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Abstract

To address the challenge that Chinese summaries generated by traditional ab-
stractive summarization models struggle to preserve semantic information from
the source text, we propose an abstractive Chinese summarization model that
integrates linguistic features. The model introduces a concatenation layer that
appends features including part-of-speech, named entities, word position, and
TF-IDF to word embeddings, thereby enriching the input word vectors with
multi-dimensional semantic information for identifying key entities. This is
combined with a pointer mechanism that selectively copies keywords from the
source text into the generated summary, thus enhancing its semantic relevance.
Experiments on the LCSTS news dataset demonstrate that our model achieves
ROUGE scores surpassing those of baseline models. Analysis indicates that the
proposed model can produce Chinese summaries with high semantic relevance.

Full Text

Abstractive Chinese Summarization Model with Linguistic
Features

Hu Demin, Wang Rongrong
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for Science and Technology, Shanghai 200093, China)

Abstract: To address the problem that Chinese summaries generated by tra-
ditional abstractive models struggle to preserve the semantic information of the
original text, this paper proposes an abstractive Chinese summarization model
that incorporates linguistic features. The model adds a concatenation layer
that splices features such as part-of-speech, named entities, word position, and
TF-IDF onto word vectors, enabling the input word vectors to contain richer
semantic information for identifying key entities. Combined with a pointer
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mechanism that selectively copies keywords from the source text into the sum-
mary, this approach improves the semantic relevance of generated summaries.
Experiments on the LCSTS news dataset demonstrate that our model achieves
higher ROUGE scores than baseline models. Analysis shows that the model can
generate Chinese summaries with higher semantic relevance.

Key words: abstractive summarization model; linguistic features; key entities;
word vector

0 Introduction

The ultimate goal of automatic text summarization is to generate concise, coher-
ent summaries that preserve key information. Based on different information
extraction methods, automatic text summarization techniques can be broadly
divided into two categories: extractive summarization and abstractive summa-
rization [1]. Current Chinese summarization research predominantly employs
extractive methods, which calculate sentence weights based on linguistic features
and copy important sentences to form summaries. However, these methods fail
to consider coherence between sentences and cannot fully express the meaning
of the article. Abstractive summarization methods apply neural network models
trained on large amounts of data to generate new sentences that demonstrate
deep understanding of the original text.

Unlike extractive methods that extract existing sentences from the source text,
abstractive summarization compresses and reinterprets the main content of the
document, rephrasing it using vocabulary not present in the original document.
This approach generates summaries closer to human-written ones. The sequence-
to-sequence model (seq2seq) proposed by Sutskever et al. [2] and the Attention
mechanism introduced by Bahdanau et al. [3] have propelled the development
of abstractive automatic summarization. However, abstractive methods remain
in early stages with certain limitations: they rely on large-scale, high-quality
training datasets; they work better for short text summarization and perform
poorly on long texts; and they often generate summaries with low semantic
relevance, frequently containing grammatical and semantic errors.

To improve the relevance between abstractive summaries and source texts, this
paper proposes an abstractive summarization model that fuses linguistic features
(referred to as LF__model). We argue that capturing key entities from the source
text can make summaries more aligned with the article’ s topic. Considering
the impact of linguistic features of input vocabulary on summary quality, we
vectorize features including part-of-speech tagging, named entity recognition,
word position, and TF-IDF from the source text, then concatenate them with
original word vectors. This enables the input vectors to capture key entities from
the source text through multi-dimensional semantic information. Since most out-
of-vocabulary (OOV) words are named entities in the source text, addressing
the OOV problem helps the model output key entities from the source text.
Our model combines the Pointer mechanism proposed by Gulcehre et al. [5] to
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selectively copy words from the source text into the summary, thereby generating
summaries with high semantic relevance to the source text. We train the model
on the LCSTS news dataset and compare the evaluation scores of generated
summaries with baseline models, achieving better experimental results.

1 Related Work

Current extractive summarization techniques are relatively mature, with most
Chinese summarization research adopting extractive approaches. These meth-
ods calculate sentence weights based on various textual features such as sentence
length, sentence position, similarity between sentences and article titles, and
linguistic rules, then rank sentences according to their total weight and select
high-weight sentences as summary sentences.

Rush et al. [6] first applied the Seq2Seq+Attention model to sentence summa-
rization tasks. The Seq2Seq model, also known as the Encoder-Decoder model,
uses a recurrent neural network as an encoder to read input sentences, compress-
ing the entire sentence’ s information into a continuous intermediate semantic
vector. Another recurrent neural network serves as the decoder to read this in-
termediate semantic vector and decompress it into a target language sentence [3].
The Attention mechanism enables the model to focus on specific parts of the in-
put at each output node, rather than treating the input as a whole and feeding it
equally to every output as in previous work [3], facilitating understanding of how
information in the input sequence influences the final generated sequence. The
authors also proposed a method for constructing large parallel sentence pairs
using Gigaword, making neural network training feasible, though the model is
more suitable for generating summaries for single sentences. Lopyrev et al. [7]
described an application using LSTM (Long Short-Term Memory) as the recur-
rent neural network computation unit, combined with attention mechanisms to
generate news summaries, but did not address the OOV (Out of Vocabulary)
problem. To handle OOV issues, Gu et al. [8] proposed an incorporated copying
mechanism that allows parts of the summary to copy content from the source
text. Nallapati et al. [9] studied the critical role of keywords in automatic sum-
marization, using a Feature-rich Encoder to attempt to capture key concepts
and entities from sentences. They also proposed a Generator-Pointer mechanism
that enables the encoder to generate sentences from the source text. Paulus et
al. [1] introduced an internal attention mechanism and new training methods
that effectively improved text summarization quality. Hu et al. [10] constructed
a large-scale Chinese corpus and provided baselines, facilitating research on Chi-
nese summarization. Ma et al. made numerous attempts to improve the quality
of abstractive summarization, introducing a similarity evaluation component in
[4] to improve semantic relevance, and using an autoencoder as an auxiliary
supervisor in [11] to improve Chinese news text summarization.

Drawing inspiration from extractive methods, this paper investigates the impact
of linguistic features on summarization and proposes an abstractive Chinese
summarization model that fuses linguistic features. Using an attention-based
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encoder-decoder model as the foundational framework, we add a concatenation
layer at the model’ s input to fuse features including part-of-speech, named
entity, word position, and TF-IDF with original word vectors to form the final
input word vectors. We use Bi-LSTM (bi-directional long short-term memory)
as the encoder to generate intermediate semantic vectors from both forward
and backward directions, and a unidirectional LSTM as the decoder to read
the intermediate semantic vector and generate target sequences. The model
combines a pointer mechanism that uses a switch function at each decoding step
to decide whether to predict from the vocabulary normally or copy words from
the source text, ultimately generating summaries with high semantic relevance
to the source text.

2.1 Linguistic Feature-Based Word Representation

Abstractive summarization methods predict and generate new summary sen-
tences through training on large amounts of data. Summary sentences may
contain sentences not present in the input document. While abstractive meth-
ods consider grammatical correctness and coherence of summary sentences, they
often ignore semantic relevance between generated summaries and source doc-
uments, resulting in summaries unrelated to the source text [4]. As shown in
Figure 1 [Figure 1: see original paper], RNN-generated summaries are fluent
but have little association with the input source text. To address this problem,
this paper extracts features including part-of-speech, named entities, word po-
sition, and TF-IDF to capture key entities from the source text. We believe
that incorporating linguistic features such as part-of-speech and named entities
into word vectors can help the model avoid grammatical errors and generate
better summaries. The TF-IDF feature value of vocabulary can assess the word’
s importance to the source text. Additionally, based on characteristics of news
articles, we incorporate word position in news text as another feature into word
vectors.

1) Part-of-Speech: Part-of-speech is a fundamental grammatical attribute
of vocabulary that determines semantic orientation [12]. Extracting part-
of-speech features helps explore and identify relationships between adja-
cent words and resolve polysemy issues in natural language, playing an
important role in semantic understanding. Research shows that in sum-
marization tasks, nouns and verbs often better reflect key information
from the source text compared to other parts-of-speech. Therefore, this
paper performs part-of-speech tagging on vocabulary in the training set,
represents part-of-speech through embedding, and concatenates it with
word vectors to enable vocabulary word vectors to contain part-of-speech
features.

2) Named Entities: Named entities are specific entities such as person
names, location names, organization names, and proper nouns that carry
particular meanings [12]. In summarization tasks, named entities are pri-
mary carriers of textual information. Identifying named entities in articles
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not only helps the model determine key entities representing the article’ s
theme but also assists in handling OOV problems. Therefore, this paper
performs named entity recognition on the corpus, embeds named entities
and concatenates them with word vectors to enable vocabulary word vec-
tors to possess named entity features.

3) Word Position: Word position in text is another important feature of
news articles. The first sentence or paragraph of news articles often covers
the main idea of the entire article, and words closer to the beginning of
the article are more likely to approach the article’ s theme. Therefore, we
calculate word position features using Equation (1) to improve summary
quality.

4) TF-IDF: Term frequency-inverse document frequency (TF-IDF) is a sta-
tistical method used to assess the importance of a specific term for a docu-
ment within a corpus. TF represents term frequency, counting how often
a term appears in the text. IDF represents inverse document frequency,
identifying the importance of a term across the entire corpus. TF-IDF is
the product of term frequency and inverse document frequency. A larger
TF-IDF indicates higher discriminative power of the term for the article.
The TF-IDF calculation formula is as follows.

In Equation (3), represents the number of times term appears in document ,
and represents the total number of terms in document . In Equation (4), N
represents the total number of documents in the corpus, and represents the
number of documents in the corpus containing term . When a term does not
appear in the corpus, is zero. To avoid division by zero, we use to calculate
IDF.

This paper embeds words into original word vectors, then adds embedded POS,
NER, Loc, and TF-IDF features after the original word vectors. Thus, vocabu-
lary input into the encoder is represented as . At each time step, we concatenate
the hidden states of forward and backward LSTMs to obtain , where the hidden
state contains information from both directions of the word vector. This paper
uses a unidirectional LSTM as the decoder, where represents the decoder’ s
hidden state at time step i, as shown in Equation (9). At each decoding step,
we introduce an attention mechanism to focus attention on specific parts of the
input sequence, with the content vector used to encode words the system focuses
on to generate the next summary word, as shown in Equations (10)~(12).

The model combines a Pointer mechanism that uses a switch function at the
decoder to decide at each decoding step whether to predict from the vocabulary
normally or copy words from the source text as summary words. If |, the switch
is open, indicating normal prediction from the vocabulary. If , the switch is
closed, pointing to a position in the source text and outputting the pointed
word. The probability of the switch being open is calculated as follows:

where is the hidden state, is the word vector from the previous time step, is the
context weight, and are switch parameters. We use the attention distribution
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over words in the document as the distribution for sampling the pointer.

2.2 LSTM Recurrent Neural Network

The neural network-based seq2seq model consists of two components: an en-
coder and a decoder. LSTM (Long Short-Term Memory) networks are a special
recurrent structure whose computation units add a gating mechanism to solve
the gradient vanishing problem in standard RNN models. The structure of an
LSTM computation unit is shown in Figure 2 [Figure 2: see original paper]. In
many tasks, recurrent neural networks using LSTM structures perform better
than standard RNNs. This model uses LSTM as both encoder and decoder.
The hidden state calculation formula for LSTM at time t is as follows:

where represents the input gate, represents the forget gate, represents the out-
put gate, represents the update candidate vector, represents the learned weight
matrix, represents the activation function, and represents element-wise opera-
tions.

2.3 Neural Network Model with Fused Linguistic Features

The neural network model with fused linguistic features is shown in Figure
3 [Figure 3: see original paper|. This model adds a concatenation layer at
the input layer to concatenate original word vectors with linguistic features
including part-of-speech, named entities, word position, and TF-IDF to generate
final input word vectors. Original word vectors enter the concatenation layer,
which calculates word position information in the article using Equation (1) and
TF-IDF feature values for each word using Equation (2). It maps part-of-speech
tags and named entity tags for each vocabulary to POS embedding and NER
embedding. It concatenates POS embedding, NER embedding, Loc, IF-IDF
with original word vectors for each word, ultimately forming a 512-dimensional
vector.

The encoder compresses the entire source text into a continuous vector, learn-
ing vector representations for each word in the source text. This paper uses
Bi-LSTM as the encoder. The forward LSTM reads the input sequence from
left to right, generating hidden states . The backward LSTM reads the input se-
quence in reverse, generating . The decoder uses a unidirectional LSTM, where
represents the decoder’ s hidden state at the i-th time step, as shown in Equa-
tion (9). At each decoding step, we introduce an attention mechanism to focus
on specific parts of the input sequence, with the content vector used to encode
words the system focuses on to generate the next summary word, as shown in
Equations (10)~(12).

The model combines a Pointer mechanism. At the decoder, a switch function
decides at each decoding step whether to predict summary words from the
vocabulary normally or copy words from the source text. If , the switch is open,
indicating normal prediction from the vocabulary. If , the switch is closed,
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pointing to a position in the source text and outputting the pointed word. The
probability of the switch being open is calculated as:

where is the hidden state, is the word vector from the previous time step, is the
context weight, and are switch parameters. We use the attention distribution
over words in the document as the distribution for sampling the pointer.

During training, when OOV words appear in the summary, explicit pointer
information is provided to the model. When the word at position i in the
generated summary is an OOV word or named entity, is set to 0. The optimized
likelihood function is as follows:

During testing, at each time step, the model decides whether to predict from
the vocabulary normally or point to a position in the source text based on the
estimated switch function.

2.4 Summary Generation Process

The news summary generation process is shown in Figure 4 [Figure 4: see
original paper]: a) Read news text. b) Preprocessing: Tokenize the news text
to generate vocabulary Vocab, create part-of-speech tags and named entity tags
for words in Vocab. c) Calculate input sequence length m=count(Vocab), create
input vector array new Text_ Matrix[m][], vectorize words, part-of-speech tags,
and named entity tags in Vocab, obtain original word vectors , part-of-speech
tag vectors , and named entity tag vectors , calculate word position feature
values using Equation (1) and TF-IDF values for each word. d) Concatenate
linguistic feature vectors concatenate(Text_Matrix[i][]). e) Calculate encoder
layer hidden states , compute output using Equation (16), use Beam Search
algorithm to select top 5 scores and iteratively predict summaries. f) Output
news summary.

3.1 Dataset

The quality, content, and scale of datasets directly affect summarization per-
formance. LCSTS is currently the largest-scale Chinese dataset, crawled and
filtered from Sina Weibo, containing over 2.4 million pairs of news texts and
summaries. The dataset is high-quality and covers broad domains. It originates
from influential official Weibo accounts such as “People’ s Daily,” “Economic
Observer,” and “Ministry of National Defense” [10]. These news contents are
well-written with fluent sentences and almost no typos, making them highly
suitable for deep learning research. LCSTS contains over 2.4 million pairs in
the training set, over 10,000 pairs in the validation set, and over 1,000 pairs in
the test set. The validation and test sets are manually annotated with relevance
scores between 1-5 for body text and titles, where higher scores indicate better
quality. This paper uses the dataset provided in LCSTS to train the model and
tests the model using data with scores above 3 from the test set.
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3.2 Preprocessing

This paper first preprocesses texts in the corpus. Words are the smallest lin-
guistic units that can be used independently. We conduct experiments using
word vectors based on word segmentation, using the Stanford CoreNLP toolkit
for tokenization, part-of-speech tagging, and named entity recognition. Table
1 shows an example of a news article after preprocessing. We count the fre-
quency of each vocabulary term in the dataset, sort words by frequency, and
select high-frequency words to build a vocabulary of size 50,000. The <unk>
symbol in the vocabulary is used to replace words in the test dataset that do
not appear in the training vocabulary. Using the Gensim toolkit, we perform
embedding on 40 types of Chinese part-of-speech tags including verbs, adjec-
tives, nouns, pronouns, etc., to generate POS embeddings. We also perform
embedding on 8 types of named entity tags including person names, organiza-
tion names, location names, time, date, currency, percentage, and non-named
entities to generate NER embeddings. We use the CBOW model to generate
original word vectors for each word, mapping each word’ s original word vector
to its corresponding POS embedding and NER embedding.

3.3 Evaluation Metrics

Effectively and reasonably evaluating text summarization quality is challeng-
ing. Current text summarization evaluation methods fall into two categories:
intrinsic evaluation methods that compare generated summaries with reference
summaries, where higher similarity indicates better quality; and extrinsic eval-
uation methods that apply summaries to specific tasks and evaluate effective-
ness based on task improvement. This paper uses the popular intrinsic evalua-
tion method ROUGE. ROUGE is an automatic text summarization evaluation
method proposed by Lin et al. [13] that evaluates summary quality by counting
overlapping basic units between automatically generated summaries and refer-
ence summaries. The reference summaries used in this paper are human-written
summaries from the dataset.

Commonly used ROUGE evaluation metrics include ROUGE-N and ROUGE-
L. ROUGE-N represents the n-gram recall rate of system-generated summaries,
while ROUGE-L represents the longest common subsequence between system
summaries and reference summaries. The ROUGE-N calculation method is
shown in Equation (17):

where represents the number of overlapping n-grams between system output
summaries and reference summaries, and R represents reference summaries.
ROUGE-L considers word order in summaries, providing more reasonable evalu-
ation. This paper uses the standard toolkit provided by Lin, selecting ROUGE-
1, ROUGE-2, and ROUGE-L to evaluate summary quality generated by our
model.
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3.4 Experimental Setup

Incorporating linguistic features including part-of-speech, named entities, po-
sition features, and TF-IDF expands word vector dimensions, enabling input
word vectors to contain richer semantic information. Part-of-speech informa-
tion helps the model focus on nouns and verbs in the source text, recognizing
named entities aids in outputting OOV words, TF-IDF helps identify impor-
tant vocabulary in the corpus, and position information helps the model focus
on how word position affects summarization. Ultimately, this generates sum-
maries closer to the original theme.

This paper conducts experiments using the TensorFlow framework. Original
word vectors have a dimension of 350, and after the concatenation layer, input
word vectors to the encoder have a dimension of 512, with hidden layer size of
512 and batch size of 64. We use the Adam optimizer with default parameters.
During testing, to obtain summaries that best fit the language model, we use
the Beam Search algorithm with beam size set to 5 to generate summaries.

3.5 Experimental Results and Analysis

This paper validates the model’ s generation effectiveness using the LCSTS
Chinese dataset, comparing experimental results with the RNN context model
proposed by Hu et al. [10], the COPYNET model proposed by Gu et al. [8], and
the SRB model proposed by Ma et al. [11]. Our model achieves higher ROUGE
scores than the aforementioned models, as shown in Table 2 .

The RNN context model is a context-aware summarization generation model
used by Hu et al. [10]. The authors compared word-level and character-level
tokenization on the LCSTS dataset, with experimental results showing that
character-level tokenization outperforms word-level tokenization. This is be-
cause the dictionary generated from character tokenization is far smaller than
that from word tokenization. Character dictionaries can cover more source
content and effectively reduce OOV problems. Results from the RNN context
model have become the baseline for subsequent Chinese summarization research
using LCSTS data.

The COPYNET model, proposed by Gu et al. [8], addresses OOV problems
by introducing a copying mechanism in the Seq2seq+Attention model, allowing
parts of the summary to copy content from the source text. It achieves higher
ROUGE scores on word-based summarization tasks.

The SRB model, proposed by Ma et al. [11], is a semantic relevance-based
neural model that encourages semantic similarity between text and summary.
SRB can generate summaries with high semantic relevance for character-based
summarization tasks but achieves lower ROUGE scores than COPYNET as it
does not consider OOV problems.

Since Chinese characters often have multiple meanings, using character-based
vectors may misinterpret sentence meanings. This paper argues that word-based
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representation can more accurately capture article semantics. Therefore, our
model uses word-based vectors as input. Additionally, combining the Pointer
mechanism to selectively output words from the source text can effectively solve
OOV problems and output keywords from the source text.

This paper compares summaries generated by the LF__model fused with part-
of-speech, named entities, TF-IDF values, and Loc features against summaries
generated by a model lacking these features. Results are shown in Table 3

Experimental results demonstrate that the model incorporating linguistic
features achieves higher ROUGE scores, proving the impact of linguistic features
on summary quality.

Figure 5 [Figure 5: see original paper| shows an example of a summary gen-
erated by our model. Through observation, we can see that traditional RNN
models generate summaries with poor readability, low semantic relevance, and
OOV problems. Our model captures key vocabulary from the news article such
as “Premier Li Keqiang,” “entrepreneurs,” and “free trade zone,” demonstrat-
ing stronger readability and alleviating OOV problems. Results show that the
proposed model generates summaries closer to human-written ones with higher
semantic relevance to source content.

4 Conclusion

Considering the impact of input vectors on summarization, this paper proposes
a neural network summarization model that fuses linguistic features to address
low semantic relevance problems. The model’ s concatenation layer incorporates
linguistic features into word vectors, enabling the model to capture key entities
from source text, while the pointer mechanism solves OOV problems and out-
puts key entities. Experimental results on the LCATS dataset demonstrate that
the proposed model not only achieves higher ROUGE scores than baseline mod-
els but also captures key entities from source text, alleviates OOV problems,
and generates summaries with high semantic relevance to source text.
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