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Abstract

In naturalscenes,objectsandpatternscanappearat a wide
variety of distancesfrom the viewer. For the samevisual
patternviewed at different distances,both the imageand
our perceptionof thepatternchangeover distance.We call
thechangeof theimageoverdistanceasimagescaling, and
the changeof our perceptionover distanceas information
scaling. While imagescalingcanbe accountedfor by the
statespacetheory, informationscalinghasnot beenmath-
ematicallystudiedin computervision. In this paper, we
prove two informationscalinglaws: 1) theentropy rateof
the imagechangesover distance,and2) theentropy of the
posteriordistribution of the patternalsochangesover dis-
tance.Thesetwo informationscalinglawshavedeepimpli-
cationsin computervision: they call for differentmodelsof
the samevisual patternat differentdistances,aswell asa
modeltransitionmechanismfor switchingmodelsoverdif-
ferentdistance/scaleregimes.

1 Intr oduction

Figure1: Leavesatdifferentdistancesleadto differentper-
ceptions,from individualstructuresto foliagetextureto �at
region.

Visual patternsand objectsin naturalscenesappearat
a wide variety of distancesfrom the viewer, andthe same
patternmay lead to different perceptionswhen viewed at

differentdistances.SeeFigure1 for anexample,wherethe
leavesnearbycanbeperceivedasindividual structures,but
theleavesatadistanceonly giveusanimpressionof foliage
texture,andtheleavesof thetreeson themountainafar re-
sult in a moreor less�at region in the image. Similarly,
whenwe look atapersonata fardistance,wecanonly rec-
ognizehisor herface.Whenwemovecloser, westartto see
theeyes,nose,andmouth. Whenwe move still closer, we
begin to noticefacial markssuchaswrinkles, etc. There-
fore,thesamevisualpatternor objectneedsto bedescribed
by differentmodelsatdifferentdistancesor scales.

Whenwe studywhathappensif theviewer changesdis-
tancefrom a visual pattern,it is important to distinguish
betweenthechangeof theimageandthechangeof ourper-
ception. The former canbe called image scaling, andthe
lattercanbecalledinformationscaling. Froma humanvi-
sionperspective,imagescalingoccursin retina,whereasin-
formationscalingoccursin visualcortex. While imagescal-
ing canbe accountedfor by the scalespacetheory[4][15],
to thebestof our knowledge,therehasnot beenany math-
ematicaltheoryfor informationscaling,even thoughsome
theoriesdo take the issueof scalinginto account,suchas
multi-resolutionanalysis[7],fractals[10],featurestatistics
of naturalimages[5][16][11][17].

In this paper, we prove two informationscalinglaws: 1)
the complexity scalinglaw (Theorems1&2) – the entropy
rateof theimagechangesover distance,and2) thepercep-
tibility scalinglaw (Theorem4) – theentropy of theposte-
rior distribution of the patternalsochangesover distance.
Thesetwo informationscalinglaws have deepimplications
in computervision: they call for different modelsof the
samevisual patternviewed at different distances,as well
asamodeltransitionmechanismfor switchingmodelsover
differentdistance/scaleregimes.

2 Complexity ScalingLaw
Let I be the imageof a patternobserved at a certaindis-
tance,andlet'sassumethatI followsaprobabilitydistribu-
tion p(I ). Therearetwo interpretationsof p(I ).

1. p(I ) is the result of the generative processthat pro-
ducestheimagesof thevisualpattern.
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2. p(I ) correspondsto thecodingor compressionscheme
to approximatetheKomolgorov algorithmiccomplex-
ity of anobservedimageI obs.

Let's assumethatI is de�ned on a lattice¤ . Let j¤ j bethe
sizeor thenumberof pixelsof ¤ .

De�nition 1: Image complexity, denoted by H(I ),
is de�ned as the entropy of p(I ), i.e., H (p(I )) =
¡

P
I p(I ) logp(I ): Thecomplexityrate(or complexityper

pixel) of theimage is de�nedasH(I )=j¤ j.

Whenwe move away from a pattern,thechangeof im-
ageof thepatterninvolvesbothlocal smoothinganddown-
sampling.Let's �rst studytheeffect of down-sampling.To
simplify thesituation,weassumethatwedown-sampleI by
a factorof 2 alongbothverticalandhorizontalaxes. Then
therearefour down-sampledversions,andlet'sdenotethem
by I (k )

¡ ; k = 1; 2; 3; 4, eachde�ned onadown-sampledlat-
tice¤ ¡ , with j¤ ¡ j = j¤ j=4. SeeFigure2 for anillustration.

Figure2: The four down-sampledversionsof the original
image.

Theorem 1: 1) Thecomplexity of I (k )
¡ is smallerthan the

complexity of I , H (I (k )
¡ ) · H (I ); k = 1; :::; 4, andH(I ) ¡

H (I (k )
¡ ) = H(I jI (k )

¡ ), where H(I jI (k )
¡ ) is the conditional

entropyof p(I jI (k )
¡ ).

2)Thecomplexity rateof I (k )
¡ is larger thanthecomplex-

ity rateof I ,

1
4

1
j¤ ¡ j

4X

k=1

H(I (k )
¡ ) ¸

1
j¤ j

H (I ); (1)

and

1
4

1
j¤ ¡ j

4X

k=1

H(I (k )
¡ ) ¡

1
j¤ j

H (I ) =
1

j¤ j
M (I (k )

¡ ; k = 1; :::; 4);

where M () denotesmutual information amongthe four
down-sampledversions.
Proof: 1) p(I jI (k )

¡ ) = p(I )=p(I (k )
¡ ) sinceI (k )

¡ is fully de-
terminedby I . Thus

H(I ) ¡ H (I (k )
¡ ) = EI

"

¡ log
p(I )

p(I (k )
¡ )

#

= EI [¡ logp(I jI (k )
¡ )] = H(I jI (k )

¡ ) ¸ 0:

2)

4X

k=1

H(I (k )
¡ ) ¡ H (I ) = E

"

log
p(I )

Q
k p(I (k )

¡ )

#

= M (I (k )
¡ ; k = 1; :::; 4) ¸ 0: QED

This theoremtells us that if we down-samplean image,
thecomplexity of theimagewill decrease,but thecomplex-
ity ratewill increase.In otherwords,inequality(1) tells us
that the imagelooksmorerandom.This canbeeasilyun-
derstoodfrom reallife experience.For instance,for theleaf
patternin Figure1, whenwe move fartheraway from the
leaves,we loseinformation,so the complexity is decreas-
ing. But weseemoreleaveswithin unit areaof visual�eld,
sothecomplexity rateis increasing.

Onecanalsounderstandthis resultfrom theperspective
of Komolgorov complexity. The shortestalgorithmiccod-
ing lengthof I mustbegreaterthanor equalto theshortest
codinglengthof any of theI (k )

¡ , but mustbesmallerthanor
equalto thesumof theshortestcodinglengthsof the four
I (k )

¡ .
Now let's studythe effect of local averaging. Let I be

theoriginal image,andlet J betheimageobtainedby con-
volving the imageI with a localizedsmoothingkernelk,
i.e.,J = I ¤ k.

Theorem2: Asthelattice¤ ! Z 2,

1
j¤ j

H (J ) ¡
1

j¤ j
H (I ) !

Z
log jk̂(! )jd! ; (2)

where the right hand side is smaller than or equal to 0.
Here k̂ is the Fourier transform of the kernel k, ! 2
[¡ ¼=2; ¼=2] £ [¡ ¼=2; ¼=2] is thespatialfrequency.

Proof: In theFourierdomain,we have Ĵ (! ) = Î (! )k̂(! ),
whereĴ and Î areFourier transformsof J and I respec-
tively. For �nite rectangularlattice¤ , thespatialfrequency
! takesvaluesin a �nite grid. SincetheFourier transform
is orthogonal,we have H(I ) = H(Î ), andH(J ) = H(Ĵ ).
Thus

1
j¤ j

H (J ) =
1

j¤ j
H (I ) +

1
j¤ j

X

!

log jk̂(! )j: (3)

As ¤ ! Z 2, thesecondtermon theright handsidegoestoR
log jk̂(! )jd! .
A smoothingkernelk is a probabilitydistribution func-

tion, k̂ is the so-calledcharacteristicfunction of k, and
k̂(! ) =

P
x k(x)e¡ i! x = Ek [e¡ i! x ], with x » k(x).

So jk̂(! )j2 = jEk [e¡ i! x ]j2 · Ek [je¡ i! x j2] = 1. Thus,R
log jk̂(! )jd! · 0. QED
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Equation(2) shows thatwhenwe smoothan image,the
complexity ratewill decrease,i.e.,wesmoothoutsomeran-
domness.If the imageis large, thenthe decreasein com-
plexity rateapproachesaconstant.

Thecomplexity scalinglaw is acombinationof Theorem
1 andTheorem2. Let J = I ¤ k, andlet J¡ bethedown-
sampledversionof J by a factorof 2 on bothaxes. Then,
J¡ canbe considereda down-scaledversionof I , that is,
the imageof the underlyingvisual patternchangesfrom I
to J¡ if thedistancebetweentheviewerandthevisualpat-
terndoubles.For largelatticesize,we have thecomplexity
scalinglaw:

1
4

1
j¤ ¡ j

4X

k=1

H(J (k )
¡ ) ¡

1
j¤ j

H (I )

¡ [
1

j¤ j
M (J (k )

¡ ; k = 1; 2; 3; 4) +
Z

log jk̂(! )jd! ] ! 0:

If the mutual information per pixel is greater than
¡

R
log jk̂(! )jd! , we observe an increasein complexity

rate.Otherwise,thecomplexity ratedecreases.

Figure3: Linearbases/�ltersof differentscalesandorien-
tations.

Next, we will demonstratethe complexity scalinglaw
with someexperiments.We usethreeindicatorsfor theen-
tropy of animage:

1) Theentropy of thehistogramof theintensitygradients
(alonghorizontaldirection).This is a very roughindicator,
but it appearsconsistentwith thefollowing two indicators.

2) Thecodinglengthperpixel of theimageusingJPEG
2000.Thismethodcodestheimageusingwaveletbases.

3) Codetheimage(thewhitenedversionwherethehigh
frequenciesareenhanced,see[12]) by thefollowing model:
I =

P
i ci B i + ², whereci arethecoef�cients, andB i form

an overcompletesystemof localized,oriented,and elon-
gatedbasessuchasDifferenceof OffsetGaussian(DOOG)
bases[6](or Gaborbases).SeeFigure3 for anillustrationof
suchlinearbases.We countthenumberof basesperpixel
neededto explain70% of theintensityvariance.Weusethe
matchingpursuitalgorithm[8] to selectbases.

Figure 4: The �gure above displaysthe original image
of ivy wall and its down-scaledversions. The plot below
shows thechangeof complexity rate(threeindicators)over
thecascadeorderof down-scaling.

We did an experimenton an imageof ivy wall in Fig-
ure4. For this image,we keepdown-scalingit by a factor
of 2 £ 2. Thenwe plot theentropy rateof the imageover
thecascadeorderof down-scaling.Clearly, thereis anup-
ward trendin complexity ratewithin the rangeof theplot,
indicatingthat theimageis gettingmorerandom(Herethe
measuresof the threeindicatorsof the imagecomplexity
arenormalizedby lineartransformssothatthey canbedis-
playedtogetherin oneplot). This upward trendcontinues
persistentlyuntil the ivy wall is extremely far away from
theviewer. Thenthelocal averagingeffect will smoothout
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a) b)

c) d)

Figure5: Fromsparsecodingto featurestatistics.a) Ob-
served near-distanceimage. b) Reconstructedby sparse
codingwith 1,000bases.c) Observed far-distanceimage.
d) “Reconstructed”by matchingfeaturestatistics.

Figure6: A scaleinvariantimageandthechangeof com-
plexity rateover cascadeorderof down-scaling.

therandomness,sothatthecomplexity ratewill startto de-
crease.

This phenomenonhasinterestingimplicationin sparsity
principle. Sparsityhasbeena cherishedprinciple in math-
ematics.It hasalsobeenproposedby OlshausenandField
[12] asa principleemployedby theprimitive visualcortex
or V1. They usedthisprincipleto learnasetof linearbases
that resemblethe propertiesof simpleV1 cells. In Figure
4, at neardistance,thecomplexity rateis very low, sospar-
sity principleapplies,andweobserve individual structures.
Butastheviewermovesfartherfromtheunderlyingpattern,
or if we down-scalethe image,the complexity rateof the
imagewill increase,so that theremaynot exist any sparse
deterministicrepresentationof the image,andthe sparsity
principle is violated. As a result, the visual systemmay
only interprettheimageby somesummariesthatcannotde-
terminethe imagedeterministically, and thesesummaries
arefeaturestatistics,andweperceivecollective texturesin-
steadof individualstructures.Thismayexplain thepercep-
tual transitionfrom structuresto textures,or from sparse
codingto featurestatistics.SeeGuo, Zhu, Wu (2003)[2]
for moredetails,wherethey call the model regime where
sparsecodingappliesassketchableregime,andthemodel
regime wherewe needto usefeaturestatisticsasthe non-
sketchableregime.

Figure 5 displays an example of the transition from
sparsecodingto featurestatistics.a) andc) areimagesof
ivy-wall atnear-distanceandfar-distancerespectively. b) is
reconstructednear-distanceimageusingsparsecodingrep-
resentationwith 1,000basesselectedby thematchingpur-
suit algorithm. d) is statisticallyreconstructedfar-distance
imageusing featurestatisticsrepresentationby matching
histogramsof �lter responses.

In thesecondexperiment,Figure6 displaysa pictureof
naturalscene,whereobjectsappearatvariousdistances,re-
sulting in a wide variety of scales. If we repeatthe �rst
experimenton this picture,we seethat thecomplexity rate
doesnot changemuchaswe down-scalethe image. This
suggeststhat theimageis scaleinvariant.See[16][11][17]
for morediscussions.

In the third experiment,Figure7 shows a sequenceof
imagesof treestakenin LosAngelesarea.At theclosedis-
tance,theimageis dominatedby onetreein thevisual�eld.
At thefar distance,we seetheforeston themountain.Fig-
ure8 plots the threecomplexity indicatorsof theseimages
orderedby thedistanceor scale.

Whentheobjectsin thevisual�eld areof neardistances
or largescales,andeachobjecthassmoothsurface,themu-
tual informationwe discussedabove canbequitelarge. As
a result,if wedown-scaletheimage,wewill observeanin-
creasein complexity rate. Whenthe objectsin the visual
�eld areof far distancesor small scales,the mutual infor-
mationcanberathersmall. If wedown-scaletheimage,we
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will observe adecreasein complexity rate.
In the fourth experiment,we study the codingof a se-

quenceof brick wall images(whitenedversion)using the
linear additive model I =

P
i ci B i + ², wheref B i g is a

setof overcompletebases.In our experiment,we usetwo
setsof bases.Onesetconsistsof Differenceof OffsetGaus-
sian(DOOG)basesaswe discussedbefore(seeFigure3).
Theothersetconsistsof primitiveslearnedfrom theimage.
The primitives learnedfrom the brick wall image(left) in
Figure9 areshown in Figure10. In Figure9 we plot the
meansquarederrorversusthenumberof basesfor eachim-
ageunderthetwo vocabulariesof bases.For thebrick wall
imagetakenat a closedistance,theprimitivesaremoreef-
�cient. But for thebrick wall imagetakenat a far distance,
theDOOGbaseswin over theprimitives.Clearly, thereare
differentdistance/complexity regimeswheredifferentgen-
erative modelsareneededfor thesametypeof pattern.We
shallstudytheissueof modeltransitionoverdistancein fu-
turework.

3 Perceptibility ScalingLaw
Thepurposeof visionis to makeinferenceabouttheoutside
world that generatesthe image. Now, let's studythe issue
of information scaling in an inferential framework in the
context of generative modeling.

Let W describetheoutsideworld thatproducesthe im-
ageI . Let's assumethat both W and I areproperlydis-
cretized,andthat W is detailedenoughto produceI , i.e.,
I = g(W ), where the many to one function g() can be
thoughtof asa graphicsprocess.For naturalpatternssuch
asfoliageandgrass,W is typically verycomplex, including
detaileddescriptionsof all the leavesandstrandsof grass.
Suchvisualcomplexity is a de�ning characteristicof natu-
ral scenesandis a key factorfor visual realismin graphics
andpaintings.

Supposeour prior knowledge about W can be repre-
sentedby a prior distribution p(W ). Again, we can ei-
ther interpretp(W ) asresultof the stochasticprocessthat
givesriseto W , or frequenciesof anensembleof scenes,or
a schemeof codingW to approximateKomolgorov com-
plexity. Given W » p(W ), and I = g(W ), we have
themarginal distribution of I : p(I ) =

P
W :g(W )= I p(W ):

The posterior distribution of W given I is p(W jI ) =
p(W; I )=p(I ) = p(W )=p(I ) whenI = g(W ). p(W; I ) =
p(W ) becauseI is fully determinedby W . This posterior
distribution de�nesour perceptionof W basedon I , andis
aninversionof thegraphicsequationI = g(W ).

De�nition 2: Scenecomplexity, denotedby H(W ), is de-
�ned asH(p(W )) = ¡

P
W p(W ) logp(W ):

De�nition 3: Imperceptibility, denotedby H(W jI ), is de-
�ned asH(p(W jI )) = ¡

P
W p(W ) logp(W jI ):

Theorem3: LetW » p(W ), andI = g(W ), then

H(W jI ) = H(W ) ¡ H(I ): (4)

That is, imperceptibility= scenecomplexity- imagecom-
plexity.

Proof: p(W jI ) = p(W )=p(I ), by takinglog onbothsides,
andthentakingexpectation,Theorem2 follows. QED

Onemay interpretequation(4) from the perspective of
invertingthegraphicsequationI = g(W ). Thescenecom-
plexity H(W ) countsthenumberof theunknowns(in terms
of bits),andtheimagecomplexity H(I ) countsthenumber
of equations. The imperceptibility H(W jI ) then tells us
thedegreesof freedomthatareleft undeterminedfrom this
equation. Thusthe imperceptibilityH(W jI ) givesa gen-
eralde�nition of “ill-posedness”of theinversionproblem.

For an imageI , its down-scaledversionI ¡ canbe ob-
tainedby localsmoothinganddown-sampling,andthepro-
cesscanberepresentedby amany to onereductionfunction
R() , suchthatI ¡ = R(I ). Thenwehavethefollowing per-
ceptibility scalinglaw.

Theorem 4: For W » p(W ), I = g(W ), if I ¡ = R(I )
with R() beinganymanyto onereductionfunction,then

H(W jI ¡ ) ¸ H (W jI ): (5)

Thatis, imperceptibilitybecomeslarger with down-scaling.

Proof: H (W jI ¡ ) = H(W ) ¡ H(I ¡ ), H (W jI ) = H(W ) ¡
H(I ), andH(I ) ¡ H (I ¡ ) = H(I jI ¡ ). So H(W jI ¡ ) ¡
H (W jI ) = H(I jI ¡ ) ¸ 0. QED

Inequality (5) tells us that if we get farther from the
sceneW , it will becomelessperceptible,andif H (W jI ¡ )
is above a threshold,thenour perceptionmayexperiencea
transition. We can only perceive someaspectof W , i.e.,
W¡ = ½(W ), for somemany to onereduction½() , such
thatH(W¡ jI ¡ ) remainssmall. It is possibleto �nd sucha
W¡ , becauseof thefollowing theorem.

Theorem 5: For W » p(W ), I = g(W ), andI ¡ = R(I ),
W¡ = ½(W ), wehave

1) H(W¡ jI ¡ ) · H (W jI ¡ ):

2) p(I ¡ jW¡ ) =

P
W :½(W )= W ¡ ;R (g(W ))= I ¡

p(W )
P

W :½(W )= W ¡
p(W )

:

Proof: 1) p(W jI ¡ )=p(W¡ jI ¡ ) = p(W jW¡ ; I ¡ ), thus

H(W jI ¡ ) ¡H (W¡ jI ¡ ) = H(W jW¡ ; I ¡ ) ¸ 0. 2)
p(I ¡ jW¡ ) = p(I ¡ ; W¡ )=p(W¡ ). QED

Result2) tells us that althoughW de�nes I determin-
istically via I = g(W ), W¡ may only de�ne I ¡ statisti-
cally via a probability distribution p(I ¡ jW¡ ). While W
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Figure7: Naturalimagestakenatdifferentdistancesfrom thetrees.

representssparsestructures,W¡ mayonly representcollec-
tive textures.Figure11 illustratesthe imageandtheworld
which are describedat two scales. W is not perceptible
from I ¡ . While I is a deterministicfunction of W , W¡

mayde�ne I ¡ statistically.

Figure8: Thechangeof thecomplexity rateof theimages
over distancein Figure7.

For patternslike hair, fur, sandsand soil, the physical
W , whichincludesall individualstrandsof hairsor individ-
ual grainsof sands,is perhapsnever fully perceptible.This
is alsotruewith water, �re, smoke, andclothes,for which
the�uid dynamicsor mechanicsmodelsof W consistsof a
largenumberof particles.In thatcase,wearealwaysin the
(W¡ ; I ¡ ) regime,andthephysicsmodelis not relevant to
vision.

What is the implicationof theperceptibilityscalinglaw
in generative modeling? Let I d be the imageof a visual
patternat distanced. If we modelI d by a singlegenerative
modelW » p(W ), andI d j W » pd(I d j W ), thenthe
imperceptibilityH(W jI d) is increasingasd increases,and
if it is aboveacertainthreshold,theimperceptibilitywill be
too largefor thegenerativemodelto beuseful.In thatcase,
weneedto useasetof generativemodelsWd » p(Wd), and
I d j Wd » pd(I d j Wd), andfor differentdistanceregime,
wemayneeddifferentWd.

Interestingly, the inferential conceptof perceptibility
alsoarisesfrom therepresentationandcodingperspective,
evenif we do not assumeanobjective W . Thatis, we only
assumeI » p(I ), andW is anaugmentedvariablepurely
for the purposeof codingI , via a modelW » f (W ) and
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Figure9: The�gures abovedisplaybrick wall imagestakenatdifferentdistances.Theplotsbelow show thechangeof mean
squareerrorover thenumberof basesundertwo differentvocabularies:oneconsistsof DOOGbases,andtheotherconsists
of primitiveslearnedfrom images.

[I jW ] » f (I jW ). In this model, the marginal distribu-
tion I is f (I ) =

P
W f (W )f (I jW ), andtheposteriordis-

tribution f (W jI ) = f (W )f (I jW )=f (I ). In this coding
scheme,for an imageI , we �rst estimateW by a sample
from theposteriordistributionf (W jI ), thenwecodeW by
f (W ) with codinglength¡ log f (W ). After that,we code
I by f (I jW ) with codinglength¡ log f (I jW ). Sotheav-
eragecodinglengthis

¡ Ep
£
Ef (W j I ) (log f (W ) + log f (I jW ))

¤
:

Theorem6: Theaverage codinglengthis

Ep[H (f (W jI )] + D(pjj f ) + H(p): (6)

That is, coding redundancy= imperceptibility + error.
Here H(f (W jI )) = ¡

P
W f (W jI ) log f (W jI ); and

D(pjj f ) is theKullback-Leiblerdistance.

Proof: Thetheoremfollows from

Ep
©

Ef (W j I ) [log f (W ) + log f (I jW )] ¡ logp(I )
ª

= Ep
©

Ef (W j I ) [log f (W ) + log f (I jW ) ¡ log f (I )]
ª

¡ Ep[logp(I ) ¡ log f (I )]: QED

Equation(6) tellsusthatwenotonly wanttheerrorto be
small,we alsowantW to beperceptible,in thesensethat
Ep[H (f (W jI )] is small.

As anotherexample of imperceptibility, let's go back
to the sparsecoding model using linear bases,with I =P

i ci B i + N (0; ¾2), andc = f ci g » p(c) (see,e.g.,Pece
[13]). We suspectthat if H (c) is large, thenthe impercep-
tibility H(cjI ) shouldalsobelarge. However, we have not

establishedany generalresulton this issue. If the resultis
true,thenit hasinterestingimplication.Thatis, if theimage
hasahighcomplexity rate,thenwemaynotwantto pursue
a sparsecodingmodelof theabove form, becauseeventhe
sparsestrepresentationmayneeda lot of bases,i.e.,H (c) is
large,thenH(cjI ) canalsobelarge,sothereis a lot of am-
biguitiesasto how to codeI usingthe linearbases.If this
is the case,we may switch to the modelbasedon feature
statistics.

Figure10: Theprimitiveslearnedfrom thebrick wall im-
age(left) in Figure9.

4 Futur eWork
In thispaper, weestablishedthecomplexity scalinglaw and
the perceptibility scalelaw. The two information scaling
lawsimply thatweneedto usedifferentmodelsfor thesame
visualpatternviewedatdifferentdistance/scaleregimes.

In the future work, we shall studyconcretemodelsfor
visualpatternsatdifferentdistances,andstudytheformsof
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Figure11: Illustration of down-scalingandimperceptibil-
ity.

themodelsat differentdistance/scaleregimes,theunderly-
ing vocabulariesof differentmodels,and the criterion for
modelswitchingover distance.In the context of concrete
modelsandpatterns,we shallbeableto computecomplex-
ity rateand imperceptibility for differentmodels,and the
comparisonbetweendifferentmodelswill leadto a mecha-
nismfor modelswitching.
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