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STATISTICAL ESTIMATION OF JUMP RATES FOR A PIECEWISE
DETERMINISTIC MARKOV PROCESSES WITH DETERMINISTIC
INCREASING MOTION AND JUMP MECHANISM *

NATHALIE KRELL!

Abstract. We consider the class of Piecewise deterministic Markov processes (PDMP), whose state
space is (0, 00), that possess an increasing deterministic motion and with a deterministic jump mecha-
nism. Well known examples for this class of processes are transmission control protocol (TCP) window
size process and the processes modeling the size of a “marked” Fscherichia coli cell. Having observed
the PDMP until its nth jump, we construct a nonparametric estimator of the jump rate A. Our main
result is that for D a compact subset of (0,00), if A is in the Holder space H® (D), the squared-loss error
of the estimator is asymptotically close to the speed of n~%/2**1) Simulations illustrate the behavior
of our estimator.
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1. INTROdUCTION

The Piecewise deterministic Markov processes were first introduced in the literature by Davis [19,20], they
form a family of cadlag Markov processes involving a deterministic motion punctuated by random jumps. We
refer to the paper [8] and its references for an overview of PDMPs. Let us detail the special case of PDMPs that
will be considered in this paper. The motion of the PDMP (X (¢));>0 depends on three local characteristics,
namely the jump rate A\, the flow ¢ and a deterministic increasing function f which governs the location of the
process at the jump time (in the general case it depends on a Markov kernel Q). The process starts from x and
follows the flow ¢(x,t) until the first jump time 77 which occurs spontaneously in a Poisson-like fashion with
rate A(¢(z,t)). The location of the process at the jump time T, denoted by Z; = X (1), is equal to f(X (17 )),
with f a function such that 0 < f(y) < ky with 0 < k < 1. The motion restarts from this new point Z; as
before. This fully describes a piecewise continuous trajectory for {X (¢)} with jump times {7} and post jump
locations {Z}}, and which evolves according to the flow ¢ between two jumps.

This paper analyzes a special case of both Piecewise Deterministic Markov process (PDMPs) and growth-
fragmentation model.
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of Markov chains.
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Evelution of the size of the TCP process when 10 jumps occur.
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FIGURE 1. Evolution of the TCP process when 10 jumps occur.

The first known example for this class of processes is the TCP window size process (see [11,17,22-24]). The
TCP protocol is one of the main data transmission protocols of the Internet. It has been designed to adapt to
the various traffic conditions of the actual network. For a connection, the maximum number of packets that
can be sent at each round is given by a variable W, called the congestion window size. If all the W packets
are successfully transmitted, then W is increased by 1, otherwise it is multiplied by § € (0,1) (detection of a
congestion). As shown in [22] a correct scaling of this process leads to a continuous time Markov process, called
general TCP window size process. See Figure 1 for a simulation of a TCP process when 10 jumps occur.

The second example is the processes modeling the size of a “marked” Escherichia coli cell (see [21,27]). If
by following the evolution of Escherichia coli bacterium, we randomly choose a bacteria, and follow his growth,
and at his division, we choose randomly, and independently of the process, to follow one of his daughter and so
on. We call the bacteria followed at each time, the “marked” bacteria. The size of the “marked” bacteria is a
PDMP. More precisely between the jumps, the bacteria grows exponentially with a growth rate which we will
refer to later as the instantaneous growth rate, denoted 7. If x is the size of the bacteria at birth, after a time ¢,
his size is ze™!. The division rate of such process is denoted by B(+) and at each jump its size is divided by two.

This two examples will be call in the rest of the paper us two main examples.

In both cases the value of the process is divided in a deterministically way at each jump.

The purpose of this article is to perform non-parametric estimation of the jump rate based on a single
observation of the process over a long time interval. The PDMPs are well studied processes in probability, but
few work has been done in statistics.

The assumptions made in this paper ensure that the Markov process which gives the size after each jump
of the PDMP is ergodic. The ergodic theorem was already known for some cases of PDMPs and for some one-
dimensional jump-diffusions. In [18] Cloez studies a process which is more general than the one considered in this
paper. More precisely, his process evolves like a diffusion which satisfies a stochastic differential equation between
the jumps, but he requires that A be bounded below. This paper does not make such assumption. In addition,
the well known ergodicity properties of TCP, due to Bardet et al. [11], provide quantitative estimates for the
exponential convergence to equilibrium, in terms of the total variation and Wasserstein distances. However, such
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results cannot be used in the present framework as we need a uniform upper bound for the speed of convergence
to the invariant measure over a certain class of functions in order to prove the statistical result.

Our approach is based on the methods used by Doumic et al. [21], which were applied to analyse a special case
of PDMPs dealing with “marked” bacteria size evolution. The analytical results of this paper can be generalized
to more general PDMPs, for example to TCP. In [21] the authors do not merely study the “marked” bacterium
which is selected at each division uniformly and independently, but the evolution of all bacteria involved. A
dependence structure results when, for example, a bacteria divides and gives birth to two new bacterium of
equal size. In a general case, the instantaneous growth rate (constant for a given bacteria) would depend on the
bacteria itself. Consequently, the size of the bacterium is no longer a Markov process. However, on the other
hand, the size of the process and the instantaneous growth rate, together form a Markov process. The present
paper contains the case of a "marked” bacterium, in its simple case, where the instantaneous growth rate is the
same for all bacteria.

The aim of this paper is to generalize the study done in [21] to more general PDMP including the TCP
process.

This article has two main features that may be useful for future studies. First, it can be used as a tool to
verify the PDMP jump rate proposed in the existing literature, for example A(z) = x in the TCP case. Secondly,
it can suggest an estimator for some special cases, such as for Escherichia coli bacteria, where the jump rate
has not been conjectured.

Very few literature exists for estimation about PDMP. As far as I know there is no classical estimator for the
jump rate of a PDMP.

In [9] Azals et al. give an estimator of the conditional distribution of the inter-jump times for a PDMP, which
is uniformly consistent when only one observation of the process within a long time is available. They deal with
PDMPs which jump when they hit the boundary (this case is not considered in our paper). Their method relies
on a generalization of Aalen’s multiplicative intensity model [1-3]. But they only prove the uniform consistency
of their estimator. They also have to assume that the process (X (t)):>0 evolves in a bounded space. Here we
do not make this assumption. As a consequence the tools of their paper and of the present one are different.
To the best of my knowledge, [9] is the only work investigating the nonparametric estimation of the conditional
distribution of the inter-arrival times for PDMPs. This paper relies on [6] in which the authors focus on the
non parametric estimation of the jump rate and the cumulative rate for a class of non homogeneous marked
renewal processes. The case where the post-jump locations of the PDMP do not depend on inter-arrival times
was considered in [6].

We refer to [9] for an overview of the statistical methods related to this kind of process, as well as to [1-3]
for statistical inference related to the multiplicative intensity model. The book of Andersen et al. [4] gives a
comprehensive account of estimation for jump rates which depend both on time and spatial variable.

As far as I know, the only other paper dealing with general PDMP is the work of Azais [7], where the author
focuses on a non parametric recursive estimator for the transition kernel of the PDMP.

Other works dealing with specific cases of PDMP can been seen as ruin probabilities, for example, as found
in the references of [5]. In addition, the PDMP modeling the quantity of a given food contaminant in the body
has been studied in [13-15], assuming that the inter-intake times are i.i.d.. In this paper we do not make this
assumption.

The paper of Azals and Genadot [10] consider a growth-fragmentation model where X is constant and the
Markov kernel @ is absolutely continuous with respect to the Lebesgue measure. The case considered is totally
different from the present one.

The paper is organized as follows. In Section 2 we introduce the class of PDMPs, that will be studied, and we
give an explicit construction of the PDMP. Section 3 concerns the statistical estimation of the jump rate. We
first define the observation scheme and the class of functions for the 3 parameters of the PDMP concerned, and
the assumptions used (in Sect. 3.2). In Section 3.3, some ergodicity results are stated uniformly over the class
of functions previously defined. We explicitly construct an estimator Xn of A. In Section 3.5 an upper bound for
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the squared-error loss is given in the main Theorem 3.5. In Section 3.6, we illustrate our result with simulations
of a TCP process which could not been seen as a “marked” bacteria process, amongst others.

Finally, Section 4 is reserved for the proofs. In Section 4.1 we prove the ergodicity result of Section 3.3.
Section 4.2 presents the intermediate results needed in 4.3 to prove the major results given in Section 3.5.

2. PDMP

In general a PDMP is defined by its local characteristics, namely, the jump rate A, the flow ¢ and the
transition measure ) according to which the location of the process is chosen at the jump time. In this article,
we consider a specific class of PDMP which includes the control of congestion TCP /IP used in communication
networks [22,24], for which the transition measure @ is a Dirac mass function, which means that when the
process jumps, the size after the jump is a deterministic function of its size before. More precisely,

Assumption 2.1.

e The flow ¢ : [0,00) x [0,00) — [0,00) is a one-parameter group of homeomorphisms: ¢ is C!, ¢(.,t) is
an homeomorphism for each t € [0,00), satisfying the semigroup property: ¢(.,t + s) = ¢(¢(.,s),t) and
¢x(.) == ¢(z,.) is an C!-diffeormorphism.

e The jump rate A : [0,00) — Ry is assumed to be a measurable function satisfying

Vz € [0,00), d& > 0 such that / Ap(x, 8))ds < .
0

e f:[0,00) — [0,00) is an increasing C'-diffeomorphism and Q(u, {y}) = L f(u)=y}-

Given these three characteristics, it can be shown ([19], pp. 62-66), that there exists a filtered probability
space (£2,F,{F:},{P,}) such that the motion of the process {X (¢)} starting from a point z € [0, 00) may be
constructed as follows. Consider a random variable T3 such that

P, (T) > t) = e 4@, (2.1)
where for z € [0,00) and ¢ € [0, 00)
A, 1) = /0 "Moo, $)ds.
If T3 is equal to infinity, then the process X follows the flow, i.e. for t € Ry, X (t) = ¢(x,t). Otherwise let
Zy = f((x,T1)). (2.2)

The trajectory of {X (¢)} starting at x, for t € [0,T1], is given by

X(t) = {qﬁ(m,t) for t < 11,
Z1 for t = Tl.
Inductively starting from X (7,) = Z,,, we now select the next inter-jump time 7;,11 —7;, and post-jump location
X(Th41) = Zny1 in a similar way.
This construction properly defines a strong Markov process { X (¢)} with jump times {7} }xen (where Ty = 0).
A very natural Markov chain is linked to {X (¢)}, namely the jump chain (Z,)nen.
{X(t)} is a Markov process with infinitesimal generator G:

Gh(y) = o, ()W (1) + Ay) (h(f(y)) — h(y)) (2.3)

for h: [0,00) — R a bounded measurable functional.
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Thanks to (2.1), we get that
P(Ty € dt|Zo = x) = A (t))e™ Jo Mo (@)dugy,
Using (2.2), the monotonicity of f o ¢, and a simple change of variables, we get the transition probability of
the Markov chain (Z,)nen:
_ (Y -1 Odu
P(Zy € dy|Zo = ) = A(f " ())e™ [ AT D000 g (i sy, (2.4)

where

, -1
0:o(y) = [(Fo6a) ((Fo0) )] -
3. STATISTICAL ESTIMATION OF THE JUMP RATE

3.1. The observation scheme
Statistical inference is based on the observation scheme:
(X(1)t < T)

and asymptotics are considered when the number of jumps of the process, n, goes to infinity.
Actually the simpler observation scheme:

(X(0), X(T3),1 <i<n)=(Z,0<i<n)
is sufficient, as you remark that for alln > 1: T}, = (f o ¢z, )" (Zn).

3.2. Class of functions

We suppose that f and ¢, are known. Typically in our two main examples f(x) = /2.

We notice that as we suppose that we observe all the trajectory, even if we do not known ¢,, we could have
a good estimation of it. Nevertheless, if we suppose that ¢, is not known and introduce an estimation (/5; in all
the rest of the paper it would change everything and a new strategy shall be developed.

We now give some definitions that we will need in the rest of the paper. Let D be a compact intervals of
(0,00). For s > 0, with s = |s] + {s}, 0 < {s} <1 and |s| an integer, introduce the Holder space H*(D) of
functions ¢ : D — R possessing a derivative of order |s| that satisfies

ol (y) — ol (2)] < @)l -yl (3.1)

++(p)- We equip the space H*(D) with

The minimal constant c¢(¢) such that (3.1) holds defines a semi-norm |
the norm

el Dy = @l () + [@lrs (D)

and the associated Holder balls
H (D, M) = {\: H)\HHS(D) < M}, My > 0.

Assumption 3.1. We suppose that for a compact interval of (0,00), f : [0,00) — [0,00) and ¢, : [0,00) X
[0,00) — [0,00) are known and follow, for My > 0, 0 < k < 1, ng € N\{0}, and two positive continuous
functions m : [0,00) — (0,00) and M : [0,00) — (0, 00) such that for all € [0,00) : M (z) > m(x) > 0,

9o EH™ (D), |fllLep) < M2, and f~'e€H"™(D)

Ve >0, 0< f(z) < ke, (3.2)

Vy >0, Vo >0, m(y) < g.(y) < M(y). (3.3)
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We notice that f(0) = 0. Assumption (3.2) is quite reasonable as you want that the size reduce when the
process jump. Typically an interesting case would be f(z) = kx with x € (0,1) and then (3.3) would simply be

M~ (y) < ke, (6, (y/K) <m~ (y).

This seems quite reasonable because, in view of the definition of the infinitesimal generator of the PDMP defined
in (2.3), we would like ¢, (-) not to be identically zero.
Also the cases where ¢,(t) = ze® and f(z) = x/2, we get g,(y) = -= and for m(z) = ———— and

« amaxXyep Y
M(z) = m we get (3.3). For ¢,(t) = z +t and f(z) = /2, we get g»(y) = 2 and for m(z) = 2 and
M(z) = 2 we get (3.3).
Each parameter from the last assumption are from now on fixed.
We want to bound from above the squared-loss error of our estimator over compact intervals D of (0, c0). We
need to specify the local smoothness properties of A\ over D, together with general properties that ensure that
the empirical measurements of the PDMP converge toward the invariant probability with an appropriate speed

of convergence. So we have to impose technical assumptions on A in particular near the origin and infinity.

Definition 3.2. For b > 0, a vector of positive constants ¢ = (r,l, L,a), we introduce the class F(c,b) of
continuous function A : [0, 00) — [0, 00), such that

I(r)

M w)au < (3.4)

/f T (A () du = oo, (3.5)

(r)
[ s @ (3.6)
f(r)
(K" = ) (£ < log(1 — &), (3.7)
a(f(x))"
Az) > @) Va > r. (3.8)
The assumptions (3.4) to (3.6) are weak and mostly technical.

Define )
5((, b) = m exp ( — (1 — /<;b+1)b_%1(f(r))b+l).

Therefore thanks to (3.7) we have d(c,b) < 1

Typically in the case where f(z) = x/2, (3.7) is working for b =1 and r > \/—321log(3/4)/(3a). Additionally
if @ < 2minyep m(y/2) the case A(x) = z follow (3.8) for us two main examples.

Fix a vector of positive constants ¢ = (r,[, L, a) and a constant b.

3.3. Geometric ergodicity of the discrete model

Let x € [0, 00). Introduce the transition kernel
Palz,da’) =P(Z, € daz” Zn—1=1)

of the size of the process at the nth jump time, given the size of the process at the (n — 1)th jump time.
From (2.4), we infer that P(Z; € dy|Zy = z) is equal to

—f 1 (w))ga
AN y))e Jrw AT @asdug oy o dy.
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Thus we obtain an explicit formula for
Pa(z,dy) = Pa(z,y)dy

with

—[¥ “w))ge (uw)du
Paa,y) = A~ (y))e™ Jio 0N ()1 iy, (3.9)
Denote the left action of positive measures p(dx) on [0, 00) for the transition kernel Py by
pPAy) = [ plde)Pa (o dy
[0,00)
and the right action of a function ¢ on R for the transition Py by
Pay(x) = U(y)Pa(z, dy).
[0,00)

We now give the geometric ergodic theorem that we will need for the statistical part. We need an uniformity
on the class of functions F(c,b) defined in Section 3.2.
We introduce the Lyapunov function

a
b+1

V(z) = exp ( (f(x))b+1> for = € [0, 00). (3.10)

The function V controls the rate of the geometric ergodicity of the chain with transition P, and appears in the
proof of Proposition 3.3.

Proposition 3.3. Under Assumptions 2.1 and 3.1, for every A € F(c,b) there exists a unique invariant prob-
ability measure of the form vy(dzx) = vy(z)dz on [0,00). Moreover there exist 0 < v < 1, a constant R and a
function V : [0,00) — [1,00) such that

sup  sup |P§¢(x) = Y(z)va(z)dz| < RV (z)~" (3.11)
AEF (e,b) [|<V [0,00)

for every x € [0,00), k > 0, where the supremum is taken over all functions ¢ : [0,00) — R satisfying
[v(x)| < V(x) for all x € [0,00). The function V is vy-integrable for every A € F(c,b).
For all y € [0,00) we have the relation:

AW (920 (F D zo)<ry Lz 1)y) = alF(Y))- (3.12)
3.4. Construction of a nonparametric estimator

By formula (3.12),

a(f(y))
By, (920 (F W) 20 <y Wz, > p)y)
provided the denominator is positive. This representation suggests an estimation procedure, replacing the
marginal density va(f(y)) and the expectation in the denominator by their empirical counterparts. To that
end, pick a kernel function

Ay) =

KiR=[0,00), [ K@dy=1,
R
and set K, (y) = h™'K (h~'y) for y € R and h > 0. Our estimator is defined by

S WS K (Ze — )
" (Y1 92 (FOD N2> £ (9).y> 20 1)) V T

(3.13)
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where w,, > 0 is a threshold that ensures that the estimator is well defined in all cases and = V y = max{z, y}.

o~

Thus (A, (y),y € D) is specified by the choice of the kernel K, the bandwidth h,, > 0 and the threshold w,, > 0.

Assumption 3.4. The function K has compact support, and for some integer ng > 1 (the same ng as in
Assumption 3.1), we have [, 2K (z)dx = lig=oy for 0 <k < no.

3.5. Speed of convergence
We are now ready to state our main result.

Theorem 3.5. Work under Assumption 2.1 and 3.1. Specify :\\n with a kernel K satisfying Assumption 3.4 for
some ng > 0 and
h, = con_l/(2s+1), w, such that lim w, =0
n—oo

For every My > 0, there exist co = co(¢, M1, Ms) and d(c) > 0 such that for every 0 < s < ng and every compact
interval D C (d(c),00) such that inf D > f(r), we have

N 1/2 — —S8 S
Slip]Eu[HAn - )\H%Z’(D)] / S wnln /@ H),

where the supremum is taken over
A€ F(e,b) NH* (D, My),

and E,[-] denotes expectation with respect to any initial distribution p(dx) for (Zo) on [0,00) such that we have
[ V(2)*u(dz) < .

We observe that we recover the result for the marked bacteria of [21]. In this case ¢(z,t) = ze®! with
ko € RT™ and f(z) = x/2, so that g,(y) = % We find the same estimator but the speed of convergence is a

little bit better, as ¢, need not be log(n)~!; rather we only require that lim, . ¢, * = 0.

3.6. Numerical implementation

The goal of this subsection is to illustrate the finite behaviour of our estimator via numerical experiments.

At least for the simulation, I proposed an adaptive estimation procedure. I used a Smoothed Cross-validation,
SCV, to choose this bandwidth (see for example the paper of Hall, Marron and Park [26]. This idea was first
published by Bowmann[16] and Rudemo [28]). As the bandwidth interfere only for the estimation of the invariant
probability vy, I will use a Cross validation for this estimation. I cut the trajectory in three part, I use the
first one to estimate 7 and then for the last part of the trajectory, I use the method of the least squares cross
validation to minimize in h

3n
CV(h) = / Ta()2de — 20 3 BR(X,)
i=2n
(where I had approximated the integral therm by a Riemann approximation). For this minimizer denoted ﬁ, I
calculated the estimator A on all the trajectory. In the next figures, I use this method to find the reconstructed
A with A adaptative.

More precisely we first investigate numerical simulations for the TCP. The TCP window-size process appears
as the scaling limit of the transmission rate of a server uploading packets on the Internet according to the
algorithm used in the TCP (transmission control protocol) in order to avoid congestion (see [22] for details on
this scaling limit). This PDMP takes values in R and the jump rate A is the identity function. The function
f which represents the proportion of the size kept after the jump is f(x) = /2. The flow is ¢(z,t) = z + .

As a consequence the size of the process after the nth jump Z,, conditional on Z,,_1, has the same law as

\/(1/4)ng1 + en/2, where (ep)n>0 is a family of i.i.d. random variables with exponential distribution of pa-

rameter 1. The variable e,, is also independent of (Z;);<,—1. As a consequence it is easy to generate the (Z,)n>0
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FIGURE 2. Reconstruction of A for n = 1500, n = 15000 and n = 45000 in the TCP case.

recursively. A trajectory of such a PDMP is given in Figure 1. These processes satisfy the assumptions required
for our theorem, with x = 1/2, m(-) =2, M(-) =2,9()=2,r=1,a=1,b=1/2, w, = 0.1, for the h
theoretical I use h,, = n~1/3 and K a Epanechnikov Kernel, for which ng = 1 for Assumption 3.4. Thus we
expect a speed of convergence of order n'/? at best.

We display our numerical results as specified above in Figures 1, 2 and 3.

Figure 2 displays the reconstruction of A for different simulated samples, for n = 1500, n = 15000 and
n = 45000. As expected, the estimation is better for larger n. The estimator performs worse for small = as these
sizes are rarely reached by the TCP process and above all as we have used a threshold w,, in us estimator, which
introduce a biais. Indeed, thanks to the simulation, we notice that the threshold play an important role for the
small value of x for which (n™' Y2} gz, (f W)z, > (), f)>F(2ze_1)}) could be zero. As a consequence I
have choosed it equal to 0.1.

In Figure 3, we plot the empirical mean error of our estimation procedure on a log-log scale. The numerical
results agree with the theory.

We now consider an other example, for which the size of the process are divided by 3 at division. Thus we have
f(z) = z/3. We choice ¢(z,t) = xet, \(z) = z and therefore g, (y) = 1/y. Let (&;)ien+ a i.i.d family of continuous
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Error v.s. n on log-log scale

-1 _||—— average error
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F1GURE 3. The empirical mean error of the estimation procedure vs. the theoretical rate on a
log-log scale in the TCP case.

reconstructed A with h adaptative
true A

reconstructed A with h theorical
histogramme of Z,

FIGURE 4. Reconstruction of A\ for n = 45000 in the marked bacteria case.

X

uniform distribution on [0, 1]. Conditionally on Z, = x the law of Z, 11 is equal in law to £ — Llog(e,41). We

also use for the h theoretical I use h,, = n~'/3, K a Epanechnikov Kernel, @, = 0.1.
As before Figure 4 displays the reconstruction of A for a simulated sample with n = 45 000.

We also give an example with a non monotonic function A(z) = 14 0.5z(z/4 — 1), the f and the ¢ are the
same as for the TCP case. As I do not find an explicit formula for the law of the Z,,, it was simulate with a
rejection method, the process having a size z at time ¢ will jump between time ¢ and ¢ + H with a probability
H\(2). We will use H = 1/50 in the simulation. We also use for the & theoretical T use h, = n~'/3, K a
Epanechnikov Kernel, @, = 0.1.

As before Figure 5 displays the reconstruction of A for a simulated sample with n = 15 000.
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FIGURE 5. Reconstruction of A =1+ 0.5z(x/4 — 1) for n = 15000 in the marked bacteria case.

4. PROOF

4.1. Proof of Proposition 3.3

We will follow the same idea as in [21]. We prove a minorisation condition, strong aperiodicity and a drift
condition for the transition operator Py in order to use Theorem 1.1 of [12].

We could also use for example the paper of Hairer and Mattingly [25] to get the existence of a unique
invariant measure, the assumption could be easily prove and the bound for 7 is more explicit but we would have
inequality: there exist 0 < v < 1, a constant R and a function V : [0,00) — [1, 00) such that

sup  sup [PYya) - /[ YA < Bl - /[ Pl

AEF (c,) ||9]|<oo0

with

Il =sup 2L

Minorisation condition. Let A € F(c,b) and set C = (0,r) where r is specified by ¢. Fix a measurable A € F
and z € C; thanks to (3.3), we have

Pz, A) > / A (y))e™ T METHEIMd (g oy dy.
A

We introduce the function ¢y
— — [ -1
() = A (y))e AT DM (y) vy € [0, 00), (4.1)

and the measure puy
ealy
pa(dy) = )
ex

Ly ey dy,
where ¢ = f;(or) @ (u)du. Thus, we have

Pr(x, A) > px(A)cx.
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By using (3.5) and (3.4), we get that

< —my)e” Y AU ENMd Ty (p(r))et

o= ox(u)du = > —— 2 = [3>0.
/f(r) [ M((y) o M(f(r))

This shows that the following minorisation condition holds for every € C and A € F uniformly in A € F(c,b):

Pa(x, A) > pa(A)B. (4.2)
O
Strong aperiodicity condition. We have
R o T — [T ()M (wydu "
@F='3 [ ey =ep| 2L
() M(y) £)
2 m)Mf(r) g /\(fl(u))M(u)du>
—p(1- 22— e i : 4.3
(- Sty 3
using the computation we just did for c.
Now we use (3.6) to get that
5.5 m(r)M(f(r)) _z>
C)3 > 1-— e =p03>0. 4.4

O

Drift condition. Let A € F(c,b) and recall that V : [0,00) — [1,00), which is defined in (3.10), is continuously
differentiable and satisfies
lim V(y)exp (— b_‘i—lybﬂ) = 0. (4.5)

Y—00
For = > r, using (3.3), (3.8) and (4.5) and integration by parts with the boundary condition (3.5), we have,

[ee)

Pavi) = /f( )V(y)k(f‘l(y))ef Jio AT @gel)dug ()qy

< / V' (e i A0 mdug,
f(@)
Thanks to (3.8), we get that

o0 ’ _ fy bq .)"(rn)bJrl o0 e
PAVia) < [ Ve ey < o / Ve
flz f(x

Integrating again by parts and using (4.5), we obtain that

PO LALN e b —quttl
PrV(z) <e?or1 V(y)ay’e” ¢ o1 dy.
f(=)

Now use the change of variable z = a% and the definition of V(x). As (4.5) is satisfied, we get

o a (f((M)l/(b-%—l)))Hl

PrV(x) < V(w)/ e+

fx)bt!
b+1

“*dz.
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By using (3.2), we obtain, for z > r

PAV(@) < V(@) [, e
o L@ttt
b+1
Therefore,
PrV(z) < V(z)d(c,b), (4.6)
with

5(6,8) = Ty exp (= (1= &) (7)),

and we have 0(c,b) < 1 by (3.7).
We next need to control P,V outside x € [r, o), that is on the small set C. For every = € C, we have

oo

£(r) o
PAV(z) < / VA (Y)) g2 (y)dy + / V(y)A(f " (y))e i AT Dge(mdu g (g,
f(z) f(r)

<M sup V(y)L+d(c,b)V(r) =: K1 < o0, (4.7)
y€[0,f(r)]

where we used (3.4), (3.3), (4.6) for = r and the fact that A € F(c,b). Combining (4.6) and (4.7), we conclude
that
PrV(x) < d(c, b)V($)ﬂ{w¢c} + Klﬂ{wec}- (4.8)

O

End of the proof of Proposition 3.3. By Theorem 1.1 in Baxendale [12] the minorisation condition (4.2) together
with the strong aperiodicity condition (4.4) and the drift condition (4.8) imply inequality (3.11), with R > 0
and 0 < v < 1 that explicitly depend on §(c, b), 3, B,Vand K. As a, b, k, V and f are fix, the R and the ~ are
the same for each A € F(c,b). Therefore, we have (3.11).

It remains to prove equality (3.12). As Py (z,dy) = Px(z,y)dy and

APy = vy,

we have that vy (dy) = vx(y)dy and

W) = [ nale)Pa(e s
Ry
—[¥ () ge (v)du
= / DA () i AT D0y ()1 <y da
+
Thanks to (3.5), we get that

y _ oo ru _ ’ ’ ’
o o MU @) ga(wydu _ / AL (1)) ga (w)e T MM @ Hd g,
Y

Therefore,

200 [ n@nmes, [

Y

oo

A () g (e P A7 0 D0c0 g

= (fl(y))/[o )Vx(x)gx(y)]l{f(x)gy}/ Ngy>yy Pa(z, u)duds
, 00 Yy

=M W) Eun (920 W)L 5 (20) <) L 20 597)- =
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4.2. Speed of convergence for the empirical measure

We now give a few results that we will need for the proof of Theorem 3.5 in the next subsection. In fact, we
decompose the square loss error into a sum of three terms that we will study in the following Propositions.
The notation < means inequality up to a constant that not depend on n.

Lemma 4.1. For any ¢ such that Assumptions 3.1 and 2.1 are satisfied, there exists a constant d(¢) > 0 such
that for any compact interval D C (d(c), 00), we have

inf inf -1 >0,
Aegl(c,b) xlgp@,\(x) va(®)

where @y (x) is defined in (4.1).

Proof. Recall that V(z) = exp (b_‘i—l(f(x))b“) for every x € [0,00). By Proposition 3.3 (and, more precisely,
equation (3.11)) we have

sup / V(z)vy(z)de < oo, (4.9)
AEF (¢,b) J[0,00)

additionally from (4.8) in the proof of Proposition 3.3, we have that supy¢ z(. ;) PAV(z) < oo for every z € [0, 00).
As a consequence, for every x € (0,00), we have

/fool(w) vAu)dy < exp <_ b—?— 1 (f(x))bﬂ) /[0700) V(y)va(y)dy,

and this bound is uniform in A such that A € F(c,b) by (4.9). Therefore, for every = € (0,00), we have

su h v e(c)exp | —— z))Ptt .
e [ s e (<o), (4.10)
for some ¢(¢) > 0. Let o

d(c) > f! ((l)j_Tllog(c(c))> ) . (4.11)

By the definition of vy and using (3.3), for every y € (0, 00), we now have

va(y) = / A@A(f L (y))e T M ENe g oy de
0

2

) )
> o= Je M l(u))M(u)du)\(f_l(y))m(y)/ va(x)dz
0

o

> o J3 ASTH@)IM@du\ (£=1 1)) (y) (1 - / w(x)dff>
!

~Hy)

> e I )\(f*l(u))M(u)du)\(f—l(y))m(y) (1 — C(C) exp <_ bj- 1 (f(y))b+1>)

where we used (4.10) for the last inequality. By (4.11), for y > d(c) we have

(1= oo (~ 0w ) ) >0

and the conclusion follows readily by the definition of ). O
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For every y € (0, 00), define
D(y) = ]EVA [gZO (f(y))]l{Z12f(y),y2Zo}]a (412)

1Zgzk 1 H{Zk>f(y) y>Zg_1}> (413)

and

Dy = ( - Zgzk i ]I{Zk>f(y) y>2Zy— 1}) \/wn (4.14)

Proposition 4.2. Work under Assumptions 2.1 and 3.1. Let p be a probability measure on [0,00) such that
f[o 00) V(z)?p(dz) < oo. If 1 > w, — 0 as n — 0o, we have

Zlég ]EM [(Dn (y)wn - D(y))

|<nt (4.15)
uniformly in A € F(c,b) "H(f(D), My).
We first need the following estimate

Lemma 4.3. Work under Assumptions 2.1 and 3.1. Let d(c) be defined as in Lemma 4.1. For every compact
interval D C (d(c),00) such that inf D < f(r), we have

inf inf D(y) > 0.
AEF (¢,b)VH? (£(D),M1) y€D

Proof . By (3.12) and the definition of ¢p in (4.1), we readily have that

~n(fly)  w(fy) o Jd DA @) M (u)du,
PO=30) T adw) W

Since

AE f(cvb) mHs(f(D)le)a
by applying (3.4), we obtain

fly) *“I’D

/ AP () M (u)du < / w))M (u)du

0
sup D

SL+/ ACF Y () sup M (y)]du
Fr) yeD
<L+supM |MlsupD>

yeD

where we used that inf D < f(r). It follows that

f f(y)AflMd> L M (y)| M, sup D 0
ifexp (= [ A )M = exp (<L 4 sup MG s D) ) >

yeD

and Lemma 4.3 follows by applying Lemma 4.1. O
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Proof of Proposition 4.2. Since Dy (y) and D(y) are bounded by sup,¢ ¢(p) M (y), we have

2

(Du()wn — D®))* S (Daly) = D®))* + 11, (g)<emn} -

Thus, by Lemma 4.3 we may choose n sufficiently large that

0<w, <qg= 1 inf inf D(y).
“n =4 2Aef(c,b)mlvr{1s(f(p),Ml)y12D )

Since
{Dn(y) < @wn} C{Dn(y) — D(y) < —q},

by integrating (4.16), we have that E,[(Dn(y)w, — D(y))2] is less than a constant times

E,[(Da(y) — D(¥))*] +Pu(IDuly) — D(y)| = q).

By the Bienaymé—Tchebychev inequality, this quantity is less than a constant times

E,[(Du(y) — D(y))’].

211

(4.16)

Set G(z,2,y) = g=(f(¥)) 12> (y),y>2} and note that G(-,-,-) is bounded on [0,00) by sup,c sy [M(y)|. It

follows that
Dn(y) = D(y)=n"") (G(Zk—la Z1y) = Eu, [G(Zp-, Zkvy)])
k=1

Therefore,

(D) - D0 = 5 Y B, Ziy) ~ B [G(Zh 1, Zi)])
kk €{1,..,n}

(G(Zk’—v 2y y) — By, [G(Zk’—lv 2y y)])]

For |k — k;l| > 2, applying Markov’s property, we get that

]E,u I:(G(Zk—lv Zkv y) - ]EVA [G(Zk—la Zka y)])

(C(Zyy 1 2y y) — B, [G(Zy _, Zyo )| 290 < K AK ]

= / / PR (20, a2)Pa(2,42) (G2 2 ) — Boy [GlZ0, 21,9)])
(G(Zinw 15 Ziaw+9) — Buy [G(Z0, Z1,9)]]

with k A k" = min{k, k'}.
Applying Proposition 3.3 with h(z) = [ Pa(z, dzl)G(z, zl,y), we get

]E,u, [(G(Zkrflv Zk:vy) - ]EV)\ [G(Zkfla Zkvy)]) (G(Zk'—b Zk'ay) - ]EV)\ [G(Zk'—h Zk'ay)])]

< R]EM [V(Zk/\k' ) (G(Zk/\k'fp Zk/\k' s y) - EVA [CJ(ZO7 Zl, y)] )] fyk\/k —kAk

S [ PE¥ ()P
E

(4.17)
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as the function G'is bounded by sup, cp |M (y)|.
For |k — k'\ =1, we suppose for example that K =k—1. Applying the Markov property, we get that

E/t [(G(Zk—lv Zka y) - ]EVA [G(Zk—la Zk7 y)])
(G(Zk’fp Zk’vy) —Ey, [G(Zk’flv Zk/,y)])|Zi Vi<k-— 1]

= /,PA(Zkflv dz) (G(Zkflv Z, y) - EVA [G(Zk’—h Zk' ) y)])
[G(Zk_g, Zk—la y) — EVA [G(Zo, Zl, y)” .

Applying Proposition 3.3 again, we get

]E/J [(G(Zkfla Zk, y) - ]EV)\ [G(Zkfla Zka y)]) (G(Zk’fla Zk' ) y) - ]EV)\ [G(Zk'flv Zk' ) y)] )]
< RE,[V(Zypw G (Zk—2, Zi-1,y) — Bu, [G(Z0, 21, y)])]yk\/k/—’f/\k/

S [ P V()P
E

as the function G is bounded by sup, ¢y [M (y)]-
For k = k',

B, [(G(Zi-1, Zi,y) — Bup [G(Zk—1, Z, )] ) 212 Wi < | — 1] < ARVE —BAK

as the function G is bounded by sup,¢ ¢(py [M (y)|-
Moreover as V satisfies (4.8), we get

sup Pf/\k/V(aj) <1+ V(x) (4.18)
AEF (e,b)

and, thus, for any k£ and k/,
]E/A [(G(Zk—h Zk7 y) - ]EVA [G(Zk—la Zk7 y)]) (G(Zklflv Zk;' ) y) - ]EVA [G(Zk:'flv Zk;' ) y)] )]

S/R (1 —I—V(x))u(dx)’ykwgl_k/\k/.

+
Since V is p-integrable by assumption, thanks to (4.17), we have
2 1 N -
Eu[(Dn() =D))< — >, A s (4.19)
kk' €{1,2,..,n}

uniformly in y € D and A such that A € F(c,b).
O

Proposition 4.4. Work under Assumptions 2.1 and 3.4. Let p be a probability measure on [0,00) such that
f[o 00) V(z)?u(dz) < oo. Then we have

sup By, [(Kn, % 0n(y) — Kn, v2(9))°] S (nhn) ™" (4.20)

uniformly in X € F(c,b) and || f||Le(py < Mo with Uy,(-) = %Zke{l,...,n} Iz ()



STATISTICAL ESTIMATION OF JUMP RATES FOR A CLASS OF PDMP 213

Proof. By definition,
2

B[ (Kn, + 90 (v) = Ky @)’ = (nh) "By || 30 K (52) —Eoy [K(57Y)]
ke{l,...,n}
= (nhy)2 Y Eu[K(E)R (),
kK €{1,...,n}

with K (Z=2) = K (Z=2) - F,, [K(%=L)].
As in the proof of Propomtlon 4.2, thanks to the Markov property we obtain

) Zinw) = [PEE T J(Zyp00) = Buy (K (B=2))] (K (2

%/_y) - EVA (K(Zzﬂ_y)))a

n

Z/y

Ey (K (4=4) K (=

with J(-) = K(h;:’) First, as K has bounded support, K <V and so we can apply (3.11) from Proposition 3.3.
We obtain

[[PRYF T T (Zype) = B (K (FE)D]| < RV (Zyp )7 75 (4.21)
Moreover, thanks to (3.12) and (3.3) and the fact that A € H*(D, M), we have that
sup vy(z) < Mj sup M(y), (4.22)
z€ f(D) yeD

so that

ny) lva(z)dz < ha. (4.23)

B (2] < | K

[0,00)

Putting together (4.21) and (4.23) we derive

B, |5, (K (22 R 2000 )]

SEW(RI(Zypj WV (Zppir )V TFE 4 EW(RV(Zg i )V TR By,

On the one hand, by using the Markov property, the fact that

- f.z;'u(ZkAk, D) A(fil(v))gzlmk, . (v)dv

)

(3.3), that A € H*(f(D), M) and as f is increasing, we can bound V(u)ll,epy by e#FTM:™ Thus we get that
B, HJ(Zk/\k/)V(Zk/\k/) ]

o I} M) , (v)d
<E, KEA e o T Oy du
f(ZkAk,’—l) o
< (Sup |M(az)|) Ml/ E.|K (h, y))|du < hy
z€D [0,00)

as K has compact support. On the other hand, as V? and V are u integrable by assumption we obtained that

e — ~,Z - ’ ’
B B (R (422 R (5 2)| 2y )] o 40K

Therefore,

By [(Kn, *Un(y) — Kn, xa®))?] S (nha)™2 Y hay™F R < ()7L O
k,k'€{1,...,n}
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4.3. Proof of Theorem 3.5

Recall that L
n Y e Kn, (Zk — f(y))
L 920 (W)L 2> 1), 9520 11) V Fn

An(y) = (

and

va(f(y)) _
(920 (F () Y zo<y Uiz > £()})

M) =g

We will use the decomposition R
Mn(y) = ANy) =T+ IT+111I),

where
| _ En, o) — (/@)
D(y) ’
17 = Bra xn(f(y)) = Kn, xa(f(y))
D (Y)w, 7

and where D(y) and D,,(y)w, are defined in (4.12) and (4.14) respectively. It follows that
= M) = [ () = 2@)*dy STV 4V 4V,
where
1V = [ (w0 ) = o) iy
V= / K+ Du(f () — K, % va(F(1))) Do) 22 dy

-2

Vi [ (D) - D(y)f(Khn = (f@) (Dn(¥)=, D)~ dy.

The term IV. We get rid of the term ﬁ using Lemma 4.3. By Assumption 3.4 and classical kernel approxi-
mation, we have for every 0 < s < ng

A% g ||Khn * Uy — (f(fD))h,QS (424)

”AHH (D)) S

Lemma 4.5. We work under Assumptions 2.1 and 3.1. Let D C (0,00) be a compact interval, X € F(c,b) for
some ¢ satisfying Assumption 3.1, g, € H*(D) and f~! € H*(D). Then we have

lvall#= 0y < (D, 1M1= (D), 1192 1342 (D). HfAHHS(D))
for some continuous function 1.

Proof of Lemma 4.5. We first recall that

() = A ) / va(e)e T M o dug (g g
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Define

M(a,y) = e Vi M Waeldug (),

If A € F(c), then Ax(z,.) € H*(D) for every y € [0,00), and we have
[Ax(@, )30y < 1(IM2s (D), 192 1320y 1 s 0y)

for some continuous function 1.

The result is then a consequence of the representation vy (y) = A(f~1(y)) fofil(y) va(x)Ax(z, y)de. O

Returning to (4.24) we deduce from Lemma 4.5 that ||vx||+f(p)) is bounded above by a constant that depends
on D,||gallres(ro))s 1f e (o)) and [[All3¢s(p(py) only. It follows that

IV < h2s (4.25)
uniformly in A € H*(D, M). O
The term V. We have

B (V] < @, (Dl sup B[ (K, + 9a(7 () = K+ (F0) ]

By (4.20) of Proposition 4.4 we derive that
E,[V] £ @, %(nh,) " (4.26)

uniformly in A € F(c,b). O

The term VI. First, thanks to Lemma 4.3, we get that

inf inf D =D(y) > w,.
AEF (e,b)NHs(f(D),M1) yef(D) "(y) (y) ~ Wn
Next,
sup |Kp, *va(y)| = sup K, (z = y)va(z)dz| < sup va(y) K| L1 (j0,00)): (4.27)
yef(D) yef(D) |/]0,00) yeDs

where Dy = {y+z, y € f(D), z € supp(Kp,)} C D, for some compact interval D since K has compact support
by Assumption 3.4. Thanks to (4.22), we see that (4.27) holds uniformly in A € F(c,b). We derive that

E,[VI] S w2 sup E,[(Da(y)m, — D))"
yef(D)

Applying (4.15) of Proposition 4.2, we conclude that
E.[VI] Sw,*n ", (4.28)
uniformly in A € F(c,b). O
End of the proof of Theorem 3.2. We put together the three estimates (4.25), (4.26) and (4.28) to obtain
By [I3n = AlZap)] < 0 + w32 (0hn) ™!+ 07
uniformly in A\ € H*(D, M;) N F(c,b). The choice h,, ~ n~/(2+1) yields the rate w;, 2n~=25/(2s+1), O
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