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Realistic stochastic modeling is increasingly requiring the use of 2019

bounded noises. In this work, properties and relationships of com-

monly employed bounded stochastic processes are investigated

within a solid mathematical ground. Four families are object of Bounded noises: stochasti

investigation: the Sine-Wiener (SW), the Doering-Cai-Lin (DCL), the df)un € NOISES; .Stoc, astic
X ! - ifferential equations;

Tsallls—StarloIo—BorIanq (TSB), aqd the Kess.ler—Sorensen (KS) families. strong uniqueness; local

We address mathematical questions on existence and uniqueness of  times; transformations

the processes defined through Stochastic Differential Equations,

which often conceal non-obvious behavior, and we explore the

behavior of the solutions near the boundaries of the state space.

The expression of the time-dependent probability density of the

Sine-Wiener noise is provided in closed form, and a close connection

with the Doering-Cai-Lin noise is shown. Further relationships

among the different families are explored, pathwise and in distribu-

tion. Finally, we illustrate an analogy between the Kessler-Sgrensen

family and Bessel processes, which allows to relate the respective

local times at the boundaries.
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1. Introduction

The dynamics of a number of phenomena of the physical world, especially in biology,
are affected by intrinsic or extrinsic randomness, and in some cases by both. In bio-
physics and mathematical biology, the influence of extrinsic sources of stochasticity in
otherwise deterministic biological systems is frequently taken into account by elementar-
ily perturbing a deterministic system. Namely, the deterministic dynamical system that
is adopted in the absence of the above-mentioned sources is often perturbed by adding
stochastic fluctuations modeled with a Gaussian white noise or a colored Gaussian
perturbation.

This approach frequently allows to make analytical or semi-analytical inferences.
However, it can lead to artifacts, sometimes hidden. To give an example, as stressed in
[1-3], modeling the extrinsic perturbations affecting an antitumor cytotoxic therapy by
means of a white noise can allow the possibility that the therapy adds tumor cells
instead of killing them, as a consequence of the unbounded stochastic fluctuations. The
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unboundedness of the perturbation implies a second more subtle but equally relevant
artifact in the above model: the possibility of an excessive instantaneous killing of tumor
cells.

Another important limitation is the fact that white noise perturbations only apply to
parameters on which a system depends linearly, which severely limits their applicability.
The Ornstein—Uhlenbeck noise is an alternative to white noise which does not require
linear dependence; however, in many cases it is not a correct choice, e.g., see the models
described in [2]. Such examples suggest that, in many applications, Gaussian noises
should not be employed to model the real world randomness, due to their unbounded-
ness. An alternative strategy which is becoming increasingly important [3] consists in
modeling parametric perturbations by bounded noises: these allow to preserve the posi-
tiveness and boundedness of the perturbed parameters and can also be employed to
model the fluctuations on which a system depends nonlinearly.

In the last two decades, a large literature has been devoted to the application of
bounded stochastic processes to many scientific areas. For example: noise-induced tran-
sitions [4], stochastic resonance [5], Kramers problem [6], bifurcation theory [7], para-
metric resonance [8], fractional mechanics [9], nonlinear mechanics [10], chaotic
systems [11], tumor biophysics [2, 12], cell biology [13], ecology [14], environmental
sciences [15], interacting cellular populations [16], delayed systems [17], neurosciences
[18], chemistry [19], and population genetics [20]. However, the best known and oldest
example of bounded stochastic process is probably the dichotomous Markov noise, also
known as telegraph noise [15]. This process is not continuous, thus it is optimally
suited to model stochastic transitions of a system between two or more discrete states,
as in the important case of gene activation/deactivation [21].

In order to realistically model continuous stochastic fluctuations of a parameter, con-
tinuous stochastic processes are needed. The simplest recipe to get a continuous
bounded noise is to apply a continuous bounded function to any continuous stochastic
process. This is the approach used to generate one of most widely employed bounded
noises, the so called Sine-Wiener (SW) noise [22, 23]. Other popular families of
bounded stochastic processes are the Doering-Cai-Lin (DCL) [24, 25], the
Tsallis-Stariolo-Borland (TSB) [4] and the Kessler-Sorensen (KS) [26] families, which
are generated by means of appropriate stochastic differential equations. Given the
above-summarized increasing relevance of bounded stochastic processes, and since the
vast majority of works on these classes of models are of heuristic nature, in the follow-
ing we apply rigorous methods of stochastic analysis to investigate their properties and
to make new analytical inferences of practical interest.

After introducing the above-mentioned families and their main properties (Section
2), in Sections 3 and 4 we investigate the well-posedness of the SDEs defining the TSB
and DCL noises and the boundedness of their solutions, for different values of the rele-
vant parameters. In Section 5, we obtain the analytical expression of the time-dependent
density of the SW noise and hence assess the characteristic autocorrelation time, needed
for the process to be considered stationary in practical applications. Sections 6 and 7
explore similarities and differences among the first three families, both in the strong
(pathwise) and in the weak (in distribution) sense. In the last section, we show that the
KS family can be obtained as a transformation of the DCL family, but that the



relationship is not one-to-one. Uniqueness and boundedness of the SDE can be lost
after the transformation, a fact that shares similarities with the theory of Bessel proc-
esses, as we shall show.

2. Different families of bounded noises

Let us first set the basic notation used throughout. Given a filtered probability space
(Q,F,P,(Ft);»0)> in this article with the term Bounded Noise we denote a real stochas-
tic process X : Q x [0,00) — R of nonzero finite quadratic variation which takes values
on a bounded interval I C R with probability one:

3B>0:P X, <BVYt>0]=1. (1)

For the sake of simplicity, we shall always rescale X so that B=1. Throughout this
work, we will denote by I the closed interval [—1,1] and by I its interior, I = (—1,1).

Remark. We have included the condition on the quadratic variation to identify stochas-
tic processes with a certain, quite canonical, level of roughness, so that it is reasonable
to call them “noise”. However, this definition does not aim to be comprehensive. It is
equally meaningful to call noise other irregular processes with different levels of rough-
ness, for instance bounded processes based on fractional Brownian motion in place of
Brownian motion; in such a case the quadratic variation may be zero or infinite or
could not exist, so the definition requires to be enlarged.

We now introduce different families of bounded noises generated via different meth-
ods, and concisely list their key properties. Proofs are provided in later sections.

2.1. The Sine-Wiener noise

A first simple method to generate a bounded noise X is to apply a bounded deterministic
function f to a stochastic process Y. In the recent literature of bounded noises [3, 23], the
case where f(y) = sin (y) and the process Y is a rescaled Wiener process has mainly been

considered:
. 2
X, = 51n<\/—Wt>, 7> 0. (2)
T

This bounded stochastic process has first been introduced by Dimentberg [22] and will
be hereafter referred to as Sine-Wiener (SW) noise. The autocovariance function of the
process (also termed un-normalized autocorrelation function—see Appendix A, also for
the definition of characteristic autocorrelation time) can be computed from first princi-
ples. Its expression is as follows [23]:

Rxx(s,t) = E[X;X/] :% <1 — exp (— Af)) - exp (— t;S>, s<t. (3)

Hence, the parameter 7 is the characteristic autocorrelation time of the process. The sta-
tionary density of the Sine-Wiener noise is instead the following, shown in Figure 1:
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Figure 1. Stationary probability density (4) of the Sine-Wiener noise.

1

Psw(x) = Iy ppeil (4)

2.2. The Doering-Cai-Lin family

Another way of generating bounded noises is by means of Stochastic Differential
Equations (SDEs):

A summary on existence and uniqueness of the solutions of SDEs is provided in
Appendix B. In this section, we concentrate on the case where the drift is linear and
decreasing: u(x) = —ox,a > 0 [25]. In order to get a solution bounded in I =[—1,1],
the diffusion ¢ must vanish at the boundaries. The most popular choice—introduced in
[24, 27] and adopted in [25]—is the following:

o(x) x V1 —x2 . (6)

Together with the introduction of appropriate parameters 0 and o, this yields the fol-
lowing family of SDEs which will be hereafter referred to as the Doering—Cai-Lin
(DCL) family:

1 1—X2
dX, = —-X,dt ———dW,, 0>0,6> —1. 7
t R + o+ > > (7)
For any value of 6 and 0 as above, and any initial condition X, € I = [—1,1], this equa-

tion admits a unique strong solution bounded in I. The stationary probability density of
the DCL family depends on the parameter ¢ only and reads as follows [24, 25]:
B I'(1+9)
o )=z (- ), 7= Y1) 8
pDCL(x) ( X) F(lS-‘—é) ( )
Notice the transition from unimodality to bimodality when going from positive to nega-
tive values of ¢ (Figure 2). A closed analytical form of the autocovariance function of
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Figure 2. Stationary probability density (8) of the Doering-Cai-Lin family for different values
of 6 > —1.

the DCL family is probably not available. However, as we shall prove in Section 4, the
characteristic autocorrelation time is equal to the positive parameter 0.

2.3. The Tsallis-Stariolo-Borland family

A different family of bounded noises, the Tsallis-Stariolo-Borland (TSB) family, can
again be obtained as solution to a parametric SDE. In the case considered here, the dif-
fusion of the process is constant, while the drift tends to infinity (thus repelling the

solution) as long as the boundaries of [ = (—1,1) are approached [4]:

L S Al

Questions of existence, uniqueness and boundedness of the solution to the above SDE
are strongly related to the particular value of g. In [28] it is shown that uniqueness and
boundedness are lost for g <0, and a physical interpretation of the phenomenon is pro-
vided. For g € [0,1), instead, Equation (9) admits a unique strong solution bounded in

I (as shown in Section 3), whose stationary density is given by
Pha(x) =27 (1=, g€ 01). (10)
Notice that this has the same functional form of the DCL stationary density (8): here,
however, only unimodal densities are allowed by the condition g € [0,1), as Figure 3
shows. Moreover, an approximate formula is available for the characteristic autocorrel-
ation time of the process [4]:
2

5—3q6' (11)

TTSB =

We conclude by only noticing that, by choosing the drift of equation (9) proportional
to tan (x), the following SDE is obtained, introduced in [26]:

dY, = —« tan (th> dt + CdW, a C>0. (12)
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Figure 3. Stationary probability density (10) of the Tsallis—Stariolo—Borland family, for different values
of g €[0,1).

In Section 8, we recover this equation as a transformation of the DCL equation (7).
The properties of the SDE and its solution will be explored for the different values of o.

3. Well-posedness and boundedness of TSB equation (g<[0, 1))

The SDEs (7) and (9) defining the DCL and the TSB families share an important fea-
ture: their coefficients do not satisfy Lipschitz conditions. Hence, questions such as their
existence and uniqueness, as well as the boundedness of their solutions, need to be
investigated. We consider here the case of TSB equation, and investigate in detail the
DCL equation in Section 4. For the sake of self-containment, most of the stochastic
tools employed in the following analyses are summarized in Appendix C.

Theorem 3.1. Suppose q € [0,1) and set I = (—1,1). Then, for any xo € I, there exists a
unique, strong solution X, of the TSB equation (9) with initial condition x,. Moreover,

the solution does never leave the interval I with probability one.

Proof. While the diffusion of (9) is extremely regular, the drift presents two asymptotes

in 1 and hence is not Lipschitz on I. However, it is locally Lipschitz: together with
the non-reachability of the boundaries, this will yield strong existence and uniqueness.
Let us formalize the reasoning.

For small ¢ > 0, define p, as the following continuous extension of u outside the
interval (—1+¢,1—¢):

u(x) if |x]<1-—¢
w(x) =< u(l—e) if x>1—c¢ (13)
u(-l+¢e f x<-1+¢

Since p, is Lipschitz on R, the stochastic differential equation
l—¢q

has a unique (global in time) strong solution with initial condition x,. Now take ¢ such



that |xo| < 1 — ¢ and denote by X(®) the solution of (14) corresponding to such ¢ and
with initial condition x,. Moreover, set

T, = inf{t > 0| |X\| > 1—¢}.

Till the random time T, the process X®) is also a solution of the original TSB equation
(9). Hence, at least till T,, a solution to (9) exists and is unique (uniqueness is intrinsic-
ally a local problem). However, by means of the tools and results summarized in
Appendix C, we now show that with probability one a solution of the TSB equation
does never reach the endpoints of I, which will yield a unique global strong solution
of (9).

The scale function of the TSB equation (9), as computed in [28], reads as follows:

X

s(x) = J (1— 22)7ﬁ1 dz. (15)

0

Set o = (1 —¢q) " : hence & > 1 since g € [0,1). We have:

5“):];0—122)“ dz:j;m dzz”ﬂu—lzv:”

since o > 1. Similarly, s(—1) = —co. Now, denote by T the first exit time from I of
the—locally well defined and unique—solution of the TSB equation: Theorem C.3(i)
assures that T is almost surely infinite. Hence, the locally unique strong solution of (9)
starting from x, does never reach the endpoints of I with probability one, which trans-
lates into the fact that the local strong solution is global in time, and it does never leave

I. This completes the proof. O

The case g < 0 has been investigated in detail in [28], where it is shown that the solu-
tion X; would in this case reach the endpoints 1 in finite time, almost surely. Notice
that the result of Theorem 3.1 can be extended to any random initial condition X, with

state space in I.

4, Properties of the DCL noise

In this section, we investigate questions concerning the strong existence, uniqueness
and boundedness of the DCL equation (7). Some technical results provided in [29] will
be exploited, but we shall discover in the end that the equation does not present irregu-
lar and unexpected behavior as in the case of the TSB equation. Although the sign of
the parameter ¢ affects the behavior of the DCL trajectories near the boundaries *1, it
has no consequences on the uniqueness of the SDE and on the boundedness of
its solution.

4.1. Strong existence, uniqueness and boundedness

Let us first extend the coefficients of the DCL SDE (7) to the whole real line in a
bounded and Holder-continuous way, where results of Appendix B can be applied.
Once proven that the auxiliary equation has solutions which never leave the interval



I =[-1,1], it will become clear that also the original SDE (7) has the desired proper-
ties, and that the particular extension of drift and diffusion outside I plays no role.
Hence, let us consider

1
dx, = W (X,)dt + oV (X,)dw,, (16)
where
1 for x < —1
uW(x) ={ —x  for |x| <1 (17)
-1 forx>1
and

0 for |x| >1

oM (x) = { v1—x?  for |x| <1 (18)

The constant f§ is f = [0(0 + 1)}_%, as in (7). This equation has the desired properties
of existence and uniqueness.

Theorem 4.1. For any given random variable X, with state space I =[—1,1|, strong
existence and uniqueness hold for the auxiliary equation (16) with initial condition X,.
Proof. The diffusion (18) is, on I, the product of two bounded 1/2-Hoélder continuous
functions (v/1 — x and /1 + x), and it is constant outside I. It is therefore 1/2-Holder
continuous itself, that is

lo(x) —a())? < C |x—y| YxyeR, (19)

for some constant C >0 (C=2 works). The same condition can be rewritten as

o(x) —a) <p(x—y) VxyeR, (20)

where the function p(z) = Cz is such that 1/p in not integrable in any neighborhood of
zero. Hence Proposition B.5 in Appendix applies (the drift (17) is trivially Lipschitz-
continuous), which yields strong uniqueness for Equation (16).

In order to prove the existence of a strong solution for the same equation, thanks to
the Yamada-Watanabe theorem, it is enough to prove the existence of a weak solution.
Now, since X, has support in I = [—1,1], for any choice of m >1 we have

E[ |X|™] <1 < .

Moreover, both ,u(l) and ¢V are bounded and continuous, as per their definition in
(17), (18). Hence, Proposition B.6 ensures that a weak solution to (16) exists. Together
with the already proved pathwise uniqueness, Yamada—Watanabe yields strong existence
as well. This completes the proof. O

In order to prove strong existence and uniqueness of the original DCL equation (7),
we want to show that the unique strong solution of the slightly different equation (16)
never leaves the interval I, where the coefficients of both equations coincide. The
boundedness of the solution for positive values of é might be deduced from the results
of Section 4.2, where we show that in this case the trajectories do not even attain the
boundaries * 1. However, for the remaining values of J the boundaries are reached,



and proving directly that the solution is reflected to the interior of I is not
straightforward.

Therefore, in order to provide a more unified treatment, in Theorem 4.2 we prove
the boundedness of the DCL trajectories for all values of J, positive and negative, by
means of the so-called Comparison Theorem proposed in [29] (see Appendix,
Proposition B.8). Then, in Section 4.2, we analyze the behavior of the DCL trajectories
near the boundaries of its state space, for the different values of 9.

Theorem 4.2. Let X, be a random variable taking values in I = [—1,1]. Then a unique
strong solution of the Doering-Cai-Lin SDE (7) with initial condition X, exists and satis-

fies:
PX; €1 for all t>0]=1.

Proof. Let us first prove the boundedness of the auxiliary equation (16), by means of
the comparison theorem in Appendix, Proposition B.8. To this end, let us denote by

XW the unique strong solution (Theorem 4.1) of equation (16), with starting random
variable Xél) = X. Let us also denote by u(V)(x) the drift coefficient of such equation,
as in (17).
Now consider u®(x) as follows
1 for x < —1
uP(x)={ —x  for —1<x<0, uV(x) <uPx) V xeR,
0 for x>0

and X((,z) the constant random variable X(()z) = 1. With a proof similar to the one of
Theorem 4.1, one shows that there exists a unique strong solution of the following sys-
tem:

dy, = ~b(Y,)dt + Po(Y,)dW,
2) '

1
0 (21)
Yo = X!
Indeed, notice that the only difference in the new system is the drift, which is however
still Lipschitz-continuous and bounded as it is needed in the proof.

The process Xt(z) =1 is a solution of (21), since u®(1)=a(1) =0 and clearly
dX§2) = 0. Thus, X is the unique solution of that system. As already done earlier in
the proof, denote by X(!) the solution of (16). All the hypotheses of the Comparison

Theorem B.8 hold (X(()l) < X(()z) clearly holds since |X(()1)| <1 by assumption) and we
therefore get

P[Xﬁ” <xPvt> o] =1, (22)
namely

P[Xf”gmzo] —1. (23)



By means of a symmetrical reasoning, one shows that Xt(l) > —1 holds with probability
one as well. Thus, the unique strong solution Xt(l) of the auxiliary equation (16) with

starting condition X(gl) = X satisfies
P[Xfl) eIv t> o] =1.

Since the dynamics in I of the original DCL equation (7) coincides with that of equation

(16), and since we have just proven that the unique solution Xf” to (16) starting in I

never leaves the interval, it follows that X; = Xﬁl) is also the unique strong solution of
the DCL equation (7), and that X, is confined in I. This completes the proof. O

4.2. Behavior near the boundaries

It has just been shown that the unique solution of SDE (7) starting in I = [—1,1]
remains confined in I, independently of the value of 6 (provided of course ¢ > —1).
Whether the solution reaches the boundaries +1 depends however on the value of the
parameter §, as we are going to show.

First, however, a comparison with the TSB case is crucial. In that case, as shown in
(28], attaining the boundaries (q <0) has major consequences on the uniqueness and
boundedness of the solution. In the case of the DCL SDE, instead, both the drift and
the diffusion of the SDE are well defined at +1, and the unique solution of the SDE
remains bounded for any value of ¢ and 0 (Theorem 4.2), even if the boundaries are
attained. However, knowing whether +1 are attainable is of interest in itself as well as
in applied contexts, and will also be used in later sections of this work (e.g. Section 8).

In order to study the behavior of the noise near the boundaries of the state space,
results and tools summarized in Appendix C are employed. The scale function of the
DCL noise can easily be obtained by substituting the drift and diffusion of Equation (7)
into expression (C.2). One gets:

x 1
s(x) = J —— dz. (24)

0 (1 . Z2>5+1

It can be noticed that this has the same functional form of the scale function of the
TSB noise for g € [0,1), as in (15).

Theorem 4.3. Let I = (—=1,1) and X, be the unique solution of the DCL SDE (7) with
initial condition X, € I Then:

i. Ifd >0, the solution X, will a.s. never reach the endpoints +1
ii. If —1<6<0, the solution X, will a.s. reach one of the endpoints *1 in
finite time.

Proof. To prove the statement in the case 6 > 0, it is enough to observe that, in this case,
s(£1) = *o0, (25)

where s(x) is as in (24). The claim then follows from Theorem C.3(i).

10



As far as the case —1 < 6 < 0 is concerned, we have
ls(+£1)| < 0. (26)

This is not enough to conclude that the endpoints of I are reached in finite time, and
one needs to resort to Theorem C.6, involving the speed measure of the noise and the
function v(x) as introduced in Definitions C.4 and C.5. A simple calculation reveals that
the speed measure associated with (7) is as follows:
Zd)/ 5
m(dy) = ——2— = C(1 — y*)°dy. (27)
a*(y)s'(y)

Hence, neglecting for simplicity the constant C, the function v(x) in (118) satisfies:

1

v(1) IJ (s(1) = s(y)) m(dy)

1, ¢l )
_ 0 (J (1 2)7(b+1) dz) (1—)/2)0 dy (28)
y
1 -5
S (1 __§> 4 (1 _y2>5 dy
0 1
1t _
——5 [a-nra-pr e
¢ (29)

1
—- J (1+y)° dy <

o Jo
The hypotheses 6 + 1 > 0 and ¢ < 0 have been exploited, respectively, in (28) and (29).
Being v(x) an even function, we also have
v(—1) =v(1) < oc. (30)

By Theorem C.6(a), the time to reach one of the boundaries +1 is almost surely finite.
This proves the second point of the statement, and completes the proof. O

5. Time-dependent density of the SW noise

Differently from the case of the TSB and the DCL noises, both defined as solutions to
an SDE, the SW noise (2) has an explicit analytic expression. We recall it below:

. 2
X; = sin <\/ — Wt>, 7> 0. (31)
T

The form of the SW stationary density is provided in Section 2, Equation (4). Here, we
derive the time-dependent density of the noise, from which the stationary density can
be recovered as limit as ¢ tends to infinity. For convenience, we separately recall the fol-
lowing elementary result of probability theory.

Lemma 5.1 (Transformation of densities). Let I, ] C R be two real intervals, Z : Q — I a
random variable on the probability space (Q, F,P), and F : I — ] a diffeomorphism of real
intervals. If p, : I — [0, + 00) is the density of Z, then the random variable X = F(Z) has

11



density py : ] — [0, + o0) given by

(32)

Proposition 5.2. Let W :Q — R be a real random variable with density py,, and set
X = sin (W). Then, the density of X is given by:

py(arcsin(x))
X) = =, 33
where
po(2) = Y pwl((=1)'z+kn). (34)
k=—00
Proof. Let us first define a random variable
Z:Q— [—f,f] (35)
2 2

as follows. For each w € Q, consider the only z € [—73,7] such that sin(z) =

2
sin (W(w)); hence define Z(w) = z. Thus we have:

X(w) = sin(W(w)) = sin (Z(w)) YVoeQ. (36)
The density of Z can be written as
p2(2)= > pw(w), (37)
weG(z)

where G(z) is the set of all w € R such that sin (w) = sin (z),z € [~3, J]. These are:

e w=2z+2kn k€ Z (in the first or fourth quadrant);
e w=(n—2)+2kn=—z+ (2k+ 1)n,k € Z (in the second or third quadrant).

With a unifying expression,

G(z) ={(-1)z+kn|keZ }. (38)

Thus, the density of Z takes the form (34). Since the function F(z) = sin (z) is a diffeo-
morphism between the intervals [-n/2,7/2] and [—1,1], Lemma 5.1 applied to X =
F(Z) yields

(x) = pz(arcsin(x))  py(arcsin(x))
Pxid) = |cos (arcsin(x))| V1 —x2
as it was to be proved. 0

Remark. Notice that Equation (34) can be written as

pz(2) = ¥(z) + ¥ (7 - 2), (39)

12



where

VD= > puwle+ 2km). (@0)

k=—00

We will use this later in this section.

Proposition 5.2 can easily be applied to the case where W is a Gaussian random vari-
able, in order to obtain an explicit expression of the time-dependent density of the SW
noise. The following Jacobi theta function allows us to write the SW density in a com-
pact and elegant form.

Definition 5.3. The function

Y3(z,q) = i qk2 exp (2ikz) (41)

k=—o00

is the third version of the Jacobi theta function, where z € C,q € R and |g| < 1 [30].

Theorem 5.4. The time-dependent density of the Sine-Wiener noise (31) has the following
Sform:

193(‘%,6_”1) + 1%(%,6_’”)

x, 1) = , (42)
Pow(1) 21 V1 — x?
where z = arcsin(x).
Proof. At time t, the SW noise (31) is the random variable
X=sin(W), W~ N(0,2¢t/7) . (43)

For convenience of notation, let us set 6> = 2t/7. Equation (33) of Proposition 5.2 and
Equation (39) then yield

Psw(xt) = Ve (2) + Yo (m = 2)), (44)

1
V1—x2

where z = arcsin(x) and, according to (40),

1 - (z+ 2k7t)2>
lpaz(Z) - \/W k;m exp <_T . (45)

The expression for 1/, can be linked to the Jacobi ¥3 function by means of the Poisson
transform, as shown in formula (4.4) of [31]. This reads:

2

\/ﬁkioo exp ( —a(u+ kn)Z) - EOO:OO exp <— %) exp (2iku), a> 0. (46)

k=—

This last equation for u = z/2 reads as follows:

Zm/%kzx exp (—Z(z + 2kn)2> =1 G, e‘”“). (47)
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Setting 4/a = 2¢” and recalling Equation (45) yields
21 Y2 (2) = 03 G e—“2/2> . (48)

Substituting this expression for . back into Equation (44), and recalling that ¢ =
2t/7, leads to Equation (42) and completes the proof. O

The analytic expression of psw(t,x) in (42) can also be used to write down the station-
ary density of the noise and to assess its characteristic autocorrelation time. If time ¢ tends
to infinity, both addends of the numerator of (42) tend to the constant one: indeed,

lin(y%(z,q) =1 VzeC,
q%

as it can be seen by definition (41). Thus, the stationary density of the SW noise is
1+1 1
st (x) = lim tx) = = ,
Pael) = o) = e T vice

as stated in (4). Moreover, the convergence takes place at the same speed at which the

(49)

exponential function e~ !/7 attains zero (again by definition in (41), one sees that the 9J;
function tends to 1 linearly in g, as q tends to 0). Hence, by definition, 7 is the charac-
teristic autocorrelation time of the process: the full expression of its autocovariance has
been presented in (3).

6. Relationship between SW and DCL

The stationary density (49) of the SW noise is the same as the one of the DCL noise—
Equation (8)—in the case 0 = — 1/2. This raises the question of whether the two
noises, SW and DCL with 6 = — 1/2, share further properties. To investigate this, it
appears convenient to apply It0’s formula in order to find the SDE satisfied by the SW
noise, and compare this to the one of the DCL case with 6 = — 1/2.

Lemma 6.1. The SW process X, in (31) satisfies the following SDE:
1 2
X, = —= X, dt + \/> v 1— X2 sgn(cos(\/Z/r Wt)> dw, . (50)
T T
Proof. Let us apply It0’s lemma to the process X; = F(Z;), where F(z) = sinz and Z; =
2/t W;. We have:

F'(Z;) = cos (Z;) = sgn(cos (Zt)) 1—F(z,)* (51)
F'(Z,) = —sin (Z,) = —F(Z;)

and therefore

1
dX; = F(Z) dZ; + 3 F'(Z))oy dt

:sgn(cos(\/m Wt))\/l—th \E AW, + % (—x,)2dt .

T

(52)
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This coincides with expression (50). O

The SDE (50) is very similar to the one of the DCL noise in (7) for 6 = —1/2,
which we rewrite for convenience:

1 2
dX; = ——Xdt + \ﬁ V1-=X2dW, 1>0. (53)
T T

The drift is the same in both cases, while the two diffusions differ by the factor
sgn(cos (\/ 2/t Wt)). However, being the square of this factor constantly equal to

one, the two processes share the same Fokker-Planck equation: this yields the same
time-dependent density for the two processes, if the initial distribution is the same. In
fact, this yields the same overall law for the two processes, as we show in Theorem 6.2.

Theorem 6.2. The SW noise (31) and the DCL noise with 0 :% in (53) are the same pro-
cess in distribution.

Proof. Let us define the process
. t
W, :J sgn(cos( 2/t WS)> dw,, (54)
0

so that the SW SDE (50) can be rewritten as

1 2 ~
dX[ = _—Xtdt + \/: V 1-— thth‘ (55)
T T

We can exploit the classical martingale characterization of Brownian Motion due to
Paul Lévy [32, 33, Theorem 3.16], to show that W is still a Brownian Motion. Indeed,

VNVt is a (continuous) martingale, since it is the stochastic integral of a bounded function
[29, 33] and its quadratic variation can be computed as:

Wv,VVL:j

0

t

[sgn(cos( 2/t WS)>]2ds = J; 1ds=t. (56)

W, is therefore a continuous martingale with quadratic variation equal to #: thanks to
Lévy’s characterization, it is a Brownian Motion.

Equations (53) and (55) therefore represent the same SDE, only driven by different
Brownian Motions. Hence, their unique strong solutions (Theorem 4.2) have the same
law, as it was to be proved. 0

As a consequence of Theorem 6.2, any property related to the law of the SW process
also holds for the DCL process X, with 6 = —1/2 and X, = 0. For example, it follows
that the autocovariance function of X, is given by expression (3) and its characteristic
autocorrelation time by 7 (called 0 in the original SDE (7)). This last property holds in
more generality, for all values of J.

Theorem 6.3. The autocovariance function Rxx of the Doering-Cai-Lin noise (7), start-
ing from any symmetric Xy € [—1, 1], satisfies the following inequality for all 6 > —1:
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[Rxx(s, t)] < exp (— Ts) Vs <telo,00). (57)

Hence, the characteristic autocorrelation time of the process is equal to the positive par-
ameter 0.

Proof. Let us denote the diffusion coefficient of the DCL equation (7) by o(x)
V1 —x2. For fixed s <t, we can write Equation (7) in its integral form starting from
time s, and then multiply both sides by X;. We obtain:

t

1 t
XthZst + J _EXVXS d?’ T JG(XV)XS dW’ (58)

Since both the diffusion ¢(-) and the DCL process X, are bounded, the stochastic inte-
gral on the right-hand side of (58) has zero mean. Thus, by taking the expectation of
both sides of (58), we get

t

RX)(<S, t) = E[XSXJ = RX)(<S, S) + J —% RX)((S, 7’) dr. (59)

S

Let us now set F(t) = Rxx(s,t) as a function of ¢ only, for fixed s. Equation (59) repre-
sents the integral form of the ODE

Fr) = —% F(1), (60)

which yields
t—s
F(t) =F(s) exp (— T) (61)
Now simply observe that
[F(s)l =] E[X’] | <1 (62)

since the process X; is itself bounded by 1. The claim immediately follows by taking the
absolute value of expression (61). O

7. Relationship between DCL and TSB

Driven by the result of Theorem 6.2, it is natural to investigate whether similar relation-
ships can be found between the DCL noise X and the TSB noise Y. We do not simply
investigate here whether the two processes have the same law; we address the more gen-
eral question of whether a C* bijection F exists, such that the transformed process F(X)
and the process Y have the same law. To this aim, we preliminary relate the trajectories
of F(X) and Y. Hence, in general, let

dXt = G(Xt)dt + C(X,)th (63)
and

be two stochastic differential equations, each admitting a unique strong solution
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bounded in I = [—1,1]. Let also F € C*(I,I) be a bijection of I. Thanks to Itd’s formula,
if F(X;) = Y, holds, then F represents a solution to the following system of ordinary dif-
ferential equations:

F'(x) &(x)+ F(x) a(x) = oc(F(x)) (65)

F(x) c(x) = y(F(x)) (66)

N |

Proposition 7.1 then follows.

Proposition 7.1. Let X, and Y, denote the DCL and the TSB processes with initial condi-
tions Xo, Yo € I. There exists no bijection F € Cz(f, I) such that, almost surely, Y, =
F(X;) for all t > 0.

Proof. Suppose by contradiction such an F exists. Then, the two ODEs (65) and (66)
hold, where

a(x) = —% x, c(x)=pV1—x2, (67)
_ 1y _
)=~ 12 )= (69)
and
» 1—9q 2 1
= P eiean (69)
Compare indeed with the coefficients of the SDEs (7) and (9). Equation (66) reads
F(x) pV1—x2 =n, (70)
which yields
F(x) = F(0) + %arcsin(x). (71)

Since F is a bijection of the interval I = (—1,1), we immediately deduce that F(0) =0
and n/p=2/n:

F(x) = %arcsin(x). (72)

Such a function F does not however satisfy the second-order linear ODE (65): after sim-
plifying, this indeed reads

C x  m/2 arcsin(x)
T V1—x2 m/4 — arcsin®(x)’
where C= (20 +1)/(d + 1) : it can be checked that Equation (73) cannot hold for all

xel (for example by checking that the ratio between the two sides of (73) has non-
zero derivative). This completes the proof. O

(73)

Proposition 7.1 excludes coincidence of the two processes F(X) and Y. This, however,
still allows the possibility that the laws of the two processes coincide, although the two
processes have different paths. The following result excludes this case, hence showing
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that both the dynamics and the law of the DCL and TSB processes are intrinsically dif-
ferent, even after a transformation that is smooth in the interior of L.

Theorem 7.2. Let X and Y denote the DCL and the TSB process, respectively. There is no
bijection F € C2(I, I) such that F(X) and Y share the same law.

Proof. Let us denote by a(x) and c(x) the drift and the diffusion of the DCL noise X, and
by a(y) and y(y) the drift and the diffusion of the TSB noise Y. Explicit expressions are

provided in (67), (68), (69). Define Y,:=F (X;). The process Y satisfies an SDE with drift

~ 1 /! /
aly) =5 Fx) ¢ (x) 4+ F'(x) a(x)],—p1(y) (74)
and diffusion
7(y) = F (%) ¢(x)|yepry) - (75)

The solutions to this SDE and to the SDE defining Y, have the same law if and only if

a(y) = a(y) (76)
() =7) (77)

(see [34]). Equation (77) reads
(F’(x))2ﬁ2(1 ) = (78)

This means that at every x € I we must have
S S
pV1 — x? BV1 — %2

the sign possibly depending on the point x. However, the function F’ is continuous on

F(x)=— or F(x)=+ (79)

I and it never vanishes, hence it is either always positive or always negative, according
to whether the bijection F is increasing or decreasing. In each of the two cases, the final
part of the Proof of Proposition 7.1 applies. Either choice of sign in (79) leads to a solu-
tion F which does not satisfy the second order ODE (76), which indeed in both cases
reads as in (73). By contradiction, this completes the proof. O

8. The Kessler-Sgrensen SDE
8.1. KS as transformation of DCL (6 > 0)

In Section 7, we have shown that any deterministic transformation of the DCL noise
cannot have the same law as the TSB noise. However, imposing that the transformed
noise satisfies an SDE with constant diffusion (as the TSB noise does) yields to the SDE
(12), whose properties are investigated in this Section. The hypothesis 4 > 0 plays a cru-
cial role in the following result.

Proposition 8.1. Let X, be the DCL noise where 6 > 0, and define Y; = F(X;), where F is

a C° bijection of the open interval I= (=1,1). If Y, satisfies an SDE with constant diffu-
sion, then
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2

F(x) = ;arcsin(x) (80)
and the SDE is
o (3

dY; = —=—tan | =Y, |dt + ———= dW,, 81
t 7'C9 2 t - 9(5 T 1) t ( )

where 0 is positive and the quantity f = f(J) reads as follows:

20+1

J=50 (82

We will refer to Equation (81) as to the Kessler-Sorensen SDE [26].

Proof. Let us consider the DCL noise X; with associated drift a(x) and diffusion c(x) as
follows:

a(x):—é x, cx)=pV1—x%, (83)
where
1
2 _
F= 0(6+1) (84)

The drift a(y) and diffusion y(y) of the process Y, satisfy Equations (65) and (66): 1t0’s
formula indeed applies since Theorem 4.3(i) guarantees that in the case 6 > 0 the pro-
cess takes values in the open interval I, where the function F is C? by hypothesis. By
imposing that the diffusion y(y) be a constant C, Equation (66) reads

C
F(x) VI—x2=—. (85)
p
By imposing F(0) = 0 and C/f = 2/x in order for the range of F to be I = (—1,1),
this gives
_2p

T

F(x) = %arcsin(x) and y(y)=C (86)

These expressions coincide with the function F in (80) and with the diffusion of SDE
(81). It only remains to show that the drift o(y) of the SDE satisfied by Y, is the one of
Equation (81): for this, we can use the second order ODE (65). A simple substitution of
a, ¢, F, F' and F’ from (83) and (86) leads to:

2 f x 2541
oc<g arcsm(x)) R where f = 51 (87)
Hence,
_f sin(my/2) _ f n
ay) = nf |cos(my/2)| 0 \27) (88)
since cos (¢p) > 0 if ¢ € (—n/2,n/2). This completes the proof. O

In Proposition 8.1 we assumed 6 > 0, hence the process Y; = F(X;) does not attain
t1. In this case, Equation (81) has not only strong existence, but also pathwise
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uniqueness, since the coefficients of the SDE are locally Lipschitz in the open interval
(—1,1) : see Section 3 for the proof of the same result applied to the TSB equation. The
scenario for the d < 0 case is instead different and is investigated in the next section.

8.2. Non-uniqueness after transformation (9<0)

If 6 <0, the DCL process X attains the boundaries +1 almost surely; hence, 1t6’s for-
mula cannot be applied to the function F in (80) since this is not C*> on the closed
interval I = [—1,1]. Nonetheless, one may still explore the behavior of the SDE (81) for
negative values of J, acknowledging that this may not be the same SDE obtained after
transforming the SDE (7) through F. A computation of the scale function s(y) and the
speed measure m(dy) associated to the SDE (81) reveals that

—(26+1)
s(y) = JZ <cos (g z)) dz (89)

26+1
m(dy) (cos <gy)) dy. (90)

Hence, with the tools summarized in Appendix C, one sees that for

and

1
_Z , 1
2<(3<0 (91)

ie. 0<f(d) <1, the solution to (81) attains the boundaries with probability one.
Following the lines of [28], uniqueness and boundedness are lost. Notice that the same
conclusion holds true even more in the case

1
—1<6§—5, (92)

where the coefficient f(J) appearing in the drift of (81) is negative (thus even the deter-
ministic force alone actively drives the noise towards the boundaries).

On the other hand, recall that, under either of conditions (91) or (92), strong unique-
ness holds for the DCL SDE (7), and the solution X; does attain the boundaries +1. It is
then possible to investigate which SDE the transformed process Y; = F(X;) satisfies in
each of the two cases, where F is as in Equation (80). In analogy with the theory of
Bessel processes, we think that under condition (91) the process Y, still satisfies the
same SDE (81) as in the case d > 0, while under condition (92) the process satisfies a
more difficult equation in which a local time appears. We do not enter here all the
details of this more difficult case, which involves the computation of the local time of
X, before Ito-Tanaka’s formula for non-smooth functions can be applied. In Section
8.3, we explain the connection with Bessel processes, and clarify the heuristic reasons
behind our considerations when § < 0.

Notice, however, that the above provides an explicit example of an interesting sto-
chastic phenomenon. Indeed, if

—%<5<0, (93)
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we saw that Equation (7) has strong existence and uniqueness, while uniqueness is lost
for the transformed SDE (81). Boundedness is lost as well after the transformation, as
pointed out immediately after Equation (91). However, by calling X, the unique strong
solution of (7), the process

2
Y, = —arcsin(X;) (94)
T

does represent a bounded strong solution to the SDE (81). Other solutions, not
bounded in [—1, 1], are also present in accordance with the non-uniqueness.

This result establishes a further analogy with the case of Bessel processes. The
squared Bessel process BB; satisfies an SDE for which strong uniqueness is well known
to hold. However, the SDE obtained by transforming the latter through the square root
function is satisfied not only by the process B;, but also by other processes which are
not constrained in [0, + c0). This is shown by Cherny in [35]. More on the analogy
between the KS family and the Bessel family is provided in the following section. In the
following proposition, we summarize the results of this section about the
Kessler-Serensen SDE.

Proposition 8.2. Consider the Kessler-Sorensen SDE (81) and define I= (—=1,1).

1. If 6 >0, then the equation has strong existence and uniqueness, and for any ini-
tial condition Y, € I the solution Y, remains in Iofor all times t > 0 with prob-
ability one.

2. If 6 <0, the SDE has neither weak nor strong uniqueness and any solution Y,
starting in I attains of the boundaries of I in finite time with probability one.
However, if —1/2 < 0 < 0, one strong solution is given by

2
Y, = —arcsin(X;) (95)
n

where X, is the unique strong solution to the DCL equation (7) with parameter o.

8.3. Local time: analogy with the Bessel process

In this last section, we provide a justification of the claims which have not been proven
in Section 8.2 about the process Y; in (95) and the SDE (81). Consider the DCL process
X, in a neighborhood of x=1, where the function F = 2/marcsin(x) is irregular (the
case near x = — 1 is identical). To emphasize this viewpoint, consider the auxiliary pro-
cess

Z,=1-X, €0,2], (96)

2 -7,
(1—Z)dt + —,/m VZdw, . (97)

There is a paradigmatic equation in the literature, similar to (97), for which several facts

solution of

dZ[ -

=

have been understood. This is the equation for the squared Bessel process B: [29],
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which we denote here by Z, for convenience of analogy with Z:

dz, = ddt + 2\/2 dw,. (98)

For any initial condition in (0,00), this equation admits a unique strong solution 5’
taking values in [0,00). For integer values of J, the process B;, square root of such

solution, can be realized as the norm of a 5-dimensional Brownian Motion (see [29],
Chapter XI §1).

As a preliminary step, therefore, let us apply a time-change to reduce Equation (97)
to a form as close as possible to (98).

Lemma 8.3. For 2 = 20(0 + 1), the process Zt(}') = Z; satisfies the equation

B
N~ Z A p
az{? =51 —Z§A>)dt+2\/1——;\/zﬁ s dw,” (99)

where
() 1
W i=—— W, (100)
t \//TL t
is a standard Brownian motion and
5=2(5+1). (101)

Let us now translate known results for the squared Bessel process Z, into results for
our process Zt()'), being sure that, close to z=0, the drift and the diffusion of ZEA)

behave as the ones of Z :

5(1-2)~0o and 2,/1—% VZ ~ 2VZ ifz~0. (102)

The results claimed here on the squared Bessel process are taken from [29] Chapter XI
§1, in particular Proposition 1.5. We assume to start with an initial condition greater
than zero.

e For 5 <2, namely 6 < 0, the point z=0 is reached almost surely, but it is
instantaneously reflected and the local time at zero, L, is zero.
e For & > 2, namely § > 0, z=0 is never reached; hence, trivially, L? is zero.

Let us continue with a translation of results, for the process Y; in (95). Given the iden-
tity (96), we have

Y = ¢(Z)
where
o(z) = %arcsin(l —2). (103)

The function ¢(z) near z = 0" behaves like 1 — ¢\/z for a suitable constant c. Indeed,
by solving ¢(z) = r around r = 17, we find

22



(T
z:l—sm<—r>
2

1
ngﬁufﬂz (104)

2V/2
z .
T

rel—22

Hence, at the second order,

2+/2
M@~1—%§ z. (105)
Therefore, investigating Y; = ¢(Z;) near z = 0" (that is, y = 17) is qualitatively analo-
gous to investigating the process v/Z, near 0. In turn, the latter has the same behavior

as the Bessel process B; = 4/ Z due to the analogy illustrated in (102).

The following facts are translation of known results about the process B; (see [29],
Chapter XI, Exercise 1.26) for our process Y, They recover the claims of Section 8.2
about the SDE satisfied by the process Y, in the case é < 0.

e For 6 >1, namely & > —1, the process Y; = $(Z;) satisfies the Equation (81)

expected on the ground of Ito’s formula.
e TFor 6 <1, namely & < — 1, the process Y, satisfies an identity which involves a
local time.

A short review of similar results about Bessel processes can also be found in [36].

9. Concluding remarks

Realistic stochastic modeling of natural phenomena is increasingly requiring the use of
bounded stochastic processes. Indeed, these are important to avoid to obtain results that
are mathematically correct but contain artifacts from the application point of view. An
heuristic approach is often adopted in the literature of modeling with bounded noises,
which can however lead to misleading results. An example has been stressed in [28],
where it is shown that an apparently bounded process can in reality be unbounded for
some important range of its parameters. Thus, it is important to put the applications of
bounded noises on firmer mathematical ground. In this work, we pursue this aim in
the case of commonly employed bounded noises: the Sine-Wiener noise, the
Doering-Cai-Lin family, and the Tsallis-Stariolo-Borland family. In the last section, we
also  investigate mathematical properties of an additional family, the
Kessler-Serensen family.

Specifically, we have characterized the range of parameters of the DCL and TSB fami-
lies which give rise to strongly unique and bounded solutions. In the case of the DCL
family, we have also shown that positive values of the parameter 6 generate trajectories
which never even attain the boundary of the state space. Moreover, we have analytically
inferred the time evolution of the SW density for the first time and have shown that
the noise can be recovered as a particular case of the DCL noise. We have investigated
the relationships between the SDEs defining the DCL and the TSB families, showing
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that the two noises are intrinsically different from both a strong (pathwise) and a weak
(in law) point of view. In addition, this investigation has lead to the SDE already intro-
duced in an example of an earlier work of Kessler and Serensen [26]. We have shown
that the SDE can be obtained as a deterministic transformation of DCL SDE, only, how-
ever, for positive values of the parameter 6. Boundedness and uniqueness of the trans-
formed SDE are instead lost in the case 6 <0, in analogy with the case of
Bessel processes.

As future lines of research, we mention two interesting points which we are investi-
gating. The first concerns a rigorous mathematical approach to the numerical simula-
tions of SDEs which generate bounded noises. Indeed, the tendency of the simulated
trajectories to go outside their theoretical bounds, due to the necessary numerical dis-
cretization, makes the simulation stiff. The second one refers to the fact that all proc-
esses here investigated are endowed with symmetric stationary densities, whereas in the
real world the stochastic fluctuations can be asymmetric.

Acknowledgments

The authors would like to thank Alessia Ando for proofreading the revised manuscript and pro-
viding valuable suggestions on the English language. The authors also thank the anonymous ref-
eree for their valuable comments.

Disclosure statement

The authors have no conflict of interest to disclose.

ORCID

Dario Domingo (®) http://orcid.org/0000-0001-8276-6779
Alberto d’Onofrio (®) http://orcid.org/0000-0002-2190-272X
Franco Flandoli () http://orcid.org/0000-0003-2837-3784

References

[1] d’Onofrio, A. (2008). ‘Noisy oncology’: Some caveats in using Gaussian noise in mathem-
atical models of chemotherapy. In Hosking, R. J., Venturino, E., eds. Aspects of
Mathematical Modelling. Basel, Switzerland: Birkhauser, pp. 229-234.

[2] d’Onofrio, A., Gandolfi, A., Gattoni, S. (2012). The Norton-Simon hypothesis and the
onset of non-genetic resistance to chemotherapy induced by stochastic fluctuations.
Physica A Stat. Mech. Appl. 391(24):6484-6496. DOI: 10.1016/j.physa.2012.07.025.

[3] Alberto d’Onofrio, ed. (2013). Bounded Noises in Physics, Biology, and Engineering. Basel,
Switzerland: Birkhduser.

[4] Wio, H. S., Toral, R. (2004). Effect of non-Gaussian noise sources in a noise-induced tran-
sition. Physica D 193(1-4):161-168. DOI: 10.1016/j.physd.2004.01.017.

[5] Long, F., Guo, W., Mei, D.-C. (2012). Stochastic resonance induced by bounded noise and
periodic signal in an asymmetric bistable system. Physica A Stat. Mech. Appl. 391(22):
5305-5310. DOI: 10.1016/j.physa.2012.06.018.

[6] Baura, A., Kumar Sen, M., Goswami, G., Bag, B. C. (2011). Colored non-Gaussian noise
driven open systems: Generalization of Kramers’ theory with a unified approach. J. Chem.
Phys. 134(4):044126.DOI: 10.1063/1.3521394.

24


https://doi.org/10.1016/j.physa.2012.07.025
https://doi.org/10.1016/j.physd.2004.01.017
https://doi.org/10.1016/j.physa.2012.06.018
https://doi.org/10.1063/1.3521394

(10]

(11]

(12]

(13]

(14]

(15]

(16]

(17]

(18]

(19]

(20]

(21]

(22]
(23]
(24]
(25]

(26]

Botts, R. T., Homburg, A. J., Young, T. R. (2012). The hopf bifurcation with bounded
noise. Discrete Contin. Dyn. Syst. Ser. A 32(8):2997. DOI: 10.3934/dcds.2012.32.2997.
Bobryk, R. V., Chrzeszczyk, A. (2009). Stability regions for mathieu equation with imper-
fect periodicity. Phys. Lett. A 373(39):3532-3535. DOI: 10.1016/j.physleta.2009.07.069.
Deng, J., Xie, W.-C., Pandey, M. D. (2014). Stochastic stability of a fractional viscoelastic
column under bounded noise excitation. J. Sound Vibr. 333(6):1629-1643. DOIL: 10.1016/j.
jsv.2013.11.019.

Zhu, J., Wang, X. Q., Xie, W.-C,, So, R. M. (2008). Flow-induced instability under
bounded noise excitation in cross-flow. J. Sound Vibr. 312(3):476-495. DOI: 10.1016/j.jsv.
2007.08.041.

Sun, Z., Xu, W, Yang, X. (2006). Influences of time delay and noise on the chaotic motion
of a bistable system. Phys. Lett. A 352(1-2):21-35. DOI: 10.1016/j.physleta.2005.11.061.

Guo, W., Mei, D.-C. (2014). Stochastic resonance in a tumor-immune system subject to
bounded noises and time delay. Physica A: Stat. Mech. Appl. 416:90-98. DOI: 10.1016/j.
physa.2014.08.003.

de Franciscis, S., d’Onofrio, A. (2013). Cellular polarization: Interaction between extrinsic
bounded noises and the wave-pinning mechanism. Phys. Rev. E 88(3):032709. DOI: 10.
1103/PhysRevE.88.032709.

Naess, A., Dimentberg, M. F., Gaidai, O. (2008). Lotka-Volterra systems in environments
with randomly disordered temporal periodicity. Phys. Rev. E 78(2):021126. DOI: 10.1103/
PhysRevE.78.021126.

Ridolfi, L., D’Odorico, P., Laio, F. (2011). Noise-Induced Phenomena in the Environmental
Sciences. Cambridge, UK: Cambridge University Press.

Gong, X., Moses, G., Neiman, A. B., Young, T. (2014). Noise-induced dispersion and
breakup of clusters in cell cycle dynamics. J. Theor. Biol. 355:160-169. DOI: 10.1016/j.jtbi.
2014.03.034.

Tatchim Bemmo, D., Siewe Siewe, M., Tchawoua, C. (2013). Combined effects of corre-
lated bounded noises and weak periodic signal input in the modified FitzHugh-Nagumo
neural model. Commun. Nonlinear Sci. Numer. Simul. 18(5):1275-1287. DOI: 10.1016/j.
cnsns.2012.09.016.

Yao, Y., Cao, W, Pei, Q., Ma, C., Yi, M. (2018). Breakup of spiral wave and order-dis-
order spatial pattern transition induced by spatially uniform cross-correlated Sine-Wiener
noises in a regular network of Hodgkin-Huxley neurons. Complexity 2018:1. DOI: 10.
1155/2018/8793298.

Yang, T., Zhang, C., Han, Q., Zeng, C.-H., Wang, H., Tian, D., Long, F. (2014). Noises-
and delay-enhanced stability in a bistable dynamical system describing chemical reaction.
Eur. Phys. ]J. B 87(6):1-11. DOI: 10.1140/epjb/e2014-50218-x.

Ning, L. J., Liu, P. (2016). The effect of sine-Wiener noises on transition in a genotype selection
model with time delays. Eur. Phys. ]. B 89(9):201. DOI: 10.1140/epjb/e2016-70138-y.

de Franciscis, S., Caravagna, G., Mauri, G., d’Onofrio, A. (2016). Gene switching rate
determines response to extrinsic perturbations in the self-activation transcriptional net-
work motif. Sci. Rep. 6(1):26980. DOL: 10.1038/srep26980.

Dimentberg, M. F. (1988). Statistical Dynamics of Nonlinear and Time-Varying Systems.
Vol. 5. Hertfordshire, UK: Research Studies Press.

Bobryk, R. V., Chrzeszczyk, A. (2005). Transitions induced by bounded noise. Phys. A
Stat. Mech. Appl. 358(2-4):263-272. DOIL: 10.1016/j.physa.2005.03.055.

Doering, C. R. (1987). A stochastic partial differential equation with multiplicative noise.
Phys. Lett. A 122(3-4):133-139. DOI: 10.1016/0375-9601(87)90791-2.

Cai, G. Q., Lin, Y. K. (1996). Generation of non-Gaussian stationary stochastic processes.
Phys. Rev. E 54(1):299-303. DOI: 10.1103/PhysRevE.54.299.

Kessler, M., Serensen, M., Sorensen, M. (1999). Estimating equations based on eigen func-
tion for a discretely observed diffusion process. Bernoulli 5(2):299-314. DOI: 10.2307/
3318437.

25


https://doi.org/10.3934/dcds.2012.32.2997
https://doi.org/10.1016/j.physleta.2009.07.069
https://doi.org/10.1016/j.jsv.2013.11.019
https://doi.org/10.1016/j.jsv.2013.11.019
https://doi.org/10.1016/j.jsv.2007.08.041
https://doi.org/10.1016/j.jsv.2007.08.041
https://doi.org/10.1016/j.physleta.2005.11.061
https://doi.org/10.1016/j.physa.2014.08.003
https://doi.org/10.1016/j.physa.2014.08.003
https://doi.org/10.1103/PhysRevE.88.032709
https://doi.org/10.1103/PhysRevE.88.032709
https://doi.org/10.1103/PhysRevE.78.021126
https://doi.org/10.1103/PhysRevE.78.021126
https://doi.org/10.1016/j.jtbi.2014.03.034
https://doi.org/10.1016/j.jtbi.2014.03.034
https://doi.org/10.1016/j.cnsns.2012.09.016
https://doi.org/10.1016/j.cnsns.2012.09.016
https://doi.org/10.1155/2018/8793298
https://doi.org/10.1155/2018/8793298
https://doi.org/10.1140/epjb/e2014-50218-x
https://doi.org/10.1140/epjb/e2016-70138-y
https://doi.org/10.1038/srep26980
https://doi.org/10.1016/j.physa.2005.03.055
https://doi.org/10.1016/0375-9601(87)90791-2
https://doi.org/10.1103/PhysRevE.54.299
https://doi.org/10.2307/3318437
https://doi.org/10.2307/3318437

[27] Doering, C. R., Sargsyan, K. V., Smereka, P. (2005). A numerical method for some sto-
chastic differential equations with multiplicative noise. Phys. Lett. A 344(2-4):149-155.
DOI: 10.1016/j.physleta.2005.06.045.

[28] Domingo, D., d’Onofrio, A., Flandoli, F. (2017). Boundedness vs unboundedness of a
noise linked to tsallis g-statistics: the role of the overdamped approximation. J. Math.
Phys. 58(3):033301. DOI: 10.1063/1.4977081.

[29] Revuz, D., Yor, M. (1994). Continuous Martingales and Brownian Motion. 2nd ed. Paris:
Springer.

[30] Abramowitz, M., Stegun, I. A. (1970). Handbook of Mathematical Functions with
Formulas, Graphs, and Mathematical Tables. 9th ed. New York: Dover Publications.

[31] Zhuravlev, M. V., Kiselev, E. A., Minin, L. A., Sitnik, S. M. (2011). Jacobi theta-functions
and systems of integral shifts of Gaussian functions. J. Math. Sci. 173(2):231-241. DOI:
10.1007/s10958-011-0246-5.

[32] Lévy, P. (1965). Processus Stochastiques et Mouvement Brownien. Paris: Gauthier-Villars.

[33] Karatzas, 1., Shreve, S. (1998). Brownian Motion and Stochastic Calculus. Graduate Texts
in Mathematics. Vol. 113, 2nd ed. New York, NY: Springer.

[34] Strook, D. W., Varadhan, S. (1979). Multidimensional Diffusion Processes. Berlin,
Germany: Springer.

[35] Cherny, A.S. (2000). On the strong and weak solutions of stochastic differential equations gov-
erning Bessel processes. Stoch. Stoch. Rep. 70(3-4):213-219. DOL: 10.1080/17442500008834252.

[36] Going-Jaeschke, A., Yor, M. (2003). A survey and some generalizations of Bessel proc-
esses. Bernoulli 9(2):313-349. DOI: 10.3150/bj/1068128980.

[37] Sokal, A. D. (1997). Monte Carlo methods in statistical mechanics: Foundations and new
algorithms. In DeWitt-Morette, C., Cartier, P., Folacci, A., eds. Functional Integration.
Boston, MA: Springer, 131-192.

Appendix A

Autocorrelation time

Definition A.1. Let X be a zero-mean stochastic process endowed with second order moments.
The autocovariance function of X is the two variable function

Ryx(s,t) = E[X.X;] = Cov(X, X;), st >0. (106)

Notice that in statistical physics this is also termed (un-normalized) autocorrelation function
[37], which can cause some ambiguities. A stationary autocovariance function is one where
Rxx(s,t) only depends on the quantity |t — s|. If

tf
3 7> 0: |Rxx(s t)] < |Rxx(s,s)| exp (— \7‘Es|) (107)

at least for s,t > K (for some K > 0), then the smallest of such 7 will be referred to as the charac-
teristic autocorrelation time of the process X.

Appendix B

Existence and uniqueness of SDE solutions

Definition B.1. We write a Stochastic Differential Equation (SDE) in the form
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where W, is a standard Wiener Process on a filtered probability space (Q, P, (F;),-,). The coeffi-
cients u,0 : I — R, where I C R, are called drift and diffusion, respectively.

Definition B.2. A solution of (108) consists of a filtered probability space and a pair (X, W)
such that the integral form (109) of the SDE holds with probability one, uniformly in ¢

t t

w(X)ds + j o(X,)dW.. (109)

Xt:XO + J
0

0

A solution of (108) is called a strong solution if the process X is adapted to the filtration gener-
ated by the Brownian motion W. Otherwise, it is simply called a weak solution.

Definition B.3. There is weak uniqueness or uniqueness in law for a SDE if, whenever two sol-
utions (X, W) and (X, W) possibly defined on different spaces are such that X, and X, have the
same distribution, then the whole laws of X and X coincide.

Definition B.4. There is strong uniqueness or pathwise uniqueness for a SDE if for every two
strong solutions (X,W) and (X, W) defined on the same probability space, and with Xj =X,
P-a.s., the processes X and X are indistinguishable (that is, P[X; = )N(tVt >0]=1).

Although Lipschitz growth of the coefficients is a standard sufficient condition for strong
existence and uniqueness of a SDE, these can also be obtained under weaker assumptions. We
state here some technical results on the case of bounded or Holder functions, which are exploited
in Section 4. Proofs can be found in [29, 33].

Proposition B.5. ([29] Theorem 3.5, Chap. IX). Let u and ¢ be the drift and diffusion coeffi-
cients of an SDE. Suppose that u is Lipschitz continuous and that o satisfies

lo(x) = o)I* < p(lx =y, (110)
where p : (0,00) — (0,00) is such that
Jnidz:oo Ve > 0. (111)
00(2)

Then, strong uniqueness holds for the SDE.
Proposition B.6. Let y, 0 : R — R be bounded and continuous functions, and X, a random
variable with
E[ [Xo|] < o0 (112)
for some m > 1. Then, there exists a weak solution of the SDE
dXt = [J(Xt)dt + O'(Xt)de

with initial condition X,.
Theorem B.7. (Yamada-Watanabe, 1971). Suppose pathwise uniqueness holds for a SDE and
that a weak solution also exists. Then, a strong solution of the SDE also exists (such solution being
unique in the strong sense thanks to the first assumption).
Proposition B.8 (Comparison theorem, [29] Chap. IX §3). Let

dX, = p(X,) dt + a(X,) dW, for i=1,2 (113)

be two stochastic differential equations, whose coefficients satisfy:
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i o(x) — o)) < pllx—y)), plz) asin (111),

ii. at least one between V) and u® satisfies a Lipschitz condition, and the inequality V) (x) <
1 (x) holds everywhere.
Further, let X(()Z> be two random variables, with Xé1> < X(()2> P-a.s., and let X' be solutions of

(113) with starting conditions x4, fori=1, 2. Then,

JP[XE‘) <Xx? for all t> 0} =1

Appendix C

Attaining the boundaries of the state space

In the following, we provide necessary and sufficient conditions to establish whether a stochastic
process with bounded state space I does or does not attain the boundaries of 1. We limit our-
selves to the definitions and results of interest for this work, and refer the reader, for example, to
[33] Chapter 5.5 and [29] Chapter VII §3 for proofs. )

In the following, I C R denotes a bounded open, semi-open or closed real interval, I = (I,r)
its interior, and x €1 the deterministic initial condition of a stochastic process X, with state
space I. For x € I, the first time the process X hits x will be denoted by

T, = inf{t > 0|X, = x}.

Definition C.1. A function s : I — R is called a scale function for the process X (with Xy = x)
if it is strictly increasing and, for any a < xy < b € I, it holds

s(b) = s(xo)
P[Ta < Tb] = S(b) —s(a) .
Remark. If s(x) is a scale function, also S(x) = as(x) + f8 is a scale function for any o > 0 and
f € R. Hence, we can arbitrarily set s(xy) = 0. Monotonicity then implies s(a) < 0, s(b) > 0.

Roughly speaking, the modulus of the scale function at a point x quantifies the “inaccessibility”
of that point when starting from x,. The bigger |s(x)| is with respect to |s(y)|, the less likely x is
reached before y. The scale function of a process can be easily calculated if the infinitesimal gen-
erator of the process is known, or if the process is solution of an SDE. Here, we consider the
second case, and suppose that X, is a (weak) solution of

where
*(x) >0 forxel (115)
o LA )]
I, Je : _— . 11
Vx e e>0 Lic 20) dy < o0 (116)

Notice that, if the coefficients are continuous in I and (115) holds true, then the local integrabil-
ity condition (116) is trivially fulfilled.

Proposition C.2. Let X be a weak solution of (114) where  and o satisfy (115) and (116).
Then, the scale function s(x) can be computed as

s(x) = r exp (— JyZ 1) dz) dy, ce I (117)

¢ o*(2)
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Theorem C.3, proved in [33], Chap. 5, Prop. 5.22, relates the finiteness of the scale function to
the attainability of the boundaries. Even if the endpoints [ or r are not in I, we shall use the fol-
lowing notation:

s() = lim s(x), s(r) = lim s(x).

x—It X—=r-

Theorem C.3. Let X be a weak solution of SDE (114), under conditions (115), (116), with initial
condition xy € 1. Moreover, call T the random time
T:=inf{t>0] X, &I = (Lr)} = TIAT,.
Then:

i if both |s(])],|s(r)| = oo,

P[T = oo] = 1 :P[itrzngt = l] :P[supXt = r};

t>0

ii. if both |s(I)

s(r)| < oo,

>

. s(r) — s(xo )
Plimx =1 =55 =1 - Pllm =

iii.  if |s(I)] < oo, |s(r)| = o0,
]P[}er%xt = l} =1 :]P’[stggXt < r};

iv. if |s(I)] = oo,

s(r)| < oo,
IP’DLH%Xt = r] =1= ]P’['}gng > l}.

Case (i) of previous theorem guarantees that, if s explodes at both endpoints, then the process
never reaches the endpoints (i.e, T is infinite). However, no conclusion about the finiteness of T
can be drawn in any of the three other cases. To present equivalent conditions to the almost
surely finiteness of T, other two definitions are needed.

Definition C.4. Suppose the process X solves (114), under conditions (115), (116), and let s(x)
be the scale function associated with X. The speed measure associated with the process X and the
scale function s is the measure on (I, B(R)) given by

2dx
") = S’

x el

Definition C.5. By denoting with s(x) the scale function and m(dx) the speed measure of a
process X, we set

v(x) = Jx(s(x) —s(y)) m(dy), xel (118)

c

Notice that v(x) is always positive and its finiteness does not depend on the choice of c.
The following theorem provides a characterization of the almost sure finiteness of T ([33],
Chap. 5, Prop. 5.32).

Theorem C.6. Under the usual assumptions (115), (116), T is almost surely finite if and only if
one of the following mutually exclusive conditions holds:
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a. both v(l) < 0o and v(r) < oo,
b. v(l) < oo and v(r) = oo, but also s(r) = oo,
c. v(r) <ooand v(l) = oo, but also s(I) = —o0.

Moreover, in case (a), the stronger condition E[T] < oo holds true.
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