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ABSTRACT

Sampling from Gibbs distributions p(z) o exp(—V (x)/e) and computing their log-partition function
are fundamental tasks in statistics, machine learning, and statistical physics. However, while efficient
algorithms are known for convex potentials V, the situation is much more difficult in the non-convex
case, where algorithms necessarily suffer from the curse of dimensionality in the worst case. For
optimization, which can be seen as a low-temperature limit of sampling, it is known that smooth
functions V' allow faster convergence rates. Specifically, for m-times differentiable functions in d
dimensions, the optimal rate for algorithms with n function evaluations is known to be O(n’m/ d),
where the constant can potentially depend on m, d and the function to be optimized. Hence, the
curse of dimensionality can be alleviated for smooth functions at least in terms of the convergence
rate. Recently, it has been shown that similarly fast rates can also be achieved with polynomial
runtime O(n3'5), where the exponent 3.5 is independent of m or d. Hence, it is natural to ask
whether similar rates for sampling and log-partition computation are possible, and whether they can
be realized in polynomial time with an exponent independent of m and d. We show that the optimal
rates for sampling and log-partition computation are sometimes equal and sometimes faster than for
optimization. We then analyze various polynomial-time sampling algorithms, including an extension
of a recent promising optimization approach, and find that they sometimes exhibit interesting behavior
but no near-optimal rates. Our results also give further insights on the relation between sampling,
log-partition, and optimization problems.

1 Introduction

The tasks of sampling from a Gibbs distribution with density p(x)  exp(—V'(z)/) and computing the corresponding
normalization constant are important problems in many computational fields such as machine learning, (Bayesian)
statistics and statistical physics. Specifically, we are interested in the following setting:

Definition 1 (Sampling and log-partition problems). Letd > 1, let X = [0,1]¢ and let f : X — R be bounded and
measurable The sampling problem is to draw samples from the distribution P; on X" with density

exp(f(z))
x) =
py() Z;
where Z; = | 2 exp(f(z)) dz is the normalization constant or partition function. The log-partition problem is to
compute the log-partition function

Ly :=logZy =log (/)(exp(f(x))dx) . <

*Work done partially while visiting INRIA. E-mail: david (dot) holzmueller (at) mathematik.uni-stuttgart.de

2We choose X as the unit cube for convenience: It is compact, has unit volume, does not have too sharp corners, there are
well-studied approximation results, and it allows to investigate algorithms for periodic functions. However, many of our results could
be generalized to other domains.
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Distributions of the form P; are known as Gibbs distributions, Gibbs measures, or Boltzmann distributions. They arise
for example in statistical physics with f(z) = —V(x)/e, where V() denotes the (potential) energy of state x, and
€ is (proportional to) the temperature of the system/’| Instead of the temperature, sometimes the inverse temperature
(or coldness / thermodynamic beta) 5 = 1/e is used. The log-partition problem is also related to the computation of
the free energy —eL_y/.. In energy-based models in ML, f could be learned. In a Bayesian statistical or ML model
with parameters 6 and data D, we could set f(6) := log p(D|6) + log p(#) to sample from the posterior distribution
ps(0) = p(#|D) or compute the log-evidence Ly = log p(D) = log ([, p(D|0)p(6) df). In some contexts, Ly is also
called the log-marginal likelihood, which is useful for model selection (Robert, [2007).

While exact sampling and log-partition computation are possible for some simple functions f like linear functions, we
can usually only expect algorithms to obtain approximations within a limited runtime. Therefore, we are interested
in how fast this approximation converges to the true Py or Ly in terms of the number n of times that the algorithm is
allowed to evaluate f. To study this, we need to make some assumptions on f. While efficient sampling algorithms for
suitable classes of concave f are known, at least with access to gradients of f (Dwivedi et al.,[2018;Mangoubi and
Vishnoi, 2018} (Chewi et al., [2021; |Altschuler and Talwar, [2022)), we are interested in larger classes of non-concave
functions, which are defined in the following:

Definition 2 (Further notation). For measurable functions f : X — R, we use the notation || f|| = esssup,cy | f(x)].
We define function spaces of m-times continuously differentiable function whose derivatives are bounded by some
constant B > 0:

Famp ={f€C™(X),|fllem < B}, |[f]

cmi= sup  [|0aflloc -

a€eNg: a1 <m

. la ep T . .
Here, we use the notation |a|; := a3 + -+ + ag and O, f = az‘?l ,,,131;% . Moreover, if f is Lipschitz, we denote its
1 d —
minimal Lipschitz constant by | f|;. If f is bounded, we denote its maximum by M. We define f := f — Ly, such that

Lf = 0and P§ = Py. Finally, we denote the uniform distribution on X’ by U/ (X). <

We study the worst-case error of algorithms over the function class Fy ., g, which is formally defined in
This error depends on the variables (B, n, d, m). We study the asymptotic behavior in terms of n and B while ignoring
constants depending only on m and d for simplicity. Depending on the definition of the norm, such constants are often
necessarily exponential in d and represent the part of the curse of dimensionality that cannot be overcome in this setting
(Novak and Wozniakowski, [2009). For example, typical convergence rates for function approximation are of the form
O,n7d(Bn‘m/d), which we sometimes also write as Om,d(||f||cmn_m/d) (Novakl |1988; [Wendland, [2004). As we will
see later, the dependence on B is not always linear, and tracking the dependence on B is important since the function f
appears inside an exponential. When using asymptotic notation like O,, 4, we mean that the corresponding inequality
should hold for all values of n € N> and B > 0, not only large enough ValuesE]

We express bounds on the error E achieved for n function evaluations, such as £ = Om,d(Bn_m/ ). Some authors
prefer to express rates in terms of the number of function evaluations needed to reach an error E or lower, which would
then for example be n = O, 4((B/E)¥/™).

Sometimes, we explicitly include a temperature £ > 0 and formulate our theorems in terms of f /¢ instead of f. Itis
well-known that in the limit of low temperatures (¢ \, 0), sampling becomes essentially equivalent to optimization.
Here, we give a quantitative version of this statement:

Lemma 3 (Optimization limit). Let f : X — R be Lipschitz-continuous with Lipschitz constant | f|; < oo. Then, for
any temperature € > 0, the maximum My = max,cx f(x) satisfies

|Mj; —eLy.| < edlog(l+3d~"?|f|]i/e) — 0 fore \,0. (1)
Moreover, for any bounded and measurable f : X — R and any ¢ € (0, 1], we have
Pyje({r € X | f(x) <eLyj. —elog(1/9)}) <6.

is proven in|Appendix B|and can be related to our function classes by using | f|; < d*/?||f||c1, cf.

Note that such a convergence result does not hold for general bounded functions, as can be seen for the characteristic

3Technically, € = kT, where kg is Boltzmann’s constant and 7’ is the temperature.
*It would also be possible to replace C™ (X') with the slightly larger Sobolev space W™ (X).
>Specifically, we use the notation g(B, n,d,m) < Oy, a(h(B,n,d, m)) to mean

Vd,m € N>13Cp,.a > 0VB > 0,n € N>y : g(B,n,d,m) < Cy, gh(B,n,d,m) ,
and we similarly write g > Q,,,,4(h) for b < O,,,4(g), as well as g = ©,,, q(h) for g < Oy a(h) and b < Oy a(g).
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function f = 1y}, which satisfies My = 1 buteL;,, = 0 forall ¢ > 0. Eq. is related to Corollary 1 by [Ma
et al. (2019), which shows that in order to achieve an optimization error of E through sampling, it is necessary that

1/e = Q(d/E).

Hwang (1980) uses Laplace’s method to show that under certain assumptions on the Hessians at the maximizers,
Py . converges weakly to a distribution on the maximizers. In contrast to optimization, where it typically does not
matter which global maximum is found, the low-temperature limit of sampling often yields a unique distribution on
the maximizers. [Talwar| (2019) uses this to show that optimization can be easier than sampling for very particular
classes of functions. It is known that the optimal worst-case convergence rate for optimization on F ,,, g is the same as
for approximation, i.e., Om$d(Bn_m/ d) (see|Novakl 1988, and references therein). Recently, Rudi et al.[(2020) and
Woodworth et al.|(2022)) have shown polynomial-time optimization algorithms (in n and d) achieving rates close to the
optimal rate under relatively mild additional assumptions.

In the high-temperature limit € — oo, Py /e converges to a uniform distribution, and Ma et al.| (2019) showed that the
Metropolis-adjusted Langevin algorithm (MALA) can achieve exponentially fast convergence rates in n, although with
exponential dependence on the Lipschitz constant of V f. While MALA theoretically does not fit in our framework since
it uses gradient information of f, this could be emulated using numerical differentiation, and we show in
that in our setting, if B is known, a fixed-budget version of rejection sampling can also achieve similar rates (see also
Talwar, [2019)).

Since we know that polynomial-time algorithms with fast convergence rates are possible for the high-temperature case
and for optimization, which is essentially the low-temperature limit, this poses the question of whether we can find such
algorithms for the general sampling and log-partition problems. Ideally, such an algorithm should have the following
properties:

* A convergence rate close to the optimal convergence rate O, 4(|| f||cmn~™/¢) for approximation, at least up
to m > Q(d), such that the exponent in the rate does not approach zero for large d,

* Polynomial runtime O(n*) for some & independent of d and m. Especially, the runtime should be polynomial
in d and m. Moreover, the runtime should not depend on || f]|.

* Adaptivity: The algorithm should achieve these rates without knowing m and || f||. This is not investigated
here, and for sampling and log-partition estimation, m can often be known.

Regarding the implications of achieving near-optimal rates in polynomial time, consider the following example:

Example 4. Consider a Bayesian model where the data set D = (Dy, ..., Dy) consists of N observed samples that
are assumed to be drawn in an i.i.d. fashion. Then, we can again model

f(0) :=logp(0, D) =logp(D1 | 0) + - - +logp(Dn | 0) +logp(0) ,
which is a sum of N + 1 functions. Hence, we would expect that || f||cm scales like O(N).

(a) Suppose that we have a log-partition method with rate ©,, 4(||f||cmn~™/¢) and polynomial runtime
Oyn,a(n*). To achieve an error of O(1) for the log-evidence L, this method would need n = ©,, 4(N%/™)
function evaluations and hence a runtime of O,, q(N kd/m) 1f m = d, the exponent kd/m is independent of
the dimension.

(b) Now, suppose instead that the runtime is of the form O, 4(n™) or the rates are of the form O,y, 4(| f||n~"/%)
or Oy, a(||f|™n~™/4). In each case, to achieve an error of O(1) for the log-evidence L, the resulting
runtime would be polynomial in IV, but the exponent would be proportional to d. <

1.1 Contribution

Our contributions are as follows:

(1) We analyze the information-based complexity of the sampling and log-partition problems, i.e., the worst-case
optimal rates without computational constraints, in For algorithms that evaluate f at a deterministic
set of points, we show that the optimal rate for the log-partition problem is ©,, 4(B n~"/?), i.e., the same as
for approximation. For the bounded total variation and 1-Wasserstein metrics, the optimal rate for sampling is
O,q(min{l, Bn~"/ 41). For algorithms that are allowed to evaluate f at a stochastic set of points, we show
that the optimal rates are the same in an optimization regime but can be faster in the high-temperature regime.

(2) We show reductions between different problems. For example, we analyze how log-partition algorithms
can be employed for sampling and vice versa, and analyze the resulting guarantees for the rates. We also
discuss how approximate sampling algorithms can be employed for optimization. Moreover, we show how
function approximation yields reductions between different runtime complexities, convergence rates, and from
stochastic to deterministic evaluation points.
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(3) We analyze bounds on the convergence rates for different algorithms. For example, we show that it is possible
to achieve the rate O,,, 4(Bn~™/%), but with runtime O(n™), which is polynomial but still involves the curse
of dimensionality since we need m = ©(d) to beat the curse of dimensionality in the convergence rate.
We show that other simple and efficient algorithms also fail to achieve the optimal rates in different ways,
sometimes with multi-regime behavior. Finally, we study an approach toward the log-partition problem by
Bach| (2022)), whose optimization limit has been used by [Woodworth et al.| (2022) to obtain near-optimal
optimization rates in polynomial-time. We show that all versions of this approach necessarily fail to exceed
the rate Om,d(Bn”/ ) in an intermediate temperature regime € ~ n~2/? (corresponding to B ~ n?/%).

1.2 Related Work

The analysis of sampling algorithms has received considerable attention in recent years. In the case where py is
(strongly) log-concave, that is, if f is (strongly) concave, convergence rates of Markov chain Monte Carlo (MCMC)
sampling algorithms have been studied extensively. For example, good convergence rates in terms of the dimension d
have been established for versions of the Langevin algorithm (Chewi et al.,|2021}; |Altschuler and Talwar, |2022)) and
Hamiltonian Monte Carlo (Mangoubi and Vishnoi, [2018]). [Chewi et al.| (2022b) establish an algorithm with optimal
convergence rate for the case d = 1, while not much is known about algorithm-independent lower bounds in other
cases.

For sampling from more general non-log-concave distributions, convergence rates have been established for versions
of the Langevin algorithm. Bou-Rabee and Hairer| (2013) showed an essentially geometric convergence result in
TV distance for a class of non-log-concave Gibbs distributions, but without clear dependence of the constants on f.
Mangoubi and Vishnoi| (2019) and |Zou et al.|(2021)) prove convergence rates that are polynomial in d but additionally
depend on properties of f through the Cheeger constant. The analysis of Ma et al|(2019) and |Cheng et al.| (2018)
is closer to our setting, and their convergence rate is polynomial in d as well, but their rate exhibits an exponential
dependence on the Lipschitz constant of V f and the radius of the domain where f non-log-convex. |Bou-Rabee
et al.| (2020) obtain similar results for Hamiltonian Monte Carlo. [Balasubramanian et al.| (2022) show that even for
non-log-concave distributions, averaged Langevin Monte Carlo converges quickly to a distribution with low relative
Fisher information to the target distribution, although this does not imply that the distribution is close to the target
distribution with respect to other measures such as the total variation distance. |Chewi et al.| (2022a) prove corresponding
lower bounds. Woodard et al.| (2009) show that the mixing time of parallel and simulated tempering for certain
distributions can scale exponentially with d, but in a setting different from ours. |Achddou et al.|(2019) propose and
analyze an adaptive rejection sampling algorithm using a piecewise constant approximation of the density. Their setting
is significantly different from ours as well, and they only consider functions of low (H6lder) smoothness and regimes
with large n. Marteau-Ferey et al.|(2022) propose an approximation-based sampling algorithm with a rate similar to
Om.a,B (n’m/ 4) but without analyzing the dependence on B.

Another related line of work studies the relation of sampling to optimization. Through their analysis of Langevin
algorithms in the non-log-concave setting, [Ma et al.|(2019) show that there are settings where sampling is easier than
optimization. [Talwar| (2019) provides a simpler argument and shows that the converse can also occur for special function
classes. The relation between sampling and optimization is also exploited in simulated annealing (Kirkpatrick et al.,
1983)). A different connection between sampling and optimization stems from|Jordan et al.|(1998)), who showed that
Langevin-type sampling can be interpreted as a gradient flow over distributions for the Wasserstein metric. For an
overview of connections between sampling and optimization, we also refer to|/Cheng| (2020).

The log-partition problem is often addressed through sampling algorithms, for example via thermodynamic integration
(Kirkwood, [1935). For an overview of thermodynamic integration and other methods for the log-partition problem,
we refer to \Gelman and Meng| (1998) and |Friel and Wyse| (2012). |Ge et al.| (2020) analyze an annealing algorithm
combined with multilevel Monte Carlo sampling for the log-partition problem in the log-concave setting, and also
give an information-based lower bound on the achievable convergence rate. Another popular approach is the Laplace
approximation (Laplacel |1774), whose log-partition function however does not converge to the true log-partition function
as n — oo. Well-tempered metadynamics (Barducci et al., 2008) is a popular approach towards the log-partition
problem in molecular dynamics simulations, although it relies on a well-chosen low-dimensional collective variable
representation. Recently, Marteau-Ferey et al.| (2022) have suggested an approach that performs sampling via estimating
the log-partition function. Bach|(2023)) and [Bach| (2022)) suggest further approaches toward solving the log-partition
problem.

To analyze possible convergence rates for the sampling and log-partition problem without computational constraints, we
use the framework of information-based complexity. Here, we refer to Novak| (1988)) and [Traub|(2003) for an overview
of this topic. In particular, our work is motivated by the works of [Rudi et al.[(2020) and Woodworth et al.| (2022), who
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demonstrated that for optimization, convergence rates close to the optimal rates from information-based complexity can
be achieved in polynomial time.

The rest of our paper is organized as follows: In we study upper and lower bounds for the information-
based complexity of different variants of the sampling and log-partition problems. In[Section 3] we study relations
and reductions between different variants of the sampling, log-partition, and optimization problems. We then study
convergence rates of different algorithms in We compare some of these algorithms experimentally in

[Section 5|before concluding in[Section 6] All proofs are provided in the appendix, which is structured analogously to
the main part of this paper, and whose structure is overviewed in[Appendix A]

2 Information-based Complexity

In this section, we look at the log-partition and sampling problems from the viewpoint of (worst-case) information-
based complexity, where one is interested in what is possible if one is not constrained computationally but only by the
number 7 of function evaluations of the unknown function f. We adopt the general setting of Novak]| (1988)), where one
is given a function space F (such as Fg ., g) of functions f : X — R and wishes to approximate amap S : F — M,
with the approximation error on M measured by a metric D. For example, the following problems are considered by
Novak] (1988):

* Approximation: S,pp(f) = f and Do (f, 9) = ||f — 9l|co-
* Optimization: Sepi+(f) = sup,cy f(x) and Dyps(a, b) = |a — b|.
* Integration: Sine(f) = [, f(2)dz and Daps(a,b) = |a —b).

We can define our sampling and log-partition problems in this context as follows:

* Log-partition: Si(f) = Ly and Daps(a,b) = |a —b|.

» Sampling: While a sampling algorithm produces samples, we do not want to compare errors of individual
samples but the error of the distribution of the samples. Therefore, we set Ssamp(f) := Py. For D(P,Q), we
can use different metrics or divergences on probability distributions, which will be discussed in[Section 2.1]

2.1 Deterministic Evaluation Points

To consider minimax optimal convergence rates, we still need to define a space A of admissible maps S:F— M.
Here, we will first consider maps that evaluate functions in a deterministic set of points, before considering stochastic

points in For example, we define
Ay = {S: poN|N(f)=(f(z1),..., f(xy,)) for some z1,...,2, € X} ,

the set of maps that only evaluate f in n deterministic and non-adaptive points. We can also allow adaptive points by
defining

A= {8 = 6o N[ N(f) = (F@1). fwa(F@))s s flan(Fr)s- o fan))) |

where evaluation points may be chosen depending on previous function values. We are interested in the (non-
adaptive/adaptive) minimax optimal error
en(F,S,D) = inf sup D(S(f),S(f)), €(F,S,D):= inf sup D(S(f),S(f)).
SeA, feF SeAxd feF
The sets A,, and A2 can be interpreted as classes of “black-box algorithms” that are only constrained in the number

evaluations of f but not in terms of computational efficiency or computability. The minimax-optimal errors e,, and €4
thus give lower bounds to what can be achieved by computationally efficient algorithms.

For the case of sampling, maps S e A, (or A2d) produce distributions based on n function evaluations of a function f.
They correspond to idealized sampling algorithms in the following sense: We consider an idealized sampling algorithm
to take some source of randomness w sampled from a distribution Py independent of f, and then output a random
sample Xy(w) = ¢(N(f),w). For example, w could be a sequence of i.i.d. random variables from the uniform
distribution ¢/([0, 1]) on the interval [0, 1]. The maps S € A,, (or .A29) then correspond to the distributions produced
by such sampling algorithms, i.e.,

S(f) = distribution of X f(w) for w ~ Pq.

The following theorem, which is proven in adapts known results on minimax optimal rates to our
considered function spaces.
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Theorem 5 (adapted from Novak|(1988)). We have

en(Fam B, Sapps Doc) = Om,a(Bn ™), 8 (Fam. By Sapps Do) = Om.a(Bn~™%),
€n (]:d,m,B7 Sopt* ) Dabs) = @m,d(Bnim/d)v €n (]:d m,B; Sopt* Dabs) =0, d(Bnim/d)
En (]:d,m,B7 Sint’ Dabs) = @m«,d(Bn_m/d)? (]:d m,B) Slnta Ddbh) @m7d( _M/d) .

Novak| (1988) gives these results in a form similar to e, (F4.m,1, Sapps Do) = @m)d(n_m/d). This implies the
rates for general B > 0 in the theorem above since S,p, and D, are positively homogeneous, which leads to
D oo (Sapp(Bf), Bg) = BDoo(Sapp(f), g). The same holds for optimization and integration, but not for log-partition
estimation and sampling. Hence, for our considered problems, it is important to explicitly study the dependence
on B, since it is not necessarily linear. The optimal rates for approximation can be achieved, for example, using
piecewise polynomial interpolation, local polynomial reproductions, or moving least squares (Wendland, 2004), see
also[Theorem 15| The optimal rates for optimization and integration can be achieved by optimizing or integrating a
corresponding approximation.

We use the following distance measures for probability distributions P, ) on X:

* The sup-log distance Dgup-10g(P, Q) = Hlog ( ) H , where || - || is taken over X', and Dgyp-10g (P, Q) =

oo whenever P and @ are not both absolutely continuous with respect to each other. The sup-log distance is a
symmetrized version of the max-divergence D, (P||@), which is used in differential privacy (Dwork et al.|
2010) and is a special case of Rényi divergences for a = oo (cf.|Van Erven and Harremos| 2014). The sup-log
distance is particularly well-suited to our setting, thanks to its relation to uniform approximation.

* The total variation distance Dy (P, Q) := SUpP 4 v measurable | P (A) — Q(A)].

* The 1-Wasserstein distance W1 (P, Q) = infx~py~q E||X — Y2, also known as Kantorovich—Rubinstein
or earth mover distance.

The sup-log, total variation, and 1-Wasserstein distances are metricsE] We first show that these quantities can be bounded
in terms of the approximation error:

Proposition 6 (Upper bounds via approximation). For bounded and measurable f,qg : X — R, we have

(@) [Ly — Lol <|[f = gllo-

(b) d~ 1/2W1(Pf a) < Drv (P, Py) < Dsuprlog(Pr; Pg) < 2||f = glloo-
Proposition 6|is proven in[Appendix C.1| For the KL divergence, which we will not study further, we can leverage
the results of [Proposition 6| by using the trivial bound Dk, (P || Q) < Dsup-10g(P, Q) as well as the inequality
DkL(P || Q) < Daup-tog (P, Q) (ePeur-1os(P@) — 1) from Lemma II1.2 of Dwork et al.| (2010).

[Theorem 5|and [Proposition 6flead to upper bounds on the minimax optimal rates. Combined with the trivial upper
bound Drvy (P, Q) < 1, these are optimal for the deterministic point setting:

Theorem 7 (Information-based complexity of sampling and log-partition with deterministic evaluation points). We
have

en(fd,m,Ba SL7 Dabs) = @m,d(Bn_m/d)7 €, (fd m,B> SL7 abs) = @m,d(Bn_m/d)7
e”(fdxm=37 Ssamp7 DSUP-IOg) = @mﬁl(Bn m/d) (]:d,m,B> Ssamp7 Dsup log) = @m,d(Bn_m/d)v
en(fd,m,Bv Ssampa DTV) - e1n d(mln{]- Bn~ m/d}) (fd m,B> Ssampa DTV) - em,d(mln{lv Bn m/d})
6n(]:d,m,Ba Ssampa Wl) = @m,d(mln{l Bn~ m/d}) (-Fd m,B> Ssampa Wl) = @m,d(mln{l Bn m/d})
Theorem 7| is proven in The minimax optimal rates for optimization can be related to those for

approximation on a very general class of function spaces (Novakl |1988)). For sampling, such a general relationship does
not hold: For example, the set F := {f : X = R | || f|looc < 1,{x | f(z) # 0} is finite} satisfies e, (F, Sapp, Do) = 1
for all n € N, but all functions f € F have the same distribution and the same log-partition function. However, our
proofs for the lower bounds in follow the general idea that underlies many lower bounds for Sobolev-type

functions: place bumps with small support in regions that the algorithm does not query.

2.2 Stochastic Evaluation Points

We also want to consider methods that are allowed to choose the points x; stochastically, such as Monte-Carlo type
methods (Metropolis and Ulam, |1949; [Brooks et al.,|2011). For the log-partition problem, we again follow Novak:

°For the sup-log distance, the triangle inequality follows from log (4% ) = log ( ) +1log (49).
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(1988) and define the set *C'(.A2) of random variables S : Q — 424 with given base distribution Py, with associated
minimax optimal erroﬂ

fopd(F, 8, D) = inf sup B p, D(S(f), S(w)(f)) -
(8,Pa)e*C(A2d) feF

When applying this definition to sampling, a map S would output a random distribution. However, the random samples
produced by a sampling algorithm typically still follow a fixed distribution, regardless of whether the function f is
evaluated in deterministically or randomly chosen points. Hence, the model in Eq. is inadequate for sampling.
Instead, we consider again idealized sampling algorithms using some randomness w ~ €2, but this time, we allow
the function to be evaluated in randomly and adaptively chosen points, by considering random samples of the form
Xf(w) = ¢(N(f,w),w). We then denote the corresponding map from f to Py, by S and define the set A5t of

all S that can be realized in this fashion using n function evaluations. We then define

eadstoch (7 G mp, D) = inf  sup D(Ssamp(f), S(f)) -
SeAad stoch fe

Unlike the deterministic points setting, the stochastic points setting potentially requires to evaluate f at n different
points for every generated sample. This has the unintuitive consequence that for a map S e Add-stoch “the distribution
S (f) typically depends on the values of f at infinitely many points, but a sample from S (f) can be drawn by only
evaluating f at n (stochastic) points.
Again, results for approximation, optimization, and integration are known and can be adapted to our function classes:
Theorem 8 (adapted from Novak|(1988)). We have

* ad(fd m,B> Sappa D ) = Gm,d(Bnim/d)a

Onp, (-Fd,m,Ba Sopt* s Dabs) = ®m7d(anm/d)’

*Uzd (]:d,m,B; Sint7 Dabs) = ®m7d(Bn_1/2_m/d) .

For a proof sketch, we refer to The faster rate for integration can be achieved by spending half of the n
points for approximating f with g and spending the other half of the points on Monte Carlo quadrature to estimate the
error (Novak,|1988)

/ fla)de — / 9(2) de = Eaggiof (2) — g(a)]

For a more practical algorithm, we refer to Chopin and Gerber| (2022). For log-partition estimation, we can similarly
use an importance sampling formulation

Ly — Ly = log (Ex~p, [exp(f(x) — g(2))]) .

Theorem 9 (Upper bound for stochastic log-partition). There exists a constant Cyy, q > 0 depending only on m and d
such that

*O'Zd(]:d,m,B, SLs Dabs) < Omd (min {Bn_m/d7exp(CmdBn_m/d)Bn_1/2—m/d)}) )

The upper bound above, which is proven in|Appendix C.2 exhibits a fast transition between the rates n~"™/¢ and
n~1/2=m/d_This is necessary, as we can exploit the relation of the log-partition problem to optimization to show that
the rate n~""/4 is optimal in an optimization regime:

Proposition 10 (Lower bound for stochastic log-partition). For m > 1, we have
*O'zd(]:dym’B, SL, Dabs) > Qm’d(anm/d) — dlog(l + 3B) .

is proven in We leave a lower bound outside of the oitimization regime as an open

problem, however, we conjecture that the rate Bn—/2="/¢ from the upper bound in|{Theorem 9|cannot be improved.
For a certain class of strongly concave f with Lipschitz gradient, Theorem 5.1 by |Ge et al.[(2020) contains a lower
bound which, in our setting, could be roughly expressed as €24, B(nfl/ (2—c/ d)) for some constant c. A simple Taylor
expansion shows —1/(2 — ¢/d) < —1/2 — (¢/4)/d, hence this rate is compatible with our upper bound for m = 2 if
c>8.

To achieve better rates for sampling in the stochastic points setting, we combine approximation with a budget-limited
version of rejection sampling defined in[Algorithm 1} If g is shifted appropriately such that it upper-bounds f, we obtain
the following convergence rate bound:

Novak| (1988) defines further variants, for example with L2(Pq) instead of L (Pq) convergence or more limited stochastic
resources, which we will not discuss here for simplicity.
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Algorithm 1 Rejection sampling with proposal distribution P, limited to n function evaluations.

function REJECTIONSAMPLING(f, g, number of steps n)
for ¢ from 1 to n do
Sample x ~ P, and u ~ U([0, 1])
Return z if ued®) < f(®)
end for
return Sample from P,
end function

Lemma 11 (General rejection sampling bound). Suppose that f,g : X — R are bounded and measurable with
f(z) < g(z) for all x € X. Then, the distribution Py of REJECTIONSAMPLING(f, g, n) satisfies

Py = (1—pr)P; + prP, (2)
Dsup-tos(Pr, Pr) < min { Dgup 108 (Pr, Py), pr(exp(Dsup-tog(Pr, Py)) — 1)}
Dry Pf>Pf) prDTv (P, Py)
Wi (Py, Py) = prWi(Py, Py) ,

where pp = (1 — Z; /Z)" < exp(—nZy/Z,) is the probability of overall rejection.

The proof can be found in Due to the early stopping after n rejections, rejection sampling may signifi-
cantly oversample regions where py is very small. Since Dy, .10 is very sensitive to this behavior, the corresponding
bound is worse than for Dt and W7.

By using half of the n points to create an approximation g and then using a shifted version of g for rejection sampling
with the other half of the n points, we obtain the following upper bound on the minimax optimal error:

Theorem 12 (Upper bound for sampling with stochastic evaluation points). There exists a constant Cyy, q > 0 such that

s Opm.a(Bn=m/4) Cpp.aBn=™/4 > 1

ad-stoch < m,d s Um,
€n (-Fd,m,BvSsammDSup-lOg) = {Om,d((Cm,dBn_m/d)n/z-’—l) ,Cm,dBn_m/d <1.
is proven in[Appendix C.2] Combinations of approximation and rejection sampling have also been used,
for example, by|Achddou et al.|(2019) and |Chewi et al.| (2022b)). For Cm,dBn_m/ d < 1, the upper bound above decays

faster than exponential in 7. The bound is not tight, as the exponent /2 + 1 can at least be improved close to n at the
cost of increasing the constant C,, 4. However, for the optimization regime, the bound is tight:

Theorem 13 (Lower bound for sampling with stochastic evaluation points). There exists a constant ¢,, 4 > 0 such that
for B> 0andn € Nwith Bn=™/4 > ¢, 4(1 + log(n)), we have

ef;‘Ld'StOCh (]:d7m B, Ssamp; Dbup log) > Q d( _m/d)
eadstoch (7 0 B, Ssamps Drv) > Qna(1)
eid_StOCh(.Fd,m,Bv Ssamp7 Wy ) > Qo d(l)

The proof of [Theorem 13|in[Appendix C.2|uses the classical approach of hiding a bump, although explicitly exploiting
the relation to optimization via [Proposition 20| might also work. Proving lower bounds for sampling with stochastic
points outside of the optimization regime seems difficult. Indeed, when restricting the function class a bit further, we
can even achieve zero error:

Proposition 14. Consider the function class F .= {f € C(X) | || flloc < log(3/2), Ly = 0}. Then,

ad-stoch
€n l(fa Ssamp7 Dsup-log) =0

foralln > 1.

The proof idea, executed in [Appendix C.2| is simple: We use REJECTIONSAMPLING(f,g,1), where f(z) =
log(2exp(f(x)) — 1) and g(x) = log(2) are constructed such that the resulting distribution is exactly P;. The

assumption that L is known is necessary to exactly control the acceptance probability in the rejection sampling step.
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3 Relations Between Different Problems

In this section, we study how different problems such as sampling, log-partition estimation, and optimization are
related, especially also in terms of reductions between algorithms, their runtime complexities, and their convergence
rates. Again, certain bounds can be established via the connection to function approximation. For this, we need an
efficient approximation method achieving optimal convergence rates while producing a smooth approximation. This is
possible using the moving least squares method (Lancaster and Salkauskas|, |1981)), which produces an approximant
g(x) = g.(z), where g, is a local polynomial regression function fitted using a smooth local weight function w(z;, x).
The following theorem shows that the moving least squares method achieves the desired properties:

Theorem 15 (adapted from L1/ (2016) and Mirzae1 (2015)). Let m,d € N>1. Using the moving least squares method, it
is possible to construct an approximation f,, of f € C™(X) using n deterministic non-adaptive function evaluations
such that

(@) ||f = fallor < Oma(llfllemn™m/9) for k € {0,1,... ,m},
(b) the runtime of constructing f, is zero (construction takes place on-the-fly during evaluation), and
(c) the runtime of evaluating f,, at a point x € X is Op, q(1).

We prove [Theorem 13]in[Appendix D]

3.1 Runtime-Accuracy Trade-off

When investigating sampling and log-partition algorithms, we study their convergence rate and their runtime complexity
both in terms of the number n of required function evaluations. Here, we show that these two quantities can be traded
off against each other to some extent. Improving the computational complexity at the cost of worse convergence rates is
easy by increasing n without using the additional function values:

Example 16 (Trading convergence rates for better runtime complexity). Suppose we have an algorithm A for the
sampling or log-partition problems with convergence rate ©,, 4(| f||cmn~*"¢) and runtime ©,,, 4(n"*). We can then
evaluate f in n points but only use N < n of these points for A. If N = ©,, 4(n"), v € (0, 1], we obtain a convergence
rate of O, 4(|| f|lom N=%m) = Oy, a(|| f|lcmn~7%m.¢) and a runtime of ©,,, 4(n+ NFm.a) = @m,d(nmax{lvwmvd}).
A similar construction could be used to move constants Cy,, ¢ > 1 or potential factors || f||£.. > 1 from the runtime to
the convergence rate. <

Of course, the construction in does not improve the runtime needed to reach a desired error level, but it
shows that some combinations of runtime complexity and convergence rates are not better than others. To trade runtime
complexity for better convergence rates, an analogous construction is not possible, since it would need to use N > n
function evaluations, which would contradict the definition of n. However, we can instead use /N evaluations of an
interpolant created using n function evaluations:

Example 17 (Trading runtime complexity for better convergence rates). Suppose again that we have an algorithm A
for the sampling or log-partition problems with convergence rate ©., 4(|| f||cmn~%™4) and runtime ©,, 4(n ). We
consider an algorithm resulting from the following construction:

(1) Use an approximation algorithm as in to create an approximation f,, of f using n (deterministic)
function evaluations.
(2) Run algorithm A on N = ©,, 4(n") function evaluations of f,,,y € (0, c0).

By [Theorem 15| we have ||, — flloc < Om.a(||f|lcmn~/?), and by [Proposition 6| this rate also applies to the

considered distances of Ly, to Ly or Py, to Py. By the triangle inequality, the resulting algorithm has a convergence
rate of

Oma(lfllemn™™/% + || fullom N=0m4) = O a(||f |mn™ mintm/daemaly
where we used || fr||cm < Op.a(]|fl|cm) due to[Theorem 15|(a) with k& = m, and runtime complexity

Om’d(nvﬁm,d) ) <

While the construction in[Example T7]also does not improve the runtime complexity needed to reach a desired error level,
it can still be useful if evaluations of the approximant (or surrogate model) f,, are much cheaper than evaluations of f.
This principle is used for example in computational chemistry, where expensive direct simulations f are approximated
with machine-learned interatomic potentials f,, (Deringer et al.,2019).



Convergence Rates for Non-Log-Concave Sampling and Log-Partition Estimation

3.2 Relation between stochastic and deterministic evaluation points

When the construction in is applied to a sampling algorithm with stochastic evaluation points, it yields
a sampling algorithm with deterministic evaluation points. This can be advantageous since the latter only needs n
function evaluations to draw an arbitrary number of samples, while the former may require n new function evaluations
for every drawn sample. On the other hand, this construction limits the convergence rate of the sampling algorithm to
Qm,d(Bn_m/ ), a rate which can be improved by sampling algorithms with stochastic evaluation points outside of the

optimization regime (cf.[Theorem 12).

Applying the construction in to a log-partition algorithm with stochastic evaluation points yields a
stochastic log-partition algorithm with deterministic evaluation points. We did not consider such algorithms separately
in However, such an algorithm is never better than its median or expected output, which is a deterministic
log-partition method with deterministic evaluation points. Hence, it follows from that the convergence
rate of the construction in is limited to de(Bn_m/ ), and this rate can be improved by log-partition
algorithms with stochastic evaluation points outside of the optimization regime (cf.[Theorem 9).

3.3 Relation Between Sampling and Log-partition Estimation

A natural question is whether efficient sampling algorithms can be used to obtain efficient log-partition estimators and
vice versa. We study both of these directions in the following. In fact, sampling algorithms are frequently employed
for log-partition estimation in computational statistical physics and other fields (Frenkel and Smit, 2001} [Friel and
Wysel [2012). One method to achieve this is thermodynamic integration (Kirkwood, [1935)), of which we present a
particularly simple version here. By integrating the derivative of L() := Lgy, it is possible to derive the following
formula (Gelman and Meng, |1998;; |[Friel and Wysel 2012):

1
Ly= /0 Eonpy, [f(2)] 48 = Eprra(o,1)) Eanpy, f(2) -

Thermodynamic integration can be used more generally to estimate a difference Ly — L, by integrating along a path
between f and g. In practice, the inner expectation is typically evaluated by Monte Carlo methods using sampling
algorithms to sample from Pgy, while the outer integral is typically approximated with a suitable (deterministic)
quadrature rule. For convenience of analysis, we will consider the case where both expectations are approximated using
Monte Carlo quadrature:

Theorem 18 (Convergence of thermodynamic integration). Given N € N> and a sampling algorithm producing

samples from approximate distributions 153 > consider the following algorithm:

* Sample by, ..., BN ~ U([0,1]) independently.
* Draw X; ~ Pg, r independently.

* Output Ly = + Zil F(X5).
Then, for § > 0, we have

- = log(2/9)
|Lf - Lf| < |Lf - IELf| + 2||f||oo T

with probability > 1 — 6, where
Ly —ELs| <2||fllo sup Drv(Psy, ),
BE[0,1]

|Ly —ELs| < |fly sup Wi(Psy, Psy).
B€[0,1]

Theorem 18] is proven in [Appendix D.1} In the upper bounds above, we obtain additional factors || f||oc or |f|1,

which deteriorate the convergence rate. While it appears that these factors are in general necessary for the TV and
1-Wasserstein distances, we explain in[Remark D.2|that better bounds in terms of Dgyp-10¢ seem plausible but appear
to be more difficult to prove. When considering the runtime complexity and convergence rate of the construction in
it is important to set them in relation to the total number n of function evaluations used. For example, if
sampling from Pg, s uses 7 function evaluations, then in general n = (72 + 1)N. If the employed sampling algorithm
is non-adaptive with deterministic evaluation points, we only need n = n 4+ N function evaluations. Still, due to the
Monte Carlo nature of thermodynamic integration, the convergence rate is at least limited to ©2,,, 4, f(n~'/2), which
is not optimal as we showed in [Theorem 9} Of course, thermodynamic integration can be performed on top of an
approximation of f instead, similar to[Example 17]

10
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Algorithm 2 Bisection sampling algorithm using a log-partition algorithm L.

function BISECTIONSAMPLING(Function f : X — R?, Log-partition algorithm L, Number M € Ny of bisection
steps per dimension)
For a hyperrectangle Z = X?Zl[zi, z; + h;), define fz : X = Rby fz(z) == f(z1 + hiz1, ..., 24 + haxq)
Z+— X
for i from 1 to M do
for j from 1 to d do
Split Z along dimension j into two equal-sized hyperrectangles Z; and 2,
Compute py == o(Ly, — Ly, ), where o(u) = (1 + exp(—u))~" is the sigmoid function
Sample k£ = 1 with probability p; and k = 2 otherwise
Z <+ Z
end for
end for
return sample from the uniform distribution U/ (Z)
end function

Now, we ask the converse question: Can an efficient log-partition algorithm be used for efficient sampling? To achieve
such a reduction, we note that we can apply a log-partition algorithm not only to the target function f but also for
example to multiple shifted and rescaled versions of f, which amounts to computing the log-partition function on
subsets of the cube X'. This is exploited in[Algorithm 2} which we refer to as bisection sampling. Bisection sampling has
been studied for example by Marteau-Ferey et al.| (2022)). We give an upper bound on its error in the sup-log distance:

Theorem 19 (Convergence of bisection sampling). Letm > 1, B > 0 and M € Ny. Let f~€ Fa,m,B and let L be
a log-partition estimator with worst-case error E > 0 on Fg ., p. Let f € C™(X) and let Py be the distribution of

samples produced by BISECTIONSAMPLING(f, L, M) in|Algorithm 2| Then,
Dsuprtog(Pr, Pr) < 2MdE +27Md||f||on

Oof co which is proven in [Appendix D.T} also implies bounds on the TV and 1-Wasserstein distances

using The first term in the upper bound grows with M, which stems from the possibility to make an
error of order 2F per loop iteration. However, when the resulting error decays quickly enough in the loop, it is possible
to make the first term independent of M. For example, this could arise because the log-partition algorithm achieves
smaller errors for smoother functions. It is also possible if we consider the 1-Wasserstein distance, which provides
better error bounds on smaller hyperrectangles.

In order to analyze the resulting convergence rates, su})pose that the log-partition algorithm L uses N evaluation points.
Ignoring rounding issues, we can set M = log,(N™/9) and obtain the rate

Daup1os (P Pp) < Oma(Elog(N) + [ fllcs N7/

where BISECTIONSAMPLING uses up to n := 2MdN = O,;,, 4(N log(NN)) function evaluations. Hence, we typically
only lose polylogarithmic terms in the convergence rate, unlike for thermodynamic integration. Even for log-partition
algorithms with deterministic evaluation points, the resulting sampling algorithm uses stochastic evaluation points.
Again, bisection sampling can be performed on top of an approximation of f instead, similar to

3.4 Relation to Optimization

Due to the relationship between sampling and optimization, a natural question is in which sense approximate sampling
algorithms can perform approximate optimization. Actually, we can consider two kinds of optimization problems,
similar toNovak| (1988)):

(OPT) The problem of outputting « € X such that [M; — f(z)| is small can be seen as the low-temperature limit of
the sampling problem.

(OPT*) The problem of outputting an estimate M # such that My — M 7| is small can be seen as the low-temperature
limit of the log-partition problem.

As special cases of the reductions between sampling and log-partition estimation in[Section 3.3 we can obtain reductions
between (OPT) and (OPT*): For (OPT*), we can simply evaluate f at the estimate « obtained from (OPT), which can
be seen as a simple special case of thermodynamic integration. On the other hand, for (OPT), we can recursively use

11
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(OPT™) to see whether the optimum is contained in a subdomain of &X', which corresponds to the low-temperature limit
of bisection sampling.

To obtain a bound for approximate (OPT*) via approximate log-partition estimation L, we note that directly
yields

‘Mf - 5Lf/e| < |Mf - 5Lf/s| + ElLf/s - Lf/s| < EdIOg(l + 3d_1/25|f|1) + €‘Lf/s - Lf/e‘
for temperatures € > 0.

When performing approximate (OPT) via sampling from an approximate distribution ) = ]5f, the result depends on
the employed distance metric. Since the result of sampling is of course stochastic, we will upper-bound probabilities of
the form Q({z € X' | f(x) < «a}) of obtaining a function value f(x) < « when drawing « from Q.

Proposition 20 (Optimization by approximate sampling). Let QQ be a probability distribution on X. Then, for any
5 € (0,1 ande > 0,

(a) Q({.T eX ‘ f(x) S 8Lf/a - 510g(1/§) - gDsup—lOg(Pf/EvQ)}) § 4
(b) Q{z € X | f(x) <eLys. —elog(1/6)}) <6+ Drv(Pr/e, Q),
(c) Q{z € X | f(x) < eLyje —elog(2/0) — 26| fL Wi (Py/e,Q)}) <6

is proven in[Appendix D.2| If Q = P, . for some bounded g : X — R, the bound in (a) recovers the

known optimization bound f(argmax g) > My — 2||f — g|o in the limit ¢ \, 0 using|Lemma 3|and [Proposition 6|
We can deduce from (a) that a sampling algorithm achieving the optimal rate O, 4(|| f||cm n=m/ d) in terms of Dgyp-1og
can be used (with sufficiently small €) to achieve the optimal rate for (OPT) as well. On the other hand, the bounds (b)
and (c) are much weaker. For example, (a) still gives a good bound for Dyyup-10( P/, Q) = 1/2, but (b) only gives
a low-probability bound for Drv (Py/., Q) = 1/2 and (c) is trivial for W1 (Py ., Q) = 1/2. Note that an argument
analogous to (b) has been used in Corollary 1 by Ma et al.|(2019) to analyze the convergence of Langevin algorithms
for approximate optimization.

4 Algorithms

In this section, we investigate the convergence rates of different algorithmic approaches toward the sampling and
log-partition problems.

4.1 Approximation-based Algorithms

First, we study approximation-based algorithms. In[Section 2.1} we have seen that in principle, approximation-based
methods can achieve the optimal rates for the sampling and log-partition problems with deterministic points. However,
for most approximations g, it is unclear how to sample from P, or compute L. In the following, we will consider a
few cases where this is possible:

4.1.1 Piecewise Constant Approximation

A very simple approximation method is piecewise constant approximation. Here, we study the convenient setting where
n = N for some N € N:
» Divide X into N equally-sized cubes A, ..., X, by dividing [0, 1] into N intervals.
« Output the function g, that is piecewise constant on each cube and interpolates f at the center () of the
cube &;. Boundary points can be assigned to an arbitrary adjacent cube.

. . . . . OIN
Given a piecewise constant function g,,, we can easily compute L, = log (% S el (@ )) in time Oy, 4(n).

i=
Similarly, we can sample from g,, in time O,,, 4(n) by first sampling a subcube X; with probability p; = e/ @)=Ly, and
then drawing a uniform random sample from Xiﬂ However, the convergence rate is bad, as we prove in
Theorem 21 (Convergence rate of piecewise constant approximation). Let m > 1 and n = N? as above. If g,, is a
piecewise constant interpolant as above, we have

sup |Ly— L, |— {@m,d(Bn_l/d) ,ifm=1orBn "4 >1
FE€EFam.n n Om.a(max{B, B*}n=%/?) | otherwise.

8This could be improved to O,,, 4(logn) by precomputing partial sums of the p; once in O( ). Then, for drawing a sample, we
can sample u ~ U({1,...,n}) and use binary search to find the correct “bucket” k with Zl 1 pi<u< Zle Di.

12
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sup  Dsup-log(Pf, Py,.) = @m,d(Bn_l/d) .
fE€Fi,m,B

The rates of piecewise constant approximation are thus optimal for m = 1, but not for m > 1. For m > 1,
using a combination with higher-order function approximation as in it is possible to achieve the rate
O a(Bn~™/4) with runtime O,,, 4(n™). The result above also shows that the piecewise constant log-partition method
can achieve the faster rate O(n~2/?) of midpoint quadrature only outside of the optimization regime. We leave it as an
open problem whether such faster rates are also achieved for sampling with Dy or Wj.|Achddou et al.| (2019) analyze
a combination of piecewise constant approximation with rejection sampling, but in a setting incomparable to ours. They
also note that piecewise constant approximation achieves optimal rates for Holder classes of functions.

Beyond piecewise constant approximations, piecewise linear approximations also allow for efficient sampling and
log-partition estimation, and they should allow to achieve convergence rates of Om,d(Bn_Q/ 1), We leave a precise
analysis of this approach as an open problem.

4.1.2 Density-based Approximation

Another option to obtain tractable sampling and log-partition algorithms is to directly approximate the unnormalized
density p(z) = e/(*). Since probability distributions are normalized, approximating \p with \g yields the same
sampling and log-partition errors as approximating p with ¢, but the approximation error ||Ap — \¢||s depends on
A > 0. To obtain a scale-invariant bound for the sampling and log-partition errors, we need to divide the approximation
bound by a normalization constant:

Proposition 22 (Density approximation bounds). Let p,q : R — [0,00) be bounded and measurable such that
I, I, > 0, where I, = [, p(x) dz. Define probability distributions P, Q with densities p/I,, and q/I,, respectively.
Then,

1
|log I —1oglglog<) ifllp —qllos < Ip,
g ‘ 1—p = dllw/I :

3P — dllo _ 3llp— dllo
max{ly, Io} ~ I .

Dry(P,Q) <

We prove [Proposition 22|in [Appendix E.1.2| While ||p|l« = ||e/|| can be exponential in | f|~, [Proposition 22
demonstrates that we need to incorporate the normalization constant to obtain reasonable estimates for sampling and

log-partition computation. After incorporating the normalization constant, we arrive at terms of the form ||p|| /I, =

le\l/Z; = |lef /Z; || = |lpy||- Hence, the norm of the (normalized) density plays an important role for convergence
rates of density-based approximation approaches. As it turns out, ||p¢|| does not scale exponentially in || f{|~, but still
badly:

Theorem 23 (Density norm). For m > 1, we have

cm = Gm,d (max{l, B}m+d)

sup  |[|py|

€ d,m,B

and this asymptotic rate is attained by fq.m p(x) = Bd™'(x1 + - - + 34).

Theorem 23|is proven in|[Appendix E.1.2| Suppose that f € C™(X) and we can approximate p(z) = e/(*) with a

non-negative function ¢ with optima ﬁ rate O, 4(||p] cmn~™/%). By combining IProposition 22| and ITheorem 23], the
distribution () associated with the unnormalized density ¢ then satisfies

Drv(Pf, Q) < O a(max{L, || fllem}™ n=m/9) . 3)

Although this rate is optimal in terms of n for deterministic evaluation points, it is bad in terms of || f||¢m, cf. also
Marteau-Ferey et al.| (2022) propose a sampling algorithm based on approximating the density with a (non-negative)
sum-of-squares model. Specifically, for a Gibbs distribution, they suggest approximating /p with ¢ and then using q?

as an unnormalized density. They achieve a rate of O,;, 4. ¢ (n=™/?) in polynomial time without explicitly stating the
dependence on || f||, but we conjecture that the dependence on || f|| is similar to Eq. (3).

This rate is worst-case optimal if we only know ||p||cm=. However, it might not be optimal over the smaller class of functions of
the form e’ with small || f| .

13
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4.2 Simple Stochastic Algorithms

We now analyze the convergence rates for some simple stochastic algorithms.

4.2.1 Rejection Sampling With Uniform Proposal Distribution

A simple stochastic algorithm is rejection sampling with a uniform proposal distribution. The following proposition
shows that this can achieve better rates in terms of the TV distance than the density-based approximation rates in Eq. (3)
if the maximum My of f is known:

Proposition 24 (Convergence of rejection sampling). Let m > 1 and let f € CY(X). Then, the distribution 15]«
produced by REJECTIONSAMPLING( f, My, n) (see|Algorithm 1) satisfies

Dauptog (P Pp) < min {21 fll oo, x0 (211 f 1o = /s o)}
Dry(Py. Py) < min{1L,2] fllc} exp(~n/[pllc) < O a(min{L, || [l max{L, | fllc}™n /)

A proof can be found in Lower bounds for the convergence of rejection sampling could be obtained
using [Cemma 11| but the resulting formula would not be easy to interpret. In any case, an argument similar to the one in
[Section 4.2.3|and [Appendix E.2.3|can be made to show that RETECTIONSAMPLING( f, M, n) cannot achieve the rate
Om,d(Bn*m/ ). We leave it as an open question whether similar rates to can be achieved when M is
approximately known or when a guess for M is used that slowly increases with n. Note that Talwar| (2019) studies a
similar setting where rejection sampling is not stopped after n rejections.

4.2.2 Monte Carlo Log-partition

Since the log-partition problem involves an integral, it is natural to approximate the integral by Monte Carlo (MC)
quadrature. The following theorem gives an upper bound on the convergence rate:

Theorem 25 (Upper bounds for MC log-partition). Let f : X — R be Lipschitz, let X1,...,X,, ~ U(X) be
independent and let

5 1 n
Ln =1 ny n = X7 .
0g Sy, Spi=— ;expof( )

Then, for any § € (0, 1], the following convergence rates hold:
(a) Optimization regime: If n < 4log(2/6)(1 4 3d~'/?|f|1)% we have
| Lo — Lyl < d'(log(1/8))"?| flin™"/? + log(410g(2/8)) + dlog(1 +3d~"/2|f1)

with probability > 1 — 6.
(b) Quadrature regime: If n > 4log(2/8)(1 + 3d—'/2|f|,)¢, we have

| L — Ly| < 41og(2/6)"2(1 +3d ™12 f|1)4/n 1/
with probability > 1 — 6.

We prove ITheorem 25| in lAppendix E.2.2l Roughly speaking, the rates in the theorem above behave like | f n~ e

until an error of O(1) is reached, and then they change to | f |'f/ *nl/2, and our experiments later in
show that this reflects the qualitative behavior of the error on linear f in practice.

4.2.3 Monte Carlo Sampling
We can also consider a sampling version of the Monte Carlo log-partition method considered in[Section 4.2.2] The
following theorem shows that it cannot achieve good rates in the optimization regime either:
Theorem 26 (Lower bound for MC sampling). Let f : X — R be bounded and measurable. Let X1, ..., X, ~U(X)
and let the random index I € {1,...,n} be distributed as

exp(f(Xi))
>jo1 exp(f(X;))

Consider the distribution ]Sf of the random sample X ;. Then, for all B > 0 andn > 1 with Bn~d > 44 log(4d),

P(I=i)=

sup  Dryv(Py, Py) >
fe-rd,7n,B

N —
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Figure 1: Median error of MC log-partition for the function f : [0, 1] — R,z — S (with d = 1), for varying numbers
of points n and values of § = |f|; > 0. Medians were computed out of 10001 repetitions. The dashed lines show the

corresponding upper bounds from for the median (6 = 1/2).

The lower bounds in[Theorem 26, proven in|Appendix E.2.3| show that n > §,, 4(B%) points are required to achieve

an error below O(1), which is significantly worse than the around ©,,, 4(B%™) points required by a method with
the optimal rate for deterministic evaluation points. The proof only uses that the density p is upper-bounded by n,
and would apply analogously (using n + 1 instead of n) to rejection sampling with uniform proposal distribution as
considered in

4.3 Markov Chain Monte Carlo Algorithms

Markov Chain Monte Carlo (MCMC) methods are a very popular class of sampling algorithms. In particular, gradient-
based MCMC algorithms such as versions of Langevin MCMC and Hamiltonian Monte Carlo (Duane et al., [1987) have
been studied intensively in recent years. While most theoretical guarantees only consider the case of concave f, there
have been a few extensions where f is allowed to be non-concave in a compact region of the domain. For example,
study a certain class of functions whose gradient is L-Lipschitz and that are non-concave in a region with
radius R but a-strongly convex outside of it. For the Metropolis-adjusted Langevin algorithm (MALA) to reach a TV
distance error £ > 0, they obtain the mixing time bound

n<o0 <640:R2 (L/a)*2d"?(dIn(L/a) + 1n<1/E>>3/2> : )

We have used n here for the mixing time since it corresponds to the number of gradient evaluations, which are potentially
more informative than the function evaluations normally allowed in our setting but can be approximated using d + 1
function evaluations. The dependence of the upper bound in on L, which is related to || f|| o2 in our setting,
is exponential. We are not aware of a lower bound, but conjecture that a tight lower bound will also have an exponential
dependence on || f|| in some fashion. This indicates that Langevin MCMC could perform worse than rejection sampling
1n our setting.

Beyond Langevin MCMC, there are many other popular MCMC methods, for example, variants of Hamiltonian Monte
Carlo, parallel tempering (or replica exchange MCMC), and simulated tempering. Obtaining convergence rates for
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these methods on function classes like F; ,,. g is an interesting problem but left open in this paper. While Woodard
et al. (2009) prove torpid (slow) mixing for parallel and simulated tempering in some settings, they show an exponential
dependency on d for certain mixtures of Gaussians, which does not appear to imply suboptimal rates in our setting.

4.4 Variational Formulation for Log-Partition Estimation

In the following, we will introduce the variational approach to the log-partition problem by Bach| (2022). We will first
start with the simpler optimization setting. Let P(X) be the space of probability measures on X'. We start with the
formulation

M; =max f(z) = sup /f )dP(z (5)
TEX PeP(X)

which converts a finite-dimensional non-concave optimization problem into an infinite-dimensional convex optimization
problem. To apply the approach by Bach| (2022), we need to approximate the function f by a model of the form

9(z) = p(z)" Hp(x),
where H is a Hermitian matrix and ¢ : X — C is a suitable feature map. For example, for d = 1, if f is periodic and

we use Fourier features ¢(x) = (1,¢®,...,eN=D)T then H can be determined by trigonometric interpolation, see
also|Woodworth et al.| (2022).

For a probability distribution P € P(X), we define the moment matrix

Yp = /X o(z)p(x)*dP(z) .
Because of
[ s@aPta) = [ wlp@) Hota)ldo = [ alfp@)e(e)]de = ulis).
we then obtain

My, = sup tr[HXp]= sup tr[HY],
PeP(X) sek

where /C is the (convex) set of all possible values of X p. This reduces the infinite-dimensional convex optimization
problem in Eq. () to a finite-dimensional convex optimization problem, and at least for certain feature maps, the set
has a sufficiently nice structure for optimization.

To extend this approach to the log-partition problem, Bach| (2022) uses the following variational formulation by Donsker|
and Varadhan|(1983) for general base distributions (), where D, (P || Q) = [ log < ‘dip ) dP is the KL divergence:

Li(Q) = log/ F®) aQ(x)
— sup / f dP DKL(P ” Q)

PEP(X)

Again, after approximating f by g, we can replace the integral by tr[H Y. p]. However, to obtain a finite-dimensional
optimization problem, we also need to replace the KL divergence with something that only depends on X p instead of
P. Since this is not possible exactly, Bach|(2022)) proposes multiple lower bounds, of which the tightest one (and most
difficult to compute) is

DRIT(Zp | Bg) = _ _ inf Dx(P | Q).
P,QG'P(X)IZPZZP ,EQ:ZQ
This yields the following upper bound on the log-partition function:
L@ = sw [ g)dP@) - DIET(Sr | So)
pPeP(Xx)Jx

— sup t[HSp] — DRT(Sp || £q) = sup tHY] - DT | £g) > L(@). (6
PeP(Xx) YeKx

Our investigation begins here: After inserting the definition of DRY'T, a simple calculation shows that due to the minus

sign, the infimum over P merges with the supremum over P, and the infimum over Q turns into a supremum:
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Lemma 27. For a model of the form g(x) = ¢(x)*Hp(z) as above, we have

LY Q)= sup Ly(Q) -
QE'P(X):EQ:EQ

This formulation allows us to show a lower bound on the achievable convergence rate. The basic idea is as follows:
Since ) is only known through finitely many moments ¥, we can find a discrete distribution ) with the same moments.
We then choose f such that it attains its maximum at one of the discrete points, and if g approximates f sufficiently
well, we show that the discrete distribution places too much weight on the maximum.

Theorem 28 (Lower bound for OPT relaxation). Let ¢ : X — CN be continuous. Let
n = dimg¢ Vi, Viin == Spanc {p(z)p(z)* | z € X} € CV*V |
In other words, n is the number of effective degrees-of-freedom of the model g(x) = p(z)*He(x), and hence
corresponds to the maximum number of points where such a model can interpolate arbitrary function values. Then,
there exists a point z € X depending only on @, such that the periodic and analytic function
d
f:X=>Ra— Zcos(?w(mi —2z;))
i=1
satisfies
d/2

LOPTQU([0, 1])) — Lsp U([0,1]))] > log ( B

1) g 6l )

for any model g(x) = ¢(x)*Hp(z) and any 8 > 0.
What are the implications of [Theorem 28] which is proven in [Appendix E.3] on convergence rates? To answer

this question, we need to consider the limit n — oo, which means that N, ¢, f, g in general depend on n, and
we will denote them by N,,, ¢, fn,gn, respectively. We also consider an inverse temperature 3, = (e(2n +
1))?/4. Since f,, is analytic, an approximation method with optimal rate should achieve the rate ||g, — Bnfnlloo <
Om.a([|Bnfnllcmn™/%) = Oy, a(n=(m=2)/9) for every m € N. Suppose that this is at least achieved for m = 3,
such that lim,, o |9 — Bn.fnllco = 0. Then,

/2

LPT @0, 1)) = Ly, 5, (0, 1])] = log <2§”+ 1) lgn — BuFaloe = 1= Oy aln= =214

= Qmﬂi(ﬂnn”/d) for sufficiently large n.

In other words, the approximation error and the log-partition error of the OPT relaxation in Eq. (6) cannot both achieve
a rate strictly better than O, 4(|| f|[n~2/®) even for infinitely smooth functions, no matter which (continuous) feature
map ¢ is chosen.

5 Experiments

To further investigate the convergence behavior of some simple algorithms, we study them numerically on functions of
the form f : [0,1]® — R,z + B(x1 + 22 + x3). While these functions are simple (and concave), they pose a challenge
to some general algorithms as they have a large range in relation to their Lipschitz constant. The dimension d = 3
has been chosen for visualization purposes, to be able to distinguish the convergence rates n~'/¢ and n=2/¢ from the
typical MC convergence rate of n~'/2. Our plots can be reproduced using the code at

github.com/dholzmueller/sampling_experiments

5.1 Log-partition Estimation

For the log-partition problem, we consider the following algorithms:

* PC: Compute the log-partition function of a piecewise constant approximation as in[Section 4.1.1

* MC: Monte carlo log-partition estimation as in|Section 4.2.2

* PC+MC: We use importance sampling, specifically MC quadrature on top of a piecewise constant approx-
imation as described in We use n/2 function evaluations to compute a piecewise constant
approximation g of f and then use the other n/2 function evaluations for an MC approximation of the
right-hand side in

Ly = Ly + log (Exnp, [exp(f(2) — g(2))]) -
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Figure 2: Convergence of the (median) error |L; — [~/f| for different values of 8 € {0.1, 40, 10000}. For the stochastic
methods MC and PC+MC, the median is taken over 10001 independent runs.

Note that PC and MC run in linear time O,;, 4(n) while PC+MC can require a runtime of O, 4(n?) or O, 4(nlogn)
depending on the implementation.

shows the convergence of these methods for 5 € {0.1,40,10000}. For 8 = 10000, the methods are in an
optimization regime, where PC and MC follow the rate O(n~'/?) of the corresponding upper bounds in
and Meanwhile, PC+MC follows the rate O(n /). This can be understood intuitively by noting that due
to the linear nature of f, the PC proposal distribution will mostly propose points close to the optimum, such that the
MC component can get much closer to the optimum than with a uniform proposal distribution.

For 8 = 30, we observe a transition between an optimization regime and a quadrature regime. In the quadrature regime,
the convergence rate of MC is the classical MC quadrature rate O(n~'/?), matching the upper bound in|[Theorem 25l
Meanwhile, the convergence rate of PC transitions to O(n~2/3), matching the worst-case bound in[Theorem 21[, whose
proof uses a linear f for the lower bound. The combination PC+MC approaches a convergence rate around O (n~%/6).
This can be understood as the MC rate O(nil/ 2) combined with the approximation rate (not log-partition rate) of PC,

18



Convergence Rates for Non-Log-Concave Sampling and Log-Partition Estimation

which is O(n~1/2). The rate O(n~5/) can be proven formally using arguments analogous to the proof of
in[Appendix CJ

For 5 = 0.1, we see the same quadrature regime rates as for 5 = 30, except that now the constant in the rate for PC
is smaller than those of MC and PC+MC. This can be explained by an observation in the proof of in
Since PC performs midpoint quadrature, its error depends on the curvature of exp(f). Since f is linear,
the curvature of exp(f) is significantly smaller than the worst-case curvature when 8 < 1. On the other hand, the
convergence rate of PC+MC depends on the approximation rate of PC, which does not exhibit this phenomenon.

5.2 Sampling

To study convergence rates for sampling, we need a way to estimate distances between probability distributions through
samples. While this can be achieved for the Wasserstein distance, and more efficiently for the related Sinkhorn distances,
an even more efficient and easy-to-compute measure is the energy distance (see e.g.|Székely and Rizzo, |2013)) given by

Denergy(Pa Q)2 = 2B, panqllT — C17/”2 —Esnparnplle — x/||2 —Esnqa~ollr — CC/||2 .

We estimate the energy distance Denergy (P, ]5f) by sampling a finite number of samples z1,...,2x ~ Py and
Z1,...,&Zn ~ Py) and then computing the energy distance Denergy (@, Q) 0f the empirical distributions

1 & TR
QZ:N;&&N Q:N;(Si”’

where §,, is the Dirac distribution at x. We compare the following sampling algorithms:

e PC: Sampling from a piecewise constant approximation as in|Section 4.1.1
* MC: Monte carlo sampling as defined in[Section 4.2.3]

* RS: We return REJECTIONSAMPLING( f, M, n) as defined in [Algorithm I|and investigated in[Section 4.2.1]
Here, we know M ¢ explicitly due to the simple nature of f.

¢ PC+MC: Performing MC sampling on top of a piecewise constant proposal distribution: We compute a
piecewise constant approximant g of f with n/2 points, then draw samples X, ..., X,, o ~ P, and output
X7, where

exp(f(X;) — 9(X;)) .
S exp(£(X;5) — 9(X;))

* PC+RS: We use n/2 points to compute a piecewise constant approximation g of f and then return

REJECTIONSAMPLING(f, g + My_4,n/2) as defined in |[Algorithm 1| Here, we know My_, explicitly
due to the simple nature of f.

Note that PC, MC, and RS run in linear time O, 4(n) while PC+MC and PC+RS can require O,, 4(n?) or O, a(nlogn)
depending on the implementation.

P(I=i)=

For the sampling algorithms in[Figure 3] the behavior in terms of convergence rates is less clear than for the log-partition
algorithms. Nonetheless, it is evident that combining approximation-based and stochastic methods performs better
than either of the two in isolation. Moreover, it is noticeable that RS, our budget-limited variant of rejection sampling,
initially performs poorly while reaching fast convergence for larger values of n, when the probability of overall rejection
becomes small.

6 Conclusion

functions on the d-dimensional unit cube X = [0, 1]%. In[Section 2| we showed that without computational constraints,
the optimal achievable convergence rates are of the form Om,d(Bn’m/ ) or even better depending on the setting. We
then investigated several computational reductions between problems in showing that several problems are
similarly hard. In we studied convergence rates of specific algorithms, which are however far from being
optimal unless one is willing to spend a computational effort on the order of O(n™), i.e., exponential in the smoothness
m for which the optimal rate should be achieved. Our experimental study nonetheless confirms practical differences
between the convergence rates of some of the investigated efficient algorithms.

In this paper, we studied the convergence rates of samplin1 and loi-[ artition estimation methods on classes of m-smooth

Our work poses the central question of whether near-optimal convergence rates for smooth functions can be achieved
with runtimes that are of fixed polynomial order Om,d(nk), i.e., where k does not depend on m or d. Moreover,
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Figure 3: Convergence of different sampling methods in terms of the empirical energy distance, computed using
N =10° samples for each distribution, to the true distribution Py for 3 = 15. Here, n denotes the number of function
evaluations used for drawing a sample, where PC uses the same function evaluations for each sample while MC and RS
need new function evaluations for every drawn sample. The gray dashed line corresponds to the maximum empirical
energy distance of two sets of N = 10° samples both drawn from Py, where the maximum is taken over three random
draws.

for many sampling algorithms, it is unclear which convergence rates they can achieve in our setting. For example,
variants of parallel tempering are often employed for non-log-concave problems, and diffusion models might prove
to be relevant if the score function can be approximated efficiently (Chen et al.| 2022). An analysis of (mixtures of)
Laplace approximations might also be interesting in this context. Beyond specific algorithms, proving lower bounds
outside of the optimization regime is still an open question except for some special cases (Chewi et al.,|2022b)), and
other probability distance measures such as the KL divergence could be considered as well.
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A Overview

The structure of the appendix matches that of the main part of this paper. We give proofs for[Section I|in[Appendix B|
for[Section 2|in[Appendix C] for[Section 3|in|Appendix D] and for[Section 4|in [Appendix E]

B Proofs for Introduction

Lemma 3 (Optimization limit). Let f : X — R be Lipschitz-continuous with Lipschitz constant | f|1 < oo. Then, for
any temperature € > 0, the maximum My = max,cx f(x) satisfies

|My —eLy .| < edlog(1 +3dY2|f|1)e) — 0 fore \,O0. (1)
Moreover, for any bounded and measurable f : X — R and any § € (0, 1], we have
Pije({x e X | f(x) <eLyj. —elog(1/0)}) <.

Proof. For the first part of the lemma, let £* € X be a maximizer of f. Without loss of generality, assume that f is
shifted such that f(z*) = 0.

Step 1: Upper bound. We have
Ly zlog/ ef(x)dxglog/ ldz =logl=0= M;.
x x

Step 2: Lower bound. To show a lower bound on Ly, define the side length R := (max{1,d~*/?|f|;})~!. Since
R <1, X contains an axis-aligned subcube X of side length R containing z*. Each point x € X has distance at most
VdR from z*, and hence by Lipschitzness, we have

f(x) > f(0) = |fl1VdR = —|f|;VdR .
‘We consider two cases:
(a) Case1: d*1/2|f|1 < 1. In this case, we have R = 1 and hence

Ly=log [ /0> oy | IV Tar = |11V = ~aa )
X X

The function h(z) := log(1 4 3x) — x is concave and h(0), h(1) > 0, which shows h(x) > 0 for z € [0, 1].
Hence,
Ly > —dlog(1+3d™'?|f]1).

(b) Case 2: d—'/2|f|; > 1. In this case, we have R = (d~/2|f|;)~" and hence f(z) > —d for z € X. This
yields

L= log/ /@ qz > log/ e/ @ dg
x

X
> log/ e~ ?dz = —d + dlog(R) = —d — dlog(d~/?|f|,)

x
= —dlog(ed*?|f|1) > —dlog(1 +3d~/?|f|1) .
Step 3: Including the temperature. By replacing f with f /e, we obtain
|My —eLgje| = |eMye — eLgye| = elMyje — Lgje| < edlog(1+3d~?|f|1/e) .

Step 4: Probabilistic bound. We have

Pyjelo s £@) < eLyje —log(1/6) < | xp(f(2)/e — Lyye) da
{zeX:f(x)<eLys,.—elog(1/d)}
< / exp(—log(1/6))dx =14 O
X

The following lemma will be useful to deal with Lipschitz constants:
Lemma B.1. Let f € C™(X),m > 1. Then, |f|; < d"/?|f|lcm.

Proof. We have
[l = sup [V F(@)ll2 < sup &2 |VF (@) e < &'/ fllcr < a2 fllcm O
re e
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C Proofs for Information-based Complexity

Most of our lower bounds rely on the common strategy of hiding smooth functions with small support somewhere in
the domain (see e.g. Novakl [1988). We will consider the following bump functions:
Definition C.1 (Bump functions). We define the template one-dimensional bump function
- —(1=2)"1= -1 i —
PR Rz exp(4 — (1 — ) (x+1)7h ,1fa:€(~ 1,1)
0 , otherwise
and, for given dimension d, the template multi-dimensional bump function
b:RY =5 R,z bzy) - b(zq) .
for z € R? and § > 0, the shifted and scaled bump functions

b275:Rd—>R,xl—>b<ng> .

Moreover, we define the open cube
Boo(2,0) = {z € R | ||z — 2||oo < 6} . <

The following lemma illustrates some important properties of these bump functions:

Lemma C.2 (Bump functions). The bump functions b, 5 from satisfy

(a) b, s is zero outside of Boo(z, ).
(b) b, s is infinitely often continuously differentiable and all of its derivatives are bounded,
(c) there exists a constant C, q > 0 independent of z and & such that for all z € R% and § > 0,

”bz,éHCm(Rd) <Chd max{L(S—m} .
(d) For x € Boo(z,0/2), we have b, s(z) > 1.

Proof.

(a) This is easy to verify from the definition.

(b) Itis well-known, see e.g. Remark 3.4 (d) in Chapter V.3 of Amann and Escher (2005)), that the function
0 ,x <0

b:R—R
- ’xH{exp(—l/x) , x>0

is C>. Since b(z) = e*b(1 — x) - b(x + 1), bis also C°°, and so must be b and b, 5. Moreover, since b. s has
compact support, all the derivatives are bounded.

(c) Let Cpp g = ||bHCm,(Rd). We have

0°b(x)

0%b,
sup 7’6(37) =
T

zERd dz™
Therefore, by definition of the C"™-norm, we have
||bz,§HCm(Rd) < Chpgmax{l,6~™}.
(d) Itis easy to verify that b(x) > 1 for |z| < 1/2. For z € Buo(z,8/2), we have
I(z —2)/0]lc <1/2,

=g§lah sup
r€R

hence

bz,ﬁ(m):b(xgz)zr.q:y O

The following lemma is useful to bound the number of bump functions that we can hide in a domain:

Lemma C.3. For k € N>, a third-slice X := [0,1/3] x [0, 1]~ of the cube X contains at least k disjoint open
cubes Boo(21,7k), - - -, Boo (21, Ti) With radius
k_l/d

12

Tk =

Proof. Choose N := [k'/4]. We can divide X into N - (3N)%~1 > N? > k cubes of side length (3N)~" and radius
1 1 1 k—1/d
6N ~ 6(kY/44+1) — 12k1/4 12

r =7y . [
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C.1 Deterministic Evaluation Points

We first adapt some results from |[Novak! (1988)) to our setting.
Theorem 5 (adapted from Novak|(1988)). We have
en(«/rd,m,B7 Sappa Doo) = @m,d(Bn_m/d)a e (fd m,B> Sappa ) @m,d( —m/d)7
€n (]:d,m,Ba Sopt* ) Dabs) = Gm,d(Bn_m/d)a 2 (]:d m,B> Sopt* Dabs) Gm,d( m/d)7
€n (-Fd,m,Ba Sinta Dabs) = @m,d(Bnim/d)a 6 (-Fd m,B» Smta Dabs) @m d( m/d) .

Proof. Step 1: Upper bounds. For S € {Sa,p, Sopt+, Sint }, INovak| (1988) states upper bounds of the form
Opm.a(n=™/9) for bounded classes of functions in the Sobolev space W7¢, which contain Fy . Bpm.q fOr some
B,,,a > 0 (see Section 1.3.11 and 1.3.12 in|Novak| (1988))). Hence, for the corresponding metric D, we have

en(—Fd,m,Bm,m S7 D) S Om,d(n_m/d) .

For another value of B, we can then take a near-optimal S e A, for Fy . Bm o and define

=55 (Ttr)

and by positive homogeneity of .S and D, this then achieves the rate Om7d(Bn_m/ 4,

012)

Step 2: Lower bounds. For lower bounds, it is again sufficient to consider g, B,, , for a single By, 4 > 0. |Novak
(1988) uses bump functions created by rescaling and shifting the template bump function

o(z) = {al—lf—l(l —a)m xe[-1,1¢

0 , otherwise

for some appropriate constant a > 0. This function is in W74 but not all of its weak m-th derivatives are continuous.
Hence, the constructed counterexamples do not directly apply to Fg,m,B,, ,- However, it is possible to replace ® by the
C*° bump function b from [Definition C.1|since the norms of the derivatives behave in the same fashion for scaled and
shifted versions of b, as shown in !:emma C.Z} Hence, the same lower bounds still apply to Fg .. B O

m,d"*

‘We can now turn to our upper bounds through approximation:

Proposition 6 (Upper bounds via approximation). For bounded and measurable f,g : X — R, we have

(a) |[Ly —Lg| < |[f = 9lloo-
(b) dil/le(vapg) < DTV(Pfan) < Dsup—10g<Pf7Pg) < 2||f - g”oo-

Proof. Since Ly and Py are not influenced by changing f on null sets, we will ignore exceptional null sets in the
essential supremum in the definition of || - || in the following.

(a) We have

Ly = log/ e9®) dg
x

< log/ S @I =dl< dg — log <€|fgloo / @) dx) _ (log/ @) dx) 1 = gll
X X X

=Li+Ilf =9l

and the other inequality follows analogously.
(b) We have ps(z) = exp(f(x) — Ly) and py(x) = exp(g(x) — Lgy), hence

10g(§£>’ =(f L) = (9= Ly)llso < If = glloe + | L5 — Ly

()
Letf:=f—1L ¢- By a well-known property of the TV distance (see e.g.|Gibbs and Su, 2002,

Dsup-IOg(va P )

o0

DT\/(Pf,P) DTV Pfa / ‘6f(x Bg(x)|d1'
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Now, consider a fixed z € X'. Without loss of generality, assume f (z) < g(x). Then,
9@ =7 =dlle < of(@) < a(@)
which yields
lef (@) — e9@)| < (1 — e 17 =Tllee)ed() < (1 — =17 =lloe) (/@) 4 £9)Y < || F = g||oo (5 @) 4 )Y .
Therefore,

1 r - f(x g(z r —
DTV(Pf’Pg) < 5/){ Hf _g”OC(ef( )_|_eg( ))d/J'(x) = Hf_g”oo = Dsup—log(Pfan) .

The bound Wy (Py, Py) < diam(X)Dyv (Py, P,) = d*/2Dry(Py, P,) for the 1-Wasserstein distance, where
diam(X) is the diameter of X, is well-known (see e.g. (Gibbs and Sul [2002). O

The following technical lemmas will be used for the lower bound afterward.
Lemma C4. Leta,b > 0. Then,

Proof. If a < b, we have

o e Ly {1 }
—_— — min
a+b 20 — 2 b
Similarly, if a > b, we have
a a 1 1 a
>4 25 2 1,7}. O
at+b= 2a 2_2mm{ b

Lemma C.5. Let ¢ € (0, 1]. Then, the function
h:[0,00) = R,z — log(1+ c(e” — 1))
satisfies h(x) > cx for all x > 0.

Proof. Forall x > 0, we have

T

W () = ce B c S c _.
S l4cler—1) c+(l—-ce® T ct+(1-c)
Therefore,
h(z) = h(0) Jr/ h(u) du > / cdu=cz. O
0 0

Now, we are ready to prove the exact minimax optimal rates. The main technical difficulty is that for the lower bound
in the 1-Wasserstein distance, we need to hide many bumps that are far apart, and we need to bound the resulting
Wasserstein distance.

Theorem 7 (Information-based complexity of sampling and log-partition with deterministic evaluation points). We
have

en(Fam,BsSes Dabs) = Om.a(Bn~™/%), en!(Fam.5, 5z, Dabs) = Om.a
(Bn~™/%), 2 (Ftm, B+ Ssamps Dsup-log) = Om.a
(min{1, Bn~™/4}), ¢ (Fa,m,Bs Ssamp, DTv) = Om.a
m.a(min{1l, Bn=™) e Fym B, Ssamps W1) = Opma

) =Oma
€En (-Fd,m,By Ssampa Dsup—log) ) d
en(Fam,B, Ssamp: D1v) = O a

€En (]:d,m,By Ssamp; Wl) () d

Proof. Step 0: Upper bounds. We know from that the rate Om,d(Bn_"”/ ) can be achieved for approxi-
mation with non-adaptive deterministic evaluation points, and we know from [Proposition 6|that this rate can therefore
also be achieved for the log-partition problem and the sampling problem with Dgyp 10g, DTV, and W;. Moreover, since

Dry(P,Q) < 1 for all distributions P, ), we obtain an upper bound of O,, 4(max{1, Bn~™/9}) for Dry. Similarly,
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since X' has diameter d'/2, W is upper bounded by d'/? = O,, 4(1), and hence we also obtain an upper bound of
O a(max{1, Bn~™/}) for W;. The upper bounds also hold for the adaptive setting since it is more permissive.

In the following, we will derive matching asymptotic lower bounds for the adaptive setting, which then also hold for the
non-adaptive setting. To this end, let S € A2 for the log-partition or sampling problem on the function class Fd,m,B-

Step 1: Defining grids in the cube. We can cut the cube X" along one axis into three equally shaped slices Cy, C1,Cs:
Cp = [k/3,(k+1)/3] x [0,1]%7',  ke{0,1,2}.
Then, by |[Lemma C.3| we can find a finite set of points G, C C, with |G| = 2n such that the open cubes Bo(z, d,,)
for z € Gy, and radius
(2n)71/d nfl/d
n — >
12 24

are contained in Cy, and disjoint.

Step 2: Removing points close to queried points. Let X, denote the < n points where S queries the zero function.
For fixed k € {0, 2}, the 2n cubes (B (2, 0n))zeg, are disjoint. Hence there must be a subset Gi, C Gy, containing n
points whose corresponding cubes do not contain any point from X,.

Step 3: Two different functions. Now, for k € {0,2} and C,, q as in[Lemma C.2] define the functions
f}g(x) = BC;}d(SZL Z b..s, (J,‘)
zEgk

We have 0, < 1 and hence ||b, 5, |[cm < Cpy.adn™ bym Because the support of the bump functions does

not overlap, we have || f|[cm < B by and hence fi, € Fy.n. p. By the construction of Gy, fo and f, are
zero on &,,. Hence, even an adaptive S must also query fj at the points in X},, and since both are equal at those points,
we must have

S(fo) = S(f2) -

Step 4: Wasserstein distance of both functions. Because fy and f, use the same number of equally wide bump
functions whose support is fully contained in X', we have

Ly =Ly, . (®)

To lower-bound the 1-Wasserstein distance, we use its dual formulation and choose the 1-Lipschitz function ¢ (z) =
x1 — 1/3. This yields

Wl(Pfov Pf2) > EmNsz o(z) — EmNPfU olx) = /X (P(I)(G?Q(Z) — 6?0(1;)) dx

B @ -y, /X o(x)(ef2@ — efol@)) qy . ®

Step 5: Lower-bounding the normalization constant. We first define the “bump integral”
I’I’L = / ( BC?nldé b, 511( ) _ 1) dx ,
Boo (2,65)

which is independent of z. Then, we have
—1 sm
In 2 / (ech?dén’ — ].) dz
Boo (2,61, /2)
= §lePCma 1y (10)

We then obtain

1
elso = / eVdx + E / (eBCm.adu'bzon (@) _ 0y 4y
X 5 J B 7571,
2€Go (Z

=14nl,. (11
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Step 6: Lower-bounding the integral. By construction of the functions ¢, fy, and f5, we know that
/ o(z)(e?® — efo@) dg > / p(z) (e — efo®) dz . (12)
X Co
Using ¢(z) > 1/3 and fa(x) > fo(x) for € Ca, we can lower-bound the latter integral as

/ o(2)(eP@ — o)) dg > Z/ 1 BOR 5. 1) gy
Ca

3
zEQ Boo(2,0n)

= ntn .
3

Step 7: Wasserstein distance lower bound. By combining the previous lower bounds with Eq. (12)), Eq. and
Eq. (9), we arrive at

1/3ml, 1 I,
l+nl, 3IL,+nt’
We can then apply [Lemma C.4]and Eq. (I0) to obtain, for a suitable constant c,,, 4 > 0,

Wi(Pf,, Pr,) >

1 . I,
Wl(Pf07Pf2) Z 6mln{17,n_1}
1 d(oBC 4o
> —min 1,6”( “r —1)
6 n-1
> 1 54BOL6m
25 n{l,nnB mdn}
1
> 5 n{l,cmdBn_m/d} .

Step 8: Wasserstein minimax rate lower bound. Suppose that we are considering the sampling problem. As argued
before, we have S(fp) = S(f2). Hence, by an application of the triangle inequality, we must have k& € {0, 2} such that

1
Wi (Py,, S(fr) > Emln{l,cm’dBn*m/d} ‘

The Wasserstein minimax lower bound then follows by setting f = f.

Step 9: TV distance minimax lower bound. Since Drv (P, S(f)) > d~'/?W1 (P, S(f)) (see e.g.(Gibbs and Sul
2002), we obtain the same asymptotic lower bound for the TV distance.

Step 10: Log-sup minimax lower bound. We have
Dyup-tog(Pros Pra) = 1(fo = Lgo) = (f2 = L)oo = fo = falloo = Qun.a(BCyy60) = Quna(Bn~"/7) .
Since S(fo) = S(f2), by the triangle inequality, there must hence exist k € {0,2} such that

Dsup—log<Pfk7§(fk)) Z Qm,d(Bn_m/d) .

Step 11: Log-partition minimax lower bound. Suppose that we instead consider the log-partition problem. Setting
cqg = 24—¢, we obtain

Ly, log(1 + nl,) > log(1 + nd?(eBCma® — 1))
log (1 + cd(eBC;L}d‘sZ/l - 1))
Comma C.3

> caBC, o
> Qua(Bn™Y) .

v

Since S cannot distinguish the zero function f = 0 and f5, we must have

max{|L; — S(f)l, |Ly, — S(f2)|} > Qm’d(anm/d) . -
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C.2 Stochastic Evaluation Points

Again, we first adapt some related results from Novak](1988) to our setting.
Theorem 8 (adapted from [Novak|(1988)). We have

* ad(J:d m,B Sapp, ) @m d( —m/d)7
(Fd m, B> Sopt* Dabq) = ®m d( 7m/d)’
(]:d m,B) Smt, Dabs) em,d(Bn_l/Q Tn/d)

Proof. Analogous to the proof of [Theorem 5|in|Appendix C.1} this can be shown using the positive homogeneity of
S € {Sapps Sopt* mt} and D € {Doo, Dans}, and by replacing the bump functions in the lower bound by the C>

bump functions from Definition C.1] O

We now prove our upper bound for log-partition estimation with stochastic evaluation points through approximation
and importance sampling:

Theorem 9 (Upper bound for stochastic log-partition). There exists a constant Cy, q > 0 depending only on m and d
such that

* ad(‘/—:d m,B> St, abs) < Om,d (min {Bnim/daeXp(Cm,dBnim/d)Bni1/27m/d)}) .

Proof. The bound O,, 4(Bn~™/%) can be achieved even through methods with deterministic evaluation points, as
proven in hence we only need to show the other bound. Since the bounds agree for n = 1, we can in the
following assume n > 2.

Let Sn € A, be a sequence of methods for which the worst-case errors

€p =  SUp Doo(Sapp(f)v gn(f))
fe€Fa,m,B

achieve the optimal rate Om,d(Bn_m/ d) for the approximation problem on Fy , p.

Set N := |n/2], such that N = Q(n) (since we assumed n > 2) and 2N < n. Set g := Sy (f). For N i.i.d. random
variables X1,..., Xn ~ Py, set

L
= —Zexp(f(Xi) —9(X3))
N <

SL(f) = Ly +log pix -
Then, S 1, only uses 2N < n function evalutaions of f, hence S L e*C (.A%d).
Since || f — g]|oo < en and since exp is exp(ey )-Lipschitz on (—oo, ey ), we have

1—en <exp(—en) <exp(f(X;) —g(X;)) <exp(en) <1+ enyexpley) .

Hence, | exp(f(X;) — 9(X;)) — Eun| < (exp(en) + 1)en, which implies

Var puy < N7 ((exp(en) + 1en)? .
Additionally,

logEuny = log/X ef @) =9(2) (@) =Ly qg = Ly—1L,.

Moreover, we have ef(X)=9(Xi) ¢ [exp(—ey),exp(en)] and hence uny € [exp(—en),exp(en)]. Since log is
exp(en)-Lipschitz on [exp(—en ), exp(en)], we obtain

E|L; — Sp(f)| = Ellog(Eun) — log(un)| < Eexp(en)|un — Epuy|
< exp(en) VE[(un — Epn)?] = exp(en)/ Var py

< N~ Y2enexplen)(exp(en) +1) < 2exp(2en) N~ 2ey
< Op.a(exp(Cypy.aBn~ ™4 Bp~1/2=m/d)

for a suitable constant C,,, 4 > 0. O
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In the optimization regime, we can directly exploit the relation to optimization to get a lower bound:
Proposition 10 (Lower bound for stochastic log-partition). For m > 1, we have

*02(Fym., S, Dabs) = Qm.a(Bn~™/%) — dlog(1 + 3B) .

Proof. Take any stochastic log-partition method S € *C' (A2d), We can also interpret this as a stochastic optimization
method. Hence, we know from an adaptation of the corresponding lower bound by [Novak| (1988)) that there exists

a constant ¢,,, 4 > 0 and a function i € Fym, g such that ED,ps(S(f), Sopt+ (f)) > ¢m, 4Bn~™/?_ But then, using

If]1 < dY?|f|lcr < d*/?B from|Lemma B.1} we obtain
ES(f)~Lsl > EIS(f) = My| — [My — Ly| = EDans(S(f), Sope- (f)) — | My — Ly|

> cmaBn™% — dlog(1+3B). 0

The following lemma will be useful to obtain a bound for rejection sampling in the sup-log distance:

Lemma C.6. Letp € [0,1] and ¢ > 0. Then, for any a € [—c, c], we have
[ log(1 + p(e” —1))| < min{c,p(e® — 1)} .

Proof. For an upper bound, we use log(1 + x) < x to obtain

log(1 + p(e” — 1)) < log(1 + p(e” — 1)) < p(e* — 1),
log(1 + p(e® — 1)) < log(1 + (¢° — 1)) =

For lower bounds, we note that

I1+ple®—1)>14+ple“—1)>1+(e“=1)=€e°.

This immediately yields log(1 + p(e* — 1)) > —c. Moreover, because log is e“-Lipschitz on [e™¢, c0), we have
log(1+ ple® — 1)) > log(1 + ple~ — 1)) = log(1 + ple~ — 1)) — log(1) > —e“|p(e* — 1)
=—ple—1). O

Now, we can prove upper bounds for rejection sampling:
Lemma 11 (General rejection sampling bound). Suppose that f,g : X — R are bounded and measurable with
f(x) < g(z) for all x € X. Then, the distribution Py of REIECTIONSAMPLING(f, g, n) satisfies
Py = (1—pr)Ps + prP, 2)
Dsuprtog(Pr, Pr) < min{Dsup-tog(Py, Py), Pr(eXP(Dsup-tog (P, Py)) — 1)}
Drv(Py, Pr) = prD1v (P, Py)
Wi (Py, Pr) = prWi(Py, Py)
where pr = (1 — Zy/Z4)" < exp(—nZy/Zy) is the probability of overall rejection.
Proof. Step 1: Exact distribution. We prove Eq. via induction on n. For n = 0, this is clear. Now, suppose

the statement is true for n € Ny. Denote by A the event that REJECTIONSAMPLING( f, g, + 1) accepts in the first
iteration. Then, we have

f(x) 9(x) 7
_ P z)) [Z9 € € _ s
P(A) = Eonp, Bunig(po, 1) Lue?™ < /) = Byp, — s /X B Z, 77,

The density of € X conditional on acceptance is
g(x)
p(al4) < p(Ale)p(a) = f 90

g

xpyf (x ) )
hence P(z|A) = Py. On the other hand, the distribution P(z|A®), i.e. the distribution of x conditioned on not-

acceptance is the distribution for REJECTIONSAMPLING( f, g,n), which we know from Eq. . by the induction
hypothesis. Hence, the distribution P; for REJECTIONSAMPLING(f, g, n + 1) is

Py = P(A)P(-|A) + P(A°)P(-|A°) = ?P + (1 - 2) (P + (1 - 2>n P, — pf))
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Z n+1
:Pf+<1—Zf> (Pg—Pf)Z(l—pR)Pf-i—pRPg.

g

The argument above also shows that the overall rejection probability is (1 — P(A))(1 — Z;/Z,)" = (1 — Zy/Z4)" L.
Moreover, the bound (1 — Z;/Z,)" < exp(—nZy/Z,) follows from 1 — x < exp(—z) forz > 0

Step 2: Sup-log distance. From step 1, we see that

Dgup-tog(Pr. Py) = Hlog( (1 —pr)el + pre ) H
= Hlog ((1 —DPR) +pRe§ )H
= oz (1 pate =)
S in {19 — Tl (e“@*f”w -1)}
= min {Dsup-tog(Py, Pr), Pr(eXP(Dsup-tog (Py, Pr)) — 1)} -

Step 3: TV distance. Using Eq. (2), we obtain for the TV distance:
Drv(Py, Py) = oS [ Pr(A) - Pr(A)| = Lo prPr(A) = prEy(A)]

C X measurable C X measurable

=prD1v (P, Py) .

Step 4: 1-Wasserstein distance. Using Eq. (2), we obtain for the 1-Wasserstein distance:

wirn )= s [eware - [eoapiw)

¢ 1-Lipschitz

—on_ s ([ et ap) - [ o) aryw)

= prWi(Py, Py) . O

With the upper bounds for rejection sampling proven above, we can analyze a combination of approximation and
rejection sampling to prove the following upper bound:

Theorem 12 (Upper bound for sampling with stochastic evaluation points). There exists a constant C,, g4 > 0 such that

O a Brm/4) Co aBn/d > 1
ad-stoch m,d y Um,d
e P, Ssamps Deup-tog) < {om (Con g B/ Ay /240Y € Bm/d < 1

Proof. Step 1: Sampling method definition. We consider the following sampling method:

(1) Use |n/2] function evaluations to create an approximation g of f, using a near-optimal approximation method
such that the worst-case sup-log error is F,, < Om7d(Bn_m/ ),
(2) Return a sample using REJECTIONSAMPLING(f, g + ey, [n/2]).
For step (1) we note that we have |n/2] > Q(n) except if n = 1. However, in the case n = 1, we can use the

approximation g = 0 with worst-case error £, = B < Om,d(Bn_"”/ ). Thus, it is indeed possible to achieve the
bound in step (1).

Step 2: Upper bound. Denote by C,, 4 > 0 a constant such that E,, < C’mydBn’m/ d /2. Moreover, denote by Pf the
distribution produced by the sampling method defined in step 1. By [Lemma 11} we have for § := g + E,,:

Zy
Z

- [n/2]
Dsup—IOg(Pf»Pf) < min {Dsup-IOg(Pfa Pg)a (1 - ) (eXp(Dsup-IOg(Pf7 Pg)) - 1)} . (13)

The first bound Dyg,p,- 1Og(P Py) already yields the desired bound for Cm,dBn_"”/ 4 > 1. Now, consider the case
Con.aBn~™/% < 1. We have

Zy = /X /@) dz > /X 9@ =2 dy > exp(—CinaBn™ ™) Z;
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Now, the second bound in Eq. (T3) yields

n/2

Dsup log(Pf; Pf) (1 - exp( CrrL,dBnim/d)) (exp(cm,dBnim/d) - 1)

n/2+1
< exp(C’mvdBn*m/d) (1 - exp(fC’m,dBn*m/d))

<e- (Cm7dB’n_m/d)n/2+l < Qm,d((Cm,dBn_7n/d)n/2+l) ) 0

Next, we prove corresponding lower bounds in the optimization regime, again using bump functions:

Theorem 13 (Lower bound for sampling with stochastic evaluation points). There exists a constant ¢,, 4 > 0 such that
for B > 0andn € N with Bn=™/% > ¢,, 4(1 + log(n)), we have

e?’Ld_StOCh (Fd’m,By Ssamp7 DSUP-IOE) 2 Q d( _m/d)
eadstoch (7 5, Ssamps D1v) = Qna(1)
ezd-StOCh(fd,m,Bv Ssamp7 Wl) >Q,, d(l)

Proof. We re-use some results from the proof of [Theorem 7|in[Appendix C.I} We consider again the decomposition of
the cube X into three slices

Cr = [k/3, (k+1)/3) x [0,11°, ke {0,1,2}.
Consider a sampling algorithm S e Agd-stoch yith stochastic evaluation points and consider a corresponding random
sample X s = ¢(N(f,w),w) as defined in

Step 1.1: Candidate functions for the sup-log distance. By Cy contains 4(n + 1) disjoint open balls
Boo (24, 0y,) with radius

(4(n+ 1))71/d nfl/d
577, = n = > .
T4n+1) 12 =06

Let fo = 0 be the zero function. Consider the set Q(w) containing the n random points where N (fo,w) queries fy and

the one random point ¢( N (fo,w), w) that the sampling method outputs. We can pick ani € {1,...,4(n + 1)} such
H

that the cube Bo (%, d,,) contains a point from Q(w) only with probability < 1/4. With C,, 4 as in[Lemma C.2| we
define

fila) = CLly B bz 5, (2)

which satisfies f1 € F4 5. Using analogous arguments to the proof of [Theorem 7|in|Appendix C.1} we obtain

Ly, = log(1+ I,,) > log(1 + 62 (eCmaB% — 1)) > €L BST + log(s2)
> Gn.aBn™4 —log(n) — dlog(96)
for a suitable constant ¢,, ¢4 > 0.

Step 1.2: Bounding the distribution on f;. Now, the probability that ¢ (N (fo,w),w) € Buo(2i,d,) is at most 1/4 by
construction. Moreover, the probability of N (fo,w) querying B (2;,d,,) is also at most 1/4, hence the probability
of N(fi,w) querying Bu(2;,6,) is also at most 1/4. By the union bound, the probability that ¢(N(f1,w),w) €
B (i, 6y,) is at most 1/2. Now, to have Dgyp-105(S(f1), Py, ) < 00, S(f1) must be of the form P, for some function
g : X — R. Without loss of generality, we can assume L, = 0. Then, since the set X=X \ Boo(zi, 0y, satisfies
P,(X) > 1/2, there exists z € X with p,(x) > 1/2, implying g(z) > log(1/2). But then,

Dyupog(S(f1), Pr,) = |(g(x) = Lg) = (fi(x) = Ly,)| = lg(@) + Ly,
> Em.aBn~™ 4 —log(n) — dlog(96) — log(2) > épm.aBn~™% —log(n) — 6d .
Especially, for Bn="/¢ > 12d~_1 4(1 +1log(n)), we have

8 1
Dsup-tog(S(f1), Pr,) > émaBn~ ™4 — §5m,d3n_m/d = Qpa(Bn %)

Step 2.1: Candidate functions for the Wasserstein distance. By for M € N to be determined later, we
can place Mn subcubes each in Cy and Cy with radius
(Mn)~—1/d

On == TNy = 13
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By an analogous argument to Step 1.1, we can find subcubes B (20, d,,) and By (22, d,,) of Cy and C5 such that the
probability of one of them being queried for fj is at most 2/M . Following|Lemma C.2| we construct the functions

fu(@) =C, 1 Bo"b., 5, (x), ke {0,2},

which are contained in Fg ., B.

Step 2.2: Bounding the Wasserstein distance. We set M/ := 20d. Since the two subcubes are only queried with
probability at most 2/M, we know that

WA(S(f0), () < 42 Drv(3(10). S(fo)) <4217 < 1

With an argument analogous to the proof of [Theorem 7|in[Appendix C.I| we obtain

I,
31+1,

[u—y

Wl(PfO’Pf2) >

CemmaCA ]
> émin{l,In} ,

and

—1 sm - _ = —m/d
In Z 55(6ch’d6n - 1) Z C’m,dn 1(ecm1dBn

—1)
for a suitable constant ¢&,, 4 € (0, 1). Now, suppose that
Bn ™4 > & (1 +10g(c,)! ) (1 + log(n) -
We obtain
Em.aBn ™™ > 1 + log(éfn}d) + log(n) > log(é;:dn +1)
and therefore

1 1 1
Wl(Pfoanz) Z 6111111{17]”} Z Emin{Ll} = 6 :

Since W satisfies the triangle inequality, there must exist & € {0, 2} with

~ 1/1 1 1
WS P 2 5 (§ - 15 ) = 35 = Pl

Step 3: TV lower bound. The corresponding lower bound for the TV distance follows from the inequality W1 (P, Q) <
d'2Drv (P, Q). O

Finally, we prove our auxiliary result on the complexity of sampling when the log-partition function is known:
Proposition 14. Consider the function class F = {f € C(X) | || f|ls < log(3/2), Ly = 0}. Then,

eid_StOCh(J:v Ssampa Dsup—log) =0
foralln > 1.
Proof. For f € F, define f(x) := log(2exp(f(z)) — 1) and g(z) := log(2). We have
%zL@mﬁ@%UMZMW4=L

Z, = / eoe@ dz = 2.
X

Let 15f be the distribution of REJECTIONSAMPLING( f.9, 1), which only uses one evaluation of f and therefore only

one evaluation of f. By [Lemma 11| we have

=Py . O

- 3 Z5 1 1
Pr=2LpP;+ (1—f>Pg=2Pf~+2Pg
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D Proofs for Relations Between Different Problems

The proof of the following theorem adapts results from the literature, showing that they apply to our setting:

Theorem 15 (adapted from [Li|(2016) and Mirzaei| (2015)). Let m,d € N>y. Using the moving least squares method, it
is possible to construct an approximation f,, of f € C™(X) using n deterministic non-adaptive function evaluations
such that

(@) If = fallex < Omal||fllemn= M=K/ for k € {0,1,...,m},
(b) the runtime of constructing fy, is zero (construction takes place on-the-fly during evaluation), and
(c) the runtime of evaluating f, at a point x € X is Oy, q(1).

Proof. Step 1: The method. The idea of the moving least squares method (Lancaster and Salkauskas, [1981)) is to obtain
an approximation g(x) = g, (z) of f(z) at an evaluation point 2 by determining g, as the solution to a polynomial
least-squares regression problem with data (x;, f(x;)), weighted with weights ®(x, x;) that (smoothly) vanish for large
||z — 2;]|. We will not state the exact method here but refer to the publications by [Li| (2016) and Mirzaei| (2015)), whose
analysis we are using here. While Theorem 4.1 of [Li| (2016)) essentially directly provides the result (a), it is unclear
to us if the corresponding constants are independent of the evaluation points in the way that we need. Thus, in the
following, we will try to verify the slightly stronger conditions of Theorem 3.12 of Mirzaei| (2015) and explain how it
can be adapted to our setting with minor modifications.

Step 2: Verifying the assumptions. Now, we list the major assumptions of Theorem 3.12 of [Mirzaei| (2015) and show
that they are satisfied for a suitable choice of evaluation points and weighting function. The assumptions on smoothness
are deferred until Step 3, where we will show how to adapt them to our setting. We define the number N := |n'/¢] of
grid points along each axis. By dividing each axis into N equal intervals, we obtain a partition of X’ into N¢ cubes. Let
X be the set of midpoints of these cubes. Hence, | X| = N = [n'/4]4 > (n'/4/2)d = Q,, 4(n).

* The considered domain {2 is a bounded set with Lipschitz boundary. We want to consider €2 := X, which is
bounded and has a Lipschitz boundary.

* The maximum degree m of the polynomial basis satisfies m > 1. While m denotes the (known) smoothness
of the target function f in our context, we will assume that the maximum degree of the polynomial basis is
also m. While a maximum degree of m — 1 should be sufficient for our purposes (as it is in|Li (2016)), using a
maximum degree of m avoids notational confusion and simplifies the adaptation of the arguments of [Mirzaei
(2015).

* The fill distance hx o = sup,cq mingex ||x — 2’||2 satisfies hx o < min{hg, 1} for some given constant
ho > 0. In our case, the fill distance is hx o = Vd/(2N) = @m,d(n_l/d), which satisfies the assumption for
large enough values of n. The errors for smaller n do not affect the asymptotic rate.

* The weight function is defined through a radial function ¢ : [0, 00) — R, which is supported in [0, 1] and its
even extension belongs to C"™(R). For this, we can just use the even and C'*°-smooth bump function b from

Definition C.1|and set ¢(x) := b(x).

* The point set X is quasi-uniform with constant independent of f and n. This means that the separation distance

1 . ,
%0 = 590,&6’2%%26;&3:/ H.’L‘ - ”2

satisfies gx o < hx,o < cquix,o for a constant ¢y, independent of f and n. In our case, we have gx o =
1/(2N), and hence we can set cqy = V/d.

Step 3: Adapting the argument of Mirzaei (2015). Let f,, be the moving least squares approximation of f with
evaluation points X . By Corollary 4.5 in|Wendland| (2004), f,, is in C" since the weight function is also in C". Hence,
the norms || f — fy.|lcm and || f — fy|lwm are equivalent, where TV (§2) is the Sobolev space of smoothness m with
the p-norm applied to the (weak) derivatives. Theorem 3.12 in|Mirzaei (2015)) shows that

m+s—|a|—dmax{0,1/p—1
||f - f’n”Wc!(’“(Q) S ChX’Q ‘ l { /p /q}||f||me+s(Q)

forp € [1,00),q € [1,0¢0], s € [0, 1) and a multi-index « satisfying m > |a| + d/p. We would obtain (a) by setting
s =0,p =g = o0, and |a] = k. However, setting p = oo is not allowed by the assumptions of the theorem, and setting
|| = m for m = k is also not allowed. Hence, we need to show that the theorem can be extended to p = oo and
|| = m in the special case s = 0 and ¢ = oo. The assumption p < oo is used for the Sobolev extension operator, but it
is noted in the proof that p = oo is allowed for s = 0. The only other point where p < oo and || < m are required is
in the invocation of Eq. (3.4) in Lemma 3.3 of Mirzaei| (2015). However, for the special case s = 0, p = ¢ = oo and
|a| < m, the statement of Lemma 3.3 also holds, as is shown by the Bramble-Hilbert lemma (cf. Lemma (4.3.8) in
Brenner et al.,|2008), which has also been employed by (Li,2016) for the same purpose.
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Step 4: Runtime bound. For (b) and (c), we note that due to the local support of the weight function, evaluating
the moving least squares approximation at a point z € X mainly requires the solution of a regression problem with
On,q(1) variables and evaluation points. This is shown, for example, above Lemma 3.6 in Mirzaei (2015). The moving
least squares method does not require any pre-computations. O

D.1 Proofs for Relation between Sampling and Log-Partition Estimation
For analyzing thermodynamic integration, we are going to use Hoeffding’s inequality in the form stated and proved in
Theorem 6.10 in Steinwart and Christmann| (2008)).

Theorem D.1 (Hoeffding’s inequality). Let (2, A, P) be a probability space, a < b be two real numbers, n > 1 be an
integer, and &1, . .., &, : Q — [a, b] be independent random variables. Then, for all T > 0, we have

P (i Z(fi —Ep&i) > (b— a)\/Z) <e 7.

i=1
Theorem 18 (Convergence of thermodynamic integration). Given N € Nx; and a sampling algorithm producing
samples from approximate distributions Pgy, consider the following algorithm:

* Sample By, ..., BN ~ U([0,1]) independently.

* Draw X; ~ Pg, s independently.

* Qutput Ly = ~ vazl F(X5).
Then, for § > 0, we have

. . log(2/0)
|Ly — Lyl <|Ly —EL¢|[+2[|f|lo T

with probability > 1 — 0, where
|Ly —ELy| < 2[|flloc sup Drv(Psy, Psy),
B€[0,1]

|Ly —ELy| <|fly sup Wi(Psy, Psy).
BE[0,1]

Proof. Obviously, we have

|Ly — Ly| < |Ly —BLy| +|Ly —ELy| .

Step 1: Bounding the second term. For bounding the second term, we use Hoeffding’s inequality (Theorem D.1)
with §; .= f(X;),n = N and 7 := log(2/6). Ignoring null sets, we can choose b = || f||c and a = —|| f]|sc. We then
obtain

o log(2/9)

Ly —FEL¢ > 2| fl|loc\| ———

f £ 22011 oN

with probability < exp(—1log(2/d)) = §/2. By applying the same argument to ; = — f(X;) and applying the union
bound, we obtain

. - log(2/0)
Ly —EL:| <2lflloct/ —=1-2
with probability > 1 — §.

Step 2: Bounding the first term. We use
Ly —ELys| = ’EBNM([O,l])Em~Pﬁf [f(@)] = Egnao,1 By, [f(l")]’

< sup  |Epepy, [f(2)] — EIN[DM [f ()]

peu([0,1])

(14)

We can assume that | f|; # 0 since the bound is clear otherwise. Using the dual formulation of the 1-Wasserstein
distance and that f/|f|; is 1-Lipschitz, we directly obtain

Bonps [f(2)] — El-wﬁﬁf[f(fﬂ)]’ = /1 [Bonps, [f(@)/[f 1] — B, p,, [f(x)/|f|1]‘ < |fhWa(Psy, Pay) -
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Similarly, the bound on the TV distance follows from an alternative formulation of the TV distance (see e.g.|Gibbs and
1
Drv(P,Q)= 5 sup

Sul 2002)) given by
/gdP—/ng’ . O
gillglle <1

Remark D.2. In[Theorem 18] we can hope for a better bound in terms of the sup-log distance. For example, suppose
that Pgy = Pgg, where g is an approximation of f that is independent of 3. Since g is only determined up to a constant
shift, we can assume that L, = L. Then,

1Ly —EL¢| = |Esasa(o,1)Eanps, [F (@)] = Esnra0,1))Eanps, [f (@]
< B0, Ean s, [ ()] — Egera((o,1)) Banpy, [9(2)] |
+ [Egnre(o,1)Eanpay [9(2)] = Esnaa(o,1) Eaonps, [ (2)]]
< |Lf - Lg‘ + Hg f”oo =0+ Dsup-IOg(Pf»Pg) = DSUD-IOg(Pf7Pg) .

However, in the general case, the approach in Eq. of taking the supremum over g cannot yield such a good bound.
This can be seen by considering indicator functions f = al 4 and g = (a + )1 4. Instead, it appears that it would be
necessary to obtain bounds depending on 5 and f and show that their integral over 8 € [0, 1] is sufficiently small for all

f <
Theorem 19 (Convergence of bisection sampling). Letm > 1, B > 0 and M € Ny. Let fNE Fa,m,B and let L be
a log-partition estimator with worst-case error £ > 0 on Fy m p. Let f € C™(X) and let Py be the distribution of
samples produced by BISECTIONSAMPLING( f, L, M) in|Algorithm 2| Then,

Dsup—log(pfvpf) <2MdE + 2_MdHf||Cl :

Proof. Step 1: Log-density analysis. We want to show that Py has a density p; and bound || log5; — log py||oc-
Partition X’ into 2M¢ cubes of side length 2~ . Since a density is only defined up to a null set, it suffices to consider
an arbitrary x in the interior of one of these cubes, which we fix in the following. We denote the corresponding cube by

.. Z(Md) of hyperrectangles which could have been

Z(Md) We can then find exactly one sequence Z(0) = x, 2(1) .
visited during the execution of |Algorithm 2[to obtain z. Since|Algorithm 2|samples uniformly from Z(*%) and the
volume of Z(Md) js 2=Md e have the density

pylw) = 24Py (20)

On the other hand, a simple integration argument shows that the target density satisfies

nf < oMdp (z(Md)y < gy x').
,ezmd)pf( x') < 7 ( )_mlez(pm)pf( )

This yields

|log ps(x) —logps(x)| < ‘10g(2Mde(Z(Md))) — log(QMde(Z(Md)))‘

+ | sup logps(z')— inf logpg(z”)

$/EZ(Md) .'L'”EZU\/Id)

Step 2: Bounding the second term. Since Z(M9) is an axis-aligned cube with side length 2~ we have for
x/7$// c z(Md)

d
F(2') = @) <10 fllow2™™ < 27Md]|fllcn -

i=1
Step 3: Bounding the first term. We can simplify
log(21.P; (2(M)) — log(2MP; (219))| = [10g(P; (21D)) — og(P;(2)
We want to show by induction over k € {0, ..., Md} that

log(P;(29))) ~ log(P;(27)| < 2K,
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which will then yield the desired error bound for k = Md. This is obviously true for £ = 0. Now, suppose that it is true
for some k € {0, ..., Md — 1}. Consider a partition of Z (%) into two equal-sized sub-hyperrectangles Z; and 25 as in

[Algorithm 2|such that Z(*+1) = Z; for some i € {1,2}. Then,
P(2%Y) = o(Ly,, — Lya, )Pr(ZM),
which also holds for i = 2 since the sigmoid function o satisfies o(—u) = 1 — o(u) for all u € R. Moreover, we have
1 P (Zz)
P28 = 5z " Pz 1 E)
By definition of the functions fz,,, i € {1, 2} in|Algorithm 2| since the side-lengths h; of Z; satisfy h; < 1, we have
| fz, llcm < fllcm < B, which means fz, € Fq ., 5. Hence, by assumption, the log-partition error is

\Lyz, —Lyz, | <e.

Ly
e
Pr(2W) =0(Ly,, — Ly, )Pr(ZW).

L L
e Iz +e fzg_;

Now, the log-sigmoid function h(u) := log o (u) satisfies ' (u) = w =1—o0(u) € (0,1) and is therefore
1-Lipschitz. Hence,

‘log (Pf(Z(Hl))) —log (Pf(Z(k“)))’ < ‘log (ﬁf(z(“)) —~ log (Pf(z(m))‘
 |Phge, = Lyey ) = WLy, = Ly,

<2kE+2FE=2(k+1)F,
which completes the induction. O

)

—1

D.2 Proofs for Relation to Optimization

Proposition 20 (Optimization by approximate sampling). Let QQ be a probability distribution on X. Then, for any
5 € (0,1 and e > 0,

(@) Q{z € X | f(w) < eLy. —elog(1/6) — €Dsuptog(Pr/e, Q) }) <6,

() Q{z € X | f(x) <eLyj. —elog(1/6)}) < 6 + Drv(Pye, Q)
() Q{r € X | f(x) <eLy. —elog(2/d) — 26| f1 W1 (Py,.,Q)}) < 6.

Proof.

(@) Suppose Dgup-10g (P, Q) < 00. Then, Q = P, for some g. For almost every € X, we have the implications
F(2) < Ly —10g(1/8) — Dauprog(Pr, Q) & F(x) < Ly — log(1/6) — If —
= g(x) < Ly —log(1/6)
& g(z) < Ly —log(1/8)
Hence,
QU{z e x| f(z) < Ly —10g(1/6) = Dsup-tog(Fr, Q)})
<Q({z e X|g(x) <Ly —log(1/4)})

[Cemma3]
= Py({r € X | ga) <Ly —log(1/8)}) 2 5.
By using f/e instead of f and multiplying both sides of the inequality by &, we obtain
Q({JJ eX | f(.]?) < €Lf/5 - EIOg(l/(s) - €Dsup—10g(Pf/57Q)}) <é.
(b) The TV norm bound follows from|[Cemma 3|because for the considered event A,
Q(A) < Py (A) + sup |Q(A) — Pye(A')] = Pye(A) + Drv(Pye, Q) -
(c) Leté > 0. By definition of the Wasserstein distance, there exist random variables X ~ Py, and Y ~ Q) ona

common probability space (2, 7, Pq) such that E||.X —Y||o < Wi (Py /., Q) + £. By the Markov inequality,
we then have

[X =Yz < 2(W1(Pye, Q) +€)/6
with probability > 1 — §/2. Moreover, by we have
f(X)>eLy. —elog(1/6)
with probability > 1 — §/2. By the union bound, we hence have
FY) > F(X) = [FRIIX = Y2 > eLy e — log(1/6) — 26~ |1 (Wi (Py =, Q) + )
with probability > 1 — 4. Since £ > 0 was arbitrary, the claim follows. O
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E Proofs for Algorithms

E.1 Proofs for Approximation-based Algorithms
E.1.1 Proofs for Piecewise Constant Approximation

To study the error of piecewise constant approximation, we study the log-partition function of linear functions f. A first
step is achieved using the following lemma:

Lemma E.1. Let

| 1/2 _fo t=0
r:R—=R,t— log (/1/2 exp(tu) dU> = {log (t71(exp(t/2) — exp(—t/2))) ,t#0.

Then, r is even and (1/2)-Lipschitz with r(t) > 0 for all t and we have more generally for a > 0 and t1,. .., tq € R:

d

d
log (/ exp <Z tkuk> du) = dlog(a) + Zr aty)
[—a/2,a/2] k=1

k=1

Proof. 1t follows from a simple symmetry argument that r is even. We have

1/2 1/2
/ exp(tu) du > / (I+tu)du=1,

—1/2 —1/2

which shows 7(t) > 0. For h > 0 and u € [—1/2,1/2], we have exp(hu) € [exp(—h/2),exp(h/2)]. Using the mean
value theorem of integration, we obtain

1/2 1/2
r(t+h) —r(t) =log (/ exp(tu) exp(hu) du) —log </ exp(tu) du) € [-h/2,h/2],

-1/2 —1/2

which shows that r is 1/2-Lipschitz.

For the more general integral, we use that the integrand is a product of one-dimensional functions to decompose

d
log / exp( tkuk> du) = log< / exp (txug) duk>
( [~a/2,a/2]¢ Z H —a/2

k=1
d
Subst. ur = avy
= log

1/2
H / exp (travy) advg
71/2

k=1

= dlog(a) + Z (atk) O

Another ingredient for the analysis of piecewise constant approximation is to analyze the global error through the errors
on individual subcubes:

Lemma E.2. Ler f,g : X — R be bounded and measurable. Let X; be a partition of X. Let L(X;) =
log (f)( exp(f(x)) dz). Then,

nf[Lp(X;) = Lg(X)] < Ly = Ly < Sgp[Lf(Xi) — Ly(X3)] .

Proof. We prove the second inequality here, the first one follows analogously. Let s := sup;[L¢(X;) — L4(X;)]. Then,

Ly =1log (Zexp Ly(X; > <log <Zexp s)exp(L (X))) =Ls+s. O

7

We now prove convergence rates for piecewise constant approximation, using a combination of different approaches:
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Theorem 21 (Convergence rate of piecewise constant approximation). Let m > 1 and n = N% as above. If g,, is a
piecewise constant interpolant as above, we have

Om.a(Bn /1) ifm=10rBn~ Y4 > 1
L et L = ’ I
feigi,,ls L5 = Lo {Gm,d(maX{B, B2In=%/4) | otherwise.

sup  Dsup-tog(Pr: Py,) = @m,d(Bnil/d) .
f€Fa,m.B

Proof. Recall from |Section 4.1.1|that g, is piecewise constant on the cubes X;, interpolating f in the cube centers (%),

Step 1: Lipschitz-type upper bounds. Let f € 7 ,,, p. Since f is Bd!/?-Lipschitz by , it is easy to see

that || f — gnlloc < Om,a(B/N) = O, a(Bn~1/9). Then, it follows directly from [Proposition 6|that |L; — L, | <
I1f = gnlloo < Om.a(Bn=Y%) and Dgupoiog(Ps, Py,) < 2|1 f = gnlloo < Om.a(Bn=1/74).

Step 2: Lipschitz-type lower bound for log-partition with m = 1. If m = 1, it follows that

sup |Ly— Lg,| > en(Fam,B,SL, Dabs) > med(Bn—l/d) .
fE€Fa,m.B

Step 3: Lipschitz-type lower bound for sampling. Take f(x) = f(x1 + -+ + x4), where 8 = B/d, such that
f € Fam.p- Pick the cube X7 = (0,1/N)%. Then, we have

anfl/d.

Daspioa( Py Po) = 1T =l > 5 (sup £0) = inf 7o) = 58/8 =

TEX] TEeX,

Step 4: Lower bound for log-partition with m > 2. Asin Step 3, take f(x) = 8(z1 + - - - + z4), where 8 = B/d,
such that f € Fg,,, 5. To prove a lower bound on Ly — L, , we follow and lower-bound the errors
L(X;) — Ly, (X;) on individual subcubes X;.

Step 4.1: First lower bound. Fix a subcube X; and set @ = 1/N and ¢ :=
of X;by V,, =1/n= a®. Since gn 18 constant on X;, we have

I (4(D) = (B,...,5). Denote the volume

oz

Lp(X) = Lo, (X)) = log (eXp(f(x(“)) / eXP(<t’$—$(i)>)d$>—10g(VneXp(f(x(i)))>

d d
Im{ldlog (Zfr aty ) log(V, Zr aty) = dr(B/N)
k=1 k=1

LCemmaE4
S cdmin{|B/N), [8/N]2} > O a(min{Bn~ V4, B2n=2/1})
This lower bound is independent of ¢, hence by we obtain
Ly—Lg, > flmd(rrlin{BTL_l/d7 BQn_Q/d}) )

Step 4.2: Second lower bound. The lower bound above implicitly uses the strong convexity of exp(f). However,
all of the curvature in exp(f) comes from exp and none from f. This is not sufficient in the case B < 1, where the
quadratic dependency on B in B?n~2/? can be improved. For the case B < 1, we put the curvature into f by setting
flx) =28 ZZ=1 3. We then have O, f(x) = 2Bz, and 8% f(z) = 2. Hence, we set 3 :== B/(2d) to ensure that
f € Fa,m,B. We now again consider a subcube &;, for which we compute

/X. exp(gn(x))de =V, exp(f(g;(i))) 7
/ exp(f(x)) dz = exp(f(z")) / exp(f(x) — f(z™)) do
X X

> (/@) [ (1+(7@) - f9) da

= exp(f(2") (Vn o (Z Blax - xé’)F) dx)
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a/2
= exp(f(x(i))) (Vn +da?18 [;us} )

—a/2

_ i 2
= exp(f(zD))V, (1+d3 53 Pa ) .
Hence, we have
d 1 1
N AR @ 52/ _ 2 p,-2/d) s L op,-2/d
L(X;) — Lg(X;) > log (1-1— lzﬂn > log (1+ 24Bn ) > 48371 ,

where we used log’(x) = 1/z > 1/2 for x € [1, 2] in the last step.

Step 5: Better upper bound for log-partition for m > 2. Letm > 2, f € F;,, p and Bn~1/4 < 1. We define the
piece-wise first-order approximant h,,, where for x in the interior of X;, we set

ho(@) = f(@9) + (Vf(aD),z — 2D) .
Our goal is to use

\Ly = Lg,| <|Lj—=Ln, |+ |Ln, = Lg| -

Step 5.1: Bounding the first term. To bound the first term, we will bound || f — || o. Let 6(2) = f (2 +t(z —
£@D)) — hp (2@ + t(x — £*)). Then, we use Taylor’s theorem to bound

F(@) — ha(e) = 6(1) = 2(0) + 1-80) + 587

where £ € (0,1). Since h,, is constructed such that §(0) = ¢§'(0) = 0, we have

1 1 . ) ) )
7(2) = ha(@)| = 316"(©O)] = 50— 2TV + (o — 2O - )
2
< o= a2 < iz = Omal BN ) = Oy a(Bn~/4).

This shows || f — nlee < Opm.a(Bn~2/%) and therefore |L; — Ly, | < O, a(Bn=2/%).

Step 5.2: Bounding the second term. To bound |Lj, — L, |, we follow and bound the errors |L;,, (X;) —
Ly, (;)| on individual subcubes &;. Fix a subcube X; and seta = 1/N and t := - (z (1)), Denote the volume of X;
by Vi, =1/n= a?. Since g, is constant on X;, we have

log (exp(f(x(“)) / exp<<t,x—x<i>>>d) o (1 ex(72)

L (X)) = Lg, (X)) =

X
CemmaEl d d
leg (ZT atk > log = Zr atk
k=1 k=1
CemmaEd
<Y Cmin{laty|, |at|*} < Cdmin{Bn~ V4, Bn=2/} |

k=1

where we used |t < ||f||cm and a = 1/N = n~'/4 in the last step. Using we now obtain
|Ly, — Ly, | < Cdmin{Bn~/ B?p=2/4}
which concludes the upper bound. O

The following two lemmas provide some additional bounds that have been used in the previous proof:
Lemma E.3. Let

tk' exp(t)—1 ,t;«éO
H: R%RtHZ k + 1)1 :{1 L iZo.
tk HO-1 42
h:R—R,t = t ’
- HZ (k1 2)! {1/2 4=0.

Then, H and h are C*°. Moreover,
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* H and H' are increasing on [0, 00) with H(0) = 1, H'(0) = 1/2, and H(t) > 0 for all t € (0, c0).
* hand h' are increasing on [0, 00) with h(0) = 1/2, h’(0) = 1/6.

Proof. Using the series representation, it follows that H and h are C*°. We also directly obtain H(0) = 1 and
H'(0) =1/2 as well as h(0) = 1/2 and h'(0) = 1/6. Moreover, it follows that H', H"” > 0 on [0, co|, which implies
that H' and H are increasing on [0, 00). The inequality H (¢) > 0 follows from the non-series representation together
with H(0) = 1. The results for h can be derived analogously. O

Lemma E.4. Consider the function r from[Lemma E.1| Then, there exist constants ¢, C' > 0 such that
cmin], 0P} < r(t) < Cminl, 1P}
forallt € R.

Proof. Since r is an even function, it suffices to prove the inequalities for ¢ > 0.

Step 1: Simplifying the derivative. First, we compute the derivative of r for ¢ # 0:

() = t . exp(t/2) +exp(—t/2)  exp(t/2) —exp(—t/2)
~ exp(t/2) — exp(—t/2) 2t 2
e+l 11 1 1
C 2exp(t)—1 t 2 exp(t)—1 t
1 1 1 1 1 1 1 1 1—-H(@) 1 A
=—4+-|—-1|==+-(=—-1)]=4-  —————=-— —% 15
2 "7 (cxp(tH) SR (H(t) > SR H(t) 2 (t)’ (15)
t
where we used the functions H and h from Since h and H are also continuous in ¢ = 0, the equation
1 h(t)
!/
=2 — —~L
O =3 "

holds for all t € R.

Step 2: Upper bound. Since r is 1/2-Lipschitz, we obtain r(t) = r(t) — r(0) < ¢/2fort > 0. For ¢ € [0, 1], we can
use r'(0) = 0 to obtain
t2 t2
r(t) = r(0) + t'(0) + =r"(&) < — sup r”(u) < Ct?
2 2 u€[0,1]
for some £ € [0, ¢] and the constant C' = %supue[()’l] 7"’ (u) > 0. This shows r(¢) < O(min{¢,¢*}).

Step 3: Lower bound. We can now use Lemma E.3|to further simplify for ¢ > 0

rn 1 h(t) 1 1/2_1 1 o
T@—Q‘H@>2‘Hm‘QQ_Hm)““”

We find that

satisfies 7/(0) = 1/4 and 7 (¢) > 0 for all ¢ € [0, c0).
Set ¢ = inf,¢[g,17 7 (t) > 0. Since H(0) = 1, we have 7(0) = 0. For ¢ € [0, 1], this yields
¢
#(t) = r(0) + / Fu) du > |
0
For ¢ > 1, since 7 is increasing, we obtain 7(¢) > ¢. In total, this yields
7(t) > ¢min{l,t} fort € [0,00) .
Now, we obtain for ¢ € [0, 1]
t t t ~
r(t) = r(0) —I—/ r'(u) du > / 7(u) du > / ¢min{1,u} du = th
0 0 0
and fort > 1

r(t) =7r(1) +/1 r’(u) du > r(1) +/1 7(u)du > r(1) +/1 ¢min{l,u} du >

DN O

+e(t—1)>

DO O
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E.1.2 Proofs for Density-based Approximation

To prove bounds for density-based approximations, the following lemma will be helpful:
Lemma E.5. The function

Filo1/2,1/2] 5 Roas 1 — 1;
satisfies
()] < 4] .
Proof. We have f(0) = 0and |f'(z)| = [(1 +2)7%| < (1/2)7% = 4. O

Now, we can analyze how log-partition and sampling errors can be bounded in terms of the underlying unnormalized
densities:

Proposition 22 (Density approximation bounds). Let p,q : R — [0, 00) be bounded and measurable such that
I,,1, >0, where I, = [ ¢ p(x) dz. Define probability distributions P, Q) with densities p/I, and q/1,, respectively.
Then,

1

———— ] ifllp—dlle < Ip,
1—|p- CJIloo/Ip) P

3lp—alle _ 3llp = dll
max{l,, I,} ~— I, '

|log I, —logI,| < log (

Dry(P,Q) <

Proof. Step 1: Log-partition function. We have

I 1
log I, — log I, < log I, — log (/ (p(z) — ||p—q||oo)dx) =log <p> =log <>
P I b X Ip_”p_quo 1_||p_q||00/1p
log I, — 1 _ Ip+lp—dls _
ogly —logl, <log| [ (p(z)+ |lp — gllc) dz | —log I, = log =log(1+|[p = qlleo/1p)
X

I
< log (1)
=\ —dl/l )

p
Step 2: Total variation distance. Without loss of generality, assume that [, < I, = 1. Define the normalized density
function ¢ := ¢/I,. We consider two cases:

* Suppose ||p — ¢l|co > 1/2. Then,
Drv(P,Q) <1 <2|p— gl -

* Suppose ||p — ¢|loo < 1/2. Then,

Drv(P.Q) = 5 [ (o) = @)l de < 5 [ (p(o) = )]+ la(a)1 = 1/ 1)) do
< 3lp=dlt 3 1= 7 ]
=3 S R B

To bound the second term, we first compute

|1—1|—\/ )~ ate)de] < [ 1pte) — )]s < o ale-

Since we are in the case where ||p — g||oc < 1/2, we can apply [Lemma E.5|to obtain

1
1o <4l —1]<4|p—qle,
- | <A U=l

which completes the proof. O

Next, we turn to bounding ||py|| in terms of || f||. Our first result will provide a bound for the sup-norm:

42



Convergence Rates for Non-Log-Concave Sampling and Log-Partition Estimation

Lemma E.6. For f € C'(X), we have

Ipflloe < Om.a(max{L, | fle1}?) .

Proof. By|Lemma B.1| we have | f|; < d*/?||f||c:, and hence

exp(M
Ipslle = # = exp(My — Ly)
s
[Cemmad
< exp(dlog(1+3d7"2|f]1)) = (14 3d7"/2|f[1)? < Oppa(max{1, ]| f]lc:}%). O

The following lemma helps to bound the norms of products, which occur in the derivatives of exp(f):
LemmaE.7. Let f,g € C™(X) form > 0. Then, ||fgllem < 2™|fllcm||gllcm.

Proof. We use induction on m. This claim is obviously true for m = 0. Now suppose it is true for m and that
f.g € C™TH(X). Take any o € N¢ with |a|; = m + 1. Then, we can write 9, = 930; for some j € {1,...,d} and
B € Nd with | 3| = m. We then have

10a(f9)llc0 = 1050;(f9)llcc = 105((0;1)g + f(9j9))lloo
< 1(9;f)g + f(9;9)llcm < 2™ (19; fllemllgllom + 1 fllom 11959l om)
< 2" £

cm+llgllomer .

Moreover, for any o € N& with |a|; < m, we have

10a(f9)lloe < I fgllem <27 (| fllcm Il
This completes the proof of the induction step. O

cm < 2m+1||f||C7‘rl+ngHCm+1 .

C m

Now, we can indeed bound higher-order norms of exp(f):
Lemma E.8. Let f € C™(X) for m > 0. Then,

le/flom < 27D max{1, || fllem 1™ lef oo -
Proof. We prove this by induction on m. The claim is obviously true for m = 0. Now, suppose the claim is true for

some m > 0 and let f € C™*1(X). Take any o € N& with |a|; = m + 1. Then, we can write 9, = d39; for some
j€{l,...,d} and 8 € N& with | 3| = m. Thus,

100’ lso = 0505€” oo = 1105(0; )€’ ||

[Cemma T _
<N@iHelllen < 2™10; fliemlle! lem < 2™ | fllom+r 2™ =D/ max{1, | f|

< 202 max {1, | flloms ) e oo -

o} llef |

Moreover, for any o € N& with |a|; < m, we have by the induction hypothesis

19ae” oo < [le/flem < 2D 2 max{L, || flem ™[l [l < 20" V™2 max{L, ||| omei )™+ e ]loc -

This completes the proof of the induction step. O

It might be possible to improve the dependence on m in the previous lemma; we ignored this since we do not study the
dependence on m. Combining the previous lemmas, we arrive at a higher-order norm bound for the density:

Theorem 23 (Density norm). For m > 1, we have

; sup |[psllem = Oma (max{l,B}m+d)

€Fd,m,B

and this asymptotic rate is attained by fq.m p(x) = Bd™'(x1 + -+ + xq).
Proof. Step 1: Upper bound. For f € F; ., g, we have

1

lprlcn = lef/Zsllom = ——llefllen
Z
f
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CemmaER]
< 270D max {1, || fllem Y e 1 Z o
<22 max{1, | fllom Y™ Oa(max{ 1, || fll e }4)
< Om,d(max{lv Hf||cm}d+m) .

Step 2: Lower bound. Consider f : X — R,z — Bd~*(zy + - -+ + z4). A simple calculation yields | f|
hence f € Fy m, 5. Moreover, we have M = f(1,...,1) = B. We can also calculate

Z; = /X <1f[1exp(3d_1xi)> dz = ( /O 1exp(Bd_1a:1)dac1>

= (B Yd[exp(Bd™") — 1))¢ < (B~ 'dexp(Bd™1))? = (B~ 'd)? exp(B) .

cm = B,

d

Finally, we compute

exp(fo(x)) — (Bdfl)mf(]-v"'v]-) > (Bdfl)der‘

0ipf(@)|e=1,...,1) = OF, ;

z=(1,...,1)
We know that sup,c » pys(x) > 1 because py is a density on a unit-volume domain. Hence, we conclude ||py|lcm >

Q. a(max{1, B}&+m). O

E.2 Proofs for Simple Stochastic Algorithms

E.2.1 Proofs for Rejection Sampling

The following bound for rejection sampling with uniform proposal distribution is a consequence of the general rejection
sampling bounds in

Proposition 24 (Convergence of rejection sampling). Lez m > 1 and let f € C*(X). Then, the distribution P;
produced by REJECTIONSAMPLING( f, My, n) (see[Algorithm 1)) satisfies

Dsup-tog (P, I?f) < min {2[|floc, exp (2[| flloe = n/llPfllo0)}
Dy (Pr, Py) < min{1, 2| flloc} exp(=n/||pflloc) < Oma(min{l,[|f]loc} max{1, [ fllcr}™n="/7).

Proof. Step 1: Rejection probability. Set g(x) := M;. Since

exp(My) _ 2
Zy Zy

the overall rejection probability pr from[Cemma TT]satisfies

”proo =

Cemma D
pr < exp(—nZs/Zy) = exp(—n/|pslloo) -

Step 2: Sup-log distance. We have Dgup 10g(Pr, Py) = [|If — Glloc = [ flloc < 2||f]lcc. We then obtain from
[Cemma TT] that

Dyup-tog (Pr, Pr) < min{Dyup-10g(Pf, Py), pr(exp(Dsup-tog(Py, Py)) — 1)}
< min {2[| f|loc, exp (2| flloc = n/lIPsllo0)} -

Step 3: TV distance. For the TV distance, we compute Dy (Pf, Py) < Dsup-1og(Pf, Py) < 2| fl| and also employ
the trivial bound Drv (Py, Py) < 1. From|Lemma 11| we obtain

Dy (Py, Py) = prDrv(Pr, Py) < exp(—n/||psloc) min{1, 2(| flloc} -

Using that exp(—x) < Oy, 4(x~™/%) for x > 0, we obtain

[Theorem 23]
exp(—n/|lpyllee) < s/ n =" S O (max{L, | fllon} "= /7) o
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E.2.2 Proofs for Monte Carlo Log-partition
For analyzing the Monte Carlo log-partition estimator, we are going to use Bernstein’s inequality in the form stated and
proved in Theorem 6.10 in |Steinwart and Christmann| (2008)):

Theorem E.9 (Bernstein’s inequality). Let (2, A, P) be a probability space, B > 0,0 > 0,n > 1. Moreover, let
&1, ...,&, : Q — R be independent random variables with

e Ep& =0

* Gille < B

s Epé? <o?

foralli e {1,...,n}. Then,

forall T > 0.

We will use Bernstein’s inequality since it yields better bounds than Hoeffding’s inequality (Theorem D.I}) when n is
large and o is significantly smaller than B, which will be the case in the following proof.

Theorem 25 (Upper bounds for MC log-partition). Let f : X — R be Lipschitz, let X1,...,X,, ~ U(X) be
independent and let

1 n
Ly =1 ns n = — i))-
og S S - ZE,I exp(f(X;))

Then, for any § € (0, 1], the following convergence rates hold:
(a) Optimization regime: If n < 4log(2/6)(1 4 3d~'/2| f|1)% we have
Ly — Ly| < d*(log(1/6)| flin~"/* 4 log(410g(2/8)) + dlog(1 + 3d~"/?|f|1)

with probability > 1 — 6.
(b) Quadrature regime: If n. > 41og(2/6)(1 + 3d=/2|f|1)%, we have

Lo — Ly| < 4log(2/6)"/2(1 4 3d~/?|f[1)**n =1/
with probability > 1 — 6.

Proof. Without loss of generality, we assume that f is shifted such that My = 0.
(a) Step A.1: Simple one-sided bound. We have

Cemma3l —1/2
Ln_LfSO_Lf < leg(1+3d |f‘1)
Step A.2: Bounding the other side. Define the empirical maximum

M, = max f(X;).

i€{l,...,n}
Since L,, = log(3_7_, exp(f(X:))) — log(n) > M,, — log(n), we obtain
Ly —L, <0— L, <log(n) — M, < log(4log(2/d)) + dlog(1 + 3d~/?| f|1) — M, .

It remains to provide a lower bound on M,,. Define R := (log(1/§))Y/4n=1/4,
e Case 1: R > 1. In this case, for all x € X, we have

fl@) = f(x) = My 2 =d"?|f|y > =d"?|fl: R = —d"/*(log(1/8))"/*| flyn~ 1/,
which implies that
—M, < d"/?(log(1/8)"|fyn= 1/

with probability 1.
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» Case 2: R < 1. Let z* be a maximizer of f. In this case, there exists an axis-aligned subcube X of
X with side length R containing 2*. For each = € X, we have f(z) = f(z) — f(z*) > —|f|1d"/?R.
Moreover,

P(M, < —[fhd"*R) = P(f(X1) < —|fLd"*R)"
<P(X1 ¢ X)" = (1-P(X; € X))" = (1-RY)"
< e R'n 5.
(b) Define 7 := log(2/§). To apply Bernstein’s inequality to &; = e/(X?) — el we need a sup-bound and a
variance bound.

Step B.1: Sup-bound. Since e/(*) C [0, 1] by assumption on f, we have ||&]|oc < 1.
Step B.2: Variance bound. Since ef(?) C [0, 1], we have:

Var(§) = Var e/ X < E[(ef %)% < B/ X0 = ebr .

Step B.3: Non-logarithmic concentration. By Bernstein’s inequality, we obtain for 7 € (0, 1):

2eLs 2
p<|snesz ‘ T+T> <2 =56,

4

n 3n
Step B.4: Lower bound on expectation. From we obtain
elr = eli—Ms > e—dlog(1+3d’1/2|f\1) = (1 +3d—1/2|f|1)—d.

Step B.5: Logarithmic concentration. By combining the previous steps, we obtain with probability
>1—2e77:

Ly

S, —els
e

< 27’ + 27'
=\ n(T+3d72|f]1)~4 " 3n(1+3d12[f) @

Since we assumed n > 41og(2/8)(1 + 3d=2|f|1)% = 47(1 + 3d=1/2|f|,)4, the right-hand-side is less than
1/2. Since the logarithm is 2-Lipschitz on [1/2, 3/2], we obtain

. S,
S, —els
S, —elr
=2 ‘em
<9 2T 2T

) (\/nu +3d 12~ 3l +3d1/2|f|1)d>

By using the assumption n > 41og(2/6)(1 + 3d=/2| f|1)? = 47(1 + 3d~'/2| f|,)? from (b), we can further
bound

7 27 2T
L, —L;<2
n = L] (\/ w1+ 321 | 3l 2(dr(1 4 3 I (T +3d—1/2|f|1>—d>

— (VB+ 2/3)\/71(1 + 34—71/2|f|1>‘d

< A1+ 3d7 V2| f) Y2 P2 0

E.2.3 Proofs for Monte Carlo Sampling

‘We now prove a simple lower bound for a simple Monte Carlo sampling algorithm. We use the TV distance, but the
general approach could also be used to prove lower bounds for the sup-log and 1-Wasserstein distances.

Theorem 26 (Lower bound for MC sampling). Let f : X — R be bounded and measurable. Let X1, ..., X, ~U(X)
and let the random index I € {1,... n} be distributed as

exp(f(Xi))
> exp(f(X;))

PI=1i)=
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Consider the distribution ]5f of the random sample X . Then, for all B > 0 and n > 1 with Bn="/¢ > 4d log(4d),

~ 1
sup Drv(Py, Py) > 3
fE€Fa,m.B

Proof. Set f(z) = —fB(x1 + - + x4), where 3 :== Bd~*, such that f € F, p. For § € (0,1], set X5 := [0, 5]%.
Then, similar as in|Lemma E.1} we can compute
1 —exp(—B6)\*
Z(0) ::/ exp(f(z))dz = (p(ﬁ)) .
X5 B

We then obtain

Pr(Xs) = =

Z(8) <1 —exp(—p36
Z(1)

) d
) 2 (- xp(-p0) 2 1 dexp(- ).

where we used Bernoulli’s inequality in the last step. Setting ¢ := log(4d)//3, we obtain
3
Py(X5) 2 1~ dexp(—60) 2 5

On the other hand, we have

Pp(Xs) = P(X; € X5) < Y P(X; € X5) =ns? = n(loggfid))d = n(dloifjd))d .

j=1
Hence, if Bn=1/% > 4d log(4d), then Pf(X(;) < 44, which implies

3

Drv(Pf, Pr) > Py(Xs) — Py(Xs) > 1 477>

N | =

E.3 Proofs for Variational Formulation

The following simple lemma is central to our lower bound for the variational formulation:
Lemma 27. For a model of the form g(z) = ¢(x)*Hp(x) as above, we have

LY Q)= sup Ly(Q) -
QE'P(X):EQ:EQ

Proof. We have
LqOPT(Q) = sup tr[HXp|— inf DKL(p I Q)
: PeP(X) P,QGP(X):Eﬁ:Ep,EQ:EQ

= sup tr[HZ] - _ . inf DKL(p ” Q)
ek P’QEP(X):EP:EEQ:EQ

= sup sup tr[HY] — DkL(P || Q)
YEK P.QeP(X):25=2,55=2q

= sup sup tr[HYp] - Dki(P | Q)

= sup Ly(Q). O
QeP(X):D5=3q

Before proving the lower bound, we prove a Taylor-based bound on the cosine function, which is then used in the
subsequent lemma to bound an integral of the form [, exp(f cos(z — z)) d.

Lemma E.10. Forall x € [—1/4,1/4], we have

8
cos(2mx) < 1— 57721‘2 .
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Proof. For f(x) := cos(2mx), we have

f(x) = —2msin(27x)
f"(x) = —4m? cos(2nx)
" (x) = 873 sin(27x)

f®(z) = 167 cos(2mx)

Applying Taylor’s theorem with the Lagrange form of the remainder for « € [—1/4,1/4] around xy = 0, we obtain for
some £ € [—1/4,1/4]:
2
f(z)=1—2r%22 + §7r4 cos(2mé)z?t .
Therefore, we obtain for x € [—1/4,1/4]:

2 8
flz) <1—21%2° 4 (37r4(1/4)2) 2 <1 -2r%(1—1/5)2? =1 — 57r29c2 . O

We can now bound the normalizing constant of a rescaled cosine function, which will be used in the lower bound for
the variational formulation:

Lemma E.11. For any z € R%, define
d
g:: X >Rz — Zcos(Qﬂ'(xi —zi)) -
i=1
Then,

Zgg, < ﬁid/2eﬁd .

Proof. Since g, is 1-periodic, exp(fg.) is 1-periodic. Moreover, we have X = [0, 1]¢ and hence

Zgg. :/Xexp(ﬁgz(x))dx:/ exp(Bgo(x)) dz

x
:/ exp(B cos(2mxy)) - - - exp(B cos(2mxy)) da
X

1 d
= (/ exp(B cos(2mxy)) dx1> . (16)
0
From expanding the inequality (1 — v/3)? > 0, we obtain
P >14+8>2V8. A7)
This allows us to upper-bound the one-dimensional integral in Eq. (T6) as
1 3/4
/ eﬂ cos(2mx) dxy _ / 65 cos(27x) dx
0 ~1/4

< / 66 cos(2mx) dz +/ 66 cos(2mx) dx
~ J-yay [1/4,3/4]

Cemma 10
< / eﬁ(17%”212)dz+/ 1dz
[~1/4,1/4) [1/4,3/4]
L B/m ( a? )
- +e exp| ——————
2 - 2. Zr2p-1
1 5
— il BylorLgr—2p5-1
SR RS TN
1 [58-1
_ 1.5
2 te 8
Eq. -1 —1
+0 eﬂ(@ Ve )
i

< B2 O

IN
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Finally, we can use some elementary convex geometry to find a lower bound for the error of the variational formulation.
Theorem 28 (Lower bound for OPT relaxation). Let ¢ : X — C¥ be continuous. Let

n = dim¢ Viin, Viin == Spanc {p(z)p(z)* | 2 € X} C CV*V |

In other words, n is the number of effective degrees-of-freedom of the model g(x) = p(x)*Hep(x), and hence
corresponds to the maximum number of points where such a model can interpolate arbitrary function values. Then,
there exists a point z € X depending only on ¢, such that the periodic and analytic function

d
f: X =Rz~ Zcos(%r(xi —z))
i=1
satisfies

d/2

LOPT@U([0, 1])) — Lsp (U([0, 1]))] > log ( B

1) ~lls = 6l )

for any model g(x) = ¢(x)*Hp(z) and any 8 > 0.

Proof. Step 1: Representability by discrete distributions. Let ) := #/([0, 1]). We want to find a discrete distribution
Q= 21];4:1 AF) Sy with %5 = Xq-. Using the feature map @ : X — C**, z — p(x)p(x)*, we can write

M

So= [ elopla) dQ) = Y AYaE®).

k=1

which shows that the matrices X5 are exactly those in the convex hull conv(®(X)) of ®(&X). Since ¥g € K

by definition of I, we first want to show that L = conv(®(X)). As we have just demonstrated, the inclusion
K 2 conv(®(X)) is simple. Moreover, because the integral ¥ = [, ®(x) dQ(x) is a limit of finite sums, we obtain

K C conv(®(X)). Since ® is continuous and X is compact, (X) is also compact. Hence, since we are in finite
dimension, conv(®(X)) is compact (see e.g. Proposition 2.3 in |Gallier, 2008), which means that conv(® (X)) C K C

conv(® (X)) = conv(P(X)).

Step 2: Bounding the number of discrete points. By definition, ), is the C-linear span of ®(X’). Using Step 1, we
conclude IC C Vy;,. Hence, K is contained in the space V};, with dimg Vi, < 2n. By Carathéodory’s theorem (see e.g.
Theorem 2.2 in |Gallier, 2008), the matrix ¥g € K is hence representable as a convex combination of 2n + 1 points:

2n+1
Yo = Z /\(k)q)(x(k))7
k=1

with A(#) > 0,57, A*) = 1. By setting Q = 227:1”1 AF)§ 1y, we obtain %5 =Zo
Step 3: Determining 2. Choose an arbitrary index &* € {1,...,2n + 1} such that A(*") > (2n 4 1)~!, which always
exists. For such an index, we set z := 2k,

Step 4: Lower-bounding the approximate log-partition function. By [Lemma 27| we have
2n+1

LOPT([0,1])) > Ly(Q) = log <Z AR eXp(g(x(’“)))> > log (A(’“*) eXp(g(fc(’“*>)))

k=1
> log (20 + 1) exp(8f (7)) — Ilg = Bfll=c) ) = Bd — log(2n +1) = llg = B/ | .

Step 5: Upper-bounding the true log-partition function. We have
LgsU(0,1])) =log Zgy < fd —log(8?).

Step 6: Putting it together. The previous two steps immediately yield the desired bound
/2

LT T ([0, 1)) = Lap@([0, 1) > L™ @([0,1])) = Lps U([0, 1])) > log (2761 +1

)—Ig—ﬁflloo- o
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