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Abstract. We propose a method for sampling from Gibbs distributions of the form π(x) ∝ exp(−U(x)) that
leverages a family (πt)t of approximations of the target density which is deliberately constructed such
that πt exhibits favorable properties for sampling when t is large, and such that πt approaches π as
t approaches 0. This sequence is obtained by replacing (parts of) the potential U with its Moreau
envelope. Through the sequential sampling from πt for decreasing values of t by a Langevin algorithm
with appropriate step size, the samples are guided from a simple starting density to the more complex
target quickly. We prove that t 7→ πt is Lipschitz continuous in the total variation distance and
Hölder continuous in the Wasserstein-p distance, that the sampling algorithm is ergodic, and that it
converges to the target density without assuming convexity or differentiability of the potential U . In
addition to the theoretical analysis, we show experimental results that support the superiority of
the method in terms of convergence speed and mode-coverage of multi-modal densities over current
algorithms. The experiments range from one-dimensional toy-problems to high-dimensional inverse
imaging problems with learned potentials.
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1. Introduction. This article is concerned with sampling from distributions of the form

(1.1) π(x) =
exp

(
−U(x)

)∫
exp

(
−U(y)

)
dy

.

The potential U = F +G is composed of the functions F,G : Rd → [0,∞) and is such that∫
exp

(
−U(x)

)
dx < ∞. The consideration of the additive structure U = F +G is motivated

by frequent applications where U can be split into a well-behaved function F and a more
difficult-to-handle function G (cf. [23, 32]). In particular, we cover settings where G and,
consequently, U are nonconvex or nondifferentiable.

Sampling from distributions of the form (1.1) is a task that frequently arises in, e.g.,
Bayesian inverse problems [27], mathematical imaging [13,35], machine learning [47,48], and
uncertainty quantification [32]. As an example, training strategies for machine learning such as
maximum-likelihood estimation [9, 33, 47], which are becoming increasingly popular, often rely
on sampling algorithms as subroutines. For most interesting potentials, sampling from (1.1)
necessitates Markov chain Monte Carlo (MCMC) methods where a Markov chain (Xk)k≥1 ⊂ Rd
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is deliberately designed such that the law of Xk converges to the target distribution π as
k → ∞. To tackle high-dimensional problems often encountered in imaging applications,
Markov chains derived from discretizations of the Langevin diffusion stochastic differential
equation (SDE)

(1.2) dXt = −∇U(Xt) dt+
√
2 dWt,

where (Wt)t denotes Brownian motion, have become popular. Note, however, that (1.2) requires
U to be differentiable. A straightforward way to obtain a Markov chain that approximates
(1.2) is via the Euler-Maruyama (EM) discretization that leads to the unadjusted Langevin
algorithm (ULA)

(1.3) Xk+1 = Xk − τ∇U(Xk) +
√
2τZk,

where τ > 0 is the step size of the discretization and (Zk)k are independent and identically
distributed (i.i.d.) standard Gaussian random vectors. Various convergence results of such
schemes (under stronger assumptions than in this paper) can be found in [8,10–12,16,18,25,38].
While more sophisticated schemes have been proposed, the EM discretization remains the most
popular due to the simple implementation and diminishing returns for higher-order schemes in
practice.

Practitioners face two challenges when using ULA: Slow mixing and strong assumptions on
the potential. The former ultimately led to the birth of diffusion models in [42], while the latter
sparked research on Langevin algorithms that are applicable to nondifferentiable and nonconvex
potentials [13,28]. In this work, we propose diffusion at absolute zero (DAZ) as a novel sampling
method that combines ideas from diffusion models with ideas from nondifferentiable Langevin
sampling. In particular, we propose the successive Langevin sampling of a sequence of
distributions πt for t → 0 which is obtained by replacing G with its Moreau envelope with
parameter t. The Moreau envelope convexifies the potential (we formalize this statement in
Theorem 4.1), allows using larger step sizes, and, consequently, has favorable mode-coverage
behavior when t is large and converges to the target as t → 0. In addition and in contrast
to diffusion models, the proposed sampling algorithm does not require a trained model for
all t > 0 since the minimum mean-squared-error (MMSE) denoising step is replaced with a
maximim a-posteriori (MAP) denoising problem that can be solved with efficient optimization
algorithms for a large class of potentials. Consequently, the proposed method is applicable to
a large class of models used for inverse problems.

Contributions. We provide the following contributions with regards to the proposed sampling
algorithm that is summarized in Algorithm 1.1:

1. In the nondifferentiable and nonconvex setting, we prove the exponential ergodicity
of the Langevin diffusion as well as the geometric ergodicity of the corresponding
discretization for any fixed Moreau parameter t. Moreover, we show that the stationary
distribution of the discretization converges to that of the continuous-time Langevin
diffusion as the step size vanishes (Theorems 4.14 and 4.15).

2. We show that the map t 7→ πt is Lipschitz continuous with respect to the total
variation distance, as well as Hölder continuous with Hölder exponent p ∈ [1,∞)
under appropriate integrability assumptions on the density πt (Theorem 4.22). This
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Algorithm 1.1 Diffusion at Absolute Zero (DAZ)

Require: Number of Moreau levels N with schedule {tn}Nn=1 and corresponding Langevin
step sizes {τn}Nn=1, number of Langevin steps per Moreau level K, initial condition
XN

1

1: for n = N, . . . , 1 do
2: for k = 1, . . .K do
3: Zn

k ∼ N (0, I)
4: Xn

k+1 = Xn
k − τn∇F (Xn

k )−
τn
tn

(
Xn

k − proxtnG(X
n
k )
)
+
√
2τnZ

n
k

5: Xn−1
0 = Xn

K

6: return X1
K

continuity ensures that a small change in t implies a small change in πt, which is a
crucial requirement for a meaningful annealing strategy.

3. We relate the proposed sampling algorithm to diffusion models by showing that the
distributions (πt)t can be understood as a zero-temperature limit of the corresponding
diffusion distributions (Theorems 4.24 and 4.26).

4. We provide an extensive set of numerical experiments. We demonstrate the efficiency
of the proposed sampling algorithm quantitatively on toy examples that allow for
an efficient computation of reference distributions and qualitatively on several high-
dimensional applications in imaging that leverage potentials that are learned from
data.

2. Related Work. In recent years, data-driven approaches have significantly influenced
applied mathematics and related fields. A central aspect of these data-driven approaches is
their close relation to probabilistic modeling, which naturally led to an increased interest in
sampling strategies. In the following, we provide an overview of relevant works that are closely
related to the present article. To facilitate the comparison between our work and some of
these works, we revisit some of them—after the presentation of our results—in more detail
in subsection 4.1.1.

Langevin sampling. A large body of work investigates conditions for ergodicity of the
Langevin diffusion (1.2) and ULA (1.3) and the relation of the respective stationary distributions
to the target under various assumptions on the potential U . Under the assumption that U is
differentiable, the authors of the early work [38] show exponential ergodicity of the diffusion
with stationary measure π, as well as geometric ergodicity of ULA under growth conditions
on ∇U . Later works focused on establishing nonasymptotic convergence results with explicit
rates. For strongly convex (at least outside a ball) and differentiable potentials with Lipschitz
continuous gradient, explicit rates are provided in [6, 8]. Weaker conditions on the growth
of U or ∇U are considered in [11]. In [10], ULA (and similar schemes) are interpreted as an
iterative minimization of the Kullback-Leibler divergence to the target density (cf. [20]) and
the authors provide nonasymptotic convergence results.

The popularity of nondifferentiable regularizers (see, e.g., [3, 40]) in Bayesian inverse
problems in imaging sparked research on sampling algorithms that can handle nondifferentiable
potentials. Methods that rely on the subgradient or the proximal map of (nondifferentiable
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parts of) U are proposed and analyzed in [10, 16, 18]. The resulting sampling algorithms
closely resemble proximal-gradient-style methods from optimization. In [4, 32], a primal-dual
sampling scheme inspired by the Chambolle-Pock method for optimization [5] is used to
tackle nondifferentiable potentials. The primal-dual-inspired methods are ad-hoc algorithms
that have been demonstrated to work well in practice (see, e.g., [32]), but convergence has
only been proven under strong differentiability assumptions [4]. An alternative approach for
sampling from nondifferentiable densities is to replace the target density with a differentiable
surrogate. This has been proposed, e.g., in [13, 35] where the nondifferentiable part of the
potential is substituted with its Moreau envelope; the authors named the resulting algorithm
Moreau-Yosida regularized unadjusted Langevin algorithm (MYULA). In [14], the convergence
of such methods is analyzed when the proximal map is inexact.

The Moreau envelope-based approach from [13,35] is extended to nonconvex potentials
in [28] where a result about convergence of the EM discretization to the continuous-time
diffusion in expectation for finite time is presented [28, Theorem 1]. We extend this by an
extensive ergodic analysis of the Langevin diffusion and its discretization and a proof of the
convergence of the stationary distribution of the discrete chain to the target as the step size
vanishes (in the total variation (TV) norm, among others). Moreover, in [28] like in [13], the
Moreau envelope was used to obtain a single surrogate density for π. In contrast, we consider
a sequence of densities (πt)t with different Moreau parameters that approach π, similar to
diffusion models. The use of different Moreau parameters necessitates distinguishing the
case of small parameters that lead to differentiable envelopes and large parameters where
differentiability is not guaranteed. In both cases, we prove the ergodicity of the discrete chain.

In [37] the authors propose to replace the simple EM discretization used in ULA by a Runge-
Kutta stochastic integration scheme which extends the deterministic Chebyshev method [41]
to SDEs. The proposed method is coined stochastic orthogonal Runge–Kutta–Chebyshev
method (SK-ROCK). While theoretical results about the convergence speed of SK-ROCK are
unfortunately not yet available [37, Section 3.1.1], the method provides a significant acceleration
in practice (see also section 5).

Annealed Langevin sampling. A particular inspiration for the present article has been
annealed Langevin sampling [42], which later lead to diffusion models [43]. Annealed Langevin
sampling is related to DAZ in the sense that both approaches propose to approximate the target
π by a family of distributions (πt)t which is designed so that πt exhibits favorable properties
for large t and so that πt → π as t → 0 in an appropriate sense. The difference between the
two approaches lies in the definition of the family πt. In annealed Langevin sampling, πt is
defined as the convolution of π with a Gaussian of variance t, i.e., πt = π ∗ N (0,

√
t). In DAZ,

πt is defined by replacing G by its Moreau envelope. In order to draw from π, both DAZ and
annealed Langevin sampling sample successively from their respective regularized distributions
πtk for k = n, n − 1, . . . , 0 using ULA where tn > tn−1 > · · · > t0 is a predefined parameter
schedule. Initially, for tk large, the distribution πtk admits a rather favorable structure and,
thus, allows for efficient sampling. As tk is decreased, the samples are guided to the complex
target distribution.

A crucial difference between annealed Langevin sampling and the proposed method is their
applicability to a given and generic (i.e., without special structure and not trained in a method-
specific manner) potential U . In particular, when πt = π ∗N (0,

√
t) is constructed for annealed
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Langevin sampling, one evaluation of ∇ log πt (which is required for the Langevin sampling) at
any point requires the computation of the MMSE-estimate of the denoising of that point under
the prior π. For a general potential, for instance a deep neural network, this task is as hard as
the original problem of sampling from π. This challenge is typically circumvented by the off-line
direct training of a family of such MMSE denoisers [42]. However, this renders the method
impractical for the sampling of a given potential U . In contrast, when πt(x) ∝ exp

(
−U t(x)

)
is constructed for DAZ, one evaluation of ∇ log πt can be computed efficiently whenever the
proximal map of G can be computed efficiently. This can be accomplished by the resolution of
a MAP denoising problem under a prior with potential G (see Theorem 3.2 and the discussion
thereafter) by efficient algorithms for a large class of functions that includes neural networks.
Consequently, the proposed method can be readily applied to a large class of potentials.
The relation between annealed Langevin sampling and DAZ is formalized more rigorously in
Theorems 4.24 to 4.26 where we show that the sequence of distributions used in the present
work can be viewed as a zero-temperature limit of the sequence of distributions used in diffusion
models.

Successive regularization. DAZ can be understood as a sampling analog to a successive
regularization approach that has recently been proposed in the context of optimization. For
the minimization of a possibly nonconvex and nondifferentiable function H, the authors of [19]
propose to alternate gradient descent steps on the Moreau envelope of H and update steps
on the Moreau parameter t. Since the Moreau envelope leaves global minima unchanged and,
under certain conditions, local minimizers of the Moreau envelope are global minimizers of
H [19, Lemma A.6], this constitutes a valid approach to finding the global minimizers of H.
However, while for our sampling approach we require that the Moreau parameter approaches
0, this need not be the case for optimization [19].

3. Preliminaries. In this section, we introduce some notations and mathematical prelim-
inaries that are used throughout the paper. We start with the definition of the (regular)
subdifferential, which is a crucial part in the rigorous treatment of nondifferentiable functions.

Definition 3.1 (Regular subdifferential). The (regular) subdifferential of a function H : Rd →
R at the point x ∈ Rd is the set

∂H(x) =

v ∈ Rd

∣∣∣∣∣∣ lim inf
y→x
y ̸=x

H(y)−H(x)− ⟨v, y − x⟩
∥y − x∥

≥ 0

 .

An element v ∈ ∂H(x) is referred to as a (regular) subgradient of H at x.

Our strategy relies heavily on the Moreau envelope, which we now formally define.

Definition 3.2 (Moreau envelope). For a function H : Rd → R the Moreau envelope with
Moreau parameter t > 0 is defined as

(3.1) M t
H(x) := inf

y∈Rd
H(y) + 1

2t∥x− y∥2.

The Moreau envelope has the property that M t
H(x) ≤ H(x) for all x ∈ Rd and t > 0 and, if H

is proper, lower semicontinuous (l.sc.) and there exists t > 0 such that M t
H(x) > −∞ for some
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x ∈ Rd, the map (x, t) 7→ M t
H(x) is continuous on Rd× (0,∞). In addition M t

H(x) → H(x) for
all x ∈ Rd as t → 0, which motivates its use it as an approximation of H [39, Theorem 1.25].

Definition 3.3 (Proximal map). The proximal map of a function H : Rd → R with Moreau
parameter t > 0 assigns to any x ∈ Rd the (possibly multi-valued or empty) set

proxtH(x) = argmin
y∈Rd

H(y) + 1
2t∥x− y∥2.

A crucial relationship is that ∇M t
H(x) ∈ 1

t

(
x− proxtH(x)

)
at all points x ∈ Rd where M t

H is
differentiable [39, Example 10.32]. This yields a practical way of computing the gradient of
M t

H by solving an optimization problem.
Probability. Let B(Rd) be the Borel σ-algebra on Rd. We denote the space of all probability

measures on B(Rd) as P(Rd) and the subspace of all probability measures with bounded p-th
moment as Pp(Rd) :=

{
µ ∈ P(Rd) |

∫
∥x∥p dµ(x) < ∞

}
. The Dirac measure concentrated at

x ∈ Rd is denoted as δx ∈ P(Rd). For two probability measures µ, ν ∈ P(Rd), we denote their
Wasserstein-p distance as

Wp(µ, ν) = inf
X∼µ, Y∼ν

E[∥X − Y ∥p]
1
p = inf

γ∈Π(µ,ν)

(∫
∥x− y∥pdγ(x, y)

) 1
p

,

where Π(µ, ν) denotes the set of all probability measures on Rd × Rd with marginals µ and
ν [45, Definition 1.6], and their TV distance as

∥µ− ν∥TV = sup
A∈B(Rd)

|µ(A)− ν(A)|.

Moreover, we define a Markov kernel on Rd as a map M : Rd × B(Rd) → [0, 1] such that for
any x ∈ Rd, M(x, ·) is a probability measure and for any A ∈ B(Rd), M(·, A) is measurable.
For µ ∈ P(Rd), we define the probability measure µM ∈ P(Rd) by

µM(A) =

∫
M(y,A) dµ(y)

for any A ∈ B(Rd). We denote the k-fold application of a Markov kernel M to a measure µ as
µMk = µM . . .M (k times). A Markov kernel can also be interpreted as a linear map that
maps bounded and measurable functions to bounded and measurable functions via f 7→ Mf ,
with Mf(x) =

∫
f(y) dM(x, y).

Let µ ∈ B(Rd). A Markov semi-group is a family (Pt)t≥0 where Pt is a linear operator that
maps bounded and measurable functions to bounded and measurable functions and is such
that Pt1 = 1 with 1 denoting the constant function with value one, Ptf ≥ 0 if f ≥ 0, for every
f ∈ L2(Rd, µ) it holds that Ptf → f in L2 as t → 0, for every 1 ≤ p < ∞, Pt extends to a
bounded (contraction) operator on Lp(Rd, µ), and Pt ◦ Ps = Pt+s, s, t ≥ 0. The generator A of
a Markov semi-group is an operator defined via

Af = lim
t→0

1

t
(Ptf − f)

whose domain consists of all functions f ∈ L2(Rd, µ) for which the limit exists. For details on
Markov semi-groups and their generators, see [1]. In most cases the the Markov semi-group is
given as a family of Markov kernels [1, Section 1.2.2].
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Miscellaneous. We denote the Lipschitz constant of a Lipschitz continuous function H :
Rd → R as LH . We denote the ball centered at m ∈ Rd with radius R > 0 as BR(m) := {x ∈
Rd | ∥x−m∥ ≤ R}, and its complement in Rd as Bc

R(m) = Rd \BR(m).

4. Diffusion at Absolute Zero. We propose DAZ to sample from π as defined in (1.1): DAZ
combines ideas from diffusion methods [43] and nondifferentiable sampling [13] by considering
the sequence of perturbed densities πt(x) ∝ exp

(
−U t(x)

)
where

U t(x) := F (x) +M t
G(x)

for t > 0. That is, we replace the function G with its Moreau envelope, whereas F is left as is.
This splitting strategy is advantageous when the proximal map of G can be computed efficiently
and the proximal map of F +G is difficult to compute. However, we show in Theorem 4.17
that the choice G = U and F ≡ 0 has favorable properties with respect to the selectable
step sizes when the proximal map of the original potential can be computed efficiently. As
a sampling strategy, we apply annealed Langevin sampling to (πt)t. The proposed sampling
algorithm is summarized in Algorithm 1.1. There, 0 < t0 < t1 < · · · < tN denotes a sequence
of Moreau parameters and (τn)n a corresponding sequence of step sizes used within the inner
loop. This inner loop consists simply of several updates of the conventional ULA with step
size τn applied to the potential U tn , i.e.,

Xk+1
n = Xk

n − τn∇U tn(Xk
n) +

√
2τnZ

k
n,

starting from some X0
n that is informed from the last iterate of the previous Moreau parameter.

The update step in line 4 in Algorithm 1.1 is obtained by plugging in U t = F +M t
G as well as

∇M t
G(x) =

1
t (x− proxtG(x)). In [13], the main motivation for using the Moreau envelope was

to handle nondifferentiable points of G. In the present work, we also exploit the convexifying
behavior of the Moreau envelope. This behavior is exemplified in Figure 1 where the Moreau
envelope connects the separated local minima of the potential as t increases. The convexifying
property is now formalized.

Lemma 4.1. Define the nonconvexity of a function H : Rd → R as the (possibly infinite)
number

(4.1) NC(H) := sup
x,y∈Rd

λ∈[0,1]

H(λx+ (1− λ)y)− λH(x)− (1− λ)H(y).

Assume proxtH(x) is nonempty for all x ∈ Rd. Then, NC(M t
H) ≤ NC(H).

Proof. Let x, x′ be arbitrary points in Rd and let p ∈ proxtH(x), p′ ∈ proxtH(x′), xλ =
λx+ (1− λ)x′, and pλ = λp+ (1− λ)p′. It follows by definition of the Moreau envelope that

M t
H(xλ)− λM t

H(x)− (1− λ)M t
H(x′)

≤ H(pλ)− λH(p)− (1− λ)H(p′) + 1
2t∥xλ − pλ∥2 − λ

2t∥x− p∥2 − 1−λ
2t ∥x′ − p′∥2

≤ NC(H).

Since 1
2t∥xλ − pλ∥2 − λ

2t∥x − p∥2 − 1−λ
2t ∥x′ − p′∥2 ≤ 0 due to (strict) convexity. Taking the

supremum over x, x′, and λ on the left-hand side concludes the proof.
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−6 −4 −2 0 2 4 6

0

0.5

1

1.5

x 7→ exp(−Mt
G(x))

−6 −4 −2 0 2 4 6

0

50

100

x 7→ Mt
G(x)

0

100

t

Figure 1. Moreau envelopes of a Gaussian mixture for a sequence of Moreau parameters t ∈ [1×10−2, 1×102].
Note how the Moreau envelope convexifies the potential with increasing t.

Remark 4.2. NC(H) = 0 if and only if H is convex: If NC(H) = 0 it follows immediately
that H is convex. If, on the other hand, H is convex, NC(H) ≤ 0 by definition and it can be
lower bounded by 0 by choosing x = y.

The convexifying behavior of the Moreau enables DAZ to cover several modes of a multi-modal
distribution more quickly.

We now give the assumptions on the potential U = F+G that enable a thorough theoretical
analysis of the proposed sampling algorithm. Remarks about the assumptions are discussed
immediately below.

Assumption 4.3. We make the following assumptions on the potential U = F +G:
1. F is differentiable and its gradient is Lipschitz continuous.
2. G is locally bounded and weakly convex, i.e., there exists a modulus of weak convexity

ρG > 0 such that G+ ρG
2 ∥ · ∥2 is convex. In addition, G is either Lipschitz continuous

or such that
∫
exp

(
−G(x)

)
dx < ∞.

3. F and G are convex outside a ball, i.e., there exists an M > 0 such that for any
x, y ∈ Bc

M (0) it holds that

G(λx+ (1− λ)y) ≤ λG(x) + (1− λ)G(y)

and identically for F .
4. Let tmax < 1

ρG
and define ϕ(s) := sup{∥p∥ | p ∈ ∂G

(
proxtG(x)

)
, ∥x∥ ≤ s, t ≤ tmax}.

It holds true that

(4.2)

∫
ϕ(∥x∥)2 exp

(
−U tmax(x)

)
dx =: Kmax < ∞.
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Remark 4.4. We provide a list of implications of Theorem 4.3 to facilitate the understanding
of the types of potentials our theory covers. Moreover, some of the implications will be used
within the proofs.

1. The weak convexity of G is relevant thrice. First, it implies that G admits a regular
subgradient everywhere: The function G̃ := G+ ρG

2 ∥ · ∥2 admits a (convex) subgradient

everywhere and by [39, 8.8 Exercise, 8.12 Proposition] it follows that ∂G(x) = ∂G̃(x)−
ρGx. Second, when t < 1

ρG
the map y 7→ 1

2t∥x − y∥2 + G(y) is strongly convex and,
consequently, for such t the proximal map of G is at most single-valued. Third, it
implies local boundedness of the subgradients of G, that is, boundedness of the set⋃

x∈BR(0)

∂G(x)

for any R > 0: Since G̃ is bounded from below and locally bounded from above,
by [39, 9.14 Example], G̃ is locally Lipschitz continuous and, consequently, ∂G̃ is locally
bounded by the respective Lipschitz constant. Local boundedness of ∂G follows from
∂G(x) = ∂G̃(x)− ρGx. Moreover, local Lipschitz continuity of G also implies global
continuity. Continuity of G will be used frequently, e.g., in order to ensure continuity
of the proximal map in Theorem 4.6. Local boundedness of ∂G is needed to ensure
coercivity of the proximal map in Theorem 4.9.

2. Since G is bounded from below and continuous, proxtG(x) is nonempty for all x ∈ Rd.
3. The assumption that G is either Lipschitz continuous or satisfies the integrability

condition
∫
exp

(
−G(x)

)
dx < ∞ ensures that

∫
exp

(
−U t(x)

)
dx < ∞, i.e., that the

potential U t defines a proper Gibbs distribution, by an adaptation of [13, Proposition
1] together with Theorem A.1. Without this assumption, the smoothing properties of
the Moreau envelope might lead to a violation of the growth requirements on U t that
are needed for the integrability of x 7→ exp

(
−U t(x)

)
.

4. The definition of convexity outside a ball implies also a first-order version, that is, for
any x, y ∈ Bc

M (0) and vx ∈ ∂G(x), vy ∈ ∂G(y) it holds true that

⟨vx − vy, x− y⟩ ≥ 0.

The converse implication, however, is only true in a weaker sense. First order convexity
outside the ball BM (0) implies G(λx+ (1−λ)y) ≤ λG(x) + (1−λ)G(y) only whenever
the entire line connecting x and y is outside the ball, i.e., [x, y] ⊂ Bc

M (0).
5. The last integrability assumption is technical and typically no issue in practice. When

G is Lipschitz continuous (e.g., G in the ℓ1 norm or TV) it is equivalent to integrability
of x 7→ exp

(
−U tmax(x)

)
. Otherwise, Theorem A.1 shows that there there exist r, c > 0

such that U(x) ≥ c∥x∥ for all x ∈ Bc
r(0). The same holds true for U tmax as a consequence

of Theorem 4.11. Therefore, for x large enough exp
(
−U tmax(x)

)
≤ exp (−c∥x∥), which

leads to (4.2) being satisfied as long as ∂G(proxtG(x)) does not grow exponentially
fast in ∥x∥. In particular, if U tmax is superexponential (cf., Theorem 4.12 below) it
also follows that for ∥x∥ sufficiently large ∥ proxtG(x)∥ ≤ ∥x∥ + c′ for some c′ > 0
(Theorem A.2). Since G is locally Lipschitz, it is also almost everywhere differentiable
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and the constraint reduces to integrability of

x 7→ sup
∥y∥≤∥x∥+c′

∥∇G(y)∥2 exp (−c∥x∥).

4.1. Ergodicity of Diffusion at Absolute Zero. In this section we investigate ergodicity and
convergence properties of the ULA subroutine in Algorithm 1.1 for a fixed Moreau parameter
tn. This is the Markov chain

(4.3)

{
X0 = x0,

Xk+1 = Xk − τ∇F (Xk)− τ
t (Xk − proxtG(Xk)) +

√
2τZk,

initialized at an arbitrary x0 ∈ Rd. We omit the subscript n since the Moreau parameter is
fixed. We denote the Markov kernel that corresponds to one iteration of (4.3) as Rτ , that is, if
X0 ∼ µ, then X1 ∼ µRτ . This problem has been thoroughly analyzed in [13] for convex G and
differentiable F with Lipschitz continuous gradient. We recall a shortened version of the main
result from [13, Section 3.2].

Theorem 4.5. Let F and G be lower bounded, F convex and differentiable with Lipschitz
continuous gradient, and G proper, convex, and l.sc. In addition, assume that G is either
Lipschitz continuous or such that

∫
exp

(
−G(x)

)
dx < ∞. Then for any x0 ∈ Rd the Markov

chain (4.3) is geometrically ergodic, i.e., there exists a probability measure πt
τ , and constants

C > 0, κ ∈ (0, 1) such that

∥δx0R
k
τ − πt

τ∥TV ≤ Cκk.

Moreover, ∥πt
τ − πt∥TV → 0 as τ → 0.

In addition to ergodicity, explicit and nonasymptotic convergence rates can be found in [13].
In the sequel, we analyze the ergodicity of (4.3) in the nonconvex case. We provide two

main results: The ergodicity of the Markov chain independent of the Moreau parameter t
(Theorem 4.14) and a stronger result that proves the convergence of the chain to the continuous-
time diffusion when t < 1

ρG
(Theorem 4.15). The theorems rely on several preliminary results

concerning the Moreau envelope and the proximal map. Parts of these are covered in [39] but we
include results that are tailored to the setting in this work in order to provide a self-contained
article. The proofs of Theorems 4.6, 4.7, 4.9, 4.10, and 4.11 are given in Subsections A.1.1
to A.1.5.

Lemma 4.6. The map (x, t) 7→ proxtG(x) is continuous on Rd×
(
0, 1

ρG

)
and, for t ∈

(
0, 1

ρG

)
,

x 7→ proxtG(x) is Lipschitz continuous with Lipschitz constant 1
1−ρGt .

Lemma 4.7. For t ∈
(
0, 1

ρG

)
, M t

G is differentiable and the gradient is given by ∇M t
G(x) =

1
t

(
x− proxtG(x)

)
.

Corollary 4.8. For t ∈ (0, 1
ρG

), ∇M t
G is Lipschitz continuous with Lipschitz constant

2−ρGt
t(1−ρGt) .

Proof. Since ∇M t
G(x) =

1
t

(
x− proxtG(x)

)
the result follows from Lipschitz continuity of

the proximal map.
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When t ≥ 1
ρG

, regularity properties of the Moreau envelope do not follow as directly. However,
we can obtain guarantees by using convexity of G outside the ball BM (0). To proceed, we
require that proxtG(x) is outside of BM (0) for sufficiently large x ∈ Rd, which the following
lemma asserts.

Lemma 4.9. The proximal map is coercive in the sense that for all t > 0 it holds that

(4.4) lim
R→∞

inf
x∈Bc

R(0)
inf

p∈proxtG(x)
∥p∥ = ∞.

Corollary 4.10. For any t > 0, there exists R > 0 such that M t
G is differentiable and proxtG

is single-valued and 1-Lipschitz on Bc
R(0). That is,

∥ proxtG(x)− proxtG(y)∥ ≤ ∥x− y∥, x, y ∈ Bc
R(0).

In addition, ∥∇M t
G(x)−∇M t

G(y)∥ ≤ 1
t ∥x− y∥ for x, y ∈ Bc

R(0).

Corollary 4.11. The Moreau envelope M t
G is convex outside a ball. That is, there exists

R > 0 such that for x, y ̸∈ BR(0) it holds that

M t
G(λx+ (1− λ)y) ≤ λM t

G(x) + (1− λ)M t
G(y).

Within the proof of convergence of ULA to the target density, we will make use of the following
growth property [11, Section 3].

Definition 4.12 (Superexponential). A function H : Rd → R is superexponential if there
exist a minimizer x∗ ∈ Rd of H and ρ,Mρ > 0 such that for any x ∈ Bc

Mρ
(x∗) and v ∈ ∂H(x)

it holds that

(4.5) ⟨v, x− x∗⟩ ≥ ρ∥x− x∗∥2.

We refer to Mρ and ρ as the supex radius and supex modulus of H, respectively.

Lemma 4.13. The Moreau envelope preserves the superexponential property. More specifi-
cally, if G is superexponential with radius Mρ and modulus ρ, then there exists M ′

ρ > 0 such
that for all x ∈ Bc

M ′
ρ
(x∗)

(4.6) ⟨∇M t
G(x), x− x∗⟩ ≥ min

(ρ
4
,
1

2t

)
∥x− x∗∥2.

The proof is given in Subsection A.1.6. We are now in the position to prove the main results.
The first results concerns ergodicity of the ULA chain, that is, existence of a unique stationary
distribution and convergence of the chain to said distribution.

Theorem 4.14 (Ergodicity for arbitrary t > 0). Let Theorem 4.3 be satisfied and assume that
G or F is superexponential. Then, for a small enough τ > 0, the chain (4.3) is geometrically
ergodic. That is, there exists a stationary measure πt

τ and λ ∈ (0, 1) such that for any x0 ∈ Rd

there exists C > 0 with
∥δx0R

k
τ − πt

τ∥TV ≤ Cλk

for k ∈ N.
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Proof. The result follows as in [16, Theorem 5.3] if we can prove that the potential U t is
superexponential. Therefore, we now show that F or G being superexponential implies that
U t is superexponential with appropriate radius and modulus. When G is superexponential,
Theorem 4.13 implies that M t

G is superexponential with appropriate radius and modulus which
we denote as Mρ and ρ. Using convexity of U t outside a ball Theorem A.1 shows that U t grows
asymptotically at least linearly. Thus U t is coercive, bounded from below, and continuous
and, consequently, admits a minimizer. Let x∗G be a minimizer of G (and, consequently,
M t

G) and x∗U be a minimizer of U t. Moreover, recall that M denotes the radius of convexity
of F and G. Pick M ′

ρ > max(Mρ,M) such that x ∈ Bc
M ′

ρ
(x∗U ) implies that ∥x∥ > M and,

consequently, differentiability and convexity of M t
G in a neighborhood around x. Consequently,

for x ∈ Bc
M ′

ρ
(x∗U ) it follows that

(4.7)

〈
∇U t(x), x− x∗U

〉
=

〈
∇F (x)−∇F

(
M ′

ρ

x

∥x∥

)
, x−M ′

ρ

x

∥x∥

〉
︸ ︷︷ ︸

≥0 by convexity outside BM (0)

+

〈
∇F

(
M ′

ρ

x

∥x∥

)
, x−M ′

ρ

x

∥x∥

〉
+

〈
∇F (x),M ′

ρ

x

∥x∥
− x∗U

〉
+ ⟨∇M t

G(x), x− x∗U ⟩

≥ ⟨∇M t
G(x), x− x∗U ⟩ − c1∥x∥ − c2

≥ ⟨∇M t
G(x), x− x∗G⟩+ ⟨∇M t

G(x), x
∗
G − x∗U ⟩ − c1∥x∥ − c2

≥ ρ∥x− x∗U∥2 − c̃1∥x∥ − c̃2

where we used Lipschitz continuity of ∇F and ∇M t
G to obtain the linear bounds with

appropriate constants c̃1, c̃2 > 0. Thus, U t is superexponential. In the case that instead
F is superexponential, we can use the convexity of M t

G outside a ball and apply the same
arguments. As in [16, Theorem 5.3] this yields the existence of a probability distribution πt

τ , a
constant C > 0, and λ ∈ (0, 1) such that

∥δx0R
k
τ − πt

τ∥V ≤ Cλk

where

(4.8) ∥ν∥f := sup
g:|g|≤f

∣∣∣∣∣
∫

g(x) dν(x)

∣∣∣∣∣.
and V (x) = exp (∥x− x∗U∥). In particular, since for any measurable set A and x ∈ Rd it holds
that |1A(x)| ≤ V (x) we obtain that

∥δx0R
k
τ − πt

τ∥TV = sup
A∈B(Rd)

∣∣∣∣∫ 1A(x) d(δx0R
k
τ − πt

τ )(x)

∣∣∣∣ ≤ ∥δx0R
k
τ − πt

τ∥V ,

which proves the desired convergence in TV.
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When t < 1
ρG

we obtain convergence of the stationary measure πt
τ to the target πt when

the step size τ vanishes in addition to ergodicity.

Theorem 4.15 (Convergence for t < 1
ρG

). Assume that t < 1
ρG

. Let Theorem 4.3 be

satisfied and assume that G or F is superexponential. Then, the stationary measure πt
τ of

the discrete time Markov chain (4.3) approaches πt as τ → 0 in TV. More precisely, for any
ϵ > 0 there exists τ̄ > 0 and N > 0 such that for τ < τ̄ and ∥πt

τ − πt∥TV < ϵ and if k > N ,
∥δx0R

k
τ − πt∥TV < ϵ and it holds τ̄ = O(− log−1(ϵ)ϵ2) and N = O(log2(ϵ)ϵ−2).

Proof. The ergodicity of the discrete chain was already proved in Theorem 4.14. To prove
that πt

τ → πt as τ → 0, we follow the three-step strategy of [11]. In the first step, we establish
exponential ergodicity of the corresponding continuous-time Langevin diffusion with stationary
measure πt. In the second step, we combine the exponential ergodicity with the approximation
of the continuous time diffusion by the discrete chain to bound ∥δx0R

k
τ − πt∥TV. This bound

can be made small as τ → 0 if the second moments of the iterates of the discrete chain are
bounded uniformly in τ . Thus, in the third step we establish such a uniform bound.

Step 1: Ergodicity of the continuous time process. The chain (4.3) is a discretization
of the Langevin SDE on the potential U t defined via

(4.9)

{
X0 = x0

dXs = −∇U t(Xs)dt+
√
2dWs.

The existence of a unique solution for all time is a standard result when ∇U t is Lipschitz
continuous, which is guaranteed for t < 1

ρG
. As in [38, Theorem 2.1] it follows that (Xs)s>0

is nonexplosive, irreducible with respect to the Lebesgue measure, strong Feller and, as a
consequence, all compact sets are small. The SDE defines a Markov semi-group via Psf(x) =
E[f(Xs)|X0 = x]. By Ito’s lemma, the generator of the semi-group is given by

AV (x) = lim
s→+0

E[V (Xs)|X0 = x]− V (x)

s
= −⟨∇U t(x),∇V (x)⟩+∆V (x)

for any twice continuously differentiable V : Rd → R (cf. [16, Lemma 4.5]). In particular, for
V (x) = ∥x− x∗U∥2 the generator reads

(4.10) AV (x) = −2⟨∇U t(x), x− x∗U ⟩+ 2d.

For any x ∈ Bc
Mρ

(x∗U ), the generator satisfies the drift condition

(4.11) −2⟨∇U t(x), x− x∗U ⟩+ 2d ≤ −2ρ∥x− x∗U∥2 + 2d ≤ −2ρV (x) + 2d

since U t is superexponential. By [30, Theorem 6.1], the combination of the drift condition
with the fact that all compact sets are small implies the existence of B > 0, κ ∈ (0, 1), and a
stationary measure (which has to be the target measure πt as shown in [16, Theorem 3]) such
that

(4.12) ∥δx0Ps − πt∥V+1 ≤ (∥x0 − x∗U∥2 + 1)Bκs.
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It follows for any µ with bounded second moment that
(4.13)

∥µPs − πt∥V+1 = sup
g≤V+1

∣∣∣∣∫ g(x)d(µPs − πt)(x)

∣∣∣∣
= sup

g≤V+1

∣∣∣∣∫ ∫ g(x)dPs(y, ·)(x)dµ(y)−
∫

g(x)dπt(x)

∣∣∣∣
= sup

g≤V+1

∣∣∣∣∫ ∫ g(x)d(Ps(y, ·)− πt)(x)dµ(y)

∣∣∣∣
≤ sup

g≤V+1

∣∣∣∣∫ (∥y − x∗U∥2 + 1)Bκtdµ(y)

∣∣∣∣ ≤ (∫ ∥y − x∗U∥2 dµ(y) + 1

)
Bκs.

As previously, since V + 1 dominates |1A| for arbitrary measurable sets A, the inequality also
holds for the TV norm.

Step 2: Estimating the error. Let us define C : P2(Rd) → R as C(µ) = (
∫
∥x −

x∗U∥2 dµ(x) + 1)B, the constant in (4.13). Proposition 2 in [11] states that for any k, n ∈ N,
k > n > 0

(4.14)

∥δx0R
k
τ − πt∥TV ≤ ∥δx0R

k
τ − δx0R

n
τP(k−n)τ∥TV + ∥δx0R

n
τP(k−n)τ − πt∥TV

≤ L∇Ut√
2

√
k − n

(
τ3

3
A(x0, τ) + dτ2

)1/2

+ C(δx0R
n
τ )κ

(k−n)τ

where A(x0, τ) = supk≥0

∫
∥∇U t(y)∥2 d(δx0R

k
τ )(y). The bound on the first term results from

the discretization (4.3) of the SDE and the bound on the second term from exponential
ergodicity of the continuous-time diffusion. Thus, it remains to bound the constants A(x0, τ)
and C(δx0R

n
τ ) where it is crucial that the bounds are independent of τ . By their respective

definitions and Lipschitz continuity of ∇U t, it is sufficient to bound the second moments of
the Markov chain (Xk)k.

Step 3: Bounding the second moments of (Xk)k. The proof is adapted from [16] and
provided for the sake of completeness. Since U t is superexponential, there exists Mρ, ρ > 0
such that for all x ∈ Rd such that ∥x− x∗U∥ ≥ Mρ it holds that

(4.15)
∥x− τ∇U t(x)− x∗U∥2 ≤ ∥x− x∗U∥2 − 2τρ∥x− x∗U∥2 + τ2(L∇Ut∥x− x∗U∥)2

≤ ∥x− x∗U∥2
(
1− τ(2ρ− τL2

∇Ut)
)

Thus, if τ ≤ ρ
L2
∇Ut

, we find that ∥x−τ∇U t(x)−x∗U∥2 ≤ ∥x−x∗U∥2(1−τρ). Further, for x ∈ Rd

with ∥x− x∗U∥ < Mρ, the Lipschitz continuity of ∇U t implies that

(4.16)
∥x− τ∇U t(x)− x∗U∥ ≤ ∥x− x∗U∥+ L∇Utτ∥x− x∗U∥

≤ (1 + L∇Utτ)Mρ =: Mτ .
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For the iterates of our chain, this yields (by induction)

∥Xk − x∗U∥2 ≤ 1{∥Xn−x∗
U∥>R, n=0,...,k−1}(1− ρτ)k∥X0 − x∗U∥2

+
k−1∑
n=0

{
M2

τ 1∥Xn−x∗
U∥≤R

k−1∏
ℓ=n+1

1∥Xℓ−x∗
U∥>R + (1− ρτ)n

[
2τ∥Wk−1−n∥2 + 2⟨Xτ

k−1−n − τ∂U(Xτ
k−1−n)− x∗U ,

√
2τWk−1−n⟩

]}
.

Taking the expectation and noting that Wk−1−n and Xk−1−n are independent, it follows that

E
[
∥Xk − x∗U∥2

]
≤ (1− ρτ)kE

[
∥X0 − x∗U∥2

]
+M2

τE

[
k−1∑
n=0

1∥Xn−x∗
U∥≤R

k−1∏
ℓ=n+1

1∥Xℓ−x∗
U∥>R

]
︸ ︷︷ ︸

≤1

+
k−1∑
n=0

(1− ρτ)n2τE
[
∥Wk−1−n∥2

]
≤ (1− ρτ)kE

[
∥X0 − x∗U∥2

]
+M2

τ +
k−1∑
n=0

(1− ρτ)n2τ

≤ (1− ρτ)kE
[
∥X0 − x∗U∥2

]
+M2

τ +
2

ρ
,

which is bounded as long as τ is bounded. Thus, the second moments of (Xk)k are bounded uni-
formly with respect to τ . As a consequence for any x0, supτ A(x0, τ) < ∞ and supnC(δx0R

n
τ ) <

∞. Now fix k−n = m in (4.14) and let k → ∞. It follows that ∥πt
τ−πt∥TV ≤ C1

√
mτ+C2κ

mτ .

Now for arbitrary ϵ > 0 define T > 0 such that C2κ
T−1 < ϵ

2 . Then for τ < min
(

ϵ2

4c21T

)
it follows

with m = ⌊Tτ ⌋ that ∥πt
τ − πt∥TV ≤ ϵ which is the desired convergence and the complexity

τ = O(− log−1(ϵ)ϵ2) and, since k ≥ m, for the number of iterations k = O(log2(ϵ)ϵ2).

Remark 4.16. We show later that the density πt approaches π as t → 0 in the TV distance
and, consequently, DAZ constitutes a method for (approximate) sampling from nondifferentiable
and non-log-concave densities.

Remark 4.17. The crucial inequality that guarantees ergodicity and enables one to bound
the bias of the discretization in the previous proofs (see also [16, Proposition 5.3]) is

τ < τmax =
2ρ

L2
∇Ut

where ρ is the supex modulus of U t (see, e.g., (4.15)). Both, ρ and L∇Ut depend on the Moreau
parameter t, which begs the question how the step-size requirements depend on t. Let us,
therefore, distinguish the two different Moreau parameter regimes:

1. Behavior for large t: For U t = F +M t
G, it holds that L∇Ut ≤ L∇F + 1

t [13, Section 3.3]
where the upper bound saturates at L∇F for t → ∞. However, this can be circumvented
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by the choice F ≡ 0 and G = U , in which case U t inherits the superexponential property
directly from G due to Theorem 4.13. Moreover, we find that ρ ≥ 1

2t when t is large
enough. Combining this with L∇Ut ≤ 1

t from Theorem 4.10 we find that

(4.17) τmax =
2ρ

L2
∇Ut

≥
1
t
1
t2

= t.

Thus, the choice F ≡ 0 and G = U enables the use of increasingly large step sizes for
increasingly large t.

2. Behavior for small t: The above estimate on τmax tends to zero as t → 0. However,
if the original potential U = G admits a Lipschitz gradient with Lipschitz constant
L, we can improve the estimate. First, for t → 0, we obtain that ρ saturates due
to Theorem 4.13. Second, we can show that the Lipschitz constant of ∇U t = ∇M t

G

converges to that of ∇U = ∇G. To do so, we need to bound

∥∇M t
G(x)−∇M t

G(y)∥ =
1

t
∥x− proxtG(x)− (y − proxtG(y))∥.

To this end, let us denote qx = x− proxtG(x) and qy = y − proxtG(y). It follows that
qx = t∇G(x− qx) and analogously for y. Therefore, ∥qx− qy∥ ≤ tL(∥x−y∥+∥qx− qy∥)
and, consequently,

∥∇M t
G(x)−∇M t

G(y)∥ ≤ L

1− tL
∥x− y∥.

We find that as t → 0, the Lipschitz constant saturates at L and the step size τ can be
chosen as ρ

2L2 .
Consequently, when the proximal map of the composite potential can be computed efficiently,
it is advantageous to choose F ≡ 0. When this computation is inefficient, it is typically
advantageous to split the composite potential at the cost of stronger restrictions on the step
size.

4.1.1. Comparison to related works. In the following we put the presented ergodicity
results into context with respect to the literature on Langevin based sampling. The strongest
assumptions on the function G we have made in this paper are weak convexity, convexity
outside a ball, and superexponential growth. Thus, the main contribution in comparison to the
literature is that we provide theoretical results assuming neither convexity nor differentiability
of the original potential U .

Early works on Langevin sampling such as [8, 12] provide theoretical guarantees under the
assumption that the potential is differentiable and convex. In [46], guarantees are provided for
distributions that satisfy the log-Sobolev inequality, which is implied by strong log-concavity.
Despite the fact that the proximal algorithm in [46] can formally be applied also in the non-
differentiable case, the analysis still requires a potential that is thrice continuously differentiable
and has a Lipschitz continuous gradient.

Theorem 9 in [11] is a result about ergodicity and convergence of ULA for potentials
which are superexponential but potentially nonconvex. However, the analysis assumes that the
potential is twice continuously differentiable and has a Lipschitz continuous gradient. In our
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approach, for the original potential U , we assume neither of these properties. For the regularized
potential U t, we only require that it has a Lipschitz continuous gradient—which is guaranteed
through its construction—but do not assume that it is twice continuously differentiable. This
relaxation is particularly relevant for DAZ as the Moreau envelope is frequently not twice
continuously differentiable. A prominent example thereof is G = ∥ · ∥1, whose Moreau envelope
is a sum of Huber functions that are only once continuously differentiable. In [11, Theorem
12] the authors additionally prove a separate result about ergodicity and convergence without
assuming that the potential is twice differentiable, and provide more explicit constants that
depend on the dimension of the space by invoking a Poincaré inequality. Indeed, Theorem
12 in [11] is applicable for sampling from U t in the inner loop of DAZ for fixed t. However,
the result requires a non-constant sequence of step sizes (τn)n which is square summable but
not summable, which prohibits the direct control of the bias (see the discussion immediately
after [11, Theorem 12]). The works [10,13,16,18,35] focus on results that heavily rely on the
convexity of the potential with less smoothness assumptions. In [28] the authors also consider
potentials which are weakly convex and nondifferentiable. Like in the proposed approach, they
tackle the nondifferentiability of the potential by using Moreau envelopes. However, the work
does not provide any results about the ergodicity of the continuous-time SDE solution or the
discretization of it. Moreover, error bounds between continuous-time SDE and discrete Markov
chain are provided only in expectation and for finite time.

4.2. Consistency of Diffusion at Absolute Zero. The proposed approach of successively
sampling from πt with decreasing values of t only makes sense if (i) the distributions πt are
similar for similar values of t and (ii) πt → π as t → 0. We verify these properties in this section.
Recall that in the following tmax > 0 is fixed and satisfies tmax < 1

ρG
(cf. Assumption 4.3.4).

The main results will make use of the following preliminary results.

Lemma 4.18. For any x ∈ Rd, the function t 7→ M t
G(x) is differentiable on (0, tmax) with

derivative ∂tM
t
G(x) = − 1

2t2
∥x− proxtG(x)∥2.

The proof can be found in Subsection A.2.1.

Remark 4.19. In contrast to the standard result [15, Theorem 5, Section 3.3.2], we proved
that M t

G satisfies the Hamilton-Jacobi equation

∂tM
t
G(x) +

1

2
∥∇M t

G(x)∥2 = 0

without assuming Lipschitz continuity of G.

Proposition 4.20. For any x ∈ Rd, the function t → M t
G(x) is Lipschitz continuous on

[0, tmax). More precisely,

(4.18) |M t
G(x)−M s

G(x)| ≤
|s− t|

2
ϕ(∥x∥)2

for 0 ≤ s, t < tmax and x ∈ Rd.

The proof can be found in Subsection A.2.2.

Corollary 4.21. The map t 7→ Zt :=
∫
exp

(
−U t(y)

)
dy is Lipschitz continuous on [0, tmax)

with Lipschitz constant Kmax
2 where Kmax is defined in Assumption 4.3.4.
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Proof. Let s, t ∈ [0, tmax) and assume without loss of generality that s < t so that M s
G(x) ≥

M t
G(x) and, consequently,

∣∣1− exp
(
−M s

G(x)−M t
G(x)

)∣∣ = 1 − exp
(
−M s

G(x)−M t
G(x)

)
≤

M s
G(x)−M t

G(x). Using Theorem 4.20 we can compute that

(4.19)

|Zs − Zt| ≤
∫ ∣∣exp (−U s(x)

)
− exp

(
−U t(x)

)∣∣ dx
=

∫ ∣∣1− exp
(
−(M t

G(x)−M s
G(x))

)∣∣ exp (−U s(x)
)
dx

≤
∫ ∣∣M t

G(x)−M s
G(x)

∣∣ exp (−U s(x)
)
dx

≤
∫

|s− t|
2

ϕ(∥x∥)2 exp
(
−U tmax(x)

)
dx

=
Kmax

2
|s− t|,

where we used Assumption 4.3.4 for the last equality.

Proposition 4.22. The curve t 7→ πt is Lipschitz continuous on [0, tmax) with respect to the

TV norm with Lipschitz constant Kmax
2Z0

(
1 + Ztmax

Z0

)
. If, in addition,∫

∥x∥pϕ(∥x∥)2 exp
(
−U tmax(x)

)
dx < ∞

holds for any p ∈ [1,∞), then t 7→ πt is also Hölder continuous with Hölder exponent 1
p for the

Wasserstein-p distance.

Proof. Since the TV distance can be computed as ∥πs − πt∥TV =
∫
|πs(x)− πt(x)| dx and

the Wasserstein-p distance for p ∈ [1,∞) satisfies Wp
p (πs, πt) ≤

∫
2p−1∥x∥p|πs(x)− πt(x)|dx

(see [45, Theorem 6.15]) we can prove both assertions by bounding
∫
g(x)|πs(x)− πt(x)|dx

and afterwards considering respective choices of g. Let s, t ∈ [0, tmax) and assume as before
s < t. It follows that

(4.20)

∫
Rd

g(x)
∣∣πs(x)− πt(x)

∣∣ dx
=

1

Zs

∫
Rd

g(x)
∣∣exp (−U s(x)

)
− exp

(
−U t(x)

)∣∣ dx
+

∫
Rd

g(x)
∣∣∣ 1
Zs

− 1
Zt

∣∣∣ exp (−U t(x)
)
dx

≤ 1

Z0

∫
Rd

g(x)
∣∣1− exp

(
−(M t

G(x)−M s
G(x))

)∣∣ exp (−U tmax(x)
)
dx

+
∣∣∣ 1
Zs

− 1
Zt

∣∣∣Ztmax

∫
Rd

g(x)πtmax(x) dx

≤ 1
2Z0

|s− t|
∫
Rd

g(x)ϕ(∥x∥)2 exp
(
−U tmax(x)

)
dx

+
∣∣∣Zt−Zs

Z2
0

∣∣∣ZtmaxEX∼πtmax [g(X)]

≤ Kmax
2Z0

(
1 +

Ztmax

Z0
EX∼πtmax [g(X)]

)
|s− t|
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where we made again use of Assumption 4.3.4. The choice g ≡ 1 proves Lipschitz continuity
with respect to the TV norm with the stated Lipschitz constant. The choice g(x) = 2p−1∥x∥p
proves Hölder continuity with exponent 1

p with respect to the Wasserstein-p distance under
the additional assumption.

Remark 4.23. The estimation of the Lipschitz constant in Theorem 4.22 can inform the
choice of the sequence of Moreau parameters tN , tN−1, . . . , t1 since it can be used to bound
the TV distance between the consecutive distributions πtn+1 and πtn . While the Lipschitz
constant is difficult to estimate without further assumptions on U , one may obtain upper
bounds using, e.g., Theorem A.1 and, if available, growth bounds on the subgradient of G.

As an illustrative example, consider the Gaussian G(x) = ∥x∥2
2 . Then, πt(x) ∝ exp

(
− ∥x∥2

2(1+t)

)
and Z0 = (2π)d/2 and Zt = (2π(1 + t)2)d/2. Moreover, one can easily check that Kmax = Ztmax .
Thus, the Lipschitz constant of t 7→ πt is

Kmax

2Z0

(
1 +

Ztmax

Z0

)
=

1

2
(1 + tmax)

d(1 + (1 + tmax)
d) =

1

2
(1 + tmax)

d + (1 + tmax)
2d.

In particular, the Lipschitz constant scales exponentially with respect to the dimension and
polynomially with respect to tmax. We want to point out, however, that the proposed scheme
will sample correctly for any sequence of Moreau parameters (tn)n as long as the final Moreau
parameter is sufficiently small since the inner loop in Algorithm 1.1 is ergodic with stationary
distribution close to the target (for small t and appropriate τ). The annealing scheme for DAZ
is solely an acceleration so that the exponential scaling of the Moreau levels may be ignored
without the risk of losing the correct convergence of the scheme.

As a numerical confirmation of Theorem 4.22 we show in Figure 2 the estimated TV dis-
tances ∥πt

τ−π∥TV as well as ∥πt−π∥TV in the case of a Laplace distribution1 U(x) = G(x) = |x|
for x ∈ R for different values of the Moreau parameter t ∈ {0.001, 0.005, 0.01, 0.05, 0.1, 0.5, 1.0}.
The distance ∥πt − π∥TV is computed by numerical integration over [−10, 10]. The distance
∥πt

τ − π∥TV is estimated by sampling 10 000 independent chains for 2000 iterations using ULA
with the potential M t

G and step size τ = t
2 in accordance with (4.17) and afterwards computing

the TV distance between π and the empirical sample distribution, again, using numerical
integration. The theoretical Lipschitz continuity of t 7→ πt with respect to the TV norm is
also reflected in the practical experiments. Moreover, the errors ∥πt

τ − π∥TV increase as the
step size τ increases.

4.3. Relation to diffusion models. The practical differences between the proposed ap-
proach and annealed Langevin sampling—namely, that the proposed approach is applicable to
any given potential (so long as it satisfies our assumptions) without training—were already
discussed in section 2. In this section, we establish a theoretical relation between the proposed
method and annealed Langevin sampling by providing convergence results of the potential
used in annealed Langevin sampling to that used in DAZ through a zero-temperature limit. In
the following we consider for simplicity the setting U = G and F ≡ 0.

1While U(x) = |x| is not superexponential, ergodicity and convergence of ULA applied to the potential M t
G

in this case follow from [11, Section 3.2].
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Figure 2. TV distance between the target π(x) ∝ exp(−G(x)) with G(x) = |x| and the Moreau envelope
based potentials πt(x) ∝ exp(−M t

G(x)) as well as the corresponding stationary distributions of the ULA chain
πt
τ for step sizes τ ∈ {0.001, 0.1, 0.5}. We clearly observe the proven Lipschitz continuity of t 7→ πt with πt → π

as t → 0.

As elaborated in section 2, one variant of annealed Langevin sampling is to consider a
family of distributions indexed by t and defined as π ∗N (0,

√
t). The corresponding log-density

reads as

(4.21) log(π ∗ N (0,
√
t)) = log

(
1

(2πt)d/2

∫
Rd

exp

(
−G(y)− 1

2t
∥ · −y∥2

)
dy

)
+ const.

where the (unknown) const. ensures normalization. A major inspiration for DAZ is the obser-
vation that the finite-sum version of this log-integral-exp expression is frequently encountered
in machine learning and related fields and is also referred to as a softmax. One way to interpret
the present work is that this softmax is replaced by a strict maximum, i.e.,

(4.22) log(π ∗ N (0,
√
t)) ≈ 1

(2πt)d/2
max
y∈Rd

−G(y)− 1

2t
∥ · −y∥2 = − 1

(2πt)d/2
M t

G,

where we obtain precisely the Moreau envelope up to a multiplicative factor.
In this section, we formalize the relation between the softmax potential and the Moreau

potential via the introduction of a (Boltzmann) temperature T . For the finite-sum case, it is
well known2 that for any x ∈ Rk,

(4.23) max
i∈{1,...,k}

xi = lim
T→0

T log

(
k∑

i=1

exp

(
xi
T

))
.

2This can be derived in various ways; a particularly cute one is to identify that the convex conjugate of l(x) =
log(

∑k
i=1 exp(xi)) is the Shannon entropy restricted to the simplex △k, that is l∗(y) =

∑k
i=1 yi log(yi)+ ι△k (y),

see [2, Example 3.25]. Since lT := T l( · /T ) is closed and convex, lT = l∗∗T , and standard scaling laws imply that
l∗T = T l∗. Thus, lT = l∗∗T = supy∈△k ⟨ · , y⟩ − T l∗(y), which is the standard maximum when T = 0.
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In analogy, we might expect that

−M t
G(y) = lim

T→0
T log

(∫
exp

(
− 1

T
(G(x) +

1

2t
∥x− y∥2)

)
dx

)
.

We will now establish this convergence in a rigorous manner, pointwise for the potential and
its gradient as well as in total variation. To do so, motivated by the above, we define the
following unnormalized diffusion-based potential with temperature T > 0

(4.24) Gt
T (x) = −T log

(
1

(2πTt)d/2

∫
Rd

exp

(
−G(y)

T
− 1

2Tt
∥x− y∥2

)
dy

)
.

If the temperature T is set to 1, this is precisely the negative log-density of the distribution of
variance exploding diffusion (4.21). By letting T → 0, on the other hand, we recover the DAZ
potential as will be shown below.

An alternative motivation for the consideration of the potential Gt
T arises through an

analysis of the Hamilton-Jacobi equation: As shown above, the Moreau envelope satisfies

(4.25)

{
∂tM

t
G(x) +

1
2∥∇M t

G(x)∥2 = 0, t > 0

M0
G = G.

As an approximation, one might consider for small T > 0 the function Gt
T that solves

(4.26)

{
∂tG

t
T (x) +

1
2∥∇Gt

T (x)∥2 = T∆Gt
T , t > 0

G0
T = G

whose solution converges to M t
G uniformly as T → 0 if G is bounded and Lipschitz3 [7, Theorem

5.1]. The function Gt
T from (4.24) is, indeed, a solution to (4.26). Based on these observations,

in [19, 34] the authors propose to estimate the Moreau envelope by computing (4.24) for small
T > 0, which is done via Monte Carlo integration.

The following proposition formally states a result about the convergence of the two
potentials.

Proposition 4.24. The DAZ potential M t
G is obtained as the zero-temperature limit of the

diffusion potential Gt
T from (4.24). That is, Gt

T (x) → M t
G(x), as T → 0+ for any x ∈ Rd.

In addition, if G is differentiable and ∇G is locally Lipschitz continuous, the convergence is
uniform on compact sets.

Proof. The result is an extension of the convergence ∥ · ∥p → ∥ · ∥∞ as p → ∞. Using

3Neither of which is assumed in this manuscript.
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Hölder’s inequality, we find that

(4.27)

1

(2πTt)d/2

∫
Rd

exp

(
−G(y)− 1

2t∥x− y∥2

T

)
dy

=
1

(2πTt)d/2

∫
Rd

exp

(
−G(y)− 1

2t
∥x− y∥2

) 1
T
−1

exp

(
−G(y)− 1

2t
∥x− y∥2

)
dy

≤ exp
(
−M t

G(x)
) 1

T
−1 1

(2πTt)d/2

∫
Rd

exp

(
−G(y)− 1

2t
∥x− y∥2

)
dy

≤ exp
(
−M t

G(x)
) 1

T
−1 1

(2πTt)d/2

∫
Rd

exp

(
− 1

2t
∥x− y∥2

)
dy

= exp
(
−M t

G(x)
) 1

T
−1 1

T d/2
,

where we used that G ≥ 0. Taking the negative logarithm on both sides and multiplying by
T > 0 yields

(4.28) Gt
T (x) ≥ (1− T )M t

G(x) +
d
2T log(T )

Letting T → 0 proves that lim infT→0G
t
T (x) ≥ M t

G(x). For the opposite bound, let us consider
Ωϵ(x) :=

{
y ∈ Rd

∣∣ G(y) + 1
2t∥x− y∥2 ≤ M t

G(x) + ϵ
}
for some small ϵ > 0. The continuity of

G implies that this set has nonzero Lebesgue measure that we denote by |Ωϵ(x)|. Moreover,
(4.29)

1

(2πTt)d/2

∫
Rd

exp

(
−G(y)− 1

2t∥x− y∥2

T

)
dy ≥ 1

(2πTt)d/2
|Ωϵ(x)| exp

(
−
M t

G(x) + ϵ

T

)
which shows that |Ωϵ(x)| < ∞. Taking the negative logarithm and multiplying by T > 0 again,
we find

(4.30) Gt
T (x) ≤ −T log(|Ωϵ(x)|) + Td/2 log(2πTt) +M t

G(x) + ϵ.

Since ϵ was arbitrary, we conclude that lim supT→0G
t
T (x) ≤ M t

G(x) which shows the pointwise
convergence.

To obtain uniform convergence on compact sets under the additional assumptions, we
first note that if x ∈ K with K compact, G(x) and M t

G(x) are bounded and, consequently,
T can be chosen uniformly for x ∈ K in (4.28). For the upper bound we need to estimate
log(|Ωϵ(x)|). By local Lipschitz continuity, there exists L > 0 such that ∇G is L-Lipschitz on
the compact set K. The first-order approximation around p ∈ proxtG(x) combined with the
descent lemma shows that

(4.31) G(y) +
1

2t
∥y − x∥2 ≤ M t

G(x) +

(
L

2
+

1

2t

)
∥y − p∥2.

Consequently,
{
y
∣∣(L2 + 1

2t)∥y − p∥2 ≤ ϵ
}
⊂ Ωϵ(x). Thus, we can lower bound |Ωϵ(x)| uniformly

for x ∈ K, which allows us also to choose T uniformly for x ∈ K in (4.30) concluding the
proof.
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Proposition 4.25. If ∇G is globally Lipschitz then, the distribution of annealed Langevin
sampling converges to that of DAZ in TV. More precisely, we have for the probability densities
πt
T (x) ∝ exp

(
−Gt

T (x)
)
and πt(x) ∝ exp

(
−M t

G(x)
)
for any t > 0 that

lim
T→0

∥πt
T − πt∥TV = 0.

Proof. If ∇G is globally Lipschitz, then by the same arguments as in Theorem 4.24 we
find that |Ωϵ| ≥ cϵd/2 for some dimension-dependent constant c.4 It follows that

(4.32)

(1− T )M t
G(x) +

d
2T log(T )

≤ Gt
T (x)

≤ −T log(|Ωϵ(x)|) + Td/2 log(2πTt) +M t
G(x) + ϵ

≤ −T log(cϵd/2) + Td/2 log(2πTt) +M t
G(x) + ϵ.

Thus, we can estimate
(4.33)

|Gt
T (x)−M t

G(x)| ≤ max
{
TM t

G(x) +
d
2T | log(T )|, T | log(cϵ

d/2)|+ Td/2| log(2πTt)|+ ϵ
}

≤ TM t
G(x)− cT (log(Tϵ)− 1) + ϵ,

where c > 0 is an appropriate constant and assuming without loss of generality T, ϵ < 1. We
begin by showing the convergence

(4.34)

∫
Rd

| exp
(
−Gt

T (x)
)
− exp

(
−M t

G(x)
)
|dx → 0

as T → 0 for which we use Lebesgue’s dominated convergence theorem. The integrand
converges to zero pointwise by Theorem 4.24. Thus, we are left to show that there exists a
nonnegative integrable upper bound. We can estimate

(4.35)

∣∣exp (−Gt
T (x)

)
− exp

(
−M t

G(x)
)∣∣ = | exp

(
M t

G(x)−Gt
T (x)

)
− 1| exp

(
−M t

G(x)
)

≤
(
exp

(
|M t

G(x)−Gt
T (x)|

)
+ 1
)
exp

(
−M t

G(x)
)
.

Inserting (4.33) yields

(4.36)

∣∣exp (−Gt
T (x)

)
− exp

(
−M t

G(x)
)∣∣

≤
(
exp

(
TM t

G(x)− cT (log(Tϵ)− 1) + ϵ
)
+ 1
)
exp

(
−M t

G(x)
)

= exp
(
−(1− T )M t

G(x)− cT (log(Tϵ)− 1) + ϵ
)
+ exp

(
−M t

G(x)
)
.

Since we are interested in the convergence for T → 0, we can without loss of generality assume
T ∈ (0, 1/2] for which the above admits an integrable upper bound by Theorem A.1 together
with the fact that

∫
exp

(
−M t

G(x)
)
dx < ∞ as elaborated in Theorem 4.4, Item 3. Thus, we

have proven (4.34). Let us now denote the respective partition functions as

Z(T ) =

∫
Rd

exp
(
−Gt

T (x)
)
dx, Z =

∫
Rd

exp
(
−M t

G(x)
)
dx.

4Of course, c is explicit. The exact form is, however, not relevant for our purposes.
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We find that

(4.37)

∥πt
T − πt∥TV =

∫
Rd

∣∣∣∣ 1

Z(T )
exp

(
−Gt

T (x)
)
− 1

Z
exp

(
−M t

G(x)
)∣∣∣∣dx

=
1

Z

∫
Rd

∣∣exp (−Gt
T (x)

)
− exp

(
−M t

G(x)
)∣∣ dx

+

∫
Rd

∣∣∣∣ 1

Z(T )
− 1

Z

∣∣∣∣ exp (−Gt
T (x)

)
dx

=
1

Z

∫
Rd

∣∣exp (−Gt
T (x)

)
− exp

(
−M t

G(x)
)∣∣ dx+

|Z(T )− Z|
Z

which tends to zero as T → 0 by (4.34) as shown in the first part of the proof.

Proposition 4.26. The DAZ score is obtained as the zero-temperature limit of the diffusion
score. That is, ∇Gt

T (x) → ∇M t
G(x), as T → 0+ for any x ∈ Rd. In addition, if G is

differentiable and ∇G is locally Lipschitz continuous, the convergence is uniform on compact
sets.

Proof. Using Lebesgue’s dominated convergence theorem to swap integration and differen-
tiation we obtain that

∂

∂xi

∫
Rd

exp

(
−G(y)− 1

2t∥x− y∥2

T

)
dy = −

∫
Rd

1

Tt
(xi − yi) exp

(
−G(y)− 1

2t∥x− y∥2

T

)
dy.

By the chain rule it follows that

(4.38)

∇Gt
T (x) =

∫
Rd

1

t
(x− y)

 exp
(
−G(y)− 1

2t
∥x−y∥2

T

)
∫
Rd exp

(
−G(z)− 1

2t
∥x−z∥2

T

)
dz


︸ ︷︷ ︸

=:ρT (y|x)

dy

= 1
t (x− EY∼ρT (y|x)[Y ])

Denoting p = proxtG(x) it follows for the difference between the DAZ score and the diffusion
score that for any ν > 0

(4.39)

∥∇M t
G(x)−∇Gt

T (x)∥ ≤
∫
Rd

1
t ∥y − p∥ρT (y|x) dy

=

∫
Bν(p)

1
t ∥y − p∥ρT (y|x) dy +

∫
Bc

ν(p)

1
t ∥y − p∥ρT (y|x) dy

≤ ν

t
+

∫
Bc

ν(p)

1
t ∥y − p∥ρT (y|x) dy.

To show that the above tends to zero we have to show that the density ρT (y|x) approaches a
Dirac measure concentrated at proxtG(x) quickly enough as T → 0. For a small enough t > 0,
weak convexity of G implies that y 7→ G(y) + 1

2t∥x− y∥2 is strongly convex and, consequently,
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that there exists a constant C > 0 such that y 7→ G(y)+ 1
2t∥x− y∥2−M t

G(x) ≥ C∥y− p∥2. As
mentioned before, for any ϵ > 0 the set Ωϵ(x) :=

{
y ∈ Rd

∣∣ G(y) + 1
2t∥x− y∥2 ≤ M t

G(x) + ϵ
}

has positive Lebesgue measure and we can compute that
(4.40)∫

Bc
ν(p)

∥y − p∥ exp
(
−G(y)− 1

2t
∥x−y∥2

T

)
dy∫

Rd exp
(
−G(y)− 1

2t
∥x−y∥

T

)
dy

≤

∫
Bc

ν(p)
exp

(
−C∥y−p∥2−Mt

G(x)
T

)
dy

|Ωϵ(x)| exp(−
Mt

G(x)+ϵ
T )

=
1

|Ωϵ(x)|

∫
Bc

ν(p)
∥y − p∥ exp

(
−C∥y − p∥2 + ϵ

T

)
dy

Picking ϵ < Cν2 and using Lebesgue’s dominated convergence theorem we find that as T → 0
the above integral tends to zero for any ν > 0. Therefore by (4.39),

lim sup
T→0

|∇M t
G(x)−∇Gt

T (x)| ≤
ν

t
.

Since ν > 0 was arbitrary, this concludes the proof. Uniform convergence on compact sets in
the case that ∇G is locally Lipschitz is obtained by the same arguments as above.

Within the above proof we have made use of the well-known Tweedie formula ∇Gt
T (x) =

1
t (x−EY∼ρT (y|x)[Y ]), which relates the gradient of the potential with the MMSE for denoising.
By viewing the proximal operator as a MAP denoiser, the result effectively states that the
MMSE-Tweedie formula converges to the Moreau gradient formula ∇M t

G(x) =
1
t (x−proxtG(x)),

which constitutes a MAP-version of Tweedie.

5. Numerical Experiments. In this section, we demonstrate the advantages of the proposed
sampling algorithm over current algorithms on an extensive set of numerical experiments.
We begin with a one-dimensional example that allows for the efficient computation of error
metrics between the sample distribution and the reference distribution. Then, we consider the
high-dimensional examples of TV prior sampling, TV-L2 denoising on a chain, TV-L2 denoising
on images, sampling from the total deep variation (TDV) prior [23], and magnetic resonance
imaging (MRI) reconstruction using the energy-based prior proposed in [47]. In all experiments,
we compare several different sampling methods: ULA [38], MYULA [13], SK-ROCK [37],
ULA with decreasing step sizes which we refer to as annealed Langevin dynamics (ALD)5,
the proposed sampling algorithm DAZ, and DAZ-SK-ROCK. In the latter, we use SK-ROCK
instead of basic ULA for the inner loop in Algorithm 1.1. We use subgradient steps in the
updates of ULA and ALD when the potential is nondifferentiable.

The Moreau parameters and step sizes will always be chosen as follows: The sequence of
Moreau parameters (tn)N≥n≥1 is determined by the specification of the endpoints tN and t1
and the loglinear computation of the intermediate values as

(5.1) tn = 10
n−1
N−1

log10
tN
t1

+log10(t1), n = 1, . . . , N.

5This constitutes a small abuse of terminology since the potential remains unchanged as the step size changes,
which is contrary to the use of this terminology in the early papers on diffusion models.
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The endpoints are specified in the respective section of each experiment. The sequence of step
sizes (τn)n is derived from (tn)N≥n≥1 such that it satisfies the step size requirements discussed
in Theorem 4.17. For ULA, we use the final step size τ1 across all iterations. For MYULA,
we use the final Moreau parameter and step size, t1 and τ1, respectively, across all iterations.
For SK-ROCK we fix the parameters η = 0.05 and s = 5 [37, Algorithm 3.1]. The Moreau
parameter for SK-ROCK is chosen as the final (smallest) Moreau parameter t1 with the step
size for SK-ROCK as 0.9 × δmax

s with δmax
s according to [37, Algorithm 3.1]. For ALD, we

use the same step sizes for each iteration as for DAZ. However, we want to emphasize that
ALD has the same update rule as ULA directly applied to π ∝ exp (−U(x)) and the step
size requirements for ergodicity of ULA are stricter than those of DAZ (cf. Theorem 4.17).
Therefore, especially at the beginning of the iterations where the step sizes are largest it might
be the case that ALD violates these step-size requirements. For DAZ-SK-ROCK we use the
same Moreau parameter scheme as for DAZ and choose again always the largest feasible step
size according to [37, Algorithm 3.1]. For methods involving SK-ROCK we count each update
of the method as s = 5 iterations in order to provide a fair comparison.6

In all experiments, we denote the reference distribution with π and the sample distributions
after k iterations of the various methods with πk. More specifically, in each experiment we run
many parallel Markov chains and at any iteration k, πk is the sample distribution across all
those parallel chains. For the experiments in Subsections 5.1, 5.3, and 5.4, we simulate 1000
parallel chains. For the TV prior experiment (Subsection 5.2), we simulate 100 000 parallel
chains, and for the experiment that involves costly neural-network evaluations (Subsection 5.6),
we simulate 500 parallel chains due to computational limitations. For the prior sampling
experiment in Subsection 5.5 we only compute a single Markov chain since we do not compute
any statistics. We define one iteration as one update step of Line 4 in Algorithm 1.1, i.e., one
evaluation of the gradient of the Moreau envelope. Hence, this does not account for any inner
iterations when the proximal map of G is computed iteratively. When the experiments involve
nonconvex potentials, which is the case in Subsections 5.5 and 5.6, the computations of the
proximal maps might yield local minima.

To cover a range of design choices that the proposed sampling algorithm allows, we choose
the number of iterations per Moreau level as K = 1 (which resembles diffusion models) in
Subsection 5.2, K = 20 in Subsections 5.1, 5.3, and 5.4, and K = 200 (which resembles
annealed Langevin sampling as in [42]) in Subsections 5.5 and 5.6.

5.1. One-dimensional Gaussian mixture. We consider a multi-modal (and, consequently,
not log-concave) one-dimensional Gaussian mixture π =

∑4
i=1wiN (µi, σi). The weights and

parameters of the individual Gaussians are chosen as w = (0.2, 0.2, 0.3, 0.3), µ = (−2,−1, 1, 2),
and σ = (0.05, 0.25, 0.25, 0.1). (These parameters were also used to produce Figure 1.) This
potential satisfies Theorem 4.3 and is superexponential and, consequently, the presented theory
applies. In Figure 3 we show the convergence of the sample distribution in the TV distance.
We choose N = 50 Moreau parameters with endpoints t1 = 1 × 10−4 and tN = 1 × 10−2,
each of which is used K = 20 times in the inner loop in Algorithm 1.1. The step size for
DAZ is chosen as τn = tn

2 based on (4.17). To showcase the influence of the initialization, the

6The parameter s in SK-ROCK constitutes the order of the scheme so that one update within SK-ROCK is
comparable to s (sub-)gradient or proximal updates.
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Figure 3. TV distance between the sample distribution and the target Gaussian mixture. Left: Initializing
the chains with a standard normal distribution. Right: Initializing with a Dirac distribution concentrated at zero.
GT denotes the TV error of a random ground truth sample of the same size as the number of simulated chains.
DAZ converges fastest with additional acceleration by combining it with SK-ROCK.

experiment is done once with π0 = N (0, 1) and once with π0 = δ0. The samples obtained from
the Markov chains are then compared to the discretized target distribution in TV distance.
To facilitate the interpretation of the results and to remove the influence of the finite sample
and the discretization of the target distribution, we also plot the TV distance of a ground
truth sample of the same finite size. (Note that the Gaussian mixture allows for easy direct
sampling.)

The results in Figure 3 demonstrate that the DAZ sample converges to the reference
sample significantly faster than the other methods, which is due to the the convexification
of the Moreau envelope combined with the possibility of using larger steps. Indeed, for this
experiment our method showed the greatest improvement over the others, which we hypothesize
is due to the nonconvex potential. Combining DAZ with SK-ROCK leads to an additional
speed increase at the beginning of the iterations. Regarding the slow convergence of ULA and
MYULA we want to point out that for these methods which use only the smallest step size the
trade-off between bias and convergence speed is especially crucial. While it might be possible
to increase the convergence speed by using larger step sizes at the cost of an increased bias,
we decided to stick to the chosen step-sizes as SK-ROCK—a comparison method that also
uses only the smallest Moreau parameter—converges rather quickly. The remaining error of
the reference sample (denoted as GT in Figure 3) of approximately 0.4 in TV to the reference
distribution is a consequence of the finite number of chains and the computation of the TV
distance rather than the sampling method.

5.2. TV prior sampling. In this experiment, we sample from a multi-dimensional (d = 10)
distribution with potential U = G : Rd → R where G(x) =

∑d−1
i=1 |xi+1 − xi|, which is the
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standard TV functional. The distribution of this potential is not integrable over Rd, but
it is integrable over the quotient space Rd/{t · 1 ∈ Rd | t ∈ R}. To account for this in our
implementation, we project onto this linear subspace in each iteration by subtracting the mean
of the iterate.7

We initialize all chains with samples from N (0, 0.1 · I), I ∈ Rd×d and simulate them for
N = 1000 Moreau levels with endpoints t1 = 2× 10−4 and tN = 1× 10−1, each of which is used
K = 1 times. In accordance to (4.17) we set the step size to τn = tn

2 . The proximal map of G
is computed with the efficient method proposed in [24] that is based on dynamic programming.

The high dimensionality of this problem prohibits the computation of π and any distance
to it. Moreover, since the density is only well-defined on a subspace of Rd also the computation
of distances to marginals of the density is not straight forward (contrary to the subsequent
TV experiments). However, by the transformation theorem for integrals, if X ∈ Rd/{t · 1 ∈
Rd | t ∈ R} follows the distribution 1

Z exp(−U(x)), then the finite differences Xi+1 −Xi for
i = 1, . . . , d− 1 follow a Laplace distribution. Thus, we can compare the distribution of the
finite differences of the samples of the various sampling algorithms at any iteration k, that
we denote with Π(i+1)→i(πk)

8 for i = 1, . . . , d− 1 to the known reference distribution of these
finite differences, that we denote with Π(π) ∝ exp(−| · |). (The reference distribution of the
finite differences is independent of the index.) This evaluation gives us access to 9 marginal
distributions that we could compare. For plotting we pick only three representative marginals,
namely those with the smallest, median, and largest TV error at the end of the iterations9. The
results are shown in Figure 4, where we find that DAZ and ALD converge significantly faster
than ULA and MYULA. SK-ROCK gives mediocre performance while the combination of
DAZ and SK-ROCK works very well. We hypothesize that ALD being on par with our method
can be attributed to the convexity of U . The plots in Figure 5 visualize the negative-log
histograms of the three representative marginal distribution obtained from the final steps
of the simulated chains (i.e., − log(Π(i+1)→i(π1000)) for the three representative i’s) for the
different algorithms. Again, we find that with DAZ, ALD, and DAZ-SK-ROCK the ground
truth potential is approximated accurately.

5.3. TV-L2 denoising on a chain. The next example we consider is TV denoising on a
chain, where F,G : Rd → R, F (x) := 1

2σ2 ∥x− y∥2 and G(x) = λ
∑d−1

i=1 |xi+1−xi| with d = 100,

7This experiment is not covered by the theory presented in the paper for two reasons. First, our theoretical
results do not cover projections. However, we believe that this particular projection is unproblematic since
the subgradient of TV and, consequently, its proximal map have zero mean when the input has zero mean.
In addition, the Gaussian random vector added in each iteration has zero mean in expectation. Thus, the
projection will be close to the identity in practice. Second, the potential is not superexponential. Both of these
issues can be avoided by compensating for the non-trivial kernel of TV via considering a regularized version of
the potential U + δ

2
∥ · ∥2, 0 < δ ≪ 1 as is done in the two subsequent experiments. We decided to stick to the

projection instead in this experiment in order not to modify the potential and since the solution of adding a
squared term is covered in the subsequent experiments anyway.

8We used numpy.histogram with options bins="auto" and density=True to generate histograms based on
the samples (cf. https://numpy.org/doc/stable/reference/generated/numpy.histogram.html).

9As the empirical TV error oscillates significantly, determining the three representative marginals using
only the TV error at the final iteration might lead to skewed results. Thus, we compute for each marginal the
average TV error across the last 50 iterations. The obtained averages are used to find the three representative
marginals.

https://numpy.org/doc/stable/reference/generated/numpy.histogram.html
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We find that the samples obtained with DAZ, ALD, and DAZ-SK-ROCK approximate the target significantly
more accurately.

σ = 0.1, and λ = 30. To generate the data y ∈ Rd we first construct a piecewise constant
vector y† ∈ Rd with values

(5.2) y†i =



−3 for i = 1, . . . , 10

−1 for i = 11, . . . , 30

3 for i = 31, . . . , 35

2 for i = 36, . . . , 75

0 else.

and compute y = y† + σz with z ∼ N (0, I) and I ∈ Rd×d the identity matrix. The potential
satisfies Theorem 4.3 and is superexponential and, consequently, the theory presented in this
paper applies. The endpoints of the Moreau parameters are tN = 1× 10−3 and t1 = 1× 10−4,
each of which is used K = 20 times, and again τn = tn

2 . We compute the proximal map of λG
with the efficient method proposed in [24] which is based on dynamic programming.
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Like in the previous section, the high dimensionality makes the computation of the
reference distribution and any distances to it prohibitively expensive. However, estimates
of the d reference marginal distributions—that we denote with Π1(π), . . . ,Πd(π)—can be
computed efficiently using belief propagation (BP) algorithms [21,32,44]. In turn, this enables
the verification of the convergence to the reference distribution through the computation
of the TV distances between the (one-dimensional) marginals obtained from BP and those
obtained from the various sampling algorithms. Similar to the previous section, we choose three
representative marginals to visualize by estimating the averaging the TV distance over the
last 20 iterations and then choose those marginals that correspond to the 5th, 50th, and 95th
percentile. The results are shown in Figure 6. We find that SK-ROCK and DAZ-SK-ROCK
perform best, closely followed by DAZ and afterwards ALD. As mentioned above, we believe
that the advantages of DAZ are most prevalent in the nonconvex setting, so that in this
experiment the acceleration by SK-ROCK is already at a similar level. The double dip in the
convergence (especially visible for ULA and MYULA) might be a consequence of the fact that
we measure the distance to π, whereas the chains target a biased version thereof.

In Figure 8 we plot for each method for one chain the value of the potential (U(Xk))k. For
convex potentials this value concentrates on a so-called typical set close to E[U(X)]10 [36,37] so
that we can use the convergence speed of the sequence (U(Xk))k as a proxy for the convergence
speed of the Markov chain itself. We find in this experiment that DAZ and ALD converge
fastest, closely followed by SK-ROCK. DAZ-SK-ROCK converges roughly at the same speed,
however, including strong oscillations. ULA and MYULA converge significantly slower.

5.4. TV-L2 denoising for images. For image denoising, F,G : RN×M → R with F (x) :=
1

2σ2 ∥x − y∥2 again and G(x) = λ
∑

i,j |(Dx)i,j,1| + |(Dx)i,j,2| is the anisotropic TV, where

D : RN×M → RN×M×2 is a forward-finite-differences operator [5, Section 6.1]. We set
N = M = 200, σ = 0.05, and λ = 30. The data y was again computed as y = y† + σz with
z ∈ RN×M , (zi,j)i,j i.i.d, zi,j ∼ N (0, 1) and y† a 200× 200 crop of the ground truth watercastle
image. For the computation of the proximal map of λG we use again [24]. The endpoints of
the Moreau parameters are tN = 1× 10−3 and t1 = 1× 10−5, each of which is used K = 20
times, and again τn = tn

2 .
As in Subsection 5.3, we obtain M × N reference marginal distributions using the BP

algorithm and compute the one-dimensional TV distances to the sample distributions for
each of them. Again, as in Subsection 5.3, we plot in Figure 7 the convergence of three
representative marginals, and in Figure 8 on the right the convergence to the typical set. We
observe best convergence from DAZ, ALD, and SK-ROCK. DAZ converges fastest on the
medium marginal, on par with ALD on the slowest marginal, and SK-ROCK being fastest on
the fastest converging marginal. In this experiment the combination DAZ-SK-ROCK induces
strong oscillations which, however, do not disrupt the overall convergence. We speculate
that the combination of SK-ROCK with annealing, i.e., successive alteration of the target
distribution, exhibits slightly instable behavior. The convergence to the typical set is in this
experiment fastest for DAZ, ALD, and SK-ROCK11. The fact that for denoising on a chain
the value of U(x) increases during iterations, for images, however, it decreases is caused since

10up to the discrepancy induced by the difference between U and U t

11Note that we focus here on the time until stationarity is reached, not reached the value of U(x).
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Figure 7. TV denoising on an image. TV distance between three different marginals of sample distribution
and the target for TV-denoising. Fastest convergence for DAZ, ALD, and SK-ROCK. DAZ-SK-ROCK exhibits
strong oscillations which, however, do not bother the overall convergence. The piecewise constant shape of
SK-ROCK is due to the fact that for SK-ROCK we count one iteration per prox evaluation which is plotted by
piecewise constant upsampling.

for chains we initialized at zero and for images at the given noisy observation.

5.5. Sampling from a deep prior. To showcase the applicability of the proposed sampling
algorithm to nonconvex potentials in high-dimensional settings, we consider the TDV potential
introduced in [23]. This potential is twice continuously differentiable and the second derivative
is bounded and, consequently, the potential is Lipschitz continuous and weakly convex12.
However, a naive usage of the potential does not meet the integrability requirements and
instead we consider the potential U(x) = λTDV(x) + 1

2γ1

(
1
d

∑d
i=1 xi − µ

)2
+ 1

2γ2
(var[x]− σ2)2

which quadratically penalizes the statistical deviations of a given patch to ensure integrability.
In addition to the potential now being integrable we can also enforce the mean and variance of
the samples staying close to µ and σ2 which are chosen as the empirical mean and variance of

12Unfortunately, convexity outside a ball is difficult to verify for TDV and similar deep models.
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the training dataset which were computed over 10 000 patches of size (96× 96) extracted from
the BSDS [29] dataset. For our experiment, we utilize the publicly available TDV weights13

that were obtained from optimizing the denoising performance on perturbed BSDS500 [29]
grayscale image patches of size 96× 96.

Throughout this experiment, we use λ = 8, γ1 = γ2 = 1×10−8, and work on d = 256×256-
dimensional image patches. We simulate N = 5 Moreau parameters whose endpoints are are
chosen as t1 = 1×10−4 to tN = 5t1 and each of which is used for K = 200 Langevin steps, which
results in a total of 1000 iterations. The Langevin step size in each level is set to to τn = tn/2
in accordance with Theorem 4.17. The proximal operator of G is computed with accelerated
proximal gradient descent (APGD), which is given in Algorithm B.1, where we perform gradient
steps on the potential and proximal steps on the proximity term. The proximity term could also
be handled through gradient steps, but we observed slightly faster convergence when splitting
the terms. All trajectories are initialized at the same x0 = µ+ σz, z ∼ N (0, I), I ∈ Rd×d.

The high dimensionality and the nonconvexity of the potential prohibits a quantitative
analysis of the convergence. Consequently, we only provide a qualitative comparison of the
methods in Figure 9. The results show that the chains of ALD and DAZ reach a reasonable
sample after around 200 iterations, whereas MYULA and ULA require roughly 600 to 800
iterations to reach a result that is of similar quality.

In addition, we point out that we sometimes observed instabilities for ALD when the step
sizes were too large. This underpins the relevance of the proposed sampling algorithm from a
stability and convergence speed perspective and supports the findings regarding possible step
sizes in Theorem 4.17.

13See: https://github.com/VLOGroup/tdv

https://github.com/VLOGroup/tdv
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Figure 9. Exemplary trajectories obtained by various sampling algorithms applied to the TDV potential.
From top to bottom: ULA; ALD; MYULA; DAZ;. From left to right: Iterations 0; 200; 400; 600; 800. ULA
and MYULA take significantly longer to reach a characteristic sample visually.

5.6. Accelerated MRI reconstruction. In this section we showcase the applicability of
the proposed sampling algorithm to high-dimensional inverse problems with a nontrivial
forward operator inspired by accelerated MRI. We consider the problem of recovering a real-
valued image from undersampled and noisy Fourier data and thus F,G : RM×N → R with
F (x) := λ

2∥MFx − y∥22, where F : RM×N → CM×(⌊N/2⌋+1) is the two-dimensional Fourier
transform that accounts for the conjugate symmetry of the spectrum of a real signal and
M : CM×(⌊N/2⌋+1) → Cn is a frequency selection operator that models the undersampling
that is used to accelerate imaging speed. The function G = EBM+ 1

2γ ∥ · ∥2 incorporates the
learned energy-based model EBM from [47]. This model is a cascade of convolution operators
with stride two and point-wise leaky-rectified-linear activation functions, followed by a linear
layer that maps to a scalar and finally the absolute value to ensure boundedness from below.
To ensure weak convexity of G,14 we replaced the leaky-rectified-linear activation functions
x 7→ max(αx, x) with α = 0.05 with the surrogate x 7→ 1

β log
(
exp(αβx) + exp(βx)

)
with

14Again, convexity outside a ball is difficult to verify for deep models.
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Figure 10. From left to right: reference reconstruction; visualization of the data; least-squares reconstruction.

β = 1000. This surrogate is infinitely often differentiable with bounded second derivative and,
consequently, the potential is Lipschitz continuous and weakly convex. In addition, the small
quadratic norm with γ = 1× 109 ensures the integrability of the Gibbs distribution. The data
y ∈ Cn are constructed by y = MFx∗ + σz where x∗ ∈ R320×320 is the reference root-sum-of-
squares reconstruction of the 17th slice in the file file1000005.h5 in the multicoil train

folder of the fastMRI knee dataset [22] and z ∼ N (0, I). Like in the simulation studies in the
original publication [47], the intensity values of the reference root-sum-of-squares reconstruction
were affinely mapped such that their minimum is zero and their maximum is one, such that
the intensity values consistent with those in the training. The standard deviation of the noise
was chosen as σ = 2 × 10−2 and we set λ = 1 × 105 based on manual search optimized on
visually appealing reconstructions.

For the sampling algorithms, τ1 = 7.5× 10−3 is determined by the step size used in the
ULA algorithm used in training the model. We chose N = 5, K = 200 and the endpoints or
the sequence of Moreau parameters as t1 =

τ1
τ1−τλ (to comply with step size restrictions) and

tN = 5t1. As in the previous section, we computed the proximal map of G using APGD where
we took gradient steps on G and proximal steps on the proximity term. We ran 500 parallel
chains all initialized at the naive reconstruction F∗M∗y that is shown in Figure 10 along with
the reference reconstruction and a visualization of the data.

Like in the previous section, the high dimensionality and nonconvexity makes this an
extremely challenging problem. Due to the absence of any ground-truth samples we describe
the results of the four sampling algorithms shown in Figure 11 again only qualitatively. The
marginal standard deviations obtained by the gradient-based samplers ULA and ALD are
significantly more blurry than those obtained by the proximal-based samplers MYULA and
DAZ. In addition, ALD and DAZ converge significantly faster than MYULA and ULA. This is
examplified by the backfolding artifact indicated by the gray arrow in Figure 11, that is clearly
visible in the MMSE estimate even after 1000 iterations of MYULA and ULA. In contrast, it
is almost fully removed after 600 iterations of DAZ.

6. Conclusion. In this article, we proposed a method for the efficient sampling from
Gibbs distributions π whose potential may be nondifferentiable and nonconvex. Inspired by
diffusion models, we consider a sequence of distributions πt that has favorable properties for
sampling when t is large and approaches the target π as t → 0. The sequence is obtained by
replacing the parts of the potential with its Moreau envelope. Within our approach we then
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Figure 11. MMSE and standard deviation estimates obtained by various sampling algorithms. From top to
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successively sample from πt for decreasing values of t by constructing a Markov chain from
the corresponding Langevin diffusion. We proved ergodicity of the chain for sampling from πt

for fixed t and convergence to the target density in TV when t is sufficiently small. Moreover,
we showed that the map t 7→ πt is Lipschitz continuous in the TV norm, which justifies the
approach of successively sampling from πt for decreasing t. In addition, we proved that all
distributions πt can be understood as a zero-temperature limit of the Gibbs distributions
corresponding to a variance exploding diffusion model for π.

An extensive set of numerical experiments that contains one-dimensional toy problems and
high-dimensional Bayesian inverse problems in imaging confirmed the efficacy of the method
compared to ULA, MYULA, ALD, and SK-ROCK. In addition to the broad applicability of
DAZ to potentials of rather general form, the conducted experiments confirm that the proposed
method yields a significant speedup particularly for nonconvex or not strongly convex potentials
(subsections 5.1 and 5.2). In the strongly convex case, DAZ yields faster convergence than
ULA or MYULA due to the relaxed step size conditions and provides performance comparable
to ALD and SK-ROCK.

Limitations and future work. Within the sampling procedure, we successively sample from
the distributions πt by initializing each Markov chain with the last iterate of the previous
chain. Contrary, e.g., in diffusion models, it is possible to discretize the backward SDE in order
to obtain a theoretically well-founded time step from πt+∆t → πt where ∆t denotes the size
of the time step. Future work will investigate if, e.g., the sequence (πt)t admits a governing
transport equation that would allow a similar discretization of the time evolution t 7→ πt.

An additional direction for future work is to extend the proposed scheme to Bregman-
Moreau envelopes similar to [26] and the theoretical investigation of advanced sampling schemes
like SK-ROCK as inner algorithms for DAZ.
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Appendix A. Proofs.

A.1. Ergodicity of DAZ.

A.1.1. Proof of Theorem 4.6.

Proof. In the following, we will frequently denote an element p ∈ proxτG(x) as p = pτ (x)
for simplicity. If it is clear from context, we will also omit either the argument x or the
parameter τ and denote the prox as pτ , or simply p. We begin with the first assertion by
letting (xn, tn) → (x, t) in Rd × (0, 1

ρG
). By definition of the proximal map, we have that

1

2tn
∥xn − ptn(xn)∥2 +G(ptn(xn)) ≤

1

2tn
∥xn∥2 +G(0).

The right-hand side is bounded by convergence of xn → x, tn → t and, thus, by boundedness
from below of G, it follows that (ptn(xn))n is bounded. Therefore, there exists a convergent
subsequence ptn(xn) → p̂, which we shall not relabel for the sake of a simpler notation. It
follows for arbitrary y ∈ Rd that

(A.1)

1

2t
∥x− p̂∥2 +G(p̂) =

(i)
lim
n→∞

1

2tn
∥xn − ptn(xn)∥2 +G(ptn(xn))

≤
(ii)

lim
n→∞

1

2tn
∥xn − y∥2 +G(y)

=
1

2t
∥x− y∥2 +G(y)

where (i) is a consequence of continuity and (ii) follows from optimality of ptn(xn). Since y
was arbitrary we can conclude p̂ ∈ proxtG(x), which is single-valued for t < 1

ρG
. Convergence

of the original sequence (ptn(xn))n follows from a standard subsequence argument.
Next, we consider the Lipschitz continuity for fixed t. The optimality condition of the

proximal map implied that for any z ∈ Rd there exists a vz ∈ ∂G(p(z)) such that 0 =
1
t (p(z)− z) + vz. It follows

(A.2)
∥p(x)− p(y)∥2 = ⟨p(x)− p(y), x− tvx − (y − tvy)⟩

= ⟨p(x)− p(y), x− y⟩ − t⟨p(x)− p(y), vx − vy⟩.

As mentioned in Theorem 4.4, the regular subgradient of the convex function G + ρG
2 ∥ · ∥2

satisfies ∂(G+ ρG
2 ∥ · ∥2)(x) = ∂G(x) + ρGx (see [39, 10.10 Exercise]). Therefore, it holds that

0 ≤ ⟨p(x)− p(y), (vx + ρGp(x))− (vy + ρGp(y))⟩ = ⟨p(x)− p(y), vx − vy⟩+ ρG∥p(x)− p(y)∥2.

Plugging this into (A.2) yields that

∥p(x)− p(y)∥2 ≤ ⟨p(x)− p(y), x− y⟩+ tρG∥p(x)− p(y)∥2

Thus, ∥p(x)− p(y)∥2 ≤ 1
1−ρGt⟨p(x)− p(y), x− y⟩. Applying the Cauchy-Schwartz inequality

yields the desired result.

https://doi.org/10.3217/978-3-85125-869-1-09
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A.1.2. Proof of Theorem 4.7.

Proof. Let v ∈ Rd be arbitrary. By the definition of the proximal map, we find that

(A.3)
M t

G(x+ v)−M t
G(x) ≤

1

2t
∥x+ v − pt(x)∥2 +G(pt(x))−

1

2t
∥x− pt(x)∥2 −G(pt(x))

=
1

t
⟨v, x− pt(x)⟩+

1

2t
∥v∥2.

Similarly, it holds true that M t
G(x+ v)−M t

G(x) ≥
1
t ⟨v, x− pt(x+ v)⟩+ 1

2t∥v∥
2. In summary,

we have that

(A.4)
|M t

G(x+ v)−M t
G(x)− ⟨v, 1t (x− pt(x))⟩| ≤ 1

t ∥v∥∥pt(x+ v)− pt(x)∥+ 1
2t∥v∥

2

≤ 1
t ∥v∥(

1
1−ρGt∥v∥+

1
2∥v∥) = o(∥v∥).

A.1.3. Proof of Theorem 4.9.

Proof. By continuity, the set proxtG(x) is closed and, consequently, the infimum is a
minimum. Denote p̂t(x) = argminp∈proxtG(x) ∥p∥. The optimality condition

0 ∈ 1
t (p̂t(x)− x) + ∂G(p̂t(x))

implies the existence of a vt(x) ∈ ∂G(p̂t(x)) such that ∥x∥ ≤ ∥p̂t(x)∥+ t∥vt(x)∥. Now assume
to the contrary, there exist sequences Rn → ∞, ∥xn∥ ≥ Rn with ∥p̂t(xn)∥ ≤ C < ∞ for all
n ∈ N. But then, the local boundedness of ∂G (see Theorem 4.4) implies a uniform bound on
∥vt(xn)∥ and thus on ∥xn∥, which is a contradiction.

A.1.4. Proof of Theorem 4.10.

Proof. By Theorem 4.9 there exists R > 0 such that for x ∈ Bc
R(0), proxtG(x) ⊂ Bc

M (0)
where M is the radius outside of which G is convex, see Assumption 4.3.3. Thus, the map
p 7→ 1

2t∥x− p∥2 +G(p) is strictly convex outside BM (0). Since all minimizers of this map are
elements of Bc

M (0), the minimizer has to be unique, that is, proxtG(x) is single-valued. As in
Theorem 4.6, we obtain Lipschitz continuity of the proximal map, but using now convexity
of G outside the ball BM (0) instead of weak convexity. This also implies differentiability of
M t

G. Regarding the Lipschitz continuity of ∇M t
G, let us denote qz = z − p(z) for z = x, y, so

that ∇M t
G(z) =

1
t qz. Moreover, by the definition of the prox qz ∈ t∂G(p(z)) = t∂G(z − qz).

As a consequence, since p(z) ̸∈ BM (0) so that convexity of G outside a ball can be used,
⟨p(x)− p(y), qx − qy⟩ = ⟨x− qx − (y − qy), qx − qy⟩ ≥ 0. It follows

(A.5) ∥qx − qy∥2 = ⟨x− y, qx − qy⟩ − ⟨x− qx − (y − qy), qx − qy⟩ ≤ ∥x− y∥∥qx − qy∥.

Therefore, ∇M t
G is Lipschitz continuous with Lipschitz constant 1

t .

A.1.5. Proof of Theorem 4.11.
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Proof. Let R as in the proof of Theorem 4.10 be large enough such that x ∈ Bc
R(0) implies

that proxtG(x) ∈ Bc
M (0). A simple computation then yields for x, y ∈ Bc

R(0)
(A.6)

M t
G(λx+ (1− λ)y) ≤ 1

2t
∥λp(x) + (1− λ)p(y)− (λx+ (1− λ)y)∥2 +G(λp(x) + (1− λ)p(y))

≤ λ

2t
∥p(x)− x∥2 + λG(p(x)) +

1− λ

2t
∥p(y)− y∥2 + (1− λ)G(p(y))

= λM t
G(x) + (1− λ)M t

G(y)

where the first inequality follows from definition of the Moreau envelope and the second
inequality follows from from convexity of ∥ · ∥ together with convexity of G outside a ball.

A.1.6. Proof of Theorem 4.13.

Proof. First, we note that x∗ is also a minimizer of M t
G. Let R > 0 be such that M t

G(x) is
differentiable at x ∈ Rd that fulfills ∥x∥ > R. Pick M ′

ρ > 0 such that M ′
ρ ≥ 2Mρ and such that

for all x ∈ Rd, ∥x − x∗∥ ≥ M ′
ρ implies that ∥x∥ > R. Let p = proxtG(x) and where x ∈ Rd

is such that ∥x − x∗∥ ≥ M ′
ρ. We make a case distinction: When ∥p − x∗∥ ≤ ∥x−x∗∥

2 , we can
compute that

(A.7)

⟨∇M t
G(x), x− x∗⟩ = ⟨1t (x− x∗ + x∗ − p), x− x∗⟩

≥ 1
t (∥x− x∗∥2 − ∥p− x∗∥∥x− x∗∥

≥ 1
2t∥x− x∗∥2.

Conversely, assume now ∥p−x∗∥ > ∥x−x∗∥
2 ≥ Mρ and let v ∈ ∂G(p) such that 0 = 1

t (p−x)+ v.
It follows

(A.8)

⟨∇M t
G(x), x− x∗⟩ = ⟨v, x− x∗⟩

= ⟨v, p− x∗ + tv⟩
≥ ⟨v, p− x∗⟩

≥
(∗)

ρ∥p− x∗∥2 ≥ ρ

4
∥x− x∗∥2

where (∗) follows from G being superexponential. In summary, we find that for x ∈ Rd such
that ∥x− x∗∥ ≥ M ′

ρ, it holds that

(A.9) ⟨∇M t
G(x), x− x∗⟩ ≥ min

(ρ
4
,
1

2t

)
∥x− x∗∥2.

A.2. Consistency of DAZ.

A.2.1. Proof of Theorem 4.18.

Proof. Let 0 < s < t < tmax. By definition of the Moreau envelope, we find that

(A.10)

1

2t
∥x− pt∥2 +G(pt)−

1

2s
∥x− pt∥2 −G(pt)

≤ M t
G(x)−M s

G(x)

≤ 1

2t
∥x− ps∥2 +G(ps)−

1

2s
∥x− ps∥2 −G(ps),
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and, consequently, that

− 1

2st
∥x− pt∥2 ≤

M t
G(x)−M s

G(x)

t− s
≤ − 1

2st
∥x− ps∥2.

By Theorem 4.6 the result follows and, in particular, we obtain ∂tM
t
G(x) = − 1

2t2
∥x− pt∥2.

A.2.2. Proof of Theorem 4.20.

Proof. Using Theorem 4.18 we find for 0 < s < t

(A.11) |M t
G(x)−M s

G(x)| ≤
∫ t

s
|∂τM τ

G(x)| dτ =
1

2

∫ t

s

1

τ2
∥x− pτ∥2 dτ.

By definition of the Moreau envelope 1
τ (x−pτ ) ∈ ∂G(pτ ). Therefore,

1
τ2
∥x−pτ∥2 ≤ ϕ(∥x∥)2 and

consequently |M t
G(x)−M s

G(x)| ≤
|t−s|
2 ϕ(∥x∥)2. When s = 0, it holds that |M0

G(x)−M t(x)| =
lims→0 |M s

G(x)−M t
G(x)| ≤ lims→0

|t−s|
2 ϕ(∥x∥)2 = |0−t|

2 ϕ(∥x∥)2.

A.2.3. Miscellaneous results.

Lemma A.1. Let H : Rd → R be locally bounded and convex outside the ball BM (0) and
such that

∫
exp(−H(x))dx < ∞. Then, H grows asymptotically at least linearly, i.e., there

exist a C > 0 such that H(x) ≥ C∥x∥ for sufficiently large x.

Proof. The proof is similar to [10, Lemma 4]. Let M be such that H is convex outside
of BM (0). Define m = supx∈B2M (0)H(x) < ∞. We claim now that the set {H ≤ m + 1}
is bounded. Assume to the contrary, there exists yn, ∥yn∥ ≥ n such that H(yn) ≤ m + 1.
By convexity outside a ball it follows that co(B2M (0) ∪ {yn}) ⊂ {H ≤ m + 1} where co
denotes the convex hull. To see that, let z ∈ co(B2M (0) ∪ {yn}), i.e., there exists k ∈ N,
x1, . . . , xk ∈ B2M (0), and λ1, . . . , λk+1 ≥ 0 with

∑
i λi = 1 such that z =

∑k
i=1 λixi + λk+1yn.

We have to show, that H(z) ≤ m+ 1. If ∥z∥ ≤ 2M the result follows by definition of m, thus,
let us assume that ∥z∥ > 2M which also implies λk+1 > 0. Note that

z =

(
k∑

i=1

λi

)∑k
i=1 λixi∑k
i=1 λi︸ ︷︷ ︸

∈B2M (0)

+

(
1−

k∑
i=1

λi

)
yn.

That is, z is a convex combination of a single element in B2M (0) and yn. It is easy to see that
since ∥z∥ > 2M we can also find x ∈ Rd with ∥x∥ = 2M such that z is a convex combination
of this specific x and yn, that is, there exists µ ∈ [0, 1] such that z = µx+ (1− µ)yn. But then,
convexity outside a ball implies H(z) ≤ m+1, yielding that co(B2M (0)∪{yn}) ⊂ {H ≤ m+1}.

Since the Lebesgue measure of co(B2M (0) ∪ {yn}) tends to infinity as n → ∞, we obtain
a contradiction to

∫
exp

(
−H(x)

)
dx < ∞ (cf. [13, Lemma 4]). As a consequence the set

{H ≤ m + 1} is bounded, i.e., there exists R > 2M such that for ∥x∥ ≥ R it follows
H(x) > m+ 1.

Now take x ∈ Bc
R(0). We can write R x

∥x∥ = (1 − λ)2M x
∥x∥ + λx with λ = R−2M

∥x∥−2M . It
follows by convexity outside a ball, that

(A.12) H
(
R x

∥x∥
)
≤ λH(x) + (1− λ)H

(
2M x

∥x∥
)
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and as a result

(A.13)

H(x)−H
(
2M x

∥x∥
)
≥ 1

λ

(
H
(
R x

∥x∥
)
−H

(
2M x

∥x∥
))

≥ ∥x∥ − 2M

R− 2M

(
inf

∥y∥=R
H(y)− sup

∥y∥=2M
H(y)

)
.

Since H(y) ≤ m in B2M (0) and H(y) > m+ 1 for ∥x∥ ≥ R the result follows.

Lemma A.2. Let G be superexponential, then for a sufficiently large x ∈ Rd, it follows that
∥ proxtG(x)∥ ≤ ∥x∥+ c for some c > 0.

Proof. Let p ∈ proxtG(x). By definition of the proximal map there exists a v ∈ ∂G(p) such
that 0 = 1

t (p− x) + v. Since G is superexponential, there exist x∗ ∈ Rd, ρ > 0, and Mρ > 0
such that ∥x− x∗∥ ≥ Mρ implies ⟨v, x− x∗⟩ ≥ ρ∥x− x∗∥2, v ∈ ∂G(x). Now let R > 0 be such
that x ∈ Bc

R(0) implies ∥p− x∗∥ ≥ Mρ (cf.Theorem 4.9). Then, we can conclude for such x
that

(A.14)
∥x− x∗∥2 = ∥p− x∗∥2 + 2t⟨p− x∗, v⟩+ t2∥v∥2

≥ ∥p− x∗∥2.

Appendix B. Implementational Details.

Algorithm B.1 APGD algorithm with Lipschitz backtracking.

Require: Number of iterations K, initial condition x0, initial L0, number of backtracking
iterations J , β ∈ (0, 1), γ > 1, relative tolerance r

1: x−1 = x0

2: for k = 0, 1, . . . ,K − 1 do
3: x̄ = xk + (xk − xk−1)/

√
2

4: for j = 0, 1, . . . , J − 1 do ▷ Lipschitz backtracking procedure [31]
5: xk+1 = prox 1

Lk
g(x−∇f(x̄/Lk))

6: if f(xk+1) ≤ f(x̄) + ⟨∇f(x̄), xk+1 − x̄⟩+ Lk
2 ∥x̄− xk+1∥2 then

7: Lk = βLk

8: break
9: Lk = γLk

10: if ∥xk − xk+1∥/∥xk∥ ≤ r then ▷ Stopping criterion
11: break
12: return xk
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