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Keyword Extraction Based on Multi-feature Fusion

DUAN Jian-yong, YOU Shi-xin,ZHANG Mei and WANG Hao
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Abstract With the development of the Internet, webpage data,new media text and other data are increasing, the efficiency of in-
formation retrieval based on full text is not enough to support the retrieval of massive data,so the keyword extraction technology
is widely used in search engines (such as Baidu search) and new media services (such as news retrieval). The fusion model is a
model that uses the BILSTM-CRF structure and fuses multiple manual features,which can more effectively complete the task of
keyword extraction. Based on the features of words embedding,the fusion model incorporates the features of part of speech,word
{requency,word length and word position. Themultidimensional feature information can help the model to extract deep keyword
feature information more comprehensively. The fusion model combines the features of deep learning,such as wide coverage and
high learning ability, with the ability of accurate expression of manual features to further improve the feature mining ability and
shorten the training time. In addition,a labeling method called LMRSN is adopted in this model to extract key phrases more effec-
tively. Experimental results show that the fusion model achieves F1 score of 62. 08 in comparison with the traditional model,and
its performance is much better than that of the traditional model.
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Fig. 1 Examples of keywords and key phrases
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Fig. 2 Structure of fusion model
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Table 1 Data preprocessing details
Training set Test set Validation set
Amount 116236 32000 16000
Percentage/ % 70.78 19. 48 9.74
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Table 2 Experimental results compared with traditional models
Precision Recall F1
Model
Test Dev Test Dev Test Dev
TF-1DF 39. 22 39.09 43.57 43.25 41.28 41.06
TextRank 38.15 38.12 41. 80 41.72 39.89 39. 84

Fusion model

59.98 59.72 50.17 50.01 54. 64 54.44
based LSTM

Fusion model

66.94 66.84 58.01 57.95 62.16  62.08
based BILSTM ’ e ’
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Table 3 Experimental results of feature combination comparison

Combination of features  Precision Recall F1
emb 60.78 52.51 56. 35
emb—+ pos 62.72 53.15 57.54
emb+frq 63.15 54.09 58.27
emb+len 60.92 52.55 56.43
emb—+loc 60. 77 54.18 57.29
emb—+ pos+frq 66.98 55.24 60.55
emb+ poslen 62.78 53.09 57.53
emb—+ pos—+loc 61.79 53.05 57.09
emb+ frqg+len 63.03 53.56 57.91
emb+ frq+loc 62.47 55.98 59.05
emb—+len+loc 59.79 56.22 57.95
emb+ pos+{rq+len 63.97 54.27 58.72
emb+ pos+frq+loc 66. 84 57.95 62.08
emb—+pos—+len+loc 64. 36 56.28 60. 05
emb+ frq+len+loc 63.69 55.12 59.10
emb+ pos—+{rq+len+loc 68.01 54.19 60. 32
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Table 4 Comparative experimental results of word embedding

Word embedding Precision Recall Fl1
Word2vec 65.59 57.27 61.29
GloVe 66. 84 57.95 62.08
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Table 5 Experimental results comparison of labeling methods
Labeling methods Precision Recall F1
YN 59.76 55.12 57.35
LMRSN 66. 84 57.95 62.08
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Fig. 6 Experimental results of neural network layer selection
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Fig. 7 Experimental results of number of neuron per layer
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Table 6 Comparative experimental results of batch-size

Batch-size Epochs Times/h
32 45 14
64 29 8
128 18 9
500 9 9.5
1000 7 11
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