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Abstract

Colleges in India enrol students from diverse linguistic backgrounds
who frequently blend regional languages with English in their
communications, a practice commonly termed code-mixing. When
students inquire about payment deadlines, such as “mera exam fee kab
bharna hai?” (Hinglish) or “naa exam fee enti, ela pay cheyali?”
(Telugish), the vast majority of deployed academic chatbots fail, being
English-only, context-blind and unprepared. OneVoice is a
multilingual chatbot, powered by Al, currently in production at Stanley
College of Engineering and Technology for Women, Hyderabad. The
system uses a Retrieval-Augmented Generation (RAG) architecture
that extracts relevant content from a MongoDB Atlas knowledge base,
passed on to the LLaMA 3.3-70B large language model using the Groq
inference API. Language and code-mix detection works at the Unicode
character level and requires no external NLP library. OneVoice offers
five Indian languages and four code-mixed variations including
Hinglish, Urdulish, Telugish and Tamlish. Multi-turn dialogue stays
coherent for up to 10 turns via context memory. The administrator
dashboard, with six analytical tabs, manages sessions, language
analysis, knowledge base PDF upload, student feedback and CSV
export. Across 20 structured test cases, an overall accuracy of 90% was
observed, rising to 100% when ignoring infrastructure rate-limit
constraints. The complete system is deployed at zero infrastructure cost
using Vercel, Render and MongoDB Atlas free tiers, making it directly
replicable by low-resource academic institutions.
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1. INTRODUCTION

1.1 BACKGROUND AND MOTIVATION

India’s higher education growth has given rise to a demand for
scalable and round-the-clock student support services. Academic
institutions are inundated with the same queries every semester
such as examination fees, timetables, result notifications,
placement drives, college events, etc. The usual support systems
of notice boards, emails and help desks that are staffed have their
limitations. None of them are available around the clock and are
also not available in the native languages of a vast, geographically
and linguistically diverse student body.

Language may present unique challenges but is not an
insurmountable barrier. Located in Hyderabad, Stanley College of
Engineering and Technology for Women caters to learners from
Telugu, Hindi, Urdu, and Tamil communities. Students do not
strictly adhere to formal language in formal channels or informal
language in informal channels; practically, these styles often
blend. When fee-related queries are raised, a student might ask
“naa exam fee enti, ela pay cheyali?”” which means what is the
exam fee and how do | pay it? This is a blend of Telugu words
with English vocabulary for technical terms, a phenomenon
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known as code-mixing [15]. Most current academic chatbot
systems do not support other languages and fail to respond to such
inputs. Students either receive incorrect or no answers, posing a
significant inconvenience during exam periods.

The availability of large language models such as LLaMA
[12], GPT-3 [1], Gemini (Google, 2023), and others provides an
opportunity to develop conversational Al that can understand
nuanced language, multilingualism, and code-mixed queries.
With the application of Retrieval-Augmented Generation (RAG),
a method introduced by [10], these language models can provide
highly accurate responses to queries by referencing documents in
particular domains. Such an application of language models can
bridge the existing gap in providing accurate information from
institutions to students.

OneVoice is designed to bridge this gap. It is a multilingual
chatbot that can answer student queries in five Indian languages
and their code-mixed versions. It is active 24 hours a day, seven
days a week. College administrators can have complete control
over the knowledge base without requiring technical knowledge
using a dedicated interface.

1.2 PROBLEM STATEMENT

Academic institutions have five main problems with the way
they provide information to their students. These problems are not
being addressed by existing technology. First, there are a large
number of students and their primary language is not English.
Most academic chatbots only understand English. Consequently,
students who speak Hindi, Urdu, Telugu, or Tamil, cannot use
them easily. Secondly, students in India have a tendency to mix
languages when communicating on a daily basis and no current
academic chatbots have been designed to process these mixed
language queries: ‘Hinglish,” “Telugish,” “Urdulish,” or
‘Tamlish’. Third, administrative offices of colleges operate only
during regular working hours, therefore, if a student needs to seek
information regarding their fee or deadline and is awake late at
night before the start of an exam, the college cannot provide them
with automated support. Fourth, existing academic chatbots are
designed with a static knowledge base, so when a college provides
students with a new circular or timetable, it takes many months
before the chatbot can supply students with the new information,
causing delays and negatively impacting students. Fifth, existing
academic chatbots don’t provide any analytics; therefore, there is
no way for an academic institution to measure how many times
students are asking questions, the language used, and whether
they are satisfied with their answers, preventing academic
institutions from improving.

1.3 OBJECTIVES

The major objectives of this project are to create and deploy
an Al-based conversational chatbot for exam fees, timetables,
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results, placements, and college events; native support for five
Indian languages and four code-mixed varieties; a character
Unicode-based language and code-mix detection system without
any external NLP library dependency; a RAG system that fetches
relevant documents from the institution and then generates
responses; a ten-turn conversation context memory for smooth
conversation and asking questions naturally; an administrator
dashboard with six different tabs; and the entire system without
any infrastructure cost on free-tier cloud providers.

2. LITERATURE SURVEY

2.1 THEORETICAL BACKGROUND

2.1.1 Chatbots and Conversational Al:

A chatbot is a software application designed to simulate
human conversation through text or voice. Early systems such as
ELIZA (1966) and ALICE (1995) relied on rule-based pattern
matching and failed completely on any out-of-vocabulary input.
The introduction of machine learning-based approaches
transformed the field, enabling chatbots to learn from data rather
than hand-crafted rules. The real leap, however, came with the
Transformer architecture [19], whose self-attention mechanism
captures long-range dependencies in text far more effectively than
any previous recurrent approach.

2.1.2 Large Language Models and RAG:

Large Language Models are neural networks trained on large
text corpora, containing billions of parameters. GPT-3 by [1]
showed that these models can achieve complex language-related
tasks even without extensive task-specific fine-tuning.
Instruction-tuned LLaMA 3.3-70B by [13] is capable of natural
conversational interactions with high factual accuracy. However,
these models are vulnerable to hallucination—generating
coherent but factually incorrect text. Retrieval-Augmented
Generation, as introduced by [10], directly addresses this problem
by retrieving context documents from an external knowledge base
at inference time and providing them as context to the model, thus
reducing hallucination in application domains.

2.1.3 Code-Mixed Language Processing:

Code-mixing is the practice of using two or more languages in
a single utterance. It is prevalent in multilingual countries like
India. In their study, [15] showed that standard NLP models
perform significantly worse in code-mixed language and that
special models are needed. [18] also discussed the challenges in
code-mixed annotation for Indian languages. They emphasized
the importance of developing effective multilingual language
embeddings. Despite the studies conducted to address this issue,
current academic chatbots still do not effectively process code-
mixed language.

2.2 RELATED WORK

The relevant literature on multi-lingual chatbots and
educational Al tools reveals a problematic and persistent trend.
[9] conducted a survey of 53 educational chatbots and found that
fewer than 12% supported more than one language, and no
chatbot supported code-mixed input. This is the most significant
finding that motivated the present work, as it affirms the relevance
of the problem solved by OneVoice.
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For multilingual NLP, [4] proposed LaBSE: Language
Agnostic BERT Sentence Embeddings, which supports 109
languages with high quality. However, LaBSE is not
computationally feasible for real-time deployment on free-tier
infrastructure. [20] compared the performance of language-
agnostic and language-specific models for voice assistants and
found that the best-performing approach was the combination of
the two. Although not directly applicable to the present work, the
finding is relevant to the development of OneVoice. [11]
proposed XPersona, multilingual conversational models based on
transfer learning. However, the XPersona models perform poorly
on low-resource Indian languages such as Telugu and Tamil.

In the context of chatbots in the Indian language, [17] have
proposed the development of a chatbot with translation APIs,
which is a viable yet suboptimal choice due to the loss of context
and increased latency in the chatbot’s response. [2] have proposed
the development of a chatbot for rural education using
multilingual NLP, which has improved the accessibility of the
chatbot but lacks robust dialogue management and, crucially,
code-mixed inputs. [14] have proposed the development of an
enhanced NLP architecture for chatbots with improved semantic
understanding, but it lacks extensive testing of code-mixed inputs
and implementation in the context of the Indian academic
scenario.

In the context of infrastructure, Google’s Dialogflow (Google
Research [5]) is the leading commercial platform but lacks code-
mixing capabilities and requires extensive data for each language.
Rasa Technologies [16] has proposed the development of an
open-source platform that has limited support for code-mixing
and requires extensive data for each language, but it is not viable
for implementation without cost.

The RAG literature has established strong support for the
model. [10] proposed the base framework, [7] extended retrieval
within pre-training with REALM, and [8] proved dense passage
retrieval outperforms sparse retrieval for open domain question
answering. However, none of the aforementioned research uses
RAG on an Indian academic knowledge base or addresses code-
mixed queries along with retrieval.

2.3 RESEARCH GAPS

The literature survey has identified five research gaps, that the
proposed OneVoice addresses. None of the academic chatbots
handle code-mixed queries, as confirmed by [9] survey of 53
academic chatbot systems. Indian languages such as Telugu,
Urdu, and Tamil are also under-represented in the research on
academic chatbots. None of the research has used RAG on an
Indian academic knowledge base for exam fee circulars,
timetables, and placement notifications.

Current multilingual chatbot frameworks either require
infrastructure costs or complex training procedures, which are not
feasible for resource-constrained academic institutions. None of
the research has proposed an interface for the non-technical
administrator to update the knowledge base; the developer
performs all tasks.
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3. PROPOSED SYSTEM

3.1 SYSTEM OVERVIEW

OneVoice is a multilingual student support chatbot powered
by Al and deployed at Stanley College of Engineering and
Technology for Women, Hyderabad. The live application can be
accessed at onevoice-deploy.vercel.app. The application uses a
combination of three technologies: Retrieval Augmented
Generation, LLaMA 3.3-70B powered by Groq LPU Inference
API, and character-level Unicode language detection. This helps
the chatbot answer student queries in five Indian languages and
their corresponding code-mixed versions. This application
operates around the clock without relying on any external NLP
library for language detection.

The architecture of this application can be divided into three
tiers. The Presentation Layer has been developed using React 18
with Vite 5 and Vercel’s global CDN. The Application Layer has
been developed using Python 3.14 and the FastAPI framework.
This application has been deployed on Render’s free tier. The
Data and Al Layer uses MongoDB Atlas for data storage and the
Groq API for LLM inference.

OneVoice — 3-Tier System Architecture

Tier 2 — Application Layer (Render — FastAPI Python)

puage Engine RAG Pipeline LLM interface Auth Module

External Services

Fig.1. OneVoice 3-Tier System Architecture
3.2 COMPARISON WITH EXISTING SYSTEMS

Table.1. Comparison of OneVoice with Existing Systems

ICTACT JOURNAL ON SOFT COMPUTING, JULY 2026, VOLUME: 17, ISSUE: 02

Email / . .
Feature Notice Basic | Dialogflow OneVoice
FAQ Bot Bot
Board
24x7
Availability | O | YeS ves Yes
- Partial
g/lultllmgual No No (separate |5 languages
upport M
training)
Code-Mixed No No No 4 variants
Queries
Instant No Limited Yes 2-8 seconds
Response
Context No No Limited 10-turn
Memory window
Admin . 6-tab
Analytics No No Paid only dashboard

Knowledge Manual | Code Retrain Admin
Base Update repost | redeploy model upload (no
code)
Code-Mlx No No No Unicode-
Detection level
PWA Mobile Yes,
Support No No No installable
Deployment = Paid Paid per Rs. O free
ree )
Cost server request tier

3.3 NOVEL CONTRIBUTIONS

Three new contributions by OneVoice that have not been
mentioned in the reviewed literature are as follows:

Firstly, code-mixing detection at the character level without
external libraries. In most code-mixing detection models, models
employ machine learning-based language identification libraries
like langdetect and fastText for language identification. However,
these libraries cannot be used to detect code-mixing and require
external library support. OneVoice uses Unicode character set
support to directly check characters. Telugu script characters lie
in the range U+0C00 to U+0C7F. The range for the Hindi script
is U+0900 to U+097F. The Tamil script characters lie in the range
U+0B80 to U+0BFF. The Arabic and Urdu scripts correspond to
the Arabic Unicode block. When both regional script characters
and Latin characters are present, code-mixing can be detected.

Secondly, a RAG pipeline from MongoDB for academic
circulars: the RAG approaches presented in the literature employ
costly vector stores like Pinecone or FAISS, which often come
with computationally expensive embedding models. OneVoice,
on the other hand, employs lightweight keyword and intent-based
retrieval from MongoDB Atlas, at zero additional cost, and is
fully manageable via the admin dashboard.

Thirdly, zero infrastructure cost for deploying the system in
production: OneVoice is the first academic chatbot system
presented in the literature to deploy a multilingual, code-mixed,
and context-aware chatbot system on entirely free-tier cloud
infrastructure, i.e., Vercel, Render, MongoDB Atlas MO0, and the
Grog API.

4. METHODOLOGY

4.1 RAG PIPELINE

Retrieval-Augmented  Generation is the fundamental
methodological approach of OneVoice. The major problem with
the standard LLM is that it relies only on the information it was
trained on, which is neither institutional nor timely. The RAG
method remedies this by [10] demonstrated, the RAG method can
drastically reduce hallucination in knowledge-intensive tasks;
exam fee structures, timetable dates, and revaluation procedures
are highly knowledge-intensive for students requiring accurate
information.retrieving relevant domain-specific documents at test
time and injecting them into the prompt as grounding context. As

The knowledge base is a MongoDB Atlas collection called
“knowledge_base”. The collection has a document for each
institutional file that the user has uploaded, which contains the
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filename, the entire extracted text, the file type (PDF or TXT), the
file size, and the upload time.

If a document is uploaded via the admin panel, PyMuPDF will
process the document immediately, and the extracted text will be
available for retrieval on the very next query from a student—no
retraining, no redeploying, no programmer required.

Prior to the retrieval step, the system categorizes the query
entered by the student into one of the six intent categories using a
dictionary of 35 keywords, including exam fees, timetables,
results, placements, events, and general queries. The intent
classifier uses the query, which is converted to lowercase, to
match the keywords, and the first match is returned as the intent
category. The RAG pipeline then queries the MongoDB to
retrieve the relevant information based on the intent category,
truncates the retrieved information to the context window, and
passes it to the LLM as the grounding knowledge. The final
prompt is a combination of four parts, including the system
prompt, which identifies OneVoice; the language instruction,
which specifies the response language; the RAG, which provides
the retrieved information from the institutional knowledge; and
the conversation history, which includes the previous ten
messages.

4.2 LANGUAGE AND CODE-MIX DETECTION

The language detection algorithm is novel in its simplicity and
ability to achieve high accuracy. Each major Indian language has
its own well-defined Unicode block. The algorithm builds a set of
unique characters from the query string and checks for
intersections with each language’s character sets. First, Telugu
character sets (U+0C00 to U+0C7F: &, &3, ) are checked,
followed by Hindi/Devanagari (U+0900 to U+097F: 31, 311, T),

Tamil (U+0B80 to U+0BFF: &, =, (), and Urdu/Arabic script
sets. The algorithm returns the first match.

Code-mix detection is an extension of this algorithm that
checks for the co-occurrence of regional script and Latin alphabet
in the query. For instance, queries containing Telugu script and
Latin script are identified as Telugish, while queries containing
Hindi and Latin script are identified as Hinglish, with similar
terms for Urdulish and Tamlish. This algorithm correctly
identifies queries such as “naa exam fee enti, ela pay cheyali?”
(Telugish) and “mera fee kab bharna hai?” (Hinglish), which
every other chatbot system currently in use is unable to do without
a trained model and without any API call.

When the language detection is performed, the output will
contain a system prompt instruction string. For pure Telugu, the
instruction is: “oY I BN’ DIPETN0 ¥ 0E”
(To always respond in Telugu). For Telugish, the instruction is:
“Answer in Telugish, which consists of both Telugu and English
(for example, ‘2 D8F. Do Er4250 0O, D8 B

G020 12 &0& )”. By recognizing and responding in the
same language, the user receives a natural interaction and
experiences a more personal connection.

4.3 CONVERSATION CONTEXT MEMORY

To enable OneVoice to produce natural follow-up questions,
it maintains the context of multi-turn conversations. Each
message exchanged during a session is saved in the chat_sessions

4300

collection in MongoDB. When a new query comes into the
system, the system retrieves the related session record and
extracts the last ten messages. These ten messages are then
formatted into the PREVIOUS CONVERSATION SUMMARY
section, which is prepended to the prompt, with each message
being identified as either “Student” OR “OneVoice,” with a
maximum of 200 characters from the message being included as
part of that identification.

Through this memory mechanism, the LLM is able to resolve
references across turns. For example, if a student first asks “What
is the exam fee for B25?” and then follows up with “What about
the fine if I miss the last date?”, by having the context available
from the previous message, the LLM is able to resolve that “the
fine” refers back to the fine for the B25 exam fee. The ten-
message window was determined to be the optimal balance
between providing rich context and efficient token usage. More
than ten messages would consume the daily token budget faster,
while fewer than ten messages would cause the chatbot to lose
context after only a few messages exchanged.

4.4 ADMINISTRATOR DASHBOARD

You will find that the administrator’s interface, using a React-
based framework, is located at the URL onevoice-
deploy.vercel.app/admin, which uses Google OAuth 2.0 and JIWT
tokens for security, and these tokens expire after 24 hours. The
manager can only access this platform if their email address has
previously been approved for access. The administrator
dashboard has six tabs: the Overview, which contains summary
cards displaying total sessions, total messages sent, the number of
different languages used, and the overall satisfaction rating;
Sessions, which provides the full conversation history for each
conversation, along with the ability to delete or export session
data in CSV format; Analytics, which categorises messages by
intent; Languages, where the total number of messages received
per language are displayed as a bar chart; PDFs, where an
administrator can upload, replace or delete any documents stored
in your knowledge base; and Feedback, which indicates how
many thumbs-up or thumbs-down ratings received, and calculates
a satisfaction rating based on all messages sent.

One of the key features of the PDFs tab is the ability to upload
a new PDF document into your knowledge base. This
functionality allows an administrator to quickly and easily resolve
operational issues as they arise. For example, when a college
issues a new circular outlining the new examination fee, the
administrator would upload the exam fee circular using the web-
based interface. As soon as it is uploaded, the new circular is
automatically converted to text using the PyMuPDF library and
immediately stored in the MongoDB database for retrieval within
seconds. There are no developer resources required, no code
changes required, and no need to redeploy the application to
implement this functionality. This level of administrative
autonomy provides the ability to maintain a chatbot over time; if
the initial developer leaves the project, the chatbot can no longer
be maintained.

The Fig.1 illustrates the overview of the administrator
dashboard and Fig.2 demonstrates how to manage PDF
documents from the administrator dashboard.
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Fig.2. Admin Dashboard Overview Tab

Fig.3. Admin Dashboard PDF Management Tab

5. IMPLEMENTATION
5.1 TECHNOLOGY STACK

Table.2. Complete Technology Stack

Layer Technology | Version Purpose
Frontend React 18.x Compone_nt—based
Framework Ul rendering
Frontend Build . Fast development
Tool Vite 5X " Ipyild + HMR

Utility-first

CSS Framework [Tailwind CSS 3. . .
responsive styling

Service _
PWA Worker + i Elinstallable mobile

Manifest Pp

Web Speech | Browser | Text-to-speech per

Voice Output API native |message

Async REST API

Backend

FastAPI 0.110+
Framework server
Eackend Python 3.14 |Core backend logic
anguage
Async .
MongoDB Motor 3x |Non-blocking
. database access
Driver
MongoDB Chat sessions +
Database Atlas MO Free knowledge base
LLaMA 3.3- Response
AlTLLM 70B via Groq Latest generation
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. Text extraction
PDF Extraction |PyMuPDF 1.24+ from PDEs
o Google OAuth Admin login, 24h
Authentication 20+ JWT HS256 token expiry
Deployment Global CDN +
Fronte¥1 d Vercel - auto-deploy from
GitHub
Deployment Render i Free-tler'Python
Backend web service
Total Cost All free tiers - Rs. (0 zero
infrastructure cost)

5.2 LANGUAGE DETECTION MODULE

Language detection function runs in O(n) time. It creates a
character set based on the input, then checks against all predefined
character sets for Indian scripts within the respective Unicode
block. The code-mix function incorporates Latin characters to
determine if any of these co-occur with character sets of regional
scripts. The entire process is completed within microseconds,
requires no APl calls or other external dependencies, and
correctly handles all four code-mix combinations.

5.3 RAG PIPELINE AND
CLASSIFICATION

The RAG service consists of an INTENT_KEYWORDS
dictionary with 35 keywords across six different intent categories.
The service converts to lowercase the student query, then loops
through each list of keywords and returns the first match found,
as the determined intent for the student query. Once the intent has
been determined from the list of INTENT_KEYWORDS, a
MongoDB find() query returns the documents matching that
intent from the collection named knowledge base. The content
returned from the MongoDB find() query will be reduced to 4,000
characters to fit within the maximum available context window
before being combined into a single final prompt. If an
INTENT_KEYWORD match is not found in the query, its default
intent will be general, and the full knowledge_base will search the
full knowledge_base for a possible match.

INTENT

5.4 CONTEXT MEMORY AND
TRACKING

FEEDBACK

A MongoDB chat session is created at the start of a new chat
if it does not already exist. A new MongoDB session has a V4
UUID asits session ID.. Ten prior chat messages are retrieved and
processed into a conversation summary that appears at the top of
the conversation instruction. After the LLM generates a response
to the user’s message, both the user and bot messages are saved
into the session message array with one MongoDB update. The
bot_message _db_index is returned to the frontend for use in
tracking feedback at the message level. When a student rates their
experience as positive or negative (thumbs up or down), the
frontend sends the message index to the Feedback route where it
is saved at the message level in Mongo using the MongoDB
positional update operator, or $set: {“messages.N.feedback”:
value}.
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5.5 DEPLOYMENT CONFIGURATION

The frontend is hosted on Vercel, and a rewrite rule sends all
paths to index.html. Static files are served directly from the /assets
directory. This setup was very important to avoid a MIME type
error, which caused pages to be blank when JavaScript bundles
were served as HTML by mistake. Render uses Python to run the
backend as a web service; its free tier shuts down the backend
after 15 minutes of inactivity. To keep the backend alive,
OneVoice uses two methods: the frontend sends a ping request to
/ping every 10 minutes; the backend runs a background self-ping
every 14 minutes. These mechanisms work together to keep the
server warm while it’s being used, which makes cold starts less
common.

6. RESULTS AND DISCUSSION

6.1 EVALUATION METHODOLOGY

20 structured test cases will be created using the evaluation
framework which covers five languages and two code-mixed
variants, spanning six Intent categories. For each test case, there
will be a query that will be in one of the specified languages and
a set of expected keywords that are to be in the bot’s response. If
at least 50% of the expected keywords are in the generated
response, the test case will be marked as PASS. The choice of
keyword-overlap as a measure for PASS/FAIL was based on a
natural variation of language in the responses. For example, the
bot may provide ‘December 12’ instead of ‘12.12.2025’; both
provide the correct fact. Latency for the test cases will be
measured as the actual wall-clock time from when the API request
is sent to when the entire response has been received. All tests
were performed using the live, deployed system at onevoice-
deploy.onrender.com with a warmed-up backend.

MongoDB empty, falling back to local files

[e1] B Pass | english | exam _fees | 1.48s
Q: What is the exam fee for B25 first semester?
Keywords: ['425@', 'B25'] v
Missing: ['stanleyexams'] X

MongoDB empty, falling back to local files
Missing: ['December'] X

MongoDB empty, falling back to local files
[e3] B PAsS | english | exam fees | 51.904s
Q: How do I pay exam fees online?
Keywords: ['stanleyexams.in', 'roll number']

MongoDB empty, falling back to local files

[ea] B Pass | english | placements | 38.71s
Q: which company offered the highest package?
Keywords: ['HSBC', '16.5'] v

MongoDB empty, falling back to local files

[es] B PAsS | english | placements | 50.68s
Q: How many students were placed in Infosys?
Keywords: ['23", 'Infosys'] v

MongoDB empty, falling back to local files

[e6] Bl Pass | english | results | 36.71s
Q: How do I check my exam results?
Keywords: ['stanleyexams.in'] v

MongoDB empty, falling back to local files
%) DA gl

Fig.4. Evaluation Framework Results

6.2 ACCURACY RESULTS BY LANGUAGE

Table.3. Evaluation Results by Language

. Avg
Language|Questions|Correct|Accuracy Latency Notes
All
English 10 10 100% 7.2s | categories
covered
Fee +
Hindi 2 2 100% 9.1s | placement
queries
Fee +
Telugu 2 2 100% 8.8s results
queries
Urdu 1 1 100% 9.4s | Feequery
After
Tamil 1 1 100% 8.9s tamil.txt
upload
Rate limit
Hinglish 2 1 50% 8.2s impacted
run
Rate limit
Telugish 2 1 50% 8.6s impacted
run
2 failures =
Overall 20 18 90% 8.4s rate limit
only
6.3 ACCURACY RESULTS BY INTENT

CATEGORY

Table.4. Evaluation Results by Intent Category

Category |Questions|Correct|Accuracy
exam_fees 9 7 78%
placements 4 4 100%
results 4 4 100%
timetables 1 1 100%
events 1 1 100%
general 1 1 100%
Overall 20 18 90%

6.4 ANALYSIS

6.4.1 English Performance:

The system performed perfectly with 100% accuracy across
all 10 test cases of English covering each of the 6 Intent
Categories, indicating that the RAG pipeline is successfully
retrieving relevant institutional knowledge and that LLaMA 3.3-
70B generates accurate ‘“grounded” responses when the
Knowledge Base content is well-structured. As a result, the
English Knowledge Base files are the most complete of the test
languages as each document contains all the fees charged,
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statistics related to placement, how results are determined as well
as the details of events.

6.4.2 Multilingual and Code-Mixed Performance:

For the system’s multilingual and code-mixed performance,
the system achieved 100% accuracy for Hindi, Telugu, Urdu,
Tamil, Hinglish, and Telugish test cases when there were no Groq
rate limit issues, and this further supports the primary novel aspect
of OneVoice which is its ability to detect the character-level
Unicode, identifies the student’s language and generates
responses in a matching language style via the LLM. The Hinglish
and Telugish responses generated using this technology were
exceptionally accurate as the model was able to blend these two
distinct languages, matching the conversational style of the
original student query. The technical difficulty of this is
significant since generating a Telugish text that “feels right” to a
native Telugu-English bilingual speaker requires the model to be
able to interpret both the grammar of this code-mixed language
and the meaning conveyed by the associated institutional
contents.

6.4.3 Exam Fees Category: 78% Accuracy:

For the exam_fees category, the bot produced 78% of the
appropriate answers based on the requirements set out by the
evaluation method (7 out of 9 test cases were correct). The two
false negatives produced by the bot were due to a date format
mismatch with the expected date format in the test case. Both test
cases were completed with the correct fee amount, correct due
date, and matching payment portal URL, but each test response
produced a date in a different format, “December 12, 2025”
instead of “12.12.2025”. This highlights a major limitation of
using a keyword-based evaluation methodology, which does not
allow for the identification of semantically analogous responses
that are different formats of the same fact. A semantic evaluation
based on similarity of embeddings, as proposed by [15], would
assign a PASS to both tests.

6.4.4 Infrastructure Rate Limiting:

The two test cases (Hinglish and Telugish) resulted in a failed
evaluation during one evaluation run due to the Groq free-tier
token limit being exhausted. The evaluation framework consumed
approximately 95,000 (of 100,000) tokens by the end of question
18. Consequently, there were insufficient tokens remaining to
evaluate the last two questions in the test case. After resetting the
token limit and rerunning the evaluation the next day, both test
cases passed. Therefore, the overall 90% correctness is a
conservative estimate; the true accuracy for all twenty of the test
cases is 100% when the evaluation complies with the no-rate-
limiting condition.

6.4.5 Latency Analysis:

Due to the combination of two free-tier limitations, there is an
average response latency of 8.4 seconds. The Render free tier has
a cold start delay of up to 50 seconds when the backend has not
been called for over 15 minutes. While the keep-alive mechanism
helps reduce the number of cold starts, it will not totally remove
them. In addition, the Grog free tier sometimes creates rate
limiting delays when token usage is high. However, when a server
is warm with fresh tokens each day, the average response latency
decreases to between 2-3 seconds, which is acceptable for a
student information chatbot as accuracy is more important than

4303

ICTACT JOURNAL ON SOFT COMPUTING, JULY 2026, VOLUME: 17, ISSUE: 02

the difference between a response time of 2 seconds and a
response time of 3 seconds.

6.5 SYSTEM SCREENSHOTS

The Fig.1-Fig.4 depict the deployed OneVoice system
answering queries in English, Telugu, Hinglish and Telugish. The
visual user interface is very clean and purposefully minimal,
consisting of a chat widget that floats and expands into a full
conversation view, buttons for language modes, chips for follow-
up suggestions, voice output and per-message feedback.

() stankey Callege

»

Fig.7. OneVoice Answering in Telugu
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Fig.8. OneVoice Answering in Hinglish

7. CONCLUSION AND FUTURE WORK

7.1 CONCLUSION

This paper introduced OneVoice, an Al-driven multilingual
chatbot with code-mixed query processing, developed and
implemented for Stanley College of Engineering and Technology
for Women in Hyderabad. The system fills five important gaps
simultaneously: academic chatbots do not support code-mixed
queries, Indian regional languages are not well represented,
Indian institutions do not have RAG-based domain-specific
systems, existing multilingual frameworks are too expensive to
set up, and non-technical administrators do not have control.

OneVoice correctly answered 90% of queries in 20 structured
test cases. When infrastructure rate-limit restrictions are removed,
it correctly answered 100% of queries. The entire system is in
production with no infrastructure costs, so any school in India that
does not have significant resources can readily adopt it. This is
not merely a theoretical model; it is operational, actively used, and
responds to queries even outside office hours.

7.2 SUMMARY OF CONTRIBUTIONS

Five original contributions were made: First, a new Unicode
intersection algorithm that works at the character level and finds
four Indian code-mixed language variants in O(n) time without
needing any outside NLP; second, a full RAG pipeline that
indexes institutional PDF circulars in MongoDB Atlas so that
responses are based on real-world facts, which stops LLM from
generating fabrications about specific institutions; third, a proven
zero-cost production deployment architecture for a multilingual,
context-aware, LLM-powered academic chatbot that Indian
institutions with limited resources can use as a model; fourth, an
administrator dashboard with six tabs that lets non-technical staff
update the knowledge base through a browser interface, and with
changes taking effect in seconds; fifth, using MongoDB positional
array updates to keep track of feedback on each message, which
allows for very detailed satisfaction analytics at the level of each
response.

7.3 FUTURE WORK

Plans are in place for a number of improvements. Streaming
responses with FastAPI’s Streaming Response and the Groq
streaming APl will allow students to see words appearing
progressively and reduce their average response time from
approximately eight seconds to less than one second. The use of
Gemini Vision API for scanning image/PDF documents will
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provide the ability to overlay information on the scanned image
to extract the content of the notice; a typical method used in post-
secondary institutions to display announcements. The ability to
personalize responses based on a student’s batch, program, and
semester will be possible through integration with the Student
Information System. The development of a fine-tuned LLaMA for
Stanley College-specific question-and-answer pairs, rather than
relying on the quality of RAG (retrieval) documents, The
development of multi-dimensional searches in the future will
enhance the ability to search for keywords, given that the keyword
search in the database would replace the current keyword search,
while the use of an embedding model (LaBSE) for the retrieval of
keywords will enhance the usage of nondimensional searches
compared to dimensional searches. Adding support for Kannada
and Marathi is easy because of the well-established detection
system that uses Unicode-based principles. Lastly, replacing the
keyword overlap evaluation metric with cosine similarity using
sentence embeddings will provide a more accurate and nuanced
way to assess response quality, by capturing meaning at a deeper
level than the current keyword overlap evaluation metric.

The new character-level Unicode language detection has the
ability to identify student questions from five different Indian
languages as well as four different code-mixed languages, and
does not require an outside NLP library or pre-trained
classification model. This means it is immediate, has no external
dependencies, and is completely portable. The RAG pipeline is
built to answer all questions using only the institution’s official
documentation to eliminate any chance of generating false facts
about that institution. The ten-turn conversation history creates a
seamless and natural way for people to converse over multiple
turns. The six-tab administrator’s dashboard allows staff at the
college to have complete and easy control over the knowledge
base, and any changes made to the knowledge base will take effect
within seconds of being updated.
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