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The model integrates TF-IDF-based extraction with a fine-tuned
XLM-R abstractive module, enhanced through dynamic
thresholding and cultural adaptation. Experiments across 10
languages demonstrate significant improvements over baselines,
achieving an accuracy of 0.90 for English and 0.84 for low-
resource languages. The approach also achieves 22% greater
computational efficiency compared to traditional methods.
Practical applications include real-time brand monitoring and
cross-cultural discourse analysis. Future work will focus on
optimizing performance for low-resource languages through 8-bit
quantization.
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1 Introduction

The field of multilingual sentiment analysis continues to grapple with fundamental methodological tensions be- tween precision
and scalability. Conventional extractive approaches, while effectively preserving original semantic structures [25], frequently
generate outputs that retain excessive verbosity without meaningful distillation. Conversely, modern abstractive methods [27]
demonstrate superior conciseness but introduce risks of semantic distortion, particularly when processing nuanced emotional ex-
pressions. Recent hybrid architectures [38] have attempted to bridge this divide, though significant challenges persist in their
application to low-resource linguistic contexts [10] and their demanding computational requirements [15].

These technical limitations become particularly pronounced when analyzing texts from morphologically com- plex languages
[18] or those containing culture-specific sentiment markers [12]. The current work addresses these challenges through three
interconnected innovations. First, we introduce an adaptive thresholding mechanism demonstrating an 18% reduction in
information loss com- pared to conventional static approaches [15]. Second, our culture-sensitive adapter layers for XLM-R
architectures [7] achieve statistically significant accuracy improvements (12%, p<0.01) across underrepresented languages while
maintaining 98.2% precision. Third, the implemented quantization framework enables 1.8-fold inference acceleration relative to
standard mBERT implementations [7], coupled with 40.3% reductions in GPU memory utilization. Empirical validation across
diverse application do- mains confirms the practical utility of these advancements. In operational brand monitoring
environments, the system achieves consistent F1-scores of 0.88, while e-commerce sentiment analysis applications demonstrate
0.89 classification accuracy. Particularly noteworthy are the model’s capabilities in processing cross-cultural political discourse,
where traditional approaches often fail to capture context-dependent sentiment variations.

The scholarly contribution of this work manifests in several dimensions. The novel architectural synthesis of TF-IDF semantic

analysis [16] with culturally-adapted XLM-R generation establishes a new benchmark for hybrid systems. Rigorous evaluation
across ten typologically diverse languages, including challenging cases like Finnish and Hungarian [20], provides
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comprehensive evidence of the method’s robustness. Furthermore, the publicly re- leased implementation incorporates
innovative 8-bit quantization techniques [13], significantly enhancing accessibility for resource-constrained research teams.
Following this introduction, the manuscript proceeds with a systematic examination of prior scholarship in Section 2, focusing
particularly on the evolution of hybrid summarization techniques. Section 3 provides complete architectural specifications and
implementation details. Sections 4 present and analyze experimental outcomes across multiple benchmarks. The discussion in
Section 5 contextualizes these findings within broader research and application landscapes, while Section 6 outlines promising
future research directions.

2 Related Work

2.1 Extractive Summarization Methods

The evolution of extractive summarization has progressed significantly from early statistical approaches. While the TextRank
algorithm [25] demonstrates effectiveness for general domains, recent analyses reveal its limitations in specialized contexts,
showing a 23% decrease in ROUGE-2 scores when processing technical manuals versus news articles [22]. TF-IDF approaches
[16] remain popular for their computational efficiency, though they struggle with morphologically complex languages like
Finnish, where stemming errors account for 38% of incorrect extractions [18]. Modern hybrid extractive methods [17] that
combine statistical features with transformer-based embeddings show particular promise for sentiment analysis, achieving 14%
improvement in sentiment-bearing phrase extraction on the MultiSent dataset compared to purely statistical methods.

2.2 Abstractive Summarization Methods

The advent of sequence-to-sequence models [33] revolutionized abstractive summarization by enabling genuine content
generation. While transformer architectures [35] overcame earlier limitations with self-attention mechanisms, evaluations reveal
persistent challenges: English- centric pretraining creates a 28% performance gap be- tween English and low-resource languages
in the OPUS corpus [7]. This disparity is especially pronounced in sentiment-oriented summarization, where cultural nuances
affect 41% of outputs in Arabic dialects [21]. Recent work in culturally-adaptive summarization [3], incorporating language-
specific sentiment lexicons, shows promise, reducing sentiment distortion in code-switched texts by 19%, though at a 23%
computational overhead that remains an active research challenge [22].

2.3 Hybrid Approaches

Hybrid summarization systems emerged to address the complementary limitations of pure approaches. The foundational work of
[38] established sequential pipeline architectures, though subsequent analysis [36] revealed a 31% quality degradation for non-
English texts. More sophisticated frameworks [17] introduced parallel processing path-ways, demonstrating 17% improvement
in summary coherence across 12 languages at the cost of doubled computational requirements. A critical limitation identified in
later studies [4] is the system’s 39% increased semantic error rate when processing code-switched inputs compared to
monolingual texts. While current state-of-the-art methods [15] incorporate multilingual language models, three key challenges
persist: (1) GPU memory requirements scaling prohibitively with language count; (2) inadequate cultural adaptation for
languages with complex honorific systems; and (3) a 22% performance gap between social media texts and formal news across
major benchmarks.

2.4 Multilingual Sentiment Analysis

The field has advanced rapidly with cross-lingual models. While mBERT [8] demonstrated zero-shot transfer feasibility,
subsequent work [7] revealed 35% performance variance between Romance and Uralic language families. XLM-R [7] addressed
part of this gap, though cultural adaptation remains challenging, with 28% sentiment misclassification for Bulgarian ironic
expressions [20]. Current research focuses on three directions: 1. training data augmentation (19% improvement via back-
translation [34]); 2. cultural grounding through language-specific lexicons [5]; and 3. computational optimizations (40%
memory reduction via quantization [15]). The MultiSent corpus enables more rigorous evaluations, revealing that current
systems achieve only 68% accuracy for positive sentiment in indigenous language posts versus 89% for major European
languages [3].
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3 Proposed Approach

Our hybrid architecture addresses three fundamental limitations in existing sentiment analysis methods: cultural linguistic biases
in sentiment lexicons, substantial information loss during extractive-abstractive transitions, and excessive computational
demands in multilingual scenarios. As shown in Figure 1, the system implements a three-stage processing pipeline that
combines the advantages of different summarization techniques.
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Fig. 1: Three-stage hybrid architecture. Solid arrows indicate data flow, dashed lines represent gradient pathways

The extractive phase integrates traditional TF-IDF scoring with semantic similarity metrics inspired by dual summarization
techniques [22]. This approach preserves both high-frequency terms and rare yet sentiment-critical expressions. For
morphologically complex languages like Finnish and Hungarian [20], we incorporate rule-based stemmers during preprocessing,
achieving a 15.7% recall improvement for Wolaita texts (Table 1) [2] while maintaining 98.2% precision.

Table 1. Key Performance Improvements

Metric Improvement
Recall (Wolaita) +15.7%
Misclassification error  -32.4%
GPU memory usage -40.3%
Inference speed +17.2%
Transfer efficiency +23.7%

The abstractive phase employs a quantized XLM-R de- coder [7] enhanced with two key innovations: a dynamic context-aware
thresholding mechanism (7 = 0.65 ROUGE- 1 with £0.05 adaptive margin) and culture-specific adapter layers trained on OPUS
parallel corpora [34]. The final sentiment classifier features multi-level confidence calibration for code-switched texts [4],
demonstrating a 32.4% reduction in polarity misclassification compared to state-of-the-art alternatives [15].

Computational efficiency is achieved through several optimization techniques. Layer-wise quantization (8-bit embeddings and
4-bit intermediate layers) reduces GPU memory requirements by 40.3%, while dynamic batch sizing and selective freezing of
the first eight XLM-R layers yield a 17.2% inference speedup for low-resource language pairs. Our innovative crosslingual
transfer mechanism, incorporating dynamic vocabulary sharing and culture- specific attention gating, shows 23.7% improved
efficiency for African languages compared to standard XLM-R approaches.

The training protocol uses the AdamW optimizer (7 = 2 X 10—5 with cosine decay) and specialized regularization methods
including culture-dependent dropout (p = 0.1 for high-resource languages, p = 0.05 for low-resource ones). On NVIDIA Tesla
V100 GPUs (32GB), the complete training cycle requires approximately 18.5 GPU-hours, representing a 22% efficiency gain
over existing implementations [36] while maintaining 98.1% of the original accuracy.
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4 Experiments and Results
4.1 Dataset Composition

The evaluation framework incorporates five multilingual datasets spanning diverse domains and language resources. As shown
in Table 2, the MultiSent corpus [26] provides the broadest coverage with 1.2 million texts across 10 languages, while
specialized collections like SemEval-2017 [32] focus on social media content with 60,000 annotated posts. For commercial
applications, we utilize the Amazon Reviews dataset [1] containing 12 million product evaluations in 7 languages,
complemented by Yelp’s 6 million English business reviews [37]. The OPUS parallel corpus [34] enables evaluation across over
100 languages, including many low-resource cases.

Table 2. Dataset Statistics

Dataset Languages  Texts
MultiSent 10 1.2M
SemEval-2017 3 60K
Amazon Reviews 7 12M
Yelp Reviews 1 6M
OPUS 100+ 1.5M

4.2 Evaluation Metrics

The assessment employs a multifaceted metric system, with sentiment classification quality measured through the F1-score
(Equation 1), balancing precision and recall. Summary quality evaluation utilizes ROUGE-1 (Equation 2), calculating unigram
overlap between generated and reference texts. All comparisons incorporate statistical significance testing via the Wilcoxon
signed-rank test at @ = 0.05 confidence level.

Precision - Recall (1)

F1 =2
Precision + Recall
Y{S € {Ref}} ¥{gram, € 5} Countgnatchy(gram,) )

Y{S € {Ref}} ¥{gram, € §} Count(gram,)

ROUGE—-1 =

4.3 Implementation Details

The experimental setup utilized NVIDIA Tesla V100 GPUs with 32GB memory, implementing the framework in PyTorch with
mixed-precision training. The complete training process required 18.5 GPU-hours, representing a 22% improvement over
comparable implementations [36].

4.4 Performance Analysis

As demonstrated in Table 3, our approach achieves superior performance across all metrics, with 0.90 accuracy and 0.88 F1-
score outperforming both extractive (0.78 accuracy) and abstractive (0.82 accuracy) baselines. The model shows particular
strength in low-resource language processing, delivering 12% accuracy improvement (p < 0.01) while maintaining 22% faster
inference than mBERT [8]. Figure 2 illustrates consistent advantages across all sentiment categories, with social media analysis
reaching F1=0.88.

Table 3. Overall Performance Comparison

Method Accuracy F1 ROUGE-1 BLEU
Extractive Only 0.78 0.76 0.45 0.28
Abstractive Only 0.82 0.80 0.50 0.35
Our Approach 0.90 0.88 0.60 0.45

27



mm  Positive

Mikhail Krasitskii et al. / International Journal of Combinatorial Optimization Problems and Informatics, 16(4) 2025, 24-31.
m Negabive
| II ||| ||| -Nm.“I
3 4 s é@
o o Hﬁff‘ & al

e a
& & . & fapf &

Methods

0.

(=]

i}

=
-

Fl-Score

0.

b

0.0

Fig. 2: F1 scores across sentiment classes. Our approach (blue) outperforms baselines in all categories

4.5 Language-Specific Results

Performance analysis reveals expected variations across language families, with English achieving 0.90 accuracy (Equation 3)
compared to 0.84 for Arabic. Notably, the methodology reduces the performance gap between Romance and Uralic languages

by 35% (Equation 4) relative to previous approaches [6].

Aceuracy g aisp — 0.90 G)

GapPhomance Uralic — 970 reduction )

4.6 Computational Efficiency

The optimization framework delivers substantial resource improvements, achieving 40.3% memory reduction (Equation 5)
versus comparable systems [36] while maintaining 98.1% of baseline accuracy. Throughput measurements show 1.8x faster
processing (Equation 6) than standard mBERT implementations [8].

®)

Memory,,vines 40.3%

Throughput = 1.8x (©)
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5 Discussion

Our hybrid framework demonstrates significant advantages through its dual-phase architecture. The extractive component’s
semantic scoring preserves sentiment-critical phrases with 18% lower information loss than pure abstractive methods [15], while
the culturally-adapted XLM-R decoder reduces polarity misclassification by 32.4% in code- switched texts [4]. Computational
efficiency is achieved through 8-bit quantization, halving memory requirements versus full-precision implementations. The
architecture exhibits quasi-linear scaling, processing 100K-token documents with only 2.3% latency increase versus 100-token
inputs, outperforming (36] by 3.6x. Memory efficiency gains (40.3% reduction) derive from our 4-bit quantization, with 18.5
GPU-hour training reflecting optimized layer freezing. Despite these advances, three limitations persist. The abstractive phase’s
28GB peak memory demand challenges resource-constrained deployments. A 12% accuracy gap re- mains between high-
resource (e.g., English: 0.90 F1) and low-resource languages (e.g., Wolaita: 0.78 F1) [2]. Cultural nuance interpretation requires
refinement, with 28% sentiment mismatches for Bulgarian irony [20] and honorific systems.

To overcome these, future work should: 1. extend 4-bit quantization to halve memory needs, 2. leverage OPUS (34] for low-
resource transfer learning, and 3. integrate region- specific sentiment lexicons with politeness markers into adapter layers.

6 Conclusion

This work establishes that hybrid extractive-abstractive architectures can achieve superior performance in multilingual
sentiment analysis, with our implementation demonstrating 0.88 average accuracy (versus 0.82 baseline) and 0.60 ROUGE-1
scores across ten languages. The system’s practical efficacy is confirmed through deployments in real- time brand monitoring
(0.88 F1), e-commerce review processing (0.89 accuracy), and cross-cultural policy analysis. Key innovations, including
dynamic thresholding, culture- specific adapters, and mixed-precision training, collectively address longstanding challenges in
information preservation and computational efficiency. While the 18.5 GPU- hour training requirement and persistent low-
resource language gaps indicate areas for refinement, the framework provides a robust foundation for culturally-aware NLP
systems. Subsequent research should focus on memory optimization through 4-bit quantization and expanded linguistic
coverage using semi-supervised learning paradigms.
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