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Abstract: Aiming at the non-selective expansion and training deficiencies of the DoubleMix algorithm
during data augmentation, we proposed a supervised contrastive learning text classification model
based on double-layer data augmentation, which effectively improved the accuracy of text classification
when training data was scarce. Firstly, keyword-based data augmentation was applied to the original
data at the input layer, while selectively enhancing the data without considering sentence structure.
Secondly, we interpolated the original and augmented data in the BERT hidden layers, and then send
them to the TextCNN for further feature extraction. Finally, the model was trained by using
Wasserstein distance and double contrastive loss to enhance text classification accuracy. The
comparative experimental results on SST-2, CR, TREC, and PC datasets show that the classification
accuracy of the proposed method is 93.41%, 93.55%, 97.61%, and 95.27% respectively, which is
superior to classical algorithms.
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Table 1 Dataset information used for experiment

GRS ol CFHRE IgE s LGRS ol CFHRE IgE e

SST-2 2 17 67 349 1821 TREC 6 9 5452 500

SUBJ 2 21 9 000 1 000 PC 2 7 32097 13759
CR 2 18 3394 376

2.2 BHIGE
fifi Fl BERT-base-uncase fENRBABIAL, B2 RoF 4 768 4k, 25 B ad U8 4% 09 /N 25 5 W 52 56 2%
R, ARICK TextCNN USRI R/ANEA[2,3,4], (4B, FHLE SO ZREE ) 20 %01 M Bk
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Table 2 Performance comparison results of proposed algorithm with other data augmentation algorithms

; IR/ Y

Bk - . .

SST-2 CR TREC PC
BERT+CE 91.03 91. 83 96. 90 94.79
BERT + DualCL 91.87 92. 42 97. 40 95. 10
BERT+ EDA+ DualCL 91.98 92. 50 97. 30 95.15
BERT+ TMix+ DualCL 91. 60 91. 89 96. 97 94. 90
BERT + SSmix 91,45 92. 30 97. 40 95. 00
BERT+ DoubleMix+ DualCL 92. 20 92.58 97. 40 95. 10
A3 93. 41 93.55 97.61 95. 27

R AR IR R A A R IE R R . DoubleMix 5 AR U g 471 %k . 78 PC Il %k
HAEE(N=12 000) 22 7223 RAEM) «SNE K, WK 3 Fras. BHE 3 A0, ASCOrER P23 21
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Fig. 3 tSNE plots of learned representations on PC training dataset
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Table 3 Time spent in keyword extraction using proposed method and role words extraction by STA on different datasets

t/s
%
" SST-2 CR SUBJ
ST A-extract keyword 30.9 34.8 39.2
A 4.9 4.3 5.3

3.3 RBRBEEETIHEEESH

R UE WY A SO AL FEAIR G U5 3 ¢ R AT DA T 47 9 8OR . S ik £% SST-2, CR Al PC 3 A4kl 4 i
FRAE. 2028508 /N33 9 N=100 Fl N=500. 3 4 5 TARR I 5 F AR L 7E SRS CR
B RE BE. iR 4 W, A B BT BERT 4 Dual il BERT + DualCL+DoubleMix. & 5 A [A]
EERESE CR 24 N=1{10,20,30,40,50,60,70,80,90,100} B 4> K Mt R0y o1k &, & 5 7]

80

100

= TR —— RICETIk
70 |- = EDASIA —v— Bert+DoubleMix+Dual CLF.{%:
= STA-GFIk 90 I+ Bert+Dual CLF)3%
60 - = AR SO
X 50 . 80
5 =
=401 # 70
£ 50 g
) = 60
20
10 - 50
ol vy
SST-2 CR SUBJ 10 20 30 40 50 60 70 80 90 100 500
B 4E(N=100) BRUNLIREARL
B4 FAEEFERZEZET Bs5 BRREZETAREEERIESE
XF R B B 48 SR B iR A CR BRI A E 3T L
Fig. 4 Testing accuracy of different algorithms on Fig. 5 Comparison of testing accuracy of different algorithms

different datasets in low resource scenarios on CR dataset in low resource scenarios
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Table 4 Testing accuracy of different algorithms on CR dataset in low resource scenarios %
5ok N:‘ 100 : N: 500 :
SST-2 CR PC SST-2 CR PC
BERT+CE 60. 30 67.65 62. 50 69. 57 85. 57 92. 32
BERT+ DualCL 53. 30 64.71 75.03 63. 04 86. 60 92.90
BERT+ DualCL+ DoubleMix 53. 30 73.53 76.50 80. 43 87.63 93.40
AL 76.00 88. 64 78. 94 86. 71 90. 18 94. 44
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Table 5 Testing accuracy on SST-2 dataset with complete training samples of different modules of model %
W2 25 g e W2 25 g e
TG iy A JZ 3 5 92.55 J& DualCL Yl %k 91.89
J& TextCNN $21¢ 92. 70 Jt A A e 93. 41
To BB 2 6 {5 Wasserstein 5 29I 2k 92.03
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