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DEEP LEARNING
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STOCHASTIC GRADIENT DESCENTH fonsi by

%{)04:1)1 wFTD — w(k) B Ozsz(w(k)) e
. / . a
Initialize w DN AW”“/“ ~ &

For many iterations: / y
Loss = Forward passje—% /F Cw }owf&) how o Y

Gradient = backward /{;,ow» MJ”

Updatem’oN WWMKC |
=nd b fevetoken




“.s/ ", DATA PARALLEL MODEL TRAINING—

W) pp ok fF’"wvwol past Lot 7[;4 13 noxk reabon Aa,,«L

Aa gandle roed Waﬂﬂ“




COLLECTIVE COMMUNICATION
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Broadcast, Scatter Gather, Reduce ¢
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From https://mpitutorial.com/tutorials/



MPI_Allreduce vecter (M, Z)

@51@%3@}&@42 O\\] /Z/BWL&L&
MPI_SUM - ® .
7\ N
@;814@18‘1?@18151@1814 ,\7,




9
10
11
12
13
14
15
16
17
18
19
20
21
22
23

DISTRIBUTED DATA PARALLEL API

# setup model and optimizer

net =
net =
opt =

# run
inp =
exp =
out =

# run

nn.Linear (10, 10)
par .DistributedDataParallel (net)
optim.SGD(net.parameters (), 1lr=0.01)

forward pass
torch.randn (20, 10)
torch.randn (20, 10)

net (inp)

backward pass

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

# update parameters
opt.step ()



GRADIENT BUCKETING

Why do we need gradient bucketing?

1 T
okt [ e | =2 L B
\_/\/ "é =
W’Y‘M (_AMMD) ;5_
aJU-'YU‘MQ/ CL\»M&) u[j:]
— Anadl Ltk th""’MMLj W 10 T

Number of Parameters per AllReduce




GRADIENT BUCKETING + ALL REDUCE
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GRADIENT ACCUMULATION
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ddp = DistributedDataParallel (net) e
with ddp.no_sync():
for inp, exp in zip(inputs, expected_outputs):
# no synchronization, accumulate grads w@wwfj’
loss_fn(ddp(inp), exp).backward()
# synchronize grads &ﬂdﬁywaZ
loss_fn(ddp(another_inp), another_exp) .backward()
opt.step ()



IMPLEMENTATION

Bucket _cap _mb ., s
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SUMMARY

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

Overlap computation and communication



DISCUSSION

https://forms.gle/LcQFrbfcUQ2cBx6dA



Per Iteration Latency (Sec)
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What could be some challenges in implementing similar
optimizations for AlIReduce in Apache Spark?
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TENSORFLOW (2016)

pool_2 train
: objective
Worker conv_2 train
Init
. /job:worker/task:0
RegisterGraph() i
Irn_1 7 train
Client Master
poo|_1 train
RedisterGranh Worker
egisterGraph() objective
/job:ps/task:0 COHV_1 “:n
ini
b

unflatten ) train

dataset_inputs objective



NEXT STEPS

Next class: PipeDream

Assignment 2 is out!



BREAKDOWN
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Figure 6: Per Iteration Latency Breakdown



