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 Existing video hallucination benchmarks mainly evaluate isolated error types.
 However, real-world video understanding often requires jointly reasoning over

object, action, relation, temporal order, and camera motion.
 We study compositional hallucinations, where multiple visual evidence types are

simultaneously required and removing any one of them makes the answer
unsupported or wrong.
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⚫ OmniVCHall: A Comprehensive Benchmark for Single and Compositional Video Hallucinations

Distractors amplify
compositional 

failures.

Multiple evidence types
break simple 
verification.
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 OmniVCHall contains 823 videos and 9,027 QA pairs, covering both real-world and AI-generated videos.
 OmniVCHall defines eight fine-grained hallucination types: object, scene, event, action, relation,

attribute, temporal, and camera.
 OmniVCHall introduces adversarial answer options such as “All are correct” and “None of the above” to

reduce shortcut reasoning.
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⚫ TriCD: Triple-Pathway Contrastive Decoding
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 We evaluate 39 representative VLLMs.
 Even strong models show a clear gap to

human performance: the best AI model
reaches 0.77 average accuracy, while
humans achieve 0.95.

 TriCD consistently improves different
VLLM backbones.
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Feel free to contact us!
Discussions, and collaborations 

are warmly welcome.


