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A survey on event extraction in new domains

HUANG Heyan'**, LIU Xiao"*’

(1. School of Computer Science and Technology, Beijing Institute of Technology, Beijing 100081, China; 2. Beijing Engineering Re-
search Center of High-Volume Language Information Processing and Cloud Computing Applications, Beijing 100081, China; 3. Sou-
theast Academy of Information Technology, Beijing Institute of Technology, Putian 351100, China)

Abstract: In the current Internet era, numerous unstructured text data in new domains often contain high-volume in-
formation. Studies on event extraction in new domains can accelerate building of domain knowledge bases, supporting
downstream knowledge-based applications. However, the existing event extraction methods have substantial limitations
of the domain. Building event extraction systems from scratch in new domains will heavily depend on the quality and
scale of event schemas and annotated data, requiring a lot of human efforts and expertise. Moreover, it is common in the
datasets that multiple associated event instances often appear in the same context, heavily hindering event extraction and
factuality prediction. This paper summarizes the emerging research field of event extraction in new domains and invest-
igates current research status from three directions: event schema induction, collective event extraction, and event factu-
ality prediction. In addition, this paper discusses the existing difficulties and challengings and indicates the potential re-

search work to be carried out in the future.
Keywords: event extraction; new domains; information extraction; event schema induction; collective extraction; event

factuality prediction; natural language processing; knowledge base
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Table 1 Related datasets on event factuality prediction

PG S e FrRE Wik FHKE
FactBank'! 6636 2462 663 23.95
Meantime'”? 967 210 218 19.07

uw'™ 9422 3358 864 25.08

UDS-H2™ ™ 20108 2642 2539 1533

FactBank'"" %4 45 4 37 7F TimeBank'™" i}
FEZ b o Hrp BRSO RE AR LS R EAT T B
A5 1, bR FE 2RO 43 S D0 K 2K 552 (factual,
CT+/-). Al fiE (probable, PR+/-). 1] fig (possible,
PS+/-). KA (unknown, Uu/CTu), Fn 455 s
T AH X 8 = B AR vE N — EPE (Inter-Annotator
Agreement, [AA), k=0.81,

Meantime'"*! 45 4 40 46 120 5 3 S3CHT ) ¢
w, LHAEVGBE A 2 K FE Ay 22 35 v i xf
PRI TR R o 280 4 SR A = (R 48 B L SE A
AR B R, B an =R 58 (factual) . 35 5E (coun-
terfactual) . AN € AI EPE (uncertain possibility) Fil
Ak v HEPE (future possibility).

UW J2 Hi Lee %' 7 2015 45y 2 (146 I F1
LS PRI T & A T B 4 o 2 AR it
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JET A i SR R bR T AR (-3, +31N Y
PERBUME . 2o AR W 23 )RR Fe A —
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