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Chinese Relation Extraction Based on Constituency Representation
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Abstract: Relation extraction is an important research in the natural language processing (NLP) area. The
constituency grammar information, which is widely believed by the academic community, has an important
influence on relation extraction. However, there is no obvious effect when the phrase syntactic tree is
applied to the relation extraction task. There are two main reasons for this: First, the generalization ability
of the constituency parser is poor, which will cause error propagation and then affect its effectiveness in the
relation extraction; Second, there are flaws in the way of the use of the phrase syntactic features in the
relation extraction task, that is the phrase syntactic structure information learned by the constituency parser
is lost, or the wrong influence on the relation extraction is increased. This paper proposes a Chinese
relation extraction method based on constituency vector representation to solve the above two problems.
The method embeds the text representation learned by the constituency parser into the relation extraction
model, thereby improving the relation extraction performance. This paper validates the method on a public
Chinese relation extraction data set.
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EIOL, S 9 1 1075 8 B R S 4 06 1 47 1 EERS SRR FRIRE
A3aa) ) P AR T A stanford ) PE AR TE 28 45 TE I 45 Table 1 Dataset used by constituency parser
B R UPAIT 2 MRS E A Constituency .
) ) Train set Dev set Test set
e 2 J& LB A3 53 B A A B ORI, Horp parser
c5parser J& 41 I CTBS B 42 I 2575 5 A 4 7 4% CTBT dadsd o263 4375
B 89.47%4 S P 4y 348 /) B AR 5l S cree 8101 9hz  A9T0AS)

HR DR 47— B 18 O B4 Fr-score fH . 84.04%
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A Ak Y Tz 3 R R B I T R R A TN BE ) B RS RLAG F R B T 84.04% , FRET S A4, fE
CTB7 ¥4 4 IRz i 745 3 c7parser. [RIFE IR AE T, Fi-score i5 ] 86.49 %6 , X R Il 25 50 45 4R 11
B 3 AT T T I ZRAT B A AR TR fE O T . 3R 3R IR U o B LA A T A S 4k

F2 WERSSWMEEHYR x3I REASSTRENESH
Table 2 Performance of the constituency parser Table 3 Hyper-parameters of the constituen-
Constituency parser Fy~score/ % ¢y parser
Socheretal[2011]*! 71.12 Hyper-parameter Value
Zhangetal[2013]"” 84.43 Word embedding dimension 100
Zhengetal[2015]V 84.22 Pos dimension 50
Dyeretal[2016]* 84.60 LSTM dimension 50
Fernandez-Gonzalezetal[2018]* 86.80 Dropout rate 0.4
Wangetal[2015]* 86.60 Batch size 2
cSparser 84.04(89.47)
c7parser 86.49
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2 MRAT L 22080 T 35 e TE 26 2 il R 4 Table 4 Dataset used by relation extraction
£ X EHErE P e 2B E . X Relation extraction Train set  Dev set  Test set
B4 T oSS oS TR 5% wikidata Sentence 940595 82699 167224
A R, B S S 2 35 wikipedia XF 5F wikidata Relation fact 42 536 2192 4326
ALY L RO B T wikidata 10 36 7 9 92 40 3 Relation 170
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BRI i PR 1 4k (Cons7zh) , 15 4k /R BLMERL R PCNN-ATT () PR #th £k, 7] L& 3] Cons7zh i) PR i1 £
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