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Domain Classification Based on Undefined Utterances Detection

Optimization

KE Zixuan, HUANG Peijie, ZENG Zhen
(College of Mathematic and Informatics, South China Agricultural University, Guangzhou 510642,
China)
Abstract: Undefined utterances are omnipresent in task-oriented corpus. The complex component and the vague
decision boundary between undefined and defined utterances have negative impact on the total accuracy of domain
classification. Also, once the system misclassifies the undefined utterance, user may tend to have their doubt on the
system’s function, which may cause greatly decline of user experience. This paper tackles this problem by
proposing an effective domain classification method based on optimizing the undefined utterance detection. We
adopt a two-stage framework, i.e. firstly, a cluster algorithm is used to aggregate defined utterances into several
super groups, which can simplify the decision boundary between the original defined utterance groups and the
undefined one. Secondly, a domain classifier is used to classify the defined utterance super groups and undefined
utterance group. The optimization object is the efficiency of undefined utterances detection. Finally, those
utterances classified as defined ones will be classified again, which has removed the disturbance of most undefined
utterances. We adopt the long short-term memory (LSTM) networks as the classifier and trained the word
embedding from an unlabeled Weibo dataset for utterance feature representation. The evaluation in the
multi-assignment corpus of SMP 2017 domain classification competition shows that the proposed method makes
obviously improvement on the F1 score of undefined utterances detection and domain classification accuracy of all

utterances.

Key words: domain classification; undefined tag; two-stage framework; word embedding; LSTM
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