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Abstract:

In recent years, the rapid evolution of social media and
online reviews has exposed limitations in traditional
sentiment analysis methods, which rely on sentiment
lexicons and machine learning classifiers, particularly
in terms of contextual modeling and generalization
capabilities. In past few years, Deep learning, particularly
convolutional neural networks (CNNs), recurrent neural
networks (RNNs), and their variants, has demonstrated
superior feature learning capabilities in sentiment
recognition. However, these methods are still limited by the
long-distance dependency modeling and the complexity of
Chinese semantics. The introduction of BERT has opened
a new chapter for pre-trained language models in sentiment
analysis. The model’s semantic understanding capabilities
have been significantly enhanced through a bidirectional
Transformer architecture and large-scale corpus pre-
training. Subsequently, not only ALBERT, but also
improved models such as RoOBERTa played a significant
role in English sentiment analysis tasks after fine-tuning
according to task requirements. A series of improved
models such as RoBERTa-wwm-ext, ERNIE, ALBERT-
zh, and MacBERT continued to refresh performance
records in Chinese sentiment analysis tasks. This paper
systematically reviews the research progress of sentiment
analysis based on BERT and its improved models in
recent years. It focuses on comparing the performance of
different models in text sentiment classification, implicit
sentiment recognition, and fine-grained sentiment analysis,
and reveals their advantages and challenges in semantic
modeling, cross-domain transfer, and multi-granularity
information fusion. Finally, this paper discusses the current
bottlenecks faced by the research and looks forward to the
future development direction of sentiment analysis.
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1. Introduction

With the rapid development of the Internet and social
media, user-generated text data has exploded. Sentiment
Analysis, as an important research direction of Natural
Language Processing (NLP), Widely applied in public
sentiment monitoring, product evaluation analysis, finan-
cial market forecasting, and intelligent human-computer
interaction [1,2].Its core goal is to use computer means
to identify and understand the emotions or opinions con-
tained in the text, thereby providing effective support for
upper-level applications. Especially in the Chinese con-
text, Due to the polysemy, metaphorical nature and the
complexity of context dependence of language, the task of
sentiment analysis is more challenging and can better re-
flect the strengths and weaknesses of the algorithm model.
In the past decade, sentiment analysis research has gone
through three major stages of development. Early methods
were based on sentiment dictionaries and rule matching,
and later gradually developed into classification methods
based on traditional machine learning.

Such methods include support vector machines (SVM)
and Naive Bayes [3,4]. These methods rely on artificially
constructed features, are difficult to effectively capture
contextual relationships, and have insufficient generaliza-
tion capabilities. With the development of deep learning,
methods such as convolutional neural networks (CNN),
recurrent neural networks (RNN), long short-term mem-
ory networks (LSTM), and attention mechanisms (Atten-
tion) have been widely applied in sentiment analysis.The
automatic feature extraction capabilities of the models
have been significantly improved [5,6,7,8]. However,
these methods still have bottlenecks in long-distance de-
pendency modeling, semantic expression refinement, and
cross-domain migration.

In 2018, the BERT (Bidirectional Encoder Representa-
tions from Transformers) model was proposed by Google,
which means that sentiment analysis has entered a new
stage[9].By introducing the bidirectional Transformer ar-
chitecture and the Masked Language Model pre-training
task, BERT has achieved deep modeling of contextual
information and has set new performance records in mul-
tiple NLP benchmark tasks.Subsequently, researchers
successively proposed a series of improved models in-
cluding RoBERTa, ERNIE, ALBERT, MacBERT, and
ELECTRA, continuously optimizing training strategies,
structural design, and Chinese semantic feature model-
ing [10,11,12,13,14].The application of these models has
greatly promoted the development of Chinese sentiment
analysis. They have not only achieved excellent results in
text sentiment classification tasks, but also demonstrated
strong potential in more complex scenarios such as im-
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plicit sentiment recognition, fine-grained sentiment analy-
sis, and conversational sentiment recognition.
Nevertheless, research on sentiment analysis based on
BERT still faces many challenges. For instance, the mod-
el’s generalization ability in cross-domain applications is
insufficient, it heavily relies on large-scale labeled data
and computing resources, the model lacks interpretability,
and there are still deficiencies in multi-granularity seman-
tic fusion.How to enhance efficiency, reduce dependen-
cies, and improve the interpretability of the model while
maintaining performance is an important research direc-
tion for the future.

The main work and contributions of this paper are:(1)Sys-
tematically reviewing the research progress in sentiment
analysis based on BERT and its improved models;(2)
Summarizing representative approaches from the perspec-
tives of model structure optimization, pre-training strategy
improvement, and Chinese semantic modeling;(3)Com-
paring the performance of different models in sentiment
analysis tasks, summarizing their strengths and weakness-
es;(4)Discussing the challenges facing current research
and prospecting future development directions, including
lightweight models, multimodal fusion, and interpretabili-
ty research.

2. Review of sentiment analysis

Sentiment analysis, a key task in natural language pro-
cessing, has evolved through three major stages: from
traditional rule-based methods to deep learning approach-
es, and finally to pre-trained language model-driven
approaches. Each stage has advanced research to some
extent, but has also exposed new limitations.

2.1 Traditional method

Early sentiment analysis primarily relied on sentiment
dictionaries and rule matching [15]. A typical approach
involved constructing sentiment dictionaries (e.g., posi-
tive and negative lexicon lists) and classifying sentiments
through statistical word frequency, sentiment polarity
strength, and syntactic rules. While this method is simple
to implement, it heavily depends on manual construction
and struggles to handle complex contexts and implicit
emotional expressions.Subsequently, researchers began to
incorporate traditional machine learning methods, such as
Naive Bayes, SVM, and Logistic Regression [1, 4]. These
methods typically classify by combining artificially de-
signed features (such as TF-IDF, n-gram, sentiment word
distribution), and their generalization ability is improved
compared to rule-based methods. However, due to the
inability to capture long-range dependencies and semantic
hierarchical information, these methods perform poorly in
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complex text sentiment recognition.

2.2 Deep learning methods

With the rise of deep learning in NLP, researchers have
introduced convolutional neural networks (CNNs) and
recurrent neural networks (RNNs, LSTMs, GRUs) into
sentiment analysis tasks. CNNs excel at capturing local
contextual features and are well-suited for short text clas-
sification [16]; LSTMs and GRUs, meanwhile, can miti-
gate long-range dependency issues to a certain extent [7].
Simultaneously, the introduction of attention mechanisms
enables the model to dynamically focus on sentiment-re-
lated key segments within the text, further enhancing
classification performance [8].The methods adopted in
this stage significantly reduced the reliance on manual
features and enhanced the model’s ability to automatically
learn features. However, due to the fact that deep learn-
ing models still rely on task-specific data for training,
their cross-domain transfer capabilities are insufficient.
Moreover, considering the complex semantic structure of
Chinese, there are still bottlenecks in the model’s general-
ization ability and semantic fine-grained modeling.

2.3 Pre-trained language model method

In 2018, Google proposed the BERT (Bidirectional En-
coder Representations from Transformers) model, mark-
ing a new stage in the research of sentiment analysis [9].
BERT, based on a bidirectional Transformer encoder, uses
two pre-training tasks, Masked Language Model (MLM)
and Next Sentence Prediction (NSP), to learn universal
language representations on large-scale unlabeled cor-
pora. It then achieves transferability through fine-tuning
on downstream tasks. BERT significantly improved the
performance of sentiment analysis and quickly became a
mainstream method.Based on BERT, a large number of
improved models have been proposed: RoBERTa: opti-
mizes training strategy and discards the next sentence pre-
diction task and extends training on larger corpora, which
makes it more robust than BERT [10]; ALBERT: reduces
model size through parameter sharing and decomposition
embedding [12]; ELECTRA: proposes the replacement
word detection (RTD) task, which greatly improves
training efficiency [14]; ERNIE: combines knowledge
enhancement pre-training to be more suitable for Chinese
tasks [11]; MacBERT, ChineseBERT: improve Chinese
characteristics (whole word masking, glyph and pinyin
fusion) [13,17].These improved models have continuously
demonstrated outstanding performance in tasks such as
text sentiment classification, implicit emotion recognition,
fine-grained sentiment analysis, and dialogue emotion
recognition, showcasing strong generalization ability and

robustness. However, they also face some challenges, in-
cluding insufficient cross-domain adaptability, reliance on
large-scale labeled data, lack of model interpretability, and
high computational costs, which require further research
and optimization.

3. Review of bert model

Since the introduction of BERT, sentiment analysis re-
search based on pre-trained language models has entered
a new phase [9]. BERT achieves deep semantic modeling
through its bidirectional Transformer encoder and Masked
Language Model (MLM) task, achieving breakthrough
progress on multiple NLP benchmark tasks [19]. Subse-
quently, researchers have proposed numerous improved
models addressing BERT’s limitations in training effi-
ciency, model scale, and cross-language adaptation. These
models not only excel in general NLP tasks but also
demonstrate significant advantages in sentiment analysis.
This paper systematically introduces BERT and its vari-
ants from three perspectives: training strategy optimiza-
tion, model structure lightweighting, and Chinese adapta-
tion with knowledge augmentation.

4.1 Original bert model

BERT was the first framework to apply the bidirectional
Transformer encoder to pre-trained language modeling [9,
19]. Its innovations mainly lie in two aspects:

(1) MLM task: By randomly masking some words, it forc-
es the model to simultaneously utilize the left and right
context to restore the target word, thereby enhancing the
semantic understanding ability;(2)NSP task: By predicting
whether two sentences are consecutive, it enhances the
model’s ability to model the inter-sentence relationship.

In sentiment analysis, BERT adapts to downstream classi-
fication tasks through fine-tuning, significantly improving
the accuracy of text sentiment classification compared
to methods such as CNN and LSTM[20]. BERT is par-
ticularly effective in long-text sentiment analysis and
multi-category classification tasks. However, BERT has
shortcomings including high training cost, limited NSP
performance, and insufficient adaptability to Chinese.

4.2 Optimization of training strategies for im-
proved models

4.2.1 RoBERTa

RoBERTa systematically optimizes BERT’s pre-training
strategy[10]. The main improvements include: 1. Re-
moving the NSP task; 2. Using a larger corpus and longer
training time; 3. Introducing a dynamic mask strategy.

These improvements have enabled RoBERTa to achieve



better performance than BERT in text sentiment classifica-
tion tasks, especially in large-scale sentiment corpora (such
as Weibo comments and product reviews). However, its
training cost has further increased, and it is highly depen-
dent on computing resources.

4.2.2 ELECTRA

ELECTRA proposes Replaced Token Detection (RTD) as
a novel pre-training task, demonstrating higher training
efficiency compared to MLM [14].In the sentiment analy-
sis task, ELECTRA can still achieve performance close to
or even surpassing that of BERT when using a relatively
small amount of data, making it highly suitable for senti-
ment classification of small-scale domain data. However,
its limitation lies in the more complex model structure and
increased difficulty in tuning.

4.3 Lightweight model structure improvement
model

4.3.1 ALBERT

ALBERT significantly reduces the model size and im-
proves training and inference efficiency through cross-lay-
er parameter sharing and embedding decomposition[12].
In sentiment analysis tasks, ALBERT significantly re-
duces memory consumption while maintaining accuracy,
making it suitable for deployment in resource-constrained
environments such as mobile applications.However, due
to parameter sharing, the expressive power of the model
slightly decreases in some tasks.

4.4 Chinese adaptation and knowledge en-
hancement-based improved model

4.4.1 ERNIE

ERNIE proposed knowledge-enhanced Masking based on
BERT’s MLM, which is to mask entities and phrases as
a whole during pre-training, so that the model can better
learn structured knowledge[11].ERNIE performs excep-
tionally well in implicit sentiment recognition in Chinese
and cross-sentence emotion modeling, but it relies on the
quality and coverage of the knowledge base.

4.4.2 MacBERT

To address the problem that the Mask token in BERT is
too different from the original word, MacBERT proposed
a replacement Mask (MLM as correction) strategy, which
replaces the original word with a synonym for prediction,
which is more in line with the Chinese context[13].In fine-
grained sentiment analysis tasks such as e-commerce re-
views and news comments, MacBERT outperforms BERT
and RoBERTa, demonstrating a particularly significant
advantage when handling polysemous words.
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4.4.3 ChineseBERT

ChineseBERT introduces glyph and phonetic information
based on BERT to form a dual-channel feature representa-
tion, thereby better modeling the multi-granularity infor-
mation of the Chinese language[17].In implicit sentiment
recognition and cross-domain sentiment classification
tasks, ChineseBERT demonstrates superior performance
compared to traditional BERT. Its primary challenge lies
in the added complexity introduced by additional charac-
ter and pinyin features during training and inference.

4.5 Summary

Overall, the performance of BERT and its improved mod-
els in sentiment analysis shows the following trends:(1)
Enhanced semantic modeling ability: The improved mod-
els better capture context and long-range dependencies
(such as the decoupled attention mechanism in DeBERTa
[21]).(2)Limited cross-domain transfer ability: RoBERTa
and MacBERT perform well in the same domain data, but
still rely on large-scale fine-tuning data for cross-domain
sentiment analysis.(3)Multi-granularity information fu-
sion: ERNIE and ChineseBERT effectively enhance Chi-
nese semantic understanding by introducing knowledge
and linguistic features, especially showing outstanding
performance in implicit and fine-grained sentiment analy-
sis.

These models have continuously promoted the research
progress of sentiment analysis, but they have also ex-
posed challenges such as high training cost, insufficient
cross-domain generalization, and lack of interpretability.
Future research needs to continue to explore the directions
of lightweight, interpretable, and multimodal fusion.

5. Comparative analysis of different
bert models

5.1 Table comparison of different bert models

In order to comprehensively compare the performance
of BERT and its improved models in Chinese sentiment
analysis, this paper has collated the experimental results
of different models in typical tasks (such as text sentiment
classification, microblog sentiment recognition, implicit
sentiment recognition, and fine-grained sentiment analy-
sis).This table summarizes the experimental data and per-
formance characteristics of each model, covering the main
datasets and evaluation metrics. This comparison not only
reveals the strengths and weaknesses of different models,
but also provides a basis for further analysis of their appli-
cable scenarios and development trends.
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Table 1.Comparison of Performance among Different BERT Models

Article Task Type Dataset Model Advantages
Accuracy
Text Sentiment Clas- Baseli del, bidirec-
Devlin et al.[9] SXt Semment 8% chnSentiCorp BERT 95.4 (Acc) aseIne model, Hdiree
sification tional context modeling
Text Senti t Clas- St training, bett
Liu et al.[10] X7 SCIHMER =45 ChnSentiCorp RoBERTa 95.6 (Acc) TOREET PTETAIning, beter
sification generalization
Text Sentiment Clas- 95.6(b 959 |MLM tion, bett
Cui et al.[13] SXtSenIMeNt L85 CpnSentiCorp MacBERT (base), -V as correction, better
sification (large) suited for Chinese
Text Sentiment Clas- 95.7(base), 95.9 | Glyph + Pinyin fusion,
Sunetal., [17] .ex 'en fent a8 ChnSentiCorp ChineseBERT (base) yp 1ny11.1 sion .
sification (large) multi-granularity modeling
Knowledge-enhanced
Text Sentiment Clas-
Sun et al,,[11] sieﬁxcatizrrll tent 1as ChnSentiCorp 95.5(Acc) masking, better entity-level
understanding
Weibo Sentiment
Sunetal., [11] ! (,) en- fmen Weibo Sentiment BERT 94.3(Acc) Baseline
Classification
Article Task Type Dataset Model Advantages
Accuracy
. . Knowledge graph en-
Weibo Sentiment . . o
Sunetal., [11] . . Weibo Sentiment ERNIE 95.4(Acc) hanced, better implicit
Classification .
sentiment
. . Reported for NER, sen-
Weibo Sentiment . . . . . . .
Sun et al., [17] . . Weibo Sentiment ChineseBERT | Unpublished timent classification not
Classification
released
Imolicit Sentiment Performs well on explicit
Xu et al., [20] P . COTE-BD Unpublished sentiment, weak on implic-
Recognition it
Implicit Sentiment Knowledge-enhanced, bet-
Xu et al., [20] TIPHCIE SERUMERt | coTE-BD ERNIE Unpublished owedge-eranced, e
Recognition ter entity-driven reasoning
Implicit Sentiment Glyph + Pinyin hel -
Sun etal,, [11] TPHEI SEHMENt | COTE Series ChineseBERT | Unpublished P UIyIn help cap
Recognition ture implicit sentiment
Aspect-based Senti- | Online Shoppi
Sunetal., [11] Spec ase‘ et " {ne OPpIng BERT Unpublished Baseline
ment Analysis Review
Aspect-based Senti- | Online Shoppi
Sun et al., [11] spee ase. et n 1.ne opping RoBERTa Unpublished Better generalization
ment Analysis Review
Cui et al., [13] Aspect-basesi Senti- Onli‘ne Shopping MacBERT Unpublished Handles multiple aspects
ment Analysis Review more naturally
Disentangled attenti
Aspect-based Senti- | SemEval Chinese . 1sentangled attention,
Heetal., [21] . DeBERTa Unpublished stronger long-dependency
ment Analysis ABSA .
modeling
Text Sentiment Clas Chinese reviews Efficient RTD pretrainin;
Clark et al., [14] . : (tourism, product ELECTRA Unpublished P &
sification strong performance on
datasets)
small datasets
Text Sentiment Clas- ChnSentic.orp ‘ Par.ameterhsharing, light-
Lan et al., [12] sification / small Chinese ALBERT Unpublished weight, suitable for deploy-
review sets ment




5.2 Analysis of the comparison table

The comparison results reveal that BERT and its variants
exhibit distinct phased characteristics and differentiated
advantages in Chinese sentiment analysis. As a benchmark
model, BERT demonstrates robust semantic modeling
capabilities across tasks such as ChnSentiCorp and Weibo
sentiment classification, significantly outperforming tradi-
tional CNN and LSTM approaches. This performance es-
tablishes pre-trained models as the foundational standard
in sentiment analysis.However, BERT still has shortcom-
ings in terms of its adaptability to the Chinese language,
training efficiency, and implicit emotion recognition,
which has prompted subsequent researchers to propose a
series of improved models.

In terms of training strategy optimization, RoOBERTa out-
performs BERT in text sentiment classification tasks by
removing the NSP task, introducing dynamic masking,
and training with a larger-scale corpus, demonstrating
stronger generalization ability. ELECTRA significantly
improves training efficiency through replacement word
detection (RTD), and can achieve results close to or even
surpass BERT even in small-scale domain data, showing
its potential in low-resource scenarios[14].In comparison,
RoBERTa is more suitable for large-scale pre-training sce-
narios, while ELECTRA is more practical.

In terms of model lightweighting, ALBERT significantly
reduces model size through parameter sharing and em-
bedding decomposition. This approach maintains perfor-
mance while enhancing training and inference efficiency,
making it suitable for resource-constrained applications
such as mobile devices and online services [12].However,
the decline in expression ability brought about by param-
eter sharing also indicates that there is still a need to bal-
ance between lightweighting and performance.

The improved model that takes into account the character-
istics of the Chinese language has shown particularly out-
standing performance. MacBERT introduces substitutional
masking in the MLM task, which is more in line with the
Chinese context and outperforms BERT and RoBERTa in
fine-grained sentiment analysis (such as e-commerce and
news comments) [13].ChineseBERT incorporates char-
acter shape and pinyin information, enabling it to model
multi-granularity features of Chinese. It demonstrates
advantages in implicit sentiment recognition and cross-do-
main tasks [17].ERNIE masks entities and phrases as a
whole through knowledge-enhanced Masking, making
the model outperform the baseline model in processing
implicit emotions and cross-sentence sentiments, demon-
strating the importance of external knowledge in senti-
ment analysis.

In addition, DeBERTa enhances the long-term dependen-
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cy modeling capability through the decoupled attention
mechanism in fine-grained sentiment analysis (ABSA),
making it more suitable for handling complex multi-fac-
eted sentiment tasks[21].This indicates that in tasks such
as ABSA that have higher requirements for context depen-
dence, structural optimization models have unique advan-
tages.

Overall, the comparison in this table reveals a clear evo-
lutionary trajectory: from the foundation laid by BERT,
to the optimization of training strategies and efficien-
cy by RoBERTa and ELECTRA, to the exploration of
lightweightness by ALBERT, and finally to the in-depth
transformation of MacBERT, ERNIE, and ChineseBERT
to target Chinese characteristics.These models have their
own advantages in different tasks, reflecting that the de-
velopment of Chinese sentiment analysis has shifted from
a single semantic modeling approach to a comprehensive
balance of efficiency, adaptability and multi-granularity
integration. Although the overall performance has reached
a relatively high level, there is still room for improvement
in cross-domain transfer, low-resource learning and model
interpretability, which also provides guidance for future
research directions.

6. Challenges and future directions

Although BERT and its improved models have made
significant progress in Chinese sentiment analysis, there
are still some challenges that need to be addressed at the
application and research levels. Firstly, the insufficiency
of cross-domain adaptability is a common problem: the
performance of the model significantly declines when it
is transferred between different scenarios such as e-com-
merce, finance, and public opinion monitoring, indicating
that domain-specific pre-training and cross-domain trans-
fer learning still require in-depth research.Secondly, the
reliance on large-scale annotated data remains significant.
This is particularly true for implicit emotion recognition
and fine-grained sentiment analysis, where high-quality
data is scarce, limiting model effectiveness. Few-shot
learning, zero-shot learning, and hinted learning methods
are expected to alleviate this bottleneck under low-re-
source conditions.Meanwhile, the large scale of the model
and its low inference efficiency are also major obstacles
hindering its practical application.Although improved
models such as RoOBERTa and DeBERTa have excellent
performance, they are difficult to deploy on mobile devic-
es or in real-time systems. Therefore, lightweight methods
such as distillation, pruning, and quantization will be the
focus of future research.On the other hand, the lack of
model interpretability limits its application in high-risk
fields such as financial risk control and social governance.
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In the future, measures such as attention visualization and
causal reasoning can be combined to enhance transparen-
cy and controllability.Finally, with the rise of social media
and multimodal content, multimodal sentiment analysis
has emerged as a new trend. Effectively integrating tex-
tual, visual, and auditory information represents a crucial
direction for enhancing model robustness.

In conclusion, future research should focus on areas such
as cross-domain transfer, low-resource learning, light-
weight deployment, enhanced interpretability, and multi-
modal integration, in order to promote the application of
Chinese sentiment analysis in more complex and realistic
scenarios.

7. Conclusion

This article reviews the research progress of BERT and
its improved models in Chinese sentiment analysis. From
the perspective of development history, sentiment anal-
ysis methods have gone through an early stage based on
dictionaries and traditional machine learning, then entered
the period dominated by deep learning, and the emergence
of pre-trained language models has brought about new
breakthroughs.At the specific task level, BERT and its
variants have demonstrated significant advantages in text
sentiment classification, implicit sentiment recognition,
and fine-grained sentiment analysis.Improved models such
as ChineseBERT, MacBERT, ERNIE, and DeBERTa bet-
ter adapt to issues such as word granularity, polysemy, and
long dependencies in the Chinese context, promoting the
development of Chinese sentiment computing.However,
existing models still face challenges such as insufficient
cross-domain generalization, strong reliance on labeled
data, large model size, and limited interpretability. Future
research can focus on lightweight deployment, small- and
zero-shot learning, multimodal fusion, and enhanced in-
terpretability to improve the adaptability and credibility of
models in practical applications.Overall, sentiment analy-
sis based on BERT is not only a significant research topic
in natural language processing but also provides a solid
foundation for applications such as social media analysis,
public opinion monitoring, and intelligent customer ser-
vice.
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