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Comparison of Graph Mining Method with Inductive Logic Programming Systems
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Some approaches which can efficiently discover characteristic patterns from a set of labeled graphs or trees have
been proposed. Authors proposed a method which achieves an efficient search of all frequent subgraph patterns
from labeled graphs, and extended it to discover more meaningful patterns. In this paper, we consider the relation
between patterns found by our methods and descriptions of graphs represented by predicates of first order logic.

1.)*+,-./01234506789:/:;<=>?@ABCDEFGHIJKLMNOCDEPQRSTUVWXEYZ[A\/01234506;<=@ABCDEFGHIJKLMN]̂DE
AGM_2̀abc[Inokuchi 03a]
JSTd/UAefghi>FGHIJjgCDkle/AGM_2̀abcJmndkYopq\/rVA;PQefsWjgCUVEFGHItuvwxqywUVE506;z{|};~�e�XW��DEY

2.��������
2.1�������������506t\012J����t�@A>E��q/�B�506OC� t\/506;<=R¡¢AVkt4e£VA;506;�Ne¤¥506tdW¦§VE¤¥��J̈�©E� qªEY«1\/�B�506OC;¬J­dk�;qªEY®̄tdW4�;506t°±²³�tdW100%

R¡¢AVkt4/C̄UVE506FGHI;1�tdW/��́R
3
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methods Acc. Stand. Dev.

ACQ 87.0 n/a

C2RIB 88.0 ±3.4

FOIL 82.0 ±3.0

Fors 89.0 ±6.0

G-Net 92.0 ±8.0

Progol 88.0 ±2.0

STILL 90.0 ±5.0

BACQ(250) 92.0 ±3.8

AGM 89.0 ±2.0
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