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The existing GRL methods have mainly addressed static networks. : vect(v) ~ A(0,A25) and ¥ := diag(op © oy @ op)
However, many real networks evolve through time with newly arriving nodes t=350 t=400 t=450 _
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Influence of the hyper-parameters
« We propose a novel counting process called Sequential Survival —
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Influence of the hyper-parameters for the network reconstruction task over Synthetic-a




