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relation extraction

Xu Guoliang'? Chen Qidong” Xu Yuxuan®
(1. School of Computer Science & School of Cyber-space Securitys Nanjing University of Information Science &
Technology,Nanjing 210044, China; 2. School of IoT Engineering, Wuxi University, Wuxi 214105, China;

3. School of Artificial Intelligence and Computer Science, Jiangnan University, Wuxi 214122, China)

Abstract: Distant supervision relation extraction methods based on the multi-instance learning framework mostly rely
on contaminated labels that are heuristically generated, and focus on predicting relations at bag-level. However, they
show unsatisfactory performance on sentence-level prediction which is more friendly with comprehend sentence tasks,
like question answering and knowledge graph completion. To solve the above problems, a novel distant supervision
relation extraction method is proposed in this paper, in which we train the model at sentence-level via positive learning
and negative learning to separate noisy data and enable faster convergence. Meanwhile, a constraint graph is
constructed to encode the re-strictions between relations and entity types and is optimized by an auxiliary loss towards
relation prototype, which allows information propagation among different relations that makes the model can learn
essential and interpretable sentence representation. We not only identify noisy data but also revise the labels of them
iteratively to refine the quality of distant data and further enhance model performance. This method performs well in
the sentence-level relation extraction task of the NYT dataset, with an accuracy of 77.69%, which is 6.47% higher
than the current optimal baseline model. The F1 score on the noisy annotated test set is as high as 85. 88% , verifying
its excellent denoising ability. The ablation experiment results show that the contribution of the constraint graph to the
optimization of the relation prototype is 11.02%. The experimental results show that this method significantly
outperforms the existing methods in the sentence-level relation extraction task, not only effectively reducing the impact
of noise, but also significantly improving the model performance, providing an efficient solution for the remote
supervision relation extraction task.

Keywords: distant supervision relation extraction; positive and negative learning; prototypical representation; sentence-
level relation extraction;noise filtering
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Table 1  Statistics of dataset"”
NYT-10 Train Dev Test
# Instances 371 461 2379 2 164
# Positive 110 518 337 323

1 - “Positive” Fm KAnA “NA” Y IE 17 L4,

R2 HEEXRLBGIHHIE
Table 2 Dataset relationship type statistics

KR Train  Dev Test

Algorithm 1: Iterative Training Algorithm

Input: DS dataset D, s RE model M parameterized by ¢ 0,
0.7 . the noise-filtering strategy, the re-labeling strategy
Output: A sentence-level RE model

1 for iterationi = 1,2,+* do

2 Initialize the model and train M, on train set
D, with Eq. (15);

3 Predict on with M, ;

4 for eachr € R do

5 Compute Th, with OTSU;

6 end for

7 for each subset I, with label » of train set do

8 Filtering noisy instances byTh, and generate

new label by the re-labeling strategy;

53504 173 144
§ 349 24 42
7959 8 5
7 438 75 73
5788 38 46

# /location/location/contains
# /people/person/nationality
# /location/country/ capital
# /people/person/place lived

# /business/person/company

# /location/nei+** /neighborhood of 5 737 0 1
# /people/person/place of birth 3279 6 8
# /people/person/place of death 2 002 5 4
# /business/company/founders 827 5 6

# /people/person/children 523 5 3

51 40 f % W B89 56 & /location/location/ contains 7F Il 4k
LA 53 504 AL, 1M K &R /people/person/children £
YIRS 523 T2 01, U6 B SR AE AR 30h B 3 AN
W5 oA . B A SRS T A A dn % 3 TR , LOCATION
FARTEVI R B e £, 81T 402 511 4>, (5 T A S8 14k
B L 4] % 5 vk J2 PERSON S2 &, 2 302 915 A4S, T
ORGANIZATION S & f) AT 50, o 93 225 4,
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Table 3 Dataset entity type statistics

SN Train Dev Test

LOCATION 402 511 1064 1 046
PERSON 302 915 470 490
ORGANIZATION 93 225 170 149

R 4 216 W A9 SCTR 15 2 7 B0 4 P i T A AN S ) 1
B NE A E (precision, P) 4 [ 3 (recall, R) Ml F1 4344,
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Table 4 Common hyperparameter settings for baseline models

ZHL SR
window size 3
word dimension 50
filter number 230
dropout rate 0.5
optimizer SGD/Adam
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Table 5 Hyper-parameters settings

A ZH SR
word dimension 50
position dimension 50
) F G i A% max length 256
filter number 230
window size 3
input dimension 50
KEREES layerl dimension 128
output dimension 128
JPNL negative samples 10
Ay 0.1
PTTL % 128
Ay 0.1
batch size 256

2 learning rate 5x10 *
dropout rate 0.5
epoch number 15
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Table 6 Performance of all compared models on sentence-level evaluation

. B R4 Rz
WZRES
Prec. Rec. F1 Prec. Rec. F1

CNN 38.32 65.22 48. 28 35.75 64.54 46.01
PCNN 36.09 63. 66 46.07 36. 06 64. 86 46. 35
PCNN+ Sel ATT 46. 01 30. 43 36. 64 45.41 30. 03 36. 15
PCNN-+ATT_RA+BAG_ATT 49. 84 46. 90 48. 33 56. 76 50. 60 53.50
CNN+RL, 37.71 52. 66 43.95 39.41 61.61 48.07
CNN+RL, 40. 00 59.17 47.73 40. 23 63.78 49. 34
ARNOR 62. 45 58.51 60. 36 65.23 56. 79 60. 90
SENT (BiLSTM) 66.71 57.27 61.63 71.22 59.75 64.99
PNPRE (PCNN) 74.28 60. 83 66. 88 77. 69 60. 37 67.94
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Table 7 Comparison of de-noising ability on a
noise-annotated test set of NYT-10

P Prec. Rec. F1
ARNOR 76. 37 68. 13 72.02
SENT (BiLSTM) 80. 00 88. 46 84.02
PNPRE (PCNN) 79. 35 93.59 85. 88
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Table 8 Ablation study on NYT-10 test set

LAY Prec. Rec. F1
PNPRE (PCNN) 77. 69 60. 37 67. 94
—CGE 66. 67 59. 44 62. 85
—L oo 66.07 57.28 61. 36
—CGE—L ..o 68. 59 58. 82 63. 33
—PL 66. 29 54. 18 59. 63

—OTSU threshold 67.06 52. 94 59. 17
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Fig. 3 Cross-entropy loss curve on train set in one iteration
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Table 9 Ablation study on noise-annotated test set
ES
S|
e P. R. Fl
PNPRE (PCNN) 79. 35 93.59 85. 88
—OTSU threshold 77. 88 82. 37 80. 06
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Fig.4 Comparison of noise-filtering thresholds between

the proposed method and SENT
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Table 10  Some noisy sentences filtered from train set

GBS TR BRI

His mother is an assistant principal of mathematics at Middle School 72 in NA /location/location
Jamaica, Queens. /contains
The police said Mr. Buthorn pulled over the van's driver, identified as

. - ) ) /people/person
Richard Williams of Brooklyn, who was arrested and charged with leaving NA .

. .. . . /place_lived

the scene of an accident and driving with a suspended license.
He and Ms. Smith married in 1985, and the two trained in Helsinki, /location/country /location/location
Finland, on a Fulbright grant for a year before returning to New York. /capital /contains
The English and Chinese-language media here have been full of unfavorable
Singapore’s prime minister, Lee Hsien Loong, said Friday that Iran's role /people/person /people/person

in the Shanghai organization was a way for Russia and China to demonstrate

their influence.

/place_of birth

/nationality
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Table 10 (continued)

AT LR HEH T
The English and Chinese-language media here have been full of unfavorable
coverage of the park’s modest size, and the financial secretary of Hong /people/person NA
Kong, Henry Tang, has suggested that Disney reconsider how many people /place_of_birth
the park can really hold.
Although Iran had no immediate response to the proposal, Western .
. . o i /location/country
diplomats have said they expect Tehran initially to reject the proposal, Jeapital NA
capita

which would take years to negotiate and carry out.
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