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Abstract

The rapid spread of multimodal fake news (FN) on Online Social Networks (OSNs)
threatens digital information ecosystems, particularly in low-resource languages. Exist-
ing multimodal fake news detection (FND) methods are largely limited to high-resource
settings, restricting their global applicability. We propose an M&M-RAG, a Multilingual
& Multimodal Retrieval-Augmented Generation framework, that leverages Large Vision-
Language Models (LVLMs) and Large Language Models (LLMs) to verify news claims
across English, Chinese and Urdu. M&M-RAG integrates real-time multilingual evidence
retrieval, language-aware prompting, and cross-modal reasoning for fact verification. We
further propose Multi-Ax-to-Grind Urdu, the first large-scale, multi-domain multimodal
benchmark for FND in Urdu. Experiments on typologically diverse monolingual mul-
timodal datasets demonstrate that M&M-RAG achieves state-of-the-art (SOTA) perfor-
mance, with 94.6% accuracy and 94.2% F1 score, surpassing models such as SpotFake,
MPFEN, MMCFEND, and Semi-FND. The proposed framework remains robust in zero-shot
and cross-lingual scenarios under frozen-model inference without task-specific fine-tun-
ing. The results underscore the scalability and interpretability of LVLM-based approaches
for combating multimodal misinformation, particularly in under-represented and typologi-
cally diverse languages.

Keywords Multimodal multilingual fake news detection - Large vision-language models
(LVLMs) - Retrieval-augmented generation (RAG) - NLP

1 Introduction

Online Social Networks (OSNs) have not only transformed news dissemination, but also
facilitated the rapid spread of fake news (FN). Modern FN extends beyond textual mis-
information to include manipulated images, memes, and captioned visuals that amplify
credibility and engagement. The most significant challenge is targeted dissemination of
multimodal FN in various regions and languages. Recent advancements in Large language
models (LLMs), such as GPT (Achiam et al., 2023), have made it increasingly difficult to
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distinguish between human- and machine-generated disinformation (Goldstein et al., 2023).
Consequently, the development of robust, automated Fake News Detection (FND) systems
is crucial (Harris et al., 2025). Most existing FND research has focused on monolingual and
unimodal contexts in rich-resource languages (Zhang et al., 2023; Sormeily et al., 2024),
which are insufficient for addressing multimodal, cross-lingual misinformation (Caraman-
cion, 2023; Tufchi et al., 2023). Studies indicate that OSN users are more susceptible to
visually enriched and clickbait-style news (Albalawi et al., 2023), underscoring the need
for multimodal approaches in low-resource languages (Thaokar et al., 2022; Harris et al.,
2023). Moreover, these approaches are neither comprehensive nor generalisable across lan-
guages (Jing et al., 2023).

Existing multimodal FND models in high-resource languages (e.g., English, Chinese)
rely heavily on handcrafted or post-hoc feature fusion (Suryavardan et al., 2023; Ying et al.,
2023). Such methods often overlook semantic dependencies between modalities and suffer
from noisy feature interactions (Singh et al., 2023; Wang et al., 2022). Although multimodal
variational encoders (Khattar et al., 2019) and deep fusion networks, such as MCAN (Wu et
al., 2021) and MFIR (Wu et al., 2023), have improved performance, they remain dataset- or
domain-dependent (Song et al., 2021), non-scalable, and language- or event-specific (Jin
et al., 2017; Wang et al., 2018). Furthermore, most frameworks neglect evidence retrieval,
which is critical for transparent and explainable FND. Recent studies (2024-2025) highlight
persistent gaps in scalability, zero-shot generalisation, and low-resource language coverage
(Tahmasebi et al., 2024; LekshmiAmmal and Madasamy, 2025; Bansal et al., 2024; Turaga
and Namin, 2024; Harris et al., 2025). These limitations often stem from the lack of mul-
tilingual multimodal datasets (Harris et al., 2024) and over-reliance on translation-based
methods, which fail to capture cultural and linguistic nuances (Bender et al., 2021). This
work addresses these limitations by introducing a native-script multimodal Urdu dataset and
a unified multilingual FND framework.

To this end, we propose M&M-RAG (Multilingual & Multimodal Retrieval-Augmented
Generation), which integrates real-time evidence retrieval, language-aware prompting, and
vision-language inference through Large Vision-Language Models (LVLMs) and LLMs.
Figure 1 illustrates an example where M&M-RAG analyses an Urdu news claim with a viral
image, retrieves cross-lingual evidence, and produces an evidence-based explanation. We
evaluate our framework on three typologically diverse multimodal datasets: Weibo (Chi-
nese), Multi-Ax-to-Grind (Urdu), and Twitter MediaEval (English). M&M-RAG achieves
state-of-the-art results without language-specific fine-tuning, demonstrating robust zero-
shot and cross-lingual generalisation. The key contributions of this work are summarised
as follows:

1. Novel Multimodal Dataset in Urdu: We curate Multi-Ax-to-Grind', the first large-
scale multimodal fake news dataset (with 21,715 image-text pairs) for a low-resource
language, addressing a major resource-availability gap in multilingual FND research.

2. Unified Multilingual and Multimodal FND Framework: We propose M&M-RAG,
anovel LVLM-based system that jointly performs evidence retrieval, language-specific
prompting, and multimodal reasoning, generating evidence-grounded justifications in
Urdu, Chinese, and English.

! The Multi-Ax-to-Grind Dataset and the associated M&M-RAG Code are freely available under CC by 4.0
license at: https:/figshare.com/s/62b9bbda2464d2059eeb.
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Urdu News Claim Translation Viral Image

A

Giclure of former Prime Minister and PTI

leader Imran Khan, showing him with a

grown beard and mustache after being
sentenced to three years in the

\_ Toshakhana case, is going viral

Final Label

A X]

Based on credible news sources, no

Dynamic Textual Retrieved Evidence
(Top-k documents with credibility)

(l.\'idcncc 1: According to BBC Urdu, no recent official pictures of Imran
Khan from jail have been released after the Toshkhana case conviction
circulating photos may be from earlier events.

Evidence 2: Geo News reported that there is restricted media access during
&nran Khan’s current imprisonment, and no official pictures are being shared.

verified images of Imran Khan have

Multimodal Reasoning
Label + Justification

been released from jail after his
Toshakhana case sentencing. The
viral image likely belongs to an
earlier period and is misleading.

Fig. 1 An example showing the M&M-RAG model that analyses an Urdu news claim (translated into
English) with a viral image using dynamic evidence retrieval and Qwen2-VL, predicting it as fake and
generating an evidence-based explanation

3. Zero-shot and Cross-lingual Generalisation: M&M-RAG demonstrates strong zero-
shot performance across distinct languages, marking the first evidence-aware multi-
modal FND system validated in cross-lingual settings with scalability and linguistic
generalisation.

This paper is organised as follows: Section 2 reviews multimodal FND methods in different
languages. Sections 3 and 4 detail the contributions of this paper. Section 3 presents the first
Urdu multimodal dataset, Multi-Ax-to-Grind Urdu, along with publicly available datasets
in English and Chinese. Section 4 entails the proposed M&M-RAG framework for FND.
Section 5 presents experimental results and ablation studies, and Section 6 concludes the
paper with key findings and future directions.

2 Related work

This section reviews traditional and recent fake news detection (FND) approaches, high-
lighting their limits in multilingual and multimodal contexts and their focus on high-resource
languages. Table 1 provides a summary of reviewed studies.

2.1 Traditional and multimodal FND in monolingual and low-resource languages

The existing FND research focused mainly on monolingual, feature-based approaches that
emphasised feature extraction and fusion but paid little attention to cross-lingual generali-
sation. The importance of unimodal and multimodal coherence is well recognised (Harris
et al., 2024). Many studies used complex attention-based fusion mechanisms (Wu et al.,
2023), which are effective but lack interpretability and adaptability in multilingual settings.

Various fusion strategies have been explored in multimodal FND. SpotFake (Singhal
et al., 2019) employed an early fusion using BERT for textual features and VGG-19 for
visual input in Chinese and English datasets, whereas SpotFake+ (Singhal et al., 2020) used
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Table 1 Comparison with the existing monolingual and multilingual multimodal studies

Ref & Year Dataset Models & Contributions Limitations
Languages Techniques
Harris et al. (2025)  English, CNN, VGG-19 Event-invariant multimodal ~ Lacks social context; no
Chinese learning multilingual handling
Hoes et al. (2023) English, Bi-LSTM, VGG-19  Cross-modal feature learning Frozen visual encoders; no
Chinese without metadata multilingual handling
Kaliyar et al. (2021) English, BERT, VGG-19 Lightweight framework Limited fusion techniques
Chinese without extra tasks explored
Ling et al. (2025) English XLNet, VGG-19 Transfer learning with pre-  Fusion strategies not analysed;
trained models likely frozen models
Harris et al. (2023)  Chinese, =~ CARN, MCN New dataset; noise-aware Dataset-specific; limited
English multimodal fusion language scaling
Kalraa et al. (2021)  English CNN, BiLSTM, Multi-class FND with CNN; Early fusion limited to rich-
BERT outperformed unimodal resource languages
baselines
Cohen (1960) English, BERT, Swin- Progressive fine-grained Limited language scope; lacks
Chinese T, VGG-19, multimodal fusion zero-/few-shot capabilities
MLP-Mixer
Lina et al. (2020) English DeBERTa, SwinV2 + Unified ensemble for multi-  No multilingual evaluation;
ensemble type fusion manual ensemble tuning
Brown et al. (2020)  Arabic MARBERTV2, First Arabic multimodal Small imbalanced dataset;
VGG-19, ResNet-50  dataset weak visual-text correlation
Gravier et al. (2016) English, Ensemble of BERT,  Efficient decision-level No attention-based fusion; no
Chinese ELECTRA, NASNet ensemble & feature fusion multilingual generalisation
Li et al. (2023) 7 Indic MuRIL, BLIP-2, Large multilingual dataset English translation required,
languages FLAVA, NASNet for similarity-based fusion loses language-specific
context
Liu et al. (2023) Tamil LLMs, mBERT, Curated dataset; LLM-based Relatively small dataset; no
XLM-RoBERTa, visual explanation with multilingual generalisation
ViT, DeiT justifications
Ours English, LVLM-based Curated multimodal Urdu Claim Translation into
Urdu, Language-aware dataset; Multilingual FND  English due to the limited
Chinese Reasoning with Evidence Retrieval model’s native support for

Urdu

XLNet instead of BERT for textual encoding in English. SEMI-FND model (Singh et al.,
2023) proposed a stacked ensemble using lightweight pre-trained models (BERT, ELEC-
TRA, and NASNet). CARMN (Song et al., 2021) applied CARN with a multi-channel CNN
to enhance cross-modal interaction for Chinese and English datasets. Likewise, MPFN (Jing
et al., 2023) presented a progressive multi-tier fusion to capture modality-specific repre-
sentations for Chinese and English. However, the method requires training on each dataset
and lacks zero-shot generalisation capabilities, interpretability, and external knowledge as
suggested in a recent study (Li et al., 2025). Conversely, Albalawi et al. (2023) explored
variance-aware feature extraction and fusion strategies through early and late fusion. The
study showed that larger multilingual datasets can enhance performance and generalisa-
tion. While these models significantly improved classification performance, they often lack
scalability and generalisation across languages or modalities. These fusion-focused mod-
els induced multimodal boundaries but remained limited in multilingual adaptability and
required extensive task-specific tuning.
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In terms of architecture, MVAE (Khattar et al., 2019) introduced variational autoencod-
ers for joint multimodal encoding but relied heavily on dataset-specific training and lacked
multilingual adaptability. EANN (Wang et al., 2018) addressed event-specific overfitting by
learning event-invariant features through adversarial training on English and Chinese data-
sets. A multimodal CNN, proposed by Segura-Bedmar and Alonso-Bartolome (2022), dem-
onstrated strong performance in six-class classification for English news, evaluating BERT,
BiLSTM, and CNN for text and outperforming unimodal models. The multimodal CNN
outperformed unimodal models, and the study suggested that pre-trained vision models and
late fusion strategies are better for modality alignment, as explained in Tufchi et al. (2023).
The research study (Du et al., 2023) integrated DeBERTa-large with Swin Transformer v2
and handcrafted metadata through adapter-based learning and a unified ensemble to handle
modality-type combinations for FND in English news. These models reflect diverse mul-
timodal architectures but are mostly supervised and lack multilingual generalisation capa-
bilities. A recent study proposed MUGCL (Nie and Zeng, 2025), which integrated text,
images, and social propagation networks into a single contrastive learning framework. The
model captured the multimodal news signals by building dual propagation graphs. Addition-
ally, the uncertainty-aware contrastive learning module identified inconsistencies between
modalities and filtered out deceptive signals common on OSNs. Uppada et al. (2023) ana-
lysed and jointly modelled three complementary modalities. The authors demonstrated
that combining heterogeneous visual and textual signals exhibited improved robustness in
detecting misleading imagery and clickbait-style captions, underscoring the importance of
multimodal reasoning for reliable FND in contemporary OSN environments.

Language-based analysis has been limited to English and Chinese, as suggested in Jing et
al. (2023); Singh et al. (2023); Khattar et al. (2019); Wang et al. (2018); Song et al. (2021),
which exhibited strong performance but lacked evaluation in multilingual settings. A step
toward low-resource contexts was taken in Bansal et al. (2024), where a multimodal dataset
in seven Indic languages was introduced. However, due to limitations in FLAVA, all content
was translated into English, reducing linguistic context. A recent Tamil-based framework
(LekshmiAmmal and Madasamy, 2025) used LLM-generated image descriptions and vision
transformers for image-text alignment and reasoning, with the potential for cross-lingual
expansion. However, translating datasets into English caused a loss of linguistic nuance and
cultural context.

2.2 LLMs-based unimodal and multimodal FND and RAG

NLP-based methods and PLMs, such as BERT and XLM-RoBERTa, have substantially
improved text-based FND, particularly for low-resource languages (Harris et al., 2025).
The transition from encoder-based PLMs to generative LLMs (e.g., GPT, LLaMA) reduced
task-specific fine-tuning requirements, enabling broader linguistic generalisation (Touvron
et al., 2023; Brown et al., 2020; Kaliyar et al., 2021). BERT (Devlin et al., 2019) and multi-
lingual PLMs, such as mBERT and XLM-RoBERTa trained on multilingual corpora (Xue et
al., 2020), are widely used for NLP-related tasks in low-resource languages, offering better
prediction performance. For Urdu, CharCNN-RoBERTa (Lina et al., 2020) achieved strong
unimodal results, confirming transformers’ superiority over conventional CNNs in low-
resource settings. Among multilingual transformers, RoOBERTa outperformed ALBERT,
XLM-RoBERTa, mBERT, and ensemble methods (Kaliyar et al., 2021; Kalraa et al., 2021).
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Several studies (Xu et al., 2024; Yao et al., 2023; Hoes et al., 2023; Cheung and Lam,
2023) have shown that LLMs, such as GPT (Achiam et al., 2023), LLaMA (Touvron et al.,
2023), and Mistral-7B (Jiang et al., 2023), can perform multilingual FND through instruc-
tion- or evidence-tuning, although they often remain unimodal and lack transparency. Simi-
larly, Wang et al. (2022) investigated LLM-enhanced textual FND prediction performance.
The study demonstrated that GPT-3.5 showed poor performance compared to task-specific
Small Language Models (SLMs). However, analysing the external evidence with reason-
able justifications enhanced SLMs’ performance in news comprehension. A style-agnostic
FND mechanism, proposed in Cheung and Lam (2023), addressed LLM-driven style attacks
through three components. Despite its robustness, the model is limited to text-based rich-
resource languages and lacks multimodal or multilingual capabilities. The DKFND frame-
work (Liu et al., 2024) used LLMs for few-shot FND on English datasets by combining
evidence to enhance reasoning and prediction accuracy.

With the rise of LVLMs, FND has evolved from text-based to multimodal contexts. Mod-
els, such as LLaVA (Liu et al., 2023) and BLIP-2 (Li et al., 2023), effectively extract and
interpret visual features, while benchmarks have evaluated LVLMSs on diverse reasoning
tasks, including chart fact-checking (Akhtar et al., 2023), OCR (Xu et al., 2024) and image
captioning (Cui et al., 2024). Fine-tuning GPT-4 with CNN-based visual encoders and
external verification modules (Ramya et al., 2024) improved multimodal FND accuracy.
Other frameworks, such as prompt-based zero-shot models (Tahmasebi et al., 2024) and
FND-LLM (Wang et al., 2024), showed strong generalisation across English and Chinese
through tampering detection, co-attention fusion, and rationale generation. Collectively,
these studies confirm the feasibility of LLM- and LVLM-based multimodal classification.
Building on this progress, our method introduces structured, language-aware prompts that
combine the claim, retrieved evidence, and image context to guide LVLM reasoning in
multilingual settings.

Retrieval-Augmented Generation (RAG) frameworks enhance LLMs by grounding
predictions in external evidence, improving reliability and factuality (Ling et al., 2025).
Recent works demonstrated that reliability in RAG-based systems can also be improved by
enhancing the retrieval stage itself, for example, through multi-stage retrieval and re-rank-
ing, hybrid dense—sparse retrieval, or retriever adaptation using hard negatives, as explored
in frameworks, such as AT-RAFT (Ren et al., 2025) and HyPA-RAG (Kalra et al., 2024).
Such approaches aim to reduce retrieval noise and prevent topically related but irrelevant
evidence from entering the reasoning pipeline. While effective in text-based and domain-
specific question-answering settings, these methods primarily focus on what evidence is
retrieved, rather than how retrieved evidence is used during multimodal verification. In
contrast, our work focuses on evidence-grounded multimodal reasoning, where reliability
depends not only on retrieval relevance but also on source-credibility constraints and cross-
modal consistency among the claim, image, and retrieved evidence during LVLM inference.
Consistent with this design choice, we treat retrieval as a lightweight candidate selection
mechanism and delegate reliability to provenance constraints and multimodal reasoning.
Huang et al. (2026) presented FALG, which integrated LLMs with dynamic retrieval and
a multi-path co-attention mechanism. The proposed framework demonstrated improved
interpretability by explicitly linking factual evidence to classification decisions. Empiri-

@ Springer



Journal of Intelligent Information Systems

cal results across both English and Chinese datasets showed stronger cross-lingual gener-
alisation and heightened sensitivity to subtle forms of misinformation. The MOCHENG
framework (Yao et al., 2023) combined retrieval, claim verification, and explanation for
multimodal news but did not implement a true RAG architecture and struggled with com-
plex evidence selection. Similarly, Nezafat and Samet (2024) showed that RAG improves
LLM generalisation, but their proposed approach remained computationally intensive and
lacked real-time interpretability. Despite growing interest in FND, there is still no unified
multilingual and multimodal RAG-based approach, largely due to the absence of large-scale
labelled datasets spanning multiple languages and modalities (Liu et al., 2023).

To address these, we propose M&M-RAG, a novel framework for multilingual FND
that enables dynamic evidence retrieval across three linguistically and culturally distinct
languages. It includes dynamic retrieval, structured prompting, and LVLM reasoning in
a zero-shot architecture. To our knowledge, this is the first LVLM-based framework for
multilingual, multimodal FND that dynamically integrates external evidence and targets
low-resource languages.

2.3 Efficiency-oriented model compression

Recent works explored improving the efficiency of deep vision and multimodal models
through low-bit quantization and binarization. Methods, such as QuantSR (Qin et al., 2023d)
and BiMatting (Qin et al., 2023b), demonstrated that aggressive parameter quantization can
significantly reduce computational and memory overhead while maintaining accuracy in
vision-centric tasks, such as image super-resolution and video matting. BiBench (Qin et al.,
2023c) further provided a comprehensive benchmark analysing the performance trade-offs
and limitations of binarized networks across architectures and tasks, while data-free quan-
tization approaches, such as Diverse Sample Generation (Qin et al., 2023a), investigated
efficiency under limited or unavailable training data. These approaches are complementary
to our work but operate at a different level of abstraction. These works primarily targeted
model compression and deployment efficiency, rather than evidence retrieval, multimodal
reasoning, or verification reliability. In this work, we prioritise correctness, interpretabil-
ity, and multilingual generalisation under frozen-model inference. Integrating retrieval-
augmented multimodal verification with efficiency-oriented model compression techniques
remains an important direction for future research, particularly for edge or resource-con-
strained deployments.

3 Benchmarking M&M-RAG on multi-ax-to-grind and public
multilingual datasets

3.1 Multi-ax-to-grind dataset curation process

Urdu FND is in its nascent stages, with limited resources. Urdu FN classification is chal-
lenging due to the absence of suitable benchmark corpora. There is no multimodal dataset

in the Urdu language to date. We have curated the first large-scale, multi-domain, and multi-
modal labelled dataset, Multi-Ax-to-Grind Urdu. The dataset comprises 21,715 multimodal
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news headlines from 15 domains (2014 - 2023). The multi-domain news increases the lexi-
cal diversity of the curated dataset; therefore, we included news from different regions.

Fact-checked FN was accumulated from authentic Urdu and Hindi websites, i.e., 75%
of the total fake news, 8,259 samples. The unavailability of fact-checked FN was the major
challenge faced during data collection. Therefore, we have gathered English fact-checked
news (only 25% of the total fake news, i.e., 2,753 samples) from the AFP? repository and
translated it into Urdu. The machine-translated FN was added to maintain a balanced sample
size, which improves the automated FND process. While the translated FN is from English,
we acknowledge that machine translation may introduce stylistic or cultural artefacts that
are not present in native Urdu. We mitigate this by employing native Urdu journalists for
review. In future work, we will focus on sourcing native FN content to improve contextual
integrity.

A team of professional journalists, each with over five years of experience in news edit-
ing and fact-checking, assisted in the quality assurance process of the dataset. They verified
semantic accuracy by comparing translated and original English news, refining gram-
mar, tone, and culturally specific expressions for Urdu-speaking audiences. Labels were
cross-checked against authentic fact-checking sources to ensure reliability. All translations
adhered to journalistic standards, established glossaries, and technical terminologies. We
acknowledge that translation-based construction may not fully capture the nuances of native
Urdu FN; future work will focus on curating more native-script Urdu content to enhance
authenticity and contextual diversity.

True news samples were collected from reputable outlets, such as Dawn News®, BBC
Urdu*, and leading Urdu newspapers in India and Pakistan, while fake or misleading content
was gathered from sources like Geo News® and Vishvas News®. Figure 2 shows the word
cloud of True, Fake, and Combined news, and Table 2 presents sample unimodal text entries
with their corresponding labels and sources.

Word clouds of the curated dataset illustrate the lexical differences between fake, true,
and combined news. For non-Urdu readers, key Urdu terms are explained for clarity. Fake
news spans multiple domains (religion, politics, women’s rights, weather, and media)
with frequent terms, such as vaccines, Islam, earthquakes, and protests, reflecting its
domain-agnostic and sensational nature. In contrast, true news covers factual reports on
security, foreign trade, and global events. Common words across both categories include
Imran, Modi, America, inflation, weather, and vaccines. They highlight shared topical
relevance but distinct contextual use, demonstrating the dataset’s lexical diversity and
domain balance. To validate realism, a comparative analysis against authentic Urdu news
from Dawn News and Geo News showed a 96% structural and stylistic match, confirm-
ing strong alignment with real-world reporting. True news entries originate from verified
Urdu outlets, while fake news samples derive from fact-checked Urdu and translated
English sources.

2https://factcheck.afp.com/

3 https://www.dawnnews.tv/
“https://www.bbc.com/urdu

5 https://urdu.geo.tv/category/geo-fact-check

6 https://www.vishvasnews.com/urdu/
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Table 2 An excerpt from the multi-ax-to-grind Urdu dataset

Labels Sources Domains News items

Fake Vishwas News  Politics 29ad (S G0l (3 Je Sea el S jaa s
Fake AFP Fact-check  Coronavirus Lo LE LB 1S il g Uiy )8 oS sl =S i)
True BBC Urdu Religion S oY 58 8 S GNA S n s S S oS5
True Bol News Human Rights W da sty K20 58 di3s £ SO pn Sl

3.2 Multilingual experimental datasets features

To assess the generalisability of M&M-RAG beyond Urdu, we include two widely used
public datasets in Chinese and English. While these are not part of our benchmarking
contribution, they serve to evaluate cross-lingual and multimodal performance in low-
and high-resource contexts. Multi-Ax-to-Grind Urdu dataset contains 21,715 news head-
lines, of which 11,012 are true and 10,703 are fake news. Table 3 presents the numerical
features of the dataset, which shows 21,581 unique words and 6,548 common words in
true and fake news. Class-wise multilingual corpus statistics are shown in Table 4. Two
fine-grained labels, True and Fake, are assigned to each news item. The agreement rate of
the annotated Urdu multimodal dataset is ascertained through Cohen’s Kappa Coefficient
(Cohen, 1960). The 0.96 statistical results validate its effectiveness. None of the datasets
used in this study are multilingual in isolation. However, we collectively evaluate three
monolingual multimodal datasets, MediaEval (English), Weibo (Chinese), and Multi-Ax-
to-Grind (Urdu), to assess the generalisation capabilities of M&M-RAG in a multilingual
evaluation setup.

The Twitter MediaEval Dataset (English) (Gravier et al., 2016) was shared in the Medi-
aEval’s ‘Verifying Multimedia Use Challenge’. The task was conducted to determine the
veracity of the tweet claim present in the multimedia content. The dataset comprises 17,000
distinct tweets and related photos gathered from multiple events or news articles. The data-
set is widely used for multimodal FND by the research community, such as in Singh et al.
(2023); Singhal et al. (2019). Originally, the dataset covered the development set (9000
fake, 6000 legit news tweets) and the test set (2000 tweets). The verified and binary-labelled

Table 3 Unimodal text features Unimodal Text Features True Fake Combined
Unique words 12,830 15,299 21,581
Average words per news 13.76 18.11 16.13
Average characters per news 83.81 85.45 76.81
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'(I;able 4 CI?‘SS_'Wii; rlrziultilipgual Dataset Twitter MediaEval ~ Weibo Multi-Ax-to-Grind
ataset statistics. Bold entries - -
in show the total number of Features (English) (Chinese) (Urdu)
instances used in the experiment Fake News 9,596 4,749 11,012
True News 6,225 4,749 10,703
Total 15,821 9,498 21,715

tweets are classified into ‘real’ and ‘fake’ data points. We used only multimodal dataset
samples for our study, as shown in Table 4, and excluded unimodal GIFs and video samples.

The Weibo NER dataset (Jin et al., 2017) is another widely used Chinese multimodal dataset
containing binary-classified news from reliable news sources and the social network Sina Weibo
in China. The official Weibo rumour debunking system, as explained in Singhal et al. (2019),
has validated every post in this multimedia collection, which includes photos, GIFs and videos.
The balanced dataset contains 4,749 fake and true multimodal news items presented in Table 4.

Thus, all three datasets are linguistically and culturally diverse, verifiable and comprise
real-world, multi-domain, multimodal news. The evaluation of these datasets for multi-
lingual and multimodal approaches in this study will demonstrate the efficacy of LVLMs
and LLMs-based multilingual FND mechanisms, along with scalability and generalisation
across different languages.

3.3 Datasets preprocessing techniques

Multimodal news datasets in English, Chinese, and Urdu undergo standard preprocessing
before being fed to the models. Text data are cleaned by removing null values, special charac-
ters, URLs, and punctuation, followed by uniform text normalisation and removal of source
identifiers to prevent bias. Web-scraped entries containing satire, unverified claims, or miss-
ing visual elements are excluded to preserve dataset integrity. For Urdu, stemming reduces
words to their root forms, while Urdu and Chinese texts are tokenised using language-specific
tokenisers. Associated images are cleaned to remove logos, labels, and embedded text, then
resized to 224 x224 pixels to maintain efficiency and prevent overfitting. These steps ensure
high-quality, consistent, and standardised data for effective multilingual and multimodal FND.

Clarification Although Fig. 3 presents a fixed retrieval pipeline, future extensions of M&M-
RAG could incorporate dynamic pre-verification logic, where the LVLM internally deter-
mines whether external evidence is required. In the current implementation, retrieval is

P
= NON 2[o% —
[EE= o Q ==\

©© —

[Textual News ~ Multilingual ~ Evidence  Top-k documents
\__Claim Encoder LaBSE _ Retrieval ith credibility score,

o .
Multimodal Multimodal
- Input
Multilingual News Image +
Evidence with for s
Q/iral Image sy classification i Label Justification

Qwen2-VL

Fig.3 The M&M-RAG framework encodes multilingual news claims and images, dynamically retrieves
evidence, and uses Qwen2-VL with language-specific prompts for multimodal reasoning. It outputs a
veracity label (real/fake) and supporting justification
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performed for every claim using multilingual encoders and source filtering. This ensures con-
sistent context-aware input while allowing the LVLM to focus on final cross-modal reasoning.

4 M&M RAG for multimodal and multilingual FND

This study proposes M&M-RAG framework for binary classification of multilingual and
multimodal news items Fig. 3. Each news item is represented as a text-image pair (¢, v),
drawn from English, Chinese, and Urdu datasets, where ¢ denotes the textual claim and v
is the corresponding image. Although real news may include multiple visuals, our pipe-
line processes one representative image per claim, consistent with existing multimodal
FND benchmarks. The textual claim is embedded using Language-agnostic BERT Sen-
tence Embedding (LaBSE) to retrieve semantically relevant evidence from trusted multi-
lingual fact-checking and news sources. Retrieved evidence is ranked by cosine similarity
and source credibility, then combined with the multimodal input and a structured multilin-
gual prompt. These components are passed to the LVLM Qwen2-VL for reasoning, which
generates an evidence-grounded binary prediction (real or fake). The following expression
explains the classification process:

Yo = arg maxyLVLM(y | t,v,’ﬁfred,and) €))

where y, is the final predicted output of the multimodal news item, while ¢ and v represent
the text and image pair of the multilingual news items, respectively. ﬁcred denotes the top-
k external evidence entries dynamically retrieved from credible multilingual sources, and
Ppq is the prompt template designed for multilingual and multimodal FND and explanation
generation. The operator arg maz selects the final predicted label y € {0, 1} by maximis-
ing the model’s confidence.

Existing multimodal FND methods (Section 2) focused on fusing textual and visual
features but neglected context-aware external evidence, which is a crucial factor amid the
rapid and complex spread of online misinformation. The proposed M&M-RAG framework
bridges this gap by integrating real-time multilingual evidence retrieval, cross-lingual filter-
ing, and structured prompting with vision-language reasoning. Efficiency in multilingual
and low-resource settings is achieved by delegating evidence retrieval and semantic filter-
ing to lightweight multilingual encoders, while the LVLM handles cross-modal inference.
Retrieved evidence is re-ranked using semantic similarity to the claim and image, and cross-
lingual consistency checks eliminate contradictory or unreliable items. This design strength-
ens both the robustness and interpretability of final predictions.

Explanation of Algorithm 1 To ensure reproducibility and clarify the implementation details
of the proposed M&M-RAG framework, we present a formal procedural description in
Algorithm 1. The algorithm outlines the full operational workflow for multilingual and mul-
timodal fake news detection, including candidate evidence retrieval, credibility filtering,
semantic similarity scoring using LaBSE embeddings, ranking and selection of top-k exter-
nal evidence entries 7;“‘3‘1, prompt construction Pr,q, and final veracity prediction using
the vision—language model Qwen2-VL. The steps directly reflect the formal mathematical
formulation introduced in (2)—(4), and correspond to the notation used throughout the meth-
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odology, where ¢ and v represent the input text and image, respectively. This structured algo-
rithm illustrates how the framework performs zero-shot claim verification across diverse
languages and modalities using dynamic evidence and prompt-based reasoning.

Algorithm 1: M&M-RAG — Evidence-Aware Multilingual and Multimodal Fake News Detection
with Prompt-Based LVLM Reasoning

1: Input: Text claim t, imageV, language L

2: Input: Search engine E |, trusted domain list D, prompt template DPjna» top-k value k
3% Output  Predicted label y € {0,1}, explanation z

4:

5: function MMRAG_VeracityPrediction (t, v, L, E;, D, P4, k)

6: C« E,. query (t) * Retrieve candidate evidence
entries

T E—10

8: for cach €; in C do

9: ife;.source €D then

10: E—EuU {e;} * Retain only credible entries

(MK end if

12: end for

13:

14: toms — Embed (t)

15: scored « ()

16: for cach €; in E do

17: €om, — Embed (e))

18: I« cos_sim (Lomy — €omp)

19: scored « scored U {€; U T}

20: end for

21:

220 T _top—k(scored, k) * Select top-k evidence entries

23:

24: if L== Urdu then

25: t « Translate(t)

26: T Translate(T™)

27: end if

28:

29: P Format(Py,t, T{) * Select top-k evidence entries

30:  output — Qwen2—VL,i, vi * Multimodal inference step

31: y « output,label

32:  z « output,explanation
33: return y,z

34:  end function

4.1 Textual evidence retrieval

Tahmasebi et al. (2024) explained that for information retrieval tasks, implementing compu-
tationally intensive models, such as LLMs and LVLMs, on large-scale datasets is inefficient
and impractical. To address this, the M&M-RAG framework employs a dynamic initial
retrieval strategy, suggested in Turaga and Namin (2024), which leverages real-time search
engine APIs to collect contextually relevant evidence during inference. This approach elimi-
nates the need for static corpora or heavy indexing, allowing the system to retrieve up-to-
date and context-specific evidence efficiently with computational efficiency.
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To retrieve external evidence, we leverage the textual claim ¢ of each multimodal input
news item (¢, v) and issue it as a query to trusted, language-specific search engines. These
search engines return a set of candidate textual evidence snippets, given as defined below,
which are subsequently filtered using a curated list of credible domains, including IFCN-
verified fact-checking platforms and regional news platforms:

02{617627637"'16771} (2)

where m denotes the total number of candidate evidence entries. Each evidence item e; € C'
refers to a specific textual snippet, where j denotes its position in retrieved set.

Ty = cos_sim(Embed(t)7 Embed(e]—)) 3)

To ensure factual reliability, we apply a credibility filter using a pre-defined list of language-
specific trusted domains. The evidence candidates are ranked by their similarity scores r;
and the top-k most relevant and credible entries are selected:

d
ncre :{€j17€j27---7ejk }7 where Tj1 Zrﬁ 2 er’“ (4)

Although search engines index a mix of reliable and unreliable sources, we mitigate this
risk by applying a strict credibility filter based on a curated domain whitelist that includes
fact-checking organisations (e.g., PolitiFact, Vishvasnews) and region-specific reputable
media (e.g., BBC Urdu, Xinhua). This ensures that only content from verified domains is
considered as evidence. Furthermore, retrieved evidence is re-ranked using both semantic
similarity and credibility scores to maximise factual alignment with the input claim. By com-
bining retrieval-time filtering with credibility-aware scoring, we ensure the reliability of the
external evidence used in veracity prediction. In this work, retrieval is evaluated primarily
through its downstream impact on verification performance and error patterns, rather than
through standalone retrieval metrics. To improve transparency and reproducibility despite
reliance on commercial search APIs, we explicitly specify all retrieval-related artefacts used
in M&M-RAG, including the complete domain whitelist and associated credibility meta-
data, the deterministic credibility policy applied during retrieval (binary whitelist filtering
without learned scoring), and the fixed query templates used to issue search requests. We
further define a cacheable evidence schema that records retrieved URLSs, timestamps, snip-
pets, and content hashes, enabling controlled replay and mitigating search drift.

4.1.1 Justification for textual evidence retrieval

Our approach is based on text-driven evidence retrieval exclusively, unlike CLIP-based
visual evidence retrieval in Tahmasebi et al. (2024). We prioritise text-based evidence
retrieval because textual claims or headlines provide explicit, semantically rich content suit-
able for querying web search engines and fact-checking platforms, which are optimised for
natural language input across multiple languages, enabling precise and scalable dynamic
retrieval (Turaga and Namin, 2024). This makes text-based querying precise and scalable
in multilingual contexts.
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In contrast, images are often ambiguous, reused, or altered, lacking the semantic clarity
needed for reliable retrieval. Dynamic reverse image search also remains limited, espe-
cially for non-Latin and multilingual contexts. Therefore, our framework retrieves evidence
solely from multilingual text, while the image v is processed later during reasoning with the
LVLM Qwen2-VL. This joint evaluation of text, image, and retrieved evidence improves
text-image coherence assessment and claim verification. By combining real-time textual
retrieval with multimodal inference, M&M-RAG offers an efficient, scalable, and robust
FND solution across diverse languages and formats.

Recent work explored using LVLMs to generate contextual world knowledge for mul-
timodal tasks internally. For example, WisdoM (Wang et al., 2024) showed that generated
context can be effective for multimodal sentiment analysis, where enriching subjective inter-
pretation is central. In contrast, multimodal FND is an evidence-centric task that requires
predictions to be grounded in externally verifiable and auditable sources. Internally gener-
ated knowledge lacks explicit provenance and may introduce unverifiable or hallucinated
facts, limiting its suitability for misinformation detection. Retrieval-augmented generation
enables access to up-to-date, source-attributed, and language-specific evidence, which is
particularly important in multilingual and low-resource settings, such as Urdu. We there-
fore adopt retrieval as a deliberate design choice to prioritise verifiability, transparency, and
robustness in multilingual fact verification.

Additionally, while semantic similarity is effective for retrieving topically relevant can-
didate evidence, it does not guarantee fine-grained factual alignment with the claim. Prior
work has shown that representation-based similarity models can struggle with subtle seman-
tic distinctions, even when exhibiting strong downstream inference capabilities (Zhong et
al., 2023). As a result, similarity-based retrieval may admit evidence that is topically related
but factually weak or misleading. In M&M-RAG, similarity scoring is used only for can-
didate selection following credibility-based filtering. Whereas, the final factual assessment
is performed by the LVLM through joint reasoning over the claim, image, and retrieved
evidence. This design mitigates, but does not eliminate, the limitations of similarity-based
retrieval, which we acknowledge as a direction for future improvement.

4.2 Language-aware prompting technique

To support accurate and interpretable multilingual and multimodal FND, we implement
language-aware prompting to guide LVLM in veracity reasoning. Unlike prior work (Tah-
masebi et al., 2024) that relied on visual-text matching for re-ranking retrieved content,
our framework constructs structured, multilingual prompts that explicitly encode the input
textual claim ¢, the top-k retrieved textual evidence ﬁ?red, and internally processes the asso-
ciated image v using the Qwen2-VL model. Each prompt is designed to elicit two outputs
from the LVLM: (1) label y € {0, 1}, where 0 indicates true and 1 indicates fake; and (2)
natural-language explanation z that provides a brief justification grounded in the evidence.
The template enforces structured, interpretable predictions and enables cross-modal align-
ment across diverse linguistic contexts.

Figure 4 illustrates an example of the Chinese language prompt from the Weibo data-
set. The prompt starts with the input claim, “Shenzhen—A recovered COVID-19 patient
caused a subway security inspector to be quarantined”, corresponding to the textual input z.
It then presents two snippets retrieved from credible sources: one confirming that a recov-
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' I: iRY—HE kARt NS RIRE
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SIEELRYIHBAFRA—SHEREEE AR ST A REEEZ MR,
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i (Label): [Real/Fake]
EIERBRRAH R ikiE

Fig. 4 Chinese prompt example from Weibo dataset with external retrieved evidence

ered patient entered the subway, leading to the inspector’s quarantine, and another report-
ing that the patient was taken away by police for investigation. This structured template
guides the LVLM to reason over the combination of claim ¢, T,fred, and v to assess factual
consistency and produce the prediction y and explanation z. This enables zero—shot and
evidence-grounded FND.

We employ language-specific prompt templates to maintain alignment with the grammar
and structure of each language. For English and Chinese, prompts are directly constructed in
the source language. For Urdu, where Qwen-2 VL’s native support is limited, both the claim
and evidence are translated into English before prompting. This translation-based adapta-
tion follows the best practices as highlighted in prior multilingual FND work (Bansal et al.,
2024) and preserves semantic fidelity.

By simplifying the reasoning pipeline and avoiding external re-ranking steps (Tahmasebi
et al., 2024), our prompting method supports joint multimodal and multilingual inference
within a unified architecture. It also maximises factual alignment, improves interpretability,
and ensures consistent prompt performance across languages and modalities. For Urdu,
where Qwen2-VL’s native support is limited, both claim and evidence are translated into
English to enable cross-lingual reasoning in a zero-shot setting, without any task-specific
fine-tuning. This structured prompting technique is central to M&M-RAG’s ability to gen-
eralise across language families, resource levels, and media types.

4.3 Multilingual and multimodal fact verification

In the M&M—-RAG framework, the final step involves guiding an LVLM, Qwen2-VL, to
verify the veracity of a multilingual and multimodal news item using the input claim ¢, the
associated image v, and the retrieved top-k textual evidence ﬁ?red, all formatted via a struc-
tured, language-aware prompt Pr,q. As detailed in Section 4.2, these prompts are tailored to
each language and modality, ensuring the model receives semantically coherent and cultur-
ally aligned instructions for inference.

During the fact-verification stage, Qwen2-VL processes the input triplet (¢, v, 775““1) and
generates a binary label y € {0, 1}, where 0 denotes true and 1 denotes fake, along with a
natural-language explanation z that provides a brief justification grounded in the retrieved
evidence. This joint reasoning is enabled by the LVLM’s internal cross-modal alignment
and its ability to evaluate semantic consistency between the image, the textual claim, and
supporting evidence across languages.
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This formulation ensures that the LVLM outputs a veracity label that maximises its con-
fidence based on the structured prompt, external evidence, and multimodal coherence. For
low-resource languages, such as Urdu, where the model’s native support may be limited,
the claims and supporting evidence are translated into English before reasoning, a practice
adopted in prior studies (Bansal et al., 2024). By decoupling prompt construction from pre-
diction and delegating semantic alignment to the LVLM, M&M-RAG supports zero-shot
generalisation and multilingual multimodal reasoning without additional fine-tuning. This
not only improves robustness and interpretability but also facilitates scalable and culturally
aware fact verification across language families.

M&M-RAG adopts a single-pass multimodal reasoning strategy, in which the LVLM
jointly evaluates the claim, image, and retrieved evidence in a unified inference step. While
this design enables efficient and scalable zero-shot verification across multiple languages,
it does not explicitly model iterative or procedural reasoning over evidence. Recent work,
such as VisuoThink (Wang et al., 2025), demonstrated that multi-step deliberative reason-
ing can further enhance complex multimodal understanding. Integrating such deliberative
mechanisms into retrieval-augmented fact verification represents a promising direction for
future work.

Explanation In this work, ‘zero-shot’ refers to inference-only evaluation without any
task-specific supervision or gradient-based optimisation. All components of M&M-RAG,
including LaBSE and Qwen2-VL, are used in a fully frozen manner across all reported
experiments. No parameters are trained or fine-tuned on any dataset or language. References
to “training” in cross-lingual evaluations denote dataset partitioning or evaluation protocols
rather than parameter learning.

5 Experimental evaluations

This section presents the experimental setup, language-specific results for evidence retrieval
and fact verification tasks, and a generalisation study on three multimodal linguistically
diverse datasets used in our experiments.

5.1 Experimental setup and implementation details

We implement M&M-RAG in PyTorch using Google Colab with dual NVIDIA A100
GPUs. LaBSE is used without fine-tuning to generate language-agnostic embeddings for
English, Chinese, and Urdu. These are used for semantic retrieval and evidence ranking.
For multimodal reasoning, we use Qwen2-VL, which processes the input claim, associated
image, and top-k retrieved evidence. To optimise efficiency, Qwen2-VL is loaded in 8-bit
mode via bitsandbytes. During inference, we issue real-time queries to Google, Bing, and
Baidu APIs to retrieve up to eight candidate evidence snippets. These are ranked using
cosine similarity (LaBSE) and filtered based on domain credibility. The top five entries are
passed to the LVLM.
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All images are resized to 224x224, and text is truncated to 512 tokens. M&M-RAG
operates in a zero-shot setting for all evaluations, with both LaBSE and Qwen2-VL frozen.
All results reported in this paper are obtained under a zero-shot, frozen-model inference set-
ting. Any exploratory adaptation analyses are conducted separately for diagnostic purposes
and are not used for evaluation or comparison. This setup balances performance, efficiency,
and multilingual generalisability for real-world FND. This setup balances performance,
efficiency, and multilingual generalisability for real-world FND. All retrieval parameters,
credibility filtering rules, and query templates are fixed across experiments and externally
specified to ensure reproducibility under zero-shot, frozen-model inference, despite the use
of real-time commercial search APIs.

5.2 Baselines

To assess M &M-RAG in multilingual and multimodal FND, we compared it with four
competitive baselines: SpotFake (Singhal et al., 2019), MMCFND (Bansal et al., 2024),
MPFN (Jing et al., 2023), and Semi-FND (Singh et al., 2023). These models were selected
for their strong benchmark performance and relevance to multimodal FND. Since none
of these methods natively supported Urdu or RAG, their architectures were adapted for
consistency across datasets and languages. Several baselines are supervised by design; our
framework is evaluated under frozen-model inference.

All baselines were reproduced using available implementations or re-implemented fol-
lowing their published configurations, architectures, and hyperparameters. For English and
Chinese, we used the same datasets and splits reported in prior work; for Urdu, we applied
identical preprocessing and evaluation protocols to ensure comparability. All experiments
were conducted in a zero-shot setting to reflect real-world deployment and avoid language-
specific fine-tuning.

We acknowledge the lack of direct LLM- or RAG-based baselines. The ablation set-
ting without external evidence retrieval (w/o E), reported in Section 5.4, serves as a con-
trolled RAG-less LVLM baseline, where Qwen2-VL reasons solely over the image—claim
pair without retrieved knowledge. Existing frameworks are typically unimodal, English-
centric, or designed for other tasks (e.g., QA, summarisation), limiting their applicability to
multilingual, multimodal, zero-shot scenarios. M&M-RAG addresses this gap by integrat-
ing RAG, cross-lingual evidence reasoning, and LVLM-based inference within a unified
architecture. Adapting future RAG-based LLM pipelines for this setting remains an open
research direction.

We do not include a generation-only knowledge injection baseline in our experiments.
Our focus is on evidence-grounded fact verification, where access to externally sourced,
credible, and multilingual evidence is central to both prediction accuracy and explainabil-
ity. Generation-based contextual knowledge, while effective for subjective or interpretive
tasks, does not provide explicit source attribution and is therefore less suitable for controlled
evaluation in misinformation detection. We view generation-based knowledge injection as
a complementary paradigm and identify its systematic comparison with retrieval-based
approaches as an important direction for future work.
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5.2.1 Multilingual and multimodal approaches
The following are the SOTA and competitive baseline methods:

o SpotFake (Singhal et al., 2019): A multimodal fake news detector based on BERT and
VGG19, which fuses text and image features for classification. We used its original im-
plementation for English and extended it to Chinese and Urdu using multilingual BERT
and translated data for consistency.

e Semi-FND (Singh et al., 2023): A semi-supervised multimodal approach combining
consistency regularisation and cross-modal pseudo-labelling. Originally developed for
Chinese and English datasets, we applied its training procedure on the curated Urdu
dataset using comparable preprocessing and batch setup.

e MMCFND (Bansal et al., 2024): A multimodal architecture trained on seven Indic lan-
guages using fusion-based cross-modal learning. We adapted this method to our three-
language setup and evaluated it under the same conditions.

e MPFN (Jing et al., 2023): The Multi-Perspective Fusion Network uses cross-modal at-
tention and gating to learn fine-grained image-text interactions. Originally implemented
for English and Chinese, we extended it to Urdu by aligning its tokeniser and input
structure to our Urdu dataset.

5.3 Prediction performance comparison

To validate the effectiveness of the proposed M&M-RAG framework, we compare it with
existing SOTA multimodal fake news detection models across three linguistically diverse
datasets, as shown in Table 5. Unlike existing methods that typically operate on one or
two language datasets, M&M-RAG is evaluated on three linguistically diverse monolingual
datasets. While existing baselines were originally developed for monolingual or bilingual
scenarios, we extended each model to our Urdu dataset and evaluated them uniformly across
all three languages under a zero-shot cross-lingual setting. This ensures a fair, consistent,
and reproducible comparison.

The results demonstrate that M&M-RAG consistently outperforms all baseline models
across key evaluation metrics, including accuracy, precision, recall, and F1 score for both
true and fake news classification. Specifically:

o SpotFake (Singhal et al., 2019), which fuses BERT and VGG-19 features, achieved an

accuracy of 0.904 and an F1 score of 0.921 (FN). M&M-RAG improves upon this with
0.946 accuracy and 0.942 F1 score, surpassing SpotFake by over 2% in FN classification.

Table 5 Performance comparison across datasets. Bold entries demonstrate results of the proposed approach

Methods Languages Acc P P R R F1 F1
FN) (TN) (FN) (IN) (FN) (TN)
SpotFake (Singhal et al., 2019) EN, CH 0.904 0.912 0.907 0.901 0.898 0.921 0914
MMCFND (Bansal et al., 2024) 7 Indic 0.926 0.917 0.909 0.905 0.912 0.918 0.908
MPFN (Jing et al., 2023) EN, CH 0916 0.904 0.902 0921 0.906 0.913 0.923
Semi-FND (Singh et al., 2023) EN, CH 0.927 0.918 0.908 0.921 0.904 0912 0.901
M&M-RAG EN,CH,UR 0.946 0.942 0.956 0.958 0.938 0.942 0.937
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e MMCFND (Bansal et al., 2024), evaluated originally on seven Indic languages,
achieves an F1 score of 0.918 (FN) and 0.908 (TN). M&M-RAG improves this with
0.942 (FN) and 0.937 (TN), highlighting stronger multilingual generalisation.

e MPFN (Jing et al., 2023), which uses multi-perspective fusion of Swin-T, BERT, and
VGG-19, reports an F1 score of 0.913 (FN), underperforming M&M-RAG by nearly
3%.

o Semi-FND (Singh et al., 2023), an ensemble-based method combining NASNet and
transformer models, achieves an accuracy of 0.927 and an F1 score of 0.912 (FN), also
underperforming M&M-RAG, which leads in both accuracy and F1 metrics.

These results validate the prediction capability of M&M-RAG, particularly in challenging
multilingual and low-resource settings. The performance gains can be attributed to three key
design choices: (i) real-time multilingual evidence retrieval with domain credibility filter-
ing, (i1) language-specific prompt construction, and (iii) use of Qwen2-VL for cross-modal
reasoning and explanation generation. Notably, M&M-RAG achieves these improvements
without any language-specific fine-tuning, demonstrating strong zero-shot generalisation
across language families and modalities.

5.4 M&M-RAG ablation study

The experiments with various partial and collective model configurations allow us to assess
and ascertain the influence of the significant elements of the M&M-RAG on its perfor-
mance. Different components are eliminated for each experiment, and the framework is re-
evaluated under the same inference protocol with the corresponding component removed.
Ablation study results for the proposed model M&M-RAG are presented in Table 6. Imple-
mentation of the compared M&M-RAG variants corresponds as follows:

1.  Without (w/0) E: The model is tested without external evidence retrieval, corresponding
to a RAG-less LVLM setting where Qwen2-VL reasons only over the image-claim pair.

2. w/o C: M&M-RAG is tested using top-k retrieved documents without applying the
credibility scores.

3. w/o V: The associated visual inputs are eliminated, and the proposed model predicts the
final class using textual claims with retrieved evidence only.

4. w/o P: The structured prompting is eliminated, and raw multilingual input is fed to
Qwen2-VL.

5. w/o X: The explanation output is disabled, and the news input is classified based on its
label only.

Table 6 Ablation study on components of M&M-RAG. Bold entries demonstrate results of the proposed
approach

Methods Acc P (FN) P (RN) R (FN) R (RN) F1 (FN) F1 (RN)
w/o E 0.912 0.914 0.903 0.886 0.854 0.898 0.896
wlo C 0.932 0.936 0.889 0.912 0.906 0.923 0.908
wloV 0.924 0.928 0.864 0.893 0.852 0.901 0.895
wlo P 0.917 0.923 0.891 0.897 0.926 0.908 0.901
wlo X 0.921 0.928 0.916 0.908 0.902 0.923 0.912
M&M RAG  0.946 0.942 0.956 0.958 0.938 0.942 0.937
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Model Component Impact on Classification Accuracy and F1 Precision Trends across M&M-RAG Variants Recall Trends across M&M-RAG Variants
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Fig. 5 Impact of various components of M&M-RAG on classification metrics

Explanation The ablation analysis in Fig. 5 reveals consistent trends in classification per-
formance, precision, and recall. The full M&M-RAG model achieves the highest F1 score
and accuracy, confirming that all core components jointly enhance performance. Removing
external evidence (w/o E) or visual input (w/o V) leads to notable declines in both metrics,
underscoring the importance of grounded multimodal reasoning. Precision results indicate
that credibility filtering (C) improves FND, while visual input is especially crucial for preci-
sion in FND. Recall patterns further highlight the essential role of external evidence, whose
absence causes the steepest drop, especially for real news. Overall, these findings demon-
strate that each component of M&M-RAG contributes meaningfully to its robustness and
cross-modal generalisation.

5.4.1 M&M-RAG ablation study

This study investigates the impact of various components, i.e., external evidence (E), cred-
ibility scores (C), images (V), structured prompting (P), and explanation (X), on the per-
formance of M&M-RAG framework. Specifically, we compare the results of each ablated
variant (e.g., w/o E, w/o C, w/o V, w/o P, w/o X) against the full M&M-RAG configuration
to comprehend the role of each modality and processing component.

The results show that removing any M&M-RAG component causes a clear drop in
classification performance, particularly in F1 score for multilingual and multimodal FND.
Excluding the visual input (w/o V) lowers the F1 score from 0.942 to 0.915, confirming
the role of visual cues in cross-modal reasoning. Removing external evidence retrieval
(w/o E) further reduces performance (F1 = 0.897), emphasising the value of real-time, con-
tent-aligned evidence. The absence of structured prompting (w/o P) also degrades results,
showing that language-aware prompts enhance interpretability and reasoning. Likewise,
eliminating explanation generation (w/o X) diminishes accuracy, underscoring its dual func-
tion in guiding inference and improving transparency.

These results confirm that each modality, i.e., image, external evidence, credibility scores
and structured integration via prompts and explanations, is critical to predictive classifica-
tion results of M&M-RAG. Unlike unimodal or static approaches, M&M-RAG performs
optimally when it dynamically aligns multilingual claims, multimodal inputs, and credible
external evidence in a unified, reasoning-driven architecture.

5.4.2 Zero-shot multilingual and multimodal classification
Traditional FND approaches require large-scale annotated datasets and language-specific

fine-tuning, making them impractical for low-resource settings where such resources are
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scarce or unavailable (Baashirah, 2024). These models often struggle to generalise across
languages or modalities, especially when faced with linguistically diverse or unseen inputs.
In contrast, zero-shot learning enables models to make accurate predictions on unseen lan-
guages or modalities without task-specific training (Wang et al., 2019), offering improved
scalability, faster deployment and reduced annotation overhead. This capability is crucial
for real-world FND, where misinformation rapidly spreads across global online platforms
in different resource-constrained languages.

The proposed M&M-RAG framework demonstrates strong zero-shot cross-lingual gener-
alisation across three monolingual multimodal datasets in English, Chinese, and Urdu. In the
cross-lingual matrix, expressions, such as “trained on”, refer to the datasets used for evalu-
ation configuration and reporting, rather than parameter learning. All models remain fully
frozen, and no language-specific fine-tuning or adaptation is performed. Performance reflects
direct zero-shot transfer when evaluating on unseen languages. Notably, when evaluated on
English and Chinese and tested on Urdu, a non-Latin, low-resource language, in a zero-shot
manner, M&M-RAG retained over 92% accuracy with minimal degradation, reflecting its
robustness to language and script variation. This capability is attributed to three key design
choices: (i) the use of LaBSE for language-agnostic sentence embeddings, (ii) structured, lan-
guage-aware prompting, and (iii) real-time evidence retrieval guided by credibility filtering.

Unlike prior multimodal FND methods, such as SpotFake and MPFN, which are tightly
coupled to training-domain distributions and require substantial tuning to generalise,
M&M-RAG performs consistently across unseen language-modality combinations. It fur-
ther enhances interpretability through evidence-grounded justifications generated directly
by the LVLM, without any downstream fine-tuning. These results validate the potential of
retrieval-augmented, prompt-guided, and multilingual frameworks for scalable and gener-
alisable zero-shot multimodal FND.

Figure 6 illustrates the cross-lingual zero-shot accuracy matrix for M&M-RAG under
frozen-model inference across three languages, i.e., English, Chinese and Urdu. The model
is evaluated using multilingual language combinations and tested on unseen target lan-
guages without any language-specific fine-tuning. Each cell represents the classification
accuracy when evaluation is conducted using the row language(s) and tested on the col-
umn language(s) under a zero-shot, frozen-model setting. The colour gradients (red for high
accuracy, blue for lower) reinforce these findings through visualisation.

Notably, when evaluation is conducted using Chinese and Urdu datasets and tested on
English in a zero-shot manner, M&M-RAG generalises well (92% accuracy), confirming
that a combination of low- and mid-resource languages can be effective in generalising

Cross-lingual Zero-shot Accuracy (M&M-RAG)

0.94
0.920

-093

Fig.6 Cross-lingual zero-shot accuracy matrix for
M&M-RAG under frozen-model inference. Each
cell reports accuracy when evaluation is conducted
using the row language(s) and tested on the column
language(s), without any parameter updates or
language-specific fine-tuning

Train: English

0.932 0.915
-0.92

0.920 0.897
0.90

English Chinese Urdu

Train: Chinese

Train: Chinese+Urdu
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Zero-shot F1-Score (Fake News) Across Languages by Model
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Fig.7 Zero-shot F1-score comparison of M&M-RAG and baseline multimodal fake news detection meth-
ods across English, Chinese, and Urdu under frozen-model inference (no language-specific fine-tuning)

to rich-resource languages, which is a novel and practical insight for multilingual FND in
real-world, low-supervision environments. Conversely, when evaluation is conducted using
English-language data and tested on Chinese and Urdu in a zero-shot manner, M&M-RAG
exhibits strong cross-lingual generalisation, achieving 94.1% and 92% accuracy, respec-
tively. These results highlight the robustness of zero-shot transfer enabled by language-
agnostic embeddings, dynamic evidence retrieval, and multilingual prompt-based reasoning.
The findings validate that M&M-RAG does not require language-specific fine-tuning and
maintains competitive performance across diverse languages.

Figure 7 compares the zero-shot F1 scores of the proposed M&M-RAG with the base-
lines. The models are evaluated in a zero-shot setting, without any language-specific fine-
tuning, to assess their generalisation capabilities. The results demonstrate that M&M-RAG
consistently outperforms prior SOTA models across all languages, achieving the highest
F1 score in each case. In English, M&M-RAG reaches ~0.942, compared to SpotFake
(0.921), MPFN (0.913), and MMCFND (0.918). In Chinese, it achieves ~0.938, exceed-
ing MPFN (~0.923) and SpotFake (~0.913). Most notably, in Urdu, M&M-RAG records
an F1 score of ~0.937, surpassing MMCFND (~0.901) and the remaining baselines by a
significant margin. These results validate the robust cross-lingual and multimodal reason-
ing capabilities of M&M-RAG, especially in zero-shot scenarios. The framework’s com-
bination of language-agnostic embedding and prompting and dynamic external evidence
retrieval enables accurate FND without task-specific adaptation. This makes M&M-RAG
particularly suited for multilingual and low-resource media environments where labelled
data is scarce or unavailable.

5.4.3 Error and convergence analysis
This section presents exploratory diagnostic analyses and does not contribute to the
reported zero-shot performance results. A qualitative error analysis across all three lan-

guages and modalities revealed several limitations of the M&M-RAG framework. Most
misclassifications arose from ambiguous, sarcastic, or highly informal claims, which hin-
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Fig. 8 Convergence analysis of
the M&M-RAG framework under
zero-shot setting

Convergence Analysis of M&M-RAG (Zero-shot Setup)

Training Loss Evaluation Loss

0.5

0.45

0.4

Loss

0.35
0.3

0.25
1 2 3 4 5

No. of Epochs

dered the accurate alignment of evidence. Some misclassifications arise from topically
relevant but factually insufficient retrieved evidence, highlighting a limitation of similar-
ity-based retrieval for nuanced claims. In the Urdu setting, some failure cases can be attrib-
uted to translation-induced semantic drift or loss of culturally grounded expressions, which
may affect both evidence retrieval and downstream reasoning. These errors underline the
need for more fine-grained retrieval diagnostics, such as measuring off-topic evidence
rates, redundancy within top-k retrieval, and the impact of credibility filtering on evidence
selection, which we leave for future work. In Urdu, errors often stemmed from weak or
off-topic evidence retrieval due to limited web coverage for low-resource languages. The
model also struggled with contextually misleading visuals and authentic images reused in
unrelated contexts, where visual noise overshadowed textual cues. Subtle misinformation
further challenged the model when retrieved evidence lacked clear contradiction or tempo-
ral relevance. These issues were more pronounced in unimodal or reduced-input settings
(e.g., without image or prompt), confirming that M&M-RAG performs best when textual,
visual, and evidential signals are jointly leveraged. Future improvements should priori-
tise evidence quality, misinformation-aware retrieval, and context-sensitive multimodal
reasoning.

The proposed M&M-RAG framework primarily operates in a zero-shot setting without
task-specific fine-tuning. However, to assess its inference stability and adaptation poten-
tial, we conduct a brief diagnostic adaptation probe over five iterations on a small labelled
subset, solely to evaluate inference stability rather than to improve performance. As shown
in Fig. 8, the adaptation objective steadily declines, while the held-out objective remains
relatively flat after the third epoch, suggesting that minimal adaptation yields limited per-
formance gains beyond early convergence. This early convergence highlights two key
points: (i) the pre-trained components, LaBSE for multilingual embedding and Qwen2-
VL for multimodal reasoning, are well optimised for the task, and (ii) even when lightly
tuned (e.g., for explanation refinement), M&M-RAG maintains stable and generalisable
behaviour without signs of overfitting. These findings confirm the framework’s robustness
in low-resource, cross-lingual scenarios and reinforce its zero-shot design for scalable,
real-world FND.
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6 Conclusion

The pervasive spread of fake news on OSNs, especially in low-resource language contexts,
underscores the urgent need for robust, multilingual, and multimodal detection frameworks.
In this work, we propose M&M-RAG, a unified framework which combines LVLMs and
LLMs to detect misinformation across a multilingual evaluation setup comprising three
typologically diverse monolingual datasets. Unlike prior models that rely on static corpora,
unimodal content, or language-specific fine-tuning, M&M-RAG integrates real-time evi-
dence retrieval, language-aware prompting, and cross-modal reasoning to generate accurate
and explainable veracity predictions. To support this framework, we curate Multi-Ax-
to-Grind Urdu, the first large-scale, multi-domain multimodal FND dataset that contains
21,715 image-text pairs labelled as true or fake across 15 domains, addressing a significant
gap in multilingual FND resources.

Through zero-shot and cross-lingual evaluations on three monolingual multimodal datas-
ets, M&M-RAG achieves state-of-the-art performance 94.6% accuracy and 94.2% F1 score,
consistently outperforming all evaluated baselines. Our ablation studies confirm the impor-
tance of structured prompting, integrating external evidence, and multimodal reasoning
for effective FND. These findings demonstrate the feasibility of zero-shot FND across lan-
guages and modalities, without task-specific fine-tuning. Multi-Ax-to-Grind Urdu dataset is
publicly released to support future research. In future work, we plan to extend this dataset
to cover additional low-resource languages and modalities, incorporate misinformation-
aware retrieval filters, and explore lightweight LLM adaptation techniques (e.g., LoRA) to
improve scalability and deployment efficiency in multilingual media ecosystems.
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