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Abstract. In this paper we propose a novel and practical variance reduction approach for additive functionals
of dependent sequences. Our approach combines the use of control variates with the minimization
of an empirical variance estimate. We analyze finite sample properties of the proposed method and
derive finite-time bounds of the excess asymptotic variance to zero. We apply our methodology
to stochastic gradient Markov chain Monte Carlo (SGMCMC) methods for Bayesian inference on
large data sets and combine it with existing variance reduction methods for SGMCMC. We present
empirical results carried out on a number of benchmark examples showing that our variance reduction
method achieves significant improvement as compared to state-of-the-art methods at the expense of
a moderate increase of computational overhead.

Key words. MCMC algorithms, variance reduction, stochastic gradient, generative models
AMS subject classifications. 60J20, 65C40, 65C60

DOI. 10.1137/19M1301199

1. Introduction. Variance reduction aims at reducing the stochastic error of a Monte
Carlo estimate; see [39], [42], [25], and [24] for an introduction to this field. Recently one
witnessed a revival of interest in variance reduction techniques for dependent sequences with
applications to Bayesian inference and reinforcement learning among others; see, for instance,
[33], [28], [15], [11], [2], and references therein.

Suppose that we wish to compute the integral of an arbitrary function f : X — R with re-
spect to a probability measure 7 on a general state-space (X, X), that is, 7(f) = [y f(z)m(dx).
If drawing an independent and identically distributed (i.i.d.) sample from 7 is an option, a
natural estimator for 7(f) is the sample mean

N-1
an(f) =N f(Xx), NEeN,
k=0

where (Xk),]cvzjjl is an i.i.d. sample from 7. Using the central limit theorem, one can con-
struct an asymptotically valid confidence interval for the value 7(f) of the form 7y (f)
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q N~Y2(Vary(f))"/?, where q is a quantile of a normal distribution, and Var(f) = Ssd f () —
7(f)}?m(dx). A general way to reduce the variance Var,(f) is to select another function g in
a set G such that m(¢g) = 0 and Var,(f — g) < Vary(f). Such a function g is called a control
variate. A natural approach to learn g € G is to minimize the empirical variance

—_

(1'1) Dn(f_g) n_l IZ Xk) _Wn(f g))

=0

3

o

constructed using a new independent learning sample (Xk)z;(l). This leads to the empirical
variance minimization (EVM) method recently studied in [6] and [7]. In many problems
of interest, drawing an i.i.d. sample from 7 is not an option, yet it is possible to obtain a
nonstationary dependent sequence (X3)72, whose marginal distribution converges to m. This
situation is typical in Bayesian statistics, where 7 represents a posterior distribution and
(Xk)3, is sampled using Markov chain Monte Carlo (MCMC) methods. Under appropriate
conditions, the central limit theorem also holds, and therefore, it is possible to construct the
asymptotic confidence interval for 7(f) of the form

e Lo

where Vo (f) is the asymptotic variance defined as
. 2
(1.3) Vaolf) = lim N -E[(mn (/) = 7(1)°]-

A sensible approach is to select a control variate ¢ € G by minimizing an estimate for the
asymptotic variance Vo (f — ¢g). When the spectral estimate of Vo (f — g) is used, this leads
to the empirical spectral variance minimization (ESVM); see [5].

In this paper, special attention is paid to the case when X = R¢ and 7 admits a smooth
and everywhere positive density (also denoted by 7) w.r.t. the Lebesgue measure such that
the gradient VU := —V log 7 can be evaluated. We study below sampling methods derived
from the discretization of the overdamped Langevin dynamics. It is defined by the following
stochastic differential equation:

(1.4) dY; = —VU(Y;) dt 4+ V2dW;,

where (W:)¢>0 is the standard Brownian motion. Note that VU does not depend on the
normalizing constant of m which is typically unknown in Bayesian inference. Under some
technical conditions, the distribution of Y; converges to 7 as t — oo; see [40]. The gradient-
based MCMC algorithms are based on a time-discretized version of (1.4). In the Bayesian
setting, a computational bottleneck of these algorithms is that the complexity of the gradient
VU evaluation scales proportionally to the number of observations (sample size) K which can
be very time consuming in the “big data” limit. To alleviate this problem, [46] proposed to
replace the “full” gradient VU by a stochastic gradient estimate based on sums over random
minibatches. This algorithm, stochastic gradient Langevin dynamics (SGLD), has emerged as
a key MCMC algorithm in Bayesian inference for large scale datasets. The analysis of SGLD
and its finite sample performance has attracted a wealth of contributions; see, for example,
[30], [45], [34], [14], and the references therein. These works show that the use of stochastic
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gradient comes at a price: while the resulting estimate of the gradient is still unbiased, its
variance might annihilate the computational advantages of SGLD [14]. Several proposals have
been made to reduce the variance of the stochastic gradient estimate of the “full” gradient,
inspired by several methods, proposed for incremental stochastic optimization; see [41], [28],
and [15]. [20] has investigated the properties of the Stochastic Average Gradient (SAGA)
and Stochastic Variance Reduced Gradient (SVRG) estimators for Langevin dynamics. These
results have been later completed and sharpened by [14], [11], [L0]. Other variance reduction
approaches include various subsampling schemes and constructing alternative estimates for
the gradient (see, for instance, [2] and [47]).

The paper is organized as follows. In section 2, we analyze the ESVM approach for
general dependent sequences. In particular, the ESVM method is described in subsection 2.1.
In subsection 2.2, we study the theoretical properties of the ESVM method for asymptotically
stationary dependent sequences. Here we provide a bound for the excess risk Voo (f — gn) —
infgeg Voo (f — g), where a control variate g, € G is chosen by minimization of the spectral
variance V,, based on (Xk)z;é, that is, g, € argmin V,,(f — g). The precise definition of V;,
will be given in subsection 2.1. In section 3, we apply these results to Markov chains which
are uniformly geometrically ergodic in Wasserstein distance. While subsection 3.1 is devoted
to the (unadjusted) Langevin dynamics, in subsection 3.2 we use the ESVM approach for
variance reduction in SGLD-type algorithms. We show that in both cases, the excess variance
can be bounded, with high probability and up to logarithmic factors, as

Voo (f — gn) —infyeg Voo (f — 9) = O(n_1/2),

This implies asymptotically valid confidence intervals (conditional on the sample used to learn
gn) of the form

N inf,cg Voo (f — g) + On—1/2
([ =) q oz Vel —9)

for some constant C' > 0. Note that these intervals can be much tighter than ones in (1.2),
provided that n is large and infycg Voo (f — g) is small. The latter condition is satisfied if
the class G is rich enough. In section 4, we illustrate performance of the proposed variance
reduction method on various benchmark problems.

Notations. Let (X,d) be a complete separable metric space. Define the Lipschitz norm of a
real-valued function h by ||Al| ;, = sup,yex{|h(y) —h(z)|/d(z,y)}. We denote by Lipy(L) and
Lipy, 4(L, B) the class of Lipschitz (resp., bounded Lipschitz) functions on X with [[A|;;, < L
(vesp., [|h|l;, < L and |kl < B). Further, let M;(X) be a set of probability measures
on X. We denote for p > 1, S,(X,d) := {A € M;(X) : [, d”(z,y)A(dy) < oo for all z € X}. For
A, v € M (X), we denote their coupling set by II(\, v), i.e., € II(\, v) is the measure on X x X
satisfying for all A € B(X), £(A4,X) = A(A4) and (X, A) = v(A). For p > 1 and A\, v € Sp(X,d),
let WA, v) = infn(/\,,,){fXXXdp(:v,y)E(dx,dy)}l/p be the Wasserstein distance of order p
between A and v. For A, v € M, (X), let KL(A|v) be the Kullback-Leibler divergence of A with
respect to v, i.e., KL(A|v) = [log(d\/dv)dX if A < v and KL(A|r) = oo otherwise. Finally,
unless otherwise specified, the symbol < stands for an inequality up to an absolute constant
not depending on parameters of the problem.
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2. Empirical spectral variance minimization (ESVM).

2.1. Method. Let (£,§,(Jk)r>0,P) be a filtered probability space and (X})32, be a
random process adapted to the filtration (Fx)r>0 and taking values in X. Let f : X — R be
a function such that 7(f2?) < oo and E[f?(X})] < oo for all k € N. Let also G be a set of
control variates, that is, functions g € G satisfying 7(g?) < oo, 7(g) = 0, and E[g?(X})] < oo
for all k& € N. Particular examples of classes G are given below in section 3. Denote the class
of functions h = f — g for g € G by H,

H:={f—-9g:9€G}.

To shorten notation, we write h = h — w(h) for h € H.
We impose the following covariance stationarity condition on (X3)72, to ensure that the
asymptotic variance Vi (h) from (1.3) is well-defined for any h € H.

or any h € ‘H, there exists a symmetric, summable, and positive semidefinite sequence
CS) F h € H, th i i bl d iti idefini

(p"M (£)) ez, satisfying the following conditions:

(1) p(0) = Varg(h);

(2) for any ¢ € Ny and constant R > 0 independent of h and ¢,

> pen, [ERXRR(Xk)] = oM (0)] < Ry

(3) Jim 3, [ERXOR(Xes] - pP(0)] 0.

Proposition 2.1. Assume that the condition (CS) holds. Then, for all h € H, the asymp-
totic variance Voo (h) defined in (1.3) exists and can be represented as

— (h)
(2.1) Vo) =), p™(0).
Proof. See Appendix A.1. [ |

The spectral variance estimator V,,(h) is based on truncation and weighting of the sample
autocovariance functions:

(2:2) Va(h) =3, ., wa@pi?(0),

where w, is the lag window, b,, is the truncation point, and pgzh) (¢) is the sample autocovariance

function given, for £ € Ny, by
n—{—1
(2.3) PO = (=) =07t Y (h(Xk) = mu(h)) (W(Xise) = mn(h)).
k=0

Here the truncation point b,, is an integer depending on n, and the lag window w,, is a kernel
of the form wy,(¢) = w({/b,), where w is a symmetric nonnegative function supported on
[—1,1] such that supy¢jo ) [w(y)] < 1 and w(y) =1 for y € [-1/2,1/2]. There are several
other estimates for the asymptotic variance V. (h); see [22] and the references therein. The
ESVM estimator is obtained by

(2.4) hn € arg miny, <y Vo (h).

The ESVM method is summarized in Algorithm 2.1.
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Algorithm 2.1. ESVM method
Input: Two independent sequences: X, = (X;)7—y and Xy = (X1
1. Choose a class G of functions with 7(g) = 0 for all functions g € G.
2. Find g, € argmingg V,.(f — g), where V;, is computed based on X,.
Output: 7y (f — g,) computed based on Xy

2.2. Theoretical analysis. For our theoretical analysis, instead of looking for a function
with the smallest spectral variance in the whole class H we will perform optimization over a
finite approximation (net) of 7. It turns out that both estimators have similar theoretical
properties. Fix some € > (0. Assuming that the class H is totally bounded, let H. be a
minimal e-net in the L?(7)-norm, that is, the smallest possible (finite) collection of functions
H. C H with the property that for any h € H there exists h. € H. such that the distance
between h an he in L?(7)-norm is less than or equal to . The cardinality of H. is called the
covering number and is denoted by |H.|. Define

~

hpe € argming ey Vi (h).

To obtain a quantitative bound for the asymptotic variance of Enﬁ, we need to specify the
decay rate of the sequence (p)(¢))sez from (CS).

(CD) There exist ¢ > 0 and A € [0,1) such that, for any h € H and ¢ € Ny,
PO < X,
The following theorem provides a general bound on the excess of asymptotic variance.

Theorem 2.2. Assume that the conditions (CS) and (CD) hold. Assume additionally that
for any n € N there exists a decreasing continuous function o, satisfying

subper P(|Va(h) — EVa(R)]|> ) < an(t), > 0.
Then, for any § € (0,1) and € > 0, it holds with probability at least 1 — ¢ that
Vio (ne) — infren Vio(h) < ot (2‘7{ ’) + (VR Y2 4 V/D)bne + VRD byn~1/?
€

+ (R+(1 =N ban 61 =X 27t (1 — ) IA/2

is an inverse function for oy, and D = supjcqy Varg(h).

~1
where o,

Proof. See Appendix A.2. [ |

Under some additional assumptions on the covering number of H and the function «,,(t),
a suitable choice of the size of e-net and the truncation point b, yields the following high-
probability bound:

Vo (/i\zna) —infrey Vo (h) S n~ V@) for some p >0,

where < stands for inequality up to a constant depending on A, R, D, and ¢. In the next
section we shall apply Theorem 2.2 to the analysis of the ESVM algorithm for dependent
sequences in the unadjusted Langevin algorithm (ULA) and SGLD.
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3. Applications. In general, Theorem 2.2 can be applied to different types of dependent
sequences satisfying conditions (CS) and (CD). In what follows, we let (X,d) be a complete
separable metric space (equipped with its Borel o-algebra X’) and consider P to be a Markov
kernel on (X,X). Let © = XY be the set of X-valued sequences endowed with the o-field
=N, (X%)72, be the coordinate process, and §;, = o (X, ¢ < k) be the canonical filtration.
For every probability measure £ on (X, X') there exists a unique probability P¢ on (XN, xeN)
such that the coordinate process (X})72, is a Markov chain with Markov kernel P and initial
distribution £&. We denote by E¢ the associated expectation. We focus below on the case where
Pis W;—uniformly ergodic for p=1or p=2.

(WE)-p There exist 29 € X such that [, d(xg,z)P(xo,dr) < co and a constant A,(P) € [0,1)
such that g
WE(6.P, 6y P
sup p(x—/x) =NAy(P).
(z,2")EX2, v’ d<$7 T )
[18, Theorem 20.3.4] shows that if (WE)-p holds for some p > 1, then P admits a unique
invariant probability measure which is denoted by 7 below. Moreover, 7 € S,(X,d) and for

any & € Sp(X,d),
(3.1) WP, m) < A(PYWE(&,m), neN.

If there is no risk of confusion, we denote for simplicity A, = A,(P). Let us start with
a general result for Markov kernels satisfying (WE)-2. We show below that this assumption
implies (CS) and (CD) when # is a subset of Lipschitz functions, and establish an exponential
concentration inequality for V;,(h), h € H. As was emphasized in [31] and [17], powerful tools
for exploring concentration properties of W§-ergodic Markov kernels are the transportation
cost-information inequalities.

Definition 3.1. For p > 1, we say that u € M;(X) satisfies LP-transportation
cost-information inequality with constant o > 0 if for any v € M;y(X), Wl‘j(u, v) <

V2o KL(v|p). We write briefly p € T,(cv) for this relation.

LP-transportation cost-information inequalities are well-studied in the literature; see, for
instance, [4] and references therein. The cases p = 1 and p = 2 are of particular interest. Re-
lations between 77 (a) and concentration inequalities are covered in [29] and [8]. In particular,
Ti () is known to be equivalent to Gaussian concentration for all Lipschitz functions; see [8].
In turn T5(«) is a stronger inequality than 77 («). It was first established for the standard
Gaussian measure on R? by Talagrand in [44]. Moreover, the celebrated result by Bakry and
Emery [3] implies that the measure 7(dz) = e~V dz satisfies Th(a) if V2U > o 'T; see [4,
Chapter 9.6]. We are especially interested in T»(«), since it is known to be stable under both
independent and Markovian tensorizations; see [37] and [17].

Our results on W§-ergodic Markov kernels are summarized below.

Proposition 3.2. Let H C Lipy(L), and assume that (WE)-2 holds. Then, for any initial
distribution & € So(X,d), (CS) is satisfied with

(3.2) pM(0) = Ex VL(XO)B(XW], R=A1L*(1 — Ao) ' Wa(&, ),
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where Ay is a constant given in (A.12), and (CD) is satisfied with

1/2
(3.3) ¢=LVD [ / {WE(6,, W)}Qw(daﬁ)] . A=A2Ay, D =supycy Vars(h).

Moreover, if P(x,-) € Ta(a) for any x € X and some o > 0, then, for any initial distribution
EeTh(a),neN, andt >0,

_ 2n2
(3.4) Pe([V(h) — EelVa(00]| > ) < 2exp (- B0 LY

cal?bZ(D + Rn~' +t)
where ¢ > 0 18 an absolute constant.
Proof. See Appendix A.3. [ |

It is also possible to remove a quite restrictive assumption P(z,-) € Ta(«) and to re-
lax (WE)-2 to (WE)-1, but in this case (CS) and (CD) can be verified only for H being a
subset of bounded Lipschitz functions. As a price for such a generalization, the exponential
concentration bound is replaced by a polynomial one.

Proposition 3.3. Let H C Lip,4(L, B), and assume that (WE)-1 holds. Then for any
ingtial distribution & € S1(X,d), (CS) is satisfied with

- . -1
(3.5) p(0) = B [M(X0) (X)), R= A28 (1-a1%)
where Ag is a constant given in (A.18), and (CD) is satisfied with

(3.6) ¢ =2LB / W(S,, m)m(dx), A= A5, D =sup,ey Varg(h).

Moreover, for any p € N,

Cg’lBQPbipmpp 027232]7()%?]9217

(3.7) Pg(‘Vn(h) - EE[Vn(h)H > t) < np/2¢p - np—1¢p ’

where constants Cr 1 and Cr are given in (A.28).
Proof. See Appendix A.4. |

3.1. Langevin dynamics. In this case, X = R, and we assume that 7 has an everywhere
positive density w.r.t. the Lebesgue measure, i.e., w(0) = Z eV where Z = fe_U(ﬁ)dQS‘
is the normalization constant. Consider the first-order Euler-Maruyama discretization of the
Langevin dynamics from (1.4),

(3.8) Okr1 = Ok —YVU (k) + /27 Ekr1,

where v > 0 is a step size and (§)32, is an i.i.d. sequence of the standard Gaussian d-
dimensional random vectors. The idea of using (3.8) to approximately sample from 7 has
been advocated in [40], whose authors coined the term unadjusted Langevin algorithm (ULA).
Consider the following assumption on U.
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(ULA) The function U is continuously differentiable on R? with gradient VU satisfying the
following two conditions.
(1) Lipschitz gradient: there exists Ly > 0 such that for all 8,6’ € R? it holds that
IVU(6) = VU(#")]| < Lullo — 0.
(2) Strong convexity: there exists a constant my > 0 such that for all 6,6 € R? it
holds that U(6') > U(0) + (VU(0),0" — ) + (my/2)||0" — 0]|*.

The ULA has been widely studied under the above assumptions; see, for example, [21]
and [13]. As known from [21], under (ULA) the associated Markov kernel, denoted by PW(ULA),
is Wf—uniformly ergodic. For completeness, we state below the following proposition [21,
Proposition 3].

Proposition 3.4. Assume (ULA), and set k = 2my Ly /(my + Ly). Then for any step size

v € (0,2/(my + Lv)), PW(ULA) satisfies (WE)-2 with d(9,¢) = ||9 — '] and Ay = /1 — k7.

ULA)

. . . u
Moreover, P,s has a unique invariant measure 7T’(y

It is shown in [21, Corollary 7] that, for any step size v € (0,2/(my + Ly)),

WQd(Tr’?TSULA)) < \/§/€_1/2LU’)’1/2 {/fl +7}l/2 {2d+dL2Uv/mU JrdLg(ﬂz/(j}l/z .

We define the asymptotic variance as

VUL () = Z EﬁgULA) [(h(XO) - ”%ULA)(JC)) (h(Xg) — §ULA)(f))} :
LeZ

At each iteration of the algorithm, VU is computed. Hence it is an appealing option to
use this gradient to construct Stein control variates (see, for instance, [1], [33], and [36]), given
by

(3.9) 96(0) = —(6(0), VU(0)) + div(e(0)),

where ¢ : X — R? is a continuously differentiable Lipschitz function, (-,-) is the standard
scalar product in R?, and div(¢) is the divergence of ¢. Under rather mild conditions on 7
and ¢, it follows from the integration by parts that 7(gs) = 0 (see [33, Propositions 1 and 2]).
Note that if ¢(0) = b, b € R, we get gy(0) = —(b,VU()). Then for a parametric class
H={f—g : ||bl < B}, assuming that f € Lipy(L1) and that condition (ULA) holds,
we get H C Lipg(max(Li, BLy)). For other approaches to construct control variates we
refer the reader to [27], [16], and [9]. The next result follows now from Theorem 2.2 and
Proposition 3.2.

Theorem 3.5. Let H C Lipy(L), and assume that (ULA) holds. Assume additionally that
€ € To(p) for some B> 0. Fiz any v € (0,2/(my + Ly)), and set by, = 2[log(n)/log(1/A2)]
with Ao = /T — kv and k = 2myLy/(my + Ly). Then, for any € > 0 and § € (0,1), with
probability at least 1 — ¢,
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VI (B e) — infeq VA (h)

log?(n)log(|H<| /) L log®(n) log (\H51/5)7

< Cielog(n) + Cg\/

n n
where
VR++VD L Vvy)(D+R) +DR L2(BV R S
C=——", 0= V(o Z)g )+ ,C3=#+*+ 3.2
Ky K=y Ky Ky KY K2y

with R, ¢ from Proposition 3.2 and D = supp,cy Varﬂgum) (h).

Proof. The Markov kernel associated to ULA can be written as PéULA) 0,) = N0 —
yVU(0), 2v1;). Hence, by [4, Theorem 9.2.1], PAEULA)(H,) € To(27) for any v > 0. By
Proposition 3.4, (WE) holds with Ay = /1 —yk. Hence Proposition 3.2 applies with o =
2(B V). Direct computation of the inverse function in the right-hand side of (3.4) leads to

07

1< g >< 4b; L*(B V ) log (4|He| /) +4an\/(ﬂw)(D+R)log(4|’H5!/5)
"\ 2|H,| (1—As9)2%n (1 —As)y/n T on

Corollary 3.6. Under the assumptions of Theorem 3.5, the following holds.
(1) If class H is parametric, that is, |H.| < Cpe™ for all e € (0,1) and some constants
C,,p >0, then it holds for any € € (0,1/y/n) with probability at least 1 —1/n,

VO(OULA)(h ¢) — infpe HV(ULA)(h) < n~1/2 logl/Q(n).
(2) If class H is nonparametric, that is, |H:| < Cpexp(e™?) for all e € (0,1) and some
constants C,, p > 0, then it holds for any € € (0,1//n) with probability at least 1 —1/n,

VI (o) — infpeqe VAN (h) < V@50,

Here < stands for inequality up to a constant depending on p and other constants from

~

Theorem 3.5.  Moreover, if additionally the constant W(ULA)(f) is in the class H, then

infpey VogULA)(h) = 0 and these bounds hold for the asymptotic variance itself.

Discussion. It is well-known that if f satisfies the so-called Poisson equation P(ULA f f
g) =

—f+m ULA)(f), then by taking ¢* = f — P(ULA f as a control variate, we get WgULA (f—

S,ULA)(f) and VogULA)(f — ¢g*) = 0. The property h* = f — g* = S,ULA)(f) € H can be
achieved by taking, for example, H to be a ball in a Sobolev space. Namely, let W35 = {h €
L*(X\) : D*h € L*()\), V|a| < s} be the Sobolev space; here A is the Lebesgue measure
on RY o = (aq,...,04) is a multi-index with |a| = a3 + --- + ag, and D® stands for the
differential operator D% = 8|a|/8x?1 ...0zy. The weighted Sobolev space W5 ((x)?), B €R,
for a polynomial weighting function (z)? = (1 + [|z[?)?/? is defined by Ws((z)?) = {h :
h-(z)? € W5}. Let H be a norm-bounded subset of Wi ({z)?) with 3 € R and s — d/2 > 0.
Suppose also that H<$>a_ﬁ||L2(W’(YULA)) < oo for some a > 0. Then |H.| < exp(e~%*), provided
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that o > s — d/2; see [35, Corollary 4]. Note that h* = WSULA)(f) € Wi ((z)?) for any s > 0

and any 3 < —1 so that we can take H as a norm-bounded subset of W3 ({x)?) for arbitrary
(ULA)

large s > 0. Since 7y and all its derivatives have exponentially decaying tails (see [32]),
”<x>a_BHL2(W(ULA)) < oo for any o > 0, and one can achieve that |H.| < exp(e~%) for arbitrary
Y

small § > 0 and at the same time h* € W3 ((2)?). Practically one can use Stein control
variates of the form (3.9) with infinitely smooth and compactly supported functions ¢. This
will guarantee that f — g, € Wy ((z)”) for some s > 0, provided that U is smooth enough and
fews((z)?).

3.2. Extension to the SGLD. In this section, we shall consider the situations where
the target 7 is given by the posterior distribution in the Bayesian inference problem, that is,
7(6) o exp (—U(8)), where U(#) = Up()+ 1 | Ui(#) with K being a number of observations.
Computing VU () requires a computational budget that scales linearly with K. Hence it is
often impossible to apply procedures based on discretization of Langevin dynamics directly.
One possible solution advocated by [46] is to replace VU () by an unbiased estimate. This
gives rise to the SGLD algorithm, where the parameters are updated according to

Or+1 =0 — YG(Ok, Sk+1) + /27 &kt 1,

(3.10) G(9,5) = VUo(6) + KM™' Y~ VUi(6),

where each Sy is a random batch taking values in Sps (here Sy is the set of all subsets S of
{1,..., K} with |S| = M) which is sampled from a uniform distribution over Sy, independently
of Fy, (here (Fy)k>0 is the filtration generated by {(6¢, S¢) }¢>0). Note that E[G(6k, Sk+1)|Fk] =
VU (0)) and therefore G (6, Si+1) is an unbiased estimate of VU (6y). The available variance
reduction techniques for SGLD usually replace the stochastic gradient in (3.10) with more
sophisticated estimates which preserve unbiasedness but have lower variance.

The simplest variance reduction technique is the fixed-point method (SGLD-FP) proposed
in [2]. This method is applicable when the posterior distribution is strongly log-concave. We
set § € O to be a fixed value of the parameter, typically chosen to be close to the mode of
posterior distribution. We estimate the gradient VU (6) by

K
(3.11) Grp(0,5) = VU (0) + KM~ Zies(vm(a) — VU;(0)) + Y VUi(9).
i=1

The SGLD-FP algorithm is obtained by plugging this approximation into (3.10).

More sophisticated variance reduction methods typically use reference values (g,i)fil of
the gradient (VU;)K | from previous iterates (and not only the last iterate); as a result,
constructed sequence (6;)72 is often not Markovian. One particular example is SAGA-
LD method, adapted from [41], [15]. If i € Sk, the reference value is updated, that is,
92 41 = VU;(0). Otherwise, the reference value is simply propagated, that is, 92 = g,i. One
then considers the following gradient estimator:

K
(312)  Ghagal0,8) = VU(O) + KMYY"  (VU(0) —gb) + gk, o6 =D g}
=1
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The recursion is initialized with g§ = VU;(6p), i € {1,..., K}, and gy = Zfil g5. Finally, the
gradient is computed according to (3.12) and plugged into (3.10).

For theoretical analysis of SGLD and SGLD-FP algorithms we need the following assump-
tions on U. Without loss of generality, we consider only SGLD; the same reasoning applies to
SGLD-FP.

(SGLD) The function U(0) = Up(8) + Zfil Ui () satisfies the following conditions.
(1) Lipschitz gradient: for any i € {0,..., K}, U; is continuously differentiable on R4
with Ly-Lipschitz gradient.
(2) Convexity: for any i € {0,..., K}, U; is convex.
(3) Strong convexity: there exists a constant mgy > 0 such that for any 6,60’ € R? it
holds that U(6') > U(0) + (VU (0),0 — 0) + (my/2)||¢' — 0.

Note that using Stein control variates with SGLD-based sampling procedure (3.10) elim-
inates benefits of using G(6,S) instead of exact gradient VU(0). Following [23], we replace
VU by its stochastic counterpart. More precisely, for the kth iteration of SGLD algorithm,
we consider the control variates of the form

(3.13) 96(8,S) = —(6(0),G(6,9)) + div(¢(8)).

The control variate gy depends now on the pair (6,5). Let H = {f(0) — gy(z) : ¢ € P},
where x = (0,5) € X =0 x Sy;. Consider another sequence (Sk)zozo of independent batches

uniformly distributed over Sj; such that for any k, Sj is independent of Fj. Denote by
BSGLD the transition kernel of SGLLD, and let T); be a uniform distribution over Sys. Set
P :=Psqip® YT and X, = (Hk,Sk)

Proposition 3.7. Assume (SGLD). Then for any step size v € (0, E[_]l(K + 1)_1), P

satisfies (WE)-2 with Ay = /T —ymy and d(x,2") = |9 — V|| + Lygrsy for any z = (9, 5)
and ' = (¢',S"). Moreover, P has a unique invariant measure 7 = TrEYSGLD) ® Y.
Proof. See Appendix A.5. |

Similarly to Langevin dynamics, we define

VSO = 37, B [ (10%0) ~ 7)) () — 7).

Theorem 3.8. Let H C Lipy 4(L, B), and assume that (SGLD) holds. Fiz any v € (0,551
(K + 1)), and set b, = 2[log(n)/log(1/A1)] with Ay = /T —~my. Then, for any e > 0
and § € (0,1), with probability at least 1 — ¢,

VSO (hy, ) — infrep VASCHP) (h)

log® 1/log(n) 1
< Cyelog(n) + Csy| 28 (n) ('H‘) +C Oi”,

n )
where
VR ++D B2Ry(L,¢€) B2Ry(L,€) VRD D(my7y) +¢
Cp=— ", (= 5 T 4+2/logn y Co=— 55—
my’y (mu) (muy) & myy (muy)
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with R, < from Proposition 3.3, D = suppey Var_seo) (h), and constants Ri(L,§), Ra(L,§)
vy
which can be tracked from (A.27).

Proof. By Proposition 3.7, (WE)-2 holds with Ay = /T —ymy, and, by Lyapunov in-
equality, (WE)-1 also holds with A; = As. Hence, the second part of Proposition 3.3 can be
applied with p = logn. The remaining part follows from Theorem 2.2 with computation of
the inverse function in the right-hand side of (3.7). [ ]

Corollary 3.9. Under the assumptions of Theorem 3.8, if class H is parametric, that is,
|He| < Cpe™" for all e € (0,1) and some constants C,,p > 0. Then for any e € (0,1/y/n) it
holds with probability at least 1 — 1/n that

VSCO) (h,, o) — infre VISP (h) < nm 2 10g% 2 (n),

where < stands for inequality up to a constant depending on p and other constants from
Theorem 3.8. Moreover, if additionally 7(f) € H, then infpey VOgSGLD)(h) = 0, and these

bounds hold for the asymptotic variance itself.

Remark 3.10. If the class H is constructed using Stein control variates, we can ensure the
inclusion ‘H C Lipb7d(L, B) by taking smooth and compactly supported functions ¢. This in
turn can be achieved by multiplying a given smooth function ¢ with a mollifier function, that
is, an infinitely smooth compactly supported function.

4. Experiments. In this section, we numerically compare the following two methods to
choose control variates: the EVM method, where a control variate is determined by minimizing
the marginal variance (see (1.1)), and the ESVM method, where a control variate is determined
by minimizing the spectral variance (see (2.2)). Implementation is available at https://github.
com /svsamsonov/vr_sg_mcimc.

4.1. Toy example. We first consider a multimodal distribution in R? from [38]. Namely,
let m(xy,20) = Z 'e~V(@1:%2) where Z is the normalization constant and

_ )2
U(.fl’ LEz) = W _ 10g<e—(ml_“)2/202 + e_($1+u)2/20_2) ‘
We choose M =1 and p = o = 3; the respective density profile is presented in Figure 1. Our

aim is to estimate 7(f) with f(z1,22) = 21 + 2 using ULA. The parametric class g, in (3.9)
2

is generated by () = Y- _; Betbp(x), where ¢, = e le=mel®/20%, ek all 1 regularly spaced
in [-3,3] x [-3,3] and o = 2. Details on the step size v of the ULA, length of the burn-in
period and test trajectories are summarized in Table 1. Boxplots displaying variation of 100
estimates for EVM and ESVM are presented in the same Figure 1. Furthermore, we compute
sample autocovariance functions for a trajectory with and without adding ESVM and EVM
control variates. The results reflect a spectacular decrease in high-order autocovariance for
ESVM; see Figure 1. Note that EVM aims at minimizing only the lag-zero autocovariance;
that is why the autocovariance function for ESVM-adjusted trajectory decreases much faster.

4.2. Gaussian mixture model. We consider posterior mean estimation for unknown pa-
rameter p in a Bayesian setup with normal prior p ~ N (0, JZ), JZ = 100, and sample (X k)i(:_(]ly
K =100, drawn from the Gaussian mixture model
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Table 1
Ezperimental hyperparameters.

Experiment Nburn  Mtest ~ Batch size
Toy example, subsection 4.1 10® 10* 0.1 -
Gaussian Mixture, subsection 4.2 10* 10°  0.01 10
12 06 - —_ ACF Vanilla
B ACF EVM
10 04 ‘ ACF ESVM
08 0z 3
00- ’7“ I
06 N LJ T ,
04 -0.4 -
0.2 —0.6- -
Vanilla ULA ULA
ULA with EVM with ESVM

Figure 1. Toy example from subsection 4.1. From left to right: (1) density profile, (2) boxplots displaying
variation of 100 estimates for vanilla ULA, ULA with EVM, and ULA with ESVM, (3) sample autocovariance
functions (ACFs) for a trajectory with and without ESVM and EVM.

0a- s ACF Vanilla
12 ) EEm ACF EVM
03- 30
o ACF ESVM
0.2- 28
08 01- 20
0.0-
0s % 15
“01-
04 10
07
4 0.0
3 3 T = B3 ES %

00 Vanilla SGLD SGLD
SGLD with EVM with ESVM

Figure 2. Gaussian mizture model from subsection 4.2. From left to right: (1) density of the posterior
distribution, (2) boxplots displaying variation of 100 estimates for vanilla SGLD, SGLD with EVM, and SGLD
with ESVM, (3) sample autocovariance functions (ACFs) for a trajectory with and without ESVM and EVM.

0.5N (—p,0%) + 05N (p,0%) with p=1, 0% =1.

The density of the posterior distribution over p is given in Figure 2. It has 2 modes roughly
corresponding to 4 = 1 and p = —1. To generate data from this posterior distribution and
estimate posterior mean, we use SGLD. The parametric class g, in (3.13) is generated by
o(z) = Box? + Bix + B2. Boxplots displaying variation of 100 estimates for EVM and ESVM
and respective sample autocovariance functions are also presented in Figure 2. Note that
the increase in lag-zero autocovariance for ESVM is explained by the additional randomness
in (3.13). On contrary, EVM favors far too small coefficients to overcome this additional
randomness, which leads to poor variance reduction.

4.3. Bayesian logistic regression. The probability of the ith output y; € {—1,1}, i =
1,...,K, is given by p(y;|xi,0) = (1 4 e ¥{%))=1 where x; is a d x 1 vector of predictors
and 6 is the vector of unknown regression coefficients. We complete the Bayesian model by
considering the Zellner g-prior NVy(0,g(XTX)™1) for 6 where X = [x1,...,xy] is an K x d
design matrix; see [26, section 2]. Normalizing the covariates, for %; = (X'X)~'/2x; and
0 = (XTX)Y20, we get (0,x;) = (0,%;), under the Zellner g-prior,  ~ Ny(0,gL;). In our
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Table 2
Ezperimental hyperparameters.

Experiment Nburn  MNtrain  Mtest 0% Batch size
Logistic regression, EEG dataset 10* 10* 10° 0.1 15
Logistic regression, SUSY dataset 10° 10° 10° 0.1 50

EEG dataset SUSY dataset EEG dataset SUSY dataset

-
L

0658810
05477

055845 0658805 -

055840 0658800~ 08476

055835 - 0658795 - 05475 -

055830 -

05474~
055825 osers-
055820 -

05472
055815 - +
SGLD-FP SGLD-FP
with EVM

Vanilla SGLD-FP Vanilla SAGALD SAGALD Vanilla SAGALD  SAGALD
with ESVM SGLD-FP with ESVM SAGALD  WthEVM with ESVM SAGALD  WthEVM  with ESVM

Vanilla SGLD-FP
SGLD-FP. with EVM

Figure 3. Bayesian logistic regression for EEG and SUSY datasets from subsection 4.3. Boxplots displaying
variation of 100 estimates of average predictive distribution for (1) left panel: vanilla SGLD-FP, SGLD-FP with
EVM, and SGLD-FP with ESVM, (2) right panel: vanilla SAGA-LD, SAGA-LD with EVM, and SAGA-LD
with ESVM.

experiments we have not noticed significant impact of particular g value on EVM and ESVM
performance and used g = 100 as a default choice.

We analyze the performance of EVM and ESVM methods on two datasets from the UCI
repository. The first dataset, EEG,' contains K = 14980 observations in dimension d = 15;
the second dataset, SUSY,?> has K = 500000 observations in dimension d = 19. The data
is first split into a training set 73" = {(y;,%;)}, and a test set 7% = {(y},x))}E, by
randomly picking K = 100 test points from the data. We use the SGLD-FP and SAGA-
LD algorithms to approximately sample from the posterior distribution p(é\mrain). Given a
sample (ék)z;é, we can estimate the predictive distribution for a fixed test point (y/,x’), that
is, p(y'[x) = [pa P(¥/|X',0) p(O]TH™) A6, by computing the ergodic mean n ™! S0 f(By) for
f(0) = p(/|x',0). To get rid of randomness caused by the random choice of a test point,
we estimate the average predictive distribution for the whole test set 7" by computing the
ergodic mean for the function f(0) = K~! Zfil p(¥}|x},0). Details on the step size 7, length
of the burn-in period and test trajectories, and batch size are summarized in Table 2. Boxplots
for the estimation of average predictive distribution are shown in Figure 3. Note that ESVM
leads to a significant variance reduction for both SGLD-FP and SAGA-LD.

Further, for the EEG dataset we plot in Figure 4 a part of the trajectory f (ém) =
Kt Zfi L P(¥|x, 0m) for 500 consecutive sample values 6, with and without adding the
ESVM control variate. These trajectories are accompanied by the sample autocovariance
functions for vanilla and variance-reduced samples for both EVM and ESVM. Again, since
EVM aims at minimizing only lag-zero autocovariance, the decrease in autocovariance func-
tion for this method is smaller than for ESVM. We also report in Figure 5 how autocovariance
functions change with batch sizes. Note that for small batch sizes ESVM still manages to
remove correlations, while EVM almost fails.

"https://archive.ics.uci.edu/ml/datasets/EEG+Eye+State.
https://archive.ics.uci.edu/ml/datasets/SUSY.
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0564 —— ESVM trajectory
0.562 —— Vanilla trajectory

B ACF Vanilla
[ ACF ESVM

0.560

0.558

0.556

0.554

5000 5200 5400 5600 5800 6000 0 5 10 15 20 25 30

Figure 4. Bayesian logistic regression for the FEG dataset from subsection 4.3 with the batch size 150.
From left to right: (1) part of a trajectory with and without ESVM, (2) sample autocovariance functions (ACFs)
for a trajectory with and without ESVM.

le-5 5 le—6 40 le—6
B ACF Vanilla B ACF Vanilla 35
[ ACF EVM [ ACF EVM 3.0
[ ACF ESVM 3 m ACF ESVM

4 mmm ACF Vanilla

B ACF EVM
[ ACF ESVM

1.2
1.0

0 10 20 30

0 10 20 30

0 10 20 30

Figure 5. Bayesian logistic regression for the EEG dataset from subsection 4.3. Comparison of sample
autocovariance functions (ACFs) for different batch sizes. From left to right: batch size 5, 10, 50, respectively.

4.4. Bayesian probabilistic matrix factorization. A typical problem in recommendation
systems is to predict a user’s rating for a particular item given other users’ ratings of this
item and how a given user evaluated other items. A common approach to this problem is
probabilistic matrix factorization via Bayesian inference; see [43]. Namely, we are interested
in approximating matrix R € RM*N where M is a number of users, N is a number of rated
items, and R; ; stands for the rating assigned by the ith user to the jth item. Due to natural
limitations (user is unlikely to rate all possible items), we observe only a some small subset
of elements of R and want to predict ratings of the hidden part. In probabilistic matrix
factorization, we aim at representing R as a product R = U'V + C, where U € RP*M,
V e RPN and C € RM*N is a matrix of biases with elements Cij =a;+bj,ac RM.
b € RY. In the subsequent experiments we assume that rank parameter D = 10 is fixed. The
naive solution would be to find

U,V,a,b=argming o, > Rij — (Ui, V}) —a; — b))?,

(ivj)e-[train

where Iiain IS a train subset of ratings. Unfortunately, optimizing this criterion leads to a
significantly overfitted model. One possible approach to overcome overfitting is to consider
the penalized model

. 2
U, V,a,b=argmingy,, Z(i,j)eltrain (Rij — (Ui, Vj) — ai — bj)
+AUlUIP + Av VP + Xallal® + X612,
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but it requires careful tuning of penalization coefficients A\i7, Ay, Aq, Ap. We thus would benefit
a lot from a Bayesian approach for tuning weights; this was pointed out in [43]. We follow a
slightly simplified formulation proposed by [12]; that is, we consider

A AV Aas Ao ~ T(1,1), Ui ~ N (0,051, Vig ~ N(0,0,1),
aiw./\[(07)\;1)7 biNN(O,)\b_l), R,-J]U,VNJ\/'(<U¢,V]-)+a,~+bj,7*1).

In order to sample from the posterior distribution which we denote by p(©|R), where © =
{U,V,a,b, \y, A\v, Aa, \p }, we use the following two-step procedure:

1. Sample from p(U, V,a,b|R, A7, A\v, Aa, Ap) using SGLD or SGLD-FP with a minibatch
size of 5000 observations with a step size v = 10~%. Sample for 1000 steps before
updating the weights Ay, Ay, Ag, Ap;

2. Sample new A from p(Ay, Ay, Ag, Ap|U, V, a, b) using the Gibbs sampler.

The experiments are performed on the MovieLens dataset ml — 100k (link to dataset). We
apply our control variates procedure as a postprocessing step following [2]. The functional of
interest is the mean squared error over the test subsample, f(U,V,a,b) = >_(; yer... (Rij —
(Ui, Vi) —a; — bj)2. Since the dimension of parameter space is very high, first-order control
variates are the only option among Stein’s control variates. Parts of SGLD- and SGLD-
FP-based trajectories before and after using control variates, and confidence intervals for
estimation of f, are presented in Figure 6.

Appendix A. Supplementary material for variance reduction for dependent sequences
with applications to stochastic gradient MCMC.

A.1. Proof of Proposition 2.1. With notation h = h—m(h), we can represent the variance
of mp(h), h € H, as

n—1

E ( y h(X})
k=0

S|

Figure 6. Bayesian probabilistic matriz factorization from subsection 4.4. Left panel: test mean squared
error (MSE) trajectory for SGLD (left) and SGLD-FP (right) with and without ESVM. Right panel: confidence
intervals for test mean squared error trajectory for SGLD (left) and SGLD-FP (right).
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Multiplying the both sides by n and subtracting p™ (0) +2 3277} (1 — £n=1)p") (£), we get

nE <;§B(Xk)>2 ;<1—> )(0)

k=0
= if(EW(xkﬂ )+~ > Z( Jh(Xien)] = o).
k=0 /=1 k=0

It follows from the Cesaro mean theorem and (CS) that the right-hand side tends to zero as
n — oo. Similarly, p(0) + 23770 (1 — en=1)pM (£) — S ez P (0) as n — o

A.2. Proof of Theorem 2.2. Let us first start with a technical lemma the proof of which
we postpone to the end of the section. In what follows, set V,,(h) := E[V,,(h)].

Lemma A.1. Let H be a class of functions with constant mean and assume that (CS) and
(CD) hold. Then, for any h € H and any hi, he € H with ||h1 — hal|L2(r) <&,

(1) [Voo(h) = Vi(h)| S (R+s(L = N)"bun ™ +¢(1 = N) 20 + (1 — A)7IA/2
(2) |[Vn(h1) = Vi(h2)| S VRDbyn ™2 + (R+ (1= X) " )byn ™
+ (VEn~V2 + VD)be.
Let h* be a function in H leading to the smallest V,,(h), that is,
h* € argming ey Vi (h).

For simplicity, we assume that h* exists as all the following arguments can easily be adapted by
considering an approximate minimizer. We decompose the excess of the asymptotic variance

Voo (Tim.c) — inf e Voo (h)
= Voo (hn,e) = Viu(h n,s) Vi(hne) = Vi (h*) + V() — infpepy Voo (h)
(A.1) < 2suppey | Voo (h) = Vin(h)| + Vi hn@) — Vo (h").

To bound the first term in (A.1), we apply Lemma A.1 and obtain
(A.2) suppep| Vo (B) = V(1)
SR+ =N "Nbn ™t 61— M) 207! 4 6(1—A) A/,

It remains to bound the second term in (A.1). Let hZ € H. be any closest to h* point in
L*(m)-distance. By the definition of hy, ¢, Vi,(hne) — Vo (hE) < 0. Hence,

Vilhne) = Va(h?)
< Vulhne) = Va(h®) = (Va(hne) = Va(hD))
= Vilhne) = Va(h*) = (Va(hne) = Va(h*)) + (Va(h2) = Vi (R"))
(A.3) < suppep {Va(h) = Va() } + (Va(h*) = V(b)) + (Va(hE) = Va(h")).
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By assumption and the union bound, it holds for the first term in (A.3) that

p ( sup {Vu(h) — Va(h)} > t> < M| sup P(Vn(h) Vo (h) > t) < [He| an(t).
heH, heH,

The second term in (A.3) can be handled in the same way,
P(Va(h*) = Viu(h*) > t) < an(t).
The last term in (A.3) we represent as
Va(h") = Va(hZ) = Va(h") = Va(hZ) = (Vin(h") = Vi (kD)) + (Va(h") = Va(RD)).
Now the union bound implies
P(Vah*) = Va(h) = (Va(h*) = Va(h2) > t) < 2an(0).
Furthermore, using Lemma A.1 and the fact that h? is e-close to h* in L?(7)-distance,

SVRDb,n ™2 4+ (R4 (1= N)"Hbun~ + (VRY2 4 VD)bye.

Combining these inequalities and substituting them into (A.3), we obtain, with probability at
least 1 — (|H<| 4+ 3)an(t),

(A.4) Vi) = Vi(h*)
St+ VRDbn 2+ (R+6(1 = N) " Nben™ + (VRY? + VD) bye.

Substituting (A.2) and (A.4) into (A.1) we conclude that, with the same probability,

Voo(/};n,g) - infhe’,l-[ Voo(h) ,S t + (\/En_l/Q + \/B)bng + @bnn—l/Q
+ (R+s(1=N)bpn ™ +6(1 = N2 (1 — X)) IA/2

where we have used the notation of Theorem 2.2. The proof is completed by taking t =
o, ' (0/2|H:|) and assuming that |H.| > 3 (this involves no loss of generality). We are left
with the task of proving Lemma A.1.

Proof of Lemma A.1. Let us first find a leading term in sample autocovariance function.
Recall that for any h € H, h = h — w(h). By expanding the brackets and adding/subtracting
m(h) in the definition (2.3), we get, for any |¢| < by,

3

(A.5) P () = A% () + AL o) + A% o),
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where, for 0 < /¢ < b,

n—~{—1
AN 0y = AN (=) =0 S RX)R(Xre),
= n—~{—1 ~ n—1 ~
Al = AV (—0) = —nwh){ S h(Xk) +Zh<xk>},
=0 k=/¢

It follows that the leading term in this decomposition is A( )(E). The remainder terms Aglh% (0)
and Ag%(ﬁ) can be bounded, under assumptions (CS) and (CD), as follows:

~ n—1 n—1n—¢—1
)E[Afjj ’ {ZE Rx]l+23 Y E[B(Xk)B(XkH)]}
{ ") (0) + 2 Z —tm Yy (z)} +3Rn~!

(A.6) <Ccnt,

where C' := 2¢(1 — A)~! + 3R. In the same manner we conclude that

n—~_0—1 2 n—1 2
‘E[A ‘ <n 1E1/2[ ( {E1/2 |:< Z iL Xk ) + (ZB(X]J)
k={

(A.7) <20n7h

The last two bounds show that the last two terms in (A.5) are of order n~!. Having disposed
of this preliminary step, we can now return to statements of the lemma. |

Statement 1. From decomposition (A.5) and bounds (A.6), (A.7), we deduce that
i -V — (h1) (py — plh2)
[Valh) = Vi) =32 walD)E[p(0) = o2 (0]

< 2b,, max <, ] E [A(hl)(ﬁ) - A(h?(e)} ( +12C0b,n~1

n,1 n,

With notation illz = }Nzl — ilg, it follows, for any 0 < ¢ < b, that

n—_—1

Agﬁ)(f) - Agﬁ)(@ =n"! Z (ﬁl(Xk)ﬁw(Xk-&-Z) + BlQ(Xk)BQ(Xk+€)>-
k=0

Using the Cauchy—Schwarz inequality (twice) and (CS), we have

n(l~
>R Xk]El/z

k=0

n—_{—1

n—{—1
El ) hl(Xk)hm(XW] < EY/?
k=0

his Xk+é)]

l—
k=0

< R+ (0= Dp)(0) y/ R + (0 — Do) (0),
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We now apply this argument again and obtain

E[A(0) = ALY (0] S Bnt + VRDR Y2 4 (VR 4 VD) [y = o[ 1.

Finally, since ||h; — BQ”L2(W) < 2[|h1 — hal|2(r), we conclude
[Vn(h1) = Vin(he)|
< (R+C)bon ™ + VRDb,n ™% + (VR Y2 + VD) by | h1 — hal|2(m).-
Statement 2. Let us denote
= (h)
Vo) = Y, w09 (0),
With this notation, we have the following decomposition:
(A.8) Voo (h) = V()] < [Voo(h) = Vaup ()] + [Vap(R) = Vn(B)]
To bound the first term in the right-hand side of (A.8), we represent it as

Vaph) = VeI < 37, L= wn(D] o O]+, 670

Using (CD) and the fact that wy,(¢) =1 for £ € [—b,,/2, b, /2], we obtain

bn

2y, 11— wnOlP O] = 2[:2112/2 11— wa ()] [p™(0)] < 26(1 = N)7IA/2,

In the same manner we can see that
(M) ()| < _\\—1ybn
Z|s|>bn|p (s)] < 26(1 = N)7IAm
Combining the last two bounds we conclude that
(A.9) [Vip(B) = Vo (h)] < 4g(1 — X)TEAb/2,

Now let us turn to the second term in the right-hand side of (A.8). The decomposition (A.5)
and the bounds (A.6), (A.7) yield

Valh) = Vool =32, _, wn®) (E[P(0)] —0M(0)
= Zlélébn

Using (CS) and (CD), it follows that

E[AL)(0)] = p(0)] + 6Chan ",

n,1

< Rn '+ cX'nh
Combining these, we get
(A.10) [V(h) = Vi p(R)] < (126(1 = X) 71 4+ 20R)bn ™! +2¢(1 — A) *n 1.
Finally, we obtain the desired conclusion by substituting (A.9) and (A.10) into (A.8).
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A.3. Proof of Proposition 3.2. 1. The sequence (p" (0))72, is symmetric and positive
semidefinite by construction. By the Markov property, for any k,¢ € N,

Ee [R(X0)h(Xire)] — p™ () = E¢[M(X)de(X) — B(X")pe(X")],

where we denote ¢y(z) := P'h(z) and ¢ € TI((P¥, ) is the optimal coupling of £P¥ and 7 in
W$-distance, (X, X') ~ ¢. Note that

[E¢[7(X)de(X) — M(X")pe(X)]| < {E[{A(X) — R(X") P} HE[{oe(X)}1}/?
+{Ec[{6e(X) — ¢o(X") P} {E[{R(X) YT},

It is easy to check that ¢y is a Lipschitz function,
|¢e(2) = po(a”)| < LWS (8, P", 0, P*) < LAYd(w, ).
Since the Markov kernel P is Ws-geometrically ergodic, we get

|Ec[R(X)de(X) — R(X")e(X")]]
< LWS(EPY, m){Ec[{e(X")P}/2 + LAWS (€P*, m){E¢ [{h(X) ]}/,

Let us compute Ec[{#¢(X")}?] = 7(¢7). Since P is Wg-geometrically ergodic, we have
Ws(6, Pt ) < AWs (8, 7). Note also that w(h) = 0 implies 7(¢¢) = 0; hence

(1) wed) = [ o) - [onte) dx} () < 2283 [ (W35, n(a).

Finally, we need to compute Eg[{iL(X )}2] = ¢pPF (Ez) For an arbitrary & € X,

) = | [th6e) ) (e

In order to bound ¢£P*(d%(z, 1)), we write

/ 2(x,2)EP*(dx) = //de:n ¢(dzdz") <2// x,2')¢(dxda’)

/ &2, #)r(dz) < 282 (WA (€, )} + 2 / d2(z, #)m(dz) .

2

<2L? (d2(a:,§c) + /dQ(a;,ﬁc)w(dx)> .

Hence
¢P*(h?) <4L? / d?(z, &) (dz) + 2L2 A (W (&, 7)),

and |E¢[h(Xp)h(Xpre)] — pM(0)] < A1L2ASHWS (¢, ), where

1/2
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Summing the last inequality with respect to k, we obtain
(A13) 3 JER(XR(Xire)] — pP(0)] < L1~ Ao) AGA(E 7).

Hence, the second assumption in (CS) holds with R defined in (3.2). The third assertion
clearly follows from (A.13). To check (CD), we write

0)| = ’ / ) [0 P (h) — 7(h)]m(dx)

<L / |h(z) WS (6, P, m)m(dz)

1/2

(A.14) < LAl / (@) | W (8, m)e(da) < LAQ\/E[ / (W2 (6., 7)) 2r(dz)

Hence (CD) holds with A = Ay and ¢ = Lv/D[ [{W$ (8, 7) 27 (dz)]'/2.

2. The proof essentially relies on [17]. Denote Z,(h) := (h(Xo),...,h(Xp—-1)), and recall
the representation (2.2). It follows from [5, section 5.2] that V,(h) can be represented as a
quadratic form

Vi(h) = (AnZn(h), Zn(h)),
where A, = n7}(I1—n'E)YW(I —n"'E), E is an n x n matrix with elements Ej; = 1 for
any 1 < j,k < n, and W is a Toeplitz matrix with elements W; = w,(j — k). Note that
Vp(h) is invariant to shifts and, in particular, V,(h) = V,(h). It is straightforward to show
that ||A,| < 2b,n71; see [5, Lemma 9]. Furthermore, [5, Corollary 18] implies

(1 — Ay)2t? >
cal? (Ee[[| An Zn(R)||2] + t]| Anl))

(A.15) Pe(|Va(h) — E¢[Vi(R)]| > t) < 2exp (-

where ¢ > 0 is some universal constant. By the Cauchy-Schwarz inequality, ||A,Z,(h)|]> <
| AnlI?|| Zn(R) 2. Moreover, using (CS), we get

(A.16) Ec[ll Zn(h)||?] < R +nVarg[h] < R+ nsup,ey Vary[h] = R+ nD.

The statement follows from substitution (A.16) into (A.15).

A.4. Proof of Proposition 3.3. 1. Proceeding similarly to Appendix A.3, we use the
Markov property to write, for k, £ € N,

[Ee[M(Xi)h(Xpso)] — ()] < {E{R(X) — X P12 {E[{de (XY}
+ {Ec[{ee(X) — ¢e(X") PV HE{R(OYI2,

where ¢ € II(£P*, 1) is the optimal coupling of ¢ P¥ and 7 in W distance, (X, X’) ~ (. Since
function h is bounded and Lipschitz,

Ec [{R(X) — h(X')}?] < 2BE¢[|R(X) — h(X")|] < 2LBAYW{ (€, 7).
Similarly, using that ¢y is bounded and Lipschitz (see Appendix A.3 for the details),

Ec[{¢e(X) — ¢e(X")}?] < 2LBAN W (¢, 7).
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Proceeding as in (A.11), we obtain

Ecl{on X)) < [ [o1t0) - oulw)]*m(do)(ay) < 2BLAT [ WS, m) n(a)
Using the simple bound Eg[{fz(X)}Q] < 4B2?, it holds that
(A17) [Ec[h(X0)R(Xps0)] — pM(0)] < 2BCHALH
with
1/2
(A.18) ch = 2L{W1d(§,7r)}1/2{/Wf'(éx,w)w(d:x)} + {2LBW (¢, ™)}

Hence, the second assumption in (CS) holds with

(A.19) R=2BCs(1- A",

and the third one follows from (A.17). Proceeding as in (A.14),
o (0)] < 2LBA] [ WG, ma(da),

and (CD) holds with A = A; and

(A.20) =2LB / W(6,, m)m(dx).

2. Without loss of generality, we assume that ||h|| < 1. By Minkowski’s inequality,

bn
HVn(h) - EEVn(h)Hé,p < Zzsznﬂ w”(g)Hpv(%h)( Ef[ Hé,p

where || - ||¢p = (Eng)l/p. For ¢ € Ny, we get

n—~_0—1 n—~_{—1

3" (h(Xe) — ma ) (i) — 7)) = - 3 B(XK)h(Xir)
ke

() — (1)) +

P () =

S|+
=)
iy
=)

7n(h) — 7(h) ~ ~

=T+ Ty +T;.

Hence,

n

P () — E¢[pM (0)] = (T1 — E¢[T1]) + (To — E¢[T3]) + (T3 — E¢[T3]) =: Ty + To + Ts.
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Now we proceed with estimating Hﬁ”&p- By [19, Theorem 2] and Lemma A.2, setting £, =
1A A{‘E and A1 =4V 256 L{W1(&, ) + 2infzex W1(dz, )},

- 2p —2)! B B
(A.21) IT11¢, < ((pp_l)),ep (nz‘h Z&,z) VA1 Y (1P 2y
’ r=0 r=0

It can be easily seen that

n—1 n—1

;= pl 1 20

A.22 g, < — 4+ | ————— 4 17|, e < ———.
(A.22) ;)(Nr ) /B’Z_p—l_'_A%[logp(l/Al)—i_ } Tz:OB,z_(l_Al)

Substituting (A.22) into (A.21) and using Stirling’s formula,

_ 2440 \ /2 2P pPp!/? 1
P~ 92p 1 PP P i
ITili, < 2% [<1—A1> o {E TR <logp<1/A1>“>H'

Since ¢ < b,,, we obtain the following final bound on 77,

1/2
(A.23) IT1lep < 4p <2b”‘41> + 32bnn1/p—1A1/p 14 P(124/— log (1/Ay))
n(l—Aq) eAlog (1/A)

Let us consider now Ty and T3. Using (WE),

n—1
_ LWl 57 0
() = (W), < " | 37 H(X) — Elh(X4) ‘ + e,
k=0 ¢ "
7p
By Lemma A.3 and [19, Theorem 2], setting As = 4L{W1 (&, 7) + 2infzex Wi(0z,7)},
n-1 1/2 71/2 1/p gL/P
n/=A 2pn-/PA
h(Xg) — E¢[h(Xp)]|| < 4p Z_v 2 :
’fZ:O 5 &p VI=B1 APelog (1/4:)
Now it holds for 15,
n—1 2
_ 2 4 6L2WE(E, )
I Tollep < 2llmn(h) = 7 (Rl < — D h(Xp) —Eclh(Xp)]|  + 21 -A)2
k=0 £2p
2
(A.24) < 26p? { Ay, apniAl ] L APWE )
- n(l—A1)  n2A2/re?log? (1/A1)]  n*(1— A1)?
Finally, since £ < b, and h is bounded,
(A.25) | T5lep < 16byn "t
Using (A.23), (A.24), and (A.25), we get
Cipbi® | Cyp?bn  Cipt
(A.26) [Va(h) — Ee[Va(R)]|,, < 2bn /2 ni—1/p " 2—2/p |’
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where
oA 27TAVP(1 + 21og (1/A1)) L2
1 — 47> 2 — )
(a2 VI—4, AP log (1/A1) -4
28437 A2

=

+ .
ezAi/p log? (1/A;) 41— Aqp)?

Under the assumption p < n'/2, we obtain

CR,lpbvlm/z C'R,zpzbn]

(A.28) HV"( — B[V nl/2 nl-1/p

Ml <l

with Cr 1 = 201, Cr2 = 2C% + 2C%. Now the statement follows from Markov’s inequality.

Lemma A2, Assume (WE)-1. Let h € Lip, 4(L, B). Fori,m € Ny, we define gi m(x,2") =
iL(%)iL(I”) — C¢im, Where cgim = E¢ [9im(Xi, Xiym)]. For p,r,m € Ny, let

h u - v ~
C[(,,T),m = sup‘covE (szl Giomn (X s Xiptm), Hk:l i (X X k-Hn)) ‘,

where the supremum is taken over all 0 < i1 < - <4y < iy +7 < 51 < -+ < gy < n with
u+ v =p. Then, for any p,r € N,

(h) 22p+2B2p, T S m,
prm = L{Wl(f, ) + 2infzex Wi (9, ) }v24p32p AT > m.

Proof. Define the function
u

Giryinym(Tiy s Tiytms -+« Tigs Tiypm) 1= szl Gir,m(Tig s Tigm) -

Let D;

117"'7iu»m

= Giy,.oiwym(Xivs Xiyms o5 Xiyy Xiym). Since |Giy iy mlloo < (2B)2u and
< (2B)%, we get C;(m),m < 22P+2B2 Now let m < r. Using Markov’s property,

|’Gj17~-~,j1um’ oo

C0V§(Di1,..‘,iu,m> Dj17-~~7jvvm)
= E¢[(Dir.ium — Ee[Dis i) (PP 0 Xi 4m) — () .

where

(@) = Ea G, o (@ Xon, Xy s Xjojrtms > Xy s Xjyjum) |-
It follows from Lemma A.4 that ol < Lv2®=1p%=1 By [18, Theorem 20.1.2]
HPjriufmSOHLip < A Tiem [ll;p» and hence

’le_i“_mw(m’) N W(QD)‘ < LU24U_1BQU_1A{1_i“_mW1((iv, 7T) ]
This yields

‘COVg(Dn,...,iu,m Djl,...,]v7 )‘ <Lp24pB2p 1A]1 tu mEg [Wl((sxz mo )] .
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For a fixed £ € X, by the triangle inequality,
Wi (6z,7) < Wi(dy,0z) + Wi (0z, m) = d(z, &) + Wi (dz, 7).
Since E¢[d(Xiytm, )] < W1 (0P, 6;), we get
Ee [d(Xi,+m, )] < Wi(EP™F™, 1) + W1 (d3, 1) < A™ Wi (€, ) + W16z, 7),

showing that E¢ [W1(0x,,,,.,m)] < Wi(&,m) + 2W1 (3, 7). The proof is complete. [ ]
Lemma A.3. Assume (WE)-1. Let h € Lip, 4(L, B). For p,r € Ny, we define

Cp,r 1= sup

)

cove (H (n(X3,) — Eelh(X3,))), T] (h(X5,) - Edh(Xjk)D)

k=1 k=1

where the supremum is taken over all 0 < i1 < -+ < gy < iy +7 < j1 < -+ < gy < n with
u—+ v =p. Then for any p,r € N,

Cpﬂ, < L{W1(§,7T> + 2infzex Wl((SX,TF)}pzzpBprlAg.

Proof. The proof is along the same lines as Lemma A.2 and is omitted. |

Lemma A.4. Assume (WE)-1. Set
cp(m) =E,; [Gjlw-,jv,m(xv X, Xj2—j17Xj2—j1+m7 .- 7va—j1 ’ Xju—j1+m)]7
where Gy, . j,.m defined in Lemma A.2. Then
lllup < Lv2*~ B>

Proof. We split the proof into two parts. First, we estimate Lipschitz constant of g(z) =
Eo [Ty M(Xi)R(Xiy,,)] for 0 = iy < iy < -+ < i, and m > 0. Note that g(z) =
iLnl(l‘)Ex[HZZQ h™ (X,,)], where 0 = m; < mg < --- < my are distinct indices among
(41,91 +m, ..., 4y, 0y +m) and (nq,...,n) are their associated multiplicities (22:1 ng = 2v).
Hence, applying Lemma A.5 with f; = h and K = 2B, we get lgllLip < 2Lv(2B)?"~1. Now
we estimate the Lipschitz constant of

(A.29) p(z) =E; [H _ (B(Xjk*jl)B(Xjk*lerm) - C&jkvm)}?
where c¢ j, m = Eg[ﬁ(Xjk)ﬁ(Xme)]. Expanding (A.29), we obtain
(A.30) @) =D, (CDEME, [TL, 0 0 ) (X )] %,

where the sum is taken w.r.t. all (d1,...,0,) with §; € {0,1}. Note that all terms in the
decomposition (A.30) are Lipschitz. Since |cg j, m| < 4B?, we get

- v - v—1)!
<Y 2L 2B @B — aLe(2B)» 1 Y DL
ol < 3-20( ) 28101 LR Dek o
— Lv24vle2U71' |
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Lemma A.5. Assume (WE)-1. For any bjv > 1, 0 = i1 < -+ < i < n and ni €
N, 22:1 ng = v we define g(v) = E, [szl f[;’“(Xlk)], where f;, € Lip,4(L,K). Then
||g||Lip < LoKv 1.

Proof. Note that g(z) = fi'* (z)E, [HZ:Q fi* (Xi,)]. We proceed by induction in the num-
ber of distinct indices b. If b = 1, then, for any v € N,

v—1
@) = B = 1fol@) = o)l |3 @) 51 w)| < vLK" (2, y)
k=0

Assume b > 1. Since g(z) = fi* (z)P2g)(z) with g1 (z) = EI[H2:2 fiF (Xi—in)],

lg(x) — g()| < [ /5" (=) = f§* )| | P2 gr(2)] + | f§H ()] | PP g1(x) — Pg(y)|.

The function g; depends on b — 1 indices and 2222 ng = v —ni. The induction assumption
and [18, Theorem 20.1.2] show under (WE)-1 that [[P2g1(luip < [lg1]l1;, < L(v — ny) Kyl
Observe that

lgllip <M LK™ ' K™™ 4+ L(v —ny) KV TK™
and the proof is complete. u

A.5. Proof of Proposition 3.7. We provide the proof only for SGLD, since its adaptation
to SGLD-FP is straightforward. Let z = (9(()1),5’[()1)), y = (0(()2), 5’[()2)). We use the standard
synchronous coupling technique adapted from [10, Lemma 1]. Let ({x)r>0 be a sequence of
iid. d-dimensional Gaussian random variables, (Sg)r>0 and (Sk)x>0 be independent mini-

batches with |Sy| = |Sy| = M. Set (9((]1),9((]2)) = (z,y), and define recursively for k > 0,
0 =010, =G0 1. 5) + Vs
_ -1 .
G(6,8) = VUy(0) + NM Zies VU;(6).

Finally, define the sequences (Xq(f))nzo, 1=1,2, as Xq(q,i) = (97(5), S,,) for any n > 0. Since X,gl)

and X 152) are distributed according to 530?]6 and 5yﬁk, respectively,
=k Sk 1 2 1 2
w3 P",6,P") < E[*(X", X)) = E[ll6” - 6711°].
The rest of the proof follows [10, Lemma 1] and is omitted.
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