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Abstract
Existing Chinese automatic text summarization methods primarily exploit in-
formation inherent in the text itself, suffering from the limitation that they
cannot fully utilize semantic relatedness between words and other such infor-
mation. In light of this, we propose an improved Chinese text summarization
method. This method incorporates external corpus information into the Tex-
tRank algorithm in the form of word vectors. Through the combination of Tex-
tRank and word2vec, each word in a sentence is mapped to a high-dimensional
vector space to form sentence vectors. By fully considering factors such as inter-
sentence similarity, keyword coverage, and similarity between sentences and the
title, we calculate the influence weights between sentences and select the top-
ranked sentences, which are then reordered to form the text summary. The
method achieves favorable results on the dataset used in this paper. Experi-
mental results demonstrate that this method outperforms the original method
in automatic Chinese summary extraction.
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Abstract: Existing Chinese automatic text summarization methods primar-
ily utilize the text’s own information, with the defect that they cannot fully
exploit semantic relationships between words. To address this limitation, this
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paper proposes an improved Chinese text summarization method. This ap-
proach incorporates external corpus information into the TextRank algorithm
in the form of word vectors. By combining TextRank with Word2vec, each
word in a sentence is mapped to a high-dimensional lexicon to form sentence
vectors. The method fully considers factors such as similarity between sentences,
keyword coverage, and similarity between sentences and titles to calculate influ-
ence weights between sentences, selecting the top-ranked sentences as the text
summary. This method achieved good results on our dataset. Experimental re-
sults demonstrate that this approach is more effective than the original method
for automatically extracting Chinese summaries.

Keywords: text summarization; TextRank; word vector; sentence similarity

Chinese Automatic Text Summarization Based on Weighted Tex-
tRank

Abstract: The method of Chinese existing automatic text summarization
mainly utilized the text’s own information, and its defect was that it cannot
make full use of the related semantic information between the words. Therefore,
this paper proposed an improved Chinese text summarization method. This
method integrated the information of the external corpora into the TextRank
algorithm in the form of a word vector. Combined TextRank with Word2vec,
it mapped each word in the sentence to the high-dimensional lexicon to form a
sentence vector. This method fully considered the similarity between sentences,
the coverage of keywords and the similarity between sentence and title to calcu-
late the influence weights among sentences, and choose the top-ranked sentences
used as the summarization of the text. This method has achieved good results
in the data set of this paper. The results of experiment show that this method
is more effective than the original method in extracting Chinese summarization
automatically.

Key words: text summarization; TextRank; word vector; sentence similarity

1 Related Work
With the development of computer information technology, various types of
information data on the Internet are growing exponentially. How to quickly
obtain needed information from massive text has become critically important.
Traditional manual information extraction methods can no longer meet demand,
while automatic text summarization has attracted increasing attention and holds
significant application value.

Text summarization extracts main content by summarizing and generalizing text
information. Based on different summarization approaches, automatic summa-
rization techniques can be divided into extractive and abstractive summariza-
tion [?]. In 1958, Luhn from IBM proposed a text summarization method based
on scoring high-frequency terms [?], pioneering automatic text summarization
research. Ge et al. constructed sentences into an undirected graph, converting
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text summarization extraction into node weight calculation in a graph model [?].
Erkan et al. [?] proposed a text summarization algorithm based on the LexRank
algorithm, which primarily calculates sentence weights based on term weights
or sentence features, represents them as a graph model using vector space mod-
els, and extracts sentences with high similarity as text summaries. Li et al. [?]
used keyword expansion methods to automatically extract summaries from news
texts. This paper focuses on single-document Chinese text, specifically extract-
ing sentences based on sentence weight scoring from individual documents to
generate summaries.

Text summarization can be achieved using the text’s own content and structural
features, meeting requirements to a certain extent, with the TextRank algo-
rithm [?] as a typical representative. Additionally, summaries can be extracted
through training on large corpora. Unlike traditional simple algorithms, these
methods require substantial training data. Traditional algorithms mostly treat
documents as simple collections of words, ignoring semantic and grammatical
elements, with each word appearing independently without dependencies. Incor-
porating external knowledge such as corpora into automatic text summarization
algorithms could theoretically improve performance. The Word2vec model [?]
developed by Google’s research team uses word vectors [?] to represent words
and their relationships. This paper integrates Word2vec with the TextRank
algorithm with improvements, using high-dimensional lexicon mapping based
on word vectors to calculate sentence similarity instead of using co-occurrence
frequency of identical words as influence weights between sentences, though it
weakens the weighting effect of co-occurring words.

Luhn’s work [?] noted that frequently occurring words have strong associations
with article topics, and calculating sentence weights based on term frequency
for summary generation achieved higher accuracy than many complex methods
[?]. Li et al. [?] achieved better results than the original method using keyword
expansion based on TextRank for text summarization. Keywords play a signifi-
cant role in extracting summary sentences from articles, and increasing keyword
coverage—the proportion of keywords among all words after sentence segmen-
tation—serves as a weighted factor for sentences, supplementing the weighting
effect of terms. Additionally, article titles often represent main content to some
extent. Cheng et al. [?] fully considered features such as term frequency, ti-
tle, sentence position, and sentence similarity to construct a feature-weighted
function for extracting key sentences to generate summaries. The greater the
similarity between sentences and the text title, the more likely they are key sen-
tences. Therefore, this paper utilizes sentence similarity, keyword coverage, and
similarity between sentences and titles as influence factors for weights between
sentences to extract text summaries.

1.1 TextRank Algorithm

The classic TextRank algorithm introduces Google’s PageRank [?, ?] algorithmic
思想 into text summarization. The automatic text summarization algorithm
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based on TextRank splits text information into sentences as network nodes,
forming a graph model of sentence networks to represent structural relationships
between sentences, and achieves importance ranking through iterative graph
computation. This method requires no prior training on corpora or other related
documents, is simple to implement, and performs well, thus gaining widespread
application.

The general model of the TextRank algorithm can be represented as a weighted
graph model 𝐺 = (𝑉 , 𝐸), where 𝑉 is the set of nodes (i.e., sentences) and 𝐸 is
the set of edges. 𝑤𝑗𝑖 represents the weight of the edge between any two nodes 𝑉𝑖
and 𝑉𝑗, i.e., the similarity between sentence 𝑉𝑖 and sentence 𝑉𝑗. For any given
node 𝑉𝑖, 𝐼𝑛(𝑉𝑖) is the set of nodes pointing to it, and 𝑂𝑢𝑡(𝑉𝑖) is the set of nodes
that 𝑉𝑖 points to [?]. The score calculation formula for node 𝑉𝑖 is:

Equation (1) is the recursive formula of TextRank [?], where 𝑑 is the damping
factor, with a value range between 0 and 1, representing the probability of a
node in the graph model pointing to other nodes. A damping factor that is too
large will cause a sharp increase in required iterations and make the algorithm’
s ranking unstable, while one that is too small will result in no obvious effect
from the iteration process. Generally, the value is set to 0.85 [?].

The edge weight 𝑤𝑗𝑖 is represented by sentence similarity, calculated based on
the coverage rate of co-occurring words between sentences—by comparing the
number of common words between different sentences. For given two sentences
𝑆𝑖 and 𝑆𝑗, the following formula is used:

where 𝑆𝑖 = [𝑤𝑖,1, 𝑤𝑖,2, … , 𝑤𝑖,𝑗, … , 𝑤𝑖,𝑛] is the set of words after removing stop
words from the sentence, and 𝑤𝑖,𝑗 is the 𝑗-th word in the 𝑖-th sentence after stop
word removal. The PageRank algorithm obtains webpage importance by calcu-
lating mutual citation counts between webpages; in the TextRank algorithm,
sentence similarity replaces the number of mutual links between webpages [?].
For example, for “我/爱/中国”and “你/喜欢/中国/吗”, the edge weight is:

This method achieves some effect in calculating sentence similarity but ignores
influencing factors such as word grammar and semantics, including relationships
between synonyms and antonyms.

When using the TextRank algorithm to calculate scores for nodes in the graph
model, arbitrary initial values are first assigned to each node, then recursive
iteration is performed based on edge weights until the error rate of any node in
the graph model is smaller than a preset threshold. Research shows that when
the threshold is generally set to 0.0001 [?], recursive computation converges well.

1.2 Word2vec Model

Word2vec [?] is a tool developed by Google in 2013 for word vector calculation.
It can efficiently train datasets of millions of levels or more, mainly using two
models: CBOW (continuous bags-of-words model) and skip-gram (continuous
skip-gram model), both based on Huffman trees. The CBOW model predicts
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the probability of the current word based on context, while the Skip-gram model
predicts context based on the current word. Both models contain three layers:
input, projection, and output [?], as shown in Figures 1 [Figure 1: see original
paper] and 2 [Figure 2: see original paper].

Both methods use artificial neural networks to train large batches of text, con-
verting words in the text into word vectors in an N-dimensional vector space,
using the similarity of spatial text vectors to measure text similarity. When
neural network training is completed, word vectors can be obtained for words
in the corpus that appear more than a preset threshold.

2 Research Methodology
The idea of automatic text summarization based on TextRank is to convert the
extraction process into a ranking process of sentence importance in the text.
First, word vectors are obtained by training the corpus using the Word2vec
model to get sentence vectors. Then, similarity between sentences is calcu-
lated based on sentence vectors to construct a graph model of candidate sen-
tence networks, i.e., a complete probability transition matrix between sentences.
Through iterative computation, node importance is obtained to achieve auto-
matic summarization ranking and extraction.

2.1 Chinese Text Preprocessing and Feature Selection

Using natural language processing (NLP) [?] techniques, text information is pro-
cessed by first splitting the text body into individual sentences, then using the
Chinese Academy of Sciences’NLPIR Chinese word segmentation system (also
known as ICTCLAS2013) [?] to segment sentences, filtering out meaningless
stop words such as “的, 地, 得, 了”to obtain word sets for each sentence.

2.2 Chinese Text Representation Based on Word Vector Model

Word2vec essentially uses a shallow neural network model (generally three lay-
ers) to learn and train the probability of words appearing in a corpus or dataset,
representing words in a suitable dimensional space as numerical values—word
vectors. The similarity between words can be measured using similarity be-
tween word vectors. Compared with traditional sparse matrix-based word rep-
resentation methods that often encounter the curse of dimensionality and cannot
represent semantic, grammatical information, and intrinsic connections between
words, Word2vec-generated word vectors not only solve the dimensionality dis-
aster problem—where word vector dimensions would increase unlimitedly with
text growth—but also mine associative attributes between words from large-scale
corpora, thus improving semantic accuracy of word vectors. For example, in tra-
ditional models, the words“好像”and“似乎”have no connection, but in Word2vec
word vectors, they have high similarity.

A dimension of 100 is commonly used as the standard for training Word2vec
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word vectors. If the dimension is too large, model training complexity increases
dramatically. Moreover, the numerical value in each dimension of a word vector
only represents the degree of positive or negative correlation of the word in that
dimension, and its magnitude does not represent the actual correlation degree
with words in the training vocabulary. Therefore, with the default dimension
at the hundred level, neither direct accumulation and averaging nor taking the
maximum value of each dimension can well represent sentences. This paper
designs a sentence vector calculation method using trained word vector models
for sentence similarity computation. In daily Chinese usage, a few thousand to
tens of thousands of words can express information from most texts. This paper
adopts a lexicon mapping method, constructing a high-dimensional lexicon to
map text semantic information to a commonly used high-frequency word library,
using lexicon mapping to obtain sentence vectors from sentence semantics.

First, a high-frequency common word lexicon with N words is constructed. Com-
bined with word vectors for each word in the lexicon, each text can be mapped
into an N-dimensional vector, where each dimension is the maximum similar-
ity between the word corresponding to that dimension in the high-frequency
lexicon and each word in the text. The text can be a sentence, article, etc.
In terms of word similarity calculation, compared with context-based methods,
each word obtains mapping in the high-dimensional word list and is expressed
as dense features of the Word2vec model, such as [0.231262, 0.178923, 0.798699,
0.325891, ⋯], with almost no sparse cases where dimensions are 0. This can
endow each word with richer semantic distribution, essentially extending bag-
of-words rather than using simple 0 or non-0 values like [0,0,1,0,0,0,0,0,⋯] to
represent absolute relevance or irrelevance, which effectively addresses the spar-
sity problem of bag-of-words.

Using the Word2vec tool to represent text vectors with high-dimensional lexicon
R, assuming there are n words in the high-dimensional lexicon, the word vector
representation is:

𝑅 = [𝑟1, 𝑟2, … , 𝑟𝑖, … , 𝑟𝑛], where 𝑟𝑖 represents the word vector of the 𝑖-th word
in the high-dimensional lexicon.

The specific algorithm is as follows:

Algorithm 1: Calculating Sentence Vectors for Chinese Text

Input: Sentence text, high-dimensional lexicon word vector set R, word vector
model model
Output: Sentence vector

1. Segment the sentence text, remove symbols and stop words to obtain word
set D

2. Initialize sentence word vector set T
3. For each d in D:

• If d is in model: // If word d is contained in model
– t = model[d] // Get the word vector corresponding to word d
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– t = [0]
• End if
• Add t to word vector set T

4. End for
5. Initialize sentence vector set S
6. For each r in R:

• Initialize word similarity set C
• For each t in T:

– Add cos(r,t) to C
• End for
• Add the maximum value in set C to set S

7. End for
8. Return S

where step 15 uses equation (4) to calculate similarity between word vectors,
and step 19 requires converting the set type to a numerical type.

2.3 TextRank Weight Calculation

The original TextRank automatic text summarization algorithm typically uses
equation (2) to calculate similarity between sentences, but simply computes
the coverage rate of identical words between sentences as edge weights. To
further improve text summarization effectiveness, this paper introduces exter-
nal knowledge into automatic summarization using the Word2vec tool, making
the following improvements to edge weight calculation in the TextRank algo-
rithm. Using relationships between document sentence vectors, a TextRank
model is built between sentences, weighting the probabilities between nodes in
the TextRank graph model through sentence similarity, keyword coverage, and
similarity between sentences and titles to calculate the influence weight of each
sentence, ranking them by weight from largest to smallest.

2.3.1 Sentence Similarity After using Chinese word segmentation to remove
punctuation and stop words, sentences are represented as word sets. According
to equation (3), sentences are mapped to a high-dimensional lexicon and rep-
resented in vector form. When calculating similarity between two sentences 𝑆𝑖
and 𝑆𝑗 mapped using the high-dimensional lexicon, cosine distance is also used
(𝑆𝑖 and 𝑆𝑗 are sentence vectors mapped to the high-dimensional lexicon):

Let the text have m words after segmentation and removal of special symbols
and stop words.

2.3.2 Keyword Coverage The more keywords a sentence contains, the
higher its importance. 𝑊𝑘(𝑆𝑖, 𝑆𝑗) represents the weight transferred from
sentence node 𝑆𝑖 to sentence node 𝑆𝑗 based on keyword coverage, calculated
as:

where 𝑝(𝑆𝑖) = len(keywords(𝑆𝑖))/len(𝑆𝑖) represents the ratio of the number of
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keywords in sentence 𝑆𝑖 to the total number of words in the sentence (after re-
moving punctuation and stop words), i.e., the keyword coverage rate in sentence
𝑆𝑖.

2.3.3 Sentence-Title Similarity The higher the similarity between a sen-
tence and the text title, the higher the sentence’s importance. 𝑊𝑡(𝑆𝑖, 𝑆𝑗)
represents the weight transferred from sentence node 𝑆𝑖 to sentence node 𝑆𝑗
based on title similarity, calculated as:

𝑆𝑡 is the word vector representing the text title mapped to the high-dimensional
lexicon, 𝑆𝑖 and 𝑆𝑗 are sentence word vectors mapped to the high-dimensional
lexicon, and Similarity(𝑆𝑗, 𝑆𝑡) is the similarity between sentence 𝑆𝑗 and title 𝑆𝑡.
Similarity is generally calculated using cosine distance, i.e., equation (5).

Based on the above formulas, a new weight for influence between sentences is
constructed. After normalizing the three weight influence factors respectively,
the sentence influence weight formula is constructed as:

Experimental results show that when 𝑎 = 0.6, 𝑏 = 0.2, 𝑐 = 0.2, automatic sum-
marization achieves the best effect. When the value of 𝑎 gradually approaches
0.6, the evaluation effect generally shows an upward trend, while when 𝑎 < 0.5,
the evaluation effect gradually declines. This demonstrates that sentence sim-
ilarity plays an important role in TextRank weight calculation, while keyword
coverage and sentence-title similarity are relatively less important.

Table 1 Weighting coefficient values under different ratio combinations

where 𝑎, 𝑏, and 𝑐 represent the respective proportions of sentence similarity,
keyword coverage, and sentence-title similarity in weight calculation, i.e., for
the constructed graph model, three influence factors for weights between nodes
(sentences) are proposed. 𝑎, 𝑏, and 𝑐 are the weighted coefficients after normal-
ization of these three sentence weight influence factors, with larger weighted
coefficients indicating greater influence of the corresponding factor in weight
calculation. Their values range between 0 and 1, and 𝑎 + 𝑏 + 𝑐 = 1.

3 Experiments
3.1 Experimental Data and Evaluation Metrics

This paper uses part of the Wikipedia Chinese data released in October 2017
and the Chinese text news dataset launched by Tsinghua University’s Natural
Language Processing Laboratory. After data cleaning to filter out punctuation
and other irrelevant symbols, the Chinese word segmentation tool NLPIR (also
known as ICTCLAS) developed by Dr. Zhang Huaping is used for segmentation,
forming a text dataset for training and learning. The Word2vec module in the
Python-based natural language processing library Gensim is then used with the
CBOW model, dimension 100, window size 5, and other default parameters to
train the text dataset and obtain the word vector model file [?].

chinarxiv.org/items/chinaxiv-201812.00112 Machine Translation

https://chinarxiv.org/items/chinaxiv-201812.00112


Currently, there is no widely recognized evaluation corpus or standard for Chi-
nese automatic text summarization. The test text dataset in this paper comes
from the Chinese text news dataset launched by Tsinghua University’s Natural
Language Processing Laboratory, taking 20 articles from each of five categories
(sports, finance, technology, politics, and entertainment) for a total of 100 arti-
cles as the test corpus. Three graduate students majoring in linguistics manually
extracted summaries from the text information in the test corpus. Each inde-
pendently extracted 8 to 10 summary sentences from each document and ranked
them by relevance to the article content. Finally, the summary results from the
three annotators were combined, and the three sentences with the highest rele-
vance to the article content that appeared in all three results were taken as the
manual summary sentences.

The evaluation method for experimental summary quality adopts the Rouge
metric [?], the most widely used evaluation metric in the automatic summariza-
tion field. Rouge evaluates summaries based on co-occurrence information of
n-grams, representing an automated evaluation method oriented toward n-gram
recall. The basic idea is to compare system-generated automatic summaries with
human-generated standard summaries, evaluating summary quality by count-
ing the number of overlapping basic units (n-grams, word sequences, and word
pairs). This paper uses three evaluation metrics: Rouge-1, Rouge-2, and Rouge-
L.

3.2 Determination of Weight Coefficients for Influence Factors

To reasonably evaluate automatic summarization quality, this paper adopts the
aforementioned Rouge-1, Rouge-2, and Rouge-L metrics as evaluation standards,
calculating weighted coefficients for the three influence factors based on sentence
similarity, keyword coverage, and sentence-title similarity for each sentence in
each text. Combining the weighted coefficients 𝑎, 𝑏, and 𝑐 for sentence weight
influence factors (where 𝑎+𝑏+𝑐 = 1), this paper varies 𝑎, 𝑏, and 𝑐 at intervals of
0.05 (increasing or decreasing while ensuring 𝑎 + 𝑏 + 𝑐 = 1). Through extensive
experiments, Rouge-1, Rouge-2, and Rouge-L values under different weighted
coefficient combinations were calculated, with some representative experimental
data shown in Table 1.

Figure 3 [Figure 3: see original paper] Experimental results of different
parameter combinations

3.3 Experimental Results and Analysis

Through experiments, this paper obtained an optimal set of weighted coefficients.
To verify the effectiveness of the proposed method, experiments were conducted
on the 100-article test text summarization dataset using TF-IDF [?], LexRank,
TextRank, and the improved method proposed in this paper for comparison.

Experimental results are shown in Figure 4 [Figure 4: see original paper].

chinarxiv.org/items/chinaxiv-201812.00112 Machine Translation

https://chinarxiv.org/items/chinaxiv-201812.00112


Figure 4 [Figure 4: see original paper] Comparison of the effects of different
text summarization methods

For the 10 parameter combinations selected above, automatic summarization
results were calculated for each test text and their means taken. Experimental
results are shown in Figure 3 [Figure 3: see original paper].

The above experimental data show that the improved method proposed in
this paper achieves significant improvements across all three evaluation met-
rics: Rouge-1, Rouge-2, and Rouge-L. The TF-IDF based method performs
worst comparatively. The improved method in this paper outperforms both the
LexRank algorithm and traditional TextRank text summarization algorithms.
In addition to considering the text’s own features, it also introduces external
knowledge bases, increasing influence factors for sentence weights.

4 Conclusion
This paper proposes a Chinese automatic text summarization algorithm based
on weighted word vectors, combining graph model-based sentence ranking algo-
rithms with Word2vec model word vectors, fully considering factors such as sen-
tence similarity, keyword coverage, and sentence-title similarity. Experimental
results demonstrate that for single-document Chinese automatic summarization,
compared with traditional TextRank algorithms, the proposed method achieves
better summary extraction results and effectively improves automatic summa-
rization quality. However, text summarization speed needs improvement, which
is the target for future work.
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