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Abstract—We propose CRAVE (Cluster-based Retrieval Aug-
mented Verification with Explanation); a novel framework that
integrates retrieval-augmented Large Language Models (LLMs)
with clustering techniques to address fact-checking challenges
on social media. CRAVE automatically retrieves multimodal
evidence from diverse, often contradictory, sources. Evidence
is clustered into coherent narratives, and evaluated via an LLM-
based judge to deliver fact-checking verdicts explained by evidence
summaries. By synthesizing evidence from both text and image
modalities and incorporating agent-based refinement, CRAVE
ensures consistency and diversity in evidence representation.
Comprehensive experiments demonstrate CRAVE’s efficacy in
retrieval precision, clustering quality, and judgment accuracy,
showcasing its potential as a robust decision-support tool for
fact-checkers.

I. INTRODUCTION

Fact-checking has emerged as a critical task in the era of
social media [1], where information spreads rapidly [2, 3]
and misinformation can have far-reaching consequences [4–
6]. Automated fact-checking systems have gained traction
as scalable solutions, yet they often face challenges such
as handling diverse evidence sources, integrating multimodal
data, and presenting comprehensive narratives. Traditional
approaches [7, 8] focus on verifying factual claims against
a static repository of information [9–12], which may overlook
nuances in evidence and the broader social context in which a
claim spreads [13].

Recent advances in Large Language Models (LLMs) and
Retrieval-Augmented Generation (RAG) have opened new
avenues for building robust fact-checking frameworks. RAG has
been shown to be effective in reducing factual inconsistencies
(”hallucinations”) during text generation, making it attractive
for the fact-checking task [14, 15]; this is a crucial advantage,
as such errors have been shown to significantly erode user
trust in AI systems [16]. RAG models can access dynamic
external knowledge, reason over complex evidence, and produce
context-aware summaries. However, effectively leveraging these
capabilities requires addressing several challenges: (1) how
to retrieve relevant evidence efficiently, (2) how to cluster
and organize potentially contradictory bodies of evidence into
coherent narratives, and (3) how to generate holistic evaluations
that incorporate these multiple perspectives.

In this work, we propose CRAVE (Cluster-based Retrieval
Augmented Verification with Explanation); a novel frame-
work, Figure 1, that integrates retrieval-augmented LLMs
with clustering techniques to identify, structure, and evaluate
evidence for fact-checking social media posts. The framework
is designed to process multi-modal inputs (text and images) and
iteratively refine evidence through agent-based mechanisms.

Fig. 1: CRAVE is a fact-checking method that analyses multi-
modal claims, expressed in social media posts, to determine
their veracity. It retrieves multimodal evidence, clusters it
into distinct narratives, and uses an LLM with 5W1H (who,
what, when, where, why, and how) reasoning to produce an
interpretable explanation and veracity verdict.

By clustering evidence into distinct narratives and identifying
external support (or otherwise) for those narratives, CRAVE
enables the assessment of contentious topics that present
with support from contradictory and noisy news sources. The
contributions of CRAVE are threefold:

1. Narrative retrieval pipeline. We introduce a modular
pipeline integrating reverse image search, LLM-assisted text
retrieval, and clustering to extract and organize evidence into
narratives relevant to the claim to be checked.
2. Clustering and narrative extraction. We propose a
clustering strategy to group evidence into distinct narratives,
followed by agent-based refinement. Each cluster’s narrative
undergoes iterative verification ensuring intra-cluster consis-
tency to produce coherent bodies of evidence. By grouping
conflicting sources into separate clusters, CRAVE preserves
nuances among multiple perspectives rather than forcing the
LLM to resolve all contradictions in a single prompt.
3. Cluster-based explainable judgment. An LLM judge
synthesizes the refined clusters into a final verdict, explaining
the decision using the multiple perspectives from the clus-
tered narratives to highlight how narrative threads support or
contradict the claim.

We validate CRAVE on multiple real-world and synthetic
datasets, showing that breaking up evidence into narrative
clusters improves both precision and recall of fact-checking
decisions. Comprehensive experiments reveal that our cluster-
based pipeline excels in retrieval precision, clustering quality,
and final veracity judgments. Human evaluators also rank
the explanations generated by CRAVE as more coherent and
comprehensive than those generated by baseline systems.
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II. RELATED WORK

Automated fact-checking systems deployed in practice
commonly work by matching newly surfaced claims against
a library of already fact-checked claims [17]. While efficient
for well-known misinformation that periodically resurfaces,
such systems struggle with novel or emerging misinformation.
Research to date has mostly focused upon detecting intrinsic
artifacts within a claim [18, 19] using synthetically generated
datasets [18–20]. Such black-box detection methods often lack
the kind of social and contextual explainability [1] needed for
users to trust their verdicts [13], while also lagging behind
developments in generative AI, limiting their effectiveness and
on novel manipulation schemes.

Thus, while the detection of intrinsic artifacts within
manipulated media—such as image edits, swaps [19], or
deepfakes [18]—constitutes a valuable and active line of inquiry,
we advocate for a paradigm shift towards external evidence-
based verification. Rather than focusing on increasingly brittle
and often ephemeral manipulation signatures within a given
image, our approach prioritizes a comparative analysis against
a corpus of external, verifiable sources. By leveraging robust
image similarity measures, we can retrieve visually analogous
content and, critically, analyze the surrounding context. This
methodology allows for a more nuanced judgment: an image
can be authenticated as “used in context,” flagged as “out of
context” (a prevalent form of misinformation), or identified as
a likely fabrication (e.g., a deepfake) due to its conspicuous
absence from trusted external sources or its prior identification
and debunking within them. This external, context-aware
framework offers a more resilient and interpretable alternative
to the current adversarial dynamic of detection and evasion.

Evidence-driven methods and datasets have been introduced
to enhance the explainability of fact-checking frameworks.
However, the evidence used is often curated and sanitized [9,
11, 21]. As a result, methods such as [7, 8] achieve state-
of-the-art results while bypassing the challenge of retrieving
relevant evidence, which limits their applicability to real-world
scenarios [1]. Although these approaches are evidence-based,
they are primarily data-driven trained classifiers that struggle
to generalize across novel claims.

A. Retrieval of evidence

Effective verification of multimodal misinformation depends
on locating reliable evidence, particularly for images reused
out of context [7, 11, 22]. As identified in [17] evidence
retrieval is still done primarily by human fact-checkers
through manually constructing search terms. Prior works have
demonstrated that incorporating reverse image search to find
an image’s provenance and text-based search for contextual
information can similarly improve automated fact-checking
performance [11, 12, 23, 24]. Abdelnabi et al. were among
the first to show that combining reverse image search with text
retrieval improves the scrutiny of multimedia claims. Since
then, other pipelines have extended such concepts to incorporate
more robust retrieval modules or specialized knowledge. In [12]
the authors extend their sources through WIKIDATA [25] and

Wikichat [26] to enrich their image context, but the authors
also note the limited effectiveness in non-western contexts.

In real-world scenarios, fact-checking is complicated by how
social media users often combine verbose or biased commentary
with images unrelated to mainstream coverage. To address
this, Dey et al. [23] introduced a feedback-driven approach in
which an autonomous agent refines search terms iteratively to
mimic a journalist’s evolving research strategy. Such iterative
refinements allow the system to capture elusive evidence more
effectively than a single-pass search, particularly when no direct
textual match exists for the claim.

B. Reasoning with evidence
Data-driven fact-checking struggles with generalization, even

when using external evidence. Prior supervised fact-checking
models often overfit to specific patterns in training data and
underperform on new domains. This was demonstrated by
Tonglet et al. [12] who showed that state-of-the-art models
[7, 8] degrade significantly on real-world datasets compared to
curated benchmarks, likely due to domain mismatch. Moreover,
even if external evidence is retrieved, many approaches simply
score claim-evidence alignment in a single pass based on
ranking, ignoring contradictory or ambiguous data. In contrast
to the use of heuristics to rank evidence [7], we propose
clustering distinct narratives and applying judgment that
accounts for support or conflict from each cluster.

LLM prompt-based veracity judgment has been explored
more recently, incorporating both example demonstrations and
fine-tuning on training sets. Qi et al. [24] predicts veracity
by detecting inconsistencies between the caption, image, and
visual entities using a fine-tuned Multimodal Large Language
Model (MLLM) InstructBLIP[27], and between the caption
and text evidence using a frozen LLM [28]. The approach
was extended to multiple debating LLMs in [29]. These
approaches degrade when applied to images and entities with
non-Western contexts that the MLLMs have not encountered
during training. Thus [12] uses predicted context and claim
text as input, employing a frozen LLAMA 3 [30] with few-shot
demonstrations to predict veracity. They also experiment with
an LLM [31] fine-tuned on (predicted context, ground truth
veracity) training pairs. However, the authors note that training
on synthetic out-of-context data, which follow a different
distribution than the real-world data, worsens performance
compared to direct comparison without learning. One insight
from such work is that minimal learning may be more robust
for final classification if one can structure how the evidence is
compared. In CRAVE, we explore this and focus on structured
claim-evidence comparison by combining narrative clustering
and LLM judgment. The concept of judgment based on different
narratives is explored in [32], by having expert models argue for
different answers. However, multi-turn debates pose the risk of
one side dominating and unduly influencing the decision. In our
approach, we simplify the process by using a single-step LLM
judge that compares the generated narratives from the previous
stage. This approach allows the judge to maintain greater
control over the arguments considered, preventing any single
viewpoint from influencing the outcome through prolonged
interaction.



Retrieval Clustering Reasoning

The plane shown in the 
image is an Indian plane 
shot down by the 
Pakistan defense forces.

A MiG-27 aircraft of the 
Indian Air Force crashed in 
a residential area of 
Jodhpur on Monday 
morning during a routine 
training sortie.

Pakistan shot down two 
Indian Air Force planes in 
its airspace in Kashmir on 
February 27, 2019.

The claim states that the image 
shows an Indian plane shot down 
by Pakistan defense forces. 
Narrative 1's CXT evidence 
indicates that the image is of a 
MiG-27 aircraft that crashed in 
Jodhpur, India, in 2016, which 
conflicts with the claim's 
implication of a shootdown by 
Pakistan. Narrative 3's CXT 
evidence further conflicts with the 
claim by stating that the images 
are  plane crashes in Rajasthan in 
2016 , not related to any action by 
Pakistan. There is no support for 
the claim in terms of Location, 
Named Person, Date, Main Topic, 
or Common Objects. Therefore, 
the claim is misleading.
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Fig. 2: Overview of CRAVE: Given a claim (image + text), contained in a social media post, we retrieve evidence from reverse
image and text-based searches. We then cluster the results into distinct narratives about the claim, selecting only visually
relevant evidence (highlighted in red). Each narrative is compared to the claim in a prompt-based LLM to predict veracity and
produce a judgment and explanation. In this example the false claim—that the IAF plane was shot down by Pakistan—was
countered by two clusters: C1 showing it was a training crash (true context), while C3 included unrelated real incidents of
downed planes but crucially also a fact-checking article debunking the claim. This shows that the system can identify true
context (C1) and legitimate debunks (C3).

In summary, current research primarily focuses on debunking
or verifying claims using ranked retrieved evidence. However,
for divisive content, where different media outlets present
conflicting narratives, fact-checking systems often fall short
by failing to accommodate multiple perspectives. Community
notes on X (formerly Twitter) illustrate how different user-
sourced evidence can be used to support opposing views,
leading to debate and engagement rather than a definitive
verdict [33]. Arguably such an approach supports democratic
discourse [34], but has not been leveraged in automated fact-
checking work. CRAVE addresses this gap by using cluster-
based, multimodal retrieval that can group evidence into
coherent narratives, enabling LLMs to more effectively reason
over long or conflicting inputs.

III. CLUSTER-BASED RETRIEVAL AUGMENTED
VERIFICATION WITH EXPLANATION

The objective of CRAVE (Figure 2) is to predict and
explain the veracity of a multimodal social media post P ,
which comprises an image IP and accompanying text TP , by
leveraging external evidence. Our approach retrieves relevant
evidence, organizes it into coherent narratives, and delivers
a final veracity judgment with an explanation. The approach
comprises three key stages: evidence retrieval, clustering, and
LLM reasoning.

A. Retrieval

The first step is to retrieve external evidence to contextualize
the fact-checking process. News articles are retrieved from fact-
checking databases (e.g., Snopes, PolitiFact, Full Fact) and
news archives from diverse sources (e.g., BBC, The Guardian,
Reuters, Al Jazeera), enabling us to deal with both resurfaced
and novel fake content. The system retrieves evidence using
two complementary methods:

a) Reverse image search: A reverse image search is
conducted using the input image IP , retrieving a set of evidence
pairs XI = {(Ii, Ti)}nI

i=1, where each pair (Ii, Ti) comprises an
image Ii and its associated text Ti. Similar to [11, 12, 23], we
use the Vision API [35] to perform reverse search. While [11]
only uses the text entries from this reverse search, we use both
returned evidence images and texts, similar to [23]. This forms
the image-based evidence set XI that represents the image
context.

b) Text-based search: The input text TP is used to
generate search queries with the assistance of an LLM which is
applied to the Programmable search API [36]. While the use of
Programmable search has been seen in the past in [11, 12, 23],
we take forward the idea of generating search terms and iterative
searches introduced in [23]. These queries retrieve an additional
set of pairs of evidence XT = {(Ij , Tj)}nT

j=1, where each
pair consists of an image Ij and an associated text Tj . Our
text-based search improves upon its initial retrievals through
comparison of the evidence text with the claim text, to refine



the search term for H subsequent iterations leveraging an
LLM to directly discover inconsistencies. We determine the
inconsistency in terms of extracted named entities related to
5W1H (Who, What, When, Where, Why, and How) [12, 37, 38],
with the search terms of the next iteration focused on entities
not present in results from the current retrieval iteration. We
try this for H=3 iterations, stopping before if we cannot find
discrepancies in terms of 5W1H. This process augments
the evidence set. This refinement identifies missing 5W1H
information in a evidence and generates targeted new queries
to find it, adding more relevant evidence. This forms the text-
based evidence set XT .

The combined evidence set is represented as:

X = XI ∪ XT .

B. Clustering: dealing with noisy evidence

Web-scraped evidence is often noisy and may not directly
relate to the claim. This issue is exacerbated in older datasets,
where images are frequently repurposed in different contexts
across platforms. For verbose social media posts, retrieving
relevant evidence relies on extracting factual search terms
from claims. Additionally, if a claim’s images and text do not
originate from published news articles, retrieval becomes more
challenging since such content is rarely indexed by search
engines. This challenge is further aggravated when the post is
not in English or does not concern prominent Western contexts.
Prior work highlights these limitations, such as for Spanish
tweets [23] and image contextualization in East Africa and
South Asia [12]. To handle noisy evidence, we employ two
main strategies: text-based clustering and visual filtering.

1) Text-based clustering: Texts with different narratives
coupled with irrelevant texts—whether due to scraping failures
or website restrictions—can introduce noise during decision-
making. To address this, we use narrative clustering to
group texts about related topics into similar clusters. This
helps maintain distinct narratives while preventing conflicted
narratives from being mixed.

a) Initial clustering and narrative extraction: Evidence
clustering is one of our core contributions addressing several
issues that arise in real-world fact-checking. First, web-scraped
evidence is often noisy and contains irrelevant or contradictory
information from diverse sources. As we later show, directly
feeding all this evidence to an LLM can lead to lower accuracy
or overly simplistic judgments. By grouping similar pieces
of evidence into coherent ‘narratives’, the LLM can focus on
smaller, thematically consistent subsets of facts, mitigating
the risk of overlooking an important detail. Second, clustering
naturally separates conflicting claims into distinct clusters,
enabling the system to reason about alternate viewpoints
without conflating them. This is especially important for
divisive content, where multiple sources may offer contradictory
accounts of the same event.

The retrieved evidence set X is clustered into K distinct
groups using the K-means algorithm. Each piece of evidence
from X is first embedded into 384-dimensional dense vectors
using Sentence Transformer [39], applied to its text component

T . Our insights indicate that incorporating multimodal represen-
tations, such as image embeddings, could lead to degradation
in classification performance due to the frequent pairing of
identical images with conflicting text narratives. Each cluster
Ck is then defined as:

Ck = (XIk ,XTk
)

comprising of subset of evidence from reverse image search
XIk ⊆ XI and text based search XTk

⊆ XT . XIk or XTk
can

also be empty for a cluster, denoting the lack of any evidence
from reverse image search or text based search respectively.
We emphasize that XI and XT , and thus also XIk and XTk

, are
sets of evidence, with each evidence comprising of a text and
an image component and thus homogeneous in representation,
and this notation distinction is only so that we can prioritize
reverse search evidence during judgment.

Finally, a narrative Nk is selected for each cluster by taking
the text component of the most representative element within
Ck, measured as its distance from the centroid, yielding the
final cluster representation:

Ck = (XIk ,XTk
, Nk)

The choice of K = 4 was determined through experimentation
on Real-world fake news benchmark Verite, 5pilsOOC, and
DP, as analyzed in subsubsection V-C3, while the clustering
method was determined through experimentation on random
subsets of 300 samples each from these datasets, analyzed in
subsubsection V-C4. These coherent clusters not only allow us
to deal with noisy web data during judgment but also enable
retrieval of targeted evidence detailed in paragraph III-B1b.

b) Agent-based cluster refinement: An instance of text-
based search is applied, with H=2, to each cluster Ck to
obtain cluster-specific evidence through the following targeted
evidence retrieval. Additional queries are generated based on
inconsistencies with the narrative Nk to augment the text-
based evidence, forming a refined set X ′

Tk
. The refined cluster

representation becomes:

C′
k = (XIk ,X ′

Tk
, Nk).

2) Visual filtering: Low visual similarity reliably indicates
irrelevant evidence, thus we filter evidence using an image
similarity threshold, following prior approaches [12, 23]. Our
visual features are extracted from pre-trained networks that
capture key visual aspects: faces, scenes, and visual semantics.
Faces are detected using [40], with the most prominent face
embedded via [41], yielding Vface ∈ R512. Scene information
is extracted via a model trained on 365 place categories [42],
producing Vplace ∈ R2048. Visual semantics are captured
using [43], resulting in Vsem ∈ R1000. The final visual
representation of an image is:

V = [Vface,Vplace,Vsem].

The cosine similarity between VIP and VIk defines the final
similarity score of an evidence image Ik ∈ C′

k with the claim
image IP . We compute cosine similarity for each vector type
(face, place, semantics) separately and then combine with equal



weighting, avoiding dimensionality issues. Following [12] we
leverage the large training set of NewsCLIPpings to determine
our similarity threshold of 0.9.

Since reverse image searches are designed to retrieve high-
quality, contextually relevant images, evidence with low visual
similarity—typically originating from text-based searches—can
be safely disregarded, as it is unlikely to offer meaningful
context for verification. However, visually similar yet textually
different evidence may indicate out-of-context usage rather
than irrelevance. Thus by using visual similarity for filtering
and clustering noisy textual evidence, we ensure that relevant
evidence, even if with a different text context, is retained and
presented in a structured manner to the LLM for reasoning.

LLM-based veracity reasoning

Inputs:
• Claim text: TP

• Clustered evidence: {C′
k}

K
k=1, with each C′

k having:
– Direct text search evidence: XTk

– Reverse image search evidence: XIk

Narrative assessment:
1. For each evidence cluster C′

k, the LLM compares
the claim TP with the text component of XTk

and
XIk in terms of Location, Named person, Date,
Main topic and Common objects

2. Based on alignment, with XTk
and XIk , each

Narrative C′
k is labeled as:

• Supports – entities align and no conflict
• Conflicts – misalignment in entities
• Irrelevant – lacks named entities

Reasoning with narratives:
3. LLM applies a decision strategy prioritizing XIk :

• If any Narrative with valid XIk supports the claim
→ label as True

• If Narratives with XIk conflict or are irrelevant
→Check Narratives with XTk

– If any Narratives with XTk
supports

→ label as True
– If all Narratives with XTk

conflict or are
irrelevant
→ label as Misleading

4. The LLM generates a textual justification grounded
in the above alignment assessments.

Fig. 3: Reasoning protocol used by the LLM (GPT 4o) to assess
the veracity of a post (TP , IP ) using clustered direct (XTk

)
and reverse image search (XIk ) evidence. Narrative assessment
includes comparison and labeling, while reasoning prioritizes
reverse image evidence to determine a final verdict.

C. Reasoning: prompt-based comparison and explanation
The refined clusters {C′

k}Kk=1 and their associated narratives
{Nk}Kk=1 are evaluated by an LLM-based judge along with
the original social media post P , to produce a veracity verdict
and explanation.

The verdict categories are:
• True: The post is factually accurate.

• Misleading: The post is factually inaccurate.
• Not enough data: Insufficient evidence to determine the

veracity of the post.

Our Judgment Phase comprises comparison with the Claim
leading to an interpretable explanation and coherent verdict.
Our prompt, Figure 3, evaluates the veracity of a social media
post P = (TP , IP ), consisting of a textual claim TP and an
associated image IP , by leveraging clustered evidence obtained
from both direct and reverse image search. Each narrative
cluster C′

k contains evidence from text-based search (XTk
) and

evidence from reverse search (XIk ).
1) Narrative assessment: The judgment process begins with

narrative assessment, where the LLM compares the textual
content of each evidence item in C′

k against the claim text TP .
Unlike prior methods that treat context prediction as a stan-
dalone step [12], our method integrates contextual understand-
ing directly into a unified prompting strategy. Using a 5W1H-
inspired questioning framework—focusing on who, what, when,
where, why, and how—the LLM evaluates alignment between
the claim and evidence across five critical dimensions: named
entities, dates, locations, key topics, and common objects. This
entity-level comparison helps determine whether an evidence
item supports the claim, conflicts with it, or lacks relevant
content entirely. In real-world scenarios, each narrative cluster
often includes a mixture of evidence with varying degrees
of fine-grained support. Such variability introduces noise into
the reasoning process, making it challenging to draw accurate
conclusions if relying solely on the highest-ranked evidence
within a narrative. To address this, we aggregate evidence
holistically at the cluster level, treating each C′

k as a coherent
narrative. Rather than favoring individual pieces of evidence in
isolation, the LLM considers the collective alignment pattern
within each cluster. The output of this stage is a structured set of
alignment labels for each narrative, guiding further reasoning.

2) Reasoning with narratives: Following narrative assess-
ment, where each narrative cluster C′

k is labeled based on
entity-level alignment, the LLM proceeds to reason over these
narratives to derive a final veracity decision. This reasoning
process is grounded in the principle that narrative coherence,
especially when supported by image provenance, is critical for
verifying factual claims. Specifically, the LLM first identifies
whether there exists any narrative cluster that both (i) contains
valid reverse image search evidence (XIk ), and (ii) has been
labeled as Supports during narrative assessment. If such a
narrative is found, the post is immediately labeled as True. If
no supporting narrative with valid reverse evidence is available,
the model then checks for supporting narratives that contain
only text-based evidence (XTk

). If at least one such narrative
supports the claim, the label remains True. However, if all
narratives—whether supported by image or text searches—are
either labeled as Conflicts or Irrelevant, the post is ultimately
labeled as Misleading. This structured approach ensures that
multiple sources of evidence are considered in a tiered fashion,
reducing the risk of false negatives or misclassifications
due to noisy or incomplete top-ranked results. Finally, the
LLM produces a natural language explanation grounded in
the alignment rationale, clearly articulating the justification



behind the final verdict and enhancing the transparency and
interpretability of the model’s reasoning. To ensure transparency
and facilitate the reproduction of our results, the code and data
supporting this study will be made publicly available upon
acceptance.

IV. DATASETS

A. Current datasets
Current misinformation datasets present several limita-

tions [1] that hinder the comprehensive analysis of real-
world misinformation on social media. Many are synthetically
generated [10, 11, 18], which, while useful for specific
evaluations, often fail to capture the nuanced and evolving
nature of online misinformation.

In [10], some true samples used generic file images unrelated
to the claim text, with their truth determined by the context in
which news websites used these images. Evidence collected
by [11] at the time aligned with this context, but many of these
images have since been repurposed, causing misalignment in
reverse image search evidence. Moreover, these datasets may
not adequately reflect the linguistic complexities, contextual
variations, and multimodal characteristics of real-world fake
news.

Thus it is important to focus on real-world fake news
datasets as introduced in [9, 12]. However, these datasets
contain curated and sanitized evidence, which bypasses the
significant challenge of retrieving relevant information from the
vast and noisy web in practical scenarios. This is particularly
problematic when dealing with divisive content, where different
media outlets and individuals may present conflicting narratives
and supporting evidence, a phenomenon often overlooked by
traditional fact-checking models that tend to seek a singular
truth. Consequently, there is a pressing need for datasets that
better represent the complexities of real-world fake news,
especially those surrounding topics where differing opinions
and diverse sources contribute to a fragmented information
landscape. To address these gaps, we construct a dataset that
captures the complexity of online discourse—particularly the
challenge of verifying claims amid multiple, and sometimes
conflicting, perspectives and evidence.

Characteristic Count
Total tweets 608
Labels: True 359
Labels: Misleading 225
Labels: Conflicted 8
Average notes per tweet 2.54
Average ratings per note 138
Notes labeled as ”helpful” 0.59
Notes labeled as ”unhelpful” 0.37

TABLE I: Statistical overview of the DP dataset.

B. Divisive Posts (DP) evaluation benchmark
We constructed our multimodal dataset from X (formerly

Twitter) Community Notes, a collaborative fact-checking
system where contributors identify potentially misleading infor-
mation. Our collection process followed a systematic approach
to ensure quality and relevance. We systematically curated our
dataset by first collecting daily Community Notes and their

corresponding ratings from X’s transparency initiative. We
then performed frequency analysis on note records, prioritizing
tweets with the highest number of notes to target content with
high engagement and potential controversy. For each selected
tweet, we integrated ratings by mapping and filtering to the
top 5 rated notes, ensuring quality and diverse perspectives.
Using the X API, we retrieved the full tweet content, including
text and media, to support multimodal analysis. Only tweets
containing both text and at least one image were retained.
Finally, human annotators manually labeled each tweet, ref-
erencing external sources to establish ground truth veracity.
The resulting dataset, details in Table I, provides a benchmark
for evaluating multimodal misinformation detection models,
as it captures real-world instances of potentially misleading
content along with community-generated assessments. While
Community Notes data is publicly available, we ensured ethical
usage by removing personal identifiers, focusing only on public
account content, and fully complying with X’s developer terms
of service.

V. EXPERIMENTS AND RESULTS

A. Comparison against state-of-the-art methods
We focus our efforts on real-world fake news datasets where

evidence retrieval and refinement can be more effectively
applied to improve performance. Table II demonstrates that
the binary veracity prediction results of our zero-shot model
CRAVE improve upon the state-of-the-art results on both real-
world datasets Verite and 5PilsOOC, as well as the Synthetic
dataset MMFakeBench. For NewsCLIPpings, due to the issues
outlined in subsection IV-A, we refrain from evidence collection
or refinement, instead use the evidence provided [11]. We apply
an ablated version of CRAVE that uses only the LLM reasoning
step, achieving competitive results with the zero-shot model
COVE, though not matching the performance of fully trained
models. The table also shows that the performance of these
trained models degrade when dealing with our noisy web-
scraped evidence data versus the curated and cleaned evidence
data that came with the datasets(denoted in parentheses). While
these methods use different pipelines for evidence collection,
we use a single evidence collection pipeline, refined through
clustering and filtering. For DP, we also test against the
Community notes data to validate the superior quality of our
collected evidence.

B. Baseline performance using MLLMs
Table III compares Multimodal Large Language Models

(MLLMs) with our CRAVE framework on the binary veracity
prediction task. For both InstructBLIP [27] and LLAVA [44],
we use Vicuna-13B [28] as the underlying language model.
All models are evaluated on the same input: the claim and the
retrieved evidence. However, performance varies significantly
due to how they process and reason over noisy, multimodal
contexts.

We report results for three configurations: C (claim-only),
V (claim with both images and text as evidence), and T (claim
with text-only evidence). Since LLAVA cannot process multiple
images at once, we report only the T configuration for LLAVA,
using the text component of the evidence.



Method Verite MMFakeBench 5PilsOOC NewsCLIPpings DP
T/F T/O T/M T/F T/O T/O T/F

MMbase [18] - - - 0.76 - - -
AITR [8] 0.52((0.55) 0.73(0.80) 0.52(0.49) 0.59 0.49 (0.52) 0.90 0.64
MUSE [8] 0.53(0.57) 0.74( 0.80) 0.52(0.51) 0.58 0.49 0.89 0.63
RED-DOT [7] - 0.76 - 0.60 0.46 0.88 0.61
COVE [12] - - - - 0.58 0.86 -
CRAVE 0.82 0.80 0.80 0.78 0.81 0.85 0.73 (0.64)

TABLE II: Accuracy comparison against state-of-the-art methods, across datasets. T/O : True versus Out-Of-Context(OOC),
T/F : True versus Fake, T/M: True versus Miscaptioned. For Verite T/F, we consider both OOC and Miscaptioned to be fake.
For Verite and 5PilsOOC we report the accuracy using the evidence that came with the datasets in italics. For NewsCLIPpings
we don’t collect evidence and use the evidence that came with the dataset. For DP, the numbers in parentheses indicate the
accuracy only using the community notes as evidence.

Method Verite MMFakebench 5PilsOOC NewsCLIPpings DP
Acc Acc Acc Acc Acc

InstructBLIP (C) 0.50 0.50 0.55 0.55 0.54
InstructBLIP (V) 0.63 0.62 0.50 0.50 0.40
InstructBLIP (T) 0.56 0.50 0.50 0.47 0.43
LLAVA (C) 0.66 0.68 0.53 0.54 0.40
LLAVA (T) 0.68 0.71 0.60 0.69 0.49
GPT 4 (V) 0.78 [22] 0.75 [18] - - -
CRAVE 0.82 0.78 0.81 0.85 0.73

TABLE III: Comparison against MLLMs across datasets. C
denotes models using only the Claim. V denotes the version
using both images and text as evidence, and T denotes versions
using only the text component of the evidence.

When relying solely on the claim (denoted as C), MLLMs
exhibit limited predictive power, reflecting their restricted
commonsense or factual grounding in the absence of external
evidence. This is evident from the relatively low performance
of both InstructBLIP and LLAVA under this setting. Upon
incorporating retrieved evidence, the behavior of the models
varies considerably. LLAVA, using text-based evidence (T),
consistently improves. In contrast, InstructBLIP shows more
volatility, with performance degrading in some datasets, partic-
ularly when using image-based evidence. This highlights the
challenges MLLMs face when integrating noisy or conflicting
multimodal evidence.

A key insight is the stronger role of language in reasoning.
Both MLLMs perform better with text-based evidence (T) than
with image-based evidence (V). This suggests that language
provides clearer cues for claim verification, especially in
misinformation contexts where images may be reused or
repurposed across narratives. This aligns with CRAVE’s design,
which relies on language for decision-making, using visual
cues only to filter evidence.

CRAVE’s superior performance stems from its ability to
structure and disambiguate noisy evidence. Rather than reason-
ing over large, unfiltered contexts, CRAVE organizes evidence
into coherent narrative clusters, enabling it to evaluate claims
against dominant narratives instead of isolated fragments. This
structure-aware approach minimizes confusion from conflicting
sources and focuses decision-making on linguistically consis-
tent, relevant information.

Additionally, unlike MLLMs—whose performance may
be skewed by biases from pretraining on large-scale web
data—CRAVE is less influenced by domain priors or cultural
biases. This is particularly advantageous in datasets like

5PilsOOC and DP, where MLLMs struggle with claims from
underrepresented regions or topics. Finally, standard prompting
– asking a powerful model to fact-check an image/text pair –
often fails to deal with conflicting noisy evidence. CRAVE’s
zero-shot approach and reliance on structured narratives lead to
more robust decision-making, regardless of cultural or regional
context.

In summary, while MLLMs show potential with textual
evidence (T), their lack of structural reasoning and sensitivity to
noisy evidence limit their utility for veracity prediction. CRAVE
overcomes these challenges through structured narrative align-
ment and language-based reasoning, providing more robust
and generalizable performance across diverse misinformation
scenarios.

C. Ablation study

To validate our design choices and quantify the contribution
of each module, we conduct a comprehensive ablation study.
We first dissect the impact of our framework’s core architec-
tural components, such as iterative refinement and narrative
clustering. We assess the system’s sensitivity to external factors,
evaluating various backbone LLMs and evidence modalities
to understand their influence on overall performance. Finally,
we then delve into the clustering process itself, analyzing the
optimal cluster count and the choice of method.

1) Study 1 - Role of components: Table IV demonstrates
the effectiveness of iterative refinement during text evidence
XT retrieval which leads to improved scores across datasets.
Clustering of all evidence into distinct narratives leads to
improved veracity prediction compared to taking the maximally
similar evidence. Finally Agentic Retrieval of XTk

based on
K individual narrative clusters leads to further improvements
for all datasets except Verite; this could be attributed to the
lack of novel evidence retrieval that is already not part of the
evidence set.

2) Study 2 - Backbone LLM and evidence stream: In Table V
we study various backbone LLMs for veracity prediction
accuracy. Commercial models perform on par, with a notable
boost on the complex DP dataset, likely due to superior
reasoning. However, even with open models like Llama we
improve upon the current state of the art. Unsurprisingly image
provenance through Reverse image search proves to be a
stronger signal that text search (T) alone. While combining
them (T+I) usually leads to better performance, on the divisive



Fig. 4: Dynamic Clustering performance varies with dataset complexity, as higher similarity thresholds fragment evidence into
more clusters. At peak entropy—where clustering uncertainty is highest—samples span 4 clusters on average. Since the optimal
threshold is claim-dependent and cannot be determined a priori, we adopt a static clustering with K=4.

XT Cluster XTk
Verite MMFakebench 5PilsOOC NewsCLIPpings DP

Refine Judge Refine Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

× × × 0.75 0.74 0.71 0.68 - - 0.65 0.65 - -
× ✓ × 0.82 0.81 0.75 0.71 - - 0.85 0.85 - -
✓ × × 0.74 0.73 0.72 0.71 0.72 0.71 - - 0.62 0.61
✓ ✓ × 0.84 0.83 0.76 0.74 0.81 0.81 - - 0.73 0.73
✓ ✓ ✓ 0.82 0.82 0.78 0.76 0.81 0.81 - - 0.73 0.73

TABLE IV: Role of components: Improvements due to text
evidence refinement ( XT Refine), Clustering before judg-
ment(Cluster Judge) and Evidence refinement per cluster ( XTk

Refine).

Backbone LLM for Judgment Verite 5PilsOOC DP

GPT-4o 0.82 0.81 0.73
Gemini-2.0-Flash 0.77 0.83 0.74
Llama-3.1-8B-Instruct 0.77 0.77 0.67
Llama-3.1-8B-Instruct (I) 0.75 0.75 0.69
Llama-3.1-8B-Instruct (T) 0.72 0.73 0.66

TABLE V: Backbone LLM and evidence Stream. Commercial
LLMs excel due to superior reasoning; reverse image search(I)
outperforms text-only(T), with T+I combination being optimal

DP dataset it often gets overwhelmed by conflicting narratives
from the text evidence.

3) Study 3 - Cluster size: Our analysis of Dy-
namic(Agglomerative) Clustering performance, Figure 4, re-
veals that the optimal configuration is intrinsically tied to
the complexity of the underlying dataset. We identify the
optimal similarity threshold, by locating the peak of the
clustering entropy—a point representing maximum algorithmic
uncertainty and a critical transitional state. For datasets like
5PILSOOC and Verite, curated from fact-checking corpora,
this heuristic aligns well with peak classification accuracy.
5PILSOOC, with its verbatim claims, achieves effective classi-
fication at a low threshold (0.70) requiring an average of only
2.7 clusters. Verite, featuring paraphrased claims, introduces

greater semantic ambiguity, thus demanding a higher threshold
(0.80) and a larger average cluster count (K=4.5) to resolve
these nuances.

In stark contrast, our DP dataset, derived from informal
Community Notes, presents a more complex challenge. Here,
peak accuracy (73.2%) is achieved only at a stringent threshold
of 0.90, well after the point of peak entropy (which occurs
at 0.85). This divergence demonstrates that for nuanced real-
world fake claims, the system must be pushed beyond its state
of maximum uncertainty, requiring an average of 6.4 clusters
to isolate the correct classifying signal from a large set of
distractors.

This variance underscores a critical insight: an optimal
dynamic clustering threshold is claim-dependent and cannot
be determined a priori for a general-purpose system. Lacking
a reliable method to predict claim complexity for an adaptive
threshold, we adopt a static clustering with K=4, a value
empirically grounded as the average number of clusters per
sample (4.0) observed at peak entropy across our datasets.

Method 5PilsOOC Verite DP
Sil ↑ DB ↓ Acc ↑ Sil ↑ DB ↓ Acc ↑ Sil ↑ DB ↓ Acc ↑

Kmeans 0.32 1.19 0.81 0.28 1.26 0.80 0.30 1.18 0.70
GPT 4o-mini 0.35 1.08 0.78 0.33 1.12 0.79 0.31 1.21 0.67
Spectral 0.19 1.47 0.74 0.18 1.50 0.72 0.19 1.46 0.66

TABLE VI: Cluster coherence metrics for different method.
For all datasets, k-means consistently outperforms spectral
clustering.

4) Study 4 - Cluster method: The clustering performance
metrics, in Table VI, reveal key insights into the effectiveness
of different methods across random subsets (300 samples
each) of the real-world datasets 5PilsOOC, Verite, and DP.
The evaluation metrics include the average silhouette score
(Sil) [45] (indicating cluster cohesion and separation, with
higher values being better) and the Davies-Bouldin(DB) [46]
index (where lower values indicate better-defined clusters)



along with the veracity accuracy. We also compare against
a GPT 4o-mini prompt-based clustering. While the cluster
coherence was competitive, if not better at times, GPT 4o-mini
often excluded outlier evidence from the clusters.

Overall, K-means clustering consistently outperforms spec-
tral clustering, achieving the higher silhouette scores and lowest
Davies-Bouldin indices across all datasets, indicating well-
defined and compact clusters. In contrast, spectral clustering
struggles suggesting less optimal separation. Dataset-specific
trends also emerge, with 5PilsOOC exhibiting the best cluster-
ing structure, while Verite appears to be the most challenging, as
indicated by its lower silhouette scores, especially for spectral
clustering. Interestingly, GPT 4o-mini forms the most coherent
clusters, but this is often at the cost of completely ignoring
outliers which leads to the lower overall accuracy.

D. User study: Explanation quality and preference
We evaluate the quality of and preferences for CRAVE-

generated explanations through user studies. The evaluation
is divided into two studies. In the first study, we assess the
clarity and comprehensiveness of the generated explanations,
while in the second study, we compare the preference for the
generated explanation over community notes.

1) Study 1 - Clarity and comprehensiveness evaluation:
To assess the quality of fact-checking explanations produced
by our system, we conducted a human evaluation using
Amazon Mechanical Turk (AMT). Participants were shown
a news story along with a set of retrieved narrative facts, the
system-generated veracity prediction, and the system-generated
explanation. Their task was to rate the explanation on two di-
mensions: clarity and comprehensiveness. Clarity refers to how
easy the explanation is to understand, and comprehensiveness
measures the extent to which the explanation incorporates key
facts to justify the verdict. Ratings were provided on a 5-point
Likert scale (using discrete values 1, 3, and 5). AMT workers
were filtered to include only those who spent more than one
minute on the task and had a historical approval rate above
95%; out of 56 participants, 39 met these criteria. Table VII
summarizes the evaluation statistics for both LLM-generated
scores and the filtered AMT evaluations. While the participants
were not aware of the ground truth, we partitioned the scores
for correct and incorrect predictions. The data indicate that
explanations for correct predictions generally receive higher
clarity scores than those under incorrect predictions. For
example, LLM evaluations show an average clarity score of
3.28 for correct predictions versus 2.99 for incorrect ones.
AMT evaluations yield higher scores overall, underscoring the
value of human judgment in assessing explanation quality to
detect nuances in explanation quality more reliably.

2) Study 2 - Preference comparison of explanations: In the
second study, we examine the preference between two types of
explanations for a news story: the user-generated explanation
(community notes) and the system-generated explanation. The
task is to select the explanation that is more intuitive, clear,
and concise, and that better supports the story’s ground truth
veracity. Table VIII presents the preference fractions from both
LLM and AMT workers. While LLM assessments show a
preference of 67.11% for the CRAVE-generated explanation

Source / Condition Workers Comprehensiveness Clarity
1 3 5 Avg 1 3 5 Avg

LLM Overall N/A 99 387 122 3.08 47 455 106 3.19
LLM Correct N/A 47 293 94 3.22 16 342 76 3.28
LLM Incorrect N/A 52 94 28 2.72 31 113 30 2.99

AMT Overall 39 156 872 586 3.53 162 780 672 3.63
AMT Correct 36 115 628 425 3.53 111 569 488 3.65
AMT Incorrect 24 41 244 161 3.54 51 211 184 3.60

TABLE VII: Evaluation statistics for CRAVE explanation
quality. For each participant (LLM, AMT) and partition
(Overall, Correct predictions, Incorrect predictions), the table
reports counts for ratings along with the average score for both
comprehensiveness and clarity.

compared to 32.89% for the user explanation, AMT work-
ers—based on a sample of 10 workers—exhibited a preference
of 57.66% for the CRAVE explanation versus 42.34% for
the user-generated notes. These findings suggest that, across
both evaluation modalities, the system-generated explanation is
consistently viewed as more effective in conveying the veracity
of the story.

Source Explanation Workers
Notes (User) CRAVE

LLM 32.89% 67.11% N/A
AMT 42.34% 57.66% 10

TABLE VIII: Preference for explanation amongst LLM and
AMT worker: Both LLM and AMT workers prefer CRAVE
explanations over Community Notes.

E. Critical analysis

1) Analysis 1 - Primary causes of errors : Figure 5
presents qualitative examples illustrating key factors behind
misclassifications, corresponding to three main types of errors
identified in our framework. First, clustering issues occur when
an image is widely reused across multiple fabricated contexts,
causing the dominant fake narrative to skew evidence grouping
and retrieval results (e.g., the leftmost mountain landscape
in Figure 5). Second, reasoning errors arise because the
system treats all sources equally without weighing domain
credibility, amplifying the influence of low-credibility outlets.
While 5W1H-based contextualization helps detect surface-level
inconsistencies such as named entities, it often misses subtler
linguistic cues needed to disambiguate misinformation, as
shown in the second sample of Figure 5. Third, retrieval issues
contribute to failures in verifying true claims, frequently due
to scraping limitations that prevent access to relevant textual
evidence even when images are successfully retrieved; this is
illustrated by the third and fourth examples in Figure 5. Lastly,
some errors stem from questionable dataset labels, as seen in
the final example.

Our error analysis reveals three main failure categories, with
quantitative results shown in Table IX.

1) Retrieval issues (most common): Errors stem from
incomplete retrieval (incom), finding only false evidence
(False), or a complete lack of relevant evidence (NO).



President Yoweri Museveni and
Minister of State for Tourism Martin
Mugarra claim the tweeted picture
shows the Rwenzory Mountains.

Rwenzorimountains_overview
Jørn Eriksson trekked the
Rwenzori Mountains in
Uganda,

Photo showing Isha Foundation
Head Jaggi Vasudev posing
intimately with a woman.

Despite the identification as
his daughter, LLM failed to get
the improper usage of the word
“intimately”

On 23 April 2021, the imagewas used
with an article on armed group
control in Sedal Woreda, Ethiopia.

discusses armed conflict in the
Oromia region

Partial Match with no related text

In March 2022, over 400 ethnic
Amhara soldiers were detained in
Western Amhara following a dispute
with the regional government.

On 30 November 2022, a photo taken in
Still Bay, South Africa, highlighted the
presence of invasive species.

Questionable label, claim
marked True, while images
are ofDead Aloe Vera

Fig. 5: Misclassified samples are color-coded—orange for those labeled ‘True’, blue for those labeled ‘Fake’. A sample with a
questionable ground-truth label (‘True’) is shown in grey. Zoom in for details.

2) Clustering issues: True evidence is sometimes grouped
with highly similar false narratives (Under-clustering: K<).
For claims with multiple sub-parts (like in DP dataset), the
evidence gets fragmented across clusters (Over-clustering:
K>).

3) Reasoning issues: The LLM struggles with nuanced
actions (Act), missing or vague temporal terms like
“recently” (Tmp), and non-Western entities (Ent). A high
volume of fake narratives (CN) can also overwhelm its
final judgment.

Dataset Label Clustering Reasoning Retrieval
K< K> GT Act CN Ent Tmp False incom NO

5PILS OOC True 4.4 0.0 9.2 4.8 8.3 5.7 8.7 1.7 20.1 21.4
False 1.3 0.0 0.9 2.2 3.9 0.0 1.7 5.2 0.4 0.0

DP True 12.1 3.8 5.7 13.4 12.1 7.6 3.8 0.0 24.2 12.1
False 0.0 0.0 0.6 0.0 1.3 0.0 0.0 3.2 0.0 0.0

TABLE IX: Error Type Distribution by Dataset and Label (%)

2) Analysis 2 - Evidence retrieval failure : The “not enough
data” (NoD) predictions occur when our retrieval pipeline
fails to find sufficient evidence—often due to niche topics,
deepfakes, or paywalled content. In our binary classification
task, we conservatively label NoD as “Misleading.” These
predictions are thus adjudged incorrect when the Ground Truth
(GT) is True, and correct when GT is False. In Table X
we present our findings. High NoD rates in NewsCLIPpings
result from using only the dataset-provided evidence, with
no retrieval refinement. While our method does not directly
detect deepfake images through image analysis, we address
such cases indirectly—either when the content is flagged as
deepfake by external sources or when it lacks presence in
reputable news outlets. Consequently, in the MMFakeBench
dataset, fake content involving deepfake images—which cannot
be corroborated through external evidence retrieval—results in
the highest NoD percentage (9.71).

Dataset % Total Pred False Pred which NoD Pred with NoD Pred with
Name as False are NoD GT True GT False

DP 59.8 5.5 2.75 2.75
NewsCLIPpings 61.9 10.3 4.22 6.11
MMFakeBench 81.7 14.8 5.06 9.71
5PILS OOC 63.1 3.3 1.80 1.47
Verite 69.9 2.1 0.99 1.11

TABLE X: Analysis of “Not Enough Data” Model Predictions
Across Datasets

VI. CONCLUSION

We introduced CRAVE, a novel framework designed to
address multimodal misinformation on social media. CRAVE
first organizes retrieved evidence into coherent narrative
clusters and then employs an LLM as a judge to assess the
veracity of claims based on these narratives. By reasoning
over contextualized clusters, CRAVE achieves state-of-the-art
performance in zero-shot veracity prediction across multiple
datasets, including Verite, MMFakeBench, and 5PilsOOC. Our
user study further demonstrates that CRAVE’s explanations are
perceived as coherent and comprehensive in many cases, even
preferred over community-generated notes.

VII. LIMITATIONS AND FUTURE WORK

While CRAVE demonstrates a significant step forward in
multimodal fact-checking, we acknowledge several limitations
that define its current scope and provide clear directions for
future research.

1) Dependencies and Source Trust: The framework’s
performance is fundamentally bound by the capabilities
and biases of its external dependencies: search engines
and Large Language Models. Our reliance on commercial
search APIs means the retrieved evidence pool is subject
to uncontrollable algorithmic biases (e.g., geographical or
political), and we currently treat all retrieved sources
with equal weight, making the system susceptible to
well-optimized, low-credibility content. This underscores



the need for future work in source credibility modeling
to be integrated into the evidence-gathering phase.

2) Pragmatic Heuristics: Our methodology incorporates
pragmatic heuristics to ensure broad applicability, most
notably the choice of a static K=4 for clustering. Our own
analysis (Figure 4) powerfully illustrates that the optimal
cluster count is claim-dependent. We therefore present
K=4 not as a universal optimum, but as a necessary and
empirically grounded baseline for a dataset-agnostic
system.

3) Computational Cost and Applicability: The compre-
hensive nature of our multi-step pipeline introduces a
significant computational cost and latency (∼4 minutes
serially, ∼1 minute in batches). This positions CRAVE
not as a tool for real-time content moderation, but rather
for deep, offline analyses where rigor is prioritized over
speed, such as in journalistic investigations, academic
research, or platform policy audits.

4) Scope of Modalities: Finally, our current work is scoped
to text-and-image verification. Future iterations should
aim to expand the framework’s capabilities to address
other critical modalities of misinformation, such as video
and audio, to provide a more holistic solution to the
information forensics challenge.

VIII. ETHICS STATEMENT

While our explanation explicitly cites the narratives used
with the narrative themselves being annotated with sources
used, we emphasize that CRAVE is a decision-support, not
an autonomous arbiter of truth, and must be used with an
awareness of its potential for error.
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