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Context-based Emotional Word Vector Hybrid Model
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Abstract Most of the existing learning methods based on word vectors can only model the syntactic context of words, but ignore
the emotional information of words. This paper proposes a context-based training model of emotional word vectors,and uses a rela-
tively simple method to construct a learning framework of emotional word vectors. A fusion method is proposed to obtain the
emotion information of the extended mixed model in the sentence polarity and the context-based word vectors. So as to solve the
problem that words with similar contexts but opposite emotional polarity are mapped to adjacent word vectors. the adjacent words
in the emotion vector space are semantically similar and have the same emotion polarity. In order to verify that the learned emo-
tion word vector model can accurately contain the semantic information of emotion and context words, the emotion word vector is
trained in different languages and data sets of different fields,and quantitative experiments are conducted at the word level. The
results show that the classification effect of the proposed model is 14 percent higher than that of the traditional model. In the ex-
periment of emotion classification at the word level, the accuracy is improved by 10 percentage points compared with the tradi-
tional word bag model. It also plays a guiding role for product providers to get useful information in a large number of user re-
views.

Keywords Natural language processing, Word embeddings,Semantic information,Sentiment classification, Neural networks
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Fig. 1 Structural model of binary emotional classification
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Table 3 Emotional classification results under different word

vector models
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C&wW 65.5 58.8 60. 1 64.4 58. 1 59.4
Word2vec 70. 8 63.0 65.0 68.8 61.3 63.2
Re(C&.W) 67.1 59.6 61.8 65.9 58.6 60.9
Re(Word2vec) 71.2 63.4 65.7 69.6 61.8 64.1
SE-SPred 75.0 65.5 69.3 74.6 65. 1 69.0
SE-SRank 73.6 66. 2 68. 4 73.8 65.9 68.3
SE-HyPred 79.7 70. 1 74.4 77. 4 67.9 72.1
SE-HyRank 78.3 69. 4 69. 4 77.9 68.9 72.6
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Fig. 3 Comparison of SE-HyPred and SE-HyRank under different

alpha curves
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Table 4 Emotional classification results at different word

vector models

CHRAL 20
Embedding N-Fold=5 N-Fold=10
BL NRC NTUSD BL NRC NTUSD

C&W 76. 2 68.1 70.5 76.6 67.5 69.8
Word2vec 80.1 71.7 75.7 81.1 71.2 73.4
Re(C&-W) 75.0 68.6 71.3 76.6 68.2 71.4
Re(Word2vec) 81.5 71.6 76.9 83.1 73.1 75.3
SE-SPred 80.8 73.3 78.2 80. 4 72.4 76.0
SE-SRank 78.6 71.3 76.2 77.8 71.2 71.1
SE-HyPred 86.0 77.5 85.3 87.0 76.9 83.4
SE-HyRank 83.9 75.7 80.1 85.6 77.0 79.2
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