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Abstract

Confidentiality is directly related to social stability, economic growth and national security. With
the rapid popularization and development of informatization and network in the new era, office
informatization has gradually become the mainstream, which brings convenience to office work
and also leads to the occurrence of leakage of secrets. Manual screening of classified texts is a waste
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of time and may result in human error. In this paper, we use crawler technology to build a secret
related text dataset, and combine word2vec and TextCNN models to train on the self built dataset to
accurately identify the text containing secret related information. Through experimental compari-
son test, compared with the traditional convolutional neural network, TextCNN combined with
word2vec achieves better results on the self built dataset.
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Figure 1. Skip-gram schematic diagram
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Figure 2. Schematic diagram of TextCNN classification model
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Table 1. Experimental environment
= 1. LIS

CPU AMD Ryzen 7 5800H
GPU NVIDIA GeForce RTX 3070
W17 16GB
(R Windows 11
mIEES Python 3.7
2) MRS
ARSCHC B AT ZHn 3L 2 R .
Table 2. Model parameter configuration
=2 RESYRE
TextCNN
Parameters Values
Convolution kernels number 256
Convolution kernels size 2,34
Activation function ReLU

Pooling strategy
Dropout

L2 regularization

1-max pooling
0.5
3
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Table 3. Comparison of model accuracy

3. REUERRELLR

I 42 5 HERRA /%
TextCNN 93.54%
TextRNN 92.12%
TextRNN + Attention 90.90%
TextRCNN 91.54%
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SRR EE BB, ERUE I 25 B ) [B] B AR08 AR 1A 21 5T 47 R 0 2R 80U .
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