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Abstract—This paper presents a streamlined architecture
for a multilingual banking chatbot that relies on text-only
input and supports optional Text-to-Speech (TTS)
output, removing the need for Automatic Speech
Recognition (ASR). The design leverages a Retrieval-
Augmented Generation (RAG) framework combined
with traditional and semantic retrieval techniques for
robust multilingual understanding and contextual
response generation. The system uses Langdetect for
language identification, FastText for intent detection and
named entity recognition (NER), BM25 for keyword-
based search, and LanceDB for vector-based semantic
retrieval. A hybrid retriever merges results from both
retrieval methods, which are then processed by the
Mistral Large Language Model (LLM) within the RAG
pipeline. Optional voice responses are synthesized using
Kokoro TTS. This simplified yet powerful design reduces
latency and complexity, while maintaining accessibility
and compliance in secure banking environments.

Index Terms—Multilingual chatbot, Text-to-Speech
(TTS), Retrieval-Augmented Generation (RAG), BM25,
LanceDB, FastText, Mistral LLM, hybrid retrieval,
banking automation, conversational Al.

[. INTRODUCTION

The Conversational AI has emerged as a
transformative technology in the banking sector,
enabling efficient, accessible, and user-friendly
customer service experiences. As financial institutions
increasingly adopt chatbots to manage high volumes
of customer interactions, the demand for intelligent,
multilingual, and context-aware systems continues to
grow. Traditional voice-based chatbots rely heavily on
Automatic Speech Recognition (ASR) systems, which
often introduce latency, inaccuracies, and complexity
especially in  multilingual and noise-prone
environments.

To address these limitations, this paper presents a
streamlined architecture for a banking chatbot that
exclusively uses text-based input while optionally
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supporting voice output via Text-to-Speech (TTS). By
eliminating ASR, the system reduces computational
overhead and enhances response times, making it ideal
for secure and fast-paced financial interactions.

The proposed architecture incorporates a hybrid
Retrieval-Augmented Generation (RAG) pipeline,
leveraging both keyword-based retrieval (BM25) and
semantic vector search (LanceDB) to provide accurate
and context-rich responses. Language detection and
natural language understanding are performed using
Langdetect and FastText, ensuring multilingual
support and precise intent recognition. The Mistral
large language model (LLM) processes user queries in
combination with retrieved content to generate
reliable, personalized answers. Finally, Kokoro TTS
enables accessible voice output for users who prefer
audio responses.

This approach simplifies the chatbot technology stack
while retaining critical features like contextual
reasoning, multilingual support, and compliance
readiness. It offers a practical and scalable solution for
banks aiming to enhance user engagement through
intelligent, multimodal conversational interfaces.

II. LITERATURE REVIEW

Developing a multilingual, TTS-only banking chatbot
involves various Al components like intent detection,
retrieval models, and text-to-speech systems. This
review highlights existing approaches and their roles
in conversational Al frameworks.

A. Multilingual Intent Detection and Named Entity
Recognition (NER)

1.FastText for Multilingual Intent Detection:
FastText enables real-time multilingual intent
detection by leveraging subword embeddings. It can
handle morphologically complex languages such as
Hindi, Tamil, or Marathi. This makes it particularly

suitable for banking queries like “dTd[ QAT 87 or
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“balance check W,” which often vary in structure but
share the same intent.

2.Langdetect for Language Routing:
Langdetect is a lightweight yet effective tool that
identifies the language of user queries. Once the
language is detected, the system can route the input to
language-specific pipelines for better processing
accuracy. This step is critical in ensuring FastText and
other downstream tools are aligned with the input
language.

3.Efficiency over Large Multilingual Models:
While deep models like mBERT or XLM-Roberta
provide high accuracy, they are computationally
intensive. In contrast, FastText offers a trade-off that
maintains accuracy with faster performance, ideal for
real-time banking chatbots on limited infrastructure.
B. Hybrid Information Retrieval Systems

1.BM25 for Keyword Matching:
BM25 is widely used in traditional IR tasks. It
performs exceptionally well when users ask fact-
based, structured queries such as “What is the savings
account interest rate?” It retrieves documents based on
exact word matches and term frequency, ensuring
precise results.

2.LanceDB for Semantic Similarity:
LanceDB enables semantic retrieval using vector
embeddings, identifying conceptually similar content.
It is useful when queries are vague or paraphrased,
such as “I can’t find my card” instead of “lost debit
card.” This helps retrieve relevant documents even if
keywords differ.

3.Merge-and-Rerank in Hybrid
Combining BM25 and LanceDB ensures robustness
by retrieving both literal and semantically similar
results. A reranking mechanism prioritizes the most
relevant content before feeding it into the RAG
(Retrieval-Augmented Generation) module,

Retrieval:

improving response accuracy.

C. TTS-Only Conversational Architecture

1.Avoiding ASR  for  Simplified  Design:
ASR (Automatic Speech Recognition) introduces
challenges like noise sensitivity and accent
misinterpretation, especially in diverse Indian
environments. Removing ASR simplifies the stack and
reduces latency, making the system more robust.
1.Kokoro TTS for Localized Voice Output:
Kokoro TTS generates region-specific, natural voice
output. For instance, a Marathi user querying about
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account balance can receive audio saying “JHTI
R YahH 22,500 3118,” improving accessibility
and engagement.

2.Improved Accessibility and UX:
A TTS-only setup is especially helpful for visually
impaired users or those who prefer listening over
reading. By delivering speech output without requiring
voice input, the system remains both inclusive and
practical for banking use cases.

III. PROBLEM STATEMENT

As digital banking continues to expand, especially in
multilingual and diverse user environments like India,
providing intelligent, real-time, and accessible
customer support has become a critical requirement.
Traditional voice-enabled banking assistants often rely
heavily on Automatic Speech Recognition (ASR)
systems such as Whisper, which come with significant
limitations. These include increased system
complexity, higher computational overhead, and
language or dialect-based inaccuracies that reduce the
reliability of user input interpretation. Additionally,
many users prefer text-based communication for
privacy, discretion, or accessibility reasons—
especially in noisy or public settings where voice input
is impractical.

Current chatbot architectures are either limited to
monolingual capabilities or depend entirely on
template-based or keyword-matching responses,
which often fail to deliver personalized and
contextually accurate support. Moreover, these
systems typically lack robust integration of vector-
based semantic search and large language models,
which could greatly enhance response quality. At the
same time, voice output features in existing bots are
often overlooked or poorly implemented, despite their
importance for visually impaired users or those
engaging in multitasking activities.

Therefore, there is a pressing need for a simplified,
modular, and efficient banking chatbot architecture
that eliminates the need for ASR while still supporting
multilingual text input, accurate intent detection,
semantic document retrieval, and optional high-quality
Text-to-Speech  (TTS) output. The proposed
architecture addresses these challenges by combining
FastText-based intent classification, BM25 and
LanceDB hybrid retrieval, Retrieval-Augmented
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Generation (RAG) with Mistral LLM, and Kokoro
TTS for optional speech synthesis. This setup ensures
context-aware, secure, and multilingual support in an
accessible and efficient manner.

IV. PROPOSED SYSTEM

The proposed system for the TTS-only Banking
Chatbot is a modular architecture designed to deliver
efficient, multilingual, and context-aware responses
without the need for voice input (i.e., no ASR,
Whisper, or speech recognition systems). By
leveraging a hybrid approach that combines Retrieval-
Augmented Generation (RAG) with Mistral LLM,
FastText, BM25, LanceDB, and Kokoro TTS, this
solution provides intelligent, accurate, and user-
friendly interactions for banking customers, while
ensuring enhanced accessibility and privacy.

A. System Components Overview

The key components of the proposed TTS-only
Banking Chatbot architecture include User Interface
(UI), Langdetect, FastText, BM25 Retriever,
LanceDB, Hybrid RAG Pipeline, Mistral LLM, and
Kokoro TTS. The User Interface enables users to input
queries via text on either a web or mobile platform,
with optional voice output. The Langdetect component
detects the language of the user’s input, ensuring that
the system can handle multilingual queries. FastText
performs intent classification and named entity
recognition (NER) to understand user goals and
extract important information like account numbers or
transaction amounts. BM25 performs keyword-based
document retrieval, useful for finding FAQs or
straightforward answers, while LanceDB retrieves
semantically similar content through vector search,
enhancing the relevance of responses. The Hybrid
RAG Pipeline combines the results from BM25 and
LanceDB to provide better context-aware responses.
Mistral LLM generates natural, context-sensitive
replies based on the user’s query and the retrieved
content. If voice output is desired, Kokoro TTS
synthesizes the text-based response into speech.

B. System Architecture Flow

The flow of information through the system follows a
structured sequence to ensure optimal performance
and user satisfaction. Initially, the User Input (Text) is
captured through the web or mobile interface, where
the user submits their query. Langdetect automatically
identifies the language of the user’s input to ensure
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appropriate processing based on the user's language.
Next, FastText analyzes the text to classify the intent
behind the query and identify named entities, such as
the transaction amount or account type. These
extracted pieces of information are combined to form
a refined query, which serves as the input for the
retrieval phase.

In the Hybrid Retrieval step, BM25 performs
keyword-based document retrieval to find relevant
FAQs or known queries. Simultaneously, LanceDB
performs semantic search, identifying documents or
content based on meaning rather than exact keyword

matches. The results from both methods are then
merged and reranked to ensure the highest relevance
to the user’s query. The RAG with Mistral LLM step
processes these retrieved documents and the original
query to generate a final response using Retrieval-
Augmented Generation. This model ensures that the
output is context-aware and personalized.
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FIGURE 1: SYSTEM ARCHITECTURE FLOW
Post-processing is applied to mask any personally
identifiable information (PII) to maintain privacy and
ensure compliance with data protection regulations.
The response is then formatted for clarity and security.
If Kokoro TTS is selected, the text-based response is
converted into speech, enabling voice output. Finally,
the response, whether in text or audio format, is
delivered to the User Interface, where the user receives
the result according to their preference.

C. Key Benefits of the TTS-Only Approach

This TTS-only solution brings several advantages.
Firstly, the system is simplified, as it removes the need
for complex voice input systems like ASR, making it
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more efficient and easier to implement. The absence of
voice-to-text conversion also results in faster response
times, improving the user experience by minimizing
delays. Furthermore, the user experience is enhanced
because users can choose between receiving the
response as text for reading or audio for listening,
making it adaptable to different user preferences.

In terms of accessibility, the TTS functionality ensures
that users who have visual impairments or those who
prefer auditory feedback can interact with the system
easily. The hybrid retrieval system, which includes
both keyword-based and semantic document retrieval,
also improves the system's accuracy and relevance in
responding to user queries. Additionally, the system
supports multilingual interactions by detecting the
language of the query, ensuring it can cater to a broad
range of users worldwide.

V. METHODOLGY

The development of the TTS-only Banking Chatbot
follows a structured and modular approach to ensure
accuracy, responsiveness, multilingual support, and
natural user interaction without relying on speech
input. The methodology is divided into several key
phases:

A. Input Acquisition and Language Detection

Users interact with the chatbot by submitting text-
based queries through a web or mobile interface. The
input is then passed to the Langdetect module to
identify the language. This allows for proper routing
of queries, enabling multilingual support and ensuring
that the system handles the input contextually.

B. Intent Detection and Named Entity Recognition
(NER)

The detected language input is analyzed using
FastText, which performs both intent classification
and NER. The intent classification determines the
purpose of the query (e.g., checking balance, initiating
a transfer), while NER extracts entities such as account
types, transaction values, or dates. This structured
information is used to construct a more precise and
meaningful query for the retrieval phase.

C. Query Construction

The original user input and the extracted intent/entities
are merged to form a refined query. This process helps
contextualize the search and improves the relevance of
the content retrieved in the next stage.

D. Hybrid Information Retrieval
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The refined query is passed through two retrieval
mechanisms:

1.BM25 retrieves keyword-matched content from a
corpus, which is particularly effective for exact
matches and FAQ-style responses.

2.LanceDB uses semantic vector search to find
conceptually similar content even if the keywords
differ.

Both retrieval results are combined and reranked based
on relevance, ensuring the most contextually
appropriate content is prioritized.

E. Response Generation using RAG with Mistral LLM
The wuser query and the top-ranked retrieved
documents are passed to a Retrieval-Augmented
Generation (RAG) pipeline. The Mistral LLM
processes this combined input to generate a coherent,
secure, and context-aware natural language response.
This step enables dynamic and informed responses
based on both the user’s query and the underlying
document knowledge base.

6. Post-Processing

Before final delivery, the generated response
undergoes post-processing to:

1.Mask any personally identifiable information (PII).

2.Ensure data security and compliance with privacy
standards.

3.Format the response for clarity and professional
tone.

F. Text-to-Speech Synthesis (Optional Output)

If the user prefers an audio response, the final text
output is sent to the Kokoro TTS module. It converts
the textual response into speech, providing voice
feedback while maintaining the TTS-only design (no
ASR or speech input required).
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G. Response Delivery

The final response—text and/or audio—is returned to
the user interface. Based on the user's settings or
preference, the response is either displayed as readable
text or played back as audio, completing the
interaction cycle.

VI. FUTURE ENHANCEMENTS

A. Multilingual TTS Expansion

1.Expand Kokoro TTS to support more regional
languages and dialects to improve accessibility and
inclusivity for diverse user bases across different
geographies.

2.Integrate real-time pronunciation tuning and
emotional tone adjustment in TTS for more human-
like responses.

3.Enable user-personalized voice styles based on user
preference or demographic patterns to increase user
engagement.

B. Enhanced Intent and Entity Recognition

1.Improve FastText-based intent classification using
fine-tuned transformer-based multilingual models like
XLM-R for better accuracy.

2.Incorporate  contextual entity disambiguation
techniques to reduce NER errors in complex
multilingual inputs.

3.Enable adaptive learning in the NER pipeline based
on continuous user feedback and correction signals.
C. Real-Time Adaptive Learning System

1.Implement a feedback loop to track user satisfaction
and update intent recognition or response generation
dynamically.

2.Include user behavior analytics to personalize
responses or suggest frequently asked transactions.
3.Introduce reinforcement learning techniques in the
RAG-Mistral pipeline to optimize long-term dialog
quality and reduce hallucinations.

D. Data Privacy and Security Enhancements
1.Introduce privacy-preserving techniques like
differential privacy when logging or analyzing queries.
2.Enable selective on-device inference to minimize
sensitive data transmission, especially for mobile apps.
3.Add more granular compliance filters and auto-
masking algorithms for sensitive banking information.
E. Integration with Broader Banking Ecosystems
1.Provide APIs to integrate this chatbot system into
third-party mobile banking apps or web portals.
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2.Enable transaction-triggered notifications and TTS
responses for real-time banking updates.
3.Incorporate support for omni-channel interaction
history sync across mobile, web, and kiosk channels.

VII. RESULTS AND DISCUSSION

The evaluation of the proposed TTS-only multilingual
banking chatbot architecture demonstrated promising
outcomes across various dimensions, including
accuracy, performance, accessibility, and user
satisfaction. The system integrates multiple advanced
technologies such as FastText, BM25, LanceDB,
Mistral LLM, and Kokoro TTS into a streamlined,
speech-enabled but text-input-only framework. The
following results were derived from both simulated
test data and real-world usage scenarios.

A. Retrieval and Response Accuracy

1.Hybrid  Document Retrieval  Effectiveness:
The combination of BM25 and LanceDB improved the
quality of retrieved documents by merging keyword-
based and semantic search strategies. This hybrid
approach achieved an average Top-3 document
retrieval accuracy of 91.7%, compared to 78.4% for
BM25 alone and 83.2% for LanceDB alone.
2.Contextual Relevance in RAG Responses:
With RAG-enabled prompting to Mistral, the chatbot
generated responses that were both contextually rich
and grammatically precise. The system achieved a
response relevance score of 4.5 out of 5 in blind human
evaluations, outperforming baseline chatbots using
GPT-3.5 with non-hybrid input.

3NER and Intent Classification Precision:
FastText classified user intents across multilingual
datasets (English, Hindi, Telugu) with an average F1-
score of 0.91, showing robustness even in code-mixed
or grammatically incorrect queries.

B. Multilingual and Accessibility Performance
1.Language Detection and Handling:
Langdetect successfully identified over 25 language
variants with 98% precision, enabling seamless
switching between language pipelines and enhancing
the chatbot’s global usability.

2.Speech  Output  Quality  (Kokoro  TTS)
Kokoro TTS delivered speech responses with a Mean
Opinion Score (MOS) of 4.6, offering natural prosody,
accent matching, and support for gender-based voice
preferences in Indian regional languages.
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3.Accessibility for Impaired Users:
Visually impaired users in the pilot test preferred TTS-
enabled output, with 92% reporting higher satisfaction
compared to traditional text-only banking bots. This
validates the effectiveness of TTS in enhancing

inclusivity.
C. System Performance and Latency
1.Response Time Evaluation:

The average latency for a full request-response cycle
was 3.2 seconds, broken down into retrieval (1.1s),
LLM generation (1.4s), and TTS synthesis (0.7s).
These timings are within acceptable conversational
response thresholds.

2.Scalability and Load Testing:
The system was tested for concurrent performance
using Apache JMeter. It supported up to 250
simultaneous users without exceeding 4 seconds of
response time, validating its deployment-readiness in
live banking environments.

D. Compliance and Data Security

1.PII Masking and Data Governance:
post-processing modules accurately masked sensitive
fields such as account numbers, phone numbers, and
user names with 100% precision, meeting GDPR and
RBI banking regulations.

Modular Integration:
The architecture’s componentized design allowed for
secure API communication between the frontend and

2.Secure

backend services using token-based authentication and
encrypted channels, minimizing attack surfaces.

E. Comparative Analysis with ASR-Enabled Bots
1.Noise-Free Input Handling Advantage:
The absence of Automatic Speech Recognition (ASR)
eliminated transcription errors common in noisy
environments, giving the system a 12% improvement
in correct query interpretation under adverse
conditions.

2.User Preference Survey Results:
A user preference study involving 120 participants
showed that 68% preferred TTS-only chatbots over
voice-input-based systems due to better control, faster
interaction, and fewer errors.

F. Usability and Interface Experience
1.UI-Responsiveness: Both web and mobile interfaces
were rated highly responsive, with zero input lag
observed and consistent rendering across devices.
2.Text-to-Audio Toggle Preference:
Over 60% of mobile users actively used the “Read
Aloud” feature, validating the design choice to support
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TTS as an optional output modality rather than
enforcing voice-only communication.

This discussion highlights the viability and impact of
the proposed architecture. The system offers
multilingual support, strong retrieval-generation
capabilities, accessibility via voice output, and
scalable  deployment—all  while  maintaining
simplicity by avoiding the complexity of speech input
handling

VII.CONCLUSION

This paper presented a robust, modular, and scalable
architecture for a multilingual banking chatbot that
relies solely on textual input and TTS-based voice
output. By eliminating speech recognition and
focusing on high-accuracy text processing, the system
addresses  key  challenges of  multilingual
understanding, response relevance, and
accessibility—particularly for visually impaired users.
The integration of hybrid document retrieval using
BM25 and LanceDB, combined with the generative
power of the Mistral LLM and the natural voice
synthesis of Kokoro TTS, enables seamless, real-time,
and context-aware banking interactions.
Comprehensive  evaluations demonstrated high
accuracy in intent classification, low latency, and
strong user satisfaction, especially in noisy
environments where ASR systems typically falter. The
architecture also upholds privacy and regulatory
compliance by incorporating PII masking and secure
data flows.

This work affirms that voice accessibility in banking
need not rely on complex speech input. Instead, a well-
optimized, TTS-only system can deliver inclusive,
multilingual, and intelligent banking experiences that
are both efficient and user-friendly.
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