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Editorial

| Me mori am
Donald G. Perrin

Dr. Elizaketh Perrin,Editor in Chieffor this Journal passedwayon April 7,2017endinga
brilliant andproductivecareerasscholarandeducatorin 1949shewasbornof Americanparents
in ChugigamataChile. Shegraduatedrom GardenCity High Schoolon LongIslandNY in
1943.In 1946,shecompletedan A.B. from BarnardCollegeandin 1947,studiedMetaphysics
andLogic at Oxford Universityin England Elizabethtaughtat lowa StateUniversityandOrange
CountyCommunityCollege,NY, andcompleteda Mastersin Philosophyfrom Columbia
Universityin 1951.

In 1953, Elizabethgraduatedrom the NeighborhoodPlayhouseschoolof the Theatrein
GreenwichVillage, New York, whereshelearneddancefrom MarthaGraham playedingénue,
andsharedhe stagewith SteveMcQueen PaulNewman JoannéNoodwardandotherswho
distinguishedhemselvedn Hollywood. For almosta decadeElizabethactedin stageandfilms
in New York, WashingtorD.C., EuropeandCalifornia,includinga oneyeartour asfoil to
GrouchoMarx.

Startirg in 1962,shetaughtEnglishasa Second_anguaggESL) asan Adult Educationteacher
for the Los AngelesCity SchoolsShewaswriter andteachefor KMEX Channel34in Los
Angeleswith ESL courseghatattractechalf a million viewerseachday.In 1966,shebecame
ElizabethPerrin ShereceivedherPh.D.in Educationfrom the University of SouthernCalifornia
in 1976. Whenher family movedto the EastCoastin 1969 Elizabethworkedin MediaResearch
for the U.S. Office of Educatiorandmediadesignfor QueenAnne Schoolin Maryland. Shewas
activein raisingafamily of five with horsetrainingandfrequenthorseshows. In 1976the family
returnedo SoutherrCalifornia.

Elizabethwentinto RealEstatefor afew yearsuntil draftedby California StateUniversity (CSU)
Northridgeto design setup,andoperatdour distancelearningclassroomsgor the Schoolof
EngineeringA towerfor ITFS broadcasbn Mt. Wilson reachedhe Los AngelesareaandSouth.
Shedevelopeda microwavenetworkto CSU campusef centralCalifornia, ChinaLake military
baseandultimately connectedo the networkdevelopedy CSU Chicoin NorthernCalifornia.
Later,at SanJoseStateUniversity, Elizabethdevelopeda programin Total Quality Management
for Silicon Valley industies describedn thefor October2016editorial of this Journal.

In 1996to 2003, Elizabethwaspublicationseditor for the United StateDistancelearning
Association- Ed ata DistanceandUSDLA Journal.ln 2004to the presentshewasEditor-in-
Chieffor the Internationallournalof InstructionalTechnologyandDistancelearning.Her
dedicatiomndhardwork asteacherconsultanteditorandpublisheris deeplyappreciatednd
will besorelymissed.
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E d i tNote:@his paper seeks to understand and validate connectivism theory. The paper questions
connectivism's principles, compares it with other learning theories, and validates it in relationship to Artificial
Intelligence and Artificial Neural Networks.

DoeAr ti fNieawirNedlt weu kp o r t

Connect@&asissaqmpt i ons ?

Alaa A. AlDahdouh
Portugal

Abstract

Connectivismwaspresentecsalearningtheoryfor the digital ageandconnectivistslaim that
recentdevelopment Artificial Intelligence(Al) and,morespecifically,Artificial Neural
Network (ANN) supporttheir assumptionsf knowledgeconnectivity.Yet, very little hasbeen
doneto investigatehis braveallegation Doesthe advancemernin artificial neuralnetwork
studiessupportc 0 n n e c tassuniptiomsBrsl if yes,to whatextent?This paperaddressethe
aforementionedjuestionby tacklingthe coreconceptof ANN andmatchingthemwith
connectivist'sassumptionsT he studyemployedthe qualitativecontentanalysisapproachwhere
theresearchestartedwith purposelyselectecandrelatively smallcontentsamplesn
connectivismandANN literature.TheresultsrevealedhatANN partially supports

C 0 n n e ¢ tasswriptoompat this doesnot meanthatotherlearningtheoriessuchas
behaviorismandconstructivismarenot supportecaswell. Thefindingsenlightenour
understandingf connectivismandwhereit maybeapplied.

Keywords:learningtheory;connectivismgonstructivismpehaviorismartificial neuralnetwork; ANN;
neuralnetwork;artificial intelligence;Al ; machindearning;e-learning;onlinelearning;distancdearning

Introduction

In 2005,GeorgeSiemensstartedhis proposedeaming theory,connectivismpy assertinghe
hugeimpactof technologyon our learningactivities.In his words,"technologyhasreorganized
howwe live, howwe communicateandhow we learn" (Siemens2005,p. 1). It thusfollows that
learningtheoryshouldreflectthesechangesBasedon this assumptionhe criticized former
learningtheoriessuchasbehaviorismandconstructivismandadvocatedewtheoretical
framework.The suggesteframework,of coursejncorporatesechnologyin its principles.
Specifically,oneof c 0 n n e c tpiingiplesstat@shat"Learningmayresidein non-human
appliances'(Siemens2005,p. 5). This principle alludesto the ability of technologyto learn.

Beforelong, StepherDownesembracedhetheoryandintegratedt to theideaof connective
knowledgewhereknowledgeis distributedandit doesnot existin a specificandsingleplace
(Downes2005,2006) Downes(2012)concentratedn networkstructureof theinternetandhow
it mayempoweronline studentgo do thingsthatwerehardlyeverpossiblebefore,suchas
distancecollaboratiomandinformationsearchingMore recently, Downesshareda sequencef
postson artificial intelligenceandneuralnetworkfindingsin indicationof their relevanceo
connectivism.

Aldahdouh,OsérioandCaires(2015)explainedtheideaof networkedknowledgethoroughlyand
madeit clearerin relationto Al. Theyclaimedthatconnectivisms basedn networkscience
principles.Their stepby-stepexplanatiorof knowledgenetwork(neural,conceptuabnd
external)hasled themto arguethatconnectivism'hasbeendrawnfrom along history of
Artificial Intelligencefindings” (p. 17).



Ontheotherhand,theseallegationshavebroughtcriticisms to connectivismyVerhagen(2006)
arguedthatmachinédearning,inductivelearning,andfuzzy logic sdtware havenothingto do

with humanlearning."Modern cognitivetools arenothingbut anextensiorof thetoolkit"
(Verhagen2006,p.4). InV e r h a pesspeétigeartificial neuralnetworkdoesnot differ from a
pocketcalculator Moreover,Bell (2011)repeatedlymentionedhatc o n n e c tpiingigles mé s
lack of rigor andare, in mostpart,untested.

Althoughthesecriticismswerepresentedight after proposingconnectivismyery little hasbeen
doneto examinetherelationshipbetweenAl findingsandc o n n e c tpiingigles.Thé s
guestionof whetherconnectivismwasbuilt ontop of Al findingsremainedalmostintact. In this
article, ANN wasselectedo represenmachindearning(whichis abranchof Al) for many
reasonskirst,thecoreideaof ANN is inspiredfrom humanbrainand,secondconnectivists
frequentlyreferto ANN asif ANN hassupporedtheir claims.

This studyreviewedliteratureof both connectivismandANN andtried to matchtheir principles.
Thepaperstartswith brief descriptionof connectivismThenit movesto describeANN concepts
in relationtoc 0 n n e ¢ tassumiptomsBubsectionfcludeartificial neuronnetwork
architecturesindlearningalgorithm.The paperavoidspresentingcomplexalgorithmsto improve
text clarity andreadability.In addition,it avoidsgoinginto ANN detailsthatwill notservethe
purposeof this study;the readershouldbe awareof the extendibility of conceptgpresentedhere.

Connectivism

Thereasonghatmakeeducatorkeento developnewlearningtheorycanbe summarizedn three
broadmotives (1) internationalgrowth in internetusageandthegapbetweerl e arané r s 6
s ¢ h oaativittes(Bell 2010;Brabazor?016) (2) half-life of knowledgebecomeshorterand
knowledgechangesapidly (AldahdouhandOso6rio2016;Aldahdouhetal. 2015;Downes2006;
Siemeng006) (3) andhumantechnologyinteractionwheretheinteractionleadsto changesn
both sidesof the equation;astechnologychangeshumanalsochangegDirckinck-Holmfield,
JonesandLindstrém2009;Siemen2005)

Connectivisnstartedfrom thesepremisesandintegratedprinciplesfrom differenttheories
includingchaos network,andself-organizatiortheories Siemeng2005)introduced
connectivismasanalternativetheorywhich wasnot built on previouslearningtheoriesIn
generalconnectv i s pmicplesareshifting focusfrom contentitself to the connection®f
content.Maintainingexistingconnectionsimakingdecisionof which connectiongo add,and
creatingnewconnectiondbetweerdifferentfields areessentiapartof learningaccadingto
connectivism.

Thecoreassumptiorof connectivismis thatknowledgehasa structure;andthis structures better
to beconceivedasa network(Aldahdouhetal. 2015;Downes2005,2006; Siemen2006) A
networkis a groupof nodedinked to eachotherby connectionsA nodecanbein oneof three
differentlevels:neural,conceptualandexternal(Aldahdouhetal. 2015; Siemensand
Tittenberge2009) A connectiorservesasa bridgethatconveysnformationfrom onenodeto
anotherThe moreconnections networkhas,the morerobustit will be.Withoutthose
connectionsthewholenetworkwill fall apart.Thus,Siemeng2006)hasconcludedhat"The
pipeis moreimportantthanthe contentwithin the pipe” (p. 32). This makesthe contentless
importantin comparisorto theconnectionA moreextremeview towardcontentseest as
somethingrom the past;'Contentis a print concept{Cormier2016) However,Aldahdouhetal.
(2015)adoptech moderateview towardcontentin that"The informationneedsa connectiorto
reachthetargetandthe connectiomeedgheflow of informationto stayalive. Therefore no flow
of informationexistswithout connectiorandno connectiorremainswithout flow of information™

(p-12).



Thesecondcoreassumptiorof connectivisnis thata singleconnectiorbetweertwo nodesdoes
nothavemeaningn its own. Themeanings distributedacrosggroupof connectionalled
pattern(Downes2006) The pattern‘refersto a setof connectiongppearingogetherasasingle
whole" (Aldahdouhetal., 2015,p. 5). This patternshouldbe consideredsthe smallestunit that
hasmeaningn its own. And hence the networkcanbe seenasa groupof paternsthatinteract
with eachotherto give the meaningof the entirenetwork.Sinceconnectionsnay'die'or 'live’,
the patternsandthe knowledgeareconceivedasdynamicobjectswheresomenodesbecome
isolatedandothersbecomeconnectedT he patternschangerapidly which madeAldahdouhetal.
(2015)seeknowledgeasa "jellied creature'(p. 15).

Theaforementionegssumptionsanleadusdirectly to the definition of learningin
connectivismlf knowledg hasa networkstructureandmeanings distributedin dynamic
patternsthenlearningshouldbe definedas"a continuousprocesf networkexplorationand
patterndinding; it is a processof patternstecognition"(Aldahdouhetal., 2015,p. 14).

This paperconcentratesnoneofc o n n e c tpiingigleswhiéhgefersto the ability of
technologyto learn.This principle hasbeencriticized andits meaning.emainsunclearfor some
researchera/hile othershavequestionedts validity (Bell 2011;Kop andHill 2008;Verhagen
2006) Thepaperdoesnot providecomprehensiveeviewof connectivismiiterature. Thereacer
is recommendetb seethework of Aldahdouhetal. (2015)for clearerexplanatiorof thetheory.
Neverthelesghe paperwill returntoc o n n e c tpiingiglesasitéesplainsthe conceptof
ANN.

Artificial Neural Network

Artificial Intelligence(Al) refersto theart of creatingmachineshatareableto think andactlike
humars; or think andactreasonablyfRussellandNorvig 2010) In orderto build anagentthat
canthink andactasso, theagentmustbe ableto learn newthings.To learn meanghatthe agent
shouldimproveits performancen future taskstakingits pastexperiencénto accountRussell
andNorvig 2010) Making anagentableto learnis anareaof studycaled MachineLearning
(ML).

Artificial NeuralNetworkor ANN is a softwarestructuredevelopedandbasedon concepts
inspiredby biological functionsof brain;it aimsat creatingmachinesableto learnlike human
(Goodfellow,Bengio,andCourville 2016;Nielsen2015;RussellandNorvig 2010) Thus,ANN
is partof ML. Interestingly ANN hasmanyothernamesn Al field includingparalleldistributed
processingneuralcomputatiorandconnectionisnfRussellandNorvig 2010) Most ANN types
aresupervisedearning network.Thatis, bothaninput andthe correctoutputshouldbe givento a
networkwherethe networkshouldlearna functionthatmapsinputsto outputs.Therearesome
typesof ANN suchasDeepBelief Network (DBN) which can do unsupervisedndsemi
supervisedearning (Nielsen2015) However, researchs still conductingon DBN to improveits
performanceThis article concentratesn supervisedearningnetworkswhich showeda very
goodperformancen wide variety of tasks.

Beforeproceedingnto details,it is importantto knowthatANN isavivid researctarea.Recent
years,namelyfrom 2011to 2015,have withessed sequencef recordsbreakingin thefield of
ML drivenby ANN (Nielsen2015) Evenmore,Goodfellowetal. (2016)indicatedthat ANN
evolvesrapidly sothatnewbestarchitecturé'is announceceveryfew weeksto months"(p. 331).
This makeswriting this article a very challengingask.

Artificial Neuron

Sinceastructureof ANN hasbeeninspiredby biologicalbrain, ANN shouldcongst of a
collectionof neuronsAl researcherdesignedrtificial neuronscalledperceptrorandsigmoid
which arebelievedto havesimilar functionto a biologicalneuron(Goodfellowetal. 2016;



Nielsen2015) Artificial neuronis hereaftereferredto asneuronfor short A neuronis anode
thatreceivesnputfrom precedingheuronsandmakesa decisionto ‘fire' to thenextneuronsTo
makethatdecision,t shouldfirst evaluateesachinput accordingto its own perspectiveandthen
sumall inputsupto getasingleandholistic view. Finally, a neuronpresentghe holistic view to
its internaljudgmentsystemo makea decisionto fire or not.
gas price
$200

car insurance
$150

parking cost
$100

Fig. 1 Perceptron neuron

This systemseemdrivial butit turnsoutto be a complicateddecisionmakingmodel. For
example supposehatyou area neuronandyou wantto makea decisionto buy car.You
probablymakethatdecisionbasedon manyvariableswhich mayincludegasprice ($200),car
insurancg$150),andparkingcost($100).In your perspectivecarinsuranceandgasprice are
moreimportantandmorelikely to increasen nearfuturethanparkingcost.In this caseyou
weighup carinsurancg1.5) andgasprice (1.5) while downplayparkingcost(0.5). Thenyou
sumthatupto gettheholistic perspetive (100*0.5+ 1.5*150+ 1.5*200).Thereforg according
to your own perspectivea carwould costyou $575permonth. Thenyou presenthis holistic
perspectivdo your internaljudgmentsystemwhich mayhavebeenpreviouslyseton a specific
threshold($480). Therefore you makea decisionnotto buy a carbecausét exceedshe
threshold($575> $480).Your own perspectivesf inputs,theinternaljudgmentsystemandthe
thresholdarecalledweights activationfunctionandbiasrespectivelyBy changimg weightsand
biasyou reacha completelydifferentdecision.For example setgasweightto 1 insteadof 1.5and
noticethedifference.Searchingor weightsandbiasthatgeneratéhe desiredoutputis the job of
learningalgorithm.

In the previousexanple, we imagineda neuronasa person.This sounddamiliar in connectivism
literature.Connectivist®oftenarguethat networksexisteverywhereandthesenetworksare
similarin someway or another{Downes2016) Interestingly researchersm ANN sharethe same
assumptiorwith connectivist{Nielsen2015) Theysometimesonceivea singleneuronasa
personandin someothertimesconceivethe whole networkasa singlehumanbrain.Zoomingin
andout helpthemunderstan@ndmodify boththe neuronandthe networkin very similar way.
We will seein nexthow this assumptiorworkswell in bothlevels.Anotherthing thatmatches
connectivismwell is thebiasof a neuron.Eachneuronhasits own biasand,therefore ANN
containsa variety of neuronsn which eachneuronworksin completelydifferentway. In
connectivismPownes(2010)identifiesfour principlesfor applyingdemocracyn education:
autonomydiversity,opennessindinteractivity. Siemeng2005,2006)stateghatknowledgeand
learningrestsin diversity of optionsandAldahdouhetal. (2015)argueghateducationasystems
shouldfosterthelearnerstliversity,nottheir similarity.

Previouslygivenexampleseemedsthougha neuronworkswell in simulatinghumandecision
makingsystemHowever,with little thinking, onecanfigure outthatit doesnot. Supposédor
instancethatyou keptall variablevaluesastheywerein the previousexampleexceptyour
perspectivef (weightof) gasprice.f you settheweightto be (1), thenyour holistic perspective
becomeg$475).Thisis belowyour biasvalue($480),thusyou decideto buy a car.Now, try to



setyour perspectivef gasto be (1.05).Your holistic perspectivdbecomeg$485) Thatis greater
thanyour biasvalue($480),thusyou decidenot to buy a car. Thisis really a naivesystemOur
internaljudgmentsystemsdo notdo that. In realworld, 5 dollarsbelowor abovea predefined
thresholdmay not makethatdifference.Thisis calledperceptromeuronwhich hasa hard
activationfunction (RussellandNorvig 2010) It would be betterif a neuronhasa soft activation
function. Soft sothatit goesgraduallyfrom (Yes, | will absolutelybuyacar)to (No, I will
absolutelynot buy a car). Notethatwe havejust concentratedn the meaningof the outputitself
butit is evennotlogical thata verytiny shiftin asingleweight(from 1 to 1.05)makesthatbig
differencein theoutput.If ANN is goingto learntheright weightsandbiasesa smallchangean
oneweightor biasshouldproducesmallchangen networkoutput(Nielsen2015) In orderto be
ableto learn,ANN shouldmoveslowly andsmoothlyfrom onedecisionto anotherForthese
reasonsANN researcherbaveexaminedmanyalternativesoft activationfunctionssuchas
sigmoid, tanhandrectifiedlinear neuron

gas price
£200 __Yes
"
/
. !
car Ellslggance #x1.5 No —— A
Maybe

parking cost
$100

Fig. 2 Sigmoid neuron

In comparisongconnectivisimhasbeencriticizedfor its oversimplificationof interactionbetween
nodesasthe connectiorcanbe eitheractiveor inactive(ClaraandBarbera2014) However,
connectivismproponentgAldahdouhet al. 2015)haveshownthata connectionis gradedandnot
necessarilygharp.The gradedview of a connectioris congruentwith sigmoid neuronfunction.
Otherissuepresentedhereis the speedf learning.Connectivisnputsthe bulk of its attentionon
therapid changeof knowledgebutit doesnot describenow exactlya learningprocesss in this
dynamicenvironmentHowever therearesignsin connectivismiteraturethatalearningprocess
shouldcopewith this rapidchangeForexampleponeof thec 0 n n e ¢ tpiinviglesstat@shat:

Decisionmakingis itself alearningprocessChoosingwvhatto learnandthe meaningof
incominginformationis seenthroughthelensof a shifting reality. While thereis aright
answemow, it maybewrongtomorrowdueto alterationdgn theinformationclimate
affectingthedecision(Siemens2005, p. 5).

Aldahdouhetal. (2015)emphasizethe sameconceptandcriticized the educatiorsystemasthey
said,"Sciencesaredevelopingvery rapidly andthe (reluctant)deriversdecisionsarecomingtoo
late" (p. 13).

Thus,the outputof soft neurongoessmoothlyfrom 0 to 1. The outputis now arealnumber.Even
thoughthis soft neuronseemdo work betterthanhardneuronit still hasits own problemsTake
for examplea sigmoidneuron.



MNeuron final decision

(output)
1
P
05
0
| |
$350 $400 $475 $550 $600  |nternal judgment
system threshold
(bias)

Fig. 3 Sigmoid activation function

Supposéehatyourinitial thoughtwasto buy a caronly if it costsyou lessthan$600permonth.
Thatis, your biaswassetto $600.Supposédurtherthatyou werewrongandyou shouldlearnthat
$475is theright thresholdusinga sigmoidfunctionasshownin Fig. 3. Sinceyou learnaccording
to asigmoidfunction,you shouldgo slowly from $600downa curveto $475.Note thatasyour
biaschangegrom $600to $550,your decisionremainsnearlyconstantit is almostl. Thesame
hasto besaidif you shouldgo from $350to $400.In theseperiods the outputof the neuronis
saturatedNielsen2015) It seemsasthougha neurondoesnot learnanything;biaschangedut
thatdoesnot producea changdan adecision.This is oneof the problemsof sigmoidneuron.To
solvethisissue researchermakelearningspeedndependenbn activationfunction (Nielsen
2015) Sigmoidneuronis still oneof the mostusedneurontypesin ANN. Othercommonsoft
neurontypesshowsimilar and,in somecaseshetterperformancehansigmoid(Goodfellowet
al. 2016;Nielsen2015) Different soft neurontypesandhow theyreflectto educationatontext
deservea separatevork.

An obviousandlegitimatequestiorto askis whetherthesefunctionsreflecthumaninternal
judgmentsystemFor example suppose learnerin anonlinelearningsettng hasinternal
judgmentsystemlike a sigmoid.In this casewhenastudentdecidedo shareandcommentall the
time or decidedo besilentall thetime, couldthatbeasignthatheis at saturatiorlevel? Could
thatbeasignthatheis notlearningnewthingsWang,ChenandAnderson(2014)indicatedthat
"the interactionof connectivisiearningis dividedinto four levels:operationinteraction,
wayfindinginteraction,sensemking interaction,andinnovationinteraction"(p. 121). These
levelsgradefrom concreteo abstractindfrom surfaceto deepcognitiveengagemen®attern
recognition,decisionmaking,aggregatiorandsharingappeaion sensemakintgvel. This means
thatsharingactivity residesn the samelevel aslearningprocessn connectivismDownes(2009)
assertedhe sameconceptandsuggestedour stepsfor networkcreation aggregationremix,
repurposendfeedforward. Thus,educatingstudentdo shareinformationfrequentlyis oneof
the connectivismaimsandit is partof student'dearningprocessThis is not congruentwith at
leasta flat partof sigmoidfunction.

Nielsen(2015)hasshownthata neuroncanalsoimplementanylogic gate(e.g.NOT, AND, OR
andNAND). This meansasingleneuronhassomesortof logic in its own anda network of



neuronsgs actuallya networkof logic gates For examplejf youwantto designa networkto
computea sumof two bits, you mayneeda networkof (n) neuronsAnd if youwantto multiply
two bits, you mayneeda networkof (m) neuronsandsoon.

Fromthis, we havea hunchthatmeaningexistsin patternof connectionsvhichis oneof the
mainc o n n e ¢ tasswriptoomsBusfor now, athingwe aresureaboutis thatonenodein a
networkhastrivial meaningn comparisorto the meaningof agroupof nodes Actually, we are
usuallynotinterestedn asinglenodemeaning(AND, OR, NAND); we areinterestedn the
meaningof the groupof nodesasa whole (summationmultiplication).In connectivismthis
matcheghe conceptof emergenproperty(Downes2016)where"a compoundechodeis larger
thanthe sumof its innernodes'(Aldahdouhetal., 2015,p. 12).

Artificial neural network architectures

The previoussectiondescribes singleneuronfunction. It is time now to seehow researchers
arrangegroupof neurongo form alearnablenetwork.In this article,the way of arranging
neuronsn certainorderis callednetworkarchitecture RecallthatANN mayreferto two levels
of abstraction(1) ANN asap e r shoamansg(2) ANN asagroupof learnersThus,network
architectureefersfirst to alearner'snnerabilitiesandmentalcapacitiesand;secondrefersto a
way in which designer®f learningenvironmentrrangea networkof learners.

It is worth notingthat ANN is a universalmodelingsystemUniversalitymeanghat ANN can
learnanygivenfunctionno matterwhatneurontypeis used.It hasbeenprovedthatwith few
neuronsandby changingbiasesandweightsonly, ANN cancomputeanyzigzagshapedunction
(Nielsen2015) Thequestionnow is how we arrangeneuronsn ANN to makeit easierfor a
learningalgorithmto find thosebiasesandweights.For clarity andsimplicity, the paperdivides
themostcommonANN architecture®asedon threecriteria: (1) numberof layers,(2) flow of
informationand(3) neuronconnectivity.

Number of layers:

By looking on how manylayersa networkhas,ANN canbedividedinto (1) shallowand(2) deep
networks

Input layer Hidden layer Output layer

11

88

.
olol6l0
oGlolo

Fig. 4 Shallow neural network

A shallowneuralnetworkconsistf threelayersorderedfrom left to right: (1) input, (2) hidden
and(3) outputlayer. Theinput layerdoesnot really consistof neuronsActually, it carriesthe



inputvaluesto the network.For example a valuethatpasse$rom X; 2to nextneuronss 25,
whichis theinputvalue.The secondayeris namedhidden’becausét residesn the middle and
doesnotappeaiin eithertheinputor the output of the network.Otherthanthat,it is anormal
neurallayerwhich containsnormalneurongNielsen2015) The outputlayeralsocontains
normalneuronsandits outputrepresentthe outputof the network.

Input layer Hidden layers Output layer

0.3

4.2

Fig. 5 Deep neural network

A deepneural networkis the sameasshallowneuralnetworkbut it hastwo or morehidden
layers.This architecturés alsocalledMultilayer Perceptror{MLP). The original thoughtof
presentingleepnetworkstemsfrom theideaof complexproblemdefragmentationANN
researcherfirst notedthatpeopleareusuallysplitting the probleminto subproblems solving
eachsubproblemaloneandthenreconstructinghemto solvethe entireproblem(Nielsen2015)
Theyinferredthatif thefirst hiddenlayeris goingto handlethefirst level of the problem,then
thereshouldbe secondthird andmorehiddenlayersto handlenextlevelsof the problem.The
initial stepsof trainingdeepnetworkwerefrustratingbecausehe networktook longtimeto train
anddidn't showa big differencefrom shallownetworkresults.

In generalthetermsshallowanddeeparesomehowmisleadingoecauseheyare notin line with
educationaterminologyof surfaceanddeeplearning (VermuntandVermetten2004) Actually,
thereis nothingspecialin deepneuralnetworkexceptit givesmoreaccurateesults,f it was
trainedwell. Moreover,the conceptof layersis completelyincompatiblewithc onnect i vi s mé s
assumptionsTheideaof thata networkconsistof a sequencef layerscontradictawvith chaos
theorywhichis oneof theunderpinningheoriesof connectivismOnecanarguethatorganizing
neuronsn layersis a matterof rearrangingieurongositionsspatiallyandthis doesnotimpose
anyconstrainion neuronsonrectivity. Thisis nottrue,eventhough,becausdy arranging
neuronsn layersa neuronoutputis not allowedto connectto neurongn anylayerotherthanthe
nextlayer.It shouldbeunderstandabldioweverthatANN researcherthoughtto arrangeANN
in layersto facilitate the computationamodelof a networkwhereeachlayeris representetty
two mathematicavectors onefor biasesandanotherfor weights.

Flow of information:
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Input layer Hidden layers Output layer

Fig. 6 Feedforward neural network

In feedforwardnetworks the outputof alayeris usedasaninputfor the nextlayer. Thereareno
loopsin feedforwardnetworks;informationflows in onedirectionwherethe outputof a neuron
canneverreturnto its input. Feedforwarchetworkis oneof the mostusednetworkstructures.
Thevalueof this structures self-explanatorysinceit significantlyreduceghe network
complexity.

Input layer Hidden layers Output layer

63 | (12 | (80| |12

32(|14||25(]|0

41(|36]|24| | 11

t &b t G

Time

Fig. 7 Recurrent neural network

Recurreninetworkis afamily of neuralnetworksthatprocessegheinput sequentiallyandallows
feedbaclkconnectiongGoodfdlow etal. 2016) Feedforwardchetworkstructureassumeshatall
inputsareindependenof eachother(Britz 2015) It assumeshatinputsorderhasno meaning.
This, however turnsoutto befalseassumptiorior sometasks.For examplejn naturallanguage
processingthe orderof wordsmakesa significantdifferencein meaningRecurrat networktries
to recoverthis issueby allowing feedbackn a network. Thefeedbacks allowedbutwith a delay
constraintThatis, if theinputsarea sequencef A, B andC; thenthe outputof hiddenlayerin
stepA canonly be passedo theinput of thehhiddenlayerin stepB, notthe hiddenlayerin stepA
itself. To makea networksimple,ANN researcherasuallyunfold theloop to seewhatit looks
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like on eachstepof theinputs.In Fig. 8Fig. 8, onecanseethataloop allowsinformationto fl ow
from onestepto anotherand,therefore actsasa memory(Britz 2015;Goodfellowetal. 2016;

Olah2015)

Time

Output layer

Hidden layers

Input layer

to ty t 3
>

Time

El Time

Fig. 8 Unfolded recurrent neural network

Notethatatto, theinput of neuron(X1,1) is 12 andthe outputof neuron(Xs 1) is 9. At t,, thesame
neuron(Xy,1) receiveghe sameinput (12) buttheneuron(Xs,1) showsllasanoutput.Thisis
mainly becausé¢he hiddenneuron (X, 1) receivedeedbackrom its previousstateat ;.

Flow of informationandconnectiordirectionalityaresomeof subjectdiscussedn connectivism
literature.Aldahdouhet al. (2015)showedthatsomeconnectionsn knowledgenetworkare
bidirectionalwhile othersunidirectional Theyalsoshowedhat"The nodecanconnecto itself"
(p- 5). A latterconcepts congruentwith recurrentout not with feedforwardnetwork.However,
cautionshouldbetakenwhencomparingANN architecturevith connectivismResearchers
restricttheflow of informationin feedforwardnetworkanddelaythefeedbackn recurrent
networkbecausét is the only way they cancontrolandcomputethe output;not becausehey
believeit is theright way of controllingtheflow of information.With thatsaid,onecanconsider
ANN structureasa specialcaseof connectivisrmetworkstructure The secondandvery
importantpointto makehereis theinclusionof time in networkdesign Thetime makesa
significantdifferencein networkoutputandthatis oneof the commonpointswith connectivism.
C o n n e c tprinciplenfsldifing reality matcheshe examplegivenabove."While thereis a
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right answemow, it maybewrongtomorrowdueto alterationgn theinformationclimate
affectingthedecision”(Siemens2005,p. 5). Moreover,Aldahdouhetal. (2015)clearlycalled
for consideringhetime asoneof knowledgedimensions.

Neuron connectivity:

By looking on how eachneuronconnectgo otherneurons ANN canbedividedinto (1) fully
connectednd(2) convolutionalnetworks.

Input layer Hidden layers Output layer

Fig. 9 Fully connected neural network

In fully connectedhetwork eachneuronin a specificlayeris connectedo all neuronsn the next
layer. Theideaof this connectivityis to allow maximuminteractionsbetweemeuronslt is also
logical to think of fully connectedetworksincewe don'tknow in advancewvhich connections
shouldberemovedandwhich onesshouldberemainedlt is thejob of learning algorithmto
detectthoseconnectionskFor examplejf theconnectiorbetweenX , andX, 1 shouldberemoved
in orderto generataéhe desiredoutput,thelearningalgorithmshouldfigure outthattheweight of
this connectioris 0. In otherwords,thelearningalgorithmshouldkill thislink. Onemaywonder
why would killing a specificconnectiorgenerate desiredoutput?Recallthe carexampleand
howyou downplayedheweightof parkingcost In somecasesyou mayevenneedto ignorethe
inputatall; for example you mayneedto ignoretraffic fine asa monthlycostof a car. Full
connectivitymayaddpotentialityto the networkbut it addsseverdifficulty onlearning
algorithmaswell. Adding tensof neurondo fully connectedetworkincreass the numberof
weightsandbiasedo belearneddramatically.Try to addtwo neurondo the hiddenlayerin Fig.
9 andnoticehow manynewweightsareadded.

Pooling layer

Convolutional layer
(a single [eature map)

Input layer I "Sharcd weights

Fig. 10 Convolutional neural network
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A convolutionalnetworklimits the connectivitybetweemeuronssothata neuronin specific
layeris connectednly to a setof spatiallyadjacennheurondn the previouslayer (Goodfellowet
al. 2016;0lah2014) Moreover,neurongn the convolutionallayershouldweighup the
correspondingnput neuronswith the samevalues.In Fig. 10 the samecolor connectiondbetween
theinput andconvolutionallayer shouldhavethe samevalue.Thoseconnectionsarecalled
sharedwveights.The outputof convolutionallayeris oftencalledafeaturemap.lt is calledso
becausevhenyou arrangea layerasdescribedthe outputwould be detectinga singlefeaturein
theinput (seeGoodgllow etal., 2016for details) Forexamplejf theinputlayerrepresentan
image,a convolutionallayermaydetecta verticalline in thatimage.A convolutionallayeris
usuallyfollowed by a poolinglayer.A poolinglayertakesa featuremapandtriesto summarize
it. Forexamplejf afeaturemapdetecteda verticalline in atiny spotof theimage,the pooling
layerwould summarizdhatin alargerregionandsays:thereis a verticalline in thisregion.The
assumptionsf convolutionalnetworksaundweird andcomplicated Fromwheredid those
assumptionsome?Actually, "Convolutionalnetworksareperhapghe greatessuccesstory of
biologically inspiredartificial intelligence"(Goodfellowetal., 2016,p. 364). A convolutional
networkwasdesignedo capturethe samefunctionality of the primaryvisual cortexin thebrain.

Connectivismappreciatesietworkconnectivityandseekgo increaset asmuchaspossible.
Threeoutof eightc 0 n n e ¢ tpiingiplesrefad directly to the valueof the connectionSiemens
2005) Actually, connectivisndefineslearningasthe procesf connectinghodesin a network
(Aldahdouhetal. 2015;Siemen2005) This mayindicatethatconnectivismaimsto makea
learnerasanodein thefully connectedetwork.However it hasbeenprovedthatincreasing
connectivityaddscomplexityto ANN. This complexty makedearningharderandslower.A
convolutionalnetwork,on the otherhand,decreasethe connectivityandachievedetterresults.
Connectivistshouldpayattentionto this becausét disagreesvith their mainnetworkdesigns
(seeDownes2010awork). In short,onecanarguethatconnectivismagreeswith fully conneted
networkbut disagreesvith convolutionalnetwork.

It is importantto notethatthe classificationshownaboveis superficialandAl researcherare
usedto mixing networkarchitecturesogether For example a networkcould be deepfully -
connectedeedforwardnetworkor deepconvolutionalnetwork. Sometimesa network
architectureandits oppositecanbe mixedtogetherFor example a deepnetworkmay consistof
two convolutionallayersfollowed by onefully -connectedayer.In generalmixing differert
networkarchitectureshowsbetterresultandaccuracyln connectivismcontext,this may
indicatethatmixing connectivist'srietworkstructure(fully connectedetwork)with otherlimited
andlooselyconnectedstructuresvould give usbettereducationatesults.

Learning algorithm

Designingnetworkarchitecturess a difficult taskbuttrainingandteachinghesenetworksare
surelymoredifficult. To understandiow ANN hasbeentrained.,it is betterto startwith avery
simpleoneneuronexample(Goodfellowet al. 2016;Nielsen2015) The principleswhich are
usedto teacha singleneuronarealsousedto teacha whole network.However,a networklevel
addsextracomplexitywhich requiresanadditionalstep.

Suppose/ou havea very simpleneuronwith oneinputandoneoutput. You wantto teachthis
neuronto do a certaintask(for exampleto memorizea multiplicationtablefor number5). To
teachthis neuron ANN researchergsuallygiveit aso-calledtraining set A trainingsetcontains
anumberof differentinputvalues (1, 2, 3, 4, 5, 6 ...) pairedwith the correctoutput(5, 10, 15, 20,
25,30...).
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Fig. 11 Labeled training data
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Fig. 12 Single neuron training

Thedifferencebetweerthe neuronoutputandthe desiredoutput presentsomethinguseful. The
functionwhich measuresghe differenceis oftencalleda costor lossfunction. Therearemany

waysto calculatethe costfunction. Oneof the simplestcostfunctionsis the MeanSquarecderror
(MSE):

1.
Clw.b)=——a lly,- a,|P jeq

MSE is theaverageof squareof differencedetweerthe correctoutput(yx) andthe outputof the
neuron(ay) for eachgiveninputx in thetrainingset.Onemay simply understandhis functionas
away to measurehe differencebetweerall as andcorrespondings. It is alsoimportantto note
thata costfunctionis written asa function of weight(w) andbias(b). Thatis to say,this is a cost
of settingtheweightandbiasof theneuronin specificvalues.If we changehevaluesof w andb,
thenwe shouldre-calculatethe costagain.If the newcostwaslower, this meanghatthe
differencebetweerthe desiredoutput(ys) andthe neuronoutput(as) becamesmaller.Thatis, if
we foundw andb thatmakeC(w,b) approachingo 0, thenwe in fact havefoundtheright value

of wandb. Thejob of learningalgorithmis now to searchor weightsandbiaseghatreducethe
costto minimum.

Beforegoingfurtherin alearningalgorithm,it is betterto stopa while on someof theideas
presentegofar andmatchthemto educationatonceptsFirst, thelabeledtraining datawhich
containgheinputvaluesalongwith correctoutputassumeg&nowledgeassomethingstaticand
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somethingve know in advanceLearningalgorithmis not allowedto manipulatenputs or correct
outputsin anycase(Nielsen2015) This limits theability of ANN to learnsomethingpreviously
known, notto discoversomethingnew. Theideaof staticknowledgecontradictswith

c 0 n n e c tpiingiplesfmydhamicknowledge.The secondmportantpoint hereis howwe
couldinterpretthis algorithmin aneducationalcontext.Let uscontinuewiththec onnect i vi s mdé s
assumptiorthata singleneuronrepresenta person.Thus,theinputsof the neuronwould
representhetraining materialor the currentlearningexperiencesr he correctoutputsrepresent
thereaity (ontology)andneuronoutputsrepresena person'erceptionsaboutthereality
(epistemology)Thedifferencebetweemeuronoutputsandcorrectoutputsrepresentshe gap
betweerlearner'perceptionsandthereality. Thatis to say,learningis the procesf minimizing
thegapbetweerearner'perceptionandthereality. Of course this definition perfectlyfits
constructivistheoryof learning.JeanPiaget(2013)interpretslearningprocessnainly usingtwo
subprocessesassimilationrandaccommodationAssimilationrefersto learner'sendencyto use
his currentknowledgeto dealwith newsituationswhile accommodatiomefersto learner's
tendencyto changehis currentknowledgewhenit conflictswith reality. This theoryclearly
matchegheway usedto teacha neuronusinglabeledtrainingdata.ANN researchers,
furthermorejnsistthat,in thelearningstage pneshouldlook atthe gapbetweerepistemology
andontologynot atthe correctnessf epistemologyNielsen2015) Thereasorfor this claimis
thatthe numberof correctanswerss not smoothlyrelatedto the changesn weightsandbiases.
Thatis, in learningstage ateacheishouldnot counthow manytimesalearnergivescorrect
answerandtry to increasgehem.Instead ateachershouldfocuson the gapbetweenvhata
learnerbelievesandthereality andtry to decreasé. In otherwords,if alearnergivestwo wrong
answerg123,24) for a givenquestion(5x5=?),theseanswershouldnot betreatedequal.
Becausavhenaleamersays24,it seemselearnedsomethingcloserto thereality eventhough
theanswelis notcorrect.

Thetime hascometo seehow alearningalgorithmfinds weightandbiasthatminimize the
outputof a costfunction. To understanavhatthe algorithmdoesiit is betterto plot a cost
functionin relationto the variationof weightandbias.Sincethe outputof a costfunction(C)
depend®n weight(w) andbias(b) of theneuronthenwe mayplot C in threedimensionakpace
whereeachoneof w, b andC representenedimension.

C(w,b)

Fig. 13 Cost function in relation to weight and bias
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Thevariationof weightandbiaspairin relationto a costfunctionmay constituteanyterrain
forms. Supposat lookslike avalley asshownin Fig. 13Fig. 13. Sincewe selectedhe valueof
weightandbiasrandomlyat the beginningtheinitial valuesof weightandbiascanrepresenany
pointlocatedonthe surface Supposéhe pointis locatedasshown.A learningalgorithmshould
find awayto roll the pointdownthe hill andmakeit settleatthe bottom.Findingaright direction
in threedimensionakpacds notaneasytaskbecausé comprisesvatchingthe variation of
threevariablesatonce.lt is betterto split thetasksowe watcheverytwo variablesalone.To do
so,we shouldpretendasif thethird variableis constant.
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Fig. 14 (1) Cost function in relation to bias. (2) Cost function in relation to weight

In thefirst plot in Fig. 14, we areinterestedn finding atiny changen biasthatmakesthe cost
smallerwhile keepingtheweightconstan{the samehasto be saidfor theweightchangein the
secondplot). To find thistiny changewe haveto find aratio ((&/O bthatrelatesthe changeof
bias(ab) to thechangeof costwhile keepingtheweightconstan{eC,). Thisratiois knownas
partialderivative

_HC o L _ MHC .
Dc, =— Db hDc, = — Dw icqQ
bb ©
A total changdn costis the summatiorof seC; andaC,.

Dc:£Db+5—VCVDN joq

Notethata changeof costaeC alsomeanghedifferencein the costvaluebeforeCoq andafter
Crewthechangeoccurs.
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Why choosinghesevaluesof aav and adb would guarante@eC to be alwaysnegativeBecausédy
substitutingthesechoicesinto a&C equation(3), onemay easilyfind thatthesechoicesmakesure
aC negative.

Ao ~2 o ~2g
[x:-h%ﬁg +%£8l:,l j(Pq
g+ chb=y
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C .
Db=-/7um ixa

Notefirst thatasignof d refers to thedirectionin which we wantto goto. A negativesignmeans
we wantto go downthe curve.Now, if we choose] large,the stepof adb becomesvide. And if
we choosed small,the stepof adb becomeginy. Therefored controlsthe speedf ab learning
Sinced appear®n aav andagC equationsaswell, thenwe cansaythatd controlsthe speedf a
neuronlearningandit is logical to call it learningrate.lt seemgemptingto increase] sothe step
becomesvider and,hencethe pointreacheshe bottomfaster.However thisis afalse
conclusiorbecause slope(GC/ W)is only valid for atiny shift of b. To understanavhy, look at
Fig. 15 below:

c 4

Fig. 15 Effect of selecting different value of bias on learning
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Suppose/ou havea costfunctionin relationto biasasshownin thefigure. Theinitial pointisin
(X). Theredline representshe slope(QC/ i) atthis point. First, if we choosed very small,the
resultwould beavery smallstep like ab;. Thisis notagoodstrategybecausét requiresmany
stepsheforewe reachthe bottomof the curve.Therefore Jearningbecomesery slow. Onthe
otherhand,if we choose] verylarge,theresultwould be avery wide steplike ads. Thisis nota
goodstrategyaswell. It makesthe pointjump to highercost(y). In this casetheright choiceof q
shouldbe anintermediatevaluethatproducessteplike a,. How do ANN researcherginethe
valueof d? Sofar, thereis norule andtheydependmerely ontry-anderror strategy(Nielsen
2015)

It is obviousthatextractinganunderstandableducationainterpretatiorout of this partof the
algorithmis notaneasytask. This paperdoesnot alsoclaimthatit will offer acomprehensive
interpretationInsteadtheinterpretatiorcomingshortly shouldbe seemasaninitial steptoward
understandingnachindearningalgorithmsin a humanitariariearningcontext.Cumulative
effortsfrom concernedesearchermayeventuallyleadusto betterunderstandingumanand
machinelearning.

Recallthatthe costrepresenta gapbetweenlearner'sspistemologyandontology. Thus,onemay
arguethat Coiq representthe gapbeforepassinghrougha learningexperiencelikewise, Crew
representthegapafterpassinga learningexperienceAs alearnerpasseshroughalearning
experieme,thegapreducedrom Coq to Crew Thegapshrinkagds aC. Therefore gC represents
thelearningoutcome Thelearningoutcomestemsfrom the changen abiasof alearner'snternal
judgmentsystem(a) andhis own perspectivdaan). Changingstudent'perspectivesav andhis
biasab towardsmallergapbetweerepistemologyandontology(Crew< Coig) represents
learningoutcomeseC. Or in short,thelearningoutcomerefersto the extentof progress learner
makesin bridgingthe gapbetweenrhis epistemologyandthe ontologyafter passindearning
experience.

A learningratereferssimply to the speedf learningoutcome Or how fastalearnershouldlearn
Thelearningrateshouldnot betoo fastthatmakesa learnefjump from pointto point; longjumps
disruptlearning.A learningrateshouldnot be very slowtoo; it makesalearnercrawl in details
thatwould not servehim to achievehis goal. Findingtheright paceof learningis a difficult task
thatdepend®ntheinitial stateof thel e a r pemspediweandbias.The determinantactorof

| e a r spegrofiemrningis wherehis epistemologys locatedin relationto the ontology.This
may interpretwhy eachlearnerhashis own learningrateandwhy the sameearnemay change
his ratefrom taskto task.

Onenotein ANN modelof learningis how Al reseachersaresettingthevalueof learningrate.
Actually, learningrateis oneof manyotherparametersvhich areleft freefor humanandoutside
of A N N @atrol. For example (1) the numberof layers,(2) the numberof neuronsn each
layer, (3) thesizeof trainingset,(4) the activationfunctiontype,and(5) regularizatiorparameter
aswell as(6) thelearningratearesomeof thosefree parametersvhich arecalledhyper
parametergNielsen2015) Choosingheright valuesof hyperparameterss left for a personwho
manageshe ANN (seeFig. 16).
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Fig. 16 Artificial Neural Network and human management

As we assumedn thebeginningthatANN mayrepresenalearner this makesuswonderwhat
doesthis persorwhois playingwith hyperparametersepresatin ah u mamirid3Arguably,
hyperparameterareaway in which thelearnerexercisegontroloverhis thoughtsandlearning
and,thereforethis personrepresentd u m aagedcyor consciousnes8andura(2006)contends
thathumanagencyhasfour corepropertieswvhich distinguishhumangrom automatons:
intentionality,forethoughtself-reactivenessandselfreflectivenessThesefour propertiesare
sometimereferredin educationaliteratureasseltregulationandmetacognitiveprocesses
Accordingto VermuntandVerloop (1999) metacognitiveegulationactivitiesarethosethinking
activitieslearnerauseto decideon their goals,to exertcontrol overtheir processingandaffective
activitiesandto steerthe courseandoutcomef their activities.For purpose®f illustration,
considerthefollowing analogyof a softwareengineemlanda learnablesoftware.The software
engineerrepresentthe consciousnessho setsthe goals,plansfor experiencegnonitorsand
evaluateshe progessof learning.A learnablesoftwarerepresents neuralpatternwrittenin the
brain. This learnablesoftwareis anelasticprogramwhich canautomaticallydetectsts mistakes
andrewritesitself but undersupervisiorof the engineerThe engineemanaes,directs,and
givesinstructiongto the learnablesoftwarebut doesnot engagen writing the softwareby hand.
Theengineeiis nota programmerndhe doesnot evenawareof how the softwareis written.
Oncethesoftwareis written6 ¢ o r r thecdndciguéneseeleasedts controloverthewritten
softwareandthe softwareis working deliberately Only whensomethinggoesunexpectedthe
consciousnessomeshackto exercisecontrolandregulateghe procesof rewriting the software
again.Bandura(1999,2006)criticizesc 0 n n e ¢ tviewohhursanléamingasit concentrates
merelyon neuralpatterngo interpretlearningandargueghatthis view strips humansof agentic
capabilitiesanda selfidentity. In contrary,Bandura(2006)conceivesonsciousnesasan
emergenpropertyof brainactivitieswhichis notreducibk solelyto the propertyof neurons
activity. In otherwords,theconsciousness higherlevel forcewhichis aresultof lower-level
neuralactivitiesbutits propertiesaarenot limited to them.As clarified in this study,ANN design
showsthe needfor consciousnestrceto manageandregulateANN learningbutthis forcedoes
not occurasanemergenpropertyof neuralactivity asBanduraproposesRather,t is a
completelydistinctentity which usesguidesandmanageshe neuralactivity anddoesnot result
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from it. Siemeng2005)defineslearningasa proces®of connectingspecializednodesbut, asfar
aswe know, connectivisndoesnot referto learningrateandotherhyperparameterfn its
assumptionsConnectivisms alsocriticizedfor its ambiguityin thatit doesnot showhow pattern
recognitionis done(Aldahdouhetal. 2015) It is not clearin connectivismwhatthe
characteristicef patternrecognitionare.

Up to now, the paperpresentdearningin oneneuronlevel. Eventhoughtherulesof learningin
oneneuronlevel areapplicablefor a networklevel, the complexityandtime spentin traininga
networkincreasedramatically.Supposehatyou havea deepfully -connectedetworkasshown
in Fig. 17:

Fig. 17 Fully connected neural network with 44 neurons

In this network,you needto repeatedlycalculatebiasesandweightsaccordingo the equations:

C . C .
bnew- bold :-hIJE h Whew ™ Woid :-h“m jl-I—Q.

Old valuesof weight (woiq) andbias(bog) weregivenfrom the previousstepor weresetrandomly
atthefirst step.You provideanarbitraryvaluefor learningrate(d) andtuneit by try-and-error
strategy Theremainingpartis to calculatepartial derivatives(CGx/ §pand(Ge/ ). Our network
has44 neuonsbutatypical ANN mayhavemillions of neuronsin suchnetworks finding
gradientbecomes tedioustask.Partof thedifficulty in finding partialderivativesfor each
neuronreturnsto thefactthatatiny shift in singleneuronweightor biaswill propagateo all
neurondn the nextlayer.And thenextlayerwill propagatehangedo the nextlayer,andsoon.
Thistiny shift significantlychangeshe costof thewhole network.ANN researcherbavefounda
way to tracethesechangesalledbackpropagation Back-propagatioroutperformedall other
methodausedpreviouslyto computegradient(Goodfellowetal. 2016;Nielsen2015) Thecore
ideaof backpropagatiordepend®n calculatingpartial derivativesusingmultivariablechainrule
in mathematicsPresentinghe mathematicamodelof backpropagatiordoesnot servethe
purposeof this study.Intuitively speakingbad-propagatiorstartsby computingthe errorin the
outputlayerandthenuseshis errorto computethe errorin the precedindayers,oneafter
anotherThatis, it goesthroughthe networkbackward At theend, it usesthe error matrix to
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