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Multi-grained Sentiment Analysis of Comments Based on Text Generation

ZHANG Jiawei. WANG Zhongqing and CHEN Jiali

School of Computer Science and Technology,Soochow University, Suzhou,Jiangsu 215006, China

Abstract With the rise of social media and online review platforms,automated sentiment analysis has become a key tool for un-
derstanding public emotions,consumer preferences,and market trends. Traditional sentiment analysis methods often use classifi-
cation models that focus on extracting the overall sentiment of the text,neglecting the complex and multidimensional emotional
information that may be contained within the comments. Addressing this issue. this study proposes a multi-granularity text-based
sentiment analysis model using generative models to intricately capture aspect-level and document-level emotions in review texts.
Additionally,a structured output format is constructed that includes sentiment labels for different aspects of the review text as
well as the overall sentiment label of the review text. Compared to traditional classification models, the proposed model more com-
prehensively understands and reflects the emotional structure of text,achieving extraction and classification of multifaceted emo-
tional information and overall sentiment in comments. Experimental results show that the proposed model is better than conven-
tional classification methods in the recognition of overall emotions and aspect emotions, and achieves a 4. 4% higher F1-Score
than the Bert+LSTM model.

Keywords Natural language processing, Text generation, Structured output, Multi-grained . Review sentiment analysis
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loss CrossEntropy
learning_rate 0.0001
batch_size 16
max_len 256
epochs 20
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Table 4 Overall evaluation comparison

HA Acc F1
DPCNN 0.755 0. 344
Bert 0.798 0.610
Bert+LSTM 0.816 0.626
RoBERTa 0. 807 0.551
DeBERTa 0.802 0.568
GPT3. 5-Turbo 0.732 0.622
TS5 0.827 0.648
MEIA-T5(Ours) 0.835 0.670
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Table 5 Aspect evaluation comparison
A Acc Fl1
MHAN 0.785 0.507
MGRUNAsp 0.788 0.516
GAS 0. 808 0.635
ME-T5 0.812 0.643
MEIA-T5(Ours) 0.815 0.641
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Table 6 Single aspect evaluation comparison

UAE-T5 META-T5(Ours)
Appearance 0.509 0. 554
Aroma 0.635 0.653
Palate 0.603 0.641
Taste 0.683 0. 680
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Table 7 Comparison of missing evaluations in a single aspect

A Acc Fl
w/o0 appearance 0.825 0. 686
w/0 aroma 0.828 0.637
w/o palate 0.823 0.651
w/o taste 0.825 0.648
Ours 0. 835 0.670
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