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ABSTRACT

Theincreasedprocessingpowerofgraphicalprocessingunits(GPUs)andtheavailabilityoflarge
image datasets has fostered a renewed interest in extracting semantic information from images.
Promisingresultsforcompleximagecategorizationproblemshavebeenachievedusingdeeplearning,
withneuralnetworkscomprisedofmanylayers.Convolutionalneuralnetworks(CNN)areonesuch
architecturewhichprovidesmoreopportunitiesforimageclassification.AdvancesinCNNenable
thedevelopmentoftrainingmodelsusinglargelabelledimagedatasets,butthehyperparameters
needtobespecified,whichischallengingandcomplexduetothelargenumberofparameters.A
substantialamountofcomputationalpowerandprocessingtimeisrequiredtodeterminetheoptimal
hyperparameterstodefineamodelyieldinggoodresults.Thisarticleprovidesasurveyofthehyper
parametersearchandoptimizationmethodsforCNNarchitectures.
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INTROdUCTION

ThegrowthinInternetofThings(IoT)(Bubley,2016),andemergenceofsocial,webandmobile
applicationshaveprovidedaccesstolargeimagedatasetsasaresultofamoveawayfromtextbased
tovisualcommunications.Thiscoupledwiththeadvancesinstorageandprocessingtechnologieshas
madeitpossibletoprogressfromimageprocessingtointerpretingimagesforextractingcontextual
information.ArtificialIntelligence(AI)aimstoendowmachineswithsimilarcapabilitiesoflearning,
perceptionandreasoningasthatofahuman.Thequestion,‘Canmachinesthink?’wasposedin1950
(Turing,1950)throughan‘imitationgame.’ChallengesofAIremain,despitesubstantialprogress
inlearningalgorithms(Bengio,2009).Machinelearningisasub-fieldofAIthatmakesitpossible
forcomputerstolearnwithoutexplicitlybeingprogrammed(Neetesh,2017).Machinelearningfor
visionproblemscomprisestechniquesthatcanprovideintelligentsolutionstocomplexproblemsof
interpretinganddescribingascene,givensufficientdata.Muchprogresshasbeenmadeinthisarea,
butimprovementsareneeded.OnetechniquethathasrisentopredominancerecentlyisArtificial
NeuralNetwork(ANN)thatwasinspiredbybiologicalneuroninterconnectionsandactivationsof
humanbrain(DeepLearningtutorial,2015).
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Deeplearning,abranchofmachinelearning(Bhandare&Kaur,2018)thatderivesitsname
fromneuralnetworksthatcompriseofmanylayers.Multiplelayersareusedtomodelhigh-level
featuresfromcomplexdata,witheachsuccessivelayerusingtheoutputsfromtheprecedinglayer
asaninput(Benuwa,2016).Anoverviewofdeeplearningtechniqueswithafocusonconvolutional
neuralnetworks(CNNs)anddeepbeliefnetworks(DBNs)isprovidedtogetherwithadiscussionon
sparsityanddimensionalityreduction(Arel,2010).Benuwa(2016)reviewdeeplearningtechniques
alongwithalgorithmprinciplesandarchitecturesfordeeplearning.Areviewofrecentadvances
indeeplearningisprovidedin(Minar,2018)aswellastaxonomyofdeeplearningtechniquesand
applications.Areviewofdeepsupervisedlearning,unsupervisedlearning,andreinforcementlearning
isprovidedin(Schmidhuber,2015)coveringdevelopmentssince1940.

The aim of training neural networks is to find weightings that achieve better classification
accuracy(Nguyen,2018).Thesenetworksrequirealotoftime,processingpower,anddatainorder
tobetrained.Aftertraining,aneuralnetworkcanbeusedtomakebetterpredictionsontestdata
(Neetesh,2017).Deeplearningalgorithmsarecomplextodevelop,trainandevaluate.Aneuralnet
(Krizhevsky,Sutskever,&Hinton,2012)with60millionparametersand650,000neuronstookalong
timetotrainonImageNet(Dengetal.,2009),inordertoclassify1.2millionimages.Theincreased
researchinterestinneuralnetworksisduetothepromisingresultsobtainedforImageNetcompetitions
(Krizhevskyetal.,2012).CNN,theleadingtypeofneuralnetworkshavebeenusedforclassifying
largeimagedatasets(Krizhevskyetal.,2012;Szegedyetal.,2014).Theapplicationofdeeplearning
fordifferentmedicalimagemodalitiesisprovidedin(Shen,Wu,&Suk2017).

CNNshavealsobeenappliedforcombiningimageinformationoveralongdurationvideoofup
totwominutes(120frames)tosolveclassificationproblem(Ngetal.,2015).Adynamicallytrained
CNNwasproposedforobjectclassificationinvideostreams(Yaseen,Anjum,Rana,&Antonopoulos
2019).The imagefeatures fromhidden layersofdeepneuralnetworkswereextractedfor image
recognitionin(Hayakawa,Oonuma,&Kobayashi2017).

Althoughthefieldsofartificialintelligenceanddeeplearningareverypromising,thetechniques
aredeeplyrootedinprobabilisticfoundations.Animportantaspectoftheneuralnetworksperformance
isthehyperparametersorthemodelparameters,andtheirimpactonresults.Thisaspectiscritical
todesigninganddevelopingefficientmodels.CNNarchitecturesaredependentonhyperparameters
andanincorrectchoicecanhaveahugeeffectonperformance(Albelwi&Mahmood,2016).

Beforeaneuralnetworkcanbetrained,hyperparametervaluesmustbedetermined.Thenumber
ofhyperparametersincreaseswithcomplexdeepneuralnetworks(Ozaki,Yano,&Onishi,2017).
Theseneedtobecarefullyfine-tunedforaparticularapplicationtoyieldgoodresults(Soon,2018).
Deepneuralnetworksareverysensitivetohyperparametervalues(Domhan,Springenberg,&Hutter,
2015)andmayfailtotrainforslightlynon-optimalvalues(Ozakietal.,2017).Therefore,thesuccess
ofaneuralnetwork,toalargeextent,isgovernedbythecorrectvaluesofitshyperparameters(Soon,
2018).Hyperparameteroptimizationistheprocessofoptimizingalossfunctionoveraconfiguration
space(Bergstra,Bardenet,Bengio,&Kégl,2011).TooptimisehyperparametersforasuitableCNN
architectureisaniterativeandlengthyprocess(Hinz,Navarro-Guerrero,Magg,&Wermter2018).

ThispaperprovidesasurveyofthetechniquesfordeterminingtheoptimalCNNhyperparameters
whichwouldbehelpfultoaresearcherandimplementerinchoosingtheappropriatestrategydepending
ontheavailabilityoftime,expertise,andprocessingpower.

CNN ARCHITeCTUReS FOR deeP LeARNING

Computer vision technologies for object recognition have undergone rapid advances, and better
techniqueswithimprovedresultshavebeenproposed(Krizhevskyetal.,2012;Dengetal.,2009).The
emergenceofneuralnetworksforcomputervisionapplicationscanbeattributedtoDengetal.,(2009)
andLecunetal.,(1989).Althoughbiologicalvisionsystemsandprocessesarenotfullyunderstood,the
currentmethodofANNsyieldspromisingresults.TheImageNetLargeScaleRecognitionChallenge
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(ILSVRC)hasbeenrunningsince2009andprovidesacommonplatformforcomparingcomputer
visionalgorithmsforobjectdetectionandclassification(Russakovskyetal.,2015).

ANNsaremodelledonthehumannervoussystem(Kienzler,2017)andneedcomputational
powerandlargevolumesofdatatobetrainedbeforetheycanbesuccessfullyused.ANNscanlearn
fromanymathematicalrelationbetweentheinputandoutput(Kienzler,2017).Alargenumberof
labelledtrueandfalseexamplesarerequiredinsupervisedlearningtotraintheANNbeforegood
resultscanbeobtained.Deeplearning,asub-fieldofmachinelearninghasprovidedwinningresults
inpatternrecognition(Benuwa,2016).

DeeplearningisdriverformanyapplicationsinAI(Tibbetts,2018).Deeplearninghasreplaced
theuseofhandcraftedfeaturesthroughuseoffeaturelearningalgorithms(Benuwa,2016).Adeep
neuralnetwork iscomprisedofmany layers.The layersbetween the inputandoutput layersare
termedhidden layers (Figure1).Thedepth increases interconnectionsandcomplexityofnodes.
Theinitiallayersworkonlow-levelfeatures,lines,circlesetc.,whereasthedeeperlayersworkon
higherorcomplexfeatures,untilthewholeimageisrecognized(Kienzler,2017).Suchsystemscan
performatthesameorbetterlevelsthanhumans(Kienzler,2017).Deeplearningmodelsareableto
recognizemorecomplexfeaturesaccuratelyandinlesstimecomparedtoahuman(Tibbetts,2018).

Ofparticular interestareCNNsthatcanprocessspatialdataandtakeafixedsizeinputand
generatefixedsizeoutputs.ThusCNNs,duetotheirinherentnature,aremoreapplicableforobject
recognitionproblemsexploitingthespatialdimensionsofheightandwidth.GenerallyDeepNeural
Networks(DNNs)areconsidereddifficulttotrainbutCNNsfarebetterandbettergeneralizationis
possiblebyCNNarchitecturetovisiontasks(Bengio,2009)asCNNsaredesignedtoworkontwo-
dimensionaldata(Arel,2010).CNNsgenerallyperformbetteratextractingimportantfeaturesfrom
imagesmakingthemwell-suitedforimageunderstanding(Arel,2010).

IMPORTANT CNN HyPeR PARAMeTeRS

Itisimportanttounderstandthatthereisaninterplayandinterdependenceofhyperparameters.Saari
(2018)foundthatthetwochosenhyperparameters,depthofCNNandaregularizationtechnique
(DatasetAugmentation)affectedtheresultssuchthatitwasconcludedthatinsteadofapplyingboth,
onlyonecouldbeusedforoptimalresults.Inaddition,theselectionofthehyperparametersfortuning
alsoaffectstheresultsasallhyperparametersdonothavethesamesignificanceforthetrainingor
testaccuracyofthemodel.Abriefsummaryoftheimportanthyperparametersisprovidedbelow:

1. ArchitectureTypeandNumberofHiddenLayers

The number of hidden layers defines the depth of the network. The depth of the proposed
architectures has been consistently increasing and in general was shown to yield better results.
However, alternate architectures with less depth have also been proposed (Hasanpour, Rouhani,
Fayyaz,&Sabokrou,2016)thatareusefulforembeddedsystemswithlessprocessingpowerand
demonstratedthatareasonablydeepnetworkcanperformcompetitivelytomoredeeperandtherefore
complexnetworks.

2. Optimizers

Therearemanyoptimizersreportedintheliterature,butsignificantonesincludeRMSProp,
StochasticGradientDescent(SGD)andAdam.Theseprovidegoodresultswithabatchsizeof32
to512(Keskar,Mudigere,Nocedal,Smelyanskiy,&Tang,2017).Keskaretal.(2017)havestudied
SGDwithlargerbatchsizesfordeeplearningapplications.Animportantandcommonparameterin
alltheseoptimizersisthelearningrate.Thevalueofthelearningrateischosentobebetween0and1.
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3. ActivationFunction

Koutsoukas,Monaghan,LiandHuan(2017)comparedtheactivationfunctionsandfoundthat
ReLUprovidedthebestresultsoverall.MorecomplexvariantsofReLUhavebeenproposedrecently,
that is,LeakyReLUsignifying improvement in resultswith rectifiernon-linearities as compared
tosigmoidalones(Maas,Hannam,&Ng,2013)andPReLU(He,Zhang,Ren,&Sun,2015).The
implementationsareavailableinKeras(Keras)as“AdvancedActivations”.

4. DropoutRegularization

Atrainedmodelshouldperformwellonunseendataduringtesting(DeepLearningtutorial,
2015).However,acomplexmodelcanlearnthetrainingdataperfectlyandthenfailtogeneralizeto
unseenexamples,aphenomenontermedasoverfitting.Overfittingcanbeavoidedbyregularization
techniques,suchasDropout(Srivastava,Hinton,Krizhevsky,Sutskever,&Salakhutdinov,2014).
DataAugmentationisanothermechanismtoaugmenttheexistingdatabygeneratingnewimages
throughsimpleoperationssuchasflipandrotationonexistingdata.

5. ConvolutionLayer

A convolution layer comprises of many parameters, the important ones are the number of
kernelsappliedtoeachlayer,theheightandwidthofeachconvolutionalkernel,zeropaddingand
stride.Withoutzeropaddingthesizeoftheconvolvedimagewillreduce.Stridedefinestheamount
ofmovementofthekernelaftercalculatingavalue.Ifitismorethanonethentheconvolvedimage
willagainreduceinsize.

Figure 1. Artificial Neural Network (ANN) with the number of hidden layers defining the depth of network. Each layer transforms 
its inputs through trainable parameters, that is, weights. A shallow network has fewer hidden layers compared to a deep network.
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6. DimensionsofPoolingMatricesinPoolingLayers

Generally,a2×2sizeforthepoolingisusedfordownsamplingtheimageintohalf.Alarger
poolingmatrixsizewouldreducetheimagesizeevenfurtherthanhalf.

7. NumberofEpochsandBatchSize

Anepochconsistsofonepassoftheentiredatathroughthenetwork.Thedataispassedthrough
thenetworkbydividingitintobatchesorsets.Thus,manyiterationswouldberequiredtoprocessall
thedatathroughthenetwork.Ingeneral,ahighervalueforepochwillprovidebetterresults.

HyPeR PARAMeTeR SeARCH MeTHOdS

Hyperparameteroptimizationor tuning is aprocess applied to tune themodelby tweaking the
parametersforthebestresults.Themodelmaybesusceptibletodegradationbysmallchangestoits
parameters.Forexample,theremovalofonelayerfromthefivelayerconvolutionalmodeldegraded
theperformance(Krizhevskyetal.,2012).Thus,alotofmutualinterdependenciesmightexistamongst
theidentifiedoptimumhyperparameters.Thenumberoftrainingparameterstobeconsideredfora
deepnetworkislargeandtherequiredtimeandcomputationalresourcesmakeitinfeasibletosweep
throughtheentireparameterspace(Benuwa,2016).

Manydifferenthyperparametersmethodhavebeenreportedintheliterature.Thechoiceofa
particularmethoddependsonthechosenarchitecture,numberofselectedhyperparameterstobetuned,
availabilityoftimeandprocessingpower.Afterconsideringthevariousstrategies,wecategorizedthe
differentstrategiesinto3types,namelyconventional,frameworkbased,andoptimizationspeedup.
Thiscategorizationhelpstoshowanevolutionfromearlierconventionaltorecentmethodsthatare
focussedonautomatedoptimizations,reductionofhyperparameters,andspeedup.Wesurveyand
providestate-of-thearttechniquesforhyperparameteroptimizationsfromtheresearchliterature.

Conventional and exhaustive Search Methods
Conventionalmethodseithertryoutalltheselectedhyperparametersexhaustivelyorrestrictthe
searchtoachosensubsetbasedonitssignificanceorselection.Thesemethodsweregoodforsimple
networks but have limited performance for complex networks having a large number of hyper
parameters.VarioussearchmethodsareoutlinedbelowandsummarisedinTable1.

Manual Search
Themanualsearchmethodcanhavepromisingresultsintermsoftimeandselectedhyperparameters
becauseunlikethegridsearch,ahumancanruleoutsub-optimumhyperparameterseasily.

A manual search for DNNs is described in (Koutsoukas et al., 2017) by considering hyper
parameterssuchasactivationfunctions,learningrate,numberofneuronsperlayer,numberofhidden
layers,anddropoutregularization.TheperformanceofDNNswerecomparedwithsomeothermachine
learningtechniques,suchas,NaïveBayes,k-nearestneighbour,randomforests,andsupportvector
machines.DNNwerefoundtooutperformtheotherselectedalgorithms.

Inearlierwork(Nazir,etal.,2018),asimplearchitecturewasusedtoeasilyinvestigatetheeffectof
parameterchangeonimprovingimageclassificationresults.Oneparameteratatimewasinvestigated
toobtainbetterresults.However,thefocuswasoninvestigatingalargeselectionofimportanthyper
parametersfor learningratesactivation layer,momentum,andbatchsizewhileat thesametime
makinguseofregularization(dropout)(Krizhevskyetal.,2012;Srivastavaetal.,2015)andbatch
normalization(Ioffe,&Szegedy2015).KeraswasusedwithTensorflow(Abadietal.,2015)(asa
backend).CIFAR-10(Krizhevskyetal.,2012;Heetal.,2015)wasalsoused.
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Amanualprocessforinvestigatingallbutonefixedhyperparametertoobtainasetofhyper
parametersisreportedbyNguyen(2018),aimedatachievinghyperparameterswithhighclassification
accuraciesandtoshortenthetrainingtime.AmodifiedCNNmodelbasedonVGGwasused.The
resultswereprovidedforCIFAR-10,CIFAR-100,GTSRB,andDSDL-DB.Thehyperparameters
investigatedwerelearningrate,batchsize,andinitialweights.Theweightswereinitializedbased
onsimilarnetworkweightfactors.

Characteristicsofmanualsearch:

• Thepersonhasinsightandunderstandingoftherelativeimportanceofthehyperparameters
forthegivenmodel.

• Theexpertcoulddetectfailuresandterminatetrainingatanearlystage(Ozakietal.,2017).
• Manualoptimizationisnothinderedbyanytechnicaloverhead(Bergstra&Bengio,2012).

Grid Search
Gridsearchisacommonmethodforhyperparameteroptimization(Bergstra&Bengio,2012).Itis
anexhaustivesearchforalltheselectedvaluesofthehyperparameters.Thisisavailableinmany
softwarepackagesandcanbeeasilyspecifiedbylistingthevaluesfortheselectedhyperparameters
to be investigated. Under software control, it will step through all the possible combinations to
determinethecombinationthatyieldsthebestresults.

Grid search based methods worked well in earlier machine learning models with limited
parameters.Itisarguedin(Bergstra&Bengio,2012)thatgridsearchmaybeapoorchoiceasitalso
considershyperparameterswhichmightnotbeimportantforagivendataset.

CharacteristicsofGridSearch

• Mostpopularmethodforhyperparameteroptimization(Albelwi&Mahmood,2016).
• Gridsearchimplementationissimpleandcanbeparallelized(Bergstra&Bengio,2012).
• Itcanfindbettervaluesthanapurelymanualsearchgiventhatsufficientcomputingresources

areavailable(Bergstra&Bengio,2012).
• Itcanperformreliablyforoneandtwo-dimensionalhyperparameterspaces(Bergstra&Bengio,

2012).
• It triesallpossiblecombinations thushavinganexponentialgrowthwithan increase in the

numberofhyperparameters(Hinzetal.,2018).

Random Search
BergstraandBengio(2012)showedthatrandomsearchcanbeusedtosearchforhyperparameter
valuesyieldingbetterresultscomparedtoGridsearchinhigherhyperparameterspaces.Random
searchalsorequireslesscomputationalpower.Itwasrevealedthatmanydatasetshaveonlyafew
hyperparametersthatarereallyimportantandthatfordifferentdatasets,differenthyperparameter
configurationsmayberequired.Randomsearchcanactasabaselineagainstwhichotheroptimization
methodscanbeevaluated.RandomsearchandGridsearcharesimilarinthatbothcanbesimply
implementedusingthesametools.Randomsearchdidnotperformaswellasthecombinationof
manualsearchfollowedbygridsearch,comparedtoanexpert(BergstraandBengio,2012).

Characteristicsofrandomsearch:

• Worksbydrawingarandomvaluefromeachparameterofinterestbasedongivendistribution
(Hinzetal.,2018).

• Thesecanalsobeusedtoinvestigatetheeffectofonehyperparameter,similar toamanual
search(Bergstra&Bengio,2012).
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• Canbeparallelized(Ozakietal.,2017).
• Canhandleintegerandcategoricalhyperparameters(Ozakietal.,2017).

Bayesian Optimizations
Bayesian Optimization uses probabilistic Gaussian processes for approximating and minimizing
theerrorfunctionforhyperparametervalues.However,thisrequiresestimatesofmanystatisticsof
theerrorfunctionthatcanmakethesemethodsinefficientforevaluatingdeepneuralnetworkhyper
parameters(Ilievski,Akhtar,Feng,&Shoemaker,2017).Therefore,manyothermethodshavebeen
proposed,suchasGaussianProcess(GP)andTree-structuredParzenEstimator(TPE)method.

AtutorialonBayesianoptimizationsisprovidedbyBrochuetal.(2010).Bayesianoptimizations
use Bayesian techniques to get a posterior function. Two techniques, active user modelling
and hierarchical reinforcement learning are also described therein. The limitations of Bayesian
Optimizationssuchasfeatureselectionandtime-varyingmodelsarealsodescribed.

Table 1. Conventional methods for hyper parameters search

Techniques 
considered Hyper parameters Dataset Accuracy/ Benefits Reference

Manual

Activationfunction,
learningrate,
numberofneurons
perlayer,dropout
regularization,
numberofhidden
layers

CHEMBL

ReLUactivation
functionperformed
betterthanSigmor
Tanh

(Koutsoukasetal.,
2017)

Manual

Optimizer,learning
rate,numberof
epochsandbatch
size,activation
function

CIFAR-10 Empiricalsearchof
hyperparameters (Naziretal.,2018)

Manual,Merged
datasets

Learningrate,batch
size,

CIFAR-10,
CIFAR-100,GTSRB,
DSDL-DB

Datapre-processing
increased
classification
accuracies,and
trainingCNN
acceleratedby
momentumoptimizer

(Nguyen,2018)

Grid,Manual,
Random

8globalhyper
parametersand8
hyperparametersfor
eachlayerresultingin
32hyperparameters
fora3layermodel

MNIST

Randomsearchis
efficientcomparedto
gridsearch,random
searchappropriate
asbaselinefor
performance
comparisons

(Bergstra&Bengio,
2012)

Bayesian
Optimizations

StandardBayesian
optimization
withstandard
hyperparameters,
Optimization
functionandlearning
rate

CIFAR-10and
Caltech-101

10%betterresults
thanthebaseline
intransferlearning
comparedtomanual
methods

Borgli(2018)
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Bergstraetal.(2011)haveconsideredtheBayesianoptimizationwithaGaussianProcessbased
method, Sequential Model-Based Optimization (SMBO), and Tree-structured Parzen Estimator
method(TPE).

BayesianoptimizationswithstandardparameterswereusedbyBorgli(2018)tooptimizethe
hyperparametersoptimizationofCNNfortransferlearningfortwopubliclyavailableimagedatasets
forgastroenterology.Itwasshownthatautomatichyperparameteroptimizationprovided10%better
resultsthanthebaselineintransferlearningcomparedtomanualmethods.

Framework Based Methods
The limitation of conventional manual or exhaustive search methods is that they require lot of
computationandtime,andmayrequireexpertinsightsforoptimalhyperparameterselection.Onthe
otherhand,automatedhyperparameteroptimizationscanbeusedbynon-experts.Foradeepneural
network,itcouldstillrequiresignificantcomputingresourcesandtimethushinderingitsadoption
(Domhanetal.,2015).Thissectiondescribesvariousframework-basedmethodswithasummary
providedinTable2.

Optimization Framework
AnoptimizationframeworkisproposedthatcanautomaticallydeterminethearchitectureofaCNN
foragivenapplication (Albelwi&Mahmood,2016).Theyusedvisualization fordeconvolution
networksandaccuracytoproducebetterresults.Thecomputationalcostwasovercomeusingthe
Nelder-Meadalgorithm.TheyconcludedthatCNNoptimizedhyperparametersfavouredsmallstrides
andpoolingwindows,anddeepnetworks.

Nelder-Meadisproposedforhyperparameteroptimization(Ozakietal.,2017)forcharacter
recognitionandage/gender(CNN)classification.Theauthorscontendthatthisiseasierfornon-
expertswhomayfinditdifficulttoimplementBayesianoptimizationandcovariancematrixadaptation
evolutiontechniquesthatalsorequirelargecomputingresources.Theresultswerebetterthanother
selectedtechniquesandtheNelder-Meadmethodwasfoundtoperformbestforhyperparameter
optimizationasitquicklyconvergedtolocaloptimum.

A metaheuristic optimization method, parameter-setting-free harmony search (PSF-HS) is
proposed(Lee,2018)toadjustthehyperparameters.Thehyperparametertuningwasproposedfor
CNNinthefeatureextractionstep.Thehyperparametertobeadjustedwassetasaharmony;harmony
memorywasupdatedbasedonCNNlossbygeneratingtheharmonymemoryaftertheharmony.
SimulationswereperformedusingCNNarchitecturesforLeNet-5,MNIST,CifarNetandCifar-10
datasets.Thesimulationresultsshowimprovedperformancecomparedtoothertechniquesthrough
hyperparametertuning.

Deterministic RBF Surrogates
AdeterministicalgorithmbasedonRadialBasisFunction(RBF)isproposedthatrequireslesser
functionevaluationscomparedtoBayesianOptimization(Ilievskietal.,2017).Theevaluationson
MNISTandCIFARdatasetswereshowntobebetter,thatisabout6timesfasterforobtainingbest
setof19hyperparameters,comparedtoBayesianOptimizationssuchasGP,SMACandTPE.

Evolutionary Based Algorithms
GeneticalgorithmswereusedtoautomaticallylearntheCNNarchitecture.Thenetworkstructures
arerepresentedusingafixed-lengthbinarystringandeachgenerationusedstandardmethodsof
selection,mutation,andcrossover(Xie&Yuille,2017).ThegeneticalgorithmswereusedforMNIST
andCIFAR-10,anditwasshownthattheautomaticallygeneratedstructuresperformedbetterthan
themanualones.Thestructureswerethenusedforalargerdataset,ILSVRC2012.

Ageneticalgorithmwasproposedin(Bhandare&Kaur,2018)forhyperparameteroptimization
onMNISTdataset.Anumberofhyperparameterswereselectedforoptimizations.Itwasreported
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thattheaccuracywasover90%butthebestrunhadanaccuracyof99.2%.Thesimulationresults
for theGeneticAlgorithmbasedmethodwerebetter thanmanual searchmethods (Loussaief&
Abdelkrim,2018).

AnEnhancedEliteCNNModelPropagationmethodisproposedin(Loussaief&Abdelkrim,
2018) that canautomatically learnanoptimized structureofCNNusinggenetic algorithm.The
classificationaccuracywasfoundbetterthanpublicCNNsusingtransferlearning.

Anevolutionaryalgorithm-basedframeworkisproposedforautomaticoptimizationsofCNN
hyperparameters(Bochinski,Senst,&Sikora,2017).Thisframeworkwasthenextendedforjoint
optimizationofCNNstoprovidesignificantimprovementoverstate-of-the-artalgorithmsonMNIST
dataset.OthertechniquesusingcommitteesofmultipleCNNsareoutlinedbyBochinski,Senst,&
Sikora(2017).

ParticleswarmoptimizationwasusedtoautomaticallyselectthearchitectureandCNNhyper
parameterswithanaimtoreducetheuservariabilityintraining(Soon,2018).Withoptimisedhyper
parameters,CNNarchitecturewastrainedforbetterconvergenceandclassification.Theproposed
methodswereappliedtovehiclelogimages.Theproposedmethodproducedbetterresultscompared
tootherstate-of-theartmethodsobtaining99.1%accuracy.

Evolutionaryalgorithmswereproposedforautomaticdiscoveryofimageclassifiernetworks
(Real,etal.,2017).SimpleevolutionaryalgorithmswereusedtodiscovermodelsforCIFAR-10and
CIFAR-100datasetsachievinganaccuracyof94.6%althoughthecomputationcostsweresignificant.

Reinforcement Learning
Areinforcementlearningbasedmeta-modellingalgorithmthatcangeneratebetterCNNarchitectures
automaticallyisproposedin(Baker,Gupta,Naik,&Raskar2017).CNNlayersarechosenusing
Q-learningwithgreedyexplorationstrategy to train the learningagent.Theagentselectshigher
performingCNNmodelsthroughrandomexploration.

Q-learningwithagreedyexplorationstrategywasusedin(Zhong,Yan,Wei,Shao,&Liu,2018)
withalearningagenttochoosecomponentlayers.Theyusedablock-wisegenerationthatprovided
betterresultscomparedtohand-craftednetworksanddecreasedthesearchspace.Anearlystopping
strategywasalsousedforfastblocksearch.

Analgorithmisproposedin(Mortazi,2018)foranautomaticsearchofoptimalhyperparameters
forneuralarchitecturedesignformedicalimagesegmentation.Theproposedmethodwasbasedon
policygradientreinforcementlearningandwascomputationallyefficientcomparedtoothermedical
image segmentationmethods.Theproposedhyperparameter searchalgorithmwasappliedona
proposedarchitecturewithdenseconnectedencoder-decoderCNN.Theresultswithbetteraccuracy
wereobtainedforcinecardiacMRimagesfromAutomatedCardiacDiagnosisChallenge(ACDC)
MICCAI2017withoutanytrial-anderrororclosesupervisionofhyperparameterchangesas in
othermethods.

In general, the reinforcement learning techniques limit optimization to architectural hyper
parameters and manually choose other hyper parameters like learning rate and regularization
parameters(Hinzetal.,2018).

Hyper Parameters Optimization Speedup
Themethodsinthiscategoryareaimedatreducingthetimetakenforexample,byusingtechniques
toexploittheCNNarchitecture.Thissectiondescribesvariousspeedupapproacheswithasummary
providedinTable3.

Early Termination
Aprobabilisticmodelwasusedforearlyterminationofbadrunsanditwasshownthatthemethod
provideda twofold increasecompared tohumanexperts forselectedoptimizationmethods.This
followsthestrategyusedbyhumanexpertsforearlyterminationofabadruntosavetime.Learning
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Table 2. Framework-based methods

Techniques considered Hyper parameters Dataset Accuracy/ Benefits Reference

Optimizationframework
(Nelder-Meadalgorithm)

Depth,numberoflayers,
kernelsize,numberof
poolinglayers

CIFAR-10and
Caltech-101

Improvementinoverall
results,framework
contributingtonetwork
depth,strideandpooling
size

(Albelwi&Mahmood,
2016)

Co-ordinatesearchand
Nelder-Meadforage/
genderclassification

LeNethyperparameters
forMNIST,iterations
20000,batchsize50,
learningratedecay

MNIST,age/gender

Nelder-Mead
outperformedrandom
search,Bayesian
Optimization,CMA-ES,
andcoordinatesearch

(Ozakietal.,2017)

Parameter-setting-free
harmonysearch(PSF-HS)

Optimalhyperparameters
throughharmonies,kernel
size,stride,zeropadding,
numberofchannels,
kernelsizeandstride

LeNet-5,MNIST,
CifarNet,Cifar-10

Improved
performance(reduced
numberofweights
andbiastobetrained)
comparedtoearlierCNN
architectures

(Lee,2018)

DeterministicRBF
Surrogates

6,8,15,19hyper
parameters CIFAR-10,MNIST

6timesfasterthan
BayesianOptimizations
suchasGP,SMACand
TPE.

(Ilievskietal.,2017)

GeneticAlgorithm LeNetstructureused,
learningrate,epochs

MNIST,CIFAR10,
ILSVRC2012

Performanceofthe
generatedstructureswas
betterthanthemanually
designedstructures.

(Xie&Yuille,2017)

GeneticAlgorithm

Twelveselectedhyper
parametersincluding
epochs,hiddenlayers
andneurons,activation
function,optimizers

MNIST

Nohumanintervention
required,accuracyabove
90%and99.2%(bestof10
runs)forMNIST

(Bhandare&Kaur,2018)

GeneticAlgorithm
(EnhancedEliteCNN
Modelpropagation)

ChosenfromAlexNet,
normalization,pooling
layers,ReLUoptimizer

Caltech-256 PretrainedCNNaccuracy
of98.94%

(Loussaief&Abdelkrim,
2018)

EvolutionaryAlgorithm
basedframework

Hyperparameters
describingCNNstructure,
suchaslayerandkernel
sizewereconsidered

MNIST
Genericframework,
improvementsoverstate-
of-the-artmethods

(Bochinskietal.,2017)

Particleswarm
optimization

Trainingepoch,3
convolutionlayerseach
followedbyReLU,2
poolinglayers

XMUandXMUPlus
obtaining99.1%accuracy
comparedtootherstate-
of-theartmethods

(Soon,2018)

EvolutionaryAlgorithms
SGDwithmomentumof
0.9,batchsizeof50,and
weightdecayof0.0001.

CIFAR-10andCIFAR-100
Accuraciesof94.6%,
nohumanparticipation
required

Realetal.(2017)

Reinforcementlearning

13selectedhyper
parametersincluding
learningrate,epochs,
numberoflayers

StreetViewHouse
numbers(SVHN),
CIFAR-10,MNIST

MetaQNNobtainedan
errorof6.92%compared
to21.2%byBergstraet
al.(2011)onCIFAR-10,
MetaQNNperformsbetter
thanothermetamodelling
networks

(Baker,2017)

Reinforcementlearning

7-layernetworkwith
learningrates,number
ofepochs,batchsize,
optimizers

CIFAR-10

BlockQNNhad3.54%top-
1errorrateonCIFAR-10
whichwasbetterthanall
auto-generateNetworks.

(Zhong,2018)

policygradient
reinforcementlearning

Numberoffilters,filter
height,filterwidthfor
eachlayer,typeofpooling,
total76parameters

ACDC-MICCAI2017 Lowcomputationcost,
stateoftheartaccuracy (Mortazi)
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curveextrapolationwasusedtodeviseanearlyterminationcriterion.Themethodthatwasusedto
investigatesmallandlargerneuralnetworkswasindependentofhyperparameteroptimizer(Domhan
etal.,2015).

Optimization of Selected Hyper Parameter
Hyperparameteroptimizationshavegenerallyloweffectivedimensionality.Althoughtherearea
largenumberofhyperparameters,onlyfewhaveasignificantimpactonperformance(Hinzetal.,
2018).TheselectedhyperparameteroptimizationalgorithmswereappliedtoCNNhyperparameters
forimageswithincreasingresolutions.Itwasfoundthatthesamehyperparameterswererelevant
independentoftheimageresolution.Thiswasusedtospeedupthehyperparameteroptimization.
Theresultwasthatittooklesstimetofindsignificanthyperparametersandthemethodcanalsobe
appliedtodataotherthanimages,ifitsdimensionscanbereduced.

Massively Parallel Hyper Parameter Tuning
Alargescaleparallelhyperparametertuningisproposedin(Li,Jamieson,Rostamizadeh,Gonina,&
Talwalkar,2018)toevaluatemanyhyperparameterconfigurationsinparalleltoreducethetraining
timesignificantly.Theyalsousedearlystoppinginconjunctionwithparallelismtofurtherreduce
time.Theproposedalgorithmcanfindoptimalhyperparametersmuchfasterthanrandomsearch.
SeparateGPUswereusedtotraineachmodelbutobviouslythespeedupdidnotincreaselinearly
duetocommunicationscost.

POP Scheduling
Aschedulingalgorithmisproposedin(Rasley,He,&Yan,2017)calledPOPthatquicklyidentifies
thepromising,opportunistic,andpoorhyperparameterconfigurations.Aninfrastructurewasalso
proposedthatcouldworkacrossdifferentschedulingalgorithms.Aspeedupofabout6.7timeswas
reportedcomparedtorandom/gridsearchand2.1comparedtostate-of-the-artmethods.

Parameter Reduction
HyperparameterreductionforCNNforfielddeviceswithlowresourcesisproposedin(Atanbori,
2018)forsegmentationofplantphenotyping.Theresultsshowingtrade-offbetweennumberofhyper
parametersandobtainedaccuracywereobtainedusingfourbaselineneuralnetworksbyincreasing
thenetworkdepthandreducingthenumberofhyperparameters,termed“Lite”CNNs.

Complexity Reduction
Reductionincomputationbyfactorizationoftheconvolutionallayerwasproposedin(Wang,2017).
Theoperationsinconvolutionlayerweretreatedseparatelyasspatialconvolutionineachchannelwhile
maintainingtheaccuracyandreducingthecomputations.Themodel’sperformancewasevaluatedon
ImageNetLSVRC2012dataset.Theproposedmodelachievedmanytimeslesscomputationswith
similarperformanceforVGG-16,ResNet-34,ResNet-50andResNet-101.

Flattenedconvolutionalneuralnetworksarepresentedin(Jin,2015)thatweretrainedtoobtain
similarperformancetoconventionalCNNs.Forsimilarperformanceinaccuracyas3Dfilters,speed-up
ofabouttwotimescomparedtobaselinewasobtainedduringthefeedforwardpass.Afterthemodel
hasbeentrainedthereisnorequirementformanualtuningorpostprocessing.

AsmallCNNarchitecture,termedSqueezeNet,requiring50timeslessparametersbutachieving
AlexNetlevelofaccuracywasproposedin(Iandola,2017).
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CONCLUSION

There have been many advances in the application of convolutional neural networks to image
classificationwithpromisingresults,similartoahuman.Thetuningofmodelarchitecturescould
bedrivenbyintuitionandexperimentationresultingintheoptimalvaluesofthehyperparameters.
Thismethodofexperimentaltuningtodeterminethevaluesdoesnotscalewellwiththenumberof
hyperparameters,whichincreaseexponentiallywiththenumberofnetworklayers.

ThesearchforanoptimalconfigurationofhyperparametersforCNNsrequirescomputational
power,time,andassociatedcost.Withlargenumbersofhyperparametersitiscriticaltoquickly
convergetoanoptimalsetfromthesearchspace.

The initial models were manually optimized by the researchers starting an era of image
classificationenablingresults,comparabletohumansforthefirsttime.Withtheriseinthenumber
ofhyperparameters,researcheffortswerefocussedonusingtraditionalmethodssuchasgridsearch

Table 3. Optimization speedup methods

Techniques considered Hyper parameters Dataset Accuracy/ Benefits Reference

Learningcurves
Extrapolation-optimizer
agnostic

17selectedhyper
parameterincluding
epochs,learningrate,
batchsizeandoptimizers

CIFAR-10,
CIFAR-100,
MNIST

Twofoldincreaseinstate-of-
the-artoptimizationmethods (Domhanetal.,2015)

Earlylowerdimensional
representationtoidentify
promising-TPE,SMAC,
GA

9hyperparameters
includinglearningrate,
numberoflayers,number
andsizeoffilters,batch
sizeandregularization
parameters

CIFAR,MNIST
Useoflowerdimensionaldata
tospeeduptheoptimization
process

(Hinzetal.,2018)

MassivelyParallelHyper
parameterTuning

LeNethyperparameters,
8hyperparametersfor
3-layerCNNincluding
numberoflayers,batch
sizeandnumberoffilters

CIFAR-10,MNIST Orderofmagnitudefaster
comparedtorandomsearch (Lietal.,2018)

HyperDrive,POP
(Promising,opportunistic,
andpoor)Scheduling

learningrateanddecay,
momentum,numberof
layers,

CIFAR-10

6.7timesspeedupcomparedto
random/gridsearch,2.1times
speedupcomparedtoother
state-of-the-artmethods

(Rasley,He,&Yan,2017)

ReducedparameterCNN
forlimitedresource
devices-LiteCNN

14.7millionparameters
reducedto5.3and0.3
million

OxfordFlower
dataset

LiteCNNmodelswith
comparableaccuracyto
baselinemodel

(Atanbori,2018)

ComplexityReduction
(factorizedCNN)

Batchnormalization
afterconvolutionaland
beforeReLUlayer,
dropoutas0.2,batchas
256,learningrateof0.1
andchangedbydividing
by10

ImageNetLSVRC
2012,VGG-
16,ResNet-34,
ResNet-50,
ResNet-101

Sameaccuracybutwith
significantlyreduced
computations,similar
performancetoVGG-16,
ResNet-34,ResNet-50,
ResNet-101with42x,
7.32X,4.38X,and5.85less
computationrespectively

(Wang,2017)

FlattenedCNNwith
reducedCNNparameters

3convolutionallayers,
5x5filters,doublestage
multilayerperceptron,
ReLU,maxpoolingof
2,stridesof3,5dropout
layers,initiallearning
rateof0.1(reducedby
1/10after8epochs)and
momentumof0.9

CIFAR-10,
CIFAR-100,
MNIST

Twotimesspeedupduring
feedforwardpasscomparedto
baselinemodelwithreduction
oflearningparameters,with
similaraccuracies

(Jin,2015)

SqueezeNet-smallerCNN
withsameaccuracy

3x3filtersreplaced
by1x1filters,ReLU,
Dropout,learningrateof
0.04,batchsize

ImageNet
AlexNetaccuracywith50X
fewerparameters,and510X
smallersize

(Iandola,2017)
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whereindifferentsetsorconfigurationsaretriedoutsequentially.Theneedforearlyterminationwas
initiallymetbyamanualprocessandsomeautomatedprocessescouldalsoterminatenon-performing
hyperparameterselection.

The choice of a particular hyper parameter optimization strategy depends on the chosen
architecture,numberofselectedhyperparameterstobetuned,availabilityoftimeandprocessing
power.Currentresearchisfocussedonautomatedoptimizations,forwhichweprovidestate-of-the
arttechniquesfromtheresearchliterature.Wehaveprovidedanoverviewofthehyperparameter
optimizationstechniquessignifyingthecontributionofeachmethod.Anaturalprogressioninthe
research methods is from simple methods to state-of-the-art techniques. Better hyper parameter
optimizationswouldbeaidedbyshallowneuralnetworks(withresultscomparabletodeepnetworks),
parallelexecutionofhyperparameterconfigurations,andoptimizationframeworksthatmighttakecare
ofalltheintricateoptimizationdetailsfortheresearchersinthefuture.Thestate-of-the-artmethods
haveautomatedtheprocessforhyperparameteroptimizations,aswellasemployedparallelprocessing
toexploittheCNNarchitectureinordertosavetime.Thefutureispromisingforautomatedhyper
parameteroptimization,wheretheoperationwouldnotonlybefullyautomatedbutwouldsavetime
andcomputationsintheprocess.
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