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Abstract. Language model (LM) plays an essential role in natural language processing tasks. Given the context, the language model can predict the next word. However, when the history becomes longer, the single
hidden vector may be not big enough to store the entire information. In
this paper, we propose a deep attentive structured language model (DAS
LM), which extends the Long Short-Term Memory (LSTM) neural network with the attention mechanism. With the alternative input of part
of speech (POS) tags, the language model is capable of extracting relations between a word and its context. Our model is evaluated on Penn
Treebank, Chinese short message and Swb-Fisher corpora. The experiments in language modeling show that our model achieves significant
improvements compared to the conventional LSTM language model.
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Introduction

Language model plays an essential role in natural language processing tasks.
Given the word sequence, the language model can compute the probability distribution of the next word. N-gram language model used to be the most popular
language model. However, the prediction is only related to the closest several
words, the N-gram language model cannot model the long-term dependencies.
When the N becomes larger, the sample space will increase exponentially, which
induces the problem of data sparseness.
Feedforward Neural Network (FNN) was first introduced into language modeling in 2003 [1]. The neural network based language model has solved some
problems such as data sparseness, sample space, and word similarity, but the
problem of long-term dependencies still remained unsettled. In 2010, recurrent
neural network (RNN) was applied to establish language models, which solved
the long-term dependencies problem to a great extent [2] [3]. Currently, Long
Short-Term Memory language model (LSTM LM) [4] [5] is widely used for its
good performance.
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However, there still remains limitations for these RNN based language models. The next word is predicted based on its history, which is compressed and
blended into a single dense vector [6], conditionally independent of other states.
The relation between the current word and its context is also not known. And,
although word embeddings may carry abundant information, they are mainly
produced according to the relative positions of words, which may ignore the
linguistical information of the sentences.
In this paper, a deep attentive structured language model is proposed. The
model is capable of extracting the relation between the hidden state and its
input history, applied with the attention module. Using the attention mechanism,
we can compute a context input to enhance the language model. Introducing
linguistical information to the language model proves to be effective [7]. So,
POS tags are applied as an alternative input of our attention based model.
The experiments on Penn Treebank, Chinese short messages (SMS) and SwbFisher show that our model gains obvious improvements on perplexity (PPL).
Interpolated with conventional LSTM LM, it gains significant improvements.
The rest of the paper is organized as follows, section 2 is the background.
Section 3 explains the deep attentive structured language model and section 4
shows the experimental setup and results. Finally, conclusion will be given in
section 5.
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2.1

Backgourd
Long Short-Term Memory

RNN is a neural network used to deal with sequential data with its circle
structure. Encoding the contextual information into the history hidden, RNN
can deal with data of unlimited history length. However, conventional RNN is
usually faced with the situations of vanishing or exploding gradients [8], which
make it difficult to learn long-term dependency.
LSTM is raised for solving the vanishing and exploding gradient problems.
Using three gates, input gate, forget gate and output gate, which control the data
flow, LSTM can achieve better performances compared to conventional RNN,
and it is widely used in natural language processing.
2.2

External Memory and Attention Mechanism

RNN based models compress and blend history information into a single dense
vector [6], conditionally independent of other states. However, when the history becomes longer, the single vector may be not big enough to store the entire
information. Using external memory to store the whole history states is one solution [9]. However, approaches to taking full advantage of the external memory
remains to study. Attention is a mechanism for reasoning the relation between
two vectors [6]. In external memory structure, attention mechanism can also be
applied to generate vectors representing the history information [10] [11] [12].
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Bahdanau D et al. proposed a general attention mechanism[13]. The main job of
the attention model is to score each context vector with respect to the current
hidden of the decoder. [11]
2.3

Long Short-Term Memory-Network

Cheng Jianpeng et al. proposed a Long Short-Term Memory-Network (LSTMN)
[6], which is a reading simulator that can be used for sequence processing tasks.
The LSTMN stores the contextual states in a memory slot and is capable of
reasoning about relations between tokens with a neural attention layer [6]. The
hidden states and memory states of the LSTM are stored in two tapes, Ht−1 and
Ct−1 . The attention layer computes the relation between xt and hi according to
the formulas below.
eti = υ T T anh(Wh hi + Wx xt + Wh̃ h̃t−1 )

(1)

ati = Sof tmax(eti )

(2)

where W∗ are weight parameters, and v is a vector parameter. ati is a probability
distribution over the hidden state vectors of previous tokens [6].


 
 X
t−1
h
h̃t
ati · i
=
ci
c̃t

(3)

i=1

h̃t and c̃t can be computed respectively by the weighted sum of hi and ci .
Replacing the ht , ct by h̃t , c̃t , the next hidden vector ht+1 and memory vector
ct+1 can be computed by the LSTM cell.


 
ht+1
h̃
= LST M (xt , t )
(4)
ct+1
c̃t
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3.1

Deep Attentive Structured Language Model
Attention Mechanism

Conventional RNN based language model predicts the next word based on the
context information stored in the hidden layer, which is a single dense vector.
When the hisotry becomes longer, the single vector may be not big enough to
store the entire information. In the paper, a deep attentive structured language
model (DAS LM) is proposed which considers long-term contexts. The model utilizes external memory to store entire inputs. An attention mechanism is
applied to produce the context vector as the additional input, to enhance the
LSTM. The network of the DAS LM is shown in Fig. 1.
In the DAS language model, the module to compute the context vector wt0 is
called the controller module. According to the input history wi and the previous
hidden state ht−1 , the controller module is able to extract their relation and
compute the corresponding context vector wt0 .
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Fig. 1. The network of the deep attentive structured language model. The dashed
arrows indicate that the connections are applied with dropout operation.

The relation between the previous hidden state ht−1 and the input history
w1 , w2 ...wt−1 , wt can be scored by the following formulas.
wt = Wx xt

(5)

eti = υ T T anh(Ww wi + Wh ht−1 + batt ) + bv

(6)

T

where Wx , Ww , Wh are weight parameters, υ is a vector parameter, batt , bv are
bias parameters, and eti denotes the unnormalized relation weight between ht−1
and wi .
Softmax operation is applied to normalize the weights. The values of the
weights indicate the relation between the previous hidden state and the input
history. Then we can obtain the context vector wt0 by calculating the weighted
sum of the input history.
exp(eti )
ati = Pt
(7)
t
j=1 exp(ej )
wt0 =

t
X

ati ·wi

(8)

i=1

Feeding wt and wt0 into the LSTM cell, we can compute the hidden and the
memory vectors ht , ct .
ft = σ(Wf [ht−1 , wt , wt0 ] + bf )

(9)

it = σ(Wi [ht−1 , wt , wt0 ] + bi )

(10)

Deep Attentive Structured Language Model based on LSTM

5

ot = σ(Wo [ht−1 , wt , wt0 ] + bo )

(11)

tanh(Wĉ [ht−1 , wt , wt0 ]

(12)

ĉt =

+ bĉ )

ct = ft ∗ ct−1 + it ∗ ĉt

(13)

ht = ot ∗ tanh(ct )

(14)

Finally, the probability distribution of the predicted word yt can be calculated.
yt = Sof tmax(Wy ht + by )

(15)

where W∗ are weight parameters, b∗ are bias parameters and σ is the sigmoid
function.
3.2

Attention Mechanism with a POS Tagging Model

Although word embeddings carry abundant information, they are mainly produced according to the relative positions of words, which may ignore the linguistical information of the sentences. In our model, linguistical information such
as part of speech (POS) can be applied as an alternative input to promote the
language model.
POS Tagging Model In traditional grammar, a part of speech is a category of
words (or, more generally, of lexical items) which have similar grammatical properties [14]. POS tagging is a classic classification task. Given the word sequence
w1 , w2 , ..., wn , the tagging model predicts the aligned tag sequence y1 , y2 , ..., yn .
Mainstream tagging models [15] utilize the contextual information of the input
word sequence, which means the former tags may be decided by latter words. However, for most language modeling task, future information shouldn’t be
provided, which means bidirectional tagging models may not be taken into consideration. In this case, an unidirectional LSTM based model is established for
POS tagging.
Combination with a POS Tagging Model The network of the DAS LM
with a POS Tagging model is shown in fig. 2. xt and lt denote the one-hot
representations of the word and its POS tag at time step t. They are embedded
separately and passed to controller modules.
wt = Wx xt

(16)

pt = Wl lt

(17)

where Wx and Wl are weight parameters.
Applying the the attention mechanism in section 3.1, we can calculate both
the context vectors wt0 and p0t of the word history and the tag history respectively.
Concatenating the current inputs wt and pt , wt0 and p0t respectively, we can obtain
the combined input mt and context vector m0t .
mt = [wt , pt ]

(18)

6

Deep Attentive Structured Language Model based on LSTM

POS Tagging Model

Input
Decoder

Xt

lt

Yt

Input'

Embedding

Wx

ht

Embedding

Wl

wt

LSTM
pt

p't

w't

ht-1
Weighted Sum

Weighted Sum

aw

aw

……

aw

aw

ap

ap

w1

w2

……

wt-1

wt

p1

p2

1

2

Contorller

t-1

t

1

ht-1

Attention

2

……

ap

……

pt-1

t-1

ap

t

pt

Attention

Fig. 2. The network of the deep attentive structured language model with a POS tagging model. The dashed arrows indicate that the connections are applied with dropout
operation.

m0t = [wt0 , p0t ]
m0t

into the LSTM cell instead of wt and
Feeding mt and
we can compute the hidden and the memory vectors ht , ct .
3.3

(19)
wt0

in equ. 9 to 12,

Integration with LSTMN

LSTMN model [6] stores the entire hidden vectors, and is able to select useful
content with the attention layer. In this section, we introduce a simple method
to integrate our model with the LSTMN model.
We can score the relation between the current input and the hidden history
according to the equ. 1, just replacing xt by mt if the POS tagging model is
applied, where mt is the concatenation input of the word and its POS tag.
Thus, both h̃t−1 and c̃t−1 can be computed. Using h̃t−1 , c̃t−1 to update the
LSTM cell, we can further improve the performances of the language model.
The integration model is called DAS-LSTMN in the paper. The results of the
experiments comparing these attention based models are shown in the section
4.2.

4
4.1

Experiments
Experimental Setup

Our model is evaluated on the English Penn TreeBank (PTB) [16], Chinese
short message (SMS) and Swb-Fisher corpora. The Penn TreeBank corpus is
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a famous English dataset, with a vocabulary size of 10K and 4.8% words out
of vocabulary (OOV), which is widely used to evaluate the performance of a
language model. The training set contains approximately 42K sentences with
887K words. The Chinese SMS corpus is collected from short messages. The
corpus has a vocabulary size of about 30K. The training set contains 380K
sentences with 1931K words. The Swb-Fisher is an English corpus containing
over 26 million words and 2 million sentences. The corpus has a vocabulary size
of about 63K. The training set consists of approximately 2.4M sentences with
26.5M words.
For the motivation to improve word-level language model, we only considered
the word-level tags such as part of speech (POS). Stanford NLP tools [17] have
been utilized to generate the POS tags.
In language modeling, we also use dropout technology [18] for regularizing the
networks. In the following experiments, different attention based models are evaluated. We apply different tagging models to the baseline LSTM language model
respectively to observe the performances in language modeling. Experiments of
our attention based language model combined with the the POS tagging model
are also carried out. Finally, experiments in language modeling are conducted
respectively on PTB, SMS and Swb-Fisher corpora.
4.2

Experiments on the Attention Mechanisms

As mentioned in the section 3.3, experiments on the attention based model are
conducted. In the experiments, we compare the LSTMN1 [6], the DAS model,
and the DAS-LSTMN model without the POS tagging model. The hidden size
of all the models are set to 300. We use stochastic gradient descent (SGD) for
optimization. Batch size is set to 128 and dropout rate is set to 0.5 at the stage
of training.
Table 1. Performances of different attention based models without the POS tagging
model
PPL
PPL(Dropout)
valid
test
valid
test
LSTM
120.0 114.9 91.3
88.1
LSTMN [6] 114.9 110.4 90.9
87.0
DAS LM
114.7 111.2 90.5
86.6
DAS-LSTMN 113.6 109.1 88.8 85.3
Model

The table 1 shows the DAS model outperforms the baseline LSTM and performs as well as the LSTMN. The DAS-LSTMN model gains the best PPL score
on PTB corpus, which indicates the integration is effective.
1

The LSTMN language model is implemented by us. The PPL score in the original
paper is 108.
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Experiments on Different POS Tagging Models

We have trained two unidirectional tagging models of different network sizes,
using the POS tags generated by Stanford bidirectional tagging tools. The model(a) contains about 3.7M parameters while the model(b) contains about 1.1M
parameters. The table 2 shows the tagging performances on PTB corpus.

Table 2. Tagging performances of the unidirectional POS tagging models on PTB
corpus
Model
Model(a)
Model(b)

Size Accuracy(%)
3.7M
96.4
1.1M
92.4

We apply the Stanford tagging tools and these two unidirectional POS tagging models to the baseline LSTM LM respectively to observe the improvements
contributed by POS tags. We concatenate the word embedding and the POS tag
embedding as the combined input for the baseline LM. The baseline language
model is a 1-layer LSTM LM with a hidden size of 300. The table 3 shows the
performances of the baseline language model with different POS tagging models.

Table 3. Performances of the baseline LSTM LM with different tagging models on
PTB corpus
Model
baseline LSTM
LSTM + Stanford tools
LSTM + tagging model(a)
LSTM + tagging model(b)

PPL
PPL(Dropout)
valid
test
valid
test
120.0 114.9 91.3
88.1
110.6 107.1 85.8 83.2
115.0 111.7 90.9
87.9
116.2 112.9 91.3
88.9

The table 3 shows the POS tags do help to promote the performances in
language modeling. The language model with the Stanford tools, which are based
on bidirectional models, achieves the best performances. However, the generated
POS tags carry future information, which is not suitable for most language
modeling tasks. Tags of this kind may be useful in particular language modeling
tasks such as rescoring in speech recognition. The language model with the
unidirectional tagging model doesn’t utilize future information, but still gains
obvious improvement in the experiments. The language model with the tagging
model(a) gains the higher PPL score than the model(b), which also achieves
the better accuracy score in POS tagging task. In the following experiments, we
utilize model(a) as the tagging model.
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Experiments on the Attention Based Models Combined with
the POS Tagging Model

POS tags and attention mechanisms prove to be effective in promoting performances in language modeling according to the experiments above. We conduct
the experiments of combining these two methods in language modeling.
Table 4. Performances of the attention based models with the POS tagging model on
PTB corpus
Model
baseline LSTM
DAS LM
DAS LM + tagging model
DAS-LSTMN
DAS-LSTMN + tagging model

PPL
PPL(Dropout)
valid
test
valid
test
120.0 114.9 91.3
88.1
114.7 111.2 90.5
86.6
113.3 110.3 89.4
86.4
113.6 109.1 88.8
85.3
110.9 108.3 88.3 85.0

The table 4 shows the attention based language model still achieves minor
improvements when combined with our tagging model. The contribution of POS
tags to the language model relates highly to the performance of the tagging
model. The promotion may be obvious if a better POS tagging model can be
applied.
4.5

Experiments in Language Modeling on Different Corpora

Our models are evaluated on PTB, SMS and Swb-Fisher corpora respectively.
The compared models include the 4-gram language model with kneser-Ney smoothing (KN4), the baseline LSTM LM, DAS-LSTMN with the POS tagging
model and it averagely interpolated with the LSTM LM. For the fair comparison, the hidden size of all the models is set to 300. We use SGD for optimization.
Batch size is set to 128 and dropout rate is set to 0.5 at the stage of training.
Table 5 shows the performances of different LMs on the three corpora.
The table 5 shows that the DAS-LSTMN model achieves the best PPL scores among all the single models. Averagely interpolated with the conventional
LSTM LM, the model achieves consistent and significant improvements on both
validation and test sets on all the corpora. The improvements on SMS corpus
is not so obvious as the others, for the reason that the sentences of SMS corpus
may be too short. The PPL scores are reduced by about 8.4%, 4.8% and 9.4%
compared to the conventional LSTM model on the three corpora respectively,
which also indicates our model behaves well on various kinds of datasets.
We also take an example from the PTB corpus to observe the relation between
the words extracted by the DAS-LSTMN model.
Fig. 3 shows an example sentence from the PTB test set. The arrows indicate
high attention scores between the predicted word and its history. We can see most
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Table 5. Performances of different LMs on PTB, SMS and Swb-Fisher corpora
PPL
PPL(Dropout)
valid
test
valid
test
KN4
151.1 143.6
–
–
LSTM
120.0 114.9 91.3
88.1
PTB
DAS-LSTMN
110.9 108.3 88.3
85.0
DAS-LSTMN + LSTM 97.4 94.5 84.2 80.7
KN4
123.1 106.8
–
–
LSTM
112.5 102.2 102.4 95.3
SMS
DAS-LSTMN
109.4 100.0 101.2 93.0
DAS-LSTMN + LSTM 101.2 92.3 98.2 90.8
KN4
80.9
83.4
–
–
LSTM
45.8
58.3
50.2
63.1
Swb-Fisher
DAS-LSTMN
49.5
56.5
78.1
65.3
DAS-LSTMN + LSTM 43.0 52.8
55.5
62.4
Corpus

Model

Fig. 3. An example from the PTB test set. The arrows indicate the attention scores
higher than 0.2.
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words are highly related to the previous word, which agrees with the linguistic
intuition that long-term dependencies are relatively rare [6].

5

Conclusion

For the limitation of fixed memory space for conventional RNN based language
model, we propose a deep attentive structured language model in this paper.
The model is capable of extracting the relation between the hidden state and
its input history, applied with the attention module. POS tags are applied as
an alternative input of our attention based model. The experiments show that
the attention mechanisms do help to achieve improvements in language modeling and POS tags can further promote the language model. The experiments in
language modeling indicate that our model outperforms other language models.
Interpolated with the LSTM LM, the DAS-LSTMN model achieves significant
improvements on the PPL scores. The PPL scores are reduced by 8.4%, 4.8%
and 9.4% respectively compared to the baseline LSTM. The results of the experiments on PTB, SMS and Swb-Fisher corpora also indicate our model behaves
well on various kinds of datasets.
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