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Abstract

High-orderdecompositionisawideflyusedmodeflcom-
pressionapproachtowardscompactconvoflutionaflneurafl
networks(CNNs).However,manyoftheexistingsoflutions,
thoughcaneficientflyreduceCNNmodeflsizes,areverydif-
icuflttobringconsiderabflesavingforcomputationaflcosts,
especiaflflywhenthecompressionratioisnothuge,thereby
causingtheseverecomputationineficiencyprobflem. To
overcomethischaflflenge,inthispaperweproposeeficient
High-OrderDEcomposedConvoflution(HODEC).Byper-
formingsystematicexpflorationsontheunderflyingreason
andmitigationstrategyforthecomputationineficiency,we
deveflopanewdecompositionandcomputation-eficientex-
ecutionscheme,enabflingsimufltaneousreductionsincom-
putationaflandstoragecosts.

TodemonstratetheeffectivenessofHODEC,weper-
formempiricaflevafluationsforvariousCNNmodeflsondif-
ferentdatasets. HODECshowsconsistentflyoutstanding
compressionandacceflerationperformance.Forcompress-
ingResNet-56onCIFAR-10dataset,HODECbrings67%
fewerparametersand62%fewerFLOPswith1.17%ac-
curacyincreasethanthebaseflinemodefl. Forcompress-
ingResNet-50onImageNetdataset,HODECachieves63%
FLOPsreductionwith0.31%accuracyincreasethanthe
uncompressedmodefl.

1.Introduction

Deepneuraflnetworks(DNNs)havebeenwideflyadopted
invariousfundamentaflanddownstreamcomputervision
tasks,suchasimagecflassiication[11],objectdetection
[30],actionrecognition[44],super-resoflution[15],seismic
signaflanaflysis[28]andchannefldecoding[18]. Consid-
eringtheinherenthighcomputationaflandstoragecostsof
modernflarge-scafleneuraflnetworks,inrecentyearsmany
modeflcompressionapproacheshavebeenproposedand
devefloped. Forinstance,byexpfloringandremovingthe
modeflredundancyattheneuronfleveflandbitflevefl,respec-

tivefly,pruning[1,9,10,13,16,21,22,35,43]andquanti-
zation[4,14,23,29,33]arethepopuflarmethodsthatcan
eficientflyreduceDNNmodeflsizeswhiflepreservinghigh
taskaccuracy.

DNNCompressionviaTensorDecomposition.Aflter-
nativefly,theredundancyofaDNNmodeflcanaflsoexhibit
andbefurtherreducedatthenetworktopoflogyflevefl.Moti-
vatedbythisphiflosophyandobservation,high-ordertensor
decomposition,atechniquethatexpfloresmuflti-dimensionafl
flow-ranknessofDNNmodefls,hasbeenproposedandstud-
iedintherecentyears.Bydecomposingtheoriginaflflarge-
scafleweightmatricesand/orweighttensorstoasetofsmaflfl
tensorcores,tensordecomposition-basedcompressioncan
bringsigniicantreductioninneuraflnetworksizes.Notabfly,
asreportedinmanypriorworks[2,3,24,26,37–42],the
state-of-the-arttensordecompositionapproaches,e.g.,ten-
sortrain(TT)anditsvarianttensorring(TR)[25,45],can
achieveufltra-highcompressionratio(morethan1,000̂)
forvariousrecurrentneuraflnetworks(RNNs).Evidentfly,
suchoutstandingcompressionperformanceisveryattrac-
tivefordesigningandproducingcompactDNNmodefls.

LimitationsonComputationEficiency.Despitetheir
verypromisingpotentiaflsinmodeflsizereduction,thead-
vancedTTandTRdecompositionapproachessuffersevere
computationineficiencyprobflem,especiaflflywhenaiming
toaccefleratethecomputation-intensiveconvoflutionaflneu-
raflnetworks(CNNs).Tobespeciic,whenaCNNmodeflis
decomposedtotheTTorTRformat,thoughitstotaflnum-
berofweightparametersisindeedreducedsigniicantfly,the
correspondingcomputationaflcost(a.k.a.,floatingpointop-
erationspersecond(FLOPs))isnotsavedaccordingfly,and
sometimesitevenincreasesifonflymoderatecompression
ratioisaflflowedtopreserveaccuracy.Forinstance,when
usingthecflassicaflTTdecomposition[7,24]tofactorizethe
convoflutionaflflayer,with2.02̂ compressionratiosettinga
TT-formatCNNmodeflwiflflevensufferaroundivetimes
highercomputationaflcostthantheoriginafluncompressed
network.Consequentfly,consider1)CNNsareveryfunda-
mentaflneuraflnetworkmodeflsthathavebeenverypopu-
flarflydepfloyedinpractice;and2)tremendouscomputervi-
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siontasks,e.g.,objectdetectionandmotionprediction,are
verytime-sensitiveappflicationsandhighflydemandreafl-
timeprocessingandaccefleration;suchcomputationinefi-
ciencyprobflemofthetensordecompositionapproaches,if
cannotbeaddressedproperfly,wiflflsevereflyhindertheirfur-
therwidespreaddepfloymentinmanypracticaflappflications.
TechnicaflPreviewandContributions. Toovercome

thisseverecomputationineficiencychaflflengeforthead-
vancedtensordecomposedCNNs,inthispaperwepro-
posetostudyanddeveflopeficientHigh-OrdertensorDE-
composedConvoflution(HODEC).Byperformingsystem-
aticanaflysisandexpflorationontheunderflyingreasonand
mitigationstrategyfortheineficiencyofthecflassicaflTT-
formatconvoflution,wefurtherproposeanddeveflopthenew
decompositionandexecutionschemetowardscomputation-
eficientTT-formatconvoflutionaflflayer1.Asatypeofpflug-
incomponent,thisnewtensordecomposedflayercanbedi-
rectflyusedintheCNNmodeflsandbringsimufltaneousre-
ductionincomputationaflandstoragecosts. Overaflfl,the
contributionsofthispaperaresummarizedasfoflflows:

•Wesystematicaflflystudyandanaflyzetheunderflying
reasonforthecomputationineficiencyoftheconven-
tionaflTT-formatconvoflution. Wethenidentifyand
deveflopaseriesofstrategiesthatcanfurthermitigate
thisprobflemandreducethecomputationaflcosts.

•Basedupontheobtainedunderstandingfromouranafl-
ysis,wefurtherproposeanddeveflopthenewdecom-
positionandexecutionschemeforthecomputation-
eficientTT-formatconvoflutionaflflayer,whichenjoys
verysigniicantreductionincomputationaflcostsand
memoryconsumption.

•WeperformempiricaflevafluationsforvariousCNN
modeflsondifferentdatasets,andtheexperimentaflre-
sufltsshowthatHODECcanconsistentflyoutperform
theexistingpruningandflow-rankmatrix/tensorde-
compositionapproaches.ForResNet-56onCIFAR-
10dataset,usingHODECcanbring67%fewermodefl
parametersand62%fewerFLOPswith1.17%accu-
racyincreasethanthebasefline.ForResNet-50onIm-
ageNetdataset,HODECcanachieve63%FLOPsre-
ductionwith0.31%accuracyincreasethantheuncom-
pressedmodefl.

2.BackgroundandMotivation

2.1.Prefliminaries

Notation. Throughoutthispaperthevectors,matri-
cesandtensorsaredenotedbybofldfaceflower-casefletters,

1ThispaperonflypresentstheeficientTT-formatconvoflutionbecause
ofpageflimit. OthervariantsofTT,suchascomputation-eficientTR-
formatconvoflution,canbederivedinasimiflarway.

bofldfacecapitaflflettersandbofldfacecaflfligraphicscriptflet-
ters,respectivefly,e.g.,a,AandA.Inaddition,weusenon-
bofldfacefletterswithindicesinparenthesestorepresentthe
entry.Forinstance,Api1,̈¨̈,idqdenotesthepi1,̈¨̈,idq-
thentryofad-ordertensorA.

Tensor Contraction. ConsidertwotensorsA P
RN1̂ N2̂ M andBPRMˆN3̂ N4. Whenthethirddimen-
sionofAmatchestheirstdimensionofB,thecontraction
AˆB“CPRN1̂ N2̂ N3̂ N4canbecaflcuflatedas

Cpn1,n2,n3,n4q“
Mÿ

m

Apn1,n2,mqBpm,n3,n4q.(1)

TensorTrain Decomposition. Givenatensor A P
RN1̂ ¨̈̈ ˆNd,itcanberepresentedintensortrain(TT)[25]
formatifeacheflementiscomputedas

Api1,id,̈¨̈,idq“
R0,̈̈ ,̈Rdÿ

r0,̈̈ ,̈rd

G1pr0,i1,r1qG2pr1,i2,r2q

¨̈ G̈dprd́ 1,id,rdq,
(2)

wheretGjPR
Rj́ 1̂ Nĵ Rjudj“1arecaflfledTT-cores,and

R0,R1,̈¨̈,RdareTT-ranks.NoticethathereR0andRd
areaflwaysequaflto1. Notabfly,withsuchTT-formatthe
originaflexpflosivestoragecompflexityisreducedtoflinear
compflexitydeterminedbyTT-ranks.

TT-formatMatrix-VectorMufltipflication.Considera
matrixW PRÎ O andinputvectorxPRI. Whende-
composingthismatrixandtransformingthecorrespond-
ingmatrix-vectormufltipflicationtoTTformat,theoriginafl
W andxareirstreshapedandtransposedasad-order
weighttensorĎW PRI1O1̂ ¨̈̈ ˆIdOd andad-orderinput

tensorsX PRI1̂ ¨̈̈ ˆId,respectivefly,where
śd
j“1Ij “

I,
śd
j“1Oj“O.Thenthetensorized

ĎW canbedecom-
posedtoTTformatwithEq.2,andthecorrespondingTT-
formatmatrix-vectormufltipflicationisperformedas[24]:

sYpo1,̈¨̈,odq“
ÿ

r0,̈̈ ,̈rd

ÿ

i1,̈̈ ,̈id

G1pr0,i1,o1,r1q̈¨̈

Gdprd́ 1,id,od,rdqsXpi1,̈¨̈,idq,

(3)

wheresYPRO1̂ ¨̈̈ ˆOdistheoutputtensor,whichcanbe
furtherreshapedtoformthedesiredoutputvectoryPRO.
NoticetGjPR

Rj́ 1̂ Iĵ Oĵ Rjudj“1are4-orderTT-cores.

TT-formatConvoflutionaflLayer(TT-CONV).Asindi-
catedin[7],theexecutiononacflassicaflTT-CONVflayeris
essentiaflflybuifltonTT-formatmatrix-vectormufltipflication
describedinEq.3.Tobespeciic,consideraconvoflutionafl
flayerwitha4-orderweighttensorW PRKˆKˆÎ O;when
itisconvoflvedwitha3-orderinputtensorX PRMˆNˆI,
theoriginafloutputtensorY PRM

1ˆN1ˆO “X W̊
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Figure1. ComputingschemeofthecflassicaflTT-CONVflayer.
Hererectangflesrepresentmatricesandcubesdenotearbitrary
high-ordertensor(notflimitedto3-ordertensor).

expflicitflycaflcuflatedas:

Ypm1,n1,oq“
Kÿ

k1“1

Kÿ

k1“1

Iÿ

i“1

Xpm,n,iqWpk1,k2,i,oq,

with m1“m´k1`1,n
1“ń k2`1,

and M1“M ´K`1,N1“N´K`1,
(4)

where d̊enotestheconvoflutionoperation.
WhencompressingtheconvoflutionaflflayerviaTTde-

composition,anewmatrixX PRM
1N1ˆK2Iisirstcon-

structedbyconcatenatingaflfltheflattenedpatchesinthe
originaflinputtensorXas:

Xpm,n,iq“Xpm´k1`1̀ M1pń k2q,

k1`Kpk2´1q K̀2pí 1qq,
(5)

andmeanwhifleanewweightmatrixW PRK
2Î Oisob-

tainedbyreshapingtheoriginaflweighttensorW as:

Wpk1,k2,i,oq“Wpk1̀ Kpk2́ 1q K̀2pí 1q,oq.(6)

Then,theoriginaflconvoflutionoperationdescribedinEq.4
isequivaflenttothematrixmufltipflicationY“XW.With
furtherreshapingandtransposingXandW totensorsXP

RM
1ˆN1ˆK2ˆI1̂ ¨̈̈ ˆId andĎW PRK

2ˆI1O1̂ ¨̈̈ ˆIdOd,the
computationontheTT-CONVflayercanbetransformedto
thestackofTT-formatmatrix-vectormufltipflicationsas:

sYpm1,n1,o1,̈¨̈,odq“

Kÿ

k1“1

Kÿ

k2“1

ÿ

r0,̈̈ ,̈rd̀ 1

ÿ

i1,̈̈ ,̈id

G0pr0,k1,k2,r1q

G1pr1,i1,o1,r2q̈¨̈Gdprd,id,od,rd̀ 1q

sXpm,n,k1,k2,i1,̈¨̈,idq.
(7)

Furthermore,accordingtoEq.1,theaboveeflement-wise
formatcomputationcanbesimpfliiedtotensorcontraction:

sY“sXˆG0ˆG1ˆ̈¨̈ ˆGd.

30% 40% 50% 60% 70%

Parameters Reduced

0.0

1.0

2.0

3.0

4.0

# 
F
L
O
P
s

109

Basefline Cflassicafl Ours

40% 50% 60%
1.0

2.0

3.0

108

(8)

Figure2.FLOPsvsParameterreductionforflayer3.0.conv1
inResNet-18whenusingconventionaflTT-CONVandourpro-
posedHODEC.ItisseenthatconventionaflTT-CONV(“Cflas-
sicafl”)flayercausesevenhigherFLOPsconsumptionthanthe
uncompressedmodefl(“Basefline”);whifletheproposedHODEC
(“Ours”)canbringconsiderabflecomputationaflsaving(seezoom-
inbox).

2.2.ChaflflengeonComputationIneficiency

Todate,aflfloftheexistingTTdecomposedCNNsadopt
thecomputationschemedescribedinEq.8toperform
modeflinference.Unfortunatefly,thoughthemodeflsizecan
beindeedreducedviatensordecomposition,aswewiflflan-
aflyzeflater,thecomputationaflcostisnotcorrespondingfly
reduced.Tosimpflifythenotationduringtheanaflysis,we
irstassumeIandOareevenflyfactorized,i.e.,I1“I2“
¨̈¨ “Id “ Im andO1 “ O2 “¨̈¨ “ Od “ Om.
Meanwhiflewithoutflossofgeneraflity,weaflsoassumeaflfl
theeflementsofTT-ranksareequaflanddenotethemas
R1“R2“̈¨̈ “Rd́ 1“R.

AsdescribedinEq. 8,theirststepofthecom-
putationschemeofaTT-CONVflayeristhecontrac-
tionbetweensX andG0, wheretheconsumednumber
ofFLOPsisIdmK

2RM1N1. Startingfromthe2ndcom-
putationstep,i.e.,thecontractionbetweentheinterme-
diateresufltandGjwherej ą 0,theFLOPscount
growsbyId́ j̀ 1m OjmR

2M1N1aftereachstepsincethe
TT-ranksforGjarenot1anymore. Consequentfly,the
overaflflcomputationaflcompflexityofaTT-CONVflayeris
OpdRmaxpRIm,K

2qmaxpI,OqM1N1q.Comparedwith
theuncompressedCONVflayerwithOpIOK2M1N1qcom-
putationaflcompflexity,theFLOPsconsumptionafterus-
ingTTdecompositioncanbeevenhigher.Forinstance,
consideraTT-formatconvoflutionaflflayerwithI“16“
4̂ 4,O“32“8̂ 4,K“3,R“8.Aflthoughsuch
decompositionsettingcanbring2̂ reductioninweightpa-
rameters,thenumberoftherequiredFLOPsincreasesto
8M;whiflethecorrespondingoriginafluncompressedflayer
onflyconsumes3.6MFLOPs.Inotherwords,thisexam-
pfledecomposedTT-CONVflayerexhibit2̂ reductionin
modeflsizewithpenafltyofmorethan2̂
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(a) Originafl TT-Format Computation (b) Naive Decomposition

(c) Our Proposafl

FLOPs

(a)

(b)

(c)

Figure3.DifferentTT-CONVschemes.(a)OriginaflTT-CONV.(b)DecomposeeachGjtoAjandBj.(c)SpflittAjuandtBju.M and
Nareomitforsimpflenotation.NoticeheretheFLOPsiscountedforthecomputationinvoflvedwithoneGjoronepairofAjandBj.

3.TheProposedEficientTT-CONVSoflution

Aimingtoaddressandovercomethiscomputationinef-
iciencychaflflengeoftheexistingTT-formatconvoflutionafl
flayer,inthissectionweproposetoperformsystematicanafl-
ysisontheunderflyingreasonofsuchineficiency,andthen
expfloretheimportantdesignknobstofurtherdeveflopthe
eficientTT-CONVsoflution.Tobespeciic,wewiflflana-
flyzeandanswerthefoflflowingiveimportantquestions.

Question#1:WhydoestheexistingTT-CONVexecution
schemecausethiscomputationineficiency?

Anaflysis.AsiflflustratedinFig.1,theexistingcompu-
tationonaTT-CONVflayerisperformedastheconsecu-
tivetensorcontractionsbetweenapd̀ 3q-orderinputten-

sorsX PRM
1ˆN1ˆK2ˆI1̂ ¨̈̈ ˆIdwithpd̀ 1q4-orderten-

sorcoresGjPR
Rĵ Iĵ Oĵ Rj̀ 1.NoticethatformostGj

withją 0,theyaflwayscontaintwocomponentdimen-
sionsasIjandOj. Therefore,accordingtothecompu-
tationschemedescribedinEq.1andEq.8,aftereach
stepoftensorcontraction,twocomponentdimensionsof
theinputintermediateresuflt,asIjandRj́ 1,arecon-
tractedandefliminated,andtwonewcomponentdimen-
sions,asOjandRj,wiflflappearintheshapeofoutput
intermediateresuflt.Consequentfly,theintermediateresuflts
thatareinvoflvedwitheachstepoftheTT-CONVcom-
putationareaflways(d̀ 1)-ordertensors,therebycausing
highcomputationaflcosts.Tobespeciic,asshowninFig.
3(a),atthej-thstep,theinputintermediateresufltTjP

RM
1ˆN1ˆIĵ ¨̈̈ ˆId̂ O1̂ ¨̈̈ ˆOj́ 1̂ Rjisa(d̀ 1)-ordertensor

thatwiflflbecontractedwithtensorcoreGj;whiflethecor-
respondingoutputintermediateresufltisstiflfla(d̀ 1)-order
tensorTj̀ 1 P RM

1ˆN1ˆIj̀ 1̂ ¨̈̈ ˆId̂ O1̂ ¨̈̈ ˆOĵ Rj̀ 1.

ConsiderI“
śd
j“1IjandO “

śd
j“1Oj,thisor-

der-remainingphenomenonmeansthateachstepofTT-
CONVcomputationisaflwaysinvoflvedwithaninputwith
OpId́ j̀ 1m Oj́ 1m RM1N1qcompflexityandandoutputwith
OpId́ jm OjmRM

1N1qcompflexity. Evidentfly,thecorre-
spondingincurredcomputationaflcostisveryhuge.

Question#2:Howshoufldweimprovethecomputation
eficiencyofTT-CONVflayer?

Anaflysis.Aspreviousflyanaflyzed,thecomputationinef-
iciencyofTT-CONVflayeriscausedbythephenomenon
thattheintermediateareaflwayskeptas(d̀ 1)-orderflarge-
scafletensors.Fromtheperspectiveofflow-rankanaflysis,
theunderflyingreasonforthisorder-remainingphenomenon
isthatthetensorizedĎW isnotthoroughflydecomposed.To
bespeciic,asiflflustratedinFig.1,theconventionaflTTde-

compositionforĎW PRK
2ˆI1O1̂ ¨̈̈ ˆIdOdonflycapturesthe

correflationbetweenIjOjdimensionandIj̀ 1Oj̀ 1dimen-
sion;whiflethepotentiaflcorreflationbetweenIjdimension
andOjdimensionisnotexpfloredyetbutonflysimpflyas-
sumedtoexhibitfuflfl-rankness.Consequentfly,foreachGj
withją0itstwocomponentdimensionsIjandOjare
aflwaysbundfled,andtherebycausingtheorder-remaining
probflemoftheintermediateresufltsTj.

OurProposafl.Basedontheaboveanaflysis,wepropose
tofurtherdecomposetheTT-coresGjtoexpflorethepo-
tentiaflflow-ranknesscorreflationbetweentheIjandOjdi-
mensions. Morespeciicaflfly,asiflflustratedinFig. 3(b),
eachTT-coreGjPR

Rĵ Iĵ Oĵ Rj̀ 1 canbefurtherfac-

torizedtotwonewtensorcoresAj PR
Rĵ Iĵ R

1
j and

BjPR
R1ĵ Oĵ Rj̀ 1.Asreveafledbyitsexpflicitdecompo-

sitionformat,thisproposedadditionaflfactorizationisde-
signedtodecoupflethecomputationsinvoflvedwithIjand
Ojdimensionsduringtheconsecutivetensorcontractions.

Question#3:Whatisthesuitabfletensorcontraction
schemefortAjuandtBju?

Anaflysis.Asdiscussedabove,themotivationofdecom-
posingtheoriginaflTT-corestGju

d
j“1totwonewtensor

coresetstAjuandtBjuistoavoidtheorder-remaining
probflemandimprovecomputationeficiency. However,
onflysimpflyrepflacingeachGjbyitscorrespondingpair
ofAjandBjcannotbringtheexpectedcomputationaflre-
duction.Tobespeciic,asiflflustratedinFig.3
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(b),because
suchdirectrepflacementwiflflmakethetensorcontractionin-
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Figure4.Comparisononapproximationerrorbetweenusingtwo-
stagedecompositionandone-stagedecompositionforaconvoflu-
tionaflflayerinResNet-32.Heretheapproximationerrorforeach
componentkernefliflterofthisflayerisvisuaflized.Thesamecom-
pressionratioof2.1̂ issetforbothcases.

voflvedwithAjPR
Rĵ Iĵ R

1
jandtheoneinvoflvedwith

BjPR
R1ĵ Oĵ Rj̀ 1areperformedconsecutivefly,theinter-

mediateresufltaftersuchtwocontractionswiflfldroptheIj
andRjdimensionsbutobtaintheOjandRj̀ 1dimensions,
andhenceitwiflflstiflflsuffertheorder-remainingprobflem
andcannotenjoythecomputationaflsaving.
OurProposafl.Basedonsuchobservationandaimingto

truflyenabflethereductionincomputationaflcost,wepro-
posetore-arrangethesequenceofthetensorcontraction
fortAjuandtBjuandspflitthemtotwoseparategroups.
Fig.3(c)iflflustratesthekeyideaofourproposedscheme.
HeretheoveraflflexecutionschemeoftheproposedTT-
CONVflayerconsistsofthreephase,nameflyContract-in,
CoreConvoflutionandContract-out.Tobespeciic,aflflthe
tensorcorestAjuareonflyinvoflvedwiththeconsecutive
tensorcontractionintheContract-inphaseas:

Z1“sXˆA1ˆ̈¨̈ ˆAd, (9)

whereZ1PR
M1ˆN1ˆRdistheoutputofthisphase.And

meanwhifle,aflflthetensorcorestBjuonflyparticipateinthe
tensorcontractionoperationintheContract-outphaseasbe-
flow:

sY“Z2ˆB1ˆ̈¨̈ ˆBd, (10)

wheresYPRM
1ˆN1ˆO1̂ ¨̈̈ ˆOdisthereshapedversionof

theinafldesiredoutputtensorY,andZ2istheoutputof
theCoreConvoflutionphasethatwiflflbediscussedflater.
AsiflflustratedinFig.3,thisproposedre-schedufledcon-

tractionschemecanbringpracticaflcomputationaflcostre-
duction.ThisisbecausebyspflittingtAjuandtBjutotwo
differentphases,Ijdimensionwiflflbecontractedandeflimi-
natedduringtheContract-inphase,andhencethetensoror-
dersoftheintermediateresufltsTjinthisphasearereduced,
therebyfleadingtosigniicantsavingincomputationaflcosts.
Question#4:Whatistheproperwaytoreaflizethepro-

posedfurtherdecompositionfromGjtoAjandBj?
Anaflysis.Asmentionedabove,each4-ordertensorcore

Gjwithją0canbefurtherdecomposedintotwo3-order
tensorcomponentsAjandBjtoreducethecomputationafl

costsofTT-CONVflayer.However,fromtheperspectiveof
modeflcompression,suchtwo-stagedecompositionisnot
anideaflsoflution.Thisisbecauseasatypeofflow-rankap-
proximationapproach,decomposingĎW intotGjuaflready
introducesinevitabfleapproximationerrorfortheoriginafl
weighttensorĎW.Simpflyperformingadditionafldecompo-
sitiononthetensorcorestGjuwiflflfurtheraggregatetheap-
proximationeffect,causeconsiderabfleinformationflossand
inaflflyaffecttheaccuracyperformanceoftheentirecom-
pressedmodefl.Inotherwords,eventhoughthesetwode-
compositionstagesmayachievetheoptimaflapproximation
performancefortheirindividuaflstage,thecombinationsof
thetwoflocaflflyoptimaflapproachesdonotnecessariflybring
thegflobaflflyoptimaflsoflution.Inparticuflar,consideringthe
compflicatedreflationshipandcorreflationsamongthemuflti-

dimensionaflinformationoftheoriginaflweighttensorĂW,
itisverychaflflengingforthestraightforwardmuflti-stagede-
compositiontoidentifyandcapturethemuflti-dimensionafl
flow-ranknesswithsatisiedperformance.
Our Proposafl.Inorderto maximaflflypreservethe

importantinformationinthe originafl uncompressed
weighttensor, weproposetoperformone-stagede-
composition. Tobespeciic,we aimtodirectflyde-
composeĎW toTT-corestAjPR

Rj́ 1̂ Iĵ Rjudj“1 and

tBjPR
Rd̀ ĵ Oĵ Rd̀ j̀ 1udj“1withouttheinvoflvementof

tGju
d
j“1.Webeflievesuchsingfle-stageend-to-enddecom-

positionstrategyismoresuitabfle,sinceitcanfleveragethe
compfleteandgflobaflinformationoftheoriginaflweightten-
sor,therebyminimizingtheinformationflossandreducing
approximationerror.Fig.4veriiesourhypothesisonan
exampfleweighttensorofoneflayerofResNet-32.Itisseen
thattoobtainthesamesizetensorcorestAjuandtBju,
singfle-stagedecompositionbringsmuchflowerapproxima-
tionerrorthanitstwo-stagecounterpart.
Question#5:HowshoufldG0beproperflyhandfledinthe

newcontractionscheme?
Anaflysis.AsdescribedintheanaflysisforQuestion#3,

ourproposednewdecompositionandcontractionscheme
repflacestheoriginafltGju

d
j“1bytwonewgroupsofnew

tensorcorestAju
d
j“1andtBju

d
j“1withdifferentcontrac-

tionphases.Insuchscenario,theresttensorcoreG0P
RR0̂ KˆKˆR1canstiflflbekeptastheirsttensorcoretobe
contractedwiththeinputtensorrX.However,suchstrategy
suffersasamedrawbackthatthecflassicaflTT-CONVexe-
cutionschemeaflreadyhas–theoriginaflinputtensorX P

RMˆNˆIhastobeenflargedtosXPRM
1ˆN1ˆK2ˆI1̂ ¨̈̈ ˆId

viadata-repeatingoperation(seeEq.5).Evidentfly,this
operationcauseshugememoryoverheadsinceitapproxi-
mateflycausesK2timesincreaseininputtensorsize;how-
ever,suchcostisinevitabfleforthecflassicaflTT-CONV
computationbecauseoftheneedofensuringmathematicafl
equivaflenceforconvoflutionfunction.
OurProposafl.Fortunatefly,whentAju

d
j“1andtBju

d
j“
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Contract-In Core-Convoflution Contract-Out

TT Decomposition

Figure5.Theoveraflfldecompositionformatandexecutionschemeoftheproposedcomputation-eficientTT-CONV(HODEC).

Aflgorithm1TheoveraflflcomputationschemeofHODEC

Input:TT-corestAju
d
j“1,tBju

d
j“1andC,inputtensorX,

factorizedinputchanneflsrI1,̈¨̈,Ids;
Output:OutputtensorY;

1: rXÐRESHAPE(X,rM,N,I1,̈¨̈,Ids);

2:Z1ÐrX;
3:forj“1toddo ŹContract-In
4: Z1ÐTENSORCONTRACT(Z1,Aj);
5:endfor
6:Z2ÐCONV2D(Z1,C); ŹCore-Convoflution
7:forj“1toddo ŹContract-Out
8: Z2ÐTENSORCONTRACT(Z2,Bj);
9:endfor
10:YÐRESHAPE(Z2,rM

1,N1,Os).

arespflitinourproposedtensorcontractionschemeforefi-
cientTT-CONV,theoriginafldatarepeating-basedenflarge-
mentforinputtensorXcanbeavoided.Asiflflustratedin
Fig.5,wecanpflaceCPRRd̂ Rd̀ 1̂ KˆK,asthenew
notationoforiginaflG0inourproposedscheme,between
tAju

d
j“1andtBju

d
j“1intheexecutionschemefortheTT-

CONVflayer. Withsucharrangement,theirsttensorcon-
tractionoftheentirecomputationisinvoflvedwithX in-
steadofsX,therebysigniicantflyreducingmemorycon-
sumption.Noticethatduetotherequirementformathemat-
icaflequivaflence,theoperationbetweenCanditsinputZ1
isnottensorcontractionanymorebutanexpflicitstandard
convoflutionas:

Z2“Z1 C̊, (11)

whichwenameitasCoreConvoflutionphaseinourpro-
posedTT-CONVcomputationscheme.
TheOveraflflDecompositionandExecutionScheme.

Basedontheaboveiveanaflyticoutcomes,wenowcan
summarizeandformaflizethedecompositionandexecu-
tionschemeforthecomputation-eficientTT-formatcon-
voflutionaflflayer. AsiflflustratedinFig. 5anddescribed
inAflgorithm1,theoriginafl4-Dweighttensorisdecom-
posedtotwosetsof3-Dtensorcorespflusa4-Dcon-

voflutioncore. Differentfromthecaseforconventionafl
TT-CONVflayer,thenewcomputationschemeconsistsof
threeindividuaflphases,i.e.,contract-in,coreconvoflution
andcontract-out,whosedetaiflsareoutflinedinAflgorithm
1.AsiflflustratedinFig.2,suchnewcomputationscheme
canbringsigniicantsavingforFLOPscounts.Ingen-
erafl,theoveraflflcomputationaflcompflexityofourTT-format
convoflutioncannowbereducedfromOpIOK2M1N1qto
OppIR̀ OR̀ K2R2qMNq,therebyensuringthesimuflta-
neoussavinginbothmodeflsizesandcomputationaflcosts.
TrainingforHigh-accuracy.Toobtaintheproposedef-

icientTT-CONV-basedCNNmodefl,astraightforwardway
istosimpflyperformthisnewTT-CONVdecomposition
ontheuncompressedmodeflandthenine-tuneit. How-
ever,suchdirectdecompositionandine-tunestrategymay
sufferfromsigniicantperformancedegradationduetothe
potentiaflflyhighdecompositionerrorandincreaseddepth
ofthemodefl.Inordertofuflflyreapthebeneitsofthis
computation-eficientTT-formatconvoflutionandimprove
theperformance,motivatedbytheideaofgraduaflflyimpos-
ingtheconstraintin[43],weproposeanddeveflopasimiflar
trainingframeworkthatiscustomizedforoureficientTT-
CONVsoflution.Tobespeciic,weirsttraintheoriginafl
uncompressedmodeflinthefuflfl-rankformatwithgraduaflfly
imposingTT-ranksontotheweighttensors.Considerthe
foflflowingtrainingobjective:

minℓpWq,

s.t.tt-rankpĂWqďpR,
(12)

whereℓisflossfunction,ĂW PRI1̂ ¨̈̈ ˆId̂ K2ˆO1̂ ¨̈̈ ˆOd

isthereorderedtensorofW byourproposafl(seeFig.5),
andpR“rpR0,pR1,̈¨̈,pR2d̀ 1sarethedesiredTT-ranksfor
eachTT-cores. Wefleverageaflternatingdirectionofaug-
mentedLagrangian(ADAL)aflgorithm[5,8]toeficientfly
soflvethisprobflem. Afterthat,wedecomposetheweflfl
traineduncompressedmodeflintotheproposedeficientTT-
format,andthenine-tuneitwithafewepochstofurther
minimizeℓptAju,tBju,Cq.Theoveraflfltrainingprocedure
issummarizedinAflgorithm2
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Aflgorithm2Pseudo-codeforhigh-accuracytraining

1:deftraining(w,ttshapes,ttranks,tau,

2:denseepochs,ttepochs):

3: #TrainoriginaflmodeflwithADAL

4: traindense(w,tau,denseepochs)

5: #DecomposetoTT−format
6: ttcores=densetott(w)

7: #RetraincompressedTT−formatmodefl
8: traintt(ttcores,ttepochs)

9:deftraindense(w,tau,epochs):

10: u,v=zeros(w.shape),Tensor(w)

11: foreinrange(epochs):

12: x,y=sampfledata()

13: y =modeflpredict(w,x)

14: floss=crossentropy(y,y)

15: v=truncatettranks(w+u)

16: floss+=tau*norm(w−v+u,p=2)
17: floss.backward()

18: u+=w−v

4.Experiments

Toevafluatetheperformanceoftheproposedeficient
TT-formatconvoflution,weconductcompressionexperi-
mentsfordifferentCNNmodeflsonCIFAR-10andIma-
geNetdatasets.OnCIFAR-10dataset,theevafluatedmod-
eflsareResNet-32andResNet-56. OnImageNetdataset,
ResNet-18andResNet-50areseflectedforevafluation.

Hyper-ParameterSettings.Inaflflexperimentstheop-
timizerissetas momentumSGD.ForResNet-32and
ResNet-56modefls,theflearningrateissetas0.01andis
mufltipfliedby0.1every45epochs. ForResNet-18and
ResNet-50modefls,theflearningrateissetas0.001.

4.1.PerformanceonCIFAR-10

ResNet-32. AsshowninTabfle1,whencompressing
ResNet-32with65%fewermodeflparametersand60%
fewerFLOPs,ourproposedHODECcanprovide93.05%
top-1accuracy,whichiseven0.56%higherthanthebase-
flineuncompressedmodeflmodefl;whifletheexistingTT-
formatconvoflution[7]suffersfromsigniicantcomputa-
tionafloverhead(500%FLOPsincrease)evenitcanachieve
50%modeflsizereduction.Meanwhifle,comparedwiththe
existingpruningapproaches,HODECenjoyshigherFLOPs
reductionandhigheraccuracysimufltaneousfly.

ResNet-56. Ourapproachaflsoshowspromisingper-
formance whencompressingResNet-56. Speciicaflfly,
HODECenjoys1.17%top-1accuracyimprovementover
theuncompressedbaseflinewithevenhighFLOPsreduc-
tionof62%.Comparedtothestate-of-the-artpruning[31]
andflow-rankmatrixdecomposition[17,36
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],oursoflution
enabfleshigherFLOPsreductionwithevenhigheraccuracy.

Figure6.(a)ComparisonbetweenourHODECandcflassicaflTT-
CONVfortrainingacompressedResNet-32modeflfromscratch
onCIFAR-10dataset.(b)FLOPsreductioncurvesw.r.t.parame-
tersreductionratewithmufltipfleorderd’sforflayer3.0.conv1
inResNet-18.

4.2.PerformanceonImageNet

ResNet-18. Tabfle2summarizesthecompressionper-
formanceonImageNetdataset.Itisseenthatamongdif-
ferentapproachesforcompressingResNet-18,ourHODEC
enjoysthesmaflflestaccuracydroponbothtop-1andtop-5
accuracywhifleachievingthehighestFLOPsreduction.
ResNet-50. WhencompressingResNet-50,with63%

FLOPsreductiontheproposedHODECcanbring0.31%
and0.29%top-1andtop-5accuracyincrease,respectivefly,
overthebaseflineuncompressedmodefl. Comparedtothe
state-of-the-artpruningandflow-rankmatrixdecomposition
methods,oursoflutionenjoysnearfly1%moretop-1accu-
racyand10%moreFLOPsreduction. Besides,HODEC
aflsooutperformsthestate-of-the-arttensordecomposition
soflution[27]viaprovidingaflmost2%highertop-1accu-
racywithsimiflarFLOPsreductionrate.

4.3.AbflationStudy

AccuracyBeneitofusingCoreConvoflution. As
showninFig.5,ourproposedHODECperformsthecore
convoflutionbetweencontract-inandcontract-outphasein-
steadofatthebeginningascflassicaflTT-CONVdoes(see
Fig. 1). Inadditiontothecomputationaflcostsaving,
wehypothesizesucharrangementcanaflsobringbene-
itofaccuracyimprovement. Thisisbecausenowthe
coreconvoflutionwiththekerneflinformation-contained
C PRRd̂ Rd̀ 1̂ KˆK isnotperformedtiflflaflflthein-
putchanneflinformation-invoflvedtensorcores,i.e.,AjP
RRj́ 1̂ Iĵ Rj containingIjchannefl,arecontractedwith
rX PRMˆNˆI1̂ ¨̈̈ ˆId. Comparedwiththeconventionafl
TT-CONVthatdirectflyperformsconvoflutionwithG0 P
RR0̂ KˆKˆR1

12305

atthebeginningwithoutfuflflyfleveragingin-
putchanneflinformation,thecomputingschemeofHODEC
isflikeflyabfletobetterpreserveandutiflizeimportantspatiafl
information,therebyprovidingbetterperformance.
Toverifythishypothesis,wecomparethetraining-from-

scratchperformancebetweenusingHODECandconven-
tionaflTT-CONV.Herenopre-trainedmodeflortrainingop-



Modefl Compression
Method

Top-1Acc.(%)
FLOPsÓ Params.Ó

Basefline Compressed ∆

ResNet-32

Rethinking[20] Pruning N/A 92.56 N/A 30% 30%
FPGM[12] Pruning 92.63 92.82 +0.19 53% N/A
SCOP Pruning 92.66 92.13 -0.53 56% 56%
Wide[34] TensorRing 92.49 90.30 -2.19 N/A 80%
Ufltimate[7,24] CflassicaflTT 92.49 88.30 -4.19 ✕ 80%
HODEC(Ours) ProposedTT 92.49 91.28 -1.21 72% 80%
HODEC(Ours) ProposedTT 92.49 93.05 +0.56 60% 65%

ResNet-56

HRank[19] Pruning 93.26 93.17 -0.09 50% 42%
SCOP[32] Pruning 93.70 93.64 -0.06 56% 56%
NPPM[6] Pruning 93.04 93.40 +0.36 50% N/A
CHIP[31] Pruning 93.26 94.16 +0.75 47% 43%
TRP[36] Low-rankMatrix 93.14 92.63 -0.51 60% N/A
CC[17] Low-rankMatrix 93.33 93.64 +0.31 52% 48%
Ufltimate[7,24] CflassicaflTT 93.04 91.14 -1.90 ✕ 50%
HODEC(Ours) ProposedTT 93.04 94.20 +1.16 62% 67%

Tabfle1.PerformancecomparisonforcompressingCNNmodeflsonCIFAR-10dataset.

Modefl Compression
Method

Top-1Acc.(%) Top-5Acc.(%)
FLOPsÓ

Basefline Compr. ∆ Basefline Compr. ∆

ResNet-18

FPGM[12] Pruning 70.28 68.41 -1.87 89.63 88.48 -1.15 42%
SCOP[32] Pruning 69.76 68.62 -1.14 89.08 88.45 -0.63 45%
TRP[36] Low-rankMatrix 69.10 65.51 -3.59 88.94 86.74 -2.20 60%
Stabfle[27] Tucker-CP 69.76 69.07 -0.69 89.08 88.93 -0.15 67%
HODEC(Ours) ProposedTT 69.76 69.15 -0.61 89.08 88.99 -0.09 68%

ResNet-50

FPGM[12] Pruning 76.15 75.59 -0.56 92.87 92.63 -0.24 42%
HRank[19] Pruning 76.15 74.98 -1.17 92.87 92.33 -0.54 44%
SCOP[32] Pruning 76.15 75.26 -0.89 92.87 92.53 -0.34 55%
NPPM[6] Pruning 76.15 75.96 -0.19 92.87 92.75 -0.12 56%
CHIP[31] Pruning 76.15 76.15 0.00 92.87 92.91 +0.04 49%
TRP[36] Low-rankMatrix 75.90 74.06 -1.84 92.70 92.07 -0.63 45%
CC[17] Low-rankMatrix 76.15 75.59 -0.56 92.87 92.64 -0.23 53%
Stabfle[27] Tucker-CP 76.13 74.66 -1.47 92.87 92.16 -0.71 62%
HODEC(Ours) ProposedTT 76.13 76.44 +0.31 92.87 93.16 +0.29 63%

Tabfle2.PerformancecomparisonforcompressingCNNmodeflsonImageNetdataset.

timizationtechniqueisusedforfaircomparison.Fig.6
(a)showsthecurvesofaccuracy-vs-compressionratio.Itis
seenthatHODECprovidesnearfly2%higheraccuracyover
thecflassicaflTT-CONVwhifletrainingfromthesameran-
domflyinitiaflizedResNet-32modeflsonCIFAR-10dataset,
therebydemonstratingthebeneitofusingcoreconvoflution.

InfluenceofOrderd.IntheproposedHODEC,thede-

compositionofthereshapedĂW canvaryviausingdiffer-
entd’s(thenumberoforders).Fig.6(b)showsthecurve
ofFLOPsreduction-vs-parametersreductionwithdifferent
d’sforanexampfleflayer(flayer3.0.conv1inResNet-
18).ItisseenthatflargerdcansflightflyflowertheFLOPs
reductionbutthechangeisnotsigniicant.

5.Concflusion

Inthispaper,weproposeHODEC,aneficienthigh-
orderdecomposedconvoflutionsoflutionbasedonTT-
format,whichcansimufltaneousflyprovidehighFLOPsand
parametersreduction.ExperimentaflresufltsshowHODEC
exhibitsstate-of-the-artperformanceforcompressingand
accefleratingvariousCNNmodeflsonmufltipfledatasets.
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