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2ELMLE Efficient DNN Models
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242 Efficient DNN Models
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Models Year Accuracy Layers Weights MACs
AlexNet 2012 80.4% 8 61M 724M
MobileNet 2017 89.5% 28 4M 569M
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V=SB A Reduce Spatial Size: Stacked Filter

GoogleNet

InceptionNetV3

VGG
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7% Channels : Group of Filters/1x1 Convolution

Mix Information Across Groups

Pointwise(lx1) Convolution
MobileNetV |

Use Ix1 filter to summarize cross-
channel information
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TV Filters(M): Feature Map Reuse

DenseNetV| Reuses feature map GhostNet
from multiple layers Extract feature in feature maps

Conv

Input Output

(a) The convolutional layer.

Identity

=N

Conv

Dy
Input

Output

(b) The Ghost module.
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Al vs. Machine Learning vs. Deep Learning.
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Training compute (FLOPs) of milestone Machine Learning systems over time
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Data parallelism

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

UPDATE \
MODEL FORWARD BACKWARD
Data > SHARD Pl (LocaL) D “(locaL) > ":’Sg::f

Parameters Gradients Optimizer States
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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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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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Figure 2: Combination of tensor and pipeline model parallelism (MP) used in this work for transformer-based models.
Pipeline flush
Device 1 RNFAENSNIVAR: 2 134 (5|6 | 7| 8 ERLIEEPARIPSERT
Device 2 12345678 3|/4|(5|6 7|8 910111213141516
Device 3 12345678 4 |56 |7 9 10111213141516 E
Device 4 12345678 5|6 |78 910111213141516nﬁ

Time — Devices idle
I Forward Pass Backward Pass

gqﬁglﬁgtﬁ[?o‘fig% ﬁtﬁlg{fiﬁ; ee arl}arg\eﬂ:'gzli I;gitljage model training on gpu clusters using megatron-Im." Proceedings of the International Conference for igh\Rehfarsmenel.com
omputing, INetworking, storag YS! www.mindspore.cn



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

Megatron-LM 55 Kt&EEY

Device 1 ENFAEN: 8 ERLIEY
Device 2 | BN - nsnsn7nsn n

Device 3 1234- n n5n6“7n8 n

Device 4

Assign multiple stages
PP to each device

Device 1 111234 16253 6| 4 [7EWe + IAAEAEY 5 s 7 ¢ of!

1 2 9 W1o[311 ;|12 KL
Device 2 11(2(3l4 1@ 2¢3 4 sENEY NN | 5 |6 | 7| ENCARAEN | | EFEHoq o W1 {2 ;N RE]ERYY
Device 3 120013l 1 14| 2 § 3 [ 2 ARRCERSENEN7 5086 [|7 |8 oL o 10 M 11 |12 HERERTT KRN RFY 13
Device 4 1101 12| 2 [3] 3 |a| 4 RN 8 4 BEACKAVRARY 5 6 7 @ Mol o [7/10(;|11 5|12 HERART 313[314
Time ——— o - | - |
I Forward Pass Backward Pass

gqravegla P\f %lﬁ ?t£| Eff Cé? Iar e-scale language model training on gpu clusters using megatron-Im." Proceedings of the International Conference for iigh\Rehfarsramoe
omputing, Networ <|ng torage A %arysm 2021.


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

23

Megatron-LM &5 k{58!
£ device ZIEATRIBR T , 7 HEZH pipeline stage , LIEZRIB(EE |

The full network
on CPU

Huawei Confidential. Ascend & MindSpore

Gpipe or PipeDream

Vs

GPU O

II
-

~

GPU 1

HRENES BRI

Virtual Pipeline

www.hiascend.com

www.mindspore.cn



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

M

s @

I. M Y r=F 1] —e— n=32,b'=32  —A— n=128,b'=128
gatron-lM iEEARE e e
2001

& L
@)
= _ 150 @
-] o)
S e}
T O . @
2a 504 —&— Batch size = 32 £
2 —&— Batch size = 128 '“9’_ '
2 0 T T T T T a 000 T T T T T T
(2, 32) (4,16) (8, 8) (16, 4) (32,2) 1 2 4 8 16 32 64
(Pipeline-parallel size, Tensor-parallel size) Data-parallel size (d)
Figure 13: Throughput per GPU of various parallel configurations Figure 6: Fraction of time spent idling due to pipeline flush (pipeline
that combine pipeline and tensor model parallelism using a GPT bubble size) versus data-parallel size (d), for different numbers of
model with 162.2 billion parameters and 64 A100 GPUs. GPUs (n) and ratio of batch size to microbatch size (b’ = B/b).
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1. https://www.knime.com/blog/a-friendly-introduction-to-deep-neural-networks
2. https://machine-learning.paperspace.com/wiki/activation-function
3. https://developer.nvidia.com/blog/accelerating-ai-training-with-tf32-tensor-cores/
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