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We present Omni-Detective (Agentic Data Pipeline), Omni-Captioner (Model), and Omni-Cloze (Benchmark) for advancing omni detailed perception.
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Omni-Detective (Agentic Data Pipeline)

Table 3: Results on existing benchmarks using a caption-to-QA cascade evaluation among strong
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Table 1: Comparison of VDC and our proposed Omni-Cloze benchmark for detailed captioning.
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Figure 3: Omni-Detective. An agentic data generation and cleaning pipeline integrating specialist o
tools for omni detailed perception.
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