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Piecewise deterministic Markov processes are an important new tool in
the design of Markov chain Monte Carlo algorithms. Two examples of fun-
damental importance are the bouncy particle sampler (BPS) and the zig—zag
process (ZZ). In this paper scaling limits for both algorithms are determined.
Here the dimensionality of the space tends towards infinity and the target dis-
tribution is the multivariate standard normal distribution. For several quanti-
ties of interest (angular momentum, first coordinate and negative log-density)
the scaling limits show qualitatively very different and rich behaviour. Based
on these scaling limits the performance of the two algorithms in high di-
mensions can be compared. Although for angular momentum both processes
require only a computational effort of O(d) to obtain approximately inde-
pendent samples, the computational effort for negative log-density and first
coordinate differ: for these BPS requires 0(d?) computational effort whereas
ZZ requires O (d). Finally we provide a criterion for the choice of the refresh-
ment rate of BPS.

1. Introduction. Piecewise deterministic Markov processes (PDMPs, [13]) have turned
out to be of substantial interest for Monte Carlo analysis, see, for example, [3, 8, 31, 37],
which have particularly focused on potential for applications in Bayesian statistics, although
their uses are far wider, see, for example, [29, 32] for applications in physics. However, there
are still substantial gaps in our understanding of their theoretical properties. Even results
about the ergodicity of these methods (including irreducibility and exponential ergodicity
problems) often involve intricate and complex problems [5, 11, 14].

The two main PDMP methodologies for Monte Carlo algorithms are the zig—zag [3] and
the bouncy particle sampler (BPS) [8], and we refer to these papers for applications of these
methods. Interesting hybrid strategies are certainly possible but are currently under-explored.
The important practical question for Monte Carlo practitioners concerns which methodology
should be chosen, with currently available empirical comparisons giving mixed results.

The focus of the present paper is on shedding some light on these questions by providing
a high-dimensional analysis of these two classes of PDMPs. Our approach will identify weak
limits of PDMP chains (suitably speeded up) as dimension goes to infinity. Such analyses are
of interest in connection with computational cost estimation of Monte Carlo methods (see,
e.g., [34, 36]).

Since we focus on the theoretical properties, in this article we do not give the full de-
scription of the implementation of PDMPs. Monte Carlo methods based on PDMPs are new
techniques and their implementation is not straightforward. The main difficulty in imple-
menting PDMPs is the generation of nonhomogeneous Poisson processes corresponding to
the jump components of PDMPs. This is an active area of research and progress has been
made in this regard. See, for example, Section 3 of [3], Section 2.3 of [8] and [12].
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1.1. Piecewise deterministic Markov processes. We shall consider two particular classes
of PDMPs (zig-zag and BPS) which have proved to be valuable for Monte Carlo sampling.
Their constructions begin in the same way. We are interested in sampling from a target dis-
tribution T1¢ which has density Z;l exp(—W9(&)) with respect to d-dimensional Lebesgue
measure with normalising constant

(1.1) Zy= /Rd exp(—W9(£)) d& < oo.

Zig-zag and BPS proceed by augmenting this space to include an independent velocity vari-
able taking values uniformly on a prescribed space ® C R¢. Both algorithms define Piecewise
deterministic Markov dynamics which preserve this extended target distribution on the aug-
mented state space E¢ =R x ©. The difference between zig—zag and BPS lies in the choice
of ® and the dynamics for moving between velocities.

For both algorithms we shall make use of independent standardised homogeneous Poisson
measures, N say, on R, x R, so that E[N(dt, dx)] = df dx. In our notation we will use
a superscript Z to indicate the zig—zag process, and a superscript B to refer to the bouncy
particle sampler.

1.1.1. Zig—zag sampler. For the zig—zag sampler the set of possible directions is given
by

=ed"l.={—1,41)¢,

with x4 denoting the uniform distribution on ¢4=1 and constructs a Markov chain on the state
space EZ4 = R4 x ¢4 Let A%4 = 007, ... 25 : EZ? — RY. The zig-zag sampler

)\’Z,d EZ,d

with the jump rate generates a Markov process {x,Z 4 = (’g}z 4 th ’d)}tzo on such

that

t
g2d = gld | fo Zlds, (1> 0),

Z,d

and v;"" = (vf’f, .. vd ; ) is defined by

Z.d Z.d Z,d
Vip =UVio —2 (O’t]x&vm_l{mu 74 N'(ds,dz) (120,i=1,....d)

for independent Poisson random measures N, ... N¢, where x (éz 4z d) is an E%4-
valued random variable.

1.1.2. Bouncy particle sampler. For the bouncy particle sampler the set of possible di-
rections is given by

O:=6"""1={xeR?: Ix|?=1)

with ¥4 denoting the uniform distribution on &9~ and constructs a Markov chain on the
state space EB4 =R x &4~ Let k¢ : EB-4 — &1 be a function and let AB-9 : EB-4
R4. Then BPS w1th the Jump rate AB-¢ and the refreshment rate p¢ > 0 generates a Markov
process {x (S }t>0 defined by

t
B4 —gBd /0 WBdds  (1>0),
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and vF 4 is defined by

B.d _  B.d d _ . Bd
vt - UO + (0,[]XR+ (K ( Nt ) US— )l{zSAB,d(be_d)}N(ds9dZ)

* /(O x&d-1 (e — UE;d)Rd(dS, du),

where R; is a homogeneous random measure which is independent from N with intensity
measure

E[R4(ds, du)] = p? dsyrg(du).

Without refreshment the bouncy particle sampler may not be ergodic in general [8]. The
refreshment rate using the random measure R; was referred to as restricted refreshment in
[8], and other choices were also considered in that paper.

In this work, we describe the zig—zag sampler and the bouncy particle sampler as jump
processes, since it is straightforward to derive semimartingale properties with these forms.
In contrast, in the Monte Carlo community, these Markov processes are usually described
with stopping times as in [3, 8]. It looks different, but the associated jump process can be
recovered from stopping times as described in Section 4 of [13]. Using stopping times, the
process vf;d has the survival function

t+u
F, = exp(—f )Liz’d(xsz’d) ds) (u > 0)
t

for the next jump time when the current time is 7. This gives the hazard rate —F//F, =
)\Z.Z’d(xtZ ’d). On the other hand, the jump size is —2vl-z;d. The compensator of the random

measure associated with the jump of ziZ’td is the product of the Dirac measure at the jump size

—ZU% ;d and the hazard rate distribution, that is,
Z,d, 7,d
nk(de, dx) = 8(_azeay (AOAT ()

= 8{

Z€R+

_zvf;d} (dx) l{sziz’d(xtz’d)} drdz.

Therefore, the random measure associated with the jump of zl-z’td can be denoted as

pide, d = [

ZER+

i
8{_21)%}[1}(dx)l{zikizﬁd(xtz,d)}N (dt, dz)
for a Poisson random measure N'. The process vf;d is a pure jump process, and so we have

ol =% f xui(ds, dx),
’ ’ 0,1]xR

which yield the form presented in Section 1.1.1. A similar derivation yields the form of the
bouncy particle sampler.

1.2. Finite dimensional properties. In this section we briefly review finite dimensional
properties of the piecewise deterministic processes. Here and elsewhere, we denote the
d—dimel}iizonal Euclidean inner product by (x,y) = Zfl:lx,- y; and the norm by |x| =
({x, x)) 7=
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Let F;(v) be the function that switches the sign of the ith element of v € ¢d-1, By The-
orem I1.2.42 of [23] and Proposition VII.1.7 of [33], the infinitesimal generator L% of the
Markov process corresponding to the zig—zag sampler is defined by

d
(L*9) (€, v) = (Vep(§, v),v) + Y27 E (06, Fi () — 9 (€, v)
i=1
for ¢ : EZ%4 _ R such that o(-,v) € Cé (RY) (v € €4~ 1) where CO1 (R%) is the set of differen-
tiable functions with compact support. Here, Ve = (9/0&;);=1,... 4 is the derivative operator
and we will denote it by V when there is no ambiguity. Let ¥¢ : R? — R be a smooth func-
tion with (1.1). Set 2%4(x) so that 229 (£,v) — A% (&, Fi(v)) = ;w4 (£)v;. As discussed
in, for example, [3, 5], the Markov process corresponding to the zig—zag sampler is [1%9-
invariant where 1'[Z =117 Q® yq4.
The infinitesimal generator LB-¢ of the Markov process corresponding to the bouncy par-
ticle sampler is defined by

(LB9) (&, v) = (Vep(&, v), v) + AP (E, v) (p(&, (£, v)) — 9(&, V)
4 pd(fcp(s, W) Va(du) — o, v))

for continuous functions ¢ : EB-¢ — R satisfying ¢(-, v) € C(l) (R?) (v e G471, We assume
a constant refreshment rate, that is, ,od = p >0, and x4 is a reflection function defined by

(VW) v)

d o d
(1.2) k(& v) =v 2—||vw(s)||2 v (&)

and finally ABd(g 1) = max{(VW9(&),v),0}. As discussed in, for example, [8, 14] the
Markov process corresponding to the bouncy particle sampler is I1%:¢ invariant, where

1.3. Summary of the main results. In Section 2, we study the asymptotic properties of
piecewise deterministic processes. This section summarises the main results in that section.
For simplicity, all results in Section 2 assume that the initial value of £ is generated from the
target distribution, and the initial value of v is generated from the uniform distribution on the
direction space. We only consider the standard normal case, that is,

2
wd(£) = ||E||

In agreement with this assumption, the jump rate of the zig—zag sampler is
A€ v) =max(gui, 0 = Gty i=1,....d, (5,v) € EXY,
and the jump rate and the refreshment rate of the bouncy particle sampler are

ABA(g, v) =max{(,v),0} = (€, 0)",  pYEv)=p>0, (£ v)eERY,

and the reflection function satisfies (1.2). Analogous to [34], we focus on relevant finite-
dimensional summary statistics. The angular momentum process, the negative log-target den-
sity process and the first coordinate process are defined by

<st, : ”> o d PAE R = 1)t £
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TABLE 1
Size of continuous time intervals required to obtain approximately independent samples for the piecewise
deterministic processes

Method Angular momentum Negative log-density First Coordinate
77 O(1) (Thm. 2.2) O(1) (Thm. 2.5) O(1) (Thm. 2.6)
BPS O(1) (Thm. 2.8) O(d) (Thm. 2.10) O(d) (Thm. 2.13)

respectively, for both the zig—zag sampler and the bouncy particle sampler. As d — oo, the
stationary distributions of these statistics converge to centred normal distributions (with vari-
ances 1,2 and 1, respectively). We compare the convergence rates of the zig—zag sampler (ZZ)
and the bouncy particle sampler (BPS) for these summary statistics. Table 1 summarises the
results.

The computational effort per unit time of the processes is proportional to the number of
switches per unit time interval, multiplied by the computational effort per switch. In com-
plete generality, computational effort per switch of both zig-zag and BPS are O(d). How-
ever zig—zag has the ability to exploit an available conditional independence structure to offer
improved computational efficiency. For the sake of this discussion, we shall assume a partic-
ularly strong form of conditional independence, though weaker versions of this exist giving
smaller computational advantages. We shall say that the target density has a sparse condi-
tional independence structure if, for all i the derivative 8\I!d(§ )) depends only on an O(1)
number of components of the vector £. Note that this assumption is natural in statistics where
models are constructed explicitly from such conditional independence relationships. In the
case of sparse conditional independence structure, zig—zag achieves O (1) computational ef-
fort per event. See, for example, [4] for a detailed consideration on how to benefit from sparse
conditional independence.

However experiments and theory suggest that zig—zag may perform poorly in the case of
highly anisotropic targets. See, for example, [1, 27].

For zig-zag and BPS, these are as given in Table 2. In particular for the case of product
target distributions as studied theoretically in most of this paper, the zig—zag can be imple-
mented with the higher efficiency described in the top row of Table 2. On the other hand we
do not see a way in which the generic BPS as described in this paper can utilise conditional
independence. However it is worth noting that generalisations of zig—zag termed local BPS by
[8] and other variants as discussed in [32] also share computational advantages from sparse
conditional independence. However in the context of a general partial correlation structure,
implementation costs are an order of magnitude greater for the zig—zag (as is the case for
relevant competitor algorithms such as MALA and HMC). Thus we give two complexities
for zig—zag in Table 2 which can be thought of as best and worst cases according to the above
discussion.

In order to obtain the algorithmic complexity required to draw approximately independent
samples, we should multiply the required continuous time scaling with the computational

TABLE 2
Computational effort of the piecewise deterministic processes

Method f events/unit time Comp. effort/event Combined effort/unit time
77 (with independence) 0O(d) (Cor. 2.4) o) o(d)
77 (general case) 0(d) (Cor. 2.4) 0) o (dz)

BPS 0(1) (Cor. 2.9) 0(d) 0(d)
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TABLE 3
Algorithmic complexity to obtain approximately independent samples

Method Angular momentum Negative log-density First Coordinate
ZZ (with independence) o(d) o(d) o)
77 (general case) 0(d?) 0(d?) 0(d?)
BPS o(d) 0(d?) 0(d?)

complexity per continuous time unit. By doing so, we obtain the algorithmic complexities of
the ZZ and BPS as listed in Table 3.

In terms of which algorithm, BPS or zig-zag should be implemented in any specific sit-
uation, the conclusions to the findings of Table 3 tentatively suggest that in the context of
sparse conditional independence structure the zig—zag seems to have better complexity prop-
erties, but that for general target densities the methods have the same complexity. Of course
these conclusions need to be treated with caution given the relatively specialised nature of
the theory which underpins Table 1.

Analogous to [34], we also study the choice of the refreshment jump rate p that maximizes
the speed of the limiting process. The limiting process of the negative log-target density of the
BPS sampler is the Ornstein—Uhlenbeck process. The process attains its maximal speed when
the ratio of the expected number of refreshment jumps to that of all jumps is approximately
0.7812 (see Figure 1). This result provides a practical criterion for selecting the refreshment
rate; see Remark 2.12. In Section 2.3, we analyse this criterion for more general target prob-
ability distributions.

Asymptotic limit results illustrate some similarities and differences with the Metropolis—
Hastings (MH) algorithm. Typically, high-dimensional limiting processes of MH algorithms
are diffusions [34, 35]. In contrast, the first two summary statistics processes of ZZ converge
to non-Markovian Gaussian processes and the first coordinate process of ZZ and the angu-
lar momentum process of BPS have pure jump process limits. At the same time, like MH
algorithms, our results show that the piecewise deterministic processes can exhibit diffusive
behaviour. In particular the latter two summary statistics processes for BPS have diffusion
limits. Diffusion limits are known for PDMPs [9, 20], but have to our knowledge have not
been established for dimension tending to infinity.

In this paper, we mainly consider the case of a standard normal stationary distribution.
Experimental results of Section 3 suggest that the obtained results remain valid for general
distributions of product form. For nonproduct strongly correlated distributions such as in
[24] the convergence rates could be different. This remains a topic of active research; see also
Section 4. Also, throughout this paper, we assume stationarity of the process. The behaviour

Covariance function Diffusion coefficients

0.8+ 2.0-

— 04+
>

0.0+

0.5-

00 25 50 75 10.0 00 25 50 75 10.0
t rho

FI1G. 1. Monte Carlo estimated values of the covariance function K (t,0) (left) and the diffusion coefficient
o (p)? (right).
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maybe different from the current study if the initial distribution is far from the centre region
of the target distribution. This remains a topic of active research.

2. High-dimensional properties. We analyse high-dimension properties of the zig—zag
and BPS samplers. Throughout in this paper, we assume strong stationarity of the Markov
processes. Our first main objective is the analysis of the angular momentum processes

Z.d
vy _

e s = (g4, ) = d VR ),
17
vB,d

2.2) sP = <s§3", ”de”> (84, 0P)
Ut’

The behaviour of the angular momentum processes illustrates the dissimilarity of the zig—zag
and BPS samplers.

The angular momentum processes do not completely capture the asymptotic properties
of the Markov processes. For the understanding of long-time properties, it is more natural
to consider the behavior of the negative log-target density. Observe that there is an interest-
ing connection between the angular momentum process and the negative log-target density
processes:

dlg™!|* =2a" st ar, alg™ | =257 ar
Additionally we will study the number of switches (jumps)

> laszdzop > lasBazop

0<t<T 0<t<T

up to T > 0, where AX; = X; — X;_. Finally, we will check the convergence rates for the
coordinate processes.

REMARK 2.1 (Proof strategy). In the high-dimensional MCMC literature, as in [34],
the Trotter—Kato-type approach is the most popular which uses convergence of generators to
prove convergence of Markov processes. Classical literature is [19]. In this paper, we closely
follow the semimartingale characteristics approach taken in [23], which is natural to the non-
Markovian processes which arise in our analysis. See Section IX.2a of [23] for the connection
between the two approaches.

2.1. Asymptotic limit of the zig—zag sampler. In this section, we study the asymptotic
properties of the zig—zag sampler. All the proofs are postponed to Appendix A. To state the
first results, we introduce a stationary piecewise deterministic jump process

(2.3) Ti=To+t-2 Ts—1iz<1;,_yN(ds,dz)

(0,1]x R4
with 79 ~ N0, 1). We will show that the process has the same law as that of (&;; Z.d ,Z,d)t>o
foreachi =1,...,d where Si’t and vi’t are ith components of S, 4 and v, Zd respectlvely.
By Itd’s formula, the process has the infinitesimal generator
(2.4) Gf )= f'() +x7(f(=x) = f(x)).

In Section C we show that there exists a unique solution of the martingale problem corre-
sponding to G. By this expression, N'(0, 1) is the invariant distribution of 7 = (7;),;>0 by
Proposition 4.9.2 of [19]. In particular, 7 is a stationary process. Set

2.5 K (s, 1) =E[TT].
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This covariance kernel will play an important role in this work. Some properties are collected
in Proposition C.3.

Our first result is the asymptotic limit of the angular momentum process S%¢ = (StZ ’d),zo.
We discuss the continuity of the sample path of the limit process.

THEOREM 2.2. The process §Zd defined in (2.1), converges to §Z = (StZ),Zo in dis-
tribution in Skorohod topology where S% is the non-Markovian stationary Gaussian process
with mean 0 and covariance function K (s, t). The Gaussian process is locally a-Hdlder con-
tinuous for any o € (0, 1/2), but it is not locally a-Holder continuous for any o > 1/2.

REMARK 2.3 (Holder continuity). See [25], eq. (2.2.8), or Section A.1 for the definition
of local o-Holder continuity.

The path continuity property explains why the path of S% resembles that of Markov dif-
fusion processes since diffusion processes have the same local a-Holder continuity property.
Despite the similarity, the limit process SZ is a non-Markovian Gaussian process, unlike most
of the scaling limit results related to classical MCMC methods.

The second result concerns the number of switches for the zig—zag process, indicating
the computational cost of the process. The following results show that the process $%¢, the
number of switches per unit time is O (d).

COROLLARY 2.4. The number of switches of S¢ over a time interval (0, T scaled by
d~! satisfies

in probability as d — o0

T
-1
D D T e N

1
0<t<T
forany T > 0.

The third result is the analysis of the negative log-target density process. As for the angu-
lar momentum process, the limiting process is a non-Markovian Gaussian process. We also
discuss the sample path property. We call a process differentiable if there is a modification
such that each path is differentiable almost surely. See Section A.3 for the definition.

THEOREM 2.5. The negative log-density process

z.d 1g24)2
4 va( )

converges to a non-Markovian stationary Gaussian process Y% with mean 0 and covariance
function

t ot
L(s,t) =2—2/ / K (u, v)dudv.
N N
Moreover the Gaussian process Y is differentiable with respect to the time index .

Finally we consider the first coordinates of &. Let

mE) =€) = ....&) for§=(&,....6) €RY,

denote the operation of taking the first k € {1, ..., d} components of a d-dimensional vector.
If k > d, then we set

k—d
d —_——
(&) = (&) =(61,...,84,0,...,0).
Let ¢ (x) be the density of the k-dimensional standard normal distribution N (0, I;).
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THEOREM 2.6. Forany k € N and d > k, the law of the process th’d’k =T (Stz’d) does
not depend on d, and Z%** is an ergodic process. In particular, for any N (0, Iy)-integrable
function f :R¥ — R, we have

T / Z d.k )dt — / fxX)or(x)dx in probability as T — oo.

REMARK 2.7 (Joint limiting processes of the angular momentum, the negative log-density
and the first coordinate processes). The joint process of the first two processes has a Gaus-
sian limit by the central limit theorem of the processes. The diagonal components of the corre-
sponding covariance kernel are K (s, t) and L(s, t). The off-diagonal component is the covari-
ance of the angular momentum and the log negative-density processes. Since d¥;™ Zd 2StZ d
off-diagonal component of the corresponding covariance kernel is

1OL(s, 1)
ot

The first coordinate process is asymptotically independent from the other processes.

>

M(s,t) :=E[Y?s?] =2~ —2f K(t,u)du.

2.2. Asymptotic limit of the bouncy particle sampler. 1In this section, we study the asymp-
totic properties of the bouncy particle sampler. All the proofs are postponed to Appendix B.
The limiting process of the angular momentum is represented as

SB=sB4+r-2 S 1 _sp N (ds, dz)
0,1] xR, ==
(2.6)

4 / (z — SB)R(ds, d2),
0,11xR
where R is the random measure with the intensity measure
E[R(ds,dz)] = pds¢(z) dz,

where ¢ denotes the AV(0, 1) density function. By It6’s formula, the process SB = (S )i>0
has the infinitesimal generator

2.7) Hf(x)= f'(x) +x7(f(=0) = f(0)) + p(/Raﬁ(y)f(y)dy - f(X))-

In Section C we show that there exists a unique solution of the martingale problem corre-
sponding to H.

The process is N/(0, 1)-invariant by Proposition 4.9.2 of [19]. Observe that the process StB
follow the same dynamics as that of 7; between the refreshment times.

THEOREM 2.8. The process SB¢, defined in (2.2), converges in law to S®.

In fact, if p =0, then the law of SB-4 i3 identical to the law of SB for any d € N. Indeed,
say g(&,v) = f({&,v)) for (§,v) € EB4 Then (without refreshment), for s = (&, v),

(LBg) (&, v) = (v, Veg (&, v)) + (£, v) T (g(&, —v) — g (&, v))
= ({5, v)) (v, v) + (£, 0)T(f(—(&,v) — F((E,v))
= () + T (f(=s) = f(5)),

which establishes that if p = 0, then SB-¢ is a Markov process with generator H.
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COROLLARY 2.9. The expected number of switches of S®¢ over a time interval (0, T
does not depend on d and is given by

1
E[ 1 :|=T(—+ )
ZT (ASP420) o P

0<t<

Observe that Tp is the expected number of refreshment jumps, and 7'/+/27 is the expected
number of bounce jumps. Unlike the zig—zag sampler, the number of switches is random even
in the limit d — oo. This is the reason why we consider expectation rather than the limit in
Corollary 2.9. Note that each switch changes all components of the direction v. On the other
hand, the zig-zag sampler only changes one component in each switch.

THEOREM 2.10. The normalised negative log-target density process

B.d lgs 12
Y4 = ﬁ(d?f — 1>

converges to the stationary Ornstein—Uhlenbeck process Y® such that

o(p)?
dyP = — n YBdr 4o (p)dW;,

where
[e.e]
o(p)? ::8[ e PSK(s,0)ds
0

with K (s, 0) defined in (2.5), and where (W;);>0 is the one-dimensional standard Wiener
process.

The speed of the negative log-target density process is determined by the diffusion coeffi-
cient o (p)z.

PROPOSITION 2.11.  The continuous function o (p)? satisfies
o0
lim o (p)? = 8/ K(s,0)ds =0, lim o(p)2=0.
p—>+0 0 p—>—+00
In particular, there exists p* € (0, 00) such that o (p*)* = SUP 5(0.00) o(p)?.

The covariance function K (7, 0) and the diffusion coefficients o (p)? do not admit simple
expressions. These functions can be written as infinite sums of convolutions, and numerical
evaluation is difficult. On the other hand, simple Monte Carlo calculations yield good esti-
mates of these functions (Figure 1). The Monte Carlo estimates also provide that the value of
p maximising o (p)? is around p* & 1.424. The ratio of the expected number of the refresh-
ment jumps to that of overall jumps is

*

0
1 *
7= TP

Note that the choice of p is not scale invariant, that is, if we apply the target distribution with
the negative log-density wi(E) =|&|? / (2)/2), the maximiser depends on y > 0. However the
above jump ratio does not depend on the scale, making the 78.12% rule a possible criterion

for the choice of the refreshment rate. In fact, as will be established in Section 2.3, the choice
(2.8) maximizes o2 (p) for a general class of (non-i.i.d.) distributions.

(2.8) ~0.7812.
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REMARK 2.12 (Choice of the refreshment rate). In practice, by Corollary 2.9 and Theo-
rem 2.10, a suitable optimization target would be

comp. effort comp. effort # time units Ci 1
- = T X3 + Cap 5
approx. indep. sample time unit indep. sample 27 o=(p)

Here C; and C; represent the computational complexity of a bounce jump and of a refresh-
ment, respectively. These constants depend strongly on implementational aspects, for exam-
ple the Poisson thinning scheme used for simulating bounces. As a crude simplification, it
may be argued that the computational cost of a bounce is significantly more expansive than
that of a reflection, that is, C; > C3, since bounce jumps involve a thinning procedure and the
computation of a gradient of the target distribution. With this approximation in mind, it be-
comes reasonable to maximize o >(p) with respect to p in order to obtain high computational
efficiency.

Finally, we consider the coordinate process convergence for the bouncy particle sampler.

THEOREM 2.13.  For any k € N, the process ZB%k = (Z?’d’k)tzo defined by Z?’d’k =
Tk (E;t’d) converges to the stationary Ornstein—Uhlenbeck process Z®* satisfying the SDE

dzBF = —p=1zB*ar 4+ J2p-1awt

for k € N where WX is the k-dimensional standard Wiener process. In particular, any bounded
continuous function f :RF — R, we have

1 (7 B.d .k . -
(2.9) ?/0 f(z; )dtd’T—_:OO/Rk f(x)pr(x)dx in probability.

Note that (2.9) is a double limit. In other words, for all ¢ > 0 and y > 0, thereisa K > 0
such that foralld > K, T > K,

P(‘%/OT F(ZB4Ryar — /Rk f(x)qﬁk(x)dx' > y) <s.

This means that the limits with respect to d and T can be freely interchanged. The robustness
of the result in terms of the choice of d and T is important for Markov chain Monte Carlo
analysis since the practitioner may use 7 =d? or T =d'?, or even T = +/d.

REMARK 2.14 (Joint convergence of the angular momentum, the negative log-density and
the first component processes). Unlike the zig—zag sampler case, the angular momentum
does not share its time scaling with the other observables for the bouncy particle sampler.
Therefore, the only nontrivial joint process is the combination of the negative log-density
and the first component processes, and these two processes are asymptotically independent.

2.3. Choice of the refreshment ratio for the bouncy particle sampler in the general case.
In Section 2.2 we discussed the choice of the refreshment ratio which maximizes the diffusion
coefficient. In this section we will show that it is also possible to estimate the coefficient
directly, without resorting to scaling limits. This implies a more general validity of the rule
(2.8) for maximizing the diffusive speed.

Let 0 =0p9 < 01 < --- < oy be the refreshment times. The diffusion coefficient can be
estimated by

N
(2.10) 6% (p) = 4pN~" 3 (W (24) — wi (34 ))?

n=1
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that is, an asymptotically unbiased estimator of the diffusion coefficient (see Proposi-
tion 2.16). Observe that p~! N is asymptotically equivalent to T = oy, and the sum in (2.10)
is an estimator of the quadratic variation o>(p)T of the process Y2 divided by 4. One could
monitor the estimator for different values of p in order to select the choice of p which max-
imises 61%, (p).

For non-Gaussian, non-i.i.d. case, the relevance of the coefficient is not immediate. How-
ever, we may still treat it as a criterion since if the value is large, we expect that the process
moves relatively well. So we want to understand the behaviour of the coefficient in situations
that are different from the standard Gaussian case.

For the general case, we still assume stationarity of the process, and assume the following.
Let W be a thrice differentiable function, and assume the Lipschitz-type condition

(2.11) [Ved @) = vl <i(lx =),
where [/ : R, — R, is a nondecreasing function. We use notation
d a2yd d  a3gd
2We(§) 9"W(§)
VAU E) U, vl =) ——u;vj, VU E [, v, wl =) ———uvjwy
; g 08, Y  0g 08,08 7

and V209 (&) [u®?] = V2U4(E)[u, u], and V3IWL(E)[u®3] = VIWL(E)[u, u, u]. We also as-
sume consistency conditions

dgB.dy2
(2.12) EH—”W Gyl —HH — 0,
d d—o00
2.13) E[V2w! (&) (5] - HI] — 0

for H > 0. The following nonexplosive condition is also assumed:

(2.14)  sup sup |V2W4(E)[u®?]| < C, sup sup |[V3W4(E)[u®]| <C
EcRIueB, 1 tcRIueGy_y

for some C > 0, that does not depend on d.

REMARK 2.15. Conditions (2.12) and (2.13) are related to the convergence of the trace
of the Fisher information matrix when W¢ is the negative log-likelihood function.

In the following proposition, we denote S,B (p) for the process defined in (2.6) to specify
the value of the refreshment rate.

PROPOSITION 2.16. Under the assumption of (2.11)—(2.14) with g(?’d ~ 184 the
stochastic process SB4 = (StB’d),Zo defined by S,B’d = (V\I’d(‘étﬂ’d), UF’d) converges to an-
other stochastic process (HI/ZSEI’S%(H_I/Z,O)),EO. In particular,

2 _
4pE[(W (55 7) =V (50 )] — H' 2o (H12p).

d—o0

Proof of this proposition is in Appendix D. Since the limit of Sg’d is the time-scale change
of SB, we can still use the 78.12% rule (2.8) for the choice of p. More precisely, the expected
number of all jumps and that of the refreshment jumps up to time 7' are

1
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with respectively. Therefore the fraction of the number of refreshment jumps is

H12)
1 —1/2,"
m-l—H P

On the other hand, H'262(H~'/2p) is maximised when H~!/2p = p*. Therefore we will
have the same ratio 78.12% as before when H'/262(H~1/2p) is maximised.

3. Experimental results.

3.1. Validation of the scaling limits for target that are not standard normal. In order to
investigate the dependence of our results on the distributional assumptions we will carry out
computer experiments with respect to four different d-dimensional target distributions:

(i) The standard normal distribution.
(ii) A correlated Gaussian distribution, for which Var(§;) = 1 and Cov(§;,&;) = p (for
i # j) where we take p =0.9.
(iii) (&1, ...,&y) are i.i.d. Student distributed with v = 4 degrees of freedom.
@iv) (&1,...,&y) is a d-dimensional spherically symmetric Student distribution with v =4
degrees of freedom (see [7]).

For these four distributions we run both the zig—zag sampler and the bouncy particle sam-
pler with a refresh rate of 1.4. In all cases the zig—zag process with speeds v € {—1, +1}¢ is
run on a fixed continuous time interval [0, 7] where 7' = 100. The bouncy particle sampler
with speeds v® € 34~1 = {v e R? : ||v|| = 1} is run on a continuous time interval [0, d x T'],
which for the purpose of this section is equivalent to a BPS at speed increased by a fac-
tor d run on a time interval [0, T']. These combinations of velocities and interval length are
such that the processes with respect to the observables “first coordinate” and “log density”
converge in distribution to their limiting processes as specified in this paper, at least for the
standard normal distribution. All processes are started from a random sample from their re-
spective stationary distributions.

In the experiments, for a given trajectory (£(¢));>0, we define the standardised error with
respect to an observable £ as

LT h(e(s))ds — (h)
J/Var,_a(h) '

where ¢ represents the probability distribution with unnormalised negative log density W,
The “first coordinate” observable corresponds to 4(§) = & and the “log density” observable
corresponds to h(£) = ||£]|2. The continuous time integral representing the ergodic average
(given the piecewise deterministic trajectory (§(¢))o<;<r) can be evaluated analytically. In
the box plots below the standardised squared error is displayed for increasing dimension,
based on 1000 experiments.

As to be expected from the theory developed in this paper the distribution of the stan-
dardized squared error for the standard normal distribution (Figure 2) is stable with respect
to increase in dimension. BPS seems to be more robust in the presence of correlations (Fig-
ure 3), in particular with respect to the first coordinate. In the case of a factorized heavy tailed
distribution (Figure 4) we see that the behaviour of both zig—zag and BPS is very robust. Fi-
nally in the case of a spherically symmetric example (Figure 5) we see similar behaviour for
the different samplers with a nonconstant dependence on dimension.

Eh:
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F1G. 2. Standardized squared errors standard normal distribution. ZZ is cyan, BPS is red.

3.2. Validation of the refreshment rate choice. In this section we consider the optimality
criterion (2.8) in the non-Gaussian, non-i.i.d. setting. Specifically, we consider a simulated
logistic regression problem, constructed as follows. We randomly generate a d-dimensional
multivariate standard-normal “true” parameter £ and n covariates xDeRe, (i=1,...,n)
with the first component fixed at one and the other components generated according to a
d — 1-dimensional standard normal distribution. Next independent Bernoulli observations
y@ € {0, 1} are generated according to the logistic probability

. . 1
P(Y® =11x9D¢)= —.
( ) = T e )

H
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. : 1e-02-
i .
.

[
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FIG. 3. Standardized squared errors correlated Gaussian distribution, Var(§;) = 1, Cov(§;,§;) = p = 0.9,
i # j.ZZis cyan, BPS is red.
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The same procedure that generates the data (x¥, y(i))i=1,...,n is used to specify the prior and
likelihood (conditional on x @) for &, that is, the prior is a standard normal distribution and
the likelihood is the product of logistic probabilities, as follows:

m0(E) ~N O, 1), LE|x,y) =[PP =y"1x"¢).
i=1

This determines the posterior probability distribution

m(&1xD,yD) = L& | x, y)mo ().
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FI1G. 5. Standardized squared errors spherically symmetric Student distribution with v = 4 degrees of freedom.
ZZ is cyan, BPS is red.
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FIG. 6. Experimental estimation of the average limiting diffusivity of the log density process for a logistic re-
gression posterior distribution as a function of the relative amount of refreshments, as described in Section 3.2.
We see that the diffusive speed is maximized around a relative number of refreshments of approximately 0.75,
agreeing closely with (2.8). Here we have taken the dimensionality to be d = 50 and the number of covariates
n = 1000. Experiments have been carried out for a discrete grid of 20 different values for p, ranging from 0.125
to 16, and for each value of p the relative amount of refreshments was obtained over 100 experiments over a
continuous time horizon T = 10,000, along with the average estimated diffusive speed according to (2.10).

For this target probability distribution, the bouncy particle sampler is run for different val-
ues of the refreshment rate p. For every experiment, the relative number of refreshments
is recorded along with the estimated diffusive speed of the log density process, —W (§) =
log (£ | x@, y@). To estimate the diffusive speed of the process we use the estimator (2.10).
The experimental result is displayed in Figure 6, and shows that also for a high-dimensional,
correlated, non-Gaussian target distribution the limiting diffusive speed of the log density
processes is maximized at the refreshment rate p* satisfying (2.8).

4. Discussion. In this paper we considered the high-dimensional asymptotic analysis
of ZZ and BPS. The target probability distribution is assumed to be the standard normal
distribution. This assumption is indeed restrictive, but the results can be extended to more
general target distributions. For the ZZ sampler, it is straight forward to generalise it to a
target distribution with a product from ]_[fl:1 F (d&;) where F is a probability measure on R.
For the BPS sampler, we have proved convergence of the angular momentum for a general
target distribution in Section 2.3.

One of the major computational advantages of PDMP methods is the easy applicability of
principled subsampling methods giving substantial computational advantages for instance, in
the setting of simulation of Bayesian posteriors with large data sets. However it has also been
noted empirically that subsampling can slow down the convergence of PDMP samplers, see,
for example, [3]. Therefore it would be very interesting to generalise our work in this paper
to consider limits of subsampled PDMPs in order to quantify the effect of subsampling on
algorithm performance. It would also be natural to generalise our results to cover the various
generalisations and alternatives of BPS and zig—zag such as the coordinate sampler [39] and
random velocity zig-zag [38].

Recently, the convergence rates of BPS and ZZ have also been studied by [1] and [15].
In the former article, they studied L2-exponential convergence rates of Markov semigroups
corresponding to the PDMPs under fairly general assumptions. The BPS convergence rate
O(d) considered here is in agreement with their results after noticing that they assumed
VdS,_; as the direction space. On the other hand, the convergence rate obtained by [15] is
0(d'/?), which is different from ours since this work studied a different scaling limit regime.
In Theorem 2.13, we obtained the Ornstein—Uhlenbeck process limit for the first coordinate
process. This scaling limit regime does not describe the optimal choice of p for a single
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component since it can be accelerated arbitrarily by taking p | 0. The work [15] studied
another scaling limit regime by taking p = O(d~'/?), and proved that the first coordinate
process, together with the velocity, converges to a randomised Hamiltonian Monte Carlo
process. However, in their regime, the negative log density process will be degenerate by
Theorem 2.5. Therefore, if one starts from an initial point ééi e R¢ with large log negative
density, the process stays in that region in the limit. Therefore, the process does not reach
to the smallest log negative density area in this regime. For this reason, we did not use a
diminishing refreshment rate. See Section 2.5 of [15] for some empirical comparison between
the two regimes. Similarly, our results agree with the very recent contribution [27].

APPENDIX A: THE CONVERGENCE OF THE ZIG-ZAG SAMPLER

A.1. Proof of Theorem 2.2. Let S% = (Stz) >0 be a Gaussian process with mean 0 and
covariance K (s, t) = E[77;] where T is defined in (2.3). First, we prove that the Gaussian
process SZ is not a Markov process, although 7 is a Markov process.

LEMMA A.l. The stationary Gaussian process S% is not a Markov process.

PROOF. By Theorem V.8.1 of [17] together with the continuity of ¢ — K (¢, 0), if S% is
a Markov process, then

K@, 0)=e“

for some ¢ € R. Therefore, the first and the second derivatives of K (¢, 0) at t = 0 are —c and
¢? with respectively. However, this is impossible by derivatives calculated in Proposition C.3.
Thus the process SZ is not a Markov process. []

Next we prove convergence of S%¢. We denote the space of continuous and cadlag func-
tions on [0, oo) by C[0, co) and D[0, 00), respectively. A sequence of D[0, oo)-valued pro-
cesses X9 = (Xfi)tzo is called C-tight if it is tight and any limit point is in C[0, oco) with
probability 1. By Corollary V1.3.33 of [23], if X and Y are C-tight, then (X9 + Y9)>¢ is
C-tight. On the other hand, the sum of tight sequence of processes is not tight in general.

LEMMA A.2. The process %% converges to S%.

PROOF. Observe that S7¢ = d~1/2 >4 T4 where

(A.1) T4 =gl

it Yit

By construction, (7;%)20 (i =1,...,d) are independent processes and have the same law as

that of 7. By using the fact, we prove tightness of the sequence of processes (Stz’d),e(oj] for
each T > 0 by the central limit theorem of stochastic processes. By (C.1), we have

sup [Ty =T/ <2 sup [T;| <2[To| +2T.

0<t,u<T 0<t<T

Observe that any moments of the right-hand side of the above inequality exist since T ~
N (0, 1). By using this bound, for the Poisson random measure N (dz, dz), we have

Y a0 =/ liz<7,_yN(ds, dz) < N(A),

t<v<u (t,u]xRy
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where A = (t,u] x (0, |To| + T] since |T;| < |To| + ¢ by (C.1). Let A = |u — t|(|To| + T).
Then we have

Xz

P(N(A)>1)=1—-e" <A, P(N(A)>2)=1—e"—re < 5

Since if there is no jump, 7; has the deterministic move, and we have

Z I{A%?g()}:() — 7;—7§=u—s.

t<v=<u

Hence if t <u < T, we have

E[(T, — T*] = E[(Tu “T% Y larso) = 0]

t<v<u

+E[(7L — T2, Z LiaTy 0} = 1]

t<v=<u
<|u—1t? +E[(2To] +2T)* x 1]
<Clu —t|
for some C = C7 > 0. On the other hand, if s <t <u <T
Y lamzo =1 = > lanzo=0 or > lazz0=0

s<v=<u S<v=<t t<v=u
and hence
o larz =1 = (Ta—TOXT T < lu—s2ITol +27)".
Therefore,
E[(Ta - T)A(T — To)] = E[m —TXT -TOE Y iaTiso) = o}
t<v<u

+E[(774 — (T = T, > 1{A7;7£O}:1:|

t<v<u

+E[(Tu —TX(T =T Y. lan-0) zz}

t<v<u

<lu—s|* + lu — sPE[2ITo] +27)]
4 M
+]E[(2|76|+2T) XE]

<Clu—s|?

for some C = Cr > 0. These inequalities imply the conditions (i, ii) in Theorem 2 of [21].
Therefore, by Theorem 2 of [21], we have central limit theorems for the sum of the copies of

(T)ie(.77- In particular, (S,Z’d)tE(O’T] is tight.
On the other hand, for any 0 <t; <, < --- < f, any k-dimensional random variable

d
(S Sy =a Py (T LT
i=1

converges to a normal distribution by the finite-dimensional central limit theorem since the
random variables (’Edl, e 7?2{) (i=1,...,d) are independent and have the same law as
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thatof (7;,, ..., 7z ). Hence (Stz’d),e(oj] converges to (Stz)te(o,r] by Lemma VI.3.19 of [23].
Then the convergence of (S,Z’d),zo to (StZ),zo also follows from Theorem 16.7 of [6]. [

We call a D[0, co)-valued processes X = (X;);>0 locally a-Holder continuous if there

is a C[0, co)-valued process X with the same law as that of X such that there exists St >
0, hr(w) >0 and

]P’(a)eQ: sup [ Xu(@) = Xy (@) <<ST> =1

lu—v|<hr(@),0<u,v<T lu —v|®

forany 7 > 0.

LEMMA A.3. SZ is locally a-Holder continuous for a € (0,1/2) but it is not locally
a-Holder continuous for any a > 1/2.

PROOF. The mean zero Gaussian process SZ satisfies S,Z ~ N(0, 1) and StZ — Sg ~
N(0, o (1)%) where
o ()% :=E[(S* — %)*] = E[(S%)*] + E[(5§)*] — 2E[S%S%] =2 — 2K (1, 0).
Observe that o2(0) = 0. By Proposition C.3 we have
o()?  o()?—o%(0)
t t
2K(t,O) — K(0,0)
t

= —20,K(t,0)|:=0 = 8¢(0),

and in particular, for sufficiently small # > 0, we have a local bound ct < lo(1)?| <Ct (0<
t < h) for some ¢, C > 0. On the other hand, since we have o (7)% < ZE[(S,Z)2 + (Sg)z] =4,
there is a global bound |o ()?| < Ct (¢ > 0) for some constant C > 0. Therefore, the (2n)th
moment of S — S ~ N (0,5 (1)?) is

E[|S? — S5*"] = 2n — Do (1)?]" < Clt|"

for some C > 0 for any n € N. Thus, local ¢-Holder continuity for any o € (0, 1/2) follows
from Kolmogorov—éentsov’s theorem (Theorem 2.2.8 of [25]).

On the other hand, by Proposition C.3, the second derivative of K (¢,0) around ¢t = 0 is
positive and hence o (r)? is concave around ¢ = 0. Therefore, by Slepian’s lemma (Theo-
rem 7.2.10 of [28]), we have

SZ(w) — §%
(A2) lim  sup 15 (@) = Sy (@) > 1
=0 u-vl=t0=uv=1 /202 (u — v) log(1/|u — v)

almost surely. If $Z is locally 1/2-Hélder continuous, then there exists a process SZ, with the
same law as SZ, such that for ¢ > 0, and for some 8§ > 0,

ISt (@) = St _ '

202y log(1/1n]) — /2cTRTTog(T/IA)

for sufficiently small 4. The right hand side converges to 0 which contradicts (A.2). Thus 5z
and S7 cannot be locally 1/2-Holder continuous with probability 1. [

PROOF OF THEOREM 2.2. The claim follows by Lemmas A.1-A.3. [J
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A.2. Proof of Corollary 2.4. PROOF OF COROLLARY 2.4. The convergence of the
switching rate comes from the law of large numbers. Observe that

d

-1 _ -1

d Z I{AS,Z’d;EO}_d Z Z 1{AT;’,;&0}’
0<t<T i=10<t<T

where (7;’dt)t20 (i=1,...,d) are independent copies of (2.3). See the proof of Lemma A.2.
Therefore, by the law of large numbers, we have

—1
DD 1{AS#¢0}U,:;E[ ) 1{A7?¢0}}:E[/(O,T]X&l{zgmdzdt]

0<t<T 0<t<T
T T
= E[TH]d=—
| BT = ——
by 7, ~N(0,1). O

A.3. Proof of Theorem 2.5. We call a D[0, co)-valued processes X differentiable with
respect to the time index ¢ if there is a C[0, oo)-valued process X with the same law as that
of X and another C[0, co)-valued process (3 X;(w));>0 on the same probability space as that

of X such that

X - X .
IP’(w eQ: lim ’*’“(w)h 19 _ 5%, (w). V1 € (0, T)) —1
for any 7 > 0.

PROOF OF THEOREM 2.5. The map (a);>0 > (fy &5 ds);>0 from D[0, 00) to C[0, 00)
is continuous. Also, by Theorem 2.2, the sequence S%¢ converges in law to SZ. Therefore,

the sequence of processes (Y,Z’d — Oz’d),zo (d € N) is C-tight since

e A b

(A3) , ,
:2/ sy — 2 [ $Zdu
0

d—oo Jo

in distribution in Skorohod topology. Also, SOZ A Ny (0, I;) and we have

yzd _ yg(M& N(0.2
I A==y

Thus (Y/%) =0 = (Y74 = Y& + Y9),50 is C-tight. On the other hand, by the finite-

dimensional central limit theorem, (Y,?’d, Y,%’d, ey Y,%’d) converges in distribution to some

normal distribution for any k € N and any #; < --- < fg, since

24 vZ.d zay _ y7(1E 1P g2 |12
(Yt1 YL Y )= d T—l,---,T—l
1 Z.d )2 Z.d 2
=vd Y (851 =1 €5 )
i=1
—1 d
= Jd ZUid
i=1
and Ul-d (i=1,...,d,d € N) are mean 0 and independent and identically distributed since

every component of £%¢ is an independent zig—zag process due to the decoupling of the
switching rate. Thus by Lemma VI1.3.19 of [23], yZd converges to a Gaussian process, which
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will be denoted by Y Z with a covariance function denoted by L(s,t). Since the covariance
function of Y%¢ and Y7 are the same, and dYtZ’d = 2S,Z 4 dt, we have

L(s, 1) =E[r4v/]

= B[P+ B2~ B[ — v24)

1 ! 2
=—(4-4E[{[| SZ“du
2 g
t t
:2—2/ / E[s%4§%4] du dv.
N N

SZ,d

Furthermore, since the covariance function of and 7 are the same, we have

t t t t
L(s,t)=2—2//]E[’ﬁ,’ﬁ,]dudv:Z—Z/fK(u,v)dudv.

From this expression, we can conclude that the limiting process Y7 is non-Markovian as
in Lemma A.1. Because if it is a Gaussian process, the second derivative of the convariance
function L(¢, 0) at t = 0 should be negative that is impossible by the expression of L(s, t).

Finally, since (YtZ — Yoz)zzo and (2 fé SE du);>0 have the same law by (A.3) and the latter
process is differentiable, the process YZ has a differentiable version. [J

A.4. Proof of Theorem 2.6. PROOF OF THEOREM 2.6. Let (£%),50 be the process
such that SOZ ~N(0, 1) and vg are independent and IP’(UOZ =+1)= P(v% =—-1)=1/2 and

t
s,zzsonr/ vZds (1> 0),
0
and

V4 Z 7
v =vy —2 vi 1 zwWwN(ds,dz) (>0),
o Of]xR, o 1ESED)

where N (dt, dx) is the homogeneous Poisson measure with the intensity measure df dx. The
process (rftz)zzo was studied extensively by [2]. In particular, it is ergodic by Proposition 2.2
of [2]. Therefore, for k € N, if (f,%t)tzo (i =1,..., k) are independent copies of (SIZ),ZO, we
have

e z z
(A4) 7|t dya — [ resnar
almost surely, where f : R¥ — R is a N (0, Ii)-integrable function.

On the other hand, the processes (f,g }d)zzo (kef{l,...,d},d € N) are independent and
identically distributed with the same law as that of (Stz) 1>0. Since

1 [T 1 [T
7| s a =5 [ el s a

has the same law as that of the left-hand side of (A.4), the claim follows. [
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APPENDIX B: THE CONVERGENCE OF THE BOUNCY PARTICLE SAMPLER

B.1. Some preliminary results.

B.1.1. Some remarks on semimartingale characteristics and majoration hypothesis. As
commented at the end of Section C, we use the martingale problem approach to show scal-
ing limit results instead of the classical Trotter—Kato approach. For this approach, we need
some knowledge on semimartingale theory. A nice introduction to semimartingale theory
can be found in Chapters I and II of [23]. Our notation will generally follow this reference.
A semimartingale X = (X;);>0, is called locally square-integrable if it has the canonical de-
composition

X =Xo+ M, + B/, >0,

such that M = (M,),>¢ is locally square-integrable local martingale, and B’ = (B;),>0 is pre-
dictable process with finite variation (see Definition I1.2.27). We consider the convergence of
a sequence of semimartingales. We prove the convergence by using the so-called character-
istics (B’, C, v) and the modified second characteristic C’. We briefly explain these charac-
teristics for locally square-integrable semimartingale. Note that as in Section X.3b.2, for a
locally square-integrable semimartingale, we can treat the characteristics without truncation
function A (x) in Definition I1.2.16.

The first characteristic B’ was already introduced as above. We denote X for the random
measure associated to the jumps of X, that is,

X (w; dr,dx) = Z L{A X, (0)#0}0(s, AX, (w)) (2, dx).
5s>0
The third characteristic v(w; dt, dx) is the intensity measure of the random measure wX, and
C'=(C )i>0 is the predictable quadratic variation of M. The second characteristic C is the
predictable quadratic variation of the continuous part of X, but in this section, C = 0 since
the processes SB and SB-¢ do not have continuous martingale parts.

For example, the Markov process SP defined in (2.6) has the following decomposition
where we use the single random measure form implicitly (see Remark B.1 below). By the
definition for the stochastic integral with respect to random measures (Section 1I.1d), the
square integrable martingale part is

M, = M;(SB) = — - Sy 1(,<sp {N(ds, dz) — dsdz}
, +

#[ (= SRR d2) — pdsp () da).
0,11xR
The predictable process part is
t t
(B.1) B;ZB;(SB)zr—zf {(Sf')*}zds—p/ SB ds,
0 0

which is the sum of the deterministic part ¢ and the intensity measure of the random measure
part. By Theorem II.1.33, the predictable quadratic variation of M is

t

- t
Ci(s%) =4 [ 1By Pas+p [ (14 (5P s,
The random measure p = /,LSB is defined by the integral form

gk g = f (0t (dx)
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= —283 )1 N(ds, dz
0,11xR g( s ) {z<SB ) ( )

— 82 ))R(ds, dz),
(= SRS a0

where g : R — [0, 00) is a continuous bounded function. The random measure v(w; dt, dx)
is its compensator which is defined by

gx V= fg(x)vt(dx)

= / (—28B)(SB) " ds —i—,o/o A;(g(z — 5B)) dsep (2) dz.

By this decomposition S® is also a homogeneous jump process in the sense of Section ITI.2c,
where b(x) =1 —2(x1)2 — px,c(x)=0and K (x,dy) = (x+)8{_2x}(dy) + pp(y — x)dy.
On the other hand, the process SB-¢ is not a Markov process, and has the expression

B.2)

d
sBd=sBd 2 S, _gna N (ds, d2)
(O,Z‘]XR_'.
(B.3)

B.,d _ Bd
+/(0,t]x6dl(<§s cu) = S;"%)Ra(ds, du),

by Itd’s formula. We denote (B’d ,Cd 4 ) and C'? for the characteristics and modified second
characteristic of SB:¢. As in the above example, we have

t t
Bl =t =2 [{(sPUYPas—p [ sP4a,
0 0

~sd L By 3 LOIER? B,d\2
Citima [P Pasp [ (B 4 (sB9)7) s,

and
t
- / gwd (dx) = /0 2(=25B4)(SB)* ds

+,0/ /@d 8 e84 ) — B9 dsyrg(du)

for a continuous bounded function g.

Finally, we introduce strong majorisation property which is important to prove tightness
of the sequence of processes. For two increasing processes X = (X;)r>0, Y = (Y1)r>0, X
strongly majorises Y if X —Y = (X; — Y;);>0 1S an increasing process, that is, almost all
paths of X;(w) — Y;(w) are increasing; see [23], Definition V1.3.34. We denote ¥ < X if X
strongly majorises Y.

REMARK B.1. Piecewise deterministic Markov processes in this paper are naturally de-
scribed by stochastic integrals with respect to several independent random measures. How-
ever, it can also be possible to express these integrals by using single random measures. At
the same time, we can always recover the separate random measure expression from a sin-
gle random measure representation. We do not use the single random measure representation
explicitly in this paper, but we implicitly use the form when we apply theorems in literature
that use the single random measure form.
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B.1.2. Some remark on spherically symmetric distribution. Some of the characteristics
of semimartingales SB-¢ and Y®¢ are written by the expectation of U¢ which will be defined
in (B.4), and U? will be approximated by a Gaussian random variable. We will quantify this
approximation error by the result in [16].

As mentioned above, we need to show that

(B.4) U :=d"? e, v),

where v ~ {4 and e is a unit vector, converges to the standard normal distribution and we
need to quantify the approximation error. The distribution is extensively studied by [16]. For
example, since |(e, v)|? follows the Beta distribution with parameters 1/2 and (d — 1)/2, we
have

de?petl d-1 retd
(BS) E[|Ud{a] — ( 2 2 ) ( 2 )2(1/2

—
B(3, 4y dwoeo T(D)

for o > —1, where we used Stirling’s approximation. Moreover,
(B.6) 1£(U?) = N©, )|y = O(1/d)

for ||v|[Tv =sup| [ A(x)v(dx)| where the supremum is evaluated over those measurable func-
tion A (x) bounded above by 1. Since the expectations in the semimartingale characteristics
are not bounded functions, we need the following proposition to quantify the approximation
error.
PROPOSITION B.2. Forany e >0,k € Nand W ~ N (0, 1),
sup  [E[R(U?)] —E[h(W)]| = O(d<7Y).
IR <(1+]x])F

PROOF. Without loss of generality, we can assume € € (0, 1/2). Let |h(x)| < (1 + lx)X.
To apply (B.6), we consider a bounded modification

ha = h() ljh()|<a)
for a > 0. Then
[Efhae (U)] — E[hae W] < d|£(U%) = N (O, D]y = 0@).
By Markov’s inequality, the error due to the modification of h(U?) is
[Elhge (U] = E[n(U)]| <E[Ja(U)]. [n(U)] > d]

< E[Ih(U")I{ 'h(;f:’ﬂ }ﬂ—e)/e}

< dG_IE[(l + ’Ud’)k(l-k(l—f)/é)] — O(de_l)

by (B.5). Similarly, the error due to the modification of 4A(W) is dominated by

(E[hge (W)] — E[R(W)]| < E[|[h(W)], [h(W)| > a¢]
(W) -/
SE[|h(W)|{| ;e)'} ]

< dE—lEy[(l + |W|)k(1+(1_€)/€)] — O(de_l).

Hence the claim follows by the triangle inequality. [J
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B.1.3. Remark on Stein’s method. We will use a martingale problem approach for the
convergence of stochastic processes and hence we will show the convergence of character-
istics of semimartingales. In order to prove the convergence of characteristics, we will use
Stein’s identity and Stein’s method.

Thanks to the results in Section B.1.2, the semimartingale characteristics are, essentially,
written by expectations with respect to normal distributions. For calculation involving Gaus-
sian random variables, Stein’s identity is useful:

(B.7) E[Wf(W)] =E[f' (W],

where W ~ N(0, 1) and f is sufficiently smooth.

Stein identity (B.7) characterises the standard normal distribution: W ~ N (0, 1) if and
only if (B.7) is satisfied for every differentiable function f with E|f’(W)| < co. Moreover,
by using Stein’s method, the deviation from A/ (0, 1) is bounded by the deviation from Stein’s
identity. The usefulness of Stein’s method is illustrated in the monographs Chen et al. [10]
and Nourdin and Peccati [30]. In this paper, we will use the following result due to Proposi-
tion 3.2.2 of [30].

LEMMA B.3. Forany h: R — R such that E[|h(W)|] < oo for W ~ N (0, 1), there is
the unique solution f :R — R of the ordinary differential equation (called Stein’s equation)

(B.3) Lf(s):= f'(s) —sf(s) =h(s) —E[R(W)]
such that limy_, 10 ¢ (x) f(x) =0.

There are many important properties of the solution of Stein’s equation. We remark here
the integration-by-parts formula

(B.9) f (L) (0)g () (x) dx = — / Fg () () dx

for smooth functions f, g. Also, we would like to remark the following lemma which provides
a sufficient condition for A/(0, 1)-integrability of Stein’s solution. For 8 > 0, let

Il £1llp = supe™ M| £ ().
xeR
If I fllg < oo, fis N(O, 1)-integrable.

LEMMA B.4. For B > 0, there exists Cg < o0 such that for any h : R — R, such that
E[R(W)] =0 for W ~ N (0, 1), we have

(B.10) Ifllg < Callialllig,
where f is the solution to (B.8) such that lim,_, 1o ¢ (x) f(x) =0.

PROOF.  Without loss of generality, we can assume |||%][|g < co. By equation (3.23) of
[30], Stein’s solution is given by

f(X)=¢(X)_1/_xooh(y)¢(y)dY=—¢(X)_1/00h(y)¢(y)dy-

Therefore, if x > 0, we have

e P f ()| = (PP (x)) !

/ h(y)qs(y)dy‘
(B.11) §(eﬁ"¢(x))_1/ |h(y)|p(y)dy

< Il (P (x)) " f P (y) dy.

X
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With a similar calculation for x < 0, we obtain the inequality (B.10) with the constant

X

Cg= supgc;;(x), cp(x) == (eﬂx(l)(x))_1 / P o(y)dy.

Observe that ef*¢ (x) = ef*/2¢(x — B). Also, if y > 1, we have ¢(y) < y$(y) and hence
®(—x) < ¢(x) by integrating y € [x, 00). Therefore, if x > 8 + 1,

s = — ) /xooqs(y _pydy
=p(x—B)O(—(x —B)) < 1.

Also, x — cg(x) is continuous, and hence bounded on [0, B + 1]. Hence Cg < 00 and the
claim follows. [l

B.2. Proof of Theorem 2.8. PROOF OF THEOREM 2.8. We apply [23], Theorem
X.3.48, to SB“ with stopping time

7,(SB) = inf{t > 0: |S®| > a or |SB | > a}

for a > 0. Let ‘L’él = 7,(SB). First we prove the local strong majoration hypothesis (i) of
Theorem IX.3.48. By the expression of the predictable process B’ in (B.1), the total variation
process (see Section I.3a) of B’ up to the stopping time 7, is

NT, I\ Ta B\+2 B
Var(B) = [ [1=2{(s) ") = psP s
0
By construction of v in (B.2), we have

tAT,
(P 50} = [ P, @0 = [ (4((SB)F + (1 + (SB))) s
0
Hence
Var(B')™ < Fi(a), {(|x|2) x v} < Fx(a),
where
Fi(a); = (1 + 2a* + pa), Fy(a); =t(4a’ + p(1 4 a?)).

Note that C = 0. Thus (i) of Theorem IX.3.48 follows, since Var(B’)% and {(|x|?) * v} are
strongly majorised by F(a) = Fi(a) + Fa(a).
Second we prove (ii)—(v) of Theorem IX.3.48. If we take b > 2a, then

INT,
” a 2
{112 1=y % v} "™ = /0/0 A;JZ — 82| Ly, sB|>py@(2) dzds

t
Spf /(|Z|+a)21{|z|+a>b}¢(z)dzds — 0,
0 JR b—>+o00

which proves (ii) of Theorem IX.3.48. The existence and uniqueness of the martingale prob-
lem of (2.7) is proved in Section C. Thus local uniqueness condition (iii) of Theorem 1X.3.48
comes from Lemma IX 4.4. Continuity condition (iv) is obvious. Since we assume stationar-
ity, both S(])3 4 and Sg follow the standard normal distribution. Thus (v) of Theorem I1X.3.48
follows.



SCALING LIMITS OF PDMPS 3387

Finally we check the condition (vi) of Theorem IX.3.48. Recall that, by construction,

I1E24)12
d

(B.12) |62 g2 <t =

- 1’ =op(1)

0<t<T

for any 0 <t < T since ||vg3 ’d|| =1 and 5(1)3 4 follows the standard normal distribution. Thus
forany 0 <s <t,

-1

t
BY— B =0, | Ci(s™ )| <p | ds =op(D),
0

d

and hence the conditions [Sup—ﬁl’oc] and [yl/OC—D] of (vi) are satisfied. For Condition 1X.3.49
of (vi), let g»(x) = x> 1{jx|=p} for b > 2a. Then

INT
d ¢ B.d B.d
gosvtg=o [ [ e )= sP)pucdn s

t
= '0/0 /@d—l gp(|(E>7, u)| + a)ya(du) ds.

By stationarity together with the fact that L((g(])3 ’d, u)) = £(S(])3 ’d), we have

]P’(gb>|<vA y > €) IE[ / /Gd 8 ,ul +a)wd(du)ds:|

— 1B [n(|SB) + a).

Therefore, by taking the lim sup as d — oo of the expectation on the right-hand side of the
above inequality gives

lim sup P(gj, * vtd/\rg >e) <e '1pE[gp(|SE| + a)]b? 0

d—o0 00

by S(I)3 ~ N(0, 1) which establishes Condition IX.3.49 of (vi). Finally, we check [8joc-D] of
(iv). By construction for any bounded, continuous function g, we have

etd.—g*v, (g% ;) 0SB4

t
=Pf0 f@dq (&34, u) — SB4)yy(du) ds —p/o /Rg(z _ §B)g () dz ds.

Therefore, by stationarity of the process, we have

E[ sup [e]]

0<s<t

<o08]| [, | 68 )= S ypatan — [ ol P00

< tpllgllooE[ | Lo((Es . u) = N0, 1)1y ],
B.d

where u ~ ¥4 and Lo(X) is the conditional distribution of X given 5(1)3 * and v,"", and
llglloc = Sup,cr |g(x)|. By the property of the spherically symmetric distribution 4, we
have

ﬁo((sB,d u)) :£0(||Sg’d||d_1/2< Sg’d u>) :EO(adUd)
B.13 o a7\ gy |
' B,d, 2
(Old)2 — ”S()d ” '
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Therefore the total variation distance in the above expectation is
[£0(@?U?) =N, D]y = [£o(@'U%) =N (0. (@)?) Iy

+ [A(O, (0‘ ) ) = N©, Dy
The first term in the right-hand side equals to (B.6) which converges to 0, and the second
term is dominated by

2(1 - (@)?*| — 0 inP

d— 00

by Proposition 3.6.1 of [30]. This proves [§joc-D]. Thus, the condition (iv) of Theorem
1X.3.48 of [23] is proved. Hence the claim follows. [

B.3. Proof for Corollary 2.9. PROOF FOR COROLLARY 2.9. By the expression (B.3),
the expected number of switches of SB-¢ per unit time is

[ > l{AStB‘d;éO}:| :E[f(o,r]xR+ 1 <gpayN (ds, dz) + R4((0, T] XR)}

0<1=T
= E[/OT(SE"‘J)JFds + ,0Ti|
=TE[(Sy"")" + p]
:T{/Rx”Lqﬁ(x)dx—l—p}:T(«/%_n—l—p). 0

B.4. Proof for Theorem 2.10. Thanks to the memoryless property of the exponential
distribution, we can assume that a refreshment jump occurs at t = 0 since it does not affect

the law of (EtB d B )i>0. By Proposition 11.1.14 of [23] we can construct a probability
space so that there are stopping times 0 = 0¢ < 01 < 02 < --- with F, -measurable random
variables W,f (n > 1) such that

(B.14) Ra(dt, dx) = ) 15, <c0)8(s,,, ey (2, dx),

n>1

where P(W? € A|Fy, ) = Ya(A).
The proof strategy of Theorem 2.10 is as follows. The first step is to show the convergence
of YB-4 at refreshment times (04)n>0. For that purpose, we consider a pure step Markov

process Y defined by

€842
=2 Yol UHI)(z)_Zd‘/Z( 1)1[?%1)@).

n>0 n>0

The pure step Markov process has a simpler structure which is characterised by the so-called
finite transition measure. Since o /d —oj_1 /d follows the exponential distribution with mean
1/pd, its finite transition measure K d(x, dy) is

/f(y)Kd(x dy) = pdE[f (Yo 1y = Yo )| ¥g" = ]

in the sense of 1X.4.19 of [23]. Then we will apply Theorem IX.4.21 of [23] to the Markov
process Y2 in Lemma B.5. To apply the theorem, the key step is the proof for the conver-
gence of the semimartingale characteristics. For this step, Stein’s techniques work efficiently.

After the proof of Lemma B.5, finally we will show that the difference between 7> and
Y84 is ignorable.
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LEMMA B.5. The process Y2 converges in law to YB.

PROOF. We can construct (S,B ’d)ze[o,m) so that
(B.15) SP=T, (0<t<oy),

where T follows (2.3) with Tp = S(])3 4 — x, and independent from the refreshment times
(0n)n=0- We apply Theorem IX.4.21 of [23]. Since the limiting process is the Ornstein—
Uhlenbeck process, hypothesis [23], 1X.4.3, is satisfied. By the central limit theorem,
[,(YOB’d) converges to N(0,2) = [,(YOB), and hence condition (iii) is also satisfied. There-
fore, it is sufficient to prove conditions (i) and (ii).

The condition (i) corresponds to the (locally uniformly in y) convergence of

b (y) —,odIE[ U/d YO|Y =y] and
&(y) —PdE[( 01/d Yo) |YBd—y]-

For simplicity, we will denote IE[ |YB d _ = y] by E[-]. First, we check the convergence of the
drift coefficient »". Since d||g2?||? = 2527 dt, we have

1 1 o0
£ — g2 |2 :2/0 B g :2/0 T di = 2/0 Lr<op Tr dr.
Since o1 and T are independent, we can rewrite b’ d (y) as
b(y) = pd' B, [0 17 — 165 1]
0 B.d
= 2pd1/2/0 Py(t < o)E,[E[T:To = S, “]]dt
o B.d
:2,0d1/2/ e PRy [ (Sy )] dt,
0
where 4, (x) :=E[7;|79 = x]. Now we are going to approximate S(])3 4 by a Gaussian random
variable. For o > 0, by (C.1), we have
i ()| = [ELT;|1To = ax]| < E[|Ti1|To = ax] < Jorx| +1 < (lee| + 1) (1 + []).

Conditioned on y, we show that the difference of the law of Sg 4 and the normal distribution
N, («9)?) is small, where

a2 g i

By the property of ¥4, we can rewrite the expectation of S(])3 “ in terms of U? (see (B.4)) since
L (S0 ) =Ly (@?U%) as in (B.13) where Ly is the conditional distribution given Y(? d y.
Therefore, we can apply Proposition B.2 with k =1 and € € (0, 1/2) to Sg 4 We have

(B.16) B, [ (S5)] = Ey [ @/ W)]| = (jo] + 1) 0 (@),

where W ~ N (0, 1). Since ¢ — 1 locally uniformly in y, we obtain that the drift coefficient
is an expectation of the Gaussian random variable with ignorable approximation error:

o0
b(y) =2pd" f e~ Ey[hy(@!W)]dr + O (a3,
0
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We are in a position to apply Stein’s method. Let f; be Stein’s solution for Lf; = h;. Observe
that E[h,(W)] = E[h,(T9)] = E[T;] = 0. By Lemma B.4, f; and f/ = xf; + h; are N'(0, 1)-
integrable. Therefore,

Ey [ (@' W)] = Ey[f @' W) — a/ Wi (o W)]
=B,/ @'W) — (@) £/ (@ W)]
= (1= @))E[£ (' W)]
=—d"'PyE,[ £/ (@'W)].

where we used Stein’s identity in the second line. Since a?

v, by the dominated convergence theorem, we have

b/d(y)dj;ob/(y) = —2,0y/0 /I‘Re_”’f/(x)qb(x) dx dr.

To finish the calculation of the drift coefficient, we rewrite the expectation in the right hand
side without using Stein’s solution. By Stein’s identity together with (B.9),

‘/ﬂ@w@ﬂh=/xﬁ@w@mx
R

—/( )ﬁuwumx

= —ht(X)¢(X)dx

—> d—oo 1 locally uniformly in

_ [(7Q)Enwmﬂ-——I*EU§ﬁl

We used Stein’s identity in the first line, and the integration by parts formula (B.9) with
f; = Lh; and g(x) = x2/2 in the third line. We can rewrite this expectation as an integration
with respect to the covariance function K (s, #). By the mixing property (C.6) with k =2, the
right-hand side of the above equation equals

27! lim E[(T7 - T)Te [/ TTds} / K, t)ds_/ K (s, 0)ds,

where we used (C.1) in the first equation, and (C.2) with K (s,t) = K (¢t — s, 0) for the last
equation. Therefore we obtain the expression of the drift coefficient:

, _ 00 ot t _ o0 s
b'(y) =—-2py e K(s,0)dsdr = -2y e P K(s,0)ds.
0 0 0

Second, we check convergence of the diffusion coefficient. By d||§,B 4 1% = 2S,B 4 dr,

RN A i

o B’ % 2
:4pEyH A Sy dt} }:4pEyH/O ﬂdt} }

As in the drift coefficient case, since o1 and 7; are independent, we have

“f{ [ ol

7o =SB ] / / E[1(s.1<o T3 To = S dr ds

_ /0 /0 emPmaxtstiy  (sB4) gy ds,
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where hg ;(x) = E[7,7;|To = x]. Observe thatif t > s > 0, by (C.1), we have
| (@) = [E[T7T51To = ex]| < (lox| + 1) (Joex| +5) < (jer] +2)*(1 + |x])%.

Therefore by Proposition B.2 with k = 2, we can approximate the expectation of Sg' d by that
of a Gaussian random variable:

[E[hsi (S0 )] = E[s.e (@ T0)]| < (|| + max{s, 1})*0(d“")
for any € € (0, 1). Therefore, we can conclude
0 o0
& (y) = 4p / / e~PmXGE T (0 W)]ds dr + O (d).
0 0

Hence by the dominated convergence theorem, we have

o0 o
&(y) — 4p/ / e Pmais g (s 1) dsdr =: & (y),
d—o0 0 0

since E[hs :(W)] = E[hs(To)] = E[T;Ts] = K (s,t). By change of variable (s,1) > (t —
s,t)=:(u,t), we have

d(y)= 8,0/ e PTK (s, t)dsdt
O<s<t<oo
o0 o0
(B.17) =8,0/ / e P'K(u,0)dtdu
0 u

o
= 8/ e P"K(u,0)du.
0

Therefore, the condition (i) of Theorem 1X.4.21 of [23] follows.
Finally, we check condition (ii). By Markov property, for any € > 0, we have

/R K, dy) [y P ypae) < €2 /R K0, dy)y* = e 254 ().

By construction of K¢, we can rewrite 8¢ (y) as

59(y) = pdB[(Y 1y — Yo ') g = y].

By Holder’s inequality,
_ 2 d2\4
5 = pd "By [(l65 ¢ I” — 150 17)*)

o 4
=16,od_1Eny ISP’ddt} }

0

o1 4
:16,0d_1Ey[{/ 7;dt”

0

< 16pd "By o} (56| + 01)']
=0(d™)

locally uniformly in y where we used (C.1) in the inequality. Therefore, the condition (ii)
follows. Thus, the claim follows by Theorem 1X.4.21 of [23]. [

PROOF OF THEOREM 2.10. We showed that the process Vot converges in law to Y B.
Therefore, by Lemma VI1.3.31 of [23], it is sufficient to show

+B.d
€= sup [YPI -V, — 0
T 1 1
0<t<T d— o0
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in probability for any 7' > 0. Let
AT =(0,T] xR and A7 =pT.

Then R;(Ar) follows the Poisson distribution with mean Ar. In particular, Rz(Agr)/d is
tight. Since R;(Ar) is the number of the refreshment jumps until 7 > 0, we have

d B.d
€7 < sup sup |4 — rrj/d|
J<Ry(Agr)0oj<dt<0ji

On the other hand, for o; <dt <o, we have

A2 A2
Yol =d  PlEg 1 = 1))

§2d’1/2f6j+1}StB’d|dt
g

J

’YB,d _

<2d—‘/2faj+1(|SB*d| +1)dt
< ) o

j
1
- 2d_1/2<|SEjd|(Uj+l — o))+ 5(0)41 = Gj)2>,
where we used (C.1) in the third line. Therefore, for any J € N,
P(e? > ¢€) <P(Ry(Agr) >dJ)

B 1
+P<2d /2 sup <|Sfj’d|(0j+1 —0oj)+ 5(0j+1 —Uj)2> > €>
j=dJ

1
P(Ra(Aar) > dJ) + dJP<2d1/2<|Sg’d|ol + §a$> o e).

If we take J € N large enough, the first probability in the right-hand side of the above inequal-
ity can be small. The second term converges to 0 by Markov’s inequality together with the
fact that S(I)B AN (0, 1) and o7 follows the exponential distribution with mean 1/p. Hence
the claim follows. [

B.5. Proof for Proposition 2.11.

PROOF FOR PROPOSITION 2.11. By Proposition C.3 together with Lebesgue’s domi-
nated convergence theorem, the claim is obvious. [J

B.6. Proof for Theorem 2.13. First, we prove that the process ZB¢¥ can be approx-

imated by a pure step Markov process. Second, we show that this approximated process
converges to an Ornstein—Uhlenbeck process which completes the proof of Theorem 2.13.

B.6.1. Approximation of the process. Let
—B dk, B.d.kq
=D Z50a ! o 2nt1) (1),
n>0

be the pure step version of ZB4* By construction, we have the following decomposition
imitating the Doob—Meyer decomposition

—B.d.k —B.dk  =B.dk Ont1 B.d
(B18) Azg,l+1/d = ZU}1+1/d_ZUn/d =‘/(~7 ﬂk(Uz )dt= n+1 +An+1,
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where

Op+1 On+1
d B.d d _ B.d _ B.d
My, = f i (vg, ) dt, ASL _f (v, — vy @) dr.
oy o,

Now we want to extract a predictable component from A9
ing filtration. For N € N, we show the following.

[d%:lﬂf‘m }

PROOF. By stationarity assumption, each AZ has the same law. Therefore it is sufficient
to show that dE[HA‘lJ 21 —> 0. For the spherical symmetricity of the process v®¢, we have

dIE[”Aﬁ’HZ]=dE[H/0mnk(v33’ - ] kE[H/OUlvF’ B }

Since the stopping time o7 is independent from .7: _, by the dominated convergence theorem,

net- Let (]-",d )¢>0 be the underly-

LEMMA B.6.

it is sufficient to show that E[HU?’d || ] — 0 for any 7 > 0, where v,  follows the
stochastic differential equation deﬁned 1n Section 1.1.2 without refreshment jumps. We have

B.d
B _ B _ Bd &
—vy ¢ = (u,z)N(du, dz), (t,z):=—-28>¢ 22— 1 Bad,.
v 0 (O’t]x&lﬁ v = EBA R st

Therefore by Theorem I1.1.33 of [23],
]

]E[“UF _UO H ] [/Ot]xR+||l/j(u’Z)||2dudZ+ H/(O t]XR+1//(u,1)dudz

By stationarity of the process together with Fubini’s theorem, we have a bound

1 1
BJuP — o 1) < 4[5 P s + AUSED N g |
150 " 150 "I

The variable Sg 4 follows the standard normal distribution, and ||$(])3 4 | =2 follows the inverse
of the chi-squared distribution with d degrees of freedom which is on the order of d~! by
Lemma 4.1 of [24]. Thus, the expectation in the above has on the order of d~! by the Cauchy—

Schwarz inequality. Thus IE[IIA, 1 %] is on the order of d 2 which proves the claim. [J

COROLLARY B.7.

—> 0

ZAH-I H—llfd ]l d—) 0

.....

in probability.

PROOF. Consider a filtration (.7-"(‘,1"_),,. A discrete process (Xp)n=0.1,... is L-dominated
by (Yu)n=0.1,... in the sense of 1.3.29 of [23], that is, E[|X.|] < E[|Y¢|] for any bounded
(Fgﬂ_)n-stopping time T where

2

H—l z+1|]: ] ’ n = Z”Az-i-l

X, =
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Then, by Lenglart’s inequality (I.3.30 of [23]), we have

P( sup X, >e) <~ +P(Yay > 1)
n<dN

for €, n > 0. Therefore, the convergence of sup, -,y X, comes from Lemma B.6. [

Now we show that a predictable component E[Az +1|]~'gn7] has a simpler expression
E[B, || Fd _] where

g o tly‘[ (gB d)d "
n+1 = 0 d k s
On

up to negligible term. Note that
E[By |1 F, 1= ———m(E ).
LEMMA B.8.

[A¢ |1 FE_]1-E[BL|1FE_]

— 0
d— 00

in probability.

PROOF. By stationarity of the process together with the Cauchy—Schwarz inequality, it
is sufficient to show dE[llIE[A‘i’ — Bflfg_]”z]l/ 2 0. By spherical symmetricity of the
processes, we have

E[|E[A? — BY|FL ]” 1= g [HE[/OU] /(o,z]xllh ¥ (s, 2)N(ds, dz)dtl]:g_} Hz}
-t [rowwin]}

B4 SB,d EB,d
Yt 2)=—=25>"—==—1 __ by + 2,
Ig>4)2 =t d
B.,d B.,d
2 ";:t g‘-t
B.d ’
&> d

where

v =-2{(s>")"}

By the Cauchy—Schwarz inequality together with the dominated convergence theorem, it is
sufficient to prove dE[ || E[ fé Y(s)ds |]-"(])3_’d] 2] — 0 where S,B 4 and v?’d follow the stochas-
tic differential equation defined in Section 1.1.2 without refreshment jumps. Let

B.d B.,d
= oy(sByp S &
Y (1) {(579) }{HS,B’dIIZ d }
sB,d _ §B’d
Yo = —(2{(87) ) - 1)
£y

va(0 = —2{(s7) Y - 1122
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so that ¥/(1) = ¥1(1) + ¥2(t) + ¥3(r). Convergence of dE[||y1(1)]*] = dE[||y1(0)]]
follows from the Cauchy-Schwarz inequality as in the proof of Lemma B.6. Conver-
gence of dE[|[v1(1)||?] also follows by the Cauchy—Schwarz inequality together with the
uniform bound ||§,B 4 _ 5(])3 “|I < t. Therefore the proof will be completed if we show
dE[|BLf; ¥3(s) ds| 7511121 — 0.
By (B.3), up to the refreshment time, we have
B,d _ oB,d B.,d
S =8"+r—-2 (O,z]xRSS_ 1{ <B4 N (ds, dz).

By this fact,

t B.d
B.d| _ B.d 4 180
E[ fo g//g(s)ds|.7:0_}—E[t of 1{153?,[,}N(ds,dz)|f0}—d

B.d
S

=[P - P 1

&
7

where h;(x) = E[7/|To = x]. Let Lo_(X) be the distribution of X conditioned on .7-"(‘,1_. Since
the initial velocity is independent from the initial state, we have Lo_ (S(])3 ’d) = Lo_(«?U?) as
in (B.13) where U is defined in (B.4) and (a)2 = |£2¢||2/d. In particular, E[S$"/|F¢_] =
0. Moreover, by (B.16), we can substitute ht(S(])3 ’d) by hy(@®W) where W follows the stan-
dard normal distribution. Finally the claim follows by the dominated convergence theorem
since a — 1 and E[h,(W)|F{_] = 0. Therefore, dE[|ELf{ ¥3(s) ds|Fy*1]2] — 0 which
proves the claim. [

=E[h(Sg) — S 17

LEMMA B.9.

sup

n=l1,....dN — 0

on/d ZB.d.k )
| @ a - e 1F ) =0
i=0

in probability, where b’ (x) = —p~'x.

PRrROOF. Since the difference in the norm is
-1
1P
- Z (Ui—i-l —0;—p ])TNk(SE’d)

and it is a martingale. Therefore the claim follows from Doob’s inequality (I.1.43 of [23]).
O

Since Z>* is a pure step process, the semimartingale characteristics are entirely de-
scribed by a random measure as described in Theorem 11.3.11(b) of [23] (See also Proposi-
tion I1.2.17). Therefore, we have the first and modified second characteristics as follows:

—B.d .k
Bl = 3" E[AZ,0 | Fo, -],
n.o, <T

—B.d.k —B.d.k
= Y E[(AZ,) )& Fo -] — E[(AZg) jq ) Fo, - 1%2.

n.o, <T
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Also the corresponding random measure is

—B.,d.k
8 * V? = Z E[g(AZO’n/d )|fo'n,1—]

n.o, <T

for a bounded smooth function g(x). Here, for a vector v = (vy, ..., V) € R, v®2isak x k
matrix with (i, j)th element v;v;.

—B.,d,k .
LEMMA B.10. The process Z converges in law to ZB*.

PROOF. The first and the modified second characteristics of ZB* are
T B,k =
B, = / b(zB%ydr, & =2Tp .
0

We apply Theorem 1X.3.48 of [23]. Conditions (i)—(iv) are obvious since the limit is the
Ornstein—Uhlenbeck process. The condition (v) is also clear since in this case, both nd and
n are the k-dimensional standard normal distribution. Therefore we only need to check four
conditions in (vi).

First we can assume that the number of refreshment jumps until time 7', R;((0, T] x R)
is smaller than d N for some N € N by the argument of the proof of Theorem 2.10. Let v be

the random measure corresponding to 7B’d’k. For g € C;(R) (See VIIL.2.7 of [23]), we can
assume that |g(x)| <1 for any x and g(x) = 0 for |x| < b for some b > 0. Then

—B.,d,k
gxvi< > P(|AZ,5 | > bl Fo,_,-).
n:.op<T

Therefore, it is sufficient to prove

d— 00

i —B.d.k
> P(1aZg | > b) —
i=1

for [81oc-D]. This is also a sufficient condition for 3.49 of Theorem 1X.3.48. By equation
(B.18), we have

—B.d .k
[8Z550 | < M1+ A7l

The convergence of Az part directly follows from Lemma B.6 with Chevyshev’s inequality,
and the convergence of M,f part follows from Markov’s inequality together with the fact that
the square of each component of vg”;d follows the Beta distribution with parameter 1/2 and
(d — 1)/2. Condition [Sup-B,.] follows by Corollary B.7-B.9. Finally we check [y, .-D].

By the decomposition of A?B’d’k, we have
Cf' = 3 E[(M)® + M} ® (A —E[A]|F,,_,-])
n;0,<T
+ (AZ - ]E[Aglfgnfl_]) & Mg + (AZ - IE[14z|‘F.0'nfl_:|)®2|‘F.0'nfl_]'
The first term is

E[(MY)®*| Fo,_—] =E[(0n — 00’ m (02 )| Fy, =] = 207 2d 7 I

Op—1

From this fact together with Lemma B.6, the other term converges to 0. By the same argument
as Lemma B.9, the claim follows. [

LEMMA B.11. The process ZB4* converges in law to ZB*.
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PrROOF. By Lemma VI.3.31 of [23], it is sufficient to show
ef = sup |z - 7P| — 0

0<t<T -0
in probability. Let A; be as in the proof of Theorem 2.10. Then we have
€f<  sup sup [ (&) — e (E59)])-

0<j<Rq(Aqr)9j=<t<0j+1
Therefore, for J € N,
IP’(etd >¢€) <P(R4(Agr) >dJ)

+P( sup  sup  |me(eP) —m(en )| > )

0<j<dJ 0j=<t<0j41

<P(R4(Agr) >dJ) +dJIP’< sup an(S,B’d) — nk(é(])a’d)H > e).

0<t<o

On the other hand,
Ime(62) = mae )| = [ Im(w) | d

and the forth moment of the norm is on the order of d~2. Thus by Markov’s inequality, 6? is
negligible. U

B.6.2. Proof of Theorem 2.13.

PROOF OF THEOREM 2.13.  Weak convergence of ZB¢k has been proved. Therefore,
the proof of Theorem 2.13 will be completed if we can show the law of large numbers (2.9).
The proof is essentially the same as that of Lemma B.4 of [24].

Let || flloo = sup,crk | f (x)|. Without loss of generality, we can assume [ f(x)¢x(x) dx =
0. It is sufficient to show that

I B.d.k
I; 7 =E||= Z.%0) de
d,T |:T/O f( t )

Since the limiting process is the ergodic Ornstein—Uhlenbeck process, for any € > 0 we can
find Ty > 0 so that

|

d, T—o0

L[ e al] <

I, =E||—
fo [To

by the law of large numbers. By dividing the interval [0, 7] into shorter intervals with length
To, we have

[T/Tol—-1
1 *k+DTo Bk 17 B.d.k
I, =E||= / Z>7N) dt + — Z.%)de
| S T FES Y M
[T/Tp]l-1
T 1 U+DTy
=2y E|p [ e
r = To Jity
1 T

— E[|f(Z2 "] dr.
o Bl
Then by stationarity of the process ZB4-* together with the weak convergence of ZB-4K we
have

Tol T T —TolT/To]
Ly <—|—1|I I ek
d,T7 = T |:T():| d, Ty

which completes the proof. [J

— I, <e,
T e 7 Iy <
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APPENDIX C: ERGODIC PROPERTIES OF THE LIMITING PROCESSES

In this section, we study the ergodic properties of the limiting processes S® and 7 together
with existence and uniqueness of the solution. First we show the existence and uniqueness
of the strong solutions of (2.3) and (2.6). The existence of a strong solution and pathwise
uniqueness of the processes directly comes from Theorem IV.9.1 of [22]. Here we show a
basic idea of the proof because of its importance as well as the fact that we are using an
explicit form of pathwise construction in this paper. By Proposition II.1.14 of [23] (see also
II1.1.24), there are stopping times 0 < 71 < 12 < --- with F; -measurable random variables
Z, (n > 1) such that

N(dr,dz) =) 1ir, <00)8(z,, 2, (d1, d2).
n>1

By this expression, we can construct the process 7 uniquely in the time interval [0, ;] by

x+1, 0<t<rt,

T —
T+ lzen (2T ). t=1

Similarly, we can construct a pathwise unique solution in the time interval [0, 7,] for any
n € N, and hence 7; is determined globally. It is easy to see that the process is nonexplosive
since |7;| < |7Tol +¢.

For (2.6), in the same way, there are stopping times 0 < 01 < 02 < --- with F -
measurable random variables W, (n > 1) such that L(W,|F,—) =N (0, 1) and

R(dr,dx) = > {5, <00} 8(ay, W) (df, dx).

n>1

Then we can construct the unique solution in time interval [0, o] by

SB_ 7;5 0§t<0'1,
! Wi, t=og.

Then, the process (S,B),e[gl,gz] proceeds according to (2.3) up to time o,— starting from
SEI = W) in the same way as above. By iterating this procedure, we can construct a unique
solution in time interval [0, o0,,] for any n € N, and hence S})’ is determined globally. Since
on —oy—1 (n=1,2,...) are identically distributed, the process is nonexplosive. Therefore,
the existence and uniqueness of the strong solutions of (2.3) and (2.6) follows.

Next we consider existence and uniqueness of solution of martingale problems correspond-
ing to (2.4) and (2.7). For this purpose, it might be natural to use a combined representation
for (2.6) introduced in Remark B.1. Then by It&’s formula, weak solutions of (2.3) and (2.6)
solve martingale problems corresponding to (2.4) and (2.7). Since weak solutions of (2.3) and
(2.6) are unique by pathwise uniqueness, we also have uniqueness of martingale problems by
Theorem 2.3 of [26].

Let v be a o -finite measure on a measurable space (E, £). Then a continuous time Markov
process X, is said to be (i -)irreducible if

V(A) >0 = Einal>0 (VxekE),
where 14 is the occupation time defined by
o0
na= /0 Lix,eaydr.
A simple sufficient condition for y-irreducibility is

Y(A) >0 — Px,A)=P,X,€A)>0 (VxeE,t=>T)
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for some T > 0 which is also a sufficient condition for aperiodicity of the Markov process.
A measurable set C € £ is said to be small if there exists # > 0, € > 0 and a probability
measure v such that

Pi(x,A)>ev(A) (VxeC,VAef).

This Markov process is said to be V-uniformly ergodic if there exists a probability measure
IT,aconstant y € (0,1),C >0and V : E — [1, 0co) such that

|Pi(x,) =T, <CV(x)y',

where
lvi=  sup Vf(x)V(dx)'.
fiE—>R E
[f(O)=V(x)

A simple Foster—Lyapunov-type drift condition was established by [18]. By using their results
the following can be proved.

THEOREM C.1. The Markov process SB is irreducible, aperiodic and any compact set
is a small set. Moreover, it is V -uniformly ergodic for V (x) = 1 + x2.

THEOREM C.2. The Markov process T is irreducible, aperiodic and any compact set is
a small set. Moreover, it is V -uniformly ergodic for some e/l < V (x) < 2¢™*!.

Since the process 7 only changes the sign of the process in each jump time, by Itd’s
formula, it satisfies that

t t
C.1) T2-T5=2[ Tids. and (%=1 [ sen(Tods.

where sgn(x) is the sign of x € R. Here, in order to apply Itd’s formula for the latter, first ap-
ply the formula to fc(x) = (e + x2)1/2 and then take the limit € — 0. Moreover, the following
result summarizes some properties of the covariance kernel of 7. See also Figure 1.

PROPOSITION C.3. The covariance function K (s, t) = E[T;T;] of T satisfies

(C.2) /OOK(S,O) ds=0
0
and
2
(C.3) 3K (1,0)|;=0 = —4¢ (0) = —2/;, 2K (t,0)| ;=0 = 1.

C.1. Proof of Theorem C.1. Construct 7 and S® as in the above. We also set o9 = 0 and
Wo = Sg’. First, we prove irreducibility and aperiodicity of the Markov process. For K > 0,
let vk be the Lebesgue measure restricted to[— K, K ]. Consider an event

Br ={weQ:R((0,T] xR) =1, N(Cr) =0},

where C7 = (0, T] x [0, |x] + |W{| + T]. On the event, since R((0, T] x R) =1 there is a
single refreshment jump o until 7 > 0. Recall that in each interval [0}, 0;41), the process
SB has the same behavior as that of 7~ with Ts; = W;. Therefore, by (C.1), we have

x|+t ift <o,

weBr = |SP|< .
Wi+t ifo;<t<T,

= sup|SP| < |x|+|Wi|+T.
t<T
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Therefore, on the event Br, the number of jumps due to N up to time 7 is

/ 1.—s8 | N(ds,dz) < N(Cr) =0.
(0, T]xR, ==

Therefore, except for the refreshment jump time o, S® moves deterministically, and hence

X+t ift <oy,

weBr = SP=
Wi+@—o01) ifo<t<T.

Now we calculate the probability of the event Br. Since Ry, N and W are independent, if
|x] < K, then
Py(Br) =Py (R((0, T] x R) =1) x P(N(Cr) =0)

—{pTe T} x {/Re“”y'”W)(y)dy}

> {,oTe_pT} X {cTe_(K+T)T},

where cr = [‘exp(—T|y|)¢(y)dy. On the other hand, for the Markov semigroup (P;);>¢ of
SB_ we have

Pr(x,A)=P,(SBcA) =P, (SB e A, Br)
=P, (Wi + (T —o1) € A, Br)

~E, [/Aqs(y (T — o) dy, BT}

> inf — (T —s))dyP, (B
> inf ADK¢(y (T —s))dyPy(Br)
> krvi (A)Py (Br),
where k7 = info<;<7 infycg ¢(y — (T —5)). By these estimates, we obtain

Pr(x, A) > krvg (A) [ pTe T} x {ere ®TDTY forx e [-K, K].

Thus, the Markov process is vk -irreducible and aperiodic, and any compact set is a small set.
Second, we prove V -uniform ergodicity. We need to check

(C.4) HV(x) <—yV(x)+blc
for some y, b > 0, a small set C and a drift function V : R — [1, co) where H is defined in
(2.7). However, by taking V(x) =1+ x2, we have
HV(x) 2x+p(l—x?
= —
V(x) 1+ x2 x|~ 00

Thus, the drift condition is satisfied for C = [—R, R] and y = p/2 when R is sufficiently
large. Thus V -uniform ergodicity follows by Theorem 5.2 of [18].

C.2. Proof of Theorem C.2. Let K > 0 and consider x € [—K, K]. Let T =2K + 1,
and define

Br = {weQ:N(a); CT) =N(a); DT)= 1},
where D C Cr are subsets of R x R such that

Cr=0,T]x |0, |x|+T], Dr=[(1—x)", T] x[0,1].
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On the event Br, the number of jumps until time 7T is

/ liz<7,_yN(ds,dz) < N(Cr) =1
0, T1xRy

since |T;| < |x|+ T (0 <t <T) by (C.1). Thus the number of jumps is at most 1. On the
other hand, if there is no jump, then 7, =x +¢ (0 <t < T). However, since (1 — NT<t=
1 <x+1t="7;,_ wehave

—/(O,T]XR+ liz<7;,_yN(ds,dz) > N(Dr) = 1.
Therefore, there is a single jump until time 7. Then, on the event By, we have
7;:{)6+t ifs <=,
—x+m)+@—7n) frn=r=<T,
and hence, for a Markov semigroup (P;);>0 of 7, we have
Pr(x,A) =Px(Tr € A) = Px(Tr € A, Br)
=Py (~(x+7)+(T —71) €A, Br)
=Py (~(x +71) + (T — 1) € A|Br) x P+ (Br).
We have
Py(—(x+11)+ (T — 1) € A|By)

L VYA i ) p—
T Jaogr AT D =t

>T 'Leb(AN[—x =T, T —x —2(1 —x)T)),
where Leb is the Lebesgue measure. On the other hand,
P, (Br) =P, (N(DT) = 1) X ]P)(N(CT N D%) = 0)

— (T = (1 = x)H)e T=0-97) =TT =(T=(1=0")

=:¢(T, x).

Since ¢(T,x) > 0 (x € R), the Markov process is Leb-irreducible and aperiodic since we
have Pr(x, A) > 0 by taking T > O sufficiently large. Also, by c¢7 :=inf,¢[—x k) c(T,x) >0
we have

Pr(x,A)>crT'Leb(AN[K —~T,T — K —2(1+K)]) (x €[-K,K]).

Thus any compact set is a small set.

Finally, we prove V-uniform ergodicity. We need to check the drift criterion (C.4) for
y >0,asmall set C and V : E — [1, 00) and G defined in (2.4) in place of H. Construct a
continuously differentiable function V : E — [1, 00) so that

2 -1, 4,
C5) Vi) = exp(x) X >

exp(—x), x <0.
Then GV (x) = (2 — x)e* +xe ™ < —V(x) for x > 4, since xe ™ < (¢*@ — 1)e™™ <1 for
x > 0. Also, GV (x) = —V(x) for x < 0. Thus the drift condition holds with V (x), C = [0, 4]
and y = 1. Thus the claim follows by Theorem 5.2 of [18].
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C.3. Proof of Proposition C.3. By V-uniform ergodicity of the Markov process 7, for
s <tand k € N, we have

) BITAT: =] - [ Yo0)dy| =GV
for some C; > 0, y € (0, 1) and hence the covariance function has exponential decay property

|K (s, 1) = |E[TEIT|T:1]| < Ciy" E[| T V(T)] =Cy'™*

for some C > 0 since the marginal distribution of 7 is the standard normal distribution and
using the explicit form of V given by (C.5).

PROOF OF PROPOSITION C.3. By (C.6) with k =2, we have
0= lim E[(72 - T3) o]

t—00

t o0
= lim E[(f 27;ds>75] =2 lim /ZK(S,O)ds=2/ K (s,0)ds.
0 — 0 J0 0

Hence we have (C.2).
Next we calculate the derivatives of K (¢) := K (¢,0). By Itd’s formula together with the
Lebesgue convergence theorem, we have

RN K (t+h) — K@) =h"E[(Ti4n — T)T0]

=i [ [0 -2 ) 057
— E[(1-2(77)")To]-

The first derivative at t =0 is

o0 2
K'(0) =E[(1 = 2(T;")*) o] = -2 fo ¢ (x)dx = —2\/;
Similarly, the second derivative at f = 0 is

WK () = K'O) = T E[{(1 = 2(1,7)) o) = {(1 - 2(757)) To)]
h
- —h—lEUO @7t =271 dsTo]

— —E[4(T;")* = 2(75")*]

h—0

= -E2T¢ - Ty ]=1. O

APPENDIX D: NON-GAUSSIAN RESULTS

First we show that the process §B.d converges to S}?“ = HI/ZSEII/Z[(H_I/Z/O). Let

B"(p), C"%(p) and v9(p) be the first, modified second and third characteristics of SB(p)
(See Section B.1.1). Then the first and modified second characteristics of the process SE, are
given by

and the third characteristic is given by

g*Vr = g(Hl/z-) * V%I/ZT(H_I/z,o).
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Therefore, by the change of variable formula, we have

By =HT — 2/ (S5 )F /S

Cr=1 [ s Par+o /0 (H +(85,))dr

and

T B B \+ T B
g kvp = /0 g(—=25B )(SB )T dr +p /0 /R (g(u — SB ) rs () du dr,

where ¢ is the probability density function of A/(0, H). On the other hand, the process
satisfies

B = sBd fvzxpd(g?d)[( 4©2 4 o SP_gnay N(dr, dz)
(0, T]xR,

d(eBdy | B
+p/(07T]X6dl((v\p (2D, u) = S Ra(dt, du),

SB,d

by It6’s formula. The first and modified second characteristics are

T T

BY _/ V2 (£B4) [ (uB4)22] ¢ 2/ dt—,o/ B dr,
0 0

- vl g2

. _4/ Pt +p / (II Sf )] +(s Bd))dt

and the third characteristic is

T
grvfi= [gnian = [ g(-25P(sP) ar

T
R N e

for a continuous bounded function g. For the proof of Proposition 2.16, we will apply The-
orem [X.3.48 [23] by showing convergences of the characteristics. To show the convergence
of C'¥, we need the next lemma.

LEMMA D.1. For T > 0, we have

MG

D.1) 7

—H‘—)O.

0<1<T d— 00

PROOF. Let X ‘% be the left-hand side of (D.1). By It&’s formula,

velEr )2 IvedE IR T
” f]‘ )” _“ fo )” :2d_]/ Vz\Dd(S,B’d)[V\Dd(E,B’d),v?’d]dt.

Let M, := V2Wd (B g, .= vwd B4y /| vwd EB9)| and b, := vP“. By (2.14), we have

\M;[a;, b]| = E‘M,[at@z] + Mt[b;@z] — M;[(a; — bt)®2]| <2C.
Also, we have a bound

MGk

y <Xx!+H
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by the triangle inequality. Therefore we have

Vel EPHI2  IvedEs D)

Xd<Xd+ S
T =49 up d d

0<t<T

< Xg +2d7! sup
0<t<T

<x¢+4cTd V2 (X4 + H)

1/2

! d/eB.d
/0 Mylas. b] x |V (ER4)] ds

2 < xd +4cTd"*(1 + X4 + H),

where we used a'/~ < 1+ a for a > 0. Hence

x4 < (1—4cTd ") (X¢ +4CTd2(1 + H)) — 0
— 00
in probability since X g — 0 in probability by (2.12). [
Next we show the following lemma to prove the convergence of B'.

LEMMA D.2. ForT > 0, we have

(D.2) sup [[V204 (2N [(vP")®*]ds — H| —> 0.

0<1<T d—00

PROOF. Let Ng(t) and Np(t) be the number of refreshment jumps and that of bouncy
jumps respectively. Since Ng(T) = R;((0, T] x R) follows the Poisson distribution with
intensity o7, it is P-tight. Suppose that the interval [s, ¢) does not include refreshment jump
times. Then, by Itd’s formula, we have

t
©3) I8P = |52 =| [ Vel EB () sen(s) | < €T
s

Therefore, if 0 = 09 < 01 < --- are the refreshment jump times, we have a bound

sup |StB’d|§CT+ sup |S§1’d )
1€[0,T] n=0,....Ng(T)
The right-hand side is P-tight since Sg";d (n=1,2,...) has the same law as that of Sg 4 and
Ng(T) is P-tight. Thus B := sup, (0.7 |S7?| is P-tight. By this fact,
N T=/ 1, _ma,N(ds, dz) < N((0, T] x [0, B
B = | g ezsha N (s, d2) (0,71 x [0, BF])

is also P-tight.

Let X ,d be the random variable in the absolute value in the left-hand side of (D.2). For
€>0,let D ={0=1y <--- <ty} C0, T] be a finite set that includes all refreshment jump
times and max |t; — t;_1| < €. If the interval [s, ) does not include refreshment jump times,
then

t
X=X = [ VWP E) ) du

B.d B,d\\®2 B.d\®2
o R ()7 = 021

By (2.14), we have

B,d}N(du, dz).

u—

X9 — x9| < |r — 5|(C +2CNp(T)).
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Then we have

sup |X¢| < sup|X?| +€(C +2CNp(T))
0<t=<T teD
and the first term in the right-hand side converges to 0 by (2.13) which proves the claim. [J
LEMMA D.3.  SB4 converges to SI%.

PROOF. We apply Theorem 1X.3.48 [23]. The proof follows the same line as that of
Theorem 2.8 and conditions (i)—(iv) of Theorem IX.3.48 directly follow from the argument
in the proof of Theorem 2.8. The condition (v) follows from (B.6) with condition (2.12).
Conditions [1oc-D] and 3.49 can be proved in the same line as that of Theorem 2.8. Finally,
we need to check conditions [Sup-B], .1, [/,.-D] of (vi) which follow from Lemmas D.1 and
D2. O

PROOF OF PROPOSITION 2.16. By stationarity,
o] 2
4pE[(W(84) — wd (£B:4))?] = 4pEH [ spe dt} }

=4p /OOO /OOOE[l{MSm}SE’dSde]ds dr.
By (2.14) together with It6’s formula for B¢, we have a uniform bound
5P| < 5B+
by (D.3). Thus, for s <t,
[E1 50200577 < E[Ly=ony (1S5 | + 1))
=P < onE[(|S5 ] + C1)°]
<P(r <01)2E[|S2* 4 (C1)?]

IV (ES)|2
d

Therefore, by (2.14), this value is bounded above by exp(—pt) times a polynomial of 7. Thus
by the dominated convergence theorem,

4BV — wIEBN)) > dp [ [T Ellon s 5B ds

= e—sz[ + (Ct)Z]

Now we are going to substitute SH,t in the right hand side by Hl/zSgl/zt(H_l/zp). For

1/2

this substitution, the refreshment jump time o is also changed to H™'/“o1. Therefore, the

right-hand side of the above equation equals to

o0 o0
4,0/0 /() E[l{s’tfol/zf’l}(HI/ZSEII/ZS(H_l/zp))(HI/ZSEp/zt(H_I/Z,O))]dsdt
0 o0
:40/ f E[Lis.i<onSS(H 2 p)SP(H™?p)] ds dz
o Jo

_ oo [0 —H Y2 p max({s,t} _ _ogl/2 _2037-1/2
=4p e K(s—1,0)dsdr = H /“o"(H™/"p),
o Jo

where the last equation follows from the change-of-variable formula (B.17). [
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