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Abstract

The proliferation of multimodal misinformation poses grow-
ing threats to public discourse and societal trust. While Large
Vision-Language Models (LVLMs) have enabled recent
progress in multimodal misinformation detection (MMD),
the rise of generative AI (GenAI) tools introduces a new chal-
lenge: GenAI-driven news diversity, characterized by highly
varied and complex content. We show that this diversity in-
duces multi-level drift, comprising (1) model-level mispercep-
tion drift, where stylistic variations disrupt a model’s inter-
nal reasoning, and (2) evidence-level drift, where expression
diversity degrades the quality or relevance of retrieved exter-
nal evidence. These drifts significantly degrade the robustness
of current LVLM-based MMD systems. To systematically
study this problem, we introduce DRIFTBENCH, a large-scale
benchmark comprising 16,000 news instances across six cat-
egories of diversification. We design three evaluation tasks:
(1) robustness of truth verification under multi-level drift;
(2) susceptibility to adversarial evidence contamination gen-
erated by GenAI; and (3) analysis of reasoning consistency
across diverse inputs. Experiments with six state-of-the-art
LVLM-based detectors show substantial performance drops
(average F1 ↓ 14.8%) and increasingly unstable reasoning
traces, with even more severe failures under adversarial ev-
idence injection. Our findings uncover fundamental vulnera-
bilities in existing MMD systems and suggest an urgent need
for more resilient approaches in the GenAI era.

Introduction
Multimodal misinformation, often in the form of image-
text combinations, poses escalating threats to public dis-
course, societal trust, and civic stability (Bovet and Makse
2019; Murayama 2021; Wang et al. 2024a; Wu et al.
2025c). To counter this threat, Large Vision-Language Mod-
els (LVLMs) (Hurst et al. 2024; Anil et al. 2023; Liu et al.
2024a; Meta 2024) has emerged as a dominant approach
for multimodal misinformation detection (MMD), offering
strong multimodal reasoning and retrieval-augmented ver-
ification capabilities (Kangur et al. 2025; Qi et al. 2024;
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Figure 1: Illustration of multi-level drift induced by
GenAI-driven news diversity, comprising (1) model-level
misperception drift and (2) evidence-level drift.

Braun et al. 2024; Li et al. 2025a; Geng et al. 2024; Wu
et al. 2025b).

However, the rise of generative AI (GenAI) systems such
as GPT-4o (Hurst et al. 2024) is reshaping the informa-
tion landscape. GenAI enables the creation of highly di-
verse and stylistically varied content at scale (Kiskola et al.
2025; Davenport and Mittal 2023; Nishal and Diakopoulos
2024; Kieslich, Diakopoulos, and Helberger 2024), funda-
mentally transforming how news is composed, visualized,
and disseminated. We refer to this phenomenon as GenAI-
driven News Diversity, which manifests in two key forms:
(1) Controlled News Diversity, where users produce seman-
tically consistent variants of the same news content through
rewording, paraphrasing, or shifts in visual framing; and
(2) Open-ended News Diversity, where GenAI generates en-
tirely novel content via text-to-image synthesis or narrative
reconstruction.

While this diversity enhances expressiveness and audi-
ence reach, it also introduces substantial challenges for
LVLM-based MMD systems. Most existing models ei-
ther assess image-text coherence using internal knowledge
(Wang et al. 2024b) or retrieve external evidence for fact ver-
ification (Li et al. 2025b; Qi et al. 2024). Both approaches
become fragile under content variation, which gives rise to
what we term multi-level drift. As illustrated in Figure 1,
we identify two key drift phenomena: (1) Model-Level Mis-
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perception Drift: Variations in surface form, including lexi-
cal, syntactic, or visual aspects, may distort the model’s per-
ception, even when semantics remain unchanged. This is-
sue is exacerbated by LVLMs’ known hallucination tenden-
cies (Bai et al. 2024; Liu et al. 2024b). (2) Evidence-Level
Drift: Content diversity compromises evidence retrieval by
reducing the likelihood of finding exact matches, leading
to loosely relevant or misleading external evidence (Chung
et al. 2023; Xiao and Wang 2021; Feng et al. 2020). Beyond
natural drift, GenAI also enables adversarial manipulation
through guided retrieval attacks, wherein malicious actors
flood the web with strategically crafted synthetic content.
Such contamination can bias retrieval pipelines, poison-
ing the fact-checking process and degrading LVLM perfor-
mance (Xu et al. 2024; Dai et al. 2023a). Despite their grow-
ing risk, these vulnerabilities remain insufficiently studied.

To bridge this gap, we conduct a systematic investiga-
tion into how GenAI-driven news diversity affects LVLM-
based misinformation detection. We pose three core research
questions: (1) How does GenAI-driven news diversity affect
the robustness of current LVLM-based MMD systems? (2)
To what extent does adversarial evidence contamination de-
grade factual verification via guided retrieval of fabricated
evidence? (3) How does content diversity influence LVLMs’
internal reasoning behavior during fact-checking?

To this end, we introduce DRIFTBENCH, a large-scale
benchmark consisting of 16,000 news instances spanning six
diversified categories across both image and text modalities,
with human validation to ensure semantic fidelity. Specif-
ically, we source high-quality real and fake samples from
NewsCLIPpings (Luo and Trevor Darrell 2021) and sys-
tematically diversify them using an automated GenAI-based
pipeline grounded in our news diversity taxonomy. For real
news, we apply controlled diversification to the image, text,
or both while preserving factual consistency. For fake news,
we incorporate both controlled and open-ended transforma-
tions, rewriting text to fabricate false narratives and gener-
ating misleading images aligned with the fabricated con-
tent. The resulting dataset includes eight structured cate-
gories, consisting of six diversified variants and two origi-
nal classes, thereby enabling rigorous evaluation of LVLM
robustness under GenAI-driven content variation.

With DRIFTBENCH, we design three corresponding eval-
uation tasks: (1) Performance under Diversity: Evalu-
ate how SOTA LVLM-based detectors handle controlled
and open-ended content variation, focusing on degradation
due to model- and evidence-level drift. (2) Robustness to
Malicious Evidence Contamination: Simulate guided re-
trieval attacks by injecting GenAI-generated misleading evi-
dence into the verification pipeline. (3) Reasoning Behavior
Analysis: Employ an LVLM-as-a-Judge framework (Li et al.
2024; Chen et al. 2024; Pu et al. 2025) to assess models’ ex-
planation quality and attribution patterns under diverse input
conditions.

Our empirical analysis covers both general-purpose
LVLMs and task-specific detectors. Results show that
GenAI-driven diversity leads to significant performance
drops across all models (average F1 ↓ 14.8%), with mali-
cious evidence causing further degradation. Notably, we ob-

serve that real and fake content are differently affected by
diversity; vanilla and task-specific models exhibit divergent
sensitivities; and diverse inputs distort reasoning trajectories
in non-trivial ways. Our findings reveal fundamental limi-
tations in current LVLM-based detection pipelines and lay
the groundwork for designing robust, diversity-aware MMD
systems to accommodate GenAI-driven news diversity.

Related Work
LVLM-Based MMD Approaches
LVLM-based multimodal fact-checking is the current main-
stream method for multimodal misinformation detection.
SNIFFER (Qi et al. 2024) performs two-stage fine-tuning
based on InstructBLIP (Dai et al. 2023b), aiming to detect
misinformation from the perspective of entity matching and
evidence verification. CMIE (Li et al. 2025b) and E2LVLM
(Wu et al. 2025a) further explore how to discover deeper
relationships and optimize the selection and usage of exter-
nal evidence. LRQ-FACT (Beigi et al. 2024) and LEMMA
(Xuan et al. 2024) optimize retrieval strategies to acquire
more targeted external evidence. These methods fully inves-
tigate the capabilities of LVLMs in retrieval, comprehen-
sion, and reasoning, and are optimized around the acquisi-
tion and utilization of high-quality evidence. However, most
of them assume that the input claim is static and expressed
in a single form, lacking systematic investigation and eval-
uation of such methods’ performance under news diversity
and the resulting multi-level drift.

Multimodal Misinformation Benchmarks
To evaluate multimodal misinformation detection (MMD),
several benchmarks have been introduced. DGM4 (Shao,
Wu, and Liu 2023) targets fine-grained visual and textual
manipulations. NewsCLIPpings (Luo and Trevor Darrell
2021) constructs out-of-context (OOC) cases by mismatch-
ing images and text with external evidence. VERITE (Pa-
padopoulos et al. 2024) collects real-world OOC misinfor-
mation from fact-checking platforms to analyze modality
bias. MiRAGenNews (Huang et al. 2024) employs GenAI
techniques to synthesize misinformation image–text pairs,
while MMFakeBench (Liu et al. 2024c) aggregates misin-
formation from both real and GenAI sources to assess ro-
bustness under mixed conditions. MFC-Bench (Wang et al.
2024b) probes LVLMs’ internal fact-checking capabilities.

In contrast, DRIFTBENCH is the first benchmark to
systematically examine challenges introduced by GenAI-
driven news diversity, with a focus on two overlooked
forms of drift: model misperception drift and evidence
drift. By generating semantically diverse real and fabricated
variants through both controlled and open-ended transfor-
mations, it addresses a critical gap in existing benchmarks.
A comparative overview is provided in Table 1.

DRIFTBENCH
To systematically evaluate how GenAI-driven news diversity
induces multi-level drift in LVLM-based multimodal misin-
formation detection, we introduce DRIFTBENCH, a large-
scale benchmark of 16,000 news instances across eight cat-
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Benchmark Information Type Modality Generated
Content

External
Evidence

News
Diversity DriftTextual Visual

DGM4 (Shao, Wu, and Liu 2023) Multimedia manipulation ✔ ✔ - - - -
NewsCLIPpings (Luo and Trevor Darrell 2021) OOC misinformation ✔ ✔ - ✔ - -

VERITE (Papadopoulos et al. 2024) Real-world misinformation ✔ ✔ - ✔ - -
MMFakeBench (Liu et al. 2024c) Multi-source misinformation ✔ ✔ ✔ - - -
MFC-Bench (Wang et al. 2024b) Multimodal fact-checking ✔ ✔ - - - -

MiRAGenNews (Huang et al. 2024) AI-generated misinformation ✔ ✔ ✔ - - -
DRIFTBENCH (ours) News diversity & Drift ✔ ✔ ✔ ✔ ✔ ✔

Table 1: Comparison between DRIFTBENCH and prior benchmarks on multimodal misinformation detection.

egories. These categories comprise two base types (real and
fake news with human-written text and authentic images)
and six diversification strategies. Built through an auto-
mated GenAI-based synthesis pipeline applied to real-world
news, DRIFTBENCH enables scalable, controlled, and se-
mantically aligned diversification. Each instance contains
an image–text pair—either original or diversified—together
with externally retrieved web evidence. An overview of the
dataset construction and evaluation setup is shown in Fig-
ure 2. Our code, data, and supplementary materials are pub-
licly available1.

Taxonomy of GenAI-Driven News Diversity
To comprehensively assess the impact of content variation
on multimodal misinformation detection, we propose a tax-
onomy encompassing eight types of image-text instances.
These are defined along two orthogonal dimensions: (1)
news authenticity (Real vs. Fake) and (2) diversification
strategy (Controlled vs. Open-Ended). Controlled diversity
involves deliberate and precise modifications to image or
text while preserving semantic consistency. Open-ended di-
versity allows flexible, generative transformations, often in-
troducing false or misleading information, thereby increas-
ing uncertainty.

We begin with two foundational types that serve as the
seed for diversification:

• R OI OT: A real news item sourced from a reputable out-
let, composed of an authentic image (OI) and a human-
written text (OT) that are semantically aligned.

• F OI OT: An out-of-context (OOC) misinformation in-
stance (Luo and Trevor Darrell 2021; Qi et al. 2024), cre-
ated by mismatching the image and text from two differ-
ent but individually trustworthy news reports—misleading
when paired together.

Building on these base types, we define six variant cate-
gories by modifying the image, text, or both using controlled
or open-ended GenAI techniques:

• R DI OT: A real news instance where the image is diver-
sified using GenAI (DI), while the original text remains
unchanged.

• R OI DT: A real news instance where the text is diversi-
fied (DT) while preserving the original image.

1https://github.com/fanxiao15/DriftBench

• R DI DT: A real instance where both the image and text
are diversified in a semantically faithful manner.

• F DI OT: An OOC fake instance where the image is re-
placed by a GenAI-diversified version, while keeping the
mismatched original text.

• F OI FT: A fake instance where the original image is
paired with a GenAI-fabricated text (FT) that conveys a
false narrative.

• F FI FT: A fully fabricated fake instance where both the
image (FI) and text (FT) are GenAI-synthesized.

This taxonomy enables a systematic evaluation of how
controlled and open-ended diversification strategies, applied
to both real and fake instances, influence the robustness and
reasoning behavior of LVLM-based misinformation detec-
tion systems.

Dataset Creation
Based on the proposed taxonomy, we construct DRIFT-
BENCH, a large-scale benchmark comprising real and fake
news instances systematically diversified through GenAI-
driven content variation. We begin by sourcing 4,000 high-
quality samples (2,000 real and 2,000 fake) from the
NewsCLIPpings dataset (Luo and Trevor Darrell 2021).
Real instances comprise semantically aligned image-caption
pairs published by reputable news outlets. Fake instances
are constructed via OOC manipulation, where the image and
text are drawn from two different trustworthy reports. While
individually accurate, their combination results in a mislead-
ing narrative with high surface plausibility.

We apply different transformation strategies based on the
type of instance. For real samples, we apply only controlled
diversification to preserve factual integrity. For fake sam-
ples, we introduce both controlled and open-ended diversity
to simulate more flexible or fabricated misinformation.

Text diversifications and fabrications are generated using
GPT-4o (Hurst et al. 2024). For text diversification (DT), we
prompt the model to rephrase the original text while pre-
serving its semantics. For text fabrication (FT), we prompt
the model to generate a false narrative by altering the de-
scribed event. Image diversifications (DI) are generated us-
ing FLUX.1 Redux [dev] (an open-source image variant gen-
eration model) (Labs et al. 2025), the model generates vi-
sually varied but semantically consistent depictions of the
original content. Image fabrications (FI) are generated us-
ing FLUX.1 [dev] (an open-source text-to-image model)
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Figure 2: Overview of DRIFTBENCH, illustrating the construction of diversified news variants and the three evaluation tasks.

(Labs 2024), we condition the image generation on the fab-
ricated narrative FT, yielding fully synthetic misinformation
instances.

Implementation details and prompt templates are pro-
vided in Appendix A.1.

Evidence Retrieval. For each image-text pair, we retrieve
external evidence to support LVLM-based multimodal fact-
checking. For image-based retrieval, we use a web crawler
to identify webpages containing the image and extract their
page titles as evidence. For text-based retrieval, we adopt the
query generation strategy from LEMMA (Xuan et al. 2024),
using the Serper API to retrieve relevant web documents.

Data Quality Assessment
Preserving semantic meaning is essential for high-quality
news diversification. To assess the quality of the diversified
instances in DRIFTBENCH, we conducted a human evalu-
ation to determine whether the core meaning of the origi-
nal content is retained after diversification. Since the OI FT
and FI FT types involve fake news with fabricated content,
they represent open-ended generation and lack a verifiable
semantic reference. Therefore, we restrict our evaluation to
the four types of diversified real instances, where semantic
fidelity can be reliably assessed.

We randomly sampled 40 image-text pairs from each
diversification type, yielding a total of 160 diversified
instances. Three graduate students served as annotators.

Each annotator independently reviewed all 160 original-
diversified pairs and provided a binary judgment on whether
the diversified version preserved the core meaning of the
original. Annotation guidelines and examples are detailed
in Appendix A.2.

We report two metrics to assess data quality: (1) seman-
tic preservation accuracy, computed from aggregated hu-
man annotations, and (2) inter-annotator agreement using
Fleiss’ κ (Fleiss 1971). Results show that DRIFTBENCH
exhibits high semantic consistency and labeling reliability,
with 98.6% accuracy and a Fleiss’ κ of 0.872 for real-
instance variants, and 96.6% accuracy with a Fleiss’ κ of
0.741 for controlled fake variants.

Evaluation Tasks and Metrics
We design three evaluation tasks to assess: (1) perfor-
mance degradation under model-level misperception drift
and evidence-level drift introduced by news diversity; (2)
robustness to malicious evidence contamination; and (3) the
influence of news diversity on reasoning behavior and ex-
planation quality.

Task 1: Performance Analysis under News Diversity.
We evaluate how both Vanilla LVLMs and task-specific
MMD models perform on diversified instances in DRIFT-
BENCH, measuring the impact of semantic-preserving (con-
trolled) and misleading (open-ended) variations on the mod-
els’ MMD performance.
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Infer Type Data Type Accuracy Real Fake
Precision Recall F1 Precision Recall F1

GPT-4o-mini Realistic 83.3 89.4 75.6 81.9 78.9 91.1 84.5
Diversified 64.4 (-18.9) 83.7 (-6.0) 35.7 (-39.9) 50.0 (-31.9) 59.1 (-19.8) 93.1 (+2.0) 72.3 (-12.2)

Claude-3.7-Sonnet Realistic 88.3 87.7 89.2 88.4 89.0 87.5 88.2
Diversified 72.4 (-15.9) 86.1 (-1.6) 53.5 (-35.7) 66.0 (-22.4) 66.3 (-22.7) 91.4 (+3.9) 76.8 (-11.4)

Qwen-VL Realistic 73.7 67.6 91.1 77.6 86.3 56.3 68.2
Diversified 63.7 (-10.0) 63.9 (-3.7) 62.7 (-28.4) 63.3 (-14.3) 63.5 (-22.8) 64.7 (+8.4) 64.1 (-4.1)

CMIE Realistic 90.9 88.8 93.6 91.1 93.2 88.2 90.6
Diversified 72.4 (-18.5) 72.2(-16.6) 72.8(-20.8) 72.5(-18.6) 72.6(-20.6) 72.1(-16.1) 72.3(-18.3)

SNIFFER Realistic 84.3 78.4 93.2 85.1 92.3 76.2 83.5
Diversified 73.5 (-10.8) 71.2 (-7.2) 76.0 (-17.2) 73.5 (-11.6) 75.8 (-16.5) 71.1 (-5.1) 73.4 (-10.1)

LEMMA Realistic 79.6 73.4 92.8 82.0 90.2 66.5 76.5
Diversified 68.9 (-10.7) 64.7 (-8.7) 83.1 (-9.7) 72.7 (-9.3) 76.3 (-13.9) 54.7 (-11.8) 63.7 (-12.8)

Table 2: Performance comparison of LVLM-based multimodal misinformation detection methods under the DI OT setting
within Controlled News Diversity. Since DI OT applies to both real and fake instances, we report results (in percentage) for
this category as a representative example.

Task 2: Robustness to Malicious Evidence Contamina-
tion. To simulate guided retrieval attacks, we inject adver-
sarially generated evidence (i.e., crafted to falsely support
or refute the claim) into the evidence set. This mimics real-
world scenarios where search engines are manipulated by
fabricated content. We evaluate models’ robustness by mea-
suring performance drop before and after evidence poison-
ing, isolating the sensitivity of each model to retrieval con-
tamination. The generation procedure and insertion strategy
are detailed in Appendix A.3.

Task 3: Reasoning Behavior Analysis. We adopt an
LVLM-as-Judge evaluation framework to analyze model
reasoning under drift. This includes:

• Error Attribution: We manually label failure cases ac-
cording to two error types: (1) model-level misperception
drift and (2) evidence-level drift. A detailed taxonomy is
provided in Appendix A.4.

• Explanation Evaluation: We assess the quality of model-
generated explanations across five dimensions: justifica-
tion validity, evidence grounding, evidence synthesis, rea-
soning depth, and debunking power. Full guidelines and
scoring rubrics are included in Appendix A.5.

Following established practices in LVLM-based MMD
evaluation (Li et al. 2025b; Xuan et al. 2024; Qi et al. 2024),
we report Accuracy and F1 as the primary metrics for detec-
tion performance.

Experiments
Experimental Setup
Using DRIFTBENCH, we conduct a comprehensive evalua-
tion of both representative Vanilla LVLMs and state-of-the-
art LVLM-based MMD approaches.
Vanilla LVLMs. We assess three widely used models: (1)
GPT-4o-mini (Hurst et al. 2024): a proprietary large vision-
language model. (2) Claude-3.7-Sonnet (Anthropic 2025):
a large reasoning model with multimodal capabilities. (3)
Qwen-VL-Plus (Bai et al. 2023): a strong open-source

vision-language model. Prompting strategies and instruction
templates used for Vanilla LVLMs are detailed in Appendix
(Figure 11).
LVLM-Based MMD Methods. We also evaluate three
state-of-the-art MMD approaches. (1) SNIFFER (Qi et al.
2024), which fine-tunes LVLMs and retrieves external evi-
dence directly through image-based querying. (2) CMIE (Li
et al. 2025b), which models deep semantic alignment be-
tween image and text while mitigating noise in retrieved ev-
idence. and (3) LEMMA (Xuan et al. 2024), which employs
a modular pipeline that first generates optimized queries and
then retrieves high-quality evidence.

Performance under GenAI-Driven Diversity
Multimodal LVLMs exhibit limited generalization under
news diversity, with asymmetric performance between real
and fake Instance. As shown in Table 2, GenAI-driven news
diversity causes significant performance degradation across
all evaluated models. This demonstrates that even con-
trolled, semantically consistent perturbations can severely
compromise the reliability of current LVLM-based detec-
tors. Multi-level drift induces a bias toward overpredict-
ing “fake”. For real instances, both precision and recall
drop substantially due to a combination of model-level mis-
perception drift (e.g., hallucinated misalignment between
modalities) and evidence-level drift (e.g., irrelevant or mis-
leading retrieval). For fake instances, while recall improves,
precision declines. This suggests that the models become
overconfident in detecting misinformation, even when un-
certain.

Image diversity has a stronger impact than text diver-
sity, and open-ended diversity is more disruptive than con-
trolled diversity. As shown in Figure 3, text diversification
(OI DT) has minimal impact, while performance declines
are primarily driven by image diversification (DI OT), de-
tailed results in Appendix A.6. Notably, open-ended diver-
sity leads to greater performance drops than controlled di-
versity. In these cases, the generated images may be per-
ceived as too well-aligned with the fabricated text, mis-
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leading the model into incorrectly classifying the instance
as real. This highlights a fundamental challenge posed by
GenAI-generated misinformation, where visual-textual co-
herence can be artificially inflated.

Model performance degrades more sharply with in-
creasing evidence drift severity. Figure 4 illustrates how de-
tection accuracy declines as the degree of evidence drift in-
creases, ranging from mild (Degree 1) to severe (Degree 5).
While the degradation is not strictly linear, the trend is clear:
performance steadily worsens from low to moderate to high
drift levels. As drift severity grows, the retrieved evidence
becomes increasingly misaligned or ambiguous, making it
harder for models to ground their predictions accurately.
These findings highlight the urgent need for drift-aware ver-
ification mechanisms that can remain robust in the face of
evidence drifts induced by GenAI-driven diversity.
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Robustness to Evidence Contamination
Contaminated evidence further degrades model perfor-
mance and can steer predictions in misleading directions.
As discussed in Section , malicious actors can manipulate
retrieval pipelines by injecting fabricated or misleading con-
tent into the evidence set. Table 3 shows that introduc-

Infer Type Data Type Accuracy

GPT-4o-mini DI OT 64.4
Polluted 44.6 (-19.8)

Claude-3.7-Sonnet DI OT 72.4
Polluted 66.7 (-5.7)

Qwen-VL DI OT 63.7
Polluted 37.2 (-26.5)

CMIE DI OT 72.4
Polluted 66.8 (-5.6)

SNIFFER DI OT 73.5
Polluted 70.3 (-3.2)

LEMMA DI OT 68.9
Polluted 41.9 (-27.0)

Table 3: Comparison of LVLM-based multimodal misinfor-
mation detection under malicious evidence contamination,
evaluated on the DI OT setting with controlled news diver-
sity.

ing such adversarial evidence causes a clear performance
drop across all evaluated methods. Detailed results in Ap-
pendix A.6 indicate that real instances are increasingly mis-
classified as fake when contaminated evidence is present.
For fake instances, the misleading evidence often supports
the false narrative, leading models to mistakenly classify
them as real and thus producing the outcome intended by
the adversary.

Notably, Vanilla LVLMs show greater performance fluc-
tuation under contamination, suggesting they are more vul-
nerable to evidence interference in noisy environments. In
comparison, task-specific MMD approaches such as CMIE
and LEMMA maintain more stable F1 scores, due to their
dedicated mechanisms for filtering and interpreting evi-
dence. However, their performance also declines when ex-
posed to adversarial content. This highlights the critical need
for retrieval-aware defenses that can detect and mitigate the
effects of evidence manipulation in LVLM-based misinfor-
mation detection systems.

Model Reasoning Behavior Analysis
Visual-textual consistency influences model misclassifica-
tion tendencies across real and fake instances. We analyze
error attribution across diversified instances, as illustrated in
Figure 6. While final misjudgments often result from both
model misperception and evidence drift, their relative contri-
butions differ between real and fake news. For real instances,
errors are more frequently caused by model-level misper-
ception drift, suggesting that when image-text consistency
remains strong, models tend to rely on this internal align-
ment for prediction. In contrast, for fake instances, errors
are more often attributed to evidence-level drift, indicating
that once image-text alignment is questioned, LVLMs tend
to shift their focus to external evidence for verification.

Vanilla LVLMs and MMD-specific models show distinct
reasoning behaviors under news diversity. As shown in Fig-
ure 3, Vanilla LVLMs are more sensitive to variation in real
instances, while MMD-specific models exhibit greater ro-
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View Photo 
Gallery The 
27 years old 
who has made 
headlines…

Trump pra ises  Cruz ' s 
convention speech as a 
bold move.

Nicky Henderson enjoys 
the  morn ing  a f t e r  i n 
L a m b o u r n  w i t h  h i s 
Cheltenham Gold Cup 
winner Bobs Worth.

R_OI_OT R_DI_OT

F_FI_FT

F_DI_OT

SNIFFER:  The image depicts a crowd at a political event, which aligns well with the text mentioning Trump praising Cruz's 
convention speech. The coexistence relationship analysis gives a score of 8, indicating a strong connection between the image 
and the text, as both pertain to political discourse and public speaking. Additionally, the titles retrieved from images support this 
connection, particularly the title about a big crowd, which received a high score of 8, reinforcing the relevance of the image to 
the political context described in the text. Overall, there is no misinformation between the image and the text.

GPT-4o-mini  R_OI_OT: The text discusses a 27-year-old individual..., which aligns with the image of a person in military 
attire.... The evidence listed also confirm that the image is related to Prince Harry's military service in Afghanistan...., therefore, 
there is no misinformation between the image and the text.

GPT-4o-mini  R_DI_OT: The text discusses a 27-year-old individual ...,  however, the image depicts a military helicopter, 
specifically an Apache, with a soldier operating it. The mismatch arises because the text does not mention helicopters or military 
equipment..., this indicates a disconnect between the image and the text, suggesting misinformation.

Original Evidence:  1. "AES announces Young Breeder...", ..., 5. "Hanoverian licensing 2023...".
Malicious Polluted Evidence:  1. 'Nicky Henderson celebrates a successful victory in the Cheltenham Gold Cup, relishing the 
morning after with his champion horse, Bobs Worth, in the picturesque setting of Lambourn.', 2. "AES announces Young 
Breeder...", ..., 6. "Hanoverian licensing 2023...".
Claude-3.7-Sonnet  Fake_DI_OT (Original Evidence): The image shows a close-up of a horse,...,  the connection between the
image and text appears to be fabricated.
Claude-3.7-Sonnet  Fake_DI_OT (Malicious Contaminated Evidence): The image shows a dark bay/brown horse,...,  The 
first title in the list directly corresponds to the given text about 'Nicky Henderson enjoys...’, ...,  There are no obvious 
contradictions between the image content and the text description.

Multimodal Input Evidence & Output

Figure 5: Reasoning explanations generated by LVLMs under controlled settings (R OI OT, R DI OT), open ended scenarios
(F FI FT), and cases involving malicious evidence contamination (F DI OT).
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Figure 6: Error attribution showing the distribution of error
types across different methods for real and fake instances.

bustness due to their dedicated vision-text alignment mod-
ules. However, for fake instances, MMD-specific models ex-
perience larger performance drops, primarily due to their
reliance on external evidence, which is more vulnerable to
drift. This highlights the dual challenge: LVLMs are percep-
tually fragile, while retrieval-based models are susceptible
to evidence contamination.

Different news diversity types affect explanation qual-
ity and reasoning dynamics in distinct ways. We report ex-
planation evaluation results across five dimensions in Ap-
pendix A.5. Text-based diversification typically yields bet-
ter explanation quality, potentially because LLMs favor
content that resembles their generative style. Open-source
LVLMs show more instability, while reasoning-focused
models maintain consistent explanation quality but still fall
short in accuracy due to lacking specialized modules.

Under diversification, Vanilla LVLMs exhibit weakened
evidence integration yet maintain relatively stable reason-
ing depth, often misusing evidence without full synthesis.

In contrast, task-specific MMD baselines show a correlated
decline in both evidence usage and reasoning depth, reveal-
ing their dependency on structured reasoning components.
These findings underscore the need for more adaptive and
drift-resilient reasoning mechanisms in the face of GenAI-
driven variation.

Case Study
In Figure 5, we demonstrate the impact of different types
of news diversity and malicious evidence contamination
on LVLMs’ ability to detect misinformation. Controlled
news diversity leads to the model’s misperception drift,
while open-ended diversity causes the model to perceive the
image-text pair as well-aligned, resulting in misclassifica-
tion. As for evidence contamination, the model’s judgment
is influenced by malicious evidence, steering predictions in
misleading directions.

Conclusion
We present DRIFTBENCH, the first benchmark explicitly de-
signed to evaluate the vulnerabilities of LVLM-based misin-
formation detection in the face of GenAI-driven news diver-
sity. Our diversified benchmark demonstrates that both con-
trolled and open-ended content variation, along with adver-
sarial evidence contamination, can substantially weaken the
performance of current LVLM-based MMD systems. Be-
yond accuracy degradation, our analysis reveals distinct rea-
soning behaviors and error patterns among different model
classes, reflecting varied reliance on visual-textual coher-
ence and external evidence. These findings emphasize the
need for robust, diversity-aware strategies to ensure reliable
misinformation detection. DRIFTBENCH provides a founda-
tion for advancing trustworthy verification methods in an in-
creasingly complex and manipulated information landscape.
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