
 

www.kips.or.kr                                                                                           Copyright© 2022 KIPS 

       

 

         

 

 

 

Aspect-Based Sentiment Analysis with Position 

Embedding Interactive Attention Network 
 

 

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

 

 

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

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

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 ��, and the 

context has � words totally {��,��, ⋯ ,����,����, ⋯ ,��}, shown in Fig. 1. Then the relative position 

of the context and the aspect is �� = {1 − �, 2 − �, ⋯ , −1,1, ⋯ ,� − �}. For example, given a sentence 

“This is some of the worst sushi I 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 �� =

{−6, −5, −4, −3, −2, −1,1,2, ⋯ ,� − 7}. 

 

 
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 �	 , � = 1,2,3: 

1) The first mode ��: For a position value in ��, a random vector subjected to uniform distribution 

is generated as position embedding with dimension ��. 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 ��: Firstly, the absolute value of �� is taken. Then the position embedding is 

generated according to the mode of ��. If the absolute value of a relative position in �� is the 

same, then the position embedding is the same. 

3) The third mode �
: The relative distance between the certain word �	  of the context and the aspect 

�� is  � − �. First, the word embedding of �	  with dimension �� can be obtained from the index 

table of the word vector. Then, the corresponding word embedding is multiplied by the weights 1 −

(|� − �| − 1) �⁄ , as the position embedding of �	. 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 � words {��
� ,��

� ⋯��
� } and the aspect is 

composed of � words {��
� ,��

� ⋯�

� }. Firstly, we get the word embedding of the context and the 

aspect with dimensions �� from the index table of word vectors. For the context, the position 

embedding ��  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 ��, the state of the former cell is ����, the state of the previously hidden 

layer is represented as ℎ���. The network was updated when it uses the current cell state �� and 

hidden layer state ℎ� : 

 

�� � �	
�
� ∙ �� � 
�

� ∙ ℎ��� � 
�� (1) 

�� � ��
�
� ∙ �� � 
�

� ∙ ℎ��� � 
�� (2) 

�� � �	
	
� ∙ �� � 
	

� ∙ ℎ��� � 
	�
 

(3) 

�̂� � tanh	


� ∙ �� � 



� ∙ ℎ��� � 

� (4) 

�� � �� ⊙ ���� � �� ⊙ �̂� (5) 

ℎ� � �� ⊙ tanh	��� (6) 

 

 

Fig. 2. Overall architecture of PEIAN. 

 

Among them, input gate, forgetting gate, and output gate are represented by �, �, and � , 

respectively; � is sigmoid activation functions; 
 and 
 denote weights and biases respectively; 

the symbol ∙ is matrix multiplication, ⊙ expresses element-wise multiplication. Then we obtain 

the hidden vector of the context �ℎ�

 , ℎ�


 ⋯ ℎ�

 �  and the hidden vector of the aspect �ℎ�


 , ℎ�

 ⋯ ℎ�


 �, 

respectively. 

3) Acquisition of the new vectors: Concatenate the position embedding of the context to the hidden 

vector of its corresponding words �ℎ�

 , ℎ�


 ⋯ ℎ�

 �. For example, for the hidden vector ℎ�



 of the word 
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�	 in the context, the new vector is ℎ	
��

= �ℎ	
� ,�	

�
, where �	
�
 is the position embedding of �	. 

What’s more, the word embedding of the aspect and its corresponding hidden vector �ℎ�
� , ℎ�

� ⋯ ℎ

� � 

are concatenated. For example, for the hidden vector ℎ�
�
 of the word �� in the aspect, the new 

vector is ℎ	
�� = �ℎ	

� ,�	
�� ,where �	

� is the word embedding vector of the aspect. 

4) 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: 
 

C =
1

�� ℎ	
��

�

	��
 (7) 

T =
1

�� ℎ�
��




���
 (8) 

 

Use T to obtain the attention weights of ℎ	
���� = 1,2 ⋯��, and use C  to obtain the attention 

weights of ℎ�
���� = 1,2 ⋯��: 

 

∅�ℎ	��, T� = tanh�ℎ	�� ∙��� ∙ T� + ���� (9) 

∅�ℎ���, C� = tanh�ℎ��� ∙��� ∙ C� + ���� (10) 

 

where tanh(∙) is an activation function. 

5) The final representation layer: final attention �	�� = 1,2 ⋯��  and ���� = 1,2 ⋯��  can be 

calculated by: 
 

�	 =
�∅��

�
��

,��

∑ �∅��
�

��
,���

	��
 (11) 

�� =
�∅�����,��

∑ �∅�����,��

���

 (12) 

 

We multiply the hidden vectors by the attention weight  �	, �� to get the context representation 

and the aspect representation: 
 

C� = �		ℎ	
�

�

	��
 (13) 

T� = �
�ℎ��



���
 (14) 

 

Then the representation C� and T�are concatenated as S = �C�, T��. We project S into the space of 

� categories by a non-linear transformation: 
 

� = tanh��� ∙ � + ��� (15) 
 

Finally, the probability that an aspect belongs to a sentiment category � (� = 1,2, . . . ,�)  is 

computed by 
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�	 =
���

∑ ����
	��

 (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 

Dataset 
Positive Neural Negative 

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 10�� , 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. �	 , � = 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	
�(� = 1,2, ��). 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  �ℎ�
� , ℎ�

� ⋯ ℎ

� � 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  �ℎ�
� , ℎ�

� ⋯ ℎ

� � is used to get the attention weight 

of ℎ	
� .(� = 1,2, ��) , and the average pooling vector of �ℎ�

� , ℎ�
� ⋯ ℎ�

� �
 
to obtain the attention 

weights of ℎ�
��� = 1,2, ���. 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	
��

(� =

1,2, ��), and C to the attention weights of ℎ�
��(� = 1,2, ��). Then the hidden vectors of the 

context and the aspect multiplied by their corresponding attention weights are summed and 

concatenated to represent the sentence. 

 

 
(a) (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 



Aspect-Based Sentiment Analysis with Position Embedding Interactive Attention Network 

 

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

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. 

IAN: 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 

Model 
Accurate rate of 3-class for SemEval2014 Task 4 

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 t-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 t-test (α<0.05). 
 

Table 4. Significance tests of PEIAN and IAN 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 t-test (α<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 PEIAN outperforms IAN. 

 

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 IAN. 

 

(a)

(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 F1-values of PEIAN obtained 81.1% and 72.6% in the two datasets, which were much better 

than IAN. 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. 
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