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Recent advances in language
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1'm Bard, your creative and helpful collaborator. | have limitations and
won’t always get it right, but your feedback will help me improve.

Not sure where to start? You can try:

| want to write a novel. How can | get started?

Debug this error message: “FileNotFoundError: [Errno 2] No such file or
directory: ‘data.csv""

Help me finish my art studio tagline: craft, create,

Enter a prompt here
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Examples

"Explain quantum computing in
simple terms”

"Got any creative ideas for a 10
year old's birthday?"

"How do | make an HTTP request
in Javascript?”

ChatGPT
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Capabilities

Remembers what user said
earlier in the conversation

Allows user to provide follow-up
corrections

Trained to decline inappropriate
requests

A

Limitations

May occasionally generate
incorrect information

May occasionally produce
harmful instructions or biased
content

Limited knowledge of world and
events after 2021




Recent advances in vision

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?

Segment any object Describe the whole video

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



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

Applications:

?o bo§eboll player weoring ‘ white‘»shirt : . : = Detalled Vldeo descr|pt|0n/ Capt|0n

F 4 a baseball player in a red and white unifor

- Video object grounding
- Video question answering




Challenge #1: training data: Tracked captions
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Challenge #1: training data: Tracked captions
COCO: 118K
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Challenge #1: training data: Tracked

Visual Genome: 80K

WebLlI: 1B
COCO Caption: 118K
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Our idea: disjoint weakly-supervised training

COCO: 118K

Visual Genome: 80K

WebLlI: 1B
COCO Caption: 118K
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Augmented COCO: 118K

o) Kinetics: 200K

Spoken Moment in time: 480K
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Challenge #2: model

Dense object captions
— Tracked dense object captions in video



Preliminary: dense object caption

7x7 grid features
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Wau et al, GRIT: A Generative Region-to-text Transformer for Object Understanding, arXiv 2022



End-to-end video object tracking and caption




End-to-end video object tracking and caption
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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
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https://imgrid.googleplex.com/?qq=/cns/me-d/home/zhouxy/DenseVOC-qualitative/SMiT/

Fine-tuning/ evaluation dataset - VidSTG

Originally designed for spatial-temporal
video object grounding.
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We re-purpose the annotation for
dense-video object caption.

VidSTG example annotation



Fine-tuning/ evaluation dataset - Video localized narrative

Originally designed for spatial video
object grounding.

5K/ 2K training/ validation videos.
We re-purpose the annotation for
dense-video object caption.

VLN example annotation



Disjoint multi-dataset training enables zero-shot application

; .~ Aug- VidSTG VLN
COCO VG SMIT COCO CHOTA DetA AssA CapA APy, CHOTA DetA AssA CapA APy,
v - 50.5 - - - - 279 - - -
e - 189 - 94 18.7 - 122 - 12 101
V4 - - - - - i - - - -
/ - 20.8 - 10.2 19.2 - 14.1 - 9.1 122
v v - 41.5 - 94 38.3 - 26.7 - 1.0 194
A v - 51.7 - 40 352 - 28.7 - 64 159
] v / - 45.1 - 9.8 39.0 - 244 - 8.2 19.9
v v / ve 28.0 28.2 94

459 48.0 10.0

39.8

28.6 834

21.3




Disjoint multi-dataset pre-training helps fine-tuning

— Aug- VidSTG VLN
# COCO VG SMIT 0550 CHOTA DetA AssA CapA APy,  CHOTA DetA AssA CapA APy
» 493 612 548 358 64.1 295 354 825 88 35.1
v 516 656 569 368 69.3 314 439 862 82 363
z / 523 646 584 380 68.7 398 451 842 166 459
- / 469 603 400 33.0 593 36.1 412 789 145 380
; S/ 527 644 581 391 700 402 442 834 17.6 472
F 543 66.6 61.0 39.6 712 404 441 866 172 46.1
¥ v / 519 652 577 370 69.6 353 437 861 11.6 413
g 7 7 545 661 602 407 712 40.8 442 87.0 17.6 48.2
8 v /LS 543 661 598 40.5 712 408 443 869 17.6 48.2




Importance of the tracking module
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Per-frame caption Trajectory caption
Caption Switch: 38.1% Caption Switch: 17.5%
Caption Accuracy: 37.1 Caption Accuracy: 38.0



Application to video grounding

Query: q = “A child holds a toy on the grass”




Application to video grounding

Query: q = “A child holds a toy on the grass”

likelihood( [ , 9) = 0.9 likelihood( B, 9) = 0.5

likelihood( ,q)=0.4 likelihood( ||, q) = 0.1



Application to video grounding

Query: q = “A child holds a toy on the grass”

likelihood( [ , 9) = 0.9 likelihood( B, 9) = 0.5

likelihood( =, q)=0.4 likelihood( ||, g)=0.1



Grounding results

Recall Precision Both
ReferFormer [55, 61] 66.7 53.9 48.3
GRiT [60] 77.4 68.5 62.1
Ours 86.7 68.4 65.1

Finetuned Zero-shot

STVGBert [52] 47.3 -
TubeDETR [66] 59.0 -
STCAT [29] 61.7 -

VLN spatial-grounding

Ours 61.9 54.1

VidSTG spatial-grounding



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.



