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Abstract

Aspect-Based Sentiment Analysis (ABSA) aims to identify the sentiment
polarity associated with specific aspects mentioned in review texts, such as
service, food, or price in restaurant reviews. Unlike conventional sentiment
classification that focuses on overall opinion at the sentence or document
level, ABSA requires fine-grained analysis to capture how evaluative expres-
sions relate to individual aspects. By uncovering aspect-level opinions, ABSA
enables more precise understanding of user attitudes, supporting applica-
tions such as product improvement, market monitoring, and decision-making
based on detailed customer feedback. Despite the success of deep neural ar-
chitectures and pre-trained language models, ABSA systems remain highly
domain-dependent. When an ABSA model trained on a source domain such
as restaurant, its performance often degrades on another different domain
like laptop, because two different domains usually vary significantly in vo-
cabulary, sentiment expressions, and aspect semantics.

To address this issue, domain adaptation has been extensively studied
to enable knowledge transfer across domains. However, conventional ap-
proaches typically assume the availability of labeled target-domain data dur-
ing training, which is often unrealistic in practical scenarios. Furthermore,
they overlook the fact that aspect-level variation itself can serve as an addi-
tional dimension of domain shift. Different aspects within a single domain,
such as service and price, follow distinct linguistic patterns and sentiment dis-
tributions. Consequently, achieving robust adaptation requires a framework
capable of transferring sentiment–aspect knowledge not only across domains
but also across aspects within a domain.

In this dissertation, we investigate two complementary adaptation sce-
narios designed to overcome these challenges, each reflecting a different level
of data availability and generalization difficulty. The first, referred to as
Unsupervised Domain Adaptation (Scenario A), assumes that labeled tar-
get data are not accessible during training, but unlabeled target data are
available. In this scenario, the domain boundary is redefined from the con-
ventional dataset-based perspective to an aspect-oriented one, in which each
aspect (such as service, food, or price) is treated as a domain. The key
challenge lies in transferring sentiment knowledge from labeled source aspect
to unlabeled target aspect, where linguistic expressions and sentiment ten-
dencies vary considerably. The second scenario is called Domain-Agnostic
Adaptation (Scenario B), which removes the dependence on target-domain
data entirely. Here, the model is trained only on labeled data from multiple



source domains, and generalize to unseen target domains. This formulation
represents a more extreme yet realistic condition where no target data, even
unlabeled, are available in advance. The focus of this setting is to build a
system that can internalize aspect-level knowledge and apply it universally.
To tackle these two scenarios, this dissertation proposes two complementary
frameworks tailored to each setting.

In Scenario A, where unlabeled target-aspect data are available, each as-
pect is regarded as a distinct domain, and the goal is to transfer sentiment
knowledge from labeled source domain to unlabeled target domain. The pro-
posed framework is divided into two methods for training data construction:
Pseudo-Label assignment for unlabeled target domain data and Cross-Aspect
Review Generation (CARG). Specifically, a base classifier that fine-tuned on
the labeled source domain is trained, and is used to predict the sentiment of
unlabeled target domain. Reviews whose maximum class probability exceeds
an empirically determined threshold are accepted as reliable pseudo-labeled
instances. In the CARG stage, labeled target reviews are automatically gen-
erated by replacing sentiment words and keywords in sentences of the source
domain. Finally, the labeled data constructed by these two methods are
used to train a classifier for determining the polarity of the aspects in the
target domain. Experiments on several aspect domains from restaurant and
laptop dataset demonstrate improved accuracy and macro-F1 scores of po-
larity classification. Additional analyses are conducted on threshold selection
for pseudo-labeling and sentiment word scoring, and qualitative examples of
valid and invalid generations.

In Scenario B, where no target-domain data are available during training,
this dissertation proposes an Aspect-Enhanced Prompting (AEP) framework
for domain-agnostic adaptation in aspect sentiment classification. The pro-
posed AEP framework is based on two generative language models: one
generates a prompt from a given review, while the other follows the prompt
and classifies the sentiment of an aspect. The first model extracts Aspect-
Related Features (ARFs), which are words closely related to the aspect,
from the review and incorporates them into the prompt in a domain-agnostic
manner, thereby directing the second model to identify the sentiment accu-
rately. Our framework incorporates an innovative rescoring mechanism and
a cluster-based prompt expansion strategy. Both are intended to enhance the
robustness of the generation of the prompt and the adaptability of the model
to diverse domains. The results of experiments conducted on five datasets
(Restaurant, Laptop, Device, Service, and Location) demonstrate that our
method outperforms the baselines, including a state-of-the-art unsupervised
domain adaptation method. The effectiveness of both the rescoring mech-
anism and the cluster-based prompt expansion is also validated through an
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ablation study.
KeyWords: aspect-based sentiment analysis, unsupervised domain adap-

tation, multi-source domain adaptation, data argumentation, text generation
model, prompt engineering
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Chapter 1

Introduction

1.1 Research Background

In recent years, e-commerce platforms and review sharing websites in do-
mains such as restaurant and consumer electronic have experienced rapid
growth, with users and customers actively posting their opinions on a wide
range of products and services. The increasing volume of user-generated re-
views offers significant potential for understanding customer attitudes, while
at the same time presenting methodological challenges for analysis. As a
result, considerable research has been directed toward the analysis of opin-
ions expressed in such reviews. Within this research background, sentiment
analysis has emerged as a key task, aiming to categorize user opinions into
sentiment polarity such as positive, negative, and neutral.

Sentiment analysis, has been extensively investigated in the field of nat-
ural language processing (NLP) [34, 46]. Its primary objective is to deter-
mine the sentiments or opinions expressed within a given text. Traditional
approaches mainly target document-level sentiment classification, where an
overall sentiment polarity is assigned to a multi-sentence review [47, 45, 38,
61]. Although such document-level sentiment analysis can provide a general
understanding of user attitudes, it often ignores the fact that a single re-
view may contain multiple opinions on various aspects, which may even be
conflicting.

To overcome this limitation, subsequent research has extended to sen-
timent analysis to the sentence level, where each sentence in a review is
assigned an independent sentiment label. Sentence-level sentiment classifica-
tion has been widely studied using both traditional machine learning models
and neural approaches, ranging from early dependency-based methods [42]
to benchmark datasets such as the Stanford Sentiment Treebank [57] and
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neural architectures like convolutional networks [26]. Despite these signif-
icant advances, sentence-level sentiment analysis still cannot fully capture
the diversity of opinions in a single sentence. For instance, considering a
sentence like “The laptop design is good, but the battery life is unsatisfac-
tory,” the sentiment towards design is positive, while the sentiment toward
battery life is negative. This limitation has motivated the development of
Aspect-Based Sentiment Analysis (ABSA), a fine-grained task that aims to
classify the sentiment polarity expressed toward a particular aspect within a
sentence [49].

ABSA is typically formulated as a combination of two subtasks: aspect
term extraction (ATE) and aspect sentiment classification (ASC) [84]. ATE
identifies and extracts explicit aspects or opinion targets mentioned in a
review, while ASC determines the sentiment polarity expressed toward each
identified aspect. Despite many NLP methods and algorithms for ABSA have
undergone remarkable advances, many significant challenges remain. One
of the most critical issues is the reliance on large-scale annotated data for
each aspect or domain. Since the vocabulary and sentiment expressions differ
greatly across domains, models trained on one domain often experience severe
performance deterioration when applied to an out-of-distribution domain.
This deterioration can be attributed to the fact that most NLP algorithms
assume that the training and test data are drawn from the same underlying
distribution [52]. Consequently, there remains a considerable gap between
current ABSA research and its real-world deployment, where annotated data
for new domains or aspects is often scarce or entirely unavailable.

Domain Adaptation (DA) addresses the domain shift problem by enabling
NLP algorithms to adapt to out-of-distribution domain. Traditional DA re-
search in NLP has primarily focused on supervised approaches, in which a
small amount of labeled data from the target domain is combined with a
large quantity of labeled data from the source domain [3, 44]. Although such
approaches improve transferability from source to target domains, acquiring
labeled data in the target domain requires substantial manual effort. To
alleviate this issue, Unsupervised Domain Adaptation (UDA) has been ex-
tensively studied, where unlabeled data from the target domain is leveraged
to enhance generalization [52]. However, most UDA methods assume that
the target domain is at least known and accessible during training, even if its
labels are unavailable. This assumption does not always hold in real-world
scenarios. For example, when a new product or service is released, customer
reviews for it have not yet been accumulated, meaning that even unlabeled
data from the target domain may be unavailable. In such cases, a company
may still wish to automatically analyze the opinions of pioneer customers,
but the model’s generalization ability can be severely limited when confronted
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with entirely unseen domains. A more challenging but relatively underex-
plored setting of DA is thus to adapt models to any possible unknown target
domains that are not available during training, a scenario often referred to
as domain generalization.

Another important challenge is the imbalance of sentiment labels across
domains. In many benchmark datasets, positive instances substantially out-
number neutral or negative ones, which makes it difficult for models to
learn robust decision boundaries for the underrepresented classes, especially
the neutral category. The neutral class is often ambiguous and context-
dependent, leading to annotation inconsistencies and degraded classification
accuracy. Addressing such imbalance is critical for building reliable ABSA
systems that perform consistently across diverse domains.

These limitations highlight the need for approaches that can generalize
across domains and aspects, even under conditions of limited or missing
supervision in the target domain. To address this gap, this dissertation
explores domain adaptation for ABSA under two complementary scenarios:
(1) UDA, where unlabeled target-domain data is available, and (2) domain-
agnostic adaptation, where the target domain is entirely unknown during
training.

1.2 Research Goals

The overall goal of this dissertation is to address the domain shift problem in
the ASC by systematically investigating how models can adapt to different
levels of target-domain availability. In real-world applications, sentiment
analysis systems may encounter two representative scenarios:

• Scenario A (Unsupervised Domain Adaptation, UDA): The
target domain is available in the form of unlabeled data. This setting
allows models to exploit domain-specific distributions without relying
on any annotated labels. It reflects scenario where sufficient customer
feedback has accumulated, but manual labeling is infeasible.

• Scenario B (Domain-Agnostic Adaptation): The target domain
is completely unknown during training. In this case, models must gen-
eralize to unseen domains without any target-domain supervision, a
setting that reflects real-world scenario such as the release of a new
product or service with no prior reviews.

By jointly exploring these two complementary scenarios, this dissertation
provides a unified perspective on domain adaptation for ABSA, spanning
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both data-limited and data-absent scenarios. Our contributions can be sum-
marized as follows.

• We consider two representative scenarios in domain adaptation for
ABSA. We address the domain shift problem in ABSA by explicitly
studying two realistic settings: (1) Unsupervised Domain Adaptation,
where unlabeled target-domain data is available; and (2) Domain-
Agnostic Adaptation, where the target domain is entirely unseen during
training. To the best of our knowledge, the latter setting has not been
actively studied in terms of ABSA.

• For the first scenario, we develop aspect-oriented strategies that use
unlabeled target data through automatic labeling, cross-aspect review
generation, and filtering mechanisms. These methods leverage domain-
specific information without requiring any annotated target domain
data, and further mitigate class imbalance with loss re-weighting tech-
niques.

• For the second scenario, we propose Aspect-Enhanced Prompting, which
integrates aspect-related features into prompt-based generative senti-
ment classification. We further enhance robustness by prompt rescoring
module and expanding them through clustering-based strategies.

• We conduct extensive experiments across multiple benchmark datasets
in both scenarios, demonstrating that the two proposed methods con-
sistently outperform strong baselines. In addition, we conduct detailed
analysis and ablation studies for each scenarios.

1.3 Research Questions

Based on the above goals, this dissertation is guided by one main research
question.

Major Research Question: How can ASCmodels be effectively adapted
to domain shift under different levels of target domain availability: (1) with
unlabeled target data, and (2) with no target-domain access?

To address this question, the study is organized into the following sub-
questions:

• RQ1: How can we construct or augment effective training data when
labeled target-domain data is unavailable?

• RQ2: How can we extract and integrate aspect-related information or
features to guide sentiment classification in a way that remains useful?
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• RQ3: How can we mitigate noise introduced by pseudo-labels, gener-
ated sentences, or irrelevant features?

1.4 Chapter Organization

The rest of this dissertation is organized into four parts as follows:

• Chapter 2 presents a comprehensive review of the literature. It intro-
duces the fundamental concepts and tasks of ABSA, with a particular
emphasis on ASC. Then it introduces prior work on domain adapta-
tion for ABSA, including approaches to UDA and multi-source domain
adaptation.

• Chapter 3 investigates Scenario A, where unlabeled target-domain
data is available during training. It formalizes the problem setting
and presents the proposed framework, which integrates automatic la-
beling with cross-aspect review generation to leverage unlabeled target
data. The chapter also explains how Focal Loss is employed to miti-
gate class imbalance. Finally, the evaluation of the proposed method
is described, including the experimental setup, reporting results on
benchmark datasets, and providing detailed analysis.

• Chapter 4 investigates Scenario B, where the target domain is en-
tirely unavailable during training. It introduces the Aspect-Enhanced
Prompting (AEP) framework, which leverages Aspect-Related Features
(ARFs) to construct prompts for guiding sentiment classification in a
domain-agnostic manner. The chapter further describes the prompt
rescoring and cluster-based prompt expansion modules. At last, the
chapter describes extensive evaluations, including ablation studies, pa-
rameter sensitivity analysis, and error analysis.

• Chapter 5 concludes the dissertation by summarizing the main contri-
butions, and answering the research questions. It also outlines promis-
ing directions for future work.
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Chapter 2

Literature Review

This chapter provides an overview of prior research relevant to this dis-
sertation. It is organized into two main parts. The first part introduces
Aspect-Based Sentiment Analysis, the central task studied in this disser-
tation. This part reviews the definition of opinions and aspects, outlines
the main subtasks of ABSA, and introduces the evolution of methods for
Aspect Sentiment Classification, ranging from early neural network models
to pre-trained language models and recent generative or prompt-based ap-
proaches. The second part focuses on domain adaptation techniques as they
are apply to ABSA in this study. This part reviews research on unsuper-
vised domain adaptation and multi-source domain adaptation, highlighting
both classical feature-based methods and more recent generative and prompt-
based paradigms. Together, these reviews establish the research context and
identify the problems that motivate the contributions of this dissertation.

2.1 Aspect-Based Sentiment Analysis

Aspect-Based Sentiment Analysis is a fine-grained sentiment analysis task
that aims to analyze the sentiment of opinions at the aspect level [84]. Unlike
traditional sentiment analysis, which focuses on document-level or sentence-
level sentiment classification, ABSA provides a fine-grained view by associ-
ating sentiment polarity with specific aspects or attributes mentioned in the
sentence.

Pang and Lee described sentiment analysis or opinion mining generally as
the task of analyzing opinions, namely, “a sentiment is basically an opinion
that a person expresses towards an aspect, entity, person, event, feature, ob-
ject, or a certain target” [46]. To study this problem systematically, several
studies have attempted to give a formal definition of what constitutes an
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“opinion.” Such formalization is important because it provides a clear math-
ematical framework for representing the elements involved in ABSA, and it
also allows different methods to be compared under a common notation. In
early work, the term feature was more commonly used to denote product at-
tributes [22], whereas in recent years, the term aspect has been more widely
adopted in the literature than feature.

In particular, Liu defined an opinion as a quintuple:

(ei, aij, sijkl, hk, tl), (2.1)

where ei is an entity (e.g., a restaurant), aij is the j-th aspect of ei (e.g.,
service), sijkl represents the sentiment expressed by an opinion holder hk

at time tl toward aij, which can be positive, negative, or neutral [33]. For
instance, Table 2.1 illustrates this quintuple representation with a concrete
example. In the review “The service was excellent.” the opinion can be rep-
resented as (ei = restaurant, aij = service, sijkl = positive, hk = reviewer, tl =
time of review). This formalization highlights the fine-grained characteris-
tics of ABSA. Rather than coarse document-level or sentence-level sentiment
classification, it explicitly links a sentiment polarity to a particular aspect of
an entity.

Table 2.1: Quintuple representation of “The service was excellent.” in ABSA.

Component Example Value

Entity (ei) Restaurant
Aspect (aij) Service
Sentiment (sijkl) Positive
Opinion Holder (hk) Reviewer
Time (tl) Time of review

2.1.1 Subtasks of ABSA

ABSA can be decomposed into several subtasks, each of which corresponds
to a different linguistic unit of the opinion quintuple. These subtasks are
closely related but conceptually distinct, and together they form the founda-
tion of ABSA. The most commonly discussed subtasks include aspect term
extraction (ATE), opinion term extraction (OTE), aspect category detection
(ACD), and aspect sentiment classification (ASC).

• Aspect Term Extraction: ATE is the task of identifying and ex-
tracting explicit aspect expressions in a given sentence. An aspect
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term usually appears as a noun or noun phrase that refers to a specific
component, attribute, or feature of an entity. For example, in the re-
view “The battery lasts long,” the word “battery” is an aspect term
that points to a concrete feature of the entity “laptop.” Formally, ATE
corresponds to locating aij in the opinion quintuple (ei, aij, sijkl, hk, tl),
where aij is explicitly mentioned in the sentence.

Researches on ATE have evolved into supervised, semi-supervised, and
unsupervised methods. Early supervised approaches formulated ATE
as a token-level sequence labeling problem and employed CRF [79] or
CNN-based [72] models, often enhanced by domain-specific represen-
tation. To reduce the reliance on large labeled data, semi-supervised
methods introduced data augmentation approaches by generating pseudo-
labeled data for training. More recently, unsupervised ATE has been
explored through neural network based methods such as Attention-
based Aspect Extraction model [20], POS-based extraction with con-
trastive attention [64], and self-supervised contrastive learning tech-
niques [55]. Those methods enable aspect term extraction without
labeled data.

• Opinion Term Extraction: OTE focuses on extracting the words
or phrases that carry sentiment toward a given aspect. Unlike aspect
terms, which are usually nouns, opinion terms are often adjectives, ad-
verbs, or verbs that express sentiment. For example, in “The service
was excellent,” the word “excellent” is an opinion term that conveys
positive sentiment. Within the quintuple framework, OTE helps to
identify the linguistic expressions that correspond to sijkl, i.e., the sen-
timent component.

Since opinion expressions are meaningful only when linked to the as-
pects they describe, researches on OTE has centered on modeling this
dependency, giving rise to two main task formulations: aspect opin-
ion co-extraction (AOCE) and target-oriented opinion word extraction
(TOWE). AOCE extracts aspect terms and opinion terms jointly, typ-
ically using sequence labeling models with dual label sets. Because of
the dependency between aspect terms and opinion terms, many AOCE
approaches focus on modeling their interactions through dependency-
tree based methods [66] or attention mechanisms [67]. In contrast,
TOWE assumes that an aspect term is given and aims to extract its
associated opinion expressions. Methods for TOWE often incorporate
the aspect into the sentence representation, such as through aspect-
fused LSTM encodings [9] or syntactic distance features [50], to better
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differentiate which opinion words correspond to the given aspect.

• Aspect Category Detection: ACD, sometimes referred to as aspect
category classification, is the task of mapping aspects to predefined
categories. Unlike ATE, which identifies aspect terms as they appear
in text, ACD assigns aspects to higher-level semantic categories such
as Service, Food, or Price in the restaurant domain. A key challenge
in ACD is handling implicit aspects, which are not directly mentioned
but can be inferred from context. The importance of implicit aspect
detection was also highlighted in the SemEval-2014 shared task on
ABSA [49]. For instance, the sentence “This dish was too expensive”
contains no explicit mention of the word “price,” yet the opinion clearly
targets the Price category. In terms of the opinion quintuple, ACD cor-
responds to generalizing aij into a broader semantic class.

Studies on ACD have followed two main directions: supervised and un-
supervised aspect category detection. Supervised ACD is typically for-
mulated as a multi-label classification problem, where early approaches
such as RepLearn relied on learned word representations and feed-
forward architectures [86], while later models employed attention mech-
anisms [41]. In contrast, unsupervised ACD is typically implemented
through a two-step process: first extracting candidate aspect terms and
then clustering or mapping them to predefined categories [20].

• Aspect Sentiment Classification: ASC is the task of determin-
ing the sentiment polarity associated with an aspect, once the as-
pect has been identified or assumed. For instance, in the sentence
“The service was excellent,” the aspect “service” is linked to the sen-
timent label positive. Formally, ASC assigns a value to sijkl in the
quintuple (ei, aij, sijkl, hk, tl), selecting from a predefined set of polarity
classes such as positive, negative, or neutral. Unlike document-level or
sentence-level sentiment analysis, which yield a single sentiment label
for a large text span, ASC requires the model to differentiate between
sentiments directed at different aspects within the same sentence.

These subtasks represent the single-task formulation of ABSA, where each
task focuses on one component of the opinion quintuple. Beyond these fun-
damental tasks, ABSA also has various compound tasks, such as joint aspect-
opinion pair extraction or end-to-end ABSA that integrate multiple subtasks
into a unified prediction problem. However, such compound settings fall out-
side the scope of this dissertation. Our work concentrates on ASC, which
classifies the sentiment polarity associated with an identified aspect. Fur-
thermore, ASC has received the most attention, as it directly determines the
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sentiment orientation of aspects and serves as the core task in many ABSA
applications. In this dissertation, we specifically address the task of ASC
in challenging scenarios, focusing on unsupervised domain adaptation and
domain-agnostic adaptation. Next, we will primarily introduce the latest
research progress related to ASC.

2.1.2 Aspect Sentiment Classification

Aspect Sentiment Classification is the most widely studied subtask in ABSA,
as it directly assigns sentiment polarity to aspects within a sentence. The
research on ASC has evolved substantially over the past decades, progress-
ing from deep neural networks to approaches based on pre-trained language
models and recent to generative models.

2.1.2.1 Neural Network based Methods

Neural networks significantly advanced ASC by enabling models to auto-
matically learn representations of aspects and their surrounding contexts,
reducing the need for manual feature engineering. Among neural architec-
tures, Convolutional Neural Networks (CNNs) and Long Short-TermMemory
(LSTM) networks have been the most widely studied.

CNN-based approaches were applied to ASC because of their efficiency in
capturing local n-gram features. However, standard CNNs are limited in their
ability to model sequential dependencies and aspect-specific context, which
are essential for distinguishing sentiment toward different aspects in the same
sentence. To address this, Xue and Li proposed the Gated Convolutional
Network, which integrates a gating mechanism into CNN layers [75]. Their
Gated Tanh-ReLU Units selectively output sentiment features conditioned
on the given aspect.

LSTM-based models have become more suitable for ASC because of their
ability to capture long-term dependencies in text. One early baseline LSTM
approach was the Target-Dependent LSTM (TD-LSTM) model [60]. This
model was motivated by the observation that standard LSTM representa-
tions fail to account for the semantic relatedness between a target aspect
and its surrounding context words. In many cases, different context words
exert different influences on the sentiment polarity toward a specific aspect,
making it essential to explicitly integrate target information into the mod-
eling process. To address this, TD-LSTM employs two separate LSTMs to
encode the left and right contexts of the target, thereby modeling sentiment
with respect to the aspect’s position in the sentence. Building on this, the
ATAE-LSTM model [68] introduced aspect embeddings directly into the in-
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put and attention mechanism, allowing the network to selectively focus on
words that are most relevant to a given aspect. This combination of LSTM
and attention significantly improved performance, as it addressed the chal-
lenge of mixed sentiments toward different aspects in the same sentence.

Overall, neural network approaches such as CNNs, Recurrent Neural Net-
works (RNNs), LSTMs, and their attention-based extensions have become
the foundation of modern ASC. They effectively capture both local pat-
terns and sequential dependencies, while attention mechanisms enhance the
model’s ability to focus on aspect-relevant sentiment expressions. Despite
their success, these models often require large labeled datasets and remain
sensitive to domain shifts, which has motivated the later development of
pre-trained language models.

2.1.2.2 Pre-trained Language Models based Methods

The emergence of large pre-trained language models (PLMs) has revolution-
ized natural language processing in many tasks, including ASC. Unlike ear-
lier neural models that relied on task-specific training from scratch, PLMs
such as BERT [8] provide contextualized word representations learned from
massive corpora. These contextual embeddings capture both syntactic and
semantic information, making them highly effective for fine-tuning on ABSA
datasets. An early study by Hoang et al. [21] demonstrated that directly
fine-tuning BERT for aspect-level sentiment classification substantially out-
performed LSTM and CNN based baselines on SemEval datasets. Li et al.
systematically apply BERT to ABSA, proposed an end-to-end framework
that jointly modeled aspect extraction and sentiment classification, which
was one of the first attempts to systematically apply BERT to ABSA [31].
Their results on the SemEval benchmark datasets demonstrated substantial
improvements over LSTM- and CNN-based baselines, establishing new state-
of-the-art results on SemEval datasets. This work highlighted the advantage
of contextualized embeddings in context-sensitive sentiment expressions.

Beyond these early applications of PLMs to ABSA, subsequent research
explored how to better adapt PLMs to the aspect-level setting. Song et al.
proposed the Attentional Encoder Network (AEN), which replaced recurrent
components with self-attention mechanisms and leveraged BERT embeddings
for input representation [58]. This design reduced the reliance on recurrent
structures such as LSTMs, resulting in a more efficient architecture that was
better aligned with transformer-based models.

Xu et al. introduced Position-aware BERT (PBERT), which incorporated
explicit position embeddings of aspect terms into the transformer architec-
ture [74]. While standard BERT representations do not encode the rela-
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tive distance between aspects and their contexts, PBERT enhanced aspect-
context interactions by modeling positional information more explicitly. This
extension alleviated a major limitation of vanilla BERT in ABSA, namely
its difficulty in distinguishing multiple aspects within the same sentence.

In summary, pre-trained language models have brought a significant im-
provement in ASC performance by providing rich contextual embeddings
and reducing the reliance on handcrafted features. Nevertheless, they still
require labeled data in the target domain for effective fine-tuning, and their
generalization across unseen domains remains limited. Furthermore, they
suffer from performance degradation in cross-domain transfer, highlighting
the need for adaptation techniques. These limitations motivate the explo-
ration of generative and prompt-based paradigms, which aim to reduce data
dependence and improve cross-domain adaptability.

2.1.2.3 Graph-based Methods

In addition to sequential neural models and pre-trained language models, an-
other significant direction in ASC focuses on graph representation methods.
Graph-based Methods address a key limitation of sequence encoders: aspect-
opinion relationships often follow syntactic structure rather than word order.
Graph-based ASC models therefore represent a sentence as a dependency
graph and apply Graph Neural Networks (GNNs) to propagate relevant in-
formation between tokens.

Zhang et al. proposed the earliest graph-based models Graph Convolu-
tional Network (GCN) [82] for ABSA. GCN builds a Graph Convolutional
Network on top of the dependency tree of a sentence, enabling the model
to exploit syntactic relations and long-distance dependencies that are inac-
cessible to sequential encoders. By designing an aspect-specific graph rep-
resentation, the model selectively aggregates information from syntactically
relevant context words while filtering out irrelevant ones. Experiments on
multiple benchmark datasets confirmed that GCN effectively captures syn-
tactic constraints and long-range sentiment indicators, yielding comparable
performance compared to state-of-the-art attention-based and CNN-based
models.

Following this direction, Huang et al. introduced a Syntax-aware Graph
Attention Network (SAGAT) for ASC [24]. Instead of using GCNs with uni-
form neighborhood aggregation, SAGAT incorporates graph attention mech-
anisms to dynamically weight different dependency edges. This allows the
model to more precisely model the interactions between aspect terms and
their syntactically related words. Furthermore, pre-trained contextual em-
beddings from BERT are integrated into the graph structure, and subword-
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level representations are aligned with the dependency tree. By combining
syntactic structure with pre-trained language model knowledge, SAGAT ob-
tains more accurate context representations and demonstrates improvements
over prior sequential and graph-based approaches.

To further advance graph-based sentiment modeling, Li et al. proposed
Dual Graph Convolutional Networks (DualGCN) [30], addressing two notable
limitations of dependency-based ASC models: inaccuracies in dependency
parsing and the informal, syntactically irregular nature of user-generated re-
views. DualGCN leverages the complementary strengths of syntactic struc-
ture and semantic correlation by constructing two parallel graphs. The Syn-
GCN module encodes dependency-based syntactic relations while enriching
them with additional syntactic knowledge to mitigate parsing errors. In con-
trast, the SemGCN module captures semantic associations between words us-
ing a self-attention mechanism that learns soft relational structures beyond
the dependency tree. Through joint learning over syntactic and semantic
graphs, DualGCN effectively integrates structural and contextual informa-
tion. Experiments on several datasets demonstrate that DualGCN achieves
state-of-the-art performance, confirming the benefit of combining dual graph
structures for robust aspect-level sentiment classification.

2.1.2.4 Generative language models and prompt-based Methods

With the rapid progress of large-scale sequence-to-sequence models, researchers
have begun to reformulate ABSA as a generation or prompt-based task. Un-
like traditional discriminative approaches that design task-specific classifiers,
generative and prompt-based methods leverage the pre-training objectives of
language models and unify multiple ABSA subtasks under a single formula-
tion. This paradigm shift has shown strong potential in improving general-
ization across tasks and domains, especially in low-resource and cross-domain
scenarios.

Zhang et al. first proposed a unified generative framework for ABSA,
named as Towards Generative ABSA [83]. In this approach, various ABSA
subtasks (e.g., aspect extraction, opinion extraction, and sentiment classi-
fication) are converted into sequence generation problems. They designed
two modeling paradigms, annotation-style and extraction-style generation,
where the model produces outputs such as aspect-opinion-sentiment triplets
in natural language form. Experiments on four ABSA tasks across mul-
tiple benchmark datasets demonstrated that this generative reformulation
achieved new state-of-the-art results, validating the generality of a unified
generative framework.

Based on this idea, Yan et al. proposed a more comprehensive Unified
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Generative Framework for ABSA [76]. They redefined all seven ABSA sub-
tasks into a generative sequence format by mixing pointer indexes with sen-
timent class indexes, enabling a single BART-based encoder-decoder model
to solve aspect term extraction, opinion term extraction, aspect sentiment
classification, and their joint variants simultaneously. This framework offered
a real end-to-end solution for the full ABSA pipeline, avoiding the need for
separate models for different subtasks. Extensive experiments showed sub-
stantial performance gains across multiple datasets, establishing generative
modeling as a strong and scalable alternative to classification-based methods.

More recently, prompt-based approaches have been explored to adapt
pre-trained language models to ABSA in a knowledge-aware manner. Li et
al. proposed SentiPrompt, a sentiment knowledge enhanced prompt-tuning
method [28]. They injected domain knowledge about aspects, opinions, and
sentiment polarity into natural language prompts, and explicitly modeled
relations among terms via consistency and polarity judgment templates. By
incorporating knowledge-enhanced prompts, SentiPrompt achieved notable
improvements on triplet extraction, pair extraction, and aspect-sentiment
classification. This marked a paradigm shift from discriminative classifica-
tion to generation and prompting, which directly motivates the approaches
developed in this dissertation.

In summary, the research on ASC has progressed from neural architec-
tures to pre-trained and generative models, steadily improving performance
on benchmark datasets. However, a major limitation is that most of these
models assume that training and test data come from the same domain, which
restricts their applicability in real-world scenarios. This challenge, commonly
known as domain shift, motivates the exploration of domain adaptation tech-
niques for ABSA, which will be reviewed in the following section.

2.2 Domain Adaptation for ABSA

In real-world applications, sentiment classification models are often required
to operate across domains where labeled data are scarce or unavailable. For
example, a model trained on restaurant reviews may need to be applied to
laptop or service reviews, where the vocabulary and sentiment expressions
differ significantly. This mismatch between the source and target domains is
commonly referred to as domain shift, and it presents a major challenge in
ABSA. To address this, domain adaptation techniques have been widely stud-
ied, particularly in the settings of unsupervised domain adaptation (UDA)
and multi-source domain adaptation (MSDA). This section provides a review
of these two research areas with a focus on their applications in ABSA.
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2.2.1 Unsupervised Domain Adaptation

UDA assumes that labeled data are available in the source domain, while
only unlabeled data exist in the target domain. Approaches to UDA can be
broadly divided into two categories: feature-based methods and generative
data augmentation methods [52].

2.2.1.1 Feature-based Methods

Feature-based methods aim to reduce domain discrepancy by learning domain-
invariant representations. Two major strategies have been developed: feature
augmentation and feature generalization. Feature augmentation approaches
rely on pivot features to construct an aligned feature space, identifying shared
lexical or semantic cues across domains [3, 44]. Deep learning has further
advanced these methods by employing adversarial learning [10] or statistical
measures [36] to align source and target feature distributions.

Feature generalization approaches attempt to learn robust latent rep-
resentations that transfer across domains. Early studies employed autoen-
coders, such as the stacked denoising autoencoder (SDA) [14] and its efficient
variant, the marginalized SDA (mSDA) [7], to extract domain-invariant fea-
tures by reconstructing noisy inputs. While autoencoder-based models were
effective, they were limited by lack of explicit linguistic knowledge. Re-
cent advances therefore leverage PLMs such as BERT [8], which naturally
encode rich linguistic and contextual knowledge [19, 25]. A notable exam-
ple is Source-Free ABSA [85], which combines feature-based adaptation and
pseudo-labeling in a source-free setting, represents a more practical setting
where the source data cannot be accessed due to privacy or storage con-
straints..

2.2.1.2 Generative Data Augmentation Methods

Generative Data Augmentation methods attempt to mitigate domain shift
by synthesizing target-like training examples. The key idea is to expand the
training distribution through interpolation, paraphrasing, or text genera-
tion, thereby bridging the gap between source and target data. For instance,
Mixup interpolation, originally proposed for image classification, has been
adapted to NLP by interpolating word or sentence embeddings, yielding
improvements in cross-domain sentiment classification [17]. Other studies
have employed review generation models to produce synthetic reviews re-
sembling target-domain text, which improves robustness [80]. More recently,
Refined and Synthesis Data Augmentation (RSDA) introduced a two-stage
framework, first filtering pseudo-labeled target data with natural language
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inference, and then synthesizing diverse labeled samples through label com-
position and paraphrasing [65]. These approaches highlight the growing role
of generative methods in cross-domain ABSA.

2.2.2 Multi-Source Domain Adaptation

While UDA typically considers a single source domain, MSDA extends the
setting by allowing labeled data from multiple source domains, with the tar-
get domain remaining unlabeled. MSDA poses additional challenges: source
domains often vary in distribution, and naively combining them may result in
negative transfer. The goal of MSDA is therefore to exploit complementary
information across multiple sources while ensuring robust generalization to
the target domain.

2.2.2.1 Domain Divergence and Distance-based Methods

A central concept in MSDA is measuring domain divergence. Accurately es-
timating the similarity between domains enables selective transfer from the
most relevant sources. For example, the DistanceNet-Bandit model incorpo-
rates distance-based metrics into its loss function and dynamically selects the
most informative source domains using a multi-armed bandit controller [16].
This model demonstrated that dynamic source selection could outperform
static combinations of multiple domains.

2.2.2.2 Mixture-of-Experts Approaches

Another prominent line of research adopts the mixture-of-experts (MoE)
paradigm [18], where each source domain is treated as an expert. The model
learns to combine predictions from domain-specific experts to better approx-
imate the target distribution. Transformer-based MSDA models have shown
that large PLMs such as BERT are inherently robust to domain variation,
and MoE strategies further enhance performance by adaptively weighting
domain-specific experts [70]. However, effective ensemble of experts remains
challenging, as transformer-based experts often produce homogeneous pre-
dictions across different domains.

2.2.2.3 Data Selection and Curriculum Learning

An alternative direction leverages data selection strategies to fine-tune pre-
trained models for domain adaptation. Ma et al. proposed a BERT-based
method that incorporates domain classification and curriculum learning to
select training samples most relevant to the target domain [37]. Although this
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approach is effective, it requires a small validation set from the target domain
to tune hyperparameters, which limits its applicability in fully unsupervised
MSDA.

2.2.2.4 Recent Advances

Recent work has proposed more sophisticated mechanisms for cross-domain
alignment. Feature Structure Matching (FSM) introduces dynamic param-
eter fusion and feature structure constraints to improve robustness across
domains [29]. FaiMA specifically targets ABSA by integrating linguistic, do-
main, and sentiment features into a graph attention network, coupled with
contrastive learning, to enhance cross-domain transfer in MSDA [77].

2.3 Prompt-based Learning

Recent advances in large language models (LLMs) have led to a paradigm
shift in NLP, moving from the traditional “pre-train and fine-tune” strat-
egy toward the “pre-train, prompt, and predict” framework [35]. In this
new paradigm, downstream tasks are reformulated to align with the input
and output style used during language model pre-training, allowing models
to perform inference by conditioning on carefully designed textual prompts
rather than learning new task-specific parameters. Prompt-based learning
thus provides a unified and efficient interface, enabling LLMs to generalize
across tasks and domains through linguistic instructions. This section pro-
vides an overview of recent studies that apply prompt learning and prompt
generation methods to domain adaptation and ABSA.

2.3.1 Prompt-based Learning for ABSA

Recent studies have extended prompt-based learning to ABSA in order to
unify multiple sub-tasks within a single generative framework. Gao et al. pro-
posed LEGO-ABSA, a task-assemblable unified generative model that formu-
lates various ABSA tasks, such as aspect extraction, opinion extraction, and
sentiment classification within the same text-to-text paradigm [11]. Instead
of generating the output as an unstructured sequence, LEGO-ABSA decom-
poses it into multiple controllable elements through task-specific prompts.

Wang et al. proposed UnifiedABSA, a general-purpose ABSA frame-
work based on multi-task instruction tuning [69]. This model jointly learns
multiple ABSA tasks with shared parameters and task indicators, enabling
inter-task dependency modeling and data-efficient transfer. Instead of train-
ing separate models for each task, UnifiedABSA captures common linguistic
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patterns through instruction-based prompts, significantly outperforming ded-
icated task-specific models on 11 ABSA tasks across two benchmark datasets.
More recently, Yin et al. proposed a method called SynPrompt, which is a
syntax-aware enhanced prompt engineering approach for ABSA [78]. Syn-
Prompt incorporates syntactic dependency structures to capture the relation-
ships between aspects and their associated opinion expressions. By mining
key syntactic paths from dependency trees, the model enhances the contex-
tual alignment between aspect and sentiment terms.

2.3.2 Prompt-based Learning for Domain Adaptation

Another emerging direction is the integration of prompt-based learning into
the domain adaptation task. Recent research in Example-Based Prompt
Learning has shown significant potential in improving the performance of
domain adaptation, especially in scenarios where the target domain is unseen
during training [27]. Instead of relying solely on parametric representations,
models in this framework use specific examples from the training data to
make predictions. Notably, recent work demonstrates that by tuning soft
prompts, large models like T5 can be adapted to various tasks with far fewer
parameters while maintaining competitive performance compared to fully
fine-tuned models.

Gao et al. proposed LM-BFF (better few-shot fine-tuning of language
models), which improves few-shot fine-tuning by using both manually de-
signed and automatically searched prompts [12]. The framework converted
each input into a cloze-style prompt, where label words were carefully se-
lected to represent different classes, and applied a calibration procedure to
mitigate verbalizer bias. Through this simple yet effective design, LM-BFF
demonstrated that properly constructed prompts and label mappings could
significantly enhance few-shot generalization and stability across domains.

Prompt learning for on-the-fly Any-Domain Adaptation (PADA) intro-
duced a dynamic framework in which example-based prompts are generated
for each target instance, facilitating adaptation to unseen domains [2]. In-
stead of pre-defining static templates, PADA dynamically constructs prompts
conditioned on both source-domain examples and target-domain representa-
tions. This mechanism enables the model to perform instance-level adapta-
tion, leveraging multi-source knowledge to infer task-relevant prompts even
without target-domain supervision.

Prompt Tuning with Domain Knowledge (PTDK) further extended this
idea by combining hard prompts and trainable soft prompts to integrate
structured domain knowledge [59]. By embedding domain-specific concepts
or sentiment lexicons into prompt representations, PTDK bridged discrete
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symbolic knowledge and continuous prompt tuning. This hybrid design en-
hanced the interpretability and robustness of the adaptation process, showing
the potential of combining structured knowledge with lightweight prompt-
based learning.

2.4 Limitations of Existing Approaches on

UDA and MSDA

Despite significant progress in UDA and MSDA, existing approaches typically
assume some level of target domain awareness. Most existing approaches rely
on target-domain data, either unlabeled reviews, or validation datasets to
guide adaptation or construct domain-specific intermediate representations.
These methods also typically define domain at the category level, treating
each dataset (e.g., restaurant, laptop) as a distinct domain.

In contrast, this dissertation considers two domain adaptation scenarios
that differ fundamentally from prior work. First, although the first scenario
resembles the standard UDA setting, the notion of domain is defined at the
aspect level rather than the category level. Each aspect constitutes its own
domain, and adaptation is performed across aspects, not across categories.
This distinction is crucial because aspect-level domain shifts are fine-grained
and have not been the primary focus of prior UDA research.

Second, we further introduce a domain-agnostic scenario, which departs
completely from conventional UDA or MSDA assumptions. In this setting, no
target-domain data, neither labeled or unlabeled are available during training
time. The model is trained exclusively on source-domain aspects and is
required to generalize directly to the entirely unseen aspects or domains at
inference time.

These two scenarios demonstrate that our work not only revisits domain
adaptation from an aspect-oriented perspective but also extends it to a previ-
ously unexplored domain-agnostic setting, which is not addressed by existing
UDA or MSDA methods.
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Chapter 3

Aspect-oriented Unsupervised
Domain Adaptation

3.1 Problem Setting

In this chapter, we address the task of ASC, which is a foundamental subtask
of ABSA. We focus the scenario that data from the target domain is available
during the model training time. Specifically, in addition to a source domain
dataset DS = (xS

i , y
S
i ) consisting of labeled review texts, we can also access a

target domain dataset DT = xT
j , which only contains unlabeled aspect-level

review texts. The goal is to learn a sentiment classifier trained from labeled
source data and unlabeled target data, which can generalize well to the target
domain.

Formally, given labeled source domain data and unlabeled target domain
data, the objective is to minimize the performance gap between the source
and target domains. This setting corresponds to the conventional unsuper-
vised domain adaptation framework, which assumes that a sufficient amount
of unlabeled target domain data is available during training. In practice, this
setting is realistic when at least a moderate quantity of target domain data
can be collected in advance.

Unlike conventional domain adaptation for ABSA, where the different
genres of the target products or services are considered as the domains, this
thesis proposes a novel method of unsupervised domain adaptation for ABSA
where aspects are regarded as distinct domains. Consequently, the knowledge
transfer from the labeled data of one aspect to another is explored. Supposing
that there is no labeled data for a certain aspect, the goal is to train a polarity
classifier for the target aspect using labeled data of a different aspect. For
example, a model to classify the polarity of the aspect “service” in restaurant
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reviews is derived from labeled training data of the aspect “food”.

3.2 Overview of the Proposed Approach

An overview of the proposed method is presented in Fig.3.1. In this frame-
work, it is assumed that a set of labeled reviews from a source domain and
a set of unlabeled reviews from a target domain are available. Here, the
labeled data refers to review sentences annotated with ground-truth polarity
labels toward the corresponding aspect. In Fig. 3.1, the symbols (S) and (T)
denote the source and target domains, respectively.
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Figure 3.1: Overview of proposed method

The construction of labeled data for the target domain is achieved through
two complementary strategies. The first strategy is the automatic labeling of
review texts in the target domain, as illustrated by the dotted frame (A) in
Fig. 3.1. The second strategy is Cross-Aspect Review Generation (CARG),
which generates new labeled reviews for the target domain by modifying
labeled reviews from the source domain, as shown in the dotted frame (B)
in Fig. 3.1.

The details of these two processes are described in Subsections 3.3.1 and
3.3.2, respectively. Once the labeled data for the target aspect has been con-
structed by combining the results of these two strategies, a polarity classifier
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for the target domain is trained using the constructed dataset, as explained
in Subsection 3.3.3.

3.3 Proposed Method

3.3.1 Automatic Labeling

The first step of the proposed framework is the automatic labeling of unla-
beled review texts in the target domain. To this end, a pre-trained BERT
model is fine-tuned on the labeled data of the source domain, resulting in
a polarity classifier denoted as BERT(S) in Fig. 3.1. This classifier is then
applied to the unlabeled review sentences of the target domain to assign
polarity labels.

Since the classifier BERT(S) is trained on a different domain, its predic-
tions are not always reliable. To mitigate the risk of introducing noisy labels
into the constructed training set, a confidence-based filtering mechanism is
adopted. Specifically, for each unlabeled target-domain sentence, the prob-
ability of the predicted polarity is computed. Only those sentences whose
prediction probability exceeds a predefined threshold Tp are retained, while
the others are discarded. This ensures that the automatically labeled tar-
get data maintains a reasonable level of reliability and can subsequently be
utilized for classifier training.

Table 3.1 shows several examples of automatic labeling based on the pre-
dicted polarity probabilities. In this experiment, the dataset of the Service
aspect from the restaurant domain (details are provided in Section 3.4.1) was
used to fine-tune a pre-trained BERT model, denoted as BERT(S). When ap-
plying BERT(S) to a review sentence from the Food aspect, namely “The
sauce is delicious and the crust is perfect,” the predicted probabilities for the
four sentiment classes were as follows: negative = 0.0062, neutral = 0.0516,
conflict = 0.0042, and positive = 0.9380. Since the highest probability cor-
responded to the positive class and exceeded the predefined threshold of 0.8,
the sentence was assigned a pseudo label of “positive.” In this case, the
gold label was also “positive,” indicating that the pseudo label was correctly
assigned.

In contrast, when the review sentence “It’s true, this place is not cheap”
from the Price aspect was evaluated, the predicted probabilities were nega-
tive = 0.5107, neutral = 0.0144, conflict = 0.4697, and positive = 0.0052.
Although the negative class had the highest probability, the value did not
exceed the threshold of 0.8. Therefore, the confidence level was regarded as
insufficient, and no pseudo label was assigned to this review.
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Another example can be found in the review sentence “People dress in
suits or evening gowns as well as shirts jeans” from the Ambience aspect.
Here, the predicted probability for the positive class was 0.9933, which ex-
ceeded the threshold, and thus the pseudo label “positive” was assigned.
However, the gold label of this review was “neutral,” showing that in this
case the pseudo labeling led to an incorrect assignment.

The choice of the threshold was determined empirically. Through prelimi-
nary experiments with different thresholds, we selected the one that provided
a reasonable balance between labeling accuracy and the number of reviews
to which pseudo labels could be assigned. The detailed settings and data
set-specific thresholds are described in section 3.4.1.

Table 3.1: Examples of automatic labeling

Domain Review sentence Predicted probability Gold label
Pseudo label
(threshold = 0.8)

Source Target negative neutral conflict positive
Service Food The sauce is delicious and the crust is

perfect
0.0062 0.0516 0.0042 0.9380 positive positive

Service Price It’s true, this place is not cheap. 0.5107 0.0144 0.4697 0.0052 positive not assigned
Service Price Could be pricey without a prix fixe

meal.
0.9904 0.0012 0.0078 0.0006 negative negative

Service Ambience People dress in suits or evening gowns
as well as shirts jeans.

0.0019 0.0031 0.0017 0.9933 neutral positive

Food Service Again, the waitress was awesome. 0.0002 0.0011 0.0005 0.9982 positive positive
Food Price You’ll pay at least double at any other

Italian restaurant in the city, and most
still don’t compare.

0.0317 0.7004 0.1307 0.1372 positive not assigned

3.3.2 Cross-Aspect Review Generation

The second step of the proposed framework is Cross-Aspect Review Genera-
tion, which aims to augment the target-domain training data by generating
new labeled review sentences. As illustrated in the dotted frame (B) of
Fig. 3.1, this process leverages both lexical resources and a masked language
model (MLM) to transfer aspect-specific expressions from the source to the
target domain. The overall procedure consists of three stages: extraction
of sentiment words and domain-specific keywords, generation of candidate
sentences using an MLM, and filtering of unnatural sentences.

3.3.2.1 Extraction of Sentiment Words

For each source and target domain, we extract domain-specific sentiment
words that frequently appear in the reviews. Sentiment words are words
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such as “excellent” or “bad” that explicitly convey the writer’s attitude or
evaluation. To identify such words, we employ SentiWordNet [1], a lexical
resource that provides sentiment-related scores for all WordNet synsets.

In SentiWordNet, each word sense is associated with a positive score and
a negative score, both ranging from 0 to 1. A score closer to 1 indicates a
stronger polarity. Since a word may have multiple senses depending on its
part of speech (POS), SentiWordNet assigns polarity scores to each sense
ranked by its frequency in natural texts.

To compute a sentiment score for a given word, we first conduct POS
tagging on the review sentences. In this study, we use the NLTK library.
The procedure is as follows:

1. Acquire the review sentence and tokenize it into words.

2. Use the pos tag function to assign a POS tag to each word.

3. Format the output into POS-tagged sentences for further analysis.

Once POS tagging is completed, we calculate the sentiment score of each
word using SentiWordNet:

1. Load the SentiWordNet database, which contains multiple senses for
each word according to its POS.

2. For each sense i of word w, obtain its polarity score by computing the
absolute difference between its positive and negative scores: |pos(w, i)−
neg(w, i)|.

3. Apply a rank-based weighting to each sense, where higher-frequency
senses receive larger weights (e.g., 1, 1

2
, 1
3
, . . . ).

4. Sum all weighted scores to obtain the final sentiment score SS(w).

Formally, the sentiment score of word w is defined as:

SS(w) =
n∑

i=1

1

i
· |pos(w, i)− neg(w, i)|, (3.1)

where i is the rank of the sense by frequency, pos(w, i) and neg(w, i) are
the polarity scores of the i-th sense, and n is the total number of senses of
w. Words with SS(w) values greater than a threshold Ts are selected as
sentiment words in the domain.

Table 3.2 presents the part-of-speech categories, sense identifiers, and
polarity scores of the word “great” in SentiWordNet. The word “great” can
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function both as a noun and an adjective. It has one sense as a noun and
three senses as an adjective. The order of sense frequency is n.01 → s.01 →
s.02 → s.03.

Following Eq. (3.1), the sentiment score of “great” is computed separately
for the noun and adjective cases. For the noun usage, the polarity score is
calculated only from sense n.01, resulting in Eq. (3.2).

SS(great.n) =
1

1
· |0− 0| = 0 (3.2)

For the adjective usage, the three senses (s.01, s.02, s.03) are combined
with weights 1, 1

2
, and 1

3
, respectively. The corresponding polarity score is

computed as Eq. (3.3).

SS(great.a) =
1

1
· |0− 0|+ 1

2
· |0.750− 0|+ 1

3
· |0.250− 0.125| = 0.417 (3.3)

Table 3.2: Information of the word “great” in SentiWordNet

Word POS Sense ID Positive score Negative score
great noun n.01 0.000 0.000

adjective s.01 0.000 0.000
adjective s.02 0.750 0.000
adjective s.03 0.250 0.125

Table 3.3 further illustrates an example of the calculation of the sentiment
scores of words from the Service domain, where POS tagging is applied to
the review sentence and the sentiment scores of each words are calculated
according to Eq. (3.1).

This process ensures that polarity words, such as “happy” receives higher
scores, while reducing scores for ambiguous or weakly polarity words (e.g.,
“bring” or “couple”). This establishes a reliable emotional expression vocab-
ulary for subsequent review generation.

3.3.2.2 Extraction of Domain-Specific Keywords

In addition to extracting sentiment words, it is also essential to identify
domain-specific keywords, which capture the semantic content associated
with a particular aspect or domain. These words do not necessarily carry
sentiment but are frequently used in reviews to describe domain-relevant en-
tities or attributes. For instance, “dinner” and “dessert” are closely tied to
the food domain, while “staff” and “waiter” are characteristic of the service
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Table 3.3: Examples of sentiment scores of words in the Service domain.

Word POS
Sentiment Score
(by Eq. 3.1)

Example Sentence

bring verb 0.0173 It took them 25 minutes to bring our appetite.
understand verb 0.1752 I understand the area and folks; you need not

come here for the romantic.
friendly adj 0.1900 Service was slow, but the people were friendly.
happy adj 0.6950 I’m happy to have Nosh in the neighborhood, and

the food is very comforting.
attentive adj 0.3333 Waitstaff is great, very attentive.
obviously adv 0.5000 The place looked nice, with people obviously en-

joying their pizzas.
couple noun 0.0912 As we were leaving, the couple standing by the

door said to another waiter, “we’re not in a hurry.”

domain. Incorporating such keywords ensures that generated sentences not
only contain sentiment but also remain contextually appropriate to the target
aspect.

Formally, let Da denote the collection of review sentences belonging to
domain a. To extract keywords for domain a, we first calculate the term
frequency of each word in Da. Next, we remove words that also appear
frequently in other domains, since these words are not specific to domain a.
Finally, we select the top Td words that occur most frequently in Da but
rarely elsewhere, treating them as domain-specific keywords.

Representative examples of top-ranked TF-IDF keywords for several do-
mains are shown in Table 3.4. As observed, words such as “server” and
“attentive” are salient in the service domain, while “chicken” and “tasty”
characterize the food domain. These keywords, when combined with senti-
ment words, provide both sentiment expressiveness and contextual appropri-
ateness for generated reviews.
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Table 3.4: Examples of top-ranked words extracted by TF-IDF.

Aspect Service Food Price Ambience Anecdotes

Top-ranked
words by
TF-IDF

service fresh price decor trip
attentive chicken reasonable music favorite
friendly delicious pricey atmosphere friend
server sauce inexpensive romantic recommended
slow food cheap cozy disappointed
manager tasty steal outdoor stumbled
minutes beef dollars cramped neighborhood
prompt pizza bargain loud highly
helpful steak cost seating anniversary

3.3.2.3 Generation of Target-Domain Review Sentences

Using the extracted sentiment words and domain-specific keywords, new
labeled reviews in the target domain are generated by modifying existing
source-domain reviews. Specifically, sentiment words and keywords in a
source review are replaced with [MASK] tokens, which are then filled by
an MLM.

We employ a BERT-based MLM that adapted to review text by contin-
ued pre-training on a large collection of unlabeled restaurant reviews (e.g.,
YELP). In this adaptation, 15% of the tokens are randomly masked, and the
MLM is trained to predict them, thereby acquiring domain-relevant lexical
distributions. This strategy allows the model to better capture review-style
lexical semantics compared to generic pre-trained MLM.

Target-domain review sentences are generated by a beam-search strategy:

1. Assume that a source sentence contains n [MASK] tokens. For each
[MASK], the MLM predicts a ranked list of candidate tokens. The top
Tk tokens are selected, resulting in Tk candidate sentences.

2. For each candidate, the next [MASK] is predicted, again selecting the
top Tk substitutions.

3. This process continues until all [MASK] tokens are replaced. To avoid
exponential growth of computation cost, after each masking step (ex-
cept the last), only the top Tk sentences ranked by cumulative predic-
tion probability are preserved. For the final [MASK], the full Tk × Tk

candidates are retained.

4. Each generated sentence inherits the polarity label of its original source
sentence.
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The full procedure of CARG is presented in Algorithm 1. The inputs
are the source-domain labeled reviews Rs, sentiment word sets P s and P t for
source and target domains, and keyword setsKs andKt, where the subscripts
s and t refer to the source and target domains, respectively. The output is
the set of newly generated labeled reviews Rt in the target domain.
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Algorithm 1 Cross-Aspect Review Generation (CARG)

1: Input: Rs = {(sk, lk)}, P s, P t, Ks, Kt

2: Output: Rt

3: Rt ← ∅
4: for each (sk, lk) ∈ Rs do
5: ms← replace words in P s ∪Ks with [MASK] in sk
6: Rposit ← GetMaskPosition(ms, [MASK])
7: Rnew ← {ms}
8: for i = 1 to n do
9: R′

new ← ∅
10: for each sj ∈ Rnew do
11: PW ← Unmask(sj, [MASK]i)
12: add all sj with [MASK]i replaced by w ∈ PW to R′

new

13: end for
14: if i ̸= n then
15: Rnew ← Select(R′

new, Tk)
16: else
17: Rnew ← R′

new

18: end if
19: end for
20: Rselect ← ∅
21: for each rnew ∈ Rnew do
22: validity flag ← True
23: for each rposit ∈ Rposit do
24: rw ← GetPositionWord(rnew, rposit)
25: if rw /∈ Ks ∪Kt then
26: validity flag ← False
27: end if
28: end for
29: if validity flag then
30: Rselect ← Rselect ∪ {rnew}
31: end if
32: end for
33: for each rnew ∈ Rselect do
34: Rt ← Rt ∪ {(rnew, lk)}
35: end for
36: end for
37: Function Unmask(s, [MASK], Tk)
38: PW ← PredictByMLM(s, [MASK])
39: return Select(PW, Tk)
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For each source review s, sentiment and domain-specific keywords are
replaced with [MASK] tokens. For each [MASK], the Unmask function pre-
dicts candidate substitutions using the MLM, then filters them against the
target-domain lexicons (P t for sentiment words and Kt for keywords). The
top Tk candidates are selected. At each step, Tk new sentences are created,
and beam-search pruning ensures that only the most likely sentences survive.
Finally, the generated set Rnew is added to the target review set Rt.

This algorithm enables a single labeled source review to yield multiple
labeled target-domain reviews, significantly enriching the training set for
cross-domain sentiment classification.

Example of Sentence Generation by CARG

An illustrative example is presented in Table 3.5, where a review sentence
from the service domain is transformed into sentences in the food domain
using the CARG procedure. In the table, underlined words represent tokens
predicted by the BERT MLM and inserted into the [MASK] positions, while
boldface highlights those predictions that correspond to sentiment words or
domain-specific keywords in the target domain.

As an illustrative case, we consider the source domain Service. The review
sentence “The service was attentive and her suggestions of menu items was
right on the mark” is given as the input. In Step 1, domain-specific keywords
and sentiment words from the source domain are replaced with [MASK] to-
kens. In Step 2(a), the MLM predicts the top Tk candidate words for the
leftmost [MASK], generating Tk candidate sentences. For instance, words
such as “staff,” “service,” and “food” are filled into the first [MASK]. In
Step 2(b), the next [MASK] is expanded in the same way, producing Tk×Tk

candidate sentences. Examples include predictions such as “friendly” and
“good.” Among these candidates, the top Tk sentences with the highest
scores are retained.

Step 3 repeats this process for all remaining [MASK] tokens. At this stage,
Tk × Tk sentences are retained. A generated sentence is only considered as
a valid target-domain review if all replaced tokens correspond to domain-
specific keywords and sentiment words in the target domain; otherwise, the
sentence is discarded. As shown in Table 3.5, the top-6 candidate sentence
(“The food was good and her choice of menu items was right on the menu”)

satisfies the criteria (indicated by !), whereas the top-1 to top-5 sentences

do not (marked with %).
Finally, Step 4 assigns the polarity label of the source-domain review

to the generated target-domain sentence. For example, the top-6 candidate
sentence is assigned the label “positive.” Through this process, CARG en-
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ables the transfer of sentiment-labeled reviews across different aspects by
generating target-domain sentences that preserve both sentiment polarity
and contextual relevance.

Table 3.5: An illustrative example of sentence generation by CARG (Ser-
vice → Food). Underlined words are predicted by the MLM and filled
into [MASK] tokens, while bold words indicate sentiment-bearing or aspect-

related words in the target domain. ! denotes a valid generated sentence,
and % denotes an invalid one.

Source-domain review The service was attentive and her suggestions of menu items was right on the mark
Step 1 The [MASK] was [MASK] and her [MASK] of menu items was [MASK] on the [MASK]

Step 2(a)

top1: The staff was [MASK] and her [MASK] of menu items was [MASK] on the [MASK]
top2: The service was [MASK] and her [MASK] of menu items was [MASK] on the [MASK]
top3: The food was [MASK] and her [MASK] of menu items was [MASK] on the [MASK]
· · ·
topk: · · ·

Step 2(b)

top1: The staff was friendly and her [MASK] of menu items was [MASK] on the [MASK]
top2: The service was good and her [MASK] of menu items was [MASK] on the [MASK]
top3: The food was good and her [MASK] of menu items was [MASK] on the [MASK]
· · ·
topk: · · ·

Step 3

top1: The staff was friendly and her choice of menu items was great on the menu (%)

top2: The service was good and her choice of menu items was great on the menu (%)

top3: The food was good and her choice of menu items was great on the inside (%)

top4: The staff was friendly and her choice of menu items was great on the inside (%)

top5: The service was good and her choice of menu items was great on the inside (%)

top6: The food was good and her choice of menu items was right on the menu (!)
· · ·
topk: · · ·

Step 4
top6: The food was good and her choice of menu items was right on the menu (!) (positive)
· · ·
topn: · · · (polarity)

3.3.2.4 Filtering of Generated Sentences

The sentences generated through CARG contain many unnatural ones. To
filter out inappropriate sentences, we evaluate the fluency of each sentence
using the pseudo-log-likelihood (PLL) score [54], defined as:

logPMLM(W ) =

|W |∑
t=1

logPMLM(wt | W\t), (3.4)

where W denotes the candidate sentence, wt the t-th token, and W\t the
sentence with wt replaced by [MASK]. PMLM(wt | W\t) is the probability
that the MLM correctly predicts wt. Reviews whose PLL values fall below a
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threshold Tf are removed. This filtering ensures that the constructed dataset
for the target aspect maintains both grammaticality and semantic coherence.

3.3.3 Training of Polarity Classifier

The final step of the proposed method is the training of a polarity classifier
for the target domain. For this purpose, the labeled reviews constructed
through the two procedures described in 3.3.1 and 3.3.2 are combined to
form the training dataset of the target domain. This dataset integrates both
automatically labeled target reviews and synthetically generated reviews,
thereby ensuring sufficient coverage of sentiment expressions in the target
domain.

A BERT-based model is fine-tuned using the constructed target-domain
dataset so that it can directly predict the polarity labels of unseen target
reviews.

One challenge in this training process is the severe imbalance in polarity
label distributions, as will be reported in Subsection 3.4.1. In particular,
positive instances are generally overrepresented, while negative or neutral
instances are relatively scarce. Such imbalance often leads to biased mod-
els that disproportionately favor the majority class, thereby reducing the
effectiveness of ABSA.

To mitigate this issue, we adopt Focal Loss [32] as the optimization objec-
tive when fine-tuning BERT. Unlike standard cross-entropy loss, Focal Loss
down-weights the contribution of well-classified majority examples while em-
phasizing that of the minority-class examples which are hard to be classifed.
By dynamically adjusting the loss contribution according to prediction con-
fidence, this mechanism alleviates the negative effects of label imbalance and
enables the classifier to learn more discriminative decision boundaries.

Formally, given the predicted probability pt for the ground-truth class,
the Focal Loss is defined as:

LFL(pt) = −αt(1− pt)
γ log(pt), (3.5)

where αt ∈ [0, 1] is a weighting factor to balance classes, and γ ≥ 0 is a
focusing parameter that controls how much to down-weight easy examples.

By dynamically adjusting the loss contribution according to prediction
confidence, this mechanism alleviates the negative effects of label imbalance
and enables the classifier to learn more discriminative decision boundaries.
As a result, the final polarity classifier achieves greater robustness and gen-
eralization capability across imbalanced datasets, providing reliable perfor-
mance for the target aspect without the need for manually annotated training
data.
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3.4 Evaluation

3.4.1 Datasets

Two benchmark datasets are employed to evaluate the effectiveness of the
proposed method.

The first dataset is the SemEval-2014 Task 4 Aspect-Based Sentiment
Analysis corpus [48], hereafter referred to as the restaurant dataset. This
dataset consists of review sentences about restaurants, annotated with as-
pect categories and corresponding polarity labels. In our experiments, five
aspect categories are treated as separate domains. The overall statistics of
the dataset are summarized in Table 3.6. As shown in the table, the distri-
bution of polarity classes is highly imbalanced. While the number of positive
instances is relatively large, only a small number of conflict and neutral
instances are available, with the exception of the anecdotes aspect. This im-
balance presents a challenge for training robust classifiers and highlights the
necessity of adopting techniques such as Focal Loss.

The second dataset is the Laptop ACOS (Aspect-Category-Opinion Sen-
timent) corpus [6], hereafter referred to as the laptop dataset. It contains
reviews of laptop products collected from Amazon. To facilitate our ex-
periments, the original fine-grained aspect categories are manually grouped
into four coarse categories by the author: general, design, performance, and
quality. The statistics of the dataset are provided in Table 3.7. Similar to
the restaurant dataset, this corpus also suffers from a severe class imbal-
ance problem, particularly in the neutral category, which contains far fewer
samples than the positive and negative categories.

In summary, these two datasets provide diverse domains for evaluation
and allow us to assess the adaptability and robustness of the proposed method
under varying levels of domain shift and label imbalance.

3.4.2 Models and Experiment Settings

For all pairs of aspects, one is used as the source domain and the other is
used as the target domain. The following six methods are compared in this
experiment. The last three are our proposed methods.

Baseline 1 (BL1): The BERT model is fine-tuned with the labeled data of
the source domain. No domain adaptation method is applied.

Baseline 2 (BL2): The BERT model is fine-tuned with the labeled data
obtained by the automatic labeling described in subsection 3.3.1.
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Table 3.6: Statistics of restaurant dataset.

service food price ambience anecdotes
positive 137 542 49 127 472
negative 12 138 46 55 167
conflict 27 54 7 33 24
neutral 160 62 6 18 326
total 336 796 108 233 989

Table 3.7: Statistics of laptop dataset.

general quality performance design
positive 194 285 156 85
negative 468 114 152 139
neutral 22 15 11 31
total 684 414 319 255

CDRG [81]: A system similar to CARG, where one sentence is generated
from the original sentence by substitution of the sentiment words only.
The sentences obtained by the automatic labeling are also used for
training.

CARG (Our1): The labeled data obtained by automatic labeling (as in
Baseline 2) and the sentence generation by CARG is used for fine-
tuning the BERT.

CARG+Fil (Our2): It is similar to CARG, but the filtering of unnatural
sentences by the PLL score is also applied.

CARG+FL (Our3): It is similar to CARG, but the Focal Loss is also
used for fine-tuning the BERT.

CARG+Fil+FL (Our4): The training data is constructed as inCARG+Fil,
and the Focal Loss is used for fine-tuning the BERT. This is our full
model.

In addition, the performance of the in-domain setting (In-d), where the
source and target domains are the same, is also measured for reference. It
can be regarded as a ceiling for the domain adaptation methods.
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3.4.2.1 Evaluation Metrics

In the cross-domain experiments, accuracy is used as a primary evaluation
metric. Accuracy is defined as the proportion of correctly predicted polarity
labels among all predictions. Formally, for a multi-class classification task,
accuracy is defined as

Accuracy =

∑N
i=1 cii∑N

i=1

∑N
j=1 cij

, N = 3 or 4 (3.6)

where cij denotes the number of samples whose gold label is class i and
which are predicted as class j. Thus, cii represents the number of correctly
classified samples. In the restaurant dataset, the number of classes is N = 4,
while in the laptop dataset it is N = 3. In the in-domain setting, the macro
average of F1-measure of all polarity classes (hereafter “macro F1” in short)
In addition, macro F1 is reported to evaluate the balance among different
polarity classes.

The accuracy and macro F1 is measured by five-fold cross validation on
the reviews in the target domain. The reported accuracy and F1 are the
average across five runs.

3.4.2.2 Parameter Settings

The parameters of the proposed method are summarized in Table 3.8. These
values are chosen intuitively rather than through empirical hyperparameter
tuning, except for Tp and Ts, for which we investigate multiple values to
analyze their effect on classification accuracy. The number of epochs is set
to 10, the learning rate to 3× 10−5, and the batch size to 8 when fine-tuning
the BERT. For the restaurant dataset, 30,000 Yelp restaurant reviews are
additionally used to re-train the MLM of BERT in CARG. For the laptop
dataset, the original pre-trained BERT MLM is used without re-training.

3.4.3 Results and Discussion

3.4.3.1 In-domain Experimental Results

Tables 3.9 and 3.10 show the in-domain experimental results on the restau-
rant and laptop datasets, respectively. Each table reports the accuracy of the
five trials in five-fold cross validation, as well as the micro-averaged accuracy
across the five runs.

For the restaurant dataset, we observe that the accuracy varies depending
on the aspect. In particular, for the price and ambience aspects, there is a
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Table 3.8: Parameter settings of the proposed method

Parameter Value

Threshold Tp for automatic labeling (restaurant) {0.7, 0.8}
Threshold Tp for automatic labeling (laptop) {0.5, 0.7, 0.8}
Threshold Ts for sentiment word extraction (restaurant) {0, 0.3}
Threshold Ts for sentiment word extraction (laptop) 0
Number of extracted domain-specific keywords Td 100
Number of generated sentences in CARG Tk 100
PLL threshold Tf for filtering generated sentences −30
Hyperparameter γ of Focal Loss 2

large variance among the five trials. For example, the accuracy of the second
trial for price is only 0.455, while the accuracy of the fourth and fifth trials
for ambience is 0.565 and 0.543, respectively, both relatively low compared
with other trials. These unstable results contributed to lowering the micro-
averaged accuracy. On the other hand, for the service, food, and anecdotes
aspects, the accuracy are more stable across trials without large fluctuations.

For the laptop dataset, the accuracy for the general aspect is relatively
stable across all trials. For the other aspects, however, some trials show
relatively low accuracy. Overall, the results for the laptop dataset are more
stable than those of the restaurant dataset, and the micro-averaged accuracy
are also higher.

Table 3.9: In-domain experimental results on the restaurant dataset (five-
fold cross validation).

service food price ambience anecdotes

Trial 1 0.765 0.719 0.727 0.723 0.732
Trial 2 0.806 0.805 0.455 0.745 0.768
Trial 3 0.821 0.805 0.636 0.809 0.742
Trial 4 0.851 0.755 0.619 0.565 0.758
Trial 5 0.731 0.755 0.619 0.543 0.797
Micro Avg 0.795 0.768 0.611 0.678 0.759

3.4.3.2 Cross-domain Experimental Results

Tables 3.11 presents the experimental results on the restaurant dataset. For
each pair of source and target aspects. Statistical significance is indicated
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Table 3.10: In-domain experimental results on the laptop dataset (five-fold
cross validation).

general quality performance design

Trial 1 0.854 0.843 0.828 0.843
Trial 2 0.854 0.855 0.781 0.725
Trial 3 0.876 0.940 0.875 0.804
Trial 4 0.854 0.880 0.938 0.725
Trial 5 0.912 0.817 0.810 0.686
Micro Avg 0.870 0.867 0.846 0.757

by the marks * and +, which denote significant improvements over BL1 and
BL2, respectively, under the McNemar test (p < 0.05). The column “Ave.”
reports the micro-averaged performance across all domain pairs.

Overall, the proposed methods (Our1, Our2, our3 and Our4) consistently
outperform the baseline models. In terms of accuracy, the proposed full
model achieve superior performance on 16 out of 20 domain pairs, with sig-
nificant gains over BL1 for 11 pairs and over BL2 for 8 pairs. A similar trend
is observed for macro-F1, where our full model perform equal to or bet-
ter than the baselines on 15 domain pairs. On average, both accuracy and
macro-F1 scores are higher for the proposed methods than for the baselines.
Furthermore, comparing Our1 (CARG-based) with CDRG, both accuracy
and macro-F1 are improved, demonstrating the effectiveness of substituting
aspect- and domain-specific words for cross-aspect adaptation.

The ablation study further clarifies the contributions of each component.
Our2, which incorporates the filtering mechanism, consistently outperforms
Our1, indicating that removing low fluency sentences effectively improves
training quality. Our3, which applies Focal Loss alone without the filtering
mechanism, achieves moderate improvements over Our1, suggesting that ad-
dressing label imbalance is also beneficial, though its effect is limited when
noisy samples remain. Similarly, Our4, which adopts both the filtering mech-
anism and Focal Loss, surpasses Our2 in both average accuracy and macro-
F1. This confirms that Focal Loss alleviates the detrimental impact of label
imbalance and contributes to more robust polarity classification.

Tables 3.12 shows the results on the laptop dataset. Similar to the restau-
rant dataset, all the proposed methods outperform the baselines. However,
the number of domain pairs with statistically significant differences is smaller.
One plausible explanation is that the MLM for the restaurant dataset was
further pre-trained on a large collection of Yelp reviews, whereas the pre-
trained MLM was used without additional re-training for the laptop dataset.
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Table 3.11: Accuracy and Macro F1 of polarity classification on restaurant
dataset

(a) Accuracy of polarity classification
(source) S F P Am An average

(target) F P Am An S P Am An S F Am An S F P An S F P Am

BL1 .776 .667 .687 .533 .765 .574 .674 .607 .679 .697 .472 .421 .771 .758 .620 .526 .577 .707 .537 .614 .633
BL2 .795 .676 .687 .537 .771 .620 .687 .607 .711 .735 .459 .446 .762 .794 .639 .540 .574 .730 .528 .597 .645
CDRG .785 .676 .691 .547 .798 .620 .674 .602 .711 .747 .433 .453 .804 .784 .630 .533 .586 .730 .537 .597 .648

Our1 .798*+ .694 .682 .540*+ .783*+ .630* .704* .585 .708 .731* .472 .461 .786 .789*+ .630 .531*+ .571 .756* .546 .597 .650

Our2 .791*+ .731 .691 .541*+ .802* .657* .691* .590 .705 .754*+ .464 .433 .798*+ .794*+ .639 .558*+ .563 .727 .574*+ .597 .655

Our3 .793*+ .704+ .691 .539*+ .811*+ .649+ .684* .602*+ .708 .747*+ .479* .446 .795*+ .789*+ .639 .529 .563 .727 .574*+ .599* .653

Our4 .799*+ .713 .691 .542*+ .815* .657* .687* .602 .717 .747*+ .476 .451 .795*+ .795*+ .639 .556* .574 .731* .574*+ .605 .658

In-d .768 .611 .678 .759 .795 .611 .678 .759 .795 .768 .611 .678 .795 .768 .611 .759 .795 .768 .611 .678

(b) Macro-F1 of polarity classification
(source) S F P Am An average

(target) F P Am An S P Am An S F Am An S F P An S F P Am

BL1 .490 .440 .459 .364 .579 .387 .467 .446 .360 .343 .266 .250 .523 .485 .338 .345 .428 .494 .368 .397 .411
BL2 .510 .447 .434 .356 .568 .396 .469 .404 .378 .364 .260 .263 .492 .489 .338 .342 .381 .473 .368 .380 .406
CDRG .503 .447 .459 .367 .598 .387 .467 .401 .378 .373 .210 .267 .538 .484 .378 .354 .406 .480 .378 .380 .413

Our1 .503*+ .457 .454 .364*+ .595*+ .383* .467* .438 .379 .350* .264 .245 .527 .494*+ .395 .358*+ .381 .486* .394 .388 .416

Our2 .509*+ .476 .459 .352*+ .602* .393* .464* .446 .373 .351*+ .257 .252 .545*+ .477*+ .414 .373*+ .397*+ .466 .378*+ .388 .419

Our3 .510*+ .447+ .459 .350*+ .607*+ .387+ .459* .446*+ .379 .351*+ .257* .252 .541*+ .489*+ .414 .350 .397 .466 .378*+ .391* .417

Our4 .497*+ .467 .459 .361*+ .609* .432* .461* .428 .376 .371*+ .277 .256 .541*+ .508*+ .458 .395* .381 .469* .377*+ .391 .426

In-d .524 .405 .489 .632 .634 .405 .489 .632 .634 .524 .489 .632 .634 .524 .405 .632 .634 .524 .405 .489 —

S: service, F: food, P: price, Am: ambience, An: anecdotes.

∗: vs. BL1 (p < 0.05), +: vs. BL2 (p < 0.05)

Despite this limitation, Our1 outperforms CDRG in accuracy for 8 out of
12 domain pairs, and also achieves higher average accuracy and macro-F1
scores. Among Our1, Our2, Our3 and Our4, the performance differences
are relatively small, with Our2 yielding the best average accuracy and Our1
slightly better macro-F1. These results confirm that CARG provides consis-
tent improvements across domains and datasets.

Finally, when comparing cross-domain and in-domain performance, macro-
F1 in the in-domain setting generally exceeds that in the cross-domain set-
ting, as expected. The performance gap is particularly large for certain as-
pects, such as anecdotes in the restaurant dataset. Nevertheless, there are a
few exceptions where cross-domain adaptation performs comparably or even
better, e.g., transfers into the ”price” aspect in the restaurant dataset or into
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Table 3.12: Accuracy and Macro-F1 of polarity classification on laptop
dataset

(a) Accuracy of polarity classification

(source) G Q P D average

(target) Q P D G P D G Q D G Q P

BL1 .807 .784 .765 .741 .837 .769 .789 .850 .773 .737 .821 .809 .790
BL2 .804 .809 .757 .731 .850 .765 .773 .862 .788 .756 .831 .803 .794
CDRG .804 .800 .769 .731 .843 .769 .780 .848 .792 .756 .829 .809 .794
Our1 .807 .803 .780* .744+ .850* .769 .768 .865* .788 .770* .833* .806 .799

Our2 .812 .800 .780* .746+ .853* .765 .779 .862* .796* .772*+ .829* .815 .801

Our3 .807 .800 .780* .744+ .850* .765 .780 .848 .788 .765 .833*+ .815 .798

Our4 .816 .800 .780* .744+ .846 .773 .779 .855 .788 .768* .829* .815 .800
In-d .867 .846 .757 .870 .846 .757 .870 .867 .757 .870 .867 .846 —

(b) Macro-F1 of polarity classification

(source) G Q P D average

(target) Q P D G P D G Q D G Q P

BL1 .554 .549 .533 .475 .575 .540 .506 .568 .549 .515 .514 .533 .534
BL2 .550 .564 .520 .478 .575 .543 .504 .565 .546 .513 .540 .551 .537
CDRG .549 .564 .535 .476 .575 .534 .505 .566 .552 .514 .520 .553 .537
Our1 .560 .566 .543* .475+ .575* .542 .504 .568* .546 .527* .541* .551 .542

Our2 .563 .559 .538* .478+ .573* .537 .507 .568* .546* .520*+ .534* .557 .540

Our3 .560 .557 .543* .475+ .575* .546 .505 .566 .546* .517 .540*+ .559 .541

Our4 .555 .557 .528* .478+ .575 .546 .504 .565 .546 .515* .536* .559 .539
In-d .685 .556 .594 .661 .556 .594 .661 .685 .594 .661 .685 .556 —

G: general, Q: quality, P: performance, D: design.

*: vs. BL1 (p < 0.05), +: vs. BL2 (p < 0.05)
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”performance” aspect in the laptop dataset. These anomalies are likely due
to the limited sample sizes in certain domains (e.g., ”price” and ”ambience”
in the restaurant dataset; ”performance” and ”design” in the laptop dataset,
as shown in Tables 3.6 and 3.7). To validate this hypothesis, further experi-
ments with larger datasets are required in order to more precisely assess the
gap between in-domain and cross-domain settings.

3.4.3.3 Impact of Parameter Settings

We further investigated the impact of two parameters in the proposed frame-
work, the confidence threshold Tp for automatic labeling and the polarity-
score threshold Ts for sentiment word extraction.

Effect of Tp. As described in Section 3.3.1, the parameter Tp controls
whether a target-domain review is assigned a label based on the confidence
of the source-domain BERT classifier. For the restaurant dataset, we com-
pared BL2 with Tp = 0.7 and Tp = 0.8. The results in Tables 3.13 show that
Tp = 0.8 yields higher average accuracy in 14 out of 20 source–target pairs,
despite producing slightly fewer labeled sentences. Therefore, Tp = 0.8 was
adopted in the cross-domain experiments on the restaurant dataset.

For the laptop dataset, we compared Tp = 0.5, 0.7, and 0.8. As shown
in Tables 3.14, higher thresholds reduce the number of labeled reviews. In
some cases (e.g., when the source domain is design or quality), high thresholds
lead to lower classification accuracy. Overall, Tp = 0.5 achieved the highest
average accuracy in 9 out of 12 domain pairs, and was therefore adopted in
the laptop experiments.

Table 3.13: Accuracy and number of labeled reviews with different thresholds
Tp (restaurant dataset).

(a) Accuracy of polarity classification
(source) Service Food Price Ambience Anecdotes Average
(target) F P Am An S P Am An S F Am An S F P An S F P Am

BL2 (Tp=0.7) .786 .657 .700 .532 .762 .611 .665 .601 .702 .667 .455 .437 .807 .780 .630 .547 .577 .720 .537 .614 .639
BL2 (Tp=0.8) .795 .676 .687 .537 .771 .620 .687 .607 .711 .735 .459 .446 .762 .794 .639 .540 .574 .730 .528 .597 .645

(b) Number of labeled reviews
(source) Service Food Price Ambience Anecdotes
(target) F P Am An S P Am An S F Am An S F P An S F P Am

BL2 (Tp=0.7) 738 96 214 866 308 93 213 885 265 617 169 701 248 654 79 674 291 704 97 203
BL2 (Tp=0.8) 690 91 202 818 284 89 204 818 216 534 123 549 210 583 60 552 276 669 92 189

S: service, F: food, P: price, Am: ambience, An: anecdotes.
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Table 3.14: Accuracy and number of labeled reviews with different thresholds
Tp (laptop dataset).

(a) Accuracy of polarity classification
(source) General Quality Performance Design Average
(target) Q P D G P D G Q D G Q P

BL2 (Tp=0.5) .804 .809 .757 .731 .850 .765 .773 .862 .788 .756 .831 .803 .794
BL2 (Tp=0.7) .814 .781 .761 .725 .784 .690 .794 .853 .761 .684 .275 .476 .700
BL2 (Tp=0.8) .775 .755 .686 .396 .489 .416 .791 .845 .769 .684 .275 .476 .613

(b) Number of labeled reviews

(source) General Quality Performance Design
(target) Q P D G P D G Q D G Q P

BL2 (Tp=0.5) 406 317 254 660 317 249 680 408 252 566 371 277
BL2 (Tp=0.7) 355 297 221 501 245 188 597 377 222 252 83 110
BL2 (Tp=0.8) 265 232 182 289 153 103 530 351 208 210 74 93

G: general, Q: quality, P: performance, D: design.

Effect of Ts. The parameter Ts controls the minimum sentiment score
required for a word to be extracted as a domain-specific sentiment word. We
compared Ts = 0 and Ts = 0.3 on the restaurant dataset. The results are
shown in Table 3.15). These results indicate that Ts = 0 generally performs
better: both Our1 and Our3 achieve higher average accuracy when Ts = 0,
and Our2 shows no overall difference but more domain pairs benefit from
Ts = 0. This trend can be explained by the fact that a lower threshold
allows more sentiment words to be extracted, increasing the candidate pool
for MLM substitution and thereby enriching the generated training data.
Consequently, Ts = 0 was used in all main experiments.

Table 3.15: Accuracy of polarity classification with different thresholds Ts

(restaurant dataset).

(source) Service Food Price Ambience Anecdotes Average
(target) F P Am An S P Am An S F Am An S F P An S F P Am

Our1 (Ts=0) .798 .694 .682 .540 .783 .630 .704 .585 .708 .731 .472 .461 .786 .789 .630 .531 .571 .756 .546 .597 .650
Our1 (Ts=0.3) .793 .685 .682 .543 .783 .639 .682 .598 .708 .740 .481 .458 .786 .783 .620 .530 .565 .735 .528 .588 .646
Our2 (Ts=0) .791 .731 .691 .541 .802 .657 .691 .590 .705 .754 .464 .433 .798 .794 .639 .558 .563 .727 .574 .597 .655
Our2 (Ts=0.3) .795 .704 .695 .538 .798 .648 .682 .605 .720 .735 .455 .433 .795 .781 .667 .537 .571 .751 .611 .571 .655
Our3 (Ts=0) .799 .713 .691 .542 .815 .657 .687 .602 .717 .747 .476 .451 .795 .795 .639 .556 .574 .731 .574 .605 .658
Our3 (Ts=0.3) .791 .704 .691 .541 .792 .657 .691 .601 .720 .739 .472 .442 .801 .774 .639 .541 .589 .747 .602 .597 .657

S: service, F: food, P: price, Am: ambience, An: anecdotes.
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3.4.3.4 Analysis of Generated Review Sentences by CARG

Examples of sentences generated by CARG are shown in Tables 3.16 and 3.17.
In these tables, the “source” review sentence is transformed into a “target”
review sentence of another domain. The underlined words indicate the re-
placed tokens. The label shown after the source domain sentence corresponds
to the gold polarity label of the dataset. In CARG, the same polarity label
as the original source sentence is assigned to the generated target-domain
sentence; the label after the target sentence represents this automatically
assigned polarity. If the assigned polarity is correct, the sentence is marked
with !, while an incorrect polarity assignment is indicated with %.

Table 3.16 presents examples in which CARG successfully generated ap-
propriate target-domain sentences. For instance, given a source review from
the service domain (“The service was attentive and her suggestions of menu
items was right on the mark.”), sentiment words such as “good” and “great,”
which are commonly used in the food domain are replaced by the original
sentiment words, while “service” is replaced by “food.” Similarly, in the
case of a food review sentence (“The wine list is extensive and impressive.”),
domain-specific words such as “wine” and “list” are replaced with “customer”
and “service,” and the sentiment adjectives “extensive” and “impressive” are
substituted with “good” and “friendly,” which are typical for the service do-
main. Another example shows that ambience-related words such as “decor,”
“hip,” and “happening” are replaced with food-related words like “pizza,”
“salty,” and “spicy.”

However, not all generated sentences are appropriate. Some sentences are
unnatural, irrelevant to the target domain, or assigned an incorrect polarity
label. Such cases can potentially harm the performance of polarity classifica-
tion. Table 3.17 presents such inappropriate examples. In the first example,
the food review sentence “The dinner menu is diverse and top-notch as well.”
is transformed into a sentence by replacing “menu” with the service-related
word “table.” Although grammatically correct, the resulting sentence cannot
be considered as a typical service-domain review. In the second example, the
source review “All my co-workers were amazed at how small the dish was.”
from the service domain is labeled as negative due to the presence of “small.”
In the generated sentence, however, “small” and “dish” are replaced with the
positive terms “good” and “service,” yet the sentence still inherits the nega-
tive label from the source. This results in an incorrect polarity assignment.

Based on these observations, there is room for improving CARG:

1. When predicting candidate words to fill [MASK], the polarity of the
word is not considered. If the replaced word has an opposite polarity to
the original, the polarity of the entire sentence may change. Therefore,
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polarity consistency should be incorporated into the word replacement
process.

2. Sometimes, [MASK] is filled with words unrelated to the target domain,
often due to insufficient extraction of domain-specific words in domains
with fewer reviews. A mechanism to estimate the domain-likelihood of
candidate words could address this issue.

3. Although not discussed in detail above, generated sentences often ex-
hibit redundancy, with near-duplicate sentences or limited lexical di-
versity. This is likely caused by beam search pruning and the threshold
Tk limiting the number of candidate words. Improving the generation
algorithm to allow more diverse substitutions may mitigate this prob-
lem.

Table 3.16: Examples of appropriate target-domain sentences generated by
CARG.

Domain Review sentence

Service
(Source)

The service was attentive and her suggestions of menu items
was right on the mark. (positive)

Food
(Target)

The food was good and her choice of menu items was great on

the menu. (positive!)

Food
(Source)

The wine list is extensive and impressive. (positive)

Service
(Target)

The customer service is good and friendly. (positive!)

Ambience
(Source)

The decor is really blah and not at all hip or happening. (neg-
ative)

Food
(Target)

The pizza is really blah and not at all salty or spicy. (nega-

tive!)

3.5 Summary

In summary, the evaluation results demonstrated that the combination of
automatic labeling and cross-aspect review generation can effectively adapt
ASC models when unlabeled target-domain data is available. The results
showed consistent improvements over baselines, especially in mitigating label
imbalance with Focal Loss. However, this framework inherently assumes
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Table 3.17: Examples of inappropriate target-domain sentences generated by
CARG.

Domain Review sentence

Food
(Source)

The dinner menu is diverse and top-notch as well. (positive!)

Service
(Target)

The dinner table is diverse and top-notch as well. (positive!,
irrelevant to domain)

Service
(Source)

All my co-workers were amazed at how small the dish was.
(negative!)

Food
(Target)

All my co-workers were amazed at how good the service was.

(negative%)

that target-domain reviews can be collected in advance, which is not always
feasible in practice. To address scenarios where even unlabeled target data
is absent, the next chapter investigates a more challenging domain-agnostic
setting.
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Chapter 4

Aspect-Enhanced Prompting
for Domain-Agnostic
Adaptation

4.1 Problem Settings

In this chapter, we also address the problem of ASC. The focus of this study
is on ASC under a Multi-Source Domain Adaptation setting, with the addi-
tional constraint that the target domain is entirely unseen. More concretely,
the objective is to classify the sentiment of an aspect in a review text from a
target domain where no data, neither labeled nor unlabeled is available dur-
ing training. This setting, referred to as domain-agnostic adaptation, reflects
practical scenarios in which a new domain suddenly emerges, and there is no
opportunity to collect even unlabeled target data beforehand.

Formally, let Ds = {D1, D2, . . . , Dn} denote a set of datasets from multi-
ple source domains. Each dataset Di consists of labeled samples (x, a, y),
where x is a review text, a is the corresponding aspect term, and y ∈
{positive, negative, neutral} is the sentiment label toward aspect a. In con-
trast, let Dut denote the set of unseen target domain, which remains com-
pletely unavailable during training time.

The research problem is thus formulated as follows: given training data
exclusively from multiple source domains Ds, the goal is to learn a model
that can accurately predict the sentiment labels of aspects in Dut, despite
the absence of any target-domain supervision or adaptation signals.
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4.2 Overview of the Proposed Approach

In our Aspect-Enhanced Prompting (AEP) framework, the Aspect Sentiment
Classification (ASC) task is reformulated as a text generation problem. In-
stead of directly predicting a class label, the model generates a sentiment
word guided by a prompt. To achieve this, the framework employs two com-
plementary generative models, as illustrated in Figure 4.1.

The first model is the Prompt Generation Model, which receives a review
text and a target aspect as input and generates a corresponding prompt.
Here, the review is represented as the original review sentence, and the aspect
is represented as its textual aspect name in natural language. These two
inputs are concatenated into the prompt generation model to generate its
corresponding prompt. A prompt is a natural language query posed to a
text generation model, explicitly asking about the sentiment toward a given
aspect. For example, a prompt may take the following form: What is the
sentiment of [aspect] considering [ARFs] in the review?

Here, Aspect-Related Features (ARFs) are defined as words in a review
that are closely related to a given aspect and provide strong contextual or
sentimental cues for polarity classification. For instance, in the review “The
staff ignored my friends and I the entire time we were there,” the aspect is
“staff” and the ARFs may include “ignored”, “friends”, and “entire”. The
Prompt Generation Model integrates such ARFs into the prompt, thereby
highlighting aspect-relevant information.

The second model is the Sentiment Classification Model, which takes both
the review text and the generated prompt as input, and produces a sentiment
word such as positive, negative, or neutral. This design effectively converts
ASC into a prompt-based generation task, allowing sentiment prediction to
be guided by linguistically enriched prompts.

Prompt 
Generation 

Model

Sentiment 
Classification 

Model

The staff ignored my 
friends and I the entire time 
we were there.

What is the sentiment of 
staff considering ignored 
friends entire in the review?

Review Prompt

negative

Sentiment

Aspect staff

Figure 4.1: Overview of the proposed Aspect-Enhanced Prompting (AEP)
framework. A review and an aspect in it are given to the Prompt Generation
Model to generate a natural language prompt, which is then used by the
Sentiment Classification Model to output the sentiment polarity.

The Prompt Generation Model plays a central role in this framework.
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By learning how to automatically extract and integrate ARFs into prompts,
it provides crucial signals for guiding sentiment classification. Importantly,
since it is trained on samples from multiple source domains, the model can
incorporate domain-independent linguistic patterns and generate prompts
that remain informative even in unseen domains. This enhances robustness
against domain shift. Furthermore, although text generation models are
known to be sensitive to prompt design, our Prompt Generation Model is
capable of automatically producing the most appropriate prompts for a given
review, thereby improving generalization across domains.

4.3 Proposed Method

Figure 4.2 shows an overview of the training of two text generation models.

review

prompt

prompt

sentiment

Prompt 
Generation 

Model

Sentiment 
Classification 

Model

Step 4: Training of Initial models
Step 6: Re-training of models

This is a great Thai restaurant 
with a very friendly staff.

Given the statement text, where aspect staff is described 
as friendly Thai restaurant, what is the sentiment?
How is the sentiment towards staff being friendly Thai 
restaurant?
What is the sentiment outcome when staff equals 
friendly Thai restaurant?

Given the statement text, where aspect staff is described 
as friendly Thai restaurant, what is the sentiment?

staff

friendly, Thai, restaurant

review aspect

positive

sentiment

Step 2:   Prompt Generation

Step 3: Prompt 
Selection by MLM

Step 5:
Prompt Rescoring

prompt

prompt candidates

ARF extraction
Step 1: fine-tuning

fine-tuning

training samples in source domain

ARF
(Aspect Related  

Feature)

Figure 4.2: Overview of the training

In Step 1, several ARFs are extracted from each training sample in source
domains. In Step 2, candidates for the prompts are produced by filling an
aspect and ARFs into a template. In Step 3, scores of the prompts are calcu-
lated to choose the best prompt. In Step 4, the Prompt Generation Model is
obtained by fine-tuning a pre-trained generative language model using pairs
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of reviews and chosen prompts. Also, the Sentiment Classification Model
is fine-tuned using reviews, prompts, and ground-truth sentiment labels. In
Step 5, the prompts are updated by rescoring based on the initially trained
Sentiment Classification Model. In Step 6, the prompt generation model
and the sentiment classification model are re-trained by fine-tuning with the
updated prompts.

The succeeding subsections will explain the details of these steps.

4.3.1 Extraction of Aspect-Related Features

A key component of the proposed framework is the extraction of ARFs.
ARFs represent words in a review that carry a strong semantic of statistical
association with the given aspect. Incorporating such features into prompts
provides explicit hints that help generative models focus on the sentiment
context relevant to the aspect under consideration.

The extraction procedure is carried out in three steps. First, review texts
that contain the target aspect are tokenized. Second, stopwords, punctua-
tion marks, and other non-informative tokens are removed to reduce noise.
Finally, the remaining content words are treated as candidate features for
further extraction. To quantify the degree of association between an aspect
a and a candidate feature f , we compute the Pointwise Mutual Information
(PMI):

PMI(a, f) = log
P (a, f)

P (a)P (f)

where P (a, f) denotes the joint probability that the aspect a and the fea-
ture f co-occur, while P (a) and P (f) represent their marginal probabilities.
Intuitively, PMI measures how frequently the two terms co-occur compared
to what would be expected if they were independent. A higher PMI score
indicates a stronger association between the aspect and the candidate feature.

Since domain-specific usage can vary, PMI is computed separately within
each source domain. For each aspect in a review sentence, the top Narf

candidate words with the highest PMI values are selected as ARFs. This
parameter Narf determines the number of ARFs incorporated into subsequent
prompt construction.

Examples of extracted ARFs from different domains are presented in Ta-
ble 4.1. The results demonstrate that ARFs capture meaningful associations
between aspects and their linguistic context. For instance, in the restaurant
domain, the aspect staff is closely related to ARFs such as friendly, Thai, and
restaurant. Similar patterns can be observed in other domains, confirming
that appropriate ARFs are successfully identified across diverse settings.
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Table 4.1: Extracted Aspect-Related Features from different domains.

Review Domain Extracted ARFs
This is a great Thai restau-
rant with a very friendly
staff.

Restaurant friendly, Thai, restaurant

The battery was completely
dead, in fact it had grown
about a quarter inch thick
lump on the underside.

Laptop thick, grown, quarter

It is a perfect phone in such a
small and appealing package.

Device perfect, small, appealing

I have heard of people having
problems receiving email out
of order or not receiving some
of their messages at all.

Service heard, people, problems

Most are very expensive to
rent or buy even the grotty
little flats and bedsits in LO-
CATION1.

Location expensive, rent, buy

Note: Narf is set to 3. The aspects are underlined.
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While the PMI-based extraction procedure is effective in identifying aspect-
relevant words, it also has certain limitations. First, PMI relies purely on
statistical co-occurrence and does not explicitly account for whether a fea-
ture word conveys sentiment. As a result, high-PMI words may sometimes
include topical or descriptive terms that are semantically related to the as-
pect but sentiment-neutral (e.g., restaurant for the aspect staff ). Second,
the estimation of probabilities is sensitive to data sparsity, meaning that
rare but sentimentally important words may not be selected as ARFs if their
co-occurrence frequency is too low. Third, since PMI is calculated indepen-
dently within each source domain, inconsistencies may arise when transfer-
ring features across domains with very different vocabularies.

These limitations suggest that ARFs extracted solely by statistical as-
sociation may not always provide sufficient sentiment hints. Therefore, it
becomes crucial to design a mechanism that can effectively utilize ARFs
while remaining robust to noise and variability. In the proposed framework,
this role is fulfilled by the Prompt Generation Model, which learns how to
integrate ARFs into task-specific prompts in a way that enhances the gener-
alization ability of sentiment classification across unseen domains.

4.3.2 Generation of Candidate Prompts

Once the ARFs have been extracted, the next step is to generate ARF-
based prompts that serve as inputs to the generative sentiment classification
framework. The purpose of prompt generation is to explicitly highlight the
relationship between a target aspect and its associated ARFs, thereby guiding
the sentiment classification process.

To achieve this, we manually designed a collection of natural-language
prompt templates. In designing the prompt templates, several principles
were considered to ensure that the generated prompts effectively capture
the sentiment context. First, the prompts should maintain a natural and
fluent sentence structure so that the model can interpret them as realistic
language inputs. Second, both the aspect term and the extracted ARFs
should appear in semantically meaningful positions within the sentence to
preserve their syntactic relationship. Third, the templates should be diverse
enough to prevent the model from overfitting. Finally, the templates should
cover a wide range of syntactic and pragmatic forms.

Follow these principles, the manual designed templates fall into two cat-
egories: (1) question templates, which explicitly ask about the sentiment
associated with a given aspect and its ARFs, and (2) description templates,
which describe the aspect together with its ARFs in a declarative form and
then request a sentiment prediction. This diversity in syntactic structure
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exposes the model to multiple ways of expressing sentiment queries, reduc-
ing sensitivity to specific patterns. Here are examples of a templte of each
category.

• Question template: What is the sentiment of [aspect] considering
[ARFs] in the review?

• Description template: Predict the sentiment for [aspect] described
as [ARFs].

In total, a set of 20 prompt templates was created, evenly distributed
across the two categories. The complete list of templates is provided in
Appendix A. Candidate prompts are obtained by filling a target aspect and
its corresponding ARFs into these templates.

In addition to the manually designed templates used in the AEP frame-
work, we also explored a supplementary approach to examine the diversity
of possible templates. Specifically, we utilized ChatGPT [43] to automati-
cally generate a larger set of templates that also contained placeholders for
both aspect term and ARFs. These automatically generated templates by
LLM were not directly employed in the AEP framework. Instead, we used
them only as an additional comparison, to compare the performance of AEP
with manually designed templates versus AEP with automatically generated
templates.

4.3.3 Prompt Scoring

Since multiple candidate prompts are generated from different templates, it is
necessary to determine which prompt is most suitable for guiding sentiment
classification. To this end, we introduce a prompt scoring mechanism that
evaluates each candidate and selects the best one. The scoring is carried out
using the Masked Language Model (MLM) of BERT [8], which is able to
estimate the probability of filling a masked token in a given sentence. In our
case, the MLM estimates the likelihood that an extracted Aspect-Related
Feature (ARF) can appropriately fill a masked position within a prompt
template. Intuitively, a good prompt should provide a natural linguistic
context in which the ARFs are highly probable according to the language
model.

Formally, let ti denote the i-th prompt template that is filled with a
given aspect, and let fj represent the j-th ARF associated with that aspect.
The score of a candidate prompt pi is defined as the sum of MLM-estimated
probabilities over all ARFs:
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Score(pi) =
∑
j

MLM(pi, fj) =
∑
j

P (fj | ti) =
∑
j

softmax(Logitsmasked position(fj)
)

(4.1)

where ti is the ith template filled with the aspect, fj is the jth ARF,
and MLM(ti, fj) is the MLM-estimated probability that fj is filled into ti.
Finally, the prompt pi with the highest score is selected as the best prompt
for subsequent training and inference.

4.3.4 Training of Initial Models

After selecting the best prompt for each training instance, we construct
prompt-augmented samples of the form (x, a, y, pi), where x is a review, a
is the target aspect, y is the ground-truth sentiment label, and pi is the se-
lected prompt. These samples are then used to train two models: the Prompt
Generation Model and the Sentiment Classification Model. Both models are
built upon the Text-to-Text Transfer Transformer (T5) architecture [15], and
in this study we employ the pre-trained T5-base model as the base model.

To represent the input for both models, we define the tokenized sequences
as follows. For the Prompt Generation Model, the input is the concatenation
of the review x = {w1, w2, . . . , wT} and the aspect a:

XPG = [<s>, w1, w2, . . . , wT , <sep>, a, </s>], (4.2)

where <s> and </s> denote the start and end tokens, and <sep> separates
the review and aspect segments. For the Sentiment Classification Model, the
input is the concatenation of the review x and the generated prompt p:

XSC = [<s>, w1, w2, . . . , wT , <sep>, p, </s>]. (4.3)

For the Prompt Generation Model, the goal is to generate an appropriate
prompt given a review and its aspect. The input to the model is the concate-
nation of the review x and aspect a, while the output is the target prompt
pi. The model is fine-tuned using the standard token-level cross-entropy loss:

Lprompt = −
T∑
t=1

logP (pt | p<t, [x; a]), (4.4)

where pt is the t-th token of the ground-truth prompt, p<t represents all
tokens generated before step t, and P (· | p<t, [x; a]) is the conditional proba-
bility distribution over the vocabulary produced by the model.
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For the Sentiment Classification Model, the goal is to predict the senti-
ment label of an aspect based on the review and its corresponding prompt.
The input is the concatenation of the review x and prompt p, and the output
is the sentiment label y. The model is fine-tuned using the cross-entropy loss
defined as:

Lsentiment = − logP (y | [x; p]), (4.5)

where P (y | [x; p]) denotes the probability that the model generates the
correct label y given the input pair.

By training these two models with prompt-augmented data, the frame-
work learns not only to produce effective aspect-aware prompts but also to
utilize them for robust sentiment classification, thereby improving the gen-
eralization ability in unseen domains.

4.3.5 Rescoring of the Prompts and Re-Training of the
Models

As described in subsection 4.3.3, the initial selection of prompts relies on the
MLM of BERT, which primarily evaluates the fluency of prompts. However, a
prompt that has higher fluency does not necessarily ensure high effectiveness
for sentiment classification. In other words, although MLM-based scoring
provides a useful prior, it may fail to identify the prompt that best contributes
to improving the performance of the downstream ASC task. To address this
limitation, we introduce a further rescoring mechanism that directly evaluates
the appropriateness of prompts using the performance of the initially trained
Sentiment Classification Model.

In this mechanism, all candidate prompt templates are rescored accord-
ing to the prediction probability produced by the Sentiment Classification
Model. Specifically, given a review x, an aspect a, and the corresponding
label y, the initially selected prompt pbest is re-evaluated by computing the
probability that Msc (the Sentiment Classification Model) correctly predicts
y when conditioned on x, a, and pbest. If this probability is sufficiently high,
pbest is retained. Otherwise, the algorithm selects a new prompt pnew from the
remaining candidates, choosing the one that maximizes the prediction prob-
ability of the correct label. This process ensures that the selected prompt
is not only linguistically natural, but also empirically validated to improve
classification performance.

Algorithm 2 presents the pseudocode of the rescoring mechanism. Here,
θ is a hyperparameter that acts as a threshold: if the confidence of the

53



Sentiment Classification Model exceeds θ, the initial prompt is accepted;
otherwise, a replacement is sought among the remaining prompts.

Algorithm 2 Prompt Rescoring Algorithm

1: Input: Training sample (x, a, y), selected prompt pbest, set of all prompts
P , initial Sentiment Classification Model Msc

2: Output: Updated prompt pnew
3: prob← Prediction Prob(Msc, x, a, pbest, y)
4: if prob > θ then
5: pnew ← pbest
6: else
7: P ′ ← P \ {pbest}
8: pnew ← argmaxpi∈P ′ Prediction Prob(Msc, x, a, pi, y)
9: end if

10: return pnew

After rescoring is applied to all training samples, the dataset is updated
with the newly assigned prompts. The Prompt Generation Model and the
Sentiment Classification Model are then fine-tuned again using this updated
dataset. This re-training procedure has two key benefits: (1) it reduces the
reliance on fluency-based scoring and directly optimizes prompts for senti-
ment classification accuracy, and (2) it provides a feedback loop in which the
Sentiment Classification Model helps refine the prompts, which in turn en-
hances its own performance. Through this refinement, the overall framework
achieves more robust generalization in unseen domains.

4.3.6 Cluster-Based Prompt Expansion

While the prompt selection procedure described earlier helps to reduce prompt
bias, relying on a single prompt during inference can still make the classifica-
tion model sensitive to the specific wording of the prompt. This phenomenon,
often referred to as prompt bias, occurs when a given prompt unintentionally
favors a particular sentiment class, thereby reducing performance. To allevi-
ate this issue, we propose a cluster-based prompt expansion mechanism,
which is applied at the inference step to increase the diversity of prompts and
improve the stability of sentiment classification.

Figure 4.3 illustrates an overview of the cluster-based prompt expansion
process, and Algorithm 3 presents the pseudocode. Given a review x and
a target aspect a from the unseen domain, the Prompt Generation Model
Mpg first generates an initial prompt porig (Line 3). From this prompt, the
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ARFs are extracted as a set F (Line 4). Next, a collection of prompts is
constructed by instantiating each template ti ∈ T with the aspect a and
ARFs F (Lines 5–8).

Prompt 
Generation 

Model

Sentiment 
Classification 

Model
votingCPE

review

aspect
prompt sentiment

Cluster-based Prompt Expansion

original prompt expanded prompt

prompt
prompt1
prompt2
prompt3
prompt4

prompt
generation

clustering selection

C1 C2

C3

Cclosest

Figure 4.3: Overview of Cluster-Based Prompt Expansion

Algorithm 3 Cluster-Based Prompt Expansion Algorithm

1: Input: Review (x, a), set of templates T , Prompt Generation Model
Mpg, Sentiment Classification Model Msc

2: Output: Predicted sentiment label ŷ
3: porig ← Prompt Generation(Mpg, x, a)
4: F ← Extract ARF(porig)
5: P ← ∅
6: for ti ∈ T do
7: pi ← Fill Template(ti, a, F ) ; P ← P ∪ {pi}
8: end for
9: C ← Kmeans Clustering(P, k)

10: Cclosest ← argmaxCi∈C Similarity(porig, Ci)
11: Pall ← {porig} ∪ Cclosest

12: ŷ ← Voting(Msc, Pall)
13: return ŷ

To diversify prompts, we apply clustering on the constructed set P (Line 9).
We choose K-Means [39] as the major clustering method. Each prompt is
first converted into a dense embedding using the pre-trained BERT model,
and clustering is performed in this embedding space. The number of clusters
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k is set to 5 empirically, since the goal of clustering is not to obtain fine-
grained semantic groups, but rather to group similar prompts before voting.
Given that the total number of prompt templates is is N = 20, this setting
results in each cluster containing approximately four prompt candidates. The
cluster whose centroid is most similar to the embedding of porig is selected as
Cclosest (Line 10). Finally, the original prompt together with the prompts in
Cclosest (forming the set Pall) are used for sentiment classification (Line 11).

The sentiment label is determined by aggregating the predictions of Msc

across all prompts pi ∈ Pall. We employ two aggregation mechanisms: ma-
jority voting and weighted voting.

In the majority voting scheme, the sentiment class with the highest fre-
quency among the predictions is chosen:

ŷ = argmax
y

∑
pi∈Pall

1
(
Msc(x, a, pi) = y

)
, (4.6)

where 1(·) is an indicator function that returns 1 if the predicted label equals
y, and 0 otherwise.

In the weighted voting scheme, we treat the original prompt with higher
importance so that it is assigned with higher weighs, while all supporting
prompts in the cluster share equal lower weights:

ŷ = argmax
y

(
worig·1(Msc(x, a, porig) = y)+

∑
pi∈Cclosest

wsup·1(Msc(x, a, pi) = y)
)
,

(4.7)
where worig = 1 and wsup =

1
|Cclosest|

.
By expanding the set of prompts through clustering and voting, this

method mitigates prompt bias and ensures that sentiment predictions are
less sensitive to the choice of a single prompt. As a result, cluster-based
prompt expansion provides a more robust and reliable inference mechanism
for aspect-level sentiment classification in unseen domains.

4.4 Evaluation

4.4.1 Datasets

To evaluate the effectiveness and robustness of the proposed framework, we
conduct experiments on five publicly available datasets from distinct do-
mains: Restaurant (R), Laptop (La), Device (D), Service (S), and Location
(Lo). Each dataset consists of review–aspect–sentiment triples, where the
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sentiment label is annotated as positive, negative, or neutral. The use of
multiple domains allows us to assess not only in-domain performance but
also the generalization ability to unseen domains.
Restaurant and Laptop: The datasets from the SemEval-2014 ABSA
task [49] are used for the restaurant and laptop domains. These benchmark
datasets contain reviews from real users. Each review is annotated with fine-
grained aspect terms and corresponding sentiment labels. They are widely
adopted in ABSA research and provide a evaluation baseline.
Device: The dataset for the device domain is taken from Toprak et al. [62].
It includes user reviews of electronic devices such as smartphones, covering
a wide variety of product features.
Service: The service domain dataset originates from Hu and Liu [23]. It
contains user opinions on aspects related to service quality, such as staff
responsiveness and customer satisfaction.
Location: For the location domain, we employ the Sentihood dataset [53],
which focuses on location-based sentiment analysis. It consists of reviews
that evaluate public perceptions of specific places or neighborhoods, making
it distinct from the other datasets.

These five datasets were selected to represent a wide range of scenarios,
covering both product and service-oriented contexts. While the Laptop and
Device datasets may share some similarities due to their focus on consumer
electronics, the other domains differ substantially in vocabulary and content.
This diversity enables a comprehensive evaluation of the adaptability of the
proposed framework under significant domain shifts.

The class distributions of the datasets are summarized in Table 4.2. It is
worth noting that the Device and Location datasets contain only positive and
negative labels, whereas the other three datasets include the neutral class.
Accordingly, binary sentiment classification is performed for the Device and
Location domains, and ternary classification is conducted for the remaining
domains.

In the evaluation, we adopt a leave-one-domain-out strategy: one domain
is designated as the unseen target domain, and the remaining four serve as
multiple source domains. This setting directly reflects the research problem
addressed in this dissertation, namely, how to generalize the model to perform
well in an unseen target domain without any target-domain supervision.

57



Table 4.2: Statistics of the five datasets used in the evaluation.

Domain Positive Negative Neutral Total

Restaurant 795 287 217 1,299

Laptop 482 505 177 1,164

Device 589 375 – 964

Service 920 629 135 1,684

Location 954 480 – 1,434

4.4.2 Experimental Settings

The experimental settings, including the hyperparameters used throughout
the training and evaluation process, are summarized in Table 4.3. For the
extraction of ARFs, the number of extracted tokens per review, denoted as
Narf , is fixed at 3. As described in Section 4.3, both the Prompt Generation
Model Mpg and the Sentiment Classification Model Msc are implemented
using the T5-base model. Since these models play different roles within the
framework, they are fine-tuned with different hyperparameters. Specifically,
Mpg requires a relatively higher learning rate and a longer training schedule
to effectively adapt to the prompt generation task, whereas Msc is optimized
with a smaller learning rate and fewer epochs to prevent overfitting on the
classification task. In addition, after the prompt re-scoring process, both
models perform an additional fine-tuning step with a smaller learning rate
to refine their performance.

Table 4.3: Hyperparameter settings. Mpg and Msc denote the Prompt Gen-
eration Model and the Sentiment Classification Model, respectively.

Process Parameter Value

Extraction of ARFs Narf 3

Fine-tuning of Mpg Learning Rate 1× 10−4

Epochs 10

Fine-tuning of Msc Learning Rate 3× 10−5

Epochs 2

Additional fine-tuning of Mpg & Msc Learning Rate 3× 10−6

Epochs 1
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For the ASC task, we adopt two widely used evaluation metrics: accuracy
and the macro-averaged F1-score. The macro-averaged F1-score is computed
over either two sentiment classes (positive and negative) when the target do-
main lacks neutral labels (e.g., Device and Location), or over three sentiment
classes (positive, negative, and neutral) for the other domains.

4.4.3 Models for Comparison

To evaluate the effectiveness of the proposed method, we compared it against
several baseline and state-of-the-art models. The compared methods can be
categorized into three groups: (1) basic fine-tuning baselines, (2) prompt-
based learning methods from prior work, and (3) state-of-the-art domain
adaptation methods. Finally, our proposed AEP framework with additional
modules is included for comparison.

(1) Basic fine-tuning baseline

• T5-base: A standard T5-base model fine-tuned on the training data
from multiple source domains. Unlike our framework, this model does
not employ any domain adaptation techniques. Instead, it was directly
finetuned with the review and the corresponding aspect, and then gen-
erates a sentiment word as the classification output.

(2) Prompt-based learning approaches

• AutoPrompt (AP) [56]: A prompt-based method that automatically
constructs discrete prompts through gradient-guided search. In this
experiment, we applied AP to the multi-source unseen domain adap-
tation setting for ASC. Two pre-trained language models, BERT and
RoBERTa (the latter being used in the original paper), are employed.

• LM-BFF [13]: A prompt-based fine-tuning approach designed to im-
prove model performance in few-shot scenarios by leveraging auto-
matically generated prompts and demonstrations. Although originally
developed for few-shot learning, we extended LM-BFF to the multi-
source unseen domain adaptation setting by utilizing the entire training
dataset. RoBERTa is used as the pre-trained model.

(3) Domain adaptation method

59



• PADA [2]: A state-of-the-art model for multi-source unseen domain
adaptation, which adapts knowledge from source domains to target do-
mains by jointly capturing domain-specific and domain-invariant fea-
tures. For a fair comparison, we reimplemented PADA and applied it
to our dataset under the same experimental conditions.

(4) Our proposed method

• AEP+RS+CE: Our proposed Aspect-Enhanced Prompting (AEP)
method, which integrates aspect-related features into prompt construc-
tion. This model reported here further incorporates two modules:
prompt rescoring (+RS) and cluster-based prompt expansion (+CE),
designed to improve robustness and generalization across domains.

4.5 Results

Table 4.4 shows the aspect sentiment classification performance of six mod-
els in terms of accuracy and macro F1-score across five domain adaptation
scenarios, where one of the five domains is selected as the unseen target
domain. The column “Average” reports the macro average over these five
cases. An asterisk (*) indicates that the difference between the baseline and
our proposed model is statistically significant (p < 0.05).

When compared with T5-base, our AEP+RS+CE model achieves clear
improvements across all five target domains. On average, the accuracy of
AEP+RS+CE is 0.832, which is 0.034 points higher than T5-base. The
largest improvements are observed in the Location domain (+0.066) and the
Device domain (+0.047), where the domain discrepancy is relatively large.
A similar tendency is observed for the macro F1-score. AEP+RS+CE ob-
tains the highest average F1-score of 0.697, outperforming T5-base by 0.036
points. These results clearly demonstrate that our Aspect-Enhanced Prompt-
ing framework provides statistically significant gains over T5-base, and that
its advantage is consistent across all target domains.

Compared to AutoPrompt (BERT), AEP+RS+CE consistently achieves
superior accuracy and F1-score across all target domains, with significant ac-
curacy improvements observed in the Service (+0.043) and Location (+0.057)
domains. On average, AEP+RS+CE demonstrates higher accuracy and
macro F1-score, highlighting its robustness over AutoPrompt (BERT). When
compared to AutoPrompt (RoBERTa), AEP+RS+CE maintains higher ac-
curacy and F1-score in most target domains. However, in the Restaurant
and Laptop domains, AutoPrompt (RoBERTa) performs better. Addition-
ally, AutoPrompt (RoBERTa) consistently surpasses AutoPrompt (BERT)
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Table 4.4: Performance of Aspect Sentiment Classification

(a) accuracy
Model MS→R MS→La MS→D MS→S MS→Lo Average
T5-base 0.746* 0.754* 0.882* 0.798* 0.809* 0.798*
AP(BERT) 0.743* 0.758* 0.893* 0.793* 0.818* 0.801*
AP(RoBERTa) 0.767* 0.770 0.901* 0.819* 0.857* 0.823*
LM-BFF 0.752 0.764 0.891* 0.802* 0.806* 0.803*
PADA 0.756 0.780* 0.907* 0.832 0.815* 0.818*
AEP+RS+CE 0.754 0.769 0.928 0.835 0.875 0.832

(b) macro F1-score
Model MS→R MS→La MS→D MS→S MS→Lo Average
T5-base 0.522 0.545 0.892 0.550 0.796 0.661
AP(BERT) 0.519 0.552 0.895 0.546 0.807 0.664
AP(RoBERTa) 0.551 0.582 0.897 0.561 0.842 0.687
LM-BFF 0.539 0.558 0.893 0.552 0.796 0.668
PADA 0.544 0.575 0.908 0.577 0.805 0.682
AEP+RS+CE 0.527 0.596 0.925 0.576 0.862 0.697
Note: MS stands for “multi-source domains”. Bold indicates the best

among all models.
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across all target domains, likely due to its use of RoBERTa-large, a model
with substantially more parameters and richer pre-trained representations
than the base versions of BERT. Overall, while AutoPrompt (RoBERTa)
achieves competitive results, our model AEP+RS+CE achieves better per-
formance on average.

Compared to LM-BFF (RoBERTa), AEP+RS+CE achieves higher accu-
racy across all target domains. In terms of macro F1-score, it outperforms
LM-BFF in all domains except Restaurant. Notably, the performance of LM-
BFF (RoBERTa) is comparable to that of T5-base, which suggests that its
advantage is limited in a full-data training setting. This may be due to LM-
BFF’s design, which is specifically optimized for few-shot learning. When
applied to a full training dataset, traditional fine-tuning methods like T5-
base can achieve similar results. Overall, this indicates that AEP+RS+CE
provides robust performance across diverse domains.

In comparison to the PADA, the AEP+RS+CE does not consistently
demonstrate superior performance. When the target domain is Restaurant
or Laptop, i.e., the datasets of the SemEval 2014 ABSA task, the PADA
performs better than our method. Nevertheless, for three out of the five
domains, the accuracy of the AEP+RS+CE is better than the PADA. In
terms of the F1-score, our method is less effective than the PADA for the
Restaurant domain, but better or comparable for the other domains. On
average across the five domains, the AEP+RS+CE outperforms the PADA
in terms of both the accuracy and F1-score. These results indicate that
the AEP has an excellent ability to adapt the sentiment classification model
to different types of domains. The mechanism for automatically generating
the prompts including ARFs could contribute to preventing the model from
performing worse on an unseen target domain.

4.6 Detailed Evaluation of the Components

Several additional experiments have been conducted to evaluate the contri-
bution of the components in the AEP model. As the results for accuracy
and macro-weighted F1-score are nearly the same, only the macro-weighted
F1-score will be presented in this subsection.

4.6.1 Ablation Study

To observe the contribution of each component in the proposed AEP frame-
work, we conducted an ablation study by selectively removing the prompt
rescoring (RS) and cluster-based prompt expansion (CE) modules. The re-
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sults are summarized in Table 4.5. In the table, the symbol × in the columns
“RS” and “CE” indicates that the corresponding module was removed. The
column “∆” represents the difference in macro F1-score compared with the
full AEP+RS+CE model.

Table 4.5: Ablation study of the AEP model.

Model RS CE MS→R MS→La MS→D MS→S MS→Lo Average

AEP+RS+CE 0.527 0.596 0.925 0.576 0.862 0.697
AEP+CE × 0.526 0.596 0.921 0.575 0.853 0.694
(∆) (−0.001) (0.000) (−0.004) (−0.001) (−0.009) (−0.003)
AEP+RS × 0.525 0.583 0.923 0.572 0.857 0.692
(∆) (−0.002) (−0.013) (−0.002) (−0.004) (−0.005) (−0.005)
AEP × × 0.521 0.549 0.916 0.572 0.846 0.681
(∆) (−0.006) (−0.047) (−0.009) (−0.004) (−0.016) (−0.016)
T5-base × × 0.522 0.545 0.892 0.550 0.796 0.661

When the prompt rescoring module is removed, the average macro F1-
score decreases slightly to 0.694. The most notable decline is observed in the
Location domain, where the F1-score drops from 0.862 to 0.853 (−0.009).
Although the Laptop domain shows no decline, the other drops suggest that
the prompt rescoring module plays an important role in selecting more suit-
able prompts based on the initial Sentiment Classification Model, thereby
improving performance in domains where domain discrepancy is more se-
vere.

The removal of the cluster-based prompt expansion module results in
a further decrease of the average macro F1-score to 0.692. While the ex-
pansion generally improves classification performance, its effect varies across
domains. For example, the Laptop domain shows a noticeable reduction
in performance without expansion, whereas the Restaurant and Device do-
mains are less affected. This indicates that the benefit of prompt expansion
is domain-dependent, but overall contributes to the robustness of the AEP
framework.

A comparison between the two modules reveals that the cluster-based
prompt expansion contributes more substantially than prompt rescoring.
Specifically, removing CE leads to a larger drop in average performance
(0.692) compared with removing RS (0.694). Moreover, when both modules
are removed simultaneously, the macro F1-score declines more considerably
to 0.681, with the most pronounced degradation occurring in the Laptop
domain (−0.047). Importantly, the performance difference between the full
model (AEP+RS+CE) and the variant without both modules (AEP) ex-
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ceeds the sum of the individual improvements, suggesting that RS and CE
complement each other in enhancing the overall robustness of sentiment clas-
sification.

We also compared AEP with the non-AEP baseline T5-base, which does
not incorporate aspect-enhanced prompting. The results demonstrate that
incorporating AEP consistently improves the performance of ABSA across
most domains, with an average gain of 0.020 macro F1-score points. This
further highlights the effectiveness of explicitly modeling Aspect-Related Fea-
tures through our framework.

Finally, we analyzed the computational cost introduced by the cluster-
based prompt expansion. The additional processing time per sample was
measured on an NVIDIA RTX A6000 GPU server, with an observed range
from 0.014 seconds in the Service domain to 0.044 seconds in the Device
domain. These results suggest that the expansion module imposes only a
moderate computational burden, which is well justified by the consistent
improvements in performance.

4.6.2 Impact of Parameters on Prompt Rescoring

As described in subsection 4.3.5, the proposed rescoring module refines the
initially generated prompts by filtering out those with low sentiment predic-
tion probabilities. This mechanism is controlled by a threshold parameter
θ, which determines whether a prompt should be retained or replaced by an
alternative with higher confidence. To observe the effect of this parameter,
we conducted experiments with different values of θ. In order to isolate the
contribution of the rescoring module, the cluster-based prompt expansion
was disabled during this evaluation. The results are presented in Table 4.6.

The experimental results show that incorporating prompt rescoring with
different values of θ consistently improves the performance over the base
AEP model without rescoring, with the only exception being the Service
domain where the improvement is marginal. This observation indicates that
the prompt rescoring module is relatively robust and not highly sensitive to
the exact choice of the threshold across most domains. In other words, as
long as rescoring is applied, the model benefits from the filtering mechanism,
which enhances the reliability of the selected templates.

Among the tested settings, the model with θ = 0.98 achieves the best
performance in four out of the five domains (Restaurant, Laptop, Device,
and Location), as well as in the overall average macro F1-score. This sug-
gests that a moderate threshold reaches an effective balance between the two
scoring criteria employed in the framework: (i) the initial score of proba-
bility assigned by the masked language model when filling templates with
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Table 4.6: F1-score of Models with Different Parameters for Rescoring

Model MS→R MS→La MS→D MS→S MS→Lo Ave.
AEP 0.521 0.549 0.916 0.572 0.846 0.681
AEP+RS(θ=0.99) 0.522 0.581 0.920 0.574 0.853 0.690
AEP+RS(θ=0.98) 0.525 0.583 0.923 0.572 0.857 0.692
AEP+RS(θ=0.95) 0.524 0.576 0.920 0.574 0.856 0.690

ARFs, and (ii) the reliability of the sentiment classification model in the
prompt rescoring module. A very high threshold (e.g., θ = 0.99) places ex-
cessive emphasis on the sentiment classification model’s confidence and may
filter out potentially useful prompts, while a relatively low threshold (e.g.,
θ = 0.95) increases reliance on initial score by the MLM, but risks retaining
prompts of lower quality for sentiment classification. The intermediate set-
ting of θ = 0.98 effectively integrates both perspectives, thereby achieving
better classification performance across domains.

These results highlight the importance of tuning the threshold parameter
to balance the contributions of the generative and discriminative components
in the AEP framework. They also suggest that the prompt rescoring mod-
ule provides a stable and generalizable enhancement to prompt quality, as
improvements are observed in nearly all domains regardless of the specific
value of θ. This robustness makes the rescoring strategy particularly suit-
able for domain adaptation scenarios, where the quality of prompts can vary
significantly depending on the target domain.

4.6.3 Investigation of Voting Strategy in Cluster-based
Prompt Expansion

In the cluster-based prompt expansion module, multiple prompts are ag-
gregated to determine the final sentiment prediction. We investigated two
aggregation strategies: majority voting (ma) and weighted voting (we). The
weighted voting scheme incorporates confidence scores according to Equa-
tion (4.7), thereby assigning greater importance to more reliable predictions.
Table 4.7 presents the results of models using these two strategies.

Here, “AEP+CE” refers to the model without prompt rescoring mod-
ule, while “AEP+RS+CE(we)” corresponds to the full model reported in
Tables 4.4 and 4.5.

The results show that weighted voting strategy generally achieved bet-
ter performance than simple majority voting. For instance, in the case of
AEP+RS+CE, the weighted voting strategy achieves superior results in the
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Table 4.7: Macro F1 of Models with Two Voting Methods in Cluster-based
Prompt Expansion

Model MS→R MS→La MS→D MS→S MS→Lo Ave.
AEP+CE(ma) 0.523 0.603 0.910 0.573 0.853 0.692
AEP+CE(we) 0.526 0.596 0.921 0.575 0.853 0.694
AEP+RS+CE(ma) 0.528 0.597 0.918 0.571 0.863 0.695
AEP+RS+CE(we) 0.527 0.596 0.925 0.576 0.862 0.697

Device and Service domains, as well as in the overall average macro F1-
score. This improvement highlights the effectiveness of incorporating predic-
tion confidence as weights when aggregating the outputs of multiple prompts,
ensuring that stronger predictions have a greater influence on the final deci-
sion.

When prompt rescoring is disabled, weighted voting also outperforms ma-
jority voting in three out of five domains and in the overall average score. Al-
though the margin of improvement is relatively modest, the nearly consistent
advantage suggests that weighted voting provides a more stable aggregation
mechanism compared with majority voting. In particular, by leveraging con-
fidence scores, the weighted strategy helps mitigate the negative influence
of low-quality prompts, which can occasionally dominate in simple majority
voting.

In addition, across both aggregation strategies, models with prompt rescor-
ing consistently outperform their counterparts without rescoring. This ob-
servation further validates the complementary effect of the prompt rescoring
module: by filtering out less reliable prompts before aggregation, rescoring
provides a cleaner set of candidate predictions for the voting mechanism to
operate on. Consequently, the combination of rescoring and weighted voting
achieves the best overall results, as reflected in the superior performance of
AEP+RS+CE(we).

4.6.4 Investigation of Input Format of the Sentiment
Classification Model

In the proposed AEP framework, we further observe how the input format
to the Sentiment Classification Model influences performance. Specifically,
we compare two alternative strategies for combining the review and the gen-
erated prompt.

The first strategy, referred to as AEP-Separate, concatenates the review
and the generated prompt as two separate segments. The second strategy,
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denoted as AEP-Insert, integrates the review directly into the template of
the prompt, producing a single extended sequence that contains the review,
the aspect, and the ARFs in a unified input. An illustrative example of these
two formats is provided in Table 4.8.

Table 4.8: Two Input Formats of Sentiment Classification Model. The review
text is underlined.

Method Example
AEP-Separate This is a great Thai restaurant with a very friendly

staff. With staff being great Thai restaurant, how
is the sentiment?

AEP-Insert Consider the text: ’This is a great Thai restaurant
with a very friendly staff.’ what sentiment does
great Thai restaurant convey about staff ?

Table 4.9 shows the performance of the two input strategies. In this ex-
periment, neither the prompt rescoring module nor the cluster-based prompt
expansion module was applied, in order to isolate the effect of the input for-
mat. The results demonstrate that AEP-Separate outperforms AEP-Insert
in all domains except the Restaurant domain, and that the difference in the
average macro F1-scores between the two methods is substantial.

Table 4.9: F1-scores of AEP-Separate and AEP-Insert.

Model MS→R MS→La MS→D MS→S MS→Lo Ave.
AEP-Separate 0.521 0.549 0.916 0.572 0.846 0.681
AEP-Insert 0.525 0.548 0.910 0.520 0.806 0.662

The inferior performance of AEP-Insert can be attributed to the difficulty
of resolving sentiment polarity from a complex single-sentence input, in which
the review, aspect, and ARFs are simultaneously embedded. Such an inte-
grated structure increases the cognitive load for the model, making it harder
to disentangle the sentiment-related information. In contrast, AEP-Separate
maintains a clear division between the review text and the guiding prompt,
allowing the model to process these two components more distinctly. This
separation facilitates a more accurate mapping between the aspect and its
associated ARFs, leading to consistently better classification performance.

In summary, these results indicate that a separated input structure is
preferable for the Sentiment Classification Model within the proposed frame-
work. They also suggest that explicitly distinguishing between raw review
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content and guiding prompts can enhance the interpretability and robustness
of aspect sentiment classification, particularly in cross-domain adaptation
scenarios where input distributions may vary significantly.

4.6.5 Impact of Prompt Templates

To observe the sensitivity of the proposed framework to different prompt
templates, we conducted a series of experiments by varying both the num-
ber and the type of templates used in the AEP framework. Specifically, we
compared the following variants: (i) AEP (20), which employs the original
20 manually designed templates, (ii) AEP-Q-only, which uses only the 11
question-style templates, (iii) AEP-D-only, which employs the 9 description-
style templates, (iv) AEP (50), which utilizes 50 templates automatically
generated by a large language model (LLM), and (v) AEP (20+50), which
combines both the original 20 handcrafted templates and the additional 50
LLM-generated templates. The 50 templates were generated by the Chat-
GPT with the following instruction:

Generate diverse templates that describe an opinion about a given
aspect. Each template should include the placeholders [ASPECT]
and [MASK], where [ASPECT] denotes the target aspect and [MASK]
represents a sentiment expression.

A complete list of the generated templates is provided in Appendix Table A.3.
Figure 4.4 and Table 4.10 summarize the comparison results.

Figure 4.4: Comparison of different sets of prompt templates. The number
of used templates is shown in parentheses.
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Table 4.10: Macro F1-scores of AEP with different prompt template sets.

Model MS→R MS→La MS→D MS→S MS→Lo Average
AEP (20) 0.521 0.549 0.916 0.572 0.846 0.681
AEP-Q-only (11) 0.517 0.541 0.903 0.559 0.820 0.668
AEP-D-only (9) 0.515 0.524 0.901 0.554 0.829 0.664
AEP (50) 0.524 0.560 0.896 0.569 0.841 0.678
AEP (20+50) 0.512 0.541 0.895 0.565 0.837 0.670

The results indicate several trends. First, reducing the number of tem-
plates consistently leads to performance drop. Both AEP-Q-only and AEP-
D-only models achieve lower macro F1-scores compared with AEP (20), con-
firming that template diversity plays an important role in enhancing robust-
ness. By providing varied linguistic contexts, a larger set of templates enables
the model to generalize better across unseen domains.

Second, although AEP (50) introduces more templates generated by an
LLM, its performance is not superior to the original AEP (20). While the
LLM-generated templates provide stylistic and lexical diversity, they also
introduce redundancy and inconsistency. For example, some automatically
generated templates are extremely short (only 3–5 words), while others differ
only slightly in form, such as: “The [aspect] is [arfs].” vs. “The [aspect] tends
to be [arfs].”, or “What do you think about the [aspect] on [arfs]?” vs. “How
do you feel about the [aspect] on [arfs]?”. Such minor variations increase
the number of templates without adding substantial semantic diversity. As
a result, although the model is exposed to a wider range of expressions,
its decision boundary becomes broader and less discriminative, leading to a
slight decrease in average performance compared with AEP (20).

Third, the combination model AEP (20+50) also fails to outperform AEP
(20), and in fact shows a further decrease in average macro F1-score. This
can be explained by the uneven distribution of template usage during prompt
generation. In practice, the generated prompts for a target domain tend to
rely more heavily on certain favored templates, even when more candidates
are available. Therefore, while training with a larger set of 70 templates
allows the model to observe a wide range of linguistic styles in the source do-
mains, this diversity does not necessarily translate into improved robustness
in the target domains.

In summary, the results demonstrate that template diversity is indeed
beneficial, but that an excessive number of templates, especially those gen-
erated automatically without careful curation, may harm performance. The
original manually designed set of 20 templates remains the most effective,
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achieving a balance between linguistic and semantic variaty. In the future
work, a promising research direction is to explore dynamic template genera-
tion using pre-trained language models such as T5 [51] and GPT [4], while
incorporating mechanisms to filter redundant or low-quality templates. Such
adaptive strategies could overcome the limitations of static, manually crafted
templates and further improve cross-domain generalization in ABSA.

4.6.6 Error Analysis

To gain deeper insight into the weaknesses of the proposed model, we con-
ducted an error analysis focusing on the Restaurant domain as the unseen
target domain, where the performance of our full model (AEP+RS+CE) is
worse than PADA in both accuracy and macro-F1. We manually investigate
representative misclassified cases in this domain to better understand the
sources of error.

Table 4.11 provides several examples of misclassifications. In the first
example, the gold labels are neutral for the aspect food and negative for the
aspect ambience. However, since the negative word “annoying” was extracted
as an ARF and injected into the prompt for the aspect food, the model
incorrectly predicted the sentiment of food as negative. This illustrates how
sentiment-related but aspect-irrelevant tokens may mislead the sentiment
classification.

In the second example, the positive ARF “friendly” is semantically as-
sociated with the overall tone of the review but not with the specific target
aspect service. As a result, the presence of this misleading ARF caused the
model to predict an incorrect positive label, despite the ground-truth label
being negative due to the “slow” service.

The third example shows a failure case where irrelevant ARFs (“much,”
“bring,” and “back”) were extracted. These words carry little sentiment
information in relation to the target aspect food, yet their inclusion led to an
incorrect negative prediction for a positive instance. Such cases demonstrate
that the primary limitation of AEP lies in the extraction of irrelevant or
noisy ARFs, which may carry unintended sentiment features and bias the
final prediction.

Although PADA avoids such errors by relying on domain-general features
in these examples, it also frequently fails to capture fine-grained aspect-level
sentiment. For example, in the second case of Table 4.11, PADA correctly
avoided the spurious positive influence of the word “friendly” but neverthe-
less failed to capture the overall negative sentiment tied to service. Thus,
while AEP suffers from aspect-specific ARF noise, PADA suffers from the
other limitation, that is its reliance on coarse-grained features makes it less
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sensitive to fine-grained aspect-level features. This suggests that an ideal
framework may require a more refined balance between aspect-specific and
domain-general representations. For example, in addition to extracting ex-
plicit ARFs such as sentiment-bearing adjectives directly linked to the aspect
term (e.g., “tasty” for food), the framework could also incorporate implicit
features that capture underlying sentiment cues not overtly expressed in the
surface text. For instance, the sentence “the soup came cold” implicitly
conveys a negative opinion about food, even though no explicit negative
sentiment word is present. By jointly leveraging both explicit and implicit
features, the model would be better positioned to filter out irrelevant tokens
while preserving aspect-relevant sentiment information.

Table 4.11: Misclassified examples in the Restaurant domain.

Input Text (aspect,
gold label)

Prompt Prediction
AEP PADA AEP PADA

The food is decent at best,
and the ambience, well, it’s
a matter of opinion, some
may consider it to be a
sweet thing, I thought it
was just annoying. (food,
neutral)

With food being
decent ambience
annoying, how is
the sentiment?

food
egroups
overall
quickly
table

neg neu

The service was a bit slow,
but they were very friendly.
(service, negative)

Predict the senti-
ment for service
described as bit
slow friendly.

service slow
egroups
dinner
toshiba

pos neg

As much as I like the food
there, I can’t bring myself
to go back. (food, positive)

With food being
much bring back,
how is the senti-
ment?

food
egroups
week ex-
tremely
simple

neg neg

Figure 4.5 further quantifies these errors by showing the number of in-
stances that PADA classified correctly but AEP misclassified, broken down
by sentiment class. While there is no neutral sample in the Device and Lo-
cation datasets, no neutral sample that only our model misclassified is found
in the Service domain.

While the PADA model generates general domain-specific features in a
prompt, which are not always extracted from a review sentence, ARFs are
usually extracted from a review sentence. By inappropriately extracting
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sentiment words as ARFs, our model incorrectly predicts a neutral sample
as positive or negative. In addition, the poor performance in the Restaurant
domain can be attributed to the diverse and descriptive nature of reviews
about restaurants, where aspects with neutral and non-neutral sentiments
can appear in a sentence.

0

5

10

15

20

25

30

35

Neg Nue Pos Neg Nue Pos Neg Nue Pos Neg Nue Pos Neg Nue Pos

Restaurant Laptop Device Service Location

N
u

m
b

e
r 

o
f 
m

is
c
la

s
s
if
ie

d
 

s
a

m
p

le

Figure 4.5: Number of misclassifications by AEP compared to PADA, broken
down by sentiment class.

4.7 Summary

In summary, to handle Scenario 2, we proposed the Aspect-Enhanced Prompt-
ing framework, which enables ASC models to be generalized to unseen do-
mains without any target-domain supervision. Through ARF-based prompt
construction, rescoring, and cluster-based expansion, the method consistently
outperformed strong baselines across multiple domains, demonstrating its
robustness in domain-agnostic adaptation. Nevertheless, its performance de-
pends on the quality of ARFs, and neutral classes remain challenging.
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Chapter 5

Conclusion

5.1 Summary of this dissertation

This dissertation systematically investigated the domain shift problem in
Aspect Sentiment Classification under two complementary settings with dif-
ferent levels of target-domain availability.

In scenario A, where unlabeled target-domain data is assumed to be avail-
able, we proposed a new unsupervised domain adaptation framework. The
method integrated two complementary strategies: (i) automatic labeling of
unlabeled reviews using a source-trained classifier with confidence-based fil-
tering, and (ii) cross-aspect review generation that generates target domain
reviews through sentiment word substitution using masked language mod-
elling. To mitigate class imbalance, the Focal Loss was further applied dur-
ing classifier training. Experiments on the restaurant and laptop datasets
demonstrated that the proposed framework consistently outperformed base-
lines, confirming the effectiveness of leveraging unlabeled target data for
cross-aspect adaptation.

In scenario B, where the target domain is completely unknown, we intro-
duced the Aspect-Enhanced Prompting framework. AEP formulated ASC as
a text generation task and integrated Aspect-Related Features into prompts
for guiding sentiment prediction. The framework consisted of prompt gener-
ation, rescoring, and cluster-based expansion, enabling robustness to domain
shifts. Experiments across five diverse domains showed that AEP achieved
superior performance compared with strong baselines and existing domain
adaptation methods, demonstrating its ability to adapt to unseen domains
without any target-domain supervision.

In summary, these two different scenarios contributed to a systematic
understanding of domain adaptation for ASC.
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5.2 Answer for Research Questions

As described in Section 1.3, this dissertation is guided by one overall research
question: How can ASC models be effectively adapted to domain shift under
different levels of target domain availability: (1) with unlabeled target data,
and (2) with no target-domain access? To address this major question,
several sub-questions were formulated. The following provides answers to
each sub-question.

• RQ1: How can we construct or augment effective training data when
labeled target-domain data is unavailable?

In Scenario A, training data were constructed through a combination
of pseudo-labeling and cross-aspect review generation. First, pseudo-
labels were assigned to unlabeled target reviews using a source-trained
classifier under a control of threshold. Second, CARG generated addi-
tional target-like reviews by substituting sentiment words and domain-
specific keywords. This two-stage process effectively expanded the tar-
get domain data space and reduced discrepancy between source and
target domain, providing a reliable and sufficiently large training data
for adaptation.

In Scenario B, training data were constructed relies only on source
domain data. Since no target data are available during training, the
framework replaced conventional data augmentation with a structured
process of representation augmentation. First, Aspect-Related Fea-
tures were extracted from multiple labeled source domains using a PMI-
based scoring mechanism, which identified words that were statistically
related to each aspect. Second, these ARFs were integrated into a set
of manually designed templates. This process converted aspect–ARF
pairs from the source data into prompts that simulated various sen-
timent contexts. Third, these prompts are used to train a generative
sentiment classification model so that it learned to associate each as-
pect with its related feature expressions. Even though the model never
used any target domain data during training, it learned general as-
pect–ARF relationships, such as how the ”service” aspect related to
other words like ”friendly” or ”slow”, so that these relationships can
be effectively transferred to unseen domains. Consequently, the frame-
work built domain-invariant representations through prompt-based su-
pervision rather than relying on explicit target-domain samples.

• RQ2: How can we extract and integrate aspect-related information or
features to guide sentiment classification in a way that remains useful?
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In scenario A, we aligned aspects and sentiments by explicitly identify-
ing sentiment words and domain-specific keywords for substitution in
CARG. This ensured that generated reviews were not only sentimen-
tally related but also contextually relevant to the aspect.

In scenario B, aspect-sentiment alignment was addressed through the
extraction of ARFs using PMI. These ARFs served as anchors in prompts,
highlighting aspect-specific hints that guided the sentiment classifica-
tion model. By embedding ARFs directly into prompts, the model
maintained focus on the target aspect even in unseen domains.

Both scenarios demonstrated that aspect-aware information was use-
ful for effective ASC. The key difference lay in how such information
was incorporated: source review sentences were used to obtain target-
aspect sentences through substitution and generation in Scenario A,
whereas ARFs were embedded into prompts to explicitly emphasize
aspect–sentiment relations in Scenario B. Together, these complemen-
tary approaches confirmed that integrating aspect-oriented features was
crucial to robust adaptation under varying levels of target-domain avail-
ability.

• RQ3: How can we mitigate noise introduced by pseudo-labels, generated
sentences, or irrelevant features?

In Scenario A, noise mainly arose from two sources: (1) unreliable
pseudo-labels generated with low confidence, and (2) syntactically un-
natural or semantically inconsistent generated reviews. To mitigate
these issues, a confidence-based filtering mechanism discarded low-
confidence pseudo-labeled samples, while fluency-based filtering using
pseudo-log-likelihood scores excluded grammatically illogical or con-
tradictory samples. This two filtering steps significantly improved data
reliability and quality, resulting in reduction of reduced error propaga-
tion during the training time.

In Scenario B, the major sources of noise were irrelevant ARFs and
suboptimal prompt templates. To handle this, the framework adopted
a two-step refinement strategy. First, a prompt rescoring mechanism
evaluated templates according to their performance in the sentiment
classification task, retaining only those that produced consistent pre-
dictions. Second, a cluster-based prompt expansion technique aggre-
gated semantically similar prompts and applied weighted voting across
clusters, thus reducing the influence of noisy or domain-biased prompts.
These mechanisms jointly enhanced robustness and ensured that the
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model’s predictions remained stable even under domain-agnostic adap-
tation.

5.3 Future Work

This dissertation has proposed two complementary frameworks for ABSA un-
der challenging domain adaptation scenarios: aspect-oriented unsupervised
domain adaptation and domain-agnostic adaptation. While the proposed
methods have demonstrated significant improvements over prior approaches,
several directions remain for future exploration.

5.3.1 Future work for Aspect-Oriented unsupervised
domain adaptation

In this scenario, we introduced an aspect-oriented perspective, treating each
aspect as a domain and transferring knowledge across aspects by generat-
ing synthetic labeled sentences and leveraging automatic labeling. Although
this method is effective, several directions can further enhance this line of
research:

• Quality of Generated Data: The CARG process could be improved
by leveraging more advanced generative models to generate more flu-
ent and diverse review sentences. Recent open large language models
such as LLaMA [63] provide scalable and efficient generation capabil-
ity, making them promising candidates for improving synthetic data
quality in the future.

• Handling Data Imbalance: Polarity distributions across aspects are
often imbalanced, which negatively impacts classification. While Focal
Loss already provides an adaptive weighting mechanism, future work
may integrate it with contrastive learning to further enhance class bal-
ance and separability. Recent work has shown that contrastive learn-
ing can effectively improve sentiment representation separability at the
aspect level by pulling together samples with the same polarity and
pushing apart those with different polarities [73].

5.3.2 Future work for Domain-Agnostic Adaptation

In this scenario, we proposed the AEP framework, which enables adaptation
to completely unseen target domains by generating and scoring aspect-aware
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prompts. While the results confirm its robustness, the following improve-
ments are promising:

• Dynamic Prompt Generation: Current templates are manually de-
signed and rescored. Recent surveys on prompt-based learning indicate
that prompts can be automatically generated or refined using large lan-
guage models, reducing reliance on handcrafted templates [35]. Future
work may employ large language models to dynamically generate or
refine prompts at inference time.

• Soft Labels and Fine-Grained Sentiment: Incorporating soft la-
bels or sentiment valence could enhance the ability of the classification
model to capture subtle emotional variations beyond categorical polar-
ity, as suggested by prior work on dimensional sentiment representa-
tions and affective lexicons [5, 40].

• Scalability to Large Models: As pre-trained models continue to
grow in size and capability, adapting AEP to leverage instruction-tuned
large language models may further improve adaptability across unseen
domains.

• Cross-Lingual Generalization: Expanding the framework to mul-
tilingual and cross-lingual ABSA would allow testing its robustness
under linguistic variations, which are common in global applications.
Recent multilingual for ABSA resources such as M-ABSA [71], which
covers multiple domains and languages, provide a strong benchmark
for evaluating such cross-lingual generalization ability.
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Appendix A

List of Templates

Table A.1 shows all the templates of the prompt. “Q” and “D” indicate
the question and description templates, respectively. Table A.2 shows the
insertion templates used in the experiment, where a review is filled into
[TEXT].
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Table A.1: List of prompt templates.

Template Type

Given the statement text, where aspect [ASPECT] is described as
[ARF], what is the sentiment?

Q

For the statement text and focusing on [ASPECT] being [ARF],
what is the sentiment?

Q

Analyze the sentiment of text with emphasis on [ASPECT] being
[ARF].

D

How does text portray [ASPECT] as [ARF] in terms of sentiment? Q

Considering the text, what sentiment does [ARF] convey about
[ASPECT]?

Q

Evaluate the sentiment towards [ASPECT] being [ARF]. D

What is the emotional tone when [ASPECT] is [ARF]? Q

In the text, [ASPECT] is described as [ARF]. What sentiment does
this reflect?

Q

Assess the feeling towards [ASPECT] being [ARF]. D

Determine the sentiment of [ASPECT] is characterized as [ARF]. D

What emotion is associated with [ASPECT] being [ARF]? Q

Identify the sentiment when [ASPECT] is mentioned as [ARF]. D

Predict the sentiment for [ASPECT] described as [ARF]. D

In the text, [ASPECT] is [ARF]. How does this make the sentiment? Q

Sentiment analysis with [ASPECT] as [ARF]. D

How is the sentiment towards [ASPECT] being [ARF]? Q

What is the sentiment outcome when [ASPECT] equals [ARF]? Q

Review the sentiment with [ASPECT] as [ARF]. D

With [ASPECT] being [ARF], how is the sentiment? Q

Analyze for sentiment with a focus on [ASPECT] as [ARF]. D
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Table A.2: List of prompt templates (insertion templates).

Template Type

Given the statement [TEXT], where aspect [ASPECT] is described
as [ARF], what is the sentiment?

Q

For the statement [TEXT] and focusing on [ASPECT] being [ARF],
what is the sentiment?

Q

Analyze the sentiment of [TEXT] with emphasis on [ASPECT] be-
ing [ARF].

D

How does [TEXT] portray [ASPECT] as [ARF] in terms of senti-
ment?

Q

Considering the [TEXT], what sentiment does [ARF] convey about
[ASPECT]?

Q

In the [TEXT], evaluate the sentiment towards [ASPECT] being
[ARF].

D

In the [TEXT], what is the emotional tone when [ASPECT] is
[ARF]?

Q

In the [TEXT], [ASPECT] is described as [ARF]. What sentiment
does this reflect?

Q

In the [TEXT], assess the feeling towards [ASPECT] being [ARF]. D

In the [TEXT], determine the sentiment of [ASPECT] is character-
ized as [ARF].

D
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Table A.2: Cont.

Template Type

In the [TEXT], what emotion is associated with [ASPECT] being
[ARF]?

Q

In the [TEXT], identify the sentiment when [ASPECT] is men-
tioned as [ARF].

D

In the [TEXT], predict the sentiment for [ASPECT] described as
[ARF].

D

In the [TEXT], [ASPECT] is [ARF]. How does this make the sen-
timent?

Q

In the [TEXT], sentiment analysis with [ASPECT] as [ARF]. D

In the [TEXT], how is the sentiment towards [ASPECT] being
[ARF]?

Q

In the [TEXT], what is the sentiment outcome when [ASPECT]
equals [ARF]?

Q

In the [TEXT], review the sentiment with [ASPECT] as [ARF]. D

In the [TEXT], with [ASPECT] being [ARF], how is the sentiment? Q

In the [TEXT], analyze for sentiment with a focus on [ASPECT]
as [ARF].

D

Table A.3 lists the additional prompt templates automatically generated
by a large language model (LLM). The placeholder [ARF] indicates the po-
sition where the aspect-related feature is inserted.
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Table A.3: List of LLM-generated prompt templates.

Template Type

The [ASPECT] is [ARF]. D

Many people find the [ASPECT] to be [ARF]. D

Users often describe the [ASPECT] as [ARF]. D

One common opinion is that the [ASPECT] is [ARF]. D

It is said that the [ASPECT] is [ARF]. D

Reviews frequently mention the [ASPECT] being [ARF]. D

Customers have noted the [ASPECT] as [ARF]. D

The [ASPECT] seems to be [ARF] according to reviews. D

People consider the [ASPECT] to be [ARF]. D

A lot of feedback describes the [ASPECT] as [ARF]. D

From the reviews, it appears that the [ASPECT] is [ARF]. D

The [ASPECT] tends to be [ARF]. D

Comments suggest that the [ASPECT] is [ARF]. D

Based on user feedback, the [ASPECT] is [ARF]. D

Many reviewers point out that the [ASPECT] is [ARF]. D

The general sentiment toward the [ASPECT] is that it’s [ARF]. D

People commonly think the [ASPECT] is [ARF]. D

The [ASPECT] has been described as [ARF]. D

Several users reported that the [ASPECT] is [ARF]. D

The perception of the [ASPECT] is that it is [ARF]. D

Most users agree that the [ASPECT] is [ARF]. D

The [ASPECT] consistently appears to be [ARF]. D

Experience shows the [ASPECT] is [ARF]. D

In many reviews, the [ASPECT] comes across as [ARF]. D

It’s generally believed that the [ASPECT] is [ARF]. D
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(continued)

Template Type

The [ASPECT] gets described as [ARF] in user comments. D

According to feedback, the [ASPECT] is [ARF]. D

It can be observed that the [ASPECT] is [ARF]. D

The [ASPECT] is usually seen as [ARF]. D

Users repeatedly mention that the [ASPECT] is [ARF]. D

What do people think about the [ASPECT] being [ARF]? Q

Is the [ASPECT] considered [ARF] by users? Q

How do reviewers describe the [ASPECT] by [ARF]? Q

Why is the [ASPECT] said to be [ARF]? Q

Do people agree that the [ASPECT] is [ARF]? Q

In what way is the [ASPECT] [ARF]? Q

Can the [ASPECT] be described as [ARF]? Q

What kind of opinion is common about the [ASPECT] as [ARF]? Q

Has the [ASPECT] been called [ARF] in reviews? Q

How often is the [ASPECT] labeled as [ARF]? Q

What are the impressions of the [ASPECT] being [ARF]? Q

Do users find the [ASPECT] to be [ARF]? Q

What does user feedback say about the [ASPECT] as [ARF]? Q

Is there consensus that the [ASPECT] is [ARF]? Q

What makes the [ASPECT] [ARF] according to reviews? Q

How is the [ASPECT] usually perceived by [ARF]? Q

What reasons do users give for calling the [ASPECT] [ARF]? Q

What is a common description of the [ASPECT] as [ARF]? Q

Are there many mentions of the [ASPECT] being [ARF]? Q

How do people feel about the [ASPECT] described as [ARF]? Q
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