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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
manipulating image statistics, one could, for example,
modify agivenimageappearanceor styleinto anotherthat
couldbemoreconvenientor 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.,[7, 19, 3, 8, 13, 17, 22, 18, 16]. Our ap-
proachis mostcloselyrelatedto [3, 19, 7] (Freemanet. al.,
Weiss,andGeman-Geman)duethat,aspartof our model,

we choseto representthe marginal distribution of our la-
tent image(i.e.,the imageto be estimated)as a Markov
random�eld (MRF) [15] with energy function of similar
structuralcharacteristics.The primarydifferencespertain
to theuseof aexplicit transformationmodel,whichallows
us to simultaneouslylearn the stochasticprocessthat re-
latesoriginal and inferred images(how to transformone
imageinto another, probabilistically)and that simultane-
ouslyenforcestransformationconsistency. In thework of
Freemanet. al. [3], onecould considerthis transforma-
tion as �x ed and known (i.e.,a given low-pass�lter). In
our case,it is unknown, andoneof our goalsif to try to
discover it.

Precursorsin theimageprocessing�eld usingoptimiza-
tion in MRFs includeGemanandGeman[7], usingsam-
pling andWeiss[19], whereprobability propagationwas
proposedin images(for othermethods,seee.g.,[10, 9, 13].
Ouroptimizationmethodis similar to Weiss[19]andFree-
man.et. al. [3] in theuseof belief propagation.

Our approachis alsorelatedto Hertzmannwork [8], in
the areaof non-photorealisticrendering(also relatedto
[1, 2]). In this work, a user presentstwo imageswith
the samecontent,but with two differentstyles. Given a
new imagein oneof theabove styles,thesystemthenap-
plies theotherimagestyle to it. In [8], full supervisionis
required,the userhasto presenttwo alignedimagesdis-
playingthedesiredrelationship.A nearestneighboralgo-
rithm is thenusedto matchthefeatureslocally, (similar to
[1, 16]) andglobally. By contrast,our approachis fully
probabilisticandunsupervised,we only needarbitraryex-
ampleimage(or images)exhibiting thedesiredstatistics.

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[15, 4]. Themarginaldistribution of thelatentim-
ageis modeledasa MRF with nodesequivalentto image
patches.A setof patchtransformationsis usedto enforce
consistency in the transformationusedacrossthe image.
Thesetransformationsareestimatedby ouralgorithm,thus
enablingusto discoverwhattransformationsrelatetheob-
served andestimatedimage. As we will see,transforma-
tionsalsoeasethe inferenceproblem,which is unfeasible
evenfor smallMRF's.

We castthis probleminto an approximateprobabilistic
inference/learningproblemand show how it can be ap-
proachedusingbelief propagationandexpectationmaxi-
mization (EM). Our imagetranslationframework is also
appealingbecauseof its generality. Most of theabove ap-
proachesfor imagereconstructionor transformationcanbe
seenasspeci�c instancesof the approachherepresented,
aswill bediscussedlater.
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2 Image Translation as Probabilistic Infer -
ence

Thereis a naturalandsimpleway to summarizethe im-
age translationproblem in the context proposedin this
paper. Imagetranslationcan be thoughtof as the prob-
lemof �nding animageX thatsatis�escertaininter-patch
(e.g.,smoothness)andwithin-patch(e.g.,contrast)proper-
ties and that producesthe observed imageY after every
patchundergoesoneof severalpatchtransformations.

In general,except for very lucky situations,theremay
notbeanimagethatsatis�esall of theseconstraints.More-
over, we surelydo not know what thesekey transforma-
tions are. Thus, we considera probabilistic framework
wheregiven an original imageY, we try to constructa
probableimageX (1) which is formedby taking sample
patchesfrom a patchdata-set(or dictionary), (2) whose
patchesareconstrainedto approximatelysatisfycertainlo-
cal inter-patchproperties,and (3) whosepatchesare re-
latedto correspondingpatchesin theoriginal imageY by
oneor more unknown patchtransformations.We would
also like to estimatethesepatchtransformations,the de-
greeof certaintywe shouldhave in thesetransformations
for eachpatch,andhow probablea reconstructedimageis
with respectto another, e.g.,a posteriormarginalprobabil-
ity distributionoverX .

2.1 De�nitions and Setup
In this paper, we considerimagerepresentationsbasedon
asetof local,possiblyoverlappingpatches,de�nedsimply
as a set of 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 the numberof pixels in the patch
(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-
sumethat thesetof patchesin � area representativesam-
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,thegoalof 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 therecanbe multiple
'painters',perhapseachof themspecializingin aparticular
imagetransformation.Wedenotethel � th transformation
in patchp asthe�nite randomvariablelp. l = (l1; :::; lP )
will bevectorof patchtransformations.

We will consideranotherclassof transformations,topo-
logical transformations,that can preform, for example,
patch horizontal and vertical translation. Thesewill be
usedasfollows: apatchfrom � will bemovedhorizontally
andvertically to be positionedat a new locationin image
X . This classof 2D transformations(2D translations)are
de�ned to be the �nite setof sparsepermutationmatrices
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Figure1: Graphicalmodelrepesentingthemodeljoint probabil-
ity distribution.

� , in a mannersimilar to [5]. 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:

 
0 ::: 0 1 0 0 0 ::: 0
0 ::: 0 0 1 0 0 ::: 0
0 ::: 0 0 0 1 0 ::: 0;

!

(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.

2.2 Probabilistic Model
Givenourrepresentationalelements,wede�nedourmodel
to have joint probability distribution representedby the
graphicalmodelof Fig. 1, which canbe factorizedasthe
productof local conditionalprobabilities[15, 4, 12]:

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.1,C
thesetof cliquesin theMRF sub-graph,and c theclique
potentialfunctions. In this paper, every imagepatchy p
is de�ned to have a Gaussiandistribution given the patch
transformationindex lp andthetopologicaltransformation
tp, with theconditionalindependencepropertiesasshown
in thegraphin Fig. 2:
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Figure2: Sub-graphrepresentinglocal conditionalindependen-
ciesfor eachobservedimagepatch.

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

where� = f � ; 	 g is usedto succinctlydenotethemodel
parametersand	 = f 	 pgp2 P . For thispaper, weset� i to
bea lineartransformation.Fig. 2 is just a sub-graphtaken
from thefull graphin Fig.1, representinglocalconditional
independenciesfor eachobservedimagepatch.

In ourcase,weconsiderp(x) to beapairwiseMRF, thus
every cliquec only containstwo patchesc1 andc2. Thus
we simplyhave:

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

We will used to betheL 2 normof overlappingareasof
thereferredpatches,aswill beexplainedlater.

In orderto link ourdiscretetransformationrandomvari-
ablewith thecontinuouslatentrandomvariableX , we use
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
The model presentedin the previous sectioncontainsan
undirectedsub-graphwith loops.Evenif all themodelpa-
rameters� wereknown , inference(computingthecondi-
tional distribution over the imageX , given the imageY)
is still computationallyintractablein general(in thesame
way asMAP estimationis). More speci�cally, this prob-
lemhascomplexity O(jP j jKj , with jK j thenumberof pos-
siblestatesthateachpatchxp cantake.

Learningthe model parameters,e.g.,usingexpectation
maximization(EM), requirescomputingposteriordistribu-
tionsoverl andt thatin turnrequirecomputingconditional
marginal distributionsfor eachnodeof the MRF. This is
untractable,aswe haveseen.Eventhoughlearningcanbe
seenasinference,we divide this sectioninto inferring the
modelparameters(usuallyreferredaslearning)andinfer-
ring thelatentimage(inference).

0moreimportantly, if thetransformationindicestp wereknown.

3.1 Learning the Translation Parameters
Wewill now useEM to computemodelparameters� . The
intractabilityof computingtheE-stepexactly canbeseen
asfollows. In ourmodel,weneedto computetheposterior:

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 cannotcomputep(X ). Given that we cannoteas-
ily computetheseposteriorprobabilitiesexactly, we are
forcedto �nd anapproximateway to performtheE-step.

First,weinitialize � l � I and	 p � I for all l andp. For
every p andl , we thenselectthesetK lp of K mostlikely
topologicaltransformationsgiven the dictionary � . This
canbeeasilydonefor eachpatchandeach� l by comput-
ing p(yp jlp; tp; � ; � ; � ) for every topologicaltransforma-
tion tp and taking the thosewith highestprobability per
patch.This takesa total of TL probabilityevaluationsper
patch. In practice,this accountsfor selectinga numberof
candidatepatchespereverypathin X

Initially we assumep(X ) is uniform for every con�gu-
rationover valid patches(givenby K lp ). The joint poste-
rior probabilitiesP(tp; lp; X jY ) / P(tp; lp jyp) (giventhe
observed image)can then be computedeasily, requiring
K � L � jP j updates.Notethatthis is not thecorrectposte-
rior we areinterestedin, giventhat it doesnot incorporate
thestructurein theMRF modelingX . However, this will
only beperformedonce(at initialization).

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

Assumingwe haveperformedtheE-step,themodelpa-
rameters� l and 	 p can thenbe updatedgiven the close
form solutionfor theM-step:

� 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 � )> (9)

	 p =
1

Zp

X

t p

X

l p

P(tp; lp jyp) (10)

(yp � � l p (� l t � ))( yp � � l p (� l t � ))> ; (11)

with Zp =
P

t p

P
l p

P(tp; lp jyp).

3.2 Inferenceand ApproximateE-step
After themodelparametersareupdated,we thencompute
a full (but approximate)E-step. This is equivalentto in-
ferring theimageX giventheparameterssofar estimated
andthe currentposteriordistributionsover tp. This step
is achievedby performingloopy belief propagationin the
MRF for X to computetheposteriormarginalsoverp(X ).
Loopy belief propagationaccountsfor approximatingthe
posteriormarginalsfor singlepatchesp(x p) by usingthe
standardbelief propagationmessagepassingupdates[15]
overseveraliterations.

Thedomainof xp is in practicediscretesincetheprob-
ability distribution is concentratedonly at the candidate



patchesgivenby K lp . Thus,every full iterationhascom-
plexity O(K 2). With knowledgeof the(approximate)con-
ditionalmarginalsp(xp), thefull E-stepfrom Eq.7 is then
approximatedby:

P(tp; lp jyp) / p(xp)P(tp jxp)P(lp)N (yp; � l p (� t p � ); 	 p) (12)

Oncethis is done,we canthenperformtheM-stepand
iteratetheEM algorithmasusual.Eventhoughloopy be-
lief propagationis notexact,andeventhoughit is notguar-
anteedto converge,somerecentworksupportsthisapprox-
imation [6, 11, 14, 20, 21]. However, other approxima-
tions have also beensuggested(e.g.,[9, 7]). In our case
loopy belief propagationseemto provide accurateposte-
rior marginalsfor theexperimentsperformednext.

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),anda relevantpatchdictionarywasselected.Also,
for all tasksthedimensionalityof the latentandobserved
imagepatcheshasbeenreducedin dimensionalityby 25%
using Principal ComponentAnalysis. This is mainly of
numericalconcernsince a 20 � 20 patch will generate
a vector of dimensionality400, for which it is hard to
computestatisticsusing�nite precisioncomputationsand
smalldatasets.All thepatchesconsideredin theseexperi-
mentsaresquarepatches.Theoverlapbetweenneighbor-
ing patchesusedin Eq. 4 to computethecliquepotentials
is de�ned to be two pixelsdeep. In all examples,we use
theluminancevalue(from theYIQ colorspace)asourrep-
resentationfor eachpixel (insteadof its RGB values)[8].
For color images,thecolor components(IQ) arethensim-
ply copiedto the�nal estimatedimage.

4.1 De-blurring / de-noising
For our �rst task, we strongly down-sampleda photo-
graphicimageasseenin Fig. 3(a). This will be our ob-
servedimageY. Weusedfour transformationsand15� 15
patchesfor bothobservedandlatentimage.Our goal is to
obtaina higher-resolutionversionof the observed image.
Thus, as our dictionary, we usedrandomphoto patches
with thedesiredresolution(photostakenfrom theWWW).
Theresultis shown in Fig. 3(b). Notethat thesystemwas
able to infer the high-resolutionpatchesreasonablywell,
giventheinformationpresentin theconsiderablydegraded
input 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. 4(b). As dictionay
we usedseveralfacephotostakenfrom theWWW, shown
in Fig. 4(c). The input imagecontainsa combinationof
artistic strokesof variousforms andscaleschosenby the
painter. Thus,thereis no singletransformationthatcould
'properly un-paint' all of theseimageareasequallygood.

(a) (b)

Figure3: (a) Input image,(b) MAP estimate.

(a) (b)

(c)

Figure4: SoldierImages:(a) Input image,(b) MAP estimate,
(c) Sampledictionarypatches

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. 5(a)), anda known real painting(Fig. 5(c)) to
providethepatchstatisticsdesiredin theoutputimage.We
usedfour transformationsanda 15 � 15 patchsize. We
can seethat the imageobtained(Fig. 5(b)) inheritedthe
local patchstatistics. However, it seemsthat at a 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. 6(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. 6(b), we canseethateach� i performsa different
action. We canalsoseein the usagemapthat a transfor-
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Figure5: ShoreImages.(a) Input image,(b) MAP estimate,(c)
Sampledictionarypatches.

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.
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Figure6: (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 .



5 Curr ent Methods and the Image Transla-
tion Framework

In orderto provide with a broaderperspective on thegen-
eral problemof imagetranslationand the methodsused,
we brie�y compareour model with several relevant ap-
proaches,proposedto solvemorespeci�c problems.

The model in [3], proposedto perform image super-
resolution,canbeobtainedby settingL = 1 and� equalto
a�x edandknown low-pass�lter . Thismodelassumesthat
it cancountwith asetof imagepairs,ahighanda low res-
olutionversions(or simplybuild suchsetusingtheknowl-
edgeof the low-pass�lter transformation).Thus,�nding
thesetK of candidatepatchesis simplerthanin ourmodel,
whichdoesnotassumetheseimagepairsaregiven.

The model presented in [8], proposed for non-
photoreaslistcrendering,canalsobeseenasa modelwere
exampleswith the statisticsof Y andX are given. � is
not given, but in this supervisedfashion� canbe easily
found. In [8], � is a nearestneighboralgorithm which
is easyto compute(given the training imagepair). Large
scaleconsistency wasachievedusingalsoa nearestneigh-
borapproach,which in ourmodelis equivalentto learning
the distribution over X from our sampleimagesand us-
ing it to de�ne the MRF energy function (i.e.,effectively
replacingEq.4)

Inferencein [7] canbe seenas inferencein our model
usingonly the MRF sub-graph,with observationsy p di-
rectly linkedto unobservednodesx p. Also, insteadof be-
lief propagation,in [7] MonteCarlo techniqueswerepro-
posedto infer thehiddenstateof theimagepatchesx p.

A major structuraldifferencein our model is the use
of different transformations� i . We believe that these
transformationshelp preserve image translationconsis-
tency amongdifferentregions,andalsohelpconstraintthe
inferenceprocessperformedby loopy beliefpropagation.

6 Conclusions
The imagetranslationapproachproposedhereprovidesa
generalframework for theanalysisof avarietyof problems
in imageprocessingwere the goal is to estimatea unob-
served imagefrom anotherobserved one. Theseinclude
a numberof 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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