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Distant Supervision for Relation Extraction with Gate Mechanism
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Abstract A piecewise convolutional neural network with gating mechanism is proposed, which would automa-
tically filter positive correlation features at word-level. Moreover, the idea of soft-label is introduced to the gating
mechanism to weaken the impact of hard labels on noise filtering. Combined with sentence-level noise filtering, the
overall performance of the model is improved. The experimental results on the public dataset show that the

proposed model has a significant improvement compared to the sentence-level noise filtering methods.
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Fig. 1  Architecture of GPCNNs
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Fig. 2 An example of relative distances

i 1) &, B3 & 7] 2 (position embedding).
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Fig. 3 Aggregate precision/recall curves for a variety of models

% 1 PCNN+MIL, PCNN+ATT, APCNNs #1 GPCNNs £y

Precision@N
Table 1 Precision@N of PCNN+MIL, PCNN+ATT, APCNNs
and GPCNNs
Precision@N/%
pion
Top 100 Top200  Top 300 T
PCNNs+MIL 72.89 69.23 64.05 68.72
PCNNs+ATT 74.26 72.14 68.44 72.61
APCNNs 76.24 74.13 69.44 73.27
PCNNs+MIL+GAU 81.19 77.61 74.42 77.74
PCNNs+GTU 78.22 76.62 68.77 74.54
GPCNNs 83.16 77.60 74.44 78.13
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Table 2 An example of weight a
IS S o
ERUS 0]
APCNNs GPCNNs
1. Thirty-five years ago, President vetoed the legislation, refusing to encourage "the family-
centered child rearing". "I don't think we've ever recovered from that veto message." said 0.085 0379
John Brademas, president emeritus of New York University, and, as a former Democratic :
congressman from Illinois, a sponsor of that legislation.
(John Brademas, =7 77T T T T T TTTmTTmmmTommmToommmoooeo
New York University, 2. An article on Jan.11 about a conference in New York misidentified the home state of John 0.665 0313
/business/person/company) Brademas, president emeritus of New York University. ’
3. Correction: January 25, 2006, Wednesday An article on Jan. 11 about a conference in New
York misidentified the home state of John Brademas, president emeritus of New York 0.249 0.308

University.
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