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ABSTRACT 

In the rapidly expanding realm of global e-commerce the ability to accurately interpret customer intent for 

multiple languages is important for delivering personalized user experiences. Large Language Models have 

emerged as powerful tools in this domain; however, their deployment faces significant challenges. 

This paper delineates these impediments and proposes strategic solutions to enhance multilingual intent 

recognition in e-commerce platforms. This paper identifies linguistic diversity and resource scarcity, cultural 

nuances and contextual variations, fairness and bias and integration complexity as the challenges of utmost 

importance and tries to discuss the following mitigation strategies in order to adress them, namely, 

development of comprehensive multilingual datasets, application of multilingual fine-tuning techniques, 

implementation of retrieval-augmented generation (RAG), adoption of adaptive architectures and ensuring 

transparency and explainability. 

By addressing these challenges through the proposed strategies, e-commerce platforms can significantly 

enhance their multilingual intent recognition capabilities. This advancement not only fosters inclusivity but also 

drives user satisfaction and loyalty, thereby contributing to sustained business growth in the global 

marketplace. 

 

I. INTRODUCTION 

In the era of global e-commerce, businesses strive to cater to a linguistically diverse customer base, 

using technologies to comprehend and respond to user inquiries across multiple languages. Core to this idea is 

Multilingual Intent Recognition, the process by which systems identify and interpret the underlying intentions 

behind user inputs in various languages. Accurate intent recognition is critical for enhancing user experience, 

providing personalized interactions, driving customer satisfaction and loyalty. 

LLMs have emerged as powerful tools in natural language processing, capable of understanding and 

generating human-like text across different languages. These models, trained on vast bodies of multilingual 

data, hold the promise of revolutionizing e- commerce platforms by enabling seamless communication with a 

global audience. However, implementing LLMs for multilingual intent recognition presents several challenges, 

including linguistic diversity, cultural nuances, and data scarcity in low- resource languages, for instance, an e-

commerce platform aiming to serve customers in both English and Hindi must accurately interpret intents 

expressed in both languages. 

 

A user searching for "ल ा  ल  ज ा   ते  " (red shoes) in Hindi should receive results 

comparable in relevance and accuracy to a user searching for "red shoes" in English. Ensuring such parity 

requires sophisticated intent recognition systems capable of handling the complexities inherent in multiple 

languages. 

 

This paper explores the impediments associated with multilingual intent recognition within LLMs in the e-

commerce sector and proposes strategies to mitigate these challenges. By addressing these issues, businesses 

can enhance their global reach and provide more inclusive and effective customer interactions. 

 

II. UNDERSTANDING THE TERMS IN THE RESEARCH TOPIC 

 

Mitigating - to make something less harmful, unpleasant, or bad. 

 

Impediment – A hindrance or obstruction in doing something. 
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Multilingual Intent Recognition: - 

 

Multilingual – In or using several languages. 

 

Intent – In Generative AI, "intent" refers to the user's goal or purpose behind their input, enabling AI systems 

to understand and respond appropriately to their requests. 

Intent Recognition - Intent recognition is a critical component of natural language processing (NLP), 

particularly in the context of large language models (LLMs) such as ChatGPT. This process involves the 

identification and interpretation of the user’s purpose or goal in a given statement or question. 

Multilingual Intent Recognition - Intent recognition is a critical component of natural language processing 

(NLP), particularly in the context of large language models (LLMs) such as ChatGPT. This process involves the 

identification and interpretation of the user’s purpose or goal in a given statement or question. 

 

Large Language Models (LLMs) - Intent recognition is a critical component of natural language processing 

(NLP), particularly in the context of large language models (LLMs) such as ChatGPT. This process involves the 

identification and interpretation of the user’s purpose or goal in a given statement or question. 

 

Ecommerce - E-Commerce or Electronic Commerce means buying and selling of goods, products, or services 

over the internet. E-commerce is also known as electronic commerce or internet commerce. 

 

III. LITERATURE REVIEW 

 

We tried to explore literature involving multilingual intent recognition within LLMs in e- commerce, employing 

diverse methodologies to address associated challenges. 

 

One approach was leveraging multilingual capabilities of LLMs: 

 

In one study, researchers investigated methods for multilingual intent discovery by harnessing the multilingual 

capabilities of recent LLMs. They developed a technique that utilizes these models to identify and categorize 

customer intents across various languages. The study demonstrated that LLMs could effectively facilitate intent 

discovery in multiple languages, enhancing the personalization of e-commerce platforms. 

 

Another approach was focussed on multitask learning: 

 

Another study examined a multilingual multitask approach to fuse intent detection and slot filling for three 

different languages. By integrating these two primary spoken language understanding tasks, the researchers 

aimed to improve the performance of intent recognition systems. Their findings indicated that multitask 

learning could enhance the accuracy of intent detection and slot filling in multilingual contexts. 

 

Some tried to address fairness and bias in LLMs: 

 

A survey explored the fairness of LLMs in e-commerce, focusing on biases in training data and algorithms that 

may lead to unfair outcomes. The study highlighted the necessity for equitable and transparent LLMs to ensure 

they serve diverse global markets effectively and ethically. 

 

Some tried to use LLMs to generate labeled data to enhance intent classification: 

 

Researchers also investigated the use of LLMs for generating labeled data to enhance intent classification, 

trying to explore whether LLM-generated data could improve the training of intent classifiers. They found that 

such data augmentation could indeed enhance classifier performance. 

 

Another study tried to enhance scalability and reduce latency in LLMs by balancing accuracy and 

efficiency: 

 

Another study presented novel approaches leveraging LLMs to enhance scalability and reduce latency in 

production dialogue systems. The researchers introduced techniques such as Symbol Tuning to simplify intent 

labels and improve performance in multi-turn dialogues, demonstrating a balance between accuracy and 

efficiency. 
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Collectively, these studies underscore the potential of LLMs in advancing multilingual intent recognition within 

e-commerce. They highlight the importance of leveraging multilingual capabilities, integrating multitask 

learning, addressing fairness and bias, enhancing training data, and balancing accuracy with efficiency. These 

insights contribute to the development of more effective and inclusive e-commerce platforms capable of 

understanding and responding to diverse customer intents across various languages. 

 

IV. USE OF LLMS IN ECOMMERCE 

 

LLMs have emerged as transformative tools in the e-commerce industry, enhancing various nuances of the 

online shopping experience. These AI models, trained on extensive datasets, possess a avid understanding of 

human language, helping them to perform tasks like content generation, customer interaction, and data analysis 

with tremendous efficiency. 

 

1. Smart Product Discovery and Search Functionality 

 

One of the primary applications of LLMs in e-commerce is improving product discovery and search 

functionalities. Traditional search engines often struggle to interpret complex or conversational queries, leading 

to suboptimal search results. LLMs address this limitation by understanding and processing natural language 

inputs, allowing customers to search using everyday language and receive accurate, contextually relevant 

results. This advancement streamlines the shopping process and enhances customer satisfaction by reducing 

frustration associated with ineffective searches. For example - Amazon's "Interests" AI shopping tool enables 

users to input prompts like "brewing tools and gadgets for coffee lovers," and the tool scans products to notify 

users about new items matching their interests. 

 

2. Personalized Customer Interactions 

 

LLMs have significantly improved personalized marketing strategies within e-commerce. By analyzing 

customer behavior and preferences, these models can generate tailored product recommendations and 

individualized marketing messages. For example - LTV.ai, an AI marketing startup, utilizes various LLMs to 

personalize emails and texts for retail brands, leading to higher engagement rates and increased sales. This level 

of personalization fosters deeper connections between businesses and customers, enhancing loyalty and 

retention. 

 

3. Content Creation and Management 

 

The ability of LLMs to generate coherent and contextually appropriate text has transformed content creation in 

e-commerce. Businesses can leverage these models to produce product descriptions, blog posts, and marketing 

copy efficiently. This automation reduces the time and resources spent on content creation while ensuring 

consistency and quality across various platforms. Furthermore, LLMs can assist in translating content into 

multiple languages, facilitating global reach and accessibility. 

 

4. Customer Support and Chatbots 

 

Integrating LLMs into customer support systems has led to the development of advanced chatbots capable of 

handling a wide range of customer inquiries. These AI-driven assistants provide instant responses, troubleshoot 

issues, and guide users through the purchasing process. Amazon's testing of AI-powered assistants for shopping 

and health services exemplifies this application, aiming to offer personalized recommendations and reliable 

information to users. 

 

5. Data Analysis and Decision Making 

 

LLMs contribute to data analysis by interpreting large volumes of unstructured data, such as customer reviews 

and social media interactions. By extracting valuable insights from this data, businesses can make informed 

decisions regarding product development, marketing strategies, and inventory management. This analytical 

capability enables companies to respond proactively to market trends and consumer preferences. 

 

The integration of Large Language Models into e-commerce has markedly enhanced various aspects of the 

online shopping experience, from personalized marketing and improved search functionality to efficient content 
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creation and robust customer support. As these models continue to evolve, they offer promising avenues for 

businesses to innovate and better serve their customers. However, companies must address associated 

challenges proactively, ensuring ethical and effective utilization of LLMs in the dynamic landscape of e-

commerce. 

 

V. ROLE OF INTENT IN ENHANCING LLM CAPABILITIES 
 

LLMs have revolutionized natural language processing by generating coherent and contextually relevant text. A 

pivotal factor in enhancing their performance is the integration of intent—the explicit articulation of the model's 

underlying objectives and planned reasoning steps. By incorporating intent, LLMs can achieve more structured 

and purposeful outputs, thereby improving their reasoning capabilities and the quality of generated content. 

 

1. Understanding Intent in LLMs 

 

Intent within LLMs refers to the deliberate expression of the model's goals and the strategic planning of its 

responses. This concept mirrors human cognitive processes, where clear intent guides reasoning and problem-

solving. By embedding intent, LLMs can transition from reactive generators to proactive agents capable of 

structured analysis and communication. 

 

2. Speaking with Intent (SWI) Framework 

 

The Speaking with Intent (SWI) framework exemplifies the application of intent in LLMs. In this approach, the 

model explicitly generates an intent statement that outlines its planned reasoning before formulating a response. 

This method has demonstrated significant improvements in tasks requiring complex reasoning, such as 

mathematical problem-solving and text summarization. For instance, studies have shown that SWI enhances the 

accuracy, conciseness, and factual correctness of summaries, while reducing instances of hallucinations. 

 

3. Enhancing Intent Classification 

 

LLMs also contribute to refining intent classification systems by generating labeled data to augment training 

datasets. This augmentation leads to more accurate intent detection, particularly in scenarios with limited data. 

Research indicates that LLM-generated data can effectively enhance classifier performance, providing a 

valuable resource for improving natural language understanding systems. 

 

4. Integrating intent into LLMs has broad applications across various domains: 

 

Decision-Making Support: LLMs equipped with intent understanding can assist in complex decision-making 

processes by providing structured and reasoned analyses. 

 

Instruction Following: Fine-tuning LLMs with human feedback to align with user intent results in models that 

are more responsive and generate outputs that are truthful, non-toxic, and helpful. 

 

Automated Intent Discovery: Techniques like Auto-Intent enable LLMs to autonomously identify and explore 

underlying intents within target domains, enhancing their adaptability and performance in tasks such as web 

navigation. 

 

VI. ROLE OF INTENT IN ENHANCING MULTILINGUAL CAPABILITIES IN LLMS 
 

In the development of Large Language Models (LLMs) with robust multilingual capabilities, understanding and 

accurately interpreting user intent across diverse languages is paramount. The role of intent in enhancing these 

capabilities involves both leveraging LLMs for intent recognition and utilizing intent data to improve 

multilingual performance. 

1. Leveraging LLMs for Multilingual Intent Recognition 

LLMs have shown proficiency in classifying user intents across multiple languages, even with limited training 

data. For instance, Rasa's intent classifier can be trained on multilingual datasets, enabling the classification of 

messages in various languages. This approach supports few-shot learning, allowing the integration of new 

intents with minimal examples, and facilitates fast training processes. However, performance may vary across 

different LLMs and languages. 
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Furthermore, LLMs can generate annotated data for intent classification and slot tagging, which is particularly 

beneficial for low-resource languages. The LINGUIST method, for example, fine-tunes a multilingual 

sequence-to-sequence model using instruction prompts to generate labeled data, thereby improving intent 

recognition in multiple languages. 

 

2. Enhancing Multilingual Capabilities through Intent Data 

Incorporating intent data can also enhance the multilingual performance of LLMs. The SDRRL (Self-

Distillation from Resource-Rich Languages) method leverages the internal capabilities of LLMs in resource-

rich languages to improve performance in low-resource languages. By generating high-quality responses in a 

resource-rich language and using them as supervision signals for other languages, SDRRL facilitates cross-

lingual knowledge transfer without solely relying on translation data. 

 

Additionally, multilingual code-switching techniques, which involve randomly translating portions of 

monolingual data into multiple languages, have been employed to augment training datasets. This approach 

enhances a model's language neutrality and improves zero-shot cross-lingual intent prediction and slot 

filling, demonstrating significant performance gains across various languages. 

 

The integration of intent recognition and classification plays a crucial role in enhancing the multilingual 

capabilities of LLMs. By effectively leveraging intent data and employing innovative training methodologies, 

LLMs can better understand and generate responses across diverse languages, thereby promoting more inclusive 

and accessible AI applications globally. 

 

VII. CHALLENGES FOR MULTILINGUAL INTENT RECOGNITION 

 

Multilingual intent recognition is the process of accurately identifying user intentions across various languages. 

It is a critical component in developing inclusive and effective natural language understanding (NLU) systems. 

However, achieving high performance in this area presents several challenges: 

 

1. Language Diversity and Structural Variations 

Languages differ significantly in syntax, semantics, and grammatical structures. These variations complicate the 

development of models that can generalize across languages, as each language may require distinct processing 

techniques. For instance, word order and morphological differences can affect how intents are expressed and 

interpreted. 

 

2. Resource Imbalance Between Languages 

High-resource languages like English have abundant annotated datasets, facilitating robust model training. In 

contrast, low-resource languages lack sufficient labeled data, hindering the development of accurate intent 

recognition models. This disparity necessitates strategies for effective cross-lingual transfer learning and data 

augmentation. 

 

3. Ambiguity and Polysemy 

Words or phrases that have multiple meanings (polysemy) or are ambiguous can lead to misinterpretation of 

user intent. For example, the phrase "I want to go to the bank" could refer to a financial institution or the side of 

a river. Such ambiguities challenge models to discern the correct intent without sufficient contextual 

understanding. 

Medium 

 

4. Code-Switching and Mixed-Language Inputs 

Users often switch between languages within a single conversation, known as code- switching. This behavior 

poses significant challenges for intent recognition systems, as models must accurately interpret and process 

inputs that combine multiple languages. Studies have shown that code-switching can substantially degrade the 

performance of multilingual NLU models. 

 

5. Limited Availability of Multilingual Datasets 

The scarcity of comprehensive multilingual datasets hampers the training and evaluation of intent recognition 

models across diverse languages. While datasets like MULTI3NLU++ have been developed to address this gap, 

they remain limited in scope and coverage. 
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6. Cultural and Contextual Nuances 

Intent expressions can vary based on cultural contexts, leading to differences in how users from different 

backgrounds articulate their intentions. Models must be sensitive to these nuances to avoid misinterpretations 

and provide relevant responses. 

 

7. Scalability and Maintenance 

Developing and maintaining intent recognition systems that support a vast array of languages is resource-

intensive. Ensuring consistent performance across languages requires continuous updates and adaptations to 

accommodate linguistic changes and emerging intents. 

 

Addressing these challenges necessitates a multifaceted approach, including the development of robust cross-

lingual transfer learning techniques, creation of diverse multilingual datasets, and incorporation of cultural and 

contextual understanding into models. By tackling these issues, we can advance the effectiveness of 

multilingual intent recognition systems, fostering more inclusive and accurate NLU applications. 

 

VIII. APPROACHES TO OVERCOME THE CHALLENGES FOR MULTILINGUAL 

INTENT RECOGNITION 
 

Achiving high performance in this Multilingual Intent Recognition presents several challenges, including 

language diversity, resource imbalances, and cultural nuances. Addressing these challenges requires a 

multifaceted approach that combines advanced machine learning techniques, data augmentation strategies, and 

continuous model evaluation. 

 

1. Leveraging Transfer Learning and Multilingual Pre-trained Models 

 

Transfer learning involves adapting a model trained on one task to perform well on a different, but related, task. 

In the context of multilingual intent recognition, this approach is particularly beneficial. Models like mBERT 

(Multilingual BERT) and XLM-R (Cross- lingual Language Model – RoBERTa) are pre-trained on large 

datasets incorporating multiple languages, enabling them to capture a wide range of linguistic patterns. Fine- 

tuning these models on specific intent recognition tasks allows for effective knowledge transfer from high-

resource languages to low-resource ones, thereby improving performance across diverse languages. 

 

2. Implementing Data Augmentation Techniques 

 

Data scarcity, especially in low-resource languages, poses a significant hurdle in training robust intent 

recognition models. Data augmentation techniques can mitigate this issue by generating synthetic training 

examples. Methods such as back-translation, where sentences are translated to another language and then back 

to the original language, can create diverse paraphrases of existing data. Additionally, multilingual code-

switching techniques, which involve randomly translating portions of monolingual data into multiple 

languages, enhance a model's language neutrality and improve zero-shot cross- lingual intent prediction and slot 

filling. 

 

3. Utilizing Multitask Learning Approaches 

 

Multitask learning involves training a model on multiple related tasks simultaneously, allowing it to learn 

shared representations that benefit all tasks. In multilingual intent recognition, combining intent detection with 

related tasks like slot filling can enhance performance across various languages. By jointly training models on 

these tasks, shared representations are learned, capturing underlying patterns applicable across languages. 

 

4. Addressing Ambiguity and Polysemy with Contextual Models 

 

Ambiguity and polysemy, where words or phrases have multiple meanings, can lead to misinterpretation of user 

intent. Employing contextual embeddings from models like BERT allows for nuanced understanding of words 

and phrases based on surrounding context, helping to disambiguate meanings and accurately identify user 

intents. These models consider the entire sentence structure, enabling a more precise interpretation of user 

inputs. 

 

5. Handling Code-Switching and Mixed-Language Inputs 



Mitigating Impediments in Multilingual Intent Recognition within Large Language Models .. 

Prudence'25 Two Days International Conference "Innovation and Excellence: Managing the               22 | Page 

Digital Revolution (IEMDR-2025), DOI: 10.9790/487X-conf1623                              

Users often switch between languages within a single conversation, a phenomenon known as code-switching. 

Developing models capable of processing code-switched data is essential for multilingual environments. 

Techniques such as multilingual code-switching augmentation enhance a model's ability to handle mixed-

language inputs effectively. This approach involves randomly translating portions of monolingual data into 

multiple languages, thereby improving the model's robustness in understanding and processing code-switched 

inputs. 

 

6. Collecting and Annotating Multilingual Datasets 

 

The development of comprehensive multilingual datasets is crucial for training effective intent recognition 

models. Crowdsourcing and collaborative efforts can aid in gathering and annotating data across various 

languages, providing a solid foundation for model training. For instance, creating datasets that encompass 

diverse linguistic expressions of similar intents can enhance the model's ability to generalize across languages. 

Additionally, employing techniques like instruction tuning to generate annotated data can further bolster the 

quality and quantity of training datasets. 

 

7. Incorporating Cultural and Contextual Understanding 

 

Intent expressions can vary based on cultural contexts, leading to differences in how users from different 

backgrounds articulate their intentions. Integrating cultural and contextual knowledge into models enhances 

their ability to interpret intents accurately across different languages and regions. This involves training models 

on region-specific data and incorporating cultural nuances into the learning process. For example, understanding 

that certain phrases or expressions are unique to specific cultures can help in accurately identifying user intents. 

 

8. Continuous Model Evaluation and Adaptation 

 

Language is dynamic, with evolving usage patterns and emerging intents. Regularly evaluating model 

performance across languages and updating them with new data ensures adaptability to these changes. 

Implementing feedback loops and monitoring systems helps maintain accuracy and relevance. For instance, 

analyzing user interactions and incorporating new intents or linguistic variations into the training data can 

enhance the model's performance over time. 

 

9. Employing Zero-Shot and Few-Shot Learning Techniques 

 

Zero-shot and few-shot learning techniques enable models to recognize intents in languages or scenarios they 

were not explicitly trained on. By leveraging knowledge from related tasks or languages, these models can 

generalize to new, unseen data with minimal or no additional training examples. For instance, using a model 

trained on English data to recognize intents in a linguistically similar language can be achieved through zero-

shot learning approaches. 

 

10. Enhancing Computational Efficiency 

 

In certain applications, such as voice assistants, quick response to user commands is necessary. Optimizing 

algorithms and improving computational efficiency can enhance system response speed. Techniques such as 

model pruning, quantization, and the use of lightweight architectures can reduce computational overhead while 

maintaining performance. Implementing hardware acceleration techniques can further boost system 

responsiveness. 

 

Overcoming the challenges associated with multilingual intent recognition necessitates a comprehensive 

strategy that combines advanced machine learning techniques, innovative data augmentation methods, and a 

deep understanding of linguistic and cultural nuances. By leveraging transfer learning, implementing data 

augmentation, utilizing multitask learning, and continuously evaluating and adapting models, we can enhance 
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