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Abstract Text classification is an important and classic problem in the field of natural language processing,and it is often used in
news classification,sentiment analysis and other scenarios. The existing deep learning-based classification methods have the fol-
lowing three problems:1) There are a large number of noisy labels in real-life datasets,and directly using these data to train the
model will seriously affect the performance of the model. 2) With the introduction of the pre-training model, the accuracy of model
classification has improved,but the scale of the model and the number of inference calculations have also increased significantly,
which make it a challenge to use pre-training models on devices with limited resources. 3) The pre-training model has a large num-
ber of redundant calculations, which will lead to low prediction efficiency when the amount of data is large. To address these is-
sues, this paper proposes a text classification method that combines anti-noise and double distillation(including knowledge distil-
lation and self-distillation). Through the threshold anti-noise method based on confidence learning and a new active learning sam-
ple selection algorithm, the quality of the data is improved with a small amount of labeling cost. Meanwhile, the combination of
knowledge distillation and self-fistillation reduces the scale of the model and redundant calculation, thereby it can flexibly adjust
the inference speed according to the demand. Extensive experiments are performed on real datasets to evaluate the performance of
the proposed method. Experimental results show that the accuracy of the proposed method after anti-noise increases by 1. 18%,
and it can be 4~8 times faster than BERT under small accuracy losses.
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Table 1 Anti-noise method performance analysis
CHAE 26D
VS HHE A | F O
L Y& 48.06 18.22 28. 04
EhEREF 49.76 18.04  29.12
A=200 19.16 19.93 27.79
A=500 49.24 20.02 28. 34
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Table 2 Category recall rates with different sample sizes

wwnp S0 FE O RE O EA B
HE/A RE/A O BE/UN TR/ HE/%

0~50 594 7571 9.59 9. 40 11.06
50~100 75 5222 24.03 23.12 26.95
100~500 137 31500 33.91 34.76 37.91
500~1000 44 31501 45. 89 46.96 47.02
1000~3000 29 48432 51.41 52.56 53.13
3000~10000 4 15928 46. 43 48.50 48. 36
10000 bl 2 26 985 61.30 62.76 62.45
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Table 3 Full word masking and further pre-training effects analysis

CHLA 2 20

HA 1 Bl R AR 3 B R R
BERT 49.16 88.54
BERT-wwm 49. 47 88.63
RoBERTa 49.90 88.78
BERT-FPT 49. 44 89.08
BERT-wwm-FPT 49. 95 88.71
RoBERTa-FPT 50. 86 88.98
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Table 4 Performance comparison of distillation pre-trained models

Ha HASHK/(X105)  IHEHE/x B E/ N
ALBERT 44 1. 44 47.96
RoBERTa 395 1.00 50. 86
Rbt3-KD 163 8.14 48.13
Rbt3-KDP 163 7.63 48.67
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Table 5 Adaptive forecast
o p %Tﬁiﬁ(%iﬁy ‘?"L?ik%/%%‘
EHE/Y  HE/x  EHE/N HE/x

RoBERTa 1.0 50. 86 1. 00 88.98 1.0
DistilBER T3 1.0 — — 81.17 4.01
BERT -EMD3 1.0 48.61 2.87 85.46 5. 46
0.2 42.08 7.91 80. 84 4. 90

FastBERT 0.5 44,16 6.21 82.58 4.15
0.8 48.23 3.26 85.40 3.08

0.2 42.22 7.91 84.48 5.16

Rbt3-KD 0.5 45,21 6.87 84.85 4. 66
0.8 47.99 5.55 85.06 4.24
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