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◼ A spatiotemporal decoupling framework 

for efficient temporal understanding of 

long videos.

◼ By separating temporal perception from 

spatial perception, it effectively alleviates 

the computational overhead and 

information redundancy in long-video 

modeling.

◼ A temporal perception module is used to 

extract global temporal attention scores, 

which guide the selection of spatially 

critical information and improve the 

efficiency of spatial modeling.

◼ An ST-Router is introduced to enable the 

dynamic fusion of temporal and spatial 

information. 
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◼ TempGCap-559K: An efficient and scalable timestamp-guided captioning dataset.

◼ A training paradigm for temporal understanding in long videos, enabling models to learn precise 

temporal reasoning and cross-modal alignment.

◼ Efficient construction pipeline:

1️⃣ Data reuse and efficient re-annotation: Reuse existing temporally annotated datasets with efficient relabeling.

2️⃣ Context restoration and boundary refinement: Recover the original uncropped video context and refine temporal boundaries.

3️⃣ Automatic pseudo-long-video synthesis: Concatenate multiple short video clips into long sequences automatically.
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◼ Divid-1.5B outperforms most 7B models.

◼ Divid-7B surpasses Qwen2.5-VL-72B.

◼ Achieves state-of-the-art performance on 

temporal localization video question answering.
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◼ Reduces computational cost by over 60% while maintaining performance.

◼ Surpasses Momentor-1M with only 559K samples, demonstrating high data efficiency.
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