


many neural abstractive summarization model has surpassed
the best extractive summarization model on the DUC-2004
test dataset.

In order to improve the accuracy and fluency of the
abstract, this paper introduces the decoder attention
mechanism in the pointer-generator network. When
generating summary word on the current timestep, the model
can pay attention to the words generated at the previous
moment. The multi-hop attention mechanism is introduced to

I. INTRODUCTION

language processing tasks. The attention mechanism is a
resource allocation mechanism that always focuses on the
content related to it, while other content is selectively ignored.

In 2015, Rush et al. [4] proposed an abstractive
summarization method based on neural network, and
combined with the attention mechanism to construct a

Nowadays, with the rapid development of the Internétiihgary generation model. The experimental results on the
data is increasing at an exponential rate, which makd3Uke2004 and Gigaword datasets show that the accuracy for
problem of “information overload” appear. It is espe@ﬁngle word can reach 31%. In 2016, Facebook and Harvard
important for us to filter out useful information, and¥ltBegroup Chopra et al. proposed the RAS model based on
effective way to solve this problem is to generate &NNtRNN seq2seq architecture [5] which wused a

summary.

The method of generating the text summary mainly
includes two types: extractive and abstractive. Extractive
summarization mainly selects specific phrases, sentences and
paragraphs from the original text into a summary; abstractive
summarization reorganizes words to summarize the article
according to the semantic information.

Extractive methods only need to find important sentences
from the original text to compose the summary, but the
consistency of the summary is difficult to guarantee. For
example, if the pronoun is included in the sentence, it is hard
to know what the pronoun refers to.

Abstractive methods are Al-based approaches that require
the system to understand the meaning of the document and
concisely summarize it in a readable human language. In
recent years, with the development of neural networks and
deep learning techniques, its advantages over traditional
natural language processing methods are more obvious in
terms of text representation, feature learning and text
generation. The deep learning model has been widely applied
and achieved amazing results in terms of natural language
processing. With the deepening of deep learning techniques,
especially the growing of the seq2seq and attention model, the
abstractive summarization study has been improved a level,

convolutional attention mechanism. Nallapati et al. of IBM
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Fig. 1. Pointer-generator model

Watson Labs introduced techniques such as large vocabulary
trick (LVT) to text summarization [6]. The author also
proposed a new dataset CNN/Daily Mail, which is used to
evaluate the task of multiple sentences and provides data
protection for a large amount of related work in the future.

In 2016, Kikuchi et al. constructed four methods to control
the length of the summary in the seq2seq architecture, and the
experimental results did not have much loss. The innovation
of the paper is to control the generated sentence length [7].
Zeng et al. proposed the read again encoder mechanism [8],
which verified that their method was more effective than the
technical level on the Gigaword and DUC datasets.

In the process of generating summary, OOV (out-of-
vocabulary, such as a large number of names, place names,
organization names, may not appear in the training corpus)
problem will occur. Hong Kong University and Huawei
Noah's Ark Lab proposed the COPYNET model in 2016 [9],
which incorporated the copy mode into the seq2seq model,
and mixed the traditional generation mode to build a new
model. The model solved the OOV problem very well.

The main implementation method of the current
abstractive text summarization is based on the seq2seq neural
network model, but this method has problems such as
incorrect information extraction and repetition of its own
content. Stanford and Google Brain's paper [10] published in
2017 built a pointer-generator network that combined the
seq2seq and attention model with the pointer network, and
used the coverage mechanism to solve the problems of
inaccurate information generated in the summary, the weak
processing ability for vocabulary words and the high
repetition rate.

IBM's Nema et al. proposed a generative model for query-
based summarization in 2017 [11]. Based on seq2seq model,
the attention mechanism was used on the query to obtain the
context vector associated with the query. Tan et al. [12] of
Peking University introduced a graph-based attention
mechanism in the traditional encoder-decoder model to
improve the model's ability to adapt to sentences. Celikyilmaz
et al. [13] of Stanford University divided the understanding of
long text into the understanding of many short texts. The

author proposed to use multiple encoders to encode the
paragraphs in the document one-to-one, for better
understanding of the original long text. Li et al. [14] of
Chinese University of Hong Kong proposed a neural network
framework based on actor-critic method of reinforcement
learning in 2018. During the training process, the model could
be informed of the quality of the generated summary. It could
greatly alleviate the problem of outputting meaningless
content. Cao et al. [15] proposed a dual attention mechanism
seq2seq framework that generated summaries based on source
text and factual descriptions.

III. OUR MODELS

In this section, we first introduce the baseline pointer-
generator network model [10], then introduce our decoder
attention mechanism, finally introduce the improvement of
copy probability by using our multi-hop attention mechanism.

A. Baseline model

The baseline model uses the pointer-generator network
proposed by Abigail See [10], as shown in Fig. 1. The pointer-
generator network can copy words from the original text
through the pointer mechanism, or generate new words from
the vocabulary. The pointer-generator network is an
improvement of the sequence-to-sequence attention model
which includes the encoder, decoder and attention mechanism.
The encoder is responsible for encoding the original text into
a feature vector, and the decoder is responsible for generating
the summary from the feature vector. The original words are
sent into the encoder one by one, producing a series of encoder
hidden states h;. On each timestep t, the decoder accepts the
word from the previous moment as input and generates the
words of the summary one by one through decoder hidden
state S;. When the decoder generates the next word, the
attention mechanism indicates which words in the original text
are focused on. Attention distribution a' is calculated as:

e/ =V’ tanh(W,h +W,s, +b,,,) (1)

a' = softmax (e') )



where v, W,,, W; and b,y, are learnable parameters. Next,

the context vector h; is generated by the weighted sum of
encoder hidden states:

h'=>.ah 3)

The context vector is the feature representation of original
text on the current timestep t. The context vector h: and the
decoder hidden state S; are spliced, and then the linear layers
is used to generate the vocabulary probability distribution
oncab:

P

vocab

=softmax(V'(V[st,h:]+b)+b') 4)

where V, V', b and b are learnable parameters, The
prediction of the next word bases on the vocabulary
probability distribution Py,,p-

Due to the limitation of the size of the vocabulary, OOV
problems will inevitably occur (a large number of names,
place names and organizational names may not appear in the
training corpus). To solve this problem, it is expected that
model can copy some important words and fragments directly
from the original text while maintaining the abstract
generation ability. On the timestep t, the generation
probability Pyen is generated by the context vector h:, the

decoder hidden state s; and the decoder input X;:
pgcn = O—(W} h: +W;r S[ +WIXI +bptr) (5)

where W, «, Ws, Wy and by, are learnable parameters, o is
the sigmoid function. Pyen is a soft switch that controls

whether words are taken from the vocabulary probability
distribution Py, or from the source text according to the
attention distribution a' . Finally, the final probability
distribution of the words to be generated in the summary is:

POW) = Py Pracso W+ (1= P ) @ (6)

P(w) is the final probability distribution of words.
According to P(w), the word to be generated can be selected
by sampling or greedy search. During the training process, the
loss of the t-th timestep is the negative likelihood log of the
target word on that timestep:

loss, = —log P(W:) (7

For sequence-to-sequence models, generating duplicate
fragments is a constant problem, especially when generating
multiple sentences. The pointer-generator network applies the
coverage mechanism to solve this problem. First get a
coverage vector ¢' which is the sum of the attention values of
the previous steps:

t-1 g
c' = Zt':o a' (8)

The coverage vector is used as a new input to compute the
attention mechanism, and the attention mechanism (1) is
rewritten as:

ef =v' tanh (W, h, +W,s, +W.¢/ +b,,, ) )

where W, and v are learnable parameters. The coverage
vector ¢! is the accumulated value of the attention distribution
calculated on the past timesteps. It is equivalent to recording
which parts of the original text the model has paid attention to
on the past timesteps. When calculating attention distribution
on the current step, the model does not know which part of the
original text was previously focused, so it may pay attention
to certain words repeatedly. Now when calculating the
attention distribution, the coverage vector c' tell the model
which words it has focused on before, avoiding focusing on
certain words. The model introduces coverage loss to penalize
duplicate attention:

covloss, = Zimin(ai‘,ci‘) (10)

Coverage loss is bounded, covloss;<Y;jal=1. Finally,
coverage loss pluses the original loss function (7) through a
hyperparameter, generating a new loss function:

loss, :—logP(W:)—i-izimin(ait,cit) (11)

The overall loss of the entire sequence is:

1
loss = ?ZLO loss, (12)

B. Decoder attention mechanism

The attention mechanism of the pointer-generator network
is for the encoder to calculate the attention weight by decoder
hidden state S; and a series of encoder hidden states h; on the
current timestep. The attention mechanism explains which
words in the original text are focused on when the decoder
generates the word of summary. We introduce the attention
mechanism for the decoder. As shown in Fig. 2, when
generating the summary word on the current timestep, the
model should also pay attention to the previously generated
summary, and calculate the weights of the words from the
generated summary, which can make the summary more
smooth and coherent. It also avoids generating duplicate
content. For the current timestep t, the decoder hidden state is
S;, and the previous decoder hidden states are S;, they are
applied to compute the attention weight of the decoder.
decoder attention weight I'* is calculated like this:

uit =w' tanh (Q, S +Q,s, + bdattn) (13)
r' = softmax(ut) (14)

where w', Q;» Q, and by, are learnable parameters, o is

the sigmoid function. The decoder summary vector S; is then
generated by the weighted sum of the decoder hidden states
on previous timesteps:

* t-1
S =2 N (15)

The summary vector S; represents a feature representation
of the summary that has been generated. Summary vector s;



Fig. 2. Our model

is used for the decoder to generate the next word. Vocabulary
probability distribution P, is generated by linear layer after
context vector h: , decoder hidden state s; and summary vector
st splicing, changing (4) to:

P

vocab

= softmax (V' (V [s,1y,s ] +b)+b')  (16)

where V, V', b and b are learnable parameters, The
probability distribution P, represents the probability
distribution of the words in the vocabulary. In this way, when
the word of the summary is generating on the current timestep,
not only the original text but also the generated partial
summary are considered, and the generation ability of the
model is improved. On the timestep t, the model produces the

generation probability Pyen through the context vector h:, the

summary vector S; , the decoder hidden state s; and the
decoder input X;, changing (5) to:

Tt T o T T
Pyen :O'(Wh*h, +HW. S + W, S+ W X +bpt,) (17)

where W+, W, Wy and by, are learnable parameters, o is
the sigmoid function. Pyen CAN control whether a word is taken

from the vocabulary probability distribution P, or copied
from the input sequence.

C. multi-hop attention improving copy probability

Pointer-generator network combines the probability of
generating words with the probability of copying words by the
generation probability Pyen The pointer-generator network

directly uses the calculated attention distribution as the
probability distribution of extracting words from the original
text. Although this method reduces the model parameters, the
global information of the original text and the generated
summary are not used when extracting words from the
original text. So the copy probability is not accurate enough.

We follow the process of constantly observing the original
text and the generated summary when people do information
extraction, and improve the copy probability based on the
baseline pointer-generator network model, as shown in Fig. 2.

First, the context vector h: and the summary vector S; are

generated separately using the encoder attention and the
decoder attention mechanism, which are the feature
representations of the original text and the generated summary.
Then apply the context vector ht* and the summary vector S;
to compute the attention distribution z' with the original text:

di =} tanh (Vih +V,.h +V_s +V,s, +V,c{ +b,, ) (18)
7' = softmax(dt) (19)

where Vi, Vi, V», V «, V , V and Dpqy, are learnable
parameters, S; is the decoder hidden state , ¢! is the coverage
vector. The attention distribution z* is used as copy probability
distribution for extracting words from the original text.

Then, using the generation probability Pyen O combine the

probability of generating the word with the probability of
extracting the word from the original text, and the new
probability distribution (including the OOV word) can be
rewritten by (6):

P(W) = p gen oncab (W) + (1 - p gen )Zi:w, —w Zit (20)

The next word can be generated using the extended
vocabulary probability distribution P(W) , P o (W)
represents the vocabulary probability distribution generated
by the decoder, and 3 .= z} represents the copy probability
distribution of extracting words from the original text.

IV. EXPERIMENT

A. Experimental Setup

We use the CNN/Daily Mail dataset in the experiment.
Hermann et al. [16] proposed CNN/Daily Mail dataset to be
used for reading comprehension task, and Nallapati et al. [6]
specifically processed the dataset for summarization task.
Unlike the previous Gigaword dataset [4], articles and
summaries of the CNN/Daily Mail dataset are longer and the
summaries are multi-sentence. The standard CNN/Daily Mail
dataset includes 287,227 training examples, 13,368 validation
examples, and 11,490 testing examples.
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