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Data parallelism

Data parallelism, DP
Distribution Data Parallel, DDP
Fully Sharded Data Parallel, FSDP
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Data parallelism
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Data parallelism, DP

Data Parallel automatically splits training data and sends model jobs to multiple GPUs. After each
model completed, Data Parallel will Accumulate Gradients.
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Data parallelism Limitation(l)

Simple implementation of code logic.
Multithreading parallel Controlled by a process, restricted by GIL.

device = torch.device("cuda:1,3")

model = CreateModel()

model= nn.DataParallel(model,device_ids = [1, 3])
model.to(device)
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Data parallelism Limitation(ll)

Theoretical

Models of each machine are independent, clusters has using computing power.

Each machine maintain self gradient, accumulate gradients using Collective communication.
When Gradient Accumulation?

How Gradient Accumulation efficient?
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Gradient Accumulation

* Each machine maintain self gradient, accumulate gradients using Collective communication.
. When Gradient Accumulation?
2. How Gradient Accumulation efficient?
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Gradient Accumulation: Synchronize

Next round of local computing cannot continue until all working nodes have completed this communication.
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Gradient Accumulation: Synchronize

* Advantages: computing and communication are strictly synchronized, ensure parallel execution logic is the same
as the serial execution logic
 Disadvantages: The working node of the local computing earlier needs to wait for other working nodes to

process, which causes a waste of computing hardware.
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Gradient Accumulation: Asynchronous

After the current batch iteration, communicate with other servers to transmit network model parameters
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Gradient Accumulation: Asynchronous

* Advantages: High execution efficiency, no blocking and waiting between communication and execution except for
single machine communication time

* Disadvantages: the network model training is not convergent, the training time is long, and the repeated use of
model parameters leads to industrialization failure

Device 1
Device 2

Device 3

Device 4

Time ——»

14 Huawei Confidential. Ascend & MindSpore WWW‘hléscend‘Com
www.mindspore.cn



http://www.hiascend.com/
http://www.mindspore.cn/

SHARS 20T EFTAGPU

GPUO 1R S E RS 23

1"y EEEE

A Y Sl

& sE=s N
f N HEEE m.u

Ji | =g |2

& == 0
fFromor o

-
& i N g—
; S 11 E _
Ik B ———— 5 ﬂ <>
M\_,ml. AN -
HEEE (o)

@ - mmmm 3 2 [
oo r -—

Gradient Accumulation Communication Method

||||||||||

15 Huawei Confidential. Ascend & MindSpore


http://www.hiascend.com/
http://www.mindspore.cn/

Distribution Data Parallel, DDP

* Adopted multi process parallelism, not restricted by GIL.
* Parameters of each process are not synchronized, but the change of parameters.

* Using Ring all Reduce improves the communication efficiency.

Gradient Gradient

Process 1 Process 2 Process 1 Process 2
(a) (b)
Figure 3: Gradient Synchronization Failures
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Distribution Data Parallel, DDP
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Distribution Data Parallel, DDP
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Collective communication
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Fully Sharded Data Parallel, FSDP

FSDP shards all of model’s parameters, gradients and optimizer states across data-parallel workers
and can optionally offload the sharded model parameters to CPUs.
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Fully Sharded Data Parallel, FSDP
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PyTorch Implication

FSDP

Multi thread RPC(Remote Procedure Call Protocol) RPC call
LIz

DDP i\ EUEFH1T RPC fc

Multi processing nn.DataParallel() nn.MP() Dis Autograd
ZHIE BIREHT REIHT . -
IPC(i#F2 8] E15) MPI / NCCL /|HCCL / GLOO
HERTE WB(SRIE Primitive

Huawei Confidential. Ascend & MindSpore

www.hiascend.com

www.mindspore.cn



http://www.hiascend.com/
http://www.mindspore.cn/

Inference

https://zhuanlan.zhihu.com/p/450854172 £MExE-BAEE + 5 H =) I GZF 1L EIE L
https://pytorch.org/blog/introducing-pytorch-fully-sharded-data-parallel-api/
https://pytorch.org/tutorials/intermediate/FSDP_tutorial.html

https://engineering.fb.com/2021/07/15/open-source/fsdp/

Li, Shen, et al. "Pytorch distributed: Experiences on accelerating data parallel training." arXiv preprint arXiv:2006.15704 (2020).

Xu, Yuanzhong, et al. "Automatic cross-replica sharding of weight update in data-parallel training.” arXiv preprint arXiv:2004.13336 (2020).
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