
Omni-Captioner: Data Pipeline, Models, and Benchmark 
for Omni Detailed Perception

The Challenge: "Co-growth" Dilemma
• The Problem: Current Omni Language 

Models (OLMs) face an inherent trade-
off. As descriptions grow longer to 
capture fine-grained details, the 
amount of hallucinated content also 
rises significantly.

• Observation: Short captions are "safe 
but incomplete," while long captions 
risk injecting ungrounded content.

• Concept: An agentic data generation pipeline that acts like a human detective.
• How it works: 

* Detective Agent: Orchestrates the process via multi-turn Query-
Observation cycles.

* Tool Box: Invokes specialized tools like OCR, ASR, and MLLMs to gather 
grounded evidence.

* Independent Observers: Analyze raw audio-visual streams to provide 
precise, cross-checked facts.
• Benefit: Decouples detail gain from hallucination growth, yielding high-quality, 

minimally noisy training data.
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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)

GitHub Qwen3-Omni-Captioner Omni-Cloze

Audio/Omni-Captioner (Models)
• Architecture: Based on Qwen2.5-Omni-7B backbone.
• Two-Stage Curriculum Training:

• Stage 1 (Audio Perception): Freeze visual encoder to force alignment with sparse but critical audio cues 
(Audio-Captioner).

• Stage 2 (Audio-Visual): Jointly optimize both modalities to produce coherent, cross-modal narratives 
(Omni-Captioner).

• Impact: Omni-Captioner captions reach an average of 1,125 words per short video, reflecting extreme detail.

Omni-Cloze (Benchmark)
• The Innovation: The first cloze-style (fill-in-the-blank) evaluation for detailed 

perception.
• Key Features:

• Covers Audio-only, Visual-only, and Audio-Visual scenarios.
• Efficiency: Reduces LLM calls (1 call per caption vs. 38 for previous benchmarks 

like VDC).
• Reliability: Includes a "Not Given" option to explicitly distinguish between 

omission and hallucination.
• Scale: 2k video clips with 70k fine-grained cloze blanks across 9 domains.


