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Figure 1 Multi-task learning framework of Figure 2 Multi-task learning framework of
encoder-sharing layer decoder-sharing layer
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Figure 3 Multi-task learning framework of
3 encoder—sharing and decoder-sharing layer
3.1
3.1.1 1 EmoBank Github( https: //

github.com/JULIELab / EmoBank) o

6 ( News. Letters. Essays. Travel Guides.
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Blogs . Fictions) o 70% 10%
20%
( https: // nlp.stanford.edu/projects/glove /)
3.1.2 LSTM N
. o Embedding 100
LSTM_output_dim 32 .16 .16 Dense_hidden_dim LSTM_output_dim
LSTM_epoch 100 .100 .300 Adagrad
learning_rate 0. 02,
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1 o LSTM
RCL SVR. EmoBank
RCL LSTM o LSTM
1
Table 1 Performances of single<ask learning approaches to emotion regression
r MSE r MSE r MSE
SVR( BoW) 0.057 0 0.418 9 0.042 3 0.376 9 0.213 4 0.478 0
RCL 0.3151 0.102 0 0.204 2 0.079 9 0.5279 0.138 4
LSTM 0.318 1 0.102 5 0.163 5 0.083 8 0.536 9 0.1326
SVR( BoW) 0.075 3 0.178 1 0.040 9 0.1302 0.2119 0.179 4
RCL 0.2223 0.091 5 0.121 3 0. 066 6 0.479 0 0.0930
LSTM 0.2310 0.092 6 0.107 5 0.067 6 0.481 4 0.091 3
3.2.2
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( LSTM ) RCL

( P<0.05) .
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Table 2 Performances of multi-task learning approaches to emotion regression

r MSE r MSE r MSE

LSTM( ) 0.318 1 0.102 5 0.163 5 0.083 8 0.536 9 0.1326

0.345 17 0.100 0 0.2317 0.079 0 0.5759 0.124 5

0.3415 0. 100 4 0.200 2 0.079 9 0.557 3 0.129 0

N 0.347 9 0.100 2 0.234 6 0.078 9 0.577 17 0.124 3

LSTM( ) 0.2310 0.092 6 0.107 5 0.067 6 0.481 4 0.091 2

0.244 9 0.092 6 0.1322 0.067 1 0.498 3 0.089 5

0.2515 0.092 4 0.131 8 0.067 2 0.474 0 0.092 0

N 0.252 1 0.092 5 0.159 5 0. 066 8 0.500 5 0.089 6

( 6 )
(P<0.05) ,
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Emotion Regression Approach with Both Forward and
Reverse Values Based on Multi-task Learning

GAO Xiaoya' LEE Sophia Yat Mei> ZHANG Lu' LI Shoushan'
( 1. School of Computer Science and Technology Soochow University ~Suzhou 215006 China;

. Department of Chinese & Bilingual Studies Hong Kong Polytechnic University Hongkong 999077 China)

Abstract: An emotion values regression approach based on multiHask learning was proposed. Firstly for—
ward score and reverse score were designed for each dimension of emotion. Secondly the regression task
was divided into the forward score regression subtask and the reverse score regression subtask. Finally a
multi+ask learning approach was proposed to jointly learn both the main task ( forward score regression
subtask) and the auxiliary task ( reverse score regression subtask) . In order to improve the performance
of the main task three sharing models were designed to share different kinds of information between the
main and auxiliary tasks. The results showed that the proposed multi—task learning method achieved better
regression performance than the baseline.
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