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Task- 1 Video Scene Graph Generation
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Video Scene Graph Generation (VidSGG) entails the identification of
localized fine-grained relationships between the objects observed in the video, such as
(Person, looking at, Paper Notebook and Person, not looking at, Paper NotebooK in respective frames



Task- 2 Scene Graph Anticipation

Scene Graph Anticipation aims to anticipate the evolution of relationships
(Person, looking_at, Floor) and Person, not_contacting , Cup)
to (Person, touching , Cup), and eventually, Person, drinking_from , Cup)



Datasets

Data Distribution
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1. Dataset; Action Genome

2. Videos: Charades
3. Objects: 35 classes

4. Relationships: 25 classes
1. Attention Relationships
2. Spatial Relationships
3. Contacting Relationships



Metrics VIdSGG and SGA

Recall @ K Mean Recall @ K
Thefraction of ground truth Computed byfirst calculating the recall for each
relationships that are correctly relationship category individually and then

predicted among thetop K predictions . averagingthese recalls overall the categories




Related Work: Overview
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Related Work: Overview

Digression
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Related Work: Overview Digression
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Recall
Dataset Model % Data @1 @10 @20 @50 @100
TEMPURA
_ OED
Video Scene Video-LLaVA 0.013 0.017 0017 0.018 0.0178
Graph Action  LLaVA-OV Zero-Shot  0.040  0.066 0.067 0.067  0.067
P _ Genome InternVL2 0.049 0.094 0.100 0.111  0.112
Generation Video-LLaVA 0.045 0.153 0.158 0.158  0.158
LLaVA-OV 5% 0.123 0260 0261 0261 0.6l
InternVL2 0.140 0274 0295 0295 0295

LLaVA-OV

InternVL2




Video Scene Graph Generation
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Problem- 1 : Biased Predictions

VIdSGG and SGA

(a) Long-tailed
distribution of Action Genome

Head Class

Tail Class

Incorrect prediction

V Correct Prediction
Conventional Prediction
Incorrect tail class prediction scores
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Unbiased Prediction
Correct tail class prediction scores

(b) Tasks

Observed Frames
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Solutions: In literature

Unbiased VidSGG and SGA
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Problem- 2 : Distribution Shifts Video Scene Graph Generation

shot_noise '{:1.- impulse_noise B gaussian_blur defocus_blur

spatter 4 - ’ contrast ; brightness‘ ' pixelate | jpeg-compression sun_glare saturate



Solutions: In literature Robust VidSGG and SGA




Proposed Solution Unbiased and Robust VidSGG and SGA
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Video Scene Graph Generation

Architectures for Tasks
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Architectures for TasksLoss Function Video Scene Graph Generation
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Architectures for Tasks

Scene Graph Anticipation
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Architectures for TasksLoss Function Scene Graph Anticipation
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Proposed Solution: Masked Training
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(b) Conventional
Training
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(c) Proposed

Masked Training
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Proposed Solution: Masked Loss
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Proposed Solution: Mask Generation
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Proposed Solution: In Model Video Scene Graph Generation




