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Abstract
This technical report aims at the
ROCLING 2021 Shared Task:
Dimensional Sentiment Analysis for

Educational Texts. In order to predict the
affective states of Chinese educational
texts, we present a practical framework by
employing pre-trained language models,
such as BERT and MacBERT. Several
valuable observations and analyses can be
drawn from a series of experiments. From
the results, we find that MacBERT-based
methods can deliver better results than
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BERT-based methods on the verification
set. Therefore, we average the prediction
results of several models obtained using
different settings as the final output.

BT ¢ OHR AT~ FERE S 3~ BERT ~
MacBERT
Keywords:  Sentiment  Analysis, Pre-trained
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2.3 BERT
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Mean Absolute Error Pearson Correlation Coefficient
Sub-models Valence Arousal Valence Arousal
| 0.463 0.614 0.890 0.674
> 2 0.442 0.634 0.895 0.659
%3 0.514 0.679 0.880 0.624
> E 4 0.487 0.649 0.885 0.664
25 0.469 0.623 0.888 0.667
226 0.477 0.662 0.900 0.637
Ll RERE R
Mean Absolute Error Pearson Correlation Coefficient
Valence Arousal Valence Arousal
RPN 0.586 0.885 0.901 0.585
# = d) 0.684 0.906 0.912 0.607
CYUT-runl 1.695 1.177 -0.017 0.040
CYUT-run2 1.685 1.252 0.007 -0.021
NCU-NLP-runl 0.625 0.938 0.900 0.549
NCU-NLP-run2 0.611 0.989 0.904 0.582
ntust-nlp-2-runl 0.654 0.880 0.905 0.581
ntust-nlp-2-run2 0.667 0.866 0.913 0.616
SCUDS-runl 0.953 1.054 0.694 0.375
SCUDS-run2 0.975 1.039 0.667 0.354
SoochowDS-runl 2.421 1.327 0.073 0.051
SoochowDS-run2 1.073 1.125 0.584 0.228
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$%# (Conclusions)
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