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Abstract
Question answering (QA) is an important application in the text analysis domain that enables machines to provide
precise and factual answers. The rich morphology and diverse syntactic structures within Indian languages
present both challenges and opportunities for the development of effective QA systems. As part of the FIRE 2025
VATIKA shared task, our SVNIT_CSE team explored different word embedding models for the Hindi QA system.
From the evaluation results, we found that FastText embeddings with cosine similarity approach outperform
other methods and provide a BLEU score and 𝐹1 score of 89.5 and 0.9180 in test data I, respectively. Similarly, it
provides the BLEU score and the 𝐹1 score of 43.7 and 0.433 in test data II, respectively. The word embedding model
contributes to the building of scalable, robust, and inclusive QA systems that can support access to information
for millions of Indian language speakers.
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1. Introduction

Question answering (QA) is an application of Information retrieval (IR) and Natural language processing
(NLP) that answer user generated natural language queries. In general, the QA system is divided into
two types based on the source of knowledge. The first type is extractive or closed domain; it uses
span extraction from the available context to answer questions. The second type is generative, or open
domain, which utilizes multiple large-scale data sources, such as the Web, documents, and journals, to
answer questions. As people want quick and relevant information, so the application of QA system in
different fields such as healthcare, education, business, and regular life through digital assistants.
In traditional search engine, the user gets a list of documents, websites, or references based on

simple keyword matching; however, a QA system provides concise, accurate, and contextually relevant
answers by understanding the user’s query. The most important features of a QA system is their
ability to understand natural language queries and provide relevant information from structured or
unstructured sources. The QA systems and Generative AI based conversational tools are a lot different.
Large language models like ChatGPT would operate in a much broader scope and ability to keep track
of context across multiple turns and perform in a more natural, open-ended manner. However, the QA
system provides answers in a specific domain.

Advanced search engines, virtual assistants, and a conversational AI system are built for high-resource
languages such as English and European languages [1] [2]. However, there is less availability of such
AI system in low- resource languages. Developing an AI system for low resource languages closes the
digital divide and makes it easier for people to access digital services, healthcare, and education. The
development of QA systems for low-resource languages is of immense importance inmaking information
access more inclusive and equitable. In this study, we explore a QA system for the low-resource Indian
language.
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1.1. Task Description

FIRE 1 (Forum for Information Retrieval Evaluation) organized a shared task on the QA system for
Varanasi Tourism (VATIKA 2). The VATIKA [3] data set comprises ten different data from the tourism
domain. Domains are included, such as Ganga aarti, cruise, food court, public toilet, kund, museum,
general, ashram, temple, and travel. Each domain includes detailed paragraph-level Hindi contexts
followed by multiple QA pairs. The data set is divided into four main parts i.e; train, validation, test
data I, and test data II. QA pairs of different training data comprise the unique ID, question, and answer.
An example of a Hindi QA pair training data and test data is shown in Fig. 1 and Fig. 2. In test data II,
the user generates a predicted answer for a particular query. The statistic of the VATIKA data set is
shown in Table 1.

{

"domains": [

{

"domain": "kund",

"contexts": [

{

"context": "भागीरथ कंुड प.ं दीन दयाल उपाध्याय रलेवे स्टेशन से 14.1 किलोमीटर दरू ह।ै स्टेशन से कंुड तक

पहँुचने के लिए टैक्सी, कैब, या बस सेवाओं का उपयोग किया जा सकता ह।ै यह स्टेशन पूर्व में मुगलसराय के नाम से जाना जाता

था और भारत के प्रमुख रले जकं्शनों में से एक ह।ै यहाँ से भागीरथ कंुड तक की यात्रा वाराणसी की ऐतिहासिक गलियों और घाटों

के दृश्य प्रदान करती ह।ै इस यात्रा में भक्तों को वाराणसी की सांस्कृतिक विरासत का अनुभव मिलता ह,ै जो इस धार्मिक स्थल के

महत्व को और भी बढ़ा देता ह।ै",

"qas": [

{

"id": "kund_636",

"question": "भागीरथ कंुड प.ं दीन दयाल उपाध्याय रलेवे स्टेशन से कितना किलोमीटर दरू ह?ै",

"answer": "भागीरथ कंुड प.ं दीन दयाल उपाध्याय रलेवे स्टेशन से 14.1 किलोमीटर दरू ह।ै"

},

{

"id": "kund_637",

"question": "भागीरथ कंुड प.ं दीन दयाल उपाध्याय रलेवे स्टेशन से कैसे पहँुच सकते ह।ै",

"answer": "भागीरथ कंुड तक पहँुचने के लिए प.ं दीन दयाल उपाध्याय रलेवे स्टेशन से टैक्सी, कैब, या बस

सेवाओं का उपयोग किया जा सकता ह।ै"

}

]

}

]

}

]

}

Figure 1: Example of train, validation, test data I in VATIKA data set

1https://fire.irsi.org.in/
2https://sites.google.com/view/vatika-2025/



{

"domains": [

{

"domain": "kund",

"contexts": [

{

"context": "आदिकेशव कंुड, जो वाराणसी के प्राचीन राजघाट के निकट स्थित ह,ै वरुणा एवं गगंा नदियों के पावन

संगम स्थल पर स्थित एक अत्यतं धार्मिक और सांस्कृतिक दृष्टि से महत्त्वपूर्ण स्थान ह।ै इसे भगवान विष्णु को समर्पित एक दिव्य

स्थल के रूप में पूज्य माना जाता ह।ै भारतीय संस्कृति एवं धर्मशास्त्रों में गगंा-वरुणा के इस संगम का अत्यधिक आध्यात्मिक एवं

सांस्कृतिक महत्व ह,ै जिसे स्नानादि कर्मों के माध्यम से पापों से मुक्ति और पुण्य प्राप्ति का अभिन्न स्रोत माना जाता ह।ै श्रद्धालु इस

कंुड में स्नान कर आत्मशुद्धि की अभिलाषा रखते हैं तथा इसे वाराणसी की समृद्ध ऐतिहासिक एवं धार्मिक विरासत का अनिवार्य अगं

मानते हैं। यह स्थल वाराणसी की ऐतिहासिक और धार्मिक धरोहर का हिस्सा ह।ै",

"qas": [

{

"id": "kund_001",

"question": "आदिकेशव कंुड किन नदियों के संगम पर स्थित है और इसका धार्मिक महत्व क्या ह?ै",

"answer": ""

},

{

"id": "kund_002",

"question": "आदिकेशव कंुड का संबधं किस देवता से है और श्रद्धालु यहाँ क्यों आते हैं?",

"answer": ""

},

{

"id": "kund_003",

"question": "आदिकेशव कंुड को वाराणसी की धार्मिक विरासत में कैसे देखा जाता ह?ै",

"answer": ""

}

]

}

]

}

]

}

Figure 2: Example of test data II in VATIKA data set

Table 1
VATIKA Dataset

Split Contexts QA Pairs

Train 5244 13092
Validation 1134 2798
Test Data-I 1143 2902
Test Data-II 430 1196

The paper is organized as follows. Section 2 presents previous research conducted in the QA domain.
The preprocessing step and the model architecture are presented in Section 3. The experimental results
and their analysis are described in Section 4. Finally, we conclude with the direction of future work in
Section 5.



2. Related Work

Early research work on QA systems relied heavily on human effort, both in data curation and annotation.
Researchers often used Wikipedia articles, newswire text, and encyclopedias as sources of factual
knowledge because there were not many large-scale machine-readable datasets available. In recent
years, several methods have been explored, such as machine learning, deep learning, and transformer-
based models to deal with the QA system. In this section, we look at some existing studies on QA
systems.

QA systems for English and other high-resource languages have come a long way [4] [5]. However,
a few research has been conducted on low-resource Indian languages. Nanda et al. [6] implemented a
machine learning approach for the Hindi QA system. The approach includes accessing natural language
queries, feature extraction, and classification. They trained a Naive Bayes classifier to identify the
correct label class for a given query. They evaluated the performance on two test data and achieved an
accuracy of 92% and 88%. Hermjakob [7] combined the Penn treebank training corpus with the question
treebank for the classification of questions. The experimental results show that by adding question
sentences for training, the accuracy increases from 65.5% to 97.3%. Zhang and Lee [8] evaluated the five
machine learning algorithms: nearest neighbors, naïve bayes, decision tree, sparse network of windows,
and support vector machine. They trained the learning algorithms on different length of datasets and
tested on the TREC 3 dataset. They found that the SVM algorithm outperformed the four other methods
in the question classification.
Abdel-Nabi et al. [9] report a survey on different deep learning models to build a QA system. They

found that different deep learning models such as the convolutional neural network, recurrent neural
network, attention-based, hybrid models, graph-based models, generative model, and reinforcement
learning-based models were used for different QA systems. They evaluated the effectiveness of the QA
system in a wide range of evaluation metric. Tan et al. [10] used the BiLSTM model to generate the
embeddings of the questions and answers. They used two data sets, i.e. TREC-QA 4 and InsuranceQA 5

to evaluate an QA system. The QA-LSTM/CNNwith attentionmechanism provides the best performance
on TREC-QA. Similarly, QA-LSTM with attention offers the best performance in InsuranceQA. Tay et
al. [11] proposed holographic dual LSTM (HD-LSTM) for QA system. They found that extensive feature
engineering was not required to build a deep learning-based QA system. They noticed that the MAP
score for HD-LSTM is 0.7042 which outperformed the baseline LSTM (1 layer) with a MAP score of
0.6280. Similarly, the HD-LSTM MRR score is 0.7733 outperformed the baseline LSTM (1 layer) with a
MRR score of 0.6960. Peng and Liu [12] presented an attention-based convolutional neural network
model for the QA system. The experimental results show that the attention-based convolutional neural
network performs better than CNN and the LSTM model.

Several benchmark data sets have been created to test cross-lingual abilities such as XQuAD (Artetxe
et al. [13]), MLQA (Lewis et al. [14]), and TyDi QA (Clark et al. [15]). These corpora use a translation-
based approach or parallel corpora to cover many languages. These resources enable a systematic
evaluation of cross-lingual transfer, where models are trained in high-resource languages and tested in
low-resource settings. The data set also helps advance research on multilingual QA. In Indian languages,
there is less availability of annotated QA datasets on the Web. Hence, the researcher explored zero-shot
transfer [14], few-shot fine-tuning [16], and synthetic data generation [17] to build their own customized
datasets. These strategies are helpful, but the more complex morphology of Indian languages often
limits their effectiveness.

To address these limitations, several Indian language datasets have been developed. IndicSQuAD [18],
dataset is developed by translating the English SQuAD dataset into ten major Indian languages. The
resource is fine-tuned with both monolingual BERT and multilingual models such as MuRIL-BERT
(Khanuja et al. [19]). They found that language-specific BERT outperformMurilBERT in different Indian
languages. IndicQA is another tool that presents a standard for both extractive and abstractive QA in

3https://huggingface.co/datasets/CogComp/trec
4https://huggingface.co/datasets/lucadiliello/trecqa
5https://huggingface.co/datasets/deccan-ai/insuranceQA-v2



different Indian languages [20]. They explored different LLM for QA. They explored two inferences,
that is, translate test and direct test in different Indian languages. In the translate test, the input is
translated into English, and the output is translated into Indian language. In the direct test, both the
input and the output are in the native language. They found that the translate test provides better
performance than the direct test in all Indian languages.
IndicBERT (Doddapaneni et al. [21]) is a lightweight transformer model built on the ALBERT ar-

chitecture and trained on IndicCorp, a large collection of monolingual Indian languages. IndicBERT
supports zero-shot transfer and cross-lingual generalization, allowing a model trained in one Indian
language to transfer knowledge to others. Compared to multilingual models such as mBERT [22] or
XLM-RoBERTa [23], IndicBERT requires fewer parameters while maintaining competitive performance,
making it more suitable for languages with low resources. Doddapaneni et al. [21] show that the
combination of IndicBERT and Samanantar provides a better avg 𝐹1 score than MuRIL and mBERT in
different Indian languages. Samanatar [24] is the largest publicly available parallel corpora collection
for eleven Indian languages. Together, these datasets and models are the building blocks for furthering
QA research in Indian languages.

3. Proposed Methodology

We explore the QA system in three steps: data pre-processing, model design, and evaluation. In the
preprocessing step, the data set is tokenized, segmented, and presented in a structured format. The QA
model is designed using traditional similarity-based methods with modern embedding-based approaches.
Finally, we evaluate the QA system using standard evaluation metrics.

3.1. Data Preprocessing

The data set is presented in SQuAD-like [25] JSON structure that contains context, question, and answer.
We implemented different preprocessing steps and presented the data in a structured tabular format.
Then, each QA pair is presented in the following way.

Q = question, C= { c1,c2,…,cn }, Atext = ground truth answer text. where C is the set of candidate
sentences in the context. The goal is to identify the sentence in context C that best answers the question
Q. For every method, the question and context sentences are converted into a vector space, and the
similarity is measured.

3.2. Model Architecture

Word embeddings are compact, low-dimensional vector representations of words that contain syntactic
and semantic characteristics of words within a continuous space. Embeddings place words with similar
meanings nearer to each other in the vector space. This feature enables them to be very efficient for
NLP activities such as named entity recognition [26] and sentiment analysis [27]. In this study, we
explore different word embedding models to capture semantic similarity between question and answer
and develop an efficient QA system.

3.2.1. FastText embeddings with cosine similarity approach

We use pre-trained FastText [28] embeddings 6 to represent words in a dense vector space. We tokenize
the input text, and the embedding method presents each word to a 300-dimensional embedding vector.
The mean embeddings of all words in the sentence to obtain sentence-level representations for both
the context and the question. The averaging produces fixed-size sentence vectors that capture the
semantic meaning of the text. For each question–answer pair, we represent the context and the question
as separate vectors and compute the cosine similarity between the question vector and the sentence
vectors of the context. The sentence with the highest cosine similarity score is selected as the predicted

6https://fasttext.cc/docs/en/crawl-vectors.html



answer. The approach assumes that semantically similar sentences, based on the embedding space, are
more likely to contain the correct answer span.

3.2.2. FastText embeddings with machine learning approach

We explore pre-trained FastText embeddings to represent text in a continuous vector space. Individually,
word is mapped to a 300-dimensional embedding. The sentence representations for both context and
question are received by averaging the embeddings of their constituent words. For every question–an-
swer pair, we calculate a context vector and a question vector, then concatenated to construct the final
feature representation. In the dataset, the annotated answer positions are used to make labels that
match the training samples. These concatenated vectors are used to train a ridge regression model. The
system learns to connect the input representation to the correct answer spans. The performance of the
model is evaluated using the predicted and actual answers.

3.2.3. Word2Vec Embeddings

We investigate pre-trained Word2Vec [29] embeddings to obtain distributed representations of words.
A fixed dimension dense vector is used to represent each token in the dataset, regardless of whether it
originates from the context or the question. Word2Vec captures semantic similarity by putting words
with similar meanings closer together in the embedding space. This is especially beneficial for dealing
with different Hindi vocabulary. The system uses these embeddings to turn both context passages and
questions into machine-readable form that keeps the meaning of the words. To make sentence-level
representations, we determine the average of the Word2Vec embeddings of all the tokens in a certain
text span. This gives us vectors of the same size for both the question and each sentence in the context.
The idea is that the aggregated embedding captures the main meaning of the text span, allowing to
compare the question and context in the same vector space. Then, we use cosine similarity to check
similarity in the sentence and question vector in the embedding space. We used the following parameter
to experiment with the Word2Vec model which is presented below in Table 2.

Table 2
Parameters of Word2Vec model

Parameter Name Value

vector_size 100
window 5
min_count 1
workers 4

4. Results and Analysis

In the QA system, we explore different embedding-based approaches to extract the answers from the
context. To evaluate the effectiveness of the system, we use evaluation metrics such as the BLEU score,
the ROUGE score, and the 𝐹1 score. The evaluation score of different embedding models is presented in
Tables 3-8. Moreover, the effectiveness of different word embedding models is presented graphically in
Figures 3a-5b. From the evaluation results, we found that the FastText method with cosine similarity
(CS) outperforms other methods in both Test data I and II in terms of BLEU and 𝐹1 score. A better BLEU
and 𝐹1 scores says that FastText embeddings are better at getting exact matches and subword-level
accuracy. Word2Vec model provides the best ROUGE scores in test data I as shown in Table 5 whereas
Fasttext with machine learning offers the best ROUGE scores in test data II as shown in Table 6. A better
ROUGE score indicates that FastText with the ML model captures broader contextual and structural
similarity. In Table 4, FastText with cosine similarity (CS), BLEU scores start relatively high at the
unigram level but decrease with higher n-grams, reaching very low at BLEU-4. The results demonstrate



that the ground truth answer is present in the system-generated output but not sequentially. From
the analysis of the results, we found that FastText with CS provides optimal performance on different
evaluation metric and provides competitive performance on shared task leaderboard. The evaluated
model is most suitable for the Hindi QA system.

Table 3
BLEU scores using different methods on Test Data I

Method BLEU-1 BLEU-2 BLEU-3 BLEU-4

FastText + Cosine Similarity 89.50 88.53 88.10 87.70
Word2Vec 83.23 82.23 81.56 80.71
FastText + Machine Learning 67.47 66.65 66.13 65.36

Table 4
BLEU scores using different methods on Test Data II

Method BLEU-1 BLEU-2 BLEU-3 BLEU-4

FastText + Cosine Similarity 43.7 22.9 14.8 10.8
Word2Vec 41.3 20.9 14.3 10.6
FastText + Machine Learning 39.3 17.5 10.6 7.6

Table 5
ROUGE scores using different methods on Test Data I

Method ROUGE-1 ROUGE-2 ROUGE-L

Word2Vec 0.4715 0.2956 0.4715
FastText + Cosine Similarity 0.4604 0.2845 0.4604
FastText + Machine Learning 0.3702 0.2182 0.3702

Table 6
ROUGE Scores using different methods on Test Data II

Method ROUGE-1 ROUGE-2 ROUGE-L

FastText + Machine Learning 0.0790 0.0452 0.0790
FastText + Cosine Similarity 0.0577 0.0260 0.0577
Word2Vec 0.0552 0.0226 0.0552

Table 7
QA-𝐹1 score using different methods on Test Data I

Method QA-𝐹1
FastText + Cosine Similarity 0.9180
Word2Vec 0.8330
FastText + Machine Learning 0.6711

5. Conclusion

The question-and-answer is an important downstream task in the text analysis domain. In this study,
we explore various embedding-based methodologies for developing a QA system in Hindi. From the



Table 8
QA-𝐹1 score using different methods on Test Data II

Method QA-𝐹1
FastText + Cosine Similarity 0.433
Word2Vec 0.394
FastText + Machine Learning 0.280

(a) (b)

Figure 3: (a) QA Performance BLEU score on Test Data I (b) QA Performance BLEU score on Test Data II

(a) (b)

Figure 4: (a) QA Performance ROUGE score on Test Data I (b) QA Performance ROUGE score on Test Data II

(a) (b)

Figure 5: (a) QA Performance QA-F1 score on Test Data I (b) QA Performance F1 score on Test Data II



evaluation results, we found that FastText with cosine similarity outperformed other methods, achieving
the highest BLEU and QA-𝐹1 scores on different test data. In general, the results show that simpler
similarity-based methods provide better performance for Hindi QA than the traditional machine learning
method. In the future, we can explore transformer-based models to build the Hindi QA system and
improve the robustness in real-world applications.

Declaration on Generative AI

During the preparation of this work, the author(s) used ChatGPT, QuillBot in order to: Spelling Check,
Paraphrase and reword. After using this tool/service, the author(s) reviewed and edited the content as
needed and take(s) full responsibility for the publication’s content.
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