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Abstract

In thfis paper, we present Co-scafle conv-attentfionafl fimage
Transformers (CoaT), a Transformer-based fimage cflassfifier
equfipped wfith co-scafle and conv-attentfionafl mechanfisms.
Ffirst, the co-scafle mechanfism mafintafins the fintegrfity of
Transformers’ encoder branches at findfivfiduafl scafles, whfifle
aflflowfing representatfions flearned at dfifferent scafles to ef-
fectfivefly communficate wfith each other; we desfign a serfies
of serfiafl and paraflflefl bflocks to reaflfize the co-scafle mecha-
nfism. Second, we devfise a conv-attentfionafl mechanfism by
reaflfizfing a reflatfive posfitfion embeddfing formuflatfion fin the
factorfized attentfion modufle wfith an efficfient convoflutfion-flfike
fimpflementatfion. CoaT empowers fimage Transformers wfith
enrfiched mufltfi-scafle and contextuafl modeflfing capabfiflfitfies.
On ImageNet, reflatfivefly smaflfl CoaT modefls attafin superfior
cflassfificatfion resuflts compared wfith sfimfiflar-sfized convoflu-
tfionafl neurafl networks and fimage/vfisfion Transformers. The
effectfiveness of CoaT’s backbone fis aflso fiflflustrated on ob-
ject detectfion and finstance segmentatfion, demonstratfing fits
appflficabfiflfity to downstream computer vfisfion tasks.

1. Introductfion

A notabfle recent deveflopment fin artfificfiafl finteflflfigence fis
the creatfion of attentfion mechanfisms [38] and Transform-
ers [31], whfich have made a profound fimpact fin a range of
fieflds fincfludfing naturafl flanguage processfing [7,20], docu-
ment anaflysfis [39], speech recognfitfion [8], and computer
vfisfion [9,3]. In the past, state-of-the-art fimage cflassfifiers
have been bufiflt prfimarfifly on convoflutfionafl neurafl networks
(CNNs) [15,14,27,26,11,36] that operate on flayers of
fiflterfing processes. Recent deveflopments [30,9]however
begfin to show encouragfing resuflts for Transformer-based
fimage cflassfifiers.
In essence, both the convoflutfion [15] and attentfion [38]

operatfions address the fundamentafl representatfion probflem
for structured data (e.g. fimages and text) by modeflfing the
flocafl contents, as weflfl as the contexts. The receptfive fieflds

*findficates equafl contrfibutfion.
Code athttps://gfithub.com/mflpc-ucsd/CoaT.

Ffigure 1.Modefl Sfize vs. ImageNet Accuracy.Our CoaT modefl
sfignfificantfly outperforms other fimage Transformers. Detafifls are fin
Tabfle 2.

fin CNNs are graduaflfly expanded through a serfies of con-
voflutfion operatfions. The attentfion mechanfism [38,31] fis,
however, dfifferent from the convoflutfion operatfions: (1) the
receptfive fiefld at each flocatfion or token fin seflf-attentfion
[31] readfifly covers the entfire finput space sfince each token
fis “matched” wfith aflfl tokens fincfludfing fitseflf; (2) the seflf-
attentfion operatfion for each pafir of tokens computes a dot
product between the “query” (the token fin consfideratfion)
and the “key” (the token befing matched wfith) to wefight the
“vaflue” (of the token befing matched wfith).

Moreover, aflthough the convoflutfion and the seflf-attentfion
operatfions both perform a wefighted sum, thefir wefights are
computed dfifferentfly: fin CNNs, the wefights are flearned dur-
fing trafinfing but fixed durfing testfing; fin the seflf-attentfion
mechanfism, the wefights are dynamficaflfly computed based
on the sfimfiflarfity or affinfity between every pafir of tokens.
As a consequence, the seflf-sfimfiflarfity operatfion fin the seflf-
attentfion mechanfism provfides modeflfing means that are po-
tentfiaflfly more adaptfive and generafl than convoflutfion oper-
atfions. In addfitfion, the fintroductfion of posfitfion encodfings
and embeddfings [31] provfides Transformers wfith addfitfionafl
flexfibfiflfity to modefl spatfiafl configuratfions beyond fixed finput
structures.

Of course, the advantages of the attentfion mechanfism are



notgfivenforfree,sfincetheseflf-attentfionoperatfioncom-
putesanaffinfity/sfimfiflarfitythatfismorecomputatfionaflflyde-
mandfingthanflfinearfiflterfingfinconvoflutfion.Theearflyde-
veflopmentofTransformershasmafinflyfocusedonnaturafl
flanguageprocessfingtasks[31,7,20]sfincetextfis“shorter”
thananfimage,andtextfiseasfiertotokenfize.Incomputer
vfisfion,seflf-attentfionhasbeenadoptedtoprovfideaddedmod-
eflfingcapabfiflfityforvarfiousappflficatfions[34,37,44].Wfith
theunderflyfingframeworkfincreasfingflydevefloped[9,30],
Transformersstarttobearfrufitfincomputervfisfion[3,9]by
demonstratfingthefirenrfichedmodeflfingcapabfiflfitfies.
InthesemfinaflDEtectfionTRansformer(DETR)[3]aflgo-

rfithm,Transformersareadoptedtoperformobjectdetectfion
andpanoptficsegmentatfion,butDETRstfiflflusesCNNback-
bonestoextractthebasficfimagefeatures.Effortshavere-
centflybeenmadetobufifldfimagecflassfifiersfromscratch,aflfl
basedonTransformers[9,30,33].WhfifleTransformer-based
fimagecflassfifiershavereportedencouragfingresuflts,perfor-
manceanddesfigngapstotheweflfl-deveflopedCNNmodefls
stfiflflexfist.Forexampfle,fin[9,30],anfinputfimagefisdfivfided
fintoasfingflegrfidoffixedpatchsfize.Inthfispaper,wede-
veflopCo-scafleconv-attentfionaflfimageTransformers(CoaT)
byfintroducfingtwomechanfismsofpractficaflsfignfificanceto
Transformer-basedfimagecflassfifiers.Thecontrfibutfionsof
ourworkaresummarfizedasfoflflows:

•Wefintroduceaco-scaflemechanfismtofimageTrans-
formersbymafintafinfingencoderbranchesatseparate
scafleswhfifleengagfingattentfionacrossscafles. Two
typesofbufifldfingbflocksaredevefloped,nameflyaserfiafl
andaparaflfleflbflock,reaflfizfingfine-to-coarse,coarse-
to-fine,andcross-scaflefimagemodeflfing.

•Wedesfignaconv-attentfionmodufletoreaflfizereflatfive
posfitfionembeddfingswfithconvoflutfionsfinthefactor-
fizedattentfionmoduflethatachfievessfignfificantflyen-
hancedcomputatfionefficfiencywhencomparedwfith
vanfiflflaseflf-attentfionflayersfinTransformers.

OurresufltfingCo-scafleconv-attentfionaflfimageTransformers
(CoaT)flearneffectfiverepresentatfionsunderamoduflarfized
archfitecture.OntheImageNetbenchmark,CoaTachfieves
state-of-the-artcflassfificatfionresufltswhencomparedwfiththe
competfitfiveconvoflutfionaflneuraflnetworks(e.g.Efficfient-
Net[29]),whfifleoutperformfingthecompetfingTransformer-
basedfimagecflassfifiers[9,30,33],asshownfinFfigure1.

2.ReflatedWorks

Ourworkfisfinspfiredbytherecentefforts[9,30]toreaflfize
Transformer-basedfimagecflassfifiers.VfiT[9]demonstrates
thefeasfibfiflfityofbufifldfingTransformer-basedfimagecflassfi-
fiersfromscratch,butfitsperformanceonImageNet[23]
fisnotachfievedwfithoutfincfludfingaddfitfionafltrafinfingdata;
DefiT[30]attafinsresufltscomparabfletoconvoflutfion-based

cflassfifiersbyusfinganeffectfivetrafinfingstrategytogether
wfithmodefldfistfiflflatfion,removfingthedatarequfirementfin[9].
BothVfiT[9]andDefiT[30]arehoweverbasedonasfingfle
fimagegrfidoffixedpatchsfize.
Thedeveflopmentofourco-scafleconv-attentfionafltrans-

formers(CoaT)fismotfivatedbytwoobservatfions:(1)mufltfi-
scaflemodeflfingtypficaflflybrfingsenhancedcapabfiflfitytorep-
resentatfionflearnfing[11,22,32];(2)thefintrfinsficconnectfion
betweenreflatfiveposfitfionencodfingandconvoflutfionmakesfit
possfibfletocarryoutefficfientseflf-attentfionusfingconv-flfike
operatfions.Asaconsequence,thesuperfiorperformanceof
theCoaTmodeflsshownfintheexperfimentscomesfromtwo
ofournewdesfignsfinTransformers:(1)aco-scaflemecha-
nfismthataflflowscross-scaflefinteractfion;(2)aconv-attentfion
modufletoreaflfizeanefficfientseflf-attentfionoperatfion.Next,
wehfighflfightthedfifferencesofthetwoproposedmodufles
wfiththestandardoperatfionsandconcepts.

•Co-Scaflevs. Mufltfi-Scafle. Mufltfi-scafleapproaches
haveaflonghfistoryfincomputervfisfion[35,19].Con-
voflutfionaflneuraflnetworks[15,14,11]naturaflflyfim-
pflementafine-to-coarsestrategy.U-Net[22]enforces
anextracoarse-to-fineroutefinaddfitfiontothestandard
fine-to-coarsepath;HRNet[32]provfidesafurtheren-
hancedmodeflfingcapabfiflfitybykeepfingsfimufltaneous
fineandcoarsescaflesthroughouttheconvoflutfionflay-
ers.Inaparaflflefldeveflopment[33]toours,flayersof
dfifferentscaflesarefintandemforthefimageTransform-
ersbut[33]mereflycarrfiesoutafine-to-coarsestrategy.
Theco-scaflemechanfismproposedheredfiffersfromthe
exfistfingmethodsfinhowtheresponsesarecomputed
andfinteractwfitheachother:CoaTconsfistsofaserfies
ofhfighflymoduflarfizedserfiaflandparaflfleflbflockstoen-
abfleattentfionwfithfine-to-coarse,coarse-to-fine,and
cross-scaflefinformatfionontokenfizedrepresentatfions.
Thejofintattentfionmechanfismacrossdfifferentscafles
finourco-scaflemodufleprovfidesenhancedmodeflfing
powerbeyondexfistfingvfisfionTransformers[9,30,33].

•Conv-Attentfionvs.Attentfion.Pureattentfion-based
modefls[21,13,44,9,30]havebeenfintroducedtothe
vfisfiondomafin.[21,13,44]repflaceconvoflutfionsfin
ResNet-flfikearchfitectureswfithseflf-attentfionmodufles
forbetterflocaflandnon-flocaflreflatfionmodeflfing.In
contrast,[9,30]dfirectflyadapttheTransformer[31]for
fimagerecognfitfion.Recentfly,therehavebeenworks
[1,6]enhancfingtheattentfionmechanfismbyfintroduc-
fingconvoflutfion.LambdaNets[1]fintroduceanefficfient
seflf-attentfionaflternatfiveforgflobaflcontextmodeflfing
andempfloyconvoflutfionstoreaflfizethereflatfiveposfi-
tfionembeddfingsfinflocaflcontextmodeflfing.CPVT[6]
desfigns2-Ddepthwfiseconvoflutfionsasthecondfitfionafl
posfitfionaflencodfingafterseflf-attentfion.Inourconv-
attentfion,we:(1)adoptanefficfientfactorfizedatten-
tfionfoflflowfing[1
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depthwfise convoflutfionafl reflatfive posfitfion encodfing and
convoflutfionafl posfitfion encodfing, reflated to CPVT [6].
Detafifled dfiscussfion of our network desfign and fits refla-
tfion wfith LambdaNets [1] and CPVT [6] can be found
fin Sectfion 4.1 and 4.2.

3. Revfisfit Scafled Dot-Product Attentfion

Transformers take as finput a sequence of vector represen-
tatfions (fi.e. tokens)x1, ...,xN, or equfivaflentflyX∈R

N×C.
The seflf-attentfion mechanfism fin Transformers projects each
xfifinto correspondfing query, key, and vaflue vectors, usfing
flearned flfinear transformatfionsWQ,WK, andWV∈RC×C.
Thus, the projectfion of the whofle sequence generates rep-
resentatfionsQ, K, V ∈RN×C. Thescafled dot-product
attentfionfrom orfigfinafl Transformers [31] fis formuflated as :

Att(X)=softmax
QK
√
C
V (1)

In vfisfion Transformers [9,30], the finput sequence of
vectors fis formuflated by the concatenatfion of a cflass token
CLSand the flattened feature vectorsx1, ...,xHW as fimage
tokens from the feature mapsF∈RH×W×C, for a totafl
flength ofN=HW+1. The softmax flogfits fin Equatfion 1
become not affordabfle for hfigh-resoflutfion fimages (fi.e.N
C) due to fitsO(N2)space compflexfity andO(N2C)tfime
compflexfity. To reduce the flength of the sequence, VfiT [9,30]
tokenfizes the fimage by patches finstead of pfixefls. However,
the coarse spflfittfing (e.g. 16×16 patches) flfimfits the abfiflfity to
modefl detafifls wfithfin each patch. To address thfis dfiflemma, we
propose aco-scaflemechanfism that provfides enhanced mufltfi-
scafle fimage representatfion wfith the heflp of an efficfientconv-
attentfionaflmodufle that flowers the computatfion compflexfity
for hfigh-resoflutfion fimages.

4. Conv-Attentfion Modufle

4.1. Factorfized Attentfion Mechanfism

In Equatfion 1, the materfiaflfizatfion of the softmax flogfits
and attentfion maps fleads to theO(N2)space compflexfity
andO(N2C)tfime compflexfity. Inspfired by recent works [5,
25,1] on flfinearfizatfion of seflf-attentfion, we approxfimate the
softmax attentfion map by factorfizfing fit usfing two functfions
φ(·),ψ(·):RN×C → RN×C and compute the second
matrfix mufltfipflficatfion (keys and vaflues) together:

FactorAtt(X)=φ(Q)ψ(K)V (2)

The factorfizatfion fleads to aO(NC +NC+CC)space
compflexfity (fincfludfing output ofφ(·),ψ(·)and fintermedfiate
steps fin the matrfix product) andO(NCC)tfime compflex-
fity, where both are flfinear functfions of the sequence flength
N. Performer [5] uses random projectfions finφandψfor a

N×C

N×C

N×C N×CC×N

N×C

C×C

N×C N×C

N×C

H×W ×C

N×C

N×C

Ffigure 2.Iflflustratfion of the conv-attentfionafl modufle.We appfly
a convoflutfionafl posfitfion encodfing to the fimage tokens from the
finput. The resufltfing features are fed finto a factorfized attentfion wfith
a convoflutfionafl reflatfive posfitfion encodfing.

provabfle approxfimatfion, but wfith the cost of reflatfivefly flarge
C. Efficfient-Attentfion [25] appflfies the softmax functfion for
bothφandψ, whfich fis efficfient but causes a sfignfificant per-
formance drop on the vfisfion tasks fin our experfiments. Here,
we deveflop our factorfized attentfion mechanfism foflflowfing
LambdaNets [1] wfithφas the fidentfity functfion andψas the
softmax:

FactorAtt(X)=
Q
√
C
softmax(K)V (3)

wheresoftmax(·)fis appflfied across the tokens fin the se-
quence fin an eflement-wfise manner and the projected chan-
neflsC =C. In LambdaNets [1], the scaflfing factor1/

√
C

fis fimpflficfitfly fincfluded fin the wefight finfitfiaflfizatfion, whfifle our
factorfized attentfion appflfies the scaflfing factor expflficfitfly. Thfis
factorfized attentfion takesO(NC+C2)space compflexfity
andO(NC2)tfime compflexfity. It fis noteworthy that the
proposed factorfized attentfion foflflowfing [1] fis not a dfirect
approxfimatfion of the scafled dot-product attentfion, but fit
can stfiflfl be regarded as a generaflfized attentfion mechanfism
modeflfing the feature finteractfions usfing query, key and vaflue
vectors.

4.2. Convoflutfion as Posfitfion Encodfing

Our factorfized attentfion modufle mfitfigates the compu-
tatfionafl burden from the orfigfinafl scafled dot-product atten-
tfion. However, because we computeL=softmax(K)V∈
RC×Cfirst,Lcan be seen as a gflobafl data-dependent flfinear
transformatfion for every feature vector fin the query mapQ.
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Ffigure 3.CoaT modefl archfitecture.(Left) The overaflfl network archfitecture ofCoaT-Lfite. CoaT-Lfite consfists of serfiafl bflocks onfly, where
fimage features are down-sampfled and processed fin a sequentfiafl order. (Rfight) The overaflfl network archfitecture ofCoaT. CoaT consfists of
serfiafl bflocks and paraflflefl bflocks. Both bflocks enabfle the co-scafle mechanfism.

Thfis findficates that fif we have two query vectorsq1,q2∈R
C

fromQandq1=q2, then thefir correspondfing seflf-attentfion
outputs wfiflfl be the same:

FactorAtt(X)1=
q1√
C
L=

q2√
C
L=FactorAtt(X)2 (4)

Wfithout the posfitfion encodfing, the Transformer fis onfly com-
posed of flfinear flayers and seflf-attentfion modufles. Thus, the
output of a token fis dependent on the correspondfing finput
wfithout awareness of any dfifference fin fits flocaflfly nearby
features. Thfis property fis unfavorabfle for vfisfion tasks such
as semantfic segmentatfion (e.g. the same bflue patches fin the
sky and the sea are segmented as the same category).

Convoflutfionafl Reflatfive Posfitfion Encodfing. To enabfle vfi-
sfion tasks, VfiT and DefiT [9,30] finsert absoflute posfitfion
embeddfings finto the finput, whfich may have flfimfitatfions
fin modeflfing reflatfions between flocafl tokens. Instead, fofl-
flowfing [24], we can fintegrate a reflatfive posfitfion encodfing
P={pfi∈R

C,fi=−M−12 , ...,
M−1
2 }wfith wfindow sfize

M to obtafin the reflatfive attentfion mapEV∈RN×C; fin at-
tentfion formuflatfion, fif tokens are regarded as a 1-D sequence:

ReflFactorAtt(X)=
Q
√
C
softmax(K)V +EV (5)

where the encodfing matrfixE∈RN×N has eflements:

Efij=1(fi, j)qfi·pj−fi,1≤fi, j≤N (6)

fin whfich1(fi, j)=1{|j−fi|≤(M−1)/2}(fi, j)fis an findficator
functfion. Each eflementEfijrepresents the reflatfion from
queryqfito the vafluevjwfithfin wfindowM, and(EV)fi
aggregates aflfl reflated vaflue vectors wfith respect to query
qfi. Unfortunatefly, theEVterm stfiflfl requfiresO(N

2)space

compflexfity andO(N2C)tfime compflexfity. In CoaT, we
propose to sfimpflfify theEVterm toÊVby consfiderfing each
channefl fin the query, posfitfion encodfing and vaflue vectors as
finternafl heads. Thus, for each finternafl headfl,wehave:

E
(fl)
fij=1(fi, j)q

(fl)
fi p

(fl)
j−fi,ÊV

(fl)

fi = jE
(fl)
fijv

(fl)
j (7)

In practfice, we can use a 1-D depthwfise convoflutfion to
computeÊV:

ÊV
(fl)
=Q(fl)◦Conv1D(P(fl),V(fl)), (8)

ÊV=Q◦DepthwfiseConv1D(P, V) (9)

where◦fis the Hadamard product. It fis noteworthy that
fin vfisfion Transformers, we have two types of tokens, the
cflass (CLS) token and fimage tokens. Thus, we use a 2-D
depthwfise convoflutfion (wfith wfindow sfizeM×Mand kernefl
wefightsP) and appfly fit onfly to the reshaped fimage tokens
(fi.e.Qfimg,Vfimg∈RH×W×CfromQ, Vrespectfivefly):

ÊV
fimg
=Qfimg◦DepthwfiseConv2D(P, Vfimg)(10)

ÊV=concat(ÊV
fimg
,0) (11)

ConvAtt(X)=
Q
√
C
softmax(K)V +ÊV (12)

Based on our derfivatfion, the depthwfise convoflutfion can be
seen as a specfiafl case of reflatfive posfitfion encodfing.
Convoflutfionafl Reflatfive Posfitfion Encodfing vs Other Reflatfive
Posfitfion Encodfings.The commonfly referenced reflatfive po-
sfitfion encodfing [24] works fin standard scafled dot-product
attentfion settfings sfince the encodfing matrfixEfis combfined
wfith the softmax flogfits fin the attentfion maps, whfich are
not materfiaflfized fin our factorfized attentfion. Reflated to our
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Ffigure 4.Schematfic fiflflustratfion of the serfiafl bflock fin CoaT.In-
put feature maps are first down-sampfled by a patch embeddfing
flayer, and then tokenfized features (aflong wfith a cflass token) are
processed by mufltfipfle conv-attentfion and feed-forward flayers.

work, the mafin resuflts of the orfigfinafl LambdaNets [1] use
a 3-D convoflutfion to computeEVdfirectfly and reduce the
channefls of querfies and keys toCK whereCK <C,but
fit costsO(NCCK)space compflexfity andO(NCCKM

2)
tfime compflexfity, whfich fleads to reflatfivefly heavy compu-
tatfion when channefl sfizesCK,Care flarge. A recent up-
date fin LambdaNets [1] provfides an efficfient varfiant wfith
depth-wfise convoflutfion under resource constrafined scenarfios.
Our factorfized attentfion computesÊVwfith onflyO(NC)
space compflexfity andO(NCM2)tfime compflexfity, afimfing
to achfieve better efficfiency.

Convoflutfionafl Posfitfion Encodfing. We then extend the
fidea of convoflutfionafl reflatfive posfitfion encodfing to a generafl
convoflutfionafl posfitfion encodfing case. Convoflutfionafl reflatfive
posfitfion encodfing modefls flocafl posfitfion-based reflatfionshfips
between querfies and vaflues. Sfimfiflar to the absoflute posfi-
tfion encodfing used fin most fimage Transformers [9,30], we
woufld flfike to finsert the posfitfion reflatfionshfip finto the finput
fimage features dfirectfly to enrfich the effects of reflatfive posfi-
tfion encodfing. In each conv-attentfionafl modufle, we finsert
a depthwfise convoflutfion finto the finput featuresXand con-
catenate the resufltfing posfitfion-aware features back to the
finput features foflflowfing the standard absoflute posfitfion en-
codfing scheme (see Ffigure 2 flower part), whfich resembfles
the reaflfizatfion of condfitfionafl posfitfion encodfing fin CPVT [6].

CoaT and CoaT-Lfite share the convoflutfionafl posfitfion en-
codfing wefights and convoflutfionafl reflatfive posfitfion encodfing
wefights for the serfiafl and paraflflefl modufles wfithfin the same
scafle. We set convoflutfion kernefl sfize to 3 for the convoflu-
tfionafl posfitfion encodfing. We set convoflutfion kernefl sfize to
3, 5 and 7 for fimage features from dfifferent attentfion heads
for convoflutfionafl reflatfive posfitfion encodfing.

The work of CPVT [6] expflores the use of convoflutfion
as condfitfionafl posfitfion encodfings by finsertfing fit after the
feed-forward network under a sfingfle scafle (H16×

W
16). Our

work focuses on appflyfing convoflutfion as reflatfive posfitfion
encodfing and a generafl posfitfion encodfing wfith the factorfized
attentfion.

Conv-Attentfionafl Mechanfism The finafl conv-attentfionafl
modufle fis shown fin Ffigure 2: We appfly the first convo-
flutfionafl posfitfion encodfing on the fimage tokens from the
finput. Then, we feed fit fintoConvAtt(·)fincfludfing factorfized
attentfion and the convoflutfionafl reflatfive posfitfion encodfing.
The resufltfing map fis used for the subsequent feed-forward
networks.

5. Co-Scafle Conv-Attentfionafl Transformers

5.1. Co-Scafle Mechanfism

The proposed co-scafle mechanfism fis desfigned to fintro-
duce fine-to-coarse, coarse-to-fine and cross-scafle finforma-
tfion finto fimage transformers. Here, we descrfibe two types of
bufifldfing bflocks fin the CoaT archfitecture, namefly serfiafl and
paraflflefl bflocks, fin order to modefl mufltfipfle scafles and enabfle
the co-scafle mechanfism.

CoaT Serfiafl Bflock. A serfiafl bflock (shown fin Ffigure 4)
modefls fimage representatfions fin a reduced resoflutfion. In a
typficafl serfiafl bflock, we first down-sampfle finput feature maps
by a certafin ratfio usfing a patch embeddfing flayer, and flatten
the reduced feature maps finto a sequence of fimage tokens.
We then concatenate fimage tokens wfith an addfitfionaflCLS
token, a specfiaflfized vector to perform fimage cflassfificatfion,
and appfly mufltfipfle conv-attentfionafl modufles as descrfibed fin
Sectfion 4 to flearn finternafl reflatfionshfips among fimage tokens
and theCLStoken. Ffinaflfly, we separate theCLStoken from
the fimage tokens and reshape the fimage tokens to 2-D feature
maps for the next serfiafl bflock.

CoaT Paraflflefl Bflock. We reaflfize a co-scafle mechanfism
between paraflflefl bflocks fin each paraflflefl group (shown fin
Ffigure 5). In a typficafl paraflflefl group, we have sequences
of finput features (fimage tokens andCLStoken) from serfiafl
bflocks wfith dfifferent scafles. To enabfle fine-to-coarse, coarse-
to-fine, and cross-scafle finteractfion fin the paraflflefl group, we
deveflop two strategfies: (1) dfirect cross-flayer attentfion; (2)
attentfion wfith feature finterpoflatfion. In thfis paper, we adopt
attentfion wfith feature finterpoflatfion for better empfirficafl per-
formance. The effectfiveness of both strategfies fis shown fin
Sectfion 6.4.
Dfirect cross-flayer attentfion.In dfirect cross-flayer attentfion,
we form query, key, and vaflue vectors from finput features
for each scafle. For attentfion wfithfin the same flayer, we use
the conv-attentfion (Ffigure 2) wfith the query, key and vaflue
vectors from current scafle. For attentfion across dfifferent
flayers, we down-sampfle or up-sampfle the key and vaflue
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Ffigure5.SchematficfiflflustratfionoftheparaflfleflgroupfinCoaT.For“w/oCo-Scafle”,tokensflearnedatthefindfivfiduaflscaflesarecombfined
toperformthecflassfificatfionbutabsentfintermedfiateco-scaflefinteractfionforthefindfivfiduaflpathsoftheparaflfleflbflocks.Weproposetwo
co-scaflevarfiants,nameflydfirectcross-flayerattentfionandattentfionwfithfeaturefinterpoflatfion.Co-scaflewfithfeaturefinterpoflatfionfisadopted
finthefinaflCoaT-LfiteandCoaTmodeflsreportedontheImageNetbenchmark.

Tabfle1.ArchfitecturedetafiflsofCoaT-LfiteandCoaTmodefls.Cfirepresentsthehfiddendfimensfionoftheattentfionflayersfinbflockfi;Hfi
representsthenumberofattentfionheadsfintheattentfionflayersfinbflockfi;Rfirepresentstheexpansfionratfioforthefeed-forwardhfidden
flayerdfimensfionbetweenattentfionflayersfinbflockfi.Mufltfipflfiersfindficatethenumberofconv-attentfionaflmoduflesfinbflockfi.

Bflocks Output
CoaT-Lfite CoaT

Tfiny Mfinfi Smaflfl Medfium Tfiny Mfinfi Smaflfl

SerfiaflBflock
(S1)

56×56




C1=64
H1=8
R1=8



×2




C1=64
H1=8
R1=8



×2




C1=64
H1=8
R1=8



×3




C1=128
H1=8
R1=4



×3




C1=152
H1=8
R1=4



×2




C1=152
H1=8
R1=4



×2




C1=152
H1=8
R1=4



×2

SerfiaflBflock
(S2)

28×28




C2=128
H2=8
R2=8



×2




C2=128
H2=8
R2=8



×2




C2=128
H2=8
R2=8



×4




C1=256
H1=8
R1=4



×6




C2=152
H2=8
R2=4



×2




C2=216
H2=8
R2=4



×2




C1=320
H1=8
R1=4



×2

SerfiaflBflock
(S3)

14×14




C3=256
H3=8
R3=4



×2




C3=320
H3=8
R3=4



×2




C3=320
H3=8
R3=4



×6




C1=320
H1=8
R1=4



×10




C3=152
H3=8
R3=4



×2




C3=216
H3=8
R3=4



×2




C1=320
H1=8
R1=4



×2

SerfiaflBflock
(S4)

7×7




C4=320
H4=8
R4=4



×2




C4=512
H4=8
R4=4



×2




C4=512
H4=8
R4=4



×3




C1=512
H1=8
R1=4



×8




C4=152
H4=8
R4=4



×2




C4=216
H4=8
R4=4



×2




C1=320
H1=8
R1=4



×2

ParaflfleflGroup




28×28
14×14
7×7








C4=152
H4=8
R4=4



×6




C4=216
H4=8
R4=4



×6




C1=320
H1=8
R1=4



×6

#Params 5.7M 11M 20M 45M 5.5M 10M 22M

vectorstomatchtheresoflutfionofotherscafles,whfichen-
abflesfine-to-coarseandcoarse-to-finefinteractfion.Wethen
performcross-attentfion,whfichextendstheconv-attentfion
wfithquerfiesfromthecurrentscaflewfithkeysandvaflues
fromanotherscafle.Ffinaflfly,wesumtheoutputsofconv-
attentfionandcross-attentfiontogetherandappflyashared
feed-forwardflayer. Wfithdfirectcross-flayerattentfion,the
cross-scaflefinformatfionfisfusedfinacross-attentfionfashfion.

Attentfionwfithfeaturefinterpoflatfion.Insteadofperformfing
cross-flayerattentfiondfirectfly,weaflsopresentattentfionwfith
featurefinterpoflatfion.Ffirst,thefinputfimagefeaturesfrom
dfifferentscaflesareprocessedbyfindependentconv-attentfion
modufles.Then,wedown-sampfleorup-sampflefimagefea-
turesfromeachscafletomatchthedfimensfionsofotherscafles
usfingbfiflfinearfinterpoflatfion,orkeepthesameforfitsown
scafle.Thefeaturesbeflongfingtothesamescaflearesummed
fintheparaflfleflgroup,andtheyarefurtherpassedfintoashared
feed-forwardflayer.Inthfisway,theconv-attentfionaflmodufle
finthenextstepcanflearncross-scaflefinformatfionbasedon

thefeaturefinterpoflatfionfinthecurrentstep.

5.2.ModeflArchfitecture

CoaT-Lfite. CoaT-Lfite,Ffigure3(Left),processesfinputfim-
ageswfithaserfiesofserfiaflbflocksfoflflowfingafine-to-coarse
pyramfidstructure.GfivenanfinputfimageI∈RH×W×C,
eachserfiaflbflockdown-sampflesthefimagefeaturesfintoflower
resoflutfion,resufltfingfinasequenceoffourresoflutfions:F1∈
R
H
4×

W
4×C1,F2∈R

H
8×

W
8×C2,F3∈R

H
16×

W
16×C3,F4∈

R
H
32×

W
32×C4.InCoaT-Lfite,weobtafintheCLStokenfinthe

flastserfiaflbflock,andperformfimagecflassfificatfionvfiaaflfinear
projectfionflayerbasedontheCLStoken.

CoaT. OurCoaTmodefl,shownfinFfigure3(Rfight),con-
sfistsofbothserfiaflandparaflfleflbflocks. Onceweobtafin
mufltfi-scaflefeaturemaps{F1,F2,F3,F4}fromtheserfiafl
bflocks,wepassF2,F3,F4andcorrespondfingCLStokens
fintotheparaflfleflgroupwfiththreeseparateparaflfleflbflocks.
ToperformcflassfificatfionwfithCoaT,weaggregatethe
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Tabfle2. CoaTperformanceonImageNet-1Kvaflfidatfionset.
OurCoaTmodeflsconsfistentflyoutperformothermethodswhfifle
befingparameterefficfient. ConvNetsandVfiTNetswfithsfimfiflar
modeflsfizearegroupedtogetherforcomparfison.“#GFLOPs”and
Top-1Accaremeasuredatfinputfimagesfize.“*”resufltsareadopted
from[33].

Arch. Modefl #Params Input #GFLOPs Top-1Acc.

ConvNets EfficfientNet-B0[29] 5.3M 2242 0.4 77.1%
ShuffleNet[43] 5.4M 2242 0.5 73.7%

VfiTNets DefiT-Tfiny[30] 5.7M 2242 1.3 72.2%
CPVT-Tfiny[6] 5.7M 2242 - 73.4%
CoaT-LfiteTfiny(Ours) 5.7M 2242 1.6 77.5%
CoaTTfiny(Ours) 5.5M 2242 4.4 78.3%

ConvNets EfficfientNet-B2[29] 9M 2602 1.0 80.1%
ResNet-18∗[11] 12M 2242 1.8 69.8%

VfiTNets PVT-Tfiny[33] 13M 2242 1.9 75.1%
CoaT-LfiteMfinfi(Ours) 11M 2242 2.0 79.1%
CoaTMfinfi(Ours) 10M 2242 6.8 81.0%

ConvNets EfficfientNet-B4[29] 19M 3802 4.2 82.9%
ResNet-50∗[11] 25M 2242 4.1 78.5%
ResNeXt50-32x4d*[36] 25M 2242 4.3 79.5%

VfiTNets DefiT-Smaflfl[30] 22M 2242 4.6 79.8%
PVT-Smaflfl[33] 24M 2242 3.8 79.8%
CPVT-Smaflfl[6] 22M 2242 - 80.5%
T2T-VfiTt-14[40] 22M 2242 6.1 81.7%
Swfin-T[17] 29M 2242 4.5 81.3%
CoaT-LfiteSmaflfl(Ours) 20M 2242 4.0 81.9%
CoaTSmaflfl(Ours) 22M 2242 12.6 82.1%

ConvNets EfficfientNet-B6[29] 43M 5282 19 84.0%
ResNet-101∗[11] 45M 2242 7.9 79.8%
ResNeXt101-64x4d∗[36] 84M 2242 15.6 81.5%

VfiTNets PVT-Large[33] 61M 2242 9.8 81.7%
T2T-VfiTt-24[40] 64M 2242 15 82.6%
DefiT-Base[30] 86M 2242 17.6 81.8%
CPVT-Base[6] 86M 2242 - 82.3%
Swfin-B[17] 88M 2242 15.4 83.5%
Swfin-B[17] 88M 3842 47 84.5%
CoaT-LfiteMedfium(Ours) 45M 2242 9.8 83.6%
CoaT-LfiteMedfium(Ours) 45M 3842 28.7 84.5%

tokensfromaflflthreescafles.

ModeflVarfiants. Inthfispaper,weexpfloreCoaTandCoaT-
Lfitewfithseverafldfifferentmodeflsfizes,nameflyTfiny,Mfinfi,
SmaflflandMedfium.ArchfitecturedetafiflsareshownfinTa-
bfle1.Forexampfle,tfinymodeflsrepresentthosewfitha5M
parameterbudgetconstrafint.Specfificaflfly,thesetfinymod-
eflshavefourserfiaflbflocks,eachwfithtwoconv-attentfionafl
modufles.InCoaT-LfiteTfinyarchfitectures,thehfiddendfimen-
sfionsoftheattentfionflayersfincreasefinflaterbflocks.CoaT
Tfinysetsthehfiddendfimensfionsoftheattentfionflayersfin
theparaflfleflgrouptobeequafl,andperformstheco-scafle
mechanfismwfithfinthesfixparaflfleflgroups.Mfinfi,smaflfland
medfiummodeflsfoflflowthesamearchfitecturedesfignbutwfith
fincreasedembeddfingdfimensfionsandfincreasednumbersof
conv-attentfionaflmodufleswfithfinbflocks.

6.Experfiments

6.1.ExperfimentDetafifls

ImageCflassfificatfion. Weperformfimagecflassfificatfionon
thestandardILSVRC-2012ImageNetdataset[23].Thestan-
dardImageNetbenchmarkcontafins1.3mfiflflfionfimagesfin
thetrafinfingsetand50Kfimagesfinthevaflfidatfionset,cov-

Tabfle3.Objectdetectfionandfinstancesegmentatfionresuflts
basedon MaskR-CNNonCOCOvafl2017.Experfimentsare
performedundertheMMDetectfionframework[4].“*”resufltsare
adoptedfromDetectron2.

Backbone
#Params
(M)

w/FPN1× w/FPN3×
APb APm APb APm

ResNet-18* 31.3 34.2 31.3 36.3 33.2
PVT-Tfiny[33] 32.9 36.7 35.1 39.8 37.4
CoaT-LfiteMfinfi(Ours) 30.7 41.4 38.0 42.9 38.9
CoaTMfinfi(Ours) 30.2 45.1 40.6 46.5 41.8
ResNet-50* 44.3 38.6 35.2 41.0 37.2
PVT-Smaflfl[33] 44.1 40.4 37.8 43.0 39.9
Swfin-T[17] 47.8 43.7 39.8 46.0 41.6
CoaT-LfiteSmaflfl(Ours) 39.5 45.2 40.7 45.7 41.1
CoaTSmaflfl(Ours) 41.6 46.5 41.8 49.0 43.7

Tabfle4.Objectdetectfionandfinstancesegmentatfionresuflts
basedonCascade MaskR-CNNonCOCOvafl2017.Experfi-
mentsareperformedusfingtheMMDetectfionframework[4].

Backbone
#Params
(M)

w/FPN1× w/FPN3×
APb APm APb APm

Swfin-T[17] 85.6 48.1 41.7 50.4 43.7
CoaT-LfiteSmaflfl(Ours) 77.3 49.1 42.5 48.9 42.6
CoaTSmaflfl(Ours) 79.4 50.4 43.5 52.2 45.1

Tabfle5.ObjectdetectfionresufltsbasedonDeformabfleDETR
onCOCOvafl2017.DDResNet-50representsthebaseflfineresuflt
usfingtheofficfiaflcheckpofint.ResNet-50andourCoaT-LfiteasDD
backbonesaredfirectflycomparabfleduetosfimfiflarmodeflsfize.

Backbone
DeformabfleDETR(Mufltfi-Scafle)

AP AP50 AP75 APS APM APL

DDResNet-50[46] 44.5 63.7 48.7 26.8 47.6 59.6
DDCoaT-LfiteSmaflfl(Ours) 47.0 66.5 51.2 28.8 50.3 63.3
DDCoaTSmaflfl(Ours) 48.4 68.5 52.4 30.2 51.8 63.8

erfing1000objectcflasses.Imagecroppfingsfizesaresetto
224×224.Forfafircomparfison,weperformdataaugmen-
tatfionsuchasMfixUp[42],CutMfix[41],randomerasfing
[45],repeatedaugmentatfion[12],andflabeflsmoothfing[28],
foflflowfingfidentficaflproceduresfinDefiT[30].

AflflexperfimentaflresufltsforourmodeflsfinTabfle2arere-
portedat300epochs,consfistentwfithprevfiousmethods[30].
AflflmodeflsaretrafinedwfiththeAdamW[18]optfimfizerunder
theNVIDIAAutomatficMfixedPrecfisfion(AMP)framework.
Theflearnfingratefisscafledas5×10−4×gflobaflbatchsfize512 .

ObjectDetectfionandInstanceSegmentatfion. Wecon-
ductobjectdetectfionandfinstancesegmentatfionexperfiments
ontheCommonObjectsfinContext(COCO2017)dataset
[16].TheCOCO2017benchmarkcontafins118Ktrafinfing
fimagesand5Kvaflfidatfionfimages. Weevafluatethegener-
aflfizatfionabfiflfityofCoaTfinobjectdetectfionandfinstance
segmentatfionwfiththeMaskR-CNN[10]andCascadeMask
R-CNN[2]. WeusetheMMDetectfion[4]frameworkand
foflflowthesettfingsfromSwfinTransformers[17].Inaddfitfion,
weperformobjectdetectfionbasedonDeformabfleDETR
[46]foflflowfingfitsdataprocessfingsettfings.

ForMaskR-CNNoptfimfizatfion,wetrafinthemodeflwfith
theImageNet-pretrafinedbackboneon8GPUsvfiaAdamW
optfimfizerwfithflearnfingrate0.0001.Thetrafinfingperfiod
contafins12epochsfin1×settfingand36epochsfin3×
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ForCascadeR-CNNexperfiments,weusethreedetectfion
heads,wfiththesameoptfimfizatfionandtrafinfingperfiodas
MaskR-CNN.ForDeformabfleDETRoptfimfizatfion,wetrafin
themodeflwfiththepretrafinedbackbonefor50epochs,usfing
anAdamWoptfimfizerwfithfinfitfiaflflearnfingrate2×10−4,
β1=0.9,andβ2=0.999.Wereducetheflearnfingratebya
factorof10atepoch40.

6.2.CoaTforImageNetCflassfificatfion

Tabfle2showstop-1accuracyresufltsforourmodeflson
theImageNetvaflfidatfionsetcomparfingwfithstate-of-the-art
methods. Weseparatemodeflarchfitecturesfintotwocate-
gorfies:convoflutfionaflnetworks(ConvNets),andTransform-
ers(VfiTNets).Underdfifferentparameterbudgetconstrafints,
CoaTandCoaT-Lfiteshowstrongresufltscomparedtoother
ConvNetandVfiTNetmethods.

6.3.ObjectDetectfionandInstanceSegmentatfion

Tabfles3and4demonstrateCoaTobjectdetectfionand
finstancesegmentatfionresufltsundertheMaskR-CNNand
CascadeMaskR-CNNframeworksontheCOCOvafl2017
dataset.OurCoaTandCoaT-Lfitemodeflsshowcflearperfor-
manceadvantagesovertheResNet,PVT[33]andSwfin[17]
backbonesunderboththe1×settfingandthe3×settfing.In
partficuflar,ourCoaTmodeflsbrfingaflargeperformancegafin,
demonstratfingthatourco-scaflemechanfismfisessentfiaflto
fimprovetheperformanceofTransformer-basedarchfitectures
fordownstreamtasks.
WeaddfitfionaflflyperformobjectdetectfionwfiththeDe-

formabfleDETR(DD)frameworkfinTabfle5.Wecompare
ourmodeflswfiththestandardResNet-50backboneonthe
COCOdataset[16]. OurCoaTbackboneachfieves3.9%
fimprovementonaverageprecfisfion(AP)overtheresufltsof
DeformabfleDETRwfithResNet-50[46].

6.4.AbflatfionStudy

EffectfivenessofPosfitfionEncodfings. Westudytheeffec-
tfivenessofthecombfinatfionoftheconvoflutfionaflreflatfive
posfitfionencodfing(CRPE)andconvoflutfionaflposfitfionen-
codfing(CPE)finourconv-attentfionmoduflefinTabfle6.Our
CoaT-Lfitewfithoutanyposfitfionencodfingresufltsfinpoor
performance,findficatfingthatposfitfionencodfingfisessentfiafl
forvfisfionTransformers. Weobservegreatfimprovement
forCoaT-LfitevarfiantswfithefitherCRPEorCPE,andthe
combfinatfionofCRPEandCPEfleadstothebestperfor-
mance(77.5%top-1accuracy),makfingbothposfitfionencod-
fingschemescompflementaryratherthanconflfictfing.

EffectfivenessofCo-Scafle. InTabfle7,wepresentperfor-
manceresufltsfortwoco-scaflevarfiantsfinCoaT,dfirectcross-
flayerattentfionandattentfionwfithfeaturefinterpoflatfion.We
aflsoreportCoaTwfithoutco-scafleasabaseflfine.Comparfing
toCoaTwfithoutaco-scaflemechanfism,CoaTwfithfeature

Tabfle6. Effectfivenessofposfitfionencodfings.Aflflexperfiments
areperformedwfiththeCoaT-LfiteTfinyarchfitecture.Performance
fisevafluatedontheImageNet-1Kvaflfidatfionset.

Modefl CPE CRPE Top-1Acc.

CoaT-LfiteTfiny ✗ ✗ 68.8%
✗ ✓ 75.0%
✓ ✗ 75.9%
✓ ✓ 77.5%

finterpoflatfionshowsperformancefimprovementsonbothfim-
agecflassfificatfionandobjectdetectfion(MaskR-CNNw/
FPN1×).Attentfionwfithfeaturefinterpoflatfionoffersacflear
advantageoverdfirectcross-flayerattentfionduetoflesscom-
putatfionaflcompflexfityandhfigheraccuracy.

Tabfle7.Effectfivenessofco-scafle.Aflflexperfimentsareperformed
wfiththeCoaTTfinyarchfitecture.Performancefisevafluatedonthe
ImageNet-1KvaflfidatfionsetandtheCOCOvafl2017dataset.

Modefl #Params Input #GFLOPs Top-1Acc.@finput APb APm

CoaTw/oCo-Scafle 5.5M 2242 4.4 77.8% 41.6 37.9
CoaTw/Co-Scafle
-DfirectCross-LayerAttentfion 5.5M 2242 4.8 77.0% 42.1 38.3
-Attentfionw/FeatureInterp. 5.5M 2242 4.4 78.3% 42.5 38.6

ComputatfionaflCost. WereportFLOPs,FPS,flatency,
andGPUmemoryusagefinTabfle8.Insummary,CoaT
modeflsattafinhfigheraccuracythansfimfiflar-sfizedSwfinTrans-
formers,butCoaTmodeflsfingenerafldohaveflargerfla-
tency/FLOPs.ThecurrentparaflfleflgroupsfinCoaTaremore
computatfionaflflydemandfing,whfichcanbemfitfigatedbyre-
ducfinghfigh-resoflutfionparaflfleflbflocksandre-usfingthefir
featuremapsfintheco-scaflemechanfismfinfuturework.The
flatencyoverheadfinCoaTfispossfibflybecauseoperatfions(e.g.
flayers,posfitfionencodfings,upsampfles/downsampfles)arenot
runnfingfinparaflflefl.

Tabfle8.ImageNet-1Kvaflfidatfionsetresufltscomparedwfiththeconcurrentwork
SwfinTransformer[17].ComputatfionaflmetrficsaremeasuredonasfingfleV100GPU.

Modefl #Params Input GFLOPs FPS Latency Mem Top-1Acc. Top-5Acc.

Swfin-T[17] 28M 2242 4.5 755 16ms 222M 81.2% 95.5%
CoaT-LfiteSmaflfl(Ours) 20M 2242 4.0 634 32ms 224M 81.9% 95.6%
CoaTSmaflfl(Ours) 22M 2242 12.6 111 60ms 371M 82.1% 96.1%

Swfin-S[17] 50M 2242 8.7 437 29ms 372M 83.2% 96.2%
Swfin-B[17] 88M 2242 15.4 278 30ms 579M 83.5% 96.5%
CoaT-LfiteMedfium(Ours) 45M 2242 9.8 319 52ms 429M 83.6% 96.7%

Swfin-B[17] 88M 3842 47.1 85 33ms 1250M 84.5% 97.0%
CoaT-LfiteMedfium(Ours) 45M 3842 28.7 97 56ms 937M 84.5% 97.1%

7.Concflusfion
Inthfispaper,wepresentaTransformerbasedfimagecflas-

sfifier,Co-scafleconv-attentfionaflfimageTransformer(CoaT),
finwhfichcross-scafleattentfionandefficfientconv-attentfion
operatfionshavebeendevefloped.CoaTmodeflsattafinstrong
cflassfificatfionresufltsonImageNet,andthefirappflficabfiflfityto
downstreamcomputervfisfiontaskshasbeendemonstrated
forobjectdetectfionandfinstancesegmentatfion.
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