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Abstract

Thiss projeett exploredd the: use of Distributeded Nachine
Learningz (DML) as a potentialal tooll i trainingng timess off Nachine
Learningz (ML) models in lowen-end computer clustersrs. To providee
alternativesves farr studentss and scientistssts when implementingg theirir
ML envitonmentt withoutt expensivelperformantint hardivare:. As partt of
this,s, an NIL trainingng envitonmentt was developed! and deployed!

using: containerr technologyy on a raspberryy pii (RPl) computer
clusterer.. Thiss clusterer was used ta trainin ML classifierier models

over the: popularr CIFARLO dataseit image datasett. When praducingg
models'' differentnt configurationsons were used on the: clustersr to
varyy the: number off nodes and pracessorr coress used duringg
trainingng too analyzee the: behaviorr of trainingng timess farr models m
a distributed:ed and non-distributedted environmentt..

Introduction

Usuallyy , when workingz withh any nontrivialial machine learningg
application,on, a significantant amount of data: Iss required:d. NMachine
learninghg models are: valuedd depending: on how accuratelyly theyy can
complete: the: taski, and itt iss generallyly the: case thait maodels
trained:d withh higherr amounts of dataa tend! tao be more accuratee.
Althoughh many factors s are: alsoo ihvelved:d it this,s, a significantant
amount ofr data: iss needed too be processed! to) pursue: betterr and
more accuraiee models. Thiss resultsts im a risee off the: necessanyy
pracessing g power required:d to tramin models i a reasonablee amount
off time:. There aree two possiblec ways to appreachh thiss secalingig
prablemm.. The firstst iss ta performn verticalal scalingig.. The classicic
example of thiss iss adding: programmable GRUsta a host: systeam [1,
2]l. The second way thiss can be approached! iss by secalingg
horizantallyl 1y.. Thiss iss where distributed:ed machine learninghg systems
come im; these: aree systems and algorithmsns designedd to take:
advantage: off multiplele computer nodes ta processs workloadss fasterr
tham traditionalnal machine leasning g sStrategieses. Thiss projeett had
the: purpase: of viewingg how distributedted machine learningz can be
leveragedd to» alloww lowen-end devicess too be used to complete:
nontrivialial machine [easning g taskss. Thiss was exploredd by
developingg a tramingng environment/systemem ta be used farr tramingng
machine learning g models. Thiss systeam was used ta performn variQuss
testss on a microcomputerr clusterer consistingng off 4 Raspbernyy Pi
computerr nodes. These testss consisted:d off trainingng machine
learninghz models as classifiersers on the: popularr CIFARLO image
datasett. Thiss datasett consists s off 60000 32x32 colorr images of
one off tem possible ¢ classess..
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Figurecl:\Sample of data of CIFAR1Q dataset|3].aset[3].

The systemm allowedd differentnt configurationsons to trainin
maodels on the: CIFARLO testt data: withh a varyingg numiber off nodes
im the: clusterer and the: numiber of* processorr cores:s used on each
host: pracessorr. These valuess were variedd ta view the: impact: on
performances.. The unique: combinationn of these: served! as the:
differentnt testss conducted! ih the: projeett.

Problem

Currentt literatureure and researchh suggest: thatt theree are:
speed benefitsts ta trainingng moedels [ a distributedied machine
learning g envitonmentt [4],, thuss thiss poses the: questionn off
whether thiss reductioron can be l|everagedd to extend! the: possible e
use cases farr tramingng models i [owen-end computer clustersrs
such as those: made off Rasberryy Pi computers:. What are: the:
practicalal limitatieonsons off runningg distributedted machine |earning g
envifonmentt forr a Raspberryy Pi computer cluster?-? How do trainingng
timess farr models behave on such a clusterer when adding: additionahal
nodes to the: clusterer. How do trainingng timess behave when
Increasingng the: amount of- pracessing gz power i the: clusterer.
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Methodology

For thiss projeet,t, a systeam or envifonmentt was required:d wihich
would alloww ta quicklyly trainin and testt machine [earning g models not onlyy
im a sihglee hostt machine but to alsoo be distributedted throughh multiplele
hostss.. The developed! environmentt consists.s off a conmibinationn of toelss
and code. The system |everagedd containerr technologyy ta package the:
source: code and dependenciess ihtoo deployablees packages (dockerr
images/containérs) s ). Thiss includedd the: code farr two ML |earningig
algorithmsys, one wused forr traditionalnal ML and one forr DML These
executable ¢ packages could! be deployed! to the: Raspberryy Pi clusterer (as:
shown im Figuress 2 & 3) usihg: availablele containerr orchestrationion toolSs..
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Figure<2: Visualization of source coderdeployed an: Raspberoy Pk Clusterry pPi Cluster.
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Figure<3:2Visualization of packaging: seurce code for deplayment-ondRaspberry on Raspberry
Pi Clusteter.

The deployment: pracess:s was modifiedd when runningg differentnt testt
cases. Thiss was accomplishedd throughh the: creatiolon off configurationion
fileses thatt could! be used to) definee varouss constrainists forr containers-s
as theyy were executed!. A separateec configurationion filele was required:d forr
each testt case, varyings 1 too 3 Nodes and 1 taw 6 of availablele
pracessorss.. One node of the: clusterer was always: reservedd ta act as the:
master node which handled! coordinationon when using: multiplele nodes..
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Figure«4.2isualization of modifying«deploymentqarameters forpackages throughckages through
compose fileses .

Results & Analysis

Fram the: resultsis, vanouss trendss regardingig the: recaollecteded
dataa could! be seen. Firstt, ftramingng timess forr models i a
distributedted environmentt outpaced! trainingng timess forr the: non-
distributedted testss. When using: threee workerr nodes farr example the:
models were trained:d 2.64 timess fasterr tham tramingng tm a sihglee RPI
using: traditionalnal methods..

Using: additionahal nodes forr testt cases was not withoutt
consequences,, when using: multiplele nodes im testt cases the: amount of
overhead observed! when trainingng models increasedd withh the: number off
nodes used. Extrapolatingng froom observed! data clustersrs withh higherr
tham 5 nodes would resultit i more time: spent: coordinatingng nodes tham
actuallyly performingz work when trainingng a model. Reducing the:
potentiala1 benefitit of adding: additiohalza1 nodes..
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Figure 5: Training times and recorded overhead for training models varying
the allowed node count in the cluster.

A similarar patternrn can be seen when comparing: speedup valuess
froom testt cases where the: numiber off nodes variedd and those: where the:
node count: remaim constant,t, but the: core: count: vartedd. Im the: laterr
speedup, valuess showed diminhishingng retums s meanwhile: i the: farmern
speedup valuess forr adding: additiohalal coress grew steadilyly as theyy
were added.
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Figuree/:NMisualization of fecorded-speedup values when: varyingithe node/counthe node count
used in training modelsvs speedup valties oabservedawheniincreasing equivalentzg equivalent
core:cauntstin a constantsthree node=configurationt iguration.

Figure<8:dmage: of Raspberpy Pi Cluster wisedin-project. in project.
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Conclusion

For thiss projeet,t, an environmentt forr trainingng machine
learninghg models withh the: functiohality ity to) scales up or dowmn withh
relative ve ease was successfullyly createdd. Thiss systemm was used to
examine the: performances of- an RPI clustersr im tramingng classifierier
models over the: CIFARLO datasett. By observingg tramingng timess
praduced! by the: testt cases,, itt was found thatt i generall, maodels
praduced! usihgz a distributed:ed approach were trained:d im lesss time:
tham models tramed:d  withh an undistributed: ed appreach..
Additionally] 1y, when examining: the: effeett off adding: additiohahal
cores: to the: systemm withoutt the: added complexity:y off addihg:
additionahal nodes itt was found! thatt thiss couldd resultt im greateer
speedup valuess when adding: the: equivalentht processinggz power of an
additionalal node to the: systemn. Ittt iss apparentt thatt trainingng
machine learninghg models was feasiblele ihn an RPL. Althoughh
examining: recoveredd dataa ittt was observed! thatt trainingng time:
couldd not be reduced! ihdéefinitelyely by adding: additionalal nodes ta
the:  clusterr, due to  dimihishingng  retumnss.. For  thiss
implementatioh;n, the: max practicalal number off RPI thatt could! be
used im the: clusterer was found! too be froom 4 tao 5. Since: RPI are
not traditionallyally designed! to> have theirir hardivare: be upgraded,,
thiss createss a hardl limitit farr workloadss able: too be rum on RPI
clustersrs..

Future Work

The biggestt difficultiesties involved:d withh thiss projeett
revolvedd araund the: hardware: limitationsons of the: ihdividualial
Rasbernyy Pi computers:. Thiss resulted:d i slowen development: and
testinghg timess forr the: projeett. When selectingng the: toelss and
softwaree used im thiss projeett the: focuss was placed! on toelss thatt
were simples ta implement: and allowedd forr fasterr praototypingng thiss
came at the: consequence off using: toolss thatt requite'e more
pracessing gz power to) operates i comparisom to more lightweightht
toolss.. Futuree work would includele a revisionon off the: code used to
implementt more lightweightht softwaree and reduce: the: numiber of
toolss used such as docker ta analyze: the: impact: on thiss couldd
have on trainingng timess.. Additionally]ly, alternatete datasetss and
typess off machine learning g prablems: shouldd be testedd to verifyfy
the: resultsts acrasss differentnt machine leasning g algorithmsns..
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