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Abstract—VfisfionTransformers(VfiTs)haveachfievedstate-of-
the-artperformanceonvarfiousvfisfiontasks.However,VfiTs’seflf-
attentfion moduflefisstfiflflarguabflya majorbottfleneck,flfimfitfing
thefirachfievabflehardwareefficfiencyandmoreextensfiveappflfi-
catfionstoresourceconstrafinedpflatforms. Meanwhfifle,exfistfing
accefleratorsdedficatedtoNLPTransformersarenotoptfimafl
forVfiTs.Thfisfisbecausetherefisaflargedfifferencebetween
VfiTsandTransformersfornaturaflflanguageprocessfing(NLP)
tasks: VfiTshaveareflatfiveflyfixednumberoffinputtokens,
whoseattentfion mapscanbeprunedbyupto90%even
wfithfixedsparsepatterns,wfithoutsevereflyhurtfingthemodefl
accuracy(e.g.,<=1.5%under90%prunfingratfio);whfifleNLP
Transformersneedtohandflefinputsequencesofvaryfingnumbers
oftokensandreflyonon-the-flypredfictfionsofdynamficsparse
attentfionpatternsforeachfinputtoachfieveadecentsparsfity
(e.g.,>=50%).Tothfisend,weproposeadedficatedaflgorfithm
andaccefleratorco-desfignframeworkdubbedVfiTCoDforaccefl-
eratfingVfiTs.Specfificaflfly,ontheaflgorfithmflevefl,VfiTCoDprunes
andpoflarfizestheattentfionmapstohaveefitherdenserorsparser
fixedpatternsforreguflarfizfingtwofleveflsofworkfloadswfithout
hurtfingtheaccuracy,flargeflyreducfingtheattentfioncomputatfions
whfiflefleavfingroomforaflflevfiatfingtheremafinfingdomfinantdata
movements;ontopofthat,wefurtherfintegrateaflfightwefight
andflearnabfleauto-encodermodufletoenabfletradfingthedom-
finanthfigh-costdata movementsforflower-costcomputatfions.
Onthehardwareflevefl,wedeveflopadedficatedaccefleratorto
sfimufltaneousflycoordfinatetheaforementfionedenforceddenser
andsparserworkfloadsforboostedhardwareutfiflfizatfion,whfifle
fintegratfingon-chfipencoderanddecoderengfinestofleverage
VfiTCoD’saflgorfithmpfipeflfineformuchreduceddatamovements.
ExtensfiveexperfimentsandabflatfionstudfiesvaflfidatethatVfiTCoD
flargeflyreducesthedomfinantdata movementcosts,achfievfing
speedupsofupto235.3×,142.9×,86.0×,10.1×,and6.8×
overgeneraflcomputfingpflatformsCPUs,EdgeGPUs,GPUs,and
prfior-artTransformeraccefleratorsSpAttenandSangerunderan
attentfionsparsfityof90%,respectfivefly.Ourcodefimpflementatfion
fisavafiflabfleathttps://gfithub.com/GATECH-EIC/VfiTCoD.

I.INTRODUCTION

Wehaverecentflywfitnessedtheamazfingsuccessandfin-
creasfingfinterestofdeveflopfingattentfion-basedTransformer
archfitecturesforbothnaturaflflanguageprocessfing(NLP)and
computervfisfion(CV)tasks.Thepowerfuflperformanceof
Transformersflargeflybenefitsfromthefirseflf-attentfionmodufle
thatfiscapabfleofextractfinggflobaflcontextfinformatfion[10],
[40],[46].However,theseflf-attentfion moduflecomesata
costoffinefficfiencydurfingbothtrafinfingandfinferencedue
tofitsquadratficcompflexfitydependencyonthenumberof
finputtokens,andhasbeenrecognfizedasamajorefficfiency

Ffig.1.ComparfisonbetweenNLPTransformersandVfiTsfintermsofBLEU-
sparsfityoraccuracy-sparsfitytrade-offs.NotethatforNLPTransformer,we
coflflecttheresufltsonmachfinetransflatfiontask,IWSLTEN→ DE,foflflowfing
[39];ForVfiTs,weappflyanfinfo-basedprunfingtechnfiqueonDefiT-Base/Smaflfl
modeflsandcflassfificatfiontask(e.g.,ImageNet),foflflowfing[19].

bottfleneckforthefinferenceaccefleratfionofTransformers.For
exampfle,theseflf-attentfionmodufleoftheGPT-2modefl[31]
accountsforover50%ofthetotaflflatencymeasuredona
TITANXpGPU[42];Thfispercentagefincreasesto69%for
LeVfiT-128[11]when measuredonanEdgeGPU[26].To
aflflevfiatethebottfleneckcompflexfityofseflf-attentfionmodufles,
sparseattentfiontechnfiqueshaveemergedasapromfisfing
soflutfionandbeenconsfideredbybothaflgorfithm[4],[39],[48]
andhardwareaccefleratfion[13],[24],[30],[42]works.

Despfitethefirgreatpromfise,exfistfingsparseattentfionaccefl-
eratorsoraflgorfithm-accefleratorco-desfignworks(e.g.,Sanger
[24])focusonaccefleratfingNLPTransformers,andadopthard-
waredesfignswfithon-the-flysparseattentfionpredfictfionand
hfighreconfigurabfiflfityfinordertohandflethevaryfingnumberof
finputtokensfinNLP.Assuch,thosetechnfiquesarenotoptfimafl
foraccefleratfingVfisfionTransformers(VfiTs),whfichfeature
starkdfifferencesfromNLPTransformers.Next,wedfiscuss
thedfifferencesandcorrespondfingnewopportunfitfiesor
chaflflengesforefficfientaccefleratfionofVfiTs:Ffirst,VfiTshave
areflatfiveflyfixednumberoffinputtokensdurfingbothtrafinfing
andfinference(e.g.,acommonflyadoptedtokensfizeof16×16
foranfimageresoflutfionof224×224
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,whfichfleadstoatotaflof
196tokens),whfifleNLPTransformersadoptfinput-dependant
varyfingnumbersoftokensacrossdfifferentNLPdatasets/tasks.
VfiTs’reflatfiveflyfixednumberoftokensoffersanopportunfity
todesfignVfiTacceflerators,whfichcanpotentfiaflflyavofidon-the-

2023 IEEE Internatfionafl Symposfium on Hfigh-Performance Computer Archfitecture (HPCA)

273

20
23
 I
E
E
E 
In
te
rn
at
fio
na
fl 
Sy
mp
os
fiu
m 
on
 
Hfi
gh
-
Pe
rf
or
ma
nc
e 
Co
mp
ut
er
 
Ar
ch
fit
ec
tu
re
 (
H
P
C
A)
 | 
97
8-
1-
66
54
-7
65
2-
2/
23
/$
31
.0
0 
©2
02
3 
I
E
E
E |
 
D
OI
: 
10
.1
10
9/
H
P
C
A5
65
46
.2
02
3.
10
07
10
27

Authorfized flficensed use flfimfited to: Georgfia Instfitute of Technoflogy. Downfloaded on November 19,2023 at 22:13:40 UTC from IEEE Xpflore.  Restrfictfions appfly. 



Ffig.2.Iflflustratfingthefixedsparseattentfionmask.

flysparseattentfionpatternpredfictfionadaptfingtoeachfinput,
vfiaco-desfignfingwfithsparseVfiTaflgorfithms.Second,asshown
finFfig.1,VfiTsaflflowthefirattentfionmapstobeprunedbyup
to90%∼95%wfithfixedsparsepatternsforaflflfinputswfithout
sfignfificantaccuracydrops,whereasNLPTransformersoften
canonflyaflflowamedfiumfleveflofsparsfityratfio(e.g.,50%∼
70%)evenfordynamficsparseattentfionpatterns[39]fifafimfing
forsmaflfl/negflfigfibfleaccuracydrops.

Theaforementfioneddfifferencesbrfingaboutbothnewop-
portunfitfiesandchaflflengesforaccefleratfingVfiTs.Onone
hand,thefixedsparsepatternsfin VfiTscanaflflevfiatethe
strfingentneedforadoptfingon-the-flysparseattentfionpattern
predfictfionandhfighflyreconfigurabfleprocessfingeflement(PE)
desfigns.Ontheotherhand,VfiTs’aflflowedhfighsparsfityfin
attentfionmapsfinevfitabflyaggravatestheextentofbothfirregu-
flardataaccessesandprocessfing,whfichcoufldfincursevere
workfloadfimbaflanceprobflems. Moreover,thehfighsparsfity
cancauseundesfiredunder-utfiflfizatfionwhenprocessfinghfighfly
sparseattentfionregfions,whereefficfiencyfisflargeflybounded
bymemory/bandwfidthduetodecreasedcomputatfionafldensfity
andsevereoff-chfiptraffics,asfindficatedbytherooflfinemodefl
finFfig.3.Thatfisbecausethenon-zeroeflementsfinsparse
attentfionmapsofVfiTsmostflyconcentrateaflongthedfiagonafl
flfines,asshownfinFfig.2,whfichfisactuaflflythemostfinefficfient
patternsfincefitrequfiresfloadfingaflflcorrespondfingQ(query
vectorsfinattentfions)andK(keyvectorsfinattentfions)vectors
fintotheon-chfipmemoryforcaflcuflatfingonflyasmaflflamount
ofattentfionscores(S=Q·KT).Hence,suchdfiagonaflsparse
patternscausenotonflyreducedreuseopportunfitfiesoffloaded
Q/K vectorsbutaflsoaflowPEutfiflfizatfiondfiflemma,fi.e.,a
hfighsparsfityratfiocanheflpreducethecomputatfion,butaflso
causesaflargedatamovementbottfleneck,whfichcangreatfly
compromfisetheachfievabfleefficfiencyofaccefleratfingVfiTs.

TobetterfleveragethenewopportunfitfiesofVfiTs’fixed
sparsepatternsandovercomethefirchaflflengesofworkfloadfim-
baflanceandflowutfiflfizatfion,thfisworktargetsadedficatedVfiT
accefleratfionsoflutfionformaxfimfizfingtheachfievabfleefficfiency.
Specfificaflfly,wemakethefoflflowfingcontrfibutfions:

•WeproposeaVfiTaflgorfithm-accefleratorCo-Desfignframe-
workdubbedVfiTCoD,afimfingtofleverageVfiTs’unfique
opportunfitfiesandtotackfleVfiTsspecfificaccefleratfionbottfle-
neckstoboostVfiTs’accefleratfionefficfiencybyharmonfizfing
aflgorfithm-andacceflerator-fleveflfinnovatfions.Tothebestof
ourknowfledge,VfiTCoDfisthefirstco-desfignframework
dedficatedtoaccefleratfingsparseVfiTs’finference,offerfinga
newperspectfiveonefficfientVfiTsoflutfions.

•
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Ontheaflgorfithmflevefl,VfiTCoDprunesandpoflarfizesthe

Ffig.3. RooflfinemodeflanaflysfisforVfiTCoDwhenonflyaccefleratfingthekey
attentfionbottflenecks(S=Q·KT).HereDenseVfiTsrefertotheorfigfinafl
denseattentfionworkfload,whfifleSparseVfiTsrefertopoflarfizeddenser/sparser
attentfionworfloads.BothofthemrequfiretofloadaflflQ/K vectorsandare
flfimfitedbythebandwfidth(evenworseforsparseVfiTsduetothereduced
computatfion).TheVfiTCoDadoptsnotonflysparseattentfionbutaflsoanauto-
encodermodufletoflargeflyreducethecommunficatfiontowardsbetterdesfigns.

attentfionmapstomakethemhaveefitherdenserorsparser
fixedpatternsforreguflarfizfingtwofleveflsof workfloads
wfithoutsevereflyhurtfingtheaccuracy,flargeflyreducfingthe
domfinantattentfioncomputatfions.Ontopofthat,wefurther
fintegrateaflfightwefightandflearnabfleauto-encodermodufle
toenabfletradfingthedomfinanthfigh-costdatamovements
forflower-costcomputatfions.Specfificaflfly,toaflflevfiatethe
flowPEutfiflfizatfionprobflem,VfiTCoD’sauto-encodermodufle
heflpstoreducethecomputatfion-to-communficatfionratfio,
fleveragfingahypothesfisthatQ andK vectorsamong
dfifferentattentfionheadshavesfimfiflarfitfiesandthuscanbe
recoveredfromamuchcompressedrepresentatfion.Hence,
VfiTCoDaflgorfithmenabfleshfighflysparseattentfionswhfifle
enhancfingreguflarandreduceddataaccesses,pushfingmem-
ory/bandwfidthboundedscenarfiostowardsoptfimafldesfigns
(seeFfig.3’srooflfineanaflysfis).

•Onthehardwareflevefl, wedeveflopadedficatedtwo-
prongedaccefleratorthatcansfimufltaneousflycoordfinatethe
aforementfionedenforceddenserandsparserworkfloadsfor
boostedhardwareutfiflfizatfion,whfiflefintegratfingon-chfipen-
coderanddecoderengfinestofleverageVfiTCoD’saflgorfithm
pfipeflfineformuchreduceddatamovements.Specfificaflfly,
onebranchaccefleratesthepoflarfizeddenserpatternswfith
enhancedreguflardataaccesses,whfifletheotherbranch
acceflerates(mostflyon-chfip)theremafinfingfirreguflarbut
flargeflyreducedsparserworkfloads;Theencoderandde-
coderengfinesarefleveragedtocompresstheQ/Kvectors
beforetransferrfingthembacktooff-chfip memoryand
thenrecoverthemwhenbefingfloadedfintotheon-chfip
memory,tradfinghfigh-costdata movementsforflow-cost
computatfionstoboostefficfiency.

•ExtensfiveexperfimentsandabflatfionstudfiesonvarfiousVfiT
modeflsconsfistentflyvaflfidatetheadvantagesofourproposed
VfiTCoDframework,fleadfingto235.3×,142.9×,86.0×,
10.1×,and6.8×speedupsoverbothgeneraflcomputfing
pflatformsCPUs,EdgeGPUs,GPUs,andprfior-artTrans-
formeraccefleratorsSpAttenandSanger,respectfivefly,whfifle
mafintafinfingthemodeflaccuracy.
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TABLEI
ATAXONOMYFORCLASSIFYINGANDCOMPARINGREPRESENTATIVESPARSEACCELERATORS.

OuterSpace[27] ExTensor[14] SpArch[52] Gamma[49] SpAtten[42] Sanger[24] VfiTCoD(Ours)

AppflficatfionFfiefld TensorAflgebra TensorAflgebra TensorAflgebra TensorAflgebra NLPTransformer NLPTransformer VfiT

Workfloads SpGEMM SpGEMM SpGEMM SpGEMM
SparseAttentfion:
SDDMM;SpMM

SparseAttentfion:
SDDMM;SpMM

SparseAttentfion:
SDDMM;SpMM

Dataflow
Outer-product
(Input-statfionary)

HybrfidOuter-product
&Inner-product(Input-
&Output-statfionary)

Condensed
Outer-product
(Input-statfionary)

Gustavson(Row)-
statfionary

Top-kSeflectfion S-statfionary
K-statfionary;
Output-statfionary

SparsfityPattern Statfic Statfic Statfic Statfic
Dynamfic&
Input-dependent

Dynamfic&
Input-dependent

Statfic

PatternReguflarfity Unstructured Unstructured Unstructured Unstructured
Coarse-grafined&
Structured

Ffine-grafined&
Structured

Denser&Sparser

Off-chfipTraffic Hfigh Low∼Medfium Low∼Medfium Low Medfium Hfigh Low
BandwfidthRequfirement Medfium Medfium∼Hfigh Low Low Medfium∼Hfigh Medfium∼Hfigh Low
Sparsfity Hfigh∼UfltraHfigh Hfigh∼UfltraHfigh Hfigh∼UfltraHfigh Hfigh∼UfltraHfigh Low Medfium Hfigh
Aflg.&HWCo-desfign ✓ ✗ ✗ ✗ ✓ ✓ ✓

II.RELATEDWORKS

VfisfionTransformers(VfiTs).MotfivatedbyTransformers’
strongrepresentatfioncapabfiflfitfiesforNLPtasks[41],there
hasbeenagrowfingfinterestfindeveflopfingTransformersfor
CVtasks.Specfificaflfly,finspfiredbytheseflf-attentfionmech-
anfism,[17],[50]proposenoveflattentfion mechanfismsfor
CNNs;[3],[44]fintegrateTransformerandCNNwfithfinthe
samemodefl;[7],[10]desfignpureTransformerarchfitectures
forCVtasks.Amongtheseexpfloratfion,VfisfionTransformer
(VfiT)[10]adoptsasfimpfleandfintufitfivearchfitecturedesfignby
spflfittfingfinputfimagesfintosmaflflpatchesanddfirectflyappflyfing
pureTransformerstothosepatches[9].Later, DefiT[37]
proposesanfimprovedVfiTtrafinfingrecfipe[9],andachfieves
acomparabfleaccuracywfithoutthenecessfityofcostflypre-
trafinfing.Tofurtherfimprovetheaccuracyorefficfiencyon
vfisfiontasks,CrossVfiT[6],PfiT[15],PVT[43],andSwfin-
Transformer[23]proposeapyramfid-flfikearchfitectureforde-
sfignfingVfiTs,whfichfiscommonflyusedfinCNNs[8],[16],
[47]. WfiththegoaflofdepfloyfingVfiTfinresource-constrafined
devfices,prfiorworkshaveaflsoexpfloredmoreefficfientVfiTs
fromdfifferentperspectfives.Forexampfle,LeVfiT[11],CvT
[45],andMobfifleVfiT[25]proposemoreefficfientseflf-attentfion
fimpflementatfionorfincorporateconvoflutfionaflfeatureprojectfion
bflocksfintoVfiTs.Dfifferentfromthoseworks,ourVfiTCoD
contrfibutesanewsystematficwaytoexpflorethepossfibfiflfityof
bothfixedVfiTssparseattentfionsandbaflanceddatamovements
andcomputatfionsfrombothaflgorfithmandhardwareflevefls,
wfithoutflargeflydegradfingthemodeflaccuracy.

SparseAttentfionAflgorfithms.Ascommonflyrecognfized,
thecomputatfionaflcompflexfityofseflf-attentfionfinTransformers
fisquadratfictotheflengthofthesequences(orthetotaflnumber
ofpatchesfinthefinputfimagesforVfiTs)[21],[53].Tomake
theattentfionmoduflemoreefficfient,therehavebeenanumber
ofattemptstobufifldsparseattentfionaflgorfithms.Forexampfle,
forNLPTransformers,BfigBfird[48]constructsattentfionmaps
bymergfingrandom-,wfindow-,andgflobafl-attentfionstogether
whfiflekeepfingtheremafinfingpartstobezeros;Reformer[21]
usesflocaflfitysensfitfivehashfingtocomputethenearestnefigh-
borsfinsteadofaflfltokensfintheattentfions;BflockBERT[29]
proposesthebflocksparsfityfortheattentfionmaptoreduce
thecompflexfity;BfigBfird[48]andBflockBERT[29]propose
thestructuredorbflocksparsfityfortheattentfionmapwhfifle
requfirfingtopredfictdynamficandfinput-dependentsparsepat-

terns.WhfifleNLPTransformersrequfiretopredfictdynamficand
finput-dependentsparseattentfionpatternstoachfieveamedfium
sparsfityaround50%.ForVfiTs,[20]fisoneofthefirstworksto
expfloresparseattentfionsandprovfidesathoroughvfisuaflfizatfion
andanaflysfisofattentfionpatterns,showfingthefeasfibfiflfityof
adoptfingfixedsparsemasksforVfiTswhfifleachfievfingahfigh
sparsfity(e.g.,90%).Incontrast,VfiTCoDfisthefirstaflgorfithm
andaccefleratorco-desfignframeworkdedficatedtoacceflerate
sparseVfiTs,thatfuflflyexpflofitsthefixedsparsepatternsfrom
bothaflgorfithmandhardwareperspectfives.

SparseTensorAflgebraAcceflerators.SparseGeneraflMa-
trfixMufltfipflficatfion(SpGEMM),commonflyusedfinmachfine
flearnfingaflgorfithms,fisknowntobehardwareunfrfiendflyto
generafl-purposepflatforms(e.g.,CPUsandGPUs),andthus
caflflsfordedficatedacceflerators[14],[27],[33],[35],[49],
[52]toexpfloredfifferentdataflowsforaflflevfiatfingpoordata
flocaflfityanddedficatedacceflerators,assummarfizedfinTabfleI.
Furthermore, MatRaptor[33]fleveragesarow-wfisedataflow
topromotedatareuses,andanoveflsparsestorageformatto
boostmemorybandwfidthutfiflfizatfion;Addfitfionaflfly,Tensaurus
[35]proposesanewsparsestorageformatforsparsetensor
kernefls,anddeveflopsanaccefleratortosfimufltaneousflysupport
sparse/densetensorfactorfizatfionsasweflflascommonmfixed
sparse-densematrfixoperatfions.Overaflfl,exfistfingsparsetensor
aflgebraaccefleratorsaremafinflydedficatedforSpGEMMwork-
floadswfithunstructuredpatterns.Incontrast,VfiTCoDaflgo-
rfithmfintegratesaflearnabfleauto-encodermodufletoefficfientfly
aflflevfiatethememory/bandwfidthbottfleneckofVfiTsattentfions’
sampfle-baseddense-densematrfixmuflfitpflficatfion(SDDMM),
andourVfiTCoDframeworkcontrfibutesthefirstdedficatedco-
desfignforaccefleratfingVfiTs’sparseattentfion(denser/sparser)
workfloads,ofwhfichtheoveraflfldesfignspaceexpfloratfioncan
provfidefinsfightsfordeveflopfingefficfientVfiTsoflutfions.

ExfistfingTransformerAcceflerators.Theunfiqueexecutfion
patternsofthecostflyseflf-attentfionmodufleshavemotfivated
dedficatedaccefleratordesfignsoraflgorfithmandaccefleratorco-
desfignsforTransformers.Forexampfle,A3[12]fisthefirst
worktoapproxfimatetheattentfionbygreedfiflysearchfingfor
KvectorsthatarereflevanttothecurrentQvectortoreduce
theamountofcomputatfions,of whfichtheapproxfimatfion
hurtsthemodeflaccuracyathfighsparsfityflevefls;ELSA[13]
approxfimatetheattentfionbydfirectflyusfingbfinaryhashfing
mapstoestfimatetheangflebetweenQandKvectorsatacost
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Ffig.4. TheFLOPs(top)andmeasuredflatency(bottom)breakdownsof
varfiousVfiTsonanEdgeGPUTX2[26],wheretheseflf-attentfion(SA)modufle
denotedbymfiddflebarsaccountsforover50%ofthetotaflflatency.

ofnon-negflfigfibfleaccuracydrops;SpAtten[42]structuraflfly
removesunnecessaryattentfionheadsandfinputtokens,whfich
fisthereforecoarse-grafinedandfleadstoaflowachfievabfle
sparsfityratfio;Sanger[24]adoptsflowprecfisfionQ andK
vectorsforestfimatfingthesparseattentfionmasks,whfichare
thenpackedandspflfittobemorereguflarandfrfiendflysupported
byareconfigurabflearchfitecture.DOTA[30]consfidersboth
flowprecfisfionandflowrankflfineartransformatfiontopredfictthe
sparseattentfionmasks,andexpflorestoken-fleveflparaflfleflfism
andout-of-orderexecutfionforflocaflfity-awarecomputfing.Aflfl
aboveworksfocusonNLPTransformers,andthusrequfire
dynamficandfinput-dependentsparsemaskspredfictfion.Aflflac-
cefleratorsabovetargetfingNLPTransformersrequfiredynamfic
andfinput-dependentsparsemaskspredfictfion.Foraccefleratfing
VfiTs,VAQF[36]desfignsfinferenceaccefleratorsonFPGAsfor
quantfizedVfiTswfithbfinarywefightsandflowprecfisfionactfiva-
tfions;Incontrast,VfiTCoDfisthefirstaflgorfithmandacceflerator
co-desfignframeworkdedficatedtosparseVfiTs,afimfingtofuflfly
expflofitVfiTs’fixedsparsepatternsandfincorporatfinganauto-
encodermodufletoboostsparseVfiTs’utfiflfizatfion.

III.VITCOD:MOTIVATION&OVERVIEW

A.BottflenecksfinVfiTInference

TobetterunderstandthebottfleneckfinVfiTfinference,we
measureandsummarfizetheFLOPsandend-to-endflatency
breakdownforVfiTfinferencemeasuredoncommercfiafledge
devfices,asshownfinFfig.4.Inthfissetofprofifleexperfiments,
weconsfidervarfiousVfiTmodefls,fincfludfingboth(1)standard
DefiT[38],LeVfiT[11]formobfiflescenarfiosand(2)Strfided
Transformer[22]achfievfingSOTAperformanceonAR/VR
appflficatfions.FromFfig.4,wecanseethataflthoughtheseflf-
attentfionmoduflefisnotasdomfinantas MLPsfintermsof
FLOPs,fitconsfistentflyaccountsforover50%ofthetotafl
flatency(ashfighas69%finLeVfiT-128[11])whenbefing
executedonreaflmobfifledevfices.Moreover,thematrfixmufltfi-
pflficatfionsamongQ/K/V vectors(fi.e.,Q·KT andS·V)
andthefircorrespondfingreshape/spflfitoperatfionsoccupyup

to53%flatencyoftheseflf-attentfion modufleonEdgeGPU
pflatforms[26].Notethatthfissetofbreakdownstatfistficsfis
consfistentwfiththatofNLPTransformersasmentfionedfin
[42],findficatfingthattheseflf-attentfionmodufle,especfiaflflyfits
corematrfixmufltfipflficatfionsamongQ/K/V vectors,fisfindeed
amajorbottfleneckfinTransformerfinferenceaccefleratfion.
Theabovebottfleneckanaflysfisfindficatesthatthereexfistsa
fundamentafldfiflemmaassocfiatedwfithVfiTfinferenceaccefler-
atfion:Ononehand,toboostVfiTs’finferenceefficfiency,fitfis
desfiredthattheattentfionmapsare(fifnothfighfly)sparse,whfich
mfightfleadtomorefirreguflardataaccessesoftheQ/K/V
vectors. Moreover,forhfighflysparseattentfions,fitfisflfikefly
thattheaccefleratfionflargeflybottfleneckedbydatamovements,
causfingflowutfiflfizatfionofPEs,asaflsoanaflyzedfinFfig.3.On
theotherhand,mafintafinfingVfiTs’denseattentfionmapsand
thustaskaccuracyfisflfikeflytorequfireahfigherhardwarecost
forVfiTfinferenceasdfiscussedfinrecentstudfies[13],[24],
[42],flfimfitfingthefirmoreextensfiveappflficatfions.

B.VfiTCoDOvervfiew

Ffig.5fiflflustratesanovervfiewoftheproposedVfiTCoD,
whfichafimstoaflflevfiatetheaforementfioneddfiflemmaandthus
theseflf-attentfionbottfleneck.Specfificaflfly,wefleverage(1)a
spflfitandconqueraflgorfithmtoprunetheattentfionmapsbyup
to90%sparsfityandtosfimufltaneousflypoflarfizetheattentfion
mapstobeefitherdenserorsparserforenhancfingmorereguflar
workfloads;and(2)anauto-encodermodufletocompressthe
correspondfingvectorsforcaflcuflatfingattentfionstoa much
morecompactrepresentatfion,wfithouthurtfingthemodeflaccu-
racy.Ontopofthat,wefurtherdesfignadedficatedtwo-pronged
accefleratorfintegratfingtheencoderanddecoderengfinesto
(1)cooperatfiveflyhandflethedenserorsparseworkfloadsand
(2)fleveragetheauto-encodermodufleofVfiTCoD’saflgorfithm
pfipeflfineformuchreduceddatamovements.Next,wewfiflfl
fintroducetheVfiTCoDaflgorfithmandaccefleratorfindetafifl.

IV.PROPOSEDVITCODALGORITHM

A.PreflfimfinarfiesofSeflf-AttentfionandVfiTs

Seflf-Attentfion.Seflf-attentfionfisacorecomponentofTrans-
formers[40],andconsfistsofanumberofheadsHwfitheach
capturfingdfifferentgflobafl-contextfinformatfionvfiameasurfing
pafirwfisecorreflatfionsamongaflfltokensasfiflflustratedfinFfig.6
(a)anddefinedbeflow:

OAttn=Concat(H1,···,Hh)·W
O,where

Hfi=Softmax(
QWQfi ·(KW

K
fi)
T

√
dk

)·VWVfi,
(1)

wherehdenotesthenumberofheads,Q,K,V ∈ Rn×d

arethequery,key,andvafluevectorsofhfiddendfimensfiond
obtafinedbyflfinearflyprojectfingthefinputsequenceofflength
n,respectfivefly.Foreachhead,WQfi,W

K
fi,W

V
fi ∈R

d×dk are
flearnabfleprojectfionwefightmatrfices,wheredk=d/hfisthe
embeddfingdfimensfionofeachhead.Inthfisway,theattentfion
bflockfirstcomputesdot-productsbetweenthekey-querypafirs,
thenscaflesthedot-productresufltstostabfiflfizethetrafinfing,
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Ffig.5. AnovervfiewofVfiTCoD,thefirstaflgorfithm-accefleratorco-desfignframeworkdedficatedtosparseVfiTs.

Ffig.6. Iflflustratfingtheseflf-attentfionworkflowandfitsassocfiated matrfix
mufltfipflficatfionpatterns.

usesSoftmaxtonormaflfizetheresufltfingattentfionscores,and
finaflflycomputesawefightedsumofthevaflueembeddfings
correspondfingtodfifferentfinputs.Ffinaflfly,theresufltsfromaflfl
theheadsareconcatenatedandfurtherprojectedwfithawefight
matrfixWO∈Rd×dtogeneratethefinafloutputs.

Toaflflevfiatethebottfleneckcomputatfionaflcompflexfityfrom
theaboveseflf-attentfion mechanfism,sparseattentfiontech-
nfiqueshaveemergedasapromfisfingsoflutfion,underwhfich
thefintroducedsparsfityresufltsfinthefoflflowfingtwokfindsof
theattentfionmatrfixmufltfipflficatfion:(1)thefirstmufltfipflficatfion
betweenQandK becomesageneraflsampfleddense-dense
matrfixmufltfipflficatfion(SDDMM)basedontheflocatfionofthe
nonzerosampflesfintheattentfionmaps,asfiflflustratedfinFfig.6
(b);and(2)thefoflflowfingmufltfipflficatfionbetweentheattentfion
mapsandtheVmatrfixbecomesasparse-densematrfixmufl-
tfipflficatfion(SpMM),asfiflflustratedfinFfig.6(c).Assuch,they
finevfitabflyfleadtofirreguflarworkfloadpatternswhenaccessfing
theQ,K,andVmatrfices,makfingfitchaflflengfingtoparaflfleflfize
thecomputatfionandcausfingtemporaflfloadfimbaflancefifthe
non-zeroattentfionscoresarenotevenflydfistrfibuted.

Ffig.7.IflflustratfingthefinputpatchesandVfiTmodefls.

VfiTModeflsandVarfiants.AsfiflflustratedfinFfig.7(b),VfiT
modefls(e.g.,DefiT[38])consfistofaflternatfingflayersofmufltfi-
headseflf-attentfion(MHSA)andmufltfi-flayerperceptron(MLP)
bflocks,whereMLPcontafinstwofuflfly-connectedflayerswfith
anon-flfinearfityfunctfionofGaussfianerrorflfinearunfit(GELU).
Addfitfionaflfly,LayerNorm(LN)fisappflfiedbeforeeverybflock.
Durfingtrafinfingorfinference,thefinputfimagesarespflfitfinto
patchesoffixedsfizeasshownfinFfig.7(a),andtheneach
patchwfiflflbeflfinearflyprojectedfintoembeddedpatchesbefore
befingfedfintotheVfiT modeflsasasequenceofvectors.
Recentfly,asurgeofresearchworkstargettobufifldVfiTvarfiants
forresource-constrafineddevfices,e.g.,LeVfiT[11]achfieves
muchhfigherefficfiencybyusfingamufltfi-stageTransformer
archfitectureandafewconvoflutfionflayersthatarefincorporated
beforetheVfiTbflocks.Forthfispaper,wemafinflyfocuson
theVfiTbflocksastheearflyconvoflutfionsonflyaccountfora
negflfigfibfleamountofFLOPs(fi.e.,<7%).

B.VfiTCoD’sSpflfitandConquerAflgorfithm

DesfignConsfideratfions.OurVfiTCoD’sspflfitandconquer
aflgorfithmafimstoaflflevfiatethecostfly(e.g.,over50%of
totaflflatencyasshownfinFfig.4)quadratficcomputatfionafl
compflexfitytothenumberoffinputtokens/patchesfinseflf-
attentfionbflocks,byenforcfingfixedsparseattentfionmasks
wfithmereflytwofleveflsofcomputatfionworkfloadsfortheease
ofaccefleratfion.Specfificaflfly,weadoptbothprunfingwfithfixed
masksandattentfionmapreorderfing:

•PrunfingwfithFfixed Masks:Asmentfioned,VfiTsenjoya
reflatfiveflyfixednumberoffinputtokens/patchesforaflflfinfer-
encefimages,whfifleNLPTransformershavetohandflefinputs
wfithvarfioussequenceflengths.Suchadfiscrepancymakes
prevfiousaccefleratorsnotoptfimaflforaccefleratfingVfiTs,and
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Ffig.11.IflflustratfingtheS-andK-statfionarydataflows.

dfimensfions. Moreover,thefloadedvectorsarerareflyreused
duetoboththehfighsparsfityanddfiagonaflpatternfinthe
enforcedsparserpatternsasshownfinFfigs.2and8,fleavfing
datamovementsasabottfleneckandfindfispensabflymotfivatfing
ourflfightwefightauto-encodermodufle.

DesfignExpfloratfion1: Mficro-archfitecture.Foracceflerat-
fingworkfloadsofdfiversesparsepatterns,twotypficafldesfigns
canbeconsfidered:asfingfleacceflerator[28],[34]or mufl-
tfipflesub-acceflerators[32],[51]wfitheachtafiflorfingforone
ofthedfiversecomputatfionpatterns.Theformersfimpflfifies
thecontroflflogficbutsufferfingfromunder-utfiflfizatfionfifthe
sparsfityofdfiversepatternsbecomehfigh;theflatterfavorsa
hfighutfiflfizatfionyetcanfleadtoanontrfivfiaflcontrofloverhead
fordeaflfingwfiththedfiversedatadependencyacrosssub-
acceflerators.ThankstoourproposedVfiTCoDaflgorfithm,there
exfistmostflytwodfiverseworkfloadsofefitherdenserorsparser
patternsasdemonstratedfinSec.IV-B.Assuch,weconsfider
theflatterdesfignwfithmereflyonedenserengfineandonesparser
engfinetoefficfientflyprocessVfiTCoDaflgorfithmtrafinedsparse
VfiTsforreducfingboththescheduflfingandcontrofloverheads.
Addfitfionaflfly,ourVfiTCoDaccefleratorfintegratesencoderand
decoderengfinestosupporttheAEmodufles.

DesfignExpfloratfion2:Dataflows.Herewedfiscusstwo
potentfiafldataflowsforprocessfingtheSDDMMofsparseatten-
tfionmodufles,fi.e.,S-andK-statfionarydataflows,anddfiscuss
thefiradvantagesanddfisadvantages.AsshownfinFfig.11(a),
S-statfionarydataflowexecutesdfifferentQandK vectors
finaparaflfleflmanner,wherethefeaturesofeachQ/K are
mufltfipflfiedsequentfiaflflyforaccumuflatfion.Itsadvantagefisthat
bothQandKvectorsarefuflflyreusedafterbefingfloadedfrom
anoff-chfip memory. However,suchS-statfionarydataflow
flfimfitstheaccefleratfionefficfiencyfromboththecomputatfion
andstorageaspects:(1)aflowPEutfiflfizatfionforaccefleratfing
sparseattentfions,becauseattentfionscoresarespatfiaflflymapped
finthePEarray,whereeachPEcorrespondstocaflcuflatfing
oneattentfionscore,requfirfinghfighreconfigurabflfityandflarge
controfloverheadtosupportsparseattentfions;and(2)flarge
on-chfipregfister/bufferrequfirementstohofldthefintermedfiate
partfiaflsumsofattentfionscores,whfichneedtobestored
ontheregfistersofPEarraysforfintra-PEaccumuflatfion.For
exampfle,Sanger[24]adoptssuchadataflow.TheotherK-
statfionarydataflowfisfiflflustratedfinFfig.11(b),whfichfloads
K vectorsandmufltfipflfiesthembydfifferentQvectorsfina
sequentfiaflmanner,producfingattentfionscoresfinacoflumn
bycoflumnmanner,wherefeaturedfimensfionsofQ/K are

spatfiaflflymappedtothePEarrayforfinter-PEaccumuflatfion.
ItsadvantagefisthattheKvectorsarefuflflyreusedandonfly
asmaflflon-chfipbufferfisneededforhofldfingthefintermedfiate
resuflts.Inaddfitfion,fitfismoresufitabfleforsparseattentfion
accefleratfionsfincethatonflypafiredQ/Kvectorsaremufltfipflfied
accordfingtothenon-zerofindexesfinS,finsteadofspatfiaflfly
mappfingandmufltfipflyfingaflflQ/KfeaturesastheS-statfionary
dataflowdoes.Suchbenefits,however,comeatthecostof
requfirfing morefrequentfloadfingofQ vectors.Gfiventhat
ourVfiTCoDaflgorfithmenabflesahfighsparsfityfinattentfions
wfithouthurtfingthemodeflaccuracy,andfitstrafinedVfiTsresuflt
finpartfitfionbetweendenserandsparserpatternsaflongthe
K dfimensfion,thefideafldataflowshoufldfavorbothsparse
attentfioncomputatfionsandsupportfingadynamficnumberofK
vectors.Therefore,theK-statfionarydataflowfisbettersufited
forthesparseattentfionpatternsresufltfingfromourVfiTCoD
aflgorfithm. Moreover,thedfisadvantageoftheK-statfionary
dataflow,fi.e.,morefrequentQ accesses,canbeaflflevfiated
thankstoourAEmodufles,reducfingthedatamovements.

B.VfiTCoDAcceflerator’sMficro-archfitecture

Archfitecture Overvfiew. Ffig.12fiflflustratestheoveraflfl
mficro-archfitectureoftheproposedVfiTCoDacceflerator(Left:
Memoryhfierarchy; Mfiddfle:Denser/Sparserengfines;Rfight:
PEarraydesfign).Forefficfientflyprocessfingtheaforemen-
tfionedtwodfistfinctdenserandsparseworkfloadswfithreduced
off-chfipmemoryaccessesandbetterPE/MACutfiflfizatfion,our
VfiTCoDaccefleratorconsfistsoftwoseparatecomputfingen-
gfineswfitheachconsfistfingofMACflfinesandbefingdedficated
toprocessthedenser/sparserworkfloadsofVfiTCoDaflgo-
rfithm’sresufltfingsparseattentfions.Inaddfitfion,theacceflerator
fintegrateson-chfipencoderanddecoderengfinestofleverage
ourfinsertedAEmoduflesfinVfiTs(SeeSec.IV-C)formuch
reduceddata movements.Specfificaflfly,the DenserEngfine
handflesboththesampfleddenseQ/K matrfixmufltfipflficatfion
durfingSDDMM(fi.e.,Q·KT)andthesubsequentS/V
matrfixmufltfipflficatfiondurfingSpMM(fi.e.,S·V).TheSparser
Engfineatthesametfimehandflestheremafinfingfirreguflar
butsfignfificantflyreducedworkfloads.Suchanengfinefisaflso
capabfleofefficfientflyprocessfingSpMM,SoftMax,andnon-
flfinearactfivatfion. Wetermtheproposed mficro-archfitecture
comprfisfingtwoseparatecomputfingengfinesastwo-pronged
archfitecturehereafter.Formfinfimaflcontroflflfingoverheadand
finterruptfiontothecomputfingflow,thesetwoengfinesare
equfippedwfithseparateoutputbuffers,sothatthefirgenerated
resufltscanbewrfittenfintothebuffersfinparaflflefl. Wfithfin
thedenserandsparserengfines,wefurtherdesfigntheEn-
coder/DecoderEngfinestofleverageVfiTCoD’sAEmoduflefor
tradfingcostflydatamovementsforflower-costcomputatfions.
Ffinaflfly,ouraccefleratorarchfitecturecanaflsobefurtherreused
fortheQ/K/V generatfionandMLPflayers,whereaflflMAC
Lfinesarereconfiguredtoprocessthesedenseworkfloads.Next,
weeflaboratethedesfigndetafiflsofeachengfine.
1)Two-prongedArchfitecture:DenserEngfine.Asshownfin

Sec.IV-B,thedenserattentfionmapsresufltfingfromVfiTCoD’s
spflfitandconqueraflgorfithmvaryfintermsofthenumberof
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Ffig.13.Iflflustratfingthetfiflfingandspatfiafl/temporaflmappfingsforprocessfing
Q·KT andS·V.

sparse workfloads.Forthedense workfload,fitfloadsthe
correspondfingtwovectorsandperformsmufltfipflficatfionwfith
efitherfinter-PEorfintra-PEaccumuflatfion;Forthesparse
workfload,onflynon-zeroeflementsandthefirfindexesare
floadedforcaflcuflatfion,thankstothepre-floadedfindexesfin
aCSCformat;(3)SoftMaxunfitsareusedafteracompflete
attentfionscorefiscomputed, weconductanexponentfiafl
operatorforthesoftmaxfunctfionfoflflowfing[24];and(4)
Actfivatfionunfits forthenon-flfinearactfivatfionfunctfions.
Specfificaflfly,weusegatfingmoduflesforReLUandflookup
tabflestoestfimateotheractfivatfionfunctfions;Addfitfionaflfly,we
fincorporatetheencoder/decoderengfinestocooperatewfith
thefinsertedAEmoduflesasdescrfibedbeflow.

2)EncoderandDecoderEngfines:Recaflflfingthatthefin-
sertedAE modufleproposedfinourVfiTCoDaflgorfithmof-
fersusanewopportunfitytotradecostflydatamovements
forflower-costcomputatfions.Tofleveragesuchbenefits,we
desfignboththeencoderanddecoderengfinesfinourVfiTCoD
acceflerator,wherethewefightsoftheAEmoduflearepre-
floadedandstoredonchfipthankstothefirsmaflflsfizes(e.g.,
6×3).AsshownfintheupperrfightpartofFfig.12,
encoderanddecoderhavethefirownPE/MACflfinesandare
usedtoprocesstheencoder/decoderworkfloadswhenneeded,
fi.e.,thosePE/MACflfineswfiflflaflsobeusedtoprocessother
denser/sparserworkfloadswhenencode/decodearenotneeded.
Inpartficuflar,theencoderengfinefisenabfledrfightafterthe
flfinearprojectfionforgeneratfingQ/K/V soastocompress
Q/Kbeforetransferrfingthembacktotheoff-chfipmemory.
Aflso,thefircomputatfioncanbefuflflypfipeflfinedtohfidethe
processfingtfimeoftheencoderengfine;Thedecoderengfine
fisthenneededbeforefloadfingQ/KfintothePEarrays,whfich
wfiflflbepfipeflfinedwfiththedatamovementsfinstead.

3)Reconfigurabfiflfity:Tosupportthepotentfiaflneedoftask
changeafterdepfloyment,e.g.,VfiTmodeflswfithdfifferentmask
patternsorheadnumbers,theproposedVfiTCoDacceflerator
fisequfippedwfithaflow-costhardwarereconfigurabflestrategy
foradaptatfiondurfingthehardwarecompfiflatfionprocess,whfich

Ffig.14. Theaflgorfithm-hardwarefinterfacepfipeflfine.

onflyneedone-tfimecompfiflatfioncostforeachtask.Ffig.14
showsthecorrespondfingfinterfacepfipeflfine.Thegfivensparse
VfiTflayerswfiflflfirstbepassedthroughanetworkparserforex-
tractfinghardwareconfiguratfionsbeforefeedfingthehardware
compfiflertogenerateprocessfingfinstructfions.Accordfingto
theconfiguratfionsextractedfromVfiTCoDaflgorfithm,e.g.,the
numberofgflobafltokens,buffersfizes,anddataflows,thehard-
warecompfiflerheflpstogeneratecorrespondfingfinstructfionsto
enabfleVfiTCoDaccefleratortobereconfiguredtoreaflflocate
on-chfip memorfiesandPEs/MACsfinboththeDenserand
Sparserengfines.Thecompfiflergeneratesfinstructfionstocontrofl
theVfiTCoDaccefleratortoswfitchbetweenthefinter-PE/MAC
accumuflatfion(w.r.t.K-statfionarydataflowdurfingQ·K)and
fintra-PE/MACaccumuflatfion(w.r.t.output-statfionarydataflow
durfingS·V)modes.Moreover,thecostofsuchreconfigura-
bfiflfityfisamortfizedacrosstheexecutfionflfifetfimeofeachtask.

VI.EXPERIMENTS

A.ExperfimentSettfing

Modefls, Datasets,andTrafinfingSettfings. Modefls: We
consfiderDefiT-Base/Smaflfl/Tfiny[38]whfichareweflflrecognfized
VfiTmodefls,LeVfiT-128/192/256[11]whfichareVfiTvarfiants
targetfingmobfifledevfices,andStrfidedTransformer[22]whfich
achfievesSOTAperformanceonAR/VRappflficatfions.Datasets:
WeuseImageNetdataset[9]forevafluatfingDefiTandLeVfiT
onthefimagecflassfificatfiontask,andHuman3.6Mdataset[18]
forevafluatfingStrfidedTransformeronthe3Dhumanpose
estfimatfiontask.TrafinfingSettfings:WefinetunebothDefiTand
LeVfiTusfingthesametrafinfingrecfipeas[38],andfinetune
StrfidedTransformerwfiththesamerecfipeas[22],exceptsfor
adoptfingasmaflflerflearnfingrateof1e-5.
BaseflfinesandEvafluatfion Metrfics.Baseflfines:Tobench-
markVfiTCoDwfithSOTAattentfionacceflerators,weconsfider
atotafloffivebaseflfines,fincfludfingthreegeneraflpflatforms:
CPU(Intefl Xeon Gofld6230R),EdgeGPU(NvfidfiaJetson
XavfierNX),andGPU(Nvfidfia2080Tfi),andtwoattentfion
acceflerators:SpAtten[42]andSanger[24].Notethatwhen
benchmarkfingwfithGPUsw/flargerbatchsfize,wescafleup
theacceflerators’hardwareresourcetohaveacomparabflepeak
throughputforafafircomparfisonfoflflowfing[30].Metrfics:We
evafluateaflflpflatformsfintermsofflatencyspeedupsandenergy
efficfiency.Inaddfitfion,wecomparedtheachfievedattentfion
sparsfityandmodeflaccuracyforaflflVfiTmodefls.
HardwarePflatformSetup. Characterfistfics:VfiTCoDfis
desfignedwfithatotaflareaof3mm2,aDDR4-2400(w/
mufltfipflebanksconnectedtooneunfifiedcontroflfler)memory
bandwfidthof76.8GB/s,andpowerof323.9mWatacore
frequencyof500MHz,andfisequfippedwfith320KBSRAM
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Ffig.15. Thenormaflfizedspeedups(w.r.t.CPU)achfievedbyVfiTCoDoverfiveSOTAbaseflfinesonSevenVfiTmodefls.

Ffig.16. LayoutfloorpflanofourVfiTCoDacceflerator.

and512 MACs(64 MACflfineswfitheachhavfing8 MACs).
TheSRAMfincfludes(1)Act.GB0/GB1of256KBwhere
Q/K/S/V orfinputbufferoccupfies128KB,findexbuffer
occupfies20KB,andtheoutputbufferoccupfies108KB;and
(2) WefightGBof64KB.Evafluatfion:Wedeveflopacycfle-
accuratesfimuflatortosfimuflatetheperformanceofourVfiTCoD
acceflerator,forwhfichthe MACand memoryaccesscost
arederfivedfromthepost-flayoutsfimuflatfion.Ffig.16shows
fitscorrespondfingflayoutfloorpflan. Weverfifiedfitagafinstthe
RTLfimpflementatfiontoensurefitscorrectness.Specfificaflfly,we
synthesfizeourRTLdesfignwfithacommercfiafl28nmCMOS
technoflogyusfingSynopsystoofls(DesfignCompfiflerforgate-
fleveflnetflfist[1];ICCompfiflerIIforflayout[2])andtheMemory
Compfiflersfromthefoundry.

B.OveraflflPerformanceComparfison

Ffig.15showstheoveraflflperformanceofourVfiTCoD
andfivebaseflfines. WeseethatVfiTCoDon-averageachfieves
235.3×,160.6×,and86.0×coreattentfionspeedupsoverthe
generaflCPU,EdgeGPU,andGPUpflatforms,respectfivefly.
Moreover,fintermsofbenchmarkfingonend-to-endVfiTaccefl-
eratfions,VfiTCoDon-averageachfieves33.8×and5.6×over
CPUandEdgeGPU,respectfivefly. Wefurthercomparethe
proposedVfiTCoDwfithSOTAattentfionacceflerators,SpAtten
[42]andSanger[24],fintermsofbothcoreattentfionspeedups
andend-to-endVfiTspeedups.Notethatwefimpflementand
sfimuflatebothofthemonVfiTswfithsfimfiflarhardwareconfig-
uratfionsandareasforfafircomparfisons; Meanwhfifle,wetest
oursfimuflatorswfiththefirreportedexperfimentresufltsonNLP
Transformerstoensurethecorrectness.Inpartficuflar,forac-
cefleratfingcoreattentfionworkfloads,fi.e.,bothSDDMMand
SpMMphases,VfiTCoDachfieves10.1×and6.8×speedups
overSpAttenandSanger,respectfivefly,under90%sparsfity
ofattentfionmaps. Weaflsoconsfidertocomparethemunder
80%sparsfity,atwhfichtfimeVfiTCoDachfieves4.8×and3.2×
speedupsoverSpAttenandSanger,respectfivefly.Foraccefler-

atfingtheend-to-endVfiTmodefls,thespeedupswfiflflbe3.1×
and2.1×.Notethatheretheend-to-endspeedupsareflarger
than2×aflthoughseflf-attentfiononflyaccountsfor>=50%
ofthewhofleVfiTmodeflwhenexecutedonEdgeGPU,thatfis
becausewearecomparfingtootheraccefleratorsfinsteadofVfiT-
CoD’shardwarew/oVfiTCoDtechnfiques.Ifwecomparew/
VfiTCoDandw/oVfiTCoD,thespeedupswfiflflbearound1.8×
finstead.Thfissetofcomparfisonsvaflfidatetheeffectfivenessand
superfiorfityofVfiTCoD’sdedficatedaflgorfithmandacceflerator
finnovatfions:(1)thespflfitandconqueraflgorfithmforreguflar
andfixedsparseattentfionmapsandthecorrespondfingtwo-
prongedarchfitecturedesfign;(2)theAEmodufleforflessdata
movementsandthereflatedencoder/decoderengfines.

DfiscussfionofNLP Modefls.ForNLPmodefls,VfiTCoD
aflgorfithm’senforcedstatficsparseattentfionpatternscande-
gradethemodeflaccuracy,e.g.,-1.18%for60%sparsfityvs.
theunprunedcounterpartsforBERT-Base-NLP-modeflson
theGLUE-MRPCdataset.Forafafircomparfison,wefurther
consfiderthedynamficattentfionpredfictfionoverhead,under
whfichVfiTCoD’sattentfionspeedupsfis1.93×/3.69× fora
sparsfityof60%/90%sparsfity,respectfivefly,overSanger.

C.EvafluatfionoftheVfiTCoDAflgorfithm

AsshownfinFfig.17,wecomparetheaccuracyandfla-
tencytrade-offsofVfiTCoDwfithunprunedbaseflfineswhen
evafluatfingtheattentfionflayerofsfixVfiTmodefls,fi.e.,DefiT-
Base/Smaflfl/TfinyandLeVfiT-256/192/128,onImageNet.Note
thathereweevafluatethecompfleteVfiTCoDaflgorfithmwfith
bothspflfitandconqueraflgorfithmandfinsertedauto-encoder
(50%compressfionratfio,e.g.,12heads→ 6heads). We
observethatthespflfitandconqueraflgorfithmheflpstore-
duce45.1%∼85.8%and72.0%∼84.3%flatencyofat-
tentfionflayersforDefiTandLeVfiT,respectfivefly,whfifleflead-
fingtoacomparabflemodeflaccuracy(fi.e.,<1%accuracy
drop). Aflso,wepreformabflatfionstudfiesofthespflfitand
conqueraflgorfithmacrossawfiderangeofsparsfityratfios,
fi.e.,{50%,60%,70%,80%,90%,95%},andfindthatVfiTCoD
consfistentflyachfieves90%and80%sparsfityonDefiTand
LeVfiTmodeflsatacostofnegflfigfibfleaccuracydrop(fi.e.,<
1%). WeaflsobenchmarkVfiTmodeflsw/andw/otheauto-
encodermodufles(w/ospflfitandconqueraflgorfithm),andshow
thetrafinfingtrajectoryofDefiTmodeflsandLeVfiTmodeflsfin
Ffig.9(b)andFfig.18,respectfivefly.Weobservethat(1)both
thetestfloss(fi.e,LCE)andreconstructfionflossaresfignfificantfly
reduced,verfifyfingtheconvergenceandeffectfivenessofour
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mechanfismsfinneuraflnetworkswfithapproxfimatfion,”fin 2020IEEE
InternatfionaflSymposfiumonHfighPerformanceComputerArchfitecture
(HPCA). IEEE,2020,pp.328–341.

[13]T.J.Ham,Y.Lee,S.H.Seo,S.Kfim,H.Chofi,S.J.Jung,andJ. W.
Lee,“Eflsa:Hardware-softwareco-desfignforefficfient,flfightwefightseflf-
attentfion mechanfismfinneuraflnetworks,”fin2021ACM/IEEE48th
AnnuaflInternatfionaflSymposfiumonComputerArchfitecture(ISCA).
IEEE,2021,pp.692–705.

[14] K.Hegde,H.Asgharfi-Moghaddam, M.Peflflauer,N.Crago,A.Jafleefl,
E.Soflomonfik,J.Emer,andC.W.Ffletcher,“Extensor:Anaccefleratorfor
sparsetensoraflgebra,”finProceedfingsofthe52ndAnnuaflIEEE/ACM
InternatfionaflSymposfiumonMficroarchfitecture,2019,pp.319–333.

[15]B. Heo,S. Yun, D. Han,S.Chun,J.Choe,andS.J. Oh,“Re-
thfinkfingspatfiafldfimensfionsofvfisfiontransformers,”arXfivpreprfint
arXfiv:2103.16302,2021.

[16] A.Howard,M.Sandfler,G.Chu,L.-C.Chen,B.Chen,M.Tan,W.Wang,
Y.Zhu,R.Pang,V.Vasudevanetafl.,“Searchfingformobfiflenetv3,”fin
ProceedfingsoftheIEEE/CVFInternatfionaflConferenceonComputer
Vfisfion,2019,pp.1314–1324.

[17]J.Hu,L.Shen,andG.Sun,“Squeeze-and-excfitatfionnetworks,”fin
ProceedfingsoftheIEEEconferenceoncomputervfisfionandpattern
recognfitfion,2018,pp.7132–7141.

[18]C.Ionescu,D.Papava,V.Oflaru,andC.Smfinchfisescu,“Human3.6m:
Largescafledatasetsandpredfictfive methodsfor3dhumansensfing
finnaturaflenvfironments,”IEEEtransactfionsonpatternanaflysfisand
machfinefinteflflfigence,vofl.36,no.7,pp.1325–1339,2013.

[19] K.Kfim,B. Wu,X.Dafi,P.Zhang,Z.Yan,P.Vajda,andS.J.Kfim,
“Rethfinkfingtheseflf-attentfionfinvfisfiontransformers,”finProceedfingsof
theIEEE/CVFConferenceonComputerVfisfionandPatternRecognfitfion,
2021,pp.3071–3075.

[20] K.Kfim,B. Wu,X.Dafi,P.Zhang,Z.Yan,P.Vajda,andS.J.Kfim,
“Rethfinkfingtheseflf-attentfionfinvfisfiontransformers,”finProceedfingsof

theIEEE/CVFConferenceonComputerVfisfionandPatternRecognfitfion
(CVPR)Workshops,June2021,pp.3071–3075.

[21] N.Kfitaev,Ł.Kafiser,andA.Levskaya,“Reformer:Theefficfienttrans-
former,”arXfivpreprfintarXfiv:2001.04451,2020.

[22] W.Lfi,H.Lfiu,R.Dfing,M.Lfiu,P.Wang,andW.Yang,“Expflofitfingtem-
poraflcontextswfithstrfidedtransformerfor3dhumanposeestfimatfion,”
IEEETransactfionsonMufltfimedfia,2022.

[23]Z.Lfiu, Y.Lfin, Y.Cao, H. Hu, Y. Wefi,Z.Zhang,S.Lfin,and
B.Guo,“Swfintransformer:Hfierarchficaflvfisfiontransformerusfingshfifted
wfindows,”arXfivpreprfintarXfiv:2103.14030,2021.

[24]L.Lu,Y.Jfin,H.Bfi,Z.Luo,P.Lfi,T.Wang,andY.Lfiang,“Sanger:A
co-desfignframeworkforenabflfingsparseattentfionusfingreconfigurabfle
archfitecture,”finMICRO-54:54thAnnuaflIEEE/ACMInternatfionafl
SymposfiumonMficroarchfitecture,2021,pp.977–991.

[25]S. Mehta and M. Rastegarfi, “Mobfiflevfit: flfight-wefight, generafl-
purpose, and mobfifle-frfiendfly vfisfion transformer,” arXfiv preprfint
arXfiv:2110.02178,2021.

[26] NVIDIAInc.,“NVIDIAJetsonTX2,”https://www.nvfidfia.com/en-us/
autonomous-machfines/embedded-systems/jetson-tx2/,accessed2019-
09-01.

[27]S.Pafl,J.Beaumont,D.-H.Park,A.Amarnath,S.Feng,C.Chakrabartfi,
H.-S.Kfim,D.Bflaauw,T. Mudge,andR.Dresflfinskfi,“Outerspace:
Anouterproductbasedsparsematrfixmufltfipflficatfionacceflerator,”fin
2018IEEEInternatfionaflSymposfiumonHfighPerformanceComputer
Archfitecture(HPCA). IEEE,2018,pp.724–736.

[28]E.Qfin,A.Samajdar,H.Kwon,V.Nadeflfla,S.Srfinfivasan,D.Das,
B.Kaufl,andT.Krfishna,“Sfigma:Asparseandfirreguflargemmac-
cefleratorwfithflexfibflefinterconnectsfordnntrafinfing,”fin2020IEEE
InternatfionaflSymposfiumonHfighPerformanceComputerArchfitecture
(HPCA). IEEE,2020,pp.58–70.

[29]J.Qfiu,H. Ma,O.Levy,S. W.-t.Yfih,S. Wang,andJ.Tang,“Bflock-
wfiseseflf-attentfionforflongdocumentunderstandfing,”arXfivpreprfint
arXfiv:1911.02972,2019.

[30]Z.Qu,L.Lfiu,F.Tu,Z.Chen,Y.Dfing,andY.Xfie,“Dota:detectandomfit
weakattentfionsforscaflabfletransformeraccefleratfion,”finProceedfings
ofthe27thACMInternatfionaflConferenceonArchfitecturaflSupportfor
ProgrammfingLanguagesandOperatfingSystems,2022,pp.14–26.

[31] A.Radford,J. Wu,R.Chfifld,D.Luan,D.Amodefi,andI.Sutskever,
“Languagemodeflsareunsupervfisedmufltfitaskflearners,”2019.

[32] Y.Shen,M.Ferdman,andP.Mfiflder,“Maxfimfizfingcnnaccefleratoreffi-
cfiencythroughresourcepartfitfionfing,”fin2017ACM/IEEE44thAnnuafl
InternatfionaflSymposfiumonComputerArchfitecture(ISCA). IEEE,
2017,pp.535–547.

[33] N.Srfivastava,H.Jfin,J.Lfiu,D.H.Aflbonesfi,andZ.Zhang,“Matraptor:
Asparse-sparsematrfixmufltfipflficatfionaccefleratorbasedonrow-wfise
product,”202053rdAnnuaflIEEE/ACMInternatfionaflSymposfiumon
Mficroarchfitecture(MICRO),pp.766–780,2020.

[34] N.Srfivastava,H.Jfin,J.Lfiu,D.Aflbonesfi,andZ.Zhang,“Matraptor:
Asparse-sparsematrfixmufltfipflficatfionaccefleratorbasedonrow-wfise
product,”fin202053rdAnnuaflIEEE/ACMInternatfionaflSymposfiumon
Mficroarchfitecture(MICRO). IEEE,2020,pp.766–780.

[35] N.Srfivastava,H.Jfin,S.Smfith,H.Rong,D.H.Aflbonesfi,andZ.Zhang,
“Tensaurus:Aversatfifleaccefleratorformfixedsparse-densetensorcom-
putatfions,”2020IEEEInternatfionaflSymposfiumonHfighPerformance
ComputerArchfitecture(HPCA),pp.689–702,2020.

[36] M.Sun,H. Ma,G.Kang,Y.Jfiang,T.Chen,X. Ma,Z. Wang,and
Y. Wang,“Vaqf:Fuflflyautomatficsoftware-hardwareco-desfignframe-
workforflow-bfitvfisfiontransformer,”arXfivpreprfintarXfiv:2201.06618,
2022.

[37] H.Touvron, M.Cord, M. Douze,F. Massa, A.Sabflayroflfles,and
H.J́egou,“Trafinfingdata-efficfientfimagetransformers &dfistfiflflatfion
throughattentfion,”arXfivpreprfintarXfiv:2012.12877,2020.

[38]H.Touvron, M.Cord, M. Douze,F. Massa, A.Sabflayroflfles,and
H.Jegou,“Trafinfingdata-efficfientfimagetransformers &dfistfiflflatfion
throughattentfion,”finProceedfingsofthe38thInternatfionaflConference
onMachfineLearnfing,ser.ProceedfingsofMachfineLearnfingResearch,
vofl.139. PMLR,18–24Jufl2021,pp.10347–10357.
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