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Abstract – This paper presents a multilingual sentiment analysis pipeline leveraging two transformer-based 

architectures—XLM-RoBERTa (base) and BERT-based multilingual cased—to classify sentiment across four language 

pairs (English–Spanish, English–French, English–Hindi, and English–Italian). We fine-tune XLM-RoBERTa by 

unfreezing only its last three layers to adapt the model to domain-specific sentiment cues while preserving its robust 

cross-lingual representations. Training over ten epochs yields a best validation accuracy of 0.9579 and a test accuracy of 

0.975, with an average F1-score around 0.92–0.97 across the four language pairs. The BERT-based multilingual cased 

model achieves a slightly higher test accuracy of 0.98, demonstrating comparable or improved performance in capturing 

sentiment nuances. These results confirm that selectively fine-tuning large-scale multilingual encoders is an effective 

strategy for cross-lingual sentiment classification, achieving high accuracy and strong generalization.  

 

Keywords – Natural Language Processing, Language Pair Identification, Transformers, XLM-RoBERTa, mBERT, mT5, 

Emotion Detection. 

 

I. INTRODUCTION 

The increasing volume of multilingual user-generated content especially in e-commerce and social media domains has 

accelerated the need for robust natural language processing (NLP) systems. Users often interleave words from different 

languages (code-mixed text) and rely on emojis to express sentiment. Traditional monolingual models tend to 

underperform when confronted with these informal, mixed-lingua data streams. 

Recent advances in natural language processing (NLP) have seen the rise of transformer-based architectures [1], 

offering state-of-the-art performance on various language tasks. In cross-lingual sentiment analysis, the ability to 

generalize across languages is crucial particularly in scenarios with limited labeled data for lower-resource languages. 

This paper investigates the efficacy of XLM-RoBERTa (base) and BERT-based [3] multilingual cased models in 

classifying sentiment [9] for multiple English-centric language pairs: English–Spanish (en-es), English–French (en-fr), 

English–Hindi (en-hi), and English–Italian (en-it). 

In this paper, we propose a system that compares the fine-tuned versions of XLM-RoBERTa and BERT-based 

multilingual cased [13] models for accurate detection of language pairs in user reviews with base models like Roberta. 

We also integrate a simple but effective keyword and emoji-based sentiment classifier [18]. This presents new challenges 

for natural language understanding because code mix reviews involve interspersed use of languages, e.g. for English and 

Hindi language pairs (e.g., “Yeh product bohot accha hai  , totally worth the price”).  

Fig 1 illustrates the overall pipeline for handling multilingual product reviews containing emojis. Starting with the 

dataset (comprising English-Hindi, English-Spanish, English-French, and English-Italian reviews), the process begins 

with data pre-processing (e.g., cleaning, normalizing, and preserving emojis) followed by tokenization. From there, the 

pipeline branches into two paths: one prepares input for a classification model (such as XLM-RoBERTa or mBERT) by 

converting each review into tokens suitable for language-pair detection; the other produces tokens for a text-to-text model 

(mT5) using prompt-based fine-tuning, which can support additional tasks like rewriting or summarization. After fine-

tuning on the respective models, the system integrates outputs into the proposed approach, where emotion detection 
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(based on emojis and keywords) and language pair identification (e.g., en-hi) are performed on each input review. Finally, 

both results feed into the system's output, offering sentiment [9] insights and language-pair labels for downstream 

applications. 

 

 
Fig 1. High-Level Architecture for Handling Multilingual Product Reviews Containing Emojis. 

 

Motivation 

The primary motivation for this research arises from two observations: first, the increasing prevalence of multilingual, 

code-mixed reviews—often combining languages like English with Hindi, Spanish, French, or Italian—and second, the 

heightened use of emojis to express sentiment in informal text. Monolingual NLP models struggle to parse these blended 

linguistic forms, and ignoring emojis can lead to an incomplete understanding of user sentiment. To address these 

challenges, our system integrates language pair identification with emotion detection. The pipeline combines a 

classification-based approach for language recognition (e.g., XLM-RoBERTa or mBERT) with a text-to-text model 

(mT5) for more advanced processing [14]. By preserving emoji-based cues and refining code-mixed tokenization, the 

framework provides enriched context for accurate sentiment insights and robust language-specific analysis. 

The remainder of this paper is organized as follows: Section 2 introduces the proposed system architecture and 

methodology. Section 3 outlines our experimental setup and implementation details. Section 4 presents the results and 

corresponding discussion, and Section 5 concludes the paper with potential future directions. 

 

Literature Survey 

Code-Mixed Text Analytics in which the author described that social media in multilingual regions often contains code-

mixed text, leading to unique computational linguistic challenges. Hinglish (Hindi-English) is a prime example of code-

mixing that uses either Latin or Devanagari scripts, sometimes both, for words and phrases. Similarly, language pairs like 

(English- Spanish), (English- French) and (English- Italian) has the morphological and syntactic irregularities of code-

mixed [4] text complicate tasks such as part-of-speech tagging and sentiment analysis. Approaches using multilingual 

language models (mT5, XLM-R) have shown promise for handling such diversity in text data. 

In the study Emoji [5] and sentiment analysis, Emojis add emotional or contextual nuance to textual content. Research 

has shown that ignoring emojis can lead to misinterpretations of sentiment, especially in informal communication. 

Models that incorporate emoji embeddings or treat emojis as separate tokens often perform better in sentiment 

classification tasks [6]. For instance, emoji-based features can boost sentiment detection [8] in social media data by 

capturing user emotions more accurately. 

Product reviews provide valuable user feedback that influences consumer decisions. Text-based recommendation 

systems usually rely on star ratings and latent representation of review text (via word embeddings, TF-IDF, or 

transformer-based embeddings). However, user opinions expressed in code-mixed scripts require specialized 

preprocessing to capture contextual meaning. Incorporating advanced deep learning techniques for sentiment [7] scoring 



 

ISSN: 2788–7669                                                                                      Journal of Machine and Computing 5(2)(2025) 

806  

can refine product ranking and lead to improved user satisfaction. 

II. METHOD 

Proposed System Methodology 

Fig 2 illustrates our approach, which enhances multilingual review analysis by integrating code-switching, emoji 

processing, and fine-tuning advanced NLP models. It begins with multilingual training data (en-hi, en-es, en-fr, en-it), 

which is used to generate a Parallel Seed Set. The mT5 model is fine-tuned to create code-switched [24] sentences, 

followed by data augmentation [19] to generate synthetic code-switched data. This is combined with the original dataset 

for improved representation. Simultaneously, emoji-rich text is incorporated, forming a Re-Combined Training Set. The 

dataset undergoes text normalization, transliteration, and emoji processing before classifier fine-tuning using XLM-

Roberta and mBERT. These models are optimized for emotion detection and language pair identification. 

 

 
Fig 2. Proposed Methodology for Multilingual Online Reviews for En-Hi, En-Es, En-Fr and En-It 

Language Pairs with Emojis. 

 

The parallel seed set provides a foundational collection of English–target language sentences labelled for sentiment or 

containing minimal annotations. Leveraging this small seed corpus, we employ mT5 fine-tuning to train the model to 

generate code-switched text [15]. Subsequently, the synthetic code-switched data (Aug) produced by the fine-tuned mT5 

model significantly broadens the training pool by converting any additional monolingual data into code-mixed samples, 

thus addressing data gaps for lower-resource languages or language mixing scenarios. 

We then consolidate the newly created examples with the original dataset, yielding a combined training set that blends 

authentic and augmented code-switched data. Finally, we fine-tune a sentiment [10] classifier, such as XLM-RoBERTa 

(with only its final three layers unfrozen) or a fully fine-tuned BERT-based multilingual cased model, by adding a 

classification head to produce sentiment scores. This arrangement ensures the classifier learns robust representations 

across diverse inputs, especially where language mixing is prevalent. The synergy between mT5-based data augmentation 

[20] and partial or full fine-tuning of these transformer [3] architectures boosts sentiment accuracy across multiple 

language pairs, facilitating more effective handling of code-switched inputs and reducing reliance on extensive fully 

labelled corpora.  

 

Data Collection and Processing 
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Data is collected from different e-commerce sources, combining multilingual text reviews that contain emojis and star 

ratings into a unified structure. Each product has a unique product ID along with manually labelled language pair (en-hi, 

en-es, en-fr, en-it). 

 

Text Normalization 

First, raw text undergoes a normalization process that removes extraneous punctuation, corrects spacing inconsistencies, 

and standardizes letter cases. This helps reduce noise and improve downstream processing. 

 

Transliteration 

Since Hinglish typically blends Hindi words (written in the Devanagari script) with English words (Roman script), or 

may present Hindi words in Roman transliteration, the pipeline applies a transliteration module. This module 

systematically converts any Hindi words from Roman script back into standardized Devanagari script (or vice versa, 

depending on the target representation). This ensures that linguistic features of Hindi are preserved and recognized 

correctly in subsequent steps. For other language pairs, this step is not required. 

 

Language Pair Text Normalization 

Cross lingual [2] text is highly variable; for instance, “Dekh yaar, yeh product bahut accha hai!” may appear as “Dekh 

yaar, yeh product bohot acha hai” or “Dekh yarr, yeh product bahut accha hey!”. To address these inconsistencies, we 

employ: 

 

Spell Correction 

Identify and correct commonly misspelled Hindi transliterations (e.g., “bohot” → “bahut”). 

Stopword Removal: Remove or reduce influence of common filler words (e.g., “yaar,” “hey,” etc.). 

 

Emoji Tokenization 

Convert emojis to specific tokens, e.g., “ ” → “<red_heart_emoji>” or embedded as a special token. 

 

Data Format 

Fig 3 shows a sample of the parallel seed training data. This dataset contains user-generated product reviews that exhibit 

code-mixing and multilingual phrases (e.g., English, Hindi, Spanish, Italian, and French), along with emojis and informal 

expressions. Each row pairs the original text with its translated or rewritten output in another language, capturing the 

nuances of style and sentiment [10] across cultures. 

 

  
Fig 3. Sample Parallel Seed Training Data for mT5-xl. 

 

Fig 4 shows the short user-generated reviews in various language pairs, complete with user IDs, product IDs, star 

ratings, sentiment scores, and emojis. The Review Text column provides code-mixed content, informal expressions, and 

emojis that reflect users' emotions and opinions, while the Language Pair column explicitly labels which languages are 

being used. 
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Fig 4. Multilingual Language Paired Reviews with Emojis and Sentiment Score. 

 

Feature Extraction 

Text Embedding Generation 

To handle code-mixed languages and emojis, a multilingual T5 (mT5-xl) model is fine-tuned. First with sub-word 

Tokenization where the model’s tokenizer splits text into sub words, capturing Hindi, Spanish, Italian, French and 

English words. Emojis are tokenized as separate tokens. Then, Contextual Embeddings which generate embeddings for 

each token, aggregated (e.g., by taking the [CLS] token representation or the average of all token embeddings) into a 

fixed-length vector. Last Fine-Tuning for Sentiment where a model is fine-tuned on a labeled sentiment dataset to 

produce better sentiment [12] embeddings that incorporate emoji-based emotional cues. 

 

Sentiment Scoring 

We fine-tune XLM-RoBERTa on parallel English-to-Hindi, English-to-Spanish, English-to-French, and English-to-

Italian datasets to generate sentiment scores in the range [-1, +1]. A dedicated sentiment classification head is added on 

top of the XLM-RoBERTa encoder and trained using standard cross-entropy loss for multiple epochs with a moderate 

learning rate (e.g., 3e-5) and batch size (16). Early encoder layers can be partially frozen to preserve multilingual 

representations, while upper layers adapt to domain-specific sentiment cues.  

Additionally, an mBERT-based sentiment [16] classifier is fine-tuned on the same curated dataset, which includes 

language mixing and emojis, to improve sentiment prediction accuracy. This fine-tuning process ensures that mBERT 

effectively captures multilingual sentiment patterns and emoji-based expressions, allowing for a comparative evaluation 

against the XLM-RoBERTa-based sentiment model. 

 

Emoji Processing 

Given that emoji can carry sentiment and semantic cues, the pipeline treats them as meaningful tokens rather than 

discarding or ignoring them. Each emoji is mapped to a standardized label or short textual description, allowing the 

model to incorporate its emotional or contextual significance into the text representation. 

 

Emotion Detection 

Emotion detection is applied together with the main language modeling process. Instead of categorizing each review as 

simply positive, negative, or neutral, the pipeline classifies the text into more specific emotion categories, such as happy, 

sad, disappointed, angry, good, bad, etc. These emotions are then appended as additional features or integrated into the 

representation itself, enabling the system to better capture and utilize user attitudes when generating recommendations or 

summaries. 

 

Model Architecture and Recommendation 

For each product in the database, we aggregate the textual embeddings of its reviews into a final product-level textual 

embedding vector: 

 

 𝐏𝐫𝐨𝐝𝐮𝐜𝐭𝐄𝐦𝐛𝐞𝐝𝐝𝐢𝐧𝐠𝐭𝐞𝐱𝐭 =
𝟏

𝐍
∑ (𝐄(𝐑𝐞𝐯𝐢𝐞𝐰𝐢
𝐍
𝐢=𝟏 ). 𝐒(𝐑𝐞𝐯𝐢𝐞𝐰𝐢))  (1) 

 

where 𝐄(𝐑𝐞𝐯𝐢𝐞𝐰𝐢) is the embedding of review i and 𝐒(𝐑𝐞𝐯𝐢𝐞𝐰𝐢) is its sentiment score. Multiplying embedding 

vectors by sentiment scores weights the contribution of each review by its positivity/negativity magnitude. 

We also have a product-level emoji embedding:  
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 𝐏𝐫𝐨𝐝𝐮𝐜𝐭𝐄𝐦𝐛𝐞𝐝𝐝𝐢𝐧𝐠𝐞𝐦𝐨𝐣𝐢 =
𝟏

𝐌
∑ (𝐄(𝐏𝐫𝐨𝐝𝐮𝐜𝐭𝐄𝐦𝐨𝐣𝐢𝐣
𝐌
𝐢=𝟏 ) (2) 

 

where 𝐄(𝐏𝐫𝐨𝐝𝐮𝐜𝐭𝐄𝐦𝐨𝐣𝐢) is the emoji embedding. 

The final product embedding (Product Embed) is a concatenation or fusion (e.g., element-wise addition) of Product 

Embedding_ text and Product Embedding_emoji 

 

 𝐏𝐫𝐨𝐝𝐮𝐜𝐭𝐄𝐦𝐛𝐞𝐝 = 𝐅𝐮𝐬𝐞(𝐏𝐫𝐨𝐝𝐮𝐜𝐭𝐄𝐦𝐛𝐞𝐝𝐝𝐢𝐧𝐠𝐭𝐞𝐱𝐭 + 𝐏𝐫𝐨𝐝𝐮𝐜𝐭𝐄𝐦𝐛𝐞𝐝𝐝𝐢𝐧𝐠𝐞𝐦𝐨𝐣𝐢)  (3) 

 

III. EXPERIMENTAL SETUP AND IMPLEMENTATION 

Implementation Details 

The implementation of the proposed multilingual [17] Language paired model necessitates the utilization of advanced 

programming languages and libraries optimized for deep learning and natural language processing tasks. Python serves as 

the primary language, leveraging frameworks such as PyTorch for the development and deployment of deep learning 

models. The text processing pipeline incorporates the Transformers [22] library by Hugging Face, specifically employing 

mT5-xl based embeddings for enhanced textual representation. To ensure computational efficiency, particularly for large-

scale model training was conducted using both CPUs and 20 GB of GPU RAM Nvidia A100 machine is employed, 

significantly accelerating processing speeds and optimizing system performance.  

 

Implementation Steps 

The following Implementation steps are followed: 

 

Data Loading 

Load the review dataset into memory. 

 

Review Preprocessing 

• Code-mixed text normalization. 

• Emoji tokenization. 

 

Embedding Generation 

Generate or load pretrained mT5-xl embeddings for each review. 

 

Aggregation 

For each product, combine textual embeddings of reviews (weighted by sentiment) into a single vector. Similarly, average 

reference image embeddings for each product. 

 

Fusion 

Fuse textual and emojis embeddings to obtain a single product-level embedding. 

 

Dataset Description 

As seen in Table 1, we curated a dataset consisting of four language pair with emojis. Each language pair has around 500 

user reviews, for a combined corpus of 2,000 reviews. The textual content of these reviews primarily includes code-

mixed en-hi, en-es, en-fr, en-it with an average of 8 tokens per review, and approximately 80% of them contain emojis. 

This composition reflects a realistic e-commerce setting where informal, code-mixed language is prevalent, capturing the 

nuances of user feedback in a multilingual environment. 

 

Table 1. Dataset Statistics 

Statistics Value 

No. of language pair 4 

Total Reviews 2000 

Emoji Occurrence Rate ~80% of reviews 

Avg. Tokens/Review 10 

Language Mix (Hindi/English) 

Language Mix (French/English) 

Language Mix (Spanish/English) 

Language Mix (Italian/English) 

50% Eng, 50% Hindi 

60& Eng 40 % French 

60& Eng 40 % Spanish 

60& Eng 40 % Italian 

 

Finetuning and Hyper-Parameter Details 

Given computational constraints and the strong multilingual features of mT5, XLM-RoBERTa, and mBERT, we unfreeze 

only the last three layers for fine-tuning while keeping the lower layers frozen [2, 3, 14]. This approach retains cross-
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lingual knowledge in the frozen layers while enabling domain adaptation in the final layers. 

 

Text Encoder 

Preprocessing 

An 80:20 train-validation split is applied to ensure a balanced distribution of language pairs in both subsets. Emojis 

within the text are replaced with special tokens, such as <heart_emoji>, to standardize input representation. 

 

Forward  Pass 

The tokenized sequences are processed through a partially unfrozen model. The [CLS] (or pooled) embedding vector is 

extracted and passed to a classification head, which maps the representation to the corresponding number of language 

pairs. 

 

Loss and Optimization 

Cross-Entropy Loss is computed between the predicted logits and the true language pair labels. The AdamW optimizer is 

employed to update the parameters of the last three layers and the classification head, ensuring effective learning. 

 

Hyperparameters 

The model is trained with a learning rate of 3e-5 and a batch size of 8. Training is conducted for 10 epochs, with a weight 

decay of 0.01 to prevent overfitting. The optimizer used is AdamW, maintaining a learning rate of 3e-5. Early stopping is 

implemented by monitoring validation accuracy, with the best-performing checkpoint restored to ensure optimal model 

performance. 

 

Integration of Emoji Embeddings 

Extend the base tokenizer’s vocabulary with frequently used emojis. Align with the base model dimension. The sentiment 

head is explicitly trained to interpret these emoji tokens as carrying emotional signals. 

 

IV. RESULTS 

We evaluated the system on a held-out test set (with 4 language pairs 2,000 reviews). We measure recommendation 

accuracy using precision, recall and F1 score. We also separately analyze the correctness of sentiment scoring for code-

mixed language reviews. 

 

Table 2. Comparison of Performance Among Models with Proposed Methodology 

Models precision recall  f1score 

RoBERTa-base 

XLM-RoBERTa 

mBERT 

0.68 

0.74 

0.78 

0.85 

0.87 

0.91 

0.72 

0.80 

0.81 

XLM-RoBERTa-base (en-hi + Emoji) 0.91 0.92 0.87 

XLM-RoBERTa-base (en-es + Emoji) 

XLM-RoBERTa-base (en-fr +Emoji) 

XLM-RoBERTa-base (en-it + Emoji) 

  bert-base-multilingual-cased (en-hi + Emoji) 

bert-base-multilingual-cased (en-es + Emoji) 

bert-base-multilingual-cased (en-fr +Emoji) 

bert-base-multilingual-cased (en-it + Emoji) 

0.93 

0.94 

0.96 

0.90 

0.96 

0.94 

0.92 

0.92 

0.90 

0.89 

0.94 

0.95 

0.92 

0.91 

0.89 

0.85 

0.82 

0.92 

0.97 

0.93 

0.91 

    

 

 

Table 2 compares the performance of several multilingual Transformer-based model on a classification task using 

precision, recall, and F1 score. The baseline models (RoBERTa-base, XLM-RoBERTa, and mBERT) yield moderate 

performance, with precision scores ranging from 0.68 to 0.78 and corresponding F1 scores between 0.72 and 0.81.  

When additional language pairs and emoji are introduced (e.g., XLM-RoBERTa-base (en-hi + Emoji)), performance 

improves substantially in both precision and recall, resulting in higher F1 scores (up to 0.89). Notably, bert-base-

multilingual-cased models with bilingual plus emoji inputs generally achieve the best overall results. For instance, bert-

base-multilingual-cased (en-es + Emoji) obtains a precision of 0.96, recall of 0.95, and an F1 score of 0.97, which is the 

highest among all evaluated systems. These findings suggest that expanding the training data to include multilingual text 

and emojis consistently enhances model robustness and classification accuracy [5, 6]. 

 

Language Pair Identification for Multilingual Reviews with Emojis 

We subset of 2,000 labelled multilingual reviews (en-hi, en-es, en-fr, en-it) to measure language pair prediction accuracy. 

Fig 5 presents sample predictions from our proposed approach on user reviews that mix Spanish and English (labeled 
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"en-es"), often with emojis indicating sentiment. 

Each example contains a blend of Spanish words (“Este reloj es muy estilizado,” “La durabilidad es dudosa,” etc.) 

interspersed with English phrases (“simply fantastic,” “not worth it”) and emojis expressing enthusiasm or dissatisfaction. 

Despite the linguistic code-switching and the additional visual cues provided by the emojis, the model consistently 

predicts the correct bilingual label ("en-es"), showing it can accurately detect language boundaries and sentiment-laden 

symbols in realistic review data [15, 19]. 

 

 
Fig 5. Predicted Output for En-Es Review Sample as Input from Proposed Approach. 

 

Qualitative Analysis 

Our qualitative analysis revealed interesting patterns in how language mixing and emoji usage correlated with sentiment 

scores. The given network graph [11] in Fig 6 illustrates the relationship between multilingual product reviews, sentiment 

categories, and product attributes. At the center of the graph, the "Unknown Product" node is linked to multiple language 

pairs (e.g., en-hi, en-es, en-fr, en-it), indicating that reviews for this product exist across different linguistic contexts. 

Additionally, the "T-shirt" node suggests that this visualization may be related to product-specific sentiment analysis. 

Sentiment labels (happy, sad, anger, disappointed, bad, neutral) are connected to the central nodes, showing the range 

of emotions expressed in customer reviews. The edges between the language pairs and sentiment nodes imply that users 

from different linguistic backgrounds associate distinct sentiments with the product. For instance, English-Hindi (en-hi) 

and English-French (en-fr) might have more neutral or negative sentiment connections, while English-Spanish (en-es) and 

English-Italian (en-it) may lean toward a more positive perception. 

This visualization helps in understanding sentiment distribution across multilingual feedback, which can be used to 

tailor product recommendations, enhance marketing strategies, and improve customer satisfaction based on localized 

sentiments. 

 

 
Fig 6. Network Graph Showing Multilingual Product Reviews Linked to Sentiment Categories and 

Product Attributes. 

 

V. CONCLUSION AND FUTURE WORK 

This paper introduces a multilingual pipeline leveraging transformer-based models—mT5 for data augmentation [24], 

XLM-RoBERTa and mBERT for fine-grained text classification—and incorporates specialized emoji processing and 

emotion detection to effectively handle multilingual, code-switched, and emoji-rich content. Experimental results confirm 

the pipeline's efficacy, especially with robust preprocessing and data augmentation [21]. 

Future research directions include developing more nuanced, transformer-based emotion detection, expanding 
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language and dialect [23] coverage, implementing advanced domain adaptation and error correction techniques, and 

achieving real-time inference capabilities within industry-grade systems. This unified approach shows promise for 

managing complex multilingual data at scale with high interpretability. 
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