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Recent advances in language



Recent advances in vision

Video credit: https://ai.facebook.com/blog/segment-anything-foundation-model-image-segmentation/

Video credit: https://ai.googleblog.com/2023/03/vid2seq-pretrained-visual-language.html

Segment any object Describe the whole video

More detailed scene understanding:
- The first cow is walking and then looking at the camera 
- The second cow is blocked by the first cow
- Are the cows looking happy?



Goal: detect, track, and describe all objects in the video

Applications:

- Detailed video description/ caption
- Video object grounding
- Video question answering
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Our idea: disjoint weakly-supervised training
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Object detection

Video recognition

COCO: 118K

Augmented COCO: 118K
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Challenge #2: model

Dense object captions 
→ Tracked dense object captions in video



Preliminary: dense object caption

Wu et al, GRiT: A Generative Region-to-text Transformer for Object Understanding, arXiv 2022
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End-to-end video object tracking and caption
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End-to-end video object tracking and caption
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Training with disjoint annotation
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Training on video global caption data (weakly-supervised)
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Results



Qualitative evaluation on SMiT

More results

https://imgrid.googleplex.com/?qq=/cns/me-d/home/zhouxy/DenseVOC-qualitative/SMiT/


Fine-tuning/ evaluation dataset - VidSTG

VidSTG example annotation

- Originally designed for spatial-temporal 
video object grounding.

- 5K training videos, 600 validation videos.
- We re-purpose the annotation for 

dense-video object caption.



Fine-tuning/ evaluation dataset - Video localized narrative

VLN example annotation

- Originally designed for spatial video 
object grounding.

- 5K/ 2K training/ validation videos.
- We re-purpose the annotation for 

dense-video object caption.



Disjoint multi-dataset training enables zero-shot application



+5.2

Disjoint multi-dataset pre-training helps fine-tuning



Importance of the tracking module

Per-frame caption
Caption Switch: 38.1%
Caption Accuracy: 37.1

Trajectory caption
Caption Switch: 17.5%
Caption Accuracy: 38.0



Application to video grounding
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Grounding results



Takeaway

- We propose a new task of dense video object captioning.
- We can train this task on large datasets with incomplete disjoint annotations.
- We propose an end-to-end tracking-and-caption framework that produces 

consistent captions.
- Our model can directly apply to video grounding tasks with state-of-the-art 

performance.


