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The bouncy particle sampler is a Markov chain Monte Carlo method
based on a nonreversible piecewise deterministic Markov process. In this
scheme, a particle explores the state space of interest by evolving according
to a linear dynamics which is altered by bouncing on the hyperplane perpen-
dicular to the gradient of the negative log-target density at the arrival times
of an inhomogeneous poisson process (PP) and by randomly perturbing its
velocity at the arrival times of a homogeneous PP. Under regularity condi-
tions, we show here that the process corresponding to the first component
of the particle and its corresponding velocity converges weakly towards a
randomized Hamiltonian Monte Carlo (RHMC) process as the dimension of
the ambient space goes to infinity. RHMC is another piecewise determinis-
tic nonreversible Markov process where a Hamiltonian dynamics is altered
at the arrival times of a homogeneous PP by randomly perturbing the mo-
mentum component. We then establish dimension-free convergence rates for
RHMC for strongly log-concave targets with bounded Hessians using cou-
pling ideas and hypocoercivity techniques. We use our understanding of the
mixing properties of the limiting RHMC process to choose the refreshment
rate parameter of BPS. This results in significantly better performance in our
simulation study than previously suggested guidelines.
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1. Introduction. Assume one is interested in sampling from a target probability density
on R4 which can be evaluated pointwise up to an intractable normalizing constant. In this
context one can use Markov chain Monte Carlo (MCMC) algorithms to sample from, and
compute expectations with respect to the target measure. Despite their great success, standard
MCMC methods, such as the ubiquitous Metropolis—Hastings algorithm, tend to perform
poorly on high-dimensional targets. To address this issue, several new methods have been
proposed over the past few decades. Popular alternatives include the Metropolis-adjusted
Langevin algorithm (MALA) [53, 54], Hamiltonian, or Hybrid, Monte Carlo (HMC) [25]
and slice sampling [44].

Recently, a novel class of nonreversible, continuous-time MCMC algorithms based on
piecewise-deterministic Markov processes (PDMP) has appeared in applied probability [10,
43], automatic control [39], physics [41, 45, 49] statistics and machine learning [6, 7, 14,
15, 47, 57, 61]. Most of the current literature revolves around two piecewise-deterministic
MCMC (PDMCMC) schemes: the bouncy particle sampler (BPS) [15, 49] and the zig-zag
sampler [7]. A practical advantage of the BPS and zig-zag algorithms is that in many mod-
els it is possible to simulate their piecewise linear paths without time-discretization [15]. In
contrast, methods based on either diffusions or Hamiltonian paths require time discretiza-
tion and moreover their performance is known to collapse if the discretization is too coarse.
Despite the increasing interest in these piecewise linear PDMCMC algorithms, our theoreti-
cal understanding of their properties remains limited, although a fair amount of progress has
been achieved recently in establishing geometric ergodicity; see [23, 26] for BPS and [11, 30]
for zig-zag. However, all of these results tend to provide convergence rates that deteriorate
with the dimension and thus fail to capture the empirical performance of these PDMCMC
algorithms on high-dimensional targets.

Scaling limits have become a very popular tool for analysing and comparing MCMC al-
gorithms in high-dimensional scenarios since their introduction in the seminal paper [51];
see, for example, [5, 52]. They have been used to establish the computational complexity of
the most popular MCMC algorithms, which is 0(d?) for random walk Metropolis (RWM),
0 (d*??) for MALA and O(d>/*) for HMC; here computational complexity is defined in
terms of the expected squared jump distance. In this direction, the recent work of Bierkens
et al. [8] has established scaling limits for both zig-zag and global BPS for high-dimensional
standard Gaussian targets. They obtain the scaling limits of several finite dimensional statis-
tics, namely the angular velocity, the log-density and the first coordinate. In this context, it is
shown that zig-zag has algorithmic complexity O (d) for all three types of statistics, whereas
global BPS has complexity O (d) for angular momentum and O (d?) for the other two types
of statistics. Benefits of zig-zag over global BPS are to be expected in this scenario. Indeed,
when applied to a product target, the zig-zag sampler factorises into independent components
and is closely related to Local-BPS (LBPS); see [15, 49]. The standard (global) BPS studied
herein and in Bierkens et al. [8], just like RWM, MALA and HMC, is an algorithm whose
dynamics do not distinguish between product and nonproduct targets.
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In the present paper, we also study scaling limits for BPS on a very general class of targets
that greatly extends the i.i.d. scenario, and its variants, often considered in the literature;
see, for example, [5, 8, 51, 52]. We concentrate on the first coordinate and its corresponding
velocity in a regime which differs from the one considered in [8] in the following three ways:
(a) [8] considers BPS with the location evolving at unit speed, whereas in our scenario the
velocity is Gaussian, therefore with speed scaling like V/d in the dimension; (b) [8] considers
scaling limits for the first coordinate of the location process only, whereas we look at both
location and velocity; and finally (c) [8] rescales time with a factor d, whereas we obtain
our limiting process on the natural time scale. As a result we obtain a different scaling limit
which suggests that BPS has algorithmic complexity O(d>/?) if one is interested on low-
dimensional projections, at least on weakly dependent targets. This is in agreement with the
empirical results reported in [15]. Given the different regimes and different objects studied
in [8] and the present paper, it is not surprising that the two scaling limits differ significantly,
with our bound being tighter and seemingly better at capturing the empirical behaviour of
the process. In [8] the first location coordinate converges to a Langevin diffusion, whereas in
the present paper the process tracking the first location and velocity components converges to
a piecewise deterministic Markov process known as randomized Hamiltonian Monte Carlo
(RHMC). Although the corresponding Fokker—Planck equation was studied in Dolbeault et
al. [24], using a related approach to ours, RHMC was first studied in a Monte Carlo context
in [14].

To the best of our knowledge, our result is the first in the literature establishing a direct link
between BPS and Hamiltonian dynamics. It is our understanding that the Langevin diffusion
obtained in [8] can be obtained from RHMC by a further limiting procedure similar to the
overdamped regime of the Langevin equation. In addition, the assumptions under which our
scaling limit is obtained allow much more complex dependence structures than those con-
sidered in the literature; see, for example, [3-5, 17, 51, 52, 62], where the target is assumed
to factorise or to possess a hierarchical structure. In addition, in the scenario we consider all
dimensions have an impact, in contrast with the Hilbert-space setting; see, for example, [38],
where only a fixed, finite number of dimensions is significant.

The second part of the paper is concerned with the convergence properties of RHMC.
This process was studied in [14] where it was established that it is geometrically ergodic.
However, it is not clear whether such an approach can provide dimension independent con-
vergence rates. The earlier work of [24] studies the corresponding Fokker—Planck equation,
tracking the evolution of densities rather than conditional expectations. In recent years, there
has been great success in obtaining dimension-free convergence rates of MCMC schemes for
strongly log-concave targets with bounded Hessians; see, for example, [13, 20, 27, 28, 37].
In particular, in relation to HMC, the papers [13, 37] use coupling techniques to obtain con-
vergence rates in terms of Wasserstein or total variation distances, but these usually leverage
independent momentum refreshment to obtain a Markov process in the location components
only. We establish here these convergence rates in weighted Wasserstein distance using cou-
pling ideas, and also in L? using hypocoercivity; see, for example, [48, 58]. The rates we
provide may generally not be the optimal ones for specific scenarios. However, the optimal
rates for a specific scenario can be obtained by solving a multivariate optimisation problem.
Dolbeault et al. [24] also uses hypocoercivity, albeit with a much different flavour, and does
not seem to provide explicit rates. After the first version of the present paper appeared online,
the approach of [24] was extended in Andrieu et al. [1] to cover several PDMPs, including
BPS, zig-zag and RHMC. Even more recently, the paper [36] appeared online, proving L2
rates for three PDMPs (BPS, zig-zag and RHMC).

The approach in [24] and [1] is quite distinct to ours. In particular [1] also obtain
dimension-free bounds for RHMC under similar assumptions; their explicit rates have a com-
plex dependency on various parameters of the problem and therefore a detailed comparison



RHMC AND THE BOUNCY PARTICLE SAMPLER 2615

with the explicit rates in our Theorem 5 was not performed in [1]. In Remark 11 we perform
a comparison, and find that in the strongly convex and smooth setting, neither of these two
approaches outperforms the other in all cases, sometimes the bound of [1] is sharper, while
in other scenarios our bound is sharper. Their approach is quite general but much less direct
for RHMC than ours, as they rely on generic results by Dolbeault, Mouhot and Schmeiser.
The approach in [36] is entirely different from [1] and ours, using sophisticated PDE methods
to analyse the Fokker—Planck equations of the PDMP directly. In Remark 11, we include a
detailed comparison with our results. In general, we find that the bounds in [36] for RHMC
are sharper than ours in the condition number M /m, but the constant of proportionality is not
explicitly stated, and might be nontrivial to obtain reasonably small constants.

In addition the bounds of [1] and [36] for BPS suggest that its computational cost scales
like O(d?). This seems to capture the worst case scenario and agrees, for example, with re-
sults [8] for the log-density of the target, which recommends scaling the refreshment rate
with the dimension. Our results suggest that when one is interested in low-dimensional pro-
jections, then it is computationally more efficient to not scale the refreshment rate with the
dimension, achieving computational cost of order O(d>/?). Empirical results in Section 2.5
seem to suggest that this may also be the case for certain classes of functions depending on
all the coordinates, such as the sum of all coordinates. A common scenario where this type of
scaling limit is extremely relevant is, for example, that of Bayesian inference where typically
one may only be interested in estimating the posterior means, variances and covariances of
the high-dimensional state components (this is a set of one- and two- dimensional marginals).
Finally, it is intuitively clear that the log-density will not mix well in a high-dimensional target
for the global BPS; see [8] for a detailed study. We conjecture that the functions that exhibit
this type of behaviour form a low-dimensional subspace of L?(). Recently [9] has obtained
very detailed results on the whole spectrum of the one-dimensional zig-zag process, it would
be interesting if similar results could be obtained for BPS in high-dimensional scenarios.

Apart from the intrinsic interest of the RHMC process, our motivation for studying its
convergence rates is as follows. In the scaling literature for MCMC the limiting processes
are usually Langevin diffusions. These have very well understood convergence rates which,
at least under additional assumptions, are dimension-free. Therefore, in high-dimensions the
cost of running the (time-rescaled) algorithm serves as a proxy for its computational com-
plexity. In our case, the algorithm ran on its natural time scale converges to RHMC, which as
we establish here, also enjoys dimension-free convergence rates under appropriate assump-
tions. Therefore the cost of running BPS for a unit of process time serves as a proxy for its
algorithmic complexity.

The next section contains the statements of the main results of the paper along with neces-
sary notation and definitions. The remaining sections contain the proofs of the main results.

2. Main results.

2.1. Notation. For x € R, let x; = max{x, 0}. Let £ > 1. For vectors u, v € R* we write
|v| and (u, v) for the Euclidean norm and inner product respectively. For matrices A, B €
R**k we write A < B if B — A is positive-definite. For a function f : R¥ > R we write
V f, V2 f for its (weak) gradient and Hessian respectively. When considering functions f =
f(a,b),wherea,b € R, that is, f: R > R, we will write V. f, Vp f to denote the gradient
with respect to the variables ¢ € R¥ and b € R* respectively. Allowing a slight abuse of
notation, for vector valued functions f : RY — R¥, we will also write V f for the Jacobian
matrix of derivatives.

For Z = RK, with k € N, let Co(Z) denote the space of continuous functions f : Z +— R
that vanish at infinity. Recall that Cy(Z) is a Banach space with respect to the || - ||co norm,
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which is defined as usual through || f ||oc = sup | f|. Also let CZ°(Z) be the space of infinitely
differentiable functions f : Z > R with compact support.

For a measure 7 on Z, we will write L2 (r) for the usual, real Hilbert space, and (-, -), | - ||
to denote the inner product and norm in L?(ir) respectively, whereas L(z)(n) will denote the
orthogonal complement of the constant functions, that is, functions with mean zero under the
distribution 7. Finally for f: Z — R4 and g:Z— RY, with d > 1, we also write

(f.g) = / 7(d2) (f(2). 8(2)).

It will be clear from the context whether (-, -) is applied to R— or R?-valued functions. We
also define

H' :=H'(n):=|h e L}(n): Vih, Vyh € L* (7)),

the Sobolev space of centred functions in L?(;r) with weak derivatives in L2(r) and for
f.g € H' () we will denote the inner product and norm on H' () with (-, -)) Hi(r) and
Il - | g1 ) respectively, where

(f, 8N 1y = (Vi fs Vig) + (Vi f, Vi g).

2.2. The bouncy particle sampler. Let Z:=R x R and for n > 1, define the Borel prob-
ability measure 7, (dz) on 2" with density w.r.t. Lebesgue measure given by

70 (2) = 7, (x, v) X exp{—Up,(x) — |v|2/2}, (x,v) e Z",

where U, : R" — R is a potential.

For (x,v) € Z", define

(VUn(x),v)
VU, (x)[?
The vector R, (x)v can be interpreted as a Newtonian collision on the hyperplane orthogonal
to the gradient of the potential U,,, hence the interpretation of x as a position, and v, as a

velocity.

The bouncy particle sampler (BPS), first introduced in [49] and in a statistical context in
[15], defines a m;,-invariant, nonreversible, piecewise deterministic Markov process (PDMP)
{Z,(t):t >0} ={(X (@), V(1)) : t =0} taking values in Z" whose generator 4,,, for smooth
enough functions f : Z" > R, is given by

Ay f(x,v) = (Vf(x,v),v) +max{0, (VU,(x), v)}[R.f(x,v) — f(x,v)]
+ Aref[ Qa.n f (x,v) — f(x, )],

2.1 R,(x)v:=v—-2 VU, (x).

where

9%I’lf(x’ v) = f(x’ Rn(X)U),

/” eflglz/zf(x, av+4/1—a?§)dE,

Ounf (8. 0) 1= s
for 0 <« < 1 and a positive refreshment rate Arr > 0. We also write Z, (1) = (Z,gl)(t), e,
Z,(l")(t)) where Z,(,k) ) =X ,(1k) (1), Vn(k) (t)) € Z is the kth component. The original formula-
tion of the BPS algorithm corresponds to o = 0, that is, refreshment occurs independently.
The generalization o > 0 [57] consists in refreshments that are performed according to an
auto-regressive process.
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2.3. Randomized Hamiltonian Monte Carlo. 'We define here RHMC as this is the process

we will obtain as the weak limit of Z,(,l)(t) = (X,gl)(t), Vn(l)(t)) € Z as n — 00. Define the
Hamiltonian

(2.2) H(x,v) = W) +vl/2,
for (x, v) € Z and the corresponding probability density on Z
(2.3) 7(x,v) =7 (x) - ¥ (v) xexp]—W(x) — [v]>/2}.

The Hamiltonian dynamics associated to (2.2) is an ordinary differential equation in Z of
drift (Vy,H, -V, H) = (v, —VW). The RHMC process, denoted {Z; : t > 0}, can then be
defined following Davis ([22], Section 24) as a PDMP with deterministic dynamics given by
Hamiltonian dynamics with respect to H, fixed jump rate Arf > 0 and jump kernel

(2.4) Ou f(x,0): fe—'flz/zf(x, av +4/1 — a2t) dt,

= (27.[)11/2
for some 0 < a < 1. We will write { P" : t > 0} for the semigroup corresponding to {Z; : t >
0}, that is,

P'f(2)=E[f(Z)|Zo=2].

It has been shown, [14], that RHMC admits 7 as an invariant distribution.
It can also be shown that for f € C2°(Z2), the generator of the semigroup {P’ : t > 0} is
given by

2.5 Af G, v) = (Ve fv) = (Vo fy VW) + dref[ Qa f (x, v) — f(x, 0)].

The refreshment is done in an auto-regressive manner. From now on, we will restrict our-
selves for BPS and RHMC to 0 < o < 1. The reason for using « > 0 is that it allows us to
establish the Feller property which greatly simplifies the rest of the proofs. Since the autore-
gressive process mixes exponentially fast there is no loss in terms of mixing potentially at the
cost of more frequent refreshments, something which has also been observed empirically.

REMARK 1. As one of the referees kindly suggested, one may attempt to couple the pro-
cess with o = 0 with the process at «,, = o(1) in order to extend the result to the case o = 0.
Unfortunately, the obvious line of attack requires one to couple the full n-dimensional veloc-
ity vector at refreshments, so the maximal coupling deteriorates with the growing dimension;
this approach would require a quantitative version of Theorem 1. It is possible that a different
coupling can be used, but we did not pursue this issue further.

2.4. Main results.

2.4.1. RHMC as scaling limit of BPS. Before stating our weak convergence result,
we will make some assumptions. We consider a sequence of targets w, on R" x R”
where 7, (x, v) = 7, (x)¥, (v), with i, a standard n-dimensional Gaussian and 7, (x) =
exp[—U,(x)] for a sequence of potentials U, : R" — [0, co) satisfying the following as-
sumptions.

ASSUMPTION 1. The potential U,, € C*(R") is m-strongly convex with M-Lipschitz
gradient
(2.6) ml < V*U,(x) < MI, xeR" with0<m <M < oo,
and U,, achieves its minimum at 0, that is, U, (0) =0 and VU, (0) = 0.
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ASSUMPTION 2. The marginal density of the first component of 7, is fixed and is given
by

f(x) :=/7_[n(xsx2:n)dx2:n-

We assume that f(x) = exp[—W(x)] for a potential W € C*(R; [0, c0)) such that
limy| 5 00 W(x) = 00 and

/e—W<x>(|W“(x){ + W (@)]%) dx < oo.

Let {Z; : t > 0} be the RHMC process with potential W and write A for its generator given
in (2.5). The following theorem is our first main result.

THEOREM 1. Suppose Assumptions 1 and 2 hold, 0 < o < 1, et > 0 and that the BPS
process {Z,(t) : t > 0} is initialized at stationarity, that is, Z,(0) ~ m,. Then the process
{Z,(,l) (t) :t = 0} corresponding to the first location and velocity components of the BPS pro-
cess converges weakly to the RHMC process {Z; : t > 0} as n — o0.

We would like to stress that there is no time-rescaling in the above result, and that the
sequence of targets is not assumed to factorise into independent components, or to converge
towards an infinite dimensional measure as the dimension n — oo.

REMARK 2. Notice that Assumption 1 allows for the standard scenario where the target
factorises in n i.i.d. copies which corresponds to U, (x) = Y%, U(x;), for an m-strongly
convex potential U € C?(R) with U” < M. Indeed in this case the Hessian matrix is diagonal
and given by (V2U,(x)) i,j =U"(x;)8; j = 0. This was the scenario considered in an earlier
version of the present paper. In fact, in this i.i.d. scenario the convexity assumption can be
removed and the upper bound on U” can be replaced by an upper bound on U® for any k,
at the expense of additional technical complexity.

REMARK 3. From the proof (in particular, the bounds (3.14), (3.15), (3.16), (3.17),
(3.18)) it is clear that the result remains true when m, M in Assumption 1 are allowed to
depend on n, if in addition we assume that

M, M3
Mmun — 00, m—":o(nl/4), ﬁ:o(nl/z),
n
27 3 2 1/2 '
My ip My n
—5 =o(n'’?), — =0 ———7 ).
m; my (log(n))

REMARK 4. Scaling limits for non i.i.d. targets have appeared in the past. Bédard [3]
studied targets that factorise into independent, but not identically distributed components;
results on hierarchical targets can be found in [4, 62] and references therein. The case of
Gibbs measures with finite range interactions was studied in [17]. Mattingly et al. [38] proved
that a sequence of algorithms targeting finite dimensional projections of a measure admitting
a density with respect to a reference Gaussian measure on a Hilbert space, converge to a
Hilbert space-valued stochastic differential equation.

REMARK 5. To illustrate Theorem 1 in Figure 1 we have plotted the paths of the BPS
process and the equi-energy contours of the Hamiltonian corresponding to the deterministic
dynamics of RHMC. The target distribution has potential U (x) = >_1"_; |x; /2 and we have
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x, andv  versus Hamiltonian contours, d=10, b=2 x, andv _ versus Hamiltonian contours, d=100, b=2
3 3

-2 =1 =l -0.5 0 0.5 1 15 2 ’ -2 =12 -1 -0.5 0 0.5 1 15 2
v, 4
(a)b=2,d=10 (b) b=2,d =100
X, and v , versus Hamiltonian contours, d=10, b=4 X, and v 4 versus Hamiltonian contours, d=100, b=4
3 3

o0
-1
2
3 £
2 15 -1 05 0 05 1 15 2 2 15 -1 05 0 05 1 15 2
Vi Vi
(¢)b=4,d=10 (d) b=4, d=100

F1G. 1. Convergence of the BPS process to RHMC in high dimensions for U (x) = |x|b/2.

tested two values of b, b = 2 (Gaussian) and b = 4. These figures show the first coordinate
of the position and velocity vectors. As we can see, as the dimension increases, the paths of
BPS indeed appear more and more similar to the contours of the Hamiltonian.

REMARK 6. Theorem 1 can be straightforwardly extended to any fixed, finite number of
coordinates d > 1. In this case the limiting process will be RHMC in R¢ x R¢ with respect
to the potential W : R? — R given by

W(x) = — log / Fon (X X 1) AXapim,  x € R,

with W satisfying a d-dimensional version of Assumption 2.

Sketch of proof. 'The full proof of this result is quite lengthy and will be given in Section 3.
However, we now give the key idea without going into technical details, for the simpler i.i.d.
scenario where U, (x) = >_1'_, U(x;), for U : R — [0, 00). In this case the limiting process
has potential W = U. Under the assumptions of Theorem 1 let Z,, = (X,, V,) ~ 7, and
let f:R x R — R be smooth. We now consider the generator A, of BPS targeting 7, and
the generator A of RHMC targeting 7, the marginal of the first location momentum pair
under 7, applied to the function f. By inspecting A, (f), A(f) we find that the terms cor-

responding to the deterministic flow of BPS and the refreshment events coincide exactly with
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corresponding terms in .A( f). We therefore only have to consider the term corresponding to
the “bounce events”, that is,

(VU(X), V)
IVU,(X)|?
and show that on average it is close to —(V, f, VU) = —U’(X1)9, f (X1, V1).

To see why this is true, after a Taylor expansion we can see that the bounce part of the BPS
generator is close to

max{0, (VU, (X), V)}[f(xl, Vi—2 U/(Xo) — f(X, vl)},

a0 f (X1, VDU (X1).

(VUL(X), V)] (VU(X), V)
—2max{0, }

VUL (X)] VU (X)|
Looking closer one can see that
(VU(X), V) _ i U (Xn)Vi
VU, (X)] />, U’(X,-)z’
and since the (V;); are i.i.d. standard Gaussians it is easily seen that
"L U(X)V;
V iz U(Xi)?
It now seems plausible that, letting & ~ N (0, 1), we have
(VU,(X), V)
IVU.(X)|?
~ —2E[max{0, £}£]9, f (X1, VD)U'(X1) = =3, f (X1, VU (X1) = = (Vu f, VU).

(X)), ~N(@©,1).

E{maX{O, (VU (X), V)}[f(Xl, Vi—=2 U/(X1)> — f(X1, Vl):“Xl, Vl}

2.4.2. Dimension-free convergence rates for RHMC. We consider the RHMC process on
the target

(%, v) =7 (x) - ¥ (v) xexp|—U (x) — [v|*/2},

defined on Z :=R? x R¥ for 77(-) a strongly log-concave target distribution on R¢ having
a potential with bounded Hessian. This is a standard assumption adopted in [13, 20, 27, 28,
37].

ASSUMPTION 3. Assume that U € C%(R?) and that for some 0 <m < M, and all x, v €
Rd

(2.8) m(v,v) < (v, VU (x)v) < M(v, v).

The following proposition, whose proof is given in the Appendix, shows that the expected
number of bounces per unit time for BPS in stationary distribution is O (Vd).

PROPOSITION 2. Suppose that @ (x)  exp(—U (x)) is a probability density on R?. Then
the BPS process on Z targeting ® Q@ Y and initialized at stationarity, has the following ex-
pected number of bounces per unit time:

Ap =Exmn v~noin[(VUX), V)],

for any choice of refreshment rate At and auto-regressive parameter «. Moreover, if m sat-
isfies Assumption 3, then we have

«/m(d—1/2)<A _VMd
Nz N

(2.9)
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Wasserstein distance. Fort > 0,let ZWD (1) = (XD (1), VD (1)) denote a path of the RHMC
process. We couple this with another path Z D) = (XD (1), VA (1)) such that their refresh-
ments happen simultaneously and the same multivariate normal random variables are used
for updating their velocities. Therefore the difference between the paths Z My and ZP ()
stems only from the different initialisations. Then the coupled process (Z D@, Z@@)) is
Markov and we write L > for the corresponding generator. Notice that the 2 x 2 real valued
matrix

(2.10) A= (Z b) ,

c

is positive definite, denoted A > 0, if and only if a > 0, ¢ > 0 and b* < ac. For such a matrix,
let

d3(Z1(1), Z2(0))
=a|XP @)= XV0)|* +26(XP 1) — XD2), VP (1) — v ()
+c|vP@) - vOo)?

denote a distance function called weighted distance. It is equivalent up to constant mul-
tiplicative factors to the standard Euclidean distance on R?? and the standard Euclidean
distance corresponds to the special case a = 1, b =0, ¢ = 1. However, due to the effect
of the generator L on di(Zl(t), Z>(1)), it will never be a contraction when b = 0, and
thus weighting this distance is essential for obtaining convergence rates. Note that for ev-
ery p > 1, the W),-Wasserstein distance of two distributions vy, vz on R24 is defined as
Wy, (v, v2) = (infx,~y; x50, E(1 X7 — X2|1’))1/P, where the infimum is taken over all cou-
plings with marginals vy and v,.
Our main result in this section is the following.

THEOREM 3. Suppose that 0 <« < 1, Assumption 3 holds and let
1 (1—a)m (14+a)m am
ot = (W= S e - .
ref 1—062( VM +m ’ VM +m  2(M +m)

Then there exist constants a, b and ¢ depending on m, M and «, stated explicitly in (4.8),
such that the corresponding matrix A is positive definite, and for any t > 0 we have

(2.11) L12d3(Z1(1), Za(0)) < —p - d3 (Z1(1), Za(1)).

This directly implies that for any initial distribution v on R*", for all t > 0, we have the
following bounds on the 2-Wasserstein distance to the stationary distribution:

3/2

(2.12) Wa(P'v, m)? < Cre M Wa(v, )2,

__atcta/(a+c)2—4(ac—b?) 2
for Cy = ateater tacbD)’ Moreover, for every f € Ly(w), forall t >0

(2.13) | P'£]|* < min(Ce™™, 1)|| £1I°,

ac+b*+2vach?

where C = 0

REMARK 7. Due to the nonreversibility of RHMC, the convergence rates in Wasserstein
distance do not directly imply bounds on the asymptotic variance for every function in L> (),
but only for Lipschitz functions. The argument for extending this contraction rate to all of
L?(7), can be found in the second half of the proof of Theorem 5. This is based on the fact
that Lipschitz functions are dense in L2(7).
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REMARK 8. These results seem to suggest that choosing « close to 1 increases the con-
vergence rate (o approximately by a factor of 2, at the expense of a higher refreshment rate.
Hence in practice some tradeoff needs to be made between additional computational cost and
the increased convergence rate. By Proposition 2, we know that the rate of bounces according

to the stationary distribution is at least —me;i_—l/2) which will be significantly higher than the

rate 2(2«/ +m— E}ﬂ) in high dimensions, provided that,/Mer = 1 R a2 < 1.

The ch01ce o = 0.9 is reasonable in most scenarios.

REMARK 9 We have been able to verify using Mathematica that if M/m > 5, and we
choose Aref < i M+m— 4= O‘)m) (half the value recommended in Theorem 3),

then the contractlon (2 11) cannot hold for any choice of a, b and c. In general, if we
choose Aref = a7 VM +m — i}ﬂ) for some r > 1 (i.e., r times the refreshment rate

recommended in Theorem 3), then it seems based on extensive experiments that the rate
w= %((\}L‘ﬁﬁ — 2?’1&’1;)) is attained (i.e., i drops by a factor r); no values of a, b and ¢
result in double the same rate. Obtaining a formula that describes sharp rates u for a general
choice of Arr seems difficult with our method of proof, as the inequalities that need to be
checked in this case depend on many variables, and the calculations become intractable. We
include in the electronic supplementary material Mathematica code that checks, for given
values of m, M, a, Aef, p, Whether there exist a, b and ¢ such that (2.13) holds, and returns

a possible choice of these parameters if they exist.

As we shall see in the next proposition, it is possible to obtain faster convergence rates, that
is, larger u, for Gaussian target distributions. For this result, we consider a weighted distance
of the form

(2.14) d3(Z1(t), Za(1)) := (Za(t) — Z1(1), D(Za(t) — Z1(2))),

where D is a real valued 2d x 2d positive definite matrix.

PROPOSITION 4. Suppose that 7 is Gaussian and its inverse covariance matrix H sat-
isfiesml < H<MI. Let

2 /m Jm
Aref = > n=—="-
l -« 3
Then there exists a 2d x 2d real valued matrix D such that for any t > 0 we have
(2.15) L12dp(Z1(0), Zo(1)) < —p - dp(Z1(0), Z2(1)).

Moreover, for every f € Lg(n), we have

(2.16) | P £]* < min(Ce", 1)|| 1%
ac+b2+ZVacb

where C =
ac—b?

Hypocoercivity. Our next convergence result is based on the hypocoercivity approach; see,
for example, [24, 32, 42, 55, 58]. Our result will be stated in terms of the modified Sobolev
norm {(k, h)'/2, where

2.17) (h, 1)) :=a|| Vyh||* = 2b(Vch, Vyh) + c|| Vih|)%,
which again for a, ¢ > 0 and b < ac defines a norm equivalent to the H' norm. In particular

following the calculations in [58], by Young’s inequality we get

(1 + l—')[a||Vvh||2 eIVl = (k) > (1 _

Jac ﬁ)[auv hII> + ¢l Vxh]*].
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By the Efron—Stein—Steele inequality [56] and the fact that 7 (x, v) =7 (x)v (v) is the prod-
uct of two independent distributions, we have

171> = Vary (h) < Vary, (Ez(h)) + Varz(Ey (1)),

for any h € L(Z)(n). Now by using the Poincaré inequality [16] and the strong log-concavity
of the distributions 77 and v, it is not difficult to show that
allVoh|* + c|Vih|? = a - 1 - Vary (Ex(h)) 4 ¢ - m - Varz(Ey (h)) > min(a, cm)||h]|>.

Therefore convergence in the (-, -)) norm implies convergence in L%(n).

THEOREM 5. Suppose that Assumption 3 holds and let o € [0, 1) and
1 (1—-a)m 14+ ao)m am
bt = ——— (2B T — 7) - - -
ref 1—a2( VM +m = Mrm  2(M+m)

Then there exist constants a, b, ¢ depending on m, M and « such that a > 0, ¢ > 0, b? < ac,
and for every f € D(B) C H'(7) C L(z)(n), with B, D(B) as defined in (5.1),
d

(2.18) a((P’f, P f) < —u(P' f, P'f).

Moreover, for every f € L%(n) and t > 0, we have

32

(2.19) | P'£]|* < min(Ce™™, 1)|| £1I°,

ac+b*+2vach?
ac—b? '

where C =

REMARK 10. Although (2.18) only implies variance bounds for functions in H', we are
able to extend this to functions in L2(7) in the second half of the proof of Theorem 5, given
in Section 5.2. As our rates are the same as in Theorem 3, the optimal choice of « can be
done as discussed in Remark 8.

Since the first-coordinate process of BPS converges to RHMC, whose mixing we estab-
lished above, in the natural time-scale the computational cost of running BPS for one time
unit serves as a proxy for its algorithmic complexity. This cost is proportional to the num-
ber of total events per time unit, including bounces and refreshments. Proposition 2 shows
Vm(d—1/2)

2T’
which is much larger than the expected number of refreshments (i) if the refreshment rate
is chosen as recommended by Theorems 3 and 5 (as long as M/m <« d and « is not too
close to 1). Therefore in these cases it is justified to choose Arf in order to maximize the
contraction rate u of the limiting RHMC process.

Since each bounce has a computational cost of order O(1) in terms of gradient evalua-
tions, our results suggests that BPS scales like O(d'/?) in gradient evaluations under our
assumptions. This is the scaling observed in the simulations presented in the next section.

that the expected number of bounces per unit time under Assumption 3 is at least

REMARK 11. We state here the rates for RHMC obtained by [1] and [36] under the
same set of assumptions on the potential, that is, mI; < ViU (x) < M 1;. Both papers show
L? bounds of the form

|P || < Ce ™| fIl forevery f e Li(n).

The convergence rate w in [1] in this setting is shown to satisfy the inequality «(eg) < u <
3a(€p). After some calculations with Mathematica, we were able to show that

2 2

’Z—Oga(eo)g’% forO<m <1 and 0.03<a(e) <0.11 form> 1,
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when the optimal choice of refreshment rate is chosen as

opt 88— 272+ 43
ref — ﬁ

Assuming o = 0 (no autoregressive part in the velocity refreshments), our results yield

A ~ 8.5583.

m m
= ——— for the choice Apef =2vVM +m — ——.
# vM A+ m h VM +m
We can see that for large values of M /m, the convergence rate of [1] is sharper, while for
smaller values, our rates are sharper. We note that the conditions in [1] are quite general,
and only require a Poincaré inequality, hence they are applicable even without strong con-

vexity. [36] shows that for RHMC, the convergence rate is u = @(Wiﬁﬁz), which is

maximized when Agf = ©(4/m), yielding u = © (y/m). The dependence of these results on
the parameters m, M improves upon [1] and our paper, but the constant of proportionality is
not known.

In the case of BPS, both [1] and [36] shows rates of the form u = G)(\/c_l). The depen-
dence on the parameters m and M is sharper in [36] compared to [1], but the constant of
proportionality is unknown. In contrast with these results, our high-dimensional limit argu-
ment (Theorem 1) shows that for functions that only depend on a single coordinate (or on
a fixed number of coordinates), in high dimensions, the convergence occurs according to a
dimension independent rate © as long as we choose the refreshment rate appropriately, at
Aref = ©(1). This is useful in particular for situations where we are interested in estimating
the posterior mean.

2.5. Empirical results for different functions. In this section, we show some simulation
results about the computational cost of the BPS for a d-dimensional standard normal target,
and seven different test functions defined as follows:

fi(x) =x1 (first coordinate),

d
Hrx) = in (sum of all coordinates),
i=1
d—1
frlx) = Z sin(x; + x;+1) (a sum of sines depending on two component each),
i=1

fa(x) =|x| (radius),

|X|2 d xiz '
fs(x) = > = > > (log-density),

i=1
fo(x) = x12 (square of first coordinate),
f1(x) =x1x2 (product of first and second coordinates).

In order to estimate the effective sample sizes, we have run 100 parallel BPS simulations with
10° events per simulation, starting from the Gaussian target distribution. The autoregressive
parameter o was set as o = 0. Figure 2 shows the number of events required for one effec-
tive sample for dimensions d = 10, 100, 1000 and 10,000 for these seven functions, with
refreshment parameter choices A.f = 1 (as suggested by Theorems 3 and 5) and Apef = Jd
(as suggested by [8] and Table 1 of [1]). The number of events is a correct proxy for the
computational cost as each event requires one gradient evaluation (see Section 2.3 of [15]



RHMC AND THE BOUNCY PARTICLE SAMPLER 2625
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FI1G. 2. Number of BPS events per effective sample for 7 different functions for standard Gaussian target as a
function of the dimension, with two different scalings of the refreshment rate Aref in terms of the dimension.
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for the description of the implementation of BPS for Gaussian targets). As we can see, if the
refreshment rate is chosen as A.f = 1, these simulation results show 0(\/3) scaling in the
number of events required for an effective sample for all of the functions except the radius
and the log-density (fs and f5). In contrast, the choice Aper = Jd seems to require signifi-
cantly more events per effective sample, with O (d) scaling observed empirically. In the cases
of the radius and the log-density, the choice At = +/d still seems to require O (d) events per
effective sample, while A = 1 is doing worse, approximately O (d*/?) events per effective
sample is required. The scaling limits for this function were studied in [8], who has recom-
mended choosing At = O(+/d) to obtain the best mixing for the log-density, consistently
with our empirical results.

To sum up, we can see that if the goal of the simulation is to estimate the posterior mean
or posterior covariance matrix, or other quantities only depending a small subset of the co-
ordinates, then choosing Arer as recommended by Theorems 3 and 5 yield good empirical
performance (O (+/d) scaling in the number of events required for an effective sample). For
functions depending on all of the coordinates the situation is more complicated, and the best
choice of A is strongly function dependent in this case.

3. Proof of weak convergence result—Theorem 1. The proof will be based on a se-
quence of auxiliary results. First we will show that the RHMC semigroup { P’ : ¢ > 0}, acting
on the Banach space Cy(Z) with the sup-norm is Feller, and that the space C°(Z2) is a core
for its generator given in (2.5), in the sense that CZ° is dense in D(A) with respect to the
norm || - || := || flleo + A f lco- This, and a sequence of auxiliary results, will allow us to
apply [29], Corollary 8.6, to prove Theorem 1.

3.1. Feller property. Recall that in the context of Theorem 1, we have d = 1 and Z = R?.
A Markov process taking values in Z, with transition semigroup { P’ : r > 0}, is called a Feller
process and { P’ : t > 0} a Feller semigroup, if it satisfies the following two properties:

Feller property: forallz > 0and f € Cy(Z) we have P’ f € Co(Z), and
Strong continuity: ||P’f — fllecoc — 0ast — 0 for f € Co(2).

PROPOSITION 6. Suppose that W : R +— [0, 00) is continuously differentiable and
limy| o0 W(x) = 00. Then the RHMC process {Z;};>o with generator A given by (2.5)
with Hamiltonian H(x,v) = W(x) + |v|2/2, a € (0,1) and At > 0 is a Feller process. If
in addition W € C*°(R), then C°(R) is a core for its generator.

Note that a more technical approach proposed recently in Holderrieth [33] requires weaker
assumptions.

3.1.1. Proof of Proposition 6. Before we proceed let us first define the resolvent operator
for A >0

R f(2) ::/0 e—“PSf(z)ds:/O e MR f(Zs)]ds.

The proof will proceed as follows. First we will first show that R, : Co(Z) — Co(Z), and
then use [12], Corollary 1.23, to establish that { P’ : # > 0} has the Feller property, that is, for
all 1 >0 P': Co(Z) — Co(Z2). Once the Feller property is established by [12], Lemma 1.4,
to prove strong continuity, it suffices to prove the weaker statement P’ f(z) — f(z), for all
f € Co(2) and z € Z. We now establish this property. Let T1, T», ... be the arrival times of
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the jumps. Then we have for 4 > 0
PP fR) — () =E[f(Zn)] - f(2)
=E*[f(Zn)UT1 = h}] — f(z) + E*[ f(Zp)L{T\ < h}]
= f(E(h, )" — f(2) + €,

where we write E(z, t) for the solution of the Hamiltonian dynamics at time ¢ initialized at

70 = z. Itis well known thatif H : R x R — R is continuously differentiable everywhere then

E(z, s) is well defined for all s > O (see, e.g., [18], Theorem 1.186), H(E(z, s)) = H (z) for

all s > 0 and E(z, h) — z as h — 0. Since f is bounded it easily follows that as 4 — 0
EL= 1 flloo(1 —e ") — 0.

Since E(z, h) — z as h — 0, the result follows.

Proof of the Feller property. From [19], equation (2.6), we know that we can express the
resolvent kernel as follows for a measurable set A:

w .
3.1 Ri(z, A) =3 I K,z A),
j=0
where
o0
(32) Kz A) = /0 eIy (B (2, 5)) ds,
o AS—A
(3.3) Ji(z, A) = A Apee” 5T et Qa(E(Z, s), A) ds,

with E(z,s) = E((x, v), s) as defined above.
We will now show that R, f € Co(2) for any f € Co(Z). This follows from the next
result.

LEMMA 1. W e CHR; [0, 0)), W(x) — oo as |x| — oo and let f € Co(2). Then, for
any A > 0, we have J, f, K, f € Co(Z) and || Iy f lloo < Aref/ (A + Aref) || f lloo- In particular

Rif =Y JiKif € Co(2).
j=0

PROOF OF LEMMA 1. Let A > 0 and let us first look at K, . Suppose now that f € Co(Z)
and that z,, — z. Then

K. f(2) — Ko.f (zn)] Sfo Arefe M| £(B(2,5)) — f(B (2, 8))|ds — 0,

by the bounded convergence theorem, since f is bounded and the functions s >
| f(E(z,5)) — f(E(zn,s))| vanish pointwise by the continuity of f and the continuous de-
pendence of the solution {E(z,s) : s > 0} on the initial condition; see, for example, [18],
Theorem 1.3. This establishes that K f is continuous.

Next we prove that K f vanishes at infinity. Let € > 0 be arbitrary. Since W (x) — oo as
|x| = oo, the level sets Hy :={z: H(z) < L} are compact and Z = J;.ofz: H(z) < L}.
Therefore we can find L = L(€) such that | f(z)| < € (A + Aes) for z ¢ H . For all such z,
since H(E(z,s)) = H(z) for all s > 0, we have that

Kf @< [ (@) ds

o0
< €(A+ Aref) /0 e M ThetS g — ¢

Thus we conclude that for all A > 0 we have K : Co(Z) — Co(2).
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Now we move on to J,. First notice that for any f € Co(Z) we have Q, f is also contin-

uous. To see why let z, = (x,, v,) = z = (x, v) and notice that as d =1

|Q0lf(zl’l) - QOlf(Z)|

1 o]
< oo =) o 1= 0 o0
2w J—o00

by the bounded convergence theorem, since f is continuous and bounded, and therefore Q f
is continuous. Next, for any § > 0 we can choose a compact set Ks such that | f(z)| < § for
z ¢ Ks. In particular, since K is compact, for any § > 0 we can also find M;s > 0 such that

K5 C{(x,v):|x], [v] < Ms}.

Fix € € (0, 1/2) and choose z¢ such that ®(z.) = 1 — €/2, where ® is the cumulative distri-
bution function of the standard normal distribution. Then

[0 f @] <€l flloe + J_/ L

Then for all z = (x, v) and & such that x| > M, |v| > (M + z¢) /o and |&] < z. we have

|av+vl—a2$|2a|v|— 1_a2|$|Za|v|_|$|zM€+ZG_Z6>M€-

Therefore for such z we have that

|Qaf(@)] <€l flloo + \/%_n /;:e_zjf(x,ozv +4/1— a2$)|e_52/2d§

£ (x, v+ /1 — a2)[e 572 dk.

€ Ze 2
<t —= [ Fra
It =] 5

and since € > 0 is arbitrary it follows that Q f € Co(Z2).
Observe that Jy, f(2) = AwefK) Qu f (2). Therefore if f € Co(2), since we have already
shown that Q : Co(Z) — Co(2) and K, : Co(Z) — Co(2), it follows that J, f € Co(2).
Finally, since clearly || Qo f(E(z, $)) lloo < || flloo

00
f() )‘-refe_)\s_}hrefs Ouf ( E(z, s)) ds

[ /5 f lloo = sup
z

o0
< /0 hrete ™0 | 0 £ (B2 s))Hoods

o0
< 2 e*)\S*)LrefS dS ,
_/0 et 1/ oo HMG 1 oo

and since A > 0 we can see that this is a strict contraction. From this, it follows that the
sequence

n .
> Il Ky
j=0

is Cauchy in the Banach space (Co(Z2), || - ||so), Whence the conclusion follows. [

C° is a core. Define the semigroup {Q' : t > 0}, where for each t > 0 Q' : Co(2)
Co(2) is defined through Q' f(z) = f(E(z, 1)), with E(z, t) denoting as before the solution
of the Hamiltonian dynamics started from z at time ¢. It can be easily shown that the generator
of Q' is given for f € C°(2) by

Bf(x,v) = (Vi f,v) = (Vo f, VU (x)),

that is the first two terms of the generator A of RHMC.
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Let f be supported on a compact set K. By our assumptions on the Hamiltonian H, there
exists L > 0 such that K € Hy := {(x,v) : H(x,v) < L}. Letting z ¢ Hj, for all t > 0,
we have by definition H(E(z,1)) = H(z) and thus E(z,t) ¢ H. Therefore Q' f will have
compact support.

Notice next, since W € C*°(R), that for any ¢ > 0 the mapping z — E(z, t) is infinitely
differentiable; see, for example, [18], Exercise 1.185. From this and the above discussion we
conclude that for any f € C°(Z) and t > 0 we have Q' f € C2°. Therefore from Davies
[21], Theorem 1.9, and since C2°(Z) C Co(Z2) is dense, we conclude that C2° is a core for
B, and in particular that for any f € D(B), there exists a sequence {f,, : n > 0} C CX°(2)
such that

I fn = fllooc + I1Bfn — Bflloc = 0.
Since the operator Aref[ Qq — I'] is clearly bounded on C(Z2) for any «, it follows that D(A) =
D(B), and that for the sequence { f,,} above we also have

Il fa = flloo + IAS2 — Aflloc = 0,
proving that C2°(Z2) is a core for A.

3.2. Proof of Theorem 1. Recall that we write {Z,(s) : s > 0} for BPS initialized from

7, the generator of which we denote with 4,,, and write {Z,gl) (s) : s > 0} for its first compo-
nent. In addition let

Fli=0{Zy(s):s <t} and G':=c{Z{V(s):5<1).

Let €, — 0 be monotone and to be specified later on. All expectations will be with respect
to the path measure of BPS started from 7,,. We proceed with the usual construction. For
some function f : Z — R, thatis f is a function only of Z,(ll), such that f € C2°, smooth

with compact support, we define

€n
(3.4) E(1) =€ /0 E[f(Z"(t +9))IG"] ds,
(3.5) (1) =€, 'E[f(ZV ¢ + ) = F(ZV )1G7'].
Abusing notation, we will also write f for the mapping Z" - R given by f(z1,...,2n) =

f(z1). We have already established that (A, C2°) generates the strongly continuous semi-
group {P' : ¢ > 0} corresponding to RHMC. To apply [29], Corollary 8.6 of Chapter 4, we
need to check the following:

e Strongly separating algebra: the closure of the linear span of C2° contains an algebra that
strongly separates points; see [29], Section 3.4, for the definition. This is obvious since
C2°(2) strongly separates points and is dense in the algebra Co(Z), since any function in
Co(Z) can be approximated arbitrarily well by functions in C.(Z) by multiplying with,
and then convolving with appropriate mollifiers.

e Generator convergence: for each f € C2°(2) and T > 0, for &,, ¢, as defined in (3.4),
(3.5)

(3.6) sup suIT)]E[|$n(t)|] < 00,
not<

(3.7) sup su[T)E[]qﬁn(t)\] < 00,
not<

(3.8) lim E[|&,() — f(2,"®)[] =0

(3.9) Jim E[[g. (1) — Af (2P 0))[] =0,
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and in addition
(3.10) lim B| sup |60 - £(Z )]} =0,
=0 leQn[o0,T]

and for some p > 1

T 1/p
(3.11) sup IE|:<[O \q‘)n(s)!pds) } < 00.

n—oo

3.2.1. Proofs of equations (3.10) and (3.8). Since condition (3.8) is implied by (3.10),
we will establish (3.10).

First recall that for each n, BPS is nonexplosive. To see why, for each x, v, let L > |v| > 0
and consider

o =inf{t > 0: Z,(t) ¢ B(x, L?) x B(0, L)}.
Letting
";,m =inf{r >0:X,(@) ¢ B(x, Lz)}, o) :=inf{t >0:V,(t) ¢ B0, L)},

n,

we have

=0, 1oy, <oy} +o, 1oy =0, )

X v v X v v
> Loy ;2 <oy} +o, o) n>0, ) =LV,

where the first inequality follows, since on the event {crz2 > o} the maximum speed up to
022 is less than L. Since |V ,(#)| only changes at the arrivals of a homogeneous Poisson
process with rate Arr > 0, it is clear that as L — oo, a,’l{ ; — 00 and therefore 7, 1, — 00.

Fix T > 0. Since BPS is nonexplosive for every n and § > 0 we can find a K, 5 > 0 such
that

P[ sup |Z,(0)] = Kns| <.
t<T+1

For 6, — 0 and by a diagonal argument, we can find a sequence K, s, such that
P sup |Z,(0)] = Ky, ] < 80— 0.
t<T+1
We will write G,, for the event
G, := [ sup |Z,(1)| < Kn,(gn].
t<T+l1
Then we have for €, — 0, to be specified later on,
E[ sup &) — f(Z )]

t€[0,T1NQ

—E] sup e /0 "B (206 + 1) — (20 0)1] dr

Lz€[0,7]1NQ

| }

=E| sup e /En E[E{f(z"(t + 1) — f(Z" )1 F'}IG ] dr
Lre[0,T1NQ 0

| )

<E| sup |e,! f " EE{(F(Z0 + 1) - £(Z9 1)1, | FI G dr
Lte[0,71NQ 0

)

6”_1 '/Oen E[E{(f(Z,(,l)(t + 7‘)) — f(Z’gl)(l‘)))]ng |]_‘tn}|g;1] dr

}

+ IE|: sup
t€[0,T1NQ

=J1+ .
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For the term J we have for p > 1

=20 1B sup Blic;(0!]]
1[0, TN

pl/p
<2 flIoE[( sup  E[1gelg)])"]
(3 12) te[0,7T1NQ

< 2||f||oo%E[E[]ng G117 <2 flloo%E[]lég]l/p

P 1y
=2 —5/P,
Y —

where we used Jensen’s inequality, the fact that for each n, {E[15¢|G/'] 1t > 0} is a G-
martingale and Doob’s martingale inequality.
We proceed with the term J; as follows:

ot [ BRI r) - £ o)

)

ot [ EEI 206+ r) - £ )]

=:Ji,1+ J1,2,

where we denote by rlref(t) the first refreshment time after time ¢. Since refreshment happens
independently we can bound J »

€n
Jia = 2||f||ooE[ sup en_l/ (1 — e heren) g
1€[0,T1NQ 0

We control the term Jq,1 in two steps. To keep notation short we introduce the notation
G (t) == {t[*'(t) > €,}. Then

Ji < IE[ sup
te[0,7T1NQ

x 1, 1{t]" (1) > €, }|F"} 1G] dr

+ E[ sup
1€[0,71NQ

X ]lGn]l{rfef(t) <& |F G ] dr

] <20 loohretén — 0.

Jig1 = IE|: sup
1€[0,T1NQ

! /06" E[E{[f (XD +r), V(¢ + 1)

}

! /(:" E[E{[f (XD @), VO + 1))

—f(xP@. v +m)i,16 ol F G dr

+ E|: sup
1€[0,T1NQ

- f(xP O, vV 016,16, 0| F 1G] dr

} = Ji1.1+ J1.1.2

For the first term, since only the location component changes we have

S = ||axf||ooE[ sup
te[0,T1NQ

€n
e,;lfo E[E{ X +r) — X @)

}

€n
&' [ Ele ViV 0] x 16, Loy |FIG; ] dr

x 16,16, 0| F 1G] dr

- ||axf||ooE[ sup
te[0,T1NQ

]
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where the second inequality follows from the linear dynamics of BPS, since on the event
G/, (1) there is no refreshment event and therefore the norm of the velocity component does
not change. Finally, recalling the definition of the event G,, we obtain

Ji,1,1 S 10x flloo€n Kn,s,, -

Next we have to control the term J; 12 for which we point out that, since there is no re-
freshment event, the velocity will remain constant on the interval [z, t + €, ] unless there is a
bounce. Writing o (¢) for the arrival time of the first bounce after time ¢ we thus have

Ji12

=E[ sup

€n
&' [ EE(LA (o). VO + )
t€[0,71NQ 0

— (X @ VP 0)]1Lo1(1) < enllo, Loy | F G dr

_ ]

€n
<20 flIE| sup ¢! f E[E{L{o1(r) < e} L6, Lar | F2 1G] dr
Lr€[0,71NQ 0

)

€pn
<2071E| sup e [T EE(Lfon0) < )17 )i} dr
Lre[0,71NQ 0

€n
<27 1E] sup et [“E[Ef]:

Lte[0,T]1NQ

(]f:| dr

—exp(— [ (VUK 4 ). Vit +5)), ds)}\ft”} ]

where we dropped the indicators in order to be able to compute the probability of no bounce.
We again decompose according to the event G,, in order to proceed

o [ E[=]
—exp(= [T (VU +9). Vo +9),5) |2,
+20fIE| sup

€n
e ! / E[E{ [1
t€[0,71NQ 0

— exp(— /Oen(VUn(Xn(f +5)), Valt +S))+ds)]]lG5

Ji12

< 2||f||ooE[ sup
t€[0,T1NQ

f,"}

gf} dr

]
]-",”} }

Since the integrand is bounded above by 1, a calculation similar to the one for the term J>
in (3.12) shows that the second term above vanishes as n — 0o, and therefore using the
inequality 1 —exp(—x) < x for x > 0 we have for p > 1

gf] dr

Ji1,2

-1
€n

<csl/ +2||f||ooE[ sup
te[0,71NQ

x/O"E[E{/O"|VU,,(X,,(z+s))||vn(z+s)|ds11(;n

]-'t”} gf} dr

}

< C(grll/P



RHMC AND THE BOUNCY PARTICLE SAMPLER 2633

-1

€n

+2||f||ooE[ sup
1€[0,71NQ

€n €n (1 1
X/O E[E{/O (§|VUn(Xn(t+s))|2+§|Vn(t+s)|2>dsx]lGn

]-"t"} gt"} dr

]

—1

€n

+2C||f||ooE[ sup
1€[0,T1NQ

€n €n
xfo E[EUO (M|Xu(t + )]+ |Vl +)P) ds x 16,

]—"{’}

Q,”] dr

)

since |VU,(x)| =|VU,(x) — VU,(0)| < M|x| by Assumption 1
<csl/p

+ 2CM||f||ooE[ sup
1€[0,T1NQ

€n
&' [ BlCalzaa + 16, G0

)

< COYP +2C| fllooenK 2, -

We choose €, such that ¢, K,f 5 0.

3.2.2. Proofof (3.9). Nextwe prove (3.9). First, by stationarity notice that we can equiv-
alently check

E[|$,(0) — Af(Z(0))[] = 0.

Notice first that f € D(A,), the domain of the extended generator, since f is smooth and
bounded (see [22], Theorem 26.14)

$n(0) =€, 'E[£(Z"(en) = F(ZV (©))I1G7]
= 6;1E|:/06n jnf(zn(s)) dS + Rn(s)‘gg}

€n o~
= en_lE[/o An f(Z,(5)) ds’g(')'],
where we used the facts that R, () is an JF;'-martingale and F}' C G}', whence
E[Ry(5)1G5] = E{E[Ra ()1 75 IG5 } = 0.

We also notice that g, := .Zn fe Dorn(.,zlvn) the domain of the extended generator. Therefore

$u(0) =€ /0 " Elgn(Z(5))G] ds

o €n ~ 5~ ’ n
= [T E[ A2 0) + [ Ausa(Z00) + R 51 00| s

— ! fo G"E[Zn F(Zn(0)) + /0 " Aogn(Zn(r) dr

gg] ds,

where, from [22], Theorem 26.12, it follows that the local martingale {R) (s) : s > 0} is
actually a proper martingale, and therefore using the same arguments as before, for s > 0,

E[R,(5)IGi] = 0.
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Then we have

E[|¢n (0) — Af (2" (0)[] < E[[E[A, f (Zx(0))IG5] — A (ZS" )]
-1 € s n
€, fo IE[/O Angn(Zn(r))dr ]ds
(3.13) <E[|E[A, f(Z,(0))1G2] — Af (2P ()]
+e_1/ / E[|A,8:(Z,(r)|1G2]} dr ds
= E[[E[A, £ (Zx(0)1G5] — Af(ZV (0)[] + Ra,

applying Jensen’s inequality conditionally. Finally by the tower law and by stationarity of
{Z, (¢) : t = 0} when initialized from 7,

‘1/ / E[| A, (Z(r)|1GE]} dr ds

=en—1/0 /O E{|,Z,,g,,(zn(r))|}drds:%E{|ann(zn(0))|}.

Error term. 'We will now control this error term. Recall first that for f € C2°(Z) C D(A,)
we have

+Ef

|

Ay f(x,v) = (Vf(x),v) +max{0, (VU,(x), v)}[R, f(x,v) — f(x, )]
+ Aef[ Qf (x,0) — f(x,0)],

B (VU (), )
R, f(x,v) ._f<x,v 27|VUn(x)|2 VU,( ))

1 g2
Qo f(x,0) = (2ﬂ)n/2fne B2 f(x, cv 41— o28) dE.

Potentially abusing notation, for n > 1 and x € R" we define a mapping R, (x) : R” — R”

through
L (VU).v)
R,(x)v:=v—2 YU, x)P VU, (x),

with the convention that R, (x)v =0, when VU, (x) =0.
We decompose the generator .4, into three parts

Ay =AD + AP + AP

where

AW f(x, v) = %f(x +ro)|

.Aflz)f(x, v) = max{0, (VU,(x), v)}[R, f(x,v) — f(x,v)],
AP f(x,0) = et [ OF (x.0) — f(x.0)].
REMARK 12. Notice that when f is differentiable we have
AL fx,v) =(Vf(x),v),

however, for Afll) f(x, v) to be well defined we only need that r — f(x + v, v) is absolutely
continuous; see Davis [22], Chapter 2.22.

Therefore when considering A, g, = A, Ay fu we will need to consider all possible com-
binations A,S’)A,(ﬂ ) since the operators do not necessarily commute.
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Case i = 1. Using the fact that f(x,v) = f(x1, v1), where we write (x1, v;) for the first
location and velocity components of (x, v), the first term reduces to

d d o0
(1) (D) _4dy _d ;
A ALY f(x,v) dt( f(x),v) By axf(xl + tvg, v)vg o
92 )
=5x2 (x1, vy,

Since f € C°(R x R), it follows that 83 f(x, v) is also continuous and compactly supported
and therefore bounded. Thus
9*f 2
E S L (x®, yOyym
L V)

of

9% f 2
T mrymyz < ‘

S ‘

= 0(1),

‘ o o0

since under 7, V(1 is centered Gaussian with unit variance.
The second term (see Remark 12) takes the form

AL AD £(x, ) = %A,(f)f(x +1v,v)

=0

[Rf(x,v) — f(x,v)]

d
= — max{0, (VU,(x +v), v)}
dr 1=0

d
dr
= J1+ /).

+ —[Rf(x+1v,v) — f(x +1tv,v)]| max{0, (VU,(x),v)}

=0

For J1, since by Assumption 1 VU, is M-Lipschitz
|max{0, (VU,(x + hv), v)} — max{0, (VU,(x), v)}|
< [(VU,(x + hv),v) — (VU,(x), v))| < Mh|v|?,
Therefore we have that, for # € (0, 1)
h~ ! max {0, (VU,(x + hv), v)} — max{0, (VU,(x),v)}| < M|v|* € L' (n),

since the V; are standard normal random variables. In addition since f is bounded it follows
that R f (x, v) < || f|lco- Therefore by the dominated convergence theorem, we can exchange
the &7 — O limit and expectation to obtain

t:OH

<2 flloE| lim 5™ |(VUL(X + V), V) = (VU(X). V)]

w[J1] < 2||f||ooEH%max{O, (VU (X +1V),V)}

<2|| flleME[|V|*] = O(Mn).

For J a lengthy but straightforward calculation shows that

d
59%f(x +tv, v)

t=0

d

= tf(xl + tvg, vy _z(vUn(x‘Flv),v))

VU, (x +1v)]?
(VUn(x), v)
VU, (x)|?

= — nu, t
q 11Uy (x + v))

=0

:axf<x1,v1—2 31Un(x)>v1
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(VU,(x), v) d [ (VU (x + 1v), v)
U0, 1, ) :
VU, (x)] dr\ VU, (x +1v)]

= (Rax f)(x,v)v; — (R ) (x, v) x U(x, ),

—2avf<x1,v1—2 81Un(x+tv)>

t=0

where

U(x,v) = i

(Z(VUn(x +1v),v)
dr

VU, (x + tv)|? HUn (et tv))

t=0

(v, VU (x))31 Up(x) + (VU (x),0) Y a}.,lU,,(x)vj}

- |VUn<x)|2= =

o W 201U, (x)(VU,(x), VU, (X)) (VU (x), v)},

and thus by Assumption 1

|U(x, v)| < [M|VU,@)|[v]*> + M|v|*| VU, (x)|}

2
VU, (x)

+ 2M|VU,(x)]|v]?},

VU, (x)[*
whence
Clv|
VU, (x)]
Clv|
VU, (x)?

|(x, v) max{0, (VU,(x), v)}| < (M|VU,(x)|[v]*> + M|v]*|VU,(x)|}

[M|VU,x)v]?} < CMv].
Thus overall,

d
’59‘{f(x+tv,v)

max{0, (VU,(x), v)}] <18 flloo 0| VU, (%) + CM |3y f ll oo
,_

On the other hand
d 2
AR L) OmaX{O, (VUL (x), o)} < 185 f lloo| VU ()| |0]*.
=l
Thus overall we have that, using the fact that (V1, ..., V},) are i.i.d. standard Gaussians and
Lemma A.3 in the Appendix

7[112] < CE[|VU,(X)|JE[|V?[] + CME[|V ]
<CM'2p3% £ cMn? = 0(Mn¥/?)

and thus we have that 7r[|A,(11)A,(12)f|] = 0 (Mn3/?).
For the final term, since Qf (x, v) = Qf (x1, v1) we have

ADAS £(x, ) = %,Aff)f(x +1v,v)

=0

d
= hret—[Qf (x1 + tv1, v1) — f(x1 +1v1, v1)]
dr =0
= )Mref[Q(axf)(xl + tvy, vp) — Oy f(x1, Ul)]vl»
by an application of dominated convergence. We can easily see from the above that
7lAPAY F1= 0(1) as n — oo.
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Casei =?2. For the first term A,(lz).A,S]) f, notice first that since f(x, v) = f(x1, vi) we have
AN (e, v) = By £ ey, vy =2 (g, v).

Therefore
_ B (VU,(x), v) B (VU,(x),v)
B, 0) = B (1,01 = 20U, ) (= 25T R0 U ) ).
whence
Rph(x,v) —h(x,v) =v[R,0x f (x,0) — 0 f(x, )]
(VUn(x), v)
—2R,0, f (x, v)wallfn(x),
and thus
E[AP AL f(X, V) <E[[(VUL(X), V)| x [Vi] X [Rad f (X, V) = 0 f (X, V)]
(VU (X), V)

< (198405 flloo + 19x f lloo)E[IV| x [ VI{]E[| VU, (X)]
(VU (X), V)?
VU (X)[?
< (19840x flloo + 19x f lloo)E[IV| x [VI]]E[| VUL (X)]

+ 2[R 0 f [l oo B[ |01 Un (X)) ],

where for the second term we used the tower law and the fact that conditionally on X,
(VU,(X), V) is Gaussian with mean 0 and variance |VU, (X)|?. Using the Cauchy—Schwarz
inequality and Lemma A.3 from the Appendix we have

+2||fmaxf||ooE[ »81Un<x>|}

ElAPAD £(X, V)| < (198,05 flloo + 192 £ loo) C M/RE[| V1 ]2 E[ V]2
+ 2]R0x f Il E[| VUL (X)|] = O(Mn).

For the next term .,4,(12) .Af,z)

A,(E)A,(lz)f(x, v) = max{0, (VU,(x), v)}[%n.A,(lz)f(x, v) — A,(f)f(x, v)].

Then notice that

f first we write

Ry AP f(x,v) = max{O, (VUn(x), v— Z%VUHQ))}
x [9%,,f<x], v — 2%3%(){))
= max {0, (VU, (x), —v))
x [sﬁnf<x1, v — 2%3@(}0)
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and therefore that
R AP £, v) — AP f(x,0)] <21 flloo| (VU (x), V)

AP AR £ ()] <201 flloo (VU (x), v)*.

’

Thus
2 4@ 2
ElAY AL (X, V)| < CllfllocE[(VUL(X), V)]
< Cll f oo E{E[(VUL(X). V)?|X]}
using the fact that conditionally on X, (VU,(X), V) is Gaussian
= C||f |ooE{| VUL (X)[*} = O (Mn)

from Lemma A.3 in the Appendix.

Next we consider the term Ang)ASP) f. Since f is bounded, it easily follows that A,(f) fis
also bounded and therefore that

|AD A £ (x, v)| = max{0, (VU, (x), v)}|R, AP £ (x, v) — AD f(x, v)|
< Dhsetl| fll oo max{0, (VU, (x), v)}.
Therefore
E[APA® £ (X, V)| < CE|(VU,(X), V)| < CE[(VU.(X), V)*]"? = 0(M"/?n'/?),
from Lemma A.3 and calculations similar to the previous term.
Case i =3. The first term to consider is

ADAD £ (x, v)
= Mef[ QALY f (2, v) — AL £ (x, v)]

= ret / [AD £ (1, avr +y/1 — a28) — AD £(x, 0)]p (&) de

:)\ref/[axf(xl,avl + V1 —a2€)(avy ++/1 —a2&) — 3, f(x1, vi)vr @ (§) dE,
where ¢ denotes the standard normal density. Since ||y f|lco < 00 We have

E|ADAD £(X, V)| < Aretll0x fllooE[J Vi + /1 — a2E| + [Vi]] = O (D),

as n — oo.
For the second term we have, using Jensen’s inequality on the Markov kernel Q,

E[ADAD f(X, V)| < hetB[| QAP f (X, V)] + AeetE[| AT £ (X, V)]
< helE[Q (A7 F) (X, V)] + ArefE[ |47 £ (X, V)]
At this point notice that Q is m,-invariant and therefore
E[Q(IA2 )X, V] =E[|A2 f(X, V)],
whence we conclude that
EJADAD £ (X, V)| < 20efE[| AP £ (X, V)]
< hretll f oo B[ (VUL (XD, V)]

= 4\/gxref||f||ooE[|VUn(X)|] =0(M"*n'?),
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using Lemma A.3 and the fact that conditionally on X, (VU,(X), V) is a mean zero Gaussian
with variance |VU, (X)|?.
Finally, by similar arguments as above the last term is given by

EJADAD £(X, V)| < 20efE[JAD £ (X, V)]
< 435l flloe = O(D).
Overall we have shown that the error term defined in (3.13) satisfies

(3.14) Ry = %”IEHA,,Anf(Z,,(O))\] = 0(Mn*e,) = o(1),

since we have chosen ¢, such that €,n% — 0, as n — 00.
Main term. Having controlled the error term, we now focus on the main term given by
E[[E[A, £ (2, (0)IG5] = Af (2P O)]],
where we recall that A, is the extended generator. Notice that for f(x, v) = f(x, v1),
Ap f(x,0) = 8y f (x1, v1)v1 +max{0, (VU, (x), v) }[Rn f(x, ) — f(x,v)]
+ hret[ O f (x1, v1) = f(x1, v1)],
Af (e, v1) = 8x f (1, v 1 — By f (61, V1) W (x1) + Are[ O (x1, v1) — f (x1, v1)],

and thus the first and third terms are in fact identical and will cancel out. We thus only have
to consider the difference of the second terms. We apply a first order Taylor expansion

E[max {0, (VU,(X), V)}[R. f (X, V) = f(X, V)]IG5]

= E[max{o, (VU.(X), V)}

(VU(X), V) "
X |:f(X1, Vi— ZWaIUn(X)> — f(X1, Vl):“go:|
:E[max{o, (VU(X),V)}
(VU (X), V) n
x 0y f (X1, Vl){—2W81Un(X)} go] + &1,

where &£ is the remainder. At this point notice that, by the tower law and the fact that
(VU,(X), V) is Gaussian conditionally on X,

(VU (X), V)|3I31Un(X|)]

El&)| < ||avf||ooE[

VU, (X))
U, (X
=||avf||ooE{ﬁE[\(VUn<X>,V)PIX]}
101U, (X)) VU, (X)[/?
(3.15) sCllavfllooE{ VU, (X }
< Cllaufl E{M}zcna £l E{;}
= v, (0 PETIVUL ()12
1 VM\3/? nm? m3/?
< Clonfle| s+ (S) oxe(~ag3) + 3rag37im |

by Lemma A.5 in the Appendix, which tends to 0 as n — oo.
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Finally, having controlled the error terms, to complete the proof of (3.9), it remains to
show that the following term vanishes:

Eﬂl]avf(xlv V1)|

~2(VU,(X), V)
VU (X))

X

Jantno|xivi | = wian||

E[max{O, (VU.(X), V)} (

First notice that, since Vs, ..., V, are independent of V| and X, we can write

I(X1, V1)

(VU(X), V)

::E[max{o, (VU (X), V)}( STRGE

)alUn()o{Xl, vl}

] U :
=FE |VU,1(X)|2E[maX{0’ (VU(X), V)}TIX, Vl]‘Xl,Vl}

2
g U0 ——
=E lVUn(X)|2E[max{O,81Un(X)V1—I— jZ:;[E)JUn(X)] xé} ‘X,Vl]‘XI,VI]

2
_ 1 Un(X) n | )
=k Wmaxio, hUn(X)V1 + j;[aJUn(X)] xf;‘}

where £ is a standard Gaussian random variable, independent from X and V. Continuing we
have

thl},

1xn vy =E] 20 dos S 00 e z\xl Vi |+ & (X1, V)
’ VU, (X)]2 =3 ’ ’
where
01U (X)? 101U, (X)|?
ex0 i = €| g b i+ o g G e v

=:&1(X1, V1) + E2(X1, V).
We control the first term using the Cauchy—Schwarz inequality as follows:

191U, (X)]*

1/2
o B R

E[&.1 (X1, V)] < CE{

and since 31Uy, (x)|?/|VU,(x)]? < 1

12
ECE{M} E{‘B]UH(X)|2}1/2

VU, (X)|
(3.16)
<CM1/2[ M? N M?E|X,| N M [logn N 1]1/2
- m2/n  m3?nl/2 - m\ n n

by Lemmas A.4, A.3 in the Appendix, where we used the fact that by Assumption 1 we have
that E|X | < oo (this follows, e.g., by the ! Poincaré inequality applied on the function
f(X) = Xy; see Corollary 1.9 of [2]).
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For the second error term we have, again using the Cauchy—Schwarz inequality,

101U (X)]?
E[&2(X1, V1) =CE{4}
[ ] VU, (X)]
191U, (X)) /2 2,172
EE{WUnT)IZ} E{|81Un(X)| } /
n
(3.17)
101U (X)] ) /2 20172
ECE{W} E{|0, U, (X) 2}/
<CM1/2|: M?  MPE|X,| M [logn 1}1/2
- m2/n  m32nl/2 - m\ n n
as before.

Finally notice that

s )aIUn<X)‘x1,vl]

E[max{o, > 0 Un(X)V;

j=2

}(—ZZ?ZZBjUn(X)Vj

_ o {E[max{o, 3520 Un(X)V;)
VU (X)]?
(2] 19, Un (X)1P)8?
VU, (X)|?
where £ is an independent standard Gaussian

01U, 0|X |11}

=—2E{E[Jl{$>0} 81Un(X)\X](X1,V1},

- (X8 Un (X0)T7)
__E{alUn(X) S X, 1}
= —E{01Un(X)| X1, i} + E(X1, V1),
where
101U (X))
E[|53(X1,V1)|]SE[W]
(3.18)

m2yn | m32n 2 T m\ n n
by calculations similar to those for the error term & 1. Finally
f %MU" (x1; x2:n)e_Un(xl;x2:") dxz.,
o f e_Un (13 x2:n) dx2:n
_ 3871 f Uy (x1; x2:n)e_U"(xl;x2:") dx2.n
f e_Un (x15%2:0) de:n

M? M?E|X M |1 171/2
SCMI/Z[ X1l ogn | ] :

—E{01U,(X)|X1, V1} =

8371 fe—Un(XlUQ:n) dx2:n 0 1 —Up (x1:x2) dx
- fern(Xl;XZ:n) dXQ;n o _a_XI Og/e an

d

loge V&) = W/ (x)).
0x1

Overall we have shown that
—2(VU,(X), V)
VU, (X)|?

E[maX{O, (VUL (X), V)}< )alU,,(X))Xl, Vl} = W(X1)+ &+ &,
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where E[|&;]], E[|€3]] — 0 as n — oo. Therefore we have
E, [}avf(xl, V)l

—2(VU,(X), V)

X 2
VU, (X)|

E[max{o, (VU(X), V)}<

as n — oQ.

Jantnofx1. v - wie

|-o

3.2.3. Proof of (3.11). Next we need to verify (3.11) for some p > 1 for which we pro-
ceed as follows:

JE[(/OT\%(r)!”dr)l/p]p < E[fOTm(z)Vdr} - /OTE[r¢n(z>\”]dz

- /OT Elle, "E{f(Z"(t +en) — £(Z(0))1G}|7] dr

= s i

€n
‘1E{/0 (A f(Z3D (1 +5)) + Rigs) ds
and using the fact that E[R;4|G]'] = E[E[R;s|F;'11G/'] =0,

T 1 p
= E||e }dt
J; 2l

and by Jensen’s inequality,

< [ [" B+ )i as]a

p
Jar

/0 "B, (2D +5)16 ) ds

_f —1/ E{| A, f(ZD(r 4 5))|P1G7}] ds dr

_f —1/ (A, F(ZD (@ +5))|7]ds dr

=TE[|4, f(Z,"©)|"].
by stationarity. Next recalling the decomposition of A, into Aﬁ,i)

sup| AL £ (x, v)| = sup|dy f (x, v)v| < 00,
X,V X,V

, 1 =1,2,3 notice that

since (x, v) — dx f (x, v)v is continuous and has compact support, since f has compact sup-
port. Similarly, it follows easily that IIA(3) flloo < 00 and therefore the only term we have to
control corresponds to .A,(f). For this term notice that

E[|AZ £ (zV(0))]7]
(VU,(X,V)
VU, (X)?
(VU (X, V>|2P|81UH<X)|P}
VU (X)[?P
[(VUL(X, V)I?P|01Un (X)|P ‘X“
VU, (X)|??
VU (X)|P|3,U, (X)|P
VU, (X)|?P

_ EHmax{O, (VU (X, V)}[ f(Xl, Vi—2 alUnm) — (X0, Vl)]

]

szl’navfuooE[

<2713, flIE{E|

<2715, flIE{B] x]} =210, 71 = 00,
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3.2.4. Proofs of (3.6)and (3.7). Notice that (3.6) follows immediately since || f |l < 00,
whereas (3.7) follows from calculations similar to the ones used to prove (3.11).

4. Proofs of Wasserstein rates.

4.1. Proof of Theorem 3. Let X(t) := X@ 1) — XD (1) and V(1) := VO @) — vD(r)
denote the differences between the two paths in position and momentum. Ignoring for the
moment the refreshment events, (f (1), \7(t)) will evolve according to the Hamiltonian dy-
namics, that is,

X'(t)=V@),

@.1) V()=—(VUXP @) - vUXDV (1) =—-H@®)X() where

1
H(t) = /_0 VU(XD @) + 1 — XD (1)) ds.

By convexity, we can see that F(¢) satisfies that mI < H(¢t) < M1 where I denotes the
identity matrix, where we write A < B to denote that B — A is positive definite. The effect of
the generator L; » on IX(®)2, (X(@), V() and |V (1)|? is given by

LiolX0))? =2(X®), V().
42 LX) Vo =Tof = X0 ™ HOX @) = re(l —a)X0) V@),
LialVo ==2V) " HOX (1) = ret(1 — )|V (0) .

The claim of Theorem 3 is equivalent to showing that — . - df‘ (Z1(1), Z2(1)) — Ll,zdf\ (Z1(1),
Z>(t)) > 0. This can be expressed as

—w-d3(Z1(t), Zo(t)) — L1 2d5(Z1(2), Za(1))
= —pua|X O +2[— b + res(1 — )b — a]X () V(1)
+ [—cp + Aref(1 — @?)e —2b]|V (@) ?

+ 26X HOX (1) + 2V HOX ().

Let
v ( X0 X(nTV(z)) _ ()?(r)T%w?(r) V(nT"H(r)i(z))
X' Ve Vol ) VO HOX®) Vo 'HOV®)'
Voo —ua —a 4 bAgef(1 — ) — ub Woe (2[) c)
T\—a+brer(1 —a) — b —cp+ Chrer(1 — az) —2b)’ “\c 0)°
We have

—p-d3(Z1(1), Zo(t)) — L12d5(Z1(1), Za()) =Te(VX + WP),

so our goal is to show that Tr(V X + W P) > 0O for all the possible X, P. Using the fact that
ml <H@) <MI,wehave 0 <mX < P<MX.LletY:=P—mX,and Z:=MX — P, then
Y >0, Z >0, and for M > m, we have

_Y+Z P MY +mZ

X , )
M—m M—m
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and hence

Te(VX +WP) = 1_ —(Te((V + MW)Y +(V +mW)Z)).

When M =m, we have H(t) = M1 and P = M X, hence
Tr(VX + WP) =Tr((V + MW)X).

Note that in both cases, Tr(VX + WP) > 0ifboth V4+ MW >=0and V +mW > 0. This can
be equivalently written as the following set of inequalities:

(4.3) —ja +2Mb >0,
“4.4) —ua+2mb >0,
(4.5) —cpt+ cher(1 — @) —2b > 0,

(4.6) (—a + bhrer(1 — &) — pb + Mc)* < (—pa 4+ 2Mb)(—cp + chres(1 — ) — 2b),
4.7) (—a + brei(1 —a) — ub + mc)2 < (—pa +2mb)(—cp + chrer(1 — az) —2b).

These inequalities correspond to the diagonal elements and the determinants of V.+ mW

and V + MW being nonnegative. As we have stated, let Aref = 7= (2 M +m— ( 1— a)m
H= E}L?Z - 2?13111;) Moreover, let

a:=1,

b:_l—i-a—a( )3/4+431Mafm
(4.8) 2m ,

e 1+a— 2(M+m)1/2

M+ m

Notice that by the change of variables m — 1, M — M /m, and updating a, b, ¢ and u and A
with these new values, inequalities (4.3)—(4.7) are kept invariant (they have this homogeneity
property). Hence, without loss of generality, we can assume that m = 1. For the choice of a,
b, c¢ as in (4.8), the five inequalities can be shown to hold for every possible 0 < o < 1 and
M using, for example, Mathematica. Hence the bound (2.11) follows.

Now we are going to show the Wasserstein bounds. Note that the matrix A satisfies that

./ N2 _ S ) / 2
Amin(A) = ate (a+¢2) 4ac=b7) and Apax(A) = atet (aﬂ) —4(ac=b?) , hence by defining
— : 2
Wa.a, (v, v2) = <X1~u111,1)f(2~u2 da(X1, X2) )
then using the assumption b? < ac, we have Wz(vP’,n)2 (A) W2 a4 (vP!, )%, Let

Z1(0), Z»(0) be coupled according to the optimal coupling of v and 7 according to W dis-
tance satisfying that E(|Z;(0) — Z>(0)]?) = Wa (v, )? (existence is shown by Theorem 4.1
of [59]). Using (2.11) along with Gronwall’s lemma, and the definition of the Wasserstein
distance, it follows that

Wa(vP!, )% < mwz,dA(qu,n)zgAmin(A)E(dg(zlm,zzg)))
—'” Amax(4)
S AR 210 220) < 5 Watn

hence (2.12) follows.
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To show our L? bounds, we are also going to study the adjoint process (P’)*. Using the
exact same coupling as before, the dynamics (4.1) ran backwards in time becomes
X0=-Vo.
4.9) - -
Vi) =HOX(®),

with H(¢) defined as in (4.1). For the velocity updates, forward in time we had v’ =
av + /1 —a2Z where Z ~ N(0, 1;). Since in stationary we have v,v ~ N(0, I;) and
E(@)T) = ply, one can see that the updates backward in time are still the same. Hence
the effect of the adjoint becomes

~ ~ T ~
SIXOP =280 Vo,
4.10) LX) V@) = Vo)) = X0 HOX @) + het(1 — ) X0 T (0),
~ ~ T ~ ~
DIVOP =2Ve) HOX (1) = het(1 — )|V (1)
Noticg that this is very similar to the forward case (4.2), except that we need to replace \7(t)
by —V (¢). Based on this, by repeating the previous argument for A’ := (fb _Cb ), we have
(4.11) 1 2d3/(Z1(0), Zo() < —p - d5/(Z1(D), Zo (1)),

where a, b and c are defined as in (4.8).
Hence we have shown that the adjoint process is also a contraction with the same rate pu,
but with respect to a different metric d 4/ instead of d4 used for the forward process. Now we

ac+b%>4+2vach?

are going to show that di and di, are equivalent up to a constant factor C := 0

Notice that for any z1, 22 € R,
(4.12) d3(z1,22)/C < d3/(z1,22) <d3(z1,22) - C,

aslongas A < CA’ and A’ < CA, and by rearrangement, this is equivalent to

a(C—1) —b(140C) a(C—1) b(C+1)
(—b(l +C)  e(C—1) ) =0 and (b(C +1) o(C - 1)) =0,

which holds for C defined as above.
For f: R2d 5 R, let

”f”Lip,a'A = sup M’

21,22€R 71 %25 da(z1,22)

be its Lipschitz coefficient with respect to the d4 distance. Then based on (2.11), (4.11) and
(4.12), forany t > 0, f : R* — R, have

i
H(Pt)*PtfHLip,dA = \/a|(Pt)*PtfHLip,dA, = CeXp(_f)HPtf”Lip,dA,

t
< Cexp(—%) [P f iy, <Coxp(=pn)llfILip,-

Based on Propositions 29 and 30 of [46] with x = 1 — C exp(—ut), it follows that for any
t > %, the reversible kernel (P’)* P! has as spectral radius of at most C exp(—put). Thus
for every f € L%(n), we have

(4.13) [P FI2 = (£ (PP £) < IFIN(P) P ]| < Ce ™| £11%,
and the claim of the theorem follows by noticing that || P! f||? < || f||* for every ¢ > 0.
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REMARK 13. We note that for any given Arf > 0, u > 0, the contraction rate of
df‘(Zl(t), Z»(t)) is at least u as long as there are constants a, b, ¢ such that a > 0, ¢ > 0,
b* < ac and inequalities (4.3)—(4.7) hold. Unfortunately due to the nonlinearity of these in-
equalities we did not manage to find an analytical expression for the largest possible n for
a given Arer (and then the largest possible p for any Arer). The reader can possibly slightly
improve these rates by numerical optimization for a given «, m and M. Note, however, that
in our numerical experiments, it seems that the choices of A, as stated leads to w that is
close to optimal in most of the domain 0 <« < 1,and 0 <m < M (i.e., if we increase u by
a few percent, typically there is no longer a A.ef > 0 and parameters a, b, ¢ satisfying all of
the inequalities).

4.2. Proof of Proposition 4. Assume without loss of generality that m = 1 (the general

case can be obtained from this by rescaling). Let D := (“bl;' f ;) be a block matrix. Then

d3(Z1(), Zy(0)) =aX () HX (1) + 26X () V(1) + ¢|V ()
and the effect of the generator on these terms equal

@.14) L X0 "HX@) =2X0)"HV (1),

4.15) LX) Vi =V = X0 HX (@) = het(1 —) X0 V (1),
(4.16) LialVo) ==2V)"HX (1) — het(1 — )|V (1))
We have

—p-dp(Z1(t), Za(1)) — L12dp(Z1(0), Zo(1))
= 2[—ub + Aret(1 — D)X () V() + [—cpt + Are(1 — &) — 2b]|V (1)
+@Qb—pa) X0 HX®) +2(c—a)Ve) HX@).
Let X and P be defined as in the proof of Theorem 3, and let

Ve 0 bhresr(1 — ) — ub Woe <2b —ua c¢— a)
T \bhrer(1 —a) — b —cp+ chrer(1 —a®) —2b ) "\ c—a 0 /)

Then we have —u - d%(Z1(t), Z2(t)) — L12d5(Z1(t), Za(t)) = Tr(V X + W P), and using
the same argument as in the proof of Theorem 3, it follows that Tr(V X + W P) > 0 if both
V+MW>0and V +mW > 0. This can be verified (e.g., by Mathematica) for the choices
Aref =2/m/(1 —a), u = @, a=1,b= }1, ¢ = 1. The proof of (2.16) is analogous to the
proof of (2.13). First we show that for D" := (fbH] *CI;I )

(4.17) L} 2d5 (21(1), Zo(0)) < — - dpy (Z1(1), Zo(0)),

then use the same argument as previously.

5. Proof of Theorem 5. The generator of the RHMC process will be denoted by .4 and
it is given for smooth enough functions by
Af(x,v) = (Vi fiv) —(VU,V, f) +)\ref[Qaf(x, v) — f(x, v)]s
where recall that « € (0, 1) and

1
Qo f(x,v):=
\/—d

/e_s/s/zf(x,av—l— 1 —a?8)dé.

2
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Hypo-coercivity, exponential convergence and asymptotic variance. In the context of
MCMC one is interested in optimising the computational resources needed to produce an
estimate of a certain precision. For this reason we are also interested in understanding the
asymptotic variance. Geometric ergodicity is enough to show that a large class of functions,
determined by the Lyapunov function, have finite asymptotic variance. However, since the
convergence rates are not explicit in the parameters of the process, geometric ergodicity often
does not allow one to optimise the asymptotic variance.

Usually controlling the asymptotic variance for a large enough class of functions is closely
related to establishing a spectral gap, that is showing that the L?(rr) spectrum of the gener-
ator £ lies in {z € C: RNz < —u}, for some p > 0. In the reversible case, it is well known
that geometric ergodicity is equivalent to having a spectral gap, but in the nonreversible case
this is no longer true; see [34] and references therein (although it may be equivalent to a
spectral gap on a different Banach space). For reversible processes, an L>-spectral gap is also
equivalent to coercivity of the associated Dirichlet form, that is, (—Lf, f) > u|l f |2, for all
fe L(z)(zr). Moreover, coercivity is equivalent to || P’ f|| <e ™| f|, for all f € L%(T[), for
all Markov processes, whether reversible or not. For this reason, and perhaps abusively, coer-
civity is sometimes in the literature referred to as a spectral gap, or a spectral gap inequality.
Another reason is that, an inequality of the form (=L f, f) > | f? is often easy to prove,
for example, for diffusions, by rewriting the Dirichlet form in a form involving the Sobolev
norm and then applying a Poincaré inequality.

Interestingly enough, however, for nonreversible processes it is possible that coercivity
fails to hold, although we still have || P’ f|| < Ce=#!| f||, for all f € L3(x), for some C > 1.
This is not possible for reversible processes, since one can use spectral calculus to show
that || P! f|| < Ce ™| f]|, for all f € L3() also implies the same inequality with C = 1.
This fact is actually observed for piecewise deterministic Markov processes such as the BPS
and zig-zag samplers; see [7, 15, 49]. This class of processes also includes RHMC. Although
geometric ergodicity has been established for BPS [23, 26], zig-zag (see [11, 30]) and RHMC
[14], an easy calculation shows that, writing £ for the generator of any of the above processes,
we have (L f, f) =0 for any function f € L?(7) such that f(x,v) = f(x), that is functions
of the location only. The reason for this is that the Dirichlet form E(f, f) := (Lf, f) only
captures the symmetric part of the generator £, which in these processes only affects the
velocity component, whereas the location component is only affected by the anti-symmetric
part of the generator. This means that although BPS, zig-zag and RHMC are geometrically
ergodic, we certainly cannot have an inequality of the form (=L f, f) > | f|I* for all f
L%(n). However, it may still be true that these processes admit a spectral gap in the classical
sense, and in fact this has been shown for one-dimensional zig-zag in Bierkens and Lunel [9].
Notice, however, that in the nonreversible case, a classical spectral gap requires additional
work, and potentially assumptions, to guarantee exponential decay of the semigroup; see [9],
Section 4.2.

In fact, this situation arises very often in so called kinetic equations which include, for
example, the underdamped Langevin processes. For such processes a range of methods have
been developed recently that are widely termed as hypocoercivity; see [24, 32, 58] and ref-
erences therein. In fact, such methods have already been applied to piecewise deterministic
Markov processes; see [42]. Although this approach is often quite deep and involved, the un-
derlying principle is that of adjusting the norm, or metric, in which the convergence is stud-
ied. This principle has been extremely successful recently, for example, in the convergence
of HMC when log-concavity fails locally in [13]. In the case of hypocoercive estimates, the
principle is to move from the L? norm to a stronger norm, usually some form of Sobolev
norm.
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5.1. Strong continuity in H'(r). We will establish that the abstract Cauchy problem

du(t, z)
at

u@©,z)=f,

where the class of initial conditions f will be specified in the sequel, admits a unique solution
in H'(r) given by u(t,z) := P! f(z). This will justify computing the time derivatives of
(P'f. P'f).

Before we proceed we will need to introduce some additional notation. We decompose the
generator A of RHMC into its symmetric and antisymmetric component as follows:

Afx,v) =Bf(x,v) + Aet(—S5) f,

= Au,

where

(5.1 Bf := (Vi f,v) = (Vo f, VU), Sf:=U - Qulf.

As before we write { P’ : ¢ > 0} for the semigroup of transition kernels of RHMC, but in this
section we slightly change our point of view and consider it as a semigroup on L2 (), that
is, P’ : L?(w) — L?*(r). Its generator will be given by A for smooth enough functions.

In fact, even more is true as we will next show that P’ is also strongly continuous as a
semigroup on H! (). To see why, first recall that the anti-symmetric operator B generates
the Hamiltonian flow z — E(¢, z) with respect to H(x,v) = U(x) + |v|2/2. Let us write
{T" : t > 0} for the semigroup generated by B, that is, T* f (z) = f(E(t, z)) for z € Z. Then
given a smooth function f € H!(r), from the chain rule we have

VT'f(z) =V f(E(t, 2))V:E(t, 2).
From the variational equations of the Hamiltonian dynamics (see Sectlon 6.1.2 of [40])
and the upper bounds M and 1 of the Hessians of U(x) and ”"” it follows that for
C =max(1, M), we have |V, E(t, 2)|| < e for every t > 0. Using thls we conclude that

VT P+ 19,77 7P =& [[ m@19: (B D) + |90 f (B0, )]

= // 7@)[|Va f @ + Vo f @],

by stationarity of the flow. By an approximation argument we can further show that 7 :
H'(7)— H'(7) forall t > 0. Finally {T" : t > 0} is strongly continuous on H' (), since

VT =911 = [19 £(26.2)V.E6.0 - V@ 7 ()
< /|Vf(E(s, ))[V.E(s,2) — I]|*7(dz)
+ [IV£(26.0) - Vi@ @)
(5.2) §/|Vf(E(s,z))}2|VZE(s,z)—I|27T(dz)
+ [IVF(E6.2) = V1@ r@
< [197(26. )P IV.E 6.0 - 1P

+ 2/|TSVf(z) Y () r(dz).
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Since g := V f € L*(x), for every € > 0 there is a smooth, compactly supported function g
such that ||g — gell2(r) < €. Then

/ T°8(2) — g(2) [’ (dz) = / IT°8(2) = T*8e(2) + T 8¢(2) — 8¢ (2) + 86 (2) — (2)[*m (dz)
< /n(dz)!g(a(s,z)) —g(EGs. ) +/n(dz>!g(z> — 2@
+ [r@lec(E6.2) - g P
=2lg = gell + [ 7@]ge(2.2) — ge @

<2+ /n(dz)|ge(E(s, 2) - ge@|%

For every fixed € > 0, the second term vanishes by bounded convergence. Since € > 0 is
arbitrary this shows that |T°V f — Vf||2 —0ass— 0.

Going back to (5.2), notice that the first term also vanishes by the dominated convergence
theorem, since |V, E(s, z) — I| < 2e€ uniformly in z, |V, E(s, z) — I| — 0 pointwise. Thus
T' is strongly continuous and therefore it admits a densely defined generator, which we de-
note by B,

B:D(B)C H'(r) —> H'(n).

Again it is straightforward to check that B has the expression given earlier.

In addition notice that S is a bounded operator on H! (7). To see why first notice that an
easy calculation, which will be provided later on in Section 5.2 for completeness, shows that
ViQy = 0qVy and V, 0y = @0y V, whence

IV Qo fII* + IVy Qa FI2 < 1Qa Vi FI? + all Qu Vo £1I* < C(IVa £IF + I Vu £1I7),

since Q, is a contraction on L2 (7). Therefore, applying [50], Theorem 3.2, the operator
A = B + Ares(—S) has domain D(B) and generates a strongly continuous on H (), which
we will denote again by {P’ : ¢t > 0}. This implies that for every f € D(B), P'f € D(A)
for all t > 0 and AP’ f = P' Af. This essentially shows that given f € D(B) the abstract
Cauchy problem
du(t, z)
ot

u(,z) = f,

admits a unique solution in H'(rr) given by u(t, z) := P’ f(z).

= Au,

5.2. Proof of Theorem 5. We introduce some additional notation to keep the presentation
concise. First recall the decomposition A = B + Af(—S) where

Bf =(Vif,v) = (Vu f, VU), Sf=U—Qdlf,

and let us define the Dirichlet form E(f, g) := (f, Sg). We will also write A :=V,, C := V,.
From [58], page 40, or an easy calculation, we have

[A,B]=AB—BA=V, and [B,C]=V?U-V,=V?U-A.

Since P’ = exp(t.A), where A is the generator of the RHMC process, an easy calculation
shows that for all f, g € D(B) we have

d
G(P'F P8 = (Af.8)+(f. Ag),
t=0
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This also implies that

d
G P AP =20AL ) = =20l (f ),

t=0
since B is antisymmetric, in the sense that (Bf, g) = —(f, Bg).
We want to compute d((P’ f, P’ f))/dt|;—o. To keep notation to a minimum we will write
h rather than P’ f. We proceed by computing the derivative of each term individually,

d
o | AR|? = 2(Ah, AAR) = —2)ser(Ah, ASh) +2(Ah, ABh),

d
o (Ch. AR) = (Ch. A(=hrerS + B)R) + (C (= hretS + B)h, Ah),

d
a”Cth =2(Ch, CAh) = —2Aet(Ch, CSh) 4+ 2(Ch, CBh).

Term one. 'We now compute the first term which is given by
—2Aref(Ah, ASh) +2(Ah, ABh).

Notice that

%Qaf(x, V) = aiviE[f(x,av—i— 1 —a?§)]

=E[afy, (x,av++/1—a?§)]

= aE[ fy, (x, av ++/1 — a2§)],

where to keep notation clear we write 0G (x, v)/dv; to denote the derivative of the expression
G (x, v) w.r.t. v;, whereas we write f,, (x,xv++1 — a2§) to denote the derivative of f w.r.t.

v; evaluated at v + /1 — a2§.

The above calculation shows that AQ, = ¢ O, A and therefore
—Mref(Ah, ASh) = Aref(Ah, A(Qq — 1))
= Aref(Ah, AQuh) — he(Ah, Ah)
= Aref0 (AR, Qu Ah) — Arer(Ah, Ah)
= Aref(AR, (@ Qq — 1) Ah)
= Aret(Ah, 2 (Qq — I)Ah) — (1 — @) Arer (AR, Ah)
= —Arer@ (Ah, SAR) — (1 — ) Arer(Ah, Ah).
Continuing we have
(Ah, ABh) =(Ah, (AB — BA)h)+ (Ah, BAh)
=(Ah,[A, Blh)+ 0= (Ah, Ch),
since by the anti-symmetry of B, it follows that (g, Bg) = 0 for any g.
Term two. 'We next compute the second term
(Cf. A(=hretS + B) f) + (C(=aretS + B) f. Af).
First we compute the derivative along B

(ABh,Ch) + (Ah,CBh) = (ABh, Ch) + (Ah, BCh) + (Ah, [C, B]h)
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and using that B* = —B
= (ABh, Ch) — (BAh, Ch) +(Ah, [C, Blh)
=([A, Blh, Ch)+(Ah, [C, Blh)
= (Ch, Ch) +(Ah, [C, Bh)
= |Ch|* = (Ah, V?U Ah).

To compute the derivative along § first notice that C Q, = Q,C, where in the r.h.s. we ten-
sorise Q, allowing it to act on each component separately, in the sense that

xav+\/:§' [ xav+\/:£}

axl

Therefore
—Aref{ASh, Ch) — heef(Ah, CSh)
= Aref({A(Qu — Dh, Ch) + Aret(Ah, C(Qq — I)h)
= href{(@ Qq — I)Ah, Ch) + Aet(AR, (Qo — I)Ch)
= dhref((Qo — I Ah, Ch)+ (¢ — Dref(Ah, Ch) 4 Aret(Ah, (Qq — 1)Ch)
= —(1 4+ @)Awef(SAh, Ch) — (1 — a)rwef(Ah, Ch),
where we used again the fact that Q,, is positive.

Term three. Using the same arguments as before we have

49
(h.Couh) =Y

i=1

0
—h, —Quh
ox;  0x; Qa >

49 3
- Z(—h, Qa—h> = (Ch, QuCh),
i=1 8x,- 8)6,'

where we are overloading the inner product by allowing it to take both vectors and scalars
as arguments, in the case of scalars it integrates the product, in the case of vectors the vector
inner product. Therefore

—Aref(Ch, CSh) = Aref(Ch, C(Qq — I)h) = —hret(Ch, SCh).
The next one is
(Ch,CBh) = (Ch,CBh)
= (Ch, BCh) —(Ch,[B, C1h)=0 — (Ch, V*U - Ah).
Combining all the terms. 'We now have the tools to compute the derivative of
((h, b)) :=al|Ah||* — 2b(Ch, Ah) + c||Ch||?,
which, after multiplying by —1, is given by

d h,h
— Gk )

d
—a—||Ah|| +2b - (Ah, Ch)—c—||Ch||

=2a[Aref(1 — @)|| AR + Arefet (SAR, Ah) — (Ah, Ch)]
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+ 2b[||Ch||1> = (V2U Ah, Ah) — (1 + @) reet(SV/? Ah, SV2Ch) — (1 — ) Aret(AR, Ch)]
+ 2¢[Met(SCh, Ch) 4 (V2U Ah, Ch)]
= 2ahref(1 — ) | AR|> = 2(a 4 (1 — a@)bhref) (A, Ch) + 2b||Ch||?
— 2b(V2U Ah, Ah)+2¢(V?U Ah, Ch)
+ 2ahsefat (SAR, AR) + 2chret(SCh, Ch) — 2(1 4 @)bAwes(SAh, Ch).

REMARK 14. At this stage we can rewrite the above inequality as

1d
=5 q (A = [a(l = ket — bM]||AR|* + bI|ChI|> — | J AR Ch||

-3 + aehset| ' AR[? + cheer| ' Ch|
— (14 a)brret| SV*An|| SV2Ch],
where §1/2 is the positive, self-adjoint square root of S, and
Jf == (al + (1 = a)brretl — cV?U)F,
which is also self-adjoint, since V2U is symmetric, whence its norm is given by

Sup (U1, Nl = sup [la+bheer(l =e)}if. f) = V2T, £

= sup max{[a + bhrwt(1 —)](f, f) — (VU f),
If1=1

C<V2Uf, f) - [Cl +b)\ref(1 - a)](f, f)}

< ;uplmax{(a + (1= a)deetb) | £ || — cm | f1,
Ifl=

M fll = (a+ (1 —a)hetb) | f1I}
=max{a + (1 — &) Aretb — cm, cM —a — (1 — &) Aretb}.
Therefore, if we can find a, b, ¢ > 0, such that b < \/W/(l + o) and
4[a(l — a)rref — bM]b > max{cM —a — (1 — @) hreth, a + (1 — @)bhret — cm ),

then the RHS of (5.3) is a positive definite quadratic form. In principle this can be used to
optimise the convergence rates among norms of the form (2.17).

We take a slightly different approach. Our goal is to show that for every h, we have
L {(h, h)) < —p((h, ), or equivalently

d
—q; WA = i, B = 0.
After rearrangement, we obtain that
d
—q; W ) — (R, )
(5.4) =a(2hef(1 — ) — ,u)llAh||2 —2(a + (1 — o)bAret — ub)(Ah, Ch)

+ 2b — cp)||Ch||* — 2b(V?U Ah, Ah) + 2¢(V>U Ah, Ch)
+ 2ahrerat (SAR, Ah) 4 2chret(SCh, Ch) — 2(1 4 a)bArer(SAR, Ch).

We will use the following two lemmas.
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LEMMA 2. IfV,W,Z, A€ R2%2 gre symmetric matrices such that 0 < A, —Z < A,
A=xV+mWand A<V + MW, then Te(VX + WP + ZQ) > 0 for all symmetric matrices
X,P,0suchthat0 < Q<XandmX <P <MX.

PROOF OF LEMMA 2. First, suppose that M = m. By the assumptions we have P =mX,
A >0and Z 4+ A > 0. Note that if S, 7 are symmetric positive semidefinite matrices, then
Tr(ST) > 0. Using this fact, it follows that

TrI(VX+WP+ZQ)=Tr(V+mW)X +ZQ)>Tr(AX +(Z+ A)Q — AQ)
>Tr(A(X — Q)) > 0.
Now suppose that M > m. Let
Ail=Z+A, A=A,

1
Az = (V4+MW—A), Ag = (V4+mW — A).
M—-—m

M —m
Then Ay, Ao, Az, A4 >0, and
V=A;—mAz+ MAy, W =A3— A4, Z=A1— A,
So
VX+WP+ZQ=(A2—mA3+MA»)X + (A3 — Ay P + (A1 — A2)Q
=A10+A(X— Q)+ A3(P—mX)+ Ay(MX — P).
Using positive definiteness of both terms in the matrix products, we have
Tr(A1Q), Tr(A2(X — Q)), Tr(A3(P — mX)), Tr(As(MX — P)) > 0,
and therefore

T(VX+WP+20)>0. O
Now we are ready to complete the proof of Theorem 5.

PROOF OF THEOREM 5. Leta:=1, and

I+ _a(M’im)SM_'_?lMafm
2 M +m ’
1/2
1+a—%(ML+m) /
M+ m

x._ [ IARI> (Ah.Ch)
— \(Ah,Ch) |Ch)* )”

Cc .=

(V2U (x)Ah, Ah) (V2U(x)Ah, Ch)
(V2U (x)Ah, Ch) (V2U(x)Ch, Ch)

((SAh Ah)  (SAh, cm)
(SAh,Ch) (SCh,Ch)
vi=(_

2a(1 = et —ap —a — (1 — a@)bhwer + b
a— (1 —a)breesr+bu 2b—cu ’

Q
]



2654 DELIGIANNIDIS, PAULIN, BOUCHARD-COTE AND DOUCET

-2b ¢
()

7 240 Mref —(1 + a)bArer
T\ +a)brger 2¢Aret ’
4(=3+2m —2M)(—1 4+ @) _(—3+2m—2M)(—1+a)
A= 3Vm+M(1+ ) 3(m+ M)
o _(—3+2m—2M)(—1+a) _(—3+2m—2M)(—1+a)(1+a)
3(m+ M) 3(m + M)3/2

Using the fact that x3/% — 3/4x > 0 for x € [0, 1/2], it is easy to check that b> < ac. Using
the assumption that mI < V2U < M1, we have mX < P < M X. Moreover, using the fact

that 0 < S < I, we have 0 < Q < X. Based on (5.4) and the above definitions it follows that
d
(5.5) —a((h,h)) —ulh,h) =Tr(VX+WP+ ZQ).

One can check, for example, using Mathematica, that for every M > 1, 0 < « < 1, the
inequalities 0 < A, —Z <A, A<V +mW and A <V + MW hold for A defined as
above. Therefore (5.7) follows from Lemma 2, and by Gronwall’s lemma, this implies that

(P'f. P'f) <exp(—ut)((f, f).

5.2.1. From H' to L?>. To show our L? bound, we study the reversed process. Denote
the variant of the scalar product ((-, -)) when b is replaced by —b by ((-, -))’, that is,

(5.6) (h, b)) = a||Vyh||> + 2b(Vih, Vyh) + c||Vih |

Then by repeating the same arguments as above with v replaced by —v everywhere, one can
show that we have

d

(5.7 I

((P) L (P AN = —ul((P) 1. (P) 1)

and hence (((P*)' f, (P*)' f)) <exp(—ut){(f, f)). Similar to the previous proofs, we can
show that ((-, -)) and ((-, -))’ are equivalent up to the same constant factor C, and

(PP £, (P")*P' £) < C*exp(—2un){( f, ).

In addition, there exist constants C1, C» > 0 such that {(f, f)) < C1||Vf||2 and ||f||2 <
Co((f, f)- Thus, letting f be k-Lipschitz we have

[(PY)* P! £]* < Co((P')* P £, (P')" P f))
< Crexp(=2ut) (£, f)Y
< C1Caexp(—2ut) |V f|I* < €1 Cak? exp(—2put).

Choose ¢ such that C;Cok?e™2# =: 1 — k < 1 and define the self-adjoint operator Q =
(P")* P!, Tterating the above we have for n > 1 that

10" £]* < C1Ca(1 — )"k =: C(f)(1 — i)™,

The rest is similar to the proof of Proposition 2.8 from Hairer et al. [31]. Let f be k-Lipschitz,
and without loss of generality also assume that || f|| = 1. Let vy be the spectral measure
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corresponding to the self-adjoint operator Q applied to the function f. In particular, since
| fIl =1, vy is a probability measure. Then

1
1= [ vpcan

1
:/ (2@t 2m) /@ 2m),, ()
-1

1 )
< (/ t2(”+’”)vf(dt)) *
1

< [C(f)(1 — i) 2or+m ] it

2n 2
< C(f)%mtm (1 —K)™",

and letting m — oo we get for any k-Lipschitz f

2
O™ 17 < 1P =),
noticing that the upper bound is independent of the Lipschitz constant. Since Lipschitz func-
tions are dense we conclude. [

REMARK 15. Given any Aes > 0, u > 0, the contraction %((h, h)) < —u{(h, h)) holds
as long as there exists coefficients a, b, c € R and a 2 x 2 real valued symmetric matrix A
suchthata >0,¢>0,b> <acand0< A, —Z <A, A<V +mWand A<V +MW (with
V and W defined as above). Note that as in the proof of Theorem 3, due to the nonlinearity of
the constraints we did not manage to find an analytical expression for the largest possible u
for a given Arf, and the largest possible u for any Af. However, we believe that the choice of
Aref and p as given here is close to optimal in most of the parameter range 0 <m < M < 00,
O0<a<l.

APPENDIX: AUXILIARY RESULTS

Notice that using the independence of X and Z, and the fact that the standard normal
distribution is isotropic, we have

Ex~r,z~N01)[(VU(X), Z) ] = E(|VU (X)) E[(w, Z2)+],

where w is an arbitrary fixed d-dimensional unit vector. Now noticing that (w, Z) is a one-

dimensional standard normal random variable, it follows that E[(w, Z)4+] = [, \/%x X
exp(— %) dx = \/% Hence the key part of the proof is to find lower and upper bounds on

Jeerd VU (x)]e™ V™ dx
[repa eV dx

By shifting U, we can assume without loss of generality that U (0) = 0 and VU (0) = 0 (hence
the minimum is taken in the origin 0). Let S‘f denote the d-dimensional unit sphere, then by
writing the above integrals along half-lines, we have

fueS‘l’ 20 IVU (ru) le=Uwpd=1 4, qy

quSzll f2ye~Vrwrd=1drdu

E(|VU(X)|) =

E(vu)) =

(A.1)
Juest 20157 U r)le™ Y rd= dr du

- fuegff [2pe”Vrwrd=1dr du
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If we could lower bound the ratios of the one-dimensional integrals
S0 |%U(ru)|e—U(ru)rd—1 dr
[y e Urmpd=1gy ,

then a lower bound for E(|VU (X)|) follows by rearrangement. This is shown in the following
lemma.

LEMMA A.1. Letd € Z>1,m € R.g, and let V: R>¢g — R be a differentiable function

such that x — V(x) — m% is convex, and V'(0) = 0. Let A = [§° x4 le=V® dx and B =

d+1
I V' (x)x4"le= V¥ dx. Then B > /2m F( d ) A

'3

PROOF Firstletd = 1. Then B = Jg°(~ e VY dx =e VO We have V(x) > V(0) +
forx>0 s0 A< [§Pe VO my dx=e"VO /L £ B,so B >+2m II:((U)A
Now letd > 2. Then

00 ~
B :/ ((_xdflefv(X))/ +(d— 1)xd7267V(X)) dx =(d — 1)/ xd7267V(x) dx,
0

so the claim is equivalent to fo (c — x)x972eV® dx > 0, where ¢ = Fl;f, ?) 2 (here
we have used F(%) = lF(d 1)) The function x = V(x) — m%- 5 is convex, and its

derivative at x = 0 is 0, so this functlon is monotone increasing on R>¢o. Hence V(x) >
Vc) + %(x2 — ) ifx>c,and V(x) < V(c) + %()c2 —¢?)if x <c¢. Thus

*© d-2 v *© d=2 V()= (22
/ (c —x)x%"“e” (x)de/ (c —x)x972e7VO=2 & =T g
0 0
o0
=e%cz_v(c)/ (c —x)x972e7 7% dx.

We have [5° x%e™ 53 dx_2( )_LHF(“H)foreverym>Oanda>—1 So

/ (c —x)x? 27V gy
0

_d-1 —
sl (3) () )
- 2 2 2 2

The following lemma will be used to find a simpler lower bound for the ratio

d
2

@)=

sty
NG

;

SIS

LEMMA A.2. Ifs >0, then F(v+4) > \/s.

PROOF. Let ¢p(s) := };ESH

for s > 0. Stlrhng s formula implies that lims_, 5 ¢ (s) =
ds+D\2 _

1. For s > 0 we have ¢(s) > 0 and ( (;(s) )= m < 1,50 ¢(s) > (s +1).

Thus ¢(s) > ¢(s + 1) > ¢(s +n) for every n € Zzl, and taking n — oo we get ¢(s) > 1.

O

_1
Taking s = de ford € Z>1, we get

d+1 _1
(A2) I by L L §
r) 2

The next lemma will show the upper bound.
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LEMMA A.3. Suppose that the potential U : R" — R satisfies Assumption 1. Then
for every 1 <i <n, we have E((Q;U X)) <M, implying that E(|VU,(X)|?) < nM and
E(VU(X)]) <vnM.

PROOF. By Jensen’s inequality, we have

d 12
B(vU0) < [E(vU 0P = | B wuenr |

i=1
Here

Jeera (3;U (x))? exp(=U (x)) dx
fxeRd exp(—U(x))dx

and from integration by parts, it follows that for every 1 <i < d, we have

[CERd(aiU(x))zexp(—U(x))dx

E((3;U(X))%) =

’

=) /XAER(a"U(x))ZeXp(_U(x))dxi dx_;

= ; ,eRd1{[_&U(x)e)(p(_U(x))];iO:—OO+ )

i €

32U (x) exp(—U (x)) dx; } dr_;

= /x,-eR 32U (x) exp(—U (x))dx; dx_; < M /xeRd exp(—U (x)) dx.

X—i eRd-1

The second and third claims now follow by summing up in i, and using Jensen’s inequality.
O

PROOF OF PROPOSITION 2. The result follows from Lemmas A.1, A.2 and A.3. O

LEMMA A.4. Suppose that Uy(X) : R" - R withml g < ViU, (X) < M1,. Then
[ 1 Un(X)Vy
110, Un (X)) 12

‘Xl,Vl] —0 asn— oo.

PROOF.
01U (X)W1 } [|81Un<X>|
X, V1| <E| ————
[(Z’}:][ajUn(X)]z)l/Q’ P EH Vo)

Let us denote X_1 := (X2,..., X,,), then X_; given X has a conditional distribution with
density that is proportional to exp(—U,(X—-1, X1)), which is a log-concave function of X_1,
with Hessian bounded between m and M. By Theorem 5.2 of [35], £L(X_1|X) satisfies a
log-Sobolev inequality with constant C := m~!. The functions |VU, (X)| and |3, U, (X)| are
M-Lipschitz in X_; given a fixed X1, and hence by Herbst’s argument (see equation (5.8) on
page page 95 of [35]),

Xl}-w.

2
P(|81 U, (X)] — E(|01Un (X)]1X1) = 11X1) < exp(—t2 . %)

2m
P(|VU,(X)] — E(|VU(X)|I1X1) < —1]X1) < exp(—t2 . W)
Conditionally on X1, define the event G; as

G :={|01Un(X)| — E(|0:U,(X)||X1) <t and |VU,(X)| — E(|VU(X)||X1) > —t},
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then by the above bounds, we have P(G;|X1) > 1 — Zexp(—t2 . %) for every ¢t > 0. Let
G{ denote the complement of G,. Assuming that 0 <t < E(|VU,(X)||X), the quantity of

interest can be bounded as
U, (X nhU,(X nhU,(X
E[l 1Un (X)| X}:E[l 1Un (X1 X1]+]E[| 1Un (X)| -IGc}Xl]
VU, (X)] VU, (X)] VU, (X)] !
<E(|81Un(X)I|X1)+t

2 m
_t R s
= E(VU,MIX) -1 T exp( M2>

1g,

(A.3)

llégg:g))l‘ < 1. By Lemma 9 and equation (A.2), it follows

where we have used the fact that
that for any n > 2,

E(|VUL(X)]1X1) = E(|0_1Un(X)[1X1) = \/m(n — 3/2),

where d_1U,(X) denotes the gradient vector without the first component. By Lemma 11,
E(|0:U,(X)]) < VM.

Note that [d_1U,(X_1, X1) — 0_1U, (X1, X)| < M|X; — X/ll, and by Proposition 19 of
[60], it follows that

M
Wi (L(X_11X1), L(X-1]1X))) < ;}Xl - X1l

therefore g(X1) :=E(|01U,(X)||X1) is MWZ—Lipschitz in X1. By log-Sobolev inequality and
Herbst’s argument, for any s > 0, we have

P(|X1 —E(X))| =) < 26Xp(—S2 2m).
Therefore, it follows that

VM > E[g] =E[g(X)) — g(E(X1))] + g(E(X1))

> | Y Ple(X1) — g(E(XD) < —r]dr + g(E(X)))

m 2m

00 . \
> —fr O]P’|:|X1 —-EXD|= rw]dr + g(E(Xy)) > _/r:ozeXp<_r2W>dr

M2
= g(E(XD) =2 (x/2)M*/m? = g (E(X1)) =375
Thus g(E(X1)) < 4mMT/22, which implies by the Lipschitz property that implying that
2 M2

M
E([01U.(X)[1X1) = g(X1) =4—7 + —[X; — E(X))|.
m m

By simple algebra, t = ,/log(n)M?2/(2m) satisfies that for n > 3/2 + 210g(n)’r‘n’1—22, we have
t < %«/m(n — 3/2). By combining the above bound with (A.3) and using this ¢, we have

E[|81Un(X)| Xl] 4M L M2 X, B(X))| 4 /log(n) M2/ (2m) N 2

VU017 T m=3/2) 2’

as longasn >3/2+ 210g(n)Am4—22. This tends to O as n — co. [J
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LEMMA A.5. Suppose that U, satisfies Assumption 1 and let X ~ m,. Then for any
a>0

1
lim E[i] =
n=eo L [VUR(X)]*

PROOF OF LEMMA A.5. We have

1 . o0 1 _ 1/
(A.4) E[—IVUn(X)I“] _/,:op[4|VUn(X)|“ > t:| dt =P[|VU,(X)| <t ]dz.

The function |VU,(x)| is M-Lipschitz in x, so by the log-Sobolev inequality and Herbst’s
argument (see [35]), for any s > 0, we have

2m
P(|VU.(x)| <E(|VU,(x)]) —5) < exp(—s2 : W)
In the proof of Proposition 2, we have shown that E(|VU, (x)|) > /n — %a/m, hence for any
s >0,

(A.5) P(\vun(x)|5 n—%ﬂ—s) §exp( 2 ]ZW";)
This bound will be used to control P[|VU,(X)| < t~/*] for small and intermediate values
of . However, for large ¢, the above concentration bound is not sufficiently sharp, as it does
not tends to zero as t — oco. Hence we will use a different argument, that upper bounds the
density of 7, and the volume of the space where |[VU,(X)| <r.

First, note that by Assumption 1, we have U, (0) =0 and U, is minimized in 0. Using the
lower and upper bounds on the Hessian of U,,, it follows that % |x|2 < Up(x) < % |x|2. These
bounds correspond to the log-likelihoods of Gaussian densities, so the normalising constant
of U, can be bounded as

(27.[)n/2 (zn)n/Z
T = g P e 5 S

Moreover, using the bounds on the Hessian of U, it follows that |VU,, (X)| < r implies that
|X| < ;.. Since the volume of a ball of radius - in R" is

e () o)

A P X plix r MM2 /e \n
(A7) (Vu,0| =) <2 Isn—1>§6W<n—1>.

(A.6)

it follows that

Let a := (\/n — L y/m/2)~, and b = (mm) ® By upper bounding P[|VU,(X)| < ¢~1/*]

by 1 for 0 <7 < a, by exp(— ”2M2 *) fora < ¢ < b (using (A.5)), and by 61/ (AL oL )y

for t > b, by (A.4), for n > «, we have

] = () "+ () o5
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which tendsto 0O as n — oo. [
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