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METFEDERFED N HE[FED
M #3% (PCFG)
— FRA (rule), #ll#9 (constraint)
BIgHY
o ALY
F5I74HILETIL
- J57RE
- HIRIGL
. HERLHI(BN), $I7 8 (CRF)
- JL—FKIE
- f2URLHY
o A RRLAY
WxIOJ 5227 (PP)
- BIE, £HEMEDE, T2 EHY

EERTETYT DR

HERINJ I3 EFE(PPL)

M GE

(PCFG)
BRI |EJ 57
(BN) (CRF,MRF)
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BERETIVIDGE

o« TUEA—XDHEMFEE (1990FK~)
— REXR,SVM, T 574hJLETIL,DNN
- 1%, WEM S DEYIAH (2000F )
— 340N ETIL+HEER > #HETRIBEZRES (SRL)

AT IV HiER D> HEERREFE (PLL)

— JminEmE

« 57057855 LA(2010F )
_HAN+HABRIOYSIVSEE

> EERIOT5S53245 (PP)

- RBFELDORME
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» Bayesian net

5S574HILETIL

BmIT57

* HMM

* Naive Bayes
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* MRF
* CRF
* Ising model
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MRF (= JLaJFEERS)

Ising ETJL

01(X1)  Py(Xy)

P12(X1,X3)

= .

I
21)—9

p(x) o< I, f,(X,) , a: clique (X; 5 = {X1,%,})
Xi — +1, '1

®|RY ST TIEBERBZHD

P(X) =Z1 (X)) ©12(X1,X5) (X)) -
=Zlexp-E

Log-linear &7 JL: p(x) = Zlexp(Z, w; Fi(x))
HMHFEE, BARSEUNETARK
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M LN[Richardson & Domingos’05]

0.5: VX smokes(x) = cancer(x)
1.2: VXY friends(x,y) = (smokes(X) << smokes(y))

£ BE 71K 7 L
friends(a,b) AMREZ D R yb—0% DK%

friends(a,a) smokes(a) .. smokes(b) friends(b,b)

friends(b,a)

il
. R

cancer(a) cancer(b)

« 7H1E = {a,b}

« HET7 ML= ERMMEZHT{0,1} ZW5

* p(X) = Z1 exp(Z; w; F(X)) where F.: EiDEE L AHI
x : Herbrandf#fR (F(x) = 1 if x E F, else =0)
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o BEXRITEEMNAICERYMEATILNS E
— AI7A<Y Tk :Google Brain, Microsoft Adam, IBM Watson
— BUX: Deepmind by Google, Face.com by Facebook, ...

- BEhEER BEFvIay, Qﬁﬂf‘ﬁn..,\nﬁk
- (HE)HHEAR—X: s, =co, , KnowledgeVault,...
— 201745 B AlphaGomz i@t L+ I F
¢ 55751 '_H%ILUO)E)J%
- TZ4DhIWVETILD BiER, R/IE S ATLA
- HE IOz Yb: PPAML(2013-2017) by DARPA
- RIEBZFE: ICLREEDHE

e IROLNTLNADIEX?

— Interface (P. Domingos & ,
— Logic combined with probability (S.Russel Bl )

- ARAORESHEDHR-EENDLE
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SDAIZRITTLNDHD

Table 1: Examples of interface layers.

Field Interface Layer Below the Layer Above the Layer
Hardware VLSI design VLSI modules Computer-aided chip design
Architecture Microprocessors ALUs, buses Compilers, operating systems
Operating systems Virtual machines Hardware Software
Programming systems | High-level languages Compilers, Programming
code optimizers
Databases Relational model Query optimization, Enterprise applications
transaction mgmit.
Networking Internet Protocols, routers Web, email
HCI Graphical user interface  Widget toolkits Productivity suites
Al 27? Inference, learning  Planning, NLP, vision, robotics

From
Domingos, P.: What's Missing in Al: The Interface Layer. In: Cohen, P. (ed.)
Artificial Intelligence: The First Hundred Years, AAAI Press (2006)
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RENKOHLNTLNS

Model 1 Model 2 Model n

ESZE7N

A

« Eisner®#g##: models are too big now A

. EFLBO—REE > BREBFEREELLETULY (LF) L3
g2 B (T Q5B

11



AIST

RENKOHLNTLNS

Model 1 Model 2 Model n

SRL/PLL/PPE:E

<}

« Eisner®#g##: models are too big now A

. ETLBO—REE > BREFEREELLETULY (L) &3t
o2 B(TH) 05 B
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WEXRTJOYSIVHEEE

HeRMBDT)IT4T (HL TV 7 HERFE, RFE . A/ X
WM E) EFOTARAT AT SV 55

— SmIEEY ICL,PRISM,ProbLog,PITA

- E#E BLOG,IBALL,Church

— A7V x¥YMER Figaro,Venture

— FipEd Dyna,Factorie,Infer.NET,Stan
— T Edward

HWBEE FE 31473
PPAML by DARPA (2013-2017)

http://www.darpa.mil/program/probabilistic-programming-for-
advancing-machine-learning
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I=m iR E5&(PPL)

B HERF MEE
PHA/ICL '93,’97 D. Poole
PRISM 95,97 T. Sato, Y. Kameya
SLP ‘96, ‘01 S. Muggleton, J. Cussens
PRMs ‘98 D. Koller, N. Friedman
LPADs ‘04 J. Vennekens, S. Verbaeten, M. Bruynooghe
P-log ‘04 C. Baral, M. Gelfond
CFDs ‘04 D. McAllester, M. Collins
Dyna ‘04 J. Eisner
MLNs ‘04 P. Domingos
BLOG 05 B. Milch, S. Russell
MEBN 06 K. Laskey
ProbLog/ProblLog?2 '07,’13 L. De Raedt, D. Fierens,...
Church ‘08 N. Goodman, J. Tenenbaum
Factorie ‘08 A. McCallum
Figaro ‘09 A. Pfeffer
PITA 11 F. Riguzzi
PSL 12 A. Kimmig, L. Getoor,...
ProPPR ‘13 W. Y. Wang, K .Mazaitis, W. W. Cohen
Venture ‘14 V. Mansinghka, D. Selsam, Y. Perov
Saul ‘15 P. Kordjamshidi, D. Roth, H. Wu
Edward ‘16 D.Tran,D.M.Blei,..
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http://probabilistic-programming.org/wiki/Home
http://probabilistic-programming.org/wiki/Home
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PRISM [Sato+97]

o NTEKRIEIZED<Prolog®M1

¢ Jil:ll:l nHHEE

I CTETILEEZL, ¢

FEZEITO
« Titech (%% ),CUNY (B-Prolog) ,Roskilde (it FH) D

EHETHRE, ER

=

L
%

AN T8 A

F & A

AIRC TR F#E {5

o EETM:Turing machine + fEREE

« BNEPYIR

~ 3

EENAEE7ILO)X L

Ik

B CHREHHE

. BEBMETYLY (BN,HMM,PCFG,CRF,Ranking...)
- BELHWMEEA=21—(EM,VB,VTMCMC,...)

15
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P R | S M 2 . 3 (http://rjida.meljo-u.ac.jp/prism/)

Bayesian Cyclic Ranking
LDA s HMMs PCFGs LR CRFs el model
PRISM2.3
PRISM program
PRISM2.3
EM/MAP Prefix-EM L-BFGS SGD

« PRISM2.2

- S RHIHEZEET )24 (LDA, NB, BN, HMM, PCFG,:-*)

— FBIpOFEZERET >4 (logistic regression, linear—chain CRF, CRF-CFG,---)
« PRISM2.3(S&8R)—X)

- JEFZ3E (Learning to rank by SGD)


http://rjida.meijo-u.ac.jp/prism/
http://rjida.meijo-u.ac.jp/prism/
http://rjida.meijo-u.ac.jp/prism/
http://rjida.meijo-u.ac.jp/prism/
http://rjida.meijo-u.ac.jp/prism/
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ABO M#& 70455 .L

values(gene,[a,b,0],[0.5,0.2,0.3]).

/

msw(gene,a) H\FEZHR0.5TE

btype(P):-
gtype(X,Y),
(X=Y - P=X; X=0 - P=Y; Y=0 - P=X; P=ab).

gtype(X,Y):-
msw(gene,X),msw(gene,Y).

\
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\¢
VAl

EEDanE{EsTE(PPC)

0.55 $#BA4 57 for btype(a)

btype(@) 55 0.15 0.15 describes how it is proved
<=>gtype(a,a) v gtype(a,0) v gtype(o,a) by probabilistic choice made
0.25 by msw-atoms

gtype(a,a) <=> msw(abo a) & msw(abo a)

0.15 0, |
type(a,0) <=>msw(abo,a) & msw(abo,o _
giype(a.o) ¢ ) ( ) F&F0ETE of probabilities in
gtype(0,a) <=> msw(abo,0) & msw(abo,a) a bottom-up manner
starting from probabilities

associated with msw

atoms
PPC+DP M &iH : HBAYSTIXIER/IRT 7
ﬁlJF‘J%&%F‘J%EJr%i, => DPAYA] EE
= {K*ﬁ

REASMAIETE
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SWRIGET IV EFEIE

- HEMMERETT IV TOTILIEERD M p(xy|0) EER, BL x [&
BNEHR Ty FEHAZEH x hb y NERSND)
« HERNTA—F0Zy MOHETE
 MLE 6* = argmax , P(y|6) € EM/MAP
« 0* = argmax , P(x*,y|0) & x* = argmax , p(x,y|6*) € VT

o« RAXMMERETIL: TRT S LI p(x,y|0)pO|a) EEET S
BI5DEE pylo) = = /p(x,y,0]0) dO, E#& 5% pOly,o), T84
IP(XY e 8,0)P(O]y,0)d0 ZEHE T S
- variational Bayes (VB) € VB, VB-VT
MCMC € Metropolis-Hastings

o FIRIBET IV (REGAEHERE): T S LIEEHFE2% p(xly,0) &
E&EID
0* = argmax 4 p(x|]y,0) € LBFG
B GEIF)ETI/IL:TOT S LITEEES T p(xy|0) ZEET D
o EWFIEF Y, >V, V3>V, ... DEZONIZESE
FEZ/NTA—3 0 s.t. p(y1]0)>p(y,10), P(ys0)>P(y410),... ZF&E € SCD
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it A Al 5E

o BIRIEHUT2 S -- sample, get_samples
o HEEETE -- prob,probf,...
o INTA—AZFE - |earn (with learn_mode=ml,vb,ml vt,vb vt)
- EM/MAP
« VT
o RNAXHE
- VB
« VBVT
« MCMC (by MH) -- mcmc,marg_mcmc_full,predict_ mcmc_full,...
- HEEKFETIL
» prefix-EM -- lin_prob,lin_learn,lin_viterbi,nonlin_prob,...
o EHATEFERIZ(CRF) -- crf prob,crf learn,crf viterbi,...
« EFFEE
 SGD for PRISM -- rank_learn,rank
« Viterbi#tim (RILERHEER) -- viterbi,viterbig,n-viterbi,...
- ET)LEZ (BIC, Cheesman-Stutz, VFE) -- learn_statistics
« RL—2% -- hingsight,chindsight

—EI7ATSLEEFEEMERATES
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btype(P):-
gtype(X,Y),
( X=Y - P=X; X=0 - P=Y
; Y=0 - P=X; P=ab)
gtype(X,Y):-
msw(gene,X),msw(gene,Y)

A S & S ~
Q¥ peidary Ty BT

ABO IIREL T TS I

EM/MAP L-BFGS SGD
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Sample session 1
CEREAYST & HEREE

blood.psm
o _ values(gene,[a,b,0],[0.5,0.2,0.3]).
- built-in predicate btype(P):-
. gtype(X,Y),
?' pl’lSI’ﬂ(b'OOd) (X:Y -> P:X , X:O -> P:Y
loading::blood.psm.out . Y=0 -> P=X : P=ab).

gtype(X,Y):- msw(gene,X),msw(gene,Y).
?- show_sw
Switch gene: unfixed_p: a (p: 0.500) b (p: 0.200) o (p: 0.300)

?- probf(btype(a))

btype(a) <=> gtype(a,a) v gtype(a,o) v gtype(o,a)
gtype(a,a) <=> msw(gene,a) & msw(gene,a)
gtype(a,o) <=> msw(gene,a) & msw(gene,0)
gtype(0,a) <=> msw(gene,0) & msw(gene,a)

?- prob(btype(a),P)
P =0.550
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Sample session 2
- IR LHETE & Viterbi #EiR

?- D=[btype(a),btype(a),btype(ab),btype(o)], (D)
Exporting switch information to the EM routine ... done
#eme-iters: 0(4) (Converged: -4.965)
Statistics on learning:

Graph size: 18

Number of switches: 1

Number of switch instances: 3

Number of iterations: 4

Final log likelihood: -4.965

?- (btype(a),P)
P =0.598

?- (btype(a))
btype(a) <= gtype(a,a)
gtype(a,a) <= msw(gene,a) & msw(gene,a)
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Sample session 3
- VB & MCMC [2&kBR A XHEH

?- D=[btype(a), btype(a), btype(ab), btype(0)], (learn_mode,vb), (D).
#vbem-iters: 0(3) (Converged: -6.604)
Statistics on learning:

Graph size: 18

Final variational free energy: -6.604

?- D=[btype(a), btype(a), btype(ab), btype(0)],

(D,[burn_in(1000),end(10000),skip(5)],[VFE,ELM]), (D,LogM)
VFE = -6.604
ELM = -6.424
LogM = -6.479
?- D=[btype(a), btype(a), btype(ab),btype(0)], (D,[btype(a)].[[_.E._1D).

print_graph(E,[Ir('<=")])
btype(a) <= gtype(a,a)
gtype(a,a) <= msw(gene,a) & msw(gene,a)
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Sample session 4
- Rank learning of {o>a, o>b, b>ab}

P(btype(0))>P(btype(a)), P(btype(0))>P(btype(b)), P(btype(b))>P(btype(ab))

?- show_sw.
Switch gene: unfixed: a (p: 0.5) b (p: 0.2) o (p: 0.3)

?- D=[[btype(o),btype(a)],[btype(0),btype(b)],[btype(b),btype(ab)]], (D).
#sgd-iters: O......... 100....... (10000) (Stopped: 0.105)
Graph size: 36

Number of switches: 1

Number of switch instances: 3

Number of iterations: 10000

Final log likelihood: 0.191

?- show_sw.
Switch gene: unfixed: a (p: 0.112) b (p: 0.131) o (p: 0.757)
= P(btype(0))=0.625 > P(btype(a))=P(btype(b))=0.230 > P(btype(ab))=0.020

?- rank([btype(ab),btype(0)],X).
X = [btype(0),btype(ab)]

25
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Sample session 5
- FHHEHERE(CRF) : P(G|P)

btype(P):- btype(P, ). IEET—2 P HEAEIND
btype(P,G):- G=[X,Y], <« SE&£7T—% (PG) M&Rlchd
gtype(X,Y), RAD GforP ##TET S
( X=Y -> P=X; X=0->P=Y; Y=0->P=X; P=ab).
gtype(X,Y):- msw(gene,X),msw(gene,Y).

?- get samples(100,btype(_, ),D),crf learn(D),crf viterbig(btype(a,G)).

#erf-iters: 0#12 /'
(7) (Converged: -92.443)
Statistics on learning: G = argmax; P(btype(a,Z) | btype(a))

Graph size: 36
Number of switches: 1
Number of switch instances: 3
Number of iterations: 7
Final log likelihood: -92.443

G =[a,a]
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BEfESEEL D LE : MLN

-MLN (3| B1I#47) vs. PRISM (& REY)

UW-CSET—4

— RKETLOUP O KRFAVEA—F YA IO RFENDOEEN, 4, BE, &
DEFZEERLE=ET—42t vk, €8T 2,673 EDT—2NA-THEY, 54 \ET

(Al, graphics, language, systems, theory) IZ73 TN TL .

— {5l : taughtBy(Course7, Person415, Spring_0304),
courselLevel(Course52, Level 400), advisedBy(Person265, Person168)

FH EER(MLN)

— UW-CSED & 7B EFXIZDE, XHrioadvisedBYR REBRULNVZ 2 D &35 Y 457 Fr
DT —R2%EFET—42EL, XDadvisedByE R ZEZIEfET—42&LT-. LLED
T—REMAE DR BEI TR EINI=-MLNZ AL, FEEIToTXIZRIT5
advisedByB{& & FRILT-. ThEEZEDEFTITo-.

— {5l : = student(x) v advisedBy(x,y) v tempAdvisedBy(x,y),
—~advisedBy(x,y) v professor(y),...

BIREER(PRISM2.2, Intel(R)Xeon(R) CPU E5-26900@2.90GHz)
— 151 advisedBy(S,P):-msw(advised_by,X),(X=ta->advisedByTA(S,P);advisedByProf(S,P)).

27
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 Precision-Recall 557

— FRTAREFBHLEL N EOT—REEZS
« Recall(BIHxXR)
ERnEERNDIERBT—3#

IEfRT —2H%

Recall =

* Precision($5 &)
FEnBEEHRNDERET—2E

Precision = "
- RICEE n+1 HDHZEEEEZ, INEREFETITS
Y A
1
0 > X




Precision

VFML
— MLNEZEDNZEZ7ILTYXLNEHBAAENTF-O AT L

0.8

0.6

0.4

0.2

Precision-Recal
MLN(ZH]) & PRISM(H&

MLN(KB) ——
MLN(KB+CL) ——

04 0.6 0.8
Recall

> “Markov Logic Networks”, Matthew Richardson, Pedro Domingos,
Machine Learning, 62, 2006. p.24 &Y k¥
3% MLB(KB), MLN(KB+CL), KB, KB+CL,CL, NB, BNIZZE7ILTY X LEIET

AIST

y

Precision

0.8

0.6

0.4}

0.2¢

73
YD FEEFER L
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LDA

e LDA (latent Dirichlet allocation) (X ZEDXEMIINEYIETILT

PLSI (p(d, {1, -+, wy }) = p(d) [Thz1 pWn | )P (2,,]d)) D BayeshR
o XEIINBIORY, BEYVAXEV, FKEVI#EKET S E
o FEWIzMD S Fa%Dirichlet MY 2725 0 = 0, -+ 0, ~Dir(8]a)
o zDBWDHZEDirichlet Y2 T)% 9, =n, - n,~Dir(8|B, 2)
o LITZNRE#RYIRT
o kEwWHz%Categorical 3 fiz~p(z|0) oY T 5
e :BwZ%Categoricalnfiw~p(w|n,) hio YT 5

Mk o) 0= (0 )
1= J a1 Q% Toeroy k)
Hi‘? I_(a-)91 0,.", where {

1=1 J

Dir(6 | a) =

e PRISM program:
values(topic,[1,2,..,10]). % K=10
values(word,[1,2,..,25]). % V=25
doc(D):- (D=[W|R] -> msw(topic,Z),msw(word(Z),W),doc(R) ; D=[]).

32
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FBAETIAL
STERMT24L

BIfF S5 D LLES:

Stan&R(topicmodels)
Stan: KRG FE=REERET) 0T EE (MCMCIZ L bBayestHfiimn )
[Turliuc et al. 2016*HN&E DM DPPIZLBHLDAD EEHFLLEILT-.
EELEETHEZN - (RERATIFIFYORIEZRT. EITEMIEF B4

&6 pb ¢ prism 6 tm-vem
9 stan ¢ ¢ tm-gibbs

—300000 ————— ———
| EERT—RILLDAE{E
—305000 L‘EEJZLT’(.::.%('JZZS
&, 10rE w4, 1000
PRSIMI 3%k ] 310000 %, 10058/X &)
é —315000 values(word,[1,2,..,25]).
g values(topic,[1,2,..,10]).
= —320000 doc(D):- (D=[W|R] ->
¥ msw(topic,Z),
325000 msw(word(Z),W),
—330000 doc(R) ; D=[]).
. . 7’
335000 G . PRISM 70454

Fig. 6. Likelihood against log average execution time. Higher is better.

* Probabilistic abductive logic programming using Dirichlet priors, Turliuc et al. IJAR (78) pp.223-240, 2016 34
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BIFESREEDLEER: (#5S)

Stan&R(topicmodels)

o BELE-ETILORLHEREZFperplexity (27 v Zilog p(xi) , x;:data) TS
« PerplexitybbEYO B DEZRZE A1 (FEYIEI0M IERE)

% pb % prism 9 tm-vem
9 stan o6 tm-gibbs

25.0

245

PRSIMIXBR#EIZ 24.0
ERRNEYo#%E
LTTLVS

23.5

Perplexity

23.0

225

22.0

1.5 | | | |
6 7 8 9 10 11 12 13 14
Topics

Fig. 9. Average fold perplexity in 5CV against number of topics in the evaluated model.
from [Turliuc et al. 2016] 35
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& BBV HIRIET L

» Logistic regressiont>CRF®D — %1k
— HMMIZ#E 9 A &linear-chain CRFIZH:5
— PCFGIZERAY 9&CRF-CFGIZH %
o SFRICIGHR
- 2T —HRESRTEET AN 2FEE D L K HIPRISM
TR 5L%EL
— ERETILISHLEE BFRIABE NS R EEEA R LY

36
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HBIET I FA—TRAX

00@9

Naive Bayes (NB)

values(class,[unacc,acc,good,vgood]).
values(attr(buying, ),[vhigh,high,med,low]).
values(attr(maint,_),[vhigh,high,med,low]).
values(attr(safety, ),[low,med,high]).
values(attr(doors, ),[2,3,4,more5]).
values(attr(persons,_),[2,4,more]).
values(attr(lug_boot, ),[small,med,big]).

FA—TRAX TATS5 L

nb(Attrs,C):-
Attrs = [B,M,S,D,P,L],

msw(class,C),
msw(attr(buying,
msw/(attr(maint,
msw/(attr(safety,
msw(attr(doors,
msw(attr(persons,

UCI-car data

e Size=1728
#class = 4

#attrs = 6

no missing value

[C]), B),
[C]), M),
[C]), S).
[C]), D),
[C]), P),

msw(attr(lug_boot, [C]), L).

37
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HI|RIETJL:BAN

UCI-car data

e Size=1728

e class=4

« fHattrs =6

* Nno missing value

BAN (BN Augmented Naive Bayes)

values(class,[unacc,acc,good,vgood]).

values(attr(buying, ),[vhigh,high,med,low]).
values(attr(maint,_),[vhigh,high,med,low]).

values(attr(safety, ),[low,med,high]).
values(attr(doors, ),[2,3,4,more5]).
values(attr(persons,_),[2,4,more]).
values(attr(lug_boot, ),[small,med,big]).

BAN 7O4 5 L

bn(Attrs,C):-

Attrs = [B,M,S,D,P,L],
msw(class,C),

msw(attr(buying, [C]), B),
msw/(attr(maint, [C,B]), M),
msw/(attr(safety, [C,B,M]), S),
msw(attr(doors, [C,B]), D),
msw(attr(persons, [C,D]), P),
msw(attr(lug_boot, [C,D,P]), L).
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3| B€EFJL: CRF-BAN

UCI-car data
e Size=1728
e class=4
« fHattrs =6

no missing value

BAN (BN Augmented Naive Bayes)

values(class,[unacc,acc,good,vgood]).
values(attr(buying, ),[vhigh,high,med,low]).
values(attr(maint,_),[vhigh,high,med,low]).
values(attr(safety, ),[low,med,high]).
values(attr(doors, ),[2,3,4,more5]).
values(attr(persons,_),[2,4,more]).
values(attr(lug_boot, ),[small,med,big]).

CRF-BAN 7045

bn(Attrs,C):-

Attrs = [B,M,S,D,P,L],
msw(class,C),

msw(attr(buying, [C]), B),
msw/(attr(maint, [C,B]), M),
msw/(attr(safety, [C,B,M]), S),
msw(attr(doors, [C,B]), D),
msw(attr(persons, [C,D]), P),
msw(attr(lug_boot, [C,D,P]), L).
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IF 7% & (accuracy) LL B

« [RE: T—3DO/NTA—FFBLTEDIIRZTHETS

« JEFAR7:nb(a,..

’a6]’Ccorrect)>nb([a1“’a6]’C,) (C’ a Ccorrect)

5

86.1%

NB_rank 88.2%
BAN 91.5%
BAN rank  97.7%

CRF-BAN 99.8%

MLE
(learn/1)
Rank learning G ° @ e

(rank_learn/1)

MLE
(learn/1)

NB, NB_rank

Rank learning
(rank_learn/1)

LBFG
(crf_learn/1)

accuracy:10-fold CV BAN, BAN_rank,CRF-BAN

« rank_learn/1 [2&AB/N\TA=A2FE [Llearn/1 (FLHEE) &S
 CRF-BAN WIEFEERZRETHAIN crif learn/1 [T&KAFEREIEKL
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AIST

T 57 EPRISM

o  KIFHELENEY 57 (knowledge graph, KG) A3\ F| AT #E
(FreeBase,Wikidata,Knowledge Vault,..)

« 3DMDES(s,rel,0) (= aa& rel(s,0))

 Q.A.on (s,rel,0) :Who played Spock?

Spock Science Fiction Obi-Wan Kenobi

oRET

played characterIn genre genre characterIn played

(57 starred% Eﬁarredln 4(5

Leonard Nimoy Star Trek  Star Wars Alec Guinness

From: A Review of Relational Machine Learning for Knowledge Graphs
Maximilian Nickel, Kevin Murphy, Volker Tresp, Evgeniy Gabrilovich,
Proceedings of the IEEE 104(1): 11-33 (2016)
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1L OBUND B

— 3B RTZER (TIEDHAD
. %1715. s,0 & K-7t NJkJL s,0 (K« |entities]| )
« BAf%R:rel =& K-Rjt RXTkJL rel, Kx K matrix D

Translation €T JL
« Transk[Bordes+,13],..,HolE[Nickel+,16]
* rel(s,0)=true & JiIs+rel-0|=0

R ETIL
« RESCAL[Nickel,13],..,DistMult[Yang+,15],[Trouillon+,16]
* rel(s,0) =true & sT™Do =(seDo) =1 (D is diagonal)
PRISM-DistMult &7 JL (EAERNTRIL= FEE D)

values(cluster( ),[1-K]):- K=50.
values(rel( ),[true,false]).

rel(S,0,V):- msw(cluster(S),C),msw(cluster(O),C),msw(rel(C),V).




AIST

RIEMNSARNDRNILZERA

rel(s,o,true) <
3¢ msw(cluster(s),c) & msw(cluster(o),c) & msw(rel(c),true))

s = (P(msw(cluster(s),1)),..,P(msw(cluster(s),K)))"
l o = (P(msw(cluster(0),1)),..,P(msw(cluster(o),K)))"
D[1,j]] = P(msw(rel(i),true))) if i=], =0 o0.w.

= P(3c msw(cluster(s),c) & msw(cluster(o),c) & msw(rel(c),true)) )

= 2 cinp.kp P(msw(cluster(s),c) & msw(cluster(o),c) &
msw(rel(c),true) )

= 2 cin .k P(Msw(cluster(s),c))P(msw(cluster(o),c))
P(msw(rel(c),true))

= s[1]D[1,1]o[1]+...+ S[K]D[K,K]o[K]
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ERETILDINGA—AFE

NFGA—FZE I ALHEETLIELFE TLATEE
RALHEICIXEFNHNILEL
BRI 2 TIXIEHI(s,rel,0) EEBI(S' rel, 0’ )Mo R AIBLRLAR T
((s,rel,0) > (s’,rel,0’))IZTDLYTP((s,rel,0)|0) > P(rel(s’, rel,0")|0)
EIEBDFINTINTGA—RO0TFEE D EPINLE
MBI STXEFDAED
& 5% [Socher+,13] [ZHRWERT S
Given (s,rel,0) in KG, randomly sample entities s’, 0’
such that (s’,rel,0), (s,rel,0’) not in KG (€ ERIEXE5DLEH)
N7 ((s, rel,0) > rel(s’, rel,0)), (rel(s, rel,0) > rel(s, rel,0’)) as #H
IEGLEE DIET — 2B L VTAMT—2ELTHEAT S



AIST

3D#H ¥ Al 5 &E: FB15k data

« FB15k[Bordes+,13]: FBO—&R, E{A%14,951 BE{%R%E1,345
- Top-10 largest relations {rel,,..,rely} ZEE&(ZfF>7-

I T T O O N T I

training 15998 12893 12166 12175 11547 11636 9466 9494 9439 9465
valid 1706 1353 1304 1191 1195 1200 1049 976 965 969

test 2060 1591 1451 1555 1478 1384 1123 1168 1190 1160

- [EEE: {rel,,..,rely} DEBEAZRIZDULVTPRISM-DistMult modelD /X5 A—42%FE L,
IEFI-EFIZHIRIL, SE#EYRLCTIEREZRS.

= e e, [ty el | v | el | rely | reh | rely | ol

Rank

learning 87.4% 79.8% 74.1% 72.7% 62.0% 62.7% 54.8% 55.0% 69.4% 69.5%

MLE 85.9% 60.4% 68.7% 72.6% 61.8% 56.1% 52.0% 50.0% 66.5% 69.7%

T-Test = > = = = > = > = =

o JERFBEIFRLEEIYBLGVNSA—EZHEET D
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BEnBid o bICKYBERETILORE -HFDOF
F'HE]%/JIb?’

« PRISM23IIFRERA—RADERTOTIIVJEEELT
ZIRZRGCFEHETIRELTLS
— ETUTHlEE OB
— http://riida.meijo-u.ac.jp/prism/ xR > A—K A HE

]
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