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[ Abstract] Based on the correlation between temporal relations and causal relations of events, this paper proposes a joint
identification method using neural network. The method takes the identification of temporal relations as the main task,and
that of causal relations as auxiliary task. On this basis, three types of joint identification models of sharing encoding layer,
decoding layer and encoding-decoding layer in auxiliary tasks are ‘designed to enable information sharing through the
network layer of the main task model and the auxiliary task model. Then feature information of joint identification models
is learnt. Experimental results show that the joint identification. method can use the causal information between events to
significantly improve the identification performance of temporal relations. Also, the joint identification model of sharing
encoding-decoding layer in auxiliary tasks is more suitable for the joint identification of temporal and causal relations of
events.
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Fig.1 Joint recognition model of sharing encoding layer in
auxiliary task
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Fig.2 Joint recognition model of sharing decoding layer in

auxiliary task
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Fig.3 Joint recognition model of sharing encoding-decoding

layer in auxiliary task
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Table 1 Types of event relation in RED dataset

KA KAERM AR
BEFORE 459
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. OVERLAP 354
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e BEFORE/CAUSE 596
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Table 3 Comparison of F1 value of single task recognition of temporal relation on RED dataset
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&4 7 RED HE& FHB&IRAIZ R (Bi-LSTM KRB E)
Table 4 Joint recognition results on RED dataset( Bi-LSTM encoding layer)

1A U O XA R KA
BEFORE  CONTAINS OVERLAP BEGINS-ON ENDS-ON SIMULTANEOUS Overall CAUSE
3T Baseline fI56 &0 5 07 % 59.9 45.9 35.5 24.0 17.6 — 52.7 64.2
J£T Encoding Sharing RIBE S T 61.4 46.7 36.8 24.8 19.6 — 54.3 65. 1
£ F Decoding Sharing (54 77 1 60.8 46.2 35.7 24.6 18.2 — 52.9 64.4
3:F BOTH Sharing i I & J7 1 62.5 48.3 36.2 25.2 21.4 — 55.2 65.7
=5 7 RED ##E£ FMBEX &R 4 R (Self-Att 5573 F )
Table 5 Joint recognition results on RED dataset( Self-Att encoding layer)
AL Oy Rl G X
BEFORE  CONTAINS OVERLAP BEGINS-ON/ ENDS-ON SIMULTANEOUS Overall CAUSE
3£ T Baseline AYHK A 51 7 7 61.8 47.2 36.8 24.2 19.2 — 53.8 66.4
3 F Encoding Sharing f5: 4 77 1% 62.9 48.3 35.5 25.0 20.6 — 55.7 67.2
3£ F Decoding Sharing WK 71 62.1 48.0 36.9 24.4 19.5 — 54.2 66. 8
3:F BOTH Sharing {4 ¢ & J7 1 63.4 48.8 37.2 25.9 21.6 — 56.8 68.0
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