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Multi-level Semantic Structure Enhanced Emotional Cause Span Extraction in Conversations

QIN Mingfei' and FU Guohong'**
1 School of Computer Science and Technology, Soochow University, Suzhou, Jiangsu 215006 , China

2 Institute of Artificial Intelligence,Soochow University,Suzhou, Jiangsu 215006, China

Abstract Emotional cause span extraction in conversations aims to extract causal spans that induce target emotion expression
from conversational history,which plays a pivotal role in emotional conversation systems. However, causal spans extracted by exi-
sting methods still have problems to be solved urgently.such as utterance position errors and boundary recognition errors. To this
end, this paper proposes a multi-level semantic structure enhanced emotional cause span extraction method in conversations. The
discourse-level coreferential structure is used to enhance the positioning of utterances where causal spans are located. The sen-
tence-level syntactic structure is used to enhance the recognition of causal span boundaries. Firstly,according to preprocessed se-
mantic structures and conversational content feature representations,the graph attention network is utilized to construct compre-
hensive graphs and model conversations at token level and utterance level.respectively. Meanwhile, the biaffine mechanism is uti-
lized to promote interactions and integrations between two-level graphs,and structure-enhanced semantic comprehensive repre-
sentations are obtained. Then,the linear layer is applied to extract causal spans. Experimental results on the two public datasets
show that compared with the benchmark model,the F1 value and EM,,, value are improved by 2.42% and 2. 26 % , respectively.
The proposed model also outperforms other baseline models in both F1,,. and EM,,, metrics,and can also be effectively compati-
ble withutterance-level emotion cause entailment.

Keywords Natural language processing.Structure enhancement,Conversational emotion,Causal span extraction, Graph attention

networks
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Table 2 Results of comparison experiments
HlE % LENES Flyos Flieg F1 EMos
CRFL 46. 22 70. 66 62. 80 23.94
BGAT 61.58 87.83 76.19 35.52
RECCON-DD MTLAKM 62.72+0.51 88.7340.35 78.37+0. 23 36.76+0. 14
SBenchmark 60.00 86.02 75.71 34. 64
Our model 62.814+0.47 88.26£0.41 78.13£0.18 36.90+0.08
CRFL 21. 30 70.81 63. 34 11.96
BGAT 38.32 91.42 83.90 23.77
RECCON-IE MTLAKM 38.95+0.62 91.83+0.41 84.19+0.27 24.19+0. 35
SBenchmark 37.80 90. 54 82. 86 22.41
Our model 39.0740.52 91.70+0. 32 84.04+0.20 24.38+0.17
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Table 3 Results of ablation experiments
A& A 7 % Flpos Fluacg F1 EMos
Our model 62.81 88.26 78.13 36. 90
-DP 62.21 87. 80 77.65 36.06
RECCON-DD
-CR 61.50 86.98 76.95 36.27
-CR&.DP 60. 32 86. 26 76.00 35.22
Our model 39.18 91.70 84. 04 24.38
-DP 38. 44 91.11 83. 38 23.45
RECCON-IE
-CR 38.30 90.78 83.15 23.87
-CR&.DP 38.06 90. 68 83.07 22.92
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Table 4 Experimental results of correlation between syntactic

structures and boundary recognition problems

LSk A 7 % Flpos EMjos
OnlyDP 68. 37 43.10
RECCON-DD
OnlyDP-DP 67.88(y0.49)  42.34(¥0.76)

OnlyDP 43.42 27.99

RECCON-1E
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Table 5 Experimental results of correlation between coreferential

structures and utterance positioning problems

B & A I % Pos. F1 Neg. F1 Macro F1
UBenchmark 66.23 87.89 77.06
RECCON . - -
oD OnlyCR 67.71 88.57 78. 14
OnlyCR-CR  66.59Cy 1.12) 87.95( ¥ 0.62) 77.27Cy 0.87)
UBenchmark 40. 83 95.68 68. 26
RECCON- .
IE OnlyCR 41. 90 96.12 69.01

OnlyCR-CR  41.07C v 0.83) 95.75( v 0.37) 68.41( ¥ 0.60)
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Table 6 Extraction results
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Fig. 9 Syntactic structure of Us
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