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Why Distributed Training
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Overview of Distributed Training Frameworks
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Patterns of Parallelism in Deep Learning
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Hardware Interconnects

Server Block Diagram
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Hardware Interconnects
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Collective Communication
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Reduced-Scatter
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All-Gather
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All-to-All
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Pytorch DDP
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Pytorch DDP
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Lunch Single—node Multi-GPU training

# Step 1: Setup distributed environment
, i init_process_group(backend= , rank=rank, world_size=4)
Machine with
# Step 2: Create model and move it to this GPU
model = ResNet18().to(rank)
model = DDP(model, device_ids=[rank])

Process

Process

Process # Step 3: Prepare data for this GPU
sampler = DistributedSampler(dataset, num_replicas=4, rank=rank)

Process loader = DatalLoader(dataset, sampler=sampler, batch_size=64)
# Step 4: Training loop

data, target loader:

data, target = data.to(rank), target.to(rank)

output = model(data)

loss = loss_fn(output, target)

loss.backward() # gradients synced automatically

optimizer.step()

optimizer.zero_grad() N%
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Lunch Multi—node Multi-GPU training

Node

(Master)

|— GPU @ - rank
L GPU 1 - rank

@ Network Communication

Node

(Worker)
- rank
- rank

0s
torch
torch.distributed dist
torch.nn.parallel DistributedDataParallel DDP
torch.utils.data Dataloader, DistributedSampler
torchvision datasets, transforms, models
torch.multiprocessing mp
torch.nn nn
torch.optim optim

(rank, world_size, master_addr, master_port):

os.environ| 1 = master_addr

os.environ| 1 = master_port
dist.init_process_group( , rank=rank, world_size=world_size)
torch.cuda.set_device(rank % torch.cuda.device_count())

():
dist.destroy_process_group()

(rank, world_size, master_addr, master_port):
setup(rank, world_size, master_addr, master_port)

model = models.resnetl8(num_classes=10).to(rank % torch.cuda.device_count{))
model = DDP(model, device_ids=[rank % torch.cuda.device_count()])

transform = transforms.Composel( [
transforms.ToTensor(),
transforms.Normalize((0.5,), (0.5,))
1)
dataset = datasets.CIFAR18(root= , train= , download= , transform=transfi
sampler = DistributedSampler(dataset, num_replicas=world_size, rank=rank)
dataloader = DatalLoader(dataset, batch_size=64, sampler=sampler)

optimizer = optim.Adam(model.parameters(), 1lr= )
criterion = nn.CrossEntropylLoss({).te{rank % torch.cuda.device_count())

epoch range(2):
sampler.set_epoch(epoch)
batch, (data, target) enumerate(dataloader):
data, target = data.tol(rank % torch.cuda.device_count()), target.to(rank % to
optimizer.zero_grad()
output = model({data)
loss = criterion{output, target)
loss.backward()
optimizer.step()

rank == batch % ==
print( 1 [Batch {batch}] Loss = {loss.item():.4f}")

cleanup()

():
world_size =
master_addr
master_port

mp.spawn(train, args=(world_size, master_addr, master_port), nprocs=2)

__name__ ==
main()
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e

Lunch Multi—node Multi-GPU training

L Node 0 (master)

bash

python -m torch.distributed.run \
—-nproc_per_node=2 \
—-nnodes=2 \
——node_rank=0 \
——master_addr=
—-master_port=12355 \
multi_node_ddp_example.py

- Node 1 (worker)

bash

python -m torch.distributed. run \
——nproc_per_node=2 \
—-nnodes=2 \
—-node_rank=1 \
——master_addr=
——master_port=12355 \
multi_node_ddp_example.py

(P Copy code

¥ Copy code
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Case Study

LRI T o S S e e e, S s s e, S ST B

/ N /_
[
“ | m
mm | Dropout | |
— o
(= @ =)
= ﬁ o> H "
-
| O = — il
Hl N N |
N {r {r m
| q g |
1 5 5 )
\H....b...............%..u......u -
\ V...... Vm. //
| i i ,“
" | GeLU | | GeLU | |
“m/ m I |
i e
= I = <
5 s 2 L
o i f ' |
& [ e T
_
mY | I < m
. U
", I |
// VA \\\

/’I'II"'II"II"IIII\



————— —— — ———— —————— — ———— . — — — —— — . —

[Va, Val

LY

\\\ N //,
m @ m
Y | Dropout | m
e m
I e — > _ - “
3 T |
E -
| N N m
. T
| 2 o] m
,/ V.U Vm. \\
< S
=
i {r ] — &
m — | Dropout | | Dropout | = =
2> - i i S
- i .m ﬁmoﬁ:mi ﬁmomm:mxg T i
.= >
@ N
5 i
| (uly WS al | a |
=0 m 3 = (@] | x| (S [
..aa& T i
) | P > >
>3 L == m

split attention heads — ¢ K

[ )
[ )

l‘lll'-ll"lllll"‘llI'l'll"'ll'l'l\\

Case Study

e . —— —— —— — — — — —— — — ——————— —— —————— —————————



e
Case Study: ZeRO/FSDP

Memory usage without ZeRO With ZeRO
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Case Study: ZeRO/FSDP

Memory K=12

WY-7.58

gpu, gpu. gPUp.1 Consumed N, =64

Baseline (2+2+K)+W | 120GB

P 29 + 2% + —— | 31.4GB

Pﬂs+g P 4 {“f*q' 16.6GB

, (24 24 K)+ W 19GB
0S+E+D Na

Parameters Gradients Optimizer States
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