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Abstract

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

for animagestyleto bereplacedvy a differentone(keep-
ing the sameimage content) by specifying examplesof

imageswith the desiredstyle properties. We usea prob-
abilistic approach,presentedn the context 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-basedon-

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

noisingimages,and transformingimagesbetweendiffer-

entartisticstyles.

1 Intr oduction and Related Work

We pursueaformal framework for modifyingimagestatis-
tics while maintainingimage content. By appropriately
manipulating image statistics, one could, for example,
modify agivenimageappearancer styleinto anotherthat
couldbemorecorvenientor in generalpreferable.

Many fundamentalproblemsin image processingare
speci ¢ casef the above problem. For example,in im-
agede-noisingoneseekso remove 'unwanted'noisefrom
a givenimageto achieve a visually clearerone. In image
superresolution givena low-resolutionimage,the goalis
to estimatea high-resolutionversionof that sameimage.
In generaljn imagerestoratioroneseekgo discoverwhat
the original imagelooked lik e 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 increaseheimagephotorealism(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.,[7, 19, 3, 8, 13, 17, 22, 18, 16]. Our ap-
proachis mostcloselyrelatedto [3, 19, 7] (Freemaret. al.,
Weiss,andGeman-Gemanjuethat, aspartof our model,

we choseto representhe maminal distribution of our la-

tentimage (i.e.,the imageto be estimated)as a Markov

random eld (MRF) [15] with enegy function of similar
structuralcharacteristicsThe primary differencegertain
to theuseof a explicit transformatiormodel,which allows

us to simultaneouslylearn the stochastigprocesshat re-

latesoriginal and inferredimages(how to transformone
imageinto another probabilistically)and that simultane-
ously enforcegransformatiorconsisteng. In thework of

Freemaret. al. [3], onecould considerthis transforma-
tion as x ed and known (i.e.,a given low-pass lter). In

our case,it is unknown, and one of our goalsif to try to

discoverit.

Precursorén theimageprocessingeld usingoptimiza-
tion in MRFsinclude Gemanand Geman[7], usingsam-
pling and Weiss[19], where probability propagationvas
proposedn imageg(for othermethodsseee.g.,[10, 9, 13].
Ouroptimizationmethodis similarto Weiss[19]and Free-
man.et. al. [3] in theuseof belief propagation.

Our approachis alsorelatedto Hertzmannwork [8], in
the areaof non-photorealisticendering(also relatedto
[1, 2]). In this work, a user presentstwo imageswith
the samecontent,but with two differentstyles. Given a
new imagein oneof the above styles,the systemthenap-
pliesthe otherimagestyleto it. In [8], full supervisions
required,the userhasto presenttwo alignedimagesdis-
playingthe desiredrelationship.A nearesneighboralgo-
rithm is thenusedto matchthe featuredocally, (similarto
[1, 16]) andglobally. By contrast,our approachis fully
probabilisticandunsupervisedye only needarbitraryex-
ampleimage(or images)exhibiting the desiredstatistics.

We proposea new andgeneralframework for unsuper
visedimagetranslationthat encompassethe above prob-
lems.In ourframework, we specifythe propertiesr statis-
tics of the desiredimageby providing sampledisplaying
thesestatistics.We formalizethe problemandsolutionin
afully probabilisticapproachjn the context of graphical
models[15, 4]. Themaminal distribution of the latentim-
ageis modeledasa MRF with nodesequialentto image
patchesA setof patchtransformationss usedto enforce
consisteng in the transformationusedacrossthe image.
Thesdransformationsireestimatedy our algorithm,thus
enablingusto discoverwhattransformationselatethe ob-
sened andestimatedmage. As we will see,transforma-
tionsalsoeasetheinferenceproblem,which is unfeasible
evenfor smallMRF's.

We castthis probleminto an approximateprobabilistic
inference/learningoroblem and shov how it can be ap-
proachedusing belief propagationand expectationmaxi-
mization (EM). Our imagetranslationframework is also
appealingbecausef its generality Most of the above ap-
proachegor imagereconstructiomr transformatiorcanbe
seenasspeci ¢ instanceof the approactherepresented,
aswill bediscussediater



2 Image Translation as Probabilistic Infer-
ence

Thereis a naturaland simple way to summarizethe im-
age translationproblemin the context proposedin this
paper Imagetranslationcan be thoughtof asthe prob-
lemof nding animageX thatsatis escertaininter-patch
(e.g.,smoothnessand within-patch (e.g.,contrast)proper
ties and that producesthe obsened imageY after every
patchundegoesoneof severalpatchtransformations.

In general,exceptfor very lucky situations,theremay
notbeanimagethatsatis esall of theseconstraintsMore-
over, we surely do not know what thesekey transforma-
tions are. Thus, we considera probabilistic framewnork
wheregiven an original image Y, we try to constructa
probableimageX (1) which is formed by taking sample
patchesfrom a patchdata-set(or dictionary), (2) whose
patchesreconstrainedo approximatelysatisfycertainlo-
cal inter-patch properties,and (3) whosepatchesare re-
latedto correspondingpatchesn the original imageY by
one or more unknowvn patchtransformations.We would
alsolike to estimatethesepatchtransformationsthe de-
greeof certaintywe shouldhave in thesetransformations
for eachpatch,andhow probablea reconstructedmageis
with respecto anotheye.g.,a posteriormarginal probabil-
ity distributionoverX.

2.1 De nitions and Setup

In this paper we considerimagerepresentationsasedon
asetof local, possiblyoverlappingpatchesde ned simply
asa setof pixels. LetY 2 |y beanimageformedby
asetof patchesyp, withp 2 P, P = f1::Pg. Assume
patchy, 2 <3, with S the numberof pixelsin the patch
(this assume®ne real value per pixel, however S could
alsoaccounftfor representationgsingpixelswith multiple
channels). We will call Y the input or obsened image.
Consideralsoa latentimageX 2 | x , with patchesc, 2

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

Let 2 1x denotea known image (or seriesof im-
ages) heresimply referredto asthe dictionaryimage.As-
sumethatthe setof patchesn arearepresentatie sam-
ple which possesseihe patchstatisticsthatwe wish X to
display

Considerasetof patchtransformationgi.e.,patchtrans-
lators) = f g :<S ! <T, withl = fl:Lg. In
our model,the goal of asingle | is to transforma latent
patchinto an obsened patch. Thesetransformationsre
initially unknowvn, andwe will try to estimatethem. Es-
timating themintuitively accountdor discovering the set
of 'painters' (or styles)that were usedto paintimageY
from a'model' imageX . Notethattherecanbe multiple
'painters’, perhap®achof themspecializingn aparticular
imagetransformationWe denotethel  th transformation
in patchp asthe nite randomvariablel,. | = (I1;::51p)
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 transformation$2D translationsjre
de ned to be the nite setof sparsepermutatiormatrices

Figurel: Graphicaimodelrepesentinghe modeljoint probabil-
ity distribution.

, in amannersimilar to [5]. In our case eachelementis
amatrix ¢ ofdimensionss | j, withj jthenumberof
pixelsin the dictionaryimage . Thus,for simplicity, in
the future the dictionaryimage is representedsalong
1D vectorformedby stackingall the patchesWe thenre-
strict ¢ to be a binary sparsepermutationmatrix of the
form:

0 @)

which only accountsfor copying andtranslatinga group
of neighboringpixelsby aninteger numberof pixels hori-
zontallyandvertically. This restrictionis not necessaryjt
is straightforvardto considerotherclasseof transforma-
tionssuchasrotationor shearingusingthe samerepresen-
tation. We usethe randomvariablet to denotethet th
elementof theset , andt = (ti;:::;tp) will bethevec-
tor of thetopologicaltransformationgor all patchesn the
image.

2.2 Probabilistic Model

Givenourrepresentationalementswe de ned ourmodel
to have joint probability distribution representedy the
graphicalmodelof Fig. 1, which canbe factorizedasthe
productof local conditionalprobabilities[15, 4, 12]:

Y
p(Y;Xshtp 5 5 )= p(ypilpites 5 5 )
p2P
Y Y 1Y
P (tpiXp) P(lp)z c(Xp2¢); 2
p2P p2P c2C

with fp 2 cg denotingthe setof latentimagepatcheghat
belongto cliguecin theMRF attheupperayerin Fig.1,C
thesetof cliquesin the MRF sub-graphand . theclique
potentialfunctions. In this paper every image patchy,
is de ned to have a Gaussiardistribution given the patch
transformatiorindex |, andthetopologicaltransformation
tp, with the conditionalindependencpropertiesasshavn
in thegraphin Fig. 2:



Figure?2: Sub-graphrepresentindocal conditionalindependen-
ciesfor eachobseredimagepatch.

N(yp’ |p( tp )' p) (3)
where =f ; gisusedto succinctlydenotethemodel
parameterand = f ,gp2p. Forthispaperweset ; to
bealineartransformationFig. 2 is justa sub-graphaken
from thefull graphin Fig. 1, representingpcal conditional
independenciefor eachobsenedimagepatch.

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

P(Ypilpitp; 5 3 ) =

N = 2
(Xp2c) = € d(Xe1iXc2)=2 @

We will used to betheL ; normof overlappingareasof
thereferredpatchesaswill beexplainedlater.

In orderto link our discreteransformatiomandomvari-
ablewith the continuoudatentrandomvariableX , we use
the deterministiaelationship:

. 1 ifxp=
P(tpjxp) = 0 oth‘e)zrwis:ap )

Thisis equivalentto sayingthatatransformatiort, will
have conditional probability one, only if its patchx is
equalto the patchtakenfrom thedictionary usingtrans-
formationt,.

3 Algorithms for Learning/Inference

The model presentedn the previous sectioncontainsan
undirectedsub-graptwith loops.Evenif all themodelpa-
rameters wereknown , inference(computingthe condi-
tional distribution over the image X, giventheimageY)

is still computationallyintractablein general(in the same
way as MAP estimationis). More speci cally, this prob-
lem hascompleity O(jP jM , with jK j the numberof pos-
sible stateghateachpatchx, cantake.

Learningthe model parameterse.g.,using expectation
maximization(EM), requirescomputingposteriordistribu-
tionsoverl andt thatin turnrequirecomputingconditional
maminal distributionsfor eachnodeof the MRF. This is
untractableaswe have seen.Eventhoughlearningcanbe
seenasinference we divide this sectioninto inferring the
modelparametergusuallyreferredaslearning)andinfer-
ring thelatentimage(inference).

Omoreimportantly if thetransformatiorindicestp, wereknown.

3.1 Learning the Translation Parameters

We will now useEM to computemodelparameters . The
intractability of computingthe E-stepexactly canbe seen
asfollows. In ourmodel,we needto computeheposterior:

z

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

X
2P
ZP

= [P(Y pilp: tp) P (tpiXp)Ip(X)dX(7)
X p2P

but we cannotcomputep(X). Giventhatwe cannoteas-
ily computetheseposteriorprobabilitiesexactly, we are
forcedto nd anapproximatevay to performthe E-step.

First,weinitialize | land , | foralllandp. For
every p andl, we thenselectthe setK;, of K mostlikely
topologicaltransformationgyiven the dictionary . This
canbe easilydonefor eachpatchandeach | by comput-
ing p(ypilp;tp; ; ) for every topologicaltransforma-
tion t, and taking the thosewith highestprobability per
patch.This takesatotal of TL probability evaluationsper
patch. In practice this accountgor selectinga numberof
candidatgatchegerevery pathin X

Initially we assumep(X) is uniform for every con gu-
ration over valid patcheggivenby K,,). Thejoint poste-
rior probabilitiesP (tp; lp; XjY) / P (tp;1pjyp) (giventhe
obsered image) can then be computedeasily requiring
K L jPjupdatesNotethatthisis notthecorrectposte-
rior we areinterestedn, giventhatit doesnotincorporate
the structurein the MRF modelingX . However, this will
only be performedonce(atinitialization).

P(tp:lpiyp) I P(tp)PUpN(Yp: 1,( 1, )i p) (8)

Assumingwe have performedthe E-step the modelpa-
rameters | and |, canthenbe updatedgiventhe close
form solutionfor the M-step:

P P
_ p B tpp(tp;|pj)’p)yp( tp ) )
! T o Py 6 ) )
X X
p= Zi P(tp;Ipjyp) (10)
Pty 1
W O N 1,1 )7 (A1)

. P P :
with Z, = 6 IpP(tp;lpjyp).

3.2 Inferenceand Approximate E-step

After the modelparameterareupdatedwe thencompute
afull (but approximate)E-step. This is equialentto in-
ferring theimageX giventhe parametersofar estimated
andthe currentposteriordistributions over t,. This step
is achieved by performingloopy belief propagatiorin the
MRF for X to computethe posteriormarginalsover p(X).
Loopy belief propagatioraccountsor approximatingthe
posteriormamginalsfor single patchegp(x,) by usingthe
standardbelief propagatiormessag@assingupdateq15]
overseveraliterations.

Thedomainof x, is in practicediscretesincethe prob-
ability distribution is concentratednly at the candidate



patcheggivenby K, . Thus,every full iterationhascom-
plexity O(K 2). With knowledgeof the (approximatejon-
ditional mamginalsp(x,), thefull E-stepfrom Eq.7 is then
approximatedy:

P (tp; Ipiyp) /' P(Xp)P (tpiXp)P(Ip)N (Yp; 1,( ¢, )i p) (12

Oncethis is done,we canthenperformthe M-stepand
iteratethe EM algorithmasusual. Eventhoughloopy be-
lief propagations notexact,andeventhoughit is notguar
anteedo corverge,somerecentwork supportghisapprox-
imation [6, 11, 14, 20, 21]. However, other approxima-
tions have also beensuggestede.g.,[9, 7]). In our case
loopy belief propagatiorseemto provide accurateposte-
rior mamginalsfor the experimentgperformednext.

4 Experimental Results

We illustrate the image translationframevork in diverse
tasks. Thesetaskscan all be seenas instancesof the
sameproblemusingour framework. In eachtask,a given
numberof transformationsvaschosen(betweerfour and
se/en),andarelevantpatchdictionarywasselected Also,
for all tasksthe dimensionalityof the latentandobsened
imagepatchesasbeenreducedn dimensionalityby 25%
using Principal ComponentAnalysis. This is mainly of
numericalconcernsincea 20 20 patchwill generate
a vector of dimensionality400, for which it is hard to
computestatisticsusing nite precisioncomputationsand
smalldatasetsAll the patchesconsideredn theseexperi-
mentsare squarepatches.The overlapbetweemeighbor
ing patchesusedin Eq. 4 to computethe clique potentials
is de ned to betwo pixels deep. In all examples,we use
theluminancevalue(fromtheYIQ colorspacepsourrep-
resentatiorfor eachpixel (insteadof its RGB values)[8].
For colorimagesthe color componentglQ) arethensim-
ply copiedto the nal estimatedmage.

4.1 De-blurring / de-noising

For our rst task, we strongly down-sampleda photo-
graphicimageasseenin Fig. 3(a). This will be our ob-
senedimageY. We usedfour transformationsnd15 15
patchedor bothobsenedandlatentimage.Our goalis to
obtaina higherresolutionversionof the obsenedimage.
Thus, as our dictionary we usedrandomphoto patches
with thedesiredesolution(photostakenfrom the WWW).
Theresultis shovn in Fig. 3(b). Note thatthe systemwas
ableto infer the high-resolutionpatchesreasonablywell,
giventheinformationpresentn the considerablydegraded
inputimage.

4.2 IncreasingPhotorealism

In the next task, our goal is to improve the photorealism
of the obsenedimage. 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 transformationginda patchsizeof 20 20. There-
sulting inferredimageis shovn in Fig. 4(b). As dictionay
we usedseveralfacephotostakenfrom the WWW, shavn
in Fig. 4(c). The inputimage containsa combinationof
artistic strokes of variousforms andscaleschosenby the
painter Thus,thereis no singletransformatiorthat could
'‘properly un-paint' all of theseimageareasequallygood.

Figure4: Soldierimages:(a) Inputimage,(b) MAP estimate,
(c) Sampledictionarypatches

Theinferredimagestill exhibits someof the paintingdetail
thatcanbe explainedby patcheshat containthe 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. 5(a)), and a known real painting (Fig. 5(c)) to

providethe patchstatisticslesiredn theoutputimage.We

usedfour transformationsanda 15 15 patchsize. We

can seethat the image obtained(Fig. 5(b)) inheritedthe

local patch statistics. However, it seemsthat at a larger
scale the modelwasnot 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. 6(a) we show the usagemap of eachpainter
(the mostlikely transformationusedat eachpatch). We
have appliedeach ; to the inferedimageto obsene if
thereis a differencein the work done by eachof them.
In Fig. 6(b), we canseethateach ; performsa different
action. We canalsoseein the usagemapthat a transfor



(@)

(b)

(©)

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

mationis preferredin differentregionsof theimage. For

examplethereis atransformatiorthatis preferredto paint

the water andthe sky, and other transformationgo paint

treesandland, probablydependingon the texture. Thus,
giventhenoticeabldaifferencedetweerthesetransfroma-
tions,we concludethatseveraltransformatonarelik ely to

bepreferablgratherthanasingleone),in orderto infer the

imageabove.
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Figure6: (a) Lambdamap,eachpixel containsaninteger num-
ber(from 1 to 4) indicatingthe mostlik ely transformation ; for
thatpixel, (b) InferredimageX transformedy eachof the four
estimated 's. Thisis performedto testif thereareary differ-
encesn thetransformationsippliedby each .



5 Current Methods and the Image Transla-
tion Framework

In orderto provide with a broademperspectre on the gen-
eral problemof imagetranslationand the methodsused,
we briey compareour model with several relevant ap-
proachesproposedo solve morespeci ¢ problems.

The modelin [3], proposedto performimage super
resolutioncanbeobtainedoy settingL = 1and equalto
a x edandknown low-passlter . Thismodelassumethat
it cancountwith asetof imagepairs,ahigh andalow res-
olution versiongor simply build suchsetusingtheknowl-
edgeof the low-pass lter transformation).Thus, nding
thesetK of candidatgatchess simplerthanin ourmodel,
which doesnotassumehesemagepairsaregiven.

The model presentedin [8], proposed for non-
photoreaslistcendering canalsobe seemasa modelwere
exampleswith the statisticsof Y and X aregiven. s
not given, but in this supervisedashion canbe easily
found. In [8], is a nearestmeighboralgorithm which
is easyto compute(giventhetrainingimagepair). Large
scaleconsisteng wasachiezedusingalsoa nearesheigh-
bor approachwhichin our modelis equivalentto learning
the distribution over X from our sampleimagesand us-
ing it to de ne the MRF enegy function (i.e.,effectively
replacingEq.4)

Inferencein [7] canbe seenasinferencein our model
usingonly the MRF sub-graphwith obserationsy,, di-
rectly linkedto unobserednodesx,. Also, insteadof be-
lief propagationjn [7] Monte Carlotechniquesvere pro-
posedo infer the hiddenstateof theimagepatches.

A major structuraldifferencein our modelis the use
of different transformations ;. We believe that these
transformationshelp presere image translationconsis-
tengy amongdifferentregions,andalsohelp constrainthe
inferenceprocesgerformedby loopy belief propagation.

6 Conclusions

The imagetranslationapproachproposechereprovidesa
generaframework for theanalysisof avarietyof problems
in imageprocessingvere the goal is to estimatea unob-
sened imagefrom anotherobsened one. Theseinclude
anumberof fundamentaproblemspreviously approached
using separatenethods. In this sensethe imagetransla-
tion approachcan be of practicalandtheoreticalinterest.
Several practical extensionsare 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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