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Spatio-Temporal Video Grounding

* Input text query: What does the adult ride in the playground?
* Output spatio-temporal tube:




TubeDETR Architecture Overview
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Video-Text Encoder
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Space-Time Decoder
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Training

* Loss: Combination of spatial localization (£, , gIoU) and temporal
localization (KL, att) objectives

L =Xz, Lr, (b,D) + Ngrov Lgror (D,0) + Ak L LiL(Ts, Te, Ts, Te) + Aatt Lare (A)

)\. : scalar weights of the individual losses

b and b : predicted and ground truth boxes
7A‘Sand Ts: predicted and ground truth start probability distribution
7A'eand Te : predicted and ground truth end probability distribution

A : temporal self-attention matrix

* Initialization: from MDETR weights pretrained on Visual Genome,
COCO and Flickr



Ablations: Space-Time Decoder

] Time encoding matters.

Temporal Video
loU loU
Time Self vioU vloU

Bacoding /Amention: | T BV ‘@03 @gs ™
1. X - 23.9 122 153 6.1 470
4 X Temporal | 25.2 130 169 65 473
3. v - 41.7 213 287 174 465
4. v Temporal | 45.9 243 332 220 477

3 Temporal self-attention helps.

Table 1. Effect of the time encoding and the temporal self-
attention in our space-time decoder on the VidSTG validation set.



Ablations: Weights initialization

Video

loU

|

vioU vioU

@03 @os ™V

Temporal
loU
Pre- Decoder Self-
Training Attention Transfer m.tioll" m.viot]
L X X 128 188
2. v X 438 224
3. / Temporal 459 243

25.1 15.6 385

299 19.1 j MDETR pretraining matters.
332 220 477

Table 2. Effect of the weight initialization for our model on the Trg nsferring spatial self-attention to

VidSTG validation set.

temporal self-attention helps.



Ablations: Video-Text Encoder

* Our encoder is memory-efficient.

e Fast branch matters.

(a) VidSTG (b) HC-STVG2.0

Fast Res. =P [m 110U m vioU vioU@0.3 vIoU@0.5 m sloU| o Fast Res. " [ tloU m_vIoU vIoU@0.3 vIoU@0.5 m.sloU| o™

Stride (GB) Stride (GB)

1.— 224 1 465 252 34.1 23.0 49.1 1.— 224 1 52.8 350 55.3 28.3 639 | 143

2.7/ 224 2 460 25.0 34.3 229 49.0 2./ 224 2 537 358 56.7 29.6 643 | 10.2

. 2485 459 243 33.2 22.0 47.7 3.7 224 5 532 350 54.5 29.0 63.2 | 8.0

4./ 288 2 464 259 35.0 239 50.5 4 - "IRR:2 539 364 58.1 30.7 654 | 139

5.7 320 3 464 259 ¢ L s 237 50.7 5./ 320 3 536 36.2 Y 304 65.2 | 138
6. 4 6. v/ 4

- 4 1 : : 2 . £ 5 4 ¢ s ) : ! 3
8./ 384 5 468 26.0 39.3 24.0 504 |26.1 8.7/ 384 5 536 363 57.5 304 653 | 15.2

Table 3. Comparison of performance-memory trade-off with various temporal strides k, spatial resolutions (Res.), with or without the fast
branch in our video-text encoder, on the VidSTG validation set (left, Table 3a) and the HC-STVG2.0 validation set (right, Table 3b).
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Comparison with state of the art

e State-of-the-art results on: VidSTG and HC-STVG.

e s VidSTG HC-STVGI1
Method eD:ing Declarative Sentences Interrogative Sentences
m_tloU m_vloU vioU@0.3 vioU@0.5\m_tloU m_vloU vioeU@0.3 vIoU@0.5\m_vIoU vioU@0.3 vioU@0.5
1.STGRN [102] Visual Genome 485 198 258 146 | 470 183 211 128 | — — —
S Visual Genome +
2.STGVT [72] Ooseepiind Cootlons — 216 298 189 | — — — — 182 268 95
3. STVGBert [68] ‘m“gé"'“ +VisualGenome +| 940 309 184 | — 225 260 160 | 204 294 113
onceptual Captions
4. TubeDETR (Ours) ImageNet 331 220 297 181 | 423 196 261 149 | 212 316 12.2
5. TubeDETR (Ours) ‘mg°";"i§:b‘is‘é“(')g3“°“‘e 481 304 425 282 | 469 257 357 232 0 324 498 23.5

Table 4. Comparison to the state of the art on the VidSTG test set and the HC-STVGI test set.

10



Qualitative results

* Interactive Demo: http://stvg.paris.inria.fr/

* Query: What is beneath the adult in the snow?

Bl TubeDETR
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