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ABSTRACT

This project presents a complete pipeline for translating Romanized Nepali queries into
English and retrieving the most relevant news articles using a fine-tuned mBART model called
NLTTA and BM25 retrieval algorithm. We fine-tuned the multilingual mBART model on a
parallel corpus of Romanized Nepali and English sentences to enhance its translation accuracy
for Romanized (transliterated) languages, low-resource language input. The fine-tuned model
is deployed via a Django-based REST API for backend and NextJS for frontend, which serves
translation functionality in real time. Once a Romanized Nepali query is translated into
English, the system applies the BM25 ranking algorithm on a pre-indexed English news
database to retrieve and rank the most relevant articles based on the query. This hybrid system
bridges the linguistic gap for Nepali speakers, allowing effective English news search and
information access through a robust combination of neural translation and probabilistic

information retrieval.

Keywords: BM25, mBART, Neural Translation, pre-indexed, Probabilistic retrieval,
REST API1
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CHAPTER 1: INTRODUCTION

1.1 Introduction

In Nepal, many people commonly communicate using a mixture of Nepali (both in Devanagari
and Romanized scripts) and English, especially in informal digital contexts such as chatting,
searching, and social media. Nepali is spoken by over 33 million people worldwide including
both native and second-language speakers. However, most existing digital platforms and
search engines are not designed to understand such code-mixed or informal queries. This
creates a significant barrier for many users, especially those who are partially literate or not

fluent in English. Thus, making accessing relevant and meaningful information online a hassle.

Neural machine translation (NMT) [1] is known to give state-of-the-art translations for a
variety of language pairs. NMT is known to perform poorly for language pairs for which
parallel corpora are scarce. This happens due to lack of translation knowledge as well as due
to overfitting which is inevitable in a low-resource setting. Fortunately, transfer learning via
cross-lingual transfer [2] can significantly improve translation quality in a low-resource

situation.

To address this challenge, we introduce NLTTA (Nepali Language Translation and
Transliteration Automation), a deep learning-based text understanding model specifically
designed to process Nepali language in both Devanagari and Romanized forms, as well as
mixed English-Nepali inputs. NLITA can transliterate Devanagari to Romanized Nepali
translate text between Nepali and English, and understand informal, chat-style user inputs. The
system aims to improve digital accessibility and enhance the usability of applications such as
news search engines or product search on E-commerce sites for Nepali users. Through the
integrating of this translation and transliteration system, the news platform delivers more
accurate and inclusive search results, enhancing user experience and accessibility for a

multilingual audience.

1.2 Problem Statement

In Nepal, a significant portion of the population is only partially literate or has limited fluency

in English. As a result, many users rely on informal communication using Romanized Nepali



(e.g., “sansad” > “parliament”, “@mafa > “scholarship”) or mix English with Nepali while

typing. Unfortunately, current search engines and digital systems are not equipped to

understand these types of informal or bilingual inputs.
This leads to several problems:

e Users receive irrelevant or no results when using Romanized or mixed-language
queries.
e Nepali-speaking users face difficulty in accessing online information effectively.
e People with low English proficiency are digitally excluded.
Therefore, there is a strong need for a system that can:

e Understand both Devanagari and Romanized Nepali.
e Accurately transliterate and translate between Nepali and English.
e Handle informal inputs to return relevant results.

1.3 Objectives

This project aims to develop a model that understands Nepali in both Devanagari and
Romanized scripts, handles informal mixed-language inputs, and improves access to digital
content for users with limited English proficiency and integrate it with a web application for

searching news contents.
The main objectives of this project are:

e To fine tune mBART model that can understand and process text in Nepali (both
Devanagari and Romanized forms).

e To integrate this system into a news search application that allows users to search using
natural, informal Nepali.

e To implement BM25 algorithm to retrieve the most relevant news.

1.4 Scope and Limitation

NLTTA model addresses a critical linguistic barrier in Nepal by enabling users to interact with
digital systems using Devanagari Nepali, Romanized Nepali, and mixed-language (English-
Nepali) inputs. It allows users especially those with limited English proficiency or partial
literacy to search and access content more effectively, making it particularly impactful in rural
communities. The system is designed to process informal, chat-style inputs and return accurate

translations and relevant news results. NLTTA can be integrated into various domains like news



search platforms, e-commerce, and public service portals. In the developing digitization of
Nepal, NLTTA ensures inclusive access to information and enhances digital participation for a

broader population segment.
The limitations of the project may include:

e The system’s translation accuracy relies on the quality and diversity of the training
corpus, which may need further enhancement to fully support complex informal
expressions.

e Real-time performance may be limited in low-bandwidth areas, especially during
model inference or API communication.

e Romanized Nepali lacks standardization, which can introduce variability and
challenges in accurately interpreting user intent.

e The fine-tuned models, while effective, require ongoing updates and domain-specific

tuning to maintain relevance and accuracy over time.

1.5 Development Methodologies

The development of the NLTTA followed the Agile methodology, a flexible and iterative
approach that supports frequent feedback and continuous improvement. Unlike traditional
models, Agile allows adapting to evolving requirements, which was crucial for this project
since accuracy, usability, and user feedback were essential for refining the system. This
approach was essential because it allowed the team to adapt to evolving requirements, focusing

on accuracy, useability and user feedback to refine the system effectively.

The process began with a two-week planning phase, where the project scope and main goals,
including the translation, transliteration, and a simple user interface design, were clearly
defined along with research on the model architecture. The subsequent twelve-week
development phase was divided into four sprints: the first sprint focused on scarping data to
build an appropriate dataset for training and testing whereas the second involved selecting and
fine tuning the chosen model. The third sprint was dedicated to designing the MySQL database
and building the BM25 retrieval system followed by the fourth sprint where all the components

were integrated into the web application. Finally, a two-week testing and documentation phase



was conducted, which included BLEU and BERT score evaluations and preparations of

comprehensive documentation to ensure easy use of the system.

1. Planning Phase 2. Development Phase (12 weeks) 3. Testing &
e Documentation

Sprint 1 Sprint 2
@& Scrape Dala & Select & Fine-tune
Q @? & Bulld Datesst mBART Model @{:)

* Defined project scope
* Translation & Translleliation « Conduct BLEU & BERT
« Simple Ul Format Score Tests
* Research Model Architecture * Prepare Final Documentatio
Sprint 3 Sprint 4
= Design MySQL DB & Integrate Everything
Q> &BM25 Retrieval with Web App

Figure 1.1: Agile Development Process of NLTTA

Due to the complexity of the application the development process took a lot of refinement of
the previous process and collaborative building of different components. Thus, agile
methodology was selected as it allowed the best implementation of parallel development

through different sprints.

1.6 Report Organization

This report is structured into six comprehensive chapters that collectively document the design,
development, and evaluation of the NLLTA system. This report is structured into six
comprehensive chapters that collectively document the design, development, and evaluation
of the Nepali Language Translation and Transliteration Automation (NLLTA) system. The
Chapter 1, Introduction, contains the problem statement, objectives, scope, limitations,
methodologies and the significance of developing a robust translation and transliteration
system for the Nepali language. Similarly, the Chapter 2, consists of the background and the

literature review of this report. This chapter details the development of others in the field of



this exact problem or similar opportunities and the possibilities for NLTTA based on lesson
learned from others. The Chapter 3, consists of functional and non-functional requirements,
feasibility study and use case analysis. This chapter shows the main features of NLTTA
provides and how the users interact with the system. In addition, Chapter 4, focuses on the
system’s architecture, module decomposition, database schema, workflow diagrams, user
interface design considerations and algorithm design for translation and retrieval. The chapter
takes a deep dive into how different components are built and how they all work other to make
NLTTA an efficient system. Likewise, Chapter 5, outlines the development environment,
tools, and frameworks used along with different testing approaches. It goes in depth of the tests
done and the metrics used to evaluate the performance of NLTTA with respect to other systems.
The final Chapter 6, summarizes the key outcomes, reflects on the effectiveness of the
developed system, and highlights possible improvements and research directions. It focuses on
what the current system lacks and how the future versions of NLTTA or similar projects can

perform even better.

The final part of the report consists of References and Appendices. The references are listed
in accordance to the IEEE referencing standards and the Appendices includes the screenshots

of the system and the major source code snippets.



CHAPTER 2: BACKGROUND STUDY AND LITERATURE
REVIEW

2.1 Background Study

The development of the web application for retrieving by translation of Romanized and mixed

Nepali involves several fundamental theories, concepts, and terminologies. These include:

2.1.1 Deep Learning:

DL is a subset of machine learning that uses neural networks with multiple layers to model and
understand complex patterns in data. From the many deep learning models, we are using
transformer architectures for translating Nepali and handling mixed-language queries. These
models learn contextual relationships across words and scripts, enabling more accurate

translations and understanding of informal inputs.

2.1.2 Transformers:

Transformers are a deep learning architecture based on self-attention mechanisms. Unlike
earlier sequential models like RNNs, transformers process entire sequences in parallel,
capturing long-range dependencies and contextual relationships efficiently. It excels in
sequence-to-sequence tasks like translation and text generation by capturing relationships

between elements in a sequence.

2.1.3 mBART:

mBART is a sequence-to-sequence language model developed by Facebook Al for multilingual
translation tasks. It is trained on multiple languages simultaneously and can handle translation
and text generation across diverse language pairs. mBART is foundationally built upon BART
model but using tags for support of different languages. It uses 12 layers of encoder and

decoder of the Transformer architecture.

2.1.4 Web Applications:

Web-based platforms that enable users to perform specific tasks through an internet browser.
They are highly accessible and scalable, making them ideal for deploying Al-powered tools to
users in remote areas. We are designing and launching the web application using Django

framework developed in Python programming language for backend and NextJS for frontend.



2.1.5 BM25:

BM25 is a ranking algorithm used in information retrieval to determine the relevance of
documents to a given search query. It improves upon earlier models like TF-IDF by considering
term frequency saturation and document length normalization, making it highly effective for
ranking search results. BM25 recognizes that the impact of term frequency plateaus after a
certain point. Adding more occurrences of a term doesn’t proportionally increase the

document’s relevance score.

2.2 Literature Review

Processing bilingual or code-mixed languages such as Nepali and English presents significant
challenges, especially due to the low-resource nature of the Nepali language. Various works
have attempted to address similar challenges in related languages, particularly in South Asian

contexts, using transformer-based models and multilingual pre-training approaches.

One of the most relevant works is MuRIL [2], was developed using a transformer-based
language model tailored for Indian languages including Hindi, Tamil, and others. It used
transliterated Roman script data along with native script data to improve understanding across
diverse linguistic forms. This is directly relevant to the work on Nepali, where Romanized
Nepali is common in informal contexts. MuRIL demonstrated that pre-training using both
native and Romanized scripts significantly enhances downstream task performance, especially

for sentiment analysis and question answering.

mBART [3] introduced a sequence-to-sequence pre-trained model for multilingual translation
tasks. This model enabled better cross-lingual understanding and translation by using a
denoising objective during pre-training. Its ability to generalize across language pairs without
requiring large parallel datasets made it suitable for low-resource language applications like

Nepali-English.

The SentencePiece tokenizer [4], is a language-agnostic subword tokenizer that enables better
vocabulary representation in neural machine translation systems. This is especially important
for morphologically rich and agglutinative languages such as Nepali, where word-level

tokenization can be inefficient.



Transformers [5] serve as the base for all modern NLP models including BERT, mBART, and
MuRIL. Its attention mechanism allows models to capture long-range dependencies, essential

for effective translation and semantic understanding.

In terms of information retrieval, traditional methods like TF-IDF and BM25 have proven
effective in indexing and ranking documents. While neural methods like dense embeddings [6]
are gaining traction, in this project, we choose to implement TF-IDF due to its simplicity,
interpretability, and effectiveness in keyword-based document search. It enables fast and

relevant retrieval of news articles based on bilingual (translated and transliterated) user queries.

NepaliBERT [7], is a recent advancement that trained a masked language model specifically
on a Nepali corpus. While it focuses only on Devanagari script Nepali, it demonstrates the
effectiveness of fine-tuning transformer models on Nepali text. However, it does not handle
Romanized Nepali or bilingual input, which limits its application in real-world scenarios like

search or chat-based interfaces.

2.2.1 Key Insights for the Project

e The reviewed literature confirms that transformer-based models like mBART are
highly effective for multilingual tasks, particularly for low-resource languages when
fine-tuned on domain-specific datasets.

e Transformers capture context well: Their attention mechanism helps translate mixed or
informal bilingual inputs accurately.

e BM25 remains practical: Despite neural advances, BM25 offers fast, interpretable

document retrieval suitable for real-time search.

This review supports the feasibility of the proposed project and provides valuable insights for

overcoming potential challenges, ensuring the solution is practical and impactful.



CHAPTER 3: SYSTEM ANALYSIS
3.1Requirement Analysis

3.1.1 Functional Requirements

Functional requirements describe the core functionalities of the web application. Below are the

key functional requirements illustrated using a use case description.

H
<<include>>

Translate Text

<<include>>
V

!

V
End User <<include>>
'

Monitor Performance

View Results
7 f

!

Update Models

Manage System

<<include>> <<include>>

Update Database Update Weights

Figure 3.1 Use Case Diagram for Searching and Retrieval of Relevant News

The system should be able to provide users with the most relevant news according to their
queries in both Romanized Nepali and English. The process starts when users enter a query in

Romanized Nepali. The full retrieval process is dynamically set into motion the moment a user



enters a query in Romanized Nepali. The query then triggers the translation process to get the

proper English query.

This input immediately moves through a sophisticated, multi-stage pipeline: first, it passes
through the translation engine (like the NLTTA model) where it is converted into the target
language used by the document collection (e.g., English). Subsequently, the translated query
enters the ranking algorithm phase, typically utilizing the BM25 model, which calculates
relevance scores by comparing the query against all indexed news articles. Finally, the indexes
of the top-ranked documents are used in the database retrieval phase to quickly fetch the

complete articles from the database.

3.1.2. Non-Functional Requirements

Non-functional requirements describe the system’s overall qualities and constraints.

a. Performance: The system should process any query and provide relevant news within

3 seconds. The relevant news retrieved must have accuracy rate above 80%.

b. Scalability: The system should handle concurrent users and support the addition of

news updates along with model fine tuning for future.

c. Accessibility: The web application should be optimized for mobile devices and

available in multiple languages, including Nepali.

d. Usability: The interface should be user-friendly, requiring minimal technical

knowledge for operation.

e. Maintainability: The system should allow easy updates to the transformer model and

software components on both frontend and backend.

f. Connectivity: The application should function effectively in areas with limited

bandwidth by optimizing image uploads and system response times.

These requirements form the foundation for designing and implementing a robust, user-centric

disease detection system tailored for Nepalese farmers.
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3.2 Feasibility Analysis

3.2.1. Technical Feasibility

The project utilizes a transformer-based deep learning models such as mBART as the base,
which are known for handling cross-lingual tasks. These models will be fine-tuned on a Nepali-
English parallel corpus (extracted from Wikipedia dumps and semi-manually annotated
Romanized Nepali data). The biggest technical hurdle would be the resource to train such a
model which is solved by utilization of checkpoints saving. The checkpoint feature will allow
us to utilize Google Colab provided resources to train and test the model for parts of data

everyday over the period of the project.

3.2.2. Operational Feasibility

The translation model is deployed via an API in Python which is integrate into the news
searching platform. The API is developed in Python using Django framework, with the model
running on GPU-supported environments or CPU if the GPU memory is limited. The news

platform is made using Django for backend and NextJs for the frontend.

3.2.3. Economic Feasibility

The project aims to utilize freely and publicly available platform like Google Colab for training
compute and publicly available datasets, annotated semi-manually to minimize cost. The
project utilizes the pre-trained models thus making the cost of the project minimal. Any future

deployment could be scaled using cloud platforms like Azure.

3.2.4. Schedule Feasibility

The time allocated for the completion of this project was a whole semester. So, the project had
enough time for completion. The project includes training a LLM so it will take more time than
usual. The project is aimed to be completed within 4 months leaving a month of time as grace
period for unforeseeable circumstances. Hence, the project has been developed according to

the following time schedule to make our application schedule feasible:
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Table 3.1: Schedule Table

S.No. | Task Name Duration | Preceding Task
1 Literature Review and Data Collection 1 week 0
2 Preprocessing 1 week 1
3 Model Selection 1 week 2
4 Training and Fine Tuning 9 weeks 3
5 Web App Development 7 weeks 3
6 Document Indexing 3 weeks 5
7 API Development and Integration 2 weeks 4,6
8 Testing and Re-adjustment 1 week 7
9 Final Report and Documentation 1 week 8
Gantt Chart:
| 202504 202505 | 2025-06 202507
\ Task Name [ 1] 2 [ 371 4 5 ] 7 T e a0 Tl 3] 14 15T 16
Literature Review and Data Collecton |
Preprocessing e
Model Selection I
Training and Fine Tuning I
Web App Develapment |
Document Indexing ]
API Development and Integration ]
Testing and Re-adjustment |
Final Report and Documentation | ]

Figure 3.2: Gantt Chart of Time Schedule

3.3Dataset Description

The dataset consists of a combination of two databases. The first is a Devanagari Nepali and

English parallel corpus scrapped from the Wikipedia chunks and refining the publicly

distributed chunks by Wikipedia. The second dataset is a combination of open-source datasets

of parallel corpus of Devanagari Nepali and English. The Devanagari Nepali from the final

combined dataset of 40,000 samples is converted to Romanized Nepali using the

Transliteration module of NLTTA using rule-based Indic transliteration.

Our final dataset is the parallel corpus of Devanagari Nepali, Romanized Nepali and English

sentence consisting of about 40,000. The dataset was spilt 70% for training and 20% and 10%

for validation and test.




Dataset loaded successfully!
Total rows: 408688

Columns: ["Unnamed: @°, 'english_sent', "nepali_sent®, 'roman_sent']
Unnamed: @ english_sent nepali_sent roman_sent
0 0 It happened after the death of Saul, when Davi... Gldad HHIUHIcETs GUUR Uis fHew Tl 41 = dAUdale amAlekinarUIAI harAera pachi sikalaga ...
1 1 it happened on the third day, that behold, am... T T &1 U3l Wa- % fGeeran 318 @ taba tesro dinamA euTA JavAna sainika sikalaga...
2 2 David said to him, "Where do you come from?" H... THed s a1y, ot wEfare Y @9 . dAUdale tyasalAl sodhe, “timl kahA NbATa Ayau?..
3 3 David said to him, "How did it go? Please tell THET W, OIS H, WA UE 41, < dAUdale bhane, “malAl bhana, ke bhayo?” tyasal
4 4 David said to the young man who told him, "How... TTdHed OGS ¥, forda Fad o dAUdale tyasa sainikalAl bhane, *timlle kasarl...

Split Results:

Train set: 28000 rows (70.80%)
Validation set: 8006 rows (208.00%)
Test set: 4000 rows (10.00%)

Figure 3.3: Dataset Decomposition
3.4 Analysis

The application is developed using object-oriented approach.

3.4.1 Object Modeling Using Class Diagram

Class diagram in the UML is a type of static structure diagram that describes the structure of a
system, it shows system’s classes along with their attributes, operations and relationships
among objects. The system's architecture is defined by several interconnected Classes that

manage the translation, retrieval, and display of information.

The primary actors are the User and the Query class. The User class is responsible for handling
user interactions and triggers the translation processes upon entering a search query. This action
creates a Query object, which represents the user's original search text, its subsequent
translation, and encapsulates the actual translation operations. The core language processing is
managed by the Translator class, which is responsible for text normalization, tokenization, and
translating the incoming text into English. Crucially, each Query is processed by one Translator

for these operations.

For information storage and retrieval, the system utilizes the Feed and FeedItem classes. The
Feed class represents content collections in different languages and handles their metadata and
management operations. A single Feed contains multiple Feedltem objects, where each
FeedItem represents an individual piece of content, such as an article or post, with specific

details like the title and content.
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Figure 3.4: Class Diagram of NLTTA System

The retrieval intelligence is handled by the BM25 class, which implements the BM25 ranking

algorithm. It contains the logic for text preprocessing and the core scoring functions necessary

for information retrieval. The BM25 interacts with the Translator to preprocess and tokenize

texts before ranking. Ultimately, the BM25 ranks documents in the Feed based on the translated

user Query, ensuring the most relevant Feedltems are selected for display.
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3.4.2 State Diagram

The system’s operation is defined by a series of state transitions, beginning in the Initial State
(Start) where key components are initialized: the NextJS frontend is ready, the mBART model
is loaded for translation, the BM25 algorithm is prepared for ranking, and the MySQL database
is connected. The process advances to the Search Input Entered state when a user provides a
Romanized Nepali query, which the system validates before proceeding. This input moves to
the Preprocessed Query state, where it is normalized (lowercase conversion, character

removal) and formatted with the necessary language tags (e.g., >>ne XX<<).

H Query Entered }7Preprocessed Queryg[ Translated query

Match query

[ Database ]-7 Top N Index H Ranked Result

Top N Articles

®

Figure 3.5: State Diagram of The System Process

The journey continues as the preprocessed input reaches the Translated Query state, where the
NLTTA model uses the fine-tuned mBART model to translate the query into English (e.g.,
“vidharthi” — “student”). The system then enters the Rank Query state, where the BM25
algorithm calculates relevance scores for all articles and outputs a ranked list of document
indices with a cutoff. These indices are used in the Database state for the MySQL database to
retrieve the top N articles. These retrieved documents constitute the Top N Articles state,
complete with full information and ordered by relevance. The final state is the Ranked Result,
where the finished search results are organized and displayed to the user on the frontend,

offering previews and interaction options.
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3.4.3 Dynamic Modeling Using Sequence Diagram

Sequence diagram in the UML is a type diagram that illustrates the sequence of messages
between objects in an interaction. It consists of a group of objects represented by lifelines

and message they exchange during the interaction denoted by arrow symbols.

User System NLTTA Model BM25 Database

1 Enter Query ) 1

Analyze Query N

Figure 3.6: Sequence Diagram of Search and Retrieval of relevant news

In the above figure 3.4, the sequence diagram outlines the search result retrieval process,
commencing when the User enters the query. The System takes this query and sends it to the
NLTTA model, which performs translation and returns the processed query to the System. The
System then forwards this translated query to the BM25 component. This component ranks
documents based on relevance and returns the indexes of the top N documents to the System.
Subsequently, the System uses these indexes to request the top N documents from the Database.
After the Database sends the documents back, the System compiles and displays the final

results to the User.
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3.4.4 Process Modeling Using Activity Diagram

Activity diagram in the UML is a type of diagram that visually presents a series of actions or
flow of control in a system. It shows workflows of stepwise activities with support for choice,
iteration and concurrency.

User System NLTTA Model BM25 Database
o

l

Enter
Query ¥

Analyze
Query v
Translate | | ]
Query
Rank and
Index
Query
N
Score
2 No > 07 —1

No Relevant — Yes
News Found
Send Top N

Document Indices

J

Retrieve Top N l
D men
ocuments Send Documents

to System
vl

\

Display Results

o J

Figure 3.7: Activity Diagram of Search and Retrieval

The above Figure 3.5 below shows the activity diagram that displays the overall workflow of
the query processing system involving the User, System, NLTTA Model, BM25, and Database

components.

The process begins when the user enters a query, which the system analyzes to understand its
structure. The analyzed query is passed to the NLTTA model, where it is translated into the
appropriate language for retrieval. The translated query is then sent to the BM25 model, which

performs ranking and indexing of documents based on their relevance scores.
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At this stage, a checkpoint is introduced: the system evaluates whether the score is greater than
zero or not, indicating that at least one relevant document has been found. If the score is not
zero, meaning relevant results exist, BM25 sends the indices of the top N documents to the
system. The system then requests these documents from the database, which retrieves and

returns them. The system displays the results to the user.

If the score equals zero, meaning no relevant documents match the query, the system displays
a “No relevant news found” message and terminates the process. This explicit handling allows
the system to gracefully terminate the process and inform the user by displaying “No relevant
news found”. This improves the robustness and completeness of the model by ensuring that all
possible outcomes of the ranking step are clearly addressed, preventing the system from
proceeding with a request for documents that don't exist or returning an empty result without

explanation.
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CHAPTER 4: SYSTEM DESIGN

4.1 Design

System design is the process of representing architecture, interfaces, components that are
included in the system. i.e., system design can be seen as the application of system theory to

product development.

Create Dataset

|

Text Pre Processing jp———3p

Fine Tune the

model ———-3»] Test and Validate

v

Pre load news for
BM25

v

Retrieve and rank
the news

Figure 4.1: High Level Design of The System

The NLTTA system architecture is as shown in the Figure 4.1 above. The procedures involved

are as follows:

e Create Dataset
The foundational step of the entire system involves establishing a robust and
comprehensive Dataset. The dataset was made by scrapping the Wikipedia chunks and
refining the publicly distributed chunks by Wikipedia. Another dataset publicly cited
by multiple papers was merged with our own and created the parallel corpus of

Devanagari Nepali, Romanized Nepali and English, which is our final dataset
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consisting of about 40,000. The dataset was spilt 70% for training (28000) and 20%
(8000) and 10% (4000) for validation and test.

d: 0 english_sent nepali_sent

roman_sent

0 Ithappened after the death of Saul, when Davi.. EhdHad G TR GO Uf e Ty 3 .. dAUdale amAlekiharUIAl harAera paChi sikalaga ...

1 ithappened on the third day, that behold, a m.. T4 O e e o S e o .. taba tesro dinamA euTA javAna sainika sikalaga..
2 David said to him, "Where do you come from?" H... TG s o, ot wetare o @ dAUdale tyasalAl sodhe, “timl kahANbATa Ayau?..
3 David said to him, "How did it go? Please tell... TG 1, TS YA, O A T dAUdale bhane, “malAl bhana, ke bhayo?" tyasal...
4 David said to the young man who told him, "How... m:uﬁﬁmr{ 1—F:L el Bt W dAUdale tyasa sainikalAl bhane, "timlle kasarl...

Figure 4.2: Sample of the parallel corpus used for training

Text Pre-processing

Once the dataset is secured, the raw textual data must undergo rigorous Text Pre
Processing. This crucial stage is dedicated to cleaning the data, standardizing its format,
and preparing it for machine consumption. The operations include tokenization,
removing stop words, stemming or lemmatization, and overall noise removal including
the html tags removal and normalization to ensure the model focuses only on relevant
information.

The Romanized Nepali sentences are added >>np XX<< tags and the English
sentences are added >>en XX<< tags for the model to identify the language easily for
translation tasks.

Fine Tune the Model

The system employs a sophisticated language model, called the NLTTA Model. In this
step, a pre-trained version of mBART model is fine-tuned using the newly pre-
processed dataset. This process is essentially specialized training, where the model's
weights are adjusted and optimized to excel at translating the Romanized Nepali to
English.

The training loss and accuracy are examined after each epoch of training to detect and
overfitting or underfitting by the model.

Test and Validate

After fine-tuning, the model's performance must be rigorously checked through the Test
and Validate step. This involves evaluating the fine-tuned model against a separate,

unseen test set of sentences to confirm that it meets the required performance metrics.
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The test metrics used for NLTTA translation quality is BERT score and BLEU score.
Successful validation ensures that the model is ready for deployment in a live
operational environment.

e Pre Load BM25
To enable efficient and rapid search capabilities, the collected news articles are pre-
loaded and indexed for the BM25 component. BM25 is a specific and powerful
algorithm used as a ranking function for document retrieval. This step involves creating
an inverted index, which allows the BM25 algorithm to quickly calculate the relevance
score of every document against a potential search query, preparing the entire news
repository for fast retrieval.

e Retrieve and Rank
The final step represents the operational goal achieved by the entire preparation
process: the system's capability to Retrieve and rank the news. This is the culmination
of the training effort, where the system is now capable of efficiently taking a user’s
query, utilizing the BM25 index to find the most relevant articles, and presenting them

in an order of relevance, thus completing the search loop.

4.1.1 Refinement of Class Diagram

The refined class diagram is the detailed formed of the class diagram with the addition of
precise definition of each attribute and operations of each class. The figure 4.1 below shows
the refined class diagram of NLTTA. It consists of User class, which manages basic
functionalities like entering a query and viewing results. The User initiates the process by
creating a Query object, which holds the original and translated text and has methods for
translation and validation. This Query is then handled by the APIService class, which serves
as the primary interface for system operations, managing requests for both translation and
search functionalities. The APIService calls upon specialized models and components,
specifically utilizing the NLTTA Model for complex translation tasks, with the Translator

acting as the intermediary.

The core search logic revolves around translation and ranking. The Translator class manages
the flow, using methods like normalizeText() and translateToEnglish(). It uses the specialized

NLTTA Model, defined by its modelPath and basic methods like loadModel() and
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encode/decode(tokens), to perform the actual neural translation. Once translated, the query is
processed by the BM25 class. This class stores crucial hyper-parameters like ki and b, and its

primary function is to rankFeeds() by applying its scoring logic to the translated query.

Data storage and organization are managed by the Database, Feed, and FeedItem classes. The
Database handles connections and queries via its connectionString and retrieval methods like
getFeeds(). The database stores the Feed class, which organizes content based on attributes like
language. Crucially, a single Feed contains multiple Feedltem objects. Each Feedltem
represents an individual article, storing details like the title, content, and link, ensuring the

BM2S5 algorithm has structured data to rank.

Query
~+queryld : int
User query: APIService
“+original Text @ string
+name : string A 1 processed by [ tbaseURL : string
J_/ orcates -tHranslatedText : string \
+userld : string ; R PRI
performTranslation() 1 +handleTranslation(request : object)
tenterQuery(query : string) +validate() 1 handleSearch(rcquesll : object)
+viewResults()
calls
BM25
+Kk1 - float Translator
+b : float +HincomingTexL : siring
Databasc 1
e “+corpus : list o +translated Text : string
teconneclionString : string querl [ ~sends w0
1 “+ravgDocLength : Moat \ +model : NLTTAModel
+connect() -+idf : float I ] +1okenizer : Tokenizer
+ “ceds “+topN : int
getFeeds() P FnormalizeText()
+getFeedsBylId(id : int) L +preprocess(text : string) +tokenize()
—+ra 3 : stri . N .
rankFeeds(query : string) “+ranslateToEnglish(text : string)
+scorc(query :string , index @ n [
stores
\ +computel DF() uses |
e * l
F FeedT
ced sedltem NLTTA Model
+feedld : int “+uuid : string
tstring modelPath : string
+language : string +leedld @ int
B R +numLayers : int
+namc : string Hitle : string
1 .
~+wecbsite : stri +summary : string +loadModcI(}
‘websile [ s rlng \C|)n[ains )
-+logoUrl : string +eontent : string “+encode(lexl : string)
. - s
+slug : string 0..% | +imageUrl : stimg ‘decode(tokens : string)
+link : string - i
+getFeedByLanguage(lang : string) +hncTune(dataset : object)

+publishedDate : timestamp
+addFeed(feed : object)

+deleteFeed(feedld : int) +getAllltems()

+updateFeed(feedId : int, data : object] ‘taddFeedltem(item : object)

+updatcFeedltem(uuid : string, data : object)

+deleteFeedltem(uuid : string)

Figure 4.3 Refined Class Diagram of NLTTA System
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4.1.2 Refinement of State Diagram

The refined state diagram is the detailed formed of the state diagram with the addition of

precise definition of each attribute and operations of each class. The system's workflow begins

. » System Initialized Query Entered ]—‘

Preprocessed Query
[ Database Query ]<—Top N Indexes: Rar;l];ehiz%l;ery Match Quer Translated query

Top N Articles_P[ Ranked Results ]—)@

Figure 4.4 Refined State Diagram of The System Process

in the System Initialized state, signifying that all components are ready for operation. The
process moves forward when a user submits an input, leading to the Query Entered state. From
here, the query immediately transitions to the Preprocessed Query state, where it is cleaned
and prepared for the translation step. This preprocessed input then leads to the Translated
Query state, where the neural translation model converts the input into the language used for
indexing. Once the translated query is ready, it is used to Match Query and proceed to the
Ranked Query (BM25) state.

In the Ranked Query (BM25) state, the system employs the BM25 algorithm to calculate
relevance scores and identify the best-matching articles, generating the Top N Indexes of those
documents. These indexes are then used to trigger a Database Query to retrieve the actual
content. The retrieved documents represent the Top N Articles state, which finally leads to the
Ranked Results state, where the final, ordered list of articles is presented to the user, marking

the end of the query lifecycle.
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4.1.3 Refinement of Activity Diagram

The refined activity diagram is the detailed formed of the activity diagram with the addition of

safety checks during the retrieval from database. The updated activity diagram shown below

in Figure 4.3 represents the enhanced workflow of the query processing system, now including

a check for the condition when the query is already in English.

User System NLTTA Model BM25 Database
I
Enter
Query NS
Analyze
Query
1 Translate |~ | ]
Query
Rank and
——|Ne Index
Query

- Yes — v

\f No —1
No Relevant Yes
News Found
Send Top N
Document Indices
\f J
Retrieve Top N l
Documents Send Documents
to System
\f J
Display Results

® J

Figure 4.5 Refined Activity Diagram of Translation and Retrieval

The process begins when the user enters a query, which the system analyzes to understand its

structure. At this stage, a checkpoint determines whether the query is in English. If it is already

in English, the system bypasses the translation process and sends the query directly to the

BM25 model for ranking and indexing, this saves computational resources and reduces

response time. If the query is not in English, it is passed to the NLTTA model, where it is
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translated into English before being sent to the BM25 model. The BM25 model then performs

ranking and indexing of documents based on their relevance scores.

Another checkpoint is introduced at the BM25 stage to evaluate whether the score is greater
than zero, indicating that at least one relevant document has been found. If the score is not
zero, meaning relevant results exist, BM25 sends the indices of the top N documents to the
system. The system then requests these documents from the database, which retrieves and

returns them. The system displays the results to the user.

If the score equals zero, meaning no relevant documents match the query, the system displays
a “No relevant news found” message and terminates the process. This explicit handling allows
the system to gracefully end the process while informing the user of the outcome. This
enhancement not only ensures robust handling of different cases but also improves efficiency
by skipping unnecessary translation and preventing wasted computational effort, ultimately

improving the system’s responsiveness and user experience.

4.1.4 Component Diagram

A component diagram is a type of UML diagram that shows the structural relationships and
dependencies between the components of a software system. It illustrates how software

components are connected and interact with each other within a system.

The process is centrally managed by the Backend and APIs component, labeled as the «Web
Server», which acts as the system's primary orchestrator. It initiates the workflow by accepting
the query from the front end NotifyNepal («Web App») and requires services from three core
components to process it: NLTTA, BM25, and Database. The Backend requires the translated
text of Romanized Nepali of the query which it gets from the get translated text service from
NLTTA («Translataion»). Then the system calculates the scores and rank of the news with
respect to the user query using score_and_rank service from BM25 («Ranky). Finally, it uses
the ranked result to get the top relevant news from get top k service provided by the Database
(«Retrievaly) to retrieve the final news content, before ultimately providing the

get relevant news back to the user interface.
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Figure 4.6: Component Diagram of The NLTTA System
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The structure of the supporting components highlights a separation of concerns and component

reusability. The NLTTA and BM25 components are designed with specific internal interfaces

(get_tokenizer, setParameters) that suggest they are configurable machine learning and

algorithmic models respectively, independent of the main application logic. This architectural

choice, using required and provided interfaces (sockets and lollipops), ensures that the

components can be easily replaced or updated without affecting the Backend's core logic,

promoting system maintainability and scalability.

4.1.5 Deployment Diagram

The given diagram is a deployment diagram, which are UML structural diagrams that shows

the relationships between the hardware and software components in the system and the

physical distribution of the processing.
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Figure 4.7: Deployment Diagram of the System

The deployment diagram illustrates the three-tier architecture of the system, showing how
different components are deployed across various servers. The Web Server hosts the frontend
artifact NotifyNepal, which provides the user interface and handles client-side interactions. It
communicates securely with the Application Server over HTTPS. The Application Server
contains the backend artifact django app.wsgi, representing the Django based web application
responsible for processing requests, executing business logic, and managing communication
between the frontend and the database. The Application Server connects to the DB Server
through an API to access or update data stored in the MySQL Server artifact. Overall, this

deployment structure ensures modularity, security, and efficient communication between the

web, application, and database layers of the system.
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4.2 Algorithm Details

e Translation Algorithm:

The project employs a translation algorithm that uses a Neural Translation Approach.
Specifically, the methodology involves fine-tuning on the domain of Romanized Nepali to
English translation, utilizing the mBART model, which is based on the BART architecture.
This approach leverages the power of pre-trained, large neural networks to adapt to a specific

translation task with targeted domain data.
The steps of fine-tuning of NLTTA are detailed below:

1. Preprocess and Prepare the Data: This initial step involves data Normalization and the
critical inclusion of special tokens to designate the source and target languages. For
instance, the token >>ne XX<< might be added to source language (like Nepali)
sentences written in the Roman script, and >>en_XX<< would be used for English
sentences. This helps the multilingual model understand the desired translation

direction.

2. Load Resources and Set Languages: The pre-trained tokenizer and mBART model are
loaded from open-source resources. Then, the source and target languages within the
model’s configuration are set to the special language tokens (e.g., >>ne XX<< and
>>en_XX<<) defined in the preprocessing stage.

3. Create Data Collator: A Data Collator is created to efficiently process the preprocessed
dataset for training the Sequence-to-Sequence (Seq2Seq) model. This component is
responsible for tasks like dynamic padding to create uniform batches.

4. Configure Seq2Seq Trainer: The Seq2Seq Trainer is configured with all necessary and
suitable training parameters. These include, but aren’t limited to, the loaded model,
the learning rate, the total number of epochs (training cycles), and the output directory
where results will be stored.

5. Train the Model: The core fine-tuning takes place in this step, where the preprocessed
dataset i1s fed to the configured Seq2Seq Trainer to update the model’s weights and

adapt it to the specific translation domain. The parallel corpus used has over 40,000
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pairs of Romanized Nepali to English. The model is then trained on this corpus for a
set epoch of 40.

6. Evaluate and Save: Finally, the performance of the fine-tuned model is evaluated using
a validation loss and training loss. Then complex test like BERTScore and BLEUScore
are performed to get in-depth analysis on the model’s translation quality. Upon
satisfactory results, the trained model is saved for future use and deployment.

e Retrieval Algorithm:

The retrieval system employs a retrieval algorithm based on a Probabilistic Retrieval
Approach. The specific Method used is term frequency saturation and document length
normalization, which is implemented using the BM25 Model. This model is a ranking function
used to estimate the relevance of documents to a given search query by considering the

frequency of terms and adjusting for document length.

The BM25 algorithm is a highly effective ranking function that significantly refines the
traditional TF-IDF model by introducing two adjustable parameters: ki and b. The parameter
‘k1’ controls Term Frequency Saturation, ensuring that after a term is mentioned a few times,
further mentions in the same document yield rapidly diminishing returns on the overall score.
The parameter ‘b’ controls Document Length Normalization, which scales the document’s term
frequency based on its length relative to the average document length in the corpus, preventing
long documents that mention the search terms once or twice from being unfairly ranked higher
than shorter, more relevant documents. These modifications collectively make BM25 a
superior ranking model, leading to more accurate relevance scores and better search results in

practice.
The steps of algorithm are detailed below:
1. Indexing (Pre-computation):

e For every term °‘t’ in the corpus of ‘N’ documents, compute its Document

Frequency, df(t) (the number of documents containing ‘t’).

e Compute the Average Document Length (avgDL) of the entire corpus. This is
typically the sum of all document lengths divided by the total number of

documents, N:
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1
avgDL = p [D|

2. Compute IDF for Each Term:
e C(alculate the Inverse Document Frequency (IDF) for each term ‘t” using the

formula:

N-df(t)+0.5

IDF(t) = log( 005

+1)

3. Set Hyper-parameters:
e Determine the values for the two core parameters.
e ki: Controls Term-Frequency Saturation (how quickly the term’s score
contribution diminishes as its frequency in a single document increases).
A common range is 1.2 <k; <2.0. The NLTTA’s BM25 sets kj as 1.5.
e b: Controls Document-Length Normalization (how much the document’s
length, relative to avgDL, penalizes the term’s score). A common value is
b=0.75. The NLTTA’s BM25 sets b as 0.8.
4. Compute Term’s BM25 Contribution:
e For each query ‘Q’ and for each candidate document ‘D’:
1. For each query term q€Q, get its term frequency in the document f(q,D).
2. Compute the term’s individual BM25 contribution (Term Weighting and
Normalization Component) using the formula:

f(q,D)(k1+1)

S D) =IDF
coreg(D) (@) (£(q,D)+ Ky (1—b+bx

D
avgDL

The denominator includes the saturation component and the length

o D| . .
normalization component ﬁ is the document length ratio).

o Aggregate Term Scores: The final BM25 score for the document ‘D’ with
respect to the query ‘Q’ is the sum of the individual contributions of all terms

present in the query:
BM25(D, Q) = Y4 eqScoreq(n)

5. Rank Documents:
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a. Sort all candidate documents by their BM25 scores in descending order.
b. Return the top-k highest-scoring documents as the retrieval result.
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CHAPTER 5: IMPLEMENTATION AND TESTING

5.1. Implementation Overview

Process model used:

As an Agile methodology, NLTTA development process emphasizes on collaboration between
developers, stakeholders, and customers. The development team works closely with the users
and market to identify their needs and requirements and deliver working software quickly and
frequently. This allows the users and other collaborators to see progress and provide feedback

along the way, which can be incorporated into the next iteration.

5.1.1 Tools Used

5.1.1.1 Front End Tools

The front-end of the NLTTA project was built using NextJS, which is a popular framework for
building application. Next.js is renowned because it is a React framework that provides a
robust, production-ready structure for building fast, full-stack web applications with built-in
features like SSR and SSG. With addition to NextJS, Tailwind CSS was used for the basic

styling and structure of the webpage.
5.1.1.2 Back End Tools

The back-end of the NLTTA project was built using Django, which is a popular Python web
framework for building APIs and web applications. Django is one of the most popular Python
web-framework known for its emphasis on rapid development and clean, pragmatic design,
allowing developers to build complex, database-driven websites quickly. With addition to
Django, NLTK was used for preprocessing the dataset, PyTorch and Transformers libraries
were used to fine tune the mBART model, Pandas and Numpy to load and store the data and
to read the datasets and BeautifulSoup for scraping the news articles. Finally, MySQL was used

for database management for its simple and wide support throughout python frameworks.

5.1.1.3 QA Testing Tools
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The performance test of NLTTA was done using different tools for different uses. Postman was
used to test the APIs developed in the backend. Similarly, BERT score and BLEU score were

used to measure the translation model.

5.1.2 Implementation Details of Modules
e Text Cleaning and Preprocessing module:
This module is crucial for preparing raw text data for analysis in Natural Language Processing

(NLP). It converts text to a normalized form for tokenization and thus allowing translation and

retrieval tasks efficiently.

def lemmatize(self, text):
tokens = word_tokenize(text)
tagged = pos_tag(tokens)
lemmatized = [
self.lemmatizer.lemmatize(word, self.get wordnet pos(tag))
for word, tag in tagged

]

return ' '.join(lemmatized)

def remove html(self, text):
soup = BeautifulSoup(text, "html.parser")

return soup.get_text(separator="'", strip=True)

def stop_word removal(self, text):
filtered = [word for word in text.split() if word not in stop words]

return ' ' join(filtered)
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def pre_process(self, text):
text = self.remove html(text)
text = text.lower()
text = re.sub(r'["\w\s]', ", text)
text = re.sub(r'\s+', ' ', text).strip()
text = self.stop_ word removal(text)
text = self.lemmatize(text)

return text

def tokenize(self, text):

return text.lower().split()

The core method, pre process, performs a series of transformations. First, it uses
BeautifulSoup in remove html to strip all HTML tags, then it converts the text to lowercase
for uniformity. Next, it uses regular expressions to remove punctuation and normalize
whitespace. Following that, it calls stop_ word removal to eliminate common, less meaningful
words like ‘a’ and finally, it applies lemmatization in the lemmatize function to reduce inflected
words to their root form (lemma) using part-of-speech tagging. This entire sequence transforms
unstructured, noisy input text into a clean, normalized format suitable for translation and

retrieval.

Before Cleaning: <p>Prime Minister is in Pokhara.<p> <div>The President visited Kathmandu today.</div>
¢span>Tourists love the city of Bhaktapur!</span> <bsNew airport opened in Lumbini.</b>
After Cleaning: prime minister pokhara president kathmandu tourists love city bhaktapur new airport lumbini

Figure 5.1: Text Before and After passing through the Cleaning Module
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e Retrieval Module

The retrieval module is responsible to create indexed dictionary of all news available in the
database once at the start of the application deployment. Then for each query the module is

responsible to find the most relevant news and provide the result to the user.

def compute doc_freqs(self):
df = defaultdict(int)
for doc in self.corpus:
for term in set(doc):
dffterm] += 1

return df

def compute idf(self):
idf = {}
N = len(self.corpus)
for term, freq in self.df.items():
idf[term] = math.log(1 + (N - freq + 0.5) / (freq + 0.5))

return idf

def score(self, query, index):
doc = self.corpus[index]
doc len = self.doc_lens[index]
tf = Counter(doc)

score = 0.0
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for term in self.tokenize(self.pre process(query)):
if term in tf:
term_freq = tffterm]|
term_idf = self.idf.get(term, 0)
denom = term_freq + self.kl * (1 - self.b + self.b * doc_len / self.avgdl)
score += term_idf * (term_freq * (self.kl + 1)) / denom

return score

def rank(self, query, top k=5):
scores = [(i, self.score(query, 1)) for 1 in range(len(self.corpus))]
scores.sort(key=lambda x: x[ 1], reverse=True)

return scores[:top k] if top k else scores

This retrieval module is designed for document ranking based on a query, utilizing techniques
from Information Retrieval, specifically an implementation of the BM25 scoring algorithm.
The process begins with two core methods: compute doc freqs and compute idf. The
compute_doc_freqs method iterates through the document corpus to calculate the document
frequency of each unique term (how many documents contain the term), storing these counts
in a ‘defaultdict’. Building on this, the compute idf method calculates the IDF for every term,
using a formula that incorporates the total number of documents (N) and the term’s document
frequency. This weighting scheme ensures that rare terms are given higher importance in the

final ranking score.

The actual retrieval and ranking are handled by the score and rank methods. The score(self,
query, index) method calculates the BM25 score between a pre-processed query and a specific
document identified by its index. This calculation combines the term's pre-computed IDF with
the term's TF within the document, adjusted by the document length relative to the average

document length using the BM25 parameters ki and b in the ‘denom’ calculation. Finally, the

36




rank(self, query, top k=5) method executes the full ranking process by iterating through the
entire corpus, calculating the BM25 score for each document using the score method, and then

returning the ‘top-k’ documents (default to 5) based on their highest scores.

prime minister

Index: 192 Score: 7.73181744792945

Title: Prime Minister 0li to address House of Representatives on current issues
link: https://english.onlinekhabar.com/prime-minister-oli-parliament.html

Index: 636 Score: 7.680156030211757
Title: PM 0li holds bilateral meetings with Egyptian and Portuguese counterparts
link: https://nepalnews.com/s/diplomacy/pm-o0li-holds-bilateral-meetings-with-egyp

Index: 409 Score: 7.6148375577007155
Title: PM 0li returning home after attending UN Conference in Spain
link: https://nepalnews.com/s/diplomacy/pm-oli-arriving-home-today/

Figure 5.2: Retrieval Module Output

e Translation Module

The translation module is responsible to translate Romanized Nepali queries from users to
English after they undergo the pre-processing process and before the retrieval process. Its
primary function is to perform NMT, specifically translating a source text, assumed to be in

Nepali (ne_XX), into English (en_XX).

def create(self, request, *args, **kwargs):
try:
source_text = request.data.get('source text')
if not source_text:

return Response({"error": "source_text is required"},

status=status. HTTP_400 BAD REQUEST)

text = source_text

inputs = tokenizer(self.pre process(text), return_tensors="pt")
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generated = model.generate(
**inputs,
forced bos token id=tokenizer.lang code to id["en XX"],
max_length=128,
num_beams=5

)

translated text =  self.remove word prefixes(str(tokenizer.decode(generated[0],

skip_special tokens=True)), ['¢', 'ne'])

serializer = self.get_serializer(data=request.data)
serializer.is_valid(raise_exception=True)

serializer.save(translated text=translated text)

return Response(serializer.data, status=status. HTTP_201 CREATED)
except Exception as e:
return Response({
"error": str(e),
"trace": traceback.format exc()

}, status=500)

The process begins by retrieving the source text from the incoming request. It then initializes
a pre-trained MBart50 model and its corresponding tokenizer, loading weights from a specified
checkpoint. The input text is pre-processed (using a presumed self.pre_process method) and
tokenized. The core translation occurs using the model.generate() method, which applies the

sequence-to-sequence model with constraints like a forced English target language token
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(forced bos token id), a maximum length, and beam search (num_beams=5) to generate the

highest-probability English translation.

Following generation, the raw output is decoded back into human readable text using
tokenizer.decode(), and a custom self.remove word prefixes method cleans up any residual
artifacts from the tokenization process. Finally, the module handles the API response and data
persistence. It uses a serializer to validate the original request data and saves the newly
generated translated text to the database, as indicated by serializer.save(). The entire operation
is wrapped in an exception handler to gracefully catch and return any errors that occur during
the translation or processing, ensuring the API returns a structured response with the translated

text upon success.

pardhan mantri

<Response status code=2081, "text/html; charset=utf-8">
prime minister

Index: 192 Score: 7.73181744792945

Title: Prime Minister 0li to address House of Represer
link: https://english.onlinekhabar.com/prime-minister-

Index: 636 Score: 7.6B6156830211757
Title: PM 0li holds bilateral meetings with Egyptian ¢
link: https://nepalnews.com/s/diplomacy/pm-oli-holds-t

Figure 5.3: Translation Module Output for “pardhan mantri”

e Transliteration Module

The transliteration module is based on Indic-Transliteration which is a rule-based
transliteration for Devanagari. It reads data from an Excel file containing Nepali sentences,
performs transliteration into ITRANS format, and saves the output to a new Excel file for easy
reference or further processing. This module helps bridge linguistic and technical gaps by
allowing Nepali text to be processed, searched, or analyzed in Roman script making it useful

for natural language processing, data preprocessing, and multilingual applications.

class Transliteration:

def init (self, filepath):
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self.filepath = filepath

self.df = None

def'load data(self):
self.df = pd.read excel(self.filepath)
print("Data loaded successfully")

print(self.df.head())

def transliterate nepali(self, source col='nepali_sent', target col='roman_sent'):

if self.df is None:
raise ValueError("Data not loaded")

roman_sent = []

for row in self.df[source_col].astype(str):
roman_nepali = transliterate(row, DEVANAGARI, ITRANS)
roman_sent.append(roman_nepali)

self.df[target col] = roman_sent

print("Transliteration completed: ")

print(self.df.head())

def save to_excel(self, output path='transliterated output.xlsx'):
if self.df is not None:
self.df.to_excel(output_path, index=False)

print(f"'File saved successfully to '{output path}".")
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else:

print("No data to save. Please run transliteration first.")

The TransliterationModule takes Nepali sentences written in the Devanagari script from an
Excel file, processes them, and converts each sentence into its Romanized equivalent using the
ITRANS standard. This transformation enables easier reading, linguistic analysis, and text
processing in systems that do not natively support Devanagari. Once the transliteration process
is complete, the module prints the first few rows of the dataset, showing both the original
Nepali sentences and their corresponding Romanized forms to verify that the operation has

been successfully performed.

Transliteration completed:

nepali_sent roman_sent
5] Jord W ol ﬁ"l gll nepAla eka sundara desha hol
1 R 8 eI 1 pradhAnamantrI kAThmANDaumA chhan|
2 T A ggER | AR g lumbinI buddhako janmasthala hol|
3 RL IHH:[TIFEII gl Aja mausama rAmro chal
4 d ﬁﬁl{iﬂﬁ?cﬁﬁ diTH | vidyArthIharU vidyAlaya gaye]

File saved successfully to 'tr“aniliter“ated_output.xls.x'.

Figure 5.4: Transliteration Module Output

e News Conversion Module

The news conversion module is used to convert the Devanagari Nepali news retrieved from
APIs to English for storing in Database and searching during the retrieval. This module
converts the Devanagari Nepali news to English using the default mBART model without the

>>ne Xx<<tag.

def translated news(nep news_json="nep news.json"):
with open(nep_news_json, "r", encoding="utf-8") as f:
data = json.load(f)

translated_list =[]
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for item in data:
item["content"] = remove html(item["content"])
item["title"] = remove html(item["title"])

print(item["title"])

text = item["title"] + " " + item["content"]
inputs = tokenizer(
remove_html(text),
return_tensors="pt",
truncation=True,
padding="max_length",
max_length=1024

).to(device)

generated tokens = model.generate(**inputs,

forced bos token id=tokenizer.lang code to id["en XX"])

translation = tokenizer.batch decode(generated tokens, skip special tokens=True)[0]

translated list.append({
"title": item["title"],
"translation": translation

1)
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print("Feed items imported successfully.")

The module implements a method dedicated to batch translation of news articles from Nepali

into English, following a standard machine translation pipeline. It begins by loading the articles

from a JSON file (nep_news.json). For each article, it first cleans the title and content by

removing HTML tags, then combines them into a single string. This text is tokenized using a

model-specific tokenizer with parameters like max_length=1024 and padding to prepare it for

the neural model. The core translation is performed by the pre-trained MBart model using

model.generate(), explicitly setting the target language to English (en_XX). Finally, the

generated tokens are decoded back into a human-readable English translation, which is then

stored along with the original title in a list for eventual output. This method is essentially a

dedicated script for mass-converting news data between these two specific languages.

Before:

After:

Before:

After:

Before:

After:

Before:

After:

Before:

After:

T UREHE B4
Prime ﬂiﬂiStEP%iS in_FthaPa today. The Prime Minister inaugurated :
FEATSHET T T4
Th%_PPESidEﬂt addressed the Conference in Kathmandu. The President :
eHEET HFRIRH! YA T
Tourists visited Bhaktapur. The cultural heritage of Bhaktapur is ai
T Tl THART SeE S
A new airport was launched at the airport in Odisha. The airport ha:
YUl gE IS B

Pollution is rising in the city of Kathmandu, and air quality is de«

Feed items imported successfully.

Figure 5.5: News Conversion Module

5.2 Testing

5.2.1 Test Cases of Unit Testing

Unit testing involved testing individual components or modules of the application system to

ensure that each module functions correctly in an isolated environment. All of the modules

were tested independently using test cases designed to verify both valid and invalid inputs.

e Translation Module Testing

The unit testing of Translation module is solely focused on testing the translation unit under

different circumstances like basic word translation to ambiguous word and phrase translations.
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Table 5.1 Test cases for Translation Unit (NLTTA)

Input Expected
Actual Statu
Test Case ID  [Description (Roman Output Remarks
QOutput |s
Nepali) (English)
. ‘ ‘ Basic
UT NLTTA 00 |Translate a simple|‘Namaskara |[‘Greetings |“Greetings
) Pass [word
1 greeting ” " " .
translation
Simple
UT NLTTA Translate a common|“Timi kasto[“How are[“How areP sentence
ass
| 002 phrase chau?” you?”’ you?”’ with
question
“ma school Correct
UT NLTTA Translate with. “I go tof‘l go to phrase
janchu Pass
| 003 mixed vocabulary school”  |school” with verb
tense
Check
Translate handling
UT NLTTA
004 unknown/ambiguou [‘Chaaina” |[“No” “No” Pass |of
B s words ambiguou
s words

The Table 5.1 above shows the test cases for translation validation. The test cases focus on

basic translation competency, covering simple greetings (UT _NLTTA 001), common phrases
(UT_NLTTA _002), correct sentence structure (UT _NLTTA 003), and ambiguous wording
(UT_NLTTA _004) all of which successfully achieved a “Pass” status with the actual output

matching the expected English translation.

The test was conducted on the translation module, showing the output:
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[04/MNov/2025 20:56:17] "GET /api/feed-items/search?q=Timi kasto chau HTTP/1.1" 201 @
Received: Timi kasto chau
Translated: how are you

[@4/Nov/2825 2@:55:2@] "GET /fapi/feed-items/search?q=Namaskara HTTP/1.1" 301 @
Received: MNamaskara
Translated: greetings

Figure 5.6: Result for NLTTA Test Case 1 and 2

[@4/Nov/2025 20:54:14] "GET /api/feed-items/search?q=Chaaina HTTP/1.1" 301 @
Received: Chaaina
Translated: no

[04/Nov/2025 20:57:49] "GET /api/feed-items/search?q=ma school janchu HTTP/1.1" 301 @
Received: ma school janchu
Translated: 1 go to school

Figure 5.7: Result for NLTTA Test Case 3 and 4

e Retrieval Module Testing

This model manages the retrieval of most relevant documents after translation. The test of this
model included queries of mixed Romanized Nepali and English for retrieval and testing the

IDF calculation of the BM25 model.

Table 5.2: Test cases for Retrieval Unit (BM25)

Input Query|Expected |Actual
Test Case ID [Description Status(Remarks
(English) Output Output
Compute Verifies
IDF > 0 for
UT BM25 001|IDF “student” IDF =3.15 |Pass |[correct IDF
rare terms
correctly computation
Ranking Query: Top 5 docs Confirms
Ranked
UT BM25 002|order “vidharthi  |contain Pass [retrieval
. correctly
accuracy scholarship” [“student” relevance
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= EEfa " gaRga AR =R @dge W@Rem @ian seRifEa
E -
BT FATE SRaew hell UT- Wi 25 WiEe T-Es
: = qrer e foges apfiew
Q theanda = THEIR Hid Sidei™

"the and a" &I 131 W= gRomHEs

Mo Result

Figure 5.9: BM2S5 Test Case 3 and 4 Result

46

I ufaf wERga @Er mmr @oge @mea @ seaeifew

Input Query|Expected |Actual
Test Case ID [Description Status(Remarks
(English) Output Output
5 Return -
mpty query, ge case
UT BM25 003 « “Invalid Empty Pass
handling handling
query’,
Return “No Checks
Stopword
UT BM25 004 “the and a”  [relevant “No Result” |Pass |[stopword
only query .
news” filtering
Performing system checks...
IDF computed for Student: 3.1528470163145994
Figure 5.8: BM25 Test Case 1 Result
Q pitdes a1 fSeRvmAThd TR Sigel.. THIER Hd Sigars




Q vidharthi scholarship X AR Hid BIgER]

= et o wEhge AR @R @dge w@Rer @lan seRifEy

"vidharthi scholarship" @I 1 @isT IRUMTHER
YHH YHTfad BETeTs BEgM

AMREEFE | May 24, 2025

"BRIEFAE Te-ie @I S0 WeH 74 3 SREH AEa B, 30 T, B T B TEsHT i e
T TR S I

KMC opens online scholarship applications for Grades 11 and 12
AR | Jul 2, 2025

KATHMANDU: Kathmandu Metropolitan City (KMC) has opened online applications for scholarships for students studying in Grades 11 and 12.
According to the Education Department, applications can be submitted from July 2, 2025, wntil july 11, 2025, at 11:59 PM. Students across Nepal a_.

Goma, a brick kiln worker, scored 4GPA in SEE, aims to be a doctor
WA A | Jun 30, 2025

BHAKTAPUR: Goma Shrestha had just gotten back from planting paddy at a local farmer’s land when the Secondary Education Examination (SEE)
2081 results came out on Friday. So, a SEE result being out, it is to be expected that she wanted to know her score. She was on the internet looki...

EDF Jamboree to host US Education Fair with 30+ American
Universities
FIEA ST English | Aug 15, 2025

Kathmandu, August 15 Jamboree Education Nepal, in collaboration with ETS TOEFL, is set to host the US
Education Fair 2025 on August 29, from 11:00 am to 4:00 pm at its Putalisadak center on New Plaza Roa_.

Province Hospital Parbat gets specialist doctors after 35 years

IR Jul 5,2025

Dr Bastola mentioned that patients of Parbat district and neighbouring districts would not be compelled to go to Pokhara as well as other hospital
in search of orthopedic service with these services available at province hospital.

Figure 5.10: BM2S5 Test Case 2 Result
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- TrfewE Aare Q ssmsad x HATER JId BIEEN
= A wfEafE  wERga ffEn amr Soigpe e f@lan sewiEg

"samsad" @I 131 W1 aRomHgsw

Message of NA Chair, Vice-Chair on Parliament Day
TEATA | Jun 30, 2025

“After a long struggle, Mepal has established Parliament as the supreme representative body of the people by adopting democracy and federal
system”, reads the message.

Speaker Ghimire calls on parties to uphold parliament’s dignity
AMA RS | Jun 30, 2025

He also highlighted the dermocratic principle that no taxes can be levied without the conzent of the people, noting that the constitution mandates
all tax proposals must be presented in the assembly.

AT39Tet T ARATEdOes SR gfagesmr 531 SiTahrr

e =T Jul 6, 2025

SATEER =0 s SAaaeTes 09 gellss HiraainT 521 ST TR TI39T ST Getet -l P12t
S B 1

Shekhar Koirala slams unauthorized change in Civil Service Bill as assault on
Parliament
A Jul 1,2025

He also demanded that the altered provisions be restored to their original form without delay. Koirala further emphasized that without a proper
"cooling-off period,” no further actions or procedures related to the bill should mowe forward.

Mother and sister of Bipin Joshi meet Israeli president and
parliament speaker
HTAEAEET English | Aug 18, 2025

Kathmandu, August 12 The mother and sister of Bipin Joshi from Kanchanpur, Bipin who was taken
hostage by the Palestinian militant group Hamas, met with the Israeli President and the Speaker ..

Figure 5.11: BM2S5 Test Case S Result

BLEU Score

BLEU score is a metric used to evaluate the quality of machine-translated text by comparing
it to one or more reference translations. It measures the overlap of n-grams between the
candidate and reference, with higher scores indicating better translation accuracy. BLEU relies

on exact n-gram matches, which may penalize valid translations with different wording.

The BLEU score test was conducted using a list of Romanized Nepali inputs corresponding to
their English references. The English and Romanized Nepali parallel corpus used for testing
was a custom created unseen corpus with ambiguous and variable sentences to get the most
accurate measurement as possible. The figure 5.5 below shows the performance varied vastly

based on the nature of the sentences.
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Corpus BLEU Score: 39_.84

Sentence-level BLEU scores:
Sentence 1: 31.62
Sentence 2: 180.066
Sentence 3: 180.88
Sentence 4: 56.23
Sentence 5: 180.88
Sentence 6: 56.23
Sentence 7: 66.87
Sentence 8B: 28.57
Sentence 9: 56.23
S5entence 18: 24_.83
Sentence 11: 39.76
Sentence 12: 39_.76
Sentence 13: 186.80
Sentence 14: 166.80
Sentence 15: 186.80
Sentence 16: 17.18
Sentence 17: 7.73
S5entence 18: 54.75
Sentence 19: 186.80
Sentence 28: 6.85
Sentence 21: 26.59
Sentence 22: 16.35

Figure 5.12: BLEU Score Test of NLTTA

The BLEU score ranges from 0-100, on the scale of how many n-grams matched for the
translation task. The perfect translation score for BLEU score would need to be an exact same
match (word to word). Even if the different order of words may convey the same meaning the

BLEU score will take a hit. The BLEU score scale is generally categorized as:
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Table 5.3 BLEU Score Range

BLEU Score
Quality Level Interpretation and Remarks
Range
The translation is hard to understand and has
0-10 Almost Useless | virtually no similarity to a professional human
translation.
The gist is difficult to get, and major editing or re-
10-20 Poor
translation is likely required to make it useful.
The gist is clear, but the output contains
20-29 Adequate significant grammatical errors and awkward
phrasing.
The translation is generally understandable and
Understandable ‘ ‘ _ ‘ _
3040 serviceable, though it may still contain minor
to Good ‘
issues or lack natural fluency.
The translation is understandable and fluent,
2060 Good to High | requiring only minor editing for style or
Quality perfection. This range is often considered
publishable quality.
' Often indicates very high quality, but can also be
Very High ' .
>60 ‘ a sign of a flawed metric (e.g., test set reuse) or
Quality

overfitting to the specific reference translations.
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The BLEU score of 39.84 for the NLTTA model signifies that its translations are of good,
production-ready quality within the context of a specialized machine translation task.
According to standard metrics, a score in the 30-40 range is classified as “Understandable to
Good”, meaning the output translations are generally clear, accurately convey the core

message, and are highly serviceable for practical use.
BERT Score

BERT score evaluates text similarity by comparing contextual embeddings of words using a
pre-trained BERT model. It captures semantic meaning and aligns words based on their context
rather than exact surface forms. BERT score measures deep semantic similarity, making it more

robust to synonyms and paraphrasing.

The BERT score test was conducted using a list of roman Nepali inputs corresponding to their

English references.

computing bert embedding.
100% | NI 1/1 [00:01<00:00, 1.53s/it]

computing greedy matching.

100% | NN | 1/1 [00:00<00:00, 216.05it/s]
done in 1.54 seconds, 23.41 sentences/sec
Average BERTScore F1: ©.9613

Figure 5.13: BERT Score of NLTTA
The BERTScore (F1) of 0.9613 achieved by the NLTTA model is an excellent indicator of the

semantic quality of its translations, especially when considering the model's small scale.
BERTScore uses contextual embeddings based on BERT to measure how closely the generated
translation aligns in meaning with the reference translation. A score this high, near the
maximum of 1.0, confirms that NTA's outputs are semantically accurate and carry the same

core meaning as the desired English text.
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5.2.2 Test Cases for System Testing

Table 5.4: Test Cases for NLTTA System Testing

Test Expected Actual
Description Input Status(Remarks
Case ID Output Output
Verify  system|
initializes S All modules|All Checks model
tart
ST 001 [properly o initialize modules |Pass [loading & DB
application .
(frontend, API, successfully loaded connection
DB, model)
Returns
Confirms
Search query in English- Correct
translation &
ST 002 [Romanized “vidharthi” [translated queryjnews  list|Pass
. _ BM25 retrieval
[Nepali and relevant|displayed _
link
English news
Converts to
Search query in _ Correct Tests
English and|
ST 003 [Devanagari “feremreff” news list[Pass [transliteration
' retrieves related| ‘
Nepali _ displayed — translation
articles
Returns relevant|
Search with[“Nepal ko Results Validates
results for| _
ST 004 |mixed Nepali-fprime _ shown Pass |mixed-input
“Prime Minister|
English input  |minister” correctly handling
of Nepal”
No  matching| Displays  “No
~ |“jupiter ko Message Tests error
ST 005 [news article relevant news Pass
student” displayed handling
found found”
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Test Expected Actual
Description Input Status(Remarks
Case ID Output Output
Checks
System  under|Query: Should respondf2.5s
ST 006 Pass [performance
poor network  [“sansad” within 4 s response '
constraint
System response|6 All Tests
Each returns
ST 007 |to  concurrentjsimultaneous completed [Pass |concurrency
' correct result o
users queries within 15s performance

System testing validated the end-to-end functionality of the NLTTA system. It confirmed that
the translation, transliteration, and retrieval components work together seamlessly to deliver
relevant news results from various input types. The tests also verified performance,
concurrency handling, and proper user feedback for invalid or unmatched queries. Overall, the

system met its functional and non-functional requirements effectively.

5.3 Result Analysis

5.3.1 Training Loss Analysis:

NLTTA was trained in multiple session using checkpoints. Each session containing anything
from 7000 to 12500 itemset of the dataset. The figure 5.14 below shows the result of loss

obtained during training of the second session containing 7000 items.

The training loss decreased progressively with an increase in training steps, demonstrating
effective model learning and convergence. Initially, at 500 steps, the training loss was relatively
high (1.1967), indicating that the model parameters were still in the early stages of adjustment.
As the training continued, the loss showed a significant reduction, reaching 0.4578 by 2000
steps, which reflects rapid improvement in the model’s ability to fit the training data. After
4000 steps, the rate of loss reduction became slower, gradually stabilizing around 0.3449 at

7000 steps. This gradual flattening of the loss curve signifies that the model was approaching
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convergence and had learned the key patterns in the dataset. Minor fluctuations, such as at
3000 steps, are normal and attributed to variations during stochastic optimization. Overall, the
consistent decline in training loss confirms that the model was successfully trained, showing

stable learning behavior and effective parameter optimization over time.

Step Training Loss

500 1.196700
1000 0.509000
1500 0.467700
2000 0.457800
2500 0.407500
3000 0.415300
3500 0.391100
4000 0.379500
4500 0.384300
5000 0.370000
5500 0.362900
6000 0.362500
6500 0.360800
7000 0.344500

Figure 5.14: Training Loss for the 7000 items

5.3.2 BLEU Score Result Analysis on Test Set:

The result from other models like LLAMA and ChatGPT used to test and compare with NLTTA
are obtained through prompt engineering. On conduction of BLEU score test on the 10% split
of the dataset which was separated for test, NLTTA model got a score of 39.84 which is
regarded as good translations. Conducting the same test with models used widely across the
industries like Deepseek V3, ChatGPT, LLAMA 2, LLAMA 4 and Gemini 2.5 Flash we get
the result displayed in the bar chat below:
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BLEU Scores by Model
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Deepseek V3 ChatGPT LLAMA 4 Gemini 2.5 Flash MLTTA LLAMA 2
(671B) (1.8T) [4D08) (No official count) {630M) {708}

Figure 5.15: BLEU Score NLTTA vs Other Models on Test Set

While the chart clearly shows NLTTA achieving a score at 39.84, unlike the other models
which are massive, general purpose LLMs with billions or even trillions of parameters (like
Deepseek V3 at 671B or ChatGPT at 1.8T) and are trained on big diverse datasets for a longer
period of time. The NLTTA model was developed as a specialized, highly focused solution
(630M parameters). Achieving a robust BLEU score of nearly 40 points with a significantly
smaller model and limited resources even outperforming LLAMA 2, which is a commendable
technical achievement, demonstrating the project's success in building a functional, efficient
translation solution tailored to specific needs, proving the viability of the approach within the

project's defined scope.

5.3.3 BERT Score Result Analysis on Test Set:

On conduction of BERT score test on randomly selected and generated data, NLTTA model
got a score of 0.9613 which is regarded as good translations. Conducting the same test with
models used widely across the industries like Deepseek V3, ChatGPT, LLAMA 4, LLAMA 2
and Gemini 2.5 Flash we get the result displayed in the bar chat below:
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BERTScore (F1) by Model
1.00

0.98 4

0.96

0.94 A

BERTScore (F1)

0.92 1

Deepseek V3 ChatGPT LLAMA 4 Gemini 2.5 Flash NLTTA LLAMA 2
(671B) (1.8T) (400B) (Mo official count} {630M) (70B)

Figure 5.16: BERT Score NLTTA vs Other Models on Test Set

Among the models compared, this result must be evaluated with a realistic perspective on the
model's structure and development focus. BERTScore, a metric based on contextual
embeddings that measures semantic similarity, favors models trained on massive, diverse
datasets, like the multi-billion and trillion-parameter models (e.g., ChatGPT at 1.8T) that
dominate the top scores. Given that NLTTA is a highly specialized model with a significantly
smaller scale (630M parameters) and was developed with limited resources focused on a niche
translation task, NLTTA managed to outperform LLAMA 2 which is very considerably larger

and expensive to run.
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CHAPTER 6: CONCLUSION AND FUTURE
RECOMMENDATIONS

6.1 Conclusion

The NLTTA web application successfully addresses the critical challenge of bridging the
linguistic gap for Nepali users in the digital space. By leveraging advanced deep learning
techniques, particularly transformer-based architectures like mBART, the system effectively
processes Nepali inputs in both Devanagari and Romanized scripts, as well as mixed Nepali-
English queries. NLTTA enables users to search for news content seamlessly, even when using
informal, chat-style language. This significantly enhances digital inclusion, allowing
individuals with limited English proficiency to access relevant online information easily.

NLTTA ensures scalability for integrating additional features in the future.

Overall, the project can translate user queries and provide them with the most relevant news
from the database. The project demonstrates promising results in improving digital
accessibility and empowering a wider spectrum of Nepali speaking users to engage

meaningfully with online platforms.

6.2 Future Recommendations

There are several potential future recommendations that could be implemented in the NLTTA

project:

o Expansion to Other Domains: Integrate NLTTA with additional applications beyond
news search, such as e-commerce platforms, government portals, and educational tools,
to broaden its utility.

e Enhanced Informal Language Handling: Improve the model’s capability to understand
slang, dialect-specific expressions, and colloquial phrases commonly used in Nepali
digital communication.

e Multilingual and Multimodal Support: Extend support to other regional languages
spoken in Nepal and explore processing speech inputs for voice-based searches and

commands.
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e Collaboration with Institutions: Partner with educational and governmental institutions
to promote NLTTA as a tool for enhancing digital literacy and bridging linguistic barriers
nationwide.

o Continuous Model Updating: Regularly retrain and fine-tune the translation and
retrieval models using updated datasets to maintain high accuracy and adapt to evolving
language usage trends.

e Mobile app: Developing a mobile app could make the system more accessible and

convenient for users who prefer to consume news on their mobile devices.

By implementing these future recommendations, the NLTTA project could continue to evolve

and improve, providing a more valuable and engaging service to its users.
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Figure 1: Home Page
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Nepal-UK Parliamentary Friendship Group’s meeting on
May 26
Wiﬁ May 23,2025

KATHMANDU: The meeting of Nepal-UK Parliamentary Friendship Group is going to be convened on
coming May 26. Group's Coordinator, also House of Representative member, Biraj Bhakta Shrestha shar..

Meeting of four different parliamentary committees being
held today
A May 22,2025

KATHMANDU: Four parliamentary committees under the Federal Parliament are set to hold meetings
today. According to the Federal Parliament Secretariat, Finance Committee, Public Accounts Committe.

Figure 2:Searching samsad for parliament
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US Congressman Ro Khanna condemns Trump’s decision on
Harvard international student ban
JmAH  May 24,2025

WASHINGTON DC: Following the Donald Trump administration's decision to bar Harvard University from
enrolling international students, US Congressman Ro Khanna criticised the move and challeng..

Genese Solution provides training and equipment to local
youth in eastern Nepal
JmAE  May 23,2025

KATHMANDU: Genese Solution, a leading IT and Cybersecurity Consulting firm, has provided laptops to
five students who successfully completed a 10-day IT training program organized by the Company. The
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US Congressman Ro Khanna condemns Trump’s
decision on Harvard international student ban
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Figure 4:Article Page
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Koirala demands Home Minister’s resignation, referendum
on monarchy and Hindu state
g May 24,2025

KATHMANDU: Nepali Congress leader Dr. Shekhar Koirala has urged Home Minister Ramesh Lekhak to
resign on moral grounds amid the Immigration Department corruption scandal. Speaking fro..
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Figure 5: Searching Ghar Mantri for HomeMinister
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Figure 6: Why Nepali article comes with home minister
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Environment Minister Shahi meets Chinese Forestry Chief
Guohong
A May 23,2025

KATHMANDU: During his official visit to China, Nepal's Minister for Forests and Environment, Ain Bahadur
Shahi Thakuri, held a meeting with Liu Guohong, Director of Chinas National Forestry and Grassla..

Nepal to be made a centre for Buddhism and spiritual
tourism: Minister Pandey
WT:I May 23,2025

KATHMANDU: Minister for Culture, Tourism and Civil Aviation Badri Prasad Pandey pledged to establish
Nepal as a centre for Buddhism, spiritual tourism. Minister Pandey said so while inaugurating t..

Nepal elected to WHO Executive Board
A May 23,2025

KATHMANDU: Nepal has been unanimously elected as an Executive Member of the World Health
Organization (WHO) from the Southeast Asia region during the 78th World Health Assembly held ..

Figure 7: Searching 'mantri'

@ urls.py >
~ from django.urls import path, include
from rest framework.routers import DefaultRouter
from .views import FeedViewSet, FeedItemViewSet, TranslateViewSet

router = DefaultRouter()

router.register(r'feeds', FeedViewSet)
router.register(r'feed-items', FeedltemViewSet)
router.register('translate', TranslateViewSet, basename='translate')

~ urlpatterns = [
path(""', include(router.urls)),

Figure 8: Routing Structure of The Backend
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class Feed(models.Model):
language = models.CharField(max_length=28)
name = models.CharField(max_length=100)
name_nepali = models.CharField(max_length=16@)
slug = models.SlugField(unique=True, max_length=255)
website = models. URLField()
logo url = models.URLField()

def str (self):
return self.name

class FeedItem(models.Model):
uuid = models.CharField(max_length=36, unigue=True)
slug = models.SlugField(unique=True, max_length=255)
link = models.URLField()
title = models.CharField(max_length=255)
summary = models.TextField()
content = models.TextField()
image url = models.URLField()

is_translated = models.CharField(max_length=10, default='no")
translated content = models.TextField(null=True)

published at = models.DateTimeField()
published raw nepali date = models.CharField(max_length=5@)
fetched_at = models.DateTimeField()

updated _at = models.DateTimeField(auto_now=True)

feed = models.ForeignKey(Feed, on_delete=models.CASCADE, related name='items')

def str (self):
return self.title

Figure 9: How the News RSS Feed are Structured and Stored
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@ serializers.py > ...

N

N

N

from rest_framework import serializers
from .models import Feed, FeedItem, Translate

class FeedSerializer(serializers.ModelSerializer):
class Meta:
model = Feed
fields = ' all °'

class FeedItemSerializer(serializers.ModelSerializer):
feed = FeedSerializer()

class Meta:
model = FeedItem
fields = ' all °'

def create(self, validated data):
feed data = validated data.pop('feed')
feed, = Feed.objects.get or create(**feed data)
print(feed)
return FeedItem.objects.create(feed=feed, **validated data)

class TranslateSerializer(serializers.ModelSerializer):
class Meta:
model = Translate
fields = ' all °'
read _only fields = ['created at']

Figure 10: Serializers for News and Translated Text to Store in DB
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class TranslateViewSet(viewsets.ModelViewSet):
queryset = Translate.objects.all().order by('-created at’')
serializer class = TranslateSerializer

def pre process(self, text):
text = text.lower()
text = re.sub(r’'[“\wis]", "', text)
text = re.sub(r'\s+", " ', text).strip()

return text

def remove_word_prefixes(self, text, prefixes):
pattern = r'~(' + '|'.join{re.escape(p) for p in prefixes) + r')\b\s*’
return re.sub{pattern, "', text)

def create(self, request, *args, **kwargs):
try:
source_text = request.data.get( ' source_text')
if not source_text:
return Response(({"error": "source_text is required"},
| status=status.HTTP_488 BAD REQUEST)

text = source_text
inputs = tokenizer(self.pre_process(text), return_tensors="pt")
generated = model.generate(
**inputs,
forced_bos_token_id=tokenizer.lang_code_to_id["en_XX"],
max_length=128,
num_beams=>5

translated_text = self.remove_word prefixes(
str(tokenizer.decode(generated[8], skip_special tokens=True)), ['e’, 'ne'])

serializer = self.get serializer(data=request.data)
serializer.is_valid(raise_exception=True)
serializer.save(translated_text=translated_text)

return Response(serializer.data, status=status.HTTP_281_CREATED)
except Exception as e:
return Response({
"error": str(e),

"trace": traceback.format_exc()
}, status=58@)

Figure 11: Translation API
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Date Remarks
2082/02/02 Abstract submission.
2082/03/20 Proposal submission for review and supervision.
2082/04/07 Discussion of project status and asked for suggestions.
2082/04/21 Showed working project demo.
2082/05/15 Initial report draft review and feedback session.
2082/06/27 Submitted final defense report for review and supervision.
2082/07/09 Report evaluations and further discussion.
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