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UnsupervisedmageTranslation

Abstract

This paper introducesa general unsupervisedearning
framework for imagetranslation. Our framework allows

for animagestyle to bereplacedby a differentone(keep-
ing the sameimage content) by specifying examplesof

imageswith the desiredstyle properties. We usea prob-

abilistic approach,presentedn the contet of graphical
models. The foundationof our approachis to transform
known imagepatcheswith the desiredstatisticsto patches
found in the original image using a set of transforma-
tions. Thesetransformationsareunknown, thusthey must
be learned while alsokeepingoverallimageconsisteng.

We castthis probleminto anapproximateprobabilisticin-

ferenceproblemand shav how it canbe approachedis-

ing belief propagatiorand expectationmaximization. We

alsoshaw thatcurrenttechniquedor imagerestorationor

reconstructiomproposedn the vision literature(e.g.,im-

agesuperresolutionor de-noising)andimage-basedion-

photorealisticrenderingare special casesof our frame-
work. Experimentalresults are presentedin the tasks
of: increasingthe photorealismof artistic paintings,de-

noisingimages,and transformingimagesbetweendiffer-

entartisticstyles.

1 Intr oduction and RelatedWork

We pursueaformal frameawork for modifyingimagestatis-
tics while maintainingimage content. By appropriately
manipulatingmagestatistics,onecould,for example,im-
prove imageclarity or modify a givenimageappearance
or style into anotherthat could be more corvenientor in
generabpreferable.

Many fundamentalproblemsin image processingare
speci ¢ casef the above problem. For example,in im-
agede-noisingoneseekgo remove 'unwanted'noisefrom
a givenimageto achieve a visually clearerone. In image
supetresolution,givenalow-resolutionimage,the goalis
to estimatea high-resolutionversionof that sameimage.
In generaljn imagerestoratioroneseekgo discoverwhat
the original imagelooked like beforeit underwenthe ef-
fectof someunknown or partially known processSpeci ¢
applicationsinclude imageresizing, image compression,
format corversion(suchasNTSC to HDTV), de-bluring,
etc.

In this paperwe will maintainthe scopeof this problem
asgeneralaspossible.Thus,we referto our framework as
that of imagetranslation. Besidesapproachinghe above
'restoration’'problems,our framework allows, in general,
to intervenein the image properties. For example, one
couldtry to increasehe imagephotorealism(e.g. relative
to anoriginally non-photorealistione)or changeheartis-
tic appearancef images(e.g.,changea painting style to
another).

A variety of recentand pastresearchwork have been
proposedo approachspeci ¢ problemsfrom thosemen-
tionedabove, e.g.,[9, 23, 5, 10, 16, 21, 26, 22, 20]. From
these,our approachis most closely relatedto [5, 23, 9]
(Freemaret. al., Weiss,and Geman-Gemaniy the sense
thatwe choseto representhe maginal distribution of the

latentimage (i.e.,imageto be estimated)as a MRF with
pairwisepotentials. However, thereare signi cant differ-
encesjn our work (evenregardinglatentimagerepresen-
tation). The primarydifferencegertainto:

(1) the inclusion of unknawn transformatiorfunctions
that relate (probabilistically) latent and obsened image
patchesThus,themodeljoint distributionis evidently dif-
ferentthanthatof [5, 23, 9]. Moreover, in ourwork, we do
notassumehesetransformationsireknown, andwetry to
estimatehem.

(2) the useof multiple transformatiorfunctions. Even
thoughprevious modelsdid not considerthe useof these
functions, we will seethat from our perspectie, in [5]
thesetransformationganbe thoughtof asjust onetrans-
fromation,whichis known and x ed(i.e.,a x edlow-pass
Iter). Here,we will allow multiple unknown tranforma-
tions.

(3) the distribution of patchesn the latentimagegiven
patchesn the obsenedimage(or vice-vesa). In our case
this is not known. This wasa simplifying assumptiorin
previouswork, sinceit wasassumedhatfor training, the
originalandmodi ed versionof theimageweregiven(su-
pervisediearning). In our work we drop this assumption,
thuswe only work with examplesof the'modi ed' images.

(4) thederivationof new algorithmsfor inference since
modelvariablesanddependenciearedifferent. Formally
our probabilisticmodelcannotberepresentedsadirected
or undirectedyraphicaimodelasit is thecasefor theabove
approachedyutinsteadasa chaingraph[15].

In the graphicditerature,our approactis alsorelatedto
[10Q], in the areaof non-photorealisticendering(alsore-
latedto [3, 4]). In this work, a userpresentdwo images
with the samecontent but with two differentstyles.Given
a new imagein one of the above styles,the systemthen
appliesthe otherimagestyleto it. In [10], full supervision
is required theuserhasto presentwo well alignedimages
displayingthe desiredrelationship.A nearesheighboral-
gorithmis thenusedto matchthe featuredocally (similar
to [3, 20]) andglobally. By contrastour approachs fully
probabilisticmotivatedandunsupervisedye only needar
bitrary exampleimage (or images)exhibiting the desired
statisticg(i.e.,no pair of imagesor alignmentis needed).

We proposea new andgeneralframework for unsuper
visedimagetranslationthat encompassethe above prob-
lems.In ourframework, we specifythe propertiesor statis-
tics of the desiredimageby providing sampledisplaying
thesestatistics.We formalizethe problemandsolutionin
afully probabilisticapproachjn the context of graphical
models[19, 6]. Thefull joint distribution in our modelis
representetdy a chaingraph,a classof graphsintroduced
in theeighties[15], whichis a supersebf Bayesnetworks
andMarkov randomelds [19]. Chaingraphsnvolve both
undirectedanddirectedagyclic graphs,andasthesethere
areformal criteriafor readingits nodeindependeciefL4].

In our chaingraph,partof thenodesn thegraphareas-
sociatedo imagepatcheahich areto beinferred.Aslo, a
setof patchtransformationss usedto enforceconsisteng
in the transformatiorusedacrosshe image. Thesetrans-
formationsare estimatedby our algorithm, thus enabling



Figurel: Desiredstatistics (left), inputimageY (center),nferredlatentimageX (right).

usto discorerwhattransformationselatetheobsenedand
estimatedmage.Aswewill seetransformationslsoease
the inferenceproblem, which is provento be unfeasible
evenfor smallproblemsizes.

We castthis probleminto an approximateprobabilistic
inference/learningoroblemand shov how it can be ap-
proachedusing belief propagationand expectationmaxi-
mization (EM). Our imagetranslationframework is also
appealinghbecause®f its generality Most of the above ap-
proachegor imagereconstructiomr transformatiorcanbe
seenasspeci ¢ instance®f the approactherepresented,
aswill bediscussedater.

2 Image Translation as Probabilistic Infer-
ence

We will now introducetheimagetranslationproblem.We
rst presenthe problematanintuitive level. Despitesev-
eraloversimpli cationsandvaguenesaye hopethesimple
descriptionn thissectionbecomehelpful for therestof the
paper We thenmake theseideasmorepreciseby present-

ing aformal mathematicaframework.

2.1 Overview: Informal Problem Description

Let us rst presentan informal but more intuitive way
to summarizethe image translationproblemin the con-
text proposedin this paper Image translationcan be
thoughtof asthe problemof nding animageX thatsatis-
es certaininter-patch(e.g.,smoothnessandwithin-patch
(e.g.,contrast)propertiesand that producesthe obsenred
imageY afterevery patchundegoesoneof several patch
transformations.

Differentthanpreviouswork, we do notwantto assume
that we know what thesepatchtransformationsare, and
surelywe will mostlikely not be ableto satisfyexactlyall
theseproperties.Thus,we considera probabilisticframe-
work wheregivenanoriginalimageY , we try to construct
aprobableémageX (1) whichis formedby takingsample
patchesfrom a patchdata-set(or dictionary), (2) whose
patchesreconstrainedo approximatelysatisfycertainlo-
cal inter-patch properties,and (3) whosepatchesare re-
lated to correspondingpatchesn the originalimageY by
one or more unknowvn but limited patchtransformations.
Wewouldalsolik eto estimatehesepatchtransformations,
the degreeof certaintywe shouldhave in thesetransfor
mationsfor eachpatch,andhow probablea reconstructed
imageis with respecto anothey e.g.,a posteriormarginal

probabilitydistribution over X .

2.2 De nitions and Setup

In this paper we considelimagerepresentationbasedon
asetof local, possiblyoverlappingpatchesde ned simply
asa setof pixels. LetY 2 |y beanimageformed by
a setof patchesy,, withp 2 P, P = f1:Pg. Assume
patchy, 2 <5, with S the numberof pixelsin the patch
(this assumewne real value per pixel, however S could
alsoaccounffor representationssingpixelswith multiple
channels). We will call Y the input or obsened image.
Consideralsoa latentimageX 2 | x , with patches<, 2

<T (thepatchsizedoesnot have to bethe sameasabove).
X will betheimageto be estimatedandtherefore;t will
beunknown.

Let 2 Ix denotea known image (or seriesof im-
ages) heresimply referredto asthedictionaryimage.As-
sumethatthe setof patchesn arearepresentatie sam-
ple which possessethe patchstatisticsthatwe wish X to
display

Considera setof patchtransformationgi.e.,patchtrans-
lators) = f g : <5 ! <T withl = f1:Lg. In
our model,the goal of a single  is to transforma latent
patchinto an obsened patch. Thesetransformationsare
initially unknowvn, andwe will try to estimatethem. Es-
timating themintuitively accountsfor discovering the set
of 'painters' (or styles)that were usedto paintimageY
from a'model' imageX . Note thattherecanbe multiple
'painters’, perhapgachof themspecializingn aparticular
imagetransformation\We denotethel th transformation
in patchp asthe nite randomvariablel,. | = (I1;::;;1p)
will bevectorof patchtransformations.

We will consideranotherclassof transformationstopo-
logical transformationsthat 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 transformationg2D translationsjre
de ned to bethe nite setof sparsepermutationmatrices

, iIn amannersimilar to [7]. In our case eachelements
amatrix ¢ ofdimensionsS | j, withj jthenumberof
pixelsin the dictionaryimage . Thus,for simplicity, in
the future the dictionaryimage is representeésalong
1D vectorformedby stackingall the patchesWe thenre-
strict  to be a binary sparsepermutationmatrix of the
form:



Figure 2: Chaingraphrepesentinghe modeljoint probability
distribution.

0O 0 :
o 0 0 :x 0 (1)
0O :@x00O01O0 ::: 0
which only accountsfor copying and translatinga group
of neighboringpixelsby anintegernumberof pixelshori-
zontallyandvertically. This restrictionis not necessaryjt
is straightforwardto considerotherclassef transforma-
tionssuchasrotationor shearingusingthesamerepresen-
tation. We usetherandomvariablet to denotethet th
elementof theset , andt = (ty;:::;tp) will bethevec-
tor of thetopologicaltransformationgor all patchesn the
image.

2.3 Probabilistic Model

Givenourrepresentation@lementsye de ned ourmodel
to have joint probability distribution representedy the
chaingraphof Fig. 2, which canbefactorizedasthe prod-
uct of local conditionalprobabilitiesassociatedo the di-
rectededgesandpositive potentialfunctionsassociatedo
theundirectecedgeq15, 19, 6, 13]:

Y
p(Y;X5hty 5 5 )= p(Ypilpites 5 5 )
p2P
. Y 1Y
P (tpixp) P('p)z c(Xp2¢); (2)
p2P p2P c2C

with f p 2 cg denotingthe setof latentimagepatcheghat
belongto cliquecin the MRF attheupperayerin Fig.2,C
thesetof cliquesin the MRF sub-graphand . theclique
potentialfunctions.

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

P(Ypilpstps 5 5 ) = Np: 1,Ct, )i p)s (3)

where =f ; gisusedto succinctlydenotehemodel
parameterand = f ,gy2p. For this paper we set

Figure3: Sub-graphepresentingocal conditionalindependen-
ciesfor eachobseredimagepatch.Thevariable is ®xedfor all
patchesandit is givenin theform of the exampleimage(s).

i to be alineartransformation.Of course,thisis nota
restrictionthat we are imposingin our model®. It may
be advantageouso alsoallow non-lineartransformations.
However, our probabilisticmodelasawholeis still highly
non-linear Fig. 3 is a sub-graphakenfrom thefull graph
in Fig. 2, representindpcal conditionalindependencie®r
eachobsenedimagepatch.

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

. — 2
(Xpze) = € d0xerxer)=2 @)

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

In orderto link ourdiscretetransformatiorrandomvari-
ablewith the continuoudatentrandomvariableX , we use
thedeterministiaelationship:

: 1 ifxp=

PtiXp) = otherwise ®)
This is equivalentto sayingthata transformatiort, will

have conditional probability one, only if its patchx, is

equalto the patchtakenfrom thedictionary usingtrans-

formationt,.

3 Algorithms for Learning/Inference

Let usanalyzethe systemassociatedo the chaingraphin
Fig. 2. Firstwe canseethatit containsanundirectedsub-
graphwith loops.Evenif all themodelparameters were
known 2, inferenceg(computingthe conditionaldistribution
overtheimageX, giventheimageY) is still computation-
ally intractablein general(in the sameway as MAP esti-
mationis). More speci cally, this problemhascompleity
O(jKji? 1), with jK j thenumberof possiblestateghateach
patchx, cantake.

Learning the model parameterss also intractable,as
canbe seenfrom computingthe derivativesof Eq. 2 with
respectto the variablesof interest. However there exist

1Remark:sincetheinferredpatchesarenottheresultof alinearfunc-
tion of theobseredimagepatchesthisis differentthansimply transform-
ing theimagepatchedinearly Insteadjt is a constraintonthe e xibility
thateachof theL transformationss allowedto have.

2moreimportantly if thetransformatiorindicest, wereknown.



approximationalgorithms;on of them, basedon alternat-
ing optimizations[1], is ExpectationMaximization (EM).
However, usingEM requirescomputingposteriordistribu-
tionsoverl andt thatin turnrequirecomputingconditional
maminal distributionsfor eachnodeof theundirectedyor-
tion of our chaingraph. As we have seen this is compu-
tationallyintractable.Thus,it seemshekey problemis to
computethe conditionaldistribution over the latentimage
X. In thefollowing sectionwe explain how thisis done.
Eventhoughlearningcanbe seenasan instanceof in-
ference,we divide this sectioninto (1) inferring the latent
image (usually referredto asinference)and (2) inferring
themodelparametergusuallyreferredto aslearning).

3.1 Inferenceand Approximate E-step

We assumehe readethave somefamiliarity with the EM

algorithm,for moreinformation, seee.g.,[18, 2]. Thein-

tractability of computingthe E-stepexactly canbe seenmas
follows. In our model,the E-stepis equivalentto comput-
ing theposterior:

z

P(;tjy) / P(Ypilp; tp) P (tp; X)dX (6)

ZX p2P
= [P(Y pilp; tp) P (tpxp)]p(X ) dX(7)

X p2p

but we cannoteven computep(X) for the reasonsex-

plainedabove. Giventhatwe cannoteasilycomputethese
posteriomprobabilitiesexactly, we areforcedto nd anap-
proximateway 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
of K mostlikely topologicaltransformationgiventhedic-
tionary . Thiscanbeeasilydonefor eachpatchandeach

| by computing:

P(to;lpoiyp) I P(tp)PUp)N(Yps 1,( ¢, )i p); (8)

for every topological transformationt, and taking those
with highestprobabilityperpatch.ThistakesO(TL) prob-
ability evaluationgper patch. The approximatioris neces-
saryfor computationareasonsand canbe madeas exact
asdesired.It accountdor cuttingthelongtails of thejoint

distributionP (tp; 1pjyp) byignoringveryunlikely topolog-
ical transformations.

Using this succint representationwe can then com-
pute an approximateE-step. This is equivalentto infer-
ring the image X given the parameterso far estimated
andthe currentposteriordistributions over t,. Note that
(L)X is conditionallyindependentf the restof the model
variablesgivent, and (2) we can computethe maminal-
conditiorpal distributions over t, alone by simply using
P(tp) =, P(tp:lpjyp)-

Inferring the latent image. We canseethatnow have
reducedbur problemto thatof inferring adistribution over
the statesof X given a distribution overt,. This is done
by performingloopy belief propagatiorin the MRF for X
to computethe posteriormaiginalsover p(X). Loopy be-
lief propagatioraccountdor approximatingthe posterior

mauginalsfor single patcheg(xp) by usingbelief propa-
gationmessag@assingupdatesM;; [19] over several it-
erations,which in our model can be formally written as
follows:

X Y
M (Xi;%j) = P(tijti) i (Xi;%;) Myi; (9)
Xi k2N (i)nj

with N (i) theneighbor=of patchx; .

Y
b(xi)/ P(tijxi) Mi (10)
k2N (i)

In theabsencef loops,thesaupdateguranteghatupon
corvergencethe marginal probabilitiesp(x;jY), obtained
by simply normalizing= b (x;), would be at leastat a
local minimum of the correspodingenegy function. The
domainof x, is in practicediscretesincethe probability
distribution is concentratenly at the candidatepatches
given by Kip,. Thus, every full iteration has compleity
O(K 2). With knowledgeof the (approximatelonditional
mauginals,the E-stepfrom Eq. 7 is thengivenby:

P (tp; lpiyp) /' P(Xp)P (tpiXp)P (1IN (Yp: 1,( 1, )i p) (11)

Oncethis is done,we canthenperformthe M-step (as
explinednext) anditeratethe EM algorithmasusual.Even
thoughloopy belief propagations notexact(clearly, since
this problemcannotbe solved exactly) andnot guaranteed
to corverge, somerecentwork strongly supportsthis ap-
proximation[8, 12, 17, 24, 25]. Otherapproximationhave
alsobeensuggestede.g.,[11, 9]). In our caseloopy belief
propagatiorseemto provide accurateposteriormarginals
for theexperimentgperformednext.

3.2 Learning the Translation Parameters

Oncewe have performedthe E-step the M-stepoptimizes
the expectedvalue of the modeljoint distribution under
P (tp; 1pjyp) with respectto the modelparameters | and

p- This canbe doneby computing rst derivatives, as
in aMAP estimatesetting.For lineartransformatiorfunc-
tions,we canobtaina closed-formsolutionfor the optimal
valuesof the parameters:

T PVl 1 )
- pop t-UelelY)Ye( ¢
! PG, X g )
X X
o= o Ploilive) (13
p te Ip
WO )7 (1)

(Yp (e N(Yp
P

P
withZy = P(tp;lpjyp).

For non-lineartransformationfunctions, we are need
to usenon-linearfunction optimization, suchas gradient
methods.In ary case the gradientcanbe computedef -
ciently.

In summarylearning/inferenceanbedoneexactly only
upto inferringthe marginal distribution of thelatentmodel
patcheqa problemwich is at leastin NP). Thus, we ap-
proximatedthesemarginal distributions and usethemto
updatethe modelparameters.



Figure4: (a) Inputimage,(b) MAP estimate.

4 Experimental Results

We illustrate the image translationframeavork in diverse
tasks. Thesetaskscan all be seenas instancesof the
sameproblemusingour framework. In eachtask,a given
numberof transformationsvaschosen(betweerfour and
seven), andimageswith the desiredpropertieswere also
selected.Also, for all tasksthe dimensionalityof the la-
tentand obsened image patcheshasbeenreducedin di-
mensionalityby 25%usingPrincipalComponenAnalysis.
Thisis mainly of numericalconcernsincea20 20 patch
will generatea vectorof dimensionality400, for which it
is hardto computestatisticsusing nite precisioncompu-
tationsand small datasets.All the patchesconsideredn
thesexperimentaresquareatchesTheoverlapbetween
neighboringpatchesusedin Eq. 4 to computethe clique
potentialds de nedto betwo pixelsdeep.In all examples,
we usetheluminancevalue(from the YIQ color spacehs
our representatioffior eachpixel (insteadof its RGB val-
ues)[10], unlessotherwisenoted. For color images,the
color componentglQ) arethensimply copiedto the nal
estimatedmage.

4.1 De-blurring / de-noising

For our rst task, we strongly down-sampleda photo-
graphicimageasseenin Fig. 4(a). This will be our ob-
senedimageY. We usedfour transformationgnd15 15
patchedor bothobsenedandlatentimage.Our goalis to
obtaina higherresolutionversionof the obsenedimage.
Thus,asourdictionary we usedphotographipatchesvith
thedesiredresolution(photostakenfrom the WWW). The
resultis shovn in Fig. 4(b). Notethatthe systemwasable
to infer the high-resolutionpatchesextremelywell, given
the information presentin the considerablydegradedin-
putimage.In previouswork's experimentakvaluation,we
have not seentestsperformedwith level of degradationin
theinputimage.

4.2 IncreasingPhotorealism

In the next task, our goal is to improve the photorealism
of the obseredimage. This is perhapghe mostdif cult
task,arguablybecausehe visual systemis probablyvery
sensitve to notice non-photorealistieffects. For this, we
useanimagefrom a artistic paintingasinput. We chose
ve transformation@nda patchsizeof 20 20. There-
sulting inferredimageis shovn in Fig. 5(b). As dictionay
we usedseveralfacephotostakenfrom the WWW, shovn

Figure5: Soldierimages:(a) Inputimage,(b) MAP estimate,
(c) Sampledictionarypatches

in Fig. 5(c). The input image containsa combinationof

artistic strokes of variousforms andscaleschosenby the
painter Thus,thereis no singletransformatiorthat could
'‘properly un-paint' all of theseimageareasequallygood.
Theinferredimagestill exhibits someof the paintingdetail
thatcanbe explainedby patcheghatcontainthe statistics
foundin thedictionaryandthatmalke theinputimagemore
photo-like.

4.3 Translating Artistic Rendering

In the next experiment,we will try to apply artistic styles
to otherimages.For this we usea photographidmageas
input (Fig. 7(a)), and a known real painting (Fig. 7(c)) to
providethepatchstatisticsdesiredn theoutput(latent)im-
age.We usedfour transformationsandal5 15patchsize.
We can seethat the image obtained(Fig. 7(b)) inherited
thelocal patchstatistics.However, it seemghatatalarger
scale themodelwasnot sufcient to capturethe structure
of thelongerstrokesdisplayedn the painting. This could
perhapshe accountedor by increasingthe spatialextent
of clique potentialsin the MRF or by increaingthe patch
size. Thesetwo possibilitieswill obviously requiregreater
computationaéffort.

In Fig. 8(a) we shaw the usagemap of eachpainter
(the mostlikely transformationusedat eachpatch). We
have appliedeach ; to the inferedimageto obsere if
thereis a differencein the work doneby eachof them.
In Fig. 8(b), we canseethateach ; performsa different
action. We canalsoseein the usagemapthat a transfor
mationis preferredin differentregionsof theimage. For
examplethereis atransformatiorthatis preferredto paint
the waterandthe sky, and othertransformationgo paint
treesandland, probablydependingon the texture. Thus,
giventhenoticeabldaifferencedetweerthesetransfroma-
tions,we concludethatseveraltransformatonarelikely to
bepreferablgratherthanasingleone),in ordertoinfer the
imageabove.

5 Relationto Curr ent Methods

In orderto provide with a broaderperspectie on the gen-
eral problemof imagetranslationand the methodsused,



Figure6: Desiredstatistics (left), inputimageY (center),in-
ferredlatentimageX (right).

we briey compareour model with several relevant ap-

proachesproposedo solve morespeci ¢ problems.
Themodelin [5], wasproposedo performimagesuper

resolution.Usingour framework, this approacttanbe ob-

(@)

(b)

(©)

Figure7: Shorelmages.(a) Inputimage,(b) MAP estimate(c)
Sampledictionarypatches.

tainedby (1) settingL = 1, i.e.,useonly onetransforma-
tionand(2) ; equaltoa x edandknown low-passlter;
in [5] thereisnoneedo estimate becausd is given! An-
otherimportantdifferencds thattheinputto thisalgorithm
is differentthantheinputto our algorithm. This modelas-
sumeshatthereexist asetof imagepairsfor training. Each
pair consistsof the high anda low resolutionversionsof
animage(the low-resversioncanbe simply generatedis-
ing thelow-passlter transformation)Our algorithmdoes
not assumethat we have accesgo theseimage pairs for
training, but that we only have acces¢o oneimagewith



(b1)

(b2)

(b3)

(b4)

Figure8: (a) Lambdamap,eachpixel containsaninteger num-
ber(from 1 to 4) indicatingthe mostlik ely transformation ; for
thatpixel, (b) InferredimageX transformedy eachof the four
estimated 's. This is performedto testif thereareary differ-
encedn thetransformationsippliedby each .

thedesiredstatistics. Thisamuchmoredif cult computa-
tional and modellingtask. Also this hasimportantpracti-
calimplications:it is morerestrictveto haveto nd apair
of perfectlyalignedimagesonewith the desiredstatistics
(e.g.,style)andthe otheroneobtainedn the samemodeas
the inputimagewe hold. For examplefamouspaintings
usuallydo notcomewith analignedphotograptof thereal
subject(if any).

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
the supervisedpproachtakenin thiswork, canbeeas-
ily found. More speci cally, in [10], is anearesnheigh-
bor algorithmwhich is easyto compute(given the train-
ing imagepair). Large scaleconsisteng wasachiezed us-
ing alsoa nearesneighborapproachwhich in our model
is equivalentto learningthe distribution over X from our
samplamagesandusingit to de ne theMRF enegy func-
tion (i.e.,effectively replacinggq. 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
generaframavork for theanalysisof avarietyof problems
in imageprocessingvherethe goalis to estimatea unob-
sened imagefrom anotherobsened one. Theseinclude
anumberof fundamentaproblemspreviously approached
usingseparatenethods. In this sensethe imagetransla-
tion approachcan be 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 theframework presentedhere.
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