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Abstract

Advancedtensordecomposition,suchastensortrain
(TT)andtensorring(TR),hasbeenwidelystudiedfordeep
neuralnetwork(DNN)modelcompression,especiallyfor
recurrentneuralnetworks(RNNs).However,compressing
convolutionalneuralnetworks(CNNs)usingTT/TRalways
sufferssignificantaccuracyloss.Inthispaper,wepropose
asystematicframeworkfortensordecomposition-based
modelcompressionusingAlternatingDirectionMethodof
Multipliers(ADMM).ByformulatingTTdecomposition-
basedmodelcompressiontoanoptimizationproblemwith
constraintsontensorranks,weleverageADMMtechnique
tosystemicallysolvethisoptimizationprobleminanitera-
tiveway.Duringthisprocedure,theentireDNNmodelis
trainedintheoriginalstructureinsteadofTTformat,but
graduallyenjoysthedesiredlowtensorrankcharacteris-
tics. WethendecomposethisuncompressedmodeltoTT
format,andfine-tuneittofinallyobtainahigh-accuracyTT-
formatDNNmodel.Ourframeworkisverygeneral,andit
worksforbothCNNsandRNNs,andcanbeeasilymodified
tofitothertensordecompositionapproaches. Weevaluate
ourproposedframeworkondifferentDNNmodelsforimage
classificationandvideorecognitiontasks.Experimentalre-
sultsshowthatourADMM-basedTT-formatmodelsdemon-
strateveryhighcompressionperformancewithhighaccu-
racy. Notably,onCIFAR-100,with2.3 and2.4 com-
pressionratios,ourmodelshave1.96%and2.21%higher
top-1accuracythantheoriginalResNet-20andResNet-32,
respectively.ForcompressingResNet-18onImageNet,our
modelachieves2.47 FLOPsreductionwithoutaccuracy
loss.

1.Introduction

DeepNeuralNetwork(DNNs)havealreadyobtained
widespreadapplicationsinmanycomputervisiontasks,
suchasimageclassification[19,28],videorecognition
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[10,2],objectivedetection[13,41],andimagecaption
[45,9].Despitetheseunprecedentedsuccessandpopular-
ity,executingDNNsontheedgedevicesisstillverychal-
lenging.FormostembeddedandInternet-of-Things(IoT)
systems,thesizesofmanystate-of-the-artDNNmodelsare
toolarge,therebycausinghighstorageandcomputational
demandsandseverelyhinderingthepracticaldeployment
ofDNNs.Tomitigatethisproblem,todatemanymodel
compressionapproaches,suchaspruning[16,17,35,50]
andquantization[17,47,40],havebeenproposedtoreduce
thesizesofDNNmodelswithlimitedimpactonaccuracy.

TensorDecompositionforModelCompression.Re-
cently,tensordecomposition,asamathematicaltoolthat
exploresthelowtensorrankcharacteristicsofthelarge-
scaletensordata,havebecomeaveryattractiveDNNmodel
compressiontechnique. Differentfromothermodelcom-
pressionmethods,tensordecomposition,uniquely,canpro-
videultra-highcompressionratio,especiallyforrecurrent
neuralnetwork(RNN)models. Asreportedin[48,38],
theadvancedtensordecompositionapproaches,suchasten-
sortrain(TT)andtensorring(TR),canbringmorethan
1,000 parameterreductiontotheinput-to-hiddenlayers
ofRNNmodels,andmeanwhilethecorrespondingclas-
sificationaccuracyinthevideorecognitiontaskcanbe
evensignificantlyimproved. Motivatedbysuchstrong
compressionperformance,manypriorresearchworkshave
beenconductedontensordecomposition-basedDNNmod-
els[12,37,43].Inaddition,tofullyutilizethebenefitspro-
videdbythosemodels,severalTT-formatDNNhardware
acceleratorshavebeendevelopedandimplementedindif-
ferentchipformats,suchasdigitalCMOSASIC[7],mem-
ristorASIC[23]andIoTboard[4].

LimitationsoftheStateoftheArt.Despiteitspromis-
ingpotentials,theperformanceoftensordecompositionis
notsatisfiedenoughasamaturemodelcompressionap-
proach.Currentlyallthereportedsuccessoftensordecom-
positionarenarrowlylimitedtocompressingRNNmod-
elsinvideorecognitiontasks. Forcompressingconvo-
lutionalneuralnetwork(CNN)intheimageclassification
task,whicharethemostcommonlyusedandrepresenta-
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tivesettingforevaluatingmodelcompressionperformance,
allthestate-of-the-arttensordecompositionapproaches,in-
cludingTTandTR,sufferverysignificantaccuracyloss.
Forinstance,eventheveryrecentprogress[32]usingTR
stillhas1.0%accuracylosswhenthecompressionratiois
only2.7 forResNet-32modelonCIFAR-10dataset.For
thelargercompressionratioas5.8,theaccuracylossfur-
therincreasesto1.9%.
WhyLimitedPerformance? Theabovelimitationof

tensordecompositionismainlyduetotheuniquechallenges
involvedintrainingthetensordecomposedDNNmodels.
Ingeneral,therearetwowaystousetensordecomposition
toobtainacompressedmodel:1)Trainfromscratchinthe
decomposedformat;and2)Decomposeapre-trainedun-
compressedmodelandthenretrain.Intheformercase,
whentherequiredtensordecomposition-based,e.g. TT-
formatmodel,isdirectlytrainedfromscratch,becausethe
structureofthemodelsarealreadypre-settolowtensor
rankformatbeforethetraining,thecorrespondingmodel
capacityistypicallylimitedascomparedtothefull-rank
structure,therebycausingthetrainingprocessbeingvery
sensitivetoinitializationandmorechallengingtoachieve
highaccuracy.Inthelaterscenario,thoughthepre-trained
uncompressedmodelprovidesgoodinitializationposition,
thestraightforwardlydecomposingfull-rankuncompressed
modelintolowtensorrankformatcausesinevitableand
non-negligibleapproximationerror,whichisstillverydiffi-
culttoberecoveredevenafterlong-timere-trainingperiod.
Besides,nomatterwhichtrainingstrategyisadopted,ten-
sordecompositionalwaysbringslinearincreaseinnetwork
depth,whichimpliestrainingthetensordecomposition-
formatDNNsaretypicallymorepronetogradientvanishing
problemandhencebeingdifficulttobetrainedwell.
TechnicalPreviewandContributions. Toovercome

thecurrentlimitationsoftensordecompositionandfully
unlockitspotentialsformodelcompression,inthispa-
perweproposeasystematicframeworkfortensordecom-
position-basedmodelcompressionusingalternatingdirec-
tionmethodofmultipliers(ADMM).ByformulatingTT
decomposition-basedmodelcompressiontoanoptimiza-
tionproblemwithconstraintsontensorranks,weleverage
ADMMtechnique[1]tosystemicallysolvethisoptimiza-
tionprobleminaniterativeway. Duringthisprocedure
theentireDNNmodelistrainedintheoriginalstructure
insteadofTTformat,butgraduallyenjoysthedesiredlow
tensorrankcharacteristics.Wethendecomposethisuncom-
pressedmodeltoTTformat,andfine-tuneittofinallyob-
tainahigh-accuracyTT-formatDNNmodel.Inoverall,the
contributionsofthispaperaresummarizedasfollows:

• Weproposeasystematicframeworktoformulateand
solvethetensordecomposition-basedmodelcompres-
sionproblem.Withformulatingthisproblemtoacon-
strainednon-convexoptimizationproblem,ourframe-

workgraduallyrestrictstheDNNmodeltothetarget
tensorrankswithoutexplicitlytrainingontheTTfor-
mat,therebymaintainingthemodelcapacityaswellas
avoidinghugeapproximationerrorandincreasednet-
workdepth.

• WeproposetouseADMMtoefficientlysolvethisre-
formulatedoptimizationproblemviaseparatelysolv-
ingtwosub-problems:oneistodirectlyoptimizethe
lossfunctionwitharegularizationoftheDNNby
stochasticgradientdescent,andtheotheristousethe
introducedprojectiontoconstraintthetensorranksan-
alytically.

• Weevaluateourproposedframeworkondifferent
DNNmodelsforimageclassificationandvideorecog-
nitiontasks. Experimentalresultsshowthatour
ADMM-basedTT-format modelsdemonstratevery
highcompressionperformancewithhighaccuracy.
Notably,onCIFAR-100,with2.3 and2.4 com-
pressionratios,ourmodelshave1.96%and2.21%
highertop-1accuracythantheoriginalResNet-20and
ResNet-32,respectively.ForcompressingResNet-18
onImageNet,ourmodelachieves2.47 FLOPsreduc-
tionwithnoaccuracyloss.

2.RelatedWorkonDNNModelCompression

Sparsification.SparsificationisthemostpopularDNN
compressionapproach. Differentlevelsofnetworkstruc-
turecanbesparse,suchasweight[16,17],filter[35,20]
andchannel[22,52].Toobtainthesparsity,aDNNmodel
canbeeitherpruned[16,35]ortrainedwithsparsity-aware
regularization[33,51].Also,theintroducedsparsitycanbe
eitherstructuredorunstructured.Unstructuredsparsemod-
els[16,50]enjoyhighaccuracyandcompressionratio,but
bringsirregularmemoryaccessandimbalancedworkload
problems[15]totheunderlyinghardwareplatform.Struc-
turedsparsemodels[44]aremorehardwarefriendly;how-
ever,theircompressionratioandaccuracyaretypicallyin-
feriortotheunstructuredcounterparts.

Quantization. Quantization[40,16,47]isanother
widelyadoptmodelcompressionapproach. Byreduc-
ingthenumberofbitsforweightrepresentation,quanti-
zationenablesimmediatereductioninDNNmodelsize.
Themostaggressivequantizationschemebringsbinarynet-
works[40,6],whichonlyuse1-bitweightparameters.
Quantizationisinherentlyhardwarefriendly,andhavebe-
comeastandardadoptedmodelcompressionmethodfor
mostDNNhardwareaccelerators[15,3,25]. However,
quantizationislimitedbythemaximumcompressionratio
thatcanbeoffered(upto32).

TensorDecomposition. Rootedintensortheory,ten-
sordecompositionapproachfactorizesweighttensorsinto
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smallertensorstoreducemodelsizes.In[24],matrix-
orientedsingularvaluedecomposition(SVD),asthelow-
dimensionalinstanceoftensordecomposition,isusedto
performmodelcompression.However,usingthismethod,
orotherclassicalhigh-dimensionaltensordecomposition
methods,suchasTucker[42]andCPdecomposition[18],
causessignificantaccuracyloss( 0.5%)withlimitedcom-
pressionratios[26,30,14,39]. Startingfrom[12],ad-
vancedtensordecompositionapproaches,suchastensor
train(TT)andtensorring(TR)decomposition,havebe-
comethemorepopularoptions.Thesemethodshavevery
attractiveadvantages–thecompressionratiocanbevery
high(e.g. 1,000)becauseoftheiruniquemathe-
maticalproperty. Suchbenefitshavebeendemonstrated
onRNNcompressioninvideorecognitiontasks. Asre-
portedin[48,38],17,560 to34,203 compressionra-
tioscanbeachievedbyusingTTorTRdecompositionon
theinput-to-hiddenlayerofRNNmodelsforvideorecog-
nition. However,TTandTRapproachesdonotperform
wellonCNNmodels.Forinstance,eventheveryrecent
progress[43,32]stillsuffers1.0%accuracylosswith2.7
compressionratio,oreven1.9%accuracylosswith5.8
compressionratio,bothforResNet-32modelonCIFAR-
10dataset.Fromtheperspectiveofpracticaldeployment,
suchnon-negligibleaccuracydegradationseverelyhinders
thewidespreadadoptionoftensordecompositionformany
CNN-involvedmodelcompressionscenarios.

3.BackgroundandPreliminaries

3.1.Notation

X Rn1 n2 nd,X Rn1 n2,andx Rn1rep-
resentd-ordertensor,matrixandvector,respectively.Also,
X i1, ,id andX i,j denotethesingleentryoftensorX
andmatrixX,respectively.

3.2.TensorTrain(TT)Decomposition

GivenatensorA Rn1 n2 nd,itcanbedecom-
posedtoasortof3-ordertensorsviaTensorTrainDecom-
position(TTD)asfollows:

A i1,i2, ,id G1:,i1,:G2:,i2,: Gd:,id,:
r0,r1, rd

α0,α1 αd

G1α0,i1,α1G2α1,i2,α2

Gdαd 1,id,αd,

(1)

whereGk Rrk 1 nk rk arecalledTT-coresfork
1,2, ,d,andr r0,r1, ,rd,r0 rd 1are
calledTT-ranks,whichdeterminethestoragecomplexityof
TT-formattensor.AnexampleisdemonstratedinFigure1.

3.3.TensorTrain(TT)-formatDNN

TTFully-ConnectedLayer. Considerasimplefully-
connectedlayerwithweightmatrixW RM N

TTD

andin-

Figure1:IllustrationofTensorTrainDecomposition(TTD)
fora4-ordertensor.r0andr4arealwaysequalto1.

putx RN,whereM
d
k 1mkandN

d
k 1nk,

theoutputy RM isobtainedbyy Wx.Inorderto
transformthisstandardlayertoTTfully-connected(TT-FC)
layer,wefirsttensorizetheweightmatrixW toaweight
tensorW Rm1 n1 md nd byreshapingandorder
transposing.ThenW canbedecomposedtoTT-format:

W i1,j1, ,id,jd G1:,i1,j1,: Gd:,id,jd,:. (2)

Here,eachTT-coreGk Rrk 1 mk nk rk isa4-order
tensor,whichisonedimensionmorethanthestandardone
sincetheoutputandinputdimensionsofW aredivided
separately.Hence,theforwardprogagationontheTT-FC
layercanbeexpressedintensorformatasfollows:

Yi1, ,id
j1, ,jd

G1:,i1,j1,: Gd:,id,jd,:X j1, ,jd,

(3)
whereX Rm1 mdandY Rn1 ndaretheten-
sorizedinputandoutputcorrespondingtoxandy,respec-
tively.ThedetailsaboutTT-FClayerisintroducedin[37].
TTConvolutionalLayer.Foraconventionalconvolu-

tionallayer,itsforwardcomputationistoperformconvo-
lutionbetweena3-orderinputtensorX RW H N and

a4-orderweighttensorW RK K M N toproducethe
3-orderoutputtensorY RW K 1 H K 1 M .In
aTTconvolutional(TT-CONV)layer,theinputtensorX
isreshapedtoatensorX RW H n1 nd,whilethe

weighttensorW isreshapedandtransposedtoatensor
W RK K m1 n1 md nd andthendecomposed
toTT-format:
W k1,k2,i1,j1, ,id,jd G0k1,k2G1:,i1,j1,:

Gd:,id,jd,:,
(4)

whereM
d
k 1mkandN

d
k 1nk.Similarwith

TT-FClayer,hereGk Rrk 1 mk nk rk isa4-order
tensorexceptG0 RK K.Thenthenewoutputtensor
Y RW K 1 H K 1 m1 mdisobtainedby
Yw,h,i1, ,id

K

k1 1

K

k2 1j1, ,jd

X k1 w 1,k2 h 1,j1, ,jd

G0k1,k2G1:,i1,j1,: Gd:,id,jd,:.

(5)

ThedetaileddescriptionofTT-CONVlayerisin[12].
TrainingonTT-formatDNN.AsTT-FClayer,TT-

CONVlayerandthecorrespondingforwardpropagation
schemesareformulated,standardstochasticgradientde-
scent(SGD)algorithmcanbeusedtoupdatetheTT-cores
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Train ADMM-
Regularized 

Uncompressed Model

Fine-Tune TT-Format 
Model

Update         by 
optimizing 

subproblem (11)

Update       by 
optimizing 

subproblem (12)

Update        by 
(13)

Decompose       
to TT-cores

Update
by SGD

Uncompressed Model 
with Randomly 
Initialized

TT-Format Model 
with Well

Optimized

Figure2:ProcedureoftheproposedcompressionframeworkusingADMMforaTT-formatDNNmodel.

withtheranksetr,whichdeterminesthetargetcompres-
sionratio.TheinitializationoftheTT-corescanbeeither
randomlysetorobtainedfromdirectlyTT-decomposinga
pre-traineduncompressedmodel.

4.SystematicCompressionFramework

AnalysisonExistingTT-formatDNNTraining. As
mentionedinthelastparagraph,currentlyaTT-format
DNNiseither1)trainedfromwithrandomlyinitialized
tensorcores;or2)trainedfromadirectdecompositionof
pre-trainedmodel.Forthefirststrategy,itdoesnotutilize
anyinformationrelatedtothehigh-accuracyuncompressed
model;whileothermodelcompressionmethods,e.g.prun-
ingandknowledgedistillation,haveshownthatproperuti-
lizationofthepre-trainedmodelsareverycriticalforDNN
compression.Forthesecondstrategy,thoughtheknowl-
edgeofthepre-trainedmodelisindeedutilized,because
thepre-trainedmodelgenerallylackslowTT-rankproperty,
afterdirectlow-ranktensordecompositiontheapproxima-
tionerroristoosignificanttobeproperlyrecoveredeven
usinglong-timere-training.Suchinherentlimitationsofthe
existingtrainingstrategies,consequently,causesignificant
accuracylossforthecompressedTT-formatDNNmodels.

OurKeyIdea. Webelievethekeytoovercomethese
limitationsistomaximallyretaintheknowledgecontained
intheuncompressedmodel,orinotherwords,minimizethe
approximationerroraftertensordecompositionwithgiven
targettensorranks. Toachievethat,weproposetofor-
mulateanoptimizationproblemtominimizethelossfunc-
tionoftheuncompressedmodelwithlowtensorrankcon-
straints.Withproperadvancedoptimizationtechnique(e.g.
ADMM)-regularizedtrainingprocedure,theuncompressed
DNNmodelscangraduallyexhibitlowtensorrankproper-
ties.AftertheADMM-regularizedtrainingphase,theap-
proximationerrorbroughtbytheexplicitlow-ranktensor
decompositionbecomesnegligible,andcanbeeasilyre-
coveredbytheSGD-basedfine-tuning.Figure2showsthe
mainstepsofourproposedoverallframework.

4.1.ProblemFormulation

Asmentionedabove,thefirstphaseofourframeworkis
tograduallyimposelowtensorrankcharacteristicsontoa

high-accuracyuncompressedDNNmodel.Mathematically,
thisgoalcanbeformulatedasaoptimizationproblemto
minimizethelossfunctionoftheobjectmodelwithcon-
straintsonTT-ranksofeachlayer(convolutionalorfully-
connected):

min
W

W ,

s.t.rankW r,
(6)

where isthelossfunctionoftheDNN,rank isa
functionthatreturnstheTT-ranksr r0, ,rd ofthe
weighttensorcores,andr r0, ,rd arethede-
siredTT-ranksforthelayer.Tosimplifythenotation,here
r r meansri ri,i 0, ,d,foreachriinr.

4.2.OptimizationUsingADMM

Obviously,solvingtheproblem(6)isgenerallydifficult
viausingnormaloptimizationalgorithmssincerank is
non-differentiable. Toovercomethischallenge,wefirst
rewriteitas

min
W

W ,

s.t.W S,
(7)

whereS W rankW r .Hence,theobjective
form(7)isaclassicnon-convexoptimizationproblemwith
constraints,whichcanbeproperlysolvedbyADMM[1].
Specifically,wecanfirstintroduceanauxiliaryvariableZ
andanindicatorfunctiong ofS,i.e.

gW
0 W S,

otherwise.
(8)

Andthentheproblem(7)isequivalenttothefollowing
form:

min
W ,Z

W gZ,

s.t.W Z.
(9)

Toensureconvergencewithoutassumptionslikestrictcon-
vexityorfinitenessof,insteadofLagrangian,thecorre-
spondingaugmentedLagrangianinthescaleddualformof
theaboveproblemisgivenby

LρW,Z,U W gZ
ρ

2
W Z U

2
F

ρ

2
U 2
F,
(10)
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whereUisthedualmultiplier,andρ 0isthepenalty
parameter.Thus,theiterativeADMMschemecanbeex-
plicitlyperformedas

W t 1 argmin
W

Lρ W,Z
t,Ut, (11)

Zt 1 argmin
Z

Lρ W
t 1,Z,Ut, (12)

Ut 1 Ut W t 1 Zt 1, (13)

wheretistheiterativestep.Now,theoriginalproblem(9)
isseparatedtotwosubproblems(11)and(12),whichcan
besolvedindividually.Next,weintroducethedetailedso-
lutionofeachsubproblem.
W-subproblem.TheW-subproblem(11)canberefor-

mulatedasfollows:

min
W

W
ρ

2
W Zt Ut

2

F
, (14)

wherethefirsttermisthelossfunction,e.g.cross-entropy
lossinclassificationtasks,oftheDNNmodel,andthesec-
ondtermistheL2regularization.Thissubproblemcanbe
directlysolvedbySGDsinceboththesetwotermsaredif-
ferentiable.Correspondingly,thepartialderivativeof(14)
withrespecttoW iscalculatedas

LρW,Z
t,Ut

W

W

W
ρW Zt Ut.(15)

AndhenceW canbeupdatedby

W t 1 W t η
LρW,Z

t,Ut

W
, (16)

whereηisthelearningrate.
Z-subproblem.TosolveZ-subproblem(12),wefirst

explicitlyformulateitasfollows:

min
Z
gZ

ρ

2
W t 1 Z Ut

2

F
, (17)

wheretheindicatorfunctiong ofthenon-convexsetS
isnon-differentiable.Then,accordingto[1],inthisformat
updatingZcanbeperformedas:

Zt 1 ΠSW
t 1 Ut, (18)

whereΠS istheprojectionofsingularvaluesontoS,by
whichtheTT-ranksof W t 1 Utaretruncatedtotarget
ranksr.Algorithm1describesthespecificprocedureof
thisprojectionintheTT-formatscenario.
IneachADMMiteration,upontheupdateofW andZ,

thedualmultiplierUisupdatedby(13).Inoverall,tosolve
(9),theentireADMM-regularizedtrainingprocedureisper-
formedinaniterativewayuntilconvergenceorreachingthe
pre-setmaximumiterationnumber.Theoverallprocedure
issummarizedinAlgorithm2.

4.3.Fine-Tuning

AfterADMM-regularizedtraining,wefirstdecompose
thetraineduncompressedDNNmodelintoTTformat.Here
thedecompositionisperformedwiththetargetTT-ranksr

Algorithm1TT-SVD-basedProjectionforSolving(17)

Input:d-ordertensorA Rn1 nd,targetTT-ranksr.
Output: Â ΠSA .
1:TemporarytensorT A;
2:fork 1tod 1do
3: T: reshapeT,rk 1nk,1;
4: ComputematrixSVD:U,S,V: SVDT ;
5: U: U1:rk,:

;

6: S: S1:rk,1:rk
;

7: V: V:,1:rk
;

8: Gk: reshapeU,rk 1,nk,rk ;

9: T: SVT;

10:T: G1;
11:fork 1tod 1do
12: T1: reshapeT, 1,rk ;
13: T2: reshapeGk 1,rk,1;
14: T: T1T2;

15:Â reshapeT,n1, ,nd .

Algorithm2ADMM-RegularizedTrainingProcedure

Input:WeighttensorW,targetTT-ranksr,penaltypa-
rameterρ,feasibilitytolerance,maximumiterations
T.

Output:OptimizedW.
1:RandomlyinitializeW;
2:Z: W,U: 0;
3:while W t Zt andt Tdo
4: UpdatingW via(16);
5: UpdatingZvia(18)(Algorithm1);
6: UpdatingUvia(13);

7:end

fortensorcores.BecausetheADMMoptimizationproce-
durehasalreadyimposedthedesiredlowTT-rankstruc-
turetotheuncompressedmodel,suchdirectiondecompo-
sition,unliketheircounterpartintheexistingTT-format
DNNtraining,willnotbringsignificantapproximationer-
ror(MoredetailswillbeanalyzedinSection5.1).Then,
thedecomposedTT-formatmodelisfine-tunedusingstan-
dardSGD.Noticethatinthefine-tuningphasethelossfunc-
tionis Gi withoutotherregularizationtermintroduced
byADMM.Typicallythisfine-tuningphaseisveryfast
withrequiringonlyafewiterations. Thisisbecausethe
decomposedTTmodelatthestartingpointofthisphase
alreadyhasveryclosedaccuracytotheoriginaluncom-
pressedmodel.

5.Experiments

Todemonstratetheeffectivenessandgeneralityofthe
proposedcompressionframework,weevaluatedifferent
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DNNmodelsindifferentcomputervisiontasks.Forim-
ageclassificationtasks,weevaluatemultipleCNNmodels
onMNIST,CIFAR-10,CIFAR-100andImageNetdatasets
[31,27,8]. Forvideoclassificationtasks,weevaluate
differentLSTMmodelsonUCF11andHMDB51datasets
[34,29].Wefollowthesamerankselectionschemeadopted
inpriorworks–setrankstosatisfytheneedofthetargeted
compressionratio.Tosimplifyselectionprocedure,mostof
theranksinthesamelayeraresettoequal.

5.1.ConvergenceandSensitivityAnalysis

Asshownin(10),ρistheadditionalhyperparameter
introducedintheADMM-regularizedtrainingphase. To
studytheeffectofρontheperformanceaswellasfacilitat-
inghyperparameterselection,westudytheconvergenceand
sensitivityoftheADMM-regularizedtrainingforResNet-
32modelwithdifferentρsettingsonCIFAR10dataset.
Convergence. Figure3ashowsthelosscurvesinthe

ADMM-regularizedtrainingphase.Itisseenthatdiffer-
entcurveswithverydifferentρvalues(e.g.0.001vs0.02),
exhibitverysimilarconvergencespeed.Thisphenomenon
thereforedemonstratesthatρhaslittleimpactonthecon-
vergenceofADMM-regularizedtraining.
Sensitivity.Consideringthesimilarconvergencebehav-

iordoesnotnecessarilymeanthatdifferentρwouldbring
thesimilaraccuracy,wethenanalyzetheperformancesen-
sitivityofADMM-regularizedtrainingwithrespecttoρ.
NoticethatideallyafterADMM-regularizedtraining,W,
thoughintheuncompressedformat,shouldexhibitstrong
lowTT-rankcharacteristicsandmeanwhileenjoyhighac-
curacy. OnceW meetssuchtwocriteriasimultaneously,
thatmeansTT-coresGi,whoseinitializationisdecom-
posedfromW,willalreadyhavehighaccuracyevenbefore
fine-tuning.
ToexaminetherequiredlowTT-rankbehaviorofW,we

observeW Z 2
F,whichmeasuresthesimilaritybetween

W andZ,intheADMM-regularizedtraining(seeFigure
3b).Sinceaccordingto(18)Zisalwaysupdatedwithlow
TT-rankconstraints,thecurvesshowninFigure3breveal
thatW indeedquicklyexhibitslowTT-rankcharacteris-
ticsduringthetraining,exceptwhenρ 0.001.Thisphe-
nomenonimpliesthattoensuretheweighttensorsarewell
regularizedtothetargetTT-ranksbyADMM,ρshouldnot
betoosmall(e.g.lessthan0.001).Ontheotherhand,Fig-
ure3cshowsthetestaccuracyofW astrainingprogresses.
Hereitisseenthatsmallerρtendstobringbetterperfor-
mance.Basedontheseobservations,ρ 0.005canbean
appropriatechoicetoletthetrainedW meettheaforemen-
tionedtwocriteria.

5.2.ImageClassification

MNIST. Table1showstheexperimentalresultsof
LeNet-5model[31]onMNISTdataset. Wecompareour

Model
Comp.
Method

Top-1
(%)

Comp.
Ratio

Uncompressed - 99.21 1.0
StandardTR[43]

TR
99.10 10.5

PSTRN-M[32] 99.43 16.5
PSTRN-S[32] 99.51 6.5
StandardTT[12]

TT
99.07 17.9

Ours 99.48 17.9
Ours 99.51 8.3

Table1:LeNet-5onMNISTdatasetusingdifferentTT/TR-
formatcompressionapproaches.

Model
Comp.
Method

Top-1
(%)

Comp.
Ratio

ResNet-20
Uncompressed - 91.25 1.0
StandardTR[43,32]

TR

87.5 5.4
TR-RL[5] 88.3 6.8
PSTRN-M[32] 88.50 6.8
PSTRN-S[32] 90.80 2.5
StandardTT[12]

TT
86.7 5.4

Ours 91.03 6.8
Ours 91.47 4.5

ResNet-32
Uncompressed - 92.49 1.0
StandardTR[43]

TR
90.6 5.1

PSTRN-M[32] 90.6 5.8
PSTRN-S[32] 91.44 2.7
StandardTT[12,43]

TT
88.3 4.8

Ours 91.96 5.8
Ours 92.87 4.8

Table2:ResNet-20andResNet-32onCIFAR-10dataset
usingdifferentTT/TR-formatcompressionapproaches.

ADMM-basedTT-formatmodelwiththeuncompressed
modelaswellasthestate-of-the-artTT/TR-formatworks.
ItisseenthatourADMM-basedcompressioncanachieve
thehighestcompressionratioandthebestaccuracy.

CIFAR-10. Table2comparesourADMM-basedTT-
formatResNet-20andResNet-32modelswiththestate-
of-the-artTT/TR-formatworksonCIFAR-10dataset.For
ResNet-20,itisseenthatstandardtrainingonTT/TR-
formatmodelscausessevereaccuracyloss.Evenforthe
state-of-the-artdesignusingsomeadvancedtechniques,
suchasheuristicrankselection(PSTRN-M/S)andrein-
forcementlearning(TR-RL),theperformancedegradation
isstillhuge,especiallywithhighcompressionratio6.8.
Ontheotherside,withthesamehighcompressionratioour
ADMM-basedTT-formatmodelhasonly0.22%accuracy
drop,whichmeans2.53%higherthanthestate-of-the-art
PSTRN-M.Furthermore,withmoderatecompressionratio
4.5 ourmethodcanevenoutperformtheuncompressed
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(a)Trainingloss. (b)W Z 2
F. (c)Top-1testaccuracy.

Figure3:Trainingloss,FrobeniusnormandtestaccuracyinADMM-regularizedtrainingprocedurewithdifferentρ.

Model
Comp.
Method

Top-1
(%)

Comp.
Ratio

ResNet-20
Uncompressed - 65.4 1.0
StandardTR[43,32]

TR
63.55 4.7

PSTRN-M[32] 63.62 4.7
PSTRN-S[32] 66.13 2.3
StandardTT[12]

TT
61.64 5.6

Ours 64.92 5.6
Ours 67.36 2.3

ResNet-32
Uncompressed - 68.10 1
StandardTR[43]

TR
66.70 4.8

PSTRN-M[32] 66.77 5.2
PSTRN-S[32] 68.05 2.4
StandardTT[12,43]

TT
62.90 4.6

Ours 67.17 5.2
Ours 70.31 2.4

Table3:ResNet-20andResNet-32onCIFAR-100dataset
usingdifferentTT/TR-formatcompressionapproaches.

modelwith0.22%accuracyincrease.

ForResNet-32,again,standardtrainingoncompressed
modelsusingTTorTRdecompositioncauseshugeperfor-
mancedegradation. Thestate-of-the-artPSTRN-S/Min-
deedbringsperformanceimprovement,butthetestaccu-
racyisstillnotsatisfied.Instead,ourhighlycompressed
(5.8)TT-formatmodelonlyhas0.53%accuracyloss,
whichmeansithas1.36%higheraccuracythanPSTRN-M
withthesamecompressionratio. Moreimportantly,when
compressionratioisrelaxedto4.8,ourADMM-basedTT-
formatmodelachieves92.87%,whichiseven0.38%higher
thantheuncompressedmodel.

CIFAR-100.Table3showstheexperimentalresultson
CIFAR-100dataset. Again,ourADMM-basedTT-format
modeloutperformsthestate-of-the-artwork.ForResNet-
20,withevenhighercompressionratio(Our5.6 vs4.7
inPSTRN-M),ourmodelachieves1.3%accuracyincrease.
With2.3 compressionratio,ourmodelachieves67.36%
Top-1accuracy,whichiseven1.96%higherthantheun-
compressedmodel. ForResNet-32,withthesame5.2

Model
Comp.
Method

Top-5
(%)

FLOPs

ResNet-18
Uncompressed - 89.08 1.00
StandardTR[43] TR 86.29 4.28
TRP[46] Matrix

SVD
86.74 2.60

TRP+Nu[46] 86.61 3.18
DACP[52]

Pruning

87.60 1.89
FBS[11] 88.22 1.98
FPGM[21] 88.53 1.72
DSA[36] 88.35 1.72
StandardTT[12]

TT
85.64 4.62

Ours 87.47 4.62
Ours 89.08 2.47

Table4:ResNet-18onImageNetdatasetusingcompression
approaches. WedonotlistPSTRN-M/Ssince[32]does
notreportresultsonImageNet.Alsothelistedpruningand
SVDworksdonotreportcompressionratiosintheirpa-
pers.TheuncompressedbaselinemodelisfromTorchvi-
sion. NotethatthereportedTop-5accuracyof[11,21]
inthistableareobtainedfrompruningthebaselineswith
higheraccuracy.

compressionratio,ourapproachbrings0.4%accuracyin-
creaseoverthestate-of-the-artPSTRN-M.Withthesame
2.4 compressionratio,ourapproachhas2.26%higherac-
curacythanPSTRN-S.Ourmodelevenoutperformstheun-
compressedmodelwith2.21%accuracyincrease.

ImageNet.Table4showstheresultsofcompressing
ResNet-18onImageNetdataset.BecausenopriorTT/TR
compressionworksreportresultsonthisdataset,weuse
standardTTandTR-basedtrainingin[43,12]forcompari-
son.Wealsocompareourapproachwithothercompression
methods,includingpruningandmatrixSVD.Sincethese
worksreportFLOPsreductioninsteadofcompressionra-
tio,wealsoreportFLOPsreductionbroughtbytensorde-
composition.ItisseenthatwiththesimilarFLOPsreduc-
tionratio(4.62),ourADMM-basedTT-formatmodelhas
1.83%and1.18%higheraccuracythanstandardTTand
TR,respectively. Comparedwithothercompressionap-
proacheswithnon-negligibleaccuracyloss,ourADMM-
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Model
Comp.
Method

Top-1
(%)

#Para.
Comp.
Ratio

Uncompressed - 69.7 59M 1.0
TR-LSTM[38] TR 86.9 1,725 34.2K
TT-LSTM[48]

TT
79.6 3,360 17.6K

Ours 89.0 1,656 35.6K

Table5:LSTMonUCF11datasetusingdifferentTT/TR-
formatcompressionapproaches.

basedTT-formatmodelsachievemuchbetteraccuracywith
moreFLOPsreduction.Inparticular,with2.47 FLOPs
reduction,ourmodelhasthesameaccuracyastheuncom-
pressedbaselinemodel.

5.3.VideoRecognition

UCF11. Inthisexperiment,weusethesameuncom-
pressedLSTMmodel,datapre-processingandexperimen-
talsettingsadoptedin[49,38]. Tobeconsistentwith
[49,38],onlytheultra-largeinput-to-hiddenlayeriscom-
pressedforfaircomparison.Table5comparesourADMM-
basedTT-formatLSTMwiththeuncompressedmodeland
theexistingTT-LSTM[48]andTR-LSTM[38].Notethat
[32]doesnotreporttheperformanceofPSTRN-M/Son
UCF11dataset.
FromTable5,itisseenthatbothTT-LSTMandTR-

LSTMprovideremarkableperformanceimprovementand
excellentcompressionratio.Asanalyzedin[48],suchhuge
improvementovertheuncompressedmodelmainlycomes
fromtheexcellentfeatureextractioncapabilityofTT/TR-
formatLSTMmodelsontheultra-high-dimensionalinputs.
Comparedwiththeseexistingworks,ourADMM-based
TT-formatmodelachievesevenbetterperformance. With
fewerparameters,ourmethodbrings2.1%highertop-1ac-
curacythanthestate-of-the-artTR-LSTM.
HMDB51.Tobeconsistentwiththesettingadoptedin

[32,38],inthisexperimentweusethesameInception-V3
asthefront-endpre-trainedCNNmodel,andthesameback-
enduncompressedLSTMmodel.Forfaircomparison,we
followthecompressionstrategyadoptedin[32,38]asonly
compressingtheultra-largeinput-to-hiddenlayerofLSTM.
Table6summarizestheexperimentalresults.Itisseen

thatcomparingwiththestate-of-the-artTT/TR-formatde-
signs,ourADMM-basedTT-formatmodelshowsexcellent
performance. Withthehighestcompressionratio(84.0),
ourmodelachieves64.09%top-1accuracy. Compared
withthestate-of-the-artTR-LSTM,ourmodelbrings3.35
morecompressionratiowithadditional0.29%accuracyin-
crease.

5.4.DiscussiononTensorFormatandGenerality

WhyChoosingTT-format. Recentlyseveralstate-
of-the-arttensordecomposition-basedcompressionworks
[43,38,49]reportthatTTdecompositionisinferiorto

Model
Comp.
Method

Top-1
(%)

#Para.
Comp.
Ratio

Uncompressed - 62.9 16.8M 1.0
TR-LSTM[38]

TR
63.8 0.67M 25.0

PSTRN-M[32] 59.67 0.36M 46.7
PSTRN-S[32] 60.04 0.48M 34.7
TT-LSTM[48]

TT
62.24 0.67M 25.0

Ours 64.09 0.20M 84.0

Table6: LSTMon HMDB51datasetusingdifferent
TT/TR-formatcompressionapproaches.

otheradvancedapproach(e.g.TR)onDNNcompression,
intermsofcompressionratioandtestaccuracy.Tofully
demonstratetheexcellenteffectivenessofourapproach,in
thispaperwechooseTT,thetensorformatthatisbelieved
tobenotthebestformodelcompression,andadaptthe
ADMM-regularizedcompressionframeworktoTT-format.
Aspresentedintheexperimentalresults,alltheADMM-
basedTT-formatmodelsconsistentlyoutperformtheexist-
ingTT/TR-formatmodelswithhigheraccuracyandhigher
compressionratiooverdifferentdatasets,therebycompre-
hensivelydemonstratingthehugebenefitsbroughtbyour
proposedframework.
GeneralityofOurFramework. Althoughinthispa-

perourfocusistocompressTT-formatDNNmodels,be-
causeADMMisageneraloptimizationtechnique,ourpro-
posedframeworkisverygeneralandcanbeeasilyapplied
formodelcompressionusingothertensordecomposition
approaches,suchasTensorRing(TR),Block-term(BT),
Tuckeretc. Toadapttoothertensordecompositionsce-
nario,themainmodificationonourproposedframeworkis
tomodifytheEuclideanprojection(Algorithm1)tomake
thetruncatingmethodsbeingcompatibletothecorrespond-
ingtensordecompositionmethods.

6.Conclusion

Inthispaper, wepresentasystematiccompression
frameworkfortensor-formatDNNsusingADMM.Un-
dertheframework,thetensordecomposition-basedDNN
modelcompressionisformulatedtoanonconvexoptimiza-
tionproblemwithconstraintsontargettensorranks. By
performingADMMtosolvethisproblem,auncompressed
butlowtensor-rankmodelcanbeobtained,therebyfinally
bringingthedecomposedhigh-accuracyTT-formatmodel.
Extensiveexperimentsforimageandvideoclassification
showthatourADMM-basedTT-formatmodelsconsistently
outperformthestate-of-the-artworksintermsofcompres-
sionratioandtestaccuracy.
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