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Bring Orders into Uncertainty: Enabling Efficient
Uncertain Graph Processing via Novel Path Sampling
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Graphs Are Ubiquitous & Solutions of Complex Uncertain Graph Processing:

Uncertainty Becomes intrinsic to Applications A) Exact Solution

Traffic Network Exact Solutions via Enumerating All Possible Worlds
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Scalable Multi-GPU
BPGraph Implementation

Path-Sampling Centric GPU-Accelerated Path

Programming APlIs ldentification & Sampling
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