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Abstract

WepresentMixNMatch,aconditionalgenerativemodel
thatlearnstodisentangleandencodebackground,ob-
jectpose,shape,andtexturefromrealimageswithmini-
malsupervision,formix-and-matchimagegeneration.We
builduponFineGAN,anunconditionalgenerativemodel,
tolearnthedesireddisentanglementandimagegenera-
tor,andleverageadversarialjointimage-codedistribu-
tionmatchingtolearnthelatentfactorencoders. MixN-
Matchrequiresboundingboxesduringtrainingtomodel
background,butrequiresnoothersupervision. Through
extensiveexperiments,wedemonstrateMixNMatch’sabil-
itytoaccuratelydisentangle,encode,andcombinemulti-
plefactorsformix-and-matchimagegeneration,including
sketch2color,cartoon2img,andimg2gifapplications.Our
code/models/democanbefoundathttps://github.
com/Yuheng-Li/MixNMatch

1.Introduction

ConsidertherealimageoftheyellowbirdinFigure1in
the1stcolumn.Whatwouldthebirdlooklikeinadifferent
background,saythatoftheduck?Howaboutinadifferent
texture,perhapsthatoftherainbowtexturedbirdinthe2nd
column?Whatifwewantedtokeepitstexture,butchange
itsshapetothatoftherainbowbird,andbackgroundand
posetothatoftheduck,asinthe3rdcolumn?Howabout
samplingshape,pose,texture,andbackgroundfromfour
differentreferenceimagesandcombiningthemtocreatean
entirelynewimage(lastcolumn)?

Problem. Whileresearchinconditionalimagegenera-
tionhasmadetremendousprogress[17,49,30],noexist-
ingworkcansimultaneouslydisentanglebackground,ob-
jectpose,objectshape,andobjecttexturewithminimalsu-
pervision,sothatthesefactorscanbecombinedfrommul-
tiplerealimages
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forfine-grainedcontrollableimagegen-
eration.Learningdisentangledrepresentationswithmini-
malsupervisionisanextremelychallengingproblem,since
theunderlyingfactorsthatgiverisetothedataareoften
highlycorrelatedandintertwined. Workthatdisentangle

Figure1: Conditional mix-and-matchimagegenera-
tion.Ourmodel,MixNMatch,candisentangleanden-
codeuptofourfactors—background,objectpose,shape,
andtexture—fromrealreferenceimages,andcanarbitrar-
ilycombinethemtogeneratenewimages.Theonlysuper-
visionusedtotrainourmodelisboundingboxannotations
tomodelbackground.

twosuchfactors,bytakingasinputtworeferenceimages
e.g.,oneforappearanceandtheotherforpose,doex-
ist[16,18,23,26,40].Buttheycannotdisentangleother
factorssuchasforegroundvs.backgroundappearanceor
posevs.shape.Sinceonlytwofactorscanbecontrolled,
theseapproachescannotarbitrarilychange,forexample,
theobject’sbackground,shape,andtexture,whilekeep-
ingitsposethesame.Othersrequirestrongsupervisionin
theformofkeypoint/pose/maskannotations[31,1,27,9],
whichlimitstheirscalability,andstillfallshortofdisentan-
glingallofthefourfactorsoutlinedabove.

Ourproposedconditionalgenerative model, MixN-
Match,aimstofillthisvoid. MixNMatchlearnstodisen-
tangleandencodebackground,objectpose,shape,andtex-
turelatentfactorsfromrealimages,andimportantly,does
sowithminimalhumansupervision.Thisallows,forex-
ample,eachfactortobeextractedfromadifferentrealim-



age,andthencombinedtogetherformix-and-matchimage
generation;seeFig.1. Duringtraining,MixNMatchonly
requiresalooseboundingboxaroundtheobjecttomodel
background,butrequiresnoothersupervisionformodeling
theobject’spose,shape,andtexture.

Mainidea. Ourgoalofmix-and-matchimagegeneration
i.e.,generatingasinglesyntheticimagethatcombinesdif-
ferentfactorsfrommultiplerealreferenceimages,requires
aframeworkthatcansimultaneouslylearn(1)anencoder
thatencodeslatentfactorsfromrealimagesintoadisentan-
gledlatentcodespace,and(2)ageneratorthattakeslatent
factorsfromthedisentangledcodespaceforimagegen-
eration.Tolearnthegeneratorandthedisentangledcode
space,webuilduponFineGAN[36],agenerativemodel
thatlearnstohierarchicallydisentanglebackground,object
pose,shape,andtexturewithminimalsupervisionusingin-
formationtheory.However,FineGANisconditionedonly
onsampledlatentcodes,andcannotbedirectlyconditioned
onrealimagesforimagegeneration. Wethereforeneeda
waytoextractlatentcodesthatcontrolbackground,object
pose,shape,andtexturefromrealimages,whilepreserving
FineGAN’shierarchicaldisentanglementproperties.Aswe
showintheexperiments,anaiveextensionofFineGANin
whichanencoderistrainedtomapafakeimageintothe
codesthatgenerateditisinsufficienttoachievedisentan-
glementinrealimagesduetothedomaingapbetweenreal
andfakeimages.

Tosimultaneouslyachievetheabovedualgoals,wein-
steadperformadversariallearning,wherebythejointdistri-
butionofrealimagesandtheirextractedlatentcodesfrom
theencoder,andthejointdistributionofsampledlatent
codesandcorrespondinggeneratedimagesfromthegener-
ator,arelearnedtobeindistinguishable,similartoALI[8]
andBiGAN[6].Byenforcingmatchingjointimage-code
distributions,theencoderlearnstoproducelatentcodesthat
matchthedistributionofsampledcodeswiththedesired
disentanglementproperties,whilethegeneratorlearnsto
producerealisticimages.Tofurtherencodeareferenceim-
age’sshapeandposefactorswithhighfidelity,weaugment
MixNMatchwithafeaturemodeinwhichhigherdimen-
sionalfeaturesoftheimagethatpreservepixel-levelstruc-
ture(ratherthanlowdimensionalcodes)aremappedtothe
learneddisentangledfeaturespace.

Contributions. (1) WeintroduceMixNMatch,acondi-
tionalgenerativemodelthatlearnstodisentangleanden-
codebackground,objectpose,shape,andtexturefactors
fromrealimageswithminimalhumansupervision. This
givesMixNMatchfine-grainedcontrolinimagegeneration,
whereeachfactorcanbeuniquelycontrolled.MixNMatch
cantakeasinputeitherrealreferenceimages,sampledla-
tentcodes,oramixofboth.(2)Throughvariousqualitative
andquantitativeevaluations,wedemonstrateMixNMatch’s

abilitytoaccuratelydisentangle,encode,andcombinemul-
tiplefactorsformix-and-matchimagegeneration.Further-
more,weshowthatMixNMatch’slearneddisentangledrep-
resentationleadstostate-of-the-artfine-grainedobjectcate-
goryclusteringresultsofrealimages.(3)Wedemonstratea
numberofinterestingapplicationsofMixNMatchincluding
sketch2color,cartoon2img,andimg2gif.

2.Relatedwork

Conditionalimagegeneration hasvariousforms,in-
cludingmodelsconditionedonaclasslabel[29,28,3]
ortextinput[33,48,42,47]. Alotofworkfocuseson
image-to-imagetranslation,whereanimagefromonedo-
mainismappedontoanotherdomaine.g.,[17,49,30].
However,thesemethodstypicallylacktheabilitytoexplic-
itlydisentanglethefactorsofvariationinthedata.Those
thatdolearndisentangledrepresentationsfocusonspecific
categorieslikefaces/humans[37,31,2,32,1,27]orre-
quireclearlydefineddomains(e.g.,posevs.identityor
style/attributevs.content)[18,16,23,11,25,40].Incon-
trast,MixNMatchisnotspecifictoanyobjectcategory,and
doesnotrequireclearlydefineddomainsasitdisentangles
multiplefactorsofvariationwithinasingledomain(e.g.,
naturalimagesofbirds). Moreover,unlikemostunsuper-
visedmethodswhichcandisentangleonlytwofactorslike
shapeandappearance[24,35,26],MixNMatchcandisen-
tanglefour(background,objectshape,pose,andtexture).

Disentangledrepresentationlearning aimstodisentan-
gletheunderlyingfactorsthatgiverisetorealworld
data[4,44,41,24,35,38,15,19,26]. Mostunsupervised
methodsarelimitedtodisentanglingatmosttwofactors
likeshapeandtexture[24,35]. Othersrequirestrongsu-
pervisionintheformofedge/keypoint/maskannotationsor
detectors[31,1,27,9],orrelyonvideotoautomatically
acquireidentitylabels[5,18,40].Ourmostrelatedwork
isFineGAN[36],whichleveragesinformationtheory[4]
todisentanglebackground,objectpose,shape,andtexture
withminimalsupervision.However,itisconditionedonly
onsampledlatentcodes,andthuscannotperformimage
translation.Webuilduponthisworktoenableconditioning
onrealimages.Importantly,weshowthatanaiveextension
isinsufficienttoachievedisentanglementinrealimages.
Wealsoimprovethequalityofourmodel’simagegener-
ationstopreserveinstancespecificdetailsfromtherefer-
enceimages.SinceMixNMatchisdirectlyconditionedon
images,itslearnedrepresentationleadstobetterdisentan-
glementandfine-grainedclusteringofrealimages.

3.Approach

LetI={x1,...,xN}beanunlabeledimagecollection
ofasingleobjectcategory(e.g.,birds).Ourgoalistolearn
aconditionalgenerativemodel,MixNMatch,whichsimul-
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Figure2:MixNMatcharchitecture. (a)Fourdifferentencoders,oneforeachfactor,takearealimageasinputtopredict
thecodes.(b)FourdifferentlatentcodesaresampledandfedintotheFineGANgeneratortohierarchicallygenerateimages.
(c)Fourimage-codepairdiscriminatorsoptimizetheencodersandgenerator,tomatchtheirjointimage-codedistributions.

taneouslylearnsto(1)encodebackground,objectpose,
shape,andtexturefactorsassociatedwithimagesinIinto
adisentangledlatentcodespace(i.e.,whereeachfactoris
uniquelycontrolledbyacode),and(2)generatehighqual-
ityimagesmatchingthetruedatadistributionPdata(x)by
combininglatentfactorsfromthedisentangledcodespace.
WefirstbrieflyreviewFineGAN[36],fromwhichwe

baseourgenerator.Wethenexplainhowtotrainourmodel
todisentangleandencodebackground,objectpose,shape,
andtexturefromrealimages,sothatitcancombinedif-
ferentfactorsfromdifferentrealreferenceimagesformix-
and-matchimagegeneration.Lastly,weintroducehowto
augmentourmodeltopreserveobjectshapeandposeinfor-
mationfromareferenceimagewithhighfidelity(i.e.,atthe
pixel-level).

3.1.Background:FineGAN

FineGAN[36]takesasinputfourrandomlysampled
latentcodes(z,b,c,p)tohierarchicallygenerateanim-
ageinthreestages(seeFig.2(b)right):(1)abackground
stagewherethemodelonlygeneratesthebackground,con-
ditionedonlatentone-hotbackgroundcodeb;(2)apar-
entstagewherethemodelgeneratestheobject’sshapeand
pose,conditionedonlatentone-hotparentcodepaswell
ascontinuouscodez,andstitchesittotheexistingback-
groundimage;and(3)achildstagewherethemodelfills
intheobject’stexture,conditionedonlatentone-hotchild
codec.Inboththeparentandchildstages,FineGANauto-
maticallygeneratesmasks(withoutanymasksupervision)
tocapturetheappropriateshapeandtexturedetails.
Todisentanglethebackground,itreliesonobjectbound-

ingboxes(e.g.,acquiredthroughanobjectdetector).To
disentangletheremainingfactorsofvariationwithoutany
supervision,FineGANusesinformationtheory[4],andim-
posesconstraintsontherelationshipsbetweenthelatent
codes. Specifically,duringtraining,FineGAN(1)con-
strainsthesampledchildcodesintodisjointgroupssothat
eachgroupsharesthesameuniqueparentcode,and(2)en-
forcesthesampledbackgroundandchildcodesforeach
generatedimagetobethesame.Thefirstconstraintmod-
elsthefactthatsomeobjectinstancesfromthesamecat-

egoryshareacommonshapeeveniftheyhavedifferent
textures(e.g.,differentduckspecieswithdifferenttexture
detailssharethesameduckshape),andthesecondcon-
straintmodelsthefactthatbackgroundisoftencorrelated
withspecificobjecttypes(e.g.,duckstypicallyhavewater
asbackground).Ifwedonotfollowtheseconstraints,then
thegeneratorcouldgeneratee.g.aduckonatree(back-
groundcodebnotequaltotexturecodec)ore.g.aseag-
ullwithredtexture(texturecodecnottiedtoaspecific
shapecodep).Thenthediscriminatorwouldeasilyclas-
sifytheseimagesasfake,astheyrarelyexistinrealimages.
Asaresult,thedesireddisentanglementwillnotbelearned.
Itisalsoimportanttonotethattheparentcodepcontrols
viewpoint/poseinvariant3Dshapeofanobject(e.g.,duck
vs.seagullshape)asthenumberofuniquepcodesistypi-
callysettobemuchsmaller(e.g.,20)thantheamountof2D
shapevariationsinthedata,andthisinturnforcesthecon-
tinuouscodeztocontrolviewpoint/pose.Critically,these
factorsemergeasapropertyofthedataandthemodel,and
notthroughanysupervision.
FineGANistrainedwiththreelosses,oneforeachstage,

whichuseeitheradversarialtraining[12]tomakethegener-
atedimagelookrealand/ormutualinformationmaximiza-
tion[4]betweenthelatentcodeandcorrespondingimage
sothateachcodegainscontrolovertherespectivefactor
(background,pose,shape,color).Wesimplydenoteitsfull
lossas:

Lfinegan=Lb+Lp+Lc, (1)

whereLb,Lp,andLcdenotethelossesinthebackground,
parent,andchildstages.Formoredetailsontheselosses
andtheFineGANarchitecture,pleasereferto[36].

3.2.Pairedimage­codedistributionmatching

AlthoughFineGANcandisentanglemultiplefactorsto
generaterealisticimages,itisconditionedonsampledlatent
codes,andcannotbeconditionedonrealimages.Anaive
post-processingextensioninwhichencodersthatlearnto
mapfakeimagestothecodesthatgeneratedthemisinsuf-
ficienttoachievedisentanglementinrealimagesduetothe
domaingapbetweenrealandfakeimages[36],asweshow



inourexperiments.
Thus,toencodedisentangledrepresentationsfromreal

imagesforconditionalmix-and-matchimagegeneration,
weneedtoextractthevectorz(controllingobjectpose),b
(controllingbackground),p(controllingobjectshape),and
c(controllingobjecttexture)codesfromrealimages,while
preservingthehierarchicaldisentanglementpropertiesof
FineGAN.Forthis,weproposetotrainfourencoders,each
ofwhichpredictthez,b,p,ccodesfromrealimages.Since
FineGANhastheabilitytodisentanglefactorsandgenerate
imagesgivenlatentcodes,wenaturallyresorttousingitas
ourgenerator,bykeepingallthelosses(i.e.,Lfinegan)to
helptheencoderslearnthedesireddisentanglement.
Specifically,foreachrealtrainingimagex,weusethe

correspondingencoderstoextractitsz,b,p,ccodes.How-
ever,wecannotsimplyinputthesecodestothegeneratorto
reconstructtheimage,asthemodelwouldtakeashortcut
anddegenerateintoasimpleautoencoderthatdoesnotpre-
serveFineGAN’sdisentanglementproperties(factorization
intobackground,pose,shape,texture),asweshowinour
experiments.WethereforeleverageideasfromALI[8]and
BiGAN[6,7]tohelptheencoderslearntheinversemap-
ping;i.e.,aprojectionfromrealimagesintothecodespace,
inawaythatmaintainsthedesireddisentanglementproper-
ties.
Thekeyideaistoperformadversariallearning[12,6,8],

sothatthepairedimage-codedistributionproducedbythe
encoder(x∼Pdata,̂y∼E(x))andthepairedimage-code
distributionproducedbythegenerator(̂x∼ G(y),y∼
Pcode)arematched.HereEistheencoder,GistheFine-
GANgenerator,andyisaplaceholderforthelatentcodes
z,b,p,c.Pdataisthedata(realimage)distributionand
Pcodeisthelatentcodedistribution.

1 Formally,theinput
tothediscriminatorDisanimage-codepair. Whentrain-
ingD,wesetthepairedrealimagexandcodêyextracted
fromtheencoderEtobereal,andthepairedsampledinput
codeyandgeneratedimagêxfromthegeneratorGtobe
fake.Conversely,whentrainingGandE,wetrytofoolD
sothatthepaireddistributionsP(data,E(x))andP(G(y),code)
areindistinguishable,viaapairedadversarialloss:

Lbiadv= min
G,E
max
D
Ex∼PdataÊy∼E(x)[logD(x,̂y)]

+Ey∼PcodeÊx∼G(y)[log(1−D(̂x,y))]. (2)

Thislosswillsimultaneouslyenforcethe(1)generatedim-
ageŝx∼G(y)tolookreal,and(2)extractedrealimage
codeŝy∼E(x)tocapturethedesiredfactors(i.e.,pose,
background,shape,appearance).Fig.2(a-c)showouren-
coders,generator,anddiscriminators.

1FollowingFineGAN[36]:acontinuousnoisevectorz∼N(0,1);a
categoricalbackgroundcodeb∼Cat(K=Nb,p=1/Nb);acategorical
parentcodep∼ Cat(K = Np,p=1/Np);andacategoricalchild
codec∼ Cat(K = Nc,p=1/Nc).Nb,Np,Ncarethenumberof
background,parent,andchildcategoriesandaresetashyperparameters.

3.3.Relaxingthelatentcodeconstraints

Thereisanimportantissuethatwemustaddresstoen-
suredisentanglementintheextractedcodes.FineGANim-
posesstrictcoderelationshipconstraints,whicharekeyto
inducingthedesireddisentanglementinanunsupervised
way,butwhichcanbedifficulttorealizeinallrealimages.
Specifically,recallfromSec.3.1thattheseconstraints

imposeagroupofchildcodestosharethesameuniquepar-
entcode,andthebackgroundandchildcodestoalwaysbe
thesame.However,foranyarbitraryrealimage,thesestrict
relationshipsmaynothold(e.g.,aflyingbirdcanhavemul-
tipledifferentbackgroundsinrealimages),andwouldthus
bedifficulttoenforceinitsextractedcodes.Inthiscase,
thediscriminatorwouldeasilybeabletotellwhetherthe
image-codepairisrealorfake(basedonthecoderelation-
ships),whichwillcauseissueswithlearning. Moreover,it
wouldalsoconfusethebackgroundbandtexturecencoders
sincethebackgroundandchildlatentcodesarealwayssam-
pledtobethesame(b=c);i.e.,thetwoencoderswilles-
sentiallybecomeidentical(astheyarealwaysbeingasked
topredictthesameoutputaseachother)andwon’tbeable
todistinguishbetweenbackgroundandobjecttexture.
Weaddressthisissueintwoways.First,wetrainfour

separatediscriminators,oneforeachcodetype.Thispre-
ventsanydiscriminatorfromseeingtheothercodes,and
thuscannotdiscriminatebasedontherelationshipsbetween
thecodes.Second,whentrainingtheencoders,wealsopro-
videasinputfakeimagesthataregeneratedwithrandomly
sampledcodeswiththecodeconstraintsremoved.Inthese
images,anyforegroundtexturecanbecoupledwithanyar-
bitrarybackground(c=b)andanyarbitraryshape(cnot
tiedtoaparticularp).Specifically,wetraintheencoders
Etopredictbackthesampledcodesythatwereusedto
generatethecorrespondingfakeimage:

Lcodepred=CE(E(G(y)),y), (3)

whereCE(·)denotescross-entropyloss,andyisaplace-
holderforthelatentcodesb,p,c.(Forcontinuousz,we
useL1loss.)Thislosshelpstoguideeachencoder,andin
particularthebandcencoders,tolearnthecorresponding
factor.Notethattheabovelossisusedonlytoupdatethe
encodersE(andnotthegeneratorG),asthesefakeimages
canhavefeaturecombinationsthatgenerallydonotexistin
therealdatadistribution(e.g.,aduckontopofatree).

3.4.Featuremodeforexactshapeandpose

Thusfar,MixNMatch’sencoderscantakeinuptofour
differentrealimagesandencodethemintob,z,p,ccodes
whichmodelthebackground,objectpose,shape,andtex-
ture,respectively.ThesecodescanthenbeusedbyMixN-
Match’sgeneratortogeneraterealisticimages,whichcom-
binethefourfactorsfromtherespectivereferenceimages.
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WedenotethissettingasMixNMatch’scodemode. While
thegeneratedimagesalreadycapturethefactorswithhigh
accuracy(seeFig.3,“codemode”),certainimagetrans-
lationapplicationsmayrequireexactpixel-levelshapeand
posealignmentbetweenareferenceimageandtheoutput.

ThemainreasonthatMixNMatchincodemodecannot
preserveexactpixel-levelshapeandposedetailsofaref-
erenceimageisbecausethecapacityofthelatentpcode
space,whichisresponsibleforcapturingshape,istoosmall
tomodelper-instancepixel-leveldetails(typically,tensin
dimension).Thereasonitmustbesmallisbecauseitmust
(roughly)matchthenumberofunique3Dshapevariations
inthedata(e.g.,duckshape,sparrowshape,seagullshape,
etc.).Inthissection,weintroduceMixNMatch’sfeature
modetoaddressthis.Ratherthanencodeareferenceim-
ageintoalow-dimensionalshapecode,thekeyideais
todirectlylearnamappingfromtheimagetoahigher-
dimensionalfeaturespacethatpreservesthereferenceim-
age’sspatially-aligned

Fixed Parent 
Generator G

Adv_loss

p
z p

S

shapeandpose(pixel-level)details.

Specifically,
we take our
learned parent
stagegenerator
Gp(seeFig.2
(b)),anduseit
totrainanew
shapeandpose
featureextractorS,whichtakesasinputarealimagex
andoutputsfeatureS(x).Gptakesasinputcodespand
ztogeneratetheparentstageimage,whichcapturesthe
object’sshape. Let’sdenoteitsintermediatefeatureas
φ(p,z).Weusethestandardadversarialloss[12]totrainS

sothatthedistributionofS(x)matchesthatofφ(p,z)(i.e.,
onlySislearnedandφ(p,z)isproducedfromthefixed
pretrainedGp);seefigureabove.Ultimately,thistrainsSto
producefeaturesthatmatchthosesampledfromtheφ(p,z)
distribution,whichalreadyhaslearnedtoencodeshape
andpose.ToenforceStopreserveinstance-specificshape
andposedetailsofx(i.e.,sothattheresultinggenerated
imageusingS(x)isspatially-alignedtox),werandomly
samplecodesz,b,p,ctogeneratefakeimagesusingthe
fullgeneratorG,andforeachfakeimageG(z,b,p,c),
weenforceanL1lossbetweenthefeatureφ(p,z)andthe
featureS(G(z,b,p,c)).

Oncetrained,wecanusethisfeaturemodetoextractthe
pixel-alignedposeandshapefeatureS(x)fromaninputim-
agex,andcombineitwiththebackgroundbandtexturec
codesextractedfrom(upto)tworeferenceimages,toper-
formconditionalmix-and-matchimagegeneration.

4.Experiments

Weevaluate MixNMatch’sconditionalmix-and-match
imagegenerationresults,itsabilitytodisentangleeachla-
tentfactor,anditslearnedrepresentationforfine-grained
objectclusteringofrealimages. Wealsoshowcase
sketch2color,cartoon2img,andimg2gifapplications.

Datasets. (1)CUB[39]:11,788birdimagesfrom200
classes;(2)StanfordDogs[21]:12,000dogimagesfrom
120classes;(3)StanfordCars[22]:8,144carimagesfrom
196classes. Wesetthepriorlatentcodedistributionsfol-
lowingFineGAN[36]1. Theonlysupervisionweuseis
boundingboxestomodelbackgroundduringtraining.
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Baselines. Wecomparetoanumberofstate-of-the-art
GAN,disentanglement,andclusteringmethods. Forall
methods,weusetheauthors’publiccode. Thecodefor
SC-GAN[20]onlyhastheunconditionalversion,soweim-
plementitsBiGAN[6]variantfollowingthepaperdetails.

Implementationdetails. Wetrainandgenerate 128×
128images.Infeaturemode(2ndstage)training,φ(y)is
alearneddistributionfromthecodemode(1ststage)and
maynotmodeltheentirerealfeaturedistribution(e.g.,due
tomodecollapse).Thus,weassumethatpatch-levelfea-
turesarebettermodeled,andapplyapatchdiscriminator.
Forourfeaturemode,sincethepredictedobjectmasksare
oftenhighlyaccurate,wecanoptionallydirectlystitchthe
foreground(ifonlychangingbackground)orbackground
(ifonlychangingtexture)fromthecorrespondingreference
image. WhenoptimizingEqn.2,weaddnoisetoDsince
thesampledc,p,bareonehot,whilepredicted̂c,̂p,̂bwill
neverbeone-hot.Fulltrainingdetailsareinthesupp.

4.1.QualitativeResults

Conditional mix-and-matchimage generation. We
showresultsonCUB,StanfordCars,andStanfordDogs;
seeFig.3.Thefirstthreerowsshowthebackground,tex-
ture,andshape+posereference(real)imagesfromwhich
ourmodelextractsb,c,andp&z,respectively,whilethe
fourthandfifthrowsshowMixNMatch’sfeaturemodeand
codemodegenerationresults,respectively.

Ourfeaturemoderesults(4throw)demonstratehowwell
MixNMatchpreservesshapeandposeinformationfromthe
referenceimages(3throws),whiletransferringbackground
andtextureinformation(from1stand2ndrows).Forex-
ample,thegeneratedbirdinthesecondcolumnpreserves
theexactposeandshapeofthebirdstandingonthepipe
(3rdrow)andtransfersthebrownishbarkbackgroundand
rainbowobjecttexturefromthe1stand2ndrowimages,
respectively. Ourcodemoderesults(5throw)alsocap-
turethedifferentfactorsfromthereferenceimageswell,

thoughnotaswellasthefeaturemodeforposeandshape.
Thus,thismodeismoreusefulforapplicationsinwhich
inexactinstance-levelposeandshapetransferisacceptable
(e.g.,generatingacompletelynewinstancewhichcaptures
thefactorsatahigh-level). Overall,theseresultshigh-
lighthowwellMixNMatchdisentanglesandencodesfac-
torsfromrealimages,andpreservestheminthegeneration.
Notethatherewetakebothzandpfromthesamerefer-

enceimages(row3)inordertoperformadirectcomparison
betweenthecodeandfeaturemodes.Wenextshowresults
ofdisentanglingallfourfactors,includingzandp.

Disentanglementoffactors. Hereweevaluatehowwell
MixNMatchdisentangleseachfactor(backgroundb,tex-
turec,posez,shapep).Fig.4showsourdisentanglement
ofeachfactoronCUB(resultsforDogsandCarsarein
thesupp.).Foreachsubfigure,theimagesinthetoprow
andleftmostcolumn(withredborders)arerealreference
images.Thespecificfactorstakenfromeachimagearein-
dicatedinthetop-leftcorner;e.g.,in(a),poseistakenfrom
thetoprow,whilebackground,shape,texturearetaken
fromtheleftmostcolumn.Notehowwecanmake(a)abird
changeposesbyvaryingz,(b)changejustthebackground
byvaryingb,(c)colorizebyvaryingc,and(d)changeshape
byvaryingp(e.g.,seetheduckexamplein3rdcolumn).As
describedinSec.3.4,ourfeaturemodecanpreservepixel-
levelshape+poseinformationfromareferenceimage(i.e.,
bothpandzareextractedfromit)inthegeneration.Thus,
forthisexperiment,(b)and(c)areresultsoffeaturemode,
while(a)and(d)areresultsofcodemode.

sketch2color/cartoon2img. WenexttryadaptingMixN-
Matchtootherdomainsnotseenduringtraining;sketch
(Fig.5)andcartoon(Fig.6).Hereweuseourfeaturemode
asitcanpreservepixel-levelshape+poseinformation.In-
terestingly,theresultsindicatethatMixNMatchlearnspart
informationwithoutsupervision.Forexample,inFig.6col-
umn2,itcancorrectlytransfertheblack,white,andredpart
colorstotherubberduck.



b
ac
k
gr
o
u
n
d
 

b
  

t
ex
t
ur
e 

c 
s
h
a
p
e
+
p
os
e
 

p,
 z
  

g
e
n
er
ati
o
n
 

 

Figure5:sketch2color.Firstthreerowsarerealreference
images.Lastrowshowsgenerationresultsofaddingback-
groundandtexturetothesketchimages.

InceptionScore FID
Birds Dogs Cars Birds Dogs Cars

Simple-GAN 31.85±0.17 6.75±0.07 20.92±0.14 16.69 261.85 33.35
InfoGAN[4] 47.32±0.77 43.16±0.42 28.62±0.44 13.20 29.34 17.63
LR-GAN[45] 13.50±0.20 10.22±0.21 5.25±0.05 34.91 54.91 88.80
StackGANv2[48] 43.47±0.74 37.29±0.56 33.69±0.44 13.60 31.39 16.28
FineGAN[36] 52.53±0.45 46.92±0.61 32.62±0.37 11.25 25.66 16.03
MixNMatch(Ours) 50.05±0.75 46.97±0.51 31.12±0.62 9.17 24.24 6.48

Table1:Imagequality&diversity.IS(↑better)andFID
(↓better). MixNMatchgeneratesdiverse,high-qualityim-
agesthatcomparefavorablytostate-of-the-artbaselines.

img2gif.MixNMatchcanalsobeusedtoanimateastatic
image;seeFig.7(codemoderesult)andsupp.video.

4.2.QuantitativeResults

Imagediversityandquality. WecomputeInception
Score[34]andFID[14]over30Krandomlygeneratedim-
ages. Weconditionthegenerationonlyonsampledlatent
codes(bysamplingz,p,c,bfromtheirpriordistributions;
seeFootnote1),andnotonrealimageinputs,forafaircom-
parisontothebaselines.Table1showsthatMixNMatch
generatesdiverseandrealisticimagesthatarecompetitive
tostate-of-the-artunconditionalGANmethods.

Fine-grainedobjectclustering. WenextevaluateMixN-
Match’slearnedrepresentationforclusteringrealim-
agesintofine-grainedobjectcategories. Wecompareto
state-of-the-artdeepclusteringmethods:FineGAN[36],
JULE[46],andDEPICT[10],andtheirstrongervari-
ants[36]:JULE-Res50andDEPICT-Large. Foreval-
uationmetrics,weuseNormalized MutualInformation
(NMI)[43]andAccuracy[10],whichmeasuresthebest
mappingbetweenpredictedandgroundtruthlabels. All
methodsclusterthesameboundingboxcroppedimages.
Toclusterrealimages,weuseMixNMatch’sp(shape)
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Figure6:cartoon2img.MixNMatchautomaticallylearns
partsemantics,withoutsupervision;e.g.,inthe2ndcolumn,
thecolorsofthetexturereferenceareaccuratelytransferred.

NMI Accuracy
Birds Dogs Cars Birds Dogs Cars

JULE[46] 0.204 0.142 0.232 0.045 0.043 0.046
JULE-ResNet-50[46] 0.203 0.148 0.237 0.044 0.044 0.050
DEPICT[10] 0.290 0.182 0.329 0.061 0.052 0.063
DEPICT-Large[10] 0.297 0.183 0.330 0.061 0.054 0.062
FineGAN[10] 0.403 0.233 0.354 0.126 0.079 0.078
MixNMatch(Ours) 0.422 0.324 0.357 0.136 0.089 0.079

Table2:Fine-grainedobjectclustering. Ourapproach
outperformsstate-of-the-artclusteringmethods.

andc(texture)encodersasfine-grainedfeatureextractors.
Foreachimage,weconcatenateitsL2-normalizedpenul-
timatefeatures,andrunk-meansclusteringwithk=#of
ground-truthclasses.MixNMatch’sfeaturesleadtosignif-
icantlymoreaccurateclustersthanthebaselines;seeTa-
ble2.JULEandDEPICTfocusmoreonbackgroundand
roughshapeinformationinsteadoffinegraineddetails,and
thushaverelativelylowperformance.FineGANperforms
muchbetter,butittrainstheencoderspost-hoconfakeim-
agestorepredicttheircorrespondinglatentcodes(asitcan-
notdirectlyconditionitsgeneratoronrealimages)[36].
Thus,thereisadomaingaptotherealimagedomain.In
contrast,MixNMatch’sencodersaretrainedtoextractfea-
turesfrombothrealandfakeimages,soitdoesnotsuffer
fromdomaindifferences.

Shapeandtexturedisentanglement. Inordertoquan-
titativelyevaluateMixNMatch’sdisentanglementofshape
andtexture,weproposethefollowingevaluationmetric:
Werandomlysample5000imagepairs(A,B)andgenerate
newimagesC,whichtaketextureandbackground(codesc,
b)fromimageA,andshapeandposefromimageB(codes
p,z).Ifamodeldisentanglesthesefactorswellandpre-
servestheminthegeneratedimages,thenthespatialposi-



b,p,c

z

Figure7:image2gif.MixNMatchcancombinethepose
factorzfromareferencevideo(toprow),withtheother
factorsinastaticimage(1stcolumn)toanimatetheobject.

tionofpartkeypoints(e.g.,beak,tail)inBshouldbeclose
tothatinC,whilethetexturearoundthosekeypointsinA
shouldbesimilartothatinC;seeFig.8.
Tomeasurehowwellshapeispreserved,wetrainakey-

pointdetector[13]onCUB,anduseittodetect15keypoints
ingeneratedimagesC.WethencalculatetheL2-distance
(inx,ycoordinatespace)tothecorrespondingvisiblekey-
pointsinB.Tomeasurehowwelltextureispreserved,for
eachkeypointinAandC,wefirstcropa16x16patch
centeredonit. Wethencomputetheχ2-distancebetween
theL1-normalizedcolorhistogramsofthecorresponding
patchesinAandC.Seesupp.formoredetails.
Table3(top)showstheresultsaveragedoverall15key-

pointsamongall5000imagetriplets.WecomparetoFine-
GAN[36],SC-GAN[20],agenerativemodelthatdisen-
tanglesstyle(texture)andcontent(geometricalinforma-
tion),andDeformingAE[35],agenerativeautoencoder
thatdisentanglesshapeandtexturefromrealimagesvia
unsuperviseddeformationconstraints.Fig.8showsqualita-
tivecomparisons.Clearly,MixNMatchbetterdisentangles
andpreservesshapeandtexturecomparedtothebaselines.
SC-GANdoesnotdifferentiatebackgroundandforeground
andusesacondensedcodespacetomodelcontentandstyle,
soithasdifficultytransferringtextureandshapeaccurately.
DeformingAEfailsbecauseitsassumptionthatanimage
canbefactorizedintoacanonicaltemplateandadeforma-
tionfieldisdifficulttorealizeincomplicatedshapessuch
asbirds.FineGANperformsbetter,butitagainishindered
bythedomaingap.Finally,ourfeaturemodehasthebest
performanceforshapedisentanglementduetoitsabilityof
preservinginstance-specificshapeandposedetails.

Ablationstudies. Finally,westudyMixNMatch’svari-
ouscomponents:1)nopairedimage-codeadversarial
loss,wherewedonothaveEqn.2,insteadwedirectlyfeed
thepredictedcodefromencodertothegenerator,andapply
anL1lossbetweenthegeneratedandrealimages;2)with-
outcoderepredictionloss,wherewedonotapplyEqn.3;
3)withcoderepredictionlossbutwithcodeconstraints

SC-GANDeformingAEFineGAN
MixNMatch
(Ours)

Shape
Pose

Background
Texture 

A B C

,
whereduringgeneratingfakeimages,wekeepFineGAN’s

Figure8:Shape&texturedisentanglement. Ourap-
proachpreservesshape,texturebetterthanstrongbaselines.

Shape Texture
DeformingAE[35] 69.97 0.792
SC-GAN[20] 32.37 0.641
FineGAN[36] 21.04 0.602
MixNMatch(codemode) 20.57 0.540
MixNMatch(featuremode) 16.29 0.565
Codemodew/opairedadvloss 60.41 0.798
Codemodew/ocodereprediction 47.67 0.724
Codemodew/codeconstraint 26.95 0.601
Featuremodew/oL1loss 61.76 0.575
Featuremodew/oadvloss 17.61 0.572

Table3:Shape&texturedisentanglement.(Top)Com-
parisonstobaselines.(Bottom)Ablationstudies.Wereport
keypointL2-distanceandcolorhistogramχ2-distancefor
measuringshapeandtexturedisentanglement(↓better).

codeconstraints;4)withoutfeaturemodeL1loss,where
weonlyapplyanadversariallossbetweenS(x)andφ(y);
5)withoutfeaturemodeadversarialloss,whereweonly
havetheL1lossinfeaturemodetraining.
Table3(bottom)showsthatalllossesarenecessaryin

codemodetraining;otherwise,disentanglementcannotbe
learnedproperly.Infeaturemodetraining,bothadversarial
andL1lossesarehelpful,astheyadaptthemodeltothereal
imagedomaintoextractpreciseshape+poseinformation.

Discussion. Therearesomelimitationsworthdiscussing.
First,ourgeneratedbackgroundmaymisslargestructures,
asweuseapatch-leveldiscriminator.Second,thefeature
modetraining,dependson,andissensitiveto,howwellthe
modelistrainedinthecodemode.Finally,forreference
imageswhosebackgroundandobjecttextureareverysim-
ilar,ourmodelcanfailtoproduceagoodobjectmask,and
thusgenerateanincompleteobject.
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