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Figure 1: The performance and size of the DNNs in
ILSVRC’10-15 [17, 22, 41, 43].

Source : Wang, Ji & Zhang, Jianguo & Bao, Weidong & Zhu, Xiaomin & Cao, Bokai & Yu, Philip. (2018). Not Just Privacy: Improving Performance of Private Deep Learning in Mobile Cloud.
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Introduction
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Source : GPU memory usage when using the baseline, network-wide allocation policy (left axis). (Minsoo Rhu et al. 2016)
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When Offloading Hurts:

B onicn Memory Stack Computational Capacity
N .

Too many warps!

= 'SM

Main GPU Memory
stack capacity

Memory stack SM becomes full,

leading to slowdown with offloading.

Source : https://syncedreview.com/2017/04/29/how-to-train-a-very-large-and-deep-model-on-one-gpu/
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Distributed Training

4
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Distributed Training

o e 22 24 Parallelism
«  Model Parallelism : 222 2] GPUY| 24SHK] X 2(5H= &

«  Data Parallelism : G|O|E{& 2] GPUO|| 241510 X 2[ot= 2HH
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Data Data-Parallel  podel Shared nPn:r:ﬁLl npn%r:";'f“ed

Partitions Workers States Data Workers States

Source : Xing, Eric P., et al. "Petuum: A new platform for distributed machine learning on big data."
IEEE Transactions on Big Data 1.2 (2015): 49-67.
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& At B3t AL - Model Parallelism
« BES o2] GPUO| 24510 X 2|5t dhH

Machine |
[ACEIE RN

Machine 3
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Source : Dean, Jeffrey, et al. "Large scale distributed deep networks." Advances in neural information processing systems. 2012.
https://papers.nips.cc/paper/4687-large-scale-distributed-deep-networks.pdf
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Distributed Training

X
bl
1KY

Hgtk "bAl - Data Parallelism
- HO|HE 2] GPUO| EAHSHY X 2|5t= B
- Zf OIO|H O} weightE Al 4t

b Welght% %%I- I:|-|:| IteratIOn x-I El Parameter Server
a.w/,% &w/ kv &‘Nx\, w
/'/ .‘“‘“i
- HO|H&= g4 22|g = eL " :
_Model Replicas |
2 E 2E FrameworkO| A A Zts w || w | [ e
- 2= weight 5= #Iot
[ Data Shards | | 8 R En
overhead =Xt 1__,_ 2
DSy

Source : https://mc.ai/comparative-analysis-raven-protocol-v-s-conventional-methods/
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Distributed Training
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Distributed Training

& A 2 24 Parallelism Example

ImageNet Classification with Deep Convolutional
Neural Networks

Alex Krizhevsky Ilya Sutskever Geoffrey E. Hinton
University of Toronto University of Toronto University of Toronto
kriz@cs.utoronto.ca 1ilya@cs.utoronto.ca hintonfcs.utoronto.ca

3.2 Training on Multiple GPUs

A single GTX 580 GPU has only 3GB of memory, which limits the maximum size of the networks GTX 580 M| =227} 3GBO|7|0f|

that can be trained on it. It turns out that 1.2 million training examples are enough to train networks 1.2M7H 9| Datas i*ﬁ%* T 8101
which are too big to fit on one GPU. Therefore we spread the net across two GPUs. Current GPUs M 270Q| GPUR LIE A st&i
are particularly well-suited to cross-GPU parallelization, as they are able to read from and write to Zt GPU= ME2 CHE GPU K2 2|
one another’s memory directly, without going through host machine memory. The parallelization o =A writeZ} 7Hs3HC}
scheme that we employ essentially puts half of the kernels (or neurons) on each GPU, with one o= oM

Source : Krizhevsky, Alex, llya Sutskever, and Geoffrey E. Hinton. "Imagenet classification with deep convolutional neural networks."
Advances in neural information processing systems. 2012.
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2t YAl Parallelism Example

il \
R 197 153 2048 o \dense
77 — —
13
224 5 ENG Q s .
e 3] - --_-.-_-13; A dense dense
E To00
182 162 128 Max ] L]
Max 178 Max pooling <948 2044
poaling pooling

Source :Krizhevsky, Alex, llya Sutskever, and Geoffrey E. Hinton. "Imagenet classification with deep convolutional neural networks."
Advances in neural information processing systems. 2012.
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Distributed Training

R

»  S7]12H4A] : Synchronous vs Asynchronous replication

Data
Flair

AP
— ) SAKNET BRE BHS

- Device A Dmcec Para eter A E'” Ol
= => 30| w=rt

Synchronous Data Parallelism

L
jaw) | |

rAlsrd

Asynchronous Data Parallelism

Client 3
Client 2 -

(Client 1}~

P =4 M 2| jobOFCt
arameter @ H|0| E

> 20| =2 £ 9irk

'UJ\I

N e e =T e ey E I s
Working Model of Distributed TensorFlow

Source : https://data-flair.training/blogs/distributed-tensorflow/
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Distributed Training

X/

& &7|2HH4]: Synchronous vs Asynchronous replication

(a) Asynchronous replication (b) Synchronous replication

Sync A2 B E worker(GPU)2| jobO| &5 W77HX| CH7|.

-> F4H5H= worker(GPU)7t BE =5 Async H40| 287

Source : https://www.arxiv-vanity.com/papers/1605.08695/
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Distributed Training

4

e F|2tEFAL - All-Reduce ( a.k.a. Parameter Server )

Process 1 Process 2 Process 3 Process 4
1 2 3 4 1 2 3 4 12 /3 |4 1/2/(3 /|4

N

AllIReduce

Process 1 Process 2 Process 3 Process 4

O S . 1 2 3 4 1 2 3 4 1,2 .3 ,4

Source : https://brunch.co.kr/@chris-song/96
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Distributed Training

0/

% F|2tEtAl - All-Reduce (ak.a. Parameter Server )

Averages All the Gradients Each Averages Portion of the Gradients
Parameter Parameter Parameter Parameter
Server 0 r Server A Server B Server C
Worker A Worker B Worker C Worker A Worker B Worker C

- PS7} 2= gradientE F€t5t0o] X2 HH
- S HESHA AL Vs

- CEHEPSOf| H22| AMEE B HERZ £t EE
> PS 7H=0f 2t £32| overhead®} network bandwidth X M 22| AtEEF EHEtE
> HE X£7| 2F: No. PSs == No. Workers

Source : https://eng.uber.com/horovod/
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Distributed Training

< FEAl : Ring-AllReduce ( 15t stage, 7= 44 &3 )

Bandwidth Optimal All-reduce Algorithms
for Clusters of Workstations

Pitch Patarasuk Xin Yuan®
Department of Computer Science, Florida State University
Tallahassee, FL 32306
{ patarasu, xyuan }@Qcs.fsu.edu

Abstract

We considdl an efficient realization of the all-reduce Bperation with large data sizes
in cluster envifOUINCIHTS, W1 MPUION THAT educe operator is associative
and commutative. We derive a tight lower bound of :
be communicated in order to complete this operation :
rithm that only requires tree connectivity to achieve

thn sradaler asnnd hasddawmfes 13len A1l madasnn alecmsilhes dhnd e asswmn endsramle anednedaas 2

Source : Patarasuk, Pitch, and Xin Yuan. "Bandwidth optimal all-reduce algorithms for clusters of workstations."
Journal of Parallel and Distributed Computing 69.2 (2009): 117-124.

KOREA
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Distributed Training

< FEAl : Ring-AllReduce ( 15t stage, 7= 44 &3 )

Receive

Receive

Send

Source : https://andrew.gibiansky.com/blog/machine-learning/baidu-allreduce/
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Distributed Training

< F&2HAl : Ring-AllReduce ( 1t stage, 7|& 714
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Figure 3: Results on the NCSA Teragrid [A-64 cluster (128 processors, Myrinet)
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Source : Patarasuk, Pitch, and Xin Yuan. "Bandwidth optimal all-reduce algorithms for clusters of workstations."
Journal of Parallel and Distributed Computing 69.2 (2009): 117-124.
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Distributed Training

x5 .
& FlereAl

Ring-AllReduce ( 2t stage,

212|F 2+, Baidu Tech Blog )

Bringing HPC Techniques to Deep Learning

Start

Arrays Being Summed
) | by | G I dy &
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) l by | ) I dy )
a l by | Cy | dy %
28 BN B O B

9

Goal
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Source : https://andrew.gibiansky.com/blog/machine-learning/baidu-allreduce/.

91*3o+32+33*a4] botby+by+b+by G+, +C+EGHC, I dytdgrdged+d; Ieﬂ+e“+e1+aa+e3|
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Distributed Training

*%
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Source : https://andrew.gibiansky.com/blog/machine-learning/baidu-allredt

% F|etet4] : Ring-AllReduce ( 25t stage, ¥ 11 2|F 2t Baidu Tech Blog )
1
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Distributed Training

Z|2tet4] - Ring-AllReduce ( 3 stage, Open Source, Uber, Horovod )

Horovod: fast and easy distributed deep learning in

TensorFlow
Alexander Sergeeyv Mike Del Balso
Uber Technologies, Inc. Uber Technologies, Inc.
asergeev@uber.com mdb@uber . com

Source : Sergeev, A., & Del Balso, M. (2018). Horovod: fast and easy distributed deep learning in TensorFlow.

Retrieved from http://arxiv.org/abs/1802.05799
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Distributed Training

<« T LA OE HEXA Fot
< GPU 7if== P7l], Parameter/ii= N7if @1 &% 17§ GPU2| Z=|CH T|O|Ef T&E
% All-Reduce
% N*(P-1)

% Ring All-Reduce
w 2*(N/P)*(P-1)

Source : https://brunch.co.kr/@chris-song/96

OREA
| LCiCIZ
KOREA UNIVERSITY

- 29 -



https://andrew.gibiansky.com/blog/machine-learning/baidu-allreduce/
https://brunch.co.kr/@chris-song/96

Distributed Training

<« HWH AZJE]

» PCle

% NV-SLI

% Nvlink

% Nvswitch

%  GPUDirect-RDMA

s NVSwtich > Nvlink > NV-SLI > PCle
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Distributed Training

% HWA HZAEf

< PCle

CPU GPU GPU

@xlﬁ @116

PCle Switch

x16

Source : https://en.wikichip.org/wiki/nvidia/nvlink
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Distributed Training

% HWA HZAEf
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Source : https://en.wikichip.org/wiki/nvidia/nvlink
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Distributed Training

% HWA HZAEf

% NV-link
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{ g
IR g g e
TN
Q%mwd

Source : https://en.wikichip.org/wiki/nvidia/nvlink

OREA
y| LS
KOREA UNIVERSITY

-33-



https://andrew.gibiansky.com/blog/machine-learning/baidu-allreduce/
https://en.wikichip.org/wiki/nvidia/nvlink

Distributed Training

& HWZA HZAE]
< NV-switch

Source : https://en.wikichip.org/wiki/nvidia/nvlink
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PyTorch Multi-GPU A tl| = S}<5 36} 7]

Source : https://bit.ly/304KWr)
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S5 HME Y8l 2US BETP

< O|A RO HL| WEA X|LILLC

AN

* Data Parallel | => 1 parameter server in 1 node

<« O 7l GPUE A8 == JRAIT T 22| =0

< Custom Data Parallel => 1 parameter server in 1 node

© D22 2RUS OF Za oL

& GPU utilization0| &

% Distributed Data Paralle} => multi parameter servers in 1 node

< AMESIX| &= Parameter2 Q1% 7™ 22

< Nvidia Apex | => multi parameter servers in 1 node

T
» 2 UE

» 012 Cio| HREE BRI W

=> multi parameter servers in multi nodes with all-reduce method

. r- HIS
< A= OrX|E) HO[X[0f SygiLCY.
Source : https://bit.ly/304KWr)
https://medium.com/huggingface/training-larger-batches-practical-tips-on-1-gpu-multi-gpu-distributed-setups-ec88c3e51255
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https://bit.ly/304KWrJ
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NVIDIA-SMI 384.130@

| e e e e e o e e +
Persistence-M| Bus-Id
Temp Perf Pwr:Usage/Capl

Source :

TITAN Xp

228W / 250W

TITAN Xp

247W / 250W

TITAN Xp

TITAN Xp

https://bit.ly/304KWrJ

246W / 250W

Driver Version: 384.130

Disp.A
Memory-Usage

00000000:19:00.0 Off
10711IM1B / 12189M1iB

00000000:1A:00.0 Off
4127MiB / 12189M1B

00000000:67:00.0 Off
4127MiB / 12189MiB

| 0000000 :68:00.0 On
156W / 250W |

4652M1B / 12175MiB
HEZ =

Volatile Phcorr. ECC
GPU-Ut1l M ompute M.

Default
Default
Default

Default

GPU LHE 9| cuda coreE
M2 2E31X| 22

https://medium.com/huggingface/training-larger-batches-practical-tips-on-1-gpu-multi-gpu-distributed-setups-ec88c3e51255
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https://bit.ly/304KWrJ
https://medium.com/huggingface/training-larger-batches-practical-tips-on-1-gpu-multi-gpu-distributed-setups-ec88c3e51255

Name Persistence-M| Bus-Id Disp.A @ Volatile @ncorr.
Temp Perf Pwr:Usage/Capl Memory-Usage B GPU-Uti1l B Compute M.

TITAN Xp Off N/A |
/ 2500 73 %, Default |

TITAN Xp | 0000O0RD:1A:00.0 Off
/250 | 11237MiB / 12189M1B Default |

TITAN Xp
Default |

TITAN Xp ) | Q0200000 :68:08.0 On
| 11778MiB / 12175MiB 96% Default |

o AR GPU WX 2| cuda core®= 100% AL

Source : https://bit.ly/304KWrJ
https://medium.com/huggingface/training-larger-batches-practical-tips-on-1-gpu-multi-gpu-distributed-setups-ec88c3e51255
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https://medium.com/huggingface/training-larger-batches-practical-tips-on-1-gpu-multi-gpu-distributed-setups-ec88c3e51255

# Each process runs on 1 GPU device specified by the local_rank argument.

parser.add_argument{"--local_rank”, type=int)

# Initializes the distributed backend which will take care of sychronizing nodes/GPUs

torch.distributed.init_process_group{backend="nccl"')

# Encapsulate the model on the GPU assigned to the current process

device = torch.device('cuda', arg.local_rank)

model = model.

diztrib_model @torch.nn.parallel.DisztributedDataParallel (model,
device_ids=[args.local_rank],

output_device=args.local_rank)

# Restricts data loading to & subset of the dataset exclusive to the current process

sampler = DistributedSampler(dataset)

predictions = distrib_model{inputs.to{device))

e

Forward pass
loss = loss_function{predictions, labels.to{device)) # Compute loss function
loss.backward() # Backward pass

optimizer.step() # Optimizer step

Source : https://medium.com/huggingface/training-larger-batches-practical-tips-on-1-gpu-multi-gpu-distributed-setups-ec88c3e51255
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python -m torch.distributed.launch --nproc per node=4 --nnodes=2 —-—
node rank=0 --master addr="19%2.168.1.1" --master port=1234

OUER_TRAINING SCRIPT.py (——argl --argZ2 —-arg3 and all other arguments
of our training script)

On the second machine we similarly start our script:

python -m torch.distributed.launch --nproc per node=4 —-nnodes=2 —-
node rank=1 --master addr="15%2.168.1.1" --master port=1234
QOUR_TRAINING SCRIPT.py (-—-argl --arg2

-—arg3d and all other arguments
of our training script)

- 40 - ol (i |1

KOREA UNIVERSITY




% OfALZF Z7H0f K|oFO| QITHE Lt B 5

First to Train BERT-Large in
Under One Howr
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python -m torch.distributed.launch $DISTRIBUTED ARGS
FBERT_ARGS
FOUTPUT_ARGS Y,
--save SCHECKPOINT_PATH *
--load $CHECKPOINT PATH %
--data-path $DATA_PATH %
--model-parallel-size $MP_SIZE
--DDP-impl torch

-4 -

.fpretrain_bert.py \
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