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Abstract: Aimingat the problem of weak semantic relationship between co-occurrence words in the short text in the

BTM topic model modeling process,an improved BTM topic model (cw2vec-BTM) combined with the cw2vec word vector

model was proposed.This research uses the cw2vec model to train short text corpora to obtain word vectors and calculates

the word vector similarity. Then by setting the sampling threshold,the sampling method for co-occurrence words in the BTM

topic model is improved,while the sampling probability of semantically related words is increased.The experimental results

prove that the improved model proposed in this paper can effectively improve the topic cohesion and KL divergence of the

topic model.
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Fig.1 Graph model structure of BTM topic model
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Tab.1 Stroke ID correspondence table
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Fig.2 The overall architecture of the cw2vec model
3 cw2vec-BTMAEAI (cw2vec-BTM model)
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Fig.3 Main algorithm framework
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Tab.2 Model training parameter setting table
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Tab.3 Chinese word similarity results

g wordsim—240 wordsim—296
skip—gram 50.51 51.95
CBOW 51.04 54.33
CWE 53.19 54.47
GWE 53.23 52.96
JWE 51.85 56.12
cw2vec 55.57 57.07
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Fig.4 Some experimental data after pretreatment
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Tab.4 Experimental model parameter setting table
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Tab.5 Semantic relevance obtained from model training
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Fig.5 Relationship between the distance threshold C and
the number of word pair samples
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