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Distributed Training of DNN'’s

Limitations of Scalability
1. Communication bounded
2. Skinny Matrix Multiplication

3. 1/0 Bottleneck
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2t approach, u
Descent (SGD), s quickly turning
Tbound problem In addStion, we peesent simple bot fiucd theoretic
comstraluts, preventing effestve scaling of DNN fraining beyood
wnly a few dosm modes. This leads (o poor scalability of DNN
tralning b most practical senarkes.
L INTRODUCTION

The memendons saccess of Deep Newral Networks (DNNsy
(18], [14] in & wie mnge of practically relevam applicaions
has triggered 3 race to build larger and leger DNNe (20),
which need 10 be tminad with nd more data, 10 solve
learning problems in fmst exiending fields of applications
However, tmining DNNs is a compue and data imensive
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task: current models take several ExsFLOP 10 compute. while
processing hundeds of petbysc of data (0] Table | gives an
impecssicn of the compute complexity md shows, that even
the Lutest compote hardwase will take days o trais the mediom
sizd benchmark pctworks wed in our cxperiments. Whil

2 punliclization of the training problem over up to 8 GPUs
bosted in 3 single compute node c be comsidered 1o be the
cument sate of the an, wailable dstributed apprasches [4].
1154 111, 12}, [7) yield disappointing results [19] in terms of
scalability and efficiency. Figure | shows representtive exper.
imental evalustions, where strong scaling is stalling after only

Franz-Josef Preundt
Framboler [TWM
Competence Cenier High Performance Cormputing
Kaiserlautem. Germany
Emall: franz-joset plreunds @itwm Mg de

afew dezen nodes. In this aper, we investigate the theomtical
and practical comstraints preventing betier scalabilicy, namely
model distribution overbeals (in section 11, data-pasallclizd
matrix multiplication (section 11 and aining data dis tribution
fsection IV)

A Stochassic Gradiens Descent

Deep Newral Networks are trained wsing the Backpropagation
Algorizhm [16]. Numerically, this is formulated 3x 3 highly
Bom-convex optimization problem in a very high dimensianal
spuce, which is typically solved via Stochastic Gradient De
scent (SGD') [3), SOD, wsing moderae mini-baich sizes 1
provides stable comvergence at fair computational costs on 3
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Parallelism in DNN Training

A) Internal Parallelization: on layer level
* Mostly dense matrix multiplication,
» Task parallelization for special Layers (GPU)

B) Data Parallelization over the Batch Data
* Limited Batch size - limited parallelism
* Every GPU (worker) runs only on a little part
of the test data
e Full network & data have to be in memory

The standard case in a SGD parallelization

time (s)

—f— COM. time AlexNet

= = =g = = Time/lter. AlexNet GPU (B=256)
=& Com. ime GooglLeNet

= = =i = =+ Time/lter. GoogleNet GPU (B=32)

Linear (Com. time AlexNet )
------- W Timellter. AlexNet GPU (B=1024)
Linear (Com. time GoogLeNet)
s Timeliter. GoogleNet GPU (B=256)
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Model Parallelism

DNN models get large - Model and data do not fit in memory any more
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Rechenleistung. Mit HP-DLF kénnen gréBere Modelle schneller
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- Distribute the model over several workers : Can be done with Tensoflow but is very laborious
- There is no other training framework that adresses this problem

HP-DLF wants to adress this problem in a very user friendly way
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Project start :1.11.2017

As part of the ML calls in 2017

HP-DLF goals:

DNN training and inference on large,
heterogeneous HPC systems

Hide hardware complexity from user
Scalable and energy efficient

High portability

Allow training of very large models
without HPC knowledge
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GPI++5PACE

Programming Enviroment for Memory Driven Computing

TR

Domain Specific Parallel Programming System Currently used commercially in
| - Oil& Gas Appllications

Processing . N
Modulesin | - Big Data Appllications
any Language |

Legacy f

| Binaries

GPI-Space Framework

Petri -Nets

Visualization
Components

Application Independeent Global memory

Generic Part Domain Specific Part
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Application Independent Global Memory : VGM

Node 1 Node 2 Node n
- Memory segments (GPI)
Segment 1 in HBM, DRAM, on accelerators

Memory

I
Memory Segments in
BeeGFS/BeeOND
(non volatile part)

| Interconnect |

Virtual Global
|

APl : allocate/delete memory , transfer cost, locality information, ....
» Can keep data without an application running

> All data data transfer is managed though the VGM

> Allows to couple tasks written in different languages

» Individual task can crash without effecting data
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Coordination Language : Modified Petri Nets

Petri Nets
beaih p—b B —DO\ . Carl Adam Petri 1962: Description language for
asynchronous and concurrent systems
C.) > A D "O in order to add resources to running jobs
O[O

Separates activation from execution

* Petri Net
* Expression
* Single threaded C++ Code Data Parallelism:
Task: — +
* Matlab module (oo [ . ) /> » N
v * MPI/ GPI Programm N PN ' /L

Place with a token :

Tokens are consumed by the tasks and generate tokens on the output places
Tokens represent the data, multiple tokens ( data parallelism)

e
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O&G Industry : Domain specific programming system
Graphical Programming & Plug in Architecture

JJ load_workflow save_workflow execute make_standalone configure_colors

Galning

diff_of_float_armays

Bandpass
Align
AVAZ Align
Aligned_Seismic
OffsetzAngle
1 QCTimeShifts
Stacking QCSignalNaiseRatio P
Stackin,
QCSkeletonGathers L ! t’
Seisiclpi: Aoty QCRelatveSemblancelmprovement diff_of_float_arrays
Segy

Din difference

J)n
I o

Align
Aligned_Seismic

QCTimeshifts
QCSignalMNoiseRatio
QCSkeletonGathers

QCRelativeSemblancelmprovement

* Compiler generated Petri —Nets

* Parameter description language - Automatic GUI generation
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HP-DLF Workplan

Hardware

Tensorflow
Pytorch
Caffe 2

DNN Graph i -_,,— -
w A o
L3
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Ergebnisse bisher

* Teil des ONNX Standards ist implementiert

Compiler als Test Prototype vorhanden

Vampir Integration von GPI-Space

Gesamt Prototyp vorhanden

Benchmarks kdnnen durchgefihrt werden
* Inferenz fir einfache CNNs geht (LeNet, AlexNet, VGG)
* Training mit dem Asynchronen SGD fast fertig
( Reduktion Kommunikation)
e Aktuell RESnet und U-net in Arbeit
( ONNX Interface Impelmentierung)

1. INTRODUCTION
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Beispiel VGG19

VGG 19

Kleines Netz: Nur 144 Mio Paramater

Compiler Challenge:

J = ==
7 ﬁ " ; o . N :
N AT D P L Automatisches Zusammenfiihren verschiedener
T‘ , maxpool | maxpool | maxpo {  maxpoo :
" maxpool ‘ depth=256 depth=512  depth=512  .._4096 Layer um Daten Transfers zu sparen
depth=64 depth=128 3x3conv 3x3 conv 3x3 conv FC1
3x3conv  3x3conv conv3_1  conv4 1 convs_1 FC2
convl 1 conv2 1 conv3_2 convé_2 convs_2 size=1000
convl_2 conv2z 2 conv3d_3 conva_3 conv5_3 softmax
conv3 4 convd 4 convs 4
* l[?ﬁurng_lle;umninisleuium F
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Vampir Diagramm auf 2 Knoten mit je 4 Workern

Cs 20s 40 = 60 s 80 s 100 s

agent-0:0 main

io-1:1 PR 0 0 1 30 o 1 o 0 - e e
cpu-1:2 S| NN A AN T T 0 T N A Y I
cpu-2:3 R A T I O T RO T
S I 1
io-1:5 :

cpu-1:6 ¢ [N OO0 O R A T
- IRTER O A 0 O T Y OO O N T T I
L IO L T T S T T T T T LT Tt LT

cpu-2:7
gpu-1:8

Nur Inference ( kein Overlap von Model & Daten Parallelitat)

@SC2018 in Dallas: GroRere Probleme & Anzahl Knoten
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ML users on HPC Systems

~ Jupyter Jeder Nutzer hat seine bevorzugte

. o typischerweise verschiedene

 S_— yp

Jupyter .
Arbeitsumgebun

.\ > g g

%) Jupyter Notebock et
Typisch Interaktive Nutzung
oo Batchsysteme Unbekannt
=
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Carme

- An Open Source Framework for Multi-User,
Interactive Machine Learning on Distributed GPU-Systems -

WWW.0pen-carme.org

SLURM
container storage webfrontend Zugang zum System Via

BeeGFS-manger

>-Ma Web Portal
momtorlng

Derzeit genutzt fur

DL Kurse
S seecrs [ 1UPYter Applied ML Project
meta meta
server server
1 % : hot
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combine established open source ML tools with HPC

m Jupyter Notebooks as main web based GUI front-end
~ web front-end

= job management and scheduler
~ SLURM

= data I/O technology
~ BeeGFS

m use containers
~ Singularity

= monitoring tools
~ Zabbix

ZABBIX
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