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Hierarchical Multi-label Text Classification Algorithm Based on Parallel Convolutional Network
Information Fusion

YT Liu, GENG Xinyu and BAI Jing

School of Computer Science, Southwest Petroleum University, Chengdu 610000, China

Abstract Natural language processing(NLP) is an important research direction in the field of artificial intelligence and machine
learning , which aims to use computer technology to analyze,understand,and process natural language. One of the main research
areas in NLP is to obtain information from textual content and automatically classify and label textual content based on a certain
labeling system or standard. Compared to single-label text classification, multi-label text classification has the characteristic that a
data element belongs to multiple labels, which makes it more difficult to obtain multiple categories of data features from textual
information. Hierarchical classification of multi-label texts isa special category, whichdivides the information contained in the text
into different category labeling systems,and each category labeling system has an interdependent hierarchical relationship. There-
fore,the use of the hierarchical relationship in the internal labeling system to more accurately classify the text into corresponding
labels becomes the key to solving the problem. To this end, this paper proposes a hierarchical classification algorithm for multi-la-
bel texts based on the fusion of parallel convolutional network information. First, the algorithm uses the BERT model for word
integration in textual information,then it enhances the semantic features of textual information using a self-attention mechanism
and extracts the features of textual data using different convolutional kernels. The multi-faceted semantic information of the text
is more effectively used for the task of a hierarchical classification of multi-label texts by using a threshold-controlled tree struc-
ture to establish inter-node relationships between higher and lower bits. The results obtained on the Kanshan-Cup public dataset
and the CI enterprise information dataset show that the algorithm outperforms TextCNN, TextRNN, FastTex and other compara-
tive models in three evaluation measures, namely macro-precision, macro-recall, and micro F1 value, and has a better cascade
multi-label text classification effect.

Keywords Hierarchical multi-label text classification, Pre-training model, Attention mechanism, Convolutional neural network,
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Structure of the improved BPTCNN model based on Self-Attention
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Table 1 Experimental environment configuration

Lab Environment Specific Information

Operating System Ubuntu 18. 04
CPU AMD Ryzen 5 3600
GPU NVIDIA RTX 3080
Development Language Python 3.7.1

Development Platform Pytorch 1. 6.0
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Table 2 Samples of CI enterprise information data
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Table 3 Main experimental parameters

Parameter Value
batch_size 128
learning_rate 2X10°6
dropout 0.1
Toplayer_filter_sizes 6,10,16
Lowlayer-filter_sizes 2,4,6
TextCNN_filter_sizes 2,4,6
hidden_size 768
epoch 5
Ir 0.02
dropout 0.5
weight_decay 0.01
alpha 0.2
weight_decay S5e-3
hidden 8
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Table 4 Experimental results on Kanshan-Cup dataset

Algorithm MacroP MacroR  MicroF1
Word2vec+ TextCNN 35.40 37.60 38.40
Word2vec+ TextRNN 39.67 40. 87 39. 26
Word2vec+ FastText 38.64 34.72 36. 87

Word2vec+ BiGRU 40.07 39.94 39.97
Word2vec+RCNN 39. 89 39.77 39.46
Word2vec+ TextGCN 53.47 53.83 52.76
Word2vec+ GAT 57.75 55. 44 56.91
Self-attention+BPTCNN 58.95 59.77 57.63
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Table 5 Experimental results on CI Enterprise datasets

Algorithm MacroP MacroR  MicroF1
Word2Vec+ TextCNN 64.57 62.79 63.45
Word2Vec+ TextRNN 68.62 68.43 68.56
Word2Vec+BiGU 69.79 70.02 69.94
Word2Vec+ TextGCN 79.41 76.77 78.63
Word2Vec+ GAT 82.37 81. 65 82. 14
Self-Attention+BPTCNN 84.32 82.75 83.77
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Fig. 6 Classification effect of each model on 5 first-level industry

data
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