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Feature extraction of emotion-cause pairs in text based on event context
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Abstract: For emotion-cause pair extraction (ECPE) task, most of the existing works only match the emotion clause
and the corresponding cause clause one by one, or focus on sorting candidate pairs, ignoring the event context among
clauses that would impact significantly on the establishment of emotion causality. This leads to the deviation of the model
in learning emotion causality. They also fail to capture long-span causality hidden among plenty of clauses. To address
this issue, we propose a hierarchical model based on attention mechanism and the convolution kernel of emotion clause. In
our method, we derive event context features from the original documents and embed them into emotion-cause pair feature
extractors to create an integrated and enhanced feature. Firstly, the category features of emotion clause obtained from
sentiment analysis are used as convolution kernel. Then, the event context features of documents are presented to extract
emotion-cause pairs. The experimental results show that the F1 score on the Chinese benchmark emotion cause corpus are
improved from 1.38% to 6.08% compared with the state-of-the-art approaches. Meanwhile, the F1 score on the English
benchmark emotion cause corpus are improved from 2.35% to 7.27% compared with the state-of-the-art approaches. They
verify the effectiveness of sentiment analysis and causal event context in ECPE.
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Table 1 Average results of ten-fold cross validation for Chinese datasets

Emotion/% T R % R RISEH % ECPE/%
i) EE/%
P R F1 p R F1 P R F1 P R F1
Indep — — — 8401 7876 81.20 6892 5937 63.67 5996 54.13 5675 @ —
Inter—CE — — — 8234 79.81 81.02 6882 5885 6335 5873 5454 5642 @ —
Inter—-EC — — — 8563 7922 8225 7023 58.18 63.54 64.09 5456 5884 @ —
LAE 72.64 7007 7084 — — — — — — 6354 50.86 5638 3922
E2E-PextE =~ — — — 8335 7737 80.11 7213 5198 60.13 6046 61.80 61.01 ——
E2E-PextC =~ — — — 8393 77.89 80.68 7092 5276 6021 6158 61.00 61.08 —
A5 8251 7928 8029 0 — — — — — —  66.14 59.17 6246 4561

* PRINAG I (precision), RE/N A [ (recall), FUZE T PHIR AT, EEZR RS B HT AECPE [H] i Filil iEAf ¥ Lk
i, FIE.

* Indep, Inter—CE, Inter—EC I #E47 SCHk [4] I EC-Pairid JEAP IR, FIF).

R RSN R RS BN ECERI IS 155

* T RN SE S BT, R IR

&2 RLHMAEET IR EiT4E
Table 2 Average results of ten-fold cross validation for English datasets

Emotion/% IR % JR AR/ % ECPE/%
TR EE/%
P R F1 P R F1 P R F1 P R F1
Indep — — — 7020 67.07 6855 6259 51.81 56.60 49.78 40.55 4449  —
Inter—CE — — — 6987 68.14 6895 61.07 5248 5637 48.88 4190 4504 —
Inter—EC — — — 7069 6836 69.44 6143 52.80 56.58 49.73 42.09 4538  —
LAE 56.88 5258 54.14  — — — — — — 5426 37.08 43.76 23.07
E2E-PextE = — — — 7152 6833 69.84 6729 4200 5142 53.62 4576 4920 «—
E2E-PextC =~ — — — 7117 6589 6826 6533 4349 5190 51.61 47.60 4941 « —
A KD 5971 5460 57.04 — — — — — — 6025 4536 5176 2785
% 3 IRECPE-F¥:a T4 R (P L33EH) I 5% E N M BN I Transformerd AE K i i EC—
Table 3 Average results of ECPE only (Chinese Pair, 1 & 1AM AN A) 56 ) 208 AN 11, R 24 EC—Pair
datasets) R B 0T BB A, % 7 VA DR SR KR B R AR R R
ECPE/% T A7 12K F TCNTE K R B 4, i R
R P R l {E R EC—Pair, IR SRR,
E2E-PextC (zé[i,’%ECEz 60.22  61.33  60.55 % 4 A -TBERTH T34 R (P LHIEE)
ASCTHAHIRTRIID 0511 5799 6134 Table 4 Average results based on BERT (Chinese
S GPURE PR, Sae AN AE o4 HidtAT, B datasets)
N4, FIAEFCA30, LN AIECRTA5 SR, R4 ECPE/%
BERTHUIZH R 1924, BERTIA [ L4/ 1768, B .
)22 3] R N2e-5, L2 IEN{E A 1e-5, epoch 420, SR
Fbert-base-Chineset5 !, A S5 54,2/ M H. ECPE=2D 67.33 63.40 65.13
6f b [ K 78 SYECPE-2D (Inter—EC+WC+BERT)), (Inter-EC+ WC+BERT)
ForF WO SR L B 1 275K 4 Transformer, FCPE-2D 6674 2472 3577
(Inter—EC+WC~BERT, ECPE-PAD)
1247, ECPE-2D (Inter-EC+WC+BERT) Al KCH7 (- BERT) 6051 6238 65.68
AT IE(+BERT)AE JFU UG Bdh S O F 170 50 B R3OR 9% AJ7H:(+BERT, ECPE-PAD)  69.05 53.95 60.57

I, {R /2 =3 FIECPE-PADIN, BCPE-2DXUCRAUE T S Ty mnamafy e P B B o SCHchi B, 50217 R 417
e, WO ISR DRI RO BLRABIE R, 8 Tl et SO SR ECPE-PAD,
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c1349,6 512 piAE 24
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1349 ORGiRIRHN AL I AR A RS
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* ARSIV R RN AD, I R RIS MR, TR,
& 6 BHiIRFEAR
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ElingsE
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