A F 4F F 5% ( Monte Carlo Method )

 BABMR: BT kR, Sk — RS B R
» Bk I NANEE A, SFit A

fv = 5 (FGO) 4+ F))

» IRIE KRBT, S NAG TR Kaf, FAMEMK S THZEE.
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> BREERF > B4R KA
@bk > BB
>PTHEKE ( Inverse Transform /RAIRES RS ( Markov Chain
Sampling ) Monte Carlo , MCMC ) A&
> Metropolis-Hastings &%
> Metropolis &%
> Gibbs REEE
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HRLERF

HRISRB DT p(x) LB IR ¥ ©4n k)2 —ILE TP (x)
» ) I — AR A q(x) Fo— N KK,
*FIN—TBEZEKENDH q(x) 13 kq(x) TAREEZHHKD (x), Bp
> —fARFR AR I ( Proposal kqg(x) > p (x),Vx.

Distribution )

> AE .
> FE MR q(x) PRIF

> BLURMRAERIEL —E 7RI ZS

S ERERERFDIRM 2 p(x)
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HRLERF

Bk 11.2 B4 RAER RIS

i TR q(x), B8k AL S V = @;
1 repeat
2 FRAE q(x) FEATLAE R — EEA %;
3 HEEZSZM R a(R);
4 M (0, 1) By 5] AR R BER A A —ME z; ) (%)
s | ifz<a(%) then /7 Vha(x) MRER 1 2 X = 10 ®
6 | v=vuisk
7 end ESZHE ( Acceptance
s until 3% N MEA (V] = N); Probabilty )

il FEAE S v
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EERE
~ SRR BNRITEDT p(x) TR (x) WHAZE, AL EHENAEETR
BETRIRM AT p(0) o BALEES—1 97, BRIV q(x) , EHERHE

9:E1Ei-|_ Ep[f(X)] o

E,[f(0)] = f FIPGOdx
. f f(x)%q(x)dx
x e = L e V) 4 e+ FOND V()
2[ fx)w(x)q(x)dx :> In=y () SewGE)

= Eq[ f(w(x)].

w(x) AZZHE

(HERMEZE5REF )
9



LR KA

% & bt 2 (stochastic process) & —MM T X 09 E 4L, L Pt T —/A & 7|
(index) 44T .

» G5 AT =T LU SUAE B 18] 38 38 & 18] 3%
»EMALEAR Y, LR KM (Markov property) &3 — /N LS AL /2 4o ﬁLiM:‘E
RERPTATHRESHRLT, ﬁ%&ﬁ%k#ﬂi\ﬁmm%%ﬁm&

P(Xi 41 = X1 411Xt = X0:1) = P(Xi 41 = X441 |X = X¢)

(HERMEZE5REF ) 7



> EEET BN B /RAI I FFER IR AN EI/RA] X% ( Markov chain )
F IRSEETSIERE

P(X;1q1 =5|X, =5§") = mgy

> 5+

Cheerful

0.6 C N -
\%@

Sad

0.2

(HERMEZE5REF ) 7



Fia9f ( Stationary Distribution )

PR BRRRESZRRNAK A& 7 = [my, -, 7 ]" WIREZE AP —5
5376, R0 < me < 1R Y, 7 = 1.
K FIRASFAZRE RN M I [R] [F) R0 5 /7R AL R HE , 57 E — D010 i 2

NIFR> A0 7 % S/RA] RBERYF-F2 7011 ( Stationary Distribution ) . fRIERFIEM]
RAVE ATH], w AR M AT (J3—1k ) B RCARFEE Y 1 BYRFIERI R

(HERMEZE5REF ) 7



AR AT

I DA - HBCERA S ( Detailed Balance Condition ) : 447%E —Mk
A EFW I o e [0, 1)K, R —MIEEBERE M e REXK[5/R
A R 2

nimij — 7ijji, V1 < l,_] < K (D49)
NiZ% 5 /R Al R e — & I RIS S Jo — & S E 01 =
MBFCPRE S R B SR AT RV RIFE 5518, AR ZESRM. 415

FARSRAFORIE T MWIRZS 1 R EINIRGS j BRI MR j HRR 2R BER
BAH— 2, TAHSR , A AB B A A AR 2R
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SRAIRERFTFFE A

¥ Markov Chain Monte Carlo, MCMC
P AZS SRR LR AERZ—AND RT L4t

X1, X, !xt—laxhxt+]s i

Ht+ 1SRRI T 28 ¢ MBI AR x, DUACRESE R A (BRI 1)
qx|x,). RN EIRAIRERFEEDTEA p(x), APLFEIRSFAS IS FHEHTFE
AFARM p(x) HI73f.

»MCMC 77 ik 69 K4t R Ao fTTH) i A0 Ap(x) 895 R k4%
» S LIRS A 9 q(x|x, ) — R A FLE T D) RAFG 50

(HERMEZE5REF ) 7



Metropolis-Hastings &%

¥ 1% 15 JE t’l’J I RV R AET VAR B ALK
76 MH Bk B ¢ JORAEREAR S x, , BRI A gl R | A FA I A q(x) .
—NRER R, FE DUBER AR, x,) D R (N £ + 1 USAERE R x,
T p(X)q(x,|%)
AT =T (1’ p(x:)q(ﬁxf))' LI PG (R]x) = plx)qF AR, x,)
= pCxaCelx) min (1, fj’é?)"q—m)
= min (p(x)q(%1x,), p()q(x, %))
= posacuemin( EECCRS 1)
15 MH B | R q(x|x,) BN R —MREA £, 3 DUBR A%, x,) B = P()q(x[F)Axs, £)
75 2 | DA IE A9 T /R A SR A SRR = P(®)q'(x,|%).
q (X|x;) = q(X|x;)AX, x,), (11.108)
''''''''''''''''''''''''''''''''''''''''''''''''''' (WERSSFEESSY 7



1% 11.3 Metropolis-Hastings &1 RAED f2

FiN: TR q(x|x"), REEFIR M FEARE V = @;
1 BEVLRIGRE x4, t = 0;

2 repeat

// FRRILFE

s | R qQcpe,) BEMLAE R — MEA #;

4 HHEEZHRAR, x,);

5 M (0, 1) B9 5 3 AR R BEA LA B —ME z;

6 if z < A(X, x;) then /! PAA(%, x,) BIBER 252 %
7 ‘ Xt =X;

8 else /] E4EZ R
9 ‘ X1 = X
10 end
11 [++;
12 if RE|FFIRZS then continue ;
13 if t mod M = 0 then /] KIEEFRE, IR M R — DA
14 V=vuUix}
15 end

16 until K15 N MEA (V| = N);
With: ARV




Metropolis &%

JnAR MH FIE AR B ATR AR, B q(®]x;) = q(x,|%), 56 ¢ + 1 IR
FRE 2R A] DARIE A

A(%,x,) = min (1, g(i))). (11.115)

IXFH MCMC 77 {%#R I Metropolis 51,

(HERMEZE5REF ) 7



>=|=$3Hﬁ“'$¥ ( Gibbs Sampling ) &— ’i?jﬁﬁ“'1‘¥__[l«,(&,.\\ff"c %&E’J“bf_ R IE
BRI FET B PFHDRHITH EFHFI RN BPNEEHITHF,
BY MCMC 737%, AILLETER 1Ex M—/\F@FRE’J%M‘WS«WU x© FF

Metropolis-Hastings 5 ARI4HFo , BB TFIRFERRS M M=
%mﬁ:*ﬂ%“ﬁ ( Full Conditional 1T,
\
Prob PGl Xm) 2 Py = X[ X = Xym) (1) (x1|xgo) xgo), ))
= P(Xpm|X15 X2, s Xppo15 X1 = X ) (1) p(x2|x§1) xgo) ng}))
xﬁ? ~ pCe[x{Y, 287 - X ),

" SEREEREFMEFENRND B

KRN P HEERITRE, FHFInEER LR TN RN o
ZA\jjA 1, XD~ pCey |0, % 1) XDy
x§?~p(xM|x§” 2 Xg-1),
"""""""""""""""""""""""""""""""""""""""""""""" (wERRESsREESY 71



’Eﬂ?ﬂi’iﬂ_ﬁ%gle‘_—ﬁxﬂjl‘ﬂjE@Kﬁ*ﬂfﬁ?ijﬁgﬁ | FRIRES, XEEBIBIFR /9Fm
188 ( Burn-in Period ) o
>SRN RIE S H AN p(x) , EEEFR.

BT D/RA K SHREAR B AR BN, TSI, Ri1—RB
THEY 2 R IR F1 5 7R

» AT EFHEBIFE AR 2B, Fefi1rT AEEfR M RFENLRE, #EX—TMFEZS. SR M
IR, FJLUAAMEXAIF A2 IRIIHY,

(HERMEZE5REF ) 7
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