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Abstract: Only one semantic vector can be generated by word-embedding technologies such as Word2vec or GloVe for
polysemous word. In order to solve the problem, a sentiment analysis model based on ELMo (Embedding from Language
Model) and Multi-Scale Convolutional Neural Network (MSCNN) was proposed. Firstly, ELMo model was used to learn the
pre-training corpus and generate the context-related word vectors. Compared with the traditional word embedding
technology, in ELMo model, word features and context features were combined by bidirectional LSTM (Long Short-Term
Memory) network to accurately express different semantics of polysemous word. Besides, due to the number of Chinese
characters is much more than English characters, ELMo model is difficult to train for Chinese corpus. So the pre-trained
Chinese characters were used to initialize the embedding layer of ELMo model. Compared with random initialization, the
model training was able to be faster and more accurate by this method. Then, the multi-scale convolutional neural network
was applied to secondly extract and fuse the features of word vectors, and generate the semantic representation for the whole
sentence. Experiments were carried out on the hotel review dataset and NLPCC2014 task2 dataset. The results show that
compared with the attention based bidirectional LSTM model, the proposed model obtain 1.08 percentage points
improvement of the accuracy on hotel review dataset, and on NLPCC2014 task2 dataset, the proposed model gain 2. 16
percentage points improvement of the accuracy compared with the hybrid model based on LSTM and CNN.

Key words: sentiment analysis; Natural Language Processing (NLP); Convolutional Neural Network (CNN);
Embedding from Language Model (ELMo); character embedding
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Fig. 1 Architecture of bilateral language model based on LSTM
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Tab. 1 Datasets used in the experiment
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Fig. 6 Sample of preprocessed training corpus
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Fig. 8 Classification results of MSCNN on

different convolution scales
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Tab. 2 Experimental results on different hotel review datasets

T A IE#% (Accuracy)

O — 00 h4000  hil6000  hi-10000
B0 0. 960 0.925 0.935 0.910
BE 1 0. 950 0.910 0. 928 0.918
BE 2 0.920 0. 955 0. 930 0.932
B 3 0.945 0.955 0. 930 0.931
Y E 4 0. 905 0.930 0. 945 0. 938
BIES 0. 945 0.932 0. 920 0.941
k6 0.925 0.932 0.923 0. 937
KiE 7 0. 950 0. 960 0. 937 0. 937
B5E 8 0.945 0. 950 0.935 0.939
$HE9 0. 925 0.932 0.927 0.943
-1 0.937 0.938 0.931 0.933

W SCIRIRERT LG 7 oA 572, Qn S RF 1 AIL(SVM) FR &R I
it 37 (Naive Bayes, NB) . fill & 7 . i) i X [n] LSTM #5%
(Character, Word and Part-of-Speech Attention model based on
Bi-LSTM, CWPAT-Bi-LSTM) Fl & B 28 0 45 (CNN) , 45 5 4
RIPR,
F3 AEFEEBETICHIESE LN EREREIRLE
Tab. 3 Classification accuracy of different methods on

hotel review datasets

) IEH#R (Accuracy )
htl-2000  htl-4000  htl-6000  htl-10000
SvMm!s) 0.733 0.826  0.830 0. 848
NB!2s) 0.678  0.684  0.696 0. 684
WCTAT-Bi-LSTM' 0. 935 0.923 0.915 0.923
CNN26) 0.872  0.884  0.913 0.928
KTy ik 0.937 0.938 0.931 0. 933

IF 3R UG A SO VA H WA F SVM AT NB 53,
L5 SVM 7 iEM FLIE B RS- 82T 12, 56 4 H 40 45, 5 NB Jrik
AL IE BRI T 24, 934N E 43 5 o X ULl P M 4%
J7 i EARHE B BRI BE ), R SAR A ALY T SURHIE
DA BN T S S A A SRR 3 . X LA 28 I 28 7 vk AR SO
TR B B 2 P AR E B RS 4R T T 3,56 4 H 4
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task2 PR AEVEAT T I, Hgh R ank 4 iR .
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Tab. 4 Experimental results of different methods on

dataset NLPCC2014_task2

] 1EAf1 %% (Accuracy )
LSTM 2" 0. 666 4
GRU™ 0.7392
CNN [27] 0.7336
LSTM+CNN'?7! 0.7616
KTy ik 0.7832
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