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placement policies that can adapt to dynamic device networks. a = (Vo,da) # of samples/# of tasks in the graph
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Efficiency: GiPH finds better placement within fewer steps

P tin Het C £ State Space: the set of all feasible placement Adaptivity: As the device network changes, GiPH maintains stable
dacement in feterogeneous vomputin '
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* GIPH vs. RNN-Placer from HDP [1]. GiPH adapts to new device
clusters, while the RNN-placer needs to be retrained

* GIPH vs. Placeto [2]. GiPH identifies critical tasks and adjust their
placements more frequently during the search, while Placeto updates

* a,; = (v;, d;): place v; on d;
Reward: the performance improvement r, = p(s;111G,N) — p(s|G, N)

Learning Framework

each task placement equally for exactly once
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 Makespan: the time duration from the start of the first task’s execution to Dy ={dy,d;}  D; = {dy d3) # of samples/# of tasks in the graph SLR
the end of the last task’s execution (i.e., completion time)
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