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Abstract Text sentiment analysis is one of the classic fields of natural language processing. This paper proposes a text sentiment
analysis model based on transformer feature extractor combined with multi-channel convolutional neural network. The model uses
trsnsformer feature extractor to layer words and dynamically represent them on the basis of static word vectors trained by tradi-
tional Word2vector,Glove,etc. ,and use Fine-Tuning for specific data sets for training, which effectively improves the representa-
tion of word vectors ability. The multi-channel convolutional neural network considers the dependence between word sequences in
different size ranges,effectively extracts features and achieves the purpose of dimensionality reduction,can effectively capture the
contextual semantic information of sentences,and enable the model to capture more semantic emotional information,improve the
semantic expression ability of the text,and achieve the goal of emotional tendency classification through the Softmax activation
function. The model is tested on the IMDb and SST-2 movie review datasets,and the accuracy rates on the test set reached 90. 4 %
and 90. 2% ,indicating that the model proposed in this paper has better classification accuracy than the traditional word embed-

ding combined with CNN or RNN,
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Memory, LSTM) ¥ 2138 SCA 8 8 i i8] 17 51 LA FH oK figt o 1
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testing number
IMDb 2 292 21143/3857/25000
SST-2 2 18 8544/1101/2210

4.2 BHEE
FEAR LS vh ) 45 U 202 AT T S g X SST-2 1Y
BB BEAT AR R Tk 45 19, Hoh transformer_block /2 £
A ERESOLE L BOZIRAT A e, BRI B 2 8
WEIE 2 fisl.
Fz2 HMBHRE
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Table 3 Accuracy statistics of model on different data sets

CHLASE s 6D
Feature Extractor model IMDb SST-2
Word ngram 86.7 81.4
Bow+SVM Char n-gram 87.3 83.2
(Word+ Char)-ngram 88.5 84.6
DCNNL13] 86.8 86.8
CNN rand-MCNN 86.2 87.2
staticcMCNN 88.4 88.1
Tree-LSTMM) 88.4 88.00
RNN random-biLSTM 82.8 85.6
static-biLSTM 86. 6 87. 60
transformer random-tf MCNN 88.1 88.5
static-tf MCNN 90. 4 90. 20
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