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Abstract

This paper addresseghe challengeof example> based
non»> stationariexturesynthesis\Weintroducea noveltwo>
stepapproachwhereinusers rst modify a referencetex»
ture usingstandardimageediting tools, yielding an initial
roughtargetfor the synthesis.Subsequentlyur proposed
method,termed self> recti cation”, automaticallyre nes
thistargetinto a coherentseamlessexture ,while faithfully
preservingthe distinct visual characteristicsof the refer
enceexemplar. Our methodleveragesa pre> trainedliffus
sionnetwork,and usesself> attentiomechanismgp grad»
ually align the synthesizedexture with the reference,en»
suring the retention of the structuresin the providedtar
get. Through experimentalvalidation, our approachex»
hibits exceptionalpro ciency in handling non> stationary
texturesdemonstratingigni cant advancements texture
synthesisvhencomparedto existingstate> of> the> teth»>
niques. Codeis available at https://github.com/
xiaorongjun000/Self> Rectification

1. Introduction

Example>basetexturesynthesisaiimsto generatea tex
ture that faithfully capturesall the visual characteristics
of a providedreferencetexture exemplar. The key chal>
lengeis to generatea texturethatvisually mimicstherefer
ence while avoidingexactreplicationandwithout produc»
ing conspicuousyinnaturakrtifacts.

Overthepastdecadespumerousnethodshaveemerged
for synthesizingtexturesfrom examples,and many have
demonstratedmpressiveresults,particularly for homoge>»
neougextureshatcanbeaccuratelycapturedy stationary
models[45]. Nonethelessa signi cant challengeremains
when dealingwith real>world texturesthat are inherently
inhomogeneousndnon»stationary.

Nonsstationary textures exhibit distinctive attributes,
suchas sprawlingirregularlarge>scalestructuresor varias
tionsin attributessuchascolor, local orientation,andlocal
scale. Fig. 1 (left) showstwo examples.Mimicking such
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Figurel. Ourmethodtakesasinputareferenceexture(left), anda
crudetargettextureprovidedby the user(middle column),which
may lack coherenceand completenessSelf>recti cation is used
to transformthe targetinto a visually coherentexture(right) that
complieswith the structureof the crudetarget,while exhibiting
thevisualcharacteristicef thereferenceexture.

complexstructuresand variationsthrough example>based
synthesids along>standingchallengingtask[31].

The emergenceof neural networkshas provided pow»
erful meansto dealwith nonsstationarytextures. Zhou et
al. [51] introduceda methodthat involves over tting a
GAN, wheretheencodeextractsstructuralguidanceor the
decoderThisapproactprovidesaviablemeanf spatially
extendingnonsstationarytextureswhile preservingthe vi»
sual characteristicof the reference. However, this tech»
nigue requiresan extremelylong optimizationprocessor
a singletextureexamplarandmoreover,it fails to provide
any controllability or editability.

In this paper,we introducea two»>steplazy>editingtech»
niquewherethe user rst editsthe given referenceexture
using conventionalimage editing tools, to obtain an ex>
tremelyroughinitial result,which may be incompleteand
incoherentasdemonstratedh Fig. 1 (middle). Next, our
technigueautomaticallyrecti es the editedtextureinto a
regularizedcoherentandseamlessexturethatfollows the
roughtarget,while retainingthe local characteristicef the
referencesee,e.g, Fig. 1 (right). We termthis regulariza>
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tion processself> recti cation sincethe textureis recti ed
basedntheinputtextureitself.

To selfsrectify the crude target, we use a prestrained
diffusion network, and synthesizethe nal rectied re»
sult while utilizing the intermediatebyproductsobtained
by inverting both the initial targetand the referenceex>
emplar. Inspiredby editing approacheshat leverageself>
attention[1, 6,20], we extractcertainself>attentiorfeatures
of thediffusion modelduringtheinversionof theroughtar»
get, aswell asthe reference. Thesefeaturesare thenin»
jectedinto variousstepsin the inversionand denoisingof
the generatedexture. Suchfeatureinjectionforms cross»
attention betweenthe referenceandtargetfeatured, 6],
andthereby,in the courseof the diffusion processthe tar>
gettextureis progressivelye ned to beincreasinglylocally
similar to thereferencewhile retainingthe globalstructure
prescribedy theprovidedtarget. This self>recti cationoc»
cursin two passesrst addressinghelargerscalestructure
andsubsequentljocusingon ner local details.

To enhancehe synthesigjuality, we augmenthe refer»
encetexturewith severaltransformedcopiesof it, which
increaseshe diversity of the referencepatterns,thereby
improving the compatibility betweernthe referenceandthe
synthesizedesult. The augmentedourcefeaturesarein»
jectedinto the correspondingargetlayersas well. Fur>
thermore,we showthat our methodcan also be applied
to lazy editing of naturalimages,usingthe samemeansof
synthesizinghighly non>stationaryjtextures. Experiments
showthat our methodcandealwith a large scopeof non»
stationarytextureswith unprecedenteexibility andqual>
ity, comparedo the state>ofsthesart.

2. Related Work

Non»stationary texture synthesis. Early methods in
example>basedexture synthesismainly focusedon syn»
thesizingtextureswith stationarycharacteristicgs, 9, 19,

,22,43,44]. To copewith non>stationarytextures,re>
searchersypically involve additionalguidanceor the con»
trol of distinctiveattributes.e.g, usinglabelmapsto guide
thelayoutsynthesiof compositeextureq15,24,31], rep»
resentinghe spatialvariationsof weatheringextureswith
age/progressiomaps[3, 42], anddescribingthe local ori>
entationsof directionaltextureswith vector elds [26,50].

Althoughthe aforementionednethodshaveshownsuccess,

the guidancerequiredfrom the useris tediousto provide,
yetstill limited.

In the deep learning era, neural methodsfor texture
generatiorhaverapidly emerged either throughnew tex»
ture lossesfor texture optimization [12, 13,49] or via
training generativenetworks[4, 5, 10,18,

,40,51].  Among thesemethods, Sendlkand Cohen>
Or [35] attemptedto preservethe nonslocal structuresof
non>stationantexturesby regularizingthe featurecorrela»

Figure2. Frameworkoverview. Givenareferenceexture <, we

allow the userto quickly build a targetimage " in alazy»>editing
manner.A coarse»to> nesynthesiss performedby runningself>
recti cation twice. The coarsestagesynthesizea coarseyetcomy
plete overall structure,andthe ne stagere nes its output coqrse
with ner andmoreaccuratedetails,producingthe nal result

tion betweerdifferentlocations.Zhouetal. [51] proposed
over tting a GAN to learnthe expansiorfrom a smalltex>

tureblock to alargeronecontainingit. Their approachn>

volvesthe GAN's encodekextractingthe globalstructureof

an input texture, duplicatedby bottleneckresidualblocks
beforedecoding.Althoughthesetrainedmodelscaneffecs

tively extendnon»stationaryexturestheirover tting nature
severelyrestrictstheir generalizatiorandcontrollability.

Diffusion>based image synthesis. The emergenceof
large>scalgyenerativadiffusion models suchasStableDif>
fusion(SD)[30] andDALLE>2 [28], hasrevolutionizedm>
agesynthesiglueto their unprecedentedeneratiorpower.
To make the pre>traineddiffusion models synthesizeon
image conditions, many solutions are proposed,includ>
ing optimizing prompttokens[2, 11], ne>tuning the entire
model[33], or traininganadditionaladaptef17,34, ].

Recently,researcherfiave investigatedthe role of the
intermediateattentionmapsandfeaturesn the diffuser[7,

,27,39], nding themcrucialfor layout/structuresynthe>
sis. The methodwe presentin this paper,builds uponthe
mechanisnof injectingkeysandvaluesfrom attentionlay»
ers of one diffusion processinto another,as a meansfor
transferingvisual featuresbetweenimages[1, 6,20]. We
usesuchinjectionto copy thelocalpatterndrom asource
textureto a targetone. In additionto the injectionwe also
incorporatecoarses>to> neanddataaugmentatiorschemes,
formingtheselfrecti cationframeworkfor generatingion>
stationarytextures.

3. Method

Ourmethodemploysatwo»stepprocesdgor synthesizing
anewtexture resemblinga providednon>stationaryef>
erencetexture R, while guidedby a usersprovidedough
target ¥, asdepictedin Fig. 2. Initially, the userrapidly
creates ¥, by assemblingpatchesfrom the sourcerefers
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Figure3. Our selfsrecti cation synthesizesan outputtexture

texturesamplingusingthereference R. Both processesequiretheinjection of self>attentiorfeatures(

via structure>preservinmversionfrom a roughtargetimage " and ne

) from the DDIM inversionof

acorrespondingeferenceMore speci cally, for structure>preservinmversion thereferencds thetargetimageitself, denotedas 'R. For
ne texturesamplingtheinputexemplar R is usedto injectfeaturesghathelpto synthesize plausibleoutputwith ne texturedetails.

encetexture. Sucha lazy>editforms a basiclayout for the
outputimage, *. However,this initial sketchmaybeinco»
herenorincomplete hencenecessitatingecti cation. Sub>
sequentlythe texture undergoesself>recti cation to align
with both the user’s coarselayout and the referenceim>
age’'sdetailedtexturecharacteristicsThis self>recti cation
processs depictedin Fig. 2 andis executedn two stages:
coarserecti cation, followed by a ner one.

Consideringhattheroughtarget " comprisespatches
derivedfrom thereferenceaexture R, weimplementa pro>
cessof self>recti cation, detailedbelow. In a broadsense,
we utilize a pre>trainedatentdiffusion modelto invertboth
the targetmage andhe referencémage intcan initiallatent
noise.This is followed by employingfeatureinjectiondur>
ing thesamplingproces®f *. Thefeaturefrom @' guide
the structuralsynthesisandthe featuresfrom R guidethe
ne texturedetails.

Below, we rst brie y reviewdiffusion modelsandtheir
selfattentionandthe cross>KWinjectionmechanismsand
thenproceedo presenbur selfsrecti cationtechnique.

3.1.DDIM Sampling and Inversion

Denoisingdiffusion models[16, 38] involve two pro»
cessesanoisingprocesghatgraduallytransformsaninput
imageinto Gaussiamoise,anda denoising/samplingro>
cessthat generatesmagesfrom Gaussiarsamples.Using
DDIM sampling[38], startingfrom a noisesample 1, one
cangenerata cleansample via T deterministicsteps:

1)
where is a noisepredictionnetwork conditionedon the
currentnoisy sample andtimestamp . is the noise
scalingfactorde nedin [38], and is

— 2

In theoppositedirection,DDIM inversion[38] of agiven
image istheproces®f incrementallyaddingdeterminis>
tic noise,until obtaining T:

3
Suchinversionleadsto anearlyfaithful reconstructior38].

3.2.Stable Diffusion and Self>Attention.

We baseour texturesynthesigrameworkon StableDif>
fusion (SD) [30], which is a pretrainedlatent diffusion
model consistingof an encoder that mapsan inputim»
ageinto the latentspaceanda decoder thatreconstructs
alatentcodebackinto imagespace Both DDIM sampling
andDDIM inversionareperformedn the SD latentspace.

Thenoisepredictor of SDis alarge>scaldJ>Net that
containsmultiple self>attentionmodules[41]. Eachself>
attentionlayertransformsts inputintermediatdeaturemap
(alsocalledspatialfeaturesjnto anattendedepresentation
by thefollowing equation:

Att Softmax (4)
where , and arethe queries,keys, andvalues,re»
spectively, obtainedby learnedlinear projectionsof the
sameinput spatial features, having dimension . The
self>attentionrmechanisnusesthe similarities betweenthe
gueriesandkeysasattentionscoreso weightheimportance
or relevanceof the values.Relevantinfo is thusaggregated
astheattendedepresentation.

3.3.KWInjection

The selfattention features contain rich information
aboutboth the larges>scalestructuresandlocal ne details
of aninputimage[1, 6,39]. Tumanyanret al. [39] demon>
strate that by injecting the spatial features and the queries
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Figure4. Visualizationof the intermediatdatentcodesin the in-
version. For the standardDDIM inversion(top), the U-Net pre-
dicts noiseto diffuse the distinctive structuresso asto transform
theinputinto Gaussiamoise.In contrastpur structure-preserving
inversion(bottom)reserveshedistinctivepatterndrom useredits
alongtheinversionprocessSeetextsin Sec.3.4 for moredetails.

and keys (QK ) from the self-attentionlayersof a source
(guidance)imageinto the correspondindayer of the gen-
eratedtargetimage during the samplingprocess,one can
preservethe layout of the sourcewhile modifying its ap-

pearance.njectingonly the KV featuresof a sourceref-

erencejnsteadtransferdts appearancencludingtextures,
to thegeneratedarget[1, 6].

In our case thetargetimageis a roughandincomplete
guidance,typically containingonly a few sourcepatches
rotatedand placedfreely by the user. A completeoverall
structureneedsto be synthesizedeasonablyyet conform-
ing to user'sconstraintsLocally, howevertheresultingtex-
ture shouldresemblehe reference.To achievethesegoals,
we adaptthe K V -injection into both the DDIM inversion
andsampling bringinga novelself-recti cation operation.

3.4.Selfs>recti cation

As shownin Fig. 3, our self-recti cation consistof two
parts: structure-preserving@versionand ne texturesam-
pling. Both areperformedin the SD latentspace.The last
latentcodeof inversionis usedasthe startingcodeof the
sampling. The core modi cation to both processess the
KV -injection of self-attentiorfeatures.

Structure-preserving inversion. ThestandarddDIM in-
version(Eg. (3)) progressivelftransformsan input image
(SD latentcode)into pure Gaussiamoise. At eachtime
step,the noiseto be addedis predictedby the U-Net. As
visualizedin Fig. 4, for agiventargetimage,the noisepre-
dicted by the U-Net for early time steps(e.g.,t  20)is
mainly distributedto diffuse the prominentstructuresso
thatthedistinctivepatterndrom usereditsgetscattereédnd
random.As the inversionprogresseshe magnitudeof the
noiseaddedin eachstepbecomessmallerand similar for

t=0 Recon of [*%"

t=50 40 30 20 10

Figureb5. Visualizationof theintermediatdatentcodesn the ne

texturesampling. Here, for the rst 20 steps(fromt = 50 to
30), we performthe standardDDIM samplingto reconstructhe
targetlayout. Next, we performK V -injection in the remaining
samplingsteps(t = 30 to 0), to synthesizene texturesfor the
outputimage. Therightmostshowsthe resultproducedy simply
performingstandarddDIM samplingfor all steps,i.e., S = 50.
No additionalstructures synthesizedo completethe useredits.

all latent pixels, sincethe diffusion is getting closeto
done. As no text promptis involved, the noise prediction
in eachinversionstepis dominantlydeterminedy theself-
attentionmechanisnin the U-Net. Our key observations
thatif we inject the KV featuresfrom a large time step
ty ( T=2)into anearlytime stept, ( T=2),the noise
predictedatt, will be smallerandmorespatiallyuniform.
The distinctive patternsof | &, re ecting the user’sedits,
arethusbetterpreservedHence we referto this processas
structure-preservingnversion.

Speci cally, given a roughtargetimagel ¥, we invert
it twice. The rst inversionis a standarddDIM inversion.
Theproducedself-attentiorfeaturesalongthenoisingsteps
areregardedastheinversionreference(IR) for the second
inversion.Theself-attentiorduringthe secondnversion,at
time stept, is now givenby:

|

tar IR T~
Att QP K sV = Softmax ‘—pa“— Vi

)

whereT denoteghetotal numberof steps(we useT = 50).
HereK V featuresareinjectedin areverseorderin thesec-
ond round. We would like to stressthat we havealso ex-
perimentedwith usingan offset, i.e., replacingT  t with
t + offsetin theaboveequationputfoundno advantagésee
supplementarjor moreanalysisandcomparisons).

During thesecondnversion,we do not performK V in-
jectionsfor all time steps We seta parameteP thatde nes
the time stepbeyondwhich we continuewith standardn-
version.Fig. 4 showsthe effectof our structure-preserving
inversion,whereP = 30. Sincethe nal latentcodeafter
the secondinversionstill containsrich information about
thedistinctivestructuregrom | ", thesubsequergampling
that startsfrom this latentcodeis guidedto synthesizea
globalstructurethatcomplieswith | 2",

Fine texture sampling. We start the DDIM sampling
from the nal structure-preservingatentcode. The sam-
pling usesthe U-Net to predictthe noiseto be removed as
de ned in Eqg. (1). However,simply performingstandard
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DDIM samplingfor all denoisingstepsresultsin a nearly
reconstructedargetimagesinceDDIM samplingis deter-
ministic. Thereforewe setthe rst S steps(i.e.,from time
stepTto T  S)toreconstructhetargetlayoutto a certain
extent.FortheremainingT S denoisingstepswe synthe-
sizetheoutputimagel by matching ne texturesfrom the
referencevia K V -injectionfrom thereferencd R.

To this end,we rst DDIM-invert the referencetexture
I R, At denoisingtime stept (t > T S),theK V features
extractedduring the inversionare injectedinto the corre-
spondingself-attentiodayersof the synthesizedexture:

I

Q K&’

Att Q,; KR VR = Softmax P VR (6)

This forms a cross-imageattention,where corresponding
ne local patterndgn thereferencearetransferredo theout-
putimagein aplausiblemanner.Fig. 5 visualizegheinter-
mediateprocesof our texturesampling,whereS = 20.

3.5.Implementation detailsand data augmentation

In the userediting phasewe Il the backgroundof the
targetcanvaswith pixels randomlydrawnfrom the source
texture,suchthat the encodingof the targetimagewould
not deviatetoo far from the sourcein the SD latentspace.
As the self-recti cation is performedtwice, the output of
coarsestagel .,s¢ Will be usedasthe input targetimage
of ne stageto producethe nal outputl . In contrastfor
theinversionreferencd 'R involvedin structure-preserving
inversionof thetwo self-recti cations,we usethe sameini-
tial targetimagethat containsthe original useredits. See
thesupplementaryor thefull algorithmpseudo-code.

Consideringthe parametersettings: since the coarse

stageaims for structuresynthesis,relatively large P and
S are requiredin self-recti cation, and vice versain the
ne stage. More speci cally, let Py, P;, S;, andS,, de-
note the parameteraisedin the two roundsof structure-
preservinginversionand ne texture sampling. We typi-
cally setP; = 20;P, = 5;S; = 20;andS; = 5. Follow-
ing [6], we choosethe K V featuresfrom the 10thto 15th
self-attentiorlayersof the U-Net decodelpart.

To furtherimprovethesynthesigjuality, especiallywhen
dealing with texturescontaininga dominant directional
structure,suchasthe leaf shownin Fig. 1, we canintro-
duceafew transformedmages( ips androtations)to aug-
mentthe referencaexture. We concatenaté¢he new atten-
tion featuredrom theaugmentatiomo theoriginalreference
feature. For example,whenwe haven augmentedource
texturestheK R andVR in Eq. (6) is now givenby

8
<KR :ConcatK('?));K(Fi);:::;Ka) @)
- VR = Concat Vg ; Vg5 Vi '

whereK 3 ; andV,; aretheself-attentiorfeaturesacquired
from the DDIM inversionof theaugmentedeferences.

4. Experiments

We apply our methodwith StableDiffusion with pub-
licly availablecheckpoints/1.4. All experimentsverecon-
ductedon a single QuadroP600024G GPU. Theinference
time synthesizinganimageof 512 512 pixelstakesabout
threeminutesfor our coarse-to- neself-recti cation.

4.1.Evaluations and Comparisons

We evaluateour methodwith non-stationaryexturesre-
leasedby [51]. Eachexampleis resizedto 512 512 pixels
asthe referenceandwe quickly built severaldifferenttar-
getimagedor eachin PhotoShopvith justafew lazy edits.
Fig. 6 showsa gallery of resultsgeneratedy our method.
As canbe seenour methodfaithfully reproduceghe deli-
catetexturesof the exemplartheir global structureandyet
respectinghe sparseeditsof thetargetimage.More results
areincludedin thesupplementary.

To comparewith state-of-the-antexturesynthesigneth-
ods, we fed the targetimageswe sketchedto the models
trainedby adversariabxpansion(TexExp)[51]. As canbe
seenin Fig. 6, TexExpfailed to reproducehe ne textures
of thereferenceasthe editedtargetimagesareunseerdata
toits training. We alsotestedhetextureoptimizationbased
onarecentlyproposedexturalloss(GCDLoss)[49], where
thetargetimagesaredown-scaledstheinitializationin its
multi-resolutionsynthesis. Although plausiblelocal tex-
turesare synthesizedthe output of this methoddoesnot
alwaysconformto the user-editedayout(seeFig. 6).

We have also applied our methodon nearly homoge-
neoustexturesof stationarystatistics. Sincesuchtextures
do not havea prominentglobal structure,we can simply
reshuf e patches athe reference teerve as tharget.This,
howevermightcutsomelocal elementsn theexample Al-
ternatively,we canusethereferencémageasthetargetand
shuf e its inversioncodebeforethe sampling,which bet-
ter preserveshelocal textureelementsFig. 7 showsa few
examplesgdemonstratinggromisingquality.

4.2.Ablation Studies

In this section,we analyzethe effect of the key compo-
nentsin our methodthroughablationstudies.

KV-Injection in sampling. As K V-Injectionis applied
bothin theinversionandsamplingprocessye appliedtwo
ablationsto studyits effect. First,we setP; = P, = 0,and
explorethefull parametespacefor S; andS;, to studythe
effect of K V-Injectionin texture samplingwithout being
affectedby theinversion.

Fig. 8 showsa matrix of resultsof this parametestudy.
A smallervalueof S(S; & S;) meangerformingmoretime
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Figure6. We sketchtwo targetsfor eachreferencedenotedasEdit 1 and Edit 2, respectively. Our self-recti cation methodgenerates
textureswith global structureghatfaithfully respecthe usereditsof thetargetimageswhile still producinghigh-qualitytexturedetails.
In contrast,adversariaexpansionTexExp)[51] doesnot capturethe ne detailswell. Optimizationby GCD Loss[49] reproduceshe
localtexturesput doesnot alwaysconformto thetargetimage.NotethatEdit 2 is usedastheinputfor TexExp,andastheinitializationin
textureoptimizationof GCD Loss. More resultsareincludedin the supplementary.















