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Abstract. Automated claim verification has gained
significant attention in recent years due to the
widespread dissemination of misinformation across
various digital platforms. While substantial progress
has been made for high-resource languages like
English, claim verification for low-resource languages
and specifically for Code-Mixed texts remains largely
unexplored in a multilingual country like India. In the
present work, we introduce a novel multilingual dataset
for claim verification, covering English, Hindi, Bengali,
and Hindi-English Code-Mixed languages. The dataset
is developed by engaging large language models
(LLMs) as well as human annotators. The dataset
contains claims, evidence passages, and veracity
labels (SUPPORTS or REFUTES) on news headlines
collected from three important domains (Politics,
Healthcare, Law and Order). We proposed a rule-based
baseline algorithm and a dual-encoder framework
based on transformer models to effectively verify
claims across diverse languages. Our results show
that XLM-RoBERTa achieves the best performance
for English and Code-Mix texts, while IndicBERTv2
outperforms for Hindi and Bengali, respectively. This
study highlights the challenges and opportunities in
multilingual and Code-Mixed claim verification, offering
a step towards building inclusive, language-diverse
fact-checking systems even for low resource setup.
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1 Introduction

Spreading of misinformation and disinformation
through online platforms has become a significant
global issue. Automated claim verification
systems, which aim to verify whether a given
claim is true based on available evidence(s), are
crucial tools in combating this issue. In recent
years, considerable research has been conducted
on claim verification, particularly for the English
language. Many datasets, such as FEVER [25],
SciFact [28], and COVID-Fact [19], have helped
researchers to improve models using advanced
techniques like transformer-based architectures
(e.g., BERT [6], RoBERTa [4]).

While most of such attempts focus on resource
heavy languages, such as English, there is a
significant research gap observed for low-resource
languages, particularly Indian languages like Hindi
and Bengali. Millions of people speak these
languages worldwide, including the majority of
people in India and Bangladesh [1]; however,
there are very few annotated datasets and models
available to support claim verification or related
tasks. As a result, misinformation in these
communities often remains unchecked.

On the other hand, even more challenging area
is to verify claims in Code-Mixed languages, where
people use a mix of two languages (for example,
Hindi and English) in the same sentence. This
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is very common in social media and in informal
conversations, but it introduces many linguistic
challenges, such as inconsistent grammar,
mixed vocabulary, and transliteration issues.
Despite the growing importance of Code-Mixed
communication, claim verification for Code-Mixed
texts remains largely unexplored.

To address the above mentioned challenges,
the present research contributes on building
a multilingual and Code-Mixed dataset for
claim verification. We target four language
settings for our study: English, Hindi, Bengali,
and Hindi-English Code-Mix. Employing a
combination of large language models (LLMs)
and human annotation, we prepared a dataset
containing claims, evidence, and their veracity
labels: SUPPORTS and REFUTES. Along with
the dataset, two claim verification frameworks
have been developed: one is based on
simple rule-based approach by utilizing the
Smith-Waterman sequence alignment algorithm
[23] while another one is a dual-encoder framework
based on pre-trained transformer models.
The overall contributions in this paper can be
summarized as follows:

— A novel dataset has been prepared for claim
verification with around 2.7K claim-evidence
pairs for English, Hindi, Bengali, and
Hindi-English Code-Mix languages using
various LLM prompts followed by a manual
human annotation process.

— A comparatively lightweight claim
verification framework is developed
using the Smith-Waterman  sequence
alignment algorithm.

— Further, a dual-encoder multilingual claim
verification framework was developed utilizing
state-of-the-art transformer models.

— Finally, a comprehensive analysis of the
results obtained from these models was
investigated, providing valuable insights into
their performances.

The remainder of the paper is organized as
follows: Section |2| reviews prior research related
to claim verification and fact-checking. Section

Computacion y Sistemas, Vol. 29, No. 3, 2025, pp. 1209-1223

doi: 10.13053/CyS-29-3-5914

provides a detailed description of the dataset,
including a fully automated approach that utilizes
LLM and a semi-automated approach with LLMs
and manual annotation. Section |4] outlines the
overall methodology for the claim verification
work, including the training process on the
developed dataset and the hyperparameter
settings. This section also details the development
of the pre-trained transformer-based multilingual
dual-encoder framework, as well as a rule-based
claim verification approach that employs
the  Smith-Waterman  sequence  alignment
algorithm. The experimental results for both the
Smith-Waterman algorithm and the dual-encoder
multilingual transformer-based approach are
discussed in Section Finally, Section [6]
concludes the draft by providing a summary of the
key findings, and Section [/| addresses potential
limitations and outlines future research directions
for the present study.

2 Related Work

Claim verification, a crucial task in combating
misinformation, has gained significant attention in
recent years. Several researchers have proposed
various methodologies and datasets related to
claim verification. [25] introduced the FEVER
dataset, laying the groundwork for automated fact
extraction and verification tasks. [10] proposed
another claim verification dataset with natural
claims in different domains with a sample size
of around 6.4K. The authors demonstrated the
effectiveness of the BERT [6] model in claim
verification tasks, emphasizing the importance
of evidence selection and model fine-tuning.
[11] proposed the ‘HOVER’ dataset, which is a
multi-hop fact extraction and claim verification
dataset with 2, 3, and 4 hops. [3] proposed
a technique where they verify claims using a
question-answer pair as evidence. [16] proposed
a zero-shot-based fact verification framework
by generating questions from evidence. [22]
proposed the ‘AVERITEC’ dataset for real-world
claim verification by collecting evidence from the
web. [30] presented a claim verification method
that can verify complex claims and generate their
explanations without the help of any evidence
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using Large Language Models (LLMs). The
authors reported their approach outperforms the
previous works on ‘HOVER’, ‘FEVEROUS'’ [2] and
‘SciFact-Open’ [28] datasets. [8] also proposed a
LLM-based claim verification method using GPT
3.5 and GPT 4 models.

Regarding claim verification in scientific
documents, several studies have been conducted
by various researchers. [26] proposed the
‘SCIFACT’ dataset with 1.4K scientific claims and
their evidence to verify scientific claims. [18],
[33] and [29] also utilized the ‘SCIFACT’ dataset
in their study to verify scientific claims. Along
with ‘SCIFACT’ dataset, [29] used other datasets
such as ‘HelthVer [21], ‘COVIDFact’ [19] etc.
for scientific claim verification. [27] organized
a shared task ‘SCIVER’ for scientific claim
verification, where a total of 11 teams participated,
and the best-performing team achieved an F1
score of 64.4 in sentence-level claim verification.
[28] presented ‘SciFact-Open’, a comparatively
large dataset with 500K samples for scientific
claim verification.

In the medical domain, [24] proposed BM25 and
BART-based models to verify COVID-19-related
claims. [31] used entity and relation properties
to verify biomedical claims. [17] performed their
fact-checking task using Google Fact Check Tools
in COVID-19 domains.

According to existing literature, claim verification
has been extensively studied in scientific and
medical domains, primarily in high-resource
languages such as English.  There’s limited
research on low-resource languages, particularly
Indian languages, and especially in code-mixed
contexts.  This study addresses this gap by
investigating claim verification in Hindi, Bengali,
code-mixed, and English.

3 Dataset Preparation

We developed an entirely new dataset for the claim
verification work using state-of-the-art LLMs and
advanced prompt engineering techniques.

3.1 LLM-based Approach

The only LLM-based approach entirely relies on
LLMs for dataset development. Specifically, the
LLM was prompted to generate claims, identify
corresponding evidence, and annotate each
instance with a veracity label: SUPPORTS (if the
evidence contains proper information that supports
the claim as accurate) or REFUTES (if the
evidence contradicts the information in the claim).
We employed a few-shot prompting technique
using the GPT-3.5-Turbo [14] model to generate the
claims, associated evidence, and corresponding
veracity labels. The following prompt was utilized
during the dataset development process:

Task: Dataset Creation for Claim Verification.
Goal: Generate a dataset for claim verification tasks across various
topics, ensuring unique claims with corresponding evidence and labels

**Fields**

Claim: The statement to be verified.

Evidence: Supporting evidence (text, links, documents) for the claim.
Source of Evidence: Source for the evidence of the claim. The
sources are reputed public/private organizations’ URLs, universities,
journals, news articles etc.

Label: either SUPPORTS or REFUTES

**Instructions™*

Topic: [Topic]

Generate Claims: For each topic, craft unique claims that can be
either true or false. Ensure claims cover a spectrum of complexity and
relevance.

Gather Evidence: Find or create supporting evidence (articles,
research papers, official statements, etc.) for each claim. The evidence
should clearly support or refute the claim.

Assign Labels: Based on the provided evidence, assign labels to each
claim.

Ensure Uniqueness: Verify that all claims within the dataset are distinct
and do not overlap in content or meaning.

Format: Organize the dataset in a structured JSON format with the
specified fields (Claim, Evidence, Label).

**Examples**

[3 examples for each topic]

Utilizing the prompt mentioned above, over
950 unique claims in the English language, their
corresponding pieces of evidence, sources for
the evidence, and their veracity labels were
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created across five different topics: Healthcare,
Technology, Indian Politics, Finance, and Indian
Parliamentary Affairs. A few examples of such
a claim evidence pair are provided in Figure 2|
and the distribution of veracity labels for this data
preparation approach is provided in Figure [i]

800
600
400

200

SUPPORTS REFUTES

Fig. 1. Distribution of veracity labels in the LLM-only
generated dataset

3.2 Semi-Automatic Approach

Since LLMs are prone to hallucinating, relying
solely on the LLM-based data preparation
approach may not yield robust claim verification
frameworks, particularly  in  low-resource
languages.  Therefore, a partially manual or
semi-automated approach was employed.

3.2.1 Collection of Claim

The first phase of the partially manual annotation
approach involved collecting claim texts. News
headlines were identified as one of the most
effective sources for extracting claim sentences.
To gather these headlines, we employed a web
scraping technique using Python’s BeautifulSoup
library. Headlines were scraped from various
online news portals, including Aaj Tak, Dainik
Jagran, India TV, Live Law, Aaj Tak Bangla, and
Sangbad Pratidin. During the scraping process,
we focused on headlines related to the topics of
Politics, Healthcare, and Law and Order.
Table [T] provides which news portal was used for
which language in the news headline collection.
Since there are no news portals on the internet
that provide Hindi-English Code-Mix texts, we
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Ex-1 Claim: Investing in gold is a hedge against inflation.

Evidence: Gold is often considered a safe haven asset that
can protect against inflation and economic uncertainty.
Historically, gold prices have tended to rise during periods
of high inflation, as investors seek out alternative stores of
value. Additionally, gold has a low correlation with other
asset classes, making it a valuable diversification tool in a
portfolio.

Label: SUPPORTS

Source: https://www.investopedia.com/terms/h/hedge.asp

Claim: Taking multivitamins daily can improve overall
Ex2 | pealh,

Evidence: While multivitamins can help fill nutrient gaps in
the diet, research has shown mixed results regarding their
overall health benefits. A meta-analysis published in the
Journal of the American College of Cardiology found that
multivitamin supplementation did not reduce the risk of
cardiovascular disease or mortality.

Label: REFUTES

Source: https://www.jacc.org/doi/full/10.1016/
jJjacc.2018.08.2161

Ex-3 Claim: Regularly eating fish can lower the risk of heart
disease.

Evidence: Fish is a good source of omega-3 fatty acids,
which have been shown to have heart-healthy benefits. A
study published in the journal Circulation found that
individuals who consumed fish regularly had a lower risk of
heart disease and stroke.

Label: SUPPORTS

Source: https://www.ahajournals.org/doi/10.1161/
CIRCULATIONAHA.117.030389

Fig. 2. Example of claim, evidence, veracity label, and
the source of evidence for LLM-generated data

Table 1. Names of the online news portals for different
languages used for data collection

Language News Portal

English Live Law, Aaj Tak, India TV
Hindi Dainik Jagaran, Live Law
Bengali Aaj Tak Bangla, Sangbad Pratidin

utilized a subset of the dataset introduced by
Nayak et al. [13], which comprises real-world
Hindi-English Code-Mix tweets in Romanized
script.

For Hindi, English, and Bengali news headline
crawling, our focus was on topics related to Politics,
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Healthcare, and Law and Order.

To ensure consistency, we also filtered the
Code-Mix data to retain only those tweets relevant
to these domains, employing the Llama 3.2 72B [9]
LLM model for topic filtering. The following prompt
was provided to LLM model to filter out the topics:

You are an efficient language model that can precisely find a topic in a
Hindi-English code-mixed text (mixing of Hindi and English in romanized
script). Now, provide the topic of 'text’ in the English language. The topics
should be in between ‘politics’, ‘indian election’, ‘national’, ‘hindu-muslim’,
‘sports’, ‘entertainment’, ‘unknown’. Remember, only generate the exact

output. No extra explanation is needed.

3.2.2 Collection of Evidence

After gathering claims in English, Hindi, Bengali,
and Hindi-English Code-Mix, we retrieved
supporting evidence for each claim using
state-of-the-art LLMs. Acknowledging the potential
biases that LLMs might introduce during the
evidence collection process, we utilized three
advanced LLMs: GPT-4o0-mini [15], DeepSeek-v3
[5], and QWEN2-72b-Instruct [32], rather than
depending on a single model. This multi-model
strategy was implemented to enhance the reliability
and objectivity of the collected evidence. Each
LLM was given the following prompt for the
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.
Do not include quotation marks around the response.

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

3.2.3 Manual Annotation

We employed five postgraduate students from the
Linguistics department, who had proficiency in
reading and writing English, Hindi, and Bengali, as
well as Code-Mix texts, for the further annotation
process.  The annotators were instructed to
— 1) Find a piece of evidence for the given
claim from reputed sources such as reputed
news articles, scientific reports or journals,
government documents, etc. along with its source,
2) Identify best evidence from the given four
pieces of evidences (one is manually collected and

three were LLM generated), and 3) annotate the
claim-evidence pair with SUPPORTS or REFUTES
labels. To remove the bias from the annotator’s
mind when choosing the best evidence based
on LLM models, we anonymized the evidence
generated by each LLM model. The following
instructions were given to annotators to identify
the best evidence:

— Context awareness: The evidence should be
contextually relevant to the claim. Verify that the
response accurately represents the context and
does not oversimplify complex topics.

— Detailing and Depth in the evidence: The
evidence should be quite detailed, explainable
and contain proper information. 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.
Verify whether the sources are real or not.

— 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.

— Verify Named Entities, Dates, and Numbers
in the evidence: An evidence contains factual
information such as named entities, dates,
or numbers (if any). The evidence can be
considered good evidence. However, the
annotators cross-check the named entities,
dates, or numbers in the evidence if available.

After selecting the best evidence, the annotators
were asked to annotate the claim-evidence pair
as SUPPORTS or REFUTES labels based on the
information in the best annotated evidence.
Reason for manual evidence collection
by annotators: During the best evidence and
veracity annotation process, annotators were
instructed to identify evidence for each claim
exclusively from reputable sources manually.
This protocol was implemented to address the
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propensity of LLMs to hallucinate during evidence
extraction, which can result in the generation of
inaccurate or inappropriate evidence, specifically
in low-resourced languages such as Bengali. To
ensure the reliability and credibility of the collected
evidence, annotators were explicitly directed to
source information from authoritative outlets,
including government websites, scientific journals,
and official reports. This approach was designed
to enhance the quality and factual accuracy of
the evidence, mitigating the limitations associated
with automated extraction methods in these
linguistic contexts.

3.2.4 Refute Evidence Generation

Since the news headlines in English, Hindi, and
Bengali were collected from reputable news
sources, the majority of claims in the news
headlines are supported by their best annotated
evidence. Therefore, after manual annotation,
there was a high level of class imbalance between
SUPPORTS and REFUTES labels. Using this
imbalanced dataset to train our claim verification
framework results in a biased framework for the
majority class label. To overcome this, we modified
the pieces of evidence that support its claim in
such a way that the claim refutes the modified
evidence. We employed the GPT-40-mini with
prompting to perform this task. The following
prompt was utilised during the modification
of proof:

You have given a claim and its corresponding evidence. Note that, the
claim supports its evidence.
Now modify the evidence in such a way that the claim refutes its
evidence.
CLAIM: {claim}
EVIDENCE: {evidence}
Remember, only generate the evidence. No extra explanation is needed.

Finally, we have a total of 597, 410, 489, and 321
annotated claim-evidence pairs for English, Hindi,
Bengali, and Code-Mix languages, respectively.
Two examples of supported claims, their supported
evidence, and LLM-generated refuted evidence are
provided in Figure[3

Next, 50% of the data from these datasets
was divided and used for testing purposes. The
remaining 50% of the data was combined and
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used for training purposes. However, the dataset
that was entirely generated by the GPT-3.5-Turbo
model in the ‘only LLM-based approach’ was
not included in the test split due to its artificial
nature. This exclusion ensures a robust evaluation
against real-world data patterns, as synthetic
claims may exhibit systematic biases or artifacts
that are unrepresentative of authentic claims.
The GPT-3.5-Turbo-generated data was instead
fully utilized for training purposes to leverage its
scalability while maintaining test-set integrity. The
overall language-specific train-test split is provided
in Table 2

Table 2. Distribution of data for training and testing

Labels
Langauge = SUPPORTS REFUTES
English 758 508
. Hindi 95 113
Train .
Bengali 117 128
Code-Mix 73 86
English 155 142
Hindi 109 93
Test .
Bengali 127 117
Code-Mix 85 77

4 Methodology

This section provides a brief description of the
methodology used to identify whether a claim
supports or refutes its evidence. Given a claim C
and evidence F, our main objective is to develop
a framework that can identify its veracity label
as ‘SUPPORTS’ or ‘REFUTES’. To develop the
framework, two approaches were employed:
one utilized the rule-based Smith-Waterman
sequence alignment algorithm, and the other
used a dual-encoder framework with pretrained
multilingual transformer models.

4.1 Rule-based Sequence Alignment Algorithm

In this section, we present a sequence
alignment-based algorithm designed for
fact-checking and veracity identification.  This
algorithm offers a cost-effective alternative to
deep learning models for identifying the most
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Claim: 9 ﬁ AN T AR 2N BT FT: m@ TS =T (T: Congress wants separate law for Gandhi family: Home Minister Amit Shah)

Original Evidence: FTST WeT 91 AR G ST SRR A GIATHCR 0T FAIZ VA WS =M% Sy FRARA| fO G2 Wfies
AGLANOP SUANATNIS I NGRS FARA I8 I VLTV FLLATTF RO SR AMICIL (GECP STNCATGAT FLACRA | *M1R I, OO
SIETN STPeT NIAICFT Gy ST WG R FH A2 (BT I A AT Ty “F SR C0f7 FA AN YeTifod HAForg |
O SRS (19 TR, 42 4R W (O SIS 8 (RO FIOCANS I FAL 1Y 2T F | *MA 42 TSR FLACR {07
AGLAOP AFSTIIMTOrR @WW@Wl (T: Home Minister Amit Shah has said that the Congress party has demanded a separate law for the Gandhi family. He
termed the demand as politically motivated and criticised the Congress for trying to get special privileges through it. Shah said that the Constitution of India guarantees equal
rights to all citizens and making a separate law for any individual or family is against the basic principles of the Constitution. He added that such demands pave the way for

weakening the legal and moral framework of the country. Shah's statement highlighted the intensity of political competition against the Congress.)

Refuted Evidence: ST WeT AT IR Gy ST SRS A SRR 0T FAGNA WS =12 STy SR | Ol [ g2 Wi
ST I I, A6 M6 (34 MR 973 (TR WEA5 FSCACS R SRET MR Gely AT | 71X S I, TR0 S vg
CFLE RO QRAT WM (A, 1 R ER 1 T T TG 20 | (T: Home Minister Amit Shah has mentioned that the Congress
party has demanded a separate law for the Gandhi family. However, he supported the demand, saying that it is a legitimate demand and necessary to provide
special benefits in the country's legal framework. Shah also said that the Constitution of India allows for special laws in some cases, which can be applicable to
specific families or groups.)

(=]

Claim: g‘[ﬁﬂaﬂfﬁ%ﬂm qﬁm%?::,‘ S o ﬁﬁ gC 3 %Bﬁiﬁf & 3 éQ WRAB WTFQF (T: The Supreme Court stayed the High Court's order to remove

Himachal Pradesh DGP Sanjay Kundu)

Original Evidence: GHTT ®1¢ 3 fRTTad Uex1 & Yo TR1FER Tord $5g &1 geM & fo1U I rmerd gRT fau 1Y oy W A o & 71 arg fofa

B & AR F dis AT, o F51 T S I < BT SR SRR AT 3R S A &1 O Wapeht § | o g+ S PRyt 1 dy
FAId UG HIE F 1Tt arR Bt ot 39 AT & GG 3 GRH, TH 1 A I8 WS a1 6 o 9 ama 31 G AT T8 81 o, 99 a9 S
T b mrﬂ Ww@‘ﬁl qg WWW o fRRar wmaﬂ%ﬂ WW \_TITQET%I (T: The Supreme Court has stayed the order passed
by the High Court to remove Himachal Pradesh Director General of Police Sanjay Kundu. The decision was delivered by a bench of Supreme Court judges, which said the high
court's order was temporary and could be challenged. Sanjay Kundu had filed a petition in the Supreme Court declaring his appointment valid. During the hearing of the case, the
Supreme Court made it clear that the stay on the High Court's order will continue until the case is fully heard. This decision is considered important to maintain stability in the
police administration.)

Renut%gvidence:Wﬁﬁmm%mmmﬁﬁmimﬁwmmwmm@@ﬂe“rmél g Ffg

G HIE & rnefit o1 e 3 g, s w1 o fos 3o <raTery &7 S1eR 3y § SR 3/ Al e <t o Wabdl | Tor g 3 oot HIY
A g G FIC | Arfaet arR & of, Afe PIE A T fora o S =AmaTerd & S1eR 1 A o Seem | 39 { gaTs F GRE, GiA I
ﬁﬁ ﬁmﬁ;wwﬁmw %mﬁw% maﬂwm W%| (T: The Supreme Court has not stayed the High Court's

order to remove Himachal Pradesh Director General of Police Sanjay Kundu. The decision was delivered by a bench of judges of the Supreme Court, which held that the order of
the High Court was valid and could not be challenged. Sanjay Kundu had filed a petition in the Supreme Court declaring his appointment valid, but the Supreme Court made it
clear that the High Court's order would be enforced. During the hearing in this case, the Supreme Court also said that it is necessary to follow the order of the High Court to

1215

maintain stability in the police administration.)

Fig. 3. Example of claim, their supporting evidence (identified by annotators), and LLM-generated refuted evidence.

reliable evidence to support a claim, significantly
reducing both instrumental and experimental

expenses. We implement this approach using
the “Smith-Waterman” sequence alignment
algorithm, a well-established local sequence

alignment method.

The Smith-Waterman algorithm is a dynamic
programming technique used for determining
local sequence alignments. It assesses the
similarity between two biological sequences,
such as DNA and RNA. By comparing two
sequences, the algorithm identifies the optimal
local alignment score.

Before moving on to the algorithmic part, we
first perform some preprocessing on the input
text, which includes both the claim and evidence
pairs. The initial step involves cleaning the text by
removing unwanted symbols, special characters,

and punctuation to reduce noise and simplify
the input. The second and most crucial step is
tokenization of the input text. We use an index
tokenization approach to convert words in the input
text into their corresponding numerical indices.
This process consists of several steps: First, we
combine all the words from the claim and evidence
into a single sentence. Next, we assign a unique
index to each of the combined words. Finally,
we extract the indexed tokens for the claim and
evidence separately based on their positions in the
original claim and evidence pair.

The Smith-Waterman algorithm has three
primary parameters: the match score, the
mismatch penalty, and the gap penalty. For the
languages used in our study, the match score was
set to specific values: 2.5 for English, 3 for Hindi,
3 for Bengali, and 8 for Code-Mix. These match
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scores were established through trial and error
using our training data. This score is represented
by the variable lagnguagematen. N cases of
mismatches or gaps between sequence pairs,
the algorithm deducts a small fixed amount from
the overall score, with both gap and mismatch
penalties uniformly set to -1 across all language
types. The final score is then stored in a
designated variable.

To begin, we execute Algorithm [1] to obtain
the maxscore from the Smith-Waterman algorithm,
as evaluated in Algorithm We then apply a
threshold value (r = 0.5) to classify the predicted
score (score.) and derive the predicted label for the
claim.

Finally, we assess the algorithm’s performance
by comparing these predicted labels with the
original labels.

Algorithm 1 SmithWatermanogified

Require: seqi, seqo
1: m <+ size(seqr), n < size(seqz2)
2: scoringmat[m + 1][n + 1] of floating value
3: match + lagnguagematch, gap < —1, mismatch
—1, score < 0, maxscore < 0
: for i from 0 to (m+1) do
SCOTINGmat[i][0] < 0
: end for
: for j from 0 to (n+1) do
$€oTiNgmat[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] = seqz[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, scoringmaz[t — 1][j] + gap, scoringmat[i —
1[5 — 1] + score)

18: if maxzscore < scoringmai[t — 1][j — 1] then
19: mazxscore <— Scoringmat[t][J]

20: end if

21: end for

22: end for

23: return maxscore

Time complexity of the Smith-Waterman
algorithm is O(m*n) and space complexity is
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Algorithm 2 Claim Verification with Evidence scoring

Require: dataset

Require: score.[size(dataset)] of floating values

: org < dataset[label]

2: for i from 0 to size(dataset) do

3: ct, er < Tokenize(dataset[claim][i],
dataset[evidencel][i]) > [word index tokenization]

—_

4: score < SmithW atermanrodified(ct, €t)
5: scoree[i] siaelo)
6: 14 1+1
7: end for
8: for i from 0 to size(score.) do
9: if < score.[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)

O(m*n), where m stands for the length of the claim
and n stands for the length of the evidence.

4.2 Dual Encoder Framework with Pre-trained
Transformer

The dual-encoder framework utilised the
state-of-the-art multilingual transformer models,
such as lightweight DistiIBERT-multilingual [20] to
multilingual-BERT [6], XLM-RoBERTa [4] to Indian
language-focused models like MuRIL [12] and
IndiBERTV2 [7]. The overall system framework for
this approach is depicted in Figure [4]

4.2.1 Tokenization

Before going to framework development and
training of the frameworks, the input text (claim
and evidence) was tokenized into a sequence of
tokens. Since the claims are comparatively shorter
sentences than the evidence, which is generally
longer text, the input claims were tokenized to
a fixed sequence length of 128 tokens, and
the input evidences were tokenized to a fixed
sequence length of 512 tokens. The tokenization
was performed using the tokenization method
of the corresponding transformer model.  For
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Transformer Encoder
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(Hidden Units = 128,
activation = RelLU)

Fig. 4. Flow diagram of the dual-encoder framework
(one encoder for claim and another for evidence)
using pre-trained multilingual transformer models:
mDistiiBERT, mBERT, XLM-RoBERTa, MuRIL, and
IndicBERTv2

example, the DistiiBERT tokenizer was used for
DistiiBERT-multilingual, and the BERT tokenizer
was used for multilingual-BERT, and so on. All
the tokenizers return a sequence of tokens and
attention masks, which were further provided as
input to the transformer encoders.

4.2.2 Model Selection

As  previously = mentioned, to  develop
the frameworks, several pre-trained
transformer models were utilized, including

DistiiBERT-multilingual, multilingual-BERT,
XLM-RoBERTa, IndicBERTv2, and MuRIL. All
these models are trained on a diverse set
of languages and are capable of processing
and understanding our input languages, such
as English, Hindi, Bengali, and Hindi-English
Code-Mix. Moreover, MuRIL and IndicBERTv2
were trained explicitly on Indian languages, which
enables them to understand Indian languages
(e.g., Hindi, Bengali, and Code-Mix) more
effectively than other models.

4.2.3 Framework Description

The dual-encoder framework was developed to
identify the veracity of a claim, where one encoder
was used for the claim and another encoder was
used for the evidence. In the first transformer
encoder, the tokenized claim sequence and
attention mask were provided as input, and in
the second transformer encoder, the tokenized
sequence of evidence and attention mask were
provided as input, as shown in Figure[4]

Further, the pooled output from both transformer
encoders, which is obtained by applying a
learned linear transformation and tanh activation
to the first token’s (‘[CLS]’ for DistilBERT,
mBERT, MuRIL and IndicBERTv2, and ‘<s>’ for
XLM-RoBERTa] model)| hidden representations
were concatenated:

HC = [h§ + h{ + hS + ... + hfy,] € R128%4,
HE = bl + h¥ + hE + ... + b)) € RO12X4
Pooler® = tanh(WEhS + b)),
Pooler” = tanh(WELE +bF),

Z concatenate = POOlerC ® POO]eI'E,

where H® and HF represent the last hidden state
output from the claim transformer encoder and the
evidence transformer encoder, respectively. The
Pooler® € R¢ and Pooler? € R? represent the
pooled output from claim and evidence encoders,
and W¢ and W¥ represent the trainable weight
matrices, and b¢ and bF represent the bias
vectors. The Zeoncatenate € R2? represents the
concatenated output from the claim and evidence
pooled output, and d is the hidden size.

Next, the Zconcatenate Was passed through a
dense layer of 128 hidden units with the RelLU
activation function.

Zdense = Rel/(](Zconcatenate) )

where Zgense € R'Z8 represent the output of
dense layer.

T'[cLS]’ and ‘<s> are the special tokens to their
corresponding models which represent the starting token
of a sequence.
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4.2.4 Classification

For classification, the output of the dense layer
(Zaense) Was passed through the output layer of 2
hidden units. The output layer used softmax as its
activation function.

P = softmaz(Zdense),
j} = arg max(P),
J

where P represents the probability values for
each class, ) represents the class containing
the maximum probability value, and j; is the
number of classes.

4.2.5 Training

To accomplish the training process, the training
data mentioned in the Table [2| was used. During
the training of models, 90% of the training data
was used for actual training, and the remaining
10% of the data was used as a validation set.
The  SparseCategoricalCrossEntropy  loss
function was used with a learning rate of 2e-5
(XLM-RoBERTa, MuRIL, and IndicBERTv2) and
3e-5(mDistiiBERT and mBERT). The optimizer
was chosen as AdamW, and all the frameworks
were trained up to five epochs. The batch size
was taken as 4 for XLM-RoBERTa, MuRIL, and
IndicBERTv2 model-based frameworks, and
8 for mDistiBERT and mBERT model-based
frameworks. The training loss vs validation loss
curves for each transformer model are provided in

Figure B

5 Experiment and Result

All the proposed frameworks were trained using
TensorFlow modules on an NVIDIA A4000 GPU.
The pre-trained transformer models and their
corresponding tokenizers were utilized from the
HuggingFace Iibrar)ﬂ To evaluate the performance
of the frameworks, the precision, recall, and macro

2https://huggingface.co/
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Fig. 5. Training loss vs Validation loss for each
transformer model during training (From left to
right: mDistiBERT, mBERT, XLM-RoBERTa, MuRIL,
and IndicBERTv2)

F1-score were calculated for each language on the
test data set.

True Positives

True Positives + False Positives’
True Positives

True Positives + False Negatives’
Precision x Recall
Precision + Recall -

Precision =

Recall =

F1-Score = 2 x

The overall performance and label-specific
performances of the proposed framework for the
Smith-Waterman algorithm approach and various
transformer models are presented in Table [3]

From Table for the English language, the
XLM-RoBERTa model-based claim verification
framework achieves the best performance among
all evaluated frameworks, with precision, recall,
and F1-scores of 86.92, 86.98, and 86.87,
respectively. Furthermore, for label-specific
results, the XLM-RoBERTa framework attains the
highest F1-scores for both the SUPPORTS and
REFUTES categories, with scores of 87.04 and
86.69, respectively.

The IndicBERTv2 model demonstrates superior
performance for both Hindi and Bengali languages,
achieving F1-scores of 80.20 and 85.65,
respectively. Additionally, for label-specific
evaluations, although IndicBERTv2 yields the
highest F1-scores for both SUPPORTS and
REFUTES labels, the DistiiBERT-multilingual
model achieves the best recall score of
89.91 for the SUPPORTS label. In the
case of the REFUTES label for Hindi, the
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Table 3. Overall performance and label-specific outcomes for claim verification system in rule-based Smith-Watrerman
algorithm and different pretrained multilingual transformer models (Prec., Rec., and F1 are the abbreviations of
Precision, Recall and F1-score)

Overall Result

Label Specific Result

SUPPORTS REFUTES
Model Language Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1
Algorithm Engligh 68.41 68.41 68.41 68.46 68.69 68.57 68.37 68.14 68.25
base Hindi . 69.81 69.47 69.38 67.72 75.89 71.58 71.90 63.04 67.18
approach Bengali 71.08 70.62 70.55 68.90 77.66 73.02 73.25 63.57 68.07
Code-Mix  56.34 56.40 56.27 61.11 56.54 58.74 51.56 56.25 53.80
English 85.26 85.30 85.18 88.28 82.58 85.33 82.24 88.03 85.03
mDistiBERT Hindi 71.24 65.92 64.82 64.47 89.91 75.10 78.00 41.94 54.55
Bengali 77.62 76.21 76.20 73.33 86.61 79.42 81.91 65.81 72.99
Code-Mix  78.74 78.07 78.15 76.60 84.71 80.45 80.88 71.43 75.86
English 83.16 83.22 83.16 85.23 81.94 83.55 81.08 84.51 82.76
mBERT Hindi 76.73 75.74 74.65 86.25 63.30 73.02 67.21 88.17 76.28
Bengali 85.89 85.48 85.57 83.82 89.76 86.69 87.96 81.20 84.44
Code-Mix  60.40 60.24 59.80 64.29 52.94 58.06 56.52 67.53 61.54
English 86.92 86.98 86.87 89.73 84.52 87.04 84.11 89.44 86.69
XLM-R Hindi 76.39 74.52 73.00 87.67 58.72 70.33 65.12 90.32 75.68
Bengali 84.07 83.85 83.60 89.19 77.95 83.19 78.95 89.74 84.00
Code-Mix  77.05 76.85 76.53 82.19 70.59 75.95 71.91 83.12 7711
English 79.12 77.94 77.29 87.29 66.45 75.46 70.95 89.44 79.13
MURIL Hindi 73.80 73.95 73.73 78.00 71.56 74.64 69.61 76.34 72.82
Bengali 81.95 82.00 81.96 83.74 81.10 82.40 80.17 82.91 81.51
Code-Mix  40.26 44.9 36.69 36.00 10.59 16.36 44.53 79.22 57.01
English 81.30 80.82 80.43 87.60 72.90 79.58 75.00 88.73 81.29
IndicBERTv2 Hindi 80.89 80.78 80.20 87.91 73.39 80.00 73.87 88.17 80.39
Bengali 85.94 85.85 85.65 90.35 81.10 85.48 81.54 90.60 85.83
Code-Mix  73.39 73.36 73.37 74.42 75.29 74.85 72.37 71.43 71.90

DistiiIBERT-multilingual framework also provides
the highest precision score of 78.00.

For Bengali, in label-specific results, the
IndicBERTv2 model achieves the highest precision
score of 90.35, while the multilingual BERT
model-based framework attains the best recall and
F1-scores of 89.76 and 86.69, respectively, for
the SUPPORTS label. Regarding the REFUTES
label, the IndicBERTv2 model-based framework
obtains the best recall and F1-scores, while the
multilingual BERT model achieves the highest
precision score of 87.96.

Notably, for Code-Mix texts, the lightweight
DistiiBERT-multilingual model-based framework

outperforms all other frameworks, achieving
overall precision, recall, and F1-scores of
78.74, 78.07, and 78.15, respectively. In

label-specific evaluations for the SUPPORTS

label, the DistilBERT-multilingual model achieves
the best recall and F1-scores. However, it
does not achieve the highest precision; the
XLM-RoBERTa model-based framework records
the best recall score of 82.19. For the REFUTES
label, the XLM-RoBERTa framework obtains
the best recall and F1-scores, whereas the
DistiiIBERT-multilingual framework achieves the
best precision score. In contrast, the MuRIL model
exhibits a substantial decline in performance
for Code-Mix claim verification, recording a
precision score of 40.26, a recall score of 44.90,
and an Fi1-score of 36.69. Although MuRIL
is trained explicitly on Indian languages, its
performance significantly deteriorates when
handling Hindi-English Code-Mix texts in
romanized script.

Although the transformer-model-based dual
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encoder framework achieved the best performance
across all languages, the performance in the
Smith-Waterman algorithm-based approach is
quite acceptable. Without any extensive training
or fine-tuning, the simple rule-based sequence
alignment algorithm achieves F1-scores of 68.41,
69.38, and 70.55 for the English, Hindi, and
Bengali languages, respectively. However, the
performance in Code-Mix language is slightly
deteriorated to 56.27. One possible reason for
the low performance in Code-Mix language is
its linguistic complexity, which makes it difficult
to verify claims properly due to the mixing of
two languages.

6 Conclusion

This paper introduces a novel dataset for
claim verification in English and low-resourced
languages, specifically Bengali, Hindi, and
Hindi-English  Code-Mix, leveraging large
language models (LLMs) alongside a manual
human annotation process. Furthermore, we
developed a lightweight rule-based approach
inspired by the Smith-Waterman sequence
labeling algorithm and a dual-encoder claim
verification framework utilizing transformer-based
models. Experimental results demonstrate
that the IndicBERTv2 model achieves superior
performance for the low-resourced languages
of Bengali and Hindi. Additionally, for English
and Code-Mix languages, the XLM-RoBERTa
model exhibits better performance in claim
verification tasks. Additionally, the rule-based
algorithm approach demonstrates an acceptable
performance in English, Hindi, and Bengali
languages.

However, to substantiate our findings more
comprehensively and enhance the robustness
of the proposed claim verification framework,
developing a larger and more diverse dataset
is necessary.

7 Limitations and Future Work

Our proposed work also has some limitations.
First, for English, Hindi, and Bengali, we relied
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solely on online news portals, which limits our
exploration of claim verification in a more diverse
domain, such as social media. In our future
work, we will incorporate social media data, such
as Twitter or Facebook posts, to explore claim
verification in social media.

Second, the dataset’s size is quite limited, which
restricts us from providing a more robust analysis
across different languages. In our future work,
we will develop the claim verification framework
with a large sample-sized dataset to make a more
robust framework.

Third, we fine-tuned our models with a
mini-batch size of 4 and 8. We were unable
to go beyond the batch size of 8 due to resource
limitations. In our future work, we will experiment
with a higher batch size to develop a more
fine-tuned framework.

Fourth, using two separate transformer encoders
for claim and evidence makes the claim verification
framework a resource-intensive framework.
In our future work, we will develop a single
encoder-based claim verification framework that
utilizes fewer resources and reduces overhead.

Lastly, the rule-based algorithmic approach for
claim verification is language-dependent, with
parameter (match) values that differ for each
language. In our future work, we aim to develop a
version that will work in languages independently,
at least English, Hindi, and Bengali.
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