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Abstract

Aspect-based sentiment analysis is to discover the sentiment polarity towards an aspect from user-generated
natural language. So far, most of the methods only use the implicit position information of the aspect in the
context, instead of directly utilizing the position relationship between the aspect and the sentiment terms. In
fact, neighboring words of the aspect terms should be given more attention than other words in the context.
This paper studies the influence of different position embedding methods on the sentimental polarities of given
aspects, and proposes a position embedding interactive attention network based on a long short-term memory
network. Firstly, it uses the position information of the context simultaneously in the input layer and the
attention layer. Secondly, it mines the importance of different context words for the aspect with the interactive
attention mechanism. Finally, it generates a valid representation of the aspect and the context for sentiment
classification. The model which has been posed was evaluated on the datasets of the Semantic Evaluation 2014.
Compared with other baseline models, the accuracy of our model increases by about 2% on the restaurant
dataset and 1% on the laptop dataset.
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1. Introduction

There are many major undertakings in natural language processing. Sentiment analysis is considered
to be one of them [1,2]. Compared with document level and sentence level sentiment analysis, aspect-
based sentiment analysis (ABSA) is more fine-grained. The task of ABSA is to recognize the positive or
negative opinions about the entities (also called aspects/features/targets) in a review. Aspect-term
sentiment analysis (ATSA) will recognize emotional polarity in the form of multi-word phrases or single
words related to the target entity appearing in the comment [3]. We focus on the latter in this paper. There
are different emotions classified in a sentence, such as in the sentence “iPhone's voice quality is great,
but its battery sucks.” the voice quality of the iPhone is classified as a positive emotion, and the battery
is classified as a negative emotion.

Traditional methods emphasize the design of a set of features to solve the ABSA problem [4-9]. These

models use conventional machine learning to construct sentiment features and make sentimental polarity
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predictions for specific aspects. Bag-of-words, sentiment lexicon, or rules are used to train classifiers.
Their performances depend largely on the quality of features, which has great limitations.

There are three important issues in ABSA. The first is to represent the contextual words of an aspect
in the sentence or document. The second is to get aspect representation with contextual interaction. Last
but not least, how to distinguish the important emotional words in the specified aspect of the text. Many
methods are developed to model the relationship of aspect and context, and to model context more
accurately by generating specific representations [10]. However, they do not consider a particular
positional relationship of the aspect and its context. In fact, the polarity of an aspect term is mainly
represented by its neighboring words in the context. Those words closer to the aspect become more likely
to represent the polarity. For instance, in the sentence “The sangria was pretty tasty and good on a hot

muggy day,
ment, not “muggy day” far away. The general attention mechanism calculates the relationship between

EENT3

sangria” is an aspect term, and “pretty tasty” next to “sangria” can express positive senti-

hidden vectors. It can't discriminate the significant degree between different words, because it does not
make explicit use of position information. Therefore, we proposed a model named PEIAN (position
embedding interactive attention network) for ABSA, which fully utilizes context position and the
interactive attention between aspect and context to obtain the most important sentiment terms for the
aspect and to better conduct sentiment prediction.

The major contributions of the dissertation are as the following:

1) We propose three-position embedding methods to represent the relative position information of
context and aspect, including random embeddings with relative positions, random embeddings
with absolute positions, and word embeddings with weights. We compare the performances of
the three methods and find that the method of word embeddings with weights has the best
performance.

2) We propose a long short-term memory (LSTM)-based model incorporating the relative position
information for ABSA. We study the affection of the relative position information on the input
layer and the interactive attention layer. When the location information is explicitly added to the
input layer and the interactive attention layer of the model simultaneously, the most effective
representation can be generated, and the model performs best.

3) On the premise of adding position information to the network, interactive attention mechanisms
are used to model the aspect and the context and simultaneously obtained information of aspect
and context. It plays an important role, because this mutual relation between the aspect and the
different words in the context can predict the sentimental polarity.

We evaluated the proposed model on the datasets of the Semantic Evaluation 2014 (SemEval2014).
The experimental results show that of our model outperform the other state-of-the-art models.

2. Related Works

ABSA is a branch of text classification, which belongs to fine-grained sentiment classification. Related
researches include traditional emotion classification methods and neural network methods.

2.1 Conventional Sentiment Classification Methods

In the early stages, sentiment classification consists of rule-based methods [11], SVM-based methods
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[5,12], and so on. Manual feature engineering efforts are widely needed, which includes sentiment
lexicon [7,8], n-gram and parses tree feature [9]. Feature selection techniques can decrease the less
informative features and increase the performance and the speed [13,14]. These methods are widely used,
but their results still depend on whether the manual features are effective enough. What’s more, the
features cannot be extracted automatically, which leads to the time and manpower consumption when
processing a large amount of data. In addition, sentimental labels are usually not easy to be obtained. In
this case, text clustering methods can be used, such as k-mean clustering, LDA clustering, hierarchical

clustering, and so on [15-18].

2.2 Methods based on Neural Networks

Nowadays neural networks are researched mostly and they become common in sentiment analysis
[19,20]. They can extract features automatically for this task. We introduce the related works below.

One approach is based on convolutional neural network (CNN) or recursive neural network (RNN)
[21]. However, the underlying assumption that the sentences have syntactic rules may not always be
correct when online comments and reviews are considered. Chen [22] used CNN to obtain the sentiment
of an aspect by recognizing the sentiment of the clause. The neural sequential model, such as LSTM [23],
is another way to represent features. They have abilities to represent sequential information.

The hierarchical and bidirectional LSTM model, which proposed by Ruder et al. [24], was utilized the
relationship between the words and the sentences. Furthermore, attention mechanism was considered in
some sequence-based methods [4,10]. An LSTM network based on aspect embedding is conceived by
Wang et al. [9], which focuses on the relevant parts of the sentence. The model used attention mechanism
to focus important parts of a sentence. It is adaptive, for the correct words are focused by the model. Tay
et al. [25] use aspect information, which is established by the relationship between context and aspect
terms, and is incorporated into a neural model. The interactive attention networks (IAN), which were
proposed by Ma et al. [4], get the feature representations for aspect terms and context. This attention
mechanism takes the sequence representation and external memory as inputs, and generates a probability
distribution to generate the focus of each position in the sequence [26]. On the whole, the advantage of
CNN-based methods is high efficiency, while LSTM based methods have better performance of
classification.

Some methods use the phrase and syntactic structure information to improve performance [25]. What’s
more, there are also different kinds of joint models for ABSA. The opinion can be refined by adding
sentiment polarity so that both opinion expressions and the polarity information can be jointly captured
using sequence labeling models [28]. Also, aspect extraction tasks can be added to this joint learning
framework [10,28]. These methods get more performance because of additional knowledge, but models
are complex and there are many limitations to use.

We propose an LSTM-based model utilizing explicit position information and the interaction attention
between the aspect and the context. The hidden vectors encoded by LSTM contain word order infor-
mation and syntactic information and LSTM-based models have been proved to perform well for ABSA,
compared with the CNN-based method. Position information and interaction attention can identify the
importance of context words for the given aspect, then get a better representation of context for sentiment

classification. Compared with the other methods, our model achieves better results.
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3. Proposed Device Discovery Scheme

3.1 Position Embedding of Context

For a sentence, the aspect may have more than one word, which is uniformly expressed as w,, and the
context has N words totally {w;, w,, -+, W,_1,W44q, -, Wy}, shown in Fig. 1. Then the relative position
of the context and the aspectis R, = {1 —a,2 —a,--,—1,1,---, N — a}. For example, given a sentence
“This is some of the worst sushi [ have ever tried”, the aspect “sushi” is the seventh word, and the position
sequence of the context “this is some of the worst I have ever tried” is expressed as R, =
{-6,-5,—4,-3,-2,-1,1,2,---,N = 7}.

W a

. Waq Wa+1 Wa+2 ...

-

1-a 2-a
Fig. 1. The diagram of the position embedding.

To encode the relative position of the context and the aspect, we design three position embedding
modes, which are expressed by P;,i = 1,2,3:

1) The first mode P;: For a position value in R, a random vector subjected to uniform distribution
is generated as position embedding with dimension d,,. If two words in different sentences have
the same relative position values, they have the same position embeddings. On the contrary, they
are different.

2) The second mode P,: Firstly, the absolute value of R,, is taken. Then the position embedding is
generated according to the mode of P;. If the absolute value of a relative position in R, is the
same, then the position embedding is the same.

3) The third mode P;: The relative distance between the certain word w; of the context and the aspect
W, is © — a. First, the word embedding of w; with dimension d,, can be obtained from the index
table of the word vector. Then, the corresponding word embedding is multiplied by the weights 1 —
(li = al = 1)/N, as the position embedding of w;. The word vector can be Word2vec, Glove, and
all that.

3.2 Structure of Our Model

Our model has the structure shown as the Fig. 2.

1) The input layer: Suppose the context is composed of N words {w{, ws ---wg} and the aspect is
composed of M words {wf, w --- wi,}. Firstly, we get the word embedding of the context and the
aspect with dimensions d,, from the index table of word vectors. For the context, the position
embedding P; is obtained by using the method described above, and it is concatenated with the
word embedding of the context to get the input of the context. The input of the aspect is its word
embedding.
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2)

The hidden layer: The inputs of the context and the aspect are fed into LSTM, respectively. If the
input vector of a word is e¥, the state of the former cell is c¥~, the state of the previously hidden
layer is represented as h*~1. The network was updated when it uses the current cell state c* and
hidden layer state h* :

*=o(Wg- e+ Wl -h1 +b) )
k=g(WF- e+ Wt hkt 4+ by) )
ok = oWy -eX + Wi h*1 +b,) 3)
* = tanh(W* - e + W - h*"* + b,) 4)
k=fkQckt+ikQek )

h* = 0* © tanh(c¥) (6)
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Overall architecture of PEIAN.

Among them, input gate, forgetting gate, and output gate are represented by i,f,ando,
respectively; o is sigmoid activation functions; W and b denote weights and biases respectively;
the symbol - is matrix multiplication, ® expresses element-wise multiplication. Then we obtain
the hidden vector of the context {h, hS --- h§} and the hidden vector of the aspect {h, h --- h§ 3,
respectively.

Acquisition of the new vectors: Concatenate the position embedding of the context to the hidden
vector of its corresponding words {h{, hS --- h§}. For example, for the hidden vector h{ of the word
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4)

5)

w; in the context, the new vector is h{¥ = [hf,w?], where w! is the position embedding of w;.
What’s more, the word embedding of the aspect and its corresponding hidden vector {h%, hS --- hi,}
are concatenated. For example, for the hidden vector hf of the word w; in the aspect, the new
vector is hfY = [k}, w]] ,where w} is the word embedding vector of the aspect.

The interactive attention layer: New vectors h;” and h{" are used to calculate interactive

attention. Firstly, the average vectors of the context and the aspect are obtained by average

pooling:
1 N
C=3 ) KT )
i=1
1 M
T= ) B (®)
j=1

Use T to obtain the attention weights of h;” (i = 1,2---N), and use C to obtain the attention
weights of h{" (j = 1,2 - M):

@(h{?,T) = tanh(h? - W, - TT + bey) )
@(h",C) = tanh(hfY - Wy, - CT + byy,) (10)
where tanh(-) is an activation function.

The final representation layer: final attention a;(i =1,2---N) and B;(j = 1,2---M) can be
calculated by:

e®(ni"1)
RTIECE (an
i=
; 22(nc)
= (12
u o)

We multiply the hidden vectors by the attention weight a;, §; to get the context representation

and the aspect representation:

N

=) ahf (13)
2
M

= Bih (14)
=1

Then the representation C" and T'are concatenated as S = [C’, T']. We project S into the space of

K categories by a non-linear transformation:
x = tanh(W, - S + b,.) (15)

Finally, the probability that an aspect belongs to a sentiment category i (i = 1,2,...,K) is
computed by
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e
Vi = TR o (16)

According to the maximum probability, the model gets final sentiment category. The training loss

is the cross-entropy loss.

4. Experimental Results

4.1 Experimental Data and Parameter Setting

The effectiveness of the model is verified on the SemEval2014 task. SemEval2014 datasets contains
data from restaurant and laptop. Sentiment polarities include negative, positive, and neutral. The number

of training and test instances of the two datasets is stated categorically in Table 1.

Table 1. Statistics of SemEval2014 datasets

Positive Neural Negative
Dataset
Train Test Train Test Train Test
Restaurant 2,164 728 637 196 807 196
Laptop 994 341 464 169 870 128

In our model, word embedding is given by Glove [29], and all out-of-vocabulary words are initialized
by uniform distribution U(—0.1, 0.1). The initial weight matrix is in a uniform distribution U(—0.1, 0.1).
Set the initial biases to be zeros. The dimension of word embedding, position embedding, and LSTM
hidden states are set to 300 to compare fairly with IAN and other baseline models. We set the coefficient
of L2 normalization to be 1075, and the dropout rate to be 0.5. The experiment utilizes the Adam
optimization strategy with a batch size of 32. The default learning rate is 0.01, and the maximal training

epoch is 10.

4.2 Experiments on Real Images

We design a series of experiments to verify the ability of introducing position information into the
input layer and attention layer. In Fig. 3, five nodes of horizontal ordinate represent five different input
layers of the context. P;, i = 1,2,3 represent the position embedding as mentioned above, and “&word
embedding” represents that the position embedding concatenates to the word embedding as input. In
addition, we design five different networks by referring to [4], like the following.

1) Context: We do not use aspect information. The attention weights of the context are learned by its
own hidden vectors h{ (i = 1,2,IN). Finally, we use the summation of the hidden feature vectors
to multiply their corresponding attention weights, to represent a sentence.

2) No-Interaction: The attention weights of the context and the aspect are learned by their own hidden
vectors, without interactive attention. That is, the aspect and the context are modeled
independently.

3) Aspect-Attention-Context: The average pool vector of {hf, h --- ht} is used to get the attention
weight of h{. The final processing is same as the step 2.
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4) Interactive Attention: The average pool vector of {hf, h --- hl,} is used to get the attention weight
of hf.(i = 1,2,IN), and the average pooling vector of {h{, hS -+ h§} to obtain the attention
weights of hf (j = 1,2,IM). The hidden vectors earning from context and aspect will multiply their
corresponding attention weights, summed and concatenated to represent the sentence.

5) Interactive Attention Combining Position: Use T to obtain the attention weights of h;” (i =
1,2,IN), and C to the attention weights of her(]- = 1,2,IM). Then the hidden vectors of the
context and the aspect multiplied by their corresponding attention weights are summed and

concatenated to represent the sentence.

Restaurant Laptop
081 074
0.805 I~ ®No-nteraction 073  No-Interaction
0.8 1 _
0.795 072
g 079 W Context E 071 - W Context
= 0785 =2 07
& om Aspect-Attention- 1 Aspect-Attention-
0775 Context 068 Context
077 068
0.765 W Interactive Attention B nteractive Attention
075 0.67
word  PiEword P2Rword 3 P3Bword . . word  Piéword  P2Bword P3 P3&word
mh:;dm smh:;:i[re Emh:;:i're mhﬁ:::re M Interactive Attention embedding embedding embedding embedding B \nteract.we Atter?tlon
Combining Position Combining Position
Input Layer Input Layer
(2) (b)

Fig. 3. Accuracy of different networks with different input layers on the SemEval2014 dataset: (a)
restaurant and (b) laptop.

Fig. 3 illustrates the accuracy of experiments on the restaurant and the laptop datasets. For the different
position embedding of the input layer, we can see that P3&word embedding gets the best result, followed
by P3 and P2&word embedding. P1&word embedding gets the worst result, even worse than not using
position embedding in most cases. Comparing with the input using word embedding directly, P3 increases
the accuracy of the five networks by 0.5%—1%. This is owing to that P3 is a kind of weighted word
embedding and has both semantic information and position information. What’s more, P3 is concatenate
to the original word embedding to get P3&word embedding, which further strengthens the combination
of semantic and position information, and obtains about 0.5% higher accuracy than P3.

Interactive Attention Combining Position network with input of P3&word embedding (i.e., PEIAN)
has the highest accuracy in all methods, which achieves 80.7% and 73.1% in restaurant and laptop,
respectively. This is because PEIAN fully use the position information of the input layer and the attention
layer, as well as the interaction of the aspect and the context, thus effectively improving the sentiment

classification.

4.3 Comparisons of Different Models

In order to evaluate the superiority of our model comprehensively, we compared it with some advanced
models as follows:

LSTM: LSTM is a kind of neural network that contains LSTM blocks. It models the context with only
one LSTM network. After obtaining the hidden state, we averaged the values as the final representation,

and sent it to the softmax function ultimately [10]. The 300-dimensional Glove vector is used and
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embedded for a word. The hidden states produced by the LSTM is set to 300. The learning rate is set as
0.01.

AE-LSTM: Words are modeled through LSTM. It is a better method, for the final representation of
the input sentence generated by using the attention weight for judging the polarity. The attention weight
is obtained by connecting various aspects hidden to the context representation [10]. The word vector,
hidden states and learning rate that we set is same as the LSTM model.

ATAE-LSTM: ATAE-LSTM is extended by AE-LSTM. Its parameters are the same as those of AE-
LSTM. For this model, aspect embedding is added to each word embedding method to represent the input
sentence [10].

TD-LSTM: TD-LSTM gives right and left context representation using two LSTM models
individually and combines them to predict aspect polarity [26]. The word vector, hidden states and
learning rate that we set is same as the LSTM model.

GCAE: GCAE is proposed by combining the convolution layer and gating mechanism. Partly is due
to the convolution filter and partly is due to the gating unit on the convolution layer and the maximum
pool layer, the model extracts different granularity n-gram features from different embedded vectors in
each position, and accurately extracts and selects the related emotional features [23]. The word vector
and learning rate, which we fit, is identical to the LSTM model, 100 filter’s widths that we set are 3,4,5.

MemNet: More abstract evidence can be selected through external memory, which is provided by the
MemNet algorithm. The output of the attention layer is connected the softmax layer, after embedding
words with multiple attention [27]. We set dimension of the word vector and learning rate of the model
to be the same as those of LSTM model.

TAN: Aspects and contexts are modeled respectively based on the interactively learn attentions, and
are combined to predict the sentiment polarity [4]. The word vector, the number of hidden states and the
learning rate of the model is same as the LSTM model. Get the initial weights by using uniform
distribution U(0.1, 0.1). Set all deviations to be zero.

Table 2 shows the results of different models on SemEval2014 datasets. Our model achieves the best
performance in all models. LSTM model was the most inferior. The principal reason is that it only
depends on the context information. So it cannot give full information of the aspect to predict the
sentimental polarity. Compared with LSTM, TD-LSTM improves the accuracy of restaurant and laptop
datasets by 1.3% and 1.6%, respectively. The main contribution comes from the processing of aspects
and contexts. It is more effective, for adding the attention mechanism to get important words. The two
models of AE-LSTM and ATAE-LSTM are somewhat similar, and the latter is an extension of the
former. Both of them have much better performance than TD-LSTM. In particular, ATAE-LSTM
enhances the interaction between context and aspect. Therefore, compared with TD-LSTM, ATAE-
LSTM improves the accuracy of restaurant and laptop datasets by 1.6% and 0.6%, respectively.

Compared with ATAE-LSTM, the accuracy of IAN in restaurant and laptop datasets are improved by
1.4% and 3.4%. The advantage of MemNet is that it applies multiple attention to word embedding, but it
does not pay enough attention to the potential relevance of context and aspect. PEIAN uses context
location information in the embedded layer and the attention layer simultaneously, and mines attention
weights for the context, which greatly strengthens the important information and weakens the unim-
portant information. The experimental results show that it achieves best performance, which is 0.8% and
2.8% higher than MemNet, as well as 2.1% and 1% higher than IAN.
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Table 2. Experimental results of different models

Accurate rate of 3-class for SemEval2014 Task 4

Model
Restaurant Laptop
LSTM 0.743 0.665
TD-LSTM 0.756 0.681
AE-LSTM 0.762 0.689
ATAE-LSTM 0.772 0.687
GCAE 0.775 0.694
MemNet 0.799 0.703
IAN 0.786 0.721
PEIAN 0.807 0.731

Bold font indicates the best performance in each test.

4.4 Statistical Significance Analysis

We further evaluate the results of PEIAN and IAN on ten experiments by #-test. Precision, recall, F1,
and weighted-average are shown in Tables 3 and 4. We highlight (bold) the better values and p-values of
t-test.

Table 3. Significance tests of PEIAN and IAN on Restaurant dataset

Precision Recall F1
best mean  p-value best mean  p-value best mean  p-value
Positive 1.17E-01 4.86E-01 1.62E-03
IAN 0.885 0.841 0.962 0.925 0.886 0.881
PEIAN 0.894 0.856 0.964 0.926 0.899 0.889
Neutral 1.51E-01 1.23E-01 2.72E-02
IAN 0.622 0.570 0.490 0.388 0.508 0.459
PEIAN 0.693 0.597 0.541 0.428 0.559 0.499
Negative 4.10E-01 1.16E-01 1.87E-02
IAN 0.761 0.701 0.745 0.654 0.703 0.673
PEIAN 0.779 0.705 0.770 0.692 0.724 0.695
Weighted-average 3.54E-05 3.54E-05 3.54E-05
IAN 0.787 0.769 0.794 0.784 0.788 0.770
PEIAN 0.807 0.787 0.811 0.798 0.811 0.787

Bold font indicates the better values and p-values of #-test (0<0.05).

Table 4. Significance tests of PEIAN and [AN on Laptop dataset

Precision Recall F1

best mean  p-value best mean  p-value best mean  p-value

Positive 1.95E-01 1.89E-01 1.00E-02
IAN 0.878 0.821 0.894 0.848 0.841 0.833
PEIAN 0.872 0.834 0.894 0.858 0.855 0.845

Neutral 2.05E-01 7.14E-02 1.50E-02
IAN 0.702 0.648 0.556 0.451 0.591 0.527
PEIAN 0.702 0.661 0.568 0.490 0.597 0.561

Negative 3.31E-01 2.64E-01 3.56E-01
IAN 0.578 0.521 0.742 0.674 0.603 0.586
PEIAN 0.571 0.526 0.773 0.658 0.612 0.582

Weighted-average 7.17E-02 1.88E-02 2.93E-02
IAN 0.727 0.715 0.724 0.708 0.723 0.703
PEIAN 0.749 0.726 0.735 0.720 0.726 0.717

Bold font indicates the better values and p-values of #-test (01<0.05).
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In Table 3, the weighted-average of precision, recall, and F1 of PEIAN and IAN are significantly
different. All F1 values of PEIAN have significant improvement. On balance, the experiment suggests
that PEIAN outperforms IAN.

Similar with Table 3, the weighted-average of precision, recall, and F1 of PEIAN and IAN in Table 4
are significantly different. F1 values of PEIAN show significant improvement. The experimental result
also shows that PETAN outperforms TAN.

4.5 Analysis of Specific Examples

To intuitively understand the proposed model, we show the attention visualizations for two examples
in Fig. 4. The weight of the aspect is set to be zero to specifically compare the context weights of PEIAN
and TAN.

0.25
0.20
0.15
0.10
0.05
0.00

PEIAN

IAN A

However
being
foodies
were o
utterly
with o
the 4
food |

disappointed

(a)

0.20
PEIAN 7 0.15

0.10
18N 4
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0.00
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incredibly
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over

o
minutes

Startup times

(b)

Fig. 4. Attention visualizations for two examples in PEIAN and IAN: (a) Restaurant and (b) Laptop. The
weight of the aspect is set to be zero for visualizations.

In Fig. 4(a), we can observe that sentiment terms “utterly disappointed” closer to the aspect “food”
weighs a lot more than other context words in PEIAN. This characteristic also can be observed in Fig.
4(b), which visualizes weights of the negative review “Startup times are incredibly long; over two
minutes.” In this example, the aspect is “Startup times.” The sentiment terms “incredibly long” closer to
the aspect also have a lot more weights than other context words in PEIAN. This makes many

contributions to judging aspect sentiment polarity. So, in both cases, PEIAN correctly judged the polarity
of aspects.

5. Conclusion

Position information plays a crucial role in aspect sentiment classification, but previous models do not
explicitly use this position information. In this paper, we designed three patterns to represent position
information. We proposed a sentiment classification method named PEIAN, which explicitly took
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advantage of position information in the input layer and the interactive attention layer to generate the
most effective representation for the aspect and the context respectively. We tested PEIAN and other
seven models on SemEval 2014 datasets. The accuracy of PEIAN achieved 80.7% on the restaurant
dataset and 73.1% on the laptop dataset. In comparison with other baselines, PEIAN obtained the best
results. At the same time, we calculated p-value of significance tests for PEIAN and IAN. The weighted-
average Fl-values of PEIAN obtained 81.1% and 72.6% in the two datasets, which were much better
than TAN. The attention visualizations also showed that PEIAN can reasonably pay attention to those
sentiment terms, and learn effective features of the aspect and the context for judging the aspect sentiment
polarity. Overall, PEIAN is a suitable model for the ABSA task. The model can be applied to reviews of
other domains in the future.

Acknowledgement

This work was supported by the National Natural Science Foundation of China (No. 62162037) and
the General projects of basic research in Yunnan Province (No. 202001AT070047 and 202001ATO
70046).

References

[1] B.Liu, “Sentiment analysis and opinion mining,” Synthesis Lectures on Human Language Technologies, vol.
5, no. 1, pp. 1-167, 2012.

[2] A.Yadav and D. K. Vishwakarma, “A Language-independent network to analyze the impact of COVID-19
on the world via sentiment analysis,” ACM Transactions on Internet Technology (TOIT), vol. 22, no. 1, article
no. 28, 2022. https://doi.org/10.1145/3475867

[3] H. Liu, . Chatterjee, M. Zhou, X. S. Lu, and A. Abusorrah, “Aspect-based sentiment analysis: a survey of
deep learning methods,” IEEE Transactions on Computational Social Systems, vol. 7, no. 6, pp. 1358-1375,
2020.

[4] D. Ma, S. Li, X. Zhang, and H. Wang, “Interactive attention networks for aspect-level sentiment
classification,” in Proceedings of the 26th International Joint Conference on Artificial Intelligence (IJCAI),
Melbourne, Australia, 2017, pp. 4068-4074.

[S] V. Perez-Rosas, C. Banea, and R. Mihalcea, “Learning sentiment lexicons in Spanish,” in Proceedings of the
8th International Conference on Language Resources and Evaluation (LREC), Istanbul, Turkey 2012, pp.
3077-3081.

[6] D. Rao and D. Ravichandran, “Semi-supervised polarity lexicon induction,” in Proceedings of the 12th
Conference of the European Chapter of the ACL (EACL), Athens, Greece, 2009, pp. 675-682.

[7]1 N. Kaji and M. Kitsuregawa, “Building lexicon for sentiment analysis from massive collection of HTML
documents,” in Proceedings of the 2007 Joint Conference on Empirical Methods in Natural Language
Processing and Computational Natural Language Learning (EMNLP-CoNLL), Prague, Czech Republic,
2007, pp. 1075-1083.

[8] S. M. Mohammad, S. Kiritchenko, and X. Zhu, “NRC-Canada: Building the state-of-the-art in sentiment
analysis of tweets,” in Proceedings of the 7th International Workshop on Semantic Evaluation (SemEval),
Atlanta, GA, 2013, pp. 321-327.

[9] Y. Wang, M. Huang, X. Zhu, and L. Zhao, “Attention-based LSTM for aspect-level sentiment classification,”
in Proceedings of the 2016 Conference on Empirical Methods in Natural Language Processing, Austin, TX,
2016, pp. 606-615.

J Inf Process Syst, Vol.18, No.5, pp.614~627, October 2022 | 625



Aspect-Based Sentiment Analysis with Position Embedding Interactive Attention Network

[10] A. Ranjan, A. Tiwari, and A. Deepak, “A sub-sequence based approach to protein function prediction via
multi-attention based multi-aspect network,” IEEE/ACM Transactions on Computational Biology and
Bioinformatics, 2021. https://doi.org/10.1109/TCBB.2021.3130923

[11] S. Kiritchenko, X. Zhu, C. Cherry, and S. Mohammad, “NRC-Canada-2014: detecting aspects and sentiment
in customer reviews,” in Proceedings of the 8th International Workshop on Semantic Evaluation (SemEval),
Dublin, Ireland, 2014, pp. 437-442.

[12] J. C. Lamirel, P. Cuxac, A. S. Chivukula, and K. Hajlaoui, “Optimizing text classification through efficient
feature selection based on quality metric,” Journal of Intelligent Information Systems, vol. 45, no. 3, pp. 379-
396, 2015.

[13] D. Agnihotri, K. Verma, and P. Tripathi, “An automatic classification of text documents based on correlative
association of words,” Journal of Intelligent Information Systems, vol. 50, no. 3, pp. 549-572, 2018.

[14] D. Wu, R. Yang, and C. Shen, “Sentiment word co-occurrence and knowledge pair feature extraction based
LDA short text clustering algorithm,” Journal of Intelligent Information Systems, vol. 56, no. 1, pp. 1-23, 2021.

[15] L. M. Abualigah, A. T. Khader, and E. S. Hanandeh, “Hybrid clustering analysis using improved krill herd
algorithm,” Applied Intelligence, vol. 48, no. 11, pp. 4047-4071, 2018.

[16] L. M. Abualigah and A. T. Khader, “Unsupervised text feature selection technique based on hybrid particle
swarm optimization algorithm with genetic operators for the text clustering,” The Journal of Supercomputing,
vol. 73, no. 11, pp. 4773-4795, 2017.

[17] L. M. Abualigah, A. T. Khader, and E. S. Hanandeh, “A combination of objective functions and hybrid krill
herd algorithm for text document clustering analysis,” Engineering Applications of Artificial Intelligence,
vol. 73, pp. 111-125, 2018.

[18] S. C. Tseng, Y. C. Lu, G. Chakraborty, and L. S. Chen, “Comparison of sentiment analysis of review
comments by unsupervised clustering of features using LSA and LDA,” in Proceedings of 2019 IEEE 10th
International Conference on Awareness Science and Technology (iCAST), Morioka, Japan, 2019, pp. 1-6.

[19] Y. Mao, Y. Shen, C. Yu, and L. Cai, “A joint training dual-MRC framework for aspect based sentiment
analysis,” Proceedings of the AAAI Conference on Artificial Intelligence, vol. 35, no. 15, pp. 13543-13551,
2021.

[20] B. Kane, A. Jrad, A. Essebbar, O. Guinaudeau, V. Chiesa, I. Quenel, and S. Chau, “CNN-LSTM-CRF for
aspect-based sentiment analysis: a joint method applied to French reviews,” in Proceedings of the 13th
International Conference on Agents and Artificial Intelligence (ICAART), Virtual Event, 2021, pp. 498-505.

[21] J. Zhou, S. Jin, and X. Huang, “ADeCNN: an improved model for aspect-level sentiment analysis based on
deformable CNN and attention,” IEEE Access, vol. 8, pp. 132970-132979, 2020.

[22] S. Chen, C. Peng, L. Cai, and L. Guo, “A deep network model for specific target sentiment analysis,”
Computer Engineering, vol. 45, no. 3, pp. 286-292, 2019.

[23] S. Hochreiter and J. Schmidhuber, “Long short-term memory,” Neural Computation, vol. 9, no. 8, pp. 1735-
1780, 1997.

[24] S.Ruder, P. Ghaftari, and J. G. Breslin, “A hierarchical model of reviews for aspect-based sentiment analysis,”
in Proceedings of the 2016 Conference on Empirical Methods in Natural Language Processing (EMNLP),
Austin, TX, 2016, pp. 999-1005.

[25] Y. Tay, L. A. Tuan, and S. C. Hui, “Learning to attend via word-aspect associative fusion for aspect-based
sentiment analysis,” Proceedings of the AAAI Conference on Artificial Intelligence, vol. 32, no. 1, pp. 5956-
5963, 2018.

[26] J. Yang, R. Yang, H. Lu, C. Wang, and J. Xie, “Multi-entity aspect-based sentiment analysis with context,
entity, aspect memory and dependency information,” ACM Transactions on Asian and Low-Resource
Language Information Processing, vol. 18, no. 4, article no. 47, 2019. https://doi.org/10.1145/3321125

[27] F. Li, C. Han, M. Huang, X. Zhu, Y. Xia, S. Zhang, and H. Yu, “Structure-aware review mining and
summarization,” in Proceedings of the 23rd International Conference on Computational Linguistics
(COLING), Beijing, China, 2010, pp. 653-661.

626 | J Inf Process Syst, Vol.18, No.5, pp.614~627, October 2022



Yan Xiang, Jiqun Zhang, Zhoubin Zhang, Zhengtao Yu, and Yantuan Xian

[28] W. X. Zhao, J. Jiang, H. Yan, and X. Li, “Jointly modeling aspects and opinions with a MaxEnt-LLDA hybrid,”
in Proceedings of the 2010 Conference on Empirical Methods in Natural Language Processing (EMNLP),
MIT Stata Center, MA, 2010, pp. 56-65.

[29] J. Pennington, R. Socher, and C. D. Manning, “Glove: global vectors for word representation,” in Proceedings
of the 2014 Conference on Empirical Methods in Natural Language Processing (EMNLP), Doha, Qatar,
2014, pp. 1532-1543.

P~
o

Yan Xiang https://orcid.org/0000-0002-6475-638X

She is an associate professor of the Faculty of Information Engineering and Auto-
mation, Kunming University of Science and Technology. She graduated with B.E. de-
gree in engineering and M.S. degree in science from Wuhan University. She presided
one general basic research project in Yunnan Province, one sub project of Yunnan
provincial major science and technology special plan projects, one project of Yunnan
Provincial Department of education. She published over twenty papers as the first
author or corresponding author. Her main research interests include text mining and
sentiment analysis.

Jiqun Zhang https://orcid.org/0000-0002-5350-980X

She is an M.S. candidate at Faculty of Information Engineering and Automation,
Kunming University of Science and Technology. Her research interests include
natural language processing and sentiment analysis, etc.

Zhoubin Zhang https://orcid.org/0000-0002-3610-7147

He is an M.S. candidate at Faculty of Information Engineering and Automation,
Kunming university of Science and Technology. His research interests include natural
language processing and sentiment analysis, etc.

Zhengtao Yu https:/orcid.org/0000-0002-4012-461X

He is a professor, Ph.D. supervisor of Faculty of Information Engineering and Auto-
mation in Kunming University of Science and Technology. He graduated with Ph.D.
in Beijing Institute of Technology. He is holding Chinese Information Processing
Society of China (CIPSC), director of the CAA, the director-general of Yunnan Asso-
ciation of Automation title. There are more than 100 published by different interna-
tional journals and conferences. Possess various copyrights, patents. Have been gained
the first prize and the third prize for Yunnan Province Science and Technology Pro-
gress Award, the second prize for the Yunnan Province Natural Science Award. His
main direction of research is information retrieval, machine translation, natural
language processing, etc.

Yantuan Xian https:/orcid.org/0000-0001-6411-4734

He is currently an associate professor at Kunming University of Science and
Technology, China. He graduated from Yunnan Normal University, China, in 2003.
He received the M.S. degree from Shenyang Institute of Automation (SIA), China, in
2006. His research interests include pattern recognition, machine learning and
information retrieval.

J Inf Process Syst, Vol.18, No.5, pp.614~627, October 2022 | 627




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


