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Abstract: Sentiment analysis aims to mine polarity features in the text, which can empower intelli-
gent terminals to recognize opinions and further enhance interaction capabilities with customers.
Considerable progress has been made using recurrent neural networks or pre-trained models to
learn semantic representations. However, recently published models with complex structures re-
quire increasing computational resources to reach state-of-the-art (SOTA) performance. It is still
a significant challenge to deploy these models to run on micro-intelligent terminals with limited
computing power and memory. This paper proposes a lightweight and efficient framework based
on hybrid multi-grained embedding on sentiment analysis (MC-GGRU). The gated recurrent unit
model is designed to incorporate a global attention structure that allows contextual representations
to be learned from unstructured text using word tokens. In addition, a multi-grained feature layer
can further enrich sentence representation features with implicit semantics from characters. Through
hybrid multi-grained representation, MC-GGRU achieves high inference performance with a shallow
structure. The experimental results of five public datasets show that our method achieves SOTA for
sentiment classification with a trade-off between accuracy and speed.

Keywords: sentiment analysis; global attention; multi-grained representation; lightweight

1. Introduction

Opinion mining can be considered a particular sentiment classification task in nat-
ural language processing (NLP), which essentially learns semantic representations from
unstructured texts and infers polarity. In recent years, the rapid growth of intelligent
terminals has contributed to a boom in retail e-commerce networks, social services, and
countless other applications [1], as well as further promoting the demand for opinion
mining in intelligent interactions, such as smart customer service, intelligent robotics ex-
perts, etc. At the same time, online user-generated content, rich in personal sentiment
and opinion, is being created and multiplying in social networks [2,3]. Detecting polarity
based on these user-generated texts is crucial in various applications, including market
fluctuations and decisions, product sales and feedback, political agendas, and polls [4]. In
addition, sentiment analysis can contribute to the development of social psychology, social
customer relationship management, political science, and other related disciplines on a
large scale [5]. This commercial and innovative demand motivates researchers to explore
sentiment feature computing.

Generally, sentiment analysis [6] can be regarded as a subfield of the text-classification
problem. Almost all existing text-classification techniques are applicable to recognize
sentiment. These methods can be subscribed to two categories: traditional machine learn-
ing [7] and deep learning [8,9]. Early research on sentiment analysis mainly focused on
lexicon or rule-based machine learning methods. However, these methods employ only
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unigrams and bigrams of text features for matching and computation, without considering
whole-sentence information. Therefore, they cannot achieve excellent performance owing
to missing contextual information. In addition, these approaches rely on expensive manual
operations, such as feature engineering, keyword annotation, and combating the effects of
artificial subjectivity [10].

In recent years, deep learning methods have overcome their dependency on manual
feature extraction and have yielded promising results in many tasks, including sentiment
analysis, user intent mining, and content moderation [11–14]. Currently, prevalent ap-
proaches targeting sentiment analysis fall into two types. One is RNNs or CNNs with
attention mechanisms to establish the connection between contextual contexts and critical
polar features, which depend on several words in the whole sentence [15]. Other methods
are pre-trained by large-scale corpora, such as Google’s BERT, which have been shown to
be effective in improving performance on NLP tasks. Recently, BERT-based models [16]
have been used to solve sentiment analysis tasks and achieved advanced accuracy.

However, it is challenging to efficiently deploy and run these advanced models on
resource-limited micro-intelligent terminals because most current research revolves around
accuracy; RNN-based, CNN-based, or BERT-based models are more complexly stacked.
The sentiment analysis task for limited resources is not well studied and faces two key
challenges: most minor memory consumption and highest inference speed [17]. (1) Smaller
memory and storage are important constraints for embedded systems in micro-intelligent
terminals. Nevertheless, although the BERT-based model achieves state-of-the-art perfor-
mance, it consumes a large amount of memory. One disadvantage of BERT-based models,
such as the basic BERT-base, is the large number of parameters (110 million), which can
make them inappropriate for resource-constrained devices. Similarly, a large number of
parameters are required in RNN-based models to fuel their sequence modeling capabili-
ties [18]. (2) High latency reasoning can significantly diminish the user experience. The
RNN-based models rely on a multitude of parameters for sequence modeling, and each
of their inputs depends on the previous output, which limits parallelism and increases
computational complexity. In contrast, the most current sentiment models based on BERT
or CNN are deeply stacked structures, although they have parallel computing advantages.
This causes them to require more computing power for reasoning, but it is not possible on
micro-intelligent terminals.

To alleviate the above problems, this paper develops a lightweight sentiment analysis
framework based on hybrid multi-grained embeddings to reduce computational cost while
minimizing the loss of accuracy. First, global attention is designed to encode sentence
contexts based on gated recurrent units, hoping to filter out noisy information. Second,
multi-grained character information is utilized as a reference and supplement to further
enhance the extraction of sensitive polarity representations in the downstream process.
This work expects to enhance the robustness of the model by providing the richest possible
embedding information while ensuring the model is as efficient as possible. Therefore, we
suggest that it is feasible to construct a model with hybrid multi-grained embeddings to
enable the deployment and inference of sentiment analysis tasks on devices. The main
contributions in this paper can be summarized as follows.

(1) A lightweight and efficient sentiment analysis framework is proposed, which aims to
consume memory and computational resources as least as possible, while accomplish-
ing fast and accurate inference.

(2) To obtain accurate contextual semantics from unstructured text, we construct a shal-
low network layer by designing a global attention policy to filter contextual noise
information with lower computational consumption.

(3) Furthermore, learning multi-grained character features provides richer semantic
information to enhance the extraction of sentiment polarity features and improve the
model’s overall performance downstream.
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(4) The results of five public datasets show that our proposed reduces model size and
has higher inference speed, reaching a state-of-the-art between accuracy and speed
trade-off.

The remainder of this article is organized as follows. Section 2 briefly reviews related
work. Our method is described in detail in Section 3. Section 4 provides the experimental
results and Section 5 concludes our work.

2. Related Work

Early approaches to sentiment computing could usually be divided into two types:
lexicon-based and traditional machine learning [19]. Lexicon-based methods contain pri-
mary information annotations for constituent words, phrases, or synsets [20,21]. There is a
system of rules for polar, objective, intensive, and other complex semantic compositions to
determine the sentiment orientation of text documents [22]. Although lexicons provide a
valuable resource for archiving the affective polarity of words or phrases, using them to
infer textual polarity is still quite challenging. No lexicon can address some of the semantic
nuances observed from semantic compositionality or illustrate the semantic information
of the context [23,24]. Therefore, some researchers have employed traditional machine
learning based on statistical approaches to this field. In the development of sentiment anal-
ysis, machine learning approaches have employed a myriad of algorithms, including naive
Bayes classifiers [25], nearest neighbors [26], and support vector machines [27], combined
with features that range from bag-of-words (including weighted variants) [28]. Most of
these methods rely on feature engineering that requires excessive manual operation. De-
spite best efforts, feature engineering can never be constantly updated and supplemented,
which limits its generalization capability. As a result, deep learning methods have become
the mainstream of sentiment analysis.

Deep learning has demonstrated superior performance in natural language over
recent years, with the ability to model associations between contextual words [29,30]. In
particular, the advent of the pre-trained model BERT has further prompted the sentiment
analysis task [31]. More advanced models are often accompanied by more complex stacks
and designs that are difficult to deploy at terminals, hindering the commercialization of
artificial intelligence. Consequently, there needs to be more research on lightweight and
efficient sentiment analysis tasks. The following three subsections present lightweight
research on sentiment analysis.

2.1. Word-Based Methods

In general, word-based methods are based on continuous word representations, also
known as word embedding [32,33], where each word is represented as a continuous low-
dimensional vector to directly utilize the network. Kim [34] studied the application of the
multi-channel convolution layers in sentence sentiment classification with promising results,
and delved into the concept of non-static embeddings. Meanwhile, Kalchbrenner et al. [35]
proposed a wide convolution model using k-max to retain more information in word
tokens. Nevertheless, CNNs are only able to extract local features of the sequence, but the
context is ignored. To incorporate contextual information, RNNs introduce an in-memory
unit to retain a slice of crucial features so that long-distance dependencies between tokens
can be captured. The classical modified type of RNNs, long short-term memory [36], and
gated recurrent units [37], are currently the most popular networks used for text sentiment
analysis. In addition, a sequential model with an attention mechanism has been effectively
proved in sentiment analysis [38].

2.2. Character-Based Methods

Characters available significantly increase the amount of vocabulary the model can
process and are flexible enough to deal with spelling errors and rare words. A full character-
level neural translation model suggests that it can efficiently and resiliently learn semantic
information that addresses out-of-vocabulary elements in sentences [39]. Similarly, Cherry
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et al. [40] determined that character-level translation models can substantially improve the
precision of translations, especially for more complicated languages. Furthermore, charac-
ters can provide additional information about the text structure lost in word tokens [41].
The OpenAI team also reported that discovering sentiment features can be automatically
captured while training an unsupervised model on the Amazon review corpus with char-
acters alone [42]. However, characters do not have much meaning in English, despite
mainly being the building blocks that make up words. Therefore, most of the existing
character-based research is focused on complicated languages, such as Chinese.

Each character carries a specific meaning in Chinese, either as a word or as a phrase,
which is different from English. Accordingly, learning Chinese characters extensively
explores the semantic space and provides character-level sentiment information for sen-
timent analysis tasks. Wang et al. [43] utilized a parallel structure network for mining
textual data with entirely Chinese characters. The model captured the semantic meaning
using convolution and long short-term memory networks. Experiments showed that the
dual-channel parallel structure outperformed the single-channel model. Furthermore, an
attention mechanism was added to help the model perform better. In contrast, a character-
based recognition model [44] for Chinese sentiment, which focuses on providing the most
relevant and vital contextual words through pre-trained character encoding, also achieved
excellent performance.

2.3. Word- and Character-Based Methods

Presently, pre-trained language models have become a research focus in sentiment
analysis tasks. In natural language processing for Chinese tasks, most models adopt a mixture
of words and characters for pre-training, since single characters also have specific semantic
features, such as BERTs and RoBERTas [45]. The main characteristic of the pre-trained
method is to train a highly generalized model based on a large corpus resource. Downstream
tasks can then be easily fine-tuned by the generalized model to achieve significant results.
However, the tiny version of ALBERT is widely employed due to the enormous size of the
state-of-the-art pre-trained model and extremely expensive cost [46,47].

The tiny version is achieved by quantization, parameter sharing, and other tricks
to compress the model size. Nevertheless, tiny versions still require significant resource
consumption for pre-training and fine-tuning, which needs to be improved for smart
terminals with limited memory and computing power. Considering the available open
resources (pre-trained embeddings) are currently abundant enough, we expect to build
an easy-to-use sentiment analysis framework on this basis. As for the already described
approaches using public embeddings, most of them exploit more complex structural
blocks for enriched semantics. Characters can provide unexpected implicit information, as
mentioned in the previous section, but the feasibility of combining words and characters
as information input has yet to be explored. Therefore, we desire to obtain richer textual
information by fusing word and character features, so that more critical information
can be learned and accuracy loss can be reduced, while designing a more lightweight
network structure.

3. Method

The solution of the lightweight and efficient model designed in this paper is briefly
illustrated in Figure 1. First, concerning word-level information, the global attention
mechanism performs feature learning more efficiently without increasing too many param-
eters (Section 3.1). Second, multi-grained combination features learning character-level
information obtain richer character information (Section 3.2). Finally, we fuse word- and
character-level representations to further enhance the sensitivity of the downstream classi-
fier to text polarity features (Section 3.3).
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3.1. Words Modeling Layer

Consider a tokenized sentence {w1, w2, . . . , wn}. The tokens are first converted into
the corresponding word embedding {e1, e2, . . . , en}, where e ∈ Rd, and d is the dimension
of the embeddings. We model the token sequence using the GRU model, a variant of
sequence models that changes the three gate units in the LSTM. The input and forget gates
are merged into an update gate, and the output gate becomes a reset gate. Compared to
LSTM, GRU has fewer parameters, faster convergence, and achieves superior performance
on a specific-size dataset. When GRU is used to model input sequence, the hidden unit ht
that each step-related feature representation can be calculated:

ht = GRU(et, ht−1) (1)

where et is the current input text at the time t for GRU block and ht−1 is the previous step
hidden feature.

Although the basic GRU as an extractor balances the computation complexity of the
whole model and improves the speed, the simple single-layer structure will lose some
text information. In addition, the hidden state on each time step in the GRU contains the
information only up to the current moment without synchronizing global information to
calculate the sentiment relevance of each input, leading to the ignorance of some implicit
polarity features defined by the context.

To balance the performance and complexity, inspired by [48], we design a global atten-
tion strategy to perceive local sentiment information through the global context to make
token-level information modeling more accurate. Specifically, the relevance distribution of
each input token to the sentiment context is calculated. Then, the original input information
is sampled from the distribution as reinforcement features. The strategy is described in
more detail below.

First, GRU learns the hidden state ht for each input text shown in Equation (1). It is
assumed that the last hidden state hn is a contextual feature that can be used to obtain the
contextual relevance distribution pα for each token. Then, the original information that was
activated is sampled from the distribution zt ∼ pα(1|et, wt) . The sampled information zt
is incorporated into the sequence representation ht, while all vectors are compressed into a
dense vector d. The operation can be summarized as follows:

pα(et, wt) = σ(h>n ·Wα(ht)) (2)

d = ∑ (ht ⊕ zt) (3)

where hn is the last hidden state, Wα is the parameter that the model needs to train, and
d is the corresponding vector containing the primary sentiment features and the dense
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contextual representation. Finally, the text representation based on token modeling is
as follows:

ρw = ReLu(Ww · d + b) (4)

where ReLu is a linear activation function, Ww ∈ Rd×2d and b ∈ Rd are trainable parameters
of the module.

In the word token modeling layer GGRU, we apply the basic sequence model to ensure
that the model is small enough. Moreover, a global mechanism is designed to enhance
feature extraction, leveraging only two linear layers without increasing many parameters
and operations.

3.2. Multi-Grained Character Feature Layer

The multi-grained character feature layer MC aims to provide implicit features in the
characters to enhance the robustness of the model [40,42]. Compared to English, individual
characters are semantically richer in Chinese, and thus, can be well supported to run a full
character-based model. Due to multiple combinations of Chinese characters, we extract
multiple granularity semantic features based on characters. However, fully-character input
sequences can be longer than tokens, resulting in dramatic parameter inflation utilizing the
sequence model approach [18]. Considering the balance between model size and inference
speed, the base multi-channel CNN is employed to model the character sequences. Under
different sizes of shared convolutional kernels, multiple character combinatorial features
are learned to reduce model parameters. The modeling process is described in detail below.

The input text is processed into a character encoding matrix {c1, c2, . . . , cm}, ci ∈ Rd,
where m represents the length of the sequence and d represents the vector dimension. First,
different size filters are used to extract the local semantics oγ

i :

oγ
i = f (Wγ · ci:i+h−1 + bγ) (5)

where Wγ ∈ Rh×d is the trainable filter weight, bγ is the bias, oγ
i indicates values on the

γ-th channel and i-th filter, and the filter size is h× d. Then, the optimal values are screened
by the max technique. Finally, the filtered values are stitched together to represent one of
the multi-granularity combinations based on characters. The features extracted by multiple
filters are stitched to represent the multi-granularity information ρg of the sequence, which
can be represented by:

mγ
k = Max(oγ

k,1, oγ
k,2, . . . , oγ

k,n−h+1) (6)

vγ = (mγ
1 ; mγ

2 ; . . . ; mγ
K) (7)

ρc = Wc(v1; v2; . . . ; vγ) (8)

where Max is the max-pooling technique and K is the number of convolution filters.
In this step, parallel computation is optimized through convolution and filtering strate-

gies to improve inference speed. Meanwhile, it generates structured feature mappings on
characters, filtering and capturing semantic information on different granularity characters.

3.3. Hybrid Multi-Grained Learning

Instead of only utilizing words or characters, we provide text information using both
token and character embedding. On the basis of the above two modules, feature learning
is performed on both words and characters. Global attention is introduced to focus on
keywords, and multi-granularity combination features are extracted on the character-level
embedding. The pseudo-code for the model learning process is shown in Algorithm 1.
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Algorithm 1. Hybrid multi-grained embedding-based lightweight model MC-GGRU

Require: Training datasets with labels X = {xi, ŷi}, pre-trained embeddings, the maximum
training iterations T.
Output: Trained MC-GGRU sentiment classifier
Steps:
0: Initialize model parameters
1: for i to T or until convergence do
2: for s∈minibatches S do
3: for ew ∈ Ew,s do
4: Compute hidden states ht = GRU(ew)
5: Token dense vector d = global(ht)
6: Sentence representation ρw
7: end for
8: for ec ∈ Ec,s do
9: Multi-grained features ρc = MC(ec)
10: end for
11: for _ ∈ s do
12: Enhancement Fusion(ρw, ρc)
13: end for
14: Minimize the final loss function L in Equation (10)
15: end for
16: end for

The semantic word information ρw with primary features captured by the GGRU
module is fused with the local multi-grained semantics ρc extracted by the MC to obtain
the final representation. Finally, the representations are linearly transformed and fed into
the classifier for classification.

y = so f tmax(W(ρc ⊕ ρg) + b) (9)

where y is the prediction label, W are learnable parameters, and b is the linear bias term. ŷ
is set to be the actual data label. In this study, the backpropagation algorithm is used to
optimize the model, and the loss function is:

loss = −∑
i∈B

∑
j∈C

ŷj
i lnyj

i + λ
∣∣∣∣∣∣θ∣∣∣∣∣∣2 (10)

where B is the size of the dataset, C is the data category, λ||θ||2 is a regularization term to
prevent over-fitting.

To fully capture the semantic information in the text, both token and word embedding
are used to provide information in the case of shallow structures. As a consequence,
the model comprises two main layers, the word feature extraction layer and the multi-
grain character feature layer. The former provides primary semantics, while the latter
provides the latent semantics in characters. In the linear activation layer, the relu function
is employed to optimally accelerate model training. The step-by-step flow is shown
in Algorithm 1. The advantages of the approach proposed in this paper are of global
attention for extracting primary information with context and entirely character-based
feature learning that enhances the performance of the model. They will be discussed in the
next section.

4. Results and Discussion

This section evaluates the proposed framework on five public datasets. They are
user-generated content, including day life microblogs, product and hotel reviews, and
social content regarding COVID-19. Each comment has a positive or negative label. The
details of the dataset are shown in Table 1.
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Table 1. The sentiment distribution of the adopted Chinese corpora.

No. Corpus Genre Domain Positive Negative Sum

1. NLPCC2013 Microblog Day life 2262 2675 4937
2. NLPCC2014 Microblog Day life 2700 2716 5414
3. DF2020nCov Microblog COVID-19 16,899 17,121 34,020
4. TSBH Review Hotel 3000 3000 6000
5. TMALL Review Products 10,676 10,427 21,103

NLPCC 2013 and 2014: Both datasets were provided by Natural Language Processing
and Chinese Computing (NLP&CC). The text in the corpus was collected from Sina Weibo
with sentence-level tags divided into two categories based on positive and negative emotion
labels. The content of the corpus was mainly related to users’ daily life, and the text was
short with more popular network terms.

DF2020nCOV: A competition dataset for sentiment analysis of social comment re-
lated to the theme of COVID-19, jointly collected and organized by the China Computer
Federation and Beijing Municipal Bureau of Economy and Information Technology at
DataFountain. The corpus had a single theme, mainly around COVID-19 in early 2020, and
the content was more serious than daily life.

Tan Songbo Hotel Reviews (TSBH): The corpus was collected and organized by pro-
fessor Songbo Tan from reviews about hotels on the Ctrip application, and every review
had a positive or negative label. The corpus has been widely used in studies for Chinese
sentiment analysis [38].

TMALL: This corpus [43] had multiple domains and contained a variety of product-
related reviews, such as books, home appliances, electronics, etc. These sentences were
mainly collected from Tmall, accompanied by sentence-level tags. Similar to the previous
one, the corpus content domain was relatively homogeneous.

4.1. Experimental Setup

For pre-processing, in the same sentence, all word tokens are segmented by Baidu
Chinese segmentation API and all characters are obtained by jieba tool. Baidu stop word
lexicon is leveraged to remove the stop word. In the experiments, all words and charac-
ters are initialized by wod2vec [49] pre-trained on an approximate 130 million Chinese
Wikipedia corpus, and the dimension is 300. The words outside the vocabulary are ran-
domly initialized in a uniform distribution. In addition, Adam Optimizer is employed to
update the entire network in an end-to-end fashion.

During training, the critical parameters are searched as follows. The hidden state di-
mension is set to 256 for GGRU, and the convolution filter sizes are searched in ((1, 2, and 3),
(2, 3, and 4), (3, 4, and 5), (1, 2, 3, and 4), (2, 3, 4, and 5), and (1, 2, 3, 4, and 5)) for character
combinations in MC. The parameter learning rate and regular term coefficient are searched
in (0.0001, 0.001. 0.01), and the mini-batch size is 100. Our experiments are executed on the
Ubuntu operating system, using the PyTorch 1.8 framework and Python 3.6. The hardware
includes an i7 CPU and a Tesla T4 GPU with 16G memory.

4.2. Baseline Methods

To comprehensively evaluate our proposed model on performance, we compared our
approach with the following baseline models.

(1) MCNN [34] is a basic multi-channel convolutional neural network proposed for the
text classification task application. The model performs a process similar to that of
a single CNN, with the addition that the three optimal features obtained from each
channel are finally concatenated to obtain more abundant and different granularity
features. The sizes of the multiple filters are set to 3, 4, and 5, as configured by the
authors.
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(2) CGRU [50] is a single-channel hierarchical model for text information extraction,
which performs local information mining by a single CNN and is followed by a GRU
to learn the representation of the whole sequence.

(3) MC-AttCB [38] employs a complex structure for sentiment classification, which is
the concatenation of a three-channel CNN and bidirectional GRU channel. Further-
more, a linear attention mechanism is integrated into the GRU and CNN, which is
trained based on pre-trained word embeddings from a large-scale Wikipedia corpus.
In contrast, this paper uses Wikipedia pre-trained embeddings while maintaining
consistency in the other settings.

(4) T-CBGA [43] utilizes a parallel channel structure incorporating traditional CNN, GRU,
and attention. Unlike our employment of characters as an aid, the model is entirely
based on character encoding. The model is equipped with identical settings for both
channels, and each channel performs 3-, 4-, and 5-gram feature extractions of the
input character sequence by the MCNN. Then, the GRU with attention is used to train
weights further for final classification. The model has achieved remarkable results in
Chinese sentiment classification.

(5) CharBG [44] is a full character-level model for sentiment recognition in Chinese. A
large-scale corpus collection is used to pretrain the character-level embeddings for
the input sequence encoding, resulting in impressive performance. Due to data and
hardware limitations, this paper applies an adaptive character embedding training
strategy on the training corpus for the experimental setup.

(6) Glyph-CB [51] takes advantage of the characteristics of Chinese pictographs. The
model learns multi-gram features, which are extracted by CNNs based on embeddings
trained in a mixture of Chinese strokes and words. In addition, linear attention on
the polarity features is also introduced. As the authors suggest, we adopt the same
hyperparameter settings, except for the dimension of the input word vector.

(7) Albert-TZ [47] is an attention encoder network, a tiny version of pre-trained ALBERT
with only four layers for Chinese. With the parameter-sharing strategy, Albert-TZ
dramatically reduces the number of parameters and storage consumption compared
to BERT without affecting performance.

4.3. Experiments and Results Analysis
4.3.1. Overall Performance

In this subsection, we discuss different experimental results and analyze the advan-
tages and disadvantages of our proposed model. The overall accuracy scores of our
model compared to the baseline models on five corpora are presented in Table 2, and the
results show:

Table 2. The accuracy (%) on the test set for the Chinese corpus sentiment task. The models are
divided into four categories: words-based, characters-based, and words- and characters-based. The
bolded ones are the SOTA performance using the pre-trained model Albert, and the underlined ones
are the best two performances for the non-pre-trained model.

Feature-Based WORDS CHARACTERS WORDS + CHARACTERS

Datasets MCNN CGRU MC-AttCB CharBG T-CBGA Glyph-CB Albert-TZ MC-GGRU

NLPCC2013 78.19 77.37 76.74 70.67 76.74 78.33 82.31 79.41
NLPCC2014 81.10 80.54 81.20 66.23 76.70 81.43 84.23 80.40

DF2020nCOV 89.24 89.34 89.62 85.04 88.96 89.42 96.14 90.46
TSBH 90.42 90.50 89.64 84.14 90.67 90.51 93.19 91.69

TMALL 91.76 92.69 92.15 88.26 91.72 92.82 97.32 93.79

Macro Avg. 86.14 86.10 85.87 78.87 84.96 86.50 90.64 87.15
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The ALBERT-based model Albert-TZ shows the best performance on all corpora,
demonstrating the effectiveness of the model pre-training with large-scale corpus. In
addition, on the TMALL and DF2020nCOV corpora, Albert-TZ gains a more significant
lead over other datasets. Specifically, compared to the model with the second highest
performance, Albert-TZ improves higher 2.9%, 2.8%, 5.6%, 1.5%, and 2.6% accuracy scores
on five datasets, respectively. It can be seen from Table 1 that the training corpus for NLPCC
2013, 2014, and TSBH is the minimum. Compared to other non-pre-trained models, Albert-
TZ can significantly improve the accuracy of small datasets using pre-training parameters.
Furthermore, there are more short texts in the NLPCC2013 corpus, and the pre-trained
model has an impressive 3.7% higher score improvement.

The rest of the methods that do not use a pre-trained model can also obtain significant
results. For example, in MCNN, CGRU, and MC-AttCB, favorable results have also been
achieved using pre-trained word embeddings. In the TSBH dataset containing a large
number of long sequences, we can observe that CGRU achieves better performance than
MCNN. This result is because the longer the sequence, the richer the information GRU
can capture. In contrast, the local limitation of CNN leads to some suitable solutions
being discarded. With short textual datasets that contain less information, this is not the
domain of the sequential model. In comparison, although MC-AttCB does not achieve
better performance on TSBH, it achieves the highest accuracy score on DF2020nCOV. The
overall structure of MC-AttCB is sophisticated after integrating the multi-channel attention
mechanism. It could lay hold of more critical polarity features in the text, but also makes it
weaker against a corpus with more sparse features (small and short), such as NLPCC2013.

For the character feature-based model, although the performance is the worst on
CharBG, as shown in Table 2, it is only approximately 11.7% less compared to Abert-TZ
on average. In addition, T-CBGA achieves second on individual datasets against the no-
pre-trained model; for example, Tan Songbo Hotel Reviews. In comparison, the macro
accuracy score of TCBA on all datasets is 5.8%, lower than SOTA. Its complex dual-channel
cascading structure makes this possible, enabling it to retain more information as it learns.
T-CBGA efficiently mines the advantages of CNN and GRU for a local feature and sequence-
feature acquisition, respectively. The character feature-based model with such decent
performance indicates the richness of textual information in character sequences, especially
Chinese characters.

In Table 2, words- and glyph-based Glyph-CB achieved impressive accuracy scores on
multiple corpora. Excluding SOTA Albert-TZ, Glyph-CB scored second in all three datasets,
as well as in overall macro accuracy, just behind our proposed model. Moreover, compared
to SOTA, Glyph-CB had only a 4.2% reduction in average macro performance. This result
indicates abundant features in Chinese characters, and combining words and glyphs can
generate more accurate polarity-aware information for classification. Compared to the
base model MCNN, our model shows a maximum 2.2% improvement in performance.
Moreover, our model improves by 1.4%, 0.9%, 1.1%, and 1.0% on the four datasets, com-
pared with Glyph-CB. Although Glyph-CB uses word- and character-features as input, it
relies more on glyph and stroke information in character features. In contrast, our model
provides implicit semantic information directly through multi-granularity characters. It
indicates that the multi-grained character layer in MC-GGRU can better provide richer
polarity representations. Additionally, the global attention layer can also interactively
learn contextual information and polarity-aware features, which further contributes to the
performance of our model.

MC-GGRU is a relatively shallow network structure, performing poorly compared to
the Albert-TZ model with more profound and complex blocks. However, on the dataset
TSBH, MC-GGRU has only a 1.6% performance loss. This finding suggests that the struc-
ture of our model is effective and that decent performance can be achieved using only
word embeddings. Although constructing increasingly complex network structures and
parameter pre-training mechanisms can greatly facilitate achieving higher performance, it
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can also cause the model to contain more parameters and consume more computational
resources, as described in Section 4.3.2.

4.3.2. Model Statistics and Inference Speed

In order to gain more insight into the lightweight nature of our models, the size of each
model is presented in Table 3. We used the thop toolkit to perform statistics on the TSBH
(as can be inferred from Table 2), where the performance of all models differed the least.
The parameters were the weight to be trained in a model, in other words, the variables
needed to define the model. We took the same hyperparameters and ran them on the same
hardware, Tesla T4.

Table 3. Model statistics for each model. Each model is evaluated on the TSBH corpus.

Models
Model Size

Parameters × 106 Memory (MB) FLOPS × 109

MCNN 1.37 6.15 9.08
CGRU 3.71 16.59 22.09

MC-AttCB 4.82 18.13 30.33
CharBG 6.89 32.82 7.29
T-CBGA 2.79 13.82 10.46

Glyph-CB 1.99 9.60 13.44
Albert-TZ 11.89 47.58 210.79

MC-GGRU 1.81 9.14 10.44

It can be inferred from Table 3 that our model size is minimum besides the base
model MCNN because our model is a shallower neural network than other models. The
computational resource overhead is more critical on micro terminals than the model size
storage consumption. MC-GGRU delivers a maximum 2.2% performance improvement
with only a tenth increase in FLOPS, which is substantial. Compared with the third
highest performer, Glyph-CB, our model consumes 0.46 MB less memory and 29% less
computation, while a maximum of 1.4% improves the model performance. This indicates
that our model’s resource consumption cost and performance are optimal in the non-pre-
trained model. Although Albert-TZ is a tiny version of Albert, and the pre-training strategy
enables Albert-TZ to perform best, its size is more than five times larger than MC-GGRU.
Regarding computational cost, our model compresses the computation by a factor of 20
with a performance loss of only 3.3%. Consequently, our model is more applicable to micro
terminals than the Albert-based model due to memory resource and computing power
constraints. Therefore, better performance is delivered by deploying the proposed model
on end devices, and the model explores the trade-off between performance and model size.

Inference speed is another essential metric to consider for neural networks. The
inference speed can also be perceived as the computational efficiency of the network, and
there are two primary evaluation criteria: throughput and responsiveness. The throughput
represents the maximum rate of a network reasoning example, which can be further
improved by optimizing the parallel processing strategy. The responsiveness can be
expressed in the time used to reason regarding a model given a certain number of instances.
The model can be made using parallel reasoning examples to have higher throughput
and lower responsiveness. Therefore, in this paper, the only responsiveness is adopted as
an evaluation metric for model inference speed to compare the computational cost of the
models better.

As shown in Table 4, we count the responsiveness results of all models. The Albert-
based model outperforms other models by a significant margin, having a more complex de-
sign and deeper stacked architecture. However, our model can achieve a 16x improvement
in inference speed with a minimum reduction at 1.6% accuracy. Furthermore, compared
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to Glyph-CB, the second highest performing model in the baseline model, our model
showed a maximum 1.4% improvement in accuracy and only a 0.04% decrease in respon-
siveness. Overall, our proposed model achieves an optimal trade-off between inference
speed and performance.

Table 4. The relative processing speed compared to our proposed model after five repetitions on the
inference process.

Models
Model Responsiveness

Mean (%) Std

MCNN 0.91 0.0021
CGRU 0.77 0.0157

MC-AttCB 2.49 0.0310
CharBG 0.51 0.0040
T-CBGA 5.68 0.0233

Glyph-CB 0.96 0.0064
Albert-TZ 16.27 0.3055

MC-GGRU 1.00 —

4.4. Impact of Grained Size Selection

Figure 2 reveals the performance of six granularity size selection mechanisms on
our model. In Chinese, a single character is a word and can have various meanings in
different combinations. According to Modern Chinese Latinized pinyin Chinese characters
lexical statistics, most Chinese phrases consist of two to four words, so we use the multi-
granularity combination (2, 3, and 4) as the primary choice for our model. To further verify
the effectiveness of this combination, we compared six granularity combinations on five
corpora, such as (1, 2, and 3), (2, 3, and 4), (3, 4, and 5), (1, 2, 3, and 4), (2, 3, 4, and 5), and
(1, 2, 3, 4, and 5). The results of six granularity models running over twenty epochs on
five datasets.

On the TSBH corpus with long text but a small total, it can be clearly seen that the
granularity combinations (1, 2, and 3), (3, 4, and 5), and (2, 3, 4 and 5) all achieve significant
accuracy scores, but (2, 3, and 4) converges more rapidly and steadily. Moreover, the
three granularity options (1, 2, and 3), (1, 2, 3, and 4), and (1, 2, 3, 4, and 5) achieve
excellent performance on NLPCC2013-2014 corpora. However, during our training, the
combination with single-character combinations had difficulty converging several times.
It can be speculated that is caused by the total corpus being too small and the text being
short. The single-character meaning cannot be determined with the help of large amounts
of data training and causes semantic confusion, eventually leading to the non-convergence
of results. Nevertheless, (2, 3, and 4) also achieve excellent results with short texts. On
the larger datasets (DF2020nCov, TMALL), it is evident that there is little difference in
performance between several granularity combinations. In addition, although the result of
(2, 3, and 4) is only marginally better, except for (1, 2, and 3), the model with granularity
selection (2, 3, and 4) has fewer overall parameters and lower computational consumption.
As a result, choosing (2, 3, and 4) is more favorable to accelerate the learning for our model
without degrading the performance and keeping it stable.
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4.5. Limitation

Although our proposed model has more advantages than other models, some areas
still need to be focused on and addressed. There are several main defects.

First, our model usually produces a failed inference if there are both positive and
negative opposite sentiment polarities in the sentence. Such sentences are frequently found
in product reviews because there are many aspects of the product that can be evaluated, and
which only sometimes receive several positive comments from users. As a result, our model
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sacrifices the ability of aspect-level sentiment analysis by focusing on lightweight. Second,
the ability of inferencing vague expressions is far from ideal. For instance: the waiter should
be kinder. Our model would incorrectly assume that the sentential expression is positive.
Colloquial expressions cause this, and the model misses the background knowledge of
colloquial common sense.

5. Conclusions

This paper proposes a lightweight and efficient sentiment analysis model MC-GGRU.
It is built on a shallow structure to achieve high performance but with low complexity.
The designed global layer can filter the noise to extract the crucial representations, while
the multi-grained block further enriches downstream features for inferring sentiment
with high computational efficiency. Extensive experiments are conducted on five datasets.
Compared with the ALBERT-based SOTA method, MC-GGRU achieves a comparable
performance, with less than a 5% loss in macro-average accuracy. Meanwhile, on TSBH,
our model outperforms the pre-trained model in model size, computational consumption,
and inference speed. Specifically, MC-GGRU reduces the size by more than five times and
improves the inference speed by more than sixteen times, achieving an optimal trade-off
between accuracy and speed. Moreover, in comparison with other lightweight non-pre-
trained models, MC-GGRU reaches the best performance on four datasets. Therefore, it can
be deployed on micro-intelligent terminals with limited memory and computing power for
sentiment reasoning to provide a better user experience.

In the future, we will try to explore the following improvements. First, for some
complex product reviews that contain multiple sentiments, it is difficult for MC-GGRU
to identify the correct polarity. Future work could construct local attention strategies to
capture the association between aspectual words and sentiment polarity while keeping
the model as minimal as possible regarding resource consumption. Second, MC-GGRU
needs to handle vague and ironic expressions well [52]. Therefore, we attempt to solve the
problem of colloquial ambiguous or sarcastic expressions by integrating external knowledge
in common sense into the model through transfer learning. Third, intelligent terminals are
not limited to a single modal received in actual operation, such as voice and image. Whether
multi-modal information [53] can be effectively fused will be the primary consideration
in future lightweight model design. Finally, deploying effective and accurate models on
embedded mobile devices is still challenging due to hardware resource constraints. The
next step is further evaluating and improving our model by deploying them in actual micro
terminals. We will further compress the model through quantization or pruning to improve
the performance on the device.
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4. Colnerič, N.; Demšar, J. Emotion Recognition on Twitter: Comparative Study and Training a Unison Model. IEEE Trans. Affect.

Comput. 2020, 11, 433–446. [CrossRef]
5. O’Connor, B.; Balasubramanyan, R.; Routledge, B.R.; Smith, N.A. From tweets to polls: Linking text sentiment to public opinion

time series. In Proceedings of the Fourth International AAAI Conference on Weblogs and Social Media, Washington, DC, USA,
23–26 May 2010.

6. Huang, C.; Han, Z.; Li, M.; Wang, X.; Zhao, W. Sentiment evolution with interaction levels in blended learning environments:
Using learning analytics and epistemic network analysis. Australas. J. Educ. Technol. 2021, 37, 81–95. [CrossRef]

7. Cambria, E.; Li, Y.; Xing, F.Z.; Poria, S.; Kwok, K. SenticNet 6: Ensemble Application of Symbolic and Subsymbolic AI for
Sentiment Analysis. In Proceedings of the 29th ACM International Conference on Information & Knowledge Management,
Virtual Event, Ireland, 19–23 October 2020; pp. 105–114.

8. Yang, X.; Feng, S.; Wang, D.; Zhang, Y. Image-Text Multimodal Emotion Classification via Multi-View Attentional Network. IEEE
Trans. Multimed. 2021, 23, 4014–4026. [CrossRef]

9. Lin, S.-Y.; Kung, Y.-C.; Leu, F.-Y. Predictive intelligence in harmful news identification by BERT-based ensemble learning model
with text sentiment analysis. Inf. Process. Manag. 2022, 59, 102872. [CrossRef]

10. Mohammad, S.M. Challenges in sentiment analysis. In A Practical Guide to Sentiment Analysis; Springer: Cham, Switzerland, 2017;
pp. 61–83.

11. Brauwers, G.; Frasincar, F. A Survey on Aspect-Based Sentiment Classification. ACM Comput. Surv. 2022, 55, 65. [CrossRef]
12. Zhang, X.; Lin, H.; Xu, B.; Li, C.; Lin, Y.; Liu, H.; Ma, F. Dynamic intent-aware iterative denoising network for session-based

recommendation. Inf. Process. Manag. 2022, 59, 102936. [CrossRef]
13. Minaee, S.; Kalchbrenner, N.; Cambria, E.; Nikzad, N.; Chenaghlu, M.; Gao, J. Deep Learning-Based Text Classification: A

Comprehensive Review. ACM Comput. Surv. 2021, 54, 62. [CrossRef]
14. Qin, X.; Liu, Z.; Liu, Y.; Liu, S.; Yang, B.; Yin, L.; Liu, M.; Zheng, W. User OCEAN Personality Model Construction Method Using

a BP Neural Network. Electronics 2022, 11, 3022. [CrossRef]
15. Singh, C.; Imam, T.; Wibowo, S.; Grandhi, S. A Deep Learning Approach for Sentiment Analysis of COVID-19 Reviews. Appl. Sci.

2022, 12, 3709. [CrossRef]
16. Mao, R.; Liu, Q.; He, K.; Li, W.; Cambria, E. The biases of pre-trained language models: An empirical study on prompt-based

sentiment analysis and emotion detection. IEEE Trans. Affect. Comput. 2022, 9881877. [CrossRef]
17. Ren, F.; Feng, L.; Xiao, D.; Cai, M.; Cheng, S. DNet: A lightweight and efficient model for aspect based sentiment analysis. Expert

Syst. Appl. 2020, 151, 113393. [CrossRef]
18. Wang, Z.; Lin, J.; Wang, Z. Accelerating recurrent neural networks: A memory-efficient approach. IEEE Trans. Very Large Scale

Integr. Syst. 2017, 25, 2763–2775. [CrossRef]
19. Wu, O.; Yang, T.; Li, M.; Li, M. Two-Level LSTM for Sentiment Analysis With Lexicon Embedding and Polar Flipping. IEEE Trans.

Cybern. 2020, 52, 3867–3879. [CrossRef]
20. Joshi, A.; Bhattacharyya, P.; Ahire, S. Sentiment resources: Lexicons and datasets. In A Practical Guide to Sentiment Analysis;

Springer: Cham, Switzerland, 2017; pp. 85–106.
21. Hu, M.; Liu, B. Mining and summarizing customer reviews. In Proceedings of the Tenth ACM SIGKDD International Conference

on Knowledge Discovery and Data Mining, Seattle, WA, USA, 22–25 August 2004; pp. 168–177.
22. Poria, S.; Hazarika, D.; Majumder, N.; Mihalcea, R. Beneath the Tip of the Iceberg: Current Challenges and New Directions in

Sentiment Analysis Research. IEEE Trans. Affect. Comput. 2020, 9260964. [CrossRef]
23. Kiritchenko, S.; Mohammad, S.M. Sentiment Composition of Words with Opposing Polarities. In Proceedings of the NAACL-HLT,

San Diego, CA, USA, 12–17 June 2016; pp. 1102–1108.

http://tcci.ccf.org.cn/conference/2013/pages/page04_tdata
http://tcci.ccf.org.cn/conference/2013/pages/page04_tdata
http://tcci.ccf.org.cn/conference/2014/pages/page04_tdata
http://tcci.ccf.org.cn/conference/2014/pages/page04_tdata
https://www.datafountain.cn/competitions/423/datasets
http://www.searchforum.org.cn/tansongbo/corpus
http://www.searchforum.org.cn/tansongbo/corpus
http://doi.org/10.1109/TAFFC.2021.3053275
http://doi.org/10.1109/TCSS.2022.3148411
http://doi.org/10.1109/TNSE.2021.3137353
http://doi.org/10.1109/TAFFC.2018.2807817
http://doi.org/10.14742/ajet.6749
http://doi.org/10.1109/TMM.2020.3035277
http://doi.org/10.1016/j.ipm.2022.102872
http://doi.org/10.1145/3503044
http://doi.org/10.1016/j.ipm.2022.102936
http://doi.org/10.1145/3439726
http://doi.org/10.3390/electronics11193022
http://doi.org/10.3390/app12083709
http://doi.org/10.1109/TAFFC.2022.3204972
http://doi.org/10.1016/j.eswa.2020.113393
http://doi.org/10.1109/TVLSI.2017.2717950
http://doi.org/10.1109/TCYB.2020.3017378
http://doi.org/10.1109/TAFFC.2020.3038167


Sensors 2023, 23, 741 16 of 17

24. Toledo-Ronen, O.; Bar-Haim, R.; Halfon, A.; Jochim, C.; Menczel, A.; Aharonov, R.; Slonim, N. Learning sentiment composition
from sentiment lexicons. In Proceedings of the 27th International Conference on Computational Linguistics, Santa Fe, NM, USA,
20–26 August 2018; pp. 2230–2241.

25. Poirier, D.; Bothorel, C.; Guimier De Neef, É.; Boullé, M. Automating opinion analysis in film reviews: The case of statistic versus
linguistic approach. In Affective Computing and Sentiment Analysis; Springer: Dordrecht, The Netherlands, 2011; pp. 125–140.

26. Moghaddam, S.; Ester, M. Opinion digger: An unsupervised opinion miner from unstructured product reviews. In Proceedings
of the 19th ACM International Conference on Information and Knowledge Management, Toronto, ON, Canada, 26–30 October
2010; pp. 1825–1828.

27. Naz, S.; Sharan, A.; Malik, N. Sentiment Classification on Twitter Data Using Support Vector Machine. In Proceedings of the 2018
IEEE/WIC/ACM International Conference on Web Intelligence (WI), Santiago, Chile, 3–6 December 2018; pp. 676–679.

28. Martineau, J.; Finin, T. Delta tfidf: An improved feature space for sentiment analysis. In Proceedings of the International AAAI
Conference on Web and Social Media, San Jose, CA, USA, 17–20 May 2009; Volume 3, pp. 258–261.

29. Lai, S.; Liu, K.; He, S.; Zhao, J. How to Generate a Good Word Embedding. IEEE Intell. Syst. 2016, 31, 5–14. [CrossRef]
30. Fan, A.; Bhosale, S.; Schwenk, H.; Ma, Z.; El-Kishky, A.; Goyal, S.; Baines, M.; Celebi, O.; Wenzek, G.; Chaudhary, V. Beyond

English-Centric Multilingual Machine Translation. J. Mach. Learn. Res. 2021, 22, 1–48.
31. Venugopalan, M.; Gupta, D. An enhanced guided LDA model augmented with BERT based semantic strength for aspect term

extraction in sentiment analysis. Knowl.-Based Syst. 2022, 246, 108668. [CrossRef]
32. Mikolov, T.; Chen, K.; Corrado, G.; Dean, J. Efficient estimation of word representations in vector space. arXiv 2013,

arXiv:1301.3781.
33. Chen, M. Efficient vector representation for documents through corruption. arXiv 2017, arXiv:1707.02377.
34. Kim, Y. Convolutional Neural Networks for Sentence Classification. In Proceedings of the 2014 Conference on Empirical Methods

in Natural Language Processing (EMNLP 2014), Doha, Qatar, 25–29 October 2014; pp. 1746–1751.
35. Kalchbrenner, N.; Grefenstette, E.; Blunsom, P. A convolutional neural network for modelling sentences. arXiv 2014,

arXiv:1404.2188.
36. Wei, J.; Liao, J.; Yang, Z.; Wang, S.; Zhao, Q. BiLSTM with Multi-Polarity Orthogonal Attention for Implicit Sentiment Analysis.

Neurocomputing 2020, 383, 165–173. [CrossRef]
37. Pan, Y.; Liang, M. Chinese Text Sentiment Analysis Based on BI-GRU and Self-attention. In Proceedings of the 2020 IEEE 4th

Information Technology, Networking, Electronic and Automation Control Conference (ITNEC), Chongqing, China, 12–14 June
2020; Volume 1, pp. 1983–1988.

38. Cheng, Y.; Yao, L.; Xiang, G.; Zhang, G.; Tang, T.; Zhong, L. Text sentiment orientation analysis of multi-channels CNN and
Bi-GRU based on attention mechanism. J. Comput. Res. Dev. 2020, 57, 2583–2595.

39. Lee, J.; Cho, K.; Hofmann, T. Fully Character-Level Neural Machine Translation without Explicit Segmentation. Trans. Assoc.
Comput. Linguist. 2017, 5, 365–378. [CrossRef]

40. Cherry, C.; Foster, G.; Bapna, A.; Firat, O.; Macherey, W. Revisiting Character-Based Neural Machine Translation with Capacity
and Compression. In Proceedings of the 2018 Conference on Empirical Methods in Natural Language Processing, Brussels,
Belgium, 31 October–4 November 2018; pp. 4295–4305.

41. Karpathy, A. The Unreasonable Effectiveness of Recurrent Neural Networks. 2015. Available online: http://karpathy.github.io/
2015/05/21/rnn-effectiveness (accessed on 4 December 2022).

42. Radford, A.; Jozefowicz, R.; Sutskever, I. Learning to generate reviews and discovering sentiment. arXiv 2017, arXiv:1704.01444.
43. Wang, L.; Liu, C.; Cai, D.; Zhao, T.; Wang, M. Chinese text sentiment analysis based on character-level two-channel composite

network. Appl. Res. Comput. 2020, 37, 2674–2678.
44. Fan, H.; Li, P. Sentiment analysis of short text based on fasttext word vector and bidirectional GRU recurrent neural network—Take

the microblog comment text as an example. Inf. Sci. 2021, 39, 15–22.
45. Cui, Y.; Che, W.; Liu, T.; Qin, B.; Yang, Z. Pre-training with whole word masking for chinese bert. IEEE/ACM Trans. Audio Speech

Lang. Process. 2021, 29, 3504–3514. [CrossRef]
46. Xu, L.; Zhang, X.; Dong, Q. CLUECorpus2020: A large-scale Chinese corpus for pre-training language model. arXiv 2020,

arXiv:2003.01355.
47. Hao, W.; Xu, H.; Xiong, D.; Zan, H.; Mu, L. ParaZh-22M: A Large-Scale Chinese Parabank via Machine Translation. In Proceedings

of the 29th International Conference on Computational Linguistics, Gyeongju, Republic of Korea, 12–17 October 2022; pp.
3885–3897.

48. Luong, M.-T.; Pham, H.; Manning, C.D. Effective approaches to attention-based neural machine translation. arXiv 2015,
arXiv:1508.04025.

49. Li, S.; Zhao, Z.; Hu, R.; Li, W.; Liu, T.; Du, X. Analogical Reasoning on Chinese Morphological and Semantic Relations. In
Proceedings of the 56th Annual Meeting of the Association for Computational Linguistics, Melbourne, Australia, 15–20 July 2018;
pp. 138–143.

50. Zhang, Z.; Robinson, D.; Tepper, J. Detecting hate speech on twitter using a convolution-gru based deep neural network. In
European Semantic Web Conference; Springer: Cham, Switzerland, 2018; pp. 745–760.

http://doi.org/10.1109/MIS.2016.45
http://doi.org/10.1016/j.knosys.2022.108668
http://doi.org/10.1016/j.neucom.2019.11.054
http://doi.org/10.1162/tacl_a_00067
http://karpathy.github.io/2015/05/21/rnn-effectiveness
http://karpathy.github.io/2015/05/21/rnn-effectiveness
http://doi.org/10.1109/TASLP.2021.3124365


Sensors 2023, 23, 741 17 of 17

51. Lu, Y.; Liu, D.; Cai, Y.; Yang, Q.; Chen, W.; LIu, T. Chinese weibo sentiment classification based on cw2vec and CNN-BiLSTM
attention model. Softw. Guide 2021, 20, 51–56.

52. Touahri, I.; Mazroui, A. Enhancement of a multi-dialectal sentiment analysis system by the detection of the implied sarcastic
features. Knowl.-Based Syst. 2021, 227, 107232. [CrossRef]

53. Saha, T.; Patra, A.P.; Saha, S.; Bhattacharyya, P. Meta-Learning based Deferred Optimisation for Sentiment and Emotion aware
Multi-modal Dialogue Act Classification. In Proceedings of the 2nd Conference of the Asia-Pacific Chapter of the Association for
Computational Linguistics and the 12th International Joint Conference on Natural Language Processing, Online, 20–23 November
2022; pp. 978–990.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://doi.org/10.1016/j.knosys.2021.107232

	Introduction 
	Related Work 
	Word-Based Methods 
	Character-Based Methods 
	Word- and Character-Based Methods 

	Method 
	Words Modeling Layer 
	Multi-Grained Character Feature Layer 
	Hybrid Multi-Grained Learning 

	Results and Discussion 
	Experimental Setup 
	Baseline Methods 
	Experiments and Results Analysis 
	Overall Performance 
	Model Statistics and Inference Speed 

	Impact of Grained Size Selection 
	Limitation 

	Conclusions 
	References

