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Abstract With the rapid development of mobile internet,social network platform is full of a large number of text data with emo-
tional color. Mining the emotion in such text not only helps to understand the attitude and emotion of internet users, but also
plays an important role in scientific research institutions and the government to grasp the emotional changes and trends of socie-
ty. Traditional sentiment analysis mainly focuses on the analysis of sentiment tendency, which can not accurately and multi-dimen-
sionally describe the emotion of the text. In order to solve this problem., this paper studies the emotion analysis of the text. First-
ly,aiming at the lack of fine-grained sentiment tags in text data sets of different fields,a deep learning based emotion analysis
model, FMRo-BLLA,is proposed. The model pre-trains the general domain text, and then applies the pre-trained model to the
downstream situation of specific domain through parameter based migration learning,feature fusion and FGM Adversarial train-
ing. Compared with the best performance of RoBERTa pre-trained language model, the F1 value of the proposed method is im-
proved by 5.93% on the target domain dataset,and it achieves 12. 38% by further adding transfer learning.
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Table 1 Dataset statistics
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Table 2 Experimental results on source domain dataset

LA 2 6D

Algorithm Precision Recall F1
Text-CNN 68.87 64. 34 66.53
Text-RCNN 66. 36 66. 24 66.30
TextRNN-Att 70. 00 69.00 69.50
BiLSTM 69.59 71.87 70.71
BiLSTM-Att 74.88 73.06 73.96
BERT 72.65 74.62 73.62
RoBERTa 76.56 72.04 74.23
FM-RoBERTa 77.28 76.68 76.98
FMRo-BLA 80. 85 76.13 78.42

NS G5 AT L 2 B 2 R0 4% 3% B T8 26 M 22
P9 2%, 5 B I DR 7 T Xt Al b ik 2 0 SO L 45 B U 46 I 45 A B
I8 11 25 1) 245 B % B - b HTCHR B DG S £ 5

M BILSTM-Att F BILSTM 5 ), TextRNN-Att H
Text-RCNN &R 5 A 7] LU H L i A 3 B 7 9L A9 4 70 1 B
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B E A DX 5 M 8 . Text-CNN A5 5 2 5 3o fff FI] o B b 45
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3 HARGUE 4 B S AR

Table 3 Experimental results on target field dataset

(BT %)

Algorithm Precision Recall F1
Text-CNN 72.35 56. 43 63.41
Text-RCNN 70. 35 54.02 61.11
TextRNN-Att 67.55 54.42 60. 28
BILSTM 65. 00 49.52 56. 21
BILSTM-Att 69. 28 56. 39 62.17
BERT 74.65 60. 23 66. 67
RoBERTa 71.22 64.95 67. 94
FM-RoBERTa 70. 18 66. 05 68.05
FMRo-BLA 72.75 71.20 71.97
FMRo-BLA-FGM 74.23 68. 6 71. 30

MRo-BLA-FGM-

¥ ) i(n)s?(‘lrn‘AcoI;tr 74.56 78.23 76.35
FMRo-BLA-FGM- 65.15 70. 89 67.90

transferall

FMRo-BLA-FGM # R 3 78 SCHERLTE SCAH# A2 oA
FGM # 8 , FMRo-BLA-FGM-transfer £ % i& 75 I 3 il 1 i
AT 382 > T S5 o (9% 388 T 450 4ok A A5 1) 4 ) 28 2 0900

Ak H bR A R, W DU B, AR RS 2 S R RO A T
PETE L 3SR N T AR ) 3 A 5 B A 4T B A7
P ZE R L A BT IR L S B R R R A

FMRo-BLA-FGM-transferall #5% 2% i i J] 58 % (1% 1
SIS AL 2 Ok ) IR Ak 1 BOHE AR (H M RE ST A T T
% , 50 13 5 P 450 3 1) A8 80 1) S B0 T BT IR )2 08 SO AR IE .

TRZFRIE BENS R B S TF 2 50 3B 15 B, 10 Sl Bl P9 2% B9 4 A
TR R W /N R B — b 2 O R R L R AR
2 H Y FMRo-BLA #5078 RoBERTa H0K ¥ Z 45151 A L X
Xof 15k B ) 2 R AR B AT FLIR 2 ARAE B A AR B VR B AR AE
552 G, B2 IR A AR O LA 12 Al L PR B S S AR v
SR H AR R . Al RoBER Ta TR Il 45 280 %) 37 & 15
BA — 2 594k, F A i 07 1) ok R R Y A S, FM-
Ro-BLA H R 1 it A BILSTM 3 38 i 3 )5 4% &, BE A i 7
JI WL B R T AR AL A B 0 R LAY RE . Bb Ak, R A A
5 H bR 4504 BCHE A7 A PN AR L O B AR SO A 0 Bl
SERBLE/N TR IAE BT - S EGE M FGM X P12 > 5K K g
i 3 — 25 SR AR ()37 A . AR SCREAUA BE F i BE R 4 1
RoBERTa il 4518 & B AL, 764 ST SR 46 b F1HA
5.93% M BT, A FGM #hah fn i B 2 2 J5 F1 {H A
12. 38 % M $2 7 .
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G2 R IR0 2 U ik TG B S BRI AL . A SCET R X — [
PR T — LT AR 1§ 2 0 BT —FMRo-BLA. %48
TR o A [) 400 35 H) SCAS A BE R4 AR B T R4 B TG AR
H T R S SR WU 45 A ) RoBERTa 42 B 3C A 4§
fiE . FER 2 P R A R T2 04 40 AT 20 ) ik B0 o AT 4 AT R
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— PRI R SOR IR 25 AT 02K .t 2o 0l A TR I
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