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Log-concave sampling has witnessed remarkable algorithmic advances in recent years, but the corresponding problem of
proving lower bounds for this task has remained elusive, with lower bounds previously known only in dimension one. In this
work, we establish the following query lower bounds: (1) sampling from strongly log-concave and log-smooth distributions in
dimension � ≥ 2 requires Ω(log�) queries, which is sharp in any constant dimension, and (2) sampling from Gaussians in

dimension � (hence also from general log-concave and log-smooth distributions in dimension �) requires Ω̃(min(
√
� log�,�))

queries, which is nearly sharp for the class of Gaussians. Here � denotes the condition number of the target distribution. Our
proofs rely upon (1) a multiscale construction inspired by work on the Kakeya conjecture in geometric measure theory, and
(2) a novel reduction that demonstrates that block Krylov algorithms are optimal for this problem, as well as connections to
lower bound techniques based on Wishart matrices developed in the matrix-vector query literature.

CCS Concepts: · Theory of computation → Random walks and Markov chains; Design and analysis of algorithms.

Additional Key Words and Phrases: block Krylov, log-concave sampling, matrix-vector queries

1 Introduction

We study the problem of sampling from a target distribution on R� given query access to its unnormalized density.
This is a fundamental algorithmic primitive arising in diverse ields, such as Bayesian inference, numerical
simulation, and randomized algorithms [Robert and Casella 2004]. Recently, there has been considerable progress
in developing faster algorithms for this problem, particularly in the case where the target distribution is log-
concave. In large part, these results have been achieved by exploiting the rich interplay between optimization and
sampling [Jordan et al. 1998; Wibisono 2018], leading to novel sampling schemes inpsired by classical optimization
methods [Bernton 2018; Chewi et al. 2020; Lee et al. 2021b; Ma et al. 2021; Zhang et al. 2020], as well as new
quantitative convergence guarantees for sampling [Dalalyan 2017; Durmus et al. 2019].
In light of such results, many prior works (e.g., [Chatterji et al. 2022; Cheng et al. 2018; Lee et al. 2021a])

have raised the foundational question of whether the algorithmic upper bounds are tight. However, there is
still a dearth of lower bounds for log-concave sampling. This lies in stark contrast to the analogous setting of
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convex optimization, in which the query complexity has been tightly characterized for a plethora of function
classes [Nemirovskij and Yudin 1983; Nesterov 2018]. Such lower bounds yield important insights into the
limitations of our existing algorithms and provide guidance towards identifying optimal ones.

Given the deep connections between the two ields, it is natural to ask why optimization lower bounds cannot
be converted into sampling lower bounds. One way to do so is to directly reduce from optimization, as was
done in [Gopi et al. 2022]. However, as we are interested in the intrinsic complexity of sampling, we make the
standard assumption that the mode of the target distribution to zero to remove the optimization component of the
sampling task, which rules out this approach. Another avenue is to borrow the techniques used for optimization
lower bounds, but there are several obstructions to doing so. First, most optimization lower bounds hold against
(classes of) deterministic algorithms and proceed by constructing speciic adversarial functions [Bubeck 2015;
Nesterov 2018]. In contrast, lower bounds for randomized algorithms are relatively recent and still not fully
understood [Woodworth and Srebro 2017], 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.
We now describe the problem in more detail. We consider the canonical setting in which target distribution

� on R� is �-strongly log-concave and �-log-smooth, with its mode located at the origin. Namely, we assume
� ∝ exp(−� ), where the potential� : R� → R is twice continuously diferentiable, �-strongly convex, �-smooth,
and ∇� (0) = 0. We let � ≔ �/� denote the condition number of � . We study algorithms in which the sampler is
given query access to � and ∇� , and the goal is to produce a sample whose law is close to � in total variation
distance. The complexity of the algorithm is measured by the number of queries made. Note that this oracle model
captures the majority of sampling algorithms used in practice, including the unadjusted Langevin algorithm,
Hamiltonian Monte Carlo, Metropolized random walks, and hit-and-run.
Despite the intense research activity centered on log-concave sampling, only a handful of works address the

lower bound question, and the majority of them are either algorithm-speciic or pertain to auxiliary problems
such as estimation of the normalizing constant; see Section 1.2 for related work. To the best of our knowledge,
currently the only general log-concave sampling lower bound is that of [Chewi et al. 2022b], which establishes a
sharp query lower bound of order Ω(log log�) in dimension one. However, that work leaves open the question
of obtaining stronger lower bounds in higher dimension, which is the more relevant case for applications. Even
beyond the log-concave setting, we are aware of only one other work that obtains query lower bounds for
sampling: the recent result of [Chewi et al. 2023] is incomparable to the present work, as it considers a diferent
setting, and we discuss it further in Section 1.2. Overall, the lack of sampling lower bounds points to a lack of
tools for addressing this problem and motivates the present work.

1.1 Our contributions

In this paper, we make signiicant progress on this problem by proving new lower bounds for sampling which
reach beyond the one-dimensional setting considered in [Chewi et al. 2022b]. In fact, for some settings of interest,
our lower bounds match existing upper bounds up to constants, and we therefore obtain some of the irst tight
complexity results for sampling from log-concave distributions in dimension � > 1. We obtain lower bounds in
two regimes:

Lower bounds in low dimension. Our irst lower bound gives a tight characterization of the complexity of
log-sampling in any constant dimension � ≥ 2. We show:

Theorem 1.1 (informal, see Theorem 3.1). For any dimension � ≥ 2, any sampler for �-dimensional log-concave

distributions with condition number � requires Ω(log�) queries.
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uery lower bounds for log-concave sampling • 3

Note that this result is exponentially stronger than the Ω(log log�) lower bound in the univariate case [Chewi
et al. 2022b]. Moreover, when the dimension � is held ixed, we obtain a matching � (log�) algorithmic upper
bound, based on folklore ideas from the classical literature on sampling from convex bodies (Theorem A.4).
Together with the result of [Chewi et al. 2022b] for � = 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 believe may be of independent interest. We give a detailed description
of the construction in Section 3.

Lower bounds in high dimension. Our second set of lower bounds applies to the high-dimensional setting
and implies that when the dimension is suiciently large, a polynomial dependence on the condition number � is
unavoidable (in contrast to Theorem 1.1, which only gives a logarithmic dependence on � in low dimension). In
fact, our lower bounds hold for the special case of sampling from Gaussians, for which they are nearly tight. We
irst prove the following theorem.

Theorem 1.2 (informal, see Corollary 4.4). Any sampler for centered �-dimensional Gaussians with condition

number � requires Ω(min(
√
�,�)) queries.

We emphasize the fact that in our setting, the Gaussians are centered. Note that if the Gaussians were allowed to
have varyingmeans, then one can deduce a sampling lower bound by reducing the optimization task of minimizing
a convex quadratic function � ↦→ ⟨(�−�★), Σ−1 (�−�★)⟩ to the task of sampling from the corresponding Gaussian
N(�★, Σ). However, as previously alluded to, this does not address the inherent diiculty of the sampling problem.
The proof of Theorem 1.2 rests upon an elegant technique developed in the literature on the matrix-vector

query model (see Section 1.2) in which the conditioning properties and sharp characterizations of the eigenvalue
distribution of Wishart matrices are used to produce diicult 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 4.1).
As we show in Appendix B, the lower bound is nearly tight over the class of Gaussians, as it is possible to

sample from a Gaussian using � (min(
√
� log�,�)) queries using the block Krylov method. However, note that

the lower bound from Theorem 1.2 does not match the block Krylov upper bound, and the lower bound of
Theorem 1.2 is vacuous when � is constant. In particular, it leaves 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 1.3. (informal, see Theorem 5.22) Let � be suiciently large, and let � ≤ �1/5−� . Then, any sampler for

�-dimensional Gaussians with condition number � requires Ω� (
√
� log�) queries.

In the regime for which Theorem 1.3 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,
Theorem 1.3 implies the irst dimension-dependent lower bounds for general log-concave sampling. We conjecture
that Theorem 1.3 holds for all � for which

√
� log� ≤ � , and we leave this question for future work.

Although Theorem 1.3 may appear to only be a mild improvement over Theorem 1.2, analyzing this regime is
quite delicate, and we believe that the tools based on Wishart matrices employed in the proof of Theorem 1.2 may
be insuicient to reach Theorem 1.3. Instead, we prove Theorem 1.3 by irst establishing sharp lower bounds on
the performance of block Krylov algorithms for the sampling task, and then providing a novel reduction (Lemma
5.16) 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 scientiic computing and
numerical linear algebra, we believe that our reduction may be broadly useful for tackling other problems in this
space.

J. ACM
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We remark that a concise way of summarizing Theorems 1.2 and 1.3 if we do not care about lower order

terms is that sampling from Gaussians requires Ω̃(min(
√
� log�, �)) queries, where we write � = Ω̃(�) to mean

� = Ω(� log−� (1) (�)).

Remark 1.4. Our results do not settle the complexity of zeroth-order methods, such as the ball walk or the
Metropolized random walk, since one expects stronger lower bounds in the zeroth-order setting. In particular, in
the settings of Theorems 1.2 and 1.3, we conjecture that a lower bound of Ω(min(

√
��,�2)) holds.

1.2 Related work

There is a vast literature on from sampling log-concave (and non-log-concave) distributions, and a full survey is
beyond the scope of this paper. For a detailed exposition, see e.g. [Chewi 2024].

Lower bounds for log-concave sampling. As previously mentioned, the only unconditional lower bound
against log-concave sampling is by [Chewi et al. 2022b] for the one-dimensional setting, where the tight bound is
Θ(log log�). Other prior work on sampling lower bounds has fallen largely into one of several categories. One
line of work studies lower bounds against a speciic class of algorithm such as underdamped Langevin [Cao et al.
2021] or MALA [Chewi et al. 2021; Lee et al. 2021a; Wu et al. 2022]. 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 [Ge et al.
2020; Rademacher and Vempala 2008]. The work [Talwar 2019] also investigates the computational complexity of
sampling.

We mention two further lower bounds in diferent settings. The work of [Chatterji et al. 2022] proves a lower
bound against stochastic gradient oracles, and the work of [Gopi et al. 2022] 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(−∑

�∈� �� + � ∥·∥2), where each �� is convex, Lipschitz, and whose domain is the unit ball. In contrast, we
consider deterministic, irst-order oracle access. Moreover, their considerations are somewhat orthogonal to
ours: [Chatterji et al. 2022] focuses more on the role of noise, whereas we consider exact gradient access; and the
lower bound of [Gopi et al. 2022] 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).
Finally, we also mention the recent work [Chewi et al. 2023], which proves query lower bounds for non-log-

concave sampling in a diferent metric (the Fisher information). This work is inspired by the corresponding upper
bounds of [Balasubramanian et al. 2022] and can be viewed as lower bounds against local mixing.

Upper bounds for log-concave sampling. Starting with the seminal papers of [Dalalyan 2017; Dalalyan and
Tsybakov 2012; Durmus and Moulines 2017], there has been a lurry of recent work on proving non-asymptotic
guarantees for log-concave sampling, with iteration complexities that scale polynomially in the condition
number and dimension. This includes analyses for the classical Langevin dynamics [Altschuler and Talwar 2023;
Balasubramanian et al. 2022; Chewi et al. 2022a; Dalalyan and Karagulyan 2019; Durmus et al. 2019; Vempala and
Wibisono 2019; Wibisono 2018], mirror and proximal methods [Ahn and Chewi 2021; Chen et al. 2022; Chen and
Eldan 2022; Chewi et al. 2020; Fan et al. 2023; Gatmiry and Vempala 2022; Jiang 2021; Lee et al. 2021b; Li et al.
2022; Salim and Richtarik 2020; Wibisono 2019; Zhang et al. 2020], the Metropolis-adjusted Langevin algorithm
(MALA) [Altschuler and Chewi 2024; Chen et al. 2020; Chewi et al. 2021; Dwivedi et al. 2018; Lee et al. 2020; Wu
et al. 2022], and many others [Cheng et al. 2018; Dalalyan and Riou-Durand 2020; Ding et al. 2021; Ma et al. 2021;
Shen and Lee 2019].
Our upper bound for sampling from Gaussians (Theorem B.3) is closely related to the use of the conjugate

gradient algorithm for sampling from Gaussians [Nishimura and Suchard 2022]. Also, our � (log�) upper bound
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algorithm is closely related to rounding procedures which have been previously used in the convex body sampling
literature (see, e.g., [Lovász and Vempala 2006]).

Matrix-vector product query model. While matrix-vector queries have been studied in scientiic computing
for decades (e.g., [Bai et al. 1996]), they have only been studied in the theoretical computer science literature
recently, with a fully formalized model described in [Sun et al. 2019]. The most relevant works to ours are
those that study the matrix-vector query complexity of spectral properties, such as estimating top eigenvectors
[Braverman et al. 2020; Simchowitz et al. 2018], trace and matrix norms [Dharangutte andMusco 2021; Hutchinson
1990; Meyer et al. 2021; Rashtchian et al. 2020; Wimmer et al. 2014], the full eigenspectrum [Braverman et al.
2022; Cohen-Steiner et al. 2018], and low-rank approximation [Bakshi et al. 2022; Musco and Musco 2015]. 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., [Woodruf 2014] for a survey).

2 Technical overview

Here we summarize the main technical ideas used to prove our lower bounds. For details, see Section 3 for
Theorem 1.1, Section 4 for Theorem 1.2, and Section 5 for Theorem 1.3.

Notably, the proofs of our three main theorems rely on diferent methods; this is because we can take advantage
of additional tools from the matrix-vector query literature in the Gaussian setting which do not apply to our
construction for Theorem 1.1. It is conceivable that Theorem 1.3 could eventually encompass Theorem 1.2 by
removing the restriction � ≤ �1/5−� , but this would require a more detailed analysis which is beyond the scope of
the current paper.

2.1 Geometric construction in low dimension

Theorem 1.1 is proved with a construction in dimension two. For convenience, in this section we use radial
coordinates to denote points in R2, so � ≔ (�,�) = (�, � ), where � ∈ R+ and � ∈ [0, 2�). We denote sectors
of R2 enclosed by angles �1 and �2 as � (�1, �2) ≔ {(�, � ) ∈ R2 : � ∈ [�1, �2]}, and denote bounded sectors as
�bdd (�1, �2, � ) ≔ {(� ′, � ) ∈ R2 : � ∈ [�1, �2], � ′ ≤ � }.

The argument is information-theoretic in nature. We will construct a family of strongly log-concave and log-
smooth distributions {�1, . . . , ��}, where each �� ∝ exp(−��), which satisies two key properties. First, diferent
distributions �� and ��′ are well separated in total variation distance; and second, if � is chosen uniformly at
random from [�], then querying the potential (�� (�),∇�� (�)) at any� ∈ R2 will reveal� (1) bits of information
about �. The lower bound in Theorem 1.1 follows readily from the existence of such a family, provided that�
and � are polynomially related. On the one hand, because the distributions are well-separated in total variation,
if we can sample well from the distribution �� using queries, we can identify the index � with high probability.
On the other hand, because there are� distributions and every query reveals � (1) bits of information about �,
we need at least Ω(log�) = Ω(log�) queries to identify �, which results in a Ω(log�) query lower bound for
log-concave sampling.
How do we construct such a family? A irst attempt is to consider distributions supported on thin convex

sets that have no overlap. For � = 1
�
, 2
�
, . . . , 1, let �� = uniform(Z�), whereZ� = �bdd ( �2 �,

�
2 (� + 1

2� ), 1), and the
size of the family is� = ⌊�⌋. The potential �� is the convex indicator ofZ� , i.e., it is 0 on Z� and +∞ outside.
Morally, the distributions �� can be thought of as having condition number �.
This family does satisfy the two properties needed for the lower bound: diferent distributions are certainly

well-separated because they have disjoint supports; and when we query any potential �� at a point � ∈ R2, we
always receive one bit of information: whether or not � lies in the support of �� . However, the distributions in
this family are neither strongly log-concave nor log-smooth. It is easy to make them strongly log-concave while
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still satisfying the desired properties: we can adjust the distributions by adding the same quadratic function ∥ · ∥2
2

to all of the potentials �� . But it is much harder to make this family log-smooth.
One way to make this construction log-smooth is to let the potentials �� grow slowly (linearly) to ininity

outside of the their zero sets Z� , which leads to a modiied second attempt: for � = �Ω (1) , � = 1
�
, . . . , 1, let

�� have potential �� = �̃� + ∥ · ∥2
2�� (1) , where Z� = � ( �

2
�, �

2
(� + 1

2�
)), and �̃� (�) = � dist(�,Z�). Note that the

potentials �� are in fact still not smooth at the boundaries of the sets Z� , but this can be ixed by mollifying �� .
The distributions in this family will be well-separated, because an Ω(1) fraction of the mass of �� will lie in Z� ,
and the setsZ� are disjoint for diferent �. Unfortunately, this family no longer reveals � (1) bits per query: for
any � ∈ R2, we can identify � with a single query to (�� (�),∇�� (�)), because either � ∈ Z� , or ∇�� (�) reveals
the direction of Z� , and in both cases the index � itself is identiied.
We can reduce the information revealed by queries by more carefully controlling the growth of �̃� , so that

the further away a point � lies from Z� , the fewer the number of bits will be revealed by (�̃� (�),∇�̃� (�)). This
motivates a third attempt at the construction. For� = 2� = �Ω (1) , � = 1

�
, . . . , 1 − 1

�
, let � = 0.�1 . . . �� be the

binary expansion of �, and let [�]� = 0.�1 . . . �� be the truncation of � up to the �-th bit. For � = 1, . . . , � , let

Zradial
�,�

= � ( �2 [�]� , �2 ( [�]�+2−� )), and let� radial
�,�

(�) = �� (1) 2−� dist(�,Zradial
�,�

). Finally, let� radial
�

=
∥ · ∥2

2�� (1) +�̃ radial
�

,

where

�̃ radial
� = max

�=1,...,�
� radial
�,� .

The potentials� radial
�

will again have to be molliied to be made smooth. It turns out that the potentials �̃ radial
�

will

grow fast enough outside Zradial
�,�

such that the distributions will be well-separated. It also turns out that queries

indeed reveal� (1) bits of information on average. This can be seen as follows: note that the setsZradial
�,�

are sectors

such thatZradial
�,�

⊃ Zradial
�+1,� , and as � increases,Zradial

�,�
becomes thinner around the ray {� = �

2 �}; also note that as
� increases, the growth rate of � radial

�,�
outside its zero setZradial

�,�
is decreasing; these two properties imply that if we

query a point� = (�, � ) that is far from the sectorZradial
�,�

(in the sense that � ∉ [ �2 [�]�−100 ·2−� , �2 [�]� +100 ·2−� ]),
then the value of �̃ radial

�
(�) will not depend on any � radial

�,�
for � > � , and hence querying �̃ radial

�
(�) will only

reveal � up to the �-th bit. As a result, if � is chosen uniformly, then for a ixed query � with high probability we
will have � ∉ Zradial

�,�
for any � = � (1), so the query will only reveal � (1) bits of information about �.

Yet this construction fails because of the molliication step, which we have so far ignored. To make the potentials

�� smooth, we will instead take �� = �� ∗ �̃ radial
�

+ ∥ · ∥2
2�� (1) , where �� is supported on a ball of radius � < 2−2� .

We would hope that the potential �� ∗ �̃ radial
�

still satisies the property that querying a point � = (�, � ) that is
far fromZradial

�,�
only reveals � up to the �-th bit. When � is not too close to the origin (say � > 100 · 2−� ), this is

indeed still true: if � satisies � ∉ [ �2 [�]� − 200 · 2−� , �2 [�]� + 200 · 2−� ], then the entire �-neighbourhood of �

will satisfy � ∉ [ �2 [�]� − 100 · 2−� , �2 [�]� + 100 · 2−� ], so the value of �̃ radial
�

on the �-neighbourhood of � will

not depend on any � radial
�,�

for � > � , hence the value of (�� ∗ �̃ radial
�

) (�) will also not reveal any information of

� beyond the �-th bit. But when � is very close to the origin (� < �), the �-neighbourhood of � will intersect

Zradial
�,�

, which means that the value of (�� ∗ �̃ radial
�

) (�) will depend on � radial
�,�

for all � and hence on all bits of �.

In other words, molliication leaks information around the origin. As a result, if we query points �-close to the
origin, we will again identify � in a single query.

The way to resolve the leakage at the origin is to create a branching structure, such that all �� are equal near
the origin so that no information is leaked at small scales, and such that far away from the origin �� is small
around the ray {� = �

2 �} so that �� still concentrates around diferent sectors. We keep the choices of� and

� from the previous construction. The potentials will be �� = �� ∗ �̃� + ∥ · ∥2
2�� (1) , where �̃� = max�=1,...,� ��,� , and
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��,� (�) = �� (1) 2−� dist(�,Z�,�). The zero setZ�,� , instead of being a radial sector likeZradial
�,�

, is now thickened

adaptively.
We intuitively describe how to generateZ�,� . EachZ�,� will be a thickening ofZradial

�,�
, by simply including

all points within some distance �� of Zradial
�,�

. We deine Z≤�,� :=
⋂
� ′≤� Z� ′,� : note that each Z≤�,� is getting

smaller as � increases, and Z≤�,� is the zero set of �̃� .
Consider some radii �0 < �1 < �2 < . . . . To generateZ1,� , we thickenZradial

1,�
(corresponding to the radial sector

matching on the irst bit), so that it contains �bdd (0, �/2, �0) (corresponding to the quarter-circle near the origin).
This avoids leaking information near the origin, as every � within radius � will be in Z1,� , which means �1,� will
also be 0. Indeed, we can thickenZradial

1,�
just the right amount so that it contains �bdd (0, �/2, �0). For the concrete

example where � = 4, and � = 0.1010, we show a description ofZ1,� in Figure 1a: we shade �bdd (0, �/2, �0) in
dark blue, � radial

1,�
= � (�/4, �/2) in medium blue, and the additional thickening required in light blue.

To generate Z�,� 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 Z�,� by some amount �� just enough to contain
Z�−1,� ∩ �bdd (0, �/2, ��−1). Consider one more example for � = 2 (again for � = 4, and � = 0.1010), in Figure 1b.
Note thatZradial

2,�
is the sector � ( �4 ,

3�
8 ) (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 Z1,� that was within radius �1. However, for larger
radii, Z2,� is much thinner thanZ1,� . In addition, if we know the irst bit �1 = 1, then querying �� anywhere in
{� ≤ �1} will not reveal any information about the second bit �2. This is because either we were inZ1,� which
only depends on �1 (in which case �1,� = �2,� = 0 as we thickened to make sure Z2,� ⊃ �1,� ∩ �bdd (0, �/2, �1)), or
we weren’t, in which case �1,� grows much more quickly than �2,� .

We can also continue this process inductively for � = 3, 4 (Figures 1c and 1d): we showZ≤�,� . 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 Z� ′,� for �

′ ≪ �, so we cannot learn any later bits.
The comparisons of Zradial

�,�
and Z≤�,� for � = 0.1010 and for all � ≤ 4 are shown together in Figure 1. The

picture is not to scale, and the radial arcs represent the radii �� = 2��0, for � = 0, . . . , 4.

(a) � = 1 (b) � = 2 (c) � = 3 (d) � = 4

Fig. 1. Comparison ofZradial
≤�,� (the sector in medium blue) withZ�,� (union of dark, medium, and light blue), for � = 1, 2, 3, 4,

and � = 0.1010. Dark blue represents the larger angular sectors closer to the origin, and light blue represents the additional

fatening from taking sumsets. EachZ�,� is constructed by thickeningZradial
�,�

enough (illustrated by the red arrows) such

that no information about the �-th bit is revealed close to the origin, butZ�,� continues to get thinner at large radii.

The construction of Z≤�,� means that for � > 1, querying ��,� within {� ≤ 2�−1�0} will not reveal the �-th
bit, and so even querying the molliied �� ∗ ��,� within {� ≤ 2�−2�0} will not reveal the �-th bit, which stops
information leaking near the origin.
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Since �̃� = max�=1,...,� ��,� , the zero set of �̃� coincides with Z≤�,� , and for the choice of � = 0.1010, this is

shown in the irst panel of Figure 2. It turns out that each �� will concentrate around the zero set of �̃� , and the
other panels of Figure 2 show these zero sets for seven diferent values of � in the set { 1

16 , . . . ,
15
16 } 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 Z�,� means that querying ��,� , and hence �̃� , near the origin will

not reveal the higher bits of �. For query points � = (�, � ) where � is large, the same analysis on �̃ radial
�

tells us

that �̃� (�) (even after molliication) will reveal � (1) bits of information about � when � is chosen uniformly. As
mentioned earlier, such a family of distributions readily leads to a sampling lower bound of Ω(log�), where� is
the size of the family. Since we can choose� = �Ω (1) , this leads to the Ω(log�) lower bound. Details of the proof
can be found in Section 3.

Fig. 2. Zeros sets of �̃� . The first panel shows the zero set for � = 0.1010. The other panels show the zeros sets for diferent

values of � at diferent 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 �,�′ match in the first ℓ bits, then they will agree up to the

ℓ-th circle, as those circles only depend on Z≤ℓ,� even for ℓ much less than � .

Connections to Kakeya constructions. The construction outlined above is related to Perron’s construction
[Perron 1928] 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 inite ields have been investigated
before in theoretical computer science, e.g., [Dvir 2009; Jukna 2011; Saraf and Sudan 2008], our construction
is inspired by Kakeya sets over continuous domains, namely R2. To our knowledge, this is one of the irst
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 igure is then rescaled in order to have height 1. The
construction after � steps contains 2� triangles of small aperture Ω(2−�), and has area � (�−1). We do a similar
process in the deinition of our setsZ�,� , 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 diferences 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 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.
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2.2 Lower bounds for sampling from Gaussians

We now turn to our lower bounds against sampling fromGaussians. Recall that our goal is to provide a lower bound
on sampling from a Gaussian N(0, Σ), where Λ ≔ Σ

−1 has condition number �. Note that the corresponding
potential is� (�) = 1

2
⟨�,Λ�⟩, and we are allowed zeroth-order and irst-order queries, which means for a query � ,

we receive �⊺Λ� and Λ� . Hence, adaptive queries are equivalent to adaptive matrix-vector product computations
with Λ.

The irst observation we make is that we can reduce the problem of sampling from the Gaussian to estimating
the trace of Σ. This is because if � is a sample from a distribution which is close in total variation distance to
N(0, Σ), then ∥� ∥22 ≈ tr(Σ) with high probability. Therefore, it suices to demonstrate a lower bound for the
following problem: given matrix-vector product computations with Λ, approximately compute tr(Λ−1).

2.2.1 Lower bound via Wishart matrices. For any � , let� ∈ R�×� have the Wishart(�) distribution. That is,
� = �� ⊺ , where � ∈ R�×� has i.i.d. N(0, 1/�) entries. We take� to be the precision matrix, Λ =� . Our irst
lower bound shows that Ω(�) matrix-vector queries with� are necessary to estimate the trace of� −1 even to
constant multiplicative accuracy, with constant success probability (Theorem 4.2). Since the condition number of
� is Θ(�2) with high probability, we obtain one extreme of the claimed lower bound Ω(min(

√
�,�)). The general

lower bound for all � then follows from a padding argument.
This lower bound approach is inspired by [Braverman et al. 2020], which proved a query lower bound for

estimating the minimum eigenvalue of� . Their approach relies on the fact that if we condition on any sequence
of (1 − Ω(1)) � adaptive queries, the posterior distribution of the remaining eigenvalues behaves similarly to
the original distribution of the eigenvalues of� . In addition, while the smallest eigenvalue of� is usually
about 1/�2, its distribution has heavy tails: with probability Θ(

√
�), the smallest eigenvalue of� is below �/�2.

Consequently, even conditioned on �/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� −1 is hard. However, the smallest eigenvalue
of the Wishart matrix is so small that with high probability, tr(� −1) = Θ(�min (� )−1). While most of the time
the trace is � (�2), with probability Θ(

√
�) the posterior distribution of the smallest eigenvalue of� after our

adaptive queries may be �/�2. Hence, we will be unable to determine whether the trace is ≤ � (�2) or ≥ Ω(�2/�)
with high probability.

This lower bound technique is clean and nearly optimal, but as previously mentioned it is vacuous (of constant
order) when � = � (1), whereas we expect the complexity of the problem to increase as � → ∞. To tackle this
setting, we introduce a second approach.

2.2.2 Lower bounds via reduction to block Krylov. Our second technique works in two parts. First, we show that
for a speciic hard distribution over instances, any block Krylov-style algorithm requires Ω(min(

√
� log�, �))

queries to estimate tr(Σ). 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.

Lower bound for block Krylov algorithms. Recall the block Krylov technique: the algorithm chooses � i.i.d.
random vectors �1, . . . , �� ∼ N(0, � ), and computes Λ��� for all � ≤ �, � ≤ � . This can be done using �� adaptive
queries, by querying Λ��� to learn Λ

�+1�� . For our purposes, it suices to consider block Krylov algorithms with
� = � and to prove a lower bound on the smallest number � needed to successfully estimate tr(Σ), for Σ = Λ

−1.
We will construct two diagonal matrices �,� ′ with all eigenvalues between 1 and �, such that tr(�−1)

and tr((� ′)−1) are suiciently diferent. In addition, if Λ,Λ′ are random rotations of �,� ′, respectively, then
{Λ��� } �,�≤� and {(Λ′) ��� } �,�≤� are hard to distinguish for � ≤ �

√
� log� for a small constant � (Lemma 5.8).

Thus, unless � ≥ Ω(
√
� log�), we cannot estimate the trace.
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To explain the intuition behind Lemma 5.8, we irst consider what happens if we only have {Λ��} �≤� for a

single random vector � (i.e., power method). Letting �1, . . . , �� be the eigenvalues of Λ, we have Λ
�� =

∑�
�=1 �

�
� ���� ,

where �� is the �-th eigenvector of Λ and � =
∑�
�=1 ���� . Intuitively, the only information we obtain from these

vectors are their pairwise inner products, since we could have randomly rotatedΛ. Therefore, the only information

we have is ⟨Λ��,Λ� ′�⟩ =
∑�
�=1 �

�+� ′
� �2� , which is the set {∑�

�=1 �
�
� �

2
� } �≤2� . Since � is random, we may think of

all of the �2� as 1 for simplicity, and so we know {∑�
�=1 �

�
� } �≤2� . Our goal is to use this information to learn

tr(Λ−1) = ∑�
�=1 �

−1
� .

We connect this to the problem of estimating 1/� as a linear combination of 1, �, �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 � distinct eigenvalues �1, . . . , �� , with each �� having some multiplicity

�� . Since we want to show that estimating tr(Λ−1) is hard, this amounts to showing that knowing
∑�
�=1 ���

�
�

for 0 ≤ � ≤ � is insuicient to learn
∑�
�=1 ��/�� . We express this as a linear program (if we relax the �� to be

reals), the dual of which precisely captures whether 1/� can be approximated well by a degree-� polynomial at
�1, . . . , �� (Proposition 5.5). If we choose the �� to be the local extrema of a degree-� Chebyshev polynomial,
shifted so that �1 = 1 and �� = � , then it is known that one cannot estimate 1/� up to error �−Ω (1) at these points
(which is needed for trace estimation), unless � ≥ Ω(

√
� log�). At a high level, this is the reason why we need

Ω(
√
� log�) iterations of power method.

For general block Krylov algorithms, the algorithm obtains ⟨�ℓ ,Λ� ��⟩, for 0 ≤ � ≤ � and 1 ≤ �, ℓ ≤ � . Now,
the information that the algorithm sees is captured by the matrices {⟨�ℓ ,Λ� ��⟩}�,ℓ≤� , for � = 1, . . . , � . Here, we
show that provided � is suiciently small compared to � , we can ind choices of multiplicities �1, . . . , �� and
� ′
1, . . . , �

′
� , such that the corresponding matrices �, � ′ have signiicantly diferent traces (i.e.,

∑�
�=1 (�� − � ′

� )/��
is large) but the information from queries is not enough to distinguish between Λ and Λ′, which we establish via
a coupling argument.

Reduction to block Krylov algorithms. The argument outlined above shows block Krylov algorithms with
� = � (

√
� log�) cannot distinguish between two families of randomly rotated matrices with diference traces (Λ

coming from � and Λ
′ coming from � ′), 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 � 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 suices to consider adaptive deterministic
algorithms, i.e., each query �� is a deterministic function of the previous queries and oracle outputs. The diiculty
of proving such a lower bound against such an algorithm is the adaptivity of the queries, which makes it diicult
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 � and received
the information Λ� , then it may useful to query Λ� in order to receive the information Λ

2� , instead of querying a
completely random new direction. Indeed, computing powers �,Λ�,Λ2�, . . . 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 �1, . . . , �� , then at iteration � it receives all of the information (Λ�� � )�+�≤� for free. Now, there
is provably no beneit to querying vectors which lie in the span of the previous queries and oracle outputs.
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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 �1, �2, . . . , �� , in the following sense. In the stronger oracle model, at

iteration � , the adaptive algorithm has made queries (�alg1 , . . . , �
alg

�
) and received information (Λ��alg� )�+�≤� and it

picks a new vector ��+1 which lies orthogonal to its received information. Suppose that using only the Gaussian
queries �1, �2, . . . , �� , we have simulated queries �sim1 , �sim2 , . . . , �sim

�
which are equivalent to the execution of the

adaptive algorithm in the sense that the law of the information (Λ��sim� )�+�≤� is precisely the same as the law of

the algorithm’s information (Λ��alg� )�+�≤� . Since the algorithm is deterministic, �
alg

�
is a function �� ((Λ��alg� )�+�<� )

of algorithm’s accumulated information. Thus, in order to simulate the adaptive algorithm for one more step, it
is natural to consider taking �sim

�
≔ �� ((Λ��sim� )�+�<� ). However, we will be unable to compute Λ��sim

�
for any

� ≥ 1, because the simulation must be based on the Gaussian queries �1, �2, . . . , �� , whereas this deinition of �sim
�

requires making queries at �sim1 , �sim2 , . . . , �sim
�−1.

Thus far, we have not invoked the rotational invariance of Λ, which is crucial to the argument. The key is
that although we cannot directly take �� ((Λ��sim� )�+�<� ) to be our next simulated point, we can rotate �̃� into

�� ((Λ��sim� )�+�<� ) via a unitary matrix�� ; moreover, we can arrange that�� ixes all of the previous information

(Λ��sim� )�+�<� , because �� ((Λ��sim� )�+�<� ) lies orthogonal to this information (recall, we can assume that each

deterministic function �� (·) outputs a vector orthogonal to its inputs, due to our choice of oracle model). The
intuition is that due to the rotational invariance of Λ, then conditioned on the data (Λ��sim� )�+�<� , the distribution
of Λ is still rotationally invariant on the orthogonal subspace of the data; hence, �� �̃� = �� ((Λ��sim� )�+�<� ) ought
to have the same law as �̃� , i.e., querying the completely random direction �̃� is just as good as querying according
to what the adaptive algorithm speciies.
Unfortunately there are further diiculties to overcome with this approach. Namely, suppose that we deine

each simulated point �sim
�

to be the output �� �̃� of a rotation matrix applied to �̃� . We would like to take ��
such that �� �̃� = �� ((Λ��sim� )�+�<� ) but this is no longer computable based on (Λ� �̃ � )�+�<� . However, we note
that Λ��sim� = Λ

�� � �̃ � = � � Λ̃
� �̃ � where Λ̃ ≔ �

⊺

� Λ� � . This shows that Λ
��sim� is computed from the query of

�̃ � , not on the original matrix Λ but on the modiied matrix Λ̃, together with the matrix � � . Since we hope

that Λ̃ has the same law as Λ, 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 deine a sequence of matrices
Λ1,Λ2, . . . ,Λ� , where each Λ� is related to the previous Λ�−1 via Λ� = �

⊺

�
Λ�−1�� , and �� is chosen such that

�sim
�

= �� �̃� = �� ((Λ��−1�
sim
� )�+�<� ). Then, we must argue that the simulated sequence �sim1 , �sim2 , . . . , �sim

�
has the

same law as the algorithm’s sequence �
alg
1 , �

alg
2 , . . . , �

alg

�
.

This last step, however, turns out to be delicate. Indeed, although it is obvious that for a ixed orthogonal matrix
� ′, the law of Λ is the same as the law of (� ′)⊺Λ� ′, the rotation matrices �� we choose in the above argument
are dependent on the previous queries and oracle outputs, and are hence dependent on Λ itself. In the presence
of such dependence, it is not obvious why the law of Λ� should be the same as the law of Λ, and to address this
we prove a conditioning lemma in Section 5.3.2. 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 5.3.3.

3 A general sampling lower bound in dimension two

3.1 Overview

Our goal is to show the following theorem:
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Theorem 3.1 (lower bound in dimension two). There is a universal constant �0 > 0 such that the following

holds. The query complexity of sampling from the class of distributions � ∝ exp(−� ) on R2 such that� is 1-strongly
convex, �-smooth, and minimized at 0, with accuracy �0 in total variation distance, is at least Ω(log�).
The strategy to do so will be to construct a inite family S of potentials in the given class which satisies the

following two properties:

• The potentials are hard to identify via queries (in the sense of Deinition 3.6 below), and therefore any
algorithm must query � at Ω(log�) points in order to identify which � ∈ S the algorithm is querying.

• The potentials are well-separated (in the sense of Deinition 3.7 below), which loosely means that they have
mostly non-overlapping support and hence (by Proposition 3.8) a single sample from � ∝ exp(−� ) suices
to identify � ∈ S with constant probability.

Before describing the potentials S in more detail, we note some basic deinitions.

Deinition 3.2. Given two functions � , � : R� → R, the convolution � ∗� is the function deined as (� ∗�) (�) :=∫
R�
� (�)�(� − �)��, for all � ∈ R� .

Deinition 3.3. For � > 0, we deine �� to be the indicator function of the ball �� of radius � around the origin.
By this, we mean �� (�) = 1 if ∥� ∥2 ≤ � , and �� (�) = 0 otherwise.

The family S of potentials will have cardinality �Ω (1) , so that identiication of the potential requires Ω(log�)
bits of information. Actually, by rescaling the potentials, it suices for each potential � to be �−� (1) -convex and
�� (1) -smooth. Our eventual construction also satisies the following properties.

• Each � ∈ S is of the form � = �̃ ∗ �� + ∥·∥2/(2�� (1) ), where �̃ : R2 → R is a convex, non-negative, and
piecewise linear potential, and � will have scale � = �−Θ(1) .

• Each � ∈ S is zero in a small neighbourhood of a ray ℓ emanating from the origin, and grows fast outside
of this ray; hence, the potentials are well-separated.

• Suppose that ℓ , ℓ ′ are the rays corresponding to two potentials � ,� ′ ∈ S. At distances from ℓ and ℓ ′ that
are much larger than the angle ∠(ℓ, ℓ ′), the potentials � , � ′ are exactly equal. This is the property makes
the potentials hard to identify via queries.

Throughout the proof, we assume that � is suiciently large, � ≥ Ω(1).

3.2 Definitions and the information-theoretic argument

Deinition 3.4 (density and normalizing constant). Given a strictly convex function � : R� → R, we denote by
�� the probability distribution with density � −1 exp(−� ) w.r.t. Lebesgue measure, where � ≔

∫
exp(−� ) is the

normalizing constant. In an abuse of notation, we also use �� to refer to the density itself.

Deinition 3.5 (queries and extended oracle). For a ixed potential� , and given a query � ∈ R� , the extended oracle
responds with � (�� (�1)), which consists of the value of � for all points in the ball of radius � centered at � . For
a sequence of (possibly adaptive and randomized) queries �1, . . . , �� and observations � (�� (�1)), . . . ,� (�� (��)),
we denote the information from the �-th query by �� ≔ {�� ,� (�� (�� ))}, and the information from all the queries
by

�1:� ≔ {�1, . . . , ��} .
Note that the extended oracle in Deinition 3.5 provides more information (the set of values of the potential

in some ball around the query point �) to the algorithm than our original irst-order query model, from which
the algorithm only observes (� (�),∇� (�)) at the query � . 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 molliication in the construction of the potentials.
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Deinition 3.6 (hard to identify via queries). A inite set S of potentials in R� is called I-hard to identify with
queries at scale � if the following holds: for � ∼ uniform(S), any sequence of queries �1, . . . , �� to the extended
oracle made by a deterministic adaptive algorithm satisies

� (�1:� ;� ) ≤ I� ,
where � denotes the mutual information.

Deinition 3.7 (well-separated set). A set S of potentials is well-separated if there is a family of measurable sets
(Ω� )� ∈S where the sets Ω� are disjoint, and a universal constant � > 0 such that

�� (Ω� ) ≥ � , for all � ∈ S .

The motivation for this deinition is the following fact:

Proposition 3.8 (one sample identifies well-separated distributions). Let S be a well-separated set of

potentials and conditionally on� ∼ uniform(S), suppose that � is a sample from a probability measure �̂� which is

at most �
2
away from �� in total variation distance. Then,

P{� ∈ Ω� } ≥
�

2
.

Proof. By conditioning on � ,

P{� ∈ Ω� } = EP{� ∈ Ω� | � } = E �̂� (Ω� ) ≥ E
[
�� (Ω� ) − ∥�� − �̂� ∥TV

]
≥ �

2
,

which is what we wanted to show. □

This shows that the minimum-distance estimator

�̂ ≔ argmin
� ∈S

inf
�∈Ω�

∥� − �∥ (1)

succeeds at estimating the randomly drawn � with constant probability. On the other hand, we have Fano’s
inequality from information theory.

Theorem 3.9 (Fano’s ineqality, [Cover and Thomas 2006, Theorem 2.10.1]). Suppose that S is a inite set

and � ∼ uniform(S). Suppose that �̂ is any estimator which is based on some data � . Then,

P{�̂ ≠ � } ≥ 1 − � (� ;� ) + log 2

log |S| .

Fano’s inequality enables us to reduce Theorem 3.1 to the following proposition:

Proposition 3.10 (well-separated set which is hard to identify via qeries). Let � ≥ Ω(1). Then, there
is a set S of potentials such that:

(1) All elements of S are �−� (1) -convex and �� (1) -smooth, and have their minimum at zero.

(2) S has cardinality �Ω (1) .
(3) S is well-separated with � = Ω(1).
(4) S is hard to identify via queries at scale � = �−Θ(1) , and with I = � (1).

Proof of Theorem 3.1. Suppose that there is a sampling algorithm which, given any target distribution
� ∝ exp(−� ) on R2 such that � is 1-strongly convex, �̄-smooth, and minimized at 0, outputs a sample � whose
law is �0 close in total variation distance to � using �(�̄) queries to the extended oracle. Let S be the family in
Proposition 3.10. By choosing �0 = �/2 = Ω(1) and rescaling the potentials accordingly, then Proposition 3.8
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implies that the sampling algorithm can identify � ∼ uniform(S) using �(�̄) queries with constant probability,

where �̄ = �� (1) . Namely, for the estimator �̂ in (1),

P{�̂ = � } ≥ �

2
= Ω(1) . (2)

On the other hand, we can prove a lower bound for the error probability of any estimator �̂ 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 3.9) we have

P{�̂ ≠ � } ≥ 1 −
� (�1:� (�̄ ) ;� ) + log 2

log |S| ≥ 1 − I�(�̄) + log 2

log |S| = 1 − Ω

( �(�̄)
log�

)
, (3)

for all �(�̄) ≤ � |S| = � (log�). If the estimator is instead randomized, it depend on a random seed � that is
independent of � . In this case, the same argument as above conditional on � gives

P{�̂ ≠ � | � } ≥ 1 − Ω

( �(�̄)
log�

)
.

Taking expectation over � , we see that (3) holds also for randomized algorithms. Combined with (2), we see that
�(�̄) ≥ Ω(log�) = Ω(log �̄). □

3.3 Reductions and properties of the construction

Recall from Section 3.1 that each � ∈ S is of the form � = �̃ ∗ �� + ∥·∥2/(2�� (1) ). 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 3.11 below.
By increasing � by a factor of at most two, which will not harm the inal lower bound, we can assume that

� = 2� for some positive integer � . We also set � ≔ �−5. Let �� denote the set of binary strengths of length � .
For each � ∈ �� and ℓ ∈ [� ], we let [�]ℓ ≔ 0.00�1 . . . �ℓ in binary representation, and set [�] ≔ [�]� .

Proposition 3.11 (geometric properties). There are functions �̃� , for � ∈ �� , such that:

(P0) �̃� is convex and �� (1) -smooth on average at scale � = �−5, i.e., �̃� ∗ �� is �� (1) -smooth, and attains its

minimum �� (0) = 0 at zero.
(P1) The zero setZ� ≔ {�̃� = 0} contains the 103�-neighborhood of the set

Z̃� ≔ {(�, ��) ∈ R2 | � ≥ 0, [�] − 2−� ≤ � ≤ [�] + 2−� } , (4)

and is contained in the 1-neighbourhood of Z̃� .

(P2) Moreover, for all �,� ∈ R2,
�̃� (�,�) ≥ �4

(
dist((�,�), Z̃�) − 1

)
+ .

(P3) If �, �′ coincide in the irst ℓ bits then �̃� and �̃�′ coincide in the set

{
(�,�) ∈ R2

�� � <

1

4
2−3� or |� − [�]ℓ � | > 100 · 2−ℓ�

}
.

We check that these properties imply that Proposition 3.10 holds.

Proof of Proposition 3.10. Let S be the collection of potentials�� ≔ �̃� ∗ �� + ∥·∥2/(2�16) for � ∈ �� , where
{�̃� : � ∈ �� } are the functions from Proposition 3.11. We now verify the four properties of Proposition 3.10.

Proof of 1. By (P0), we know that �̃� is convex, which implies that �̃� ∗ �� is also convex. Therefore, �� is

�−16-strongly convex. In addition, by (P0), �̃� ∗ �� is �� (1) -smooth, which means that �� is �
� (1) + �−16 ≤ �� (1) -

smooth.
Proof of 2. By construction, |S| = �.

J. ACM



uery lower bounds for log-concave sampling • 15

Proof of 3. We now show that S is �-separated. For any string �, recall the deinition of Z̃� from (4). Deine
the set

Ω� ≔ {(�, ��) ∈ R2 | � ≥ 2−3� , [�] − 0.4 · 2−� ≤ � ≤ [�] + 0.4 · 2−� } .

It is clear that {Ω� : � ∈ �� } is a family of disjoint sets. By (P1) we know that the zero setZ� of �̃� contains a

103�-neighborhood of Z̃� . Since Ω� ⊂ Z̃� , it follows that �̃� ∗ �� = 0 on Ω� .

Let Ω̃� ≔ {(�,�) ∈ Ω� : ∥(�,�)∥ ≤ �8}. Note that the full set of points (�,�) with ∥(�,�)∥ ≤ �8 has volume
��16, and Ω� is a sector of the plane with arc Θ(2−� ), minus a small set of points (speciically, the points in the

sector with � ≤ 2−3� , which also means � ≤ � (2−3� )). Therefore, the volume of Ω̃� is Θ(�16 · 2−� ) = Θ(�15). In
addition, all points (�,�) ∈ Ω̃ have �� (�,�) = −∥(�,�)∥2/(2�16) ≥ −1/2. Hence,

∫

Ω�

exp(−��) ≥
∫

Ω̃�

exp(−��) ≥ Ω(�15) . (5)

Next, we bound the full integral of exp(−��) across R� by splitting R� into four regions R� = Z̃� ∪ Ψ1,� ∪
Ψ2,� ∪ Ψ3,� , deined as follows:

• Ψ1,� ≔ {(�,�) ∈ R2 \ Z̃� : dist((�,�), Z̃�) ≤ 2, ∥(�,�)∥ ≤ �9}.
• Ψ2,� ≔ {(�,�) ∈ R2 \ (Z̃� ∪ Ψ1,�) : ∥(�,�)∥ ≤ �9}.
• Ψ3,� = R2 \ (Z̃� ∪ Ψ1,� ∪ Ψ2,�).

Note that all points Ψ3,� have norm at least �9. To show that most of the mass of ��� is concentrated on Z̃� ,
we must show that the integrals over Ψ1,� , Ψ2,� , and Ψ3,� are small. In a nutshell, the integral over Ψ1,� is small

because the 2-neighborhood of Z̃� is small (relative to the size of Z̃� itself); the integral over Ψ2,� is small because

�̃� increases rapidly outside Z̃� ; and the integral over Ψ3,� is small because the Gaussian part of �� is small over
this region.
On these four regions, we have the following bounds. First,

∫
R2

exp(−∥·∥2/(2�16)) = 2��16. Therefore, since

the sector Z̃� has arc Θ(2−� ), by rotational symmetry
∫

Z̃�
exp(−��) ≤

∫

Z̃�
exp

(
− ∥·∥2
2�16

)
≤ � (2−� )

∫

R2
exp

(
− ∥·∥2
2�16

)
≤ � (�15) .

Note that Ψ1,� consists of two strips adjacent to Z̃� , where each strip has width 2 and length � (�9), together
with a piece of area � (1) near the origin. Thus, vol(Ψ1,�) ≤ � (�9), yielding

∫

Ψ1,�

exp(−��) ≤ vol(Ψ1,�) ≤ � (�9) .

Next, for (�,�) ∈ R2 such that dist((�,�), Z̃�) ≥ 3/2, by (P2) we have �̃� (�,�) ≥ �4. After molliication at scale

� ≤ 1/2, we conclude that �̃� ∗ �� ≥ �4 on Ψ2,� . In addition, Ψ2,� is contained in the ball of radius �9, so the
volume of Ψ2,� is at most ��18. Therefore,

∫

Ψ2,�

exp(−��) ≤ ��18 exp(−�4) .

Finally, all points in Ψ3,� have ℓ2 norm at least �9, so
∫

Ψ3,�

exp(−��) ≤
∬

∥ (�,�) ∥≥�9
exp

(
− ∥(�,�)∥2

2�16
)
≤ � (�8) exp

(
−Ω(�2)

)
,
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by standard Gaussian tail estimates. Therefore,
∫

R2

exp(−��) ≤ �
(
�15 + �9 + exp

(
−Ω(�4)

)
+ exp

(
−Ω(�2)

) )
≤ � (�15) . (6)

Overall, (5) and (6) together imply that ��� (Ω�) ≥ Ω(1), i.e., S is Ω(1)-well-separated.
Proof of 4. Finally, we show that S is hard to identify via queries at scale � = �−Θ(1) with I = � (1). We

consider � drawn uniformly at random from �� .
First, however, we need to extend (P3) to �� (i.e., taking into account the molliication at scale �). We claim

that if �, �′ coincide in the irst ℓ bits, then �� and ��′ coincide in the set

{
(�,�) ∈ R2

�� � <

1

8
2−3� or |� − [�]ℓ � | > 200 · 2−ℓ�

}
. (7)

In light of (P3), it suices to show that if (�,�) lies in this set and ∥(� ′, �′) − (�,�)∥ ≤ � , then � ′ < 1
4 2

−3� or

|�′ − [�]ℓ � ′ | > 100 · 2−ℓ � ′. In other words, the �-neighborhood of (7) is contained in the set in (P3). In the irst
case, � ′ < 1

4 2
−3� follows if � <

1
8 2

−3� , but since � = �−5 = 2−5� this holds for large �. In the second case,

|�′ − [�]ℓ � ′ | ≥ |� − [�]ℓ � | − � − [�]ℓ � ≥ 200 · 2−ℓ � − 2� .

This is greater than 100 · 2−ℓ � provided that 2� ≤ 100 · 2−ℓ � , but this follows because � = 2−5� and � ≥ 1
8 2

−3�

(as we are in the negation of the irst case). In fact, by replacing � with 2� , the same argument shows that for all
(�,�) lying in the set (7), we have�� (�� (�,�)) = ��′ (�� (�,�)). Note also that (7) shows that it is useless to query
any points (�,�) with � <

1
8 2

−3� , 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 (�,�) ∈ R2, let ℓ be the largest integer
such that |� − [�]ℓ � | ≤ 200 · 2−ℓ � . Then, the oracle outputs �̂ ≔ [�]ℓ+1, i.e., the oracle reveals the irst ℓ + 1
bits of �. To see that this new oracle is indeed stronger, observe that we can simulate the previous oracle using
the revealed bits [�]ℓ+1; namely, pick any bit string �′ which is consistent, in the sense that [�′]ℓ+1 = [�]ℓ+1.
Then, by the choice of ℓ , we have |� − [�]ℓ+1 � | > 200 · 2−(ℓ+1) � , so that �� (�� (�,�)) = ��′ (�� (�,�)), and hence
we can output �� (�� (�,�)) given knowledge of [�]ℓ+1. It therefore suices to bound the mutual information

� (�̂1:� ;�) where �̂1:� denotes the output of the stronger oracle on a sequence of adaptive but deterministic queries
(�1, �1), . . . , (��, ��).
We can then write

� (�̂1:� ;�) =
�︁

�=1

� (�̂� ;� | �̂1:�−1) (8)

=

�︁

�=1

{� (�̂� | �̂1:�−1) − � (�̂� , | �̂1:�−1, �)} (9)

≤
�︁

�=1

� (�̂� | �̂1:�−1) , (10)

where � (· | ·) denotes the conditional entropy. The irst line follows from the chain rule for mutual information,
the second line follows from deinition of mutual information, and third line follows from non-negativity of

conditional entropy. Thus, we are done if we can show that � (�̂� | �̂1:�−1) ≤ � (1), for all � ≤ � |S|.
Conditionally on any particular realization of �̂1:�−1, let ℓ0 denote the number of bits of � revealed thus far and

let [�0]ℓ0 denote the revealed bits. Clearly the bit string � is uniformly distributed on the set �′� of bit strings
�′ with [�′]ℓ0 = [�0]ℓ0 . Also, since we have assumed that the algorithm’s queries are deterministic given the
past history, the next query point (�� , �� ) is deterministic. Then, the conditional probability that ℓ ≥ ℓ0 bits are
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revealed by the next query is

P{200 · 2−ℓ �� < |�� − [�]ℓ �� | ≤ 200 · 2−(ℓ−1) �� | �̂1:�−1}

≤ P
{��
��

− 200 · 2−(ℓ−1) ≤ [�]ℓ ≤
��

��
+ 200 · 2−(ℓ−1) �� �̂1:�−1

}
.

This is the probability that a uniformly chosen element of �′� belongs to an interval of length Θ(2−ℓ ). Since there
are 2�−ℓ0 elements of �′� , and Θ(2�−ℓ ) of them belong to any ixed interval of length Θ(2−ℓ ), we conclude that
the above probability is � (2−(ℓ−ℓ0 ) ).
We then have

� (�̂� | �̂1:�−1) ≤ E
︁

ℓ≥ℓ0
(ℓ − ℓ0)� (2−(ℓ−ℓ0 ) ) ≤ � (1) , (11)

where the expectation is taken over ℓ0 (which depends on the realization of �̂1:�−1). Substituting the above bound
into (10), we conclude that � (�1:� ;�) = � (�), which implies that S is indeed hard to identify via queries. □

3.4 Construction of the distributions

This section contains the proof of Proposition 3.11.
For integers 1 ≤ � ≤ � , let [�]� be the number 0.00�1�2 . . . �� in binary representation, and let [�]� ≔ [�] ≔

[�]� for � ≥ � . Deine

��,� (�,�) ≔
(
|� − [�]� � | − (2−� � + 2−(3�−� ) )

)
+ . (12)

We also write �� ≔ ��,� when � is clear from context. For � ≥ 0, the function �� essentially measures the distance
to the set

{(�, [�]� � + �� ) ∈ R2 : � ≥ 0, |�� | ≤ 2−� � + 2−(3�−� ) } .
Finally, we deine the potential

�̃� (�,�) ≔ 27� max
�=1,...,�

2−��� (�,�) . (13)

Proof of Proposition 3.11. We prove that the construction (13) satisies each of the four properties in turn.

Proof of Property (P0). The convexity of �̃� follows because each �� is convex. To check that �̃� is �� (1) -

smooth on average, using the compositionality of the maximum (i.e., max(�,max(�, �)) = max(�, �, �)) we see
that that �̃� can be written as a maximum of aine functions, each of slope �� (1) ; hence, �̃� is �

� (1) -Lipschitz.
Diferentiating under the integral,

∇(�̃� ∗ �� ) (�,�) =
∬

��

∇�̃� (� + �,� + �) d� d� =
∬

∇�̃� ✶�� (�,�) ,

where the expression makes sense because �̃� is Lipschitz and hence diferentiable almost everywhere by

Rademacher’s theorem, and the absolute continuity of �̃� ensures the validity of the fundamental theorem of
calculus. Then, by Hölder’s inequality,

∥∇(�̃� ∗ �� ) (�,�) − ∇(�̃� ∗ �� ) (� ′, �′)∥ ≤
(
sup ∥∇�̃� ∥

)
∥✶�� (�,�) −✶�� (� ′,�′ ) ∥�1

≤ �� (1) vol
(
�� (�,�) △ �� (� ′, �′)

)
.

By elementary considerations, the volume of the symmetric diference between the balls is bounded by� (�� (1) ∥(�,�)−
(� ′, �′)∥), and therefore ∇(�̃� ∗ �� ) is �� (1) -Lipschitz.
Finally, it is obvious that �̃� ≥ 0 and �̃� = 0 at the origin.
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Proof of Property (P1). We only need to verify that any point (�,�) which is 103�-close to Z̃� satisies

�̃� (�,�) = 0, as the second part of Property (P1) is automatically implied by Property (P2). For such a point (�,�),
there exists (� ′, �′) such that

� ′ ≥ 0 , |� ′ − � | ∧ |�′ − � | ≤ 103� , and |�′ − [�] � ′ | ≤ 2−�� ′ .

This also implies |�′ − [�]� � ′ | ≤ 2−� � ′ for all 1 ≤ � ≤ � , since | [�]� − [�] | ≤ 2−� − 2−� . Therefore, for all
1 ≤ � ≤ � , |� − [�]� � | ≤ 2−� (� + 103�) + 2 · 103� ≤ 2−�� + 2−(3�−� ) , since � = 2−5� . By the deinition (13) of

�̃� and the deinition of �� in (12), it follows that �̃� (�,�) = 0.
Proof of Property (P2). We just need to check that

26��� (�,�) ≥ �4
(
dist((�,�), Z̃�) − 1

)
+ ,

or equivalently, 22��� (�,�) ≥ (dist((�,�), Z̃�) − 1)+. We irst consider the case when � ≥ 0, and we may assume

that (�,�) ∉ Z̃� as otherwise the claim is obvious. If (�,�) has distance Δ to its closest point in Z̃� , then any �′

such that (�,�′) ∈ Z̃� must satisfy |� − �′ | ≥ Δ. Applying this to �′ = [�] � ± 2−� � , we obtain

dist
(
(�,�), Z̃�

)
≤ |� − [�] � + 2−�� | ∧ |� − [�] � − 2−� � | = |� − [�] � | − 2−� � .

In turn, it implies that �� (�,�) ≥ (dist((�,�), Z̃�) − 2−(3�−� ) )+ ≥ (dist((�,�), Z̃�) − 1)+.
If � < 0, then dist((�,�), Z̃�) ≤ ∥(�,�)∥ ≤

√
2 max( |� |, |� |). Then, for � large,

22��� (�,�) = 22�
(
|� − [�] � | − 2−� � − 2−(3�−� ) )

+

= 2�−1/2 (2�+1/2 |� − [�] � | +
√
2 |� | − 2−(2�−� )+1/2)

+

≥ 2�−1/2
(
23/2 max

(
0, |� | − 1

2
|� |

)
+
√
2 |� | − 1

)
+

≥ 2�−1/2 (√2 max( |� |, |� |) − 1
)
+ ≥

(
dist((�,�), Z̃�) − 1

)
+ .

Proof of Property (P3). The last property follows from Proposition 3.12 below, because if �, �′ agree on the

irst ℓ bits, then on the set in the statement of Property (P3),

�̃� = 27� max
�=1,...,�

2−���,� = 27� max
�=1,...,ℓ

2−���,� = 27� max
�=1,...,ℓ

2−���,�′ = 27� max
�=1,...,�

2−���,�′ = �̃�′ .

The second and fourth equalities invoke Proposition 3.12, and the third equality uses the fact that ��,� only
depends on � through [�]� . This completes the proof. □

Proposition 3.12 (potentials agree if bits agree). Let �ℓ (�) be the set

�ℓ (�) ≔
{
(�,�) ∈ R2 : � <

1

4
2−3� or |� − [�]ℓ � | ≥ 100 · 2−ℓ�

}
.

Then, for �,� ∈ �ℓ (�),
max

�=1,...,�
2−��� (�,�) = max

�=1,...,ℓ
2−��� (�,�) .

In turn, Proposition 3.12 follows by induction from:

Proposition 3.13 (induction). If (�,�) ∈ �ℓ (�), and for some � > ℓ we have �� (�,�) > 0, then �� (�,�) ≤
2��−1 (�,�).
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Proof. First, we may assume that � > 0. This is because if � ≤ 0,

��−1 (�,�) ≥ |� − [�]� � | − | [�]�−1 − [�]� | |� | − 2−(�−1) � − 2−(3�−�+1)

≥ |� − [�]� � | + 2−�� − 2−(�−1)� − 2−(3�−�+1)

= |� − [�]� � | − 2−�� − 2−(3�−�+1)

≥ �� (�,�) ,
since we are assuming �� (�,�) > 0.

Now, since � > 0, we start by estimating

��−1 (�,�) ≥ |� − [�]� � | − | [�]�−1 − [�]� | � − 2−(�−1)� − 2−(3�−�+1)

≥ |� − [�]� � | − 3 · 2−�� − 2−(3�−�+1)

= �� (�,�) − 2 · 2−�� + 2−(3�−�+1)

and

�� (�,�) = |� − [�]� � | − (2−�� + 2−(3�−� ) ) .
First, suppose that � ≤ 1

4
2−3� . Then, 2−(3�−�+1) ≥ 2 · 2−�� , so in fact ��−1 (�,�) ≥ �� (�,�). Alternatively, if

� ≥ 1
4
2−3� and |� − [�]ℓ � | ≥ 100 · 2−ℓ� , then

2��−1 (�,�) ≥ 2 |� − [�]ℓ � | − 2 | [�]ℓ − [�]�−1 | � − 4 · 2−�� − 2−(3�−� )

≥ 2 |� − [�]ℓ � | − 6 · 2−ℓ� − 2−(3�−� ) ,

�� (�,�) ≤ |� − [�]ℓ � | + | [�]ℓ − [�]� | � − 2−�� − 2−(3�−� )

≤ |� − [�]ℓ � | + 2−ℓ� − 2−(3�−� ) .

As a result, when |� − [�]ℓ � | ≥ 100 · 2−ℓ� , we see that ��−1 (�,�) ≥ 1
2
�� (�,�). □

4 A lower bound for sampling from Gaussians via Wishart matrices

We deine� ∼ Wishart(�) to mean� = �� ⊺ where each entry of � ∈ R�×� is N(0, 1
�
). We aim to prove the

following two theorems, which together imply a query complexity lower bound for sampling from Gaussians.

Theorem 4.1 (reducing inverse trace estimation to sampling). Let � > 0. There is a universal constant

� > 0 (depending only on �) such that the following hold. Suppose that � ≥ �−1 and there exists a query algorithm
such that, for any Gaussian target distribution � ≔ N(0, Σ) in R� with ��−2 �� ⪯ Σ

−1 ⪯ �−1 �� , outputs a sample

from a distribution �̂ such that either ∥�̂ − � ∥TV ≤ � or
√
��−2�2 (�̂, �) ≤ � , using � queries to � .

Then, given� ∼ Wishart(�), there exists an algorithm which makes at most �−1� matrix-vector queries to�

and outputs an estimator t̂r such that 1
2 tr(� −1) ≤ t̂r ≤ 2 tr(� −1) with probability at least 1 − � .

Theorem 4.2 (lower bound for inverse trace estimation). Let� ∼ Wishart(�) for � ≥ 2. For any � > 0,
there exists � > 0 (depending only on �) such that any algorithm which makes � matrix-vector queries to� and

outputs an estimator t̂r such that �−1 tr(� −1) ≤ t̂r ≤ � tr(� −1) with probability at least 1 − � must use � ≥ Ω(�)
queries.

Remark 4.3. Suppose that we want to sample from a target distribution � which is �-strongly log-concave. It is
straightforward to check that total variation guarantees are invariant under rescaling the target (replacing �
with �#� , where � : R� → R� is the scaling map �� ≔ �� for some � > 0), whereas Wasserstein guarantees are
not. Instead, the scale-invariant quantity is

√
��2, which is what appears in Theorem 4.1.
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Consider the class of centered Gaussian distributions on R� which are �-strongly log-concave and �-log-
smooth; let � ≔ �/� denote the condition number. Let �G,d (�,�, �) denote the query complexity of outputting a
sample which is �-close in the metric d to a target distribution in this class, where d is one of the scale-invariant
distances d ∈ {TV,

√
��2}. Then, Theorems 4.1 and 4.2 (with � = 2 and � , � being universal constants) show

that for � ≥ �−1,
�G,d (�−2�2, �, �) ≥ Ω(�) . (14)

By embedding the construction into higher dimensions, we obtain the following corollary.

Corollary 4.4 (qery lower bound via Wishart matrices). For d ∈ {TV,
√
��2}, there is a universal

constant � > 0 such that

�G,d (�,�, �) ≥ Ω
(√
� ∧ �

)
.

Proof. If � ≥ �−2�2, then (14) yields

�G,d (�,�, �) ≥ Ω(�) ≥ Ω
(√
� ∧ �

)
.

Otherwise, if � ≤ �−2�2, let �★ be the largest integer such that � ≥ �−2�2
★
. Then, by embedding the �★-dimensional

construction into dimension � ,

�G,d (�,�, �) ≥ �G,d (�,�★, �) ≥ Ω(�★) ≥ Ω
(√
� ∧ �

)
,

which concludes the proof. □

4.1 Reducing inverse trace estimation to sampling

In this section, we prove Theorem 4.1, which is based on the concentration of the squared norm of a Gaussian.
We recall the following identity:

Lemma 4.5 (concentration of the sqared norm). Let � ∼ N(0, Σ). Then,
var(∥� ∥2) = 2 ∥Σ∥2HS ,

where ∥Σ∥�� =

︃∑
�, � Σ

2
�, � is the Hilbert-Schmidt norm (equivalently, the Frobenius norm) of Σ.

Proof. Note that since all quantities are rotationally invariant, we may assume without loss of generality
that Σ is diagonal. Then the equality claimed is just the variance of a non-homogenous chi-squared random
variable. □

We now prove Theorem 4.1.

Proof of Theorem 4.1. Let � ∼ Wishart(�) and let Σ ≔ � −1. By Proposition 4.8, there exists � > 0
(depending only on �) such that with probability at least 1 − �/3, it holds that

��−2 �� ⪯ Σ
−1 ⪯ �−1 �� .

We work on the event E that this holds.

Case 1: total variation distance. From Lemma 4.5 and Chebyshev’s inequality, we deduce that if�1, . . . , ��
i.i.d.∼

N(0, Σ) and t̂r★ ≔ �−1 ∑�
�=1∥�� ∥2,

P
{��t̂r★ − tr Σ

�� ≥ 1

2
tr Σ

}
≤ var t̂r★

(tr Σ)2/4
=

8

�
· tr(Σ

2)
tr(Σ)2 ≤ 8

�
.
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Take� ≥ 48/� so that this probability is at most �/3. Conditionally on� , let �̂� denote the law of the sample �
of the algorithm when run on the targetN(0, Σ). By running the sampling algorithm� times, we can obtain i.i.d.

samples �1, . . . , ��
i.i.d.∼ �̂� . Then, for t̂r ≔ �−1 ∑�

�=1∥�� ∥2,

P
{��t̂r − tr Σ

�� ≥ 1

2
tr Σ

}
≤ P(Ec) + P

{��t̂r − tr Σ
�� ≥ 1

2
tr Σ, E

}

≤ �

3
+ E

[
P
{��t̂r★ − tr Σ

�� ≥ 1

2
tr Σ

���
}
✶E

]
+ E

[
∥�̂⊗�
� − N(0, Σ)⊗� ∥TV ✶E

]

≤ �

3
+ �
3
+ �� .

If we choose � ≤ �/(3�), then t̂r is an estimator of tr(� −1) with multiplicative error at most 2 which succeeds
with probability at least 1 − � . Note that both � and� depend only on � .

Case 2: Wasserstein distance. Consider a coupling of � and � such that, conditionally on� , we have
E[∥� −� ∥2 |� ] = E[� 2

2 (�̂� ,N(0, Σ)) |� ]. Let (�1, �1), . . . , (��, ��) be i.i.d. copies of this coupling. Also, let
E′ denote the event that �min (� −1) ≥ �̄�2, where �̄ is a constant depending only on � , chosen so that P(E′c) ≤ �/3
using Proposition 4.8. Then, conditionally on� in the event E ∩ E′,

E
[
|t̂r − tr Σ|

���
]
≤ E

[
|t̂r − t̂r★ |

���
]
+ E

[
|t̂r★ − tr Σ|

���
]

≤ E
[
|t̂r − t̂r★ |

���
]
+ 2 tr Σ

√
�

,

where we used Lemma 4.5. Using ∥� ∥2 − ∥�∥2 = ⟨� − �, � + �⟩, for any � > 0,

E
[
|t̂r − t̂r★ |

���
]
≤ E

[
| ∥� ∥2 − ∥� ∥2 |

���
]
≤ E

[
∥� − � ∥2

���
]
+ 2E

[
|⟨� − �, � ⟩|

���
]

≤ (1 + �) E
[
∥� − � ∥2

���
]
+ 1

�
E
[
∥� ∥2

���
]

≤ (1 + �) �3�2 + tr Σ

�
≤ (1 + �) �

3

�̄
tr Σ + tr Σ

�
.

If we take � = 18/� ,� ≥ (36/�)2, and if � is suiciently small (depending only on �), we obtain

E
[
|t̂r − tr Σ|

���
]
≤ � tr Σ

6
.

By Markov’s inequality,

P
{��t̂r − tr Σ

�� ≥ 1

2
tr Σ

}
≤ P(Ec) + P(E′c) + E

[
P
{��t̂r − tr Σ

�� ≥ 1

2
tr Σ

���
}
✶E∩E′

]

≤ �

3
+ �
3
+ �
3
≤ � .

We conclude as before. □

4.2 Lower bound for inverse trace estimation

In this section, we prove Theorem 4.2. The idea is that due to the heavy tails of �min (� −1) implied by Proposi-
tion 4.8, with some small probability � , tr(� −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 Ω(�) queries.

The key technical tools are the following propositions, due to [Braverman et al. 2020].
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Proposition 4.6 ([Braverman et al. 2020, Lemma 3.4]). Let� ∼ Wishart(�). Then, for any sequence of � < �

(possibly adaptive) queries �1, . . . , �� and responses �1 = ��1, . . . ,�� = ��� , there exists an orthogonal matrix

� ∈ R�×� and matrices �1 ∈ R�×�, �2 ∈ R(�−�)×� that only depend on �1, . . . , ��,�1, . . . ,�� , such that ��� ⊺ has

the block form

��� ⊺ =

[
�1�

⊺

1 �1�
⊺

2

�2�
⊺

1 �2�
⊺

2 + �̃

]
.

Here, conditionally on �1, . . . , ��,�1, . . . ,�� , the matrix �̃ has the Wishart(� − �) distribution.

Proposition 4.7 ([Braverman et al. 2020, Lemma 3.5]). For any matrices �1 ∈ R�×� , �2 ∈ R(�−�)×� , and any
symmetric matrix �̃ ∈ R(�−�)×(�−�) , it holds that

�min

( [�1� ⊺1 �1�
⊺

2

�2�
⊺

1 �2�
⊺

2 + �̃

] )
≤ �min (�̃ ) .

We are now ready to prove Theorem 4.2. Note that this result is very similar to that of [Braverman et al. 2020],
except that we work with the inverse trace rather than the minimum eigenvalue.

Proof of Theorem 4.2. Let � > 0 be chosen later. We irst argue that t̂r must not be too large. Applying
Proposition 4.9, we conclude that there is a universal constant �′

> 0 such that tr(� −1) ≤ �′�2 with probability
at least 1/2. Hence,

P
{
t̂r ≤ ��′�2

}
≥ P

{
tr(� −1) ≤ �′�2 and t̂r ≤ � tr(� −1)

}

≥ P{tr(� −1) ≤ �′�2} − P{t̂r > � tr(� −1)} ≥ 1

2
− � .

Next, suppose for the sake of contradiction that� ≤ �/2. Letℱ� denote the �-algebra generated by the information
available to the algorithm up to iteration�, that is, the queries �1, . . . , �� , the responses�1, . . . ,�� , and any external
randomness used by the algorithm (which is independent of� ). Applying Propositions 4.6 and 4.7,

P
{
t̂r < �−1 tr(� −1)

}
≥ P

{
t̂r ≤ ��′�2 and �min (� −1) > �2�′�2

}

≥ P
{
t̂r ≤ ��′�2 and �min (�̃ −1) > �2�′ �2

}

= E
[
✶{t̂r ≤ ��′�2} P{�min (�̃ −1) ≥ �2�′�2 | ℱ�}

]
.

According to Proposition 4.6, conditionally onℱ� , �̃ has theWishart(� − �) distribution. By applying Proposi-
tion 4.8,

P{�min (�̃ −1) ≥ �2�′�2 | ℱ�} ≥ P{�min (�̃ −1) ≥ 4�2�′ (� − �)2 | ℱ�} ≳
1

�
√
�′

.

Therefore,

P
{
t̂r < �−1 tr(� −1)

}
≳ P

{
t̂r ≤ ��′�2

} 1

�
√
�′

≥ 1/2 − �
�
√
�′

,

which is larger than � provided that � is chosen suiciently small (depending only on �). This contradicts the
success probability of the algorithm, and hence we deduce that � ≥ �/2. □
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4.3 Useful facts about Wishart matrices

We collect together useful facts about Wishart matrices which are used in the proofs.

Proposition 4.8 (extreme singular values of a Gaussian matrix). Let� ∼ Wishart(�). For any � ∈ [0, 1],

P
{
�min (� ) ≤ �

�2

}
≍
√
� .

Also, there is a universal constant � > 0 such that

P{�max (� ) ≥ � (1 + �)} ≤ 2 exp(−��) .
Proof. See, e.g., [Edelman 1989, Theorem 5.1] and [Vershynin 2018, Theorem 4.4.5]. □

Proposition 4.9 (bound on the inverse trace). Let� ∼ Wishart(�). Then, for any � > 0, with probability

at least 1 − � , it holds that tr(� −1) ≤ ���2 where �� is a constant depending only on � .

Proof. According to [Szarek 1991, Theorem 1.2], there is a universal constant � > 0 such that for each
� = 1, . . . , � and � ≥ 0,

P

{ 1

� � (� ) ≥ �2

�2 �2

}
≤ (��) �2 .

Let � < 1/� and let �� ≔ {1/� � (� ) ≥ �2/(�2 �2) for some � = 1, . . . , �}. By the union bound,

P(�� ) ≤
�︁

�=1

(��) �2 ≲ 1︁
log(1/(��))

.

On the event �c� ,

tr(� −1) ≤
�︁

�=1

�2

�2 �2
=

π
2�2

6�2
,

which is the claimed result upon taking � suiciently small. □

Remark 4.10. The proof only shows that P{tr(� −1) ≥ ��2} ≲ 1/
︁
log� for � ≫ 1, which is not enough

to conclude that E tr(� −1) is inite. In fact, it holds that E tr(� −1) = ∞, which can already be seen from
Proposition 4.8.

5 A lower bound for sampling from Gaussians via reduction to block Krylov

In this section, we prove Theorem 1.3. Our proof procedes in two parts: we irst 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.

5.1 Preliminaries

We irst record some important facts that we will use later on. The following is a standard approximation-theoretic
result:

Proposition 5.1 ([Sachdeva and Vishnoi 2014, Proposition 2.4, rephrased]). Let �� be the degree-�

Chebyshev polynomial, and let 1 = �1 > · · · > ��+1 = −1 be the set of real values � such that�� (�) ∈ {−1, 1}. Then,
for any real degree-� polynomial � such that |� (�� ) | ≤ 1 for all �� , we have |� (�) | ≤ |�� (�) | ≤ (|� | +

√
�2 − 1)�

for all |� | > 1.

Let �0 > 0 be a constant to be chosen later. The above proposition immediately implies:
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Corollary 5.2 (approximation error). Suppose that � ≤ �0
√
� log� . Then, there exist � = �1 > · · · >

��+2 = 1 (that only depend on � and �) such that for any real degree-� polynomial � , max1≤�≤�+2 | 1�� − � (�� ) | ≥
�−2�0−� (1/

√
� )/�.

Proof. Set �1, . . . , ��+2 to be the solutions of��+1 ∈ {−1, 1}, and for each 1 ≤ � ≤ �+2, set �� ≔ (�−1)
2 (��+1)+1;

by construction, � = �1 > · · · > ��+2 = 1. Given any polynomial� of degree at most � +1, note that if |� (�� ) | ≤ 1
for all � , then the polynomial � given by � (�) ≔ � ( �−12 (� +1) +1) satisies |� (�� ) | ≤ 1 for all � . By Proposition 5.1,

for �0 ≔ −(1 + 2
�−1 ),

|� (0) | = |� (�0) | ≤
(
|�0 | +

︃
�20 − 1

)�+1 ≤
(
1 + 2

√
�
+�

( 1
�

) )�+1

< exp
( ( 2
√
�
+�

( 1
�

) ) (
�0
√
� log� + 1

) )
= �2�0+� (1/

√
� ) .

Next, for a degree-� polynomial � , consider � (�) ≔ �2�0+� (1/
√
� ) (1 − �� (�)). Note that � has degree � + 1

and |� (0) | = �2�0+� (1/
√
� ) , which implies that |� (�� ) | > 1 for some � , which in turn shows that | 1

��
− � (�� ) | ≥

�−2�0−� (1/
√
� )/�. □

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 diferent reason. This time, we will study inner products between random
vectors, which is also captured by a Wishart matrix. We denote by Wishart(�, � ) the law of the random matrix
�� ⊺ ∈ R�×� , where the entries of� ∈ R�×� are i.i.d. standard Gaussians. Note that this is a diferent convention
from the previous section, in which each entry of � was i.i.d. N(0, 1

�
).

We also deine the Gaussian orthogonal ensemble (GOE) of size� , denotedGOE(�). This is the law of a random
symmetric matrix� ∈ R�×� where each diagonal entry��,� is distributed asN(0, 1), and each of-diagonal entry
��, � = � �,� is distributed as N(0, 12 ). Also, the entries {��, � : 1 ≤ � ≤ �, � ≤ �} are independent.

A long line of work (see, e.g., [Brennan et al. 2021; Bubeck et al. 2016; Bubeck and Ganguly 2018; Jiang
and Li 2015; Mikulincer 2022; Rácz and Richey 2019]) shows that when � ≫ �3, the Wishart ensemble is
well-approximated by a scaled and shifted GOE, a fact which we shall invoke in the sequel.

Lemma 5.3 (eqivalence of Wishart and GOE). Let� ∼ Wishart(�, � ) be drawn from the Wishart distribu-

tion, and let�0 be drawn from the distribution of symmetric matrices where the diagonal and above-diagonal entries

are mutually independent, each diagonal entry is drawn as N(�, 2� ), and each above-diagonal entry is drawn as

N(0, � ). (Equivalently, we can write�0 = �� +
√
2� � , where � ∼ GOE(�).) Then,

∥law(� ) − law(�0)∥TV ≤ �
(�3/2

� 1/2

)
.

Finally, we also require the following basic linear algebraic fact:

Proposition 5.4 (rotating the right singular vectors). Let � ,� ′ ∈ R�×� be such that �� ⊺ = (� ′) (� ′)⊺ .
Then, there exists an orthogonal matrix� ∈ R�×� such that �� = � ′.

5.2 Lower bound against block Krylov algorithms

We start with the following proposition, which will be useful in establishing the existence of matrices with
diferent inverse traces but which generate similar power method iterates.

Proposition 5.5 (polynomial approximation and duality). Suppose that � ≤ �0
√
� log� . Then, there exist

� = �1 > �2 > · · · > ��+2 = 1 and non-negative real numbers �1, . . . , ��+2;� ′1, . . . , �
′
�+2, such that:

J. ACM



uery lower bounds for log-concave sampling • 25

(1) For all 0 ≤ � ≤ � ,
∑�+2
�=1 ���

�
� =

∑�+2
�=1 �

′
��
�
� .

(2)
∑�+2
�=1 �� =

∑�+2
�=1 �

′
� = � .

(3)
∑�+2
�=1 ��/�� −

∑�+2
�=1 �

′
� /�� ≥ 2�1−2�0−� (1/

√
� )/�.

Proof. If we ix the values of the �� to be the choices in Corollary 5.2, this becomes a linear program in the
variables {�� }�+2�=1 , {� ′� }�+2�=1 . By writing x = (�1, . . . , ��+2, � ′1, . . . , � ′�+2), our goal is to maximize c⊺x over x ≥ 0

subject to �x = b. In our case, we set

c ≔



�−11
...

�−1
�+2

−�−11
...

−�−1
�+2



, � ≔



1 · · · 1 1 · · · 1

1 · · · 1 −1 · · · −1
�1 · · · ��+2 −�1 · · · −��+2
...

. . .
...

...
. . .

...

��1 · · · ��
�+2 −��1 · · · −��

�+2



, b =



2�

0
...

0



.

We can consider the dual linear program, and by strong duality this maximization is equivalent to minimizing
b⊺y over y such that �⊺y ≥ c. By writing y = (�,�0, �1, . . . , �� ), this means we wish to minimize 2�� subject to
� + (�0 + �1�� + · · · + ����� ) ≥ 1

��
and � − (�0 + �1�� + · · · + ����� ) ≥ − 1

��
for all 1 ≤ � ≤ � + 2. Equivalently, we

wish to minimize 2�� subject to the existence of a polynomial � of degree at most � (with coeicients �0, . . . , �� )
such that � ≥ | 1

��
− � (�� ) | for all � ≤ � + 2.

The minimum for the dual linear program (and thus the maximum for the primal linear program), is
2� inf�∈P� max1≤�≤�+2 | 1�� − � (�� ) |, where P� is the set of polynomials of degree at most � with real coeicients.

By Corollary 5.2, this quantity is at least 2�1−2�0−� (1/
√
� )/�. □

We note that a slightly strengthened version of Proposition 5.5 holds. Let 0 < �1 < 1.

Corollary 5.6 (existence of good solutions). Proposition 5.5 holds, where we also ensure that each �� and �
′
�

is at least �
2 (�+2) and

|��−� ′� |
��

≤ 2�1
1−�1 , though the right-hand side of the third condition becomes �1�

1−2�0−� (1/
√
� )/�.

Proof. First, replace every �� with
1
2 (�� +

�
�+2 ) and � ′� with

1
2 (� ′� +

�
�+2 ). Then, we have that the replaced

�� , �
′
� are at least

�
2 (�+2) , and the remaining statements in Proposition 5.5 hold, except the third which has the

right-hand side replaced with �1−2�0−� (1/
√
� )/�.

Next, replace every �� with �̃� ≔
1+�1
2 �� + 1−�1

2 � ′� , and every � ′� with �̃
′
� ≔

1+�1
2 � ′� +

1−�1
2 �� . We still have that

every �̃� , �̃
′
� is at least

�
2 (�+2) , the irst two conditions still hold, and the right-hand side of third condition is

now �1�
1−2�0−� (1/

√
� )/�. Finally, note that |�̃� − �̃ ′� | ≤ �1 |�� − � ′� |, whereas �̃� ≥

1−�1
2 (�� + � ′� ). This implies that

|�̃�−�̃ ′� |
�̃�

≤ 2�1
1−�1 . □

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 �, � ′ which have substantially diferent inverse traces, but
block Krylov algorithms cannot distinguish between them. To prove our actual lower bound, we show the same
claim holds even if �, � ′ are randomly rotated, and the inverse trace diference is enough for a single sample to
distinguish between them.

Lemma 5.7 (construction of diagonal matrices). Suppose that � ≤ �0
√
� log� and � ≤ � (�). Then, there

exist diagonal matrices �,� ′ ∈ R�×� with all diagonal entries between 1 and � with the following properties.

(1) | tr(�−1) − tr(� ′−1) | ≥ �1�1−2�0−� (1/
√
� )/� − 2 (� + 2).
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(2) Consider sampling � �-dimensional random vectors � (1) , . . . , � (� ) � .� .�.∼ N(0, �� ). Then, the distributions of
{⟨� (� ) , � � � (ℓ )⟩} �≤�+2; �,ℓ≤� and {⟨� (� ) , � ′� � (ℓ )⟩} �≤�+2;�,ℓ≤� difer in total variation distance by at most

� (�1�3 + �3/�1/2).

Proof. Choose {�� }�+2�=1 , {� ′� }�+2�=1 , and {�� }�=2�=1 satisfying Corollary 5.6. Deine integers {�� }�+2�=1 such that each

�� is either ⌊��⌋ or ⌈��⌉ and
∑�+2
�=1 �� = � ; deine {� ′

� }�+2�=1 similarly in terms of {� ′� }�+2�=1 . We let �,� ′ be diagonal
matrices such that for all � , � has �� diagonal entries equal �� , and �

′ has � ′
� diagonal entries equal to �� . Now,

let � (1) , . . . , � (� ) ∈ R� be � random vectors drawn i.i.d. from N(0, �� ) (and deine � (1)′, . . . , � (� )′ similarly). For
1 ≤ � ≤ � +2, we deine � (�,� ) to be the projection of � (� ) onto the dimensions corresponding to the diagonal entry
�� for � . Note that {� (�,� ) }�≤�+2, �≤� are independent, and � (�,� ) ∼ N(0, ��� ). Likewise, deine {� (�,� )′}�≤�+2, �≤�
accordingly in terms of � ′.

Note that tr(�−1) − tr(� ′−1) = ∑�+2
�=1 ��/�� −

∑�+2
�=1 �

′
� /�� . Since |�� − �� |, |� ′

� − � ′� | ≤ 1, and since each �� ≥ 1,
it implies

tr(�−1) − tr(� ′−1) ≥ �1 �
1−2�0−� (1/

√
� )

�
− 2 (� + 2) .

Next, we let� (� ) represent the � ×� matrix with entries�
(� )
�,ℓ

= ⟨� (�,� ) , � (ℓ,� )⟩ and deine� (� )′ similarly. Note

that the matrices� (� ) ,� (� )′ over all � are independent. In addition,� (� ) has theWishart(�, �� ) distribution, and
� (� )′ has the Wishart(�, � ′

� ) distribution. In addition, for any �, ℓ ≤ � and � ≤ � , we have that ⟨� (� ) , � � � (ℓ )⟩ =∑�+2
�=1 �

�
��

(� )
�,ℓ

.

Now, we attempt to design a coupling between the matrices {� (� ) }�+2�=1 and {� (� )′}�+2�=1 such that� (� ) −� (� )′ =
(�� − � ′� ) �� for all � ≤ � + 2, with high probability. Note that this implies our claim, due to Corollary 5.6. To

design this coupling, irst note that by Lemma 5.3, if we draw � (� ) ∼ �� �� +
√
2�� GOE(�), then ∥law(� (� ) ) −

law(� (� ) )∥TV ≤ � (�3/2/� 1/2
� ), and a similar statement holds if we deine � (� )′ and compare its law to that of

� (� )′.
Note that the entries of � (� ) and � (� )′ are independent (apart from the requirement of symmetry), so we will

attempt a coupling between the entries �
(� )
�,ℓ

and �
(� )′
�,ℓ

. For � < ℓ , since �
(� )
�,ℓ

∼ N(0, �� ) and � (� )′
�,ℓ

∼ N(0, � ′
� ), the

total variation distance between their distributions is bounded up to a constant, using Corollary 5.6, by

���
′
�

��
− 1

�� ≤
���

′
�

��
− 1

�� +
���

′
� − � ′�
��

�� +
���

′
� (�� − �� )
����

�� ≤ �
(
�1 +

�

�

)

under our assumptions. Therefore, we can couple�
(� )
�,ℓ

and�
(� ) ′
�,ℓ

such that they fail to coincide with this probability.

For � = ℓ , we have �
(� )
�,�

∼ N(�� , 2�� ) and � (� )′
�,�

+ �� − � ′� ∼ N(� ′
� + �� − � ′� , 2� ′

� ). The total variation distance

between their distributions is bounded by a constant times

���
′
�

��
− 1

�� +
|� ′
� − � ′� + �� − �� |√

��
≤ �

(
�1 +

�1/2

�1/2
)
.

Therefore, we can couple the two random variables together so that �
(� )
�,�

= �
(� )′
�,�

+ �� − � ′� fails with the above

probability.
By a union bound, the coupling � (� ) = � (� )′ + (�� − � ′� ) �� for all � fails with probability at most

�
(
�3 (�1 +

�

�

)
+ �2 (�1 +

�1/2

�1/2
) )

= �
(
�1�

3 + �
5/2

�1/2
)
.

Combining this with comparison between the Wishart and GOE ensembles and another union bound, we obtain
the result. □
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Finally, we are able to prove our main lower bound against block Krylov algorithms.

Lemma 5.8 (lower bound against block Krylov algorithms). Let �, �, �, � ′ be as in Lemma 5.7. Then, let

� be a uniformly random orthogonal matrix in R�×� , and let Λ = � ⊺�� and Λ′ = � ⊺� ′� . Let � (1) , . . . , � (� ) � .� .� .∼
N(0, �� ). Then, for any � > 0, provided� ≤ �� (

√
� log�) and� ≤ �1/5−� , the distributions of {Λ�� (� ) } �≤(�+2)/2, �≤�

and {Λ′�� (� ) } �≤(�+2)/2; �≤� difer in total variation distance by at most � (1). On the other hand, drawing a sample

either from N(0,Λ−1) or N(0,Λ′−1) can, with probability 1 − � (1), distinguish between the two cases.

Proof. From Lemma 5.7, there is a coupling such that the tuples
{⟨� (� ) , � � � (ℓ )⟩} �≤�+2, �,ℓ≤� and {⟨� (� )′, � ′� � (ℓ )′⟩} �≤�+2, �,ℓ≤� are equal with high probability. In particular, it
holds that

⟨�� � (� ) , � � � (ℓ )⟩ = ⟨� ′� � (� )′, � ′� � (ℓ )′⟩ for all �, � ≤ (� + 2)/2 and � ≤ �

with high probability. By Proposition 5.4, there is a unitary matrix �0 such that � ′� � (� )′ = �0�
� � (� ) for all

� ≤ (� + 2)/2 and all � ≤ � with high probability. Note then that the tuples {� ⊺� �� � ⊺� (� ) } �≤(�+2)/2, �≤� and

{� ⊺� ⊺0 � ′��0� �
⊺�
⊺

0 �
(� )′} �≤(�+2)/2, �≤� are equal with high probability, and this is a coupling which witnesses

the fact that


law

(
{Λ�� (� ) } �≤(�+2)/2, �≤�

)
− law

(
{Λ′�� (� ) } �≤(�+2)/2, �≤�

)


TV

≤ � (�1�3 + �3/�1/2) .

Finally, we note that from a single sample it is easy to distinguish between N(0,Λ−1) and N(0,Λ′−1). This is
because if � ∼ N(0,Λ−1), then E[∥� ∥2] = tr(Λ−1) = tr(�−1) = ∑�+2

�=1 ��/�� , but one checks that var(∥� ∥2) =
� (∑�+2

�=1 ��/�2� ) ≤ � (�). Likewise, if � ′ ∼ N(0,Λ′−1), then we have E[∥� ′∥2] = ∑�+2
�=1 �

′
� /�� but var(∥� ′∥2) =

� (�). So, the diference in their expectations at least �1�1−2�0−� (1/
√
� )/�−2 (�+2), whereas the standard deviations

are bounded by � (�1/2).
To inish the proof, we must choose the values of �0 and �1. We require the following conditions:

(1) �1�
3 = � (1).

(2) �3/�1/2 = � (1).
(3) �1/2 = � (�1�1−2�0−� (1/

√
� )/� − 2 (� + 2)).

For the second condition, we can assume � ≤ �1/3/log4 (�). To satisfy the irst condition, we can set �1 =

1/(�3/2 log4 (�)). Finally, if � is suiciently large and if �0 is chosen depending on � , then the third condition
requires

√
� log� + �1/2 = � (�1−�/�5/2), and it suices for � ≤ �1/5−� . □

Remark 5.9. We did not attempt to optimize the exponent in the condition � ≤ �1/5−� . Indeed, by using the
chain rule for the KL divergence rather than a union bound in the proof of Lemma 5.7, we believe that the
total variation bound can be improved to � (�1�3/2 + �5/2/�1/2), and a back-of-the-envelope calculation suggests
that this could improve the condition to � ≤ �2/7−� . Nevertheless, this falls short of capturing the full regime√
� log� ≤ � (�), and we leave this as an open question.

5.3 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 suices to prove a lower bound against block Krylov algorithms.

5.3.1 Setup. Let Λ = � ⊺�� , where � is a (possibly random) diagonal matrix, � is a Haar-random orthogonal
matrix, and� and � are independent. We consider the following model, which is a strengthening of the matrix-
vector product model:

J. ACM



28 • S. Chewi, et al.

Deinition 5.10 (extended oracle model). Given � ∈ N, for all � ∈ [�], the algorithm chooses a new query point
�� , and receives the information {Λ�� � } (�, � ) ∈�� , where �� := {(�, �) : � + � ≤ � + 1, � ≥ 0, 1 ≤ � ≤ �} is a set of
ordered pairs of nonnegative integers. We use the following notation {Λ�� � }� for any set � to denote {Λ�� � } (�, � ) ∈� .

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.

Deinition 5.11 (adaptive deterministic algorithm). An adaptive deterministic algorithmA that makes� extended
oracle queries (see Deinition 5.10) is given by a deterministic collection of functions �1, �2 (·), . . . , �� (·), where �1
is constant and each �� (·) is a function of � (�+1)

2
− 1 inputs. This corresponds to a sequence of queries where the

�-th query �� ({Λ�� � }��−1 ) is chosen adaptively based on the information available to the algorithm at the start of
iteration � . (Note that �1 has no inputs.) When the choice of the inputs is clear from context, we may simply
write �� = �� ({Λ�� � }��−1 ).

In the extended oracle model, the next lemma shows that we can assume that each �� is a unit vector orthogonal
to its inputs.

Lemma 5.12 (extended oracle and orthogonal qeries). For � ∈ [2, �], let �� be as stated in Deinition 5.11

and let {Λ�� � }��−1 be as stated in Deinition 5.10. Then, �� is orthogonal to the subspace spanned by the vectors in

{Λ�� � }��−1 .

Proof. Assume for sake of contradiction that this were not the case. Then, we can decompose �� =
∑

(�, � ) ∈��−1 ��, �Λ
�� �+

�⊥�⊥
�
where �⊥

�
is a unit vector orthogonal to {Λ�� � }��−1 and each ��, � and �

⊥ is a scalar. At the end of iteration � ,

the new information obtained by the algorithm is {Λ�� � }�+�=�+1, �≤� . For all (�, �) ≠ (1, �), the new information
does not depend on �� . Also, Λ�� =

∑
(�, � ) ∈��−1 ��, �Λ

�+1� � + �⊥Λ�⊥� , where each Λ
�+1� � is information obtained by

the algorithm at the end of iteration � + 1 regardless (due to our extended query model). Since (� + 1, �) ∈ �� if
(�, �) ∈ ��−1, and since (1, �) ∈ �� , this expression shows that the algorithm would receive the same amount
of information (or more, if �⊥ = 0) if it queries �⊥

�
instead of �� . Applying this reasoning inductively proves the

claim. □

We compare to a block Krylov algorithm, which makes i.i.d. standard Gaussian queries �1, . . . , �� and then
receives {Λ�� � } for all �, � ≤ � . 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.

5.3.2 Conditioning lemma. We start by proving a general conditioning lemma which will be invoked repeatedly
in the reduction to block Krylov algorithms. This lemma roughly shows that if the adaptive algorithm knows
{Λ�� � }�� , the posterior distribution of Λ given {Λ�� � }�� is indeed rotationally symmetric on the orthogonal
complement {Λ�� � }�� .

We will use the notation
d
= to denote that two random variables are equal in probability distribution (possibly

conditioned on other information).

Lemma 5.13 (conditioning lemma, preliminary version). Let� be a Haar-random orthogonal matrix, and

Λ = � ⊺�� , where � is a (possibly random) positive diagonal matrix. Suppose that A is an adaptive deterministic

algorithm that generates extended oracle queries �1, . . . , �� , and after the �-th query knows Λ�� � for all (�, �) ∈ �� .
For any integer� ≥ 1, let � be the integer such that

� (�+1)
2

≤ � <
(�+1) (�+2)

2
, i.e.,� is at least the �-th triangular

number but less than the (� +1)-th triangular number. Consider the order of vectors �1,Λ�1, �2,Λ
2�1,Λ�2, �3,Λ

3�1, . . .

(this enumerates Λ�� � in order of � + � , breaking ties with smaller values of � irst). Let�� be the set of irst� of
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these vectors and �� be the set {�1, . . . , �� }. Let � be a Haar-random orthogonal matrix ixing�� and acting on the

orthogonal complement� ⊥
� . Then, (�� ,� ) d

= (�� ,�� ).

Before proving this lemma, we note that since the algorithm is deterministic and � is ixed,�� and �� are
deterministic functions of Λ, and thus of� . Hence, we can write �� (� ′),�� (� ′), �� (� ′) to be the �� ,��, �� that
would have been generated if we started with Λ

′ = (� ′)⊺�� ′. (If no argument is given, �� ,��, �� are assumed
to mean �� (� ),�� (� ), �� (� ), respectively.) We note the following proposition.

Proposition 5.14 (fixing the first� qeries and responses). Suppose that � is any orthogonal matrix

ixing�� (� ). Then,�� (� ) =�� (�� ).

Proof. We prove��′ (� ) =��′ (�� ) for all�′ ≤ �. The base case of � = 1 is trivial, since �1 is ixed. We
now prove the induction step for�′.

If�′ ≤ � is a triangular number,�′ = � (�+1)
2

, then the�′-th vector in�� is �� . But note that �� (� ) is a
deterministic function of��′−1 (� ), and �� (�� ) is the same deterministic function of��′−1 (�� ). Hence, if the
induction hypothesis holds for�′ − 1, it also holds for�.
If �′ ≤ � is not a triangular number, then the �′-th number in�� (� ) is Λ�� � for some � ≥ 1. Likewise,

the�′-th number in�� (�� ) is � ⊺Λ��� � (�� ). Since � ≥ 1, we know that � � (� ) = � � (�� ), by the induction

hypothesis on � ( �+1)
2

< �′. But, we know that� ixes�� , which means it ixes � � andΛ
�� � . Thus,�

⊺
Λ
��� � (�� ) =

� ⊺Λ��� � = Λ
�� � . □

We are now ready to prove Lemma 5.13.

Proof of Lemma 5.13. We prove this by induction on�. For the base case� = 1,� is a random matrix and
� is a random matrix that ixes �1. Note that �1 is chosen independently of Λ (and thus of � ), so � and � are
independent. Even for any ixed � , the distribution �� is a uniformly random orthogonal matrix, so overall

�
d
= �� . Also, �1 is deterministic, so (�1,� ) d

= (�1,�� ).
For the induction step, we split the proof into 2 cases. The proofs in both cases will be very similar, but with

minor diferences.

Case 1:� is a triangular number. This means that the�-th vector added is �� , where� =
� (�+1)

2
. Let�1 be a

random orthogonal matrix ixing��−1 and �2 be a random orthogonal matrix ixing�� . Our goal is then to

show (�� ,� ) d
= (�� ,��2).

To make this rigorous, we note an order of generating the random variables. First, we generate� randomly:
�� and �� are deterministic in terms of� . Next, we deine �1 to be a random rotation ixing��−1. Finally, we
deine �2 to be a random rotation ixing�� , where �1,�2 are conditionally independent on� .

First, we prove that (�� ,� ) d
= (�� ,��1). Note that �

d
= ��1 by our inductive hypothesis. In addition, since

�1 ixes��−1 (� ),��−1 (� ) =��−1 (��1) by Proposition 5.14. Since� =
� (�+1)

2
is a triangular number, �� (·)

is a deterministic function of��−1 (·), which means �� (� ) = �� (��1). Hence, (�� ,� ) d
= (�� (��1),��1) =

(�� ,��1).
Next, we prove that (�� ,��2)

d
= (�� ,��1�2). It suices to prove that

(�� ,� ,�2)
d
= (�� ,��1,�2) .

To do so, we irst show that �2 = � (� , �), where � is a deterministic function and � represents a random
orthogonal matrix over � − dim(��) dimensions that is independent of � . (Recall that�� is a deterministic
function of� .) To deine � (� , �), we consider some deterministic map that sends each�� to a set of � −dim(��)
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basis vectors in� ⊥
� . We then deine �2 = � (� , �) to act on� ⊥

� using � and the correspondence of basis vectors.
Since�� and �� are deterministic in terms of� , this means � (� , �) is well-deined. We will now show that

�2 = � (� , �) = � (��1, �) and �� = �� (��1) .

Since�
d
= ��1 by our inductive hypothesis,

(�� ,� ,�2)
d
= (�� (��1),��1, � (��1, �)) = (�� ,��1,�2) .

By Proposition 5.14,��−1 (� ) = ��−1 (��1), and since �� (·) is deterministic given��−1 (·) for � =
� (�+1)

2
,

�� (� ) = �� (��1). This implies �� (� ) = �� (��1), which means � (��1, �) = � (� , �), since � (·, �) only
depends on�� (·) and �. This completes the proof.

Next, we show that (�� ,��1�2)
d
= (�� ,��1). Since we chose the order with � being deined irst, we are

allowed to condition on � . Since �� is deterministic in terms of � , it suices to show that �1�2 | � d
= �1 | � .

Since��−1,�� are also deterministic given � , note that �1 is a uniformly random orthogonal matrix ixing
��−1, and �2 is a random orthogonal matrix ixing�� ⊃��−1. Since �1 and �2 are conditionally independent

given� , this means �1�2 | � is a uniformly random orthogonal matrix ixing��−1, so �1�2 | �
d
= �1 | � .

In summary, we have that

(�� ,� ) d
= (�� ,��1)
d
= (�� ,��1�2)
d
= (�� ,��2) .

Case 2:� is not a triangular number. Again, let �1 be a random orthogonal matrix ixing��−1 and �2 be a

random orthogonal matrix ixing�� . Our goal is again to show that (�� ,� ) d
= (�� ,��2).

First, we again have (�� ,��1)
d
= (�� ,� ) by our inductive hypothesis.

Next, we show that (�� ,��2)
d
= (�� ,��2�1). It suices to prove that

(�� ,� ,�2)
d
= (�� ,��1,� ⊺1 �2�1) ,

since (��1) (� ⊺1 �2�1) = ��2�1. We recall the random variable � and use the same function �2 = � (� , �). Since
we have already shown that�

d
= ��1, this implies that

(�� ,� ,�2)
d
= (�� (��1),��1, � (��1, �)) .

Since� is not triangular, �� (·) is contained in��−1 (·), so by Proposition 5.14, �� (� ) = �� (��1). So, we have

(�� ,� ,�2)
d
= (�� (��1),��1, � (��1, �)) = (�� ,��1, � (��1, �)) .

Now, if we ix� and�1,��−1 (��1) =��−1 (� ) by Proposition 5.14. However, since the�-th (�, �) pair has � ≥ 1

when� is not triangular, the inal vector in�� (��1) will be � ⊺1 Λ
��1� � = �

⊺

1 (Λ�� � ). For ixed � ,�1, � (� , �) is
a random rotation ixing��−1 and Λ

�� � , but � (��1, �) is a random rotation ixing��−1 and �
⊺

1 (Λ�� � ). Since
�
⊺

1 ixes��−1 by how we deined �1, this means that for ixed � ,�1, � (� , �) is a random rotation ixing�� but
� (��1, �) is a random rotation ixing�

⊺

1 �� . Therefore, conditioned on� ,�1, � (��1, �) has the same distribution
as �

⊺

1 � (� , �)�1. Since �� is deterministic in terms of� , this means

(�� ,��1, � (��1, �)) | � ,�1
d
= (�� ,��1,� ⊺1 � (� , �)�1) | � ,�1 .
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We can remove the conditioning to establish that (�� ,��1, � (��1, �))
d
= (�� ,��1,� ⊺1 � (� , �)�1) = (�� ,��1,� ⊺1 �2�1),

which completes the proof.

Next, we show that (�� ,��2�1)
d
= (�� ,��1). The proof is essentially the same as in the casewhen� is triangular.

We again condition on � , and we have that �2�1 | �
d
= �1 | � have the same distribution as uniform orthogonal

matrices ixing��−1 (� ). Since �� is a deterministic function of � , this means (�� ,��2�1) | �
d
= (�� ,��1) | � ,

and removing the conditioning inishes the proof.
In summary,

(�� ,� ) d
= (�� ,��1)
d
= (�� ,��2�1)
d
= (�� ,��2) . □

We now prove our main conditioning lemma, which will be a modiication of Lemma 5.13.

Lemma 5.15 (conditioning lemma). Let all notation be as in Lemma 5.13, and let �0 be a ixed orthogonal

matrix ixing�� . Importantly, �0 is a deterministic function only depending on�� (and not directly on � ). Then,

(�� ,� ) d
= (�� ,��0).

Proof. First, note that since �0 is a deterministic function of�� , it is also a deterministic function of� . We
can write �0 (·) as this function, and �0 = �0 (� ).
Now, Lemma 5.13 proves that (�� ,� ) d

= (�� ,�� ). Note that conditioned on � , � is a random matrix ixing

�� and �0 is a ixed matrix ixing�� , which means that ��0 | �
d
= � | � . Hence, (�� ,�� )

d
= (�� ,���0). But

from Proposition 5.14, �� (�� ) = �� (� ) and�� (�� ) =�� (� ), which means that �0 (·), which only depends

on�� (·), satisies �0 (�� ) = �0 (� ). Hence, because� d
= �� , we have (�� ,���0) = (�� (�� ),�� ·�0 (�� ))

d
=

(�� (� ),� ·�0 (� )) = (�� ,��0).
In summary, we have that (�� ,� ) d

= (�� ,�� )
d
= (�� ,���0)

d
= (�� ,��0), which completes the proof. □

5.3.3 From query algorithms to block Krylov algorithms. In this section, we carry out the high-level outline from
Section 2.2.2. 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 5.16 (reduction to block Krylov). Suppose Λ = � ⊺�� , where� is a Haar-random orthogonal matrix

and � is a diagonal matrix drawn from some (possibly unknown) distribution. Let �1, �2 (·), . . . , �� (·) be an adaptive

deterministic algorithm that makes � queries, where �2
< � . Let �

alg
1 , �

alg
2 , . . . , �

alg

�
be recursively deined as follows:

�
alg
1 = �1, and �

alg

�
= �� ({Λ��alg� }��−1 ) for � ≥ 2. Let �1, . . . , �� be i.i.d. standard Gaussian vectors. Then, from the

collection {Λ�� � }�� (without knowledge of � or Λ), we can construct a set of unit vectors �̃1, �̃2, . . . , �̃� , and a set of

rotation matrices� sim
1 ,� sim

2 , . . . ,� sim
�

, where �̃� and�
sim
�

only depend on {Λ�� � }��−1 and �� , and such that

{(� sim
1:� )⊺Λ� �̃ � }��

d
= {Λ��alg� }�� ,

where � sim
1:�
≔ � sim

1 · · ·� sim
�

, and the equivalence in distribution is over the randomness of Λ and {�� }�≤� . Moreover,

{Λ� �̃ � }�� is deterministically determined by {Λ�� � }�� .
Lemma 5.16 says that the knowledge of Λ�� � alone is suicient 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 2.2.2.
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First, we describe how to construct �̃� . Let �̃1 =
�1
∥�1 ∥ , and for � ≥ 2, let �̃� be the unit vector parallel to the

component of �� that is orthogonal to the span of {Λ�� � }��−1 . (With probability 1, this is well-deined.)
Because each �̃� is a linear combination of {Λ�� � }��−1 and �� , we can construct the set {Λ� �̃ � }�� from the set

{Λ�� � }�� .
We now construct the rotation matrices� sim

�
. First, we deine matrix-valued functions �� (·), for � = 1, . . . , � ,

as follows.

Deinition 5.17 (rotations ixing previous queries and responses). For 1 ≤ � ≤ � , the function �� (·) takes
arguments {��, � }��−1 , �� , �� , where the vectors �� and �� have unit norm and are both orthogonal to the collection
{��, � }��−1 .
To deine�1 (·): since �0 is empty, the irst function�1 only takes arguments �1, �1, and is such that�1 (�1, �1)

is a deterministic orthogonal matrix that satisies�1 (�1, �1)⊺�1 = �1. Note that�1 (·) exists because �1 and �1 both
have unit norm; for example, we can complete �1 and �1 to orthonormal bases (�1, �2, . . . , �� ), (�1, �2, . . . , �� ) and
take�1 (�1, �1) =

∑�
�=1 ���

⊺

� .
To deine�� (·):�� ({��, � }��−1 , �� , �� ) is a deterministic orthogonal matrix that satisies

�
⊺

�
��, � = ��, � , for all (�, �) ∈ ��−1 ,

�
⊺

�
�� = �� .

(15)

Such a choice of �� is always possible, because �
2
< � , and because �� and �� are orthogonal to ��, � ; for example,

we can start with the identity matrix on the subspace spanned by {��, � }��−1 and add to it a sum of outer products
formed by completing �� and �� to two orthonormal bases of the orthogonal complement.

Next, we describe how to construct� sim
�

. We will deine� sim
�

along with an auxiliary sequence {�sim
�

}�=1,2,...,�−1.

Deinition 5.18 (simulated sequences). We let �sim1 = �1, and �
sim
1 = �1 (�̃1, �sim1 ). For � ≥ 2, �sim

�
and � sim

�
are

deined recursively as follows:

�sim� = ��
(
{(� sim

1:(�−1) )
⊺
Λ
� �̃ � }��−1

)

� sim
� = ��

(
{(� sim

1:(�−1) )
⊺
Λ
� �̃ � }��−1 , (� sim

1:(�−1) )
⊺�̃� , �

sim
�

)
.

(16)

Intuitively, one can think of �sim
�

as the �th vector the simulator thinks the algorithm is querying, and� sim
�

as

a rotation that corresponds �sim
�

to the random unit vector known by block Krylov.

Proposition 5.19 (existence of rotations). Each� sim
�

is well-deined.

Proof. To show that this choice of � sim
�

is possible, we need to check that (� sim
1:(�−1) )

⊺�̃� , �
sim
�

both have unit

norm and are orthogonal to the subspace �� spanned by (� sim
1:(�−1) )

⊺
Λ
� �̃ � for (�, �) ∈ ��−1. They both have unit

norm because �̃� and �
sim
�

are constructed to have unit norm, and inductively we can assume� sim
1:(�−1) is orthogonal.

Note that �sim
�

is orthogonal to �� by our assumption on the function �� (·), and (� sim
1:(�−1) )

⊺�̃� is also orthogonal

to �� because

⟨(� sim
1:(�−1) )

⊺
Λ
� �̃ � , (� sim

1:(�−1) )
⊺�̃�⟩ = ⟨Λ� �̃ � , �̃�⟩ = 0 ,

where the second line follows from the deinition of �̃� . □

We summarize some additional properties of �sim
�

and� sim
�

in the following lemma.

Lemma 5.20 (properties of the simulated seqences). The variables � sim
�

and �sim
�

for � = 1, . . . , � deined

above satisfy the following properties:
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(P1) �sim
�

depends only on {Λ� �̃ � }��−1 , and� sim
�

depends only on {Λ� �̃ � }�+�≤� .
(P2) For any � ≥ � , we have

�̃ � = �
sim
1:� �

sim
� .

(P3) For � ≥ 2, �sim
�

satisies

�sim� = ��
(
{(� sim

1:(�−1) )
⊺
Λ
�� sim

1:(�−1)�
sim
� }��−1

)
.

(P4) For � ≥ 2,� sim
�

satisies

� sim
� = ��

(
{(� sim

1:(�−1) )
⊺
Λ
�� sim

1:(�−1)�
sim
� }��−1 , (� sim

1:(�−1) )
⊺�̃� , �

sim
�

)
.

Proof. (P1) is immediate from the deinitions, since {(�, �) : � + � ≤ �} = ��−1 ∪ {(0, �)}.
To show (P2), note that the second property of the function�� from (15) implies that

�sim� = (� sim
� )⊺ (� sim

1:( �−1) )
⊺�̃ � = (� sim

1:� )⊺�̃ � . (17)

This proves (P2) for � = � . To prove (P2) for � > � , we use induction on � . If (P2) holds for � − 1 ≥ � , then

(� sim
1:� )⊺�̃ � = (� sim

� )⊺ (� sim
1:(�−1) )

⊺�̃ � = (� sim
1:(�−1) )

⊺�̃ � = �
sim
� . (18)

Above, the middle equality holds by the irst property of (15), since� sim
�

ixes (� sim
1:(�−1) )

⊺�̃ � because � ≤ � − 1.

The inal equality holds by our inductive hypothesis. So, (P2) holds for � .
Finally, (P3) and (P4) then follow from (P2), since � − 1 ≥ � if � ∈ ��−1. □

We highlight the importance of (P2) for � = � , which roughly states that (� sim
1:�

)⊺ actually sends each block

Krylov-generated vector �̃ � to the simulated vector �sim� .

Before proving Lemma 5.16, we must make one more basic deinition.

Deinition 5.21 (queries and data). For � ≥ 2, given the matrix Λ and a set {� � }1≤ �≤�−1, deine ℭ� as the function
that satisies ℭ� (Λ, {� � }1≤ �≤�−1) = {Λ�� � }��−1 . In addition, deine�� = �� ◦ ℭ� .

We are now ready to prove Lemma 5.16. 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 5.15),
which is designed precisely for the present situation.

Proof of Lemma 5.16. For 1 ≤ � ≤ � , we write Λ� ≔ (� sim
1:�

)⊺Λ� sim
1:�

. Since we can write (� sim
1:�

)⊺Λ� �̃ � =

(� sim
1:�

)⊺Λ� (� sim
1:�

)�sim� = Λ
�
�
�sim� for any � ≥ � by (P2) of Lemma 5.20, it suices to inductively prove that for all

1 ≤ � ≤ � ,

(Λ� , {�sim� }1≤ �≤� )
d
= (Λ, {�alg� }1≤ �≤� ) . (19)

For the base case of � = 1, it suices to show that (Λ1, �
sim
1 ) d

= (Λ, �alg1 ). Note, however, that �sim1 = �
alg
1 = �1,

and Λ1 = (� sim
1 )⊺Λ(� sim

1 ) = �1 (�̃1, �1)⊺Λ�1 (�̃1, �1). Since �1 is a deterministic vector, �̃1 is independent of Λ, and
the distribution of Λ is rotationally invariant, the claim follows.

For the inductive step, assumewe know (Λ� , {�sim� }1≤ �≤� )
d
= (Λ, {�alg� }1≤ �≤� ). Then, note that �alg�+1 = ��+1 ({Λ

��
alg
� }�� )

and �sim
�+1 = ��+1 ({Λ

�
�
�sim� }�� ). Thus, we have �

alg

�+1 = ��+1 (Λ, {�alg� }1≤ �≤� ) and �sim�+1 = ��+1 (Λ� , {�sim� }1≤ �≤� ). In ad-

dition, because� sim
�+1 ixes Λ

�
�
�sim� for all (�, �) ∈ �� by (P4), we also have that Λ�

�+1�
sim
� = Λ

�
�
�sim� for all (�, �) ∈ �� ,

which means �sim
�+1 = ��+1 (Λ�+1, {�sim� }1≤ �≤� ). Therefore, it suices to show

(Λ�+1, {�sim� }1≤ �≤� )
d
= (Λ, {�alg� }1≤ �≤� ) , (20)
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as this implies (Λ�+1, {�sim� }1≤ �≤�+1)
d
= (Λ, {�alg� }1≤ �≤�+1), which completes the inductive step.

Next, we show that� sim
�+1 sends �̃�+1 to a random unit vector orthogonal to the simulated queries so far. Note

that Λ�+1 = (� sim
�+1)

⊺
Λ� (� sim

�+1), where, by (P4),

� sim
�+1 = ��+1 ({Λ

�
��

sim
� }�� , (� sim

1:� )⊺�̃�+1, �sim�+1) . (21)

Note that �̃�+1 is a random unit vector orthogonal to {Λ�� � }�� , or equivalently, it is a random unit vector orthogonal
to {Λ� �̃ � }�� . Since (� sim

1:�
)⊺Λ� �̃ � = (� sim

1:�
)⊺Λ� (� sim

1:�
)�sim� = Λ

�
�
�sim� for all (�, �) ∈ �� (by (P2)), this means that

(� sim
1:�

)⊺�̃�+1 is orthogonal to {Λ�
�
�sim� }�� . The random direction of �̃�+1 has no dependence on {Λ� �̃ � }�� apart

from being orthogonal to them, which means by (P1), (� sim
1:�

)⊺�̃�+1 is a uniformly random unit vector orthogonal

to {Λ�
�
�sim� }�� .

Recalling that �sim
�+1 = ��+1 (Λ� , {�sim� }1≤ �≤� ), this means that we can rewrite (21) as

� sim
�+1 = ��+1

(
{Λ���

sim
� }�� , �̂sim,��+1 (Λ� , {�sim� }1≤ �≤� )

)
, (22)

where �̂sim is a random unit vector orthogonal to {Λ�
�
�sim� }�� . As a result, if we deine

�
alg

�+1 ≔ ��+1
(
{Λ��alg� }�� , �̂alg,��+1 (Λ, {�alg� }1≤ �≤� )

)
, (23)

where �̂alg is a random unit vector orthogonal to {Λ��alg� }�� , then

(Λ�+1, {�sim� }1≤ �≤� ) =
(
(� sim
�+1)

⊺
Λ� (� sim

�+1), {�
sim
� }1≤ �≤�

)

d
=
(
(� alg

�+1)
⊺
Λ(� alg

�+1), {�
alg
� }1≤ �≤�

)
.

Above, the irst equality follows by deinition, and the second follows from our inductive hypothesis that

(Λ� , {�sim� }1≤ �≤� )
d
= (Λ, {�alg� }1≤ �≤� ), along with (22) and (23).

We are now in a position to apply the conditioning lemma (Lemma 5.15). Note that �
alg

�+1 only depends on

{Λ��alg� }�� (as well as some randomness in �̂alg, but the randomness is independent of everything else given

{Λ��alg� }�� , so we can safely condition on it). Hence, we can apply the conditioning lemma with �
alg

�+1, to obtain

that

(Λ�+1, {�sim� }1≤ �≤� )
d
=
(
(� alg

�+1)
⊺
Λ(� alg

�+1), {�
alg
� }1≤ �≤�

) d
=
(
Λ, {�alg� }1≤ �≤�

)
,

which establishes (20) and thereby concludes the proof. □

With the block Krylov reduction in hand, we can now establish our second lower bound for sampling from
Gaussians.

Theorem 5.22 (second lower bound for sampling from Gaussians). There is a universal constant �0 > 0

such that the query complexity of sampling from Gaussian distributions N(0, Σ) in R� , where the condition number

� of Σ satisies � ≤ �1/5−� , with accuracy �0 in total variation distance is at least Ω� (
√
� log�).

Proof. Let � be a random orthogonal matrix, and let Λ = � ⊺�� , Λ′ = � ⊺� ′� be as in Lemma 5.8. We
irst show that if � ≤ �1/5−� and � is a suiciently small constant, no adaptive algorithm that makes less than
��
√
� log� queries to the extended oracle can distinguish between Λ and Λ

′, with Ω(1) probability.
First we assume that the algorithm is deterministic, so its behavior is characterized by functions �1, �2 (·), . . . , �� (·),

as in Lemma 5.16. The algorithm then proceeds to make queries �
alg
1 , �

alg
2 , . . . , �

alg

�
, where �

alg

�
= �� ({Λ��alg� }��−1 ).

Lemma 5.16 shows that the output of the algorithm {Λ��alg� }�� can be entirely simulated by a block Krylov
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algorithm, which receives {Λ��� }�� , where �1, . . . , �� are i.i.d. standard Gaussians. Lemma 5.8 says that a block

Krylov algorithm that makes � = ��
√
� log� queries, where �� is a small constant depending on � and � ≤ �1/5−� ,

cannot distinguish between Λ and Λ
′ with Ω(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 Λ and Λ

′. So conditional
on the random seed, the algorithm will not be able to distinguish Λ and Λ

′ with Ω(1) advantage, so the overall
probability that the randomized algorithm successfully distinguishes Λ and Λ

′ also cannot be Ω(1).
Finally, we note that a sample from N(0,Λ−1) versus N(0,Λ′−1) can distinguish between the two cases. This

means that even if we were able to draw a sample that was 1
3 -far in total variation distance, we could output

the correct answer with probability at least 2
3 . This implies that any sampling algorithm must require at least

Ω� (
√
� log�) queries to the extended oracle, and hence at least same number of queries to the standard oracle. □
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A Upper bound for log-concave sampling 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 � (log�) queries. Our query dependence also has
a polylogarithmic dependence on 1

�
, if we wish to generate a sample that is �-close in TV distance to the true

distribution. (We do not attempt to optimize the dependence on dimension � or the polylogarithmic dependence
on 1

�
.)

Let � be a convex function that is 1-strongly convex and �-smooth, such that � is minimized at the origin and
� (0) = 0. For any real value � ≥ 0, deine �� (�) to be the set of points � such that � (�) ≤ �.

First, we note the following basic facts that follow immediately from our convexity assumptions.

Proposition A.1 (basic facts about log-concavity). (1) �� (�) is a convex body for any � > 0, and con-

tains 0.

(2) �� (�) is contained in the ball of radius
√
2� and contains the ball of radius

︁
2�/�.

(3) For any 0 < � < �′, �� (�′) ⊂ �′

�
�� (�).

Next, we show how to obtain a crude �� (1) -approximation for �� (1) using �� (1) log� irst-order queries. The
proof is essentially folklore and follows from the ellipsoid method.

Proposition A.2 (ellipsoid method). Let � be a convex body that contains �(0, � ) and is contained in �(0, �),
along with a membership and separation oracle. Using �� (1) log �

�
adaptive queries to the membership and separation

oracle, we can ind an ellipsoid � centered around some point � such that � ⊂ � ⊂ �′, where �′ is � dilated by an

� (�3/2) factor about �.
We can apply the above proposition to the convex body �� (1).
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Corollary A.3 (sublevel set approximation). Using �� (1) log� adaptive queries to � and ∇� , we can ind

an ellipsoid � centered around some point � such that � ⊂ �� (1) ⊂ �′, where �′ is � dilated by an � (�3/2) factor
about �.

Proof. It suices to show that from a single irst-order query at a point � , we can generate a membership and

separation oracle for �� (1). Indeed, the membership part is straightforward as we just check whether � (�) ≤ 1

(which is equivalent to � ∈ �� (1)). The separation oracle is also simple, and can be done using the gradient.

Speciically, suppose that � (�) > 1; then, � (� ′) ≥ � (�) + ⟨∇� (�), � ′ − �⟩, which means that every � ′ with
⟨∇� (�), � ′⟩ ≥ ⟨∇� (�), �⟩ is such that � (� ′) ≥ � (�) > 1, i.e., ∇� (�) is a separation oracle for �� (1) at � . □

We are able to prove our sampling upper bound, using a rejection sampling approach.

Theorem A.4 (upper bound for log-concave sampling). For any constant � ≥ 2 and any 1-strongly convex

and �-smooth function � with minimum at 0, we can approximately sample from � ∝ exp(−� ) to total variation
error at most � using � (log� + log� (1) (1/�)) adaptive queries to � and ∇� (here we emphasize that the asymptotic

notation treats � as constant).

Proof. Given � and any integer � ≥ 1, let �� be the probability that a sample from � lies in ��� (1). The
normalizing constant is � ≥

∫
�� (1) exp(−� ) ≥ �

−1 vol(�� (1)), but integral over (� + 1)�� (1)\��� (1) is
∫

(�+1)�� (1)\��� (1)
exp(−� ) ≤ exp(−�) vol

(
(� + 1)�� (1)

)
= exp(−�) (� + 1)� vol

(
�� (1)

)
,

using Proposition A.1 which implies that � (�) ≥ � for any � ∉ ��� (1). Therefore, the probability of (� +
1)�� (1)\��� (1) under � is at most

�
(
(� + 1)�� (1)\��� (1)

)
≤ exp(−�) (� + 1)� vol(�� (1))

�−1 vol(�� (1))
= exp(−(� − 1)) (� + 1)� .

By summing this quantity for all integers greater than � , the probability of the complement of ��� (1) is at most∑
�≥� exp(−(� − 1)) (� + 1)� =

∑
�≥� exp(−� + � log(� + 1) + 1). Note that for � ≥ Ω(� log�), this quantity is at

most � (exp(−�/2)). Taking � = � (� log� + log(1/�)) for a large constant � , we obtain � (R�\��� (1)) ≤ �/2.
The algorithm now works as follows. We use Corollary A.3 to ind � ⊂ �� (1) ⊂ �′. We pick a uniformly

random point � in ��′ for � = � (� log� + log(1/�)). We then accept the point � with probability exp(−� (� )),
and if we reject we restart the procedure. First, note that this algorithm, upon termination, samples exactly from

� conditioned on ��′, which is at most �2 away from � in total variation distance. In addition, each rejection

sampling step succeeds with probability at least vol(�)/(� vol(��′)), since with probability vol(�)/vol(��′)
we choose a point in � in which case � (� ) ≤ 1 so we accept with probability at least �−1. This is equal to
1/(� � (�3/2))� = �−� (� ) �−� = �−� (� ) (log 1

�
)−� . So, after (� log 1

�
)� (� ) rounds of rejection sampling, each of

which only needs one query to � , we accept the sample with probability at least 1 − �
2 , which means that overall

we have generated a sample which is �-close in distribution to � in total variation distance.

The overall query complexity is a combination of inding �, �′ and then running the rejection sampling,

for a total complexity of �� (1) log� + (� log 1
�
)� (� ) . So, for any ixed dimension � and error probability �, the

query complexity for log-concave sampling is � (log�). In addition, the dependence on the error probability is

polylogarithmic for any ixed � . □

Remark A.5. We briely note that the exponential dependence on � is not necessary: using more sophisticated

tools developed for sampling from convex bodies one should be able to obtain a complexity of log(�) (� log 1
�
)� (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 � = � (1).
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B Upper bound for sampling from Gaussians

Finally, we show a simple proof that, using only � (min(
√
� log�, �)) gradient queries, one can generate an

approximate sample from a Gaussian N(0, Σ) in � dimensions. Note that the density evaluated at � , up to an

additive constant, equals − 1
2 �
⊺
Λ� for Λ = Σ

−1, which means that a gradient query at � amounts to receiving the

matrix-vector product Λ� .

First, we require a well-known proposition from approximation theory.

Proposition B.1 ([Sachdeva and Vishnoi 2014, Theorem 3.3]). For any positive integer � and 0 < � < 1, there

exists a polynomial ��,� of degree ⌈
︁
2� ln(2/�)⌉ such that |��,� (�) − �� | ≤ � for all � ∈ [−1, 1].

As a corollary, we have the following result.

Proposition B.2 (polynomial approximation of inverse sqare root). For any � ≥ 2 and � <
1
2 , there

exists a polynomial ��,� of degree � (
√
� log �

�
) such that |��,� (�) − �−1/2 | ≤ �/

√
� for all 1 ≤ � ≤ �.

Proof. First, consider the function (1 + �)−1/2. For |� | ≤ 1 − 1
�
< 1, we can use the Taylor series to write

(1 + �)−1/2 = 1 +
∞︁

�=1

( 12 − 1) ( 12 − 2) ( 12 − 3) · · · ( 12 − �)
� !

�� = 1 +
∞︁

�=1

���
� ,

where |�� | ≤ 1 for all � ≥ 1.

Note that for |� | ≤ 1 − 1
�
,
��∑

�>� ���
�
�� ≤ ∑

�>� |� |� ≤ |� |�
1−|� | . For � = � (� log �

�
), we can bound this by

(1−1/� )�
1/� ≤ �

2 . Therefore, for all such � ,

���(1 + �)−1/2 −
�︁

�=0

���
�
��� ≤ �

2
,

where we have set �0 ≔ 1.

Next, using Proposition B.1, we can replace each �� with ��,� (�) where ��,� is a polynomial of degree

� (
︁
� log(�/�)) such that |��,� (�) − �� | ≤ �/(4�2) for all |� | ≤ 1. (We also let �0,� simply be the constant

function 1.) Therefore,
���(1 + �)−1/2 −

�︁

�=0

����,� (�)
��� ≤ �

2
+

�︁

�=1

|�� |
�

4�2
≤ � .

In addition, the polynomial �̂ ≔
∑�
�=0 ����,� has degree at most � (

︁
� log(� /�)) = � (

√
� log �

�
).

To inish, |�̂ (� − 1) − �−1/2 | ≤ �
�
for all 1

�
≤ � ≤ 1, which means that

����̂
(�
�
− 1

) 1
√
�
− �−1/2

��� ≤ �
√
�

for all 1 ≤ � ≤ � .

So, there exists a polynomial ��,� with ��,� (�) = �̂ ( �
�
− 1) 1√

�
, such that ��,� has degree � (

√
� log �

�
) and

|��,� (�) − �−1/2 | ≤ �/
√
� for all 1 ≤ � ≤ �. □

We are now ready to prove our query complexity upper bound.

Theorem B.3 (optimal algorithm for sampling from Gaussians). Let Λ = Σ
−1 be an unknown positive

deinite matrix with all eigenvalues between 1 and �. Then, using � (min(
√
� log �

�
, �)) adaptive matrix-vector

queries to Λ, we can produce a sample from a distribution �̂ such that KL(�̂ ∥ N (0, Σ)) ≤ �2.
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Proof. Choose � ∼ N(0, �� ), deine � = � (
√
� log �

�
) be the degree of ��,� , and for simplicity write �(�) ≔

��,� (�) ≔
∑�
�=0 ���

� . The algorithm works as follows. Using the power method, we compute�,Λ�,Λ2�, . . . ,Λ�� .

We output � =
∑�
�=0 �� Λ

�� . Note that � ∼ N(0, Σ̂), where we set Σ̂ ≔ (∑�
�=0 ��Λ

� )2. If �1, . . . , �� denote the

eigenvalues of Λ, then the eigenvalues of Σ̂ are �(�1), . . . , �(�� ). The KL divergence is given by

KL
(
N(0, Σ̂)



 N(0, Σ)
)
≲

�︁

�=1

|�(�� )2 �� − 1|2 ≲
�︁

�=1

|�(�� ) �1/2�
− 1|2 ≲

�︁

�=1

�� |�(�� ) − �−1/2�
|2

≲ ��
�2

�
.

If we set � ≍ log(�/�), then we obtain a KL divergence of at most �2.

Finally, we can also learn Λ by querying Λ�� for each unit basis vector �1, . . . , �� . So, we can thus learn Σ, and

then generate a perfect random sample from N(0, Σ). Hence, the query complexity of generating a sample from

N(0, Σ) is at most � (min(
√
� log ��

�
, �)) = � (min(

√
� log �

�
, �)). □

Remark B.4. If � is an �-strongly log-concave distribution, then from Pinsker’s inequality and Talagrand’s
transport inequality,

max{∥� − � ∥2TV, �� 2
2 (�, �)} ≲ KL(� ∥ �) .

Hence, this algorithmic result for Gaussians complements the two lower bounds in Corollary 4.4.
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