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Abstract
An interestingand potentiallyusefulvision/graphicstask
is to renderan input image in an enhancedform or also
in an unusualstyle; for examplewith increasedsharpness
or with someartistic qualities. In previouswork [10, 5],
researchers showedthat by estimatingthe mappingfrom
an input image to a registered(aligned)imageof thesame
scenein a differentstyleor resolution,themappingcould
be usedto rendera new input image in that styleor res-
olution. Frequentlya registered pair is not available, but
insteadthe usermayhaveonly a source image of an un-
relatedscenethat containsthedesired style. In this case,
the taskof inferring the output image is much more dif�-
cult sincethe algorithm mustboth infer correspondences
betweenfeatures in the input image and the source im-
age, and infer theunknownmappingbetweenthe images.
We describea Bayesiantechniquefor inferring the most
likely outputimage. Theprior on theoutputimage P(X )
is a patch-basedMarkov random�eld obtainedfrom the
source image. The likelihood of the input P(YjX ) is a
Bayesiannetwork that can representdifferent rendering
styles.Wedescribea computationallyef�cient, probabilis-
tic inferenceandlearningalgorithmfor inferring themost
likely output image and learning the renderingstyle. We
alsoshowthat currenttechniquesfor image restoration or
reconstructionproposedin the vision literature (e.g., im-
agesuper-resolutionor de-noising)andimage-basednon-
photorealisticrenderingcouldbeseenasspecialcasesof
our model. We demonstrate our techniqueusing several
tasks,includingrenderinga photographin theartistic style
of anunrelatedscene, de-noising, andtexture transfer.

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-
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 methodas that of
image translation, suggestinga similar processto that of

languagetranslation(despitetheir clearconceptualdiffer-
ences).Besidesapproachingthe above restoration prob-
lems, our methodallows, in general,to intervenein the
imageproperties.For example,onecould try to increase

Figure1: Image� , StarryNightby vanGogh,is usedto specify
the sourcepatches(top), input imageY (center),inferredlatent
imageX (bottom).
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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, 26, 5, 10, 16, 23, 28, 24, 21]. From
these,our approachis most closely relatedto [5, 26, 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, the joint distribution of the model is dif-
ferentfrom thatof [5, 26, 9], wherewe canthink of these
functionsasknown,asexplainedin Sec.5. Moreover, here
we allow for multiple transformationfunctions. We also
show how thesetransformationscanbeestimated,instead
of assumingthatthey aregiven.

(2) theconditionalprobabilitydistribution of a patchin
the latentimagegivena patchin theobservedimagecan-
notbeestimateddirectly. In ourcasethisdistributionis un-
known. In previouswork, it wasassumedthatfor training,
anoriginal andmodi�ed versionof thesourceor example
imagesweregiven(supervisedlearning). In our work we
dropthis assumption,we only have patchesfrom a source
imagewith differentpropertiesthantheinput image.This
differenceis relatedto the �rst one, sinceknowledgeof
thetransformationswould make this conditionalprobabil-
ity partially (or fully) known.

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

In the graphicsliterature,our approachis also related
to [10], in the areaof non-photorealisticrendering(also
relatedto [3, 4]). In [10], a userpresentstwo (source)im-
ageswith thesamecontentandaligned,but with two dif-
ferentstyles.Givenanew (input)imagein oneof theabove
styles,thesystemthentransformsit into a new imagedis-
playing the other imagestyle. A nearestneighboralgo-
rithm is thenusedto matchimagefeatures/pixels locally
(similar to [3, 21]) and globally. Excellent resultswere
obtainedusingthis method. However, full supervisionis
required,sincetheuserhasto presenttwo well alignedim-
agesdisplayingthedesiredrelationship.

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 formalize the problemand solution using a prob-
abilistic approach,in the context of graphical models
[20, 6]. The full joint distribution in our model is repre-
sentedby a chaingraph[15], a classof graph-represented
distributions that is a supersetof Bayes networks and
Markov random�elds [20]. In our chain graph,part of

thenodesareassociatedto imagepatcheswhich areto be
inferred.Also, asetof patchtransformationsis usedto en-
forceconsistency in thetransformationusedacrosstheim-
age.Thesetransformationsareestimatedby ouralgorithm,
thusenablingusto discover transformationsthatrelatethe
observedandestimatedimage.

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 introduce the image translationproblem.
First,theproblemis presentedatanintuitivelevel. Despite
several simpli�cations, the simpledescriptionin this sec-
tion maybecomehelpful later in thepaper. We thenmake
theseideasmorepreciseby introducinga formal mathe-
maticalformulation.

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
onerealvalueperpixel; howeverS couldalsoaccountfor
representationsusingmultiple channels)1. We will call Y
theinput or observedimage.Consideralsoa latentimage
X 2 I X , with patchesxp 2 < T ; X will betheimageto be
estimated,andthereforeit is unknown.

1In general,y p doesnot have to representpixels, but for example,
®lter responses



Let � 2 I X denotea known image(or concatenationof
images),heresimplyreferredto asthesourceor dictionary
image.Assumethatthesetof patchesin � area represen-
tative samplewhich possessesthe patchstatisticsthat we
wish X to display.

Considerasetof patchtransformations(i.e.,patchtrans-
lators) � = f � l gl = f 1;:::;L g, where� l : < T ! < S . In
our model,the taskof 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 an imageX (notethat we would like to achieve the
inverseprocess).Therecanbe multiple painters,perhaps
eachof them specializingin a particularimagetransfor-
mation. The �nite randomvariablelp will representthe
index of the transformationemployed to transformpatch
xp; l = (l1; :::; lP ) is thusthevectorwith theindicesof the
patchtransformationsfor everypatchin X .

We will consideranotherclassof transformations,topo-
logical transformations,that can perform, for example,
horizontal and vertical patch 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
� , 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 the dictionaryimage� 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 ) to representthe
topologicaltransformationsfor all patchesin theimage.

2.3 Probabilistic Model
We de�ned our model to have joint probability distribu-
tion representedby the chaingraphof Fig. 2, which can
be factorizedas the product of local conditional prob-
abilities associatedwith the directededgesand positive
potential functionsassociatedwith the undirectededges
[15, 20, 6, 14]:

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 c 2 Cg denotingthesetof latentimagepatchesthat
belongto cliquec in theMRF attheupperlayerin Fig.2, C
thesetof cliquesin theMRF sub-graph,and c theclique
potentialfunctions.
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Figure2: Chaingraphrepresentingthemodeljoint probability
distribution.

In this paper, every imagepatchy p follows a Gaussian
distributiongiventhepatchtransformationindex lp andthe
topologicaltransformationtp, with the conditional inde-
pendencepropertiesasshown in thegraphin Fig. 3:

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

where� = f � ; 	 g is usedto succinctlydenotethedistri-
butionparametersand	 = f 	 pgp2 P . This is represented
in Fig. 3, a sub-graphtaken from the full graphin Fig. 2,
representinglocal conditionalindependencesfor eachob-
servedimagepatch.For thispaper, weset� i to bea linear
transformation2. This is notarestrictionof our framework,
it may be advantageousto alsoallow non-lineartransfor-
mationsand they could also be incorporated. However,
even with linear transformations,the probabilisticmodel
asawholeis non-linear.

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

 (xc) / ed(x c 1 ;x c 2 )=2� 2
(4)

We will de�ne d asa squaredistancefunction; thus de-
�nes a GaussianMRF. However, d is computedonly on
overlappingareasin theassociatedpatches,in a waysimi-
lar to [5].

In orderto link ourdiscretetransformationrandomvari-
ablewith thecontinuouslatentrandomvariableX , weuse
thedeterministicrelationship:

p(tp jxp) =
�

1 if xp = � t p �
0 otherwise: (5)

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).

2Sincethe inferredpatchesarenot the resultof a linear function of
theobservedimagepatches,this is differentthansimply transformingthe
imagepatcheslinearly. Instead,by this we areimposinga constrainton
the�exibility thateachof theL transformationsis allowedto have.
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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).

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.,[18, 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 patch conditional distributions. Let
ussaythat� l and	 p havesomevalue(wecouldinitialize
� l and	 p to a randommatrix for eachl andp). Then,for
every p we canselectthe setKp of K most likely topo-
logical transformationsgiven the dictionary � . This can
be easilydonefor eachpatchin X onceP(tp; lp jyp) (see
below) is computedby taking thosetopologicaltransfor-
mationswith highestprobability per hiddenimagepatch.
This takesO(TL) probabilityevaluationsperpatchanda
sortingoperationamongT elements.The approximation

3moreimportantly, if thetransformationindicestp wereknown.

is necessaryfor computationalreasonsand can be made
asexactasdesiredif we arewilling to pay theassociated
computationalcost. This approximationwasalsousedin
a similar way in [5]; it accountsfor cutting off the long
tails of thedistribution P(tp jyp) (or theapproximationto
P(tp jY )) by ignoring very unlikely topologicaltransfor-
mations.

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 [20] 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 .
These updatesguaranteethat upon convergence the

marginal probabilitiesp(x i jY ), obtainedby simply nor-
malizing bi (x i ), would be at leastat a local minimum of
the correspondingBethefree energy [27] of the (condi-
tional)MRF. Thedomainof xp is in practicediscretesince
theprobabilitydistribution is concentratedonly at thecan-
didatepatchesgivenby K lp . Thus,every full iterationhas
complexity O(K 2). With knowledgeof the(approximate)
conditionalmarginals,theE-stepfrom Eq. 6 is thengiven
by:

P(tp; lp jyp) /
X

x p

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

Oncethis is done,we canthenperformtheM-step(asex-
plainednext) anditeratetheEM algorithmasusual.Even
thoughloopy beliefpropagationis notexact(clearly, since
this problemcannotbesolvedexactly) andnot guaranteed
to converge,somerecentwork supportsthisapproximation
[8, 13, 17]. Otherapproximationshavealsobeensuggested
(e.g.,[25, 12, 9]). In ourcaseloopy beliefpropagationseem
to provideaccurateposteriormarginalsfor theexperiments
performednext.

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 a MAP estimatesetting.For lineartransformationfunc-
tions,wecanobtainaclosed-formsolutionfor theoptimal



valuesof theparameters:

� l =

P
p

P
t p

P(tp; lp = l jyp)yp(� t p � )>

P
p

P
t p ;l p

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

	 p =
1

Zp

X

t p

X

l p

P(tp; lp jyp)

(yp � � l p (� l t � ))( yp � � l p (� l t � ))> ; (9)

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 the sameproblem. In eachtask, betweenfour and
seven transformationsL were chosen. The dimension-
ality of the latent and observed imagepatcheshasbeen
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 computethe clique potentialsis set to four pix-
elsdeep.We usetheluminancevalue(from theYIQ color
space)asour representationfor eachpixel (insteadof its
RGB values)[10]. For color images,the color compo-
nents(IQ) arethensimplycopiedto the�nal estimatedim-
age.Most imagescanbe(much)betterperceiveddirectly
from thecomputerscreendueto resolution/ spacelimita-
tions(theseandmoretestsarealsoavailableat http://
www.psi.toronto.edu ).

4.1 De-blurring / De-noising
In our �rst experiment,we stronglydown-sampleda pho-
tographicimageasseenin Fig.4(left). Thiswill beourob-
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). The systemwasableto infer the
high-resolutionpatchessigni�cantly well given the infor-
mationpresentin the considerablydegradedinput image
(also,seevideo for MAP estimatesat eachiteration). In
previous work's experimentalevaluation,it is rare to see
testsperformedwith this level of degradationin the input
image.Notethatourmodelis meantto solvethemoregen-
eral taskof learningarbitraryconvolution kernelsi.e.,not
just de-blurringkernel.

4.2 Photo-to-Line-Art Translation
Now thegoal is to make our input imageacquiretheline-
artattributesof anunrelatedsourceimage.For this taskwe

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

Figure 5: Source line art examples: engraving from Gus-
tave Doré's illustrationsof Don Quixote, stippling by Claudia
Nice[19],andCupid[11].

usedpatchesof size15 � 15 andL = 5. We chosethree
sourceexamples,shown in Fig. 5, andappliedthemto the
imagein Fig. 6(left). Theresultsshow thatour methodis
suitablefor performingthis taskalso.Onthepositiveside,
note that even larger scalepropertiesare accuratelydis-
playedby thecorrespondinginferredimages;thisprovides
excellentline consistency acrossthe image. On thenega-
tive side,thealgorithmhassomedif�culty in regionswith
strongdepthdiscontinuities,suchas the outer facecon-
tour, perhapsbecauseit doesnot countwith patcheswith
enoughdetail in thesourceimage.

4.3 Photo-to-Paint Translation

We now apply renowned artistic styles to the input im-
ages. We usean imageof a well-known paintingby van
Gogh,shown in Fig. 1(top),asthe imagewith thedesired
attributes,andthephotoin Fig. 1(center)astheinput. We
usedL=4 anda 30� 30 patchsize.Theinferredimagein
Fig. 1(bottom)inheritedthe local patchstatisticsandalso
global featuresfound in thesourcepainting. We repeated
theexperimentusingthesamepaintingbut differentinput
image; resultsare shown in Fig. 7. This imagealso ac-
quiredthesourcestyle.However, Lena'seyescouldnotbe
inferredwith enoughaccuracy (or pleasingartisticdetail),
perhapsalsobecauseof the lack of patcheswith the cor-
rectpropertiesin theoriginal painting. We alsoemployed
paintingswith differentproperties,onexampleis shown in
Fig. 8. In orderto morecarefullyobservethedetailsin the
imagetranslation,zoomed-inareasof previous examples
areshown in Fig. 9.



Figure6: Input imageY (left) andinferredimagesusingthethreesourceline artexampleimagesin Fig. 5 (in sameorder)

Figure8: Sourceimage� , Cisternin thePark at ChateauNoir by Cezanne(left), input imageY, shorephotoby JohnShaw[22] (center),
inferredimageX (right).

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;
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-
photorealisticrenderingis also,like [5], a modelwhereit
is assumedthat thereexist a setof imagepairs for 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 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
generalformalismfor theanalysisof avarietyof problems
in imageprocessingwherethegoalis to estimateanunob-
servedimagefrom another(observed)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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Figure7: InputimageY (top),inferredlatentimageX (bottom).

Figure9: Two zoomed-intranslationsfrom previousexamples:
sourceimage(realpainting)(left) andinferredimage(right); in-
put images(not shown here)weretheexamplelandscapephotos.
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