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MPI_Allreduce
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DISTRIBUTED DATA PARALLEL API

# setup model and optimizer zbﬂi G (Jwiﬁc

net =
net =
opt =

# run
inp =
exp =
out =

# run

nn.Linear (10, 10) //Mlmw(

par .DistributedDataParallel (net)
optim.SGD(net.parameters(), 1lr=0.01)

forward pass _ e
torch.randn (20, 10) — o~

torch.randn (20, 10) ;Aawﬁhg
Fools o (W

net (inp)

backward pass o VLk%«

nn.MSELoss () (out, exp).backward ()

# update parameters
opt.step ()



GRADIENT BUCKETING

Why do we need gradient bucketing?
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GRADIENT ACCUMULATION
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Figure 6: Per Iteration Latency Breakdown



SUMMARY

Pytorch: Framework for deep learning
DistributedDataParallel API
Gradient bucketing, AllReduce

Overlap computation and communication



DISCUSSION

https://forms.gle/6xhVBNBhdzs|6gBE6
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What could be some challenges in implementing similar
optimizations for AlIReduce in Apache Spark?
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