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Motivation Methodology Experiments | or AVS results
Tab). Comparison with SOTA methods on the Ref-AVS dataset. Methods built upon SAM are hlghhghted in mauve, those based
H’”W@ VGGishﬁ») on SAM2 in yellow, while the remaining methods rely on task-specific architectures, Best results are marked in red.
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4+ Audio prompt in SAM2 suffers from dilution “mask_ &

Visualisation

Fig). Qualitative visualisations on the Ref-AVS dataset. Each column represents frames sampled from video clips, with the audio

I. Cross-modal signals weaken across network propagation.

I1, Visual features dominate sparse audio embeddings.

Ablation Studies

4+ SAM-based AVS methods remain inefficient bar). Each Modalities = Tab). Ablation Studies on AVSBench and Ref-AVS, The first row uses only visual inputs, waveform overlaid in .the speech bubble. Groundtruth and predictions from different methods are presented in separate rows.
I, Adapter-based fusion requires repeated inference matter in Ref-AVS. while the remaining rows incorporate audio and optional language modalities.
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* Open to research opportunities in MLLM grounding, reasoning and Wﬁ' §Q WD)?Q: attention intensity for audio prompt dilution. (a). ' The object making a sound by being played by (b). ' The dog sitting on the blue carpet.’
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