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UnsupervisedImageTranslation

Abstract
This paper introducesa general unsupervisedlearning
framework for imagetranslation. Our framework allows
for animagestyle to bereplacedby a differentone(keep-
ing the sameimage content)by specifyingexamplesof
imageswith the desiredstyle properties.We usea prob-
abilistic approach,presentedin the context of graphical
models. The foundationof our approachis to transform
known imagepatcheswith thedesiredstatisticsto patches
found in the original image using a set of transforma-
tions. Thesetransformationsareunknown, thusthey must
be learned,while alsokeepingoverall imageconsistency.
We castthis probleminto anapproximateprobabilisticin-
ferenceproblemandshow how it canbe approachedus-
ing belief propagationandexpectationmaximization.We
alsoshow thatcurrenttechniquesfor imagerestorationor
reconstructionproposedin the vision literature(e.g., im-
agesuper-resolutionor de-noising)andimage-basednon-
photorealisticrenderingare specialcasesof our frame-
work. Experimentalresults are presentedin the tasks
of: increasingthe photorealismof artistic paintings,de-
noising images,andtransformingimagesbetweendiffer-
entartisticstyles.

1 Intr oduction and RelatedWork
Wepursueaformal framework for modifying imagestatis-
tics while maintainingimagecontent. By appropriately
manipulatingimagestatistics,onecould,for example,im-
prove imageclarity or modify a given imageappearance
or style into anotherthat could be moreconvenientor in
generalpreferable.

Many fundamentalproblemsin image processingare
speci�c casesof theabove problem. For example,in im-
agede-noisingoneseeksto remove'unwanted'noisefrom
a given imageto achieve a visually clearerone. In image
super-resolution,givena low-resolutionimage,thegoal is
to estimatea high-resolutionversionof that sameimage.
In general,in imagerestorationoneseeksto discoverwhat
theoriginal imagelooked like beforeit underwenttheef-
fectof someunknownor partiallyknown process.Speci�c
applicationsinclude imageresizing, imagecompression,
format conversion(suchasNTSC to HDTV), de-bluring,
etc.

In thispaper, wewill maintainthescopeof thisproblem
asgeneralaspossible.Thus,we referto our framework as
that of imagetranslation.Besidesapproachingthe above
'restoration'problems,our framework allows, in general,
to intervenein the image properties. For example,one
could try to increasethe imagephotorealism(e.g.,relative
to anoriginally non-photorealisticone)or changetheartis-
tic appearanceof images(e.g.,changea painting style to
another).

A variety of recentand pastresearchwork have been
proposedto approachspeci�c problemsfrom thosemen-
tionedabove, e.g.,[9, 23, 5, 10, 16, 21, 26, 22, 20]. From
these,our approachis most closely relatedto [5, 23, 9]
(Freemanet. al., Weiss,andGeman-Geman)in the sense
thatwe choseto representthemarginal distribution of the

latent image(i.e.,imageto be estimated)as a MRF with
pairwisepotentials.However, therearesigni�cant differ-
ences,in our work (evenregardinglatentimagerepresen-
tation).Theprimarydifferencespertainto:

(1) the inclusion of unknown transformationfunctions
that relate (probabilistically) latent and observed image
patches.Thus,themodeljoint distribution is evidentlydif-
ferentthanthatof [5, 23, 9]. Moreover, in ourwork, wedo
notassumethesetransformationsareknown, andwetry to
estimatethem.

(2) the useof multiple transformationfunctions. Even
thoughprevious modelsdid not considerthe useof these
functions, we will seethat from our perspective, in [5]
thesetransformationscanbe thoughtof asjust onetrans-
fromation,which is known and�x ed(i.e.,a �x edlow-pass
�lter). Here,we will allow multiple unknown tranforma-
tions.

(3) thedistribution of patchesin the latentimagegiven
patchesin theobservedimage(or vice-versa). In our case
this is not known. This wasa simplifying assumptionin
previouswork, sinceit wasassumedthat for training, the
originalandmodi�ed versionof theimageweregiven(su-
pervisedlearning). In our work we drop this assumption,
thusweonly workwith examplesof the'modi�ed' images.

(4) thederivationof new algorithmsfor inference,since
modelvariablesanddependenciesaredifferent. Formally
ourprobabilisticmodelcannotberepresentedasadirected
or undirectedgraphicalmodelasit is thecasefor theabove
approaches,but insteadasachaingraph[15].

In thegraphicsliterature,our approachis alsorelatedto
[10], in the areaof non-photorealisticrendering(alsore-
latedto [3, 4]). In this work, a userpresentstwo images
with thesamecontent,but with two differentstyles.Given
a new imagein oneof the above styles,the systemthen
appliestheotherimagestyleto it. In [10], full supervision
is required,theuserhasto presenttwo well alignedimages
displayingthedesiredrelationship.A nearestneighboral-
gorithmis thenusedto matchthefeatureslocally (similar
to [3, 20]) andglobally. By contrast,our approachis fully
probabilisticmotivatedandunsupervised,weonly needar-
bitrary exampleimage(or images)exhibiting the desired
statistics(i.e.,nopair of imagesor alignmentis needed).

We proposea new andgeneralframework for unsuper-
visedimagetranslationthatencompassestheabove prob-
lems.In ourframework,wespecifythepropertiesor statis-
tics of thedesiredimageby providing samplesdisplaying
thesestatistics.We formalizetheproblemandsolutionin
a fully probabilisticapproach,in the context of graphical
models[19, 6]. The full joint distribution in our modelis
representedby a chaingraph,a classof graphsintroduced
in theeighties[15], which is a supersetof Bayesnetworks
andMarkov random�elds [19]. Chaingraphsinvolveboth
undirectedanddirectedacyclic graphs,andasthesethere
areformalcriteriafor readingits nodeindependecies[14].

In ourchaingraph,partof thenodesin thegraphareas-
sociatedto imagepatcheswhichareto beinferred.Aslo, a
setof patchtransformationsis usedto enforceconsistency
in the transformationusedacrossthe image. Thesetrans-
formationsareestimatedby our algorithm,thusenabling
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Figure1: Desiredstatistics� (left), input imageY (center),inferredlatentimageX (right).

usto discoverwhattransformationsrelatetheobservedand
estimatedimage.As wewill see,transformationsalsoease
the inferenceproblem,which is proven to be unfeasible
evenfor smallproblemsizes.

We castthis probleminto an approximateprobabilistic
inference/learningproblem and show how it can be ap-
proachedusingbelief propagationandexpectationmaxi-
mization (EM). Our imagetranslationframework is also
appealingbecauseof its generality. Most of theaboveap-
proachesfor imagereconstructionor transformationcanbe
seenasspeci�c instancesof the approachherepresented,
aswill bediscussedlater.

2 Image Translation as Probabilistic Infer -
ence

We will now introducetheimagetranslationproblem.We
�rst presenttheproblemat anintuitive level. Despitesev-
eraloversimpli�cationsandvagueness,wehopethesimple
descriptionin thissectionbecomehelpfulfor therestof the
paper. We thenmake theseideasmorepreciseby present-
ing a formal mathematicalframework.

2.1 Overview: Inf ormal ProblemDescription
Let us �rst presentan informal but more intuitive way
to summarizethe imagetranslationproblemin the con-
text proposedin this paper. Image translationcan be
thoughtof astheproblemof �nding animageX thatsatis-
�es certaininter-patch(e.g.,smoothness)andwithin-patch
(e.g.,contrast)propertiesand that producesthe observed
imageY afterevery patchundergoesoneof severalpatch
transformations.

Differentthanpreviouswork, wedonotwantto assume
that we know what thesepatchtransformationsare, and
surelywe will mostlikely not beableto satisfyexactlyall
theseproperties.Thus,we considera probabilisticframe-
work wheregivenanoriginal imageY, we try to construct
a probableimageX (1) which is formedby takingsample
patchesfrom a patchdata-set(or dictionary), (2) whose
patchesareconstrainedto approximatelysatisfycertainlo-
cal inter-patchproperties,and (3) whosepatchesare re-
lated to correspondingpatchesin theoriginal imageY by
oneor more unknown but limited patchtransformations.
Wewouldalsoliketo estimatethesepatchtransformations,
the degreeof certaintywe shouldhave in thesetransfor-
mationsfor eachpatch,andhow probablea reconstructed
imageis with respectto another, e.g.,a posteriormarginal

probabilitydistributionoverX .

2.2 De�nitions and Setup
In this paper, we considerimagerepresentationsbasedon
asetof local,possiblyoverlappingpatches,de�nedsimply
asa setof pixels. Let Y 2 I Y be an imageformedby
a setof patchesyp, with p 2 P, P = f 1::Pg. Assume
patchyp 2 < S , with S thenumberof pixels in thepatch
(this assumesone real value per pixel, however S could
alsoaccountfor representationsusingpixelswith multiple
channels). We will call Y the input or observed image.
Consideralsoa latentimageX 2 I X , with patchesxp 2
< T (thepatchsizedoesnothave to bethesameasabove).
X will be the imageto beestimated,andtherefore,it will
beunknown.

Let � 2 I X denotea known image(or seriesof im-
ages),heresimply referredto asthedictionaryimage.As-
sumethatthesetof patchesin � area representative sam-
ple which possessesthepatchstatisticsthatwe wish X to
display.

Considerasetof patchtransformations(i.e.,patchtrans-
lators) � = f � gl : < S ! < T , with l = f 1::Lg. In
our model,thegoal of a single� l is to transforma latent
patchinto an observed patch. Thesetransformationsare
initially unknown, andwe will try to estimatethem. Es-
timating themintuitively accountsfor discovering the set
of 'painters' (or styles)that were usedto paint imageY
from a 'model' imageX . Note that therecanbemultiple
'painters',perhapseachof themspecializingin aparticular
imagetransformation.Wedenotethel � th transformation
in patchp asthe�nite randomvariablelp. l = (l1; :::; lP )
will bevectorof patchtransformations.

Wewill consideranotherclassof transformations,topo-
logical transformations,that can preform, for example,
patch horizontaland vertical translation. Thesewill be
usedasfollows: apatchfrom � will bemovedhorizontally
andvertically to bepositionedat a new locationin image
X . This classof 2D transformations(2D translations)are
de�ned to be the �nite setof sparsepermutationmatrices
� , in a mannersimilar to [7]. In our case,eachelementis
amatrix � k of dimensionsS � j� j, with j� j thenumberof
pixels in the dictionaryimage� . Thus,for simplicity, in
the future thedictionaryimage� is representedasa long
1D vectorformedby stackingall thepatches.We thenre-
strict � k to be a binary sparsepermutationmatrix of the
form:
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Figure2: Chaingraphrepesentingthe model joint probability
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(1)

which only accountsfor copying and translatinga group
of neighboringpixelsby anintegernumberof pixelshori-
zontallyandvertically. This restrictionis not necessary, it
is straightforwardto considerotherclassesof transforma-
tionssuchasrotationor shearing,usingthesamerepresen-
tation. We usetherandomvariablet to denotethe t � th
elementof theset� , andt = (t1; :::; tP ) will be thevec-
tor of thetopologicaltransformationsfor all patchesin the
image.

2.3 Probabilistic Model
Givenourrepresentationalelements,wede�nedourmodel
to have joint probability distribution representedby the
chaingraphof Fig. 2, whichcanbefactorizedastheprod-
uct of local conditionalprobabilitiesassociatedto the di-
rectededgesandpositive potentialfunctionsassociatedto
theundirectededges[15, 19, 6, 13]:

p(Y; X ; l ; t j� ; � ; � ) =
Y

p2P

p(yp jlp; tp; � ; � ; � )

Y

p2P

P(tp jxp)
Y

p2P

P(lp)
1
Z

Y

c2C

 c(xp2 c); (2)

with f p 2 cg denotingthesetof latentimagepatchesthat
belongto cliquec in theMRF attheupperlayerin Fig.2, C
thesetof cliquesin theMRF sub-graph,and c theclique
potentialfunctions.

In this paper, every imagepatchy p is de�ned to have a
Gaussiandistributiongiventhepatchtransformationindex
lp and the topologicaltransformationtp, with the condi-
tional independencepropertiesas shown in the graphin
Fig. 3:

p(yp jlp; tp; � ; � ; � ) = N (yp; � l p (� t p � ); 	 p); (3)

where� = f � ; 	 g is usedto succinctlydenotethemodel
parametersand 	 = f 	 pgp2 P . For this paper, we set
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Figure3: Sub-graphrepresentinglocal conditionalindependen-
ciesfor eachobservedimagepatch.Thevariable� is ®xedfor all
patchesandit is givenin theform of theexampleimage(s).

� i to be a linear transformation.Of course,this is not a
restrictionthat we are imposingin our model 1. It may
beadvantageousto alsoallow non-lineartransformations.
However, our probabilisticmodelasa wholeis still highly
non-linear. Fig. 3 is a sub-graphtakenfrom thefull graph
in Fig.2, representinglocalconditionalindependenciesfor
eachobservedimagepatch.

In ourcase,weconsiderp(x) to beapairwiseMRF, thus
every clique c only containstwo patchesc1 andc2. Thus
wesimplyhave:

 (xp2 c) = e� d(x c 1 ;x c 2 )=2� 2
(4)

We will used to be the L 2 norm of overlappingareas
in the referredpatches,in a way similar to [5], aswill be
explainedlater.

In orderto link ourdiscretetransformationrandomvari-
ablewith thecontinuouslatentrandomvariableX , weuse
thedeterministicrelationship:

p(tp jxp) =
�

1 if xp = � t p �
0 otherwise: (5)

This is equivalentto sayingthata transformationtp will
have conditionalprobability one, only if its patchx p is
equalto thepatchtakenfrom thedictionary� usingtrans-
formationtp.

3 Algorithms for Learning/Inference
Let usanalyzethesystemassociatedto thechaingraphin
Fig. 2. First we canseethat it containsanundirectedsub-
graphwith loops.Evenif all themodelparameters� were
known 2, 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.

Learning the model parametersis also intractable,as
canbe seenfrom computingthederivativesof Eq. 2 with
respectto the variablesof interest. However thereexist

1Remark:sincetheinferredpatchesarenot theresultof a linearfunc-
tionof theobservedimagepatches,thisisdifferentthansimplytransform-
ing theimagepatcheslinearly. Instead,it is a constrainton the�exibility
thateachof theL transformationsis allowedto have.

2moreimportantly, if thetransformationindicestp wereknown.



approximationalgorithms;on of them,basedon alternat-
ing optimizations[1], is ExpectationMaximization(EM).
However, usingEM requirescomputingposteriordistribu-
tionsoverl andt thatin turnrequirecomputingconditional
marginaldistributionsfor eachnodeof theundirectedpor-
tion of our chaingraph. As we have seen,this is compu-
tationallyintractable.Thus,it seemsthekey problemis to
computetheconditionaldistribution over the latentimage
X . In thefollowing sectionwe explainhow this is done.

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

3.1 Inferenceand ApproximateE-step
We assumethe readerhave somefamiliarity with theEM
algorithm,for moreinformation,seee.g.,[18, 2]. The in-
tractabilityof computingtheE-stepexactly canbeseenas
follows. In our model,theE-stepis equivalentto comput-
ing theposterior:

P(l ; t jY ) /
Z

X

Y

p2P

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

=
Z

X

Y

p2P

[p(yp jlp; tp)P(tp jxp)]p(X )dX ;(7)

but we cannoteven computep(X ) for the reasonsex-
plainedabove. Giventhatwe cannoteasilycomputethese
posteriorprobabilitiesexactly, weareforcedto �nd anap-
proximateway 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
of K mostlikely topologicaltransformationsgiventhedic-
tionary� . Thiscanbeeasilydonefor eachpatchandeach
� l by computing:

P(tp; lp jyp) / P(tp)P(lp)N (yp; � l p (� t p � ); 	 p); (8)

for every topological transformationtp and taking those
with highestprobabilityperpatch.ThistakesO(TL) prob-
ability evaluationsperpatch.Theapproximationis neces-
saryfor computationalreasonsandcanbe madeasexact
asdesired.It accountsfor cuttingthelong tails of thejoint
distributionP(tp; lp jyp) by ignoringveryunlikely topolog-
ical transformations.

Using this succint representation,we can then com-
pute an approximateE-step. This is equivalent to infer-
ring the imageX given the parametersso far estimated
andthe currentposteriordistributionsover tp. Note that
(1)X is conditionallyindependentof therestof themodel
variablesgiven tp and(2) we cancomputethe marginal-
conditional distributions over tp alone by simply using
P(tp) =

P
l p

P(tp; lp jyp).
Inferring the latent image. We canseethatnow have

reducedourproblemto thatof inferringadistributionover
the statesof X given a distribution over tp. This is done
by performingloopy belief propagationin theMRF for X
to computetheposteriormarginalsover p(X ). Loopy be-
lief propagationaccountsfor approximatingthe posterior

marginalsfor singlepatchesp(x p) by usingbelief propa-
gationmessagepassingupdatesM ij [19] over several it-
erations,which in our model can be formally written as
follows:

M ij (x i ; x j ) =
X

x i

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

k2N ( i )nj

M k i ; (9)

with N (i ) theneighborsof patchx i .

bi (x i ) / P(t i jx i )
Y

k2N ( i )

M k i (10)

In theabsenceof loops,theseupdatesguranteethatupon
convergencethe marginal probabilitiesp(x i jY ), obtained
by simply normalizing= bi (x i ), would be at leastat a
local minimum of the correspodingenergy function. The
domainof xp is in practicediscretesincethe probability
distribution is concentratedonly at the candidatepatches
given by K lp . Thus, every full iteration hascomplexity
O(K 2). With knowledgeof the(approximate)conditional
marginals,theE-stepfrom Eq.7 is thengivenby:

P(tp; lp jyp) / p(xp)P(tp jxp)P(lp)N (yp; � l p (� t p � ); 	 p) (11)

Oncethis is done,we canthenperformthe M-step(as
explinednext) anditeratetheEM algorithmasusual.Even
thoughloopy beliefpropagationis notexact(clearly, since
this problemcannotbesolvedexactly) andnot guaranteed
to converge,somerecentwork stronglysupportsthis ap-
proximation[8, 12, 17, 24, 25]. Otherapproximationshave
alsobeensuggested(e.g.,[11, 9]). In our caseloopy belief
propagationseemto provide accurateposteriormarginals
for theexperimentsperformednext.

3.2 Learning the Translation Parameters
Oncewe have performedtheE-step,theM-stepoptimizes
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 a MAP 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 � )> (12)

	 p =
1

Zp

X

t p

X

l p

P(tp; lp jyp) (13)

(yp � � l p (� l t � ))( yp � � l p (� l t � ))> ; (14)

with Zp =
P

t p

P
l p

P(tp; lp jyp).
For non-linear transformationfunctions, we are need

to usenon-linearfunction optimization,suchasgradient
methods.In any case,the gradientcanbe computedef�-
ciently.

In summary, learning/inferencecanbedoneexactlyonly
upto inferringthemarginaldistributionof thelatentmodel
patches(a problemwich is at leastin NP). Thus,we ap-
proximatedthesemarginal distributions and usethem to
updatethemodelparameters.



(a) (b)

Figure4: (a) Input image,(b) MAP estimate.

4 Experimental Results
We illustrate the imagetranslationframework in diverse
tasks. Thesetaskscan all be seenas instancesof the
sameproblemusingour framework. In eachtask,a given
numberof transformationswaschosen(betweenfour and
seven), and imageswith the desiredpropertieswerealso
selected.Also, for all tasksthe dimensionalityof the la-
tent andobserved imagepatcheshasbeenreducedin di-
mensionalityby 25%usingPrincipalComponentAnalysis.
This is mainlyof numericalconcernsincea 20� 20patch
will generatea vectorof dimensionality400, for which it
is hardto computestatisticsusing�nite precisioncompu-
tationsandsmall datasets.All the patchesconsideredin
theseexperimentsaresquarepatches.Theoverlapbetween
neighboringpatchesusedin Eq. 4 to computethe clique
potentialsis de�ned to betwo pixelsdeep.In all examples,
we usetheluminancevalue(from theYIQ color space)as
our representationfor eachpixel (insteadof its RGB val-
ues)[10], unlessotherwisenoted. For color images,the
color components(IQ) arethensimply copiedto the �nal
estimatedimage.

4.1 De-blurring / de-noising
For our �rst task, we strongly down-sampleda photo-
graphicimageasseenin Fig. 4(a). This will be our ob-
servedimageY. Weusedfour transformationsand15� 15
patchesfor bothobservedandlatentimage.Our goal is to
obtaina higher-resolutionversionof the observed image.
Thus,asourdictionary, weusedphotographicpatcheswith
thedesiredresolution(photostakenfrom theWWW). The
resultis shown in Fig. 4(b). Notethatthesystemwasable
to infer the high-resolutionpatchesextremelywell, given
the information presentin the considerablydegradedin-
put image.In previouswork'sexperimentalevaluation,we
have not seentestsperformedwith level of degradationin
theinput image.

4.2 IncreasingPhotorealism
In the next task,our goal is to improve the photorealism
of the observed image. This is perhapsthe mostdif�cult
task,arguablybecausethevisual systemis probablyvery
sensitive to noticenon-photorealisticeffects. For this, we
usean imagefrom a artistic paintingas input. We chose
� ve transformationsanda patchsizeof 20 � 20. The re-
sulting inferredimageis shown in Fig. 5(b). As dictionay
we usedseveralfacephotostakenfrom theWWW, shown

(a) (b)

(c)

Figure5: SoldierImages:(a) Input image,(b) MAP estimate,
(c) Sampledictionarypatches

in Fig. 5(c). The input imagecontainsa combinationof
artistic strokesof variousforms andscaleschosenby the
painter. Thus,thereis no singletransformationthatcould
'properly un-paint' all of theseimageareasequallygood.
Theinferredimagestill exhibitssomeof thepaintingdetail
thatcanbeexplainedby patchesthatcontainthestatistics
foundin thedictionaryandthatmaketheinputimagemore
photo-like.

4.3 Translating Artistic Rendering
In thenext experiment,we will try to applyartisticstyles
to otherimages.For this we usea photographicimageas
input (Fig. 7(a)), anda known real painting(Fig. 7(c)) to
providethepatchstatisticsdesiredin theoutput(latent)im-
age.Weusedfour transformationsanda15� 15patchsize.
We can seethat the imageobtained(Fig. 7(b)) inherited
thelocalpatchstatistics.However, it seemsthatata larger
scale,themodelwasnot suf�cient to capturethestructure
of thelongerstrokesdisplayedin thepainting.This could
perhapsbe accountedfor by increasingthe spatialextent
of clique potentialsin theMRF or by increaingthepatch
size.Thesetwo possibilitieswill obviously requiregreater
computationaleffort.

In Fig. 8(a)we show theusagemapof eachpainter� i
(the most likely transformationusedat eachpatch). We
have appliedeach� i to the infered imageto observe if
thereis a differencein the work doneby eachof them.
In Fig. 8(b), we canseethateach� i performsa different
action. We canalsoseein the usagemapthat a transfor-
mationis preferredin differentregionsof the image. For
examplethereis a transformationthat is preferredto paint
the waterand the sky, andother transformationsto paint
treesandland, probablydependingon the texture. Thus,
giventhenoticeabledifferencesbetweenthesetransfroma-
tions,weconcludethatseveraltransformatonsarelikely to
bepreferable(ratherthanasingleone),in orderto infer the
imageabove.

5 Relation to Curr ent Methods
In orderto provide with a broaderperspective on thegen-
eral problemof imagetranslationand the methodsused,



Figure6: Desiredstatistics� (left), input imageY (center),in-
ferredlatentimageX (right).

we brie�y compareour model with several relevant ap-
proaches,proposedto solvemorespeci�c problems.

Themodelin [5], wasproposedto performimagesuper-
resolution.Usingour framework, thisapproachcanbeob-

(a)

(b)

(c)

Figure7: ShoreImages.(a) Input image,(b) MAP estimate,(c)
Sampledictionarypatches.

tainedby (1) settingL = 1, i.e.,useonly onetransforma-
tion and(2) � 1 equalto a �x edandknown low-pass�lter;
in [5] thereis noneedto estimate� becauseit isgiven! An-
otherimportantdifferenceis thattheinputto thisalgorithm
is differentthantheinput to our algorithm.This modelas-
sumesthatthereexistasetof imagepairsfor training.Each
pair consistsof the high anda low resolutionversionsof
animage(thelow-resversioncanbesimply generatedus-
ing thelow-pass�lter transformation).Ouralgorithmdoes
not assumethat we have accessto theseimagepairs for
training, but that we only have accessto oneimagewith
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Figure8: (a) Lambdamap,eachpixel containsanintegernum-
ber(from 1 to 4) indicatingthemostlikely transformation� i for
thatpixel, (b) InferredimageX transformedby eachof the four
estimated� 's. This is performedto test if thereareany differ-
encesin thetransformationsappliedby each� i .

thedesiredstatistics.This a muchmoredif�cult computa-
tional andmodellingtask. Also this hasimportantpracti-
cal implications:it is morerestrictive to have to �nd apair
of perfectlyalignedimages,onewith thedesiredstatistics
(e.g.,style)andtheotheroneobtainedin thesamemodeas
the input imagewe hold. For examplefamouspaintings
usuallydonotcomewith analignedphotographof thereal
subject(if any).

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
thesupervisedapproachtaken in this work, � canbeeas-
ily found. More speci�cally, in [10], � is a nearestneigh-
bor algorithmwhich is easyto compute(given the train-
ing imagepair). Largescaleconsistency wasachievedus-
ing alsoa nearestneighborapproach,which in our model
is equivalentto learningthe distribution over X from our
sampleimagesandusingit to de�ne theMRF energy func-
tion (i.e.,effectively replacingEq.4)

Inferencein [9] canbe seenasinferencein 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
generalframework for 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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