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Abstract

This thesis studies the problem of drawing samples from a probability dis-
tribution. Despite the prevalence of sampling problems in applications, the
quantitative behavior of sampling algorithms remains poorly understood. This
thesis contributes to the theoretical understanding of sampling by giving upper
bounds and more importantly lower bounds for various sampling algorithms
and problem classes. On the upper bound side, we propose new sampling
algorithms, motivated by the perspective of sampling as optimization [JKO98|,
and give convergence guarantees for them. We also obtain state-of-the-art
convergence results for the popular Metopolis-Adjusted Langevin Algorithm.
On the lower bound side, we establish the query complexity for strongly log-
concave sampling in all constant dimensions. Our lower bounds rely on simple
geometric constructions, which can hopefully be of aid to similar results in
high dimensions.

Thesis Supervisor: Philippe Rigollet
Title: Professor of Mathematics






Acknowledgements

First I must thank my advisor Philippe Rigollet. I did not start graduate
school at MIT, and I initially reached out with nothing other than a vague
sense that this could be interesting. Thanks to Philippe and the environment
he created, I had a terrific time. Philippe made a big impact on my taste: he
showed me that the best way to go about things is to optimize for fun in a
serious way. He has both been generous with his time and energy, and given
me a lot of freedom. As a result, my experience has accidentally converged
to what Paul Graham called “the perfect life” for a graduate student [Gra05,
Note 5|. Thanks Philippe, for taking a chance on me, and for helping me find
my way.

I thank the other members of my committee, Subhabrata Sen and Jonathan
Kelner. I was lucky to have Subhabrata as a mentor during my first year. I
am very grateful for his time and support, and I thank him for the help that
led to an exciting and welcoming first year.

I thank Bill Minicozzi and Larry Guth for being on my qualifying exam
committee, and for being exceptionally great teachers. Through our brief
interactions, Larry affected the way I think about mathematical ideas and how
I communicate.

I’'m lucky to have had Sinho Chewi as my main collaborator in graduate
school, who has been a great friend and a role model. I thank Sinho for his
endless enthusiasm and clarity of thought.

I thank all my other friends in graduate school. I thank Patrik for the
dry humor and and succinct insights. I thank Austin for being another closet
systems enthusiast. I thank George Stepaniants for sharing an interest in
mathematical applications. I thank Felipe Suarez for the blitz games. 1 thank
Enric Boix-Adsera for being a great travel companion. I thank Jaume de Dois
Pont and Shyam Narayanan who helped further the lower bound dream. I
thank Jiaze Qiu and David Ham for the pool and the late night burgers. I
thank Anish Athalye, Assel Ismoldayeva and Zain Ruan for tolerating my very
basic questions about systems. I thank the other participants of the grupito,
Tyler Manu, Thibaut Le Gouic, Kwangju Ann, and Xiang Cheng. Much of the
work of this thesis grew from those early meetings. I will cherish the time we
spend together, computing Wasserstein gradients and Hessians on the board,
and getting by on Zoom through the pandemic.

During my third and fourth years, I took a detour to explore problems in
biology, and I couldn’t have done it without the help of many people. I thank
the Eric and Wendy Schmidt center, Caroline Uhler and Anthony Philippakis,
and the other EWSC fellows, for their support, and for being people who speak
the same language. I thank Anthonimos Vardis Kandiros, the other theory
person in our cohort, for the sessions we had toying with math problems. I
thank Mehrtash Babadi for the fun ML discussions. I thank Arnav Mehta



for generously explaining biology, sharing his data, and letting me be part
of a real biology project. I thank Jason Buenrostro, Yan Hu, and the rest
of the Buenrostro lab for helping me learn about ATAC-seq and supplying
me with data. I thank the entire Chen lab for hosting me for a rotation. I
thank Ehsan Habibi for sharing his excitement about developmental biology,
Dylan Cable for his generosity in time and ideas, Sophia Liu for teaching me
about microscopes and improving work-life balance for everyone through the
IM teams. I also thank Fei Chen, who has been incredibly generous with his
time, endlessly excited about science, and has also influenced the factors I
consider when choosing a problem.

I also thank a number of people from before graduate school who have
influenced me. I thank Andrea Montanari and John Duchi for being inspiring
lecturers and mentors. I thank Stefan Wager for helping me with my first
research project, for teaching me what statistics is about, and for showing me
what is good writing. I thank Xinkun Nie for her generous support and for
being an inspirational graduate student. I thank Doris Mai and Mansur Tisaev
for being my other friends who understand the highs and lows of grad school.

I thank my parents, for giving me everything, and for letting me have things
my way, though sometimes somewhat reluctantly. I thank my sister, for being
the one who gets it.



Contents

Cover page

Abstract

1 Introduction

1.1

Summary of contributions . . . . ... ... 00000

2 Background

2.1
2.2

Sampling and optimization . . . . . . . ... ...
Information theory and lower bounds . . . . . . . .. .. ...

I Sampling Upper Bounds

3 Mirror Langevin

3.1
3.2
3.3
3.4
3.5
3.6
3.7

4.1
4.2
4.3
4.4
4.5
4.6
4.7

Introduction . . . . . ...
Mirror-Langevin diffusions . . . . . . ... ... ... ...
Convergence analysis . . . . . . . ... ... ... ... ....
Applications . . . . . . .. ..
Stability in KL with respect to exp-concave perturbations . . .
Numerical experiments . . . . . . . . .. ... ... ... ..
Conclusion . . . . . . . . ..

Particle based methods: SVGD

Introduction . . . . . . ...
SVGD as a kernelized Wasserstein gradient flow . . . . . . ..
Chi-squared gradient flow . . . . . .. ... ... ... ....
Laplacian Adjusted Wasserstein Gradient Descent (LAWGD) .
Review of spectral theory . . . . . . ... ... ... .. ...
Numerical experiments . . . . . . . . . .. ... ... .....
Conclusion . . . . . . . . . ..

11
12

15
15
18

19

21
21
23
25
28
31
32
36



5 MALA 57

5.1 Introduction . . . . . . . . . . . . ... 57
5.2 Preliminaries . . . . . . . . .. 60
5.3 The Gaussian case . . . . . . . . . . ... 61
54 Upper bound . . ... ... .. ... ... ... ... 62
5.5 Lower bound . . . ... ... .. ... 66
5.6 Proof of the upper bound . . . . . ... ... ... ... ... 67
5.7 Proof of the lower bound . . . . . . . . . ... ... ... ... 84
5.8 Calculations for a Gaussian target distribution . . . . . . . . . 96
5.9 Conclusion . . . . . . . ... 100
II Lower bounds 102
6 Overview of lower bound ideas 103
7 Fisher information lower bounds 107
7.1 Introduction . . . . . . . . . ... 107
7.2 Notation and setting . . . . . . ... ... ... L. 110
7.3 Reduction to optimization and the first lower bound . . . . . . 111
7.4 Bump construction and the second lower bound . . . . . . .. 113
7.5 Separation between log-concave and non log-concave sampling 116
7.6 Proofs for the first lower bound . . . . .. ... ... ... 119
7.7 Proofs for the second lower bound . . . . . . . . ... ... .. 123
7.8 Further discussion of the univariate case . . . . . .. ... .. 139
7.9 Conclusion . . . . . . . ... 144
8 Rejection sampling lower bounds 145
81 Introduction . . . . . . . . . ... 145
8.2 Background on rejection sampling complexity . . . . . .. .. 146
8.3 Results for shape-constrained discrete distributions . . . . . . 149
8.4 Proofs of the complexity bounds . . . . . . . .. ... ... .. 152
85 Conclusion . . . . . . . . . . 163
9 General lower bound in dimension one 165
9.1 Introduction . . . . . . . . . .. ..o 165
92 Lowerbound . ... .. .. .. ... ... 167
9.3 Upperbound . .. ... ... ... 169
9.4 Proof of the lower bound . . . . . . . . ... ... ... .. .. 171
9.5 Proof of the upper bound . . . ... ... ... ... ..... 176
9.6 Conclusion . . . . . . . . . . 178



10 General lower bound in fixed dimension 181

10.1 Introduction . . . . . . . . . . 181
10.2 Technical overview . . . . . . . . . . . .. ... ... ... 182
10.3 Proof of the lower bound . . . . . . . . . ... ... ... ... 187
10.4 Upper bound in constant dimension . . . . . . . . . ... ... 197
10.5 Conclusion . . . . . . . . . . e 200
11 General lower bounds in high dimension: the Gaussian case 201
11.1 Introduction . . . . . . . . . . . 201
11.2 Technical overview . . . . . . . . . . . . ... ... ... ... 203
11.3 A lower bound via Wishart matrices . . . . . ... ... ... 208
11.4 A lower bound via reduction to block Krylov . . . . . . . . .. 213
11.5 Upper bound for sampling from Gaussians . . . . . . . . . .. 230
11.6 Conclusion . . . . . . . . . . e 232



10



Chapter 1

Introduction

The standard setting of sampling is as follows. We have a target distribution 7,
often supported on RY. The density of the target is given by m(z) = exp(—V(z)),
where V : R? — R is the potential function. We are given access to V and its
derivatives, often only up to an additive constant, and we want to generate
samples in R? whose distribution is close to 7 in some measure, for instance in
total variation distance.

Sampling algorithms are widely used in many different areas, such as
scientific computing, statistics, machine learning, and generative modelling.
Yet our understanding of sampling algorithms remains limited. There are many
algorithms that run faster in practice than what theory guarantees, and many
heuristics among practitioners that we cannot justify rigorously (e.g. “increase
the movement of the Markov chain”). There is also a complete lack of lower
bounds, which means that we can’t tell for a given class of target distributions
which algorithm will perform the best. These are the questions that motivated
this thesis.

Another motivation comes from a beautiful connection, first introduced
in the seminal paper of Jordan, Kinderlehrer and Otto [JKOO98]|, that the
marginal distributions of a Langevin diffusion (LD) evolves as a gradient
flow of the Kullback-Leibler (KL) divergence over the Wasserstein space of
probability measures (a review of the theory is given in 2.1). This perspective
of sampling as optimization naturally leads one to wonder whether we can use
the extensive optimization toolkit to develop new sampling algorithms and fill
in the aforementioned gaps in our understanding of sampling.

This thesis is organized in two parts. The first part is focused on new
sampling algorithms and upper bound guarantees, and the second part is
focused on sampling lower bounds. We now give a summary of the thesis that
provides context and motivation and outlines the main contributions.
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1.1 Summary of contributions

In Part I of the thesis, consisting of Chapters 3 to 5, we start with the connec-
tion between sampling and optimization and ask: can we borrow ideas from
optimization to propose new sampling algorithms? Can we use optimization
techniques to obtain sharper convergence guarantees for existing algorithms?
Since Langevin dynamics is the analogue of gradient descent in sampling, are
there sampling analogues of the other optimization algorithms as well, such as
proximal /splitting methods, mirror descent, Nesterov’s accelerated gradient
descent, and Newton methods?

Chapter 3 deals with mirror-Langevin diffusions, or the sampling analogue
of mirror descent. These stochastic processes were introduced in [Zha+20b].
We give a clean non-asymptotic convergence analysis of the continuous time
mirror-Langevin diffusion. As a special case of such processes, we propose
the Newton-Langevin diffusion and prove that it converges to stationarity
exponentially with a rate which has no dependence on the target distribution.
We give an application of this result to the problem of sampling from the
uniform distribution on a convex body, using a strategy inspired by interior-
point methods. Our techniques also yield new results on the convergence of
the Langevin diffusion in Wasserstein distance.

The investigation of Langevin and mirror-Langevin diffusions lead to two
natural questions. First, both these diffusion processes are flows that minimize
the KL divergence, but are there sampling algorithms that minimize different
functionals in Wasserstein space? Second, sampling algorithms based on
diffusions are random, but there is no randomness in the evolution of the
marginal distributions along a Wasserstein gradient flow. Is there a way to
discretize Wasserstein gradient flows that avoids the randomness by directly
evolving approximations of the marginal distributions?

In Chapter 4, we study Stein Variational Gradient Descent (SVGD), pro-
posed by [LW16], which is a major advance that gives a deterministic sampling
algorithm. SVGD is often described as the kernelized gradient flow for the KL
divergence. We introduce a new perspective on SVGD that instead views it
as a kernelized gradient flow of a different functional: the chi-squared diver-
gence. We show that the gradient flow of the chi-squared divergence converges
exponentially under conditions as weak as a Poincaré inequality. This perspec-
tive leads us to propose an alternative to SVGD, called Laplacian Adjusted
Wasserstein Gradient Descent (LAWGD), that can be implemented from the
spectral decomposition of the Laplacian operator of the target distribution. We
obtain strong convergence guarantees for the continuous version of LAWGD,
and demonstrate that it has good practical performance when the Laplacian
operator is computationally tractable.

The prior two chapters only analyse the continuous Wasserstein gradient
flows without getting into the details of discretization. In Chapter 5, we tackle

12



the problem of discretization head on, and analyze the most practical and widely
used discretization of the Langevin diffusion, the Metropolis-Adjusted Langevin
Algorithm (MALA). Conventional wisdom in the sampling literature, backed by
a popular diffusion scaling limit [RS02], suggests that the mixing time of MALA
scales as O(d'/3), where d is the dimension. However, the scaling limit requires
stringent assumptions on the target distribution and is asymptotic in nature. In
contrast, prior to our work the best known non-asymptotic mixing time bound
for MALA on the class of log-smooth and strongly log-concave distributions is
O(d). We establish that the mixing time of MALA on this class is ©(d"/2) under
a warm start. Our upper bound proof introduces a new technique based on a
projection characterization of the Metropolis adjustment [BD01], which reduces
the analysis of MALA to the well-studied unadjusted Langevin discretization,
and bypasses direct computation of the acceptance probability.

Our lower bound for MALA is obtained by constructing a specific class
log-smooth and strongly log-concave distributions, and upper bounding the
spectral gap for MALA on them. While it shows that our analysis of MALA
is tight, it does not tell us anything about what the lower bound should
be for general sampling algorithms. It is then natural to wonder about the
more general questions: for some given class of distributions, what is the
fundamental limit on the sampling performance that can be achieved by any
sampling algorithm? What is the best algorithm that matches that limit for
that given class? Such questions will be the focus for Part II. There has been
no work done on the question of general sampling lower bounds prior to the
works in this thesis. Chapter 6 gives an overview of the context and ideas that
motivate the assumptions made and the techniques used in obtaining the lower
bounds.

In Chapter 7, we explore the simplest idea for proving a sampling lower
bound: reduce sampling to optimization. As we will discuss in Chapter 6, this
reduction to optimization does not give very interesting results for log-concave
sampling. But for non log-concave sampling, when we measure the sampling
progress by the Fisher information to the target distribution, we are able to
obtain non-trivial results. When the desired accuracy level is low, we prove a
lower bound that is matched by the performance of averaged Langevin Monte
Carlo, proposed by [Bal+22]. When the desired accuracy level is high, we show
that sampling from Fisher information at most € from the target distribution
requires poly(1/e) queries, which is surprising as it rules out the existence of
high-accuracy algorithms (e.g., algorithms using Metropolis—Hastings filters)
in this context.

Chapter 8 investigates the lower bound question in a toy setting, where
we prove sampling lower bounds for rejection sampling algorithms only, and
only on discrete distributions. We show that for discrete distributions with
structural constraints, such as being monotone or discrete log-concave, the
rejection sampling complexity is sublinear in the alphabet size of the support.
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The results we obtain are simple, but the main insights, that we should use an
information theoretic argument, and that we should construct distributions
that are hard to distinguish with queries but easy to distinguish with samples,
turn out to be fruitful for proving stronger sampling lower bounds.

In Chapter 9, using the ideas mentioned, we give the first general sampling
lower bound of Q(loglog k) on the query complexity of sampling from strongly
log-concave and log-smooth distributions with condition number s in one
dimension. The lower bound is tight and achieved by rejection sampling. In
Chapter 10, we use the same framework to prove that sampling from strongly
log-concave and log-smooth distributions in dimension d = 2 requires 2(log k)
queries. This lower bound is tight in all fixed d > 2 dimensions, and it is also
achieved by rejection sampling. Compared to the one dimensional case, the
two dimensional construction is much more involved, and is inspired by work
on the Kakeya conjecture in harmonic analysis.

The goal of general sampling lower bounds in high dimensions remains
out of reach in this thesis. But for the subclass of Gaussian distributions, we
are able to obtain dimension dependent lower bounds, which are presented in
Chapter 11. We show that sampling from Gaussians with condition number
k in dimension d requires Q(min(y/klogd, d)) queries. We also give an upper
bound algorithm that achieves a rate of O(min(y/klogd/e,d)), which shows
that the lower bounds are nearly tight. The algorithm samples by taking
linear combinations of a standard Gaussian vector with past query points
and gradient queries. Since Gaussians are strongly log-concave, this implies
that sampling from strongly log-concave distributions will have dimension
dependence, which is notable in contrast to optimization, where optimizing
strongly convex functions have dimension free rates. Our results suggest that
similar to optimization, log-concave sampling separates into two regimes: the
low dimensional and high dimensional. In the low dimensional regime, the
optimal log-concave sampling algorithm is rejection sampling, which can be
thought of as the analogue of the ellipsoid method in optimization. In the
high dimensional regime, our results for Gaussian sampling suggests that the
optimal algorithm is likely to be a gradient-based algorithm, similar in form to
the Langevin algorithm or Hamiltonian Monte Carlo, which is analogous to
gradient descent and accelerated gradient descent in optimization.

14



Chapter 2

Background

2.1 Sampling and optimization

Throughout this thesis, we will consider the following sampling problem: Let
7 be a log-concave probability measure over R? so that m has density equal
to eV, Often we will consider the case where the potential V' : R — R is
convex. In practical sampling scenarios, the case where the potential V' is
non-convex is the more challenging and prevalent one. But the difficulty in non-
convex sampling is inherently tied to the difficulty of non-convex optimization,
specifically the difficulty of locating the modes of the distribution, which makes
analysis complicated. By studying the cases where the potential is convex, we
are often able to isolate the difficulty that comes from sampling alone.

There is a deep connection between sampling and optimization that can be
seen by considering the Langevin diffusion (LD), that is the solution (X;),s,
to the stochastic differential equation (SDE) -

dX, = —VV(X,)dt + V2 dB,, (LD)

with (B;),s, a standard Brownian motion in R?. This gives rise to a sampling
algorithm for 7, because 7 is the unique invariant distribution of (LD), and
suitable discretizations result in algorithms that can be implemented when V'
is known only up to an additive constant, which is crucial for applications in
Bayesian statistics and machine learning.

Looking at (LD), we see that if we drop the Brownian motion term on the
right hand side, we are left with the dynamics ©; = —VV (z;), known as the
gradient flow. When the function V' is convex, the gradient flow will converge to
the unique minimizer of V| and a suitable time discretization of this dynamics
yields the well-known gradient descent (GD) algorithm for optimization.

But the connection with optimization goes deeper. If we consider the
marginal distribution u; of X, then it turns out that u,; evolves according
to a gradient flow over the Wasserstein space of probability measures that

15



minimizes the Kullback-Leibler (KL) divergence KL(- || 7). This perspective
was introduced in the seminal paper of Jordan, Kinderlehrer and Otto[JKO98],
and it is now commonly known as the JKO scheme. This point of view has not
only led to a better theoretical understanding of sampling algorithms based on
the Langevin diffusion [Berl8; CB18; Wib18; DMM19; VW19], but also fueled
the discovery of new MCMC algorithms inspired by the diverse and powerful
optimization toolbox [wibisonowibisono2019proximal; Mar+12; Sim+16;
Che+18b; Berl18; Hsi+18; Wib18; Ma+19; Che+20b; DR20; Zha+20b]. We
will now give some background on the theory of Wasserstein gradient flows and
explain what we mean more precisely.

Wasserstein gradient flows

Let Py o (R?) of probability measures absolutely continuous w.r.t. Lebesgue mea-
sure and possessing a finite second moment, equipped with the 2-Wasserstein
metric Wy. We refer readers to [Vil03; Sanl5; Sanl7] for introductory treat-
ments of optimal transport, and to [AGS08; Vil09] for detailed treatments of
Wasserstein gradient flows.

Let F : Py oo (R?) — R U {oo} be a functional defined on Wasserstein space.
We say that a curve (ju1),, of probability measures is a Wasserstein gradient
flow for the functional F if it satisfies

&mt = le(,LLth2F(,ut)) (21)

in a weak sense. Here, Vy, F(1) :== VIF(u) is the Wasserstein gradient of
the functional F' at p, where §F (u1) : RY — R is the first variation of F at pu,
defined by

Jim £+ 55 / SE(u)de,  for all € with / d¢ = 0,

e—0

and V denotes the usual (Euclidean) gradient. Hence, the Wasserstein gradient,
at each p1 € Py ..(RY), is a map from R? to R

Using the continuity equation, we can give an Eulerian interpretation to
the evolution equation (2.1) (see [Sanl5, §4] and [AGSO08, §8]). Given a family
of vector fields (v;),5, let (X¢),5, be a curve in R with random initial point
Xo ~ po, and such that (X;),, is an integral curve of the vector fields (v;),,
that is, X; = v(Xy). If we let 1, denote the law of X, then (1),., evolves
according to the continuity equation -

8t,ut = — diV(,LLtUt). (22)

Comparing (2.1) and (2.2), we see that (2.1) describes the evolution of the
marginal law (1), of the curve (Xy),5, with Xo ~ pg and Xy = — [V, F'(11)](X).

16



Wasserstein calculus provides the following (formal) calculation rule: the
Wasserstein gradient flow (ut)t>0 for the functional F' dissipates F' at the rate
WF () = —Epu, [ Vo F(11)]]?]. More generally, for a curve (p),-, evolving
according to the continuity equation (2.2), the time-derivative of F' is given by
atF(:ut) = Eut<VW2F(Mt)7Ut>'

It turns out that Langevin dynamics is precisely the gradient flow where the
functional is the Kullback-Leibler (KL) divergence KL(- || ) [JKO98; AGS08;
Vil09]. This can be checked by showing that the Wasserstein gradient of the
KL divergence [AGS08; Sanl15] is given by

d
(Via Drce (- [ ) () = Vin 2F. (2.3)
™
Substituting the gradient expression into the continuity equation (2.2), and
the resulting PDE will be the distributional form of the Langevin dynamics.

Upper bound techniques

The techniques for obtaining convergence guarantees in sampling also closely
resemble those used in optimization. Consider first the gradient flow for f:
Ty = =V f(x;). We get 0[f(z;) — f(x*)] = — ||V f(z¢)]]? from a straightforward
computation. From this identity, it is natural to assume a Polyak-Lojasicwicz
(PL) inequality, which is well-known in the optimization literature [KNS16]
and can be employed even when f is not convex [Che+20c|. Indeed, if there
exists a constant Cp. > 0 with

fla) = f@”) = —= [V f(z) Vo eR, (PL)

then O[f(z:) — f(z*)] < _CLPL [f(z:) — f(z*)]. Together with Gronwall’s
inequality, it readily yields exponentially fast convergence in objective value:
F(w0) < Fla) e 2w

If we consider the Langevin dynamics, since it is the gradient flow of the
KL divergence, using the expression for the gradient in (2.3) we obtain [Vil03,
§9.1.5]

d d
04Dt (1t || 7) = /Hw 2 s = _4/||v DiPar. (24)

In this setup, the role of the PL inequality (PL) is played by a log-Sobolev
inequality of the form

ent, (g?) = /92 In(g?) drr — (/g2 dr) 1n(/92d7r) < 2CLS|/||Vg||2d7r.
(LSI)
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When g = +/dp/dm, (LSI) reads Dy (u || 7) < 2CLS|f||V\/d,ut/d7rH dr,
which implies exponentially fast convergence: Dy, (1 ||7) < Dgr(pol|m) e~ Cis
by Gronwall’s inequality.

2.2 Information theory and lower bounds

The connections mentioned between sampling and optimization leads one to
wonder whether techniques for proving optimization lower bounds can also
translate to sampling lower bounds, but as we will discuss in Chapter 6, this
approach did not yeild results for us. Instead, the main technique we use in our
lower bounds will be the well known Fano’s inequality from information theory,
which we review below. For background on information theory, see [CT06, §2].

The mutual information between two discrete random variables X and Y
is defined as

I(X;Y)=KL(Pxy || Px ® Py),

where Py y is the joint distribution of X and Px and Py are the marginal
distributions. The mutual information is also the difference between the
marginal entropy and the conditional entropy:

I(X;Y)=H(X)—HX |Y)=H(Y)-HY | X).

Fano’s inequality is used in the setting where we have a discrete random variable
X, we observe some random variable ¢ that is correlated to X, and we come
up with an estimator X for X using only the data &. Specifically, we assume
that X — £ — X forms a Markov chain. Then we have the following.

Theorem 1 (Fano’s inequality, [CT06, Theorem 2.10.1]). Suppose that S is a
finite set and X ~ uniform(S). Suppose that X is any estimator which is based
on some data &, such that X — & — X. Then,

I(§X) + log2

P{X £X}>1—
{(X #X} > Iog 5]

18
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Chapter 3

Mirror Langevin

3.1 Introduction

This chapter focuses on the sampling analogue of mirror descent. Specifically, we
analyse the class of stochastic processes called mirror-Langevin diffusions (MLD)
introduced in [Zha+20b]. In contrast to the Langevin diffusion(LD), these
processes correspond to alternative optimization schemes that minimize the KL
divergence over the Wasserstein space by changing its geometry. They show
better dependence in key parameters such as the condition number and the
dimension.

A surprising aspect of our analysis is that we track the progress of these
schemes not by measuring the objective function itself, the KL divergence, but
rather by measuring the chi-squared divergence to the target distribution
as a surrogate. This perspective highlights the central role of mirror Poincaré
inequalities (MP) as sufficient conditions for exponentially fast convergence of
the mirror-Langevin diffusion to stationarity in chi-squared divergence, which
readily yields convergence in other well-known information divergences, such as
the Kullback-Leibler divergence, the Hellinger distance, and the total variation
distance [T'sy09, §2.4].

We also specialize our results to the case when the mirror map equals the
potential V. This can be understood as the sampling analogue of Newton’s
method, and we therefore call it the Newton-Langevin diffusion (NLD). In
this case, the mirror Poincaré inequality translates into the Brascamp-Lieb
inequality which automatically holds when V' is twice-differentiable and strictly
convex. In turn, it readily implies exponential convergence of the Newton-
Langevin diffusion (Corollary 1) and can be used for approximate sampling even
when the second derivative of V' vanishes (Corollary 2). Strikingly, the rate of
convergence has no dependence on m or on the dimension d and, in particular,
is robust to cases where V2V is arbitrarily close to zero. This scale-invariant
convergence parallels that of Newton’s method in convex optimization and is
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the first result of this kind for sampling.

This invariance property is useful for approximately sampling from the
uniform distribution over a convex body €, which has been well-studied in
the computer science literature [FKP94; KL.S95; LV07]. By taking the target
distribution 7 o< exp(—pV'), where V' is any strictly convex barrier function,
and [, the inverse temperature parameter, is taken to be small (depending on
the target accuracy), we can use the Newton-Langevin diffusion, much in the
spirit of interior point methods (as promoted by [LTV20]), to output a sample
which is approximately uniformly distributed on €; see Corollary 3.

Throughout this chapter, we work exclusively in the setting of continuous-
time diffusions such as (LD). We refer to the works [DM15; Dall7a; Dall7b;
RRT17; CB18; Wib18; DK19; DMM19; DRK19; Mou+19; VW19] for dis-
cretization error bounds for Langevin diffusion, and to [AC21] for discretization
bounds for the mirror-Langevin diffusion.

This chapter is based on the joint work [Che+20b], with Sinho Chewi,
Thibaut Le Gouic, Tyler Maunu, Philippe Rigollet, and Austin J. Stromme.

Related works. The discretized Langevin algorithm, and the Metropolis-
Hastings adjusted version, have been well-studied when used to sample from
strongly log-concave distributions, or distributions satisfying a log-Sobolev
inequality [Dall7b; DM17; CB18; Che+19; DK19; DM+19; Dwi+19; Mou+19;
VWI19]. Moreover, various ways of adapting Langevin diffusion to sample
from bounded domains have been proposed [BEL18; Hsi+18; Zha+20b]; in
particular, [Zha+20b] studied the discretized mirror-Langevin diffusion.

While our analysis and methods are inspired by the optimization perspective
on sampling, it connects to a more traditional analysis based on coupling
stochastic processes. Quantitative analysis of the continuous Langevin diffusion
process associated to SDE (LD) has been performed with Poincaré and log-
Sobolev inequalities [BGG12; BGL14; VW19], and with couplings of stochastic
processes [CL89; Ebel6].

Notation. The Euclidean norm over R? is denoted by || - ||. Throughout, we
simply write [g to denote the integral with respect to the Lebesgue measure:
[g(x)dz. When the integral is with respect to a different measure p, we
explicitly write [¢gdu. The expectation and variance of g(X) when X ~ p are
respectively denoted E, g = [gdu and var, g := [(g — E, g)* du. When clear
from context, we sometimes abuse notation by identifying a measure p with
its Lebesgue density.
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3.2 Mirror-Langevin diffusions

Before introducing mirror-Langevin diffusions, our main objects of interest, we
provide some intuition for their construction by drawing a parallel with convex
optimization.

Gradient flows, mirror flows, and Newton’s method

We briefly recall some background on mirror flows; we refer readers to the
monograph [Bub15] for the convergence analysis of the corresponding discrete-
time algorithms.

Suppose we want to minimize a differentiable function f : R — R. The
gradient flow of f is the curve (x;)¢>o on R? solving @; = —V f(z;). A suitable
time discretization of this curve yields the well-known gradient descent (GD).

Although the gradient flow typically works well for optimization over Eu-
clidean spaces, it may suffer from poor dimension scaling in more general
cases such as Banach space optimization; a notable example is the case when
f is defined over the probability simplex equipped with the ¢; norm. This
observation led Nemirovskii and Yudin [NJ79] to introduce the mirror flow,
which is defined as follows. Let ¢ : R? — R U {oco} be a mirror map, that
is a strictly convex twice continuously differentiable function of Legendre
type'. The mirror flow ()0 satisfies 9, Vo(x;) = —V f(z;), or equivalently,
Ty = —[VQQﬁ(‘Tt)}ilv f(x;). The corresponding discrete-time algorithms, called
mirror descent (MD) algorithms, have been successfully employed in varied
tasks of machine learning [Bub15] and online optimization [BC12] where the
entropic mirror map plays an important role. In this chapter, we are primarily
concerned with the following choices for the mirror map:

1. When ¢ = || - ||?/2, then the mirror flow reduces to the gradient flow.

2. Taking ¢ = f and the discretization y 1 = x5, — hy, [V2f(z)] "V f (22)
yields another popular optimization algorithm known as (damped) New-
ton’s method. Newton’s method has the important property of being
invariant under affine transformations of the problem, and its local con-
vergence is known to be much faster than that of GD; see [Bubl15, §5.3].

Mirror-Langevin diffusions

We now introduce the mirror-Langevin diffusion (MLD) of [Zha+20b]. Just as
LD corresponds to the gradient flow, the MLD is the sampling analogue of the
mirror flow. To describe it, let ¢ : R? — R be a mirror map as in the previous

!This ensures that V¢ is invertible, c.f. [Roc97, §26].
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section. Then, the mirror-Langevin diffusion satisfies the SDE

1/2

X, = Vo' (Yy), dY; = —VV(X;)dt + V2 [V*¢(X,)] /" dB,, (MLD)

where ¢* denotes the convex conjugate of ¢ [BL06, §3.3]. In particular, if we
choose the mirror map ¢ to equal the potential V', then we arrive at a sampling

analogue of Newton’s method, which we call the Newton-Langevin diffusion
(NLD),

1/2

X, = VV*(Yy), dY; = —VV(X,)dt + V2 [V?V(X,)] /" dB,. (NLD)
From our intuition gained from optimization, we expect that NLD has special
properties, such as affine invariance and faster convergence. We validate this
intuition in Corollary 1 below by showing that, provided = is strictly log-concave,
the NLD converges to stationarity exponentially fast, with no dependence on 7.
This should be contrasted with the vanilla Langevin diffusion (LD), for which
the convergence rate depends on the Poincaré constant of 7, as we discuss in
the next section.

We end this section by comparing MLD and NLD with similar sampling

algorithms proposed in the literature inspired by mirror descent and Newton’s
method.
Mirrored Langevin dynamics. A variant of MLD, called “mirrored Langevin
dynamics”, was introduced in [Hsi+18]. The mirrored Langevin dynamics is
motivated by constrained sampling and corresponds to the vanilla Langevin
algorithm applied to the new target measure (Vo) 47 In contrast, MLD can be
understood as a Riemannian diffusion w.r.t. the Riemannian metric induced by
the mirror map ¢. Thus, the motivations and properties of the two algorithms
are different, and we refer to [Zha+20b| for further comparison of the two
algorithms.

An earlier draft of [Hsi+18] also introduced MLD, along with a continuous-

time analysis of the diffusion. Their convergence analysis is based on the
classical Bakry-Emery criterion (see [BGL14]), which is generally harder to
check than the mirror Poincaré inequality (MP) that we introduce below; in
particular, when ¢ = V', we show that the mirror Poincaré inequality holds
automatically.
Quasi-Newton diffusion. The paper [Sim+16] proposes a quasi-Newton sampling
algorithm, based on L-BFGS, which is partly motivated by the desire to avoid
computation of the third derivative V3V while implementing the Newton-
Langevin diffusion. We remark, however, that the form of NLD employed above,
which treats V' as a mirror map, does not in fact require the computation of
V3V, and thus can be implemented practically; see Section 3.6. Moreover,
since we analyse the full NLD, rather than a quasi-Newton implementation, we
are able to give a clean convergence result.
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Information Newton’s flow. Inspired by the perspective of [JKO98], which
views the Langevin diffusion as a gradient flow in the Wasserstein space
of probability measures, the paper [WL20] proposes an approach termed
“information Newton’s flow” that applies Newton’s method directly on the space
of probability measures equipped with either the Fisher-Rao or the Wasserstein
metric. However, unlike LD and NLD that both operate at the level of particles,
information Newton’s flow faces significant challenges at the level of both
implementation and analysis.

3.3 Convergence analysis

Convergence of gradient flows and mirror flows

We provide a brief reminder about the convergence analysis of gradient flows
and mirror flows defined in Section 3.2 to provide intuition for the next section.
Throughout, let f be a differentiable function with minimizer z*.

Recall from Section 2.1 that the gradient flow for f, 2, = =V f(x,), is
analysed as follows: we start from the identity 9;[f(x;) — f(z*)] = — ||V f(z) %,
then apply the PL inequality (PL) to control the norm of the gradient on the
right.

A similar analysis may be carried out for the mirror flow. Fix a mirror
map ¢ and consider the mirror flow: @, = —[V2¢(z,)] 'V f(z;). It holds
OLf (x) — f(a*)] = —(Vf(x), [V2p(a2)] 'V f(x1)). Therefore, the analogue
of (PL) which guarantees exponential decay in the objective value is the
following inequality, which we call a mirror PL inequality:

F@) ~ fa) < M), (Vo) V@) veeRL (P

Next, we describe analogues of (PL) and (MPL) that guarantee convergence of
LD and MLD.

Convergence of mirror-Langevin diffusions

The above analysis employs the objective function f to measure the progress of
both the gradient and mirror flows. While this is the most natural choice, our
approach below crucially relies on measuring progress via a different functional
F. What should we use as F'? To answer this question, we first consider the
simpler case of the vanilla Langevin diffusion (LD), which is a special case
of MLD when the mirror map is ¢ = [|-||*/2.

As discussion in Section 2.1, the Langevin dynamics (LD) is a gradient
from the the KL divergence with respect to the 2-Wasserstein distance. Hence
the decay in the KL divergence along (LD) is also given by the norm of the
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Wasserstein gradient, as in (2.4). In this setup, the role of the PL inequality (PL)
is played by a log-Sobolev inequality (LSI).

A disadvantage of this approach, however, is that the log-Sobolev inequal-
ity (LSI) does not hold for any log-concave measure 7, or it may hold with
a poor constant Cig. For example, it is known that the log-Sobolev con-
stant of an isotropic log-concave distribution must in general depend on the
diameter of its support [LV18b]. In contrast, we work below with a Poincaré
inequality, which is conjecturally satisfied by such distributions with a universal
constant [KLS95].

Motivated by [BCGO08; CG09], we instead consider the chi-squared diver-
gence

dp dpi 2 :
F(M)—X(M||7T)-—Va1"7r0-l7T /<d7r> dr —1, if p<m,

and F'(u) = oo otherwise. It is well-known that the law (1), of LD satisfies
the Fokker-Planck equation in the weak sense [KS91, §5.7]:

8tut = le(,ut Vin %) .

Using this, we can compute the derivative of the chi-squared divergence:

1 P M . 7 o 7
§8tF(,Ut) = ?t({?tut = /?tle(/.LtVIH?t) = —/<v1n?t,V?t>/$t = _/HV?tH27T7

and exponential convergence of the chi-squared divergence follows if 7 satisfies
a Poincaré inequality:

vary g < Cp E,[||Vg|?] for all locally Lipschitz g € L*(7). (P)

Thus, when using the chi-squared divergence to track progress, the role of the
PL inequality is played by a Poincaré inequality. As we discuss in Sections 3.4
and 3.4 below, the Poincaré inequality is significantly weaker than the log-
Sobolev inequality.

A similar analysis may be carried out for MLD using an appropriate variation
of Poincaré inequalities.

Definition 1 (Mirror Poincaré inequality). Given a mirror map ¢, we say that
the distribution 7 satisfies a mirror Poincaré inequality with constant Cyp if

var, g < Cyvp E-(Vy, (V2¢)_1Vg> for all locally Lipschitz g € L*(r).
(MP)

When ¢ = || - ||*/2, (MP) is simply called a Poincaré inequality and the smallest
Cwmp for which the inequality holds is the Poincaré constant of m, denoted Cp.
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Using a similar argument as the one above, we show exponential conver-
gence of MLD in x?(- || 7) under (MP). Together with standard comparison
inequalities between information divergences [Tsy09, §2.4], it implies exponen-
tial convergence in a variety of commonly used divergences, including the total
variation (TV) distance |- — 7||rv, the Hellinger distance H(-,7), and the KL
divergence Dky(- || 7).

Theorem 2. For each t > 0, let u; be the marginal distribution of MLD
with target distribution © at time t. Then if © satisfies the mirror Poincaré
inequality (MP) with constant Cyp, it holds

2t
2l — |3y H(pe, )y Dcr(pe || 1), X2 (pe || 7) < € e x?(po || 7), Vt>0.

We give two proofs of this result below. Recall the law (y),~, of MLD
satisfies the Fokker-Planck equation -

. —1
By = div (1 (V26) 'V In %). (3.1)
A unique solution to this equation, with enough regularity to justify our
computations below, exists under fairly benign conditions on ¢ and V', see [LLO0S,

Proposition 6].

Proof of Theorem 2. Using the Fokker-Planck equation (3.1), we may compute

O (e || ) = /Nt_g/ﬂtatut—Z/_dw( (V2¢)~ Vln%)
= —2/<V%7<V Qb)i VIH?>,ut = _2/<v%7<v2¢)1v%>ﬁ

The mirror Poincaré inequality (MP) implies that this quantity is at most
—2Cupx2(11¢ || 7), which completes the proof via Grénwall’s inequality. O]

We may reinterpret this proof within Markov semigroup theory.
Proof of Theorem 2 from a Markov semigroup perspective. We denote by (Pt)tzo

the semigroup of MLD; we refer readers to [BGL14; Han16] for background on
Markov semigroup theory. The Dirichlet form £ is given by

E(f.9) = / (Vf,(V26) ' Vg)dr.

Since it is a self-adjoint semigroup, we get for all f € L?(r),

[y ran= [(yngan= [rap= [ ram = [ Lran.
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so that

Therefore,
dNO )

dp
Xz(ﬂt || 7T) = Varﬂ(d_ﬂ't) = Varﬂ' Pt(@

Using a classical result of Markov semigroup theory (see for instance [CG09,
Theorem 2.1] or [BGL14, Theorem 4.2.5])

dpg 2t dpo 2
N (e | @) = varg Pi(=2) < e varg (2) = e 8o || )
if and only if the semigroup (F),, satisfies
var,(f) < C&(g, 9), for all g € D(E), (3.2)

where £ is the Dirichlet form of (F),5, with domain D(£). To conclude the
proof, it suffices to note that (3.2) is precisely our assumption (MP) with
C= CMP- O

Recall that LD can be understood as a gradient flow for the KL divergence
on the 2-Wasserstein space. In light of this interpretation, the above bound for
the KL divergence yields a convergence rate in objective value, and it is natural
to wonder whether a similar rate holds for the iterates themselves in terms
of 2-Wasserstein distance. From the works [Dinl5; Led18; Liu20], it is known
that a Poincaré inequality (P) implies the transportation-cost inequality

W3 (u,m) <2Cex*(ullm),  Yp < (3-3)

We thank Jon Niles-Weed for bringing the above to our attention.

The inequality (3.3) implies that if 7 has a finite Poincaré constant Cp then
Theorem 2 also yields exponential convergence in Wasserstein distance. In the
rest of the paper, we write this result as

1 _ 2t
e Wi (e m) < e %X (o || 7).
P
for any target measure 7 that satisfies a mirror Poincaré inequality, with the
convention that Cp = co when 7 fails to satisfy a Poincaré inequality. In this
case, the above inequality is simply vacuous.

3.4 Applications

We specialize Theorem 2 to the following important applications.
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Newton-Langevin diffusion

For NLD, we assume that V' is strictly convex and twice continuously differen-
tiable; take ¢ = V. In this case, the mirror Poincaré inequality (MP) reduces
to the Brascamp-Lieb inequality, which is known to hold with constant Cyp = 1
for any strictly log-concave distribution 7 [BL76; BL00; Gen08]. It yields
the following remarkable result where the exponential contraction rate has no
dependence on 7 nor on the dimension d.

Corollary 1. Suppose that V is strictly convex and twice continuously differ-
entiable. Then, the law (pt),5o of NLD satisfies

2| — 7)oy, H? (o), Dxr(pe || 7)), x(pe || 1), W3 (g, ) < e 2'X*(po || 7).

2Cp

If 7 is log-concave, then it satisfies a Poincaré inequality [AB15; LV17] so
that the result in Wasserstein distance holds. In fact, contingent on the famous
Kannan-Lovdsz-Simonovitz (KLS) conjecture ([KLS95]), the Poincaré constant
of any log-concave distribution 7 is upper bounded by a constant, independent
of the dimension, times the largest eigenvalue of the covariance matrix of .

At this point, one may wonder, under the same assumptions as the Brascamp-
Lieb inequality, whether a mirror version of the log-Sobolev inequality (LSI)
holds. This question was answered negatively in [BLO0O], thus reinforcing our
use of the chi-squared divergence as a surrogate for the KL divergence.

If the potential V' is convex, but degenerate (i.e., not strictly convex) we
cannot use NLD directly with 7 as the target distribution. Instead, we perturb
7 slightly to a new measure mg, which is strongly log-concave, and for which
we can use NLD. Crucially, due to the scale invariance of NLD, the time it
takes for NLD to mix does not depend on 3, the parameter which governs the

approximation error.
Corollary 2. Fiz a target accuracy € > 0. Suppose m = e~V is log-concave
and set g o< eV where B < £2/(2 [ | - ||Pdr). Then, the law (1) =0

of NLD with target distribution mgz satisfies ||pe — 7|lrv < € by time t =
3 In[2x%(po || 7)) + In(1/e).

Proof. From our assumption, it holds

2
Dicu( || 75) = /m—dw =5 [P+ [ e ar<p [ Pan < 5.

Moreover, Theorem 2 with the above choice of ¢ yields Dxr(u || 75) < €%/2. To
conclude, we use Pinsker’s inequality and the triangle inequality for || - ||pyv. O

Extensions for the other cases where ¢ is only a prozy for V' can be found
in the original paper ?77.
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Sampling from the uniform distribution on a convex
body

Next, we consider an application of NLD to the problem of sampling from the
uniform distribution 7 on a convex body €. A natural method of outputting
an approximate sample from 7 is to take a strictly convex function V' : R? —
R U {oo} such that domV = € and V(z) — oo as © — 0€, and to run NLD
with target distribution 75 o e=#V, where the inverse temperature /3 is taken
to be small (so that ms ~ 7). The function V is known as a barrier function.

Although we can take any choice of barrier function ‘7, we obtain a clean
theoretical result if we assume that V' is v~ '-exp-concave, that is, the mapping
exp(—v~1V) is concave. Interestingly, this assumption further deepens the rich
analogy between sampling and optimization, since such barriers are widely
studied in the optimization literature. There, the property of exp-concavity is
typically paired with the property of self-concordance, and barrier functions
satisfying these two properties are a cornerstone of the theory of interior point
algorithms (see [Bub1b, §5.3] and [Nes04, §4]).

We now formulate our sampling result. In our continuous framework, it
does not require self-concordance of the barrier function.

Corollary 3. Fiz a target accuracy € > 0. Let w be the uniform distribution
over a convez body C and let V be a v~'-exp-concave barrier for €. Then, the
law (1t),5o of NLD with target density mg o e PV for B < €%/(2v) satisfies
e — wl|lrv < € by time t = 1 In[2x?(po || 75)] + In(1/e).

Proof. Lemma 1 in Section 3.5 ensures that Dxp, (7 || ) < €2/2. We conclude
as in the proof of Corollary 2, by using Theorem 2, Pinsker’s inequality, and
the triangle inequality for || - ||pv. O

Langevin diffusion under a Poincaré inequality

We conclude this section by giving some implications of Theorem 2 to the
classical Langevin diffusion (LD) when ¢ = || - ||?/2. In this case, the mirror
Poincaré inequality (MP) reduces to the classical Poincaré inequality (P) as in
Section 3.3.

Corollary 4. Suppose that 7 satisfies a Poincaré inequality (P) with constant

Cp > 0. Then, the law (1), of the Langevin diffusion (LD) satisfies

_ 2t
2l — 7T, H* (g, ), D | 7), X (e || 1), W (e, ) < e % (o || ).

2Cp

The convergence in TV distance recovers results of [Dall7b; DM17]. Bounds
for the stronger error metric x?(-||7) have appeared explicitly in [CLL19; VW19

30



and is implicit in the work of [BCG08; CG09] on which the TV bound of [DM17]
is based.

Moreover, it is classical that if 7 satisfies a log-Sobolev inequality (LSI) with
constant Cig then it has Poincaré constant Cp < Cis;. Thus, the choice of
the chi-squared divergence as a surrogate for the KL divergence when tracking
progress indeed requires weaker assumptions on 7.

3.5 Stability in KL with respect to
exp-concave perturbations

The following lemma quantifies the approximation error of replacing 7 by 73
in Section 3.4 and, more generally provides a simple bound to control the
KL divergence between a log-concave distribution and its perturbation by a
v-exp-concave barrier function. Its proof uses crucially displacement convexity
of the KL divergence to a log-concave measure [Vil03, §5], and it can be viewed
as the sampling analogue of [Nes04, (4.2.17)].

Recall that b is v-exp-concave if the mapping exp(—v~1b) is concave.

Lemma 1. Let m be a log-concave distribution on a convex set X C R?. Fix
v >0, and let T have density exp(—b) with respect to m, where b : X — R is
v-exp-concave. Then it holds that

DKL(%H 7T) S v.

Proof. On int X, we have

—Vin i_w = Vb. (3.4)

™

The measure 7 is log-concave, so by displacement convexity of entropy [AGS0S,
Theorem 9.4.11] and the “above-tangent” formulation of convexity [Vil03,
Proposition 5.29], we have

~ dr = =
0 = Dy (7 || 7) > Dyu(F || ) + E(VIn ﬁ(){),x - X),
where (X, X ) are optimally coupled for 7w and 7. If we rearrange this inequality

and use the identities in (3.4), we get
- dm & > S =
Dyi(7 || 7) < —E(VIn £(X), X - X)=E(Vb(X),X - X).  (3.5)

We now use the fact that b is v-exp-concave. To that end, define the convex
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function
o(t) = —exp(—%b(f(—l—t(X—)N())), tel0,1].

By convexity, we have

#(0) - (1-0) < (1) ~ 9(0) < —(0) = exp(~H(X)).

Since
1

#(0) =~ exp Ly (%)) (Vb(X), X - X))

v
the above inequality reads (Vb(X), X — X) < v, which completes the proof
together with (3.5). O

Remark 1. It is known that given any convex body € C R? there exists a
standard self-concordant v~!-exp-concave barrier with v < d [NN94; BE15;
TY18].

3.6 Numerical experiments

In this section, we examine the numerical performance of the Newton-Langevin
Algorithm (NLA), which is given by the following Euler discretization of NLD:

1/2

VV(Xjs1) = (1 = B)VV(Xy) + V21 [V2V(X5)] 6, (NLA)

where (£),cy is a sequence of i.i.d. N(0, I;) variables.

Generalized Gaussian distribution

We first demonstrate the scale invariance of NLD established in Corollary 1,
by sampling from an ill-conditioned generalized Gaussian distribution on R
with V(z) = (z, 27 12)7/2 for v = 3/4.

Figure 3-1 compares the performance of NLA to that of the Unadjusted
Langevin Algorithm (ULA) [DM+19] and of the Tamed Unadjusted Langevin
Algorithm (TULA) [Bro+19]. We run the algorithms 50 times and compute run-
ning estimates for the mean and scatter matrix of the family following [ZWG13].
Convergence is measured in terms of squared distance between means and
relative squared distance between scatter matrices, |3 — 2/|2/||2[|2. NLA gen-
erates samples that rapidly approximate the true distribution and also displays
stability to the choice of the step size h.
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Figure 3-1: V(z) = (z, X7 '2)"*/2, ¥ = diag(1,2,...,100). Left: absolute
squared error of the mean 0. Right: relative squared error for the scatter
matrix .

Gaussian distribution

We repeat the example in Figure 3-1 for the simpler case of the Gaussian distri-
bution (7 = 1) on R'% with the same scatter matrix ¥ = diag(1,2,...,100) in
Figure 3-2. We again see the superiority of NLA over the Unadjusted Langevin
Algorithm (ULA) [DM+19] and the Tamed Unadjusted Langevin Algorithm
(TULA) [Bro+19]. Here and in Section 3.6 the additional parameter of TULA
(denoted v in [Bro+19]) is chosen equal to .1.

35 —— NLA, h=07 1 —— NLA, h=07
== ULA h=07 5 i == ULA h=07
<« TULA, h=0.7 A weer TULA h=07
3.0 NLA, h=0.1 1.0 \\ o NLA, h=0.1
- ULA, h=0.1 NN e T T ULA, h=0.1
~ 25 S~ “+ TULA, h=0.1 b N TULA, h=0.1
s\ N T - Tm 05 I\ so Tt
=\~ @ TTE=——a wl™ AW\ S T,
~2.0 =] e
g g 00
1.5
-0.5
1.0
-1.0
0.5
0 250 500 750 1000 1250 1500 1750 2000 0 500 1000 1500 2000
t (iterations) t (iterations)

Figure 3-2: We display convergence of the various algorithms for an ill-
conditioned Gaussian distribution, with d = 100 and ¥ = diag(1,2,...,100).
Left: error is the squared distance from 0. Right: error is the relative distance
between scatter matrices. As in the experiment displayed in Figure 3-1, NLA
rapidly converges both in terms of location and scale for large step sizes.

We also display some samples from the Gaussian experiment of Figure 3-2
in Figure 3-3. NLA maintains good performance for a wide range of step-size
choices, while ULA and TULA require a small step size to accurately sample
from the target distribution. In fact, even with a small step size, ULA and
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TULA often jump to small probability regions, while NLA avoids these regions
even for large step sizes.
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Figure 3-3: Samples from NLA, ULA, and TULA for the ill-conditioned Gaus-
sian example of Figure 3-2, with ¥ = diag(1,2,...,100). We display the
projection onto the first (least spread) and last (most spread) population
principal components, along with the projection of a 95% confidence region.
Top: the step size for all algorithms is h = 0.7, Bottom: the step size for all
algorithms is A = 0.05.

Uniform sampling on a convex body

We demonstrate the efficacy of NLD established in Corollary 3 in a simple
simulation: sampling uniformly from the ill-conditioned rectangle [—a, a] X
[—1,1] with a = 0.01 (Figure 3-4). We compare NLA with the Projected
Langevin Algorithm (PLA) [BEL18], both with 200 iterations and h = 10~*.
For NLA, we take V(z) = —log(1 — 22) — log(a? — 22) and 8 = 1074, PLA
and MALA target the uniform distribution directly. NLA samples from an
approximate distribution, given in Section 3.4. The step sizes are chosen as
h = 1075 for NLA and PLA and h = 0.01 for MALA. The step sizes for PLA
and MALA are tuned to allow the algorithm to reach approximate stationarity
in the fewest number of iterations. MALA can use a larger step size because it
is unbiased (its stationary distribution coincides with the target distribution,
due to the Metropolis-Hastings adjustment). On the other hand, samples from
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Figure 3-4: Uniform sampling from the set [—0.01,0.01] x [—1,1]: PLA (blue)
vs. NLA (orange). See Section 3.6.
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Figure 3-5: W5 distance (on logarithmic scale) between the uniform distribution
on the rectangle [—0.01,0.01] x [—1, 1], and samples produced by NLA, PLA,
and MALA.

PLA tend to cluster around the boundary for larger step sizes, so we use a
smaller step size for both PLA (and NLA for fair comparison).

To evaluate the performance of the algorithms, we estimate the 2-Wasserstein
distance between the samples drawn by the algorithms and samples drawn
from the uniform distribution on the rectangle; see Figure 3-5. We use the
Sinkhorn distance (¢ = 0.01) as an approximation for the 2-Wasserstein dis-
tance [Cut13; AWRI17|. Specifically, we sample 1000 points in parallel, using
the three algorithms of interest. At each iteration, we also draw 1000 points
from the uniform distribution on the rectangle, and we compute the Sinkhorn
distance between these points and the samples produced by the algorithms.
The convergence estimates are averaged over 30 runs.
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3.7 Conclusion

We conclude this chapter by discussing several intriguing directions for future
research. In this chapter, we focused on giving clean convergence results for
the continuous-time diffusions MLD and NLD, and we leave open the problem
of obtaining discretization error bounds. In discrete time, Newton’s method
can be unstable, and one uses methods such as damped Newton, Levenburg-
Marquardt, or cubic-regularized Newton [CGT00; NP06]; it is an interesting
question to develop sampling analogues of these optimization methods. In a
different direction, we ask the following question: are there appropriate variants
of other popular sampling methods, such as accelerated Langevin [Ma+19]
or Hamiltonian Monte Carlo [Neal2|, which also enjoy the scale invariance of
NLD?
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Chapter 4

Particle based methods: SVGD

4.1 Introduction

As we have seen in Chapter 3, the perspective of sampling as a Wasserstein
gradient flow is fruitful both for analysing and proposing sampling algorithms.
In order to arrive at a practical sampling algorithm, one must discretize the
Wasserstein gradient flow. This chapter focuses on a novel discretized sampling
algorithm, Stein Variational Gradient Descent.

The most common discretization is to discretize the Langevin diffusion,
resulting in the Unadjusted Langevin Algorithm (ULA) [Dall7b; DM17]. How-
ever, it is unclear whether this diffusion based discretization is the most effective
one. In fact, ULA is asymptotically biased, which results in slow convergence
and often requires ad-hoc adjustments [Dwi+19]. To overcome this limitation,
various methods that track the Wasserstein gradient flow more closely have
been recently developed [Berl8; Wib18; SKL20].

An alternative sampling approach that avoids diffusions is to construct
a sequence of deterministic mappings that approximately pushes forward
an initial distribution to the target distribution. Let F' denote a functional
over the Wasserstein space of distributions. The Wasserstein gradient flow
of F' may be described as the deterministic and time-inhomogeneous Markov
process (X),-, started at a random variable X ~ 1, and evolving according

to X; = —[Vw,F(u)](X:), where p; denotes the distribution of X;. Here
Vi, F(u)](+) : R — R? is the Wasserstein gradient of F at u. If F(u) =
KL(-||pt), where 7 o< eV is a given target distribution on RY, it is known [AGS08;
Vil09; San17] that Vi, F(1) = V In(du/dr). Therefore, a natural discretization
of the Wasserstein gradient flow with step size h > 0, albeit one that cannot
be implemented since it depends on the distribution u; of X, is:

dpu

Xt+1:Xt—hV1n(E(Xt)), t:071,2,... .
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While y; can, in principle, be estimated by evolving a large number of
particles Xtm, e ,Xt[N], estimation of y; is hindered by the curse of dimension-
ality and this approach still faces significant computational challenges despite
attempts to improve the original JKO scheme [SKL20; WL20].

A major advance in this direction was achieved by allowing for approzimate
Wasserstein gradients, which makes the push forward maps tractable. More
specifically, Stein Variational Gradient Descent (SVGD), recently proposed
by [LW16] (see Section 4.2 for more details), consists in replacing Vyy, F'(1)
by its image K,Vw,F (1) under the integral operator K, : L*(n) — L*(u)
associated to a chosen kernel K : R? x R — R and defined by K, f(z) :=
[ K(z,y)f(y)du(y) for f € L*(n). This leads to the following process:

Xt+1 = Xt — h[KutVWQF(,Ut)KXt) y t = O7 1, 2, e (SVGDP)

where we apply the integral operator K, individually to each coordinate of
the Wasserstein gradient. In turn, this kernelization trick overcomes most of
the above computational bottleneck. Building on this perspective, [DNS19]
introduced a new geometry, different from the Wasserstein geometry and which
they call the Stein geometry, in which the continuous limit of (SVGD,) becomes
the gradient flow of the KL divergence.

However, despite this recent advance, the theoretical properties of SVGD
are still largely unexplored, resulting in little understanding of SVGD’s known
problems, such as mode collapse or a lack of guidance on how to choose an
appropriate kernel K. Consequently diffusion-based algorithms remain the
dominant choice for applications. In this chapter, we we provide a new and
stronger theoretical footing for the development of such deterministic mappings.

This chapter is based on the joint work [Che+20d], with Sinho Chewi,
Thibaut Le Gouic, Tyler Maunu, and Philippe Rigollet.

Our contributions . We introduce, in Section 4.2, a new perspective on
SVGD by viewing it as kernelized gradient flow of the chi-squared divergence
rather than the KL divergence. This perspective is fruitful in two ways. First,
it uses a single integral operator KC,—as opposed to (SVGD,), which requires a
family of integral operators K, ;1 < m—providing a conceptually clear guideline
for choosing K, namely: K should be chosen to make K, approximately equal
to the identity operator. Second, under the idealized choice K, = id, we show
that this gradient flow converges exponentially fast in KL divergence as soon
as the target distribution 7 satisfies a Poincaré inequality. In fact, our results
are stronger than exponential convergence and they highlight strong uniform
ergodicity: the gradient flow forgets the initial distribution after a finite time
that is at most half of the Poincaré constant. To establish this exponential
convergence under a relatively weak condition (Poincaré inequality), we employ
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the following technique. While the gradient flow aims at minimizing the chi-
squared divergence by following the curve in Wasserstein space with steepest
descent, we do not track its progress with the objective function itself, the
chi-squared divergence, but instead we track it with the KL divergence. This
is in a sense dual to argument employed in [Che+420b], where the chi-squared
divergence is used to track the progress of a gradient flow on the KL divergence.
A more standard analysis relying on Lojasiewicz inequalities also yields rates
of convergence on the chi-squared divergence under stronger assumptions such
as a log-Sobolev inequality, and log-concavity. These results establish the first
finite-time theoretical guarantees for SVGD in an idealized setting.

Beyond providing a better understanding of SVGD, our novel perspective
is instrumental in the development of a new sampling algorithm, which we
call Laplacian Adjusted Wasserstein Gradient Descent (LAWGD) and present
in Section 4.4. We show that it possesses a striking theoretical property:
assuming that the target distribution 7 satisfies a Poincaré inequality, LAWGD
converges exponentially fast, with no dependence on the Poincaré constant.
This scale invariance has been recently demonstrated for the Newton-Langevin
diffusion [Che+20b], but under the additional assumption that 7 is log-concave.
A successful implementation of LAWGD hinges on the spectral decomposition
of a certain differential operator which is within reach of modern PDE solvers.
As a proof of concept, we show that LAWGD, implemented using a naive
finite differences method, performs well on mixtures of Gaussians in one or
two dimensions, whereas SVGD fails. This is an indication that our novel
perspective could be the correct one to further advance the state-of-the-art
for sampling via deterministic mappings. Implementing LAWGD in high
dimensions is challenging, and we are not advocating for it as the definitive
solution of the sampling problem. Instead, LAWGD serves as the start of a
family of interacting particle systems with an interacting potential that depends
strongly and non-trivially on the target distribution and furthermore comes
with strong theoretical guarantees. We hope this chapter can encourage further
research in the application of numerical PDEs for sampling.

Related works . Since its introduction in [LW16], a number of variants
of SVGD have been considered. They include a stochastic version [Li+20], a
version that approximates the Newton direction in Wasserstein space [Det+18],
a version that uses matrix kernels [Wan+19], an accelerated version [Liu+19],
and a hybrid with Langevin [Zha+20a]. Several works have studied theoretical
properties of SVGD, including its interpretation as a gradient flow under a
modified geometry [Liul7; DNS19], and its asymptotic convergence [LLN19].

Notation . In this chapter, all probability measures are assumed to have
densities w.r.t. Lebesgue measure; therefore, we frequently abuse notation by
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identifying a probability measure with its Lebesgue density. For a differentiable
kernel K : R? x RY — R, we denote by VK : RY x R? — R? (resp. V,K) the
gradient of the kernel w.r.t. the first (resp. second) argument. When describing
particle algorithms, we use a subscrlpt to denote the time index and brackets
to denote the particle index, i.e., X refers to the i¢th particle at time (or
iteration number) ¢

4.2 SVGD as a kernelized Wasserstein
gradient flow

An introduction to the theory of gradient flows was given in Section 2.1. In this
chapter, we are primarily concerned with two functionals on the 2-Wasserstein
space: the Kullback-Leibler (KL) divergence Dy, (- || 7), and the chi-squared
divergence x*(- || 7) (see, e.g., [Tsy09]). We recall [AGS08; San15] that the
gradients of these functionals are, respectively,

dp

(VW2X2<' | W))( )= 2Vd— (4.1)

(Vi Dic | ) (1) = Vi L,

SVGD as a kernelized gradient flow of the KL divergence

SVGD! is achieved by replacing the Wasserstein gradient V In(dy,/dm) of

the KL divergence with IC,,V In(dp,/dm), leading to the particle evolution

equation (SVGD,,).
Recalling that m ox e~

d d
K,,Vn ’“ /K )V In Mtd,ut /K WV dpy — /v2 dut,

V. we get

where, in the second identity, we used integration by parts. This expression
shows that rather than having to estimate the distribution g, it is sufficient to
estimate the expectation [ VoK (x,-)dgu. This is the key to the computational
tractability of SVGD. Indeed, the kernelized gradient flow can implemented by

drawing N particles X(gl], X IN] i1 ~" 1o and following the coupled dynamics
ol _ i vty i i :
X, =-K,Vin I — (X} KX, )VVdu, + | VoK (X, ) dpy, i € [N].

With this, we can simply estimate the expectation with respect to y; with an

!'Throughout this chapter, we call SVGD the generalization of the original method
of [LW16; Liul7] that was introduced in [Wan+19].
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average over all particles, which yeilds the SVGD algorithm:

X = -

N N
Z Xt[l],X[]] VV X[J] Z tl],X[J]) = [N]

(4.3)

ZI?
ZI?

SVGD as a kernelized gradient flow of the chi-squared
divergence

Recall from Section 4.2 that by the continuity equation, the continuous limit
of the particle evolution equation (SVGD,) translates into the following PDE
that describes the evolution of the distribution p; of Xi:

d
Oups = div (K, VI 1), (SVGDy)
We make the simple observation that
d,ut dpu
ICMtVln nyVln y) due(y K(x (y)dm(y) = ICVd (x).

Thus, the continuous-dynamics of SVGD, as given in (SVGDy), can equivalently
be expressed as

Ouptr = div (1K, vi’“) (SVGD)

To interpret this equation, we recall that the Wasserstein gradient of the
chi-squared divergence x%(- || 7) at p is 2V (du/dr) (by (4.1)), so the gradient
flow for the chi-squared divergence is

d

Comparing (SVGD) and (CSF), we see that (up to a factor of 2), SVGD can be
understood as the flow obtained by replacing the gradient of the chi-squared
divergence, V(du/dm), by K.V (dp/dr).

Although (SVGD4) and (SVGD) are equivalent ways of expressing the same
dynamics, the formulation of (SVGD) presents a significant advantage: it
involves a kernel integral operator K, that does not change with time and
depends only on the target distribution 7.
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4.3 Chi-squared gradient flow

In this section, we study the idealized case where K taken to be the identity
operator. In this case, (SVGD) reduces to the gradient flow CSF. The existence,
uniqueness, and regularity of this flow are studied in [OT11; OT13] and [AGS08S,
Theorem 11.2.1].

The rate of convergence of the gradient flow of the KL divergence is closely
related to two functional inequalities: the Poincaré inequality controls the rate
of exponential convergence in chi-squared divergence ([Pav14, Theorem 4.4],
[Che+20b]) while a log-Sobolev inequality characterizes the rate of exponential
convergence of the KL divergence [BGL14, Theorem 5.2.1]. In this section, we
show that these inequalities also guarantee exponential rates of convergence of
CSF.

Recall that 7 satisfies a Poincaré inequality with constant Cp if

var, f < CpEL [V £, for all locally Lipschitz f € L*(r), (P)
while 7 satisfies a log-Sobolev inequality (LSI) with constant Cjg;
entr(f?) := Ex[f*In(f?)] — Ex[f*] InEr [ ] < 2C151 E[|V f|?] (LS

for all locally Lipschitz f for which ent, (f?) < oo.

We briefly review some facts regarding the strength of these assumptions.
It is standard that the log-Sobolev inequality is stronger than the Poincaré
inequality: (LSI) implies (P) with constant Cp < Cig. In turn, if 7 is a-
strongly log-concave, i.e. V2V = aly, then it implies the validity of (LSI) with
Clsi < 1/a, and thus a Poincaré inequality holds too. However, a Poincaré
inequality is in general much weaker than strong log-concavity. For instance,
if A2 denotes the largest eigenvalue of the covariance matrix of 7, then it is
currently known that 7 satisfies a Poincaré inequality as soon as it is log-concave,
with Cp < C(d)A2, where C(d) is a dimensional constant [Bob99; AB15; LV17],
and the well-known Kannan-Lovdsz-Simonovitz (KLS) conjecture [KLS95]
asserts that C'(d) does not actually depend on the dimension.

Our first result shows that a Poincaré inequality suffices to establish expo-
nential decay of the KL divergence along CSF. In fact, we establish a remarkable
property, which we call strong uniform ergodicity: under a Poincaré inequality,
CSF forgets its initial distribution after a time of no more than Cp/2. Uniform
ergodicity is central in the theory of Markov processes [MT09, Ch. 16] but is
often limited to compact state spaces. Moreover, this theory largely focuses
on total variation, so the distance from the initial distribution to the target
distribution is trivially bounded by 1.

Theorem 3. Assume that w satisfies a Poincaré inequality (P) with constant
Cp > 0 and let (), denote the law of CSF. Assume that x*(uo || 7) < oo.
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Then,

_ 2t
Dy (e || m) < Dxr(po || m)e P, Vit>0. (4.4)

In fact, a stronger convergence result holds:
2t
Dy (pe || m) < (Dxw(po || ) A2) e % Vi>— (4.5)

Proof. Given the Wasserstein gradients (4.1) in Section 2.1, we get that (1),
satisfies -

d d d
8tDKL(ut H7T) 2]EM<V1 /j: vd_l;-t —9R. [HV MtH }

Applying the Poincaré inequality (P) with f = du,/dm — 1, we get
2 2
O Dy (pe | m) < —==x"(pe | 7) < —=-Dxw(pe || 7)
Cp Cp

where, in the last inequality, we use the fact that Dxp(- || 7) < x2(- || m)
(see [Tsy09, §2.4]). The bound (4.4) follows by applying Gronwall’s inequality.

To prove (4.5), we use the stronger inequality Dy (- || 7) < In[1 4 x?(- || )]
(see [Tsy09, §2.4]). Our differential inequality now reads:

2 2
O Dy, (p || ) < —C—P(GDKL(WHW) —1) <= db(Dxu(p || 7)) < —C—Pl/f(DKL(Mt 7)),
where ¥(z) =1 — e * < 1. Gronwall’s inequality now yields

(i e[| ) < € (Do | ) <

U(x ) whenever ¢(z) < 1/e. Thus, if t > Cp/2, we get
e”

(G
Note that < 2
) <

O (Dxn (e || 7

Dxcr, (e || ) < 20 (D (e || 7)) < e

which, together with (4.4), completes the proof of (4.5). O

Remark 2. In [Che+20b], it was observed that the chi-squared divergence
decays exponentially fast along the gradient flow (y),-, for the KL divergence,
provided that 7 satisfies a Poincaré inequality. This observation is made precise
and more general in [MMSO09] where it is noted that the gradient flow of
a functional L dissipates a different functional U at the same rate that the
gradient flow of U dissipates the functional 4. A similar method is used to
study the thin film equation in [CT02] and [Carll, §5].
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Since we are studying the gradient flow of the chi-squared divergence, it is
natural to ask whether CSF converges to 7 in chi-squared divergence as well.
In the next results, we show quantitative decay of the chi-squared divergence
along the gradient flow under a Poincaré inequality (P), but we obtain only a
polynomial rate of decay. However, if we additionally assume either that 7 is
log-concave or that it satisfies a log-Sobolev inequality (LSI), then we obtain
exponential decay of the chi-squared divergence along CSF.

Theorem 4. Suppose that w satisfies a Poincaré inequality (P). Then, provided
X*(po || ) < o0, the law () of CSF satisfies

9Ck

| 7)< X0 | m) A (50

If we further assume that 7 is log-concave, then

e | ™) < XP(po || ) e 2%

Under the stronger assumption (LSI), we can show strong uniform ergodicity
as in Theorem 3.

Theorem 5. Assume that 7 satisfies a log-Sobolev inequality (LSI). Let (pit),5
denote the law of CSF, and assume that x*(uo||7) < oco. Then, for allt > 7C\q,

__t
X2<,Ut ” 7T> < (XQ(,UO ” 7T) A 2) e 9Cis |

Remark 3. Convergence in chi-squared divergence was studied in recent works
such as [CLL19; VW19; Che+20b]. From standard comparisons between infor-
mation divergences (see [Tsy09, §2.4]), it implies convergence in total variation
distance, Hellinger distance, and KL divergence. Moreover, recent works have
shown that the Poincaré inequality (P) yields transportation-cost inequali-
ties which bound the 2-Wasserstein distance by powers of the chi-squared
divergence [Dinl5; Led18; Che+20b; Liu20], so we obtain convergence in the
2-Wasserstein distance as well. In particular, we mention that [Che+20b] uses
the chi-squared gradient flow (CSF) to prove a transportation-cost inequality.

Proof of Theorem 4 (non-log-concave case). According to [Che+20b, Proposi-
tion 1], the Poincaré inequality implies the following inequality for the chi-
squared divergence:

9C} d
Clul ™™ < ZEJVENT Vi< (4.6)

Since the Wasserstein gradient of x2(- || ) at p is given by 2V (du/dr) (see
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Section 4.2), it yields

16

dp
00 (| m) = B[V I < 54

(g || )

Solving the above differential inequality yields

X* (ko || )

{1+ 8t\/X°(o [ )/ (9C»)}

which implies the desired result. O

X (e || ) <

We now prepare for the proof of exponentially fast convergence in chi-
squared divergence for log-concave measures. The key to proving such results
lies in differential inequalities of the form

d
Clullm) <GB [V, wu, (4.7)

which may be interpreted as a Polyak-Lojasiewicz (PL) inequality [KNS16] for
the functional x?(- || 7). PL inequalities are well-known in the optimization
literature, and can be even used when the objective is not convex [Che+20c].
In contrast, the preceding proof uses the weaker inequality (4.6), which may
be interpreted as a Lojasiewicz inequality [Loj63].

To see that a PL inequality readily yields exponential convergence, observe
that

dpte 2 H

O (pa | ) = —AB,, [V ——X (e || ) -

Together with Gronwall’s inequality, the differential inequality yields x?(ju ||
7) < X(uo || 7)€ .

In order to prove a PL inequality of the type (4.7), we require two ingredients.
The first one is a transportation-cost inequality for the chi-squared divergence
proven in [Liu20], building on the works [Dinl5; Led18]. It asserts that if 7
satisfies a Poincaré inequality (P), then the following inequality holds:

W3 (u,m) < 20px>(p || ), Vp < (4.8)

For the second ingredient, we use an argument of [OV00] to show that if
7 satisfies a chi-squared transportation-cost inequality such as (4.8), and in
addition is log-concave, then it satisfies an inequality of the type (4.7). We
remark that the converse statement, that is, if 7 satisfies a PL inequality (4.7)
then it satisfies an appropriate chi-squared transportation-cost inequality, was
proven in [Che+20b] without the additional assumption of log-concavity. It
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implies that for log-concave distributions, the PL inequality (4.7) and the
chi-squared transportation-cost inequality (4.8) are, in fact, equivalent.

Theorem 6. Let  be log-concave, and assume that for some q € (1,00) and a
constant C > 0,

Wi(u,m) < OCul| )™, V<

Then,

d
Pl ) < ac Eﬂ[HVﬁHﬂ, Vo<, (4.9)

where p satisfies 1/p+1/q = 1.

Proof. Following [OV00], let T' be the optimal transport map from p to 7.
Since x2(- || m) is displacement convex [OT11; OT13] and has Wasserstein
gradient 2V (dp/dm) at p (c.f. Section ?7?), the “above-tangent” formulation of
displacement convexity ([Vil03, Proposition 5.29]) yields

d . d
0= [|7) 2 x| ) + 2B, (V2. T = id) 2 (e || ) — 2Walpa, m)y B, [[[V =),

where we used the Cauchy-Schwarz inequality for the last inequality. Rearrang-
ing the above display and using the transportation-cost inequality assumed in
the statement of theorem, we get

X ) < 2, B [[ VL) < 2% CE, |71 200 m).

The result follows by rearranging the terms. O]

Proof of Theorem j (log-concave case). From the transportation-cost inequal-
ity (4.8) and Theorem 6 with p = ¢ = 2, we obtain

du
V(ullm) < SCrE[[[V |

This PL inequality together with Gronwall’s inequality readily yields the
result. O]

We conclude this section with the proof of Theorem 5, which shows expo-
nential convergence of CSF in chi-squared divergence under the assumption of
a log-Sobolev inequality (LSI) (but without the assumption of log-concavity).

Proof of Theorem 5. We first claim that

O (e | 7) < — 32 | ) + ¥ (e || 7) + 1] (4.10)

9C\s
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Indeed, applying (LSI), we obtain

d d
e 17) = =1 [ 7S = -2 o e e <

Next, the variational formula for the entropy gives

dpue 3
t(|l—1| ).
—ent (|

ent, f = sup{E,(fg) : g satisfies E,expg = 1},

see [Han16, Lemma 3.15] or [BLM13, Theorem 4.13]. Choosing g = In(dy,/dm)
yields

du dpg 3, dp 1 du du
ey 5 [ Yy By L gy B
1 dpg 3 dp
> L |2 g, [ 2
du dptg 2
> L |2 s |

N DN — W

D (e || ) + 1072 D (e | ) + 1],

where in the second inequality, we used that x +— xInx is convex on R, and
in the third, we used that it increasing when x > 1 together with

d
Ewﬂd—l:ﬁ =14+ X (w7 >1

This proves (4.10).

To simplify the inequality (4.10), we use the crude bounds

if X (e | 7) Z e =1

1
In[x? +1] >4
n[X (Nt H 7T> ] = {XZ(Nt ” 71-)/27 otherwise.

It yields respectively

(4.11)

2 (22 || 72 i (|| ) > e — 1,
O | ) < {x@ﬁ) SAbE

9Cis1 | X2 (e || ), otherwise.

Solving the differential inequality in the first case yields

9C s1v/ X% (o || ) ]2 < [QCLSI]Q’

9C 51 + 2t/ Xx3(po || )
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so that in this first case, it must holds that

9CLsi
t < ———— < 3.5C 5 =: tp.
Therefore, if t > ¢, we are in the second case. In particular, x?(uy, || 7) <
e — 1 < 2 and integrating the differential inequality between tq and ¢ we get

9 9 _2(157150) 9 _Z(tft())
X (e [ ) < X (g [ ) e G < () (o | 1) A2) e osi
where in the last inequality, we used the fact that ¢ — x2(u|| ) is decreasing so
that it also holds x*(p, || 7) < x*(po || 7). In particular, taking ¢ > 2ty = 7Cys)
yields the desired result. O

4.4 Laplacian Adjusted Wasserstein Gradient
Descent (LAWGD)

While the previous section leads to a better understanding of the convergence
properties of SVGD in the case that IC, is the identity operator, it is still
unclear how to choose the kernel K to approach this idealized setup. For SVGD
with a general kernel K, the calculation rules of Section 4.2 together with the
method of the previous section yield the formula

d d
OiDicw (e | @) = —Eo(VLE K, V),

7 drm
for the dissipation of the KL divergence along SVGD. From this, a natural way
to proceed is to seek an inequality of the form

E.(f, Ko f) = Ex[f?, for all locally Lipschitz f € L*(r). (4.12)

Applying this inequality to each coordinate of V(du,/dr) separately and using
a Poincaré inequality would then allow us to conclude as in the proof of
Theorem 3. The inequality (4.12) can be interpreted as a positive lower bound
on the smallest eigenvalue of the operator K,. However, this approach is
doomed to fail; under mild conditions on the kernel K, it is a standard fact
that the eigenvalues of I, form a sequence converging to 0, so no such spectral
gap can hold.?

This suggests that any approach which seeks to prove finite-time convergence
results for SVGD in the spirit of Theorem 3 must exploit finer properties of the
eigenspaces of the operator .. Motivated by this observation, we develop a new

2It is enough that K is a symmetric kernel with K € L?(7 ® ), and that 7 is not discrete
(so that L?(r) is infinite-dimensional); see [BGL14, Section A.6].
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algorithm called Laplacian Adjusted Wasserstein Gradient Descent (LAWGD)

in which the kernel K is chosen carefully so that K, = £~ ! is the inverse of

the generator of the Langevin diffusion that has 7 as invariant measure.
More precisely, the starting point for our approach is the following integration

by-parts formula, which is a crucial component of the theory of Markov semi-
groups [BGL14]:

E.(Vf,Vg) =E.[fZLyg], for all locally Lipschitz f,g € L*(x), (4.13)

where £ := —A + (VV,V-). The operator .Z is the (negative) generator of
the standard Langevin diffusion with stationary distribution = [Pav14, §4.5].
We refer readers to Section 4.5 for background on the spectral theory of Z.

In order to use (4.13), we replace the vector field —/C,V(du,/dm) by the
vector field =V, (du:/dr). The new dynamics follow the evolution equation

d
Oup = div (1 VI, Y. (LAWGD)
The vector field in the above continuity equation may also be written

VK, d’“ /v K(z d“t /v K(z,-) dug.

Replacing p; by an empirical average over particles and discretizing the
process in time, we again obtain an implementable algorithm, which we give as
Algorithm 1.

Algorithm 1 LAWGD (K¢, o)

1: draw N particles X(gl], e ,X[N] RS Lo

2: fort=1,...,T—1do

3: for:=1,...,N do ‘
4: X Xz] N Z] L ViKe (X)), x )
5 end for

6: end for

7: return X[ ] ...,X:[,,N]

A careful inspection of Algorithm 1 reveals that the update equation for
the particles in Algorithm 1 does not involve the potential V' directly, unlike
the SVGD algorithm (4.3); thus, the kernel for LAWGD must contain all the

information about V.
Our choice for the kernel K is guided by the following observation (based
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on (4.13)):

d d d d
Dt 1) =~ ) [ )

As a result, we choose K to ensure that K, = .2~!. This choice yields

oD | m) = B, (2~ 1)) =~ llm). (410

It remains to see which kernel K implements K, = £~!. To that end,

assume that . has a discrete spectrum and let (A\;, ¢;), i = 0,1,2,... be its

eigenvalue-eigenfunction pairs where A;s are arranged in nondecreasing order.

Assume further that A\; > 0 (which amounts to a Poincaré inequality; see
Section 4.5) and define the following spectral kernel:

Ke(w.y) =3 M (4.15)

We now show that this choice of kernel endows LAWGD with a remarkable
property: it converges to the target distribution exponentially fast, with a
rate which has no dependence on the Poincaré constant. Moreover, akin to
CSF—see (4.5)—it also also exhibit strong uniform ergodicity.

Theorem 7. Assume that £ has a discrete spectrum and that ™ satisfies a
Poincaré inequality (P) with some finite constant. Let (j11),~, be the law of

LAWGD with the kernel described above. Then,
DKL(,Ut ”7?) S (DKL(,UO H 7T)/\2) e_t, Vtz 1.

Proof. In light of (4.14), the proof is identical to that of Theorem 3. ]

The convergence rate in Theorem 7 has no dependence on the target measure.
This scale-invariant convergence also appears in [Che+20b], where it is shown
for the Newton-Langevin diffusion with a strictly log-concave target measure 7.
In Theorem 7, we obtain similar guarantees under the much weaker assumption
of a Poincaré inequality; indeed, there are many examples of non-log-concave
distributions which satisfy a Poincaré inequality [VW19).

4.5 Review of spectral theory

In this chapter, we consider elliptic differential operators of the form . =
—A + (VV,V:), where V is a continuously differentiable potential. In this
section, we provide a brief review of the spectral theory of these operators, and
we refer to [Eval0, §6.5] for a standard treatment.
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The operator .Z (when suitably interpreted) is a linear operator defined on
a domain 2 C L*(r). For any locally Lipschitz function f € L?(r), integration
by parts shows that

E-[fZf] = E[VfI].

Therefore, .£ has a non-negative spectrum. Also, we have .Z1 = 0, so that
0 is always an eigenvalue of .. We say that £ has a discrete spectrum
if it has a countable sequence of eigenvalues 0 = \g < A} < Ay < A3 <

- and corresponding eigenfunctions (¢;);—, which form a basis of 2. The

eigenfunctions can be chosen to be orthogonal and normalized such that
|#3l| £2(r) = 1; we always assume this is the case. Then, .2’ can be expressed as

L= Xibi, )2 i
=1

The operator .Z has a discrete spectrum under the following condition

([Fri34], [RS78, Theorem XIII.67], [BGL14, Corollary 4.10.9]):

Vs e Li (RY),  infVs> —o00,  and H lﬁm Vs(z) = 400,
Z||—0o0
where Vs := —AV + £|[VV||2. Moreover, under this condition we also have
Ai — 00 as i — +o00. For example, this condition is satisfied for V(z) = ||x||“

for @ > 1, but not for « = 1. In fact, for @ = 1, the spectrum of £ is not
discrete [BGL14, §4.1.1].

The Poincaré inequality (P) is interpreted as a spectral gap inequality,
since it asserts that Ay = 1/Cp > 0. Thus, under a Poincaré inequality,
L 9n{f € L*n)|E,f=0}— L*x) is bijective. Moreover, if it has a

discrete spectrum, its inverse satisfies

L= Z /\;1 (Dis ) L2(r) Pi-
i=1

4.6 Numerical experiments

We compared the performances of LAWGD with SVGD in some experiments.
All methods were implemented in Python. Since the Schrodinger operator
requires the Laplacian and gradient of the potential V', we employ automatic
differentiation to avoid laborious calculations of these derivatives.

To implement Algorithm 1, we numerically approximate the kernel K = K¢
given in (4.15). When 7 is the standard Gaussian distribution on R, the
eigendecomposition of the operator £ in (4.13) is known explicitly [BGL14,
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Figure 4-1: Samples from the standard Gaussian distribution generated by
LAWGD, with kernel approximated by Hermite polynomials.

§2.7.1]. Specifically, the probabilists’ Hermite polynomials are well-known to be
eigenfunctions of the 1D Ornstein-Uhlenbeck operator £ given by £ f(x) :=
—f"(z)+x f'(x), and they satisfy the recursive relationship H,,,1(x) = xH,(x)—
nH,_1(z), with Hyo(z) = 1 and Hi(x) = z. It also holds that H)(z) =
nH,_1(z). With these equations, it is easy to check that the eigenvalue
corresponding to H, is A, = n. These are used as the eigenfunctions and
eigenvalues, and we approximate the kernel via a truncated sum: K (x,y) =
Zle A tpi(2)¢i(y) (Figure 4-1) involving the smallest eigenvalues of .. In
Figure 4-1 we use the first £ = 150 Hermite polynomials, and we run LAWGD
for 2000 iterations with a constant step size, with initial points drawn uniformly
from the interval [2.5,4.5].

In the general case, we implement a basic finite difference (FD) method
to approximate the eigenvalues and eigenfunctions of .. We obtain better
numerical results by first transforming the operator .Z into the Schrodinger
operator %5 := —A+Vs, where Vs := 1||[VV||?= 1AV If ¢s is an eigenfunction
of % with eigenvalue A (normalized such that [ ¢ = 1), then ¢ := e"/?¢s
is an eigenfunction of L also with eigenvalue A (and normalized such that
[ ¢*dm = 1); see [BGL14, §1.15.7].

On a grid of points (with spacing ¢), if we replace the Laplacian with the
FD operator A f(z) := {f(z —¢) + f(x +¢) — 2f(x)}/e? (in 1D), then the
FD Schrodinger operator %s. := —A. + Vs can be represented as a sparse
matrix, and its eigenvalues and (unit) eigenvectors are found with standard
linear algebra solvers.

When the potential V' is known only up to an additive constant, then
the approximate eigenfunctions produced by this method are not normalized
correctly; instead, they satisfy ||¢[|12(x) = C for some constant C' (which is the
same for each eigenfunction). In turn, this causes the kernel K in LAWGD to
be off by a multiplicative constant. For implementation purposes, however,
this constant is absorbed in the step size of Algorithm 1. We also note that
the eigenfunctions are differentiated using a FD approximation.

To demonstrate, we sample from a mixture of three Gaussians: %/\/' (—3,1)+

IN(0,1) + 2N (4,2). We compare LAWGD with SVGD using the RBF kernel
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Figure 4-2: LAWGD and SVGD run with constant step size for a mixture of
three Gaussians. Both kernel density estimators use the same bandwidth.

and median-based bandwidth as in [LW16]. We approximate the eigenfunctions
and eigenvalues using a finite difference scheme, on 256 grid points evenly
spaced between —14 and 14. Constant step sizes for LAWGD and SVGD are
tuned and the algorithms are run for 5000 iterations, and the samples are
initialized to be uniform on [1,4]. The results are displayed in Figure 4-2. All
256 discrete eigenfunctions and eigenvalues are used.

In Figure 4-3, we display an example of sampling 50 particles from a mixture
of two 2-dimensional Gaussian distributions given by m = SN ((—1, —1)T, I) +
%N((l, 1)7, I,), using LAWGD and SVGD. To run this experiment, we use a
2-dimensional FD method, which approximates the Laplacian as

f(l’—{-f,y)—I—f(l’—l—{f,y)—f-f(fb,y—&)—f—f(l‘,y—f—ff)—4f({L‘)
82

A f(x,y) =

We again use the Schrodinger operator for stability and use FD again to
compute the gradients of the eigenfunctions. We use a 128 x 128 grid of evenly
spaced z and y values between —6 and 6. We calculate only the bottom 100
eigenvalues and eigenfunctions, since the other eigenfunctions incur additional
computational cost without noticeably changing the result. Any negative
eigenvalues (which arise from numerical errors) are discarded.

SVGD is run with the RBF kernel and median-based bandwith. True
samples from 7 are displayed for comparison. Both LAWGD and SVGD are
run for 20000 iterations with a constant step size. The samples from LAWGD
tend to move very fast from their initial positions and then tend to settle into
their final positions as seen in Figure 4-3. On the other hand, with constant
step size, the samples of SVGD do not seem to converge, and one must use a
decreasing step size scheme in order for the particles to stabilize. We also note
that many of the samples generated by SVGD tend to blow up with a constant
step size.

In Figure 4-4, we plot the particles of LAWGD and SVGD at iterations 100,
200, 1000, and 2000 to compare the speed of convergence.

53



® True samples

N
W e

Figure 4-3: Left: 50 particles and trajectories generated from

sN((—1, =17, L) + 3N((1,1)7, I,) with LAWGD. Middle: 50 particles and
trajectories generated by SVGD. Right: true samples from the distribution.

Figure 4-4: Top: LAWGD after 100, 200, 1000, and 2000 iterations. Bottom:
SVGD after 100, 200, 1000, and 2000 iterations.

4.7 Conclusion

We conclude this chapter with some interesting open questions. The intro-
duction of the chi-squared divergence as an objective function allows us to
obtain both theoretical insights about SVGD and a new algorithm, LAWGD.
This perspective opens the possibility of identifying other functionals defined
over Wasserstein space and that yield gradient flows which are amenable to
mathematical analysis and efficient computation. Towards this goal, an intrigu-
ing direction is to develop alternative methods, besides kernelization, which
provide effective implementations of Wasserstein gradient flows. Finally, we
note that LAWGD provides a hitherto unexplored connection between sampling
and computing the spectral decomposition of the Schrodinger operator, the
latter of which has been intensively studied in numerical PDEs. We hope our
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work further stimulates research at the intersection of these communities.
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Chapter 5

MALA

5.1 Introduction

In this chapter we will analyse a widely used, practical implementation of the
Langevin diffusion. A popular trick used to discretize continuous stochastic
processes is Metropolis-Hastings (MH) adjustment [Met+53; Has70], which cor-
rects for the bias in the naive discretization. The class of Metropolis-Hastings
(MH) adjusted algorithms [Met+53; Has70], which includes the Random Walk
Metropolis algorithm (RWM), the Metropolis-Adjusted Langevin Algorithm
(MALA), and Hamiltonian Monte Carlo (HMC), is particularly popular in prac-
tice. Yet their convergence properties are still not well understood, especially
their dependence on the problem dimension, a parameter of particular interest
in modern applications. Using tools introduced in previous chapters, we will
focus on the analysis of MALA and its dimension dependence.

Formally, we consider the task of sampling from a target distribution m
supported on R, with density 7(x) o exp(—V(x)), where V : R — R is
a strongly convex and smooth potential. [RGG+97] initiated the study of
dimension dependence of RWM by means of an asymptotic framework: namely,
when 7 is a product distribution, a scaling limit exists for RWM as the dimension
tends to infinity with a dimension-dependent step size h ~ d~!, thereby
suggesting that the number of steps needed for RWM to reach stationarity is
on the order of d. Subsequently, [RR98] [see also PST12] extended the scaling
limit approach to MALA, suggesting that the dimension dependence for MALA
is d'/3 for sufficiently regular potentials and step size h ~ d~'/3. Beyond its
theoretical implications, this result has had a tremendous practical impact by
guiding the choice of step size for MALA even for distributions far beyond the
scope of their seminal paper. Understanding the applicability of this result,
and ultimately the optimal rate of convergence of MALA, requires a careful
inspection of the framework laid out in [RR98]. It turns out that it is rather
limited in several aspects. Perhaps most notably, it requires 7 to be a product
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distribution, which excludes distributions with complex dependence structures
that are now routinely encountered in high-dimensional statistics. Moreover, it
applies only to potentials V' with higher-order derivatives; this is not a mere
technical artefact since the limit acceptance probability of MALA as d — oo
involves the third derivative of V. Finally, the asymptotic nature of the scaling
limit result only suggests dimension dependence in the asymptotic limit as
d — o0, so it potentially washes away important effects that may arise for
finite d.

Thus it is natural to investigate the rate of convergence of MALA from a
perspective that is now customary in the machine learning and optimization
literature: by establishing non-asymptotic rates of convergence that hold
uniformly over natural classes of target distributions which go beyond product
distributions. We begin with the simplest and most natural setting and ask:

What is the optimal dimension dependence of the mixing time of
MALA uniformly over the class of a-strongly convex and [-smooth
potentials?

Interestingly, and somewhat surprisingly, we show that while the rate d'/3
originally established by [RR98] is indeed optimal for some product distributions
such as the standard Gaussian, it is not optimal uniformly over the class of
smooth and strongly convex potentials of interest in this chapter. In fact, for
any choice of d, we exhibit a product distribution with infinitely differentiable
potential on which MALA requires a stepsize much smaller than d~'/3, thus
resulting in a worse mixing time. This construction confirms the limitations of
the scaling limit approach to establishing optimal dimension dependence.

This chapter is based on the joint work [chewietal2020mala], with Sinho
Chewi, Kwangjun Ahn, Xiang Cheng, Thibaut Let Gouic, and Philippe Rigollet.

Related works. The non-asymptotic performance of sampling algorithms
uniformly over the class of smooth and strongly convex potentials has been the
object of intense research activity recently. For example, [Dwi+19; Che+20a]
show that on this class of potentials, RWM can draw samples with at most
e error in chi-squared divergence with O(dlog %) steps, thereby providing a
non-asymptotic affirmation of the scaling limit of [RGG+97]. However, far less
is known about optimal rates for MALA. The current best result for MALA
on the class of smooth and strongly convex potentials is the paper [Che+20a],
which proves a complexity of O(dlog %) steps to achieve ¢ error in chi-squared
divergence. They also raise the question of whether there is a gap between the
complexities of RWH and MALA.

[MV19] took a direct aim at improving the dimension dependence of mixing
time bounds for MALA. They succeeded in obtaining a bound of O(d??) albeit
at the cost of stringent hypotheses. More specifically, they assume bounds on
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the third and fourth derivatives of the potential V'; when these bounds are O(1)
(which is true for the standard Gaussian) then their mixing time is O(d?/3);
see the discussion in [Che+20al.

Our contributions. In this chapter, we show that the mixing time in chi-
squared divergence for MALA on the class of smooth and strongly convex
potentials with a warm start is ©(d'/2). Our result consists of two parts: an
upper bound on the mixing time which improves to optimality prior results
such as [Dwi+19; Che+20a], as well as the construction of smooth and strongly
convex potentials on which the mixing time of MALA is no better than d'/2.

In addition to establishing the optimal dimension dependence for MALA, our
result is also one of the strongest guarantees for sampling with a warm start to-
date, irrespective of the algorithm. Indeed, the algorithms which achieve similar
or better dimension dependence compared to our result are: the underdamped
Langevin algorithm [Che+18c, O(d'/?)], the higher-order Langevin algorithm
[Mou+20, O(d'/?)], the randomized midpoint discretization of underdamped
Langevin [SL19, O(d'/?)], and Hamiltonian Monte Carlo [MV18, O(d'/4)].
However, the dependence of these results on 1/¢ is polynomial, whereas our
dependence on 1/¢ is polylogarithmic. Therefore, for a wide range of accuracy
values which are inverse polynomial in the dimension (e.g., ¢ = 1/d), our result
attains the best-known dependence on the dimension.

In order to prove our upper bound on the mixing time, we introduce new
techniques based on the characterization of the Metropolis filter as a projection
of the Markov transition kernel in expected L, distance [BDO1]. Our techniques
effectively reduce the problem of bounding the mixing time to controlling the
discretization error between the continuous-time and discretized Langevin
processes, which has been extensively studied in the sampling literature. We
do not aim to give a comprehensive bibliography here, but we note that our
discretization analysis is closest to the papers [DT12; Dall7c|. In this way, our
upper bound has the potential to connect the vast literature on discretization
of SDEs with the more difficult analysis of Metropolised algorithms, although
it is likely that further innovations are necessary before the study of the latter
is completely reduced to the former.

Notation. We use the symbol & to denote a d-dimensional vector, and the
plain symbol = to denote a scalar variable. We abuse notation by identifying
measures with their densities (w.r.t. Lebesgue measure); thus, for instance,
7 represents the stationary distribution (a measure), and the notation ()
refers to the corresponding density evaluated at x.
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5.2 Preliminaries

Assumptions

We consider the problem of sampling from a distribution = supported on R¢.
The density of the distribution is given by 7(x) o exp(—V (x)), and we refer
to V : R? — R as the potential. Throughout the paper, we will assume that V
is twice continuously differentiable, a-strongly convex, and -smooth, meaning

aly = V2V (x) = Bl;, VaxecRL

We assume that § > 1 > «, and we denote by k := §/a the condition number.

For the sake of normalization, we assume that V' (0) = min V' = 0, so that
vV (0) = 0.

Metropolis-Adjusted Langevin Algorithm (MALA)

Before stating our main results, we give some background on MALA and tools
for establishing convergence rates of Markov chains.

Given a step size h > 0, MALA produces a sequence (x,),-, of random
points in R? as follows. First, MALA is initialized at @ ~ po. Then, for n > 0,
repeat the following two-step procedure:

1. Proposal step: sample y,, ., ~ Q(x,,-), where

1
Qx,-) = W exp(—

|- —x+ hVV(a:)H2>
4h '

This proposal density corresponds to one step of the unadjusted Langevin
algorithm.

2. Accept-reject step: set

v ) Y with probability A(x,, ¥y, )
"1 @, with probability 1 — A(a,, Ypit1)

where the acceptance probability is given by

Alz,y) :=1Na(z,y) , a(x,y) = (5.1)

It is well-known that MALA outputs a sequence of random variables (),
that forms a reversible Markov chain with stationary distribution 7 and Markov
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transition kernel given by
T(x,y) = [1 - A(x)] 62(y) + Q(z, y) Az, y),
5.2
= /Q(w, y)A(z,y)dy > 0. 52)

For the rest of the paper, it is important to note that A, @, etc. depend on the
step size h.

There are many choices to measure proximity of the MALA output with the
target distribution. In this chapter, we focus on the Total Variation distance
(TV), the Kullback-Leibler divergence (KL), the chi-squared divergence (x?),
and the 2-Wasserstein distance (W3). Given a measure of discrepancy d between
probability measures, we define the mixing time, with initial distribution g,
as follows:

Tmix (€, to;d) == 1inf{n € N : @y ~ po, d(pn,m) <e}.

Extensions to other discrepancies, such as the p-Wasserstein distance for
p < 2 or the Hellinger distance, are straightforward and omitted for brevity.

The mixing time of a Markov chain is governed by its spectral gap, which
we now introduce. To that end, recall that the Dirichlet form associated with
the MALA kernel T is the quadratic form

E(f.9) =E[f(id—T)g],  f.geL*n),

where (T'g)(x) := [ g(y) T'(x,dy). The spectral gap is defined as
A= mf{ varf feL*(m), var f > O}. (A)

Since it is often difficult to control the spectral gap directly, it is also convenient
to introduce the conductance, defined as

7(d
C:= inf{fs (de) : SCRY 7(9) <

w(s> - (©)

N | —

By Cheeger’s inequality [LS88], it holds that

c2<a<C (5.3)

5.3 The Gaussian case

As our work is motivated by the diffusion scaling limit of [RR98], which predicts
a d/® mixing time for MALA, it is natural to begin our investigations by asking
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whether this is indeed the correct order of the mixing time in the simplest
possible setting: namely, when 7 is the standard Gaussian distribution. Our
first contribution is to establish that it is indeed the case even for finite d.
We formulate here an informal result and postpone a more detailed statement
together with a proof to Section 5.8. Though it is expected, this result appears
to be new.

Theorem 8 (informal). If the target distribution 7 is the standard Gaussian
distribution, then the mizing time of MALA under a warm start is ©(d'/?),
and is achieved with step size h ~ d~/3.

The proof of this result is based on explicit calculations. While limited to
the Gaussian case, its inspection is instructive for potential extensions to other
distributions.

On the one hand, the upper bound on the mixing time relies on fine cancel-
lations in the acceptance probability using the explicit form of the Gaussian
distribution, which is unavailable for more general potentials. In general, it is
difficult to control the acceptance probability directly, and this seems to be
the main obstacle to sharpening the mixing time bound in [Dwi+19]. This
observation motivates us to seek an indirect way of controlling the acceptance
probability in the next section.

On the other hand, while the Gaussian target distribution readily yields
a lower bound over the class of potentials with smooth and strongly convex
potentials, it turns out to be too loose to address the optimality of MALA.
In Section 5.5, we show that a tighter lower bound may be achieved using a
carefully chosen perturbation of the Gaussian distribution.

5.4 Upper bound

In order to prove an upper bound on the mixing time of MALA, we assume
that we have access to a warm start. This is a common assumption which has
been employed in previous works on MALA, e.g. [Dwi+19; MV19; Che+20a].

Definition 2 (warm start). We say that the initial distribution pg is My-warm
with respect to 7 if for any Borel set E C RY, it holds that po(E) < Myn(E).
When clear from the context, we simply say that an algorithm has a My-warm
start to indicate that it is initialized at an Mg-warm distribution and omsit
reference to the target distribution.

We now state our upper bound on the mixing time of MALA, which shows
that under a warm start the mixing time of MALA is O(V/d).
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Theorem 9. Fiz ¢ > 0 and consider a target distribution m satisfying the
assumptions of Section 5.2. Then MALA with a My-warm start and step size

COél/2

B —
BA/3d1/2 log(drk My /¢)

for a sufficiently small absolute constant ¢ > 0, has mizing time given by

Y312 M, M,
. . <= - i v
Tmix (€, to; d) < I 10g< 5 >1og<d/f+ . ) )

for each of the distances
d e {TV, VKL, v/x2, VaW,}.

The main properties of strongly log-concave distributions that we use in
the proof are summarized in Lemma 10. As long as 7 satisfies these properties,
the upper bound technique may be applied under weaker assumptions, e.g.,
a log-Sobolev inequality. We do not pursue these extensions further in this
chapter.

We primarily work with the total variation distance to establish the above
upper bound on the mixing time and translate this result to the chi-squared
divergence by leveraging My-warmness of all the iterates of the MALA chain.
In turn, this result extends to the KL divergence using a standard comparison
inequality [see, e.g., Tsy09, Chapter 2] and ultimately to the Wasserstein
distance using Talagrand’s transportation inequality for strongly log-concave
distributions.

The bound above is likely not sharp in terms of the accuracy parameter
¢ and the warm start parameter M,. Indeed, we expect the dependency on
the accuracy parameter to be log(1/¢), and the paper [Che+20a] develops a
method, based on the conductance profile, to reduce the warm start dependence
to loglog Mj. Since the quantity log M, can introduce additional dimensional
factors under a feasible start [Dwi419], it is important to improve the depen-
dency on M. We leave open the question of refining our techniques to achieve
these improvements.

Since our upper bound proof may be of interest for analyzing other sampling
algorithms based on Metropolis-Hastings filters, we now proceed to give a
technical overview of the ideas involved in the upper bound. Throughout,
we use the notation Q(+), Tx(-), etc. as a shorthand for the kernels Q(x, ),
T(x,-), etc.

We begin by describing the approach of [Dwi+19], which will serve as a
reference. The standard technique for bounding the conductance of geometric
random walks is the following lemma [see, e.g., LV18a, Lemma 13].
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Lemma 1. Suppose that for all z,y € R? with || — y|| < r, it holds that
|Te — Tyllrv < 3/4. Then, the conductance of the MALA chain satisfies

C= Var.

In light of this lemma, [Dwi+19] considers the following decomposition:

1T = Tylloy < [[Te = Qalloy + [|Qe — Qyllry + Ty = Qyllev. (5:4)

The middle term is the TV distance between two Gaussian distributions, and
using Pinsker’s inequality it is straightforward to show that

- 2
|Qz — Qyllrv < M, provided h < =,

V2h B

see [Dwi+19, Lemma 3]. On the other hand, bounding the first and third
terms in the decomposition (5.4) requires carefully controlling the acceptance
probability of MALA. [Dwi+19] show that these terms can be controlled when
the step size is of order h ~ 1/d. An application of Lemma 1 with r ~ Vh
yields a conductance bound of C = Q(1/+/d) and in turn, a spectral gap bound
of A = Q(1/d) by Cheeger’s inequality (5.3). Overall, this approach yields a
mixing time bound is O(d).

In order to prove a stronger mixing time bound of O(v/d), we must consider
much larger step sizes (of order h ~ 1/+/d), and in this regime, controlling the
acceptance probabilities by hand requires a daunting computational effort. In
fact, [RR98] already resort to a computer-aided proof to study the asymptotics
of the acceptance probability. Our first main idea is to use the well-known
fact [BDO1] that for any proposal @, the corresponding Metropolis-adjusted
kernel T is the closest Markov kernel to ), among all reversible Markov kernels
with stationary distribution 7.

Lemma 2. Let () be an atomless proposal kernel, and let T be the kernel
obtained from Q by Metropolis adjustment (defined by (5.1) and (5.2)). Let Q
be any kernel that is reversible with respect to m and has no atoms. Then, for
x ~ T, it holds that

EHTw - QmHTV S 2E||Q:t - QwHTV .
Proof. See Section 5.6. O]

We apply this result by comparing the MALA kernel T" with the transi-
tion kernel @ of the continuous-time Langevin diffusion run for time A. In
other words, Q(z, -) is the law of X, where (X),-, evolves according to the
stochastic differential equation (LD), which we restate here for convenience:

dXt = —VV(Xt) dt + \/EdBt, XO =, (55)
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and (By),s, is a standard Brownian motion. Using standard arguments from

stochastic calculus (see (5.11)), we show that E||Qy — Qzllrv = O(hVd)
(see (5.11)). This suggests that we can take the step size to be h < 1//d.
However, since the lemma only controls the first and third terms of the de-
composition (5.4) in expectation, it is not enough to yield a good lower bound
on the conductance via Lemma 1. To remedy this, we prove a new pointwise
version of the projection characterization of Metropolis adjustment.

Theorem 10. Let () be an atomless proposal kernel, and let T be the kernel
obtained from Q by Metropolis adjustment (defined by (5.1) and (5.2)). Let Q
be any kernel that is reversible with respect to ™ and has no atoms. Then, for
every € R,

m(y)Q(y, x) ’Q(y, )
m(x)  'Qy.x)

Consequently, for any conver increasing function ® : R, — Ry and = ~ ,

Yy~ Q(QZ, '>;

—1|dy.  (5.6)

1Ty — Qullry < 21|Ga — Qullny + /

EO(IT, = Qullre) < 3ES( Q0 Qullre) + 3ECIZTH 1)) 57

Proof. See Section 5.6. m

Remark 4. If we take the expectation of (5.6) when & ~ 7, we obtain

EHTm - QmHTV S 4EHQ9} - Qm||TV7

which qualitatively recovers Lemma 2.

The second inequality in Theorem 10 can be used in the usual way to
deduce concentration bounds for ||T, — Q||rv when & ~ 7. A key feature
of this approach is that both terms on the right-hand side of (5.7), in the
case of MALA, involve only quantities which measure the discrepancy between
the continuous-time Langevin kernel Q and the discretized Langevin proposal
Q. Therefore, to control the quantity (|7, — Qq||Tv, it suffices to apply well-
established techniques for studying the discretization of SDEs.

Once we show that |7 — Q||Tv is controlled with high probability, we are
then able to apply a conductance argument, similar to Lemma 1, in order to
prove our mixing time bound. We give an in-depth overview of the proof and
provide proofs of technical details in Section 5.6.
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5.5 Lower bound

It is a standard fact that the mixing time is governed by the inverse of the
spectral gap'. Hence, an upper bound on the spectral gap ) yields a lower
bound on the mixing time. In addition, we know from Cheeger inequality (5.3)
that A < C, where C denotes the conductance of the Markov chain. For these
reasons, we identify a lower bound on the mixing time with an upper bound
on either the conductance C or the spectral gap .

To complement our upper bound on the mixing time of MALA, we provide
a nearly matching lower bound, thereby settling the question of the dimension
dependence of MALA for log-smooth and strongly log-concave targets. To that
end, we exhibit a target distribution (in fact a family of distributions) such
that the MALA chain with step size h has exponentially small conductance
whenever h > d~/2. More precisely, fix n € (0,1/4) and define the adversarial
target distribution 7, as a product distribution with potential V;, defined by

)l

d
1
=1

It is not hard to see that V}, is 1/2-strongly convex and 3/2-smooth. To motivate
this choice, recall from [RR98, Theorem 1] that the acceptance probability of
MALA tends to a positive constant as d — co whenever the second moment
of the third derivative of the potential is finite and the step size is chosen as
h = ©(d/?). The choice V,, in (5.8) is an example of a smooth and strongly
convex potential where this condition is violated asymptotically, therefore
suggesting that h = ©(d~'/3) is too large to prevent the acceptance probability
to vanish for large d. Our first result below indicates that h should be taken
significantly smaller than d='/3; in fact nearly as small as d~*/2 when n ~ 1/4.
In the following theorem, we set n = 1/4 — ¢, for some small § > 0.

Theorem 11. Fiz § € (0,1/18), let n = 1/4 — §, and let C denote the
conductance of the MALA chain with target distribution m, and step size h.
Then, C < exp[—Q(d*)] for any h e [d~2+30 d~3].

Note that as  \, 0, the above theorem shows that MALA must take step
sizes which are (essentially) at most of order d—'/2.

The next result shows that the spectral gap of MALA is no better than
h. Together with our upper bound, it implies in particular that the choice
h ~ d~'/? is the optimal step size for MALA for a target distribution , and

By definition, the spectral gap corresponds to the smallest eigenvalue of the Dirichlet form.
Hence, for an initial distribution pq that is correlated with the eigenfunction corresponding
to A, it follows that Tmix(e, f10; v/X2) = Q(A™1). See, e.g., [BGL14, Chapter 4] for a rigorous
treatment of spectral theory.
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hence, cannot be improved uniformly over the class of distributions with smooth
and strongly convex potentials.

Theorem 12. The spectral gap N of MALA with target distribution m, and
step size 0 < h <1 satisfies X\ < h.

We give the proofs of these theorems in Section 5.7.

5.6 Proof of the upper bound

This section presents the proof of Theorem 9.

High-level overview of the proof

The bulk of the proof controls the mixing time in total variation and we use
results from Section 5.6 to extend it to the other distances.

For the proof, it is technically convenient to work with a refinement of the
conductance known as the s-conductance: for 0 < s < 1/2, define

JsT(z, 5¢) m(dx)
w(S)—s

C, = mf{ SCRY s<n(9) < %} : (5.9)

A lower bound on the s-conductance translates into an upper bound on the
mixing time in total variation distance, via the following lemma.

Lemma 3 ([LS93, Corollary 1.6]). For any n € N and 0 < s < 1/2, the
distribution of the n-th iterate u, of the MALA satisfies

2
Cin

[ttn — ml[rv < Mos + Mo eXp(—T),
where My is the warm start parameter of pyg.
Corollary 5. Taking s = ¢/(2M,), it follows that
2 . 2M,
o — 7Ty < € provided that n > Eln =
2 €

Motivated by the standard conductance lemma (Lemma 1) and the decom-
position (5.4), in order to bound the s-conductance from below we will first
bound ||T; — Q||Tv, as in Section 5.4. The outline of the proof is as follows:

1. In Section 5.6, we prove the projection properties of MALA (Lemma 2
and Theorem 10).

2. In Section 5.6, we use the projection property (Lemma 2) along with
stochastic calculus to bound the expectation E ||T, — Q|| when & ~ 7.
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3. In Section 5.6, we use the pointwise projection property, together with
more stochastic calculus, in order to prove a concentration inequality for
HTw — Qa:HTV when x ~ 7.

4. In Section 5.6, we use the concentration bound of Section 5.6, together
with ideas from the proof of the standard conductance lemma (Lemma 1),
in order to lower bound the s-conductance. Together with Corollary 5, it
yields the mixing time bound of Theorem 9 in total variation distance.

5. Finally in Section 5.6, we explain how the mixing time bound in total
variation distance implies mixing time bounds in other distances between
probability measures.

Proof of the projection properties

We start with a basic fact about MALA.

Proposition 1. Let () be the proposal kernel and let T be the MALA kernel
with proposal ). Then,

7.~ Qb= [ M@y - Qaw)ldy =1~ | Qla.y)A.y)dy.
R\ {x} R
Proof. First, since T, has an atom at & and @), does not, we have

Qo = Tl =5 (Betla) + [ [Ty - Qv dy).

RN\ {x}
By the definition of the accept-reject step,

Lieh-1- [

T(z,y)dy =1 / Qe y) Az, y) dy
Ri\{x}

Rd

whereas

/ T(x,y) — Q(x,y)|dy =1 —/ Qz,y)Alx,y)dy .
R\ {x} Rd
The result follows. OJ

We now prove the projection properties (Lemma 2 and Theorem 10).

Proof of Lemma 2. Since the transition kernel () corresponding to the continuous-
time Langevin diffusion is reversible with stationary distribution 7, it follows
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from [BDO1] that

[ 1ty -ceyinaay < [[ 0@y - Qe yl o).

(REXRI)\A (REXRA)N\A
where A = {(z,y) € R x R? : & = y}. Since @, and Q. have no atoms,

the right-hand side is equal to 2 Egr||Qz — Qz|lTv. On the other hand, the
left-hand side is equal to Eqr || T — Qzl/Tv due to Proposition 1. O

Proof of Theorem 10. For any x, we have
T2~ Qullrv = [ {1~ Alw.9) Qlay) dy
_ /[1 B (M m(y)Q(y, ))} Qe y) dy

Observe that the first term is given by

/‘1—%‘@(@@@;2/‘@(%3}) %]dy—ﬂl@n QallTv,

where in the second identity, we used the reversibility of Q. This concludes the
proof of the first inequality.

We now deduce the second inequality from the first. Using monotonicity
and convexity of ® respectively, we get,

BT, = Qullre) < E®(20Qn = Qulry + [ LU ZE _1qy)
~lg 1 m(y)Q(y.z) Qy. z)
< SEOUIQ. ~ Qullr) + 5B (2 [ TEITE ZE g,

where we take expectation with respect to @ ~ . Next, nothing that
[ 7(y)Q(y, z) dy = m(x), we apply Jensen’s inequality to yield

e(e [ O s )

- /@(z/w(y;%g;,m) |ggz:g — lldy) 7(x)de
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// I3 QW.2) 1)) 2(y)0(y, ) do dy

Y,

Qy, )
= (,y) m(x)Q(x x
—//fb( Oy D@y dzdy.

)

where we switched « and y in the notation of the last line. O

Expectation of the total variation

We now bound E||T, — Qg|/Tv when & ~ 7 using the projection property
(Lemma 2). Akin to prior work such as [DT'12], our primary tool to analyse the
discretization of the Langevin diffusion is the Girsanov theorem from stochastic
calculus [see, e.g. Le 16; SV06, for classical treatments].

Lemma 4 (Girsanov theorem). Let Qg denote the probability measure on path
space induced by the solution (Xt) 0] of the continuous-Langevin diffusion
SDE (5.5) started at « and run for time h > 0. Moreover, let Q, denote the
probability measure on path space induced by the solution of the following SDE
with constant drift

dX; = -VV(x)dt +vV2dB;, X,==.

Then, Qg is absolutely continuous with respect to Qg and has density given by
Radon-Nikodym derivative:

AQu, o\ 1 h . 1 h . e
T ((x0) = exp| o= [(9V(X) = VV(@).aB) 1 [ IVV(X) - V@) ]

Proof. See the proof of Proposition 2 in [DT12]. O

In the following lemma, we use Lemma 11.

Lemma 5. Assume h < 1/(35%3). For any x € R,

_ 1
Q2 — QzllTv < §5h\/ d+ B3 ||z||?.

Proof. Let end denote the function that maps a continuous curve (yt)te[o,h] in
R? to its endpoint: end((¥t)iepo,n)) = Yn- Then, it is clear that

Qz = end#Qm and Qw - end#Q:c )

where the notation fyxp denotes the pushforward of a measure p under the
mapping f. On the one hand, it follows from the data processing inequality
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that

KL(Qz || @2) = KL(end4Qq || end4 Q) < KL(Qo || Qq)-

On the other hand, the Girsanov theorem (in the form of Lemma 4) implies
that

. iQ, 5\ 1 [" ' :
KL(Qa || Qz) = Bl G22(X0) = 1 [ BIVV(X) - YVl at

62 h 3
<% [ EIX - el
0

36°h% (d + B ||z|?)
8 )

where we used the S-smoothness of V' and Lemma 11. Now applying Pinsker’s
inequality, we obtain the desired inequality. O]

It follows from Lemma 5 that when & ~ 7w, we get

_ 1 1 d
EIQ. ~ Qelry < G9E 1+ 77l < 300+ el 5 542

(5.10)

where we used the second moment bound of Lemma 10. Together with Lemma 2,
it yields

_ d
BTz — Qallrv < 2E[|Qz — Qallrv S 54/3h\/;- (5.11)

We conclude this section with a concentration inequality which we use later
in the argument.

Lemma 6. Assume h < 1/(38%3) and let * ~ w. For any 6 > 0, with
probability at least 1 — 9,

~ d+log(1/6
Qe — Qellry 5 347y LB

Proof. Let f(x) := 38%?h\/d+ |z|?. Then,

54/3}1“5”” Loy
v €T :—<— /3
V@l =5 s < 50

Thus, f(x) is % [*3h-Lipschitz, and it follows from sub-Gaussian concentration
(Lemma 10) that with probability at least 1 — 4,

f(x) <E f(z)+ BY3hy/ % In %
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We have calculated E f(x) < 843hy/d/a in (5.10), and the result now follows
from the pointwise bound in Lemma 5. ]

Concentration of the total variation

Equation (5.11) provides a control the total variation distance between the
MALA kernel and the proposal in expectation. The main result of this section
is an extension of this result to a control with high probability captured in the
following proposition.

Proposition 2. Fiz ¢y > 0 and 0 < s < 1/2. Then, there exists a constant
c1 > 0, depending only on cy, such that with step size

cral’?

~ BABd2log(dk/s)’

h

the following holds with probability at least 1 — cosvV/h,

72— Qullry < £

The idea of the proof is to use the pointwise projection of Theorem 10, and
to obtain high probability bounds for each of the two terms in (5.6). An upper
bound for the first term follows directly from Lemma 6. To control the second
term, we will first obtain a bound on its moments.

Lemma 7. Let k > 1 be any integer. Suppose that

al/?

h < CBABA2k

for a sufficiently large absolute constant C' > 0.

Then, it holds that

o

The proof, given in Section 5.6, uses extensively tools from stochastic
calculus. We remark that the quantity in Lemma 7 can be interpreted as
a bound on the Rényi divergence between the discretized and continuous
Langevin processes. A similar result has appeared as [GT20, Corollary 11].

We are now in a position to prove Proposition 2.

(y)Qy,x) Qly,x) kqy 1/k s
/ ﬂ(w) |Q(y’ :I:) 1‘ dy‘ } } S ﬁh\/E (\/E + \/E) .

Proof of Proposition 2. Assume that the step size h is small enough so that
Lemmas 6 and 7 both hold. More specifically, since the requirement of Lemma 7
. . . . 1/2

is more stringent than that of Lemma 6, so we can simply impose h < m
for a sufficiently large absolute constant C' > 0.
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From Lemma 6 with § = cosv/h/2, there exists a constant C; > 0 such that
with probability at least 1 — cosvh/2,

4/3h 2
¢if d+1n

2y/a cosvVh

From Lemma 7 and Markov’s inequality, there exists a constant Cy > 0 such
that for any 6 > 0, with probability at least 1 — ¢,

|Qz — QullTv <

/ m(y )Q(y ) |Cg(y,m) _ 1‘dy < C’Qa_l/4ﬁh\/E(\/c_l+ \/E) 5k
() Qy, x)

Taking k ~ In —=7 and § = cosvV'h/2, we have 6~1/% = ©(1) and hence

/W(y)(?(y,w) ‘Q(y wi —1|dy < Coa—A3m, 1

(@) Oly. (\/E—F In 2 >

2
COS\/E cosvV'h

Combining these two inequalities with the pointwise projection property (The-
orem 10), it follows that with probability at least 1 — ¢osv/h,

4/3
72 = Qullry < S0 a2t Coa 43y fin —2 (V4 fln—2 )
COS cos COS\/—
(5.12)

If we choose the constant ¢; > 0 small enough, then choosing the step size
1/2

as in the statement of Proposition 2, i.e., h = Wdf}f—w, makes the both

terms in the left-hand side of (5.12) less than 1/12. This completes the proof

of Proposition 2. O

Proof of Lemma 7

We now prove the moment upper bound (Lemma 7). Since [ 7( y,x)dy =
7(x), we can apply Jensen’s inequality to get

[t | [ TR Q) )y //ﬂym,m) \gg;g oy
- [([1552 -1 Qa.ay) =)

where we switched @ and y in the last line. The inner integral equals the
f-divergence D;(Q || Qz), with f(x) := |x — 1|F. Recall the definitions of Q,
and Q. in Lemma 4. Hence we may apply the data processing inequality and
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bound the above by

Fp = /(/]jgz - 1\’“de) r(dz). (5.13)

Recall from Lemma 4 that

dQy

de (X) = eXtha

where for ¢ > 0,
I - e % 2
H == [ (VV(X,) = VV(z),dB,) — - [ |[VV(X,) - VV(x)|*ds.
V2 Jo 4 Jo

Applying It6’s formula to (H),, and the function exp, we deduce that

1" .
expHp, — 1= E/o (exp H;) (VV(X,) — VV(x),dBy).

In what follows, E, denotes the expectation under Q, (the measure under
which X is a continuous-time Langevin diffusion). Also, we will use the letter
C to denote a numerical constant which may change from line to line. Based
on the upper bound (5.13) on the k-th moment, we wish to estimate

l

_ 1 -
Fy = Eg[|lexp Hy — 1] = Em[

= 5 /0 (exp Hy) (VV(X,) — VV(z),dB;)

< (CR)* By

h _ k/2
| etz [vv(x) - v ar| ]

where the last line is the Burkholder-Davis-Gundy inequality with optimal
constants [Bur73; Dav76]. Together with the Cauchy-Schwarz inequality and
Holder’s inequality, it yields

h k4 b k/4
/exp(4Ht)dt‘ ‘/ X, —aftar| ]
0 0

< (o \/Em[ / " exp(41,) at| ] B / "X, - zlar] "]

< (Oﬁzk>k/2 /21 \/(Em /h exp(2kH,) dt) \/(Em /hHXt — x||2k dt) _
0 0

-~

@)

F, < (C32k)* Em[
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We will control the two terms separately, starting with the first term @
Lemma 8. Let 0 <t < h <1/(205k). Then,
E, exp(2kH,) < exp(963*h*k? ||||? + 5763°dh*k?).

Proof. Recall the following fact, which follows from It6’s lemma [Le 16, Theorem
5.10]: for any adapted process (Z),,, we have

B t 1 t
E, exp(/ (Z,,dBy) — 5/ | Z,||>ds) = 1.
0 0

Together with the Cauchy-Schwarz inequality, it yields

E, exp(2kH;)
— By exp [\/Ek /0 (VV(X,) — VV(z),dB,) — g /0 IVV(X,) — vv<m)u2ds}
= E, exp [ﬁk / t(VV(XS) ~VV(z),dB,)

b (—4k? + 4k? — g)/o IVV(X,) - vv<a;)||2ds}

< \/Em exp [W /;HVV(XS) - W(x)Hst}

t
< \/Em exp [862/@2/ |1 X — ch?ds] < \/Em exp [8B%k2 sup || X, — wH?} :
0

s€[0,h]

In order to upper bound the above quantity, we develop the following bound
on the moment generating function of supcp | Xs — .

Lemma 9. Assume h < 1/(25). For 0 < A < 1/(24h),

_ _ 1+ 24h
E,exp(A sup || X, — z|?) < exp(128°A0° ||z|* + dIn +—)\)
te[0,h) 1 —24h\

Proof. The proof is deferred to §5.6. [

We use Lemma 9 with X := 832hk?. In order to satisfy the preconditions of

Lemma 9, we impose the restriction h < ﬁ. Then, it follows that

1+ 19252h2k:2)
1 — 19232h2k2
< exp(963*h*k? ||z||* + 57632dh*k?)

E, exp(2kH,) < eXp(9654h3k2 |2(|* + d1n

5



where the last inequality is In }f—i < 3z, which holds provided = < 1/2; this is

valid provided h < ﬁ. This is our desired bound. O

Hence, from Lemma 8, we obtain

(A) < Vhexp(965 h3k? ||| + 57632dh2k?) .

Next, we estimate . In fact, Lemma 9 together with standard moment
bounds under sub-exponential concentration (e.g. [Verl8, Proposition 2.7.1])
gives

E, sup | X, — x| < C% (B0 || + d"h* + hFEF)
te[0,h]

where C' > 0 is a numerical constant. See Corollary 6 in §5.6 for details. Hence,
it holds that

h
= [ Ball X~ ol e O (I P + 0+ 17,
0
Hence,
(5.13) < (CB2K)"° W71 x (A) x
< (CB2K)*P1F271 5 B2 exp (488 13K? ||| |2 + 2888%dh2k>)
x /CFh (BFh2F ||z ||2F + dFhF + REEF)

< (C2B2hk)"" exp(28882dh2k?)
x exp(4831h3K2 ||z ||2)/CFh (BEh2 ||z |2 + dFhF + hFEF).

Next, we take the expectation w.r.t.  ~ 7w and use Cauchy-Schwarz:
Egr Eg[|exp Hj, — 1/F]
< (CB2hk)""? exp(28852dh2k?)
X \/Egrr exp(96 3183k ||2[|?) Egror[B*h? [|2||?F + dFRF + hFEH] .

For the two terms involving exponentials: the first will be bounded by a
numerical constant provided that h < m, and using concentration properties

of 7 (see e.g. Lemma 10), the second will be bounded provided h < W{;’W"

Taking this to be the case, the moment bounds in Lemma 10 now imply the
bound

Egr Eg[lexp Hj, — 1/F]
< (Cﬁzhk)km % (a—k/zﬁk/zdk/zhkz + a—k/Qﬁk/Qhkkk/Q + dF2 Rk 4 hk/Qkk/Q)‘
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Taking k-th roots,

— 1/k
(Earr Bgllexp Hy — 1]F])"

< 5\/% % <&71/2ﬁ1/2d1/2h+a71/261/2hk1/2 +d1/2h1/2 —|—h1/2k1/2)
S o MBIk (Vd + V),

provided that h < a'/2/B. This concludes the proof.

Conductance argument

In this section, we use the results from the previous sections in order to prove
a lower bound on the s-conductance. The argument is similar to the proof of
the standard conductance lemma (Lemma 1).

Towards the goal of applying the bound on the mixing time via s-conductance
given in Corollary 5, we take s :=¢/(2M;), and we choose the step size
crol/?

h—
BA3d 2 1og(dk/s)

(5.14)

as in Proposition 2. Then, Proposition 2 guarantees the existence of an event
E with probability 7(E) > 1 — cosv/h such that

=

zeEF = [Ty — Qallyy <

Let S be a measurable subset of R? with s < 7(S) < 1/2. Define the
following subsets:

Sy = {mGS‘T(m,SC)S}l}, bad set 1
1

Sy = {x € 5° |T(m,S)§Z}, bad set 2

Sy := (S1 U Sy) . good set

If 7(S1) < w(S)/2 or w(S2) < w(S5€)/2, then may conclude from reversibility
of the MALA kernel T that

1
/T(w,Sc)ﬂ(dw) - -(/ T(a, S n(dz) +/ T(.8)n(de)) > - 722
S 2\ Jg c 2 2 4
Therefore, for the purpose of proving a lower bound on the s-conductance, we
may assume that 7(S7) A w(S;) > 7(5)/2.
Now we consider x € KNSy and y € £ N Sy. From the definitions of S
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and Sy, it follows that
[T = Tyllrv >

l\DlH

Since o,y € E, we also have

CT:I»—t

||T QwHTV/\ HT QyHT <

Thus, using the decomposition (5.4),

1
5= 1T — Tyllrv < |Te — Qazllrv + [|Qz — Qyllrv + [Ty — Qyllrv
1z -y
<-4 =2
6 \/2h 6

where the middle term is controlled via

= — yl . 2
w — <, it h<—,
HQ QyHTV \/ﬁ 3
see [Dwi+19, Lemma 3|. Hence, we obtain:
2h
O

which implies that dist(ENSy, ENSy) > v/2h/6. By the isoperimetric inequality
(see Lemma 10), there is an absolute constant ¢ > 0 such that

ﬂ([(EﬂSl)U(EﬂSg)]C) \/_MW(EQSH)

Since S}, Sy, and Sy partition R?, we see that ((ENS;) U (ENSy)) = E<NSs.
As a result,

(S5) + cosVawh > 7(S5) + m(E) > fﬂ (ENS)

2 ah {7r<sl> )

> Cff h{ T - m(E9))

%Mw@ : (5.15)

v

where (5.15) follows since 7(S)/2 > s/2 > 2cosv/h > 2n(E°) provided that

covVh < 1/4.
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Since w(S) > s, it follows that, provided we choose ¢y small enough (and
thus, the constant ¢; in the step size (5.14) small enough), we obtain

(52 > 2 VaTix(s).

From this,

>
Collecting the arguments, we obtain a lower bound on the s-conductance.

Proposition 3. If the step size h is chosen as (5.14) for a sufficiently small
constant ¢y, then the s-conductance of the MALA chain satisfies

Cs = Vah.

Together with the mixing time bound in Corollary 5, we have proven
Theorem 9.

Auxiliary lemmas
Standard facts about strongly log-concave measures

The following properties of strongly log-concave measures are well-known.
Lemma 10. The a-strong convexity of V' implies the following properties:

1. (moment and tail bounds) For © ~ 7, it holds that E||z||* < d/a.
In fact, for all k > 2,

3k (dk/Z 4 kk/Q)
ak/2

Ellz|" <

Consequently, Eexp(\ ||z||?) is bounded above by a universal constant,
provided that 0 < X < a/(40d).

2. (isoperimetry) For any S C R? with w(A) < 1/2, it holds that 7(S°\ S) =
ev/amn(S), where

S¢:={x cR*|3yc S with |z —y| <c}.
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3. (sub-Gaussian concentration) For any 1-Lipschitz function f: R? — R
and 6 > 0, with probability at least 1 — & it holds that

f@)~Ef<qf2ms,

Proof. The first statement is a simplification of [DKR19, Lemma 2|. For the
second statement, in fact strongly log-concave measures satisfy a stronger
isoperimetric inequality (sometimes called a Gaussian isoperimetric inequality,
or a log-isoperimetric inequality in [Che+20a]); we refer to [BGL14, §8.5.2] and
the paper [BH97] which explains the relationship between integral form of the
isoperimetric inequality employed here and the more traditional differential
version. Finally, for the third statement, see e.g. [BGL14, §5.4.2, Corollary
5.7.2].

Alternatively, these facts all follow from the corresponding facts about
standard Gaussians, as a consequence of Caffarelli’s contraction theorem [Caf00;
FGP20]; see also the discussion in [Vil03, §9.2.3]. O

when x ~ .

Stochastic calculus results

Below, we also collect together some inequalities proven via stochastic calculus.
In what follows, (X),, is the Langevin diffusion (5.5), started at x. We start
with a bound on the mean squared displacement E[|| X; — x||?] of the Langevin
diffusion.

Lemma 11. If (Xt)tzo denotes the continuous-time Langevin process (5.5)
started at x, then for all t < 1/(33*3), we have

E[| X, — x|’ < 3t(d+ 2 ||lz]*).

Proof. Fix s € [0,t]. From It6’s lemma [Le 16, Theorem 5.10], we have
_ s _ _ 1
E[| X, — z|*] = IE/ {—2(VV(X.), X, — =) + 5 2d} du
0
_ E/ (=2 (VV(X.), Xu — @)} du + sd.
0

To upper bound the first term on the right-hand side, we could conclude easily
using a convexity of V' with slightly different dependence on  in the final result.
Instead, we take somewhat of a detour to show that this results hinges solely
on the smoothness of V' and can therefore be extended beyond the log-concave
case.
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Note that

(VV(X W), Xy — )| < (VV(X,) —VV(fB) X, — )| +[(VV(z), X\ — )]
4/3

< BIXy -2l + 5o WV @) + 2 1 X —

54/3

623

4/3
< X~ al + el

where the last two inequalities follow from S-smoothness of V' (see e.g. [Nesl8,
Theorem 2.1.5]), and our assumption argminV’ = 0. Thus, letting a(u) =
E[|| X, — x||?], we obtain the following integral inequality:

a(s) < (d+ B*3 ||=|*) s + 36Y° /S a(u)du, Vs € [0,t].
0

Applying a version of Gronwall’s inequality (e.g. [Strl8, Lemma 1.2.4]), we
obtain:

a(t) < t(d+ B ||l2|?) exp(35Y°t) < 3t (d + 57 [|z[|*),
where the last line uses the hypothesis ¢ < 1/(35%/3). O

In addition, we will also need a concentration inequality for || X; — z||%. We
first present a bound on the moment generating function of the supremum of a
one-dimensional Brownian motion using the reflection principle.

Lemma 12. Let (By) 20, be a standard one-dimensional Brownian motion. For
h, A >0, such that A < 55 the following holds:

]Eexp()\ sup |Bs|?
s€[0,h]

)S 1+2h)\‘
1 —2h\

Proof. The reflection principle [KS98, Proposition 6.19, 2.2.6] states that for
every t > 0,

IP’( sup B, > t) =2P(By > t).
s€[0,h]

As a result, we have that
P( sup |Bs|* >t) =P(sup |Bs > \/%)
s€[0,h)] s€[0,h]

<]P’(SupB >\/_)+IP’( inf B < \/_)

s€(0,h] s€[0,h

= 4P(B), > V1) < Qexp(—%)
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Thus,

Eexp()\ sup | B | = 1+)\/ exp(A sup | Bs ]2 > t) dt
s€[0,h) 0 se[O h]
<1 /OO 1— 2h>\ t) d 4h\
ex = )
= . p(~ 1 — 2h)

The above argument is relevant for Lemma 9, which is restated and proved
below.

Lemma 9. Assume h < 1/(28). For 0 < X < 1/(24h),

1+ 24hA

E, exp()\ X, — 2|?) < exp(12822h2 ||| + dIn — 272,
exp ( tzm\l = a]”) < exp(128°A0° ]* + dIn T—5=)

Proof. For a fixed realization of the sample path (Xt)te[o,h] and 0 <t < h,
define the function f(t) := sup,ep g | Xs — [|*>. Then, for all s € [0,],

X, —alf = |- [ vvix,)

< 2h/ IVV(X)|2dr + 4| B.|? < 282 / 1X, |2 dr + 4 || B.|J?

2 § _ 2
| <2 [ wvxar e

< 4% / 1X, — 2| dr + 4822 2|2 + 4| B,
0
<48 / F(r)dr + 4887 |lz]? + 4| B, |
0
which yields

t
f(t) = sup HXS — w||2 < 462h/ f(r)ydr +45%h? H:UH2 +4 sup ||BsH2.
0 s€[0,h]

s€0,t]
Applying Gronwall’s inequality [Str18, Lemma 1.2.4], we see that

f(h) = sup || X, —|® < (46°h% [|=|* + 4 sup | B,l*) exp(45°h?)
s€[0,h] s€[0,h]

< 126°0% ||||* + 12 sup || By,
s€[0,h]
Hence,

Eexp(A sup || X; —z|?) < exp(128°Ah* ||z||*) Eexp(12X\ sup ||Bs|?)
te[0,h] s€[0,h]
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< exp(1282Ah2 [|z2) {E exp(12A sup B,2) }
se|0,

1+ 24hA

d
< exp(125°A° [|2|°) (;—53)

by Lemma 12 and the assumption A < 1/(24h). O

Corollary 6. Assume h < 1/(28). There ezists a numerical constant C' > 0
such that for all k > 1,

E sup || X; — | < C* (B ||2||** + d*h* + hPE).
te[0,h]

Proof. In Lemma 9, take A := 1/(48h) to yield

- 1
Eexp(A sup || X; —z|?) < exp(=4°h|z|* +dIn3).
tel0,h] 4

It follows from Markov’s inequality that for all x > 0,

P(sup || X, —a|® > 12028 ||z|* + (481n3)hd + 2) < exp(——).
te[0,h] 48h

The result now follows from standard moment bounds under sub-exponential
concentration [see, e.g., Verl8, Proposition 2.7.1]. O

Remark 5. Bounds such as the one in Corollary 6 are standard and have
appeared in the literature before, e.g., [Mou+19, Lemma 11].

From total variation to other distances

In this section, we deduce the mixing time results of Theorem 9 for the KL
divergence, the chi-squared divergence, and the 2-Wasserstein distance.

We begin with the following lemma which shows that the warmness param-
eter (defined in Definition 2) is preserved by the iterations of MALA. In fact,
this is true for all reversible Markov chains.

Lemma 13. Let (i), oy denote the iterates of a Markov chain whose kernel
T is reversible with respect ot w, and assume that py is My-warm with respect
to w. Then, for all n € N, the iterate p, is also My-warm with respect to .

Proof. The proof is by induction. For any y € RY,

—Mnﬂ(y) _ [ (@) T T = () 7(@)T (@, y) T x)dr =
m(y) _/ m(y) T@y)d /W(m) (y d SMO/T(y, Ydx = M,

where we use the inductive assumption and the reversibility of 7' O
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Under a warmness condition, the total variation distance controls the
chi-squared divergence.

Lemma 14. Let p be My-warm with respect to w. Then,

Xl ) < 2Mo || — 7|y -

Proof. From the definition of the chi-squared divergence,

| 7 :/}g—lfdngo/‘g—1|d7T:2M0 |l — 7|7y -

Here we use the fact that pointwise, |pu/7m — 1| < max{1, My — 1} < M,. O
It immediately implies the following result on mixing times.

Corollary 7. Fix e > 0. Then, MALA initialized with a distribution po which
1s Mo-warm with respect to w satisfies the following mixing time bounds:

2

Tmix(€,,u0;d) < Tmix( : aanTV)

2M,

for each of the distances

d € {VKL, /X2, \/gWQ}.

Proof. The mixing time in the chi-squared distance is a straightforward conse-
quence of Lemmas 13 and 14. The result for the KL divergence now follows
since KL < x? [Tsy09, Lemma 2.7]. Finally, for the result in 2-Wasserstein
distance we can use Talagrand’s transportation inequality

% W2 (p, ) < KL(p || 7), for all probability measures p < 7,

which is a consequence of the strong convexity of V' [in fact it is a consequence
of the weaker assumption of a log-Sobolev inequality, see BGL14, Theorem
9.6.1]. O

Corollary 7 implies the remaining mixing time results in Theorem 9.

5.7 Proof of the lower bound

This section presents the proofs of Theorems 11 and 12. The majority of this
section is devoted to the proof of the upper bound on the conductance when
h > d~'/? (Theorem 11). The proof of the upper bound on the spectral gap
(Theorem 12) is given in Section 5.7.
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High-level overview of the proof

Recall that we take n = 1/4 — 0, where § > 0 is fixed throughout. As mentioned
in Section 5.5, we consider the potential

V(x) = 2d2’7 Zcos (d"z; (5.16)
=: VG( )+ Vp( ) (517)

From the construction, it immediately follows that V' is 1/2-strongly convex
and 3/2-smooth.

We begin with some intuition for the above construction. At a high level,
our construction can be seen as a “perturbed” Gaussian distribution; Vg is
the potential corresponding to a standard Gaussian and Vp corresponds to a
perturbation. Having this interpretation, we are interested in constructing a
distribution (i) that is significantly different from the standard Gaussian, yet
(ii) the difference is not noticed by each step of MALA.

(i) A quick calculation (see Lemma 20) shows that KL(A(0, 1)||7) = O(d*~").
So, we must take 7 < 1/4 to ensure that 7 is significantly different from
the standard Gaussian.

(ii)) On the other hand, Vp is an oscillatory perturbation. Hence, MALA
would not see the contribution from Vp as long as its movement due
to the Langevin proposal is at least as long as the length scale of the
fluctuations of Vp.

With this in mind, note that the fluctuations of Vp is of order d=", while
the movement of a single coordinate under the Langevin proposal is of
order v/h (due to the Gaussian part). Hence, MALA would essentially
ignore Vp as long as h > d—2".

We formalize the above heuristic in the rest of this section.
To prove the upper bound on the conductance in Theorem 11, we use the
following proposition.

Proposition 4. Let E be an event such that w(E) > 1/2. Then,

C<2sup | Qz,y)Az,y)dy.
xcE JRd

Proof. Let Ey be a subset of E with w(Ey) = 1/2. From the definition of the
conductance (C),

Tz, 59 n(d
Co g JsT@ ) “’)gz/ T(x, ES) n(dx)
SCRY 7T( Ey
m(S)<1/2
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AT

< 2 sup /Rd Q(z,y)A(z,y)dy < 2sup | Q(z,y)A(z,y)dy.

xcEy zeE JRd

Qlx,y)A(x,y) dy) m(x)de < 2/

Ep

From Proposition 4, it therefore suffices to show that there is an event
E C R? with probability 7(E) > 1/2 such that

sup Q(lﬁ, y)A(iB, y) dy < eXp[—Q(d46)] :

xcFE JRd

By definition of the Metropolis-Hasting accept-reject step (5.1), we have

7T(:u)@(y,w)}
m(x)Q(x,y)

Ny === hrVV(y)|?
m)

(5.18)

We substitute in the definition of our potential (5.16) and expand out the terms
in (5.18), grouping them according to whether they involve Vp or not:

1 1 1 1
(518 = s esp glell = lwIE - 10— by — ol (519)

< exp V(@) — Vo(y) + 3 (1~ )y — 2, VVo(y)) — + [VVo()[?]
(5.20)

Some algebra yields that (5.19) is equal to

(1+h2)d/2ex [_1—1—/12 ly - 1-h wnz] 1 ox [ h? ||| ]
g an W P ey PP ()
::/:::(y)

The first term, which we denote by puz(y), is the probability density function

of the distribution A/ (11;:2 x, %Id) evaluated at y. Using this observation,
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the quantity [, Q(x,y)A(x,y) dy is upper bounded by

2 x 2
eXp[;u”Hllz) + VP(CU)]
(1 + h2)d/2

. 4
~ g

@ ©)

Having this upper bound, we will prove that there is a set £ C R? with
w(E) > 1/2 such that the following bounds hold for all € E:

< B exp[—Tbly) + 3 (1 = Wy — 2, 9Vh(y)) = 7 [VVh(y)?

J/

1. (Lemma 18) '
(1)< exp[—éalk‘“7 + o(d' )] .

2. (Lemma 19) X
(2)< exp[red ™ 4 o(d )]

From these bounds and the preceding calculations, we have
1
veb / Qe y)A(w,y) dy < exp[—2d' ™" + o(d' )]
zelR

This completes the proof of Theorem 11.

The next section is devoted to proving the two main bounds (Lemmas 18
and 19).

Proofs of technical statements
Notation and technical lemmas

We use the following notation:

() = 20, Valw) = sllel)” — 57> 320, cos(da)
mi(x) oc exp(=Vi(z)) ,
m(x) x exp(—V(x)).

Vi(z) := 2% — 3d™*" cos(d"z)
v

(5.21)

Thus, 7 is the marginal distribution of 7. We first list useful technical lemmas
for proving Lemmas 18 and 19. First, the following trigonometric inequality
will be used several times.

Lemma 15. Let £ ~ N(0,1), let p be a polynomial, and let a,b € R, v > 0 be
constants. Then, there exists a constant C' (depending on p, a, b, and 7y) such
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that

[Elp(§) sin(a + bd"§)]| <

&l Q

Proof. The key fact we use is that the characteristic function E[e®] of a

Gaussian is equal to e~2%". First consider the case p = 1. Let im(-) denote the
imaginary part. Then, we have

E[sin(a + bd7€)] = E[im(e! (@+2479)]
= im(e™ E[eibdwg])
brd*
)

2 72
= sin(a) exp(—b ;i 7) .

=im (exp (ia —

It is then clear that the result holds for p = 1. Next, when p(x) = ¢ for some
¢ e NT,

E[é% sin(a + bd"€)] = im(ei“ ]E[gfeibd“fgb
l

= im <ei“ i'E [%eitf

d¢ e

0 _tZ
@6

)

Thus, it is clear that the lemma holds for this choice of p too. The case of a
general polynomial follows from linearity. O

=im (ew 7 2

Clearly, the statement of the previous lemma can be substantially strength-
ened, but this will not be necessary for the MALA lower bound.
Now we list some useful facts about the adversarial target distribution.

Lemma 16. Assume n < 1/4. The following hold for m and 7 defined in
(5.21):

(a) Let Z := [, exp(=Vi(x)) dx be the one-dimensional normalizing constant.
Then, we have Z = /21 + O(d~*").

(b) Epry[2?] <1+ 0(d™). Consequently, Egr[||z|?] < d+ O(d* ).
(¢) Egr, [cos(dz)] < 1d727 4 O(d™7).

Proof.  (a) Letting & ~ N(0,1), then

1 1
Z—m:/ﬂgexp<—§m2+2d—2ncos(d”x)> dz —/2n
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= \/%/Rexp(ﬁl% cos(d”x)) % dz —v/2n
=2 (]E exp(gl% cos(d"¢)) — 1)
= @ E cos(d"€) + O(d™*").

2d*n

By Lemma 15, we have |E cos(d"¢)| = O(d™') = o(d~*"), since n < 1/4.
The proof of (a) then follows.

(b) Similarly, letting & ~ N(0,1),

E,.. %] = / s ACI.

A
2 1
= g E [52 exp(m cos(d"&))}

= (1+0(d™*) E[¢& exp(ﬁl277 cos(d"¢))].

By Taylor expansion,

E [ eXp(ﬁl277 cos(d’€))] =1+ Wl% E[¢% cos(d"€)] + O(d~*).

Again by Lemma 15, the second term is O(d~?"1)) = o(d=7). Hence,
the result follows.

(¢) Similarly, it holds that

Eper, cos(d"z) = @ E [cos(d"€) exp(ﬁ cos(d"¢))]

= (1+0(d™*) [E cos(d"€) + Qd%ﬂ E cos?(d"€) + O(d™*")|.

By Lemma 15, the first term is E cos(d7¢) = o(d~*"). Next, the second
term 1s

1 ) 1 1
wECOS (d"¢) = izt mEcos@d”g).

From Lemma 15, E cos(2d"€) = o(d~*"). Therefore, the result follows.
[l

Lemma 17. For @ ~ 7, the following holds with probability at least 1 —1/(4d):
|2]|00 < 44/In(84d).
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Proof. By symmetry, we just need to show that with probability at least
1—1/(84d),

m?;l)](a:i < 4VInd.
ic

Since V" > 1/2, each |x;| will be stochastically dominated by |£|, where
¢ ~N(0,2). Hence, if &, ..., &, are i.i.d. copies of &, we just need to show that

max &; < 4ViInd

i€[d]

with probability at least 1 —1/d. The standard argument based on the moment
generating function (e.g. [Hanl6, Lemma 5.1]) tells us that E[max;cq &] <
2VInd, and Gaussian concentration (e.g. [Hanl6, Theorem 3.25]) implies

2

t
P(Iiré%i)}(& > E%%{& +1) < exp(—z).

Plug in ¢t = 24/In(8d) and we get the lemma as claimed. O

Now let us state and prove the technical statements in order.

Proof of Lemma 18

Lemma 18. Assume that 0 < h < d=/3. Then there exists an event E; with
7(Ey) > 3/4 such that for x € Ey,

2 T 2
exp [;QHMHQ) + VP(m>]
(1+ h2)"?

1
< exp[—gdlf‘“7 + o(d' )] .

Proof. We decompose the left-hand side as

R2lel? | 1
XP s T VP@)] g | P2 |z | x explVe(@)
(1+ h2)%? TR R CI D R

and bound each term separately.
We begin with the first term. By Lemma 16-(b), we know that the second
moment of 7 is d + O(d'™*"). Since 7 is 1/2-strongly log concave, a standard

concentration argument (see e.g. Lemma 10) shows that there exists a subset
E{ with n(FE}) > 7/8 such that for € EY,

el < d+0(d~") + 0(d"?).
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Now, using the fact that In(1 + z) > = — 2%/2 for z > 0,

1 h? ||z||? rh? (d+ O(d*=*") + O(d*/? d
D x5 (1H+ Qz)} < exp| | 2((1 n ;ﬂ) - 31+

rh?(d + O(d*=*") + O(d*/? dh?  dh*

< exp| ( 2(<1+22> : )>—7+ﬂ

e -2 (O(d1_4’7) i O(dl/Q)) B dh* N d_h4]
i 2(1+h?) 2(1+h2%) 4

~ exp rh? (O(d*=*") + O(d"/?))  —dh* + 2dh6}
I 2 (1+ h?) 4 (1 + h2)

< exp[O(d*=*h?) + O(dY*R?)] .

where the last line follows since h? < 1/2. In order to show that the exponent
of the above term is o(d'~*"), we must check that d'/2h? = o(d'~*"), which
holds if b = o(d'/*=27) = o(d='/**29). This indeed follows from our assumption
that h < d~'/3.

Next, we move on to the second term. Recall from the calculation in
Lemma 16-(c) that Egr, [cos(d"z)] < $d~27+ O(d~%7). Hence, it follows that

d
1 1
E [VP("'B)] = Z]Exi/\/ﬂ'l COS(dnﬁL'Z‘) = —§d1_4n + O(dl—gn)‘
i=1

T~ _2d2’7 -
Since 7 is 1/2-strongly log-concave, another sub-Gaussian concentration argu-

ment (Lemma 10) shows that there exists a subset E{ with 7(E7) > 7/8 such
that for x € EY,

exp[Vp(x)] < exp[_édlm O3 + O(dl/z’Q”)} < exp[—%dl‘m i 0(d1’4”)} ’

since 1 — 47 > 0 by the hypothesis.

Now taking E; := E] N EY, the above calculations show that for € Fj,

h? || ?

exp 3(1+h2) + Vp(w)]
(1+ h2)"?

1
< exp[—§d1*4" +o(d""M],

which completes the proof. O
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Proof of Lemma 19

Lemma 19. Assume that h € [d=2% d~3]. Then there exists an event E,
with w(Ey) > 3/4 such that for © € Es,

E_exp[-Toy) + 5 (1 - D)y — 2, VVe(w)) — L IV@)I]
< exp[%dl—‘*" + o(d' )]

Proof. Recall the definition Vp(x) = —1d=2" Zle cos(d"z;). Since Vp is sepa-

-T2
rable, it suffices to consider the following quantity: for p,, := N (f;—h’g X, %),

max [E exp
le[d] Yi~Ha,

(Cos(d”yi) (1 =h)y; — i) sin(d"y;) hSin2(d”yi)> (5.22)
242 A 164 )

Indeed, the lemma is proved as soon as we show
1
(5.22) < exp[Ed*‘“? +o(d™*M)]. (5.23)
For the proof, we will therefore work with a single coordinate; for simplicity of

notation, we will use the first coordinate.
To prove the inequality (5.23), let us first simplify the expression (5.22).

Letting £ ~ N(0,1), we can equivalently write y; = f;—th 1+ 4/ % ¢. From
this, we get
2h 2h
1-hWy — o2y = —— 1—h)\/ —=¢&.

Since our regime of interest is h = o(1), we simplify the notation by defining

_ h - (1—h)?
h:=—— d h:=-———=h
1+h T+h2
and treat them as being on the same order as h. Using these simplifying
notations and rearranging, we are left to consider

E (cos(d"yl) hsin?(d"y,)  2hxysin(d’y,) N V/2h¢ sin(d”yﬂ) (5.24)
ex - — :
2421 164> ddn 4dn 7
:Tgl :?22 :?33 :Tgél
where y; = llJ:—thxl + %f Now we will estimate (5.24) by a Taylor

expansion.

Throughout, we will assume ||| < 44/In(8d). By Lemma 17, this holds
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on an event Ey of probability m(E,) > 3/4. From this, we note the immediate
bounds

Al =0@™), A =0(d™h), Ay =O(d ™), |As] = Opld V).

Here, O, denotes probabilistic big-O notation. Using h = O(d~/3) = o(d—*"/3),
we have

[Ar] = 0(d™?),  [Aof = o(d™CHVI), | Ag] = o(d™EHVI)|Ay| = op(d” M),
(5.25)

From, this, we see that the third- or higher-order terms in the Taylor expan-
sion, after taking the expectation, are o(d~>"). Indeed, the dominant term is
E[|Af*] = od~™).

We also note that the common argument of the trigonometric terms is

1—h 2h
A"y = d" d"
s e T TR S

so the coefficient in front of ¢ is of order d"vh = Q(d%/?) by the assumption
h > d-3t3, Thus, the trigonometric terms precisely fit into the setting of
Lemma 15, and we will apply Lemma 15 to estimate these terms.

Now let us estimate the terms of order one and two.

o First- and lower-order terms. We have
(S 1st order) =1 +]EA1 — EAQ — EAg +EA4
By Lemma 15, we know EA; = O(d~'72") = o(d~%"). For E Ay, we have

h h
— e — - n —
EA, = S22 + S22 E cos(2dy;,) =

~gaqm T,

where we use Lemma 15 again. For E A3, we have

2hxy sin(d"y,) =

_ - _ —(4+n) ) =51
EA; =—E 10 O(d h)—o(d ),

where the last line is due to Lemmas 15 and 17. For E A4, we have

2h¢ sin(d"
1 5 VIR o i,
where we use Lemma 15. Collecting together the terms, we have
(< 1st order) =1 — h + o(d ). (5.26)
- 32d?n
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e Second-order terms. For the reader’s convenience, we have organized the
terms which appear in the second-order Taylor expansion as Table 5.1.

O(d‘Q'”) O(d—(3+1/3)n) O(d—(2+1/3)n) Op(d—(1+2/3)77)
O(d=2n) (5.27) o(d=) o(d~—4) (5.28)
o(d~G+1/3m) o(d™"") o(d™"") 0p(d™"")
o(d~C*1/3m) o(d™"") 0p(d™"")
0, (d=(+2/3)m) (5.29)

Table 5.1: Terms which appear in the second-order Taylor expansion. The
rows and columns are indexed by the terms Ay, Ay, Ag, Ay; refer to (5.25).

We now estimate the terms which are not covered by the table. Let us
estimate the remaining terms one by one. First, by Lemma 15,
cos®(d"yy) 1 cos(2d"yy) 1

!

Leaz =g _ E _ s

> ElA S T6am T E iegm  — 1ggm T
(5.27)

Next, by Lemma 15,

2h . 2 . _
E[A 1A =E] 8d3’7£ cos(d"yy ) sin(d"y, )] = 6o E[¢ sin(2dy,)] = o(d™™).
(5.28)
Lastly, invoking Lemma 15 yet again,
1 o he? sin®(dy,) B % hé&? cos(2dMy,) B h 6n
SR =E = e BT e e T
(5.29)
Combining all together, we obtain,
1 h »
(2nd order) = + ——+o(d™). (5.30)

16d " 32421
Therefore, we combine (5.26) and (5.30) to conclude

1 h h

. < —d _C —4n
(5.24) < exp[md T2 + S22 + o(d™*")]
1
= exXp [1—6d74n + 0(d74n)} R

where the last line follows from the fact h — h =

1+h2 “h—h <0. This implies
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(5.23), and hence the proof is complete. O

Upper bound on the spectral gap

Note that when 1 < 1/4, the adversarial potential defined in (5.21) satisfies
the assumptions of the following theorem, as a consequence of our computation
in Lemma 16.

Theorem 13. Consider a potential V : R? — R which is separable: V(x) =
Z?Zl v(z;) for a function v: R — R. Assume that:

o V is symmetric about the origin, and V(0) = min V.
e V is O(1)-smooth.

e For the distribution m o< exp(—v), we have Eyr, [2?] < 1.

Then, spectral gap of MALA with target distribution m o< exp(=V') and step
size h <1 satisfies

A<h.

Proof. Consider the function f : R — R given by f(x) := z;. Since V is
symmetric about the origin, we have E, f = 0.
From the definition the spectral gap (A),

T I CEALE

yNT(mf')

Next, using the definition of the MALA kernel T, if £ is a standard Gaussian
random variable, then

mIEﬂ_ [(xl - yl)Q] - :EIEW [($1 - y1)2 I]-proposal r—Yy is accepted]
2
< E @)= E [{h'() - VZhe)
y~Q(z,) "
<2h? E [V/(21)"] + 4hE[¢?) <h? B [22] +h < h,
by our assumptions. This completes the proof. O

Auxiliary lemmas

Lemma 20. Let v := N (0, 1;) and let 7 be the adversarial target distribution
defined in (5.21). Then,

KL(y [ 7) < O(d"=™).
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Proof. From the definition of the KL divergence, if &1, ...,&; are i.i.d. random
variables drawn according to ~, then

Zd
KL(v || 7) = /7(513) IH<W exp Vp(w)) do = dln 2n d277 ZECOS d"&;).
From our estimate of the normalizing constant in Lemma 16,

Z —4n _ 1—4n
dlnﬁ:dln(l—i—O(d )) = O(d ).

On the other hand, from the proof of Lemma 15,

2d2 Z]Ecos d"¢;) = o(d* "),

The result follows. O

5.8 Calculations for a Gaussian target
distribution

In this section, we provide calculations for MALA when the target distribution
7 is the standard Gaussian. Since MALA applied to the Gaussian distribution
has a scaling limit in the sense of [RR98], one would expect the mixing time of
the Gaussian distribution to be of order d'/3, and that is indeed what we show
below.

Upper bound

First, we show that, under a warm start, the mixing time of MALA applied to
the standard Gaussian mixes at O(d'/?) rate.

Proposition 5. Let € > 0, and let the target distribution m be the standard
Gaussian on R?. For a step size h = cd™'/3, where ¢ > 0 is a small constant,

and an initial distribution po that s My-warm with respect to ™ such that
log 2 Mo — O(d'/?), the mizing time of MALA satisfies

M
Tmix(€7 o5 TV) 5 d1/3 1Og( 0) .
€
Using the results of Section 5.6, the mixing time bounds can then be ex-

tended to the KL divergence, the chi-squared divergence, and the 2-Wasserstein
distance.
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The proof crucially relies on the fact that when h ~ d~'/3, the acceptance
probability A(x) (see (5.2)) when @ ~ 7 is of order Q(1) with high probability,
which is formalized below.

Lemma 21. Let 7 be the standard Gaussian. For h = cod—'/3, where ¢y > 0 is
sufficiently small, and x ~ m, there exists c; > 0 such that with probability at
least 1 — 2exp(—cyd*/?), it holds that A(x) > 5/6.

Proof of Proposition 5. We sketch the proof, following the s-conductance mix-
ing time strategy outlined in Section 5.6. Let E := {x € R? | A(x) > 5/6}.
Lemma 21 guarantees that m(E) > 1 — 2exp(—c;d"/?). By our assumption, we
have log(eh/My) = Q(d~*/3), so 7(E) > 1 — ¢v/hs for some constant ¢ > 0,
where s := ¢/(2My). Moreover, on the event £ we have (by Proposition 1) that

IT% = Qallry =1 — A(e) <

=

Then the argument in the proof of Proposition 3 implies that the s-conductance,
defined in (5.9), is lower bounded by C, > v/h, and Corollary 5 gives the desired
mixing time bound. O]

Proof of Lemma 21. Let  ~ m and y ~ Q(x,-). We will use ¢ to denote
universal constants, which can change from line to line. First note that by
concentration of the norm [Ver18, Theorem 3.1.1], we have that for all £ > 0,

P(| || - \/g‘ >t) < 2exp(—ct?).
As a result, the event

holds with probability at least 1 — 2 exp(—ct?).

By the radial symmetry of the standard Gaussian, we can assume that the
only non-zero coordinate of x is the first coordinate: & = (z1,0,...,0). Given
x, we draw y by:

y=(1—h)x+V2hE, £~ N(0,1y).

We can write € = (§,€_,), where & ~ N(0,1), and €_; ~ N (0,1, 1). By

Gaussian concentration, the event

By = {|&] < ta}

holds with probability at least 1 — 2 exp(—ct3), and the event

Ey:={]|€_1ll — V| <t}
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hold with probability at least 1 — 2 exp(—ct3). Define the quantities
e =zl - Vd, e=6&, =€ - Vd.

Note that when 7 is the standard Gaussian, a brief calculation using the
definition (5.1) shows that a(x,y) = exp(% (||=[|* — [|[y||?)). Then, on the event
E1 N EyN E3, we have that

h h
T lel® = gl = 7 1 = [(1 = has + VRREJE — 20 €,

h
= |(Vd+¢e1)? = [(1 = h) (Vd+e1) + V2hey]> — 20 (Vd + &3)?]
— O(dh3 + d1/2h2t1 + h3/2d1/2t2 + d1/2h2t3),

assuming that t; = O(d'/?). In fact, we take t;,t3 = d"/%. If we take t5 to
be a sufficiently large constant (and the dimension d is large), then we can
ensure that the event Fy N E3 holds with probability at least 10/11. With these
choices,

h
1 [zl = ly]|* | = O(dh® + d**h* + d'/*h3?).
Taking h < ¢/d'/? for a sufficiently small constant ¢ > 0, we can ensure that

a(x,y) > 11/12. Thus, on the event E7, we have

11 10 5

This completes the proof. n

Lower bound

We show that when the step size is chosen as h > d~'/3, then the conductance
of the MALA chain with Gaussian target is exponentially small.

Proposition 6. For every 0 < 1/3, if we take step size h = d=%, then the
conductance of the MALA chain is exponentially small:

36 >0 such that C < exp[—Q(d?)].

Proof. We want to upper bound the conductance, defined in (C). It suffices to
show that there exists an event E C R? with 7(E) > 1/2 such that

sup/Q(w,y)A(w,y) dy = exp[-Q(d")],

zelE
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see Proposition 4. Specifically, we will take E := {& € R? | ||z|| < v/d}; note
that

From the definition (5.1), we have A(z,y) = a(z,y) A1 < \/a(z,y)." Since
V(x) = 3|l alittle algebra using the definition (5.1) shows that

h
a(w, y) = esp(; (Il ~ 1y])
Further calculations show that

Q(z, y) Az, y) dy < / Qe y)a(z, y)" dy
Rd Rd

1

= /Rd W exp(—ﬁ Hy — (1 — h):]:HQ) eXp(

o 1+ h?/2 1—h o
_<4nh)d/2/RdeXp<_ I Hy_1+h2/2“"H>dy

< exp(C Y el)

(e )l* = lyl*)) dy

| =

h2 (1 — h/4)
1(1+12)2)

d h?
Jel? = Sin(t+ ).

- eXp( 2 9

For x € E/, we can bound this via

h? (1—h/4)d d 2 h3d

< B S e e “3) = -

» Qz,y)A(z,y)dy < exp( T 22) 5 ln(l + )) exp( N (1 + O(h)))
which completes the proof. O

The next result shows that the spectral gap of the MALA chain is always
upper bounded by the step size. Together with the preceding result, it implies
that the mixing time of the MALA chain with Gaussian target is no better
than O(d'/3).

Proposition 7. The spectral gap of MALA with Gaussian target distribution
and step size h satisfies

A<h.

Proof. This is a special case of Theorem 13. [

fOne can check that the simple bound A(x,y) < a(x,y) is not enough for the proof to go
through. A similar argument to upper bound the acceptance probability is made in [HSV14].
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5.9 Conclusion

By establishing the sharp dimension dependence of MALA for smooth and
strongly convex potentials, our work parallels well-known trends in optimiza-
tion [Bub15; Nes18] and high-dimensional statistics [Tsy09; Wail9] which seek
to characterize the complexity of various learning tasks uniformly over a given
function class. It is an interesting open question to extend our results on
MALA to other natural function classes, such as smooth and weakly convex
potentials, as well as to other sampling algorithms.

Since the work in this chapter appeared, there have been newer works that
improve our understanding of MALA. In [L.ST21a], Lee, Shen and Tian show
that there exist initializations with the warm start parameter My ~ exp(d), such
that the mixing time of MALA is lower bounded by €2(d), which shows that the
warm start assumption in our upper bound in Theorem 9 is actually neccessary.
In [WSC22|, Wu, Schmidler and Chen refined our analysis, and showed that the
mixing time of MALA under a warm start is é(/{dl/ ). In [AC23], Altschuler
and Chewi show that one can obtain a warm start from a feasible start in O(d'/?)
using the discretized underdamped Langevin diffusion, which combining with
our results on MALA gives a high accuracy sampling algorithm for log-concave
distributions.

An interesting future direction is to extend our analysis to other Metropolis-
Hastings Markov chains. An feature of Theorem 9 is that the majority of the
computations involve controlling the discretization error between the continuous-
time and discretized Langevin processes, leading to the hope that the vast
literature on discretization of SDEs can be leveraged to obtain mixing time
bounds for the corresponding Metropolis-Hastings chains. However, a critical
component of this program is the choice of a reversible Markov diffusion to which
the MALA kernel can be compared via the projection property (Theorem 10).
As an example, consider the following two settings:

1. Under higher-order smoothness, the diffusion scaling limit of [RR98]
suggests that the mixing time of MALA should scale as d'/3, using step
size h ~ d~'/3. Indeed, our computations in Section 5.8 confirm this
prediction for a Gaussian target distribution. However, in this regime,
the discretized Langevin proposal is too far from the continuous-time
Langevin diffusion for our upper bound strategy to succeed. Thus, in
this example, the natural choice of reversible Markov diffusion fails to
yield the correct mixing time for MALA.

2. The underdamped Langevin SDE [Che+18¢| is an example of a Markov
diffusion which is not reversible. We can consider adding a Metropolis
adjustment after a proposal which consists of one step of the discretized
underdamped Langevin process. It is not clear that our techniques apply
to this example because there does not appear to be a natural reversible
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Markov diffusion with which to compare the resulting Metropolis-adjusted
kernel.
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Part 11

Lower bounds
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Chapter 6

Overview of lower bound ideas

Our results in Chapter 5, together with the subsequent papers mentioned in
Section 5.9, completely characterizes the behavior of MALA on log-smooth and
strongly log-concave distributions. But it has long been empirically observed
that there are algorithms, such as the Hamiltonian Monte Carlo, that are
expected to outperform MALA. So if we fix a class of distributions, can we
determine which sampling algorithm is optimal over that class? To answer
such a question, we would need to prove a general sampling lower bound, and
that is the focus of the second part of this thesis.

Examples of what we might hope for are lower bound results in convex
optimization, where there are lower bounds for entire classes of convex func-
tions. There are two regimes in convex optimization. The first is the low
dimensional regime, where the ellipsoid algorithm has linear dependence on
the dimension, but has logarithmic dependence on the error €. The second
is the high dimensional regime, where algorithms such as gradient descent
and accelerated gradient descent have dimension independent rates. There
are corresponding lower bounds for the two regimes. In the low dimensional
case, Nemirovski [Nem94| showed general convex optimization problems in a
bounded domain in R? requires Q(dlog %) iterations, which is achieved by the
ellipsoid method. In the high dimensional case, Nesterov [Nes18| proved that

convex optimization requires at least Q(\/g) iterations for smooth functions,

and at least Q(v/k log %) iterations for smooth and strongly convex functions,
and these rates are achieved by the accelerated gradient descent algorithm.
In contrast, for sampling there has essentially been no work on general lower
bounds. It is natural to wonder what such lower bounds might look like for
sampling, and whether sampling also exhibit two separate regimes depending
on dimension. Such questions are the focus of the remainder of this thesis.

Two choices have to be made before we prove any lower bound: first we
need to choose the computational model of the algorithms; second we need to
choose the class of distributions. For the first choice, we decided to focus on
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query complexity, meaning that an algorithm will be allowed to make queries
to the target distribution, then it is allowed to do whatever computations it
chooses based on the queries, and we only lower bound the total number of
queries needed. We thought about more fine-grained computational models as
well. For example, some of Nesterov’s lower bounds assume that the algorithm
will only take linear combinations of its previous queries. It turns out that
many sampling algorithms (Unadjusted Langevin dynamics and Hamiltonian
Monte Carlo) only output points that are linear combinations of past queries
and standard Gaussian vectors, so such computational models also make sense
for sampling. But more restricted computational model turned out to introduce
further complexity, so query complexity was easier to work with.

For the query model, we allow algorithms to make point-wise queries to the
potential V' (z) up to an additive constant (which is equivalent to queries to
the unnormalized density values of 7(x)), as well as one or more derivatives of
the potential, VV (x), V2V (z),.... This is the most common query framework
in continuous space sampling, where it is often hard to know the normalizing
constant of the target distribution.

For the choice of target distributions, it quickly becomes obvious that
the distributions have to have some smoothness (otherwise the mass of the
distribution can be concentrated arbitrarily closely around anywhere in space,
so sampling will be trivially hard), and they have to be bounded (otherwise
the mass can be arbitrarily far from the origin, so again sampling is trivially
hard). If we allow for the target distributions 7 to be non log-concave, in most
cases sampling will be trivially hard. We are able to obtain some non-trivial
sampling lower bounds for non log-concave distributions, which are given in
Chapter 7. But in the most part, to isolate out the sampling difficulty, we will
mainly be focused on lower bounds specifically for log-concave distributions.

So what methods might one try to prove a sampling lower bound? The
simplest idea is to reduce the sampling problem to an optimization problem. We
can construct distributions whose mass are concentrated around their modes,
which are the minimizers of their potential functions. Then if we can sample
well from these distributions, we can locate the minimizer of the potential, so
a lower bound on optimization directly leads to a sampling lower bound. Such
an approach was taken in in [GLL22| But this approach is unsatisfying for
log-concave sampling for two reasons. First, this reduction only captures the
difficulty of finding where the mass of the target is, but it does not capture
the difficulty of finding how the mass is spread out near the minimizer of
the potantial. Specifically, we could consider classes of distributions whose
potentials are all globally minimized at the origin. The optimization difficulty
for this class of potentials would be trivial, but the sampling difficulty remains
non-trivial. Second, this approach is likely give very loose lower bound for
sampling. For instance, in the high dimensional setting, the convex optimization
lower bounds are dimension independent, so a sampling lower bound that is

104



directly deduced from optimization will be dimension independent as well.
However, this is contrary to existing evidence, where all known sampling
algorithms seem to depend polynomially on the dimension.

Another idea is to mimic the proof technique of optimization lower bounds
for sampling. Most optimization lower bounds hold against deterministic
algorithms, and they construct specific adversarial functions [Bub15; Nes1§|
such that each step of the algorithm only learns a limited amount of information
about the location of the minimizer. In contrast, lower bounds for randomized
algorithms are relatively recent and still not fully understood [WS17], which
poses a major challenge for sampling algorithms, since they are inherently
randomized. Second, whereas optimization constructions can employ local
perturbations to hide the minima, sampling constructions need to hide the
bulk of the mass of the target distribution, making them surprisingly delicate.

A different approach for lower bounds is to use an information theoretic
argument. For sampling, it would go something like this. Say we want to
prove a lower bound for sampling over some class of distributions. We would
then pick a subset of distributions in that class, such that if we are given
samples from any distribution in this subset, we would be able to identify which
one in the subset it is. This means that the sampling task is easier than the
identification task, because if we can sample then we can use those samples to
identify the target. Then if we could prove a lower bound of on the difficulty
of identifying a distribution that is randomly chosen from the subset, that
would imply a lower bound for the sampling task. It turns out that this is the
approach that we will use. The key step is to construct distributions that can
be distinguished only with samples. One might think that we can use samples
to estimate some statistic of the distribution, which is then used to identify
the target, but if we need too many samples to estimate the statistic, then the
resulting lower bound would be vacuous. For example, [GLL20] proves a lower
bound of Q(d) for the number of queries needed to estimate the normalizing
constant of log-smooth and strongly-log-concave distributions, but this does not
translate into a meaningful sampling lower bound because we cannot estimate
the normalizing constant accurately with o(d) number of samples. Constructing
the right distributions that can be distinguished with samples turns out to be
the main difficulty and contribution of many of our lower bounds.
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Chapter 7

Fisher information lower bounds

In this chapter, we explore the simplest idea for proving sampling lower bounds:
by reducing sampling to optimization. To obtain non-trivial results, we will
allow the target distribution to be non log-concave, and hence the results in
this chapter are orthogonal to the log-concave lower bounds that we pursue
in the rest of Part II. We will also measure the progress of sampling by the
Fisher information, which is an unusual measure of divergence that behaves
quite differently from standard measures such as KL or total variation. Our
results have two interesting implications. The first is that in the low accuracy
(large Fisher information from the target) sampling regime, an averaged version
of unadjusted Langevin algorithm is optimal. The second is that in the high
accuracy (small Fisher information from the target) regime, sampling algorithms
must have polynomial dependence on the accuracy «.

This chapter is based on the joint work [Che+23a], with Sinho Chewi,
Patrik Gerber, and Holden Lee.

7.1 Introduction

What is the query complexity of sampling from a S-log-smooth but possibly non-
log-concave target distribution 7 on R?? Until recently, this question was only
investigated from an upper bound perspective, and only for restricted classes
of distributions, such as distributions satisfying functional inequalities [VW19;
Wib19; Ma+21; Che+22b], distributions with tail decay conditions [DM17;
Che+18a; Xu+18; Li+19; MMS20; EH21; ZXG21; HBE22], or mixtures of
log-concave distributions [LRG18].

Recently [Bal+22] developed a general framework to investigate non-log-
concave sampling. Motivated by stationary point analysis in non-convex
optimization [see, e.g., Nes18] and the interpretation of sampling as optimization
over the space of probability measures [JKO98; Wib18|, Balasubramanian et
al. proposed to call any measure p satisfying /Fl(u || m) < € an e-stationary
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point for sampling, where Fl(x || 7) := E,[||V In £||?] denotes the relative Fisher
information of p from m. They explained the interpretation of this condition
via the classical phenomenon of metastability [Bov+02; Bov+04; BGKO5];
in particular, for a multimodal distribution, small Fisher information means
that the distribution locally approximates the shape at each mode, but not
necessarily the relative weights between the modes. They further showed
that averaged Langevin Monte Carlo (LMC) can find an e-stationary point in
O(B%dK, /<) iterations, where Ky := KL(po || 7) is the initial Kullback-Leibler
(KL) divergence to the target .

In this chapter, we establish the first lower bounds for Fisher information
guarantees for sampling, resolving an open question posed in [Bal+22]. As we
discuss further below, our results also reveal a surprising equivalence between
the task of obtaining a sample which has moderate Fisher information relative
to a target distribution and the task of finding an approximate stationary point
of a smooth function, thereby strengthening the connection between the fields
of non-convex optimization and non-log-concave sampling.

Our contributions. We now informally describe our main results. Details
on notation, our oracle model, and the definition query complexity for sampling
(Definition 4) are given in Section 7.2. Precise statements of our results are given
in Sections 7.3 and 7.4. For a density 7 o exp(—U) the function U : R? — R
is called the potential. Throughout, our notion of complexity is the number
of queries made to an oracle that returns the value of U (up to an additive
constant) and its gradients. For a 1-smooth function V : R — R and § > 0
let us define the density 7 o< exp(—pV), assuming it is well-defined (i.e.
[ exp(—pV) < 00).

Our first result connects the task of obtaining Fisher information guarantees
with finding stationary points in non-convex optimization, for a particular
regime of large smoothness /.

Theorem 14 (equivalence, informal). The following two problems are equiva-
lent.

1. Output an e-stationary point of V.

2. Output a sample from a measure p such that Fl(p || 73) < Bd, where
B =d/e*

By combining this equivalence with the lower bound of [Car+20] for finding
e-stationary points, we obtain:

Theorem 15 (first lower bound, informal). The number of queries required

to obtain a sample from a measure p satisfying \/Fl(u || m3) S /Bd, starting
from an initial distribution po with KL divergence Ko = KL(uo || 75), is at
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least QU(Ko/d). The lower bound is attained by averaged LMC' (Langevin Monte
Carlo) as given in [Bal+22].

To our knowledge an optimality result for LMC was not previously known
in any setting.

The first lower bound addresses the regime of large Fisher information,
Fi(i || m3) < Ad. In order to target the regime of small Fisher information,
we give a construction based on hiding a bump of large mass and prove the
following;:

Theorem 16 (second lower bound, informal). The number of queries required

to obtain a sample from a measure p satisfying /Fl(p || m5) < e, starting from
an initial distribution po with KL divergence Ko = KL (o || m5) < 1, is at least

(\/B/€)2d/(d+2)fo(l) s e -5 0.

We give a more precise form of our lower bound in Section 7.4. In infinite
dimension (actually, d > Q(4/log(8/¢?)) suffices, see Section 7.4), the lower
bound reads ﬁ(ﬁ/éQ), which can be compared to the averaged LMC upper
bound of O(B2d/e*). Tt is an open question to close this gap.

In terms of technical novelty, we note that the difficulty of showing the first
lower bound lies mainly in establishing the equivalence between optimization
and sampling, after which lower bounds from optimization apply; on the other
hand, the second lower bound requires significant technical work to establish.

We next discuss implications of our results.

e Towards a theory of lower bounds for sampling. The problem
of obtaining sampling lower bounds is a notorious open problem raised
in many prior works [see, e.g., Che+18c; GLL20; CBL22; LST21b]. So
far, unconditional lower bounds have only been obtained in restricted
settings such as in dimension 1; see [Che+22d] and the discussion therein,
as well as the reduction to optimization in [GLL22]. Our lower bounds
are the first of their kind for Fisher information guarantees, and are
some of the only lower bounds for sampling in general. Hence, our work
takes a significant step towards a better understanding of the complexity
of sampling. In particular, our first lower bound identifies a regime in
which (averaged) LMC is optimal, which was not previously known in
any setting.

e Stronger connections between non-convex optimization and
non-log-concave sampling. The equivalence in Theorem 14 provides
compelling evidence that Fisher information guarantees are the correct
analogue of stationary point guarantees in non-convex optimization,
thereby supporting the framework of [Bal+22].
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¢ Obtaining an approximate stationary point in sampling is strictly
harder for non-log-concave targets. Ignoring the dependence on
other parameters besides the accuracy, our second lower bound yields a
poly(1/e) lower bound for the Fisher information task for non-log-concave
targets. In contrast, it is morally possible to solve this task in polylog(1/e)
queries for log-concave targets; see Section 7.5 for justification. This
exhibits a stark separation between log-concave and non-log-concave
sampling. Note that the analogous separation does not exist in the
context of optimization, because there is a poly(1/e) lower bound for
finding an e-stationary point of a convex and smooth function [Car+21].

e A separation between optimization and sampling. Finally, our
second lower bound yields a poly(1/¢) lower bound, even in dimension
one. In contrast, for the analogous question in optimization of finding an
e-stationary point of a univariate function, the recent work of [CBS22]
exhibits an algorithm with O(log(1/¢)) complexity. To our knowledge,
this is one of the first instances in which sampling is provably harder
than optimization.

7.2 Notation and setting

Notation. Given a probability measure 7 on R? which admits a density w.r.t.
the Lebesgue measure, we abuse notation by identifying 7 with its density.

The class of distributions that we wish to sample from are the 8-log-smooth
distributions on R?, defined as follows:

Definition 3 (log-smooth distributions). The class of B-log-smooth distri-
butions consists of distributions mg supported on R? whose densities are of
the form m oc exp(=Ug), for potential functions Ug : RT — R that are twice
continuously differentiable, and satisfy

IVUs() = VUs()| < Blle —yll, Va,y € RY.

Oracle model. We work under the following oracle model. The algorithm is
given access to a target distribution 7 in our class via two oracles: initialization
and local information. The initialization oracle outputs samples from some
distribution pg for which KL(ug || 7) < Ky. The local oracle for 7, given a
query point z € R? returns the value of the potential (up to an additive
constant) and its gradient at the query point z, i.e., the tuple (Us(z), VUs(x)).
Algorithms can access samples from g for free, and we care about the number
of local information queries needed. The query complexity is defined as follows.

Definition 4 (query complexity). Let € (d, Ko, ¢c;[3) be the largest number
n € N such that any algorithm which works in the oracle model described above
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and outputs a sample from a measure pug satisfying /Fl(pg || m5) < e, for any
B-log-smooth target mg and any valid initialization oracle for mg, requires at

least n queries to the local oracle for ma.
The upper bound of [Bal+22] shows that using averaged LMC,

B2dKy

et

¢ (d, Ko, e;8) S 1V (7.1)

We also note the following rescaling lemma.

Lemma 22 (rescaling). It holds that

d, Ko, 8) = € (d, Ko, —=: 1) .
(f( ) 0785/6) Cg( ) 07\/3; )
Proof. Suppose that Us : RY — R is 3-smooth and that 75 o exp(—Up) is a
density. Define the rescaled potential U : R? — R via U(z) == Uz(z/+/B), and
let m oc exp(—U). (Note that the relationship between m and 7s is different
from that in Section 7.1.) Note that U is l-smooth; moreover, if Z ~ 7g
then /3 Z ~ m. Suppose KL(ug || 75) = Ko and that Xz ~ pg is a sample
from pg, and let p = law(y/B X3). Since the KL divergence is invariant
under bijective transformations, we have KL(u || 7) = K, which shows that
we can simulate an initialization oracle for 7 given an initialization oracle
for m5. We can also simulate the local oracle for 7 given a local oracle for
ng, as VU(x) = \/LBVUg(x/\/B). Finally, let i satisfy /FI(i ]| 7) < e/v/B
and write fig == law(X /y/B) where X ~ . A straightforward calculation
shows that \/FI(fis || m3) < e. This proves the upper bound € (d, Ky, ¢; ) <
€(d, Ko,e/+/B;1), and the reverse bound follows because this reduction is
reversible. O

From here on, we abbreviate €(d, Ky, ¢) == €(d, Ky, ;1).

7.3 Reduction to optimization and the first
lower bound

In this section, we show a perhaps surprising equivalence between obtaining
Fisher information guarantees in sampling and finding stationary points of
smooth functions in optimization. The formal statement of the equivalence is
as follows.

Theorem 17 (equivalence). Let V : R — R be a 1-smooth function such that
for any 8 > 0, the function exp(—pV) is integrable. Let mgz be the probability
measure with density 75 o< exp(—BV'), where § = d/e?.
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1. Suppose that x € R? is a point with |[VV (z)|| < e. Then, for ps ==
N(z, B71,), it holds that Fl(ug || 75) < 104d.

2. Conwversely, suppose that u is a probability measure on RY such that
Fi(p || ) < Bd. Let X ~ u be a sample. Then, |[VV(X)| < 3¢ with
probability at least 1/2.

Proof. See Section 7.6. m

Note that an oracle for SV can be simulated from an oracle for V, so
that the above theorem provides an exact equivalence between a sampling
problem and an optimization problem within the oracle model, up to universal
constants.

As a first application of this equivalence, we observe that averaged LMC
yields an nearly optimal algorithm for finding stationary points of smooth
functions. We recall the LMC algorithm for sampling from a density m o
exp(—U). We fix a step size h > 0, initialize at Xo ~ puo, and for t €
[kh, (k + 1)h], we set

X; = Xpp — (t — kh) VU(Xp) + V2 (By — Bya) (7.2)

where (B;),s, is a standard Brownian motion in R%. Let 1, = law(X;) denote
the law of the algorithm at time ¢. Then, the averaged LMC algorithm at
iteration N outputs a sample from the law of jix, = (Nh) ™" fONh piy dt. This is
obtained algorithmically as follows: first, we sample a time ¢ € [0, N h] uniformly
at random (independently of all other random variables). Let k denote the
largest integer such that kh < t. We then compute Xg, Xy, Xop, ..., Xgp using
the LMC recursion, and then output X; which is obtained via the partial LMC
update (7.2).

Corollary 8 (averaged LMC is nearly optimal for finding stationary points).
Let V : RY — R be 1-smooth and satisfy V(0) —infV < A. Let ¢ > 0 be
such that A/e* > 1. Assume that for B = d/e%, the probability measure with
density mz o exp(—pV) is well-defined and that [||-||*drs < poly(A,d,1/e).
Consider running averaged LMC with step size h = é(l /), initial distribution
po = N(0,8711,), and target w5, with

~ /A

N > Q<—2> iterations.
€

Then, we obtain a sample X such that with probability at least 1/2, it holds

that |VV(X)| S e.

Proof. We combine Theorem 17 with the analysis of averaged LMC in [Bal+4-22];
see Section 7.6. O
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This matches the usual O(A/e?) complexity for the standard gradient
descent algorithm to find an e-stationary point [see, e.g., Bub15; Nes18]. On
its own, this observation is not terribly surprising because as [ — oo, the
LMC iteration (7.2) recovers the gradient descent algorithm. However, it is
remarkable that the analysis of [Bal+22] of averaged LMC in Fisher information
nearly recovers the gradient descent guarantee.

This observation also suggests that the lower bound of [Car+20], which
establishes optimality of gradient descent for finding stationary points in high
dimension, also implies optimality of averaged LMC in a certain regime. We
obtain the following theorem.

Theorem 18 (first lower bound). Suppose that the dimension d satisfies
O(Ko) > d > Q(KX*). Then, it holds that

€ (d, Ko, e = \/Bd; 8) 2 %.
Proof. In the lower bound of [Car+20], the authors construct a family of
functions .# such that each f € .# is f-smooth and satisfies f(0) —inf f < A.
Moreover, any randomized algorithm which, for any f € .%, makes queries to
a local oracle for f and outputs an d-stationary point of f with probability at
least 1/2, requires at least Q(8A/6?) queries. The dimension of the functions in
the construction is d = O(32A2/§4). Setting BV = f and using the equivalence
from Theorem 17 completes the proof. Details are given in Section 7.6. m

The lower bound of Theorem 18 is matched by averaged LMC, see (7.1).
In the theorem, the restriction d > Q(Kg/ 3) arises because the lower bound
construction of [Car+-20] for finding a e-stationary point of a smooth function re-
quires a large dimension d > Q(1/¢%). If, as conjectured in [BM20] and [CBS22],
the lower bound construction can be embedded in dimension d 2 log(1/¢),
then the restriction in Theorem 18 would instead become d 2 log K.

7.4 Bump construction and the second lower
bound

The main drawback of the first lower bound (Theorem 18) is that it only
provides a lower bound on the Fisher information for a specific value of the
target accuracy, € = /fd. To complement this result, we provide the following
lower bound for the query complexity of sampling to high accuracy in Fisher
information; recall that it suffices to consider § = 1 by the rescaling lemma
(Lemma 22).
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Theorem 19 (second lower bound). For the class of 1-log-smooth distributions
on R, there exist universal constants c,c > 0, such that for all e < exp(—c'd),
we have

“(d.Ko=1.9) % ( cd )W ! (7.3)
o =5E) 2 log(1/¢) £2d/(d+2) ° :
Proof. Here we sketch the main ideas of the proof. We construct a family
of distributions in our class which put a constant fraction of their mass on
disjoint bumps. Specifically, let B, denote the ball of radius r in R¢, and let
P g be a maximal 2r-packing of Br_,. For any w € &, g, let 7, denote the
unnormalized density

To(T) == exp (T%(M) - % (||| — R)i) = exp(—V,(z)), (7.4)

where ¢ : R, — R, is a decreasing, twice continuously differentiable function
supported on [0, 1] with bounded second derivative, chosen such that 7, is
1-log-smooth. We see that the mass of the distribution 7, will be concentrated
on Br. Moreover, by a careful choice of r we can ensure that exactly half of
the mass of 7, is in the set w + B,.

The key idea is the following reduction: being able to sample from =,
within small Fisher information means that we can estimate w € %, g. To
make this reduction work, note that if we make a query within w + B,., then
we can immediately identify w. Because 7, puts half of its mass on w + B,
by construction, if we can sample from a distribution within total variation
distance less than 1/2 from 7, then we will sample a point in w + B, with
constant probability. The last ingredient is to note that sampling close to 7, in
Fisher information implies that we are close in total variation distance due to
the following functional inequality (see [Gui+09]): for any probability measure

M,

TV(p, m)* < ~Cpi(my) FI(p || 7o)

A

where Cp(m,,) is the Poincaré constant of .

As a result, a query complexity lower bound on sampling in Fisher informa-
tion directly follows from a lower bound on the query complexity of estimating
w, which by standard information-theoretic arguments takes Q(|Pa. r|) queries.

Although the scheme of the argument is straightforward, the actual proof
requires careful balancing of the parameters r, R, d and ¢ and some delicate
calculations to satisfy all of the desired properties. The full details are given in
Section 7.7. O

The lower bound in Theorem 19 deteriorates in high dimension; note that
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due to the restriction € < exp(—cd), the first factor in (7.3) is exponentially
small in d. However, we can remedy this by noting that a d-dimensional
construction can be embedded into R? for any d’ > d, and hence

cd de/2 1
= > _ 4/(d*+2)} —
“ld, Ko =1,¢) 2 g}%ﬁ [(log(l/s)) c g2’

By optimizing over d,, we show (Section 7.7) that if ¢ < 1/C, then

1  forald< |o8/E)
Cld1e) > £2d/(d+2) exp(C'y/log(1/¢) log log(1/¢)) log log(1/¢)
y 1,€)
1 , for all d > | —08/2)
e2exp(C'y/log(1/¢)loglog(1/e)) log log(1/2)
- : foralld > 1,

emin{2d/(d+2),2}—-o(1) ’

as € — 0, where C' > 0 is universal. Noting 2d/(d + 2) < 2, this yields the
simplified bound in Theorem 16.

For d = 1, the lower bound of Theorem 19 reads €'(1,1,) > 1/(%/3/log(1/¢)).
However, for the one-dimensional case we can in fact obtain better bounds
on the Poincaré constants of the measures in our lower bound construction,
leading to an improvement of the exponent from 2/3 to 1. This result is stated
below.

Theorem 20 (second lower bound, univariate case). For the class of 1-log-
smooth distributions on R, there exists a universal constant ¢ > 0, such that
for all e < ¢, we have

1
Cld=1,Ky=1¢) 2 ————.
( ’ ) ey/log(1/¢)
Proof. See Section 7.7. O

The univariate setting also provides a convenient setting in order to compare
our lower bounds with algorithms such as rejection sampling, so we include a
detailed discussion in Section 7.8. We highlight a few interesting conclusions
of the discussion here.

e Although rejection sampling can indeed obtain Fisher information guar-
antees with complexity O(log(1/¢)) (Proposition 9), this does not con-
tradict our lower bounds because rejection sampling cannot be directly
implemented within our oracle model. Instead of an initialization puy
satisfying KL(pu || ) < K, rejection sampling requires the stronger
assumption max{sup In(ug/7),supIn(m/pg)} < My. Under this stronger
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initialization oracle, the complexity guarantee for rejection sampling is

O(exp(3My)log(1/e)).

e In the model with the stronger initialization oracle (i.e., bounded M),
any algorithm which has polylog(1/¢) dependence on the accuracy &
necessarily incurs exponential dependence on M, (Corollary 11). This
demonstrates a fundamental trade-off between high accuracy (e.g., re-
jection sampling) and polynomial dependence on M, (e.g., averaged

LMC).

e The initialization oracle with bounded M, is strictly stronger than the
one with bounded Kj. In other words, sampling is strictly easier in the
presence of an initialization with bounded density ratio to the target
(i.e., a warm start) than an initialization with bounded KL divergence.
This is consistent with intuition from prior work on the complexity of the
Metropolis-adjusted Langevin algorithm [see Che+21; LST21b; WSC22].

e The effective radius R of our lower bound construction scales with 1/e.
This is in fact necessary: if R is fixed then there is an algorithm with
O(log(1/¢e)) complexity (Proposition 10).

7.5 Separation between log-concave and non
log-concave sampling

We show that O(log 1) Fisher information query complexity is attainable for
log-concave densities, by giving a generic post-processing method to turn
x2-error guarantees into Fisher information guarantees.

Post-processing lemma

Let @: denote heat flow for time ¢ (i.e., convolution with a Gaussian of variance
t). We aim to bound Fl(uQ; || 7), where 7 is the distribution that we wish to
sample from, and p is the output of a sampling algorithm with chi-squared
error guarantees.

Lemma 23 (Fisher information guarantee from a chi-squared guarantee).
Suppose that 1 and m are two probability measures on RY, that 7 is B-log-
smooth, and that x*(u || 7) < 3 < 1. Then, ift S 1/ for a small enough

implied constant, it holds that
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To prove Lemma 23, we start with

FIQ, || 7) = / IV 1n(4Q0) () — ¥ () |2 5@y ()

< 2F1(pQy || 7Qr) + 2 /RdIIVIOg(th)(x) — Viogn(z)||* pQi(dz).
(7.5)

For the first term in (7.5), we use the following lemma on error in the score
function (gradient of the log-density).

Lemma 24 (score error under heat flow, [LLT23, Lemma 6.2]). Let u and 7
be probability measures on R?, and let Q, denote the heat semigroup at time t.
In addition, we assume that x*(u || 7) < €3 < 1. Then,

X d—i—hﬂeL
FI(pQ, || 7Q,) = /RdHVIH(,th)(:L') — VIn(rQ,)(z)|]* pQ(dx) < € ( t x) .

For the second term in (7.5), we use the following score perturbation lemma.

Lemma 25 ([LLT22, Lemma C.11]). Suppose that w x exp(—V) is a probability
density on RY, where V is B-smooth. Then for 8 < & 2t,

va H < 68d"*"? + 28t||VV (2)].
’/T

Qt

We are now ready to prove Lemma 23.
Proof of Lemma 23. For the second term in (7.5), Lemma 25 yields
E.o [V In(rQ,) — Vinr|?] < g2dt + B2 Eq,[|[VV .-
On the other hand, Lemma 26 below yields
E.q.[[VVI*] S FI(u@Q || w) + Bd.
Hence, from (7.5) and Lemma 24,

FI(uQ: || 7) S FI(pQq || 7Q0) + B, IV In(7 Q) — Vin|?]

< gy (d+ l(zg(l/gx)) + B2dt + B FI(pQy || ) -

If t < 1/6 for a small enough implied constant, it implies

ex (d +1og(1/ey))

2dt
t +5

FI(pQ: || ) <
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as desired. O

High-accuracy Fisher information guarantees for
log-concave targets

We now apply the post-processing lemma (Lemma 23). We recall the following
high-accuracy guarantee for sampling from log-concave targets in chi-squared
divergence, based on the proximal sampler.

Theorem 21 ([Che+22a, Corollary 7]). Suppose that the target distribution
m o exp(—=V) is 5-log-smooth and satisfies a Poincaré inequality with constant
Cpi. Then, the prozimal sampler, with rejection sampling implementation of
the restricted Gaussian oracle (RGO) and initialized at o, outputs a sample
from a measure p with x*(u || 7) < 5§< using N queries to w in expectation,
where N satisfies

N < O(Coufid (1081 + (i || ) v Tog =) ).

X

We now briefly justify why this morally leads to an O(log(1/¢)) complexity
guarantee in Fisher information, omitting details for brevity. Assume that
8 =1 and that 7 is log-concave. If we set t < ¢%/d in Lemma 23, then we can
ensure that FI(uQ; || 7) < €%, where p is the output of the proximal sampler,

provided that e, < O(e*/d?). Applying Theorem 21, this can be achieved
using

N = (5<Cp.d (log(1 + x*(1o || 7)) V log g))

queries in expectation. Let us give crude bounds for these terms. First,
let m3 = E,[||-||*] denote the second moment of 7. Then, we know that
the Poincaré constant of 7 is bounded because 7 is log-concave, and in fact
Cpi < m3 [see, e.g., Bob99]. Also, if VV/(0) = 0, then we can initialize with
log(1 4+ x2(po || 7)) < O(d) [see Che+22b, Lemma 29]. Putting this together,
we see that N = poly(d, my,log(v/d/e)) queries suffice in expectation in order
to obtain the guarantee \/FI(u@; || 7) < e. This is in contrast with our lower
bound in Theorem 19, which shows that poly(1/¢) queries are necessary to
obtain Fisher information guarantees for mon-log-concave targets, thereby
establishing a separation between log-concave and non-log-concave sampling in
this context.

The astute reader will observe that there are some holes in this argument
when comparing the lower and upper bounds. Namely, the upper bound uses
further properties about the target distribution (e.g., VV(0) = 0) and does
not strictly hold in the oracle model that we describe in Section 7.2; the upper
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bound is in terms of the expected number of queries made, because the number
of queries made by the algorithm is random; and the upper bound depends
on other parameters such as my, which do not appear in the lower bound. In
particular, the third point requires some consideration because in our lower
bound construction for Theorem 19, the effective radius R of the distributions
depends on 1/e. We claim, however, that if we set d, R = polylog(1/¢), then
the upper bound for log-concave targets is polylog(1/e) (with the caveats just
discussed) and the lower bound for non-log-concave targets is poly(1/¢). As
this is not the focus of our work, we do not attempt to make this reasoning more
rigorous; rather, we leave it as the sketch of an argument showing that non-log-
concave sampling is fundamentally harder than log-concave sampling. We also
note that our argument in fact shows that polylog(1/¢) query complexity is
possible for distributions satisfying a Poincaré inequality, which form a strict
superclass of log-concave distributions.

7.6 Proofs for the first lower bound

Proof of the equivalence

In order to prove the equivalence in Theorem 17, we recall the following useful
lemma from [Che+22b].

Lemma 26 ([Che+22b, Lemma 16]). Let m o exp(—V') be a B-log-smooth
density on R%. Then, for any probability measure y,

EL[IVVI?] < Fl(u || 7) +25d.

With the lemma in hand, we are ready to prove Theorem 17.

Proof of Theorem 17. 1. We can explicitly compute

Filus || 70) = [V 15 = ¥ sl d
— [13 =) - 5IVEIPdus(a
<25 [ 12— alP duali) + 26° [ IVV )P dat)
<25 [ 2 = alP dalz) + 46 [ {lz = al? + [VV @I} a2

<68 [lle = el dus(e) +45° [VV @I,

<e?

119



where we used that VV is Lipschitz. Also, [z — z|*dus(z) = d/B.
Hence,

FI(ug || m) < 68d +45°* = 108d,
provided 8 = d/e?.

2. Conversely, since VIn(1/mg) = fVV is -Lipschitz, then Lemma 26
yields

1 1

EJIVV*] = @Eu[HV(BVW] <3

If we take § = d/e?, then E,[|VV|?] < 3¢%. By Chebyshev’s inequality,
X ~ pu satisfies | VV(X)|| < v/6¢ with probability at least 1/2.

{FI(u || m) + 28} < %d

]

Proof of the averaged LMC guarantee

In order to apply [Bal+22, Theorem 4], we need a bound on the KL divergence
at initialization. Such bounds are standard; however, since [Che+22b, Lemma
30] assumes that we start at a stationary point of V' (contrary to the present
setting), we present an adapted version.

Lemma 27 (KL divergence at initialization). Suppose that U : R — R is a
function such that U(0)—inf U < A, VU is 3-Lipschitz, and m == [||-|| dr < oo
where o< exp(=U). Then, for g = N(0,5711;), we have the bound

KL(po || 1) S A+d (1VIn(fm?)).

Proof. Write

po oy By Jen(=0)  [exp(=U =5
P p(U 9 IR ) fexp(_U_(;H_HQ) (27T/6)d/2 )

where § > 0 is chosen later.
For the first term, by smoothness and Young’s inequality,

U(x) - g |2]> < U(0) + (VU(0),z) < U(0) + ”W;g))” 5 ”;” .

Plugging in = = —% VU (0),

1

U<_% vU(©0) - U(0) < 55 IVUOI?
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HVUmWngﬁQmm—wm—%VUmn>gzﬁamm—qmu)gzﬁA.

Hence, for any =,

U~ el <v) + a4 A

For the second term, Markov’s inequality yields

Jexp(=U =3 |[*)

— [ expl=6 1) dr 2 exp(~ 45wt || < 2m)

Jexp(=U)
1
> 5 exp(—40m?).
For the third term,
exp(—=U — § ||]|? exp(—inf U) [ exp(—6 ||-||? . B2
Jesol=U = 01P) _ esploint D] ol P _ ey (2
(2n/8) (2r/8)
Combining these bounds,
d
KL(po || m) = E,, In 0 < U(0) —infU + A+ gEuo[HHQ] +1n2 + 46m? + 5111% .
T

Now we set § = ﬁ to obtain
KL(po [| ) S A+d (1VIn(Sm?))
as claimed. N

Proof of Corollary 8. Let V be 1-smooth and apply the above lemma to U =
BV, which is S-smooth and satisfies U(0) — inf U < SA, so that

Ko = KL(po || 75)  BA+d (1VI(BEL[I|*) = O(BA +d).  (7.6)

The main result of [Bal422] says that after N steps of averaged LMC, with an
appropriate choice of step size h, we output a sample from p satisfying

BV Kod
VN
To apply this result, we find NV such that this inequality implies Fl(u || 75) < fd,

where we recall that 8 = d/e?; this requires N 2 Ky/d. From (7.6), it suffices
to have N > Q(A/e?), provided A/e? > 1. The result for finding stationary

Fi(p |l ms) <
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points via averaged LMC now follows from the equivalence in Theorem 17. [

Proof of the first lower bound

Proof of Theorem 18. Let .% be the family of functions constructed in the
lower bound of [Car+20], and let f € .#. Recall that .# satisfies the following
properties: each f € % is [-smooth and satisfies f(0) —inf f < A, any
randomized algorithm which, for any f € %, makes queries to a local oracle for
f and outputs an d-stationary point of f with probability at least 1/2, requires
at least Q(BA/6?%) queries.

We set § := 44/Bd. From the Fisher information lemma (Lemma 26), if we
can obtain a sample from a measure p such that for 7y o< exp(—f), it holds
that Fl(u || 7) < Bd, then a sample from p is a d-stationary point of f with
probability at least 1/2.

We set the initialization oracle to simply output samples from gy =
N(0,87 ;). We need to compute the value of Ko = sup ;.5 KL(uo || ),
and for this we use Lemma 27. First, we must bound the second moment
Ex,[|[-]|?]. Since we only care about polynomial dependencies for this calcula-
tion, let poly denote any positive quantity for which both the quantity and its
inverse are bounded above by polynomials in 8, A, d, and 1/§. Inspecting the
proof of [Car+20] and using the notation therein, each f € % is of the form

f(x) = poly - fru(p(z/poly)) + 5% |z||*,  where 7 = poly.

Also, fT7U is bounded; thus, 7 o< exp(—f) is well-defined. To bound the second
moment of 7, we can use the Donsker—Varadhan variational principle to write,
for any A > 0,

£ 117 < 5 (KL || ) + I, exp(A 1)

where v := N (0, 71;). By choosing A = 1/poly, we can ensure that In|E, exp(A ||-||?) <
1. Next, since v satisfies a log-Sobolev inequality with constant poly, we obtain

Ex [II-1%] < poly - (1 +Fl(ry || v)) -
The Fisher information is computed to be
= 2
Fi(zy || v) = poly - Ex, [[|V (fru (p(-/poly)))|| ] -
Here, fT7U :R? — R and p : R — R? are poly-Lipschitz, and hence

IV (Fru(p(-/poly))) || < poly.

122



Putting everything together, we deduce that E. [||-|[*] < poly.

From Lemma 27, we can take Ko < A 4+ O(d). If Ky > Q(d), then this
shows that A 2 Kj. From the lower bound of [Car+20], we obtain

BA _ BK, _ Ko

Ko, \/pd; B) 2 — = .
%(da 05 5d7 B) ~og2 5(1 d

Finally, in order for the construction of [Car+20] to be valid, the functions

must be defined in dimension d > Q((K,/d)?), which is satisfied provided

d> QK. O

7.7 Proofs for the second lower bound

Proof of Theorem 19

Throughout the proof, we will often work with unnormalized densities. For
a distribution 7, which we identify with its density, we denote by 7 an un-

normalized density, where 7 = £ and the normalizing constant is given by

Z = [pa7(x)dz. ’

We reduce the task of estimating the distribution from queries to the task
of sampling. Namely, we construct a set of distributions = that are 1-log-
smooth, such that if we can sample well from 7 in Fisher information, then
we can estimate its identity. Let B, denote the ball of radius r in R%; let
Vy = nd/Q/F(%l + 1) denote the volume of By, and let A; ; = dV; denote
the surface area of 0B;. Let &, r be a maximal 2r-packing of Bg_,, for
some R > r to be specified. By standard volume arguments [see, e.g., Verl8,
§4.2], we know that | Py, p| > (£~
unnormalized density

)d. For any w € P, g, let 7, denote the

To(r) = exp (r2gb<Hx;—wH> - % (||z]| — R)i) = exp(—V,(z)), (7.7)

where (z); = max(0,z), and ¢ : Ry — R, is a bump function with the
following properties! :

(¢.1) ¢ is continuous, decreasing, supported on [0, 1], and twice continuously
differentiable on the open interval (0, 00).

(6.2) é(x) = ¢(0) — % 22 for all x € [0, a] for some o > 0.

2

212 for z € [0,1/4],
1One such function is ¢(z) = 77 (44 8z — 4822 + 5623 — 20z*), for x € [1/4,1],
0, otherwise .
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(¢-3) sup,q |¢"(2)| < 1.

The above implies that on RY, x +— ¢(||z||) is 1-smooth (see Lemma 32), and
hence 7, is 1-log-smooth. For a measurable set A, we will write 7,(A) =
[ Tw(z) dz and we let Z, = 7,,(R?) denote the normalizing constant for 7.

We also define the null probability measure m,;; to have unnormalized
density

Fiie(2) = exp(—5 (Il — R)2),
with normalizing constant Zini; = Tinit(R?).

The distribution 7, is the combination of a flat, uniform distribution on
Bp, fast decaying tails outside of Bg, and a bump of radius r around the point
w € P9 r. The following lemma summarizes the properties that we need for
the lower bound construction. Together, Properties (P.1) and (P.2) imply
that if an algorithm outputs a sample X from a distribution which is close in
Fisher information to 7, then X is likely to lie in the set w + B,. Hence, an
algorithm for sampling from 7, can be used to estimate w. Property (P.4)
is then used to prove a lower bound on the number of queries to solve the
estimation task. Finally, Property (P.3) is needed in order to ensure that there
is a valid initialization oracle with Ky = 1.

Lemma 28 (lower bound construction). There exist universal constants c.,c >
0 such that for every d > 1 and € < exp(—c.d) we can choose r, R such that
the following properties hold.

(P.1) (most of the mass lies in the bump) For any w € Pay g,

1
Ww(w—f—Br) = 5

(P.2) (FI guarantees imply TV guarantees) For any w € Pa. g and any proba-
bility measure L,

VF(pllm,) <e = TV(p,m,) <

W

(P.3) (initial KL divergence) There exists a probability measure mnye that satisfies

max  KL(mi || 70) < log2.

wEP2r R

(P.4) (lower bound on the packing number) It holds that

cd d/2 1
| Por,r| > <W) 2d/(d+2) °
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Proof. Property (P.1) holds by the definition of the parameters r and R,
see (7.15) and Lemma 30. We prove Property (P.2) in Section 7.7, Prop-
erty (P.3) in Section 7.7, and Property (P.4) in Section 7.7. O

Remark 6. In order for the bound in Property (P.4) to be non-trivial, i.e.,
| Py, 1| 2 1, we require e~24/(4+2) > (| /log(1/¢) /(cd))?. Taking logarithms, we
want

2d 10d 1 d
> -2 )
d+2log€ > 2loglog6 2logd+Q(d)

Let v be such that log(1/e) = ~d. Substituting this in, we require

2vd? ! d
> —1 Q(d) .
i1z > 3087+

This holds as long as « is larger than a universal constant, which is equivalent
to € < exp(—c.d) for a sufficiently large absolute constant c. > 0.

Using the lemma, we can now prove Theorem 19 by applying a standard
information theoretic argument with Fano’s inequality (Theorem 1).

Proof of Theorem 19. Let w ~ uniform( 2%, ) and consider the task of estimat-
ing w with randomized algorithms that have query access to m,. We first show
that a sampling algorithm can solve this estimation task. Suppose that there is
an algorithm that works under the oracle model specified in Section 7.2, with
initialization oracle outputting samples from py = 7, given in Property (P.3),
which guarantees that KL(p || m,) < log2. For any w € %, g and target
T, the algorithm makes at most N queries to the local oracle, and outputs a
sample from the measure uy with /Fl(uy || 7o) < €. We can then estimate w
as follows: let X ~ uy, and set

W= argmin || X —w||.
WEWQT’R

Because the initialization oracle g is independent of the choice of w, the
estimator @ is the output of a randomized algorithm that only uses the query
information to m, to estimate w.

The probability that & succeeds can be calculated as follows. By Prop-
erty (P.2), we have TV (un,m,) < 1/3. Let X ~ uy; then,

1 1 1
P{X € W+BT} :MN(W+BT) Z Ww(w—{'Br) _TV(H'Naﬂ-w) Z 5 - § — 6,
where we used Property (P.1). Hence we see that
~ 1
P{& =w} > x (7.8)
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Now we prove a lower bound for the estimation task for any algorithm
that succeeds with probability at least %. Let x1,...,zy denote the query
points made by the algorithm. We first prove a lower bound for deterministic
algorithms, where each query point z; is a deterministic function of the previous
queries and oracle outputs (x;, V,(xy), VV(xy) : ¢ =1,...,4— 1). Since the
initialization oracle is independent of w, the data available to the algorithm is

En = (xi, Vo), VVi(xy) i =1,. .. ,N) .
We assume that the algorithm has made at most N < M /2 queries where

M = |Pr| (otherwise, N > M /2 and this is our desired lower bound).

Applying Fano’s inequality (Theorem 1):, we therefore have

I(éy;w) +1n2
In M ‘

P& £w)>1— (7.9)

Applying the chain rule for the mutual information,

N
€N7 Z[ l% xz VV lﬁ y W ‘ 5@ 1)
=1

Given &;_1, the query point z; is deterministic. We can bound the mutual
information via the conditional entropy,

Iz, Vio(3:), VVi(@1); w | 1) < H (Vio(@s), V(1) | &-1) -

If one of the query points zy,...,z;_; landed in the ball w + B, then w is
fully known and the conditional entropy is zero. Otherwise, given the history
&1, the random variable w is uniformly distributed on the set

P (i) ={w' € Poyp|axy ¢ +B, fori=1,...,i—1}.

If z; does not belong to w’ + B, for some w’' € Py, (i), then the query point is
useless and the conditional entropy is again zero. Otherwise, conditionally on
&i—1, the tuple (V,,(x;), VV,,(z;)) can take on two possible values with probability
1/| P4 r(i)| and 1 — 1/| P, r(1)| respectively, depending on whether or not
x; € w+ B,. The conditional entropy is thus bounded by

2

H (Vo (i), V() | &-1) < h(W) < h(ﬂ) ,

where h(p) = pln% +(1—p)ln l%p is the binary entropy function. Assuming
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that M > 4 (which can be ensured thanks to Remark 6),

Substituting this into (7.9),

A In(M/2) +In2
In M '

P{o#w}>1- (7.10)
If M >4,and N < &5 M, we would obtain P{& # w} > 5/6, contradicting (7.8).
Hence, we deduce that N = M.

In general, if the algorithm is randomized, it can depend on a random seed
¢ that is independent of w. Then we can apply (7.10) conditional on ¢, and
obtain

A In(M/2) +In2
In M '

Plo#w|(h=>1-

Taking expectation over (, we see that the lower bound (7.10), and hence
N = M, holds for randomized algorithms as well.

The proof of Theorem 19 is concluded by noting that the estimation lower
bound gives a lower bound on sampling, and that Property (P.4) provides us
with a lower bound on M. O

In the remaining sections, we focus on establishing Lemma 28.

Estimates for integrals

In this section we provide useful estimates for integrals that appear in the
normalizing constants for our lower bound construction. Notice that since
,=1on Bg\ (w+ B,),

Z,, = 7,(R*\ Bg) + 7, (Bg)

' B+ (1 =ik [ esp(r2o(l2)) o

I
=N

r

T

7RI\ Bg) + (R* — ) Vy 4?1,

where we define [, = [ By exp(r?¢(||z||)) dz. We record some useful properties
of the quantities defined thus far that will be used throughout the proof of
Lemma 28.

Lemma 29 (main estimates). For any number ¢ > 0 there exists ¢,(c) > 0
depending only on ¢ such that for all r > cr(c)\/a, the following hold:
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1. (asymptotics of I,.)

L ri, <9 (7.11)
2 = PR exp(r29(0) ‘
2. (mass outside Br) There is a universal constant cy > 2, independent of
c, such that
\/g VadR© < 7 (R?\ Bg) < Vycd (AR 4 d\4D/2) (7.12)

3. (mass on the bump)

I,
lnvd >cd. (7.13)

Proof. Because we have chosen ¢ to be a quadratic function on the range [0, a]
(see (¢.2)), we can decompose I, as follows:

I, ::/B exp(r2¢(||x||)) dz
= [ ew(Rollal) ar + (o) [ exp (<)

a
g v N 7
~~ Vv

A B

As ¢ is decreasing by (¢.1), clearly A < Vzexp(r?¢(a)), and the second term
is given by

(2n)d/2
rd

B= eXp(r2gz5(O)) P(|X]| < ar),
where X is a standard Gaussian in R?. By standard concentration inequalities
(e.g., Markov’s inequality suffices), there exists a universal constant ¢; such
that the above probability is at least 1/2 provided r > c1v/d. Recall that
logI'(4 + 1) = 4logd + O(d). Thus, for r > ¢;v/d we have

2Vaexp(rio(@) 2exp(r’d(a))
(27m)4/2 r=d exp(r2¢(0)) 24/2 p=d oxp(1r2¢4(0)) F(g +1)

= O(d) — 1 (¢(0) — ¢(a)) + dlogr — glogd

= 0(d) = d( ()" (9(0) — 6()) ~ log (=)

A
log B < log

From the above it is clear that there is a universal constant c; such that
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r > ¢9v/d implies that A < B. Thus, for r > (c1 Vv 02)\/3 the following holds:
B <1, <2B, (7.14)
proving (7.11). We now turn to the proof of (7.12). By integrating in polar

coordinates, and taking X to be a standard Gaussian on R,

o0

1
7o (RY\ Br) = Ag_1 /R st exp(—§ (s — R)Z) ds
2

= A4 / (s+R)"* exp(—%) ds
0

<V2m A, E[|X + R4

< V2 Ag 2 (R + E[|IX]47)

< Ag el (R4 (d — 1)=D72)

< Ve (AR 4 d\072)

for some universal constant ¢y > 2. For the other direction we can simply write

2

7w(R%\ Bg) = Ag_y /0 h (s+ R)" exp(—%) ds

T
>, /= A; (R
_\/; a—1R

Finally, we prove (7.13). We again use the fact log (¢ +1) = 4log d+O(d).
Therefore, for 7 > (¢; V ¢3)V/d and using (7.11) we obtain

(2m)%2 7~ exp(r¢(0)) /2
/2 /T(4+1)

—d <(ﬁ)2¢’(0) ~log (\_ﬁz)> +0(d).

log — >1
o) 0
ng_ g

Clearly, there exists a constant ¢z (depending only on ¢) such that r > esVd
implies that the RHS is at least linear in d with a positive constant. Taking
¢, = 1V ¢ V c3 concludes the proof. O

Proof of Property (P.1)

We choose 7, R such that (P.1) holds, i.e., m,(w + B,) = 1/2. This holds
provided that

F(r) = (I + Va) r* = 7,(R?\ Bg) + VaR® = g(R). (7.15)
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Lemma 30 (choice of 7, R). For any value of d > 1 and R > 0, there ezists a
corresponding value of r such that (7.15) holds. Moreover, there is a universal
constant cg > 1 such that for any R > cpV/d, the corresponding r solving (7.15)
satisfies

r > ¢, (log(6¢))Vd, (7.16)
R/r>2, (7.17)

where c¢,.(+) is the function defined in Lemma 29.

The argument log(6¢y) to ¢,.(-) in Lemma 30 is chosen for later convenience.

Proof. Notice that f and ¢ are continuous and increasing in r, R respectively.
Moreover, we check that f(0) = 0, g(0) = (2r)%2, and f(c0) = g(c0) = oc.
This tells us that for any value of d > 1 and R > 0, there exists a value of
r > 0 for which f(r) = g(R).

For the rest of the proof, we abbreviate ¢, = ¢,(log(6cy)).

First, we prove (7.16). Note that since (7.16) is a hypothesis of Lemma 29,
we cannot invoke Lemma 29 during the proof of (7.16) in order to avoid a
circular argument.

By the definitions of r and R,

(I, + V) r* > Vy R?.

Taking logarithms and using the definition of I,, this rewrites as

fBl p(r?¢(|l=]])) de
Vy

dlogg <log(1+ é) = log< > < log(1 + exp(r’¢(0))) .
d

Suppose, for the sake of contradiction, that r < ¢,v/d. Then, we have
R_
dlog — < c;dp(0) + log 2.
r
Rearranging,
log

RSeXp(C%( )+T)T<6Xp<c ¢(0) + 10§2> e Vd.

Hence, if R > cgy/d for a large enough universal constant cg, then we arrive
at the desired contradiction. For later convenience we choose cg to always be
at least 1. This proves (7.16).

Next, we prove (7.17). We use the fact that R > czV/d; so that in particular
cr > 1 and thus vd < R. Then, using (7.12) from Lemma 29,

(I, + V) r? < Vy (c2dRY™ + cdd@D/2 4 R < Vy (¢3VdR 4 ¢2VdR + RY)
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< Vy-3¢VdR?.

Taking logarithms, rearranging, and using (7.13) from Lemma 29,

IT l d
dlogE > log(l + V) —dlogcy — 10g(3\/c_l) > (c— log ¢y — %\/_)) d.
r
’ N—
<log3

Taking ¢ = log ¢o +log 3+ log 2 = log(6¢y), this implies R/r > 2 as desired. [

Proof of Property (P.2)

The proof of Property (P.2) requires an upper bound on the Poincaré constant
of m,. We recall that the Poincaré constant of a probability measure 7 is
the smallest constant Cp(7) > 0 such that for all smooth and bounded test
functions f : R — R, it holds that

varz(f) < Cpi(m) Ex[| VFII].

We begin with a Poincaré inequality for ;.

Lemma 31 (Poincaré inequality for mn.). If R > \/c_l, then the probability
measure Tinie has Poincaré constant at most cpiR? /d for a universal constant
Cp|.

Proof. From [Bob03] and the fact that my; is a radially symmetric log-concave
measure, the Poincaré constant of m,;; is bounded by

13E7Tinit[||'“2]

Cpi(Tinit) < p)

The second moment is

e lIP N Jaan g I-IP exp(=5 (-] = R))

it Zinit

< fBRH‘“2 n Agq fooo (r+ R)dJrl exp(—r?/2)dr
VaR? Agy [ (r+ R)" ! exp(—r2/2) dr

< R2+/(T+R)2u(dr),

B 1111

where v is the probability measure on R, with density

2

v(r) o (r+R)*! exp(—%) . (7.18)
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Note that v is 1-strongly-log-concave. Hence, by [DM+19, Proposition 1],
/(7’+R)2l/(dr) §R2+/r2y(d7‘) §R2+rf+/(r—r*)21/(dr) <RP4+ri4d,

where 7, is the mode of v. To find the mode, (7.18) and elementary calculus
show that r, satisfies r, (r, + R) = d — 1, which implies r, < (d — 1)/R. If
R > V/d, then r, < R. Combining the bounds, we obtain Cpy (i) < R?/d. O

Next, we recall the statement of the Holley—Stroock perturbation principle.

Theorem 22 (Holley—Stroock perturbation principle, [HS86]). Let m be a
probability measure which satisfies a Poincaré inequality. Suppose that y is
another probability measure such that

d
0<c§—M§C<oo.
dr

Then, u also satisfies a Poincaré inequality, with

C
Cpi(p) < ” Cpi(m) .
Proof. See [BGL14, Lemma 5.1.7]. O

Corollary 9 (Poincaré inequality for m,). Assume that R > \/d. Then, for
each w € P R,

2CP|R2

Cpi(m,) < exp(r?¢(0)) .

Proof. By (¢.1), we know that 7, > 7, and hence Z,, > Zii.. It follows that

Zinit < Tw o Tw Zinit Tw

Zy T Tt Tinit Zu Tinit
Also, by (7.15),

Zy = 7u(R¥\ Br) + Va R + (I, — Vy) r? < 7,(R*\ Bg) + Va3 R + (I, 4+ V) r*
=2 (Fu(R?\ Bg) + Va R?) = 2 Zini, .

Hence, Znii/Z, > 1/2. The result now follows from Lemma 31 and the
Holley—Stroock perturbation principle (Theorem 22). O

To translate Fisher information guarantees into total variation guarantees,
we use the following consequence of the Poincaré inequality.
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Proposition 8 (Fisher information controls total variation). Suppose that a
probability measure 7 satisfies a Poincaré inequality. Then, for any probability
measure [,

Fi(u [l 7) -

Proof. See [Gui+09]. O

We are finally ready to prove Property (P.2). More specifically, we will
show that there is a universal constant ¢. > 0 such that if ¢ < exp(—c.d), then
we can choose r and R (depending on ¢) such that: (i) » and R are related
according to (7.15), which is necessary for Property (P.1); (ii) R > cpV/d,
which is necessary for Lemma 30; and (iii) Property (P.2) holds.

Proof of Property (P.2). For any w € %, g, suppose that p satisfies
VFI(i || 7o) < e. Then, by Corollary 9 and Proposition 8, we have

2 2
™V m) < S gy 1y < BB eXQPd(T $0) 2 (719
Hence, if we choose
2d
R? = 7.20
96|:>|<€2 exp(’r2¢(0)) ( )

then \/Fl(u || m,) < € implies TV(p, 7,) < 1/3, i.e., Property (P.2) holds.

To justify (7.20), note that thus far we have shown that for any choice of
R, there exists a choice of r which depends on R, which we temporarily denote
by r(R), such that (7.15) holds. Also, r(+) is an increasing function. In order
for (7.20) to hold, it is equivalent to require

2d

R? exp(r(R)* ¢(0)) = Sone?

(7.21)

where the left-hand side is an increasing function of R. We also want R to
satisfy R > CR\/E, where cp is the universal constant in Lemma 30. From

Lemma 30, for the choice of R = cgV/d,

T’(CR\/g) S CRQ\/E.

Therefore, for this choice of R, the left-hand side of (7.21) is bounded by

chd exp(ci%d $(0)) .
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If it holds that

2
e <

= 9cpick exp(chdp(0)/4) (7.22)

then the R satisfying (7.20) necessarily satisfies R > cgv/d. In turn, (7.22)
holds if € < exp(—c.d) for a universal constant ¢. > 0. O

Proof of Property (P.3)

Proof of Property (P.3). In the proof of Corollary 9, we showed that Z, <
2 Zinie- The KL divergence is bounded by

~ini Zw
KL(Tinit || 7w) = Enr,., lr1(7T~ : ) <log2,
w init
<1 <2
which is what we wanted to show. O

Proof of Property (P.4)

Proof of Property (P.4). We choose r and R to satisfy (7.15) and (7.20). If
¢ < exp(—czd), then we showed in the proof of Property (P.2) that R > czvd
and hence Lemmas 29 and 30 apply.

As in the proof of (7.17) in Lemma 30, R > v/d implies
(I, +V)ri < V- 3ch/ﬁRd.

Taking logarithms in (7.11) from Lemma 29 and using the above inequality,
we obtain

< O(d) +logVy+ dlog R .
From (7.20), we have
1 11,
log R = §logd+10gg 57 #(0) +O(1).
Substituting this in and using log V; = —g logd 4+ O(d),

26(0) < dlog £ — & 1%6(0) + O(d)
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which is rearranged to yield

Then, the packing number is lower bounded by

a2 (O = ()

> C Vdexp(—7% log(l/g))>d
. ’ﬁ@z?

\/ log 1/5 ) 52d/(d+2 ’

for some universal constant c. O

Auxiliary lemmas

Lemma 32. Suppose that ¢ : R, — Ry satisfies (¢.1), (¢.2), and (¢.3).
Then, the map x +— &(||z||) is 1-smooth on R

Proof. First, we claim that |¢'(z)|/x < 1 for all > 0. This follows from (¢.3)
because (¢.2) implies that the right derivative ¢'(0+) exists and equals 0.
Next, we have for z # 0

Wmmoza Sl
—aﬂunfﬁ—¢mﬂnﬁ@+amwmmun

Thus, in matrix form we have

ool = LU 1, (LU _ ¢llaldy e

gdl ]| [l ]|?
In particular, the eigenvalues are always % with multiplicity d — 1 and
¢"(||z]|) with multiplicity 1. The fact that ¢(]|||) is 1-smooth follows. O

Optimization of the bound

We wish to find d which maximizes

( cd )d/2€4/(d+2)
log(1/¢)

Y
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or after taking logarithms, we wish to maximize

d 4 1 d 1 d 1
f(d) ._§logd— logg—iloglogg—alogg.

Rather than maximizing this expression exactly, we shall ignore the last two
terms and pick d to be the smallest integer such that the sum of the first two
terms is non-negative, i.e.,

d(d+2)logd 210g1.
8 €

It suffices to find d such that g(d) := d*logd > 8log(1/¢). In order to invert g,
let y be sufficiently large and consider finding x such that g(z) = y. We make
the choice = ay/y/(logy) and plug this into the expression for g in order to
obtain

logg<oz1li> :210ga+logy—loglogy—l—loglog(a Y )
logy logy

Llogy — Lloglogy + loga
= 2log a + log y + log 2 &Y 210§ygy 8.

[ J/

~
—log(1/2) as y—oo

From this expression, we see that provided y is sufficiently large, this expression
is less than logy for a = 0 and greater than logy for a = 3. We conclude that

g (y) < v/y/(logy), and therefore that our choice of d satisfies

log(1/¢)
loglog(1/e)

~
—~

In particular, since d = o(log(1/¢)), then the condition ¢ < exp(—c.d) holds
for all sufficiently small €, and Theorem 19 holds. Then,

d 1 d 1 1 1
f(d) > —iloglogg - §logz = —\/(log E) (loglog g) :

This verifies the expression in Section 7.4.

To justify the simplified expression of the bound that we gave in the informal
statement of Theorem 16, note that in dimension

log(1/¢)

~\ loglog(1/e) (7.23)
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we have

cd ap\  d 1 1 1 1
log((m) 2) =3 \<logd — loglog - log E)J pe —\/(log E) (log log E) .

~
negative as e\,0

In other words, we can simplify our bound as follows. For all d > 1 and all
smaller than a universal constant, if the condition (7.23) holds, then we have
the lower bound

¢(d,1,¢) 2 1 '
£2d/(d+2) exp(C\/IOg(l/ﬁ) loglog(1/¢))

Otherwise, if the condition (7.23) fails, then we instead have the bound

1 1
€(d,1,¢) 2 > .
(1,€) e2exp(C4/log(1/¢) loglog(1/e)) = £2d/(d+2) exp(C/log(1/¢) loglog(1/e))

In either case, we have €(d, 1,¢) > (1/¢)*¥ @2~ Together with Theorem 20
on the univarate case and Lemma 22 on rescaling, it yields Theorem 16.

Proof of Theorem 20

In the univarate case, we can sharpen Theorem 19 by obtaining a better bound
on the Poincaré constant of m,. We use the following result.

Theorem 23 (Muckenhoupt’s criterion). Let m be a probability density on R
and let m be a median of w. Then,

Cpi(m) < max{sup 7((—o0,2]) /xm l, sup 7 ([z, +00)) /x l} .

r<m T 2>m m

Proof. See [BGL14, Theorem 4.5.1]. O

Lemma 33 (improved Poincaré inequality for 7,). Suppose that d = 1 and
R > 1. Then, for allw € Py g,

Cp|(71’ w) S R2 .
Proof. We use Muckenhoupt’s criterion (Theorem 23). First, we note that by

Property (P.1), it holds that 7, (w + B,) = % which implies that w —r < m <
w + r. We proceed to check that

sup m,, ([, +oo))/ L < R%.

r>m m TTw
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The other condition is verified in the same way due to symmetry.

We split into three cases. First, suppose that m < x < w + r. Then, as
in the proof of Corollary 9, we have Z, < 2 Z,x = 2Tm(R \ Br) + 4R <
2v2n + 4R < R. Then,

T

Ww([x,—l—oo))/ L < Z,(x—m) < Rr <R%

m ﬂ-w
Next, suppose that w +r < x < R. Then,
1 “1 T 9
7o [z, +00)) W—:ww([:c,—l—oo)) — < <R—x—|— 5) (x —m) < R%.
Finally, suppose that x > R. Then, using standard Gaussian tail bounds,

7oz, +00)) [ - = 7 ([, +00)) /wi

m Tw mﬂ-w

< [m(%/\x—l}%) exp(—Tﬂ [R—m—i—(x—R)exp(T

If x — R < 1, then this yields

Ww([$,+00))/ — < R.

m

Otherwise, if x — R > 1, then we obtain

([z, +00) /miw,ix_ exp(—@) [R_F(x—R)exp((x_—ZR)Q)]
<R

This completes the proof. n

We now use the improved Poincaré inequality in order to establish Theo-
rem 20.

Proof of Theorem 20. We follow the proof of Theorem 19. The proofs of
Properties (P.1) and (P.3) remain unchanged.
In the proof of Property (P.2), the equation (7.19) is replaced by

TV2(,u, 7Tw) S CP|R2€2

for a different universal constant cp; > 0, using Lemma 33. Hence, we choose
R? = 1/(9cpie?) in order to verify Property (P.2). Since we require R > cg for
a universal constant cg > 1, this requires ¢ < exp(—c.) for a universal constant
c. > 0.
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Next, we turn towards the sharpened statement of Property (P.4). From (7.15),
r is chosen so that

(I, +2)r =7,(R\ Br) + 2R.
Using (7.11) from Lemma 29, we have
rl. < exp(r’g(0)) > r.
This implies that
exp(r’p(0)) 2 (I, +2)r 2 R,

or r 2 +/log R < /log(1/¢). Hence,

>§> 1

T Ar ™ ey /log(1/e)

By substituting this new bound on the packing number into the information
theoretic argument of Theorem 19 (see (7.10), where M = |#, r|), we obtain
Theorem 20. [

|gZ2T,R

7.8 Further discussion of the univariate case

In this section, we provide further discussion of algorithms for the univariate
case.

Rejection sampling. First of all, we note that the poly(1/e) lower bounds
of Theorems 19 and 20 may come as a surprise due to the existence of the
rejection sampling algorithm. We briefly recall rejection sampling here. Let
7 be an unnormalized density, let Z, := [ T denote the normalizing constant,
and let m := 7/Z denote the target distribution. Rejection sampling requires
knowledge of an upper envelope ji for 7, i.e., a function g satisfying i > 7
pointwise. The algorithm proceeds by repeatedly drawing samples from the
density p == ji/Z,, where Z,, == [ [i; each sample X is accepted with probability
#(X)/(X).

It is standard to show [see, e.g., Che+22d] that the accepted samples are
drawn exactly from the target m, and that the number of queries made to 7
until the first accepted sample is geometrically distributed with mean Z,/Z;.
To translate this into a total variation guarantee, we run the algorithm for N
iterations and output “FAIL” if we have not accepted a sample by iteration N.
The probability of failure is at most (1 — Z;/Z,)", so the number of iterations
required for the output of the algorithm to be e-close to the target 7 in total
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variation distance is N > log(1/¢)/log(1 — Z,/Z,,).

Although this is a total variation guarantee, rather than a Fisher information
guarantee, it suggests (similarly to Section 7.5) that log(1/¢) rates are attainable
using rejection sampling. The reason why this does not contradict our lower
bounds in Theorems 19 and 20 is that the initialization oracle we consider,
which provides a measure p such that KL(pg || 7) < Ky, is not sufficient to
construct an upper envelope of the unnormalized density 7.

Indeed, consider instead a stronger initialization oracle which outputs a
measure fio such that

T
max{supln @, supln—} < My < 00.
m Ho

Denote the complexity of obtaining /Fl(u || 7) < e over the class of 1-
log-smooth distributions on R? with this stronger initialization oracle by
Co(d, My, e). Then, the rejection sampling algorithm can be implemented
within this new oracle model. It yields the following.

Proposition 9 (Fisher information guarantees via rejection sampling). It holds
that

~ d
Cno(d, My, ) < (’)(exp(?)Mo) log %) :
Proof. For the algorithm, we use rejection sampling, which requires producing
an upper envelope. Recall that in our oracle model, we can query the value of
an unnormalized version 7 of m. By replacing 7 with 7/7(0), we can assume
that 7(0) = 1. Then,

s T T exp(Mo) 1o :eXP(QMo)H
7(0) ~ w(0) = exp(—Mo) uo(0) —  po(0) 7
\:ZT/

This shows that fiy == Z,,, po is an upper envelope for . Also, using 7(0) =
1/Z,,

Hence, we can run rejection sampling, where we output a sample from iy if the
algorithm exceeds N iterations. Therefore, the law of the output of rejection
sampling is 1 = (1 — p) 7 + p po, where p = (1 — Z;/Z,,)" < exp(=NZ:/Z,,)
is the probability of failure. We calculate

1+ x*(p || ) ZEN<§) =1 —p+pEu<%> <1+ pexp(Mp).
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Applying Lemma 23 with 5?< = pexp(My) (assuming that p < exp(—M;)) and
t < 1, we obtain

< pexp(Mo) (d +log(1/p) — My)

+dt.
t

FI(uQ, || )

We set t < e?/d so that

2
Fl(,th || 7T) S d eXp(MOnglOg(l/p) +€2 )

In order to make the first term at most £2/2, we take p = ©(c*/(d2 exp(My))).
In turn, this is satisfied provided

d? exp(Mp)

gt ’

Z 1
N > ZMO log5 = exp(3My) log

™

which proves the desired result. O]

Hence, under the stronger oracle model, log(1/¢) rates are indeed possible
(albeit with exponential dependence on M;). To see why this does not contradict
the lower bound construction of Theorem 20, observe that if we take the
initialization oracle to be m,, then our construction satisfies My = r2¢(0). By
inspecting the proof of Theorem 20, one sees that r =< {/log(1/¢). Hence, our
construction does not provide a lower bound for €, (1, My, ) for constant Mj.
Instead, we obtain the following lower bound.

Corollary 10 (lower bound for the stronger initialization oracle). There exists
a universal constant ¢ > 0 such that for all e < 1/c, it holds that

o (1, clog(1/e),€) 2 !

~ ey/log(1/e)

Note also the following corollary.

Corollary 11 (high-accuracy Fisher information requires exponential depen-
dence on My). Suppose that there exists an algorithm which works within the
stronger oracle model and which, for any 1-log-smooth distribution ™ on R,
outputs a measure p with \/Fl(u| 7) < e using N queries, where the query
complexity satisfies

N < f(Mo) polylog2)

for some increasing function f : [1,00) — Ry. Then, there is a universal
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constant ¢’ > 0 such that

f(Mo) > Q(exp(d'My)) .

Proof. Using Corollary 10 with My = clog(1/e), we have

f(clog é) polylog(l) >N 2 !
€

€ Viog(1/e)

or

1 1
log-) > ————.
f(clog 5) ~ epolylog(1/e)

Writing this in terms of My = clog(1/e), or € = exp(—My/c),

F(Mo) % = G (exp(22))

which establishes the result. O

Hence, we see that there is a fundamental trade-off in the stronger oracle
model: any algorithm must either incur polynomial dependence on 1/¢ (e.g.,
averaged LMC), or exponential dependence on My (e.g., rejection sampling,
see Proposition 9).

The stronger oracle model is strictly stronger. We also observe the
following consequence of these observations. On one hand, our lower bound in
Thoerem 20 shows that

G, Ky =1,6) > Q(;> |

ey/log(1/¢)

On the other hand, for constant My, rejection sampling (Proposition 9) yields
~ 1
Coo(1, My, e) < (’)(exp(SMo) log g> )

Hence, the stronger oracle model is indeed stronger: obtaining Fisher infor-
mation gquarantees is strictly easier with access to an oracle with bounded My,
rather than an oracle with bounded K.

On the effect of the radius of the effective support. In our lower
bound construction, the distributions are “effectively” supported on a ball of
radius R, where R scales with 1/e. Here, we show that this is in fact necessary,
by showing that for any fized d and R, it is possible to sample from such a
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distribution in Fisher information using O(log(1/¢)) queries. The algorithm
involves uses a simple grid search.

Proposition 10 (sampling from bounded effective support). Suppose that the
target distribution T oc exp(=V) on R? has the following properties:

1. V(0) =0.
2. V() = 3 (lzl = R)Z, for |lz| > R.
3.V is 1-smooth.

Then, there is an algorithm which outputs p with \/Fl(p || 7) < € using N
queries to (V,VV'), where the number of queries satisfies

d
N < (cR)d +log%,

where ¢ > 0 is a universal constant.

Proof. We use function approximation to build an upper envelope for 7 =
exp(—V), and then apply rejection sampling. Namely, let .4 be a 1-net of
Bg, and for each x € By let £ 4 denote a closest point of .4 to x. Define the
approximation

O o {3 el = RV, 2] > R,
Viwa) + (V) —au) = ko —anl?, el < R,

By 1-smoothness of V', we have V' > ‘A/, so that if we let fig :== exp(—‘A/), then
fip > 7. Also, for ||z|| < R, we have the bound

fio(z) = exp(—V(M) CVV(ag), 7 — )+ % |z — MIIQ)
< exp(~V(2) + 2 — 2.4|) = #(x) exp(llz — z.4]?) < exp(1) 7 ()

so that Z,,/Z, < 1. We now perform rejection sampling using N’ iterations
with upper envelope fig, outputting a sample from pg if N’ iterations are
exceeded. Tracing through the proof of Proposition 9, one can show that
for the output u of rejection sampling, it holds that FI(uQ; || 7) < &* for an
appropriate choice of t. Moreover, the number of iterations of rejection sampling
required to achieve this satisfies N’ < log(v/d/e). Finally, since |4/ < (¢R)*
for a universal constant ¢ > 0, it requires O((cR)d) queries in order to build
the upper envelope fig, which proves the result. O

To summarize the situation, if the effective radius R is known and fixed,
then it is possible to obtain O(log(1/¢)) complexity. However, if there is no a
priori upper bound on the radius R, then the lower bounds of Theorem 20 and
Corollary 10 apply.
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7.9 Conclusion

In this chapter, we have provided the first lower bounds for the query complexity
of obtaining Fisher information guarantees for sampling. Our results have a
number of interesting implications, which we discussed thoroughly in previous
sections, and they advance our understanding of the fundamental task of
non-log-concave sampling.

To conclude, we highlight a few problems left open in our work. Most
notably, our lower bound in Theorem 19 does not match the upper bound of
averaged LMC, and it is an important question to close this gap. We also note
that our lower bounds in Theorems 19 and 20 do not capture the dependence
of Ky, and this is also left for future work.

144



Chapter 8

Rejection sampling lower bounds

8.1 Introduction

We begin our general sampling lower bound investigations by looking at a toy
example: discrete distributions supported on a finite alphabet. Formally, let
p be a probability distribution on the set of integers [N] := {1,..., N}. Our
algorithms will be given query access to p := Zp, with an unknown constant Z,
and we wish to lower bound the number of queries needed to draw a sample
that is close in total variation distance (TV) to p.

It is clear that if we impose no assumptions on the distribution, then the
mass of the target can be concentrated on any point in the support, and
hence the lower bound would be §2(n), which will be tight [BP17]. Instead, we
consider various classes of shape-constrained discrete distributions that exploit
the ordering of the set [N] (monotone, strictly unimodal, discrete log-concave).
We also consider a class of distributions on the complete binary tree of size IV,
where only a partial ordering of the alphabet is required.

Despite the simplicity of the distribution class, we were unable to obtain
lower bounds that hold for all possible sampling algorithms, so we restricted the
class of algorithms to rejection sampling algorithms only. Rejection sampling,
along with Monte Carlo simulation and importance sampling, can be traced
back to the work of Stan Ulam and John von Neumann [Neub1; Eck87]. As the
name suggests, rejection sampling is an algorithm which proposes candidate
samples, which are then accepted with a probability carefully chosen to ensure
that accepted samples have distribution p. Specifically, we seek to characterize
the number of queries needed to obtain rejection sampling algorithms with
constant acceptance probability (e.g. at least 1/2), uniformly over the classes
of target distributions. This still gives the algorithm total freedom in how to
construct its proposal distribution.

For the shape-constrained classes of discrete distributions, we show that the
rejection sampling complexity scales sublinearly in the alphabet size N, and
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we provide rejection sampling algorithms with matching upper bounds that
show our bounds are tight. The results can be compared with the literature
on sublinear algorithms [Gol10; Gol17]. This body of work is largely focused
on statistical questions such as estimation or testing and the present paper
extends it in another statistical direction, namely sampling from a distribution
known only up to normalizing constant, which is a standard step of Bayesian
inference.

Our results in this chapter are fairly simple, but the key idea in the
construction, that of hiding probability mass at different length scales away
from the origin, turns out to be useful for the general sampling lower bound
that we obtain in Chapter 9.

This chapter is based on the joint work [Che+22c], with Sinho Chewi, Patrik
Gerber, Thibaut Le Gouic, and Philippe Rigollet.

8.2 Background on rejection sampling
complexity

Classical setting with exact density queries

To illustrate the idea of rejection sampling, we first consider the classical setting
where we can make queries to the exact target distribution p. Given a proposal
distribution q and an upper bound M on the ratio max,e;n p(x)/q(z), rejection
sampling proceeds by drawing a sample X ~ ¢ and a uniform random variable
U ~ uniform(0,1). f U < p(X)/(Mq(X)), the sample X is returned; otherwise,
the whole process is repeated. Note that the rejection step is equivalent to
flipping a biased coin: conditionally on X, the sample X is accepted with
probability p(X)/(Mq(X)) and rejected otherwise. We refer to this procedure
as rejection sampling with acceptance probability p/(Mgq).

It is easy to check that the output of this algorithm is indeed distributed
according to p. Since Mgq forms an upper bound on p, the region G, = {(z,y) :
x € [N], y € [0, Mq(x)]} is a superset of G, = {(z,y) : z € [N], y € [0,p(z)]}.
Then, a uniformly random point from G/, conditioned on lying in G, is in turn
uniform on Gy, and so its z-coordinate has distribution p. A good rejection
sampling scheme hinges on the design of a good proposal ¢ that leads to few
rejections.

If ¢ = p, then the first sample X is accepted. More generally, the number of
iterations required before a variable is accepted follows a geometric distribution
with parameter 1/M (and thus has expectation M). In other words, the bound
M characterizes the quality of the rejection sampling proposal ¢, and the task of
designing an efficient rejection sampling algorithm is equivalent to determining
a strategy for building the proposal ¢ which guarantees a small value of the
ratio M using few queries.
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Density queries up to normalization

In this chapter, we instead work in the setting where we can only query
the target distribution up to normalization, which is natural for Bayesian
statistics, randomized algorithms, and online learning. Formally, let P be a
class of probability distributions over a finite alphabet 2", and consider a
target distribution p € P. We assume that the algorithm .4 has access to an
oracle which, given x € 27, outputs the value Zp(z), where Z is an unknown
constant. The value of Z does not change between queries. Equivalently, we
can think of the oracle as returning the value p(z)/p(xo), where zo € 2 is a
fixed point with p(xy) > 0.

To implement rejection sampling in this query model, the algorithm must
construct an upper envelope for p, i.e., a function ¢ satisfying § > p. We can
then normalize ¢ to obtain a probability distribution ¢q. To draw new samples
from p, we first draw samples X ~ ¢, which are then accepted with probability
p(X)/q(X). The following theorem shows that the well-known guarantees for
rejection sampling also extend to our query model.

Theorem 24. Suppose we have query access to the unnormalized target p = pZ,
supported on Z°, and that we have an upper envelope § > p. Let q denote
the corresponding normalized probability distribution, and let Z, denote the
normalizing constant, i.e., § = qZy. Then, rejection sampling with acceptance
probability p/q outputs a point distributed according to p, and the number of
samples drawn from q until a sample is accepted follows a geometric distribution
with mean Z,/Z,.

Proof. Since ¢ is an upper envelope for p, then p(X)/¢(X) < 1 is a valid
acceptance probability. Clearly, the number of rejections follows a geometric
distribution. The probability of accepting a sample is given by

P(accept) = /3,5 % q(dx) = %/ﬁ/ p(dx) = %.

Let X1, X5, X3... be a sequence of i.i.d. samples from ¢ and let Uy, U,,Us. ..
be i.i.d. uniform[0,1]. Let A C 2" be a measurable set, and let X be the output
of the rejection sampling algorithm. Partitioning by the number of rejections,
we may write

P(X € A) = i:: ( Xpi1 € A, U >§E§:;Vi€[n], Un+1§%>
— g < nt1 € A, Uy < %) P(Ul > ];g((i;)n
S -



—p(A)%Z(l—%)n—p(A)- O

q

After n queries to the oracle for p (up to normalization), the output A(n, p)
of the algorithm is an upper envelope ¢ > p, and in light of the above theorem
it is natural to define the ratio

r(A,n,p) = Za = M

ZP erﬁ?f ﬁ(l‘) .

The ratio achieved by the algorithm determines the expected number of queries
to p needed to generate each new additional sample from p.

As discussed in the introduction, our goal when designing a rejection
sampling algorithm is to minimize this ratio uniformly over the choice of target
p € P. We therefore define the rejection sampling complexity of the class P as
follows.

Definition 5. For a class of distributions P, the rejection sampling complexity
of P is the minimum number n € N of queries needed, such that there exists
and algorithm A that satisfies

pEP

where P = {p="2Zp : Z > 0} is the set of all positive rescalings of distributions
in P.

The constant 2 in Definition 5 is arbitrary and could be replaced by any
number strictly greater than 1, but we fix this choice at 2 for simplicity. With
this choice of constant, and once the upper envelope is constructed, new samples
from the target can be generated with a constant (< 2) expected number of
queries per sample.

Note that when the alphabet 2" is finite and of size N, then N is a trivial
upper bound for the complexity of P, simply by querying all of the values of p
and then returning the exact upper envelope A(N, p) = p. Therefore, for the
discrete setting, our interest lies in exhibiting natural classes of distributions
whose complexity scales sublinearly in N.

In this chapter, we specifically focus on deterministic algorithms A. In fact,
we believe that adding internal randomness to the algorithm does not signifi-
cantly reduce the query complexity. Using Yao’s minimax principle [Yao77],
it seems likely that our lower bounds can extended to hold for randomized
algorithms. We leave this extension for future work.
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Table 8.1: Rejection sampling complexities for classes of discrete distributions.
Here, N always denotes the alphabet size, 2" = {1,..., N}.

Class Definition Complexity Theorem Algorithm

monotone Definition 6 O(log N)  Theorem 25 Algorithm 2
strictly unimodal Definition 7 O(logN)  Theorem 26 Algorithm 3
cliff-like Definition 8  O(loglog N) Theorem 27 Algorithm 4

discrete log-concave Definition 9 O(loglog N) Theorem 28 Algorithm 4
monotone on a binary tree Definition 10 ©(N/log N) Theorem 29 Algorithm 5

8.3 Results for shape-constrained discrete
distributions

In order to improve on the trivial rate of O(N) on an alphabet of size N,
we need to assume some structure of the target distributions. A well-known
set of structural assumptions are shape constraints [GJ14; SS11], which have
been extensively studied in the setting of estimation and inference. When the
alphabet is [N], shape constraints are built on top of the linear ordering of
the support. We show that such assumptions indeed significantly reduce the
complexity of the restricted classes of distributions to sublinear rates. We also
consider the setting where the linear ordering of the support is relaxed to a
partial ordering, and show it also results in sublinear complexity

Our complexity results for various classes of discrete distributions are
summarized in Table 8.1. We define the various classes below, and give the
sublinear complexity algorithms that construct the upper envelopes in Figure 8-
1.

Structured distributions on a linearly ordered set

A natural class of discrete distributions which exploits the linear ordering of
the set [N] is the class of monotone distributions, defined below.

Definition 6. The class of monotone distributions on [N| is the class of
probability distributions p on [N] with p(1) > p(2) > p(3) > --- > p(N).

We show in Theorem 25 that the rejection sampling complexity of the class
of monotone distributions is ©(log V), achieved via Algorithm 2. It is also
straightforward to extend Algorithm 2 to handle the class of strictly unimodal
distributions defined next (see Theorem 26 and Algorithm 3).

Definition 7. The class of strictly unimodal distributions on [N] is the class
of probability distributions p on [N] such that: there exists a point x € [N| with
p(1) <p(2) <--- <p(z) and p(x) > p(z +1) > -+ > p(N).
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Algorithm 2 Construct upper envelope for monotone distributions on [N]

1: Query the values p(2%), 0 < i < [log, N] — 1.
2: Construct the upper envelope ¢ as follows: set (1) := p(1), and

q(z) = p(2"), for z € (2°,2"1].

Algorithm 3 Construct upper envelope for strictly unimodal distributions on
[V]

1: Use binary search to find the mode of p.

2: Use Algorithm 2 to construct an upper envelope on each side of the mode.

Algorithm 4 Construct upper envelope for discrete log-concave distributions
on [N]
1: Use binary search to find the first index 1 < i < [log, N| such that
p(2%) < p(1)/2, or else determine that i does not exist.
2: If i does not exist, output the constant upper envelope ¢ = p(1).
3: Otherwise, output

p(1), <2,

)= o) expl I

Algorithm 5 Construct upper envelope for monotone distributions on binary
trees of size [V]

1: Query p(z) for all vertices & which are at depth at most ¢y := £— |log, £| +1,
where ¢ is the maximum depth of the tree.
2: Output

p(z), if depth(z) < 4,
g(x) :== < py), if depth(x) >y, depth(y) = £y,
and z is a descendant of y .

Figure 8-1: Algorithms for constructing rejection sampling upper envelopes
which attain the minimax rates described in Table 8.1.
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It is natural to ask whether further structural properties can yield even faster
algorithms for sampling. This is indeed the case, and we start by illustrating
this on a simple toy class of distributions.

Definition 8. The class of cliff-like distributions on [N] is the class of proba-
bility distributions uniform([No]) for Ny € [N].

Since the class of cliff-like distributions is contained in the class of monotone
distributions, Algorithm 2 yields a simple upper bound of O(log N) for this
class. However, we can do better by observing that in order to construct a
good rejection sampling upper envelope for this class, we do not need to locate
the index Ny of the cliff exactly; it suffices to find it approximately, which in
this context means finding an index V) such that N} < Ny < 2N{. Since we
only need to search over O(log N) possible values for N/, binary search can
accomplish this using only O(loglog N) queries. We prove in Theorem 27 that
this rate is tight.

Remark 7. The class of cliff-like distributions provides a simple example of a
class for which obtaining queries to the exact distribution is not equivalent to
obtaining queries for the distribution up to a normalizing constant. Indeed,
in the former model, the value of p(1) = 1/N, reveals the distribution in one
query, implying a complexity of ©(1), whereas we prove in Theorem 27 that
the complexity under the second model is ©(loglog N).

Instead of formally describing the algorithm for sampling from cliff-like
distributions, we generalize the algorithm to cover a larger class of structured
distributions: the class of discrete log-concave distributions (see [SW14, §4]).

Definition 9. The class of discrete log-concave distributions on [N] is the
class of probability distributions p on [N| such that for all z € {2,..., N — 1},
we have p(x)* > pla — 1)p(x + 1). Equivalently it is the class of distributions p
on [N] for which there exists a convex function V : R — R U {oo} such that
p(z) = exp(=V(x)) for all x € [N]. In addition, we assume that the common
mode of all of the distributions is at 1.*

We prove in Theorem 28 that the rejection sampling complexity of discrete
log-concave distributions is ©(loglog N), achieved by Algorithm 4 (note that
this algorithm also applies for cliff-like distributions, since cliff-like distributions
are discrete log-concave).

Remark 8. The class of discrete log-concave distributions is another case for
which rejection sampling with exact density queries is much easier than with
queries up to a normalizing constant. In the former model, [Dev87] requires
only a single query to construct a rejection sampling upper envelope with ratio
< 5. In contrast, we show in Theorem 28 that the complexity under the second
model is O(loglog N).

'Without this condition, the class of discrete log-concave distributions includes the family
of all Dirac measures on [N], and the rejection sampling complexity is then trivially ©(N).

151



Monotone on a binary tree

The previous examples of structured classes all rely on the linear ordering of
[N]. We now show that it is possible to develop sublinear algorithms when
the linear ordering is relaxed to a partial ordering. Specifically, we consider
a structured class of distributions on balanced binary trees (note that the
previously considered distributions can be viewed as distributions on a path

graph).

Definition 10. The class of monotone distributions on a binary tree with
N wertices is the class of probability distributions p on a binary tree with N
vertices, with maximum depth [logy(N +1)], such that for every non-leaf vertex
x with children x1 and x4, one has p(x) > p(x1) + p(2).

We prove in Theorem 29 that the rejection sampling complexity of this
class is ©(N/log N); the corresponding algorithm is given as Algorithm 5.

In a sense, Definition 10 reduces to the class of monotone distributions
when the underlying graph is a path, since each vertex in the (rooted) path
graph has one “child”.The reader may wonder whether replacing the condition
p(x) > p(z1) + p(ae) with p(x) > p(x1) V p(xs) is more natural. In Theorem 30,
we show that rejection sampling cannot achieve sublinear complexity under
the latter definition.

8.4 Proofs of the complexity bounds

We begin with a few general comments on the lower bounds. Recall that the
rejection sampling task, given query access to the unnormalized distribution p,
is to construct an upper envelope ¢ > p satisfying Z, < 27,. We in fact prove
lower bounds for an easier task, namely, the task of constructing a proposal
distribution ¢ such that ||p/q|l < 2. Note that if we have an upper envelope
g > p with Z, < 2Z,, then the corresponding normalized distribution ¢ satisfies

yZ p(x) p(z) Zy

- =sup —/— = sup —0— — < 2, 8.1

HQHOO eez () ez G(x) Zp (8.1)
<1 <2

so the latter task is indeed easier.

The proofs of the lower bounds are to an extent situational, but we outline
here a fairly generic strategy that seems useful for many (but not all) classes
of distributions. First, we fix a reference distribution p* € P and assume that
the algorithm has access to queries to an oracle for p* (up to normalization).
Also, suppose that the algorithm makes queries at the points x1,...,z,. Since
we assume that the algorithm is deterministic, if p € P is another distribution
which agrees with p* at the queries z1,...,z, (up to normalization), then the
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algorithm produces the same output regardless of whether it is run on p or p*.
In particular, the output ¢ of the algorithm must satisfy both ||p/ql/~ < 2 and
1"/ dlloc < 2.

More generally, for each y € [N] we can construct an adversarial pertur-
bation p, € P of p* which maximizes the probability of y, subject to being
consistent with the queried values. Then the rejection sampling guarantee of
the algorithm ensures that

Py ZM - Lsu ) p(zi) _ p*(xi) or alli. i € In
2> | p (= W) 1) p{p(y) peP, @)~ p ) for all 4,7 € | ]}‘

Since ¢ is a probability distribution, this yields the inequality

1= Z q(y) > % Z sup{p(y) ‘peP, i(iz) = p:(:vl) for all 4,5 € [n]}

y€E[N] y€E[N] (z;)  p*(x))

(8.2)

By analyzing this inequality for the various classes of interest, it is seen to
furnish a lower bound on the number of queries n. Thus, the lower bound
strategy consists of choosing a judicious reference distribution p*, constructing
the adversarial perturbations p,, and using the inequality (8.2) to produce a
lower bound on n.

Monotone distributions

Theorem 25. Let P be the class of monotone distributions supported on [N, as
given in Definition 6. Then the rejection sampling complexity of P is O(log V).
Upper bound

In the proof, let p denote the target distribution and assume that we can query
the values of p = pZ,. Also, by rounding N up to the nearest power of 2, and
considering p to be supported on this larger alphabet, we can assume that N
is a power of 2; this will not affect the complexity bound.

Proof. We construct the upper envelope ¢ as follows: first query the values of
p(2%), 0 < i <logy N — 1, which requires O(log N) queries; then ¢ is given as
follows: set ¢(1) := p(1) and

G(z) == p(2"), for z € (2,2"1].

Note that ¢ is an upper envelope of p because p is assumed to be monotone.
To complete the proof of the upper bound in Theorem 25, we just have to
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check that Z,/Z, < 2. We use the definitions of the normalizing constants:

logQN 1 gitl logg N—1
S SECENTES sRTES
=2i+1 =0
1 log2N 2 git2 1 N 1 N
AT ey Y=Y
0 = =@+ o
The bound above shows that Z,/Z, < 2, which concludes the proof. O

Lower bound

In this proof, we follow the lower bound strategy encapsulated in (8.2).

Proof. Let x1 < ... < x, denote the queries; to simplify the proof, we will also
assume that 1 and N are part of the queries. This can be interpreted as giving
the algorithm two free queries, and the rest of the proof can be understood as
a lower bound on the number of queries that the algorithm made, minus two.
We choose our reference distribution to be p*(z) o< 1/x, i.e., we take
p*(x):C—N, for x € [N],
xlog N

where cy is used to normalize the distribution, and it satisfies ¢y < 1. To
construct the adversarial perturbation p,, suppose that y lies strictly between
the queries z; and x;,1. Let a:= (y — x;)”" Yz, <a<y P"(2) denote the average
of p* on (x;,y]. Then, we define

( ) CY, € <z S y7
x) =
by p*(z), otherwise.

Since we replace the part of p* on (z;,y| with its average value on this interval,
then p, is also a probability distribution:

dop@)=> pa)+ > fa-p)}=1.

Z€[N] z€[N] i<y

Since p* is decreasing, it is clear that p, is too. Also, we can lower bound « via

+1
a1 oy _en log#‘
Y — xi<x§ym10gN log N y— x;
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Since p, agrees with the queries, we can substitute this into (8.2) to obtain

n—1 y+1
2 log N Z Z IOg O @il
i=1 z;<y<x;41 — T

In what follows, let A; := z;41/z;. We will only focus on the terms with

A; > 8, so assume now that A; > 8. Let us evaluate the inner term via dyadic
summation:

Z log ﬂzji—:‘ll _ Z log(1 + 7%7)
T <Yy<Tit1 Y=t 0<y<xit+1—2; y

v

log(1+ +47)
> ) —

; . Y
0<]<10g2 Ti+1 +Ill -1 2](1‘i+1)§y<2]+1(:)§¢+1)

J
2 2 ST

0<J<10g2% 1 2 (A1) <y<29+i(z;+1)

Z Y iz (egAy)

0<j<logy(A;/4)

Vv

Let A:={i € [n—1]:A; > 8}. Our calculations above yield
log N 2 Z (log A\;)?
icA
Observe now that [/ A; = N and [, 4 A < 84T < 8" so that [, A; >
N/8". Hence, applylng the Cauchy-Schwarz inequality,

[(log N — nlog 8)+]2

log N 2
A

|A\

We can now conclude as follows: either n > (log N)/(2log8), in which case we
are done, or else n < (log N)/(2log8). In the latter case, the above inequality
can be rearranged to yield n — 1 > |A| 2 log N, which proves the desired
statement in this case as well. ]

Strictly unimodal distributions

Theorem 26. Let P be the class of strictly unimodal distributions supported
on [N], as given in Definition 7. Then the rejection sampling complexity of P
is ©(log N).
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Upper bound

Proof. Since the strategy is very similar to the upper bound for the class of
monotone distributions (Theorem 25), we briefly outline the procedure here.
Using binary search, we can locate the mode of the distribution using O(log N)
queries. Once the mode is located, the strategy for constructing an upper
envelope for monotone distributions can be employed on each side of the
mode. O

Lower bound

Proof. We again refer to the class of monotone distributions (Theorem 25), for
which the lower bound is given in 8.4. Essentially the same proof goes through
for this setting as well, and we make two brief remarks on the modifications.
First, the reference distribution p* in that proof is also strictly unimodal.
Second, although the adversarial perturbations p, constructed in that proof
are not strictly unimodal, they can be made strictly unimodal via infinitesimal
perturbations, so it is clear that the proof continues to hold. O

Cliff-like distributions

Theorem 27. Let P be the class of cliff-like distributions supported on [N],
as given in Definition 8. Then the rejection sampling complexity of P is
O©(loglog N).

Upper bound

Proof. Since the class of cliff-like distributions is contained in the class of
discrete log-concave distributions, the upper bound for the former class is
subsumed by Theorem 28 on the latter class. O

Lower bound

In this proof, we reduce the task of building a rejection sampling proposal ¢
for the class of cliff-like distributions to the computational task of finding the
cliff in an array. Formally, the latter task is defined as follows.

Task 1 (finding the cliff in an array). There is an unknown array of the form
a=11,...,1,0,...,0], of size N. Let k be the largest index such that a[i] = 1.
Given query access to the array, what is the minimum number of queries needed
to determine the value of k?

The number of queries needed to solve Task 1 is ©(log N) (achieved via
binary search). We now give the reduction.
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Proof. Suppose that the algorithm makes queries to p. Let x_ be the largest
query point with p(z_) > 0, and let ;. be the smallest query point with
p(xy) =0. Given x_ <y < x, the adversarial perturbation p, is the uniform
distribution on [y]. Substituting this into (8.2), and replacing ratios between
p* with ratios between p, we obtain

Hence, an algorithm which can achieve the desired rejection sampling guarantee
can guarantee that x, < cx_, where ¢ = €? is a constant.

This reduces the lower bound for the rejection sampling complexity to the
following question: what is the minimum number of queries to ensure that
ry <cr ?

At this point we can reduce to Task 1. Suppose after n queries we can
indeed ensure that z, < cx_. Consider an array a of size log, N, which has a
cliff at index k. (We may round c up to the nearest integer, and N up to the
nearest multiple of ¢ in order to avoid ceilings and floors.) From this array we
construct the unnormalized distribution p on [N] via

p(r) = 1{x <}, z € [N].

The rejection sampling algorithm provides us with z, < cz_ such that p(z_) =
1and p(zy) =0, ie., x_ < c* <, < cx_. Taking logarithms, we see that

log,.z_ <k <log,x_ +1.

Hence, taking log.z_ and rounding to the nearest integer (possibly doing
a constant number of extra queries to the array afterwards for verification)
locates the cliff £ in n queries. Using the lower bound for Task 1, we see that
n = Q(loglog N) as claimed. O

Discrete log-concave distributions

Theorem 28. Let P be the class of discrete log-concave distributions on [N],
as in Definition 9, and recall that the modes of the distributions are assumed
to be 1. Then the rejection sampling complexity of P is ©(loglog N).

Upper bound

We make a few simplifying assumptions just as in the upper bound proof for
Theorem 25. Let p denote the target distribution, assume that the queries are
made to p = pZ,, and let V : R — R U {oo} be a convex function such that
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p(x) = exp(=V(z)) for x € [N]. Also, we round N up to the nearest power of
2, which does not change the complexity bound.

Proof. First we make one query to obtain the value of p(1). Then we find the
integer 0 < iy < log, N — 1 (if it exists) such that

25(2°) > p(1),  2p(2°T) < p(1).

To do this, observe that the values p(2), 0 <1i < log, N are decreasing, and
by performing binary search over these O(log V) values we can find the integer
ip or else conclude that it does not exist using O(loglog N) queries.

If ig does not exist, then the target satisfies 2p(x) > p(1) for all x € [N], so
the constant upper envelope ¢ = p(1) suffices.

If 7 exists, denote z¢ = 2% and construct the upper envelope § as follows:
query p(xg), and let

i) {ﬁ(l), T < T,

pao) e @770 1z > g,
p(1)
N 085Gy _ Vim) — V(1)
o — 1 o — 1 ’

We check that ¢ is a valid upper envelope of p. If we take logarithms and
denote V,(x) = —log ¢(z), then we see that

_ V(D» T <o,
Valw) = {V(:L‘o) + Az —m), x>uxp.

Because V' is convex, we see that V is a lower bound of V', so ¢ is an upper
bound of p.

To finish the proof, we just have to bound Z,/Z,. Let Z,1 =, _, d(z),
and Zyo = ), 4(x), s0 Zy = Zy1 + Zg». We will bound these two terms
separately. For the first term, by the definition of xy we can bound

Zogp= Y P(1)<2 > p1)<4 D ple).

<z <x0/2 x<xzo/2
For the second term,
N N - -l D(T0)\zo—1) ! -
Zyn < lwo) Y e = o) (1= )" = (o) (1—(25((10)))“ ) < 2(w0).
z=0
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Putting this together,
Ly = Lg1+ Lgo < 4Z,.

For clarity, we have presented the proof with the bound Z,/Z, < 4. At the
cost of more cumbersome proof, the above strategy can be modified to yield
the guarantee Z,/Z, < 2. O

Lower bound

Proof. Since the class of cliff-like distributions is contained in the class of dis-
crete log-concave distributions, the lower bound for the latter class is subsumed
by Theorem 27 on the former class. O]

Monotone on a binary tree

Theorem 29. Let P be the class of monotone distributions on a binary tree
with N wvertices, as in Definition 10. Then the rejection sampling complexity of

P is O(N/(log N)).

Let T denote the binary tree. For the upper bound, we may embed 7 into
a slightly larger tree, and for the lower bound we can perform the construction
on a slightly smaller tree. In this way, we may assume that T is a complete
binary tree of depth £, and hence N = Zj’:o 2) = 2+1 _ 1; this does not affect
the complexity results. Throughout the proofs, we write |z| for the depth of
the vertex = in the tree, where the root is considered to be at depth 0.

Upper bound

Proof. Let ¢ be a constant to be chosen later. The algorithm is to query the
value of p at all vertices at depth at most ¢y := ¢ — log, ¢ + c¢. Then the upper
envelope is constructed as follows,

@) = {ﬁ(@ . if |z] < £,

p(y), if|z| >4y, |y =4, and x is a descendant of y .
Clearly ¢ > p. Also, the number of queries we made is

N
log N~

4
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Finally, we bound the ratio Z,/Z,. By definition,
Z,=> qlx) = > @)+ Y ).
€T z€T, |z|<ly z€T, |z|>Lo

For the second sum, we can write

Yoo dl@)= ) By T -D= Y By (@ -1

z€T, |z|>Lo y€T, |yl=¢o y€T, |y|=¢fo

<02 N ().

y€T, ly|=¢o

On the other hand, if x denotes any vertex, let x1, x5 denote its two children;
then, for any level j,

Sb) = Y {Bla) )< Y Bla).

z€T, |z|=j+1 z€T, |x|=j z€T, |z|=j

Hence,

d>oob@) = (l+1) Y )

z€T, |z|<loy z€7, |z|=0o

which yields

€T, |2|<fo

if ¢ and c are sufficiently large. m

Lower bound
The proof of the lower bound follows the strategy encapsulated in (8.2).
Proof. Suppose that an algorithm achieves rejection sampling ratio 2 with n

queries. Again let ¢y := ¢ — log, ¢ 4 ¢, where the constant ¢ will possibly be
different from the one in the upper bound. The reference distribution will be

p(x) = {2_|x’ 2| < Lo,

0, |JZ|>»€0.

Note that p € P. The normalizing constant is Z, = o + 1, since there are 27
vertices at level 7. For each |y| > ¢y, we will create a perturbation distribution
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py in the following way:

2_‘33'7 ’Q?‘ S&]?
py(z) :=¢27%  |x| > {y and y is a descendant of = (or equal to ),

0, otherwise .

Thus, p, places extra mass on the path leading to y; note also that p, € P.
The normalizing constant for p, is

|yl
Ty =Zp+ > 20Uy + 14 (L—14)27" = Lo {1+ 0(1)},

Jj=Lo+1

where o(1) tends to 0 as £ — oo.

Next, let Q denote the set of vertices x at level ¢, for which at least one of
the descendants of = (not including x itself) is queried by the algorithm, and
let Q¢ denote the vertices at level £y which do not belong to Q. Note if x € Q°
and y is a descendant of x, then p, is consistent with the queries made by the
algorithm. Let D(z) denote the descendants of z. Now, applying (8.2) with

p*=p,

2> Y p Zzpy )=1+> > py(v)

z€T, |z|<loy x€Q° yeD(x € Q° yeD(x)
which yields
DD IRUE Wt L A
1> py(y (2’0 —2)2—{ °—19[}.
55,50 chfo 1+o lo (14 0(1))

It then yields

n>|9| S on _ o +0()) _ o (1_£0(1+0(1)))

2(—2&)4-1 2€—K0+1
_ ot (1 b+ 0(1))> _ ot <1 b+ 0(1)))
210g2 l—c+1 /¢ 2—c+1 :
If we now choose ¢ < 0 to be a negative constant, we can verify
n > 240 2£ logg bt+c > _ ~" N
~ ~ log N’
completing the proof. O
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An alternate definition of monotone

In this section, we show that if we adopt an alternative definition of monotone
on a binary tree, then the rejection sampling complexity is trivial.

Theorem 30. Let P be the class of probability distributions p on a binary tree
with N wvertices, with maximum depth [logy(N + 1)|, such that if for every
non-leaf vertex x, if the children of x are x1 and x4, then p(x) > p(x1) V p(xs).
Then, the rejection sampling complexity of P is O(N).

Proof. 1t suffices to show the lower bound, and the proof will be similar to the
one in Section 8.4. We may assume that the binary tree is a complete binary
tree with depth ¢. Suppose that an algorithm achieves a rejection sampling
ratio 2 after n queries. We define the reference distribution p* via

7 () 1, |z <0-2,
xXr) .=
P 0, |o|>0—2.

The normalizing constant is Z,» = 2! — 1. For each leaf vertex y, we define
the perturbation distribution p, via

5, (2) 1, |z| <€—2orxisan ancestor of y (including if z = y),
x) =
Y 0, |z|>0—2.

The normalizing constant of p, is Z,, = 271 1.

Let Q denote the set of leaf vertices which are queried by the algorithm,
and let Q° denote the set of leaf vertices not in Q. Then, from (8.2),

2> > p@+ Y p) =1+ py)

zeT, |z|<l-2 yeQ° yeQe

and rearranging this yields

1> L2 - jQl).

2141 26141
yeQr

This is further rearranged to yield

1
/—1 14
n>|Q|>2 (2—1——%_1)52:]\],

where the last inequality holds if ¢ > 1. O
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8.5 Conclusion

We studied the query complexity of rejection sampling within a minimax frame-
work, and we showed that for various natural classes of discrete distributions,
rejection sampling can obtain exact samples with an expected number of queries
which is sublinear in the size of the support of the distribution. Our algorithms
can also be run in sublinear time, which make them substantially faster than
the baseline of multinomial sampling.

A natural direction for future work is to investigate the complexity of
rejection sampling on other structured classes of distributions, such as distri-
butions on graphs, or distributions on continuous spaces. In many of these
other settings, the complexity of algorithms based on Markov chains has been
studied extensively, but the complexity of rejection sampling remains to be
understood.

For the goal of general sampling lower bounds, the results in this chapter
suggests the following insight: we want to construct distributions that are
hard to distinguish from queries, but whose mass are supported at different
places. The clearest example of this idea is our lower bound for the cliff-like
distributions in Seciton 8.4.
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Chapter 9

General lower bound in
dimension one

9.1 Introduction

In this chapter, we build on the ideas from Chapter 8, and prove the first
general sampling lower bound for log-concave distributions in one dimension.
Specifically, the class of target distributions will be the strongly log-concave
and log-smooth distributions on R, i.e., the class of distributions with a
density p o< exp(—V'), where the potential V' : R — R is twice continuously
differentiable, a-strongly convex, and S-smooth. The relevant parameter of
this class is the condition number k = /a, and we seek to understand the
number of queries to V' (and its derivatives) necessary to generate a sample
close in total variation distance to p.

This chapter is based on the joint work [Che+22d], with Sinho Chewi,
Patrik Gerber, Thibaut Le Gouic, and Philippe Rigollet.

Related works. Despite several attempts at establishing query complexity
lower bounds for sampling, we are not aware of a general sampling lower bound.
Whereas sampling upper bounds are derived using techniques that are close to
those employed in optimization [Dall7¢c; DMM19], as mentioned in Chapted 6 it
is unclear how to use lower bound techniques for optimization [Nes13] to derive
general sampling lower bounds. Note that sampling upper bounds typically
assume that the minimizer of V' is known a priori; thus, a direct reduction of
the sampling task to apply existing optimization lower bounds would likely
capture the complexity of finding the mode of V rather than the intrinsic
difficulty of the sampling task itself.

Other prior work on sampling lower bounds has fallen largely into one of
several categories. One line of work studies lower bounds against a specific

class of algorithm such as underdamped Langevin [CLW21] or MALA [Che+21;
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LST21a; WSC22]. However, these lower bounds techniques are tailored to the
restricted class of algorithms that they consider and are not suitable for proving
general query lower bounds. Another line of work considers lower bounds
against computing normalizing constants [RV08; GLL20]. The work [Tall19]
also investigates the computational complexity of sampling.

We mention two further lower bounds in different settings. The work
of [CBL22] proves a lower bound against stochastic gradient oracles, and the
work of [GLL22| proves a lower bound on the number of individual function
value (i.e., zeroth-order) queries needed to sample from a density of the form
exp(— Y ;cr fi + i ||-|I?), where each f; is convex, Lipschitz, and whose domain
is the unit ball. In contrast, we consider deterministic, first-order oracle access.
Moreover, their considerations are somewhat orthogonal to ours: [CBL22]
focuses more on the role of noise, whereas we consider exact gradient access;
and the lower bound of [GLL22| applies a direct reduction from optimization,
which is also not in the spirit of the present work (in particular, we explicitly
set the mode of the target distribution to zero).

A lower complexity bound in one dimension. Recall that for convex
optimization, there are two relevant regimes [see, e.g., Bub15]: (1) the low-
dimension regime, in which algorithms such as the cutting plane method
achieve the rate O(dlog(1/¢)) (where € is the accuracy parameter), and (2)
the high-dimensional regime, in which algorithms such as gradient descent
achieve dimension-free rates at the cost of inverse polynomial dependency
on the accuracy. In this chapter, we study the low-dimensional regime for
sampling; in particular, we consider d = 1.

We prove that for the class of a-strongly log-concave and [-log-smooth
distributions in one dimension (with mode at 0), any algorithm, which can
produce a sample that is at total variation distance at most 6—14 from the target
distribution p (uniformly over p belonging to the class), must make at least
Q(loglog k) queries to V' or any of its derivatives. To our knowledge, this is
the first lower complexity bound for this problem class.

Achievability of the lower bound. The lower bound of Q(loglog k) is
surprisingly small, and existing guarantees for standard algorithms such as
the Langevin algorithm (or its variants), the Metropolis-Adjusted Langevin
Algorithm, or Hamiltonian Monte Carlo, all have a dependence that scales
polynomially with the condition number x [see for instance the comparison in
SL19].

To provide an algorithm which matches the lower bound, we return to the
fundamental idea of rejection sampling, developed by Stan Ulam and John von
Neumann [Neu51; Eck87]. We develop an algorithm which uses O(loglog k)
queries in order to build a proposal distribution. Once the proposal distribution
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is constructed, new samples which are e-close to p in total variation distance
can be generated using O(log(1/¢)) additional queries per sample.

Although our algorithm is tailored to distributions in one dimension, the
task of sampling from a one-dimensional log-concave distribution is an impor-
tant subroutine for higher dimensional algorithms, such as the Hit-and-Run
algorithm. We describe the application of our algorithm to Hit-and-Run in
Section ?77?.

9.2 Lower bound

We begin by formally defining the class of strongly log-concave and log-smooth
distributions in one dimension, which is the focus of this chapter.

Definition 11. The class of univariate a-strongly log-concave and [-log-
smooth distributions, for constants 0 < a < 3, s the class of continuous distri-
butions p supported on R, whose density is of the form p(x) = exp(=V(x)), for
a potential function V : R — RU{oo} which is twice continuously differentiable
and satisfies

a<V'(z)<pg, Vi eR. (9.1)

In addition, we always assume' that the mode of the distribution is at 0, or
equivalently V'(0) = 0.

We study the query complexity of sampling from this class. Formally,
suppose that the target distribution is p = exp(—V'). The sampling algorithm
is allowed to make queries to the following oracle: given a point € R, the
oracle returns some or all of (1) the evaluation of the potential V(x) + C up to
a constant C, which is unknown to the algorithm but does not change from
query to query; (2) the evaluation of the gradient V'(z); or (3) the evaluation
of the Hessian V" (x). Depending on what information the oracle returns, it
may be described as providing 0*"-, 1%t-, or 2*d-order information. For instance,
the Langevin algorithm uses 1%*-order information, whereas the Metropolis-
Adjusted Langevin Algorithm uses both 0"-order and 1%-order information.
Our lower bound will in fact apply to the strongest of these oracles, namely
the one that returns all three pieces of information.

We now state our lower bound.

Theorem 31. Consider the class P of univariate a-strongly log-concave and (-
log-smooth distributions as defined in Definition 11, and let k == 3/« denote the

IThis localization assumption is common in the sampling literature; without some knowl-
edge of the mode (e.g. that the mode is contained in an interval) it is impossible to even find
the mode in the query model.
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condition number. Suppose that an algorithm satisfies the following guarantee:
for any p € P, the algorithm makes n queries to the oracle providing 0*-, 15t
and 2°-order information for p, and outputs a random variable whose law is
at most é away from p in total variation distance. Then, n 2 loglog k.

We now give some intuition for the lower bound construction, and defer
the proof to Section 9.4. The strategy is to construct a family of distributions
{p1....,pm} which forms a packing of the class P in total variation distance.
Because the family is well-separated, if an algorithm can accurately sample
from each p;, it can also identify p;. We construct the family {p;}.", in such
a way that identifying p; from queries to low-order oracles requires at least
Q(logm) queries, e.g., via bisection.

With the strategy in place, we now describe motivation for the construction
of the family {p;};",. Suppose that we have a distribution p x exp(—V') which
is rescaled to satisfy 1 < V” < k. The bound V" > 1 implies that a substantial
fraction of the mass of p is supported on the interval [—1,1]. On the other
hand, the bound V" < k allows for the density p to suddenly drop from ~ 1
to nearly 0 over an interval of much smaller length, < 1/y/k. Hence, as a first
approximation, we can imagine dividing the interval [—1,1] into =< y/k bins,
and thinking of each p; as piecewise constant on each bin. While keeping the
log-concavity constraint in mind, for the purpose of this heuristic discussion
we will consider the family {p;},~, of m =< /k distributions, where p; is the

uniform distribution on [—i/+/k,i/+/K]; see Figure 9-1.

; l l ,
1 1 1 1 1 1 1 1

Figure 9-1: A family of uniform distributions.

However, this family is not well-separated in total variation distance. Indeed,
it can be checked that for ¢ < 7, in order for the total variation distance between
p; and p; to be appreciable, we require j > 2¢. This motivates us to consider
the subfamily {psi,1 < i < log,+/k}, of which there are O(log k) elements.
For this subfamily, we can hope to reduce the task of sampling to that of
identifying po: via queries, and binary search for this problem requires only
O(loglog k) queries. This is the basis for our somewhat unusual lower bound.

The uniform distributions involved in this informal discussion do not belong
to the class P, as they are neither strongly log-concave nor log-smooth. The
main technical challenge in our lower bound is to produce distributions which
lie in P but still behaves similarly to uniform distributions, in the sense of
requiring €2(log log ) oracle queries to identify a distribution via queries. We
defer these details to the appendix.
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9.3 Upper bound

In this section, we show that the Q(loglog k) lower bound in the previous
section is achievable. Note that the existing guarantees for standard sampling
algorithms (c.f. the comparison in [SL19]) usually scale polynomially in the
condition number &, so they are not optimal for our setting.

Moreover, the heuristic discussion of the lower bound construction motivates
choosing the query points according to a binary search strategy. In order to
implement this idea, we turn towards the classical idea of rejection sampling:
first, we make queries in order to construct a proposal distribution ¢q. To
generate new samples from p, we repeatedly draw samples from ¢, and each
sample is accepted with a carefully chosen acceptance probability (which
can be computed via additional queries to the oracle for the density up to
normalization).

Algorithm 6 ENVELOPE
1: Use binary search to find the first index i, € {0,1,...,[5log, ]} with
V(2 /V/R) > 5.
2: Use binary search to find the first index i_ € {0,1,...,[5log, ]} with
V(=2 //k) > 5.
3: Set x_ == -2~ /\/k and z, = 2™+ /\/k.

4: return

r—o_ (v—x_)

exp[— — }, r<xT_,
2x_ 2

g(z) = {1, - <z<ay,

T —x r—x4)?

exp[ +_< +)}’ x> x,
24 2

We give the high-level pseudocode for building an upper envelope in Algo-
rithm 6, and for generating new samples in Algorithm 7. Note that while our
lower bound applies to algorithms using 0"-, 1-, and 2"-order information,
our upper bound algorithm in fact only requires 0*"-order information. We
next proceed to discuss details of the algorithms.
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Algorithm 7 SAMPLE

1: Normalize ¢ to form gq.

2: while sample is not accepted do
3 Sample X ~ q.

4: Accept X w.p. p(X)/q(X).

5. end while

6: return X

Before implementing Algorithm 6, we first perform several preprocessing
steps. Recall that the mode of the distribution p is assumed to be at 0, and
that p oc exp(—V'). We also assume that 1 < V” < k. To reduce to this case,
say we start with a < V” < 3, and the bounds «, [ are known. Then, observe
that the rescaled potential V(z) := V(x/y/a) satisfies 1 < V" < k = /.
Given access to an oracle for V' (up to additive constant), we can simulate an
oracle to V' (up to additive constant) and apply our algorithm to generate a
sample X from the density p o exp(—V); it can be checked that X/ /a is a
sample from p. Finally, we assume that the oracle, when given a query point
x, returns V' (z), where V' is normalized to satisfy V' (0) = 0; this is achieved by
replacing the output V(z) of the oracle by V(z) — V/(0).

Implementing the first step of Algorithm 6 requires performing binary search
over an array of size O(log k), which requires only O(loglog k) queries; similar
comments apply to the second step. We prove in Section 9.5 that the indices i _
and i, always exist under our assumptions. We prove in Section 9.5 that the
output ¢ of Algorithm 6 is an upper envelope for the oracle, i.e., § > exp(—V).
The upper envelope ¢ constructed in Algorithm 6 is the input to Algorithm 7;
see Figure 9-2.

q(z)

T 0 Ty

Figure 9-2: The upper envelope ¢ constructed in Algorithm 6.

In Algorithm 7, we normalize ¢ to a probability distribution ¢, which requires
computing a one-dimensional integral for the normalizing constant: fR G. Once
normalized, we must also be able to draw samples from the distribution q.
These steps can be implemented with low computational burden, but we do
not dwell on this point here because we are primarily interested in the query
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complexity in this chapter. Note that the steps of normalizing ¢ and drawing
new samples from ¢ do not require additional queries to the oracle.

The framework of rejection sampling provides a flexible guarantee: if we
desire an exact sample from p, then we can continue drawing samples from ¢
until one is accepted, yielding an exact sample with a guarantee on the expected
total number of queries. On the other hand, if we are content with producing
a sample whose law is at a fixed distance ¢ away from p in total variation
distance, then we can force the algorithm to stop after a prespecified number
of iterations, declaring failure if no sample from ¢ is accepted, and achieve
the total variation guarantee. We describe both of these guarantees in the
following theorem, which summarizes the query complexity of our algorithm.

Theorem 32. Suppose that the target distribution p belongs to the class of
univariate strongly log-concave and log-smooth distributions (Definition 11).
Algorithm 6 uses O(loglog k) queries to build the upper envelope §. Once § is
constructed, we can use it for either of the following tasks.

1. (exact sampling) Algorithm 7 returns an exact sample from p after an
additional O(1) expected queries to the oracle.

2. (approzimate sampling) Fiz an accuracy parameter 0 < & < 1. If we
limit Algorithm 7 to use at most O(log(1/¢)) queries, then the output
of Algorithm 7 (or ‘FAILURE’, if Algorithm 7 fails to accept a sample
within the allowed number of queries) has a distribution which is at total
variation distance at most € away from p.

We give the proof in Section 9.5.

9.4 Proof of the lower bound

The construction

Let m be the largest integer such that
22m72

2K

) >

1
exp(— 5 .

Define two auxiliary functions

Kk, 1/2<z<1,
1 1<z<? 1, 5/2<z<4,
x
r)=< = ’ x) = . 4<xz<b,
e T A A L
) 0, otherwise.
0  otherwise,
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Xz
2i—1 21 2i+1 §2i+1 2i+2 §2i+2 . §2m+2
4 4 4

Figure 9-3: The dashed lines correspond to ¢ and the dotted lines correspond
to .

We define a family (V)" of 1-strongly convex and k-smooth potentials as
follows. We require that V;(0) = V/(0) = 0 and that V; be an even function, so
it suffices to specify V;” on R, . The second derivative is given by

m—1
Mooy . —Llgi-1 x x ~lom-1
V' (x) = 1{r < k22 }+¢(/§§2i)+j§i¢(552j)+l{xz5ﬁ 2m7 x> 0.

Observe that all of the terms in the above summation have disjoint supports,
see Figure 9-3.

| | | | | |
| | | | | |
| | | | | |
| | | | | |
/i I I I I I I
| | | | | |
| | | | | |
| | | | | |
| | | | | |
| | | | | |
| | | | | |
| | | | | |
1 — i : ; i l
l l l l l l
| | | | | | l’
i—1 i i+1 5o+l i+2 50i+2
2 2 2 72 2 12

Figure 9-4: We plot V;” (in blue) and V/{, (in orange). In this figure, we do
not distort the horizontal axis lengths to make it easier to visually compare
the relative lengths of intervals on which the second derivatives are constant.

The following lemma provides intuition for the construction.
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Lemma 34. We have the equalities

‘/;;:‘/;—‘rl;
I s
‘/i _‘/’£+17
no__xsn
V;Z - Yi41>

outside of the set {x € R: K221 < 2| < %Rfézi—kl}'

Proof. Refer to Figure 9-4 for a visual aid for the proof.
. . . 14 .
Clearly the potentials and derivatives match when |z| < k227!, Since
the second derivatives match when |z| > 2/@’52”1, it suffices to show that

‘/i/(gﬁ—%2i+l> — i/ﬂ(gm—%yﬂ) and %(%Ii—%2i+l) — Viﬂ(%ﬂ—éziﬂ)'

To that end, note that for x > 0,

. _Ll., 1 —Loiy x X _ X
fa(e) = V(@) = 1{r 22" <a <k 22} qb(,(%Qi) +¢(,{%2i+1) 1/’(,(%2@')

—(k—1), k227 << k22
+(k—1), K22 < g < K22iH ,
—(k—1), k22 <z < %m_%ZiH,

0, otherwise .

A little algebra shows that the above expression integrates to zero, hence we

. 1. 1. . . .
deduce the equality V/(3x7227) = V/ (27227, Also, by integrating this
expression twice, we see that

5 A 5 ) —1 .02
‘/;+1<_I{—%22+1) . V;(_K—%Qz-&—l) _ _ K (/{_%21—1)
4 4 2 )
integral on [m_%Qifl,n_%Qi]
, . -1 . 2
—(k — 1)14_%21_1 K324 r 5 (/@_%2’)
integral on [nf%Qi,fc*%Qi*l]
1 . 1 1 . R — 1.1 1 2
-1 —521—1 - —5214—1 . - —5214—1
+(k =Dk & 5 (4/{ ),
integral on [57%2”1,257%2"*1}
k—1 . . - - .
— {_221 3_227, 1+221 1+221 2_222 3}
K
=0,
as desired. O

We also need a lemma showing that each probability distribution p; o
i ; —16i—2 —1logi1
exp(—V;) places a substantial amount of mass on the interval (k7227% k722" 1]
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Lemma 35. For each i € [m)],

Proof. According to the definition of p;, we have

211

1 1 "1, exp(—2?/2)dx
pi((ﬁ*§2“2,/§*§2“1]) f” 220 Zp /2) , Zy, :—/exp(—V}).
pi R

Recalling that m is chosen so that exp(—z2/2) > 1/2 whenever |z| < x~227m!
(see (9.2)), we can conclude that

For the normalizing constant, observe that
00 KT220 00 L 00

[ewv= [ ewvr [ enr <ate [ (-1,
0 0 K220 K-

Since V' = k on [k~2217L, k7227], it follows that V/(k~227) > 22/~ and so

T — /5521')2

Vi(z) > k220! (ZE—K_%Zi)—i— ( 5 : x> K22

Therefore,

where we applied a standard tail estimate for Gaussian densities (Lemma 36).
Putting it together,

1 1. 2i_3 1
i —*22—2 —*21—1 > . > .
pi((k72277 52 ])—2(21+1)—32’

which proves the result. O
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Lower bound via Fano’s inequality

In this section, we use the densities {p;}, constructed in the previous section
together with Fano’s inequality from information theory in order to prove the
lower bound.

Proof of Theorem 31. Let Z ~ uniform([m]) be an index chosen uniformly at
random. Suppose that an algorithm makes n queries to the oracle for pz, and
given Z =1, outputs a sample Y whose law ¢; is at total variation distance at

most 6i4 from p;. In light of Lemma 35, a good candidate estimator for Z from
the observation of Y is given by

Z={keN:Y e (k2282 x225}.

On the one hand, the probability that the estimator is correct is bounded by
~ ] ~
P{Z=7}=— P{Z=i|Z=1
{ b= Z; {Z=1]Z=1i}
1 — L "
==Y P{Y e (k2272 k2207 | Z =
B e (i b [ 22

_lm ((p—roi—2 _—Lloi-1
—m;qz((/{ 2272 k722771

N |
Zm;pz«li 272 k722 ]) ol
1
>_7
— 64

where the last inequality uses Lemma 35.

On the other hand, we can lower bound ]P’{Z\ # 7} using Fano’s inequality.
Let xq,...,x, denote the query points of the algorithm, and let W; be a
shorthand for the triple (V;,V/,V/"). We will first prove the lower bound
for deterministic algorithms, i.e., assuming that each query point z; is a
deterministic function of the previous query points and query values. Since

Z = {2, Walz;), j €} = Z
forms a Markov chain, Fano’s inequality [CT06] yields

I({zj, Wz(2;)}jepys Z) + log 2

logm

P{Z+£7Z}>1- ,

where I denotes the mutual information. By the chain rule for mutual infor-
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mation [CT06],

n

I({C(Zj, WZ(IJ)}]G[n]’ Z) = Z ](ZE]', Wz(l'j), A ’ T, Wz(Il), ceey L1, Wz(l‘j_l)) .

j=1

Observe that, conditioned on {xz;, Wz(x;) 5;11 , the query point z; is determin-

istic. Also, from the construction of the family of potentials, we know that
Wy(x;) = Wi(z;) if 2y < k722771 and Wy(a;) = W (;) if ; > 272271
It yields that:

o for Z <logy(:v/kx;) — 1, Wz(x;) takes a unique value given by W, (x;),

e for Z > log,(v/kxj) + 1, Wz(z;) takes a unique value given by Wi (x;),

and otherwise, Z lives in an interval of size at most log, (v/kx;)+1—(logy (£/ka;) —
1) < 2+ log,(5/4) which covers at most three integers, say zy — 1, 29, 20 + 1.
Hence, the conditional distribution of Wz(x;) can be supported on at most 5
points given respectively by

Wl(xj)a Wm(xj)v Wz0—1<$j)7 WZO (xj)’ and W20+1($j) :

Since the mutual information is upper bounded by the conditional entropy of
Wy(z;), we can conclude

I({z;, W2 ()} jep; Z) <nlogh.
Substituting this into Fano’s inequality yields

nlogb + log 2

P{Z 42V >1—
{(Z#27} > og m

(9.3)

In general, if the algorithm is randomized, then we can apply the in-
equality (9.3) conditioned on the random seed & of the algorithm, since ¢ is
independent of Z. It yields

nlogh + log 2
logm

P{Z#£Z|>1-

)

and upon taking expectations we see that (9.3) holds for randomized algorithms
as well.
Combined with (??7), we obtain n 2 logm 2 loglog x as desired. O

9.5 Proof of the upper bound

Let p be the target distribution and let p = pZ, denote the unnormalized
distribution which we access via oracle queries. We recall our preprocessing
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steps: we assume that the query values take the form p(z) = exp(—V (z)), with
V(0) = V'(0) = 0 and V satisfying (9.1). This is without loss of generality
because we can query p(0) and replace subsequent queries p(x) with p(z)/p(0),
thereby normalizing V' to satisfy V' (0) = 0. By rescaling the distribution, we
can assume that 1 < V" < k. Also, we can assume that the target distribution
is only supported on the positive reals R, , because we can then construct an
upper envelope on all of R by repeating our algorithm on the negative reals,
which only doubles the number of queries and does not change the complexity.

Proof of Theorem 32. Our goal is to use the oracle queries to construct an
upper envelope ¢ that satisfies ¢ > p, and Z, S Z,, where

Zp::/ﬁ, Zq::/cj
R R

are the normalizing constants. The guarantees of Theorem 32 will then follow
from standard result on rejection sampling, which we had proved in Theorem 24.

Let iy denote the smallest integer such that V(2% /,/k) > 1/2. Note that
2?/2 < V(x) < kx?/2 implies that 0 < iy < (log, x)/2. Using binary search
over an array of size O(log k), we can find iy using only O(loglog k) queries to

P.
Let x == 2" /\/k. We first claim that

zo
/ Pz %o (9.4)
0

When ig = 0, this holds because

T 1/Vk 1/VE ka2 1 To
]5:/ exp(—V 2/ exp(———)dzr > — = —.
/O 0 ( ) 0 ( 2 ) 3\/E 3

When iy > 0, this holds because, by definition of i, we have V' (zq/2) < 1/2,

and so
o z0/2
/ D> / exp(=V) 2 x.
0 0
Next, define the upper envelope as follows:

~({1:)_{1, r < @,
T =) exp{— (2 — 0)/(220) — (& — 20)/2}, = > 0.

To see that ¢ > p and hence that ¢ is a valid upper envelope, observe first
that since p(0) = 1, and p is decreasing, we get that p(z) < 1 = ¢(z) for all
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T e [O, l'()].
Next, if x > ¢, using the fact that V' is convex and V' (zg) > 1/2 by the
definition of zq,

It implies that p(z) < ¢(x) also for the tail z > x.
To complete the proof, we show that Z, < Z,. In light of (9.4) it is sufficient
to show that Z, < zo. To see this, observe that by Lemma 36, we have

o o * 1 1
Zq:/ cj+/ déwo—i-/ exp(—Q—(x—a;o)—§(x—x0)2)dx§3xo.
0 To z0 Zo

This completes the proof. n
We finish by proving an elementary lemma about Gaussian integrals.
Lemma 36. Let a,xq > 0. Then,

/Ooexp(—a (x —x9) — % (x —x0)2) dz < %.

xo
Proof. Completing the square,

1 1

/w:O exp(—a (z — xo) — B (z — 20)*) da = /OOO exp(—az — 3 2?) da

2
=27 exp(%)P(Z > a),
where Z ~ N (0,1). The result follows from the Mills ratio inequality [Gor41].
O
9.6 Conclusion

In this chapter, we established the oracle complexity of sampling from the class
of univariate strongly log-concave and log-smooth distributions, in analogy with
the now pervasive oracle lower bounds for optimization initiated by Nemirovsky
and Yudin [NY83]. A clear future direction suggested by this chapter is to
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extend this result to higher dimensions, and to ultimately develop a theory
of lower complexity bounds and optimal algorithms for sampling. The high
dimensional question is particularly interesting because sampling complexity is
expected to scale polynomially with the dimension, so determining the optimal
dimension dependence of sampling from log-concave distributions is of great
theoretical and practical importance. We make partial progress towards this
question in Chapters 10 and 11.

Recently, an intense amount of research has been devoted to the use of
Markov chain Monte Carlo-based methods for sampling, and it may come as
a surprise that the complexity lower bound we have proven in this chapter is
attained by an entirely different type of algorithm, namely rejection sampling.
Our result highlights that standard algorithms may not be optimal, and
that the search for optimal algorithms goes hand-in-hand with lower bound
constructions.

In particular, our work motivates revisiting the idea of rejection sampling
through the modern lens of minimax optimality.
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Chapter 10

General lower bound in fixed
dimension

10.1 Introduction

This chapter extends the result of Chapter 9 to a tight lower bound that holds
in all constant dimensions. To recap, the class of target distributions are 7 on
R? is a-strongly log-concave and (-log-smooth, with its mode located at the
origin. Since the dimension d is considered fixed, the the main parameter of
interest is the condition number, given by k := /a. Sampling algorithms are
given query access to V and VV, and the goal is to produce a sample whose
law is close to 7 in total variation distance. The complexity of the algorithm is
measured by the number of queries made.

This chapter is based on the joint work [Che+23b], with Sinho Chewi,
Jaume de Dois Pont, Jerry Li, and Shyam Narayanan.

Our contributions. We give a tight characterization of the complexity of
log-sampling in any constant dimension d > 2:

Theorem 33 (informal, see Theorem 34). For any dimension d > 2, any
sampler for d-dimensional log-concave distributions with condition number k
requires Q(log k) queries.

Note that this result is exponentially stronger than the Q(loglog k) lower
bound in the univariate case [Che+22d]. Moreover, when the dimension d
is held fixed, we obtain a matching O(log ) algorithmic upper bound, based
on folklore ideas from the classical literature on sampling from convex bodies
(Theorem 35). Together with the result of [Che+22d] for d = 1, this settles the
complexity of log-concave sampling in constant dimension.

On a technical level, the lower bound is based on a novel construction
inspired by work on the Kakeya conjecture in harmonic analysis, which we
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believe may be of independent interest. We give a detailed description of the
construction in Section 10.3.

10.2 Technical overview

Here we summarize the main technical ideas used to prove our lower bounds.
For details, see Section 10.3 for Theorem 33, Section 11.3 for Theorem 36, and
Section 11.4 for Theorem 37.

Theorem 33 is proved with a construction in dimension two. For convenience,
in this section we use radial coordinates to denote points in R?, so w = (z,y) =
(r,0), where r € Ry and 0 € [0,27). We denote sectors of R? enclosed by
angles 0; and 0, as S(0y,6,) = {(r,0) € R?: § € [0, 0]}, and denote bounded
sectors as Spad (01,02, 7) = {(r',0) € R?: 0 € [01,0,], v <r}.

The argument is information-theoretic in nature. We will construct a family
of strongly log-concave and log-smooth distributions {ry, ..., 7}, where each
mp, o< exp(—V}), which satisfies two key properties. First, different distributions
m, and 7y are well separated in total variation distance; and second, if b is chosen
uniformly at random from [m], then querying the potential (V,(w), VVj(w)) at
any w € R? will reveal O(1) bits of information about b. The lower bound in
Theorem 33 follows readily from the existence of such a family, provided that m
and x are polynomially related. On the one hand, because the distributions are
well-separated in total variation, if we can sample well from the distribution 7,
using queries, we can identify the index b with high probability. On the other
hand, because there are m distributions and every query reveals O(1) bits of
information about b, we need at least Q(logm) = Q(log k) queries to identify b,
which results in a (log k) query lower bound for log-concave sampling.

How do we construct such a family? A first attempt is to consider distribu-
tions supported on thin convex sets that have no overlap. For b = %, %, R
let m, = uniform(Z2;), where Z, = Spaq(5 b, 5 (b + i), 1), and the size of the
family is m = |k|. The potential V} is the convex indicator of Z;, i.e., it is
0 on 2, and +oo outside. Morally, the distributions 7, can be thought of as
having condition number x.

This family does satisfy the two properties needed for the lower bound:
different distributions are certainly well-separated because they have disjoint
supports; and when we query any potential V; at a point w € R?, we always
receive one bit of information: whether or not w lies in the support of 7.
However, the distributions in this family are neither strongly log-concave nor
log-smooth. It is easy to make them strongly log-concave while still satisfying
the desired properties: we can adjust the distributions by adding the same
quadratic function % to all of the potentials V;,. But it is much harder to
make this family log-smooth.

One way to make this construction log-smooth is to let the potentials V,,
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grow slowly (linearly) to infinity outside of the their zero sets Z,, which leads to
a modified second attempt: for m = %V, b = %, ..., 1, let m, have potential
Vo = Vot 2/!'0“(21), where Z, = S(2b,3 (b+5-)), and Vi(w) = rdist(w, Z;). Note
that the potentials V}, are in fact still not smooth at the boundaries of the sets
Zy,, but this can be fixed by mollifying V,. The distributions in this family
will be well-separated, because an Q(1) fraction of the mass of 7, will lie in
Zy,, and the sets Z, are disjoint for different b. Unfortunately, this family no
longer reveals O(1) bits per query: for any w € R? we can identify b with a
single query to (Vy(w), VVi4(w)), because either w € 2, or VV,(w) reveals the
direction of Z,, and in both cases the index b itself is identified.

We can reduce the information revealed by queries by more carefully con-
trolling the growth of Vj, so that the further away a point w lies from Z,, the
fewer the number of bits will be revealed by (V,(w), VV,(w)). This motivates
a third attempt at the construction. For m = 2V = %W p = %, R %,
let b = 0.by...by be the binary expansion of b, and let [b], = 0.by...0
be the truncation of b up to the k-th bit. For k = 1,..., N, let Z;3l =
S(5 [be, 5 ([t +27%)), and let ¢yl (z) = xOW 27F dist(x, Z;5"). Finally, let

radial __ ||H2  7radial
v =50om + % , where

V'bradlal — kilia}?N ¢zz}1§hal '
The potentials Vr2dil will again have to be mollified to be made smooth. It
turns out that the potentials V>4 will grow fast enough outside Z54! such
that the distributions will be well-separated. It also turns out that queries
indeed reveal O(1) bits of information on average. This can be seen as follows:
note that the sets Z;%™! are sectors such that Z* > ZpdEl and as k
increases, Z,f”gﬁal becomes thinner around the ray {# = 7 b}; also note that as
k increases, the growth rate of ;%' outside its zero set Z;%"™! is decreasing;
these two properties imply that if we query a point w = (r, 0) that is far from
the sector Z[%%! (in the sense that 6 ¢ [J [b]; — 100 - 27%, T []; + 100 - 277]),

then the value of V;42!(w) will not depend on any ¢! for k> i, and hence

querying V242l () will only reveal b up to the i-th bit. As a result, if b
is chosen uniformly, then for a fixed query w with high probability we will
have w ¢ Z31 for any k = O(1), so the query will only reveal O(1) bits of
information about b.

Yet this construction fails because of the mollification step, which we
have so far ignored. To make the potentials V}, smooth, we will instead take

Vi, = x5 * V;fadial + ZM(QU, where s is supported on a ball of radius § < 272V,

We would hope that the potential s * Vy24! still satisfies the property that
querying a point w = (r,0) that is far from Zfzdial only reveals b up to the
i-th bit. When r is not too close to the origin (say 7 > 100 - 27), this is
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indeed still true: if w satisfies 6 & [ [b]; — 200 - 27, 2 [b]; 4+ 200 - 277], then the
entire d-neighbourhood of w will satisfy 6 ¢ [Z [b]; — 100 - 27*, Z [b]; + 100 - 277],
so the value of ‘;E)radial on the d-neighbourhood of w will not depend on any
gidial for k > i, hence the value of (xs * Vy2#!)(w) will also not reveal any
information of b beyond the i-th bit. But when w is very close to the origin

(r < ), the d-neighbourhood of w will intersect ZR4'*, which means that the

value of (x5 * V24 (w) will depend on ¢4 for all k and hence on all bits
of b. In other words, mollification leaks information around the origin. As a
result, if we query points d-close to the origin, we will again identify b in a
single query.

The way to resolve the leakage at the origin is to create a branching structure,
such that all Vj, are equal near the origin so that no information is leaked at
small scales, and such that far away from the origin V} is small around the ray
{60 = 7 b} so that m, still concentrates around different sectors. We keep the
choices of m and b from the previous construction. The potentials will be V}, =
X(;*Vb—l—%, where V;, = maxg—1,. N Orp, and ¢pp(w) = KO 27F dist (w, Zip)-
The zero set Zy;, instead of being a radial sector like Z;%", is now thickened
adaptively.

We intuitively describe how to generate Zj ;. Each Z; will be a thickening
of Zial by simply including all points within some distance dj, of Z4H.
We define Z<;, := ()<, 2w p: Dote that each Z<y, is getting smaller as k
increases, and Z<y is the zero set of ‘;},

Consider some radii 70 < 7 < 72 < .... To generate Z;;, we thicken
Zp3@! (corresponding to the radial sector matching on the first bit), so that it
contains Spad(0,7/2,7r9) (corresponding to the quarter-circle near the origin).
This avoids leaking information near the origin, as every x within radius r will
be in Z;;, which means ¢;; will also be 0. Indeed, we can thicken Z{f‘bdial just
the right amount so that it contains Spgq(0,7/2,70). For the concrete example
where N = 4, and b = 0.1010, we show a description of Z;; in Figure 10-1a:
we shade Spaa(0,7/2,70) in dark blue, Zj3"™ = S(7/4,7/2) in medium blue,
and the additional thickening required in light blue.

To generate Zj;, for £ > 2, we thicken a much thinner angular sector. This
ensures that at large radii, the arc of Z is not too big. We will inductively
thicken 2y, by some amount dj, just enough to contain Zx_1 pMNSpaa (0, 7/2, 7—1).
Consider one more example for k = 2 (again for N = 4, and b = 0.1010), in
Figure 10-1b. Note that 233 is the sector S(Z, 2F) (shaded in medium blue),
and the thickened region (in light blue emanating from both sides of the sector)
is just enough to capture all of Z;; that was within radius . However, for
larger radii, Zs; is much thinner than Z; ;. In addition, if we know the first bit
by = 1, then querying Vj, anywhere in {r < 1} will not reveal any information
about the second bit by. This is because either we were in Z; ;, which only
depends on by (in which case ¢1, = ¢2p, = 0 as we thickened to make sure
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Zop D Z1p N Spda(0,7/2,71)), or we weren’t, in which case ¢y, grows much
more quickly than ¢g ;.

We can also continue this process inductively for k = 3,4 (Figures 10-1c
and 10-1d): we show Z<j,. The intuition for why this prevents leaking of
information near the origin is that even if £ is large, Z;; in the smaller-radius
regions is decided by 2, for k' < k, so we cannot learn any later bits.

The comparisons of Z,‘;f‘fial and Z<; for b = 0.1010 and for all £ < 4 are
shown together in Figure 10-1. The picture is not to scale, and the radial arcs

represent the radii r; = 2iry, for i = 0,...,4.
() k=1 (b) =2 (c) k=3 (d) k=4

Figure 10-1: Comparison of ZZ!' (the sector in medium blue) with Zj,

(union of dark, medium, and light blue), for k& = 1,2,3,4, and b = 0.1010.
Dark blue represents the larger angular sectors closer to the origin, and light
blue represents the additional fattening from taking sumsets. Each Zj is
constructed by thickening Z,’;?lf“al enough (illustrated by the red arrows) such
that no information about the k-th bit is revealed close to the origin, but Zj
continues to get thinner at large radii.

The construction of Z<j;, means that for k > 1, querying ¢, within {r <
2k=1ro} will not reveal the k-th bit, and so even querying the mollified xs * ¢y s
within {r < 2¥~274} will not reveal the k-th bit, which stops information leaking
near the origin.

Since Vj, = maxi—1.. N @rp, the zero set of Vi, coincides with Z<nyp, and for
the choice of b = 0.1010, this is shown in the first panel of Figure 10-2. It
turns out that each 7, will concentrate around the zero set of f/},, and the other
panels of Figure 10-2 show these zero sets for seven different values of b in the
set {%, cee % at larger scales. We can see that far out from the origin the
zero sets become well-separated, and hence the distributions are well-separated
in total variation.

We already discussed how the thickening of Zj , means that querying ¢y,
and hence Vj, near the origin will not reveal the higher bits of b. For query
points w = (r,6) where r is large, the same analysis on V3! tells us that
Vi(x) (even after mollification) will reveal O(1) bits of information about b
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when b is chosen uniformly. As mentioned earlier, such a family of distributions
readily leads to a sampling lower bound of Q(logm), where m is the size of the
family. Since we can choose m = £V this leads to the Q(log x) lower bound.
Details of the proof can be found in Section 10.3.

Figure 10-2: Zeros sets of V,. The first panel shows the zero set for b = 0.1010.
The other panels show the zeros sets for different values of b at different scales.
Note that far away from the origin the zero sets become well-separated, which
leads to the distributions being well-separated in total variation. Note that if
b, b’ match in the first £ bits, then they will agree up to the ¢-th circle, as those
circles only depend on Z</; even for ¢ much less than K.

Connections to Kakeya constructions. The construction outlined above
is related to Perron’s construction [Per28] of Besicovich (Kakeya) sets known as
Perron trees. Kakeya sets are sets with area zero that contain the translation
of a unit segment in any direction. While Kakeya sets over finite fields have
been investigated before in theoretical computer science, e.g., [SS08; Dvi09;
Juk11], our construction is inspired by Kakeya sets over continuous domains,
namely R2. To our knowledge, this is one of the first applications of these
geometric ideas to theoretical computer science.

There are many similarities between our construction and that of Perron.
Perron’s construction proceeds by the method of sprouting. Sprouting is an
iterative process in which, at each step, one adds further and further smaller
triangles to the pre-existing construction. The figure is then rescaled in order
to have height 1. The construction after n steps contains 2" triangles of small
aperture 2(27"), and has area O(n™'). We do a similar process in the definition
of our sets Zj, and indeed, ultimately our hard instance has a very similar
tree-like structure.

While we were inspired by the construction of Perron trees, there are also
key differences between our hard instance and Perron’s construction. Indeed, in
our setting, we need to minimize overlap (so that the resulting distributions are
well-separated) while simultaneously ensuring that information is not leaked by
queries. In contrast, Kakeya sets are explicitly designed to maximize overlap.
Secondly, the iterates of Perron trees are convex sets, not convex functions.
One must turn these convex sets into convex functions somehow. This is
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additionally complicated by the fact that these iterates are not nested. In our
construction, we must take great care to create nested convex sets, so that the
resulting functions are convex and still maintain the structure of the sets.

10.3 Proof of the lower bound

Overview

Our goal is to show the following theorem:

Theorem 34 (lower bound in dimension two). There is a universal constant
g0 > 0 such that the following holds. The query complexity of sampling from
the class of distributions w o< exp(—V') on R? such that V is 1-strongly conver,
k-smooth, and minimized at 0, with accuracy ¢ in total variation distance, is
at least Q(log k).

The strategy to do so will be to construct a finite family S of potentials in
the given class which satisfies the following two properties:

e The potentials are hard to identify via queries (in the sense of Definition 16
below), and therefore any algorithm must query V' at Q(log k) points in
order to identify which V' € S the algorithm is querying.

e The potentials are well-separated (in the sense of Definition 17 below),
which loosely means that they have mostly non-overlapping support and
hence (by Proposition 11) a single sample from 7 o< exp(—V') suffices to
identify V' € S with constant probability.

Before describing the potentials S in more detail, we note some basic
definitions.

Definition 12. Given two functions f, g : R — R, the convolution f * g is
the function defined as (f * g)(z) == [ga f(y)9(x — y)dy, for all x € R™.

Definition 13. For § > 0, we define xs to be the indicator function of the ball
Bs of radius § around the origin. By this, we mean xs(x) =1 if ||x]|2 < §, and
Xs(x) = 0 otherwise.

The family S of potentials will have cardinality x*(!), so that identification
of the potential requires Q(log k) bits of information. Actually, by rescaling the
potentials, it suffices for each potential V to be £~ ?M-convex and k°M-smooth.
Our eventual construction also satisfies the following properties.

e Each V € Sis of the form V = V x ys + ||-|2/(2°M), where V : R? - R
is a convex, non-negative, and piecewise linear potential, and § will have
scale 6 = kW),
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e Each V € S is zero in a small neighbourhood of a ray ¢ emanating from
the origin, and grows fast outside of this ray; hence, the potentials are
well-separated.

e Suppose that £, ¢’ are the rays corresponding to two potentials V, V' € S.
At distances from ¢ and ¢ that are much larger than the angle Z(¢,¢'),
the potentials V', V' are exactly equal. This is the property makes the
potentials hard to identify via queries.

Throughout the proof, we assume that « is sufficiently large, K > Q(1).

Definitions and the information-theoretic argument

Definition 14 (density and normalizing constant). Given a strictly convex
function V : R — R, we denote by Py the probability distribution with
density Z~'exp(—=V) w.r.t. Lebesque measure, where Z == [ exp(=V) is the
normalizing constant. In an abuse of notation, we also use Py to refer to the
density itself.

Definition 15 (queries and extended oracle). For a fixed potential V', and
given a query v € R, the extended oracle responds with V(Bs(x1)), which
consists of the value of V' for all points in the ball of radius § centered at x.
For a sequence of (possibly adaptive and randomized) queries x1,...,x, and
observations V(Bs(x1)),...,V(Bs(x,)), we denote the information from the
i-th query by & = {x;,V(Bs(x;))}, and the information from all the queries by

fl:n = {fl, ce ,gn} .

Note that the extended oracle in Definition 15 provides more information
(the set of values of the potential in some ball around the query point z) to the
algorithm than our original first-order query model, from which the algorithm
only observes (V(z), VV(z)) at the query z. A lower bound for sampling in
this stronger query model clearly implies a lower bound in the original query
model. We consider the stronger model out of technical convenience, as this
notion is robust to the mollification in the construction of the potentials.

Definition 16 (hard to identify via queries). A finite set S of potentials in
R? is called Z-hard to identify with queries at scale & if the following holds:
for V'~ uniform(S), any sequence of queries x1,...,x, to the extended oracle
made by a deterministic adaptive algorithm satisfies

](glzn; V) S In )
where I denotes the mutual information.
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Definition 17 (well-separated set). A set S of potentials is well-separated if
there is a family of measurable sets (Qv),.g where the sets Qy are disjoint,
and a universal constant ¢ > 0 such that

Py(Qy) > ¢, forallV eS.
The motivation for this definition is the following fact:

Proposition 11 (one sample identifies well-separated distributions). Let S be
a well-separated set of potentials and conditionally on V' ~ uniform(S), suppose
that X s a sample from a probability measure ﬁv which is at most 5 away
from Py in total variation distance. Then,

P{X € Q,} > g
Proof. By conditioning on V,
P{X € Oy} =EP{X € Qy |V} =EPy(Q) > E[P(Q) — | Py — Pyllwv] >

which is what we wanted to show. O

This shows that the minimum-distance estimator

V = argmin inf || X — 2| (10.1)
ves 2€Qv

succeeds at estimating the randomly drawn V' with constant probability. On
the other hand, using Fano’s inequality (Theorem 1) we can reduce Theorem 34
to the following proposition:

Proposition 12 (well-separated set which is hard to identify via queries). Let
k> §1). Then, there is a set S of potentials such that:

1. All elements of S are k~°W-convexr and k°M-smooth, and have their
minimum at zero.

2. S has cardinality kY.
3. S is well-separated with ¢ = Q(1).

4. S is hard to identify via queries at scale § = k=W and with T = O(1).

Proof of Theorem 34. Suppose that there is a sampling algorithm which, given
any target distribution 7 oc exp(—V) on R? such that V is 1-strongly convex,
k-smooth, and minimized at 0, outputs a sample X whose law is gy close in
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total variation distance to 7 using n(R) queries to the extended oracle. Let S
be the family in Proposition 12. By choosing ey = ¢/2 = (1) and rescaling the
potentials accordingly, then Proposition 11 implies that the sampling algorithm
can identify V' ~ uniform(S) using n(k) queries with constant probability,
where 7 = k20, Namely, for the estimator V in (10.1),

P{V =V}>==0(1). (10.2)

oo

On the other hand, we can prove a lower bound for the error probability of
any estimator V' constructed using adaptive queries. First we assume that the
estimator is deterministic given previous queries. Because the set S is hard to
identify, by Fano’s inequality (Theorem 1) we have

P{V£V}>1-—

I(€un(r); V) +10g2 ,_ In(R) +log2 . Q(n(k))
log |S| - log S| logrk/’

(10.3)

for all n(k) < ¢|S| = O(logk). If the estimator is instead randomized, it
depend on a random seed ( that is independent of V. In this case, the same
argument as above conditional on ( gives

PV #V |21 -2,
log
Taking expectation over ¢, we see that (10.3) holds also for randomized algo-
rithms. Combined with (10.2), we see that n(r) > Q(log k) = Q(log k). O

Reductions and properties of the construction

Recall from Section 10.3 that each V € S is of the form V = V x x5 +
|-112/(2°™M). In this section, we reduce the desired properties of S, namely
that S is well-separated and hard to identify via queries, to geometric properties
of the potentials summarized in Proposition 13 below.

By increasing s by a factor of at most two, which will not harm the final
lower bound, we can assume that x = 2 for some positive integer N. We also
set § .= k. Let By denote the set of binary strengths of length N. For each
b € By and £ € [N], we let [b], :== 0.00b; ... b, in binary representation, and set

Proposition 13 (geometric properties). There are functions Vi, for b € By,
such that:

(PO) V, is convex and kO -smooth on average at scale § = k™2, i.e., Vy * X5
is kKO -smooth, and attains its minimum V;(0) = 0 at zero.
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(P1) The zero set Z, == {V, = 0} contains the 1036-neighborhood of the set
Zy={(z,Bz) €eR? |2>0, [b] =27V << [b]+27N},  (10.4)
and is contained in the 1-neighbourhood of Zy.
(P2) Moreover, for all x,y € R?,

Vi, y) > k" (dist((z,y), 2) — 1), -
(P3) If b, I/ coincide in the first ¢ bits then Vi, and Vi, coincide in the set

1
{(z,y) e R? | x < 12_3]\[ or |y — [bl¢ x| > 100 - 2_%}.
We check that these properties imply that Proposition 12 holds.

Proof of Proposition 12. Let S be the collection of potentials Vj, = V} * x5 +
|12/ (2k1%) for b € By, where {V, : b € By} are the functions from Proposi-
tion 13. We now verify the four properties of Proposition 12.

Proof of 1. By (P0), we know that Vj, is convex, which implies that V} x5
is also convex. Therefore, Vj, is k™ 6-strongly convex. In addition, by (P0),
Vi % xs is £K°M-smooth, which means that V; is kK00 + k16 < k2W_smooth.

Proof of 2. By construction, |S| = &.

Proof of 3. We now show that S is c-separated. For any string b, recall
the definition of Z; from (10.4). Define the set

Qp={(z,Br) eR* |2 >273 [ —04-27N <B<[B]+04-27V}.

It is clear that {2, : b € By} is a family of disjoint sets. By (P1) we know
that the zero set 2, of V, contains a 1036-neighborhood of Z,. Since Q C 2,
it follows that Vj * Xs = 0 on §2.

Let Q= {(z,y) € U : ||(z,y)|| < x8}. Note that the full set of points
(x,y) with ||(z,y)]| < &® has volume 7x'%, and €, is a sector of the plane
with arc ©(27"), minus a small set of points (specifically, the points in the
sector with x < 273N which also means y < O(273Y)). Therefore, the volume
of Q is O(k'® - 27V) = O(x'®). In addition, all points (z,y) € Q have
Vi(z,y) = —|(z, y)II?/(2x") = —1/2. Hence,

/ exp(—V,) > / exp(=V3) > Q(k') . (10.5)
Q

Qp

Next, we bound the full integral of exp(—V}) across R? by splitting R? into
four regions R = Z, U, , U Uy, U W3, defined as follows:
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o Uyyi={(z,y) € R?\ 2 : dist((z,y), Z) <2, [|(z,9)]| <&}
o Uopi={(z,9) ER*\ (Z,UW1,) : [|(z,y)]| < &°}.
b \113,17 = R2 \ (Z~b U \Ill,b U \DZ,b)-

Note that all points W3, have norm at least k2. To show that most of the mass
of Py, is concentrated on 2~’fb, we must show that the integrals over W, ;, Wy,
and W3, are small. In a nutshell, the integral over W, is small because the
2-neighborhood of Z, is small (relative to the size of Z, itself); the integral
over Wy is small because f/b increases rapidly outside 2;,; and the integral over
W3, is small because the Gaussian part of V4 is small over this region.

On these four regions, we have the following bounds. First, [, exp(—||-|[?/(2x'°)) =
2mk'8. Therefore, since the sector Z, has arc O(27Y), by rotational symmetry

/Z~ exp(—V;) < /~ exp(—%) < O(Q_N)/ eXp(—!;{—”lﬁ) < O(k").

2 R2

Note that W, ; consists of two strips adjacent to Z,;b, where each strip has width
2 and length O(k?), together with a piece of area O(1) near the origin. Thus,
vol(¥y,) < O(k?), yielding

/ exp(—V,) < vol(¥y,) < O(x").
Vg

Next, for (z,y) € R? such that dist((z, y), Z,) > 3/2, by (P2) we have V,(x,y) >

k*. After mollification at scale § < 1/2, we conclude that Vj * ys > k* on Wy,
In addition, Wy, is contained in the ball of radius x°, so the volume of Wy, is
at most mx'®. Therefore,

/ exp(—V3) < mr'® exp(—~?) .
Yo s

Finally, all points in W3, have ¢, norm at least %, so

— ex —M k%) exp (—Q(k?
[I/B,bexp( %)S//H(x,y)ll>n9 p( 216 )SO( ) p( A ))’

by standard Gaussian tail estimates. Therefore,

/R2 exp(—V3) < O<H15 + k7 + exp(—Q(k)) + exp(—Q(mQ))> < O(k").
(10.6)

Overall, (10.5) and (10.6) together imply that Py, (€2,) > Q(1), i.e., S is
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Q(1)-well-separated.

Proof of 4. Finally, we show that S is hard to identify via queries at scale

§ = kW with Z = O(1). We consider b drawn uniformly at random from
By.

First, however, we need to extend (P3) to V; (i.e., taking into account the
mollification at scale §). We claim that if b, ¥’ coincide in the first ¢ bits, then
V, and Vjy coincide in the set

1
{(z,y) eR* |z < 3 27V or |y — bl x| > 20027z} . (10.7)

In light of (P3), it suffices to show that if (x,y) lies in this set and ||(z’, ") —
(z,y)|| <6, then 2/ < 273N or |y — [b]2’| > 100 - 27“2’. In other words,
the d-neighborhood of (10.7) is contained in the set in (PS) In the first case,

"< 3273 follows if & < £ 273N but since § = k=5 = 27°" this holds for large
k. In the second case,

ly = [ble2’| > |y — [blex| — 6 — [b]e6 >200-27 2 —26.

This is greater than 100 - 27¢ 2 provided that 26 < 100 - 27z, but this follows
because § = 27N and z > %2*3]\[ (as we are in the negation of the first case).
In fact, by replacing ¢ with 29, the same argument shows that for all (z, y) lying
in the set (10.7), we have V,(Bs(z,y)) = Viy(Bs(z,y)). Note also that (10.7)
shows that it is useless to query any points (z,y) with z < %Z_SN , so for the
remainder of the proof we assume that the algorithm does not do so.

We now move to a stronger oracle model. Namely, given a query point
(z,y) € R? let ¢ be the largest integer such that |y — [b], x| < 200-27¢x. Then,
the oracle outputs & == [bles1, 1-e., the oracle reveals the first £+ 1 bits of b. To
see that this new oracle is indeed stronger, observe that we can simulate the
previous oracle using the revealed bits [b],41; namely, pick any bit string &’ which
is consistent, in the sense that [0'],41 = [b]¢+1. Then, by the choice of ¢, we have
|y — [bes1 2| > 200-27FY 2 so0 that V,(Bs(z,y)) = Vi (Bs(z,y)), and hence we
can output V,(Bs(x,y)) given knowledge of [b]gy1. It therefore suffices to bound
the mutual information I(£;.,; b) where &,.,, denotes the output of the stronger
oracle on a sequence of adaptive but deterministic queries (x1,41), ..., (Tn, Yn)-

We can then write

él i3 ZI ézyb ’ glz 1 (108)
- Z{H(éz | él:ifl) - H(éia ‘ él:ifla b)} (10.9)
i=1
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n

< Z H(& | €1imn) (10.10)

=1

where H (- | -) denotes the conditional entropy. The first line follows from the
chain rule for mutual information, the second line follows from definition of
mutual information, and third line follows from non-negativity of conditional
entropy. Thus, we are done if we can show that H(fZ | 51:2'_1) < O(1), for all
i <c|S|.

Conditionally on any particular realization of 51;,-_1, let £y denote the number
of bits of b revealed thus far and let [by],, denote the revealed bits. Clearly
the bit string b is uniformly distributed on the set B of bit strings ¢ with
[b']¢, = [bo]e,- Also, since we have assumed that the algorithm’s queries are
deterministic given the past history, the next query point (x;, y;) is deterministic.
Then, the conditional probability that ¢ > ¢, bits are revealed by the next
query is

P{200 -2~ 2, < [y; — [Dles <200- 27V | €0}
<P{ZL — 20027 < o], < L 1200 27¢V | i} -
X Ly

This is the probability that a uniformly chosen element of B belongs to an
interval of length ©(27). Since there are 2V =% elements of B), and ©(2V~¢)
of them belong to any fixed interval of length ©(27%), we conclude that the
above probability is O(2~(%)).

We then have

H(& | €uimn) SED (L= L) O(270) < 0(1), (10.11)

>4y

where the expectation is taken over {y (which depends on the realization of
&1.-1). Substituting the above bound into (10.10), we conclude that (&;.,;b) =
O(n), which implies that S is indeed hard to identify via queries. O

Construction of the distributions

This section contains the proof of Proposition 13.

For integers 1 < k < N, let [b]; be the number 0.00b,bs ... b in binary
representation, and let [b], = [b] = [b]n for & > N. Define

Fp(w,y) = (ly — [lex| = 27 o +27CVH)) (10.12)

We also write ¢y, = ¢, when b is clear from context. For z > 0, the function
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¢ essentially measures the distance to the set
{(z,blez+&) €R?: x>0, |&] <27Fax427CN-RY,
Finally, we define the potential

Vilw,y) =27 max 27oy(r,y). (10.13)

Ly

Proof of Proposition 13. We prove that the construction (10.13) satisfies each
of the four properties in turn.

Proof of Property (P0). The convexity of V, follows because each ¢y, is
o(1)

convex. To check that Vj is K20 -smooth on average, using the compositionality
of the maximum (i.e., max(a, max(b, ¢)) = max(a, b, ¢)) we see that that Vj can
be written as a maximum of affine functions, each of slope K°V): hence, V, is
kO _Lipschitz. Differentiating under the integral,

V(Vb * xs)(T,y) = / VVb(a: +u,y+v)dudv = / vV, IBs(z,y) >

Bs

where the expression makes sense because Vj, is Lipschitz and hence differentiable
a.e. by Rademacher’s theorem, and the absolute continuity of V; ensures the
validity of the fundamental theorem of calculus. Then, by Hélder’s inequality,

IV (Ve % xs) (2, y) = V(Vex x5) (2, 5| < (sup [ VA1) 1L 550) — Ligtaran |2
< kW vol(Bs(z,y) & Bs(a',y)) -

By elementary considerations, the volume of the symmetric difference between
the balls is bounded by O(k°W ||(x,y) — (z/,v')||), and therefore V(V; * x5) is
xOW_Lipschitz.

Finally, it is obvious that Vj, > 0 and V, = 0 at the origin.

Proof of Property (P1). We only need to verify that any point (x,y)

which is 1030-close to 2, satisfies %(az,y) = 0, as the second part of Prop-
erty (P1) is automatically implied by Property (P2). For such a point (z,y),
there exists (z/,y') such that

>0, 2" — x| Ay —y| < 10%F, and |y —[b]2'| <27V,

This also implies |y’ — [b]x2'] < 27%2' for all 1 < k < N, since |[b]y — [b]| <
27F — 27N Therefore, forall 1 <k < N, |y—[blpz| < 27 (z+1030) +2-10%5 <
27k 4 27BN=F) gince § = 27°V. By the definition (10.13) of V, and the
definition of ¢y, in (10.12), it follows that Vj(z,y) = 0.
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Proof of Property (P2). We just need to check that

2N (z,y) > K* (dist((m,y),zb) — 1)+

or equivalently, 22N oy (z,y) > (dist((z,y), Zs) — 1)4. We first consider the
case when z > 0, and we may assume that (x,y) & Z, as otherwise the claim
is obvious. If (x,y) has distance A to its closest point in Z,, then any 3/ such
that (x,4/) € Z, must satisfy |y —3/| > A. Applying this to ¢/ = bz £ 27Nz,
we obtain

dist((z,9), 2y) <ly—lz+2 Vo[ Aly—[plz—2Va| =y — [blz| -2z

In turn, it implies that ¢y (2, y) > (dist((x, y), Z,)—2"GN=R)), > (dist((z, ), Z,)—
1),.

If £ < 0, then dist((z,y), Z) < ||[(z,v)| < V2 max(|z|, |y|). Then, for N
large,

22Ny (,y) = 2V (ly — Bla| =27V o - 2_(3N_'“))+
_ 2N—1/2 (2N+1/2 |y [ ]ZL‘| + \/_|[L’| —(2N—k) +1/2)

> oN-1/2 <23/2 max (0, |y| — 5 |x|) + \/§|:L'] — 1)
+

> oN-1/2 (\/5 max(|z|, |y|) — 1)+ > (dist((z, y), Z,) — 1)+

+

Proof of Property (P3). The last property follows from Proposition 14
below, because if b, ' agree on the first ¢ bits, then on the set in the statement
of Property (P3),

V*27Nkn11ax 2” <Z5kb—27Nkmax 2” ¢kb—27Nkmax 2” ¢kb/

..........

:27N maX 2” Qbkb’
k=1,...,

:‘h}b/'

The second and fourth equalities invoke Proposition 14, and the third equality
uses the fact that ¢, only depends on b through [b],. This completes the
proof. ]

Proposition 14 (potentials agree if bits agree). Let S;(b) be the set
1
Se(b) = {(z,y) eR*: 2z < 1 273N or |y — [blex| > 10027z} .
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Then, for x,y € Sy(b),

9k = 9k .
nax, br(7,y) Jmax, Pr(r,y)

In turn, Proposition 14 follows by induction from:

Proposition 15 (induction). If (z,y) € Se(b), and for some k > { we have
¢k<x7y) > 07 then ¢k<x7y) < 2¢kfl(x>y)'

Proof. First, we may assume that x > 0. This is because if x <0,

¢k-1($,y) Z |y - [b]k I| - Hb]k—l - [b]k| |ZU| _ 2—(k—1) T — 2_(3N—k+1)
> |y — [ble x| +27F2 — 27 Vg — 27BN
=y — [blrz| — 27"z - 9—(BN—k+1)

> ¢k(‘x7y>7

since we are assuming ¢ (x,y) > 0.
Now, since z > 0, we start by estimating

Gr-1(7,y) > |y — [blx x| — [[Ble—1 — [Bx] 2 — 27 F Dy — 27 BN=FHD)
- Qbk(l', y) -2 27]“1- + 2*(3N—k+1)
and
du() =y — [Pl z] — (2Fa + 2BV

First, suppose that z < 1273V, Then, 2-GN=*1) > 2. 27z 50 in fact
dr-1(z,y) > ¢, y). Alternatively, if z > : 273" and |y — [b], x| > 100 - 2“2,
then

20-1(2,y) > 2|y — [Blex| = 2|[Ble — [Blir] o — 427" — 27CFY

[
> 2y — [blex| — 6270 — 27 BNR)
&1, y) < |y — [blex| + | [ble — Ple] @ — 2772 — 27CNH
<|y—[Blez|+27x — 2" BN=H)

As aresult, when |y—[b], | > 100-27z, we see that ¢p_1(z,y) > 5 ¢r(z,y). O

10.4 Upper bound in constant dimension

In this section we give a simple proof that in constant dimension, one can
approximately generate a sample from a log-concave distribution with condition
number &, in O(log k) queries. Our query dependence also has a polylogarithmic
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dependence on %, if we wish to generate a sample that is e-close in TV distance
to the true distribution. (We do not attempt to optimize the dependence on
dimension d or the polylogarithmic dependence on %)
Let V be a convex function that is 1-strongly convex and s-smooth, such
that V' is minimized at the origin and V(0) = 0. For any real value y > 0,
define By (y) to be the set of points = such that V(z) < y.
First, we note the following basic facts that follow immediately from our

convexity assumptions.

Proposition 16 (basic facts about log-concavity). 1. By(y) is a convex body
for any y > 0, and contains 0.

2. By(y) is contained in the ball of radius /2y and contains the ball of
radius \/2y/k.

/

3. For any 0 <y <y, By(y') C %Bv(y).

Next, we show how to obtain a crude d°M-approximation for By (1) using
d°M log k first-order queries. The proof is essentially folklore and follows from
the ellipsoid method.

Proposition 17 (ellipsoid method). Let B be a convex body that contains
B(0,7) and is contained in B(0, R), along with a membership and separation
oracle. Using d°%) log§ adaptive queries to the membership and separation

oracle, we can find an ellipsoid E centered around some point z such that
E C B C E', where E' is E dilated by an O(d®?) factor about z.

We can apply the above proposition to the convex body By (1).

Corollary 12 (sublevel set approximation). Using d°Wlog k adaptive queries
to V and VV, we can find an ellipsoid E centered around some point z such
that E C By (1) C E', where E' is E dilated by an O(d*?) factor about z.

Proof. 1t suffices to show that from a single first-order query at a point z,
we can generate a membership and separation oracle for By(1). Indeed,
the membership part is straightforward as we just check whether V(z) < 1
(which is equivalent to € By(1)). The separation oracle is also simple, and
can be done using the gradient. Specifically, suppose that V(x) > 1; then,
V(z') > V(z)+(VV(x), 2 —x), which means that every 2’ with (VV (z), ') >
(VV(x),x) is such that V(z') > V(z) > 1, i.e., VV(x) is a separation oracle
for By (1) at x. O

We are able to prove our sampling upper bound, using a rejection sampling
approach.
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Theorem 35 (upper bound for log-concave sampling). For any constant d > 2
and any 1-strongly convex and k-smooth function V with minimum at 0, we
can approzimately sample from m o< exp(—V) to total variation error at most €
using O(log k+1og® W (1/¢)) adaptive queries to V and VV (here we emphasize
that the asymptotic notation treats d as constant).

Proof. Given V' and any integer ¢t > 1, let p; be the probability that a sample
from 7 lies in ¢tBy(1). The normalizing constant is Z > fBV(l) exp(=V) >

e 'vol(By(1)), but integral over (¢ + 1)By (1)\tBy (1) is

/ exp(—V) < exp(—t) vol((¢ + 1) By(1))
(t+1)By ()\tBy (1)

= exp(—t) (t + 1)dVOl(BV(1)) )

using Proposition 16 which implies that V' (z) > ¢ for any « ¢ t By (1). Therefore,
the probability of (¢ + 1)By(1)\tBy (1) under 7 is at most

_ exp(=t) (t+ 1)*vol(By (1))

m((t+1)By(1)\tBy(1)) < e Tvol( By (1)) —exp(—(t—1)) (t+1)".

By summing this quantity for all integers greater than ¢, the probability of the
complement of tBy (1) is at most Y, -, exp(—(u—1)) (u+1)¢ =3 -, exp(—u+
dlog(u + 1) + 1). Note that for ¢ > Q(dlogd), this quantity is at most
O(exp(—t/2)). Taking t = C (dlogd + log(1/¢)) for a large constant C, we
obtain m(RN\tBy (1)) < £/2.

The algorithm now works as follows. We use Corollary 12 to find £ C
By (1) C E'. We pick a uniformly random point X in tE’ for ¢t = C' (dlogd +
log(1/¢)). We then accept the point X with probability exp(—V (X)), and
if we reject we restart the procedure. First, note that this algorithm, upon
termination, samples exactly from 7 conditioned on ¢E’, which is at most § away
from 7 in total variation distance. In addition, each rejection sampling step
succeeds with probability at least vol(E)/(evol(tE’)), since with probability
vol(E)/ vol(tE'’) we choose a point in F in which case V(X) < 1 so we accept
with probability at least e~!. This is equal to 1/(t O(d*?))¢ = d=9@ =4 =
d=°@ (log %)*d. So, after (dlog %)O(d) rounds of rejection sampling, each of
which only needs one query to V', we accept the sample with probability at
least 1 — 5, which means that overall we have generated a sample which is
e-close in distribution to 7 in total variation distance.

The overall query complexity is a combination of finding £, E’ and then
running the rejection sampling, for a total complexity of d°) log x+4(d log %)O(d).
So, for any fixed dimension d and error probability ¢, the query complexity
for log-concave sampling is O(log k). In addition, the dependence on the error
probability is polylogarithmic for any fixed d. O]
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Remark 9. We briefly note that the exponential dependence on d is not neces-
sary: using more sophisticated tools developed for sampling from convex bodies
one should be able to obtain a complexity of log(x) (dlog %)0(1). However, we
choose to not optimize the dimension dependence in this result for the sake of
simplicity, and since we are focused on the setting of d = O(1).

10.5 Conclusion

The lower bound in Theorem 34 together with Theorem 31 in Chapter 9
completely characterize the complexity of log-concave sampling in constant
dimensions. We see that in low dimensions, the optimal sampling algorithm
is rejection sampling, which can thought of as the analogue of the ellipsoid
method in optimization. In fact, the rejection sampling algorithm that achieves
the rate from Theorem 34 even uses the ellipsoid method as a subroutine.

The next big question to answer is whether log-concave sampling in high
dimensions behaves differently, and whether the high dimensional lower bound
will be dimension dependent. We do not manage to obtain a complete answer
to this question in this thesis, but in the next chapter we make some partial
progress by studying lower bounds for Gaussian sampling.
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Chapter 11

General lower bounds in high
dimension: the (Gaussian case

11.1 Introduction

In this final chapter, we give progress towards the goal of general sampling
lower bounds in high dimension. We restrict the class of target distributions
to the Gaussian distributions with mean 0, so the potential function is given
by V(z) = (z,X 7 x), where X is the covariance matrix. The query oracle will
return the value V(z), as well as its gradient VV (z) = ¥~ 'z. We show that
under such a model, any sampling algorithm would require at least 2(log d)
queries. Since the class of Gaussian distributions are a subset of the log-concave
and strongly log-smooth distributions, our results show that sampling on this
extended class will also have dimension dependent rates. The true dimension
dependence of log-concave sampling is more likely to be polynomial, and that
remains an interesting open problem.

We give two lower bounds that cover two regimes where the condition
number x is large or small. We also give an upper bound of a sampling
algorithm that samples from a Gaussian using O(min(y/k logd, d)) queries, for
which our lower bounds are nearly tight. The techniques we use in this chapter
are quite distinct from those in the previous Chapters 9 and 10: instead of
explicitly constructing a set of hard-to-distinguish distributions, we reduce
the Gaussian sampling task to trace estimation of the covariance matrix. It
is interesting to see whether our explicit techniques from the previous two
chapters can work for Gaussians or general log-concave distributions in high
dimensions.

This chapter is based on the joint work [Che+23b], with Sinho Chewi,
Jaume de Dois Pont, Jerry Li, and Shyam Narayanan.
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Related works. Our upper bound for sampling from Gaussians (Theorem 41)
is closely related to the use of the conjugate gradient algorithm for sampling
from Gaussians [NS22]. Also, our O(log k) upper bound algorithm is closely
related to rounding procedures which have been previously used in the convex
body sampling literature (see, e.g., [LV06]).

While matrix-vector queries have been studied in scientific computing for
decades (e.g., [BFG96]), they have only been studied in the theoretical computer
science literature recently, with a fully formalized model described in [Sun+19].
The most relevant works to ours are those that study the matrix-vector query
complexity of spectral properties, such as estimating top eigenvectors [SAR1S;
Bra+20], trace and matrix norms [Hut90; WWZ14; RWZ20; DM21; Mey+21],
the full eigenspectrum [Coh+18; BKM22], and low-rank approximation [MM15;
BCW22]. We remark that the non-adaptive matrix-vector product model
is closely related to sketching, which has enjoyed a large body of work (see,
e.g., [Wool4] for a survey).

Our contributions. Our Gaussian lower bounds implies that when the
dimension is sufficiently large, a polynomial dependence on the condition
number x is unavoidable (in contrast to Theorem 34, which only gives a
logarithmic dependence on x in low dimension). In fact, our lower bounds hold
for the special case of sampling from Gaussians, for which they are nearly tight.
We first prove the following theorem.

Theorem 36 (informal, see Corollary 13). Any sampler for centered d-
dimensional Gaussians with condition number k requires Q(min(y/k, d)) queries.

We emphasize the fact that in our setting, the Gaussians are centered. Note
that if the Gaussians were allowed to have varying means, then one can deduce
a sampling lower bound by reducing the optimization task of minimizing a
convex quadratic function z — ((z — x,), 7! (x — z,)) to the task of sampling
from the corresponding Gaussian N (x,,Y). However, as previously alluded to,
this does not address the inherent difficulty of the sampling problem.

The proof of Theorem 36 rests upon an elegant technique developed in
the literature on the matrix-vector query model in which the conditioning
properties and sharp characterizations of the eigenvalue distribution of Wishart
matrices are used to produce difficult lower bound instances for various tasks.
We adapt this method to our context by reducing the task of inverse trace
estimation to sampling (see Theorem 38).

As we show in Section 11.5, the lower bound is nearly tight over the class of
Gaussians, as it is possible to sample from a Gaussian using O(min(y/x logd, d))
queries using the block Krylov method. However, note that the lower bound
from Theorem 36 does not match the block Krylov upper bound, and the lower
bound of Theorem 36 is vacuous when x is constant. In particular, it leaves
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open the possibility that the complexity of sampling from well-conditioned
Gaussians is dimension-free. While such dimension-free rates are possible in
convex optimization, our next result shows that the same is in fact not possible
for log-concave sampling:

Theorem 37. (informal, see Theorem 40) Let d be sufficiently large, and let
k < d'5=°. Then, any sampler for d-dimensional Gaussians with condition
number k requires Qs(\/klogd) queries.

In the regime for which Theorem 37 is valid, the lower bound matches the
block Krylov upper bound up to constant factors, and hence we settle the
complexity of sampling from Gaussians in this regime. Moreover, Theorems 36
and 37 together imply the first dimension-dependent lower bounds for general
log-concave sampling. We conjecture that Theorem 37 holds for all x for which
Vklogd < d, and we leave this question for future work.

Although Theorem 37 may appear to only be a mild improvement over
Theorem 36, analyzing this regime is quite delicate, and we believe that the
tools based on Wishart matrices employed in the proof of Theorem 36 may
be insufficient to reach Theorem 37. Instead, we prove Theorem 37 by first
establishing sharp lower bounds on the performance of block Krylov algorithms
for the sampling task, and then providing a novel reduction (Lemma 44) which
shows that block Krylov algorithms are optimal for this task. This reduction is
quite general, and as the block Krylov algorithm and the matrix-vector query
model are of wide interest in scientific computing and numerical linear algebra,
we believe that our reduction may be broadly useful for tackling other problems
in this space.

We remark that a concise way of summarizing Theorems 36 and 37 if
we do not care about lower order terms is that sampling from Gaussians
requires Q(min(y/klogd, d)) queries, where we write f = Q(g) to mean f =
Q(glog M (g)).

11.2 Technical overview

We summarize the main technical ideas in the proofs in this section. For setails,
see Section 11.3 for Theorem 36, and Section 11.4 for Theorem 37.

Recall that our goal is to provide a lower bound on sampling from a Gaussian
N(0,%), where A := ¥7! has condition number k. Note that the corresponding
potential is V(z) = 1 (z, A z), and we are allowed zeroth-order and first-order
queries, which means for a query x, we receive zTAx and Axz. Hence, adaptive
queries are equivalent to adaptive matrix-vector product computations with A.

The first observation we make is that we can reduce the problem of sampling
from the Gaussian to estimating the trace of ». This is because if X is
a sample from a distribution which is close in total variation distance to
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N(0,%), then || X||3 ~ tr(X) with high probability. Therefore, it suffices to
demonstrate a lower bound for the following problem: given matrix-vector
product computations with A, approximately compute tr(A™1).

Lower bound via Wishart matrices

For any d, let W € R4 have the Wishart(d) distribution. That is, W =
XXT, where X € R has i.i.d. N'(0,1/d) entries. We take W to be the
precision matrix, A = W. Our first lower bound shows that 2(d) matrix-vector
queries with W are necessary to estimate the trace of W =1 even to constant
multiplicative accuracy, with constant success probability (Theorem 39). Since
the condition number of W is ©(d?) with high probability, we obtain one
extreme of the claimed lower bound Q(min(y/k,d)). The general lower bound
for all x then follows from a padding argument.

This lower bound approach is inspired by [Bra+20], which proved a query
lower bound for estimating the minimum eigenvalue of W. Their approach relies
on the fact that if we condition on any sequence of (1 —(1)) d adaptive queries,
the posterior distribution of the remaining eigenvalues behaves similarly to the
original distribution of the eigenvalues of W. In addition, while the smallest
eigenvalue of W is usually about 1/d?, its distribution has heavy tails: with
probability ©(,/2), the smallest eigenvalue of T is below £/d*. Consequently,
even conditioned on d/2 adaptive queries, we are unable to learn the minimum
eigenvalue up to a constant factor with high probability.

In our setting, we instead wish to show that learning the trace of W=1
is hard. However, the smallest eigenvalue of the Wishart matrix is so small
that with high probability, Tr(W ™) = O(Apnim(W) ™). While most of the time
the trace is O(d?), with probability ©(y/2) the posterior distribution of the
smallest eigenvalue of W after our adaptive queries may be ¢/d?. Hence, we
will be unable to determine whether the trace is < O(d?) or > Q(d?/e) with
high probability.

This lower bound technique is clean and nearly optimal, but as previously
mentioned it is vacuous (of constant order) when x = O(1), whereas we expect
the complexity of the problem to increase as d — oo. To tackle this setting,
we introduce a second approach.

Lower bounds via reduction to block Krylov

Our second technique works in two parts. First, we show that for a specific
hard distribution over instances, any block Krylov-style algorithm requires
Q(min(y/klogd, d)) queries to estimate tr(2). Then, we show a general purpose
reduction which demonstrates that for this hard instance (and indeed, any
rotationally invariant instance), block Krylov methods are actually optimal.
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Lower bound for block Krylov algorithms. Recall the block Krylov
technique: the algorithm chooses K i.i.d. random vectors vy, ..., vk ~ N(0, I),
and computes AJvy, for all j < T,k < K. This can be done using KT adaptive
queries, by querying Adv, to learn A9*ly,. For our purposes, it suffices to
consider block Krylov algorithms with K = T" and to prove a lower bound on
the smallest number K needed to successfully estimate tr(X), for ¥ = A~1.

We will construct two diagonal matrices D, D’ with all eigenvalues between 1
and k, such that Tr(D~!) and Tr((D’)~!) are sufficiently different. In addition,
if A, A’ are random rotations of D, D', respectively, then {A/v;}; i<k and
{(A") vy} <k are hard to distinguish for K < ¢y/klogd for a small constant ¢
(Lemma 40). Thus, unless K > Q(y/klogd), we cannot estimate the trace.

To explain the intuition behind Lemma 40, we first consider what happens
if we only have {A7v},<x for a single random vector v (i.e., power method).
Letting Ai, ..., \g be the eigenvalues of A, we have AJv = Zle )\gaiui, where
u; is the i-th eigenvector of A and v = Zle a;u;. Intuitively, the only in-
formation we obtain from these vectors are their pairwise inner products,
since we could have randomly rotated A. Therefore, the only information
we have is (Av, Av) = 2% NM™a2 which is the set {39, Ma?} <ok
Since v is random, we may think of all of the o? as 1 for simplicity, and
so we know {3¢, X},<ox. Our goal is to use this information to learn
Tr(A™Y) = Z?:l )‘;1'

We connect this to the problem of estimating 1/z as a linear combination of
1,z,22,..., 2%, a classic problem in approximation theory that is often tackled
with Chebyshev polynomials. Indeed, this relation to Chebyshev polynomials is
the main tool in the analysis of essentially all Krylov methods. In our setting,
as we desire lower bounds, we apply the fact that Chebyshev polynomials are
optimal in generating certain approximations. More concretely, suppose that
there are only K distinct eigenvalues Ay, ..., Ak, with each \; having some
multiplicity N;. Since we want to show that estimating tr(A~!) is hard, this
amounts to showing that knowing Zfil Ni)\{ for 0 < 57 < K is insufficient to
learn Zf; N;/Xi. We express this as a linear program (if we relax the N; to be
reals), the dual of which precisely captures whether 1/x can be approximated
well by a degree-K polynomial at Aj,..., Ag (Proposition 24). If we choose
the A; to be the local extrema of a degree-K Chebyshev polynomial, shifted so
that \; = 1 and A = k, then it is known that one cannot estimate 1/z up
to error =M at these points (which is needed for trace estimation), unless
K > Q(y/klogd). At a high level, this is the reason why we need Q(/k logd)
iterations of power method.

For general block Krylov algorithms, the algorithm obtains (v,, A7 v;,), for
0<j< Kand 1<k {<K. Now, the information that the algorithm sees is
captured by the matrices {(vy, AV vy) bk o<k, for j =1,..., K. Here, we show
that provided K is sufficiently small compared to d, we can find choices of
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multiplicities Ny, ..., Ng and N7, ..., Ny, such that the corresponding matrices
D, D' have significantly different traces (i.e., Zfil(Ni — N!)/\; is large) but
the information from queries is not enough to distinguish between A and A’,
which we establish via a coupling argument.

Reduction to block Krylov algorithms. The argument outlined above
shows block Krylov algorithms with K = o(y/klogd) cannot distinguish be-
tween two families of randomly rotated matrices with difference traces (A
coming from D and A’ coming from D’), and hence cannot solve the trace
estimation task. Our next technical contribution is a reduction which allows us
to simulate the output of any adaptive algorithm with K queries on our hard
instance, given only the responses to a block Krylov algorithm. Thus, a lower
bound against block Krylov methods translates into a lower bound against any
query algorithm. We now give a high-level description of the reduction.

Since we prove lower bounds based on randomized constructions, it suffices to
consider adaptive deterministic algorithms, i.e., each query vy is a deterministic
function of the previous queries and oracle outputs. The difficulty of proving
such a lower bound against such an algorithm is the adaptivity of the queries,
which makes it difficult to reason about how much information the algorithm
has learned. However, since our lower bound construction for block Krylov
algorithms is rotationally invariant, intuitively the adaptivity does not help: the
algorithm may as well query a random direction which it has not yet explored.

However, this intuition is not entirely correct: if the algorithm has previously
queried a vector v and received the information Av, then it may useful to query
Av in order to receive the information A%v, instead of querying a completely
random new direction. Indeed, computing powers v, Av, A%v, ... is precisely the
essence of the power method, as discussed above. To account for this, we move
to the following stronger oracle model: if the algorithm has selected vectors
v1,...,0k, then at iteration k it receives all of the information (Aivj)7;+j§k for
free. Now, there is provably no benefit to querying vectors which lie in the
span of the previous queries and oracle outputs.

Recall that our goal is to argue that an adaptive deterministic algorithm
can be simulated by an algorithm which simply makes i.i.d. Gaussian queries
21, 29, ..., 2K, in the following sense. In the stronger oracle model, at itera-
tion k, the adaptive algorithm has made queries (v2'%, ..., v%%) and received
information (Aivilg)iﬂgk and it picks a new vector vy, which lies orthogonal
to its received information. Suppose that using only the Gaussian queries
21, 29, - . ., 2k, We have simulated queries v§™, v§™, ..., v$™ which are equivalent
to the execution of the adaptive algorithm in the sense that the law of the
information (Aiv;im)iﬂgk is precisely the same as the law of the algorithm’s

Ig

information (Alv; &)itj<k- Since the algorithm is deterministic, vy ® is a func-

tion Uk((AiU;Ig)i+j<k) of algorithm’s accumulated information. Thus, in order
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to simulate the adaptive algorithm for one more step, it is natural to con-
sider taking v§™ = vk((Aivjim)HKk). However, we will be unable to compute
A'w$™ for any ¢ > 1, because the simulation must be based on the Gaussian

ueries 2z, Za, . .., 2, whereas this definition of v;'™ requires making queries at
) ) 1] ) k

o™ g™ L oM

Thus far, we have not invoked the rotational invariance of A, which
is crucial to the argument. The key is that although we cannot directly
take vk ((A“0S™)it k) to be our next simulated point, we can rotate Uy into
vk((Aiv;im)i+j<k) via a unitary matrix Uy; moreover, we can arrange that Uy
fixes all of the previous information (A"w$™);i;<x, because vg((A"05™ )it <r)
lies orthogonal to this information (recall, we can assume that each deter-
ministic function vg(-) outputs a vector orthogonal to its inputs, due to our
choice of oracle model). The intuition is that due to the rotational invari-
ance of A, then conditioned on the data (Aiv;?im)i+j<k, the distribution of A
is still rotationally invariant on the orthogonal subspace of the data; hence,
Uit = vk((Aivjim)HKk) ought to have the same law as ¥y, i.e., querying the
completely random direction vy, is just as good as querying according to what
the adaptive algorithm specifies.

Unfortunately there are further difficulties to overcome with this approach.
Namely, suppose that we define each simulated point v$™ to be the output
Uyt of a rotation matrix applied to v,. We would like to take Uy such that
Ui = vi((A"05™)i1j<i) but this is no longer computable based on (A"0;)i4j<x.
However, we note that Aiv;im = NU;v; = Uj[\%j where A = U]-TAUj. This
shows that A"v$"™ is computed from the query of v, not on the original matrix A
but on the modified matrix A, together with the matrix U;. Since we hope that
A has the same law as A, then this is good enough for the purposes of simulating
the adaptive algorithm. Actually, in order for the induction to work out, it
becomes clear that we need to define a sequence of matrices Ay, Ag, ..., Ag,
where each Ay is related to the previous A,_; via A, = U,;'—Ak,lUk, and U}, is
chosen such that vi™ = U0y = v((Af_105™ )ixj<r). Then, we must argue that

the simulated sequence v3™, v§™, ..., v3™ has the same law as the algorithm’s
lg al |
sequence v5 e, V58, ... Ut

This last step, however, turns out to be delicate. Indeed, although it is
obvious that for a fized orthogonal matrix U’, the law of A is the same as the
law of (U")TAU’, the rotation matrices Uy we choose in the above argument are
dependent on the previous queries and oracle outputs, and are hence dependent
on A itself. In the presence of such dependence, it is not obvious why the
law of A should be the same as the law of A, and to address this we prove a
conditioning lemma in Section 11.4. Once the conditioning lemma is proved,
the remainder of the proof follows along the lines just described, and the details
of the induction are carried out in Section 11.4.
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11.3 A lower bound via Wishart matrices

We define W ~ Wishart(d) to mean W = X XT where each entry of X € R%*4
is N'(0, 2). We aim to prove the following two theorems, which together imply
a query complexity lower bound for sampling from Gaussians.

Theorem 38 (reducing inverse trace estimation to sampling). Let § > 0. There
is a universal constant ¢ > 0 (depending only on 0) such that the following hold.
Suppose that d > ¢~ and there exists a query algorithm such that, for any
Gaussian target distribution ™ = N(0,%) in R? with cd2I; X X7 <7t y,
outputs a sample from a distribution T such that either |7 — w||tv < ¢ or
Ved2 Wy (T, m) < ¢, using n queries to .

Then, given W ~ Wishart(d), there ezists an algorithm which makes at
most ¢~ 1n matriz-vector queries to W and outputs an estimator tr such that
Lar (W) < fr < 2tr(W—") with probability at least 1 — 6.

Theorem 39 (lower bound for inverse trace estimation). Let W ~ Wishart(d)
for d > 2. For any C > 0, there exists § > 0 (depending only on C) such
that any algorithm which makes n matriz-vector queries to W and outputs an
estimator tr such that C~ tr(W 1) < fr < C'te(W') with probability at least
1 — 0 must use n > Q(d) queries.

Remark 10. Suppose that we want to sample from a target distribution 7 which
is a-strongly log-concave. It is straightforward to check that total variation
guarantees are invariant under rescaling the target (replacing 7 with Sy,
where S : R — R? is the scaling map Sz := (x for some ¢ > 0), whereas
Wasserstein guarantees are not. Instead, the scale-invariant quantity is y/a W,
which is what appears in Theorem 38.

Consider the class of centered Gaussian distributions on R? which are
a-strongly log-concave and (-log-smooth; let xk := 3/« denote the condition
number. Let 6¢ 4(k, d, €) denote the query complexity of outputting a sample
which is e-close in the metric d to a target distribution in this class, where d
is one of the scale-invariant distances d € {TV, \/a W5}. Then, Theorems 38

and 39 (with C' = 2 and 4, ¢ being universal constants) show that for d > ¢7,

Gog(c2d?, d,c) > Q(d). (11.1)

By embedding the construction into higher dimensions, we obtain the
following corollary.

Corollary 13 (query lower bound via Wishart matrices). Ford € {TV, /a W,},
there is a universal constant ¢ > 0 such that

%G,d(/f; d, C) Z Q(\/E N d) .
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Proof. If k > ¢2d?, then (11.1) yields
Goalr,d,c) = Qd) = Q(vr A d).

Otherwise, if K < ¢ 2d?, let d, be the largest integer such that x > ¢ 2d2.
Then, by embedding the d,-dimensional construction into dimension d,

Cod(k,d, c) > Coa(k,di,c) > Qd,) > Q(VEN),

which concludes the proof. O

Reducing inverse trace estimation to sampling

In this section, we prove Theorem 38, which is based on the concentration of
the squared norm of a Gaussian. We recall the following identity:

Lemma 37 (concentration of the squared norm). Let Z ~ N (0,%). Then,
var([| Z||*) = 2|3/ -

Proof. Note that since all quantities are rotationally invariant, we may assume
without loss of generality that X is diagonal. Then the equality claimed is just
the variance of a non-homogenous chi-squared random variable. O

We now prove Theorem 38.
Proof of Theorem 38. Let W ~ Wishart(d) and let 3 := W~!. By Proposi-

tion 20, there exists ¢ > 0 (depending only on ) such that with probability at
least 1 — 0/3, it holds that

cd 2 <Nt <et,.

We work on the event £ that this holds.
Case 1: total variation distance. From Lemma 37 and Chebyshev’s

inequality, we deduce that if Zy, ..., Zm "~ N(0,%) and tr, = m™! S Zi3,

<

o 2
]P’{|tAr*—trZ‘ > ltrE} < var tr, 8 tr(X?) §
2 ( m

ax)?/4 m te(S)?
Take m > 48/6 so that this probability is at most ¢ /3. Conditionally on W let

7w denote the law of the sample X of the algorithm when run on the target
N(0,%). By running the sampling algorithm m times, we can obtain i.i.d.

samples X1,..., Xy "~ @y Then, for fr = m™1 S X2,
P{|tr —tr&| > %trE} <PE)+P{|tr—tr3| > %trE, £}
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+E[P{|tr, —tr%| > ltrZ]]VV}ﬂg}%—E[HA®m N(©0,8)"|lrv 1e]
+ ot
g cm .

If we choose ¢ < §/(3m), then fr is an estimator of tr(WW~') with multiplicative
error at most 2 which succeeds with probability at least 1 — §. Note that both
¢ and m depend only on 4.

Case 2: Wasserstein distance. Consider a coupling of X and Z such
that, conditionally on W, we have E[|| X — Z||? | W] = E[W$ (7w, N (0,%)) | W].
Let (X1, 71), ..., (X, Zm) be ii.d. copies of this coupling. Also, let £ denote
the event that Ay, (W) > ed?, where ¢ is a constant depending only on 6,
chosen so that P(£¢) < §/3 using Proposition 20. Then, conditionally on W
in the event £NE&’,

Efltr — tr 3| | W] <E[ltr — tr,| | W] + E[[tr, — tr 3| | W]
2tr X
vm

where we used Lemma 37. Using ||z||*> — ||y||* = (z — y,z + y), for any A > 0,

<E[ltr —tr.| | W] +

E[ffr — o | W] <E[[|IX[ = |Z]*| | W]
<E[IX - Z* | W] +2E[|(X - Z,2)| | W]
1
< (L NE[IX — 2 | W] + L B[] | W]
3
<end@+ <y Suns T

If we take A = 18/9, m > (36/(5)2, and if ¢ is sufficiently small (depending only
on 0), we obtain

dtry

E[ltr —tr 2| | W] < ;

By Markov’s inequality,

P{|tr —tr3| > §tr2} < P(£°) + P(E°) + E[P{|fr — tr 3| > §tr2 | W} 1ene ]
<0100
- 3 3~

Wl >

We conclude as before. O
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Lower bound for inverse trace estimation

In this section, we prove Theorem 39. The idea is that due to the heavy tails of
Amin(W™1) implied by Proposition 20, with some small probability 4, tr(W 1)
will be very large. An algorithm for inverse trace estimation which succeeds
with probability at least 1 — ¢ must be able to detect this event, and we show
that this requires making Q(d) queries.

The key technical tools are the following propositions, due to [Bra+20].

Proposition 18 ([Bra+20, Lemma 3.4]). Let W ~ Wishart(d). Then, for

any sequence of n < d (possibly adaptive) queries vq,...,v, and responses
wy = Wuy, ..., w, = Wu,, there exists an orthogonal matriz V € R™? and
matrices Yy € R™™ Y, € R4 that only depend on vy, ..., 0, w1, .., Wy,

such that VWVT has the block form

vy, vy
VWVT = —~ .
vy VoY) + W

Here, conditionally on vy, ..., v,, w1, ..., w,, the matrix W has the Wishart(d —
n) distribution.

Proposition 19 ([Bra+20, Lemma 3.5]). For any matrices Y € R™", Y, €
RE=>X1 - and any symmetric matriz W € RE=>xd=n) it holds that

vy  Wyg —
)\min =7 S Amin .
quYJ vy 4 77)) < don )

We are now ready to prove Theorem 39. Note that this result is very similar
to that of [Bra+20], except that we work with the inverse trace rather than
the minimum eigenvalue.

Proof of Theorem 39. Let § > 0 be chosen later. We first argue that tr must
not be too large. Applying Proposition 21, we conclude that there is a universal
constant C” > 0 such that tr(W~!) < C"d? with probability at least 1/2. Hence,

P{tr < CC'd*} > P{tr(W™') < C'd* and tr < C'tr(W 1)}

> P{tr(W™) < C'd*} — P{tr > Ctr(W 1)} > % ~ 4.

Next, suppose for the sake of contradiction that n < d/2. Let .%,, denote the o-
algebra generated by the information available to the algorithm up to iteration
n, that is, the queries vy, ..., v,, the responses wy, ..., w,, and any external
randomness used by the algorithm (which is independent of W). Applying
Propositions 18 and 19,

P{tr < C (W)} > P{tr < CC'd* and \pin(W1) > C*C'd?}
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> P{ir < CC'd* and A\pin(W 1) > C?C" d?}
= E[1{ir < CO'@} PDuin (W) > C2C'd* | Z,}] -

According to Proposition 18, conditionally on .%,, W has the Wishart(d — n)
distribution. By applying Proposition 20,

— — 1
P{uin (WY > C?C'd2 | Z} > POin(W 1) > 4C%C" (d — n)? | £} > .
{Amin(WT) > | Fnt = P{QOmin(W) 2 ( )" | }NO\/5
Therefore,

. . 1 1/2—6

Pltr < C~'tr(WH} > P{tr < CC'd? > ,

{ WM< CO} 205 2 0 UE

which is larger than § provided that § is chosen sufficiently small (depending
only on (). This contradicts the success probability of the algorithm, and
hence we deduce that n > d/2. O

Useful facts about Wishart matrices

We collect together useful facts about Wishart matrices which are used in the
proofs.

Proposition 20 (extreme singular values of a Gaussian matrix). Let W ~
Wishart(d). For any x € [0,1],

P{ Ain(W) < %} = V7.
Also, there is a universal constant C' > 0 such that
P{Amax(W) = C (1 + 1)} < 2exp(—dt).
Proof. See, e.g., [Ede89, Theorem 5.1] and [Verl8, Theorem 4.4.5]. O

Proposition 21 (bound on the inverse trace). Let W ~ Wishart(d). Then, for
any & > 0, with probability at least 1 — &, it holds that tr(W =) < Csd* where
Cs is a constant depending only on 6.

Proof. According to [Sza91, Theorem 1.2], there is a universal constant C' > 0
such that for each j =1,...,d and a > 0,

P{A.l >0 }S(Co‘)j2'



Let @ < 1/C and let E, = {1/)\;(W) > d?/(a*j?) for some j =1,...,d}. By
the union bound,

On the event EY,

d

d? n2d?
(W <> -
f( ) — — 042j2 602 ;
which is the claimed result upon taking « sufficiently small. O

Remark 11. The proof only shows that P{tr(WW~) > nd*} < 1//logn for
n > 1, which is not enough to conclude that Etr(1W 1) is finite. In fact, it
holds that Etr(W ') = oo, which can already be seen from Proposition 20.

11.4 A lower bound via reduction to block
Krylov

In this section, we prove Theorem 37. Our proof procedes in two parts: we first
show a lower bound against the block Krylov method, and then a reduction
showing that an arbitrary adaptive algorithm can be simulated via a block
Krylov method.

Preliminaries

We first record some important facts that we will use later on. The following
is a standard approximation-theoretic result:

Proposition 22 ([SV14, Proposition 2.4, rephrased|). Let T be the degree-K
Chebyshev polynomial, and let 1 = $y > -+ > Bgi1 = —1 be the set of real
values B such that Tx(8) € {—1,1}. Then, for any real degree-K polynomial p

such that |p(B;)| < 1 for all 5;, we have |p(x)| < |Tk(x)| < (x| + Va2 — l)K
for all |xz| > 1.

Let cg > 0 be a constant to be chosen later. The above proposition immediately
implies:

Corollary 14 (approximation error). Suppose that K < cgy/klogd. Then,
there exist k = Ay > - -+ > Ag19 = 1 (that only depend on K and k) such that for
any real degree-K polynomial P, maxi<;<yi2 |/\L — P(\)| > d720=C0/VE) /.
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Proof. Set (i, ..., Bxi2 to be the solutions of Tx 1 € {—1,1}, and for each
1<i< K+2, set )\ = @(@—1—1)—1—1; by construction, Kk = Ay > -+ >
Agi2 = 1. Given any polynomial ) of degree at most K + 1, note that if
|Q(N:)] <1 for all 4, then the polynomial p given by p(z) = Q(%5* (x +1) + 1)
satisfies [p(6;)] < 1 for all i. By Proposition 22, for zg := —(1 + %),

5 K+1 2 T &+
QO = Ip(ao)| < (Jol + /o8 = 1) < (14 = +0())

K

< exp((% + 0(%)) (cov/rlogd + 1)) — J2c0tO0/VR)

Next, for a degree-K polynomial P, consider Q(x) = d*0+O0/vk) (1 —
rP(z)). Note that Q has degree K + 1 and |Q(0)| = d?°+O(/V¥)  which
implies that |Q();)| > 1 for some 4, which in turn shows that |/\% —P(\)| >
d-20-0(/VR) /. O

We also introduce random matrix ensembles that are used in the proof,
together with basic facts and properties.

Interestingly, as in the previous section, Wishart matrices are also useful for
understanding block Krylov algorithms, but for a completely different reason.
This time, we will study inner products between random vectors, which is
also captured by a Wishart matrix. We denote by Wishart(K, N) the law of
the random matrix X X7 € REXK_ where the entries of X € RE*Y are i.i.d.
standard Gaussians. Note that this is a different convention from the previous
section, in which each entry of X was i.i.d. N(0,2).

We also define the Gaussian orthogonal ensemble (GOE) of size K, denoted
GOE(K). This is the law of a random symmetric matrix G € R**% where
each diagonal entry G, ; is distributed as N'(0, 1), and each off-diagonal entry
Gi; = G, is distributed as N(0,1). Also, the entries {G;; : 1 <i < K, j <1}
are independent.

A long line of work (see, e.g., [JL.15; Bub+16; BG18; RR19; BBH21; Mik22])
shows that when N > K3, the Wishart ensemble is well-approximated by a
scaled and shifted GOE, a fact which we shall invoke in the sequel.

Lemma 38 (equivalence of Wishart and GOE). Let W ~ Wishart(K, N) be
drawn from the Wishart distribution, and let Wy be drawn from the distri-
bution of symmetric matrices where the diagonal and above-diagonal entries
are mutually independent, each diagonal entry is drawn as N(N,2N), and

each above-diagonal entry is drawn as N'(0,N). (Equivalently, we can write
Wo= NI+ V2N G, where G ~ GOE(K).) Then,

K3/2
J1aw (W) = law(Wo) v < O( 5773 -
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Finally, we also require the following basic linear algebraic fact:

Proposition 23 (rotating the right singular vectors). Let V,V’ € REXN pe
such that VVT = (V')(V')T. Then, there exists an orthogonal matriz U € RN*N
such that VU =V".

Lower bound against block Krylov algorithms

We start with the following proposition, which will be useful in establishing the
existence of matrices with different inverse traces but which generate similar
power method iterates.

Proposition 24 (polynomial approximation and duality). Suppose that K <
cov/klogd. Then, there exist kK = X\ > Ao > -+ > A2 = 1 and non-negative
real numbers T, ..., Tgyo; T, ..., Ty o, such that:

1. Forall0 < j <K, ZK+2 ')‘g:ZKH 2N

2 ZK+2 o ZK—I—Q 13 d
i=1 -
3 S N = I A 2 20000
Proof. 1f we fix the values of the \; to be the choices in Corollary 14, this
becomes a linear program in the variables {z;}51% {2/}512. By writing x =

(21, ..., T4, @), ..., T, ), our goal is to maximize cTx over x > 0 subject to
Ax = b. In our case, we set

[ A7 ] _ -
: 1 - 1 1 ... 1
ol 1 ... 1 -1 ... —1
c = I/{\le 7 A= |M - Axgz —A1  —Ak4o , b=
- 1 . . .
1 _>‘{< T )‘K+2 _)‘{( e )‘K+2
__/\K+2_

We can consider the dual linear program, and by strong duality this max-
imization is equivalent to minimizing by over y such that ATy > c. By
writing y = (2, Yo, Y1, - - -, YK ), this means we wish to minimize 2dz subject to
24 (Yo +yidi + -+ yrAE) > Loand 2 — (yo + yihi + - FyrAE) > —+
forall 1 <i< K + 2. Equlvalentiy, we wish to minimize 2dz subject to the
existence of a polynomial P of degree at most K (with coefficients yo, ..., yx)
such that z > ]/\% — P(\;)| for all i < K + 2.

The minimum for the dual linear program (and thus the maximum for the
primal linear program), is 2d inf pep, max;<;<xi2 |/\i — P(\;)|, where Py is the
set of polynomials of degree at most K with real coefficients. By Corollary 14,
this quantity is at least 2d'~200-C1/VF) /. O
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We note that a slightly strengthened version of Proposition 24 holds. Let
O0<ep <1,

Corollary 15 (existence of good solutions) Proposition 2 holds, where we
(K+2) and lxlle < 201 , though the
right-hand side of the third condition becomes c,d'~200~01/V¥) /f<;

also ensure that each x; and ', is at least

Proof. First, replace every z; with 1 (z; + %) and z; with £ (2] + z55)-
Then, we have that the replaced x;, 2] are at least 5755y K +37> and the remaining
statements in Proposition 24 hold, except the third which has the right-hand
side replaced with d'=20=C0/VK) /i,

Next, replace every x; with z; = 12#:6@ + 1_261 x}, and every x with
Tl = H% x + 1_2—‘:1 x;. We still have that every Z;, 7} is at least 2(K+2)7 the
first two conditions still hold, and the right-hand side of third condition is
now c;d'~20-O0/V¥) /1. Finally, note that |%; — | < ¢ |#; — 2}|, whereas
T; > 1_201 (x; + ). This implies that 12 _z il < 20 ]

— 1l—c1°

We now have the necessary tools to prove our lower bound against block
Krylov algorithms. Before doing so, we establish that there exist diagonal
matrices D, D’ which have substantially different inverse traces, but block
Krylov algorithms cannot distinguish between them. To prove our actual lower
bound, we show the same claim holds even if D, D" are randomly rotated, and
the inverse trace difference is enough for a single sample to distinguish between
them.

Lemma 39 (construction of diagonal matrices). Suppose that K < cyg/klogd
and K < O(d). Then, there exist diagonal matrices D, D’ € R4 with all
diagonal entries between 1 and k with the following properties.

1. | Te(D™1) — Te(D'Y)| > ¢ydt 20" O0W/VR) /s — 2 (K +2).

2. Consider sampling K d-dimensional random vectors
v U(K) g N(O, 1;). Then, the distributions of {(v®), DI v} o p<ie
and {< ), DOV} i kv pu<rc differ in total variation distance by at
most O(clK?’ K3/dY?).

Proof. Choose {z;}X+2 {23542 and {\;}55? satisfying Corollary 15. Define
integers {N;}X+? such that each Nj is elther || or [z;] and 5P N, = d;
define { N/ }fi“ s1m11arly in terms of {z/}X12. We let D, D’ be diagonal matrices
such that for all 7, D has N; diagonal entries equal \;, and D’ has N/ diagonal
entries equal to \;. Now, let v, ... v) € R? be K random vectors drawn
i.i.d. from N(0,1;) (and define v ... o) similarly). For 1 <i < K + 2,
we define v*9 to be the projection of v¥) onto the dimensions corresponding
to the diagonal entry A; for D. Note that {v(k’i)}igKJFZ k<K are independent,
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and v ~ N(0, Iy,). Likewise, define {v*9"}, e 15 r<x accordingly in terms
of D'.

Note that Tr(D~") — Te(D'~1) = K2 Ny /A — SSEF2 NI/, Since |N; —
x|, | V] — x}] <1, and since each A\; > 1, it implies
¢q dt—2c0=0(1/VK)

tr(D™Y) —tr(D'7Y) > - —2(K +2).

Next, we let W@ represent the K x K matrix with entries kalg = (pkD) ¢t
and define W@ similarly. Note that the matrices W® W@ over all i are
independent. In addition, W has the Wishart(K, N;) distribution, and W@’
has the Wishart(K, N/) distribution. In addition, for any &,/ < K and j < T,
we have that (v®), D7 p(0) = S+ )\fWézz

Now, we attempt to design a coupling between the matrices {WV () fS{Q and

{WOET2 guch that WO — WO = (2; — 2!) I for all i < K + 2, with high
probability. Note that this implies our claim, due to Corollary 15. To design this
coupling, first note that by Lemma 38, if we draw Z) ~ N; I ++/2N; GOE(K),
then ||law (W ®) —law(Z®)||ry < O(K32/N}/?), and a similar statement holds
if we define Z" and compare its law to that of W,

Note that the entries of Z®) and Z(® are independent (apart from the
requirement of symmetry), so we will attempt a coupling between the entries
Z,% and Z,gzz/ For k < ¢, since Z,% ~ N(0, N;) and Z&/ ~ N(0, N}), the total
variation distance between their distributions is bounded up to a constant,
using Corollary 15, by

7

_|_

/ /

(N; — ) |

K
Nixi < O(Cl + —)

N 7! N/ —
\ﬁi—l\ﬁ\x—i—uﬂ N 7

under our assumptions. Therefore, we can couple Z,g and Z,EZ}/ such that they
fail to coincide with this probability. For & = ¢, we have Zﬁ ~ N(N;, 2N;)

and Z,SL/ +x; —f ~ N (N} +xz; — 2}, 2N]). The total variation distance between
their distributions is bounded by a constant times

N} |N] — @+ z; — Nj| K'/?

Therefore, we can couple the two random variables together so that ZIEZL =

Z 183! + x; — ), fails with the above probability.

By a union bound, the coupling 2@ = Z0' 4 (z; — 2) I for all i fails with
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probability at most

K1/2 K5/2
J1/2 )) = O<01K3 + J1/2 ) :

Combining this with comparison between the Wishart and GOE ensembles
and another union bound, we obtain the result. O

—|—K2 (C1+

O(K* (e + )

Finally, we are able to prove our main lower bound against block Krylov
algorithms.

Lemma 40 (lower bound against block Krylov algorithms). Let k, K, D, D’ be
as in Lemma 39. Then, let U be a uniformly random orthogonal matriz in R4,
and let A = UTDU and N' = UTD'U. Let vV, ... o) "k N(0,1,). Then,
for any 6 > 0, provided K < Os(y/rlogd) and k < d*/°~°, the distributions
of {NVvW®} ok kex and {NTWE}ic e i0) 0 ki differ in total variation
distance by at most o(1). On the other hand, drawing a sample either from
N(0,A7Y) or N(0, A1) can, with probability 1 — o(1), distinguish between the
two cases.

Proof. From Lemma 39, there is a coupling such that the tuples {(v®), DI v}, x5 o<k
and {(v®" DT oONY o 1 e<x are equal with high probability. In particular,
it holds that (D' v®) DIiv®)y = (D"v®' DI y® for all 4, j < (K 4 2)/2 and
k < K with high probability By Proposition 23, there is a unitary matrix
Up such that D7 v®" = UyDIv® for all j < (K + 2)/2 and all £ < K with
high probability. Note then that the tuples {UT DU UTv! )}JS (K+2)/2, k<K
and {UTUJ D"UU UTUJ v}« (k49) /2, k<ic are equal with high probability,
and this is a coupling which witnesses the fact that the distributions of
{A]U }]<(K+2 )/2, k<K and {AIJU )} <(K42)/2, k<K are at most O(ClK3+K3/d1/2)
apart in total variation distance.
Finally, we note that from a single sample it is easy to distinguish between
N(0,A71) and N(O A1), This is because if X ~ N (0, A7), then E[|| X|?] =
Tr(A™Y) = Te(D™Y) = 325502 N; /), but one checks that var(]| X[|2) = O(31? N;/A2) <
O(d). Likewise, if X’ ~ N(0,A""1), then we have E[[| X'|?] = S5 N/,
but var(||X’||*) = O(d). So, the difference in their expectations at least
cyd'200=00/V®) /. — 2 (K + 2), whereas the standard deviations are bounded
by O(d'/?).
To finish the proof, we must choose the values of ¢y and ¢;. We require the
following conditions:

1. a1 K3 =0(1).
2. K*/dY? = o(1).

3. dY? = o(c;d!=20—OUNVR) /i — 2 (K +2)).
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For the second condition, we can assume & < d/?/log*(d). To satisfy the
first condition, we can set ¢; = 1/(k%?log*(d)). Finally, if  is sufficiently
large and if ¢y is chosen depending on 4, then the third condition requires
VElogd + d'/? = o(d" 9 /k"/?), and it suffices for x < d*/°7°, O

Remark 12. We did not attempt to optimize the exponent in the condition
r < d/®79. Indeed, by using the chain rule for the KL divergence rather than
a union bound in the proof of Lemma 39, we believe that the total variation
bound can be improved to O(c; K3/2 + K°/2/d'/?), and a back-of-the-envelope
calculation suggests that this could improve the condition to x < d7-9.
Nevertheless, this falls short of capturing the full regime y/xlogd < O(d), and
we leave this as an open question.

Reduction to block Krylov algorithms

In this section, we show that in order to prove a lower bound for sampling
from Gaussians against any query algorithm, it suffices to prove a lower bound
against block Krylov algorithms.

Setup

Let A = UTDU, where D is a (possibly random) diagonal matrix, U is a
Haar-random orthogonal matrix, and U and D are independent. We consider
the following model, which is a strengthening of the matrix-vector product
model:

Definition 18 (extended oracle model). Given K € N, for all k € [K],
the algorithm chooses a mew query point vg, and receives the information
{Av;}ipen,, where Hy == {(i,§) :i+j <k+1,0>0,1<j <k} is a set of
ordered pairs of nonnegative integers. We use the following notation {A'v;}s
for any set S to denote {A"v;} jes-

This is clearly a stronger oracle model than before, so a lower bound
against algorithms in the extended oracle model implies a lower bound against
algorithms in the original matrix-vector model.

Definition 19 (adaptive deterministic algorithm). An adaptive deterministic
algorithm A that makes K extended oracle queries (see Definition 18) is given by
a deterministic collection of functions vi,vs(+),...,vk(+), where vy is constant
and each v(+) is a function of w — 1 inputs. This corresponds to a sequence
of queries where the k-th query vy({A'v;}u,_,) is chosen adaptively based on
the information available to the algorithm at the start of iteration k. (Note that
vy has no inputs.) When the choice of the inputs is clear from context, we may

simply write v, = ve({Av;}m, ).
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In the extended oracle model, the next lemma shows that we can assume
that each v is a unit vector orthogonal to its inputs.

Lemma 41 (extended oracle and orthogonal queries). For k € [2, K], let vy
be as stated in Definition 19 and let {A'v;}y, , be as stated in Definition 18.
Then, vy, is orthogonal to the subspace spanned by the vectors in {Av;}p, ..

Proof. Assume for sake of contradiction that this were not the case. Then,
we can decompose vy = z(i,j)erfl ci jA'vj + ¢tk where v is a unit vector
orthogonal to {A%v;}y,_, and each ¢;; and ¢t is a scalar. At the end of
iteration k, the new information obtained by the algorithm is {A"v; }it k41 j<k-
For all (i,7) # (1,k), the new information does not depend on v;. Also,
Avg =37 hem,_, CigN 1 oj+ct Aoy, where each A™v; is information obtained
by the algorithm at the end of iteration k + 1 regardless (due to our extended
query model). Since (i + 1,7) € Hy if (i,j) € Hy_1, and since (1,k) € Hj,
this expression shows that the algorithm would receive the same amount of
information (or more, if ¢+ = 0) if it queries v;- instead of vj,. Applying this
reasoning inductively proves the claim. O]

We compare to a block Krylov algorithm, which makes i.i.d. standard
Gaussian queries 2, ..., zx and then receives {A’z;} for all 4,7 < K. Recall
that a block Krylov algorithm does not make adaptive queries, so it is easier to
prove lower bounds against block Krylov algorithms. Our goal is to now show
that block Krylov algorithms can simulate an adaptive deterministic algorithm.

Conditioning lemma

We start by proving a general conditioning lemma which will be invoked repeat-
edly in the reduction to block Krylov algorithms. This lemma roughly shows
that if the adaptive algorithm knows {A'v;}y,, the posterior distribution of A
given {A%v;}p, is indeed rotationally symmetric on the orthogonal complement
{Alvj}Hk'

We will use the notation < to denote that two random variables are equal
in probability distribution (possibly conditioned on other information).

Lemma 42 (conditioning lemma, preliminary version). Let U be a Haar-
random orthogonal matriz, and A = UTDU, where D is a (possibly random)
positive diagonal matriz. Suppose that A is an adaptive deterministic algorithm
that generates extended oracle queries vy,...,vg, and after the k-th query
knows Awv; for all (i,5) € Hy. For any integer m > 1, let k be the integer
such that @ < m < w, i.e., m 1s at least the k-th triangular
number but less than the (k + 1)-th triangular number. Consider the order
of vectors vy, Avy, va, A*vy, Ave, v3, A3y, ... (this enumerates A'v; in order of
i+ j, breaking ties with smaller values of j first). Let W,, be the set of first
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m of these vectors and Xy be the set {vq,...,v;}. Let V be a Haar-random
orthogonal matriz fiving W,, and acting on the orthogonal complement W,

Then, (X3, U) < (X3, UV).

Before proving this lemma, we note that since the algorithm is deterministic
and D is fixed, W,, and X, are deterministic functions of A, and thus of U.
Hence, we can write v (U"), W,,(U"), Xx(U’) to be the vy, W, X} that would
have been generated if we started with A’ = (U")TDU’. (If no argument is
given, vg, Wp,, X, are assumed to mean v,(U), W,,(U), X (U), respectively.)
We note the following proposition.

Proposition 25 (fixing the first m queries and responses). Suppose that V' is
any orthogonal matriz fiving W,,(U). Then, W,,(U) = W,,,(UV).

Proof. We prove W, (U) = W,,,(UV) for all m" < m. The base case of k =1
is trivial, since v is fixed. We now prove the induction step for m/'.

If m" < m is a triangular number, m’ = @, then the m/-th vector in W,
is vg. But note that vg(U) is a deterministic function of W,y _1(U), and v, (UV)
is the same deterministic function of W,,,_;(UV). Hence, if the induction
hypothesis holds for m’ — 1, it also holds for m.

If m’ < m is not a triangular number, then the m/-th number in W,,,(U) is
A'v; for some i > 1. Likewise, the m/-th number in W,,,(UV) is VTA'Vv,;(UV).
Since i > 1, we know that v;(U) = v;(UV), by the induction hypothesis on

@ < m/. But, we know that V fixes W,,, which means it fixes v; and A'v;.
Thus, VIA'Vv,;(UV) = VTA'Vv; = Ao, O

We are now ready to prove Lemma 42.

Proof of Lemma 42. We prove this by induction on m. For the base case m = 1,
U is a random matrix and V is a random matrix that fixes v;. Note that v is
chosen independently of A (and thus of U), so U and V' are independent. Even
for any fixed V, the distribution UV is a uniformly random orthogonal matrix,
so overall U £ UV. Also, vy is deterministic, so (v1,U) 2 (v, UV).

For the induction step, we split the proof into 2 cases. The proofs in both
cases will be very similar, but with minor differences.

Case 1: m is a triangular number. This means that the m-th vector

added is vy, where m = @ Let Vi be a random orthogonal matrix fixing

W,,—1 and V5 be a random orthogonal matrix fixing W,,. Our goal is then to
show (X, U) < (X4, UVA).

To make this rigorous, we note an order of generating the random variables.
First, we generate U randomly: W,, and X} are deterministic in terms of U.
Next, we define V; to be a random rotation fixing W,,_;. Finally, we define 1,
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to be a random rotation fixing W,,,, where Vi, V5 are conditionally independent

on U.

First, we prove that (X, U) 4 (X%, UV1). Note that U < UV4 by our induc-
tive hypothesis. In addition, since V; fixes W,,,_1(U), W,,_1(U) = W,,,_1(UV})
by Proposition 25. Since m = @ is a triangular number, Xj(-) is a de-

terministic function of W,,_1(-), which means X;(U) = X,(UV}). Hence,
(X0, U) £ (X4(UV1), UVA) = (X, UVA).

Next, we prove that (X, UV3) 4 (Xk, UV1V3). Tt suffices to prove that

(X, U, Vo) < (X5, UVL, V2) .

To do so, we first show that Vo = f(U, R), where f is a deterministic function
and R represents a random orthogonal matrix over d — dim(W,,) dimensions
that is independent of U. (Recall that W, is a deterministic function of U.)
To define f(U, R), we consider some deterministic map that sends each W,
to a set of d — dim(W,,) basis vectors in W:t. We then define V5 = f(U, R) to
act on W1 using R and the correspondence of basis vectors. Since W, and
X are deterministic in terms of U, this means f(U, R) is well-defined. We will
now show that

Vo= f(U,R) = f(UV},R) and X = X (UV}).
Since U £ U V1 by our inductive hypothesis,
(Xi, U, Vo) £ (Xi(UVD), UV, f(UVA, R)) = (X;,, UV3, Vo).

By Proposition 25, W,,,_1(U) = W,,_1(UV}), and since Xj(+) is deterministic
given Wy,_1(-) for m = k(k;l), X, (U) = X, (UVy). This implies W,,,(U) =

W, (UVy), which means f(UVy, R) = f(U, R), since f(-, R) only depends on
W, (+) and R. This completes the proof.

Next, we show that (X, UViV3) 4 (Xk,UVy). Since we chose the order
with U being defined first, we are allowed to condition on U. Since X} is
deterministic in terms of U, it suffices to show that V;V;, | U 4 Vi | U. Since
W1, Wy, are also deterministic given U, note that V; is a uniformly random
orthogonal matrix fixing W,,_1, and V5 is a random orthogonal matrix fixing
Wi D Wy—1. Since Vi and V5 are conditionally independent given U, this
means ViVs | U is a uniformly random orthogonal matrix fixing W,,_1, so

Ve |UEW|U.

In summary, we have that

(X, U) £ (X4, UVY)
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L (Xp, U Vh)
L (X4, UVa) .

Case 2: m is not a triangular number. Again, let V; be a random
orthogonal matrix fixing W,,_; and V5 be a random orthogonal matrix fixing

W,,. Our goal is again to show that (X, U) 4 (Xk, UV3).
First, we again have (X, UV}) 4 (X&, U) by our inductive hypothesis.
Next, we show that (X, UV3) 4 (Xk, UVLVY). It suffices to prove that

(XkE? U7 ‘/2) g (Xk7 U‘/h ‘/1T‘/2‘/1) )

since (UVy)(V]'VaV1) = UV,Vi. We recall the random variable R and use the

same function Vo = f(U, R). Since we have already shown that U LU Vi,
this implies that (Xj, U, V) < (Xx(UV4),UV4, f(UV4, R)). Since m is not
triangular, X () is contained in W,,_1(-), so by Proposition 25, X;(U) =

X, (UWV1). So, we have

(X, U, Vo) & (Xp(UVL), UV, f(UVA, R)) = (X4, UV4, f(UV1, R)) .

Now, if we fix U and V;, W,,,_1(UV}) = W,,_1(U) by Proposition 25. However,
since the m-th (i, 7) pair has ¢ > 1 when m is not triangular, the final vector in
W, (UV1) will be VTA"Viv; = ViT(A';). For fixed U, Vi, f(U, R) is a random
rotation fixing W,,,_1 and A'v;, but f(UVi, R) is a random rotation fixing W,,_4
and V{"(A"v;). Since V' fixes W,,,_; by how we defined V;, this means that
for fixed U, Vi, f(U, R) is a random rotation fixing W,, but f(UVi, R) is a
random rotation fixing V;'W,,. Therefore, conditioned on U, V;, f(UV;, R) has
the same distribution as V{" f(U, R)V;. Since X is deterministic in terms of U,
this means

d

(X, UVL, f(UVL, R)) | UV = (X, UV, VT (U, R)WA) | UV

We can remove the conditioning to establish that (X, UVi, f(UV;, R)) 2

( Xy, UV, VT f(U, R)V}) = (X, UVL, ViTVo11), which completes the proof.
Next, we show that (X, UV,V]) 4 (Xy, UVy). The proof is essentially the
same as in the case when m is triangular. We again condition on U, and we

have that VoV; | U 4 V1| U have the same distribution as uniform orthogonal
matrices fixing W,,,_1(U). Since X}, is a deterministic function of U, this means

(X, UVLVY) | U 4 (Xk, UV1) | U, and removing the conditioning finishes the
proof.
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In summary,

(Xp, U) & (X5, UWY)
L (X3, UV, V1)
L (X4, UVa). O

We now prove our main conditioning lemma, which will be a modification
of Lemma 42.

Lemma 43 (conditioning lemma). Let all notation be as in Lemma 42, and let

Vo be a fized orthogonal matriz fixing W,,,. Importantly, Vi is a deterministic

function only depending on W, (and not directly on U). Then, (X, U) 2

(Xk, UVo).

Proof. First, note that since V{ is a deterministic function of W,,, it is also a
deterministic function of U. We can write V; () as this function, and V5 = V(U).

Now, Lemma 42 proves that (X, U) 4 (Xk,UV). Note that conditioned on
U, V is a random matrix fixing W,,, and V; is a fixed matrix fixing W,,, which

means that V'V | U 4y | U. Hence, (Xi,UV) < (X, UVVy). But from
Proposition 25, X;(UV) = Xy (U) and W,,,(UV) = W,,(U), which means that
Vo(+), which only depends on W,,(+), satisfies Vo(UV') = Vo(U). Hence, because
U L UV, we have (X5, UVV,) = (Xp(UV),UV - Vo(UV)) £ (Xu(U), U -
Vo(U)) = (X, UVG).

In summary, we have that (X, U) < (X5, UV) £ (X5, UVVy) £ (X5, UVp),
which completes the proof. O]

From query algorithms to block Krylov algorithms

In this section, we carry out the high-level outline from Section 11.2. We aim
to prove the following result, which implies that any adaptive deterministic
algorithm in the extended oracle model can be simulated by rotating the output
of a block Krylov algorithm.

Lemma 44 (reduction to block Krylov). Suppose A = UTDU, where U is a
Haar-random orthogonal matriz and D is a diagonal matriz drawn from some
(possibly unknown) distribution. Let vy, va(+),...,vk(+) be an adaptive deter-
ministic algorithm that makes K queries, where K? < d. Let vi'g, v;'g, e ,v;;g
be recursively defined as follows: V3" = vy, and v}¢ = vk({Aiv;"g}kal) for
k > 2. Let z,...,2x be i.i.d. standard Gaussian vectors. Then, from the
collection {\'z;} . (without knowledge of D or A), we can construct a set of

unit vectors vy, v, ...,Uk, and a set of rotation matrices U;™, Us™, ... UZ™,
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where v and U™ only depend on {A'z;}p,_, and 2, and such that

. . d .
{(UFRTN D e = {0 ¥
where UM .= UM ... U™ and the equivalence in distribution is over the ran-
domness of A and {z;}i<x. Moreover, {\"0;}y,. is deterministically determined

by {AiZj}HK .

Lemma 44 says that the knowledge of A’z; alone is sufficient to reconstruct
the distribution of any adaptive algorithm’s queries and responses. The proof of
the lemma requires introducing a hefty amount of notation, but we emphasize
that it follows along the lines of Section 11.2.

First, we describe how to construct vy. Let v; = ﬁ, and for k > 2, let vy,
be the unit vector parallel to the component of z; that is orthogonal to the
span of {A’z;}y, .. (With probability 1, this is well-defined.)

Because each 7 is a linear combination of {Aizj}kal and 2z, we can
construct the set {A'0;}y, from the set {A"z;} .

We now construct the rotation matrices US™. First, we define matrix-valued

functions Ug(-), for k =1,..., K, as follows.

Definition 20 (rotations fixing previous queries and responses). For 1 < k <
K, the function Uy(-) takes arguments {z; ;}u, ., Yr, 2k, where the vectors yy
and zj, have unit norm and are both orthogonal to the collection {z; ;}u, .

To define Uy (+): since Hy is empty, the first function Uy only takes arguments
Y1, 21, and is such that Uy(y1,21) is a deterministic orthogonal matrixz that
satisfies Uy (yy, z1)Tyys = 21. Note that Uy(-) exists because y; and z; both have
unit norm; for example, we can complete y, and z; to orthonormal bases
(y1,Y2, - -, Ya), (21,22, ..., 2a) and take Uy(y1,21) = Zle yiz].

To define Ug(-): Ux({Zij} oo ys Yk, 26) 1S a deterministic orthogonal matric
that satisfies

Ul i = x; 5, or all (i,7) € Hy_1,

5Ty,]]§ _ Zk,]' f ( ]) k—1 (11‘2)
k

Such a choice of Uy, is always possible, because k* < d, and because y;, and z,

are orthogonal to x; ;; for example, we can start with the identity matriz on the

subspace spanned by {z; ;j}u,_, and add to it a sum of outer products formed by

completing y. and zy to two orthonormal bases of the orthogonal complement.

Next, we describe how to construct Us™. We will define Us™ along with an

auxiliary sequence {vi™ 12 k-1
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Definition 21 (simulated sequences). We let v§™ = vy, and U™ = Uy (0, v{™).
For k > 2, v§™ and U™ are defined recursively as follows:

Ulilm - Uk({( fl?;c 1) )TAiﬁj}Hk 1)

i o . o (11.3)
U U’C({(U )TA Uity s (Ul (k— 1)) Uk, Ug )

Intuitively, one can think of v§™ as the kth vector the simulator thinks
the algorithm is querying, and U™ as a rotation that corresponds v§™ to the
random unit vector known by block Krylov.

Proposition 26 (existence of rotations). Fach U™ is well-defined.

Proof. To show that this choice of U™ is possible, we need to check that
(Uff?}gfl))wk, v$™ both have unit norm and are orthogonal to the subspace

Sy spanned by ( f'?,‘c 1))TAif}j for (i,7) € Hi—1. They both have unit norm
because ), and v{™ are constructed to have unit norm, and inductively we
can assume U. s'"}c 1 is orthogonal. Note that v$™ is orthogonal to Sy by our

assumption on the function v(+), and ( Sf’(’,‘f_l)) Uy is also orthogonal to Sk
because

(US0_1)) TN Dy, (USG 1)) T0n) = (N0, 0g) = 0,

where the second line follows from the definition of ¥y. O

We summarize some additional properties of v§™ and U™ in the following
lemma.

Lemma 45 (properties of the simulated sequences). The variables U™ and
vi™ for k=1,..., K defined above satisfy the following properties:

(P1) vi™ depends only on {A0;}n,_,, and Us™ depends only on {A"0;}itj<k.
(P2) For any k > j, we have

v = Mv
(P3) For k > 2, vi™ satisfies
™ = o ({3 AU 0™ i, )
(P4) Fork > 2, US™ satisfies
UE™ = U ({ (U3 TAUSR ™ b, (VS ™)
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Proof. (P1) is immediate from the definitions, since {(i,j) : i + j < k} =
Hi—1 U{(0,k)}.
To show (P2), note that the second property of the function Uy from (11.2)
implies that
" = (UFYUTG )T = ()T, (11.4)
This proves (P2) for k = j. To prove (P2) for £ > j, we use induction on k.
If (P2) holds for k — 1 > j, then
(U3)T0; = (U™ (Ush—1)) "0 = (Urifh)) 05 = ™. (11.5)
Above, the middle equality holds by the first property of (11.2), since U™
fixes (Uff?,‘c_l))Tf)j because j < k — 1. The final equality holds by our inductive

hypothesis. So, (P2) holds for k.
Finally, (P3) and (P4) then follow from (P2), since k—1 > jif j € Hy—,. O

We highlight the importance of (P2) for k¥ = K, which roughly states that
(Usm)T actually sends each block Krylov-generated vector o; to the simulated
vector ’Us'm

Before proving Lemma 44, we must make one more basic definition.

Definition 22 (queries and data). For k > 2, given the matriz A and a
set {vjt1<j<i—1, define € as the function that satisfies € (A, {v;}1<j<k-1) =
{Av;}u,_,. In addition, define D), = vy o €.

We are now ready to prove Lemma 44. Although the proof is notationally
burdensome, the message is that we can show the equality of distributions
inductively by repeatedly invoking the conditioning lemma (Lemma 43), which
is designed precisely for the present situation.

Proof of Lemma /4. For 1 < k < K, let Ay :== (U™TAUS™. Since we can
write (UsR)TAD; = (Us)TAY(US)vs™ = Agos™ for any k > j by (P2) of
Lemma 45, it suffices to inductively prove that for all1 <k <K,

(A {05 1jzn) = (A, {03 1<jen) - (11.6)

For the base case of k = 1, it suffices to show that (A, v$™) = 4 (A, v2'®). Note,
hOWGVGI‘ that ’USIm ilg = 1, and A1 (UISIm)TA(UISIm) U1(1~]1, Ul)TAUl(@l, Ul).
Since vy is a deterministic vector, 9; is independent of A, and the distribution
of A is rotationally invariant, the claim follows.

For the inductive step, assume we know (A, {v5™ }1<j<k) 2 (A, {v]a-lg}lgjgk).
Then, note that vZfl = vk+1({Ai alg}Hk) and v = w1 ({AL Sim} .). Thus,

we have vk'fl D1 (A, {v t}i<j<k) and kal Djer1 (Mg, {v "h<j<k). In
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addition, because UZT} fixes Ajvs™ for all (i,7) € Hy by (P4), we also have that
Ajv3™ = Agos™ for all (4, j) € Hy, which means vy = D1 (Mg, {05 br<jck)-
Therefore, it suffices to show

(Aprrs {05 hjcn) = (A, {02} gjen) s (11.7)

as this implies (Agy1, {05™ bi<jchin) < (A, {v;'g}1§j§k+1), which completes the
inductive step.

Next, we show that US'" sends 04+1 to a random unit vector orthogonal
sim sim

to the Slmulated queries so far. Note that Ay = (UST)TAL(UST), where,
by (P4), o

Uki”l = UkH({AZ'U;'m}Hm (UTk )TUkHa 'Uk+1) (11.8)
Note that 9441 is a random unit vector orthogonal to {A’z;}y,, or equiva-
lently, it is a random unit vector orthogonal to {A‘D;}y,. Since (UsT)TA'D; =
(USTA (U os™ = Ajos™ for all (i,5) € Hy (by (P2)), this means that
(U™ is orthogonal to {Ajv$™}a,. The random direction of U441 has
no dependence on {A'0;}py, apart from being orthogonal to them, which
means by (P1), (U™)T0,. is a uniformly random unit vector orthogonal to

{AZ Us-im}Hk .
Recalling that vfTy = Djpq1(Ag, {3 }1<j<k), this means that we can rewrite
(11.8) as

URT = Uper ({005 b i, 0™, Dr (A, {03 ™ h<<n)) (11.9)

where 0™ is a random unit vector orthogonal to {AvS™}p,. As a result, if we
define

U, = U ({A0% } i, 078, Dy (A, {03 }1<5<n)) (11.10)
where 9% is a random unit vector orthogonal to {Aiv]a-lg} H,, then

(Ak+1,{U§im}1§jgk) = ((Ule)TAk( ;Tl) {U }ISJSk)
< (URE)TAWURE) A0S hsssn)

Above, the first equality follows by definition, and the second follows from
our inductive hypothesis that (Ay, {vsm}1<]<k) (A, {valg}1<]<k) along with
(11.9) and (11.10).

We are now in a position to apply the conditioning lemma (Lemma 43).
Note that U ,:Ifl only depends on {Aiv;‘lg} m, (as well as some randomness in

9?8, but the randomness is independent of everything else given {Aiv?lg} H,, SO
we can safely condition on it). Hence, we can apply the conditioning lemma
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with U,jlfl, to obtain that

sim d a a a d a
(Aerr, (oS h<sen) = (URE)TAURE) {v3 % hesar) = (A {v3% i)

which establishes (11.7) and thereby concludes the proof. O

With the block Krylov reduction in hand, we can now establish our second
lower bound for sampling from Gaussians.

Theorem 40 (second lower bound for sampling from Gaussians). There is
a universal constant g > 0 such that the query complexity of sampling from
Gaussian distributions N'(0,3) in R, where the condition number r of 2
satisfies k < dY°70, with accuracy € in total variation distance is at least

Qs(v/klogd).

Proof. Let U be a random orthogonal matrix, and let A = UTDU, A' = UTD'U
be as in Lemma 40. We first show that if k < d'/°79 and ¢ is a sufficiently
small constant, no adaptive algorithm that makes less than csv/klogd queries
to the extended oracle can distinguish between A and A’, with Q(1) probability.

First we assume that the algorithm is deterministic, so its behavior is

characterized by functions vy, vs(+), ..., vk(+), as in Lemma 44. The algorithm
then proceeds to make queries v3% v3%, ... v3E, where v2¢ = vk({A"v;Ig}Hk_l).

Lemma 44 shows that the output of the algorithm {Aiv]a-lg}HK can be en-
tirely simulated by a block Krylov algorithm, which receives {A‘z;}, , where
21, ..., 2K are i.i.d. standard Gaussians. Lemma 40 says that a block Krylov
algorithm that makes K = cs1/klogd queries, where c¢s is a small constant
depending on § and x < d"/°7?, cannot distinguish between A and A’ with (1)
advantage, which then implies the same for any deterministic algorithm.

If the algorithm is randomized, then it uses a random seed & that is
independent of A and A’. So conditional on the random seed, the algorithm
will not be able to distinguish A and A’ with (1) advantage, so the overall
probability that the randomized algorithm successfully distinguishes A and A’
also cannot be €2(1).

Finally, we note that a sample from A(0, A~) versus N (0, A’~!) can distin-
guish between the two cases. This means that even if we were able to draw a
sample that was %—far in total variation distance, we could output the correct
answer with probability at least % This implies that any sampling algorithm
must require at least Qs(1/xlogd) queries to the extended oracle, and hence at
least same number of queries to the standard oracle. O
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11.5 Upper bound for sampling from
Gaussians

Finally, we show a simple proof that, using only O(min(y/xlogd,d)) gradient
queries, one can generate an approximate sample from a Gaussian N (0,Y) in
d dimensions. Note that the density evaluated at x, up to an additive constant,
equals —% 2TAzx for A = Y71, which means that a gradient query at  amounts
to receiving the matrix-vector product Awx.

First, we require a well-known proposition from approximation theory.

Proposition 27 ([SV14, Theorem 3.3]). For any positive integer s and 0 < § <
1, there exists a polynomial ps s of degree [\/2s1n(2/9)] such that |ps s(z)—2°| <
d for all x € [-1,1].

As a corollary, we have the following result.

Proposition 28 (polynomial approximation of inverse square root). For any
Kk >2andd < 5, there exists a polynomial g, s of degree O(y/klog %) such that
|Grs(x) — 1/2| < §/\/k for all1 <z < k.

Proof. First, consider the function (1 + z)~*/2 For |z| <1—1 <1, we can
use the Taylor series to write

(1+x)mil*i(%_1)(%_2)(%_3)"'(%_t)xt:1+§:ctxt,

where |¢;| <1 for all ¢ > 1.
Note that for |z] < 1 —1,

CL‘T
Zt>Tctx} < Zt>T’$|t < 1_‘\| For T =
(1— 1//{)

O(xlog %), we can bound this by ! o

5. Therefore, for all such z,

where we have set ¢y == 1.

Next, using Proposition 27, we can replace each a' with p; s(x) where p; 5 is
a polynomial of degree O(1/tlog(t/d)) such that |p;s(z) — zf| < §/(4t?) for all
|z] < 1. (We also let pos simply be the constant function 1.) Therefore,

T P
’ 14+2)" 12— thpté ‘ B th|4t2—
t=0 t=1

In addition, the polynomial p = ZtT:o cipe s has degree at most O (/T log(T'/9)) =

O(Vklog§).
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To finish, |p(z — 1) —271/2| < 2 for all L <2 <1, which means that

< — forall 1 <z <k.

So, there exists a polynomial g, s with g s(x) = p(% — 1) \/LE, such that ¢, s has
degree O(y/klog %) and |q.s(z) — 2% < 6/\/kforall 1 <z < k. O

We are now ready to prove our query complexity upper bound.

Theorem 41 (optimal algorithm for sampling from Gaussians). Let A = X!
be an unknown positive definite matrix with all eigenvalues between 1 and k.
Then, using O(min(y/klog ¢,d)) adaptive matriz-vector queries to A, we can
produce a sample from a distribution 7 such that KL(7 || N(0,X)) < &2,

Proof. Choose X ~ N (0, 1), define R = O(y/klog %) be the degree of g s, and

for simplicity write q(z) == q.s(z) = ZZR:O a;z'. The algorithm works as fol-

lows. Using the power method, we compute X, AX, A%2X, ..., AFX. We output

Y = ZZZO a; A'X. Note that Y ~ N((),ﬁ])’ where we set 3 — (Zio ain)Q,

If X\i,...,\; denote the eigenvalues of A, then the eigenvalues of ¥ are
q(M1),...,q(Ag). The KL divergence is given by

d

KL(0,2) || V(0,2)) £ 3 [a(Ae)? A — 12
k:l

<Yl A2 1P
k=1

d
<N Mela) = AP
k=1

2
< dk o .
K

If we set ¢ < log(g/d), then we obtain a KL divergence of at most &2.

Finally, we can also learn A by querying Ae; for each unit basis vector
€1,...,€q. S0, we can thus learn 3, and then generate a perfect random sample
from A (0,X). Hence, the query complexity of generating a sample from N (0, X)
is at most O(min(y/xklog 24, d)) = O(min(y/klog ¢, d)). O

Remark 13. If 7 is an a-strongly log-concave distribution, then from Pinsker’s
inequality and Talagrand’s transport inequality,

max{||p — 7y, @ W3 (p,m)} < KL(u | 7).
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Hence, this algorithmic result for Gaussians complements the two lower bounds
in Corollary 13.

11.6 Conclusion

We proved lower bounds for Gaussian sampling in high dimensions that com-
bine to give a Q(min(y/klogd,d)) rate, which is nearly tight. There are two
interesting consequences of this result.

First, our lower bound shows that log-concave sampling in high dimensions
indeed will have dimension dependence. This shows a difference between
sampling and convex optimization in high dimensions, where the latter has
dimension independent rates.

Second, we see a similarity between sampling and optimization, in that
the optimal algorithms for low dimensional and high dimensional settings are
qualitatively different. In contrast to the low dimensional setting, where the
sampling lower bounds were achieved by rejection sampling, the nearly tight
upper bound algorithm given in Theorem 41 produces a sample by taking a
linear combination of a standard Gaussian vector, as well as past query points
and past gradient queries. This mechanism is more similar to the gradient based
sampling algorithms, such as the Langevin algorithm or Hamiltonian Monte
Carlo. It will be interesting to see whether such gradient-based algorithms
are optimal for high dimensional log-concave sampling in general, and what
the optimal dimension dependence will be. We hope that this question can be
resolved in future works.
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