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Project Goal:
* Infer topology of a dynamic graph when network links are only partially known/observed
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Model * Estimated trajectory closely matches inferred trajectory,
* Define a dynamic graph G; = |V, E;| with fixed node-set V = allowing the message (approximately) be decoded
t1, ..,/ and dynamic edge set £, Inferred graph (select timesteps):
*  We consider a probability model where the graph's =T = = =T =

configuration at time t depends only on the previous time-

step: G
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* And may depend on some global covariates x; or node

specific covariates z, = [z, ..., 2 ] /ﬁ

* The observables’ (emissions) probabilities P (E (O)t‘ G¢) are — _ - - S— -
defined conditionally on the graph's configuration at time t o — : 1

* Use a dynamic programming approach (modified Viterbi G
algorithm) to produce best-guess estimates G and uncertainty ] ]

in the form of trajectory probabilities P(Gy, ..., GT)

Inferred graph (all tlmesteps)
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