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A nonparametric resampling for non causal random fields and its
application to the texture synthesis

Lionel Truquet

Abstract

We study an extension to non causal Markov random fields of the resampling scheme given
in Bickel et Levina (2006)[5] for texture synthesis with Markov mesh models. This extension
is similar to a nonparametric method proposed by Paget and Longstaff (1998)[19] for texture
synthesis and we also use their multiscale synthesis algorithm incorporating local annealing. We
discuss some statistical properties and theoretical points for the convergence of the procedure and
provide several convincing simulation examples.

1 Introduction

Over the two last decades, there was a particular attention to study the problem of texture synthesis.
The goal of texture synthesis can be stated as follows: Given a texture sample, synthesize a new tex-
ture that appears similar to a human observer. Texture mapping or image compression are frequent
applications for such algorithms. The stochastic nature of texture variations makes it a particularly
natural area for applying statistical methods. The pioneer work of Cross and Jain (1983) [6] have
shown the ability of Markov random fields to model a homogeneous texture. Such parametric models
have been used for texture synthesis (as in [21]), but they require the estimation of a high number of
parameters for capturing the complexity of real textures, which leads to computational difficulties.
On the other hand, some algorithms model textures as a set of features, and generate new images
by matching the features in an example texture ([7], [15], [23]). Those methods work very well for
stochastic textures but have sometimes difficulties with highly structured ones.

Significant advances have been done in the area of texture synthesis using nonparametric algorithms
with Markov random fields. A popular algorithm has been introduced by Efros and Leung (1999)
[10]. Many variations of their method have been published that speed up and optimize the original
algorithm in different ways in Wei et Levoy (2000) [24], Efros and Freeman (2001) [9] and Liang et
al. (2001)[16] among others. The main statistical idea behind those algorithms is to consider the
observed texture as a realization of a strictly stationary MRF. The data are used to construct an
estimate of a local conditional distribution function of the field and a new texture is synthetized
with a simulation procedure. Typically, the synthesis starts using a seed and pixels are synthetized
in a given order by a recursive simulation of the random field as for time series. Intrinsically, those
simulation procedures suppose the causality nature of the observed stochastic process. At a first
sight this dependence form seems unnatural but the above algorithms work well on a wide variety of
textures which seem well approximated by such random fields.

On the other hand, some noncausal procedures have been investigated. The FRAME model intro-
duced by Zhu, Wu and Mumford [25] combine noncausal MRF models and feature matching. This
last model has a mathematical justification: maximum entropy with empirical histograms of a finite
number of filter responses are used to derive a parametric MRF for the whole distribution of the
texture. Despite its solid statistical modeling, FRAME models does not work always very well on
real textures.

Paget and Longstaff (1998)[19] have considered another algorithm, with a nonparametric noncausal



MRF. Contrarily to [25], the random field is specified through the conditional distribution and the
empirical histogram is smoothed with a kernel which allows a simulation procedure with the Gibbs
sampler. To avoid long relaxation time and phase discontinuities, Paget and Longstaff have used
multiscale grids and have incorporated a temperature parameter for the pixels and the resulting
algorithm is shown to be able to synthetize stochastic textures but also highly structured ones.
Except the work of Zhu et al.[25], not many theoretical works have been developed to study the
consistency of such procedures. To our knowledge, the only contribution is the work of Bickel et
Levina [5] who define a formal bootstrap scheme for resampling stationary (causal) random fields
which gives a theoretical justification to the algorithm of Efros and Leung [10].

The goal of this paper is to extend the method of Bickel and Levina to noncausal random fields for
modeling textures as in [19]. Of course, the use of the Gibbs sampler leads to long computational
times and this gives a clear advantage to causal algorithms. However, from a theoretical point of
view, the class of noncausal Markov random fields is known to be wider than the class of causal fields
and in fact only a noncausal field has a real physical sense. In [5], the authors study a nonparametric
estimation of the local conditional distribution function associated to the random field which is used
to simulate an approximate causal field. This method is an extension to random fields of a p—order
Markov bootstrap algorithm for time series [20]. We will use the same nonparametric estimation of
a conditional law and we will use the multiscale synthesis algorithm given in [19] to give simulation
examples.

The paper is organized as follows. In the following Section 2, we recall the results of Bickel et Levina
and provide the natural extension of their method to the noncausal case. Some considerations on
the convergence and the convergence rate of such algorithm are also provided. Section 3 is devoted
to recall the multiscale algorithm used by Paget and Longstaff and we incorporate our bootstrap
method to provide several simulation examples. Theoretical investigations are postponed to the two
last sections of the paper.

2 The Markov Mesh Models algorithm

2.1 Principle

We first recall the Markov Mesh Models (MMM in sequel) algorithm introduced by Bickel and Levina
[5]. This algorithm is different of the original algorithm of Efros and Leung [10] by the order in which
pixels are filled in the synthesized texture (raster instead of spiral), and the weights with which the

pixels are resampled. One can note that the raster order is used in some variations of the original
algorithm (see [24] and [16]).

In all the sequel we consider {X;, t € N* x N*} a real-valued random field and a positive integer
o € N*. We will use the following notations:

o for A C N* x N*| X4 denote the family (X;)iea;

o for A, BC N*XN*, A+B = {ta+tp, (ta,tp) € AxB}and A—B = {ta—tp, (ta,tp) € AXB}.
For t = (t1,t2) € N* x N* and s € N* x N*, define the index sets

. Uto) = {u = (u1,u2) € N* x N*; max(1,t; — o) < wuj < t1, max(1,ty — 0) < ug < t9 and u # t};

o U7(s) = U7 — {1} + {s};

o Wi={1,...,t1} x {1,...,t2} \ {t}.

The set Ut(o) is always included in the square of size (o + 1) x (0 + 1) with ¢ as the bottom right
corner, t itself excluded, but there are (0 + 1)? — 1 possible shapes of Ut(o). Then,



Definition 1 A random field X = {Xy, t € N* x N*} is a Markov mesh model if there exists o € N*
such that for all t € N* x N*,

P (X,/Xw,) = P (Xt/XUéf,)) . (2.1)

Now, the MMM resampling algorithm of Bickel and Levina [5] can be presented. First assume
that a trajectory of a MMM X is observed on the index set {1,..., 71} x {1...,T5} with 71,7 €
{o,0+1,...} x{0,0+1,...}, i.e.

(Xt,tE{l,...,Tl} X {1,TQ}>

is known. Then consider a family of kernels (W(),cn+ that are Borelian functions W : RY — [0, c0)
satisfying some general smoothness assumptions (see Assumption (A4) below). Moreover, for a
resampling width b > 0 and all £ € N*, define

Wi (y) = b WO (y/b) for all y € R,

In the sequel, for simplicity, we will omit the exponent o and ¢ for respectively Ut(o)7 t(o) (s) and Wb(g).

The MMM resampling algorithm

In the sequel we will denote X* = { X, t € N*xN*} the generated texture from (X, t € {1,...,T1} %
{1...,T5}). There are 3 main steps in this algorithm:

1. Select a starting value for {X; : 1 <t; <o+ 1,1 <ty <o+ 1}, the top left (o0 +1) x (0 + 1)
square. Typically the starting value will be a (0 + 1) x (0 + 1) square random chosen from the
observed field (X, t € {1,..., 71} x{1...,T2}).

2. Suppose that there exists (u,v) € N* x N* such that X; has been generated for ¢t € {1,...,u—
1} x{1,...,v}U{u} x{1,...,v — 1}, that is, u — 1 rows are filled in completely, and the row
w is filled up for the column v. To generate the next value X; = X (*u,v)’ let N; be a discrete
random variable with probability distribution

1 *
P(N; = s) = A Wy (X7, — Xu(s))

for all s € N*xN* such that Uy(s) C {1,...,Ti}x{1..., T2} and where Z = Y W},(Y;* —Yi(s))
is a normalizing constant. Note that the set of all possible s is such that all locations where
the conditioning neighborhood fits within the observed texture field.

3. Generate Ny and set X/ = X?u,v)

In Figure 1, we show two steps in the progress of the MMM algorithm, just after the choice of the
seed (step 1 above) and when the neighborhood of the pixel is full (see the center of the picture in
Figure 1). In Figure 2, we illustrate the difference with the original algorithm of Efros and Leung.
Here, the seed is put in the center of the new texture and the synthesis is done with a spiral ordering.
To synthesize a pixel at a site ¢, one considers only the value of pixels already synthesized in a given
square window centered at t. Another difference with the MMM algorithm is the choice of uniform
weights for the synthesis (see [5] for details). The MMM algorithm is formulated for a particular
class of random fields, the Markov Mesh Models (also known as Picard random fields) which were
introduced by Abend, Harley and Kanal [1]. These models have been developed for image applications
and can be simulated recursively an quickly. The resampling scheme described above is an adaption
of a method proposed for bootstrapping Markovian time series ([22], [20]).

= Xy,
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Figure 1: MMM algorithm, o = 2 Figure 2: Efros and Leung algorithm, o = 2

2.2 Consistency results for causal models

First, let us introduce new notations:

e for A C Z?, |A] is the cardinal of A.

o for v = (x1,22) € Z2, ||7]|0o = max(|z1]|, |72]).

e for A, B CZ% d(A,B) = infreayen{llr — yllw}

e for y € R with £ € N*, ||y|| is the usual Euclidian norm.

o for T = (T1,T») € N* x N* | let [T] =T1 T2 and T' — oo means 11 A Ty — oc.
Let A € Z2 such that |A| < co. For t € Z2, define

}/t = (Xt+j)jeA .

Moreover we define the following subsets of N* x N*:
Ir = {te{l,...,Tl} ) {1..., ), {t}—AcC{l,....,T1} x {1...,T2}}.

To show the consistency of their algorithm, Bickel et Levina have proved a general lemma about the
estimation of the local conditional distribution function

Fxyy(z/y) =P(Xy <2/Y; = y)

(see Theorem 2 in [5]). We first recall this theorem and its assumptions.

Assumptions of Theorem 2 in [5]

(A1) The random field X is strictly stationary and a-mixing, i.e. if for k,u,v € N*,

ax(k,u,v) = sup {|P(AB) — P(A)P(B)|, A€ 0(Xg),B € o(Xp)}
E,FE2,d(E,F)=k, E|=u,|F|=v



are the strong mixing coefficients such that there exist € > 0, 7 > 2 satisfying for all integers
u,v > 2, u+ v < ¢, where c is the smallest even integer such that ¢ > 7,

Z (k + 1) D10 ¢ (k,u, v) ) < oo
k=1

(A2) X; has a compact support S C R.

(A3) Fxy =P(X; <, Y; <), Fxyy and Fy = P(Y; <) have bounded continuous strictly pos-
itive densities (denoted fxy, Ix/y and fy respectively) with respect to Lebesgue measure.
Moreover, there exists L > 0 such that for any y,3’ € S4, any = € S,

‘/m Ixy(z,y)dz — /x fxy(z,y)dz

<L|y—v|-

(A4) The family of kernels (W) cy- is such that W© : RY — (0, 00) are bounded, symmetric and
first-order Lipshitz continuous functions such that for all £ € N*,

/UWWWMMMZOam./MWMmemn<m

Moreover, the width of Wb(g) is supposed to be such that b = by = O([T]~°%), with § > 0.

To show the consistency of the MMM resampling algorithm, Bickel and Levina have established
the convergence of the following sample cumulative conditional distribution function, that is, for
(z,y) € S x §4 and T € N* x N* such that Ip # ():

Fr(e/y) = - Z Ix, <o Wor (y = Y3), (2:2)

s€lr

where Zp = > Wy, (y — Y5).

selr

Theorem 1 (Theorem 2 [5]) If X is a MMM satisfying assumptions (A1) — (A4), then for all
A € 72 such that |A| < oo,

sup  |Pr(z/y) — Fx/y(x/y)| —=1—00 0.
(z,y)eSxSA

Theorem 1 shows the uniform convergence of the conditional distribution of a pixel given its neigh-
borhood. Using this general result with neighborhoods A of causal nature (e.g. A = U; —{t}), Bickel
and Levina show the consistency of their MMM algorithm and also of the original spiral resampling
algorithm of Efros and Leung. Their proof use the conditional independence properties of the MMM
which allow a recursive computation of the joint laws (we refer to Theorem 1 in [5] for details). This
resampling scheme uses the kernel regression estimation and requires some regularity assumptions
(see Assumptions (A1-4)). As it is pointed in [5], those assumptions are perfectly plausible for most
real textures: the mixing property is natural for stochastic textures, the compactness assumption is
always satisfied since the number of gray levels is finite, and this number is sufficiently high in most
of real textures to make the smoothness assumptions plausible.

However causal MMM are not really an appropriated for modeling texture: indeed, Why to choose
a certain direction as for the dependence of the field? It is more natural to consider a spatial model
for which there are no privileged direction for the dependence, i.e. a noncausal random field.



2.3 An extension to the noncausal case and a convergence rate of Theorem 1

To extend the previous results of [5] to noncausal fields, consider the following neighborhood N,
where 0 € N*
No=1{j € 22/0 < |jllw < o}

Thus {t} + N, is the natural extension of the set Ut(o) in the noncausal case. Denote
v=|N,| = (204 1) —1.

The MMM is a very particular case of Markov random fields. If X = {X;, t € Z?} is a R-valued
random field, then:

Definition 2 X = {X;, t € Z%} is a Markov random field if there evists o € N* such that for all
te7?,

P (Xi/Xz2\(y) = P(Xe/Xiin,) - (2.3)

We will again assume that (X;, ¢t € {1,..., 71} x {1...,T3}) is known. Then, for all ¢ € Z?, define
now:

Y, = (Xt+j)je_/\[o = X4, -

First, a convergence rate for the Theorem 2 of [5] can be established and it is also satisfied in the
noncausal case:

Theorem 2 If X is a is a noncausal Markov random field satisfying assumptions (A1l —4), then
for all A € Z? such that |A] < oo,

swp | Pr(a/y) - Fyy(afy) = 0 (1) as
(x,y)€Sx SNo
T—2 T—2
2w+ 1) (r+v+2) 2+ 1) (t+v+2)

Since MMM is a particular case of Markov random field, this result is also satisfied by MMM. It
is interesting to see in both the causal or noncausal cases that the convergence rate of the MMM
resampling algorithm is depending on a power law of [T'] (even if the choice of the optimal bandwidth
br is depending on unknown parameters 7 and v). Moreover the maximal exponent of convergence
rate that we can obtain in Theorem 2 is ﬁ (that requires 7 — oo for the mixing assumption).
Remark that if o = 0 (corresponding to a independent random field) then v = 0 and the convergence
rate is arbitrary close to T2

where 0 < v < and b = by = O([T]7%) with 6§ =

A partial consistency result for the MMM resampling algorithm in the noncausal
case

In order to extend to the noncausal case the consistency proof of Bickel et Levina for the MMM
resampling algorithm, we define the following one point conditional distribution defined by:

Fr(defy) = - 37 Wiy (y — ¥:) o, (d), (24)

s€lp

where ¢, is the usual Dirac mass measure. Note that (2.4) is equal to (2.2) in the case A = N,,.
However and contrary to the causal case, the one point distribution (2.4) cannot be in general the one
point conditional distribution of a noncausal Markov random field (nevertheless, we will use (2.4) to
run a Gibbs sampler). A statistical problem with texture modeling by a noncausal Markov random
field is to define a consistent nonparametric estimate of the one point conditional distributions which



is also compatible with the existence of a conditional specification. This would allow to define an
approximate Markov random field. We did not found a such estimate. Some tools are given in the
Annex about the link between the convergence of a sequence of one point conditional distributions
and the behavior of their joint laws provided they are well defined (see Theorem 3 and Theorem 4).
Here we only provide a restrictive result of consistency of a simulation procedure directly with the
Markov chain linked to the Gibbs sampler.

Suppose that we use the conditional distributions (2.4) and the Gibbs sampler to synthetize a new
texture on a rectangle R = Ry = {1,...,ur} x {1,...,vp}. We suppose here that assumptions of
Theorem 1 hold. Though the conditional distributions Fr defined in (2.4) are not compatible with
a Markov random field, we can use those distributions to simulate a Markov chain. We denote by
< the lexicographic order relation on R. Let z is an arbitrary element of S%% not depending on T
If 2,y € S® and s € R, we define the vectors yz(s) € SV such that yx(s); = ys+j if s +j < s and
yx(s) = x4 otherwise, completed with the boundary conditions xs;; = zetj Or Ysyj = 2445 if site
(s,7) € R x N, is such that s+ j ¢ R.

Now for T' € N* x N* such that 71,75 > 20 + 1 (this ensures that Ir is not empty), we define
the following transition on X IRT c Sh:

Pr(z,dy) = ®serFr (dys/yx(s)) -

Note that Ppr corresponds to the transition of the homogeneous Markov chain associated to the
conditional distributions Fr when we implement the Gibbs sampler with a raster ordering for the
visiting scheme (see [14] Theorem 6.2.1). Now as for the classical Gibbs sampler, we simulate a
Markov chain on IJE, with initial value w € Lﬁ and transition Pp. Since Pp is a positive transition,
the law of this Markov chain with finite state space converges to its unique invariant probability
denoted by pr. Then we have the following equality:

i (4) = / Pr(e, Apr(de), A€ B(S™),

where B(S*%) denote the Borel o—algebra on S®. One can mention that pr is not in general a
measure that admits F as conditional distributions.

Since S* is a compact metric space, the tightness of the sequence (u7)r implies the existence of a
cluster point denoted by p. We are going to show that p = ugr, where pr denotes the conditional
law Xr/Xor = 29r, where OR = (R + N,) \ R. Then by uniqueness of the cluster point, we will
deduce the following consistency result:

Almost surely : Tlim pur = pr  in distribution. (2.5)
— 00

To show that ;1 = pp, we first observe that pp is an invariant probability of the transition P on S%
defined by

P($ady) :®SERFX/Y (dys/y.’E(S)), T € SR'
Then P define a positive Markov chain and pp is the unique invariant probability. In fact P
is the transition of the homogeneous Markov chain defined in the Gibbs sampler for the simula-

tion of a realization of pug (still in the case of a periodic visiting scheme). Then if we prove that
w(A) = [ P(z, A)p(dz), VA € B(ST), we we can conclude that p = pip.

Suppose that (T, )nen is sequence in N* x N* such that lim,_,o g7, = pt. Then if g be a continuous
and bounded function on S%. We have:

/ 9(y)ur, (dy) — / 9(y)P(x, dy)u(dx)

= ‘/g(y)PTn(wvdy)uTn(dw) - /g(y)P(wvdy)u(dx)

6



< xseusr; /g(y)PTn(x,dy)—/g(y)P(w,dy)‘
+ | [ o) PG, dy)r, — p)(da)
= A+B.

Since the function  — [ g(y)P(z,dy) is still bounded and continuous from assumption (A2), the
weak convergence of the sequence (ur, )n implies that B — 0 (n — 00).

Now we show that A — 0 (n — o00). First we observe that if A is a continuous and bounded function
on ST x SE and s € R, then:

sup
(z,y)eSEXSH

/h(fmy) (Fr, (dys/yz(s)) — Fxy (dys/yz(s))| —noo 0, a.s. (2.6)

The proof of (2.6) is omitted since the proof is very similar to the assertion A — 0 in the proof of
Theorem 3, using Theorem 1. If u € R is such that u > s, Vs € R\ {u}, we have:

Vg(y)PTn(w, dy) —/g(y)P(w,dy)‘

< ' / / 9(0) Fx v (A /y3()) (e oy P (s (5)) — ®seR\{u}FX/y<dyS/ya:<s>>)'

+ sup
YsE€S,s#u

[ o) (Fr, et - FX/y<dyu/yx<u>>)\ @

Then if we iterate the bound (2.7), using a non increasing enumeration of the sites of R, the con-
vergence A — 0 follows from a repeated use of (2.6). Then, by the uniqueness of the limit of the
sequence (ur, )n, we conclude that p(dy) = [ P(z,dy)p(dz) and the convergence (2.5) follows from
the previous remarks.

However, for obtaining the consistency the natural asymptotic requires that Ry increases to Z2.
Unfortunately, we did not find a proof in this case.

3 The approach of Paget and Longstaff and simulation examples

3.1 Paget and Longstaff method

In their paper, Paget and Longstaff [19] have proposed a noncausal estimate of the local conditional
distribution similar than ours, using also a kernel which smooths the multidimensional histogram.
Our approach is more linked to the idea of a resampling scheme and appears in a natural way from
the nonparametric estimation of the conditional expectation (z,y) — P (Xt <z / Y, = y) The Gibbs
sampler (see [12]) is a classical stochastic relaxation (SR) algorithm which is used for the simulation
of Markov random fields. But as pointed in [19], a problem with the single-scale relaxation process
is that global image characteristics evolve indirectly in the relaxation process. Global image char-
acteristics are typically only propagated across the image lattice by local interactions and therefore
evolve slowly, requiring long relaxation times to obtain equilibrium. Moreover the conditional dis-
tribution given in (2.4) requires the comparaison of a neighborhood in the output texture with all
the neighborhoods of the same shape in the output texture. This leads to a very high computational
load especially if p, the neighborhood size, must be very large to capture the global characteristics
of the texture. This is why Paget and Longstaff used a multiscale relaxation, where the information
obtained from SR at one resolution is used to constrain the SR at the next highest resolution. By this
method, global image characteristics that have been resolved at a low resolution are infused into the



Figure 3: Grid organisation via decimation.

relaxation process at the higher resolutions. This helps to reduce the number of iterations required
to obtain equilibrium with the Gibbs sampler.

The multigrid representation of an image is shown in Figure 3 which is taken from [19]. If Sy =
[0, M1] x [0, M3] represents the pixel’s sites of an image ¢, the lower resolutions, or higher grid levels
I > 0, are decimated versions of the image at level [ = 0. For a grid level [ > 0, the image x; is
defined on the lattice S; C S, where

Sy ={s=(24,2'5)/0 <i < M;/2",0 < j < My/2'}.

The set of sites 5; at level [ represents a decimation of the previous set of sites S;_; at the lower grid
level [ — 1. The neighborhood system is redefined for each grid level [ > 0:

N ={s€S/|t—s|, <o}
For level grid I, SR is not applied to the sites s € S*t1.

We refer to [17] for multiscale representations of Markov random fields. To better incorporate the
multiscale relaxation described above, Paget and Longstaff have introduced a pixel temperature func-
tion used to determine when to terminate the SR process al one level and start it at the next level.
Let [ be a grid level. A pixel temperature is incorporated in equation (2.4) by modifying the form of
the difference

d=y—-Y;. (3.1)

In fact at the beginning of the SR at a level [, they define for a site j € S; of the output texture the
pixel temperature c; as follows: ¢; = 01if j € S and c¢; = 1 otherwise. The difference d is replaced
by d' such that:

d; = (1 — Ct+j>($t+j — Xs—&—j), j € Ng.

When a pixel z; has been relaxed in the SR process, we set:

g + ZjGNo Ct+j}
NG|

T, = max{0,

where £ < 0 is fixed by the user.



Here, the idea is to provide a total confidence to pixels coming from the preceding resolution and
to progressively increase the confidence level of a pixel synthesized in the present resolution. When
c; = 0 Vj € S5, the SR process is considered as having reached an equilibrium state indicating that
the image can be propagated to the next lower grid level. This notion of temperature is related to
the global temperature used in stochastic annealing (see [12]). Although we have incorporated this
pixel temperature function for texture synthesis, we will not study in this paper statistical properties
of a such approximation.

3.2 Texture synthesis examples

We have incorporated our noncausal bootstrap into the multiscale algorithm with the pixel temper-
ature function described above. Concerning the choice of the parameters:

e For the neighborhood size, we choose 0 = 3 or 0 = 4.

e As in [5], we have not estimate the bandwidth parameter using theoretical results of kernel

regression. We have empirically observed that b = 0.01 x (neighborhood size)l/ 2 provides good
results.
e Asin [18], we set £ = —1 and generally we have used 4 or 5 grid levels for the synthesis.

Another possibility for the simulation is to use a Conditional Iterative Mode (see [4]). The principle
of this deterministic algorithm is to replace each step in the Gibbs sampler by choosing the value
X such that Fr (dw;/x.4p;,) is maximal or equivalently such that [|zs4;, — Ys|| is minimal in (2.4).
Usually this algorithm converges toward a local extremum of the law of the random field on ST,
This local extremum depends on the initial values put for the pixels on the output texture. We have
used the Conditional Iterative Mode for texture synthesis although its definition is not very clear in
our case, since the joint laws are not defined.

To illustrate the principle of the multiscale algorithm, Figure 4 shows a step of the synthesis in
the highest resolution. The Gibbs sampler runs in the raster ordering and Figure 4 shows the first
sweep. One can see that the lower resolutions give the shape of the texture. Moreover the pixel
temperature function helps for a good initialization of the sampler.

This multiscale algorithm does not correctly work only for stochastic textures as in Figure 8 but also
for highly structured ones as Figure 5 shows, even if small discontinuities appear in the last case.
In fact, we have observed that the ICM works as well as the non deterministic algorithm and in some
cases better as in Figure 6.

Figure 9 exhibits a comparison with Efros and Leung’s algorithm in a failure case. Texture (b) is
taken from Efros and Leung’s paper [10] and shows that this causal approach can create garbage
when the algorithm slips into a wrong part of the search space. Although the noncausal algorithm
does not have the same problem, a gray dark area is often reproduced in texture (c).

Figure 10 shows a comparison with two some populars pixel by pixel algorithms. Texture (b) syn-
thesized using Wei et Levoy algorithm [24] and texture (c¢) using the Ashikhmin method are taken
from [2]. The noncausal algorithm used for texture (d) avoids excessive blurring as in (b) and rough
images as in (c).



Figure 4: The Gibbs sampler and the highest resolution.

Figure 5: (a) Original texture 160 x 160 pixels, (b) Synthesis with the multiresolution algorithm 200 x 200
pixels.

25 ii:gﬁ-]
&:"%'ﬂ

Figure 6: (a) sample 75 x 75 pixels, (b) multiresolution algorithm 150 x 150, (¢) ICM 150 x 150.
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Figure 7: Original texture (128 x 128) and synthesis (200 x 200)

Figure 9: (a) Sample 128 x 128 pixels, (b) Efros and Leung’s result, (¢) Our method with o = 3 (250 x 250
pixels in each case).

11



(a) (b) () (d)

Figure 10: Comparison with causal methods: (a) sample 128 x 128, (b) Wei et Levoy algorithm, (c¢) Ashikhmin
method, (d) ICM. All the synthesized textures are 200 x 200 pixels.

4 Annex

We will use the convenient notation: for s,t € N* x N* define:

Vi=X and Yi(s) =X

v Ui (s)’

4.0.1 Proof of Theorem 2

We follow the proof of theorem 2 of Bickel et Levina in order to compute convergence rate. We first
recall the following lemma which proof can be found in [8].

Lemma 1 (Moment inequality). Let F; be a real-valued random field indexed by I C Z% satisfying
conditions (A1). IfEF; =0, F; € L™ and 7 > 2, then there exists a constant C' depending only on
T and mizing coefficients of Fy such that

T

E ZFt < C'max (L(T, €),L(2, 6)7/2) ,
tel
where
L(,u, 6) _ Z (E ’Ft‘u+e)ﬂ/(ﬂ+e) )

tel
It is easy to see that if sup, ||Fy||,, < M, then we obtain:

SR

tel

T

E < CM™ I (4.1)

For (z,y) € S x S4, we set:

rr(e,) = (117030 Lt (XWaly = Yo, 1) = [ UGy ()

SEIT

fr(y) = [T Wiy — Ya).
s€lp

We have:

_rr(z,y) oy = @ Y)
Fr(z/y) = () Fyxyy(z/y) = ) (4.2)

Following the proof of lemma A2 in [5], we prove the following result

Lemma 2 Under assumptions (Al) — (A4), for any x € R

sup |rp(z,y) —r(z,y)| = O([T]7)
(z,y)€SxSA
fO’f‘ 0< Y < Wf—i—v-ﬁ-?)

12



Proof of Lemma 2 In this proof, we will denote by C' > 0 a generic constant which does not

depend on T'.
Let § > 0 such that by = O ([T]79), then the proof of lemma A2 in [5] leads to

sup  [Brp(z,y) - r(z,y)| = O (I7]7°).
(z,y)eSxS4

Then we need to bound sup(, ,yesxs4 [r7(2,y) — Err(z, y)|.
As in [5], we define

Zer (2, Y) = V(oo (Xe)Wor (y = Vo) — E (Lx,<e Wi (y — Y1)

and we need to bound sup(, ,ycgx 54 [Tl] > tery Zer(w, y)’

(4.3)

As S x S4 is compact, we can cover S x S4 with Ny cubes I; 7 with centers (z;,y;) and sides Ly for
the supremum norm. Without loss of generality, we suppose 1 < --- <z, and we set g = 21 — L

and zn, = xn, + L7. Then

sup |[T]7! Z Zir(r,y)| < max [T Z Zy (i, Yi)
(z,y)€SxSA tely 1=i<Np et

4+  max sup [T]_l Z(Zt,T(ﬂU’y) — Zy (i, yi))

ISIENT (g,9)e(SxS4)N L r el

= I+1I

e First let deal with term II. Using assumption (A4) for the kernel, we have for ¢ € Ip and

WS (wi_l, CEZ]

IN

’Zt,T('Ta y) - Zt,T(xiv yl)‘

< C (b (v+1)LT + bi ( Tio1<Xi<z; —|—]P>(:L‘Z;1 < X; < :UZ)))

C ( v+1 ||y yZH + b;’U (]lxi,1<Xt§xi + ]P)(‘Ti—l < Xt S xl)))

We choose Ly = [T]™” and we set Uit = Wyp, | 20(Xt) = P(zi—1 < Xy < @41). Remark that

assumption (A2) about the existence of densities allows to derive the bound:
IP’(xi_l < Xp < xl) < CL.
We have:

sup 117 (Zir(@,y) — Zur (i, vi))
(z,y)E(SXxSANI; tely

< C TP L (TN D U] + [T)P (i1 < Xo < )
telr

<C [T]6(v+1)—,8+ max v6 1| Z Uzt|
telr

2T

Now we consider a real number v < Z=2=207=200+1) " gince Ny = O (L;(UH)) = O ([T)P+Y),

we obtain using (A1) and lemma 1

T

Nr
vd—1 . —y < (v+vé—1)T .
P max [T] > Ui > [T] < E T} E|Y Uy
telr =1 telr

13



< C[T],B(v+1)+(’y+v5—1)7'+%

By the choice of v, we have 3(v + 1) + (y +vd — 1)7 + £ < —1 and we deduce from the Borel
Cantelli lemma that

mﬂ[ﬂ“4r§jm¢=0(ﬁrwa& 7<T—2—%&>QMU+D‘

1<i<Np byl 2T
Now using the previous inequalities, we deduce that:
— 2 —2véT — 2 1
1I1<0 ([T](‘(”“)—ﬁ + [T]—V) L y<” v ; flo+l) (4.4)
T
e Now we turn on the term I. For a real number 7 < 772721,5;;25(%1)’ we have using (A1) and
lemma 1:
P(I> (1)) < Y TR Zyo (i, vi)
i=1 t
< CNr [T] F-1)7+3% b;m—
< C[T]B(v—l-l)—i-ﬁ—l)’r—&—%-l-év’r

By the choice of 7, we have
ﬁ(v+1)+(7—1)7+%+5v7< -1,

and by the Borel Cantelli lemma, we have

T—2—200T —203(v+1)
2T

I=0 (T—?) as, 7 <

Now we choose the number ( such that:

B bw+1)= 7'—2—21)5;‘7_—25(114—1).

This leads to 8 = 27(;3;%:16) and to the following rate:

7—2-25((v+1)%2 +v7)
2 +7+1)

I+1I=0([T]7),

Finally, we choose § for an equilibrium with the bound (4.3), solving the equation:

7—2—25((1)4—1)24—1)7)‘

0= 2 +T1+1)

This leads to:
5= T2 >0
2w+ 1) (t+v+2) ’

which gives the rate given by the Lemma 2.
O
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Proof of Theorem 2 We write:

|Fr(e/y) - Fxyy(efy)| = le(y)!mx,y)—r(x,y>+r<x,y>—FX/y<x/y>fT<y>\
< le(y) (Irr(y) — ()] + Fxy (@ /v) | fr(y) — fy@))

By lemma 2, we have sup,, , |rr(2,y) — r(z,y)|,sup, [fr(y) = f(y)| = O (T™7) as

with 0 < v < %UH;(_TZHH) Since by (A2), infycga fy(y) > 0 and sup(, y)csxs4 Fx/v(@/y) < 1, we
get the result.

5 Some tools for the consistency: Continuity results

In this section, we give two results which describe the behavior of random fields in relation to their
one point conditional distributions. If it is possible to construct a nonparametric estimate of the one
point conditional distribution which is also compatible with the one point conditional distribution
of a Markov random field, the following results will be useful to describe the statistical properties of
the joint laws of the model.

We first give a lemma which states the behavior of the joint laws of a sequence of random fields
when their one-point conditional distributions are convergent. In the sequel, let S be a compact set
of R endowed with its Borelian algebra B(S). Let X = 8! where I is a denumerable set. For any
sequence (u;);er of positive real numbers satisfying >, ; u; < oo, we consider the distance d on X
defined by:

d(z,z'):Zui’zi—zﬂ, 2,7 € X.
i€l
Then (X,d) is a compact metric space. For A C I, let pg : X — S, 2z z4. Fort € I, we will
write p; instead of pyy. Moreover, for t € I, we set:

Fo=alpi/ i#1).

We denote by P(X) the set of probability measures on X. If 11,5 are two elements of P(X), the
Prohorov distance dp between v and v is defined by:

dp(v1,12) = inf{e > 0,11 (A) < 1a(A°) +¢,VA € B(X)},

where A = {z € X/d(z, A) < €}. The distance dp defines the weak convergence on P(X) which is a
compact space topology.
Now for v € P(X) and any bounded measurable function f on X, we set:

E,(f) = /fdy.
For t € I, we denote v; the kernel on P(X) such that:
vi(A/z) =By (La/F;) (2),

where E, (-/F) denotes the conditional expectation with respect to a o—algebra F C B(X).

Finally let v = (9¢)tes be a sequence of probability kernels such that for ¢t € I, ; is a kernel from
F; to B(X) satisfying the property:

w(ANB/)=v%(A/)x1p, (A,B)ecalp)xF .
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If h is a bounded measurable function on X, we denote 7;(h) the measurable function on X such
that:

wh)) = [ fwpnldufs,  ze .
We define the following subset of P(X):
G(v) ={veP@)/ vtel, vy=v},

where for all (t,v) € I x P(X), vy denotes the element of P(X’) such that:

() = [ la/z)av(e)
We will say that v satisfies the condition (C) if:
(C) Vtel, helC(X)=vy(h)elC(X),

where C(X) is the space of continuous and bounded functions on X.

The following result gives the behavior of a sequence of random fields in the case of uniform con-
vergence of their one point conditional distribution. A general treatment of topological properties of
random fields is given in [13]. For completeness of this work, we state and prove the following result:

Theorem 3 Fort € I, let v be a probability kernel on X x F; . Suppose that the sequence v = (Vt)ter
satisfies condition (C). Then for a sequence (v™), of P(X) such that

sup Vt(n) (pr <x/2) —n(pe < x/2)| 2n—oo 0,
(z,2)ESXX

we have dp(v™,G(7)) —n—oo 0.

Proof of Lemma 3 Suppose that there exists ¢ > 0 and a subsequence s = (V(”k))keN such that
dp (Vn,,G(v)) > €, VE € N. Since this sequence is relatively compact with respect to the weak
topology, then there exists a subsequence (™)), of s and v € P(X) such that:

lim (%) = .
k! —o0

We are going to show that v € G(v), which is a contradiction with dp (v"*,G(v)) > €, k' € N.
Let h € C(X). For t € I, we have:

/ hdp (") — / hd(vy;)

- / (™ (1) = () ™) + / Y (h)dv (") / Yi(h)dv
= A+ B.

Let € > 0. Since h is uniformly continuous on X, there exists ¢ > 0 such that d(z,2') < § =
|h(z) — h(2")] < e. We choose a subdivision ai,...,a) of the interval [a,b] D S with step smaller
then 8/u;. Let Ry the function defined on [a,b] by hp(z) = S5} h(2(1))1y4,,4,,,)(20) Wwhere for
Il =1,....,k—1, z(I) is the element of X such that z(l); = a; and z(l)s = zs if s # t. We have
sup,c [h(2) — hu(2)] < e.

We deduce:

v (0)(2) = 3(h)(2)] < 2e+2(k — 1) Il sup v (o < 2/2) —wilpe < w/2)|.
,2)ESXX
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One can conclude that:

sup [ 1" (1)(2) = (1) ()] = 0
zE

Hence A — 0.

Moreover since 1¢(h) € C(X) by condition (C), the weak convergence of the sequence (V(”k’))
implies B — 0.
Then we conclude that for t € I, we have vv; = v, and the result follows from this contradiction.[]
Now we investigate the following problem. Suppose for simplicity that S = [a,b]. Assume that for
w,v € P(X), the distance between the conditional distribution functions v¢(p; < -/-) and p(pr < -/-)
is known, then is it possible to obtain the distance between p and v over some cylinders sets of the
form

k'eN

k I\{t1,...,t
Cxtpu-,fftk = ®i:1[a’$ti] x5 Mo k}?

In other words, can we obtain the distance between the distribution functions of the joint laws? This
problem is linked to the phase transition phenomenon and to the Dobrushin’s contraction formula.
In order to apply this formula, the following assumption will be needed:

(H) We assume that there exist two families of non negative real numbers {L; ;/t,j € I} and
{M;/t,j € I}, with L = supye; > 4 Lej < Land M = supye; >4, My j < 00, such that Vz, 2" € &:

)

sup [ (pr < @/2) — p(pe < w/2)| <D My |z — 2
€S At

[ leto < /2= (< 2/2) e < 3 L =2
5 it

Theorem 4 Let p,v € P(X) with S = [a,b]. Suppose that the random field p satisfies assumption
(H). Then for each finite subset {t1,...,tx} of I, we have:

sup
(:Etl ,...,:Btk)esk

1 (Cxtl,...,z%) —v (Cxtl,...w%)‘ < CSU?( sup [u(pe < /z) —vipr < x/2)],
tel (z,z)eESXX

where C' =1+ M(b— a) (k—1+ﬁ>.

We first recall the following inequality due to Dobrushin (see [11] remark 2.17). This inequality
allows to bound the distance between two random fields p and v with the distance between their
local conditional specification. Of course, a such inequality implies that there is no phase transition.
Some contraction conditions on the local conditional specifications are needed to get this inequality.
Before giving this inequality in our case, we introduce some notations. Let 7 be a metric on S = [a, b].
If @ and (8 are two probability on S, the Warsserstein metric is defined as

R(a, 3) = sup deO;(—f)f fdﬂ‘,

where the supremum is taken over all Lipshitz functions f on S with

50— wup K@ =IO _
r#x! r (E,:E’)

For our result, we will only consider the metric r(z,z") = |z —2’|. One can mention that in this case,
R has the following expression:
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8) = [la(la.z) - laa])|dz, a,5€P(S) (5.1)

We define also L(X') the space of real functions f such that:

|f(2) = f(z)] < Z |z — 2| 6i(f), Z&‘(f) < o0

=y i1€7Z2
where () — F()
zZ) — zZ . .
6i(f) =sup § —F——=" 2y =2 Vi F i
272! |Zz - Zi|

Let p,v € P(X). We suppose that the following continuity condition holds:
feLX)=>VteZ? u(f) € L(X). (5.2)

For u € P(X), the contraction coefficients are defined by

Cop = Sup{R(u(pk € -/2), mlpr € -/Z’))/Zj e Z}

|21 = il

and

%Z/RWWEJ%WMEWDWM

Note that with the expression (5.1), we have the bound:

b, <(b—a) sup |ulpr <z/z)—vipp <z/2)|. (5.3)
(z,2)ESXX

Let D =), -, C" where C" denotes the nth power of the matrix C. D is well defined for example
if -
c = sup Z Cir < 1. (5.4)
k€22 o

In this case, the following inequality holds:

‘/ﬁm—/}w

< Z(bD)iéi(f)a [ € L(X). (5.5)

i€z?

Proof of Theorem 4 First, from the point 1 of lemma 3, condition (5.2) is satisfied for u. More-
over for i, k € Z?, we have Cir = Ly, and the condition (5.4) is satisfied with ¢ = L. Then, inequality
(5.5) holds for v.

Forl e {l,...,k} and z € X, we set:

l
H ]]'( OOII?tm Zt"L)

m=1

and
glzutzo"'olu’tl(fl)v hl:ytzo"'oytl(fl)'

‘/nw—/mw =’/%w—/mw
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We have:




IN

’/deu—/gde

‘/deﬂ_/gkdy
where 0 = [|lg; — i, L € {1,...,k}.

First by lemma 4, one can apply inequality (5.5) to the function g;. We obtain:

‘/%m—/%w

Using for i € I, the inequality Zje] C7; < ¢ = L" and the bound given in (5.3), we have:

—i—‘/gkdz/—/hkdu

+ B

IN

<) (bD)idi(gr)-

iel

(bD)i < 3 Djisupb; < 7

a
75U sup |u(pe < z/2) —vipe < 2/z)], (5.6)
jeI J

tel (z,z)eSxX

Then using lemma 4, we conclude that:

‘/%W/%M

If we use the bound for B in Lemma 5, we conclude that:

'/nw—/nw

with C =1+ M(b— a) (k -1+ ﬁ) The proof of theorem 4 is now complete. [J

SMb_a

sup  sup |u(pr < w/2) —v(p < x/2)].
— Ltel (z,2)eSxXx

<Csup sup |u(pe <z/2) —vip < x/2)],
tel (z,z)eSxX

Lemma 3 Let g € L(X) andt € I. Then

1. 1(g) € L(X) and:

> " 6ilpel9) <D dilg).

el el
2. [[ue(g) — ve(9)lloo < (b—a)de(g) sup |ulpe < x/2) —v(py < 2/2)].
(z,z)eSxX

Proof of lemma 3

1. For (z,2,t) € S x X x Z?, with (x2); the element r of X’ such that r; = 2 and r, = 2, if s # .
Let g.+: S — R,  — g((z2):) is a Lipshitz function and then is derivable almost everywhere
with g;ﬂt satisfying Hggthoo < 04(g). Let z,z € X. With an integration by parts formula, we
have:

4 = ] e <u<ptedx/z>—u<ptedx/a>]

_ ‘ / (1lpe < da/z) — plpe < 2/7)) g () da

d:(9) ZLt,i |z — Zi] -
it

IN

Now this leads to:
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‘ / 9ot (¥)pu(pe € da/2) — / 9z (@) p(pe € dx /)

< Z 0i(g9) |z —zi| + A
£t

< 25 ’Zz_gi|+6t(g)ZLt,i|Zi_Ei|
i#£t i#£t

From this bound, it is obvious that u:(g) € L(X) if g € L(X) since:

> 6i(mi(g9)) < dilg) + Loi(g) < oo

el it

2. For z € X, with another integration by parts formula:

|1t(9)(2) —vi(9)(2)] = ‘/gz,t(w)u(pt € dr/z) - /gz,t(rr)V(pt € dx/z)

IA

\ [ wto < 2/2) = vl < a2 ot

< (b—a)o(g) sup |ulpe <x/2) —vipe < z/2)|0
(z,2)ESXX

Lemma 4 Forl € N*, we have g; € L(X) and:

> bilg) <M

i€l

Proof of Lemma 4 First using assumption (A5), g1 € L(X) and we have:

Z5i(91) < ZMtl,i <M.

ici ity
Using the point 1 of lemma 3, a straightforward finite induction shows that g; € L(X), | < k. Now,
if { > 2, with the point 1 in lemma 3 and the definition of g,

> 6ilg) < dilgin),
iel iel
and Lemma 4 follows.[]

Lemma 5 Forl € N*, we have:

Br <14+ (k—1)(b—a)M) x max sup |ulpe < z/z) —v(pr < x/2)|.
te{t1, ot} (z,2)ESx X

Proof of Lemma 5 We have by definition 81 < sup(, .yesxx [#(py, < 2/2) —v(py, < x/2)|. Now,
let I € {1,...,k — 1}. We have using the point 2 of Lemma 3 and Lemma 4:

Oir1 = H)U/tl+1(gl)_ytl+1(hl)HOO

Hytl+1 (gl> — Vi (hl>HOO + HVtH-l (gl) = Mg (gl)Hoo

B+ (b - CL)(Sturl (gl) X sup ‘/"L(ptH»l < x/z) - V(ptz+1 < x/Z”
(z,2)ESXX

ﬁT,l + (b - a)M sup ‘M(ptz+1 < x/z) - V(ptz+1 < x/z)‘
(r,2)eSxX

IA A

IA

One can easily deduce the result.l]
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