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Stein’s method for measuring convergence to a continuous target distri-
bution relies on an operator characterizing the target and Stein factor bounds
on the solutions of an associated differential equation. While such operators
and bounds are readily available for a diversity of univariate targets, few mul-
tivariate targets have been analyzed. We introduce a new class of characteriz-
ing operators based on It6 diffusions and develop explicit multivariate Stein
factor bounds for any target with a fast-coupling Itd diffusion. As example
applications, we develop computable and convergence-determining diffusion
Stein discrepancies for log-concave, heavy-tailed and multimodal targets and
use these quality measures to select the hyperparameters of biased Markov
chain Monte Carlo (MCMC) samplers, compare random and deterministic
quadrature rules and quantify bias-variance tradeoffs in approximate MCMC.
Our results establish a near-linear relationship between diffusion Stein dis-
crepancies and Wasserstein distances, improving upon past work even for
strongly log-concave targets. The exposed relationship between Stein factors
and Markov process coupling may be of independent interest.

1. Introduction. Consider a target probability distribution P with finite
mean, continuously differentiable density p and support on all of R?. We will
name the set of all such distributions P;. We assume that p can be evaluated up to
its normalizing constant but that exact expectations under P are unattainable for
most functions of interest. We will therefore use a weighted sample, represented
as a discrete distribution Q, = > | ¢(x;)dy,, to approximate intractable expec-
tations Ep[h(Z)] with tractable sample estimates Eo, [2(X)] = Y"1, g (xi)h(x;).
Here, the support of Q,, is a collection of distinct sample points xp, ..., x, € R4,
and the weight g (x;) associated with each point is governed by a probability mass
function g. We assume nothing about the process generating the sample points, so
they may be the product of any random or deterministic mechanism.
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Our ultimate goal is to develop a computable quality measure suitable for com-
paring any two samples approximating the same target distribution. More pre-
cisely, we seek to quantify how well Eg, approximates Ep in a manner that, at
the very least, (i) indicates when a sample sequence is converging to P, (ii) iden-
tifies when a sample sequence is not converging to P and (iii) is computationally
tractable. A natural starting point is to consider the maximum error incurred by the
sample approximation over a class of scalar test functions #,

o)) dy(Qn, P) é:ug}EP[h(Z)] —Eg,[n(X)]|.

When H is convergence determining, the measure (1) is an integral probability
metric (IPM) [69], and dy(Q,,, P) converges to zero only if the sample sequence
(Qn)n>1 converges in distribution to P.

While a variety of standard probability metrics are representable as IPMs [69],
the intractability of integration under P precludes us from computing most of
these candidate quality measures. Recently, Gorham and Mackey [36] sidestepped
this issue by constructing a class of test functions 4 known a priori to have zero
mean under P. Their resulting quality measure—the Langevin graph Stein dis-
crepancy—satisfied our computability and convergence detection requirements
(Desiderata (i) and (iii)) and detected sample sequence nonconvergence (Desidera-
tum (ii)) for strongly log concave targets with bounded third and fourth derivatives
[65].

Our first contribution is to show that the Langevin Stein discrepancy in fact de-
termines convergence for all smooth, distantly dissipative target distributions by
explicitly lower and upper bounding the Langevin Stein discrepancy by standard
Wasserstein distances. Distant dissipativity is a substantial relaxation of log con-
cavity that covers a variety of common non-log concave targets like Gaussian mix-
tures and robust Student’s t regression posteriors. This contribution greatly extends
the range of applicability of the Langevin Stein discrepancy.

Because heavy-tailed distributions are never distantly dissipative, as a second
contribution, we extend the computable Stein discrepancy framework of [36] to
accommodate heavy-tailed target distributions by introducing a new class of mul-
tivariate Stein operators based on general Itd diffusions. These operators can be
used as drop-in replacements for the commonly used Langevin operator in appli-
cations.

As a third contribution, we establish a near linear relationship between the intro-
duced diffusion Stein discrepancies S(Qn, T, G).|) and standard L*® Wasserstein

distances Wy, . (Qn, P) £ infx~o, z~p E[| X — Z||*]'/*. Namely,
Wi i1(Qn, P) < C1S(Qy, T, G.) max (1, log(1/5(0,.7.G))) and
S(On, T,G)1) < C2Wa 1.1(Qn, P)

for constants Cp, C» > 0 determined by Theorem 7 and Proposition 8. This im-
proves upon prior analyses even in the case of strongly log concave targets.
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Our primary contribution underlies these three advances. By relating Stein’s
method to Markov process coupling rates in Section 2, we prove that every suffi-
ciently fast coupling 1t6 diffusion gives rise to explicit, uniform multivariate Stein
factor bounds on the derivatives of Stein equation solutions. Stein factor bounds
are central to Stein’s method of measuring distributional convergence, and while
a wealth of bounds are available for univariate targets (see, e.g., [10, 11, 89] for
explicit bounds or [57] for a recent review), Stein factors for continuous multivari-
ate distributions have largely been relegated to Gaussian [4, 9, 30, 38, 68, 70, 80],
Dirichlet [29] and strongly log-concave [65] target distributions. Our approach,
which exposes a general relationship between Stein factors and Markov process
coupling times, extends the reach of Stein’s method to the stationary distributions
of all fast coupling Itd diffusions.

In Section 3, we provide examples of practically checkable sufficient condi-
tions for fast coupling and illustrate the process of verifying these conditions for
canonical log-concave, heavy-tailed and multimodal targets. Section 4 describes a
practical algorithm for computing diffusion Stein discrepancies using a geometric
spanner and linear programming. In Section 5, we complement the principal theo-
retical contributions of this work with several simple numerical examples illustrat-
ing how diffusion Stein discrepancies can be deployed in practice. In particular, we
use our discrepancies to select the hyperparameters of biased samplers, compare
random and deterministic quadrature rules and quantify bias-variance tradeoffs in
approximate Markov chain Monte Carlo. A discussion of related and future work
follows in Section 6, and all proofs are deferred to the Appendices.

NOTATION. For r € [1,00], let |-||, denote the £" norm on R?. We will
use ||-|| as a generic norm on R4 satisfying ||-|| > ||-|l2 and define the associ-
ated dual norms, |v|* £ SUP, eRd: |u|=1 (U, V) for vectors v € R? and [|W|* &

SUp, crd:ju =1 | Wull* for matrices W € R9*d Let e¢; be the jth standard basis
vector, V; be the partial derivative % and Anmin(-) and Anax(-) be the small-
est and largest eigenvalues of a symmetric matrix. For any real vector v and
tensor 7, let ||v||Op = |lv|l2 and ||T||Op = Supy, = 1 IT[u]]lop. For each suffi-
ciently dlfferentlable vector- or matrix-valued function g, we define the bound
Mo(g) = Sup,cre |€(x)[lop and the kth order Holder coefficients

V=14 () — vIkI-1
Mi(9)2  sup I g(x) 8 llop for k > 0,

k
x,yeRd x=£y llx — y”{ }

where {k} £k — [k — 1] and VY is the identity operator. For each differentiable
matrix-valued function a, we let (V,a(x)) =3_; e; >k Via,r(x) represent the di-
vergence operator applied to each row of a and define the Lipschitz coefficients
Fr(a) 2 SUPycRA [|v; o=1,.... [vglla=1 IVka(x)[v1, ..., ]|l F for ||| r the Frobenius
norm. Finally, when the domain and range of a function f can be inferred from
context, we write f € CX to indicate that f has k continuous derivatives.
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2. Stein’s method. In the early 1970s, Charles Stein [88] introduced a pow-
erful three-step approach to upper-bounding a reference IPM dy:

1. First, identify an operator 7~ that maps input functions” g : RY — R? in a
domain G into mean-zero functions under P, that is,

Ep[(Tg)(Z2)]=0 forallgeg.
The operator 7 and its domain G define the Stein discrepancy [36],

S(Qn. T.G) £ SuglEQn[(Tg)(X)]l
g€

2
= uplEo, [(T9) ()] = Er[(T&)(2)]| = drg(Qn. P).
ge
a quality measure which takes the form of an integral probability metric while
avoiding explicit integration under P.
2. Next, prove that, for each test function /4 in the reference class H, the Stein
equation

3) h(x) —Ep[h(Z)] = (T gn) (x)

admits a solution g, € G. This step ensures that the reference metric dy lower
bounds the Stein discrepancy (Desideratum (ii)) and, in practice, can be carried
out simultaneously for large classes of target distributions.

3. Finally, use whatever means necessary to upper bound the Stein dis-
crepancy and thereby establish convergence to zero under appropriate conditions
(Desideratum (i)). Our general result, Proposition 8, suffices for this purpose.

While Stein’s method is traditionally used as analytical tool to establish rates of
distributional convergence, we aim, following [36], to develop the method into a
practical computational tool for measuring the quality of a sample. We begin by
assessing the convergence properties of a broad class of Stein operators derived
from It6 diffusions. Our efforts will culminate in Section 4, where we show how
to explicitly compute the Stein discrepancy (2) given any sample measure O, and
appropriate choices of 7 and G.

2.1. Identifying a Stein operator. To identify an operator 7 that generates
mean-zero functions under P, we will appeal to the elegant and widely applicable
generator method construction of Barbour [3, 4] and G6tze [38]. These authors
note that if (Z;);>¢ is a Feller process with invariant measure P, then the infinites-
imal generator A of the process, defined pointwise by

4 (Au) (x) = lim (E[u(Z) | Zo=x] —u(x))/t

2Real-valued g are also common, but R4 -valued g are more convenient for our purposes.
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satisfies Ep[(Au)(Z)] = 0 under very mild restrictions on # and .A. Gorham and
Mackey [36] developed a Langevin Stein operator based on the generator of a
specific Markov process—the Langevin diffusion described in (D1). Here, we will
consider a broader class of continuous Markov processes known as 116 diffusions.

DEFINITION 1 (It6 diffusion [72], Definition 7.1.1). A (time-homogeneous)
116 diffusion with starting point x € R?, Lipschitz drift coefficient b : R¢ — R? and
Lipschitz diffusion coefficient o : RY — R4*™ is a stochastic process (Z;.)r=0
solving the Itd stochastic differential equation

(5) dZ;, =b(Z; ) dt +0(Z;)dW; with Zg, =x eRY,

where (W;);>0 is an m-dimensional Wiener process.

As the next theorem (distilled from [64], Theorem 2, and [75], Section 4.6)
shows, it is straightforward to construct Itd diffusions with a given invariant mea-
sure P (see also [49, 52]).

THEOREM 2 ([64], Theorem 2, and [75], Section 4.6). Fix an It6 diffusion
with C' drift and diffusion coefficients b and o, and define its covariance coeffi-
cient a(x) £ o (x)o(x) . P € Py is an invariant measure of this diffusion if and
only if b(x) = %ﬁw, p(x)a(x)) + f(x) for a nonreversible component f € C!

satisfying (V, p(x) f(x)) =0 for all x € R¢. If f is P-integrable, then

11
(6) b(x) =5 ——{V, p(x)(ax) + c(x)

e )
for c a differentiable P-integrable skew-symmetric d x d matrix-valued function
termed the stream coefficient [16, 56]. In this case, for all u € C 2 N dom(A), the
infinitesimal generator (4) of the diffusion takes the form

@) (Au)(x) = lL(V px)(a(x)+ C()C))Vu(x)).3
2 px)

REMARKS. Theorem 2 does not require Lipschitz assumptions on b or o.
An example of a nonreversible component which is not P-integrable is f(x) =
v/ p(x) for any constant vector v € RY. Prominent examples of P-targeted diffu-
sions include:

3We have chosen an atypical form for the infinitesimal generator in (7), as it will give rise to a
first-order differential operator (8) with more desirable properties. One can check, for instance, that
the first-order operator (7 g)(x) =2(b(x), g(x)) + (a(x), Vg(x)) derived from the standard form of
the generator, (Au)(x) = (b(x), Vu(x)) + %(a (x), V2u(x)), fails to satisfy Proposition 3 whenever
the nonreversible component f(x) 0.



MEASURING SAMPLE QUALITY WITH DIFFUSIONS 2889

(D1) the (overdamped) Langevin diffusion (also known as the Brownian or
Smoluchowski dynamics) [75], Sections 6.5 and 4.5, where a = [ and ¢ = 0;

(D2) the preconditioned Langevin diffusion [90], where c=0anda = oo | for
a constant diffusion coefficient o € R4*™;

(D3) the Riemannian Langevin diffusion [33, 52, 83], where ¢ = 0 and a is not
constant;

(D4) the nonreversible preconditioned Langevin diffusion (see, e.g., [20, 64,
81]), where a = oo ! for o € R*™M constant and ¢ not identically O;

(DS) and the second-order or underdamped Langevin diffusion [45], where we
target the joint distribution P ® A/(0, I) on R?? with

/00 (0 —1I
a=2(0 1) and C=2<I O)

We will present detailed examples making use of these diffusion classes in Sec-
tions 3 and 5.

Theorem 2 forms the basis for our Stein operator of choice, the diffusion Stein
operator T, defined by substituting g for %Vu in the generator (7):

1
(®) (Tg)(x) = %W, px)(ax) +c(x))g(x)).
7T is an appropriate choice for our setting as it depends on P only through Vlog p
and is therefore computable even when the normalizing constant of p is unavail-
able. One suitable domain for T is the classical Stein set [36] of 1-bounded func-
tions with 1-bounded, 1-Lipschitz derivatives:

Gy = {g :R?

*
b

Vg()|

x IIVg(X)—Vg(y)II*>Sl}‘

—>]Rd’ sup maX(Hg(x) ’ llx = yll

x#yeRd
Indeed, our next proposition, proved in Appendix A, shows that, on this domain,

the diffusion Stein operator generates mean-zero functions under P.

PROPOSITION 3. IfT is the diffusion Stein operator (8) for P € Py witha, c €
C' and a, ¢, b (6) P-integrable, then Ep[(Tg)(Z)] =0 forall g € Gj-l-

Together, 7 and G, give rise to the classical diffusion Stein discrepancy
S(Qn, T, Gj.|), our primary object of study in Sections 2.2 and 2.3.
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2.2. Lower bounding the diffusion Stein discrepancy. To establish that the
classical diffusion Stein discrepancy detects nonconvergence (Desideratum (ii)),
we will lower bound the discrepancy in terms of the L' Wasserstein distance,
dW”‘”2 = W1, a standard reference IPM generated by

H=Wi, 2[R >R sup [k(r) —h()] < llx = yll2}.
x#yeRd

The first step is to show that, for each h € W).|,, the solution g; to the Stein
equation (3) with diffusion Stein operator (8) has low-order derivatives uniformly
bounded by target-specific constants called Stein factors.

Explicit Langevin diffusion (D1) Stein factor bounds are readily available for
a wide variety of univariate targets* (see, e.g., [10, 11, 89] for explicit bounds or
[57] for a recent review). In contrast, in the multivariate setting, efforts to establish
Stein factors have focused on Gaussian [4, 9, 30, 38, 68, 70, 80], Dirichlet [29] and
strongly log-concave [65] targets with preconditioned Langevin (D2) operators.
To extend the reach of the literature, we will derive multivariate Stein factors for
targets with fast-coupling Itd diffusions. Our measure of coupling speed is the
Wasserstein decay rate.

DEFINITION 4 (Wasserstein decay rate). Let (P;);>0 be the transition semi-
group of an It6 diffusion (Z; ,);>0 defined via

(P, f)(x) 2E[f(Z,,)] for all measurable f,x € R?, and ¢ > 0.

For any nonincreasing integrable function r : R>¢9 — R, we say that (P);>0 has
Wasserstein decay rate r if

) dwy, 6xPr, 8y P) < r(D)dyyy,, (8x,8y) forallx,ye RY and 1 >0,
where 8, P; denotes the distribution of Z; .

Our next result, proved in Appendix B, shows that the smoothness of a solution
gn to a Stein equation is controlled by the rate of Wasserstein decay, and hence by
how quickly two diffusions with distinct starting points couple. The Stein factor

bounds on the derivatives of u; and g; may be of independent interest for estab-
lishing rates of distributional convergence.

THEOREM 5 (Stein factors from Wasserstein decay). Fix any Lipschitz h. If an

1t6 diffusion has invariant measure P € Py, transition semigroup (P;);>0, Wasser-
stein decay rate r and infinitesimal generator A (4), then

(10) up = /OOO Ep[h(Z)] — Pihdt

4The Langevin operator recovers Stein’s density method operator [89] when d = 1.
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is twice continuously differentiable and satisfies
o0
Mi(up) < Ml(h)/ r(t)dt and h—Ep[h(Z)] = Auy.
0

Hence, g, = %Vuh solves the Stein equation (3) with diffusion Stein operator (8)
whenever A has the form (7). If the drift and diffusion coefficients b and o have
locally Lipschitz second derivatives and a right inverse o~ '(x) for each x € R¢
and h € C? with bounded second derivatives, then

(11) My (up) < My(h)(B1 + B2),
where

Br=r©0)(2Mo(o ") +r(O)M (@) Mo(o™") + r(0)Va), and

o =) Mol ™) + €% M1 0) Moo ™) + gewa) [ rwar

2_2 b 2
for yp & pMi(b) + E522 M1 (0)* + 5 F1(0)%, & 520y + 2F2(0)2. If,

additionally, V3b and V3o are locally Lipschitz and h € C3 with bounded third
derivatives, then, for all 1 € (0, 1),

1/1 00
(12) M-t =M (7 + [ ar)
K\ 0
for K > 0 a constant depending only on M.3(0), M1.3(b), Mo(c~Y and r.

REMARK. Theorems 1 and 2 of Pardoux and Veretennikov [73] also bound
the solutions of the Stein equation (3). However, for generic Lipschitz &, [73],
Theorems 1 and 2, provide inexplicit constants; only guarantee the polynomial
growth of g, and its derivatives, not uniform boundedness; and require bounded
o, a strong assumption which rules out the heavy-tailed examples of Section 3.

A first consequence of Theorem 5, proved in Appendix D, concerns Stein oper-
ators (8) with constant covariance and stream matrices a and c. In this setting, fast
Wasserstein decay implies that the diffusion Stein discrepancy converges to zero
only if the Wasserstein distance does (Desideratum (ii)).

THEOREM 6 (Stein discrepancy lower bound: constant a and c¢). Consider
an Ité diffusion with diffusion Stein operator T (8) for P € Py, Wasserstein decay
rate r, constant covariance and stream matrices a and ¢ and Lipschitz drift b(x) =
%(a +c)Vieg p(x). If s, & Jo° r(2)dt, then

dWH‘Hz(Q”’ P) < 3Sr maX(‘S(Qn, T7 g””)’
(13)

3 2 1\2
S(0n, T, g||‘||)\/§E[|IG||2] (2M1(b)+s_> )’

r

where G € R? is a standard normal vector and My (b) < %lla + cllopM2(log p).
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Theorem 6 in fact provides an explicit upper bound on the Wasserstein distance
in terms of the Stein discrepancy and the Wasserstein decay rate. Under additional
smoothness assumptions on the coefficients, the explicit relationship between Stein
discrepancy and Wasserstein distance can be improved and extended to diffusions
with nonconstant diffusion coefficient, as our next result, proved in Appendix E,
shows.

THEOREM 7 (Stein discrepancy lower bound: nonconstant @ and ¢). Consider
an Ito diffusion for P € Pi with diffusion Stein operator T (8), Wasserstein de-
cay rate r and Lipschitz drift and diffusion coefficients b (6) and o with locally

Lipschitz second derivatives. If s, £ Joo r(t)dt, then

dWMz(Qna P)
<2max(S(Qn, T, G).|) max(s,, 1 + B2),

\/S(Qn’ T, Gy 2/m (B + B2)¢),
for By, B2 defined in Theorem 5 and
¢ £E[IG2](1 +2M,(b)s, + M{ (m)(B1 + B2)).

where G € RY is a standard normal vector, m £ a + ¢, and M; (m) £
sup, 2, Im(x) = mII%y/lx = yla.
If, additionally, V3b and V3o are locally Lipschitz, then

dW”.\|2(Qna P)
<28(0n, T.Gy1) maX(maX(Sr, B1+ B2),

d1/4 d
emax(ﬁﬁ, \/?—)(s, + max(log(1/8(0..7.G1.1). 1))>’

for a constant K > 0 depending only on M1.3(c), M1.3(b), Mo(a_l) andr.

(14)

REMARK. The log(1/5(Q,,7.6;)) term in (14) reflects the potential non-
smoothness of the Stein equation solution g, studied in Theorem 5. Indeed, for
d > 2 and standard multivariate Gaussian P, there exist Lipschitz & with infinite
M>(gn) [78], Remark 2.

In Section 3, we will present practically checkable conditions implying fast
Wasserstein decay and discuss both broad families and specific diffusion-target
pairings covered by this theory.
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2.3. Upper bounding the diffusion Stein discrepancy. In upper bounding the
Stein discrepancy, one classically aims to establish rates of convergence to P for
specific sequences (Q,);2 ;. Since our interest is in explicitly computing Stein
discrepancies for arbitrary sample sequences, our general upper bound in Proposi-
tion 8 serves principally to provide sufficient conditions under which the classical
diffusion Stein discrepancy converges to zero.

PROPOSITION 8 (Stein discrepancy upper bound). Let T be the diffusion Stein
operator (8) for P € P1. If m = a + c and b (6) are P-integrable,

SQn, T, G < X~Qi,Ill,fZ~P(E[2Hb(X) —b(@D)| + [m(X) —m(2)|]
+E[(2[6(2)| + [m(Z)]) min(| X — Z|, 2)])
< Wy 11(Qn, PYCM (0) + M (m))
+ Wy (Qns PY2YE[2]B(Z) | + [m(2Z) )P0/
forany s > 1 and t € (0, 1]. Moreover, for jio = E[e2IPD1+Im@)l]

S(Qn, T> G ) < Wi (Qn, PYCM T 0) + MV (im))
+ min(Wi . (Qn, P), 2)log((epo)/min(Wi, . (Qn, P),2)).

This result, proved in Appendix F, complements the Wasserstein distance lower
bounds of Section 2.2 and implies that, for Lipschitz and sufficiently integrable m
and b, the diffusion Stein discrepancy converges to zero whenever Q, converges
to P in Wasserstein distance.

2.4. Extension to nonuniform Stein sets. For any c1, ¢z, c3 > 0, our analyses
and algorithms readily accommodate the nonuniform Stein set

C1:3 & .mod
Gii = {g-R

’

1 c c3llx —yll

(Ilg(x)ll* VeI [IVg(x) — vg(y)”*) < 1}.

—>Rd‘ sup max
x#yeRd

This added flexibility can be valuable when tight upper bounds on a reference IPM,
like the Wasserstein distance, are available for a particular choice of Stein factors
(c1, €2, ¢3). When such Stein factors are unknown or difficult to compute, we rec-
ommend the parameter-free classical Stein set and graph Stein set of the sequel
as practical defaults, since the classical Stein discrepancy is strongly equivalent to
any nonuniform Stein discrepancy.
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PROPOSITION 9 (Equivalence of nonuniform Stein discrepancies). For any
c1, 2,3 >0,

min(cy, ¢2, 3)S(Qn, T, G)) < S(Qn, T, gﬁ.lf)
<max(ci, c2,c3)S(Qn, T, G)))-

REMARK. The short proof follows exactly as in [36], Proposition 4.

3. Sufficient conditions for Wasserstein decay. Since the Stein discrepancy
lower bounds of Section 2 depend on the Wasserstein decay (9) of the chosen dif-
fusion, we next provide examples of practically checkable sufficient conditions
for Wasserstein decay and illustrate the process of verifying these conditions for
a selection of diffusion-target pairings. These pedagogical examples serve to suc-
cinctly illustrate the process of verifying our assumptions and do not represent the
full scope of applicability.

3.1. Uniform dissipativity. It is well known (see, e.g., [7], equation (7)) that
the Langevin diffusion (D1) enjoys exponential Wasserstein decay whenever
log p is k-strongly log concave, that is, when the drift b = %Vlogp satisfies

(b(x) —b(y),x —y) < —% lx — yllg for k > 0. An analogous uniform dissipativity
condition gives explicit exponential decay for a generic Itd diffusion.

THEOREM 10 (Wasserstein decay: uniform dissipativity). Fixk > 0and G >
0, and let ||w||%; £ (w, Gw), for any vector or matrix w € R4 4" > 1. An Ité
diffusion with drift and diffusion coefficients b and o satisfying

2b(x) = b(y), G(x — Y)) + |ox) —o M|
< —kllx —yl% forallx,yeR?
has Wasserstein decay rate (9) r(t) = e_k’/za/kmax(G)/Amin(G).

REMARK. The proof of Theorem 10 in Appendix G holds even when the drift
b is not Lipschitz, yields the same decay rate for W, |.|,, and relies on a syn-
chronous coupling of Itd diffusions, mimicking [7], Section 1.

Hence, if the drift b of an It6 diffusion is —k/2-one-sided Lipschitz, that is,
(15 2(b@) —b(),G(x — ) < —klx — y|} forallx,y e R4
and some G > 0, and the diffusion coefficient o is ~/k’-Lipschitz, that is,

2
lox) —o |5 <Kllx —ylly forallx,yeR?,

then, whenever k’ < k, the diffusion exhibits exponential Wasserstein decay. with

rate e_(k_k/)t/zx/)‘mZ‘X(G)/)Lmin(G)-



MEASURING SAMPLE QUALITY WITH DIFFUSIONS 2895

EXAMPLE 1 (Bayesian logistic regression with Gaussian prior). A one-sided
Lipschitz drift arises naturally in the setting of Bayesian logistic regression [32],
a canonical model of binary outcomes y € {—1, 1} given measured covariates v €
R?. Consider the log density of a Bayesian logistic regression posterior based on
a dataset of L observations (v;, y;) and a N'(u, X) prior:

log p(B) = nz V28 — w5 - Zlog +exp(—yi (v, B))) + const.
=1

multivariate Gaussian prior . - .
logistic regression likelihood

Here, our inferential target is the unobserved parameter vector 8 € R?. Since
—x7 1= V2log p(B)

L yi{vr,B) 1
T € S T
=-X —(1 B2 lvl ) 2 Zvlv, ,

the P-targeted preconditioned Langevin diffusion (D2) drift b(8) = iyv log p(B)
satisfies (15) with k =1 and G = 7! and M (b) < LI + 1= 3L viv) llop-
Hence, the diffusion enjoys geometric Wasserstein decay (Theorem 10) and a
Wasserstein lower bound on the Stein discrepancy (Theorem 6).

EXAMPLE 2 (Bayesian Huber regression with Gaussian prior). Huber’s least
favorable distribution provides a robust error model for the regression of a continu-
ous response y € R onto a vector of measured covariates v € R? [46]. Given L ob-
servations (v, y;) and a N (i, ¥) prior on an unknown parameter vector 8 € R4,
the Bayesian Huber regression log posterior takes the form

1
logp(ﬂ)=—§||Z_1/2(/3—M)||§ Z,Oc (v, B)) + const.

multivariate Gaussian prior ) N .
Huber’s least favorable likelihood

where p,(r) £ 1r?1[|r| < c]+c(r] = )I[|r| > c] for fixed ¢ > 0. Since p.(r) =
min(max(r, —c), c) is 1-Lipschitz, p. is convex, and the Hessian of the log
prior is —X 7!, the P-targeted preconditioned Langevin diffusion (D2) drift
b(B) = %ZVlogp(ﬂ) satisfies (15) with k =1 and G = £~ and M;(b) <
% I+ X ZIL=1 vy vlT llop- This is again sufficient for exponential Wasserstein decay
and a Wasserstein lower bound on the Stein discrepancy.

3.2. Distant dissipativity, constant . When the diffusion coefficient o is con-
stant with a £ %UO’T invertible, Eberle [22] showed that a distant dissipativity
condition is sufficient for exponential Wasserstein decay. Specifically, if we define
a one-sided Lipschitz constant conditioned on a distance r > 0,

—k(r) = sup{2(b(x) — () Ta~ x = y)/r?: (x — ) Ta 7 @ — y) =12},
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then [22], Corollary 2, establishes exponential Wasserstein decay whenever « is
continuous with liminf,_, o, () > 0 and fol ri(r)” dr < oo. For a Lipschitz drift,
this holds whenever b is dissipative at large distances, that is, whenever, for some
k > 0, we have k (r) > k for all r sufficiently large [22], Lemma 1.

EXAMPLE 3 (Gaussian mixture with common covariance). Consider an m-

component mixture density p(x) = ZT:] w;¢;(x), where the component weights

w;j > 0 sum to one and ¢; is the density of a N'(i;, £) distribution on R4. Fix
any x,y € REIf =12 (x — y)|l2 =r, the P-targeted preconditioned Langevin
diffusion (D2) with drift b(z) = %aVIog p(z) and a = ¥ satisfies

2(b(x) —b(») 'a ' x —y)
= (Vlog p(x) — Vlog p(») " (x — y)
=2 (7 () — ), 2TV (x — y)) < =+ rA,

by Cauchy—Schwarz and Jensen’s inequality, for A £ sup; i |l E_l/z(uj — wi)ll2,

wix) = ZJ"-;I wi(x)uj, and 7 (x) = %;()x) Moreover, by the mean value theo-

rem, Cauchy—Schwarz and Jensen’s inequality, we have, for each v € R4,
2A=12(b(x) — b(y)), v)
— (E*I/Z(pr(z) —I)(x—y),v)
=((=7"25@E 72 = D)= 2 = ) v) < [ 272 = |, L,

for some z € RY, S(x) £ 3 7 S0 7 () () (i — ) (e — ) T, and
L& sup; ¢ [1— ||2_1/2(,uj — ;Lk)||%/2|. Hence, b is Lipschitz, and « (r) > % when
r > 2A, so our diffusion enjoys exponential Wasserstein decay [22], Lemma 1,
and a Stein discrepancy upper bound on the Wasserstein distance.

3.3. Distant dissipativity, nonconstant o. Using a combination of synchro-
nous and reflection couplings, Wang [94], Theorem 2.6, showed that diffusions
satisfying a distant dissipativity condition exhibit exponential Wasserstein decay,
even when the diffusion coefficient o is nonconstant. In Appendix H, we combine
the coupling strategy of [94], Theorem 2.6, with the approach of [22] for diffusions
with constant o to obtain the following explicit Wasserstein decay rate for distantly
dissipative diffusions with bounded o ~!.

THEOREM 11 (Wasserstein decay: distant dissipativity). Let (P;);>0 be the
transition semigroup of an Ito diffusion with drift and diffusion coefficients b
and o . Define the truncated diffusion coefficient

oo(x) = (O'(X)O'(X)T - A%I)l/z for some A € [0, l/Mo(afl)]
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and the distance-conditional dissipativity function
1
Kk(r) = inf{ —2a ((b(X) —b(y),x —y)+ > loo(x) — o0 |7
(16)
1
~ 510t = o0() " = y)H%/rZ)/r2 Hlx =yl = r}

.
for any mg <infy4, ||(ao(x)—|§)(_y)?ﬁ2 O and o 21/ (A2 + mi/4).

If the constants Ro = inf{R > 0:«(r) > 0,Vr > R} and Ry = inf{R > Ry :
k(r)R(R — Rg) = 8,Vr > R} satisfy Ry < R| < o0, then
(17) dwy, Bx Pr,8y P) < 20(Ro) ™ e dwy, (8, 8,)
forallx,y e R? and t > 0, where % =« 0R1 I exp(% [P uk~(w)du)dtds, ¢(r) =
emd li W45 gng = (5) = max(—« (s), 0).

REMARK 1. Theorem 11 holds even when the drift b is not Lipschitz.

The Wasserstein decay rate (17) in Theorem 11 has a simple form when the dif-
fusion is dissipative at large distances and « is bounded below. These rates follow

exactly as in [22], Lemma 1.

COROLLARY 12. Under the conditions of Theorem 11, suppose that, for
R,L>0and K >0,«x(r)> —L forr <Randk(r) > K forr > R. Then

~1

82 R®+eV8K— 1R+ 4K ifLR2 <8,
1.1
@l <4 g U 2

W(L_l + K—l)exp(%) +32R72K™2 if LR} > 8.

EXAMPLE 4 (Multivariate Student’s t regression with pseudo-Huber prior).
The multivariate Student’s t distribution is also commonly employed as a robust
error model for the linear regression of continuous responses y € R onto mea-
sured covariates V € RE*4 [58, 95]. Under a pseudo-Huber prior [44], a Bayesian
multivariate Student’s t regression posterior takes the form

i scon((1 -1 1908) (1 2o - vas v

pseudo-Huber prior

multivariate Student’s t likelihood

for fixed 8, v > 0 and X > 0. Introduce the shorthand ¥ (r) = 2,/1 + r2/82 — A2
for each A € [0, v/2) and £(B) £ 1 + %(y —VvB)T="1(y — VB). Since

Vlog p(B) = —28/Vo(llBl2) + (1 + %) vTs—l(y = VB)/E(B)
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is bounded, no P-targeted preconditioned Langevin diffusion (D2) will satisfy
the distant dissipativity conditions of Section 3.2. However, we will show that
whenever V'V > 0, the Riemannian Langevin diffusion (D3) with o(8) =
VUUBIDI € R4 a(B) = 3¥o(lBl2)I, and b(B) = a(B)Vlegp(B) +
(V, a(p)) satisfies the Wasserstein decay preconditions of Corollary 12.
Indeed, fix any Ag € (0, 1/Mo(c~")) = (0, +/2). Since M (/¥y) <

2— AZ
Mi(Yp) < g, and Mo () < 8—2, 00, 0, a and Va are all Lipschitz. The drlft bis
also Lipschitz, since V log p and the product of a(8) and

VZlog p(B)
= —21/%0(IBll2) + 888" /(8*¥5 (I1B112))
+(1+7)@v = 0= VHO - VA =Y /EE)
- vTzTlv/ep)

are bounded. Hence, « (16) is bounded below. Moreover, the the Holder continuity
of x > 4/x, Cauchy—Schwarz and the triangle inequality imply

e ) 5y
€z int X ((b(8) - b B)

=B 1B1) - Vu(I8T)P)

200 /d — 1
Z2a—7<—+M1(W0)

o
v Ty
wsu(1+ 7 P8IV 0~ VB lL/e®)

4 sup(l . v> 2(1 +5/)UVTE Tyl +sIVIET Vo) )
1+t max(0, s/[(VTZIV) " lgp — 271 y]2)?
Letting ¢ represent the supremum in the final inequality, we see that «(r) > a =

1/ A% whenever r > 2(‘15il + ¢). Hence, Corollary 12 delivers exponential Wasser-
stein decay. A Wasserstein lower bound on the Stein dlscrepancy now follows from

Theorem 7, since M>(\/vg) < «/%52’ M3 () < 25[33’ and a(,B)V2 log p(B) is
Lipschitz, and hence M>(o) and M»>(b) are bounded.

4. Computing Stein discrepancies. In this section, we introduce a computa-
tionally tractable Stein discrepancy that inherits the favorable convergence proper-
ties established in Sections 2 and 3. We will directly port the spanner discrepancy
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methodology developed and detailed in [36] and use our new diffusion operators
as drop-in replacements for the overdamped Langevin operators advocated in [36].
While we only explicitly discuss target distributions supported on all of R?, con-
strained domains of the form (a1, B1) X - -+ X (g, Ba) Where —o00 < «; < f; <00
for all 1 <i <d can be handled by introducing boundary constraints as in [36],
Section 4.4.

4.1. Spanner Stein discrepancies. For any sample Q,, Stein operator 7, and
Stein set G, the Stein discrepancy S(Q,, T, G) is recovered by solving an opti-
mization problem over functions g € G. For example, if we write m = a + ¢ and

b(x) & %ﬁ (V, p(x)m(x)), the classical diffusion Stein discrepancy is the value

SQn, T, G)11)

n
=sup Y q(x)(2(b(xi), g(xi)) + [m(xi), Ve (x:)))
£ i=1
« IVg(x) = VgWI*
’ llx — ¥l
For all Stein sets, the diffusion Stein discrepancy objective is linear in g and only
queries g and Vg at the n sample points underlying Q,. However, the classi-
cal Stein set G|.| constrains g at all points in its domain, resulting in an infinite-
dimensional optimization problem.’
To obtain a finite-dimensional problem that is convergence-determining and
straightforward to optimize, we will make use of the graph Stein sets of [36]. For
a given graph G = (V, E) with V = supp(Q,,), the graph Stein set,

*
b

Vg(x)

s.t. max(”g(x) ) <1, Vx,yeR%

« 18(x) —gWII*

Gi11,0..G = {g : max(”g(v}H*, Vg)|, =l )
I90) ~60)I")
lx — vl -
Hg@)—g@)—vguxx—yw*<l

3lx =12
llgx) —g(y) — Ve —yI*
3llx =yl
imposes boundedness constraints only at sample points and smoothness constraints

only at pairs of sample points enumerated in the edge set E. The graph is termed
a t-spanner [14, 76] if each edge (x, y) € E is assigned the weight ||x — y||, and,

<1,V(x,y)eE,ve V},

SWhen d = 1, the problem reduces to a finite-dimensional convex quadratically constrained
quadratic program with linear objective as in [36], Theorem 9.
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for all x’ # y’ € V, there exists a path between x" and y’ in the graph with total
path weight no greater than 7||x” — y’||. Remarkably, for any linear Stein operator
T, a spanner Stein discrepancy S(Q,, T, G|.|,0,.G,) based on a t-spanner G; is
equivalent to the classical Stein discrepancy in the following strong sense, imply-
ing Desiderata (i) and (ii).

PROPOSITION 13 (Equivalence of classical and spanner Stein discrepancies).
If Gy = (supp(Qy), E) is a t-spanner for t > 1, then

S0 T, G11) < S0n, T2 Gy, 0n.G) < Kat>S(Qu, T, Gyp)
where kg4 is independent of (Qn, P, T, Gy) and depends only on d and ||-||.

REMARK. The proof relies on the Whitney—Glaeser extension theorem [86],
Theorem 1.4, of Glaeser [34] and follows exactly as in [36], Propositions 5 and 6.

When d = 1, a t-spanner with exactly n — 1 edges is obtained in O (n logn) time
for all + > 1 by introducing edges just between sample points that are adjacent in
sorted order. More generally, if ||-|| is an £7 norm, one can construct a 2-spanner
with O (k)n) edges in O(x,nlog(n)) expected time where «; is a constant that
depends only on the norm ||| and the dimension d [43]. Hence, a spanner Stein
discrepancy can be computed by solving a finite-dimensional convex optimization
problem with a linear objective, O(n) variables and O(Kc’ln) convex constraints,
making it an appealing choice for a computable quality measure (Desideratum

(ii1)).

4.2. Decoupled linear programs. Moreover, if we choose the norm ||| =
I-Il1, the graph Stein discrepancy optimization problem decouples into d inde-
pendent linear programs (LPs) that can be solved in parallel using off-the-shelf
solvers. Indeed, for any G = (supp(Q,), E), S(Qn, T, G|-11,0.,G) €quals

d n d
sup ZCI(xi)<2bj(xz')lﬁji + ijk(xz')‘lfjki>
j=1¥; R W;eRXM | k=1
st Villoo <1, 1Wjllo <1, andforalli#1, (x;,x;) € E
(18) max(“//ji — Yl 1Vj(ei —e)lloo [V¥ji —Yrji — (Wjei, xi — x1)
i —xilln ™ Ml =l i —x113
Iji — Yt — (Yjei, x —xi)l) <1,

1 2
2 llxi = Xl

’

where ¥ ;; and W j; represent the values g;(x;) and Vg (x;) respectively. There-
fore, our recommended quality measure is the 2-spanner diffusion Stein discrep-
ancy with ||-|| = ||-||1. Its computation is summarized in Algorithm 1. An efficient
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Algorithm 1 Spanner diffusion Stein discrepancy, S(Qn, T, G111, 0,.G2)

input: sample Q,, target score V log p, covariance coefficient a, stream coeffi-
cient ¢
Gy < 2-spanner of V = supp(Q;,)
for j =1 to d do (in parallel)

7j < Optimal value of jth coordinate linear program (18) with graph G,
return Z‘jj-zl T;

implementation of Algorithm 1, integrated with 11 linear program solver options,
is publicly available via our Julia package.®

5. Numerical illustrations. In this section, we complement the principal the-
oretical contributions of this work with several simple numerical illustrations
demonstrating how diffusion Stein discrepancies can be deployed in practice. We
will use our proposed quality measures to select hyperparameters for biased sam-
plers, to quantify a bias-variance trade-off for approximate MCMC, and to com-
pare deterministic and random quadrature rules. In each case, we choose experi-
mental settings in which a notion of surrogate ground truth is available for external
validation. We solve all linear programs using Julia for Mathematical Program-
ming [62] with the Gurobi 6.0.4 solver [40] and use the C++ greedy spanner
implementation of Bouts et al. [5] to compute our 2-spanners. Our timings were
obtained on a single core of an Intel Xeon CPU E5-2650 v2 @ 2.60 GHz. Code
reconstructing all experiments is available on the Julia package site.

5.1. A simple example. We first present a simple example to illustrate several
Stein discrepancy properties. For a Gaussian mixture target P (Example 3) with
p(x) e"2(6=2)’ + e 20+ and A > 0, we simulate one i.i.d. sequence of
sample points from P and a second i.i.d. sequence from N (—%, 1), which repre-
sents only one component of P. For various mode separations A, Figure 1 shows
that the Langevin spanner Stein discrepancy (D1) applied to the first n Gaussian
mixture sample points decreases to zero at a n~!/? rate, while the discrepancy
applied to the single mode sequence stays bounded away from zero. However,
Figure 1 also indicates that larger sample sizes are needed to distinguish between
the mixture and single mode sample sequences when A is large. This accords
with our theory (see Example 3, Corollary 12 and Theorem 6), which implies that
both the Langevin diffusion Wasserstein decay rate and the bound relating Stein to
Wasserstein degrade as the mixture mode separation A increases.

6https:// /jgorham.github.io/SteinDiscrepancy.jl/
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FI1G. 1. Stein discrepancy for normal mixture target P with A mode separation (Section 5.1).

5.2. Selecting sampler hyperparameters. Stochastic Gradient Riemannian
Langevin Dynamics (SGRLD) [74] with a constant step size € is an approximate
MCMC procedure designed to accelerate posterior inference. Unlike asymptoti-
cally correct MCMC algorithms, SGRLD has a stationary distribution that devi-
ates increasingly from its target P as its step size € grows. On the other hand, if €
is too small, SGRLD fails to explore the sample space sufficiently quickly. Hence,
an appropriate setting of € is paramount for accurate inference.

To demonstrate the value of diffusion Stein discrepancies for hyperparameter
selection, we analyzed a biometric data set of L = 202 athletes from the Aus-
tralian Institute of Sport that was previously the focus of a heavy-tailed regression
analysis [87]. In the notation of Example 4, we used SGRLD to conduct a Bayesian
multivariate Student’s ¢ regression (v = 10, ¥ = I) of athlete lean body mass onto
red blood count, white blood count, plasma ferritin concentration and a constant
regressor of value 1/+/L with a pseudo-Huber prior (8 = 0.1) on the unknown
parameter vector 8 € R*.

After standardizing the output variable and nonconstant regressors and ini-
tializing each chain with an approximate posterior mode found by L-BFGS
started at the origin, we ran SGRLD with minibatch size 30, metric G(8) =

1/2,/ 1+ 18/ ||%)I , and a variety of step sizes € to produce sample sequences of
length 200,000 thinned to length 2000. We then selected the step size that deliv-
ered the highest quality sample—either the maximum effective sample size (ESS,
a popular MCMC mixing diagnostic based on asymptotic variance [6]) or the min-
imum Riemannian Langevin spanner Stein discrepancy with a(8) = G~'(8). The
longest discrepancy computation consumed 6s for spanner construction and 65s to
solve a coordinate optimization problem. As a surrogate measure of ground truth,
we also generated a sample Q* of size 2 x 10® from the Metropolis-adjusted Rie-
mannian Langevin Algorithm (MARLA) [33] with metric G and compute the me-
dian bivariate marginal Wasserstein distance dWIHIl between each SGRLD sample
and Q* thinned to 5000 points [41].

Figure 2(a) shows that ESS, which does not account for stationary distribution
bias, selects the largest step size available, € = 1072. As seen in Figure 2(b), this
choice results in samples that are greatly overdispersed when compared with the
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ESS Riemannian Stein discrepancy Surrogate ground truth

7.4+

=)
f

7.04

6.6 4

N
N
!
N
L

Log diagnostic

: ! ! ! ! ! ! ! : : : ! ! ! ! : ! !
107 10 10 10* 10 1072 107 10 10 10* 10° 102 107 10° 10 10 10 107
Step size, €

(a) Step size selection criteria and surrogate ground truth (median marginal Wasserstein).
ESS maximized at e = 1072, Stein discrepancy and ground truth minimized at e = 10~%.
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(b) Bivariate hexbin plots. Top row: surrogate ground truth sample (2x 108 MARLA points).
Bottom 3 rows: 2,000 SGRLD sample points for various step sizes e.

FI1G. 2.  Step size selection, stochastic gradient Riemannian Langevin dynamics (Section 5.2).

ground truth MARLA sample Q*. At the other extreme, the selection € = 10~/
produces greatly underdispersed samples due to slow mixing. The Stein discrep-
ancy chooses an intermediate value, € = 10~*. The same value minimizes the sur-
rogate ground truth Wasserstein measure and produces samples that most closely
resemble the Q* in Figure 2(b).

5.3. Quantifying a bias-variance trade-off. Approximate random walk
Metropolis—Hastings (ARWMH) [54] with tolerance parameter € is a biased
MCMC procedure that accelerates posterior inference by approximating the stan-
dard MH correction. Qualitatively, a smaller setting of € produces a more faithful
approximation of the MH correction and less bias between the chain’s stationary
distribution and the target distribution of interest. A larger setting of € leads to
faster sampling and a more rapid reduction of Monte Carlo variance, as fewer
datapoint likelihoods are computed per sampling step. We will quantify this bias-
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FI1G. 3. Bias-variance trade-off curves for approximate random walk MH (Section 5.3).

variance trade-off as a function of sampling time using the Langevin spanner Stein
discrepancy.

In the notation of Example 2, we conduct a Bayesian Huber regression analysis
(c =1) of the log radon levels in 1190 Minnesota households [31] as a function of
the log amount of uranium in the county, an indicator of whether the radon reading
was performed in a basement and an intercept term. A A (0, I) prior is placed on
the coefficient vector 8. We run ARWMH with minibatch size 5 and two settings
of the tolerance threshold € (0.1 and 0.2) for 10 likelihood evaluations, discard the
sample points from the first 10° evaluations, and thin the remaining points to se-
quences of length 1000. Figure 3 displays the Langevin spanner Stein discrepancy
applied to the first n points in each sequence as a function of the likelihood eval-
uation count, which serves as a proxy for sampling time. As expected, the higher
tolerance sample (e = 0.2) is of higher Stein quality for a small computational bud-
get but is eventually overtaken by the € = 0.1 sample with smaller asymptotic bias.
The longest discrepancy computation consumed 0.8s for the spanner and 20.1s for
a coordinate LP.

To provide external support for the Stein discrepancy quantification, we gen-
erate a Metropolis-adjusted Langevin chain [84] of length 108 as a surro-
gate Q™ for the target P and display several measures of expectation error
between X ~ Q, and Z ~ Q¥ in Figure 3: the normalized predictive error
max; |[E[(X — Z, v;/||villeo)]| for v; the Ith datapoint covariate vector, the mean
%m and the second moment error mar);g’ijlf%gé f[kz_j ZZJk ]Zlk“
that the Stein discrepancy provides comparable results without the need for an
additional surrogate chain.

. We see

€rror

5.4. Comparing quadrature rules. Stein discrepancies can also measure the
quality of deterministic sample sequences designed to improve upon Monte Carlo
sampling. For the Gaussian mixture target of Section 5.1, Figure 4 compares the
median quality of 50 sample sequences generated from four quadrature rules re-
cently studied in [55], Section 4.1: i.i.d. sampling from P, Quasi-Monte Carlo
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(QMC) sampling using a deterministic quasirandom number generator, Frank—
Wolfe (FW) kernel herding [2, 13] and fully-corrective Frank—Wolfe (FCFW) ker-
nel herding [55]. The quality judgments of the Langevin spanner Stein discrepancy
(D1) closely mimic those of the L! Wasserstein distance dw > which is com-
putable for simple univariate targets [92]. Each Stein discrepancy was computed
in under 0.03s.

Under both diagnostics and as previously observed in other metrics [55], the
i.i.d. samples are typically of lower median quality than their deterministic coun-
terparts. More surprisingly and in contrast to past work focused on very smooth
function classes [55], FCFW underperforms FW and QMC in our diagnostics for
larger sample sizes. Apparently FCFW, which is heavily optimized for smooth
function integration, has sacrificed approximation quality for less smooth test func-
tions. For example, Figure 4 shows that QMC offers a better quadrature estimate
than FCFW for i (x) = max{0, I — minjc(y 2y |[x — u;[}, a 1-Lipschitz approxi-
mation to the indicator of being within one standard deviation of a mode.

In addition to providing a sample quality score, the Stein discrepancy optimiza-
tion problem produces an optimal Stein function g* and an associated test function
h* = T g* that is mean zero under P and best distinguishes the sample Q,, from
the target P. Figure 4 gives examples of these maximally discriminative functions
h* for a target mode separation of A =5 and length 200 sequences from each
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F1G. 4. Left: Quadrature rule quality comparison for Gaussian mixture targets P with mode sepa-
ration A (Section 5.4). Right: (Top) Sample histograms with p overlaid (A =5, n = 200). (Bottom)
Optimal discriminating test functions h* = T g* from Stein program.
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quadrature rule. We also display the associated sample histograms with overlaid
target density. The optimal FCFW function reflects the jagged nature of the FCFW
histogram.

6. Connections and conclusions. We developed quality measures suitable
for comparing the fidelity of arbitrary “off-target” sample sequences by generating
infinite collections of known target expectations.

Alternative quality measures. The score statistic of Fan et al. [25] and the
Gibbs sampler convergence criteria of Zellner and Min [96] account for some sam-
ple biases but sacrifice differentiating power by exploiting only a finite number of
known target expectations. For example, when P = N/(0, 1), the score statistic
[25] cannot differentiate two samples with the same means and variances. Maxi-
mum mean discrepancies (MMDs) over characteristic reproducing kernel Hilbert
spaces [39] do detect arbitrary distributional biases but are only computable when
the chosen kernel functions can be integrated under the target. In practice, one of-
ten approximates MMD using a sample from the target, but this requires a separate
trustworthy sample from P.

While we have focused on the graph and classical Stein sets of [36], our dif-
fusion Stein operators can also be paired with the reproducing kernel Hilbert
space unit balls advocated in [15, 37, 60, 71] to form tractable kernel diffusion
Stein discrepancies or with the random feature functions advocated in [48] to
form random feature diffusion Stein discrepancies. We have also restricted our
attention to Stein operators arising from diffusion generators. These take the form
(Tgx)= ﬁ(v, px)m(x)g(x)) with m = a + ¢ for a(x) positive semidefinite
and c(x) skew-symmetric. More generally, if the matrix m possesses eigenvalues
having a negative real part, then the resulting operator need not correspond to a
diffusion process. Such operators fall into the class of pseudo-Fokker—Planck op-
erators which have been studied in the context of quantum optics [82]. As noted in
[18, 19], it is possible to obtain corresponding stochastic dynamics in an extended
state space by introducing complex-valued noise terms; these operators may merit
further study in future work.

Alternative inferential tasks. While our chief motivation is sample quality
measurement, our work is also directly applicable to a variety of inferential tasks
that currently rely on the Langevin operator introduced by [36, 71], including
control variate design [71], goodness-of-fit testing [15, 60], variational inference
[12, 61, 79] and importance sampling [59]. The Stein factor bounds of Theo-
rem 5 can also be used, in the manner of [42, 50, 67], to characterize the er-
ror of numerical discretizations of diffusions. These works convert bounds on
the solutions of Poisson equations—Stein factors—into central limit theorems for
Eg,[h(X)] — Ep[h(Z)], confidence intervals for Ep[h(Z)], and mean-squared
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error bounds for the estimate E¢,[/2(X)]. Teh et al. [91] and Vollmer et al. [93] ex-
tended these approaches to obtain error estimates for approximate discretizations
of the Langevin diffusion on R¢, while, independently of our work, Huggins and
Zou [47] established error estimates for It6 diffusion approximations with biased
drifts and constant diffusion coefficients. By Theorem 5, their results also hold for
It diffusions with nonconstant diffusion coefficients. Following the release of the
present paper and with the aim of analyzing discretization error for the overdamped
Langevin diffusion, Fang et al. [26], Theorem 3.1, derived multivariate Stein factor
bounds for a class of strongly log-concave distributions. Our Theorem 5 with the
choice ¢t = 1/log(1/€) provides Stein factors of the same form but applies also to
nonlog-concave targets and more general diffusions.

Alternative targets. Our exposition has focused on the Wasserstein distance
dwy,.;» which is only defined for distributions with finite means. A parallel de-
velopment could be made for the Dudley metric [69] to target distributions with
undefined mean. The work of Cerrai [8] also suggests that the Lipschitz condition
on our drift and diffusion coefficients can be relaxed.

APPENDIX A: PROOF OF PROPOSITION 3

Fix any g € G).. Since g and Vg are bounded and b, a, and ¢ are P-integrable,
Ep[(Tg)(Z)] is finite. Define the ball B, = {x € R? : |x|l» < r} with n,(z) the
outward facing unit normal vector for each z on the boundary d5,. Since z —
p()(@2)+c(z)g(z)isin C I we may apply the dominated convergence theorem
and then the divergence theorem to obtain

EA[(To)@)] = lim, [ (V. p@)(a() +c@)s()d

= lim [ (n,(2), (a(2) +c(2))g(2) p(2))dz.

r—0o0 B,

Let f(r)= Mo(g) faB, lla(z) + c(2)llopp(z) dz. Since g and n, are bounded,

/ (1 (2). (a(z) +¢(@)g@p@)dz < fr).

r

The coarea formula [1] and the integrability of a and ¢ further imply that

[ rwrar= [ Mo@la +e@ | yp@rdz < co.
Hence, liminf,_, o f(r) =0, and therefore Ep[(7T g)(Z)] =0.

APPENDIX B: PROOF OF THEOREM 5

Fix any x € R and h € W, with Ep[h(Z)] = 0. Since the drift and diffu-
sion coefficients are Lipschitz, [53], Theorem 3.4, guarantees that the diffusion
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(Z; x)1>0 1s well defined. Using the shorthand s, = fooo r(t)dt, we will show that
the posited function uj, (10) exists and solves the Poisson equation

(19) h = Auy,

with infinitesimal generator A, that uj is Lipschitz, that u;, has a continuous
Hessian, that u; has a bounded and Holder continuous Hessian under additional
smoothness assumptions.

Existence of u; and solving the Poisson equation (19). Consider the set
LE 1+ [x15)Co@®RY) = {1+ [x[3)f : f € Co(®?)}, where Co(R?) is the set
of continuous functions vanishing at infinity. Equipped with the norm || || =
Sup,cge | f(xX)]/(A+ ||x||%), the set L is a Banach space [85]. As noted in [17], the
space L can also be characterized as the closure of the set of bounded continuous
functions, Cp(R?), in the set {f : R — R: || fllz < oo}. To discuss the well-
posedness of the Poisson equation (19), we first show that the transition semigroup
of an It6 diffusion is strongly continuous on L.

PROPOSITION 14. The transition semigroup (P;);>0 of an It6 diffusion with
Lipschitz drift and diffusion coefficients is strongly continuous on L.

PROOF. Fix any f € L and x € R?. We first show that (P; f)(x) converges
pointwise to f(x) as t — 0. Since the associated Itd process (Z¢ x)r=0 1s almost
surely pathwise continuous [53], Theorem 3.4, and f is continuous in a neighbor-
hood of x, it follows that f(Z; ) — f(x) as t — O, almost surely. Moreover,
[28], Section 5, Corollary 1.2, implies that

E[ sup | £(Zol] < 1£1(1+E[ sup 1Z,<13]) < CIAIL(T+ Ix13),
0<t<1 0=<r<1

for some C > 0 depending only on M{(b) and M (o). The dominated convergence
theorem now yields the desired pointwise convergence.

To prove the strong continuity of (P;);>0, it suffices, by [23], Theorem 1.5.8,
p. 40, to verify that (P;);>0 is weakly continuous, that is, that /(P f) — I(f), as
t — 0™, for all elements / of the dual space L*. To this end, fix any [ € L*. By the
Riesz—Markov theorem for L [17], Theorem 2.4, there exists a finite signed Radon
measure /& such that

Q) 1= [, feon@n and [ (14 1x3)l@x = e,
for ||-|| = the dual norm. By Jensen’s inequality and [28], Section 5, Corollary 1.2,
vi, P H@], <E[|f(Ze]]
< IILE[L + 1 Ze 23] < CHANL (L + [1x113).
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Since 1 + ||x||% is |u|-integrable by (20), dominated convergence gives

lim 1(P,f) = lim /R (P @) = /Ié Feouldn) =1(6).

yielding the result. [

Consider the infinitesimal generator 4 of the semigroup (P;);>0 on L with

dom(A) = {feL:tlim Pfft_

exists in the |||/ norm}.
-0t

Since P; is strongly continuous on L and & € L with My(h) <1 and Ep[h(Z)] =
0, [24], Proposition 1.5, implies that

h— Ph= —A/Ot Pshds = Auyp, forup, = — /Ot Pshds.
The stationarity of P and the definitions of dWM2 and r imply that
IPihll = Pih = Eplhl],
= sup [Ep[Pih(x) — Ph(2)]|/(1+ Ix135)

xeR4
EP[dW”AHz (8)6 Pta SZ Pt)]
< su .
xeR4 1+ ||x||2
E —Z
<r(0) su plllx 2]

2
xerd L4 1lxll3

and hence || Pk, — 0 as t — oo, since P has a finite mean, and r(¢) — 0 as
t — oo as r is integrable and monotonic. Arguing similarly,

t/
lun: —upelie < ”/ Ep[dw),, (8x Ps, 8z Ps)]ds
t

L

E -7 r/
< sup pllix 2||2] r(s)ds.

X€eR4 1+ ||x||2 t
Thus, it follows that (uj:);~0 is a Cauchy sequence in L with limit u;, =
fooo Pshds € L. Thus, (h — Pih,up) — (h,uy) in the graph norm on L x L,
and since A is closed [24], Corollary 1.6, u;, € dom(A) and & = Auy,.

REMARK. The choice of the Banach space is crucial for the argument above.
As noted in [66] and contrary to the claim in [4] the semigroup (P;);>o fails
to be strongly continuous over the Banach space = (1+ ||x||2)Cb(Rd) when
(Z: x)r=0 is an Ornstein—Uhlenbeck process, that is, a Langevin diffusion (D1)
with a multivariate Gaussian invariant measure.
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Lipschitz continuity of u;,. To demonstrate that uy, is Lipschitz, we choose an
arbitrary v € R?, and apply the definition of the Wasserstein distance, the assumed
decay rate, and the integrability of r to obtain

it Gx + ) — up (0], < /0 IE[A(Zsx) — h(Zy s)] |y dt

o0
< /0 dyyy (Ox PrSy o P) dt

= dWH'H (8)65 5x+v)sr = ||v||23r < Q.

Continuity of V2u;,. Since uj; € dom(A) is a continuous solution of the Pois-
son equation (19), and since the infinitesimal generator agrees with the character-
istic operator of a diffusion when both are defined [72], p. 129, Theorem 5.9 of
[21] implies that uj, € C2.

Boundedness of V2u;. Instantiate the additional preconditions of (11), and
assume that My(o 1), F>(0), M>(b) < 00, or else (11) is vacuous. Lemma 15,
established in Appendix C, shows that the semigroup P4 admits a bounded con-
tinuous Hessian, which is integrable in ¢.

LEMMA 15 (Semigroup Hessian estimate). Suppose that the drift and diffu-
sion coefficients b and o of an It6 diffusion are Lipschitz with Lipschitz gradients
and locally Lipschitz second derivatives. If the transition semigroup (P;);>0 has
Wasserstein decay rate r, and o (x) has a right inverse o1 (x) for each x € R4,
then, for all t > 0 and any f € C? with bounded first and second derivatives, P, f
is twice continuously differentiable with

21 Mi(P f) = Mi(f)r(®) and

My(P f) < inf M1(f)r(t—to)\/ze’O”zMo(cr_l)
toe(0,1] I
(22) + My (f)r(t — to)r(0)e"2 My (o) Mo(o ")
+ M (f)r(t — to)«/%F(O)e’(’“%x/&

2
for vo 2 pMy(B) + L2 My (0)? + 5 Fi(0)% a2 o IDON o py (g2,
The dominated convergence theorem now implies that the Hessian of uj, is ob-
tained by differentiating twice under the integral sign. The advertised bound (11)
on V2uj, follows by replacing the infimum on the right-hand side of the semigroup
bound (22) with the selection #y = min(t, 1), applying the bound ™" D7» < ¢7»
for each y, and 7, and integrating the result over ¢.
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Holder continuity of V2u;,. Finally, instantiate the additional preconditions
of (12), and fix any ¢ € (0, 1). The integral representation (10) of u,, the dominated
convergence theorem, and Jensen’s inequality imply

o0 o0
M, (Vuy) =M1_[(—/ V2Ph dt) 5/ M, (V> Ph)dt.
0 0

When ¢ < 1, a seminorm interpolation lemma (Lemma 19 in the Supplementary
Material [35], which is based on results on seminorm interpolation, see e.g. [63]),
a semigroup third derivative estimate (Lemma 20 in the Supplementary Material
[35]) with 7o = min(¢, 1) and the semigroup second derivative estimate of Lemma
15 with #9 = min(¢, 1) imply

M;_ (V2 Pih) < Mi(h)2'Mo(V?Ph) My (V2 Pih)' ™ < My (h) /> K

for some constant K1 > 0 depending only on M1.3(b), M1.3(0), Mo(o™1), and r.
Thus fol M_,(V2Ph)dt < 2A;1<—1](Lh) For t > 1, Lemmas 19, 20 and 15 and the
integrability of r yield
o0 5 2 [o© 2
M_VPhdt<Mh—/ t—1)dt =Mi(h)—
[ M-V Ry dr = M [ e = D= M=,

for a constant K, > 0 again depending only on M;.3(b), M1:3(c’), Mo(oc~"), and r.
Combining these bounds and choosing K = min(K1, K7)/2 completes the proof.
An explicit constant K can be obtained by tracing constants through the proof of
Lemma 20.

APPENDIX C: PROOF OF LEMMA 15

Fix any x € R? and f :R? — R in C? with bounded first and second deriva-
tives, and let (Z; x);>0 be an Itd diffusion solving the stochastic differential equa-
tion (5) with starting point Zp , = x, underlying Wiener process (W;);>o, and
transition semigroup (P;);>0. Our proof is divided into five pieces establishing,
for each ¢ > 0, the Lipschitz continuity of P, f, the Lipschitz continuity of VP, f,
the continuity of V2P, f, an initial bound on V2P, f, and the infimal bound (22)
on V2P, f.

Lipschitz continuity of P;f. The semigroup gradient bound (21) follows
from the Lipschitz continuity of f and the definitions of the Wasserstein decay
rate and the Wasserstein distance, as, for any y € R and 7 > 0,

(P f)(x) = (P ) =E[f(Ztx) — f(Z1)]
<M (f)dw\l'Hz (5thv8yPt)

<M (f)r(t)dWH.Hz (a)h ay)
=M (HHr@)lx — yll.
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Lipschitz continuity of VP, f. Fix any v, v’ € R?. Under our smoothness
assumptions on b and o, [77], Theorem V.40, implies that (Z; x);>0 is twice con-
tinuously differentiable in x. The first directional derivative flow (V; )s>0 solves
the first variation equation,

(23) dViy=Vb(Z; ,)Vivdt +Vo(Z; x)VindW; with Vp, =,

obtained by formally differentiating the equation (5) defining (Z; y);>¢ with re-
spect to x in the direction v. The second directional derivative flow (U; . /)r>0
solves the second variation equation,

dU; . = (VD(Zt Uy + V20(Zy Vi 1Viw) di
(24) + (va(zt,x)Ut,v,v/
+ V260(Z ) Vi 1Viw) dW,  with Ug v =0,

obtained by differentiating (23) with respect to x in the direction v’.
Since f has bounded first and second derivatives, the dominated convergence
theorem implies that, for each t > 0, P; f is twice differentiable with

(VP f)(0),v) =E[(Vf(Zx), Viv)] and

(25)
VIVA(P )@ =E[V, V2 F(Zi ) Viw + (V f (Zix), Up o))

obtained by differentiating under the integral sign. Lemma 16, proved in Sec-
tion C.1, justifies the exchanges of derivative and expectation by ensuring that
the derivative flows have moments bounded uniformly in x.

LEMMA 16 (Derivative flow bounds). Suppose that (Z; x);>o is an It6 diffu-
sion with starting point Zy x = x € R, driving Wiener process (Wi)i>0, and Lip-
schitz drift and diffusion coefficients b and o with Lipschitz gradients and locally
Lipschitz second derivatives. If (V; y)i>0 and (U; . )i=0, respectively, solve the
stochastic differential equations (23) and (24) for v, v € RY, then, forany p > 2,

(26) E[IVill5] < Ivl5e?  and

27) E[| Uy, 3] < allvll3] 0" 52"

2_2 2
for vy 2 pMi(b) + 252 My (0)? + L Fi(0)? and o 2 m +2F5(0)2.

Since V f and sz are bounded, and (V; y)s>0, (V;.1/)r>0, and (U; . )s>0 have
second moments bounded uniformly in x by Lemma 16, the Hessian formula (25)
implies that V2 P; f is bounded, and hence that V P; f is Lipschitz continuous for
eachr > 0.
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Continuity of v2p, f. Hereafter, we assume that M (0~ < 00, as the semi-
group Hessian bound (22) is otherwise vacuous.

The Lipschitz continuity of f and the It6 diffusion moment bound of [53], The-
orem 3.4, part 4, together imply that

E[f(Z:.)?] <E[(| )] + 1 Zex — x2M1(f))*] < 00

for all 7 > 0. Since o~! is bounded, and Vb and Vo are bounded and Lipschitz,
[27], Proposition 3.2, gives the following Bismut-Elworthy-Li-type formula for
the directional derivative of P; f for each ¢ > 0:

1 t
(VP f) (), v) = ;E[f(zt,x) [ (ol<zs,x>vs,v,dws>]

By interchanging derivative and integral, the dominated convergence theorem now
delivers the Hessian expression

VIV2(P ) ) v =E[Jix + Jax + J3.] for

1 ro_
J1.x S ?(Vf(zt,x)s Vt,v’)/(; (G I(Zs,x)Vs,zn dWs>,

(28) A t .
J2,x = ?f(zt,x)/o (VO (Zs,x)[vs,v/]vs,vv dW5>, and

L1 -
T2 2 f (710 /0 (06~ (Zy ) Us 0.0, W),

for each t > 0, provided that J; ,, J2 x, and J3  are continuous in x. The requisite
continuity follows from the Lipschitz continuity of V f and f, the boundedness
of 0~!, Vo, and V20, and the controlled moment growth and Hélder continuity
of (Z¢,x)i=0, (Vi v)i=0, (V.v)i>0 and (U; y )s>0 as functions of x [77], Theorem
V.40. The dominated convergence theorem further implies that V2 P; f is continu-
ous for each ¢ > 0.

Initial bound on V2P, f. Now, we fix any # > 0 and turn to bounding V2P, f
in terms of M (f), by bounding the expectations of Jj x, J2.x and J3 , of (28) in
turn.

To control E[J; x], we apply Cauchy—Schwarz, the Itd isometry [28], equations
(7.1) and (7.2), the derivative flow bound (26) and the fact 572 < ¢'”2 forall s <t
to obtain

ELJ14] < %\/E[Wf(zt,x), Vo PIE[ ([ Vo awi)) |

1 o [! 2
< ;Ml(f)\/E“l‘/t,v’”z]A E[”U_l(zs,x)vs,vnz]ds
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1 t
< ;Ml(f)MO(G_l)\/E[||Vt,v’”%]/(; E[IVs,vlI3] ds

! -1 / t
=< ;Ml(f)MO(O’ )”U HZ”UHZ etyz/(; 52 ds

1
5\/;e”’zMﬂf)Mo(U_])||U/Hz||v||z,

where we have adopted the definition of y,, given in Lemma 16.

To control E[J> x], we will first rewrite the unbounded quantity f(Z; ) in terms
of more manageable semigroup gradients. To this end, we note that, since P;_; f €
C? for all s € [0, 1], we may apply Itd ’s formula [28], Theorem 7.1, to (s, x)
P;_ f (x) to obtain the identity

t
(29) f(Zix) = (P f)x) + /o (V(Pi—s [)(Zs,x), 0(Zs,x) dWs).

Now we may rewrite E[J; ] as
1 fo
E[Jy.] = ;E[(P,fxx) fo (Vo (Zy ) [Vs.o 1 Ve.u. dWy)
t
+ fo (V(Pr—y ) (Zsx), 0 (Zs ) W)

ho 1
X/(;(VU (Zs,x)[vs,v’]vs,v»dWS>:|

1 t 1
_ ;E[ [P 0020 V0" <zs,x>[vs,v/]vs,v>ds]

1 t
_ —;E[ [z, VG<ZS,X>[VS,,,/10—1(zs,st,v)ds}

where we have used Dynkin’s formula [28], equation (7.11), the 1t6 isometry and
the chain rule,

(30) Vo '] = -0 ' x)Vo @) [v]o ™' (x).

Finally, we bound E[J> ] using Cauchy—Schwarz, the semigroup gradient bound
(21), the derivative flow bound (26) and the fact that s — r (¢t —s)e*?? is increasing:

1 B t
Bl = Mi(@)Mo(o ") /O My(Pr—s PYE[I Vs 2] Ve.oll2] ds

1 t
< Mi(@)Mo(o ™) fo My (P OVE( Ve o IBJE[1 Vs o 12] ds
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! t
= ;MI(O')MO(U_I)MI(]C)||v/||2||v||2/(; r(t — S)esyz ds
=< r(O)etVZMl (O')]W()(O-_l)]‘41 (f) ” U/”2||U||2,

To control E[J3 ], we again appeal to Dynkin’s formula and the Itd isometry to
obtain

1 t
E[J3,] = ;E[(Ptf)(X) fo 0= (Zs.0)Us o0y dWy)
+/Z(V(P )(Zs.x),0(Z )dW)/t< “NZ,)U dW)]
0 t—sf s,x), 0\ Ls x s 0 o s,x)Us v, v s

t
_ E[ fo (V(Pry f)(Zs.2), Us,v,v/>ds],

and we bound this expression using Cauchy—Schwarz, Jensen’s inequality, the
semigroup gradient bound (21), the second derivative flow bound (27) and the
fact that s — r(r — s)e*?* is increasing:

1 t
UNES fo My(Pr—y )E[1Uy 0. l12] ds

1 rt
= ;/0 My (P—s FOVE[IIUs.p.113] ds
1 '
< ?Ml(f)ﬁ||v/||2||v||2/0 F(t — s)/se" ds

2
< g\/;r(o)ethl(f)\/E”U/”z”U”Z,

where « is defined in Lemma 16. The advertised result (22) for 7y = ¢ follows by
summing the bounds developed for E[J] ], E[J> ] and E[J3 ].

Infimal bound on V2P, f. To obtain the infimum over #o € (0, 7] in (22), we
adapt an argument of [8], Proposition 1.5.1. Specifically, fix any #y € (0, t]. Our
work thus far shows that 1/TV2(P,0 f Y(x)v < My ( f )¢ (to) for a real-valued func-
tion ¢ and f € C? with bounded first and second derivatives. Since we now know
that P;_; f € C? with bounded first and second derivatives, the Markov property
of the diffusion and the first derivative bound (21) yield

VTV2(P ) (x)v =0T V(P Pr—gy f) (X)V

< My (P4, )¢ ()
<M (f)r(t —10)¢(t0).



2916 GORHAM, DUNCAN, VOLLMER AND MACKEY

C.1. Proof of Lemma 16: Derivative flow bounds. Fix any p > 2 and
v € R?. Since Dynkin’s formula and Cauchy—Schwarz give
t
-2
B1Vio 1) = 1015 +E| [ plVellVeallf ™ V025 Ve
Y —4
+ S 1Venlls ™ (0 = DV, Vo (ZeVanll3

+ Va3 wzs,x)[vs,ﬂlli)ds}

2
p-—=2p
Mi(0)?

t
< vl +/0 (pM1<b>+
o
+oR (o)Z)E[n Vi olI2]ds,

the advertised result (26) follows from Gronwall ’s inequality.
Now fix any v, v’ € R¢, and define U; £ U . Dynkin’s formula and multiple
applications of Cauchy—Schwarz and Young’s inequality give

]E[||U,||%] = IE[/Ot 2(US, Vb(Z; x)Us + Vzb(Zs,x)[Vs,v/]Vs,v)
+ Vo (Zy U1+ V20 (Zy D Vi1 Vio |5 ds}
< E[fo 20\ UslI5M1(b) + 21| Usl12| Vi, ll2| Vi 12 Ma ()
+2|| Vo (Zy US| 7 + 2| V20 (Zs ) Vs 0 1Vsu | 7 ds}

t
= [ eM®)+2Fi0) + B[]

+ (Ma(b)? /€ + 2F2(0))E[[| Vs.o 51 Vs 5] ds

for any € > 0. Letting y, = pM (D) + pZEZPMl (0)? + 5 F1(0)?, we see that, by
Cauchy—-Schwarz and our derivative flow bound (26),

t t
/0 E[IVeoll311 Vs, l13] ds < /0 VENVe oI $TE[IV 18] ds

! 210/ 112 5Va
=/, lollz[[v"]5¢° 7 ds

2107 zer4 -1
= ||V v .
Ivliz]lv'l; ”
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Hence, if we choose € = y4 — (2M1(b) + 2F(0)?) and define o = M»(b)? /e +
2F(0)% we may write

elvs
E[I1U113] < ellvi3|v'[3

1 t
—i—/ E[|U, 3] ds.
v e [I1Us 5]

Gronwall’s inequality now yields the result (27) via

eV — 1 teSVs B
E[1U; 2] < a||v||%||v/||§< + yae =9 ds)
Y4 0 V4

= al[vl3[v']5re".

APPENDIX D: PROOF OF THEOREM 6

We first derive the result for ||-|| = ||-||o. Without loss of generality, assume
h e W), with Ep[h(Z)] = 0. Our high-level strategy is to relate the Wasserstein
distance to the Stein discrepancy via the Stein equation (3) with diffusion Stein
operator 7 (8). Since the infinitesimal generator A (4) has the form (7) by Theo-
rem 2, Theorem 5 implies that there exists a continuously differentiable solution
gn to the the Stein equation h(x) = (T gp) (x) satisfying Mo(gn) < s, M1(h) < s,.
Since boundedness alone is insufficient to declare that g, falls into a scaled copy
of the classical Stein set G|.|, we will develop a smoothed version of the Stein
solution with greater regularity.

Since a and c are constant, b(x) = %(a + c)Vlog p(x). Fix any s > 0 and con-
sider the convolution g s(x) £ Elgn(x + sG)]. If the smoothing level s is small,
the Lipschitz continuity of & implies that that (7 g5 s)(x) provides a close approx-
imation to A (x) for each x € R%:

h(x) <E[h(x +5sG)] + M (h)sE[|G 2]

=< E[m(v, px+sG)la+c)gn(x + SG)>1|

31) +sE[[IG 2]
<2E[{b(x +5G), gn(x +5G))]
+E[{a + ¢, Vgn(x + sG))] + sE[IG]I2]
< (Tgn.s)x) +sE[IGl2](1 +2M1(b)Mo(gn))-

Moreover, by our next lemma, proved in Section D.1, the smoothed Stein solution
admits a bounded Lipschitz gradient Vgy s(x) = E[Vgs(x +5sG)].

LEMMA 17 (Smoothing by Gaussian convolution). Let G € R? be a standard
normal random vector, and fix s > 0. If f : RY — R is bounded and measurable



2918 GORHAM, DUNCAN, VOLLMER AND MACKEY
and fs(x) £ E[f(x + sG)], then

2 M,
Mo(fs) = Mo(f), Ml(fs)f\/; O(f), and  My(f;) <2

N N

Moy(f)

2

If, additionally, f € C', then Vfi(x)=E[Vf(x+sG)].

Indeed, for each nonzero w € R, we may apply Lemma 17 to the function

fw®) = (w, gn(x))/llwll2 with convolution f, s(x) = (w, gn,s(x))/[w]> to ob-
tain the bounds

Mo(8n,s) = sup Mo(fuw,s) < sup Mo(fw) = Mo(gn) < s,

w0 w#0
2 Mi(fw) 2 Mi(fw) 25
M1 (gh.s) = sup Mi(fu,s) < sup,|— L =,/—¢§,/——r,
w#0 w#£0 T S T N TS

and

\/EMZ(fw) _ \/EMZ(fw) < \/zsr
2 - - 2

M2(gh,s) = sup MZ(fw,s) < sup 2
w0 w0 s s S

Hence, since our choice of & was arbitrary, and

N < 1 /2 ﬁ)
kg =max|1, —,/—, SR
sV s
< ﬁ) max(Mo(gn.s)» M1(gn.s), M2(gn.s))
=max| 1, — )= P ,
N r

we may take expectation under O, and supremum over 4 in (31) to reach
iy, (. v) < Inf S(Qn T Gip)svics +SE[IG2](1 +2M1 (B)sy)

<max(S(Qn, T, Gj11)$r» 1) + 21
<3max(S(Qn. T, Gj1,)sr> 1),

where we define n = \S/S(Qn, T, Q||.||2)ﬁs,E[||G||2]2(1 +2M;(b)s,)? and select

s = \3/S(Qn, T, QH.||2)2\/§sr/(E[||G||2](1 + 2M(b)s;)) to produce the second in-
equality. The generic norm result now follows from the assumed norm domination
property ||-|| > ||-||l2, which implies Gy.j, € Gj.||-

D.1. Proof of Lemma 17: Smoothing by Gaussian convolution. The con-
clusion My(fs) < Mo(f) follows from Holder ’s inequality. Now, fix any x and
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nonzero vy, va € R4, Since fs = f * ¢, where ¢ € C™ is the density of sG and
* is the convolution operator, Leibniz’s rule implies that

(01, ¥ £,(0) = (01, (f % V) ()
1
=5 / £ = (o1 s () dy

M. 2 M
- (s)gf)/{(vl,)’>|¢s()’)dy:\/; Os(f)uvlnz,

as (vg, G)/|lv1ll2 has a standard normal distribution. Leibniz’s rule also gives

V2 f,(0[v1, vl = (f * V) (1)1, v2]
§ Mogf)

fd|(v1,zva2)/s2 — (v1, v2)|bs(2) dz

Mo(f)

\/f (v1, 22 Tva)/s2 — (v1, v2)|*bs (2) dz

_ Mo(f)
==

2 2
(vi, v2)2 + v lizllv2ll

V2M, o(f)

=—7 lulzfvlb

where the last equality follows by Isserlis’ theorem. Finally, when f € C!, Leib-
niz’s rule gives V fy =V f x ¢s.

APPENDIX E: PROOF OF THEOREM 7

We will derive each inequality for ||-|| = ||-]|2; the generic norm results will then
follow from the property ||-|| > ||-||2, which implies G.|, € G-

Fixanyhe H={h:RY > R |heC3 Mi(h) <1, Ms(h) < oo, M3(h) < 00}
with Ep[h(Z)] = 0. We assume that M (b), M2(b), M\(c), F2(c), M{(m) and
Mo(c~ 1) are all finite, or else the results are vacuous. Our high-level strategy is
to relate the Wasserstein distance to the Stein discrepancy via the Stein equation
(3) with diffusion Stein operator 7 (8). By Theorem 5, we know that there exists a
Lipschitz solution gj to the Stein equation h(x) = (7 g)(x) satisfying Mo(gn) <
srMi(h) < s, and My(gn) < BM1(h) < B, for B = B1 + B2, where B and B are
defined in Theorem 5. Since a Lipschitz gradient is also needed to declare that g,
falls into a scaled copy of the classical Stein set G, we will develop a smoothed
version of the Stein solution with greater regularity.

For this purpose, fix any s > 0 and consider the convolution gj s(x) £
Elgn(x + sG)]. If the smoothing level s is small, the Lipschitz continuity of m
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and & implies that (7 gp s)(x) closely approximates 4 (x) for each x € R:
h(x) <E[h(x 4+ sG)]+ M (h)sE[IG|2]
<2E[(b(x 4+ 5G), gn(x + sG)) + (m(x + 5G), Vgn(x + 5G))]
+sE[[IG 2]
< (Tgns)(x) +s¢.

(32)

E.1. Proof of the first inequality. Moreover, by an argument mirroring that
of Theorem 6, Lemma 17 shows that g, ; admits a Lipschitz gradient Vg, ;(x) =
E[Vgn(x 4+ sG)] and satisfies the derivative bounds

Mo(gn.s) < Mo(gn) < s/,

(33) Mi(gn,s) =Mo(Vgns) < Mp(Vgp) <pB, and
2 My(Vgp) 2
Ma(gns) = Mi(Vgyp) < | = 8" < 2F
T S TS

Let n £ s*¢ for s* = \/S(Qn, T,G)1)v2/7B/¢. Since H is dense in W), we

may take expectation under Q,, and supremum over 4 in (32) to reach

2
Ay, (s v) = inf S(Qn, T g||.||2)max<sr, B, \/;g) +s¢

<max(S(Qn, T, G|.|,) max(s;, B),n) +n
<2max(S(Qnu, T, Gy.|,) max(s;, B), n).

E.2. Proof of the second inequality. Assume now that V3b and V3o are
bounded and locally Lipschitz. Fix any ¢ € (0, 1). Lemma 17 and an auxiliary
smoothing lemma (Lemma 18 in the Supplementary Material [35]) imply that
Ms(gns) = M1(Vgps) < \/EW. This improved dependence on s will al-
low us to establish a near-linear relationship between the Stein discrepancy and
the Wasserstein distance. By Theorem 5, M|_,(Vgp) < %(% + s,) for K de-
pending only on M.3(c), M1.3(b), Mo(o~') and r. Hence, Ma(gp.s) < C,/s"

for C, = %(% + s,). Following the derivation in Section E.1 and choosing

§F = (w)[% and n £ %s*, we obtain
dyyy, (P, Qn) < Inf S(Qn, T, Gjjp) max(sy, B, Cis™) + ¢
(34) < max(S(Qn, T, Gj.,) max(s,, B), n) + nt

<2max(S(Qn., T, Gj.|,) max(sy, B), n).
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Now consider the case in which S(Q,.7.Gj.) < e~ ' and the choice ¢ =
1/10g(1/5(0..7.G1.)) € (0, 1). Since x/1°2x=D < ¢ for all x € (0, e 1),

1
~8(0n. T, G T = 1og(1/S(0n T-G1))S(Qu. T Gy.p) /S @ TG0
< elog(1/sQu.T.91.10)S(Qn: T, G-

1
T+

Introduce the shorthand cp = }{—? Since 1/1+L € (1/2,1), we have ¢,™ <

max(,/co, co). Similarly, 1 + s, > 1, so (1 + Ls,)1_+t <1 +s,. Therefore,

1+ s, o

K{/ﬂ)

<etS(Qn, T.G) IOg(I/S(anTng-H))

dl74 \/_3) (1 N Sy )

VKI K¢ log(1/5(Qu. T.Gy)
1/4

=eS(On, T, gll.ll)max(d\//%/_ ?

Next, fix any ¢ € (0, 1) and consider the case in which S(Q,, T, Gj.|) > ¢!

so that S(Q,,, T, QH.”)ILH <S80, T, g”.”)eﬁ Because %etfl < %el/z < e and
(1 4+ ts,)"/"* < 1 +5,, we conclude that

e e
75(Qn» T, G (

X max(

)(s, +log(1/8(04, T.G1.1))-

14+ s, ™
€500, 61 /I>
J1/4

<eS(Qn,Tg||||)max< \/%/7\/_>( +1).

The result follows from estimates of these two cases and the bound (34).

APPENDIX F: PROOF OF PROPOSITION 8
Fix any g € G).. Since Ep[(T g)(Z)] = 0 by Proposition 3, we may write

[Eo, [(Te)(X)]]
= [Eo,[(Te)(X)] —Ep[(Tg)(2)]]
= [2E[(b(X) — b(Z), g(X)) + (b(Z), g(X) — g(2))]
+E[(m(X) —m(Z), Vg(X))+(m(Z), Vg(X) — Vg(2))]]

for any coupling of X and Z. We obtain the first advertised inequality by repeatedly
applying the Fenchel-Young inequality for dual norms, invoking the boundedness

(35)
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and Lipschitz constraints on g and Vg, and taking a supremum over g € G.. The
second inequality follows from the first by invoking Jensen’s inequality, the fact
min(x, y) < x'y! for all x, y > 0, Holder ’s inequality, and finally the definition
of Wi .-

We prove the final claim by bounding the first advertised inequality in a
second manner. Let (X, Z) be coupled so that ¢ = min(Wy .1 (Qn, P),2) =
min(E[[|X — Z][1,2), A =2(b(Z)|| + m(Z)|, and B = min(||X — Z]|, 2). The
Fenchel-Young inequality (xy <e* — y 4 ylogy for y > 0, x € R), the concavity
of x — min(x, 2) and Jensen’s inequality now yield the result as

E[AB] =E[(A —log(no/c)) B] + E[B]log(uo/c)
< E[eA710200/9) _ B+ Blog(B)] + E[B]log(wo/c)
=c — E[Blog(e/B)]| + E[Bllog(1o/c)
<c+clog(uo/c) = clog(emo/c).

APPENDIX G: PROOF OF THEOREM 10

Fix any x,y € R4, and define two Itd diffusions solving dZ; y = b(Z; x) dt +
0(Z; x)dW; with Zg , =x and dZ; y = b(Z, ) dt + 0 (Z;,y) dW; with Zo , =y,
for (W;);>0 a shared Wiener process. Applying Dynkin’s formula to the function
ft,x)=ék ||x||%; for the difference process Z; » — Z; y yields

t
E[f(t, Zix — Zey)] = lIx — y||%; +E[/(; kekSIIZs,x — Zg,y”%;ds]
t
+EUO & ([o(Zs) — o (Zs |15
+ z(b(stx) - b(ZS,y)7 G(ZS,X - ZS,)’)» ds:|

By the uniform dissipativity assumption, the right-hand side is at most ||x — y ||%; =
dwy ., Ox 8y)?. For the transition semigroup (P;);0,

E[f(t, Zix — Zi.)] = "B Zsx — Ziy 5] = €'y, (8 Pro 8y P,
by Cauchy—Schwarz. The result now follows from the fact that Apnin(G1) <
1211& /112113 < Amax(G1) for all z % 0.
APPENDIX H: PROOF OF THEOREM 11

As in the proof of [94], Theorem 2.6, we fix two arbitrary starting points x, y €
R4 and define a pair of coupled It diffusions (Z; x);>0 and (Z; y);>0, each with
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associated marginal semigroup (P;),>o. Specifically, we set Zg y = x and Zpy =y
and let (Z; x);>0 and (Z;,y);>0 solve the equations

dZt,x = b(Z[’x) dt + GO(Z[,X) th/ + )\.() th//
dZt’y = b(Z[’y) dt + O'O(Z[’y) th/

T
Zt,x - Zt,y ZT,X - Zt,y >dW//
|Zl,x - Zt,y”Z ”Zt,x - Zl,y||2 P

+)»0<I—2|

where (W/);>0 is an m-dimensional Wiener process and (W,’);>¢ is an indepen-
dent d-dimensional Wiener process.

Following the argument of Eberle [22], Section 4, we define the difference
process Y; = Z; x — Z; y, its norm r; = ||Y;]|2, and the one-dimensional Wiener
process W, = fot (Yy/rs,dW), and apply the generalized Itd formula [51], Theo-
rem 22.5, to obtain the stochastic differential equations

dNY:13 =QYs, b(Zi x) = b(Zi )+ [00(Z1 ) — 00(Ziy) |3 + 443) di
+2(Ys, (00(Z1.x) — 00(Z1.y)) AW/} + 40| Y, |l2dW, and
df (r;) = f/(”z)/(”t)(Yt, (UO(Zt,x) - UO(Zz,y))dW,/> + 2)\0f/(rt)dWr

1 1
+ (f (n)(zxé + 51 (00(Z10 = 00(Zi) Y, ||§/r3)

1, J
_Ef (”t)K(rz)’”t) t

for any concave increasing f : [0, 00) > [0, 00) with absolutely continuous
derivative, f(0) =0 and f’(0) = 1. Since the drift term in the latter equation is
bounded above by B; £ (2/a)(f" (r:) — (1/4) f'(r)x (r;)r;), the argument of [22],
p- 15, shows that the results of [22], Theorem 1 and Corollary 2, hold for our choice
of o and k.
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ture code, Martin Hairer for discussing interpolation inequalities, Andreas Eberle
for reading an earlier version of this manuscript and Murat Erdogdu for identifying
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