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Abstract

[Purpose/Significance] To better handle out-of-vocabulary (OOV) words in text
summarization tasks, avoid summary repetition, and improve text summariza-
tion quality, this study addresses the OOV problem and summary self-repetition
problem as research objectives, conducting research on abstractive Chinese text
summarization.

[Method/Process| Building upon the sequence-to-sequence (seq2seq) model, we
incorporate a pointer-generator mechanism and a coverage mechanism. The
pointer-generator copies OOV words into the summary to address the OOV
problem, while the coverage mechanism prevents the attention mechanism from
repeatedly attending to the same positions to resolve repetition issues. The
proposed method is applied to the LCSTS Chinese summarization dataset for
experimental validation of model effectiveness.

[Results/Conclusion] Experimental results demonstrate that the ROUGE
(recall-oriented understudy for gisting evaluation) scores of summaries gener-
ated by this model surpass those of traditional seq2seq models and extractive
text summarization models, indicating that the pointer-generator and coverage
mechanisms can effectively solve the OOV and summary repetition problems,
thereby significantly enhancing text summarization quality.
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Abstract: [Purpose/Significance] To better handle out-of-vocabulary
(OOV) words in text summarization tasks while avoiding summary
duplication and improving text summarization quality, this study fo-
cuses on solving the OOV problem and self-repetition problem in
abstractive Chinese text summarization. [Method/Process] Based on
the sequence-to-sequence (seq2seq) model, we incorporate a pointer
generator mechanism and a coverage processing mechanism. The
pointer generator copies OOV words into the summary to address the
OOV problem, while the coverage processing mechanism prevents the
attention mechanism from repeatedly focusing on the same position
to solve the repetition problem. We apply our method to the LCSTS
Chinese summarization dataset to evaluate model effectiveness. [Re-
sult/Conclusion] Experimental results show that the ROUGE scores
of summaries generated by our model are higher than those of tra-
ditional seq2seq models and extractive summarization models, indi-
cating that the pointer generator and coverage mechanism can ef-
fectively solve the OOV problem and summary repetition problem,
thereby significantly improving text summarization quality.

Keywords: abstractive text summarization; sequence-to-sequence model; at-
tention mechanism; coverage mechanism; pointer generator mechanism

With the rapid development of the big data era, textual data such as online
news and comments has grown exponentially, making manual summarization
face enormous resource and efficiency challenges. How to use machines and
programs to automatically summarize texts by eliminating non-critical and re-
dundant information to compress and extract the main information from texts
has become a research hotspot.

According to different research tasks, text summarization can be divided into ex-
tractive summarization and abstractive summarization. The former directly ex-
tracts representative textual elements (including words, phrases, and sentences)
from the source text to form a summary, while the latter involves sentence com-
pression and reconstruction, obtaining semantic representations of the source
text and using natural language generation techniques to produce summaries.
Abstractive methods generate highly abstract summaries based on the semantic
information of the text, resulting in outputs that are more semantically similar
to the source text and easier for users to understand. In abstractive summa-
rization tasks, the sequence-to-sequence [1] (seq2seq) model is a commonly used
approach. This model typically encodes and decodes source documents based
on recurrent neural networks (RNN), with summary results obtained through
the decoder. However, current seq2seq models still face several challenges. First,
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the decoder generates a word at each time step, typically from a fixed vocabulary
obtained through probability calculation (e.g., softmax method). Considering
computational cost and model training speed, the vocabulary usually does not
contain all words in the training set, so some words cannot be used when gener-
ating summaries. In the training set, a large number of low-frequency words in
the summary are represented as UNK (unknown words), significantly affecting
summary readability. Second, seq2seq models typically introduce an attention
mechanism during decoding to change the focus of attention, which can easily
cause the model to repeatedly focus on the same word at different time steps, re-
sulting in repeated fragments in the generated summary and reducing summary
quality.

To address these problems, this paper attempts to apply the pointer generator
mechanism to the seq2seq model, conducting empirical research on abstractive
Chinese text summarization and testing model effectiveness to provide insights
for related research.

2 Related Research

2.1 Abstractive Text Summarization

Abstractive text summarization has good coherence and high cohesion, becom-
ing a research hotspot in natural language processing in recent years. Re-
searchers have applied various techniques to abstractive text summarization,
including structure-based methods, semantic-based methods, and deep learning-
based methods.

2.1.1 Structure-Based Abstractive Text Summarization Structure-
based abstractive text summarization methods mainly encode important
information of documents through frameworks, templates, trees, and other
patterns. For example, H. T. Le et al. [2] performed sentence reduction based
on source text sequences, keywords, and syntactic constraints, and used word
graphs to complete sentence fusion, ultimately generating abstract summaries
that contain complete source document information and are syntactically
correct. Zhao Wenjuan et al. [3] filled information related to events into given
event templates according to corresponding rules, and verified the effectiveness
of this method using the “Germanwings plane crash incident” as an example.
Structure-based methods are relatively easy to implement but rely on the
discourse structure and form of the source document, having limitations in
practical applications.

2.1.2 Semantic-Based Abstractive Text Summarization Semantic-
based abstractive text summarization methods mainly identify noun and
verb phrases in the source document through natural language processing
techniques, use annotation and clustering techniques to determine important

chinarxiv.org/items/chinaxiv-202307.00492 Machine Translation


https://chinarxiv.org/items/chinaxiv-202307.00492

ChinaRxiv [$X]

document information, and finally apply the obtained semantic representations
to natural language generation systems to generate final summaries. For
example, Zhang Han et al. [4] constructed a semantic graph based on source
document concepts and their semantic relationships, and used key information
in the semantic graph to generate summaries. Results showed that this method
could effectively obtain important information from documents, with high
accuracy, recall, and F-value for generated summaries. A. Khan et al. [5]
used semantic role labeling to identify the semantic structure of sentences,
used an improved graph ranking algorithm to rank important graph nodes,
and selected the highest-ranked nodes to generate summaries. On the DUC
dataset, the ROUGE-1 and ROUGE-2 scores were 0.417 and 0.108 respectively,
higher than baseline methods, demonstrating the superior performance of this
method. Wang Zhenchao et al. [6] proposed an abstractive summarization
method based on document semantic information using events as basic semantic
units, clustering events and using events to guide the generation of summary
sentences. Semantic-based methods can well capture the semantic information
of source documents and effectively improve the semantic relevance between
summaries and source documents. Their limitation lies in not using neural
networks to automatically learn text features and representations, making the
model unable to automatically learn and generate, resulting in low efficiency.

2.1.3 Deep Learning-Based Abstractive Text Summarization Deep
learning-based text summarization methods typically treat text summarization
as a sequence-to-sequence problem, using the source document as the input se-
quence and the generated summary as the output sequence. These methods
utilize deep networks to more effectively learn text representations and capture
important information from source documents. D. Bahdanau et al. [7] first ap-
plied the seq2seq model to neural machine translation tasks, using recurrent
neural networks to encode source documents into fixed-length vectors and then
decode them to generate corresponding translations. Compared with statistical
methods, the seq2seq model has better non-linear data processing capabilities
but cannot handle longer input sequences well and has poor alignment effects.
To further improve its effectiveness, A. M. Rush et al. [8] added an attention
mechanism to the encoder-decoder framework, enabling the decoder to focus
on different parts of the input at each time step, structurally selecting input
subsets to reduce data dimensions while making the model more focused on
finding useful information significantly related to input data and current out-
put. Subsequently, researchers improved the model using recurrent decoders [9],
hierarchical networks [10], and autoencoders [11], further enhancing model effec-
tiveness. Xie Mingyuan et al. [12] incorporated document category information
into abstractive summarization, using convolutional neural networks (CNN) to
classify documents and combining text category features with seq2seq to gener-
ate summaries, achieving higher ROUGE scores than traditional seq2seq models.
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2.2 The seq2seq Model

Since deep learning can effectively reveal and obtain the intrinsic semantic rep-
resentation of text information, it has achieved better results in abstractive text
summarization tasks, making the seq2seq model gradually become mainstream.
However, in current research, seq2seq still faces many challenges such as the
OOV problem and repeated word problem.

2.2.1 The OOV Problem The seq2seq model typically builds a fixed vocab-
ulary during training, and the decoder samples from this vocabulary to generate
words. Considering computational efficiency, researchers usually limit the size
of the decoding vocabulary based on word frequency, resulting in some low-
frequency words not being decoded and causing the OOV problem. To solve
the OOV problem, researchers have proposed methods such as increasing the
decoding vocabulary size, reducing vocabulary granularity, and adopting copy
mechanisms.

Increasing the decoding vocabulary size is the most direct approach. These
methods focus on improving the processing speed of the softmax layer, enabling
the vocabulary to maximally include more words, thereby reducing the prob-
ability of OOV occurrence. For example, S. Jean et al. [13] used importance
sampling to reduce the complexity when calculating the norm related to out-
put word probabilities, thereby improving decoding efficiency. This method can
build a vocabulary with a larger size without significantly increasing model com-
plexity. Although the vocabulary is large enough to include all low-frequency
words in the training set, it theoretically still cannot cover all words, so the
model’ s performance on the test set cannot be significantly improved.

Another feasible approach is to theoretically reduce vocabulary granularity. For
example, Z. Xie et al. [14] used letters as the basic processing units of the
encoder-decoder model and applied it to natural language error correction tasks,
achieving the optimal F0.5 value on the CoNLL 2014 Challenge dataset, effec-
tively solving the OOV problem. This type of method changes the model’s input
and output from word-based units to character- or byte-based units, reducing
the occurrence of OOV words and solving the OOV problem to a certain ex-
tent, but this method increases the length of sequences processed by the model,
thereby increasing training difficulty.

The third method is to adopt a copy mechanism. For example, M. T. Luong et
al. [15] used context information to point to the position of OOV words in the
source document and copy them into the target sentence. However, this model
does not use an attention mechanism, and the model’ s pointing to the source
document is limited to a specific range, making it unsuitable for more general
text generation tasks. J. Gu et al. [16] proposed the CopyNet model, which
incorporates the copy mechanism into the seq2seq model, copying OOV words
from the source document into the final summary to solve the OOV problem.
R. Nallapati et al. [17] configured a switch on the decoder, which is essentially a
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sigmoid activation function of a linear layer. When the switch is on, the decoder
generates words from the vocabulary in the traditional seq2seq manner; if the
switch is off, the decoder points to the corresponding position in the source
document and copies the word at that position into the summary. This method
is more efficient than the previous two methods and can better solve the OOV
problem.

2.2.2 The Repeated Word Problem The seq2seq model typically intro-
duces an attention mechanism during the decoding process to change the focus
of attention. The attention mechanism can easily focus on the same word at
different time steps, causing the decoder to receive the same input at multi-
ple time steps, resulting in repeated fragments in the final generated summary.
The coverage mechanism can effectively solve this repeated word problem. This
mechanism was first applied to neural machine translation (NMT) tasks. The
typical encoder-decoder framework lacks attention to translated source words,
which may lead to over-translation and under-translation problems. Z. Tu et
al. [18] added a coverage vector to the NMT model to increase attention to
historical attention. After each attention update, the vector is updated using a
gated recurrent unit, and the vector is used to adjust future attention distribu-
tions.

Against this background, this paper attempts to apply the pointer generator
mechanism to the seq2seq model: on the one hand, adding a pointer genera-
tor mechanism to the seq2seq model to handle OOV words. When a word in
the decoder is an OOV word, the model points to the position of that word in
the source document and copies the corresponding word into the final summary
to ensure the accuracy of the final summary. Conversely, if the word in the
decoder is not an OOV word, the model is similar to the traditional sequence
model, and the decoder generates new words from the vocabulary to form the
summary, maintaining the abstract generation capability of the seq2seq model.
On the other hand, adding a coverage mechanism to the pointer generator net-
work avoids the attention mechanism repeatedly focusing on the same position,
thereby reducing repeated words in the summary. On this basis, we conduct
empirical research on abstractive Chinese text summarization and test model
effectiveness.

3 Research Methods
3.1 Research Problem and Related Definitions

The research task of this paper is abstractive Chinese text summarization. As-
sume the model inputs a sequence X = {x;, ---, x_T} of length T. Discourse
generation refers to using sequence X and a certain model to generate a se-
quence Y = {yy, -+, y_M} of length M, where X is the input sentence sequence,
Y is the output sentence sequence, and T and M are the lengths of the input
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and output sequences respectively, with T M. The model here consists of two
parts: an encoder and a decoder. The encoder inputs sequence X into the en-
coder at different time steps to obtain its encoding h_ t; the decoder inputs this
encoding h_t into the decoder to obtain the output sequence Y. The model
inputs one word from the source text at a time, converting it into a distributed
representation through a word embedding layer.

For a given source document W__i, the model’ s goal is to generate a summary
sequence composed of words y. From a probability theory perspective, a general
seq2seq model selects the word with the highest probability at each time step
to form the summary. To simplify notation, the symbols in Table 1 are used in
the following model description.

Table 1 Symbol Description - Subscript i: words in the source document
and input sequence - Subscript t: a certain time step - h_t, s t: encoder hidden
state sequence and decoder hidden state - a_ t: attention distribution at time
step t - c_t: context vector - P_ {vocab}: probability distribution of all words
in the fixed vocabulary - P(y): probability distribution of generating word y

3.2 Model Description

The seq2seq model architecture used in this paper is shown in Figure 1 [Figure
1: see original paper]. It adds a pointer generator mechanism and a coverage
processing mechanism to the traditional seq2seq model [19]. At each time step,
the model calculates a generation probability to determine whether to copy a
word from the source text or generate a word from the vocabulary, using the
word distribution in the vocabulary and the attention distribution to obtain the
final probability of summary words. The model includes three parts: Encoder,
decoder, and attention module (see part A in Figure 1). In this module, the
encoder reads the source document as input to obtain encoder hidden states,
the decoder generates decoder hidden states based on encoder hidden states,
calculates the attention distribution at each time step based on the two hidden
states, and obtains the context vector. Pointer generator module (see part C in
Figure 1). In this module, on the one hand, the model obtains the vocabulary
word distribution and generation probability P_ {gen} based on the context
vector and decoder hidden state. On the other hand, the model samples from the
attention distribution to copy words, with a copy probability of (1 - P_ {gen}).
The final distribution of target words is obtained based on the two distributions.
In Figure 1, the solid part of the final word distribution comes from the attention
distribution, and the hollow part comes from the vocabulary word distribution.
Coverage processing module (see part B in Figure 1). The coverage processing
module calculates a weighted sum of attention from previous time steps to
obtain a coverage vector, which is used as an additional input for calculating the
attention distribution. The following sections elaborate on these components.

3.2.1 Encoder, Decoder, and Attention Module (1) Encoder. The
encoder consists of a single-layer bidirectional Long Short-Term Memory [20]
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(LSTM) network. The encoder reads the input sequence X sequentially, and the
hidden state at a certain time step t can be calculated by formula (1):

hy = f(zy,hyq) (1)

where h_ {t-1} represents the encoder hidden state at the previous time step
t-1, x_t is the current input, and f() is a non-linear function.

The encoder can transform the input sequence X into a vector through the
hidden state sequence. c_t is called the context vector, calculated as in formula

(3):

¢, = ahy  (3)

where a_t is the attention distribution at time step t obtained from formula
(2), serving as weights for encoder hidden states h_t. The context vector can
be seen as a representation of the source sequence information learned at time
step t and is the input to the decoder.

(2) Decoder. The decoder consists of a single-layer unidirectional LSTM,
generating the target sequence Y based on the context vector ¢_t and decoder
hidden state s_t. As in formula (4), it predicts the probability distribution of
words in the vocabulary, and the probability of target words generated by the
model is the same:

DPoocab(Yt|Y<s, X) = softmax(y,_1,s,,¢,) (4)

where y_t and y_ {t-1} are target words at time steps t and t-1 respectively,
y_{<t} represents all words obtained before time step t, i.e., {yq, =, y_{t-1}},
and X is the input sequence. The decoder hidden state s_t can be calculated
by formula (5):

8y = f(Y_1581-1,¢)  (5)

The basic seq2seq model can generate words from the vocabulary in any order to
obtain the final summary, while the attention mechanism can effectively obtain
each word vector in the source text sequence and simultaneously determine
vectors more relevant to the output summary, making the model more focused
on useful words. At each time step t, the model calculates the current attention
distribution according to formula (2):

a, = softmax(w” tanh(w, h, + wys, +b;)) (2)

In formula (2), w, wy, wo, and b, are parameters that can be learned through
training. h_t is the encoder hidden state obtained from formula (1), and s_t is
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the decoder hidden state. The attention distribution can be seen as a probability
distribution of words in the source text, telling the decoder where to focus when
generating the next word. Words with high probability receive more attention
when generating summary words, enabling the model to generate words that
better reflect source text information.

The seq2seq model uses its encoder, decoder, and attention modules to calculate
the probability distribution of generating each target word from a fixed vocab-
ulary, selecting the word with the highest probability from the vocabulary at
each time step to form the summary.

3.2.2 Pointer Generator Module In the seq2seq model, relying solely on
the attention mechanism cannot effectively handle OOV words, so a word copy-
ing mechanism is added. Inspired by the work of J. Gu et al. [16] and A. See et
al. [21], this paper adopts a pointer generator module to complete word copying.
In section 3.2.1, the attention distribution a_t and context vector c_t have
already been calculated. Based on the obtained context vector ¢ t, decoder
state s_t, and decoder input x_t, the word generation probability p’ can be
calculated using formula (6). This probability indicates the likelihood that the
model generates a word from the vocabulary as part of the summary at each
time step:

P = g(wge, +wys, + wszy +by)  (6)

In formula (6), wy, w,, ws, and b, are trainable parameters, and g() is a sigmoid
activation function. p’is treated as a control switch that can determine whether
the model generates from the given vocabulary or copies words from the source
document. In fact, this is a judgment of whether words in the source sequence
are OOV words. That is, if the target word of the decoder at this time step is
an OOV word, the p’ value is small, and the model copies words from the source
document to generate the summary; otherwise, the model generates new words
based on the vocabulary. Based on this, the probability distribution of target
word y can be calculated by formula (7):

p(y) :p/oncab+ (1—])/)2&% (7)

In formula (7), p’ is the word generation probability calculated by formula (6),
P_ {vocab} is the probability distribution of words in the vocabulary obtained
by formula (4), and ¢ a_t7% represents the sum of attention distributions when
y is an OOV word. From formula (7), it can be seen that if y is an OOV word,
indicating that the word generated by the decoder at this time step does not appear
in the given vocabulary, then the probability P{vocab} in the vocabulary is 0,
meaning that the generated word y comes from the source document and needs
to be copied from the source document. Conversely, if y does not appear in the

chinarxiv.org/items/chinaxiv-202307.00492 Machine Translation


https://chinarxiv.org/items/chinaxiv-202307.00492

ChinaRxiv [$X]

source document, the cumulative attention distribution value is 0, and the model
generates words from the given vocabulary. The ability to effectively handle
OOV words and copy them into the final summary is a major advantage of the
pointer generator network proposed in this paper, while sequence models based
on attention mechanisms are limited by predefined vocabularies and cannot
solve the generation problem of OOV words.

3.2.3 Coverage Processing Module This paper uses a coverage processing
module to avoid repeated summary fragments. Based on the sum of attention
distributions from all previous decoder time steps, a coverage vector is obtained,
which can inform the model which words have been attended to in previous
time steps, so they do not need repeated attention at the current time step,
thus avoiding the generation of repeated words. At t = 0, the coverage vector
is a zero vector because at the first time step, all words in the source document
have not yet been covered, and the attention distribution being 0 leads to the
coverage vector being 0. The coverage vector is an additional input to the atten-
tion mechanism, which can be directly added to formula (2) for calculating the
attention distribution. This ensures that when using the attention mechanism,
the part selected for attention at the current time step is influenced by the parts
attended to in previous time steps. Therefore, this can prevent the attention
mechanism from repeatedly focusing on the same part at multiple time steps,
thereby avoiding the model generating repeated text, which is the core idea of
the coverage mechanism.

4 Experiments and Analysis
4.1 Dataset

This paper uses the large-scale Chinese short text summarization dataset (LC-
STS) constructed by B. Hu et al. [22]. This dataset contains over 2.4 mil-
lion texts and corresponding author-provided summaries obtained from Sina
Weibo, with each text containing no fewer than 80 characters and correspond-
ing summaries between 10 and 30 characters in length. To ensure text quality,
researchers collected 50 popular organizational users (with blue “V” verifica-
tion and over 1 million followers) such as People’ s Daily, Economic Observer,
and the Ministry of National Defense as seeds, capturing their posted Weibo
messages covering politics, economy, military, film, and gaming domains. The
original complete dataset consists of three parts: PART I contains 2,400,591
text-summary pairs, while PART II and PART III contain 10,666 and 1,106
text-summary pairs respectively. This paper selects the part with the largest
data volume (PART I) for experiments. The Chinese word segmentation tool
jieba [23] is used for word segmentation, and the segmented data is processed
into binary files, divided into 18 training set data files, 1 validation set data
file, and 1 test set data file. Additionally, the fixed vocabulary file for summary
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generation in the seq2seq model contains 400,000 words, and the actual words
used in experiments can be selected by setting the vocabulary size.

4.2 Evaluation Metrics

To evaluate the quality of summaries generated by different models, this paper
uses ROUGE [24] scores as evaluation metrics. This evaluation metric assesses
automatically generated summary results based on the overlap of n-gram words
between generated summaries and reference summaries (standard summaries),
and is an n-gram recall-oriented evaluation method. The basic idea is that
experts first generate manual summaries to form a reference summary set (stan-
dard summary set), and model-generated summaries are compared with stan-
dard summaries. The quality of summaries from different models is evaluated
by counting the number of overlapping basic units between them. The more
N-gram words (where N can be 1, 2, 3, etc.) that match between the evaluated
summary and the standard summary, the higher the ROUGE score, indicating
that the model-generated summary is closer to the standard summary and thus
of higher quality. This method has become one of the universal metrics for sum-
mary evaluation technology [24]. The ROUGE evaluation metric consists of a
series of evaluation methods, including ROUGE-N (where N can be 1, 2, 3, etc.)
and ROUGE-L. Among them, ROUGE-1 and ROUGE-2 represent the overlap
degree of unigrams and bigrams between model-generated summaries and stan-
dard summaries, respectively, while ROUGE-L represents the overlap degree
based on the longest common subsequence between generated summaries and
standard summaries. In the experiments in this paper, ROUGE-1, ROUGE-2,
and ROUGE-L are selected to evaluate the quality of automatically generated
summaries.

4.3 Comparison Methods

To address the OOV problem and summary fragment repetition problem, this
paper adds a pointer generator module and a coverage processing module to the
encoder, decoder, and attention module of the seq2seq model. To better study
the effectiveness of the pointer generator module and coverage processing mod-
ule, in the experiments, by setting parameters, we use three abstractive methods
for Chinese text summarization experiments: the attention-based seq2seq model
(Attention), the seq2seq model with pointer generator module (Attention+PG),
and the seq2seq model with both pointer generator module and coverage pro-
cessing module (Attention+PG+Coverage). The experimental results of the
model using pointer generator and coverage processing modules are compared
with the experimental results of seq2seq.

At the same time, to further compare the effectiveness of our method relative to
extractive summarization methods, we use three typical extractive methods as
baselines: the TextRank [25] method, Lead-1-First (extracting the first sentence
of the original text), and Lead-1-Last (extracting the last sentence of the original
text).

chinarxiv.org/items/chinaxiv-202307.00492 Machine Translation


https://chinarxiv.org/items/chinaxiv-202307.00492

ChinaRxiv [$X]

4.4 Parameter Settings

In this experiment, the neural network hidden state is 256-dimensional, word
vectors in both source and target sequences are 128-dimensional, and a vocabu-
lary containing 50,000 words is used. The experiment does not pre-train word
vectors but learns them from scratch during the training phase, using the Ada-
grad optimization algorithm with an initial learning rate of 0.15 and an initial
accumulator value of 0.1. The Adagrad algorithm differentially assigns learning
rates to each parameter adaptively. As the total distance of parameter updates
increases, the learning rate slows down. In the testing phase, beam search with
a beam size of 4 is used to generate summaries.

4.5 Basic Experimental Results Evaluation

According to the above settings, summarization experiments are conducted on
the LCSTS dataset, and the ROUGE scores calculated using the pyrouge pack-
age are shown in Table 2 .

Table 2 ROUGE Scores of Different Summarization Methods on the
Test Set

Method ROUGE-1 ROUGE-2 ROUGE-L
Lead-1-First 0.1118 0.0338 0.1038
Lead-1-Last 0.1340 0.0457 0.1234
TextRank 0.1293 0.0399 0.1193
Attention 0.1054 0.0096 0.1014
Attention+PG 0.3083 0.1136 0.2843
Attention+PG+Coverage 0.3487 0.1147 0.3061

From Table 2, it can be seen that among various sequence-to-sequence meth-
ods, the model with both coverage mechanism and pointer generator mechanism
(Attention+PG+Coverage) achieves the best results on all three metrics, with
ROUGE scores of 0.3487, 0.1147, and 0.3061 respectively. The model with only
the pointer generator mechanism (Attention+PG) has slightly worse perfor-
mance than the former (Attention+PG+Coverage), with ROUGE-1, ROUGE-
2, and ROUGE-L scores lower by 0.0404, 0.0011, and 0.0218 respectively. The
traditional attention-based seq2seq model has the lowest scores on all evalua-
tion metrics, at 0.1054, 0.0096, and 0.1014 respectively, far below the exper-
imental results of the other two seq2seq models (Attention+PG and Atten-
tion+PG+Coverage). Among traditional extractive methods, the Lead-1-Last
method has the highest scores on ROUGE-1, ROUGE-2, and ROUGE-L, at
0.1340, 0.0457, and 0.1234 respectively, slightly higher than the TextRank and
Lead-1-First extractive methods.

Comparing extractive and abstractive methods comprehensively, it can be seen
that the model with coverage mechanism and pointer generator mechanism has
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better performance on ROUGE-1 and ROUGE-L. Compared with the three
extractive methods, the Attention+PG+Coverage model improves ROUGE-1
scores by 0.2369, 0.2147, and 0.2194 respectively, ROUGE-2 scores by 0.0809,
0.0690, and 0.0748 respectively, and ROUGE-L scores by 0.2023, 0.1827, and
0.1131 respectively. Experimental results show that compared with traditional
abstractive and extractive models, the model proposed in this paper can effec-
tively improve the effectiveness of Chinese text summarization by combining
pointer generator mechanism and coverage mechanism.

Table 3 shows a comparison of summaries generated by different summarization
models for the same news article. It can be seen that the summary generated
using the traditional seq2seq model (Attention) contains many repeated word
fragments, meaning that certain detailed information from the source text is
incorrectly generated repeatedly, and these repeated fragments usually consist
of words that appear frequently in the training set, while less frequent words
(still included in the vocabulary) are often replaced by more common words.
For example, in Table 3, the phrase “been cheated” appears three times in the
summary generated by this method, significantly reducing summary readabil-
ity. Additionally, “Shenzhen” in the summary clearly does not match the word
“Tianjin” in the source text, and the summary cannot accurately reflect the
source text information. By checking the fixed vocabulary generated from the
training data, it can be seen that the word “Shenzhen” appears 49,398 times
in the training set, while “Tianjin” appears 15,212 times. In comparison, the
word “Shenzhen” is more common. Therefore, the baseline method more easily
learns the vector representation of “Shenzhen” during training, while the learned
vector representation of “Tianjin” is weaker, ultimately making it more likely
to generate incorrect common words when generating summaries from the vo-
cabulary. In addition, the summary generated by the baseline method contains
multiple [UNK] tokens, indicating that the traditional sequence model cannot
generate OOV words not included in the vocabulary, losing important informa-
tion from the source document and failing to generate summaries containing all
information from the source document and with complete semantics, resulting
in low-quality summaries.

After adding the pointer generator mechanism (Attention+PG), it can be seen
that for the same source document, the summary generated by the pointer gen-
erator network replaces the corresponding [UNK] tokens with named entities
and other content copied from the source document, making the final summary
more readable and almost containing important information from the source
document. This shows that using the pointer generator mechanism can effec-
tively handle OOV words. Although the summary generated using the pointer
generator mechanism eliminates [UNK] tokens, the generated summary still con-
tains repeated fragments, such as the fragment “Tianjin police cracked down on
criminal suspects” appearing repeatedly, causing redundancy in the generated
summary.

From Table 3, it can be seen that after adding both pointer generator mechanism
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and coverage mechanism (Attention+PG+Coverage), the generated summary
is well-formed and contains important information from the source document.
The summary results contain no [UNK] tokens that cannot be recognized by the
model, while eliminating repeated fragments in the summary. The final sum-
mary is more consistent with the reference summary in content and semantics,

and more aligned with the summarization results.

Table 3 Comparison of Summaries Generated by Three Abstractive

Methods Based on the Same News Article

Source and Method

Summary

Original Text

Attention

Recently, Tianjin police
cracked a major
counterfeit bag case. A
physical store had been
selling and wholesaling
counterfeit bags of
brands such as Louis
Vuitton, Gucci, Chanel,
and Burberry for a long
time. Police seized over
7,000 bags of various
brands, with an
estimated value of over
100 million yuan based
on genuine product
prices! The suspects
involved in selling
counterfeit goods have
been arrested.

Tianjin cracked a major
counterfeit bag case, LV
and Chanel were both
counterfeited with a
value exceeding 100
million. Shenzhen police
cracked a major
counterfeiting case and
pronounced judgment:
[UNK][UNK][UNK][UNK]
cheated 1 month
cheated 100 million!
[UNK][UNK] cheated!!
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Source and Method Summary

Attention+PG Tianjin police cracked a
major counterfeit bag
case police seized over
7,000 worth over 100
million Currently
suspects involved in
selling counterfeit goods
have been arrested——
Tianjin police cracked
suspects Tianjin seized
over 7,000 brand bags
suspects have been
arrested. Estimated
value over 100 million
based on genuine
products!

Attention+P G+ Coverage Tianjin police cracked a
major counterfeit bag
case, seized over 7,000
brand bags of various
types, with an
estimated value of over
100 million yuan based
on genuine products,
suspects involved in
selling counterfeit goods
have been arrested.

4.6 Extended Experimental Results Evaluation

The deep neural network in this paper involves multiple parameters such as
vocabulary size and word vector dimension. In the experiments, the word vector
dimension in the neural network is set to 128 dimensions, and the vocabulary
contains 50,000 words. To further study the impact of different hyperparameters
on the quality of summaries generated by the model, we set different vocabulary
sizes and word vector dimensions on the Attention+PG+Coverage model for
summarization experiments, comparing the ROUGE scores of the model under
different vocabulary size and word vector dimension settings to further test the
model.

4.6.1 Impact of Vocabulary Size on Experimental Results Table 4
shows the comparison of ROUGE scores obtained by the model proposed in
this paper when using different vocabularies in horizontal comparison experi-
ments. From Table 4, it can be seen that as the vocabulary size increases from
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20,000 to 80,000, the ROUGE scores of generated summaries show an over-
all trend of first increasing and then decreasing. When the vocabulary size is
60,000, the model’ s ROUGE-1 and ROUGE-L scores are the highest, at 0.3581
and 0.3148 respectively. When the vocabulary contains 70,000 words, the cor-
responding ROUGE-2 score is the highest, at 0.1178. Specifically, when the
vocabulary size is 40,000, the model’ s ROUGE scores are lower than when the
vocabulary size is 30,000, decreasing by 0.0172, 0.0068, and 0.0184 respectively.
Experimental results show that the Attention+PG-+Coverage model has differ-
ent experimental effects under different vocabulary size settings, and vocabulary
size has a certain impact on model effectiveness. When the vocabulary is of a
specific size (60,000 in this paper), the model has the best effect and generates
better quality summaries.

Table 4 Comparison of ROUGE Scores Using Different Vocabulary
Sizes

Vocabulary Size ROUGE-1 ROUGE-2 ROUGE-L

20,000 words 0.3188 0.1054 0.2850
30,000 words 0.3391 0.1157 0.3048
40,000 words 0.3219 0.1089 0.2864
50,000 words 0.3487 0.1147 0.3061
60,000 words 0.3581 0.1156 0.3148
70,000 words 0.3500 0.1178 0.3102
80,000 words 0.3200 0.1088 0.2870

4.6.2 Impact of Vector Dimension on Experimental Results Table 5
shows the comparison of ROUGE scores obtained by the model proposed in
this paper when setting different word vector dimensions in horizontal com-
parison experiments. It can be seen from Table 5 that when the word vector
dimension is 128 dimensions, the model has the best effect. Compared with the
model using 64-dimensional word vectors, the ROUGE scores are improved by
0.0184, 0.0034, and 0.0123 respectively. Compared with the model using 128-
dimensional word vectors, the ROUGE scores are improved by 0.0238, 0.0037,
and 0.0158 respectively.

From the experimental results in Table 5, it can be seen that word vector dimen-
sion has a certain impact on the effectiveness of the Attention+PG+Coverage
model. When the word vector dimension is set to 128 dimensions, the quality
of summaries generated by the model is the best.

Table 5 Comparison of ROUGE Scores Using Different Vector Di-
mensions

Vector Dimension ROUGE-1 ROUGE-2 ROUGE-L
64-dimensional 0.3303 0.1113 0.2938
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Vector Dimension ROUGE-1 ROUGE-2 ROUGE-L

128-dimensional 0.3487 0.1147 0.3061
256-dimensional 0.3249 0.1110 0.2903

4.7 Discussion

4.7.1 Analysis of Overall Experimental Effectiveness From the overall
experimental effectiveness of the model, compared with the traditional attention-
based seq2seq model, the Attention+PG+Coverage model proposed in this pa-
per can better handle OOV words and repeated words, thereby effectively im-
proving the effectiveness of abstractive Chinese text summarization.

In handling OOV words, traditional seq2seq models replace them with [UNK] to-
kens in the final generated summary. These tokens cannot match the content of
reference summaries, resulting in lower word matching rates and consequently
lower ROUGE scores. Compared with traditional seq2seq models, under the
same experimental parameters, the model with the added pointer generator
network can significantly improve ROUGE values. This indicates that by point-
ing to words in the source document and copying them into the summary, the
OOV problem in abstractive text summarization can be better solved, thereby
improving summary quality.

In handling repeated words, traditional seq2seq models adopt an attention mech-
anism that repeatedly focuses on the same position in the source document at
different time steps, generating the same summary fragments. In most cases,
these repeated fragments do not match the reference summary, resulting in lower
ROUGE scores. Adding a pointer generator network to the seq2seq model can
better handle the OOV problem, but it makes the summary redundant by gen-
erating more unnecessary repeated fragments. Adding a coverage mechanism
to the pointer generator network can effectively eliminate the word repetition
content brought by the pointer generator network, thus achieving better results
than the pointer generator network alone.

4.7.2 Analysis of Parameter Setting Impact From the impact of parame-
ter settings on the model, when conducting horizontal comparison experiments
on the Attention+PG+Coverage model from the perspectives of vocabulary
size and word vector dimension, both vocabulary size and word vector dimen-
sion significantly affect the model’ s effectiveness on abstractive Chinese text
summarization.

Regarding vocabulary size, when the vocabulary is of a specific size (e.g.,
60,000), it can include enough high-frequency words while excluding certain
low-frequency words, enabling the generation of more source document in-
formation as summaries when sampling from the vocabulary. For words not
included in the vocabulary, they are copied into the summary through the
pointer generator module, thus generating the best quality summaries. When
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the vocabulary size is small (e.g., 20,000, 30,000, 40,000, and 50,000), some
higher-frequency words in the training set are not included in the vocabulary
(compared with the highest-frequency words, relatively higher-frequency words
are ignored). When the model samples from the vocabulary, it only includes
words with the highest probability in the summary, resulting in summaries
containing only a few high-frequency keywords and having lower matching
degrees with reference summaries. When the vocabulary size is large (e.g.,
70,000 and 80,000), low-frequency words appearing in the training data are also
included in the vocabulary. These low-frequency words have weak word vectors
in the model learning process, and even if they contain important information
from the source document, they are difficult to be selected to form summaries.
Therefore, the final summaries tend to lack important information and differ
from reference summaries.

Regarding word vector dimension, when setting a specific word vector dimen-
sion (e.g., 128 dimensions), the distributed representation can both effectively
capture the semantic information of words in the source document and alleviate
word vector sparsity. The model effect is far better than results obtained us-
ing other vector dimensions, thus generating higher quality summaries. When
the word vector dimension is small (e.g., 64 dimensions), the distributed rep-
resentation learned by the model cannot well capture the meaning of words in
the source document, and the model cannot well obtain abstract information
from the source document, resulting in gaps between generated summaries and
reference summaries. When the word vector dimension is set high (e.g., 256
dimensions), the learned word vectors may become relatively sparse, unable to
well represent semantic information and internal connections between words,
thus resulting in lower quality summaries based on such vector representations.

4.7.3 Analysis of Model Limitations From the comparison between exper-
imental results and actual generated summaries, summaries generated using the
pointer generator network and coverage mechanism are mostly of good quality,
showing significant improvement over baseline methods. However, there are a
few cases where the final generated summaries are inconsistent with experimen-
tal results. For example, in the summary generated by the pointer generator
with coverage mechanism, “US study: Obese people are 3 times more likely to
experience memory loss, did you know? Did you know?” | there are still unneces-
sary repeated fragments “Did you know?” . This may be because this fragment
appears frequently in the training data and multiple times in the source docu-
ment, so the model has a higher probability of repeatedly focusing on the same
position at different time steps, resulting in repeated content in the summary.
The summary generated by the pointer generator network still contains a small
number of [UNK] tokens, such as “Man drank 8 liang of liquor and went swim-
ming by the river, [UNK] 10 hours” . The authors analyze that the reason is
that there are some words that appear with low frequency in the training set
but are still included in the vocabulary (words with frequency ranking in the
TOP K), whose vector representations are weak. During model learning, they
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cannot be accurately generated from the vocabulary, and simultaneously the
model calculates a low word copying probability, so they cannot be copied from
the source document and are ultimately replaced by [UNK] tokens.

5 Conclusion

To solve the OOV problem and summary repetition problem in abstractive text
summarization, this paper adds a pointer generator module and a coverage pro-
cessing module to the encoder, decoder, and attention module of the seq2seq
model. From the experimental results, on the one hand, the model can copy
OOV words from the source document into the final summary, thus effectively
solving the OOV problem commonly existing in traditional sequence models
and eliminating [UNK] tokens in summaries. On the other hand, the cover-
age processing module can prevent the model from repeatedly focusing on the
same position in the source document at each time step, thereby avoiding the
generation of repeated summary fragments. Experimental results show that in
abstractive Chinese text summarization tasks, using pointer generator networks
and coverage mechanisms can effectively solve the OOV problem and summary
repetition problem, thereby significantly improving text summarization quality.

The limitations of this paper are:  The experimental dataset is limited to
Chinese. In future work, we will use datasets in more languages to study the
application of seq2seq models to abstractive text summarization. = We only
compare with some classic non-seq2seq model methods (including TextRank,
Lead-1-First, and Lead-1-Last). In future work, we will compare with more
non-sequence models to further verify the effectiveness of the model.
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