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Abstract
Based on a linguistic theory that content words in a sentence carry most of
the semantic meaning of the whole sentence while function words mostly perform syntax-relevant functions, this article
proposes an end-to-end model of neural
network for both machine translation and
abstractive summarization, which can selfadaptively learns the paradigms of dependencies between function words and content words. Therefore, with the learned
dependencies, there is no need to feed all
the inputs into the RNN encoder, which
may produce high computation cost. Tests
on the datasets, WMT-14 English-French
and English-German for machine translation as well as Gigaword and LCSTS
for abstractive summarization, show that
our model outperforms the baseline models and achieves the state-of-the-art performance. Moreover, our model contains the
advantage of computation efficiency over
most of the end-to-end models for machine translation and abstractive summarization.
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Introduction

The linguistic issue of content word and function
word has been discussed for thousands of years,
from Aristotle’s period to today. There are a lot
of other names for the two terms, such as lexical word and grammatical word (Lyons, 1968; Bybee et al., 1994), semantic word and grammatical
word (Saeed, 1997) and so on. It is reasonable to
categorize words into the two classes for the reason that many words deliver conceptual meaning,
which are of a large amount, while some others
remain relatively stable and function as tools to

build syntactic-relevant structures. Talmy (2000)
proposed that a fundamental design feature of language is that it contains two subsystems, which
are lexical and grammatical systems. They have
distinct semantic functions and they are indispensable and complementary. Following the commonly accepted idea in linguistics, human beings
divide words into content word and function word.
Content words are nouns, verbs or adjectives that
represent semantic meaning, which are in an open
class that the number of words can be increased.
On the contrary, function words usually help to
build syntactic structures for sentences depending
on the contexts, which are in a closed class that the
number of the words is stable.
Due to the significance of the differences between the two classes of words, this issue should
be concerned in Natural Language Processing
(NLP), especially in Natural Language Generation (NLG). As NLG aims at generating reasonable and readable texts, it should take both semantic meaning and syntactic structure into concern, which means researchers in this field need
to pay attention to the features and functions of
content words and function words. However,
most NLP systems today did not process the two
classes of words separately. Take machine translation and single-document abstractive summarization as examples. The relevant researches
in Deep Learning mostly treat a sentence or a
text as a whole and process them together with
a sequence-to-sequence model (Sutskever et al.,
2014a). Sequence-to-sequence model is an endto-end encoder-decoder model (Cho et al., 2014a),
which can encode a source text to a compressed
feature vector which represents the meaning of the
source text and then send it into the decoder to decode the desired output. This structure seems perfect for the two tasks, but it to some extent turns
the process into a black box, making it hard for

researchers to find out how the machine can understand the meaning of the source text and generate a correct and readable translation or a concise and reasonable summary. Moreover, the basic
sequence-to-sequence model cannot figure out the
syntactic structural information. Attention-based
models can to some extent alleviate this problem
(Bahdanau et al., 2014; Luong et al., 2015a), but
better methods for the machine to understand the
syntactic structures are still required.
Another prominent problem in this processing
method is computation efficiency. Some previous
studies show that there is no need for the encoder
to process all the input source text with the purpose of finding the good compressed feature vector for the decoder to generate the desired output. A large amount of information in the source
text may be useless for this purpose so that it can
be better for the model to learn what information
it needs to encode by itself (Yu et al., 2017; Johansen and Socher, 2017). These models can learn
to skim text by ignoring certain words in the text
or simply encode the text with the bag-of-word
(BOW) encoder instead of Recurrent Neural Network (RNN). However, although the articles state
that they can learn the rules self-adaptively, in fact
they still highly depend on the choice of hyperparameter. Moreover, sequential skimming may not
be the thinking patterns of human beings for reading texts. For a sentence, humans can figure out
the syntactic structure and understand the meaning
through the syntax-semantic interface with their
own linguistic competence (Hackl, 2013).
This article proposes a method to tackle the
problem by processing content words and function words in the source text separately. Following the ideas in dependency theory (Hays, 1964),
there are various kinds of ideas of dependency in
language. We formulate that since function words
have close connections with syntax while content
words are related to semantic meaning, dependencies between content words and function words
can be formed and help the system to process texts.
In the syntactic dependencies, it can be found that
in many cases content words depend on function
words in the tree structures. Therefore, with the
hypothesis of this type of dependency, our model
processes the content words with a BOW encoder
and the function words with an RNN encoder plus
a proposed attention mechanism to capture syntactic dependencies. This model can not only process

the information in the source text with the consideration of both semantic meaning and syntactic structure, but also improves computational efficiency to up to x times owing to separate processing. Tests on both the tasks of machine translation
and abstractive summarization all show that our
model has significant advantages of performance
and efficiency over the baseline models and outperforms the state-of-the-art techniques.
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Proposed Model

Machine translation and abstractive summarization can both be treated as a sequence-to-sequence
mapping task, which maps the source text and
the target text. In machine translation, the model
translates the text in the source language to that
in the target language, while in abstractive summarization, the model generates the summary
based on the input text. Therefore, our model is
based on traditional sequence-to-sequence model
(Sutskever et al., 2014a), which contains an encoder and a decoder. Moreover, the popular attention mechanism is also applied in order to capture the relevant source information in the process
of decoding, and global attention is used in our
model (Luong et al., 2015a). However, different
from the previous work, our encoder processes the
content words and the function words in the source
text separately, and there are also corresponding
changes in our attention mechanism.
For the separate encoding, our encoder contains
two parts for the content word sequence and the
function word sequence, still preserving the original sequential order. For the content word sequence, since our goal is to retrieve the semantic
meaning, which has relatively weak relation to sequential order, there is no necessity to process it
with an RNN encoder, which has relatively high
computational costs and slow processing speed.
Following the idea of BOW, we simply process
the content word sequence with a Multilayer Perceptron (MLP) (Rosenblatt, 1960). For the function word sequence, as it has fundamental connections with the syntactic structure, which is sensitive to the sequential order, it is processed by an
RNN encoder. We implement a bidirectional Long
Short-Term Memory network (LSTM) (Hochreiter and Schmidhuber, 1997). However, the input
for this encoder is not simply the word embeddings of the function words. Instead, each function word is required to attend the content words,

and generate a context vector as most attention
mechanisms do. Then the embedding and the context vector are concatenated and fed into a MLP
and our implemented bidirectional LSTM. As to
the decoder, similar to most of the previous work,
the decoder generates words sequentially, one at
a time step, but in the generation it attends to the
two sequences to calculate attentions and generate
the context vectors.
2.1

Encoder

Before encoding, the source text is preprocessed
by extracting function words and build the function word sequence of length n and the content
word sequence of length m. The vocabulary of
function words are retrieved from the NLTK stopword corpus (Bird and Loper, 2004). Words in
the sequences are embedded in the same semantic space and the word embeddings are sent into
the encoder. The two sequences are sent into separate parts of the encoder. For the content word
sequence, the word embeddings are fed into a 2layer MLP with the ReLU function (Glorot et al.,
2011) as the activation function, which enables the
words in the same source text to share the same parameters in the MLP. It generates an encoder output ot at each time step t, which will be processed
by the second part of the encoder in the next process.
For the function word sequence, we implement
a 2-layer bidirectional LSTM for the processing.
Similar to traditional RNN encoder, it receives the
inputs sequentially and generates an encoder output as well as a hidden state and a cell state at each
time step. The final states are sent into the decoder
for the sequence generation. Bidirectional LSTM
is an LSTM which processes the sequence in two
directions and usually concatenates or elementwise add the encoder outputs from both directions
at the same time step, and the LSTM is defined as
below.
fi = σ(Wf [xi , hi−1 ] + bf )

(1)

ii = σ(Wi [xi , hi−1 ] + bi )

(2)

oi = σ(Wo [xi , hi−1 ] + bo )

(3)

C̃i = tanh(WC [xi , hi−1 ] + bC )

(4)

Ci = fi

Ci−1 + ii

(5)

hi = oi

tanh(Ci )

C̃i

(6)

Bidirectional LSTM generates two sequences of
→
−
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→
←
−
hidden states h = {h1 , h2 , h3 , ..., hn } and h =

←
− ←
− ←
−
←
−
{h1 , h2 , h3 , ..., hn }, and add the encoder output
from two directions at each time step t in the
element-wise fashion to generate a new encoder
→
−
←
−
output ht = ht ⊕ ht , and the final states from the
←
−
←
−
inverse direction h1 and C1 are sent into the decoder.
However, the inputs for the encoder for the
function word sequence is not simply its word embeddings. Instead, we use the word embedding it
at each time step to calculate the global attentions
on the outputs of the encoder for the content word
sequence and obtain a context vector ct ,
ct = Attn(it , o)

(7)

where Attn(·) is defined as below.
ct =

m
X

αt,i oi

(8)

i=1

exp((et,i + gi )/τ )
αt,i = Pm
j=1 exp((et,j + gj )/τ )
et,i = o>
i (βt

σ(βt ))

βt = Wβ it

(9)
(10)
(11)

where
gi = −log(−log(ui ))

(12)

ui ∼ uniform(0, 1)

(13)

Here, there are two specific details in the design
of our attention mechanism. The first one is that
we implement an activation function on the et,i ,
which is called Swish and proved to be effective
(Ramachandran et al., 2017). The other is that
we follow the idea of Gumbel Softmax to design
our attention mechanism (Gumbel, 1954; Maddison et al., 2014; Jang et al., 2017). In the illustration below, the reasons why we implement such
an attention mechanism here. Finally, The context vector ct is then concatenated with the word
embedding it and then passes through a layer of
feed-forward neural network to generate the final
input xt .
Using the embeddings of the function word sequence to calculate their attentions on the outputs of the encoder for the content word sequence
is reasonable in that it tends to capture the relations between each function word and the content words. The scores calculated by the attention
mechanism can be regarded as a probabilistic distribution that represents the dependencies of content words on each function word, following our

hypothesis proposed in the introduction. However,
based on the common linguistic knowledge, in the
syntactic dependency tree one function word only
connects a certain number of content words, which
is apparently smaller than the length of the content word sequence. The soft attention may be ineffective for the construction of the tree, while the
hard attention may cause great difficulties in backpropagation. Therefore, we implement the trick
of Gumbel Softmax to build a concrete distribution, which is a continuous relaxation of the discrete variables (Maddison et al., 2016). gj is the
Gumbel Noise to perturb log(êt,i ) to improve the
robustness of the mechanism, while τ is the temperature parameter to control the degree of concreteness of the distribution, which means that the
distribution becomes discrete if τ approaches zero.
In our model, τ is a hyperparameter which needs
to be carefully selected.

context vector in the element wise fashion. This
process can be repeated for multiple times, and the
number of times J should be set before the experiment.
mj+1 = mj ⊕ ct
ct =

2.3

(19)
(20)

cht = Attn(mj , h)

(21)

cot

(22)

= Attn(mj , o)

As out model is designed to be differentiable everywhere, we use backpropagation to conduct endto-end training. Given the parameters θ and source
text x, the models generates a summary ỹ. The
learning process is to minimize the negative loglikelihood between the generated summary ỹ and
reference y:
T

1 XX
(n) (n)
L=
−p(yt |ỹ<t , x(n) , θ)
N

Decoder

On top of the encoder, we implement a singlelayer unidirectional LSTM as decoder, which is
the same as the LSTM illustrated above. The
LSTM decoder to read the input words and generate summary word by word, with a fixed target vocabulary embedded in a high-dimensional
space Y ∈ R|Y|×dim . At each time step, the decoder generates a summary word yt by sampling
from a distribution of the target vocabulary Pvocab .
Different from traditional attention decoder, since
we have two sequences as the input, in the decoding process, the output of the LSTM should attend
to the two sequences of outputs, h and o respectively. The attention mechanism is similar to that
in the encoder, and the final two context vectors
are added in the element-wise fashion.

⊕

cot

Training

N

2.2

cht

(23)

n=1 t=1

where the loss function is equivalent to maximizing the conditional probability of summary y given
parameters θ and source sequence x.
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Related Work

ct = cht ⊕ cot

(16)

cht
cot

= Attn(st , h)

(17)

Recently, neural networks are used in a wide range
of tasks, including named entity recognition (He
and Sun, 2017; Sun and He, 2017), word segmentation (Xu et al., 2017) and summarization (Ma
et al., 2017). Additional works have also been
done in exploiting the efficiency of neural networks such as sparse propagation (Sun et al., 2017;
Wei et al., 2017).
Our work is also related to the sequence-tosequence model (Cho et al., 2014b), one of the
most successful generative neural model. It is
widely applied in machine translation (Sutskever
et al., 2014b; Jean et al., 2015; Luong et al.,
2015b), text summarization (Ma et al., 2017), and
other natural language processing tasks.

= Attn(st , o)

(18)
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Pvocab = softmax(tanh(Wo [ct ; st ]))

(14)

st = LSTM(yt−1 , ct−1 , st−1 , Ct−1 ) (15)

Besides, we add a memory mechanism to the attention in the decoder so that it can make use of
the memory to capture deeper structural information from both the content word sequence and the
function word sequence. m refers to the memory
and its initialization m0 is st . The memory attends
to the two sequences of outputs and then adds the

Conclusion

In this paper, we propose an end-to-end model
of neural network for both machine translation
and abstractive summarization, which can selfadaptively learns the paradigms of dependencies
between function words and content words. The
proposed method is inspired by the linguistic theory that content words in a sentence carry most of

the semantic meaning of the whole sentence while
function words mostly perform syntax-relevant
functions. With the learned dependencies, there
is no need to feed all the inputs into the RNN encoder, which may produce high computation cost.
The proposed method can be naturally applied to
achine translation as well as abstractive summarization. Moreover, our model contains the advantage of computation efficiency over most of the
end-to-end models for machine translation and abstractive summarization.

D. G. Hays. 1964. Dependency theory: A formalism
and some observations. mem rm-4087-pr. Language
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