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Abstract. Aspect term extraction is one of the fundamental subtasks
in aspect-based sentiment analysis. Previous work has shown that sentences’ dependency information is critical and has been widely used for
opinion mining. With recent success of deep learning in natural language
processing (NLP), recurrent neural network (RNN) has been proposed
for aspect term extraction and shows the superiority over feature-rich
CRFs based models. However, because RNN is a sequential model, it can
not eﬀectively capture tree-based dependency information of sentences
thus limiting its practicability. In order to eﬀectively exploit sentences’
dependency information and leverage the eﬀectiveness of deep learning,
we propose a novel dependency-tree based convolutional stacked neural
network (DTBCSNN) for aspect term extraction, in which tree-based
convolution is introduced over sentences’ dependency parse trees to capture syntactic features. Our model is an end-to-end deep learning based
model and it does not need any human-crafted features. Furthermore, our
model is ﬂexible to incorporate extra linguistic features to further boost
the model performance. To substantiate, results from experiments on
SemEval2014 Task4 datasets (reviews on restaurant and laptop domain)
show that our model achieves outstanding performance and outperforms
the RNN and CRF baselines.
Keywords: Aspect term extraction · Dependency information
Tree-based convolution · Deep learning
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·

Introduction

Aspect-based sentiment analysis (or opinion mining) aims to identify the opinions in a given document. To achieve this goal, six subtasks should be considered
and aspect term extraction is one of the important subtasks [1]. Aspect terms
are attributes (or properties) of the entity that opinion expresses on. For example, given the product review “I love the way the entire suite of software works
together”, the aspect term is “suite of software”.
The task of aspect term extraction is usually regarded as a sequence labeling problem, in which each word in sentence is labeled by conventionally used
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BIO tagging scheme. In this paper, we also regard aspect term extraction as a
sequence labeling problem. Conditional random ﬁelds (CRFs) and its variants
like semi-CRFs have been successfully applied to this problem. However, these
CRFs based models are feature-rich models which need much human-crafted
feature engineering eﬀort to work well.
In recent years, deep learning has become the popular and eﬀective method
to deal with the tasks in computer vision (CV) and natural language processing
(NLP). [2] ﬁrst applied deep learning to NLP tasks including part-of-speech
tagging, chunking, etc. Meanwhile, deep recurrent neural network (RNN1 ) based
models have been proposed for aspect term extraction [3]. Unlike the CRFs
based models, these RNN based models do not need any manually features. The
experimental results on SemEval2014 Task4 datasets show the superiority of
RNN based models over traditional CRFs based models.
Previous work has shown that leveraging syntactic features is helpful for
opinion mining. Dependency parse tree is one of the important syntactic features
and has been widely applied to aspect-based sentiment analysis [4–8]. [4] applied
dependency path features to opinion target extraction. Recently, [8] employed an
unsupervised method to incorporate dependency context features into embeddings for aspect term extraction. These works manifest that leveraging dependency information of sentences may be helpful and necessary for aspect term
extraction.
Although these RNN based models mentioned above can solve the shortcomings that CRFs based models have, they can not make full use of dependency
information of sentences that is critical for opinion mining. Because RNN belongs
to sequential models, it codes words one by one along the sentence and can only
capture the linear context features, thus ignoring tree-based syntactic features
over a long path. This drawback may limit its practicability for aspect term
extraction.
So, in order to exploit sentences’ dependency information and leverage the
eﬀectiveness of deep learning for aspect term extraction, we propose a novel
dependency-tree based convolutional stacked neural network (DTBCSNN) to
extract aspect terms without any human-crafted feature engineering eﬀort.
DTBCSNN consists of three main parts: a dependency-tree based convolutional layer (DTBCL), a stacked neural network (SNN2 ) and an inference layer.
DTBCL is applied to eﬀectively capture the sentences’ dependency information
and its core notion is tree-based convolution. Tree-based convolution has
been explored in a lot of works [9–11]. It can eﬀectively exploit sentences’ syntactic features over the parse trees, capturing the relations between words in a
long distance. So we adopt tree-based convolution to exploit dependency information of sentences. Speciﬁcally, DTBCL ﬁrst does convolution operation over
the ﬁxed-depth subtrees of a parsed dependency tree. Then the output hidden
features from DTBCL are propagated to the SNN to learn tag score distributions
1
2

In this paper, RNN refers to recurrent neural network.
In order to simplify the description of our model, we deﬁne the several hidden neural
networks being stacked together as SNN.
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for tags. The inference layer is to ﬁnd tag path with highest scores based on the
learned tag score distributions. Though our model is an end-to-end model, it is
ﬂexible and can incorporate extra linguistic features to further boost the model
performance. We conduct experiments on SemEval2014 Task4 datasets and the
experimental results show the superiority of our model over the RNN and CRF
baselines.
To sum up, our contributions in this paper can be encapsulated as follows:
• Novel tree-based convolution combined with a neural network is introduced
to eﬀectively leverage sentences’ dependency information critical but not fully
exploited by previous deep learning based models for aspect term extraction.
• Our model is an end-to-end deep learning based model that does not need any
manually features. Furthermore, our model is ﬂexible enough to incorporate
linguistic features to boost model performance.
• We conduct extensive experiments to evaluate the model sensitivities to architectures, adding linguistic features and word embeddings.

2

Related Work

Among previous work on aspect terms or opinion targets extraction, there are
typical methods worth to mention. [12] applied part-of-speech tagging parser to
label words and phrases to extract hot (frequent) features for mining customer
reviews. Then [1] used association mining method to extract product features.
Following up, [13] proposed to use human-deﬁned opinion word seeds and rules
from dependency parsing to extract opinion targets iteratively. This kind of
problem could also be regarded as a sequence labeling problem and then a classiﬁer is applied. Hidden Markov Models (HMMs) [14] and conditional random
ﬁelds (CRFs) [4,15] are usually the chosen ideal models and the wining systems
[16,17] in SemEval2014 Task4 datasets are CRFs based models. Topic model
techniques can also be applied to this kind of problem using Latent Dirichlet
Allocation (LDA) [18,19].
The topic of sentiment analysis has been explored by deep learning in recent
years and has witnessed state-of-the-art performance in this domain [21,22].
There are also some work on aspect term or opinion expression extraction using
deep learning models. [20] originally combined the deep recurrent neural networks (RNN) and pre-trained word embeddings for opinion expression extraction. Afterwards, motivated by this work, [3] proposed a similar recurrent neural
network model and push it further, a set of diﬀerent types of RNN models were
explored. These proposed RNN models outperform traditional feature-rich CRF
model. However, recurrent neural network can not eﬀectively capture tree-based
syntactic information. As a result, RNN model may not so well ﬁt the aspect
term extraction problem.
Tree-based convolution has been studied by [9], which aims to capture sentences’ syntactic features to solve certain problems where syntactic information
is needed. Tree-based convolution achieved extraordinary performance on sentiment analysis and question classiﬁcation [9], which manifests the eﬀectiveness
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of this kind of approach. Furthermore, tree-based convolution is successfully
applied to programming language processing [10].
Though inspired by [9], our model is totally diﬀerent from theirs as follows:
(1) We deal with diﬀerent problems. Ours is aspect term extraction but theirs are
sentiment polarity analysis and question classiﬁcation. (2) We use diﬀerent model
architectures. To ﬁt the problem, we connect the output features of DTBCL over
a ﬁxed-size window instead of applying a pooling layer. And we also combine
DTBCL with SNN. Similar to [2], we use an inference layer instead of softmax
layer [3] for the task of choosing labels, so we apply a stacked neural network
after DTBCL to learn tag score distributions for inference layer. We will detail
our model in the following sessions.

3

Dependency-Tree Based Convolutional Stacked Neural
Networks

Overall, our model can be divided into three major components: (1) dependencytree based convolutional layer; (2) stacked neural network; (3) inference layer.
Figure 1 right shows the overall architecture of DTBCSNN. Following, we will
give out detail discussions about our model.

Convolution
over a subtree

great

food

is
Dependency tree

The

Feature
composition

Dependency-tree based Convolutional Layer

Fully
connected

Stacked Neural Network

Inference Layer

Fig. 1. Left: Example of a dependency parse tree for sentence “The food is great”.
Right: Illustration of the overall architecture of the Dependency-tree based Convolutional Stacked Neural Network (DTBCSNN). The main components of DTBCSNN are
dependency-tree based convolutional layer, stacked neural network and inference layer.

3.1

Dependency-Tree Based Convolutional Layer for Incorporating
Dependency Information

Dependency-tree based convolutional layer (DTBCL) is the core component of
our model, which aims to capture sentences’ dependency information.
To apply dependency-tree based convolution, a sentence should ﬁrstly be
converted into a dependency parse tree. Each of its nodes represents the original
word of the sentence and is initialized by pre-trained word embeddings. Non-leaf
nodes can be seen as parent nodes governing a set of child nodes, which have
the relationship with their corresponding child nodes called parent-child relation (PCR). In this paper, we regard the diﬀerent relationships between parent
nodes and child nodes like nsubj, nmod, conj, etc. as one shared relation PCR.
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Every word in the sentence can be seen as a parent node connecting with its child
nodes. Figure 1 left shows an example of dependency parse tree of sentence “The
food is great”. We can see from the parse tree that word “great” has child nodes
“food” and “is” and, word “food” has word “The” as its child node. Then we use
a two-layer ﬁxed-depth feature detector to slide over the sentences’ dependency
parse trees to capture features which are each corresponding to the words in the
sentence.
Suppose that we are given a subtree: a parent node p with its child nodes
c1 ,c2 ,. . . ,cn , the output feature y of the subtree can be calculated by the function:
y = G(Wp · p +

n


Wc · ci + b)

(1)

i=1

where Wp , Wc  RNf ×Nembed , Wp is the weight matrix for parent nodes and Wc
is the weight matrix for child nodes based on the relation PCR; b is the bias;
p, ci  RNembed , b  RNf . (Nf is the dimension of output feature y; Nembed is the
word embedding dimension; n represents the number of child nodes of parent
p.) G(·) is an activation function and we use the ReLU function in this paper.
We take the parse tree from Fig. 1 left for example. The features for each
word can be calculated by function (1) as follows:
yT he = G(Wp · WT he + b)
yis = G(Wp · Wis + b)

yf ood = G(Wp · Wf ood + Wc · WT he + b)
ygreat = G(Wp · Wgreat + Wc · Wf ood + Wc · Wis + b)

where Wword (word ∈ {T he, f ood, is, great}) represents pre-trained word
embedding. After applying function (1) to every subtree, we can get output
features {f }  RNf one-one corresponding to the words in the given sentence.
Considering that the word tagging is inﬂuenced by its neighboring words, we
further aggregate the features over a ﬁxed-size window to get the compositional
features {f1 }. Speciﬁcally,
⎞
⎛
fi−Nwin/2 
⎟
⎜
..
f1,i = ⎝
(2)
⎠
.
fi+Nwin/2 
where f1,i  {f1 }; {f1 }  RNf1 , Nf1 = Nwin · Nf . (Nwin is the size of window.)
The features with indexes exceeding the boundary of the sentence are padded
with zero vectors.
3.2

Stacked Neural Networks for Tag Score Distributions Learning

After getting the features that leverage the sentences’ dependency information,
we propagate these features to the stacked neural network (SNN). SNN is applied
to learn tag score distributions for inference layer.
A SNN with L layers can be seen as a composition function Hθ (·) with
parameters θ:
(3)
Hθ (·) = HθL (HθL−1 (. . .Hθ1 . . .))
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where Hθl is deﬁned for layer l (1 ≤ l ≤ L). In this paper, we apply two hidden
layers as our stacked neural networks. The architecture of two hidden layers has
been applied in [2] for tag score distributions learning. Motivated by this, we
adopt two hidden layers for this paper.
For each hidden feature f1,i  {f1 }, we apply SNN to learn the tag score
distributions. Concretely, the score distribution fs,i for f1,i can be calculated by
function (4):
fs,i = W (2) · f2,i + b(2) = W (2) · g(W (1) · f1,i + b(1) ) + b(2)

(4)

where (W (1)  RNf2 ×Nf1 , b(1)  RNf2 ) and (W (2)  RNfs ×Nf2 ,b(2)  RNfs ) are
the parameter matrixs and bias for the ﬁrst hidden layer and second hidden
layer respectively. (Nf1 and Nf2 are the output vector dimensions of the ﬁrst
hidden layer and second hidden layer respectively; Nfs is the size of tag score
distribution vector and also is the number of tags.) g(·) is an activation function
and we use Sigmoid function in this paper. After applying SNN to each hidden
feature f1,i  {f1 }, we get the tag score distributions {fs }  RNfs .
3.3

Inference Layer

After SNN, we can get score distributions over tags for every word in a sentence.
The inference layer is used to ﬁnd a speciﬁc tag path with a highest score representing the most possible BIO labels for the sentence. More explanation about
the physical meanings of inference layer can be found in [2].
Suppose we are given the tag score distributions {fs }  RNfs for the sentence
with size n and learned transition matrix A  RNfs ×(Nfs +1) , we can get the tag
path [t1 : tn ]∗ by function (5):
[t1 : tn ]∗ = argmax[t1 :tn ]

n


Ati−1 ,ti + fs,ti

(5)

i=1

where ti is the tag for the word in the ith position of the sentence; Ati−1 ,ti
represents the transition possibility from tag ti−1 to tag ti ; fs,ti is the score for
tag ti in ith position. We use the Viterbi algorithm to solve function (5).
3.4

Training Method

As discussed above, we get the parameters of our model: Θ = {Wp , Wc , b, W (1) ,
b(1) , W (2) , b(2) , A}. The object function is:

log p(t|d, θ)
(6)
∀dS,d→t

where S is training set; t is the golden tag path for d  S; log p(t|d, θ) =


log exp{s(d, t, θ)} / ∀t exp{s(d, t , θ)} = s(d, t, θ) − log ∀t exp{s(d, t , θ)},


which is a sentence-level likelihood (s(d, t , θ) is the score for tag path t )
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(Because of space limitation, we can not discuss sentence-level likelihood in detail
but more explanation about it can be found in [2]). We use a variation of stochastic gradient descent called AdaGrad and backpropagation algorithm to update
parameters Θ.

4

Boosting the Model by Adding Linguistic Features

Though our model DTBCSNN is an end-to-end deep learning based model without any human-crafted features, it can easily incorporate linguistic features to
further boost model performance. Our model does not need to change the dimensions of word embeddings or stacked neural network settings, only requiring to
append the linguistic feature vectors to the output feature vectors of the ﬁrst
hidden layer and learn extra parameters for linguistic features. The number of
linguistic features that may be useful for aspect term extraction such as POS
tags, sentiment lexicon is large. In this paper, we choose POS tags and chunk
information [3] as the linguistic features.

5

Experiments

5.1

Experimental Settings

Pre-processing. We use the common BIO coding method to label our dataset,
in which “B” represents “beginning of aspect term”, “I” represents “inside of
aspect term” and “O” is for “outside of aspect term”. The predicted segmentation with “B” at the beginning followed by “O” is regarded as an aspect term.
Datasets. In this paper, we adopt the datasets from SemEval2014 Task43
(reviews on restaurant and laptop domain) whose speciﬁc description is shown
in Table 1. For each domain, we only use the training set to train our model and
then apply the test set to evaluate the trained model. In all of the experiments,
we train and test our model in a uniﬁed manner.
Table 1. Statistics of SemEval2014 datasets. #S means “sentence” and #T means
“aspect term”.
Restaurant
Training Test

Laptop
Total
Training Test

#S 3,041

800

3,045

800

7,686

#T 3,693

1,134 2,358

654

7,839

Evaluation Metrics. Exact evaluation metric is applied in our paper. This
means that only the predicted aspect term whose boundary matches the golden
3

http://alt.qcri.org/semeval2014/task4/index.php?id=data-and-tools.
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boundary can be seen a right one. We use F1 scores to evaluate the model
performance.
Model Settings. We ﬁrstly use pre-trained word embeddings to initialize the
word vectors. Considering that the performance of model can beneﬁt from the
word embeddings trained by the same domain corpora, we train word embeddings with gensim4 on Yelp Challenge dataset5 for restaurant domain and on
Amazon dataset6 for laptop domain. We select all restaurant reviews from Yelp
datasets and only the electronic reviews from Amazon datasets. We tuned word
embedding dimension in {100, 150, 200, 250, 300, 350, 400} and determined the
size of 300 for the two domains. The window size is 3 tuned from {1, 3, 5}. For
laptop domain, Nf is 300 tuned from {200, 250, 300, 350, 400} and Nf2 is 250
tuned from {200, 250, 300, 350}; for restaurant domain, Nf is 250 and Nf2 is 200
tuned the same way as laptop domain. During the process, Stanford Parser [23]
is used to get dependency parse trees for sentences.
We combine mini-batch AdaGrad and early stopping to train our model. The
mini-batch size is 25 tuned from {10, 15, 20, 25, 30}. In order to use the method
of early stopping, 10% data from the training set are randomly selected as validation set and the rest of them as training set. When each epoch training is
ﬁnished, we use validation set to evaluate the model, to keep whichever parameters that entail the best performance on the validation set. By the way the
early stopping steps are set to 10 tuned from {5, 10, 15, 20}, meaning that if the
performance fails to exceed the best result over 10 times, the training will be
stopped. After going through the steps mentioned above, it is time to use test
set to evaluate the trained model on the best parameters.
Adding Linguistic Features. We use POS tags and chunk information as the
extra linguistic features. POS tags contains four types including noun, adjective,
verb and adverb, while chunk contains ﬁve classes: NP, VP, PP, ADJP and
ADVP. These are all coded as binary features.
5.2

Baseline Methods

We compare our model with the following baselines:
• CRF. A linear-chain CRF with commonly used linguistic features including
current word, context information, POS tag, positions, stylistics and preﬁxes
and suﬃxes between one to four characters [3].
• Elman-RNN. An Elman type recurrent neural network on the top of word
embeddings proposed by [3]. Elman-RNN contains a lookup-table layer, a
hidden layer and an output layer.
• Elman-RNN+F. The above Elman-RNN adding the same linguistic
features as ours.
4
5
6

https://pypi.python.org/pypi/gensim.
http://www.yelp.com/datasetchallenge.
http://jmcauley.ucsd.edu/data/amazon/links.html.
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• LSTM-RNN. An LSTM network which is the another type of recurrent
neural network proposed by [3]. It shares a same architecture with ElmanRNN.
• LSTM-RNN+F. The above LSTM network adding the same linguistic features as ours.
• HIS RD. The top system [17] on the laptop domain for SemEval2014 Task4.
It is a CRF based model leveraging lexical features, syntactic information, etc.
• DLIREC. The winning system [16] on the restaurant domain for
SemEval2014 Task4. It is another CRF based model and it considers various lexical, syntactic, semantic features of the sentences.
We mainly compare our model with the RNN based models proposed by
[3]. In their paper, they have proposed numerous types of RNN based models including Jordan-RNN, Elman-RNN, LSTM, Bi-Elman-RNN, Bi-LSTM, etc.
Their experimental results show that Elman-RNN and LSTM achieve higher
performance over other models, so we adopt Elman-RNN and LSTM as the
baselines ignoring the other inferior models.
5.3

Final Results and Analysis

Table 2 shows the results of the mentioned baselines and our model. We use
the same linguistic features which are used in [3]. In [3], they used diﬀerent
dimensional word embeddings for a speciﬁc model to evaluate performance, so
we report the best result for a speciﬁc model from their paper. The followings
are the analysis and conclusions:
• Comparing to the traditional linear CRF model, the deep learning based
models (DTBCSNN and RNNs) apparently achieve much better performance
especially in the laptop domain. This demonstrates the eﬀectiveness of deep
learning and its superiority over linear CRF.
Table 2. Model comparison results in terms of F1 scores (%).
Models

Restaurant Laptop

CRF

77.28

68.66

Elman-RNN

80.37

74.43

Elman-RNN+F 81.66

74.25

LSTM-RNN

79.79

73.52

LSTM-RNN+F 81.37

75.00

HIS RD

79.62

74.55

DLIREC

84.01

73.78

DTBCSNN

82.26

74.70

DTBCSNN+F

83.97

75.66
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• Our model is more outstanding than RNN based models. Quantitatively, from
results on the Table 2, DTBCSNN can achieve a result of 82.26% in restaurant
domain and outperforms all of the RNNs based models even including those
adding extra linguistic features. In laptop domain, DTBCSNN can achieve
74.70% which is better than HIS RD and almost every RNNs based models
except LSTM-RNN+F. These results indicate the limits of the RNNs based
models and the eﬀectiveness of our model by leveraging syntactic features for
aspect term extraction.
• Adding linguistic features is ascertained to boost our model, as DTBCSNN+F
achieves 83.97% exceeding DTBCSNN by 1.71% in the restaurant domain and
exceeds 0.96% than DTBCSNN in the laptop domain. Comparing with the
wining systems HIS RD and DLIREC, DTBCSNN+F can achieve a performance close to DLIREC which is slightly lower by 0.04% in the restaurant
domain but DTBCSNN and DTBCSNN+F all outperform HIS RD in the
laptop domain.
5.4

Development Experiments for Model Analysis

In this part, we do extensive experiments to evaluate the model architecture,
with added linguistic features and word embeddings.
Eﬀect of DTBCL. DTBCL refers to the ﬁrst part of our model that is
dependency-tree based convolutional layer. We do experiment excluding DTBCL
to see how much inﬂuence it can engender to the model. We use DTBCSNN as
the baseline. After dropping DTBCL, the rest of the model is a stacked neural
network (SNN). The result is in the Table 3, from which, we can see that the
performance is damaged after dropping DTBCL on both dataset domain. The
score on restaurant domain is reduced by 1.84% and 4.11% on laptop domain,
which demonstrates the importance and eﬀectiveness of tree-based convolution
to capture syntactic features for aspect term extraction in our model.
Table 3. Eﬀect of DTBCL in terms of F1 scores (%).
Models

Restaurant Laptop

SNN

80.42

70.59

DTBCSNN 82.26

74.70

Eﬀect of Adding Linguistic Features. We divide the two linguistic features
mentioned above into isolated ones and add each feature to DTBCSNN to see
the performances. The results are in Table 4, from which we can ﬁnd out that
the performance of DTBCSNN is improved after adding one certain linguistic
feature on both domains and adding all the linguistic features is better than
adding only one single feature. Based on the results, we can safely conclude that
(1) our model can easily incorporate linguistic features to improve the model
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Table 4. Eﬀect of adding linguistic features in terms of F1 scores (%).
Models

Restaurant Laptop

DTBCSNN

82.26

74.70

DTBCSNN+POS

82.60

75.43

DTBCSNN+chunk 82.53

75.08

DTBCSNN+F

75.66

83.97

performance; (2) we can explore more linguistic features and then combine them
to further boost our model.
Eﬀect of Word Embedding Dimensions. In an attempt to evaluate the
model sensitivity to the dimension of word embeddings, we vary the dimension
from 50 to 400 with interval as 50. Restaurant domain uses word embeddings
trained on Yelp dataset and laptop domain applies word embeddings trained
on Amazon dataset. After conducting the experiment on DTBCSNN model,
results are shown in Fig. 2, which tells us that the highest score is achieved at
around dimension 300 and that after dimension 150, the performance does not
vary so much. The results verify that DTBCSNN is not so sensitive to the word
embedding dimensions on the condition that the dimension is in the appropriate
range e.g. from 150 to 400.
0.84
0.82

f1-scores

0.8
Restaurant
Laptop

0.78
0.76
0.74
0.72
0.7
50

100

150

200

250

300

350

400

dimension

Fig. 2. Eﬀect of word embedding dimensions.

Eﬀect of Word Embedding Types. In order to see the eﬀect of word embedding types to the model, we use word embeddings trained on Yelp datasets
(YWE), word embeddings trained on Amazon datasets (AWE) and Google word
embeddings7 (GWE) to do the experiment with DTBCSNN. Speciﬁcally, we test
the model with YWE and GWE on restaurant domain and with AWE and GWE
on laptop domain. The results are shown in Table 5. From the results, we can see
that the performance of the model declines when using GWE as the word embeddings. On restaurant domain, the performance reduces by 0.86% compared to
YWE and on laptop domain it drops by 2.07% compared to AWE, which tells
us that using word embeddings trained by the same domain corpora is necessary
for the problem.
7

https://code.google.com/archive/p/word2vec/.
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Table 5. Eﬀect of word embedding types in terms of F1 scores (%).
Type

Restaurant Type

Yelp

82.26

Google 81.40

6

Laptop

Amazon 74.70
Google

72.63

Conclusion

In this paper, we propose a novel dependency-tree based convolutional stacked
neural network, aiming to leverage dependency information of sentences and the
eﬀectiveness of deep learning for aspect term extraction. We apply tree-based
convolution to capture dependency information for this problem. Our model does
not need any manually features and is ﬂexible to incorporate extra linguistic
features to further boost model performance. The results of experiments on
datasets show the superiority of our model to baselines.
Acknowledgements. This work was supported by National Natural Science Foundation of China (No. 61602490) and the National High-tech Research and Development
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