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Data-Parallel, Iterative-Convergent ML Improving Convergence per Data Sample
 Data-parallel ML: distributed workers iteratively refine e Opportunities & Challenges
model parameters until convergence » Making updates visible sooner may improve convergence
» Partition the data among workers per data sample, but the network bandwidth is limited
» Workers share global model parameters » Model updates are of different significance
e Fast convergence comes from  Use all spare bandwidth and use it wisely!
» High # data samples per second » Bandwidth-driven communication and rate limiting
» High per-data-sample convergence rate » Prioritization, i.e. bandwidth scheduling

e Weak consistency (e.g bounded staleness):
» High # samples per second v
» Worst-case convergence guarantee v/
» Lowered per-data-sample convergence rate X

Evaluation

e Bosen’s modes of execution:
 BS-X: Bounded Staleness w/ X clock ticks/data pass (def=1)
e MC-X-Y: BS + Managed Communication with bandwidth

Managed Communication for Parameter Server budget X Mbps and prioritization policy Y; R — Randomized,

RM - Relative Magnitude, RR — Round Robin
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communication efficiency and thus further improves




