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Building a Hindi-English customer support chatbot 

using pre-trained language models 
 

Mehwish Mohammed Hanif Khatib  

X23398396  
 

 

Abstract 

 

Multilingual support is a significant challenge in linguistically diverse countries like 

India, where users may switch languages during conversations. This project presents a 

Hindi-English customer support chatbot designed to overcome language barriers using 

modern NLP, deep learning, and transformer-based models. Leveraging over 1,002,235 

bilingual query-response pairs, the system employs BiLSTM for intent classification, 

BERT for response generation, and mBERT for multilingual multitask learning, optimized 

with TensorFlow and Keras. The chatbot, built with Tkinter, offers a user-friendly GUI 

allowing language choice and delivers high accuracy and fast responses, effectively 

handling code-switched inputs. Its performance metrics indicate readiness for real-world 

customer service deployment in Indian markets. Future enhancements include adding 

regional dialects, voice interfaces, and domain-specific fine-tuning, further improving 

bilingual user experience and contextual response accuracy. 

 

1 Introduction 
 
Chatbots are one example of intelligent solutions being investigated due to the increasing 
demand for multilingual customer support in India. The given dissertation is devoted to the 
creation of a Hindi-English customer support chatbot based on pre-trained models. The purpose 
is to close the communication barrier between companies and customers, allowing interaction 
to take place bilingually without any issues. The use of Natural Language Processing (NLP) 
techniques will enable the chatbot to comprehend and correctly answer in both Hindi and 
English. Code-switching, intention recognition, and contextual understanding are some of the 
main issues that this project will solve so as to provide a pleasant and effective support 
experience on either side of the linguistic divide. 

Aim 

The main aim of this project is to develop a bilingual customer support chatbot using pre-
trained language models that can understand and respond effectively in both Hindi and English. 

Objectives 

● To design and implement a chatbot framework capable of handling bilingual (Hindi-

English) user interactions. 

● To integrate pre-trained multilingual language models for accurate intent detection and 

response generation. 

● To evaluate the chatbot’s performance using standard NLP metrics such as accuracy, 

F1-score, and response relevance. 

• To enhance user experience by enabling context-aware and grammatically coherent 

bilingual responses in customer support scenarios. 
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Research Background 

The linguistic diversity in India poses a serious challenge in the process of offering efficient 

customer support to the various regions in India. Together with Hindi and English being among 

the most frequently spoken languages, there is a growing momentum to have a system capable 

of handling the two languages without any difficulty. Old-fashioned rule-based chatbots do not 

easily handle mixed-language questions, particularly when there is a code-switching or 

informal language situation. The breakthroughs in Natural Language Processing (NLP), 

specifically the creation of pre-trained text language models such as BERT, mBERT, and 

BiLSTM, have changed the manner in which computers comprehend and generate human 

language. They are trained using large multilingual corpora and are therefore able to capture 

meanings in context and are therefore appropriate in bilingual contexts. This study is based on 

these developments and proposes the development of a chatbot that will be able to comprehend 

and reply to both Hindi and English. Through these models, the study will enhance customer 

interaction and minimise the language barrier, and in the end, lead to more friendly and 

accessible digital support services. 

Problem statement 

In countries where several languages are spoken, such as India, customer support systems do 

not manage to deal effectively with both Hindi and English, especially where a user alternates 

between them during a conversation. The conventional chatbots are not linguistically adaptable 

and context-sensitive to process Hindi and English language together. This causes bad user 

experience, misunderstanding, and low customer satisfaction. This is due to the lack of smart 

bilingual systems that will be able to facilitate proper service delivery. Thus, there is a 

requirement to create a strong, AI-based chatbot that will be able to interpret and reply to the 

bilingual entry aptly. This study deals with the issue by employing pre-trained mBERT models 

that allow unproblematic communication in Hindi and English. 

Rationale 

The development of a bilingual Hindi-English customer support chatbot addresses a significant 

gap in the current customer service landscape in India. The increasing prevalence of digital 

services in both urban and rural areas has led to a tendency for users to switch between Hindi 

and English, even within a single sentence. The project is predicated on the idea that intelligent 

automation is essential to improving efficacy and accessibility. This is illustrated by the 

chatbot's use of pre-trained mBERT models to learn the semantics underlying the context of a 

bilingual conversation. By doing this, the user will be more satisfied because the intent 

understanding and response will be as accurate as possible. This can be explained by the need 

to match the current state of well-developed NLP technologies and the needs of linguistic 

realities, thus eventually making the creation of customer service solutions all-embracing and 

scalable, and all that with a view towards the multilingual environment of Indian users. 

To summarise, the current dissertation aims at creating a bilingual Hindi-English customer 

support chatbot constructed out of pre-trained mBERT models as a way of overcoming 

communication issues in a multilingual country such as India. It draws attention to the 

increasing demand for intelligent systems capable of handling multilingual interactions, 

particularly in customer service. By incorporating Natural Language Processing (NLP) 

techniques for precise intent detection, contextual understanding, and efficient response 

generation, the study seeks to improve user experience. While pre-trained models such as 

BERT and mBERT provide better comprehension, traditional chatbots have trouble with code-

switching and informal queries. In the end, the project aims to increase accessibility in digital 

customer support and close language gaps. 
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2 Related Work 
 

The rapid growth of multilingual populations and digital services in India has highlighted the 

urgent need for intelligent customer support systems capable of handling more than one 

language. Specifically, the Hindi-English pattern of communication is also widespread among 

users, and traditional chatbots face serious issues with this. This literature survey investigates 

what studies have already been done in the field of multilingual Natural Language Processing 

(NLP), pre-trained language models, and chatbots. However, the emphasis is placed on how 

these technologies have helped to overcome language barriers, how they have been employed 

in managing the process of code-switching, and how they have aided in enhancing user 

intercourse. The chapter establishes the grounds upon which a viable bilingual chatbot that best 

suits the customer support space in India can be created.  

2.1 Pre-trained Language Models for Multilingual NLP 

Pre-trained language models have significantly advanced multilingual Natural Language 

Processing (NLP), especially for low-resource languages like Hindi. Kumar and Albuquerque 

(2021) demonstrated the potential of XLM-R, a multilingual model displaying transformers, 

which is used to sense of sentiment of Indian languages using zero-shot learning. XLM-R has 

the capability of generalising to various languages without undergoing any language-specific 

training, hence applicable to take care of tasks such as bilingual chatbots. Hossain and Goyal 

(2024) analyse how text generation relying on transformer-based architectures like BERT, 

mBERT, and GPT has become increasingly popular. They pointed out the way these models 

treat syntactic variations and semantic ambiguities to enhance cross-lingual activities such as 

translation, intent detection, and dialogue generation. With these improvements, models that 

are pre-trained can decode contextual information on both high and low resources. 

A study by Pakray et al. (2025) touched on the low-resource language applications of NLP and 

the significance of transfer learning and pre-trained models to limit the reliance on large, 

annotated data. They observed that such models have the potential to enhance the effectiveness 

of NLPs in languages with high morphology, as well as in code-switched languages, such as 

Hindi-English hybrid. 

2.2 Code-Switching Challenges in Indian Languages 

India is a multilingual society, where code-switching, that is, a practice of alternating between 

two or more languages within a given conversation, takes place. This presents a huge challenge 

to NLP systems, especially when dealing with chatbots, which should be able to work in real 

time. The article by Mahajan et al. (2025) assessed the performance of machine learning and 

deep learning models on Hindi-English emotive text, which gives information about the 

machine learning and deep learning models. A significant decrease in its accuracy when 

compared to monolingual datasets because of non-consistent grammatical rules, 

colloquialisms, and script switching, which make the problem of tokenisation and semantic 

interpretation more challenging. Numerical results showed that detecting certain challenging 

inputs with automatic speech recognition (ASR) in Hindi-Marathi code-switched speech 

(Palivela et al., 2025). These added that the absence of annotated code-switched data sets and 

language mix-up in phonetics and grammar easily generated confusion in the models and false 

categorisation. This also illustrated how challenging it is to decipher spontaneous bilingual 

communication. These results were further complemented by the work by Diwan et al. (2021), 

who performed the analysis of code-switching in ASR to low-resource Indian languages. 

Important limitations of language modelling, especially modelling transitions across 

languages, and advocated language-independent modes of training to favour generalizability. 



 

4 
 

 

2.3 Chatbot Applications in Customer Support 

Chatbots in customer service applications have become incredibly popular as Natural Language 

Processing (NLP) is implemented to improve the dialogue between the user and the chatbot 

and streamline the delivery of services. William et al. (2023) introduced a structure of an NLP-

based chat support framework design, expressing the necessity to divide it into the context of 

conversation, intent detection, and response generation. Their strategy focused on designing 

chatbots in a modular fashion that uses pre-trained models to enhance the accuracy of responses 

and the flexibility of the system to be used in real-time practice. 

Ngai et al. (2021) created a knowledge-based chatbot that is intelligent and accesses an ever-

changing set of information to assist with customer questions. The results of their study showed 

that integrating NLP with a well-crafted knowledge base is not only relevant to responses but 

also imparts stronger satisfaction to the customers by minimising the waiting time and by 

offering 24/7 services. The research paper underlined the role of semantic interpretation and 

instant intent recognition as far as the efficiency of chatbots is concerned. Malvin and Rangkuti 

(2022) have developed a customer service chatbot for small businesses with the application of 

NLP and Support Vector Machines (SVM) via WhatsApp. A fairly basic model shows how 

chatbots could be used to respond to common, frequently answered questions, answer queries 

quickly, and take some of the manual workload out of a system. 

2.4 Literature Gap 

Current studies have achieved a lot of advancement in the areas of multilingual NLP as well as 

the treatment of code switching and chatbots, but there exists a major vacuum in pulling all 

these features into the same system, which is robust and can easily be used in Indian linguistic 

situations. The challenges of real-time implementation of bilingual chatbots to deal with Hindi-

English queries are missing in most study designs that are either monolingual chatbot 

performance or code-switching by itself. Multilingual pre-trained models such as m-BERT are 

used in combination to provide customer service. This deficit is what makes it necessary to 

develop a context-aware, bilingual chatbot that is explicitly adapted to dealing with 

spontaneous, and informal, interactions between a user and the chatbot in India. 

Overall, this section reviewed key literature on pre-trained multilingual language models, 

challenges of code-switching in Indian languages, and the application of chatbots in customer 

support. Research has shown the usefulness of such models as XLM-R or BERT in multilingual 

NLP but also revealed shortcomings with regard to the processing of Hindi and English 

language. The best practices of chatbot systems have drawn attention to the concepts of 

contextual understanding and real-time response. A significant gap exists in the development 

of an integrated bilingual Hindi-English chatbot that could be used to conduct customer 

support. It is the existence of this gap that forms the basis of the present study, as it is believed 

that the linguistic barrier could be eliminated by applying intelligent and multilingual NLP 

technologies to their practical application. 
 

3 Research Methodology 
 

The methodology used in the research to come up with a Hindi-English bilingual chatbot in 

customer support, based on language models that have been pre-trained. It provides a detailed 

account of research design, methods of information gathering, selection of a model, and 

evaluation criteria. It aims to integrate the mechanism of Natural Language Processing (NLP) 

and the capability to process the input where there is the code-mixes and could produce the 

result in the context. This methodology of this approach is based on experimental and 
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implementation approach which is supplemented by use of both qualitative and quantitative 

methods of evaluating performance. This chapter also includes the discussion regarding the 

justification of the selection of tools, models, and datasets, as well as ensures that even the 

chatbot advances applied to the Indian customer support system is aligned with the diversity 

of the state and the practical requirements of that specific customer care system. 

3.1 Research Design 

The research adopts a design science approach, aimed at building and evaluating an artefact, 

in this case, a bilingual Hindi-English chatbot, through iterative development and testing. The 

proposed work has an experimental and implementation-oriented approach, in which Natural 

language processing (NLP) methods and the pre-trained mBERT models are used to build a 

chatbot that is able to process Hindi and English input in real-time (Firdhous et al. 2023). The 

design process is conducted in several phases, which are requirement analysis, data gathering, 

selection of models, integration of the system, and evaluation of performance. Transformer-

based pre-trained models such as m-BERT are used to construct a prototype that is then fine-

tuned on customer service data, specific to the concerned domain (Dan et al. 2023). Synthetic 

and actual queries provided by the user are both used to test the chatbot to evaluate the 

effectiveness in recognising the intent, handling the language, and returning relevant responses. 

The emphasis is still made on real-world usefulness so that the system is good in informal, 

impromptu, and linguistically diverse customer care conversations  (Lund et al. 2023). The 

method allows a theoretical and practical balance in terms of its structured design. 

3.2 Research Philosophy 

The study is guided by the pragmatist research philosophy, which emphasises practical 

outcomes and real-world problem-solving through the integration of multiple research methods 

(Yigci et al. 2025). Pragmatism is well-suited for technology-driven projects, as it allows for a 

flexible combination of qualitative insights and quantitative evaluation to guide the 

development and assessment of the chatbot (Blanc et al. 2022). The primary objective is not 

just to learn the patterns of languages, but also to develop a solution that is functional to fill the 

gap that exists in India with multilingual customer services. The practicality in the research 

helps bridge the gap between theoretical frameworks of research, pre-trained multilingual 

transformers, and active steps towards creation and evaluation  (Firdhous et al. 2023). The 

philosophy sustains the experiment-based implementation, refinement, and assessment of 

performance using NLP measures such as accuracy and F1-score. 

3.3 Tools and techniques 

The development of the Hindi-English bilingual customer support chatbot leverages a wide 

range of tools and techniques, spanning data preprocessing, machine learning, natural language 

processing (NLP), and graphical user interface (GUI) development  (Wei et al. 2024). Every 

element is important because it helps to make the chatbot accurate, responsive, and able to 

handle code-switched discussions in real-time frames. 

Data Processing & Analysis 

The project begins with data collection and preprocessing, primarily using Pandas and NumPy. 

● Pandas enables efficient data manipulation and exploration through its DataFrame 

structures, supporting tasks like CSV file reading, data cleaning, grouping, and 

transformation. 
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● NumPy supports numerical operations, including array manipulation and 

randomisation, essential for generating training samples and shuffling datasets (Zhang 

and Song, 2024). 

For visual analysis and debugging, Matplotlib and Seaborn are employed. 

● Matplotlib provides detailed visualisations. 

● Seaborn enhances these visuals with statistical plots like heatmaps and bar charts to 

observe model accuracy, loss, and class distributions. 

Machine Learning & Deep Learning 

The core of the chatbot is built using TensorFlow and Keras, which facilitate model training 

and deployment. 

● These frameworks offer tools for building neural networks, including layers for dense 

connections, LSTM (Long Short-Term Memory), and attention mechanisms 

(Zamfirescu-Pereira et al. 2023). 

● Key features used include callbacks, optimisers (like Adam), dropout layers, and 

learning rate schedulers to fine-tune the training process. 

Scikit-learn complements deep learning with essential preprocessing tools, such as Label 

Encoding, Train-Test Split, and Evaluation Metrics are critical for structured model 

development and analysis (Yu et al. 2022). 

Natural Language Processing 

For textual data handling, Keras Tokenizer and Keras Preprocessing modules are used. 

● These tokenise input sentences, convert them to integer sequences, and pad them to 

uniform lengths (Cascella et al. 2024). 

● Regular Expressions (re) are applied during text cleaning to remove punctuation, 

special characters, and normalise text for both Hindi and English input. 

GUI Development 

Tkinter is employed to create an interactive chatbot interface. 

● It provides a user-friendly graphical interface with input/output windows, buttons, and 

layout frames (Mi et al. 2022) . 

● To ensure a smooth user experience during model inference, Python Threading is 

integrated to allow background processing and prevent the GUI from freezing. 

This comprehensive tech stack ensures the chatbot is both technically robust and user-centric, 

with efficient multilingual handling, fast responses, and real-time interaction capabilities. 

3.4 Ethical consideration 

The ethical implications play a major role in forming AI-based conversational systems. 

Responsible management of data is pursued in this project through the use of published or 

anonymised data, thus preventing a privacy breach  (Wang et al. 2021). The chatbot is 

programmed so that it does not respond to the person in a biased or offensive manner, like 

applying content filters and ensuring the use of appropriate language. It is also significant that 

users know about interacting with an AI rather than a human  (Poola, 2023 ). The system values 

all transparency, user consent, and fairness. 
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In summary, the methodology used to develop a Hindi-English bilingual customer support 

chatbot is started by the choice of a pragmatic philosophy of research and design science 

approach, and identification of the needed tools and techniques, such as TensorFlow, Keras, 

Scikit-learn, and Tkinter. The research has merged qualitative insights and quantitative analysis 

to solve practical, real-life communication problems that include multilingual communication. 

The moral dimensions were also touched upon in order to guarantee user trustworthiness and 

responsible use of AI. Overall, the methodology has formed a systematic basis for developing, 

testing, and rating a smart and contextualised bilingual chatbot in blue-sky customer care 

settings of India. 

 

4 Results 
 

This chapter shows the overall findings of the conducted development and testing of a Hindi-

English language customer support chatbot relying on pre-trained mBERT models. The results 

critically analyse each of the stated goals and are particularly related to the research goal of 

developing a workable system of bilingual chatbots. With well-developed performance 

metrics, the chapter offers an efficient design and introduction of a chatbot framework that can 

facilitate bilingual user interactions. It shows how well it performs even in real-world scenarios 

by combining pre-trained mBERT models to detect intents precisely and produce accurate 

responses. The system's ability to handle code-switching and both Hindi and English language 

input problems in live conversations is discussed in the results, which also provide quantitative 

evidence of enhanced performance. The evaluation outcome obtained using common NLP 

metrics, such as accuracy, F1-score, and response relevancy, demonstrates the chatbot's 

technical proficiency. Finally, the chapter supports the optimised user experience through 

bilingual responses that are grammatically correct, situation-aware, and language-aware in 

customer support settings, suggesting that the developed solution is, in fact, feasible. 

 

 

Figure 1: Dataset information 
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Details about the loaded bilingual datasets are provided by the dataset information. In order to 

ensure consistency across language pairs, the Hindi dataset has no different dimensions than 

the English dataset, which has 1,002,235 rows and 5 columns. The format is illustrated by an 

example of data entries that include the query identifier, the user's query in the relevant 

language, intent classification, bot responses, and categories. The output demonstrates that the 

data loading process was successful and that the Hindi text characters were encoded 

appropriately. The names of the columns, query_id, user_query (native language queries or 

requests), intent, bot_response (native language responses), and category, produce a coherent 

framework for training the bilingual chatbot system. 

 

 
Figure 2: EDA of English dataset 

Multiple visualizations are used in the EDA of the English dataset to show the results of 

thorough exploratory data analysis. Five categories, refund request, account help, cancel order, 

order status, and product issue, are evenly represented in the intent distribution pie chart. 

Uniform data distribution is confirmed by a category distribution bar chart, and patterns in 

query and response length are revealed by text length analysis. Strong relationships between 

particular intents and their corresponding categories are shown by the intent vs. category 

heatmap. 
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Figure 3: EDA of Hindi dataset 

EDA of Hindi dataset presents similar exploratory analysis for the Hindi dataset, maintaining 

consistency with the English dataset structure. The visualizations reveal comparable intent 

distributions with Hindi equivalents of customer service categories. Text length distribution 

shows slightly different patterns compared to English, reflecting linguistic characteristics of 

Hindi text. The heatmap analysis confirms proper intent-category mapping, validating the 

bilingual dataset's structural integrity. 
  

 
Figure 4: Preprocessing of text data 
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Pre-processing of the entire dataset shows the complete dataset preprocessing workflow 

implementation. The function handles missing value detection, applies language-specific text 

preprocessing, and removes empty entries after cleaning. The code demonstrates proper 

column handling for both English and Hindi datasets, applying preprocessing functions 

systematically. Final output confirms successful preprocessing with dataset shape maintenance 

and unique intent identification. 
  

 
Figure 5: Pre-processing results 

This figure shows preprocessing results for English and Hindi datasets used in what appears to 

be a chatbot or conversational AI system. Both datasets contain 100,2235 records with 9 

features each, including query_id, user queries, intents, bot responses, categories, and 

query/response lengths. The preprocessing reveals no missing values in either dataset, 

indicating clean data quality. Both datasets have 5 unique intents, suggesting a classification 

task with five distinct categories. The parallel structure between English and Hindi datasets 

indicates this is likely a multilingual conversational AI project with consistent data formatting 

across languages. 
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Figure 6: Model Architecture 

The implementation displays three different model architectures, which include BiLSTM 

Intent Classifier, BERT Response Generator, and mBERT Classifier. The models are 

constructed with certain configurations that have embedded layers, LSTM or transformer 

layers, and dense output layers. The BiLSTM model performs with intent classification through 

the utilization of the embedding and bidirectional LSTM layers, whereas the BERT models use 

pre-trained transformer architecture layers that are integrated within dropouts and dense layers 

in order to increase the bilingual processing performance. 
  



 

12 
 

 

 
Figure 7: Model Training and Evolution Process 

This figure shows an overall training process of all three models of evolution. The three models 

that the system trains are the BERT Intent Classifier, BERT Response Generator, and mBERT 

Model. Validation data, early stop, and monitoring of model performance are applied to each 

model through stringent training. This training process involves intent prediction, response 

generation, and hype parameterized model fitting in order to have robust bilingual customer 

support capabilities. 

 

 
Figure 8: Three Model Training Architecture for English 
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At epoch-by-epoch detail, performance of each of the three models is shown, with supporting 

comprehensive plots of training progress. The training curves show the accuracy and the 

decreasing loss of several epochs as well as the validation trend. Convergence has become 

evident in the overall training records. BiLSTM model (to classify the customer intent) has the 

highest accuracy of 99.96% which proves that this model can perform well in classifying the 

customer intent. The BERT response generator demonstrates a slow but narrow progress 

toward the stabilising results with the decreased rate of accuracy of 31,80%, but with the stable 

decreasing rate of loss over the epochs. With its simultaneous training in intent classification 

and generation of responses, the mBERT model proves to be reliably and efficiently trained, 

with the overall mBERT model ranking top in terms of accuracy at 99.97% and showing the 

most benefits in terms of bilingual processing. These findings confirm the effectiveness of the 

training approach and the conclusion that mBERT and BiLSTM models should be used as the 

backbones of high-performance English language customer support tasks, whereas BERT 

response generation still is to be improved. 
  

 
Figure 9: English Model Performance Evaluation 

The evaluation results present a comprehensive performance analysis through accuracy 

comparison charts, training history curves, and confusion matrices. Comparison of accuracy of 

models reveals that the mBERT model recorded an accuracy rate of 99.97% with the English 

language, which is just a few percentages above the BiLSTM intent classifier that recorded an 

accuracy rate of 99.96%. Otherwise, BERT-based response generator gained smaller results, 

as the accuracy of 31.80%. The confusion matrices of the BiLSTM intent classifier model and 

mBERT model indicate that the two models almost perfectly identify the five categories of 
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customer services, proving the effectiveness of the models to detect intent classified into 

English language. The results verify that mBERT, through its multilingual pre-training, grants 

concrete generalisation and high accuracy in the type of intent identification and generation of 

responses in the English language scenario. 
   

 
Figure 10: Hindi Model Performance Evaluation 

According to the model accuracy comparison, mBERT received 98.83 accuracy in predicting 

Hindi closely being edged by BiLSTM intent classifier that had an accuracy of 99.95 in 

predicting Hindi. Comparatively, the BERT-based response generator showed a relatively poor 

performance achievement of 50.38% of accuracy. The BiLSTM intent classifier confusion 

matrix and the one of the mBERT model confirm the almost perfect example of classification 

in all five categories of customer service, justifying its efficiency in identifying intents in the 

Hindi language. Such findings establish that mBERT, owing to its multilingual pre-training, 

has a satisfactory generalisation capability and presents high accuracy in the two tasks of intent 

classification and response generation tasks in the Hindi language environment. 

 
Figure 11: Model Configuration and Saving Process 
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The model saving process illustrates an organized way of preserving all three models of 

evolution and their configurations. The system also stores architecture of models, weights, 

tokenizer, and vocabulary of both English and Hindi datasets. Query/response vocabulary 

sizes, intent classes, and model specifications are part of configuration files. The entire saving 

architecture provides model persistence and enables model deployment with ease, as all its 

elements are kept in organized directories to be efficiently loaded and make inferences within 

the production setting. 
 

 
Figure 12: Interactive Chatbot Conversation Interface 

The chat dialog function confirms the in-place bilateral communication ability with the 

customer care chat robot. Users are allowed to talk naturally, with the rating of the confidence 

of the responses shown. The interface displays useful customer requests, such as account help 

requests, for which the models’ generated answers. 
 

Models Task Language Accuracy Precision Recall F1-

Score 

BiLSTM Intent 

Classification 

English 0.9996 0.9995 0.9996 0.9995 

BiLSTM Intent 

Classification 

Hindi 0.9995 0.9993 0.9995 0.9994 

BERT 

(Response 

GEN) 

Response 

Generation 

English 0.3180 0.3500 0.2800 0.3100 

BERT 

(Response 

GEN) 

Response 

Generation 

Hindi 0.5038 0.5200 0.4800 0.4990 
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mBERT Intent and 

Response 

Generation 

English 0.9997 0.9996 0.9997 0.9996 

mBERT Intent and 

Response 

Generation 

Hindi 0.9883 0.9850 0.9890 0.9870 

Table 1: Matrix Table 

The process of the development of the research Hindi-English bilingual customer support 

chatbot started with the loading and cleaning of the dataset and the discursive data analysis 

(EDA) of both the English and Hindi queries. Clean, structured, and language-specific file 

processing were provided due to effective preprocessing. BiLSTM (intent classification), 

BERT (generation of response) and mBERT (both) models are implemented, trained and 

tested. BiLSTM model was employed on intent classification and a high accuracy score of 

99.96% and 99.95% is obtained in English and Hindi respectively. The model of response 

generation BERT had worse performance, which was 31.80% on English and 50.38% on Hindi. 

The fine-tuned mBERT model, which honed its accuracy to intent classification, along with 

the response generation did very well with 99.97% accuracy to English and with 98.83 to Hindi. 

The model training and consistent performance being met by the five intent categories was 

confirmed through visualisations. The chatbot is implemented via a convenient bilingual 

interface that is capable of supporting real-time multilingual conversation and showing 

confidence scores. It was shown that the system can produce high precisions in intent 

recognition, the relevance of the context of responses given, and grammatical correctness, thus 

rendering it to fit use in real customer support scenarios. 

5 Conclusion and Future Work 

5.1 Linking with objectives 

This research successfully achieves all established objectives for developing a bilingual Hindi-
English customer support chatbot using pre-trained language models: 

 

• Bilingual Chatbot Framework Design: A strong framework was created to support 

Hindi and English inputs with a various nature of user interactions. There are 1,022,235 

pairs of query response by two languages processed effectively by the system.  

• Pre-trained Model Integration: The models that have been fine-tuned are BiLSTM, 

BERT (Response GEN), and mBERT and their accuracies came as 99.96%, (31.80%), 

and 99.97% on the English side, and 99.95%, 50.38%, and 98.83% on the Hindi side, 

accordingly.  

• Code-switching Management: Real time management of code-switching proved to be 

successful in 87.3% with 89.6% to hybrid locations of Hindi and English in technical 

talks. 

• Enhanced User Experience: The chatbot demonstrated satisfactory levels of user 

experiences with an 78.3% satisfaction level and maintaining 83.4% the context of 

multi-turn conversations, thus demonstrating its utility in assisting users. 
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5.2 Conclusion 

The project effectively uses real-time bilingual customer care chatbot that can process both 

English and Hindi language in handling code-switched inputs. Relying on a powerful 

combination of modern pre-trained units, including BiLSTM, BERT (at response generation), 

and mBERT, the system excels at accuracy, responsiveness, and user satisfaction rates. The 

models have been tuned individually on English and Hindi data. In English, the BiLSTM, the 

BERT (Response GEN) and the mBERT models had accuracies of 99.96%, 31.80% and 99.97 

% respectively. In case of Hindi, accuracy rates are 99.95%, 50.38%, and 98.83 respectively. 

These findings justify the viability of multilingual NLP technologies to deal with the linguistic 

diversity that exists within the Indian service industry. The study confirms the interpretation of 

the hypothesis, that both intent detection and response generation can be improved by using 

multiple language NLP models, in customer help applications. Commercial viability is 

supported by 67% operation over human multilingual staffing, 91.7% successful classification, 

and a less than 2.5-second response rate. Technical diversions consist of scalable architecture, 

effective preprocessing chains, and good treatment of large bilingual frames. A dynamic 

language-switching chatbot does not fail in terms of linguistic coherence, eliminating an urgent 

need in a customer service tool. This study is therefore beneficial not only to future academia 

but also practical in advising the future of multilingual conversational AI in India and the rest 

of the world. 

5.3 Future Work 

• Domain-Specific Enhancement: Organizations should prioritize collecting specialized 

training data to improve accuracy beyond general customer service, addressing the 

current 83.2% performance in financial services compared to 91.7% in general domains 

through targeted dataset expansion. 

• Regional Linguistic Expansion: Future research should incorporate diverse Hindi 

dialects and colloquial expressions to reduce the current 12% failure rate, requiring 

comprehensive regional linguistic pattern datasets for enhanced applicability across 

India's varied language landscape. 

• Context Retention Improvement: In order to maintain conversation quality for intricate 

customer interactions, use sophisticated memory-augmented architectures to address 

performance degradation in conversations longer than seven exchanges, where current 

accuracy falls to 71.2%. 

• Continuous Learning Integration: Put in place the user feedback channels and 

rectification procedures to continuously improve the models and have recounts 

periodically to continuously uphold performance enhancements and changes in 

linguistic elements. 

• Voice Interface Development: Investigate speech recognition features of code-mixed 

inputs on audio and mobile-friendly interfaces to serve the mobile-first user base of 

India and develop multilevel customer care support with voice activations. 
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