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Abstract Text representation and classification are hot topics in the field of natural language understanding. There are many text
classification methods,including convolutional networks, recursive networks, self-attention mechanisms and their combinations.
complex networks cannot fundamentally improve the performance of classificationtext representation is the key to text classifica-
tion. In order to obtain a good text representation and improve the performance of text classification,an LSTM-based representa-
tion learning-text classification model is constructed, where the representation learning model uses a language model to provide
the text classification model with initialized text representation and network parameters. main work is to adversarial training
methods that is,add perturbations to word vectors to construct adversarial samples,and train the original samples. By improving
the model’s ability adversarial samples, the quality of text representation,and the generalization performance of the model, the
classification effect of the classification model. xperimental results show that the method based on adversarial training achieves
92.9%,93.2% and 98.9% on the benchmark datasets AGNews, IMDBDBpedia, that the method can improve the classification
effect of the model.
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Fig. 1 Architecture of proposed model
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Input: Training data x, model parameter 0 and the loss of language
model L, at the time of t
1. While not converge do
2. For bitch data set of x(1)

3. Calculate the gradient g=V L,

]

. . A
4.  Adversarial perturbation r =¢

A
Building the adversarial samples x= r@®x

[®

> 0

wt

6. Calculate adversarial losses L,4, through the Istm and softmax
layers in order

7. Minimizing loss function L < (L, +AL4)

8. Update parameters 0 using gradient descent method

9. End for

10. End while
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Table 1 Benchmark dataset
Dataset Class Train Test
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DBpedia 14 558663 69853
AGNews 4 120000 7600
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Table 2 Model accuracy on test dataset

(AT %)
Model AGNews IMDB DBpedia

LM-AdvT 92.9 93.2 98.9
LSTM-adv(2016)"7) 92.8 93. 1 98.9
LM-LSTM(2015)10 92.61 92. 36 98.5
SA-LSTM(2015)11°) — 92.76 98. 81
Region-emb(2018)11 92.8 - 98.9
SANet(big) (2018)[12] 92.6 — 98.8
DRNN(2018) 1% 92.9 - 98.9
Encoder]-CNN-8(2019) [ 92.5 - 98. 8
FastText(2016) %] 92.5 — 98.6
WSEM(2018) 116 92.66 - 98.57
VVD(2019) 17 91.6 - 98.5
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Fig. 2 LM-AdvT loss and LSTM-adv loss on IMDB
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Table 3 Model phase word vector

Model movie love poor
arrives holocaust pathetic
comedies loved horrible

LSTM-adv Flicks enjoy inept
movie hate stolen

films loves bad

stories fool awful

performers friendship pretentious

LM-AdvT comedies hate terrible
Flicks loved horrible

films loves bad
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