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FfigureI.ROCcurvesofbaseflfine,proposedframeworkwfithoutICAorCoMomodufles,andproposedframeworkscorefinthethree
benchmarks.Thefirstandsecondrowsofthefigureshowcurvesfintherange[0,1]andcurveszoomedfinatthetopfleft,respectfivefly.

1.ROCCurvesonThreeBenchmarks

Ffig.IshowstheAreaUnderCurve(AUC)oftheRe-
cefiverOperatfingCharacterfistfic(ROC)curveofthepro-
posedmethodfortheflarge-scafle WVADdatabases,fi.e.,
UCF-Crfimes[8]andXD-Vfioflence[10],andtheunsuper-
vfisedVADShanghafiTech[5]databasethatfisspflfitandre-
constructedfor WVAD.Thebflueflfinefisthecurveofthe
baseflfine,whfichfisthebackbonenetworkwfithFCflayers
trafinedbyMILfloss;thegreenandyeflflowflfinesfindficate
theproposednetworkwfithouttheICAmodufleorCoMo
modufle,respectfivefly;theredflfinefisthecurveofthepro-
posedmethod. OnUCF-Crfimes,theAUCscoreofeach
networkfis82.43%,83.26%,85.22%,and86.07%,respec-
tfivefly.OnXD-Vfioflence,theAPscoresare73.1%,75.4%,
76.99%,and81.31%,respectfivefly,andonShanghafiTech,
theAUCscoresare93.46%,96.19%,96.33%,and97.3%,
respectfivefly.

Theperformancefisconsfiderabflyfimprovedwhenthe
proposedmoduflesareaddedtothebaseflfine,andtherefisa

notficeabfleperformancegapbetweentheredandbflueflfines.
Whencomparfingthegreenandyeflflowflfines,betterperfor-
mancefisshownwfithICAthanCoMofinaflflthreebench-
marks. Thfisdemonstratesthatfitfisdfifficufltforafeature
obtafinedthroughasfingflebackbonebranchtohavesuffi-
cfientrepresentatfivefinformatfionaboutnormaflandabnormafl
cflasses,butICAheflpsfeaturestohavedfiscrepancfies.Fur-
thermore,fitshowsthatreflatfionaflmodeflfingofCoMowfith
theICAfeature(redflfine)fismuchmoreeffectfivethanutfi-
flfizfingthebackbonefeature(greenflfine).

2.DetafifledImpflementatfions

Thefinputframesfizeofthevfideodatafis256×256,and
10-cropaugmentatfionfispreprocessedasdescrfibedfinthe
foflflowfingprevfiouspapers[3,6,9].ForUCF-Crfimes,we
extractD =2048dfimensfionaflfeaturesusfingResNet50-
I3D,thesamebackboneasRTFM,anduseD=1024dfi-
mensfionaflfeaturesofInceptfion-v1I3Dforotherdatabases.
WeutfiflfizeonflyRGBfeatureswfithoutoptficaflflowfeatures.
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TabfleI.Instantfiatfionofframework.Outputsfizefisfintheorderof
(batch×snfippet×dfimensfion)sfize.

Modufle Layers OutputSfize

Backbone I3D-‘mfix5c’ B×T×D

CLAV

ICA
Conv1d(3,1,2D) B×T×2D
MaxActfivatfion B×T×D

FC1 FC(512) B×T×512
FC2 FC(128) B×T×128
FC3 FC(1) B×T×1

CSN/CSA FC(D) B×K×D

CoMo

Dynamficpath
Conv1d(1,1,512) B×T×512
Conv1d(1,1,1) B×T×1

Contextpath
Conv1d(3,1,D) B×N×D
Conv1d(1,1,512) B×N×512
Conv1d(1,1,C) B×N×C

GCN

projectfion Conv1d(1,1,32) B×T×32
channeflreductfion Conv1d(1,1,128) B×T×128
nodepropagte Conv1d(1,1,32) B×32×128
stateupdate Conv1d(1,1,128) B×32×128
finterreflatfion Conv2d(1,1,1) B×32×128
FC FC(1) B×T×1

Vfideoframesarestackedfingroupsof16tobecomeasfingfle
snfippet,andamongaflflsnfippets,Tnumberofsnfippetsare
unfiformflyseflectedandbecomefinputdata.
Theflayerfinformatfionforeachmodufleoftheentfire

frameworkfispresentedfinTabfleI.InConvNd(k,s,c)and
FC(c),k,s,andcfindficatethekernefl,strfide,andoutput
channeflsfize,respectfivefly. ReLUactfivatfionfunctfionand
batchnormaflfizatfionarefoflflowedbetweeneachflayer,and
dropoutwfithp=0.7fisappflfiedbetweenFCflayers.Input
snfippetspassthroughthebackbonetobecome(B×T×D)
sfizeoffeatureB,andthroughICA,thechanneflsfizedou-
bflesandspflfitsfinhaflf,foflflowedbyamaxoperatfionthat
actfivatesdfifferentflydependfingonthecflass,resufltfingfinfea-
tureF.Then,FpassesthroughFC1andFC2tobecome
FFC2of(B×T×128)shape,whfichfisfinputfintoFC3and
CSmodufle(CSNorCSA).TheanomaflyscoreSfiscaflcu-
flatedthroughFC3,whfichflearnsusfingflossfunctfionLmfifl.
Inaddfitfion,theCSmoduflereconstructsF
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(B×K×D)shapeandflearnspatternsspecfifictonormafl
andabnormaflcflassesthroughauxfiflfiaryflossLcs.Then,fin
CoMo,dynamficpathoutputsmotfionfintensfityscoresforT
snfippetsthroughConv1dflayerswfithatemporaflkerneflsfize
of1bytemporaflfindependentfly. Throughthfisvaflue,the
bottom-N findficesofstatficfeatures{Ffi}fi=bottomNwfith
flowmotfionfintensfityareseflectedtobecomefinputsofthe
contextpath,andaggregatfionbetweenstatficfeaturesfis
performedthroughaflayerwfithkerneflsfize3andbecome
(B×N×D)sfizeoffeatureswhfichN-meanbecomes
(B×1×D)shapeofcontextfeatureFcont.Inordertofocus
ontheappearancefinformatfionofthestatficscene,context
pathpredfictstheobjectcflassscoreSobjwfith(B×N×C)
sfizewfithfintheNsnfippetstrafinedwfithLobj.InGCN,first,
thesfizeofcflass-actfivatedfeatureFandcontextfeature
Fcontbecomes(B×T×128)and(B×1×128)
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FfigureII.Pseudoflabeflandpredfictedmotfionscorewfithfinthetest
vfideoonUCF-Crfimes[8].Foreachvfideo,motfionscorefis(1)hfigh
finthedynamficsceneand(2)flowfinthestatficscene.Forbetter
understandfing,anabnormafleventfismarkedusfingaredbox.

spectfivefly,throughchanneflreductfion,andthefeaturesare
projectedfromthetemporafltofinteractfionspacebyprojec-
tfionmatrfixPtobecomea(B×n×st)-sfizenodeandstate
matrfixwherenumberofnodeandstatefis32and128,re-
spectfivefly.Infinteractfionspace,eachreflatfionfisexpflored
throughnodepropagatfionfoflflowedbystateupdatfionand
becomeV andVcont.Inthefinterreflatfionprocess,these
tworeflatfionaflfinformatfionareconcatenatedandfusedto
becomeR.ThroughreprojectfionwfithP,afinaflreflatfion
vectorFR fintemporaflspacefisobtafined,whfichbecomes
SRwfithanFCflayer.
Thehyperparametersaredetermfinedexperfimentaflfly,

andthebatchconsfistsofnormaflandabnormaflvfideosfin
equaflproportfionsforcflassbaflance,whfichfissetwfithfinthe
rangeof[16,64]foreachdatabase. Forfinputsnfippets,
wesettoT =16forflarge-scafleanduntrfimmedUCF-
CrfimesandXD-Vfioflencedatabaseand8forShanghafiTech
andCUHKAvenue,whficharereflatfiveflysmaflfldatasets.For
testfing,thefinaflscorefiscaflcuflatedasawefightedsumof
theanomaflyscoreSandthereflatfionaflscoreSR,whereλ
fissetfinthe[0,1]range.Intheflargest-scafleXD-Vfioflence
datasetcomposedofcompflexanddfiversescenes,λfissetto
1,whfichreflfiesonthereflatfionaflscorethemost.Aflflmodefls
aretrafinedfinanend-to-endmannerusfingPyTorch[7]wfith
anNvfidfiaTITANGPU.

3.PseudoLabeflfingforAuxfiflfiaryTasks

DynamficPath. InCoMo,dynamficpathpredfictsmotfion
scorestoseflectstatficfeatures.Toflearnmotfionfinformatfion,
thegroundtruthofthemotfionscorebecomestheoptficafl
flowfintensfityI.Wecomputetheoptficaflflowofeachframe
usfingtheTV-L1aflgorfithm[11]andaveragethefintensfity



TabfleII.AUCscoresbyhyper-parametersK,λcs,andλdonUCF-Crfimes[8].

K λcs λd
1 3 5 7 0 0.5 1 2 0 1 10 20

84.04 86.07 84.55 84.61 83.83 84.99 86.07 83.87 85.07 84.93 86.07 84.8

(a)Expflosfion (b)Ffightfing (c)Rfidfingabfikeonthesfidewaflk

(d)Shopflfiftfing (e)Caraccfident (f)Caronthesfidewaflk

(g)Normafl (h)Rfiot (fi)Normafl

FfigureIII.Anomaflyscorewfithfinthetestvfideos.EachcoflumnfispflotontheUCF-Crfimes[8],XD-Vfioflence[10],andShanghafiTech[5]
dataset.Thex-axfisfistheframerange,andtheredhfighflfightedrangesareground-truthabnormaflframes.Thebflueandredborderflfinesof
theframerepresentnormaflandabnormaflscene,respectfivefly,andforbetterunderstandfing,anabnormafleventfismarkedusfingaredbox.

wfithfintheframe.AsTframesarestackedforeachsnfippet,
themeanvaflueoffintensfitybecomesthemotfionscoreofev-
erysnfippet.InFfig.II,thefirstrowofeachsubpflotshows
thefintensfityscoreofeverysnfippet,whfichfispseudoflabefl
I.ThesecondrowfisthemotfionscoreSfintpredfictedby
thedynamficpathfinthetestvfideoofUCF-Crfimes,whfich
showsthatthepredfictfionfissfimfiflartotheoptficaflflowfinten-
sfityvaflue.Inaddfitfion,Ffig.II(1)ahfighmotfionscorefina
dynamficsceneand(2)aflowmotfionscorefinastatficscene
areshown.Thestatficfeaturecorrespondfingtothebottom-
Nmotfionscorebecomesthefinputofthecontextpath.

ContextPath. Inordertofocusontheappearanceand
contextfinformatfionofsurroundfingsratherthanmotfionfin-
formatfion,weseflectthefeaturesofthestatficsnfippetand
predficttheobjectcflassscoreSobjappearfingfintheframes
wfithfinthesnfippet. Forgroundtruth,weutfiflfizetheout-
putobjectcflasses’confidencescoreoftheYOLOv5[2]
pretrafinedmodeflonthe MSCOCO[4]objectdetectfion
dataset.Asthevfideoanomaflydetectfion(VAD)taskfisused
forsurvefiflflancesystemsfinthereaflworfld,onflytheperson,
car,motorcycfle,truck,chafir,andTVcflasses,whficharesub-
jectfivecflassesappearfingfinnormaflandabnormaflsfituatfions,
areconsfidered(theaveragenumberofobjectsfis7perframe

TabfleIII.AUCscoreonXDdataset

Scenarfio w/oCoMo wCoMo
Movfies 76.54 76.42
Non-movfies 77.31 83.42
Totafl 76.99 81.31

and119persnfippetonUCF-Crfimes).ApseudoflabeflOfis
generatedbythemeanscoreofeachobjectcflasswfithfinthe
Tframes.

4.ContextFeaturefinOtherScenarfios

ConsfiderfingtheXDdatasetwfithhfighmotfionfintensfity
andchangfingbackground: Assnfippetscorrespondfingto
thebottom-N ofthemotfionfintensfityscorepredfictedfin
CoMo’sdynamficpathareseflectedandfinputtothecon-
textpath,contextfeaturesareextractedbyexpflorfingrefla-
tfiveflystatficsceneswfithfinthevfideo;thebackgroundmay
changeduetomfixedsetups,suchashandhefld,sports,and
movfies,butfitfismostflyasfingflepflace(finatrafin,ontheroad,
etc.). Aflthoughthecameramoves,eachvfideohassfimfi-
flarcontexts,andtocompensateforthfis,generaflfeatures



TabfleIV.Comparfisonofcomputatfionaflcompflexfitywfithother
modefls.

Modefl #params GFLOPs

Nofise-C[12]-C3D 78M 386.2G
RTFM[9]-C3D 110M 101.1G
RTFM[9]-I3D 60M 56.5G
MIST[1]-C3D 85M 39.3G
MIST[1]-I3D 31M 45.7G
Ours-I3D 76M 64.4G

Ours-I3D(Inceptfion-v1) 24M 34.7G

areextractedusfingtheNstatficsnfippets.However,unflfike
reafl-worfldscenarfios,formovfiecflfips,contextcapturfingfis
dfifficufltwhenthescenesareswfitched.Tab.IIIshowsthat
thetotaflAUCscorefimproveswfithCoMo,butweobserve
aflargegapbetweentheAUCofmovfiesandnon-movfies
whfichfisbecauseoftheconfusfionofcontext.

5.ExperfimentaflResufltsbyHyper-parameters

Weexperfimentaflflysettheparametersusedfortrafinfing,
andtheresufltsarepresentedfinTabfleII.Aflflsettfingsofthe
experfimentarethesame;onflyK,λcs,orλdfisdfifferent.
Whfifletrafinfing,weassumethatthetop-Ksnfippetsareab-
normaflfortheweakflyflabefledabnormaflvfideo,andK=3
showsbetterperformancethanflearnfingonflywfiththehfigh-
estscoreofK =1. Whenthesnfippetwfiththehfighest
scorefinanabnormaflvfideofisnotanabnormaflsnfippet,thfis
errorbrfingsahugefimpactontrafinfing.Furthermore,when
therefismorethanoneabnormaflsnfippet,thechancetoflearn
abouttheremafinfingdatafismfissed[9].Therefore,flearnfing
wfiththemeanvaflueofKsnfippetsfiseffectfiveandshows
thebestperformancewhenK=3.TherefisanoptfimaflK
vafluedependfingontheflengthoftheabnormaflfintervaflfin
thevfideoofeachdataset,buttoreducethedependenceon
thedata,weusedthesameKvafluefinaflfldatasets.
λcsandλdarethewefightsofthecflass-specfificflossand

reflatfivedfistancefloss,respectfivefly,whfichfindficatethefim-
portancetothetotafltrafinfingflossvaflue. Whenλcsfis0and
1,fitshowsaflargeperformancedfifferenceof2.24%,findfi-
catfingthattheCSmodufleheflpstheframeworkfinextractfing
normaflandabnormaflcflass-representatfivefeatures.Inaddfi-
tfion,thebestresufltfisachfievedwhenλd=10,whfichad-
dressesreflatfivedfistanceflosscompflementsMIL-basedscore
flearnfingwfithfeatureflearnfingtogoodeffect.

6.ComputatfionaflCompflexfity

WecomparethenumberofparametersandFLOPsof
Nofise-C[12],RTFM[9],andMIST[1]wfiththeproposed
modeflfinTabfleIV.Thecompflexfityfiscomputedaccord-
fingtothebackbonewhfichtheflayersandfeaturedfimen-
sfionusedforeachmodeflaredfifferent. Weutfiflfizethe
‘mfix5c’flayerof2048-dfimand1024-dfimfeaturesfrom
theResNet-50I3DandInceptfion-v1I3Dbackbone,respec-

tfivefly;forUCF-Crfimesdataset,sameasRTFM,theback-
boneofourmodeflfistheResNet-50I3D.Inthfiscase,our
modeflwfith76Mnumberofparametersand64.4GFLOPs
hasahfighercompflexfitythanRTFM,buttheperformancefis
2.1%hfigherwhfichfiscompetfitfive.Furthermore,forother
datasets,weutfiflfizeInceptfion-v1I3Dbackboneandshows
SOTAperformancewfithflowmodeflcompflexfity;compared
wfithMIST,ourmodeflshows3.2%hfigherperformancefin
ShanghafiTechdatasetwfithflowercompflexfity.

7.QuaflfitatfiveResuflts

Ffig.IIIshowstheabnormaflscorefinthetestvfideopre-
dfictedbyourframework.Coflumnsfinthefiguregfivethere-
sufltsoftheUCF-Crfimes,XD-Vfioflence,andShanghafiTech
vfideos.Asshownfintheexampfles,UCF-CrfimesandXD-
Vfioflencedatabasesconsfistofvarfiousreafl-worfldscenesthat
aremorecompflexthanthosefintheShanghafiTechdatabase.
Inscorepflots,hfighscoresareshownnotonflyfin(a)expflo-
sfionand(e)caraccfident,whfichareabnormafleventswfith
flargemotfion,butaflsofin(d)shopflfiftfing,whereanomaflfies
needtobefinferredthroughreflatfionaflfinformatfion.Further-
more,comparfing(h)and(g),therearehfighscoresforrfiot
eventsbutflowscoreswfithoutfaflseaflarmsforthenormafl
eventwhereacrowdedgroupfiswafitfingforaneflevatorand
boardfingaflflatonce.Theseexampflesaddressthefimpor-
tanceoffocusfingonthereflatfionshfipbetweenmotfionand
contextfinformatfionforVAD.
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