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Stuttering Speech Classification Based on Self-Supervised

Pre-Trained Model and NWCE
YIN Zhipeng, XU Xinzhou

(School of Internet of Things, Nanjing University of Posts and Telecommunications, Nanjing 210003, China)
Abstract: Stuttering speech classification aims to classify and recognize different categories of stuttering
using spoken signals. Nevertheless, the existing related works fail to sufficiently focus on sequential char-
acteristics for the representation embedding of self-supervised pre-trained models, and these works also
simplistically address the class-imbalance issue for stuttering-speech data. In this regard, we proposed a
stuttering speech classification approach based on self-supervised pre-trained models and nonlinear
weighted cross-entropy (NWCE) loss. Within the proposed approach, we first employed a self-
supervised pre-trained model to extract paralinguistic representation embeddings from stuttering speech.
Then, we utilized a bidirectional long short-term memory network model with a self-attention mechanism
to capture essential temporal features and contextual information within the embeddings. Afterwards, a
nonlinear weighted cross-entropy loss was performed to focus on stuttering speech categories with fewer

samples. The experimental results on stuttering speech classification dataset indicate that, the proposed
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approach achieves better performance for classifying stuttering speech compared with state-of-the-art

approaches, through learning the sequential information from self-supervised pre-trained models’ multi-

layer representation embedding in speech, and sufficiently describes the relationship between the data of

different stuttering categories by using NWCE.

Key words: computational paralinguistics; stuttering speech classification; self-supervised pre-trained

model; nonlinear weighted cross-entropy loss
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Fig. 1 A diagrammatic overview of the methodology in this work for stuttering speech classification system using self-supervised pre-trained

models and nonlinear weighted cross-entropy loss
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