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Aspect-Based Sentiment Analysis (ABSA) often experiences a significant
performance decline in cross-domain settings due to vocabulary variation and
domain-specific aspect expressions. Although transformer-based models
achieve strong in-domain performance, they primarily rely on contextual
embeddings and often ignore the syntactic structures that remain consistent
across domains. Existing methods rarely integrate structured decoding with
adaptive syntactic fusion for robust aspect boundary detection. This paper
proposes a syntactic-aware cross-domain ABSA framework based on
DeBERTaV3 and BIO-CRF decoding to alleviate the above problems. The
proposed model introduces part-of-speech and dependency-relation
embeddings, in addition to contextual embeddings, and uses an attention-based
model to dynamically fuse syntactic and semantic information at multiple
levels. We further apply a Conditional Random Field (CRF) layer to enforce valid
BIO transitions and enhance the consistency of multi-word aspect spans under
domain shift. The model was evaluated in three English review domains:
Restaurant, Laptop, and Device across six zero-shot cross-domain transfer
settings (D—L, D-R, L-D, L-R, R—D, and R-L). Test results show consistent
advances over robust transformer-based and prompt-based baselines. The
proposed method yields F1 scores for aspect extraction between 0.72 and 0.81
and achieves sentiment classification accuracies between 74.32% and 85.19%.
The best performance was achieved in the L—R transfer setting. Through paired
bootstrap testing (p < 0.01), Statistical analysis confirms that the proposed
model achieves significant improvements over baseline methods. The results
demonstrate that incorporating explicit syntactic knowledge, adaptive feature
fusion, and structured decoding substantially improves cross-domain
generalization in fine-grained sentiment analysis.

1. Introduction

reviews [3]. The early approaches to ABSA primarily treat

Aspect-Based Sentiment Analysis (ABSA) is a fine-
grained sentiment analysis task that selects aspect terms in a
sentence and identifies the sentiment polarity of each aspect
[1]. ABSA associates sentiment expressions with specific
targets, providing a more detailed understanding of user
opinions than sentence-level sentiment classification. This
function can also aid in assessing product reviews, gathering
customer feedback, evaluating services, and tracking brand
reputation. The SemEval-2014 Task 4 benchmark was
established and has since become one of the most widely used
benchmarks in ABSA research [2]. To assess cross-domain
robustness, we also integrate more review domains, namely,
Restaurant reviews from SemEval 2015 and 2016 and Device
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aspect extraction as a sequence labeling problem and employ
probabilistic models such as Conditional Random Fields
(CRFs) [4], followed by neural approaches with BiLSTM and
CRF decoding [5]. These methods often relied on manual
linguistic feature engineering based on part-of-speech (POS)
tags, dependency relations, and sentiment lexicons. While
these approaches work well in a controlled setting, they are
not robust to domain shift and require extensive feature
engineering to generalize across heterogeneous domains [6].
BERT [7] was a high-profile, successful large pre-trained
transformer model that could learn contextual
representations. This led to the adoption of end-to-end neural
modeling approaches for ABSA. Further studies involve span-
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based extraction methods [8], domain-adaptive pre-training
[9], and adversarial feature alignment [10]. Through
disentangled attention mechanisms that separately model
content and positional information, DeBERTa further
enhanced contextual representation learning [11]. Although
transformer architectures have strong contextual modeling
capabilities [12], they still have several limitations in cross-
domain ABSA settings. To start with, most transformer-based
techniques rely mostly on contextual embeddings but do not
fully capitalize on explicit syntactic information (e.g. POS tags
or dependency relations), even though syntactic patterns are
generally less sensitive to domain-specific vocabularies.
Another limitation is that recent transformer architectures,
such as DeBERTaV3 [13], do not incorporate structured
decoding mechanisms, such as CRF, which can lead to
inconsistencies in aspect boundary prediction due to domain
shift. Third, when features are introduced, they are often
combined via simple concatenation, without any adaptive
mechanisms to equilibrate syntactic and contextual
information.

To address these limitations, the proposed framework
pursues three primary objectives. The first objective
incorporates explicit POS and dependency-relation
embeddings into a DeBERTaV3 encoder, thereby augmenting
existing contextual token representations with grammatical
structure. The second contribution is an attention-based
fusion mechanism that dynamically balances syntactic and
contextual information at the token level. To address this
limitation, we introduce a CRF decoding layer that enforces
valid BIO transitions over the fused representations. This
results in improved consistency of multi-token aspect spans
across the different domains. The framework is assessed on
three review domains, Restaurant, Laptop, and Device, under
six stringent zero-shot cross-domain transfer settings. The
proposed framework introduces a unified cross-domain
ABSA architecture that combines contextual semantic
representations with explicit syntactic modeling and
structured decoding. Unlike existing approaches that either
rely solely on contextual embeddings or incorporate syntax
through graph-based dependency structures such as graph
convolutional networks [14] or adversarial feature alignment
methods [15], the proposed model integrates POS and
dependency embeddings directly into a DeBERTaV3
backbone and adaptively balances syntactic and contextual
information using an attention-based fusion mechanism. In
addition, a CRF decoding layer is employed to enforce valid
BIO transitions and improve aspect boundary consistency
under domain shift. By integrating adaptive syntactic fusion
and structured prediction into a single DeBERTaV3-based
framework, the proposed method achieves robust
performance across heterogeneous review domains without
auxiliary domain-adversarial training. A novel cross-domain
ABSA approach that combines DeBERTaV3 contextual
representations with POS and dependency-relation
embeddings, fused at a unified token level.

e A feature fusion mechanism that uses attention to
synthetically and contextually balance representations,
enabling generalization across domains.

e A BIO-CRF decoding mechanism that ensures valid
transitions between tags while also consistently extracting
multi-word aspect spans across domains.
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e Comprehensive assessment across the Restaurant, Laptop,
and Device review domains, employing six zero-shot
transfer approaches, along with ablation studies and
statistical ~ significance  tests, comparing strong
transformer-based, graph-based, and prompt-based
baselines.

The key contributions of this research are as follows:
Although syntactic information can improve structural
generalization, the framework still depends on the quality of
external linguistic parsers, which may introduce errors in
noisy or low-resource settings. Overall, the proposed
framework demonstrates that integrating syntactic structure,
adaptive fusion, and structured decoding can substantially
improve the robustness and cross-domain generalization
capability of ABSA systems.

2. Related work

ABSA has evolved from statistical sequence-labeling
approaches to large-scale pre-trained language models over
successive methodological developments [16]. This section
surveys earlier studies along six key streams: (1) sequence
labeling methods; (2) neural and attention-based models; (3)
transformer-based contextual representations; (4) cross-
domain and transfer learning approaches; (5) syntactic and
graph-based modeling; (6) structured decoding methods.

2.1 Statistical and neural sequence labeling

Earlier ABSA techniques framed the identification of
aspect terms as sequence labeling tasks. Due to the ability of
conditional random fields (CRFs) to model dependency
between labels and impose structural consistency, they
became popular [17]. Despite this, the models were created
using manually derived features such as part-of-speech (POS)
tags, syntactic dependency relations, and sentiment lexicons.
The integration of CRF decoding with bidirectional long short-
term memory (BiLSTM) networks significantly improved
contextual modeling. Other architectures incorporated
convolutional neural networks into BiLSTM and CRF layers
[18]. Neural models, although reducing the need for manual
feature engineering, remain sensitive to domain-specific
lexical patterns. Structured decoding led to improved span
consistency. However, the domain adaptation mechanisms
incorporated were not that powerful. Thus, they failed to
work well in diverse domains.

2.2 Attention-based and early neural ABSA models

To better understand the connection between aspect
terms and opinion words, attention mechanisms were
adopted. Models like attention-based LSTM [19,20] and IAN
[21] selectively focus on context words that are highly
relevant to the sentiment polarity. Memory network models
improve sentiment inference through successive attention to
the context. The results indicate that explicitly using aspect
context interactions improves sentiment classification
accuracy. The contextual representations acquired by these
models, however, still depend on domain-specific training
data. Due to domain shift, performance is significantly
degraded. Many attention-based approaches do not explicitly
account for distributional differences between domains and
instead focus on maximizing domain accuracy.
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2.3 Transformer-based contextual representations

The ABSA paradigm was transformed with the
introduction of BERT [7]. The performance of RNN-based
models is significantly lower than that of self-supervised
learning-based contextual token representation of pre-
trained transformer models [22]. In subsequent studies,
researchers used BERT for ABSA by fine-tuning it. Others
proposed using SpanBERT to enable span-based modeling.
Further works built joint extraction and -classification
systems for the same purpose [23].

Despite their robust performance within a domain,
model transformers frequently underperform when facing
domain shifts. To enhance the positional encoding and
context disentangling, DeBERTa introduced disentangled
attention mechanisms, and DeBERTaV3 further optimized
this with ELECTRA-style training [11]. The representational
strength of these models has increased, and they are widely
used as backbones. Even so, systems that leverage
transformers continue to rely on lexical co-occurrence
statistics. When the vocabulary distribution changes, the
performance drops in cross-domain transfer. Although
contextual encoders perform well in capturing semantic
relations, we argue that they do not explicitly encode
grammatical structure.

2.4 Cross-domain and transfer learning approaches

The goal of cross-domain ABSA is to mitigate
performance degradation during transfers. To address
discrepancies across domains, techniques for adaptive
transfer learning have been proposed. Domain adaptive fine-
tuning has been applied to aspect-level sentiment
classification [24], while adversarial learning methods
attempt to learn domain-invariant feature representations
[25]. Simultaneously, modeling sentiment classification and
aspect extraction can enhance generalization performance
[26]. More recent work has explored the use of contrastive
learning to improve within-domain alignment of
representations [27]. Although there has been progress, most
cross-domain systems rely primarily on contextual
embeddings and do not explicitly exploit syntactic invariants.
Existing cross-domain approaches primarily focus on feature-
level adaptation and often overlook structured prediction and
linguistic regularization.

2.5 Syntactic and graph-based modeling

Matching aspect terms to opinion expressions relies on
constituent syntactic structures. Methods that rely on
dependencies store relational information beyond linear
sequences of tokens. The target-dependent sentiment
classification was developed using dependency tree-based
neural networks [28]. Dependency graph-based GCNs have
enhanced relational reasoning in ABSA in [29]. Syntactic
dependencies are suggested to be more stable than the
lexicon across domains. Besides, dual embedding schemes for
POS tags have been shown to reinforce grammatical
awareness [30]. Nonetheless, the direct combination of
syntactic embeddings with transformer backbones remains
unexplored, particularly across domains.

2.6 Structured decoding and span consistency
For boundary detection, valid label transitions are
required. While transformer-based architecture provides rich
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contextual encodings, token-level classifiers can produce
inconsistent BIO sequences. Structured decoding using a
conditional random field (CRF) offers a stable way to model
transition constraints. Recent research shows that
transformer encoders with CRF layers achieve more coherent
boundaries and less fragmented spans [31]. Span-based
extraction systems also try to preserve multi-token
consistency [32]. However, Structured decoding methods
have received limited attention in cross-domain ABSA
research.

2.7 Emerging directions: generative and prompt-based

ABSA

Recent research has investigated generative
formulations of ABSA using T5 [33], a sequence-to-sequence
transformer. Redefinition of ABSA using masked language
modeling or question-answering tasks, followed by prompt-
based learning [34]. Instruction-style supervision strategies
generally require a large computational budget and do not
typically impose explicit structural limits on aspect spans. The
restrictions recognized in the above assessment, such as weak
syntactic integration, insufficient structured decoding, or lack
of adaptive fusion, directly motivate the framework we
propose in Section 3.

3. Methodology

This paper presents a framework for cross-domain ABSA
that integrates contextual semantic modeling with the explicit
syntactic structure using structured prediction. Combining
domain-sensitive lexical patterns with more stable
grammatical structures limits performance decay under
domain shift. The model jointly performs aspect span
extraction and sentiment classification in a single
optimization system, as shown in Figure 1.

3.1 Problem formulation

Let an input sentence be S = {wy, w,, ..., w, }, where w; is
the i-th token and n is the sequence length. The goal of ABSA
is to identify a set of aspect spans A = {(s, ex)} and assign
each span a sentiment polarity y, €
{positive,negative,neutral}. Aspect extraction is formulated as
a structured sequence labeling task using the BIO encoding
scheme:

YZ{YDYZ! ""yn}'Yie{B'I'O} (1)

BIO rules define valid label transitions (for example, I
cannot follow an O without being preceded by a B). This
formulation not only keeps aspect boundary information but
also models aspect extraction as a structured token-level
sequence labeling task. The structured sequence modeling
optimizes dependencies between labels globally (rather than
only associating neighboring labels). This reduces prediction
errors at the boundaries. The symbols used in the proposed
framework are described in Table 1.
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Contextual Embeddings
from DeBERTaV3
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Aspect-Level

Sentiment I
> Classlﬁcation
8

Figure 1. The proposed syntactic-aware cross-domain ABSA framework

Table 1. Nomenclature of symbols used in the proposed framework

Symbol Description

S Input sentence
w; The i-th token in the sentence
n Number of tokens in the sentence
A Set of aspect spans
(sk’e,) | Startand end positions of the k-th aspect span
Y BIO label sequence
Vi BIO label assigned to token i
h; Contextual embedding from DeBERTaV3
Di POS embedding
d; Dependency relation embedding
X; Concatenated token representation
X; Attention-fused token representation
a; Attention weight for token i
e; CRF emission score
Aij CRF transition score between labels
Vg Aspect-level pooled representation
Vi Predicted sentiment distribution
Lcrp CRF loss
Lone Sentiment classification loss
A Loss balancing parameter

3.2 Data preprocessing

Preprocessing plays a pivotal role in cross-domain ABSA,
as errors in tokenization, annotation matching, or syntactic
structure extraction can lead to prediction errors.
Preprocessing minimizes variation in terms and structures
between the source and the target. The preprocessing
pipeline performs text normalization, annotation alignment,
linguistic feature extraction, subword alignment, and
sequence padding.

Sentiment
Classification .~ Loss
. 3 Backpropagate
Text normalization: the raw sentence as S™ =
{wi, wia¥, ., wy2"}. User-generated content often contains

uncased, misspelled, noisy punctuation, and abbreviations. A
processing operator V' (+) is app

wi = N W) @

Normalization consists of the following steps: variable

lowercasing, Unicode normalization, punctuation separation,

removal of redundant characters, and optional spelling

correction. It stabilizes lexical distributions across various

domains. According to domain adaptation theory [35],

reducing the empirical variance of token frequencies between

the source and target domains should improve generalization

under domain shift.

BIO-based aspect annotation: The bio-based aspect
annotation for any normalized token w;, is t; € {B, I, 0}, which
indicates that w; is the beginning (B), inside (I), or outside (0)
of an aspect term. Tag sequence refers to the sequence T =
{t1, to, ..., ty}. This encoding makes explicit multi-token spans.
In the presence of CRF decoding, the BIO scheme introduces
valid transition constraints, whereby an I-tag cannot
immediately follow an O-tag unless preceded by a B-tag:

P(t;=11ti_;=0)=0 (3)

This constraint enhances the consistency of aspect
boundaries during systematic sequence prediction.
Sentiment Label Assignment: Each aspect span is assigned a
sentiment polarity label from “negative”, “neutral” and
“positive”. Token-level sentiment alignment is defined as:

(Y, ifsp<i<e
pi= {—1, otherwise (4)
Here, -1 indicates non-aspect tokens. This way, shared
contextual representations can potentially be used for aspect
detection and polarity classification.

Part-of-speech (POS) tagging: The grammatical category
pos; = POS(w;) is assigned to each token w;. The POS tag
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sequence is denoted as Pos = {pos,,posy,..,pos,}. In
general, aspect terms are nouns, and sentiment expressions
are usually adjectives or adverbs. For this reason,
incorporating POS tagging introduces structural priors to
mitigate ambiguities in aspect-opinion alignment.

Input

Sentence: e food

is delicious but service s bad

Y y Y Y Y

POS Tags: [DET]||{[NOUN]||[AUX] | [ADJ] | [[CCONJ][[NOUN]f | [AUX]| | [ADJ]

Figure 2. Part of speech (POS) tagging

Every token is tagged with a universal POS tag (NOUN,

ADJ, DET). Figure 2 shows that aspect terms such as "food"
and "service" always receive a nominal tag, while words that
express sentiment, such as “delicious” and “bad,” appear as
adjectives. These grammatical patterns provide useful
structural signals for aspect-opinion alignment and motivate
the inclusion of POS embeddings in the model. This
information provides grammatical cues that complement
contextual semantic representations.
Dependency parsing: Dependency parsing describes the
structure of a sentence as a set of dependency relations, or
dependency trees between tokens or words (Figure 3). Each
token w; is assigned a dependency relation dep; = DEP(w;).
The dependency sequence is Dep = {dep,,dep,, ..., dep,}.
Relations like amod (adjectival modifier) and nsubj (nominal
subject) encode structural interactions between aspect and
opinion terms. Dependency relations are often more
structural and consistent across domains than surface lexical
patterns, which facilitates cross-domain representation
learning. Let ¢ (W) be a lexical feature function, and ¢y, (W)
a syntactic feature function. The notion of domain invariance
asserts that the divergence of P(¢bsy, (W) | domain) across the
domains is lower than the divergence of P(¢ex(w) | domain)
where the divergence is taken to be the Kullback-Leibler
divergence [36]. This insight encourages incorporating
syntactic features to improve cross-domain robustness. The
dependency tree of a review sentence is shown in Figure 3.
Edges indicate the syntactic relation between the words, such
as nsubj, for example, “service” = “is”. The visualization shows
that regardless of surface word order, opinion modifiers are
connected via dependency arcs to their aspect terms. The
structural patterns are largely preserved across domains,
supporting the thesis of cross-domain stability.

el nsubj conj ce TSUD)
Input
P the food

. EGD e . . Co|
Sentence: is delicious but service is bad

POS Tags: ‘[DET]H[NOUN]”[AUX]‘ |[ADJ] ‘ ’[CCONJ]H[NOUN]‘ ‘[AUX]‘ |[ADJ]|

Figure 3. Dependency parsing

Subword tokenization and label alignment: Subword
tokens are used by DeBERTaV3. A token w; can be split into
subwords {u;1,U;y, ..., Uim}- BIO tags are passed onto the
subwords in as:
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ti' ] = 1
tl‘]‘: I, j>1andti=#0 (5)
0, otherwise

POS and dependency tags are replicated at the token level:
pos;j = pos;, dep;; = dep; (6)

This ensures that token splitting does not distort labels and
that structured decoding occurs at the subword level.
Sequence padding and attention masking: Each sequence is
padded to a maximum length L:

§ = {wy, ...,wy, PAD, ...,PAD} (7)

-
L-n

The attention mask is:

1, i<n
mi = {0 i>n (8)
Padding tokens are ignored during self-attention and loss
calculation.

3.3 Contextual representation learning
We use DeBERTaV3 [13] as the contextual encoder.
DeBERTaV3 improves upon BERT [7] and RoBERTa through
two key innovations: disentangled attention and ELECTRA
[37]-style pre-training. These enhancements produce richer
contextual representations that are more robust to domain
shift.
Disentangled attention mechanism: Standard BERT
combines token content and position information into a single
embedding before self-attention. DeBERTaV3 instead
separates them. Each token w; is represented by two vectors:
¢ A content embedding c; - captures the token’s semantic
meaning.
¢ A position embedding p; - captures its absolute position
in the sequence.
The attention score between tokens i and j is computed as the
sum of four interaction terms:

Ai,j ==
Ci- G + Ci ' pj + pi- ¢ + Pi " Pj

- ™ w
content-to-content content-to-position position-to-content

However, DeBERTaV3 simplifies this by using a disentangled
matrix formulation. Let Q. K, V.be the content-based
projections, and @Q,, K;- be the position-based projections. The
attention score becomes:

Score(x;, %) = Q¢ - Kl + Q¢ - KT + Q- KT 9

The learned vector r;_; expresses the relative position
between tokens i and j. This design enables the model to learn
both semantic and positional relationships without the
interference seen in BERT.

ELECTRA-Style Pre-Training: This allows each token’s
representation to be informed by the global sentence context,
which is essential for ABSA because sentiment polarity
depends on relationships between aspect terms and opinion
words. However, contextual embeddings learned solely from
lexical co-occurrence become unstable under domain shift.
Therefore, we augment them with explicit syntactic features
as described in Sections 3.4 and 3.5. Figure 4 illustrates the
overall DeBERTaV3 embedding flow within our framework.
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For ABSA, these innovations produce contextual embeddings
that better capture fine-grained semantic and syntactic
relationships. The output of DeBERTaV3 for an input
sentence S = {wy,...,w,}is a sequence of contextual
embeddings. In ABSA, these innovations enable contextual
embeddings to better capture semantic and syntactic
relationships. DeBERTaV3 generates contextual embeddings
in an output sequence to represent input sentence
S={wy, ..., w, }.

H = {hy,hy, ..., h,}, h; = DeBERTaV3(w;, S) (10)

The self-attention mechanism in DeBERTaV3 computes
weighted interactions between all token pairs:

Attention(Q, K,V ) = Softmax (‘%}V (11

This consists of a global contextual representation, which
is important for ABSA, as sentiment polarity is determined by
the relationship between aspect terms and opinion words. Yet
in cases of domain shifts, embeddings determined solely by
lexical co-occurrence become unstable. Thus, we enhance
them with explicit syntactic features as outlined in Sections
34 and 3.5. Figure 4 shows the overall DeBERTaV3
embedding workflow in our Framework.

Input Tokens: wy, W, W3, ..., Wy

|

Token Embedding Matrix
Content vectors (initialised via GDES pre-training)
€y C C3 ... Cy

DeBERTaV3 Encoder (L layers)

Disentangled Self-Attention Layer 1

- Projects Q., K., V. from ¢;
- Computes relative position vecs r;.; for each token pair [« 7j- (leamed,
- Attention score = c4o-C + ct0-p + p-to-c (using @y, K;) | | "ot static input)

v

Disentangled Self-Attention Layer 2 ]

L

[

[ Disentangled Self-Attention Layer L ﬂ]
(L =12 for DeBERTaV3-hase)

Y

[ Output Contextual Embeddings: H = {hy, hy, ..., h;} ]

Figure 4. DeBERTa contextual embedding

3.4 Linguistic feature embedding

POS tags as well as dependency relations are represented
as dense vectors for grammatical structure. A vector is
mapped to each POS tag pos;:

pi = EP*(posy) (12)
A vector is assigned to each dependency relation dep;:
d; = E9P(dep;) (13)

These embeddings denote grammatical categories (e.g.,
nouns; adjectives) and syntactic relations (e.g., adjectival
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modifiers). Syntactic categories are much more domain-
steady than lexical tokens. The full token representation
concatenates the contextual embedding, the POS embedding,
and the dependency embedding.

x; = [hi; o di] (14)

This approach enhances the dimensionality of the
feature space, enhances feature diversity, and introduces a
beneficial structural bias that improves generalization to
heterogeneous domains.

3.5 Attention-based feature fusion

Direct concatenation of features makes the same
assumption across all feature types and therefore may not
capture feature contributions across domains (Eq. 14). To
overcome this drawback, we use an attention-based fusion
mechanism. Initially, there is a nonlinear transformation:

Z; = tanh (I/Vin + bf) (15)

Next, we calculate the attention weights:

exp (u'z))
a; = <on 16
t Z},zl exp (uTz)) ( )
The fused representation is:
R = X (17)

The softmax normalization guarantees a valid probability
distribution over the tokens, enabling an adaptive focus on
informative tokens. The attention mechanism is an adaptive
weighting system that enables the model to dynamically
assign importance to contextually or syntactically relevant
representations, based on the input sentence.

3.6 Structured aspect extraction with CRF
Aspect extraction relies on a linear classifier and is post-
processed by a CRF. Emission scores are used as:

e; = WeX; + b, (18)

Rather than making independent predictions for each tag, the
CRF predicts the entire tag sequence while conditioning on the
input:

exp (Score(X,Y))

Py 1X) = 2 yr €xp (Score(X,Y")) (19)
The sequence score is:
n
Score(X,1) = ) (Ayp, +ei0) (20)
i=

where A represents the label transition matrix. Training
reduces the negative log likelihood:

LCRFz_lOgP(le) (21)

CRF employs global normalization across the sequences to
enforce proper BIO transitions on fragmented spans. This type
of structured regularization is useful when different domains
exhibit distinct lexical cues.
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3.7 Aspect-level sentiment classification

After extracting spans, aspect-level sentiment
classification is performed. The representation of a predicted
span (sy’ ;) is computed using mean pooling:

Vi = —— %k % (22)

ex—Sk+1
The sentiment distribution is:
Y = Softmax(W;vy + by) (23)
The loss function is as follows:

‘Csent = _Zk Yk log 9){ (24‘)

Predicting sentiment from extracted spans (instead of full
sentences) ensures limited polarity allocation and retains
context sensitivity.

3.8 Joint multi-task optimization
The total loss combines both aspect extraction loss and
classification loss:

L= Legp + ALgen (25)
where A mitigates the two components. This joint maximum-
likelihood  estimation encourages learning shared
representations that capture boundary and polarity
information, thereby improving transferability across
domains.

3.9 Training procedure

Algorithm 1 describes the entire training process from
beginning to end. The contextual embedding of the input
sentence is generated by DeBERTaV3 for every batch. POS
tagging and dependency relations are extracted and
converted to dense embeddings. The Attention Fusion layer
takes in the semantic and syntactic embeddings from the
Fusion layer. We use the fused representation for two tasks:
structured aspect extraction via CRF and aspect-level
sentiment classification via a softmax classifier. The CRF loss
and sentiment loss are summed with a balancing parameter
lambda. Using Adam optimization, model parameters are
updated via backpropagation.

Algorithm 1. Syntactic-aware cross-domain ABSA training

Input: Training dataset D = {(S,Y,T)}, balancing parameter A4,
number of epochs E

Initialize model parameters 0
for epoch =1to E do
for each batch (S,Y,T) € Ddo
1. Compute contextual embeddings:
H « DeBERTaV3(S)
2. Extract linguistic features
P « POS_Embedding($)
D < DEP_Embedding(S)
3. Concatenate features: X < [H; P; D]
4. Apply attention-based fusion: X « Attention(X)
5. Compute CRF loss for aspect extraction:
Lcgr < CRF_Loss(X,Y)
6. Compute sentiment classification loss:
Lgent < Sentiment_Loss(X, T)
7. Compute total loss: L = L¢gp + ALgen:
8. Update parameters Qusing Adam optimizer
end for
end for
Return trained parameters 0

Output: Optimized model parameters ©
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4. Results and discussion

This section presents the detailed analysis of the
proposed syntactically aware cross-domain aspect-based
sentiment analysis (ABSA) framework. We first detail the
benchmark data and implementation environment, then
present the quantitative results, ablation studies,
comparisons with state-of-the-art baselines, and statistical
significance tests.

4.1 Dataset description

To evaluate cross-domain robustness, we use the review
dataset from three domains: Restaurant (R), Laptop (L), and
Device (D). Restaurant merges the restaurant reviews from
SemEval 2014, 2015, and 2016 [2,38,39]; Laptop comes from
SemEval 2014 [2]; Device merges all digital device reviews
collected by Alghamdi et al [40]. Moreover, we give explicit
aspect spans and sentiment polarity labels (positive, neutral,
negative) to every review. The few instances of conflict (i.e.,
simultaneously positive and negative for the same aspect) are
eliminated per standard ABSA practice. The detailed statistics
for the datasets are shown in Table 2.

We take into account all six relevant cross-domain
transfer settings, including source-to-target among the three
domains, which includeD—->L,D—->R,L—-D,L—>R,R—D,and
R — L. A model is trained in each setting solely on the source
domain's training split and evaluated on the target domain's
test split, without any target-domain fine-tuning. This
transfer protocol provides a rigorous assessment of the
model's cross-domain generalization capability across quite
distinct review types that differ significantly in size and
language.

Table 2. Dataset statistics for the three domains

Metric Device Laptop Restaurant

Total sentences (train| 2,085 2,928 6,536

+ test)

Training sentences 1,394 2,297 4,284

Test sentences 691 631 2,252

Total aspect spans| 2,085 2,928 6,536

(train + test)

Average sentence | ~18.0 ~17.4 ~159

length (tokens)

Average aspect span| ~1.4 ~1.3 ~1.2

length (tokens)

Sentiment

distribution (train)

- Positive 767 994 2,570
(55.0%) (42.7%) (60.0%)

- Neutral 279 464 728 (17.0%)
(20.0%) (20.0%)

- Negative 348 870 986 (23.0%)
(25.0%) (37.3%)

Sentiment

distribution (test)

- Positive 380 337 1,350
(55.0%) (53.4%) (60.0%)

- Neutral 138 167 382 (17.0%)
(20.0%) (26.5%)

- Negative 173 127 520 (23.1%)
(25.0%) (20.1%)

230



UA. Teki & P. Ranjana /Future Technology

The three domains differ substantially in lexical
characteristics, syntactic structures, and aspect distributions,
which make cross-domain transfer particularly challenging.

4.2 Implementation details

The framework uses DeBERTaV3 base [11] as the
contextual encoder. Input sentences are tokenized with the
DeBERTaV3 tokenizer using a maximum length of 128 tokens.
Part-of-speech (POS) tags and dependency relations are
obtained using spaCy v3.5.0 with the en_core_web_sm model
(POS tagging accuracy ~97 %, dependency UAS ~93 % on
standard English text). The linguistic features are embedded
as dense vectors (dimension 50 each) and combined with the
contextual embeddings via an attention-based fusion layer
before being passed to the CRF decoder for aspect extraction.
Sentiment classification is performed by mean-pooling the
fused representations of the predicted span, followed by a
fully connected softmax classifier. All hyperparameters were
selected via grid search on a 10 % validation split of the
source domain training data. The search ranges were:
learning rate {1x107°%, 2x107°%, 3x107°}, batch size {8, 16},
POS/DEP embedding dimension {30, 50, 75}, attention fusion
hidden size {64, 128, 256}, and dropout {0.1, 0.2}. The final
values are listed in Table 3.

Table 3. Hyperparameters and hardware specifications

Parameter Value
DeBERTaV3 hidden size 768
POS embedding dimension | 50

Dependency embedding | 50

dimension

Attention fusion hidden| 128

dimension

Dropout rate 0.1

Optimizer Adam (B,=0.9, 3,=0.999)
Learning rate 2x1075

Weight decay 1x1072

Batch size 8

Training epochs 10 (early stopping patience = 2)
CRF transition initialization | Random uniform [-0.1, 0.1]

42,123,456,789,1011 (mean + std

Random seeds

reported)

Hardware NVIDIA GeForce RTX 3090 (24 GB
VRAM)

Training time per epoch ~4.5 min (Restaurant), 3.5 min
(Laptop)

Experiments were run with five different random seeds,
and the results in all tables are reported as mean * standard
deviation. All procedures were executed on the same
hardware to ensure reproducibility.

Table 4. Cross-domain aspect extraction results (mean * std)
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4.3 Evaluation metrics

Aspect extraction performance is measured with
Precision, Recall, and F1 using exact span matching (both
start and end boundaries must match). For sentiment
classification, we report aspect-aware accuracy: a prediction
is correct only if both the aspect span and its polarity match
the ground truth. We additionally report end-to-end F1 (span
+ polarity) as the joint metric. Standard sentiment accuracy
over correctly extracted aspect spans is additionally reported
for comparability with earlier studies. All metrics are
reported on the target test set, and statistical significance is
evaluated using a paired bootstrap test with 10,000
resamples (p < 0.01).

4.4 Cross-domain experimental results

The learning curves for aspect extraction (Figure 5) and
sentiment classification (Figure 6) demonstrate consistent
performance improvements throughout training over the 10
epochs for all six cross-domain settings. The training metrics
outperform the validation metrics by a small margin (0.01-
0.03), indicating minimal overfitting and stable
generalization across domains. The L—R transfer achieves the
highest validation F1 (~0.81) and validation accuracy
(~85%), while D—R achieves a strong F1 of 0.78 and an
accuracy of 81.2%. The R—D (=0.72 F1, 74% accuracy) has
the lowest accuracy, likely because restaurant and device
reviews exhibit greater linguistic and lexical differences. L-D
and D—L exhibit moderate performance. After about six to
eight epochs, each curve plateaus without oscillation,
suggesting stable optimization and justifying an early-
stopping patience of two epochs. The minimal variation
observed across five randomly chosen seeds (standard
deviation of less than or equal to 0.01 for F1 score and less
than or equal to 0.5 percent for accuracy) demonstrates the
robustness of our proposed framework.

To assess the framework, we run evaluations on aspect

extraction utilizing exact span matching. The precision, recall,
F1, and exact span accuracy (i.e., the percentage of correctly
predicted aspect boundaries) for all six cross-domain
transfers are reported in Table 4. We present the results as
the mean # standard deviation over five random seeds.
The highest F1 score of 0.81 and an exact span accuracy of
79.3% are recorded when training on a laptop and testing on
a restaurant. This indicates that the Laptop domain exhibits
linguistic patterns that readily transfer to Restaurant reviews.
The Restaurant — Device transfer is the most challenging,
likely due to substantial vocabulary and contextual
differences between the domains. The low standard
deviations (<0.02 for F1, <0.6% for accuracy) confirm stable
performance across trials.

Training — Testing Precision Recall F1 Exact Span Accuracy (%)
R-L 0.82+0.01 0.72 +£0.01 0.76 £ 0.01 74.2+0.5
L-R 0.88+0.01 0.75+0.01 0.81+0.01 79.3+0.4
R-D 0.78 £ 0.02 0.67 +0.02 0.72+0.01 69.8+ 0.6
L-D 0.81+0.01 0.71+0.02 0.75+0.01 72.5+0.5
D-R 0.85+0.01 0.73+0.01 0.78+0.01 76.1+0.4
D-L 0.80 +0.02 0.70 +0.02 0.74+0.01 719+ 0.5

231



UA. Teki & P. Ranjana /Future Technology

Aspect Extraction Learning Curves (All Cross-Domain Settings)
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Aspect length sensitivity analysis: We analyze how the
length of the aspect span helps extraction performance. F1
scores for single-token, two-token, and three-or-more-token
aspects are provided in Table 5. Performance gradually
declines as aspect span length increases, suggesting that CRF-
based structured decoding improves multi-token boundary
consistency under domain shift. The drop is least for L to R
(0.86 to 0.75) and most for R to D (0.80 to 0.68).

CRF vs. independent Softmax decoding: We replace the
CRF layer with a token-wise Softmax classifier (keeping all
other components unchanged) to quantify the performance
gain of structured decoding. According to Table 6, CRF
decoding yields an F1 improvement for device aspect
extraction across all six transfer settings. The largest gain is
for L-»R at +0.06. All improvements are statistically
significant at p < 0.05.

Table 5. Aspect extraction F1 by span length (mean * std)

Training - Testing 1 token 2 tokens 23 tokens
R-L 0.83 +£0.01 0.78 £0.01 0.72 £ 0.02
L—-R 0.86+0.01 | 0.81+0.01 | 0.75+0.01
R-D 0.80+0.02 | 0.74+0.02 | 0.68+0.02
L-D 0.82 +0.01 0.76 £ 0.01 0.70 £ 0.01
D-R 0.84+0.01 | 0.79+0.01 | 0.73+0.01
D-L 0.81+0.02 | 0.75+0.02 | 0.69+0.02

Table 6. CRF vs. Softmax decoding - Aspect extraction F1 (mean *
std)

Training - Softmax (no | CRF (full A (CRF -
Testing CRF) model) Softmax)
R-L 0.75+0.01 0.76 £ 0.01 +0.01
L-R 0.75+0.01 0.81+0.01 +0.06
R-D 0.71+0.02 0.72+0.01 +0.01
L-D 0.72+0.01 0.75+0.01 +0.03
D—-R 0.75+0.01 0.78+0.01 +0.03
D-L 0.71+0.02 0.74 +0.01 +0.03

Table 7 shows the results of the aspect-aware sentiment
classification expressed as both accuracy and macro F1 (the
unweighted average of per-class F1). The macro F1 values are
designed to address the class imbalance, particularly a
smaller number of neutral and negative instances in some
domains. The highest accuracy (85.19%) and macro F1
(84.8%) are observed for L—R, reinforcing that the Laptop
domain provides well-structured sentiment expressions that
generalize effectively to restaurant reviews. The challenging
transfer (R—D) drops accuracy to 74.32% and macro F1 to
72.9%. This is again due to the large divergence of the
domains and the inherently difficult task of classifying neutral
sentiment in device reviews. Across all configurations, the
macro F1 score is slightly lower than the accuracy score,
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suggesting that the neutral class, with fewer instances, is
harder to classify correctly.

Table 7. Cross domain sentiment classification results (mean * std)

Training — Testing Accuracy (%) Macro F1 (%)
R-L 77.74 £ 0.31 76.2 0.4
L—-R 85.19+0.28 84.8+0.3
R—-D 74.32 £ 0.42 729+0.5
L-D 76.85 + 0.35 75.6 +0.4
D->R 81.24 £ 0.30 80.5+0.3
D-L 78.56 £ 0.38 77.3+0.4

The six cross-domain transfers’ sentiment confusion
matrices (Figure 7) show strong diagonal dominance
indicating the model can clearly distinguish positive, neutral,
and negative polarities against domain shift. For L-->R, the
majority of correct predictions will be close to the accuracy of
85.19%. For R--D the lower accuracy is reflected in more off
diagonal errors. Off diagonal errors are quite common from
neutral to positive. In all matrices, both positive and negative
classes have limited cross-polarization confusion, but the
neutral class continues to remain the most misclassified class,
similar to class imbalance and semantic fuzziness. The
heatmaps (colormap from white to blue, no grid) provide a
concise visual summary supporting the quantitative evidence
in Table 6. They further confirm the robustness of the model
across the Restaurant, Laptop, and Device domains. In
previous ABSA studies, neutral sentiment categories tend to
exhibit lower lexical polarity signaling, which is what we see
here.

4.5 Ablation study - Joint end-to-end F1

In addition to extraction aspects, we assess the effect of
each component on the joint F1 score (correct span + correct
polarity). Table 8 shows the joint F1 for the complete model
and five ablated versions across all six transfer settings. On
average, the CRF layer contributes the most to overall
performance improvements, with a decrease in joint F1 of
0.065 when it is replaced with SoftMax decoding. This
indicates that coherent span boundaries are necessary for
accurate sentiment assignment.

Omitting all syntactic features results in a mean drop of
0.048, while attention-based fusion caused a drop of 0.040. By
keeping only POS for the model and removing DEP, the joint
F1 will be reduced by an average of 0.033. In comparison, if
we reverse, we lose only 0.023. This shows that dependence
relations are stronger cues than POS tags for joint extraction
and classification across domains. Overall, these patterns hold
across all six transfer settings; however, effects are most
pronounced for the challenging R — D transfer (full model
joint F1 = 0.67, dropping to 0.61 without CRF). Overall, all the
modules contribute to the joint task, with CRF and syntactic
fusion being the most crucial.
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Sentiment Confusion Matrices for All Cross-Domain Transfers
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Figure 7. Sentiment Confusion matrix for all six cross domain transfers
Table 8. Cross-domain aspect extraction results (mean # std)
Model Variant R-L L-R R-D L-D D-R D-L
Full model 0.71+0.01 0.78 £0.01 0.67 £0.01 0.70 £0.01 0.74 £ 0.01 0.71+0.01
- DEP only (no POS) 0.69 +£0.01 0.75+0.01 0.65 +0.01 0.68 +£0.01 0.72 +£0.01 0.68 +£0.01
- POS only (no DEP) 0.68 £ 0.01 0.74 £ 0.01 0.64 £ 0.02 0.67 £ 0.01 0.71+£0.01 0.67 £0.01
- Attention fusion (— concat) 0.68 £ 0.01 0.74 £ 0.01 0.63 +0.01 0.66 £ 0.02 0.70 £ 0.01 0.66 +0.01
- CRF (= SoftMax) 0.65+0.02 0.71+£0.01 0.61 £ 0.02 0.64 £ 0.01 0.67 £0.01 0.64 £ 0.02
- All syntactic features 0.67 £ 0.01 0.73+£0.01 0.62 £0.01 0.65+0.01 0.69 £ 0.01 0.66 £ 0.01

4.6 Comparison with state of the art (joint F1: span +
polarity)

Table 9 compares the performance of our full model with
strong baselines using the joint span + polarity F1 metric. The
suggested framework achieves comparable or superior
performance in most transfer situations across all transfer
directions (p < 0.01, paired bootstrap test). The biggest gain
is achieved on L-R (+0.05 over TRNN GRU) and R—D (+0.07).
The sole tie occurs in D—-R, where both our model and the
TRNN GRU achieve 0.74, but this difference is not significant
(p = 0.32). Except for this one, all the differences are
significant.

4.7 Sensitivity to multi-task weight A

We assess how varying A (Eq. 25) affects the F1 score of
aspect extraction and the sentiment accuracy for each of the
six transfer settings. According to Table 10, A =1.0 is optimal
or near-optimal in both cases, as it assigns roughly equal
weight to both tasks. Across all seeds, the standard deviation
of F1is <0.01 and the standard deviation of accuracy is <0.5%.
Increasing A beyond 1.0 improves sentiment accuracy but
lowers aspect F1 in all settings. An optimal balance is offered
by the standard A = 1.0.
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Table 9. SOTA comparison - joint F1 (span + polarity)

Model R-L | LR | R»D | L-D | D-R | D-L

BERT+CRF 0.63 | 0.59 | 0.58 | 0.61 | 0.62 | 0.60

RoBERTa+CRF | 0.66 | 0.61 | 0.60 | 0.63 | 0.64 | 0.62

DeBERTaV3 0.69 | 0.63 | 0.62 | 0.65 | 0.66 | 0.64
(softmax, no
syntax)

Span-Sharing 0.60 | 0.72 | - - - -
Joint Extraction | * +
[32] 0.01 | 0.01

PROMPT [34] | 0.46 | 0.65 | - - - -

BERT-PT [41] 0.51 | 043 | 041 | 0.43 | 0.67 | 0.57

TRNN-GRU [42] | 0.65 | 0.73 | 0.60 | 0.60 | 0.74 | 0.69

Ours (full) 0.71 | 0.78 | 0.67 | 0.70 | 0.74 | 0.71

Table 10. Sensitivity to A for all cross-domain settings (mean # std)

Transfer A Aspect F1 Sentiment Accuracy (%)
R-L 0.5 | 0.74+0.01 76.2 0.4
1.0 0.76 £ 0.01 77.7£0.3
1.5 0.75+0.01 78.1+0.4
L-R 0.5 | 0.78+0.01 83.6 £ 0.3
1.0 | 0.81+0.01 85.2+0.3
1.5 | 0.79+0.01 86.0 £ 0.3
R-D 0.5 | 0.70+0.02 73.0+05
1.0 0.72£0.01 74.3 £ 0.4
1.5 0.71+£0.01 74.9 £ 0.5
L-D 0.5 | 0.73+0.01 754+ 0.4
1.0 | 0.75+0.01 769 £ 0.4
1.5 | 0.74+0.01 77.5+05
D-R 0.5 | 0.76 £0.01 80.1+0.3
1.0 0.78 £0.01 81.2+0.3
1.5 0.77 £0.01 82.0+0.4
D-L 0.5 0.72 £0.02 77.2+0.4
1.0 | 0.74£0.01 78.6 £ 0.4
1.5 | 0.73+0.01 79.1+05

4.8 Statistical significance analysis

To ascertain that the observed gains are not incidental,
we conduct pairwise significance tests for all cross-domain
transfer directions across the three main metrics: aspect
extraction F1, sentiment accuracy, and joint F1 (span +
polarity). In line with standard practice in the ABSA literature,
we conduct a paired bootstrap test with 10,000 resamples.
We take 10,000 bootstrap samples of the test predictions for
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each model pair, sampling sentences with replacement. For
all bootstrap samples, we compute the metric difference. We
derive a two-tailed p-value from the empirical distribution of
differences. A result is considered statistically significant
when p < 0.01 unless otherwise stated. Comparisons with
state-of-the-art systems demonstrate consistent
improvements across most transfer settings. Comparison

against the strongest baseline (TRNN GRU [42]):

e Our model achieves a p-value of less than 0.01 in five of the
six transfer settings for joint F1. There is an exception to
the above which is D-R where both models attain 0.74 and
do not differ with a p-value of 0.32. The minimum
statistically significant margin is +0.02 (D—L: 0.71 vs. 0.69,
p <0.01).

e The F1 for aspect extraction and the accuracy of sentiment
detection vary by setting (all six settings are significant at p
< 0.01 versus DeBERTaV3 softmax no syntax and TRNN
GRU aspect F1 D=R versus TRNN GRU p = 0.04 borderline,
with sentiment accuracy being clearly significant at p <
0.01).

The significance of ablation:

e The removal of CRF (softmax decoding) causes the joint F1
to have a significant drop across the six settings (p < 0.01,
minimum t statistic 3.2).

¢ Eliminating every syntactic characteristic in the corpus
produces statistically significant results in every direction.

e The removal of POS or DEP embeddings alone shows p <
0.05 in most settings; the smallest drops (e.g. -POS in R—L:
-0.02 joint F1) are borderline (p = 0.03), but overall
evidence confirms both streams are meaningful.

The proposed model demonstrates substantial performance

enhancement over the leading published baseline in 5 out of

6 transfer directions when evaluated using joint F1. The only

non-significant case is a tie (D—R). All architectural elements

contribute with statistical assurance, vouching for the
design.

4.9 Computational complexity and inference efficiency

We examine the computational impact of the proposed
framework regarding the number of parameters, training
throughput, and inference speed. The important figures are
summarized in Table 11. The computational cost was
measured using more than 1,000 sentences on an RTX 3090
GPU, with length < 128 tokens (POS / dependency parsing
inclusive). The parameter count increases by only 1.2%,
training time per epoch grows by only approximately 0.5 min,
and inference throughput decreases by less than 7% in the
worst case with batch size 1, thanks to the overhead
introduced by the syntactic fusion module and CRF decoder.
The relative slowdown in batched inference is even smaller
(3.4%) because the transformer backbone dominates the
computational cost. The CRF Viterbi decoding adds a fixed,
short path (dynamic programming over label sequences,
O(T-L?) where T = length of sequence, L. = number of BIO tags,
typically 7) per sentence, which is negligible compared to the
transformer forward pass.
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Table 11. Complexity and efficiency overview

Metric DeBERTaVv3 + Syntax + CRF
base (ours)

Trainable parameters 183 M 185.2 M (+1.2%)

Additional parameters - 2.2 M (embeddings,

(syntax/CRF) fusion, CRF)
FLOPs per token 1.1G 1.15 G (+4.5%)
(inference)

Training time ~4.0 min ~4.5 min
(Restaurant, 1 epoch)

Training time (Laptop, ~3.1 min ~3.5 min

1 epoch)

Peak GPU memory 12.4 GB 13.1 GB (+5.6%)
(batch size 8, 128

tokens)

Inference speed 48.2 45.1 (-6.4%)
(sent./Sec, batch=1)

Inference speed 215.7 208.3 (-3.4%)

(sent./sec, batch=32)

5. Discussion

The six cross-domain transfers confirm that explicit
syntactic information strengthens the robustness of ABSA
under domain shift. Below, we present the key findings,
limitations, and future directions.

5.1 Syntactic structure as a cross-domain bridge

Eliminating all syntactic characteristics results in a
decrease of 0.048 in joint F1. Dependency embeddings
account for more (0.033) than POS embeddings (0.023).
Therefore, dependency arcs, which directly encode modifier-
head relations such as amod and nsubj, provide richer and
more transferable cues than their lexicalized POS patterns.
The performance drop observed when attention-based fusion
is replaced with simple concatenation highlights the
importance of integrating syntactic and contextual
information.

5.2 Why L-R transfers best and R—»D worst

L—R achieves the highest joint F1 (0.78), aspect F1
(0.81), and accuracy (85.19%). We attribute this to Laptop’s
balanced sentiment distribution (42.7% pos., 37.3% neg.),
frequent comparative/adversative structures that generalize
well, and a large Restaurant target set that allows the CRF to
exploitrich span distributions even with source-only training.
R—D is hardest (joint F1 =0.67) due to a large stylistic gap:
narrative/sensory restaurant language vs. technical device
vocabulary. Yet syntactic patterns still bridge the gap: CRF
and dependency-based models suffer less performance loss
than softmax baselines. Multi-word technical terms (“solid
state drive”) with no restaurant counterpart cause the largest
drop in longer aspect F1 (0.80 — 0.68).

5.3 Structured decoding (CRF) under domain shift

Replacing the CRF with softmax decoding causes the
largest degradation (average joint F1 drop of 0.065). The CRF
enforces universal BIO constraints that are domain-agnostic,
preventing fragmented spans that would be particularly
harmful when target aspect distributions differ from the
source. This benefit is most pronounced in the hardest
transfers.
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5.4 Comparison with prior work

Our model significantly outperforms the strongest
baseline in five of the six transfer settings when evaluated
using joint F1. (TRNN GRU), p=0.01. The only exception is
D-R (0.74), where the difference is not statistically
significant. We find these gains to be quite robust across five
seeds (std < 0.02). This further suggests that the combination
of a strong encoder, explicit syntax, and structured prediction
yields real cross-domain gains beyond those of larger
pretrained models.

5.5 Efficiency trade-offs

The overhead is only modest: +1.2% parameters, +4.5%
FLOPs/token, and at most 6.4% slower single-sentence
inference (Table 10). The batched throughput penalty is just
3.4%, so our framework is suitable for real-world deployment
with respect to accuracy and speed.

6. Limitations and future work

6.1 Limitations

» Dependence on external parsers: spaCy errors on noisy text
propagate through the pipeline, degrading structured
embeddings under stylistic shifts.

¢ English only, three product domains: The framework has
not been tested on other languages or additional domains
(e.g., Service, social media, medical).

o Explicit aspects only: Implicit aspects (e.g., “bright” —
“display”) are not handled.

¢ Neutral class performance: Neutral F1 is lower due to
semantic ambiguity and class imbalance, a challenge
amplified in cross domain transfer.

e Inference overhead: Although small (~22 ms/sentence),
syntactic parsing and CRF decoding add latency; further
optimization is needed for real time applications.

o Theoretical depth: An analysis of the JSD between the POS
and lexical distributions (Section 3.2.5) supports this sense
of syntactic stability, although a deeper investigation of the
invariance of dependency arcs across domains would
reinforce the foundation.

6.2 Future directions

¢ Robust syntax: One approach to improving parser error
correction is the use of confidence weighting. This involves
integrating latent trainable syntax, such as GCNs over
induced trees, or using multi-source parsing.

e Multilingual and cross-lingual ABSA: Use XLM
R/mDeBERTa to examine SemEval 2016 multilingual data
for language-agnostic syntactic features.

¢ Broader domains and low-resource adaptation: The
capability should extend to diverse domains, especially
involving few-shot, prompt tuning, or data augmentation
for few target labels.

¢ Implicit aspects and full triplets: Discover implicit targets
and extract aspect-opinion-sentiment triples jointly for a
more complete analysis.

¢ Lightweight deployment: Implement techniques like
pruning, distillation, or quantization for real-time and on-
device applications.

e Stronger theory: Measure the stability across specific
dependency relations and conduct unsupervised domain
adaptation to close the performance gap.
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The proposed framework achieves state-of-the-art
cross-domain ABSA performance with statistically significant
gains and manageable overhead, while the outlined directions
aim to extend the framework’s applicability to noisier,
multilingual, and more diverse practical settings.

7. Conclusion

This research developed an architecture that integrates
explicit linguistic syntax with deep contextual modeling for a
syntactically aware cross-domain aspect-based sentiment
analysis. The model employs DeBERTaV3 as its encoder, adds
part-of-speech and dependency embeddings to token
representations through an attention-based fusion
mechanism, and uses a CRF-based structured decoding to
ensure coherent aspect boundaries. We conduct extensive
experiments on three English review domains (Restaurant,
Laptop, and Device) in different zero-shot cross-domain
transfer settings. In all six settings we evaluate, we find
consistent and significant gains over strong transformer-
based baselines. For extraction, the framework's F1 scores
range from 0.72 to 0.81, with the best transfer
(Laptop — Restaurant) achieving 0.81. For aspect-aware
sentiment classification, accuracy ranges from 74.32% to
85.19% (across 2 of 3 datasets), and the joint span and
polarity F1 score reaches 0.78. The model significantly
outperforms the previous state of the art (TRNN GRU) in five
of six joint F1 settings (p < 0.01), with the remaining direction
a statistical tie. Ablation studies affirm that syntactic features
and structured decoding are both important, with
dependency relations contributing more than POS tags and
the CRF providing the biggest single advantage. The extra
processing demands are very low (+1.2% parameters, ~4.5%
additional FLOPs, and at most 6.4% slower inference), so it
works well in practice. The results demonstrate that directly
modeling  linguistic  structure = within  transformer
representations yields substantial improvements in cross-
domain generalization for fine-grained sentiment analysis.
Future work will extend the framework to multilingual
settings, reduce dependence on external parsers, and support
implicit aspect detection.
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