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ABSTRACT

Inthiswork,theauthorsproposeseveraltechniquesforacceleratingamodernactionrecognition
pipeline.This article reviewed several recent andpopular action recognitionworks and selected
twoofthemaspartofthetoolsusedforimprovingtheaforementionedacceleration.Specifically,
temporalsegmentnetworks(TSN),aconvolutionalneuralnetwork(CNN)frameworkthatmakes
useofasmallnumberofvideoframesforobtainingrobustpredictionswhichhaveallowedtowin
thefirstplaceinthe2016ActivityNetchallenge,andMotionNet,aconvolutional-transposedCNN
thatiscapableofinferringopticalflowRGBframes.Togetherwiththelastproposal,thisarticle
integratedanewsoftwarefordecodingvideosthattakesadvantageofNVIDIAGPUs.Thisarticle
showsaproofofconceptforthisapproachbytrainingtheRGBstreamoftheTSNnetworkinvideos
loadedwithNVIDIAVideoLoader (NVVL)ofasubsetofdailyactions fromtheUniversityof
CentralFlorida101dataset.
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1. INTRoDUCTIoN

Although in recentyears the taskofactivity recognitionhaswitnessednumerousbreakthroughs
thankstothedevelopmentofnewmethodologiesandtherebirthofdeeplearningtechniques,the
naturalcourseofeventshasnotalwaysbeenlikethis.Asformanyyears,despiteofbeingtackled
frommultipleperspectives,theproblemofconstructingasystemthatiscapableofidentifyingwhich
activityisbeingperformedinagivenscenehasbeenbarelysolved.Inthestateoftheartwecanfind
differentapproachesbasedonhandcraftedtraditionalmethodsandmachinelearningapproaches:

• Handcrafted features dominance.Thefirstapproximationsweremotivatedbyfundamental
algorithmssuchasopticalflow(HornandRhunck,1981),theCannyedgedetector(Canny,1986),
HiddenMarkovModel(HMM)(RabinerandJuang,1986)orDynamicTimeWarping(DTW)
(BellmanandKalaba,1959).Severalofthesemethodshavebeenreviewedin(Gavrila,1999),
forhandandthewhole-bodymovements,whichcanbeusedtoobtainrelevantinformationfor
therecognitionofactivities.

• Machine learning approaches.Moremodernmethodsuseopticalflow(Efrosetal.,2003)to
obtaintemporalfeaturesoverthesequences,inadditiontousingautomaticlearningalgorithms
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such as Support Vector Machine (SVM) (Schüldt, Laptev and Caputo, 2004) to classify
spatiotemporalfeatures.

• Deep learning.TheCNNnetworksallowtoobtainrobustvisualfeatureson2Dimages(Chéron
andLaptev,2015),butmorespecificallyitsversionadaptedtoworkwithdatadefinedinthree
dimensionsofferstheabilitytoobtainspatialandtemporalfeatureswhenworkingwithsequences
ofimages.Inthisway,furthermoreoftwospatialdimensions(heightandwidth),wehaveathird
dimensiondefinedbytime(frames)(Jietal.,2013)(SimonyanandZisserman,2014).

2. APPRoACH

Inthissectionwereviewthemostmodernactionrecognitionworkscarriedoutinthepastthreeyears.
Online InverseReinforcementLearning (Rhinehart andKitani, 2017) is anovelmethod for

predicting future behaviors by modeling the interactions between the subject, objects, and their
environment, through a first-person mounted camera. The system makes use of online inverse
reinforcementlearning.Thus,makingitpossibletocontinuallydiscovernewlong-termgoalsand
relationships. Also, a similar approach to that of thehybrid Siamese networks, has been shown
(Mahmud,HasanandRoy-Chowdhury,2017)thatispossibletosimultaneouslypredictfutureactivity
labelsandtheirstartingtime.Itdoessobytakingadvantageoffeaturesofpreviouslyseenactivities
andcurrentlypresentobjectsinthescene.

ThankstotheuseofSingleShotmulti-boxDetectors(SSDs)CNNs,thesystemproposedin
(Singhetal.,2017)iscapableofpredictingbothactionlabels,andtheircorrespondingbounding
boxesinreal-time(28FPS).Moreover,itcandetectmorethanoneactionatthesametime.Allof
thisisaccomplishedbyusingRGBimagefeaturescombinedwithopticalflowones(withadecrease
intheopticalflowqualityandglobalaccuracy)extractedinreal-timeforthecreationofmultiple
actiontubes.

In(Kong,TaoandFu,2017),forpredictingactionclasslabelsbeforetheactionfinishes,authors
makeuseoffeaturesextractedfromfullyobservedvideosprocessedattraintime,forfillingoutthe
missinginformationpresentintheincompletevideostopredict.Furthermore,thankstothisapproach
theirmodelobtainsagreatspeedupimprovementwhencomparedtosimilarmethods.

Amodelthatiscapableofperformingvisualforecastingatdifferentabstractionlevelsispresented
in(Zengetal.,2017).Forexample,thesamemodelcanbetrainedforfutureframegenerationas
wellasforactionanticipation.Thisisaccomplishedbyfollowinganinversereinforcementlearning
approach.Also,themodelisenforcedtoimitatenaturalvisualsequencesfrompixellevel.

Themodeldevelopedin(Renéetal.,2017)iscapableofpredictinginreal-timefutureactivities
labelsonRGB-Dvideos.Thisisaccomplishedbymakinguseofsoftregression,forjointlylearning
boththepredictormodelandthesoftlabels.Moreover,real-timeperformance(around40FPS)is
obtainedbyincludinganovelRGB-DfeaturenamedLocalAccumulativeFrameFeature(LAFF).
Moreover,aTCNEncoder-Decodersystemisbuiltforperformingthementionedtasks.Aftertraining,
itisabletosurpasscurrentsimilarapproaches.Furthermore,thesystempresentsabetterperformance
thanBidirectionalLongshort-termmemorynetworks(Bi-LSTMs)networks.

In(Buchetal.,2017),asystemthatiscapableofpresentingtemporalactionproposalsona
videowithonlyoneforwardpassispresented.Thus,thereisnoneedtocreateoverlappedtemporal
slidingwindows.Moreover,thesystemcanworkwithlonguntrimmedvideosofarbitrarylengthina
continuedfashion.Finally,bycombiningthesystemwithactionclassifiers,temporalactiondetection
performanceisincreased.

Anewconvolutionalmodelispresentin(CarreiraandZisserman,2017),knownasTwo-Stream
Inflated3Dconvolutionalneuralnetwork(I3D),whichisusedasaspatio-temporalfeatureextractor.
Afterthis,authorspre-trainI3DbasedmodelsontheKineticsdataset,showingthatwiththisapproach,
actionclassificationperformanceonwell-knowndatasetsisnoticeablyincreased.
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In(Feichtenhofer,PinzandWildes,2017),afullyspace-timeconvolutionaltwo-streamnetwork
(namedSTResNet)isproposedforthetaskofactionrecognitioninvideos.Thefirststreamisfed
withRGBdatawhilethesecond,withopticalflowfeatures.Themainparticularityofthismodelis
theexistinginterconnectionsbetweenbothstreams.Moreover,forlearninglong-termrelationships,
identitymappingkernelsareinjectedthroughthenetwork.Allofthisallowsthenetworktopredict
onasingleforwardpass.

Newsrecurrentneuralnetworkapproachesarepresentedin(Dave,RussakovskyandRamanan,
2017),whichareusedforsolvingtheproblemofactiondetectioninvideosobtainingsatisfactory
results.Initsbasisthemodel:(1)Focusesonchangesbetweenframes,(2)predictsthefuture,(3)
makescorrectionsuponitbyobservingwhattrulyhappensnext.

Authorsof(Sigurdssonetal.,2017)proposeamodelthatiscapableofdetailedlyreasonabout
aspectsofanactivity,i.e,foreachframethemodeliscapableofpredictingthecurrentactivity,itsaction
andobject,thescene,andthetemporalprogress.ThisisaccomplishedbymakinguseofConditional
RandomFields(CRFs)thatarefedbyCNNfeatureextractors.Moreover,forbeingabletotrainthis
systeminandend-to-end-manner,anasynchronousstochasticinferencealgorithmisdeveloped.

In(Wangetal.,2017)authorsproposeaCNNframeworkfortherecognitionofactionsinvideos,
bothtrimmedanuntrimmedandin(Aliakbarianetal.,2017)isproposedamulti-stageLongshort-
termmemorynetwork(LSTM)architecturecombinedwithanovellossfunction,thatiscapableof
predictingactionclasslabelsinvideos,evenwhenonlythefirstframesofthesequencehavebeen
shown.Themodel takesadvantageofaction-awareandcontext-awarefeatures forsucceeding in
thistask.

2.1. TSN Framework
TemporalSegmentNetwors(TSN)(Wangetal.,2017)isaCNNframeworkfortherecognitionof
actionsinvideos,bothtrimmedanuntrimmed.Alongwithit,aseriesofguidelinesforproperly
initializeandoperatesuchdeepmodelsforthistaskareproposed.Theframeworkaimstotacklefour
commonlimitationswhenusingConvolutionalNeuralNetworksonvideos.First,thedifficultyof
usinglong-rangeframesequences,duetohighcomputationalandmemoryspacecosts,whichcan
leadtomissimportanttemporalinformation.Second,mostofthesystemsfocusontrimmedvideos
insteadofuntrimmedones(severalactionsmayhappeninavideo).Adaptingtothesewouldmean
toproperlylocalizeactionsandavoidbackground(irrelevant)videoparts.Third,meanwhiledeep
modelsbecomecomplex,stillmanydatasetsaresmallinnumberofsamplesanddiversity,lacking
enoughdataforproperlytrainthemandavoidoverfitting.Fourth,timeconsumedforoptical-flow
extractioncanbecomeadelayforboth,usinglarge-scaledatasetsandusingthemodelonreal-time
applications.Figure1showsaschematicviewofsuchnetwork.

2.2. GPU Video Decoding
Sincethebeginningofthemoderndeeplearningera,datastoringandloadingtimeshavealways
beenabottleneckinthepipeline.Althoughrecentlywearewitnessinggreatspeedupsthankstonew
hardwaretechnologieslikeSSDforstoring,ordatatransferringdevices(betweenCPUtoGPU,and
vice-versa)suchasNVLINK,theissuepersists.

Manyoftheresearchareaswherethisproblemaggravatesmorearetheoneswhichworkwith
videosasthemaindatasetsource.Theseinclude:predictivelearning,videounderstanding,question
answering,activityrecognition,andsuper-resolutionnetworks,betweenmanyothers.

Themainapproachwhentacklingthisprobleminthoseareasistofirstextractalltheframes
foreachvideoofthedataset,forexamplebyusingFFmpeg,andsavetheminahigh-qualityimage
format,ratherthanonewithpossiblelossycompressionandartifactgenerations,inordertoproperly
trainthenetwork.Thiscomeswithanincreasingneedofstoragespace,sincethemoreinformation
willingtobekept,thelargerinsizeourconvertedimagedatasetwillbe.
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InFigure2wecanseetheeffectsofstoringtheUniversityofCentralFlorida101(UCF101)
dataset(Soomro,ZamirandShah,2012),composedofonly13320videosindifferentformats.For
thecaseofJPEG(image),itoccupies63GiB,whileinAVIformat(video)itoccupies9.25timesless,
6.8GiB.IfitistransformedtotheproperMP4format,neededbyNVIDIAVideoLoader(NVVL)
(Casper,BarkerandCatanzaro,2018)withthecorrespondingnumberofframes,itoccupies14.2
GiB,still4.44timesless.Ifwetakethisintoafine-grainedlevel,suchasframes,wecanseethatthe
storagediffersbyalargemargin.

Inordertoalleviatethisproblem,ausefulsolutionistodirectlyloadvideofilesintomemory,
decodethenecessaryframes,preparethem,andfinallyfeedthemtothenetwork.Actually,APIs
thatcanmanagethefirsttwostepsexist:FFmpeglibrariesitself,andhigherabstractionmoduleslike
PyAVorPIMS,whichbothloaddataintotheCPU.Ontheotherhand,the(beta)Hwangproject,
alsosupportsNVIDIAGPUsthroughtheuseoftheirspecifichardwaredecoderunits.Furthermore,
thosedesignedwithmachinelearningtasksinmind,whichcanprovideallthementionedstepshave
beenrecentlydeveloped.Twoarecurrentlyknown:Lintel(Duke,2018),andNVVL(Casper,Barker
andCatanzaro,2018).ThefirstfocusesonCPUloading(usesFFmpegasbackend),whilethesecond
targetsGPUdevices.Indeed,althoughbeingwritteninC++,itoffersoff-the-shelfPyTorchmodules
(datasetandloader).Moreover,anotherwrapperforCuPyarrayshasbeencreated.

Figure 1. Representation of TSN framework. First a snippet is extracted from each of a fixed number of segments that equally divide 
the video, Then, features such as optical flow or RGB-diff (top and bottom images of the second process column) are extracted. 
After passing through the corresponding stream, an aggregation function joins the individual snippet class probabilities. Then, 
softmax is applied for obtaining the final video action class.

Figure 2. Storage comparison between frames and video formats for the UCF101 dataset
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Regardingperformance,wecanseethatNVVLreducesbyalargemargintheI/Oprocessing
times,asitcanbeappreciatedinFigure3.Morebenchmarksthattakeintoaccountmemoryusage
andCPUloadscanalsobefoundintheblogpost,whileanevenmoredetailedevaluationislocated
on GitHub1. Regarding data, loading behaves like a sliding window of stride one, where frame
sequencesofapreviouslyfixedlengtharesubsequentlyloadedandreturnedasasingletensor.On
theotherhand,wecanapplydifferenttransformationstothesesequences:datatype(float,half,or
byte),widthandheightresizingandscaling,randomcroppingandflipping,normalizing,colorspace
(RGBorY:Luminance;Cb:Chrominance-Blue;andCr:Chrominance-Red(YCbCr)),andframe
indexmapping.Forperformance,flexibility,andcompletenessreasons,wedecidedtouseNVVL
asourmaintooltoacceleratetheTSNframework.

2.3. Hidden Two-Stream Convolutional Networks for Action Recognition
Anothersideforapproachingthequestionofreal-timeactionrecognitioncanbefoundin(Zhu,Yetal,
2017),wheretheuseofaconvolutionalnetworkforautomaticallycomputeopticalflowispresented.

More indetail, ina firstphase,aCNNdenotedasMotionNet is trained inanunsupervised
mannerforthetaskofoptical-flowestimation.Afterobtainingacceptableresultssimilartooptimal
traditionalmethods,thenetworkisattachedtoaconventionalCNNasthetemporalstreampartofthe
wholemodel,beingthespatialstreamsimilarinarchitecturetotheotherone.Then,thenetworkis
trained(includingMotionNet)onthetaskofactionrecognitionfromframesequences.Theapproach
enablestheopticalflowgeneratortobeadaptedtothecharacteristicsofthetaskandfurtherfinding
asuitablemotionrepresentation.

3. eXPeRIMeNTATIoN

Inthisprojectwehaveexperimentedusingtheapproachesdiscussedwithdatasetucf101.

Figure 3. Average loading time (milliseconds) that 32-Floating Point PyTorch tensors take to be available in the GPU. The experiment 
was run on an NVIDIA V100 GPU over one epoch with batches of size 8. Figure extracted from (Casper, Barker and Catanzaro, 2018).
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3.1. Dataset
(Soomro,ZamirandShah,2012)GiventhelimitednumberofRGBactiondatasetsthatincluded
realisticscenes(withoutactorsorpreparedenvironments)andawiderangeofclassesuntil2012,
authorsofthispaperproposeanewlarge-scaledatasetsofuser-uploadedvideos(YouTube).These
presentamuchdiversetypeofchallengesthantheonesofpreviousdatasets,sincerecordingscan
containdifferent lightingconfigurations, imagequalitydegradation,cluttering,movementof the
camera,andoccludedscenes.

Inregardtothesizeofthedataset,13320videosaredividedinto101classesthatcoverfive
action groups: Human-Human Interaction, Sports, Playing Musical Instruments, Human-Object
Interaction, and Body-Motion only. The actions contained in the first and fourth groups can be
observedinFigure42.

Furthermore, thisdatasetmarkedamilestoneinwhat largescaleactionrecognitiondatasets
refers. Itmadepossible toestablishawell-knownstarting testbed tobe improvedaswellas for
benchmarking. Moreover, deep learning competitions where established around it, such as the
differentmodalitiesoftheTHUMOSChallenge,whichwasrunforthreeyearsinarow.Afterthat,
otherlarge-scaledatasetsappeared,expandingthecharacteristicsoftheUCF101.Forthis,marking
thestartofanever-growingnumberofdiverselarge-scaleactionrecognitiondatasets,theUCF101
datasetisalsoworthof.

3.2. GPU Video Decoding experiments
Inorder to testourGPUvideodecodingalgorithm,wecancompare thedifferencebetween the
originalframesandtheonesloadedthroughNVVL.Forthistask,wearegoingtousetheSSIM
indexbetweentwopictures,usuallyusedinthevideoindustryformeasuringthevisualdifference
wecanperceivewhencomparingframesofanoriginalanddownsampledvideo.Itrangesfrom0to
1,where1isgivenfortwoidenticalpicturesand0fortwocompletelydifferentones.Forexample,
giventhetwoframesobtainedfromtheUCFdataset(Divingclass)thatcanbeobservedinFigure
5,wecannoticeagreenbandontherightextremeoftheNVVLloadedimage.

Apartfromthis,wecannotperceiveanyothersubstantialdegradationinquality.Indeed,the
SSIMobtainedis0.992,indicatingthatthisartifactisprobablyduetoabugratherthanalow-quality
videoprocessor.Forreassuringthisfact,wecancomputetheSSIMheatmap,inordertolocateother
possiblemissedartifacts(Figure6):

Thus,wecanassumethattherewillbenoharmatthetimeofincorporatingthistoolinaneural
networktrainingpipeline.

Figure 4. Classes for the Human-Object Interaction (blue) and Body-Motion Only (red) action groups from the UCF101 dataset. 
Figure extracted from (Soomro, Zamir and Shah, 2012).
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Now,weshouldpayattention toknowingwhich thecurrent timespeedup iswecanobtain
from replacing the image loading systemof theTSN frameworkbyaNVVLpipeline.For this,
afteradaptingtheframe-indexgenerationfunctions,andintegratingthevideoloaderintoit,wecan
performthefollowing:

1. Obtainalistofvideos,getthetotalnumberofvideosandthemeannumberofframespervideo.
2. Extractalltheframesfromthevideos,alsoconvertthemintotherequiredNVVLvideoformat.
3. Selectthenumberofframespervideothataregoingtobeloaded.ForNVVL,alltheframes

havetobeloaded.

Figure 5. Original frame (left) and NVVL obtained frame (right). The frames pertain to a sample of the diving class in the ucf101 
dataset.

Figure 6. Heat map of above frames, the lighter the color, the closer to the original frame each pixel is
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4. Measurehowmuchtimeittakesforextractingthetoldnumberofframes(intotheGPU)oneach
occasion.ForNVVLthisonlyneedstobedoneonce.

5. Obtainmeantimesandtrendforthepreviousprocessandcomparetheresults.

Step1
Wewillusethefirst450videosoftheUCFsplit-1trainlistobtainedwiththedatatoolsprovided

bytheTSNframework.Thislistisformattedwitharowforeachvideo.Ineachrow,thepathtothe
video,thenumberofframesthevideohasanditsclassindex.Duetothis,thetotalnumberofframes
canbeobtainedjustbysummingthesecondelementofeachrowoverthewholelist.Theresulting
numberis87501.So,themeannumberofframesinavideoisapproximately194.

Step2
Forcompletingthisstep,wecansimplyfollowtheinstructionsandcommandsprovidedinthe

repositoriesofeachproject.Wehavetotakeintoaccountthattheextractionprocesscantakeaquite
greateramountoftimethanthevideoconvertingprocess.

Step3
Inthiscase,wearegoingtoloadevennumberofframes,startingfrom3andfinishingin25,a

totalof12differentinstances.ThishasbeenselectedsincetheauthorsofTSNtestthemodelwith
3,5,7,and9framespervideo.

Step4
Forobtaininganaccuratemeasurement,wearegoingtorepeateachexecution29times.For

computingthetimewehaveusedPythontime.timefunction.Also,inordertofreealltheresources
ineachrun,wearegoingtoloopinsideabashscriptinsteadofinsidethePythonexecutingscript
itself,thushavingtheprocesskilledautomatically.

Step5
Inthisstepwecomputedthemeanvaluesforeachnumberofframes.Thetimetakenforloading

allthevideoswithNVVLisapproximately24.18seconds.Ontheotherhand,wecanplottheresults
obtainedfromloadingsoleframes:

Wecannoticethatthetrendfollowsalinealgrowthwithrespecttothenumberofframesloaded.
Sincewecomputedtheequationdefiningthetrendline(showninthelower-rightpartofFigure7),
wecanobtainamorepreciseapproximationofthespeedupachievedwhenusingNVVL.Forthis,
sinceweknowthenumberofframesloadedwithNVVListhesameasthemeannumberofframes
obtainedinStep1,wejustneedtosubstituteitintheequation(Xvariable),obtainingameanvalue
ofapproximately458.74secondsor7.65minutes.Wehaveachievedanimprovementonloading
timeperformance,leadingto18.97timesspeedupwhenusingNVVL.

3.3. Training RGB TSN+HTS with NVVL
SofarwehaveshownhowusefulincorporatingNVVLintoavideo-consumingdeeplearningpipeline
canbe,itallowsustoreduceboththestorageanddatatransfercostsatthesametimewedonotsuffer
degradationinimagequality.Now,whatonlyremainsistoincorporatethistoolintoacommonaction
recognitionscenario,wherewetrainandtestanetworkforlearningtocategorizehumanactions.

SuchanetworkisgoingtobeTSN,sinceithasdemonstratedasuperiorperformanceinthetask
athand.Moreover,weproposetomakeuseoftheconvertedHTSCaffemodelandweights,inorder
toavoidpre-computingtheopticalflowandbeingabletouseNVVLalsointhisstream,focusing
theresultingpipelineforreal-timeapplications.Inspiteofthedatasetwearegoingtouse,memory
limitationsdetailedbelow,andtimeconstrains,wearegoingtofocusthefollowingexperimentonly
fortheRGBstream.

Beforestarting,weneedtopreparethedataintoaformatthatiscompatiblewithNVVL.As
referredintheGitHubrepository1,weneedvideoswitheitherH.264orHEVC(H.265)codec,and
yuv420ppixelformat,alsotheycanbeinanycontainerthatFFmpegparsersupports.
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Moreover,wehavetotakeintoaccountthenumberofkeyframeseachvideowillhave,i.e.,a
codeconlycontainsasubsetofalltheframesthatweseeinavideo,thesearethekeyframes.Atthe
timeofdecoding,therestoftheframesareobtainedbyalgorithmicallyinferringthemthroughthe
keyframes.Forthisreason,whenloadingsequencesthatcanstartandendatanyframe(similarto
whatwecandowithNVVL),thesystemhastoseekthenearestkeyframe,whichcanbefarbefore
orafterthestartingframe.Thiscanresultintoanunderperformingexecution,andforthisreason
whenconvertingthevideos,wehavetoindicatethefrequencyofkeyframesperframewewantto
have(Figure8).

Developersofthevideoloadersuggesttosetonekeyframeinintervalsthatcorrespondtothe
lengthofthesequenceswearegoingtoload.Forexample,ifwearegoingtoloadsequencesof
length7,thenevery7framestherewillbeakeyframe.Furthermore,theyalsoprovidetherequired
commandstocarryoutthisconversionwithFFmpeg.

Forourcase,wearegoingtoseteveryframeinthevideotobeakeyframe,thisisduetothe
factthatcurrentlythePyTorchwrapper(theC++APIseemsmoreflexible)isintendedforloading
multipleframesequencesforeachvideowithaslidingwindowapproachofafixedlength.Although
thislengthcouldbeequaltothenumberofframesinthevideo,thusloadingonlyasequenceper
video,thiswouldonlyworkifallthevideoshadthesamelength,sincethisparameter,thesequence
length,isglobalforthewholedataset.

Foriteratingoverthedataset,wearegoingtousethedataloaderprovidedbyNVVLPyTorch
wrapper,whereineachiterationitwillloadabatchofframesequences.Sincenow,eachframeis
asequenceoflengthone,weneedtosetthebatchsizealsotoone.Inthiswaywecaneasilyknow
whentheloaderhasfullyoutputavideo,addittoalist,andwhenwehaveenoughvideos,group
theminabatchofthesizewewantforprovidingittothenetwork.Furthermore,foraccomplishing
thiswealsoneedtosettofalsetheshuffleoptionintheloader.

Althoughwearereadyfortrainingournetwork,animpedimentarisesatthetimeofwritingthis
work.Whetherthevideoshavenotbeenproperlyconverted,orthereisacodeissue,thedataloader

Figure 7. Mean loading time in seconds of each number of frames executed (blue). Trend line of from the obtained data (red). Y 
axis represents the loading time in seconds, while the X axis shows the number of frames used.
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seemstogetsilentlystuckwhenloadingsomevideos.Forsolvingthis,onecircumventionistocreate
aloaderforeachvideoinsteadofhavingoneforthewholedataset.

Sofarthisworks,butwhathappensnextisthatGPUmemoryisnotproperlyfreed,thuslimiting
thesizeofourdatasettothespaceavailableonthegraphiccardatthemoment.ForAsimov,thisconcurs
inhavingaround240videosfortrainingand160forvalidation(onlytheTitancardsupportsNVVL).

Forthis,followingthesamelinesofmotivationproposedatthebeginningofthedocument,we
aregoingtoselectdailyactionsforthereduceddatasetwecanworkwith.Specifically,itiscomposed
ofeightclassesfromtheHuman-ObjectInteractiongroupoftheUCF101dataset:Apply Eye Makeup,
Apply Lipstick,Blow Dry Hair,Brushing Teeth,Cutting In Kitchen,Mopping floor,Shaving Beard,and
Typing.Thetrainingsetcontains30videosforeachaction,whilethevalidationonehas20ofthem.

Regardingthetraininghyper-parameters,wearegoingtousetheonessetbydefaultfortheTSN
withtheonlyexceptionofthebatchsizeandnumberofepochs.Fortheformer,wehavesetitto4
duestothelimitedmemory,forthelater,wewillperform40epochs,whichisenoughforthemodel
toconvergewiththisdataset.Forthemetrics,wewillkeeptrackofthelossandtop-1andtop-5
accuraciesforboththetrainingandvalidationsets.

Figure 8. Representation of how keyframes can be evenly inserted into a video stream
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Oncealltheepochshavebeencompleted,wefinishourtrainingwithinacommonsituation,
100%oftop-1(andtop-5)accuracyandzeroloss.Clearly,ournetworkhasoverfitted.Thisisdueto
thescarceamountofdataanditslimitedvariability.Moreover,suchdeepnetworks(BNInception)
arepronetooverfit,sincetheyhavemoreflexibility(biggernumberofparameters)foradjustingto
thedatatheyareconsumingwhileintraining.However,weobtainvalidationaccuraciesof76.25%
and98.125%forthetop-1andtop-5versionsrespectively,withalossofapprox.1.52.Takinginto
accountthedataweareworkingwith;theseresultsarequitepromisingincomparisontowhathas
happenedinthetrainingphase.

Now,wecangetmoreinsightsiflookingonhowthetrainingandvalidationhaveevolved.In
theFigure9:

Herewecantakenoteoftwofacts.First,thetop-5accuracyconvergesmuchfaster(iter.approx.
200)thanthetop-1accuracy(iter.approx.800).Clearly,thisissomethingthatcanbeforeseen,since
ittakesmoretimetolearnthelabelofavideoratherthanguessitamongfivesamples.

Secondly,weseethattheunsmoothedcurve(shadedred)bouncesbetweenhigherandlower
values(accuracyandloss)amongthefirstiterations.Thiseffectcanbebetterseeninthevalidation
curves(Figure10):

Thishappensasaconsequenceofthesmallbatchsizewehavepreviouslyset.Thesmalleristhe
batchsize,themoreweightupdateswewillperform.Ifitistoosmall,wecouldfindthefollowing:

• Instability:Thefrequentupdateswillcausethemetricstowander,goingcontinuallyupanddown.
• Notmeaningfulupdates:Thereducednumberofsamplesmakesittocontainlessinformation

abouttheerror(negativegradient)directionineachupdate,thusneedingamajornumberofepochs
forconvergingintothesameaccuracythanwithabiggerbatchsize.Thiscanbesummarized
aslongertrainingtimes.

• Hitalocalminimal:Alsoknownasplateau,andcommonlyinducedbythepreviousstatements,
asmallbatchsizecanmakethatthenetworkgetsstuckonanon-optimum(norsub-optimum)
minimumofthelossfunction,obtaininginsufficientperformanceresults.

Asintuition,wecantakealookattheFigure11,whereontheleft,theevolutionofthreetypes
ofbatchsizelosscurves(arrivingtotheminimum)areplotted.Theblueone,representsabatchof

Figure 9. Training curves for 40 epochs, 60 iterations per epoch
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thesamesizeofthedataset,thusmakingonlyoneupdateperepoch,asmothercurvewithamuch
lessnoisyevolution.Althoughitseemsthebestapproach,thedetailisinthetimeandspaceittakes
toupdatetheweights,sincewehavealargenumberofsamples,wehavetocomputeavastamount
ofoperations.Moreover,commonlyisimpracticablethatacompletedatasetfitsintoamodernGPU
memory.

Thepurplecurveisforthecasewherewerealizeone-sampleupdates,somethingthatreflects,
onextreme,whathappenedduringthetrainingofournetwork.Finally,thegreencurveshowsthe
dailysituationofmostdeeplearningtrainings,wherethebatchsizeisfoundinbalancewiththe
numberofupdatesperepoch.Althoughtherearefrequentupdates,theyarenottoomuchforfiring
divergence,atthesametimeareasonabletimeistakenforfindingtheerror.

Inordertobettervisualizewherethenetworkguessesrightorwrong,wecanmakeuseofthe
trainingandvalidationconfusionmatrices12,whereineachcellwecanseethepercentageoftrue
positivesfortheclassinthecellrow.Forexample,inthevalidationmatrix,35%percentofthetimes
weseetheclassBrushing teeth,thenetworkseesitasShaving Beard.Moreover,wecannotethatby
obtainingthetraceofaconfusionmatrix(summationoverthediagonal)anddividingbythenumber
ofclasses,weretrievethefinalaccuracy(Figure12).

Easily,wenoticewhatwedeterminedbefore,thetrainingsetisoverfitted,sinceforalldiagonal
cellstheconfusionmatrixreportsa100%value(normalizedbetween0and1).Ontheotherhand,
whenanalyzingvalidationmatrix,wecanseethatthenetworkmostlyfailswhentheclassesarevery
similar.Forexample:

• Apply Eye Makeupisconfounded15%ofthetimeswithApplyLipstick,sincebothusesome
kindofhandstickandcoverzonesofthefaceverticallynearbetweeneachother,islogictothink
thattheyaremoredifficulttodifferentiate.

• Apply Eye MakeupandShaving Beardfollowasimilarerrorpattern,sinceinbothactionsthere
ishandmovementoverthezoneofthemouthandarmmovementaroundthewholeface.

Inothercases,thecontrarycanhappen,whentheactioniseasilydifferentiablefromothers,this
mostlyhappenswithtwoactions,Mopping the floorwhichusuallyhappensinaroom,andCutting 
in kitchenwherethecamerafocusesontheknifeandthecuttingtablearea(Figure13).

Figure 10. Validation curves for 40 epochs, 60 iterations per epoch
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4. CoNCLUSIoN

Inthiswork,wehavefocusedourattentionondifferentwaysforacceleratingthetrainingandinference
processesofamodernvideo-basedactionrecognitionpipeline.First,theuseofaTSNframework,
sinceitrequiressmallamountsofdataasaninput.Secondly,theuseofMotionNetfromtheHTS
work,inordertoachievereal-timeopticalflowcomputationtimes,adaptitsrepresentationforaction
recognition.Third,theuseoftherecentNVVLforreducingthecostofIOoperations,savestorage
space,andspeedupthewholepipelinebydirectlydecodingvideosontheGPU.

Figure 11. Effects of batch sizes when training

Figure 12. Confusion matrices for the proposed dataset
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Figure 13. Class labels and network predictions: First line is correct label, second line is the predicted one, green if correct or 
red if not
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