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Abstract—Under the context of the increasing social demand for
fine-grained sentiment analysis (SA), implicit sentiment analysis
(ISA) poses a significant challenge owing to the absence of salient
cue words in expressions. Thus, reliable reasoning is required to
understand how sentiment is evoked, enabling the identification of
implicit sentiments. In the era of large language models (LLMs),
encoder-decoder (ED) LLMs have emerged as popular backbone
models for SA applications, given their impressive text comprehen-
sion and reasoning capabilities across diverse tasks. In comparison,
decoder-only (DO) LLMs exhibit superior natural language gener-
ation and in-context learning capabilities. However, their responses
may contain misleading or inaccurate information. To accurately
identify implicit sentiments with reliable reasoning, this study in-
troduces a two-stage reasoning framework named Reasoning and
Verification for Implicit Sentiment Analysis (RVISA), which lever-
ages the generation ability of DO LLMs and reasoning ability of
ED LLMs to train an enhanced reasoner. The framework involves
three-hop reasoning prompting to explicitly furnish sentiment ele-
ments as cues. The generated rationales are then used to fine-tune
an ED LLM into a skilled reasoner. Additionally, we develop a
straightforward yet effective answer-based verification mechanism
to ensure the reliability of reasoning learning. Evaluation of the
proposed method on two benchmark datasets demonstrates that it
achieves state-of-the-art performance in ISA.

Index Terms—Implicit sentiment analysis, large language
models, multi-task learning, chain-of-thought.

I. INTRODUCTION

S ENTIMENT analysis (SA) aims to extract opinions, senti-
ments, and emotions through computational methods [1].

Nowadays, people are more inclined to express and share
their ideas about day-to-day activities and global issues online.
With the increasing demand on social media, SA has gained
significant interest considering great commercial value in ex-
ploring customer opinions or sentiments from user reviews or
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Fig. 1. Different LLMs demonstrate diverse reasoning abilities for implicit
sentiment analysis. It is conducive to detecting implicit sentiment polarities by
explicitly inferring sentiment elements as rationale but verification is required
to ensure reliability.

other sources, while also assisting learning, communication,
decision-making, and situation awareness in human-centric en-
vironments [2]. Traditionally, SA is classified into three levels:
document-level, sentence-level, and aspect-level [3]. Among
these, aspect-based sentiment analysis (ABSA) can extract fine-
grained opinions regarding a given aspect or entity. Considering
context information, ABSA can be further classified into implicit
sentiment analysis (ISA) and explicit sentiment analysis (ESA),
where ISA involves expressions that lack explicit polarity mark-
ers but still deliver human-aware sentiment polarity [4].

In 2021, Li et al. [5] split the SemEval-2014 Restaurant
and Laptop benchmarks into explicit sentiment expression and
implicit sentiment expression slices based on the presence of
opinion words, drawing attention to ISA in ABSA tasks. Fei
et al. [6] conducted pre-experiments on 20 existing sentiment
classifiers and found that traditional methods exhibit inferior per-
formance for the same implicit case. Most traditional classifiers
tend to overlook the ISA problem and address it superficially.
While humans can easily grasp real intent and perceive changes
in mood through common sense and reasoning, models typically
find it more challenging to address ISA than ESA due to limited
contextual information and insufficient reasoning skills.

With recent advancements, large language models (LLMs)
have demonstrated impressive complex reasoning abilities
with chain-of-thought (CoT) prompting [7], [8] and in-context
learning [9], driving their increased use in downstream
applications [10], [11], [12]. Zhang et al. [13] investigated the
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performance of LLMs in prompt-based inference and observed
that for tasks requiring structured sentiment outputs, such as
ABSA tasks, both DO LLMs (e.g., GPT-3.5-turbo [14]) and
ED LLMs (e.g., Flan-T5-XXL [15]) tend to underperform in
automatic and human evaluations compared to ED backbone
models (e.g., T5-Large [16]) trained with domain-specific data.
Additionally, the performance can vary significantly with the
prompt design. These observations indicate that when LLMs
are directly deployed for ISA without training, their reasoning
capacity may not be fully harnessed, resulting in suboptimal
results. THOR [6] applied CoT fine-tuning to Flan-T5 for ISA
and achieved improved performance. However, the intermediate
steps generated by Flan-T5 often lack trustworthiness, with in-
sufficient or duplicated content constrained by weak generation
capabilities. As illustrated in Fig. 1, different LLMs exhibit
varying performance in analyzing implicit sentiment toward
the aspect term “price,” given the text “a cheaper price should
not equal a ‘cheap”product.” Inferior LLMs, such as Flan-T5
in the group of encoder-decoder (ED) LLM, display excellent
comprehension and reasoning in tasks with diverse input
information but limited generation and prompt-based inference
capabilities in open-text scenarios [17]. They were predisposed
to inaccurately predict implicit sentiment in the absence of
explicit cues. Conversely, decoder-only (DO) LLMs, such as
Vicuna-13B [18] and GPT-3.5-turbo, exhibit more advanced
generation abilities and can effectively deduce sentiment
elements pertinent to the context under reasoning prompts.
However, their reliability in consistently producing accurate
or correct responses remains a concern. Furthermore, LLMs
often showcase superior performance with emergent abilities
when scaling up at a certain level [19], the direct deployment or
fine-tuning of large-scale models may be hindered by prohibitive
computational costs. To effectively discern implicit sentiment
polarities toward a specific aspect, it is essential to exploit
reliable reasoning methods for applicable backbone models.

With this motivation, this study is aimed at enhancing the
reasoning ability of ED backbone models by explicitly learning
from convincing rationales provided by DO LLMs through
synchronous verification. Specifically, we construct sentiment
elements and develop a three-hop reasoning (TH-RE) prompting
approach to guide DO LLMs in explicitly inferring sentiment
elements before determining the final sentiment. The ED model,
as the backbone, is fine-tuned based on the generated rationales
and gold labels in datasets. To ensure the quality of reasoning
learning, we introduce an answer-based verification mechanism,
which serves as an additional layer for assessing the reliability
of the rationale. This framework promotes dialectical learning,
facilitating the identification and rectification of potential inac-
curacies.

The contributions of this work can be summarized as follows:
� We propose a novel two-stage learning framework, Rea-

soning and Verification for Implicit Sentiment Analysis
(RVISA), to improve the proficiency of ED backbone
models as adept reasoners in ISA, leveraging the generative
strengths of DO LLMs.

� We introduce a straightforward yet efficacious
answer-based verification mechanism that can reliably

supervise reasoning learning, thereby improving overall
performance.

� Evaluation on two benchmark datasets demonstrates the
efficacy of the proposed method in achieving state-of-the-
art performance in ISA tasks.

II. RELATED WORK

In this work, we train a skilled reasoner using LLMs to con-
duct ISA and learn fruitful information from rationales generated
by reasoning prompts. This section outlines the existing research
on ISA and methods aimed at learning from reasoning prompts,
leveraging the emergent abilities of LLMs.

A. Implicit Sentiment Analysis

ISA has gained considerable attention in the field of SA [4],
[20]. Initial efforts were dedicated to exploring the implicit
sentiment detected at the sentence level [21], [22]. However,
with increasing social demand, scholars have recently attempted
to develop effective paradigms addressing the unique character-
istics of ISA in a more fine-grained manner at the aspect level [5],
[6], [23]. To capture implicit sentiment expressions, various
methods have been developed, which leverage additional knowl-
edge to improve the learning performance. For example, Li
et al. [5] pre-trained a model on large-scale sentiment-annotated
corpora with supervised contrastive learning objectives to align
the representation of explicit and implicit sentiment expressions.
Instead of leveraging external knowledge, Ouyang et al. [24]
realized explicit sentiment augmentation using the backbone
language model to enhance implicit classification abilities. Con-
sidering the difficulties of obtaining comprehensive knowledge
through additional means, Wang et al. [23] applied reasoning
learning under causal intervention to capture correlations within
expressions. In fine-grained SA, relationships can be defined
by four key sentiment elements, i.e., target, aspect, opinion,
and sentiment polarity [25]. These sentiments are crucial for
understanding the underlying sentiment. Given the impressive
CoT performance and in-context learning abilities of LLMs, Fei
et al. [6] introduced the THOR method with CoT fine-tuning to
guide the ED backbone model in inferring sentiment elements
step-by-step during training. In contrast, our approach aims to
address the limited generation capabilities of ED LLMs. Instead
of directly inferring the sentiment elements from backbone
models, we train ED backbone models to become proficient
reasoners by leveraging the informative rationale generated by
DO LLMs.

B. Reasoning Prompting

LLMs have demonstrated impressive complex reasoning abil-
ities with CoT prompting [7], [8]. Reasoning prompting based
on the CoT concept has been shown to enhance the zero-shot
and few-shot performance of LLMs [26], [27], [28], [29]. CoT
decomposes complex problems into smaller, manageable steps.
This principle aligns with cognitive load theory [30], which
posits that problem decomposition can reduce cognitive over-
load, allowing models to process information more effectively
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Fig. 2. Reasoning prompts applied to sentiment analysis. Left: commonly used prompting modes. Right: three-hop prompting for ISA.

and arrive at more accurate conclusions. Fig. 2 illustrates vari-
ous reasoning prompts applied to SA, including reasoning and
rationalization techniques:

a) Reasoning (RE): Hase et al. [31] introduced multi-task
learning with reasoning prompting, in which the question-
answer pairs and question-explanation pairs were simultane-
ously learned. This method encourages the model to infer an-
swers through step-by-step reasoning, allowing the explanation
to differ from the gold label.

b) Rationalization (RA): Camburu et al. [32] proposed the
concept of rationalization, which attempts to retrieve the ex-
planation for a question by explicitly giving the correct answer.
This method aims to connect the question with the gold label and
elucidate the reasoning behind the question-answer relationship.

Kojima et al. [8] revealed that LLMs are capable of incre-
mental reasoning without exemplars. By simply incorporating
the prompt “let’s think step by step” (i.e., Zero-CoT in Fig. 2),
this approach can be applied universally across various tasks.
However, the granularity of the reasoning steps generated by
Zero-CoT remains unpredictable, depending on the inherent
knowledge of the LLM and varying between models. Expanding
on this, Jin et al. [33] examined the influence of reasoning step
length in prompts and reported that maintaining a certain step
size according to the task complexity is crucial for generating a
correct response. Our method builds on these insights by incor-
porating a TH-RE strategy for constructing sentiment elements,
ensuring that critical reasoning steps are maintained.

C. Learning From Rationale

The concept of learning from explanations to enhance the
reasoning abilities of the training model has been explored in
various fields [10], [11], [12], [34]. LLMs are capable of validat-
ing their responses with reasonable intermediate steps [7], [8].
Moreover, rationales can be used as demonstrations [26] or ad-
ditional fine-tuning data [10], [35], [36] to improve the learning
performance. Considering the high training cost associated with
LLMs, rationales can also serve as valuable supervised signals
for smaller, task-specific models, which are easier to deploy [11],
[12], [34], [37]. However, some approaches [12] directly kept the

answer generated by LLMs as supervision signals, overlooking
potential errors. Other methods [34] reorganized rationale sets
based on answer-based filtering to reduce error learning, yet
misleading information may persist. In contrast, our approach
retains informative rationales throughout the learning process.
To alleviate the negative effect of inaccurate rationales, we
incorporate an answer-based verification mechanism as an addi-
tional supervision signal for multi-task learning. This innovative
strategy not only preserves the valuable information within the
rationales but also leverages them to refine the learning process
with both positive and negative signals.

In summary, we introduce a novel two-stage framework,
RVISA, that effectively combines the strengths of ED and DO
LLMs to enhance reasoning performance. RVISA uniquely in-
tegrates TH-RE for rationale generation with an answer-based
verification mechanism, resulting in more reliable reasoning
learning for ISA.

III. TWO-STAGE REASONING FRAMEWORK

Fig. 3 illustrates the proposed RVISA framework, which
aims to enhance the reasoning ability of ED models while
incorporating an answer-based verification mechanism for rea-
soning refinement during model learning. In the initial stage,
DO LLMs are used to generate insightful rationales and predict
labels through the TH-RE prompting approach. Subsequently,
verification signals are derived based on the correctness of LLM
prediction labels. In the second stage, the generated rationales
are used for multi-task fine-tuning on an ED backbone model.
To ensure the reliability of the generated rationales, we imple-
ment a straightforward yet effective answer-based verification
mechanism with an additional task supervised by the verifica-
tion signals to facilitate self-revision during reasoning learning.
Different tasks are distinguished by task-specific prefixes. By si-
multaneously training on reasoning rationales, self-verification
signals, and annotated gold labels, the model can learn to under-
stand the underlying logic and relationships among sentiment
elements that govern implicit sentiment prediction.
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Fig. 3. Overview of proposed two-stage reasoning framework RVISA. Left: rationale generation stage leveraging the DO LLM to generate effective rationales
and corresponding answer-based verification signals. Right: multi-task fine-tuning stage for training an ED backbone model as an enhanced reasoner with additional
explanation tasks along with verification supervision.

A. Problem Definition

Consider an SA task including ESA and ISA, with a
datasetD = (xi, yi)

N , where 1 ≤ i ≤ N , xi represents an input
sentence serving as a data example. Within each sentence xi,
an aspect term ti is identified, denoted as ti ⊂ xi. The rele-
vant sentiment elements consist of aspect ai, opinion oi, and
sentiment polarity yi. The objective of the task is to infer the
sentiment polarity yi toward the aspect term ti, given the input
sentence xi and the specified aspect term ti. In the conventional
prompting approach for direct fine-tuning, the LLM predicts the
sentiment polarity ŷi solely through ŷi = argmaxp(yi|xi, ti),
without incorporating the intermediate sentiment elements. This
approach potentially limits the ability of models to capture the
sentiment nuances within the text.

B. Rationale Generation

To improve the generation of informative rationales, we
prompt DO LLMs to generate intermediate steps during the
inference of implicit sentiments. Sentiment elements are essen-
tial in directing the inference process for understanding how
the sentiment is evoked as they contribute to a complete SA
picture. Therefore, we design a three-hop (TH) prompting ap-
proach, as illustrated in Fig. 2, which deviates from conventional
prompting modes. The objective of this design is to emphasize
the extraction of strongly correlated sentiment elements in the
reasoning process. Moreover, this design helps standardize the
generative structure, facilitating improved learning of patterns
and interconnections among rationales. The details of the TH
prompting are explained as follows.

a) Three-hop Reasoning (TH-RE): Fine-grained SA involves
analyzing key sentiment elements, i.e., the target, aspect,
opinion, and sentiment polarity [25]. Various approaches exist
for solving these individual subtasks or their combinations,
collectively contributing to a comprehensive SA framework.
To address the complexity of the task holistically, it is essential
to consider the components systematically and tackle them

incrementally. THOR [6] designed a prompting method
based on CoT to explicitly infer sentiment elements by
three-step generation during model fine-tuning. However,
the prompting for each step was inferred separately for each
sentiment element at a time, with the results concatenated as
context information for the subsequent step without further
validation.

In the proposed approach, we leverage a structured design that
explicitly presents sentiment elements in a natural language se-
quence to construct a TH-RE prompt. This approach highlights
the causal relationships among sentiment elements and the final
sentiment polarity prediction in a single iteration.

As shown in the template below, we incorporate sentiment
elements as cues at the end of “let’s think step-by-step,” guiding
the language model to generate reasoning steps aligned with
the understanding of the sentiment elements and then infer
the sentiment polarity. DO LLMs are expected to predict the
explanation as êi = argmaxp(ei|xi, ti), where âi, ôi, ŷi ⊂ êi.

Given the sentence xi, what is the sentiment polarity
towards ti, why? Let’s think step by step. The mentioned
aspect towards ti is about... The underlying opinion towards
ti is about... Therefore, the sentiment polarity towards ti is...

b) Three-hop Rationalization (TH-RA): We adapt the TH-RE
framework with rationalization to establish three-hop ratio-
nalization (TH-RA) prompting. Specifically, the gold label is
provided as the reference, which prompts the LLMs to eluci-
date the annotated sentiment label through a systematic and
step-by-step inference process guided by sentiment elements.
DO LLMs are expected to predict the explanation as êi =
argmaxp(ei|yi, xi, ti), where âi, ôi, ŷi ⊂ êi.

Given the sentence xi, the sentiment polarity towards ti
is yi, why? Let’s think step by step. The mentioned aspect
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towards ti is about... The underlying opinion towards ti is
about... Therefore, the sentiment polarity towards ti is...

C. Multi-Task Fine-Tuning

We apply multi-task fine-tuning to simultaneously learn the
rationales generated by the LLM and the annotated labels. Given
the dataset D = {(xi, yi)}N , where 1 ≤ i ≤ N , we generate an
explanation ei to serve as a rationale for each inputxi, as outlined
in Section III-B. Each explanation ei encompasses a generated
label ŷi from the LLM, denoted as ŷi ⊂ ei. Subsequently, we
construct a new dataset Dexp = {(xi, ei)}N , where 1 ≤ i ≤ N .
The objective during the training phase is to effectively leverage
the generated content and learn from two distinct tasks: an expla-
nation task that uses data from Dexp and a prediction task har-
nessing data from the original datasetDpre = D = {(xi, yi)}N ,
where 1 ≤ i ≤ N . To enhance the reasoning performance, we
incorporate an answer-based verification mechanism within the
existing multi-task learning framework. This mechanism en-
hances the learning process by providing verification signals
for additional-task learning. This mechanism is explained in the
subsequent Section III-C2.

1) Learning With Rationale: To train proficient reasoners,
we use multi-task learning and divide the learning task into
explanation and prediction subtasks. The explanation task tends
to furnish the rationales based on the input sample and task
objective, while the prediction task focuses solely on inferring
sentiment polarity. Through the implementation of multi-task
learning, the training phase incorporates the losses associated
with both explanation and prediction tasks. The loss function is
delineated as follows, where Lexp and Lpre denote the losses
for the explanation and prediction tasks, respectively:

Lloss = αLexp + (1− α)Lpre (1)

where the prediction Lpre aims to minimize the cross-entropy
loss for label prediction:

Lpre =
1

N

i=1∑
N

�CE(ŷi, yi) (2)

while the explanation loss Lexp minimizes the generation loss
for the rationale, with subtle distinctions between reasoning
(RE) and rationalization (RA) scenarios.

RE : Lexp =
1

N

i=1∑
N

�CE(f(xi, ti), êi) (3)

RA : Lexp =
1

N

i=1∑
N

�CE(f(xi, ti, yi), êi) (4)

The objective is to equip the model with strong explanation and
prediction capabilities, thereby enhancing its reasoning ability.
However, during the inference phase, only the prediction task is
executed for evaluation to optimize the inference efficiency and
mitigate computational costs.

2) Reasoning With Verification: If the rationale generated by
an LLM is directly used without any post-filtering processes,
error patterns may be introduced, which can degrade the perfor-
mance of multi-task fine-tuning. In prior studies, answer-based
filtering has been used to improve the rationale quality. For
example, [34] removed the incorrect rationales obtained through
RE prompting based on the final prediction and replaced them
with the rationales generated through RA prompting to com-
plete the final rationale set for training. [10] demonstrated that
answer-based filtering can be compensated by using diverse
reasoning paths and retaining only the rationales leading to the
correct answer. In the proposed approach, we preserve the sets
of rationales generated by the LLM by introducing a verifica-
tion signal to facilitate further analysis of the rationale quality
within the multi-task learning framework. This is achieved by
incorporating an additional task for verification.

Specifically, we leverage the rationale set generated by our
TH-RE prompting and introduce an answer-based verification
mechanism guided by the prediction label ŷi from the LLM
and the ground truth annotation yi. Rationales leading to the
correct answer label are deemed to be superior and more useful
compared with those resulting in incorrect answer labels. Based
on this premise, we execute the prompting using the following
template:

Given the rationale ei, please verify whether the above-
given rationale is reasonable. Return True or False.

To generate the verification signal vi, we validate the reason-
ing rationales that successfully yield the correct answer, while
incorrect rationales are labeled as False, indicating a need for fur-
ther refinement. However, LLMs with larger parameter scales,
such as GPT-3.5-Turbo, tend to produce ambiguous answers
containing dual polarities when faced with uncertainty in making
a final judgment. Therefore, we establish the verification signal
vi based on the following criteria:

{
if ŷi ⊂ {ŷi(t1), ŷi(t2)}: ŷi = ŷi(t1)
if ŷi = yi: vi is True

(5)

For cases where the rationale presents two polarities, ŷi(t1)
and ŷi(t2), where t2 > t1, answer-based verification is per-
formed on ŷi(t1) based on the first-come-first-served (FCFS)
rule. This is because the label generated earlier is considered to
have a higher likelihood in the context of the next token gener-
ation. Then, the revised loss function incorporating verification
signals is formulated as follows:

Lloss = αLexp + γLver + (1− α− γ)Lpre (6)

where α and γ are weighting coefficients assigned to the ex-
planation and verification tasks, respectively. These coefficients
are determined through grid search on the validation set, as dis-
cussed in Section IV. The verification loss is defined considering
the answer-based validation outcome under the supervision of



LAI et al.: RVISA: REASONING AND VERIFICATION FOR IMPLICIT SENTIMENT ANALYSIS 1765

TABLE I
COMPARISON OF THE PROPOSED APPROACH WITH BASELINE METHODS ON RESTAURANT AND LAPTOP DATASETS

the verification signal:

Lver =
1

N

i=1∑
N

�CE(f(ei), v̂i) (7)

IV. EXPERIMENTS

A. Setup

We evaluate the performance of the proposed framework us-
ing the Restaurant and Laptop datasets from SemEval-2014 [38].
To test the ISA performance, we follow the prior works utilizing
datasets that are labeled with explicit and implicit tags [5]. To
generate effective rationales conducive to reasoning learning, we
use DO LLMs, Vicuna-13B [18] and GPT-3.5-turbo [14] in the
first stage for rationale preparation. Considering the impressive
performance of ED models in understanding input information
and comprehension among different tasks, Flan-T5 [15] is used
as the backbone LLM in the multi-task fine-tuning stage. Dif-
ferent sizes of Flan-T5 are considered, ranging from the base
model (250 M) to the XXL model (13B). We compare the
proposed approach against seven state-of-the-art baseline meth-
ods: BERT+SPC [39], BERT+ADA [40], BERT+RGAT [41],
BERTAsp+CEPT [5], BERTAsp+SCAPT [5], THOR [6], and
ABSA-ESA [24]. Among these, THOR [6] used CoT prompting
with three-step generation. Unlike this method, we use a multi-
task learning framework during training while directly inferring
the final prediction during inference. To identify the optimal
hyperparameters in the training loss, a grid search is performed
using the validation set to determine the final values of α and
γ. Without verification supervision, the best results are obtained
withα = 0.5, using explanation and prediction tasks alone. With
verification supervision, we achieve the highest performance
when α = γ = 0.3. Thus, all subsequent experiments adopt this
hyperparameter setting.

B. Main Results

a) RVISA outperforms baselines: The main results comparing
RVISA and baseline methods are demonstrated in Table I, using
accuracy and macro-F1 score as the evaluation metrics. As
THOR [6] did not report the accuracy outcomes for implicit
sentiment, we rerun the results based on the provided source
code. RVISA significantly outperforms the baseline methods, re-
gardless of whether learning is accomplished using Vicuna-13B
or GPT-3.5-turbo. This result highlights the efficacy of learning
within the proposed two-stage reasoning framework.

b) Strong teachers enhance learning quality: Training
RVISAg with GPT-3.5-turbo leads to enhanced reasoning capa-
bilities in implicit sentiment inference compared with training
RVISAv using the rationales generated by Vicuna-13B. This
disparity is attributable to the superior common sense knowledge
and reasoning prowess exhibited by GPT-3.5-turbo, which yields
higher quality rationales that help enhance the reasoning abilities
of the Flan-T5 backbone model. However, the base-size back-
bone model (250M) is inferior to some baseline methods due to
its limited generation capacity to leverage the rich knowledge
derived through in-context learning.

c) Explicit rationales facilitate implicit reasoning: We
compare our method with THOR, which was built upon a
chain-of-thought strategy. Instead of eliciting the reasoning
ability of the language model through sequential three-step
prompting during training, the proposed method explicitly
yields the rationales that are then used as informative resources,
along with an answer-based verification mechanism to ensure
the learning quality. The comparative results are depicted in
Table II. RVISA demonstrates superior performance over THOR
in terms of the F1 score for ISA, while maintaining competitive
results overall. This observation underscores the effectiveness
of RVISA in learning implicit sentiment through reasoning tasks
and adeptly capturing implicit relationships among instances.
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TABLE II
COMPARISON OF THE PROPOSED APPROACH WITH THOR [6]

TABLE III
ABLATION STUDY OF THREE-HOP PROMPTING (TH) AND VERIFICATION (VE)

BASED ON F1 SCORE METRIC

Although THOR claimed that three-step generation during fine-
tuning can enhance the reasoning power of the backbone model,
the re-run result demonstrates limited improvement in F1 scores.
This suggests that the vulnerability of THOR in performing
prompt-based inference depends on the capabilities of backbone
models (i.e., Flan-T5 [15]) only. In contrast, our method
prioritizes effective learning from high-quality sentiment
information and closely related tasks, offering a more coherent
and justifiable approach to achieving high performance in ISA.

C. Ablation Study

We conduct an ablation study on the three-hop (TH) prompt-
ing and verification mechanism (VE) components, the results
of which are summarized in Table III. The results include the
F1 scores in both overall and implicit sentiment scenarios. The
findings indicate that removing the verification mechanism leads
to performance degradation in both cases, with a more significant
decline of over one point observed in the implicit sentiment
results. This highlights the critical role of verification signals in
reasoning learning from LLMs, as the answer-based verification
mechanism aids the backbone model in identifying potential
errors or unreasonable attributes during multi-task learning.

The performance further deteriorates when CoT prompting is
degraded from TH-RE to RE prompting alone, without using the
sentiment elements to guide rationale generation. This perfor-
mance deterioration is observed in both implicit and general sce-
narios. Moreover, this observation remains consistent regardless
of whether the rationales are generated by Vicuna-13B or GPT-
3.5-turbo, indicating that, irrespective of generation quality, the
three-hop prompting plays a pivotal role in steering the correct

Fig. 4. Overall F1 score for different hyperparameter settings on the two
datasets, using rationales generated by GPT-3.5-turbo. The experiments are
conducted on the validation set.

direction of reasoning for ISA. Although the performance degra-
dation without TH-RE prompting is less pronounced compared
with that in the absence of the verification mechanism, their
contributions are mutually reinforcing and non-negligible. This
combined effect reflects the essence of multi-task learning,
where tasks are strongly related and complement each other.

D. Influence of Hyperparameters

In our experiments, α and γ are set as 0.3 based on a grid
search conducted on the validation set. Fig. 4 illustrates the
influence of various hyperparameter configurations on the two
datasets. We set the granularity of weights as 0.1 and examine
the changes in the overall F1 score on the validation set. Both the
base-size and large-size models achieve optimal performance on
the two datasets when α = γ = 0.3. This result underscores the
critical interplay between rationale generation and verification,
suggesting that a balance between the two aspects enhances the
reliability of reasoning learning. When either α or γ is set to
a higher value, the prediction task is assigned a smaller weight
and may lose its dominant position, resulting in a more rapid
decline in prediction performance. When either α or γ is set
to a lower value, one of the explanation and verification tasks
exerts less influence, weakening their joint auxiliary effect on
the prediction task. These effects are particularly pronounced
in larger models, which exhibit a greater capacity for reasoning
and understanding, rendering them more sensitive to variations
in hyperparameter settings.

E. Further Analysis

a) Influence of prompting method: To investigate the influence
of diverse prompts, we conduct training experiments using
rationales generated by Vicuna-13B with various prompting
methods, including RE, Zero-CoT, TH-RE, and TH-RA, as
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Fig. 5. Influence of rationale and model size on implicit F1 score. The dashed horizontal line represents the best result of THOR re-run with the Flan-T5-XXL
(11B) model on the implicit dataset.

depicted in Fig. 2. We compare the results obtained using RVISA
and THOR, as shown in Fig. 5, where RVISA is enhanced by
TH-RE prompting with the verification mechanism. The model
trained with TH-RA demonstrates the second-best performance
as rationalization helps leverage the gold labels as context infor-
mation to elucidate the underlying logic. This approach facili-
tates the generation of more reasonable rationales that lead to
correct answers. Consequently, TH-RA generally outperforms
TH-RE without verification, as TH-RE may produce more un-
reasonable responses, resulting in incorrect answers. However,
RVISA consistently outperforms both TH-RA and TH-RE, sug-
gesting that the language model, when trained under verification
signals, can leverage erroneous or irrational attributes present in
TH-RE-generated rationales. This approach can effectively use
LLM-generated labels as an additional verification factor. Fur-
thermore, rationales generated using RE and Zero-CoT methods
lag behind three-hop prompting in most scenarios, underscoring
the effectiveness of the proposed prompting approach in structur-
ing coherent rationales and extracting highly relevant sentiment
elements within the three-hop prompting framework.

b) Influence of model size: Fig. 5 illustrates the influence of
backbone model size on reasoning learning. For the Restaurant
dataset, smaller models (i.e., base and large) exhibit marginal
performance improvements under the verification mechanism,
indicating limited capacity to benefit from prompt-based in-
ference within the multi-task framework. As model size in-
creases, the combined benefits of the verification mechanism
and TH-RE prompting become evident, widening the perfor-
mance gap compared with the second-best TH-RA method.
Notably, with large-size (770 M) models, RVISA achieves su-
perior performance over the best result of THOR trained with
the Flan-T5-XXL (11B) model on both Restaurant and Laptop
datasets, showcasing the efficacy of our method in enhancing
reasoning abilities for pre-trained models. For the XXL (11B)
size, TH-RE, TH-RA, and RVISA outperform THOR in implicit

Fig. 6. Error analysis for two datasets with rationales generated by GPT-3.5-
turbo. The error ratio refers to the proportion of the number of error types to the
total number of error instances.

sentiment prediction, with similar trends observed for the Laptop
dataset. All prompting methods with XXL-size models under the
multi-task learning framework surpass the best result of THOR,
emphasizing the effectiveness of our proposed framework and
the scaling effect on the learning capabilities of the trained
model.

c) Error Analysis: The proposed method demonstrates su-
perior ISA performance compared with the baselines. To fur-
ther explore the errors, we calculate the error ratio considering
sentiment types, including explicit and implicit, and their rela-
tionships with the corresponding sentiment labels. The results
are shown in Fig. 6, with the rationales generated from GPT-
3.5-turbo. For the Laptop dataset, errors in neutral predictions
within the explicit dataset exceed those in the implicit dataset,
leading to higher F1 scores for the implicit dataset compared
with the overall dataset. Conversely, in the Restaurant dataset,
the error ratio associated with neutral predictions in the implicit
dataset is higher than that for the original dataset. This observa-
tion underscores the significant influence of neutral sentiment
distribution on error distribution patterns. Moreover, the ratio of
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TABLE IV
REASONING (RE) PROMPTING COMPARED WITH THREE-HOP REASONING

(TH-RE) PROMPTING FOR GPT-3.5-TURBO MODEL

incorrect predictions pertaining to neutral polarity exceeds 60%.
This suggests the nuanced challenges associated with accurately
discerning neutral sentiments in SA tasks, highlighting the need
for further refinement and optimization in model training and
inference processes.

F. Case Study

Table IV presents the results of a case study to demonstrate the
effectiveness of TH-RE prompting, with the rationales generated
using GPT-3.5-turbo with diverse prompting methods. Under
the RE prompt, the LLM decomposes the problem into four
fine-grained steps, leveraging its own pre-trained knowledge.
However, despite additional inference steps, the prediction is
the complete opposite of the gold label. In contrast, with the
guidance of TH-RE prompting, the rationale follows the gener-
ation format specified in the prompting template, which is more
concise and structured. This leads to more accurate inference of
the sentiment elements, enhancing the final generation.

Fig. 7. Analysis of wrong and ambiguous predictions for Vicuna-13B and
GPT-3.5-turbo, with ambiguous referring to multiple uncertain predictions in
the rationale.

TABLE V
EFFECT OF DIFFERENT LLMS ON LEARNING PERFORMANCE

V. DISCUSSION

We propose a two-stage reasoning framework, RVISA, to
learn effectively and reliably from the rationales generated by
DO LLMs for ISA. Results of extensive experiments demon-
strate that RVISA can enhance the reasoning and learning abili-
ties of ED models under verification supervision. As outlined in
this section, we investigate the effects of different LLMs on ra-
tionale generation and discuss alternative choices for multi-task
learning. Moreover, we identify the limitations of the proposed
approach and highlight potential extension directions of the
RVISA framework for application in other tasks within this field.

A. Rationale Generation

a) Vicuna-13B versus GPT-3.5-turbo: To assess the quality
of rationales generated from Vicuna-13B and GPT-3.5-turbo,
wrong and ambiguous predictions are analyzed, as illustrated
in Fig. 7. In both Restaurant and Laptop datasets, Vicuna-13B
exhibits a slightly higher count of incorrect predictions com-
pared with GPT-3.5-turbo. This suggests that stronger models
such as GPT-3.5-turbo demonstrate a superior capability to
generate higher-quality rationales, leading to more accurate final
predictions. However, the percentage of ambiguous predictions
originating from GPT-3.5-turbo exceeds that of Vicuna-13B,
which indicates that the more powerful model exhibits a greater
tendency to generate uncertain expressions rather than provide
definitive judgments when deciphering the nuanced sentiment.
This aspect also highlights the inherent challenge in capturing
subtle nuances in sentiment within constrained contextual infor-
mation.

b) GPT-4o: We investigate the potential benefit of using a
more advanced LLM. Table V demonstrates the performance
evaluation with GPT-4o compared with both Vicuna-13B and
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GPT-3.5-turbo. GPT-4o not only surpasses Vicuna-13B but also
consistently outperforms GPT-3.5-turbo across both datasets,
which supports the observation that strong teachers enhance
the learning quality. This result underscores the effectiveness
and robustness of the RVISA framework in leveraging more
advanced LLMs to enhance reasoning learning.

B. Multi-Task Learning

Multi-task learning has gained significant traction in natural
language processing tasks, including SA [42], [43], [44]. Re-
cent multi-task learning methods can be categorized into joint
training and multi-step training [45]. Joint training involves a
single model with shared parameters and representations across
multiple tasks, while multi-step training includes task-specific
components, where the input for some tasks is contingent upon
the outputs or hidden representations of preceding tasks. The
choice of training methods is largely influenced by task related-
ness [45]. RVISA utilizes the classical joint training technique to
perform multi-task fine-tuning on ED LLMs, effectively lever-
aging both explanation and verification tasks. During multi-task
learning optimization, a weighted sum of the losses from each
task is typically minimized, which can increase the computa-
tional cost, as it requires updating parameters for all tasks, as
is the case with RVISA. Given that the parameters in many
multi-task learning models can be divided into distinct blocks,
it is feasible to alternatively optimize each block while keeping
the parameters constant in other blocks [46]. Future work could
explore various training and optimization techniques within the
multi-task learning framework to promote the application of
RVISA.

C. Limitations

In this study, we propose a straightforward yet effective
answer-based verification mechanism to enhance the overall per-
formance in SA. This mechanism plays a vital role in the RVISA
framework, underscoring its significance in reasoning learn-
ing. While the current answer-based verification mechanism
demonstrates effectiveness, there remains potential for further
enhancement through the exploration of alternative verification
modes or the incorporation of additional pertinent factors. This
avenue for future research paves the way for more nuanced
and reliable SA. Additionally, the three-hop prompting method
proves instrumental in generating effective rationales by deduc-
ing sentiment elements. However, this approach is manually
designed based on prior research, which may render further opti-
mization challenging. Given the evolving landscape of advanced
techniques focused on optimizing prompts for LLMs, it remains
unclear whether the prompt can be generated automatically or
optimized through the utilization of soft prompts. This presents
a promising direction for further exploration.

D. Extension

In the realm of SA, subjective text analysis (STA) extends
beyond sentiment classification and ABSA to recognize and
understand a broader range of human emotional states [13],

[47]. Specifically, STA encompasses a wide spectrum of tasks,
such as suicide tendency detection, hate speech detection, and
sarcasm detection [48], all of which aim to uncover underlying
emotional states. However, these tasks address distinct nuances
of sentiment expression compared with ISA, delving into the
complexities of user intention and attitude conveyed through
textual information. For instance, sarcasm detection often entails
a deliberate inversion of meaning, where the literal interpretation
contradicts the intended sentiment. Understanding this relation-
ship paves the way for extending our approach to encompass
tasks within STA. By adapting the TH-RE prompt to incorporate
the unique characteristics of sarcastic expressions, we can extend
the RVISA framework to effectively reason about sarcasm de-
tection with minimal adjustments. Furthermore, exploring more
fine-grained verification mechanisms could enhance the model
capacity for complex reasoning. Future research may investigate
the integration of STA tasks within our framework, which holds
promise for broadening the applicability and effectiveness of
RVISA in analyzing intricate sentiment dynamics.

VI. CONCLUSION

In conclusion, this study sheds light on ISA in the era of LLMs
and proposes a novel two-stage reasoning learning framework,
RVISA, which incorporates reasoning and verification for ISA
tasks. By leveraging the generative prowess of DO LLMs, the
proposed framework enhances the reasoning capabilities of ED
backbone models. The utilization of TH-RE prompting facili-
tates the explicit generation of cues guided by sentiment element
construction, which is conducive to reasoning learning. Through
a straightforward and effective answer-based verification mech-
anism, we ensure robust and reliable reasoning learning to
further improve the proficiency of the ED backbone model in
inferring implicit sentiment. Comprehensive experiments on two
benchmark datasets demonstrate that the proposed framework
achieves state-of-the-art performance in ISA tasks.
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