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Task: Video Temporal Grounding
• Localize video segments from text queries
• Inputs: Video + Sentence query
• Outputs: Target video clip (start and end timestamps)

The Bottleneck: Poor Performance on open-world "Rare Concepts"
• Limitations of Existing Datasets: Small scale and limited semantic diversity
• Methodological Gaps: MLLMs excel at understanding but struggle with 

precise grounding

1 Introduction

Ours Contributions
• OmniVTG Dataset: over 2,000 hours of video and rich semantic diversity
• Self-Correction CoT: first make a coarse prediction of the target timestamps, 

then zoom in and refine it using its video understanding capabilities

Iterative Semantic Expansion Strategy
• How to automate high-quality timestamp annotations?

• Insight: MLLMs excel at Dense Captioning but are weak at Temporal Grounding
• Strategy: Convert Temporal Grounding into Dense Captioning

• How to ensure high semantic coverage for long-tail vocabulary?
• Targeted video collection: Analyze vocabulary gaps in existing datasets and specifically 

crawled videos for those missing rare concepts
• Instructed MLLMs to generate dense captions with timestamps using those rare concepts

2 OmniVTG Dataset

Self-Correction CoT
• Insight: MLLMs excel at understanding but struggle with precise grounding
• The "Predict-Correct" Paradigm

• Predict: Generate initial, coarse temporal boundaries
• Correct: Reflect on the initial predictions and correct them using its understanding ability

• Three Stage Training
• Multi-Task SFT: Build foundational capability
• CoT Tuning: Teach the “predict-correct” reasoning: make a coarse prediction, then zoom in 

and refine it
• RL: Shift from mimicking fixed-pattern CoT to self-exploring more robust reasoning paths

3 Method

4 Experiments

Comparison with SOTA
• Zero-Shot SOTA: Leading zero-shot performance across Charades-STA, 

ActivityNet, QVHighlights, and TVGBench.

• Rare Concept Robustness: Maintains stable accuracy on long-tail queries

Ablation Studies
• CoT and RL is important for Rare 

Concepts and OOD perfermance
• Performance scales as data increases

Qualitative Results
• Successfuly correct initial mistakes
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