A Y5

J | R s ET ISSN(O): 2319-8753
ISSN(P): 2347-6710
International Journal of Innovative Res: hin

Scwnce | Engineering | Technology

International Journal of Innovative Research in Science
Engineering and Technology (IJIRSET)

(A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal)

Impact Factor: 9.935 Volume 15, Issue 9, September 2026

@ www.ijirset.com X ijirset@gmail.com < +91-9940572462 (L) +9163819 07438



LD\ |

K :\‘15‘5 International Journal of Innovative Research of
[FII:X-J=§ Science, Engineering and Technology (JIRSET)

|www.ijirset.com |A Monthly, Peer Reviewed & Refereed Journal| e-ISSN: 2319-8753| p-ISSN: 2347-6710|
Volume 15, Issue 9, September 2026
|DOI: 10.15680/1JIRSET.2026.1509044|

Adaptive Aspect-Aware Prompt Optimization
for Cross-Domain Aspect-Based Sentiment
Analysis with Large Language Models

Lavanya C, Dr R Ramesh
PhD Research Scholar, KPR College of Arts Science and Research, Coimbatore, India

Associate Professor, KPR College of Arts Science and Research, Coimbatore, India

ABSTRACT: Aspect-based sentiment analysis (ABSA) aims to identify sentiments towards distinct aspects rather than
assigning a single polarity to a review. While transformer models and large language models (LLMs) have contributed
to ABSA’s performance, cross-domain transfer is still challenging due to the variability in the aspect vocabulary,
context clues, and opinion expressions. This paper proposes an adaptive aspect-aware prompt optimization framework
which regards prompt construction as a controllable component of cross-domain ABSA. Explicit representation of the
target aspect, incorporating of the domain cues, selection of relevant demonstrations, generation of prompt candidates,
evaluation on validation data, refinement of the selected prompt, and final inference are performed in this framework. It
is assumed that the improvement of prediction quality, especially the aspect-level F1 and its robustness against the
domain transfer, should be prioritized, while the inference speed and token usage are regarded as the second-order
efficiency metrics.The experimental protocol uses the SemEval-2014 Restaurant14 and Laptop14 domains for within-
domain and cross-domain evaluation and uses MAMS as an additional multi-aspect validation setting. The study
compares generic prompting, static aspect-aware prompting, transformer baselines, instruction-based ABSA, and the
proposed adaptive framework under a common evaluation protocol. No numerical results are claimed before the
proposed system is experimentally evaluated. The contribution of this manuscript is therefore a focused, reproducible
methodology for determining whether adaptive aspect-aware prompting improves cross-domain ABSA.

KEYWORDS: Aspect-Based Sentiment Analysis; Large Language Models; Prompt Engineering; Adaptive Prompt
Optimization; Cross-Domain Transfer; Aspect Awareness; Instruction Learning.

L. INTRODUCTION

Sentiment analysis has moved beyond document-level polarity classification toward fine-grained interpretation of
opinions associated with particular entities and attributes. ABSA addresses this requirement by identifying aspect
expressions and determining the sentiment expressed toward each aspect. A review can contain multiple opinions with
different polarities; consequently, a single document-level sentiment label can conceal information that is important for
downstream analysis. The SemEval-2014 Task 4 benchmark established widely used restaurant and laptop review
settings for aspect-based evaluation and provides a useful basis for studying transfer between distinct domains [1].

Pretrained language models have substantially changed NLP by providing contextual representations that can be
adapted to downstream tasks. BERT introduced bidirectional transformer pretraining [2], while RoBERTa
demonstrated the importance of robust pretraining choices [3]. Instruction-following LLMs introduce a different mode
of adaptation: the task can be expressed through natural-language instructions and demonstrations without necessarily
changing model parameters. This makes prompt design a central modeling decision, rather than an interface choice.

However, ABSA via prompts is sensitive to the way the task is described.A generic instruction might capture the
overall sentiment of a review, but fail to condition the model on the target aspect; or, a prompt designed for restaurant
reviews would not possess the contextual cues needed to understand laptop reviews.Aspect terms, opinion expressions,
and domain conventions, can change substantially from domain to domain.Instruct ABSA demonstrated the value of
instruction learning for compound ABSA, and included a cross-domain evaluation, an important reference point for
prompt-based research [4].
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The research problem posed in this paper, therefore, is not simply one of how to use an LLM for ABSA, but how to
make the prompt itself adaptive to the aspect and domain. The proposed framework encompasses aspect-specific
conditioning along with domain cues, relevant demonstrations, candidate prompt generation, validation-based selection,
and structured output constraints. The hypothesis is stated cautiously that such adaptive prompt construction may yield
improved aspect-level prediction and mitigated performance degradation due to domain transfer. It must, of course, be
subjected to empirical testing.

1.1 Research Gap

The existing approaches can be grouped into supervised, pretrained transformer fine-tuning, generic prompting, few-
shot prompting, and instruction-based generation. They can be largely differentiated from each other by adaptation
mechanisms. While a supervised model learns adaptation by learning parameters, prompting-based methods mainly
utilize instructions and context examples to adapt. The specific gap addressed here is the coordinated adaptation of the
prompt to both the target aspect and the domain while retaining a validation-based mechanism for selecting among
prompt candidates. Instruction-learning and prompt-based approaches provide a complementary adaptation mechanism
in which task behavior is shaped through instructions and contextual examples [4,11,12].

1.2 Objectives

e Develop an adaptive prompt representation that explicitly conditions sentiment prediction on the target aspect.
e Introduce domain-aware prompt components for transfer between restaurant and laptop review domains.

e Select and refine prompt candidates using validation data rather than relying on one manually fixed template.
e Evaluate prediction quality primarily through precision, recall, accuracy, Macro-F1 and Joint/ASPE F1

e where applicable.

e Measure cross-domain robustness using the difference between within-domain and cross-domain performance.
e Report inference time, token usage and number of LLM calls separately as efficiency measures.

1.3 Contributions

e A unified adaptive aspect-aware prompt architecture for cross-domain ABSA.

e A controlled comparison protocol spanning generic, static aspect-aware, transformer and instruction-based
approaches.

e A validation-oriented prompt selection mechanism that does not require updating the underlying LLM parameters.

e A reproducible experimental design based on SemEval-2014 Restaurantl4 and Laptopl4, with MAMS as an
additional aspect-awareness validation setting.

e A clear separation between prediction-quality improvement and computational efficiency.

II. RELATED WORK

2.1 ABSA

ABSA can involve aspect term extraction, aspect category detection, opinion extraction, and sentiment classification.
SemEval-2014 Task 4 provides a common benchmark for restaurant and laptop reviews and distinguishes aspect-
related subtasks [1]. Traditional approaches relied on lexical resources and supervised classifiers, followed by neural
architectures that learned contextual representations and aspect-opinion interactions.

2.2 Pretrained Transformers

BERT uses bidirectional transformer representations learned from large-scale pretraining and subsequently adapted to
downstream tasks [2]. RoBERTa revisited the pretraining procedure and showed that training choices strongly
influence language understanding performance [3]. For ABSA, these models provide contextual representations that
can capture relationships between an aspect and nearby or long-range opinion expressions. Nevertheless, supervised
fine-tuning requires labeled task data and may not directly address distribution changes between domains.

2.3 LLMs and Prompt Engineering

LLMs allow tasks to be expressed as instructions and solved through zero-shot or few-shot inference. Prompt
engineering concerns the formulation of task instructions, examples, contextual information and output constraints. For
ABSA, prompt design must distinguish sentiment toward a specified aspect from unrelated opinions in the same
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sentence. Instruction-learning approaches such as InstructABSA formulate ABSA as a generation task and provide
evidence that structured instruction design can support compound aspect-based tasks [4].

2.4 Cross-Domain ABSA

Cross-domain ABSA introduces a distribution shift between source and target domains. Restaurant reviews emphasize
aspects such as food, service and ambience, while laptop reviews involve aspects such as battery, screen and
performance. The same sentiment expression may also carry different implications depending on the aspect and
domain. Consequently, a prompt that is effective in one domain cannot automatically be assumed to be equally
effective in another. This motivates explicit evaluation of transfer directions rather than reporting only within-domain
results. Retrieval- and instruction-based approaches have also highlighted the importance of contextual examples and
task formulation [9,10].

III. PROPOSED FRAMEWORK
The proposed framework treats prompt construction as an adaptive process. Instead of using one fixed template for
every input, it builds a prompt from the review, target aspect, domain information, task instruction, demonstrations and

output specification.

3.1 Framework Components

Component

Function

Expected role

Review representation

Preserves the textual context

Provides evidence for sentiment

Aspect representation

Explicitly identifies the target aspect

Reduces confusion among multiple
aspects

Domain context

Represents  source/target domain
information

Supports domain-sensitive

interpretation

Demonstration selector

Chooses relevant examples

Provides in-context evidence

Prompt candidate generator

Creates alternative prompt
formulations

Avoids dependence on one fixed
template

Validation scorer

Evaluates candidate prompts

Selects candidates using held-out
validation data

Refinement module

Modifies selected prompt

Iteratively improves task formulation

Output constraint

Defines valid ABSA structure

Reduces malformed generations

3.2 Formal Representation
For an input instance, let X = {T, A, D}, where T denotes review text, A the target aspect, and D the domain context. A
candidate prompt is:

p=1(T,A,D,LE, O)

where 1 is the task instruction, E is the selected demonstration set, and O defines the required output structure.
3.3 Prompt Candidate Optimization
Several candidates can be generated by varying the order and specificity of aspect descriptions, domain cues,
demonstrations and output constraints. Candidate selection is performed on validation data so that the held-out test set
remains untouched until final evaluation.

S(p) = aF1_macro(p) + BC_format(p) — yE_invalid(p)
Here, F1_macro(p) measures task quality, C_format(p) measures valid structured outputs, and E_invalid(p) measures

malformed outputs. The coefficients are fixed before test evaluation. This formulation is a design choice and should be
validated empirically.
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3.4 Structured Prediction
The final model response is constrained to an aspect-sentiment representation such as {aspect: battery, sentiment:
positive}. For sentences containing multiple target aspects, the system returns one structured prediction per aspect.
Post-processing is restricted to formatting normalization and does not introduce new semantic predictions.

IV. COMPARATIVE METHODOLOGY

The purpose of the contrast is to detach which element contributes to forecast quality. The proposed method is therefore

evaluated against progressively stronger prompt configurations and conventional model families.

Method Adaptation Aspect explicitness Domain adaptation | Optimization
mechanism
Supervised Parameter fine-tuning | Task dependent Le?med from Parameter learning
transformer training data
Generic zero-shot Instruction only Low No ' explicit None
prompt adaptation
- . : " . -
Generic few-shot | Instruction Moderate Indirect Example  selection
prompt examples fixed
Static  aspect-aware | Aspect in  fixed High Limited Manual template
prompt template
- : n — ) —
Domain-aware static | Aspect + domain in High Explicit but fixed Manual template
prompt fixed template
Instruction-based Structured instruction Hich Evaluated  through | Model/instruction
ABSA learning & task formulation dependent
Aspect + domain +
i + . . idation-
Proposed framework demgnstratlons High Adaptive Validation ba§ ed
candidate prompt selection
optimization

4.1 Primary Improvement Factor

The main factors to consider in this study are accuracy as reflected in the ABSA classification and extraction figures,
especially the macro-F1, which is significant when classes are not distributed uniformly, and the Joint/ASPE F1, which
captures the combined ABSA performance in case the task was defined as such. The cross-domain consistency was
evaluated separately by comparing the within- and transfer performance.

4.2 Secondary Efficiency Factors

Adaptive optimization can increase computational cost because several candidate prompts may be evaluated. Therefore,
speed should not be presented as the principal contribution. Instead, inference latency, token consumption and number
of LLM calls are recorded as secondary measures. This allows the study to determine whether any prediction-quality
change is accompanied by an efficiency trade-off.

V. EXPERIMENTAL DESIGN

5.1 Datasets

Dataset Domain/characteristic Use
SemEval-2014 Restaurant14 Restaurant reviews Within-domain  and  cross-domain
benchmark
. Within-domain and cross-domain
SemEval-2014 Laptop14 Laptop reviews benchmark

MAMS

Multi-aspect, multi-sentiment reviews

Aspect-awareness validation
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Restaurant14 and Laptopl4 are used as the principal transfer domains because they belong to the same ABSA
benchmark family while representing substantially different review contexts [1]. MAMS is used as an additional
validation setting because sentences contain multiple aspects with potentially different sentiment polarities, directly
testing whether the framework conditions predictions on the correct aspect.

5.2 Experimental Conditions

Experiment Source Target Purpose

El Restaurant14 Restaurant14 Within-domain reference
E2 Laptop14 Laptop14 Within-domain reference
E3 Restaurant14 Laptop14 Cross-domain transfer
E4 Laptop14 Restaurant14 Cross-domain transfer
E5 MAMS training split MAMS test split Multi-aspect validation

5.3 Baselines

e BERT/RoBERTa-style supervised transformer baseline.

Generic zero-shot prompting.
Generic few-shot prompting.
Static aspect-aware prompting.

Domain-aware static prompting.
Instruction-based ABSA/InstructABSA-style baseline.

e Proposed adaptive aspect-aware prompt optimization.

5.4 Evaluation Metrics

Metric Interpretation Role
.. Fraction of predicted instances that .
Precision Primary
are correct
Fraction of relevant instances .
Recall Primary
recovered
Macro-F1 Class-balanced harmonic mean Primary
Accuracy Overall classification correctness Primary where appropriate
Joint/ASPE F1 Combined aspect/sentiment Primary for compound ABSA
performance

Cross-domain F1 gap

F1 within domain — F1 under transfer

Primary robustness measure

Invalid-output rate Malformed generations Secondary
Inference time Prediction/optimization latency Secondary
Token usage Prompt and output cost Secondary
LLM calls Number of model invocations Secondary
5.5 Ablation Study

Variant Removed component Purpose

Full framework

None

Reference configuration

— Aspect awareness

Target aspect conditioning

Test aspect contribution

— Domain cues

Domain information

Test domain contribution

— Demonstration adaptation

Adaptive example selection

Test contextual example contribution

— Prompt optimization

Candidate selection/refinement

Test adaptive optimization
contribution

— Output constraints

Structured format

Test output-control contribution
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100 Published Cross-Domain ABSA Benchmark

80 -

64.30 65.30

62.95

60 -

Joint F1 (%)

40 1

20 1

Restaurant —» Laptop Restaurant - Laptop Laptop — Restaurant Laptop - Restaurant
InstructABSA-1 InstructABSA-2 InstructABSA-1 InstructABSA-2

Cross-domain transfer

Fig.1. Published cross-domain Joint F1 benchmark results for InstructABSA on SemEval-2014 Restaurant14 and
Laptop14.

Note: These are published reference results, not experimental results of the proposed adaptive aspect-aware prompt
optimization framework.

VI. COMPARISON ANALYSIS WITHOUT FABRICATED RESULTS

This manuscript intentionally does not insert numerical results for the proposed method. The comparison will be
completed after running the same experimental protocol for every method. Each baseline must use the same test
partition and compatible preprocessing, and prompt optimization must use validation data only.

The central analysis will examine whether the proposed method changes Macro-F1, Joint/ASPE F1 and aspect-level
classification quality relative to the baselines. Cross-domain transfer will be emphasized by reporting both absolute test
performance and the within-domain-to-cross-domain gap. An improvement should be described only when it is
supported by measured values under the same evaluation conditions.

An efficiency table will separately report latency, token usage and LLM calls. This separation is important because a
method can achieve higher predictive quality while requiring additional prompt evaluations. Thus, the study does not
combine speed and accuracy into one subjective score.

VII. EXPECTED RESEARCH SIGNIFICANCE

The methodological significance of the framework is that it changes the prompt design practice from prompt
engineering to optimization. Aspect awareness provides the model with a specific target, and domain cues help it
understand the domain-specific lexicon and sentiment expression. Candidate generation and selection based on
validation make prompt design an empirically solvable problem that does not require manual assumptions about the
best option.If experiments confirm this, it will provide a practical solution for using the LLM-based ABSA framework
in different domains without fine-tuning the base model for each target. But at this point, this is just an unsubstantiated
hypothesis.
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VIIL. LIMITATIONS AND FUTURE WORK

*Our main benchmark covers two review domains, and therefore cannot in and of itself establish universal
domain generalization.

*LLMs can produce different outputs given different model versions, decoding parameters, and system configurations,
and these must be reported for replicability.

*Adaptive candidate evaluation incurs additional inference overhead.

*Validation-set selection can bias the choice of prompt; repeated runs and sensitivity analysis are recommended.

Future work should explore multilingual and code-mixed ABSA, implicit aspects, noisy social-media text, multimodal
inputs, and conversational or robotic settings.

IX. CONCLUSION

This paper proposed an adaptive aspect aware prompt optimization framework for cross-domain ABSA with LLMs.
The framework explicitly conditions the prediction on the target aspect, incorporates the domain cues, selects the
relevant demonstrations, generates the prompt candidates, selects and refines the prompt based on the validation, and
enforces the structured output. The primary research variables are the quality of the prediction (in terms of accuracy
and F1) under cross-domain transfer, with speed and token efficiency playing a secondary role. Restaurant14 and
Laptop14 datasets represent the bulk of the cross-domain evaluation scenarios, while MAMS lays out the framework
for multi-aspect validation. This paper designs the comparison protocol in such a way that it effectively proves that the
adaptive prompting paradigm offers tangible advantages without resorting to any biased assumptions or even
fabrication of evidence.
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