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1. Introduction. Information-theory based variational principles have proven effective at
providing uncertainty quantification (i.e., robustness) bounds for quantities of interest in the
presence of nonparametric model-form uncertainty [15, 23, 51, 32, 41, 24, 33, 10, 43, 31]. In
the present work, we combine these tools with functional inequalities to obtain improved and
explicit uncertainty quantification (UQ) bounds for both discrete and continuous-time Markov
processes on general state spaces.

In our approach, we are given a baseline model, described by a probability measure P; this
is the model one has “in hand” and that is amenable to analysis/simulation, but it may contain
many sources of error and uncertainty. Perhaps it depends on parameters with uncertain
values (obtained from experiment, Monte Carlo simulation, variational inference, etc.) or is
obtained via some approximation procedure (dimension reduction, neglecting memory terms,
asymptotic approximation, etc.). In short, any quantity of interest computed from P has
(potentially) significant uncertainty associated with it. Mathematically we chose to express
this uncertainty by considering a (nonparametric) family, U (P), of alternative models that we
postulate contains the inaccessible “true” model.

Loosely stated, given some observable F', the UQ goal considered here is

(1.1) Bound the bias E5[F] — Ep[F], where P € U(P).
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The subscript r indicates that the “neighborhood” of alternative models, U, (P), is often
defined in terms of an error tolerance, » > 0. For our purposes, the appropriate notion
of neighborhood will be expressed in terms of relative entropy, which can be interpreted as
measuring the loss of information due to uncertainties. We do not discuss in full generality
how to choose the tolerance level r, but there are cases where one has enough information
about the “true” model to choose an appropriate tolerance; see section 6.

Remark 1.1. Note that in (1.1) and the remainder of this paper, we consider the case
where the quantity of interest is the expected value of some function, but extensions of these
ideas to other quantities of interest are possible [24].

More specifically, here we work with a Markov process (X;, P*) with initial distribution p
and stationary distribution p*, and we compare it to an alternative (not necessarily Markov)
process (X, Pﬁ); we study the problem of bounding the bias when the finite-time averages of
a real-valued observable, f, are computed by sampling from the alternative process:

(1.2) Bound EF [; /0 ! f(Xt)dt} — / fdu*.

Here, EF denotes the expectation with respect to ph , and similarly for P#, E#. (Discrete-time
processes will also be considered in section 5.)

Equation (1.2) is a (less studied) variant of the classical problem of the convergence of
ergodic averages to the expectation in the stationary distribution:

(1.3) B [z{ /OTf(Xt)dt] —>/fd,u*.

By combining information on the problems (1.2) and (1.3), one can also obtain bounds on
the finite-time sampling error:

(1.4) orrp = EV [; /OT f(Xt)dt} _GF B /OTf(Xt)dt] .

In this work, we focus on the robustness problem, (1.2).

There are classical inequalities addressing (1.1) (for example, Csiszar—Kullback—Pinsker,
Le Cam, Scheffé, etc.), but they exhibit poor scaling properties with problem dimension and/or
in the infinite-time limit and so are inappropriate for bounding (1.2). This problem can be
addressed by using tight information inequalities based on the Gibbs variational principle that
are summarized in section 2. See [41] for a detailed discussion of these issues.

Other recent works have also focused on robustness bounds for Markov processes, often
with the goal of providing error bounds for approximate Markov chain Monte Carlo samplers.
Bounds on the difference between the distributions (finite-time or stationary) of Markov pro-
cesses have been obtained in both total-variation [50, 28, 1, 49, 5, 39] and Wasserstein distances
[54, 52, 37].

One benefit of the approach taken in the present work is that the bounds naturally incorpo-
rate information on the specific observable, f, under investigation; for instance, the asymptotic
variance of f under the baseline model appears in the bound in Theorem 4.6 below. When
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the end goal is robustness bounds for time-averages of f, this observable specificity has the
potential to yield tighter bounds; see also [52] for bounds that incorporate similar information
on the observable.

Our method utilizes relative entropy to quantify the distance between models. A drawback,
compared to the total-variation and Wasserstein distance approaches, is the requirement of
absolute continuity; however, this is satisfied in many cases of interest. As we will see, one
benefit of utilizing relative entropy is that the alternative model does not have to be a Markov
process. The second main innovation here is the use of various functional inequalities, in
combination with relative entropy, to bound (1.2). The end result is computable, finite-time
UQ bounds that are also well behaved in the long-time limit.

1.1. Summary of results. The basis for all of our bounds is Theorem 2.11 in section 2,

(1.5) + <E’7 [; /OTf(Xt)dt] - u*[f]>

<t L L AT (+ )+iR(15ﬁHP“*) i =/Tf(x>— *[f)dt
=0\ er p O T i s T = 0 v H ’
along with Corollary 3.5 in section 3,
(1.6) ;AE (¢) < K (Vo)
w1 R(V)=swp {<A[g],g> + [VigPdy® g € DAR), gl = 1} ,
(18) Vie() = e (f() — w*lf]), 1] = / fdu*.

In the above, Ai "« (%c) is the cumulant generating function of fr (see (2.24) for details),
T

R(ﬁj‘fHP{ﬁ*) is the relative entropy of the processes up to time 7' (see (2.5)), (-, -) denotes the
inner product on L?(u*), and (A, D(A,R)) is the generator of the Markov semigroup for the
process (X¢, P*) on L?(u*). Again, we emphasize that the alternative process, (X, ﬁﬁ), does
not need to be Markov; for an example involving semi-Markov processes, see section 6.2.

Equation (1.5) is derived by employing the Gibbs variational principle (hence the relation
to relative entropy). Equation (1.6), which is based on a theorem proven in [56], results from
a connection between the cumulant generating function and the Feynman—-Kac semigroup
(hence the appearance of the generator, A). Also, note that the bound is expected to behave
well in the limit 7" — oo, as R(ﬁ{fHPI’f*)/T converges to the relative entropy rate of the
processes, under suitable ergodicity assumptions.

Equation (1.6) allows us to employ our primary new tool for UQ, that is, functional
inequalities. By functional inequalities, we mean bounds on the generator, A, that will yield
bounds on k(Vi.); we will cover Poincaré, log-Sobolev, and F-Sobolev inequalities, as well as
Liapunov functions. Our results rely heavily on the bounds obtained in [56, 45, 12, 34, 29],
where concentration inequalities for ergodic averages were obtained.

The method outlined above leads to explicit UQ bounds, expressed in terms of the following
quantities:
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1. Spectral properties of the generator, A, of the dynamics of the baseline model, P,
in the stationary regime (i.e., on L?(u*)); see (1.5)—(1.7). This term depends on the
chosen observable but does not depend on the alternative model; functional inequalities
are only required for the base model (which is often the simpler model). This is one
of the strengths of the method, though computing explicit, tight constants for these
functional inequalities is still a very difficult problem in general.

2. The path-space relative entropy up to time T, R(Pj ||Pﬁ*), of the alternative model
with respect to the base. This term depends heavily on the difference in dynamics
between the two models; in particular, a nontrivial bound requires absolute continuity
of the path-space distributions. This is a drawback of the relative-entropy based
method employed here, but it does hold in many cases of interest; see section 6 for
examples.

While most of our results do not assume reversibility of the base process, bounds based on
(1.7) only involve the symmetric part of the generator and so are generally less than ideal,
or even useless, for many nonreversible systems. This is a drawback of the approach pursued
here.

Remark 1.2. For certain hypocoercive systems, ergodicity can be proven by working with
an alternative metric; see [20, 21, 16]. It is possible that the functional-inequality based UQ
techniques developed below could be adapted to this more general setting; a step in that
direction can be found in [6].

For a simple example of the type of result obtained below, consider diffusion on R™ in a C?
potential, V; i.e., the generator is A = A—VV -V, and the invariant measure is y* = e V@) g,
Suppose the Hessian of V' is bounded below:

(1.9) D*V(z)>a I, a>0.

Our results give a Bernstein-type UQ bound for any bounded f:

(1.10) + <Eﬂ [,} / Tf(Xadt] - mm) < V20T + My,

ME = all(f = W) loer o =20 Varelf), 0= ZROPFIIPE).

(This bound can also be improved by using the asymptotic variance; see section 4.2.) Section
4.4.1 contains further discussion of diffusions.

The remainder of the paper is structured as follows. Necessary background on UQ for both
general measures and processes will be given in section 2, leading up to a connection with
both the Feynman—Kac semigroup and the relative entropy rate. Relevant properties of the
Feynman-Kac semigroup are given in section 3, culminating with the bound (1.6). The use
of functional inequalities to obtain explicit UQ bounds from (1.6) will be explored in section
4. In section 5 we show how these ideas can be adapted to discrete-time processes. Finally,
the problem of bounding the relative entropy rate will be addressed in section 6.
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2. UQ for Markov processes.

2.1. UQ via variational principles. In this subsection, we recall several earlier results
regarding the variational-principle approach to UQ, as developed in [15, 23, 10, 31, 8]. In
particular, Proposition 2.2, quoted from [23], will be a critical tool in our derivation of UQ
bounds for Markov processes.

Let P be a probability measure on a measurable space (€2, F). We consider the class of
random variables f : 2 — R with a well-defined and finite moment generating function in a
neighborhood of the origin:

(2.1) E(P) = {f:Q—HR . Ep[e*®/] < 0o for some Co>0}.
It is not difficult to prove (see, e.g., [17]) that the cumulant generating function
(2.2) Al (¢) = log Eple/]

is a convex function, finite and infinitely differentiable in some interval (c_,c4) with —oco <
c- <0 < ¢ < o0 and equal to +o0o outside of [c_,cq]. Moreover if f € E(P), then f has
moments of all orders, and we write

(2.3) f=1f-Eplf]

for the centered observable of mean 0. We will often use the cumulant generating function for
the centered observable f:

(2.4) A (¢) = log EpleV=FrPUD) = AL (¢) — cEp[f].

Recall also the relative entropy (or Kullback—Leibler divergence), defined by

(2.5) R(P||P) :{ By [log (45)| irP<p
400 otherwise.
It has the property of a divergence; that is, R(P||P) > 0 and R(P||P) = 0 if and only if
P=P.
A key ingredient in our approach is the Gibbs variational principle, which relates the
cumulant generating function and relative entropy; see Proposition 1.4.2 in [22].

Proposition 2.1 (Gibbs variational principle). Let f : @ — R be bounded and measurable.
Then

(2.6) log Eple] = s {Bzlf] - R(PI|IP)}.
P:R(P||P)<o0

As shown in [15, 23], the Gibbs variational principle implies the following UQ bounds for
the expected values (a similar inequality is used in the context of concentration inequalities—
see, e.g., [8]—and was also used independently in [10, 31]). For a proof of the version stated
here, see pages 85-86 in [23].
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Proposition 2.2 (Gibbs information inequality). If R(P||P) < oo and f € E(P), then f
LY(P) and

Go- -

{Ai(—e) + R(P||P)

Cc

{A;:@ - R<ﬁup>} |

C

} < Eplf] — Ep[f] < inf

c>0

Remark 2.3. Note that even if R(P||P) = oo, the bound (2.7) trivially holds as long as
E5[f] is defined. To avoid clutter in the statement of our results, when R(P||P) = oo we will
consider the bound to be satisfied for any f € £(P), even if E3[f] is undefined.

Optimization problems of the form in (2.7) will appear frequently; hence we write the
following definition.

Definition 2.4. Given any A : R — [0,00] and n > 0, let

= e [AFESD 1

=+ =

(2.8) ES(An) = gg{ p } -

With this, we can rewrite the bound (2.7) as

(2.9) = (AL R(PIIP)) < B3] - Belf] < =* (AL, R(P||P)).

Inequality (2.9) is the starting point for all UQ bounds derived in this paper. From it, we
see which quantities must be controlled in order to make the UQ bounds explicit: the relative
entropy and the cumulant generating function. The former will be discussed in section 6.
For Markov processes, the latter can be bounded via a connection with the Feynman—Kac
semigroup and functional inequalities; this connection between functional inequalities and
UQ bounds is the main focus and innovation of the current work, and we begin discussing it
in section 2.4. First we recall some general properties of the bounds (2.9).

2.2. Properties of Z*. The objects
(2.10) =(P||P;£f) ==* (AL, R(P|IP))

appearing in the Gibbs information inequality, (2.9), have many remarkable properties, of
which we recall a few.

Proposition 2.5. Assume R(P||P) < co and f € E(P). We have the following:

1. (Divergence) Z(P||P; f) is a divergence, i.e., 2(P||P,f) > 0 and E(P||P; f) = 0 if
and only if either P = P or f is constant P-a.s.

2. (Linearization) If R(P||P) is sufficiently small, we have

(2.11) =(P||P, f) = \/2Varp[f|R(P||P) + O(R(P||P)).

3. (Tightness) For n > 0 consider U, = {P: R(P||P) < n}. There exists n* with 0 <
n* < oo such that for any n < n* there exists a measure P with

(2.12) sup {Ep[f] — Ep[f]} = Epa[f] — Ep[f] = E(P"||P; f).
Pelty,
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The measure P" has the form
(2.13) dP" = ¢*f~2pOgp,

where ¢ = ¢(n) is the unique nonnegative solution of R(P"||P) =n.

Proof. Ttems 1 and 2 are proved in [23]; see also [43] for item 2. Various versions of the
proof of item 3 can be found in [15] and [23]. See Proposition 3 in [24] for a more detailed
statement of the result; see also similar results in [10, 9]. [ |

The tightness property in Proposition 2.5 is very attractive and ultimately relies on the

presence of the cumulant generating function A{D (¢), which encodes the entire law of f. How-
ever, this generally makes the bound very difficult or impossible to compute explicitly; we
will need to weaken (2.9) to obtain more usable bounds. Functional inequalities are one tool
we will employ (see section 4). Another ingredient, which we discuss next, will be explicit
bounds on the optimization problem in the definition of Z*(A, 7). Such an approach was put
forward in [33], where various concentration inequalities such as Hoeffding, sub-Gaussian, and
Bennett bounds are discussed. For this paper we will almost exclusively use the following
Bernstein-type bound.

Lemma 2.6. Suppose there exist o > 0, MT > 0 such that

o2c?

(2.14) A < 5

for all 0 < ¢ < 1/M®*. Then for all n > 0 we have

(2.15) =X (A, n) < V202 + M*.
Note that M* = 0 covers the case of a (one-sided) sub-Gaussian concentration bound.

Proof. Bound A using (2.14), and solve the resulting optimization problem on 0 < ¢ <
1/M*. u

From the point of view of concentration inequalities, the bound (2.14) is not very tight;
indeed, it holds for the cumulant generating function Aé of any random variable f € £(P),
but explicit constants may be hard to come by. In the context of Markov processes, however,
it has proved to be extremely useful; see [56, 45, 12, 34] and in particular [29].

Second, we will need a linearization bound, generalizing (2.11).

Lemma 2.7. Let A : R — [0,00] be C? on a neighborhood of 0, A(0) = A’(0) = 0, and
A"(0) > 0. Then

(2.16) inf

inf { A(xce) +1n

Cc

} < VZAT(O0)1 + o)

as p \, 0. If A" is Lipschitz at 0, then the error bound improves to O(n).

Proof. The bound follows from Taylor expansion of A(c); see the proof of Theorem 2.8 in
[23]. [ |
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2.3. UQ for Markov processes. One of the main advantages of the Gibbs information
inequality, (2.7), over classical information inequalities (such as the Kullback—Leibler—Cziszar
inequality) is how it scales with time when applied to the distributions of processes on path
space. See [41] for a detailed discussion of this issue. This strength will become apparent as
we proceed.

The following assumption details the setting in which we will work for the remainder of
this paper.

Assumption 2.8. Let X be a Polish space, and suppose we have a time homogeneous, X -
valued, cadlag Markov family (Q, F,Fi, Xy, P*), © € X, with transition probability kernel p;
(see the statement of Theorem C.1 in Appendiz C for the precise definition of a Markov family
that we use). N N

Also assume we have a second probability kernel P*, x € X, on (Q, F) with (X¢).P* = 6,
for each r € X.

Remark 2.9. We are not assuming (X, P*) are Markov processes.

One of the families, P* or ﬁx, is thought of as the base model, and the other as some
alternative (or approximate) model, but which is which can vary with the application. From
a mathematical perspective, the primary factors distinguishing P* and P” are as follows:

1. Our methods require information on the spectrum of the generator of the semigroup
associated with p;. N
2. (Xy, P?) must be Markov, but (Xy, P*) can be non-Markovian.
P? and P® should be chosen with these points in mind; in the remainder of this paper, we
will refer to the former as the base model and the latter as the alternative model.

Definition 2.10. Given initial distributions u and g on X, we also define the probability
measures

(2.17) Pi() = / P(Yp(dz), PA() = / Be()7i(da).

Note that Assumption 2.8 implies that X; is a Markov process for the space (2, Fy, P*) with
wnatial distribution p and time-homogeneous transition probabilities py.

We will also need the finite-time restrictions, which can be thought of as the distributions
on path space up to some T > 0,

(2.18) Pf = P?|z,, PE=P"x,,

and similarly for PF and ﬁg Finally, we let E¥ denote the expected value with respect to P*,
and similarly for EF.

Now fix a bounded measurable f : X — R (the boundedness assumption will be relaxed
later) and an invariant measure p* for p;. As mentioned in the introduction, there are many
classical techniques for studying convergence of the ergodic averages of f under P* to the
average in the invariant measure, p*[f]. Therefore, in this paper we consider the much less
studied problem of bounding the bias when the finite-time averages are computed by sampling
from the alternative distribution; see (1.2).
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2.4. UQ bounds via the Feynman—Kac semigroup. Due to our interest in the problem
(1.2), we start the P-process in the invariant distribution p*, while the ]S—process is started
in an arbitrary distribution .

Given a bounded measurable function f on X and 7" > 0, define the bounded and Frp-
measurable function

T
(2.19) fr = /0 F(X0)dt.

Applying the Gibbs information inequality, (2.7), to fr, ]37’? , lef* and dividing by T yields the
following theorem.

Theorem 2.11.

(2.20) + <Eﬁ [; /OT f(Xt)dt} - u*[f]> <z* <1AfT*, ;R(ﬁjf?upﬁ*)> :

T P#

where

R T
(2.21) win = [ raw, o= [ o0 -l

Remark 2.12. Recall the definition

) A(£e) +1n
2.22 EF(A,n) =inf{ ———2 11,
(222) () = ing { 2D 1

All of the UQ bounds we obtain will be of the form

(22 e (B[ 1 [ soco] - win) < =)

for some A : R — [0, 00] and 1 > 0; we will refer back to these equations often.

To produce a more explicit bound from (2.20), one needs to bound the cumulant generating
function as well as the relative entropy. The latter will be addressed in section 6. As for the
former, observe that the cumulant generating function can be written

(2.24) Ag (£¢) =log ( / E" [exp <ic /0 ' F(Xy) — w0 f]dtﬂ M*(d@) .

Equation (2.24) is related to the Feynman-Kac semigroup on L?(y*) with potential V:

y

(2.25) Pl = £ [axe [ Vixoas)].
More specifically,

(2.26) ATE () <log (IPF“ W2 )

(2.27) Vie(z) = xc(f(z) — p*[f]),

and so we obtain the following lemma.
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Lemma 2.13. Under Assumption 2.8, for any bounded measurable f : X — R, (2.23) holds
with

1 1 o~
(2.28) Axe) = = log (IPr* [Wllpze) . n= FRPFIPE):

In the following two sections, we discuss how functional inequalities can be used to obtain
more explicit bounds on the norm of the Feynman—Kac semigroup.

3. Bounding the Feynman—Kac semigroup. The Lumer—Phillips theorem (a variant of
the Hille-Yosida theorem) is our tool of choice for bounding the Feynman—Kac semigroup; see
Chapter IX, page 250 in [57] or Corollary 3.20 in Chapter II of [25]. This is the same strategy
used in [56, 12, 29] to obtain concentration inequalities.

First we state some of the basic properties of the Feynman—Kac semigroup, adapted from
[56, 12].

Proposition 3.1. Let V : X — R be bounded and measurable and p* be an invariant proba-
bility measure for p;. The operators PY, t > 0, defined in (2.25), are bounded linear operators
on L?(p*) that form a strongly continuous semigroup.

If (A, D(A)) denotes the generator of P, = PY on L?(u*), then the generator of P}/ on
L2(u*) is (A+ V, D(A)).

Remark 3.2. D(A) consists of complex-valued functions. We will use D(A,R) to denote
the real-valued functions in the domain of A.

To bound the norm of the Feynman—Kac semigroup, we use the following Hilbert space
version of the Lumer—Phillips theorem (again, see [57, 25] as well as Theorem I1.3.23 in [25]
for a proof that (3.1) implies A — « is dissipative).

Proposition 3.3. Let H be a Hilbert space and Q(t) be a strongly continuous semigroup on
H with generator (A, D(A)). Suppose that there is an o € R such that

(3.1) Re((Az,z)) < «

for all x € D(A) with ||z|| = 1. Then ||Q(t)|| < e* for all t > 0.

Propositions 3.1 and 3.3 together yield a bound on the Feynman—Kac semigroup, in terms
of the generator; this result, and generalizations, were proven in [56] (see Case I in the proof
of Theorem 1).

Proposition 3.4. Let V : X — R be bounded and measurable, and for t > 0 consider the
Feynman-Kac semigroup PY : L*(u*) — L?(u*) with generator (A + V, D(A)).

Define
(3:2) #(V) =sup {Re({((A+V)[gl, 9)) : g € D(A), [|gll 2y = 1}
(3.3) =sup {(A[g],g) —i—/V!deu* 9 € D(AR), [|gllz2(u) = 1} ,

where (-,-) denotes the inner product on L*(u*).
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Then the operator norm satisfies the bound
(34) 1P| < etV)

for allt > 0.

Combining (3.4) with (2.26) and (2.20), we obtain UQ bounds that are expressed in
terms of the generator of the dynamics of the baseline process and the relative entropy of the
alternative process with respect to the base.

Corollary 3.5. Under Assumption 2.8, for any bounded measurable f : X — R, the UQ
bound (2.23) holds with

(3.5) Ae) = w(Vae), 1= mRPEIIPE)

From (2.23) we see that functional inequalities, by which we mean bounds on the generator A
that lead to bounds on k(Vy.), can be used to produce UQ bounds. Also, note that the only
remaining T-dependence is in the relative entropy term, R(]B#HP#*) /T. This will often have
a finite limit (the relative entropy rate) as 7' — oo; for examples, see section 6.2 as well as
[30], the supplementary materials to [23], and Appendix 1 of [42]. Hence Corollary 3.5 shows
that one can expect UQ bounds that are well behaved as T" — co.

Remark 3.6. Proposition 3.4 is stated for bounded V', but it can be extended to certain
unbounded V under the additional assumption that the symmetrized Dirichlet form is closable;
see Theorem 1 in [56]. However, as noted in Corollary 3 in this same reference (and outlined
in Proposition 4.12 below), that assumption can be avoided in the presence of functional
inequalities by working with bounded V' and then taking limits; this is the strategy we employ
here.

4. UQ bounds from functional inequalities. In this section, we explore the consequences
of several important classes of functional inequalities: Poincaré, log-Sobolev, and Liapunov
functions. Discussion of F-Sobolev inequalities, a generalization of the classical log-Sobolev
case, can be found in Appendix B.

4.1. Poincaré inequality. First we consider the case where the generator satisfies a Poincaré
inequality with constant o > 0, meaning

(4.1) Vary[g] < —a(A[g], g)
for all g € D(A,R). This can equivalently be written
(4.2) Re((A[g],9)) < —a!|[P1g|

for all g € D(A), where P+ is the orthogonal projector onto 1.

In the presence of a Poincaré inequality, Proposition 3.4 is most useful when combined
with the following perturbation result. A version of this result is contained in [56], but we
present it here in a slightly more general form. The proof is given in Appendix A.
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Lemma 4.1. Let H be a Hilbert space, A : D(A) C H — H be a linear operator, and
B : H — H be a bounded self-adjoint operator. Suppose there exist D > 0 and xo € H with
lxol| =1 such that

(4.3) (Bxo,z0) =0 and Re((Az,z)) < —D||Ptz|?
for all x € D(A), where Pt is the orthogonal projector onto :cé.
Define
(4.4) Bt = max{ sup (By,y), 0} .
llyll=1
Then for any 0 < ¢ < D/B™ we have
c?|| Bxo||?
4.5) sup Re({((A+cB)x,z)) < ———.
( zeD(A),||z]|=1 ( ) D —¢Bt

Remark 4.2. The above lemma applies to a general Hilbert space. In this paper, we
will apply it to H = L?(u*) (with the associated L2-inner product), and 2o = 1 (constant
function), in which case P[f] = f — u*[f].

The multiplication operator by Vi is a bounded self-adjoint operator, and (Vii1,1) = 0.
Therefore, Lemma 4.1 implies the following lemma.

Lemma 4.3. For all 0 < c < 1/(a||(f — p*[f])F|loo) we have

o Var« [ f]c?
0 KVee) S TG0 e e

From this, combined with Corollary 3.5, we obtain the following UQ bound.

Theorem 4.4. Under Assumption 2.8, if A satisfies the Poincaré inequality, (4.1), then for
any bounded measurable f : X — R the bounds (2.23) and (2.15) hold with

(@7 ME=al(f - w ) e 0*=20Varelf], n= SRPFIPE).

4.2. Poincaré inequality for reversible processes. When the combination of u* and p; is
reversible, i.e., the generator A is self-adjoint on L?(y*), and if a Poincaré inequality, (4.1),
also holds with constant @ > 0, then one can obtain a UQ bound in terms of the asymptotic
variance of f instead of the variance of f under p*.

First, define the Poisson operator

(4.8) L:f— /OOOPt[f]dt,

a bounded linear operator on L&(u*) = {f € L?(p*) : p*[f] = 0} with norm bound ||L|| < a.
The asymptotic variance of f € L?(u*,R) is defined by

00
0

49 )= el - wlil -l =2 [ ( / Pt[f]fdﬂ*—(u*[f])Z) dt.
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Note that 0 < o?(f) < 2a Var,«[f].

Using these objects, one can obtain the following Bernstein-type bound. A simple proof
appears below Remark 2.3 in [29]; we outline the essential ideas below. See [45] and [34] for
similar earlier results.

Lemma 4.5. For all 0 < ¢ < 1/(a||(f — p*[f])F|loo) we have

()
(4.10) Vi) S ST ol — e ) E )

Proof. The cases where o(f) = 0 or one of ||(f — *[f])*]|ec = 0 are trivial, so suppose
not. Using the self-adjoint functional calculus, one can see that L inverts A on D(A)N L3(u*)

and
< (/ A[g]gdu*)1/2 (/ L[f]fdu*)l/2

for all real-valued f € L3(u*), g € D(A,R).
Hence, for any g € D(A,R) with [|g[[z2(,+) = 1 and any bounded, measurable V' (not
necessarily related to f at this point),

(4.11) ‘/ fodp”

/ VgPdu* = / V(g — 1*lg])*du* + 21*[g) / (V — " [V])gdp* + p*[V]p*[g)?

(4.12) <[V H|oo Var,[g] + /20%(V)\/(=Alg], 9) + 1*[V].

Using the Poincaré inequality and solving for (—A[g], g) gives
wn) Al zn( [0 - W),

o2 + 0\ /2 2
h("f’) = 172()2(]\;‘1;2 ((1 + 02_2]\(4‘/)7'> — 1) , Mt = aHV+Hoo

Letting V = Vi1 = £(f — p*[f]) in (4.13) and using the result to bound &, (3.3), results in

(4.14) K(Vie) < sup{er — h(r)}.
reR
Inequality (4.10) then follows from solving the optimization problem. |

As with Theorem 4.4, the Bernstein-type bound, (4.10), implies a UQ bound.

Theorem 4.6. Under Assumption 2.8, if the generator satisfies the Poincaré inequality
(4.1) and is self-adjoint on L*(u*), then for any bounded measurable f : X — R the bounds
(2.23) and (2.15) hold with

(115) ME = al(f — w1 e 0% = 0?(F), n= ZROPEIPE).
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Other variations can be derived using a Liapunov function. First we need a couple of
definitions, taken from section 4 of [29]. Also, see this reference for further Liapunov function
results that could likely be adapted to produce UQ bounds.

Definition 4.7. A measurable function G : X — R is in the pu*-extended domain of the
generator, D, =(A), if there is some measurable g : X — R such that fg l9|(X5)ds < o0
P* _a.s. and one P* -version of

(4.16) My(G) = G(Xy) — G(Xo) — /0 9(X,)ds

is a local P* -martingale.
U € De,+(A) is called a Liapunov function if U > 1 and there exist a measurable ¢ : X —
(0,00) and b > 0 such that
AlU
(4.17) _Al] >¢—b u-a.s.
U
As shown in [29], given a Liapunov function, one can derive a bound on k(Vi.); our
method then produces a corresponding UQ bound.

Theorem 4.8. In addition to Assumption 2.8, assume the gemerator, A, is self-adjoint on
L?(u*) and satisfies the Poincaré inequality (4.1) and that we have a Liapunov function U
with —A[U]/U > ¢ —b.

Given an observable f € L?(u*,R) with ||(f — p*[f])T/9lleo < 00, we have the UQ bounds
(2.23) and (2.15), where

(@18)  ME=(4ab)|(f - U ol o? =0Xf) n= SRPEIPE).

Proof. First let V' be a bounded measurable function. This part of the proof proceeds
similarly to that of Lemma 4.5, but rather than taking the supremum of V1 in (4.12), one
instead uses (4.17) to compute the following bound, where g € D(A,R) with [|g[[2(,+) = 1:

(4.19) / Vedut < i*[V]+ 202 (V) (— Algl.g)
IV ol [ (<254 0) 0= wlaPae

Next, use the bound found in Lemma 5.6 in [34],

(4.20) [ -2 - wlran < (-algg),

and proceed as in Lemma 4.5 to obtain

o2(V)c?

(4.21) MEY) < 2l VIt g o) [VE i)
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forall 0 < ¢ < 1/((1 + ab)||[V*/9||oo). If f is bounded, then applying this to V = f — u*[f]
and using Corollary 3.5 and Lemma 2.6 gives the claimed UQ bound.

For general f € L?(u*,R) with ||(f — u*[f])*/é]lec < o0, We employ a similar method
to Corollary 3 in [56]: Define V' = f — p*[f] and V" = Vi, (not to be confused with
the nth power of V). Applying the above result to V™ and then using Fatou’s lemma and
L?-continuity of the asymptotic variance gives

(@) Al < os (I ()) < lminf 2 log (1PF” (1))
s *[yn UZ(Vn)Cz >
im inf
<t (V714 5 AT
2 (f)e?

2(1 = (14 ab)[|(f = w*[f1)*/llecc)

Having extended the bound on the cumulant generating function to such f, the claimed UQ
bound follows from Proposition 2.2. |

4.3. Poincaré inequality examples. The study of Poincaré inequalities has a long history
which we do not attempt to recount here. For a detailed discussion, see [55], which covers
Poincaré inequalities for both continuous-time Markov chains and diffusions. Criteria for
diffusions can also be found, for example, in [2, 3].

The following example illustrates that the Bernstein-type bounds used in this paper can
be sharp for Markov processes.

4.3.1. A simple Liapunov example: The M /M /oo queue. Following [29], let us con-
sider the (simple) example of an M /M /oo queuing system which has infinitely many servers,
each with a service rate p and an arrival rate A. The state space is N, and the generator is
given by

(4.23) Alfl(n) = Af(n+1) = (A + pn)f(n) + pnf(n —1).

The invariant measure p* is a Poisson distribution with parameter A/p. An explicit compu-
tation shows (see, e.g., [14]) that Var,[P;f] < e~27! Var,«[f], and thus the Poincaré constant
is 1/p.
To construct a Liapunov function take U(n) = k™ with k > 1; we then have
AlU]

(4.24) - T(n) =l —r) = XNr-1),

and we can apply Theorem 4.8 to any function f with |f| < C(n + §) for some § > 0.
It is instructive to consider further the case of the mean number of customers in the queue,
ie, f=nand f=f—p*[f] =n—A/p. From (4.23) we obtain

(k—1)

(4.25) (A+p(1 = £ [U](n) = A U(n),

and thus U is an eigenvector for A 4+ p(1 — /fl)f with eigenvalue )\@. By the Perron—
Frobenius theorem and Rayleigh’s principle we obtain that

- 1 1A fr
(4.26) A(e) _jlgréoT AP“* (¢)

T
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is the maximal eigenvalue of A + cf, and thus A (p(l — H_l)) = /\@ or equivalently
Ale) = pz(liicfp,l). Since Af(n) = A\ — pn, we can solve the Poisson equation (—A)*lf: f/p,

and thus the asymptotic variance is o2(f) = 2((—A)~Lf, f) = 2p~* Var,«[f] = 2)\/p%. As a
consequence we have

o*(f)c®

(4.27) Ale) = m,

which shows that Bernstein bounds can be sharp in the context of Markov processes, contrary
to the i.i.d. setting.

4.3.2. Poincaré inequality from exponential convergence. It is well known that, when
the generator, A, is self-adjoint, a Poincaré inequality is equivalent to exponential convergence
in the L?(u*)-norm. Here, we discuss a method for deriving a Poincaré inequality from
exponential convergence in alternative norms.

First, note that one only needs exponential L?-convergence on a subset with dense span
to conclude a Poincaré inequality (see Lemma 1.2 in [13]).

Lemma 4.9. Suppose (A, D(A)) is self-adjoint, F C L*(u*) has dense span, and there
exists o > 0 such that the following holds: For every f € F' there exists Cy > 0 such that

(4.28) IPeLf] = i (flll2 < Cpe™*/* forall t > 0.

Then a Poincaré inequality, (4.1), holds with constant .

The following result shows how to obtain a Poincaré inequality (with an explicit constant)
from exponential convergence in a pair of weighted norms.

Theorem 4.10. Suppose (A, D(A)) is self-adjoint, and W : X — [1,00) is measurable.

Define the following norms on measurable functions ¢ : X — R and signed measures m on X :

e -
(4.29) wm—g%w@,wm—/wmw

Suppose we have X\ > 0,p > 0 with at least one nonzero and that for every bounded
measurable h : X — [0, 00) with [ hdp =1 there exist Cy,, Dj, € [0,00) such that for all t >0

(4.30) |Pi[h] — 1w < Dpe ",
and the measure dv = hdu™* satisfies
(4.31) 1PI[v] — ulw < Cre™,

where 73: denotes the action of the semigroup p: on measures.
Then A satisfies the Poincaré inequality

2

(432) Varu* [g] S —m

(Algl,g) for all g € D(A,R).
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Proof. The proof is similar to that of Theorem 2.1 in [3]. The key is to take h as above,
let dv = hdu*, use symmetry of P; to compute

sy e - 13 = [P wipm - < e - ahwlPl -

and then apply Lemma 4.9. |

Exponential convergence in norms of the form | - [y can be obtained from the existence
of an appropriate Liapunov function (see [35, 36]), making Theorem 4.10 a practical method
for obtaining Poincaré inequalities.

Remark 4.11. The proof of Lemma 4.9 can be generalized to only require (4.28) to hold
along a sequence t£ converging to oo. Hence, Theorem 4.10 can also be generalized to only

require (4.30) and (4.31) along a common sequence t? — occ.

4.4. log-Sobolev inequalities. Next consider the log-Sobolev inequality with constant
6> 0:

(4.34) / ¢ log(g?)d™ < 8 / Alglgdy®

for all g € D(A,R) with |[g|lz2(,+) = 1.

We will employ the following generalization of the Feynman—Kac semigroup for (possibly)
unbounded potentials. The subsequent proposition was shown in Corollary 4 in [56]. For
completeness purposes, we outline the proof.

Proposition 4.12. Let A be the generator of Py and p* be an invariant measure for the
adjoint semigroup, B > 0, and assume the log-Sobolev inequality, (4.34), holds for p* with
constant f3.

Finally, suppose that V € L'(u*) with [e#Vdu* < oo. Then PY : L*(u*) — L*(u*),
defined by

(135) PYlgl) = B ok e | t Vi),

are well-defined linear operators, and the operator norm satisfies the bound

t/B
(436) s ([ eran)

Proof. First assume V is bounded. Inequality (3.4) gives ||PY] < (V). Applying the
log-Sobolev inequality together with the Gibbs variational principle, (2.6), we obtain

(437)  w(V) <8 sup {— [ 108 + [ 3VigPau <ol = 1}

57 sup {B,[BV] - R(|lu)} = BV log ( [ewev) du"‘) ,

dv=g2du*:||gll2=1
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which proves the claim.

The case of unbounded V satisfying the assumptions of the theorem is obtained by letting
V" = Vly|<, and then using Fatou’s lemma, the result for bounded V, and dominated
convergence to compute

) o\ /8
[kl §lini>inf 1P| < linlinf </ PV d,u*) = </ eﬁvdu*> . |

Using Proposition 4.12, a UQ bound of the form (2.23) can be derived that covers a class
of unbounded observables.

Theorem 4.13. In addition to Assumption 2.8, assume the log-Sobolev inequality, (4.34),
holds and we have an observable f € L'(u*,R) and c_ < 0 < ¢y such that for all c € (c_,c,)

(4.38) /exp (BV.) dp™ < oo.
Then a UQ bound of the form (2.23) holds with

(4.39) Ae) = { %log (feVedp*) if c € (c—,cq),

+00 otherwise.

In addition, the asymptotic result (2.16) holds with
1 e
(4.40) A"(0) = BVar,-[f], n= TR(P#HP# ).

Proof. The bound (4.36) implies E* [exp(cfr)] < oo for ¢ € (c_,c.); hence fr € €(P:‘F‘*),
and the Gibbs information inequality, (2.7), applies. As in (2.26), the cumulant generating
function can be bounded using the Feynman-Kac semigroup bound, (4.36). Combining this
with (2.7) yields a bound of the form (2.23), with A as defined in (4.39). [ ]

The ideas in this section can be extended to F-Sobolev inequalities; see Appendix B.

4.4.1. Example: Diffusions. Let V be a C? potential, bounded below, and growing suf-
ficiently fast at infinity. Consider the diffusion with generator A = A — VV -V and invariant
measure p*(dr) = e~V @ dz. First, it is useful to note that a log-Sobolev inequality with
constant  implies a Poincaré inequality with constant o = /2 [53]. In [11], the following
sufficient condition for a log-Sobolev inequality was obtained.

Suppose A satisfies a Poincaré inequality with constant « (references on Poincaré inequal-
ities can be found in section 4.3) and that

1 1
(4.41) —C =inf {4|VV(1‘)|2 — §AV(.CL‘) — 7re2V(x)} > —00.
Then A satisfies a log-Sobolev inequality with constant

1
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As a second example, if the Hessian of V' is bounded below,
(4.43) D?V(x) > 26711

for some 8 > 0 (unrelated to the 8 in (4.42)), then a log-Sobolev inequality holds with constant
B [4]. A UQ bound corresponding to the associated Poincaré inequality with constant o = /2
was given in the introduction in (1.10).

5. Functional inequalities and UQ for discrete-time Markov processes. In this section
we show how the above framework can be applied to obtain UQ bounds for invariant measures
of discrete-time Markov processes.

Again, let X be a Polish space, and suppose we have one-step transition probabilities

p(z,dy) and ﬁ(:c,dy) on X with invariant measures p* and i*, respectively. Assume that

R(p*[|pr) <
Define the bounded linear operator P on L?(u*),

(5.1) /f p(z, dy),

and similarly for P on L2(fi*).

We obtain UQ bounds for expectations in p* and p* by constructing continuous-time
processes with these same invariant distributions. Specifically, in Appendix C (see Theorem
C.1) we obtain cadlag Markov families (Q, F, Fy, X¢, {P*}zex) and (Q, F, Fy, Xy, {]Bx}xex),
whose transition probabilities p; and py, respectively (not to be confused with p and p), satisfy
the following:

1. p* is invariant for p; for all ¢ > 0, and similarly for g* and p; (see Theorem C.2).
2. The continuous-time semigroup, P;, on L?(u*) constructed from p; is

(5.2) Pr = exp(t(P — I)).

Specifically, P; has bounded generator A = P — I (see Theorem C.2). Note that we
will also refer to A as the generator of the discrete-time Markov process.

3. The relative entropy rate of the continuous-time process can be bounded by the relative
entropy of the discrete-time process as follows:

(5.3) R(P}||PE) < R(E||p) + T / R(p(a, )lp(z, )" (dz)

for all " > 0 (see Theorem C.4 and Corollary C.5).

Remark 5.1. While the above construction, and the computation of the relative entropy,
is standard for countable state spaces (see the discussion in section 6.1), for our purposes it is
necessary to work with general state spaces; to the best of our knowledge, the relative entropy
bound (5.3) is new in this case.

General state spaces are of interest, for example, when one is working with Markov chain
Monte Carlo samplers, p(x, dy) and p(z, dy), for measures, p* and p*, respectively, on R™. In
this setting, to use our UQ method, one can construct the ancillary continuous-time Markov
chain on R", as outlined in Appendix C, and then apply the relative entropy bound (5.3).
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The Markov families P* and ﬁ“’c, obtained via the above construction, satisfy Assumption
2.8. Hence, if the generator P — I satisfies any of the functional inequalities covered in section
3, then the general results therein imply UQ bounds for expectations in the invariant measures
w* and p*, with (5.3) providing a bound on the relative entropy rate.

Remark 5.2. Note that here we must take i = p* for the bounds to apply to the original
discrete-time process; otherwise one obtains UQ bounds for ergodic averages of f(X;) under
the auxiliary continuous-time Markov family.

For example, a Poincaré inequality for the generator P — I,

(5.4) Re(((P—1)g,9)) < —a '[P gl72(py, 9 € LP(4"), @ >0,

u*)?

implies that for any bounded measurable f : X — R, we have

(5.5) + (7 [f] — 1[f]) < V2070 + M,
o =2aVary:[f], M* =a|(f — £ [f])* oo,

nz/RW%NM%NﬁM@

This follows from Theorem 4.4, after taking 7" — oo (recall the assumption R(u*||u*) < 00).
We illustrate these discrete-time UQ bounds with a pair of examples.

5.1. Example: Random walk on a hypercube. Consider the symmetric random walk
on the d-dimensional hypercube X = {—1,1}%; i.e., the transition probabilities are defined
by uniformly randomly selecting a coordinate, i € {1,...,d}, and then independently and
uniformly selecting the sign, 1 or —1, with which to update the selected component.

The uniform measure, p*, on X is invariant and the process is reversible on (X, u*). The
eigenvalues and eigenvectors of the transition matrix can be found explicitly; see Example
12.15 in [44]. In particular, the second largest eigenvalue is Ao = 1 —1/d; hence we obtain the
following Poincaré inequality:

(5.6) Re(((P ~ g,9)) < — P ol 9 € L20°)

Assuming R(p*||p*) < oo, we then obtain the UQ bound (5.5) with a = d.

5.2. Example: Exclusion chain. Derivation of functional inequalities for many discrete-
time Markov processes can be found in [19]. Here we investigate the resulting UQ bounds for
one of these examples; see section 4.6 in the above reference and also [18] for further details
and proofs regarding this example.

Let (V,E) be a symmetric, connected graph with n vertices. Let d(x) be the degree
of a vertex z € V and dy = max, d(z). Fix r < n. The r-exclusion process is a Markov
chain with state space being the set of cardinality r subsets of V. Informally stated, the
transition probabilities are defined as follows: Given an r-subset A (i.e., state of the chain),
pick an element x € A with probability proportional to its degree. Uniformly randomly pick
a vertex y out of all those connected with x. If y is not in A, then transition to the new state
(A\ {z}) U{y}. Otherwise, the chain remains at the set A.
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For each (z,y) € V x V, fix a path 7., from z to y in the graph, and let |y, 4| be its
length. Define

1
R TN S £ )

(%,y):€0€Yz,y acA

The generator of this Markov chain satisfies both a Poincaré inequality and a log-Sobolev
inequality with respective constants being

(5.8) a=rd,Ao/n, [ =3rd-Aglog(n)/n.

Then, assuming R(u*||u*) < oo, the above Poincaré inequality implies the UQ bound
(5.5) with « as in (5.8), and the log-Sobolev inequality results in

69 =@l < i { o few (oets —wimyde ) + 2.

c>0 | ¢
with 8 and 1 as in (5.8) and (5.5), respectively.

6. Bounding the relative entropy rate. For any 7 > 0, the results derived in the previous
sections provide UQ bounds over the class of all alternative models that satisfy a relative
entropy bound of the form

~~ * ]. ~7 *
(6.1) Hr(PP||P*) = ZR(PFIIPY) <

In this section, we study in more detail the dependence of Hy on 7" and on the models PP and
PH" . Specifically, we derive upper bounds on Hp in various settings that can be substituted
for Hr in the general UQ bound (2.23). Here, it will make little difference whether the initial
distribution for the P-process is invariant or not, so we no longer make that assumption when
deriving the relative entropy bounds; u will denote an arbitrary initial distribution.

Deriving bounds on the relative entropy is a very application-specific problem. We will
cover several examples in detail: continuous-time Markov chains, semi-Markov processes,
change of drift in SDEs, and numerical methods for SDEs with additive noise.

6.1. Example: Continuous-time Markov chains. Let X be a countable set, P¥, PF be
probability measures on (€2, F), and X; : Q — X such that P* (resp., PF) makes (€, F, X;) a
continuous-time Markov chain with transition probabilities a(x,y) (resp., a(z,y)), jump rates
A(z) (resp., A(x)), and initial distribution y (resp., fi). Let F; be the natural filtration for X;
and X;/ be the embedded jump chain with jump times .J,,.

Suppose i < p, A and X are positive and bounded above, and for all z,y € X we have
a(z,y) = 0 iff a(x,y) = 0. Then for any T" > 0 we have ﬁﬁ|]:T < PH|f, and

(6'2) R(ﬁﬁ’}—THPM’J:T)

~r(l) + 5 | [ ' Focoxxs| - 5| [ "R - AXu)ds]
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To simplify further, if g = g* is an invariant measure, then

(6.3)  R(P™ |z, ||P"|5,) = R("||1n)

T (Z S ()M @it =) log (W) - Y (A - A<x>)> |

reX zeX zeX

See the supplementary materials to [23] and Proposition 2.6 in Appendix 1 of [42] for details
regarding these results.

6.2. Example: Semi-Markov processes. As we have noted previously, our results require
(X, P%) to be Markov but do not require the alternative model (X, P%) to be Markov. Here
we discuss one such class of examples, that of a semi-Markov perturbation of a continuous-time
Markov chain.

Semi-Markov processes are continuous-time jump processes with memory (i.e., with non-
exponential waiting times). Such a process is defined by a jump chain, X;/, jump times, .J,,
and waiting times (i.e., jump intervals), A, 1 = Jpt1 — Jp, that satisfy

PEXT =y, Ay <HUX{, . X)X )
= Pﬁ(Xh]Jﬂ =y, Apy1 < t|Xﬁ]) = ng,y(t)-
@%y(t) is called the semi-Markov kernel; see, for example, [38, 48] for further details. Note that

a continuous-time Markov chain with embedded jump Markov chain transition probabilities
a(z,y) and jump rates A\(z) is described by the semi-Markov kernel

(6.4) Quy(t) = alz,y) /0 Aa)e N3 s,

A semi-Markov perturbation of (6.4) with the same embedded jump Markov chain but
with modified (nonexponential) waiting times is described by a kernel of the form

(6'5) Qva:,y(t) = a(xvy)ﬁx(t)'

Remark 6.1. Phase-type distributions constitute a useful semiparametric description of
such alternative waiting-time distributions, going beyond the exponential case to describe
systems with memory; see [27, 7] for details.

The relative entropy rate,
. 1 ~- ~
(6.6) n = lim sup TR(PM‘}'THPM |7 )s
T—o0

between semi-Markov processes was obtained in [30] under the appropriate ergodicity assump-
tions. When the base process has the form (6.4) and the alternative process has the form (6.5),
the relative entropy rate can be expressed in terms of the relative entropy of the waiting-time
distributions:

6.7) n=e S @) R\ H), =Y 7(a) /000(1 — HL(8))dt,

T x

where 7 is the invariant distribution for the Markov chain a(z,y).
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Remark 6.2. The quantity m, is the mean sojourn time under the invariant distribution,
m, and > w(x)R(H.||H;) can be thought of as the mean relative entropy of a single jump
(comparing the alternative and base model waiting-time distributions). The formula for 7,
(6.7), therefore has the intuitive meaning of an information loss per unit time.

6.2.1. Semi-Markov perturbations of an M /M /oco-queue. As a concrete example, we
consider semi-Markov perturbations of an M /M /oco-queue with service rate p and with an
arrival rate A. The embedded jump Markov chain is given by

(6.8) a(z,x+1) =A/(A+pz), alz,z—1)=pz/(A+px),
and the waiting-times are exponentially distributed with jump rates
(6.9) ANz) = a+ px.

Equation (6.8) has invariant distribution

(6.10) (o) = OF gz)x(‘o‘/ P)” ~alp

Taking 7' — oo in (2.20) and using (4.26), (4.27), and (6.7), we therefore obtain the
following asymptotic upper bound on the average queue length in the alternative model:

~- 1 rr
(6.11) lim sup (E“ [T/ Xtdt] — a/p)
T—o0 0

1 ac? 1 o
< ol _ =
_Ogggp{ch(l—c/p)—i_Cn} (2\/7%-1—77/04) o’

where
1 ~
(6.12) n :m—ZTF(ZL‘)R(HzHHI),

T

e =Y () /O Oo(l—f{[x(t))dt, H,(t) = / Aaz)e @3,

- 0
Note that the only ingredient from the alternative model that is needed in (6.11) is H,, and
given this, the bounds are generally straightforward to evaluate.

6.3. Example: Change of drift for SDEs. Next, consider the case where P* and P? are
the distributions on C([0,00),R™) of the solution flows X} and X7 of a pair of SDEs. More
precisely, we have the following.

Assumption 6.3. Assume the following:
1. X! and X are weak solutions to the R"-valued SDEs, on filtered probability spaces
satisfying the usual conditions [40]:

(6.13) dXT = b(X?)dt + o(XF)dW;, X§ = a,
(6.14) dXF = b(XP)dt + o(XP)dW,, XE = a,
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where Wy and Wt are m-dimensional Wiener processes. We let P and P denote the
probability measures of the respective spaces where the SDEs are defined.
Here we think of b: R" — R™ and o : R™ — R"*™ as the measurable drift and diffusion
for the base process, and we assume the modified drift has the form b = b+ of for
some measurable §: R" — R™.

2. X7 and X} are jointly continuous in (t,x).

3. X[ satisfies the following flow property: For any bounded, measurable G : C([0, 00), R™)
— R, we have

(6.15) Ep(G(XE.)|F) = Ep [G (X('))] o X7,

4. X? and B satisfy the Novikov condition

(6.16) e o (5 | ' leclPas )| <o

forallx e R", T > 0.
5. For every T > 0, solutions to (6.14) satisfy uniqueness in law, up to time T.

Given this, we define P* = (X*),P and P* = (X*),P, i.e., the distributions on path
space, with the Borel sigma algebra:

(6.17) (©, F, Fi) = (C([0,00),R"), B(C([0, 00), R")), o (s, 5 < 1)),

where 7; is evaluation at time t. Finally, define X; = m;. One can easily show that the above
properties are sufficient to guarantee that Assumption 2.8 holds.

Remark 6.4. The existence of flows of solutions X;* and )Zf that satisfy the above condi-
tions is guaranteed, for example, if b and o satisfy a linear growth bound

(6.18) Ib()]* + llo ()] < K1 + ),

and the following local Lipschitz bound.
For each ¢ there exists Ky such that

(6.19) 16(z) = bWl + llo(z) — o(y)|| < Kellz -yl

on ||z], |ly]| < ¥, and if 5 : R™ — R™ is also bounded and locally Lipschitz.

Fixing T' > 0, Girsanov’s theorem allows one to bound the relative entropy, R(]B%HP%),
that appears in the UQ bound (2.23). See the supplementary materials to [23] for more details.

Lemma 6.5. Under Assumption 6.3, and given initial distributions p and @ for the base
and alternative models, respectively, we have

arEP) <t + [ (o [ B (1G] ds) o
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6.4. Example: Euler—-Maruyama methods for SDEs with additive noise. As the fi-
nal example, we consider SDEs with additive noise, approximated by a (generalized) Euler—
Maruyama (EM) method.

Assumption 6.6. Let W; be an n-dimensional Wiener process on filtered probability spaces
satisfying the usual conditions, let b : R™ — R"™ satisfy the linear boundedness and local
Lipschitz properties as described in Remark 6.4, and let X7 be the strong solutions to the
SDEs

(6.20) AXT = b(XP)dt +dW;,  X§ = .

Recall that versions can be chosen so that X[ is jointly continuous in (t,x) and X7 satisfies
the flow property (6.15).

We fiz At > 0 and assume we are given a measurable vector field EAt : R™ — R™ (the drift
for the generalized EM method). We define the approximating process )A(/{)” =z,

(6.21) X\ aeenaq(t) = Xoay + baeg(X0,)(t — jAL) + Wy — Wyay  for j € Zo.

We emphasize that, for the purposes of employing the theory we have developed (i.e., to
employ functional inequalities satisfied by the generator of (6.20)), it is necessary to extend
)?f to all ¢ > 0 and not just define it at the mesh points jA%.

Let P denote the probability measure on the space where the SDE is defined. Similarly
to the previous example, we define P* = (X7),P and pr = ()A(; )« P, probability measures on

(6.22) (Q,F, F) = (C([0,00), R, B(C([0, 00), R™)), o (s, 5 < 1)).

Assumption 6.6 is sufficient to guarantee that Assumption 2.8 holds. The chain rule for
relative entropy (see Theorem C.3.1 in [22]) can be used to obtain

(6.23) R(P|IPF) < RGllw) + [ BOF|PdD).
Let T = NAt for N € Z*. For the purposes of bounding the relative entropy term

(6.24) R(P}||PE) = R(X|jo.vaq)«PI|(X%[j0.5a0)P),

it will be useful to define the Polish space Y = C(]0, At],R™) and the following one-step
transition probabilities for a discrete-time Markov process on Y:

(6.25)  qly,B) =P (X" gag€B), Gy, B) =P (X145 €B).
Letting ®{V q denote the composition on YV, the Markov property implies
(6.26) @1 q(x,) = (X 0,80, X aer 0,80 - - - Xl (v-1)ae0.89) , P

for all x € R™, and similarly for g, Xe.
Therefore, using the chain rule for relative entropy again, we obtain

o~ N_l B
(6.27) Rl P = 3 / R (@y, ) laly, ) & (z, dy)
7=0

for all x € R™. Hence we arrive at the following lemma.
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Lemma 6.7.
~ N ~ ~
(6.25) R(PG sl | Piiad) = 32 Bp [R(PRIIPE)) 0 X1yl -
j=1

The one-step relative entropy can be bounded via Girsanov’s theorem, similarly to Lemma
6.5; on each time interval of length At, the tilde process is simply the solution to an SDE with
constant drift and additive noise.

Lemma 6.8. Under Assumption 6.6

~ 1
. H PHIPMY < ——R(n
(6 29) NAt( H )_ NAt R(MHM)

NZ [ [ e Lo [ st ot 120 72 o ),

where ﬁjAt@ dy) = (X]At) P.

6.4.1. EM error bounds. We end this section by specializing the results to the EM
method, ba; = b.

If we assume b is C! with bounded first derivative and Db is L-Lipschitz, then Taylor
expanding b gives

At N N 2
630 [ Ep [IBat) - bEDI] s < e (DY) DY) G-

2
) At3 16ﬂr((n +3)/2)
5l(n/2)

212
At + L] Db| oo ||b(y)[|> At* + ?Ilb(y)ll“At"’,

+ [ Db(y)b(y)l] L|| Db|| oo A/

2n(n + 2)L?
LR T

and therefore

Atl
(631)  Hyae <youe Rl + Z [ e 100 m)HF] flda)

+NZ/EP[ 5 HDb(X(jfl)At)b(X(jfl)At)H

LHDb”oo

BT adlPAR2 + 2z ]1At>u4At5/2] <dx>),

where || - || denotes the Frobenius matrix norm.

This is not the tightest possible bound, and alternatives can be obtained by Taylor ex-
panding further, but it gives an idea of the type of result that can be obtained under various
smoothness assumptions on b.
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If the initial distributions have the form dp = e~%dx and dp = e~ ®dx, where 5 and ¢ are
known functions, then the relative entropy term takes the form

(6.32) R(7illu) = / (6(z) — B(a))e oD da

If one can efficiently sample from i, then (6.31) and (6.32) can be estimated via Monte Carlo
methods, providing UQ bounds that involve a mixture of a priori and a posteriori data.

Appendix A. Proof of the perturbation bound.

Lemma A.1l. Let H be a Hilbert space, A : D(A) C H — H be a linear operator, and
B : H — H be a bounded self-adjoint operator. Suppose there exist D > 0 and xo € H with
lxol| =1 such that

(A.1) (Bxo,20) =0 and Re((Az,z)) < —D|P*z|?
for all x € D(A), where P is the orthogonal projector onto :1:&.
Define
(A.2) Bt = max{ sup (By,y), 0} .
llyll=1

Then for any 0 < ¢ < D/B* we have

c?|| Bxol”
A.3) sup Re({((A+cB)x,z)) < ———.
( zeD(A),|z]|=1 4 )= D —cnt

Proof. Let © € D(A) with ||z|| = 1. Define a = (zo,x). (Here we will use the convention
of linearity in the second argument.) We have ||P+xz||? = 1 —|a|?, and so |a| < 1 with equality
if and only if P12 = 0.

We can decompose z = axg + /1 — |a|?v, where either v = 0 and |a| = 1 if Ptz =0 or
v=Ptz/\/1—|a]? and ||v| = 1 if Ptz # 0. In either case, v | mg.

With this, we have

(A.4) sup Re(((A+cB)x,z)) = sup {Re((Az,z)) + cRe((Bz,z))}
z€D(A),|lz|=1 z€D(A),|lz]=1
< sup {—D(l — %) + 2cRe((\/1 — B2v,aBxg)) + ¢(1 — 52)(Bv,v>}
pelo.]
< sup {268V/T= | Bao| - (D - eB") (1= 8},
pelo.]

where BT is given by (A.2).
Restricting to 0 < ¢ < D/B™*, if |Bxg| = 0, then the supremum is 0, and we have
the result. Otherwise, the supremum is positive, and we can use f < 1/ and then change
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variables in the supremum to r = /1 — 32/, thereby obtaining

(A.5) sup Re({((A + ¢B)x,x))
z€D(A),||lz[|=1

< s {8V (2| Broll — (D — eB*) VI~ 7/5) )

HBon2 ’

u

<sup {2¢|Bxo|r — (D — ¢BY) 2} =
r>0
The previous lemma is closest in spirit to the probabilistic application, as ||Bzo||? plays
the role of the variance. However, one can work with non-self-adjoint perturbations if one
instead uses the definition

(A.6) Bt = max{ sup Re((By,y)),O}
llyll=1

and makes the replacement || Bxo|| — ||(B 4+ B*)zo/2|| in (A.3). The proof is similar.

Appendix B. F-Sobolev inequalities. Proposition 4.12 can be generalized to the F-
Sobolev case; see the proof of Theorem 2.3 in [12].

Proposition B.1. Let A be the generator of Py and p* be an invariant measure. Suppose
we have a function F : (0,00) — R satisfying the following:

1. F is strictly increasing,

2. F is concave (hence continuous),

3. F(1) =0,

4. F(x) = 00 as x — 00, and

5. F(zy) < F(x) + ()forallxy>0
(Note that this implies F~' : (F(07),00) — (0,00) exists and is increasing, convezr, and
continuous. )

Assume the F-Sobolev inequality holds for p*:

©1) [ PP <~ [Aggd’ for allg € DIAR) with gl ) = 1.

Finally, suppose that V € LY(u*) with V. > F(07) and [ F~Y(V)dp* < co. Then P}
L?(u*) — L2(u*), defined by

(B.2) Pl = £ [axpe [ Vixoas)]

are well-defined linear operators, and the operator norm satisfies the bound

(B.3) P < exp [tF (/ F‘l(V)du*>] .

Note that if F(07) = —oo, then certain unbounded observables are allowed, namely those
that satisfy the integrability condition (4.38).

This proposition leads to a UQ bound of the form (2.23). The proof is analogous to the
log-Sobolev case from section 4.4.
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Theorem B.2. In addition to Assumption 2.8, assume the F-Sobolev inequality, (B.1),
holds for some function, F, having the properties listed in Proposition B.1, f € L'(u*,R),
and there exists c— < 0 < ¢4 such that, for all c € (c—,cy),

(B.4) FOY) < 2elf =), [ 7 (e (7 = i) du < .
Then a UQ bound of the form (2.23) holds with

-1 * ifce (c_,c
(B.5) Ac) = { # F+O(OVC)dM ) jtheiuSise? o

In addition, if Var,-[f] > 0, F and F~' are smooth, F'(1) > 0, (F~1)"(0) > 0, and
c — p*[F~Y(V,)] is smooth on a neighborhood of 0 and can be differentiated under the integral,
then (2.16) holds with

(B.6) A"(0) = F (1) (F7)"(0) Varye 7], n= ROPFIIPE).

Appendix C. Continuous-time jump processes on general state spaces. As discussed in
section 5, to apply our UQ bounds to the invariant measure of discrete-time Markov processes,
P and P, one needs to construct an ancillary continuous-time Markov process with generators
P — I and P — I and also compute the associated relative entropy. While the construction
of continuous-time Markov processes from their generators is well known (see, for example,
Chapter 4.2 in [26] or Chapter 3.3 in [47]), and the relative entropy computation is known in
the countable state space case (see section 6.1), we require a formula for the relative entropy
in the general case of a Polish state space. To the best of our knowledge, this computation is
new, though it closely mirrors the established results; hence we present only a short outline.

In order to obtain an explicit formula for the Radon—Nikodym derivative, and thereby
compute the relative entropy, it is useful to utilize an explicit construction, as in the countable
state space case (see, for example, Appendix 1 of [42]), rather than invoking more general
existence theorems.

Let (X,Bx) be a Polish space and p(x,dy) be a probability kernel on X. Given A > 0,
define the probability kernel, p’, on the Polish space (X x (0,00), Bx @ Bo,0)):

(C.1) p’((z,5),-) = p(x,dy) x \e Mdt.

For any probability measure 7 on (X, By), let P™ (for 7 = §, we simply write P*) be the
unique probability measure on (2, F) = ([[;Zo(X x (0,00)), ®nZo(Bx @ B(o,))) generated
by the transition probabilities p/ and initial distribution 7 x (Ae=*dt). Also, define the jump
process, jump intervals, and jump times:

n—1
(C.2) X;L]Emown, A, =pom, forn €Zy, Jy=0, JnEZAk for n € ZT,
k=0

where m; denote projections onto components. The jump rates are positive constants, so one
obtains J,(w) — 0o a.s. as n — o0.
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(X, A,) is a Markov process under P™ with transition probabilities p/ and initial distri-
bution 7 x (Aedt). Use this to define the associated cadlag process

(C.3) Xi(w) =X, wheret € [J,(w), Jns1(w)),
and the probability kernels on X,
(C.4) pe(z,A) =P (X, € A), t>0, zeiX.

Finally, let F; be the natural filtration for X;.
With this setup, we have the following theorem.

Theorem C.1. (Q, F, F, X, P*), x € X, is a cadlag Markov family with transition proba-
bilities pr. More specifically, the following hold:

1. (,F,F), t >0, is a filtered probability space and X; is an X-valued, Fi-adapted,
cadlag process.
pe(x,dy), t >0, are time homogeneous transition probabilities on X .
P* x € X, are probability measures with (Xo).P* = &, for each x € X.
For every measurable set F', x — P*(F') is universally measurable.
For each v € X, P*(X4s € B|Fs) = pi(Xs, B) P*-a.s. In particular, pi(x,B) =
P*(X; € B).

One also obtains realizability of the semigroup exp(tA(P — I)) by a probability kernel.

Gl

Theorem C.2. If u* is an invariant measure for p, then pu* is invariant for py for allt > 0
and the bounded linear operators on L*(u*),

(C5) Plf](z) = / fp(e.dy),  Pif)(x) = / F)pe(e, dy),
satisfy
(C.6) Py = exp(t\(P — 1))

for all t > 0, where the right-hand side is the operator exponential for bounded operators on
LP(u*).

These results are all straightforward to prove by using the same strategy as the discrete
state space case.

The formula for the Radon—Nikodym derivative for two measures constructed as above is
also straightforward; the only complication is that here, the jump chain (X, A,) is generally
not recoverable from Xy; specifically, the .J,, are not Fi-stopping times (this is because “jumps”
do not necessarily change the state, unlike the construction commonly used when the state
space is discrete). Hence, we must derive a formula for the Radon-Nikodym derivative on the
enlarged filtration

(C?) gtEO'(IJHSS,XJn/\S :SSt,TLZO).

Otherwise, the computation closely mirrors the discrete case (again, see [42]), and one arrives
at the following theorem.
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Theorem C.3. Suppose we have probability measures i, p and probability kernels p(x, dy),
p(xz,dy) on X. Assume that i < p and p(z,-) < p(x,-) for i a.e. x. In particular, we have
h € LT (X x X) such that

(C.8) p(x,dy) = h(z,y)p(x,dy) for p a.e. x.

Given X > 0, construct the probability measures PF and P on from p and p, respectively,
and define the process X; as in (C.3).

Suppose (PHY™MJ] < Ji for alln (in particular, if i is invariant for p). Then for any t > 0
we have PF|g, < PH|g, and

dﬁﬁ’gt _ @

(:9) dP'LL|gt a dp

(Xo) JI "(Xsines Xsune):
n>1:J, <t

By an analogous computation to the continuous-time Markov chain case, (6.2), the formula for
the Radon—Nikodym derivative (C.9) leads to the following formula for the relative entropy.

Theorem C.4. Suppose we have probability measures i, p and probability kernels p(x, dy),
p(z,dy) on X. Assume that i < p and p(z,-) < p(x,-) for i a.e. x.

Suppose (P[] < &t for all n (in particular, if [t is invariant for p). Then for anyt >0
we have

(©10)  ROPTIgl|Pla) = Gl + A [ B [ [ 080X DX (X )| s,

where h is as defined in (C.8).

It is also useful to note that, by the data processing inequality (see Theorem 14 in [46]),
Fi C Gy implies

(C.11) R(P"|5||P*|5) < R(P"|g,||P"|g,).

When f is an invariant measure we obtain the following simpler formula.

Corollary C.5. Suppose we have probability measures i*, p and probability kernels p(x, dy),
p(z,dy) on X. If i* is invariant for p, then for allt >0

(C.12) R(P*

FIPH ) < R (|1 +>\t/R(ﬁ($,-)llp($7 ))dp”

This is the relative entropy bound that was used in section 5 when applying our UQ results
to invariant measures of discrete-time Markov processes.
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