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Abstract

We study the question of when a {0, 1}-valued threshold process associated to a mean
zero Gaussian or a symmetric stable vector corresponds to a divide and color (DC)
process. This means that the process corresponding to fixing a threshold level A
and letting a 1 correspond to the variable being larger than h arises from a random
partition of the index set followed by coloring all elements in each partition element 1
or 0 with probabilities p and 1 — p, independently for different partition elements.

While it turns out that all discrete Gaussian free fields yield a DC process when the
threshold is zero, for general n-dimensional mean zero, variance one Gaussian vectors
with nonnegative covariances, this is true in general when n = 3 but false for n = 4.

The behavior is quite different depending on whether the threshold level h is zero
or not and we show that there is no general monotonicity in A in either direction. We
also show that all constant variance discrete Gaussian free fields with a finite number
of variables yield DC processes for large thresholds.

In the stable case, for the simplest nontrivial symmetric stable vector with three
variables, we obtain a phase transition in the stability exponent « at the surprising
value of 1/2; if the index of stability is larger than 1/2, then the process yields a DC
process for large h while if the index of stability is smaller than 1/2, then this is not
the case.
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1 Introduction, notation, summary of results and background

1.1 Introduction

A very simple mechanism for constructing random variables with a (positive) depen-
dency structure is the so-called divide and color model introduced in its general form in
[15] but having already arisen in many different contexts.

Definition 1.1. A {0, 1}-valued process X := (X;);cs is a divide and color model or color
process if X can be generated as follows. First choose a random partition = of S accord-
ing to some arbitrary distribution, and then independently of this and independently
for different partition elements in the random partition, assign, with probability p, all
the variables in a partition element the value 1 and with probability 1 — p assign all the
variables the value 0. This final {0, 1}-valued process is then called the color process
associated to m and p. We also say that (r, p) is a color representation of X.
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As detailed in [15], many processes in probability theory are color processes; ex-
amples are the Ising model with zero external field, the fuzzy Potts model with zero
external field, the stationary distributions for the voter Model and random walk in
random scenery.

While certainly the distribution of the color process determines p, it in fact does not
determine the distribution of 7. This was seen in small cases in [15], and this lack of
uniqueness was completely determined in [7].

Since the dependency mechanism in a color process is so simple, it seems natural
to ask which {0, 1}-valued processes fall into this context. We mention that it is trivial
to see that any color process has nonnegative pairwise correlations and so this is a
trivial necessary condition. In this paper, our main goal is to study the question of which
threshold Gaussian and threshold stable processes fall into this context. More precisely,
in the Gaussian situation, we ask the following question. Given a set of random variables
(X)ier which is jointly Gaussian with mean zero, and given h € R, is the {0, 1}-valued
process (X);c; defined by

3

XM =1(X; > h)

a color process? In the stable situation, we simply replace the Gaussian assumption by
(X)ier having a symmetric stable distribution. (We will review the necessary background
concerning stable distributions in Subsection 1.4.) For the very special case that [ is
infinite, h = 0 and the process is exchangeable, this question was answered positively,
both in the Gaussian and stable cases, in [15]. The set of threshold stable vectors is a
much richer class than the set of threshold Gaussian vectors. As such, it is reasonable to
study both classes.

Since all the marginals in a color process are necessarily equal, if h # 0, then a
necessary condition in the Gaussian case for (Xl-h),;e 1 to be a color process is that all the
X,’s have the same variance. Therefore, when considering h # 0, we will assume that
all the (X;)’s have variance one. However, it will be convenient not to make this latter
assumption when considering i = 0. For the stable case, we will simply assume that all
the marginals are the same.

It has been seen in [15] that p = 1/2 and p # 1/2 (corresponding to h = 0 and h # 0
in the Gaussian setting) behave very differently generally speaking. This was also seen
in [3] and we will continue to see this here.

We finally note that the questions looked at here significantly differ from those studied
in [15]. In the latter paper, one looked at what types of behavior (ergodic, stochastic
domination, etc.) color processes possess while in the present paper, we analyze which
random vectors (primarily among threshold Gaussian and threshold stable vectors) are
in fact color processes.

1.2 Notation and some standard assumptions

Given a set 5, we let Bg denote the collection of partitions of the set S. We denote
{1,2,3,...,n} by [n] and if S = [n], we write B,, for Bg. |B,| is called the nth Bell number.
We denote by P, the set of partitions of the integer n.

A random partition of [n] yields a probability vector ¢ = {¢, },e5, € RP". Similarly, a
random {0, 1}-valued vector (Xi,...,X,,) yields a probability vector v = {v,},c{0,1}» €
RI%1}", The definition of a color process yields immediately, for each n and p € [0,1], an
affine map ®,, , from random partitions of [n], i.e., from probability vectors ¢ = {¢, }sen,
to probability vectors v = {v,} pc{0,1}»- This map naturally extends to a linear mapping
A, from RB~ to RI%1}". The image of A, , was determined in [7]. Loosely speaking,
for p # 1/2, the image is the set of signed measures with marginal p, and, for p = 1/2,
the image is the set of signed measures which have a {0, 1}-symmetry. In many cases, we
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will have a signed measure mapping to our given process and the work involves showing
that this signed measure is in fact a probability measure, telling us that the process is a
DC process. A signed measure mapping to a given process in this way is called a formal
solution, or a signed color representation.

While perhaps not standard terminology, we call a Gaussian vector standard if each
marginal has mean zero and variance one.

Standing assumption. Whenever we consider a Gaussian or symmetric stable vector,
we will assume it is nondegenerate in the sense that for all i # j, P(X; # X;) = 1.
Some further notation which we will use is the following.

Vgyoozn OT V(Z1, ..., Tp)
will denote the probability that {X; = z1,...,X,, = z,,} for a {0, 1}-valued process
(X1,...,X,).

V(mlw’m")(h) or vp(T1,. .., %n)

will denote, given a Gaussian or stable vector (X7, ..., X,,), the probability that the
h-threshold process is equal to (z1,...,z,); i.e., the probability that P(X! = z;; i €
[n]). We use v}, to denote the corresponding probability measure on {0,1}".

q13,2
as an illustration, will denote, given a random partition with n = 3, the probability
that 1 and 3 are in the same partition and 2 is in its own partition.

If we have a partition of a set of more than three elements, ¢;3 > will then mean the
above but with regard to the induced (marginal) random partition of {1, 2, 3}.

N(0,4)
will denote a Gaussian vector with mean zero and covariance matrix A.

When a threshold h # 0 we will in general only state results for » > 0. However, since
X" = (XI); =1— X~", the analogous results for i > 0 follows.

1.3 Description of results

In Section 2, we present positive results concerning the question of the existence of
a color representation for the threshold zero case for discrete Gaussian free fields and
more generally for Gaussian vectors whose covariance matrices are so-called inverse
Stieltjes, meaning that the off-diagonal elements of the inverse covariance matrix are
nonpositive. This essentially follows from the known fact that the distribution of the signs
of a discrete Gaussian free field (DGFF), conditioned on their absolute values, is that of
an Ising Model with nonnegative interaction constants depending on the conditioned
absolute values. The latter fact has been observed in [11]. However, it turns out that a
threshold zero Gaussian process can be a color process even if its covariance matrix is
not inverse Stieltjes. We also relate the class of inverse Stieltjes vectors with the set of
tree-indexed Gaussian Markov chains.

In Section 3, we provide an alternative proof that threshold zero tree-indexed Gaus-
sian Markov chains are color processes using the Ornstein-Uhlenbeck process. This
proof has the advantage that the method leads to our first result for stable vectors,
namely that a threshold zero tree-indexed symmetric stable Markov chain is also a color
process; in this case, we use subordinators.

In Section 4, we view our Gaussian vectors from a more geometric perspective and
obtain a number of negative (and some positive) results for thresholds i # 0. In this
section, we will obtain our first example where we have a nontrivial phase transition in
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h. This will be elaborated on in more detail in Theorem 4.8 but we state perhaps what is
the main import of that result.

Theorem 1.2. There exists a four-dimensional standard Gaussian vector X so that X"
is a color process for small positive h but is not a color process for large h.

Remark 1.3. Given the above it is natural to ponder over the possible monotonicity
properties in h. Proposition 4.5 implies that there is no three-dimensional Gaussian
vector with such a phase transition among those that are not fully supported, while
simulations indicate that there is also no fully supported three-dimensional Gaussian
vector with such a phase transition. On the other hand, Corollary 6.6(iii) tells us that
there are three-dimensional Gaussian vectors which are not color processes for small i
but are color processes for large h. This together with the previous result rules out any
type of monotonicity, in either direction. Perhaps however monotonicity holds (in one
direction) for fully supported vectors.

Returning to the threshold zero case, we recall that Proposition 2.12 in [15] implies
that for any three-dimensional Gaussian vector with nonnegative correlations, the corre-
sponding zero threshold process is a color process. Our next result says that this is not
necessarily the case for four-dimensional Gaussian vectors.

Theorem 1.4. There exists a four-dimensional standard Gaussian vector X with non-
negative correlations so that X° is not a color process. X can be taken to either be fully
supported or not.

In Subsection 4.6, we extend the study of the example given in the proof of the
previous theorem to the stable case.

In Section 5, we consider the large h Gaussian case. We show that any Gaussian
vector which is not fully supported does not have a color representation for large h; see
Corollary 5.3. On the other hand, we have the following.

Theorem 1.5. If X = (X, X», ..., X,,) is a discrete Gaussian free field which is standard
Gaussian, then X" is a color process for all sufficiently large h.

For the definition of the discrete Gaussian free field see, for example, [4]. We do not
know if there is any DGFF X with constant variance for which X" is not a color process
for some h.

In Section 6, we obtain detailed results concerning the existence of a color represen-
tation when the threshold h — 0 and when A — oo in the general Gaussian case when
n = 3. In the fully supported case, we have the following result which gives an exact
characterization of which Gaussian vectors have a color representation for large h. Note
that if two of the covariances are zero, then we trivially have a color representation for
all h.

Theorem 1.6. Let X be a fully supported three-dimensional standard Gaussian vector
with covariance matrix A = (a;;) satisfying Cov(X;, X;) = a;; € [0,1) for1 <i < j < 3.
Ifa;; > 0 for alli < j, then X" has a color representation for sufficiently large h if and
only if one of the following (nonoverlapping) conditions holds.

(i 1TA1>0

(ii) min; 17A=1(3) =0
(iii) min; 1T A71(i) < 0 and 174711 < 2.
Furthermore, if exactly one of the covariances is equal to zero, then X" does not have a
color representation for large h.

The assumption in (i) of Theorem 1.6, i.e. that 17 A~ > 0, is sometimes called
the Savage condition (with respect to the vector 1 = (1,1,...,1)). When A = (a;;) is
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the covariance matrix of a (nontrivial) two-dimensional standard Gaussian vector, then
17A71(1) =17A7%(2) = (1 +a12)~! > 0, and hence the Savage condition always holds in
this case. If A = (a;;) is the covariance matrix of a three-dimensional standard Gaussian
vector, then one can show that

(14 a3 — a2 —aiz)(1 — ags)

S det A (.1

and it follows that the Savage condition holds if and only if
1 2 i 17 17 - ]. .2
+ mi<1]n a;; > g aij (1.2)

i<j

When 174! > 0, we will refer to this as the weak Savage condition. This for example
holds for all discrete Gaussian free fields.

The rest of the results we describe in this section concern the stable (non-Gaussian)
case. In Section 7, we first look at the case n = 2. While it is trivial that having a color
representation is equivalent to having a nonnegative correlation when n = 2, in the
stable case it is not obvious, even when n = 2, which spectral measures yield a threshold
vector with a nonnegative correlation. This contrasts with the Gaussian case where
nonnegative correlation in the threshold process is simply equivalent to the Gaussian
vector having a nonnegative correlation.

We first mention, in this regard, that Theorem 4.6.1 (and its proof) and Theorem 4.4.1
in [13] (see also (4.4.2) on p. 188 there) yield the following fact where S, (1,0,0) denotes
the standard one-dimensional symmetric a-stable distribution with scale one; see the
next subsection for precise definitions. For « € (0, 2), if X is a symmetric 2-dimensional
a-stable random vector with marginals S,(1,0,0) spectral measure A, then (1) if A
has support only in the first and third quadrants, then X {L and X§L are nonnegatively
correlated for all 2~ € R (and hence the threshold process is a color process) and (2) if A
has some support strictly inside the first quadrant, then X}* and X/ have strictly positive
correlation for all sufficiently large h (and hence the threshold process is a color process
for large h).

The following natural example shows that one does not need to have the spectral
measure supported only in the first and third quadrants in order for the threshold process
always to be a color process.

Proposition 1.7. Let Sy, 53 ~ S,(1,0,0) be independent and let a € (0,1). Set

X, =aS; + (1 —a*)"/8,
{X2 = —aS; + (1 —a*)t/2S,.
(This ensures that X, X5 ~ S,(1,0,0).) Then the following are equivalent.
(i) a <271/
(ii)) X° is a color process.

(iii) X" is a color process for all h.

We now study the question of the existence of a color representation in the symmetric
stable case when h — oco. Our first result shows that there is a fairly large class for
which the answer is affirmative and here the method of proof comes from that used in
Theorem 1.5.

EJP 25 (2020), paper 54. http://www.imstat.org/ejp/
Page 6/45


https://doi.org/10.1214/20-EJP459
http://www.imstat.org/ejp/

Divide and color representations for threshold Gaussian and stable vectors

Theorem 1.8. Let X be a symmetric stable distribution with marginals S,(1,0,0) whose
spectral measure has some support properly inside each orthant. Furthermore, assume
that

2/ (x@ v 0)*dA(x) < 1 (1.3)
Snfl

where x() denotes the second largest coordinate of the vector x. Then X" is a color
process for all sufficiently large h.

The integral condition in (1.3) will hold for example if the spectral measure is
supported sufficiently close to the coordinate axes.

Next, we surprisingly obtain, in the simplest nontrivial stable vector with n = 3, a
certain phase transition in the stability exponent where the critical point is o = 1/2. We
state it here although relevant definitions will be given later on.

Theorem 1.9. Let o € (0,2) and let Sy, S1, Sa2, S35 be ii.d. each with distribution
S«(1,0,0). Furthermore, let a € (0,1) and fori = 1,2, 3, define

X; =aSy + (1 — aa)l/(xsi

and X, = (X1, X, X3). (X, is then a symmetric a-stable vector which is invariant under
permutations; it is one of the simplest such vectors other than an i.i.d. process.)

(i) If o > 1/2, then X" is a color process for all sufficiently large h.
(ii) If o < 1/2, then X" is not a color process for any sufficiently large h.

The critical value of 1/2 above was independent of the parameter a, as long as
a € (0,1). If we however move to a family which has two parameters, but is still {0, 1}-
symmetric and permutation transitive, we can obtain a phase transition at any point in
(0,2).
Theorem 1.10. Let a,b € (0,1) satisfy 2a® + 2b* < 1. Let ¢; = c1(a,b) € (0,2) be the
unique solution to 2a* + 2b°* =1 and ¢y = cz(a,b) :=1log2/|loga — logb| € (0, c].

For a € (¢1,2), let Sy, So, ..., S7 be i.i.d. with S; ~ S,(1,0,0) and define

X1 = aSy +bS +bSy + aS5 + (1 — 2a~ — 2b*)1/S;
Xy = aSy + bS53 + bS5 + a9 + (1 — 2a* — 2b%)'/*S;
X3 = bS1 + aS3 + aSs + b6 + (1 — 2a* — 26*)'/*S7.

Then X, = (X1,Xs, X3) is a symmetric a-stable vector which is invariant under all
permutations, and the following holds.

(i) If co < ¢, then, for all a € (cq,2), Xg is a color process for all sufficiently large h.

(ii) If co > 2, then, for all o« € (c1,2), X(’; is not a color process for any sufficiently large
h.

(iii) Ifcy € (c1,2), then, for all o € (c1,c2), X! is not a color process for any sufficiently
large h while for all a € (c3,2), X" is a color process for all sufficiently large h.

In particular, for any a. € (0,2) and € < «a., we can choose a and b so that ¢; = € and
co = a., in which case X,, is defined for all « € (¢,2) and where the question of whether
the large h threshold is a color process has a phase transition at a..

Remark 1.11. The case a > b = 0, which is not included in Theorem 1.10, corresponds
to the fully symmetric case studied in Theorem 1.9.
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1.4 Background on symmetric stable vectors

We refer the reader to [13] for the theory of stable distributions and will just present
here the background needed for our results.

Definition 1.12. A random vector X = (X;)1<i<q in R? has a stable distribution if for
all n, there exist a,, > 0 and b,, so that if (X!,..., X") are n i.i.d. copies of X, then

S X2 a,X + by

1<i<n

It is known that for any stable vector, there exists a € (0,2] so that a,, = n'/*. The
Gaussian case corresponds to a = 2. Ignoring constant random variables, a stable
random variable (i.e., with d = 1 above) has four parameters, (1) a € (0, 2] which is called
the stability exponent, (2) 8 € [—1, 1] which is called the asymmetry parameter, (3) o
which is a scale parameter and (4) p which is a shift parameter. When « = 2, there is no
[ parameter, pu corresponds to the mean and o corresponds to the standard deviation
divided by v/2, an irrelevant scaling. The distribution of this random variable is denoted
by S. (o, 8, ). More precisely, S, (o, 5, 1) is defined by its characteristic function f(6),
which, for o # 1 is

exp (—o®|0|*(1 — iB(sgn ) tan(ma/2)) + iub) .

See [13] for the formula when a = 1. One should be careful and keep in mind that
different authors use different parameterizations for the family of stable distributions.
Throughout this paper, we will only consider symmetric stable random variables corre-
sponding to § = p = 0 and sometimes often assume o = 1. The above then simplifies to
a random variable having distribution S, (o, 0,0) which means its characteristic function
is f(0) = e °"1%1" In the symmetric case, this formula is also valid for o = 1.

Finally, a random vector in R? has a symmetric stable distribution with stability
exponent « if and only if its characteristic function f(6) has the form

£6) = exp(= [ 16" dA(x)

gd
for some finite measure A on $¢~! which is invariant under x — —x. A is called the
spectral measure corresponding to the a-stable vector. For « € (0, 2) fixed, different A’s
yield different distributions. This is not true for a = 2.
In a number of cases, we will have a symmetric a-stable vector X = (Xq,...,Xy)
which is obtained by having
X=AM1,...,Y,)

where A is a d x m matrix and Y = (Y1,...,Y},) are i.i.d. random variables with distri-
bution S, (1,0,0). In such a case, there is a simple formula for the spectral measure A
for X. Consider the columns of A as elements of R¢, denoted by x1,...,X,,. Then A is
obtained by placing, for each i € [m], a mass of weight ||x;||$/2 at £x;/|/x;||2. See p. 69
in [13].

2 Stieltjes matrices and discrete Gaussian free fields

2.1 Inverse Stieltjes covariance matrices give rise to color processes for h = 0

Definition 2.1. A Stieltjes matrix is a symmetric positive definite matrix with non-
positive off-diagonal elements.

We will see later that the following result implies that for all discrete Gaussian free
fields X, X© is a color process.
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Theorem 2.2. If X ~ N(0, A) and A~! is a Stieltjes matrix, then X° is a color process.

In [11], it was observed that the signs of a discrete Gaussian free field is an average
of ferromagnetic Ising Models; that argument extends to the case of a Stieltjes matrix
which is given below.

Proof. Note first that as (b;;) := A™! is a Stieltjes matrix, we have that b;; < 0 whenever
1 # j. This implies in particular that if fx is the probability density function of X, then

= exp Z —binin — % Z b“XZ2

{i.5}

—xTA-1x
2

fx(x) ocexp (

Now for each i, define o; = sgnX; so that X; = |X;|o;. Then the conditional
probability density function of (o;) given | X;| = y1, |X2| = ya2, ..., | Xn| = y, satisfies

f(o) ocexp Z —bijYiY;0i0;
{i,g}
This is a ferromagnetic Ising model with parameters 3;; = —b;;y;y; > 0 and no external
field. It is well known that the (Fortuin Kastelyn) random cluster model yields a color
representation for the Ising model after we identify —1 with 0. Since an average of color
processes is a color process, we are done. O

Remark 2.3. The proof of Theorem 2.2 does not apply to other threshold levels. With
nonzero thresholds, this argument would lead to Ising model with a varying external field.
The marginals of this (conditioned) process are not in general equal, which precludes
it from being a color process, and even if the marginals were equal, there is no known
color representation in this case in general.

We end this subsection by pointing out that there are fully supported Gaussian vectors
whose threshold zero processes are color processes but whose inverse covariance matrix
is not a Stieltjes matrix.

To see this, leta € (0,1) and ¢ € (0,1). Then the matrix

1 a a
A=|a 1 a®—¢
a a®—c¢ 1

24+a”—e4+/8a24(a2—¢)2
3 .

has eigenvalues 1 — a? + ¢ and
e < 1 —a?. Moreover, we have

Hence A is positive definite if

1+a%—¢ —a —a
1 _a A-a® e
1—a?+¢ 1*112;6

l—a

At
1—a?—¢
—a e 1-=a®

1—a?+¢ 1—a?+¢

Hence, A is not an inverse Stieltjes matrix for any ¢ > 0, since for any € > 0 we have
that A=%(2,3) > 0. Consequently, if 0 < ¢ < 1 — @2, then A is symmetric, positive and
positive definite but not an inverse Stieltjes matrix. Finally, the fact that the threshold
zero process is a color process follows from Proposition 2.12 in [15] which states that
for n = 3, any {0, 1}-symmetric process with nonnegative pairwise correlations is a color
process.

A very important class of Gaussian vectors that have A~! being a Stieltjes matrix are
discrete Gaussian free fields with a finite number of variables. Another example are so-
called tree-indexed Gaussian Markov chains. A Gaussian Markov chain with parameter

EJP 25 (2020), paper 54. http://www.imstat.org/ejp/
Page 9/45


https://doi.org/10.1214/20-EJP459
http://www.imstat.org/ejp/

Divide and color representations for threshold Gaussian and stable vectors

a € [0,1] has state space S = R and is described by s — as + (1 — a?)'/?W where W is a
standard normal random variable; this is reversible with respect the distribution of W.
From this, one can construct tree-indexed Gaussian Markov chains (see e.g. [2]).

We end this subsection by discussing a simple Gaussian vector and show that different
points of view can lead to very different color representations. To this end, consider
the fully symmetric multivariate normal X := (X3, X»,..., X,,) with covariance matrix
A = (a;;) where a;; =a € (0,1) for i # j and a;; = 1 for all 4. It is easy to check that

_ 1+(m—2a e,
A_l(i,j) = {(1+(n1)a)(1a) ifi =
Wiﬂ(l—a) otherwise.

Since this is a Stieltjes matrix, X° is a color process by Theorem 2.2 and moreover,
by the proof, the resulting color representation has full support. (The fact that this
particular example is a color process is also covered by Section 3.5 in [15] using a
different method.)

Now suppose we would add a variable X, with agp = 1 and a;p = +/a for all
i € {1,2,...,n}. One can check that this defines a Gaussian vector (Xo, X1, Xo,..., X,,)
and it is easy to check that this is a tree-indexed Gaussian Markov chain where the
tree is a vertex with n edges coming out. If we let Ay be the covariance matrix of
Y = (Xo, X1, Xo, ..., X,), then its inverse is given by

1+(n—1)a

in—lla jfj=j=0
- if i =j >0

Agti,g) =4 742 ifi>j=0
_f . . .
— ifj>i=0
0 otherwise.

Being a Stieltjes matrix, Y° has a color representation by Theorem 2.2 and the proof
yields that if we restrict the resulting color representation of Y° to {1,2,...,n}, the
representation is supported on partitions with at most one non-singleton cluster. In
particular, this implies that when n = 4, these color representations will assign different
probabilities to the partition (12,34), and hence the representations are distinct.

3 An alternative embedding proof for tree-indexed Gaussian
Markov chains which extends to the stable case

The purpose of this section is twofold: first to give an alternative proof of the fact
established earlier that tree-indexed Gaussian Markov chains are color processes and
then to use a variant of this alternative method to obtain a result in the context of stable
random variables.

3.1 The Gaussian case

Alternative proof that the threshold zero of a tree-indexed Markov chain is a color
process. We give this proof only for a path where the correlations between successive
variables are the same value a. The extension to the tree case and varying correlations
is analogous.

To show that X := (X1, Xo,..., X,,) has a color representation for any n > 1, we want
to construct, on some probability space, a random partition 7 of [n] and random variables
Y = (V1,Ys,...,Y,) so that

(i) X and Y have the same distribution (which implies that their corresponding sign
processes have the same distribution) and
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(i) (Y9, 7)is a color process (for p = 1/2) with its color representation.
To do this, let (Z;) be the so-called Ornstein-Uhlenbeck (OU) process defined by
Zy = e W

where (W;);>o is a standard Brownian motion. It is well known and immediate to check
that Z; ~ N(0,1) for any t € R and that Cov(Z,, Z;) = e~ 1*"*| for any s, € R.
Now, given n, consider the random vector Y given by

(Zlog(l/a)7 Zy log(1/a)s+++> Zn, log(l/a))

and consider the random partition 7 of {1,2,...,n} given by ¢ ~ j if Z; does not hit zero
between times ilog(1/a) and jlog(1/a).

It is immediate from the Markovian structure of both vectors and the covariances in
the OU process that (i) holds. Next, (ii) is clear using the reflection principle (which uses
the strong Markov property) and the fact that the hitting time of 0 is a stopping time. O

Remark 3.1. This argument (also) does not work for any threshold other than zero. For
it to work, one would need that for h > 0 and any time ¢ > 0, the probability that an OU
process started at h is larger than h at time ¢ is equal to the unconditioned probability.
This however does not hold.

Remark 3.2. In [10], the author studies a similar construction as the construction above
for discrete Gaussian free fields. More precisely, the author shows that one can obtain a
color representation for a DGFF X as follows. Given X, for each pair of adjacent vertices
he adds a Brownian bridge with length determined by their coupling constant. Two
vertices are then put in the same partition element if the corresponding Brownian bridge
does not hit zero. Since DGFF’s have no stable analogue, this does not generalize to any
class of stable distributions.

3.2 The stable case

We now obtain our first result for stable vectors. Given a € (0,2) and a € (0,1),
let U have distribution S,(1,0,0) and consider the Markov chain on R given by s —
as+ (1 —a®)'/2U. 1t is straightforward to check that U is a stationary distribution for this
Markov chain. Hence, given a tree 7" and a designated root, we obtain a tree-indexed «-
stable Markov chain on 7'. Interestingly, unlike the Gaussian case, this process depends
on the chosen root as this Markov Chain is not reversible. In particular, if (Xo, X;) are
two consecutive times for this Markov chain started in stationarity, then (X, X;) and
(X1, Xo) have different distributions; one can see this by looking at the two spectral
measures.

Proposition 3.3. Fixa € (0,2), a € (0,1), a tree T with designated root p and consider
the corresponding tree-indexed a-stable Markov chain X on T. Then X° is a color
process.

Proof. We give the proof only for a path and with p being the start of the path. The
extension to the tree case is analogous. As in the previous proof, we want to construct,
on some probability space, a random partition 7 of [n] and random variables Y =
(Y1,Ys,...,Y,) so that

(i) (Xi,...,X,) and Y have the same distribution, and

(ii) (YO7 m) is a color process (for p = 1/2) with its color representation.
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We first recall (see Proposition 1.3.1 in [13], p.20) that if a standard Brownian motion
(By)t>0 and S ~ S, /2(2 cos(ma/4)?/*, 1,0) are independent, then S*/2B; ~ S,(1,0,0). The
random variable S is an example of a so-called subordinator.
Now let V1,5, ..., Sn, (B)iz0, ..., (B™);0 be independent with ¥; ~ S,(1,0,0),
each S; 2 S, where S is as above and each (Bt(i))tzo being a standard Brownian motion.
Define Y; for i € {2,...,n} inductively by

Yipi =aY;+ (1 — aa)l/a534§B§i+1)'

It is clear from the above discussion that (i) holds.
Now we extend this process to all times ¢ € [1,n] as follows. Let, fort € (4,7 + 1),
Y, = a¥; + (1 —a®)/osH2BIY,
Note that (Y;) is left-continuous and has jumps exactly at the integers. Note also that
this process never jumps over the z-axis.
Next, considering the random partition 7 of {1,2,...,n} given by i ~ j if Y; does
not hit zero between times ¢ and j. Again using the reflection principle, properties of

Brownian motion and the fact that (Y;) never jumps over the z-axis it is clear that (ii)
holds. -

We apply this to a particular symmetric, fully symmetric stable n-dimensional vector.
To this end, let Sy, Si, ..., S, be ii.d. each having distribution S,(1,0,0) and for
i=1,2,...,nlet
X1 =aSy+ (1- ao‘)l/o‘Si.

We claim that (X9, X9, ..., X?) is a color process. To see this, consider Proposition 3.3
with a homogeneous n-ary tree and a and a being as above. By that proposition, the
threshold zero process for the corresponding tree-indexed Markov chain is a color
process.

4 A geometric approach to Gaussian vectors

4.1 The geometric picture of a Gaussian vector

In this section we switch to a more geometric perspective and view a mean zero
n-dimensional Gaussian vector as the values of a certain random function at a set of n
points in R* for some k. This alternative description is completely well known. More
precisely, let k > 1, xq,...,%, € RF, and W ~ N(0, I)) be a standard normal distribution
in R*. If we now let

X = (Xi)i<i<n = (X - W)i<i<n, (4.1)

then X is a Gaussian vector with mean zero and covariances Cov(X;, X;) = x; - x;. Note
that X; having variance one corresponds to x; being on the unit sphere $*~! in R*. The
above representation can always be achieved with £ = n. Such a representation can
be achieved, up to rotations, in R” if and only if X lives on a k-dimensional subspace
of R™. We say that X has dimension k if k is the smallest integer where one has this

representation up to rotations. When we have x,,...,x, € R* as above, without loss of
generality, we will always assume that x1, ..., X,, spans R” so that the dimension of X is
k.

Now given a standard Gaussian vector X = (X;)i<i<, (recall this means the

marginals have mean zero and variance one) and h € R, let (Xih)lgign be, as before, the
threshold process defined by X/ := I(X; > h). It will be useful to have a simple way
to generate (X/)1<;<, which can be done as follows. Assume that X is k-dimensional
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with variances all being one. We take n points x;,Xs,...,X, on $*~! corresponding
to (X;)i<i<n as described above. Let Z ~ N(0,I;). It is well known that when Z is
written in polar coordinates (r,#) with » > 0 and # € $*~!, then r and 6 are independent
with @ uniform on $¥~! and r having the distribution of the square root of a y-squared
distribution with k degrees of freedom. We then have that X" = 1 if and only if x; - Z > h.
Note that {x : x - Z = h} is a random hyperplane H}, in R* perpendicular to #(Z) and so
X" is equal to one for points on $*~! which lie on one side of H; and zero for points lying
on the other side. Note that when h = 0, the hyperplane goes through the origin and it
is the points on the same side as 6(Z) that get value one; in particular, when h = 0, the
value of X! only depends on #(Z) and not on r(Z). However, when h > 0, the hyperplane
Hj, can go through any point of the one-sided infinite line from the origin going through
6(Z). In particular, H;, might not intersect $*~! at all; this would correspond exactly to
r(Z) < h.

4.2 Gaussian vectors canonically indexed by the circle

Proposition 4.1. Consider n points x,...,x, on $' satisfying x; - x; > 0 for all ¢, j; this
is equivalent to the correlations a;; of the corresponding Gaussian process X being
nonnegative. Then X° is a color process.

Proof. Using the nonnegative correlations of X, it is easy to check that the n points
X1,X2,...,X, € $! must lie on an arc of length at most 7/2. Since the distribution of a
Gaussian process is invariant under rotations, we may assume that the n points lie on the
arc 0 < 6 < /2. Hence we can assume that x; = e with0 <6, <0y < ... <0, <7/2.

We will couple X° with a color process together with its color representation in such
a way that X° and the color process match exactly. We first show how one uniform point
U on $! generates a color process together with its color representation. Let

I =1[0,01], Iy = [01,02], ..., It = [Ok—1,0k), - .., Inng1 = [0, /2]

noting that the first and last arcs might be trivial. Letting 1 ,‘j be I} rotated counterclock-
wise by 6, we note that

{17 ke{l,...,n+1},0 € {0,7/2,7,37/2}}

partitions $'. Now for k = 1,...,n+ 1, if U falls in I} U Ik% UIru I,:TW, we partition
{x1,%2,...,%,} into the two sets J; = {x1,...,x;-1} and J2 = {xx,...,x,} with the
obvious caveat when k € {1,n + 1}. Next we color J; and J; as follows. If U is in [0, 7/2],
we color each cluster 1, if U is in [r/2, 7], we color J; 0 and J; 1, if U is in 7, 37/2], we
color each cluster 0 and if U is in [37/2, 27|, we color J; 1 and .J; 0. This clearly yields a
color process (with p = 1/2) together with its color representation. Finally observe that

this color process is exactly X if we use U for 6(72). O

Remark 4.2. It is easy to see that the threshold zero-process here is such that it is
constant with probability at least 1/2. Hence the proof of Theorem 1.2 in [7] also yields
it is a color process. Moreover, the color representation obtained there can be checked
to be the same as the one given above. The description of the color representation given
in the present section will however be useful when dealing with the case h # 0 as in
Proposition 4.5.

Remark 4.3. For any color process (Y;) with p = 1/2, for any i and j it is clear that

Cov(Y;,Y;) = % 4.2)
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and that .
PY,=Y,=1) 1 + 1

In the case of Proposition 4.1, it is clear that

|0 — 04
1— g = 4.
qZ] 7T/2 ( 3)
and hence that
p(XQ:Xo:D:l_M (4.4)
! J 2 o ’
Since |#; — 6,| = arccos a,; it follows that
1
P(X?:X?:l):——w. (4.5)

2 2T

This is of course one of many ways to derive this last expression which is known as
Sheppard’s formula (see [14]).
This discussion also leads to the formula

2 arccos a;;

gi;j =1— (4.6)

™
The proof of the following elementary lemma, based on inclusion-exclusion, is left to
the reader.
Lemma 4.4. If X := (X, X5, X3) is {0, 1 }-symmetric, then
vgo. + o0+ Voo 1

_ _L 4.7
20 5 1 (4.7)

In particular, using (4.4), if X corresponds to threshold zero for a mean zero Gaussian
vector, the above is equal to

2 47

Proposition 4.5. Considern points Xy, ...,x, onS' satisfying x; -x; > 0 foralli,j. Then
X" does not have a color representation for any h # 0, n > 3.

1 6124013+ 623 (4.8)

Proof. It suffices to prove this for h > 0 and n = 3. Since h > 0, it is clear from the
construction of X" described in (4.1) that (0, 1,0) has positive probability but that (1,0, 1)
has probability zero. However, it is immediate that no color process can have this
property. O

Figure 1: The image above illustrates Figure 2: The image above illustrates
the situation when i = 0. the situation when i > 0.
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4.3 A general obstruction for having a color representation for 1 # 0

By symmetry, we can assume h > 0.

The following is precisely a higher dimensional analogue of Proposition 4.5. The

latter is the special case n = 3 together with the fact that any three points on the circle
are in general position.
Theorem 4.6. The standard Gaussian process X associated ton pointsxi,...,X, € $" 2
in general position (equivalently not contained in an (n — 2)-dimensional hyperplane) is
such that X" is not a color process for any h > 0.

More generally, if X = (X3, Xo,...,X,,) is a random vector such that

e (X1,Xo,...,X,_1) is fully supported on R"~!
e there is (a1, as, ..., a,) € R"\{0} such that a.s.

Z a;X; =0 (4.9)
=1
and .
> ai #0, (4.10)
1=1

then X" is not a color process for any h > 0.

Remark 4.7. Any n-dimensional standard Gaussian vector which is not fully dimensional
can be represented by points on $" 2. When the n points are not in general position,
which can only happen if n > 4, in which case the above result is not applicable, we will
see in Corollary 5.3 that nonetheless X" is not a color process for large h. Perhaps the
simplest example of a four-dimensional Gaussian vector which is not fully dimensional
but does not correspond to points on $2 in general position appears in Figure 3. In the
next subsection, we will see in Theorem 4.8 that this case will lead us to an important
example for which we will have a phase transition.

Proof of Theorem 4.6. We will first observe that the second statement implies the first.
One can order the n points xi,...,X, € $" 2 in general position such that the first
n — 1 points are linearly independent. This implies that the corresponding Gaussian
vector X = (X3,...,X,,) satisfies the first condition. Next, since x, ..., X, are linearly
dependent (as they sit inside R" ') there exists (a1, as, ..., a,) € R"\{0} such that

n
E a; X; = 0
i=1

which implies (4.9). Finally (4.10) must hold since x;,...,x, are in general position.

For the second statement, note first that we can assume that |a;| > 0fori=1,2,...,n
since we can remove the X;’s for which a; = 0. If a; > 0 for all j (with a similar argument
if a; < 0 for all j), then for all A > 0, v4=(h) = 0 in which case there clearly cannot be
any color representation. We hence assume that there are both positive and negative
values among the a;’s. Furthermore since Zle a;X; =0and (X1, Xs,...,X,_1) is fully
supported, for any 4, if we define I; = {1,2,...,n}\{i}, then the vector (X),ey, is fully
supported. This implies in particular that we, possibly after reordering the random
variables and changing all the signs, can assume that

and that a,, > 0.
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Fix now h > 0. Now define the binary string p by p(i) = I(a; < 0) and let £ be the
event that
VJ<TL X]’ >hifaj <Oande Shlfa] > 0.

Since (X;,Xo,...,X,—1) is fully supported, the probability of the event £ is strictly
positive. Since
SooailXo= Y laslX;,
i a; >0 j:a;j<0
this implies that on &,
X = _ Ej<n a; X . Zj<n: a;<0 |a;| X Zj<n: a;>0 |a;| X
n = = _

QAp QA QAp

> h- <Zj<n: a; <0 |a’j| . Zj<n: (l_7‘>0|a/j|> >h

a'll a"l’L

which in particular implies that v, = 0.
On the other hand, since (X, Xo, ..., X,,_1) is fully supported, the event

Vi <n:X;€lahh|ifa; <0and X; € (h,ph]ifa; >0

has strictly positive probability for any a € (0,1) and 3 € (1,00). On this event we have
that

Zj<n: a; <0 |a‘j|Xj - Zi<n: a; >0 ‘al|X’L

X, =
2%
> a2j<n: a;j<0 |a’]| - BZi<n: a; >0 |a’l|
= an .
Since
Yoo lal= Y lail > an
j<n:a;<0 i<n: a;>0

it follows that X,, > h if a and 8 are both sufficiently close to one. In particular, this
implies that v;_, > 0. Since v, = 0 but v1_, > 0, it follows that X h cannot have a color
representation. O

4.4 A four-dimensional Gaussian exhibiting a non-trivial phase transition

In this subsection we will study an example, corresponding to four points on $2,
for which the existence of a color representation for positive A is not ruled out by
Theorem 4.6. To this end, let 6 € (0,7/2] and define x;, X2, X3, %4 € $2 by

x1 = (sind, 0, cos 0)
x5 = (0,sin 6, cos §)
x3 = (—sin#, 0, cos 6)
(

x4 = (0, —sin b, cos 6)

and for i =1,2,3,4, let X; = x; - W, where W ~ N(0, I3). Then X ~ N(0, A) for

1 cos? 6 cos? f — sin? 6 cos? 6
= cos? 6 1 cos? 6 cos? f — sin? 6 @.11)
| cos?6 —sin® 6 cos? 6 1 cos? 6 ' ’
cos? 6 cos? § — sin? 6 cos? 0 1
EJP 25 (2020), paper 54. http://www.imstat.org/ejp/
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Figure 3: The picture above shows the three points x;, x5 and x3 corresponding to a
mean zero variance one Gaussian vector with a3 = a3 = 0.2 and a5 = 0.22. The bold
black lines are the positions where we could add a fourth point x4, without the existence
of a color representation for some h > 0 being ruled out by Theorem 4.6.

Geometrically, this corresponds to having four points in a square on a 2-sphere at the
same latitude, and it follows easily that

X1+ X35 =X9+ X4 (4.12)

Note that A has nonnegative entries if and only if § < /4.
The following theorem implies Theorem 1.2.

Theorem 4.8. Let X? be a Gaussian vector with covariance matrix given by (4.11).
Then

(i) X% is a color process for all § € (0,7/4],

(ii) there is 6y > 0 such that for all 6 < 6, there exists hy > 0 such that X%" is a color
process for all h € (0, hy).

(iii) for all § € (0,7/4), there is hy > 0 such that X?%" has no color representation for
any h > hy.

Lemma 4.9. Let X? be a Gaussian vector with covariance matrix given by (4.11). Then

for all h, X?" has a color representation if and only if there is a color representation of
(x0" x9" x2") which satisfies

> >0

{Q123 2 q13,2 = (4.13)

2¢12,3 — 2q13,2 > q1,2,3 > 0.
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Proof. Fix h > 0 and assume first that there is a color representation (¢, ) (the depen-
dence on / will be suppressed) of (/). Since the distribution of X? is invariant under
the action of the dihedral group, we can assume that (g,) also is. Note that it follows
from (4.12) that vp191 = 0, and hence vg19. = 9100 In particular, this implies that

41,2,3,4 = 13,24 = 1,243 = q13,24 = 0, (4.14)

and using this, we obtain (using the assumed symmetry)

q1234 = G123 — q123,4 = G123 — 13,4 = G123 — ¢13,2
q123,4 = q13,4 = 13,2

‘ (4.15)
q12,3,4 = 42,3,4 — q14,2,3 = 41,2,3 — 412,34 = LI1,2,3/2

d12,34 = 12,3 — ¢124,3 — q12,3,4 = 12,3 — 413,2 — Q1,2,3/2-

Since this is a color representation by assumption, ¢, > 0 for all ¢, which is equivalent
to (4.13). This proves the necessity in the first part of the lemma.

To see that we also have sufficiency, let ¢ = (q123,¢12,3, 13,2, 1,23, ¢1,2,3) be a color
representation of (Xf’h,Xg’h,Xg’h) which satisfies the inequalities in (4.13). Define
qo for o € B4 by (4.14) and (4.15) and extend to all partitions by making it invariant
under the dihedral group. Since (4.13) holds, ¢, > 0 for all o € P,. Also, one checks

that they sum to one and the projection onto {1,2,3} is ¢ above. Using the fact that

Yo10. = Vo100, one can check that the probability of any configuration is determined
by the three-dimensional marginals. From here, one verifies that this yields a color
representation of X%, as desired. O

Proof of Theorem 4.8. To see that (i) holds, let h = 0. We will apply Lemma 4.9. Then
one easily verifies that the process (Xf’o, X;”“, Xg"o) has a signed color representation
given by

qi23 = 1—4(v01 + vo10 + V100) +t

qi2,3 = 4vgor —1
qi23 =4vig0 —1
qi32  =4vgio—t
i3 =2t

for some free variable ¢t € R. This will give a color representation for all ¢ which is such
that ¢, > 0 for all ¢ € B3. Using (4.4) and (4.8), one easily verifies that in a Gaussian
setting, the set of equations above can equivalently be written as

G123 —1— 912+971T3+923 4t
4 6 023)—260
Q123 = (012+ 13+Tr 23) 12 _ g4
_ (0124+013+023)—2023
G123 = p t
_ (012+013+023)—2015
q132 = po t
G123 =2t

Rearranging, we see that these are all nonnegative if and only if

0 05 —2(6012 V 013V O
0V <ZZ¢J K. 1) <t< Ligj by = b2V 015 V 23) (4.16)
s s
In our specific example, we have that
015 = 093 = arccos cos? 0
013 = 20 > 012
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and hence (4.16) simplifies to

™

2 arccos cos? 6 + 20 2 arccos cos? 6 — 20
ov —1)<t< .
T

Similarly, we can rewrite (4.13) as

s
t < 2(913;912) _ 2(26’—a1rcTcroscos2 0).

{t > iz 0ij—013—7/2 _ 2arccoscos? —mn/2
- s

If we put these sets of inequalities together, and use that 6§ € (0,7/4], we obtain the
following necessary and sufficient condition for the existence of such a ¢:

2arccoscos? ) — /2 _ 2arccoscos?f — 20  2(20 — arccos cos? 6)
0oV < N .

™ s m

Here it is easy to verify that

2arccoscos® ) — /2 _ 2arccos cos® 6 — 20
0v <

™ ™

and that
2(26 — arccos cos? )

™

0<

and hence to see that we can always pick ¢ so that the above inequalities hold it suffices

to show that
2 arccos cos? ) — /2 < 2(26 — arccos cos? 6)

™ ™

for all 6 € (0,7/4]. To this end, note first that we can rewrite the inequality above as
arccos cos” 0 — 0 < /8.

This can be verified to hold for all § € (0, 7/4] by verifying that the left hand side is
increasing in 6 for 6 € (0, 7/4] and noting that

arccos cos®(m/4) — w/4 = arccos(1/2) — /4 = w/3 — 74 = /12 < /8.

The desired conclusion now follows.
To see that (ii) holds, note first that by Theorem 6.1 and a computation, the value of
the free parameter ¢t corresponding to the limit of ~ — 0 is given by

. 2sin 9 _
arccos (7(1“%2 g 1)

t=1-

™

Using the proof of (i), it follows that it suffices to show that

2sin’ 0
2 arccos cos® ) — /2 <1 arccos ((1+(S:lc?s2 02 1) - 2(20 — arccos cos? 0)
m ™ ™

for all sufficiently small 6. To this end, note first that at § = 0 the first expression is equal
to —1/2 while the second and third expression are both equal to zero, and hence the first
inequality is strict for all sufficiently small #. To compare the last two expressions, one
verifies that the derivatives of these two expressions at # = 0 are given by 0 and 4 — 2/2
respectvely, and hence (ii) is established.

Finally, (iii) follows from Corollary 5.3. O
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4.5 A four-dimensional Gaussian with nonnegative correlations whose zero
threshold has no color representation

In this subsection, we study a particular example which will in particular yield a proof
of Theorem 1.4; see (ii) and (iii) below.

Theorem 4.10. Let (X1, Xs,...,X,—_1) be a fully symmetric multivariate mean zero
variance one Gaussian random vector with pairwise correlation a € [0, 1), and let

X, = (X1 + Xo +...+Xn_1)/\/a(n— 124+ (1—-a)(n-1).

ensuring that X,, has mean zero and variance one. In addition, nonnegative pairwise
correlations is immediate to check. If X* := (X1, X», ..., X,,), then the following hold.

(i) Whenn =3, X*% jsa color process for any a € [0,1).
(ii) When n > 4 and «a is sufficiently close to zero (or zero), X0 js not a color process.

(iii) For n > 4, there exists a fully supported multivariate mean zero variance one
Gaussian random variable X with nonnegative correlations for which X° is not a
color process.

(iv) When n > 4 and a is sufficiently close to one, XY is a color process.
(v) Foranyn >3,a€(0,1) and h >0, X" is not a color process.

Proof. (i). The claim for n = 3 follows immediately from Proposition 4.1 or Proposition
2.12'in [15].

(ii). We first consider n > 4 and ¢ = 0 and obtain the result in this case. If X° is
a color process, then it must be the case that the color representation gives weight
1/(n — 1) to each of the n — 1 partitions which consist of all singletons except n is in
a block of size 2. This is because (1) since X, X»,..., X,,_1 are independent, none of
1,2,...,n— 1 can ever be in the same cluster, (2) if n is in its own cluster with positive
probability, then v4»-1; > 0 which contradicts the fact that X, X,..., X,,—; all negative
and X,, positive is impossible and (3) symmetry. On the other hand, by (4.6), each of the

cps Zarccos\/% . . P
above partition elements must have value 1 — ———>=. The conclusion is that if it is a

color process, then
1
n—1

1 2 arccos

n—1 s
This is true for n = 3 (as it must be) but we show this is false for all n > 4. Rearranging,
this is equivalent to

T n—2 n—2

—. = arcsin 4/ ——. (4.17)
2 n—1 n—1

Now consider the two functions f(z) = nz?/2 and g(z) = arcsinz for x € [0,1]. Then
we clearly have f(0) = ¢g(0) and f(1) = ¢(1). Moreover, one can easily check that
both functions are continuously differentiable, that their first derivatives agree only at

z=1/1+ YT (ie. at z ~ 0.338247 and = ~ 0.941057) and that f'(0) = 0 < 1 = ¢/(0)
and f'(1) = 7 < oo = ¢/(1). This easily implies that {z : f(z) > g(x)} is of the form
(b,1). Hence we need only check that (4.17) fails for n = 4 with the left side being larger.
However, this is immediate to check. Finally, to obtain the result for small a depending
on n, one just uses the fact that the set of color processes is closed.

(iii). Fix n > 4, take a = 0 and replace X,, by X! = ¢Z + (1 — €2)'/2X,, where Z is
another standard Gaussian independent of everything else. Then for every € > 0, the
resulting vector X is fully supported with nonnegative correlations. However, for small ¢,
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XY cannot be a color process since the color processes are closed and the limit as e — 0
is not a color process by (ii).
For (iv), note that by the proof of Theorem 1.2 in [7], a sufficient condition for a
{0, 1}-symmetric process to be a color process is that vy» > 1/4. In our case, we clearly
have that for any n, vg» — 1/2 as a — 1, and hence the desired conclusion follows.
Finally for (v), with n > 3, a € [0,1) and h > 0, this follows immediately from
Theorem 4.6. O

4.6 An extension to the stable case

In this subsection, we explain to which extent the results in the previous subsection
can be carried out for the stable case. We assume now that X, X, ..., X,,_1 are i.i.d.
each with distribution S, (1,0, 0) for some « € (0,2) and we let

X, =(X1+Xo+...+ X 1)/(n—1)12

and X = (X1, Xo,..., Xp).

Proposition 2.12 in [15] implies, as before, that when n = 3, X° is a color process (the
{0, 1}-symmetry is obvious and the nonnegative correlations being an easy consequence
of Harris’ inequality). Concerning whether X" can be a color process for some n > 3
and h > 0, Theorem 4.6 implies that it cannot be except perhaps when o« = 1. For n > 4
it seems, by using similar arguments and Mathematica, that X° is a color process for at
most one value of a.

5 Results for large thresholds and the discrete Gaussian free
field

In the first subsection of this section, we show that non-fully supported Gaussian
vectors do not have color representations for large h. On the other hand, in the second
subsection, we give the proof of Theorem 1.5 that discrete Gaussian free fields have
color representations for large h.

5.1 An obstruction for large h
We first deal with the case n = 2, where we have the following easy result.

Proposition 5.1. Let X := (X3, X2) be a standard Gaussian vector with
Cov(X1,X5) €[0,1). Then X" has a (unique) color representation (q,),c5, forallh € R
and limh_mo Q12(h) = 0.

This result essentially follows from Theorem 2.1 in [5] (see also Lemma 5.10 here)
but we include a proof sketch here.

Proof of Proposition 5.1. Note first that since n = 2, the nonnegative correlation immedi-
ately implies that X" has a color representation for all » € R, and hence we need only
show that lim,_,~ q12(h) = 0. Since it can be easily checked that

l/ll(h) — I/l(h)2

h) =
1) = )
we need to show that
lim v11(h)/vi(h) = 0; (5.1)
h—o0
this however is straighforward. O

The previous result immediately implies the following.
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Corollary 5.2. If X := (X1, X5, ..., X,,) is a standard Gaussian vector with Cov(X;, X;) €
[0,1) for all i < j and X" has a color representation (¢, ),cp, for arbitrarily large h, then

lim q1,2,3,...7n(h) =1.
h—o00

Interestingly, this gives the following negative result when X is not fully dimensional.

Corollary 5.3. Let (X1, Xo,...,X,,) be a standard Gaussian vector with
Cov(X;,X,) €[0,1) forall i < j. If X is not fully supported, then for all sufficiently large
h, X" is not a color process.

Proof. Since X is not fully dimensional, there must exist a linear relationship between
the variables. As a result, there must exist p € {0,1}" so that for all » > 0, v,(h) = 0.

,,,,,

The desired conclusion now follows from Corollary 5.2. O

5.2 Discrete Gaussian free fields and large thresholds

In this section, our main goal will be to prove Theorem 1.5. Note that all our random
vectors in this section will be fully supported which we know is anyway necessary in
view of Corollary 5.3.

Before we continue, we remind the reader that a Gaussian vector X ~ N (0, A) is a
discrete Gaussian free field if and only if

(i) A is a block matrix with strictly positive blocks,

(ii) A is an inverse Stieltjes matrix,
(iii) A satisfies the weak Savage condition, i.e. 17A~! > 0, and
(iv) for at least one row i in each block of 4, 17 A~1(7) > 0.

This correspondence will be used throughout this whole section.
We first note the following corollaries of Theorem 1.5.

Corollary 5.4. Leta € (0,1) and let X = (X3, Xo,...,X,,) be a standard Gaussian vector
with Cov(X;,X;) = a for alli < j. Then X" is a color process for all sufficiently large h.

Proof. Let A be the covariance matrix of X. Then one verifies that for ¢, j € [n] we have
14+(n—2)a e
Al(iaj){(l—a)(l-‘r(n—l)a) if i = j
Taaie=na fi# 7.

Consequently, A is an inverse Stieltjes matrix. Moreover, for all j € [n] we have that

1
1747 ) = ———.
U =1m=1a
and hence 17 A~! > 0. Applying Theorem 1.5, the desired conclusion follows. O

Corollary 5.5. Leta € (0,1) and let X = (X3, Xo,...,X,,) be a standard Gaussian vector
with Cov(X;, X;) = a/*~Jl for all i, j € [n], yielding a Markov chain. Then X" is a color
process for all sufficiently large h.
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Proof. Let A be the covariance matrix of X. Then one verifies that for i, j € [n] we have

ﬁ ifi=j€e{1,n}
14+a% ¢ _ -
A_l(i,j) _ 11_(12 ifi=j¢ {Ln}

_—a_
1—a?

0 otherwise.

if i — j| =1

Consequently, A is an inverse Stieltjes matrix. Moreover, for all j € [n] we have that

L fj ¢ {1,n}

and hence 1" A~! > 0. Applying Theorem 1.5, the desired conclusion follows. O

We now state and prove a few lemmas that will be needed in the proof of Theorem 1.5.
The first of these will give sufficient conditions for X" to be a color process for large
h in terms of the decay of the tails of v(1°) for sets S. As usual, < means the relevant
ratio goes to zero and =< means things are “equal up to constants”.

Lemma 5.6 (Theorem 1.6 in [7]). Let (v},),c(0,1) be a family of probability measures on
{0,1}™. Assume that v, has marginals pé1 + (1 — p)dy and that for all S C [n] with |S| > 2
and allk € S, as p — 0, we have that

prp (V) < 1, (19) < 1, (19057 (5.2)
and Grge
(1
im > w(207) (5.3)
—0 p
SClnl: |5]>2

Then X,, ~ v, is a color process for all sufficiently small p > 0.

Lemma 5.7. Let X = (X;,X5,...,X,) be a standard Gaussian vector with strictly
positive, positive definite covariance matrix A. Assume further that A is an inverse
Stieltjes matrix and that 1TA-1! > 0. Then for each S C [n], the covariance matrix
Ag of Xg = (X;);es is a strictly positive, positive definite inverse Stieltjes matrix with
1745 > 0.
Remark 5.8. The main part of the proof of this lemma consists of showing that if the
weak Savage condition holds for a matrix A which is an inverse Stieltjes matrix, then the
weak Savage condition will also hold for any principal submatrix. Without the additional
assumption that A is an inverse Stieltjes matrix, this will not be true. To see this, take
e.g.
1 081 051 04
A 0.81 1 0.3 0.5
0.51 0.3 1 05
04 05 05 1

One can verify that A is a positive definite matrix for which the Savage condition holds,
but that the Savage condition does not hold for the principal submatrix corresponding to
the first three rows and columns.

Remark 5.9. Lemma 5.7 essentially proves that if X is a DGFF, then for any S C [n],
Xs = (X;);cs is also a DGFF.

Proof of Lemma 5.7. By induction, it suffices to show that the conclusion of the lemma
holds for S of the form [n]\{k} for some k € [n]. To this end, fix k € [n]. Clearly, A\ (x}
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is a positive and positive definite matrix. By a lemma on page 328 in [12], A} (4} is also
an inverse Stieltjes matrix. Next, let (b;;) == A~'. Since A is positive definite, so is A1,
and hence by, = ef A~'ey, > 0. Next, since by, > 0, for i, j € [n]\{k}, it is well known that

birbjk

_1 y y e e —
A[n]\{k} (17]) = sz bk

and hence for j # k

bib; Iy
TAY 1) = L L o UikY5k
H Annm ) - Z <bm bk ) a Z (b” brk )
i€[n]\{k} 1€[n]
(Zie[n] bij) bkk - (Zie[n] bik) bj
brk (5.4)
17 A= ()b, — 17AT (B by,
bik
AT (Rbie
bik '

=17471(j)

Since b;; <0, by > 0 and 17 A=1(k) > 0, we obtain the inequality

17A7L

Since this holds for all j # k, the desired conclusion follows. O

The following lemma follows from special cases of Theorems 2.1 and 2.2 in [5] and
Theorem 3.1 in [9]. This will be needed here and also in the proofs of some lemmas
which will be used in the proof of Theorem 1.6.

Lemma 5.10. Let X be a fully supported n-dimensional standard Gaussian vector with
positive definite covariance matrix A = (a;;). If the vector o :== 17 A~ has no zero
component, then as h — oo one has that

1 h?
V(I(a(i)>0 1(h)N n ) P <_.1TA_11>.
(I(a(i)>0)) (2m)n/2y/det A - (TT1; |a(i)]) - b7 2

Furthermore if 17 A=1(1) = 0, then

lim 7V1n(h) = 1
h—o0 V.n-1 (h) 2

We note that if n = 3, then assuming (1) < «(2) < «(3), then it is immediate to check
that «(2) and «(3) are strictly positive, while «(1) can be negative, zero or positive.
Lemma 5.11. Let X = (X1, Xo,...,X,,) be a standard Gaussian vector with strictly

positive, positive definite covariance matrix A which is an inverse Stieltjes matrix and
satisfies 17 A=1 > 0. Then for any S C [n] with |S| > 2 and k € S, as h — oo, we have

prn (1R <« 1, (19) < 1, (150I01N9), (5.5)

Proof. Let S C [n] and define Xg := (X;);ecs. Let Ag be the covariance matrix of Xg. By
Lemma 5.7, the matrix Ag is a strictly positive, positive definite inverse Stieltjes matrix
which satisfies 17 Ag"' > 0. To simplify notation, let (agf)) = Ag and (bEJS)) = Ag'. The
rest of the proof of this lemma will be divided into several steps
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Step 1. Fix S C [n] with |S| > 2 and k € S. In this step, we will prove the inequality

2
%) > (Z bé?) (5.6)

i€S
or equivalently

2
S o) > <Zb§j)> + 3 b (5.7)

= = i€S\{k}

To this end, note first that since (b( )) is the inverse of (a; (3 )) we have that
1= Z a(s)b(s .
i€S
Since X is a standard Gaussian vector, we have that a;k) = 1 and that a,C ) < 1ifie S\{k}.

Moreover, since Ag is a positive definite inverse Stieltjes matrix by Lemma 5.7, we have
that b;jc) > 0 and that b;i) < 0 for i # j. In addition, since a( ) > 0 forall i ,j €5, we also

obtain that
S o <o (5.8)
ieS\{k}
Combining these observations, we have

1= a0 =6+ T a@ 55 1 T 6 1= 38,

€S ieS\{k} ieS\{k} €S

Since ), %) =17 A5 (k) > 0, it follows that
1>3"5 > 0.
ies

This implies in particular that

2
S > (z b,a?)

i€S i€S

with equality if and only if 1TA§1(k) = 0. This last equation, together with (5.8) im-
plies (5.6), as desired.

Step 2. In this step, we will prove that for all S C [n] with |S| > 2 and k € S, we have

174!

sum1 <174 <1417 45

S\{k} (5.9)

with the first inequality being strict if and only if 17 Ag" (k) > 0. To this end, note first

that since A is positive definite, so is A5 and Ag\ (x}. So, as before, b,(i = Aglek >0

and if 7, j € S\{k} then
p(S)p(S)
ik Ujk

s
bkk:)

A

(9
svpey () = b7 =

Using this, we obtain
o U
T y— 1 J
TAG 1= > <bz’j R )
i,5€S\{k} kk
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and

T A-17 _ (S)
1A' = > by
i,jES

b('lf)b('i) (S) (S)
_ 1T 4—1 v J
-1 AS\{k}1+< > o >+2< > b ) + by, (5.10)

i,5€S\{k} by ie€S\{k}

(Siest)’

(%)
bk

Recalling that bf;,? > 0 and using the conclusion of Step 1, (5.9) follows, which concludes
Step 2.

Step 3. For S C [n], define Js := {j € S: 1T A5'(j) = 0}. Note that since Ag is positive
definite, we have that 1745'1 > 0 and hence Js # S. In this step, we show that the
following hold for any sets S’ C S C [n].

(i) Ifi € Jg, then JS\{i} = Js\{i}.

(i) |S\Jg| > 2.
(iii) Jg: C Jg.

; T 41

(iv) 1 A(S\JS)\S, > 0.

(v) The set {T C [n]\S: T C Jsur} is a power set of some set.

To see that (i) holds, note first that by (5.4), for any set S C [n] and any distinct i,j € S
we have that

_ L b
17450, () = 1A () — 17 A5 () - bj<..5>' (5.11)

From this (i) immediately follows.

For (ii), one first checks that if S has 2 elements, then Js = (). For larger S, we
argue by induction. Take i € Js. By induction, (S\{i})\(Js\{;}) > 2 which by (i) implies
(S\{i})\(Js\{i}) > 2, which yields the result for S.

Next, by Lemma 5.7, Ag is an inverse Stieltjes matrix which satisfies 1TA§1 >0.In
particular, this implies that b;f) <0 and lTAgl(z‘) > 0, and hence it follows from (5.11)
that

1TAG G ) 2 17 AGH(G) > 0; (5.12)

(iii) follows.
Next, (iv) follows easily from (iii).
We will now show that (v) holds. To simplify notation, let

ZS = {T Q [n]\S T Q JSUT}~
It suffices to show that if T, 7» € Zg and i € T7, then
(a) Tl\{l} S ZS

(b) T U {i} € Zs.
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To see that (a) holds, fix 77 € Zg and 7 € T;. By the definition of Zg, this implies that
Ty C Jsur,, and hence T4 \{i} C Jsur, \{¢}. Since i € Ty C Jsur, we have i € Jsyr,, and
hence by (i) we have Jsur, \{i} = Jsur\(i}. Combining these observations, we obtain
Ti\{i} € Jsur\{i}, and hence T1\{i} € Z5 as desired. This concludes the proof of (a).
To see that (b) holds, fix 71,7, € Z5 and ¢ € T;. By the definition of Zg, we have
Th C Jsur, and T C Jsur,. Since 11 C Jsur,, by applying (i) several times, we obtain

Jsugiy = Jsumnmgip = Jsur \ (T \{i}).

Since ¢ € Ty C Jsur,, this implies in particular that i € Jgyy;;. By (iii), we have that
JSu{i}UJSUTg C JSUTQU{i}' Since: € JSU{i} and T2 - JSUT2, it follows TQU{Z} C JSUTQU{i}'

and hence T» U {i} € Zg as desired.

Step 4. In this step, we will now show that for any S C [n] with |[S| > 2and k € S, as
h — oo, we have that
pun (1) < (19).

To this end, fix S C [n] and let Jg be as in Step 3. By Step 2, for any k£ € S\Js, we have
that

1T A

T A—1
sl l<1+174 1. (5.13)

S\(JsU{k}
Since this trivially holds for k € Jg, it follows that these inequalities in fact hold for all
k € S. Now fix k € S. By Step 3 (iv) we have that lTAg\ljs > 0 and lTAg\l(JSU{k}) >0,
and hence by applying the first part of Lemma 5.10 and using (5.13), it follows that as
h — oo, we have

pup (15\UsED) gy (15Vs),

Applying the second part of Lemma 5.10 several times together with Step 3 (iii), we see
that
v (15Vs) ~ 2lsly, (19) (5.14)

Using this, it follows that as h — oo,
pyh(ls\{k}) < pyh(ls\(JsU{k})) < uh(ls\JS) = v, (1%)
and hence the desired conclusion holds.
Step 5. In this step, we show that for each S C [n] with |S| > 2, as h — oo, we have

that
v (15) = v, (150019, (5.15)

To this end, fix S C [n]. By an inclusion-exclusion argument, we see that
Vh(lso[n]\S) — Z Vh(1SUT)(_1)|T|'
TC[n]\S
For each T C [n]\S, let Jsur be as in Step 3. By (5.14) applied to S U T, it follows that

Vh(lsuT) N 2*|Jsuleh(1(SuT)\JSUT)'

Now note that by (5.10) and Step 3 (iii), we have that

T 4—1 4T 4-1
1 A(SUT)\JSUTI =1"Ag r1.
(5.9) and induction now implies that

17471

4T 4-1 T g—19 _ 1T g—1
Surnser L =17 A5 > 1TAg 1 =174 1

S\Js

EJP 25 (2020), paper 54. http://www.imstat.org/ejp/
Page 27/45


https://doi.org/10.1214/20-EJP459
http://www.imstat.org/ejp/

Divide and color representations for threshold Gaussian and stable vectors

with equality if and only if T C Jgur. Since by Step 3 (iv) we have that 17 A} >0,

(SUT)\Jsur
if we combine these observations and apply Lemma 5.10, it follows that

Vh(ls()sc) -~ Z I/h(ISUT)(*l)‘T‘ ~ I/h(ls) Z 2*\T\(,1)\T\_

TCSe: TCJsur TCSe: TCJsur

By Step 3 (v), the set {T' C [n]\S: T C Jsur} is a power set of some set Sy. Using this, it
follows that

Z 2—\T\(_1)\T\ _ Z 2—|T|(_1)|T| =(1-— 2—1)\So| — 9150l

TCSe: TCJsur TCSo

and hence (5.15) holds.
Since Step 4 and Step 5 together give the conclusions of the lemma, this concludes
the proof. O

Remark 5.12. If we assumed Savage instead of weak Savage, the proof could be
somewhat shortened.

We are now ready to give the proof of Theorem 1.5.

Proof of Theorem 1.5. The covariance matrix for a discrete Gaussian free field is a block
matrix with each block satisfying the assumptions of Lemma 5.11. Hence, restricting to
a block, we have that for all S within this block with |S| > 2 and for k € S, we have that

prn (15D <« 1y, (15) < 1, (15057,

The second condition in Lemma 5.6 trivially holds and hence applying this lemma, we
obtain conclude that for large h, the threshold Gaussian corresponding to this fixed block
is a color process. Since the full process is independent over the different blocks, we
easily obtain the desired result for the full process. O

6 General results for small and large thresholds for n = 3 in the
Gaussian case

When Y is a {0, 1}-valued 3-dimensional random vector, and v is the corresponding
probability measure, we know from Theorem 2.1(C) in [15] (see also Theorem 1.4 in [7])
that Y has a unique signed color representation (¢, )scn,- It is easy to verify that this
representation is given by

d12,3 = (1121(,]3];(11/0_1%1,)
' —p)p(1—2p
Qi = (1—p)ri01—Pro10 (6.1)
J — (1-p)p(1—2p) ’
— (=p)ro11—prioo
01,23 (1-p)p(1—2p)
. V1V — gl
o =1 ey

This implies in particular that Y has a color representation if and only if (¢,)sen, iS
non-negative.

6.1 h small

Our next result describes the behavior of (¢,)scp, Wwhen ¥ = X h for a Gaussian
vector X, and i > 0 is small.
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Theorem 6.1. Let X be a three-dimensional standard Gaussian vector with covariance
matrix A = (a;;) and 0;; = arccosa;;. Further, let (v,(h)),c(0,1}s be the probability
measure corresponding to X" and let (¢,),cp, be given by (6.1). Then
2arccos(% 1)

: _ _ 1_[7',<j(1+ﬂrij)7
limyp, 0 q1,2,3(h) = 2 =

01340230, arecos (r; Stita 5-1)
(h)_ 13 7273 12 _1_|_ <77T ij
arccos(A 1)

limp 0 q12,3

limy_0 q1372(h) — 912+9721'3*913 — 14+ Hi<£<1+“'ij)_ (6.2)
limh—>0 (J1,23(h) _ 912+9;r37923 — 14 arccos(ni<zc(iﬁa“)—l)
limp, 0 g123(h) = 2 — 912+971r3+023 - arCCOS(Hi%e(tlﬁ%j)_l) :
Proof. This proof will be divided into two steps.
Step 1. In this step, we will prove that
limp 0 qu,23(h) =4 — 41;%0(00()0)
limp 0 q12,3(h) = 4v001(0) — 2+ 2”1,‘%07("(;)0)
limp 50 qi3,2(h) = 41010(0) — 2 + 21’%{6()0) (6.3)
limp 0 q1,23(h) = 4v100(0) — 2+ %(00()0)
limp, 0 q123(h) = 4v000(0) +1 — 21;%07{’0()0)-
To this end, note first that by (6.1),
02s(h) = Tl o)
- vo(h)vi(h)(vo(h) —vi(h))
Since v, is differentiable at zero, it follows that
} . vioo(h) — vo11(h)
1 h)=1
pmyan2s(h) = i o) — ()
_ 4 hm VlOO(h) — 1/100(—}7,) ) 2h _ 41/100(0)
h—0 2h V()(h) — V()(—h) V(I)(O) '
Similarly, again using (6.1), one has that
. . vo(h)ri10(h) — vi(h)vgor (k)
1 h)=1
fim aizath) = By = I vath) — 1 (h)
_ 4 hm (l/o(h)l/llo(h) — I/()(—h)Vllo(—h)> ) 2h
h—0 2h vo(h) — vo(—h)
v5(0)v110(0) + v0(0)r114(0) 2v110(0)
=4.20 =4 0 —_—
/4(0) ()
21901 (0)
=4 0) — ———=
V001( ) 1/6(0)
If we can show that
V-/00<0) = V6-0<0) = 1/60_(0) = V(/)(O) (6.4)

then (6.3) will follow using symmetry and the fact that ) ¢, = 1. To see that (6.4) holds,
let f be the probability density function of (X, X3) and note that v/(x) is the marginal
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density of both X; and X,. Then for any hq, ho € R we have that

d d (Mo
%P(Xl S hl,XQ S h2) = %LOO . f(xhl‘g)dl‘g dﬂ?l
hi1
= f(l‘l, hg) dl‘l = P(X1 S hl | X2 = hg) . I/(/)(hg)

Differentiating with respect to h; in the same way and then setting h; = hy = 0, it follows
that

V00.(0) = 15(0) (P(X1 <0 | X2 =0) + P(X2 < 0] X1 =0)).

By symmetry, the two summands are each equal to 1/2, and hence 1/,.(0) = ¥/(0) as
desired. The other equalities follow by an analogous argument.

Step 2. To obtain (6.2) from (6.3), note first that by an analogous argument as above,
one obtains in general that

Vhoo(0)
v4(0)

Using basic facts about Gaussian vectors, one has that (X2, X3) | X; = 0 is a Gaussian
vector with correlation

= P(X2,X5<0| X1 =0)+P(X1,X3<0]| Xy =0)+P(X1,X5 <0| X3 =0).

a23 — 12013

V(1 —a,) (1 —ats)

Using (4.4), it follows that

arccos | ——2itdadis
(1-a?y)(1—aiy)

1
2 2

P(X;<0,X3<0] X =0) =

and hence, by symmetry, we obtain

arccos | —=23-212813__ ) | arccos | ——322228 | | arccos | —A2 21892
A% (171112)(171113) (17a12)(17a23) Vv (1*‘113)(1*“23)

2w

1/600(0) _
v5(0)

N | o

Now recall that for any «, 8 € [—1, 1] we have that

arccos(af — /(1 — a?)(1 — §?)) ifa+p>0

21 — arccos(af — /(1 —a?)(1 - B2)) ifa+ 8 <0.

and hence if o, 8 € [-1,1] satisfies a + 8 > 0 and a8 — V1 — a24/1 — 2 + v < 0, then

arccos a + arccos 8 = {

arccos a—+arccos S+arccos vy

= 2r—arccos (afy —ay/(T=F2) (1= 072) — /(1= (1) —/(T=a?) (1= 37) ).

Now let
J— a23—a3120a13
(17a%2)(17a§3)

a13—0a12023

V(1=ai;)(1-a3,)

a12—013023

1T J—aty)(1—ay)
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Using that as A is positive definite, then ais < ajzass + /(1 — a?3)(1 — a3,), it follows
that we indeed have that o + 5 > 0. Moreover, with some work, one verifies that

—det A
af—V1—a2\/1- B2+~ = <0
(14 a12)/1—a3y\/1— a3,

and that

afy —a/(1=32)(1—72) = BV(1 — a?)(1 —12) — /(1 —a?)(1 - 3?)
B det A _
a [Tic; (1 +ai;)

This implies in particular that

Yooo(0) 3 arccosa + arccos 3 4 arccos y
vy (0) 2 21
3 21 — arccos (7Hi<(j'e(t1f’aij) — 1)
2 2
det A _
_ 1 . arccos (HKJ_(H%) 1)
2 2m
Combining this with (4.8) and (6.3), the desired conclusion follows. O

Remark 6.2. For the first part of the proof, one can also apply Theorem 1.7 in [7], but
since this does not significantly shorten the proof, we find the current proof more clear.

We now apply Theorem 6.1 to a few examples.

Corollary 6.3. Let a € (0,1) and let X := (X1, X5, X3) be a standard Gaussian vector
with Cov(X1, Xs) = Cov(X1, X3) = Cov(Xs, X3) = a. Then X" is a color process for all
sufficiently small h.

Proof. Note first that by using Theorem 6.1, after a computation, we obtain

2
2 arccos<7a(a —6a—3) )

. (1+a)3
limp, 50 q1,2,3(h) =2 — ™
arccos(m
: __ arccosa __ (+ta)
limp, 0 qi2,3(h) = 2S5 — 1 4 —
arccos(m
. 7 3 s (1+a)3
limp, 0 qi23(h) = 2 — =272 — ~ .

It suffices to show that the above limits are positive. Since arccosz € (0,7) for all
x € (—1,1) and arccosz is strictly decreasing in z, it follows that the first of these is
strictly positive whenever

a(a® — 6a — 3)

(14 a)3

By rearranging, one easily sees this to be true whenever a € (0,1). Next, since 7 —
arccos ¢ = arccos(—z) for all z € (0,1) it follows that the second limit is strictly positive
whenever

—1.

2 — 6a — —a(l—a)(2 2
a+a(a a—3) —a(l—a) +5a+a)<0.
(14 a)3 (1+4a)3
which clearly holds for all @ € (0,1). To see that X" has a color representation for all
sufficiently small h > 0, it thus only remains to show that lim,_,0 g123(h) > 0. To this end,

first note that this is equivalent to that

2 _ _
3 arccos a + arccos M < 2.
(1+a)3
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It is easy to verify that we get equality when a = 0, and hence it would be enough to
show that the left hand side is strictly decreasing in a. If we differentiate the left hand
side one we obtain, after a detailed computation, that
3 _ 3
(1+a)V14+2a +1—a?

which is clearly negative for all a € (0,1). From this the desired conclusion follows. O

Corollary 6.4. Let a € (0,1) and let X := (X1, X5, X3) be a standard Gaussian vector
with Cov(X1, X2) = Cov(Xs, X3) = a and Cov(Xy, X3) = a®. Then X" is a color process
for all sufficiently small h.

Remark 6.5. With X = (X, X3, X3) defined as a above, X is a Markov chain.

Proof of Corollary 6.4. Note first that by using Theorem 6.1, after a computation, we
obtain
2 arccos (11%)

limp—0 g1,2,3(h) =2 — E

limy, 0 qioa(h) = 2ecosa® 4 %

v (1) = 2assesacmscona? ¢ ()
limy,—0 q1,23(h) = arccﬂﬁ —1+ arccosgrﬂ%)

limy,_,q q123(h) —92_ 2arccosa;rarccoSa2 _ arccoggﬁlj)

It suffices to show that the above limits are positive. By using the fact that m — arccosx =
arccos(—x) for all € (—1,1) and the fact that arccosine is a strictly decreasing function,
one easily verifies that the first, second and fourth of these are strictly positive for all
a € (0,1). To see that the third limit is strictly positive for a € (0, 1), we differentiate this
limit with respect to a to obtain

2

(aV1+a2+vV1—a?—(1+a ))'(1+a?)—1\/—7a?'

This expression can be equal to zero if and only if

a\/1+a2+\/1—a2:1—|—a2.

Squaring both sides and simplifying, we see that this is equivalent to that

V1—at=a

which in turn is equivalent to that
1—a®>—a*=0.

This equation clearly has exactly one solution in (0,1). Hence in particular, there can
be only one maxima or minima in (0,1). Since limj_,o¢13,2(k)(a) is continuous in a
for all a € [0,1], limp,—0 q13,2(R)(0) = limp,—0 ¢13,2(R)(1) = 0 and one easily verifies that
limy,_,o Q13,2(h) (05) > 0 it follows that lim,_,q qlgyg(h) (a) >0foralla e (0, ].)

Finally, one easily verifies that the derivative of lim;,_,¢ ¢123(h)(a) with respect to a is
given by

2

(1+a?)v1—a?
which has no zeros in (0,1). Since limy_0qi235(h)(0) = 0, limp_,0 q123(h)(1) = 1 and
limy, 0 g123(h)(a) is continuous in a, it must be strictly increasing in « in (0, 1), and hence
it follows that lim,_.0 g123(h)(a) > 0 for all a € (0, 1). O

(av1+a2+(1+a?) —+v1-a?)-
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6.2 h large
Before proving Theorem 1.6, we start off by giving some interesting applications of it.

Corollary 6.6. For each case below, there is at least one Gaussian vector X with non-
negative correlations which satisfies it.

(i) X" has a color representation for all sufficiently large h and for all sufficiently small
h > 0.

(ii) X" has no color representation for any sufficiently large h nor for any sufficiently
small h > 0.

(iii) X" has a color representation for all sufficiently large h but not for any sufficiently
small h > 0.

(iv) X" has a color representation for all sufficiently small h but not for any sufficiently
large h.

In particular, the property of X" being a color process for a fixed X is not monotone in h
(in either direction) for h > 0.

Proof.

(i) Of course one can take an i.i.d. process here. A more interesting example is as
follows. Let X be a three-dimensional standard Gaussian vector with Cov(X;, X3) =
Cov(X1,X3) = Cov(Xa,X3) = a € (0,1). By combining Corollary 6.3 and Theo-
rem 1.6(i), it follows that X" has a color representation for both sufficiently small
and sufficiently large h > 0.

(ii) Let X be a three-dimensional Gaussian vector with Cov(X;, X5)=0.05, Cov(X1, X3)=
Cov(Xs, X3) =0.6825. One can verify that this corresponds to a positive definite
covariance matrix. Using Theorem 6.1, one verifies that limj_. ¢12,3(h) ~ —0.05
and hence X" does not have a color representation for any sufficiently small A.
Using Theorem 1.6, it follows that X" does not either have a color representation
for large h.

(iii) Let X be a three-dimensional standard Gaussian vector with Cov(X;, X5) = 0.1,
Cov(X1,X3) = Cov(Xs, X3) = 0.5. One can verify that this corresponds to a positive
definite covariance matrix. Now by Theorem 6.1, the limit lim;,_0 ¢12,3(h) ~ —0.016
and hence X" does not have a color representation for any sufficiently small
h > 0. Next, since the Savage condition (1.2) holds, we have that X " has a color
representation for all sufficiently large h by Theorem 1.6.

(iv) This follows immediately from Theorem 4.8. O

Example 6.7. It is illuminating to look at the subset of the set of three-dimensional
standard Gaussians for which at least two of the covariances are equal. So, we let
Xaop = (X1, X2, X3) be a standard Gaussian vector with covariance matrix

1 a a
A=1a 1 b
a b 1

for some a,b € (0,1). One can verify that A is positive definite exactly when 2a? < 1 + b.
Applying Theorem 1.6, one can check that X !f,b is a color process for all sufficiently large
h if and only if either 2a — 1 < b or (2a — 1)2 < b (note both of these inequalities imply
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that 242 < 1 + b). Cases (i) and (ii) correspond to the first inequality holding and Case
(iii) corresponds to the first inequality failing and the second inequality holding. For a
fixed h, the set of parameters which yield a color process for threshold h is a closed set.
However the set of parameters which yield a color process for sufficiently large A is not
a closed set; for example, a = .1 and b = ¢ belongs to this set for every ¢ > 0 but not for
e=0.

In Figure 4, we first draw the regions corresponding to the various cases in Theo-
rem 1.6 and the region corresponding to having a positive definite covariance matrix. In
the second picture, we superimpose the region corresponding to all choices of ¢ and b
for which X, 5 , has a color representation for all » which are sufficiently close to zero.
Interestingly, this figure suggests that if X ['Iib is a color process for h close to zero, then
X ;ﬁb is also a color process for h sufficiently large. Moreover, the region corresponding to
the set of @ and b for which X g’b has a color representation for h close to zero intersects
both the regions corresponding to Cases (i) and (iii).

1.0 1.0
0.8
0.6
04

04

0.2

0.0 — n PRI n FR— L F— n T— " P " " P 0.0
0.0 0.2 0.4 06 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0

Case (i) [ Case (jii) Case (i) [ Case (jii)
Positive definite covariance matrix " Discrete Gaussian free fields Positive definite covariance matrix "1 Discrete Gaussian free fields

Color process for small h

Figure 4: The figure to the left shows, for Example 6.7, the different cases in Theorem 1.6.
A is positive definite in the blue region and to its left, Case (iii) is the green region,
Case (i) is the red region and to its left and the set of DGFFs is the orange region. Case
(ii) corresponds to the straight line b = 2a — 1. The boundary of the orange region,
which is the line b = a2, corresponds to the family of standard Gaussian Markov chains.
The boundary between the green and blue regions is the right half of the parabola
b = (2a — 1)2. Finally the two black points correspond to the two examples given in the
proof of (ii) and (iii) of Corollary 6.6. The picture to the right is the same except with
the region where there is a color representation for h sufficiently close to zero being
superimposed.

We now proceed with the proof of Theorem 1.6.

Lemma 6.8. Let X = (X, Xs) be a fully supported standard Gaussian vector with
covariance matrix A = (a;;). Then vy1(h) < v1(h) and if a1z > 0, then v (h)? < v11(h).

Proof. We have that 17A~! = ((1+a12)"', (1 +a12)~!) > 0 and hence Lemma 5.10

implies that
h? 2
v11(h) < h™2 - exp (— ) .

2 1+ a2
Since pi(h) < k™' - exp (—h?/2), p1(h)* < h™2 - exp (—h?) and a;» < 1 by the fully
supported assumption, the result easily follows. O
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Lemma 6.9. Let X be a fully supported 3-dimensional standard Gaussian vector with
covariance matrix A = (a;;). If a;; € [0,1) for all i < j, then

vi(h) max({r11.(h),v1.1(h), v.11(h)})
< min({r11.(h),v1.1(h), v.a1(h)}).

Proof. Fori < j, let A;; be the covariance matrix of (X;, X;). Then
1TA;j1 = ((1 + aij)_l, (1 + aij)_l) > 0

and hence Lemma 5.10 implies that

(h) < h™2 U 2 (6.5)
V1 {i,j = - eX —_—— .
1{i.3} p 2 1+ i
and so
(h) (h) <h™3.e U 1+ 2 (6.6)
14 V1 {i,j = - eX _—— . .
1 1{i.4} p 9 1+ a;
In particular, this implies that the desired conclusion follows if we can show that
<1 i .

However, since a;; € [0, 1) for all ¢ < j we have that

max <2<1+min O

i<j 1 + a;j i<j 1+ ay;

Lemma 6.10. Let X be a fully supported 3-dimensional standard Gaussian vector with
covariance matrix A = (a;;). If 17 A=! > 0 and at most one of the covariances a;; is
equal to zero, then

vi(h) max({v11.(h), v1.1(h),v.11(h)}) < vi11(h)

(6.7)
< min({r11.(h),v1.1(h),v.a1(h)}).

Proof. We first show that the second of the two inequalities holds. First, since 1”7A~! > 0
by assumption, we have that

2
viin(h) < h™2 exp <h2 : 1TA11> . (6.8)

Since
v111(h) < min({r11.(h), v1.1(h), v.11(h)}),

(6.5) implies
14711 >

1+ ayy

for all i < j. However since h~3 < h~2, it follows that we then must have that
Vlll(h) < min({yll.(h), Vl.l(h), I/.ll(h)}).

This shows that the second inequality in (6.7) holds.
Next, to show that the first of the two inequalities in (6.7) holds, we will show that

1TA "1 <1+

6.9
1+ ayy (6-9)
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for all 7 < j, since if this holds, then (6.6) and (6.8) immediately imply the desired
conclusion. To this end, using (1.1), one first verifies thatlT” A= > 0 is equivalent to

+2mina >Zau (6.10)
1<J
Similarly, (6.9) can be shown to be equivalent to
2

(1+r£13jx{aij})n(1—aij) <1—Zaij+2Haij. (6.11)

1< 1<J 1<J
If a;; = 0 for exactly one of the covariances, then one easily verifies that (6.11) holds
when (6.10) holds. Now instead assume that a;; > 0 for all 7 > j. If we think of a;2 > 0 as
being fixed, then (6.11) holds for all a;3 and ao3 in the interior of the ellipse E given by

(1 —af)(1 —2)(1 —y) =1 —af, —a® —y* + 2a100y, 2,y €R.

One verifies that the boundary of E passes through the origin and the points (0,1 — a?,),
(1 —a2,,0), (a12,1) and (1, a2). Since we are assuming the Savage condition (1.2), any
possible a13) and as3) under consideration necessarily lies in the region R given by

14+ 2min({a12,z,y}) > a2 +x +y, z,y>0.

Hence we need only show that R C E. (See Figure 5.) To see this containment, note that

Figure 5: The image above shows the situation in the proof of Lemma 6.10, where we
are interested in whether a region R is contained inside a given ellipse E.

R is a polygon with vertices given by (0,0), (0,1 — aj2), (1 — a12,0), (1,a;12) and (a12,1).
We already know that the first, fourth and fifth of these vertices lie on the boundary of £
while one easily checks that the other two lie inside E. Since E is convex, and R is a
polygon, it follows that R C FE. O

We are now ready to give the proof of Theorem 1.6. We remark that in the proof, Case
1 and Case 2 can alternatively be proven, using the lemmas in this section, by appealing
to Lemma 5.6.
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Proof of Theorem 1.6. For each h > 0, let (¢, (h))s,en, be given by (6.1). Using inclusion-
exclusion, we see that for any & > 0 we have that

V1(h) — (l/‘u(h) + V1‘1(h) + 1/11‘(h)) + 21/111(]1)

q1,2,3(h) = vo(h)v1(h) (vo(R) — 1 (h)) ’
tuaalh) = (1 = 2v1(h))vir.(h) + vi(h) (va1(R) + via(R) + v11.(R)) — vi(h)? — vi11(R)
12,3 vo(h)vi(h)(vo(h) — vi(h))
and

gas(h) = 2v1(h)? + vi(h) — vi(h) (a1 (h) +v1a(h) + vi1.(h)
vo(h)vi(h)(vo(h) — vi(h))

This implies that there is a color representation for large h if and only if for all large h

we have that

I/.ll(h) + 1/1.1(h) + Vll.(h) § Vl(h) + 21/111(h), (612)
Vlll(h) + I/l(h)2 § lll(h)(l/.ll(h) + V1.1<h) + Vll.(h)) (6 13)
+ (1 = 203 (W) min({v11.(), v (), a1 (B)}) '

and
Vl(h)(y.u(h) + Vl.l(h) + Vll.(h)) < l/111(h) + 2V1(h)3. (6.14)

We will check when (6.12), (6.13) and (6.14) hold for large h by comparing the decay
rate of the various tails.

Before we do this, note that by (1.1), one has that 17A71(1) < 0 exactly when
1+ ags < aiz + ai3. If this holds, then clearly a3 = min,;<;(a;;) and hence v.;;(h) =

min({r11.(h), v1.1(h), v.11(h)}).
Without loss of generality, we assume that 0 < as3 < a13 < aq2 and that a15 > 0, since
the case a13 = a13 = a93 = 0 is trivial. Note that this assumption implies by (1.1) that

1A71(1) <1471(2) <1471(3)

with the largest two terms being positive.
We now claim that (6.12) holds for all sufficiently large h, without making any
additional assumptions on A. To see this, note that Lemma 6.8 implies that

V.ll(h) + Vl.l(h) + V11.(h) S 3V11.(h) < lll(h) S Vl(h) + 21/111(h)

and hence (6.12) holds for all large h.
We now divide into four cases.

Case 1. Assumethat 17 A71(1) > 0 and as3 > 0. We will show that both (6.13) and (6.14)
hold in this case without any further assumptions. To this end, note first that since
ass > 0, Lemma 6.8 implies that v;(h)?> < v.11(h). Moreover, since 17471(1) =
min, ez 17 A7 (i) > 0 implies that 17 A~ > 0, Lemma 6.10 gives
I/l(h) max({un.(h), l/l,l(h)7 I/.ll(h)}) < Vlll(h)

< min({uu.(h), Vl.l(h), 1/411(h)}).

Combining these observations, we obtain
v (h) +v1(h)? < van(h) ~ (1= 2v1(h))v.ar(h)
< vi(h)(vai(h) +via(h) + vir.(h))

+ (1 — 2V1(h)) min({yu. (h), V1.1(h), V.ll(h)})

and hence (6.13) holds. Similarly, we obtain
lll(h)(V.ll(h) + Vl.l(h) + Vll.(h)) < Vlll(h) < 1/111(]1) + 21/1(h)3.

establishing (6.14). This concludes the proof of (i).
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Case 2. Assume that 17A~1(1) = 0 and a3 > 0. We will show that (6.13) and (6.14)
both hold in this case. To this end, note first that since 17 A~1(1) = 0, Lemma 5.10 implies
that 111 (h) ~ v.11(h)/2 and, since az3 > 0, Lemma 6.8 implies that v.11(h) > v;(h)?. This
implies in particular that

1/111(}7,) + Vl(h)Q ~ l/.11(h)/2 + V1(h)2 ~ V.ll(h)/2

~ %(1 —2v1(h))v.a1(h)

1 .
= 5 (1 = 2v(h)) min({r11.(h), 11 (h), va1(h)})
and hence (6.13) holds for all sufficiently large h. Next, using Lemma 6.9, we obtain

vi(h)(va1(h) +via(h) + v (b)) < vai(h)/2 ~ viia(h)

and hence (6.14) holds for all sufficiently large h in this case. This finishes the proof of
(ii).

Case 3. Assume that 17A~!(1) < 0. By Lemma 5.10, we have that v111(h) ~ v.11(h).
Using this, one easily checks that (6.14) holds by the same argument as in Case 2, and
hence it remains only to check when (6.13) holds. To this end, note first that if we use
the assumption that as3 < a13 < a1, then (6.13) is equivalent to

V1(h)2 + V1(h)(V.11(h) — Vl-l(h> — V11.<h)) < V()ll(h). (6.15)
Since a;; < 1 forall i < j, Lemma 6.8 implies that
v1(h)? + vi(h)(var(h) — via(h) — vin.(h)) ~ (k).

Therefore, by Lemma 5.10, we see that if 17 A='1 < 2 holds, then vg11(h) > vy (h)?
yielding (6.15). On the other hand, if 17 A~'1 > 2 holds, then 11 (h) < v1(h)? in which
case (6.15) fails.

Case 4 Assume now that ass = 0, i.e. that X, and X3 are independent. Note that if
a13 = agz = 0, then there is a color representation by Proposition 5.1, and hence we can
assume that a;3 > 0. Now note that since X, and X3 are independent by assumption, if
X" has a color representation (g, (h)) for some h, it must satisfy q1 23(h) = qi23(h) = 0.
Using the general formula for these expressions, we obtain that

vin(h) + vi(h)? = va(h)(var (k) + via(h) + vir.(h))
+ (1= 2 (h))vas (B)
and
v1(R)(va1(h) 4+ vii(h) + vi1.(h)) = vir1(h) + 2v1 (h)3.

Using that v.11(h) = v1(h)? by assumption, we see that these equations are both equiva-
lent to that
1/111(]7,) “+ 11 (h)3 = Ul(h)(l/l.l(h) + U11.(h)). (6.16)

We will show that (6.16) does not hold for any large h. To this end, note first that if
17A~' > 0 and a19,a13 > 0, then by Lemma 6.10 we have that

Vlll(h) —+ Vl(h,)?’ ~ Vlll(h) > I/l(h)(l/l.l(h) + Vll.(h))
and hence (6.16) cannot hold, implying that there can be no color representation for any

large h in this case.
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Next, if 17 A=1(1) = 0, then using Lemma 5.10 we get that
Vlll(h) + I/1(h)3 ~ V.ll(h)/2 + lll(h)g = (h)2/2 + I/1(h)3 ~ Vl(h)2/2.
Using Lemma 6.8 and the assumption that a1, a13 < 1, it follows that
vi(h)? > vi(h)(v1a(h) + vi.(R))
and hence (6.16) cannot hold, implying that there can be no color representation for any
large h in this case.
Finally, if 17A71(1) < 0 then we can use Case 3. Observing that if a3 = 0, then

det A > 0 implies that a?, + a?; < 1, we have that

2(1 — a12)(1 — 0,13)

1A 1<2e1+ > 5 <2
1 —aj, —ais
<~ (1 — a1z — a13)2 <0
implying in particular that there can be no color representation. O

7 Large threshold results for stable vectors with emphasis on the
n = 3 case
7.1 Two-dimensional stable vectors and nonnegative correlations

In this subsection, we give a proof of Proposition 1.7.

Proof of Proposition 1.7. We may stick to h > 0 throughout. Since for n = 2, being a color
process is trivially equivalent to having nonnegative correlations, we can immediately
replace (ii) by X 0 has nonnegative correlations and (iii) by X h has nonnegative correla-
tions for all h. It is elementary to check that X and X/ have nonnegative correlation if
and only if

P((1 —a®*)Y28y > alSy| + h) > P(S; > h)?. (7.1)
When h = 0 and a = 2~ '/®, we have that
P((1 —a®)Y?Sy > a|Si| +h) = P(Sy > |S1]) = 1/4
and
P(S, > h)*> =1/4.

Hence we get equality in (7.1) in this case. Now note that the left hand side of (7.1) is
strictly decreasing in a. This implies that when h = 0, we get nonnegative correlations if
and only if ¢ < 9-1/a establishing the equivalence of (i) and (ii).

We now show that (ii) implies (iii). To see this, note first that since the left hand side
of (7.1) is strictly decreasing in a, it suffices to show that (7.1) holds for all » > 0 when
a = 271/%_ To this end, note first that in this case, we have that

P((1—a®)Y*8y > a|Sy| + h) = P(Sy > |S1| + h2Y/<).
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Now observe that

2P(Sy > Sy 4 h2'/*, Sy > h2l/®)

= 2P(Sy > S1 4 h2Y/, Sy > h2'/* S < 0)
+2P(Sy > Sy + h2Y/, Sy > h2Y/*, S > 0)

= 2P(Sy > h2Y/* S < 0)
+2P(Ss > |S1| + h2'/®, 51 > 0)

= 2P(Sy > h2Y*)P(S; < 0)
+2P(S2 > |S1] + h2"/*) P(S1 > 0)

= P(Sy > h2'/%) + P(Sy > |S1| + h2'/)

and that

P(S; > h) = P(Sy + 81 > h2'/)
= P(Sy 4 Sy > h2'/*, S) > h2/®)
+ P(Sy + S > h2V/ Sy > h2l/®)
— P(S3 4 81 > h2Y/, 8y > h2'/* Sy > h2l/®)
= 2P(Sy + 81 > h2'/® Sy > h2l/®) — P(S; > h2'/)?,

Putting these observations together, we obtain
P(Sz > |Si| + h2'/®)
= 2P(Sy > 81 4 h2Y/®, 8y > h2l/®) — P(Sy > h2/%)
= P(S; > h) + P(S; > h2Y/%)2 — P(Sy > h2'/®).
In particular, we get nonnegative correlations if and only if
P(S; > h) + P(S) > h2Y*)2 — P(Sy > h2Y/*) > P(S; > h)2.
Rearranging, we see that this is equivalent to
P(S1 > h) — P(S1 > h)? > P(Sy > h2Y/*) — P(S; > h2/®)?

which will hold for all h > 0 since P(S; > h) — P(S; > h)? is decreasing in h for all A > 0.
This establishes (iii). O

7.2 hlarge and a phase transition in the stability exponent

In this subsection we will look at what happens when X is a symmetric multivariate
stable random variable with index a < 2 and marginals S,(1,0,0), and the threshold
h > 0 is large. The fact that stable distributions have fat tails for a < 2 will result
in behavior that is radically different from the Gaussian case. We will obtain various
results, perhaps the most interesting being a phase transition in « at « = 1/2; this is
Theorem 1.9.

Proof sketch of Theorem 1.8. We show that the assumptions of Lemma 5.6 hold. First
Theorem 1.1 in [6], with k¥ = 1, implies that (5.2) holds. Next, a computation using the
same theorem shows that the last condition in Lemma 5.6 holds if (1.3) holds. O

We will now apply Theorem 1.1 in [6] to a stable version of a Markov chain.
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Corollary 7.1. Let « € (0,2) and let Sy, S; and S5 be i.i.d. with S; ~ S,(1,0,0). Further-
more, let a € (0,1) and define X; := S; and X, and X3 by

X, =aX;_1+ (1 —a®"?s;, i=23.

Then X" is a color process for all sufficiently large h.
Remark 7.2. The random vector X defined by this corollary is a stable Markov chain.
We have already seen a Gaussian analogoue of this result.

Proof of Corollary 7.1. Clearly (X, X2, X3) is a three-dimensional symmetric a-stable
random vector whose marginals are S,(1,0,0). If we let A be given by

1 0 0
a (1—a®)/e 0
a2 a(l _ aa)l/a (1 _ aa)l/a
then
X1 S
Xo | =A-| 5
X3 S3

It follows that for each x € supp(A), exactly one of +(2A(x))"/*x is a column in A.
Moreover, each column of A corresponds to a pair of points in the support of A in this
way. To simplify notation, for x € supp(A) we write x := (2A(x))'/*x. Using Theorem 1.1
in [6] with n = 3 and k£ = 1, one easily verifies that this implies that

tim 2 _
h— o0 Vl(h)

oo
/ I(s1%1>1)- as;(Ha) dsy
x1 Esupp(A) 0

= / asl_(l'm) ds; = a®®
and similarly that

lim vio(h)
h— o0 Vl(h)

lim Y00(h)
h—o0 Vl(h)

. vo11(h) _ a1 .«
Wy U

. wiolh) o a0

hILH;O ) =(1—-a%) (7.2)
tim Z001(1)
h—o0 Vl(h)
. vio1(h)
hh—>ngo Vl(h)

=a*(1—a%)

(03

=1—a

Combining this with (6.1) we obtain

limp o0 q123(h) = (1 —a%)?
limp, o0 q12,3(h) = a®(l —a®)
limp oo iz 2(h) =

limp, 00 q1,23(h) = a®(1 —a®)

limy o0 qr23(h) = a®*.
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From this it follows that X" has a color representation for all sufficiently large h if
q13,2(h) is non-negative for large h. By (6.1), ¢13.2(h) is given by

vo(R)v101(h) — v1(h)ro10(h)

vi(h)vo(h)(vo(h) —vi(h)) -

Here the denominator is strictly positive for all » > 0, and we know from (7.2) that
vo10(h) = (1 — a®)?v1(h) + o(v1(h)). Hence it is sufficient to show that

Vio1 (h)
h—ro0 I/1(h)2

qi3,2(h) =

> (1—a%)%

To see this, we again apply Theorem 1.1 in [6] to obtain

V101(h)
h—oo /] (h)2

1 B A T X
=3 Z / / I(s1% (1) + s2%a(1) > 1,
o Jo
X1,%2€supp(A) 51%1(2) + s2%2(2) < 1,

$1%1(3) + s2%2(3) > 1) a2s;(1+a)s;(l+a) dss dsy

R B 1 1 —a%s 9 —(14+a) —(14a)
/0 /0 I(a_ > 51 > 1, 82>(1_aa)1/a> a’s; Sq dso dsq

a1
=(1- a(’)/ (1-a%s) " asy T dg,
1
a1
> (1-— a(’)/ ozsf(Ha) ds; = (1 —a®)?
1
which is the desired conclusion. O

We can now prove Theorem 1.9 which is a stable version of the example in the proof
of (i) of Corollary 6.6.

Proof of Theorem 1.9. We start a little more generally. Let « € (0,2) and let Sy, 51, ...,
Sy, be ii.d. with Sy ~ S,(1,0,0). Furthermore, let a € (0,1) and fori=1,2,...,n, define
Xi = CI,S() + (1 - Cla)l/aSi.

Note first that for any n > 1, (X1, Xa,...,X,) is clearly an n-dimensional symmetric
a-stable random vector whose marginals have distribution S, (1,0,0). Moreover, for any
n > 2, if we let A be the n x (n + 1) matrix defined by

a ifj =1
Al j) =< (1 —aV> ifj=i+1
0 otherwise

then . -
(X1yees Xn) = A (S0, 81,...,80) "

It follows that for each x € supp(A), exactly one of +(2A(x))'/*x is a column in A.
Moreover, each column of A corresponds to a pair of points in the support of A in this
way. To simplify notation, for x € supp(A) we write x := (2A(x))'/*x. Using Theorem 1.1
in [6], one easily verifies that it follows that

vin(h o _
hlim ! (h) = / I(s1%1>1)-as; (L+a) dsy
— 00 Vl( ) x1€supp(A) 0 (7.3)
o0
= / I(as1 > 1) ~as;(1+a) ds; = a®.
0
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Returning to the case n = 3, let, for h > 0, (qlgg(h), qlg73(h), Q1372(h), ql723(h)7 Q17273(h)) be
given by (6.1). Then, symmetry and inclusion-exclusion, we have that

q1,23(h) = vioo(h) — vou1(h) _ vi(h) —3vi1.(h) + 2v111(h)
2, vo(h)vi(h)(vo(h) — vi(h)) vo(h)vi(h)(vo(h) — vi(h))

and hence limj,_,o g1 2,3(h) = 1 — a®. Similarly, one sees that

lim Q12,3(h) = lim qlgyg(h) = lim qlﬂgg(h) =0
h— o0 h—o00 h—o00

and hence limy_, o g123(h) = a®. Since the solution is permutation invariant, it follows
that we have a color representation for all sufficiently large h if and only if ;2 3(h) > 0
for all sufficiently large h. To see when this happens, note first that by symmetry,
V101 + Yo10 = Vo11 + Yo10 = Vo1. and hence, using (6.1), it follows that

q12,3(h) = vo(h)viso(h) — va(h)voor () _ vi1o(h) — vi(h)voi.(h)
) I/o(h)l/l(h)(l/o(h) - I/l(h)) Vo(h)l/l(h)(l/o(h) — Vl(h))-

The denominator is strictly positive for all large h and by (7.3) we have that
l/(]l.(h) = Vl(h) — I/11.(h) = Vl(h)(]. — aa) + O(Vl(h)).

The question is now how limy, o v119(h)/v1(h)? compares with 1 — a®. Using Proposition
4.9 in [6], it follows that

vior(h) {(1 —a®)? +a®(1 —a®) LR 4 € (0,1)

T'(1+a)
00 else.

li =
hinolo 141 (h)2

From this it immediately follows that X" has a color representation for all sufficiently
large hif o € [1,2). When « € (0, 1), then X" has a color representation for all sufficiently
large h if
al'(2a)T(1 — «)
I'(l+a)
and has no color representation for any large h if
al'(2a)T(1 — «)
W

This expression is strictly positive for all « € (0,1) and equal to 1 if & = 1/2. Furthermore,
it is equal to
ol 2a)T(1—a) T(2a)T(1-«a)

2a—1 1 1
rita)  Ma) ° F(O‘+2>F<1_O‘)'ﬁ

where the last equality follows by using the Legendre Duplication Formula (see [1],
6.1.18, p. 256). We claim that this expression is strictly increasing in a. If we can show
this, the conclusion of the theorem will follow since we get equality at « = 1/2. To see
this, recall first that IV («) = I'(a)¥(«), where v is the so-called digamma function. It
follows that the derivative of the expression above is equal to

22a1r(a+;)r(1—a).;? <2log2+¢(a+;) —1/)(1—@)).

Since the first term is equal to our original integral, it is clearly strictly larger than zero.
Moreover, an integral representation of ¢) given in [1] (see 6.3.21, p. 259) implies that
¥ (x) is strictly increasing in = for x > 0. It follows that the second term is strictly larger
than

>1

<1

2log2 4+ (1/2) — ¢ (1).
Using the values of the digamma function at 1/2 and 1 (see [1], 6.3.2 and 6.3.3, p. 258),
this last expression is 0. This finishes the proof. O

EJP 25 (2020), paper 54. http://www.imstat.org/ejp/
Page 43/45


https://doi.org/10.1214/20-EJP459
http://www.imstat.org/ejp/

Divide and color representations for threshold Gaussian and stable vectors

We next give the proof of Theorem 1.10.

Proof of Theorem 1.10. Clearly (X1, X5, X3) is a three-dimensional symmetric a-stable
random vector whose marginals are S, (1,0,0).
If we define ¢ = c(a, a,b) == (1 — 2a® — 2b®)'/* and let A be given by

a b 0 b a 0 c
00 a b 0 b a c
b 0 a a 0 b c
then
X1
Xy | = A-(S1, S2, S5, Sa, S5, Sg, S7)"
X3

It follows that for each x € supp(A), exactly one of +(2A(x))"/*x is a column in A.
Moreover, each column of A corresponds to a pair of points in the support of A in this
way. To simplify notation, for x € supp(A) we write x := (2A(x))'/*x. Using Theorem 1.1
in [6], we get that

vii1(h)

. B > . —(14a)
hl;rr;o ) Z /0 I(s1%3>1)-as; dsq

x1 Esupp(A) (7.4)
= / I(esy > 1) -ozsl_(H_a) ds; =c* =1—2a" — 2b%.
0

Similarly, we obtain

han;o V:(zg;) = 2/000 I(s1 - min({a,b}) > 1) ~asf(1+a) dsi (7.5)
= 2min({a,b})".
Using (6.1), it follows that
limp o0 q123(R) = 1 — 20 — 2b*
limp, 0 q12,3(h) = 2min({a, b})* (7.6)

[e3%

( ({a,b})
limp 00 ¢13,2(R) = 2min({a, b})®
limy, 00 q1,23(R) = 2min({a, b})

and as q172)3(h) =1- q123(h) — Q12,3(h) — ql3,2(h> — qugg(h) for h € R, we also obtain
hlim q1,2,3(h) =1—(1—2a% —2b%) — 6 min({a, b})* = 2 (max({a, b})* — 2min({a, b})*).
—00

Since a,b € (0,1) and 2a* + 2b* < 1 (as « > ¢1), it follows that all of the limits in (7.6) lie
in (0,1) for any « € (0,1).

Let g(a) = max({a,b})® — 2min({a,b})* for @ € (0,00). If a = b, then ¢o = oo and
g(a) = max({a,b})* — 2min({a, b})“ is negative for all « and the claim holds. If a # b,
then it is easy to check that ¢, is the unique zero of g(«) on (0, c0) and that ¢ is negative
(positive) to the left (right) of c,. This immediately leads to all of the claims. O

References

[1] Abramowitz, M. and Irene A. Stegun, I. A.: Handbook of mathematical functions with formulas,
graphs, and mathematical tables, National Bureau of Standards Applied Mathematics Series,
55 (1970).

EJP 25 (2020), paper 54. http://www.imstat.org/ejp/
Page 44/45


https://doi.org/10.1214/20-EJP459
http://www.imstat.org/ejp/

Divide and color representations for threshold Gaussian and stable vectors

[2] Benjamini, I. and Peres, Y.: Markov chains indexed by trees, Ann. Probab., 22 (1994), no. 1,
219 - 243. MR-1258875
[3] Bjornberg, J. E., Mailler, C., Morters, P. and Ueltschi, D.: Characterising random partitions by
random colouring, Electron. Commun. Probab. 25, (2020), paper no. 4. MR-4053907
[4] Ding, J., Lee, J. R., and Peres, Y.: Cover times, blanket times, and majorizing measures, Ann.
of Math. 175 (2), (2012), no. 3, 1409-1471. MR-2912708
[5] Dai, M. and Mukherjea, A.: Identification of the parameters of a multivariate normal vector by
the distribution of the maximum, J. Teoret. Probab., 14, (2001), no. 1 267-298. MR-1822905
[6] Forsstrom, M. P. and Steif, J. E.: A formula for hidden regular variation behavior for symmetric
stable distributions, arXiv:1910.09813.
[7]1 Forsstrom, M. P. and Steif, J. E.: An analysis of the induced linear operators associated to
divide and color models, J. Theor. Probab., (2020).
[8] Forsstrom, M. P. and Steif, J. E.: A few surprising integrals, Statist. Probab. Lett., 157, (2020),
no. 108635. MR-4015723
[9] Hashorva, E.: Asymptotics and bounds for multivariate Gaussian tails, J. Theoret. Probab.,
18, (2005), no. 1, 79-97. MR-2132272
[10] Lupu, T.: From loop clusters and random interlacement to the free field, Ann. Probab., 44,
(2016), no. 3., 2117-2146. MR-3502602
[11] Lupu, T. and Werner, W.: A note on Ising random currents, Ising-FK, loop-soups and the
Gaussian free field, Electron. Commun. Probab., 21, (2016), paper no. 13. MR-3485382
[12] Markham, T. L.: Nonnegative matrices whose inverses are M-matrices, Proc. Amer. Math.
Soc., 36, (1972), no. 2, 326-330. MR-0309970
[13] Samorodnitsky, G. and Murad S. Taqqu, M. S.: Stable non-Gaussian random processes,
Stochastic models with infinite variance, Chapman & Hall, New York, (1994). MR-1280932
[14] Sheppard, W.: On the application of the theory of error to cases of normal distribution and
normal correlation, Philosophical Transactions of the Royal Society of London, Series A, Vol.
192, (1899), 101-567.
[15] Steif, J. E. and Johan Tykesson, ]J.: Generalized divide and color models, ALEA Lat. Am. J.
Probab. Math. Stat., 16 (2), (2019), 899-955. MR-3986920

Acknowledgments. We thank Enkelejd Hashorva for providing some references. We
also thank the referees for useful comments both on an earlier version and on the
present version of this paper. We are in particular grateful to one anonymous referee
for providing a simpler proof of Step 3 (v) in the proof of Lemma 5.11. The first author
acknowledges support from the European Research Council, grant no. 682537. The
second author acknowledges the support of the Swedish Research Council, grant no.
2016-03835 and the Knut and Alice Wallenberg Foundation, grant no. 2012.0067.

EJP 25 (2020), paper 54. http://www.imstat.org/ejp/
Page 45/45


http://www.ams.org/mathscinet-getitem?mr=1258875
http://www.ams.org/mathscinet-getitem?mr=4053907
http://www.ams.org/mathscinet-getitem?mr=2912708
http://www.ams.org/mathscinet-getitem?mr=1822905
http://arXiv.org/abs/1910.09813
http://www.ams.org/mathscinet-getitem?mr=4015723
http://www.ams.org/mathscinet-getitem?mr=2132272
http://www.ams.org/mathscinet-getitem?mr=3502602
http://www.ams.org/mathscinet-getitem?mr=3485382
http://www.ams.org/mathscinet-getitem?mr=0309970
http://www.ams.org/mathscinet-getitem?mr=1280932
http://www.ams.org/mathscinet-getitem?mr=3986920
https://doi.org/10.1214/20-EJP459
http://www.imstat.org/ejp/

Electronic Journal of Probability
Electronic Communications in Probability

e Very high standards

e Free for authors, free for readers
e Quick publication (no backlog)
e Secure publication (LOCKSS!)
Easy interface (EJMS?)

Non profit, sponsored by IMS3, BS* | ProjectEuclid®

Purely electronic

Donate to the IMS open access fund® (click here to donate!)

Submit your best articles to EJP-ECP

Choose EJP-ECP over for-profit journals

'LOCKSS: Lots of Copies Keep Stuff Safe http://www.lockss.org/

2EJMS: Electronic Journal Management System http://www.vtex.1lt/en/ejms.html
3IMS: Institute of Mathematical Statistics http://www.imstat.org/

4BS: Bernoulli Society http://www.bernoulli-society.org/

5Project Euclid: https://projecteuclid.org/

6IMS Open Access Fund: http://www.imstat.org/publications/open.htm


http://en.wikipedia.org/wiki/LOCKSS
http://www.vtex.lt/en/ejms.html
http://en.wikipedia.org/wiki/Institute_of_Mathematical_Statistics
http://en.wikipedia.org/wiki/Bernoulli_Society
https://projecteuclid.org/
https://secure.imstat.org/secure/orders/donations.asp
http://www.lockss.org/
http://www.vtex.lt/en/ejms.html
http://www.imstat.org/
http://www.bernoulli-society.org/
https://projecteuclid.org/
http://www.imstat.org/publications/open.htm

	Introduction, notation, summary of results and background
	Introduction
	Notation and some standard assumptions
	Description of results
	Background on symmetric stable vectors

	Stieltjes matrices and discrete Gaussian free fields
	Inverse Stieltjes covariance matrices give rise to color processes for h=0

	An alternative embedding proof for tree-indexed Gaussian Markov chains which extends to the stable case
	The Gaussian case
	The stable case

	A geometric approach to Gaussian vectors
	 The geometric picture of a Gaussian vector
	Gaussian vectors canonically indexed by the circle
	A general obstruction for having a color representation for h =0 
	A four-dimensional Gaussian exhibiting a non-trivial phase transition
	A four-dimensional Gaussian with nonnegative correlations whose zero threshold has no color representation
	 An extension to the stable case

	Results for large thresholds and the discrete Gaussian free field
	An obstruction for large h
	Discrete Gaussian free fields and large thresholds

	General results for small and large thresholds for n=3 in the Gaussian case
	h small
	h large

	Large threshold results for stable vectors with emphasis on the n=3 case
	Two-dimensional stable vectors and nonnegative correlations
	 h large and a phase transition in the stability exponent

	References

