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(EUIC : BE/RRE + HERIRDH?

A
A
:
A RDB
A
| /
| A
'
A
RDB etc.
A
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[EUHIC : Al [CHBITFBIRER

Afdlnterface [[boiryg@s& Loxl’vdoO@] Al 0 o(n)

A SAT BDD/ZDD , Apriofri
:
\ f-» ! |
I
'r
A
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ﬁEHHIE ﬁﬁz()a)ﬁ%nﬂﬂm\ u *Eﬁi
A disconnected by default

'r
A connected by default

'r

[Sato, ILP-09]

A i + o)

'r

'|'
A [EIRE ?

A

e.g. [Sato, ICLP-95][Sato et al., JAIR-01][Sato et al., 08]

28/Mar/2011 4 |BISML



n:mEE + HERODFEMRR @ I\STA—FDf1I5

?
1 (PHA, PRISM,ProbLog)
2. XYy q
Ag Py %)
A
Aq XYyXS_ A7 RN I

A g =p(XY y)=p(x xUy)=px xU(xBy))
=p(x X) +p(x3y) = p(x X) +p(X) py [ X)

———————————————————————————————————————————————————————————

piy1X) Py X ) X, X 0
C XYy x&vy

28/Mar/2011 4 |BISML 8



n:mEE + ERODFAR | /I\OA—SFHEF

A (parameter tying)
'
e.g.

i SRL/PLL (g)
A (%
A
A
A

@)

28/Mar/2011 4 |BISML



Nsmie + MERoDAmS - JMIZTE (1 of 3)

Viterbi (=1 t=2 t=3
A (context-sensitive independence, CSI)
[Boutilier et al. UAI-96]
I Z X Y %ﬁ:ﬁ'gﬂ!ﬁ(conditionally independent) U

Ve,y,z p(z | z,y) =px | 2) (p(y,z) > 0)

———————————————————————————————

i Z C I i

X Y SAREY(CIRIZ (contextually independent) v
Vz,y,z p(x |z, cy)=plx|zc) L. |

28/Mar/2011 4 |BISML 10



Namie + MEROMEmR @ IWIZTE (2 of 3)

A Parameter equality [Chavira & Darwiche, IJCAI-05]

I CSI
UV |W|pX=T|U,V,W U
T|IT|T pl
T|T|F pl 1/*\/
T|F|T pl P
T|F|F pl /\
FlT[T p2 p2 W
FIT|F p2 /\
FIF|T p3 p3 p4
FIF|F 04

A Contingent Bayesian networks [Milch, 06]
i (CSI)
e
A

_____________________________________________________________

28/Mar/2011 4 |BISML 11



NemEE + FESROMaHmM @ JHIITE (3 of 3)

A Pynadath & Wellman (1998)

1,3,2)

4

A\ 21

Ty —
: | \\%ﬁm \
l : p(u, _
. Csl : B N S
: :
1 1 \‘
: :
TTTTTTTTTTTTTTTTTTITTmTmmmommsosmsoomooomooeoes

28/Mar/2011 4 |BISML 12



amiE + fERODmS - MR DinE1L
A (propositionalization)
I ILP [Kramer et al. 02]

eg. p(Y=y|X=X) AY,= YO [Ishihata et al. ACML-10]
Qix [Chavira& Darwiche, IJCAI-05]
i AND A | | |
e.g. p( R=x0DNiY,=y0 ) U AU :

=p( R=x0 p(AY,=Y0 )
=pX=X) p(Y=Yy|X=X) =p(X=X, Y=Y)

28/Mar/2011 4 |BISML 13



nsmil + HERoD:EAN © FEERT

—5

i (multiplicity)
i join
OK, NG iid
Customer Order Store
ID Gender Income Age OrderlD CustomerID StorelD Delivery Payment ID Size Type Location
3478 m  60-70 32 2140267 3478 12 reqgular cash 12 small franchise city
3479 f 80-90 45 3446778 3478 12 express check 17 large indep. rural
4728386 3478 17 regular check
3233444 3479 17 express credit
3475886 3479 12 regular credit [Wrobel, 02]
A (multi-relational)

A

PRM (probabilistic relational model) [Friedman et al. JCAI-99]

28/Mar/2011

IBISML

(inductive logic programming, ILP)
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onrEsmil (C B D < HESRIER © BIE (1 of 2)

A (CSI),

[Charvira & Darwiche, IJCAI-05]

Network Vars Card Total Parms %Det  %DP
alarm 37 2-4 752 0.9 24.6
bm 1005 2-2 6972 99.6 100.0
diabetes 413 3-21 461069 78.2 17.6
hailfinder 56 2-11 3741 15.7 26.9
mildew 35  3-100 547158 93.2 25.1
mm 1220 2-2 8326 98.7 75.0
muninl 189 1-21 19466 66.5 61.2
munin2 1003  2-21 T 83920 77 633  69.5
munin3 1044 1-21 85855 63.1 71.3
munin4 1041 1-21 08183 64.5 65.3
pathfinder 109 2-63 97851 56.1 5.1
pigs 441 3-3 8427 56.2 23.9
students 376 2-2 2616 90.7 79.3
tccdf 105 2-2 3236 0.4 35.6
water 32 3-4 13484 54.0 57.0
0/1 —A T
CPT 0/1

28/Mar/2011 4 |BISML 16



tneh-mib (Cc B D < HERHER : BIE (2 of 2)

A

I [Chavira & Darwiche, IJCAI-05]:
P  +PI A d-DNNFA Arithmetic Circuit (AC)

I [Sang et al. AAAI-05]

I [Minato et al., IJCAI-07]:
ZDD (zero-suppressed BDD)for Multi-linear Function (MLF)

i [Ishihata et al., ACML-10]:

BDD-EM (BOEM):
(order encoding) A BDD (binary decision diagram)

A CSI

28/Mar/2011 4 |BISML 17



o :mER (CED < HERIMER
NA XY D> INA ILEEE (2 of 3)

A [Chavira & Darwiche, 1JCAI-05] {al,a2} {bL, b2} |
A: /alL\J/612 ></alU></612 Q g
C. /010/020/ X/C].Ux/02 !

: n . {cl,c2,c3}
enstone < faUX e | atmostone
atleastone | x /_ Ux/,

_______________________________

A CPT./_ U g, /,U g,
B CPT /U Gy 72U Gy
C CPT /19814974 U Gupm a9/ 51872V Gopin /a1D/ 6197 3V Ggaam

| 0D/ D/ 4U Gc1pab2 0D/ B1 U Qeopib2 | 0D/ B! 53U Qe3ja1b2

________________________________________________________________________________________

28/Mar/2011 4 |BISML 18



onRamiE (CED < HERHES :
NA X2 MDA IVEGE (2 of 3)

A [Chavira & Darwiche, |IJCAI-05]

i d-DNNF + Arithmetic Circuit (AC)
d-DNNF % AC .
\/\ T T
) U Z + 7
xyU z %) %) Fa »
xU x y — O~ _
Woe N M :
S Y X XX y x 1 | 4 |

E3F5bapiic u Z Y, X + smoothing

factor(D) = u @factor(D | u) U xu @factor(D| x u)

28/Mar/2011 4 |BISML



thesmib (CED < TERHES - NEIITSHETE
NAXZY MO INAIVEGE (30f3) | B)

A [Minato et al., lJCAI-07] - (©

I Multi-linear Function (MLF)

MLF =/ a1/ b1/ 1@ F1Ge1 paon + 7 aa/ b1/ c2Go1 Go1 Fezjoan. +
! a1l b2 1901 G02Ge1 pavz * ! a1/ v2! 2000 Gh2Geipane +

I CSlI
MLF = 7 21/ 01/ c1G00.6)%0.2%0.7) " ! a1/ b1/ c2G0.6)F0.20%0.3) T
! a1/ 2! c1G50.6/%0.8) 0.7 ! a1/ b2! c2Ga(0.6)Fb(0.8)(0.3)
I MLF = MLF
I ZDD MLF

MLF(C = cl) = At - Y (fe(pr(clavy) - MLF(A = a) - MLF(B = b))
(a,b)e{al,a2}x{b1,b2}

MLF = MLF(C) = 3¢ (¢ c23 MLF(C = ¢)

28/Mar/2011 4 |BISML 20



tneR-mib (B0 < ERHESH : BDD-EM (1 of 3)

A BDD-EM] . 09a]
I BDD (binary decision diagram)
EM
'r
A BDD:
FU OU(RDB) E

o8

RRr|—R[R|[O|lO|OC|O|O
PR, |O|O|R|R|[O|O|O
R|O|R|O|R|O|FR|O

Il I ===

Binary Decision Tree

28/Mar/2011 4 |BISML

Binary Decision Diagram
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thamis(cE D < HERHESR : BDD-EM (2 of 3)

A e e
i O,R B G, Ok Gk  FU OURDB)
i F A Q2 G, G F: '
A BDD-EM: O
I Q. Gr: G g i
i E-step, M-step
E-step: BDD Fn] Bn]

EJR=1| F=1] = F{R|dBB] / F{1]

M-step: o, 9r: G

28/Mar/2011 4 |BISML 22



dpRmid (D < HERHESH : BDD-EM (3 of 3)

A ZDD [Ishihata et al., 08]

A Decomposed BDD]| . 09al:
A Shared BDD+ [ ,09b & AMBN-10]
A [Ishihata et al., ACML-10]:

F(L=1) F'(L=0)

28/Mar/2011 4 |BISML 23
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HERESIILDRERE(L (1 of 2)

A

A (statistical relational learning, SRL)
.

A (probabilistic logic learning, PLL)

28/Mar/2011 4 |BISML
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ERET LDk

90

93 94 95 96

saamit b (2 of 2)

(from PLL Turotial in ICML 2004 by K.Kersting, modified by T. Sato)

97 99 00 02 03 04 05 06 07

Future

L

B

Ical Bayesian Networks:
ckeel,Bruynooghe,

L4

Poole, Wellmann

SLPs: Cussens,Mugg

I .
| | ) Flerens,Ramon
KBMC approakhek: § 1BC(2): Flach, LOHI\'MS: o Raedt ﬁeﬁﬂg’
PPOT™ " | RBNs: Jaeger | Lachichd| BLOd ProblLog: DeRaedt,
Breese, Prob. Horm RT | Kimmig, Toivonen
Bacchus, Abduction: Poole = '
u | Gelfon(i,Rushton Weld
Charniak, I I
Gold I | RMs: Fried mah,Getoor,K' er, LPAD Bruynoogh
oldman, PRISM: Kameya, Satg Pfeﬁer,Segal,Tarkar Vennekens,Verbaet
Koller, Markov Lpgic: Domingos,

leton

28/Mar/2011

Prob. CLP: Eisele, Riezler

MEBN: Laskey

irdsor

4 |BISML

CLP(BN): Cussens,Page,

Qazi,Santos Costa




JL— bhEgi&

A [Buntine 94, Gilks 94]

Yi; ~ Normal(p;;, 7c)

pij =i + Bi(x; — )

a; ~ Normal (., 7,)

(
B; ~ Normal(f3., 73)

28/Mar/2011 4 |BISML 27



aTBEEERES : KBMC

A KBMC: Knowledgebased Model Construction

A

Breese (1992), Goldman & Charniak (1993), Ngo & Haddawy (1997),
Koller & Pfeffer (1997)

I PRMs(Probabilistic Relational Models) [Friedman et al. 99]
C +

I BLPs(Bayesian Logic Programs) Kersting & De Raedt, 01],

RBNSs(Relational Bayesian networks) [Jaeger, 97]
C +

I DAPER(Directed Acyclic Probabilistic EntityRelationship) [Heckerman et al. 04]
C ER +

I RMNs(Relational Markov Networks) [Taskar et al. 02]
C SOL +

28/Mar/2011 4 |BISML



"fJun'l'H'J ERFE

A Markov Logic Network [Richardson & Domingos, MLJ06]

MLN (1 of 6)

C + =
ISBN: 9781598296921
A (feature)
A a 7 A A L={(F,W)}iz12. 1
A C
F. W,
VY Smokes(x) = Cancer(x) 1.5
Mic VaVy Friends(x,y) A Smokes(x) = Smokes(y)|1.1
Given: -
F. W
C={Anna Bob} | |
-------------------------------------- Smokes(Anna) = Cancer(Anna)
Smokes(Bob) = Cancer(Bob) 1.5
Friends(Anna, Anna) A Smokes(Anna) = Smokes(Anna)
Friends(Anna, Bob) A Smokes(Anna) = Smokes(Bob)
Friends(Bob, Anna) N\ Smokes(Bob) = Smokes(Anna) 1.1
Friends(Bob, Bob) A Smokes(Bob) = Smokes(Bob)
28/Mar/2011 4 |BISML 29



HRETAUBIRES : MLN (2 of 6)

A a N A L={(FW)}iz12..p
A C
F
L S Smokes(Anna) = Cancer(Anna)

1.5
M c Smokes(Bob) = Cancer(Bob)

(

(
Friends(Anna, Anna) A Smokes(Anna) = Smokes(Anna)
Friends(Anna, Bob) N Smokes(Anna) = Smokes(Bob)
(
(

Friends(Bob, Bob) A Smokes(Bob) = Smokes(Bob)

Friends(Bob, Anna) N Smokes(Bob) = Smokes(Anna) 1.1

C | . C= {Anna Bob}
( Friend4Anna Bob) B EEREEE R
/ \
FrienddAnng Anng — Smoke@nng — SmokedBob) —  FriendgBob Bob)
/O / N\
CancefAnng FriendgBob Anng) Cance(Bob)

28/Mar/2011 4 IBISML 30



FaTBEREE : MLN (3 of 6)

A M c

1
P(X =2x)= - ©XP (Z wW;in;

N ——

W

X: =
(x)) n(x): F

]‘ n;\xr
= [oee)™™ 2z

X

—eWq

F, W,
Smokes(Anna) = Cancer(Anna)
Smokes(Bob) = Cancer(Bob) 1.5
ell Friends(Anna, Anna) A Smokes(Anna) = Smokes(Anna)
! Friends(Anna, Bob) A Smokes(Anna) = Smokes(Bob)
\ Friends(Bob, Anna) A Smokes(Bob) = Smokes(Anna) 1.1
. Fr(A B) Friends(Bob, Bob) N\ Smokes(Bob) = Smokes(Bob)
N |
Fr(A,A) = Sn(A) = Sn(B) = Fr(B, B)
0 WY A al.5
Ca(A) Fr(B, A) Ca(B)
28/Mar/2011 4 IBISML 31




FaTBEEREE : MLN (4 of 6)

A MLN +
A Z
P(X =)=
A
i MPE
A MaxWalkSAT

A MCMC (Slice sampling) A MC-SAT (SampleSAT)

A LazySAT, Lazy -MC-SAT
A CPI (Cutting Plane Inference) [Riedel, UAI  -08]

T Markov blanket
T L-BFGS

28/Mar/2011 4 |BISML



FaTEEREE : MLN (5 of 6)

A [Domingos & Lowd, 09] P(C=1|F=f)
’ | — bz 7
: Og(P<c:0F=f>) AN
I Collective classification » F. W,
i Entity resolution PageClas, +c) A
.
Hadqp,+w) '.
I Y PageClasp, +c) Wo(W, €) -
I Robot mapping PageClas§p, ¢,) D(c,, c,) 5
i Y x PageClasf, c,)
$c PageClasf, ¢) o
! Linked(u,, u,)
Collective feature @dPageClasfu,, +c,) w;(Cy, C))
@PageClasfu,, +c,)

Hagqp,+w) @PageClasfp, +¢c) ?

28/Mar/2011 4 IBISML 33



HETEIBIEREE : MLN (6 of 6) 4
A

1 A L
P(X =2)= — €Xp (Z wmz(m))
1 | A X
= [[oilzi)™"
Z 1:[ - :} , P(X)
Smokes(Anna) = Cancer(Anna)
Smokes(Bob) = Cancer(Bob) 1.5

Friends(Anna, Anna) A Smokes(Anna) = Smokes(Anna)
. Friends(Anna, Bob) N\ Smokes(Anna) = Smokes(Bob)

\\\ Friends(Bob, Anna) A Smokes(Bob) = Smokes(Anna) 11
"V Friends(Bob, Bob) A Smokes(Bob) = Smokes(Bob)

{F " Fr(A B)=T. SMA)=T, Sm(B)=F

T otherwise

Friends(Anna, Bob) A Smokes(Anna) A Smokes(Bob) ?

28/Mar/2011 4 |BISML 34



A
A

HERREYE

(inductive logic programming)

I SLPs(Stochastic Logic Programs) [Muggleton, 96]

A
I PHA(Probabilistic Horn Abduction) [Poole, AlJ-93]

A

A abducible
I PRISM[Sato, ICLP-95][Sato et al., IJCAI-97]

A PHA

A EM

I ProbLog[De Raedt et al., IJCAI-07]
A BDD (binary decision diagram)

28/Mar/2011 4 |BISML
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ERETVUIEELEDUER

:
,
A (how)
'r
£5U > HSENER
N
Algl » Alg2 o .- Algn _ Algl ~  Alg2 ... Algn

28/Mar/2011 4 |BISML 37



PRISM L% : 2

A [Sato ICLP-95]
A HMM,
A

A B-Prolog (by N.-F. Zhou at CUNY)
| C

I Prolog
I Prolog

28/Mar/2011 4 |BISML

Programming
(Sampling)

Top-events

Clauses
(If-then, recursion)

EM learning ofg

(Search)

Simple events like dice throwing

with parametersg

38



PRISM 8% : FFEDES

Formal semantics EM learning Linear tabling Negative goals

2004

1995 1997 2003

Z
Tabled
search

8 Twsld

Distribution
semantics

19'TUJS!Jd

|

2010 2007

L

6 TWSHd

" Belief

Variational
Bayes

"‘IT'TUJS!Jd

"‘ ¢l Twsld

Open
source

propagation

J J
1 Ease of modeling  Bayesian approach ~ BN subsumed

______________________________________________________________
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PRISM L3R : R REBRISEFERDOH?

A
.
.
I (GC)
A
A
.
. &
I amb in LISP

28/Mar/2011 4 |BISML



PRISM JLIE3A - ZARIHEGHIE

A PRISM Model1 ; Model2 ; *** Modeln

[Sato et al., 09] e i
: BIC, CheesemanStutz

Deterministic Annealing EM (DAEM)

1.

5 EFUS Y SENER

3. (Top-n) Viterbi

4. Hindsight

5. EM ; , maop
6. EM [Izumi et al., 06]

7.

8.

9.

__________________________________________________________________________________________
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PRISM 20323k : 4EE

A Penn Treebank

28/Mar/2011

A

A

70

60

50 F

1o

o E
6

(Viterbi)

: Dyna [Eisner et al., HLT/EMNLRO5]

g8 10 12 14 16 18 20 22 24

4 |BISML

300

250 F

50T

_____________

J’I
=

=
- »Jxx**f'ﬂlsm-z

- -
W
D i i i i

PRISM-1¢”
e

6 8 10 12 14 16 18 20 22 24

, 07]

42



PRISM 33 : & (1 of 4)

A [Snheyerset al., PADL-06]
I HMM

A RNA 2 [Christiansen et al., ICLP-09]
I + + ...

A [Jiménez et al., ICAPS06 WS]

28/Mar/2011 4 |BISML
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PRISM 33 : & (2 of 4)

A [ ,08]] 08
] + +
I 2003 9 , 404
A
A
A [Cadezet al., KDD-00]

28/Mar/2011 4 |BISML



PRISM i3k : A (3 of 4)

A

28/Mar/2011

-23300
-23350
-23400
-23450
-23500
-23550 |/
-23600
-23650
-23700
-23750
-23800

[ ,06] , 08]

2 4 6 8 1012 14 16 18 20 22 24 26 28 30

4 |BISML

—i— BIC
CS
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__________________________________

PRISM 4L : [&H (4 of 4)

A [ .06 08 e |
(- U= ] T L (58

TTTHTFW[ - ME]WH ) T v

—— | | | e — '
DSZAHA (52.N) O3Z58 (55A) 0526"6(120*) _________

L e L i S

e it iy s By Enm NEEREE

[ by | T T I '

Fha e I s RS N

] | i e s | T ;;_5 | D = DE :
T LT | e [T ¢ == i
= | T L8 | Q) A R 1 S
DS5X45D (140 A) DS RXAFE (37 M) — - |

F—524k (404 X)

______________________________________________
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oneasmiE (B D < HERIERDIRIE
A

A decision diagram

I AADD (Affine Algebraic Decision Diagram)
[Sanner & McAllester IJCAI-05]

28/Mar/2011 4 |BISML
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ERET VU IEEVEROREE

A MLN, ProbLog PRISM
A

i AProbabilistic programmingo
I :
FACTORIEMcCallum et al., NIPS-08 WS], IBAL [Pfeffer, 07],
Church [Goodman et al. UAI-08], Figaro [Pfeffer, 09]
I MCMC
A Church HDP (Hierachical Dirichlet Process)

28/Mar/2011 4 |BISML
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ANY Model 1, Model2 ; -* Modeln
S1&M PRISM IR D e - A

E5U> I ESELER
A BDD-EM .
I PRISM Algl Alg2 ... Algn
A MCMC
I [Johnson et al., NAACL/HLTFO7] PCFG MCMC
i PRISM , Viterbi,

A Viterbi training

I EM
A aka. Classification EM, Sparse EM, ... E K-means)
I Viterbi
I NLP
[ Spitkovsky et al., CONLL-10]
I PRISM

28/Mar/2011 4 IBISML 50



HIRICEDO<SHERESTU>D (1 of 3)

A CBPMsg(constraint-based probabilistic models) [Sato et al., MLJ, to appear]
i P(X =X, Xo= X5, oo, X, = X,)

i CBPM:P.( X=x,0 ,X,=X,0 , X =x,0 KB) i
AP, { R=x0 , X=R0 , X;=x0 }
A X =x0 U X=x
AKB:{ R=x,0, X=x01} i
AP, |KB) P() KB

I CBPM

A EMC(EM with constraints)
I FAM (Failure-Adjusted Maximization) [Cussens MLJ-01]
I BDD

28/Mar/2011 4 |BISML
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FIRICEDSHEREST VU > (2 of 3)

A CBPM P(X=aY=h)

I KB
KB = XOR(X) A XOR(Y) A EQU
XOR(Z) = (\/ “Z = c”) A /\ —(“Z=c1" N“Z =¢5”)
c c17#£cC2
EQU:/\(“X — A AY = e Oab)
a,b
T P:)
Pc(“X _ CL”, “Y — b”,Qab) _ Pc(“X _ (IJ”)PC(“Y _ b”)Pc(eab)
1
P.(“X =a”) = 5 for Va
P(X=aX=b
Pc(gab) — ( )

1+ P(X =a,X =b)

28/Mar/2011 4 |BISML 52



B ICEDSERETU>D (3 of 3)
ko o V(o A X e)

az 1

/\(“Y — bln A /\ “Y — bg”) A (Balbl AN /\ ﬁé)agbz)}
ba#by (az,b2)#(a1,b1)
B Pc(“X — an) Pc(“Y — bn) Pc(gab)
PAKB) = K (Pc(ﬂ“X - a”)) (Pc(ﬂuy = b”)) (Pc(ﬂeab)
P(R=a0) = ... = 1/2
Pc(gab)
2 B (bl

P(X =a,Y =0)
S PX=a, Y =)
= P(X=aY =)

28/Mar/2011 4 IBISML 53
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, BDD-EM

(PLL)T Markov Logic Network
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