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A benchmark is needed to evaluate the perception and 

comprehension capabilities of AV-LLMs regarding hallucinations



Audio-visual Hallucination Benchmark

• Propose Audio-Visual Hallucination Benchmark (AVHBench)

• Tasks in the benchmark (J: judgment / D: description)

• [J] Audio-driven video hallucination

• [J] Video-driven audio hallucination

• [J] Audio-visual matching

• [D] Audio-visual captioning
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Semi-automatic dataset construction pipeline
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Semi-automatic dataset construction pipeline
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Overall dataset statistics

• Judgment tasks

• Total 2,136 videos with 5,816 QnA pairs

• Equally distributed yes/no answers

• Description task

• Total 1,238 videos with corresponding captions
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Q1. Are AV-LLMs robust against cross-modal hallucinations?

→ No, they are vulnerable to cross-modal hallucinations 

Results and analysis
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: (b) Uni-modal Inputs

Q2. Are multi-modal inputs really helpful?
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Q2. Are multi-modal inputs really helpful?

→ No, multi-modal signals tend to confuse the models’ perception 
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Q3. What could be the potential reason behind these hallucinations?
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Q3. What could be the potential reason behind these hallucinations?

→ The LLM’s limited capacity to handle complex multi-modal signals 



Q4. Can AV-LLMs be improved against cross-modal hallucinations?

→ Yes, by (1) enhancing the feature alignment, and (2) fine-tuning with LoRA

Results and analysis
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Enhancing robustness against cross-modal hallucinations

Generalization performance on other audio-visual reasoning dataset



Qualitative results of AV-LLMs on AVHBench
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Quiz Show

AVHModel-Align-FT (ours) PandaGPT Video-LLaMA ChatBridge
Green: correct answer
Red: Incorrect answer

Baby Crying



Which modalities do AV-LLMs attend to 
answer?
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Input Video & Audio

Q. Is the bottle making sound in the audio?

Audio-driven Video Hallucination

Video-driven Audio Hallucination

Q. Is the mechanical device visible in the video?

• Higher attention on audio modality

• Lower attention on audio modality

→ Ours leverages the audio information

→ Possibly driven by the audio feature alignment

• We visualize the attention maps of the LLM layers in the AV-LLMs

• Lower attention on audio modality

• Higher attention on audio modality

→ Ours does not confused by the audio

→ Video-LLaMA is vulnerable to imaginary sound



Conclusion

• Introducing AVHBench, a cross-modal hallucination benchmark for evaluating 

recent AV-LLMs
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Conclusion

• Introducing AVHBench, a cross-modal hallucination benchmark for evaluating 

recent AV-LLMs

• Analyzing the phenomena of AV-LLMs using AVHBench

• Susceptibility to cross-modal hallucinations when provided with multi-modal inputs

• Tendency to perform better with uni-modal or text-only inputs compared to multi-modal

• Enhancing feature alignment and the capacity to handle multi-modal signal 

could improve AV-LLMs’ robustness against hallucinations
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