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s EMA S SCIERC [14] relation classification 3,219 455 974 7 F;
S HEMAS ACL-ARC[15]  citation intent 1,688 114 139 6 F
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[13] Jens Kringelum, Sonny Kim Kjaerulff, Seren Brunak, Ole Lund, Tudor I Oprea, and Olivier Taboureau. ChemProt-3.0: a global chemical biology

diseases mapping. Database: The Journal of Biological Databases and Curation, Vol. 2016, , 2016.
[14] Y1 Luan, Luheng He, Mari Ostendorf, and Hannaneh Hajishirzi. Multi-Task Identification of Entities, Relations, and Coreference for Scientific

Knowledge Graph Construction. EMNLP 2018, pp. 3219-3232.
[15] David Jurgens, Srijan Kumar, Raine Hoover, Dan Mc Farland, and Dan Jurafsky. Measuring the Evolution of a Scientific Field through Citation 18
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ACL-ARC
(TRIERH15% LYBEWVIIEHRE, KWNITILFE)
Thus , over the past few years , along with advances in the use of learning and statistical methods for acquisition of full

parsers ( Collins, 1997 ; Charniak, 1997a ; Charniak , 1997b ; Ratnaparkhi, 1997 ), significant progress has been made
on the use of statistical learning methods to recognize parsing patterns actic phrases or words that

participate in a syntactic relationship ( Church, 1988 ; Ramshaw and Marcus, 1995 ; Argamon et al ., 1998 ; Cardie and
Pierce, 1998 ; Munoz et al ., 1999 ; Punyakanok and Roth, 2001 ; Buchholz et al .,
1999 ; Tjong Kim Sang and Buchholz, 2000 ) .
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