P IE=
llek#‘[ §)

/)

93

R :.ﬁljl 7 2

BUILDING A BETTER CONNECTED WORLD


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

BEAE

PHNFHTEE : BUEFIT - REFHT - FUKH

BUILDING A BETTER CONNECTED WORLD Ascend & MindSpore


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

Yregedia 1 AT ASFATRET
I
B & Go to sleep
ABER -+ Gradient Checkpointing
AEIRE
BERN
Gradient Accumulation
REBEIIS
V&;“: Mixed Precision
BERXE% + '
N “ RIS
- Distributed Training
. A
AREH + FEERER FiT+ IR 8
Go to sleep LAMB
! ! % > Al
EE&i3 V100 TPU HRi4

www.hiascend.com
www.mindspore.cn

3 Huawei Confidential. Ascend & MindSpore



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

4

Model Parallelism, MP 32
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MP(l): Pipeline parallelism jfk&FH1T

Model divided layers into different devices, which we called pipeline parallelism
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PP(1): Naive Pipeline parallelism #h&ifikseH
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Naive pipeline parallelism: Leads to severe under-utilization due to the sequential dependency of the network.
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PP(1): Mini-batch Pipeline parallelism /\itiximk&H1T

©® Mini-batch pipeline parallelism: divides the input mini-batch into smaller micro-batches, enabling different
accelerators to work on different micro-batches simultaneously.

o MERFUKEF T | BANFIRKEFHITAY batch BT , B/INREBIEZRREGHINTE , ATLARZRFAVKEFTIR
BRI,

Loss i

Device 3 F. - B, i
f Y ! Fso | Far | Faz | Fas| Bss | Bsz | Bas | Bao Update

Device 2 F. - B, i
f ; : Fz,o F2,1 F2,2 Fz,s Bz,a Bz,z Bz,1 Bz,o Update
Device 1 I? B ?1 i Fio| F11| F12| F1s Bis | Bi2 | B1i1 | Bio Update
Device 0 F. - B, i Foo | Fo1 | Fo2 | Foz Bubble Bos | Bo2 | Bo1 | Boo | Update

Gradients ]

www.hiascend.com

Huawei Confidential. Ascend & MindSpore :
www.mindspore.cn



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

8

Gpipe

Partition Stage
Micro-Batch & Pipeline

Re-Materialization

Huawei Confidential. Ascend & MindSpore

GPipe: Easy Scaling with Micro-Batch Pipeline

Parallelism
Yanping Huang Youlong Cheng Ankur Bapna
huangyp@google.com ylc@google.com ankurbpn@google.com
Orhan Firat Mia Xu Chen Dehao Chen
orhanf@google.com miachen@google.com dehao@google.com
HyoukJoong Lee Jiquan Ngiam Quoc V. Le
hyouklee@google.com jngiam@google.com qvl@google.com
Yonghui Wu Zhifeng Chen
yonghui@google.com zhifengc@google.com


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

Gpipe
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Table 1: Maximum model size of AmoebalNet supported by GPipe under different scenarios. Naive-1
refers to the sequential version without GPipe. Pipeline-k means k partitions with GPipe on k
accelerators. AmoebaNet-D (L, D): AmoebaNet model with L normal cell layers and filter size D .
Transformer-L: Transformer model with L layers, 2048 model and 8192 hidden dimensions. Each
model parameter needs 12 bytes since we applied RMSProp during training.

NVIDIA GPUs (8GB each) Naive-1  Pipeline-1 Pipeline-2  Pipeline-4 Pipeline-8
AmoebaNet-D (L, D) (18,208) (18,416)  (18,544) (36, 544) (72,512)
# of Model Parameters 82M 318M 542M 1.05B 1.8B
Total Model Parameter Memory  1.05GB 3.8GB 6.45GB 12.53GB 24.62GB
Peak Activation Memory 6.26GB 3.46GB 8.11GB 15.21GB 26.24GB
Cloud TPUv3 (16GB each) Naive-1  Pipeline-1 Pipeline-8 Pipeline-32  Pipeline-128
Transformer-L 3 13 103 415 1663

# of Model Parameters 282.2M 785.8M 5.3B 21.0B 83.9B
Total Model Parameter Memory 11.7G 8.8G 59.5G 235.1G 937.9G
Peak Activation Memory 3.15G 6.4G 50.9G 199.9G 796.1G
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PipeDream
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PipeDream: Fast and Efficient Pipeline Parallel DNN Training
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Abstract

PipeDream is a Deep Neural Network (DNN) training
system for GPUs that parallelizes computation by pipelin-
ing execution across multiple machines. Its pipeline
parallel computing model avoids the slowdowns faced
by data-parallel training when large models and/or lim-
ited network bandwidth induce high communication-to-
computation ratios. PipeDream reduces communication
by up to 95% for large DNNs relative to data-parallel
training, and allows perfect overlap of communication
and computation. PipeDream keeps all available GPUs
productive by systematically partitioning DNN layers
among them to balance work and minimize communi-
cation, versions model parameters for backward pass cor-
rectness, and schedules the forward and backward passes

nf Adifferant innnte in roannd_rahin fachian tn antimize
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reflects updates across all inputs. The amount of data
communicated per aggregation is proportional to the size
of the model. Although data-parallel training works well
with some popular models that have high computation-
to-communication ratios, two important trends threaten
its efficacy. First, growing model sizes increase per-
aggregation communication. Indeed, some widely-used
models are large enough that the communication over-
heads already eclipse computation time, limiting scaling
and dominating total training time (e.g., up to 85% of
training time for VGG-16 [36]). Second, rapid increases
in GPU compute capacity further shift the bottleneck
of training towards communication across models. Our
results show these effects quantitatively (Figure 1) for
three generations of NVIDIA GPUs (Kepler, Pascal, and
Volta), across five different DNN models.
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PipeDream

DNN # Machines BSP speedup  PipeDream  PipeDream speedup  PipeDream speedup  PipeDream communication
Model (Cluster)  over 1 machine Config over 1 machine over BSP reduction over BSP
4 (A) 1.47x 2-1-1 3.14x% 2.13x% 90%

8 (A) 2.35x% 7-1 7.04%x 2.99x 95%

vGGle 16 (A) 328 9-5.11 9.86x 3.00x 91%
8 (B) 1.36x% 7-1 6.98x% 5.12x 95%

| tion-v3 8 (A) 7.66x 8 7.66x 1.00x 0%
fieeption-v 8 (B) 4.74x 7-1 6.88x 1.45x 47%
S2VT 4 (A) 1.10x 2-1-1 3.34x% 3.01x 95%

Table 1: Summary of results comparing PipeDream with data-parallel configurations (BSP) when training models to their advertised
final accuracy. “PipeDream config” represents the configuration generated by our partinioning algorithm—e.g., “2-1-1” is a
configuration in which the model is split into three stages with the first stage replicated across 2 machines.
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Figure 10: Accuracy vs. time for VGG16 and Inception-v3 with 8 machines on Cluster-A
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