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Abstract

Cross-domain sentiment analysis remains challenging due to distributional shifts and
heterogeneous sentiment expressions across platforms. Existing domain adaptation ap-
proaches primarily focus on enforcing domain-invariant representations. However, such
symmetry-preserving strategies often overlook directional and expression-level asymme-
tries. These asymmetries naturally arise in real-world sentiment data, particularly for
context-inferred sentiment expressions. In this work, we propose a novel symmetry- and
asymmetry-aware domain adaptation framework for cross-domain sentiment classification.
The framework models symmetry through explicit multi-source distribution alignment,
which captures transferable sentiment knowledge across domains. Additionally, aspect-
level structural supervision organizes representations according to shared linguistic aspects.
To address asymmetry, a directional divergence regularization is introduced. This com-
ponent models expression-level and directional discrepancies between source and target
domains. Importantly, the framework operates without requiring target-domain annota-
tions. Experiments are conducted under a multi-source unsupervised domain adaptation
setting using sentence-level hotel review datasets collected from multiple online platforms.
Empirical results demonstrate strong performance for the proposed framework. It achieves
an average Accuracy of 82.0% and Macro-F1 of 80.6%. The framework consistently and
statistically significantly outperforms source-only, multi-source, and transformer-based
adversarial adaptation baselines across all evaluated target domains (p < 0.05). Additional
analyses confirm improved robustness to implicit sentiment expressions and platform-
induced asymmetries. These findings highlight the importance of jointly modeling symme-
try and asymmetry for robust cross-domain sentiment adaptation and provide a unified
and deployable solution for sentiment analysis under realistic platform shifts.
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1. Introduction

Sentiment analysis (SA) is a fundamental problem in natural language processing
(NLP) and data mining. It is essential for various applications, including customer feed-
back analysis, social media monitoring, and decision support systems [1,2]. Over the
past decade, sentiment classification has achieved enormous progress, driven by increas-
ingly effective text representation methods. These methods have evolved from tradi-
tional feature engineering to distributed word embeddings and contextualized language
models [3-5]. However, sentiment analysis in real-world settings faces the common issue
of domain dependency. Models trained on one domain often fail to generalize to another
domain due to disparities in vocabulary, linguistic style, contextual meaning, and sentiment
expression patterns.

Consequently, domain adaptation has been one of the primary research topics in this
field to address this challenge. Early work by Glorot et al. [6] showed that it is possible
to learn domain-invariant representations with deep networks, which limits performance
degradation across domains. Later studies investigated several approaches. These include
robust adaptation with limited resources [7], multi-source domain adaptation [8], and
multi-level contextual sentiment knowledge [9]. These works demonstrate the necessity of
sharing transferable information across domains. Other researchers have explored mining
domain-shared knowledge [10], projecting embeddings into shared latent spaces [11], and
integrating syntactic structures into cross-domain sentiment models [12]. Despite these
advances, domain shift still remains a significant challenge. This is particularly true when
sentiment polarity changes, context meaning varies, or labeled data in the target domain
are scarce [13].

From a machine learning perspective, cross-domain sentiment analysis naturally
reflects the interplay between symmetric and asymmetric structures. In this context,
symmetry refers to shared or invariant structures across domains. Examples include
identical emotional expressions, universal sentiment patterns, and latent semantic rep-
resentations that remain stable under domain transformations. In contrast, asymmetry
represents domain-specific and/or directional gaps, such as vocabulary differences, contex-
tual polarity shift, imbalanced class distributions, and non-reciprocal relationships between
source and target domains. While many existing domain adaptation methods implicitly
aim to achieve symmetry by minimizing domain discrepancy or enforcing representa-
tion alignment [6,11], they often fail to explicitly model expression-level and directional
asymmetries. This limitation can reduce performance in realistic cross-domain sentiment
analysis scenarios.

In this study, symmetry refers to domain-invariant distributional alignment. Under
this approach, sentiment representations from different domains are encouraged to follow
similar feature distributions. This assumes that sentiment semantics are shared across
domains. This property is commonly operationalized through shared encoders and dis-
tribution alignment objectives, such as Maximum Mean Discrepancy (MMD) and related
discrepancy minimization techniques.

In contrast, asymmetry denotes expression-level and directional discrepancies. These
arise when sentiment is conveyed differently across domains, even when underlying sen-
timent polarity is preserved. Such asymmetries may originate from implicit sentiment
expressions, domain-specific aspects, or contextual cues. These factors violate strict in-
variance assumptions. In this work, asymmetry is operationalized through dedicated
learning components and loss terms that explicitly model non-invariant properties rather
than treating them as noise.

Recent work on sentiment analysis and text classification also highlights this imbalance.
Hybrid models and embedding-based sentiment classifiers have achieved better perfor-
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mance by integrating different representations or leveraging contextual semantics [14-16].
Contrastive learning has also been proposed to capture implicit sentiment and aspect-level
information [17,18]. Meanwhile, studies on text representation modeling and sentiment
analysis report that there is no universal model or transfer adaptation method that performs
well on various domains, tasks, or different data situations [2—4,19-21]. Our results indi-
cate that successful cross-domain sentiment analysis not only relies on exploiting shared
semantics but also requires modeling and adapting to domain-specific asymmetries.

Despite the rich literature on domain adaptation for sentiment analysis, existing
approaches predominantly emphasize learning domain-invariant representations through
distribution alignment or shared feature spaces. Symmetry-preserving strategies effectively
transfer shared sentiment semantics, but they fail to explicitly model expression-level
and directional discrepancies that naturally occur across domains. In particular, implicit
sentiment expressions, domain-specific aspects, and contextual polarity shifts introduce
asymmetries that cannot be fully addressed by invariance-based alignment alone. Several
studies have improved adaptability through architectural or algorithmic enhancements.
However, the interplay between symmetry-preserving alignment and asymmetry-aware
modeling remains insufficiently explored in a unified framework.

To summarize, the remaining research gaps can be identified as follows:

= Most existing domain adaptation methods focus on symmetry-preserving
domain-invariant alignment. Expression-level and directional asymmetries are not
explicitly modeled.

= Implicit sentiment expressions and contextual polarity shifts introduce non-invariant
behaviors. These cannot be fully captured by invariance-based alignment alone.

»  The interaction between symmetry-aware alignment mechanisms and asymmetry-
aware modeling components has not been systematically investigated, especially
within a unified multi-source domain adaptation framework.

Consequently, it remains unclear how jointly modeling symmetry and asymmetry af-
fects cross-domain performance. This is particularly relevant for robustness, generalization,
and context-inferred (implicit) sentiment expressions.

Motivated by these gaps, this study addresses the following research questions:

1.  How can symmetry-preserving domain-invariant alignment and asymmetry-aware
modeling be jointly integrated into a unified multi-source domain adaptation frame-
work for sentiment analysis?

2. To what extent does explicitly modeling expression-level and directional asymmetries
improve cross-domain sentiment classification performance compared to symmetry-
only adaptation approaches?

3. How do symmetry-aware and asymmetry-aware components contribute to
cross-domain  generalization,  especially for context-inferred (implicit)
sentiment expressions?

The aim of this work is to contribute to a more principled and interpretable understand-
ing of domain adaptation in sentiment analysis through the explicit modeling of symmetry
and asymmetry within the framework. Our contributions in this paper can be summa-
rized as follows: (i) a conceptual contribution that reconceptualizes cross-domain senti-
ment analysis from the perspective of symmetry and asymmetry in data representations,
(i) a methodological contribution that integrates symmetry-aware and asymmetry-aware
principles into domain adaptation; and (iii) an empirical contribution that demonstrates
enhanced robustness and generalization across domains. Situated within the context of
symmetry and asymmetry in machine learning and data mining, this study also serves as a
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tentative exploration that combines theoretical analysis with practical approaches guided
by empirical experiments.

The rest of the paper is structured as follows. Related works are discussed in Section 2.
The proposed symmetry- and asymmetry-aware domain adaptation approach is described
in Section 3. Experimental configurations and detailed analyses of results are presented
in Section 4. Section 5 concludes the work with directions for future research.

2. Dataset Annotations
2.1. Data Sources and Collection

The data used in this work complements and consolidates data sources from
prior studies on sentiment analysis. The dataset is designed to serve symmetry- and
asymmetry-informed domain adaptation. It comprises customer review text from vari-
ous online platforms. This provides diverse sentiments spanning different domains and
writing conventions.

There are two dominant classes of data sources. The first consists of expert-annotated
sentence-level hotel reviews, primarily gathered from TripAdvisor. Complete reviews
are tokenized into separate sentences to facilitate fine-grained sentiment analysis. The
second category includes multi-platform customer reviews derived from TripAdvisor,
Booking.com, and Agoda. These platforms vary significantly in review length, writ-
ing style, and context emphasis. This variation offers a more realistic cross-domain
adaptation setting.

Data are collected using the same pipeline. Raw reviews are filtered by removing
duplicate and non-informative content. Only English texts are retained. Reviews are split
into sentences, which serve as basic analysis units. This multi-source approach deliberately
preserves platform variety in order to analyze both common sentiment trends and domain-
specific biases.

2.2. Annotation Schema

To ensure consistency across all data sources, a unified annotation schema is applied
to all datasets. Each sentence is annotated along three dimensions. The first dimension
corresponds to the aspect category, such as staff service, cleanliness, value for money, and
location convenience, representing shared and transferable aspects across customer re-
views. The second dimension captures the expression type, including whether sentiment is
expressed explicitly or implicitly. The third dimension denotes sentiment polarity (positive
or negative); sentences with neutral polarity are excluded to maintain a clear separation
between sentiment classes.

By applying a uniform annotation schema across platforms, sentences from different
sources share the same label space. This design enables structural symmetry across do-
mains. Simultaneously, it allows data-driven asymmetry to emerge through linguistic and
contextual variations.

This study adopts binary sentiment classification to reduce task complexity and
avoid confounding effects from fine-grained polarity distinctions. This choice allows
the evaluation to focus specifically on domain shift and adaptation behavior rather than
multi-class sentiment categorization difficulty. Such a setting is commonly used in domain
adaptation studies to isolate representation transferability across domains [6,8,11].

Across the collected datasets, a substantial proportion of sentences express sentiment
implicitly rather than through explicit sentiment-bearing words. According to expert anno-
tations, approximately 35% of sentences require context-inferred sentiment interpretation,
while the remaining 65% contain explicit sentiment expressions. This distribution aligns
with prior findings in sentiment analysis literature. These studies report that implicit
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sentiment is prevalent in real-world user-generated content, particularly in review and
opinion domains [2,17,18].

2.3. Label Construction and Quality Control

The sentence-level annotations are conducted by two or more sentiment analysis
experts. Each sentence is individually annotated, and inconsistencies are resolved through
expert discussion to reach a consensus. This process is especially relevant for implicit
sentiment expressions, which often lack explicit lexical indicators.

For multi-platform data, we also pay attention to inter-platform consistency. An-
notators are trained to adhere to the meaning expressed rather than the surface form,
and regular calibration is performed on the annotation guidelines. Label distributions
(histograms) are observed to minimize the potential for extreme class imbalance, while
still keeping the data appropriate for comparison between supervised learning and
domain adaptation.

Inter-annotator agreement was calculated to evaluate annotation stability. This anal-
ysis used an independent, randomly selected portion of data before consensus. Cohen’s
k was calculated for sentiment polarity and expression-type annotations. The agree-
ment scores reflect high inter-annotator reliability. The k value was 0.78 for polarity
and 0.71 for explicit versus implicit expression classification. These findings indicate that
despite the subjectivity inherent in implicit sentiment inference, the annotation process
produces reliable and consistent labels.

Detailed annotation guidelines, including aspect definitions and criteria for identi-
fying implicit sentiment expressions, are available from the corresponding author upon
reasonable request.

2.4. Multi-Source Mapping for Domain Adaptation

The annotated data was then split into source and target domains, which vary based on
the platform of origin, quantity of the data, and style. Platforms with sufficient labeled data
serve as source domains. In contrast, platforms with a lower portion of labeled training
data, a higher proportion of implicit expressions, or totally different writing styles are
regarded as target platforms.

These factors create a situation where label-level symmetry is maintained through the
common annotation schema, but distributional and representational asymmetry occur due
to stylistic differences across platforms, review length, and expression patterns. This setting
is more realistic for cross-domain sentiment analysis scenarios and serves as an effective
benchmark for symmetry- versus asymmetry-based adaptation approaches.

In this study, we follow a symmetric-asymmetric approach. We enforce symmetry
by learning domain-invariant representations, while leveraging the expressive power of
asymmetry by explicitly modeling expression-specific differences in emotion distributions
between domains. This dual approach cannot be aligned through invariance only.

Table 1 provides an overview of the two primary classes of data sources that we
utilized in this study. It illustrates how label-level symmetry is preserved across a unified
annotation schema, while distributional and stylistic asymmetry emerge between platforms.

The datasets are structured into two main classes of sources. The first consists of
expert-annotated, sentence-level hotel reviews, which provide high-quality and reliable
sentiment labels. The second comprises multi-platform customer reviews collected from
different online platforms, which introduce stylistic variations and distributional dis-
crepancies across sources. Within this framework, sentiment expressions are further cat-
egorized into two types: Direct (explicit aspect mentions) and Context-inferred types,
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where sentiment polarity is inferred from contextual information rather than explicit
sentiment-bearing words.

Table 1. Overview of the two dominant classes of data sources used in this study.

Data Source Class Expert-annotated hotel reviews Multi-platform customer reviews  Total (All sources)

Platform/Origin TripAdvisor TripAdvisor, Booking.com, Agoda  Multi-source

Analysis Unit Sentence Sentence Sentence

No. of Sentences 2000 6000 8000

Aspect Categories Staff service, .Cleanliness., Value for Staff service, Clez.mliness, Va.lue Unified schema (4 aspects)
money, Location convenience for money, Location convenience

Sentiment Polarity Positive/Negative Positive/Negative Binary

Sentiment Expression Direct/Context-inferred Direct/Context-inferred Direct/Context-inferred

Table 1 summarizes the dataset construction, where label-level symmetry is preserved
through a unified annotation schema while realistic distributional and stylistic asymmetries
naturally arise across platforms. This section proposes a symmetry- and asymmetry-aware
domain adaptation approach for cross-domain sentiment classification.

All datasets are drawn from the hotel review domain in order to control topical vari-
ability and isolate the effects of platform-induced domain shift. By fixing the topical domain,
differences across datasets primarily stem from platform-specific characteristics, including
writing styles, review length, contextual emphasis, and sentiment expression patterns. This
approach eliminates semantic differences between unrelated domains. This design en-
ables more controlled evaluation of symmetry-preserving alignment and asymmetry-aware
modeling under realistic platform shifts.

In order to provide finer granularity than the high-level source categorization
in Table 1, Table 2 reports the distribution of explicit and implicit sentiment expressions for
each platform. This platform-based breakdown characterizes how sentiment expression
patterns vary across sources in greater detail. This analysis is particularly relevant because
the present study focuses on implicit sentiment and platform-induced asymmetries.

Table 2. Distribution of Explicit and Implicit Sentiment Expressions per Platform.

Platform Number of Sentences Explicit (%) Implicit (%)
TripAdvisor 3200 66.4 33.6
Booking.com 2850 70.2 29.8
Agoda 2450 61.7 38.3

Overall, the dataset design described in Table 1 and platform-level statistics re-
ported in Table 2 illustrate a constrained yet realistic cross-domain setting. In this setting,
label-level symmetry is maintained, even as platform-induced asymmetries naturally sur-
face. This dataset setting directly motivates our symmetry-and asymmetry-aware domain
adaptation method.

2.5. Recent Advances Beyond Symmetry-Only Domain Adaptation

Recent progress in sentiment analysis and representation learning has focused on
robustness under complex and heterogeneous data conditions. Contemporary studies
explore multimodal fusion, ensemble learning, and structured representation modeling
to better capture implicit affective cues and contextual variations. For example, FPA-
GCN [22] enhances aspect sentiment triplet extraction (ASTE) through prediction-aware
graph convolution. It emphasizes fine-grained structural modeling at the aspect level.

https://doi.org/10.3390/sym18020357


https://doi.org/10.3390/sym18020357

Symmetry 2026, 18, 357

7 of 22

However, despite their effectiveness for within-domain sentiment understanding, these
approaches do not explicitly address cross-domain distribution shift.

Ensemble models like MLM-EOE [23] provide enhanced robustness by using multi-
expert networks to address noisy and emotion-dependent cues. Wang et al. [24] combine
multimodal spatio-temporal features for automatic depression recognition. Recent multi-
modal sentiment models (e.g., 3SWD-DRT [25]) adopt asymmetric decision strategies and
cost-sensitive objectives to balance diverse modalities and uneven error risks. These ap-
proaches illustrate that asymmetric modeling is useful when sentiment signals are skewed
or vague. However, they are usually designed for a single-domain setting or multimodal
project, but not for domain adaptation.

In addition to sentiment analysis, related work in affective computing and represen-
tation disentanglement has emphasized separating invariant factors from variant ones.
For example, TalkingStyle [26] disentangles identity-invariant and style-specific factors by
learning a latent style space. Wu et al. [27] proposed Happiness Prediction with Domain
Knowledge Integration, which incorporates domain constraints to ensure consistency in
explanations across predictive factors. Although these studies are not intended for senti-
ment domain adaptation, they support the view that rigid invariance constraints alone are
insufficient for modeling real-world affective data.

In general, although much research has succeeded in robustness [8,11], structure
modeling [18], and task-specific performance—especially using multimodal or ensemble-
based architectures [27] or transformer-based dynamic context modeling [28], existing
methods primarily focus on either representation learning or downstream task optimiza-
tion. However, the coexistence of domain-invariant (symmetric) and domain-specific
(asymmetric) properties is rarely modeled explicitly in cross-domain sentiment adapta-
tion. Few works consider the interaction between symmetry-preserving alignment and
asymmetry-aware modeling. This gap motivates our investigation of the symmetry- and
asymmetry-adaptation model.

To clarify the positioning of recent studies and their relationship to our work,
Table 3 provides an analytical categorization of representative methods recommended
by the reviewers. The table offers an at-a-glance comparison of how these studies address
sentiment representation robustness, asymmetry consideration, and contextual variability.
It also shows where each approach falls short for cross-domain sentiment adaptation. This
comparison demonstrates that, although recent studies have incorporated certain aspects of
robustness, ensemble modeling, or asymmetric decision mechanisms, none of them explic-
itly and jointly model both symmetry and asymmetry within a multi-source cross-domain
sentiment adaptation framework.

Table 3. Analytical grouping of recent studies with respect to cross-domain adaptation, symmetry
modeling, and asymmetry handling.

Study

Main Relevance Key Limitation

FPA-GCN [22]

Aspect-level structural modeling for sentiment representation Not designed for the domain adaptation

MLM-EOE [23]

Ensemble robustness and handling noisy or implicit affective Not cross-domain; no symmetry modeling

signals
3WD-DRT [25] Il?lso)g:f;;tric decision strategies and cost-sensitive sentiment I;/éilptig}?j;l focus; not textual domain
TalkingStyle [26] Explicit disentanglement of invariant and variant factors Not related to NLP or sentiment analysis
Happiness Prediction [27] Integration of domain knowledge and explanation consistency Not a sentiment classification task
DPA-MVSNet [28] Dynamic context modeling under distribution shift Computer vision domain
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Table 3 provides a concise overview of recent representative studies suggested by the
reviewers, focusing on their modeling schemes and limitations regarding cross-domain
sentiment analysis. Rather than performance metrics, this table illustrates the specific
problems addressed by each approach (e.g., aspect structure, ensemble robustness, or
asymmetric decision modeling) and highlights limitations in the context of cross-domain
adaptation. By clearly stating these boundaries, Table 2 provides a guideline for dis-
tinguishing robustness-driven or task-specific modeling from cross-domain sentiment
adaptation requirements.

A broader conceptual pattern emerges from the analytical grouping presented
in Table 3. Although recent research has increasingly emphasized the need for ro-
bust, generalizable, and asymmetric modeling, these contributions are typically devel-
oped in isolation. They are largely focused on single-domain or multimodal settings.
Prior cross-domain sentiment studies have not considered the joint optimization of
domain-invariant (symmetric) alignment and domain- or expression-specific (asymmetric)
discrepancies. Table 4 provides a qualitative comparison of recent sentiment models across
key dimensions, including cross-domain adaptation, symmetry modeling, and asymmetry
handling. This comparison clarifies the distinction and situates the proposed method
within the context of prior work.

Table 4. Conceptual Positioning of Recent Sentiment Models.

. Symmet Asymmet . .

Method Cross-Domain 1\/}[,o delinrgy M}(’) delin;y Multi-Source Primary Focus
FPA-GCN X X x X Aspect-level sentiment extraction
MLM-EOE X X a X Ensemble robustness

(implicit)
3WD-DRT X X . .‘/ X Cost-sensitive multimodal sentiment
(decision-level)

. v v . . . .
TalkingStyle X (implicit) (implicit) X Disentanglement of invariant vs. variant factors
Happiness v . :

Prediction x x (knowledge-driven) x Explanation consistency
DPA-MVSNet X X v . X Dynamic context modeling under distribution shift
(context-driven)
v v .
Proposed v (explicit) (explicit) v Cross-domain robustness

A check mark (v') denotes that the method supports or incorporates the specified capability, while a cross mark
(x) indicates that it does not.

Table 4 positions recent sentiment-related approaches according to their modeling
scope and adaptation capabilities. While prior studies emphasize aspect structure, ensemble
robustness, or asymmetric decision mechanisms, they are predominantly designed for
within-domain or multimodal scenarios. In contrast, our proposed framework explicitly
integrates symmetry-preserving domain alignment and asymmetry-aware modeling within
a multi-source cross-domain sentiment adaptation setting.

The conceptual positioning summarized in Table 4 demonstrates that recent sentiment-
related studies address robustness, contextual variability, or asymmetric modeling from
different perspectives, yet largely in isolation. While these approaches contribute valu-
able insights, they do not provide a unified solution for cross-domain sentiment adapta-
tion. In particular, the explicit and joint treatment of symmetry (domain-invariant align-
ment) and asymmetry (domain- or expression-specific discrepancies) remains absent from
existing approaches.

To clarify how the proposed framework advances beyond these closely related ap-
proaches, Table 5 presents a focused comparison of its novelty along key dimensions
relevant to symmetry- and asymmetry-aware cross-domain sentiment adaptation.
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Table 5. Novelty Comparison with Recent Representative Works.
Dimension FPA-GCN MLM-EOE 3WD-DRT Proposed
Cross-domain adaptation X X X v
Explicit symmetry modeling X X X v
Explicit asymmetry modeling X . /. . . v v .
(implicit) (decision-level) (representation-level)
Multi-source learning X X X v
Implicit sentiment robustness v v v v
Unified symmetry-asymmetry framework X X X v

A check mark (v') denotes that the method supports or incorporates the specified capability, while a cross mark
(x) indicates that it does not.

Table 5 focuses on recent sentiment modeling approaches that are most closely related
to cross-domain sentiment classification. Unlike Table 3, which provides a conceptual
overview, this table highlights the specific novelty of the proposed framework in jointly
modeling symmetry and asymmetry within a multi-source adaptation setting.

3. The Proposed Method

Our novel framework addresses cross-domain sentiment classification under real-
world platform shifts. It does this by formulating the problem as multi-source domain
adaptation. In this scenario, we have sentences with known authorship from numer-

ous source domains {ng) }K . The test target domain D; exhibits different language
distributions due to platform characteristics (such as writing style, review length, and
context emphasis). Such distributional discrepancy is a common source of performance
loss when a model learned on source domains is directly deployed to new target do-
mains [6,7,13,21]. To address this problem, the proposed approach is divided into four main
components: (i) sentence-level representation learning, (ii) aspect-level structure induction
(to capture common semantics), (iii) explicit multi-source alignment to obtain domain-
invariant representations, and (iv) asymmetry-aware learning to handle directionality and
expression-level disagreement. The core idea is to exploit shared, invariant sentiment struc-
ture (symmetry). At the same time, we explicitly model domain- and expression-specific
irregularities caused by noise (asymmetry). This leads to more robust performance in
cross-domain adaptation [8-11,19-21].

3.1. Preprocessing and Sentence-Level Representations

Given a review document from any outlet, the text undergoes standard preprocessing,
including tokenization, lowercasing, punctuation normalization, and stop-word removal.
Sentence-level modeling is adopted because sentiment cues are usually localized. Sen-
tence granularity also helps alleviate noise from long and heterogeneous reviews, which
aligns with the common practice of sentiment analysis [1,2]. A sentence is represented
asx =[wq, wo, ..., wy].

The framework builds representations that are comparable across domains using
embedding-based sentence encodings. These encodings are highly effective for text clas-
sification and transfer because they capture semantic similarity beyond simple lexical
overlap [3,4]. A combinatory approach is used to incorporate lexical salience and semantic
generalization. Firstly, we calculate TF-IDF weights to emphasize the informative tokens:

tf(w,x) =log (1+ freq(w € x)) 1)
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idf(w) = log (1 + dflzlw)) 2)
TF — IDF(w, x) = tf(w, x) x idf(w) 3)

where N is the number of sentences and df (w) is the number of occurrences of token w. The
sentence presentation is then computed as its TF-IDF weighted embedding as follows.

_ Ywex TF — IDF(w,s)-e(w)
2 = = T F— IDF(w, )

4)

where e(w) € R? is a pre-trained embedding vector. The hybrid feature represen-
tation retains semantic closeness between domains and mitigates platform-specific
verbosity [1,3,4].

When stronger contextual modeling is desired—for example, in context-inferred senti-
ment where polarity must be expressed without explicit aspect terms—the same pipeline
can be instantiated using a contextual encoder. In that case, the sentence representation is
computed from a pooled Transformer representation:

z(x) = fo(x)(cLg) )

where x = [wy, wy, ..., w,] denotes an input sentence obtained after tokenization and
standard preprocessing. Sentences are encoded by using a pre-trained contextual text
encoder fy(.) (e.g., BERT, RoBERTa or XLNet) parameterized by 6. The input sequence is
mapped into contextualized hidden states by the encoder, which models both local and
global dependencies between tokens. The parameter set 8, which comprises all learnable
components in the encoder (e.g., embedding layers and Transformer layers), is shared
across the source and target domains to guide domain-invariant representation learning.

In Transformer architectures, a special token [CLS] is added to the start of the input
sequence. The hidden vector corresponding to this token in the last encoder layer, denoted
as fp (X)[cLs), is commonly used as the hidden representation of the entire sentence. Thus,
the sentence-level representation z(x) is derived from this [CLS] vector, which is then fed
into subsequent modules, including the sentiment classifier, the aspect prediction module,
and the domain alignment mechanism.

Contextual encoders consistently outperform their non-contextual versions in terms of
text representation quality and classification performance. They also outperform classical
baselines, particularly on tasks involving implicit or distributed sentiment cues [5,16,29-33]

3.2. Aspect-Level Structure Induction for Symmetric Semantic Organization

Although sentence embeddings are designed to offer a generic semantic space, cross-
domain sentiment classification benefits from maintaining a common aspect-level structure.
User reviews across domains often focus on the same criteria, even if the mode of expression
differs. Aspect-based sentiment analysis has demonstrated that modeling aspect structure
improves interpretability and helps avoid confounding signals [19,20]. Thus, the proposed
structure is symmetric in that it organizes representations based on the four shared topic
types (staff service, cleanliness, value for money and location convenience).

When the annotated data contain aspect labels, an auxiliary aspect prediction head
is introduced:

P(a|x) = softmax(Waz(x) + ba), Lasp = CE(a, PZa|x) (6)

Here, a is the aspect label of the input sentence x. Given the sentence representation
z(x), the auxiliary aspect prediction head infers the distribution P(a|x) over possible aspects
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via a softmax function with W, and b, as parameters. The aspect prediction loss ﬁasp is the
cross-entropy between ground-truth and the predicted distributions. This auxiliary goal
encourages the learned representations to retain aspect-discriminative semantics, which
helps maintain a consistent aspect-level organization across domains [9,10,19].

For data with rare aspect supervision, or to improve the aspect structure of context-
inferred expressions, we further perform clustering directly over the embedding space
using K-means with K = 4.

min Y7, min||z(xi) = puell3, 4 = arg min||z(xi) — e )
(CH S ¢

The goal of the above formulation is clustering-based aspect induction. Here, z(x;)
demotes the sentence-level representation of i-th sentence, and {yk},‘le is the set of cluster
centers, each representing one aspect category. The optimization objective minimizes
the sum of squared Euclidean distances from each sentence representation to its nearest
centroid, thereby encouraging semantic grouping. The pseudo-aspect label 4; assigned to
sentence x; is obtained by choosing the cluster whose centroid ji is nearest to z(x;). This
clustering procedure allows us to aggregate sentence representations into a semantically
coherent aspect-level structure, particularly for sentence where aspect information is not
explicitly expressed.

3.3. Multi-Source Domain Alignment (Core Domain Adaptation Step)

Explicit domain adaptation occurs during this stage. Even with powerful encoders,
representation distributions across different platforms are not well aligned due to domain
shift, which can affect generalization. Classic and recent cross-domain sentiment classifica-
tion studies have indicated the importance of mitigating such mismatch through adaptation
approaches, especially when target labels are limited or unavailable [6-8,11,13,21]. We aim
to learn domain-invariant representations and simultaneously align the latent distributions
of each source domain with the target data.

Let Ds(k) represent the labeled source-domain data k, and let D; denote the target
domain. Let Py and Q be the distributions of sentence representations z(x) induced by
ng) and Dy, respectively. In order to promote representation-level symmetry across do-
mains, we minimizes a multi-source Maximum Mean Discrepancy (MMD) loss:

MMD? (P, Q) = |[Eanp, [$(2)] — Eaegld(2)]|[5, ®)
K

Lalign = Y MMD?*(Py, Q) 9)
k=1

where Py is the distribution of sentence representations z in k-th source domain, and Q is
the distribution of sentence representations from the target domain. Here ¢(.) is an implicit
feature mapping determined by a kernel function, enabling distribution comparison in
high-dimensional space. The expectation E [-] is taken over each distribution. The MMD
measures the distance between the source and target distributions in the latent space, with
smaller values indicating better alignment. The global alignment loss Ly, is obtained by
calculating the summation of distances between all K source domains and the target domain
using MMD. This further encourages the encoder to learn domain-invariant representations
that are equally shared across multiple sources and the target.

The global alignment loss Lgg,, is computed as the sum of MMD distances between
all K source domains and the target domain. This forces the encoder to acquire domain-
invariant features that are learned across multiple sources and the target domain [9,10,19].
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3.4. Asymmetry-Aware Learning for Domain-Specific and Expression-Level Discrepancies

Alignment alone does not eliminate all cross-domain errors because real data contain
asymmetries beyond simple distributional differences. In this study, two specific types
of asymmetries are especially relevant: (i) directionality of the source mixture versus the
target shift, and (ii) variations in sentiment expression modality between direct and context-
inferred sentiments. Previous work has focused on the resistance of cross-domain sentiment
analysis in such settings, especially when little or no target supervision is available [2,7,21].
Our new framework therefore adds asymmetry-aware components to the training objective.

A sentiment classifier predicts polarity from z(x):

P(y|x) = softmax(Wyz(x) +b,), y € {0, 1} (10)

Let y be the sentiment label of the input sentence x, where y € {0, 1} denotes negative
and positive sentiment class labels. Given a sentence-level representation z(x), the senti-
ment classification layer calculates the conditional probability distribution P(y|x) by using
softmax with the parameterized weight matrix W, and bias vector b,. The parameters
W)y, and by map the latent representation into the sentiment label space with class probabili-
ties, which are employed for predicting the sentiment.

The supervised learning signal for labeled sources is obtained by cross-entropy. In
order to mitigate the bias toward simpler direct expressions and improve performance on
the more difficult context-inferred cases, which are the cases where “everyone agrees this is
difficult”. This is the key challenge of sentiment analysis and aspects-based settings. We
reweight our samples by expression type:

ti=context-inferred
W Tridiect (@ > 1) Lo = Yo ep, WiCE(yi, P(y]xi)) (11)

Here, L is the weighted cross-entropy loss over the labeled source dataset Ds, where each
(xi, y;) contributes with weight w;. This loss is the main supervisory signal for training the
sentiment classifier.

This architecture explicitly considers expression-level asymmetry, which is closely
related to implicit emotion comprehension [2,19,20]. Recent methods enhance the implicit
sentiment learning with supervised contrastive pre-training argue for separation between
representation for explicit and implicit cues. Such a term can be added if necessary:

B -1 exp (sim(z;,zp) / T)
ﬁsupcon = Xl: ngxp:(i) lOgZaEA(i) exp (sim(zi, Z,;)/T) (12)

Here, P(i) denotes the set of positive sample sharing the same label, and A(i) is the set of all
samples in the current batch excluding i [17,18]. T is a temperature parameter that controls
the sharpness of the distribution. The supervised contrastive loss Lsypcon €ncourages
representations with the same label to be closer together while pushing apart those with
different labels in the latent space.

To model discrepancies of direction (i.e., asymmetry from source to target), we in-
troduce a regularization term based on the Kullback—Leibler (KL) divergence between
predictive marginals induced by the source and the target. Let

1 = 1
Pi= (5 Zeen, PO P = (5 Eocp, P10 03
A directional divergence is then minimized:

Ly = KL(Py||Ps), (14)
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This formulation does not assume reciprocity in the source mixture. This kind of di-
rectional robustness is intuitively aligned with focus on cross-domain robustness under
distribution shift [2,33].

Finally, all components are trained jointly in an end-to-end optimization:

L= Ecls + ,Bﬁasp + Wcsupcon + )\Ealign + 'YEdir (15)

Here L is the total training objective with multiple loss terms. L is the sentiment
classification loss, and ﬁasp enforces a spectral aspect-aware constraint. The supervised
contrastive loss ﬁsupcon promotes discriminative clustering of representations by senti-
ment labels, while L, maintains domain-invariant information by minimizing the
discrepancy between source and target distributions. The directional loss L, explic-
itly models asymmetric relationships between domains or expression types. The scalar
coefficients B, 17, A, and < are hyperparameters that balance the relative importance of
aspect supervision, contrastive learning, domain alignment, and asymmetry modeling
during training [6-13].

3.5. Training Protocol

The presented framework is trained in an end-to-end manner by jointly exploiting
labeled data from multiple source domains and unlabeled data from the target domain. At
each training iteration, mini-batches are sampled from all source domains in a balanced
manner to prevent any single platform from dominating, and these are combined with a
mini-batch from the target domain. All samples pass through a common sentence encoder.
Parameters are shared across domains, which facilitates the learning of cross-domain
transferable representations.

Supervised sentiment learning is conducted on labeled source data. It uses an
expression-sensitive weighting approach to promote context-inferred sentiment expressions
over direct ones. This architecture minimizes the bias toward salient sentiment-related clues
and improves robustness against polarity inference from contexts [34,35]. Furthermore, we
employ an auxiliary aspect-prediction objective to retain consistent aspect-level semantics
across the domains when aspect annotations are available.

Domain adaptation is explicitly pursued via a multi-source alignment objective, which
enhances the correspondence between latent source representations and the target distri-
bution. This alignment is directly optimized together with the sentiment classification
task, allowing the encoder to simultaneously capture domain-invariant information under
the sentiment’s supervision [36]. Moreover, in order to tackle residual directional domain
shift, an extra regularization term penalizes the discrepancy between source-induced and
target-induced predictive distributions.

The global training objective is updated with a gradient-based optimizer, such as
Adam. Hyperparameters that control the relative importance of sentiment supervision,
aspect structure, domain alignment, and asymmetry-aware regularization are chosen based
on validation using source data or held-out development data. This protocol ensures
robust convergence and balances symmetry preservation with asymmetry modeling in the
cross-domain setting [37,38].

3.6. Theoretical Discussion on Directional Divergence and Adaptation Risk

Although the proposed directional divergence term is introduced as an auxiliary
regularization objective, it is closely related to divergence-based domain adaptation theory.
Classical adaptation bounds suggest that the expected target-domain risk can be upper-
bounded by the source-domain risk. The bounds also include a discrepancy measure
between source and target distributions, as well as a shared hypothesis complexity term.

https://doi.org/10.3390/sym18020357


https://doi.org/10.3390/sym18020357

Symmetry 2026, 18, 357

14 of 22

In this context, minimizing a suitable divergence between source and target distributions
serves as a surrogate for reducing the target-domain error under distribution shift.

Unlike symmetric discrepancy measures commonly adopted in domain-invariant
representation learning, cross-domain sentiment transfer inherently exhibits directional
characteristics, where knowledge is transferred from labeled source domains to an unla-
beled target domain [39,40]. As a result, symmetric alignment alone may be insufficient to
capture non-reciprocal discrepancies arising from domain-specific expressions or platform-
induced linguistic variations [41]. The Kullback-Leibler (KL) divergence provides a natural
asymmetric measure for modeling such directional discrepancies, as it penalizes mis-
matches between predictive distributions in a non-symmetric manner, which aligns with
the source-to-target adaptation setting considered in this study [42].

From a risk minimization perspective, the proposed KL-based directional divergence
can be interpreted as a regularizer that constrains the discrepancy between source-induced
and target-induced predictive marginals [43,44]. By encouraging consistency between these
predictive distributions, the model implicitly reduces the uncertainty of target-domain
predictions, thereby making the divergence term a surrogate objective for controlling
target-domain risk. Similar divergence-based regularization strategies have been widely
employed in prior domain adaptation and representation learning frameworks, in which
measures such as MMD, Jensen-Shannon divergence, or Wasserstein distance are optimized
without requiring explicit guarantees on exact risk minimization.

Regarding optimization stability, the directional divergence term is formulated as a
differentiable and bounded regularization loss that is jointly optimized with the primary
classification objective. Since the KL divergence is applied to normalized predictive distri-
butions and weighted as an auxiliary term, it does not dominate the training dynamics but
instead complements the symmetry-preserving alignment objective. In practice, this joint
optimization strategy follows common design principles in multi-objective domain adap-
tation frameworks and does not introduce additional instability beyond that of standard
divergence-based regularization methods.

4. Evaluation

This section examines the proposed framework in more realistic cross-domain sen-
timent classification scenarios. The benchmark evaluates performance not only in pre-
dictiveness but also regarding the ability to handle domain shift and the effectiveness of
multi-source adaptation, as well as the contribution of symmetry- and asymmetry-aware
factors. In order to make the comparison fair and stable, various evaluation metrics and
complementary experimental analysis are adopted.

4.1. Experimental Setup and Metrics

In order to evaluate the proposed symmetry- and asymmetry-aware framework, we
perform experiments under a cross-domain sentiment classification scenario that has been
used in related works of sentiment domain adaptation [1-3]. The training data are labeled
reviews from the target domain identified in multiple preferred domains, and the target
domain has only the unlabeled data for training, which will be used solely for evaluation.
We note that this setting is representative of common practical domain adaptation scenarios,
where annotations exist for an established data source (e.g., an old platform) but are scarce
or absent for a newer or emerging domain [6,8,12].

The models are trained with a shared sentence encoder to enable parameter sharing
across domains. This approach is commonly used to facilitate transferable representations
in cross-domain sentiment analysis [6,7,11]. During training, mini-batches are formed by
sampling data from all sources in a balanced manner, combined with samples from the
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target domain. This strategy aligns with multi-source adaptation trends [3,4]. We select the
model and tune hyperparameters using a held-out validation set derived solely from the
source domains. Specifically, we do not access target-domain labels to prevent information
leakage and maintain a fair evaluation protocol [6,13].

For performance measurement, we evaluate the sentiment classification task using
Accuracy and Macro-averaged F1-score (Macro-F1). These are well-established metrics for
sentiment analysis and domain adaptation work [1,7,11]. Accuracy is a straightforward
measure of general correctness. However, we prioritize Macro-F1 because it is less sensitive
to class imbalance and better reflects performance stability across sentiment classes, which
is especially valuable in cross-domain scenarios [1,2]. Moreover, to evaluate LPRS’s robust-
ness to expression-level asymmetry, we report separate results for sentences dominated
by direct (explicit) sentiment expressions and for those dominated by context-dependent
(implicit) sentiment expressions. Recent works in sentiment analysis have emphasized the
importance of distinguishing these expression types [2,17,18,20].

To ensure a fair comparison, all results are averaged over multiple runs initialized with
different random seeds. Our proposed method is compared with several state-of-the-art
models, including: (i) source-only training without adaptation and (ii) multi-source training
without explicit alignment. Source-only training without adaptation and multi-source train-
ing without explicit alignment are widely used baseline models in cross-domain sentiment
classification [6,8,11,13]. This comparison demonstrates the role of domain adaptation and
our asymmetry-aware components in enhancing cross-domain generalization.

To assess the robustness of the observed performance gains, all experiments were
repeated five times using different random seeds. We conducted paired two-tailed t-tests
comparing the proposed method and the strongest baseline for both Accuracy and Macro-
F1 scores. Improvements achieved by the proposed framework are statistically significant
(p < 0.05) across all evaluated target domains.

4.2. Cross-Domain Results

In the following section, we describe our empirical results and analyze them from
different angles to assess the effectiveness of our approach. The evaluation comprises
four complementary experiments, each focusing on specific properties of cross-domain
sentiment analysis. These properties include general classification performance, domain-
generalization ability, robustness against expression asymmetry, and an analysis of individ-
ual model components.

4.2.1. Overall Sentiment Classification Performance

The first set of experiments measures the overall sentiment classification performance
in cross-domain cases. The objective is to determine whether this framework can leverage
multiple source domains to build strong predictive models that can be transferred to a
held-out target domain.

Table 6 shows the classification performance in terms of Accuracy and Macro-F1. We
compare the proposed symmetry- and asymmetry-aware framework against source-only
training, single-source adaptation, and multi-source baselines.

Table 6 presents several training configurations that progressively incorporate sym-
metry and asymmetry modeling. These configurations range from source-only learning
without domain adaptation to the proposed framework, which jointly models domain-
invariant symmetry and domain-specific asymmetry. As shown in the table, source-only
training exhibits notable performance degradation when applied to an out-of-domain
target, highlighting the impact of domain shift.
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Introducing multiple source domains improves generalization performance by rein-
forcing shared (symmetric) sentiment patterns across domains. Further performance gains
are observed when explicit domain alignment is applied, indicating the benefit of enforcing
domain-invariant representations. However, these improvements remain limited when
only symmetry-preserving mechanisms are considered.

Table 6. Cross-Domain Sentiment Classification Results.

Model Configuration Adaptation Mechanism Aci(l;/lor)acy Ma(c(:)z(;-Fl
Source-only Training No symmetry modeling 742 + 0.6 71.8 £ 0.7
Single-Source Adaptation Limited symmetry across domains 76.5 £ 0.5 741+ 0.6
Multi-Source Training Implicit symmetry via data aggregation 783 +05 76.0 £ 0.6
Multi-Source + Domain Alignment Explicit symmetry enforcement 80.1 £0.4 784 £ 0.5
Proposed Framework Symmetry + Asymmetry modeling 82.0+03 80.6 £ 0.4

In contrast, the proposed framework, which integrates both symmetry and asymmetry
modeling, achieves the best performance across both Accuracy and Macro-F1 metrics. Im-
portantly, the reported improvements are consistent across multiple runs with relatively low
variance. This suggests stable and robust behavior under different random initializations.
These results support the hypothesis that modeling expression-level and domain-specific
asymmetries complements symmetric alignment. Consequently, this approach leads to
more reliable cross-domain sentiment classification performance.

4.2.2. Cross-Domain Generalization Under Domain Shift

This experiment investigates cross-domain generalization under domain shift by
comparing model performance across various target domains. All models are trained on
the same source domains, and evaluation is performed independently for each unseen
target domain.

As presented in Table 7, the source-only trained system exhibits noticeable perfor-
mance variability across different target domains. This variability indicates limited ro-
bustness to domain shift. Introducing multiple source domains consistently improves
performance. This supports the intuition that exposure to more diverse training data
facilitates the learning of more generalizable sentiment patterns.

Table 7. Cross-Domain Generalization across Target Domains.

Model Configuration Macro-F1 for Target A (%) Macro-F1 for Target B (%)  Macro-F1 for Target C (%) 12,7%
Source-only Training 70.5£0.7 721 £0.6 73.0+£0.6 719 £ 0.6
Multi-Source Training 742+ 0.6 758 £ 0.5 76.1 £ 0.5 754+ 05
Multi-Source + Domain Alignment 76.8 0.5 782404 785+ 04 778 £04
Proposed Framework 791+04 80.4 +0.3 80.9 £ 0.3 80.1 £0.3

The addition of explicit domain alignment further stabilizes performance across tar-
get domains, thereby reducing sensitivity to domain-specific distributional differences.
However, these symmetry-preserving strategies alone remain insufficient to fully address
cross-domain discrepancies.

Importantly, the proposed framework achieves the highest Macro-F1 scores across all
target domains and demonstrates consistently low variance. These results indicate stable
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generalization behavior. This suggests that jointly enforcing domain-invariant symmetry
while retaining domain-specific asymmetry enables the model to capture transferable
representations. Consequently, the representations remain effective under varying domain
shifts. These results further confirm that the proposed approach does not overfit to any
specific source—target pair, but instead causes the model to generalize reliably across
multiple target domains.

4.2.3. Analysis of Robustness Under Expression Asymmetry

The third experiment examines robustness to expression-level asymmetry. This phe-
nomenon occurs when sentiment polarity must be derived from context rather than being
directly stated. This problem is particularly difficult in cross-domain settings, where writ-
ing styles and context clues differ widely across platforms. Therefore, we also report the
performance on sentences that express explicit sentiment versus those requiring implicit
inference based on context.

As shown in Table 8, both models achieve strong performance on sentences containing
explicit sentiment expressions, where sentiment polarity is directly stated. However, the
baseline model exhibits a pronounced performance drop on implicit sentiment expressions.
This results in a large performance gap between explicit and implicit cases. This behavior
indicates limited robustness when sentiment must be inferred primarily from context rather
than explicit sentiment-bearing words.

Table 8. Robustness to Expression Asymmetry.

Model Explicit F1 (%) Implicit F1 (%) Gap
Multi-Source + Alignment 83.24+0.5 71.5 £ 0.6 -11.7
Proposed Method 84.0=+04 76.8 £0.5 —7.2

In contrast, the proposed framework demonstrates substantially improved perfor-
mance on implicit sentiment expressions while maintaining competitive performance on
explicit cases. More importantly, it consistently reduces the gap between explicit and
implicit performance with relatively low variance across runs. This reduction suggests that
expression-level asymmetry exerts less influence on the proposed framework. Specifically,
the framework is better able to capture contextual sentiment cues beyond explicit lexical
indicators. These results further validate the effectiveness of the expression-aware learning
strategy in enhancing robustness to implicit sentiment expressions.

4.2.4. Component Contribution Analysis

We conduct an ablation study on the target domain sentiment classification task to
investigate how each component of the proposed framework contributes to cross-domain
sentiment classification. Table 9 compiles the results.

Table 9. Ablation Study on Target Domain.

Variant Accuracy (%) Macro-F1 (%)
Full model 82.0£0.3 80.6 £ 0.4
— Aspect loss 80.4+04 789 £ 0.5
— Alignment loss 791 £0.5 773 £ 0.6
— SupCon loss 80.0 £ 04 782 +05
— Asymmetry-aware loss 795+ 0.4 778 £ 0.5

The dash (-) denotes that the corresponding component is removed from the full model for ablation analysis.
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Table 9 presents an ablation study that examines the contribution of each major
component in the proposed framework. The full model integrates sentiment supervision,
aspect-level structural modeling, multi-source domain alignment, supervised contrastive
learning, and asymmetry-aware modeling. Each ablated variant removes one component
while keeping all others unchanged, enabling an analysis of the individual effect of a
specific module.

Removing any single component consistently leads to performance degradation in
both Accuracy and Macro-F1. This indicates that all modules contribute meaningfully to
the framework’s overall effectiveness. In particular, removing the alignment loss results in
the largest performance drop, highlighting the critical role of enforcing domain-invariant
representations in cross-domain sentiment classification.

Performance also decreases when the asymmetry-aware loss is removed. This suggests
that modeling domain-specific and context-inferred sentiment expressions is essential, even
when symmetric alignment is present. Similarly, excluding aspect-level supervision or
supervised contrastive learning leads to noticeable but smaller degradations, confirming
their complementary roles in stabilizing representation learning.

Overall, the ablation results demonstrate that strong cross-domain sentiment per-
formance arises from the synergistic interaction between symmetry-preserving compo-
nents and explicit asymmetry-aware modeling, rather than from any single mechanism
in isolation.

4.3. Comparison Scope and Baseline Justification

Although the proposed framework is evaluated against multiple representative base-
lines, recent advances in transformer-based domain adaptation motivate a more direct
empirical comparison with strong neural baselines [45]. To address this, we include an
additional adversarial domain adaptation baseline, DANN-BERT [46], which represents a
canonical and widely adopted transformer-based adversarial adaptation approach.

The comparison is conducted under the same multi-source unsupervised domain
adaptation setting. In this setting, labeled data are available only from multiple source
domains, and no target-domain annotations are used during training. DANN-BERT in-
tegrates a gradient reversal mechanism into the BERT encoder to encourage domain-
invariant representations, acting as a representative adversarial alignment strategy in the
transformer setting.

This comparison is designed to assess whether adversarial domain alignment alone
is sufficient to handle the complex symmetry—asymmetry interactions present in cross-
domain sentiment analysis, particularly under platform-induced distribution shifts. All
models are evaluated using the same experimental protocol and metrics to ensure a fair
and controlled comparison.

As shown in Table 10, incorporating adversarial domain alignment via DANN-BERT
yields clear improvements over source-only and naive multi-source baselines. This confirms
the effectiveness of adversarial strategies in reducing domain discrepancy. However, the
proposed symmetry—-asymmetry-aware framework consistently outperforms DANN-BERT
across both Accuracy and Macro-F1 metrics, with stable performance observed across
multiple runs.

This performance gap suggests that while adversarial alignment is effective in pro-
moting domain invariance, it may not sufficiently capture directional and expression-level
asymmetries inherent in real-world cross-domain sentiment data. By explicitly modeling
both symmetry-preserving alignment and asymmetry-aware discrepancies, the proposed
framework achieves more robust and consistent adaptation under a multi-source unsuper-
vised setting.
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Table 10. Comparison with Transformer-Based Adaptation Baselines.
Method Setting Accuracy (%) Macro-F1 (%)
Source-only BERT - 758 £ 0.6 732 +0.7
Multi-source BERT - 784 +05 76.1 £ 0.6
DANN-BERT Adversarial DA 80.1 £ 04 783 £ 0.5
Proposed (Sym-Asym) Multi-source UDA 82.0+£0.3 80.6 =04

Importantly, these results do not imply a limitation of adversarial domain adaptation
itself. Instead, they highlight the complementary role of asymmetry-aware modeling
in scenarios where sentiment expressions and contextual polarity vary across platforms.
Overall, this empirical comparison demonstrates that explicitly addressing symmetry—
asymmetry interactions provides measurable and reliable benefits beyond adversarial
alignment alone.

5. Conclusions

This study presents a novel symmetry- and asymmetry-aware domain adaptation
framework for cross-domain sentiment analysis. This approach addresses the limitations
of approaches that rely solely on domain-invariant representation learning. By explic-
itly integrating symmetry-preserving alignment with asymmetry-aware modeling, the
proposed framework captures both shared sentiment structures and domain-specific or
expression-level variations. This is particularly beneficial for context-inferred sentiment
expressions that are difficult to handle under strict invariance assumptions.

In contrast to prior domain adaptation methods that emphasize representation align-
ment alone, this work demonstrates the practical necessity of accounting for residual
asymmetries that naturally arise across platforms. Experimental results show that mod-
eling directional and expression-level discrepancies effectively complements symmetric
alignment, leading to more stable and robust performance under domain shift. Notably,
the proposed framework consistently outperforms strong transformer-based adversarial
adaptation baselines, with statistically significant improvements observed across multiple
runs and all evaluated target domains.

Further analyses reveal that symmetry-aware and asymmetry-aware components
contribute complementary effects rather than functioning as isolated mechanisms. Ablation
and robustness studies confirm that explicit asymmetry modeling is particularly important
for handling implicit sentiment expressions, while multi-source symmetry enforcement
remains essential for transferable representation learning.

Despite the encouraging results, this study has several limitations. The experiments
focus on hotel review datasets to control topical variability and isolate platform-induced
domain shift. Furthermore, the framework is evaluated on binary sentiment classification
with English-language data only. Moreover, aspect-level structure is based on a predefined
schema, and the adaptation setting assumes unlabeled target-domain data. Future work
will extend this framework to multilingual and fine-grained sentiment settings, incorporate
limited target-domain supervision, and explore multimodal sentiment adaptation involving
visual and acoustic cues.

Overall, this work demonstrates that jointly modeling symmetry and asymmetry
provides a robust and principled solution for cross-domain sentiment analysis under
realistic platform shifts. This offers both theoretical insight and practical value for real-
world deployment.
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