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What is Machine Learning and Deep Learning?

e Machine Learning (ML) Jlﬁ';'rll_llz_ﬁ(liill_\lCE
— “the study of computer algorithms to improve EEQCR:'INE
automatically through experience and use of data” DEEP

LEARNING

e Deep Learning (DL) — a subset of ML
— Uses Deep Neural Networks (DNNs)

— Perhaps, the most revolutionary subset!

P Based on Iearnlng data representatlon 1950's 1960's 1970's 1980s 1990's 2000s 2010’

) Machine Learnin
e DNN Examples: Convolutional Neural Networks, Recurrent 7

Neural Networks, Hybrid Networks & — \:%_" o %% —

. . . . Input Feature extraction Classification
e Data Scientist or Developer Perspective for using i
Deep Learnin
DNNs P 9

1. Identify DL as solution to a problem ,& — %E —

D ete rm | ne D d ta S et Input Feature extraction + Classification Output

Courtesy: https://hackernoon.com/difference-between-artificial-intelligence-machine-learning-and-

2
3. Select Deep Learning Algorithm to Use
4

Use a large data set to train an algorithm deep-learning-1pcv3zeg, https://blog.dataiku.com/ai-vs.-machine-learning-vs.-deep-learning,
https://en.wikipedia.org/wiki/Machine learning
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History: Milestones in the Development of ML/DL

Percepiron

Problem

z Backpropagation |AlexNet|

lADALlNE I A 3 Mﬂ]

Perceptron| |, ) > | |
pereptn) | C e
. Golden Dark Age
Electronic AN [Transformers|
) Age (“Al Winter”) -
Brain
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1936 1954 1965 1967 1979 1985 1995|2000 2014 2017

1800 1900

A 4

Bayesian ( Deep )
y K-Means
C v ) (KNN ) SVM

Evolutionary
Algorithms

A. Legendre —J. Gauss K. Pearson A.Turing  S.McCulloch —W. Pitts ~ F.Rosenblatt  B. Widrow — M. Hoff M. Minsky —S. Papert J.Pearl  D.Rumelhart - G. Hinton —R. Wiliams v, Vapmk—C Cortes A. Krlzhevsky A.Ng Y.leCun Y.Bengio
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Understanding the Deep Neural Network Concepts

e Example of a 3-layer Deep Neural Network (DNN) — (input layer is not counted)
N A AR =

Input Hidden Hidden Output
Layer Layer Layer Layer

Courtesy: http://cs231n.github.io/neural-networks-1/
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Essential Concepts: Learning Rate (a)

Too low Just right Too high
16) 1(6) 1(0)
/
0 0 0
A sm.all learning rate The npt_imal learning Too large of a learning rate
requires many updates rate swiftly reaches the causes drastic updates
bgfc_:re reach'!ng the minimum point which lead to divergent
minimum point behaviors

Courtesy: https://www.jeremyjordan.me/nn-learning-rate/
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Essential Concepts: Batch Size

e Batched Gradient Descent N

— Batch Size=1
e Mini-batch Gradient Descent

— Somewhere in the middle | n o n n o w n
Mini Mini Mini Mini Mini Mini Mini Mini
batch 1 batch 2 batch 3 batch 4 batch 5 batch 6 batch 7 batch 8
— Common:

e Batch Size = 64, 128, 256, etc.

o Cind: :
Finding the optimal batch Batch Size One full pass overN is called an EQOCh of training

size will yield the fastest
learning.

Courtesy: https://www.jeremyjordan.me/gradient-descent/
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The Need for Parallel and Distributed Training

e Why do we need Parallel Training?

e Larger and Deeper models are being proposed
— AlexNet -> ResNet -> NASNet — AmoebalNet
— DNNSs require a lot of memory and a lot of computation

— Larger models cannot fit a GPU’s memory
e Single GPU training cannot keep up with ever-larger models
e Community has moved to multi-GPU training
e Multi-GPU in one node is good but there is a limit to Scale-up (8-16 GPUs)

e Multi-node (Distributed or Parallel) Training is necessary!!
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Parallelization Strategies

— .  Machine 4 (———— Y
e Some parallelization strategies.. i 7_{:
. . J0RREEARSRRRS iy P g
— Data Parallelism or Model Parallelism { Machine 2 ]:i Machine 3 !
: ! |
— Hybrid Parallelism ““:‘.‘.‘.‘.‘.‘.‘.‘.‘!“s;:.:;f:] """""""
I Machine 1 :
|
I

: . - oD TTTG P TToCTTTITIOTTTTTT T AT TTTTG O T T oD T

Machine 1 i Machine 2 [ | F.—‘.Pu 2 : I :‘Gpu P ll L :‘GPU 4 ll I :EFU 4 : |

____________________ | R J : : = o : I e 4 : I - J :
| —————— L A ——— AL ——— AL A
s | EEEeEsem ERIEEE i GPU3|l  I[GPU2 e GPU3|l  IfGPU2 e GPU3|I  |[GPU2 e GPU3| |
| : ] : =|_____ ol ____.l: :I————— - - ____.II Il.____ - . ____.I: :I————— e ____.l=
] | S Y |, il | N k| SR i |
! ] : " I :{_RPU 1 : I F]PLI 1 } I F;Pu 1 } [ F}PU 1 } I
i : 1 : : e o e e o s 4 : : e e e e e ] l I e e e e e e < : : e e e o e e J :
l l - - - -
! = : | : Machine 1 : : Machine 2 : : Machine 3 : : Machine 4 :
1 ] 1 ] AN $2 AR R R R E R R B R || '=EREEEOEEEEENEEEREEER IR
| Machine3 | | Machine4 |
F |

Hybrid (Model and Data) Parallelism
Data Parallelism

Courtesy: http://engineering.skymind.io/distributed-deep-learning-part-1-an-introduction-to-distributed-training-of-neural-networks
Network Based Computing Laborator OSU Booth @ SC22



http://engineering.skymind.io/distributed-deep-learning-part-1-an-introduction-to-distributed-training-of-neural-networks

Data Parallelism and MPI Collectives

. Batch
e Stepl: Data Propagation Loop {}
— Distribute the DataamongGPUs | 7 /N s
; | 1.Data |
e Step2: Forward Backward Pass | Propagation |
S __Params 5 |_Params 3 | Params 2 | _Params bemm e
— Perform forward pass and c] EEEE & BLLL] ) EEEN & Ll
calculate the prediction o "ol ik L] Y - |
. F L, B F L, B F L, 8 . L, g 2. Forward |
— Calculate Error by comparing | Backward
_ . L L, C L L _Pass_
prediction with actual output ’
Local Local Local Local
— Perform backward pass and Gradients Gradients Gradients Gradients
_ P [ || ] ] L[ []] ENER L[]
calculate gradients pR Nt S e
e Step3: Gradient Aggregation S oot
— Call MPI_Allreduce to reduce the | Lgeresation |
local gradients Gobsi | GlohaT Gidbal Tt
. Gradients Gradients Gradients Gradients
— Update parameters locally using [ [ [ [] [ [ [ [] L [ [ [] ([ [[]
global gradients “/

Update Parameters
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Solutions and Case Studies: Exploiting HPC for DL

Deep Learning and Machine Learning Frameworks

) (] (o]

L4 \ ....Q.....................O..........0............... l

e Data Parallelism ve 2 s
N Major Computation and Communication Phases in DL Frameworks . ,/
°\ :,

. TN : Forward Gradient A

e Model-Parallelism : N,| | ModelPropagation gonward i /~
. Co-Design
[} -
: 8 8 ® | gn
: Communication Runtimes (MPI/NCCL/Gloo/MLSL) pportunities
: . :
. Point-to- °
. ) Large-message °
o Point CUDA-Awareness . .
o _ Collectives :
* |_Operations .
...0.................................................

¥ ¥ ¥

| nfiniBand B8 GPU__
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MVAPICH2 (MPI)-driven Infrastructure for ML/DL Training

< ML/DL Applications > < ML/DL Applications >
— 3 .

TensorFlow PyTorch MXNet PyTO rCh

<-:H0rovod Torch.distributed Dew

T~

MVAPICH2 or MVAPICH2-X MVAPICH2-GDR for MVAPICH2 or MVAPICH2-X MVAPICH2-GDR for
for CPU Training GPU Training for CPU Training GPU Training

D

More details available from: http://hidl.cse.ohio-state.edu
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Install Horovod with MVAPICH2-X and MVAPICH2-GDR

Command to install Horovod with MVAPICH2-X

$ HOROVOD WITH MPI=1 pip install --no-cache-dir horovod

Command to install Horovod with MVAPICH2-GDR

S HOROVOD_GPU_ALLREDUCE=MPI HOROVOD_CUDA_HOME= / opt/ cuda/11.3 HOROVOD_WI TH_MPI=1 pPip
install --no-cache-dir horovod
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Run PyTorch on a single GPU

+ python pytorch synthetic_benchmark.py --batch-size 64 --num-iters=5

Model: resnet50 V100

Batch size: 64
Number of GPUs: 1
Running warmup. ..
Running benchmark. ..
Iter #0: 333.
Iter #1: 334.
Iter #2: 333.
Iter #3: 333.8 img/sec per GPU
Iter #4: 333.9 img/sec per GPU
Img/sec per GPU: 334.0 +-0.2

img/sec per GPU
img/sec per GPU
img/sec per GPU

o W N LV
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Run PyTorch on two nodes with 1 GPU/node (using MVAPICH2-
GDR)

+ mpirun_rsh -np 2 gpull gpul2 MV2_ USE_CUDA=1 MV2_CPU_BINDING_POLICY=hybrid
MV2_HYBRID BINDING_POLICY=spread MV2_USE_RDMA_CM=0
MV2_ GPUDIRECT _GDRCOPY_LIB=/opt/gdrcopy2.0/lib64/libgdrapi.so LD_PRELOAD=mv2-gdr/lib/libmpi.so

python pytorch_synthetic_benchmark.py --batch-size 64 --num-iters=5

Model: resnet50
Batch size: 64
Number of GPUs: 2

Running warmup. ..

Running benchmark. ..

Iter #0: 317.0 img/sec per GPU
Iter #1: 314.9 img/sec per GPU
Iter #2: 315.4 img/sec per GPU
Iter #3: 318.0 img/sec per GPU
Iter #4: 316.7 img/sec per GPU
Img/sec per GPU: 316.4 +-2.2

~1.89X on
2 GPUs
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MVAPICH2-GDR vs. NCCL2 - Allreduce Operation (OSC Pitzer)

180

160

140

Latency (us)
Iy
N S (o)} 0 o
o o o o o

o

Network Based Computing Laborator

Optimized designs in MVAPICH2-GDR offer better/comparable performance for most cases

MPI_Alireduce (MVAPICH2-GDR) vs. ncclAllreduce (NCCL2) on OSC Pitzer system
Platform: OSC Pitzer system (8 nodes with 2 Nvidia Volta GPUs), CUDA 11.6

100000

D A
10000 &
"1

oy

1000 P
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Y

e

Latency (us)
L
\

100
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256K 512K 1M 2M 4M 8M 16M 32M 64M 128M

8 16 32 64 128 256 512 1K 2K 4K 8K 16K 32K 64K 128K
Message Size (Bytes)

Message Size (Bytes)
-@—-MVAPICH2-GDR-2.3.7 NCCL-2.12.10

=@—MVAPICH2-GDR-2.3.7 NCCL-2.12.10
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Distributed TensorFlow on ORNL Summit (1,536 GPUs)

e ResNet-50 Training using

TensorFlow benchmark on MVAPICH2-GDR 2.3.4

450
SUMMIT -- 1536 Volta S 200 ImageNet-1k has 1.2 million images
GPUs! g oo
o 2 200 MVAPICH2-GDR reaching ~0.42 million
o
@ images per second for ImageNet-1k!
e 1,281,167 (1.2 mil.) images & 2> gesp d J
S 200
o
g 150
e Time/epoch = 3 seconds - 100
50 l
0 — [ |
e Total Time (90 epochs) 1 2 4 6 12 24 48 96 192 384 768 1536
=3 x90 =270 seconds = 4.5 Number of GPUs
minutes! B MVAPICH2-GDR 2.3.4

*We observed issues for NCCL2 beyond 384 GPUs
Platform: The Summit Supercomputer (#2 on Top500.org) — 6 NVIDIA Volta GPUs per node connected with NVLink, CUDA 10.1
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Distributed TensorFlow on TACC Frontera (2048 CPU nodes)

e Scaled TensorFlow to 2048 nodes on
Frontera using MVAPICH2 and IntelMPI

262144 —
65536 T
_ _ , 16384 o
e MVAPICH2 delivers close to the ideal S 4056 . _—
performance for DNN training § 1024 o
L
E 64
e Report a peak of 260,000 images/sec on 16
4
2048 nodes .
1 2 4 8 16 32 64 128 256 512 10242048
. Nodes
e On 2048 nodes, ResNet-50 can be trained
——MVAPICH2-X Ideal

in 7 minutes!

A. Jain, A. A. Awan, H. Subramoni, DK Panda, “Scaling TensorFlow, PyTorch, and MXNet using MVAPICH2 for High-Performance Deep
Learning on Frontera”, DLS 19 (SC ’19 Workshop).
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GPU Utilization: Distributed Data-Parallel Training

e Modern GPUs like A100 are very
powerful devices

100% Image size 32x32
e |[n some cases, DNN training O Image size 224x224
cannot utilize all compute cores S 80%
-
- . . ©
e GPU utilization can be increased .~ 60% = — =
]
by increasing the batch size = 40% ?
o z /
— There is a limit! G %
e GPU utilization increases with /

input image Size ResNet18 ResNet34 ResNet50  ShuffleNet MobileNetV2
Model

e How can we increase GPU
utilization?
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MPS: Multi-Process Service

e MPS is a client-server runtime implementation of the CUDA API that enables the
sharing of GPU resources.

— Logical partitioning

Network Based Computing Laborator

I
X CPU | GPU
MPI Rank O : / Va ™ | T | \
| / Rank O
. MPIRank1 A Volta —+—
| ) CUDA Multi- —_— ) Rank 1
: Multi |
§ Process Service Process .
MPI Rank 2 (MPS) T ot Rank 2
) ervice
| /\\ I
A | Rank 3
MPI Rank 3 | :
’ | \ /
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AccDP: Accelerated Data Parallelism using MV2-GDR

1. MPS
Initialization

File System

Dataset

\
—

CP mini-batch 0 mini-batch 2 | mini-batch 3

1eaday

4. Forward and
kward Propagation

l Bac

@PI_A]Ired u@

=

4. Gradient Aggregation
and Weights Update
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Accelerating Data-Parallel Training using MVAPICH2

e Image Size: 256 X 256
e 4 MPS clients per GPU

e Up to 62% better performance than traditional Data-Parallel training

4. 42% _

o3 32 ’ Regular Training — 50 Regular Training oo

. o
&8 O AccDP Q c O AccDP ’
a9 3.0 30% > 9 40
ek 5 g % ©
& © < 30
= 20 13% e
AN 24% ‘ —
> 15 5 20
o 7% o
'En 1.0 'ncn
o \E £ \
S 00 £ 0

ResNet18 ShuffleNet MobileNetVv2 ResNet34 ResNet50
2 4 8 16
Model #GPUs
Single Node Multi Node
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Solutions and Case Studies: Exploiting HPC for DL

e Model-Parallelism

Deep Learning and Machine Learning Frameworks

[

J |

[ [re] o)

\:....................................0............... l
4
‘.\ Major Computation and Communication Phases in DL Frameworks . ,/
°\ :,
. \\ ol P e Forward Gradient A
0 \ pag Backward Aggregation / .
. B N N Co-Design
[} -
: Opportuniti
: Communication Runtimes (MPI/NCCL/Gloo/MLSL) pportunities
: :
. Point-to- °
. . Large-message :
o Point CUDA-Awareness . .
o ; Collectives :
* |_Operations .
.....................................................

¥

¥

¥
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Motivation for Model-Parallelism

e Data-Parallelism— only for models that fit the memory

e (Qut-of-core models

— Deeper model = Better accuracy but more memory required!

e Model parallelism can work for out-of-core models!

{J ¢ Memory Consumption (Extrapolated) A B Model Parallel
& Batch Size = K : Batch Size = 1
512 | Data Parallel
{ Only possible with Model Parallelism! ' Typical CPU I
256 7 & Memory (CXLIEPYC |~~~ -~~~ "7~~~ """ TTTTTT oo oo oo
= 256GB) I
®
128 . o® ) | | [ ] [ ] [ |
64 i L 4 *, Memory Limit | _:_ ___________________
= (32GB Volta GPU) |
o CPU Broadwell (128 GB) ¢
5 ¥ Volta GPU \ '
£ 16 | ol . Memory Limit | ) ____.
2 O " CPU Skylake (16GB Pascal GPU) :
8
- (192 GB) B : B B B
4 i I
Pascal GPU s I . I 1 I
e : | I | |
2 (o ) J /
1 \ /J/ e _,./ Applications - ImageNet Mesh Mesh Pathology Focus Area
(Image Width x Challenge Tangling Tangling \ (100k x 100k)
0 100 200 300 400 500 600 700 800 Height) (224 x 224) (1k x 1K) (2K x 2K)

Input Image Size (Width X Height)
® ResNet-1k o ResNet-5k
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GEMS: GPU Enabled Memory Aware Model Parallelism Systems

Why do we need Memory aware

designs? / Model Parallelism-Basic (MP-Basic) \
Data and Model Parallel a' Model Model

- ‘J Replica 1 Output %@3 Replica 1 Output
. ST
training has limitation! Memory footprint
. Freelb.f'lemor:u,ur
2 Compute available
. . FP ——— BP—
— Maximum Batch Size ‘ Pa | P4 e
depends on the memory. _ - p3\\ '.« p3 -
:g \\\ ’t’
é P2 P2~ ¢’ P2 P2
— Basic Model Parallelism S| e Pl P P1
Q
=

suffers from \ /
underutilization of memory Time

and compute =2

Memory requirement increases with the increase in image size!

A. Jain, A. Awan, A. Aljuhani, J. Hashmi, Q. Anthony, H. Subramoni, D. Panda, R. Machiraju, A. Parwani, “GEMS: GPU Enabled Memory Aware Model Parallelism System for
Distributed DNN”, SC’20.
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Exploiting Model Parallelism in Al-Driven Digital Pathology

e Pathology whole slide image (WSI)
— Each WSI =100,000 x 100,000 pixels Courtesy: https://blog.kitware.com/digital-slide-

archive-large-image-and-histomicstk-open-source-

informatics-tools-for-management-visualization-and-

— Can not fit in a single GPU memory

— Tiles are extracted to make training possible

———————> 50,000 pixels
% s
R 2 Ta
.;’ :
= <

e Two main problems with tiles

Ul
[EEY
X

— GEMS-MASTER: 4.21 hours (1 node, 4 GPUs)
— GEMS-Hybrid: 27 mins (32 nodes, 128 GPUs)

— Restricted tile size because of GPU memory limitation o 25 2%
— Smaller tiles loose structural information g 20
e Reduced training time significantly § 15 12x
2 —~
— GEMS-Basic: 7.25 hours (1 node, 4 GPUs) o § 7x
2 < 10
— GEMS-MAST: 6.28 hours (1 node, 4 GPUs) g o 1.9x 3.6X
E_
oo
>
o
<
I_

— Overall 15x reduction in training time!!ll! 16 32 64 128

A. Jain, A. Awan, A. Aljuhani, J. Hashmi, Q. Anthony, H. Subramoni, D. K. Panda, R. Machiraju, and A. Parwani, “GEMS: Number of GPUs
GPU Enabled Memory Aware Model Parallelism System for Distributed DNN Training”, Supercomputing (SC ‘20). Scaling ResNet110 v2 on 1024x1024 image tiles

using histopathology data
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Parallelization Strategies

e Data Parallelism

* Model Parallelism [ Distributed Training ]
— Layer-level Parallelism
e Layer v y v
e Pipeline [ Data Parallelism ] [ Model Parallelism ] [ Hybrid Parallelism ]
* Sub-Graph Advance

Y \ 4

— Neuron-level Parallelism Diioze ¥
_ Schemes Layer-level Parallelism [ Neuron-level Parallelism ] D&SP Megatron
e Spatial

e Channel

A 4 A 4 A 4

Pipeline [ Sub-Graph JEEEYEIE] Channels
EIENEINON RETENEENGY BEIEUEUNGE | Parallelism | | Parallelism

e Hybrid Parallelism
— D&SP
— Megatron
— Hy-Fi

Jain, Arpan, et al. "Hy-Fi: Hybrid Five Dimensional Parallel DNN Training on High-Performance GPU Clusters." International Conference on
High Performance Computing. Springer, Cham, 2022.
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Why Hybrid Parallelism?

e Data-Parallelism—only for models that fit

the memory

A\ Data Parallelism Speedup using Hy-Fi
[ Layer Parallelism

® OUt-Of-COre mOde|S O _Spatial Parallelism fMesh Tangling Digital Pathology WSls A
3065.‘“_1_1_A__r___‘___4.: _____ e ~
- = Ampere [ A 1
Deeper model - Better accuracy but more memor . <.> | <.> <-> <.> | <.> . .
i I T e 1l _<L__L_1_Y__ 2 ____2_
required! £ Vo | A T4 :
— Real-world applications have very high-resolution ’E“ 668 | S.>_ _: _<.Z ) _<.Z ) _<.Z ) _: R S
) % Pascal A | |
images =2 HE B B B
Qo 4 © o S L © A
¢ MOdeI para”ellsm Can Work for OUt_Of_CO Low-Resglit?on ! >12 High}:llésolutior%K I 5K Very H:Ii.gEihllfFiesoluticmlooK

Square Image Size (X * X)

models!

— Performance is questionable!

— Layer-parallelism is not enough
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Proposed Hybrid Five-Dimensional Parallelism (Hy-Fi)

e |ntegrates spatial, layer, pipeline, bi-directional, and data parallelism

o Bi-Directional Parallelism
A

9 # Parallelism Dimension in Hy-Fi

Model Replica 2 -

Compute for Micro-Batches

e N B B B B B | Micro-Batch /
| T e e S L e ¢
i i Model Partitions,________________ [SI S 9 35| ) GPU12
Model Partition-4 oo oo o GPU11

) .00 .00
S —— Model Partition-3 Y'Y (T T GPU10

@) |vocerrsriond | [Sleee . eee GPU9
e ; ] J ) °_ GPUS
i ayer Spatial GPU7

"\ . i Model Partition-1 =
Data < e </ [Parallelism Parallelism GPU6
Parallelism

Input
(Batch1)

1
1
1
1
1
!
i
i
[l
I
I
i
I
I
L1
L2

L1
L2

Input
(Batch2)

2 GPU5

(-I- ----- w S eee® 000| S | GPU4

|2 [eee eoe| 1 | GPU3

. (Batch3)

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, Model Partition-0 Spat|al

< Parallelism EI eoe| 2| GPU2
I_I_I_I_I_I_I_I' S 1 BETEID opU
) Batch Compute Over Time

A 4

‘ Input
(Batch4)

Micro-Batch Pipeline Parallelism

Jain, Arpan, et al. "Hy-Fi: Hybrid Five Dimensional Parallel DNN Training on High-Performance GPU Clusters." International Conference on
High Performance Computing. Springer, Cham, 2022.
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Accelerating Out-of-core Training at Scale

1024 A —
° Approach & Pipeline _
) o 256 -~ [ SP-Opt 8 g
— LP: Layer Parallelism N \
. . . . . o [ Master-16-Opt SHENE
— Pipeline: Pipeline Parallelism 8 16
©
— SP: Spatial Parallelism E 4 SRV E
— Master: Hy-Fi !
8 16 32 64 128 256 512 10242048
— Opt: with Communication optimization in Hy-Fi Number of GPUs
* Setup AmobeNet-f214
— Image Size: 2048 X 2048 %gg T =
— 2048 NVIDIA V100 GPUs g 53 ] ¥
o B Master-1-Opt
Y S peed u p 8_ 1g ] 0 Master-16-Opt
3 4
— Up to 2.67X over Layer Parallelism (LP) £ %
— Near-linear scaling (94.5%) on 2,048 GPUs 092'2
8 16 32 64 128 256 512 10242048
Number of GPUs
Jain, Arpan, et al. "Hy-Fi: Hybrid Five Dimensional Parallel DNN Training on High-
Performance GPU Clusters." International Conference on High Performance
Computing. Springer, Cham, 2022. AmobeNet-f416
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Enabling Training on Very High-Resolution Images

e Enabled training on 8,192 X 8,192 and 16,384 X 16,384 images sizes

e Speedup over basic spatial parallelism
— 8,192 X 8,192 Images: 1.476X and 2.26X (Strong Scaling)
— 16,384 X 16,384 Images: 1.47X

0.6 { =gPerformance ——Speedup 1.6 &S Perf 65 GPUs [1Perf 257 GPUs
o 05 __ 1.47X 15 _|—*=Speedup65 -m-Speedup257 |
g L 1.4 | — 1 [142:26X
2 0.4 \/% § o < [
5 N\ E L : -
g 0.3 Q N \ S § 1.2 5 5 1 %
2  NERINNNN T Bes !
For ——N\ % § § \ N i 0.5

o X N N N N N N g5 =
Q B3 ,OQ& (84’\' ,QQ\' (3;\, ,OQ& °
F @ & &
N @\{S\ N @\{S\
AmobeNet-f214 on 16,384 X 16,384 images AmobeNet-f214 on 8,192 X 8,192 images
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Outline

e Conclusion
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Conclusion

e Exponential growth in Machine Learning/Deep Learning/Data Science
frameworks

e Provided an overview of issues, challenges, and opportunities for
designing efficient communication runtimes

— Efficient, scalable, and hierarchical designs are crucial for ML/DL/Data Science frameworks

— Co-design of communication runtimes and ML/DL/Data Science frameworks will be essential

e Presented use-cases to demonstrate the complex interaction between DL
middleware with the underling HPC technologies and middleware

e Need collaborative efforts to achieve the full potential
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Thank You!
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Network-Based Computing Laboratory
http://nowlab.cse.ohio-state.edu/

MVAPICH

https://twitter.com/mvapich
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MPI, PGAS and Hybrid MPI+PGAS Library High-Performance
Deep Learning
The MVAPICH2 Project The High-Performance Deep Learning Project
http://mvapich.cse.ohio-state.edu/ http://hidl.cse.ohio-state.edu/
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