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Abstract
An interestingand potentially useful vison/graphicstask
is to renderan input imagein an enhancedform or also
in a unusualstyle; for examplewith increasedsharpness
or with someartistic qualities. In previous work [10, 5],
researchersshowed that by estimatingthe mappingfrom
aninput imageto a registered(aligned)imageof thesame
scenein a differentstyleor resolution,themappingcould
beusedto renderanew input imagein thethatstyleor res-
olution. Frequently, a registeredpair is not available,but
insteadtheusermayhaveaninput imageandalsoasource
imageof anunrelatedscenethatcontainsthedesiredstyle.
In this case,thetaskof inferring theoutputimageis much
more dif�cult sincethe algorithm must both infer corre-
spondencesbetweenfeaturesin the input imageand the
sourceimage,andinfer theunknownmappingbetweenthe
images.WedescribeaBayesiantechniquefor inferringthe
most likely output image. The prior on the output image
P(X ) is apatch-basedMarkov random�eld obtainedfrom
the sourceimage. The likelihoodof the input P(YjX ) is
a Bayesiannetwork that canrepresentdifferentrendering
styles.We describea computationallyef�cient probabilis-
tic inferenceandlearningalgorithmfor inferring themost
likely output imageandlearningthe renderingstyle. We
alsoshow thatcurrenttechniquesfor imagerestorationor
reconstructionproposedin the vision literature(e.g., im-
agesuper-resolutionor de-noising)andimage-basednon-
photorealisticrenderingarespecialcasesof ourmodel.We
demonstrateour techniqueusing several tasks,including
renderinga photographin theartisticstyleof anunrelated
scene,de-noising,andtexturetransfer.

1 Intr oduction and RelatedWork
We pursuea formal methodfor modifying imagestatistics
while maintainingimagecontent.By appropriatelymanip-
ulating imagestatistics,one could for example,improve
imageclarity or modify theimageappearanceinto a more
convenient,preferable,or usefulone.For instance,oneap-
plication of our approachis demonstratedin Fig. 1. We
useaknown painting(top) to specifytheattributesthatwe
would like to transferto our input image(middle). Our
algorithminfersthelatentimage(bottom),which displays
thestylespeci�edby thepainting.

Many fundamentalproblemsin image processingare
speci�c casesof the above problem. In imagede-noising
oneseeksto removeunwantednoisefrom agivenimageto
achieve a visually clearerone. In imagesuper-resolution,
givenalow-resolutionimage,thegoalis to estimateahigh-
resolutionversionof thatsameimage.More generally, in
imagerestorationweseekto discoverwhattheoriginal im-

Figure1: Patches� usedto specifyprior -sourceimage(top),
input imageY (center),inferredlatentimageX (bottom).
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agelookedlike beforeit underwenttheeffect of someun-
known (or partially known) process.

In this paper, we will maintainthe scopeof this prob-
lem general.Thus,we refer to our methodasthat of im-
agetranslation, suggestingasimilarprocessto thatof lan-
guange translation(despitetheir clear conceptualdiffer-
ences).Besidesapproachingthe above restoration prob-
lems, our methodallows, in general,to intervenein the
imageproperties.For example,onecould try to increase
the imagephotorealism(e.g.,relative to anoriginally non-
photorealisticversion)or changetheartisticappearanceof
images(e.g.,changeapaintingstyleinto another).

A variety of recentand pastresearchwork have been
proposedto approachspeci�c problemsfrom thosemen-
tionedabove, e.g.,[9, 23, 5, 10, 15, 20, 26, 21, 19]. From
these,our approachis most closely relatedto [5, 23, 9]
sincethe joint distribution of the latent image(i.e.,image
to beestimated)is representedasa Markov RandomField
(MRF) with pairwisepotentials.However, therearesignif-
icant differences,in our work (including the latent image
representation).Theprimarydifferencespertainto:

(1) the inclusion of unknowntransformationfunctions
that relate (probabilistically) latent and observed image
patches.Thus,themodeljoint distributionis evidentlydif-
ferentfrom thatof [5, 23, 9], wherewe canthink of these
functionsasknown, asexplainedin Sec.5. Morover, here
we allow for multiple transformationfunctions. We also
show how thesetransformationscanbeestimated,instead
of assumingthatthey aregiven.

(2) theconditionalprobabilitydistribution of a patchin
the latent imagegiven a patchin the observed image. In
our casethis distribution is unknown. In previous work,
it wasassumedthat for training,an original andmodi�ed
versionof the sourceor exampleimagesweregiven (su-
pervisedlearning). In our work we drop this assumption,
we only count with patchessourceimagewith different
propertiesthanthe input image.This differenceis related
to difference(1), sinceknowledgeof the transformations
wouldmake this conditionalprobabilitypartially known.

(3) thederivationof new algorithmsfor inference.The
estimationof new parameters,the useof differentcondi-
tional independeceassumptions,andthe incorporationof
new hiddenrandomvariablesmake estimationand infer-
enceamorecomplex task.

In thegraphicsliterature,our approachis alsorelatedto
[10], in the areaof non-photorealisticrendering(alsore-
latedto [3, 4]). In this work, a userpresentstwo (source)
imageswith the samecontentandaligned,but with two
differentstyles. Given a new (input) imagein oneof the
above styles,thesystemthentransformsit into a new im-
agedisplayingthe otherimagestyle. A nearestneighbor
algorithmis thenusedto matchimagefeatures/pixleslo-
cally (similar to [3, 19]) and globally. Excellent results
were obtainedusing this method. However, full super-
vision is required,sincethe userhasto presenttwo well
alignedimagesdisplayingthedesiredrelationship.

Onecommondisadvantageof previousmethodsis that
frequentlya registeredimagepair is not available,but in-
steadthe usermay only have the input imageandalsoa
sourceimageof an unrelatedscenethat containsthe ap-
propriatestyle. In this case,the taskof inferring the out-
put imageis muchmoredif�cult, sincethealgorithmmust
both infer correspondencesbetweenfeaturesin the input
imageandthesourceimage,andinfer theunknown map-

ping betweentheimages.We proposea novel approachto
solvingthis problem.

We formalizetheproblemandsolutionin a probabilis-
tic approach,in the context of graphicalmodels[18, 6].
Thefull joint distribution in our modelis representedby a
chaingraph[14], aclassof graph-representeddistributions
that is a supersetof Bayesnetworks andMarkov random
�elds [18]. In our chaingraph,partof thenodesareasso-
ciatedto imagepatcheswhich areto be inferred. Also, a
setof patchtransformationsis usedto enforceconsistency
in the transformationusedacrossthe image. Thesetrans-
formationsareestimatedby our algorithm,thusenabling
usto discover transformationsthatrelatetheobservedand
estimatedimage.

We castthis probleminto an approximateprobabilistic
inference/learningproblemand show how it can be ap-
proachedusingbelief propagationandexpectationmaxi-
mization(EM). Our imagetranslationmethodis alsoap-
pealingbecauseof its generality. Most of the above ap-
proachesfor imagereconstructionor transformationcan
beseenasinstancesof theapproachpresentedhere,aswill
bediscussedlater.

2 Image Translation as Probabilistic Infer -
ence

We will now introducetheimagetranslationproblem.We
�rst presenttheproblemat anintuitive level. Despitesev-
eral simpli�cations, the simpledescriptionin this section
maybecomehelpful laterin thepaper. Wethenmakethese
ideasmorepreciseby introducinga formal mathematical
formulation.

2.1 Overview: Inf ormal Problem Description
An intuitiveway to summarizetheimagetranslationprob-
lem in thecontext proposedin this paperis to think of the
taskof �nding animageX thatsatis�escertaininter-patch
(e.g.,smoothness)andwithin-patch(e.g.,contrast)proper-
ties and that producesthe observed imageY after every
patchundergoesoneof severaltransformations.

In contrastwith previous work, we do not want to as-
sumethatweknow in advancethesepatchtransformations.
Also, we will mostlikely not beableto satisfyexactlyall
theabove propertiesfor thenew imageX . Thus,we con-
sidera probabilisticapproachwheregivenanoriginal im-
ageY, we try to constructa probableimageX (1) which
is formedby takingsamplepatchesfrom a patchdata-set
(or dictionary), (2) whosepatchesare constrainedto ap-
proximatelysatisfycertainlocal inter-patchproperties,and
(3) whosepatchesarerelatedto correspondingpatchesin
the original imageY by one or more unknown but lim-
ited patch transformations. We would also like to esti-
matethesepatchtransformations,the degreeof certainty
we shouldhave in thesetransformationsfor eachpatch,
andhow probablea reconstructedimageis with respectto
another, e.g.,a posteriormarginal probability distribution
overX .

2.2 De�nitions and Setup
We considerimagerepresentationsbasedona setof local,
possiblyoverlapping,patchesde�ned simply as a set of
pixels.Let Y 2 I Y beanimageformedby asetof patches
yp, with p 2 P, P = f 1; ::; Pg andyp 2 < S . In this
paper, S is thenumberof pixelsin eachpatch(thisassumes
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Figure 3: Sub-graphrepresentinglocal conditional indepen-
dencesfor eachobserved imagepatch. The variable� is ®xed
for all patchesandit is usuallygiven in the form of the source
image(s).

This is equivalent to sayingthat a transformationtp will
have conditionalprobability one, only if its patchx p is
equalto thepatchtakenfrom thedictionary� usingtrans-
formationtp (herewe assumethat theset� is suchthat it
producesuniquepatches).

3 Algorithms for Learning/Inference
Let usanalyzethesystemassociatedto thechaingraphin
Fig. 2. First we canseethat it containsanundirectedsub-
graphwith loops.Evenif all themodelparameters� were
known 3, inference(computingtheconditionaldistribution
over theimageX , giventheimageY) is still computation-
ally intractablein general(in the sameway asMAP esti-
mationis). More speci�cally, this problemhascomplexity
O(jK j jP j ), with jK j thenumberof possiblestatesthateach
patchxp cantake.

Learningthemodelparametersis alsointractable,ascan
be seenfrom computingthe derivativesof Eq. 2 with re-
spectto thevariablesof interest.However, thereexist ap-
proximationalgorithms;one of them, basedon alternat-
ing optimizations[1], is ExpectationMaximization(EM).
EM requirescomputingposteriordistributionsoverl andt ,
that in turn requirescomputingconditionalmarginal dis-
tributions for eachnodeof the undirectedportion of our
chaingraph.As we have seen,this is computationallyin-
tractable. Thus, it seemsthe key problemis to compute
theconditionalmarginaldistributionoverthelatentpatches
xp. In the following sectionwe explain how this is done
usinganapproximation.

Even thoughlearningcanbe seenasan instanceof in-
ference,we divide this sectioninto (1) inferring the latent
image(usuallyreferredto asinference)and(2) estimating
themodelparameters(usuallyreferredto aslearning).

3.1 Inferenceand ApproximateE-step
We assumethe readerhave somefamiliarity with theEM
algorithm(seee.g.,[17, 2]). Theintractabilityof computing
theE-stepexactlycanbeseenasfollows. In ourmodel,the
E-stepis equivalentto computingtheposterior:

P(l ; t jY ) /
Z

X

Y

p2P

p(yp jlp; tp)P(tp jxp)p(X )dX ; (6)

but wecannotsolvethis integral; thusweareforcedto �nd
anapproximateway to performtheE-step.

Approximating observed patch conditional distribu-
tions. Let us say that � l and 	 p have somevalue ( we
could initialize � l and 	 p to a randommatrix for eachl
andp). Then,for every p andl , we canselectthesetK lp

3moreimportantly, if thetransformationindicestp wereknown.

of K mostlikely topologicaltransformationsgiventhedic-
tionary� . This canbeeasilydonefor eachpatchandeach
� l once P(tp; lp jyp) (seebelow) is computedfor every
topologicaltransformationtp by taking thosewith high-
est probability per patch. This takes O(TL) probability
evaluationsperpatch.Theapproximationis necessaryfor
computationalreasonsandcanbemadeasexactasdesired.
This approximationwasalsousedin a similar way in [5];
it accountsfor cuttingoff the long tails of the joint distri-
bution P(tp; lp jyp) by ignoring very unlikely topological
transformations.

Usingthissuccinctrepresentation,wecanthencompute
anapproximateE-step.This is equivalentto inferring the
imagepatchesxp giventheparameterssofarestimatedand
thecurrentposteriordistributionsovertp. Notethat(1)X is
conditionallyindependentof therestof themodelvariables
given t and(2) we cancomputethe marginal-conditional
distributions over tp aloneby simply using P(tp jyp) =P

l p
P(tp; lp jyp).

Inferring the latent image.We havereducedourprob-
lem to thatof inferring a distribution over thestatesof X
givena distribution over tp for all p. Oneway to perform
thiscomputationis by performingloopybeliefpropagation
in theMRF for X to computetheposteriormarginalsover
eachp(xp). Loopy beliefpropagationaccountsfor approx-
imating p(xp) by using the belief propagationmessage
passingupdatesm i ! j [18] for several iterations,which in
ourmodelcanbeformally writtenasfollows:

mi ! j (x j ) =
X

x i = si

P(x i jt i ) ij (x i ; x j )
Y

k2N ( i )nj

mk ! i (x i )

bi (x i ) = P(x i jt i )
Y

k2N ( i )

mk ! i (x i );

with N (i ) theneighborsandsi thecandidatesfor x i .
In the absenceof loops, theseupdatesguaranteethat

uponconvergencethemarginal probabilitiesp(x i jY ), ob-
tainedby simplynormalizingbi (x i ), wouldbeat leastata
localminimumof thecorrespondingBethefreeenergy [25]
of the(conditional)MRF. Thedomainof x p is in practice
discretesincethe probability distribution is concentrated
only at the candidatepatchesgiven by K lp . Thus,every
full iterationhascomplexity O(K 2). With knowledgeof
the (approximate)conditionalmarginals,the E-stepfrom
Eq.6 is thengivenby:

P(tp; lp jyp) / p(xp)P(tp jxp)P(lp)p(yp jlp; tp): (7)

Oncethis is done,we canthenperformthe M-step(as
explained next) and iterate the EM algorithm as usual.
Eventhoughloopy beliefpropagationis notexact(clearly,
sincethis problemcannotbesolvedexactly) andnotguar-
anteedto converge,somerecentwork supportsthisapprox-
imation [8, 12, 16, 24]. Other approximationshave also
beensuggested(e.g.,[22, 11, 9]). In our caseloopy belief
propagationseemto provide accurateposteriormarginals
for theexperimentsperformednext.

3.2 Learning the Translation Parameters
Once we performed the E-step, the M-step optimizes
the expectedvalue of the model joint distribution under
P(tp; lp jyp) with respectto the modelparameters� l and
	 p. This can be doneby computing�rst derivatives,as



in aMAP estimatesetting.For lineartransformationfunc-
tions,wecanobtainaclosed-formsolutionfor theoptimal
valuesof theparameters:

� l =

P
p

P
t p

P(tp; lp jyp)yp(� t p � )>

P
p

P
t p

P(tp; lp jyp)(� t p � )(� t p � )> (8)

	 p =
1

Zp

X

t p

X

l p

P(tp; lp jyp) (9)

(yp � � l p (� l t � ))( yp � � l p (� l t � ))> ; (10)

with Zp =
P

t p

P
l p

P(tp; lp jyp).
For non-lineartransformationfunctions,we needto use

non-linearfunction optimization,suchas gradientmeth-
ods.In any case,thegradientcanbecomputedef�ciently .

In summary, learning/inferencecan be done exactly
only up to inferring themarginal distribution of the latent
patches(a problemwhich is in NP). Oneway aroundthis
problemis to approximatethesemarginaldistributionsand
usethemto updatethemodelparameters.

4 Experimental Results
Weillustratetheimagetranslationmethodin diversetasks.
Usingour method,thesetaskscanall beseenasinstances
of thesameproblem.In eachtask,betweenfour andseven
transformationsL werechosen.For all tasksthe dimen-
sionalityof thelatentandobservedimagepatcheshasbeen
reducedin dimensionalityby 25% using PrincipalCom-
ponentAnalysis. This is mainly of numericalconcern
sinceeven a 20 � 20 patchwill generatea vectorof di-
mensionality400, for which it is hard to computestatis-
ticsusing�nite precisioncomputationsandsmalldatasets.
All thepatchesconsideredin theseexperimentsaresquare
patches.Theoverlapbetweenneighboringpatchesusedin
Eq.4 to computethecliquepotentialsis de�ned to betwo
pixels deep. We usethe luminancevalue(from the YIQ
color space)asour representationfor eachpixel (instead
of its RGB values)[10], unlessotherwisenoted.For color
images,thecolor components(IQ) arethensimply copied
to the �nal estimatedimage. Most imagescan be better
examineddirectly from thecomputerscreen.

4.1 De-blurring / De-noising
For our �rst task, we strongly down-sampleda photo-
graphicimageasseenin Fig. 4(left). This will beour ob-
servedimageY. Weusedfour transformationsand15� 15
patchesfor bothobservedandlatentimage.Our goal is to
obtaina higher-resolutionversionof the observed image.
Thus,asourdictionary, weusedphotographicpatcheswith
the desiredresolution(femalefacephotos). The result is
shown in Fig. 4(right). Note that the systemwasable to
infer thehigh-resolutionpatchesextremelywell, giventhe
informationpresentin theconsiderablydegradedinput im-
age(also,seevideo for MAP estimatesat eachiteration).
In previous work's experimentalevaluation,we have not
yet seentestsperformedwith this level of degradationin
theinput image.Notethatour modelis meantto solve the
moregeneraltaskof learningarbitraryconvolutionkernels
i.e.,not just de-bluringkernel.

4.2 TextureTransfer
In this experimentthegoal is to make our input imageac-
quire the texture of an unrelatedsourceimage. For this

Figure4: Input image(left) andinferredimage(MAP)(right).

Figure5: Textures.

taskweusedpatchesof size35� 35andL = 4. Wechose
two texturesfrom theBrodatztexturedatabaseandapplied
themto theimagein Fig. 6(top).Theresultsshow thatthe
samealgorithmcanalsoperformthis taskcorrectly. Note
thateventhelargescalepropertiesof thebottomtextureare
accuratelydisplayedby thecorrespondinginferredimage.

4.3 Translating Artistic Rendering
In thenext experiment,weapplyrenownedartisticstylesto
theinputimages.For thisweuseanimageof awell known
paintingby VanGogh,shown in Fig. 1(top),asthe image
with thedesiredattributes,andthephotoin Fig. 1(center)
asthe input. We usedL=4 anda 30 � 30 patchsize. We
canseethatthe inferredimagein Fig. 1(bottom)inherited
the local patchstatisticsandalsoglobal featuresfound in
thesourcepainting.We repeatedtheexperimentusingthe
sameVanGoghpainting,but variedthe input image.The
resultsareshown in Fig. 7. This imagealsoacquiredthe
correctstyle. However, Lena's eyescouldnot be inferred
with enoughaccuracy (or pleasingartisticdetail),perhaps
becauseof lack patcheswith the correctpropertiesin the
original painting. In the next example,we usea painting
with differentpropertiesassourceimage.Therelatedim-
agesareshown in Fig.8. Finally, in orderto morecarefully
observe thedetailsin theimagetranslation,zoomed-inar-
easof previous examplesourceand inferred imagesare
shown in Fig. 9.

5 Relation to PreviousMethods
We now brie�y compareour modelwith several relevant
approaches,proposedto solve more speci�c problems.
The model in [5], wasproposedto performimagesuper-
resolution.Usingour framework, thisapproachcanbeob-
tainedby (1) settingL = 1, i.e.,useonly onetransforma-
tion and(2) � 1 equalto a �x edandknown low-pass�lter;



Figure6: Input imageY (top). Below aretheinferredlatentimagesX (left) andtextures� (right). Oneexampleis shown in themiddle
row andanotherin thebottomrow.

Figure8: Sourceimage� : Cisternin thePark at ChateauNoir by Cezanne(left), input imageY (center),inferredimageX (right).

in [5] thereis noneedto estimate� becauseit is given.An-
otherimportantdifferenceis thattheinputto thisalgorithm
is differentthantheinput to ouralgorithm.This modelas-
sumesthatthereexistasetof imagepairsfor training.Each
pair consistsof thehigh andthe low resolutionversionof
animage(thelow-resversioncanbesimplygeneratedus-
ing thelow-pass�lter transformation).Ouralgorithmdoes
not assumethat we have accessto theseimagepairs for
training, but that we only have accessto oneimagewith
thedesiredstatistics.This a muchmoredif�cult computa-
tional andmodelingtaskwhich alsohasimportantpracti-
cal implications:it is morerestrictive to haveto �nd apair
of perfectlyalignedimages,onewith thedesiredstatistics
(e.g.,style)andtheotheroneobtainedin thesamemodeas
theinput imagewe hold.

The model presentedin [10], proposed for non-
photoreaslistcrenderingis also, like [5], a model where
it is assumedthatthereexist a setof imagepairsfor train-
ing, with thestatisticsof Y andX . � is not given,but in
thesupervisedapproachtakenin thiswork, � canbeeasily
found. More speci�cally, � is the equivalentof a nearest
neighboralgorithm,which is easyto compute(given the
trainingimagepair). Largescaleconsistency wasachieved
usingalsoanearestneighborapproach,whichin ourmodel
is equivalentto learningthe distribution over X from our
sampleimagesandusingit to de�ne theMRF energy func-
tion (i.e.,effectively replacingEq.4)

Inferencein [9] canbe seenas inferencein our model
usingonly the MRF sub-graph,with observationsy p di-
rectly linkedto unobservednodesx p. Also, insteadof be-

lief propagation,in [9] MonteCarlo techniqueswerepro-
posedto infer thehiddenstateof theimagepatchesx p.

6 Conclusions
The imagetranslationapproachproposedhereprovidesa
generalformalismfor theanalysisof avarietyof problems
in imageprocessingwherethegoal is to estimatea unob-
served imagefrom anotherobserved one. Theseinclude
anumberof fundamentalproblemspreviouslyapproached
usingseparatemethods.In this sense,the imagetransla-
tion approachcanbe of practicalandtheoreticalinterest.
Several practicalextensionsare possible,for examplein
thechoiceof a differentapproximateinferencemethod,in
the choiceof clique potentialfunctionsusedin the MRF,
or in theform of thepatchtransformations.Thesechanges
are likely to be applicationdependent,andcanbe easily
incorporatedwithin theframework presentedhere.
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