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Abstract Probabilistic logic learning (PLL)research has made significant progress over the last years. A rich variety of
different formalisms and learning techniques have been developed, including probabilistic relational models, bayesian
. logic programs, and logic bayesian networks and stochastic logic programs etc. This paper, focusing on the combina-
tion of bayesian networks and first-order logic, provides an introductory survey on probabilistic logic models based on
bayesian networks through the investigation of knowledge representation, parameter estimation and structure learning
algorithms, Although the PLL community has successfully demonstrated the feasibility of a number of probabilistic
models for relational data, there is much work on efficiency and scalability to be done in order to begin generalizing the
range and applicability of the various models,
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listic Interpretations) Fl JA #% R E #E # 4 3 (Learning from
Probabilistic Proofs) , i = 222 3 J5 ¥: 43 71 i% F A W] i T 35
it ‘

JLP-BiA R VS R g S F BB R
EHE, — B AR ES A RER R RBIREN, Y
R B GBE L RBP4 RIS af S i-4
#. EEERIEY, —RERARERE, PIMA—-MREFEF
A R M F 8 P Bx — N R T, 4 F PRMs, SLPs il
BLPs, % —N3CEMA BB BB BT A0 2 T 1 0 -5 W 4%
FMAZ RS . NEBBATSE, XERBFRIESHT E4
R AR R IEE R BRE T 0 B8, 1
Sby T RR MR T AT LB A RSB F e+
HIURIIE.

BY SREEEIBEEEHEN—-NBBCERES
RO URIEEINEEE ENRRBBE S THEER
B,y BT BNs £JMEEHHXER, AL HEERA
R, URRHBERH ARG ENXR, T RSB EZMA
FIBAR T R BEE . 2000 SFRARIMRFELRNAT AFHE
R EEE, H PR 24 (4, PRMs f1 BLPs) 83 $fh it
HEMSHEI RSB LB, FEWRELRETA
SERMBR. KEEX PLMs Mg SCh#E5E — T,
{ER XM SO HR R R A A F 3 R ILP RE/E
HE, &F PLMs 2t LRR AR B . AR A %
ABAGHR #ERERET PLL M ik, X #HE PLL
WTHAERTEHEIREEM XBVRABELRWT
PLMs & RAIN F. bk, BABFFR B AT 89 % F
PLMs, s ¥4 BRSO AR, B L SE 5 T M5 A E R
PHER R ERAMEREEEI FRREEBIRED
T,

X XM

1 Heckerman D, Meek C, Koller D. Probabilistic Models for Rela-
tional Data; [ Technical Report MSR-TR-2004-30]. Redmond,
WA Microsoft Corporation, 2004

2  Koller D. Probabilistic relational models. In; S, Dzeroski, P.
Flach, eds. Proceedings of 9th International Workshop on Indue-
tive Logic Programming (ILP-99). Springer, 1999

3 Fierens D, Blockeel H, Bruynooghe M, Ramon ]. logical bayes-
ian networks, In:Proceedings of the 3rd workshop on Multi-Rela-
tional Data Mining (MRDM-2004) , Seattle, WA, USA, 2004, 19~
30 ‘

4 Kersting K, De Raedt L. Bayesian logic programs, In.Proceed-
ings of the Work-in-Progress Track at the 10th International Con-
ference on Inductive Logic Programming, 2000

5 De Raedt L., Kersting K. Probabilistic Inductive Logic Program-
ming. Invited paper. In; S, Ben-David, J. Case, A, Maruoka,
eds. Proceedings of the 15th Int. Conf. on Algorithmic Learning
Theory (ALT-2004),Padova, Italy,October 2004, 19~-36

6 De Raedt L, Kersting. K. Probabilistic Logic Learning. ACM-
SIGKDD Explorations, special issue on Multi-Relational Data
Mining, 2003,5(1),31~48


http://www.cqvip.com

