
Proceedings of the 14th International Joint Conference on Natural Language Processing and the 4th Conference of the Asia-Pacific Chapter of the Association for
Computational Linguistics, pages 2478–2489

December 20-24, 2025 ©2025 Association for Computational Linguistics

IndicClaimBuster: A Multilingual Claim Verification Dataset

Pritam Pal, Shyamal Krishna Jana and Dipankar Das
Jadavpur University, Kolkata, India

{pritampal522, shyamalkrjana516, dipankar.dipnil2005}@gmail.com

Abstract

The present article introduces IndicClaim-
Buster, a novel multilingual claim verification
dataset comprising ≈ 9K claims and their cor-
responding evidence in English, Hindi, Ben-
gali, and Hindi-English CodeMixed texts. The
data set covers three key domains: politics,
law and order, and health, to address the chal-
lenges of verifiable facts. Each claim was
sourced from reputable Indian news portals
and is accompanied by three pieces of ev-
idence, two LLM-generated and one man-
ually curated. Additionally, a separate at-
tempt was conducted to generate refuted claims
by employing an LLM. We further develop
two frameworks: an unsupervised baseline
and a two-stage pipeline that comprises evi-
dence retrieval and veracity prediction mod-
ules. For retrieval, we fine-tuned SBERT mod-
els, with e5-base demonstrating superior av-
erage performance across languages, whereas
for veracity prediction, multilingual transform-
ers (mBERT, XLM-R, MuRIL, IndicBERTv2)
were fine-tuned. Results indicate MuRIL and
IndicBERTv2 excel in Indian languages, while
XLM-R performs the best for CodeMix. Our
work contributes a high-quality multilingual
dataset and strong baseline methodologies, of-
fering valuable resources for advancing auto-
mated claim verification in linguistically di-
verse and low-resource settings for Indian lan-
guages. The IndicClaimBuster dataset is avail-
able at: https://github.com/pritampal98/indic-
claim-buster

1 Introduction

The proliferation of online misinformation and fake
news poses a significant challenge to information
integrity. While manual fact-checking remains cru-
cial, its scalability is severely limited by the sheer
volume of content, making it an increasingly la-
borious task to collect evidence and verify claims.
The demand for automated fact-checking tools is

particularly acute in India, where 33.7% of the pop-
ulation actively uses social media (Kemp, 2025),
and a substantial 63.5% of fake news propagates
through major social platforms like WhatsApp, In-
stagram, and Facebook1.

In recent years, researchers have developed var-
ious automated fact-checking tools and datasets
(Thorne et al., 2018; Wadden et al., 2020; Saakyan
et al., 2021; Aly et al., 2021; Schlichtkrull et al.,
2023). Concurrently, several prominent fact-
checking websites, such as ‘PolitiFact’2 and ‘Al-
tNews’3, have emerged. However, existing auto-
mated fact-checking methodologies and their asso-
ciated datasets are predominantly focused on the
English language. According to our literature, au-
tomated claim verification in widely spoken Indian
languages, such as Hindi and Bengali, remains
largely unexplored. While portals like ‘AajTak
Bangla’ and ‘AltNews Hindi’ offer fact-checking
services for Bengali and Hindi, their processes ap-
pear to be primarily manual, as detailed in their
methodologies45.

Hindi and Bengali are spoken by millions, with
Hindi being the official language of India and Ben-
gali widely used in West Bengal, Tripura, and as
the national language of Bangladesh. A unique
and significant challenge arises from Code-Mixed
texts, which are prevalent on social media plat-
forms (e.g., Twitter, Facebook) and in daily com-
munication. These texts involve a mixture of two or
more languages, such as Hindi and English, result-
ing in complexities including inconsistent grammar,
mixed vocabulary, and transliteration issues. De-
spite the rapid increase in Code-Mixed text usage,
automated claim verification in this domain is still
largely uncharted territory.

1https://bit.ly/fake-news-on-social-media
2https://www.politifact.com/
3https://www.altnews.in/
4https://bangla.aajtak.in/fact-check/methodology
5https://www.altnews.in/methodology-for-fact-checking/
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Our present research focuses on developing a
novel multilingual dataset and a robust frame-
work for claim verification tailored to Indian lan-
guages, including English, Hindi, Bengali, and
Hindi-English Code-Mixed texts. Leveraging a
combination of large language models (LLMs) and
meticulous manual human annotation, we have con-
structed a multilingual dataset containing 9,153
claims, each assigned a veracity label of either
SUPPORTS or REFUTES. The key contributions in
this paper can be summarized as follows:

• We develop a novel multilingual claim verifi-
cation dataset, ‘IndicClaimBuster’, comprising
claims in English, Hindi, Bengali, and Code-
Mix languages, with evidence sourced from both
LLMs and manual curation.

• Further, we propose an automated and cost-
effective approach to generate refuting claims
from supporting claims, utilizing the GPT-4.1
mini (OpenAI et al., 2024) model.

• Next, we develop a baseline veracity iden-
tification framework utilizing the ‘Smith-
Waterman’(Smith, 1981) algorithm.

• Finally, we establish a two-stage system: an
evidence retrieval framework employing a pre-
trained Sentence-BERT (SBERT) (Reimers and
Gurevych, 2019), followed by a veracity predic-
tion framework utilizing transformer models.

2 Related Work

Fact-checking is a time-consuming, yet crucial task
that requires a proper understanding of the sub-
ject matter. Prior research has addressed various
aspects of fact-checking. We categorize existing
work into two main areas: high-resource and low-
resource settings. In this section, we provide a brief
review of the contributions in each category.

Early efforts in high-resource languages, partic-
ularly English, include initial benchmark datasets
such as those by Popat et al. (2016) and Lim (2018),
each comprising approximately 4.5K records. Sub-
sequent datasets, such as the one by Hanselowski
et al. (2019) (6.4K records) and the ‘WatClaim-
Check’ dataset by Khan et al. (2022) (33K records),
further advanced the field. More recent work has
focused on increasing the scale and granularity of
the dataset. For instance, Saakyan et al. (2021) de-
veloped a dataset of 4K records distinguishing be-
tween supporting and refuting claims, while Jiang

and Wilson (2021) introduced a 13,696-record
dataset aimed at structuring misinformation sto-
ries (2,513 information and 11,183 misinformation
items). Lee et al. (2023) contributed a dataset of ap-
proximately 24,000 records to support data-driven
approaches. Larger-scale resources, such as Gan-
gopadhyay et al. (2024)’s dataset of 65K claims,
which analyzes claim characteristics and bias, and
the comprehensive ‘FACTors’ dataset by Altuncu
et al. (2025), containing 118K claims from 117,993
English reports, exemplify the trend towards exten-
sive high-resource datasets.

Beyond English, research has extended to other
languages to address language-specific challenges.
For example, Li et al. (2024) focused on fake
news detection in Chinese. Political fact-checking
bias detection has also attracted attention, with
Fernández-Roldán et al. (2023) working on Span-
ish datasets (313 records) and Lelo (2023) on Por-
tuguese datasets. Moreover, given the global scale
of misinformation, multilingual fact-checking ap-
proaches have emerged, demonstrated by the work
of Gupta and Srikumar (2021) and Quelle et al.
(2025).

Despite considerable progress in high-resource
languages such as English, Spanish, Chinese, and
Portuguese, a notable scarcity of fact-checking
datasets remains for Hindi. Similarly, low-resource
languages like Bengali lack adequate fact-checking
resources. To address this gap, we introduce a
well-curated fact-checking dataset, accompanied
by thorough analysis, for the Hindi and Bengali lan-
guages. Furthermore, recognizing the prevalence
of Code-Mixed communication, we also present
datasets covering Code-Mixed language, alongside
datasets in Hindi, Bengali, and English, thereby
contributing a comprehensive resource suite across
these languages.

3 Development of Dataset

The dataset construction involves four primary
stages: 1) Raw data collection, 2) Filtering of
Claim Sentences, 3) Evidence gathering, and 4)
Data annotation.

3.1 Data collection

The English, Bengali, and Hindi Texts were system-
atically collected from online sources, especially
from the headlines of reputed online news portals
such as ‘Aaj Tak’, ‘India TV’, ‘Sangbad Pratidin’,
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‘Live Law’, etc., using Python’s BeautifulSoup6

library. The headlines were specifically curated
from specific domains of healthcare, politics, and
law and order, as the majority of misinformation
is spread on the internet from these domains. All
the successfully extracted headlines, along with
their corresponding language tags, were stored in
an Excel spreadsheet for further processing. For
consistency, headlines were constrained to a length
of at least 10 words.

For Code-Mix data, no news portals were found
that have Hindi-English Code-Mix data. There-
fore, we utilized a portion of the Code-Mix dataset
originally compiled by Nayak and Joshi (2022) for
L3Cube. This dataset comprises approximately
40,000 Hindi-English Code-Mixed tweets, all pre-
sented in romanized script. However, the scope
of this pre-existing dataset did not entirely align
with our targeted domains (healthcare, law and
order, and politics). To address this, we imple-
mented a filtering methodology using the Llama
3.2 70B (Grattafiori et al., 2024) model. This
model was employed to identify and extract tweets
from the L3Cube Code-Mix dataset that specifi-
cally matched our predefined categories (See Ap-
pendix A for exact prompt).

3.2 Claim Sentence Filtration

A sentence is considered a claim if it asserts a con-
clusion or thesis that persuades an audience (Toul-
min, 2003). For example, “Covaxin gets emergency
use approval for kids aged 2-18 years” is a claim
as it declares a verifiable event. In contrast, “How
to know if your child is going through some mental
health issues?” is a non-claim as it asks a question
rather than asserting a fact.

To identify claims from collected data, eight un-
dergraduate computer science interns were tasked
with finding verifiable claims, resulting in 4,757
sentences extracted for evidence collection and ver-
ification.

3.3 Evidence Gathering

The evidence-gathering phase comprises two dis-
tinct methods: evidence collection using LLMs and
manual evidence collection.

Evidence collection using LLM: Leveraging
the state-of-the-art performance of LLMs across
various natural language processing tasks, we pri-
marily employed LLMs for automated evidence

6https://pypi.org/project/beautifulsoup4/

collection. Two distinct LLMs were selected for
this purpose: GPT-4o mini7 and DeepSeek-V3
(DeepSeek-AI et al., 2025). Each model was ac-
cessed via its corresponding API, and the following
prompt was utilized for evidence collection:

You are an efficient language model
that generates precise evidence for a
given news headline: "{claim}". Provide
a single, well-structured paragraph in
{lang} without repetition. Ensure the
response is within 120 words and does
not contain extra newlines or unnecessary
formatting.

Now, generate the evidence in {lang}
with these constraints.

This approach enabled the efficient and scalable
retrieval of preliminary evidence, which was sub-
sequently extended to manual evidence collection
and the selection of the best evidence to create a
robust dataset.

Manual Evidence Collection: While LLMs of-
fer an efficient preliminary approach to evidence
retrieval, our automated strategy faces inherent lim-
itations, particularly concerning the nuance, contex-
tual understanding, and the critical issue of halluci-
nation. LLMs may generate inaccurate or mislead-
ing evidence, a challenge that is particularly pro-
nounced for resource-constrained languages like
Bengali and Hindi, as well as for Code-Mixed texts.

To address these limitations and enhance the re-
liability of our dataset, we employed a team of ten
postgraduate human annotators from the Depart-
ment of Linguistics. These annotators possess ad-
vanced proficiency in reading, writing, and compre-
hending English, Hindi, Bengali, and Code-Mixed
texts, enabling them to provide a robust, human-
validated layer of evidence collection.

Annotators were instructed to collect concise and
informative evidence for each claim, drawing from
reputable sources such as government websites,
academic journals, and established news portals.
The initial guideline stipulated an evidence length
between 120 and 150 words to ensure conciseness
while capturing essential information.

However, during the annotation phase, it became
evident that strictly adhering to this word limit
was not always feasible without compromising the
comprehensiveness of the evidence. In certain in-
stances, to adequately encompass all critical infor-
mation necessary to support or refute a claim, the

7https://platform.openai.com/docs/models/gpt-4o-mini
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Figure 1: Overview of the data annotation pipeline: from data collection, through LLM-based evidence collection,
to manual evidence collection, and finally annotating the best evidence with a veracity label.

word count for a single piece of evidence occa-
sionally exceeded 200 words. This flexibility was
permitted to ensure the factual completeness and
contextual accuracy of the collected evidence, pri-
oritizing informational integrity over rigid length
constraints in such specific cases.

3.4 Best Evidence Selection and Veracity
Label Annotation

Following the collection of LLM-generated auto-
mated pieces of evidence and manual evidence, a
separate group of ten annotators from the linguis-
tics department was recruited, selected based on
their proficiency in reading and writing of our do-
main languages, along with demonstrated critical
thinking and analytical abilities. The ten annotators
were further divided into two groups, each contain-
ing five annotators, to identify the best piece of
evidence for each claim from three pieces of evi-
dence (two collected by LLMs, and one manually
curated), and assign a veracity label as SUPPORTS
or REFUTES to the claim based on the information
in the selected evidence. To guide the selection
of the best evidence, annotators were instructed
to prioritize candidates that met most or all of the
following criteria:
• Context Awareness: The evidence should be con-

textually relevant to the claim. Verify that the
response accurately represents the context and
does not oversimplify complex topics.

• Detailing and Depth: The evidence should be
detailed, explainable, and contain accurate infor-
mation. Brief evidence should be rejected. Look
for well-structured arguments rather than generic
responses.

• Source of Evidence: Pick the evidence where
proper sources or references are mentioned. Ver-

ify whether the sources are genuine.
• Objectivity and Bias: The evidence should be

neutral and should not contain any political or
other type of bias.

• Logical Consistency: Select the evidence that
logically supports/ refutes the arguments. Avoid
pieces of evidence that jump between unrelated
ideas and lack structured reasoning.

• Verification of Named Entities, Dates, and Num-
bers: An evidence contains factual information,
such as named entities, dates, or numbers (if
any), then the evidence can be considered reli-
able. However, the annotators cross-check named
entities, dates, and numbers in the evidence, if
available.
During the annotation of best evidence, anno-

tators were asked to rate the best evidence on a
scale of 10 to 50, where 10 indicates that the se-
lected best evidence doesn’t match the majority of
best evidence selection criteria, and 50 indicates
that the selected best evidence matches all the best
evidence selection criteria.

After identifying the best evidence, annotators
proceeded to assign a veracity label based on the
selected evidence. Final decisions on both best ev-
idence and veracity labels were made only when
there was consensus between the two annotators in
the group. Inter-annotator agreement was measured
using Fleiss’ Kappa (Fleiss, 1971) and Gwet’s AC1
(Gwet, 2006). For the best evidence annotation,
Fleiss’ Kappa was 0.69, and Gwet’s AC1 was 0.83,
indicating substantial agreement. For the veracity
labeling task, Fleiss’ Kappa was 0.53 and Gwet’s
AC1 was 0.90, suggesting strong reliability. Cases
with annotation conflicts were subsequently re-
viewed and resolved by the authors. The overall
annotation process is depicted in Figure 1.
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3.5 Generation of Refute Claims

With the manual annotation process, 4,396 and
361 claim-evidence pairs were annotated with
SUPPORTS and REFUTES labels. This is quite jus-
tifiable as all the English, Hindi, and Bengali data
were collected from reputed news articles; there-
fore, the number of refuted claim-evidence pairs
is too few. Only the majority of refuted claim-
evidence pairs were observed in Code-Mix texts
(300 claim-evidence pairs). The reason behind
this is that the Code-Mix data were originally cu-
rated from Twitter; therefore, the number of refuted
claim evidence pairs is comparatively higher.

Developing a framework with highly imbalanced
data will result in a biased model, specifically for
English, Hindi, and Bengali, where a very small
number of claim-evidence pairs are refuted.

Therefore, we used a comparatively economic
and faster way to generate refute claims from the
claim-evidence pairs with SUPPORTS label by alter-
ing the critical keywords in the original claim. We
utilized the GPT 4.1 mini8 to generate the refuted
claim from the original supported claim. The GPT
4.1 mini model was first instructed to identify im-
portant keywords from the claim, such as names,
locations, events, quantities, and dates. Next, it
was asked to replace these keywords with realistic
alternatives and then rewrite the claim in a way that
makes it believable and human-like. Along with the
prompt, we provided one example for each of the
English, Hindi, Bengali, and Code-Mix languages
(See Appendix B).

After the process of generating refuted claims,
a total of 2,959 claims in English were created.
This included 1,479 supportive claims and 1,480
refuted claims. For the other languages, the num-
bers were as follows: Hindi had 1,393 claims (689
supportive and 704 refuted), Bengali had 2,853
claims (1,404 supportive and 1,449 refuted), and
Code-Mix had 1,948 claims (824 supportive and
1,124 refuted). Figure 2 illustrates some examples
of original supportive claims alongside their corre-
sponding refuted claims.

4 Methodology

We developed two approaches for claim verifica-
tion using our dataset: an algorithm-based method
utilizing the Smith-Waterman algorithm and a two-
stage framework that includes evidence retrieval

8https://platform.openai.com/docs/models/gpt-4.1-mini

Original Claim: Muslim Constable wants to hang
Kasab, writes to Home Minister
Generated Claim: Hindu Officer urges strict action
against Kasab, appeals to Defence Minister 

Original Claim: संसद के  बजट सत्र का दू सरा चरण 25
अप्रैल से शुरू (Translation: The second phase of the budget
session of Parliament begins on April 25)
Generated Claim: संसद का बजट सत्र का तीसरा चरण
30 अप्रैल से शुरू होगा। (Translation: The third phase of the
budget session of Parliament will begin from April 30. )

Original Claim: ৪৫ লক্ষ টাকার ব্যাঙ্ক জালিয়াতি,
লালবাজারের হাতে ‘কু খ্যাত’ শেখ বিনোদ (Translation:
Bank fraud of Rs 45 lakh, 'notorious' Sheikh Vinod arrested in
Lalbazar)
Generated Claim: ৩৫ লক্ষ টাকার ব্যাঙ্ক জালিয়াতির
অভিযোগে, কলকাতা পুলিশের হাতে ধরা পড়ল
সন্দেহভাজন রাজীব মিত্র। (Translation: Suspect Rajiv
Mitra was arrested by Kolkata Police on charges of bank fraud
of Rs 35 lakh.)

Original Claim: christian dharam me cheating karna
shikhate hai kya christian me convert ho rahe hai vo
document me apne apko hindu sc st bata rahe hai
(Translation: Do they teach cheating in Christianity? Those
who are converting to Christianity are identifying themselves as
Hindu SC/ST in documents.)
Generated Claim: Christian dharm me dhokha dena
sikhaya jata hai kya? Jo log Christian me convert ho
rahe hain, wo apne documents me apne aap ko Hindu
OBC bata rahe hain. (Translation: Is deceit taught in
Christianity? The people who are converting to Christianity are
identifying themselves as Hindu OBC in their documents.)

Ex 1:

Ex 2:

Ex 3:

Ex 4:

Figure 2: Original claim and its corresponding refuted
claim generated by GPT 4.1 mini

and verification with pre-trained transformer mod-
els. Before detailing our methodology, we split the
dataset into train and test sets, as shown in Table 1.

Split Language #SUPPORTS #REFUTES

Train All 3502 3819

Test

English 297 295
Hindi 141 138
Bengali 280 291
Code-Mix 176 214

Table 1: Distribution of test and all training instances.

Task Formulation: Given a claim ci and a com-
prehensive pool of evidence E, which includes
all Evidence_1, Evidence_2, and Evidence_3
items from the whole dataset. Each claim is as-
sociated with a best evidence ebest,i(ebest,i ∈ E)
and a corresponding veracity label v(ci, ebest,i) ∈
{SUPPORTS,REFUTES}. The objective is to:

1. For a given claim ci, retrieve a set of
up to five pieces of evidence, denoted as
{ê1,i, . . . , êk,i}; k ∈ {1, 3, 5}, from the evi-
dence pool E.
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2. Predict the veracity label of the claim ci uti-
lizing the retrieved evidence {ê1,i, . . . , êk,1}
as SUPPORTS or REFUTES. This can be mathe-
matically formulated as v̂(ci, {ê1,i, . . . , êk,i} ∈
{SUPPORTS,REFUTES}.

4.1 Baseline System
This section presents an algorithm-based baseline
system for veracity prediction using claims and an-
notated best evidence pairs from the dataset. The
core of the algorithm operates on pairwise sequence
alignment of claim and evidence pairs. To deter-
mine the pairwise sequence alignment score, we
employ the Smith-Waterman sequence alignment
algorithm 1. The evaluation of the evidence follows
a series of steps, which are outlined in algorithm 2.

Algorithm 1 SmithWatermanModified

Require: seq1, seq2
1: m← size(seq1), n← size(seq2)
2: scoringmat[m+ 1][n+ 1] of floating value
3: match ← lagnmatch, gap ← −1, mismatch ← −1,

score← 0, maxscore← 0
4: for i from 0 to (m+1) do
5: scoringmat[i][0]← 0
6: end for
7: for j from 0 to (n+1) do
8: scoringmat[0][j]← 0
9: end for

10: for i from 0 to (m+1) do
11: for j from 0 to (n+1) do
12: if seq1[i− 1] = seq2[j − 1] then
13: score← match
14: else
15: score← mismatch
16: end if
17: scoringmat[i][j]← max(0, scoringmat[i][j −

1] + gap, scoringmat[i− 1][j] + gap, scoringmat[i−
1][j − 1] + score)

18: if maxscore ≤ scoringmat[i− 1][j − 1] then
19: maxscore← scoringmat[i][j]
20: end if
21: end for
22: end for
23: return maxscore

The Smith-Waterman algorithm has three pri-
mary parameters: match, mismatch, and gap
penalty. When a match is found, it generates a
score, with match-score values being language-
specific. For English, Hindi, Bengali, and Code-
Mix, the match-score value was fixed to specific
values of 2.5, 3, 3, and 8, respectively. These match
scores were determined through trial and error us-
ing the training data.

This score is represented by the variable
lagnmatch. In cases of mismatches or gaps be-
tween pairs, the algorithm deducts a small fixed
amount from the score; both gap and mismatch

Algorithm 2 Claim Verification with Evidence scoring

Require: dataset
Require: scoree[size(dataset)] of floating values
1: org ← dataset[label]
2: for i from 0 to size(dataset) do
3: ct, et ← Tokenize(dataset[claim][i],

dataset[evidence][i]) ▷ [word index tokenization]
4: score← SmithWatermanModified(ct, et)
5: scoree[i]← score

size(ct)

6: i← i+ 1
7: end for
8: for i from 0 to size(scoree) do
9: if τ ≤ scoree[i] then

10: pred← 1
11: else
12: pred← 0
13: end if
14: end for
15: prec← Precision_Score(pred, org),
16: rec← Recall_Score(pred, org)
17: f1← F1_Score(pred, org)

penalties are set to -1 for all language types. The
final score is stored in a designated variable.

From Algorithm 1, after getting the maxscore
from the Smith-Waterman algorithm, it was evalu-
ated in Algorithm 2 and applied a threshold value
(τ = 0.5) to classify the predicted scoree and get
the predicted label of the claim. Finally, the perfor-
mance was evaluated by comparing the predicted
labels with the original labels.

4.2 Two Stage Framework

This section provides a brief overview of the two-
stage framework, comprising evidence retrieval and
veracity prediction.

4.2.1 Evidence Retrieval
The evidence retrieval framework utilizes pre-
trained multilingual SBERT models, specifically
‘LaBASE’ (Feng et al., 2022), ‘multilingual-e5-
base’ (Wang et al., 2024), ‘multilingual-mpnet-
base’ 9, and ‘xlm-r’ 10. These models were fine-
tuned on the training dataset to improve their abil-
ity to understand the semantic similarity between
claims and evidence pairs. The goal of this fine-
tuning process was to learn an embedding function,
represented as SBERT (·), that maps semantically
similar texts to close points in a high-dimensional
vector space.

For fine-tuning, the training samples were con-
structed to allow the models to distinguish between
relevant and irrelevant pieces of evidence specifi-
cally. Given a claim ci from the training set, which

9https://bit.ly/paraphrase-multilingual-mpnet-base-v2
10https://bit.ly/paraphrase-xlm-r-multilingual-v1
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was associated with its best evidence ebest,i, a posi-
tive pair (ci, ebest,i) was assigned a label of y = 1,
indicating high semantic similarity. To facilitate
the model’s discriminative learning, a negative pair
was created by randomly sampling an evidence
piece erand,i(erand,i ∈ E) from the evidence pool
E where erand,i ̸= ebest,i. This negative pair
(ci, erand,i) was assigned a label of y = 0, with
a significantly low semantic similarity.

The CosineSimilarityLoss was utilized to
maximize the cosine similarity between the embed-
dings of positive pairs (where y = 1) and minimize
the cosine similarity between the embeddings of
negative pairs (where y = 0). The optimization
was performed using the AdamW (Loshchilov and
Hutter, 2019) optimizer, configured with a learning
rate of 2e-5, a weight decay of 0.01, and an epsilon
value of 1e-8.

Following the fine-tune process, the entire evi-
dence pool E was transformed to a scalable embed-
ding space. This was achieved by encoding the evi-
dence piece ej ∈ E into a dense vector embedding
Vej = SBERT (ej) using the finetuned SBERT
model. For a given query claim cq, the evidence re-
trieval framework operates as follows: 1) The query
claim cq is first encoded into its vector embedding
Vcq = SBERT (cq). 2) The cosine similarity is
then computed between the claim’s embedding Vcq

and the embedding of every evidence piece Vej in
the entire evidence pool E. This yields a set of sim-
ilarity scores scorej = cos_sim(Vcq , Vej |ej ∈ E).
3) Finally, the framework returns top k evidence
pieces from the evidence pool E that exhibit the
highest cosine similarity scores with the claim cq.

4.2.2 Veracity Prediction
The veracity prediction framework employs sev-
eral pre-trained multilingual transformer models,
specifically multilingual BERT (mBERT) (De-
vlin et al., 2018), XLM-RoBERTa (XLM-R) (Con-
neau et al., 2019), MuRIL (Khanuja et al., 2021),
and IndicBERTv2 (Doddapaneni et al., 2023).
While mBERT and XLM-R were pre-trained on
a broad spectrum of languages (104 and 100 lan-
guages, respectively, including Indian languages
such as Hindi and Bengali), MuRIL and In-
dicBERTv2 were specifically designed and trained
with Indian linguistic contexts in mind. This spe-
cialized training enables MuRIL and IndicBERTv2
to process Indian languages more effectively than
mBERT and XLM-R.

Framework Description: The input to the

framework consists of a claim ci concatenated with
a set of retrieved evidence pieces {ê1,i, . . . , êk,i}.
To distinctly separate the claim and evidence com-
ponents for the model, a specific formatting scheme
was applied. The claim portion was prefixed with
‘[CLAIM]:’ followed by two newline characters
(\n\n), which then precede ‘[EVIDENCE]:’ and the
evidence text.

The concatenated input was subsequently tok-
enized into a fixed sequence length of 512 tokens.
Tokenization was performed using the tokenizer
corresponding to the specific transformer model.
These tokenizers generate sequences of input IDs
and attention masks, which were then fed as input
to their respective transformer encoders.

Following the transformer encoder, the pooled
output was derived from the last hidden state repre-
sentation of the special starting token (e.g., [CLS]
for mBERT, MuRIL, and IndicBERTv2, and <s>
for XLM-R model)11. This pooled output was ob-
tained by applying a learned linear transformation
followed by a tanh activation function. The result-
ing pooled representation then undergoes a dropout
layer with a rate of 0.2.

Classification: For classification, the output
of the dropout layer was passed through an output
layer of 2 hidden units, corresponding to the num-
ber of veracity classes (SUPPORTS/REFUTES).
This output layer utilizes the softmax activation
function to produce class probabilities.

Training: For training, the training data was
split into 90% for training and 10% for validation.
The SparseCategoricalCrossEntropy loss func-
tion was used with a learning rate of 2e-5, and op-
timization was done with the AdamW optimizer, set
to a weight decay of 0.01 and epsilon of 1e-8. The
frameworks were trained for up to 10 epochs with
a mini-batch size of 8.

5 Experiment and Results

This section summarizes the experimental setting
and outcomes for the evidence retrieval and verac-
ity prediction task on the test data.

5.1 Experimental Setup

All models for evidence retrieval and veracity pre-
diction were trained using PyTorch and Tensor-
Flow, utilizing an NVIDIA RTX-5000 GPU. Pre-
trained transformer models and tokenizers were

11[CLS] and <s> are special tokens that typically represent
the aggregate sequence information.

2484



obtained from the HuggingFace library. The fine-
tuned evidence retrieval models were evaluated
with Success@k for k ∈ {1, 3, 5}, while the verac-
ity prediction models’ performance was measured
using the macro-averaged F1-score.

Success@k =

{
1 if E(c) ∈ {ê1, ê2, . . . , êk}
0 otherwise

During training, only gold evidence (the best evi-
dence as determined by annotators) was used for
veracity label prediction. Evaluation utilized three
sources: gold evidence, top-1 retrieved evidence,
and top-3 retrieved evidence from the best evidence
retrieval model. The algorithm-based approach was
assessed only with gold evidence.

5.2 Results

Evidence Retrieval: The results of the Evidence
Retrieval task, shown in Table 2, indicate that the
e5-base model performs best overall for English
and Bengali. For English, it achieved Success@5,
Success@3, and Success@1 scores of 70.10%,
58.61%, and 25.52%, while for Bengali, the scores
were 59.02%, 51.14%, and 29.77%.

Model Language S@5 S@3 S@1

LaBASE

English 62.16 51.18 25.68
Hindi 82.44 69.18 24.73
Bengali 54.14 47.99 26.21
Code-Mix 23.59 18.72 11.03

e5-base

English 70.10 58.61 26.52
Hindi 78.14 68.46 45.52
Bengali 59.02 51.14 29.77
Code-Mix 24.10 18.72 10.51

MPNet

English 59.80 49.16 21.28
Hindi 69.89 51.97 19.71
Bengali 34.85 27.85 15.41
Code-Mix 23.85 18.46 8.72

XLM-R

English 61.66 51.01 24.16
Hindi 67.03 54.48 20.43
Bengali 33.10 27.50 15.94
Code-Mix 17.18 14.36 7.18

Table 2: Result for evidence retrieval (S@5, S@3 and
S@1 represents the Success@5, Success@3 and Suc-
cess@1 scores respectively.)

In Hindi, the LaBASE model excelled, achiev-
ing Success@5 and Success@3 scores of 82.44%
and 69.18%, respectively. In contrast, the e5-base
model had the highest Success@1 score at 45.52%.
For Code-Mix, e5-base achieved the best Suc-
cess@5 and Success@3 scores of 24.10% and
18.72%, but LaBASE outperformed it at Success@1

with 11.03%. Overall, evidence retrieval in Code-
Mix was notably poor due to its complex combina-
tion of Hindi and English, which complicated the
retrieval process.

Aggregating performance across all languages,
the e5-base model yielded the best average scores
with Success@5, Success@3, and Success@1 at
57.84%, 49.23%, and 28.08%, respectively. In
comparison, the LaBASE model achieved average
Success@5, Success@3, and Success@1 scores of
55.58%, 46.77%, and 21.91%, respectively. Given
its superior average performance across diverse lin-
guistic contexts, the e5-base model is designated
as the most effective evidence retrieval model. Con-
sequently, the subsequent assessment of veracity
label prediction performance was conducted using
evidence retrieved by the e5-base model.

Model Language F1-Score

Gold Top-3 Top-1

Baseline system
(algorithm base)

English 68.41 - -
Hindi 69.38 - -
Bengali 70.55 - -
Code-Mix 56.27 - -

mBERT

English 92.21 89.18 89.16
Hindi 90.67 89.96 87.06
Bengali 89.13 84.90 82.82
Code-Mix 78.56 69.42 70.15

XLM-R

English 93.58 90.02 89.86
Hindi 94.26 91.76 89.94
Bengali 89.48 86.32 82.24
Code-Mix 84.55 71.03 69.58

MuRIL

English 93.92 92.23 91.89
Hindi 95.70 92.11 91.38
Bengali 91.94 87.03 83.31
Code-Mix 84.23 63.57 65.57

IndicBERTv2

English 93.91 91.05 90.37
Hindi 94.96 90.32 89.60
Bengali 91.94 86.86 83.06
Code-Mix 80.10 62.21 68.81

Table 3: Result for veracity prediction

Veracity Prediction: The veracity prediction re-
sults shown in Table 3 indicate that the best overall
performance is achieved when using gold evidence
annotated by human annotators.

For the English, Hindi, and Bengali languages,
the MuRIL-based framework consistently outper-
forms other models across all evaluation settings.
This is closely followed by IndicBERTv2, XLM-R,
and mBERT. This suggests that models pre-trained
on Indian linguistic contexts are more effective than
general multilingual models.

In contrast, for Code-Mix, the XLM-R-based
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framework achieves the highest performance, with
F1-scores of 84.55% for gold evidence and 71.03%
for the top-3 retrieved evidence. Meanwhile, the
highest score for top-1 retrieved evidence is ob-
tained by mBERT at 70.15%.

The performance of the algorithmic approach
is relatively good. With a simple algorithm, the
baseline scores for English, Hindi, and Bengali are
68.41%, 69.38%, and 70.55%, respectively. How-
ever, for Code-Mix texts, the F1-score decreases
slightly to 56.27%.

6 Conclusion

This paper introduces ‘IndicClaimBuster’, a novel
multilingual claim verification dataset comprising
9,153 claims in English, Hindi, Bengali, and Code-
Mixed languages. The dataset addresses three cru-
cial fact-checking domains: Politics, Law and Or-
der, and Health. It includes real-world claims that
have been carefully sourced from reputable Indian
news portals, along with a counterclaim generated
by GPT-4.1 mini for each supporting claim.

Our experimental results indicate that the
e5-base and LaBASE models achieve the highest
performance in the evidence retrieval task. For
veracity prediction, the MuRIL and IndicBERTv2
models perform exceptionally well across Indian
languages (English, Hindi, and Bengali), while
the XLM-R model excels specifically in the Code-
Mix language. Additionally, the algorithm-based
approach provides an acceptable baseline perfor-
mance across all languages.

Limitations

The proposed work has several limitations. First,
while social media platforms like X (formerly Twit-
ter) are primary sources of misinformation, their
paid APIs prevent direct raw data collection from
such platforms. Consequently, we opted for a cost-
effective alternative by collecting data from news
headlines via web scraping. Although Reddit was
considered a potential alternative, it currently lacks
sufficient data relevant to our predefined domains
in Bengali, Hindi, and CodeMix. Future efforts
will involve a more rigorous exploration of Reddit
to identify suitable posts in these languages and
domains.

Second, for economic reasons, we utilized ‘mini’
versions of GPT models, specifically GPT-4o mini
and GPT-4.1 mini, for evidence collection and re-
futed claim generation, respectively. While these

mini versions yielded promising results, their use
inherently limits the full capabilities of the more
powerful GPT models, which could potentially pro-
vide superior output quality.

Third, we only retrieve evidence from a specific
pool, which consists of Evidence 1, Evidence 2,
and Evidence 3 for all claims in the dataset. For a
completely new claim, it is almost impossible to
find suitable evidence from the existing pool, as
its size is fixed. However, we plan to implement a
Retrieval-Augmented Generation (RAG) system or
a Google Search-based retrieval system to handle
new claims in our future work.

Fourth, despite India’s rich linguistic diversity,
encompassing 22 scheduled and 38 non-scheduled
languages12, our dataset currently incorporates
only Hindi and Bengali due to existing linguistic
barriers and resource constraints. Our future re-
search aims to expand this linguistic coverage to
include more Indian languages, such as Assamese
and Odia.

Fifth, we introduce algorithm-based baseline sys-
tems that utilize only the gold-standard annotated
evidence. In future work, we plan to extend this to
Top-3 and Top-1 evidence retrieval systems.

Finally, due to resource limitations, all evidence
retrieval and veracity prediction frameworks were
fine-tuned with a mini-batch size of 8. This con-
straint prevented us from exploring the potential
benefits of fine-tuning models with larger batch
sizes (e.g., 16, 32, or 64), which could potentially
enhance model performance.
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A Appendix A: Prompt for topic
identification using Llama 3.2 70B

You are an efficient
language model that can
precisely find topic in an
hinglish codemix text
(mixing of Hindi and
English in romanized
script).

Now, provide the topic of
'{text}' in English
language

The topics should be in
between {{'politics',
'indian election',
'national', 'hindu-muslim',
'sports', 'entertainment',
'unknown'}}

Remember only generate the
exact output. No exatra
explanation is needed

Prompt for topic identification utilizing the Llama 3.2
70B model. The selected topics, derived from primary
dataset analysis, exclude the healthcare topic due to
the absence of relevant data. The ‘indian election’ and
‘hindu-muslim’ topics were considered under the law
and order domain.
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B Appendix B: Prompt for generating
refute claim using GPT 4.1 mini

You are given a news text **claim**.

Your task:
1. Identify important keywords and
numeric values (e.g., names, locations,
events, quantities, dates).
2. Replace them with realistic
alternatives (plausible names, numbers,
places, events).
3. Do **not entirely change** the meaning
— just reword the original into a
**realistic counter claim**.
4. The rewritten claim should be
believable and human-like.
5. Output **only the regenerated counter
claim** — no explanations, no keyword
lists.

---

### Examples:

**English**
Input: "The health minister inaugurated a
300-bed hospital in Mumbai on Sunday."
Output: "The education minister
inaugurated a 250-seat research institute
in Pune on Monday."

**Hindi**
Input: "राजस्थान सरकार ने 1000 करोड़ का बजट
सिर्फ  महिला सुरक्षा के  लिए रखा।"
Output: "मध्य प्रदेश सरकार ने 800 करोड़ का बजट
किसानों के  लिए निर्धारित किया।"

**Bengali**
Input: "সরকার আগামী বছরে ৫০ হাজার শিক্ষক
নিয়োগের কথা ঘোষণা করেছে।"
Output: "সরকার আগামী বছরে ৩০ হাজার
স্বাস্থ্যকর্মী নিয়োগের পরিকল্পনা করছে।"

**Hindi-English CodeMix (Roman script)**
Input: "Delhi me 200 logon ne protest
march organize kiya Parliament ke
saamne."
Output: "Lucknow me 150 students ne
silent rally kiya CM Office ke saamne."

---

Now re-write the following claim using
the above instructions.

**Claim**: {claim}
"""
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