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Abstract

We consider nonlinear marked Poisson autoregressions and we prove the existence and
uniqueness (in law) of the ergodic version under various assumptions on the transfer
function, the coefficient functions, and the mark distribution. Moreover, by means
of coupling techniques we discuss the convergence and the rate of convergence to
equilibrium of a non-ergodic version of the time series, starting from some “initial
condition”, to the ergodic version. The theoretical results are illustrated by examples
and numerical simulations.
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1 Introduction

A time series (X,),cz, Z := {0, £1, £2, ...}, is a nonlinear marked Poisson autore-

gression if
X, | FX v FZ | ~Pois(r,), neZ,

where
n—1 Xi oo Xn—k
m=¢ | Y Y awxZi) | =6 (DD aZuii) (1)
k=—o0 i=1 k=1 i=1
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with

o FX:=o Xy : k<n),neZ,

n

° (Zk’i)keZ,ieN’ N := {1,2,...}, identically distributed mark random variables

with values in a measurable space (Z, Z) such that the mark sequences (Zk, i)
are independent over k € Z, i.e., the sequences

ieN

cro (Z—lsi)ieN ’ (Zo’i)ieN ’ (Zl’i)ieN [

are independent. In particular, for each time ko € Z, the mark sequence (Zko, ,-)
is independent of f,fg .

e op : Z — R, k € Z, measurable coefficient functions (setting ax(-) := 0 for
k€ Z<o:=1{0,—1,—2,...})such that > ;o , E[|ak(Zo)1)|] =) roq 0k = 1,

° .7-",12 ::a(Zk,i: k <n, ieN),neZ,

e Pois(it), u > 0, the Poisson law with mean u (where a random variable X ~
Pois(0) is equal to zero almost surely),

e and ¢ : R — R := [0, 00), a measurable transfer function.

ieN

Note that the two representations of the dynamics (1) stem from a change of variable.
The second representation is more typical in a time series context, whereas the first
one is frequently used in point processes theory. We drew inspiration for the present
work from the papers [6, 7, 19] on nonlinear Hawkes point processes. This is why we
stick to the “point-process-type” indexing.

First papers on (linear) counting autoregressions are [1] for p = 1, and [2] for
general p € N, where p denotes the autoregressive order of the time series. These
models go under the name INteger-valued AutoRegressive (INAR) time series. In
both articles, binomial thinning is applied to the earlier counts and the innovations are
not necessarily Poisson, yielding a non-Poisson conditional distribution. [16] proves
the existence of the model for the case p = oo, assuming Poisson reproduction and
innovation, and formalizes the analogy to Hawkes point processes. In [17] the authors
provide precise deviations and extended central limit theorems for cumulative INAR
models with p = oo, and again Poisson reproduction and innovation. The analogy
between INAR time series with Poisson conditional distributions and Hawkes point
processes makes it unsurprising that some authors use the name “discrete-time Hawkes
process” as a synonym for “Poisson autoregression’; see, e.g., [15, 20, 21]. The term
“Poisson autoregression” appears for the first time in [12], where the linear case is
studied. The choice for the conditional Poisson distribution for counts of events in
some interval might be justified by the Poisson limit theorem: we observe (and count)
one of many possible but all very unlikely events in one time unit. Furthermore, the
Poisson choice makes the conditional distribution tractable and allows the Poisson
embedding construction which is very helpful in the proofs.

In the domain of counting time series, we see two main motivations for nonlinear
models. First of all, in some applications, there might exist a physical barrier such that
the conditional expectations A, in (1) cannot exceed a certain relevant threshold. Think
of the conditional expectations A,, depending on some bounded temperature, voltage,
or tension. In this case, we typically want to model this situation by a bounded transfer
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function ¢, which introduces the nonlinearity. Secondly, there are applications where
the occurrence of events at one time point might typically decrease the occurrence
of events at the next time point. Think of the number of extreme weather events
per week, the number of volcanic eruptions per month, the number of fish catches
over a certain threshold per year, or the number of social revolutions per decade. To
model situations like these, one typically needs to allow for possible negative values
of the coefficient functions o (). Therefore, to guarantee a nonnegative conditional
expectation A, the transfer function ¢ has to be nonlinear. Here, typical choices would
be ¢ : x — max{mx + ¢, 0} or x — log(1 + exp(mx + c)) for some m, c € R.
Many variants of Poisson autoregression have been considered in literature. [13]
investigates the nonlinear Poisson autoregression (X, ),cz with dynamics

Ap = f()\n—l) + b(Xn—l)7

proving the existence of an ergodic version of the process under a Lipschitz condition
on f and b. [8] considers the more general dynamics

An = f(Xn—l’ An—l),

and again shows the ergodicity of the time series under a Lipschitz condition on f.
Another relevant contribution is [9], where a similar model like ours is considered.
In this article, at each time point the choice of the transfer function ¢ depends on the
value of some Markov chain. If one ignores the Markov modulation in the model of
[9] and the marks in our model, then the time series studied in [9] coincides with ours,
and our Theorem 2 is a special case of Theorem 2.1 in [9]. We emphasize that we use
completely different techniques, which pave the way to prove existence and uniqueness
of an ergodic version of the time series even when the transfer function is bounded,
Lipschitz but not contractive (see Theorem 3) or sublinear and lower-semi-continuous
(see Theorem 4). Furthermore, [8, 9, 13] focus on inference problems, whereas we
focus on convergence to equilibrium by using coupling techniques which allow us to
derive explicit upper bounds and rates for the total variation distance between the laws
of an ergodic and a non-ergodic version of the time series (see Sects. 3 and 4).

As a further simple idea that might be relevant in applications, we introduce in the
model identically distributed marks, that are attached to each of the events that are
counted. These marks potentially modulate the autoregression coefficients: a “strong”
event can have a different impact on the future of the count time series than a “weak”
event. As we only assume identical distribution together with independence from the
past, the marks corresponding to events at a specific point of time k might be correlated
or even identical. Moreover, due to the very general form of the mark space, the marks
might model the location of an event.

The paper is organized as follows. In Sect.2 we study the ergodicity of the model
under various assumptions on the parameters of the nonlinear marked Poisson autore-
gression. In Sects. 3 and 4 we investigate the convergence to equilibrium and the rate
of convergence to equilibrium of the model, respectively. In Sect.5 we provide some
examples and numerical illustrations. In Sect. 6 we briefly discuss a multivariate ver-
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sion of the nonlinear marked Poisson autoregression and some open problems which
we plan to investigate in the next future.

2 Ergodicity

One of the aims of this paper is to give sufficient conditions on the transfer function
¢, on the coefficient functions o, and on the distribution of the marks Z ; for the
existence of a nontrivial ergodic version of the marked Poisson autoregression. We
refer the reader to [4] for an introduction to the concepts (used throughout this article)
of flow, flow compatibility, flow invariance, stationarity and ergodicity of stochastic
processes.

We start with a negative result.

Theorem 1 (Non-existence) There does not exist an ergodic nonlinear Poisson autore-
gression (X,), ez With

e mean A :=Eig = EXg € (0, 00),

e nonnegative coefficient functions oy : Z — R, k € N,

e transfer function ¢ such that ¢ (x) < Rx for any x > 0 and some R > 0, and

[e e
> kay < oo, with@y := Ellax(Zo,)|], k € N. )
k=1

Proof We first show by induction that

n n 0 X
]P’(ZX;(=O|]-'§ v]-"oz> =exp{—> ¢| > > wmiZi)) (3)
k=1 k=1 \i=—o0 j=1

forall n € N. For n = 1 the claim is true as clearly P (X = 0| Ff v Ff) = e 1.
So suppose that the claim is true for n — 1. We have

n
P (Z Xy =0|FX, v ]-‘,,Z_1>
k=1
n—1
=K [1 (Zxk = 0) 1(X, =0) | FX v J—',,Z_li|

k=1

Xk=0>P<Xn=0|ff_1V}-nZ—1)

0 X
exp 1 —¢ Z Zan—k(zk,i)

k=—o0 i=1
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Taking the conditional expectation with respect to ]—'(f v]—'oz and applying the induction
hypothesis, we obtain

(ZXk_O‘fo v]-"0>
k=1

n—1 0 X;
_IP(ZXk_O‘FO v]—"o)exp —¢ Z Zanfi(zi,j)

k=1 i=—o00 j=1
n—1 0 X; 0 X;
=expi—Y ¢ D D aiZip|repi—o| D D anilZi)
k=1 i=—o0 j=1 i=—o0 j=1

It follows that (3) is true for all n € N. Note that, as the sequence of events

n
k=1 neN

is nonincreasing in n and the sequence on the right hand side of (3)is a.s. nonincreasing,
taking the limit as n — oo in equation (3), we have that this relation remains true
when n = 0o. Now suppose that there exists an ergodic version of the time series with
the properties described in the statement of the theorem. By (3) with n = oo we have
that

00 oo 0
P <Z Xy = O) >expq— Z Z Zotk—i(zi,j) : “4)

k=1

For the expectation, we apply a general form of Wald’s identity. Indeed, from our
assumptions, we have that for all i € Z and for all £ € N, the counting variable
X; and the sequence (ax—;(Z;,j)) en are independent. Furthermore, we have that
E[X;] = A < ocoand E[a_; (Zi,j)] =i < OO,j € N. Thus,
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where the latter inequality follows by the assumptions (2) and A < oo. Since we are
assuming that the time series is ergodic, we then have that

(Err) o

n=1

Note that this implies P(X,, = 0) = 1 foreachn € N, so that A = EX; = 0, which is
in contradiction with the original assumption A € (0, co). The proof is completed. O

From Theorem 1 it follows that, if an ergodic marked Poisson autoregression with
coefficient functions oy : Z — Rso,k € N, transfer function ¢ : x — x, x €
R>0, and mean A € (0, c0) exists, then necessarily Zk:l koy = o00o. Note that,
taking expectations on both sides of (1), and dividing by A, we have ) ,_ oy =
1. Therefore, if an ergodic linear marked Poisson autoregression with non-negative
coefficient functions and finite and positive mean exists, then (orx)r>1 specifies a
probability distribution supported on N with infinite mean.

Next, we establish the existence of an ergodic version of a marked nonlinear Poisson
autoregression, under different assumptions on ¢, the coefficient functions oy as well
as the mark distribution.

Theorem 2 (Existence for Lipschitz transfer) Suppose that
¢ is Lipschitz continuous with Lipschitz constant Lip(¢) < 1. %)

Then there exists an ergodic version of the nonlinear marked Poisson autoregression
with finite mean.

Proof Let N be aPoisson process on R x R>( with mean measure equal to the Lebesgue
measure. We assume that N is defined on the same probability space (€2, F, P) on
which the random variables Z = (Z,,,i)n cz.icN Are defined and that N is independent
of Z. We assume that the probability space (2, F, P) is provided with a flow (6,),,¢7,
with respect to which P is ergodic and such that N and (Z .,,')l. < are (6,)-compatible
(this assumption is not restrictive since we can always consider Q := Qy x Qz,
F = Fny ® Fz and P := Py ® Pz, where (Qy, Fy,Py) and (Qz, Fz,Pz) are
the canonical spaces of N and Z, respectively, and, using an obvious notation, we
define N(w) = N((wy, wz)) := N(wy) = oy, Z(w) := Z(wz) = wz and 6,0 =
0N wy, 07 wz), where, roughly speaking, 6,Y is the shift of value n of the measure wy
along the x-axis and 67 is the shift of value n of the first index of the double sequence
a)z).
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Forn € Z, set )\,(10) = 0. Furthermore, for n € Z and £ € N, define the recursions:

X0 = N (In = 1,m), 0, 27) ©6)
n—1 X

)‘516) = d) Z Zan—k(zk,i) . (7)
k=—o0 i=1

By construction, for each ¢ € N, the processes (Afp) ’ and (X,(,Z)) ’ are (0,)-
ne ne
compatible,n € Z, and therefore ergodic. Letn € Z be fixed. The (6, )-compatibility of

)»5,() and X ,(f) can be proven by induction over £ € N. Note that )»,(10) is (6, )-compatible,
indeed 2.\ (B,0) = 0 = 1 (). We have

X5 0a0) = N([—1,0), (0, 23 G,0)) Gu0) = N([n — 1, 1), 0, L2 (0)]) (@)
=X (w)

and

-1 XV
1
1W$Wenoy=¢ Y Y aw(Ziituw)
k=—oc0 i=1
—1 X )
=¢| D Y euZuiri()
k=—00 i=1
n—1 X" (@)
=¢| Y. > awilZii@) | =1 ).
k=—oc0 i=1

Now assume that )»5,[_1) and X ,(f_l) are (6,)-compatible. Then it is obvious that X ,(f)

is (6,)-compatible, and so it immediately follows that )\,(,Z) is (6,)-compatible. The
proof of the (6,)-compatibility of ()Lfle)) . and (X ,@) . is completed.

Letn € Z be arbitrarily fixed. We pr0\76€by induction t’}lleat (Z,,, i)ieN is independent
of f,f‘@) for each £ € N. For £ = 1 the claim is obvious as .7-',5((1) = {0, }. Suppose
that (Z”J)ieN is independent of ]—',f(e_l) ,then (Z”J)ieN is independent of .7-',’,\“_1) ,and
SO (Z,“-)ieN is independent of f,f © (recall that by construction the sequence Z is
independent of the Poisson measure N).
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For £ € N, we have (using the Lipschitz property of ¢ and the independence of
(Zk.i); o from FX “ for each ¢ e N, and applying Wald’s identity as after relation

n—1
B ‘Aﬁ,‘“l) _ A;@)‘ < Lip(¢) Z @, 4E ‘X£e+1) -~ X](f)
k=—00

n—1
SLip@) Y. @ kB[N — 1,0, 0.47) - Nk — 1.0, 0.3 ")
k=—o00

n—1
. — {4 —1
—Lip¢) Y an,kE’A,E Y

k=—00

And so, by stationarity,

n—1

l+1 . — 4 -1 . 4 —1

E |3+ —x((f)‘ <Lip(¢) > a,,,kE\xy — 2 >‘ = (Lip(@) E |2 — (=
k=—00

= Lip@)" E|3"| = 9(0) Wip(@)" ®)

Therefore, by assumption (5), we have that (Agp)e N is a Cauchy sequence in L' (P)
S

and consequently
kff) converges to some limit Af,erg) inL! (IP) as £ — oo. )

In particular, note that A := ]E)»(()erg) is finite. By Markov’s inequality, for any
£ € N, we have

P (250 =28 > wip@)™?)

< MLip@) P E[3§T =30 < 6(0) Lip@n /2,
where the latter inequality follows by (8). By assumption (5) we deduce that

SR ([T =20 > wip@n?) < oo,
teN

and so, by the Borel-Cantelli lemma,

for all ¢ sufficiently large,

+1 4 .
ALHD ¢ )‘ < (Lip($))"? as.
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Using Cauchy’s criterion, for each n € Z, (A’(f))e N converges to )»,(frg) as { — oo, P-
€

a.s. Clearly the process (Azrg)n <718 (6p)-compatible, n € Z, and so ergodic. Similarly,

SR (|xXE x| > wipn?)

£eN

<Y Wip@n P E[x§ ) - x|
teN

=Y (Lip(¢)) “*EN(-1,0). (min{ay ", 257}, max{ag Y 257}
£eN

=3 Wip@) PERY 28|
teN

< ¢(0) (Lip(¢) ™" Y Lip())* < oo,

teN

and so, for eachn € Z, (X,(f))g N converges to some limit X,(,erg) as £ — oo, P-
€Ny

a.s. Let n € Z be arbitrarily fixed. Since (Zn, i)ieN is independent of f,f( ([), for each
£ € Ny, then (Z"’i)i eN is independent of .7-",5( (erg). Clearly, the sequence (X ,(lerg)> is

€7
(6,)-compatible, and therefore ergodic. To conclude the proof, we need to shO\;l/ that

(X,(,erg)) ’ solves (1). By Fatou’s lemma and (9), for each k € Z, we have
ne
E ’X,(frg) — N([k — 1, k), (0, ,\,(frg)])’ < liminf E ’N([k — 1.k, (0,297
—00
_N(k — 1, k), (0, x,ﬁerg’]))

= liminf E [{0 — 3\
—> 00

=0,

and so (X,(,erg)> is a modification of (N([n —1,n), (0, )»ﬁ,erg)])) 2 i.e.,

nez ne

PX® = N(n — 1,n), (0, ., Vnez) =1.

The claim then follows if we show that ()L,(frg)> is a modification of
ne

(erg)
<¢< Z;l_oo IX:"I an_k(Zk,,')>> . Applying again Fatou’s lemma, for each
nez

n € Z, we have

x (€2

n—1 k

B —o | > 3 eni(Zii)
k=—o0 i=1
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(erg)
n—1 X
<timinfEAY —¢ | > 3 ey i(Zi)
=00 k=—o00 i=1
w1 X -1 X
< hzrglolélep(@E kZ 20%71((2/{,1‘) - kz Zl an—k(Zg,i)
=—00 I= =—00 1=

< Lip(¢) lim inf E| X — X(()erg>|
{—00

= Lip(@) lim inf EL — 28| = 0.
— 00

The proof is completed. O

If the transfer function is bounded, the contractive condition (5) on the Lipschitz
constant is no more necessary, indeed the following theorem holds.

Theorem 3 (Bounded Lipschitz transfer) Suppose that ¢ is Lipschitz continuous and
bounded and assume (2). Then there exists an ergodic version of the nonlinear marked
Poisson autoregression.

Proof Let N be a Poisson process on R x Rxo with mean measure drdz. We assume
that N is defined on the same probability space (€2, F, P) on which the set of mark
random variables Z = (Z”J)nez,ieN is defined and that N is independent of Z. We
assume that the probability space (2, F, P) is provided with a flow (6;),cz with
respect to which IP is ergodic and N and Z are (6,,)-compatible (this assumption is not
restrictive, see the proof of Theorem 2).

Forn € Z and ¢ € N, we define recursively X,(f) and )L,(f) as in (6) and (7). As

checked in the proof of Theorem 2, for each ¢ € N, the processes ()\Ef)) . and
ne

(X ,(f)) ’ are (0,)-compatible, n € Z, and therefore ergodic. As checked in the proof
ne

of Theorem 2, for arbitrarily fixed n € Z, (Zy.;), .y is independent of F,X “ for each
¢ eN.
For each n € Z, the IP-a.s. convergence of X ,(f) as £ — oo holds if we prove that

D, : = limsup X\¥ — lielggolf x©

£—00

=N(n—1,n), (liem inf 29, limsup ,97) = 0, P-as. (10
—00

{— 00

We shall show later on that, for any integer K > 1,

—>0 £—>00

K
P (Z D, =0|FPVFf vo {neminf,\g“, lim supxi‘”})
n=1

K 0  Dg
> exp{ —Lip@) Y > > lonw(Ze)l ¢ - (11)

n=1k=—o0 i=1
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Taking the expectation, then using Jensen’s inequality, Wald’s identity (as after relation
(4)), and finally the relation E[D;] < E[N ([i — 1, i), (0, [[#lloc])] = ¢ lc0, We Obtain

K K oo
P (Z D, = 0) > exp {—Lip<¢>||¢||oo Zzak} . KeN
n=1 n=1k=n
Letting K tend to infinity, we conclude that
o0 o0
P (Z D, = o) > exp {—Lip<¢>||¢||oo Zkak} >0,
n=1 k=1

where the latter inequality is a consequence of assumption (2). Thus, P(D, =0) > 0
for each n € N and by ergodicity of the sequence (Djy),cz, we have (10), and so

(&)
(X ’) converges P-a.s., as £ — 0.
Now we prove (11). We proceed by induction over K > 1. For K = 1 we have

. 0 .. ()
P (Dl =0 ’ .7-'0[) \Y .7-'02 Vo illm inf A( ) 11m Sup)\(z) ’) e~ (MM supp_, oo Ay~ —liminfy_, oo A1)

0 Dy
>exp{—Lip(@) > > lor—i(Zei)|¢ -

k=—oci=1
where the latter inequality follows from the following computation:

limsup2© — liminf A) = lim sup A\ — 1)

01— 00 {—o00 Zﬁoop’ng
n—1 X(p) n—1 X(q)
<Lip(@) Jim sup | 3 Zak (Ze)— Y Zak 1(Ze)
aoopq>g -
k=—o0 i=1 k=—o00 i=1

w1 167X
<Lip(@) lim sup > Y lank(Ze)

Crazt "o ol
n—1 SUPp>¢ X/EP)_i“fqzl Xl(cq)
<Lip(g) lim > > |tk (Zi.)]
® = i—1
a1 limsup,_, o X\ —liminf o X\
=Lip(¢) > > etk (Z)| (12)
k=—00 i=1
n—1 Dy
= Lip(¢) Z > ot i(Zii)l. (13)
—o0 i=1
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where equality (12) follows by a simple truncation argument. Assume the claim holds
for K — 1. By (13), we have

K K
D A L 0 1 {4
P(Ean=0‘fK_1vf0 \/\/o{herglorolf)\fl),hmsup)\f,)})
n= =

{—o00

{—00

K—1
=1 { Z Dn=0} P (DK—O‘ }"K Vv ]—"0 \% \/ {lunlnfk( ) hmsup)»(e)}>
n=1

=1 Z D, =0¢exp —(l1msupk( ) 11rn1nf)u( ))}
n=

{—00

K—1 Dy

K—1
>1 ZD,,:O exp § —Lip(¢) Z Z|06K—k(zk,i)|
=1

k=—o0 i=1

_ 0  Di
=11>" D, =0fexp{ —Lip@) Y > lax—i(Zc,)l

n=1 k=—o00 i=1

Taking the conditional expectation with respect to .7-'0D \ _7_-02 Vo {lim infp_ 00 A

lim sup,_, o, )Lie) } and applying the induction hypothesis, we obtain

K
P (Z D, =0 ‘ .7-"0 \ .7-"0 Vo {hmlnfk% >, lim sup)\(z)}>
n=1 -

{—o00

> exp | —Lip(@) Z Zm (Zi)

—o00 i=1

K—1 0 Dy,
exp{ —Lip(@) Y Y Yl k(Zii)l

n=1 k=—o0 i=1

K 0 D
= exp —Lip((]ﬁ)z Z Z lotn—k (Zk,i)|

n=1i=—o0 i=1

The proof of (11) is completed.
Finally, we show that the limiting process solves (1). Let (X,(,erg)) and

neZ
(A,(frg)) be defined by
nez

X7 = lim X0 and A= lim A0, Peas.
£— 00
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(note that the almost sure convergence of the sequence ()»,(f)>€ is guaranteed by (10)
and (13)). Obviously, forn € N,

X(Crg)

n—1

W =¢ Z Zan «(Zii) |, Paas.
—o0 i=1

Clearly these processes are (6,)-compatible and consequently ergodic We have
already noticed that, for each k € Z, (Zk ,) is independent of F X , for each

¢ € N, and therefore (Zy.; ),y is independent of F; X(E®)

It remains to prove that, for n € Z, X, (erg)

1,n), (0, Aflerg)]). By Fatou’s lemma, we have

is a modification of N([n —

E[X\ = N(In = 1,m), 0, 47])|

X0 = N = 1,m), 0, 45D

{—00

= lim inf E ]N([n —1,n), 0, A0 = N([n — 1, ), (0, 1)

_hmlnfE’)»(e D) )»,(frg) .

{— 00

This latter term is equal to zero by the dominated convergence theorem (indeed the

random variables )L,(f), )\’(;:rg) are bounded by ||¢ ||~ and )Lff) — )Lf,erg) a.s.,as £ — o0).

Therefore, for each n € Z, E| X, (erg) —N([n—1,n), (0, A(erg)])| = 0, and so, for each
nez,X, (ere) _ ([n—=1,n), (0, A(erg)]) almost surely, which concludes the proof. O

Finally, we present an existence result without continuity assumption.

Theorem 4 (Transfer without continuity assumption) Suppose that ¢ is nondecreas-
ing, lower semi-continuous, and such that ¢(x) < B+ yx, x € Rxo, for some > 0
and y € [0, 1). Moreover, suppose that oy : Z — Rso, k € N. Then there exists an
ergodic version of the nonlinear marked Poisson autoregression with finite mean.

Proof Let N be aPoisson process on R xRxo with mean measure equal to the Lebesgue
measure. We assume that N is defined on the same probability space (2, F, P) on
which the mark random variables Z = (Zk ,) kez.ien Are defined and that N is inde-
pendent of Z. We assume that the probability space (€2, F, P) is provided with a flow
(61),,c7 with respect to which P is ergodic and N and Z are (6,)-compatible (this
assumption is not restrictive, see the proof of Theorem 2).

Forn € 7Z and £ € N, we define X,(,e) and )»,(f) as in (6) and (7). As checked in

the proof of Theorem 2, for each £ € N, the processes (k(e)) . and (X (K)) ’ are
ne
(6,)-compatible, n € 7Z, and therefore ergodic. As checked in the proof of Theorem

2, for each i € Z, the mark sequence (Zkvl)ieN is independent of ]-",f(( ), £ e N.
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Since the functions a4 (-) are nonnegative and ¢ is nondecreasing, we have that, for
eachn € Z, the mappings £ — )L,(f) and{ — X ,(,O are nondecreasing. Therefore there
exist the limiting processes ()L,(lerg)) . and (X ,(,erg)> 2 which are (6,)-compatible

ne ne
and therefore ergodic. Note that, in particular,

X\ = N([n - 1,n), 0, A7),

and so the claim follows if we prove that Ekéerg) < oo and

n—1 X]Eerg)
Al _ g Z Z on—k(Zri) | - (14)
k=—o00 i=1

Stationarity of the processes (xff)) and (X ,(f)) , £ € N, sublinearity of ¢, and

nez nez

monotonicity of (kg) )z N yield
€

Er” < B+yEX =B+ yEAS " <B+yEL, teN

and thus E)\gz) < B/(1 — y). Passing to the limit as £ — oo and using the monotone
convergence theorem we obtain

]E)L(()erg) < B < 0.
l—y

For each n € Z and £ € N, by monotonicity we have

() (erg)
n—1 X n—1 Xy
W= D Y@ || D D enaZid)
k=—00 i=1 k=—o0 i=l
On the other hand
n—1 Xl(f)
=00 =0 33w (Zin)
k=—00 i=1

The claim (14) follows taking the limit as £ — oo on this inequalities. Indeed, by the
first inequality we immediately have

x (erg)
n— k
W <ol 3 wnizii |
k=—o00 i=1
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and by the second inequality we have

n—1 X"
(erg) o 15
A paparat
-1
a1 X"
> ¢ hmmf Z Zan k(Zk,i)
—oo i=1
n—1 Xl(cq)
=¢ elggo ;I;fe k_X_:OO ;O‘n—k(zk,i)
-1 infq>gX 2
> lim Z
> ¢ Sm Z Zl An—(Zi,i)
k=—00 1
n—1 X"
=¢ lllfgo Z Zlan k(Zkz) 15)
—o0 1
ot X
=¢ Z Zanfk(zk,i) ,
k=—oc0 i=1

where the second inequality follows by the lower semi-continuity of ¢ and in (15) we
exchanged the limit with the infinite sum by the monotone convegence theorem. 0O

3 Convergence to Equilibrium and Uniqueness

We say that (X ! ) is a nonlinear marked Poisson autoregression with initial con-
dition C on Z< if (X ( )k<0 satisfies C, and

X, | FX v FZ | ~Pois(h,), n=>1,

with
n—1 n— IXk
mi=¢| D Zan K Zei) | =¢ Z Zan KZk)+ Y e Zi) | (16)
k=—o0i=1 k=—oc0i=1 k=1i=1
Here (Z k,i) keZ ieN is a set of identically distributed mark random variables with values

in a measurable space (Z, Z) such that the mark sequences (Zk, i)i are independent

eN
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over k, and, therefore, (Zk,i)i N is independent of F, X /, k € N. Furthermore, o :
Z —- R,k e N,and ¢ : R — R>( are measurable functions, which, as before, we
call coefficient and transfer functions, respectively. In this section, we investigate the
convergence to equilibrium of such a non-stationary model under various assumptions
on ¢, ag, k € N, and the distribution of the marks. Below, we denote by (X)), <z (and
(An)nez) an ergodic version of the nonlinear marked Poisson autoregression with finite
mean, as constructed in the previous section. We say that the ergodic law of (X},), ¢z
is unique if any other ergodic version of the nonlinear marked Poisson autoregression
with finite mean has the same law as (X,,),c7z. We refer the reader to [5, 10, 18] for
the formal definitions of the convergence concepts for discrete-time and real-valued
stochastic processes used throughout the paper. Our use of coupling and convolutions
of sequences and discrete distributions is specified by the following definitions.

Definition 1 [Convolution] Given two nonnegative sequences a = (a,),cz and b =
(bn)nez, we define their convolution as

(a*b), = Zan,kbk, keZ.
keZ

We denote by a*" the m-fold convolution of a with itself and we set a}* = 19 (k). For
A adistribution function supported on N with A(n) := ZZ:] a,, for some nonnegative
sequence (ap) such that anl a, = 1, we set

n
AV=1 and A*(n):=) A VKa, 4, 1<i<n
k=1

Definition 2 (Coupling [18]) Let (X,),cz and (Yy),c7 be two stochastic processes
defined on the same probability space (2, F, P) and with values on N. They are said
to couple if there exists a IP-a.s. finite random variable T such that

P(X, =Y, Vn>T)=1.

T is called coupling time.

First, we consider nonlinear marked Poisson autoregressions with contractive Lip-
schitz transfer functions.

Theorem 5 (Convergence to equilibrium and uniqueness with Lipschitz transfer) Sup-
pose that the transfer function ¢ is Lipschitz continuous with Lip(¢) < 1 and let
(X)nez be an ergodic version of the nonlinear marked Poisson autoregression with
finite mean, as constructed in Theorem 2. Then:

. / . . . . . . .. ..
(i) If (X n) ’ is a nonlinear marked Poisson autoregression with initial condition
ne

0
Cr nlgr(;OkZ @, +E|X,| =0,
=—00

@ Springer



Journal of Theoretical Probability (2026) 39:18 Page170f39 18

then (X /K +n>nEZ converges in total variation (and therefore in law) to (X,),e7,

as K — oo.
(ii) The ergodic law of (Xp)nez is unique.

I ! . . . . . . ., . ., .
(iii) If (X n) ’ is a nonlinear marked Poisson autoregression with initial condition
ne

fe's] 0

Cr: Z Z &n_kE|X}<| < 00

n=1k=—o00
and (2) holds, then the processes (X;l) ’ and (X,),cz can be constructed in
ne
such a way that they couple.

Proof (i). We start constructing a nonlinear marked Poisson autoregression (X ,’1)” 7

with initial condition C; on Z<. Let (X;l)k o satisfy Cy on Z<o. Let N be a Poisson
<

process on R x R with mean measure d¢dz independent of .7-"5(,. Forn € N, we set

X, :=N(n—1,n),(0,4,]), and

n

, n—1 Xk
Ay =@ Z Zan—k(zk,i)

k=—o00 i=1
n—1 X
=¢ Z Zan k(zkl)+ZZan «(Zii) | -
k=—o0 i=1 k=1 i=1
where we use the convention Z?:l ... = 0. Here, (Zk’,-) ez icy are identically

distributed Z-valued mark random variables, independent of N, such that the mark
sequences (Zkl) are independent over k € Z and, thus, for each k € N, the

mark sequence (Z;w)iGN is independent of fk . Obviously, ( n)”eZ follows the
dynamics (16) on N. Note that, forn € N, A; < oo a.s. Indeed, by the initial condition
C we have that

0 XL
VneN, Z Z lotn—k(Zi,i)| < o0, P-ass.

k=—o0 i=1

Let (X,),cz be an ergodic version of the marked Poisson autoregression with finite
mean A, as constructed in Theorem 2. We construct such a version using the same
N and the same marks (Z ;) used to construct (X)),ez. By Theorem 2 (X,),cz
is a modification of (N([n — 1, n), (0, A,]1)),,cz, Where (X,,),cz is a modification of

(¢ ( Z;l_oo le=kl O‘n—k(Zk,i)))nEZ
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Set )
ap .= E H)»k — )»ku lgen), keZ.

We aim to show that limg_, o ar = 0. For n € N, we have

n—1 Xi n—1 X,;
an <Lip@E | Y > ani(Zei) = > Y oni(Zei)
k=—o0 i=1 k=—o0 i=1
n—1 X X,
<Lip(®) Y B> eni(Zei) = Y ani(Zii)
k=—o00 i=1 i=1

n—1
< Lip(¢) Z E [latn—k(Zo,)|] E [IXk - XLI]

k=—00
0 n—1
<Lip@) Y @« +EX}) +Lip(d) Y i,
k=—00 k=1

where we have used Wald’s identity as after relation (4). Setting

0
by :=Lip($)@, and c, :=Lip@) » &, +EX}). neN,
k=—o00
we have
n—1
an <cu+ Y _arby k. neN (17)
k=1
lim ¢, =0, (18)
n—oo
o0
B:= an <1. (19)
n=1

By (18) we have sup,~| ¢, < C < oo for some constant C > (. Consequently, also
the sequence (a,) is bounded. Indeed, together with (17) we find

n—1

n—1
a, <C+ an_k max a;=C+ Zbk max a; <C+ B max ay.
=1 =1 1<t<n—1 1

1<t<<n-1 <t<n—1

Taking the maximum overn € (1,2, ..., K) onboth sides and iterating the inequality,
we obtain for all K € N

max a, <C+B max a, <C+B(C+ B max a,;)

1<n<K 1<n<K-1 1<n<K-2
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<CA+B+B*+..)=—— = A,

and thus sup,, > @, < A < oo by (19).
Next, we iterate the inequality (17) to obtain

Ji—1

an = Cn + Z bn—jici + Z bn—jy Z bji—jpaj, < s\ + 517,
Ji=1 J1=1 J=1

with
n—1 Jji—1 Jn— 1—1
. o
S, i=cCnt bp—jicj +. + bn Jj1 bj—j - bj, \—j.Cj,
Jj1=1 J1=1 J2=1 Jn=1
and .
]l_l ]n_l
(2) _ L .
bn —J1 bji—j - Dy ju1 @i -
J1=1 J2=1 Jn+1=1
We have

00 n+1
s,(,z) < Zbi max aj < Bt A
1<j<n—1

i=1

) (4

and consequently s( — 0, as n — oo. We rewrite s,

5y = Z(b*J %),

where the symbol * denotes the convolution between sequences; here we setb;, ¢; =
0 for j < 0. We have

o)
sV =CY ),

j=0

We aim to show that Y72 3% (b*/),, < 0o, which implies lim,, sy =0 and
then lim,, . 5 a, = 0. Reasonmg by induction over j > 0, we obtain that

Z(b*j)n < B/, foreach j >0,n eN.

n>1

Therefore Y7, Z;’io(b*f)n < X0 B/ =1 —-B)"! <oco.LetK,k1,k2 € Z
with k1 < k. We have

]P <(XK+K|’ XK+/(]+17 ] XK—HQ) 7& (XKJFK[’ XK+K1+1’ BRI XK+K2)>

@ Springer



18  Page 20 0f39 Journal of Theoretical Probability (2026) 39:18

K+k3
- U {|X,,—X;1| >0}
n=K+x
K4k
3 ]P’(|Xn —X| > 0)
n=K+k
K+Ky
Y E [|Xn - X;|]
n=K 4k
K+

= E a, < (kp — k1 + 1) max a.
ke(K+k1,K+k1+1,...,K+k2)
n=K -k

IA

IA

Since limg _, o ag 4+« = O for each « € Z, we have that,

IP((XK+K15 XK+K1+1’ ""XK-"-KZ) ;é (XK+K|’ XK+I{]+17 "'9XK+K2)) i 07
as K — 00 (20)

for each k1, kp € Z.
In particular, letting dry denote the total variation distance (see e.g. [10, 18]), for
n,xt,...,x, € No,and «q, ...,k €Z, k1 < kp < ... < Kk, wWe have

/ ’ ’
drv (X Xy o X)) Ko X0 X))

BN | —

’ ’
= Z ‘P(XK+K1 =Xt X =xn) —P(Xie) = x1...., Xigy =xn)
xl,...,anNo

1 / /
) Z ‘P(Xlﬂ-kl = X, =) = PX K = X150 XK, = )

X1,-..xp€Ng
1 , ,
< 5P ((XK+K] e Xy ) # (XK+,(1,...,XK+K")) (1)
1 ’ ’ ’
=3 <(XK+K1’XK+K1+1’""XK+Kn) # (XK+K1’XK+K1+1’”"XK”"))'

In (21), we used the (basic) coupling inequality, see e.g. [18, eq. (2.6)]. Therefore,
by (20), (X ;< +”)nez converges in total variation to (X,),cz, and the proof of (i) is
completed.

(ii). Let (X ,1),1EZ be an ergodic version of the nonlinear marked Poisson autoregression
with finite mean, say A, different from (X,,), <. We will check later on that ()N(n)

nez

satisfies the initial condition C; on Z<o. Therefore, by (i) we have that (Xg 1), _,
converges in law to (X,), <z as K — 0. Since (X”)nGZ is stationary, foreach K € N,

(§K+”)neZ has the same law as (in)neZ’ which implies that the processes (iﬂ)nez
and (X},), <z have the same law, i.e., the claimed uniqueness in law. It remains to check
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that (}?n)n 7 satisfies the initial condition C; on Z<o. We have

oo

Z @y i E|Xy| = Z asn — oo.
k=—00 k=n
(iii). By (17), for all K € N, we have
K n—1
Zan < Lip(¢) Z Z Tk +EX)) +Lip(@) Y D @k
n=1k=—o00 n=1 k=1
< ¢+ Lip(¢) Zan, (22)
n=1
where
oo 00 0
c = ALip(¢) Y ntty +Lip(@) Y > @ 4EX),.
n=1 n=1k=—oc0

By the assumption ) 2, k&t < oo and by the sharper initial condition Cy we have
¢ < 00. From (22), we obtain
K

Yy s ——
1 — Lip(¢)

n=1
and letting K tend to infinity we finally have

o]

Zan < ; <00
1 — Lip(¢)

n=1

Therefore, by the definition of a,, we have

oo
E [Z X, — X,’z|:| <00
n=1

So the processes (X;l) ’ and (X,),cz (taking values on Ny) couple. O

ne
Next, we consider nonlinear marked Poisson autoregressions with bounded and

Lipschitz transfer functions, not necessarily contractive.

Theorem 6 (Convergence to equilibrium and uniqueness with bounded transfer)
Assume that ¢ is Lipschitz continuous and bounded, (2) and let (X,), cy be a ver-
sion of a nonlinear marked Poisson autoregression, as constructed in the proof of
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Theorem 3. Then:

il

is a nonlinear marked Poisson autoregression with initial condition

o) 0 X,/(
Cp: lim D30 D ek (Zid) =0 Pas.,

n=m+1 k=—o0 i=1

then the processes (X/ ) and (X,),,cz, couple. In particular, ( Kin ) . converges
€

in total variation (and therefore in distribution) to (X,),cz as K — oo.
(ii) The ergodic law of (Xy),cz is unique.

Proof (i). We construct a nonlinear marked Poisson autoregression (X;l)neZ with
initial condition Cy on Z<p exactly as in the proof of Theorem 5. Using the same

Poisson process N and the same mark random variables (Zk, ,~)

keZ.ieN’ we construct

(Xn)nez (and (Ap)nez). By the Lipschitz property of ¢, for each n € N, we have

_ max{Xk X}

Ay, — Al < Lip() Z D ek (Zra)

@ Springer

k=—o0; _mm{Xk X )41

max{Xk X}

= Lip(¢) Z Z lotn—k(Zg,i)|

k=—co z_mm{Xk Xi}+1

max{Xk X}
+L1p(¢)Z S ek (Zid)
k= lz_mm{Xk,XkH»l
X,
< Lip(¢) Z > law—k(Zr.i)| + Lip(9) Z Dan k(Zii)|
k=—o00 i=1 k=—o0 i=1
_ max{X Xk}

+Lip(¢) Z Yo lenk(Zil

k=1 i—min(X;, X¢}+1

0 Xy
<Lip(@) > D e i(Zi)l

k=—o0 i=1
0 N([k—=1,k),0,lI¢llcc D

+Lip(p) Y > lotn—ic(Zk.)1,

k=—00 i=1
_ max{Xk Xi}

+L1p(¢>2 Y. lwZinl. Pas. (23)
k=1 —min{X;, X;}+1
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Let (FN) ,cp be the natural filtration of N, i.e.,
FN =0 (N(A, B): AcB((—c0.1]), BeBR,)).

Set G :=]—",§Vv.7-"kZ.Form > 0and K > m + 1, we have

gK—1i|

gK—l)

K
P( D 1Xn - X, =0‘9K1)
n

=m+1

K—1
=IE|:1( > |xn—x;|:0)1(|xK—x’K|=o)
n

=m+1

KZI

[Xn — X, :0)P<|XK - Xk1=0

/
Xy — X\ =0 | e &Pkl

exp{ — | cx +Lip(®) Y > ok (Zkl | 1 (24)

k=1 —min{ X}, X; )+ 1

Il
-
—
Il >
3
tML

/
m max[Xk,Xk}

exp{— | ck +Lip(@®) Y > lek—k(Zidl | 1. (25)

k=1 —min(X}. X )41

K—1 ) K—1 max(X,.Xg)

where
0 X/L 0  N(k—1,k),O,l¢llccD
ck =Lip(®) > > laxi(Zi)l+Lip@) Y. > otk & (Zi.)|
k=—oc0 i=1 k=—00 i=1

and in (24) we used (23). Note that IP-a.s. we have

m max({X,.X;)

ck +Lip@) Y Y lex—i(Zio)l

k=1 i—min{X;, X¢}+1
m max{X.Xg)

<ck+Lip@) ) D lak—x(Zii)l
k=1 i=1

m  N([k—=1,k),(0,l¢llcc])

<ck +Lip(@) ) > |k & (Zi)|
k=1 i=1

!

0 X m  N(k=L1k),(0,[¢lloc])
<Lip(¢) > > lax «(Zii)|+Lip(¢) Y > ok —k(Z.d)|
k=—o00 i=1 k=—00 i=1
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= dm,K-

Combining this inequality with relation (25), and then taking the conditional expec-
tation with respect to G,,, we have

K K—1
HD( Z |Xn_X;/1|=O|gm> >e mK]P( Z |Xn_X;,|=0|gm>-

n=m+1 n=m+1
Iterating this inequality we clearly have
K K
IE”( > Xy — X, =0|gm) zexp{— > dm,n}.
Note that
K
{ Z | Xn — X, | = 0} is a decreasing sequence of events,
n=m+1 K
therefore letting K tend to infinity we obtain
oo [e e
¥m € N, P( D 1Xn - X, = 0|gm) > exp !— > dm,n}, P-a.s.,
n=m+1 n=m+1

which we rewrite as
Vm e N, IF’(Xth;l, v hzm+1|gm)sz—em P-a.s., (26)

where

m  N([k—=1,k),(0,[¢llo])

F,, :=exp {1 —Lip(¢) Z Z Z lon—k(Zii)l ¢ (S D),

n=m+1 k=—o00 i=1

and
o0
&m = Fy —exp {— Z dm,n} .
n=m+1

Note that the processes (X),c7 and (X L)neZ are adapted with respect to the fil-
tration (Gy), and that (Fy),c7 is ergodic. Furthermore, note that from Wald’s equality
we obtain

oo 0 N(k=1k),0,l¢lloc]) 00 00 00
EY ) lon 1 (Ze)l = Illoo Y, Y@k = liglloo Y kag < oo,

n=1k=—00 i=1 n=1k=n k=1
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where the latter inequality follows by (2). Therefore P(Fy > 0) = 1. By the initial
condition C; it follows

00 0 X/L
0<en=Fn|l—ei-Lip@ Y Y > lowi(Zui)l

n=m+1 k=—o0 i=1

0 0 X;:
< Fulip@) Y Y Y lenx(Zei)

n=m+1k=—o0 i=1
o0 0 X//(
<Lip@) Y > D leni(Zti)l =0, asm — oo

n=m+1 k=—o0 i=I

Then by Lemma 5 in [6] we have that (26) implies that the processes (X;), <z and

(X ,’z)n <z, couple. Convergence in variation (and therefore in law) is a consequence of

coupling, and it can be shown similarly as in the proof of Theorem 5.

(ii). The proofis similar to the proof of Theorem 5(i7). Indeed, applying Wald’s identity
as after relation (4), we find that any ergodic version ()? 1)nez of the nonlinear marked
Poisson autoregression satisfies

00 0 Xk > 0 _
E{Y" " Sl wlZidl | =2Y. > i =4y nay,
n=1k

n=1k=—oc0 i=1 =—00 n>1

and this latter quantity is finite by (2). Consequently, ()?n)nez satisfies the initial
condition C;. O

4 Rate of Convergence to Equilibrium

The following theorem provides a bound on the coupling time between an ergodic and
a non-ergodic version of the nonlinear marked Poisson autoregression.

Theorem 7 (Coupling time with Lipschitz transfer) Assume that the transfer function

¢ is Lipschitz continuous with Lip(¢) < 1 and (2). Let (X;,) ” be a nonlinear
- ne

marked Poisson autoregression with initial condition C1 on Z<o and let (X,),c7 be

a version of an ergodic nonlinear marked Poisson autoregression with finite mean.
These processes are constructed in such a way that they couple (see Theorem 5(iii)).

Letting T denote the coupling time between (X,;) ” and (Xp),ez, we have
ne

]P’(T>m)§1—exp{— > zn}, m e N, 27)

n=m+1
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where -~
2= Y Lip(@) @ By, neN
£=0
and
00 0
Br == ALip(¢) Y @ +Lip(¢) Y @ (EX;, keN. (28)
=k {=—00

Remark 1 Note that the initial condition C; and the assumption (2) guarantee that the
upper bound for the tail probability in (27) is nontrivial. For later purposes, we also
note that (z,),ez satisfies the renewal equation

2= Pu+ Y Lip@) @ % By = B + Lip(@)@*2)y, neN. (29
=1

Finally, we remark that, under the assumptions of Theorem 7, for the mean A of
(X)nez, we have

A < ¢(0)/(1 —Lip(¢)). (30)
Indeed

—1 Xk

L =E¢ Z Za_k

k=—o0 i=1
—1 Xk

<pO) +Lip@E| Y Y o i (Zii)
k=—oc0 i=1
-1

< ¢(0) +Lip(¢) > EXiElax(Z1)|

k=—o00

= ¢(0) + Lip(¢)A

which, since A < oo, yields the claim. So in the case when A is unknown, we upper
bound g by

~ 0)Li
G POLip@)

00 0
T EX:];&@ +Lip(¢) > @ (EX}. keN, (31)

l=—00

and we obtain an explicit upper bound for the tail probability of the coupling time
substituting B by B in (27).

We proceed with the proof of Theorem 7.
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Proof Construct (X;,) and (X,),cz by embedding with respect to the same Pois-

€
son measure as in thenproof of Theorem 5. For any K > m + 1, k € N, setting
Gj:==F¢ vFIVvF!, jeN,by the Lipschitz property of ¢ we have

K
P( > |Xn—X;,|=0|gK_1>

n=m+1
K-1
=E[1< > |Xn—X,;|=0>1(|XK—X’K|=0)|g1<_1}
n=m+1
K-1
=1( > X — X, :O>P(|XK_X/K|=0|QK—1)
n=m+1
K-1
:1( > 1Xa —x’|—o> ~Phr =]
n=m+1
K-1 K—1 X
= (Z X, — X | = ) —le | Do D ez
n=m+1 k=—o00 i=1

K—1
=13 Zak_uzk,,-)

k=—o00 i=1

K-1 K—1  max{X;.X;)
zl( > |Xn—X,;|=0>exp —Lip(¢) Y S ek« (Zi)

n=m+1 k:_ooi:min{Xk,X,/c}+1

K—1
=1( > |X,,—X,g|=o)

n=m+1
max{Xg, X, P

exp { —Lip(¢) Z S ek« (Zi)l

k==00 j _min{xy, X} )41

max{Xg, X o)

—Lip(¢) Z Z lakx —k(Zg,i)l

k=1 —min{X;, X, }+1

Taking the conditional expectation with respect to G,,, we obtain

K
]P’( > x,,—x;1|=0|gm)

n=m+1
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K—1
=P Y X0 — X, =01Gn

n=m+1
0 max{Xk,X;c} m max{Xk,X,/(}
exp { —Lip(@) ) > lek —k (Ze,i)| — Lip(@) Y > lok —k(Zei)
k== _min(X(. X} )41 k=T —min{x; X} )+1

Iterating this inequality we then have

K
P(Z |xn—x,2|=0|gm)

n=m+1

K max{Xg, Xk}

> exp { —Lip(¢) ) Z Yo lenk(Zea)

n=m++1 k—*ooz_mm{xkgxk}+l

m max{Xe,X)

+Y Y lenk(Ze)

k=1 —min{X;, X }+1

Letting K — oo, taking the expectation, using Jensen’s inequality, and then Wald’s
identity as after (4), we obtain for all m € N

o0
[P’(T<m)=IP’( > an;l|=o)
n=m+1
(o] 0 m
> exp [—Lip(¢> 3 ( 3" Elay—k (Zk DIEIXk — Xpl + > Eloty_(Zg, DIEIXg — X,L|) ]

n=m+1 \k=—o0 k=1

oo oo 00 0 ,
Zexp[—xup(m Do D wm—Lipd) Y, Y @ iEX,

n=m+1 k=n n=m+1k=—o00

o0 m
—Lip@) Y Y @kl — x'kll

n=m+1 k=1

o0 [o¢] m
=expl— Y. Ba—Lip@ ) Zan_kwk—x;], (32)

n=m+1 n=m+1 k=1

where (By) is defined as in (28). To proceed with the chain of inequalities, we calculate
a suitable upper bound for E[A; — A, |. For k € N, by the Lipschitz property of ¢ we
have almost surely

_ max{X¢,X}}
Ak — A}| < Lip(¢) Z > |lok—e(Zei)| -

{=—00i=min{X,,X}}+1
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Taking the expectation and applying Wald’s identity as above, we obtain

k—1
E[[24 — 211 < Lip(¢) Z @ (El[|1X¢ — X}[1 + Lip(¢) Y @ ¢El|X¢ — X1
{=—00 =1
k—1
<)»L1p(¢)zaz+L1p(¢) Z @ (EX) + Lip(¢) Y @ ¢El|A¢ — A}]
{=k {=—00 (=1
k—1
= Bi + Lip(¢) Y _ ax—¢Ellre — A]l. (33)

=1

Finally, setting
v =E[l — ALk >1), keZ,

we obtain from (33) the renewal inequality
Yk < Bx + Lip(¢) (@ * p)i.
Iterating this inequality, we have
7= 3 Lip@) @ 5 B+ Li@)™ (v D) ke,
i=0

We note that sup, .7 vk < oo. Indeed

D one=) Elu—xl=) ElXx - X;| < o0,

keZ keN keN

where the finiteness of the latter infinite sum follows as in the proof of Theorem 5(ii 7).
Therefore Lip(¢)" ™ (y * &*(”‘H))k — 0,asn — o0, and so

e < ZLlp(d)) @ % B

£=0

Plugging this upper bound into (32), we conclude that

P(T>m>sl—exp{ Z Bn — Lip(9) Z Zan kZLlp(q» (a*e*ﬂ)k}

n=m+1 n=m+1 k=1
o
<1l-—exp {— S B Y, ZLip@)“l(a*(“” * mn}
n=m+1 n=m+1 £=0
o
=l—exp{— Z zn}, m e N,
n=m+1
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and the proof is completed. O

The following two theorems provide the rate of convergence to zero of the tail of
the coupling time respectively under a light-tail and a heavy-tail assumption on the
probability distribution (ag).

Theorem 8 [Rate of convergence in the light-tailed case] Let the assumptions and
notation of Theorem 7 prevail. Assume that there exists a positive constant n > 0 such
that

Lip@) Y e ar=1, Y ™ pi<oo and » ke™a <oo.  (34)

keN keN keN

Then, for any ¢ > 0 there exists m, > 1 such that for all m > m,

e—(m+1)n

nk
P(T > m) < 1—exp {—(C77 + g)l—_ > ken €7 Br
—e

Lip(¢) > e ek oy

; } where C, :=

And so P(T > m) = O(e~™*tD") a5 m — oco.

Proof By (29) for any k € N we have

k
ez =™ Br + " Lip(¢) Y zx—j&; = " B + Lip(p) Y _e"* Dy e,
jez j=1

i.e., the sequence (e"*z;)ren solves a proper (due to the light-tail assumption, i.e., the
first relation in (34)) renewal equation. The second and the third relation in (34) allow
us to apply the key renewal theorem (see, e.g., Theorem 2.2 in [3]), which yields

. k
lim ez = C,.
k—o00

So, for any ¢ > O there exists k; > 1 such that for all k > k. we have zx <
(Cy+ g)e K. Combining this with (27) we finally have that for any ¢ > 0 there exists
mg > 1 such that for all m > m,

S e—(m+1)n
—nn
P(T >m) <1l—expy—(Cy+e¢) Z e ™t =1—exp _(C”+8)1——e—" ,
n=m+1
and the proof is completed. O

Next, we consider the case when the distribution function A(n) := Zzzl aj,neN,
is subexponential, i.e., foralln > 2

. A(x)
lim — =n
X—00 A(x)
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where A := 1 — A; we refer the reader to [11, 14] for more insight into subexponential
distributions.

Theorem 9 (Rate of convergence in the heavy-tailed case) Let the assumptions and

notation of Theorem 7 prevail, and assume that (X ,;) ’ satisfies the initial condition
ne

supE|X)| < oo.

n<0

If A is subexponential, then, for any ¢ > 0 there exists me > 1 such that for all
m = me,

P(T >m) <1—expq— |:Lip(¢) (%m(@ + supE|X,’1|> + 8:| Z An)

n=0 n>m+1

AndsoP(T > m) = 0O (Z 1Z(n)), asm — oo.

n>m-+

Proof Setting Ry := Lip(¢) Z(l?: @ —¢EX}, the sequence B from (28) reads

B = Ri +ALip(@) ) _@¢ = R+ ALip@)A(k — 1), k€ N.
=k

We recall (see Definition 1) that, being A a distribution function, we have the relations
n n .
AV =1 and A¥m) =) @AV =D @ VAk), niz 1
k=1 k=1
Therefore
n o0
2n = Ry + ALip(¢) Y Ak —1) ) Lip(¢)'a@;
k=1

i=0

= Ry + ALip@) Y (1 — Ak — 1)) Y Lip(¢)'@;

k=1 i=0

= R, +2Lip(¢) Y > Lip(@)'@;, — ALip(¢) Y Lip(¢)' Y Ak — D,

k=1i=0 i=0 k=1

00 n o0 n—1
= Ry +ALip(¢) Y Lip(¢)' Y @}, — ALip(¢) Y Lip(¢)' Y  AKa@;_,_,

i=0 k=1 i=0 k=1

o0 o0
= Ry +2 Y _Lip()"" A% (n) — 1 Y Lip(¢) ' AV (n — 1)
=0 =0
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= Ry + 1) Lip@) ™+ (4% () — A" (n — 1))
i=0

o
= Ry + 3 Y Lip@) ! (A0 — 1) - A (). (35)
i=0
Note that by the subexponentiality of the distribution function A, we have
A*(i-i—l)(n -1 - F(n)

lim — =(@G(+1)—i=1, foranyi. 36
Jim T ( ) y (36)

Let § > 0 be so small that Lip(¢)(1 4+ §) < 1. By the subexponentiality of A and
Kesten’s bound, see e.g. [11, Lemma 1.3.5], there exists a constant Ks such that for
anyi >0andn > 1

A*E+D(p — 1) — F(n)

— Ks(2+8)(1+8)".
e < Ks2+8)(1+96)

By the choice of § we have

ZLip(qs)"“(l +8) < 0.

i=0

Thus, by (35), (36) and the dominated convergence theorem, we have

Li
lim sup _Z" < Lip(¢) sup E|X],| +Aﬂ.
n—oo A(n) n<0 1 — Lip(¢)

So, for any ¢ > 0 there exists m, > 1 such that for all n > m, we have

zn < [ALip(¢)/(1 — Lip(¢)) + Lip(¢) sup E[ X}, + e]A(n).

n<0

Plugging this upper bound into (27) yields the claim. O

5 Examples

In this section, we illustrate the theory developed in the previous sections in the case
of a nonlinear marked Poisson autoregression with a “softplus” transfer function

o (x) = log(l ~|—ec+’”), xeR, ceR, uelo0l), (37)

and with marks (Z,.;), _, ;. suchthat Z, ; = Z, 1,n € Z,i € N,where Z, 1. n € Z,
are independent exponential random variables with mean 1. Note that ¢ is increasing,
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convex and unbounded; moreover it is Lipschitz continuous with Lip(¢) = u, indeed

C-HLX

suqu(x)—sup“— =supL =un<l.
xeR xeR 1 +ectir gl 4emcmix

The softplus transfer function seems a very natural choice. First of all, it seems
natural to look for a non-decreasing function ¢ with lim,_,_ ¢(x) = 0 and
limy_, 5 ¢ (x) = 0o. Secondly, note that exponential functions are excluded, because
they are not Lipschitz, and also linear functions are not possible, as linear functions are
not nonnegative on the real line, and we want to make negative coefficient functions,
and thus “inhibition” possible. These restrictions leave us with the choice (mx +¢)™
(which is not everywhere differentiable) or “something like” the softplus function.
The smoothness of the softplus function makes numerical optimization procedures
for estimation unproblematic.

Light-tailed case
Suppose that the time series has coefficient functions

1_
(hght) ‘Rog—> R, zr> (_l)k_Pka’ k e N, (38)
p

for some p € (0, 1). We have

Z_(hght) Z]EH (hght)(z )H 3 “Tppk]E[Zo,I]=1-

k=1 k=1

Let (X ;1) ’ be a nonlinear marked Poisson autoregression with initial condition
ne

EXx! = Alnitiah 'y ¢ 7, for some constant AWM > 0, and let (X,),cz be a
version of an ergodic nonlinear marked Poisson autoregression with finite mean, as
constructed in Theorem 2. We have

0

Z Z _(llght) _ Znaslght) _ ; P ann < 00,
n=l1 n=1

k=—00 n=1

so the initial condition C; 1 is satisfied. Thus, we obtain from Theorem 5 that the transfer
function ¢ together with the coefficient functions ozlghght) and the exponential mark
distribution specify the unique ergodic distribution of the time series.

Furthermore, Theorem 8 can be applied to this example since the first and the third

relation in (34) are fulfilled with n = —log{u(1 — p) + p} > 0. Indeed,

o0 o0
. nk=(ighy _ 1—p 1ok _l=p elp  1-p
Lip(@) Y _e™a ™ = p—="3 (" p)*ElZo.1]1 = 1 o =l =1
k=1 k=1 P P P
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and

> ligh 1-p — k
ke e e = k(pe = < )
D R D M e

k=1
_p+t u(l -p)
w?(1 = p)

Also the second relation in (342 is satisfied, as the following argument shows. Hereafter,
we work with the sequence (Bx)xen defined in (31), which is an upper bound for the
sequence (Bi)ren. We have

g Lip(¢) e e
Pu= 0O gy 2T L) S gy,
J—
= ¢(0)—1— Z Pl u )\(lmtlal) 4 Z
e P
=07 1-p b + panitad L= P 1-p p*

Il—u p 1-p p l—p

log(1 +¢°) it _
=u (T )\(mmal) pk 1’

and so

Ze”kﬂ (log(l +e) A(initial)) Zenkpk—l _ 1 <log(l +e%) A““““‘”).
keN ® keN I=p\ 1=

We have verified the three assumptions in (34), and thus we obtain from Theorem
8 that, for any ¢ > 0, there exists m, > 1 such that for all m > m,,

(39)

e—(m+Dn
P(T >m) <1—exp (C +8)—n ,

where

1 (log(1+¢%) | (initial)
l_p ( I_M + A' 1mnitia )

¢, = e ™ B _ _
Lip(¢) ZkeN kenk_(hght) p:ﬁ(lp)p)
m (IOgl(l_';C ) + )L(lmtlal))
N nd—=p)+p
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Plugging this expression into (39), we obtain for the light-tailed case the asymptotic
bound

l (1+ L') . . .'1
m (% + A(mltld)) . (M(l _ p) + p)m+1
u(d—p)+p I—(ud—p)+p)

P(T >m) <1—exp

(40)
Subexponential case
Suppose that the time series has coefficient functions
0 R > R, 2 (DR )Tk, (41)

for some y > 2, where ¢(-) denotes the Riemann zeta function. Note that
i) &,((SUbeXp) = 1. Let (X,;) ’ be a nonlinear marked Poisson autoregression
ne

with initial condition EX,, = 0 for each n € Z<o (we assume this particular ini-
tial condition only for ease of notation; clearly, with minor modifications, one could
consider the more general initial condition sup, ., EX,, < 00) and let (X,),cz be a
version of an ergodic nonlinear marked Poisson_autorfgression with finite mean, as

constructed in Theorem 2. Clearly the initial condition C; is satisfied and by Theorem 5

we know that the transfer function ¢ together with the coefficient functions a,ﬁsubeXp)

and the exponential mark distribution specify the unique ergodic distribution of the
time series. Since the law (E,(fube)(p)>k 1 is subexponential (see, e.g., [14, Theorem
>

4.14]) all the assumptions of Theorem 9 are satisfied and, exploiting the inequality
(30), we have that, for any ¢ > 0 there exists m, > 1 such that for all m > m,,

Lip() 3
P(T >m) <1 —exp (¢ (1 - Lip(¢))* )nz )
00 00
1 exp <¢ +8) tn~! Z Z K
n=m+1k=n+1
o k=l
Z 1 exp <¢ 2+e>{(7)_ Z Z K
) k=m+2n=m-+1
e <¢ )m,) > k—m—1k
k=m+2
— 1 exp <¢ )C(V) Z KV —m+1) Z b
k=m+2 k=m+2

(42)
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Note that, for a non-increasing function f : R — R, for all m € N, we have

[ rwax=yrw= [ .
k=m -

m m

Therefore, since y > 2, we have

k=m+2 m+1 Y= 2
and
i KV > (m+2)'7
k=m+2 v = !

Combining these inequalities we find

oo 00 2— 1-

Zklﬂ/_(m_kl) Zkﬂ/fw_(m_kl)w.

k=m-+2 k=m-+2 V- V-

Plugging this expression into (42), we finally obtain for the subexponential case the
asymptotic bound

2—y 1—-y
P(T >m) <1—exp { <(IM_OLV;2 +e> ()~} (W:_l)z —(m+ 1)(”!;_3)1) } . (43)

See Fig.1 for a numerical illustration. In particular, we have chosen ¢ = 1 and
u = 0.4 for the transfer function ¢ from (37), p = 0.5 for the light-tailed case
(see (38)) and y = 3 for the subexponential case (see (41)). For each model, we
simulated pairs, once with a void initial condition, and once with a burn-in of 100 time
steps to mimic an ergodic version. From time 0 on, both simulations are constructed
with respect to the same realization of the driving Poisson process, and also the same
realization of mark variables. For both models, we simulated 10’000 pairs giving us
10’000 realizations of coupling times each.

6 Outlook

One could generalize nonlinear Poisson autoregressions in various directions. For
instance, one could introduce multivariate nonlinear Poisson autoregressions. Such
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Light-tailed case Subexponential case
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Coupling times Coupling times

(a) Histograms of the coupling times. Note that in both models, over 70% of the simulations couple after
only one time step.

Light-tailed case Subexponential case

Empirical tail probabiliies
04
Empirical tail probabilities

(b) The solid lines give the empirical tail function of the coupling times. The dashed lines give the theoretical
upper bound for the tail function from equations (??) (light-tailed case) and (??) (subexponential case),
respectively.

Fig. 1 Numerical illustration of the examples from Sect.5. The parameters are ¢ = 1 and © = 0.4 for
the transfer function ¢ from (37), and p = 0.5 for the light-tailed case (see (38)) and y = 3 for the
subexponential case (see (41)). From each model, we simulate pairs—once with a void initial condition,
and once with a burn-in of 100 time steps to mimic an ergodic version. From time 0 on, both simulations are
constructed with respect to the same realization of the driving Poisson process and to the same realization
of mark variables. For both models, we simulate 10’000 such path pairs, giving us thus 10’000 realizations
of coupling times each. We give histograms a and empirical tail functions b of the coupling times

time series are defined by considering d € N different type of event counts X =
XD XDy with XD = (XY, cpi=1,...,d,

| | A e
XV FE v FE ~Poisi)). and A =Yg | S Yol Pzh |, nez
j=1 k=—o00 =1
where
e FXimo (X k=nj=1...d)nez
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foranyfixed j =1,...,d, (Z(j))
* Y J kil ) kez,ieN
variables with values in a measurable space (Z, Z) such that the mark sequences

are identically distributed mark random

(Z ,Ej l)) are independent over k € Z, i.e., the sequences
" /1eN

) ) ( (j)) ( (j))
L (Z A Z Az ..
( L 1en \700 ) jen L) jen

are independent. In particular, for each time kg € Z, the mark sequence (Z ,(qj) )l) leN
is independent of F, k}g . Note that the mark distribution might depend on j, and, for

a fixed point in time kg, the marks (Z ,Eé ,)1) might be correlated over [ € N and/or
over the event types j = 1,...,d.

° a,(ci’j) 2 —> R keZ,i,j=1,2...,d, are measurable coefficient functions
such that Y 72 | E [Ia,ﬁi’j)(z((){fﬂ] =1,

« Flima (20 k=nleNj=1....d)nez,

e and¢; ; : R — Rxo,i,j =1,2...,d, are measurable transfer functions.

Most of our results transfer to this multivariate model with quite obvious modifica-

tions of the proofs. For instance, our earlier Theorem 2 can be generalized as follows.
Assume that the transfer functions ¢; ; are Lipschitz continuous with Lipschitz con-
stants L; j, i, j = 1,...,d, such that the d x d matrix (L; ;) has spectral radius
strictly less than 1. Then there exists an ergodic version of the multivariate Poisson
autoregression with finite mean. One could even think of more general monlinear mul-
tivariate models, where the nonlinearity transfer appears on the level of the types. For
the main part of the paper, we have chosen to stick with the univariate case to avoid
heavy notation and further technicalities.
As a second way of generalization, one could consider the case when the transfer
function is not sublinear. For still obtaining ergodicity, such a transfer function (e.g.,
an exponential transfer function) presumably has to be balanced by very or mostly
negative coefficient functions oy. In any case, this model would ask for very different
lines of argumentation than the proofs in this paper. Finally, we mention that one could
analyze the case when the Lipschitz constant of the transfer function equals 1. In this
case, one would first have to give ergodicity conditions for the critical linear case of
the model, and then use this critical linear model as an upper bound for the nonlinear
model with Lipschitz constant equal to 1.
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