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Abstract

Posterior sampling with the spike-and-slab prior [MB88], a popular multimodal distribution
used to model uncertainty in variable selection, is considered the theoretical gold standard
method for Bayesian sparse linear regression [CPS09, Roc18]. However, designing provable
algorithms for performing this sampling task is notoriously challenging. Existing posterior
samplers for Bayesian sparse variable selection tasks either require strong assumptions about
the signal-to-noise ratio (SNR) [YWJ16], only work when the measurement count grows at least
linearly in the dimension [MW24], or rely on heuristic approximations to the posterior.

We give the first provable algorithms for spike-and-slab posterior sampling that apply for any
SNR, and use a measurement count sublinear in the problem dimension. Concretely, assume
we are given a measurement matrix X ∈ Rn×d and noisy observations y = Xθ⋆ + ξ of a signal
θ⋆ drawn from a spike-and-slab prior π with a Gaussian diffuse density and expected sparsity
k, where ξ ∼ N (0n, σ

2In). We give a polynomial-time high-accuracy sampler for the posterior
π(· | X,y), for any SNR σ−1 > 0, as long as n ≥ k3 · polylog(d) and X is drawn from a matrix
ensemble satisfying the restricted isometry property. We further give a sampler that runs in
near-linear time ≈ nd in the same setting, as long as n ≥ k5 · polylog(d). To demonstrate
the flexibility of our framework, we extend our result to spike-and-slab posterior sampling with
Laplace diffuse densities, achieving similar guarantees when σ = O( 1k ) is bounded.
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1 Introduction

Sparse linear regression is a fundamental, well-studied problem in high-dimensional statistics. In
this problem, there is an unknown sparse signal θ⋆ ∈ Rd that we are trying to estimate, and we are
given a measurement matrix X ∈ Rn×d, as well as noisy observations

y = Xθ⋆ + ξ, where ξ ∼ N (0n, σ
2In). (1)

This problem has been studied for decades by statisticians from the perspective of variable selection,
see e.g., [Hoc76] and references therein, where supp(θ⋆) models the “important features” for a regres-
sion problem, and potentially |supp(θ⋆)| ≪ d. More recently, due to the increasing dimensionality
of data in modern statistics and learning tasks, there has been significant interest in understanding
the computational complexity of sparse linear regression.

One major algorithmic success story in sparse linear regression is a line of work building off break-
through results of [CR05, CT05, Don06, CT06, CRT06] for compressed sensing, which we refer to
collectively as “sparse recovery” methods (some of which are reviewed in Section 2.3). These algo-
rithms take a frequentist viewpoint of (1), and aim to return an estimate θ̂ such that ∥θ̂−θ⋆∥ for an
appropriate norm ∥·∥, e.g., ℓ2 or ℓ∞, often via penalized maximum likelihood methods such as the
Lasso [Tib96]. Impressively, despite the nonconvexity of the problem (i.e., modeling the constraint
that θ⋆ is sparse), the aforementioned line of work showed that as long as X satisfies the restricted
isometry property (RIP, cf. Definition 1), a sparse vector θ⋆ can be recovered up to a function of
the noise level σ in polynomial time. In fact, sparse recovery is tractable even in the sublinear
measurement regime n ≪ d, as long as n is sufficiently larger than the sparsity |supp(θ⋆)|. This
regime is natural for high-dimensional sparse linear regression, because its underconstrained nature
necessitates making a structural assumption on the signal θ⋆, e.g., sparsity.

A potential shortcoming of sparse recovery methods is their inability to model uncertainty in variable
selection. In particular, these frequentist algorithms commit to a single estimate θ̂, and do not
return multiple plausible candidate supports. This issue is particularly manifest in the setting of
moderate signal-to-noise ratios, where some coordinates of θ⋆ have magnitude at or around the
noise level σ. In such settings, it is more appropriate to consider a distribution over estimates to
reflect our uncertainty of θ⋆. This motivates the problem of Bayesian sparse linear regression, the
main problem studied in this paper. In this problem, for some prior distribution π that is mostly
supported on sparse vectors, the task is to return a sample from the posterior distribution,

θ ∼ π (· | X,y) ∝ exp

(
− 1

2σ2
∥y −Xθ∥22

)
π(θ). (2)

Perhaps the most well-studied choice of prior in Bayesian sparse linear regression is the spike-and-
slab prior, introduced by [MB88] and subsequently studied in, e.g., [GM93, Chi96, Gew96]. This
prior is parameterized by q ∈ [0, 1]d and a diffuse density µ governing the non-negligible entries
(the “slab,” i.e., the selected variables). The prior then takes the product density form1

π :=
⊗
i∈[d]

((1− qi)δ0 + qiµ) , (3)

1We refer the reader to Section 2.1 for notation used throughout the paper, and Section 2.2 for the formal definition
of our spike-and-slab posterior sampling problem.
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so that the ith coordinate of θ⋆ ∼ π is independently set to 0 except with probability qi. Throughout
the paper, we define k := ∥q∥1 to be the expected sparsity level of θ⋆ ∼ π; we are primarily interested
in the regime k ≪ d. Standard Chernoff bounds show that |supp(θ⋆)| ≲ k with high probability, so
that at least the frequentist problem of sparse recovery is tractable with n≪ d measurements.

Sampling from (2) when the prior π has the form (3) (henceforth, spike-and-slab posterior sam-
pling) is often referred to as the “theoretical ideal” or “gold standard” for modeling uncertainty in
Bayesian variable selection [JS04, CPS09, IR11, CVDV12, Roc18, PS19]. While the favorable sta-
tistical properties of spike-and-slab posterior sampling are well-documented (see e.g., [CSHVdV15]),
actually performing said sampling is notoriously challenging. This is in large part due to the combi-
natorial and nonconvex nature of (3), which causes the posterior (2) to be a mixture of potentially
exponentially-many Gaussians. This difficulty has caused many researchers to consider approxima-
tions to (2), e.g., by relaxing the hard sparsity constraints, considering mean-field approximations,
or using other heuristics (see Section 1.3 for further discussion, or the review by [BRG21]).

We are aware of relatively few spike-and-slab posterior samplers that provably work without restric-
tive modeling assumptions. The two most relevant to our development are [YWJ16, MW24], who
both gave samplers in different regimes; we give an extended comparison to both in Section 1.3.

In the well-studied setting where µ = N (0, 1) in (3) is a Gaussian, [YWJ16] (which formally studies
a different family of sparse priors than (3)) gives a sampler that only works under very high or very
low signal-to-noise ratios (SNR) σ−1. In such regimes, the posterior distribution either collapses
to a single candidate support (as all signal coordinates are above the noise level), or the posterior
effectively reduces to the prior (as the noise overwhelms the signal). Both settings appear to be
at odds with a major motivation behind Bayesian sparse linear regression, i.e., modeling partial
uncertainty in variable selection. Conversely, while [MW24] works for fairly general diffuse densities
and SNRs (µ, σ−1), it requires that the number of observations n grows at least linearly in the
dimension d. This regime is again at odds with the high-dimensional, underparameterized setting
n≪ d where sparse modeling tasks are typically studied. To the best of our knowledge, the following
motivating question for our work has remained largely unaddressed by the existing literature.

Is there a polynomial-time spike-and-slab posterior sampler

that uses n = o(d) measurements and works for arbitrary SNRs σ−1 > 0?
(4)

1.1 Our results

Gaussian prior. Our primary contribution is to resolve (4) when µ = N (0, 1) is a Gaussian,
and the expected sparsity k is sufficiently small. For simplicity in this introduction, we only state
our results in the case where the measurement matrix X has i.i.d. Gaussian entries. Our formal
theorem statements extend the statements here broadly to any X drawn from any commonly-used
RIP matrix ensemble (cf. Section 2.3 for examples). This can yield improved runtimes when the
ensemble supports fast matrix-vector multiplications, e.g., when X is a subsampled Discrete Fourier
Transform (DFT) matrix.

Theorem 1 (informal, see Theorem 3, Corollary 3). Let µ = N (0, 1) in (3), and suppose X ∈ Rn×d

has i.i.d. entries ∼ N (0, 1n). For any σ > 0, δ ∈ (0, 1), and q ∈ [0, 1]d, letting k := ∥q∥1, the
following hold for the problem of sampling from the posterior π(· | X,y) in (2).
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1. If n = Ω(k3 polylog(dδ )), there is an algorithm that returns θ ∼ π′ such that DTV(π
′, π(· |

y,X)) ≤ δ with probability ≥ 1− δ over the randomness of X, θ⋆, and ξ, which runs in time

O

(
n2d1.5 polylog

(
d

δmin(1, σ)

))
.

2. If n = Ω(k5 polylog(dδ )), there is an algorithm that returns θ ∼ π′ such that DTV(π
′, π(· |

y,X)) ≤ δ with probability ≥ 1− δ over the randomness of X, θ⋆, and ξ, which runs in time

O

(
nd log

(
1

min(1, σ)

))
.

We briefly remark on the form of Theorem 1. There are two sources of failure: the random model
instance (X, θ⋆, ξ), and the inaccuracy of our sampler itself. With positive probability, the model
will produce an instance with an intractable posterior sampling task (e.g., if X is not RIP or θ⋆

is not sparse). Assuming the success of the model, our sampler gives high-accuracy convergence
guarantees to the true posterior (achieving total variation δ with a polylog(1δ ) dependence).

Our required sample complexity, or the number of random measurements n in Theorem 1, scales
sublinearly in d for sufficiently small k. Qualitatively, this draws a parallel between Theorem 1
and results in the sparse recovery literature, which also estimate θ⋆ (via optimization instead of
sampling) from n = poly(k, log(dδ )) measurements. It is plausible that (4) could even be answered
affirmatively given the natural limit of n ≈ k observations. However, this would likely require
fundamentally new techniques, which we leave as an exciting open question.

Laplace prior. Several of the qualitative statements we are able to prove about our Gaussian
posterior sampler in Theorem 1 remain true for general diffuse densities µ in (3) (which we expand
on in Section 1.2). For this reason, at least for a range of SNRs σ−1 > 0, we believe our techniques
extend to posterior sample from (2) for a fairly broad set of diffuse densities µ in (3). This is a
desirable trait, shared e.g., by the sampler of [MW24], which applies to the regime n = Ω(d). As a
demonstration of our framework, we show how to sample from (2) when µ = Lap(0, 1) in (3).

Theorem 2 (informal, see Theorem 4, Corollary 5). Let µ = Lap(0, 1) in (3), and suppose X ∈ Rn×d

has i.i.d. entries ∼ N (0, 1n). For any δ ∈ (0, 1), σ ∈ (0, O((k + log(1δ ))
−1)], and q ∈ [0, 1]d, letting

k := ∥q∥1, the following hold for the problem of sampling from the posterior π(· | X,y) in (2).

1. If n = Ω(k3 polylog(dδ )), there is an algorithm that returns θ ∼ π′ such that DTV(π
′, π(· |

y,X)) ≤ δ with probability ≥ 1− δ over the randomness of X,θ⋆, and ξ, which runs in time

O

(
n2d1.5 log

(
d

σδ

)
+
k4

δ2
polylog

(
d

σδ

))
.

2. If n = Ω(k5 polylog(dδ )), there is an algorithm that returns θ ∼ π′ such that DTV(π
′, π(· |

y,X)) ≤ δ with probability ≥ 1− δ over the randomness of X,θ⋆, and ξ, which runs in time

O

(
nd log

(
d

σδ

)
+
k4

δ2
polylog

(
d

σδ

))
.
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Theorems 1 and 2 have two main differences. First, the runtime of Theorem 2 scales polynomially
with 1

δ (in a low-order term), as opposed to Theorem 1’s polylogarithmic scaling. This is because in
the Gaussian setting, there is an explicit formula for the proportionality constant of each posterior
component (corresponding to a possible supp(θ⋆)). However, in the Laplace setting, we must rely
on Monte Carlo estimation of normalizing constants, leading to a total variation error that scales
with our estimate’s approximation factor. Second, due to technical obstacles in the analysis of a
rejection sampling step of our algorithm, Theorem 2 is only able to tolerate a bounded noise level
σ ≲ 1

k . We think it is an interesting open direction to characterize the types of µ for which (4) can
be answered affirmatively (potentially including µ = Lap(0, 1)).

1.2 Overview of approach

In this section, we overview the pieces of our algorithm and its analysis. A straightforward calcu-
lation based on Bayes’ theorem (see Lemmas 8 and 10) shows that when µ = N (0, 1) in (3), the
posterior distribution (2) is a mixture of Gaussians:

π (· | X,y) =
∑
S⊆[d]

w(S)N
(
A−1

S bS ,A
−1
S

)
,

where w(S) ∝

(∏
i∈S

qi

1− qi

)
exp

(
1

2
∥bS∥2A−1

S

)
1√

detAS
,

AS ∈ RS×S :=
1

σ2

[
X⊤X

]
S×S

+ IS , bS ∈ RS :=
1

σ2
X⊤

S:y,

(5)

and w forms a distribution over {S | S ⊆ [d]}. The key challenge is that, even if one can establish
that π(· | X,y) is mostly supported on ≈ k-sparse subsets S (where RIP holds and estimation is
easy), there are still ≈ dk candidate small subsets to enumerate over. Thus, a natural starting point
is to correct an easier-to-sample proposal distribution that approximates (5).

Approximating with a product mixture. Our approach is inspired by first-order frequentist
methods for solving sparse linear regression (1), when X is RIP. This condition means that for
bounded-size subsets S ⊆ [d], we have [X⊤X]S×S ≈ IS is an approximate isometry, so AS in (5) is
close to a multiple of the identity (see Definition 1 for a formal statement). Many sparse recovery
methods simulate well-conditioned gradient descent, a method for optimizing convex functions, on
the naturally nonconvex sparse linear regression objective by enforcing sparsity of iterates [BD09,
NT09] or by projecting onto convex proxy sets for sparsity [ANW10]. Thus, a natural approach to
sampling from (2), at least restricted to components S ⊆ [d] with small |S|, is to approximate each
corresponding Gaussian in (5) with an isotropic Gaussian (i.e., a product density).

Fortunately, there is precedent: for the closely-related problem of sampling from the sparse mean
model, where we receive observations of the form (1) but X = Id, [CVDV12] provided a simple
dynamic programming-based algorithm for drawing a candidate subset S ∼ w. The key property
enabling the [CVDV12] algorithm is that both the prior and mixture components are product
distributions. Thus, our starting point is to approximate (1) with a sparse mean model.

Denoising the observations. One candidate for simulating the sparse mean model is

X⊤y = X⊤Xθ⋆ +X⊤ξ ≈ θ⋆ +X⊤ξ,

6



where the above approximation holds due to RIP, assuming the signal θ⋆ is sparse. At least for
the natural setting of small σ, this calculation suggests X⊤y (which we can recover from our
observations) is a good estimate of θ⋆. Unfortunately, the coordinates of X⊤y are highly non-
uniform in magnitude, due to randomness inherent in the diffuse density µ. This causes difficulties
when setting up a rejection sampling scheme for sampling from w in (5), because the estimate

exp

(
1

2
∥bS∥2A−1

S

)
≈ exp

(
σ2

2(1 + σ2)
∥bS∥22

)
, where b :=

1

σ2
X⊤y

does not hold, even though AS ≈ (1+σ2

σ2 )IS is true for small S. This is simply because the scale of
bS is too large, due to the aforementioned nonuniformity in θ⋆ ∼ π.

We make the crucial observation that we can “denoise” the proportionality constants in (5), using
a vector θ̂ ∈ Rd that meets a certain criterion, as follows. Let θ̂ ∈ Rd have T := supp(θ̂), and let
T ⊆ S, S′ ⊆ [d]. Then, a straightforward calculation (Lemma 5) shows that

exp
(
1
2 ∥bS∥2A−1

S

)
exp

(
1
2 ∥bS′∥2

A−1
S′

) =
exp

(
1
2 ∥zS∥

2
A−1

S

)
exp

(
1
2 ∥zS′∥2

A−1
S′

) , where z :=
1

σ2

(
X⊤y −X⊤Xθ̂

)
− θ̂. (6)

Thus, as long as almost all high-weight S in (5) are supersets of some T ⊆ [d], we have freedom in
choosing θ̂ ∈ Rd supported in T , to shrink the scale of our proportionality constants using (6).

Constructing a posterior estimator. The next step in our plan is to construct an estimate
θ̂(X,y), for which we can show supp(θ) ⊇ supp(θ̂) with high probability over θ ∼ π(· | X,y).

We propose to use θ̂ obtained using sparse recovery with ℓ∞ guarantees. To draw a connection
between θ̂ ≈ θ⋆ and θ̂ ≈ θ ∼ π(· | X,y), we extend a powerful result of [JAD+21] (Proposition 4)
that characterizes posterior sampling as an estimation tool. Specifically, it shows that posterior
sampling achieves estimation guarantees within a constant factor of any other estimator in any
metric, that is learned from noisy measurements of a signal. Due to the existence of sparse recovery
guarantees in ℓ∞, we show that thresholding the coordinates of a frequentist estimate θ̂ yields a
sufficient T for our framework. This can be intuitively viewed as learning the “obvious” coordinates
of θ⋆ above the noise level σ, which almost all posterior samples should also contain.

After applying this denoising, we are able to show that our new proportionality constants in (6)
are much more closely approximated by a sparse mean model, for small S ⊆ [d]. However, we
are left to prove that π(· | X,y) is mainly supported on small S ⊆ [d]. While this is an intuitive
property (as the prior is sparse), we were previously only aware of proofs in specific cases. For
example, [CSHVdV15] showed sparsity of the spike-and-slab posterior when µ = Lap(0, 1), but
their proof technique required the negative log-density to be a norm, and hence did not apply to
µ = N (0, 1). By a very simple application of Proposition 4 (cf. Corollary 1), we prove such a
sparsity concentration result for all densities µ, which is potentially of independent interest.

Our final sampler first learns a frequentist estimate θ̂ with large coordinates T , and draws S ⊆ [d]
from a product distribution restricted to S ⊇ T and |S| ≲ k. It then applies a denoised rejection
sampling step to correct this proposal. Our proposal distribution is sampled via conditional Poisson
sampling (Lemma 4), based on a dynamic programming strategy. Interestingly, the product distri-
bution inducing our proposal is actually not concentrated on small subsets, so it only approximates
our posterior (5) over a high-probability region of supp(θ) where θ ∼ π(· | X,y).

7



Intuitively, our algorithm reflects uncertainty in the denoised sparse linear regression problem: we
do not know the location of the remaining small signal coordinates, but we know they are few.

Extending to a Laplace prior. We now illustrate how to extend our findings to the Laplace
prior setting (Theorem 2). Unlike the Gaussian case, the ℓ1 norm arising from the Laplace prior
precludes a closed-form expression for the density over the posterior support. Consequently, we rely
on the triangle inequality to perform approximations, and subsequently establish in Lemma 13 that
for noise level σ = O

(
1
k

)
, it is still possible to construct an approximate density that is both efficient

to sample from and closely approximates the true posterior. A further challenge in designing an
efficient algorithm is computing the rejection ratio, again due to the lack of a closed-form expression
for the posterior density. To overcome this, we use an annealing-based algorithm (Proposition 6)
combined with an approximate sampler for composite densities developed in [LST21] to estimate
normalizing constants in polynomial time, enabling us to bypass the need for an exact closed-form
density while still ensuring efficient and accurate sampling from the posterior.

1.3 Related work

Over the years, there has been a huge amount of work on high dimensional sparse regression in
both the Bayesian and frequentist communities [MB88, GM93, EHJT04, Wai09, BP20, MW24].
Under the Bayesian paradigm, some works focus on finding the mode of the posterior distribution
in (2) [RG14, RG18], but such an estimate ignores the uncertainty of the posterior. Directly sampling
from the posterior, on the other hand, could address such drawbacks. While there is an active line of
research in this direction [BCM16, NH19, JB20], computationally efficient algorithms with rigorous
theoretical guarantees have been few, due to the key challenge that the posterior resulting from the
spike-and-slab prior is high-dimensional and may be very far from unimodal.

MCMC-based methods. One line of work on posterior sampling exploits MCMC-based meth-
ods [BC09, RBR10, SFCM15, YWJ16]. Motivated by the Bernstein-von Mises theorem, [BC09]
assume that the posterior is close to a normal density and design a sampler based on this assumption.
Closer in spirit to our work, [YWJ16] assumes their measurement matrix X satisfies a condition
similar to RIP, and shows that the posterior on the set of “influential coordinates” (i.e., those larger
than the noise level) is unimodal, if the SNR is very high or very low. However, their work does not
capture a broad range of intermediate SNRs (see discussion after Eq. (10)), for which the posterior
can display multimodal behavior. Moreover, Theorem 6 of [CSHVdV15] shows that under some mild
conditions, the posterior converges to a mixture of Gaussians, and such a mixture will collapse into a
single Gaussian only if the signal dominates the noise. Such a result uncovers a limitation of current
MCMC-based methods: their conclusions are based on the premise that posterior is approximately
a unimodal distribution, which reduces the difficulty of mixing time analyses.

Finally, recent work [BH24] studies the use of diffusion methods for posterior sampling in linear
inverse problems. We think this is an interesting approach that merits further investigation, e.g.,
for our specific case of spike-and-slab posterior sampling. However, the aforementioned result is not
analyzed in discrete time, and its techniques do not readily apply to our setting; in particular, their
parameter χt(π) in Eq. (14) is unbounded for the spike-and-slab prior π.

Approximating the posterior. Another line of work on posterior sampling uses variational
Bayesian methods, which obtain the closest approximation of a complex posterior distribution from
a more tractable family [JGJS99, WJ08, BKM17]. The most popular approximating family consists

8



of product distributions, and the corresponding approximation is known as a naïve mean-field
approximation. For example, [RS22] and [MS22] show that the mean-field approximation has strong
theoretical properties. However, the mean-field optimization problem has been shown to be highly
nonconvex with spurious local optima in some simple learning settings [MS22]. Moreover, [GJM18]
show the failure of naïve mean-field for a simple high-dimensional problem. In some sense, our paper
also obtains a variational approximation by sampling from an appropriate product distribution.
However, instead of choosing the “best” candidate (requiring nonconvex optimization), we choose
one guided by fine approximations of the true posterior and the RIP condition.

Moderate dimension. Recently, [MW24] gave a computationally-efficient posterior sampler in a
setting where the posterior can be highly multimodal. Their algorithm is motivated by decomposi-
tions in statistical physics, and introduces a latent variable that is easily sampleable and induces the
correct marginal distribution on the parameters θ. However, [MW24] assume that their design ma-
trix X has a number of linear measurements which grows at least linearly in the feature dimension
d. This can be a costly assumption in practical high-dimensional settings.

In our paper, we remove the aforementioned constraints, i.e., we operate in the high-dimensional
regime of n = o(d) and under a range of SNRs σ−1 where the posterior is potentially multimodal.

2 Preliminaries

2.1 Notation

General notation. We denote matrices in capital boldface and vectors in lowercase boldface. We
define [n] := {i ∈ N | i ≤ n}. When S is a subset of a larger set clear from context (e.g., [d]), we let
Sc denote its complement. We let 0d and 1d denote the all-zeroes and all-ones vectors in Rd.

Matrices. We let Id denote the d × d identity matrix, and IS is the identity on RS for an index
set S. We use ⪯ to denote the Loewner partial order on the cone of positive semidefinite (PSD)
matrices (denoted Sd×d

⪰0 when in d dimensions), a subset of the symmetric matrices (analogously,
denoted Sd×d). When M ∈ Sd×d

⪰0 is non-singular, we define its induced norm by ∥v∥2M := v⊤Mv.

For p ≥ 1 (including p =∞), applied to a vector argument, ∥·∥p denotes the ℓp norm. For p, q ≥ 1

and a matrix M ∈ Rn×d, we also use the notation ∥M∥p→q := maxv∈Rd|∥v∥p≤1 ∥Mv∥q.

We use ∥·∥F and ∥·∥op to denote the Frobenius and (2→ 2) operator norms of a matrix argument,
and for M ∈ Sd×d, λ(M) ∈ Rd denotes its vector of eigenvalues sorted in nondecreasing order, i.e.,
λ1(M) ≥ λ2(M) ≥ . . . ≥ λd(M). We also use λmax(M) and λmin(M) to denote the maximal and
minimal eigenvalues of M ∈ Sd×d. For an asymmetric rank-r M, we let σ(M) ∈ Rr

>0 denote its
singular values, and define σmin, σmax similarly. For M ∈ Sd×d, we let M† denote its pseudoinverse,
i.e., the matrix in Sd×d satisfying MM† = M†M is the projection matrix onto the span of M.

We let ω < 2.373 [ADV+25] denote the matrix multiplication exponent, and assume multiplying,
inverting [Str69], and computing eigendecompositions [PC99] of d× d matrices takes O(dω) time.

Probability. For p ∈ (0, 1), we let Bern(p) denote the Bernoulli distribution (over {0, 1}) with
mean p. We use N (µ,Σ) to denote the multivariate normal distribution with specified mean and
covariance. For t ∈ R we let δt denote the Dirac (generalized) density at t, i.e., x ∼ δt =⇒ x = t

9



with probability 1. We let Lap(µ, b) be the Laplace distribution with mean µ and scale b, so Lap(0, 1)
is the density on R that is ∝ exp(−| · |). For an event E , IE denotes its 0-1 indicator variable. We
denote the total variation distance between two distributions µ, ν by DTV(µ, ν).

For a density µ over R, we denote µ⊗S to denote the product density over RS whose coordinates are
i.i.d. ∼ µ. We use µ⊗d to denote the case when S = [d]. More generally, we use

⊗
i∈[d] µi to mean

the product density whose ith coordinate is distributed ∼ µi.

For simplicity throughout the paper, we assume that all one-dimensional integration and sampling
takes O(1) time. All applications of this assumption involve reasonably well-behaved functions, and
we expect this to be a fairly realistic assumption in practice.

Indexing. For a vector v ∈ Rd and S ⊆ [d], we use vS ∈ RS to denote its restriction to its
coordinates in S. We let nnz(·) denote the number of nonzero entries in a matrix or vector argument.
We let supp(v) denote the subset of nonzero entries in v (i.e., its support). For M ∈ Rn×d, we use
Mi: to denote its ith row for i ∈ [n], and M:j to denote its jth column for j ∈ [d]. When S ⊆ [n] and
T ⊆ [d] are row and column indices, we let MS×T be the submatrix indexed by S and T ; if T = [d]
we simply denote this submatrix as MS: and similarly, we define M:T . We fix the convention that
transposition is done prior to indexing, i.e., M⊤

S×T := [M⊤]S×T .

2.2 Spike-and-slab posterior sampling

In this section, we formally define our problem. We begin by defining the spike-and-slab density,
originally introduced by [MB88]. The spike-and-slab density is a simple product density that is
parameterized by q ∈ [0, 1]d and a diffuse density µ over R, given as follows:

π :=
⊗
i∈[d]

((1− qi)δ0 + qiµ) . (7)

In other words, the ith coordinate of θ ∼ π is nonzero with probability qi, for all i ∈ [d]. Finally, if
µ is unspecified we assume µ = N (0, 1) is a standard Gaussian.

There is an alternative characterization of the distribution in (7) which follows by first describing
the distribution πsupp of the support of θ ∼ π, and then sampling θ from the conditional distribution
(i.e., via Bayes’ theorem). We describe this alternative characterization as follows.

1. First, a support S ⊆ [d] is sampled from πsupp, where

πsupp(S) =

(∏
i∈S

qi

)(∏
i∈Sc

(1− qi)

)
for all S ⊆ [d]. (8)

2. Second, θ⋆
Sc is set to 0Sc , and θ⋆

S is sampled from

θ⋆
S ∼ µ⊗S . (9)

We now define our posterior sampling problem.
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Model 1 (Spike-and-slab posterior sampling). Let q ∈ [0, 1]d, n, d ∈ N, k = ∥q∥1, and σ > 0 be
known, and let µ = N (0, 1). Let X ∈ Rn×d be a known measurement matrix, and suppose that we
observe (X,y) where, following the notation (7), y is generated via

θ⋆ ∼ π, ξ ∼ N (0d, σ
2Id), y = Xθ⋆ + ξ, (10)

and θ⋆ and ξ are independent. Our goal is to sample from the posterior π(· | X, y).

That is, y in (10) follows a standard noisy linear model, so our posterior task is a Bayesian linear
regression problem with spike-and-slab prior (7). In light of our earlier viewpoint (8), (9) of sampling
from π, there is similarly a two-stage process that characterizes sampling θ ∼ π(· | X,y). We now
provide an explicit description of this process in the case when µ = N (0, 1).

1. First, a support S ⊆ [d] is sampled from πsupp(· | X,y), where

πsupp(S | X,y) ∝
(
∏

i∈S qi)(
∏

i∈Sc(1− qi))

(2π)
|S|
2

∫
RS

exp

(
− 1

2σ2
∥y −XθS∥22 −

1

2
∥θS∥22

)
dθS ,

(11)
and the integral extends each θS ∈ RS to θ ∈ Rd via padding by zeroes.

2. Second, θ ∈ Rd is sampled from π(· | X,y, S), where

π(θ | X,y, S) ∝ exp

(
− 1

2σ2
∥y −Xθ∥22 −

1

2
∥θ∥22

)
· Isupp(θ)⊆S . (12)

In (11), we used the following standard calculation to compute the normalizing constants of the
relevant multivariate Gaussian densities, which will be used several times throughout.

Fact 1 (Gaussian normalization). Let Σ ∈ Sd×d
⪰0 be non-singular and let µ ∈ Rd. Then,∫

exp

(
−1

2
θ⊤Σ−1θ + θ⊤µ

)
dθ = (2π)

d
2 exp

(
1

2
∥µ∥2Σ

)
det(Σ)

1
2 . (13)

2.3 Sparse recovery

In this section, we state several preliminaries on noisy sparse recovery in the following model. In
particular, Model 2 differs from Model 1 primarily in that θ̂ is not assumed to be drawn from a
fixed prior distribution, but is instead a “worst-case” sparse signal to be estimated. We defer all
proofs from this section to Appendix A, as most are well-known in the literature.

Model 2 (Sparse recovery). Let n, d ∈ N, k ∈ [1, d], and σ > 0 be known. Let X ∈ Rn×d be a known
measurement matrix, and let θ⋆ ∈ Rd, ξ ∈ Rn satisfy nnz(θ⋆) ≤ k. Suppose we observe (X,y) where

y = Xθ⋆ + ξ, ξ ∼ N (0n, σ
2In).

Our goal is to output an estimate of θ⋆.

For a survey of techniques and known results in sparse recovery, we refer the reader to Chapter 7 of
[Wai19] and references therein. We provide two recovery results under Model 2 under assumptions
on the pair (X, ξ). To state our assumptions, we require the following standard definition.
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Definition 1 (Restricted isometry property). We say X ∈ Rn×d satisfies the (ϵ, s)-restricted isom-
etry property, or X is (ϵ, s)-RIP, if for all θ ∈ Rd with nnz(θ) ≤ s,

(1− ϵ) ∥θ∥22 ≤ ∥Xθ∥22 ≤ (1 + ϵ) ∥θ∥22 .

An equivalent condition is that λ([X⊤X]S×S) ∈ [1− ϵ, 1 + ϵ]s for all S ⊆ [d] with |S| ≤ s.

Intuitively, RIP implies X acts as an approximate isometry when restricted to sparse vectors, so
[X⊤X]S×S is well-conditioned for any sparse support S. Various random matrix ensembles have
been shown to satisfy Definition 1; we recall two such standard constructions below.

Proposition 1 (Theorem 9.2, [FR13]). Let M be an n × d random matrix, where entries of M
are independent mean-zero sub-Gaussian random variables with variance 1. There exists a constant
C > 0 such that for any s ∈ [d], X = 1√

n
M is (ϵ, s)-RIP with probability ≥ 1− δ if

n ≥ C ·
s ln d

s + log 1
δ

ϵ2
.

Proposition 2 (Theorem 4.5, [HR17]). Let M ∈ Cd×d be a discrete Fourier matrix whose elements
are given by Mjk = d−1/2 · exp(2πι · jkd ) where ι :=

√
−1. Let X ∈ Cn×d be a matrix whose d rows

are chosen uniformly and independently from the rows of M multiplied by
√
d/n. There exists a

constant C > 0 such that for any s ∈ [d], X is (ϵ, s)-RIP with probability ≥ 1− 2−Ω(log d log(s/ϵ)) if

n ≥ C ·
s · log d · log2( sϵ ) · log

2(1ϵ )

ϵ2
.

For more constructions of RIP matrix ensembles, including sampling bounded orthonormal systems
and real trignometric polynomials, we refer the reader to Chapter 12 of [FR13].

We next state the main sparse recovery results used in our samplers. These sparse recovery algo-
rithms require some mild additional technical conditions for runtime bounds, which are satisfied by
all of the constructions in Propositions 1 and 2 with high probability, after minor modifications.

Assumption 1 (Assumptions for ℓ∞ sparse recovery). In the setting of Model 2, suppose that
X ∈ Rn×d is ( 1

4k , k + 1)-RIP, that the columns of X are in general position (i.e., for any r ∈ [n]

and S ⊆ [d] with |S| = r, X:S is full-rank), and σ1(X)
σn(X) ≤ κ.

In our applications of our framework (cf. Section 3.3), we provide explicit estimates of κ which hold
with high probability. The assumption that X has columns in general position holds with probability
1 if X’s entries are drawn from continuous probability densities (measurable w.r.t. Lebesgue), as
was observed in e.g., [Tib13]. In other settings, we can enforce this general position assumption by
adding infinitesimal noise to X’s entries, and absorb the error under Model 2 into ξ.

Assumption 2 (Assumptions for ℓ2 sparse recovery). In the setting of Model 2, suppose that for
some m ∈ [n],

√
m/n ·X[m]: is ( 1

10 , C2k)-RIP for a universal constant C2.

We include Assumption 2 for our sampling applications, which use X satisfying (ϵ, O(k))-RIP for
some ϵ ≪ 1. Since our ℓ2 sparse recovery result only requires a constant ϵ parameter, but incurs
error proportional to the noise level (scaling with the number of rows used), Assumption 2 (satisfied
by all our RIP matrix ensembles) sharpens our measurement complexity’s dependence on k.
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We defer a proof of Proposition 3 to Appendices A.3 and A.4.

Proposition 3. In the setting of Model 2, the following hold.

1. Under Assumption 1, there is an algorithm A∞ that returns θ̂ satisfying∥∥∥θ̂ − θ⋆
∥∥∥
∞
≤ C∞r∞, for any r∞ ≥

∥∥∥X⊤ξ
∥∥∥
∞

and for a universal constant C∞. Moreover, A∞ runs in time

O

(
d1.5n2 log

(
dκ ·

(
1 +

R∞
r∞

)))
, for any R∞ ≥

∥∥∥X⊤y
∥∥∥
∞
.

2. Under Assumption 2, there is an algorithm A2 that returns θ̂ satisfying∥∥∥θ̂ − θ⋆
∥∥∥
2
≤ C2r2, for any r2 ≥

∥∥∥ξ[m]

∥∥∥
2
.

Moreover, A2 runs in time

O

(
nd log

(
R2

r2

))
, for any R2 ≥ ∥θ⋆∥2 .

Finally, we give a helper tool bounding quantities appearing in Proposition 3 for our model.

Lemma 1. Let X ∈ Rn×d satisfy (ϵ, 1)-RIP and ξ ∼ N (0n, σ
2In). Then

∥∥∥X⊤ξ
∥∥∥
∞
≤ σ(1 + ϵ)

√
2 log

(
d

δ

)
, with probability ≥ 1− δ, for all δ ∈ (0, 1).

2.4 Performance of posterior sampling via estimation

We next introduce a key technical tool from that shows posterior sampling performs nearly as well
at estimation as any other procedure, in a precise sense. To our knowledge, this fact was first stated
in [JAD+21]. We use this in several places to prove properties of our posterior distributions. Here,
we state a slight generalization of the result from [JAD+21] and defer a proof to Appendix B.1.

Proposition 4 (Generalization of Theorem 3.4, [JAD+21]). Let m(·, ·) be an arbitrary metric over
K ×K and suppose µ is a distribution over K. Let θ⋆ ∼ µ, let F : K → Ω be an arbitrary (possibly
randomized) forward operator, and let φ = F(θ⋆). Suppose there is any (possibly randomized)
algorithm A : Ω→ K such that for ϵ > 0, δ ∈ (0, 1),

P
[
m(θ̂, θ⋆) > ϵ

]
≤ δ, for θ̂ ∼ A(φ), (14)

where probabilities are taken over the joint distribution of (θ⋆, φ, θ̂). Then, letting θ ∼ µ(· | φ), i.e.,
the posterior distribution of θ⋆ given observations φ, we have

P [m(θ, θ⋆) > 2ϵ] ≤ 2δ.
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To demonstrate the power of Proposition 4, we prove a support size concentration result for spike-
and-slab posteriors. A similar result was shown in Theorem 1, [CSHVdV15], which did not give a
quantitative convergence rate. Moreover, the strategy in [CSHVdV15] is somewhat more ad hoc,
as it was specialized to Laplace priors (for example, it relied on the negative log-density obeying
the triangle inequality, which does not hold for e.g., the Gaussian prior). In contrast, we prove a
non-asymptotic result for arbitrary product priors, using an arguably simpler proof.

Corollary 1 (Sparsity of posterior). In the setting of Model 1, let θ ∼ π(· | X,y). Then

P

[
|supp(θ)| ≤ 6

(
k + log

(
3

δ

))]
≥ 1− δ, for all δ ∈ (0, 1), (15)

Moreover, (15) holds for any choice of µ in Model 1.

Proof. We apply Proposition 4 to the distribution πsupp(· | X,y) defined in (8), (11). Let K be
the set of subsets of [d], and let φ = (X,y) (so Ω = Rn×d × Rn). Moreover, let m(S1, S2) be the
Hamming distance between S1, S2 ⊆ [d], i.e.,

m(S1, S2) = |{i ∈ [d] | (i ∈ S1 ∧ i ̸∈ S2) ∨ (i ∈ S2 ∧ i ̸∈ S1)}| .

It is well-known that m(·, ·) is a metric on K. We let A(φ) always return the empty set ∅. By a
Chernoff bound, letting S⋆ ∼ πsupp, since |S⋆| is the sum of variables ∼ Bern(qi) for all i ∈ [d],

P

[
|S⋆| ≥ 2

(
k + log

(
3

δ

))]
= P

[
m(S⋆,A(φ)) ≥ 2

(
k + log

(
3

δ

))]
≤ δ

3
.

Thus, (14) holds with ϵ = 2(k + log(3δ )) so that, for S ∼ πsupp(· | X,y),

P

[
m(S, S⋆) ≥ 4

(
k + log

(
3

δ

))]
≤ 2δ

3
.

Finally, by the triangle inequality on m(·, ·),

|S| = m(S,A(φ)) ≤ m(S, S⋆) + m(S⋆,A(φ)) = m(S, S⋆) + |S⋆|.

Hence, we have

P

[
|S| ≤ 6

(
k + log

(
3

δ

))]
≥ P

[
|S⋆|+m(S, S⋆) ≤ 6

(
k + log

(
3

δ

))]
≥ P

[
|S⋆| ≤ 2

(
k + log

(
3

δ

))
∧m(S, S⋆) ≤ 4

(
k + log

(
3

δ

))]
.

The conclusion follows from a union bound over the above two events.

Proposition 4’s conclusion holds over the randomness of both (θ⋆, φ) (collectively, defining the
“model” we are given in the posterior sampling problem) and the sample θ ∼ µ(· | φ). This
guarantee is not quite compatible with our applications, as we would only like to reason about the
failure probability of our sampler for a given posterior distribution, holding the model fixed.

We give a simple reduction showing that an event which holds with very high probability over the
randomness of (θ⋆, φ, θ) also holds with high probability over θ ∼ µ(· | φ), for “most” models (θ⋆, φ).
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Lemma 2. Let (α, β) be random variables, and let Eα,β be an event that depends on their realizations.
Suppose for some δ1, δ2 ∈ (0, 1) that P(α,β)[Eα,β ] ≥ 1− δ1δ2. Then, letting g(α) := Pβ [Eα,β | α],

Pα[g(α) ≤ 1− δ1] ≤ δ2.

Our final theorem statements use Lemma 2 by applying it with α ← (θ⋆, ξ) (i.e., the randomness
used to generate observations y in Model 1), and β ← θ ∼ µ(· | X,y). We refer to this usage by
qualifying that statements hold “with probability ≥ 1− δ1 over the randomness of Model 1.”

2.5 Rejection sampling

Our posterior sampler is based on approximate rejection sampling, i.e., sampling a (high-probability)
restriction of the target posterior distribution which has bounded relative density compared to an
easier-to-sample conditional product distribution. We provide the following standard result on
approximate rejection sampling, adapted from [LST21] and proven in Appendix B.2.

Lemma 3. Let π, µ be distributions over the same domain Ω, and suppose that π ∝ P and µ ∝ Q
for unnormalized densities P,Q. Moreover, suppose that for all ω ∈ Ω,

P (ω)

Q(ω)
≤ C, Q(ω)

P (ω)
≤ C.

There is an algorithm RejectionSample(µ, P,Q,Ω, C, δ) that, for any δ ∈ (0, 1), outputs a sample
within total variation distance δ from π. The algorithm uses O(C2 log(1δ )) samples from µ, and
evaluates P (ω)

Q(ω) O(C2 log(1δ )) times.

2.6 Conditional Poisson sampling

In this section, we state the guarantees on a conditional Poisson sampling algorithm (see [Gra05]),
which will be useful subsequently. In short, this sampler gives a subset S ⊆ [d] where indices are
included as a product of Bernoulli indicators, conditioned on the event |S| ≤ k for some specified
k ∈ [d]. While we believe the dynamic programming-based solution we present is classical, we
include a full proof in Appendix B.3 along with pseudocode in Algorithm 5.

Lemma 4. Let p ∈ [0, 1]d, and let π :=
⊗

i∈[d] Bern(pi) be a product distribution over {0, 1}d, iden-
tified with sets S ⊆ [d] in the canonical way. Define Ωk := {S ⊆ [d] | |S| ≤ k}. ConditionalPoisson
(Algorithm 5) runs in time O(dk) and returns S ∈ Ωk such that P[S = T ] = π(T | T ∈ Ωk).

Our final sampler uses Lemma 4 to sample from a base distribution µ in Lemma 3.

3 Spike-and-slab posterior sampling with Gaussian prior

In this section, we give our posterior sampler under Model 1 when µ = N (0, 1), i.e., a Gaussian
prior is used. To motivate our development, we make the following observation.

Lemma 5. In the setting of Model 1, let

A :=
1

σ2
X⊤X+ Id, b :=

1

σ2
X⊤y,
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and denote AS := AS×S for brevity. For some θ̂ ∈ Rd with T := supp(θ̂), let z := b−Aθ̂. Then,

exp
(
1
2 ∥bS∥2A−1

S

)
exp

(
1
2 ∥bS′∥2

A−1
S′

) =
exp

(
1
2 ∥zS∥

2
A−1

S

)
exp

(
1
2 ∥zS′∥2

A−1
S′

) , for any T ⊆ S, S′ ⊆ [d].

Proof. First, observe that since T ⊆ S, S′,[
Aθ̂
]
S
=

[(
1

σ2
X⊤X+ Id

)
θ̂

]
S

= AS θ̂S ,

and similarly [Aθ̂]S′ = AS′ θ̂S′ . The result follows by directly expanding:

1

2
∥zS∥2A−1

S
− 1

2
∥zS′∥2

A−1
S′

=
1

2
∥bS∥2A−1

S
− θ̂

⊤
SASA

−1
S bS +

1

2

∥∥∥AS θ̂S

∥∥∥2
A−1

S

− 1

2
∥bS′∥2

A−1
S′

+ θ̂
⊤
S′AS′A−1

S′ bS′ − 1

2

∥∥∥AS′ θ̂S′

∥∥∥2
A−1

S′

=
1

2
∥bS∥2A−1

S
− 1

2
∥bS′∥2

A−1
S′
− θ̂

⊤
SbS + θ̂

⊤
S′bS′

+
1

2
θ̂
⊤
SAS θ̂S −

1

2
θ̂
⊤
S′AS′ θ̂S′ =

1

2
∥bS∥2A−1

S
− 1

2
∥bS′∥2

A−1
S′
,

where in the last equality, we used our support set assumption.

To explain how Lemma 5 is used, a direct calculation (combining (11) with Fact 1, see Lemma 8)
shows that up to a term depending only on qS , we have

πsupp(S | X,y) ∝ exp

(
1

2
∥bS∥2A−1

S

)
.

We would like to sample from this distribution using rejection sampling (Lemma 3) on top of a
product distribution. However, some coordinates of X⊤y = X⊤Xθ⋆ + X⊤ξ ≈ θ⋆ + X⊤ξ are po-
tentially much larger than others, depending on the randomness of the model. This non-uniformity
breaks straightforward applications of rejection sampling.

We instead use Lemma 5 with an estimated “hint” vector θ̂ that has two properties: supp(θ̂) ⊆ S ∼
π(· | X,y) with high probability, and z := b−Aθ̂ is small in an appropriate norm. Lemma 5 then
lets us use a product distribution that depends on the size of z, rather than the less uniform b.
This hint vector estimation effectively denoises our observations by first crudely estimating of the
large coordinates of θ⋆ up to the noise level, via sparse recovery.

In Section 3.1, we give helper results leveraging Proposition 3 to produce an estimate θ̂ to guide
our sampler. In Section 3.2, we give a rejection sampling procedure based on a conditional Pois-
son distribution, building upon Lemma 5 to efficiently sample from a high-probability region over
πsupp(· | X,y). Finally, we combine these results to prove Theorem 3 in Section 3.3.
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3.1 Posterior estimation

We first give an estimator θ̂ whose residual y −Xθ̂ is bounded in an appropriate norm, with high
probability over our model. Our estimator builds upon an arbitrary ℓ∞ sparse recovery algorithm,
e.g., those in Proposition 3. We state the guarantees we require of such an algorithm as follows.

Assumption 3. Let A(X,y) be an algorithm with the following guarantee, parameterized by a
universal constant CA and RA : N× (0, 1)× (0, 1)→ R≥0. In the setting of Model 2, suppose X is
(ϵ, CAk)-RIP for ϵ ∈ (0, 1). Then A(X,y) returns θ′ satisfying∥∥θ′ − θ⋆

∥∥
∞ ≤ σ ·RA(k, ϵ, δ), with probability ≥ 1− δ,

for any δ ∈ (0, 1), over the randomness of ξ.2

For example, A ← A∞ in Proposition 3 satisfies Assumption 3 with CA = 2 and RA(k, ϵ, δ) ≈√
log(d/δ) whenever ϵ ≤ 1

4k , by using Lemma 1. Similarly, A ← A2 in Proposition 3 satisfies
Assumption 3 with CA ← C2 and RA(k, ϵ, δ) ≈

√
k (up to a polylog(1δ ) factor) whenever ϵ ≤ 1

10 .

We now show how to use Assumption 3 to produce an estimator of the large coordinates of a sample
from the posterior distribution π(· | X,y) with high probability, and which has a bounded residual.

Lemma 6. Let Assumption 3 hold. In the setting of Model 1, let µ be arbitrary, let ϵ, δ ∈ (0, 1), and
suppose X is (CAk

⋆, ϵ)-RIP for some k⋆ ∈ N with k⋆ ≥ 2(k + log(5δ )). Then there is an estimation
procedure Aest that takes as input (X,y), and produces θ̂ satisfying

Pθ∼π(·|X,y)

[(∥∥∥θ̂ − θ
∥∥∥
∞
≤ 6σ ·RA

(
k⋆, ϵ,

δ2

5

))
∧
(
supp(θ̂) ⊆ supp(θ)

)]
≥ 1− δ, (16)

and ∥∥∥X⊤
S:

(
y −Xθ̂

)∥∥∥2
2
≤ 16σ2k⋆ ·

(
RA

(
k⋆, ϵ,

δ2

5

)2

+ log

(
5d

δ

))
,

for all S ⊆ [d] with |S|+ 4

(
k + log

(
5

δ

))
≤ k⋆,

(17)

with probability ≥ 1− δ over the randomness of Model 1.

Proof. We begin by proving (16). By a Chernoff bound, with probability ≥ 1 − δ2

5 over θ⋆ ∼ π in
Model 1, we have |supp(θ⋆)| ≤ 4(k + log(5δ )). Under this condition, Assumption 3 states that A
outputs an estimate θ′ that satisfies∥∥θ′ − θ⋆

∥∥
∞ ≤ σ ·RA

(
k⋆, ϵ,

δ2

5

)
(18)

with probability ≥ 1 − δ2

5 over the randomness of ξ. Thus, after taking a union bound over these
two failure probabilities, applying Proposition 4 shows that with probability ≥ 1 − 4δ2

5 over the
randomness of θ ∼ π(· | X,y) and Model 1, our estimate θ′ satisfies∥∥θ′ − θ

∥∥
∞ ≤

∥∥θ′ − θ⋆
∥∥
∞ + ∥θ − θ⋆∥∞ ≤ 3σ ·RA

(
k⋆, ϵ,

δ2

5

)
. (19)

2We state our result for deterministic algorithms A for simplicity, as Proposition 3 is deterministic.
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Therefore, applying Lemma 2 with δ1 ← δ and δ2 ← 4δ
5 , we have with probability ≥ 1− 4δ

5 over the
randomness of Model 1 that (19) holds with probability ≥ 1− δ for θ ∼ π(· | X,y).

Define the coordinatewise operation clip(·, ·) : Rd × R≥0 → Rd by

[clip(x, α)]i =

{
xi |xi| > α

0 else
for all i ∈ [d].

Our estimation procedure Aest returns

θ̂ ← clip

(
θ′, 3σ ·RA

(
k⋆, ϵ,

δ2

5

))
.

It is clear that ∥θ̂ − θ′∥∞ ≤ 3σ · RA(k
⋆, ϵ, δ

2

5 ), so applying the triangle inequality with (19) gives
the first bound in (16). Moreover, to see that supp(θ̂) ⊆ supp(θ), suppose that some i ∈ [d] has
i /∈ supp(θ) but i ∈ supp(θ̂). The latter condition and the definition of clip implies

∣∣θ′
i − θi

∣∣ = |θ′
i| > 3σ ·RA

(
k⋆, ϵ,

δ2

5

)
,

which contradicts (19). We remark that the same logic with (18) shows supp(θ̂) ⊆ supp(θ⋆).

Finally, we prove that (17) holds. By Lemma 1, with probability ≥ 1− δ
5 ,∥∥∥X⊤ξ

∥∥∥
∞
≤ σ

√
8 log

(
5d

δ

)
.

Condition on the above event, supp(θ̂) ⊇ supp(θ⋆), and (18), which all hold with probability
≥ 1 − δ over Model 1 by a union bound. Then letting T := S ∪ supp(θ⋆), which satisfies |T | ≤ k⋆

by assumption, we have∥∥∥X⊤
S:

(
y −Xθ̂

)∥∥∥2
2
≤ 2

∥∥∥X⊤
S:X

(
θ⋆ − θ̂

)∥∥∥2
2
+ 2

∥∥∥X⊤
S:ξ
∥∥∥2
2

≤ 2

∥∥∥∥[X⊤X
]
T×T

(
θ⋆ − θ̂

)∥∥∥∥2
2

+ 2|S|
∥∥∥X⊤ξ

∥∥∥2
∞

≤ 2|T |
∥∥∥∥[X⊤X

]
T×T

∥∥∥∥2
op

∥∥∥θ⋆ − θ̂
∥∥∥2
∞

+ 16σ2k⋆ log

(
5d

δ

)
≤ 8k⋆

∥∥∥θ⋆ − θ̂
∥∥∥2
∞

+ 16σ2k⋆ log

(
5d

δ

)
where the first line used the inequality ∥a+ b∥22 ≤ 2 ∥a∥22+2 ∥b∥22, the second used that supp(θ̂) ⊆
supp(θ⋆) ⊆ T and S ⊆ T , the third used our bound on ∥X⊤ξ∥∞, and the last used our assumption
that X is RIP so ∥[X⊤X]T×T ∥op ≤ 2. The conclusion follows from the above and (18).

We also show that Lemma 6 gives concentration bounds on our estimator.
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Lemma 7. In the setting of Lemma 6, let k0 := 4(k + log(10δ )), and suppose that for some N :
(0, 1)→ R≥0 the density µ in Model 1 satisfies

Pv∼µ⊗k0

[
∥v∥22 ≥ N(δ)

]
≤ δ

2
, for all δ ∈ (0, 1).

Then for θ̂ the estimator returned by Lemma 6, we have∥∥∥θ̂∥∥∥2
2
≤ 8k0σ

2RA

(
k⋆, ϵ,

δ

10

)2

+ 2N(δ), with probability ≥ 1− δ,

for any δ ∈ (0, 1), over the randomness of Model 1.

Proof. As argued in Lemma 6, with probability ≥ 1− δ
2 over Model 1, we have both

supp(θ⋆) ≤ k0,
∥∥∥θ̂ − θ⋆

∥∥∥
∞
≤ 2σ ·RA

(
k⋆, ϵ,

δ

10

)
.

Condition on the above events and that ∥θ⋆∥22 ≤ N(δ), which gives the failure probability of δ by a
union bound. Under these events we have the conclusion:∥∥∥θ̂∥∥∥2

2
≤ 2

∥∥∥θ̂ − θ⋆
∥∥∥2
2
+ 2 ∥θ⋆∥22 ≤ 2k0

∥∥∥θ̂ − θ⋆
∥∥∥2
∞

+ 2N(δ)

≤ 8k0σ
2RA

(
k⋆, ϵ,

δ

10

)2

+ 2N(δ).

We will instantiate Lemma 7 with different choices of µ. For the rest of this section, we focus on
the basic setting of µ = N (0, 1), for which we have the following corollary.

Corollary 2. Let δ ∈ (0, 1). In the setting of Lemma 6, let k0 := 4(k + log(10δ )), and suppose
µ = N (0, 1). Then for θ̂ the estimator returned by Lemma 6, all of the following hold with probability
≥ 1− δ over the randomness of Model 1: (16) (with δ ← δ

2), (17) (with δ ← δ
2), and

∥∥∥θ̂∥∥∥2
2
≤ 8k0

(
σ2RA

(
k⋆, ϵ,

δ

10

)2

+ 1

)
.

Proof. We apply Lemma 7 with the following bound from Fact 3 with t← log(2δ ):

N(δ) ≤ 2k0 + 3 log

(
2

δ

)
≤ 4k0.
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Algorithm 1 ProductSampleGaussian(X,y, θ̂, σ,q, k⋆)

Input: X ∈ Rn×d, y ∈ Rn, σ > 0, q ∈ [0, 1]d produced by Model 1, θ̂ ∈ Rd, k⋆ ∈ N.
Output: Sample S from a conditional Poisson distribution over

S ∈ Ω
θ̂,k⋆

:=
{
S ⊆ [d] | S ⊇ supp(θ̂), |S| ≤ k⋆

}
(20)

z← 1
σ2X

⊤(y −Xθ̂)− θ̂

T ← supp(θ̂)
for i ∈ T c do

ri ← qi

√
σ2

1+σ2 exp
(

σ2

2(1+σ2)
z2i

)
pi ← ri

1−qi+ri
end for
return T ∪ ConditionalPoisson(p, k⋆ − |T |)

3.2 Centered rejection sampling

We now develop our posterior sampler, an instance of rejection sampling (Lemma 3). In Algorithm 1,
we first define the proposal distribution our rejection sampler is based on. This proposal is a product
distribution that we show approximates the true posterior density π(· | X,y) over a high-probability
region of candidate subsets according to πsupp(· | X,y). It takes an additional input θ̂ that is used
to center its samples, as discussed following Lemma 5. Finally, it produces its output in Line 9 by
calling our conditional Poisson sampler (Algorithm 5, cf. Lemma 4).

We next derive unnormalized distributions according to πsupp(· | X,y) (cf. (11)) and Algorithm 1.

Lemma 8. In the setting of Model 1, let θ̂ ∈ Rd, and let π̃supp(·) := Law(S) where S ∈ Ω
θ̂,k⋆

(defined in (20)) is a sample from Algorithm 1. Then,

π̃supp(S) ∝

(∏
i∈S

qi

1− qi

)
exp

(
σ2

2(1 + σ2)
∥zS∥22

)(
σ2

1 + σ2

) |S|
2

=: Q(S), (21)

and further, the conditional distribution of πsupp(· | X,y) over Ω
θ̂,k⋆

satisfies

πsupp

(
S | X,y, S ∈ Ω

θ̂,k⋆

)
∝

(∏
i∈S

qi

1− qi

)
exp

(
1

2
∥zS∥2A−1

S

)
1√

detAS
=: P (S), (22)

where z and AS are defined as

z :=
1

σ2
X⊤(y −Xθ̂)− θ̂, AS :=

1

σ2
[X⊤X]S×S + IS . (23)

Proof. First we show (21) is true. Observe that the output of Algorithm 1 is the conditional
distribution over Ω

θ̂,k⋆
, of a Bernoulli product density over subsets of [d]. Without loss of generality,

we let i ∈ T be included in the output with probability ri
1−qi+ri

defined consistently with Lines 6
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and 7. Hence, for the unconditional product distribution, we have

π̃supp(S) =

(∏
i∈S

ri
1− qi + ri

)
·

(∏
i∈Sc

1− qi

1− qi + ri

)

=
∏
i∈S

(
ri

1− qi

)
·
∏
i∈[d]

(1− qi) ·
∏
i∈[d]

(1− qi + ri)

∝
∏
i∈S

(
ri

1− qi

)
,

where pi is defined in Algorithm 1. This proportionality remains true after conditioning on S ∈
Ω
θ̂,k⋆

. Finally, by the definition of ri, we have the claim:

π̃supp(S) ∝
∏
i∈S

(
qi

1− qi

√
σ2

1 + σ2
exp

(
σ2

2(1 + σ2)
z2i

))

=

(∏
i∈S

qi

1− qi

)
exp

(
σ2

2(1 + σ2)
∥zS∥22

)(
σ2

1 + σ2

) |S|
2

.

Next we prove (22). Recall from (11) that

πsupp(S | X,y) ∝

(∏
i∈S

qi

1− qi

)(
1

2π

) |S|
2
∫

RS

exp

(
− 1

2σ2
∥y −XθS∥22 −

1

2
∥θS∥22

)
dθS

∝

(∏
i∈S

qi

1− qi

)(
1

2π

) |S|
2
∫

RS

exp

(
−1

2
θ⊤
SASθS +

(
1

σ2
[X⊤y]S

)⊤
θS

)
dθS

∝

(∏
i∈S

qi

1− qi

)
exp

(
1

2

∥∥∥∥ 1

σ2
X⊤y

∥∥∥∥2
A−1

S

)
1√

detAS
,

(24)

where in the last line, we used Fact 1. The conclusion follows from combining (24) with Lemma 5
because the resulting distribution is supported on sets that all contain supp(θ̂).

We next bound the ratio between the unnormalized distributions P,Q defined in (21), (22).

Lemma 9. In the setting of Lemma 8, suppose that X is (ϵ, k⋆)-RIP for ϵ ∈ (0, 12). Then for any
S ⊆ [d] such that supp(θ̂) ⊆ S and |S| ≤ k⋆, following the notation (21), (22), (23),

(
1

1 + ϵ

) k⋆

2

exp

(
− σ2ϵ

(1 + σ2)2
∥zS∥22

)
≤ P (S)

Q(S)
≤
(

1

1− ϵ

) k⋆

2

exp

(
σ2ϵ

(1 + σ2)2
∥zS∥22

)
.
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Proof. First, we can directly compute that

P (S)

Q(S)
=

(∏
i∈S

qi

1−qi

)
exp

(
1
2 ∥zS∥

2
A−1

S

)
det(A−1

S )
1
2(∏

i∈S
qi

1−qi

)(
σ2

1+σ2

) |S|
2
exp

(
σ2

2(1+σ2)
∥zS∥22

)
= det(A−1

S )
1
2 ·
(
1 +

1

σ2

) |S|
2

exp

(
1

2

(
∥zS∥2A−1

S
− σ2

1 + σ2
∥zS∥22

))

= det(A−1
S )

1
2 ·
(
1 +

1

σ2

) |S|
2

exp

(
1

2
z⊤S

(
A−1

S −
σ2

1 + σ2
IS

)
zS

)
. (25)

Since X is (ϵ, k⋆) RIP and |S| ≤ k⋆,(
1 +

1− ϵ
σ2

)
IS ⪯ AS =

1

σ2

[
X⊤X

]
S×S

+ IS ⪯
(
1 +

1 + ϵ

σ2

)
IS .

Thus, we have that (
σ2

1 + σ2 + ϵ

)k⋆

≤ det
(
A−1

S

)
≤
(

σ2

1 + σ2 − ϵ

)k⋆

,∥∥∥∥A−1
S −

σ2

1 + σ2
IS

∥∥∥∥
op
≤ σ2ϵ

(1 + σ2)(1 + σ2 − ϵ)
.

Plugging these bounds into (25), we have the desired claims for ϵ ∈ (0, 12):

P (S)

Q(S)
≤
(

1 + σ2

1 + σ2 − ϵ

) k⋆

2

exp

(
σ2ϵ

2(1 + σ2)(1 + σ2 − ϵ)
∥zS∥22

)

≤
(

1

1− ϵ

) k⋆

2

exp

(
σ2ϵ

(1 + σ2)2
∥zS∥22

)
,

P (S)

Q(S)
≥
(

1 + σ2

1 + σ2 + ϵ

) k⋆

2

exp

(
− σ2ϵ

2(1 + σ2)(1 + σ2 + ϵ)
∥zS∥22

)

≥
(

1

1 + ϵ

) k⋆

2

exp

(
− σ2ϵ

(1 + σ2)2
∥zS∥22

)
.

Proposition 5. In the setting of Model 1, let θ̂ be produced as in Corollary 2 with δ ← δ
4 , and let

k⋆ ≥ 16

(
k + log

(
40

δ

))
, ϵ ≤ 1

32k⋆ ·
(
RA

(
k⋆, ϵ, δ2

320

)2
+ log

(
40
δ

)) . (26)

Then if X is (ϵ, CAk
⋆)-RIP for the universal constant CA from Assumption 3, with probability ≥ 1−δ

over the randomness of Model 1, Algorithm 2 returns S ∼ ν satisfying DTV(ν, πsupp(· | X,y)) ≤ δ.
If θ̂ is given, Algorithm 2 runs in time

O

(
nd+

(
dk⋆ + n (k⋆)ω−1

)
log

(
1

δ

))
.
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Algorithm 2 PosteriorSampleGaussian(X,y, θ̂, σ,q, k⋆, δ)

1: Input: X ∈ Rn×d, y ∈ Rn, σ > 0, q ∈ [0, 1]d produced by Model 1, θ̂ ∈ Rd, k⋆ ∈ N, δ ∈ (0, 1)
2: Output: Sample S approximately distributed as πsupp(· | X,y) (cf. Proposition 5)
3: µ← ProductSampleGaussian(X,y, θ̂, σ,q, 34k

⋆)
4: P,Q← unnormalized distributions in (22), (21)
5: Ω← Ω

θ̂, 3
4
k⋆

defined in (20)

6: return RejectionSample(µ, P,Q,Ω, 3, δ2)

Proof. First, applying Corollary 2 with δ ← δ
4 shows that with probability ≥ 1 − δ

4 over the
randomness of Model 1, we have

PS∼πsupp(·|X,y)

[
supp(θ̂) ⊆ supp(θ)

]
≥ 1− δ

4
,∥∥∥θ̂∥∥∥2

2
≤ 32

(
k + log

(
40

δ

))(
σ2RA

(
k⋆, ϵ,

δ

40

)2

+ 1

)
,

and
∥∥∥X⊤

S:

(
y −Xθ̂

)∥∥∥2
2
≤ 16σ2k⋆ ·

(
RA

(
k⋆, ϵ,

δ2

320

)2

+ log

(
40d

δ

))
,

for all S ⊆ [d] with |S| ≤ k⋆ − 4

(
k + log

(
40

δ

))
=

3k⋆

4
.

(27)

Next, by applying Corollary 1 with δ ← δ2

8 , we have by Lemma 2 that with probability ≥ 1 − δ
2

over the randomness of Model 1, we have

PS∼πsupp(·|X,y)

[
|S| ≤ 3k⋆

4

]
≤ δ

4
, (28)

for our choice of k⋆. In the remainder of the proof, we union bound over all conditions in (27)
and (28) holding, which gives the failure probability of δ over Model 1.

Next, following notation of Algorithm 2, for S ∈ Ω
θ̂, 3

4
k⋆

and z defined in (23), we have

∥zS∥22 ≤
2

σ4

∥∥∥X⊤
S:(y −Xθ̂)

∥∥∥2
2
+ 2

∥∥∥θ̂∥∥∥2
2

≤ 32k⋆

(
RA

(
k⋆, ϵ,

δ2

320

)2(
1

σ2
+ σ2

)
+ 1 +

log(40δ )

σ2

)

≤ 32k⋆ · (1 + σ2)2

σ2
·

(
RA

(
k⋆, ϵ,

δ2

320

)2

+ log

(
40

δ

))
,

where we used the second and third bounds in (27). Thus, by Lemma 9, for S ∈ Ω
θ̂, 3

4
k⋆

,

P (S)

Q(S)
≤
(
1 +

1

32k⋆

) k⋆

2

exp

(
σ2ϵ

(1 + σ2)2
∥zS∥22

)
≤ 1.1 exp

(
32ϵk⋆ ·

(
RA

(
k⋆, ϵ,

δ2

320

)2

+ log

(
40

δ

)))
≤ 3,
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and an analogous calculation shows Q(S)
P (S) ≤ 3. Therefore, Lemma 3 shows that Algorithm 2 correctly

returns a sample within total variation distance δ
2 from

πsupp

(
S | X,y, S ∈ Ω

θ̂, 3
4
k⋆

)
.

This distribution is in turn within total variation distance δ
2 from the unconditional distribution

πsupp(· | X,y), by the first bound in (27) and (28). This concludes the proof of correctness.

For the runtime bound, we first precompute z required by Algorithm 1 in O(nd) time. Next, by
Lemma 3, we need to produce a sample S ∼ µ and calculate the likelihood ratio P (S)

Q(S) at most
O(log(1δ )) times. By Lemma 4, each draw from µ takes time O(dk⋆). Further, by the definition
(22), each evaluation of P (S) takes time

O
(
n|S|ω−1

)
≤ O

(
n (k⋆)ω−1

)
.

To see this, it is clear that we can compute AS in this time, and the costs of inverting [Str69] and
computing the determinant [PC99] do not dominate. Similarly, it is clear that evaluating Q(S) only
takes O(|S|) time once z is precomputed. Combining these costs yields the claim.

We conclude with a closed-form expression for π(θ | X,y, S) in (12).

Lemma 10. In the setting of Model 1, if µ = N (0, 1), then π(θ | X,y, S) = N (µS ,A
−1
S ), where

AS is defined in (23), and µ := 1
σ2A

−1
S X⊤y.

Proof. This follows immediately from rewriting (12): for θ with supp(θ) ⊆ S,

π(θ | X,y, S) ∝ exp

(
− 1

2σ2
∥y −Xθ∥22 −

1

2
∥θ∥22

)
∝ exp

(
−1

2
θ⊤
(

1

σ2

[
X⊤X

]
S×S

+ IS

)
θ +

1

σ2
(X⊤y)⊤θ

)
∝ exp

(
−1

2
(θ − µS)

⊤AS(θ − µS)

)
.

3.3 Proof of Theorem 3

We now instantiate Proposition 5 with the solvers from Proposition 3 to prove our main theorem.

Theorem 3. Let δ ∈ (0, 1). In the setting of Model 1, suppose X is (ϵ, k⋆)-RIP where

k⋆ = Ω

(
k + log

(
1

δ

))
, ϵ = O

(
1(

k + log
(
1
δ

))
log
(
d
δ

)) ,
for appropriate constants. There is an algorithm (Algorithm 2 using θ̂ produced by A∞ in Proposi-
tion 3) that returns θ ∼ π′ for a distribution π′ satisfying DTV(π

′, π(· | X,y)) ≤ δ, with probability
≥ 1− δ over the randomness of Model 1. The algorithm runs in time

O

(
d1.5n2 log

(
dκ

(
1 +

1

σ

))
+ d log2

(
1

δ

)
+ n logω

(
1

δ

))
, for any κ ≥ σ1(X)

σn(X)
.
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Alternatively, suppose X is (ϵ, k⋆)-RIP, and for some m ∈ [n],
√
m/n ·X[m]: is ( 1

10 , k
⋆)-RIP where

k⋆ = Ω

(
k + log

(
1

δ

))
, ϵ = O

(
1

(k + log(1δ ))(m+ log
(
1
δ

)
)

)
,

for appropriate constants. There is an algorithm (Algorithm 2 using θ̂ produced by A2 in Proposi-
tion 3) that returns θ ∼ π′ for a distribution π′ satisfying DTV(π

′, π(· | X,y)) ≤ δ, with probability
≥ 1− δ over the randomness of Model 1. The algorithm runs in time

O

(
nd log

(
1 +

1

σ

)
+
(
dk⋆ + n (k⋆)ω−1

)
log

(
1

δ

))
.

Proof. The first claim follows from the ℓ∞ recovery result in Proposition 3, combined with Proposi-
tion 5. Note that Lemma 1 bounds RA(k

⋆, ϵ, δ2

320)
2 = O(log(dδ )) in this setting. Moreover, to obtain

our runtime bound, we use the estimates

r∞ = Θ

(
σ

√
log

(
d

δ

))
, R∞ = Θ

(
r∞

(
1 +

d

σ

))
.

Correctness of the former bound follows from Lemma 1, and the latter follows from∥∥∥X⊤y
∥∥∥
∞
≤
∥∥∥X⊤ξ

∥∥∥
∞

+
∥∥∥X⊤Xθ⋆

∥∥∥
∞

= O (r∞ + ∥θ⋆∥2) = O

(
r∞

(
1 +

d

σ

))
,

where the first equality holds since θ⋆ is k⋆-sparse within the allotted failure probability, and we
can bound ∥θ⋆∥22 = O(k⋆ + log(1δ )) using Fact 3 to obtain the second.

The second claim follows from the ℓ2 recovery result in Proposition 3, combined with Proposition 5.
Again by Fact 3, we have that RA(k

⋆, ϵ, δ2

320)
2 = O(m+ log(1δ )) in this setting. For the runtime, we

set R2
2 = O(k⋆ + log(1δ )) as above, and r22 = O(σ2 · (m+ log(1δ ))) as before. The conclusion follows

because m ≥ k⋆: since X[m]: is RIP, otherwise column subsets of size k⋆ would not be full rank.

Finally, we note that in both cases Proposition 5 only refers to the distribution of the support
S ⊆ [d]. However, by applying Lemma 10 on the sampled S, we can exactly sample from the
corresponding distribution over θ, which cannot increase the total variation distance by using the
same coupling over S. The runtime of this last step does not dominate.

To give a concrete example of applying Theorem 3 to a well-studied random matrix ensemble,
consider the case where X ∈ Rn×d has i.i.d. entries ∼ N (0, 1n) (to which Proposition 1 applies). We
require the following concentration inequalities on κ(X).

Lemma 11 ([CD05]). Assume that d is sufficiently larger than n. Let X ∈ Rn×d have entries i.i.d.
∼ N (0, 1n), and let δ ∈ (0, 1). Then with probability ≥ 1− δ,

σ1(X)

σn(X)
= O

(
d+

(
1

δ

)O( 1
d
)
)
. (29)
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We remark that similar high-probability condition number bounds exist for other matrix ensembles,
see, e.g., Theorem 4.6.1 in [Ver18] for the case of entrywise sub-Gaussian matrices.

By plugging in Proposition 1 and Lemma 11 into Theorem 3, we have the following specialization
of our posterior sampler to Gaussian measurement matrices X.

Corollary 3. Let δ ∈ (0, 1), and suppose X ∈ Rn×d has i.i.d. entries ∼ N (0, 1n). If

n = Ω

((
k + log

(
1

δ

))3

log3
(
d

δ

))

for an appropriate constant, in the setting of Model 1, there is an algorithm that returns θ ∼ π′ for
a distribution π′ satisfying DTV(π

′, π(· | X,y)) ≤ δ, with probability ≥ 1 − δ over the randomness
of Model 1 and X. The algorithm runs in time

O

(
n2d1.5 log

(
d

(
1 +

1

σ

))
+ n2

√
d log

(
d

δ

(
1 +

1

σ

)))
.

Alternatively, if

n = Ω

((
k + log

(
1

δ

))5

log2
(
d

δ

)
log (d)

)
for an appropriate constant, in the setting of Model 1, there is an algorithm that returns θ ∼ π′ for
a distribution π′ satisfying DTV(π

′, π(· | X,y)) ≤ δ, with probability ≥ 1 − δ over the randomness
of Model 1 and X. The algorithm runs in time

O

(
nd log

(
1 +

1

σ

))
.

Proof. The result using the ℓ∞ estimator follows immediately from combining Theorem 3 with
Proposition 1 and Lemma 11. To obtain the result using the ℓ2 estimator, we first set

m = O(k⋆ log(d))

which is enough to guarantee the precondition of Theorem 3 on
√
m/n·X[m]: holds, by Proposition 1.

We substitute this into our choice of ϵ and obtain our bound on n, again through Proposition 1. In
both cases, we simplified by dropping all non-dominant runtime terms.

4 Spike-and-slab posterior sampling with Laplace prior

In this section, we generalize the results of Section 3 to the setting where µ(x) ∝ exp(−|x|) (i.e.,
a Laplace prior) is used in Model 1, for a range of signal-to-noise ratios σ. We begin by giving an
annealing strategy in Section 4.1, following [GLL20] (see also [LV06, CV18, BDM18]), for estimating
normalizing constants used in our approximate rejection sampler. Next, we provide our proposal
distribution and bound normalizing constant ratios in Section 4.2. Finally, we combine these results
in Section 4.3 to prove Theorem 4, our main result on posterior sampling under a Laplace prior.
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4.1 Annealing

In this section, we consider the following computational task, parameterized by an approximation
tolerance ∆ ∈ (0, 1), a failure probability δ ∈ (0, 1), a matrix A ∈ Sk×k

⪰0 satisfying µIk ⪯ A ⪯ LIk,
and a vector b ∈ Rk. Our goal is to produce an estimate Z̃, such that with probability ≥ 1− δ,∫

exp (−f(θ)) dθ ∈
[
(1−∆)Z̃, (1 + ∆)Z̃

]
,

where f (θ) :=
1

2
θ⊤Aθ − b⊤θ + ∥θ∥1 .

(30)

This general question was studied by [GLL20], who gave the following framework based on an
annealing scheme, patterned in part off of prior work by [LV06, CV18, BDM18].

Proposition 6 (Section 3, Appendix B, [GLL20]). Let f : Rk → R be µ-strongly convex, let
Z :=

∫
exp(−f(θ))dθ, and fix an approximation tolerance ∆ ∈ (0, 1) and a failure probability

δ ∈ (0, 1). Let σ1 > 0 be a parameter satisfying(
1− ∆

2

)∫
θ∈Rk

exp

(
−
∥θ∥22
2σ21

)
dθ ≤

∫
θ∈Rk

exp (−f1 (θ)) dθ ≤
∫
θ∈Rk

exp

(
−
∥θ∥22
2σ21

)
dθ, (31)

where, for a sequence of increasing {σi}i∈[M ] specified in [GLL20], we let

fi(θ) := f(θ) +
∥θ∥22
2σ2i

, for all i ∈ [M ].

Further, let

M = Θ

(√
k log

(
k

µσ21

))
, N = Θ

(
M2

∆2

)
,

for appropriate constants. Finally, let A be an algorithm that takes as input i ∈ [M ], and produces
a sample within total variation distance 1

8N from the density on Rk that is ∝ exp(−fi). There is an
algorithm that queries A O(N log(1δ )) times, and produces an estimate Z̃ satisfying

Z ∈
[
(1−∆)Z̃, (1 + ∆)Z̃

]
, with probability ≥ 1− δ.

Proof. This is almost the exact derivation carried out in [GLL20], except for two differences. First,
they assume that the relevant negative log-density f is L-smooth in addition to being strongly
convex. However, one can check that the only place this assumption is used in their analysis is in
Lemma 3.1 to choose σ1 satisfying (31), which we replace with by isolating the sufficient condition
(31). Second, the [GLL20] result is stated for an algorithm which produces a correct estimate Z
with probability ≥ 3

4 , using exactly N calls to A. However, by repeating log(1δ ) times and taking a
median, Chernoff bounds show that we can boost the failure probability as stated.

We next provide a sufficient choice of σ1 that satisfies (31) in the setting of (30).

Lemma 12. Let A ∈ Sk×k
⪰0 , let b ∈ Rk such that ∥b∥2 ≤ R, let ∆ ∈ (0, 1), and let

λ ≥ 8R
√
k

∆
+

192k

∆2

(
k + log

(
4

∆

))
. (32)
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Denoting M := A+ λIk, we have(
1− ∆

2

)
ZM,b ≤

∫
exp

(
−1

2
θ⊤Mθ + b⊤θ − ∥θ∥1

)
dθ ≤ ZM,b (33)

where ZM,b :=
∫
exp

(
−1

2θ
⊤Mθ + b⊤θ

)
dθ.

Proof. The right-hand side of (33) is immediate from ∥θ∥1 ≥ 0 for all θ ∈ Rk. In the rest of the
proof, we prove the left-hand side of (33). Define the set Ω := {θ : ∥θ∥2 ≤

∆
4
√
k
}. Then, we have∫

Rk

exp

(
−1

2
θ⊤Mθ + b⊤θ − ∥θ∥1

)
dθ ≥

∫
Ω
exp

(
−1

2
θ⊤Mθ + b⊤θ − ∥θ∥1

)
dθ

= exp

(
− sup

Ω
∥θ∥1

)∫
Ω
exp

(
−1

2
θ⊤Mθ + b⊤θ

)
dθ

≥ exp

(
−∆

4

)∫
Ω
exp

(
−1

2
θ⊤Mθ + b⊤θ

)
dθ, (34)

where the last line used ∥θ∥1 ≤
√
k ∥θ∥2. Moreover, we claim that

Pθ∼N (M−1b,M−1) [θ ∈ Ω] ≥ 1− ∆

4
, (35)

which completes the proof when combined with (34), since

exp

(
−∆

4

)∫
Ω
exp

(
−1

2
θ⊤Mθ + b⊤θ

)
dθ

≥
(
1− ∆

4

)
exp

(
−∆

4

)∫
Rk

exp

(
−1

2
θ⊤Mθ + b⊤θ

)
dθ ≥

(
1− ∆

2

)
ZM,b,

as exp(−1
2θ

⊤Mθ + b⊤θ) is the unnormalized density corresponding to θ ∼ N (M−1b,M−1). We
now prove (35). First, observe that for θ ∼ N (M−1b,M−1), we can write

θ = M−1b+M− 1
2 z, where z ∼ N (0k, Ik).

Since M ⪰ λIk, we have

∥∥M−1b
∥∥
2
≤ R

λ
≤ ∆

8
√
k
,
∥∥∥M− 1

2 z
∥∥∥
2
≤
∥z∥2√
λ
,

for our range of λ. Returning to (35), this implies the desired

Pθ∼N (M−1b,M−1) [θ ̸∈ Ω] ≤ Pz∼N (0k,Ik)

[∥∥∥M− 1
2 z
∥∥∥
2
≥ ∆

8
√
k

]
≤ Pz∼N (0k,Ik)

[
∥z∥2 ≥

∆
√
λ

8
√
k

]
≤ ∆

4
,

where we used Fact 3 with our choice of λ.
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To facilitate our annealing scheme, we use a sampler from [LST21] for composite densities.

Proposition 7 (Corollary 2, [LST21]). Let f : Rk → R be L-smooth and µ-strongly convex, let
κ := L

µ , and let g : Rk → R have the form g(x) =
∑

i∈[k] gi(xi) for scalar functions {gi : R→ R}i∈[k].
There is an algorithm which runs in O(κk log3(κkϵ )) iterations, each querying ∇f and performing
O(k) additional work, and obtains ϵ total variation distance to the density over Rd, π ∝ exp(−f−g).

Proof. This is almost the statement of Corollary 2 in [LST21]; we briefly justify the differences
here. First, if g is coordinatewise-separable, then the RGO access required by [LST21] takes O(k)
time, under our assumption of O(1)-time integration and sampling over R. Next, Corollary 2 in
[LST21] requires access to the minimizer of f+g, but the tolerance of the algorithm to inexactness is
discussed in Appendix A of that paper, and it is justified why the cost of computing an approximate
minimizer for composite functions does not dominate the sampler’s gradient complexity. Finally,
the runtime in [LST21] is in expectation, but can be bounded with probability 1 − O(δ) by using
standard Chernoff bounds over the complexity of rejection sampling steps. The failure probability
of the runtime being bounded can be charged to the total variation distance, via a union bound.

We put together the pieces to obtain our desired estimator for normalizing constants.

Corollary 4. Suppose that A ∈ Sk×k
⪰0 satisfies µIk ⪯ A ⪯ LIk, and that b ∈ Rk satisfies ∥b∥2 ≤ R.

Fix an approximation tolerance ∆ ∈ (0, 1) and a failure probability δ ∈ (0, 1). There is an algorithm
for computing Z̃ satisfying (30), with probability ≥ 1− δ, using time

O

(
Lk4

µ∆2
log4

(
LRk

µ∆

)
log

(
1

δ

))
.

Proof. We instantiate Proposition 6 with σ−2
1 ← λ satisfying (32), and A ← the sampler from

Proposition 7. In particular, for any i ∈ [M ], the density ∝ exp(−fi) has the structure required by
Proposition 7, where in the statement of Proposition 7, we set

f(θ)← 1

2
θ⊤Mθ − b⊤θ +

1

2σ2i
∥θ∥22 , g(θ)← ∥θ∥1 .

Observe that for any i ∈ [M ], the parameter κ in Proposition 7 satisfies

κ ≤
L+ 1

σ2
i

µ+ 1
σ2
i

≤ L

µ
.

Thus, the time complexity of each call to A is at most

O

(
Lk3

µ
log3

(
NLk

µ

))
, for N = Θ

(
k

∆2
log

(
k

µσ21

))
= Θ

(
k

∆2
log

(
kR

µ∆

))
,

since the cost of computing ∇f(θ) is O(k2) time. The conclusion follows from Proposition 6.
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4.2 Approximate centered rejection sampling

In this section, we give the analog of Algorithm 1 in the Laplace prior setting.

Algorithm 3 ProductSampleLaplace(X,y, θ̂, σ,q, k⋆)

1: Input: X ∈ Rn×d, y ∈ Rn, σ > 0, q ∈ [0, 1]d produced by Model 1, θ̂ ∈ Rd, k⋆ ∈ N
2: Output: Sample S from a conditional Poisson distribution over

S ∈ Ω
θ̂,k⋆

:=
{
S ⊆ [d] | S ⊇ supp(θ̂), |S| ≤ k⋆

}
(36)

3: u← 1
σ2X

⊤(y −Xθ̂)

4: T ← supp(θ̂)
5: for i ∈ T c do
6: v−

i ←
1√
2π

∫
R exp

(
−1+ϵ

2σ2 x
2 + uix− |x|

)
dx

7: ri ← qi · v−
i

8: pi ← ri
1−qi+ri

9: end for
10: return T ∪ ConditionalPoisson(p, k⋆ − |T |)

Lemma 13. In the setting of Model 1, take µ = Lap(0, 1). Let θ̂ ∈ Rd, and let π̃supp(·) := Law(S)
where S ∈ Ω

θ̂,k⋆
(defined in (36)) is a sample from Algorithm 3. Then,

π̃supp(S) ∝ exp
(
−∥θ̂∥1

)∏
i∈S

(
qiv

−
i

1− qi

)
=: Q(S), (37)

and further, for r := y −Xθ̂, the conditional distribution of πsupp(· | X,y) over Ω
θ̂,k⋆

satisfies

πsupp

(
S | X,y, S ∈ Ω

θ̂,k⋆

)
∝
(

1

2π

) |S|
2

(∏
i∈S

qi

1− qi

)

·
∫

RS

exp

(
− 1

2σ2
∥X:S∆S − r∥22 −

∥∥∥∆S + θ̂S

∥∥∥
1

)
d∆S

=: P (S).

(38)

Furthermore, suppose that X is (ϵ, k⋆)-RIP for ϵ ∈ (0, 12). Then if σ ≤ 1
4 , for any S ∈ Ω

θ̂,k⋆
,

1 ≤ P (S)

Q(S)
≤ exp

(
2σ2
√
k⋆∥uS∥22 + 2σ2ϵ(∥uS∥22 + k⋆)

1− ϵ2
+

6k⋆σ√
1− ϵ

+
k⋆ϵ

1− ϵ

)
. (39)

Proof. The proof that (37) holds proceeds analogously to the proof that (21) holds in Lemma 8.
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We next prove (38) holds. Following an analogous derivation to (11) but using µ = Lap(0, 1),

πsupp

(
S | X,y, S ∈ Ω

θ̂,k⋆

)
∝
(

1

2π

) |S|
2

(∏
i∈S

qi

1− qi

)

·
∫

RS

exp

(
− 1

2σ2
∥y −X:SθS∥22 − ∥θS∥1

)
dθS

=

(
1

2π

) |S|
2

(∏
i∈S

qi

1− qi

)

·
∫

RS

exp

(
− 1

2σ2
∥X:S∆S − r∥22 −

∥∥∥∆S + θ̂S

∥∥∥
1

)
d∆S ,

(40)

where, performing the change of variables ∆ = θ − θ̂, we have

X:SθS − y = X:S(∆S + θ̂)− y = X:S∆S − (y −X:S θ̂S) = X:S∆S − r,

and the last equality uses supp(θ̂) ⊆ S. It remains to prove (39). First, define for all i ∈ [d],

v−
i :=

1√
2π

∫
R
exp

(
−1 + ϵ

2σ2
x2 + uix− |x|

)
dx,

v+
i :=

1√
2π

∫
R
exp

(
−1− ϵ

2σ2
x2 + uix+ |x|

)
dx.

Since [X⊤X]S×S ⪯ (1 + ϵ)IS , we have the lower bound

P (S) =

(
1

2π

) |S|
2

(∏
i∈S

qi

1− qi

)∫
RS

exp

(
− 1

2σ2
∥X:S∆S − r∥22 −

∥∥∥∆S + θ̂S

∥∥∥
1

)
d∆S

=

(
1

2π

) |S|
2

(∏
i∈S

qi

1− qi

)∫
RS

exp

(
− 1

2σ2
∥∆S∥2[X⊤X]S×S

+ u⊤
S∆S −

∥∥∥θ̂S +∆S

∥∥∥
1

)
d∆S

(a)

≥ exp
(
−∥θ̂∥1

)( 1

2π

) |S|
2

(∏
i∈S

qi

1− qi

)∫
RS

exp

(
−1 + ϵ

2σ2
∥∆S∥22 + u⊤

S∆S − ∥∆S∥1
)
d∆S

= exp
(
−∥θ̂∥1

)∏
i∈S

(
qiv

−
i

1− qi

)
,

where (a) is by the triangle inequality on ∥·∥1 and the fact that ∥θ̂∥1 = ∥θ̂S∥1 as supp(θ̂) ⊆ S.

Similarly, since [X⊤X]S×S ⪰ (1− ϵ)IS , we have the upper bound

P (S) =

(
1

2π

) |S|
2

(∏
i∈S

qi

1− qi

)∫
RS

exp

(
− 1

2σ2
∥X:S∆S − r∥22 −

∥∥∥∆S + θ̂S

∥∥∥
1

)
d∆S

≤ exp
(
−∥θ̂∥1

)( 1

2π

) |S|
2

(∏
i∈S

qi

1− qi

)∫
RS

exp

(
−1− ϵ

2σ2
∥∆S∥22 + u⊤

S∆S + ∥∆S∥1
)

d∆S

= exp
(
−∥θ̂∥1

)∏
i∈S

(
qiv

+
i

1− qi

)
.
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Now, by the definition of Q in (37), we have

1 ≤ P (S)

Q(S)
≤
∏
i∈S

v+
i

v−
i

.

Next, we derive explicit formulas for v+
i and v−

i . Let

σ− :=
σ√
1− ϵ

, σ+ :=
σ√
1 + ϵ

, u+
i := ui + 1, u−

i := ui − 1.

We have

v−
i =

1√
2π

(∫
x≥0

exp

(
− 1

2σ2+
x2 + u−

i x

)
dx+

∫
x≤0

exp

(
− 1

2σ2+
x2 + u+

i x

)
dx

)
=

1√
2π

exp

(
σ2+(u

−
i )

2

2

)∫
x≥0

exp

(
−
(x− σ2+u−

i )
2

2σ2+

)
dx

+
1√
2π

exp

(
σ2+(u

+
i )

2

2

)∫
x≤0

exp

(
−
(x− σ2+u+

i )
2

2σ2+

)
dx

= σ+

(
exp

(
σ2+(u

−
i )

2

2

)
P
(
N (σ2+u

−
i , σ

2
+) ≥ 0

)
+ exp

(
σ2+(u

+
i )

2

2

)
P
(
N (σ2+u

+
i , σ

2
+) ≤ 0

))
.

Similarly, we have

v+
i = σ−

(
exp

(
σ2−(u

+
i )

2

2

)
P
(
N (σ2−u

+
i , σ

2
−) ≥ 0

)
+ exp

(
σ2−(u

−
i )

2

2

)
P
(
N (σ2−u

−
i , σ

2
−) ≤ 0

))
.

Using the fact that P[N (µ, σ2) ≤ 0] = P[Z ≤ −µ
σ ], where Z ∼ N (0, 1), we have:

v+
i = σ−

(
exp

(
σ2−(u

+
i )

2

2

)
P
[
Z ≥ −σ−u+

i

]
+ exp

(
σ2−(u

−
i )

2

2

)
P
[
Z ≤ −σ−u−

i

])
,

v−
i = σ+

(
exp

(
σ2+(u

−
i )

2

2

)
P
[
Z ≥ −σ+u−

i

]
+ exp

(
σ2+(u

+
i )

2

2

)
P
[
Z ≤ −σ+u+

i

])
.

Thus, we have

v+
i

v−
i

≤
√

1 + ϵ

1− ϵ
·
max

(
exp

(
σ2
−(u+

i )2

2

)
, exp

(
σ2
−(u−

i )2

2

))(
P
[
Z ≥ −σ−u+

i

]
+ P

[
Z ≤ −σ−u−

i

])
min

(
exp

(
σ2
+(u−

i )2

2

)
, exp

(
σ2
+(u+

i )2

2

))(
P
[
Z ≥ −σ+u−

i

]
+ P

[
Z ≤ −σ+u+

i

]) .
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We begin by bounding the exponential terms in the above display:

exp

(
σ2
−(u+

i )2

2

)
exp

(
σ2
+(u−

i )2

2

) = exp

(
σ2

2

(
(ui + 1)2

1− ϵ
− (ui − 1)2

1 + ϵ

))

= exp

(
σ2

1− ϵ2
(
2ui − ϵ(u2

i + 1)
))
≤ exp

(
2σ2|ui|
1− ϵ2

)
,

exp

(
σ2
−(u−

i )2

2

)
exp

(
σ2
+(u+

i )2

2

) = exp

(
σ2

2

(
(ui − 1)2

1− ϵ
− (ui + 1)2

1 + ϵ

))

= exp

(
σ2

(1− ϵ2)
(
−2ui + ϵ(u2

i + 1)
))
≤ exp

(
2σ2|ui|+ σ2ϵ(u2

i + 1)

1− ϵ2

)
,

exp

(
σ2
−(u+

i )2

2

)
exp

(
σ2
+(u+

i )2

2

) = exp

(
σ2(ui + 1)2

2

(
1

1− ϵ
− 1

1 + ϵ

))

≤ exp

(
σ2ϵ(ui + 1)2

1− ϵ2

)
≤ exp

(
2σ2ϵ(u2

i + 1)

1− ϵ2

)
,

exp

(
σ2
−(u−

i )2

2

)
exp

(
σ2
+(u−

i )2

2

) = exp

(
σ2(ui − 1)2

2

(
1

1− ϵ
− 1

1 + ϵ

))

≤ exp

(
σ2ϵ(ui − 1)2

1− ϵ2

)
≤ exp

(
2σ2ϵ(u2

i + 1)

1− ϵ2

)
.

Therefore, combining these cases, we have

max

(
exp

(
σ2
−(u+

i )2

2

)
, exp

(
σ2
−(u−

i )2

2

))
min

(
exp

(
σ2
+(u−

i )2

2

)
, exp

(
σ2
+(u+

i )2

2

)) ≤ exp

(
2σ2|ui|+ 2σ2ϵ(u2

i + 1)

1− ϵ2

)
.

Next we consider the ratio of probabilities:

P
[
Z ≥ −σ−u+

i

]
+ P

[
Z ≤ −σ−u−

i

]
= 1 + P

[
Z ∈

[
−σ−u+

i ,−σ−u
−
i

]]
≤ 1 + 2σ−,

P
[
Z ≥ −σ+u−

i

]
+ P

[
Z ≤ −σ+u+

i

]
= 1− P

[
Z ∈

[
−σ+u−

i ,−σ+u
+
i

]]
≥ 1− 2σ+,

since the PDF of N (0, 1) is pointwise bounded by 1. Combining, we have shown

v+
i

v−
i

=

√
1 + ϵ

1− ϵ
exp

(
2σ2|ui|+ 2σ2ϵ(u2

i + 1)

1− ϵ2

) 1 + 2σ√
1−ϵ

1− 2σ√
1+ϵ

.
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Taking a product over the |S| ≤ k⋆ coordinates, and using 1
1−x ≤ 1 + x

2 for x ∈ (0, 12), as well as√
1+ϵ
1−ϵ =

√
1 + 2ϵ

1−ϵ ≤ exp( ϵ
1−ϵ), we have the desired result:

∏
i∈S

v+
i

v−
i

≤ exp

(∑
i∈S

2σ2|ui|+ 2σ2ϵ(u2
i + 1)

1− ϵ2

)
exp

(
2k⋆σ√
1− ϵ

+
4k⋆σ√
1 + ϵ

)
exp

(
k∗ϵ

1− ϵ

)

≤ exp

(
2σ2
√
k⋆∥uS∥22 + 2σ2ϵ(∥uS∥22 + k⋆)

1− ϵ2
+

6k⋆σ√
1− ϵ

+
k⋆ϵ

1− ϵ

)
.

Our posterior sampler uses rejection sampling with the unnormalized densities described in (38),
(37). However, one difficulty is that unlike in the Gaussian case, there is no explicit formula (e.g.,
Fact 1) for P (S). In Section 4.1, we gave an algorithm for estimating P (S) to multiplicative error,
based on sampling access to the induced distribution over θS ∈ RS . To facilitate using these
approximate evaluations of P , we provide the following helper tool.

Lemma 14. Let π, π̃ be distributions over the some domain Ω, and suppose that π ∝ P and π̃ ∝ P̃
for unnormalized densities P, P̃ . Moreover, suppose that for all ω ∈ Ω,

P (ω)

P̃ (ω)
∈ [1−∆, 1 + ∆]

for some ∆ ∈ (0, 12). Then, DTV(π, π̃) ≤ 3∆
2 .

Proof. Throughout the proof, denote the relevant normalization constants by

Z :=

∫
Ω
P (ω)dω, Z̃ :=

∫
Ω
P̃ (ω)dω,

so the assumption yields Z ∈ [(1−∆)Z̃, (1 +∆)Z̃], and thus 1
Z ∈ [ 1

(1+∆)Z̃
, 1

(1−∆)Z̃
] ⊆ [1−2∆

Z̃
, 1+2∆

Z̃
].

Then, we have the claim by applying the triangle inequality:

DTV(π, π̃) =
1

2

∫
Ω

∣∣∣∣∣P (ω)Z
− P̃ (ω)

Z̃

∣∣∣∣∣ dω
≤ 1

2

∫
Ω

∣∣∣∣∣P (ω)Z
− P̃ (ω)

Z

∣∣∣∣∣ dω +
1

2

∫
Ω

∣∣∣∣∣ P̃ (ω)Z
− P̃ (ω)

Z̃

∣∣∣∣∣ dω
≤ ∆

2

∫
Ω

P (ω)

Z
dω +

2∆

2

∫
Ω

P̃ (ω)

Z̃
dω =

3∆

2
.

Finally, by combining these developments, we obtain the analog of Proposition 5.
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Algorithm 4 PosteriorSampleLaplace(X,y, θ̂, σ,q, k⋆, δ)

1: Input: X ∈ Rn×d, y ∈ Rn, σ > 0, q ∈ [0, 1]d produced by Model 1 with µ = Lap(0, 1), θ̂ ∈ Rd,
k⋆ ∈ N, δ ∈ (0, 1)

2: Output: Sample S approximately distributed as πsupp(· | X,y) (cf. Proposition 8)
3: µ← ProductSampleLaplace(X,y, θ̂, σ,q, 34k

⋆)
4: P,Q← unnormalized distributions in (38), (37)
5: Ω← Ω

θ̂, 3
4
k⋆

defined in (36)

6: P̃ ← unnormalized distribution satisfying P ∈ [(1− δ
12)P̃ , (1 +

δ
12)P̃ ] over Ω, using Corollary 4

7: return RejectionSample(µ, P̃ ,Q,Ω, 4, δ8)

Proposition 8. In the setting of Model 1 where µ = Lap(0, 1), let θ̂ be produced as in Corollary 2
with δ ← δ

4 , let k⋆, ϵ satisfy (26), and let σ ≤ 1
6k⋆ . Then if X is (ϵ, CAk

⋆)-RIP for the universal
constant CA from Assumption 3, with probabilty ≥ 1−δ over the randomness of Model 1, Algorithm 4
returns S ∼ ν satisfying DTV(ν, πsupp(· | X,y)) ≤ δ. If θ̂ is given, Algorithm 4 runs in time

O

(
nd+ n (k⋆)ω−1 log

(
1

δ

)
+

(k⋆)4

δ2
log4

(
1

σ
log

(
d

δ

))
log2

(
1

δ

))
.

Proof. As in the proof of Proposition 5, with probability ≥ 1− δ over the randomness of Model 1,
all of the bounds in (27) and (28) hold, except for the second bound in (27) which is not used in
this proof. In particular, this shows that with probability ≥ 1− δ over Model 1,

∥uS∥22 ≤
16k⋆

σ2

(
RA

(
k⋆, ϵ,

δ2

320

)
+ log

(
40d

δ

))
,

for all S ∈ Ω
θ̂, 3

4
k⋆

. Thus, by Lemma 13,

P (S)

Q(S)
≤ exp

(
2σ2
√
k⋆∥uS∥22 + 2σ2ϵ(∥uS∥22 + k⋆)

1− ϵ2
+

6k⋆σ√
1− ϵ

+
k⋆ϵ

1− ϵ

)
≤ 3,

for our choice of parameters in (26) and σ ≤ 1
6k⋆ . Thus, we can check that any P̃ satisfying the

criterion on Line 6 over Ω
θ̂, 3

4
k⋆

has

1

4
≤ P̃ (S)

Q(S)
≤ 4, for all S ∈ Ω

θ̂, 3
4
k⋆
.

Therefore, Lemmas 3 and 14 show that Algorithm 4 samples within total variation δ
4 from πsupp(S |

X,y, S ∈ Ω
θ̂, 3

4
k⋆
), which is in turn within total variation δ

2 from πsupp(S | X,y). Our argument

allows for a failure probability of O( δ
log(1/δ)) in each computation of P̃ , so that all calls to P̃ used

by Lemma 3 succeed with probability ≥ 1− δ
4 .

3 This concludes the correctness proof.

3To make sure our algorithm is consistent in its choice of P̃ , we store all S sampled by Algorithm 3, along with
the estimates P̃ (S) computed. This does not dominate the asymptotic space or time complexity.
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For the runtime, we proceed similarly to Proposition 5, except we substitute the cost of com-
puting [X⊤X]S×S and P̃ to the required accuracy by using Corollary 4 in each iteration, with
δ ← O( δ

log(1/δ)),
L
µ = O(1) (due to RIP), and for b := 1

σ2X
⊤
S:y,

∥b∥2 ≤
1

σ2

∥∥∥X⊤
S:y
∥∥∥ = O

(
poly

(
k⋆, log

(
d

δ

)
,
1

σ

))
.

The above holds by using our bound on
∥∥X⊤ξ

∥∥
∞ in the proof of Lemma 6, and because

∥θ⋆∥22 = O

(
k⋆ log2

(
d

δ

))
(41)

within the failure probability on Model 1, by standard tail bounds on Laplace random variables.

4.3 Proof of Theorem 4

We now combine Propositions 3 and 8 to provide our main sampling result under a Laplace prior.

Theorem 4. Let δ ∈ (0, 1). In the setting of Model 1, suppose µ = Lap(0, 1), σ = O( 1
k⋆ ), and that

X is (ϵ, k⋆)-RIP, where

k⋆ = Ω

(
k + log

(
1

δ

))
, ϵ = O

(
1(

k + log
(
1
δ

))
log
(
d
δ

)) ,
for appropriate constants. There is an algorithm (Algorithm 4 using θ̂ produced by A∞ in Proposi-
tion 3) that returns θ ∼ π′ for a distribution π′ satisfying DTV(π

′, π(· | X,y)) ≤ δ, with probability
≥ 1− δ over the randomness of Model 1. The algorithm runs in time

O

(
d1.5n2 log

(
dκ log

(
1
δ

)
σ

)
+

(k⋆)4

δ2
log4

(
log
(
d
δ

)
σ

)
log2

(
1

δ

))
.

Alternatively, suppose µ = Lap(0, 1), σ = O( 1
k⋆ ), X is (ϵ, k⋆)-RIP, and for some m ∈ [n],

√
m/n ·

X[m]: is ( 1
10 , k

⋆)-RIP where

k⋆ = Ω

(
k + log

(
1

δ

))
, ϵ = O

(
1(

k + log
(
1
δ

)) (
m+ log

(
1
δ

))) ,
for appropriate constants. There is an algorithm (Algorithm 4 using θ̂ produced by A2 in Proposi-
tion 3) that returns θ ∼ π′ for a distribution π′ satisfying DTV(π

′, π(· | X,y)) ≤ δ, with probability
≥ 1− δ over the randomness of Model 1. The algorithm runs in time

O

(
nd log

(
log
(
d
δ

)
σ

)
+ n (k⋆)ω−1 log

(
1

δ

)
+

(k⋆)4

δ2
log4

(
log
(
d
δ

)
σ

)
log2

(
1

δ

))
.

Proof. The proof is almost identical to the proof of Theorem 3, where we substitute Proposition 8
in place of Proposition 5, which also gives the upper bound on σ. We summarize the remaining
differences here. First, when using A∞, we use the same choice of r∞ as in Theorem 3, and

R∞ = Θ

(
r∞ + k⋆ log2

(
d

δ

))
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by substituting the bound (41). Second, when using A2, we similarly use the bound R2
2 =

O(k⋆ log2(dδ )) as before. Finally, in the Laplace prior setting, we no longer have an exact char-
acterization for sampling θ ∼ π(X,y, S), as in Lemma 10. However, using Proposition 7 to perform
this sampling to total variation error δ

2 does not dominate the runtime, and it suffices to adjust the
failure probability of other steps of the algorithm by a constant factor.

For convenience, we provide the following specialization of Theorem 4 in the specific case of Gaussian
measurements X ∈ Rn×d with i.i.d. entries ∼ N (0, 1n), analogously to Corollary 3.

Corollary 5. Let δ ∈ (0, 1), and suppose X ∈ Rn×d has i.i.d. entries ∼ N (0, 1n). If

n = Ω

((
k + log

(
1

δ

))3

log3
(
d

δ

))
,

for an appropriate constant, in the setting of Model 1 where µ = Lap(0, 1) and σ = O( 1
k+log(1/δ)),

there is an algorithm that returns θ ∼ π′ for a distribution π′ satisfying DTV(π
′, π(· | X,y)) ≤ δ,

with probability ≥ 1− δ over the randomness of Model 1 and X. The algorithm runs in time

O

(
n2d1.5 log

(
d log

(
1
δ

)
σ

)
+ n2

√
d log

(
d

σδ

)
+

(
k + log(1δ )

)4
δ2

log4

(
log
(
d
δ

)
σ

)
log2

(
1

δ

))
.

Alternatively, if

n = Ω

((
k + log

(
1

δ

))5

log2
(
d

δ

)
log(d)

)
for an appropriate constant, in the setting of Model 1 where µ = Lap(0, 1) and σ = O( 1

k+log(1/δ)),
there is an algorithm that returns θ ∼ π′ for a distribution π′ satisfying DTV(π

′, π(· | X,y)) ≤ δ,
with probability ≥ 1− δ over the randomness of Model 1 and X. The algorithm runs in time

O

(
nd log

(
log
(
d
δ

)
σ

)
+

(
k + log(1δ )

)4
δ2

log4

(
log
(
d
δ

)
σ

)
log2

(
1

δ

))
.
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A Helper results on sparse recovery

A.1 Sparse recovery preliminaries

Concentration. Here we state standard bounds on Gaussian random variables.

Fact 2 (Mill’s inequality). If Z ∼ N (0, 1) is a standard Gaussian random variable and t > 0,

P [|Z| > t] ≤
√

2

π
· 1
t
exp

(
− t

2

2

)
.

Fact 3 (χ2 tail bounds, Lemma 1, [LM00]). Let {Zi}i∈[n] ∼i.i.d. N (0, 1) and a ∈ Rn
≥0. Then,

P

∑
i∈[n]

aiZ
2
i − ∥a∥

2
2 ≥ 2 ∥a∥2

√
t+ 2 ∥a∥∞ t

 ≤ exp(−t),

P

∑
i∈[n]

aiZ
2
i − ∥a∥

2
2 ≤ −2 ∥a∥2

√
t

 ≤ exp(−t).

As a consequence of Facts 2 and 3 we have the following.

Lemma 1. Let X ∈ Rn×d satisfy (ϵ, 1)-RIP and ξ ∼ N (0n, σ
2In). Then

∥∥∥X⊤ξ
∥∥∥
∞
≤ σ(1 + ϵ)

√
2 log

(
d

δ

)
, with probability ≥ 1− δ, for all δ ∈ (0, 1).

Proof. We will show that for all j ∈ [d], |X⊤
:jξ| ≤ with probability ≥ 1 − δ

d . Since X satisfies
(ϵ, 1)-RIP, for any j ∈ [d], we have ∥Xej∥22 = ∥X:j∥2 ≤ 1+ ϵ. Moreover, X⊤

:jξ ∼ N (0, σ2 ∥X:j∥22), so

P

[
|X⊤

:jξ| > σ(1 + ϵ)

√
2 log

(
d

δ

)]
≤ δ

d
,

by Fact 1. The conclusion follows by taking a union bound over all columns j ∈ [d].

Isometric conditions. We require another notion of isometry from the sparse recovery literature,
used in proving Proposition 3.

Definition 2 (Mutual incoherence). We say X ∈ Rn×d satisfies the mutual incoherence (MI) con-
dition over S ⊆ [d] with parameter α ∈ [0, 1), or X is α-MI over S, if

max
j∈Sc

∥∥∥[X⊤X]−1
S×SX

⊤
S:X:j

∥∥∥
1
≤ α.

We next show how Definitions 1 and 2 relate.

Lemma 15 (RIP implies MI). For any X ∈ Rn×d, if X is (ϵ, s + 1)-RIP, then X is α-MI over S
for any S ⊆ [d] with |S| ≤ s, and α =

√
2sϵ/(1− ϵ).
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Proof. Fix S ⊆ [d] such that |S| ≤ k, and fix j ∈ Sc. We define a projection operator:

PS := X:S [X
⊤X]−1

S×SX
⊤
S:.

It is well known that PS is the projection matrix of the linear subspace: span{X:j ∈ Rn | j ∈ S}.
Let T := S ∪ j. Since X satisfies (ϵ, s+ 1)-RIP, for any θ ∈ Rd, we have

∥X:TθT ∥22 = ∥X:SθS +X:jθj∥22 ≥ (1− ϵ) ∥θT ∥22 = (1− ϵ)(∥θS∥22 + θ2
j ). (42)

By the properties of projection operators, we have

∥X:j∥22 = ∥PSX:j∥22 + ∥(I−PS)X:j∥22 , (43)

∥(I−PS)X:j∥22 = min
θS∈RS

∥X:SθS +X:j∥22 ≥ 1− ϵ, (44)

where the inequality in (44) follows from (42) with θj = 1 and ∥θS∥2 ≥ 0. Inserting (44) into (43),

∥PSX:j∥22 ≤ ∥X:j∥22 − (1− ϵ).

Next, let xj := [X⊤X]−1
S×SX

⊤
S:X:j ∈ RS . Then applying RIP again, we have

∥PSX:j∥22 = ∥X:Sxj∥22 ≥ (1− ϵ) ∥xj∥22 .

Thus, we have by combining the above two displays that

∥xj∥22 ≤
∥X:j∥22
1− ϵ

− 1.

Moreover, notice that xj ∈ RS , so the above display implies

∥xj∥1 ≤
√
s ∥xj∥2 ≤

√
s ·

√
∥X:j∥22
1− ϵ

− 1.

Finally, by RIP applied with the 1-sparse test vector ej ,

∥Xej∥22 = ∥X:j∥22 ∈ [1− ϵ, 1 + ϵ] =⇒ ∥xj∥1 ≤
√

2sϵ

1− ϵ
.

Because our choices of S and j ∈ Sc were arbitrary, we have the desired MI parameter bound.

A.2 Solving the Lasso to high precision

Here, we consider the (Lagrangian) Lasso problem, a.k.a. ℓ1-penalized linear regression, defined as:

θ̂ := argmin
θ∈Rd

1

2
∥Xθ − y∥22 + λ ∥θ∥1 , (45)

where X ∈ Rn×d, θ ∈ Rd, y ∈ Rn and λ > 0. We provide a polynomial-time algorithm achieving
ℓ∞-norm convergence guarantees to the optimal solution. The reason this is nontrivial using off-the-
shelf convex optimization tools, e.g., cutting-plane methods, is because (45) is not strongly convex,
so function approximation guarantees do not transfer to distance bounds.

Throughout the section, we make the following assumption.
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Assumption 4. The columns of X are in general position.

We now restate a result from [Tib13] that shows Assumption 4 implies uniqueness of the Lasso
solution (45), and characterizes the solution. The former fact is attributed to [OPT00].

Lemma 16 (Lemma 4, [Tib13]). Under Assumption 4, (45) has a unique solution, θ̂, satisfying

θ̂S = [X⊤X]−1
S×S(X

⊤
S:y − λs), θ̂SC = 0, s := sign(X⊤

S:(y −Xθ̂)),

where S := {i ∈ [d] | |X⊤
i: (y −Xθ̂)| = λ}.

We next derive a constrained dual problem for (45).

Lemma 17 (Lasso dual). The dual problem for (45) is given as

ẑ = argmin
∥z∥∞ ≤ 1

(z− a)⊤ (X⊤X)† (z− a) , a :=
1

λ
X⊤y. (46)

Furthermore, if Assumption 4 holds, then (46) has a unique minimizer satisfying

θ̂S = [X⊤X]−1
S×S(X

⊤
S:y − λẑS), θ̂Sc = 0, ẑ = a− 1

λ
X⊤Xθ̂

where θ̂ is the unique minimizer of (45) and S = {i ∈ [d] | |ẑi| = 1}.

Proof. First, by the standard identity ∥θ∥1 = max∥z∥∞ ≤ 1 z
⊤θ, (45) is equivalently

min
θ∈Rd

max
∥z∥∞ ≤ 1

1

2
∥Xθ − y∥22 + λz⊤θ. (47)

Note that the set ∥z∥∞ ≤ 1 is a compact set, and f(θ, z) := 1
2 ∥Xθ − y∥22+λz⊤θ is convex-concave.

Therefore, using Sion’s minimax theorem, [Sio58], strong duality holds so (47) equals

max
∥z∥∞ ≤ 1

min
θ∈Rd

1

2
∥Xθ − y∥22 + λz⊤θ. (48)

Solving the inner minimization shows that for fixed z, we should choose

θ = (X⊤X)†(X⊤y − λz).

Substituting this back into (48) we have for the optimal solution, ẑ, of the dual (48), that

ẑ = argmax
∥z∥∞ ≤ 1

−λ
2

2
(z− a)⊤ (X⊤X)† (z− a) +

λ2

2
a⊤(X⊤X)†a+

1

2

∥∥∥(I−X(X⊤X)†X⊤
)
y
∥∥∥2
2

= argmax
∥z∥∞ ≤ 1

−λ
2

2
(z− a)⊤ (X⊤X)† (z− a) = argmin

∥z∥∞ ≤ 1
(z− a)⊤ (X⊤X)† (z− a) .

This proves the first conclusion. For the second conclusion, since strong duality holds, by using
KKT conditions, we have for primal and dual optimal solutions θ̂, ẑ respectively,

X⊤Xθ̂ = X⊤y − λẑ, ∥ẑ∥∞ ≤ 1.
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Note that ẑ is fixed given θ̂. Under Assumption 4, we conclude uniqueness of ẑ. Next, we have

ẑi =
1

λ
X⊤

i (y −Xθ̂) =⇒ max
i∈[d]
|X⊤

i (y −Xθ̂)| ≤ λ.

Let S := {i ∈ [d] : |ẑi| = 1}, which by the above is consistent with the definition in Lemma 16. We
have the remaining conclusions due to Lemma 16.

Our strategy is now to show that restricted to range(X⊤), the dual problem (46) is strongly convex,
and consequently, we can suboptimality guarantees to distance bounds on the parameter z.

Lemma 18. Let X satisfy Assumption 4 with n ≤ d, with singular value decomposition

X = UΣV⊤,U ∈ Rn×n,Σ = diag (σ) for σ ∈ Rn
>0, V ∈ Rd×n.

Consider the following optimization problem:

ŵ = argmin
∥Vw∥∞≤1

(w − b)⊤Σ−2(w − b), Vb :=
1

λ
X⊤y. (49)

Then, ẑ = Vŵ, where ẑ is the unique optimal dual solution as defined in Lemma 17.

Proof. By Lemma 17, the optimal solution to (46) is of the form

ẑ = a− 1

λ
X⊤Xθ̂ =

1

λ
X⊤(y −Xθ̂)

where a := 1
λX

⊤y. Therefore, ẑ ∈ range
(
X⊤) and ∃w ∈ Rn such that ẑ = Vŵ. Similarly,

a ∈ range
(
X⊤). Therefore, ∃b ∈ Rn such that Vb = 1

λX
⊤y.

Thus, if we were to restrict the dual problem to solutions of the form

z = Vw (50)

then we would restrict our constraint set to a subset of the original set in (46), {z | ∥z∥∞ ≤ 1}.
However, since ẑ = Vŵ holds, this restriction does not affect the problem. The uniqueness of ŵ
implies the uniqueness of ẑ. The conclusion of the lemma follows by using (50).

Lemma 18 shows that (49), our reformulation of (46), is strongly convex, with a convex constraint
set. Consequently, a standard convex optimization algorithm can now be used to achieve function
approximation guarantees, which we formalize, using a result from [NN94], restated below.

Lemma 19 (Eq. (8.1.5), [NN94]). Consider the following optimization problem:

minψ(x) :=
1

2
x⊤Ax− c⊤x, subject to x ∈ Rn,−c⊤i x+ ri ≥ 0 for all i ∈ [d],

where A ∈ Sn×n
⪰0 and {ci}i∈[d] ∪ {c} ⊂ Rn, and r ∈ Rd. Define the sets

G :=
{
x | c⊤i x+ ri ≥ 0 for all i ∈ [d]

}
, G′ :=

{
x | c⊤i x+ ri > 0 for all i ∈ [d]

}
.
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If G′ is non-empty, then for any ϵ > 0, there is an algorithm which returns xϵ ∈ G′ satisfying

ψ(xα)−min
x∈G

ψ(x) ≤ ϵ
(
max
x∈G

ψ(x)−min
x∈G

ψ(x)

)
,

initialized at x0 ∈ G, and runs in time

O

(
d1.5n2 log

(
d

α (G,x0) ϵ

))
where α (G,x0) := max {α | x0 + α(x0 − G) ⊂ G}.

We next bound the asymmetry coefficient α(G,x0) for our quadratic program (49).

Lemma 20. Let G := {w ∈ Rn | ∥Vw∥∞ ≤ 1} where V ∈ Rd×n satisfies V⊤V = In. Then

α(G,0n) := max {α | 0n + α(0n − G) ⊂ G} ≥
1

2
.

Proof. Since G is symmetric about the origin and nonempty, −1
2G = 1

2G ⊂ G as claimed.

Finally, we combine these results to provide a fast algorithm for approximating (45).

Proposition 9. Let Assumption 4 hold. Following the notation in (45), there is an algorithm which
returns θ satisfying ∥θ − θ̂∥2 ≤ ϵ, in time

O

(
d1.5n2 log

(
(λ+

∥∥X⊤y
∥∥
2
)d

ϵ
· σ1(X)

σn(X)

))
.

Proof. We first claim it suffices to solve (49) to function error

∆ :=
ϵ2

λ2
· σn(X)4

σ1(X)2
.

To see this, let w satisfy f(w)− f(ŵ) ≤ ∆, where ŵ minimizes (49). By strong convexity of (49),

∥w − ŵ∥22 ≤ σ1(Σ)2∆ = σ1(M)2∆.

Moreover, letting z := Vw and ẑ := Vŵ, so that ẑ minimizes (46) by Lemma 18, we have
∥w − ŵ∥2 = ∥z− ẑ∥2 since V⊤V = In. Finally, by Lemma 17, letting θ̂ := (X⊤X)†(X⊤y − λẑ)
optimize (45) and θ := (X⊤X)†(X⊤y − λz), we have∥∥∥θ − θ̂

∥∥∥
2
= λ

∥∥∥(X⊤X)†(z− ẑ)
∥∥∥
2
≤ λ

σn(X)2
∥z− ẑ∥2 =

λ

σn(X)2
∥w − ŵ∥2 .

It remains to bound the complexity of achieving ∆ function error. Letting A := 2Σ−2 and c :=
2Σ−2b in the setting of Lemma 19,

max
w∈G

ψ(w)−min
w∈G

ψ(w) ≤ max
w∈G

(w − b)⊤Σ−2(w − b)

≤ 1

σn(X)2
max

∥Vw∥∞≤1
∥w − b∥22

≤ 1

σn(X)2
·

(
max

∥Vw∥2≤
√
d
2 ∥w∥22 + 2 ∥b∥22

)
≤

2(d+ ∥b∥22)
σn(X)2

.

The conclusion follows from Lemma 19 using ∥b∥2 ≤
1
λ

∥∥X⊤y
∥∥
2

by our choice of b = 1
λV

⊤X⊤y.
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A.3 Proof of Proposition 3: ℓ∞ recovery

In this section, we prove the first statement in Proposition 3. Our main tool is the following known
result on the performance of the Lasso for sparse recovery under MI (Definition 2).

Lemma 21 (Theorem 7.21, [Wai19]). In the setting of Model 2, let supp(θ⋆) = S and |S| = k. If
λmin([X

⊤X]S×S) > 0 and X is α-MI over S, then for any regularization parameter λ such that

λ ≥ 2

1− α

∥∥∥X⊤
Sc:ΠS⊥(X)ξ

∥∥∥
∞
, (51)

where ΠS⊥(X) := In −X:S [X
⊤X]−1

S×SX
⊤
S:, the Lasso solution

θ̂ := argmin
θ∈Rd

{
∥Xθ − y∥22 + λ ∥θ∥1

}
(52)

satisfies ∥∥∥θ̂ − θ⋆
∥∥∥
∞
≤
∥∥∥∥[X⊤X

]−1

S×S
X⊤

S:ξ

∥∥∥∥
∞

+ λmax
i∈S

∑
j∈S

∣∣∣∣[X⊤X
]−1

ij

∣∣∣∣ . (53)

We next give a bound on the parameters in (51), (53) under RIP.

Lemma 22. In the setting of Model 2, let supp(θ⋆) = S and |S| = k. If X satisfies (ϵ, k+ 1)-RIP,
then for any regularization parameter λ such that

λ ≥ 2(1 + α)

1− α

∥∥∥X⊤ξ
∥∥∥
∞
, (54)

the Lasso solution (52) satisfies

∥∥∥θ̂ − θ⋆
∥∥∥
∞
≤

(
1

1− ϵ
+

2
√
kϵ

1− ϵ2

)(∥∥∥X⊤ξ
∥∥∥
∞

+ λ
)
. (55)

Proof. Since X is (ϵ, k + 1) RIP, we have by Lemma 15 that X is α-MI over any S ⊆ [d] with
|S| ≤ k, for α =

√
2kϵ/(1− ϵ). We begin by bounding the right-hand side of (51). By the

definition of ΠS⊥(X) and the triangle inequality, we have that

∥∥∥X⊤
Sc:ΠS⊥(X)ξ

∥∥∥
∞
≤
∥∥∥X⊤

Sc:ξ
∥∥∥
∞

+

∥∥∥∥∥
([

X⊤X
]−1

S×S
X⊤

S:X:Sc

)⊤
X⊤

S:ξ

∥∥∥∥∥
∞

. (56)

Also by the definition of ∥·∥∞, we have∥∥∥∥∥
([

X⊤X
]−1

S×S
X⊤

S:X:Sc

)⊤
X⊤

S:ξ

∥∥∥∥∥
∞

≤ max
j∈Sc

∥∥∥∥[X⊤X
]−1

S×S
X⊤

S:X:j

∥∥∥∥
1

·
∥∥∥X⊤

S:ξ
∥∥∥
∞
≤ α

∥∥∥X⊤
S:ξ
∥∥∥
∞
, (57)

where the last inequality used MI. Combining (56) and (57), we have shown∥∥∥X⊤
Sc×ScΠS⊥(X)ξ

∥∥∥
∞
≤ (1 + α)

∥∥∥X⊤ξ
∥∥∥
∞
,
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proving that (54) is a sufficient condition for (51) to apply. Next we bound the right-hand side of
(53). Let M := [X⊤X]−1

S×S . Because ∥M∥∞→∞ = maxi∈S∥Mi:∥1, we have from (53) that∥∥∥θ̂ − θ⋆
∥∥∥
∞
≤ ∥M∥∞→∞

(∥∥∥X⊤ξ
∥∥∥
∞

+ λ
)
, (58)

so it is enough to provide a bound on ∥M∥∞→∞. Because X satisfies (ϵ, k + 1)-RIP, we have

λ(M−1) ∈ [1− ϵ, 1 + ϵ]k =⇒ λ(M) ∈
[

1

1 + ϵ
,

1

1− ϵ

]k
. (59)

Thus, because ∥ei∥2 = 1,

Mii = e⊤i Mei ∈ [λmin(M),λmax(M)] =

[
1

1 + ϵ
,

1

1− ϵ

]
. (60)

Moreover, we have that∑
j∈S
j ̸=i

M2
ij = ∥Mei∥22 −M2

ii ≤
1

(1− ϵ)2
− 1

(1 + ϵ)2
=

4ϵ

(1− ϵ2)2
,

where the inequality used the upper bound in (59) and the lower bound in (60). Finally, since
v ∈ RS has ∥v∥1 ≤

√
k ∥v∥2, by combining the above display with the upper bound in (60),

∥Mi:∥1 = Mii +
∑
j∈S
j ̸=i

|Mij | ≤
1

1− ϵ
+

2
√
kϵ

1− ϵ2
.

Finally, plugging the above into (58) yields the desired claim (55).

We are now ready to prove the first part of Proposition 3.

Proof of Proposition 3: ℓ∞ recovery. Under Assumption 1, we have by Lemma 15 that for

α =

√
2kϵ

1− ϵ
≤
√

2

3
, λ =

2(1 + α)

1− α

∥∥∥X⊤ξ
∥∥∥
∞

= Θ
(∥∥∥X⊤ξ

∥∥∥
∞

)
,

that X is α-MI, and hence Lemma 22 shows that the solution to (53) satisfies∥∥∥θ̂ − θ⋆
∥∥∥
∞

= O
(∥∥∥X⊤ξ

∥∥∥
∞

)
.

Now it suffices to return an estimate of θ̂ within ℓ∞ distance O(
∥∥X⊤ξ

∥∥
∞). To do so, we use

Proposition 9, giving the conclusion.
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A.4 Proof of Proposition 3: ℓ2 recovery

In this section, we prove the second statement in Proposition 3. Our proof is a simple modification
of a fairly standard approach based on projected gradient descent over ℓ1 balls. Our result is implicit
in [KLL+23], but we give a brief explanation of how to derive it.

Proof of Proposition 3: ℓ2 recovery. This result is implicit in the proof of Theorem 4, [KLL+23],
which handles a much more general setting of a semi-random RIP observation matrix. The ex-
position in [KLL+23] loses several additional logarithmic factors in the runtime due to the need
to construct a “noisy step oracle,” but in our simpler standard RIP setting, we can use uniform
weights over the rows of X[m]: to skip this step. There is a presentation of this simpler setting in
[Tia24], Theorem 3, in the noiseless case, and it extends to the noisy case in the same way as done
in [KLL+23]. In particular, in the noisy case it suffices to apply Theorem 3 in [Tia24] with R← R2

and r ← r2, i.e., the noise level at which point we can no longer guarantee progress.

B Additional deferred proofs from Section 2

B.1 Deferred proofs from Section 2.4

Proposition 4 (Generalization of Theorem 3.4, [JAD+21]). Let m(·, ·) be an arbitrary metric over
K ×K and suppose µ is a distribution over K. Let θ⋆ ∼ µ, let F : K → Ω be an arbitrary (possibly
randomized) forward operator, and let φ = F(θ⋆). Suppose there is any (possibly randomized)
algorithm A : Ω→ K such that for ϵ > 0, δ ∈ (0, 1),

P
[
m(θ̂, θ⋆) > ϵ

]
≤ δ, for θ̂ ∼ A(φ), (14)

where probabilities are taken over the joint distribution of (θ⋆, φ, θ̂). Then, letting θ ∼ µ(· | φ), i.e.,
the posterior distribution of θ⋆ given observations φ, we have

P [m(θ, θ⋆) > 2ϵ] ≤ 2δ.

Proof. Let E
θ,θ̂

denote the event that m(θ, θ̂) ≤ ϵ, and similarly define E
θ⋆,θ̂

. We have

Pθ⋆,φ,θ [m(θ,θ⋆) ≤ 2ϵ] ≥ P
θ⋆,φ,θ̂,θ

[
m(θ, θ̂) ≤ ϵ ∧m(θ⋆, θ̂) ≤ ϵ

]
= P

θ⋆,φ,θ̂,θ

[
E
θ,θ̂
∧ E

θ⋆,θ̂

]
= E

θ⋆,φ,θ̂,θ

[
IE

θ,θ̂
· IE

θ⋆,θ̂

]
= E

φ,θ̂

[
Eθ⋆,θ

[
IE

θ,θ̂
· IE

θ⋆,θ̂
| φ, θ̂

]]
= E

φ,θ̂

[
Eθ

[
IE

θ,θ̂
| φ, θ̂

]
· Eθ⋆

[
IE

θ⋆,θ̂
| φ, θ̂

]]
= E

φ,θ̂

[
Pθ

[
E
θ,θ̂
| φ, θ̂

]
· Pθ⋆

[
E
θ⋆,θ̂
| φ, θ̂

]]
= E

φ,θ̂

[
Pθ⋆

[
E
θ⋆,θ̂
| φ, θ̂

]2]
.

The first line used that m is a metric and applied the triangle inequality, the second used the defi-
nitions of E

θ,θ̂
, E

θ⋆,θ̂
, the third iterated expectations, the fourth used that θ and θ⋆ are independent
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conditioned on φ, θ̂, and the last used that (θ⋆, φ, θ̂) and (θ, φ, θ̂) have the same joint distribution.
Finally, the conclusion follows by Jensen’s inequality and (14):

E
φ,θ̂

[
Pθ⋆

[
E
θ⋆,θ̂
| φ, θ̂

]2]
≥ E

φ,θ̂

[
Pθ⋆

[
E
θ⋆,θ̂
| φ, θ̂

]]2
= P

θ⋆,φ,θ̂

[
E
θ⋆,θ̂

]
= (1− δ)2 ≥ 1− 2δ.

Lemma 2. Let (α, β) be random variables, and let Eα,β be an event that depends on their realizations.
Suppose for some δ1, δ2 ∈ (0, 1) that P(α,β)[Eα,β ] ≥ 1− δ1δ2. Then, letting g(α) := Pβ [Eα,β | α],

Pα[g(α) ≤ 1− δ1] ≤ δ2.

Proof. Let p := Pα[g(α) ≤ 1− δ1]. By expanding, and using g(α) ∈ [0, 1] for all α,

1− δ1δ2 ≤ P(α,β) [Eα,β ] = Eα [g(α)]

= pEα [g(α) | g(α) ≤ 1− δ1] + (1− p)Eα [g(α) | g(α) > 1− δ1]
≤ p(1− δ1) + 1− p = 1− pδ1.

Rearranging shows that p ≤ δ2 as claimed.

B.2 Deferred proofs from Section 2.5

We first restate (a special case of) Lemma 12 from [LST21], which we use to prove Lemma 3.

Lemma 23 (Lemma 12, [LST21]). Let π, µ be distributions over the same domain, and suppose
that π ∝ P and µ ∝ Q for unnormalized densities P,Q. Moreover, suppose for ϵ ∈ (0, 1) and C ≥ 1,
there is a set Ω such that Pω∼π[ω ∈ Ω] ≥ 1− ϵ, and

P (ω)

Q(ω)
≤ C for all ω ∈ Ω,

∫
Q(ω)dω∫
P (ω)dω

≤ 1.

There is an algorithm that, for any δ ∈ (0, 1) outputs a sample within total variation distance ϵ+ δ

from π. The algorithm uses O( C
1−ϵ log(

1
δ )) samples from µ, and evaluates P (ω)

Q(ω) O( C
1−ϵ log(

1
δ )) times.

Now we present the proof of Lemma 3.

Lemma 3. Let π, µ be distributions over the same domain Ω, and suppose that π ∝ P and µ ∝ Q
for unnormalized densities P,Q. Moreover, suppose that for all ω ∈ Ω,

P (ω)

Q(ω)
≤ C, Q(ω)

P (ω)
≤ C.

There is an algorithm RejectionSample(µ, P,Q,Ω, C, δ) that, for any δ ∈ (0, 1), outputs a sample
within total variation distance δ from π. The algorithm uses O(C2 log(1δ )) samples from µ, and
evaluates P (ω)

Q(ω) O(C2 log(1δ )) times.
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Proof. We apply Lemma 23 with ϵ = 0, i.e., with Ω as the whole domain. For all ω, letQ′(ω) := Q(ω)
C .

Then, we have the result by applying Lemma 23 with P ← P and Q← Q′, since

P (ω)

Q′(ω)
=
CP (ω)

Q(ω)
≤ C2,

∫
Q′(ω)dω =

1

C

∫
Q(ω)dω ≤

∫
P (ω)dω.

B.3 Deferred proofs from Section 2.6

Algorithm 5 ConditionalPoisson(p, k)

1: Input: p ∈ [0, 1]d inducing π :=
⊗

i∈[d] Bern(pi), maximum allowed successes k ∈ [d]
2: Output: S ∈ Ωk := {S ⊆ [d] | |S| ≤ k} distributed as π(S | S ∈ Ωk)
3: for j ∈ [0, k] do ▷ Precompute dynamic programming table.
4: F (d+ 1, j)← Ij=0

5: end for
6: for i = d to 1 do
7: for j ∈ [0, k] do
8: if j = 0 then
9: F (i, j)← 1

10: else
11: F (i, j)← F (i+ 1, j) + pi

1−pi
F (i+ 1, j − 1)

12: end if
13: end for
14: i← i− 1
15: end for
16: Sample ℓ ∈ [0, k] proportionally to F (1, ℓ) ▷ Sample target number of successes.
17: S ← ∅, r ← ℓ ▷ r is the number of successes remaining to be allocated.
18: for i = 1 to d do ▷ Sequentially select indices.
19: if r = 0 then
20: break ▷ No more successes to allocate.
21: end if
22: Let α ∼ Bern(pi F (i+1,r−1)

(1−pi)F (i,r) )
23: if α = 1 then
24: S ← S ∪ {i}
25: r ← r − 1
26: end if
27: end for
28: return S

Lemma 4. Let p ∈ [0, 1]d, and let π :=
⊗

i∈[d] Bern(pi) be a product distribution over {0, 1}d, iden-
tified with sets S ⊆ [d] in the canonical way. Define Ωk := {S ⊆ [d] | |S| ≤ k}. ConditionalPoisson
(Algorithm 5) runs in time O(dk) and returns S ∈ Ωk such that P[S = T ] = π(T | T ∈ Ωk).

Proof. The algorithm is displayed in Algorithm 5, and its runtime is clearly O(dk). We now prove
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correctness. First, observe that for all S ⊆ [d],

π(S) ∝
∏
i∈S

pi

1− pi
=: P (S).

We claim that after Lines 3 to 15 have finished running, we have for all i ∈ [d], j ∈ [k], that

F (i, j) =
∑

S⊆{i,i+1,...,d}
|S|=j

P (S). (61)

In (61), we define empty sums to be 0 and P (∅) := 1. Note that F (d + 1, j) for j ∈ [0, k] satisfies
(61). Now, supposing all entries F (i+1, j) for j ∈ [0, k] satisfy (61), we have for any j ∈ [0, k] that∑

S⊆{i,i+1,...,d}
|S|=j

P (S) =
∑

S⊆{i+1,i+2,...,d}
|S|=j

P (S) +
pi

1− pi

∑
S⊆{i+1,i+2,...,d}

|S|=j−1

P (S)

= F (i+ 1, j) +
pi

1− pi
F (i+ 1, j − 1) = F (i, j),

as computed by Lines 3 to 15. Thus, for any S ∈ Ωk, we have

π(S | |S| ≤ k) = P (S)∑
S||S|≤k P (S)

=
P (S)∑

j∈[0,k] F (1, j)
.

In Algorithm 5, we first sample ℓ with probability F (1,ℓ)∑
j∈[k] F (1,ℓ) . Let S = {i1, i2, . . . , iℓ} have |S| = ℓ.

Algorithm 5 outputs S with probability:

F (2, ℓ)

F (1, ℓ)

F (3, ℓ)

F (2, ℓ)
· · · pi1

1− pi1

F (i1 + 1, ℓ− 1)

F (i1, ℓ)
· · · pil

1− pil

F (il + 1, 0)

F (il, 1)

F (d+ 1, 0)

F (d, 0)
=

∏
i∈S

pi

1−pi

F (1, ℓ)

=
P (S)

F (1, ℓ)
.

Thus, we have

P(output S) =
P (S)

F (1, ℓ)
· F (1, ℓ)∑

j∈[0,k] F (1, j)
= π(S | |S| ≤ k).
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