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ACCOUNTING, FINANCE AND COMPUTATIONAL INTELLIGENCE

Extended Abstract

Introduction

In recent years, the task of sentiment analysis has grown in both academic and industrial relevance due to the proliferation
of user-generated content across digital platforms. From customer reviews and social media posts to political commentary
and market feedback, understanding the underlying emotional orientation of text data has become critical in domains such
as marketing, public policy, and human-computer interaction. Sentiment analysis is a branch of natural language processing
(NLP) that seeks to systematically detect, extract, and interpret subjective information from text, often categorizing sentiment
as positive, negative, or neutral (Saxena et al., 2022).

Traditional sentiment analysis approaches such as Naive Bayes, Support Vector Machines, and rule-based models,
although effective to a degree, fall short when faced with the intricacies of linguistic ambiguity, sarcasm, and context-
dependence. More importantly, they are generally sensitive to textual noise—grammatical mistakes, typographical errors,
slang, and adversarial manipulation—which frequently appears in social media content (Amin et al., 2024). To address these
challenges, recent advances have turned to deep learning-based models, particularly those relying on Transformer
architectures like BERT (Bidirectional Encoder Representations from Transformers), which offer superior capabilities in
contextualized language modeling (Ashok Kumar Durairaj & Chinnalagu, 2021).

Nevertheless, despite the promising results of Transformer-based models, their performance tends to degrade
significantly in adversarial environments characterized by noisy and manipulated text. To mitigate this issue, adversarial fine-
tuning methods have been proposed to improve model robustness. By exposing the model to various types of textual
perturbations during training, these methods aim to enhance the model’s resilience in real-world conditions where noise and
irregularities are common (Amin et al., 2024).

Particularly in the context of low-resource languages like Persian, where high-quality annotated corpora are scarce and
informal text formats dominate user interactions, there is a pressing need for customized and resilient sentiment analysis
models. Recent work has highlighted the utility of language-specific BERT variants such as ParsBERT and FarsiBERT, which
outperform their multilingual counterparts due to their tailored pre-training on native corpora (Karami et al., 2023; Vakili et
al., 2024). In a comparative study, ParsBERT demonstrated superior accuracy in aspect-based sentiment analysis, while
FarsiBERT exhibited strong adaptability under adversarial conditions (Jafarian et al., 2021).

In addition, the incorporation of CNN and RCNN architectures alongside BERT-based models has shown potential in
improving classification accuracy by refining feature extraction processes and enhancing sequential dependencies in textual
data (Paulraj et al., 2024). Meanwhile, hybrid approaches utilizing self-supervised graph embeddings, Siamese networks, and
Transformer layers have also shown promise in Persian sentiment classification, enabling deeper semantic representation
and improved model generalization (Davar & Eftekhari, 2024).

The present study builds upon this foundation by proposing a three-phase adversarial fine-tuning framework for
Transformer-based sentiment analysis in Persian language texts. Informed by previous work in low-resource and noisy
language settings (Ahmmed Babu et al., 2025), this model incorporates multi-layered adversarial data generation, BiLSTM
integration, optimized CNN-RCNN feature extractors, and multi-agent SVM clustering to achieve state-of-the-art performance

on noisy sentiment datasets. The study further compares the performance of monolingual models (ParsBERT and FarsiBERT)
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with multilingual BERT under adversarial training conditions, shedding light on the importance of language specificity and
training alignment.

Methods and Materials

This study employed a structured, three-phase experimental design for model development and evaluation. First, a base
model was constructed using a Transformer encoder with multi-head attention and a BiLSTM layer, trained on preprocessed
Persian text data. Tokenization was handled using BERT-compatible tokenizers.

Second, an adversarial data generator was developed to synthetically introduce fourteen controlled types of textual noise
across three intensity levels. This allowed the construction of a suite of adversarial training datasets designed to simulate
realistic data corruption scenarios.

Third, the model underwent staged fine-tuning. Initially trained on clean data, it was subsequently fine-tuned on
increasingly noisy datasets to build robustness against textual perturbations. In parallel, optimized CNN and RCNN layers
were integrated to extract local and contextual features. Multi-agent SVM clustering was used to re-cluster and refine
classification boundaries. The model was tested on standardized evaluation metrics such as accuracy, F1-score, precision, and
confusion matrix-based assessments. Three BERT variants—ParsBERT, FarsiBERT, and Multilingual BERT—were used for
comparative performance analysis.

Findings

The proposed model achieved an accuracy of 97.86%, a precision score of 98.09%, and an F1-score of 98.34% on noisy test
datasets. Compared to the baseline model (accuracy 96.29%, F1-score 95.79%), the proposed framework showed statistically
significant improvement across all key performance indicators. When evaluated individually, ParsBERT demonstrated the
highest starting accuracy and maintained strong performance throughout the adversarial fine-tuning process. FarsiBERT
showed the most pronounced performance gains when tested on adversarial datasets, suggesting a high alignment between
its training corpus and the introduced textual disturbances. In contrast, while Multilingual BERT exhibited moderate accuracy
and broad generalization, it showed relative weakness in retaining high accuracy under severe noise levels.

The results also showed that the inclusion of CNN and RCNN networks improved feature discrimination, especially in the
early classification layers. Clustering through SVM further optimized boundary decisions and reduced misclassification due to
overlapping class features. The systematic adversarial fine-tuning process effectively minimized loss across all three BERT
variants and increased the stability of predictions in corrupted textual environments.

Discussion and Conclusion

The findings of this study reinforce the view that Transformer-based models, when combined with structured adversarial
fine-tuning and hybrid deep learning architectures, can significantly improve sentiment analysis performance in noisy, user-
generated content. The three-phase framework not only increased overall classification accuracy but also demonstrated the
ability to generalize across diverse forms of textual corruption—a key requirement for real-world applications.

The comparative analysis of BERT variants further highlighted the importance of language-specific pretraining. Models
such as ParsBERT and FarsiBERT, which are pretrained on Persian corpora, showed superior performance over Multilingual
BERT in both clean and adversarial scenarios. This supports the hypothesis that linguistic and cultural alignment in model

pretraining is essential for robust downstream task performance, especially in low-resource settings.
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Moreover, the integration of BiLSTM layers added a temporal dimension to the model's understanding of sentiment
progression, which is particularly useful in compound or contextually ambiguous sentences. CNN and RCNN networks
enhanced local feature extraction, allowing for better pattern recognition even in syntactically broken or informal text. The
use of SVM clustering as a post-processing layer refined decision boundaries and reduced classification variance, making the
model more stable and reliable.

The proposed methodology provides a scalable and adaptable framework that can be applied to other low-resource
languages and informal data environments. Its design allows for modular integration of new perturbation types, tokenization
strategies, and language models. In practical terms, the model has strong potential for deployment in customer service
automation, social media monitoring, public opinion mining, and political sentiment tracking.

While the model has achieved substantial gains, several limitations remain. The study was constrained to text-only
sentiment analysis without incorporating multimodal elements such as audio or visual cues. Additionally, the adversarial
disturbances, although varied, may not capture the full complexity of real-world linguistic disruptions. Future work could
expand the dataset to include code-mixed or multilingual text and explore the use of active learning to reduce annotation
costs and improve model adaptability.

In conclusion, this study demonstrates that a Transformer-based, adversarially fine-tuned sentiment analysis framework
can significantly improve robustness and accuracy in Persian-language big data environments. The proposed model addresses
key limitations of traditional and even some modern deep learning approaches, paving the way for more resilient NLP
applications in noisy, user-generated contexts. Its successful integration of domain-specific BERT variants, CNN-RCNN
architectures, and adaptive training strategies makes it a compelling contribution to the advancement of sentiment analysis

for underrepresented languages.
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