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A Short Text Affective Analysis Model Combining Adversary

Training and ERNIE
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(School of Computer and Information Engineering; b. Institute for Artificial Intelligence,

Shanghai Polytechnic University, Shanghai 201209, China)

Abstract: Text sentiment classification using deep learning techniques is a hot research topic in the field of natural language processing
in recent years, and good text representation is a key factor in improving the classification performance of deep learning models. A
text sentiment analysis model PERNIE_RCNN that includes adversarial training is proposed, as short texts contain little sentiment
information and are susceptible to noise interference during training. The model uses the ERNIE pre-trained model to vectorize the
input text and initially extract the sentiment features of the text. The model then adds noise perturbations to the output vector of the
ERNIE pre-training model to generate adversarial samples against the original samples, and feeds the generated adversarial samples into
the classification model for adversarial training to improve the robustness of the model against noise attacks. The experimental results
show that the PERNIE_RCNN model has better text classification performance and better generalisation ability.
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Tab. 5 Test results of different sentiment analysis models

it Pl% RI% Fl1
TextCNN 69.21 56.74 0.594 8
BiLSTM 66.30 67.34 0.656 2
RCNN 71.28 71.77 0.706 4
BERT 71.36 72.02 0.7122
ERNIE 72.03 72.53 0.720 2
ERNIE_BiLSTM 75.36 75.64 0.754 0
ERNIE_TextCNN 75.55 75.68 0.756 0
ERNIE_RCNN 75.61 75.85 0.756 5
PERNIE_RCNN 76.00 76.18 0.760 4

352 ARNAEEREAIXTEL SLLE

N B8 AIE AN [7] 1] [ B A R o AR A 3 2 B 1
SO, Ao SR AR 3 AMEAY AT X LG 5256

(1) Word2Vec_RCNN: {ii i 1] #k A7 (Word2 Vec)
HAT SCAR M M B3R OR, P85 16 N RCNN A2 47 43 2%
ko

(2) BERT_RCNN: {# ] BERT T i)l 45 1% & A 24 it
17 XA B FROR, 8515\ RCNN #5833k 17 4 J5 )|

(3) ERNIE_RCNN: 1 ff| ERNIE i/l 4xi& 5 A A ik
17 XA IR R, SR 5 1%\ RCNN #E8 3E 17 4 Z5 )|

Xf EESES 45 SR AN 3R 6 T .

6 R R RS

Tab. 6 Test results for different word vector models

| Pl% RI% F1
Word2Vec_RCNN 71.28 71.77 0.706 4
BERT_RCNN 73.14 73.65 0.730 4
ERNIE_RCNN 75.61 75.85 0.756 5

i3 6 7=, BERT_RCNN 5 ERNIE_RCNN & 7!
1 3 DN FEFR I T Word2Vec _RCNN A5 78 {51 BF i F
TR GRiE 5 BB AT SCA I ) & 3R s Bl FH A% 42 0
Word2Vec BLHY 73 AR BEAR, TIZRIE 5 B89 211
)25 1] 1] 5 5. Word2 Vec #5815 S| i 25 1] 1] 52 5 g
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ERNIE %t BERT # i #/1. ] ) 2edk DA A xf v SC s £
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1.0
2 0.8F
2 06 [
£ 77| f /4 - - Micro-average ROC curve (¢=0.92)
é 0.4 ROC curve of class 0 (¢=0.92)
Q ! ROC curve of class 1 (¢=0.85)
E 02l —ROC curve of class 2 (¢=0.92)
-------- Macro-average ROC curve (¢=0.89)
Il I

1 1 1
0 02 04 0.6 0.8 1.0
False positive rate

e

e

206k /F

£ / /% = = Micro-average ROC curve (a=0.88)
2.0.4H/ ROC curve of class 0 (a=0.88)

% ] ROC curve of class 1 (¢=0.81)

= 0.2 ——ROC curve of class 2 (¢=0.88)

-------- Macrol-averag? ROC curve (a|:0.86)

0 0.2 0.4 0.6 0.8 1.0
False positive rate

9 PERNIE_RCNN (a) 5 ERNIE_RCNN (b) f] ROC £k
PO
Fig. 9 ROC curves for
ERNIE_RCNN (b)

PERNIE_RCNN (a) versus

i & 9 1 LA i, PERNIE_RCNN #57 3 AN
f) ROC i £ ¥ Lt ERNIE_RCNN ¥ fg T /& F 1, H
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Fig. 10 PR curves of PERNIE_RCNN versus ERNIE_RCNN

#7 RAE SMP2020-EWECT L (TR ML Sk 45 21
Tab. 7 Migration generalisation ability test results of the model
on SMP2020-EWECT

it Pl% RI% F1
ERNIE_RCNN 80.21 68.94 0.699 8
PERNIE_RCNN 80.43 69.18 0.703 1

i % 7 W A1, £ SMP2020-EWECT il ik £& I,
PERNIELRCNN #& % () P, R 1 F1 {5 & T
ERNIE_RCNN 45 A4, 15 B 5 4% 05 Bt Il 2k Jig () 455 24
TR I8 B AR EE S b, B RS TEAR iz 1Rt
JIEE i, UEBE T X P I RN B AR R AL e T K B
PERA R
354 HEAEHEE LAIXTEESLIE

N T B AR B AE AN [ H s AR BRI RE, SR AT
i 4E weibo_senti_100k 175258, weibo_senti_100k £,
10 T3 2 5 PR VE BT IR S R SO A E AR, 1E A7 )
PHRLI 5 Jisk e R SCASHAT B TAL BE 5, 4 BT 4K
Pt 6: 2: 2 Y15y Al gRde . JuEge . Ml &
B Z R4 ERILNER 8 k.

#£ 8 ANERAITE weibo_senti_100k FHE4E LMl 45
Tab. 8 Test results of different models on the weibo_senti_100k

dataset

et Pi% RI% Fl
TextCNN 94.88 94.88 0.948 8
BiLSTM 95.38 95.37 0.9537
BERT 97.92 97.83 0.978 3
ERNIE 98.12 98.08 0.980 8
ERNIE_TextCNN 98.03 98.00 0.980 0
ERNIE_BiLSTM 98.22 98.17 0.9817
ERNIE_RCNN 98.38 98.33 0.983 3
PERNIE_RCNN 98.45 98.42 0.983 9
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