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Multi-modal Rumor Detection in Social Networks:
Recent Advances and Future Trends
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Abstract: With characteristics of instantaneity, openness, and widespread dissemination, social networks facilitate in-
formation exchange but have simultaneously become a hotbed for the proliferation of rumors. Integrating heterogeneous in-
formation forms such as text and images, multimodal rumors exhibit greater deceptiveness and provocativeness, thereby sig-
nificantly complicating network governance. Consequently, achieving efficient and accurate multimodal rumor detection
has emerged as a critical mission for maintaining a clean cyberspace and ensuring public safety. In recent years, the research
community has proposed diverse detection methodologies tailored to the data characteristics of multimodal rumors, leading
to an increasingly diversified technical landscape. To systematically review current research, this paper constructs a multi-
modal rumor detection taxonomy from the perspective of information composition and sources, encompassing four dimen-
sions: content, external knowledge, social context, and external environment. Unlike existing reviews with a singular empha-
sis on the content dimension, this paper, through its four-dimensional analytical framework, reveals a profound paradigm
shift in rumor detection from localized static content verification to an integrated approach that incorporates dynamic social
evolution and external environmental cross-validation. Within this framework, it analyzes the core mechanisms, evolution-
ary trajectories, and representative models of four methodological categories: visual-textual interaction, external knowledge
enhancement, social context information, and external environment perception, summarizing their technical advantages and
limitations. Additionally, this paper summarizes commonly used datasets and evaluation metrics, and comparatively analyz-
es the performance disparities of various models from the three dimensions of longitudinal technical evolution trajectories,

cross-category statistical trends, and model performance under specific detection scenarios. Finally, this paper discusses five
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critical challenges: bottlenecks in modality heterogeneity and feature alignment, risks of external knowledge dependence

and large language model (LLM) hallucinations, complexities of dynamic social and environmental modeling, cross-domain

biases, and the authentication of highly realistic artificial intelligence generated content (AIGC) rumors. Furthermore, it out-

lines future research directions.
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text; external environment perception
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Figure 2 Classification framework of multimodal rumor detection methods
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Figure 3 Composition diagram of misinformation classification
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Figure 6  Paradigm diagram of multimodal rumor detection method based on external knowledge enhancement
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Figure 7 Rumor detection framework with LLM as a knowledge reasoning engine and inference engine
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Table 1 Comparison of mainstream reasoning paradigms of LLM in rumor detection
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Figure 8 Paradigm diagram of multimodal rumor detection method based on social context information
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Figure 9  General framework of rumor detection based on sequence modeling and dynamic graph learning
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Table 2 Comprehensive comparison of multimodal rumor detection methods
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Table 3 Overview of public datasets for rumor detection
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Table 4 Overview of common evaluation metrics for multimodal rumor detection
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Table 5 Representative methods and performance comparison for multimodal rumor detection
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