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Abstract: Traditional text similarity algorithm has the disadvantage of  a large amount of text data and 

high complexity. Keywords are highly concentrated thematic ideas in the text. Extracting them can 

reduce the complexity of text similarity calculation. Therefore, this paper proposes a Chinese text 

similarity calculation method that integrates improved YAKE and neural network(YANN). With Aim 

to the  problem that Yet Another Keyword Extractor(YAKE) algorithm is not suitable for Chinese text 

keyword extraction, keyword candidate stage. First the new feature value of words is calculated by 

using word span, position, frequency, word context relevance, and the number of different sentences. 

Next we calculate the keyword score of each candidate word after synthesizing all the features values, 

and output the keywords in the ascending order of the score. Finally, the keyword set is inputted into 

the trained word2vec model for vectorization. Summation and averaging where the keyword vector 

values are derived from the trained word2vec model, and the similarity between different texts is 

calculated by cosine similarity. The experimental results show that the method proposed in this paper 

has better performance than other algorithms in Chinese text keyword extraction, and the similarity 

calculation results prove the merit of the method used. 

 

Keywords: Keyword Extraction; Word2vec; Text Similarity 

 

 

I. INTRODUCTION 

 

With the rapid development of the Internet, the 

Internet is full of massive text information, such 

as Sina Weibo, news, WeChat public accounts, product 

reviews and other texts of different lengths. It also 

contains a lot of repetitive content, which greatly 

affects the efficiency of people's acquisition of 

information, so the calculation of text similarity has 

also produced more and more research. 

With the continuous development of neural network, 

the use of neural network to calculate text similarity has 

been widely used by many scholars [1]. Generating 

word vectors through neural network models to 

calculate text similarity is a method that has been 

studied more in the field of natural language processing 

in recent years [2], such as Word2vec [3] and BERT [4]. 

Wang [5] et al. combined Word2vec [4] word vector 

conversion technology, used its semantic analysis 

ability to build an optimized LDA model, and finally 

used cosine similarity to calculate text similarity, fully 

expressed text semantics, and ideally realized the 

repetition of repetition. The text is semantically 

analyzed, but its training corpus needs to be converted 

into word vectors by the Word2vec model, before the 

vectors are used as input to train the LDA model, which 

result in high model training costs. Tian Xing [6] and 

others mapped each word into a high-dimensional 

vector at the semantic level through Word2vec training, 

then calculated the Jaccard similarity between each 

word vector, and the value higher than the threshold 

was regarded as the co-occurrence part, and finally the 

similarity of the sentence was calculated.  But in the 

face of long text corpus, the growth of words will lead 

to an increase in computational cost. Google proposed 

the BERT model in 2018, and achieved the best results 

at that time on many natural languages processing 

benchmark datasets, however the model has a very 

large number of parameters, which requires high 

computing power, and takes longer to train the model. 

There is a performance drop when faced with long text 

corpora. 

Based on the problems mentioned above , this paper 

proposes a Chinese text similarity algorithm method 

that integrates improved YAKE and neural network 

(YANN) to extract the key effective information in the 

text in order to reduce the computational cost. YAKE 

[7] is an unsupervised keyword extraction algorithm 

W 
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that identifies and ranks keywords through statistical 

features. YAKE does not depend on external corpora, 

text document length, and domain. And YAKE is 

superior to TF-IDF, TextRank and RAKE. But YAKE 

does not apply to Chinese language. Therefore, this 

paper improves the statistical characteristics of YAKE 

and make the algorithm extracts the Chinese keyword 

set. Doing so ,we obtain the word vector of the keyword 

set through the word2vec model. Finally, we calculate 

the cosine similarity between different sets so that we 

can obtain the text similarity. 

The main contributions of this paper are as follows: 

a) This paper proposes to integrate keyword 

extraction technology into text similarity calculation. 

The important information of the text is extracted in 

advance, which can effectively solve the problem of 

large amount of data and high computational cost of 

long text corpus. 

b) This paper improves the characteristic factors in 

the YAKE algorithm, making it suitable for Chinese 

keyword extraction. 

c) Based on the above mentioned  two points, this 

paper proposes a text similarity algorithm method that 

integrates YAKE and word2vec. The experiments on 

real data sets show that this method has a certain 

improvement in effect compared with the traditional 

similarity calculation method. 

 

 

II. RELATED WORK 

 

The mainstream text keyword extraction is divided 

into supervised extraction and unsupervised extraction 

[8]. Supervised keyword extraction technology needs to 

label the corpus in advance, using the model training 

corpus, the preprocessing cost is high [9]. Therefore, 

this paper mainly discusses unsupervised keyword 

extraction methods. 

The current unsupervised keyword extraction 

methods involve statistical methods, graphical model 

methods, and topic methods. 

a) A topic-based approach. The topic-based keyword 

extraction method starts from the overall situation of 

the article. This method considers that the article is 

composed of topics and words or phrases related to the 

topic. The representative method is LDA [10]; b) Based 

on word graph method. This method describes the 

relationship between words through a certain algorithm 

to judge the importance of words in the text, such as 

TextRank [11]; c) method based on statistics. This 

method selects several more important words from the 

candidate words as keywords by calculating the 

statistical characteristics of the words. The 

representative method is TF-IDF [12], with TF-IDF 

(term frequency-inverse document frequency, Based on 

word frequency—inverse document frequency), many 

effective keyword extraction algorithms have been 

derived, but TF-IDF only considers word frequency, 

does not consider the relationship between semantics 

and words, and cannot extract keywords from a single 

document. Not suitable for category keyword extraction. 

In addition, some researches have achieved good results 

by integrating these methods. For example, Liu 

Xiaojian et al. fused graphs and LDA topic models. 

LDA was used to calculate the similarity between 

words and used as weights to construct undirected 

graphs [13]. 

 

At present, most of the unsupervised short text 

keyword extraction algorithms use the above three 

algorithms for unsupervised keyword extraction. For 

example, Kim et al. used n-gram LDA to mine user 

sentiment towards Ebola virus by analyzing Twitter 

texts [14]. There are also some scholars who combine 

these methods. For example, Tu and Huang combine 

Text Rank with TF-IDF, first calculate the TF-IDF 

value of each word in Weibo, and then use this value as 

the weight of TextRank to extract keywords [15]. 

However, these methods are all modeled on a fixed 

short text corpus [16], and the keyword extraction 

effect is affected by the magnitude and quality of the 

corpus, which usually requires large-scale, high-quality 

corpus training. However, short text has strong real-

time performance, fast data update, random expression, 

and has the characteristics of sparseness and imbalance 

[17]. The traditional short text automatic keyword 

extraction algorithm is less flexible and adaptable, and 

cannot be extracted well. Short text keywords. 

Another keyword extraction algorithm(YAKE) is an 

unsupervised keyword extraction algorithm based on 

statistics, which has better results in English text 

extraction. The core of the algorithm is to use the 

formula to perform fusion scoring to select keywords 

through five characteristic factors: Casing, Term 

position, Term frequency normalization, Term 

relatedness to context, and Term different sentence. 

This method is simple and efficient, and can extract text 

key phrases without the support of a large number of 

corpora. 
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III. APPROACH 

A. The Framework of YANN 

The YANN algorithm is shown in Fig 1. First, after 

we input Chinese text data, our algorithm combines the 

stop words dictionary to perform text preprocessing 

operations to obtain words collection W.  

 

  W={w1,w2,……,wi}  (1) 

 

Next, we improve the five eigenvectors of YAKE 

and calculated the five eigenvectors values of each 

word according to the new five eigenvectors. Then, we 

substitute the five eigenvectors values of the new fusion 

formula calculation and get result S. After sorting out 

ascending order, we get the top N keywords KW.  

 

  S={s1,s2,……,si} (2) 

 

  KW={(w1,s1),……,(wn,sn)} 

  wn∈W, sn∈S, n≤N (3) 

 

Finally, we input KW into the word2vec model. We 

obtained the word vector of each keyword and added 

them to calculate the average value so that we can get 

the vector value of a text. We use the cosine similarity 

algorithm to do the similarity calculation. 

B. Keyword Extraction 

Due to the different grammars of Chinese and 

English language, Chinese language does not have the 

upper and lower case rules. YANN replaces the Casing 

in the original algorithm with the Word span [18] in 

order to adapt to Chinese text better. YANN also 

adjusted the final formula to make the algorithm work 

better in the Chinese text similarity calculation. The 

current characteristic factors are as follows: 

a) Word position: This feature indicates that more 

attention should be paid to the words that appear at the 

beginning of the document. 

 

  position(wi)=ln(ln(3+Median(Sen(wi)))) (4) 

 

where Sen(wi) is the set of all sentences positions 

where the word wi occurs. The Median function is to 

compute the median of Sen(wi). The double log 

function is applied to smooth the differences between 

terms with large differences in medians. At the same 

time, since the result of this formula is an increasing 

function, the more times the word w appears at the 

beginning of the document, the lower its position value. 

On the contrary, the word wi closer to the end of the 

document will be assigned a higher position value. 

 

 

Fig. 1. The Framework of  YANN 

b) Word frequency: This feature indicates that the 

higher the frequency of a word, the greater its 

importance.  

  frequency(wi)=TF(wi)/(Avg(W)+1*σ) (5) 

 

where TF(wi) is the frequency of word wi in the text. 

Avg(W) is the average of the frequencies of W. σ is the 

standard deviation of the frequency of W, in order to 

prevent over-biasing high-frequency words in long texts. 

c) Word-context relevance: This feature represents 

the degree of relevance of a word to its context. The 

more frequently different words appear to the left or 

right of a word, the less important the word is.  

 

relatedness(wi)=1+(WL+WR)*TF(wi)/MaxTF(W) (6) 

 

  WL[WR]=DW(wi,t)/AW(wi,t) (7) 
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where MaxTF(W) represents the word frequency of 

all words maximum value. DW(wi,t) represents the 

number of different words of word wi within t word 

distances, and AW(wi,t) represents the number of all 

words of word wi within t word distances. An important 

word wi will have a low relatedness(wi). 

d) The number of different sentences: This feature 

indicates the frequency of a word in different sentences. 

The higher the frequency, the more important it is.  

 

  different(wi)=SF(wi)/Sentenceall (8) 

 

where SF(wi) is the number of sentences containing 

the word wi. Sentenceall represents the total number of 

all sentences. 

e) Word span: This feature represents the distance 

between the first occurrence and the last occurrence of 

a word in the text, which can reflect the theme of the 

text. The larger the word span, the more important the 

word is to the text.  

 

  span(wi)=(last(wi)-first(wi)+1)/Wordall (9) 

 

where first(wi) is the position where the word wi first 

appears in the text. last(wi) is the position where the 

word wi first appears last in the text. Wordall is the 

total number of all words. 

Then, the feature scores calculated above are 

integrated into the following formula for word score 

calculation. 

 

𝑆𝑐𝑜𝑟𝑒 𝑤𝑖 =
𝑟𝑒𝑙𝑎𝑡𝑒𝑑𝑛𝑒𝑠𝑠 𝑤𝑖 ∗ 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛(𝑤𝑖)

𝑠𝑝𝑎𝑛(𝑤𝑖) +
𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦(𝑤𝑖)
𝑟𝑒𝑙𝑎𝑡𝑒𝑑𝑛𝑒𝑠𝑠(𝑤𝑖)

+
𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡(𝑤𝑖)

𝑟𝑒𝑙𝑎𝑡𝑒𝑑𝑛𝑒𝑠𝑠(𝑤𝑖)

 

(10) 

 

To assign a high value to the word that appear 

frequently and in many sentences as long as they are 

relevant, frequency(wi) and different(wi) are offset with 

relatedness(wi) to deal with this situation. In fact, some 

terms may occur numerous times and in many 

sentences and yet be useless. These should be penalized. 

Thus, achieving a high score on frequency(wi) and 

different(wi) is an important indication of a term’s 

importance, as long as relatedness(wi) has a low value. 

Also multiplying relatedness(wi) by position(wi) is to 

suppress useless words appearing in sentences at the top 

of the text. Score(wi) represents the final score S of the 

word. The smaller the value, the greater the importance. 

C. Similarity Calculation 

Generating word vectors is the process of converting 

words into computer-recognizable, computable ones. 

Word2vec is a group of related models used to generate 

word vectors. As a distributed representation in deep 

learning models, word2vec has two training modes: 

CBOW (continuous bag-of-words) and Skip-gram 

(continuous skip-gram). These models are two-layer 

neural networks that CBOW uses the context of the 

word to predict the word itself, while Skip-gram uses 

the current word to predict the context word. Under the 

assumption of the bag-of-words model in word2vec, the 

order of words is not important. After training from 

large-scale unlabeled corpus, word2vec can be used to 

map each word to a vector quickly and efficiently. 

Word2vec also can obtain semantic, low-dimensional 

and dense word vectors, which can be better applied to 

word representation in text similarity. 

After removing stop words, a text still has a large 

number of words. Therefore, we extract the keywords 

KW in the text in advance, which greatly reduces the 

amount of data input. Then, We put keywords KW into 

the trained word2vec to obtain each single word vector, 

add and average all keyword vectors to obtain a 

keyword set vector to represent a paragraph or a piece 

of text. The similarity between different texts will be 

calculated by the cosine similarity calculation formula. 

 

  similarity=cos(θ)=(A·B)/(||A||*||B||) (11) 

 

 

IV.  EXPERIMENTS 

For the algorithm YANN proposed in this paper, two 

corresponding experiments are designed to verify the 

effectiveness of the similarity detection scheme 

proposed in this paper. 

 

A. EXPERIMENT 1: Chinese Keyword Extraction 

a) Text preprocessing:  

 

The text preprocessing stage is indispensable for 

most NLP tasks. The results of data preprocessing 

directly affect the subsequent keyword extraction tasks. 

Hanlp, LTP, THULAC, PKUSEG, NLTK and Jieba are 

common open source word segmentation tools. All of 

these words splitting tools can split Chinese words, 

part-of-speech annotations, and other common text 

processing functions as well. These tools allow users to 

load domain dictionaries and stop word dictionaries 

themselves. In this paper, we use the LTP Chinese word 

segmentation tool of Harbin Institute of Technology to 

perform Chinese word segmentation. Besides, we 
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combine the Chinese stop words list with the Harbin 

Institute of Technology stop word thesaurus, Sichuan 

University Machine Learning Intelligent Laboratory 

stop word database, and Baidu stop word list to remove 

stop words. 

b) Dataset:  

We select 5000 news corpora from various aspects in 

China to construct a corpus. Each news article is about 

1030 words. We randomly select 500 news corpora as 

the test set. Each corpus in the test set is annotated with 

10 keywords by means of multi-person cross manual 

annotation. Each corpus uses a voting mechanism to 

select the 10 keywords with the most votes from the 

annotation results of the annotators as the keyword 

standard results. 

c) Evaluation criteria:  

 In this experiment, we choose TF-IDF, Rake, 

TextRank, TopicRank and our method(YANN) for 

comparison. We use Precision(P), Recall(R), and F1 as 

evaluation metric. These calculation methods are shown 

in Formulas (12), (13), and (14), respectively. 

 

  P=TP/(TP+FP) (12) 

 

  R=TP/(TP+FN) (13) 

 

  F1=(2*P*R)/(P+R) (14) 

 

TP represents the number of correctly predicted 

keywords. FP represents the number of incorrectly 

predicted keywords. FN represents the number of 

keywords that were not predicted. F1 is used to evaluate 

both accuracy and recall as a whole. 

d) Result: 

 Our result is shown in Table 1. It can be concluded 

that our method(YANN) is better than other methods in 

Precision(P), Recall(R), F1. It can be seen that the 

YANN method has higher accuracy than other methods, 

which proves the effectiveness of our method. 

TABLE I.  EXPERIMENT 1 RESULT 

Method Precision(P) Recall(R) F1 

TF-IDF 0.776 0.783 0.779 

RAKE 0.743 0.741 0.742 

TextRank 0.757 0.765 0.761 

TopicRank 0.780 0.786 0.783 

YANN 0.823 0.832 0.827 

 

B. EXPERIMENT 2: Chinese Text Similarity 

Calculation 

a) Dataset:  

The Wikipedia Chinese corpus, which consists of 

news articles in Chinese Wikipedia, has the 

characteristics of high quality, wide range and openness. 

The Chinese Wikipedia corpus as of August 3, 2022 is 

used in the experiment, which is about 2.4 GB in size 

and stored in xml format. Besides, we add 5000 news 

corpora from the previous experiment for the word2vec 

model training. We will modify the 500 news corpora 

selected in the previous experiment. Each corpus will 

be randomly modified by 30% of the text content as 

similar text. The new 500 new corpus will be used as 

the test set for this experiment. 

 

b) Evaluation criteria: 

To further verify the effectiveness of our method, we 

will conduct a comparative experiment with five 

methods: word2vec without keyword extraction, 

fastText, glove, word2vec with TF-IDF, our method 

(YANN). The main parameter values of the neural 

network are all default values. In this experiment, we 

abstract text similarity detection as a binary 

classification problem of similarity or dissimilarity. We 

use Accuracy and F1-score as evaluation metric to 

evaluate the performance of each method, which are 

commonly used in the field of binary classification. The 

calculation method of  F1-score is exactly the same as 

Formulas (14). The calculation method of Accuracy is 

shown in Formulas (15). 

 

  Accuracy=(TP+TN)/(TP+FP+TN+FN) (15) 

 

TP represents the number of texts correctly 

calculated as similar. TN represents the number of texts 

correctly calculated as dissimilar. FP represents the 

number of texts incorrectly calculated as similar. FN 

represents the number of texts incorrectly calculated as 

dissimilar. P and R respectively represent Precision and 

Recall in the binary classification problem, as shown in 

formula (12) and formula (13). 

 

c) Result:  

Our result is shown in Table 2. The hardware 

configuration of the experiment is AMD Ryzen 7 

4800H CPU, NVIDIA GeForceRTX 2060 (6GB) GPU; 

16GB memory. The software environment is Python3.6 

and deep learning framework PyTorch under 

Windows10 system. It can be seen from the results that 
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compared with other models, our method has not only 

save more time but also ensures excellent performance. 

This proves that our method is effective. 

TABLE II.  EXPERIMENT 2 RESULT 

Method Accuracy F1-score 
Run Time 

 (min) 

word2vec without 
keyword extraction 

0.944 0.971 15 

fastText 0.940 0.969 13 

glove 0.942 0.970 12 

word2vec with  

TF-IDF 
0.922 0.959 6 

our method 

(YANN) 
0.932 0.965 7 

 

V. SUMMARY 

In this paper, we propose to combine keyword 

extraction technology YAKE with neural network 

(YANN) to solve the problem of large amount of input 

data when calculating text similarity. Meanwhile, due 

to the lack of case rules in Chinese grammar, we 

replace the casing feature in YAKE with more general 

feature, word span, so that Yake can be applied to the 

Chinese text. In the keyword extraction stage, we 

optimize also the calculation feature factors and 

synthesis formula of Yake. Through two groups of 

experiments, it is proved that our method is feasible and 

effective. Our method reduces the amount of data input 

to the neural network, improve the efficiency of the 

model, ensure the performance of the model. 

In our future work, we will further improve the 

accuracy of keyword extraction in this current method. 

We can combine different neural networks like BERT. 

We can also apply YANN to Chinese text content with 

tens of thousands of words. We can further explore 

cross language similarity detection. 
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