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Abstract

Due to their extensive common-sense knowledge and linguistic understanding, large lan-
guage models (LLMs) have demonstrated remarkable capabilities in text comprehension
and logical reasoning for natural language processing tasks. Traditional prompt-based
learning methods, which rely on contextual pattern matching, have proven to be effective
in extracting knowledge from LLMs. However, these approaches are constrained by train-
ing data pattern matching, overlook reasoning processes, and consequently suffer from
suboptimal prompt performance and limited interpretability. Moreover, considering that
the intermediate steps generated by single-chain reasoning may not effectively assist LLMs
in identifying the sentiment polarity of aspect terms, and that multiple reasoning paths
often exist for complex reasoning tasks to reach correct conclusions, this paper proposes a
Multi-Chain Thought Prompt Learning framework (MT-CPL). Starting from fundamental
concepts, this method simulates human multi-path reasoning patterns to progressively
construct comprehensive thought processes and deeply explore sentiment cues. Based
on syntactic structures and the semantic logic of text, the framework incorporates four
distinct perspectives of text comprehension: hierarchical reading, experiential reading,
keyword-based reading, and analogical reading. It establishes a multi-chain prompt tem-
plate and employs voting mechanisms to select correct reasoning path outcomes. The
MT-CPL approach aims to guide LLMs in mining multi-dimensional textual information
from different perspectives, gradually uncovering hidden contextual sentiment clues, while
mitigating issues caused by irrelevant sentiment cues in intermediate reasoning steps. By
decomposing main tasks incrementally, the method achieves progressive reasoning, effec-
tively reduces the difficulty of direct analysis, and further enhances model interpretability
through the integration of inherent common-sense knowledge.

Keywords: large language model; multi-chain of thought prompting; sentiment analysis;
commonsense information

1. Introduction

With the rapid development of social media, e-commerce platforms, short videos, and
other Internet application platforms, more and more users share their experiences, views,
and emotions on the Internet. However, due to the complexity of comment structures
and the diversity of forms, sentiment analysis (SA) has emerged. Aspect-based sentiment
analysis (ABSA) is a fine-grained sentiment analysis [1-3] that focuses on analyzing the
sentiment polarity of different aspects in a comment sentence. For example, as shown
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in Figure 1, given comment sentence: “The food in this restaurant is delicious, but the
environment could be improved.” The goal of ABSA is to determine the emotional polarity
of the aspect words “food” and “environment”, respectively, as positive and negative.

The food in this restaurant is delicious, but the environment could be improved.

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Figure 1. Example of aspect based sentiment analysis task, where red represents aspect words, blue
represents sentiment words, and purple represents sentiment polarity.

In recent years, large language models (LLMs) have continuously undergone unsuper-
vised multi-task training on massive text data, accumulating knowledge and gaining rich
common-sense and language knowledge and demonstrating excellent text comprehension
and logical reasoning abilities [4,5]. Due to its excellent text representation and reasoning
abilities, some experts have applied it in the field of sentiment analysis [6,7]. In addition,
prompt engineering has been proven to be an effective method for extracting knowledge
from LLMs due to its feature of learning alongside context [8,9]. Simple prompt learning
relies solely on pattern matching training data without considering the inference process
and only generates the final answer. Chain prompt learning can start from basic concepts,
gradually construct a complete thinking process to deeply explore emotional clues, and
ultimately solve problems. This enables LLMs to simulate human thinking and reasoning
step by step when solving problems rather than simply retrieving and mapping answers
to similar problems in the training set [10-12]. Among them, Madaan et al. [11] further
explored the potential mechanisms behind the effectiveness of Chain of Thought (CoT)
on LLMs. Research has found that using Greek letters instead of numbers in examples
does not affect the performance of the model, but simply modifying word order or chang-
ing grammar will have a huge impact on the performance of the model. They speculate
that the effectiveness of CoT may stem from its ability to convey task-specific content to
LLMs. Meanwhile, they also found that the intermediate steps in CoT may not necessarily
contribute to learning how to solve tasks.

Many scholars have explored how to find the best solution to a problem. Stanovich and
West [12] pointed out that, in complex reasoning tasks, there are usually multiple reasoning
paths that can lead to the correct answer. Evans [13] found that the more thoughtful
thinking and analysis a problem requires, the more likely there are to be diverse paths of
reasoning for answers. Based on the above findings, this article will explore how multi-
thought chain prompt learning can prompt and think about problem-solving methods from
multiple thinking perspectives, alleviating the phenomenon of intermediate steps being
unrelated to the final problem solving.

LLMs have extensive knowledge and information but lack the ability to deeply under-
stand and apply this knowledge. This article focuses on aspect-level sentiment analysis
tasks, starting from the perspective of reading comprehension, using various reading com-
prehension techniques (layered reading, experiential reading, keyword reading, and ana-
logical reading) to prompt LLMs to infer emotional clues through multiple thinking modes.

Firstly, considering the multi-level text representation and the grammatical structure
and semantic logic characteristics of comment sentences themselves, a hierarchical reading
approach was designed to gradually analyze the emotions of aspect words by mining
their specific attributes. With step-by-step parsing of the text content, LLMs can gradually
establish an overall grasp of the text content, thereby more accurately determining the
emotional colors contained therein.
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Secondly, in comment sentences with multiple aspects of words and emotions, the
emotional tone of the comment sentence itself highlights the commentator’s preferences and
focus on the aspect, providing important emotional background knowledge for judging the
sentiment of aspect words. Based on this, this article designs experiential reading, aiming
to simulate the human commenting experience from the perspective of the experiencer and
place LLMs in the context described in the text in order to better understand the emotions
expressed in the text and more accurately identify the emotional colors contained therein.

Again, mining and modeling text information of different granularities (sentence, phrase,
and keyword information) can learn short distance collocations between words, thereby
assisting in generating semantically rich contextual vector representations. Meanwhile, the
perceptual stage of cognitive theory also suggests that attention selectively points to important
key phrases in the context [14-16]. Keyword clues can guide learners to make positive
predictions about the content of the text based on their existing knowledge background. Based
on this, this paper designs a keyword reading method that guides LLMs to quickly locate
emotional information in the text from the perspective of mining keywords or phrases, thereby
grasping the main ideas and emotional tendencies of the text more efficiently.

Finally, consider that multi-task learning can utilize shared representation learning to
learn semantic features and emotional clues from auxiliary tasks and transfer them to the
main task to improve its generalization ability. Based on this, this article designs an analogy
reading method to simulate auxiliary tasks by constructing new sentences with similar
grammatical structures and emotional elements in order to capture grammatical structures
and emotional features and then infer the emotions of the original comment sentence.

Based on LLM dimensional chain prompts, this paper proposes a multi-thought chain
reasoning framework (MC-TPL). This article regards the LLM as a child with a wide range
of knowledge but lacking professional practical experience. Starting from four different
perspectives of text understanding, layered reading, experiential reading, keyword reading,
and analogical reading, a multi-thinking layered chain prompt template is established. A
voting method is adopted to select the appropriate thinking and reasoning paths. The
model utilizes a multi-thinking hierarchical chain reasoning architecture to gradually
reveal the emotional clues hidden in the text from multiple thinking perspectives. This
method significantly reduces the complexity of directly conducting the overall analysis by
decomposing the main task into a series of smaller steps. At the same time, combining the
built-in common-sense information not only improves the accuracy of inference but also
enhances the interpretability and comprehensibility of the model output results.

Our work contributions can be summarized in the following three aspects:

(1) This article draws on human thinking patterns to gradually build a complete thinking
path and deeply explore implicit emotional clues in the text.

(2) Given the intermediate steps generated by single-thought chain prompt learning, there
may be limitations in terms of word sentiment polarity in assisting LLM recognition.
Based on the grammatical structure and semantic logic of the text, this study constructs
a multi-thought chain prompt template from four different dimensions of text under-
standing and conducts multi-dimensional emotional semantic analysis research.

(3) The MC-TPL model was tested on a benchmark dataset, and the experimental re-
sults showed the effectiveness of multi-thought chain prompt learning and external
knowledge assistance.

Next, in the Section 2, we will first introduce the relevant work of predecessors; then, in
the Section 3, we will provide a detailed description of our proposed MC-TPL model; in the
Section 4, we conducted comparative experiments and ablation experiments on public datasets;
in addition, in the Section 5, we discussed the shortcomings of the model and future solutions;
and in the Section 6, we summarized the characteristics of the model and future work plans.
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2. Related Work

In this section, this article first reviews previous aspect-based sentiment analysis
tasks and pre-trained model-based methods and then introduces related research on large
language models and prompt learning.

2.1. Neural Network Methods in Sentiment Analysis

Aspect-based sentiment analysis tasks are different from traditional sentence-level
and document-level tasks, as they are entity-level and fine-grained sentiment analysis tasks.
The sentiment analysis method based on machine learning [17,18] has better generalization
ability and adaptability compared to the method of manually constructing dictionaries
and rules [19]. It can automatically learn text patterns from large-scale corpora, thereby
achieving text sentiment analysis. But its generalization ability in the face of complex
problems is limited, and it cannot fully learn the contextual information of the text. With
the widespread application and development of deep learning in the field of natural
language processing (NLP), deep learning methods have gradually become the mainstream
of research due to their powerful feature learning and semantic information representation
capabilities [20-22]. Considering that different contextual factors have varying impacts
on the emotional judgment of aspect words, Tang et al. [23] used two Long Short Term
Memory (LSTM) networks to model the left and right contexts of aspect words, respectively,
in order to obtain the left and right context vectors. Then, the left and right context vectors
are combined to determine the emotional polarity of aspect words. In addition, considering
that comment sentences may have long contexts or contain multiple words, the previous use
of coarse-grained attention mechanisms may lead to insufficient information capture and
the loss of key information. To address this issue, Fan et al. [24] proposed an Aspect-Level
Sentiment Analysis Model (MGAN) based on a multi-granularity attention mechanism.
They designed a fine-grained attention mechanism that can capture word-level interaction
information aimed at evaluating the emotional impact of each contextual word on each
aspect word in a sentence.

2.2. Pre-Trained Model Methods

Previous attention-based deep learning algorithms were limited by the distance be-
tween aspect words and emotion words. When there are multiple emotional words in
a comment sentence, aspect words may not consider the overall meaning and may be
influenced by closely related emotional words, leading to misjudgment. Therefore, some
scholars adopt the syntactic distance of graph neural networks to solve the dependency
problem of remote words. Thomas et al. [25] were the first to propose graph convolutional
neural network models, which have been widely applied in multiple NLP tasks such as sen-
timent analysis, relationship extraction, and stance detection. Zhang et al. [26] constructed
a sentence as a dependency tree using grammar information and word dependency rela-
tionships, learning the relationships between words based on whether they are connected
by edges. Considering the influence of attention between words, Velickovic et al. [27]
used the attention mechanism to convolve neighboring node features instead of simple
average convolution. Wang et al. [28] considered the influence of different types of edges
between word nodes and proposed an aspect specific relation graph attention network.
Finally, considering the issues of inaccurate grammar parsing and the incomplete grammar
structure of comment sentences, Li et al. [29] proposed a dual-graph convolutional neural
network method that considers both grammar structure and semantic association and
adopts regularization to overcome the above shortcomings. In addition, Ma et al. [30]
used Abstract Meaning Representation (AMR) instead of dependency trees to extract the
semantic features of comment sentences and achieved very good results.
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2.3. Large Language Model Methods

The big language model has been widely proven to exhibit extraordinary abilities in text
comprehension and logical reasoning. Transformer is an attention-based structural framework
created by the Google team, which demonstrated powerful language understanding capabilities
when first applied in the field of natural language processing (NLP) [31,32]. This model is
divided into an encoder and a decoder. The encoder maps the input sequence to a continuous
sequence representation, and the decoder generates an output sequence based on the encoder’s
sequence representation. The T5 (text-to-text) model is a universal text generation framework
proposed by the Google team based on the Transformer framework. This model adopts a text-
to-text framework, aiming to incorporate multiple tasks into the model to generate target text.
This model also adopts the Encoder-Decoder structure, but T5 uses the offset between queries
and values in the self-attention mechanism to generate relative position embeddings, which
are more sensitive to position [33,34]. In addition, T5 considers multiple pre-training methods
to improve the performance of generative models and outperforms Bert and GPT in question
answering and generative extraction tasks [35,36]. Based on the T5 model, Deng et al. [37]
proposed a bidirectional generation framework based on the T5 model to solve the problem of
cross-domain differences caused by labels only existing in the original domain in cross-domain
sentiment analysis tasks. This framework trains models in both text to label and label to text
directions. The text to label direction converts various tasks into a unified format and can
generate noise predictions for unlabeled target data, while the label to text direction utilizes
noise predictions to generate natural language containing given labels in order to enhance high-
quality training data and enrich model knowledge in the target domain. In addition, Zhang
et al. [38] designed a unified generative framework GAS-T5 for Attribute Central Sentiment
Extraction (ACSTE), which is based on the T5 model and uses both annotation and extraction
paradigms to transform the original task into a text generation task. Excellent experiments
have demonstrated the generality and effectiveness of the model.

ChatGPT is an intelligent chat machine created by Google using artificial intelligence
and cognitive computing methods. It is built on the foundation of the Transformer and Gen-
erative Pre-trained Transformer (GPT) [39] and has significant text generation capabilities
that can be used in multiple natural language processing fields [40]. Generative pre-trained
models have gradually enhanced their natural language processing and text generation
capabilities through multiple versions (GPT-1, GPT-2, GPT-3, InstructGPT, and ChatGPT)
by increasing the number of parameters and improving self-supervised methods [41-43].
Wang et al. [44] conducted a detailed study on whether ChatGPT is an excellent senti-
ment analyzer by combining prompt learning methods in the fields of sentiment cause
analysis, sentence-level sentiment analysis, and aspect-level sentiment analysis. Detailed
research has shown that ChatGPT exhibits excellent unsupervised sentiment analysis capa-
bilities and performs better in open domains compared to fine-tuned BERT. However, its
capabilities in fields such as medicine and social media need to be strengthened.

2.4. Prompt Learning Methods

In addition, prompt learning has been proven to effectively guide large models in
logical reasoning and knowledge acquisition. Ping et al. [45] manually designed a prompt
template [CLS]polarity[SEP]sentence + template[SEP] in the aspect category sentiment
analysis task and combined it with the attention mechanism to guide BERT to filter out im-
portant feature information (phrases and words). Fei et al. [6] first applied the combination
of CoT and LLMs to implicit sentiment analysis to address the issue of unclear emotional
clues. They use a three-hop chain reasoning framework to gradually infer fine-grained
aspects, potential opinion words, and, ultimately, emotions. This model has demonstrated
excellent performance in both supervised and unsupervised training, providing new ideas
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for the research and development of large-scale models in the field of sentiment analysis. In
addition, Inaba et al. [46] further explored how to use CoT to call LLMs using external tools.
On the chemical dataset, they created the MultiTool-CoT method to call external tools such
as calculators, chemical reaction predictors, and molar mass tables, which demonstrated
excellent performance in chemical numerical reasoning tasks.

3. Methodology

The aspect-level sentiment analysis task is defined as follows: given a sentence X
containing the target term A, the model determines the sentiment polarity Y of aspect term
A, which is positive, neutral, or negative. For standard prompt-based methods, we can
construct the following prompt template as input for the LLM:

Given the sentence X, what is the sentiment polarity towards t? (1)
The LLM should return the answer via
§ = argmax(y|X, t).
where 7 is the sentiment polarity predicted by the LLM.

3.1. Multi-Thinking Chain Prompt Template

Given that traditional prompt methods often exhibit deficiencies such as logical leaps,
error propagation, and limited interpretability in complex tasks due to the lack of struc-
tured guidance, this study introduces a three-step Chain of Thought (CoT) prompting
approach [10,47]. By designing explicit task decomposition and step-by-step reasoning
chains, this method breaks down multi-step problems into verifiable subtasks, thereby
reducing reasoning biases and enhancing result reliability. Furthermore, considering that
multiple valid reasoning paths may lead to correct answers in complex tasks, this paper
details the construction of four multi-perspective CoT prompting templates for comment
sentence S, including progressive reading, experiential reading, keyword-driven reading,
and analogical reading, to improve model adaptability and robustness across diverse
reasoning scenarios. The model structure diagram is shown in Figure 2.

Positive

Positive Positive Positive Negative

@ 00 0@ 000 I

|
! I
| ‘ 1
| : MC-TPL ! 3
} } Progressive | Experiential } ;
| Textto-Text + |  Reading 1 Reading | |
I | ———————————— m-—-—-————--- 1
| | | !
! | ! |
L DITTTToooooIIIIIIIIIIIIIII

S : The staff should be a bit more friendly. A :staff

Figure 2. The proposed functional framework.
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3.1.1. Progressive Reading

Hierarchical reading aims to identify the emotions of aspect words by mining their
specific attributes. With step-by-step parsing of the text content, the LLM can gradually
establish an overall grasp of the text content, thereby more accurately determining the
emotional colors contained therein. The specific process is shown in Figure 3. This section
constructs a chain prompt template in three steps:

Step 1: Inquire with LLM about the specific attribute of aspect word A mentioned in
sentence S:

P; [Given sentence S|, which specific attribute of the aspect A is possibly mentioned? (2)

where P; is the context of the first step prompt in progressive reading, which can be
S, A), where Ty, is the specific attribute that

formulated as follows: Tp = argmaxp(tp
aspect word A may mention.

Step 2: Under the premise that sentence S, aspect word A, and its attribute T, are
known, guide LLM to combine external common-sense knowledge to search for the specific
opinion word of attribute Ty, which may be

P, [Pl, Tp} . Based on the common sense, what is the implicit opiniion towards

3

the mentioned aspect of T, and why? ©)
where P; is the context of the first step prompt in progressive reading, which can be
S, A, T), where Op is the opinion word of
attribute Tp, of aspect word A in the comment sentence.

formulated as follows: Op = argmaxp(op

Step 3: Using the entire layer-wise progressive information (S,A,Tp,Op) as context,
inquire about the specific sentiment polarity of the aspect word A from the LLM:

P; [PZ, Op] , Bases on the opinion, what is the sentiment polarity towaeds A? 4)

where Pj3 is the context of the entire hierarchical chain prompting method, which can be

formulated as follows: Jp = argmaxp (yp S, A, Tp,Op>.
Implicit Attribute Aspect
opinion sentiment sentiment

Figure 3. Flowchart of progressive reading.

3.1.2. Experiential Reading

Experiential reading aims to simulate the human commenting experience by assigning
LLM role identities in order to better understand the emotions expressed in the text and
more accurately identify the emotional colors contained therein. In aspect-level sentiment
analysis tasks, commentators often express their opinion through statements that are affir-
mative, negative, and devoid of emotion. The LLM starts from an experiential perspective,
infers the purpose of the commentator’s opinion expression, and then infers specific emo-
tional tendencies. The specific process of experiential reading is shown in Figure 4. This
section constructs a chain prompt template in three steps:

Step 1: By setting the identity of a reviewer in a specific field for LLM, inquire whether
LLM is writing a comment sentence to express affirmation, dissatisfaction, expectation for
improvement, and a statement with a ruthless tone regarding aspect A:
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E;[Given sentence S|, This is a review you worte in the dataset field.For aspect A,
what was your purpose when you worte this review? Such as, to express satisfaction, ®)
dissatisfaction, expected improvements, and unemotion statement.

where E; is the context of the first step prompt in experiential reading, which can be
formulated as follows: T = argmaxp(te|S, A), where T, is the purpose description of
aspect word A in the comment sentence.

Step 2: Under the premise that sentence S, aspect word A, and opinion purpose W are
known, guide LLM to combine external common-sense knowledge to search for possible
emotional tendencies involved in purpose Te:

E;[E1, Te]. Based on the common sense, what do you think is the ©)
emotional inclination of T, and why?
where E; is the context of the second step prompt in experiential reading, which can be
formulated as follows: O, = argmaxp(0e|S, A, Te), where Og is the emotional tendency
described about the purpose of aspect word A.
Step 3: Using the entire experiential information (S,A,Te,Oc) as the prompt context,
ask LLM about the specific emotional polarity of word A:

E3[Es, O], Bases on the opinion, what is the sentiment polarity towaeds A? (7)

where Ej is the context of the entire experiential chain prompting method, which can be

formulated as follows: §, = argmaxp(y,|S, A, Te,Oe).

Purpose

Satisfied
Sentence ~—» EXP\‘;fiemial o —}-
1ew 5 .

Dissatisfied

Emotionless

statement

Figure 4. Flowchart of experiential reading.

3.1.3. Keyword-Driven Reading

Keyword-Driven Reading learns short distance collocations between words by grasp-
ing the keywords and phrases in comment sentences, allowing the LLM to quickly locate
emotional information in the text and more quickly grasp the main idea and emotional
tendency of the text. The specific process of keyword reading is shown in Figure 5. This
section constructs a chain prompt template in three steps:

Step 1: Inquire about the keywords and phrases related to the emotional expression of
aspect word A in the LLM comment sentence:

K;[Given sentence S|, what are the keywords or phrases relation to ®)
emotional expression in the sentence foe aspect A?

where K; is the context of the first step prompt in Keyword-Driven Reading, which can

be formulated as follows: Ty = argmaxp(tx|S, A), where Ty is the purpose description of

aspect word A in the comment sentence.



Appl. Sci. 2025, 15, 12225

90f19

Step 2: Under the premise that sentence S, aspect word A, and key word or phrase
Ty are known, guide LLM to combine external common-sense knowledge to identify the
possible sentiment polarity associated with the key word or phrase Ty:

K3 [Kj, Tx]. Based on the common sense, what do you think are the ©)
emotional inclination of keywords or phrases Ty, and why?
where Kj is the context of the second step prompt in experiential reading, which can be
formulated as follows: Oy = argmaxp(ok|S, A, T), where Oy represents the emotional
inclination towards the keyword or phrase Ty.
Step 3: Using the entire experiential information (S,A,Ty,O) as the prompt context,
ask LLM about the specific emotional polarity of word A:

K3[Kjy, O], Bases on the opinion, what is the sentiment polarity towaeds A?  (10)

where K3 is the context of the entire Keyword-Driven chain prompting method, which can
be formulated as follows: §, = argmaxp(y,|S, A, Ty, O).

Aspect
sentiment

Keywords Keywords or

Aspect ——> .
P or phrases phrases sentiment

Figure 5. Flowchart of Keyword-Driven Reading.

3.1.4. Analogical Reading

Analogous reading simulates auxiliary tasks by constructing new sentences with
similar grammatical structures and emotional elements in order to capture grammatical
structural information and emotional features, inferring the emotions of the original com-
ment sentence. The specific process of analogical reading is shown in Figure 6. This section
constructs a chain prompt template in three steps:

Step 1: Guide LLM to construct a new sentence with grammatical structure and
emotional elements similar to the original comment sentence:

C1[Given sentence S, use your imagination to create a new sentence
containing aspect word A, which needs to be similar in grammar (11)
and emotional inclination to the comment sentence S.

where C; is the context of the first step prompt in analogical reading, which can be for-
mulated as follows: T, = argmaxp(tc|S, A), where T, is a sentence with a grammatical
structure and emotional elements similar to the comment sentence S.

Step 2: Under the premise that sentence A, aspect word A, and new comment sentence
T, are known, guide LLM to analyze the emotional tendency of aspect word A in the new
comment sentence T by combining external common-sense knowledge:

C2[Cyq, T¢]. Based on the common sense, what do you think are the (12)
emotional inclination of aspect A in comment sentence T, and why?

where C; is the context of the second step prompt in experiential reading, which can be

formulated as follows: O, = argmaxp(oc|S, A, Tc), where O, is the emotional tendency of

the aspect word A in the new comment sentence T..
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Step 3: Using the entire analogical information (5,A,T¢,0O.) as the prompt context, ask
LLM about the specific emotional polarity of word A:

C3[Cy, O¢], Bases on the opinion, what is the sentiment polarity towaeds A?  (13)
where Cj3 is the context of the entire analogical chain prompting method, which can be

S/ A/ TC 7 OC ) .
Finally, after obtaining four emotions through four types of thought chain prompts,

formulated as follows: §. = argmaxp (y,

the emotion category with the highest number of votes was counted and determined as the
final emotional polarity of the aspect word.

Sentiment of Sentence A

Sentiment of

-
e Scntence B Sentence B

Figure 6. Flowchart of analogical reading.

3.2. Emotional Reasoning Enhancement Strategies

We enhance reasoning by leveraging self-consistency mechanisms [48,49] to ensure
reasoning accuracy. For each of the three reasoning steps, the LLM decoder generates
multiple answers, which may vary in predictions regarding aspect A, opinion o, and
polarity Y. At each step, answers with high-voting consistency for a, o, or y are retained, and
the most confident one is used as context for the next step. Additionally, when on-demand
training sets are available, we can fine tune THOR using supervised fine tuning. We design
a reasoning revising method: at each step, a prompt is constructed by concatenating the
initial context, the reasoning answer text, and the final question, which is then fed into the
LLM to predict the sentiment label instead of proceeding to the next reasoning step. Under
the supervision of gold labels, the LLM learns to generate more accurate intermediate
reasoning, which is beneficial for the final prediction.

4. Experiment
4.1. Relevant Parameters

The experimental validation of this article was conducted on the benchmark
datasets [50] Restaurants14 and Laptop14. Due to the fact that the BERT model is composed
of Transformer encoders and cannot generate text based on the multi-round prompts of CoT,
this paper adopts the T5 model with the Encoder-Decoder style as the backbone network
of the MC-TPL framework. In addition, this article also uses ChatGPT (GPT-3.5-based) to
verify the effectiveness of the MC-TPL framework. Two versions of the TS5 model, T5 base
(250 M) and T5 large (780 M), were used in the experiment, while the ChatGPT model was
accessed through an API The experiment was conducted on two NVIDIA A40 GPUs, and
the results were evaluated using the accuracy and F1 score as metrics.

We conducted experiments on three public sentiment analysis datasets: the review
data from the SemEval 2014 task containing reviews of restaurants and laptops [50]. The
dataset is divided into a training set and a test set, and a comment sentence will have one
or more aspect words, each corresponding to one of the positive, negative, and neutral
sentiments. The detailed statistics are shown in Table 1.
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Table 1. Statistics of the three datasets for the ABSA task.
Positive Negative Neutral
Dataset
Train Test Train Test Train Test
Restaurant 2164 728 807 196 637 196
Laptop 994 341 870 128 464 169

4.2. Baseline Model

In order to evaluate the effectiveness of the model, this article compares three types of
baseline models with models based on the MC-TPL framework.

(1) Pre-trained model methods:

BERT-SPC [51]: Uses the [CLS] + Sentence + [SEP] + Aspect + [SEP] sequence input
into BERT to jointly learn contextual information and target representation.

RGAT-BERT [28]: Focusing on the complexity of language and the presence of multiple
aspect words in a comment sentence, the original dependency tree is reconstructed and
pruned to establish a dependency tree with aspect words as the root node.

HGCN [52]: In order to jointly learn structural range and predict sentiment polarity,
a hybrid graph convolutional network (HGCN) is proposed to synthesize information
from selection trees and dependency trees, exploring the potential of connecting the two
syntactic parsing methods to enrich representations.

KDGN [53]: Considering the influence of entity-related domain knowledge in com-
ment texts, a knowledge-aware dependency graph network model is proposed to capture
domain knowledge related to texts.

BERTAsp + CEPT [54]: Considering the problem of insufficient recognition of implicit
emotional expressions, a model based on supervised contrastive pre-training (SCAPT) was
designed to effectively capture implicit and explicit emotional tendencies in text by learning
emotional knowledge using a large-scale emotion annotation corpus.

CABIiLSTM-BERT [55]: Considering the problem of implicit feature information loss,
the BERT pre-trained model is frozen to extract word vectors and combined with the
BiLSTM and multi-head self-attention mechanism, effectively extracting and preserving
the implicit feature information of each layer

MambaForGCN [56]: In response to the difficulties in capturing long-distance de-
pendencies and the high complexity of attention mechanisms, the MambaFormer module
based on the state space model (SSM) and the Kolmogorov—Arnold Network (KAN) gating
fusion mechanism were combined to effectively enhance the model’s ability to capture
long-distance dependencies.

HPEP-GCN [57]: Considering the insufficient capture of feature correlation and the
limited utilization of external knowledge, the accuracy and robustness of sentiment analysis
have been effectively improved by integrating external knowledge, introducing hierarchical
and location-aware graph convolutional networks, and maximizing mutual information
feature interaction mechanisms.

(2) Prompt learning methods:

Fei et al. [6] proposed BERT + Prompt, T5 base + Prompt, and T5 large + Prompt
by combining the LLM with cue learning and conducted comparative experiments and
zero-shot learning experiments on benchmark datasets, respectively.

ChatGPT + Prompt [44]: This method combines ChatGPT with cue learning and conducts
zero-shot learning experiments on a benchmark dataset using “Sentence:{sentencejwhat is the
sentence polarity of the aspect {aspect}in the sentence?” as the cue.
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Fei et al. [6] proposed T5 base + IoT and T5 large + CoT by combining the LLM and
CoT. We conducted comparative experiments and zero-shot learning experiments on the
benchmark dataset.

(3) The proposed method:

This article proposes T5 base + MC-TPL, T5 large + MC-TPL, and ChatGPT + MC-
TPL, respectively, using T5 base, T5 large, and ChatGPT as model skeletons and a multi-
thought chain prompt learning framework. On the benchmark dataset, comparative
experiments and zero-shot learning experiments were conducted on the T5 base + MC-TPL
and T5 large + MC-TPL models, respectively. ChatGPT + MC-TPL conducted zero-shot
learning experiments.

4.3. Comparative Experiments and Analysis

Tables 2 and 3, respectively, show the results of comparative experiments and zero-shot
learning experiments of the multi-thought chain prompt learning framework on the dataset.
The model uses ACC and F1 as evaluation indicators, and the results show the effectiveness
of MC-TPL. Through comparative experiments, the following can be further analyzed:

Results on Supervised Fine Tuning

From Table 2, it can be seen that some methods based on prompt learning and CoT
(BERT + Prompt, T5 base + Prompt, and T5 base + CoT) perform worse than KDGN. This is
mainly because KDGN has demonstrated excellent sentiment analysis capabilities through
pre-training in large-scale sentiment analysis corpora. In addition, this section also found
that the effect of T5 base + CoT * did not perform well, which may be due to the fact that
the intermediate steps of single-thinking CoT may not necessarily help learn how to solve
aspect sentiment analysis tasks. Under the guidance of the multi-thought chain prompt
framework proposed in this article, the LLM has shown remarkable results. This article
argues that multi-thought chain prompt learning can prompt and think from multiple
perspectives, providing diverse methods for problem solving and effectively guiding the
LLM to conduct emotional cue reasoning, demonstrating its unique advantages.

Results on Zero-shot Reasoning

From the zero sample comparison data in Table 3, it can be seen that the method based
on prompt learning exhibits significant advantages compared to the method based on
BERT, which fully demonstrates the superiority of prompt learning in the field of zero-shot
learning. Prompt learning can guide the LLM to effectively extract relevant emotional
knowledge, thereby improving the accuracy of aspect-level sentiment analysis. In addition,
this article also found that the method based on CoT is better than the method based
on prompt learning. This indicates that CoT technology can start from basic concepts,
gradually construct a complete thinking process to deeply explore emotional clues, and
ultimately solve problems. This enables the LLM to simulate human thinking and perform
step-by-step reasoning when conducting sentiment analysis rather than relying solely
on simple retrieval and the mapping of similar problems in the training set. Finally, the
MC-TPL-based model showed better performance than the CoT-based model. This fully
demonstrates the excellent performance of MC-TPL, which can provide prompts for LLMs
from multiple perspectives, guiding them to think and solve problems from multiple angles
and thinking. MC-TPL not only makes the LLM more accurate in sentiment inference but
also demonstrates its enormous potential in improving sentiment analysis performance.
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Table 2. Comparative experiment of MC-TPL model.
Models Restaurants14 Laptop14
Acc F1 Acc F1
CABILSTM-BERT 83.75 75.87 7791 73.04
SPC-BERT 84.46 76.98 78.99 75.03
RGAT-BERT 86.33 81.04 78.21 74.07
pre-train HGCN 86.45 80.60 79.59 76.24
KDGN 87.01 81.94 81.32 77.59
MambaForGCN 86.68 80.86 81.80 78.56
HPEP-GCN 86.86 80.65 81.96 79.10
BERT + Prompt - 81.34 - 78.58
prompt T5-base + Prorr;pt - 81.50 - 79.02
T5-base + CoT 86.16 79.70 81.03 77.25
T5-large + CoT # 88.04 82.17 83.31 79.55
our T5-base + MC-TPL 87.86 81.99 83.45 79.62
T5-large + MC-TPL 88.75 83.73 84.21 80.33
# A represents the result of reproducing the code in this article.
Table 3. Experimental results of zero-shot learning for MC-TPL model.
Models Restaurants14 Laptop14
Acc F1 Acc F1
SPC-BERT - 21.76 - 25.34
pre-train RGAT-BERT - 2748 - 25.68
SCAPT-BERT - 30.02 - 25.77
BERT + Prompt - 33.62 - 35.17
T5-base + Prompt # 76.87 53.32 68.49 51.06
prompt T5-large + Prompt * 78.39 55.03 69.28 52.08
T5-base + CoT * 77.14 53.58 68.34 51.34
T5-large + CoT # 79.02 55.66 70.85 53.54
our T5-base + MC-TPL 77.67 54.31 69.43 51.82
T5-large + MC-TPL 79.82 56.36 71.32 54.06

# A represents the result of reproducing the code in this article.

4.4. Comparative Experiments and Analysis of Implicit Sentiment Analysis

In order to better validate the importance of MC-TPL in implicit sentiment analy-

sis, this section conducted comparative experiments on the benchmark dataset, and the

results are shown in Figure 7. The results indicate that the method based on prompt learn-

ing achieved better results compared to the method based on pre-training, and implicit

emotional reasoning may require more common-sense knowledge to assist reasoning. Com-

pared to simple prompt learning, chain prompt learning can gradually decompose complex

reasoning tasks, improve the utilization of implicit knowledge, enhance the interpretability

of the model, and achieve better results. Our proposed multi-thought chain prompting

method can infer knowledge chains in parallel, more comprehensively capture the complex

semantics, contextual dependencies, and subjectivity of implicit emotions, and achieve the

best results.
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Figure 7. Comparative experiment of MC-TPL model in implicit sentiment analysis.

4.5. Ablation Experiment

In order to better verify the impact of each prompt method in MC-TPL on the model,
this section conducted experiments comparing the model based on the T5 base, and the
results are shown in Table 4. Among them, progressive reading, experiential reading,
keyword reading, and analogical reading are, respectively, represented as progressive,
experiential, keyword, and analogical. The results indicate that using the T5 base as the
benchmark framework and employing these four prompt learning methods achieved bet-
ter results compared to most BERT-based methods. This proves that the thinking chain
constructed based on sentence structure characteristics and theoretical support in previous
articles can achieve good prompting effects. However, compared to the MC-TPL method
proposed in this article, the performance of models using a single-thought suggestion
method has significantly decreased. A single-thought chain may have intermediate rea-
soning steps unrelated to emotions, but a multi-thought chain approach can effectively
reduce this impact. In addition, complex reasoning tasks often have multiple reasoning
paths that can lead to the correct answer. Therefore, combining the results of multiple
thinking perspectives can provide a more comprehensive inference of specific aspects of
emotional polarity.

Table 4. Impact of single chain hint method on the model.

Restaurant14 Laptop14
Models
Acc F1 Acc F1
Progressive 86.25 79.79 82.28 78.67
Experiential 87.69 80.75 81.03 76.21
Keyword 86.79 81.67 81.96 78.25
Analogical 86.60 80.31 81.19 76.86
MC-TPL 87.86 81.99 83.45 79.62

4.6. Error Analysis

To further validate the effectiveness of multi-thought chain prompt learning, this
section also studied the joint effect of MC-TPL and ChatGPT in zero-shot learning scenarios,
as shown in Figure 8. From the table, it can be seen that, although ChatGPT + MC-TPL
has an improved performance compared to ChatGPT with only a traditional prompt, the
difference is not significant.



Appl. Sci. 2025, 15, 12225

15 0f 19

100

- Restaurant14

[ JLaptopl4

80

60

40
Prompt_Acc Prompt_F1 MC-TPL_Acc MC-TPL_Fl1

Figure 8. Comparison results of different prompt learning methods.

Therefore, this section analyzed examples of ChatGPT + MC-TPL sentiment analysis
errors. The analysis results show that most of the errors stem from MC-TPL guiding the
LLM, which leads to the model making excessive emotional inferences based on existing
information. For example, in the comment sentence: “Entrees includes classics like lasagna,
fettuccine alfredo, and chicken parmigiana.”, the aspect word “Entrees” corresponds to
the emotion “Neutral.” The two different reasoning methods are shown in Figure 9. The
comment sentence only briefly introduces the classic dishes included in “Entrees” and
does not have a clear emotional tendency. The ChatGPT + Prompt method can determine
the emotion of “Neutral” based on the aspect words. However, under the guidance of
multi-thought chain prompt learning, the LLM may engage in excessive inference and
speculation regarding the content of comment sentences, resulting in the allocation of
“positive” or “negative” emotions to aspect words that were originally “neutral”.

14

| Sentence: Entrees include classics like lasagna, fettuccine alfredo and chicken parmigiana. Aspect:  Entrees \1
N . _ _ -
SRR R E S S S S S S S S S S S S SEEEEE S S S S S S S S S S S S S S S S S S S S S S ST ST <

| ChatGPT+Prompt  Sentiment: neutral v }
| Sentence: {Sentence} What is the sentiment polarity of the aspect {aspect } in the sentence? |
} The sentiment polarity of the aspect "Entrees" in the sentence "Entrees include classics like lasagna, fettuccine alfredo and chicken }

parmigiana” is neutral. |

|
N

ChatGPT+MC-TPL  Sentiment: positive X

Progressive Reading:

Attribute: The specific aspect of entrees mentioned in the sentence is the variety or selection of entrees available. The sentence mentions some traditional and
popular entrees such as lasagna, fettuccine alfredo, and chicken parmigiana, indicating that....

Aspect: This can be inferred from the use of words like "classics" to describe the entrees like lasagna... and chicken parmigiana. These dishes are commonly known
and beloved by many people, suggesting that the restaurant's offering of such classic options is likely to be well-received by customers. The mention of these popular
entrees also implies that the restaurant aims to cater to a wide range of preferences and tastes, which contributes to ...

Sentiment: Based on the positive opinion expressed in the sentence towards the variety and selection of entrees available, the sentiment polarity towards Entrees in
this context would be positive. The mention of ..., contributes to a positive sentiment towards the entrees offered by the restaurant.

Experiential Reading:

Purpose: To express satisfaction.

Purpose involves sentiment: The purpose of this comment is to express satisfaction with the main dish, which usually elicits a positive response from customers.
These dishes are deeply loved and widely recognized, so including them on the menu may create a sense of satisfaction and pleasure among diners.

Sentiment: This is because the mention of classic and popular dishes like ... and chicken parmigiana typically evokes a positive response from customers. The use of
the term "classics” also reinforces the positive sentiment, as it conveys a sense of timelessness and quality associated with these entrees.

Keyword-Driven Read
Keywords or phrasess - Classics - lasagna, fettuccine alfredo, and chicken parmigiana.

Keywords or phrases sentiment: These words and phrases evoke positive sentiments as they imply familiarity, ity, and quality associated with well-ki

and beloved dishes.

Sentiment: The sentiment of "Entrees" in this context is positive. The mention of classics like ... typically evokes positive associations as these dishes are popular
and beloved by many. The use of the term s" further reinforces the positive sentiment by indicating that these entrees are timeless and well-liked options.
Additionally, the indication of a diverse range of ... enhancing the overall positive sentiment towards the entrees offered.

Analogical Reading:
Analogous sentence: Main courses feature timeless favorites such as roasted chicken, spaghetti carbonara, and beef Wellington.

Analogous sentence sentiment: The sentiment of "Entrees" in this context is positive. The use of words like "classics” and "timeless favorites” to describe the
entrees conveys a sense of comfort, familiarity, and quality associated with popular and well-loved dishes. These terms typically evoke positive feelings and...
Additionally, the mention of specific dishes like ... further reinforces the positive sentiment by indicating a diverse and appealing selection of entrees on the menu.
Sentiment: Overall, the sentiment towards entrees described in the sentence is positive due to the emphasis on beloved, classic dishes and the implication of a
satisfying dining experience for customers.

Figure 9. The process of processing example sentences for ChatGPT + MC-TPL and ChatGPT +
Prompt models.
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5. Limitations

In aspect-level sentiment analysis, although parallel inference chains (multi-thought
chain prompt learning) can improve complex sentiment analysis ability through multi-
dimensional perspectives, their shortcomings still need to be addressed. The core contra-
diction lies in the output conflict between chains: different inference chains (such as the
semantic chain and pragmatic chain) may produce contradictory judgments on the same
aspect of words and lack interaction and coordination mechanisms due to the independent
modeling of each chain. In addition, the problem of computational redundancy increases
linearly as the number of inference chains increases, which can lead to memory overflow
and inference delay in long-text scenarios. Therefore, future improvements can focus on
two aspects: firstly, building interactive inference links and achieving dynamic interaction
through inter-chain attention mechanisms or graph fusion modules. Secondly, developing
a dynamic chain selection mechanism that adaptively activates relevant inference links
based on input complexity and combines gating mechanisms or knowledge distillation
techniques to balance efficiency and performance.

6. Conclusions

Based on the characteristics of sentence structure and the effectiveness of common-
sense knowledge, this paper innovatively proposes the Multi-Chain of Thought Prompt
Learning (MC-TPL) to address the issue that the intermediate steps generated by large
language models combined with single-thought chain prompts may deviate from the core
of sentiment analysis. This framework starts from four unique dimensions of text under-
standing, carefully constructs a multi-thinking layer chain prompt template, and guides
the big language model to gradually explore and extract hidden contextual emotional clues
from different thinking perspectives, achieving incremental reasoning.

With the help of this multi-thinking hierarchical chain reasoning framework, machines
can infer contextual emotional clues hidden in the text from multiple thinking perspec-
tives, layer by layer. In the future, we will consider working from the following aspects:
(1) We will explore dynamic interactive multi-thought chain prompting methods to enhance
the deep mining of implicit information in text and thus construct a model that combines
complex semantic reasoning and emotion retrieval functions and has interpretability; (2) we
will consider starting with voting methods or using multiple thought chains to gradually
adjust feedback and carefully analyze implicit emotional cues; and (3) we plan to explore
in depth the specific application methods and interpretability of external common-sense
information and multi-thought chains and expand the relevant results to other natural
language processing task areas.
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