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Abstract: There has been substantial interest in developing Markov chain
Monte Carlo algorithms based on piecewise-deterministic Markov processes.
However existing algorithms can only be used if the target distribution of inter-
est is differentiable everywhere. The key to adapting these algorithms so that
they can sample from to densities with discontinuities is defining appropriate
dynamics for the process when it hits a discontinuity. We present a simple con-
dition for the transition of the process at a discontinuity which can be used to
extend any existing sampler for smooth densities, and give specific choices for
this transition which work with popular algorithms such as the Bouncy Parti-
cle Sampler, the Coordinate Sampler and the Zig-Zag Process. Our theoretical
results extend and make rigorous arguments that have been presented previ-
ously, for instance constructing samplers for continuous densities restricted to
a bounded domain, and we present a version of the Zig-Zag Process that can
work in such a scenario. Our novel approach to deriving the invariant distri-
bution of a piecewise-deterministic Markov process with boundaries may be of
independent interest.
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1 Introduction

In recent years there has been substantial interest in using continuous-time
piecewise-deterministic Markov processes (PDMPs), as the basis for Markov
chain Monte Carlo (MCMC) algorithms. These ideas started in the statistical
physics literature [21], and have led to a number of new MCMC algorithms such
as the Bouncy Particle Sampler (BPS) [7], the Zig-Zag (ZZ) Process [4] and the
Coordinate Sampler (CS) [26], amongst many others. See [16] and [24] for an
introduction to the area. One potential benefit which is associated with these
samplers are that they are non-reversible, and it is known that non-reversible
samplers can mix faster than their reversible counterparts [1T} [2].

Informally, a PDMP process evolves according to a deterministic flow —
defined via an ordinary differential equation — for a random amount of time,



before exhibiting an instantaneous transition, and then following a (possible
different) deterministic flow for another random amount of time, and so on.

Initial PDMP samplers were defined to sample target distributions which
were continuously differentiable (C1) on RY, but there is interest in extending
them to more general target distributions. To date, this has been achieved
for sampling from distributions defined on the union of spaces of different di-
mensions [8, 6] and to sample from distributions on restricted domains [3] and
phylogenetic trees [I7]. Here we consider a further extension to sampling from
target distributions on R? which are piecewise-C''. That is, they can be defined
by partitioning R? into a countable number of regions, with the target density
C' on each region. We call such densities piecewise-smooth. Such target distri-
butions arise in a range of statistical problems, such as latent threshold models
[18], binary classification [I9] and changepoint models [22]. The importance of
this extension of PDMP samplers is also indicated by the usefulness of exten-
sions of Hamiltonian Monte Carlo (HMC) to similar problems [20}, [T}, 12}, 27].

The challenge with extending PDMP samplers to piecewise-smooth densi-
ties is the need to specify the appropriate dynamics when the sampler hits a
discontinuity in the density. Essentially, we need to specify the dynamics so
that the PDMP has the distribution from which we wish to sample as its in-
variant distribution. Current samplers are justified based on considering the
infinitesimal generator of the PDMP. Informally, the generator is an operator
that acts on functions and describes how the expectation of that function of
the state of the PDMP changes over time. The idea is that if we average the
generator applied to a function of the current state of the PDMP and this is
zero for a large set of functions, then the distribution that we average over must
be the invariant distribution. Whilst intuitively this makes sense, many papers
use this intuitive reasoning without giving a formal proof that the distribution
they average over is in fact the invariant distribution [see e.g.[24] [T6], though see
[14] for an exception. Furthermore, once we introduce discontinuities, then this
complicates the definition of the generator. The impact of these discontinuities
is realised in terms of the set of functions for which the generator is defined,
and this necessitates the use of additional arguments which take account of the
impact of the discontinuity when applying arguments based on integration by
parts.

More specifically, we can see the challenge with dealing with discontinuities
and some of the contributions of this paper by comparing with the related work
of [3], who consider designing PDMP samplers when the target distribution is
only compactly supported on R? — a special case of our present work. They
give conditions on the dynamics of a PDMP at the discontinuity defined by
the boundary of the support of the target distibrution that ensure the expected
value of the generator applied to suitable functions is zero. However they point
out that they do not formally prove that the resulting PDMP has the correct
invariant distribution. Furthermore, as we show below, they have an additional
and unnecessary condition on the dynamics at the discontinuity. The most nat-
ural dynamics for the Zig-Zag Process at a discontinuity satisfies our condition,
but not this extra condition required by the argument in [3]. We also note at the



outset the parallel and independent contribution in [I7]; see Theorem 1 therein.
We will discuss the connections further in our concluding discussion.

The paper is structured as follows. In the next section we give a brief
introduction to PDMPs and some common PDMP samplers. Then in Section 3]
we give general conditions for the invariant distribution of a PDMP. The result
in this section formalises the informal argument used by previous authors. We
then develop these results for the specific cases where we the PDMP has active
boundaries — for example, due to a compact support, or when we wish to sample
from a mixture of densities defined on spaces of differing dimensions. The results
in this section can be used to formalise the arguments for the algorithm of [3]
for sampling on a bounded domain, and have been used to justify the reversible
jump PDMP algorithm of [8]. In Section [5| we use our results to provide a
simple sufficient condition on the dynamics for a PDMP to admit a specific
piecewise-smooth density as its invariant density. Various proofs and technical
assumptions for these results are deferred to the appendices. We then show
how to construct dynamics at the discontinuities for a range of common PDMP
samplers, and empirically compare these samplers on some toy examples — with
a view to gaining intuition as to their relative merits, particularly when we wish
to sample from high-dimensional piecewise-smooth densities. The paper ends
with a discussion.

2 PDMP basic properties

2.1 General PDMP construction

For this work, we require a general construction of piecewise-deterministic Markov
processes (PDMPs) in spaces featuring boundaries. We will follow the construc-
tion of Davis in [9], p57], and largely make use of the notation therein.

Let K be a countable set, and for k € K, let Eg be an open subset of R%.
Let E° be their disjoint union:

EY:= {(k,z):kéK,zEE,g}.

For any k € K, we have a Lipschitz vector field on EY that induces a flow
(I)k (t, Z)

In this setting, trajectories may reach the boundaries of the state. Hence
we define the entrance and exit boundaries using the flow; 9~ EY and 07 EY

respectively (see Fig:
OFEY = {2 € OFY|z = &), (+£t, €) for some € € EY and t > 0}.

Note it may be possible for a point to be both an entrance and exit boundary.
We then have 61 EY := 0~ EQ\OTE} as in [9, p57], and also

E) := EYUOEY.



x = ®(t, x0) x)

Figure 1: Exit (OE; ) and Entrance boundary (0EJ): z¢ is in the entrance
boundary dE, , while z is in the exit boundary OE;. The arrows represent
the flow ®(-,-).

Finally, the full state space is the disjoint union,
E = J{k} x Ey).
k
The active boundary (that is, the exit boundary) is then defined as
= J({k} x 07 EY).

k

These are points on the boundary that the deterministic flow can hit.

We will denote the state of a PDMP on E at time t by Z, € E. A detailed
construction of the PDMP is provided by Davis [9, p59], but we provide here a
summary of the quantities that defines a PDMP (Z;):

(i) An event rate A(z), with z € E. An event occurs in [t, ¢ + h] with proba-
bility M(Z:)h + o(h).

(ii) A jump kernel defined for z € EUT: Q(-|z) with Q(:|z) a probability
measure on F. At each event time T}, the state will change according to
the jump kernel: Zr, ~ Q(-|Z1,-).

(iii) The deterministic flow ® which determines the behavior of Z; between
jumps.

(iv) For any trajectory Z; such that

ImZ, =7, _ €T
tlTItI;t to— €1,



the state will change according to the jump kernel: Z;, ~ Q(:|Z¢,-).

Remark 1. The trajectory never enters I', which is not in the domain.

2.2 PDMP samplers

In the case of most PDMP samplers, the state space is constructed by augment-
ing the space of interest with an auxiliary velocity space Vg: E,g = Ui X V.
The deterministic flow is then typically given by free transport, i.e. ®k(t,z,v) =
(z 4 tv,v), though other examples exist [24, 23] [5]. The use of such simple dy-
namics allows for the exact simulation of the process dynamics, without resorting
to numerical discretisation.

For the purposes of this work, it will be useful to introduce three of the more
popular classes of PDMP sampler, which we will then be able to refer back to as
running examples. Each of these processes work on a velocity-augmented state
space and follow free-transport dynamics, and so they differ primarily in (i) the
set of velocities which they use, and (ii) the nature of the jumps in the process.
We describe the dynamics for each process if we wish to sample from a density
7(x) on RY.

1. The Bouncy Particle Sampler [7] uses a spherically-symmetric velocity
space, given by either R? equipped with the standard Gaussian measure,
or the unit sphere equipped with the uniform surface measure. ‘Bounce’
events occur at rate A\(x,v) = (v, —Vlognm(x))s, and at such events, the

9 (V log Tr(;v))(V log 71'(95))T ) v
(Vlogﬂ(z))T(Vlog-rr(r)) ’
i.e. a specular reflection against the level set of logw at x.

velocity deterministically jumps to v/ = | I —

2. The Zig-Zag Process [4] uses {£1}¢ as its velocity space, equipped with
the uniform measure. There are now d different types of bounce events,
corresponding to each coordinate of the velocity vector. Bounces of type
i occur at rate \;(z,v) = (—v;0;logm(x)) , and at such events, v; is

+7
deterministically replaced by —wv;.

3. The Coordinate Sampler [26] uses {+e;}?%_, as its velocity space, equipped
with the uniform measure, where e; is the i*" coordinate vector. Bounce
events again happen at rate A(z,v) = (v, —Vlogm(x))+. At such events,
the velocity is resampled from the full velocity space, with probability
proportional to A(z, —v’).

When d = 1, all of these processes are identical. Additionally, all three pro-
cesses can be supplemented with ‘refreshment’ events, which occur at a rate
independent of v, and modify the velocity in a way which leaves its law invari-
ant. This can include either full resampling, autoregressive resampling in the
case of spherical velocities, coordinate-wise resampling in the case of velocity
laws with independent coordinates, and other variations.

From the above definitions, it is easy to see that the event rates only make
sense when 7 is sufficiently smooth, and that in the presence of discontinuities,



complications in defining the process will arise. Furthermore, it is not a priori
clear which processes will work best in the presence of such discontinuities.

2.3 Review: extended generator and semigroup

We collect some basic definitions and facts which will be crucial for our later
results.
Let B(FE) denote the set of bounded measurable functions £ — R. For any
f € B(FE), we recall the definition of the semigroup P, associated to the process
Zti
Ptf(z):]Ez[f(Zt)]a ZGE,

where E, is the expectation with respect to P,, with PP, the probability such
that PZ[ZO = Z] =1.

Proposition 1. The semigroup P; is a contraction for the sup norm:
[P flloo < 1 lloe
for all f € B(E) and t > 0.
Proof. See [9] p28|. O
The semigroup is said to be strongly continuous for f € B(E) if limy o || P.f —
flloo =0, and let By be the set of functions for which P, is strongly continuous:
By = {f €B(E): ltiﬂ)l”Ptf_ flloo = 0} .
Lemma 1. We have that By C B(E) is a Banach space with sup norm ||+ ||oo,
and Py maps By — By for any t > 0.
Proof. See [9], p29]. O

Let us write (A, D(A)) for the infinitesimal generator (also referred to as the
strong generator) of the semigroup (P;). By definition, for all f € D(A),

Af =lim 2 (Pf - )

with this limit being taken in || - || oo, with

D(A):{feBo:Hi(Ptf—f)—gH 0, forsomegeB(E)}. (1)

oo

Since g in is a limit of functions in a Banach space, if such a g exists, it must
be unique, and Af is well-defined.

Lemma 2. Let f € D(A). Then Af € By. In other words, A : D(A) — By.

Proof. This is immediate since P; maps By — By. O



We now define the extended generator (U, D(A)): D(A) is the set of (po-
tentially unbounded) measurable functions f : E — R such that there exists a
measurable function h : E — R with ¢ — h(Z;) P.-integrable almost surely for
each initial point z, and such that the process

Cf = £(2,) — [(Zo) - / W(Z)ds, 130, 2)

is a local martingale; see [9, (14.16)]. For f € D(A), Af = h, for h as in (2).

Proposition 2. The extended generator is an extension of the infinitesimal
generator:

1. D(A) C D(Y)
2. Af =Uf for any f € D(A).
Proof. See [9] p32]. O

To simplify notation, we will define the action of our probability kernel, @,
on a function, f, as

(@Qf)(=) = /E F)Q(dyl2).

We will assume throughout this work that the standard conditions of Davis
[9, (24.8)] hold. Under this assumption or PDMPs, (%, D(A)) are fully charac-
terized in [9 (26.14)]. In particular, the set D() is entirely known, and for all
f e D):

Af(2) = Ef(2) + AM2{(QF)(2) — f(2)}, (3)
where = is the differential operator associated to the deterministic flow of the
PDMP.

The PDMP samplers we are interested in (see Section have flow cor-
responding to free transport, with corresponding = operator for continuously
differentiable f,

Ef(z,v) =v-Vyf(z,v).

Remark 2. To reiterate, while the domain of the strong generator D(A) is not
known, the domain D(A) is known and D(A) C D(A).

3 A general framework for the invariant mea-
sure of a PDMP

A challenge in the piecewise-smooth setting is that the usual approach to con-
structing and working with PDMPs does not work without changing the topol-
ogy. In particular, existing results concerning the invariant measure of such
processes requires the process to be Feller. For PDMPs with boundaries, this is
in fact not the case in general [9].



3.1 Strong continuity of the semigroup

First, we give a general result that is not tied to our specific context and is valid
for any piecewise-deterministic Markov process that follows Davis’s construc-
tion, [9, Section 24, Conditions (24.8)].

Let F be the space of C'* functions contained in D(2) with compact support.

Proposition 3. Assume that the deterministic flow and the jump rates are
bounded on any compact set, and that Qf has compact support whenever f has
compact support. Then, F C By. In other words, the semigroup P, of the process
1s strongly continuous on F:

Pf— f fordl f € F,
i || [loos ast 10,
Proof. Let f € F. Since f € D(A),

¢l = 12) - 1) - | uf(z)ds, 120,
0

is a local martingale. Furthermore, by examining the expression of A f, one sees
that it can be rewritten as

Uf(2) = Ef(2) + M=2)QF (2) = A(2) f(2)

from . Since f and @Qf have compact support and are bounded, using the
assumptions on = and A, we deduce that Af is bounded.

Since f and Af are bounded, th is bounded for any fixed ¢ which implies
that it is a martingale. More precisely: consider the stopped process th A for
any T' > 0. This is a uniformly bounded local martingale, and is hence a true
martingale.

We have C’g = 0 hence for any starting point z and t > 0,

E.[C]]=0.

Hence .
Pf(z) — f(2) = / PAUS(2) ds,

where we used Fubini’s theorem to swap the integral and the expectation. Since
P, is a contraction for the sup norm, we see that

t
IPf — flloo < / 1P o ds
0

t
< [ 1f)as
0
< US| oo-
We thus conclude that P, f — f =+ 0ast|0. O



Remark 3. The set F does not capture every function of By, nor is it invariant
under Py. We will will not attempt to prove that F is a core of the infinitesimal
generator.

Recall that a set of functions Fy C B(E) separates measures if for any
probability measures p1, 2 on E, [ fdus = [ fdus for all f € Fy implies that
1 = po. In order to study the invariant measure through the semigroup and its
effect on functions, it is important to consider sets of functions which separate
measures. Therefore, we will now show that F separates measures on F°.

Proposition 4. Assume that the jump kernel Q is such that for any z € T,
the measure Q(-|z) is supported on the boundary UpOEY. Then F separates
measures on E°.

Proof. Consider the set of C! functions f : E — R, which are compactly sup-
ported on each open set EY. The collection of such functions separates measures
on EY.

We will show that such functions belong to D(A), and hence to F, by using
the explicit characterisation of D(A) from [9, Theorem 26.14].

Firstly, if f is C! with compact support, Conditions 1 and 3 of [9, Theorem
26.14] are automatically satisfied.

It remains to check the boundary condition:

f(2) = /E FW)Q(dy:2) = Qf(2), =€l (4)

However, since we are considering only f which are compactly supported on
each Eg, it holds that f(z) =0 for any z € I" on the boundary. Recalling that
Q(+]z) is supported only on the boundary, it follows that Q f(z) = 0 also for any
z € I'. It hence follows that the boundary condition is satisfied. O

3.2 Invariant measure

We now turn to giving conditions for the invariant measure of our PDMP. The
following lemma will be important within the proof, as it allows us to ignore

contributions from the boundary when calculating expectations over the path
of the PDMP.

Lemma 3. Forall z € E, the process starting from z spends a negligible amount
of time on the boundary: for anyt > 0,

t
/ ]-ZSEE\EO ds = 0,
0

P,-a.s.

Proof. In Davis’s construction, the number of events, including jumps at the
boundary, is countable for every trajectory. Hence, for every trajectory of the
process, the set of times for which Z; € E \ EY is countable and therefore
negligible. O



Theorem 1. Let p be a measure on E. Assuming the following conditions hold

1. the vector field of the deterministic flow and the jump rates are bounded
on any compact set,

2. Qf has compact support whenever f has compact support, and @ satisfies
the condition of Proposition [,

5. u(B\ E%) =0,
4. for all f € D(A), [ Afdu=0,
then p is invariant.

Proof. The assumptions of Proposition 3|hold, hence the semigroup P, is strongly
continuous on F. Using this fact and Proposition 1.5 from Ethier and Kurtz
[15] (or [9, (14.10)]), we note that for any f € F and ¢ > 0, we have that
fot P, fds € D(A), the domain of the strong generator. We also have that

s

where we have used our assumption that [ Agdp = 0 for any g € D(A) and

taken g = [ Pyf ds.

Let fB(z) = f(2)l.empo and fo(z) := f(2)l.cpo be a decomposition of
f with f = fo+ fB. Let 1p(2) = 1.cp\go be the indicator function of the
boundary E \ E°.

From Lemma fot Pilp(z)ds = 0 for all z € E. Hence we have that
I [fot Pi1p(z)ds|du(z) = 0, and by using Fubini’s theorem, that

t
//Psleuds:O.
0o JE

By the nonnegativity of P;1p, there exists a null set N/ C RT such that for all

te RT\ N,
/Ptle,u:O
E
For all z, fp(z) < | fllo1B(2), hence for all t ¢ N, [, Pifpdu = 0. Hence

JpPifdu = [ Pifodp for all t ¢ N. Since p is supported on E°, [, fdu =
fodp and we deduce using (B)) that for all t ¢ N:
E

/E P fodu = /E fodu (6)

Let u; be the law Z; with Zy ~ p. Let u? and pP be the measures defined
by p(A) = p(ANE®) and pf (A) = (AN (E\ E)). Using (0), for all t ¢ N:

[ dant = [ Psodu= [ fodu= [ foan
E° E E Ey
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f+A/OtPsfds du=/Efdu7 (5)




Since F separates measures on Ey by Proposition {4l p? = u9 for all t ¢ N.
Furthermore, u(E) = p(E) and u(E) = p°(E), hence p?(E) = u(E) and
pB(E) =0. Thus py = pf = pu° = p for all t ¢ N.

Let ti,to ¢ N. Then puy, = py, = p, and for all functions g which are
measurable and bounded, it holds that

/Pt1+tzgdu:/ Ptl(PtQQ)du:/ Py,gdue, :/ Ptzgdu:/ gdp.
E E E E E

Hence pi¢, 4+, = pu. To conclude, since N is a null set, for all ¢ > 0, there exists
t1,ts ¢ N such that ¢t = t; + to, and therefore u; = p. O

4 PDMP samplers with active boundaries

Let Uy be an open set of R% for all k € K, and let V¥ C R% be the velocity
space associated to the PDMP sampler on U;. We consider the state space
defined following Davis’s construction described in Section [2:1} first, set

EY = Uy x R,

Remark 4. We do not take E,g = Uy x V* because E,g must be open and VF,
the set of velocities of the PDMP sampler, might not be.

Let m be a measure on the disjoint union UiUy with a density m; on each
Uy, where 7, can be extended continuously to the closure Uj. Let py be the
marginal velocity probability distribution on R% with support on V¥ and let
p(k, x,v) = m(z)pr(v) be a density on Urex Ui x V¥ defining a measure on E.

The core result of this section relies on integration by parts, and as such
requires extra assumptions on the sets Ug. For clarity of the exposition, we give
here an intuitive version of the required assumptions, and a detailed version can
be found in the appendix in Assumptions [3] and [4

Assumption 1. Assumptions[3 and[]] can be informally described as:
(i) Uk has no interior discontinuities on a (dx — 1)-dimensional subset.

(i) The boundary Uy can be decomposed into a finite union of smooth parts,
on each of which the normal is well-defined.

(iii) The set of corner points, on which the normals of the boundary are not
defined, is small.

(iv) For each x € Uy,v € V¥, there is a finite number of intersections between
each line x + Rv and OUy.

(v) For each v € V¥, the projection of the points on the boundary, which are
tangent to the velocity, onto H, = span(v)* is small.

11



Let Ni be the subset of points x on the boundary 0U, where the normal
n(z) is properly defined (see of the Appendix for a precise statement).

Assumption 2. (i) [|A(z)|du < oo;
(ii) for all k € K, 7, is C* in Uy,
(iii) For any k € K, and any v € V¥, Vi - v is in Ly(Leb).

(iv) for every z € E°, Q(-|2) is a probability measure supported on the interior
EO.

Theorem 2. If Assumptz’ons@ @ cmd hold, then for all f € D(A):
[Arau== [ sho0Vapvdsavt [ AGQFE) - )] du
E E° EO°
> F(k, 2, ) (@) (n(), v) do () dp(v)

kEK E@UkﬁNk,vEV"‘

where f(k,z,v) is defined as f(k,x,v) = limy o f(k,z — tv,v), for x € OUL N
Ni,v € R¥ such that (n(x),v) > 0,and o is the Lebesgue measure induced on
the surface OUj,.

Proof (sketch). The outline of the proof is that we first use the definition of
the generator acting on a function Af and then rearrange the resulting integral
using integration by parts. If our PDMP has no boundary this would give just
the first two terms on the right-hand side [16] 24]. The effect of the boundaries
is to introduce the additional terms when performing integration by parts. For
full details of the proof, see Section [A22] O

5 PDMP samplers for piecewise continuous den-
sities

Let 7 be a density on R? and {U}, : k € K} be a finite collection of disjoint open
subsets of R%, such that U,Uj, = R?, which satisfy our technical Assumptions
and 4l We assume that 7 is C' on each Uj. We are now in the same setting as
the previous section.

Let OU = U,cx (OUx N Ni) be the union of the boundaries, i.e. the set
of discontinuities of m. We consider now only points on the boundary where
exactly two sets Uy, , Ug, intersect, and where the respective normals are well-
defined; the set of points where more sets intersect or the normal is ill-defined
form a null set by assumption and thus have no impact on the resulting invariant
distribution.

In the following we will restrict ourselves to transition kernels on the bound-
ary that keep the location, x, unchanged and only update the velocity, v.

For each such z in AU, there exists ki(z) and ko(z) such that = € Uy, and
x € Uy,. We will define the ordering of the labels such that my, (v) < 7, ().

12



Let n(x) be the outer normal for Uy,. Thus this is the normal that points to
the region ko(z), which is the region that has higher density, under 7, at x.
Let V = {v € V|{(v,n(x)) > 0} and V; = {v € V|{v,n(x)) < 0}. Thus
V! is the set of velocities that would move the position z into ko(z), thereby
increasing the density under 7, and V; is the set of velocities that move the
position into ki (z).
For z € 9U, let I, be the following (unnormalized) density on V

lo(v) = { [(n(z), ) [p(V) Tk, () (2) Vv € ZA
’ [(n(z), v)p(v) Tk, () (x) Vv EV,.

This is just proportional to the density p(v) weighted by the size of the velocity
in the direction of the normal n(x) and weighted by the density at z either in
the region, k1(x) or ko(z), that the velocity is moving toward.

Let Q. be the Markov kernel for the velocity obtained by flipping the velocity
and then applying Markov kernel ). Since we assume ) only changes the
velocity, we have Q/,(dv'|v) = Q(dx, dv'|z, —v).

Theorem 3. Assume that for all v € V, that p(v) = p(—v), and that the
transition kernel QQ only changes the velocity, and define the family of kernels,
Q! for x € 6U as above. Further, assume that

— [ $E Vo vdr o+ /E AR - f()]dp =0,

and that
Vo € 9U, l, is an invariant density of Q.. (7)

Then [, Afdp =0 for all f € D(A), and p is the invariant distribution of the
process.

Proof. Starting from Theorem [2| for all f € D(A):
[aran== [ fbao)on-vdedot [ A@(QFC) - 1) d
E EO° EO°
Y (0,2, v} (@) (), v) do () dp(v).

kEK €U NNy ,veY

By assumption, — [0 f(k,2,0)Vep - vdzdv + [ AM2)[Qf(2) — f(2)]dp = 0,
and so we simplify the integral of Af to:

/EAf dp = Z / fk,z, ) (x)(n(z), v) do(z) dp(v).

kEK €OURNNg,veEV

To simplify notation, in the rest of the proof we write k; for kq(x) and ks
for ko(z) We rewrite the previous equation:

é Afdp= / . / o 220, 0) — 1k, o), (2] ), ) () do )
_/ / ~ [f(kg,fﬂ,’l])ﬂ'}w(fﬂ) _f(klaxvv)ﬂ—lﬂ(x)] |<n(x),v>|dp(v)da(x)
x€edU JveV,
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Using that if v € V; then —v € V we can rewrite the right-hand side as

/ ( [ ks, 0)ma(@) — £,z o), (2)] | (n(a), 0)] dp(o)
zedU vEV,

—/EV+ [f (ke 2, —v)my () = f(kr, @, =)k, (2)] |<n(x),v>|dp(—v)> do(z).

A sufficient condition for |, g Afdp = 0 is that for all x the integral over v in
the brackets is 0.

Any f € D(A) satisfies the boundary condition on I'. For v € VI,
have (k1,z,v) € I' and (k2,x, —v) € I, hence,

£k, z,0) /f (ky, z,0)),
ko, ~0) = [ F)Q ke, ).
Thus our sufficient condition for f 5 Afdu = 0 becomes
k2,2, 0071, (0) = @, 0, (]| n(0), )] )
= [ 107k 2,0y, 0) — £, 0y @) n(0), ) ).

Using again the fact that if v € VJ then —v € V, this condition can be
rewritten as:

/V+ [k, 2, 0)mh, () (n(2), 0) | dp(v) + [ f(k1, @, 0)m, (2)|(n(2), v)| dp(v)

Vo

= /v,* Qf (ka, z, —v)mp, () |(n(z), v)| dp(—v)
+ - Qf(ky, z, —v)mg, (z)|(n(2), v)| dp(—v).

We can then write this in terms of I, and Q/, by introducing a function f'(z,v)
that is defined as

f(z,v) = f(k1,2,v) if v €V, and f'(z,v) = f(ke,x,v) if v € V].

Then, using p(v) = p(—v) and the definitions of I, and @/, our sufficient con-
dition becomes

/fa:vdl /(/f:rv dv|v)>dlz(v).

This is true if [,; is an invariant density of Q. O
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5.1 The case of restricted domains

One special case of our general construction is the situation where the target
density 7 on R¢ is only compactly supported. This particular scenario was
already considered in the work of [3]. We briefly compare our respective results
in this setting.

Firstly, the key boundary condition of [3], their Equation (5), accords with
our condition on [, in Theorem However, a full rigorous proof of their
invariance result [3| Proposition 1] is not presented; in the Supplementary ma-
terial of [3], they defer the full proof to future work.

Finally, in the work of [3], another condition is required, their Equation
(4). We do not have any equivalent in our work, the reason for which can be
found in the proof provided in the supplementary material of [3]: the boundary
condition presented in equation (2) of the Supplementary material of [3] is in
fact only required to hold on the exit boundary, which we have denoted T' (c.f.
[9, Theorem 26.14, Condition 2]), rather than on the entire boundary.

6 Boundary kernels for usual PDMP samplers

We give here possible Markov kernels for the Bouncy Particle Sampler, the Zig-
Zag sampler, and the Coordinate Sampler. Since the condition of Theorem
only depends on the velocity distribution, any two processes that share the same
velocity distribution can use the same boundary Markov kernels. We present
two approaches to constructing appropriate kernels on the boundary.

6.1 Sampling [ using Metropolis—Hastings

Recall from Theorem [3] that a valid kernel for the velocity when we hit a bound-
ary can be constructed as follows: first, construct a transition kernel @’ which
leaves [, invariant; and if the current velocity is v, simulate a new velocity from
Q!.(:] —v). That is we can simulate a new velocity by (i) flipping the velocity,
and (ii) applying Q.

The simplest choice of @, is just the identity map, i.e. a kernel that keeps the
velocity. However this would correspond to a transition kernel on the boundary
which simply flips the velocity, thus forcing the PDMP to retrace its steps.
Where possible, we can improve on this by choosing to be @, a kernel which
samples from [, though it should be noted that this choice may be difficult to
implement.

When V is bounded, an alternative is to define @', as a Metropolis—Hastings
kernel [I3] targeting l,, with proposals from a uniform sampler of V. The
algorithm starting from v then proceeds as follows:

1. Sample v’ uniformly in V.

2. Accept v* = v’ with probability a = ll‘z((f}/)), otherwise set v* = v.
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Of course, it is also possible to iterate the Metropolis—Hastings kernel several
times to get a good sample from [, at a reasonable cost.

6.2 Limiting behaviours

A natural strategy for constructing the transition kernel for the velocity at
a boundary is to consider the limiting behaviour of the sampler for a family
of continuous densities which tend to a piecewise-discontinuous density in an
appropriate limit. We will do this for a density 7 with one discontinuity on a
hyperplane with normal n: 7(x) = col(y ny<o + c1l(z,n)>0 With co < ¢;. In the
following we will assume ¢y > 0, but the extension of the arguments to the case
co = 0 is straightforward.

We can approximate 7w by a continuous density 7 such that Vlog(my) is
piecewise constant:

Tk (2) = oz nye[—oo,—0/k] T C11(z n)e(0,00) T €1 €XPLE(T, 1) (2 nye[— k.00

where C = log(c1/co). As k — 0o we can see that m converges to m. In the
following we will call the region where (z,n) € [-1/k,0] the boundary region of
Tk, as this is approximating the boundary defined by the discontinuity in 7.

The advantage of using the densities mp is that the resulting behaviour of
standard PDMP samplers is tractable, and, as we will see, the distribution of
the change in velocity from entering to exiting the boundary region of m; will
not depend on k. The effect of increasing k is just to reduce the time spent
passing through the boundary region — and in the limit as k¥ — oo this becomes
instantaneous.

We consider this limiting behaviour for BPS, the Coordinate Sampler, and
Zig-Zag. Whilst we derive the transition distribution for the velocity in each
case from this limiting behaviour, we will demonstrate that each distribution
is valid for the corresponding sampler directly by showing that it satisfies our
condition . The proofs of the propositions in this section are deferred to

Appendix [C]

6.2.1 Limiting behavior of the Bouncy Particle Sampler

Consider the BPS dynamics for sampling from 7y, for a trajectory that enters the
boundary region, and ignore any refresh events. If the state of the BPS is (z, v)
then dynamics are such that events occur at a rate max{0, —(v, Vlog 7y (z))},
and at an event the velocity is reflected in V log mi(x). Whilst in the boundary
region, V log 7 (z) = kn.

For any v such that (v,n) > 0, it is clear that A\(x,v) = 0 for all . Hence,
the trajectory through the boundary region will be a straight line.

Let v be such that (v,n) < 0. Without loss of generality assume that the
trajectory enters the boundary region at ¢ = 0 with 2y = 0. If no jumps occurs,
the trajectory will exit the boundary region at some time t., where (z; ,n) =
—C/k, which implies t, = —C//(k(v,n)). For such a trajectory, the Poisson rate
whilst passing through the boundary region is A = —k(v,n). Remembering that
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C =log(c1/cp), the probability of a trajectory passing through the region in a

straight line is
exp{—At.} = exp {—log (cl) } = C—O,
Co C1

which does not depend on k.

Finally, the probability of an event that changes the velocity in the boundary
region is thus 1 — ¢g/cy. If there is event, the velocity reflects in the normal
and becomes v/ = v — 2(v,n). As {(v',n) > 0 no further events will occur whilst
passing through the boundary region.

Hence the probability transition kernel assigns probabilities

1 v =wv and {v,n) >0,
Q(x,v'|x,v) = cofcr v =wand (v,n) <0,
1—co/c1 v =v—2(n,v)n and (v,n) <O0.

If we translate this into the corresponding transition kernel at a general
discontinuity, for a trajectory that hits the boundary defined by the continuity
at a point with unit normal n = n(x) then

1 v/ =vand v eV,

Qpps(z,v|z,v) = Ty () (T) /Ty () () v =vandv eV,
L — Ty () (%) Ty (@) (2) ' =v—2(n,v)n and v € V.

That is, if the trajectory is moving to the region of lower probability density, then
it passes through the discontinuity with a probability proportional to the ratio
in the probability densities. Otherwise, it reflects off surface of discontinuity.

Proposition 5. The transition kernel of the velocity, Q',, derived from Qpps

satisfies @

This result holds for either implementation of the Bouncy Particle Sampler,
i.e. where the distribution of the velocity is uniform on the sphere, or is an
isotropic multivariate Gaussian. Examination of the proof of the proposition
shows that we only require that p(v) is spherically symmetric.

6.2.2 Limiting behavior of the Coordinate Sampler

In the coordinate sampler the velocity is always in the direction of one of the
coordinates of z, and we will denote the set of 2d possible velocities by V. The
dynamics of the coordinate sampler are similar to those for BPS except that
the transition kernel at an event is different. At an event the probability of the
new velocity being v’ € V is proportional to max{0, (v, Vlog m(x))}.

The calculations for the transition kernel of the coordinate sampler for a
trajectory that enter the boundary region of 7y is similar to that for the BPS,
except that, if there is an event, the distribution of the new velocity changes to
that for the coordinate sampler.

17



The resulting probability transition kernel, expressed for a general disconti-
nuity is:

1 v =vand v eV,
Qcs(z,v'|z,v) = Thy (2) (L) / Thoy () () / v =vandwveV,,
(1 = Thy () (%) /Ty () () <”I’<"> v eV andv eV,

where K = ) )+ (v,n) is a normalising constant for the distribution of the
new velocity if it changes.

That is, a trajectory moving to the higher probability region is unaffected
by the discontinuity. For a trajectory moving to a lower probability region it
either passes through the discontinuity, or bounces. The bounce direction is
chosen at random from v' € YV} with probability equal to the component of v’
in the direction of the normal at the discontinuity, n.

Proposition 6. The transition kernel of the velocity, Q.,, derived from Qcs

satisfies (@

6.2.3 Limiting behavior of the Zig-Zag Sampler

For Zig-Zag the velocities are of the form {4+1}?. Given the positions, events
occur independently for each component. That is if v; € {£1} is the component
of the velocity in the 7 coordinate axis then this velocity will flip, i.e. change
sign, at a rate max{0, —v;0logm(x)/0z;}. For the boundary region of my(x)
we have

0log 7y (z)

8!,62‘

where n; is the ith component of the normal n.

If we consider the dynamics of Zig-Zag once it enters the boundary region of
7k (), then each velocity component with v;n; < 0 will potentially flip. Whilst
travelling through the boundary region the rate at which such a v; will flip will
be —v;n;k. Each component will flip at most once whilst the trajectory passes
through the boundary region.

The resulting dynamics are somewhat complicated, but can be easily simu-
lated, using the following algorithm.

= kni7

a) Fori=1,...,d simulate 7; as independent realisations of an exponential
random variable with rate k max{—mn;v;,0}. If n;u; > 0 then set 7; = oo.

b) Calculate the time t* at which we leave the boundary as the smallest value
t > 0 for which

> wvini(t — 2max{0,t — 7;}) = £C/k,
=1
or

Z vin;(t — 2max{0,{ — 7;}) =0,
i=1
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¢) The new velocity has v} = v; if 7; > t* and v} = —v; otherwise.

The key idea is that whilst the trajectory remains within the boundary
region, each velocity component flips independently with its own rate. Step Eﬂ
then simulates the time at which each component of the velocity would switch.
Step @ then calculates, for the event times simulated in EZ[, what time, t*
the trajectory will leave the boundary. There are two possibilities, the first
corresponds to passing through the boundary, the second to bouncing back to
the region where we started. For the first of these possibilities we have two
possibilities, corresponding to C/k and —C/k to allow for the two possible
directions with which we can enter the boundary region. Then in step |c)| we
calculate the velocity once the trajectory exits the boundary region — using the
fact that a velocity component will have flipped if and only if 7; < ¢*.

It is simple to show that the distribution of the new velocity, v/, simulated
in step c)| is independent of k, as the value of k just introduces a scale factor
into the definition of the event times, 7;, the and the exit time, ¢*. Thus for a
general general discontinuity, we define the probability transition kernel, Qzz
as corresponding to the above algorithm with & = 1, with n = n(z) and C =
log(7k, (2) (%) /Tk, () (7)), the log of the ratio in probability density at = for the
two regions.

Proposition 7. The transition kernel of the velocity, Q' induced by Qzz sat-

isfies @ ’

7 Comparison of samplers

We now present some simulation results that aim to illustrate the theory, and
show how different samplers and different choices of kernel at the discontinuities
behave. We do this by considering a simple model for which it is easy to see
the boundary behavior, with a target density

(B (B3

W(QZ) = Qjp€ 2%in 11’6[—1,1]‘1 + O‘out67 2%0ut 1w¢[_1,1]d,

which is Gaussian inside and outside the hypercube [—1, 1}‘1, with a discontinu-
ous boundary on the hypercube.

For algorithms such as Zig-Zag and Coordinate Sampler, the choice of basis
is extremely important. In particular, we expect the Zig-Zag Process to perform
very well for product measures if the velocity basis is properly chosen. Hence we
use a rotated basis where we generate a random rotation matrix R and rotate
the canonical basis by R. (For results for Zig-Zag with the canonical basis, see
Appendix @)

Since the goal of the experiments is to highlight the boundary behavior,
and not a general comparison between BPS, Zig-Zag, and Coordinate Sampler,
we only perform basic tuning of these algorithms, in particular with respect to
the refresh rate which is necessary for BPS to be ergodic (without boundaries).
For each sampler we consider a range of transition kernels at the discontinuity.
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These are the Metropolis—Hastings kernel of Section [6.1} using 100 iterations of
the Metropolis-Hastings kernel; and using the kernel derived from the limiting
behaviour in Sections We have implemented all methods in dimen-
sions d = 2, 10 and 100; though we only present results for d = 100 here, with
the full results shown in Appendix

An example of the resulting trajectories for d = 100, for the case of a Gaus-
sian restricted to the cube, i.e. aou = 0, can be found in Figures There
are a number of obvious qualitative conclusions that can be drawn. First, using
a single Metropolis—Hastings kernel leads to poor mixing — with the trajecto-
ries often doubling back on themselves when they hit the boundary, and the
trajectories for all three algorithms explore only a small part of the sample
space. Increasing the number of Metropolis—Hastings kernels improves mixing
noticeably, but does introduce diffusive-like behaviour. For the Bouncy Particle
Sampler and the Zig-Zag Process, the kernel derived from the limiting behaviour
allows for smaller changes in the velocity at the boundary. We see this as the
trajectories look qualitatively different from the Metropolis kernels, with the dif-
fusive behaviour being suppressed. Overall the Bouncy Particle Sampler with
the limiting kernel appears to mix best — though this may in part be because
this sampler mixes well for low-dimensional summaries of the target, but less
well for global properties [I0].

8 Discussion

This paper focuses on PDMP-based MCMC samplers to sample densities which
are only piecewise smooth. In particular, we presented a general framework
for showing invariance of a given target, and then specialise to the case of the
common PDMP samplers, namely the Bouncy Particle Sampler, Coordinate
Sampler and Zig-Zag sampler when the target is piecewise smooth. Our general
framework avoids the general functional-theoretic approach of establishing a
given set of functions is a core [I5,[14]. Rather, we make use of specific properties
of the PDMP processes which we are interested in.

When the target m possesses discontinuities, we found that PDMP-based
samplers display a surprisingly rich set of behaviours at the boundary, as ev-
idenced by our empirical results, which demonstrate that the choice of jump
kernel at the boundary is crucial. We see that the limiting kernels compare
favourably to Metropolis—Hastings-based jump kernels. For the three samplers
we considered, we saw that in our examples the BPS was the best-performing,
but other the algorithms may also have more opportunities to be optimized.

We briefly discuss now relationships with the recent and parallel work of [I7],
in particular Theorem 1 of the most recent preprint version [I7]. This theorem
focuses on the Zig-Zag sampler on a collection of spaces, also with boundaries.
The overall approach, assumptions and result statement are similar to ours,
since we are all making common use of the framework of [9]. However, [17] is
ultimately interested in inference on phylogenetic trees, whereas we are more
interested in exploring the specific boundary behaviours of currently popular
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Figure 2: Example trajectories for the Bouncy Particle Sampler (left), Coordi-
nate Sampler (middle) and Zig-Zag Process (right) for simulating from a 100-
dimensional Gaussian distribution restricted to a cube for different transitions
on the boundary. We show the dynamics for the first two coordinates only. The
different transitions correspond to the limiting behaviour Section
(top); using a single Metropolis-Hastings step to sample from [, (middle); and
using 100 Metropolis-Hastings steps to sample from [,, (bottom).
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PDMP samplers.

There remain several avenues for future exploration. We believe it is pos-
sible to weaken Assumptions (1| and [2l For example Assumption could be
relaxed to allow for a countable union of smooth parts; it should be possible to
remove Assumption using Sard’s theorem; and Assumption could be
relaxed to: for all x € Uy, for all v € V¥, t — 7 (z + tv) is absolutely continu-
ous. Our chosen set of Assumptions [3] [4] are sufficient to allow an application
of integration by parts, but a simpler and more transparent set of sufficient as-
sumptions would also be desirable. Finally, we conjecture that nonlocal moves
into PDMP samplers, for example based on [25] or otherwise, might also be
useful in boosting convergence in the presence of significant discontinuities.
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A Theorem [2

A.1 Precise assumptions
Assumption 3. For each k € K :
(i) dimg ((U)° \ Ux) < di, — 2, where dimy is the Hausdorff dimension.
(i) We assume that there is a finite collection {W{,... , W[} of disjoint open

sets, and a second collection of disjoint open sets, {QF, .. .,Qf}, where
each WF QF C R%=1 with WF c Wk c QF for each i =1,...1.
(iii) The boundaries satisfy dim OW}F < dy — 2.

(iv) Furthermore we assume that we have C* (injective) embeddings ¢% : QF —
R and also have continuous normals n; : QF — S—1,

(v) Set M; := qu(Wif), foreachi=1,...,1. Then we have OU = M;U---UM;.
(vi) The intersections satisfy dim M; N M; < d —2 for any i # j.
Let
Ny = {x € 0Ug|3% such that Ju € W; such that ¢(u) = z} (8)

be the set of points of OUj, for which the normal n(z) = n(u) is well-defined.
Since dimg ((Ug)° \ Uy) < dj, — 2, for all points for which the normal exists, the
boundary separates Uy and R% \ Uy, and does not correspond to an “internal”
boundary of U that is removed. By convention, we assume that n(z) is the
outer normal.

Assumption 4. We make the following assumptions: for all v € V, there is a
refinement {W7, ..., W21} and {QY,...,QY} of the boundary decomposition such
that:

(i) This new decomposition satisfies the previous assumptions.
(i) For all 0 < i < m, there exists j € {1,...,1} such that p(W}) C ¢(W;).
(iii) for all x € WY, y € W; such that ¢(z) = ¢(y), then ni(x) = n;(y).

(iv) for each 0 < i < m, dimpy p,(M}) < n — 2 where M} = {¢i(z) : = €
W, and (v,n;(z)) = 0} and p, is the orthogonal projection on H, =
span(v)*.

(v) for all0 < i <m and all z € R™, the sets M" N (z+Rv) and M~ N (x+

Rv) have at most one element where M+ = {z = ¢(y) € M; : (ni(y),v) >
0} and M~ ={z = ¢(y) € M; : (n;(y),v) < 0}.

A.2 Proof of Theorem 2

We abuse notations and write 9, f the derivative at ¢ = 0 of f(x + tv,v) with
respect to ¢ for a fixed v, which corresponds to the term =f.
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A.2.1 Integrability

We give two integrability lemmas that will be useful for the following proof.
Lemma 4. Let f € D(A). We know that:

(i) [ is bounded.

(i) Af is bounded.

(iii) f € D(A) and Af =Af.

Proof. and are immediate since D(A) C By C B(E), and A : D(A) —
By C B(E)

follows from the fact that for f € D(A) there is the Dynkin formula
which exactly implies C{ is a true martingale ([0, (14.13)]), hence also a local
martingale. O

Lemma 5. A(k,z,v)(Qf(k,z,v) — f(k,z,v)) € L1(p) and 0, f(k,z,v) € L1 (u)

Proof. Since Af is bounded, Af € Ly(p). Since f is bounded and with [(i)| of
Assumption Ak, z,0)(Qf (k,x,v) — f(k,x,v)) € L1(1n). Hence, 0, f(k,z,v) €
Li(p). O

This means that we can treat each term independently.

A.2.2 Integration of the infinitesimal generator over F

Proposition 8. Let f € D(A) and let k € K. For all v € V¥ we have:

/ 7k ()0 f (k, x,v) do = — f(k,x,v)0,mk(x) do dv
Uk Ulc

+ /aUme T () f(k; 2, 0) [(n(x), v)| do (@),

where o is the Lebesgue measure of the boundary (seen as a Riemannian mani-

fold).

Proof. We would like to use an integration by parts result on the integral in
question, which is precisedly detailed in Appendix [B]

So now let v € V¥, Assumptionsandimply that Uy, satisfies Assumption@
of Appendix Furthermore, f € D(A) C D(A), thus for all z € Uy, t — f(k,z+
tv,v) is absolutely continuous. Finally, Lemma [5 implies that 9, f(k,z,v) €
Li(u), hence we can use Proposition |§| of Appendix [B|lon U, with the function
z +— f(z)m(z). In this context, for z € Uy, if (n(x),v) > 0,

(7)) f(k,27,v) = ltiTI(r)lwk(x +tv)f(k,x + tv,v) = m(x) f(k, z,v),

(™) fk,zT,v) = 0;
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otherwise if (n(x),v) > 0,

7Tk(‘r_)f( ’ _70):07

k,x
(D) f(k, 2T v) = ltif{)lﬂk@ + to) f(k,z + tv,v) = i (z) f(k, 2, v).

This yields:

Oy () f(kyz,v)de = — f(k,z,0)0,m(x) do dv
Uy Uk

" ~/8Uk\Cv Wk(x)f(k’ Z, ’U) <n(x)7 U> do‘(z)7

where we removed the absolute value around (n(z),v) to account for the sign
difference of 7y (™) f(k,z~,v) — mx(zT) f(k,x*,v). Furthermore, OU} \ C, C
OUj N N and these two sets differs by a set of zero measure. Hence:

/ Oy (2) f(kyz,v)dae = — f(k,z,0)0ym(x) de dv
Uy

Uk
i /GUkme (@) f(k, 2, v) (n(2),v) do(z),

which concludes the proof.

Lemma 6.

O f(k,z,v)p(k, z,v)drdv = —/ flk,z,0)Vap - vdedo
UkXVk

+/ flk,z,v)u(k, z,v){(v,n(x)) do(z) dv
(OURLNNg ) x Vk

Ey

Proof. Since 0, f is in L1(u), 0, f(k,z,v)u(k, z,v) is integrable. Hence by Fu-
bini’s theorem:

/ Ouf(kyz,v)pu(k, z,v)dedo = / Oy f (kyz,0)p(k, z,v) da dw.

Uy x Yk Vk Uy

Using Proposition

/ &,f(k,x,v)u(k:,x,v) dedv = _/ f(k,$7’l))(v77k($> 'U)pk(U) dz dv
Up, X VF ve Juy,

s [ [ otk o) e () doo) do
VE JOURNNy
Using from Assumption 2} f(k,z,v)(Vri(z) - v)pi(v) is integrable, and

f(k,z,v)pu(k, z,v) is bounded. Hence we can use Fubini a second time on both
terms to get the result. O
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B Theorem: integration by parts

Assumption 5 (informal geometrical assumption). Let U be an open set in R™
such that:

e U=R"

e the boundary OU can be decomposed as a finite union of smooth closed
sub-manifolds with piecewise C' boundaries in R™,

e for any x,v € R"™, the intersection OU U{x+Ru} is finite (not taking into
account the points where v is tangent to U ),

e dimy(N,) < n — 2 where N, is the subset of OU where the normal is
ill-defined,

o dimpy p,(M?) <n— 2 where MV = {x € OU such that (v,n(x)) =0} and
Py is the orthogonal projection on H, = vt,

with dimpy the Hausdorff dimension.
These assumptions are made precise in Assumption [6] of the next section.

Proposition 9. Let U be an open set of R™ satisfying Assumption[d, and OU
be its boundary. Let f and g be measurable functions from U to R such that:

1. f is bounded;
2. for any sequence (y,) C U with ||y,| — o0, lim, 00 g(yn) = 0;

3. for each z,v € R", the functions t — f(z + tv) and t — g(x + tv) are
absolutely continuous on U N (x + Rv) and 8y f, 0,9 € L*(U).

Fiz v € R™. Then, using the convention
flz+) = 1t1¢r(r)1 flz+tv) and f(z—) = ltlTr(r)l flz + tv)

and
1y i
glx+) = tlg)lg(ac +tv) and g(x—) = tl%glg(l’ + tv)

we have:
/ v f(z) g(x)dx =/ (9(z7)f(@7) = f(z)g(a™)) [(n(x),v)| do(z)
U OU\N,
- [ @09t da.
U

where the second term is integrated with respect to the Lebesgue measure of the
boundary (seen as a Riemannian manifold) and N, is the set of points where
the normal is ill-defined.

Proof. The proof is a corollary of the next section. O
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B.1 Integration over open domain

Assumption 6. Let U be an open set in R™ such that for each v € S"~1 (the
unit sphere in R™ ),

1. there exist Wi C W1 C Qu,..., Wi, C Wy C Qu, 2k open sets in R*!
with dimyg OW; < n — 2 (these open sets may depend on v because of@ of
this assumption).

2. there exist ¢; : ; = R™, i =1,...k, C! one to one maps such that the
differential Dg;(x) is one to one for all x € Q. It implies that there is a
continuous normal n; : Q; — S7~1

3. OU = My U---U My, where the sets M; = ¢;(W;) are closed,
4. dimg M; N M; <n—2 foralli #j.

5. Let W2 = {z € W, : v-n;(z) = 0}). For each i, dimg p,(M?) < n — 2
where MY = ¢;(W?) and p,, is the orthogonal projection on H = H, = =vt.

6. Let Wt ={x e W; € M; :ni(z)-v >0} and W, ={x € W, :n;(z) - v <
0}. For alli and all y € R", the sets M;" N (y + Rv) and M; N (y + Ro)
have at most one element where M = ¢Z(W+) and M, = qbl( ).

Assumption 7. Let f: U — R be a measurable function such that

i. for each y,v € R", the function t — f(y+ tv) is absolutely continuous on
every bounded interval I such that y+ Iv C U

i. lim |y oo f(y) = 0. That is, for any sequence (y,) C U with ||y, || — oc.
ii. If U is not bounded, then for each v € R", 8, f € L*(U).

We extend f to R™\ 9U with f(y) = 0 for every y ¢ U. So that we can
suppose that U = R"™ \ 9U.

Theorem 4. Let U be an open set of R™ satisfying Assumption [@, for some
fized v € R™ with |[v|| = 1. Let

k
= (Uwowyumd)J( | Minmy)
i=1 1<i<j<k
the set on which normals are ill-defined. Then for any f satisfying Assumption
[
1. dimg N, <2 and dimy p,(N,) <n —2;
2. for each y € OU \ N, the limits
lim fy +tv) = f(y+) and lim f(y + tv) = f(y-)

exist;
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3. The normal n(y) is well-defined at each point y € U \ N, and

/ B, f(y) dy = / (F) - FH) 1) - o] do(y),
U AU\N,

where o is the Lebesque measure on OU.
We can use the theorem with a product f = gm where

e g : U — R is measurable, bounded, absolutely continuous on each sets
UN(y+Rv), y € R", and d,g € L' (U),

e :U — Risin CYU) N LY(U), bounded with bounded derivatives,
limyj |0 7(y) = 0, and the derivative 9,7 € L'(U).
B.2 Proof of Theorem [4
For the first point, let

k

No=(J@@myum | J( U MinMy)),

i=1 1<i<j<k

N =p; H(po(N,)) and V = H \ p,(N,).
By Assumptions and dimpg (p,(Ny)) < n — 2, therefore p,(N,) has

zero H-Lebesgue measure.

For the second point, the fact that f(y+) and f(y—) exist is a direct conse-
quence of Asssumption

Finally we consider the third point. For all z € H denote

E(z)={teR:z+tvedU}.
By Assumption the set E(z) has 2k elements at most for all z € V. Set
U'=U\N.
Since dimg (p,(Ny)) < n — 2, it follows that dimg A7 < n — 1. Therefore,

/ Bfw)dy= | 0.1y dy.
U U’

By Fubini’s theorem,

g 9 fy)dy = /V (/]R\E(Z) Oif (2 +tv) dt) dz.

By Assumption |7} for almost all z € V and for each connected component (a, b)
of R\ E(z),

. Opf(z+tv)dt = f((z+1tb)7") — f((z +ta)T).
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Taking into account that lim;_, 1+ f(z + tv) = 0, we obtain

/@f dy—/ Z (2 +t0)7) = F((= + to) ) dz.

teEE(z

Now we want to see that the latter mtegral is equal to

[ G0 = 1) Inlw) ol do ().
OU\N,
Set
I={1,....k} x {+,-},
J(z)={(i,s) €I :3t € E(z),z+tve M} for z € H,

Vy={2€V:J(z)=J} for JCI, and

V¥ = p,(M}) for (i,s) € I.
By Assumption 616 for each (i, s) € I, the map p,o¢; : W7 — V;? is a bijection,
so that we can define the map F7 : V> — M? by F?(2) = ¢i((py 0 ¢:)71(2)).
Using the definition of the set V. = H \ N, we see that for each z € V and

each t € E(z), there exists (i,s) € I unique such that z + tv = Ff(z) € M}.
Furtheremore, for each (i,5) € I, VNV = U5,V It follows that

/U 00 f (y) dy = /V S (F((5 4 t0)7) — F((z + o)) d

teE(z)

-3 / S (2 + 1)) = £((z + 1)) da

Jci’Vs teE(z)

=X [ X v - )

JCI szJ

-y % / — F(F ()

(i,s)€I J>(i,s)
= > [ ) - s s
(i,8)€l N

Since the differential of each ¢; is always one to one and since D¢;(z)(u).u is
never orthogonal to v for z € W and u # 0, the local inverse function theorem
implies that the maps F¥ are C'!. Furthermore, the image of F? is M7 and the
normal to M7 at y = F(z) is n(y) = £n;((p, 0 $)"1(2)). Therefore,

[ e - sEe = [ ) - f )] o).
Ve MEN,
Finally, since U \ N, = U; s)e1(M;7 \ Ny),

2 /VWU(FHZ)*) —fE(E)T) de = / (F(u™) = 1)) do(y).

(i,s)el OU\N,
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C Validity of transition kernels derived from lim-
iting behaviour

C.1 Bouncy Particle Sampler: Proof of Proposition

For the specified @pps, we first derive the form of the associated probability ker-
nel on velocities, @', remembering that @/, is obtained by flipping the velocity
and then applying the transition defined by Qgps. This gives

1 v =—vandveV,,
Qu(v'v) = Thy(2) (2)/Thy () (¥) V' = —vand v e V7,
1 — Thy (2) () /Ty () () ¥ = —v+2(n,v)n and v € V.

The transition kernel @/, allows for two possible transitions, either v/ = —v
or v/ = v — 2{n,v)n. These transitions have the following properties:

(i) In the first case if v € V" then v’ € V;, and vice versa. While for the
second case if v € V then v’ € V.

(ii) For either transition, (v, v") = (v,v), and |[{n,v")| = |(n,v)|. Furthermore
by the spherical symmetry of p(v) for the Bouncy Particle Sampler the
first of these means that p(v) = p(v').

We need to show that I, (v") =Y QL (v'|v)l;(v), where

o) = 4 o) p(0)me, @) (2) - Vo € Vi,
la(0) = { [(n, v)|[p(v) TR, (o) (2) Vv €V, .

We will show this holds first for v' € V;I and then for v’ € V.
If v/ € V; then there are two possible transitions, from v = —v’ € V and
from v € VI where v = —v' + 2(v/,n)n. Let v* = —v' +2(v',n)n

> QL0 (v) = 1+ (In, =) p(=0 )7, () )
- (1 - ””“”) (1m0l i a9

Thy(z) (T)

7Tk2(z) J))

= [, 0)[p(V") | 7hy (@) (2) + (1 - W) ks () (2)

Where the last equality comes from applying Property of the transition.
The last expression simplifies to [, (v') as required.
For v' € V. we have only one transition and thus

S QL o)l (v) = (”“”) (16, =) (=)0 (2))

which, again using Property is Iz (v").
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C.2 Coordinate Sampler: Proof of Proposition [6]

We follow a similar argument to that of the previous section. First we write
down the form of @', derived from Qcs:

1 v =—vandv eV,
Q. (v'v) = Tk (2) (€) [ Tho () () v/ = —v and v € V;,
(1 = Tk (2) (%) /Tpy 2y (2)) 2522 0" € Vi and v € VY,

where K =" _\,+ [(n,v)|.

For the Coordinate Sampler, p(v) = 1/(2d) for each of the possible values
for v. Now we need to show I, (v') = > Q% (v'|v)l;(v). We will consider the case
v' € VI and v’ € V, separately. For the latter case, the argument is the same
as for the Bouncy Particle Sampler. Thus we just present the case for v’ € V.

> QL) () = 1+ (1, =) p(=0 ), () (@) )
+<’U,,TL> <1 o ﬂ—kl(ﬁ) (l’;) Z |<nl’(v>‘p(v)ﬂ-k2(z) ({IJ)

Tk T
2 (@) ( !

Thy(z) (T

p(vl)<vl’n> Wkl(z)(m>+ <1 _ W) 7Tk2(z)(‘r) Z <NI,(U>‘

Tky () (l‘)

p() 01 [ 7y () + <1 - W) e

The second equality comes from the fact that p(v) is constant for all v € V. The
third equality comes from the definition of K.

C.3 Zig-Zag Sampler: Proof of Proposition

In the following we will set £ = 1 for implementing the algorithm that defines
Qzz. We need to show that @/, keeps [, invariant. We will prove this by showing
the following stronger detailed balance condition holds:

I (v)QL(W|v) = 1, (v)QL(v|v)), Vuv,v € V.

As QL (V'|v) = Qzz(v'| —v), then writing the detailed balance condition for pairs
—v and v" we have that it suffices to show

Lo (—0)Qzz(V'|v) = I (v")Qzz(—v| — '), Vu,v" € V.

By a slight abuse of notation let k(v) = ki(z) if v € V, and k(v) = ka(x)
if v € V;i. Then we can write I,(v) = [(n,v)|p(v) Ty (z). Thus using the fact
that p(v) defines a uniform distribution on V, the detailed balance condition
simplifies to

[{n, 0) [T (—0) () Quz (V') = [, 0) Ty (or) (2) Qzz(—v] = '), Vv, 0" € V.
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This can be viewed as matching the probability we have a velocity v and tran-
sition to v’ with one where we flip the velocities: starting at —v’ and transition
to —v.

We show that the detailed balance condition holds separately for different
combinations of whether v € V; or v € V7 and whether v' € V or v' € V.

First assume v € VI and v' € V. This corresponds to a trajectory that
is moving from the lower to the higher density region, but that reflects off the
boundary and stays in the lower density region. It is straightforward to see
that the events that change the velocity only increase (n,v), the speed at which
the trajectory moves through the boundary region to the higher density region.
Thus a transition from VI to V, is impossible, and Qzz(v'|v) = 0. Similarly,
—v" € V§ and —v € V; so Qzz(—v| —v') = 0. Hence the detailed balance
conditions trivially hold in this case.

Next assume v € V, and v’ € V. This corresponds to a trajectory that
is moving from the higher to the lower density region, but that reflects off the
boundary and stays in the higher density region. In this case k(—v) = k(v') and
thus the detailed balance condition becomes

[(n,0)|Qzz(v'[v) = [(n,v")|Qzz(—v] —v'), YweV;, v eV . (9)

To prove the detailed balance condition holds we will first obtain an expression
for Qzz(v'|v), and then introduce a coupling between a transition for v to v’
and one from —v’ to —v to link it to a similar expression for Qzz(—v| —v').

The randomness in the algorithm that defines Q77 only comes through the
randomness of the event times simulated in step @ of Section Remember
that 7; is the time at which component ¢ of the velocity would switch, if the
trajectory is still within the boundary region. Each 7; is (conditionally) indepen-
dent of the others, and has an exponential distribution with rate max{0, —n,v; },
where n; is the component of the ith coordinate of the unit normal n. If n;v; > 0,
then 7, = oo.

It is helpful to introduce three sets of components.

e Let S; be the set of components 4 such that v, = v; and n;v; < 0.
e Let S; be the set of components ¢ such that v, = —v;.
e Let Sz be the set of components ¢ such that v} = v; and n;v; > 0.

So &; is the set of components of the velocity v that are moving the particle
towards the low-density region, and are unchanged by the transition to v’; S
is the set of components that flip during the transition from v to v’; and S3 is
the set of components of the velocity v that are moving the particle towards the
high-density region, and are unchanged by the transition to v’.

Only components i of the velocity for which n;v; < 0 can change during
the transition from v to v/. This means that if there exists ¢ € Sy such that
n;v; > 0 then the transition from v to v’ is impossible. By the same argument,
the transition from —v’ to v is impossible. Thus in this case Qzz(v'|v) =
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Qzz(—v| — v') = 0 and detailed balance trivially holds. So in the following we
will assume that n;v; < 0 for i € S,.

By a similar argument we have that the set S; is the set of indices of the
velocity that could change during the transition from v to v, but did not.
Whereas S3 are the set of indices of the velocity that could never have changed
during the transition.

To ease notation let m = |S|, the number of indices in set Sz, and note that
m > 1 as v # v'. Without loss of generality we can relabel the coordinates so
that So = {1,...,m}, and we will use 7., to denote the vector of event times
for the coordinates in Ss.

We now introduce a function of time, ¢, that depends on 7y.,. This is

m
h(t; T1m) = Z n;v;(t — max{0,t — 7;}) + Z n;v;t + Z n;v;t.
i=1

1€ST i€S3

This can be viewed as the net distance travelled by the trajectory up to time
t in the direction of the normal n, given that only velocity coordinates in S,
can change, and these change at times 7y.,,. This function is important as it
determines when the trajectory leaves the boundary region, and determines the
termination of the simulation algorithm in step@ Asv eV, and v’ € VI, and
the changes in velocity in the direction of n is monotone as we flip components,
we have that h(t; 71.,) is strictly decreasing at t = 0, strictly increasing for large
enough t and is unimodal. As h(0;7y.,) = 0, this means that there is a unique
t*(T1:m) > 0 such that h(¢t*(71:m); T1:m) = 0. This is the exit time from the
boundary region calculated in step [b)| of the algorithm.

We can now define the set 7 of values of 7., that are consistent with a
transition from v to v’. The conditions are that all components of the velocity
must flip before t*, and that the trajectory must not pass through the boundary
region — see the other stopping criteria in step @ of the algorithm. This gives
us that

T = {lem T < (Tim), 1= 1,00, my min h(t; T1:m) > —C} .

0<t<t*(T1:m)
The probability of a transition from v to v’ is thus the probability 71.,, € T

times the probability that 7; > t*(71.,) for i € S;. As each 7, 1 € Sy or i € So,
has an independent exponential distribution with rate —n;v;,

m

Qzz(V'|v) = /T H exp{n;vit* (T1:m) } H(—nivi) exp{n;v;7; } dri.m

1€S] =1

Now consider the reverse transition, from —v’ to —v. Under our existing
definitions S1, Sy and S3, we have that Sy is still the set of indices that the flip
for the transition from —v’ to —v, but now S; is the set of components of the
velocity that could never have flipped, while S3 is the set of components that
could have flipped but did not.
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We can define the same quantities for the reverse transition from —v’ to —v.
We will use tildes to denote quantities that relate to this transition. So Ty.p,
will be the vector of flip times for components in i € S3. We have

iL(t; 7:1:n) = inivi(t — maX{O,t — 711}) — Z nﬂ}it — Z nﬂ]it,

i=1 1€ST 1€S3

using the fact that —v; = v; for i € Sy and —v; = —v; otherwise. By the same
argument as above, there is a unique t*(71.,,) > 0 such that A(t* (F1.m); T1im) =
0. The set of possible values of 71.,,, that are consistent with the transition from
—v’ to v is

T = {7:1;m27:i§t~*(7~'1;m), 1=1,....,m; min h(t;f'l;n)>—0}.

0<t<t* (F1:m)

Finally we can write down the transition probability as before, remembering
that the rate of flipping for components i € Sy is —n;v; as before; but for ¢ € S3
it is n;v;. Thus

Qzz(—v| —v') =
H exp{—n;vit" (T1:m) /%zl_ll(mvi) exp{n;v;7; } d71.m | . (10)

1€S3

To relate the two transition probabilities, we introduce a coupling between
Tiim and T1im, SO Tian = g(T1:m), Where

Ti = 9(Tiim)s = " (T1m) — T

This coupling is a natural one. If we consider the path through the boundary
region given by 7., that transitions from v to v’, we can reverse that path
to get a path that transitions from —v’ to —v. For the forward path a flip of
component ¢ at time 7; occurs at a time ¢*(7y.,) — 7; prior to the end of the
path. Thus for the reverse path the flip would occur at time t*(71.1) — 7.

It is straight forward to show that if 71, = g(71.m) then A(t;T1.,) =
A(t*(T1:m) — t;71.m). This result is intuitive; it is saying the distance of the
forward trajectory within the boundary region at time t is equal to the distance
of the backward trajectory within the boundary region at time t*(71.,) — t.
This immediately implies that t*(71.,,) = t*(F1.m ), the exit time for the forward
and backward trajectories are the same. Furthermore, if we consider the second
constraint on 1., in the definition of 7 then we have

min At T,) = min  h(t; F1n),
0<t<t*(7—1;m)( 1) o<t<t"*(%1;m)( tin)

for 7i1.m = g(T1:m). Together with the fact that 7, < t*(7y.y,) then 7., <
t*(T1:m ). We have that the function g maps 1., € T t0 T1., € T. Furthermore,
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the function ¢ is invertible, and by similar arguments we have that g—' maps

Tiom € T to T1.m € T. Hence g is a bijection from 7 to T.
The function g defines a linear map between 7., and 71.,. For 71, € T
we have that, by definition of t*(71.,,),

anvz 27 — " (T1:m)) Z NVt (Tm) = 0. (11)

i=m-+1
This gives that

m m d
" (T1im) = Z <_2;?vi> 7;, where K = — Znivi + Z n;V;.

i=1 i=1 i=m+1

Furthermore, using that v’ is equal to v except that v; is flipped fori = 1,...,m,
K = (v',n).

Let b1, be the 1 X m vector whose ith entry is b; = 2v;n,;/K. If we let 1,
denote the 1 x m vector of ones, and I,,, the m x m identity matrix then we
have

Tlim = g(lem) (bl md — I )lem = ATl:ma
where the m x m matrix A = (blzmll;m — Ip,). In the following argument
we will make the change of variables 1., = ¢(T1:m) = ATi:m, and we will

need the determinant of the Jacobian of this transformation. Using the matrix
determinant lemma, this is given by

|det(A)] = |(1 = 1] b1m)lldet(—Ln)| = |1 — Zb :

This simplifies to
m

N 2umy
1_Zbi = 1+Z<5’Z>

=1 i=1

(W, n)+ >0 2um,
(v, m)

So now, taking the definition of Qzz(v'|v) and applying the change of vari-
ables T1.m = g(T1:m) We get

m

Quatw'0) = [ T explnsvst(rin)) ] (-rsvs) explnirs}) dra
1€81 i=1
= / exp Z nivit* (Fiim) <<;j H ( —n;v;) exp{n;v; (t* (Fr.m) — ﬁ)}) dT1m
€S A
{v,n)

<U’, n> T

[

<.
—

1€81

{v,n)
(v';m)

m
(—nivi) | expq > —nvit” (From) + > ni0iFi p A1,
1€S3 =1

—

N
Il
-
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where the final equality comes from the definition of *(i.,,) = t*(T1.m), using
after substituting in 7, = t*(F1.m) — 7.
By comparing the final expression with , we get that

{v,n)
(v';m)

Qzz(V'|v) = (—vl'),

which satisfies @D as required.
The final combination involve v,v" € V" and —v', —v € V
The detailed balance condition in this case becomes

, Or vice versa.

Tk () (@) [(, 0)|Qzz (V'0) = Thy () (@) (0, V') |Qzz (—0] = 0'),  Vu,0" € V.

We can show this using a similar argument to above, with the same coupling of
paths from v to v' with paths from v’ to v. The main differences are, first, that
the definition of 7 is simplified to

{lem LT § t*(lem)a 1= 1; cee am}a

as, by monotonicity of the changes in velocity, we do not need to check whether
the other exit condition in step @ holds. Second, that the definition of t*(71.y,)
changes, with it being the value of ¢ for which h(¢; 71.,,) = C. For 7., € T ,this

becomes
m
5 nivi(QTi - 7'1 m g nzvz 7-1 m =C

1=m-+1

due to the different exit condition in step @ We have similar changes to the
definitions of T and £ (F1.m).

However we can define Qzz(v'|v) and Qzz(—v| — v’) in a similar way. Fur-
thermore we can use the same linear transformation g, which is still a bijection
between 7 and 7. Whilst the definition ¢* has changed, this only introduces
an additive constant into the linear transformation defined by g, and thus the
Jacobian of the transformation is unchanged. Following the argument above
we thus get to the same expression for Qzz(v'|v) after making the change of
variables:

(v, 1)

Qzz(v'|v) = W n)

/ TI-no

T \i=1

X exp E nﬂ}z Tl m +§ nzvz Tlm _721) dTi:m.
1€EST

Now substituting in our new definition of t*(71.,,) = t*(T1.m) We get

(v, n)

Qzz(V'|v) = W
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where the additional factor of exp{C'} is due to the different definition of t*. As
C = log(Thy (z)(x)/ Tk, () (7)) this rearranges to

Ty (o) ()| (0, )| @z (V' [v) = Ty () (2) [ (v, ) | Qzz (—0]0"),

as required.

D Additional Simulation Results

Figures show trajectories for the Bouncy Particle Sampler, the Coordindate
Sampler and the Zig-Zag Process for dimensions d = 2, 10, 100 for the sampling
from a Gaussian restricted to a cube. Figure [6] shows trajectories for the Zig-
Zag Process if we use the canonical basis — in this case the distribution of all
coordinates are independent, and the Zig-Zag Process benefits from this by
being able to run independent dynamics for each coordinates.
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Figure 3: Example trajectories for the Bouncy Particle Sampler for simulating
from a d-dimensional Gaussian distribution restricted to a cube, for d =2, 10,
100; and for different transitions on the boundary. For d = 10, 100 we show the
dynamics for the first two coordinates only. The different transitions correspond
to the limiting behaviour, Qppg of Section (top); using a single Metropolis-
Hastings step to sample from [, (middle); and using 100 Metropolis-Hastings
steps to sample from [, (bottom).
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Figure 4: Example trajectories for the Coordinate Sampler for simulating from
a d-dimensional Gaussian distribution restricted to a cube, for d =2, 10, 100;
and for different transitions on the boundary. For d = 10, 100 we show the
dynamics for the first two coordinates only. The different transitions correspond
to the limiting behaviour, Qcg of Section (top); using a single Metropolis-
Hastings step to sample from [, (middle); and using 100 Metropolis-Hastings
steps to sample from [, (bottom).
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Figure 5: Example trajectories for the Zig-Zag Sampler for simulating from a
d-dimensional Gaussian distribution restricted to a cube, for d =2, 10, 100;
and for different transitions on the boundary. For d = 10, 100 we show the
dynamics for the first two coordinates only. The different transitions correspond
to the limiting behaviour, 7z of Section (top); using a single Metropolis-
Hastings step to sample from [, (middle); and using 100 Metropolis-Hastings
steps to sample from [, (bottom).
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Figure 6: Example trajectories for the Zig-Zag Sampler for simulating from a
d-dimensional Gaussian distribution restricted to a cube, for d =2, 10, 100;
and for different transitions on the boundary — using the canonical basis. For

d = 10, 100 we show the dynamics for the first two coordinates only.

different transitions correspond to the limiting behaviour, Qzz of Section [6.2.3]
(top); using a single Metropolis-Hastings step to sample from [, (middle); and

using 100 Metropolis-Hastings steps to sample from [, (bottom).
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