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A: He is sitting in a chair.
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Attribute Identification

Q: What color are the lights on the umbrella?

- ————— -

We provide the multiple-domain and single-domain generalization results on multiple-chocie QA,
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To construct VUDG, we introduce a progressive multi-expert annotation framework. A key feature of R LT rainy
our framework is ensuring semantic consistency across all 11 domains by pre-defining a shared space of O : ?:g”;j
daily human activities. The framework employs a cascade of distinct large models for automated QA

generation and verification, mitigating self-reinforcement bias and streamlines the final human review \_
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Our VUDG comprises 6,337 video clips (31,685 QA pairs) for the training set and 1,532 video clips
(4,703 QA pairs) for the testing set.

(a) CLIP frame features (b) Question embeddings (c) GT answer embeddings

testing set (right). _ )

The following displays the distributions of videos across domains for the training set (left) and the process to ensure data quality.
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Table 6: Multiple-choice zero-shot test results on VUDG. Performance across 11 domains. content across 11 diverse domains for rigorous fair cross-domain evaluation, built with a progressive
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The following displays the duration distribution for the training set (left) and the testing set (right). GPT-40 (16 frames) 646 640 686 732 676|665 608 688 654 613 620 610 598 610 646 DG evaluation.
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