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Based on Graph Deep Learning
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(1. School of Computer Science and Technology , Fudan University , Shanghai 200438, China;
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[Abstract] Multi-label financial text classification can retrieve relévant information from massive financial news
according to user needs. To further improve the performance of /multi-label financial text classification, this study
proposes an algorithm to model the correlation between, labels based on graph deep learning. Graph deep learning can
describe the complex relationships between nodes by, learning local and global graph structure features through deep
neural networks.Modeling the correlation betwéen labels can realize knowledge transfer between labels, which is key to
constructing an algorithm with strong generalization ability. Therefore, this study utilizes graph neural network to learn
the complex dependency between labels based ‘on statistical information along with feature representations extracted
using the bi-directional gated recurfentynetwork and label attention mechanism. Experimental results on real world
datasets show that modeling label.correlations can significantly improve the classification performance, especially on tail
labels.Compared with CAML , BIGRU-LWAN and ZACNN algorithms, the proposed algorithm improves the macro F1
values of all labels and tail labelsyup to 3.1% and 6.9%.
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Table 2 Model performance on all labels %

o T
W HBPROFUE RE AR FLE
CAML 88.60 84.62 86.56 7574 66.89 71.04

Ef=E A

BIGRU-LWAN  90.17 86.60 88.21 79.31 7276 75.89
ZACNN 81.59 69.87 7528 59.07 41.89 49.02
FMLG/BCE 89.35 88.24 88.79 80.67 7529 77.89
FMLG/ASL 87.35 91.06 89.17 78.28 79.66 78.97




20 Computer Engineering

AL TR 202244 H 15 H

x3 HAERMIRE LRI
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Table 4 Prediction results of some test samples
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