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Distant Supervision Relation Extraction Model Based on Multi-level Attention Mechanism
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Abstract As one of the main tasks of information extraction,entity relation extraction aims at determining the relation-
ship category of two entities in unstructured text. At present,the supervised method with high accuracy is limited by the
need for a large number of manual tagging corpus. The distant supervision method obtains a large number of relational
triples by heuristic alignment between knowledge base and text set,which is the main way to solve the large-scale rela-
tional extraction task. In order to solve the problems that the high-dimensional semantics of words in sentence context
are not fully utilized and the dependency-inclusion relationship between relationships is not considered in the current re-
search on distant supervision relation extraction, this paper proposed a multi-level attention mechanism model for distant
supervision relation extraction. In this model, the high-level semantics of sentences are obtained by utilizing the bidirec-
tional GRU(Gate Recurrent Unit) neural network to code the sentence word vectors. Then,the word-level attention is
introduced to calculate the degree of correlation between two entities and the context words,thus capturing the semantic
information of the entity context in sentences adequately. Next, the sentence-level attention is constructed on multiple
instances to reduce the tag error annotation problem. Finally, the dependency-inclusion relationship between different re-
lationships is automatically learned by the relation-level attention. The experimental results on FreeBase+ NYT public
dataset show that the introduction of word-level,sentence-level and relation-level attention mechanisms on the basis of
bidirectional GRU model can improve the effect of distant supervision relation extraction. Compared with the existing
mainstream methods,the multi-level attention mechanism relation extraction model obtained by integrating three levels
attention mechanisms improves the accuracy and recall rate by about 4% , which achieves better relation extraction
effect, thus providing a theoretical foundation for further constructing the knowledge graph and intelligent question an-
swering applications.
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Table 3 Average accuracy P@N of different sentences containing entity pairs
AL )

R & One Two All
P@N 100 200 300 Mean 100 200 300 Mean 100 200 300 Mean
BGRU 69.9 66.7 61.1 65.9 71.4 69. 6 61.8 67.6 72.2 68.8 64.4 68.5
BGRU+ AT T nience 74.7 70.8 63.9 69.8 76.6 73.9 67.4 72.6 76.5 74.6 70.2 73.8
BGRU+ATT ation 72.3 67.5 62.6 67.5 74.7 69. 1 66.5 70.1 75.3 71.4 67.8 71.5
PCNN+ATT 73.3 69.2 60. 8 67.8 77.2 71.6 66.1 71.6 76.2 73.1 67.4 72.2
BGRU+3ATT 79.2 73.1 66. 4 72.9 80. 3 75.9 71.6 75.9 82.6 77.7 72.5 77.6

26 3 W LLE . DAE FEAETT L PCNN +ATT.BG-

RU+3ATT KW P@NHIRE T sU AL HRKIET £
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J2 YR TR ML R T R B O FR A BB A R s 2) ARER TR
4l 1) BGRU 7, BGRUA ATT cnience Fl BGRUA+ ATT qpaiion /7
M P@N HEA T8 B8 k| T aF R MERZ
R I HL X 22 56 2% 3 B4R SE 1R ) e ) R L
6 26 R A U AR BOR B TR ZHE R AL .

GERIE AR T 2 2 W R I ML Y R
KRBT, A RER ATRURRRERATER
FIBLH ) B )2 R T L RE 0% 78 43 AR AT F LR SO 2
W SUE B ) 2R R AL RE % 08 BR 4 0 A DR AR TR )
KR ZHERE MG N AREGE B 82 > K 6 56 R 2Z 18] 1 48 £ 7
KR 3 EEBE NV SATRLE ISR, A A S B S
R 10 SE 06 25 BRI AR SCHR R O I M T B Tk
BTHEKSES, SR, i F GRU #f 4 W 2% %t 4] F 347 4
5 o B SR AR 05 Al DR ] - 1) K B 8 A0 A 7] 850, L 7 4 4 ) Sy
KA R AE I, HOMEREOR B CNN R0 4%, 76 R R (0 TA/E v, 3 4]
2% GRU 5 CNN #HZ5 G 2k RALA) o) &, LR = &
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