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Abstract In the field of Natural Language Processing, Various research such as Translation, POS
Tagging, Q&A, and Sentiment Analysis are globally being carried out. Sentiment Analysis shows high
classification performance for English single-domain datasets by pretrained sentence embedding
models. In this thesis, the classification performance is compared by Korean E-commerce online
dataset with various domain attributes and 6 Neural-Net models are built as BOW (Bag Of Word),
LSTMI1], Attention, CNNI[2], ELMol[3], and BERT(KoBERT)[4]. It has been confirmed that the performance
of pretrained sentence embedding models are higher than word embedding models. In addition,
practical Neural-Net model composition is proposed after comparing classification performance on
dataset with 17 categories. Furthermore, the way of compressing sentence embedding model is

mentioned as future work, considering inference time against model capacity on real-time service.
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Fig. 1. BOW InputData Vectorization
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Fig. 2. BOW Sentiment Model
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Fig. 3. BDLSTM Sentiment Model
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Fig. 4. BDLSTM + Attention Sentiment Model
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Fig. 5. CNN Sentence Classification Model Example
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Table 1. CNN Sentiment Model
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Fig. 10. BERT single sentence classification
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Table 3. Dataset Information
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Table 4. KoNLPy POS Tagger Comparison

POS Tagger komoran | mecab | okt | hannanum | twitter
Tokenization time 18 5 183 223 181
(sec)
Dictionary size 27,653 | 27,696 | 65,846 | 111,525 | 65,864
Max sentence | 140 | 1032 | 799 | 1,007 | 799
length
Average sentence 34 31 23 77 23
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