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A Category Hybrid Embedding Based Approach for Power
Text Hierarchical Classification
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Abstract Aiming at the problem that the current power text classification methods ignore the latent semantic
association between category labels and therefore lead to low classification performance, a hierarchical multi-label
power text classification method is proposed. Firstly, a power multi-label text dataset is built using automatic
information extraction based on power unstructured texts, and the hierarchical structural relationships between
categories are constructed by leveraging relevant domain knowledge. Secondly, a text classification method
HONLSTM-BERT is proposed based on hybrid embeddings of category structure and label semantics for
hierarchically classifying power texts in a top-down manner. At last, experiments were made in comparison with
some popular text classification methods, and the experimental results show that proposed HONLSTM-BERT
method achieves superior classification accuracy, and can efficiently improve the performance of automatic text
classification.
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embedding
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Fig. 1 HONLSTM-BERT model for power text classification
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HONLSTM-BERT 94.32 88.74 82.53 80.19 91.33 89.74 82.05 76.98 95.11 86.89 86.81
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Table 4 Word embedding approaches and text representation models on classification accuracy
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HONLSTM-BERT 94.32 88.74 82.53 80.19 91.33 89.74  82.05 7698 95.11 86.89  86.81
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