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Abstract

In this shared task, this paper proposes a
method to combine the BERT-based word
vector model and the LSTM prediction
model to predict the Valence and Arousal
values in the text. Among them, the BERT-
based word vector is 768-dimensional, and
each word vector in the sentence is
sequentially fed to the LSTM model for
prediction. The experimental results show
that the performance of our proposed
method is better than the results of the
Lasso Regression model.
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3 System framework
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Table 1: Arousal Lasso Regression Evaluation

T % e

Alpha(a) MAE Pearson's r
0.00001 0.5338 -0.192
0.0001 0.8099 -0.052
0.001 0.8142 -0.046
0.01 0.8205 -0.033
0.1 0.8361 -

Table 2: Valence Lasso Regression Evaluation

Alpha(a) MAE Pearson's r
0.00001 0.6842 0.837
0.0001 1.1199 0.241
0.001 1.1346 0.211
0.01 1.1509 0.172
0.1 1.1702 0.081

Table 3: Model Evaluation

Model MAE Pearson's r
Arousal Lasso Regression 1.0107 -0.046
Valence Lasso Regression 1.3176 0.211
BERT+LSTM 0.052 0.998

5 Conclusion and Future Work
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