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Abstract

The rapid adoption of Large Language Models
(LLMs) has raised important concerns about
the factual reliability of their outputs, particu-
larly in low-resource languages such as Urdu.
Existing automated fact-checking systems are
predominantly developed for English, leaving
a significant gap for the more than 200 mil-
lion Urdu speakers worldwide. In this work,
we present URDUFACTBENCH and URDUFAc-
TQA, two novel hand-annotated benchmarks
designed to enable fact-checking and factual
consistency evaluation in Urdu. While URDU-
FacTBENCH focuses on claim verification, UR-
DUFACTQA targets the factuality of LLMs in
question answering. These resources, the first
of their kind for Urdu, were developed through
a multi-stage annotation process involving na-
tive Urdu speakers. To complement these
benchmarks, we introduce URDUFACTCHECK,
a modular fact-checking framework that in-
corporates both monolingual and translation-
based evidence retrieval strategies to mitigate
the scarcity of high-quality Urdu evidence.
Leveraging these resources, we conduct an ex-
tensive evaluation of twelve LLMs and demon-
strate that translation-augmented pipelines con-
sistently enhance performance compared to
monolingual ones. Our findings reveal per-
sistent challenges for open-source LLMs in
Urdu and underscore the importance of devel-
oping targeted resources. All code and data are
publicly available at https://github.com/
mbzuai-nlp/UrduFactCheck.

1 Introduction

In recent years, the way we find and share infor-
mation has changed dramatically. Large language
models (LLMs) like GPT-40 (OpenAl et al., 2023)
are now capable of answering questions, generat-
ing articles, and even holding conversations that
sound convincingly human.

* Equal contribution.

Despite all mentioned strengths, these models
sometimes make mistakes and do so with surpris-
ing confidence, even when they’re wrong. This
problem, known as “hallucination” (Bang et al.,
2023; Borji, 2023; Tie et al., 2024), is especially
troubling when technology is used in important ar-
eas such as healthcare, finance, or law (Chuang
et al., 2024; Geng et al., 2024; Wang et al., 2024b).

At the same time, social media platforms have
become a main source of news and information
for millions of people worldwide. These platforms
are also a source of fake news and misinformation.
During major events such as the 2016 U.S. Presi-
dential Election and the Brexit referendum, false
narratives were used to manipulate public opinion
at scale (Allcott and Gentzkow, 2017; Pogue, 2017;
Vosoughi et al., 2018). The rapid algorithm driven
spread of such content, especially on TikTok, Face-
book, and Twitter, has reduced public trust in insti-
tutions and increased political polarization (Zim-
mer et al., 2019; Trilling et al., 2017). This trend
worsened during the COVID-19 pandemic, which
not only increased public awareness of misinforma-
tion but also revealed its risks in real time. The
World Health Organization (WHO) warned that we
were facing not only a pandemic but also an ‘info-
demic’, a surge of false or misleading information
about the virus on social media (Humprecht, 2020;
Arechar et al., 2023; Organization et al., 2023).

Despite the growing momentum of fact-
checking efforts, most initiatives focus on
English-language content (Guo et al.,, 2022),
leaving a gap for other widely spoken languages.
Urdu is the national language of Pakistan, holds
official status in several Indian states, and is
spoken by about 232 million people worldwide,
yet it accounts for less than 0.5% of all online
content.!

"https://www.icls.edu/blog/
most-spoken-languages-in-the-world
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Figure 1: Three core fact-checking pipelines of URDUFACTCHECK: (top) end-to-end Urdu framework, (middle)
translation-augmented retrieval, and (bottom) threshold-based rerouting using 7 when No. of Evidence < 7. Green
indicates Urdu context, while blue indicates English context.

The development of automated fact-checking
tools for Urdu remains limited, reflecting a broader
trend in Natural Language Processing (NLP),
where low-resource languages are often routinely
left behind due to a lack of annotated data and low
representation in LLM pretraining corpora (Du
et al.,, 2021; Raja et al., 2023). These gaps are
concerning given the frequent spread of misinfor-
mation in Urdu on social media. False content cir-
culates in various forms, including jokes, memes,
and deliberate disinformation (Amjad et al., 2022).
While there has been progress in applying cross-
lingual methods to tasks such as hate speech and ru-
mor detection in (Glavas et al., 2020; Haider et al.,
2023), these advances have not extended to auto-
mated fact-checking in Urdu. To address this, we
introduce three resources for factuality assessment
in Urdu:

URDUFACTBENCH: A manually curated bench-
mark for claim verification, enabling the evaluation
of fact-checking systems and comparisons to auto-
mated fact-checkers. It combines multiple claim
datasets into a unified resource and standardizes
their labels into a consistent format for evaluation.

URDUFACTQA: A manually annotated dataset
for evaluating the factual accuracy of LLMs on
Urdu QA tasks. We use it to assess 12 state-of-the-
art LLMSs, and it serves as the first benchmark to
measure the factuality of LLM answers in Urdu.

URDUFACTCHECK: A fact-checking pipeline
for claim verification and LLM evaluation in Urdu.
It features a modular design with monolingual and
translation-based retrieval, and uses a thresholded
evidence boosting technique as illustrated in Fig-
ure 1.

URDUFACTCHECK builds on recent modular
frameworks such as Lok1 (Li et al., 2025), OPEN-
FactCHECK (Wang et al., 2025; Igbal et al., 2024),
and FIRE (Xie et al., 2025), and addresses key chal-
lenges in Urdu fact-checking:

* Detecting factual errors in free-form text;

* Enhancing quality and coverage of evidence;
* Evaluating factuality of LLMs on Urdu;

* Analyzing system component contributions;

Our main contributions are two new Urdu
datasets for factuality evaluation, supported by an
open-source framework for systematic experimen-
tation. These resources provide a foundation for
future research on factuality in low-resource lan-
guages. In addition, they enable direct compar-
isons between proprietary and open-source LL.Ms
on Urdu inputs. By making both datasets and
framework publicly available, we aim to encour-
age reproducible research and facilitate extensions
to other underrepresented languages.
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2 Related Work

Prior efforts in Urdu fact-checking have focused
mainly on fake news classification. The URrDU-
Fake @FIRE2021 (Amjad et al., 2022) shared task
framed this as a binary problem, highlighting gen-
eralization issues under domain shifts. Ax-To-
GRIND (Harris et al., 2023) introduced a larger an-
notated dataset and applied multilingual models
like MBERT and XLNET. More recently, Hook
AND BaIT UrRDU (Harris et al., 2025) released the
largest Urdu fake news corpus, leveraging LoRA
fine-tuning of LLAMA-2 for mono- and multilin-
gual detection. While these systems improved clas-
sification and dataset scale, they do not provide
end-to-end factuality pipelines.

In parallel, several Urdu QA datasets have
emerged. UQA (Arif et al.,, 2024), a span-
preserving translation of SQUAD2.0 (Rajpurkar
et al., 2018), has been used to benchmark multi-
lingual models like MBERT and XLM-ROBERTA.
Other corpora such as UQUADI1.0 (Kazi and
Khoja, 2021) support extractive QA but do not
assess factual correctness. These resources tar-
get reading comprehension and general QA, rather
than fact-checking or systematic evaluation of gen-
erated responses.

Multilingual ~ benchmarks such as X-
Fact (Gupta and Srikumar, 2021) have tested
LLM factuality across several low-resource lan-
guages, but Urdu remains underrepresented in
these evaluations. At the same time, tools like
FactScore (Min et al., 2023), FactooL (Chern
et al., 2023), and FACTCHECKGPT (Wang et al.,
2024a) have advanced metrics, retrieval strategies,
and modularity in fact-checking, but they are
developed mainly for English and lack Urdu-
specific datasets. This absence limits systematic
evaluation of factuality in Urdu and restricts the
transfer of existing methods to this language.

In contrast, this work introduces URDUFACT
BENcH and URDUFACTQA, the first datasets
for fact-checking and factuality evaluation in
Urdu. UrRDUFACTBENCH supports claim verifica-
tion, while URDUFACTQA evaluates the factual ac-
curacy of LLM-generated responses. To support
their use, we also provide URDUFACTCHECK, a
modular framework with claim processing, evi-
dence retrieval, and verification. Together, these
resources provide the first foundation for factual-
ity evaluation in Urdu, addressing gaps from prior
work on classification or general QA.

3 Datasets

To provide a foundation for evaluating automated
fact-checkers and measuring the factuality of
LLMs, we draw on three claim verification datasets
and two QA datasets, curating them into URDU-
FacTBENCH and URDUFACTQA, respectively.

3.1 Dataset Collection

Given the limited availability of factual datasets
in Urdu, we adapted established English datasets
through a multi-stage process under expert su-
pervision. For claim verification, we selected
three datasets: BINGCHEck (Li et al., 2024),
FAcTCHECK-BENCH (Wang et al., 2024a), and Fac-
ToOL (Chern et al., 2023). From FacTtooL, which
spans multiple domains, we extracted a subset re-
quiring world knowledge, referred to as FACTooOL-
QA.

For factual question answering, we used two
QA datasets: SIMPLEQA (Wei et al., 2024) and
FRESHQA (Vu et al., 2024). Together, these
five datasets cover varied claim structures, do-
mains, and formats, allowing evaluation of both
claim-level verification and the factual behavior of
LLMs. We emphasized claims that require exter-
nal knowledge, as this is central to factuality tasks.
For FAcTcHECK-BENCH and BINGCHECK, we sim-
plified the original four-label scheme (supported,
partially supported, not supported, refuted) into
binary: True for supported/partially supported,
False for refuted, and removal of not supported.
This standardization ensured consistency across
datasets.

To reduce class imbalance in BINGCHECK,
which contained 3,581 True and only 42 False
claims, we sampled 100 7rue instances for the test
set. This produced a more balanced dataset and
enabled evaluation metrics to better capture perfor-
mance across both classes.

3.2 Translation and Annotation

To begin the translation process, we used three
LLMs: GPT-40 (OpenAl et al., 2023), GEMINI-
1.5-Pro (Team et al., 2024 ), and CLAUDE-SONNET-
3.5 (Anthropic, 2024b). Each model was tested by
translating 50 claims and 50 QA pairs in a few-shot
setup, and the translations were reviewed by expert
annotators for fluency, adequacy, and correctness.
Based on these qualitative assessments by anno-
tators, GPT-40 was selected as the most suitable
model for translation.
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This machine-generated translation was not in-
tended as a final product, but rather as a way to
accelerate the annotation workflow and reduce the
manual workload for human annotators. By lever-
aging GPT-40, annotators were able to dedicate
their efforts to quality assurance, validation, and
refinement rather than translating from scratch.

To improve translation quality, annotators cre-
ated 100 demonstration examples (20 per dataset)
for the LLM’s few-shot setup. A custom prompt
template, guided by linguistic rules, instructed
the model to generate grammatically correct Urdu
while preserving technical terms and translitera-
tions. The guidelines also addressed left-to-right
numerals in right-to-left flow and correct place-
ment of acronyms (see Appendix A). For opti-
mal few-shot performance, Max Marginal Rele-
vance (MMR) was used to select the most relevant
examples. The pipeline was implemented with
LANGCHAIN? and an output parser, using default
OpenAl Library parameters for GPT-40.

After translation, each dataset underwent dual
annotation: one expert reviewed the output, and
a second independently validated it for linguistic
consistency, factual correctness, and cultural ap-
propriateness. A custom annotation portal fur-
ther streamlined review and verification (see Ap-
pendix B). This workflow ensured all datasets met
high standards of quality and reliability for factual-
ity evaluation in Urdu. Native Urdu-speaking anno-
tators were employed to ensure the highest linguis-
tic and cultural quality in the datasets. All annota-
tors were required to be senior high-school gradu-
ates at minimum, with higher educational qualifi-
cations preferred, and both parents being from and
residing in Urdu-speaking regions. This careful se-
lection process helped guarantee not only fluency
but also deep cultural familiarity with the language.
The final translated datasets resulted in the follow-
ing two resources:

URDUFACTBENCH: Comprising the claim
datasets BINGCHECK, FacTooL-QA, and
FacTCcHECK-BENCH, this benchmark serves
as the ground truth for evaluating the performance
of automated fact-checkers in Urdu (see Table 1).

URDUFACTQA: Consisting of the QA datasets
SiMPLEQA and FrRESHQA, this benchmark is de-
signed for evaluating the factuality capabilities of
LLMs in Urdu (see Table 2).

https://www.langchain. com

Dataset | #True #False Total
FACTCHECK-BENCH 472 159 631
FacTooL-QA 177 56 233
BINGCHECK 100 42 142
URDUFACTBENCH | 749 257 1006

Table 1: Statistics of URDUFACTBENCH.

Dataset |  Size
SIMPLEQA 4,326
FRESHQA 600
URDUFACTQA | 4926

Table 2: Statistics of URDUFACTQA.

Together, these benchmarks fill a critical gap in
Urdu NLP by providing the first resources for re-
producible, benchmarked research on factuality in
low-resource settings.

4 Framework

To address the challenge of evaluating factuality in
Urdu free-form text, we present URDUFACTCHECK,
a set of three end-to-end pipelines specifically tai-
lored for the Urdu language. The base frame-
work consists of four core agent modules: CLAIM-
PROCESSOR, QUERYGENERATOR, RETRIEVER, and
VERIFIER, drawing on well-established automated
fact-checking frameworks, as illustrated in Fig-
ure 1 (Li et al., 2025; Igbal et al., 2024; Xie et al.,
2025; Chern et al., 2023).

4.1 Prompt Engineering for Core Modules

The URDUFACTCHECK framework adopts an agen-
tic architecture, where each module functions as a
specialized agent with a distinct role. Prompts are
designed to handle Urdu’s linguistic and contex-
tual challenges, ensuring coherent outputs across
the pipeline.

The CLAIMPROCESSOR (CP) decomposes text
into atomic, check-worthy claims. The QUERY
GENERATOR (QG) produces two query types per
claim: (i) question-based queries that conceal the
fact and (ii) direct claim-based queries to improve
retrieval. The RETRIEVER (RTV) uses the Google
SERP API® without prompt engineering, while the
VERIFIER (VFR) assigns factuality labels, provides
reasoning, and suggests corrections. Each prompt
includes two—three examples, with full templates
in Appendix C.

https://serper.dev
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4.2 Evidence Boosting

A major challenge in automated fact-checking for
Urdu is the limited availability of high-quality
evidence in the language. To address this, Ur-
DUFACTCHECK implements a multi-strategy evi-
dence retrieval approach, consisting of three dis-
tinct strategies, that dynamically adapts to the dif-
ficulty and resource needs of each claim.

Monolingual Retrieval: This is a straightfor-
ward approach in which, for every Urdu query q;,
the system retrieves evidence Ey; in Urdu. This
method ensures language consistency and compu-
tational efficiency, but struggles to provide rele-
vant results for niche or globally underrepresented
topics due to the scarcity of reliable Urdu web con-
tent. As a result, the evidence retrieved can some-
times be insufficient or only loosely related to the
original claim.

Translated Retrieval: This strategy seeks to
overcome the limitations of monolingual retrieval
by translating the Urdu query gy, into English g,
and conducting the web search in English to ob-
tain evidence F.,. The retrieved evidence is then
translated back into Urdu, resulting in Eepyr, to
maintain consistency with downstream modules.
While this translation-based approach significantly
improves evidence recall and quality by leveraging
abundant English online sources, it incurs higher
computational overhead and introduces potential
risks of semantic drift during back-translation.

Thresholded Translated Retrieval: This ap-
proach combines the efficiency of monolingual
retrieval with the robustness of translation-based
search using a dynamic fallback mechanism. We
introduce a thresholded evidence retrieval func-
tion, R(qur, 7), Which first attempts direct Urdu
retrieval. The sufficiency of evidence F; is as-
sessed by comparing its cardinality |Ey| to a pre-
defined threshold 7 which represents the minimum
evidence count.

If |Ey| > 7, the system proceeds with Ey; for
factual verification. Otherwise, ¢ is translated
into English (ge,) and additional evidence Ee, is
retrieved using English search. This evidence is
then translated back into Urdu E,,_,. In such cases,
both E,; and FEe,_, are combined for downstream
verification.

R(q 7_) — Ellru

if |Ey| > 7

otherwise

ey

As shown in Equation 1, this adaptive approach
allows the system to default to efficient mono-
lingual retrieval while guaranteeing broader veri-
fication coverage when Urdu evidence is insuffi-
cient. In such cases, the system dynamically in-
vokes translation-based retrieval and combines ev-
idence from both languages to strengthen verifica-
tion. This design ensures that retrieval quality does
not degrade even in scenarios where Urdu web con-
tent is sparse.

To support these transitions, we engineered ded-
icated prompts for Urdu-to-English and English-
to-Urdu translation. All translation is performed
by an LLM agent, which preserves meaning and
maintains consistency across the pipeline. This
setup not only improves recall but also ensures that
retrieved evidence is usable in downstream mod-
ules. Overall, the tiered retrieval framework en-
ables URDUFACTCHECK to balance accuracy and
cost, while directly addressing the central chal-
lenge of evidence scarcity in Urdu fact-checking.

5 Experiments

To evaluate URDUFACTCHECK and our bench-
marks, we conducted three experiments: (i) analyz-
ing the effect of evidence thresholding on retrieval
and verification, (ii) benchmarking automated fact-
checkers with URDUFACTBENCH, and (iii) assess-
ing LLM factuality with URDUFACTQA. We also
report API costs for proprietary LLMs, GPU rental
for open-source models, search engine query ex-
penses, and total fact-checking time. Open-source
experiments ran on an NVIDIA RTX 6000 GPU
($0.79/hour), with each SerpAPI query costing
about $0.00105.

5.1 Threshold Tuning

A key hyperparameter in the retrieval pipeline is
the evidence threshold 7, which specifies the min-
imum number of Urdu snippets required before
falling back to translation-based retrieval. To study
trade-offs between recall, accuracy, and efficiency,
we vary 7 € {1,3,5,7,9} and evaluate perfor-
mance on the FACTCHECK-BENCH subset of URD-
UFACTBENCH, recording verification accuracy and
retrieval cost. This identifies the optimal thresh-
old balancing recall and cost. All experiments use
GPT-40-MINI1 as the backbone model, with temper-
ature 0 and a 2500-token limit; other parameters
remain default.
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Figure 2: Effect of evidence threshold 7 on fact-
checking performance and cost for the FACTCHECK-
BENCH subset of URDUFACTBENCH. The blue line (left
axis) shows the F1 score, while the red line (right axis)
shows the total cost ($). Higher thresholds increase
cost but can improve F1 up to an optimal range before
plateauing.

Results Analysis Figure 2 shows the effect of
varying the evidence threshold 7 on both F1 score
and total retrieval cost. As 7 increases from 1 to 5,
F1 score improves, but a dip is observed at 7 = 7
before rising again at 7 = 9. This pattern is not
noise, but rather reflects that higher thresholds may
introduce more loosely related or noisy snippets,
which can hinder verification accuracy despite in-
creasing the volume of evidence. The increase in
cost is expected, as larger T values trigger more fre-
quent fallback to translation-based retrieval.

Overall, setting 7 in the range of 3-5 appears to
provide a favorable balance between improved ac-
curacy and manageable computational cost, mak-
ing it a practical choice for deployment in resource-
constrained or cost-sensitive scenarios. Based on
these results, we use 7 = 5 as the default thresh-
old for subsequent experiments, unless otherwise
specified.

5.2 LLM Selection for Fact-Checking

Before conducting a full evaluation of URrDU-
FacTCHECK, we first examined the performance of
a set of LLMs on the FACTCHECK-BENCH subset
of URDUFACTBENCH. The aim of this step was to
identify which models provide the best balance be-
tween accuracy and cost, so that they could be used
as backbone verifiers in later benchmarking exper-
iments. We chose FACTCHECK-BENCH for this ini-
tial study because it provides a diverse set of claims
and has significant number of samples, making it
a suitable testbed for comparing models under con-
trolled conditions.

The models included in this evaluation fall into
two groups. The proprietary group consisted of
the GPT series (OpenAl et al., 2023, 2024) and the
Claude series (Anthropic, 2024a), while the open-
source group included MISTRAL-INST 7B (Jiang
et al., 2023) and LLamA3.1-InsT 8B (Grattafiori
et al., 2024). This selection allowed us to com-
pare high-resource proprietary models with widely
used open-source alternatives that are more acces-
sible but often trained with smaller scale resources.

Results Analysis: The results in Table 3 show
that proprietary models generally outperform open-
source ones on precision and recall for true and
false labels. GPT-4.1 achieved the strongest overall
performance, confirming its capacity for accurate
factual verification in Urdu. However, smaller pro-
prietary variants such as GPT-4.1-miINI and GPT-
40-MINI also performed competitively, reaching
similar F1 scores at a fraction of the computa-
tional cost. In contrast, the open-source models
MISTRAL-INST 7B and LLAMA3.1-INST 8B showed
weaker performance, particularly on false labels,
which suggests limitations in their ability to reli-
ably detect incorrect claims in Urdu.

A key observation from this experiment is the
cost-performance trade-off. While large propri-
etary models provide the highest accuracy, smaller
variants deliver comparable results at lower cost,
making them practical for large-scale evaluation.
Based on these findings, we selected GPT-40 and
GPT-40-MINI as backbone models for subsequent
experiments. These represent a complementary
pair: one offering accuracy and the other effi-
ciency. This ensured that benchmarking of URrD-
UFACTCHECK was grounded in a balance of perfor-
mance and efficiency for Urdu factual verification,
while also providing a basis for future comparisons
with other models.

5.3 Fact-Checker Benchmarking

To evaluate URDUFACTCHECK, we conducted ex-
periments on two additional URDUFACTBENCH
subsets: FACTooL-QA and BINGCHECK. As no
end-to-end fact-checking systems exist for Urdu,
direct comparisons are limited. We include Fac-
TOOL, but it produced unreliable outputs on Urdu
text. For this reason, we did not extend compar-
isons to English-based fact-checkers, as their re-
sults would not provide a fair basis for Urdu ver-
ification, underscoring the need for Urdu-specific
evaluation.
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LLM LLM + Search Label = True Label = False
Cost ($) Prec Recall Fl | Prec Recall Fl

GPT-4.1 6.06+2.35 092 056 070|039 085 0.54
GPT-4.1-MINI 1.10+2.06 0.88 061 072|040 0.75 0.52
GPT-40 7.42+2.32 090 056 069 | 038 080 0.52
GPT-40-MINI 0.35+1.87 092 048 063 | 0.36 0.87 0.51
CLAUDE-SONNET 21.6+2.66 090 044 059034 085 049
CLAUDE-HAIKU 5.71+2.73 085 040 054|030 079 044
MiSTRAL-INST 7B 1.84+1.22 0.80 039 052030 062 040
LrAaMA3.1-INST 8B 4.02+2.15 0.84 043 057032 065 042

Table 3: Fact-checking performance and cost of different language models on the FACTCHECK-BENCH subset of
URrRDUFACTBENCH, using Thresholded Retrieval (7 5). Results are reported separately for Label = True and
Label = False in terms of precision, recall, and F1, alongside the combined LLM and search cost. Each cell is
color-coded from red (lowest) to green (highest) within its column to highlight relative performance.

LLM +S h URDUFACTBENCH- FACTOOL-QA URDUFACTBENCH- BINGCHECK Urdu
Framework LLM Co;t (;a)‘rc Label = True Label = False Label = True Label = False Language
Prec Recall F1 |Prec Recall F1 |Prec Recall F1 |Prec Recall F1 |CP RTV VFR
Random 0.58 0.77 0.66|046 0.26 033(0.58 0.77 0.66|046 0.26 0.33
Always True 1.00 0.76 0.86|0.00 0.00 0.00|1.00 0.76 0.86]|0.00 0.00 0.00
Always False 0.00 0.00 0.00|1.00 0.24 0.39(0.00 0.00 0.00|1.00 0.24 0.39
FACTOOL GPT-40 4.67+1.57 0.75 0.50 0.60[043 0.59 0.50(0.82 047 060|038 0.76 050| x x X
GPT-40-MINI 0.21+1.22 0.72 048 056(041 0.61 049|084 046 059(039 0.79 052| x x X
GPT-40 4.87+1.61 0.84 0.63 072035 0.63 045|087 041 056|039 0.86 054|v VvV v
URDUFACTCHECK
GPT-40-MINI 0.22+1.24 0.87 0.53 0.65[033 0.75 046|087 045 059|034 0.84 048| v VvV v
GPT-40 5.02+1.72 0.84 0.62 0.71[035 0.64 045|088 041 056|040 0.85 054|v VvV v
UrpUFACTCHECK TH-TR-3
GPT-40-MINI 0.24+1.37 0.83 048 0.61[029 0.68 041|087 047 061|040 0.84 055 v V v
GPT-40 5.45+2.19 0.83 0.65 073034 0.57 043(0.83 041 055(/038 081 052|v VvV v
UrDUFACTCHECK TH-TR-5
GPT-40-MINI 0.24+1.37 0.87 0.50 0.64(033 0.77 046(093 0.50 0.65|044 091 059|v VvV v
GPT-40 5.20+2.38 0.84 0.67 075035 0.59 044(0.80 040 053(035 0.77 049|v VvV v
UrbpuFAacTCHECK TH-TR-7
GPT-40-MINI 0.28+1.59 0.87 0.53 0.66(034 0.79 048|089 048 062|042 0.86 056|v VvV v
GPT-40 6.1242.67 0.87 0.53 0.66(034 0.79 048|080 041 054|036 0.77 049|v VvV v
UrbpuFacTCHECK TH-TR-9
GPT-40-MINI 0.30+1.66 0.85 0.53 0.66(033 0.71 045090 0.53 0.67|044 0.86 058|v VvV v
GPT-40 8.87+2.23 090 0.70 0.79 (044 0.75 0.56(0.79 0.55 0.65|039 0.67 050 v VvV v
UrbpUFacTCHECK TR
GPT-40-MINI 0.46+1.38 0.88 0.58 0.70(0.37 0.78 0.50(0.92 0.55 0.69|045 0.88 060|v VvV v

Table 4: Comparison of fact-checking performance across frameworks on URDUFACTBENCH subsets (FACTOOL-
QA and BINGCHECK). Each cell is color-coded from red (lowest) to green (highest) within its column to highlight
relative performance. Metrics are reported separately for Label = True and Label = False, along with precision
(Prec), recall, and F1. Cost values denote the combined expense of the LLM and search.

Our evaluation included three variants of URDU-  Results Analysis: The results are reported in Ta-

FacTtCHECK: (i) a monolingual retrieval pipeline,
(ii) a fully translated retrieval pipeline (TR), and
(iii) a thresholded translated retrieval pipeline (TH-
TR). For the TH-TR variant, we varied the evi-
dence threshold parameter 7 across values 3, 5, 7,
and 9, resulting in six distinct configurations of the
system. All experiments were performed using two
backbone language models: GPT-40 and GPT-40-
MINI. This setup allowed us to study the trade-off
between retrieval quality, accuracy, and cost under
different system configurations.

ble 4. Across both subsets, all URDUFACTCHECK
variants outperform FACTOOL and trivial baselines.
Among the three approaches, translation-based
pipelines (TR and TH-TR) give the strongest re-
sults. For example, the TR variant with GPT-40
yields F1 scores up to 0.79 on true labels, show-
ing the benefit of using English evidence to supple-
ment limited Urdu web content. The TH-TR vari-
ants also achieve high accuracy while controlling
cost, with 7 = 5 providing a favorable balance be-
tween retrieval quality and efficiency.
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Figure 3: Automatic factuality evaluation results for 12 SOTA LLMS on URDUFACTQA using URDUFACTCHECK-
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FacTCHECK-TR in USD.

In addition to accuracy, cost is an important fac-
tor in benchmarking fact-checking pipelines. Our
analysis shows that GPT-40-MINI achieves per-
formance close to GPT-40 but at a much lower
cost, making it a practical choice for large-scale or
resource-constrained applications. These findings
demonstrate that while URDUFACTCHECK can be
configured for higher accuracy through translation-
based retrieval, lightweight variants offer a cost-
effective alternative without a major loss in perfor-
mance. This flexibility allows users to select con-
figurations that best match their accuracy require-
ments and available resources.

5.4 Evaluating LLM Factuality

We evaluated the factual accuracy of twelve LLMs
on the URDUFACTQA benchmark. The evaluation
included both proprietary and open-source models.
The proprietary group consisted of GPT-40 and
04-MIN1. The open-source group included ALIF
(8B), a Urdu specific model, as well as the LLAMA-
3-InsT (8B), LLAMA-3.1-INST (8B), LLAMA-3.2-
InstT (1B, 3B), and QwEN 2.5 (1.5B, 3B, 7B, 14B,
72B) families.

For each question in URDUFACTQA, responses
were generated from all twelve models. Propri-
etary models used default OpenAl API parame-
ters, while open-source models followed Hugging
Face defaults. All outputs were automatically eval-
uated for factuality using the translation-based URr-
DUFACTCHECK pipeline (TR variant) with GPT-
40-MINI as verifier and Google Serper for retrieval.
Prompts and templates from URDUFACTQA were
applied consistently.

Results Analysis: The results are shown in Fig-
ure 3. Proprietary models such as GPT-40 and
04-MIN1 produced the highest percentage of factu-
ally correct responses across both subsets of UrD-
UFACTQA. In these models, the percentage of true
claims reached up to 46%. Open-source models,
including ALIF-8B, the LLAMA-3 series, and the
QWEN series, showed lower factual accuracy, often
below 25% true claims. Within the open-source
group, QWEN 2.5 (72B) was the strongest model,
though still behind proprietary systems.

The two subsets of URDUFACTQA also showed
different levels of difficulty. The SIMPLEQA sub-
set contained a larger number of questions (4,326)
and produced lower percentages of true claims,
reflecting its greater challenge for LLMs. The
FRESHQA subset, with fewer questions (600), re-
sulted in a higher proportion of correct answers and
fewer false claims overall. This difference high-
lights the importance of dataset size and question
design in assessing model factuality. Computa-
tional costs were comparable across models, with
differences mainly due to model size rather than
evaluation procedure.

In summary, the evaluation shows that pro-
prietary models currently provide better factual
accuracy for Urdu question answering, while
open-source models have more limited perfor-
mance. These findings confirm the value of large
instruction-tuned models for factuality tasks in
low-resource languages, and they emphasize the
need for further development of competitive open-
source models for Urdu.
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Major Issue Error Type Description FACTCHECK-BENCH FacTooL BINGCHECK #Total
1 i nx 1 1 x 1 n x
1. Invalid claim: When the input consists only of a single entity such as a person’s name or a place | 0 0 0 0 0 0 0 0 0 0
name or the claim is simply not check-worthy. For Example:
- E’df;l"'“ or v(/L_y_‘
2. Unclear, ambiguous, or subjective claim: When the statement is vague, open to multiple interpre- 0 1 0 0 2 2 1 2 1 9
A. Dataset Issue tations, or not objectively verifiable. For Example:
Uyl s
3. False gold labels: Cases where the original annotated label is incorrect. For Example the following 0 0 0 0 0 0 0 0 0 0
statement is erroneously gold labeled as true:
Qe r S v sl
4. Req complex sci or d pert ge: Cases where specialized expertise is 2 4 6 1 2 3 0 0 2 20
necessary to verify the claim. For Example:
- dk n{,thJ; ».ﬁ}LJy:w@fgh
5. Inmaccurate parametric knowledge: Cases where LLM-based verifiers make incorrect judgments 4 8 5 4 2 5 0 0 3 31
because of erroneous or outdated knowledge stored in their parameters. For Example:
B. Knowledge Tssue
eGSRk el s
6. Insufficient or inaccurate externally collected knowledge (evidence): Cases where verification 11 5 1 6 6 2 12 9 7 59
fails due to (i) no external evidence retrieved and the model relies only on its own reasoning; (ii) evi-
dence collected is incomplete and does not cover all aspects of a complex claim; (iii) evidence itself is
inaccurate or contains errors. For Example:
gk A G 5
7. Incorrect reasoning: Cases where the model draws invalid conclusions, either by dismissing relevant 3 2 6 9 8 6 4 5 6 49
information from the claim or by introducing unsupported details.
8. Strict reasoning: Cases where the model relies too rigidly on a single source of knowledge: (i) strictly 0 0 0 0 0 2 2 3 1 8
C. LLM Reasoning depending on collected evidence without using commonsense leads to wrong verification, whereas com-
bining both could yield the correct result; (i) overly strict reasoning based on parametric knowledge.
For Example:
-wut,/u:y»'/’-")“”,‘u‘}ifdf)).
9. Debatable opinions: Cases involving controversial or disputed topics where multiple perspectives 0 0 2 0 0 0 1 1 0 4
D. Debatable Opinion exist and no single view is universally accepted. For Example:
E S T esp ot o S5
Total | 20 20 20 | 20 20 20 | 20 20 20 | 180

Table 5: Datasets error distribution, grouped into nine fine-grained types under four major issues..

”I” repre-

sents the base URDUFACTCHECK pipeline, "II”” refers to the version with translation-augmented retrieval, and “TII”

denotes the version with threshold-based rerouting.

5.5 Error Analysis

Table 5 shows the distribution of nine error types,
based on 20 randomly sampled errors from each
evaluation. Most errors stem from Knowledge Is-
sues, particularly insufficient or inaccurate exter-
nal evidence (59 cases) and inaccurate parametric
knowledge (31 cases). LLM Reasoning errors (49
incorrect reasoning, 8 strict reasoning) also reveal
that models often dismiss relevant information, hal-
lucinate unsupported details, or apply overly rigid
reasoning strategies.

Importantly, URDUFACTCHECK’s translation-
augmented and thresholded translation-augmented
retrieval significantly reduce errors caused by
low-quality evidence, confirming the effectiveness
of multilingual strategies for Urdu fact-checking.
While Dataset Issues and Debatable Opinions ap-
pear less often, their inclusion ensures coverage of
ambiguity and contested claims.

These findings demonstrate the complemen-
tary value of our two benchmarks: URDUFACT-
BENCH enables fine-grained study of verification
errors, while URDUFACTQA highlights how fac-
tuality challenges surface in generative QA. To-
gether, they provide a comprehensive basis for ad-
vancing factuality research in Urdu and related low-
resource languages.

6 Conclusion

We introduced two new benchmarks for factuality
evaluation in Urdu: URDUFACTBENCH for claim
verification and URDUFACTQA for factual question
answering. Built using translation and dual anno-
tation, these are the first publicly available datasets
enabling systematic study of factuality in Urdu,
and filling a major resource gap for low-resource
languages.

In order to demonstrate the utility of these new
datasets, we further developed URDUFACTCHECK,
amodular framework that integrates claim process-
ing, evidence retrieval, and verification. It serves
as a testbed for benchmarking fact-checking strate-
gies and LLMs in Urdu. Using these resources, we
conducted extensive experiments, including evalu-
ations of twelve LLMs, revealing clear differences
between proprietary and open-source models and
underscoring both challenges and opportunities in
Urdu factuality.

Our main contribution is the release of two high-
quality benchmarks, supported by an open frame-
work for experimentation. We hope that these re-
sources will provide a foundation for advancing
factuality assessment in low-resource languages,
will foster cross-lingual transfer of methods, and
will offer practical tools to address misinformation
in Urdu and beyond.
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Limitations and Future Work

While URDUFACTCHECK represents a significant
step forward in factuality evaluation for Urdu, sev-
eral limitations remain:

Evaluation Datasets The effectiveness of URD-
UFACTCHECK relies heavily on the quality and di-
versity of the evaluation datasets. Although we
have incorporated multiple benchmarks to ensure
broad domain coverage, inherent biases and cover-
age gaps persist. Certain specialized domains may
be underrepresented, potentially limiting the sys-
tem’s robustness and generalizability for all types
of factual claims.

Latency and Cost Automatic fact-checking
with URDUFACTCHECK can incur substantial com-
putational costs and latency, particularly when
leveraging high-accuracy models and multi-stage
retrieval strategies. These resource requirements
may pose challenges for real-time applications or
users with budgetary constraints.

Quality of Machine Translation The frame-
work relies on machine translation when retriev-
ing and processing evidence across Urdu and En-
glish. Despite careful prompt engineering and
post-editing, translation errors can introduce se-
mantic drift, loss of nuance, or context misinterpre-
tation, potentially affecting both evidence quality
and factuality judgments.

Temporal Limitations Currently, URDU-
FacTCHECK does not explicitly model the
temporal dynamics of factuality. As facts may
change over time, especially in rapidly evolving
domains, this can lead to mismatches between sys-
tem judgments and the present state of knowledge.
We are actively working on methods to integrate
temporal awareness into future versions of the
framework.

Dependence on External Knowledge Sources
The framework’s reliance on external knowledge
bases and web search engines introduces variabil-
ity in the availability, reliability, and timeliness of
evidence. Since web content is dynamic and not
always up to date, the factual accuracy of retrieved
information cannot be guaranteed in all scenarios.

Limited Human Evaluation While we perform
automated evaluation of LLM outputs using Ur-
DUFACTCHECK, comprehensive human annotation

and double-checking across all benchmarks is lim-
ited by human annotator availability and budget
constraints. Automated metrics may not always
fully capture nuanced or context-dependent factual
errors that human experts could identify.

Handling Ambiguity and Subjectivity Some
claims and questions may be inherently ambigu-
ous, subjective, or context-dependent. The current
framework is not equipped to distinguish between
subjective assertions, nuanced opinions, or multi-
faceted claims, which may impact the accuracy of
factuality judgments in such cases.

7 Ethical Statement

The development and deployment of URDU-
FacTCHECK are guided by ethical principles to en-
sure responsible use and positive societal impact:

Transparency and Accountability We priori-
tize transparency by making our code, data, and
evaluation protocols publicly available. This en-
ables independent scrutiny and fosters community
trust. We invite users and researchers to report is-
sues and biases, promoting continual improvement
of the framework.

Bias Mitigation We acknowledge the existence
of potential biases in both language models and
evaluation datasets. By integrating diverse bench-
marks and supporting research into fair fact-
checking, we aim to minimize the influence of bias
on factuality assessments.

Social Impact Improving the factual accuracy of
LLM outputs is central to combating misinforma-
tion and supporting informed public discourse. We
believe URDUFACTCHECK can contribute meaning-
fully to these goals, especially in low-resource lin-
guistic communities.
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A Pre-Translation Prompt for Dataset
Generation

To speed up annotation for URDUFACTQA and
URDUFACTBENCH, we designed a structured pre-
translation prompt. It instructed the LLM to trans-
late claim—label pairs into formal Urdu. The full
prompt appears in Listing 1.

You are an expert Urdu translator. Your task
is to translate the following claim-label

pairs from English to Urdu.

### Instructions

- Translate both the claim and label into
formal, fluent Urdu.

- Use correct masculine/feminine grammatical
forms in Urdu.

- Translate proper nouns only if a widely
accepted Urdu version exists (e.g., "India" -+
aylay, "Syria" -+ sla).

- Avoid translating proper nouns when they
appear in the name of an organization.

- Retain technical or factual terms (e.g.,
award names, organization names) in
transliterated form, where appropriate.

- Translate dates into proper Urdu format
(e.g., "Jan 1, 2020" =+ "2020 gygi> @u").

### Important Formatting Guidelines

1. English acronyms and abbreviations (e.g.,

IEEE, NASA, UNESCO):

- Do not translate or transliterate.

- Place them at a natural position in the Urdu
sentence (ideally after the date or subject).
- Avoid starting Urdu sentences with acronyms

or left-to-right (LTR) text.

2. Western numerals and LTR elements (e.g.,
2022, 7.8.8, Notepad++):

- Do not convert numerals to Urdu words.

- Always place an Urdu phrase before such
elements to maintain proper right-to-left
(RTL) sentence flow.

- This applies to acronyms, version numbers,

software/product names, etc.

Incorrect (structurally broken):
a. 2010 Jlu IEEE SLS s oS LS 5ylasl Sl 30y Sipd

ULl
b. 2 of January of 2019
c.  ~slagy yol gl Jg ity o S e piasr 090 S5

pla ) S (sl 55 2022 53938 27 e oS5 lears
2022 S ysSwl 5 g5MaS a8 355398

Correct (matural Urdu structure):
a.  LogS S Lse 2010l 3ylayl tuily y3gy Siuyd IEEE
s
b. oS o> 2 s 2019 Ll
Co ol el g iy naa> 1S 2022 ot piannr W00 S5
el 5 2022 3838 27 s0 e85 plsnys S ~slasy
§ =S 195l 5 5SS 355595 plai o S el

3. Ensure the final Urdu sentence is:
- Grammatically correct
- Visually aligned for RTL display

- Fluent and natural to read

### Examples
Here are a few examples of claims and expected
translations:

{examples}

### Translation
claim: {claim}
label: {label}

### Format Instructions:

{format_instructions}

Listing 1: Pre-translation prompt used to guide LLM
in generating Urdu translations of claims and labels.
The prompt defines translation rules for proper nouns,
acronyms, numerals, and dates, ensuring consistent and
fluent output across the dataset.
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UrduFactCheck Annotation Dashboard

Choose a JSON file to annotate:

Drag and drop file here
Limit 200MB per file « JSON

simplega_gpt-40_annotated.json 3.3MB

Previous Next

Question Urdu

LS L oS 0 ) s (3395 S8 IEEE (20 2010 JLow

Answer Urdu

Browse files

Save and Next

Figure 4: URDUFACTCHECK annotator dashboard built in Streamlit.

B UrbpuFAcTCHECK Annotator
Dashboard

As shown in Figure 4, we developed a dedicated
annotator dashboard to streamline dataset creation
and quality assurance. Implemented in Streamlit,
the dashboard offered expert annotators a simple
interface to translate and review claim—label pairs,
making it easier to ensure high-quality and consis-
tent Urdu translations.

C UrbpUFACTCHECK Prompts

This section presents the prompts that power the
core modules of URDUFACTCHECK.

CLAIMPROCESSOR Prompt

—oet Jolin < 9es S ale uo e o LS Lo o Ll Syl g8 O
=t B35S s9es IS Soy gt by s S 92 o ol Sl igoes
2~ pS B ol o S b S s 9iludl Ganal (S
o iyl ey oS csen 3y s a6 S a0l S

b sead oy jui 38395 By S 2y IS5 5ol el

ity Sl IS ue g3l gea 5ol o LS Ly ue 9oyl (e
ey Uy ua ooyl 8 s s B30 g 5 O
oS 3 el colog by bl (BLol hl (oS ogdle S ul

ayB S o

]
}

6963 S BS Sbs udy 16 o9 @S _w Bl "claim"
oS <983 95 uisdysS .S @lyd IS Jas ol

WS U o S celag”,

»{

[

o B 6 sl s Sl
{examples}

o B 351 368 (e JSB S Wlon B30 (S JaSo s

{input} :[text]

: [response]

Listing 2: Our claim extraction prompt, which guides

i Seclie S e L o0 A w g the identification of factual claims in Urdu text, with

Ry (6583 3125 J> 15 yol @S _w Blal
cestly bgy slisea 593

22801

rules for co-reference resolution and concise, self-
contained phrasing.



C.1 QUERYGENERATOR Prompt

=8 23 S rbslo s L g Sl wllsus Sl Ol

U SIS 38 e S Baaal c20y3 S ol S oM oS e ges
=S ol S Ml 3501 S gl 590 90 518 ol IS O

983 B 3 55 pudslo wllguw a0 UsS 5LI oillgus

-S 25S milsd sae e iile sl A ES oS wdds> S
ol Sl e 9yl willga ol ety Jon sea 93yl s
B Lo Oloar o usayld 5 1o ool Byo oS

S Caoyld Ll pyS ol . oillaw e Cany b S eatdly

Dloxr Lol (sS &5 (uls 5ol 225 - (255 Gosm o i

"I S Eaxd

["Jlgwlt, "Jlow2'] :eenyld S Lo
ot 5 8 pdllie o9 Ul
{examples}

tusd Bl yol J65 (e JSi (S Slaxr by (23S JoSa o
{input} :[claim]

: [response]

Listing 3: Query generation prompt used by the QUERY
GENERATOR module to create search engine queries for
fact-checking claims. The prompt ensures queries are
generated in Urdu and follow a specific format for effec-
tive claim verification.

C.2 VERIFIER Prompt

Pl S o a8 S O LS L 135 Sl oS Ol
oS iz J5S pue e 8 o LIS S el
£S5y oS i S e 8 s 9l e - lale

Slod 0355 @ilsd Gillae S @930 Ol 939 2t

ot =S o3 3850 aylod 03)S @ilpd Ly oS <3 Jlg> S
oS Ol -t S 9 9Ldie cu e yugs Sl wlga o

5 2 ol o s S Jlasial o blial 65 wloa
oo & 0311 S cdds S e

0% S sl e e ol oy g00iS3 Sl e
"reasoning" (~>g), "factuality" (cdid@s)

sol "error" (_klé) ygl "correction" (pusad),
i 39S sea yie 8 o Wl S g S ol iyl o
"Boolean True or False" ./ L okl

oS @ilyd sl yol wealog S hle g

=l P9 e 90l el yol hale g

sayb S g

}

Susd U o s s cdigdi> ayle S 63 oS :"reasoning"
! o e 33 i S 9SS Gt S w9l c

sanie o S 35S calas S Laud il oS ol oF

-S U9 S @l e

~yg. 'None' o y e yy cdidd> oyle S1 i "error"

oS colog S hle

Oylee oud ol 68 oy Lhale JgS S "correction”
S @lyd

¢ a3y edds ayle S g3 Sl True :"factuality"
False Ay o

{

tusd Bl yol JeS i pue JSi (S Dlex By (2sS JaSa o
{claim} :[claim]
{evidence} :[evidence]

: [response]

Listing 4: Verification prompt used by the VERIFIER
module to assess claim factuality based on retrieved ev-
idence. The prompt ensures systematic evaluation and
structured output with reasoning, error identification,
and corrections in Urdu.

Urdu to English Translator Prompt

You are given a piece of text in Urdu. Your
task is to translate it into English. The
translation should be accurate and maintain
the original meaning of the text. Please
ensure that the translation is grammatically
correct and coherent in English.

DO NOT RESPOND WITH ANYTHING ELSE. ADDING ANY
OTHER EXTRA NOTES THAT VIOLATE THE RESPONSE

FORMAT IS BANNED.

{input}

Listing 5: Prompt for translating Urdu text into English.
C.3 English to Urdu Translator Prompt

You are given a piece of text in English.
Your task is to translate it into Urdu. The
translation should be accurate and maintain
the original meaning of the text. Please
ensure that the translation is grammatically
DO NOT RESPOND
WITH ANYTHING ELSE. ADDING ANY OTHER EXTRA
NOTES THAT VIOLATE THE RESPONSE FORMAT IS
BANNED.

correct and coherent in Urdu.

{input}

Listing 6: Prompt for translating English text into Urdu.
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