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Abstract

An interestingand potentially useful vison/graphicsask
is to renderan input imagein an enhancedorm or also
in a unusualstyle; for examplewith increasedsharpness
or with someatrtistic qualities. In previous work [10, 5],
researchershaved that by estimatingthe mappingfrom
aninputimageto aregistered(aligned)imageof the same
scenein a differentstyle or resolution,the mappingcould
beusedto renderanew inputimagein thethatstyleor res-
olution. Frequently a registeredpair is not available, but
insteadthe usermayhave aninputimageandalsoasource
imageof anunrelatedscenghatcontainghedesiredstyle.
In this casethetaskof inferring the outputimageis much
more dif cult sincethe algorithm mustboth infer corre-
spondencesetweenfeaturesin the input imageand the
sourceémage andinfer theunknovn mappingbetweerthe
images We describea Bayesiartechniquéor inferringthe
mostlikely outputimage. The prior on the outputimage
P (X) is apatch-baseMarkov randomeld obtainedrom
the sourceimage. The likelihood of theinput P (YjX) is
a Bayesiametwork that canrepresentifferentrendering
styles.We describea computationallyef cient probabilis-
tic inferenceandlearningalgorithmfor inferring the most
likely outputimageandlearningthe renderingstyle. We
alsoshow thatcurrenttechniquegor imagerestorationor
reconstructiomproposedn the vision literature(e.g.,im-
agesuperresolutionor de-noising)andimage-basedon-
photorealisticenderingarespecialkcase®f ourmodel. We
demonstrateur techniqueusing several tasks,including
renderinga photograptin the artistic style of anunrelated
scenede-noisingandtexturetransfer

1 Intr oduction and Related Work

We pursuea formal methodfor modifying imagestatistics
while maintainingimagecontent.By appropriatelymanip-
ulating image statistics,one could for example,improve

imageclarity or modify theimageappearancato a more
corvenientpreferablepr usefulone.For instancepneap-

plication of our approachis demonstratedn Fig. 1. We

useaknown painting(top) to specifythe attributesthatwe

would like to transferto our input image (middle). Our

algorithminfersthe latentimage(bottom),which displays
thestylespeci ed by the painting.

Many fundamentalproblemsin image processingare
speci ¢ casef the above problem. In imagede-noising
oneseekgo remove unwantechoisefrom a givenimageto
achievse a visually clearerone. In imagesuperfresolution,
givenalow-resolutionmage thegoalisto estimatea high-
resolutionversionof thatsameimage. More generally in Figure 1: Patches usedto specify prior -sourceimage(top),
imagerestorationve seekto discoverwhattheoriginalim- inputimageY (center),inferredlatentimageX (bottom).




agelookedlik e beforeit underwenthe effect of someun-
known (or partially known) process.

In this paper we will maintainthe scopeof this prob-
lem general. Thus, we referto our methodasthat of im-
agetranslation suggesting similar procesgo thatof lan-
guange translation (despitetheir clear conceptualdiffer-
ences). Besidesapproachinghe above restoation prob-
lems, our methodallows, in general,to intervenein the
imageproperties. For example,one couldtry to increase
theimagephotorealisnm(e.g. relative to an originally non-
photorealistiosersion)or changeheartisticappearancef
imagege.g.,changea paintingstyleinto another).

A variety of recentand pastresearchwork have been
proposedo approachspeci ¢ 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 latentimage(i.e..image
to beestimated)s representedsa Markov RandomField
(MRF) with pairwisepotentials. However, therearesignif-
icantdifferencesjn our work (including the latentimage
representation)The primary differencespertainto:

(1) the inclusion of unknowntransformationfunctions
that relate (probabilistically) latent and obsened image
patchesThus,themodeljoint distributionis evidently dif-
ferentfrom thatof [5, 23, 9], wherewe canthink of these
functionsasknown, asexplainedin Sec.5. Morover, here
we allow for multiple transformatiorfunctions. We also
shav how thesetransformationganbe estimatedinstead
of assuminghatthey aregiven.

(2) the conditionalprobability distribution of a patchin
the latentimagegiven a patchin the obsenedimage. In
our casethis distribution is unknown In previous work,
it wasassumedhatfor training, an original andmodi ed
versionof the sourceor exampleimageswere given (su-
pervisedearning). In our work we drop this assumption,
we only countwith patchessourceimagewith different
propertieghantheinputimage. This differenceis related
to difference(1), sinceknowledgeof the transformations
would malke this conditionalprobability partially known.

(3) the derivation of new algorithmsfor inference.The
estimationof new parametersthe useof differentcondi-
tional independecassumptionsandthe incorporationof
new hiddenrandomvariablesmake estimationand infer-
enceamorecomple task.

In the graphicditerature,our approachs alsorelatedto
[10], in the areaof non-photorealisticendering(alsore-
latedto [3, 4]). In this work, a userpresentgwo (source)
imageswith the samecontentand aligned, but with two
differentstyles. Givena new (input) imagein one of the
above styles,the systemthentransformst into a new im-
agedisplayingthe otherimagestyle. A nearesneighbor
algorithmis thenusedto matchimagefeatures/pixleso-
cally (similar to [3, 19]) andglobally. Excellentresults
were obtainedusing this method. However, full super
vision is required,sincethe userhasto presenttwo well
alignedimageddisplayingthe desiredrelationship.

Onecommondisadwantageof previous methodsis that
frequentlya registeredimagepair is not available, but in-
steadthe usermay only have the input imageand alsoa
sourceimage of an unrelatedscenethat containsthe ap-
propriatestyle. In this case the taskof inferring the out-
putimageis muchmoredif cult, sincethealgorithmmust
both infer correspondencdsetweenfeaturesin the input
imageandthe sourceimage,andinfer the unknovn map-

ping betweertheimages.We proposea novel approacho
solvingthis problem.

We formalizethe problemandsolutionin a probabilis-
tic approach,n the context of graphicalmodels[18, 6].
Thefull joint distributionin our modelis representetly a
chaingraph[14], aclassof graph-representatistributions
thatis a supersebf Bayesnetworks and Markov random
elds [18]. In our chaingraph,partof the nodesareasso-
ciatedto imagepatcheswhich areto be inferred. Also, a
setof patchtransformationss usedto enforceconsisteng
in the transformatiorusedacrosshe image. Thesetrans-
formationsare estimatedby our algorithm, thus enabling
usto discovertransformationshatrelatethe obsernedand
estimatedmage.

We castthis probleminto an approximateprobabilistic
inference/learningoroblemand shov how it can be ap-
proachedusing belief propagationand expectationmaxi-
mization (EM). Our imagetranslationmethodis also ap-
pealingbecauseof its generality Most of the above ap-
proachedor image reconstructionor transformationcan
beseerasinstance®f theapproactpresentedhere,aswill
bediscussedater

2 Image Translation as Probabilistic Infer-
ence

We will now introducetheimagetranslationproblem.We
rst presenthe problematanintuitive level. Despitesev-
eral simpli cations, the simple descriptionin this section
maybecomehelpful laterin thepaper We thenmakethese
ideasmore preciseby introducinga formal mathematical
formulation.

2.1 Overview: Informal Problem Description

An intuitive way to summarize¢heimagetranslationprob-
lemin the context proposedn this paperis to think of the
taskof nding animageX thatsatis escertaininter-patch
(e.g.,smoothnessand within-patch (e.g.,contrast)proper
ties and that producesthe obsened imageY after every
patchundegoesoneof severaltransformations.

In contrastwith previous work, we do not wantto as-
sumethatwe know in advancethesepatchtransformations.
Also, we will mostlikely not be ableto satisfyexactly all
the above propertiedfor the new imageX. Thus,we con-
sidera probabilisticapproachwheregivenan original im-
ageY, we try to constructa probableimageX (1) which
is formedby taking samplepatchesrom a patchdata-set
(or dictionary), (2) whosepatchesare constrainedo ap-
proximatelysatisfycertainlocalinter-patchpropertiesand
(3) whosepatchesarerelatedto correspondingatchesn
the original imageY by one or more unknown but lim-
ited patch transformations. We would also like to esti-
matethesepatchtransformationsthe degreeof certainty
we shouldhave in thesetransformationgor eachpatch,
andhow probablea reconstructedmageis with respecto
anothey e.g.,a posteriormaginal probability distribution
overX.

2.2 De nitions and Setup

We considelimagerepresentationsasedn a setof local,
possibly overlapping,patchesde ned simply as a set of
pixels.LetY 2 | v beanimageformedby asetof patches
Yp, Withp 2 P, P = fl;:;Pgandy, 2 <S. In this
papersS is thenumberof pixelsin eachpatch(thisassumes



onerealvalueper pixel; however S couldalsoaccountfor
representationssingmultiple channels). We will call Y
theinput or obseredimage. Consideralsoa latentimage
X 2 1 x,with patchex, 2 <T; X will betheimageto be
estimatedandthereforet is unknown.

Let 2 |x denoteaknownimage(or concatenatioof
images)heresimply referredto asthesourceor dictionary
image.Assumethatthe setof patchesn arearepresen-
tative samplewhich possessethe patchstatisticsthat we
wish X to display

Considerasetof patchtransformationgi.e.,patchtrans-
lators) = f |Qizf1. g Where | <S5 1 <T . n
our model,thetaskof a single | is to transforma latent
patchinto an obsened patch. Thesetransformationsare
initially unknowvn, andwe will try to estimatethem. Es-
timating themintuitively accountsor discovering the set
of 'painters' (or styles)that were usedto paintimageY
from animageX (notethatwe would like to achiese the
inverseprocess).Therecanbe multiple painters perhaps
eachof them specializingin a particularimagetransfor
mation. The nite randomvariablel, will representhe
index of the transformationemployed to transformpatch
Xp; | = (l1;:::;1p) is thusthevectorwith theindicesof the
patchtransformationg$or every pacthin X.

We will consideranotherclassof transformationstopo-
logical transformationsthat can perform, 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 transformationg2D translationsjre
de ned to be the nite setof sparsepermutatiormatrices

, iIn amannersimilarto [7]. In our caseeachelements
amatrix ¢ of dimensionsS | j, withj jthenumberof
pixelsin the dictionaryimage . Thus,for simplicity, in
the future the dictionaryimage is representedsa long
1D vectorformedby stackingall the patchesWe thenre-
strict ¢ to be a binary sparsepermutationmatrix of the
form:

" o0

; 1)

which only accountsfor copying and translatinga group
of neighboringpixelsby anintegernumberof pixelshori-
zontallyandvertically. This restrictionis not necessaryjt
is straightforvardto considerotherclasseof transforma-
tionssuchasrotationor shearingusingthesamerepresen-
tation. We usetherandomvariablet to denotethet th
elementof theset , andt = (ty;:::;tp) to representhe
topologicaltransformationgor all patchesn theimage.

2.3 Probabilistic Model

We de ned our modelto 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 functions associatedvith the undirectededges
[14, 18,6, 13
Y
p(Y; X1t

;)= P(Ypilpites 5 5 )

p2P

in general,y, doesnot have to represenpixels, but for example,
®lter responses
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Figure2: Chaingraphrepresentinghe modeljoint probability
distribution.
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with f ¢ 2 Cg denotingthe setof latentimagepatcheghat
belongto cliguecin theMRF attheupperayerin Fig.2,C
thesetof cliquesin the MRF sub-graphand . theclique
potentialfunctions.

In this paper every imagepatchy, is de ned to have a
Gaussiaristribution giventhe patchtransformatiorindex
I, andthe topologicaltransformatiort,, with the condi-
tional independenc@ropertiesas shovn in the graphin
Fig. 3:

P(Ypilpites 5 5 ) = Np 1,0 ¢, )i p)i 3)
where = f ; gisusedto succinctlydenotethe distri-
butionparameterand = f ,gpop. Thisis represented

in Fig. 3, a sub-graphaken from the full graphin Fig. 2,
representindocal conditionalindependence®r eachob-
senedimagepatch.For this paperweset ; tobealinear
transformatioR. Thisis notarestrictionof our framework,
it may be advantageouso alsoallow non-lineartransfor
mationsand they could also be incorporated. However,
evenwith linear transformationsthe probabilisticmodel
asawholeis non-linear

In ourcasewe considemp(x) to beapairwiseMRF, thus
every clique c only containstwo patchesc; andc,. Thus
we simply have:

(xe) | @llerea)= ” (4)

We will de ne d asa squaredistancefunction;thus de-
nes a GaussiarMRF. However, d is computedonly on
overlappingareasn theassociategatchesin away simi-
larto [5].

In orderto link our discretetransformatiorrandonmvari-
ablewith the continuoudatentrandomvariableX , we use
thedeterministiarelationship:

“_. :u X_o = ﬁu

P(teiXp) = 5 otherwise ®)

2Sincethe inferred patchesare not the resultof a linear function of
theobseredimagepatchesthisis differentthansimply transformingthe
imagepatchedinearly. Instead by this we areimposinga constrainton
the exibility thateachof theL transformationss allowedto have.



Figure 3: Sub-graphrepresentingocal conditional indepen-
dencedor eachobsered imagepatch. The variable is ®xed
for all patchesandit is usually given in the form of the source
image(s).

This is equivalentto sayingthat a transformatiort, will

have conditional probability one, only if its patchx, is
equalto the patchtakenfrom the dictionary usingtrans-
formationt, (herewe assuméhattheset is suchthatit
producesiniquepatches).

3 Algorithms for Learning/Inference

Let usanalyzethe systemassociatedo the chaingraphin

Fig. 2. Firstwe canseethatit containsanundirectedsub-
graphwith loops.Evenif all themodelparameters were
known 3, inferenceg(computingthe conditionaldistribution

overtheimageX , giventheimageY) is still computation-
ally intractablein general(in the sameway asMAP esti-
mationis). More speci cally, this problemhascomplexity

O(jKjP 1y, with jK j thenumberof possiblestateghateach
patchx, cantake.

Learningthemodelparameterss alsointractableascan
be seenfrom computingthe derivativesof Eq. 2 with re-
spectto the variablesof interest. However, thereexist ap-
proximationalgorithms; one of them, basedon alternat-
ing optimizationg[1], is ExpectationMaximization(EM).
EM requirescomputingposteriodistributionsover| andt,
thatin turn requirescomputingconditionalmamginal dis-
tributions for eachnode of the undirectedportion of our
chaingraph. As we have seenhis is computationallyin-
tractable. Thus, it seemsthe key problemis to compute
theconditionalmarginaldistributionoverthelatentpatches
Xp. In thefollowing sectionwe explain how this is done
usinganapproximation.

Eventhoughlearningcanbe seenasan instanceof in-
ference we divide this sectioninto (1) inferring the latent
image(usuallyreferredto asinference)and(2) estimating
themodelparametergusuallyreferredto aslearning).

3.1 Inferenceand Approximate E-step

We assumehe readethave somefamiliarity with the EM

algorithm(seee.g.,[17, 2]). Theintractabilityof computing
the E-stepexactly canbeseerasfollows. In ourmodel,the
E-stepis equivalentto computingthe posterior:

z

P(tjY) / P(Ypilp; tp) P (tpiXp)p(X)dX;  (6)

X p2p

but we cannotsolve thisintegral; thuswe areforcedto nd
anapproximatavay to performthe E-step.
Approximating obsewed patch conditional distrib u-
tions. Letussaythat | and , have somevalue( we
couldinitialize | and | to a randommatrix for eachl
andp). Then,for every p andl, we canselectthe setK

3moreimportantly if thetransformatiorindicestp, wereknown.

of K mostlikely topologicaltransformationgjiventhedic-
tionary . Thiscanbeeasilydonefor eachpatchandeach

1 onceP (ty;1pjyp) (seebelow) is computedfor every
topologicaltransformatiort, by taking thosewith high-
est probability per patch. This takesO(TL) probability
evaluationsper patch. The approximatioris necessaryor
computationateasongandcanbemadeasexactasdesired.
This approximationvasalsousedin a similarway in [5];
it accountdor cutting off the long tails of thejoint distri-
bution P (tp; lpjyp) by ignoring very unlikely topological
transformations.

Usingthis succinctrepresentationye canthencompute
an approximateE-step. This is equivalentto inferring the
imagepatchex giventheparametersofarestimatecind
thecurrentposteriodistributionsovert,. Notethat(1)X is
conditionallyindependentf therestof themodelvariables
givent and(2) we cancomputethe mamginal-conditional
gistributions over t, aloneby simply using P (tpjyp) =

I P(tp:lpjyp)-

Inferring the latent image. We have reducedbur prob-
lem to that of inferring a distribution over the statesof X
givenadistribution overt, for all p. Oneway to perform
thiscomputationis by performingloopybelief propagation
in the MRF for X to computethe posteriormamginalsover
eachp(xp). Loopy beliefpropagatioraccountgor approx-
imating p(xp) by using the belief propagationmessage
passingupdatesn;; ; [18] for severaliterationswhichin
our modelcanbeformally written asfollows:

mir (X)) P(xijti) i (Xi;X%j)

Xi=Si k2N (i)nj
P (xijti) Mir i (Xi);
k2N (i)

b (xi)

with N (i) theneighborsands; the candidatesor x; .

In the absenceof loops, theseupdatesguaranteehat
uponcorvergencethe mamginal probabilitiesp(x;jY), ob-
tainedby simply normalizingh (x;), would be atleastata
localminimumof thecorresponding@ethefreeenegy [25]
of the (conditional)MRF. The domainof x,, is in practice
discretesincethe probability distribution is concentrated
only at the candidatepatchesgiven by Ky,. Thus, every
full iterationhascompleity O(K 2). With knowledgeof
the (approximate)conditionalmarginals, the E-stepfrom
Eq.6 is thengivenby:

P(tp;Ipiyp) /' P(Xp)P (tpiXp)P (Ip)P(Ypilp; tp): (7)

Oncethis is done,we canthenperformthe M-step (as
explained next) and iterate the EM algorithm as usual.
Eventhoughloopy belief propagations not exact(clearly,
sincethis problemcannotbe solved exactly) andnot guar
anteedo corverge,somerecentwork supportghisapprox-
imation [8, 12, 16, 24]. Otherapproximationshave also
beensuggestede.g.,[22, 11, 9]). In our caseloopy belief
propagatiorseemto provide accurateposteriormarginals
for theexperimentgerformednext.

3.2 Learning the Translation Parameters

Once we performedthe E-step, the M-step optimizes

the expectedvalue of the modeljoint distribution under

P (tp;1pjyp) with respectto the model parameters | and
p- This canbe doneby computing rst derivatives, as

M1 i (Xi)



in aMAP estimatesetting.For lineartransformatiorfunc-
tions,we canobtaina closed-formsolutionfor the optimal
valuesof theparameters:

P P o .
b B b P(tp: lpiyp)yp( t, )

B (A SIYA G QPR R
X X

o = — P (tp: Ipiye) ©)
Zy

O wCn DO (1. )7 (10)

. P P .
with Z, = 1 P (tp;1piYp)-

For non-lineartransformatiorfunctions,we needto use
non-linearfunction optimization, suchas gradientmeth-
ods.In ary casethegradientcanbe computedef ciently .

In summary learning/inferencecan be done exactly
only up to inferring the maminal distribution of the latent
patcheqa problemwhichis in NP). Oneway aroundthis
problemis to approximatehesemarginal distributionsand
usethemto updatethe modelparameters.

4 Experimental Results

Weillustratetheimagetranslatiormethodin diversetasks.
Using our method thesetaskscanall be seenasinstances
of the sameproblem.In eachtask,betweerfour andsesen
transformationd. were chosen. For all tasksthe dimen-
sionalityof thelatentandobsenedimagepatchediasbeen
reducedin dimensionalityby 25% using Principal Com-
ponentAnalysis. This is mainly of numericalconcern
sinceevena 20 20 patchwill generatea vector of di-
mensionality400, for which it is hardto computestatis-

ticsusing nite precisioncomputationg@ndsmalldatasets.

All the patchesonsideredn theseexperimentsaresquare
patchesThe overlapbetweemeighboringoatchesusedin
Eq. 4 to computethe clique potentialsis de ned to be two
pixels deep. We usethe luminancevalue (from the YIQ
color space)asour representatiofior eachpixel (instead
of its RGB values)[10], unlessotherwisenoted. For color
imagesthe color componentglQ) arethensimply copied
to the nal estimatedmage. Most imagescan be better
examineddirectly from the computerscreen.

4.1 De-blurring / De-noising

For our rst task, we strongly down-sampleda photo-
graphicimageasseenin Fig. 4(left). This will be our ob-
senedimageY . We usedfour transformationsnd15 15
patchedor both obsenedandlatentimage.Our goalis to

obtaina higherresolutionversionof the obsenedimage.
Thus,asourdictionary we usedphotographipatcheswith

the desiredresolution(femalefacephotos). The resultis

shawn in Fig. 4(right). Note that the systemwas ableto

infer the high-resolutiompatchesxtremelywell, giventhe
informationpresentin theconsiderablydegradednputim-

age(also,seevideofor MAP estimatesat eachiteration).
In previous work's experimentalevaluation,we have not
yet seentestsperformedwith this level of degradationin

theinputimage.Notethatour modelis meantto solve the
moregenerataskof learningarbitrarycorvolutionkernels
i.e.,notjust de-bluringkernel.

4.2 Texture Transfer

In this experimentthe goalis to malke our inputimageac-
quire the texture of an unrelatedsourceimage. For this

Figure5: Textures.

taskwe usedpatcheof size35 35andL = 4. Wechose
two texturesfrom the Brodatztexturedatabasandapplied
themto theimagein Fig. 6(top). Theresultsshav thatthe
samealgorithmcanalsoperformthis taskcorrectly Note
thateventhelargescalepropertieof thebottomtextureare
accuratelydisplayedby the correspondingnferredimage.

4.3 Translating Artistic Rendering

In thenext experimentwe applyrenavnedartisticstylesto
theinputimages For thiswe useanimageof awell known
paintingby Van Gogh,shavn in Fig. 1(top),astheimage
with the desiredattributes,andthe photoin Fig. 1(center)
astheinput. We usedL=4 anda 30 30 patchsize. We
canseethattheinferredimagein Fig. 1(bottom)inherited
thelocal patchstatisticsandalsoglobal featuresfound in
the sourcepainting. We repeatedhe experimentusingthe
sameVan Goghpainting,but variedthe inputimage. The
resultsareshawn in Fig. 7. Thisimagealsoacquiredthe
correctstyle. However, Lena's eyescould not be inferred
with enoughaccurag (or pleasingartistic detail), perhaps
becausef lack patcheswith the correctpropertiesin the
original painting. In the next example,we usea painting
with differentpropertiesassourceimage. Therelatedim-
agesareshavnin Fig. 8. Finally, in orderto morecarefully
obsene the detailsin theimagetranslation zoomed-inar-
easof previous example sourceand inferred imagesare
shavnin Fig. 9.

5 Relation to Previous Methods

We now brie y compareour modelwith several relevant
approachesproposedto solve more speci ¢ problems.
The modelin [5], wasproposedo performimagesuper
resolution.Usingour framework, this approactcanbeob-
tainedby (1) settingL = 1, i.e.,useonly onetransforma-
tionand(2) ; equaltoa x edandknown low-passlter;



Figure6: InputimageY (top). Below aretheinferredlatentimagesX (left) andtextures (right). Oneexampleis shavn in themiddle

row andanotheiin the bottomrow.

Figure8: Sourceémage : Cisternin the Park at ChateauNoir by Cezanndleft), inputimageY (center),inferredimageX (right).

in [5] thereis noneedo estimate becausd is given. An-

otherimportantdifferencds thattheinputto thisalgorithm
is differentthantheinputto our algorithm. This modelas-
sumeghatthereexist asetof imagepairsfor training. Each
pair consistsof the high andthe low resolutionversionof

animage(the low-resversioncanbe simply generatedis-
ing thelow-passlter transformation)Ouralgorithmdoes
not assumethat we have accesdo theseimage pairs for

training, but that we only have accesgo oneimagewith

thedesiredstatistics. Thisamuchmoredif cult computa-
tional andmodelingtaskwhich alsohasimportantpracti-
calimplications:it is morerestrictve to haveto nd apair
of perfectlyalignedimagesonewith the desiredstatistics
(e.g.,style)andthe otheroneobtainedn the samemodeas
theinputimagewe hold.

The model presentedin [10], proposed for non-
photoreaslistaenderingis also, like [5], a modelwhere
it is assumedhatthereexist a setof imagepairsfor train-
ing, with the statisticsof Y andX. is notgiven,butin
thesupervise@pproachakenin thiswork, canbeeasily
found. More speci cally, is the equivalentof a nearest
neighboralgorithm, which is easyto compute(given the
trainingimagepair). Largescaleconsisteng wasachieved
usingalsoanearesheighborapproachwhichin ourmodel
is equivalentto learningthe distribution over X from our
samplamagesandusingit to de ne theMRF enepgy func-
tion (i.e.,effectively replacingEq.4)

Inferencein [9] canbe seenasinferencein our model
using only the MRF sub-graphwith obserationsy, di-
rectly linkedto unobserednodesx,. Also, insteadof be-

lief propagationjn [9] Monte Carlotechniquesvere pro-
posedo infer the hiddenstateof theimagepatches,.

6 Conclusions

The imagetranslationapproachproposechereprovidesa
generaformalismfor theanalysisof avarietyof problems
in imageprocessingvherethe goalis to estimatea unob-
senedimagefrom anotherobsened one. Theseinclude
anumberof fundamentaproblemspreviously approached
usingseparatenethods. In this sensethe imagetransla-
tion approachcanbe of practicalandtheoreticalinterest.
Several practicalextensionsare possible,for examplein
thechoiceof a differentapproximatenferencemethod,n
the choiceof clique potentialfunctionsusedin the MRF,
or in theform of the patchtransformationsThesechanges
arelikely to be applicationdependentand can be easily
incorporatedvithin theframeawork presentedhere.
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