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A Cognitive-Driven Multimodal Fact-Checking Method for
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Abstract In contemporary society, social media has greatly enhanced the efficiency of
information dissemination, but it has also become a breeding ground for the rapid spread of
misinformation. The proliferation of misinformation not only undermines the credibility of the

media and infringes upon the public’s right to know, but also leads to disordered public opinion
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and crises of social trust, posing a serious threat to the healthy development of the online
information ecosystem. Today, misinformation is becoming increasingly sophisticated in its
creation, evolving from simple textual content to multimodal forms that combine both text and
images, significantly enhancing its concealment and deceptiveness. Unlike unimodal fabrication,
multimodal misinformation increasingly relies on semantic manipulation—such as pairing
authentic, unaltered images with conflicting or fabricated captions—to construct a false sense of
authenticity that is cognitively difficult to reject. For instance, the strategic use of context-
displaced imagery capitalizes on the inherent persuasiveness and perceived objectivity of visual
media, creating a “seeing is believing” trap that is harder to debunk. This cognitive bias
effectively lowers the psychological threshold for believing falsehoods, making users less likely to
critically verify information when it is accompanied by multimodal proof. This evolution also
presents a severe challenge to misinformation detection technologies. New detection methods
must not only bridge the semantic gaps between modalities but also dynamically verify facts using
co-occurring information from diverse sources. Although existing multimodal fact-checking
methods can automate the labor-intensive and reasoning-intensive process of evidence retrieval
and comparison, they face three fundamental limitations in practice: (1) In the face of inherently
unreliable web evidence, current methods lack effective mechanisms for quality perception and
filtering, making them vulnerable to interference from inconsistent or low-quality evidence; (2) At the
analysis level, these methods fail to incorporate human-like cognitive logic, resulting in inadequate
multi-perspective reasoning and comparison capabilities; (3) By ignoring the internal correlations
among multiple verification clues, they suffer from a lack of explainability in the decision-making
process, thereby undermining the overall reliability of fact-checking results. These limitations
together contribute to the performance bottlenecks of current approaches when dealing with complex
multimodal web evidence. To address these challenges, we propose a novel human-cognitive-driven
multimodal fact-checking framework for unreliable web evidence. At its core, the framework
simulates the human cognitive process through a three-stage reasoning paradigm: Attend, Compare,
and Determine (ACD). In the attend stage, we design a dual-channel attention module—comprising
relevance attention and validity attention—to enable multidimensional quality perception and
intelligent evidence screening based on both relevance and reliability. In the compare stage, we
employ a global-local collaborative strategy to perform fine-grained feature analysis and matching
between the query and the retrieved evidence across modalities. In the determine stage, we introduce
an innovative self-weighted multi-classifier ensemble, which dynamically integrates signals from
multiple verification branches to mitigate decision ambiguity and enhance the robustness of the final
judgment. Extensive experiments on multiple benchmark datasets demonstrate that our method
achieves significant performance improvements over state-of-the-art baselines (with over 1.5%
performance gain), and exhibits superior robustness and adaptability, particularly when handling noisy
or complex multimodal evidence.

Keywords multi-modal fact-checking; misinformation detection; rumor detection; multi-modal

understanding; attention mechanism
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ways that evade traditional detection approaches. Recent
advances in multimodal fact-checking have made progress by
examining cross-modal consistency and leveraging external
evidence, yet significant limitations remain in handling noisy web-

sourced data and performing human-like reasoning. Current
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systems struggle with three fundamental issues: they lack
effective mechanisms to filter irrelevant or low-quality evidence,
fail to perform hierarchical verification that considers both broad
context and fine details, and provide insufficient transparency in
their decision-making processes. These shortcomings become
particularly apparent when dealing with advanced misinformation
tactics that skillfully combine authentic elements from different
sources to create deceptive narratives. The absence of cognitive-
inspired verification frameworks in existing methods leaves them
vulnerable to manipulation by increasingly sophisticated fake
content.

Our work addresses these challenges by developing a novel
cognitive-driven framework that mimics human fact-checking
(ACD)

mechanism. The system first intelligently filters evidence through

processes through an “Attend-Compare-Determine”

dual attention channels that assess both relevance and validity,
then performs comprehensive verification at multiple levels of

granularity, and finally integrates these signals through an

adaptive weighting mechanism that enhances both accuracy and

explainability.  Experimental results demonstrate significant

improvements over state-of-the-art methods, particularly in
handling noisy data and complex multimodal deception scenarios.
By bridging cognitive science principles with advanced machine
learning techniques, this research provides a more robust and
interpretable approach to combating modern misinformation while
advancing the theoretical foundations of automated fact-checking
systems. The framework’s ability to combine evidence quality
assessment with hierarchical verification and transparent decision-
making represents an important step forward in developing
reliable tools for maintaining information integrity in the digital
age.
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