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Abstract

WeproposeFineGAN,anovelunsupervisedGANframe-
work,whichdisentanglesthebackground,objectshape,
andobjectappearancetohierarchicallygenerateimages
offine-grainedobjectcategories.Todisentanglethefac-
torswithoutsupervision,ourkeyideaistouseinforma-
tiontheorytoassociateeachfactortoalatentcode,and
toconditiontherelationshipsbetweenthecodesinaspe-
cificwaytoinducethedesiredhierarchy.Throughexten-
siveexperiments,weshowthatFineGANachievesthede-
sireddisentanglementtogeneraterealisticanddiverseim-
agesbelongingtofine-grainedclassesofbirds,dogs,and
cars. UsingFineGAN’sautomaticallylearnedfeatures,
wealsoclusterrealimagesasafirstattemptatsolving
thenovelproblemofunsupervisedfine-grainedobjectcat-
egorydiscovery. Ourcode/models/democanbefoundat
https://github.com/kkanshul/finegan

A DB C

1.Introduction

Considerthefigureabove:iftaskedtogroupanyofthe
imagestogether,ashumanswecaneasilytellthatbirdsA
andBshouldnotbegroupedwithCandDastheyhave
completelydifferentbackgroundsandshapes. Buthow
aboutCandD?Theysharethesamebackground,shape,
androughcolor. However,uponcloseinspection,wesee
thatevenCandDshouldnotbegroupedtogetherasC’s
beakisyellowanditstailshavelargewhitespotswhileD’s
beakisblackanditstailshavethinwhitestrips.1Thisex-
ampledemonstratesthatclusteringfine-grainedobjectcate-
goriesrequiresnotonlydisentanglementofthebackground,

∗Equalcontribution.
1Theground-truthfine-grainedcategoriesareA:Barrow’sGoldeneye,

B:CaliforniaGull,C:Yellow-billedCuckoo,D:Black-billedCuckoo.
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Figure1.FineGANdisentanglesthebackground,objectshape
(parent),andobjectappearance(child)tohierarchicallygenerate
fine-grainedobjects,withoutmaskorfine-grainedannotations.

shape,andappearance(color/texture),butthatitisnaturally
facilitatedinahierarchicalfashion.

Inthiswork,weaimtodevelopamodelthatcando
justthat: modelfine-grainedobjectcategoriesbyhierar-
chicallydisentanglingthebackground,object’sshape,and
itsappearance,withoutanymanualfine-grainedannota-
tions.Specifically,wemakethefirstattemptatsolvingthe
novelproblemofunsupervisedfine-grainedobjectcluster-
ing(or“discovery”). Althoughbothunsupervisedobject
discoveryandfine-grainedrecognitionhavealonghistory,
priorworkonunsupervisedobjectcategorydiscoveryfocus
onlyonclusteringentry-levelcategories(e.g.,birdsvs.cars
vs.dogs)[17,42,31,51,47,15],whileexistingworkon
fine-grainedrecognitionfocusexclusivelyonthesupervised
settinginwhichground-truthfine-grainedcategoryannota-
tionsareprovided[35,52,34,4,13,33,12,7,46].

Whyunsuperviseddiscoveryforsuchadifficultprob-
lem? Wehavetwokeymotivations.First,fine-grainedan-
notationsrequiredomainexperts. Asaresult,theoverall
annotationprocessisveryexpensiveandstandardcrowd-
sourcingtechniquescannotbeused, whichrestrictthe
amountoftrainingdatathatcanbecollected.Second,un-
supervisedlearningenablesthediscoveryoflatentstructure
inthedata,whichmaynothavebeenlabeledbyannotators.
Forexample,fine-grainedimagedatasetsoftenhaveanin-
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herenthierarchicalorganizationinwhichthecategoriescan
firstbegroupedbasedononefeature(e.g.,shape)andthen
differentiatedbasedonanother(e.g.,appearance).

MainIdea. Wehypothesizethatagenerativemodelwith
thecapabilityofhierarchicallygeneratingimageswithfine-
graineddetailscanalsobeusefulforfine-grainedgrouping
ofrealimages. WethereforeproposeFineGAN,anovel
hierarchicalunsupervisedGenerativeAdversarialNetworks
frameworktogenerateimagesoffine-grainedcategories.

FineGANgeneratesafine-grainedimagebyhierarchi-
callygeneratingandstitchingtogetherabackgroundimage,
aparentimagecapturingonefactorofvariationoftheob-
ject,andachildimagecapturinganotherfactor.Todisen-
tanglethetwofactorsofvariationoftheobjectwithoutany
supervision,weuseinformationtheory,similartoInfoGAN
[9].Specifically,weenforcehighmutualinformationbe-
tween(1)theparentlatentcodeandtheparentimage,and
(2)thechildlatentcode,conditionedontheparentcode,
andthechildimage.Byimposingconstraintsontherela-
tionshipbetweentheparentandchildlatentcodes(specifi-
cally,bygroupingchildcodessuchthateachgrouphasthe
sameparentcode),wecaninducetheparentandchildcodes
tocapturetheobject’sshapeandcolor/texturedetails,re-
spectively;seeFig.1.Thisisbecauseinmanyfine-grained
datasets,objectsoftendifferinappearanceconditionedon
asharedshape(e.g.,‘Yellow-billedCuckoo’and‘Black-
billedCuckoo’,whichsharethesameshapebutdifferin
theirbeakcolorandwingpatterns).

Moreover,FineGANautomaticallygeneratesmasksat
boththeparentandchildstages,whichhelpconditionthe
latentcodestofocusontherelevantobjectfactorsaswell
astostitchtogetherthegeneratedimagesacrossthestages.
Ultimately,thefeatureslearnedthroughthisunsupervised
hierarchicalimagegenerationprocesscanbeusedtocluster
realimagesintotheirfine-grainedclasses.

Contributions. Ourworkhastwomaincontributions:

(1)WeintroduceFineGAN,anunsupervisedmodelthat
learnstohierarchicallygeneratethebackground,shape,and
appearanceoffine-grainedobjectcategories.Throughvar-
iousqualitativeevaluations,wedemonstrateFineGAN’s
abilitytoaccuratelydisentanglebackground,objectshape,
andobjectappearance.Furthermore,quantitativeevalua-
tionsonthreebenchmarkdatasets(CUB[45],Stanford-
dogs[27],andStanford-cars[29])demonstrateFineGAN’s
strengthingeneratingrealisticanddiverseimages.

(2) WeuseFineGAN’slearneddisentangledrepresen-
tationtoclusterrealimagesforunsupervisedfine-grained
objectcategorydiscovery.Itproducesfine-grainedclusters
thataresignificantlymoreaccuratethanthoseofstate-of-
the-artunsupervisedclusteringapproaches(JULE[51]and
DEPICT[15]).Toourknowledge,thisisthefirstattemptto
clusterfine-grainedcategoriesintheunsupervisedsetting.

2.Relatedwork

Fine-grainedcategoryrecognition involvesclassifying
subordinatecategorieswithinentry-levelcategories(e.g.,
differentspeciesofbirds),whichrequiresannotationsfrom
domainexperts[35,52,34,4,13,8,33,12,28,58,46].
Some methodsrequireadditionalpart[56,6,53],at-
tribute[14],ortext[37,19]annotations.Ourworkmakes
thefirstattempttoovercomethedependencyonexpertan-
notationsbyperformingunsupervisedfine-grainedcategory
discoverywithoutanyclassannotations.

Visualobjectdiscoveryandclustering. Earlyworkon
unsupervisedobjectdiscovery[41,17,42,31,32,39]use
handcraftedfeaturestoclusterobjectcategoriesfromun-
labeledimages.Othersexploretheuseofnaturallanguage
dialogueforobjectdiscovery[10,59].Recentunsupervised
deepclusteringapproaches[51,47,15]demonstratestate-
of-the-artresultsondatasetswhoseobjectshavelargevari-
ationsinhigh-leveldetaillikeshapeandbackground.On
fine-grainedcategorydatasets,weshowthatFineGANsig-
nificantlyoutperformsthesemethodsasitisabletofocus
onthefine-grainedobjectdetails.

Disentangledrepresentationlearning hasavastlitera-
ture(e.g.,[3,44,22,49,9,21,11,23]). Themostre-
latedworkinthisspaceisInfoGAN[9],whichlearnsdis-
entangledrepresentationswithoutanysupervisionbymax-
imizingthemutualinformationbetweenthelatentcodes
andgenerateddata. Ourworkbuildsonthesameprin-
ciplesofinformationtheory,butweextendittolearna
hierarchicaldisentangledrepresentation.Specifically,un-
likeInfoGANinwhichalldetailsofanobjectaregener-
atedtogether,FineGANprovidesexplicitdistentanglement
andcontroloverthegenerationofbackground,shape,and
appearance,whichweshowisespeciallyimportantwhen
modelingfine-grainedcategories.

GANsandStagewiseimagegeneration. Unconditional
GANs[16,36,43,57,1,18]cangeneraterealisticimages
withoutanysupervision. However,unlikeourapproach,
thesemethodsdonotgenerateimageshierarchicallyand
donothaveexplicitcontroloverthebackground,object’s
shape,andobject’sappearance.Someconditionalsuper-
visedapproaches[38,54,55,5]learntogeneratefine-
grainedimageswithtextdescriptions.Onesuchapproach,
FusedGAN[5],generatesfine-grainedobjectswithspecific
poseandshapebutitcannotdecouplethem,andlacksex-
plicitcontroloverthebackground.Incontrast,FineGAN
cangeneratefine-grainedimageswithoutanytextsupervi-
sionandwithfullcontroloverthebackground,pose,shape,
andappearance. Alsorelatedarestagewiseimagegener-
ators[24,30,50,26].Inparticular,LR-GAN[50]gener-
atesthebackgroundandforegroundseparatelyandstitches
them.However,botharecontrolledbyasinglerandomvec-



tor,anditdoesnotdisentangletheobject’sshapefromap-
pearance.

3.Approach

LetX={x1,x2,...,xN}beadatasetcontainingunla-
beledimagesoffine-grainedobjectcategories. Ourgoal
istolearnanunsupervisedgenerativemodel,FineGAN,
whichproduceshighqualityimagesmatchingthetruedata
distributionpdata(x),whilealsolearningtodisentanglethe
relevantfactorsofvariationassociatedwithimagesinX.
Weconsiderbackground,shape, appearance, and

pose/locationoftheobjectasthefactorsofvariationinthis
work.IfFineGANcansuccessfullyassociateeachlatent
codetoaparticularfine-grainedcategoryaspect(e.g.,like
abird’sshapeandwingcolor),thenitslearnedfeaturescan
alsobeusedtogrouptherealimagesinXforunsupervised
find-grainedobjectcategorydiscovery.

3.1.Hierarchicalfine­graineddisentanglement

Fig.2showsourFineGANarchitectureformodelingand
generatingfine-grainedobjectimages.Theoverallprocess
hasthreeinteractingstages:background,parent,andchild.
Thebackgroundstagegeneratesarealisticbackgroundim-
ageB.Theparentstagegeneratestheoutline(shape)ofthe
objectandstitchesitontoBtoproduceparentimageP.The
childstagefillsintheobject’soutlinewiththeappropriate
colorandtexture,toproducethefinalchildimageC.The
objectivefunctionofthecompleteprocessis:

L=λLb+βLp+γLc

whereLb,LpandLcdenotetheobjectivesfortheback-
ground,parent,andchildstagerespectively,withλ,βand
γdenotingtheirweights.Wetrainallstagesend-to-end.
Thedifferentstagesgetconditionedwithdifferentlatent

codes,asseenfromFig.2.FineGANtakesasinput:i)
acontinuousnoisevectorz∼ N(0,1);ii)acategorical
backgroundcodeb∼Cat(K=Nb,p=1/Nb);iii)acate-
goricalparentcodep∼Cat(K=Np,p=1/Np);andiv)
acategoricalchildcodec∼Cat(K=Nc,p=1/Nc).

Relationshipbetweenlatentcodes: (1)Parentcodeand
childcode.Weassumethepresenceofanimplicithierarchy
inX–asmentionedpreviously,fine-grainedcategoriescan
oftenbegroupedfirstbasedonacommonshapeandthen
differentiatedbasedonappearance.Tohelpdiscoverthis
hierarchy,weimposetwoconstraints:(i)thenumberofcat-
egoriesofparentcodeissettobelessthanthatofchildcode
(Np<Nc),and(ii)foreachparentcodep,wetieafixed
numberofchildcodesctoit(multiplechildcodesshare
thesameparentcode). Wewillshowthattheseconstraints
helppushptocaptureshapeandctocaptureappearance.
Forexample,iftheshapeidentitycapturedbypisthatof

aduck,thenthelistofc’stiedtothispwouldallsharethe
sameduckshape,butvaryintheircolorandtexture.

(2)Backgroundcodeandchildcode.Thereisusually
somecorrelationbetweenanobjectandthebackgroundin
whichitisfound(e.g.,ducksinwater).Thus,toavoidcon-
flictingobject-backgroundpairs(whichareal/fakediscrim-
inatorcouldeasilyexploittotellthatanimageisfake),we
setthebackgroundcodetobethesameasthechildcode
duringtraining(b=c).However,wecaneasilyrelaxthis
constraintduringtesting(e.g.,togenerateaduckinatree).

3.1.1 Backgroundstage

ThebackgroundstagesynthesizesabackgroundimageB,
whichactsasacanvasfortheparentandchildstagesto
stitchdifferentforegroundaspectsontopofB.Sincewe
aimtodisentanglebackgroundasaseparatefactorofvari-
ation,Bshouldnotcontainanyforegroundinformation.
Wehenceseparatethebackgroundstagefromtheparent
andchildstages,whichshareacommonfeaturepipeline.
ThisstageconsistsofageneratorGbandadiscriminator
pair,DbandDaux.Gbisconditionedonlatentbackground
codeb,whichcontrolsthedifferent(unknown)background
classes(e.g.,trees,water,sky),andonlatentcodez,which
controlsintra-classbackgrounddetails(e.g.,positioningof
leaves).Togeneratethebackground,weassumeaccessto
anobjectboundingboxdetectorthatcandetectinstances
ofthesuper-category(e.g.,bird). Weusethedetector
tolocatenon-objectbackgroundpatchesineachrealim-
agexi. WethentrainGbandDbusingtwoobjectives:
Lb=Lbgadv+Lbgaux,whereLbgadvistheadversarial
loss[16]andLbgauxistheauxiliarybackgroundclassifi-
cationloss.

FortheadversariallossLbgadv,weemploythediscrim-
inatorDbonapatchlevel[25](weassumebackgroundcan
easilybemodeledastexture)topredictanN×Ngridwith
eachmemberindicatingthereal/fakescoreforthecorre-
spondingpatchintheinputimage:

Lbgadv=min
Gb
max
Db
Ex[log(Db(x))]+Ez,b[log(1−Db(Gb(z,b)))]

TheauxiliaryclassificationlossLbgauxmakestheback-
groundgenerationtaskmoreexplicit,andisalsocomputed
onapatchlevel.Specifically,patchesinside(ri)andoutside
(ro)thedetectedobjectinrealimagesconstitutethetraining
setforforeground(1)andbackground(0)respectively,and
isusedtotrainabinaryclassifierDauxwithcross-entropy
loss.WethenuseDauxtotrainthegeneratorGb:

Lbgaux=min
Gb
Ez,b[log(1−Daux(Gb(z,b)))]

ThislossupdatesGbsothatDauxassignsahighback-
groundprobabilitytothegeneratedbackgroundpatches.
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Figure2.FineGANarchitectureforhierarchicalfine-grainedimagegeneration.Thebackgroundstage,conditionedonrandomvectorz
andbackgroundcodeb,generatesthebackgroundimageB.Theparentstage,conditionedonzandparentcodep,usesBasacanvasto
generateparentimageP,whichcapturestheshapeoftheobject.Thechildstage,conditionedonc,usesPasacanvastogeneratethefinal
childimageCwiththeobject’sappearancedetailsstitchedintotheshapeoutline.

3.1.2 Parentstage

Asexplainedpreviously,wemodeltherealdatadistribution
pdata(x)throughatwo-levelforegroundgenerationprocess
viatheparentandchildstages. Theparentstagecanbe
viewedasmodelinghigher-levelinformationaboutanob-
jectlikeitsshape,andthechildstage,conditionedonthe
parentstage,asmodelinglower-levelinformationlikeits
color/texture.
Capturingmulti-levelinformationinthiswaycanhave

potentialadvantages.First,itmakestheoverallimagegen-
erationprocessmoreprincipledandeasiertointerpret;dif-
ferentsub-networksofthemodelcanfocusonlyonsyn-
thesizingentitiestheyareconcernedwith,incontrasttothe
casewheretheentirenetworkperformssingle-shotimage
generation.Second,forfine-grainedgeneration,itshould
beeasierforthemodeltogenerateappearancedetailscondi-
tionedontheobject’sshape,withouthavingtoworryabout
thebackgroundandothervariations.Withthesamereason-
ing,suchhierarchicalfeatures—parentcapturingshapeand
childcapturingappearance—shouldalsobebeneficialfor
fine-grainedcategorizationcomparedtoaflat-levelfeature
representation.
Wenowdiscusstheworkingdetailsoftheparentstage.

AsshowninFig.2,Gp,whichconsistsofaseriesofconvo-
lutionallayersandresidualblocks,mapszandptofeature
representationFp.Asdiscussedpreviously,therequirement
fromthisstageisonlytogenerateaforegroundentity,and
stitchittotheexistingbackgroundB.Consequently,two
generatorsGp,fandGp,mtransformFpintoparentfore-
ground(Pf)andparentmask(Pm)respectively,sothatPm
canbeusedtostitchPfonB,toobtaintheparentimageP:

P=Pf,m+Bm

wherePf,m=Pm⊙PfandBm =(1−Pm)⊙Bdenote
maskedforegroundandinversemaskedbackgroundimage
respectively;seegreenarrowsinFig.2.Thisideaofgen-
eratingamaskandusingitforstitchingisinspiredbyLR-
GAN[50].
Weagainemployadiscriminatorattheparentstage,and

denoteitasDp.Itsfunctioninghowever,differsfromthe
discriminatorsemployedattheotherstages.Thisisbecause
incontrasttothebackgroundandchildstageswherewe
knowthetruedistributiontobemodeled,thetruedistribu-
tionforPorPf,misunknown(i.e.,wehaverealpatchsam-
plesofbackgroundandrealimagesamplesoftheobject,
butwedonothaveanyrealintermediateimagesamplesin
whichtheobjectexhibitsonefactorlikeshapebutlacksan-
otherfactorlikeappearance).Consequently,wecannotuse
thestandardGANobjectivetotrainDp.
Thus,weonlyuseDptoinducetheparentcodeptorep-

resentthehierarchicalconcepti.e.,theobject’sshape.With
nosupervisionfromimagelabels,weexploitinformation
theorytodiscoverthisconceptinacompletelyunsupervised
manner,similartoInfoGAN[9].Specifically,wemaximize
themutualinformationI(p,Pf,m),withDpapproximating
theposteriorP(p|Pf,m):

Lp=Lpinfo= max
Dp,Gp,f,Gp,m

Ez,p[logDp(p|Pf,m)]

WeusePf,minsteadofPsothatDpmakesitsdecision
solelybasedontheforegroundobject(shape)andnotget
influencedbythebackground.Insimplewords,Dpisasked
toreconstructthelatenthierarchicalcategoryinformation
(p)fromPf,m,whichalreadyhasthisinformationencoded
duringitssynthesis. GivenourconstraintsfromSec.3.1
thattherearelessparentcategoriesthanchildones(Np<
Nc)andmultiplechildcodessharethesameparentcode,



FineGANtriesencodingpintoPf,masanattributethat:(i)
byitselfcannotcaptureallfine-grainedcategorydetails,and
(ii)iscommontomultiplefine-grainedcategories,whichis
theessenceofhierarchy.

3.1.3 Childstage

Theresultofthepreviousstagesisanimagethatisacom-
positionofthebackgroundandobject’soutline.Thetask
thatremainsisfillingintheoutlinewithappropriatetex-
ture/colortogeneratethefinalfine-grainedobjectimage.
AsshowninFig.2,weencodethecolor/textureinfor-

mationabouttheobjectwithchildcodec,whichisitself
conditionedonparentcodep.ConcatenatedwithFp,there-
sultingfeaturechunkisfedintoGc,whichagainconsistsof
aseriesofconvolutionalandresidualblocks.Analogousto
theparentstage,twogeneratorsGc,fandGc,mmapthere-
sultingfeaturerepresentationFcintochildforeground(Cf)
andchildmask(Cm)respectively.Thestitchingprocessto
obtainthecompletechildimageCis:

C=Cf,m+Pc,m

whereCf,m=Cm⊙Cf,andPc,m=(1−Cm)⊙P.
Wenowdiscusstherequirementsforthechildstagedis-

criminativenetworks,DadvandDc:(i)discriminatebe-
tweenrealsamplesfromXandfakesamplesfromthegen-
erativedistributionusingDadv;(ii)useDctoapproximate
theposteriorP(c|Cf,m)toassociatethelatentcodectoa
fine-grainedobjectdetaillikecolorandtexture.Theloss
functioncanhencebebrokendownintotwocomponents
Lc=Lcadv+Lcinfo,where:

Lcadv=min
Gc
max
Dadv

Ex[log(Dadv(x))]+Ez,b,p,c[log(1−Dadv(C))],

Lcinfo= max
Dc,Gc,f,Gc,m

Ez,p,c[logDc(c|Cf,m)].

Again,weuseCf,minsteadofCsothatDcmakesitsde-
cisionsolelybasedontheobject(color/textureandshape)
andnotgetinfluencedbythebackground. Withshapeal-
readycapturedthoughtheparentcodep,thechildcodec
cannowsolelyfocustocorrespondtothetexture/colorin-
sidetheshape.

3.2.Fine­grainedobjectcategorydiscovery

GivenourtrainedFineGANmodel,wecannowuseit
tocomputefeaturesfortherealimagesxi∈Xtocluster
themintofine-grainedobjectcategories.Inparticular,we
canmakeuseofthefinalsyntheticimages{Cj}andtheir
associatedparentandchildcodestolearnamappingfrom
imagestocodes.Notethatwecannotdirectlyusethepar-
entandchilddiscriminatorsDpandDc—whicheachcate-
gorize{Pf,m}and{Cf,m}intooneoftheparentandchild
codesrespectively—-ontherealimagesduetotheunavail-
abilityofrealforegroundmasks.Instead,wetrainapair
ofconvolutionalnetworks(φpandφc)topredicttheparent
andchildcodesofthefinalsetofsyntheticimages{Cj}:

1.Randomlysampleabatchofcodes:z∼N(0,1),p∼
pp,c∼pc,b∼pbtogeneratechildimages{Cj}.

2.Feedforwardthisbatchthroughφpandφc.Compute
cross-entropylossCE(p,φp(Cj))andCE(c,φc(Cj)).

3.Updateφpandφc.Repeattillconvergence.

ToaccuratelypredictparentcodepfromCj,φphasto
solelyfocusontheobject’sshapeasnosensiblesupervision
cancomefromtherandomlychosenbackgroundandchild
codes.Withsimilarreasoning,φchastosolelyfocusonthe
object’sappearancetoaccuratelypredictchildcodec.Once
φpandφcaretrained,weusethemtoextractfeaturesfor
eachrealimagexi∈X.Finally,weusetheirconcatenated
featurestogrouptheimageswithk-meansclustering.

4.Experiments

WefirstevaluateFineGAN’sabilitytodisentangleand
generateimagesoffine-grainedobjectcategories. Wethen
evaluateFineGAN’slearnedfeaturesforfine-grainedobject
clusteringwithrealimages.

Datasetsandimplementationdetails. Weevaluateon
threefine-graineddatasets:(1)CUB[45]:200birdclasses.
Weusetheentiredataset(11,788images);(2) Stanford
Dogs[27]:120dogclasses. Weuseitstraindata(12,000
images);(3)StanfordCars[29]:196carclasses. Weuse
itstraindata(8,144images).Wedonotuseanyofthepro-
videdlabelsfortraining.Thelabelsareonlyusedforeval-
uation.Numberofparentsandchildrenaresetas:(1)CUB:
Np=20,Nc=200;(2)Stanforddogs:Np=12,Nc=120;
and(3)Cars:Np=20,Nc=196.Ncmatchestheground-
truthnumberoffine-grainedclassesperdataset.Wesetλ=
10,β=1andγ=1foralldatasets.

4.1.Fine­grainedimagegeneration

WefirstanalyzeFineGAN’simagegenerationinterms
ofrealismanddiversity.Wecompareto:

•Simple-GAN:Generatesafinalimage(C)inoneshot
withouttheparentandbackgroundstages. Onlyhas
Lcadvlossatthechildstage.Thisbaselinehelpsgauge
theimportanceofdisentanglementlearnedbyLcinfo.
Forfaircomparison,weuseFineGAN’sbackbonearchi-
tecture.

•InfoGAN[9]: SameasSimple-GANbutwithaddi-
tionalLcinfo. Thisbaselinehelpsanalyzetheim-
portanceofhierarchicaldisentanglementbetweenback-
ground,shape,andappearanceduringimagegeneration,
whichislackinginInfoGAN.Ncissettobethesame
asFineGANforeachdataset. WeagainuseFineGAN’s
backbonearchitecture.

•LR-GAN[50]:Italsogeneratesanimagestagewise,
whichissimilartoourapproach. Butitsstagesonly
consistofforegroundandbackground,andthattoocon-
trolledbysinglerandomvectorz.
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Figure3.FineGAN’sstagewiseimagegeneration.Backgroundstagegeneratesabackgroundwhichisretainedoverthechildandparent
stages.Parentstagegeneratesahollowimagewithonlytheobject’sshape,andchildstagefillsintheappearancetocompletetheimage.

•StackGAN-v2[55]:Itsunconditionalversiongenerates
imagesatmultiplescaleswithLcadvateachscale.This
helpsgaugehowFineGANfaresagainstastate-of-the-art
unconditionalimagegenerationapproach.

ForLR-GANandStackGAN-v2,weusetheauthors’
publicly-availablecode. Weevaluateimagegenerationus-
ingInceptionScore(IS)[40]andFrechetInceptionDis-
tance(FID)[20],whicharecomputedon30Krandomly
generatedimages(equalnumberofimagesforeachchild
codec),usinganInceptionNetworkfine-tunedonthere-
spectivedatasets[2]. Weevaluateon128x128generated
imagesforallmethodsexceptLR-GAN,forwhich64x64
generatedimagesgivebetterperformance.

4.1.1 Quantitativeevaluationofimagegeneration

FineGANobtainsInceptionScoresandFIDsthatarefavor-
ablewhencomparedtothebaselines(seeTable1),which
showsitcangenerateimagesthatcloselymatchtherealdata
distribution.
Inparticular,thelowerscoresbySimple-GAN,LR-

GAN,andStackGAN-v2showthatrelyingonasinglead-
versariallosscanbeinsufficienttomodelfine-grainedde-
tails.BothFineGANandInfoGANlearntoassociateac
codetoavariationfactor(Lcinfo)togeneratemorede-
tailedimages.Butbyfurtherdisentanglingthebackground
andobjectshape(parent),FineGANlearnstogeneratemore
diverseimages.LR-GANalsogeneratesanimagestage-
wisebutwebelieveithaslowerperformanceasitonlysep-
aratesforegroundandbackground,whichappearstobein-
sufficientforcapturingfine-graineddetails.Theseresults
stronglysuggestthatFineGAN’shierarchicaldisentangle-
mentisimportantforbetterfine-grainedimagegeneration.

HowsensitiveisFineGANtothenumberofparents?
Table2showstheInceptionScore(IS)onCUBofFine-
GANtrainedwithvaryingnumberofparentswhilekeeping

IS 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[9] 47.32±0.77 43.16±0.42 28.62±0.44 13.20 29.34 17.63
LR-GAN[50] 13.50±0.20 10.22±0.21 5.25±0.05 34.91 54.91 88.80
StackGANv2[55]43.47±0.74 37.29±0.56 33.69±0.44 13.60 31.39 16.28
FineGAN(ours) 52.53±0.45 46.92±0.61 32.62±0.37 11.25 25.66 16.03

Table1.InceptionScore(higherisbetter)andFID(lowerisbet-
ter).FineGANconsistentlygeneratesdiverseandrealimagesthat
comparefavorablytothoseofstate-of-the-artbaselines.

Np=20Np=10Np=40Np=5Np=mixed
InceptionScore(CUB) 52.53 52.11 49.62 46.68 51.83

Table2.VaryingnumberofparentcodesNp,withnumberofchil-
drenNcfixedto200.FineGANisrobusttoawiderangeofNp.

thenumberofchildrenfixed(200).ISremainsconsistently
highunlesswehaveverysmall(Np=5)orlarge(Np=40)
numberofparents. WithverysmallNp,welimitdiversity
inthenumberofobjectshapes,andwithveryhighNp,the
modelhaslessopportunitytotakeadvantageoftheimplicit
hierarchyinthedata. Withvariablenumberofchildren
perparent(Np=mixed:6parentswith5children,3parents
with20children,and11parentswith10children),ISre-
mainshigh,whichshowsthereisnoneedtohavethesame
numberofchildrenforeachparent.Theseresultsshowthat
FineGANisrobusttoawiderangeofparentchoices.

4.1.2 Qualitativeevaluationofimagegeneration

WenextqualitativelyanalyzeFineGAN’s(i)imagegenera-
tionprocess;(ii)disentanglementofthefactorsofvariation;
andprovide(iii)in-depthcomparisontoInfoGAN.

Imagegenerationprocess. Fig.3showstheintermedi-
ateimagesgeneratedforCUB,StanfordCars,andStanford
Dogs.Thebackgroundimages(1strow)capturethecontext
ofeachdatasetwell;e.g.,theycontainroadsforcars,gar-
densorindoorscenefordogs,leafybackgroundsforbirds.
Theparentstageproducesparentmasksthatcaptureeach
object’sshape(2ndrow),andatextureless,hollowentityas
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Figure4.Varyingpvs.cvs.z.Everythreerowscorrespondtothesameparentcodepandeachrowhasadifferentchildcodec.For
thesameparent,theobject’sshaperemainsconsistentwhiletheappearancechangeswithdifferentchildcodes.Forthesamechild,the
appearanceremainsconsistent.Eachcolumnhasthesamerandomvectorz–weseethatitcontrolstheobject’sposeandposition.

theparentimage(3rdrow)togetherwiththebackground.
Thefinalchildstageproducesamoredetailedmask(4th
row)andthefinalcomposedimage(lastrow),whichhas
thesameforegroundshapeasthatoftheparentimagewith
addedtexture/colordetails.Notethatthegenerationofac-
curatemasksateachstageisimportantforthefinalcom-
posedimagetoretainthebackground,andisobtainedwith-
outanymasksupervisionduringtraining. Wepresentad-
ditionalquantitativeanalysesonthequalityofthemasksin
thesupplementarymaterial.

Disentanglementoffactorsofvariation. Fig.4shows
thediscoveredgroupingofparentandchildcodesbyFine-
GAN.Eachrowcorrespondstodifferentinstanceswiththe
samechildcode.Twoobservationscanbemadeaswemove
lefttoright:(i)thereisaconsistencyintheappearanceand
shapeoftheforegroundobjects;(ii)backgroundchanges
slightly,givinganimpressionthatthebackgroundacrossa
rowbelongstothesameclass,butwithslightmodifications.
Foreachdataset,eachsetofthreerowscorrespondstothree
distinctchildrenofthesameparent,whichisevidentfrom
theircommonshape.Noticethatdifferentchildcodesfor
thesameparentcancapturefine-graineddifferencesinthe

appearanceoftheforegroundobject(e.g.,dogsinthethird
rowdifferfromthoseinfirstonlybecauseofsmallbrown
patches;similarly,birdsinthe7thandlastrowsdifferonly
intheirwingcolor).Finally,theconsistencyinobjectview-
pointandposealongeachcolumnshowsthatFineGANhas
learnedtoassociatezwiththesefactors.

Disentanglementofparentvs.child. Fig.5furtherana-
lyzesthedisentanglementofparent(shape)andchildcode
(appearance).Acrosstherows,wevaryparentcodepwhile
keepingchildcodecconstant,whichchangesthebird’s
shapebutkeepsthetexture/colorthesame. Acrossthe
columns,wevarychildcodecwhilekeepingparentcode
pconstant,whichchangesthebird’scolor/texturebutkeeps
theshapethesame.Thisresultillustratesthecontrolthat
FineGANhaslearnedwithoutanycorrespondingsupervi-
sionovertheshapeandappearanceofabird.Notethatwe
keepbackgroundcodebtobesameacrosseachcolumn.

Disentanglementofbackgroundvs.foreground. The
figurebelowshowsdisentanglementofbackgroundfrom
object.In(a),wekeepbackgroundcodebconstantandvary
theparentandchildcode,whichgeneratesdifferentbirds
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Figure5.Disentanglementofparentvs.childcodes.Shapeis
retainedoverthecolumn,appearanceisretainedovertherow.

(a) Fixed b, varying pand c (b) Fixed pand c, varying b

overthesamebackground.In(b),wekeeptheparentand
childcodesconstantandvarythebackgroundcode,which
generatesanidenticalbirdwithdifferentbackgrounds.

ComparisonwithInfoGAN. InInfoGAN[9],thelatent
codepredictionisbasedonthecompleteimage,incontrast
toFineGANwhichusesthemaskedforeground. Dueto
this,InfoGAN’schildcodepredictioncanbebiasedbythe
background(seeFig.6).Furthermore,InfoGAN[9]does
nothierarchicallydisentanglethelatentfactors.Toenable
InfoGANtomodelthehierarchyinthedata,wetriedcondi-
tioningitsgeneratoronboththeparentandchildcodes,and
askthediscriminatortopredictboth.Thisimprovesperfor-
manceslightly(IS:48.06,FID:12.84forbirds),butisstill
worsethanFineGAN.Thisshowsthatsimplyaddingapar-
entcodeconstrainttoInfoGANdoesnotleadittoproduce
thehierarchicaldisentanglementthatFineGANachieves.

4.2.Fine­grainedobjectcategorydiscovery

WenextevaluateFineGAN’slearnedfeaturesforclus-
teringrealimagesintofine-grainedobjectcategories. We
compareagainstthestate-of-the-artdeepclusteringap-
proachesJULE[51]andDEPICT[15]. Tomakethem
evenmorecompetitive, wealsocreateaJULEvariant
withResNet-50backbone(JULE-ResNet-50)andDE-
PICTwithdoublethenumberoffiltersineachconvlayer
(DEPICT-Large). Weusecodeprovidedbytheauthors.
Allmethodsclusterthesameimageregions.
ForevaluationweuseNormalizedMutualInformation

(NMI)[48]andAccuracy(ofbestmappingbetweenclus-

Figure6.InfoGANresults.Imagesineachgrouphavesamechild
code.Thebirdsarethesame,butsoaretheirbackgrounds.This
stronglysuggestsInfoGANtakesbackgroundintoconsideration
whencategorizingtheimages.Incontrast,FineGAN’sgenerated
images(Fig.4)forsamecshowreasonablevarietyinbackground.

NMI Accuracy
Birds Dogs Cars Birds Dogs Cars

JULE[51] 0.204 0.142 0.232 0.045 0.043 0.046
JULE-ResNet-50[51] 0.203 0.148 0.237 0.044 0.044 0.050
DEPICT[15] 0.290 0.182 0.329 0.061 0.052 0.063

DEPICT-Large[15] 0.297 0.183 0.330 0.061 0.054 0.062
Ours 0.403 0.233 0.354 0.126 0.079 0.078

Table3.Ourapproachoutperformsexistingclusteringmethods.

terassignmentsandtruelabels)following[15]. Ourap-
proachoutperformsthebaselinesonallthreedatasets(see
Table3).ThisindicatesthatFineGAN’sfeatureslearnedfor
hierarchicalimagegenerationarebetterabletocapturethe
fine-grainedobjectdetailsnecessaryforfine-grainedobject
clustering.JULEandDEPICTareunabletocapturethose
detailstothesameextent;instead,theyfocusmoreonhigh-
leveldetailslikebackgroundandroughshape(seesupp.
forexamples).Increasingtheircapacity(JULE-RESNET-
50andDEPICT-Large)giveslittleimprovement.Finally,
ifweonlyuseourchildcodefeatures,thenperformance
drops(0.017inAccuracyonbirds). Thisshowsthatthe
parentcodeandchildcodefeaturesarecomplementaryand
capturedifferentaspects(shapevs.appearance).

5.Discussionandlimitations

TherearesomelimitationsofFineGANworthdis-
cussing. First,althoughwehaveshownthatourmodel
isrobusttoawiderangeofnumberofparents(Table2),
italongwiththenumberofchildrenarehyperparameters
thatausermustset,whichcanbedifficultwhenthetrue
numberofcategoriesisunknown(aproblemcommonto
mostunsupervisedgroupingmethods).Second,thelatent
modesofvariationthatFineGANdiscoversmaynotnec-
essarilycorrespondtothosedefined/annotatedbyahuman.
Forexample,ourresultsinFig.4forcarsshowthatthe
childrenaregroupedbasedoncolorratherthancarmodel
type.Thishighlightstheimportanceofagoodevaluation
metricforunsupervisedmethods.Finally,whilewesignifi-
cantlyoutperformunsupervisedclusteringmethods,weare
farbehindfully-supervisedfine-grainedrecognitionmeth-
ods.Nonetheless,wefeelthatthispaperhastakenimpor-
tantinitialstepsintacklingthechallengingproblemofun-
supervisedfine-grainedobjectmodeling.
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