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ABSTRACT

User-generated content on various Internet platforms is growing explosively, and
contains valuable information that helps decision-making. However, extracting this
information accurately is still a challenge since there are massive amounts of data.
Thereinto, sentiment analysis solves this problem by identifying people’s sentiments
towards the opinion target. This article aims to provide an overview of deep learning
for aspect-based sentiment analysis. Firstly, we give a brief introduction to the aspect-
based sentiment analysis (ABSA) task. Then, we present the overall framework of the
ABSA task from two different perspectives: significant subtasks and the task
modeling process. Finally, challenges are proposed and summarized in the field of
sentiment analysis, especially in the domain of aspect-based sentiment analysis. In
addition, ABSA task also takes the relations between various objects into
consideration, which is rarely discussed in the previous work.

Subjects Artificial Intelligence, Natural Language and Speech, Sentiment Analysis
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INTRODUCTION

With the rapid development of the Internet, user-generated content (e.g., reviews) on
various platforms is increasing with geometric series, which contains valuable information
that helps public opinion monitoring, information prediction, user comment analysis and
decision-making (Zhao, Qin ¢ Liu, 2010; Zhu et al., 2022). Sentiment analysis (SA) is an
effective method to extract this valuable information from massive data. For example,
sentiment analysis of product reviews under e-commerce platforms can influence users’
desire to purchase and help enterprises improve the quality of products; sentiment analysis
of event comments under social platforms can help relevant organizations discover current
and future hot spots, take measures to guide.

Based on the granularity of the processing text, sentiment analysis can be divided into
three different levels: document, sentence and aspect. Document- and sentence-level
sentiment analysis, known as coarse-grained sentiment analysis, judge the overall
sentiment polarity of the given opinion target. However, when the opinion target contains
several aspects with conflict sentiment, using a unified sentiment label to represent it may
be inappropriate. For example, if a laptop consists of a good screen and a poor keyboard, it
can be hard to identify whether the laptop is good or not. Therefore, aspect-based
sentiment analysis (ABSA), also named aspect-level sentiment analysis or fine-grained
sentiment analysis, is proposed to solve the problem, which is also the purpose of this
article.
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In recent years, deep learning (DL) has made breakthroughs and applications in
academics and industries, attracting scholars to apply it to ABSA tasks. Instead of machine
learning approaches that rely heavily on the quality of the handmade features, deep
learning approaches utilize neural networks (NN) to learn the semantic and syntactic
features automatically and perform great in the related extensive experiment. Existing
literature (Zhang, Wang & Liu, 2018; Do et al., 2019; Liu et al., 2020) has already studied
the application of deep learning for ABSA, it provided a comprehensive survey of deep
learning’s current application in sentiment analysis, which is organized and compared
from two different perspectives: (1) subtasks of ABSA; (2) typical types of neural network
architectures, mainly convolutional neural networks (CNN), recurrent neural network
(RNN) and memory network (MemNN).

This article organizes the existing research work and provides a comprehensive
introduction to ABSA based on deep learning. This article can help relevant researchers
understand the current state of the field, and help newcomers who are interested in the
field of ABSA to quickly understand. Specifically, this article describes the ABSA task from
different perspectives: (1) subtasks of ABSA. Distinct from previous surveys, this article
redivides the ABSA task into information extraction (IE) and sentiment classification (SC).
(2) process of task modeling, where ABSA task can be divided into the form of pipeline and
multi-task. Based on the perspectives above, this article further compares and analyzes the
existing literature. In addition, we also discuss how relations affect the performance of the
model and the challenge faced by the ABSA task.

The remainder of this article is organized as follows: the “Survey Methodology”
introduces the searching process method for the literature review; “Related Concepts”
introduces some preparatory knowledge for the ABSA task; “Aspect-Based Sentiment
Analysis (ABSA)” presents the overall framework for the ABSA task; “Information
extraction, Sentiment classification and Multi-task ABSA” discuss the specific contents of
information extraction task, sentiment classification task and multi-task ABSA,
respectively; “Challenges” discusses challenges for ABSA and SA; “Summary” draws the
overall conclusion.

SURVEY METHODOLOGY

Aiming at the theme of “deep learning for aspect-based sentiment analysis”, we searched
and organized previous research articles, so as to better understand its evolution.

Firstly, we clarified research targets. Therefore, the searching process was focused on
solving the following problems and challenges:

e What is aspect-based sentiment analysis?
e Why is it important to focus on aspect-based sentiment analysis?
e Where will new researchers concentrate on creating a new approach?

e How can the aspect-based sentiment analysis achieve more accurate and robust
algorithms under the complex environment?
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where the first two questions will prove the importance of aspect-based sentiment analysis,
and the last two questions aim to help the researcher focus on the direction of the proposed
approaches and achieve better algorithms.

Then, we searched the scientific articles which included the following keywords:
“sentiment analysis” OR “aspect-level sentiment analysis” OR “aspect-based sentiment
analysis” AND “aspect term extraction” AND “opinion term extraction” AND “sentiment
classification” AND “end-to-end aspect-based sentiment analysis”. Only peer-reviewed
articles written in English and published in well-known conference and online databases
were included in the analysis. Then we filtered out those articles that did not reflect the
deep learning approach.

Finally, we summarized the collected articles, and the results are shown in Figs. 1 and 2.
Figure 1 shows the distribution of reviewed articles over defined period. It can be seen that
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the review articles are mainly concentrated in 2018-2021, where aspect-based sentiment
analysis was still in the development stage. Figure 2 shows the distribution of reviewed
papers over selected search conference and databases. We can observe that the review
articles are mainly collected from top conferences and journals (e.g., ACL, NAACL,
IJCNLP, IEEE, EMNLP), which ensures the authority of the review.

RELATED CONCEPTS
Deep learning (DL)

Deep learning can learn the intrinsic connections and potential patterns among large
amounts of data, where deep neural networks (DNN) is the fundamental neural network
architecture and many variants of DNN arise.

Deep neural networks (DNN)
Figure 3 represents the architecture of the neural network, which is composed of an input
layer, a hidden layer and an output layer. In the hidden layer, data from the input layer is
added linearly and transformed nonlinearly with activation functions (e.g., Sigmoid, ReLu,
tanh). The hidden layer output performs similar operations at the output layer. The
aforementioned process is called forward propagation, while the opposite process is called
backward propagation. In the backward propagation process, the model adopts the
gradient descent method and updates the parameters by minimizing the loss function,
which can be used for subsequent prediction. As shown in Fig. 4, the difference between
NN and DNN is that DNN has more hidden layers (at least two layers theoretically). The
main idea of DNN is to regard the output of the previously hidden layer as the input of the
current hidden layer to obtain more abstract high-level features.

In order to avoid gradient disappearance or gradient explosion, weight initialization in
neural network is also an important task. Existing initialization approaches mainly include
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uniform distribution initialization, Gaussian distribution initialization, Xavier
initialization (Glorot ¢» Bengio, 2010), Kaiming initialization (He et al., 2015). Liu, Liu ¢
Zhang (2022) proposed that an improved and extended weight initialization method with
asymmetric activation function, which can expand the selection range of the activation
function and improve the performance of the network.

Convolutional neural networks

Convolutional neural networks (CNN) (Lecun et al., 1998; Krizhevsky, Sutskever &~ Hinton,
2017) have the property of position invariance, local perception, weight sharing and down-
sampling, which helps capture local key features. It mainly consists of an input layer, a
convolution layer, a pooling layer and a full connection layer. A convolution layer and a
pooling layer can be regarded as a component for feature extraction, the superposition and
combination of multiple components can gradually extract higher-level features. In
addition, CNN can reduce the noise introduced by the attention mechanism. For example,
the attention mechanism focuses on the words “well” and “good” in the sentence “well, it’s
a good idea.”, it will introduce noise as the word “well” is a mood particle and doesn’t
express any sentiment.

Recurrent neural network

The recurrent neural network (RNN) is a sequence model which can capture long-distance
dependencies. The main idea of RNN is that the current hidden state is represented by the
previous hidden state and current input. However, RNN processes text from front to back,
which may ignore important information followed, so BiRNN (Schuster ¢ Paliwal, 1997)
was proposed to processes text from both sides. Since the gate mechanism controls
important information flow to the gate and captures long-distance dependencies which are
not removed over time, long short-term memory (LSTM) (Hochreiter ¢» Schmidhuber,
1997) and gated recurrent unit (GRU) (Cho et al., 2014) were proposed to solve gradient
problem caused by the multiplicative effect in gradient backpropagation. In practice, the
gradient explosion is usually solved by gradient clipping.
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Memory neural network

Memory neural network (MemNN), mainly divided into strongly supervised (Weston,
Chopra ¢ Bordes, 2015) and weakly supervised (Sukhbaatar et al., 2015), uses external
storage for a certain degree of self-supervised training to learn better embedding
representations. Therefore, it has strong context awareness and processing capabilities and
higher requirements for hardware.

Graph neural network

Graph neural network (GNN) and its variants (e.g., graph convolutional networks (GCN)
(Kipf & Welling, 2017), graph attention network (GAT) (Velickovic et al., 2018)) apply
graph structure to the neural network. Its basic idea is to continuously use the hidden state
of neighbor nodes at the current moment as part of the input to generate the hidden state
of the central node at the next moment, the process is repeated until the hidden state of
each node is less than a threshold. Since text can be transformed into a graph structure,
GNN can fully utilize its sentence syntactic structure and word dependency. However, the
information of each node in the graph is unbalanced. Xia et al. (2022) proposed a novel
centrality-based framework, which uses a hub attention mechanism to assign new weights
to connected non-hub vertices based on their common information with hub vertices.

Aspect-based sentiment analysis (ABSA)

Definition

Sentiment analysis (SA) aims to identify people’s sentiment (e.g., positive, negative,
neutral) towards opinion targets (e.g., products, events, comments), which expresses
through opinions. Liu (2015) formulated opinions as a quadruple (g, s, h, t), where g
represents the opinion target, s represents the sentiment contained in g and h represents
the opinion holder, ¢ represents the time when the opinion was published.

Considering the definitions above, ABSA aims to find all opinion quadruples in the
given document, where the opinion target g in the quadruple focuses more on the specific
aspect of the target instead of merely the target itself. However, most existing work focuses
on the two-tuple (g, s), only a few work focuses on h and t. For example, the sentence “The
food is so good and so popular that waiting can really be a nightmare.” contains aspects
(“food” and “waiting”) and their corresponding sentiment (positive and negative).

Dataset
With the development of aspect-based sentiment analysis, the corpus is increasingly crucial
for model construction and training. The SemEval series dataset released by the
International Workshop on Semantic Evaluation is a common baseline dataset, which
contains the training data for the ABSA task (Pontiki et al., 2014; Pontiki et al., 2015;
Pontiki et al., 2016). Table 1 shows the detail of SemEval dataset used for ABSA task, which
covers different domains (e.g., restaurants, laptops) and languages (e.g., English, Chinese).
It is worth noting that a review is a person’s view of the opinion target and can contain
several sentences.

Since most sentences in the existing ABSA dataset contain multiple aspects with the
same sentiment polarity or only one aspect, the ABSA task degenerates into sentence-level
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Table 1 Details of SemEval dataset for ABSA.

No Dataset Domain Language Train Test

Reviews Sentences Reviews Sentences

1 SemEvall4 Task 4  Restaurants English - 3,041 - 800
Laptops English - 3,045 - 800
2 SemEvall5 Task 12  Restaurants English 254 1,315 96 685
Laptops English 277 1,739 173 761
Hotels English - - 30 266
3 SemEval16 Task 5 Restaurants English 350 2,000 90 676
Dutch 300 1,711 100 575
French 335 1,733 120 696
Russian 302 3,490 103 1,209
Spanish 627 2,070 286 881
Turkish 300 1,104 39 144
Laptops English 450 2,500 80 808
Hotels Arabic 1,839 4,802 452 1,227
Mobile Phones  Chinese 140 6,330 60 3,191
Dutch 200 1,389 70 308
Digital Cameras Chinese 140 5,784 60 2,256

sentiment analysis, Jiang et al. (2019) proposed a large-scale multi-aspect multi-sentiment
dataset MAMS, which contains data for both ABSA and ACSA task. Table 2 shows the
detail of MAMS, where the smaller training set can compare with the SemEval dataset.

Evaluate metric
The evaluate metric of ABSA is precision (P), recall (R), F1-score (F1) and accuracy (Acc).

TP
p—— - (1)
TP + FP
TP
R=— )
TP + EN
2PR
Fl = " (3)
P+ R
TP + TN
Acc + (4)

TP+ FN+FP+ 1IN

Specifically, true positive (TP) means prediction is positive and label is positive, false
negative (FN) means prediction is negative and label is positive, false positive (FP) means
prediction is negative and label is positive, true negative (TN) means prediction is negative
and label is negative.
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Table 2 Details of the MAMS dataset.

Dataset Positive Negative Neutral Total
ATSA Train 3,380 2,764 5,042 11,186
Train (small) 1,089 892 1,627 3,608
Validation 403 325 604 1,332
Test 400 329 607 1,336
ACSA Train 1,929 2,084 3,077 7,090
Train (small) 1,000 1,100 1,613 3,713
Validation 241 259 388 888
Test 245 263 393 901

Attention mechanism

Attention mechanism means that people will pay different attention to different aspects of
the opinion target, which is widely used in many fields (e.g., computer vision (CV), natural
language processing (NLP)).

The main idea of the attention mechanism is to find out the crucial information of the
task. Specifically, given a query Q and a series of key-value pairs {(K;, V1), ..., (K, V,)},
attention mechanism aims to calculate the similarity between the query and each key, then
sum up with a corresponding value to obtain the corresponding attention weight. The
relevant formula is as follows:

L
Attention(Q,K, V) =) _ Similarity(Q, K;) x V; (5)

i=1

Word embedding

Word embedding is a vector of real numbers in a predefined vector space, which can
represent word semantics. There are mainly two representation methods: one-hot
encoding and distributed representation. One-hot encoding represents a word as a vector,
where the dimension is the size of the vocabulary, the word’s corresponding position is set
to 1, and others are all set to 0. Due to the definition of one-hot encoding, vocabulary
words are independent of each other, so one-hot encoding can’t express the semantic
relevance between words. Besides, the vector’s dimension depends on the vocabulary size,
large vocabulary may cause sparse matrix and dimension disaster. Therefore, distributed
representation (e.g., Word2Vec (Mikolov et al., 2013), GloVe (Pennington, Socher ¢
Manning, 2014), ELMo (Peters et al., 2018), BERT (Devlin et al., 2019)) is proposed to
address these problems, which is low-dimensionality and can express the semantic
correlation between words.

In addition, some improvements toward word embedding help ABSA tasks to obtain
better performance. Akhtar et al. (2018) minimized the influence of data sparsity by using
bilingual word embedding (obtained by learning a bilingual parallel corpus), that is,
replacing the out of vocabulary (OOV) word with the nearest translation form in the
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shared vector space. Liang et al. (2019a) used the sparse coefficient vector to select highly
relevant words, based on which the embedding representation of the target and aspect can
be adjusted.

ASPECT-BASED SENTIMENT ANALYSIS (ABSA)

This article will discuss the ABSA task from two different perspectives: important subtasks
and the task modeling process, as outlined in Fig. 5.

Similar to the work of Mitchell et al. (2013), this article classifies the ABSA task into
pipeline manner and multi-task manner from the perspective of the task modeling process.
As shown in Fig. 6, the pipeline model processes the subtasks of ABSA in sequence, while
the multi-task model processes its subtasks in parallel. For the pipeline ABSA, the main
challenge is how to divide the ABSA task into reasonable subtasks. For the multi-task
ABSA, the main challenges are how to learn the interactive relations between tasks from
multi-task learning and how to represent the results of different types of tasks.

To solve the problem above, we re-division the ABSA task into the IE task and the SC
task for the pipeline ABSA, and we also introduce some novel tasks and tagging schemes
for the multi-task ABSA, which will be discussed in “Information extraction, Sentiment
classification and Multi-task ABSA”.

INFORMATION EXTRACTION (IE)

Information Extraction (IE) aims to extract crucial information from the corpus. Current
works regard it as a sequence labeling problem, which uses BIO tagging scheme {B-begin,
I-inside, O-outside} or BIOES tagging scheme {B-begin, I-inside, O-outside, E-end, S-
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single} to perform classification on each token. As shown in Fig. 7, IE can be classified into
aspect term extraction (ATE), opinion term extraction (OTE), and aspect-opinion term
co-extraction (AOTCE).

Aspect term extraction (ATE)

Aspect term extraction (ATE) can be defined as follows: Given a sentence with n words S =
(x1, X2, ..., X,,) and we denote L, = {B-AT, I-AT, O-AT} as the output label. For each word
x;, the task aims to predict its corresponding label a; € L,. Most previous researches were
implemented based on topic models (Shams & Baraani-Dastjerdi, 2017) and conditional
random field (CRF) (Jakob ¢ Gurevych, 2010; Shu, Xu ¢ Liu, 2017). However, these
methods have their limitations: CRF requires lots of features to work well and topic models
usually do not produce highly consistent aspect terms. Therefore, deep learning methods
have been proposed to address these shortcomings.

ATE task can be classified into two subtasks: opinion target extraction (OE) and aspect
category detection (ACD). For example, for the sentence “The food is so good and so
popular that waiting can really be a nightmare.”, the OE task extracts aspect terms (“food”
and “waiting”), and the ACD task extracts aspect category (“food” and “service”). Many
studies have researched the ATE task (Table 3).

Most of the existing research tends to study the OE task. Poria, Cambria & Gelbukh
(2016) proposed a non-linear, supervised CNN with linguistic patterns to process OE task.
Tran, Hoang & Huynh (2019) proposed a model that combined BiGRU and CREF,
where BiGRU considers the long-distance dependency relationship of sentences and
CREF considers the relationship of label transfer. Xu et al. (2018) employed two types of
pre-training embedding (i.e., general embedding and domain-specific embedding) on
CNN to extract aspects. Wu et al. (2018) proposed a hybrid unsupervised method to solve
OE task. Specifically, the model first uses chunk-level linguistic rules and a domain-related
filter to extract candidate opinion targets, then uses the text with extracted chunks as
pseudo-labeled data to train the GRU network. Ma et al. (2019) formalized ATE task as a
sequence-to-sequence (Seq2Seq) learning task, gated unit network, and position-aware
attention mechanism are also designed to capture semantics and dependence relationship
between aspects and context. Based on the theory that the appearance patterns of aspects
in the global context (sentence level) and local context (between the adjacent words) are
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Table 3 Application of deep learning in ATE task.
No Study DatasetDomain Model Performance
OE-acc OE-F1 (%) ACD-acc (%) ACD-F1 (%)
1 Poria, Cambria ¢ Gelbukh (2016)  SemEval Res14 CNN - 86.20 - -
CNN+LP' - 87.17 - -
SemEval Lapl4 CNN - 81.06 - -
CNN+LP - 82.32 - -
2 Tran, Hoang ¢ Huynh (2019) SemEval Resl4 BiGRU-CRF - 85 - -
SemEval Lap14 - 78.5 - -
3 Xu et al. (2018) SemEval Lap14 DE-CNN - 81.59 - -
SemEval Res16 - 74.37 - -
4 Wu et al. (2018) SemEval Res14 unsupervised model - 76.15 - -
SemEval Lapl4 - 60.75 - -
5 Ma et al. (2019) SemEval Lap14 Seq2Seq4ATE - 80.31 - -
SemEval Res16 - 75.14 - -
6 Liao et al. (2019b) SemEval Res14-16 LCC+GBC® 26.0% 41.2 - -
SemEval Lapl4, 16 33.7% 36.1 - -
7 Xue et al. (2017) SemEval Res14 MTNA - 83.65 - 88.91
SemEval Res15 - 67.73 - 65.97
SemEval Res16 - 72.95 - 76.42
8 Wu et al. (2019) Digital QA reviews MTA - 65.67 74.92 79.65
Beauty QA reviews - 58.06 56.46 69.92
Luggage QA reviews - 63.74 63.58 57.74

Notes:
' LP: linguistic patterns.
* LCC+GBC: model that coupling global an

d local context.

usually different from other words, Liao et al. (2019b) coupled the global and local

representations to find aspects.

Since the OE task and the ACD task are highly interrelated, some studies leverage

multi-task learning methods to deal with these two tasks. Xue ef al. (2017) proposed a

multi-task learning model based on RNN and CNN to solve them at the same time.

W et al. (2019) proposed a multi-task learning model based on QA-style reviews with

character-level embedding and attention mechanism.

Opinion term extraction (OTE)

OTE task extracts opinion terms from corpus, which are rarely studied (Table 4). Previous
works are usually implemented based on a dictionary. For example, for the sentence “The
food is so good and so popular that waiting can really be a nightmare.”, opinion terms

D«

(“good”, “popular”, “nightmare”) can be found by looking up the dictionary since it
contains sentiment (positive, positive, negative).

Since aspect terms and opinion terms exist one-to-many correspondence, Fan et al.
(2019) proposed a novel sequence labeling subtask named Target-oriented Opinion Words

Extraction (TOWE). Formally, given a sentence with n words S = (x;, x,, ..., x,,) and an
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Table 4 Application of deep learning in OTE task.

No Study Domain Dataset Model Performance
P (%) R (%) F1 (%)
1 Fan et al. (2019) Restaurant SemEval14 10G 82.85 77.38 80.02
Laptop SemEvall4 73.24 69.63 71.35
Restaurant SemEvall5 76.06 70.71 73.25
Restaurant SemEvall6 85.25 78.51 81.69
Table 5 Application of deep learning in AOTCE task.
No Study DatasetDomain Model Performance
F1-aspect (%) F1-opinion (%) F1-pair (%)
AOTCE task
1 Wang et al. (2016a) SemEval14 Restaurant RNCRF 84.05 80.93 -
SemEvall4 Laptop 76.83 76.76 -
SemEvall5 Restaurant 67.06 66.90 -
2 Wang et al. (2017) SemEvall14 Restaurant CLMA 82.02 84.40 -
SemEvall4 Laptop 76.58 78.34 -
SemEvall5 Restaurant 68.24 71.36 -
3 Yu, Jiang & Xia (2018) SemEvall4 Restaurant GMTCMLA 84.50 85.20 -
SemEvall4 Laptop 78.69 79.89 -
SemEvall5 Restaurant 70.53 72.78 -
AQPE task
1 Zhao et al. (2020) SemEvall14 Restaurant SpanMlt 87.42 83.98 75.60
SemEvall4 Laptop 84.51 80.61 68.66
SemEvall5 Restaurant 81.76 78.91 64.68
SemEvall6 Restaurant 85.62 85.33 71.78
2 Chen et al. (2020) SemEval14 Restaurant SDRN 89.49 87.84 76.48
SemEvall4 Laptop 83.67 82.25 67.13
SemEvall5 Restaurant 74.05 79.65 70.94

aspect a, we denote L, = {B-OT, I-OT, O-OT} as output label. For each word x;, the task
aims to predict its corresponding label o; € L,. Fan et al. (2019) proposed IOG model,
which combined global context and the output of IO-LSTM to find the corresponding
opinion terms, where IO-LSTM transmits aspect information and context information

mutually.

5.3 Aspect-opinion term co-extraction (AOTCE)
In the broad sense, the AOTCE task extracts both aspect and opinion terms at the same
time. With the development of demand, this task is transferred from the AOTCE task to
the aspect-opinion pair extraction (AOPE) task (Table 5).
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AQOTCE task processes two sequence labeling tasks for identifying both aspect terms
and opinion terms separately. For example, for the sentence “The food is so good and so
popular that waiting can really be a nightmare.”, the task can find aspect terms (“food” and
“waiting”) and opinion terms (“good”, “popular”, “nightmare”) at the same time. Most
previous works utilized the interactive information between aspect terms and opinion
terms. Wang et al. (2016a) obtained high-level features with dependency-tree based on
RecNN and CRF, where information double propagated between aspect and opinion
terms. Wang et al. (2017) proposed a novel model, named coupled multi-layer attentions
(CMLA), whose main idea is to capture the complex relations (direct and indirect)
between aspect and opinion terms with tensor operations. On the basis of CLMA, Yu, Jiang
¢ Xia (2018) designed a global inference module to capture the syntactic relations between
aspect and opinion terms explicitly, which introduces multiple syntactic constraints (i.e.,
intra-task constraints, inter-task constraints and lexicon constraints).

However, opinion terms may match the wrong aspect for the AOTCE task, which can
further lead to the wrong judgment of sentiment classification. Thus, on the basis of the
AQOTCE task, the AOPE task is proposed to solve the problem above by pairing aspect and
opinion terms. For example, we further obtain the aspect-opinion pair (“food”-“good”,
“food”-“popular”, “waiting”-“nightmare”) from the example above. Zhao et al. (2020)
proposed a novel model SpanMlt, which processes the sentence at span-level and contains
term and relation scorer to identify aspect terms, opinion terms and its possible relations.
Chen et al. (2020) designed the double-channel network to extract opinion entities and
relations simultaneously, two synchronization mechanisms is proposed to make full use of
extracted information.

Summary
In this section, we discuss the subtasks of IE task—ATE, OTE and AOTCE (Fig. 7).

ATE extracts aspect terms from the corpus. ATE task is classified into OE and ACD
according to whether the aspect terms or the aspect terms category is extracted. Existing
literature usually regard ATE task as sequence labeling problem, using deep learning
models to label each word as aspect words or non-aspect words. In addition, models can
achieve better performance by enriching word embedding, considering highly correlation
between OE and ACD tasks.

OTE extracts opinion terms from the corpus, which is a rarely studied task. To be
simple, the TOWE task has been designed to find one-to-many correspondences between
the given aspect and opinion terms.

We also discuss the evolution of the AOTCE task, which transferred from joint
extraction to pair extraction. Most works about the AOTCE task propagated the interactive
information between ATE and OTE tasks to obtain higher-level features, but models may
mismatch aspect terms and opinion terms. So AOPE task has been designed to match
aspect terms and opinion terms correctly based on the results of the AOTCE task. Table 5
shows the application of DL in the AOTCE task. We can find that the result of the AOPE
task is better than AOTCE in general, its main reason is that the interaction information
between ATE and OTE is considered.
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SENTIMENT CLASSIFICATION (SC)

Sentiment classification (SC), which is also named sentiment polarity (SP), aims to identify
the corresponding polarity of sentiment (i.e., positive, negative, neutral) with information
extracted from the IE task. Formally, given a sentence with n word S = (x3, x5, ..., x,,) and
an aspect a, we denote L, = {Positive, Negative, Neutral} as output label. For the aspect a,
the SC task aims to predict its corresponding label p € L,. According to the relationship
between different targets (e.g., aspect, context, language structure), SC can be classified into
aspect-context relation sentiment classification, aspect-aspect relation sentiment
classification, language structure sentiment classification and their hybrid methods. In
addition, we will discuss external knowledge and tools for SC tasks.

Aspect-context relation sentiment classification

Aspect-context relation sentiment classification mainly captures the interaction
information (e.g., semantic information, position information, syntax information)
between aspect and context, which is used to learn aspect-specific feature representations
or aspect-specific sentence representations. Table 6 shows the related work.

Every existing work almost takes semantic information between aspect and context into
consideration. Many studies use attention mechanism to integrate aspect information into
context. Wang et al. (2016b) proposed attention-based LSTM with aspect embedding
(ATAE-LSTM) based on attention-based LSTM (AT-LSTM), where aspect information is
integrated into the input and the process of attention weight calculation. Based on ATAE-
LSTM, Tay, Tuan & Hui (2018) proposed aspect fusion LSTM (AF-LSTM), which adopted
cyclic convolution and cyclic correlation to model the aspect-context relationship. Ma
et al. (2017) proposed interactive attention networks (IAN) to interactively learn attention
weights of context and aspect to generate representations of aspect and context
respectively. Based on coarse-grained attention mechanisms proposed by IAN, Fan, Feng
¢ Zhao (2018) combined it with fine-grained attention mechanisms to better model word-
level interaction between aspect and context. To tackle weak interaction in attention
mechanism, Liu ¢ Shen (2020) designed a multi-element attention mechanism to capture
precise semantic relation among aspect, context, and hidden state. However, the attention
mechanism pays much attention to frequent opinion terms and ignores the infrequent
ones, which may introduce noise. Xue ¢ Li (2018), Huang ¢ Carley (2018), and Shuang
et al. (2020) used filters and gate mechanism to alleviate the problem by controlling the
spread of sentiment information in context. Tay, Tuan ¢ Hui (2017) integrated
parameterized neural tensor synthesis or holographic synthesis into the memory selection
operation to capture binary interactions between aspect and context. Different from using
aspect independent (weakly related) encoders to generate sentence representations, Liang
et al. (2019b) improved feature selection and extraction capabilities under the guidance of
aspects.

Some studies consider location information to achieve better performance. Target-
dependent LSTM (TD-LSTM) (Tang et al., 2016a) split the text according to the position
of aspect, both of which is end with aspect and process with LSTM. Target-connection
LSTM (TC-LSTM) improved TD-LSTM by concatenating the aspect vector with the
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Table 6 Aspect-context relation sentiment classification.

No  Model SemI’ AspR*  PosI’ Dataset Acc (%) Macro-F1 (%)
1 ATAE-LSTM (Wang et al., 2016b) v Res14 77.20 -
Lapl4 68.70 -
2 AF-LSTM (Tay, Tuan & Hui, 2018) v Resl4Res15 75.44 -
Lapl4Lapl5 68.81 -
3 IAN (Ma et al., 2017) v Res14 78.60 -
Lapl4 72.10 -
4 MGAN (Fan, Feng ¢ Zhao, 2018) v v v Res14 81.25 71.94
Lapl4 75.39 72.47
5 ReMemNN (Liu ¢~ Shen, 2020) v Resl4 79.64 68.36
Lap14 71.58 65.41
6 PF-CNN (Huang & Carley, 2018) v Resl4 79.20 -
Lapl4 70.06 -
PG-CNN (Huang & Carley, 2018) v Res14 78.93 -
Lapl4 69.12 -
7 FDN (Shuang et al., 2020) v Res14 82.30 75.00
Lapl4 76.80 72.50
8 Tensor DyMemNN (Tay, Tuan ¢ Hui, 2017) v Res14 - 58.61
Lapl4 - 55.24
Holo DyMemNN (Tay, Tuan & Hui, 2017) v Res14 - 58.82
Lapl4 - 60.11
9 Co-attention+LRBP (Zhang et al., 2019) v v Res14 80.35 -
Lapl4 73.20 -
10 MemNet (Tang, Qin ¢ Liu, 2016b) v v Resl14 80.95 -
Lapl4 7221 -
11 RAM (Chen et al., 2017b) 4 v Res14 80.23 70.80
Lapl4 74.49 71.35
12 TNet-LF (Li et al., 2018) v 4 Res14 80.79 70.84
Lap14 76.01 71.47
TNet-AS (Li et al., 2018) 4 4 Res14 80.69 71.27
Lap14 76.54 71.75
13 AE-DLSTMs (Shuang et al., 2019) v v Res14 79.57 -
Lapl4 72.10 -
AELA-DLSTMs (Shuang et al., 2019) v v Res14 80.35 -
Lapl4 7391 -
14 History-based soft label model (Yin et al., 2019) v v Resl4 80.98 71.52
Lapl4 74.56 71.63
15 CapsNet (Jiang et al., 2019) v 3* MAMS 79.776 -
MAMS-small 73.860 -
Res14 80.786 -
CapsNet-BERT (Jiang et al., 2019) v v MAMS 83.391 -
MAMS-small  80.910 -
(Continued)
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Table 6 (continued)

No Model SemI’ AspR* PosI’ SynI® Dataset Acc (%) Macro-F1 (%)
Resl4 85.934 -
16 IACapsNet (Du et al., 2019) v v Res14 81.79 73.40
Lap14 76.80 73.29
17 SAGAT (Huang et al., 2020) v v Resl14 85.08 77.94
Lapl4 80.37 76.94
18 ASGCN-DT (Zhang, Li ¢ Song, 2019) 4 4 v Res14 80.86 72.19
Resl5 79.34 60.78
Res16 88.69 66.64
Lap14 74.14 69.24
ASGCN-DG (Zhang, Li ¢ Song, 2019) v 4 v Res14 80.77 72.02
Resl5 79.89 61.89
Resl6 88.99 67.48
Lapl4 75.55 71.05
19 CDT (Sun et al., 2019) 4 v Lapl4 77.19 72.99
Res14 82.30 74.02
Resl6 85.58 69.93

Notes:
* Semantic information.
* Aspect-aspect relations.
” Position information.
© Syntax information.

context vector. Similarly, Zhang et al. (2019) proposed an efficiency model, which
converges at least four times faster and uses co-attention matrices to capture precise
semantic relation among aspect, left context, and right context. We can observe that the
closer to the aspect, the more correlation information words may contain, so location
information can be obtained by assigning attention weight to different contexts according
to their distance from the aspect (Tang, Qin ¢ Liu, 2016b; Chen et al., 2017b; Li et al., 2018;
Fan, Feng ¢ Zhao, 2018; Shuang et al., 2019; Yin et al., 2019). Besides, the capsule network
contains location information, which encodes the spatial relationship between features.
Jiang et al. (2019) proposed CapsNet and CapsNet-BERT to encode spatial information as
features. Du et al. (2019) introduced the interactive attention mechanism in the capsule
routing process to model the semantic relation between aspect and context.

Some studies also consider syntactic information to achieve better performance.
Current studies transformed sentences into dependency graph or dependency tree
structure, then applied GNN to this structure. Instead of traditional bottom-up
dependencies, Zhang ¢» Zhang (2019) used three information exchange channels (i.e., self-
to-self, top-to-down, bottom-to-up) to obtain more consistent phrase-level sentiment
prediction. Huang et al. (2020), Zhang, Li ¢» Song (2019), and Sun et al. (2019) built GCN
over the dependency tree to propagate sentiment features or dependency tree from
important syntax neighborhood words to aspect and further exploit syntax information
and long-distance word dependencies.
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Table 7 Application of deep learning in hybrid sentiment classification methods.

No Model SemI’ AspR® PosI’ DatasetDomain Label Accuracy ~ Macro-F1

classes (%) (%)

Task2: aspect-aspect relation sentiment classification
MIAD (Hazarika et al., 2018) v v SemEval Res14 3 79.00 -

SemEval Lap14 72.50 -

2 TARM (Majumder et al., 2018) v SemEval Res14 3 80.00 -

SemEval Lapl4 73.80 -
Task3: language structure sentiment classification
1 H-LSTM (Ruder, Ghaffari ¢» Breslin, 2016) v SemEval Res16 3 83.00 -
English
SemEval Lapl6 77.40 -
English
ATSM-S (Peng et al., 2018a) v Chinese datasets’ 3 85.95 80.13
Task4: sentiment classification with external knowledge and tools
1 Attention+WordNet (Kumar, Kawahara ¢ Kurohashi, SemEval 3 79.40% -
2018) Microblog17°
SemEval News17 78.20 -

2 LSTM+SKG (Chen ¢ Huang, 2019) v v Chinese car review’ 4 75.82 £ 0.82 64.33 +1.29
MemNet+SKG (Chen & Huang, 2019) v v 77.45 £ 0.52 67.02 £ 0.80
AT-LSTM+SKG (Chen & Huang, 2019) v v 77.07 £ 0.67 66.24 + 1.53
RAM+SKG (Chen ¢ Huang, 2019) 4 v 78.74 £ 0.63 69.07 £ 0.68

3 TransCap (Chen ¢ Qian, 2019) v v SemEval Res14 3 79.55 71.41

SemEval Lap14 73.87 70.10

4  CAN (Hu et al., 2019b) v SemEval Res14 3 83.33 73.23

2 89.02 84.76
SemEval Resl5 3 78.58 54.72
2 81.75 80.91
ATLX (Bao, Lambert ¢ Badia, 2019) v SemEval Res14 3 80.06-83.45 -

Notes:
* Semantic information.
f Aspect-aspect relations.
” Position information.
" Chinese aspect datasets from Che et al. (2015).
¥ SemEval 2017 Task 5 Microblog from Cortis et al. (2017).
? Chinese car review from Chen ¢ Huang (2019).

Hybrid methods

In addition to aspect-context relation, existing studies improve the performance of the
model by mixing other different relations (e.g. aspect-aspect relation, relations contained
in language structure) and introducing external knowledge and tools. Table 7 shows the
related work.

Aspect-aspect relation usually appears in multi-aspect sentences, where aspects
arranged in order will show a high degree of sentiment relevance and interaction. So it can
provide sufficient sentiment classification information. Hazarika et al. (2018) generated
aspect-specific sentence representations for each aspect and modeled dependency
relationship between aspects according to the occurrence order. Based on Hazarika et al.
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(2018)’s work, Majumder et al. (2018) proposed a memory network with a multi-hop
attention mechanism to obtain more accurate representation by repeatedly matching
aspect-specific sentence representation with others. Besides, Fan, Feng ¢» Zhao (2018)
designed an aspect alignment loss to enhance attention weights difference among aspects.

Relations contained in language structure contain much important information, which
can further help sentiment classification task. Ruder, Ghaffari ¢» Breslin (2016) proposed a
hierarchical LSTM (H-LSTM), which stacked a review-level Bi-LSTM on top of sentence-
level Bi-LSTMs to model intra- and inter-sentence relations simultaneously. According to
the hypothesis that aspect target sequence can control the final sentiment classification
results, Peng et al. (2018a) learned Chinese aspects from three different levels of
granularity: radical, character, and word.

External knowledge and tools can provide additional prior knowledge and help model
focuses more on the important information. Kumar, Kawahara ¢ Kurohashi (2018)
proposed a two-layered attention network similar to H-LSTM, which generates better
embedding with WordNet. Chen ¢» Huang (2019) generated the knowledge vector with the
sentimental knowledge graph. Due to the lack of aspect-level datasets and the easy access
to document-level datasets, Chen ¢ Qian (2019) proposed the transfer capsule network
(TransCap), which transfers document-level knowledge to aspect-based sentiment
classification tasks. Hu et al. (2019b) designed orthogonal regularization and sparse
regularization and Bao, Lambert ¢» Badia (2019) used lexicon information and attention
regularizer to restrict the allocation of attention weights and provide key information.
Besides, some studies (Jiang et al., 2019; Huang et al., 2020) integrated pre-trained BERT
into the model to further improve the performance.

Summary

In this section, we discuss the SC task according to the relationship between different
targets (e.g., aspect, context, language structure). Aspect-context relation is the most
fundamental relation for sentiment classification, it learns aspect-specific feature
representations or aspect-specific sentence representations with the help of the interaction
information (e.g., semantic information, position information, syntax information)
between aspect and context. Aspect-aspect relation, language structure relations, and
external knowledge and tools provide extra information, to further improve the
performance of the model. Tables 6 and 7 shows the performance of proposed model
above. We can find that binary classification accuracy is higher than ternary classification
accuracy, because sometimes it’s difficult for neural networks to distinguish neutral
sentiment. Besides, relations between different targets can help us improve the
performance.

MULTI-TASK ABSA

The performance of pipeline ABSA depends on the quality of the IE task. In other words,
errors produced in the IE task will affect the performance of the SC task, thus limiting the
performance of the overall ABSA task (Schmitt et al., 2018). Moreover, in the pipeline
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ABAS, the IE task can’t use the information from the SC task, and the joint information
between tasks is overlooked. Therefore, multi-task ABSA is proposed to utilize the
independent and joint information of important subtasks of ABSA. The experiments have
proved that it has a considerable performance improvement compared to the pipeline
mode (Schmitt et al., 2018; Nguyen & Shirai, 2018). Li et al. (2019a) also investigated the
effectiveness of pre-trained language models BERT, its work can serve as a BERT-based
benchmark for E2E-ABSA.

With the gradual deepening of cognition, the focus of existing research has gradually
shifted from pipeline manner to multi-task manner. There are mainly two challenges for
the multi-task ABSA, which will be explained in detail in this section.

Multi-task learning

The main idea of the multi-task ABSA is to capture the complex interactive relations
between its important subtasks of aspect-based sentiment analysis and obtain enriched
feature representations.

Multi-task ABSA can be divided into aspect sentiment pair extraction (ASPE), aspect
sentiment triple extraction (ASTE), aspect sentiment quadruple extraction (ASQE).
Specifically, ASPE task aims to extract opinion pair (aspect term, sentiment polarity),
ASTE task aims to extract opinion pair (aspect term, opinion term, sentiment polarity),
ASQE task aims to extract opinion pair (aspect term, aspect category, opinion term,
sentiment polarity). In the early approaches, ATE task and SC task were considered
important subtasks of multi-task ABSA, also known as the ASPE task. Luo et al. (2019)
designed a cross-sharing unit (CSU) to take full advantage of the interaction between ATE
and SC tasks. With the increasing demand for sentiment analysis, multi-task ABSA is no
longer limited to the two important subtasks of ATE task and SC task. OTE task is also an
important subtask of multi-task ABSA because aspect terms express their sentiment
through opinion terms, resulting in the ASTE task. Peng et al. (2020) first proposed the
ASTE task, which transformed ATE, OTE, and SC tasks into a unified task and provided a
complete one-time solution. Chen & Qian (2020) proposed relation-aware collaborative
learning (RACL), a multi-layer multi-task learning framework with a relation propagation
mechanism, to make full use of relations between ATE, OTE, and SC tasks. Zhang et al.
(2020) proposed a multi-task learning framework to jointly extract aspect terms and
opinion terms and simultaneously parses sentiment dependencies and used biaffine scorer
(Dozat ¢ Manning, 2017) to capture the interaction of two words in each word pair. Chen
et al. (2021b) proposed an approach by considering the rich syntactic dependence and
semantic word similarity in sentences (such as self-interaction relations, neighbor
relations, and dependency relations), and adopted GraphSAGE (Hamilton, Ying ¢
Leskovec, 2017) to obtain the rich feature representation of words. Since there are too many
aspect terms in the corpus, and the same aspect term may have different descriptions, Cai,
Xia ¢ Yu (2021) proposed ASQE task, took ACD task as an important sub-task of multi-
task ABSA, and proposed four baseline methods.
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Table 8 Difference between joint mode and collapsed mode of multi-task aspect-based sentiment

analysis.
Example The food is good
Pipline ATE o) B 0] (0] (0]
SC NEU POS NEU NEU NEU
multi-task o B-POS O (0] O

Tagging scheme

Previous studies regarded multi-task ABSA as the sequence tagging problem, which

can be classified into joint mode and collapsed mode. Specifically, joint mode treats N
important sub-tasks as N independent sequence tagging problems, while collapsed mode
treats them as one independent sequence tagging problem. Table 8 shows the difference
between joint mode and collapsed mode. Given the example sentence, assume that

ATE task uses the BIO tagging scheme BIO = {B — Begin, I — Inside, O — Outside} and the
SC task use L = {POS, NEG, NEU } to label each word, joint mode will label the word “food”
“B” for ATE task and “POS” for the SC task, while collapsed mode will label “B-POS”.

Since the multi-task ABSA can be decomposed into many different types of sub-tasks
(e.g., extraction task, pair task, and classification task), how to formalize the multitask
ABSA task into a unified tagging scheme is another great challenge. Some novel tagging
schemes are proposed to solve the problem. In order to capture the many-to-one and one-
to-many relationships between aspect terms and opinion terms, Wu et al. (2020) proposed
a novel tagging scheme, grid tagging scheme (GTS), to label the relations of all word pairs
with tags C = {N — None, A — Aspect, O — Opinion, Pos — Positive, Neg — Negative, Neu —
Neutral}. Xu et al. (2020) proposed a novel tagging scheme, position-aware tagging scheme
(JET), which take sentiment polarities, opinion terms and position information into
consideration.

In addition, current work also translates the multi-tasking ABSA task into other forms
of problems. Yan et al. (2021) transformed ASTE task into sequence to sequence (Seq2Seq)
problem and solved it using BART (Lewis et al., 2020), which is a pre-trained Seq2Seq
model. Mao et al. (2021) converted ASTE task into two machine reading comprehension
(MRC) problems, which were solved by joint training of two Bert-MRC models with
shared parameters. Chen et al. (2021a) transformed ASTE task into a multi-turn MRC
(MTMRC) problem and solved it with the proposed Bidirectional machine reading
comprehension (BMRC) framework. Zhang et al. (2021) regarded the ASQP task as a
paraphrase generation process, using the formula “Category is Sentiment because Aspect is
Opinion.” to restatement statement.

Summary
In this section, we briefly discuss multi-task ABSA and its main challenges. Different from
pipeline manner ABSA, multi-task ABSA improved the model’s generalization ability by
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Table 9 Application of deep learning for multi-task ABSA.

No Model Dataset Pair-F1 (%) Triplet-F1 (%) Quadruple-F1 (%)
1 KHW (Peng et al., 2020) SemEvall4 Restaurant 56.10 51.89
SemEvall4 Laptop 53.85 43.50
SemEvall5 Restaurant 56.23 46.79
SemEvall6 Restaurant 60.04 53.62
2 OTE-MTL (Zhang et al., 2020) SemEvall14 Restaurant 59.67
SemEvall5 Restaurant 48.97
SemEvall6 Restaurant 55.83
SemEvall4 Laptop 45.05
3 S3E2 (Chen et al., 2021b) SemEvall4 Restaurant 66.74
SemEvall4 Laptop 52.01
SemEvall5 Restaurant 58.66
SemEvall6 Restaurant 66.87
4 Double-Propagation-ACOS (Cai, Xia ¢ Yu, 2021) Restaurant-ACOS 21.04
Laptop-ACOS 8
JET-ACOS (Cai, Xia ¢ Yu, 2021) Restaurant-ACOS 39.01
Laptop-ACOS 23.81
TAS-BERT-ACOS (Cai, Xia & Yu, 2021) Restaurant-ACOS 33.53
Laptop-ACOS 27.31
Extract-Classify-ACOS (Cai, Xia ¢ Yu, 2021) Restaurant-ACOS 44,61
Laptop-ACOS 35.80
5 BARTABSA (Yan et al., 2021) SemEvall14 Restaurant 77.68 72.46
SemEvall4 Laptop 66.11 57.59
SemEvall5 Restaurant 67.98 60.11
SemEvall6 Restaurant 77.38 69.98
SemEvall4 Restaurant 65.25
SemEvall4 Laptop 58.69
SemEvall5 Restaurant 59.26
SemEvall6 Restaurant 67.62
6 Dual-MRC (Mao et al., 2021) SemEvall4 Restaurant 74.93 70.32
SemEvall4 Laptop 63.37 55.58
SemEvall5 Restaurant 64.97 57.21
SemEvall6 Restaurant 75.71 67.40
7 BMRC (Chen et al., 2021a) SemEvall4 Laptop 67.45 59.27
SemEvall4 Restaurant 76.23 70.69
SemEvall5 Restaurant 68.60 61.05
SemEvall6 Restaurant 76.52 68.13
8 PARAPHRASE (Zhang et al., 2021) SemEvall5 Restaurant 46.93
SemEvall6 Restaurant 57.93

making full use of the independent and joint information of its subtask task, which can be

classified into ASPE task, ASTE task and ASQE task. Since multi-tasking ABSA

encompasses multiple types of tasks, performing it within a unified framework is also a

challenge. Table 9 shows the current research in multi-task ABSA.
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CHALLENGES

From the above discussion, we can see that the application of deep learning for ABSA is
still in the initial stage, there are still many challenges for sentiment analysis, especially
aspect-based sentiment analysis.

Implicit sentiment analysis

There are 20% to 30% of sentimental expressions have no explicit sentimental words, so
implicit sentiment analysis, which studies the sentiment of texts without sentimental
words, has gradually become the focus of many scholars. Implicit sentiment is usually
expressed by fact-implied and linguistic rhetoric, where 72% of implicit sentiment
sentences are fact-implied ones. Specifically, fact-implied expresses the sentiment by
describing the facts, while linguistic rhetoric expresses the sentiment through linguistic
rhetoric, such as metaphors and rhetorical (Liao, Wang ¢ Li, 2019a). For example, “It’s
only five a.m. and music is already playing in the park.” is a fact-implied, which expresses
people’s complaints about noise, because it is when people are sleeping; “He is a snake.” is a
rhetorical expression, which expresses his insidious and cunning characteristics.

There have been some works on the implicit sentiment analysis task, its main challenge
is how to perceive sentiment and how to integrate external knowledge into the model
elegantly. Liao, Wang ¢ Li (2019a) analyzed fact-implied implicit sentiment and found it is
usually affected by sentiment target, context semantic background and sentence structure,
then a multi-level semantic fusion method is proposed to learn the above features. Wei
et al. (2020) proposed a BILSTM model with multi-polarity orthogonal attention to capture
the differences between words and sentiment polarity, orthogonal restriction is also
designed to maintain the difference during optimization. Su, Tian ¢ Chen (2016) describes
an algorithm to interpret the Chinese nominal and verbal metaphors based on latent
semantic similarity, where latent semantic similarity is based on WordNet. Peng, Su &
Chen, 2018b) proposed target attention-based LSTM (TRAT-LSTM), which introduced
the interaction between aspect and context to obtain reliable sentiment-related
classification features. Based on TRAT-LSTM, Su ef al. (2019) constructed a cultural-
related aspect lexicon and proposed culture-related attention-based LSTM (CRAB-LSTM),
which also considered the knowledge of Chinese culture. Mao, Lin ¢ Guerin (2019) using
linguistic theories (MIP and SPV) to directly inform the design of DNN for end-to-end
sequential metaphor identification. Bouazizi ¢ Ohtsuki (2016) proposed a pattern-based
approach and four sets of features to detect sarcasm on Twitter.

Domain adaptation

Sentiment classification is widely known as a domain-dependent problem. In order to
learn and obtain an accurate domain-specific sentiment classifier, a large number of
labeled samples are needed, which are expensive and time-consuming to annotate (Yuan
et al., 2018). Moreover, different datasets in different fields are often in great differences,
which makes the effects applied to different fields uneven. Domain adaption methods
transform learned knowledge or patterns from a certain domain to a new domain, which
requires less supervised training data.
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Mining commonalities and differences between domains is a typical method to
complete the task. With the help of domain knowledge, Yuan et al. (2018) modeled the task
at the feature-level and selected the most domain-related sentimentally discerning features
in the sharing the feature extraction layer. Although domain-specific information is not
transferable, learning domain-specific representation can help to learn domain-invariant
representations, Hu et al. (2019a) used an orthogonal domain-related task (e.g., ATE task)
to obtain domain-specific information, so as to further extract domain-invariant features.

Same expressions towards different aspects in different domains may produce different
sentiments, so it’s necessary to bridge the gap between domains and find more
discriminative features. Wang ¢ Pan (2018) effectively reduced word-level domain offsets
with syntactic relations, which are also used as cross-domain invariant “axis information”
to establish structural correspondences, then an auxiliary task is generated to predict the
syntactic relations between any two adjacent words in the dependence tree. Hu et al.
(2019a) designed a domain classifier that is executed in a typical adversarial way, where the
classifier tries to determine which domain the domain-invariant features come from, while
other modules try to deceive the classifier. Qu et al. (2019) implemented category-level
alignment on the premise of global marginal alignment to generate more discriminative
features. Li et al. (2019b) proposed selective adversarial learning (SAL) method to perform
local semantic alignment of fine-grained domain adaptation, so as to obtain a better
sharing feature space.

Most current works regarded the ABSA task as a domain-dependent problem. Existing
domain adaption methods can only solve the problem of data scarcity in some specific
domains, so it’s interesting to improve the model’s generalization ability and make it adapt
to multiple domains simultaneously.

Multimodal sentiment analysis

Multimodal sentiment analysis aims to identify sentiment from multiple modals (e.g., text,
image, video), its key challenge is how to fusion the data from different modals. There are
mainly three combination strategies: early fusion, intermediate fusion and late fusion.
Specifically, early fusion directly integrates multiple sources of data into a single feature
vector, late-fusion aggregates the decisions from multiple sentiment classifiers which are
trained by only single modal data, intermediate fusion’s fusion process is conducted in the
intermediate layers of the neural networks (Huang et al., 2019).

Most studies adopt Intermediate fusion to integrate the information. Huang et al. (2019)
integrated intermediate fusion and late fusion into a unified framework to exploit the
discriminative features in texts and images, then explore the internal correlations between
different modalities. Truong ¢ Lauw (2019) proposed a visual aspect attention network
(VistaNet), which uses images as the attention and uses visual information as the
alignment of sentence level. Chen et al. (2017a) performed modality fusion at word-level
and proposed gated multimodal embedding LSTM with temporal attention model (GME-
LSTM(A)), which used gating mechanism trained using reinforcement learning. Xu, Mao
¢» Chen (2019) proposed multi-interactive memory network (MIMN), where two
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interactive memory networks capture the multiple interactive influences between textual
and visual information.

An idea may come up naturally that we can improve the model’s performance by
integrating more modalities, but it may introduce noise when modalities convey the
opposite sentiment. Building some practicable principles helps us identify which modal
data is useful may be a good idea to handle these complex scenarios.

Twitter sentiment analysis

Informal texts don’t have a unified structure and many omissions (e.g., subject, verb,
object) and ambiguities (e.g., perhaps, perhaps) may appear, therefore, working with
informal text on social media(e.g., Twitter) is a new challenge. The SemEval series dataset
also provides specialized datasets for the Twitter sentiment analysis task (e.g., SemEval-
2014 task 9 (Rosenthal et al., 2014), SemEval-2015 task 10 (Rosenthal et al., 2015),
SemEval-2016 task 4 (Nakov et al., 2016) and SemEval-2017 task 4 (Rosenthal, Farra ¢
Nakov, 2017)).

There are also some works on Twitter sentiment analysis. Vosoughi, Zhou ¢ Roy (2015)
analyzed the variation of tweet sentiments across time, authors, locations and used a
Bayesian approach to incorporate the relationship between these factors and tweet
sentiments into standard n-gram based Twitter sentiment classification. Caragea, Dinu ¢
Dumitru (2018) explored a range of deep learning models at both Twitter and user level
and studied the verb tense usage as well as the presence of polarity words in optimistic and
pessimistic Twitter.

Multilingual application

With the popularity of social platforms, the focus of sentiment analysis has shifted from
English to multilingualism. Peng et al. (2018a) studied Chinese aspect from three different
levels of granularity: radicals, characters and words. Dashtipour et al. (2020) proposed a
concept-level hybrid framework with linguistic rules and deep learning methods for
Persian sentiment analysis. Elshakankery ¢» Ahmed (2019) proposed a hybrid incremental
learning method (HILATSA) based on lexicon and machine learning for Arabic Twitter
sentiment analysis. Pasupa ¢ Seneewong Na Ayutthaya (2019) compared the performance
of several traditional deep learning models on Thai children’s stories. In summary, the
challenge of multilingualism is to find the features of specific language (e.g., semantic and
syntactic).

Future expectations
According to the above discussion, we can find that the research direction of aspect-based
sentiment analysis mainly includes two aspects: on the one hand, the research of basic
methods; on the other hand, the improvement of task generalization ability under different
task scenarios.

For the study of ABSA task basic methods, knowledge accumulation becomes very
important with the continuous mining of rich semantic information in the text. The
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knowledge graph is conducive to language understanding and can be widely paid attention
to in the future.

In order to improve the generalization ability of tasks in different task scenarios, the
existing methods are studied from the perspectives of the platform (e.g., e-commerce
platform, social media platform), language (e.g., Chinese, English), and expression (explicit
and implicit). Future research is likely to focus on increasingly complex real-world
scenarios.

SUMMARY

With the rapid development of the Internet, more and more people express their opinions
on the Internet, which led to an explosion of textual data, it is more difficult for us to obtain
realistic and valuable information from these data.

This article provides an overview of deep learning for aspect-based sentiment analysis
and describes the ABSA task in detail from two different perspectives, i.e., subtasks of
ABSA and task modeling process. Unlike previous work, we re-division the ABSA task into
IE task and SC task, where the IE task can be further classified into ATE task, OTE task and
AOTCE task. According to the process of task modeling, the ABSA task also can be divided
into pipeline ABSA and multi-task ABSA, where pipeline ABSA executed subtasks serially
and multi-task ABSA executed subtasks parallelly.

In this article, we focused on the relations between different targets. Specifically, there
are many complex relations between different targets, which contain rich information (e.g.,
semantics information, sentimental information, syntax information, location
information). In the pipeline ABSA, we divided the task into ATE task, OTE task, AOTCE
task and SC task. For the ATE task, we explore the relations between aspects/aspect
categories and context; for the OTE task, we explore the relations between opinions and
context; for the AOTCE task, we explore the relations between ATE task and OTE task; for
the SC task, we explore the relations among aspect, context and language structure. In the
multi-task ABSA, we explore the relations between its subtasks and present some
approaches to representing the ABSA task in a unified framework. The goal of the above
tasks is to obtain high-level discriminative feature representations or enriched embedding
representations.

To conclude, ABSA based on deep learning methods is still in the initial stage. With the
deepening of the research, people will gradually begin to pay attention to the relations
between different targets. We believe that in the future more research will constantly
explore new targets and new relations. For example, the constituent tree and dependency
tree have not been fully utilized. Moreover, when the information contained in the reviews
has been fully explored, how to obtain new information from external knowledge (e.g.,
knowledge graph) is also the direction of future research.
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LIST OF ABBREVIATIONS

ABSA Aspect-Based Sentiment Analysis
ACD Aspect Category Detection

ACSA Aspect Category Sentiment Analysis
AOPE Aspect-Opinion Pair Extraction
AOTCE  Aspect-Opinion Term Co-Extraction
ASPE Aspect Sentiment Pair Extraction
ASQE Aspect Sentiment Quadruple Extraction
ASTE Aspect Sentiment Triple Extraction
ATE Aspect Term Extraction

BiGRU Bidirectional Gated Recurrent Unit
BiRNN Bidirectional Recurrent Neural Network
CNN Convolutional Neural Networks

Ccv Computer Vision

CRF conditional random field

DL Deep Learning

DNN Deep Neural Networks

FN False Negative

FP False Positive

GAT Graph Attention Network

GCN Graph Convolutional Networks
GNN Graph Neural Network

GRU Gated Recurrent Unit

IE Information Extraction

LSTM Long Short-Term Memory
MemNN  Memory Network

MRC Machine Reading Comprehension
NLI natural language inference

NLP Natural Language Processing

NN Neural Network

OE Opinion target Extraction

ooV Out Of Vocabulary

OTE Opinion Term Extraction

QA Question Answering

RNN Recurrent Neural Network

SA Sentiment Analysis

SC Sentiment Classification

SP Sentiment Polarity

Seq2Seq  Sequence to Sequence
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TN True Negative
TOWE Target-oriented Opinion Words Extraction
TP True Positive

ADDITIONAL INFORMATION AND DECLARATIONS

Funding

This work was supported by the National Natural Science Foundation of China (No.
62176234, 62072409, 61701443). The funders had no role in study design, data collection
and analysis, decision to publish, or preparation of the manuscript.

Grant Disclosures
The following grant information was disclosed by the authors:
National Natural Science Foundation of China: 62176234, 62072409, 61701443.

Competing Interests
Xiangjie Kong is a Section Editor for Peer] Computer Science.

Author Contributions

e Linan Zhu conceived and designed the experiments, performed the experiments,
analyzed the data, performed the computation work, prepared figures and/or tables,
authored or reviewed drafts of the article, and approved the final draft.

e Minhao Xu conceived and designed the experiments, performed the experiments,
analyzed the data, performed the computation work, prepared figures and/or tables,
authored or reviewed drafts of the article, and approved the final draft.

e Yinwei Bao analyzed the data, authored or reviewed drafts of the article, and approved
the final draft.

e Yifei Xu performed the computation work, authored or reviewed drafts of the article,
and approved the final draft.

e Xiangjie Kong performed the experiments, authored or reviewed drafts of the article, and
approved the final draft.

Data Availability
The following information was supplied regarding data availability:
This is a literature review.

REFERENCES

Akhtar MS, Sawant P, Sen S, Ekbal A, Bhattacharyya P. 2018. Solving data sparsity for aspect
based sentiment analysis using cross-linguality and multi-linguality. In: Proceedings of the 2018
Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, Volume 1 (Long Papers). New Orleans, Louisiana: Association
for Computational Linguistics, 572-582.

Bao L, Lambert P, Badia T. 2019. Attention and lexicon regularized LSTM for aspect-based
sentiment analysis. In: Proceedings of the 57th Annual Meeting of the Association for

Zhu et al. (2022), Peerd Comput. Sci., DOl 10.7717/peerj-cs.1044 27/37


http://dx.doi.org/10.7717/peerj-cs.1044
https://peerj.com/computer-science/

PeerJ Computer Science

Computational Linguistics: Student Research Workshop. Florence, Italy: Association for
Computational Linguistics, 253-259.

Bouazizi M, Ohtsuki T. 2016. A pattern-based approach for sarcasm detection on twitter. IEEE
Access 4:5477-5488 DOI 10.1109/ACCESS.2016.2594194.

Cai H, Xia R, Yu J. 2021. Aspect-category-opinion-sentiment quadruple extraction with implicit
aspects and opinions. In: Zong C, Xia F, Li W, Navigli R, eds. Proceedings of the 59th Annual
Meeting of the Association for Computational Linguistics and the 11th International Joint
Conference on Natural Language Processing, ACL/IJCNLP 2021, (Volume 1: Long Papers),
Virtual Event, August 1-6, 2021. Stroudsburg, PA, USA: Association for Computational
Linguistics, 340-350.

Caragea C, Dinu LP, Dumitru B. 2018. Exploring optimism and pessimism in Twitter using deep
learning. In: Proceedings of the 2018 Conference on Empirical Methods in Natural Language
Processing. Brussels, Belgium: Association for Computational Linguistics, 652-658.

Che W, Zhao Y, Guo H, Su Z, Liu T. 2015. Sentence compression for aspect-based sentiment
analysis. IEEE/ACM Transactions on Audio, Speech, and Language Processing 23(12):2111-2124
DOI 10.1109/TASLP.2015.2443982.

Chen F, Huang Y. 2019. Knowledge-enhanced neural networks for sentiment analysis of Chinese
reviews. Neurocomputing 368(1-2):51-58 DOI 10.1016/j.neucom.2019.08.054.

Chen Z, Huang H, Liu B, Shi X, Jin H. 2021b. Semantic and syntactic enhanced aspect sentiment
triplet extraction. In: Zong C, Xia F, Li W, Navigli R, eds. Findings of the Association for
Computational Linguistics: ACL/IJCNLP 2021, Online Event, August 1-6, 2021, volume ACL/
IJCNLP 2021 of Findings of ACL. Stroudsburg: Association for Computational Linguistics, 1474
1483.

Chen S, Liu J, Wang Y, Zhang W, Chi Z. 2020. Synchronous double-channel recurrent network
for aspect-opinion pair extraction. In: Proceedings of the 58th Annual Meeting of the Association
for Computational Linguistics. Association for Computational Linguistics, 6515-6524.

Chen Z, Qian T. 2019. Transfer capsule network for aspect level sentiment classification. In:
Proceedings of the 57th Annual Meeting of the Association for Computational Linguistics.
Florence, Italy: Association for Computational Linguistics, 547-556.

Chen Z, Qian T. 2020. Relation-aware collaborative learning for unified aspect-based sentiment
analysis. In: Proceedings of the 58th Annual Meeting of the Association for Computational
Linguistics. Association for Computational Linguistics, 3685-3694.

Chen P, Sun Z, Bing L, Yang W. 2017b. Recurrent attention network on memory for aspect
sentiment analysis. In: Proceedings of the 2017 Conference on Empirical Methods in Natural
Language Processing. Copenhagen, Denmark: Association for Computational Linguistics, 452-
461.

Chen M, Wang S, Liang PP, Baltrusaitis T, Zadeh A, Morency L. 2017a. Multimodal sentiment
analysis with word-level fusion and reinforcement learning. In: Lank E, Vinciarelli A,

Hoggan EE, Subramanian S, Brewster SA, eds. Proceedings of the 19th ACM International
Conference on Multimodal Interaction, ICMI 2017, Glasgow, United Kingdom, November 13-17,
2017. New York: ACM, 163-171.

Chen S, Wang Y, Liu J, Wang Y. 2021a. Bidirectional machine reading comprehension for aspect
sentiment triplet extraction. In: Thirty-Fifth AAAI Conference on Artificial Intelligence, AAAI
2021, Thirty-Third Conference on Innovative Applications of Artificial Intelligence, IAAI 2021,
The Eleventh Symposium on Educational Advances in Artificial Intelligence, EAAI 2021, Virtual
Event, February 2-9, 2021. Menlo Park: AAAI Press, 12666-12667.

Zhu et al. (2022), Peerd Comput. Sci., DOl 10.7717/peerj-cs.1044 28/37


http://dx.doi.org/10.1109/ACCESS.2016.2594194
http://dx.doi.org/10.1109/TASLP.2015.2443982
http://dx.doi.org/10.1016/j.neucom.2019.08.054
http://dx.doi.org/10.7717/peerj-cs.1044
https://peerj.com/computer-science/

PeerJ Computer Science

Cho K, van Merriénboer B, Gulcehre C, Bahdanau D, Bougares F, Schwenk H, Bengio Y. 2014.
Learning phrase representations using RNN encoder-decoder for statistical machine translation.
In: Proceedings of the 2014 Conference on Empirical Methods in Natural Language Processing
(EMNLP). Doha, Qatar: Association for Computational Linguistics, 1724-1734.

Cortis K, Freitas A, Daudert T, Huerlimann M, Zarrouk M, Handschuh S, Davis B. 2017.
SemEval-2017 task 5: fine-grained sentiment analysis on financial microblogs and news. In:
Proceedings of the 11th International Workshop on Semantic Evaluation (SemEval-2017).
Vancouver, Canada: Association for Computational Linguistics, 519-535.

Dashtipour K, Gogate M, Li ], Jiang F, Kong B, Hussain A. 2020. A hybrid Persian sentiment
analysis framework: integrating dependency grammar based rules and deep neural networks.
Neurocomputing 380(6):1-10 DOI 10.1016/j.neucom.2019.10.009.

Devlin J, Chang M-W, Lee K, Toutanova K. 2019. BERT: pre-training of deep bidirectional
transformers for language understanding. In: Proceedings of the 2019 Conference of the North
American Chapter of the Association for Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short Papers). Minneapolis, Minnesota: Association for
Computational Linguistics, 4171-4186.

Do HH, Prasad P, Maag A, Alsadoon A. 2019. Deep learning for aspect-based sentiment analysis:
a comparative review. Expert Systems with Applications 118(6):272-299
DOI 10.1016/j.eswa.2018.10.003.

Dozat T, Manning CD. 2017. Deep biaffine attention for neural dependency parsing. In: 5th
International Conference on Learning Representations, ICLR 2017, Toulon, France, April 24-26,
2017, Conference Track Proceedings.

Du C, Sun H, Wang J, Qi Q, Liao J, Xu T, Liu M. 2019. Capsule network with interactive attention
for aspect-level sentiment classification. In: Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the 9th International Joint Conference on Natural
Language Processing (EMNLP-IJCNLP). Hong Kong, China: Association for Computational
Linguistics, 5489-5498.

Elshakankery K, Ahmed MF. 2019. HILATSA: a hybrid Incremental learning approach for Arabic
tweets sentiment analysis. Egyptian Informatics Journal 20(3):163-171
DOI 10.1016/j.€1j.2019.03.002.

Fan F, Feng Y, Zhao D. 2018. Multi-grained attention network for aspect-level sentiment
classification. In: Proceedings of the 2018 Conference on Empirical Methods in Natural Language
Processing. Brussels, Belgium: Association for Computational Linguistics, 3433-3442.

Fan Z, Wu Z, Dai X-Y, Huang S, Chen J. 2019. Target-oriented opinion words extraction with
target-fused neural sequence labeling. In: Proceedings of the 2019 Conference of the North
American Chapter of the Association for Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short Papers). Minneapolis, Minnesota: Association for
Computational Linguistics, 2509-2518.

Glorot X, Bengio Y. 2010. Understanding the difficulty of training deep feedforward neural
networks. In: Teh YW, Titterington DM, eds. Proceedings of the Thirteenth International
Conference on Artificial Intelligence and Statistics, AISTATS 2010, Chia Laguna Resort, Sardinia,
Italy, May 13-15, 2010, volume 9 of JMLR Proceedings. 249-256.

Hamilton WL, Ying Z, Leskovec J. 2017. Inductive representation learning on large graphs. In:
Guyon I, von Luxburg U, Bengio S, Wallach HM, Fergus R, Vishwanathan SVN, Garnett R, eds.
Advances in Neural Information Processing Systems 30: Annual Conference on Neural
Information Processing Systems 2017, December 4-9, 2017, Long Beach, CA, USA. 1024-1034.

Zhu et al. (2022), Peerd Comput. Sci., DOl 10.7717/peerj-cs.1044 29/37


http://dx.doi.org/10.1016/j.neucom.2019.10.009
http://dx.doi.org/10.1016/j.eswa.2018.10.003
http://dx.doi.org/10.1016/j.eij.2019.03.002
http://dx.doi.org/10.7717/peerj-cs.1044
https://peerj.com/computer-science/

PeerJ Computer Science

Hazarika D, Poria S, Vij P, Krishnamurthy G, Cambria E, Zimmermann R. 2018. Modeling
inter-aspect dependencies for aspect-based sentiment analysis. In: Proceedings of the 2018
Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, Volume 2 (Short Papers). New Orleans, Louisiana: Association
for Computational Linguistics, 266-270.

He K, Zhang X, Ren S, Sun J. 2015. Delving deep into rectifiers: surpassing human-level
performance on ImageNet classification. In: 2015 IEEE International Conference on Computer
Vision, ICCV 2015, Santiago, Chile, December 7-13, 2015. IEEE Computer Society, 1026-1034.

Hochreiter S, Schmidhuber J. 1997. Long short-term memory. Neural Computation 9(8):1735-
1780 DOI 10.1162/neco.1997.9.8.1735.

Hu M, Wu Y, Zhao S, Guo H, Cheng R, Su Z. 2019a. Domain-invariant feature distillation for
cross-domain sentiment classification. In: Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the 9th International Joint Conference on Natural
Language Processing (EMNLP-IJCNLP). Hong Kong, China: Association for Computational
Linguistics, 5559-5568.

Hu M, Zhao S, Zhang L, Cai K, Su Z, Cheng R, Shen X. 2019b. CAN: constrained attention
networks for multi-aspect sentiment analysis. In: Inui K, Jiang J, Ng V, Wan X, eds. Proceedings
of the 2019 Conference on Empirical Methods in Natural Language Processing and the 9th
International Joint Conference on Natural Language Processing, EMNLP-IJCNLP 2019, Hong
Kong, China, November 3-7, 2019. Stroudsburg: Association for Computational Linguistics,
4600-4609.

Huang B, Carley K. 2018. Parameterized convolutional neural networks for aspect level sentiment
classification. In: Proceedings of the 2018 Conference on Empirical Methods in Natural Language
Processing. Brussels, Belgium: Association for Computational Linguistics, 1091-1096.

Huang L, Sun X, Li S, Zhang L, Wang H. 2020. Syntax-aware graph attention network for aspect-
level sentiment classification. In: Proceedings of the 28th International Conference on
Computational Linguistics. Barcelona, Spain: International Committee on Computational
Linguistics, 799-810.

Huang F, Zhang X, Zhao Z, Xu J, Li Z. 2019. Image-text sentiment analysis via deep multimodal
attentive fusion. Knowledge-Based Systems 167(3):26-37 DOI 10.1016/j.knosys.2019.01.019.

Jakob N, Gurevych I. 2010. Extracting opinion targets in a single and cross-domain setting with
conditional random fields. In: Proceedings of the 2010 Conference on Empirical Methods in
Natural Language Processing. Cambridge, MA: Association for Computational Linguistics,
1035-1045.

Jiang Q, Chen L, Xu R, Ao X, Yang M. 2019. A challenge dataset and effective models for aspect-
based sentiment analysis. In: Proceedings of the 2019 Conference on Empirical Methods in
Natural Language Processing and the 9th International Joint Conference on Natural Language
Processing (EMNLP-IJCNLP). Hong Kong, China: Association for Computational Linguistics,
6280-6285.

Kipf TN, Welling M. 2017. Semi-supervised classification with graph convolutional networks. In:
5th International Conference on Learning Representations, ICLR 2017, Toulon, France, April 24—
26, 2017, Conference Track Proceedings.

Krizhevsky A, Sutskever I, Hinton GE. 2017. ImageNet classification with deep convolutional
neural networks. Communications of the ACM 60(6):84-90 DOI 10.1145/3065386.

Kumar A, Kawahara D, Kurohashi S. 2018. Knowledge-enriched two-layered attention network
for sentiment analysis. In: Proceedings of the 2018 Conference of the North American Chapter of

Zhu et al. (2022), PeerJ Comput. Sci., DOl 10.7717/peerj-cs.1044 30/37


http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.1016/j.knosys.2019.01.019
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.7717/peerj-cs.1044
https://peerj.com/computer-science/

PeerJ Computer Science

the Association for Computational Linguistics: Human Language Technologies, Volume 2 (Short
Papers). New Orleans, Louisiana: Association for Computational Linguistics, 253-258.

Lecun Y, Bottou L, Bengio Y, Haffner P. 1998. Gradient-based learning applied to document
recognition. Proceedings of the IEEE 86(11):2278-2324 DOI 10.1109/5.726791.

Lewis M, Liu Y, Goyal N, Ghazvininejad M, Mohamed A, Levy O, Stoyanov V, Zettlemoyer L.
2020. BART: denoising sequence-to-sequence pre-training for natural language generation,
translation, and comprehension. In: Jurafsky D, Chai ], Schluter N, Tetreault JR, eds. Proceedings
of the 58th Annual Meeting of the Association for Computational Linguistics, ACL 2020, Online,
July 5-10, 2020. Stroudsburg: Association for Computational Linguistics, 7871-7880.

Li X, Bing L, Lam W, Shi B. 2018. Transformation networks for target-oriented sentiment
classification. In: Proceedings of the 56th Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers). Melbourne, Australia: Association for Computational
Linguistics, 946-956.

Li X, Bing L, Zhang W, Lam W. 2019a. Exploiting BERT for end-to-end aspect-based sentiment
analysis. In: Proceedings of the 5th Workshop on Noisy User-generated Text (W-NUT 2019).
Hong Kong, China: Association for Computational Linguistics, 34-41.

Li Z, Li X, Wei Y, Bing L, Zhang Y, Yang Q. 2019b. Transferable end-to-end aspect-based
sentiment analysis with selective adversarial learning. In: Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing and the 9th International Joint Conference on
Natural Language Processing (EMNLP-IJCNLP). Hong Kong, China: Association for
Computational Linguistics, 4590-4600.

Liang B, Du ], Xu R, Li B, Huang H. 2019a. Context-aware embedding for targeted aspect-based
sentiment analysis. In: Proceedings of the 57th Annual Meeting of the Association for
Computational Linguistics. Florence, Italy: Association for Computational Linguistics, 4678
4683.

Liang Y, Meng F, Zhang ], Xu J, Chen Y, Zhou J. 2019b. A novel aspect-guided deep transition
model for aspect based sentiment analysis. In: Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the 9th International Joint Conference on Natural
Language Processing (EMNLP-IJCNLP). Hong Kong, China: Association for Computational
Linguistics, 5569-5580.

Liao M, Li J, Zhang H, Wang L, Wu X, Wong K-F. 2019b. Coupling global and local context for
unsupervised aspect extraction. In: Proceedings of the 2019 Conference on Empirical Methods in
Natural Language Processing and the 9th International Joint Conference on Natural Language
Processing (EMNLP-IJCNLP). Hong Kong, China: Association for Computational Linguistics,
4579-4589.

Liao J, Wang S, Li D. 2019a. Identification of fact-implied implicit sentiment based on multi-level
semantic fused representation. Knowledge-Based Systems 165(6):197-207
DOI 10.1016/j.knosys.2018.11.023.

Liu B. 2015. Sentiment analysis: mining opinions, sentiments, and emotions. Cambridge:
Cambridge University Press.

Liu H, Chatterjee I, Zhou M, Lu XS, Abusorrah A. 2020. Aspect-based sentiment analysis: a
survey of deep learning methods. IEEE Transactions on Computational Social Systems
7(6):1358-1375 DOI 10.1109/TCSS.2020.3033302.

Liu J, Liu Y, Zhang Q. 2022. A weight initialization method based on neural network with
asymmetric activation function. Neurocomputing 483(1-2):171-182
DOI 10.1016/j.neucom.2022.01.088.

Zhu et al. (2022), Peerd Comput. Sci., DOl 10.7717/peerj-cs.1044 31/37


http://dx.doi.org/10.1109/5.726791
http://dx.doi.org/10.1016/j.knosys.2018.11.023
http://dx.doi.org/10.1109/TCSS.2020.3033302
http://dx.doi.org/10.1016/j.neucom.2022.01.088
http://dx.doi.org/10.7717/peerj-cs.1044
https://peerj.com/computer-science/

PeerJ Computer Science

Liu N, Shen B. 2020. ReMemNN: a novel memory neural network for powerful interaction in
aspect-based sentiment analysis. Neurocomputing 395(3):66-77
DOI 10.1016/j.neucom.2020.02.018.

Luo H, Li T, Liu B, Zhang J. 2019. DOER: dual cross-shared RNN for aspect term-polarity co-
extraction. In: Proceedings of the 57th Annual Meeting of the Association for Computational
Linguistics. Florence, Italy: Association for Computational Linguistics, 591-601.

Ma D, Li S, Wu F, Xie X, Wang H. 2019. Exploring sequence-to-sequence learning in aspect term
extraction. In: Proceedings of the 57th Annual Meeting of the Association for Computational
Linguistics. Florence, Italy: Association for Computational Linguistics, 3538-3547.

Ma D, Li S, Zhang X, Wang H. 2017. Interactive attention networks for aspect-level sentiment
classification. In: Sierra C, ed. Proceedings of the Twenty-Sixth International Joint Conference on
Artificial Intelligence, IJCAI 2017, Melbourne, Australia, August 19-25, 2017. 4068-4074.

Majumder N, Poria S, Gelbukh A, Akhtar MS, Cambria E, Ekbal A. 2018. IARM: inter-aspect
relation modeling with memory networks in aspect-based sentiment analysis. In: Proceedings of
the 2018 Conference on Empirical Methods in Natural Language Processing. Brussels, Belgium:
Association for Computational Linguistics, 3402-3411.

Mao R, Lin C, Guerin F. 2019. End-to-end sequential metaphor identification inspired by
linguistic theories. In: Proceedings of the 57th Annual Meeting of the Association for
Computational Linguistics. Florence, Italy: Association for Computational Linguistics, 3888-
3898.

Mao Y, Shen Y, Yu C, Cai L. 2021. A joint training dual-MRC framework for aspect based
sentiment analysis. In: Thirty-Fifth AAAI Conference on Artificial Intelligence, AAAI 2021,
Thirty-Third Conference on Innovative Applications of Artificial Intelligence, IAAI 2021, The
Eleventh Symposium on Educational Advances in Artificial Intelligence, EAAI 2021, Virtual
Event, February 2-9, 2021AAAI Press.

Mikolov T, Chen K, Corrado G, Dean J. 2013. Efficient estimation of word representations in
vector space. In: Bengio Y, LeCun Y, eds. Ist International Conference on Learning
Representations, ICLR 2013, Scottsdale, Arizona, USA, May 2-4, 2013, Workshop Track
Proceedings.

Mitchell M, Aguilar J, Wilson T, Van Durme B. 2013. Open domain targeted sentiment. In:
Proceedings of the 2013 Conference on Empirical Methods in Natural Language Processing.
Seattle, Washington, USA: Association for Computational Linguistics, 1643-1654.

Nakov P, Ritter A, Rosenthal S, Sebastiani F, Stoyanov V. 2016. SemEval-2016 task 4: sentiment
analysis in Twitter. In: Proceedings of the 10th International Workshop on Semantic Evaluation,
SemEval@NAACL-HLT 2016, San Diego, CA, USA, June 16-17, 2016. 1-18.

Nguyen H, Shirai K. 2018. A joint model of term extraction and polarity classification for aspect-
based sentiment analysis. In: Thuy NT, Tojo S, Hanh T, Nguyen ML, Phuong TM, Bao VNQ,
eds. 10th International Conference on Knowledge and Systems Engineering, KSE 2018, Ho Chi
Minh City, Vietnam, November 1-3, 2018. Manhattan, New York: IEEE, 323-328.

Pasupa K, Seneewong Na Ayutthaya T. 2019. Thai sentiment analysis with deep learning
techniques: a comparative study based on word embedding, POS-tag, and sentic features.
Sustainable Cities and Society 50:101615 DOI 10.1016/j.5¢5.2019.101615.

Peng H, Ma Y, Li Y, Cambria E. 2018a. Learning multi-grained aspect target sequence for Chinese
sentiment analysis. Knowledge-Based Systems 148(4):167-176
DOI 10.1016/j.knosys.2018.02.034.

Zhu et al. (2022), Peerd Comput. Sci., DOl 10.7717/peerj-cs.1044 32/37


http://dx.doi.org/10.1016/j.neucom.2020.02.018
http://dx.doi.org/10.1016/j.scs.2019.101615
http://dx.doi.org/10.1016/j.knosys.2018.02.034
http://dx.doi.org/10.7717/peerj-cs.1044
https://peerj.com/computer-science/

PeerJ Computer Science

Peng Y, Su C, Chen Y. 2018b. Chinese metaphor sentiment analysis based on attention-based
LSTM. In: Tenth International Conference on Advanced Computational Intelligence, ICACI 2018.
Xiamen, China478-483.

Peng H, Xu L, Bing L, Huang F, Lu W, Si L. 2020. Knowing what, how and why: a near complete
solution for aspect-based sentiment analysis. In: The Thirty-Fourth AAAI Conference on
Artificial Intelligence, AAAI 2020, The Thirty-Second Innovative Applications of Artificial
Intelligence Conference, IAAI 2020, The Tenth AAAI Symposium on Educational Advances in
Artificial Intelligence, EAAI 2020, New York, NY, USA, February 7-12, 2020. New York, NY,
USA: AAAI Press, 8600-8607.

Pennington J, Socher R, Manning C. 2014. GloVe: global vectors for word representation. In:
Proceedings of the 2014 Conference on Empirical Methods in Natural Language Processing
(EMNLP). Doha, Qatar: Association for Computational Linguistics, 1532-1543.

Peters M, Neumann M, Iyyer M, Gardner M, Clark C, Lee K, Zettlemoyer L. 2018. Deep
contextualized word representations. In: Proceedings of the 2018 Conference of the North
American Chapter of the Association for Computational Linguistics: Human Language
Technologies, Volume 1 (Long Papers). New Orleans, Louisiana: Association for Computational
Linguistics, 2227-2237.

Pontiki M, Galanis D, Papageorgiou H, Androutsopoulos I, Manandhar S, AL-Smadi M,
Al-Ayyoub M, Zhao Y, Qin B, De Clercq O, Hoste V, Apidianaki M, Tannier X,
Loukachevitch N, Kotelnikov E, Bel N, Jiménez-Zafra SM, Eryig“it G. 2016. SemEval-2016
task 5: aspect based sentiment analysis. In: Proceedings of the 10th International Workshop on
Semantic Evaluation (SemEval-2016). San Diego, California: Association for Computational
Linguistics, 19-30.

Pontiki M, Galanis D, Papageorgiou H, Manandhar S, Androutsopoulos I. 2015. SemEval-2015
task 12: aspect based sentiment analysis. In: Proceedings of the 9th International Workshop on
Semantic Evaluation (SemEval 2015). Denver, Colorado: Association for Computational
Linguistics, 486-495.

Pontiki M, Galanis D, Pavlopoulos J, Papageorgiou H, Androutsopoulos I, Manandhar S. 2014.
SemEval-2014 task 4: aspect based sentiment analysis. In: Proceedings of the 8th International
Workshop on Semantic Evaluation (SemEval 2014). Dublin, Ireland: Association for
Computational Linguistics, 27-35.

Poria S, Cambria E, Gelbukh A. 2016. Aspect extraction for opinion mining with a deep
convolutional neural network. Knowledge-Based Systems 108(2):42-49 New Avenues in
Knowledge Bases for Natural Language Processing DOI 10.1016/j.knosys.2016.06.009.

QuX, Zou Z, Cheng Y, Yang Y, Zhou P. 2019. Adversarial category alignment network for cross-
domain sentiment classification. In: Proceedings of the 2019 Conference of the North American
Chapter of the Association for Computational Linguistics: Human Language Technologies,
Volume 1 (Long and Short Papers). Minneapolis, Minnesota: Association for Computational
Linguistics, 2496-2508.

Rosenthal S, Farra N, Nakov P. 2017. SemEval-2017 task 4: sentiment analysis in Twitter. In:
Proceedings of the 11th International Workshop on Semantic Evaluation (SemEval-2017).
Vancouver, Canada: Association for Computational Linguistics, 502-518.

Rosenthal S, Nakov P, Kiritchenko S, Mohammad S, Ritter A, Stoyanov V. 2015. SemEval-2015
task 10: sentiment analysis in Twitter. In: Proceedings of the 9th International Workshop on
Semantic Evaluation, SemEval@NAACL-HLT 2015, Denver, Colorado, USA, June 4-5, 2015. 451 -
463.

Zhu et al. (2022), Peerd Comput. Sci., DOl 10.7717/peerj-cs.1044 33/37


http://dx.doi.org/10.1016/j.knosys.2016.06.009
http://dx.doi.org/10.7717/peerj-cs.1044
https://peerj.com/computer-science/

PeerJ Computer Science

Rosenthal S, Ritter A, Nakov P, Stoyanov V. 2014. SemEval-2014 task 9: sentiment analysis in
Twitter. In: Proceedings of the 8th International Workshop on Semantic Evaluation,
SemEval@COLING 2014, Dublin, Ireland, August 23-24, 2014. 73-80.

Ruder S, Ghaffari P, Breslin JG. 2016. A hierarchical model of reviews for aspect-based sentiment
analysis. In: Proceedings of the 2016 Conference on Empirical Methods in Natural Language
Processing. Austin, Texas: Association for Computational Linguistics, 999-1005.

Schmitt M, Steinheber S, Schreiber K, Roth B. 2018. Joint aspect and polarity classification for
aspect-based sentiment analysis with end-to-end neural networks. In: Proceedings of the 2018
Conference on Empirical Methods in Natural Language Processing. Brussels, Belgium:
Association for Computational Linguistics, 1109-1114.

Schuster M, Paliwal K. 1997. Bidirectional recurrent neural networks. IEEE Transactions on Signal
Processing 45(11):2673-2681 DOI 10.1109/78.650093.

Shams M, Baraani-Dastjerdi A. 2017. Enriched LDA (ELDA): Combination of latent Dirichlet
allocation with word co-occurrence analysis for aspect extraction. Expert Systems with
Applications 80(4):136-146 DOI 10.1016/j.eswa.2017.02.038.

Shu L, Xu H, Liu B. 2017. Lifelong learning CRF for supervised aspect extraction. In: Proceedings of
the 55th Annual Meeting of the Association for Computational Linguistics (Volume 2: Short
Papers). Vancouver, Canada: Association for Computational Linguistics, 148-154.

Shuang K, Ren X, Yang Q, Li R, Loo J. 2019. AELA-DLSTMs: attention-enabled and location-
aware double LSTMs for aspect-level sentiment classification. Neurocomputing 334(1-2):25-34
DOI 10.1016/j.neucom.2018.11.084.

Shuang K, Yang Q, Loo J, Li R, Gu M. 2020. Feature distillation network for aspect-based
sentiment analysis. Information Fusion 61(Feb):13-23 DOI 10.1016/j.inffus.2020.03.003.

Su G, LiJ, Peng Y, Chen Y. 2019. Chinese metaphor sentiment computing via considering culture.
Neurocomputing 352:33-41 DOI 10.1016/j.neucom.2019.03.087.

Su C, Tian J, Chen Y. 2016. Latent semantic similarity based interpretation of Chinese metaphors.
Engineering Applications of Artificial Intelligence 48(3):188-203
DOI 10.1016/j.engappai.2015.10.014.

Sukhbaatar S, Szlam A, Weston J, Fergus R. 2015. End-to-end memory networks. In: NIPS’15:
Proceedings of the 28th International Conference on Neural Information Processing Systems. 2:
Cambridge, MA, USA: MIT Press, 2440-2448.

Sun K, Zhang R, Mensah S, Mao Y, Liu X. 2019. Aspect-level sentiment analysis via convolution
over dependency tree. In: Proceedings of the 2019 Conference on Empirical Methods in Natural
Language Processing and the 9th International Joint Conference on Natural Language Processing
(EMNLP-IJCNLP). Hong Kong, China: Association for Computational Linguistics, 5679-5688.

Tang D, Qin B, Feng X, Liu T. 2016a. Effective LSTMS for target-dependent sentiment
classification. In: COLING.

Tang D, Qin B, Liu T. 2016b. Aspect level sentiment classification with deep memory network. In:
Proceedings of the 2016 Conference on Empirical Methods in Natural Language Processing.
Austin, Texas: Association for Computational Linguistics, 214-224.

Tay Y, Tuan LA, Hui SC. 2017. Dyadic memory networks for aspect-based sentiment analysis. In:
Lim E, Winslett M, Sanderson M, Fu A, Sun ], Culpepper JS, Lo E, Ho JC, Donato D, Agrawal R,
Zheng Y, Castillo C, Sun A, Tseng VS, Li C, eds. Proceedings of the 2017 ACM on Conference on
Information and Knowledge Management, CIKM 2017, Singapore, November 06-10, 2017. New
York: ACM, 107-116.

Tay Y, Tuan LA, Hui SC. 2018. Learning to attend via word-aspect associative fusion for aspect-
based sentiment analysis. In: Mcllraith SA, Weinberger KQ, eds. Proceedings of the Thirty-

Zhu et al. (2022), Peerd Comput. Sci., DOl 10.7717/peerj-cs.1044 34/37


http://dx.doi.org/10.1109/78.650093
http://dx.doi.org/10.1016/j.eswa.2017.02.038
http://dx.doi.org/10.1016/j.neucom.2018.11.084
http://dx.doi.org/10.1016/j.inffus.2020.03.003
http://dx.doi.org/10.1016/j.neucom.2019.03.087
http://dx.doi.org/10.1016/j.engappai.2015.10.014
http://dx.doi.org/10.7717/peerj-cs.1044
https://peerj.com/computer-science/

PeerJ Computer Science

Second AAAI Conference on Artificial Intelligence, (AAAI-18), the 30th innovative Applications of
Artificial Intelligence (IAAI-18), and the 8th AAAI Symposium on Educational Advances in
Artificial Intelligence (EAAI-18), New Orleans, Louisiana, USA, February 2-7, 2018. Stroudsburg:
AAATI Press, 5956-5963.

Tran TU, Hoang HTT, Huynh HX. 2019. Aspect extraction with bidirectional GRU and CREF. In:
2019 IEEE-RIVF International Conference on Computing and Communication Technologies,
RIVF 2019, Danang, Vietnam, March 20-22, 2019. 1-5.

Truong Q, Lauw HW. 2019. VistaNet: visual aspect attention network for multimodal sentiment
analysis. In: The Thirty-Third AAAI Conference on Artificial Intelligence, AAAI 2019, The Thirty-
First Innovative Applications of Artificial Intelligence Conference, IAAI 2019, The Ninth AAAI
Symposium on Educational Advances in Artificial Intelligence, EAAI 2019, Honolulu, Hawaii,
USA, January 27-February 1, 2019. AAAIT Press, 305-312.

Velickovic P, Cucurull G, Casanova A, Romero A, Lio P, Bengio Y. 2018. Graph attention
networks. In: 6th International Conference on Learning Representations, ICLR 2018, Vancouver,
BC, Canada, April 30-May 3, 2018, Conference Track Proceedings.

Vosoughi S, Zhou H, Roy D. 2015. Enhanced Twitter sentiment classification using contextual
information. In: Proceedings of the 6th Workshop on Computational Approaches to Subjectivity,
Sentiment and Social Media Analysis. Lisboa, Portugal: Association for Computational
Linguistics, 16-24.

Wang Y, Huang M, Zhu X, Zhao L. 2016b. Attention-based LSTM for aspect-level sentiment
classification. In: Proceedings of the 2016 Conference on Empirical Methods in Natural Language
Processing. Austin, Texas: Association for Computational Linguistics, 606-615.

Wang W, Pan SJ. 2018. Recursive neural structural correspondence network for cross-domain
aspect and opinion co-extraction. In: Proceedings of the 56th Annual Meeting of the Association
for Computational Linguistics (Volume 1: Long Papers). Melbourne, Australia: Association for
Computational Linguistics, 2171-2181.

Wang W, Pan SJ, Dahlmeier D, Xiao X. 2016a. Recursive neural conditional random fields for
aspect-based sentiment analysis. In: Proceedings of the 2016 Conference on Empirical Methods in
Natural Language Processing. Austin, Texas: Association for Computational Linguistics, 616—
626.

Wang W, Pan SJ, Dahlmeier D, Xiao X. 2017. Coupled multi-layer attentions for co-extraction of
aspect and opinion terms. In: Proceedings of the Thirty-First AAAI Conference on Artificial
Intelligence, AAAI'17. AAAI Press, 3316-3322.

Wei J, Liao J, Yang Z, Wang S, Zhao Q. 2020. BiLSTM with multi-polarity orthogonal attention
for implicit sentiment analysis. Neurocomputing 383(6):165-173
DOI 10.1016/j.neucom.2019.11.054.

Weston J, Chopra S, Bordes A. 2015. Memory networks. In: 3rd International Conference on
Learning Representations, ICLR 2015, San Diego, CA, USA, May 7-9, 2015, Conference Track
Proceedings.

Wu H, Wang Z, Liu M, Huang J. 2019. Multi-task learning based on question-answering style
reviews for aspect category classifcation and aspect term extraction. In: Seventh International
Conference on Advanced Cloud and Big Data, CBD 2019, Suzhou, China, September 21-22, 2019.
272-278.

Wu C, Wu F, Wu S, Yuan Z, Huang Y. 2018. A hybrid unsupervised method for aspect term and
opinion target extraction. Knowledge-Based Systems 148(1):66-73
DOI 10.1016/j.knosys.2018.01.019.

Zhu et al. (2022), PeerJ Comput. Sci., DOl 10.7717/peerj-cs.1044 35/37


http://dx.doi.org/10.1016/j.neucom.2019.11.054
http://dx.doi.org/10.1016/j.knosys.2018.01.019
http://dx.doi.org/10.7717/peerj-cs.1044
https://peerj.com/computer-science/

PeerJ Computer Science

Wu Z, Ying C, Zhao F, Fan Z, Dai X, Xia R. 2020. Grid tagging scheme for aspect-oriented fine-
grained opinion extraction. In: Findings of the Association for Computational Linguistics:
EMNLP 2020. Association for Computational Linguistics, 2576-2585.

Xia F, Wang L, Tang T, Chen X, Kong X, Oatley G, King I. 2022. CenGCN: centralized
convolutional networks with vertex imbalance for scale-free graphs. Available at https://arxiv.
org/abs/2202.07826.

XuL, Li H, Lu W, Bing L. 2020. Position-aware tagging for aspect sentiment triplet extraction. In:
Proceedings of the 2020 Conference on Empirical Methods in Natural Language Processing
(EMNLP). Association for Computational Linguistics, 2339-2349.

Xu H, Liu B, Shu L, Yu PS. 2018. Double embeddings and CNN-based sequence labeling for
aspect extraction. In: Proceedings of the 56th Annual Meeting of the Association for
Computational Linguistics (Volume 2: Short Papers). Melbourne, Australia: Association for
Computational Linguistics, 592-598.

Xu N, Mao W, Chen G. 2019. Multi-interactive memory network for aspect based multimodal
sentiment analysis. In: The Thirty-Third AAAI Conference on Artificial Intelligence, AAAI 2019,
The Thirty-First Innovative Applications of Artificial Intelligence Conference, IAAI 2019, The
Ninth AAAI Symposium on Educational Advances in Artificial Intelligence, EAAI 2019,
Honolulu, Hawaii, USA, January 27-February 1, 2019. AAAI Press, 371-378.

Xue W, Li T. 2018. Aspect based sentiment analysis with gated convolutional networks. In:
Proceedings of the 56th Annual Meeting of the Association for Computational Linguistics (Volume
I: Long Papers). Melbourne, Australia: Association for Computational Linguistics, 2514-2523.

Xue W, Zhou W, Li T, Wang Q. 2017. MTNA: a neural multi-task model for aspect category
classification and aspect term extraction on restaurant reviews. In: Proceedings of the Eighth
International Joint Conference on Natural Language Processing (Volume 2: Short Papers). Taipei,
Taiwan: Asian Federation of Natural Language Processing, 151-156.

Yan H, Dai J, Ji T, Qiu X, Zhang Z. 2021. A unified generative framework for aspect-based
sentiment analysis. In: Proceedings of the 59th Annual Meeting of the Association for
Computational Linguistics and the 11th International Joint Conference on Natural Language
Processing (Volume 1: Long Papers). Association for Computational Linguistics, 2416-2429.

Yin D, Liu X, Wu X, Chang B. 2019. A soft label strategy for target-level sentiment classification.
In: Proceedings of the Tenth Workshop on Computational Approaches to Subjectivity, Sentiment
and Social Media Analysis. Minneapolis, USA: Association for Computational Linguistics, 6-15.

Yu J, Jiang J, Xia R. 2018. Global inference for aspect and opinion terms co-extraction based on
multi-task neural networks. In: IEEE/ACM Transactions on Audio, Speech, and Language
Processing. 1.

Yuan Z, Wu S, Wu F, Liu J, Huang Y. 2018. Domain attention model for multi-domain sentiment
classification. Knowledge-Based Systems 155(5-6):1-10 DOI 10.1016/j.knosys.2018.05.004.

Zhang W, Deng Y, Li X, Yuan Y, Bing L, Lam W. 2021. Aspect sentiment quad prediction as
paraphrase generation. In: Moens M, Huang X, Specia L, Yih SW, eds. Proceedings of the 2021
Conference on Empirical Methods in Natural Language Processing, EMINLP 2021, Virtual Event/
Punta Cana, Dominican Republic, 7-11 November, 2021. Stroudsburg: Association for
Computational Linguistics, 9209-9219.

Zhang C, Li Q, Song D. 2019. Aspect-based sentiment classification with aspect-specific graph
convolutional networks. In: Inui K, Jiang J, Ng V, Wan X, eds. Proceedings of the 2019 Conference
on Empirical Methods in Natural Language Processing and the 9th International Joint Conference
on Natural Language Processing, EMNLP-IJCNLP 2019, Hong Kong, China, November 3-7, 2019.
Stroudsburg: Association for Computational Linguistics, 4567-4577.

Zhu et al. (2022), PeerJ Comput. Sci., DOl 10.7717/peerj-cs.1044 36/37


https://arxiv.org/abs/2202.07826
https://arxiv.org/abs/2202.07826
http://dx.doi.org/10.1016/j.knosys.2018.05.004
http://dx.doi.org/10.7717/peerj-cs.1044
https://peerj.com/computer-science/

PeerJ Computer Science

Zhang C, Li Q, Song D, Wang B. 2020. A multi-task learning framework for opinion triplet
extraction. In: Cohn T, He Y, Liu Y, eds. Findings of the Association for Computational
Linguistics: EMNLP 2020, Online Event, 16-20 November 2020, volume EMNLP 2020 of Findings
of ACL. Stroudsburg: Association for Computational Linguistics, 819-828.

Zhang L, Wang S, Liu B. 2018. Deep learning for sentiment analysis: a survey. WIREs Data Mining
and Knowledge Discovery 8(4):e1253 DOI 10.1002/widm.1253.

Zhang Y, Zhang Y. 2019. Tree communication models for sentiment analysis. In: Proceedings of
the 57th Annual Meeting of the Association for Computational Linguistics. Florence, Italy:
Association for Computational Linguistics, 3518-3527.

Zhang P, Zhu H, Xiong T, Yang Y. 2019. Co-attention network and low-rank bilinear pooling for
aspect based sentiment analysis. In: IEEE International Conference on Acoustics, Speech and
Signal Processing, ICASSP 2019, Brighton, United Kingdom, May 12-17, 2019. Piscataway: IEEE,
6725-6729.

Zhao H, Huang L, Zhang R, Lu Q, Xue H. 2020. SpanMlt: a span-based multi-task learning
framework for pair-wise aspect and opinion terms extraction. In: Proceedings of the 58th Annual
Meeting of the Association for Computational Linguistics. Association for Computational
Linguistics, 3239-3248.

Zhao Y-Y, Qin B, Liu T. 2010. Sentiment analysis. Journal of Software 21(8):1834-1848
DOI 10.3724/SP.].1001.2010.03832.

Zhu L, Xu M, Xu Y, Zhu Z, Zhao Y, Kong X. 2022. A multi-attribute decision making approach

based on information extraction for real estate buyer profiling. World Wide Web 25:1-19
DOI 10.1007/s11280-022-01010-9.

Zhu et al. (2022), Peerd Comput. Sci., DOl 10.7717/peerj-cs.1044 37/37


http://dx.doi.org/10.1002/widm.1253
http://dx.doi.org/10.3724/SP.J.1001.2010.03832
http://dx.doi.org/10.1007/s11280-022-01010-9
https://peerj.com/computer-science/
http://dx.doi.org/10.7717/peerj-cs.1044

	Deep learning for aspect-based sentiment analysis: a review
	Introduction
	Survey methodology
	Related concepts
	Aspect-based sentiment analysis (absa)
	Information extraction (ie)
	Sentiment classification (sc)
	Multi-task absa
	Challenges
	Summary
	flink10
	List of Abbreviations
	References



<<
  /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 /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /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 false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /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 false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /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 false
  /MonoImageDownsampleType /Average
  /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 (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  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 /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


