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Open intent detection based on distance loss and decision boundary
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Abstract: In order to solve the problem that the feature distribution is not compact enough due to insufficient processing of
feature distribution in open intent detection task, an open intent detection method integrating BERT, distance loss and decision
boundary was proposed. Firstly, the context features between texts were captured by BERT model. Then, the learning of
sample features was made more compact by distance loss. Finally, decision boundary learning was carried out to achieve the
task of open intent detection. The results show that the proposed method has high performance on the public dataset
StackOverflow, with the best performance under two different known intent ratio settings, achieving the accuracy of 88.28%
and 84.43%, and the F1 values of 87.51% and 87.40%, respectively. The research results complement the future

representation reprocessing method for boundary detection, and can provide reference for open intent detection.
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Fig.1 Frame diagram of open intent detection based on distance loss and decision boundary
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Fig. 3 Sample feature distribution diagram before and after feature

retraining based on distance loss
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Tab. 2 Comparison of experimental results of ablation distance loss
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Tab.3 Comparison of experimental results of ablation decision boundary

KIR/ % LR/ % I7 k%R Accuracy/ % F1/% Fl-known/ % Fl-open/%
_ LOF 58.07 68.09 70.76 41. 46
~ o0 DB 87.90 87.27 87.11 88. 82
°0 LOF 48.93 60. 48 65. 14 13.91
100 DB 89.03 88. 27 88. 11 89. 87
~ LOF 67.28 73.79 78. 34 5.48
o0 DB 84.03 87.06 87.81 75.69
& LOF 68.05 74.71 79.13 8. 27
100 DB 85. 80 88. 68 89. 44 77.32
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