Motivation

The Architecture of Our Proposed RS2G:
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« RS2G focuses on subject risk assessment.
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Algorithm 1: Data-Driven Scene-Graph Extraction .

1 Input: Objects O, and their attributes D, at time .

2 Output: Scene-graph G; at time ¢.
3 def V¥ (O, D;): o

RS2G starts with a set of objects and their attributes extracted by a pre-
trained CNN-based model
We then utilize our data-driven scene-graph extraction to generate a set of
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graphs are constrained by specific domains.
* Our data-driven scene-graph extraction represents diverse relations between nodes

with vectors, which better captures latent features and can be more dynamic and

domain-adaptive.
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