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Abstract. Sampling a target probability distribution with an unknown nor-
malization constant is a fundamental challenge in computational science and
engineering. Recent work shows that algorithms derived by considering gradi-
ent flows in the space of probability measures open up new avenues for algo-
rithm developments. This paper makes three contributions to this approach to
sampling, by scrutinizing the design components of such gradient flows. Any
instantiation of a gradient flow for sampling needs an energy functional and
a metric to determine the flow, as well as numerical approximations of the
flow to derive algorithms. Our first contribution is to show that the Kullback-

Leibler (KL) divergence, as an energy functional, has the unique property
(among all f -divergences) that gradient flows resulting from it do not depend
on the normalization constant of the target distribution; this justifies the wide-
spread use of the KL divergence in sampling. Our second contribution is to
study the choice of metric from the perspective of invariance. The Fisher-Rao
metric is known as the unique choice (up to scaling) that is diffeomorphism
invariant. As a computationally tractable alternative, we introduce a relaxed,
affine invariance property for the metrics and gradient flows. In particular,
we construct various affine invariant Wasserstein and Stein gradient flows.
Affine invariant gradient flows are shown to behave more favorably than their
non-affine-invariant counterparts when sampling highly anisotropic distribu-
tions, in theory and by using particle methods. Our third contribution is
to study, and develop efficient algorithms based on Gaussian approximations
of the gradient flows; this leads to an alternative to particle methods. We
establish connections between various Gaussian approximate gradient flows,
discuss their relation to gradient methods arising from parametric variational
inference, and study their convergence properties. Our theory and numer-
ical experiments demonstrate the strengths and potential limitations of the
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2 YIFAN CHEN ET AL.

Gaussian approximate Fisher-Rao gradient flow, which is affine invariant, by
considering a wide range of target distributions.

1. Introduction

1.1. The sampling problem. In this paper, we are concerned with the problem
of sampling a probability distribution that is known up to normalization. This
problem is fundamental in many applications arising in computational science and
engineering and is widely studied in applied mathematics, machine learning and
statistics communities. A particular application is Bayesian inference for large-scale
inverse problems; such problems are ubiquitous, for example in climate science [66,
68, 87, 117], engineering [17, 38, 136], and machine learning [25, 30, 101, 111]. These
applications have fueled the need for efficient and scalable sampling algorithms.

Mathematically, the objective is to sample a target probability distribution with
density ρpost(·), for the parameter θ ∈ R

Nθ , given by

ρpost(θ) ∝ exp(−ΦR(θ)),(1.1)

where ΦR : RNθ → R is a known function. We use the notation ρpost because of the
potential application to Bayesian inference, where ΦR represents the regularized
negative log likelihood function; however, we do not explicitly use the Bayesian
structure in this paper, and our discussion applies to general target distributions
known only up to normalization.

1.2. Gradient flow methodology. Numerous approaches to the sampling prob-
lem have been proposed in the literature. Most are based on construction of a
dynamical system for densities that converges to the target distribution, or its ap-
proximation, after a specified finite time or at infinite time. The most common
examples that are widely used in Bayesian inference are sequential Monte Carlo
(SMC, specified finite time) [47] and Markov chain Monte Carlo (MCMC, infinite
time) [15].

Among them, the Langevin diffusion [106] and its discretization constitute an
important class of MCMC algorithms for sampling. It has been shown in the seminal
work [70] that the Fokker-Planck equation describing the evolution of densities of
the Langevin diffusion is the Wasserstein gradient flow of the Kullback–Leibler
(KL) divergence. That is, the dynamical system of densities corresponding to the
Langevin diffusion has a gradient flow structure. Such structure has also been
identified in other popular sampling algorithms, for example, the Stein variational
gradient descent [84], with the Stein variational gradient flow [83] as the continuous
limit.

Indeed, extending beyond the above-mentioned examples, gradient flows have
profoundly influenced our understanding and development of sampling algorithms.
Various gradient flows have been adopted by researchers to address the sampling
problems. For instance, the Wasserstein-Fisher-Rao gradient flow was used to sam-
ple multi-modal distributions in [90,91]. In [57,58], the Kalman-Wasserstein metric
(introduced, but not named, in [112]) was used to induce the gradient flow leading
to advantageous algorithms for sampling anisotropic distributions. Interpolation
between the Wasserstein and Stein metrics was studied in [63]. Accelerated gradi-
ent flows in the probability space have been studied in [132]. A recent overview of
the use of gradient flows in optimization and sampling can be found in [59, 60]. In
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SAMPLING VIA GRADIENT FLOWS 3

addition to the continuous-time picture, the optimization perspective on gradient
flows also leads to new developments in discrete-time algorithms for sampling [134].

Given the many choices of gradient flows in the literature, the aim of this paper is
to study their design ingredients and identify key properties that make the gradient
flows favorable in the sampling context. Our main focus is the continuous-time
formulation of the flow.

1.3. Design ingredients of gradient flows. Given an energy functional E on
the probability space, a class of gradient flows of E can be formally written as

(1.2)
∂ρt
∂t

= −M(ρt)
−1 δE

δρ

∣∣∣
ρ=ρt

.

Here, δE
δρ represents the first variation of E , which is then evaluated at ρ = ρt. Pos-

itive definite operator M(ρ) leads to non-linear preconditioning by its inverse; such
operators M(ρ) arise naturally from a Riemannian metric defined in the probability
density space.

A key property of the gradient flow is

(1.3)
d

dt
E(ρt) =

〈δE
δρ

∣∣∣
ρ=ρt

,
∂ρt
∂t

〉
= −

〈
M(ρt)

∂ρt
∂t

,
∂ρt
∂t

〉
≤ 0.

This demonstrates that the gradient flow eq. (1.2) will keep decreasing the energy
functional. Indeed, if E is chosen so that ρpost is its unique stationary point, then
property (1.3) can be used as the basis of proofs to establish convergence of ρt to
ρpost as t → ∞. For more detail concerning the notation we refer to Section 2.

By choosing different E(·) and M(·), one obtains various gradient flows with
varying convergence properties and levels of numerical implementation difficulties.
In the sampling context, it is natural to ask which choices lead to the most favorable
algorithms, for example, in terms of numerical implementation and convergence
rates on specific problem classes. Such questions are the focus of this paper.

1.4. Our contributions and paper organization. The primary contributions
of this work are as follows.

• We show in Theorem 3.1 that the KL divergence stands out as a unique
energy functional E(·) among all f -divergences with respect to the target.
Specifically, it emerges as the sole choice (up to scaling) that yields gradient
flows independent of the normalization constant of the target distribution.
Since handling the unknown normalization constant poses a significant chal-
lenge in the sampling problem, our finding establishes KL divergence as
the desired energy functional for designing gradient flows, ensuring that
concerns about normalization constants are eliminated during numerical
implementation. We then focus on this choice of energy functional E(·) in
the remainder of the paper.

• We highlight invariance properties stemming from the choice of metric (and
hence preconditioner in (1.2)) and elucidate implications for the conver-
gence of the gradient flow. We prove in Theorem 4.1 that the Fisher-Rao
metric, which is the unique (up to scaling) metric exhibiting diffeomor-
phism invariance, achieves a uniform exponential rate of convergence to
the target distribution, under quite general conditions. Moreover, we intro-
duce a relaxed (weaker), affine invariance property for gradient flows. As
a concrete manifestation, we construct various affine invariant Wasserstein
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4 YIFAN CHEN ET AL.

and Stein gradient flows. These affine invariant gradient flows are more
convenient to approximate numerically via particle methods than the dif-
feomorphism invariant Fisher-Rao gradient flow; pre-existing theory, and
numerical experiments in this paper, demonstrate that these affine invariant
methods behave favorably compared to their non-affine-invariant versions
when sampling highly anisotropic distributions.

• We study efficient implementable sampling algorithms found by restrict-
ing the gradient flows to Gaussian measures, as alternatives to particle
methods. In Theorem 5.1 we demonstrate that, under mild assumptions,
the Gaussian approximation achieved through metric based projection is
equivalent to the approximation derived through moment closure; the latter
is more convenient for calculations. Furthermore, we establish connections
between various Gaussian approximate gradient flows, discuss their relation
to gradient methods to solve the Gaussian variational inference problem,
and study their convergence properties. Our theory and numerical experi-
ments demonstrate the strengths and limitations of the Fisher-Rao gradient
flow under Gaussian approximations, for Gaussian, logconcave, and general
target distributions.

The paper is structured as follows. Section 2 introduces gradient flows in the
space of probability densities. In Section 3, we discuss the selection of energy func-
tionals, defined over the probability density space and parameterized by the target
distribution, showing the primacy of the KL divergence within all f -divergences.
In Section 4, we discuss the choice of metrics in the density space and examine
the induced gradient flow, with a particular focus on invariance properties such as
diffeomorphism invariance and affine invariance. In Section 5, we study Gaussian
approximations to efficiently approximate the gradient flows and showcase the ad-
vantage and limitation of affine invariance in this context. In Section 6, we demon-
strate the effectiveness of the aforementioned approaches on a PDE-constrained
Bayesian inverse problem, complementing the simple illustrative numerical exam-
ples presented in Section 4 and Section 5. Concluding remarks are presented in
Section 7. The appendix contains details of all the proofs.

1.5. Literature survey. We survey the relevant literature in gradient flows, affine
invariance, and Gaussian approximations below.

1.5.1. Gradient flows. There is a vast literature concerning the use of gradient
flows in probability density space, employing a variety of different metric tensors,
to minimize an energy defined as the Kullback–Leibler (KL) divergence between
the current density and the target distribution. The most relevant to this paper
are the Wasserstein, Fisher-Rao, and Stein gradient flows.

The Wasserstein gradient flow was identified in the seminal work [70]. The
authors showed that the Fokker-Planck equation is the Wasserstein gradient flow
of the KL divergence of the current density estimate from the target. Since then,
Wasserstein gradient flow has played a significant role in optimal transport [115],
sampling [28, 78], machine learning [34, 114], partial differential equations [20, 105]
and many other areas. The Fisher-Rao metric was introduced by C. R. Rao [110]
via the Fisher information matrix. The original definition is in parametric density
spaces, and the corresponding Fisher-Rao gradient flow in the parameter space
leads to natural gradient descent [1]. The Fisher-Rao metric in infinite dimensional
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SAMPLING VIA GRADIENT FLOWS 5

probability spaces was discussed in [55, 123]. The concept underpins information
geometry [2,6]. The gradient flow of the KL divergence under the Fisher-Rao metric
is induced by a mean-field model of birth-death type. The birth-death process has
been used in sequential Monte Carlo samplers to reduce the variance of particle
weights [43] and to accelerate Langevin sampling [90, 91]. The discovery of the
Stein metric [83] follows the introduction of the Stein variational gradient descent
algorithm [84]. The study of the Stein gradient flow [48, 83, 89] sheds light on the
analysis and improvements of the algorithm [44,85, 131, 132].

1.5.2. Affine invariance. The idea of affine invariance was introduced for MCMC
methods in [53, 61], motivated by the empirical success of the Nelder-Mead sim-
plex algorithm [102] in optimization. Sampling methods with the affine invariance
property can be effective for highly anisotropic distributions; this is because they
behave identically in all coordinate systems related through an affine transforma-
tion; in particular, they can be understood by studying the best possible coordinate
system, which reduces anisotropy to the maximum extent possible within the class
of affine transformations. The numerical studies presented in [61] demonstrate
that affine-invariant MCMC methods offer significant performance improvements
over standard MCMC methods. This idea has been further developed to enhance
sampling algorithms in more general contexts. Preconditioning strategies for the
Langevin dynamics to achieve affine-invariance were discussed in [79]. In [112], the
Kalman-Wasserstein metric was introduced, and gradient flows with respect to this
metric were advocated and shown to achieve affine invariance [57, 58]. Moreover,
the authors in [57, 58, 107] used the empirical covariance as preconditioners in en-
semble Kalman based particle approximations of the Kalman-Wasserstein gradient
flow, leading to a family of derivative-free affine invariant sampling approaches.
Similarly, the work [86] employed the empirical covariance to precondition second
order Langevin dynamics. Affine invariant samplers can also be combined with
the pCN (preconditioned Crank–Nicolson) MCMC method [36], to boost the per-
formance of MCMC in function space [37, 49]. Another family of affine-invariant
sampling algorithms is based on Newton or Gauss-Newton methods, since the use
of the Hessian matrix as the preconditioner naturally induces the affine invariance
property. Such methods include the stochastic Newton MCMC [97], the Newton
flow with different metrics [44, 131], and mirror Langevin diffusion [33, 64, 140].

1.5.3. Gaussian approximation. Parametric approximations such as those made by
Gaussians have been widely used in variational inference [13,69,127]. These meth-
ods, in the Gaussian setting, aim to solve the problem

(m�, C�) = argminm,C KL[N (m,C)‖ρpost].(1.4)

Gradient flows in the space of (m,C) can be used to identify (m�, C�). These
gradient flows can also be understood as a Gaussian approximation of the gradient
flow in the density space. The Riemannian structure in the density space can be
projected to the space of Gaussians, leading to the concept of natural gradient
[1, 96, 139] that has the advantage of reparametrization invariance. Other work on
the use of Gaussian variational inference methods includes the papers [56, 74, 81,
109, 137].

In addition to their role in parametric variational inference, Gaussian approx-
imations have been widely deployed in various generalizations of Kalman filter-
ing [52,72,73,121,128]. For Bayesian inverse problems, iterative ensemble Kalman
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6 YIFAN CHEN ET AL.

samplers have been proposed [29, 51, 128]. The paper [65] introduced an ensemble
Kalman methodology based on a novel mean-field dynamical system that depends
on its own filtering distribution. For all these algorithms based on a Gaussian
ansatz, the accuracy depends on some measure of being close to Gaussian. Re-
garding the use of Gaussian approximations in Kalman inversion we highlight, in
addition to the approximate Bayesian methods already cited, the use of ensemble
Kalman methods for optimization: see [22, 66, 67, 75, 133]. Kalman filtering has
also been used in combination with variational inference [76]. The relation between
iterative Kalman filtering and Gauss-Newton or Levenberg Marquardt algorithms
was studied in [10, 11, 23, 66], and leads to ensemble Kalman based optimization
methods which are affine invariant.

1.6. Notation. We use # to denote the pushforward operation for general mea-
sures. It is defined via duality. More precisely consider a diffeomorphism ϕ : RNθ →
R

Nθ and probability measures μ, ν in R
Nθ . Then ν = ϕ#μ if and only if∫

f(θ)dν =

∫
f(ϕ(θ))dμ,

for any integrable f under measure ν. If μ, ν admit smooth densities ρ and ρ̃
respectively, we can use the change-of-variable formula to derive the identity ρ̃(θ̃) =

ρ(ϕ−1(θ̃))|∇θ̃ϕ
−1(θ̃)|.

2. Gradient flows

In this section, we introduce the general formulation of gradient flows in probabil-
ity density space. Methodologically, to define gradient flows, one needs a differential
structure in the density space, which then leads to the definition of tangent spaces
and metric tensors that determine a gradient flow. Whilst they may be rigorously
defined in specific contexts,1 the technical hurdles must be addressed on a case-by-
case basis; we seek to keep such technicalities to a minimum and focus on a formal
methodology for deriving the flow equation. Once the flow is formally identified, we
can rigorously study its large-time convergence properties and numerical approxi-
mations of the flow, which are the key factors in the understanding and design of
efficient sampling algorithms.

For the formal methodology, we consider the probability space with smooth
positive densities:

(2.1) P =
{
ρ ∈ C∞(RNθ) :

∫
ρdθ = 1, ρ > 0

}
,

with the tangent space

(2.2) TρP ⊆ {σ ∈ C∞(RNθ) :

∫
σdθ = 0}.

We assume that both the target ρpost, and density ρ given by the gradient flow, are
in P: ρ, ρpost ∈ P. This allows us to use differential structures under the smooth
topology to calculate2 gradient flow equations.

1The rigorous theory of gradient flows in suitable infinite-dimensional functional spaces and
its link with evolutionary PDEs is a long-standing subject; see [3,4] for discussions and a rigorous
treatment of gradient flows in metric space.

2The formal Riemannian geometric calculations in the density space were first proposed by
Otto in [105]. The calculations in the smooth setting are rigorous if RNθ is replaced by a compact
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SAMPLING VIA GRADIENT FLOWS 7

Denote an energy functional by E(·; ρpost) : P → R, where we explicitly highlight
its dependence on ρpost and assume that ρpost is the minimizer of E(·; ρpost) over
P. Then, a gradient flow of E in the probability density space has the form given in
(1.2). In the following we use the notation that 〈·, ·〉 is the duality pairing between
T ∗
ρP and TρP; it can be identified as the L2 inner product when both arguments

are classical functions. Note that functions in T ∗
ρP are not uniquely defined under

the L2 inner product, since 〈ψ, σ〉 = 〈ψ + c, σ〉 for all σ ∈ TρP and any constant c.
A unique representation can be identified by requiring, for example, that ψ ∈ T ∗

ρP
implies Eρ[ψ] = 0.3 In the context of this paper, the most important elements in

T ∗
ρP are the first variation δE

δρ of energy functionals E(·, ρpost), defined by

〈δE
δρ

, σ
〉
= lim

ε→0

E(ρ+ εσ; ρpost)− E(ρ, ρpost)
ε

,(2.3)

for any σ ∈ TρP, assuming the limit exists.
The metric tensor M(ρ) : TρP → T ∗

ρP can be derived from a Riemannian
metric g that one imposes in the probability density space; we have gρ(σ1, σ2) =
〈M(ρ)σ1, σ2〉 for σ1, σ2 ∈ TρP, and M(ρ)−1 : T ∗

ρP → TρP is sometimes referred
to as the Onsager operator [99, 103, 104]. For simplicity of understanding, we view
M(ρt)

−1 in the gradient flow eq. (1.2) as a preconditioning operator for the density
dynamics. For more details of the Riemannian perspective we refer to [26, 88].
We note that the gradient flow eq. (1.2) will converge to ρpost if it is the unique
stationary point of E . Thus numerical simulations of eq. (1.2) lead to sampling
algorithms.

A standard use of particle methods to simulate dynamics of densities is to identify
a mean-field stochastic dynamical system, with state space RNθ , defined so that its
law is given by eq. (1.2). For example, we may introduce the Itô SDE

(2.4) dθt = f(θt; ρt, ρpost)dt+ h(θt; ρt, ρpost)dWt,

where Wt ∈ R
Nθ is a standard Brownian motion. Because the drift f : RNθ × P ×

P → R
Nθ and diffusion coefficient h : RNθ × P × P → R

Nθ×Nθ are evaluated at
ρt, the density of θt itself, by definition this is a mean-field model. In fact, this
particular mean field model is a McKean SDE. Other types of mean-field dynamics,
such as birth-death dynamics, and ODEs, also exist.

When utilizing eq. (1.2) for sampling purposes, two primary properties of the
flow become our focal points. Firstly, rapid convergence of the flow to ρpost is
desired. Secondly, the numerical implementation of the flow must be tractable, and
preferably, as convenient as possible, for example through a mean-field model such
as (2.4). Below we describe an example.

Example 2.1. Choose E to be the KL divergence:

E(ρ; ρpost) = KL[ρ‖ρpost] =
∫

ρ log
( ρ

ρpost

)
dθ,(2.5)

manifold, as noted in [88]; in such case in the definition of tangent spaces, (2.2) also becomes
identity. For rigorous results in general probability space, we refer to [3].

3This choice is also naturally motivated by the definition of Fisher-Rao gradient flows; see
(4.1). That is, for ψ ∈ T ∗

ρP implying Eρ[ψ] = 0, the Fisher-Rao metric tensor reduces to a

multiplication by the density ρ.
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8 YIFAN CHEN ET AL.

and use the Wasserstein metric tensor [105] which satisfies M(ρ)−1ψ = −∇θ ·
(ρ∇θψ), then the gradient flow eq. (1.2) takes the form:

∂ρt
∂t

= −∇θ · (ρt∇θ log ρpost) +∇θ · (∇θρt).(2.6)

This is the Fokker-Planck equation of the Langevin dynamics [70]:

(2.7) dθt = ∇θ log ρpost(θt)dt+
√
2dWt.

This is a trivial (in the sense that it is not actually a mean-field model) example
of (2.4). Discretizations of this Langevin dynamics can be used to numerically
implement the flow. Regarding the convergence property of eq. (2.6), we have the
following classical result [95]:

Proposition 2.2. Assume that ρpost is α-strongly logconcave: log ρpost ∈ C2(RNθ)
and

−∇θ∇θ log ρpost(θ) 
 αI.(2.8)

Then, for all t ≥ 0, it holds that

KL[ρt‖ρpost] ≤ KL[ρ0‖ρpost]e−2αt.(2.9)

The convergence rate depends crucially on ρpost. If ρpost = N (0, I), the unit
Gaussian distribution, the convergence rate is e−2t. However, if the Gaussian dis-
tribution is highly anisotropic, then α depends on the lower bound of the eigenval-
ues of the precision matrix, which can be very small, leading to a slow convergence
rate. Related convergence results with relaxed assumptions on the target distri-
bution can be found in [7, 8, 62, 108, 126], based on functional inequalities, and in
[98] using coupling methods. There are also many results [31, 39, 50, 118, 125, 135]
regarding the non-asymptotic convergence guarantee for discrete algorithms based
on the Langevin dynamics.

Note that for the choice of energy functionals in Example 2.1, it is not necessary
to know the normalization constant for ρpost; this is highly desirable. On the other
hand, for the Wasserstein metric Example 2.1 shows that the convergence rate
depends sensitively on the target; this is undesirable. In Sections 3 and 4 we discuss,
within a broader context, choices of the energy functionals and metric tensors. We
identify certain choices that can facilitate ease of numerical implementations and
fast convergence rates across large classes of targets.

3. Choice of energy functionals

In the literature, the KL divergence is the most commonly used energy functional
for deriving gradient flows in the probability space. Using the definition eq. (2.5)
of the KL divergence and definition eq. (2.3) of the first variation, we can formally
deduce that

δE
δρ

= log ρ− log ρpost − Eρ[log ρ− log ρpost] ∈ T ∗
ρP.(3.1)

From eq. (3.1) we observe that, for the KL divergence, δE
δρ remains unchanged if we

scale ρpost by any positive constant c > 0, i.e. if we change ρpost to cρpost. This
property eliminates the need to know the normalization constant of ρpost in order
to calculate the first variation. As a consequence, the gradient flow eq. (1.2) derived
from this energy functional is also independent of the normalization constant. This
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SAMPLING VIA GRADIENT FLOWS 9

has significant advantages in terms of numerical implementations, as handling the
unknown normalization constant is a well-known challenge in sampling.

We can also formulate the property in terms of the energy functional itself, with-
out delving into the technicality of dealing with the mathematical well-definedness
of first variations.4 An equivalent formulation is that E(ρ; cρpost) − E(ρ; ρpost) is
independent of ρ, for any c ∈ (0,∞). In fact, this implies that〈δE

δρ
(ρ; cρpost)−

δE
δρ

(ρ; ρpost), σ
〉
= 0

for σ ∈ TρP when the first variations exist; thus in such case, first variations do
not depend on the scaling of ρpost.

Can this property be satisfied for other energy functionals? In Theorem 3.1, we
show that the answer is no among all f -divergences with continuously differentiable
f . Here the f -divergence between two continuous density functions ρ and ρpost,
positive everywhere, is defined as

Df [ρ‖ρpost] =
∫

ρpostf
( ρ

ρpost

)
dθ.

For convex f with f(1) = 0, Jensen’s inequality implies that Df [ρ‖ρpost] ≥ 0. The
KL divergence used in (2.5) corresponds to the choice f(x) = x log x.

Theorem 3.1. Assume that f : (0,∞) → R is continuously differentiable and
f(1) = 0. Then the KL divergence is the only f -divergence (up to scalar factors)
such that Df [ρ‖cρpost] − Df [ρ‖ρpost] is independent of ρ ∈ P for any c ∈ (0,∞)
and for any ρpost ∈ P.

The proof can be found in Appendix A.1. As a consequence of Theorem 3.1,
gradient flows defined by the energy (2.5) do not depend on the normalization
constant of ρpost. Hence numerical approximations of gradient flows stemming
from this energy E are more straightforward to implement in comparison with the
use of other divergences or distances as energy. This justifies the choice of the KL
divergence as an energy functional for sampling, and our developments in most of
this paper are hence specific to the energy eq. (2.5).

Remark 3.2. Other energy functionals can be, and are, used for constructing gra-
dient flows; for example, the chi-squared divergence [32, 82]:

(3.2) χ2(ρ‖ρpost) =
∫

ρpost

( ρ

ρpost
− 1
)2

dθ =

∫
ρ2

ρpost
dθ − 1.

The normalization constant can appear explicitly in the gradient flow equation
when general energy functionals are used. Additional techniques need to be ex-
plored to simulate such flows. For example, when the energy functional is the
chi-squared divergence, in [32], kernelization is used to avoid the normalization
constant in the Wasserstein gradient flow. Moreover, in [82] where a modification
of the Fisher-Rao metric is used, ensemble methods with birth-death type dynam-
ics are adopted to derive numerical methods; the normalization constant can be
absorbed into the birth-death rate. These techniques may change the flow equation
completely or its time scales, thus affecting its convergence behavior.

4For the f -divergences considered in this paper, we can show the limit in eq. (2.3) exists so
the first variation is well-defined. For details see the proof of Theorem 3.1 in Appendix A.1 using
a localization argument.
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10 YIFAN CHEN ET AL.

4. Choice of metrics

We now fix the energy functional to be the KL divergence and discuss the choices
of M(·). The metric tensor can significantly influence the rate at which the gradient
flow converges. Within this section, we delve into a range of metrics, focusing on
invariance properties; as we will show in this and the next section, these play an
important role in determining convergence rates of the flow and algorithms based
on it. In Section 4.1, we discuss the Fisher-Rao gradient flow, highlight its diffeo-
morphism invariance property, and showcase the remarkable uniform convergence
rate to the target distribution which stems from this invariance; it is also known
that the Fisher-Rao metric is the unique diffeomorphism invariant metric (up to
scaling) in the probability density space. However, implementing the Fisher-Rao
gradient flow via particle methods is resource-demanding and does not currently
lead to efficient algorithms (see discussion below). In Section 4.2, we introduce a
relaxed, affine invariance property for gradient flows. It is worth noting that cer-
tain widely used gradient flows, namely the Wasserstein and Stein gradient flows,
are not affine invariant. Some modifications of the Wasserstein and Stein gradient
flows to achieve affine invariance are introduced in Section 4.3 and Section 4.4.
These affine invariant gradient flows are more convenient to approximate numer-
ically via particle methods compared to the diffeomorphism invariant Fisher-Rao
gradient flow. In Section 4.5, we conduct illustrative numerical experiments show-
ing that these affine invariant gradient flows behave more favorably compared to
their non-affine-invariant versions when sampling highly anisotropic distributions.

4.1. Fisher-Rao gradient flow and diffeomorphism invariance. The
Fisher-Rao Riemannian metric5 [2, 6] is

gFRρ (σ1, σ2) =

∫
σ1σ2

ρ
dθ, for σ1, σ2 ∈ TρP.

The metric tensor then admits the following form:

MFR(ρ)−1ψ = ρψ ∈ TρP(4.1)

for any ψ ∈ T ∗
ρP; recall that ψ ∈ T ∗

ρP implies Eρ[ψ] = 0. Combining eq. (4.1) and
eq. (3.1), we obtain the Fisher-Rao gradient flow of the KL divergence as

(4.2)

∂ρt
∂t

=−MFR(ρt)
−1 δE

δρ

∣∣∣
ρ=ρt

,

=− ρt

((
log ρt − log ρpost

)
− Eρt

[log ρt − log ρpost]
)
.

An important property of the Fisher-Rao gradient flow is its diffeomorphism invari-
ance. More precisely, consider a diffeomorphism in the parameter space ϕ : RNθ →
R

Nθ and correspondingly ρ̃t = ϕ#ρt, ρ̃post = ϕ#ρpost. Then, it holds that

(4.3)
∂ρ̃t
∂t

= −ρ̃t

((
log ρ̃t − log ρ̃post

)
− Eρ̃t

[log ρ̃t − log ρ̃post]
)
.

That is, the form of the equation remains invariant under diffeomorphic transfor-
mations. As a consequence, suppose there is a diffeomorphism satisfying ρ̃post =
ϕ#ρpost = N (0, I), then we can study the convergence rate of eq. (4.3) for a

5For some intuitions for the definition of the Fisher-Rao Riemannian metric, see Appendix C.1.
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SAMPLING VIA GRADIENT FLOWS 11

Gaussian target distribution and the rate will apply directly to eq. (4.2), due to the
following property of the KL divergence:

(4.4) KL[ρt‖ρpost] = KL[ϕ#ρt‖ϕ#ρpost] = KL[ρ̃t‖ρ̃post].
This property, which also holds for other f -divergences beyond the KL divergence,
implies that the Fisher-Rao gradient flow may converge at the same rate for gen-
eral distributions and Gaussian distributions, indicating its favorable convergence
behavior. Indeed, in Theorem 4.1 we prove its uniform convergence rate across a
wide class of target distributions. The proof can be found in Appendix B.1; we note
that the diffeomorphism invariance property is not explicitly used in the current
proof.

Theorem 4.1. Assume that there exist constants K,B > 0 such that the initial
density ρ0 satisfies

e−K(1+|θ|2) ≤ ρ0(θ)

ρpost(θ)
≤ eK(1+|θ|2),(4.5)

and both ρ0, ρpost have bounded second moments:∫
|θ|2ρ0(θ)dθ ≤ B,

∫
|θ|2ρpost(θ)dθ ≤ B.(4.6)

Let ρt solve the Fisher-Rao gradient flow (4.2). Then, for any t ≥ log
(
(1 +B)K

)
,

KL[ρt‖ρpost] ≤ (2 +B + eB)Ke−t.(4.7)

Similar propositions are presented in concurrent works [90, Theorem 3.3] and [91,
Theorem 2.3]. Our results do not require ρ0(θ)/ρpost(θ) to be bounded, thus apply-
ing to a broader class of distributions including Gaussians. An explicit expansion of
the KL divergence along the Fisher-Rao gradient flow is also given in [46], which in-
dicates the optimal asymptotic convergence rate is O(e−2t). Additionally, detailed
discussions on uniform convergence rates with respect to other f -divergences can
be found in the concurrent works [19, 100].

As mentioned earlier, the diffeomorphism invariance of the Fisher-Rao gradient
flow provides an intuitive explanation as to why it achieves such an exceptional
uniform convergence. This is in sharp contrast to the Wasserstein gradient flow
(Proposition 2.2). Nevertheless, effective numerical approximation the Fisher-Rao
gradient flow is not straightforward, in particular because näıve particle methods
lead to algorithms which do not evolve the support of the measure, requiring enor-
mous resources therefore. In [90, 91], birth-death dynamics are used to simulate
the flow, using kernel density estimators to approximate the current density and
adding transport steps to move the support of particles; the latter in fact changes
the flow equation. The diffeomorphism invariance property is also not preserved at
the particle level.

On the other hand, the invariance of the gradient flow is due to the invariance of
the Riemannian metric itself. The Fisher-Rao metric is known to be the only met-
ric, up to constants, that satisfies the diffeomorphism invariance property [5,9,21].
Therefore there are no alternatives if we ask for such strong diffeomorphism invari-
ance. In the following subsection, we explore a relaxed, affine invariance property
for the gradient flows. In contrast to the diffeomorphism invariance property, we
are able to construct various affine invariant gradient flows, in particular, the affine
invariant Wasserstein and Stein gradient flows. Moreover, when using particle
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12 YIFAN CHEN ET AL.

methods to simulate the flow, we can show that the affine invariance property is
also preserved at the particle level.

4.2. Affine invariance. Roughly speaking, affine invariant gradient flows are in-
variant under any invertible affine transformations of the density variables; as a
consequence, the convergence rate is independent of the affine transformation. It
is thus natural to expect that algorithms with this property have an advantage for
sampling highly anisotropic target distributions. We note that the affine invariance
property has been studied in MCMC algorithms [53,61] and certain gradient flows
[57, 58]; see the literature survey in Section 1.5.2. Our goal here is to bring this
notion to general gradient flows in the density space.

4.2.1. Affine invariant gradient flow. In the following, we define affine invariant
gradient flows.

Definition 4.2 (Affine invariant gradient flow). Consider the gradient flow

(4.8)
∂ρt
∂t

= −M(ρt)
−1 δE

δρ
(ρ; ρpost)

∣∣∣
ρ=ρt

,

and the affine transformation θ̃ = ϕ(θ) = Aθ + b, with A ∈ R
Nθ×Nθ invertible and

b ∈ R
Nθ . Let ρ̃t := ϕ#ρt and ρ̃post = ϕ#ρpost. The gradient flow is affine invariant

if

(4.9)
∂ρ̃t
∂t

= −M(ρ̃t)
−1 δE

δρ
(ρ̃; ρ̃post)

∣∣∣
ρ̃=ρ̃t

,

for any invertible affine transformation ϕ.

The key idea in Definition 4.2 is that, after the affine transformation, the dy-
namics of ρ̃t is itself a gradient flow, in the same metric as the gradient flow in
the original variables. Thus affine invariance is similar to diffeomorphism invari-
ance, but with the diffeomorphism constrained to invertible affine mappings. In
Sections 4.3 and 4.4, we will construct concrete examples such as affine invariant
Wasserstein and Stein gradient flows that satisfy the affine invariance.

4.2.2. Affine invariant mean-field dynamics. As mentioned in the Fisher-Rao gradi-
ent flow, another important factor when using the flow for sampling is its numerical
implementation, for example via particle methods. In the following we introduce
the affine invariance property at the particle level. More specifically we consider the
use of mean-field Itô SDEs of the form (2.4) and study its affine invariance property.
The density of solution to (2.4) is governed by a non-linear Fokker-Planck equation

(4.10)
∂ρt
∂t

= −∇θ · (ρtf) +
1

2
∇θ ·

(
∇θ · (hhTρt)

)
.

By choice of f, h it may be possible to ensure that eq. (4.10) coincides with eq. (1.2).
Then an interacting particle system can be used to approximate eq. (2.4), generating
an empirical measure which approximates ρt.
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SAMPLING VIA GRADIENT FLOWS 13

Definition 4.3 (Affine invariant mean-field dynamics). Consider the mean-field

dynamics eq. (2.4) and the affine transformation θ̃ = ϕ(θ) = Aθ + b, with A ∈
R

Nθ×Nθ invertible and b ∈ R
Nθ . The mean-field dynamics is called affine invariant,

if

Af(θ; ρ, ρpost) = f(ϕ(θ);ϕ#ρ, ϕ#ρpost),(4.11a)

Ah(θ; ρ, ρpost) = h(ϕ(θ);ϕ#ρ, ϕ#ρpost),(4.11b)

for any such invertible affine transformation ϕ. Equivalently, this implies that
θ̃t = ϕ(θt) satisfies a SDE of the same form as eq. (2.4):

(4.12) dθ̃t = f(θ̃t; ρ̃t, ρ̃post)dt+ h(θ̃t; ρ̃t, ρ̃post)dWt,

where ρ̃t = ϕ#ρt and ρ̃post = ϕ#ρpost.

Again, the key idea in Definition 4.3 is that, after the affine transformation, the
mean field dynamics eq. (2.4) remains the same. We will present affine invariant
mean-field dynamics for the affine invariant gradient flows we constructed.

4.3. Affine invariant Wasserstein gradient flow. TheWasserstein Riemannian
metric tensor6 is defined as (see Example 2.1)

MW(ρ)−1ψ = −∇θ · (ρ∇θψ) ∈ TρP.(4.13)

Recall the form of the Wasserstein gradient flow of the KL divergence given in
Example 2.1, along with the (trivial) mean-field Langevin dynamics. The Wasser-
stein gradient flow is not affine invariant. Indeed, from Proposition 2.2, we observe
that its convergence rate is not invariant upon affine transformations of the tar-
get distribution. To make it affine invariant we consider the following generalized
Wasserstein metric tensor

(4.14) MAIW(ρ)−1ψ = −∇θ · (ρP (θ, ρ)∇θψ) ∈ TρP,

where P : RNθ × P → R
Nθ×Nθ
�0 is a preconditioner satisfying Condition 4.4:

Condition 4.4. Consider any invertible affine transformation θ̃ = ϕ(θ) = Aθ + b
with A ∈ R

Nθ×Nθ invertible and b ∈ R
Nθ and correspondingly ρ̃ = ϕ#ρ. The

preconditioning matrix satisfies

P (θ̃, ρ̃) = AP (θ, ρ)AT .(4.15)

Remark 4.5. Examples of preconditioning matrices that satisfy eq. (4.15) include
the covariance matrix P (θ, ρ) = C(ρ) and some local preconditioners, such as

P (θ, ρ) =
(
θ −m(ρ)

)(
θ −m(ρ)

)T
,

or more generally,

P (θ, ρ) =

∫
(θ′ −m(ρ))(θ′ −m(ρ))Tκ(θ, θ′, ρ)ρ(θ′)dθ′.

Here κ : RNθ ×R
Nθ ×P → R is assumed to be a positive definite kernel for any fixed

ρ ∈ P which is, moreover, affine invariant, namely κ(θ̃, θ̃′, ρ̃) = κ(θ, θ′, ρ) under any

6For completeness, we include some intuitions regarding the definition of the Wasserstein
Riemannian metric in Appendix C.2.
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14 YIFAN CHEN ET AL.

invertible affine transformation θ̃ = ϕ(θ) = Aθ + b and correspondingly ρ̃ = ϕ#ρ.
A potential choice is

κ(θ, θ′, ρ) = exp

(
−1

2
(θ − θ′)TC(ρ)−1(θ − θ′)

)
.

When such condition is satisfied, the gradient flow is affine invariant:

Theorem 4.6. Under the assumption on P given in Condition 4.4, the associated
gradient flow of the KL divergence with respect to the metric tensor MAIW, namely

(4.16)
∂ρt(θ)

∂t
= ∇θ ·

(
ρtP (θ, ρt)(∇θ log ρt −∇θ log ρpost)

)
,

is affine invariant.

The proof of Theorem 4.6 is provided in Appendix D.2. Henceforth we refer
to MAIW satisfying the condition of Theorem 4.6 as an affine invariant Wasser-
stein metric tensor. For the specific choice of the preconditioner P (θ, ρ) = C(ρ),
the covariance, the flow is called the Kalman-Wasserstein gradient flow [57, 58];
the underlying metric structure was first identified in [112]. When ρpost belongs
to the Gaussian family, the Kalman-Wasserstein gradient flow provably achieves
convergence rate O(e−t) in KL divergence [18, 57, 58]. It is worth mentioning that
there will be an additional computational cost associated with evaluating P (θ, ρ).
However, for many practical problems, the dominant computational expense lies in
evaluating ΦR and its derivatives, and the additional computational cost is negli-
gible in comparison.

Define h : RNθ ×P → R
Nθ×Nθ . Once defined we may then also define D(θ, ρ) =

1
2h(θ, ρ)h(θ, ρ)

T and d(θ, ρ) = ∇θ ·D(θ, ρ). Now consider the following mean field
dynamics:
(4.17)
dθt = P (θt, ρt)∇θ log ρpost(θt)dt

+
((

D(θt, ρt)− P (θt, ρt)
)
∇θ log ρt(θt) + d(θt, ρt)

)
dt+ h(θt, ρt)dWt.

For any choice of h the Fokker-Planck equation associated with this mean-field
dynamics is the affine invariant Wasserstein gradient flow (4.16); see a proof in
Appendix D.3. When D(θ, ρt) �= P (θt, ρt), the equation requires knowledge of
the score function ∇θ log ρt(θt) of the current density, which is computationally
undesirable. However, for this purpose, various approaches have been adopted in
the literature [14, 94, 119, 130]; see also [120] and references therein for discussions
of the score estimation.

At the particle level, we can prove the above dynamics is affine invariant; see
Theorem 4.7 and its proof in Appendix D.4.

Theorem 4.7. The mean-field dynamics eq. (4.17) is affine invariant under the
assumption on the preconditioner P given in Condition 4.4 and the assumptions on
h given in eq. (4.11b).

In particular, let C(ρ) denote the covariance matrix of ρ. If we take P (θ, ρ) =

C(ρ) and h(θ, ρ) =
√
2C(ρ), then we get the following affine invariant overdamped

Langevin equation, introduced in [57, 58]:

(4.18) dθt = C(ρt)∇θ log ρpost(θt)dt+
√
2C(ρt)dWt.
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Comparison with eq. (2.7) demonstrates that it is a preconditioned version of the
standard overdamped Langevin dynamics (2.6).

4.4. Affine invariant Stein gradient flow. The Stein Riemannian metric ten-
sor7 is defined as

MS(ρ)−1ψ = −∇θ ·
(
ρ(θ)

∫
κ(θ, θ′, ρ)ρ(θ′)∇θ′ψ(θ′)dθ′

)
∈ TρP.(4.19)

Here κ : RNθ ×R
Nθ ×P → R is a positive definite kernel for any fixed ρ. The Stein

gradient flow has the form

(4.20)

∂ρt(θ)

∂t
= −

(
MS(ρt)

−1 δE
δρ

∣∣∣
ρ=ρt

)
(θ)

= ∇θ ·
(
ρt(θ)

∫
κ(θ, θ′, ρt)ρt(θ

′)∇θ′
(
log ρt(θ

′)− log ρpost(θ
′)
)
dθ′
)
,

and it has the mean-field counterpart [83, 84] in θt with the law ρt:

(4.21)

dθt
dt

=

∫
κ(θt, θ

′, ρt)ρt(θ
′)∇θ′

(
log ρpost(θ

′)− log ρt(θ
′)
)
dθ′

=

∫
κ(θt, θ

′, ρt)ρt(θ
′)∇θ′ log ρpost(θ

′) + ρt(θ
′)∇θ′κ(θt, θ

′, ρt)dθ
′.

Here, the second equality is obtained using integration by parts; it facilitates an
expression that avoids the score (gradient of the log density function of ρt). This
is useful because, when implementing particle methods, the resulting integral can
then be approximated directly by Monte Carlo methods.

The Stein gradient flow is in general not affine invariant. To make it affine
invariant, we introduce the following metric tensor

MAIS(ρ)−1ψ = −∇θ ·
(
ρ(θ)

∫
κ(θ, θ′, ρ)ρ(θ′)P (θ, θ′, ρ)∇θ′ψ(θ′)dθ′

)
∈ TρP.

(4.22)

Here, the preconditioner P : RNθ × R
Nθ × P → R

Nθ×Nθ is assumed to be positive
definite, which may take the form of P (θ, θ′, ρ) = L(θ, ρ)L(θ′, ρ)T . The kernel
function and the preconditioner are required to satisfy Condition 4.8:

Condition 4.8. Consider any invertible affine transformation θ̃ = ϕ(θ) = Aθ + b
with A ∈ R

Nθ×Nθ invertible and b ∈ R
Nθ and correspondingly ρ̃ = ϕ#ρ; moreover

θ̃′ = ϕ(θ′). The preconditioning matrix and the kernel satisfy

κ(θ̃, θ̃′, ρ̃)P (θ̃, θ̃′, ρ̃) = κ(θ, θ′, ρ)AP (θ, θ′, ρ)AT .

Remark 4.9. Examples satisfying Condition 4.8 can be obtained using an affine
invariant kernel that fulfills the condition κ(θ̃, θ̃′, ρ̃) = κ(θ, θ′, ρ), along with pre-
conditioning matrices that satisfy eq. (4.15).

7For completeness, we include some intuitions in the definition of the Stein Riemannian metric
in Appendix C.3.

Licensed to Calif Inst of Tech. Prepared on Thu Sep 17 12:05:03 EDT 2026 for download from IP 131.215.250.0.

License or copyright restrictions may apply to redistribution; see https://www.ams.org/journal-terms-of-use



16 YIFAN CHEN ET AL.

Then, the corresponding gradient flow becomes affine invariant:

Theorem 4.10. Under the assumption on P and κ given in Condition 4.8. The
associated gradient flow of the KL divergence with respect to the metric tensor
MAIS, namely
(4.23)
∂ρt(θ)

∂t
= ∇θ · (f),

f =
(
ρt(θ)

∫
κ(θ, θ′, ρt)ρt(θ

′)P (θ, θ′, ρt)∇θ′
(
log ρt(θ

′)− log ρpost(θ
′)
)
dθ′
)
,

is affine invariant.

The proof of Theorem 4.10 can be found in Appendix D.5. Furthermore, we can
construct the following mean-field dynamics to simulate the flow:

(4.24)

dθt
dt

=

∫ (
κ(θt, θ

′, ρt)ρt(θ
′)P (θt, θ

′, ρt)∇θ′ log ρpost(θ
′)

+∇θ′ · (κ(θt, θ′, ρt)P (θt, θ
′, ρt))ρt(θ

′)
)
dθ′.

Similarly, we can prove the affine invariance of the above mean field dynamics; see
Theorem 4.11 and its proof in Appendix D.6.

Theorem 4.11. The mean-field dynamics eq. (4.24) is affine invariant under Con-
dition 4.8.

For a survey of convergence analysis of these gradient flows we refer to [26,
Section 3.5].

4.5. Illustrative numerical experiments. In this subsection, we conduct nu-
merical experiments comparing the affine invariant Wasserstein and Stein gradi-
ent flows with their non-affine invariant versions. We focus our experiments on
three two-dimensional posterior distributions. In defining them we use the nota-
tion θ = [θ(1), θ(2)]T ∈ R

2.

(1) Gaussian Posterior.

ΦR(θ) =
1

2
θT
[
1 0
0 λ

]
θ with λ = 0.01, 0.1, 1.

We initialize the gradient flows as follows:

(4.25) θ0 ∼ N
([1

1

]
,

[
4 0
0 4

])
.

(2) Logconcave Posterior.

ΦR(θ) =
(
√
λθ(1) − θ(2))2

20
+

(θ(2))4

20
with λ = 0.01, 0.1, 1.

We initialize the gradient flows according to (4.25).
(3) General Posterior.

ΦR(θ) =
λ(θ(2) − (θ(1))2)2

20
+

(1− θ(1))2

20
with λ = 0.01, 0.1, 1.

This example is known as the Rosenbrock function [61]. We initialize the
gradient flows according to (4.25).

Licensed to Calif Inst of Tech. Prepared on Thu Sep 17 12:05:03 EDT 2026 for download from IP 131.215.250.0.

License or copyright restrictions may apply to redistribution; see https://www.ams.org/journal-terms-of-use



SAMPLING VIA GRADIENT FLOWS 17

In all three examples, the parameter λ controls the anisotropy of the distribution.
We will use several summary statistics to compare the resulting samples with the
ground truth. They are E[θ], the covariance Cov[θ], and E[cos(ωT θ + b)]; for the
last summary statistics we randomly draw ω ∼ N (0, I) and b ∼ Uniform(0, 2π) and
report the average over 20 random draws of ω and b. The ground truths of these
summary statistics are evaluated by integrating ρpost numerically (See Appendix F
for detailed formula of numerical integration). We will compare the performance
of the following gradient flows (GFs) in our experiments.

• Wasserstein GF: The Wasserstein gradient flow, which is implemented by
the Langevin dynamics (2.7).

• Affine invariant Wasserstein GF: The affine invariant Wasserstein gradi-
ent flow with P (θ, ρ) = C(ρ) and h(θ, ρ) =

√
2C(ρ); this is implemented

by the stochastic interacting particle approximation of the preconditioned
Langevin dynamics (4.18).

• Stein GF: The Stein gradient flow with

(4.26) κ(θ, θ′, ρ) = (1 + 4 log(J + 1)/Nθ)
Nθ/2 exp(− 1

h
‖θ − θ′‖2),

which is implemented as a deterministic interacting particle dynamics
(4.21). Here h = med2/ log(J + 1); med2 is the squared median of the
pairwise Euclidean distance between the current particles, following [84].

• Affine invariant Stein GF: The affine invariant Stein gradient flow with

(4.27) P = C(ρ), κ(θ, θ′, ρ) = (1+2/Nθ)
Nθ/2 exp(− 1

2Nθ
(θ−θ′)TC(ρ)−1(θ−θ′)),

which is implemented as a deterministic interacting particle dynamics
(4.24).

Here the scaling constants8 in the above definition of kernel functions are chosen
such that ∫ ∫

κ(θ, θ′, ρ)N (θ,m,C(ρ))N (θ′,m,C(ρ))dθdθ′ = 1.(4.28)

This choice makes the Stein gradient flows comparable with the Wasserstein gradi-
ent flows in terms of time scales, for a fair comparison. In practical implementation,
it is recommended to drop these scaling constants. All the gradient flows are im-
plemented by interacting particle systems with J = 400 particles (except for the
Wasserstein GF, using (2.7), where particles do not interact). To reduce the influ-
ence of temporal discretization errors, all simulations use a fixed time step size of
Δt = 5× 10−3 with either the forward Euler or Euler–Maruyama integrator.

For the Gaussian posterior, the convergence of different gradient flows, according
to the three summary statistics, are presented in Figure 1. The imposition of the
affine invariance property makes the convergence rate independent of the anisotropy
λ and accelerates the sampling for badly scaled Gaussian (λ = 0.01). We note that
all these gradient flows do not converge within machine precision because of the
limited number of particles.

For the logconcave posterior, the results are shown in Figure 2. Again, the
imposition of the affine invariance property makes the convergence rate independent

8In the case of the Stein GF, there is no analytical formula for the integral eq. (4.28). To deal
with this, we estimate the scaling constant by replacing med2I with NθC(ρ), for which we can
analytically compute eq. (4.28).
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18 YIFAN CHEN ET AL.

Figure 1. Gaussian posterior case: Convergence of different gra-
dient flows in terms of the L2 error of E[θt], the relative Frobenius

norm error of the covariance ‖Cov[θt]−Cov[θtrue]‖F

‖Cov[θtrue]‖F
, and the error of

E[cos(ωT θt+ b)]. We report the mean error across 10 random real-
izations, with shaded regions representing one standard deviation.

of the anisotropy λ and accelerates the sampling in the highly anisotropic case
(λ = 0.01).

For the general posterior, we note that the Rosenbrock function is a non-convex
function. Its minimum is at [1, 1]. The expectation and covariance of the posterior
density function is (See Appendix F)

E[θ] =

[
1
11

]
Cov[θ] =

[
10 20
20 10

λ + 240

]
.

The particles obtained by different gradient flows at t = 15 are depicted in Fig-
ure 3, and their convergence behaviors according to the three summary statistics
are depicted in Figure 4. For small λ (e.g., λ = 0.01), θ(2) is the stretch direction,
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Figure 2. Logconcave posterior case: Convergence of different
gradient flows in terms of the L2 error of E[θt], the relative Frobe-

nius norm error of the covariance ‖Cov[θt]−Cov[θtrue]‖F

‖Cov[θtrue]‖F
, and the error

of E[cos(ωT θt + b)]. We report the mean error across 10 random
realizations, with shaded regions representing one standard devia-
tion.

and therefore the imposition of the affine invariance property makes the convergence
faster. However, when λ increases, the posterior density concentrates on a manifold
with significant curvature (See Figure 3). Although the particle positions match
well with the density contours, the convergence of summary statistics significantly
deteriorates; the imposition of affine invariance does not significantly relieve the
issue. This indicates that additional structures need to be explored for sampling
densities such as this, which concentrate on a curved manifold.

Moreover, the convergence curves for the affine invariant Wasserstein gradient
flow, implemented with the Langevin dynamics, oscillate slightly due to the added
noise; those obtained from the affine invariant Stein gradient flow, implemented by
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Figure 3. General posterior case: Particles obtained by different
gradient flows at t = 15. Grey lines represent the contour of the
true posterior.

Stein variational gradient descent, are smooth (See Figures 1, 2 and 4). The added
noise helps for sampling non-Gaussian, highly anisotropic posteriors in comparison
with the affine invariant Stein gradient flow (See Figures 3 and 4).

As a summary, affine invariant gradient flows, when implemented via particle
methods, typically outperform their non-affine invariant versions, especially when
the target distribution is highly anisotropic.

5. Gaussian approximate gradient flow

An alternative to using particle methods to approximate a density is through
parametric approximations. In this section, we focus on Gaussian approximations

Licensed to Calif Inst of Tech. Prepared on Thu Sep 17 12:05:03 EDT 2026 for download from IP 131.215.250.0.

License or copyright restrictions may apply to redistribution; see https://www.ams.org/journal-terms-of-use



SAMPLING VIA GRADIENT FLOWS 21

of the gradient flows in the density space. The resulting Gaussian approximate gra-
dient flows can be understood as gradient flows in the parameter space of Gaussian
distributions, within the framework of variational inference [13, 69, 127].

In Section 5.1 and Section 5.2 we introduce Gaussian approximations based on
metric projection and moment closure respectively. We show their equivalence
under certain conditions in Section 5.3. Based on this equivalence, we use the
moment closure approach to derive different Gaussian approximate gradient flows.
In Section 5.4, we introduce several explicit Gaussian approximate gradient flows,
establish their connections and discuss their relation to natural gradient methods
in variational inference. In Section 5.5 we provide convergence analysis for these
Gaussian approximate gradient flows, showing that the affine invariance property
is beneficial for the convergence rates of the flows, for Gaussian and logconcave
target distributions. We conduct illustrative numerical experiments in Section 5.6
to compare these gradient flows further; the results validate our theoretical analysis.

5.1. Gaussian approximation via metric projection. Consider the Gaussian
density space

PG :=
{
ρa : ρa(θ) =

exp
(
− 1

2 (θ −m)TC−1(θ −m)
)

√
|2πC|

with a = (m,C) ∈ A
}
,

(5.1a)

A =
{
(m,C) : m ∈ R

Nθ , C � 0 ∈ R
Nθ×Nθ

}
.(5.1b)

Instead of minimizing ρ over P as in the gradient flow in the whole probability
density space, one can minimize over Gaussian density space PG ⊂ P. Given an
energy functional E , this consideration leads to the following constrained minimiza-
tion problem:

(5.2) min
a∈A

E(ρa; ρpost).

This forms the basis of Gaussian variational inference. For the reasons explained
in Section 3 we choose E to be the KL divergence. The tangent space at any point
of A is {(δm, δC) : δm ∈ R

Nθ , δC ∈ R
Nθ×Nθ is symmetric}, which is isomorphic to

R
Na , where Na = Nθ +

1
2 (Nθ + 1)Nθ is the dimension of the parameter a. Given a

metric tensor M(ρ) in the tangent space of P, we can define the projected metric
tensor in the tangent space of A as

(5.3) M(a) :=

∫
∇aρa(θ)

(
M(ρa)∇aρ

T
a (θ)

)
dθ,

defined by

(5.4) 〈M(a)σ1, σ2〉RNa = 〈M(ρa)∇aρa · σ1,∇aρa · σ2〉, ∀σ1, σ2 ∈ R
Na .

Given the metric tensor, we can write down the resulting gradient flow equation in
A:

∂at
∂t

= −M(at)
−1 ∂E(ρa; ρpost)

∂a

∣∣∣∣
a=at

.(5.5)

This leads to a flow of the density ρat
that stays in the Gaussian space PG. We

remark that the above metric projection approach is standard in Riemannian ge-
ometry to obtain constrained metrics and gradient flows [45].
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Figure 4. General posterior case: Convergence of different gra-
dient flows in terms of the L2 error of E[θt], the relative Frobenius

norm error of the covariance ‖Cov[θt]−Cov[θtrue]‖F

‖Cov[θtrue]‖F
, and the error of

E[cos(ωT θt+ b)]. We report the mean error across 10 random real-
izations, with shaded regions representing one standard deviation.

5.2. Gaussian approximation via moment closures. For any gradient flow in
the density space eq. (1.2), we can also consider the following moment closure ap-
proach to get a Gaussian approximation. First, we write down evolution equations
for the mean and covariance under eq. (1.2) noting that they satisfy the following
identities:

(5.6)

dmt

dt
=

d

dt

∫
ρt(θ)θdθ = −

∫
M(ρt)

−1 δE
δρ

∣∣∣
ρ=ρt

θdθ,

dCt

dt
=

d

dt

∫
ρt(θ)(θ −mt)(θ −mt)

Tdθ

= −
∫

M(ρtb)
−1 δE

δρ

∣∣∣
ρ=ρt

(θ −mt)(θ −mt)
Tdθ.
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This is not, in general, a closed system for the mean and covariance; this is because
ρt is not, in general, determined by only the first and second moments. To close
the system, we replace ρt by ρat

= N (mt, Ct) in eq. (5.6). Then we obtain the
following closed system for the evolution of (mt, Ct):

(5.7)

dmt

dt
= −

∫
M(ρat

)−1 δE
δρ

∣∣∣
ρ=ρat

θdθ,

dCt

dt
= −

∫
M(ρat

)−1 δE
δρ

∣∣∣
ρ=ρat

(θ −mt)(θ −mt)
Tdθ.

The moment closure approach has been used in Kalman filtering [116] and Wasser-
stein gradient flows [78] to obtain a reduced system of equations.

5.3. Equivalence between two approaches. The metric projection approach
encapsulated in identity (5.4) is rooted in Riemannian geometry, whilst the mo-
ment closure approach leading to (5.7) is based on probability. However these two
seemingly distinct approaches lead to equivalent Gaussian approximations of the
gradient flow; see Theorem 5.1 and its proof in Appendix E.2. In fact, such equiv-
alence has been pointed out for the Wasserstein gradient flow in [78]. Our result
provides a general condition for such equivalence.

Theorem 5.1. Suppose the following condition holds:

(5.8) M(ρa)Tρa
PG = span{θi, θiθj , 1 ≤ i, j ≤ Nθ}.

Here M(ρa) is the metric tensor and Tρa
PG is the tangent space of the Gaussian

density space PG. Moreover, θi, θiθj are understood as functions of θ. Then the
mean and covariance evolution eq. (5.7) are equivalent to (5.5).

We have Theorem 5.2 showing that many metric tensors we have considered in
Section 4 indeed satisfy the condition eq. (5.8). Its proof can be found in Appen-
dix E.2.

Theorem 5.2. Assumption (5.8) holds for the Fisher-Rao metric tensor, the affine
invariant Wasserstein metric tensor with a preconditioner P independent of θ, and
the affine invariant Stein metric tensor with a preconditioner P independent of θ
and with a bilinear kernel κ(θ, θ′, ρ) = (θ−m)TA(ρ)(θ′−m)+ b(ρ); here we require
b �= 0, and A non-singular.

This equivalence is useful as it allows us to use the moment closure approach
to calculate the projected gradient flows. The moment closure approach is more
convenient than the metric projection approach, since the former involves M(ρat

)−1

while the latter involves M(ρat
). We know from the examples of the Wasserstein

and Stein metric tensors that M(ρat
)−1 is a differential operator which is simpler

in calculations compared to its inverse. On the other hand the projected gradient
flow is an intrinsic object and so it is desirable that the easy-to-implement moment
closure recovers it.

5.4. Equations of Gaussian approximate gradient flows. In this subsection,
we use the moment closure approach to derive Gaussian approximate gradient flows
for different metric tensors, discuss their connections, and draw relations to natural
gradient methods in variational inference.
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5.4.1. Gaussian approximate Fisher-Rao gradient flow. Applying the moment clo-
sure approach to Fisher-Rao gradient flow (4.2) leads to the following equation:

dmt

dt
=

∫
θ
(
ρat

(
log ρpost − log ρat

)
− ρat

Eρat
[log ρpost − log ρat

]
)
dθ

= Covρat
[θ, log ρpost − log ρat

]

= CtEρat
[∇θ(log ρpost − log ρat

)],

dCt

dt
= Eρat

[(θ −mt)(θ −mt)
T (log ρpost − log ρat

− Eρat
[log ρpost − log ρat

])]

= CtEρat
[∇θ∇θ(log ρpost − log ρat

)]Ct,

where ρat
∼ N (mt, Ct), and we have used the Stein’s lemma (see Lemma E.1) in

the last steps of the derivation. Furthermore noting that Eρat
[∇ log ρat

] = 0, we
obtain

(5.9)

dmt

dt
= CtEρat

[∇θ log ρpost],

dCt

dt
= Ct + CtEρat

[∇θ∇θ log ρpost]Ct.

Remark 5.3. Eq. (5.9) is the same as the continuous limit of natural gradient descent
[1, 96, 139] for Gaussian variational inference, where the Fisher information matrix
is used to precondition the gradient descent dynamics for the optimization problem
in eq. (5.2). In fact, the Fisher information matrix is equal to M(·) in eq. (5.3)
when M(·) is chosen as the Fisher-Rao metric tensor [93].

The Gaussian approximate Fisher-Rao gradient flow (5.9) is affine invariant.

Under any invertible affine transformation θ̃ = ϕ(θ) = Aθ+b, the Gaussian density
ρat

with at = (mt, Ct) in eq. (5.9) will be transformed to another Gaussian density

ρ̃a = ϕ#ρa = ρãt
with ãt = (m̃t, C̃t) = (Am,ACAT ). Let ρ̃post = ϕ#ρpost. Then,

the dynamics of (m̃t, C̃t) remains the same form as (5.9) satisfying

(5.10)

dm̃t

dt
= C̃tEρãt

[∇θ̃ log ρ̃post],

dC̃t

dt
= C̃t + C̃tEρãt

[∇θ̃∇θ̃ log ρ̃post]C̃t.

The above equation can be derived using Lemma D.1.

5.4.2. Gaussian approximate Wasserstein gradient flow. By applying the moment
closure approach to (2.6), we get the mean and covariance evolution equations
for the Gaussian approximate Wasserstein gradient flow with θ−independent P as
follows:

dmt

dt
=

∫ [
ρat

P (ρat
)∇θ(log ρpost − log ρat

)
]
dθ = P (ρat

)Eρat
[∇θ log ρpost],

dCt

dt
=

∫
∇θ ·

[
ρat

P (ρat
)∇θ(log ρat

− log ρpost)
]
(θ −mt)(θ −mt)

Tdθ

= 2P (ρat
) + P (ρat

)Eρat
[∇θ∇θ log ρpost]Ct + CtEρat

[∇θ∇θ log ρpost]P (ρat
),

(5.11)

where ρat
∼ N (mt, Ct), and we have used integration by parts and Stein’s lemma

(see Lemma E.1), and the fact that ρ∇θ log ρ = ∇θρ and Eρat
[∇θ log ρat

] = 0 in
the above derivation.
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When we set P (ρ) ≡ I, the evolution equation becomes

(5.12)

dmt

dt
= Eρat

[
∇θ log ρpost

]
,

dCt

dt
= 2I + Eρat

[
∇θ∇θ log ρpost

]
Ct + CtEρat

[
∇θ∇θ log ρpost

]
.

This corresponds to the gradient flow under the constrained Wasserstein metric in
the Gaussian density space [72, 78, 116].

Remark 5.4. When P is the identity operator, the metric tensor M(a) defined in
eq. (5.3) has an explicit formula [12,28,80,92,124], and the corresponding Gaussian
density space is called the Bures–Wasserstein space [126].

If we set P (θ, ρ) = C(ρ), a choice that leads to affine invariant Wasserstein
gradient flows in the density space, then the resulting evolution equations for the
corresponding mean and covariance are

(5.13)

dmt

dt
= CtEρat

[
∇θ log ρpost

]
,

dCt

dt
= 2Ct + 2CtEρat

[
∇θ∇θ log ρpost

]
Ct.

Eq. (5.13) is similar to the Gaussian approximate Fisher-Rao gradient flow (5.9),
but with scaling factor 2 in the covariance evolution. This equation is also affine
invariant, akin to the Gaussian approximate Fisher-Rao gradient flow (5.9).

5.4.3. Gaussian approximate Stein gradient flow. We apply the moment closure
approach to (4.20). The mean and covariance evolution equations of the precondi-
tioned Stein gradient flow (4.23) with a θ−independent P are
(5.14)
dmt

dt
= −

∫ (
ρat

(θ)

∫
κ(θ, θ′, ρat

)ρat
(θ′)Pt∇θ′

(
log ρat

(θ′)− log ρpost(θ
′)
)
dθ′
)
dθ,

dCt

dt
=

−
∫ (

ρat
(θ)

∫
κ(θ, θ′, ρat

)ρat
(θ′)Pt∇θ′

(
log ρat

(θ′)− log ρpost(θ
′)
)
dθ′
)
(θ −mt)

T

+ (θ −mt)
(
ρat

(θ)

∫
κ(θ, θ′, ρat

)ρat
(θ′)Pt∇θ′

(
log ρat

(θ′)− log ρpost(θ
′)
)
dθ′
)T

dθ,

where ρat
∼ N (mt, Ct), Pt := P (ρat

), and we have used integration by parts in the
above derivation.

Imposing the form of the bilinear kernel mentioned in Theorem 5.2 and using the
Stein’s lemma (See Lemma E.1) and the fact that Eρat

[∇ log ρat
] = 0, we obtain

(5.15)
dmt

dt
=btPtEρat

[∇θ log ρpost],

dCt

dt
=PtAtCt + CtAtPt

+ PtEρat
[∇θ∇θ log ρpost]CtAtCt + CtAtCtEρat

[∇θ∇θ log ρpost]Pt.

Here, we used the notations that At = A(ρat
) and bt = b(ρat

).
Different choices of the preconditioner P and the bilinear kernel κ in Theo-

rem 5.2 allow us to construct various Gaussian approximate gradient flows. Setting
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P (θ, ρ) = C(ρ) and choosing the bilinear kernel with A(ρ) = 1
2C(ρ)−1 and b(ρ) = 1

lead to the Gaussian approximate Fisher-Rao gradient flow in eq. (5.9). Choos-
ing the preconditioner P (ρ) = I and the bilinear kernel with A(ρ) = C(ρ)−1 and
b(ρ) = 1 leads to the Gaussian approximate Wasserstein gradient flow in eq. (5.12).
Moreover, setting the preconditioner Pt = I and the bilinear kernel with A(ρ) = I
and b(ρ) = 1 recovers the Gaussian sampling approach introduced in [56]:

(5.16)

dmt

dt
=Eρat

[∇θ log ρpost],

dCt

dt
=2Ct + Eρat

[∇θ∇θ log ρpost]C
2
t + C2

t Eρat
[∇θ∇θ log ρpost].

We note that these dynamics are not affine invariant.
The above discussion implies that the Gaussian approximate Stein gradient flow

is quite general: with various preconditioners and bilinear kernels, it can recover
many Gaussian dynamics used in sampling.

Remark 5.5. In many sampling problems, we may evaluate ∇θ log ρpost but not
the Hessian matrix ∇θ∇θ log ρpost. Nevertheless we note that Stein’s identities, as
presented in Lemma E.1, allow one to eliminate one derivative in the aforementioned
dynamics, through

(5.17) Eρat
[∇θ∇θ log ρpost] = Eρat

[∇θ log ρpost(θ −mt)
T ]C−1

t .

5.5. Convergence analysis. In the last subsection, we obtained various Gauss-
ian approximate gradient flows, all of which can be used to obtain a Gaussian
approximation of the target distribution. Some of the Gaussian dynamics are affine
invariant and some are not. The goal of the subsection is to provide convergence
analysis of these dynamics and understand the effect of affine invariance for differ-
ent target distributions. We will consider three classes of target distribution: the
Gaussian posterior case, logconcave posterior case, and general posterior case.

5.5.1. Gaussian posterior case. We start with the Gaussian posterior case. For
such case, we are able to compute the explicit formula of the dynamics and then
establish convergence rates. We consider the Gaussian approximate Fisher-Rao and
Wasserstein gradient flows here. Additionally, for the purpose of comparison, we
also consider the standard gradient flow for Gaussian variational inference, employ-
ing the Euclidean inner-product metric in R

Na (i.e., setting M(at) = I in (5.5)).
This choice leads to the following dynamical system

(5.18)

dmt

dt
= Eρat

[
∇θ log ρpost

]
,

dCt

dt
=

1

2
C−1

t +
1

2
Eρat

[
∇θ∇θ log ρpost

]
.

In this article, we call it the vanilla Gaussian approximate gradient flow. In Theo-
rem 5.6, we provide convergence rates for the three different dynamics.

Theorem 5.6. Assume the posterior distribution is Gaussian ρpost(θ) =
N (θ,m�, C�). Denote the largest eigenvalue of C� by λ�,max. For gradient flows
with initialization C0 = λ0I, where λ0 > 0, the following hold:

(1) for the Gaussian approximate Fisher-Rao gradient flow (5.9):

‖mt −m�‖2 = O(e−t), ‖Ct − C�‖2 = O(e−t);
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(2) for the Gaussian approximate Wasserstein gradient flow (5.12):

‖mt −m�‖2 = O(e−t/λ�,max), ‖Ct − C�‖2 = O(e−2t/λ�,max);

(3) for the vanilla Gaussian approximate gradient flow (5.18):

‖mt −m�‖2 = O(e−t/λ�,max), ‖Ct − C�‖2 = O(e−t/(2λ2
�,max)),

where the implicit constants depend on m0, λ0, m�, and C�.

The proof can be found in Appendix E.5, which also provides details about the
implicit constants. In particular, it shows that the convergence is exponential in
time, with constants that depend linearly on the discrepancy between the initial
mean and the posterior mean. For the Gaussian approximate gradient flow (5.18)
and the Gaussian approximate Wasserstein gradient flow (5.12), if λ�,max is large,
their convergence rate is much slower than the Gaussian approximate Fisher-Rao
gradient flow. The affine invariance property of the Gaussian approximate Fisher-
Rao gradient flow allows it to achieve a uniform exponential rate of convergence
O(e−t) for Gaussian posteriors.

The uniform convergence rate O(e−t) has also been studied for the mean and
covariance dynamics of the Kalman-Wasserstein gradient flow (5.13) in [57, Lemma
3.2], [16, 18], which is affine invariant. As a consequence, the affine invariance
property accelerates the convergence of the flow when the target distribution is
Gaussian.

Can affine invariance also accelerate the dynamics beyond Gaussian posteriors?
To investigate this question, in the following we study the convergence property of
the Gaussian approximate Fisher-Rao gradient flow, which is affine invariant, for
logconcave posteriors and general posteriors.

5.5.2. Logconcave posterior case. We consider an α-strongly logconcave posterior
distribution: for some α > 0

−∇θ∇θ log ρpost(θ) 
 αI;

note that the Gaussian posterior is a special case. The Gaussian variational infer-
ence problem eq. (5.2) with the KL divergence admits a unique minimizer, since
under the α-strongly logconcave assumption, the KL divergence is strongly con-
vex over the space of Gaussian densities equipped with the Wasserstein metric
[78, Lemma 2]. However, unlike the Gaussian posterior case (as shown in Theo-
rem 5.6), the convergence of the Gaussian approximate Fisher-Rao gradient flow is
no longer universal, across a class of posteriors ρpost. We can nonetheless establish
Theorem 5.7 regarding lower and upper bounds on the local convergence rate of the
Gaussian approximate Fisher-Rao gradient flow ODE system (5.9). Here, the local
convergence rate refers to the exponential convergence rate when the initial condi-
tion is sufficiently close to the unique stationary point of (5.9), and is characterized
by the eigenvalues of the linearized Jacobian matrix.

Theorem 5.7. For 0 < α < β < ∞, assume the posterior distribution ρpost is
α-strongly logconcave and β-log-smooth such that

log ρpost ∈ C2(RNθ ),−∇θ∇θ log ρpost(θ) 
 αI,−∇θ∇θ log ρpost � βI.

Denote the unique minimizer of the Gaussian variational inference problem eq. (5.2)
with the KL divergence as the energy functional by ρa�

:= N (m�, C�). For Nθ = 1,
let λ�,max < 0 denote the largest eigenvalue of the linearized Jacobian matrix of the
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Gaussian approximate Fisher-Rao gradient flow (5.9) around m� and C�. Then we
have

−λ�,max ≥ 1

(7 + 4√
π
)
(
1 + log( βα )

) .(5.19)

Moreover, the bound is sharp: it is possible to construct a sequence of triplets
ρpost,n, αn and βn, where limn→∞

βn

αn
= ∞, such that, if we let λ�,max,n denote

the corresponding largest eigenvalues of the linearized Jacobian matrix for the n-th
triple, then, it holds that

−λ�,max,n = O
(
1/ log

βn

αn

)
.

The proof can be found in Appendix E.6. For the counterexample, we con-
struct ρpost,n such that −∇θ∇θρpost,n is a bump function between αn and βn with
the width of the bump gradually approaching 0. Our analysis reveals that this
construction can drive −λ�,max as small as possible.

Theorem 5.7 implies that the local convergence rate of the Gaussian approxi-
mate Fisher-Rao gradient flow is log(βα ) for logconcave posteriors. Therefore, such
affine invariant flow is still advantageous in sampling highly anisotropic logconcave
posteriors, since the dependence of the local convergence rate on the anisotropic
ratio or condition number β/α is only logarithmic.

Recently, the work [78] proved the global convergence of the Gaussian approx-
imate Wasserstein gradient flow (which is not affine invariant) when the posterior
is logconcave. We leave it as a future work to prove the global convergence rate for
the Gaussian approximate Fisher-Rao gradient flows.

5.5.3. General posterior case. In general, we can construct posteriors such that the
convergence of the Gaussian approximate Fisher Rao gradient flow to a stationary
point can be arbitrarily slow.

Theorem 5.8. For any K > 0 there exists a target ρpost such that, for the three
Gaussian approximate gradient flows eq. (5.9), eq. (5.12) and eq. (5.18), the con-

vergence rate to their stationary points can be as slow as Θ(t−
1

2K ).

The proof can be found in Appendix E.7. This demonstrates that the use of
affine invariant properties cannot achieve a universal acceleration for all posterior
distributions.

5.6. Illustrative numerical examples. In this subsection, we perform numerical
experiments comparing different Gaussian approximate gradient flows. The test
target distributions from Section 4.5 are used. We consider the three dynamical
models for mean and covariance given in eq. (5.9), eq. (5.12) and eq. (5.18). Letting
ρan

= N (mn, Cn) denote the approximated Gaussian density at time nΔt, the
Gaussian approximate Fisher-Rao gradient flow (5.9) is discretized as

(5.20)
mn+1 = mn +ΔtCnEρan

[∇θ log ρpost],

C−1
n+1 = C−1

n −Δt
(
C−1

n + Eρan
[∇θ∇θ log ρpost]

)
.

Here, we use the forward Euler scheme to discretize the dynamics of C−1 rather than
C, for which we observe better numerical stability. Following [78], the Gaussian
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approximate Wasserstein gradient flow (5.12) is discretized as

(5.21)

mn+1 = mn +ΔtEρan

[
∇θ log ρpost

]
,

Cn+1 =
(
I +Δt

(
Eρan

[∇θ∇θ log ρpost] + C−1
n

))
Cn

×
(
I +Δt

(
Eρan

[∇θ∇θ log ρpost] + C−1
n

))
.

The Gaussian approximate gradient flow (5.18) is discretized by the forward Eu-
ler scheme directly. The expectations in the evolution equations are calculated by
the unscented transform [65, 66, 71] with J = 2Nθ + 1 = 5 quadrature points. In
this implementation the Gaussian approximation has considerable speedup in com-
parison with the previously mentioned particle-based sampling approaches, where
J = 400. We use the same summary statistics as in Section 4.5 to compare the
obtained Gaussian with the true target distribution.

For the Gaussian posterior, the convergence of different gradient flows, accord-
ing to the three summary statistics, are presented in Figure 5. The imposition
of the affine invariance property makes the convergence rate independent of the
anisotropy λ and accelerates the sampling for badly scaled Gaussian (λ = 0.01).
The convergence rates of Gaussian approximate gradient flows match well with the
predictions of Theorem 5.6.

For the logconcave posterior, the convergence behaviors of different gradient
flows, according to the three summary statistics, are presented in Figure 6. On
the one hand, we observe that for two out of three summary statistics in Figure
6, the relative error reaches a plateau. This stagnation stems from the fact that
ρat

converges to the unique minimizer ρa�
, which differs from the true posterior

ρpost. On the other hand, the imposition of affine invariance accelerates sampling
in highly anisotropic settings (e.g., λ = 0.01), rendering the early convergence be-
havior largely insensitive to the anisotropy parameter λ. Notably, the performance
of the Gaussian approximate Fisher–Rao gradient flow does not deteriorate with
increasing anisotropy. This suggests that the local convergence rate established
in Theorem 5.7 for this flow may be extended to arbitrary dimensionalities, sug-
gesting the possibility of achieving a global convergence rate as well.

For the general posterior, the estimated posterior densities (3 standard devi-
ations) obtained by different Gaussian approximate gradient flows are presented
in Figure 7, and their convergence behaviors according to the three summary sta-
tistics are depicted in Figure 8. Here, the use of Gaussian approximations cannot
represent the posterior distribution well because the posterior is far from Gaussians.

In summary, along with the numerical results obtained by particle methods in
Section 4.5, we observe that affine-invariant modifications improve convergence for
both Gaussian and particle approximations. Generally, Gaussian approximation
methods are more efficient for sampling Gaussian and logconcave posterior dis-
tributions, as well as general posteriors with small λ, in terms of the number of
function evaluations. However, this efficiency comes at the expense of computing
the Hessian matrix. For general posterior distributions with λ = 1 that deviate sig-
nificantly from Gaussian distributions, Gaussian approximation may not accurately
represent the distribution (See Figure 7). In such cases, particle methods, due to
their non-parametric nature, might offer improved representations (See Figure 3),
but achieving convergence remains challenging and could require a large number of
particles, with or without affine-invariant modifications.

Licensed to Calif Inst of Tech. Prepared on Thu Sep 17 12:05:03 EDT 2026 for download from IP 131.215.250.0.

License or copyright restrictions may apply to redistribution; see https://www.ams.org/journal-terms-of-use



30 YIFAN CHEN ET AL.

Figure 5. Gaussian posterior case: Convergence of different
dynamics in terms of L2 error of E[θt], the relative Frobenius

norm error of the covariance ‖Cov[θt]−Cov[θtrue]‖F

‖Cov[θtrue]‖F
, and the error of

E[cos(ωT θt + b)]

6. Application: Darcy flow

In this section, we assess the effectiveness of the aforementioned approaches in
addressing Bayesian inverse problems, specifically focusing on a 1D Darcy flow
problem. The Darcy equation describes the pressure field p(x) in a porous medium
with a parameterized, positive permeability field a(x, θ), through the following PDE

(6.1)
−∂x

(
a(x, θ)∂xp(x)

)
= f(x), x ∈ D,

p(x) = 0, x ∈ ∂D.

Here the computational domain is D = [0, 1]. Homogeneous Dirichlet boundary
conditions are applied on ∂D, and f is the source of the fluid (see the left of
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Figure 6. Logconcave posterior case: Convergence of different
dynamics in terms of L2 error of E[θt], the relative Frobenius

norm error of the covariance ‖Cov[θt]−Cov[θtrue]‖F

‖Cov[θtrue]‖F
, and the error of

E[cos(ωT θt + b)]

Figure 9):

f(x) =

⎧⎪⎨
⎪⎩
2000 0 ≤ x ≤ 1

3

1000 1
3 < x ≤ 2

3

0 2
3 < x ≤ 1

.(6.2)

The Bayesian inverse problem considered here is to determine parameter θ of the
field a(·; θ) (see the right of Figure 9) from observations yref , which consist of point-
wise measurements of the pressure p(x) at 7 equidistant points in the domain (see
the middle of Figure 9), corrupted with observation noises η ∼ N (0, I). The field
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Figure 7. General posterior case: Density functions (3 standard
deviations) obtained by different dynamics at t = 15. Grey lines
represent the contour of the true posterior

a(x, θ) is parametrized as

(6.3) log a(x, θ) =
∑
l=1

θ(l)
√
λlψl(x),

where the basis functions and eigenvalues are defined by

(6.4) ψl(x) =
√
2 cos(πlx), λl = (π2|l|2 + τ2)−2,

and θ(l) ∼ N (0, 102) i.i.d. We note that these considerations amount to assuming
that log a(x, θ) is a mean zero Gaussian random field with covariance

(6.5) C = (−Δ+ τ2I)−2.

Here −Δ is the Laplacian operator on D subject to homogeneous Neumann bound-
ary conditions, acting on the space of spatial mean zero functions [40]. In fact, (6.3)
is the Karhunen-Loève expansion of the Gaussian random field. Here, for numerical
studies, we truncate the sum (6.3) to the first Nθ = 16 terms and we take τ = 3.

The forward problem, denoted by y = G(θ), is defined as the map from θ to p(x)
at the 7 equidistant points. Numerically, the map is implemented through solving
the Darcy eq. (6.1) by a finite difference method on a size-128 grid to obtain p(x)
at the 7 observation locations. A typical computational goal in Bayesian inverse
problems is to sample the posterior distribution

(6.6) ρpost ∝ exp(−ΦR(θ)), ΦR(θ) =
1

2

(
yref − G(θ)

)T (
yref − G(θ)

)
+

1

200
θT θ,

where we specify a Gaussian prior N (0, 102I) on θ. Note that here yref ,G(θ) ∈ R
7

and θ ∈ R
16. The evaluation of ΦR(θ) requires solving the Darcy eq. (6.1), and

the corresponding gradients and Hessians are computed automatically through the
Julia ForwardDiff library [113].

The reference, ground truth posterior distribution is obtained by using the pre-
conditioned Crank–Nicolson algorithm (pCN) [36] (which is a specific function-
space MCMC algorithm). We run pCN to obtain 2 × 108 samples (with 5 × 107

samples for the burn-in period), using step size 0.02, yielding an average accep-
tance rate of 0.51. The estimated covariance matrix is plotted in Figure 10; this
figure demonstrates that there is significant anisotropy. We run and compare all
the aforementioned gradient flow approaches. We initialize them at N (0, I) instead
of the prior; this initialization allows for larger stable time step sizes. Details of
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Figure 8. General posterior case: Convergence of different dy-
namics in terms of L2 error of E[θt], the relative Frobenius

norm error of the covariance ‖Cov[θt]−Cov[θtrue]‖F

‖Cov[θtrue]‖F
, and the error of

E[cos(ωT θt + b)]

particle based approaches, including Wasserstein GF, affine invariant Wasserstein
GF, Stein GF, and affine invariant Stein GF have been presented in Section 4.5.
The scaling constants in the definition of kernels κ in eqs. (4.26) and (4.27) are
dropped, since they only affect the time step size. We use interacting particle
systems with J = 100 particles. Details of Gaussian approximated approaches,
including Gaussian approximated Fisher-Rao GF, Gaussian approximated Wasser-
stein GF, and Gaussian approximated GF have been presented in Section 5.6. The
expectations in the evolution equations are calculated by the unscented transform
with J = 2Nθ + 1 = 33 quadrature points.
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Figure 9. From left to right: Source term f(x), reference pressure
field p(x) with 7 equidistant pointwise measurements corrupted by
observation noises η ∼ N (0, I), and reference permeability field
a(x, θ) of the Darcy flow problem

Figure 10. The estimated posterior covariance matrix through
MCMC, in the Darcy flow problem

The maximum stable time step sizes (Δt) for each method, when using either
the forward Euler or Euler-Maruyama time integration schemes, are outlined be-
low: 0.030 (Wasserstein GF), 0.030 (Affine invariant Wasserstein GF), 0.990 (Stein
GF), 0.090 (Affine Invariant Stein GF), 0.162 (Gaussian Approximated Fisher-
Rao GF), 0.002 (Gaussian Approximated GF), and 0.018 (Gaussian Approximated
Wasserstein GF). We determine these maximum stable time steps through iterative
looping, incrementally stepping by 10−3.

The convergence curves of these approaches (in terms of relative mean errors
and relative covariance errors) are presented in Figure 11. The Gaussian approx-
imate Fisher-Rao GF exhibits notably faster convergence, as a consequence of its
relatively large time step size and its affine invariance property. Affine invariant
modifications of the Wasserstein GF and Stein GF also show improved convergence
rates compared to their non-affine invariant counterparts. Both the Wasserstein
GF and affine invariant Wasserstein GF oscillate slightly due to the added noise.
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Figure 12 shows properties of the approximated posterior distributions by dif-
ferent methods, after the 5000th iteration. We compare them with the result by
MCMC and with the true parameters of the permeability field (referred to as “Ref-
erence”). Notably, the true parameters fall within the 3-σ confidence intervals
determined by MCMC consistently. We observe that most approaches can repro-
duce the posterior mean and confidence intervals computed by MCMC accurately
after 5000 iterations, except for the Gaussian approximate GF and Stein GF which
exhibit very slow convergence.

Figure 11. The relative mean errors and relative covariance er-
rors of θ obtained by various gradient flow approaches, in the Darcy
flow problem. The observed error stagnation arises from (i) finite
particle size effects for particle methods, and (ii) approximation
errors inherent to Gaussian methods.

Figure 12. The estimated parameters θ(i) (conditional mean) and
the associated 3-σ confidence intervals (dashed lines) obtained by
various gradient flow approaches and MCMC, in the Darcy flow
problem
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These experiments demonstrate the potential of gradient flow approaches, de-
signed using the KL energy functional with various metrics, numerically realized by
either particle or Gaussian approximations, for efficiently solving inverse problems
in scientific computing with a reasonable level of accuracy (often around 10% error
in the examples shown in this paper). Particularly noteworthy is the efficient and
robust performance of gradient flows equipped with affine invariance, such as the
Gaussian approximate Fisher-Rao gradient flow, an observation that aligns closely
with our theoretical expectations.

For inverse problems in higher dimensions and in many natural science and
engineering applications, computing derivatives of the forward map is costly and
may not even be feasible [66]. In such scenario, one can further apply derivative-free
approximations to the Gaussian approximate and particle-approximate gradient
flows. Specifically for Fisher-Rao gradient flows, the resulting algorithms connect
to ensemble Kalman filters and unscented Kalman filters. In fact, the Kalman
inversion algorithm in [65] can be interpreted as a derivative-free approximation
of Fisher-Rao gradient flows, which are shown to be efficient in several large-scale
applications. Moreover, when the effective dimension is low, this structure may be
incorporated into the gradient flow design, following approaches in [35,129,138] to
further accelerate sampling.

7. Conclusions

In this work, we have studied the design ingredients of continuous-time gradient
flows for sampling distributions with unknown normalization constants, focusing
on the energy functional and the metric tensor. Regarding the energy functional,
we show that the KL divergence has the unique property (among all f -divergences)
that gradient flows resulting from this energy functional do not depend on the
normalization constant of the target distribution. This makes the KL divergence
advantageous in terms of numerical implementations. Regarding the metric tensor,
we highlight the importance of invariance properties and, in particular, their in-
fluence on the convergence rates of the gradient flow. The unique diffeomorphism
invariance property of the Fisher-Rao gradient flow allows it to achieve a uniform
exponential convergence rate under general conditions; however the particle im-
plementation of the Fisher-Rao gradient flow is highly non-trivial. We introduce a
relaxed, affine invariance property for the gradient flows; in particular, we construct
various affine invariant Wasserstein and Stein gradient flows. These affine invari-
ant gradient flows are more convenient to approximate numerically via particle
methods than the diffeomorphism invariant Fisher-Rao gradient flow, and they be-
have more favorably compared to their non-affine-invariant versions when sampling
highly anisotropic distributions.

In addition, we study Gaussian approximations of the flow that lead to effi-
cient implementable algorithms as alternatives to particle methods. In particular,
Gaussian approximations can be readily applied for the diffeomorphism invariant
Fisher-Rao gradient flow. Our theory and numerical experiments demonstrate the
strengths and potential limitations of the Gaussian approximate Fisher-Rao gradi-
ent flow, which is affine invariant, for a wide range of target distributions.

Licensed to Calif Inst of Tech. Prepared on Thu Sep 17 12:05:03 EDT 2026 for download from IP 131.215.250.0.

License or copyright restrictions may apply to redistribution; see https://www.ams.org/journal-terms-of-use



SAMPLING VIA GRADIENT FLOWS 37

Our study shows that for general posterior distributions beyond the Gaussian
and logconcave class, the consideration of affine invariance and Gaussian approx-
imation may not be enough for designing an accurate and efficient sampler. Ex-
amples include posteriors that concentrate on manifolds with significant curvatures
such as the Rosenbrock function and also multi-modal posteriors. In our future
work, we will explore more sophisticated approximations such as Gaussian mix-
tures [24,27,41,42,81] and other invariance properties to design samplers for these
challenging scenarios. Furthermore, it is possible to incorporate a Metropolization
step into interacting particle systems [122] to mitigate finite-particle error, which
offers another promising avenue for improving sampling accuracy.

Data and code availability. All codes used to produce the numerical results
and figures in this paper are available at https://github.com/PKU-CMEGroup/

InverseProblems.jl/tree/master/Gradient-Flow.

Appendix A. Unique property of the KL divergence energy

A.1. Proof of Theorem 3.1.

Proof. We first note that the KL divergence satisfies the desired property: for any
c ∈ (0,∞) and ρpost ∈ P it holds that

KL[ρ‖cρpost]−KL[ρ‖ρpost] = − log c.

Now we establish uniqueness. For any f−divergence with property that
Df [ρ‖cρpost]−Df [ρ‖ρpost] is independent of ρ, we have
(A.1)

lim
t→0

(Df [ρ+ tσ‖cρpost]−Df [ρ+ tσ‖ρpost])− (Df [ρ‖cρpost]−Df [ρ‖ρpost])
t

= 0,

for any bounded, smooth function σ supported in Bd(0, R) that integrates to zero.
Here R > 0 is a finite parameter that we will choose later, and d = Nθ is the
dimension of θ. In the above formula we have used the fact that for sufficiently
small t, one has ρ + tσ ∈ P since R is finite, so the formula is well-defined. Using
the identity

lim
t→0

Df [ρ+ tσ‖ρpost]−Df [ρ‖ρpost]
t

=

∫
f ′(

ρ

ρpost
)σdθ,

we can rewrite eq. (A.1) as

(A.2)

∫
Bd(0,R)

(
f ′(

ρ

cρpost
)− f ′(

ρ

ρpost
)

)
σdθ = 0.

Since σ is arbitrary, f ′( ρ
cρpost

)− f ′( ρ
ρpost

) must be a constant function in Bd(0, R).

Because ρ and ρpost integrate to 1 and they are continuous, there exists θ† such
that ρ(θ†)/ρpost(θ

†) = 1. Choose R sufficiently large such that θ† ∈ Bd(0, R).
Then, we obtain
(A.3)

f ′
( ρ(θ)

ρpost(θ)

)
− f ′

( ρ(θ)

cρpost(θ)

)
= f ′

( ρ(θ†)

ρpost(θ†)

)
− f ′

( ρ(θ†)

cρpost(θ†)

)
= f ′(1)− f ′(1/c),
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for any θ ∈ Bd(0, R). As R can be arbitrarily large, the above identity holds for all
θ ∈ R

d. Let g(1/c) := f ′(1)− f ′(1/c). We have obtained

(A.4) f ′
( ρ(θ)

ρpost(θ)

)
− f ′

( ρ(θ)

cρpost(θ)

)
= g(1/c),

where c is an arbitrary positive number. Note, furthermore, that g(·) is continuous
since f is continuously differentiable. Since ρ and ρpost are arbitrary, we can write
(A.4) equivalently as

(A.5) f ′(y)− f ′(cy) = g(c),

for any y, c ∈ R+. Let h : R → R such that h(z) = f ′(exp(z)). Then, we can
equivalently formulate (A.5) as

(A.6) h(z1)− h(z2) = r(z1 − z2),

for any z1, z2 ∈ R and r : R → R such that r(t) = g(exp(−t)).
We can show r is linear function. Setting z1 = z2 in (A.6) shows that r(0) = 0.

Note also that, again by (A.6),

r(z1 − z2) + r(z2 − z3) = h(z1)− h(z3) = r(z1 − z3).

Hence, since z1, z2 and z3 are arbitrary, we deduce that for any x, y ∈ R, it holds
that

(A.7) r(x) + r(y) = r(x+ y).

Furthermore r is continuous since f is assumed continuously differentiable. With
the above conditions, it is a standard result in functional equations that r(x) is
linear. Indeed, as a sketch of proof, by (A.7) we can first deduce r(n) = nr(1) for
n ∈ Z. Then, by setting x, y to be dyadic rationals, we can deduce r( i

2k
) = i

2k
r(1)

for any i, k ∈ Z. Finally using the continuity of the function r, we get r(x) = xr(1)
for any x ∈ R. For more details see [54].

Using the fact that r is linear and eq. (A.6), we know that h is an affine function
and thus f ′(exp(z)) = az + b for some a, b ∈ R. Equivalently, f ′(y) = a log(y) + b.
Using the condition f(1) = 0, we get f(y) = ay log(y) + (b − a)(y − 1). Plugging
this f into the formula for Df , we get

Df [ρ||ρpost] = aKL[ρ||ρpost],
noting that the affine term in f(y) has zero contributions in the formula for Df .
The proof is complete. �

Appendix B. Proof for the convergence of Fisher-Rao gradient

flows

B.1. Proof of Theorem 4.1.

Proof. The Fisher-Rao gradient flow of the KL divergence eq. (4.2) can be solved
analytically using the variation of constants formula as follows. First note that

∂ log ρt(θ)

∂t
= log ρpost(θ)− log ρt(θ)− Eρt

[log ρpost(θ)− log ρt(θ)],

so that

∂et log ρt(θ)

∂t
= et log ρpost(θ)− etEρt

[log ρpost(θ)− log ρt(θ)].
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Thus

log ρt(θ)=(1−e−t) log ρpost(θ)+e−t log ρ0(θ)−
∫ t

0

eτ−t
Eρτ

[log ρpost(θ)−log ρτ (θ)]dτ.

It follows that

(B.1) ρt(θ) =
1

Zt
ρ0(θ)

e−t

ρpost(θ)
1−e−t

,
ρt(θ)

ρpost(θ)
=

1

Zt

(
ρ0(θ)

ρpost(θ)

)e−t

,

where Zt is a normalization constant. Indeed, we have the formula

Zt =

∫ (
ρ0(θ)

ρpost(θ)

)e−t

ρpost(θ)dθ

by using the condition
∫
ρt(θ)dθ = 1.

In the following, we first obtain the following lower bound on Zt:

Zt ≥ e−Ke−t(1+B),(B.2)

where the constants K,B are from eq. (4.5) and eq. (4.6). In fact, using our
assumptions eq. (4.5) and eq. (4.6), we have

Zt =

∫ (
ρ0(θ)

ρpost(θ)

)e−t

ρpost(θ)dθ ≥
∫ (

e−K(1+|θ|2)
)e−t

ρpost(θ)dθ

=

∫
e−Ke−t(1+|θ|2)ρpost(θ)dθ ≥ e

∫
−Ke−t(1+|θ|2)ρpost(θ)dθ ≥ e−Ke−t(1+B),

where in the second to last inequalities, we used Jensen’s inequality and the fact
that ex is convex.

By plugging eq. (4.6) and eq. (B.2) into eq. (B.1), we get

ρt(θ)

ρpost(θ)
=

1

Zt

(
ρ0(θ)

ρpost(θ)

)e−t

≤ eKe−t(1+B)eKe−t(1+|θ|2) = eKe−t(2+B+|θ|2).(B.3)

Using eq. (B.3), we get the following upper bound on the KL divergence:

KL
[
ρt

∥∥∥ρpost]
=

∫
ρt(θ) log

ρt(θ)

ρpost(θ)
dθ ≤

∫
ρt(θ) log(e

Ke−t(2+B+|θ|2))dθ

=

∫
ρt(θ)Ke−t(2 +B + |θ|2)dθ = Ke−t

(
(2 +B) +

∫
|θ|2ρt(θ)dθ

)
.

(B.4)

For the last integral in eq. (B.4), using eq. (B.1) and the Hölder inequality, we can
rewrite it as

1

Zt

∫
|θ|2ρ0(θ)e

−t

ρpost(θ)
1−e−t

dθ =
1

Zt

∫
(|θ|2ρ0(θ))e

−t

(|θ|2ρpost(θ))1−e−t

dθ

≤ 1

Zt

(∫
|θ|2ρ0(θ)dθ

)e−t (∫
(|θ|2ρpost(θ))dθ

)1−e−t

≤ BeKe−t(1+B),

(B.5)

where for the last inequality we used eq. (B.2) and our assumption eq. (4.6).
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Combining eq. (B.4) and eq. (B.5) together, for t ≥ log((1 +B)K), we have

KL
[
ρt

∥∥∥ρpost] ≤ Ke−t(2 +B +BeKe−t(1+B)) ≤ (2 +B + eB)Ke−t.(B.6)

This completes the proof of Theorem 4.1. �

Appendix C. Intuitions regarding the definitions of various metric

tensors

C.1. The Fisher-Rao Riemannian metric. Writing tangent vectors on a mul-
tiplicative scale, by setting σ = ρψσ, we see that this metric may be written as
gFRρ (σ1, σ2) =

∫
ψσ1

ψσ2
ρdθ, and hence that in the ψσ variable the metric is de-

scribed via the L2
ρ inner-product. That is, the Fisher-Rao Riemannian metric

measures the multiplicative factor via the L2
ρ energy. In Appendix C.2, we will

see that another important metric, the Wasserstein Riemannian metric, may also
be understood as an L2

ρ measurement, but of the velocity field instead.

C.2. The Wasserstein Riemannian metric. The Wasserstein metric [70, 88,
105] has been widely used to construct gradient flows. Define ψσ to be the solution
of the PDE

(C.1) −∇θ · (ρ∇θψσ) = σ.

This definition requires specification of function spaces to ensure unique invertibility
of the divergence form elliptic operator; here we use it formally to derive flow
equations. The Wasserstein Riemannian metric has the form

(C.2) gWρ (σ1, σ2) =

∫
ρ(θ)∇θψσ1

(θ)T∇θψσ2
(θ)dθ

which defines the Wasserstein Riemannian metric tensor in (4.14).
The Wasserstein Riemannian metric has a transport interpretation. To under-

stand this fix σ ∈ TρP and consider the family of velocity fields v related to σ via
the constraint σ = −∇θ · (ρv). Then define vσ = argminv

∫
ρ|v|2 in which the

minimization is over all v satisfying the constraint. A formal Lagrange multiplier
argument can be used to deduce that vσ = ∇θψσ for some ψσ. This motivates
the relationship appearing in eq. (C.1) as well as the form of the Wasserstein Rie-
mannian metric appearing in eq. (C.2) which may then be viewed as measuring
the kinetic energy

∫
ρ|vσ|2dθ. We emphasize that, for ease of understanding, our

discussion on the Riemannian structure of the Wasserstein metric is purely formal;
for rigorous treatments, the reader can consult [3].

C.3. The Stein Riemannian metric. The Stein gradient flow [48, 83, 89] is the
continuous limit of the Stein variational gradient descent [84]. Let ψσ solve the
integro-partial differential equation

(C.3) −∇θ ·
(
ρ(θ)

∫
κ(θ, θ′, ρ)ρ(θ′)∇θ′ψσ(θ

′)dθ′
)
= σ(θ).

Here κ : RNθ × R
Nθ × P → R is a positive definite kernel for any fixed ρ. As

before suitable function spaces need to be specified to ensure that this equation is
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uniquely solvable; here we will treat it formally to derive flow equations. The Stein
Riemannian metric is

(C.4) gSρ(σ1, σ2) =

∫ ∫
κ(θ, θ′, ρ)ρ(θ)∇θψσ1

(θ)T∇θ′ψσ2
(θ′)ρ(θ′)dθdθ′.

which defines the Stein Riemannian metric tensor in (4.19).
As in the Wasserstein setting, the Stein Riemannian metric [83] also has a trans-

port interpretation. The Stein Riemannian metric identifies, for each σ ∈ TρP,
the set of velocity fields v satisfying the constraint σ = −∇θ · (ρv). Then vσ =
argminv ‖v‖2Hκ

, with minimization over all v satisfying the constraint, and where
Hκ is a Reproducing Kernel Hilbert Space (RKHS) with kernel κ. A formal La-
grangian multiplier argument shows that

vσ =

∫
κ(θ, θ′, ρ)ρ(θ′)∇θ′ψσ(θ

′)dθ′

for some ψσ. The Stein metric measures this transport change via the RKHS norm
‖vσ‖2Hκ

, leading to the interpretation that the Stein Riemannian metric can be
written in the form

gSρ(σ1, σ2) = 〈vσ1
, vσ2

〉Hκ
.

Appendix D. Proofs for affine invariance of gradient flows

D.1. Preliminaries. In this section, we present a lemma concerning the change-
of-variable formula under the gradient and divergence operators, which is useful for
our proofs in later subsections.

Lemma D.1. Consider any invertible affine mapping from θ ∈ R
Nθ to θ̃ ∈ R

Nθ

defined by θ̃ = ϕ(θ) = Aθ + b. For any differentiable scalar field f : RNθ → R and
vector field g : RNθ → R

Nθ , we have

∇θf(θ) = AT∇θ̃ f̃(θ̃) and ∇θ · g(θ) = ∇θ̃ · (Ag̃(θ̃)),

where f̃(θ̃) := f(A−1(θ̃ − b)) and g̃(θ̃) := g(A−1(θ̃ − b)).

Proof. Note that f̃(θ̃) = f(θ) and g̃(θ̃) = g(θ). By direct calculations, we get

[∇θf(θ)]i =
∂f(θ)

∂θi
=
∑
j

∂f(θ)

∂θ̃j

∂θ̃j
∂θi

=
∑
j

∂f̃(θ̃)

∂θ̃j
Aji = [AT∇θ̃ f̃(θ̃)]i,

∇θ · g(θ) =
∑
i

∂gi(θ)

∂θi
=
∑
i

∑
j

∂gi(θ)

∂θ̃j

∂θ̃j
∂θi

=
∑
i

∑
j

∂g̃i(θ̃)

∂θ̃j
Aji = ∇θ̃ · (Ag̃(θ̃)).

This completes the proof. �

Remark D.2. Since f̃(θ̃) = f(θ) and g̃(θ̃) = g(θ), we can also summarize the result
in Lemma D.1 as ∇θf = AT∇θ̃f and ∇θ · g = ∇θ̃ · (Ag).

D.2. Proof of Theorem 4.6.

Proof. We write down the form of the affine invariant Wasserstein gradient flow as
follows:

∂ρt(θ)

∂t
= ∇θ ·

(
ρtP (θ, ρt)(∇θ log ρt −∇θ log ρpost)

)
.(D.1)
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Consider θ̃ = ϕ(θ) = Aθ + b and ρ̃t = ϕ#ρt for an invertible affine transformation

ϕ. Then, it suffices to show that under the assumption P (θ̃, ρ̃) = AP (θ, ρ)AT , one
has

∂ρ̃t(θ̃)

∂t
= ∇θ̃ ·

(
ρ̃tP (θ̃, ρ̃t)(∇θ̃ log ρ̃t −∇θ̃ log ρ̃post)

)
.(D.2)

First, for the left hand side, by definition, we have

(D.3) ρ̃t(θ̃) = ρt(ϕ
−1(θ̃))|∇θ̃ϕ

−1(θ̃)| = ρt(θ)|A−1|.
For the right hand side, the chain rule leads to that

(D.4) ∇θ̃ log ρ̃t = A−T∇θ log ρt ∇θ̃ log ρ̃post = A−T∇θ log ρpost.

Therefore, we can write the right hand side of eq. (D.2) as

(D.5)

∇θ̃ ·
(
ρ̃tP (θ̃, ρ̃t)(∇θ̃ log ρ̃t −∇θ̃ log ρ̃post)

)
=∇θ̃ ·

(
ρ̃tP (θ̃, ρ̃t)A

−T (∇θ log ρt −∇θ log ρpost)
)

=∇θ ·
(
ρ̃tA

−1P (θ̃, ρ̃t)A
−T (∇θ log ρt −∇θ log ρpost)

)
=∇θ ·

(
ρtA

−1P (θ̃, ρ̃t)A
−T (∇θ log ρt −∇θ log ρpost)

)
· |A−1|,

where in the second equality, we used eq. (D.4), and in the third equality, we
used Lemma D.1. Based on eq. (D.3), eq. (D.5) and eq. (D.1), a sufficient condi-

tion for eq. (D.2) to hold is A−1P (θ̃, ρ̃)A−T = P (θ, ρ), or equivalently, P (θ̃, ρ̃) =
AP (θ, ρ)AT . This completes the proof. �

D.3. Proof for the Fokker-Planck equation. By definition, the Fokker-Planck
equation associated with (4.17) follows

∂ρt(θ)

∂t
= −∇θ ·

(
ρtbt

)
+∇θ ·

(
∇θ · (Dρt)

)
,(D.6)

where

bt = P (θ, ρt)∇θ log ρpost +
((

D(θ, ρt)− P (θ, ρt)
)
∇θ log ρt(θ) + d(θ, ρt)

)
,

D =
1

2
h(θ, ρt)h(θ, ρt)

T .

Note that in the above, we use the notation where for a matrix-valued function
A(θ) ∈ R

Nθ×Nθ , the divergence v = ∇ · A ∈ R
Nθ is defined such that for each

component vi =
∑Nθ

j=1 ∂jAij , where 1 ≤ i ≤ Nθ.
Using the definitions of bt, D and d = ∇θ ·D, we have

−∇θ ·
(
ρtbt

)
=∇θ ·

(
ρtP (θ, ρt)

(
∇θ log ρt −∇θ log ρpost

))
−∇θ ·

(
ρtD(θ, ρt)∇θ log ρt(θ) + ρtd(θ, ρt)

)
,

∇θ ·
(
∇θ ·

(
Dρt

))
=∇θ ·

(
∇θ ·D(θ, ρt)ρt +D(θ, ρt)∇θρt

)
=∇θ ·

(
∇θ ·D(θ, ρt)ρt +D(θ, ρt)ρt∇θ log ρt

)
=∇θ ·

(
d(θ, ρt)ρt +D(θ, ρt)ρt∇θ log ρt

)
.

(D.7)

Bringing eq. (D.7) into eq. (D.6) leads to (4.16).
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D.4. Proof of Theorem 4.7.

Proof. Consider the invertible affine transformation θ̃ = ϕ(θ) = Aθ + b and corre-
spondingly ρ̃ = ϕ#ρ and ρ̃post = ϕ#ρpost. We aim to verify that the mean-field
equation is affine invariant according to Definition 4.3, where

f(θ, ρ, ρpost) = P (θ, ρ)∇θ log ρpost(θ) + (D(θ, ρ)− P (θ, ρ))∇θ log ρ(θ) + d(θ, ρ).

Using eq. (4.11b), we get

D(θ̃, ρ̃) =
1

2
h(θ̃, ρ̃)h(θ̃, ρ̃)T =

1

2
Ah(θ, ρ)h(θ, ρ)TAT = AD(θ, ρ)AT .

Similarly, it holds that d(θ̃, ρ̃) = Ad(θ, ρ). Based on these relations, we can calculate
as follows:
(D.8)
Af(θ, ρ, ρpost)

= AP (θ, ρ)∇θ log ρpost(θ) +A(D(θ, ρ)− P (θ, ρ))∇θ log ρ(θ) +Ad(θ, ρ)

= AP (θ, ρ)AT∇θ̃ log ρ̃post(θ̃) +
(
AD(θ, ρ)−AP (θ, ρ)

)
AT∇θ̃ log ρ̃(θ̃) +Ad(θ, ρ)

= P (θ̃, ρ̃)∇θ̃ log ρ̃post(θ̃) +
(
D(θ̃, ρ̃)− P (θ̃, ρ̃)

)
∇θ̃ log ρ̃(θ̃) + d(θ̃, ρ̃)

= f(θ̃, ρ̃, ρ̃post).

The first equality is by definition. In the second equality, we used AT∇θ̃ log ρ̃(θ̃) =
∇θ log ρ(θ). In the third equality, we used the condition in Theorem 4.6. With this
result, the mean-field equation is affine invariant and the proof is complete. �

D.5. Proof of Theorem 4.10.

Proof. The proof is similar to that in Appendix D.2. The affine invariant Stein
gradient flow has the form
(D.9)
∂ρt(θ)

∂t
=∇θ ·

[
ρt(θ)

∫
κ(θ, θ′, ρt)ρt(θ

′)P (θ, θ′, ρt)∇θ′
(
log ρt(θ

′)− log ρpost(θ
′)
)
dθ′
]
.

Consider θ̃ = ϕ(θ) = Aθ + b and ρ̃t = ϕ#ρt for an invertible affine transformation
ϕ. Then, it suffices to show that under the assumed condition, one has
(D.10)

∂ρ̃t(θ̃)

∂t
=∇θ̃ ·

[
ρ̃t(θ̃)

∫
κ(θ̃, θ̃′, ρ̃t)ρ̃t(θ̃

′)P (θ̃, θ̃′, ρ̃t)∇θ̃′

(
log ρ̃t(θ̃

′)− log ρ̃post(θ̃
′)
)
dθ̃′
]
.

For the right hand side of eq. (D.10), we have
(D.11)

∇θ̃ ·
[
ρ̃t(θ̃)

∫
κ(θ̃, θ̃′, ρ̃t)ρ̃t(θ̃

′)P (θ̃, θ̃′, ρ̃t)∇θ̃′
(
log ρ̃t(θ̃

′)− log ρ̃post(θ̃
′)

)
dθ̃′

]

=∇θ̃ ·
[
ρ̃t(θ̃)

∫
κ(θ̃, θ̃′, ρ̃t)ρ̃t(θ̃

′)P (θ̃, θ̃′, ρ̃t)A
−T∇θ′

(
log ρt(θ

′)− log ρpost(θ
′)

)
dθ̃′

]

=∇θ̃ ·
[
ρ̃t(θ̃)

∫
κ(θ̃, ϕ(θ′), ρ̃t)ρt(θ

′)P (θ̃, ϕ(θ′), ρ̃t)A
−T∇θ′

(
log ρt(θ

′)− log ρpost(θ
′)

)
dθ′

]

=∇θ ·
[
ρ̃t(θ̃)

∫
κ(θ̃, ϕ(θ′), ρ̃t)ρt(θ

′)A−1P (θ̃, ϕ(θ′), ρ̃t)A
−T∇θ′

(
log ρt(θ

′)− log ρpost(θ
′)

)
dθ′

]

=(∇θ · f) · |A−1|,

f = ρt(θ)

∫
κ(θ̃, ϕ(θ′), ρ̃t)ρt(θ

′)A−1P (θ̃, ϕ(θ′), ρ̃t)A
−T∇θ′

(
log ρt(θ

′)− log ρpost(θ
′)

)
dθ′,
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where in the first equality, we used eq. (D.4); in the second equality, we changed

coordinates in the integral θ̃′ = ϕ(θ′); in the third equality, we used Lemma D.1
about g, and in the last equality, we used eq. (D.3).

By eq. (D.3), eq. (D.11) and eq. (D.9), a sufficient condition for eq. (D.10) to
hold is

κ(θ̃, ϕ(θ′), ρ̃)A−1P (θ̃, ϕ(θ′), ρ̃)A−T = κ(θ, θ′, ρ)P (θ, θ′, ρ),

or equivalently,

κ(θ̃, θ̃′, ρ̃)P (θ̃, θ̃′, ρ̃) = κ(θ, θ′, ρ)AP (θ, θ′, ρ)AT ,

where θ̃′ = ϕ(θ′). This completes the proof. �

D.6. Proof of Theorem 4.11.

Proof. Consider the invertible affine transformation θ̃ = ϕ(θ) = Aθ + b and corre-
spondingly ρ̃ = ϕ#ρ, ρ̃post = ϕ#ρpost. By direct calculations, we get

(D.12)

Af(θ, ρ, ρpost)

=

∫
κ(θ, θ′, ρ)AP (θ, θ′, ρ)∇θ′

(
log ρ(θ′)− log ρpost(θ

′)
)
ρ(θ′)dθ′

=

∫
κ(θ, θ′, ρ)AP (θ, θ′, ρ)AT

(
∇θ̃ log ρ̃post(θ̃

′)−∇θ̃ log ρ̃(θ̃
′)
)
ρ(θ′)dθ′

=

∫
κ(θ̃, θ̃′, ρ̃)P (θ̃, θ̃′, ρ̃)

(
∇θ̃ log ρ̃post(θ̃

′)−∇θ̃ log ρ̃(θ̃
′)
)
ρ̃(θ̃′)dθ̃′

= f(θ̃, ρ̃, ρ̃post).

The first equality is by definition. In the second equality, we used AT∇θ̃ log ρ̃(θ̃) =

∇θ log ρ(θ). In the third equality, we used the relation ρ(θ′) = ρ̃(θ̃′)|A| due to

eq. (D.3), and dθ̃′ = |A|dθ′; we also used the condition in Theorem 4.10. With
this result, the mean-field equation is affine invariant (Definition 4.3). The proof is
complete. �

Appendix E. Proofs for Gaussian approximate gradient flows

E.1. Preliminaries. We start with the following Stein’s identities concerning the
Gaussian density function ρa.

Lemma E.1. Assume θ ∼ N (m,C) with density ρa(θ) = ρa(θ;m,C), we have

∇mρa(θ) = −∇θρa(θ) and ∇Cρa(θ) =
1

2
∇θ∇θρa(θ).(E.1)

Furthermore, for any scalar field f : RNθ → R and vector field g : RNθ → R
Nθ , we

have
(E.2)
Eρa

[∇θg(θ)] = ∇mEρa
[g(θ)] = Cov[g(θ), θ]C−1,

Eρa
[∇θ∇θf(θ)] = Cov[∇θf(θ), θ]C

−1 = −C−1
Eρa

[(
C − (θ −m)(θ −m)T

)
f
]
C−1.
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Proof. For Gaussian density function ρa, we have

∇mρa(θ) = ∇m
1√
|2πC|

exp
{
−1

2
(θ −m)C−1(θ −m)

}
= C−1(θ −m)ρa(θ) = −∇θρa(θ),

∇Cρa(θ) = ρa(θ)
(
−1

2

∂ log |C|
∂C

− 1

2

∂(θ −m)TC−1(θ −m)

∂C

)
= −1

2
ρa(θ)

(
C−1 − C−1(θ −m)(θ −m)TC−1

)
=

1

2
∇θ∇θρa(θ).

For any scalar field f(θ) and vector field g(θ), we have
(E.3)

Eρa
[∇θg(θ)] =

∫
∇θg(θ)ρa(θ)dθ = −

∫
g(θ)∇θρa(θ)

Tdθ = ∇mEρa
[g(θ)]

=

∫
g(θ)(θ −m)TC−1ρa(θ)dθ = Cov[g(θ), θ]C−1,

Eρa
[∇θ∇θf(θ)] =

∫
∇θ∇θf(θ)ρa(θ)dθ = −

∫
∇θf(θ)∇θρa(θ)

Tdθ

=

∫
∇θf(θ)(θ −m)TC−1ρa(θ)dθ = Cov[∇θf(θ), θ]C

−1

=

∫
f(θ)∇θ∇θρa(θ)dθ

= −C−1
Eρa

[(
C − (θ −m)(θ −m)T

)
f
]
C−1.

�

Lemma E.2 is proved in [77, Theorem 1]:

Lemma E.2. Consider the KL divergence

KL
[
ρa

∥∥∥ρpost] = −1

2
log
∣∣C∣∣− ∫ ρa(θ) log ρpost(θ)dθ + const.

For a fixed ρpost, any minimizer of this divergence over the space PG, denoted by
ρa�

(θ) = N (θ,m�, C�) with a� = (m�, C�), satisfies

Eρa�

[
∇θ log ρpost(θ)

]
= 0 and C−1

� = −Eρa�

[
∇θ∇θ log ρpost(θ)

]
.

E.2. Equivalence of two Gaussian approximation approaches in Section 5.1.
Here we prove Theorem 5.1 and Theorem 5.2, which identifies specific gradient
flows, within the paper, that satisfy the assumptions required for application of
Theorem 5.1.

Proof of Theorem 5.1. Any element in the tangent space of the Gaussian density
space PG, Tρa

PG is given in the form ∇aρa · σ, where σ ∈ R
Na .

The density evolution equation of eq. (5.5) is

(E.4)
∂ρat

∂t
= −∇aρat

·M(at)
−1 ∂E(ρa; ρpost)

∂a

∣∣∣∣
a=at

,

where ρat
= N (mt, Ct). We will prove that its evolution equations of mt and Ct

are eq. (5.6).
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Using assumption (eq. (5.8)), we know that for any f(θ) ∈ span{θi, θiθj , 1 ≤
i, j ≤ Nθ}, there exists a σ ∈ R

Na , such that

f(θ) = M(ρa)∇aρa · σ.

Then we have〈
M(ρa)

−1 δE(ρ)
δρ

∣∣∣∣
ρ=ρa

, f(θ)
〉
=
〈
M(ρa)

−1 δE(ρ)
δρ

∣∣∣∣
ρ=ρa

,M(ρa)∇aρa · σ
〉

=
〈 δE(ρ)

δρ

∣∣∣∣
ρ=ρa

,∇aρa · σ
〉(E.5)

and 〈
∇aρa ·M(a)−1 ∂E(ρa; ρpost)

∂a
, f(θ)

〉
=
〈
∇aρa ·M(a)−1 ∂E(ρa; ρpost)

∂a
,M(ρa)∇aρa · σ

〉
=
〈
M(ρa)∇aρa ·M(a)−1 ∂E(ρa; ρpost)

∂a
,∇aρa · σ

〉
=
〈 ∂E(ρa; ρpost)

∂a
, σ
〉

=
〈 δE(ρ)

δρ

∣∣∣∣
ρ=ρa

,∇aρa · σ
〉
.

(E.6)

Here we used the definition of M(a) in eq. (5.4) for the third equality. Combining
eq. (E.5) and eq. (E.6), we have that the mean and covariance evolution equations
of eq. (E.4) are eq. (5.7). �

Proof of Theorem 5.2. Using the calculation in the proof of Lemma E.1, the tangent
space of the Gaussian density manifold at ρa with a = (m,C) is

(E.7)
Tρa

PG = span
{
ρa[C

−1(θ −m)]i, ρa[C
−1(θ −m)(θ −m)TC−1 − C−1]ij

}
= span

{
ρa(θi − Eρa

[θi]), ρa(θiθj − Eρa
[θiθj ])

}
,

and 1 ≤ i, j ≤ Nθ.
For the Fisher-Rao metric, we have

(E.8)
MFR(ρa)

−1 span
{
θi, θiθj

}
= span

{
ρa(θi − Eρa

[θi]), ρa(θiθj − Eρa
[θiθj ])

}
= Tρa

PG.

For the affine invariant Wasserstein metric with preconditioner P independent
of θ, we have
(E.9)

MAIW(ρa)
−1 span

{
θi, θiθj

}
= span

{
∇θ · (ρa(θ)P (ρa)ei), ∇θ · (ρa(θ)P (ρa)eiθj)

}
= span

{
∇θ · (ρa(θ)(b′ +A′θ)) ∀b′ ∈ R

Nθ A′ ∈ R
Nθ×Nθ

}
= span

{
ρa(θ)[tr(A

′)− (θ −m)TC−1(b′ +A′θ)] ∀b′ ∈ R
Nθ A′ ∈ R

Nθ×Nθ
}

= Tρa
PG.

Here ei is the i-th unit vector.
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For the affine invariant Stein metric with preconditioner P independent of θ
and with a bilinear kernel κ(θ, θ′, ρ) = (θ − m)TA(ρ)(θ′ − m) + b(ρ) (b �= 0, A
non-singular), we have
(E.10)
MAIS(ρa)

−1 span
{
θi, θiθj

}
= span

{
∇θ ·

(
ρa(θ)P (ρa)

∫
κρa(θ

′)eidθ
′
)
,∇θ ·

(
ρa(θ)P (ρa)

∫
κρa(θ

′)eiθ
′
jdθ

′
)}

= span
{
∇θ ·

(
ρa(θ)P (ρa)bei

)
,∇θ ·

(
ρa(θ)P (ρa)[(θ −m)TAejcjjei + beimj ]

)}
= span

{
∇θ · (ρa(θ)(b′ +A′θ)) ∀b′ ∈ R

Nθ A′ ∈ R
Nθ×Nθ

}
= Tρa

PG.

�

E.3. Analytical solutions for the Gaussian approximate Fisher-Rao gra-
dient flow. The analytical solution for the Gaussian approximate Fisher-Rao gra-
dient flow (5.9) to sample Gaussian distribution is in Lemma E.3:

Lemma E.3. Assume the posterior distribution is Gaussian ρpost(θ) ∼ N (m�, C�).
Then the Gaussian approximate Fisher-Rao gradient flow (5.9) has the analytical
solution

mt = m� + e−t
(
(1− e−t)C−1

� + e−tC−1
0

)−1

C−1
0

(
m0 −m�

)
,(E.11a)

C−1
t = C−1

� + e−t
(
C−1

0 − C−1
�

)
.(E.11b)

The proof is in Appendix E.4. We remark that both mean and covariance
converge exponentially fast to m� and C� with convergence rate O(e−t). This
rate is independent of m� and C�. The uniform convergence rate O(e−t) of the
Gaussian approximate affine invariant Wasserstein gradient flow (5.13) is obtained
in [57, Lemma 3.2] [18].

E.4. Proof of Lemma E.3.

Proof. Under the Gaussian posterior assumption and the fact that

dC−1
t

dt
= −C−1

t

dCt

dt
C−1

t ,

the Gaussian approximate Fisher-Rao gradient flow eq. (5.9) becomes

(E.12)

dmt

dt
= CtC

−1
�

(
m� −mt

)
,

dC−1
t

dt
= −C−1

t + C−1
� .

The covariance update equation has an analytical solution

(E.13) C−1
t = (1− e−t)C−1

� + e−tC−1
0 .

We reformulate eq. (E.11a) as

m� −mt = e−tCtC
−1
0

(
m� −m0

)
.
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Computing its time derivative leads to

(E.14)

dmt

dt
= −e−tCtC

−1
0 (m0 −m�) + e−t dCt

dt
C−1

0 (m0 −m�)

= −e−tCtC
−1
0 (m0 −m�) + e−t(Ct − CtC

−1
� Ct)C

−1
0 (m0 −m�)

= CtC
−1
� e−tCtC

−1
0 (m� −m0)

= CtC
−1
�

(
m� −mt

)
.

�
E.5. Proof of convergence for Gaussian posterior (Theorem 5.6).

Proof. Under the Gaussian posterior assumption, for θt ∼ N (mt, Ct) with density
ρat

, we have

Eρat

[
∇θ log ρpost(θt)

]
= −C−1

� (mt −m�), Eρat

[
∇θ∇θ log ρpost(θt)

]
= −C−1

� .

(E.15)

Here m� and C� are the posterior mean and covariance given in eq. (5.2). We have
explicit expressions for the Gaussian approximate gradient flows eqs. (5.9), (5.12)
and (5.18):

Gaussian approximate gradient flow:

∂tmt = −C−1
� (mt −m�), ∂tCt =

1

2
C−1

t − 1

2
C−1

� .

Gaussian approximate Fisher-Rao gradient flow:

∂tmt = −CtC
−1
� (mt −m�), ∂tCt = Ct − CtC

−1
� Ct.

Gaussian approximate Wasserstein gradient flow:

∂tmt = −C−1
� (mt −m�), ∂tCt = 2I − CtC

−1
� − C−1

� Ct.

(E.16)

For the dynamics of mt for both Gaussian approximate gradient flow and Gauss-
ian approximate Wasserstein gradient flow, we have

mt −m� = e−tC−1
� (m0 −m�).(E.17)

By taking the 2−norm on both sides, using ‖ · ‖2 to denote both the vector and
induced matrix norms, and recalling that the largest eigenvalue of C� is λ�,max, we
obtain

‖mt −m�‖2 ≤ ‖e−tC−1
� ‖2‖m0 −m�)‖2 ≤ e−t/λ�,max‖m0 −m�‖2 = O(e−t/λ�,max).

(E.18)

The bound can be achieved, when m0 − m� has non-zero component in the C�

eigenvector direction corresponding to λ�,max.
For the Gaussian approximate Fisher-Rao gradient flow, thanks to the explicit

formula eq. (E.11a), we find that

‖mt −m�‖2 ≤ e−t max{‖C�‖2, ‖C0‖2}‖C−1
0 ‖2‖m0 −m�‖2 = O(e−t).(E.19)

The bound can be achieved when m0 −m� is non-zero.
Next, we analyze the dynamics of the covariance matrix Ct. Our initialization

C0 = λ0I commutes with C�, C
−1
� . It follows that Ct commutes with C�, C

−1
� for

any t ≥ 0 and all gradient flows in eq. (E.16), since 0 is the unique solution of
the evolution ordinary differential equation of CtC� −C�Ct. So we can diagonalize
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Ct, C
−1
t , C�, C

−1
� simultaneously, and write down the dynamics of the eigenvalues

of Ct. For any eigenvalue λt of Ct, it satisfies the following differential equations,

Gaussian approximate gradient flow: ∂tλt =
1

2λt
− 1

2λ�
,

Gaussian approximate Fisher-Rao gradient flow: ∂tλt = λt − λ2
tλ

−1
� ,

Gaussian approximate Wasserstein gradient flow: ∂tλt = 2− 2λt

λ�
,

(E.20)

where λ� is the corresponding eigenvalue of C�. From eq. (E.20), we know that
λt is bounded between λ0 and λ�. Moreover, the ordinary differential equations in
eq. (E.20) can be solved explicitly.

For the Gaussian approximate gradient flow

λt − λ� = (λ0 − λ�)e
− t

2λ2
�
−λt−λ0

λ� , |λt − λ�| = O(e−t/2λ2
�).(E.21)

Since the largest eigenvalue of C� is λ�,max, we conclude that

‖Ct − C�‖2 = O(e−t/2λ2
�,max).

For the Gaussian approximate Fisher-Rao gradient flow,

λt =
λ�

1 +
(

λ�

λ0
− 1
)
e−t

, |λt − λ�| = O(e−t).(E.22)

It follows that
‖Ct − C�‖2 = O(e−t).

For the Gaussian approximate Wasserstein gradient flow

λt = λ� + e−2t/λ�(λ0 − λ�), |λt − λ0| = O(e−2t/λ�).(E.23)

Since the large eigenvalue of C� is λ�,max, we conclude that

‖Ct − C�‖2 = O(e−2t/λ�,max).

�

E.6. Proof of Theorem 5.7. Let ρa�
be N (m�, C�), the unique minimizer of

eq. (5.2), noting that this is also the unique stationary point of Gaussian approx-
imate Fisher-Rao gradient flow eq. (5.9); see Lemma E.2 for definition of a�. It
satisfies

(E.24) Eρa�

[
∇θ log ρpost(θ)

]
= 0 and Eρa�

[
−∇θ∇θ log ρpost(θ)

]
= C−1

� .

For Nθ = 1, we can calculate the linearized Jacobian matrix of the ODE sys-
tem eq. (5.9) around (m�, C�):

∂RHS

∂(m,C)

∣∣∣
(m,C)=(m�,C�)

=

[
−1 − 1

2
Eρa�

[
−∇θ∇θ log ρpost(θ)(θ −m�)

]
−Eρa�

[
−∇θ∇θ log ρpost(θ)(θ −m�)

]
C� − 1

2
− 1

2
Eρa�

[−∇θ∇θ log ρpost(θ)(θ −m�)
2]

]
,

(E.25)

where RHS denotes the right-hand side of the ODE system eq. (5.9).
We further define

(E.26)
A1 := Eρa�

[
−∇θ∇θ log ρpost(θ)(θ −m�)

]
,

A2 := Eρa�
[−∇θ∇θ log ρpost(θ)(θ −m�)

2] ≥ 0.
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Using the Cauchy-Schwarz inequality and eq. (E.24), we have

A2C
−1
� = A2Eρa�

[
−∇θ∇θ log ρpost(θ)

]
≥ A2

1.(E.27)

By direct calculations, the two eigenvalues of eq. (E.25) satisfy

λ1 =
−( 32 + 1

2A2)−
√
( 12 − 1

2A2)2 + 2A2
1C�

2
≤ −1,(E.28a)

λ2 =
−( 32 + 1

2A2) +
√
( 12 − 1

2A2)2 + 2A2
1C�

2
(E.28b)

= − 1 +A2 −A2
1C�

( 32 + 1
2A2) +

√
( 12 − 1

2A2)2 + 2A2
1C�

≤ − 1

3 +A2
,

where in the last inequality, we have used (E.27). In the following, we prove bounds
on λ2.

Step 1 (Upper bound). Since the upper bounds (E.28) of the two eigenvalues depend
on A2, we will first prove that

A2 ≤
(
4 +

4√
π

)(
log(

β

α
) + 1

)
.(E.29)

Without loss of generality, we assume m� = 0; otherwise we can always achieve this
through a change of variable. Considering now only the right half of the integration
(i.e. integration from 0 to +∞) defining A2, we have
(E.30)∫ +∞

0

−∇θ∇θ log ρpost(θ)θ
2 1√

2πC�

e−
1
2

θ2

C� dθ

=

∫ A

0

−∇θ∇θ log ρpost(θ)θ
2 1√

2πC�

e−
1
2

θ2

C� dθ

+

∫ +∞

A

−∇θ∇θ log ρpost(θ)θ
2 1√

2πC�

e−
1
2

θ2

C� dθ

≤ A2

C�
+

∫ +∞

A

−∇θ∇θ log ρpost(θ)θ
2 1√

2πC�

e−
1
2

θ2

C� dθ (Using eq. (E.24) and θ≤A)

≤ A2

C�
+ β

∫ +∞

A

θ3

A

1√
2πC�

e−
1
2

θ2

C� dθ (Using θ≥A and β-smoothness of log ρpost)

=
A2

C�
+

2βC2
�

A
√
2πC�

(
A2

2C�
+ 1)e−

A2

2C� (Direct calculation)

≤ A2

C�
+

β√
πα

(
A√
2C�

+

√
2C�

A
)e−

A2

2C� (Using C� ≤ 1

α
)

≤ (2 +
2√
π
)(log(

β

α
) + 1),

where in the last inequality, we have chosen A such that A2

2C�
= max{log( βα ), 1} since

the previous derivations work for any positive A. We can get a similar bound for the
left half of the integration defining A2 (i.e. integration from −∞ to 0). Combining
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these two bounds leads to eq. (E.29). Bringing eq. (E.29) into eq. (E.28) leads to

λ2 ≤ − 1

(7 + 4√
π
)
(
1 + log( βα )

) .(E.31)

Therefore, we finish the proof of (5.19) in Theorem 5.7.

Step 2 (Lower bound). Next, we will construct an example to show the bound is
sharp. The basic idea is to construct a sequence of triplets ρpost,n, βn, and αn,

where limn→∞
βn

αn
= ∞, and the corresponding −λ2,n = O

(
1/ log( βn

αn
)
)
. In the

following proof, we ignore the subscript n for simplicity.
We consider the following sequence of posterior density functions ρpost, such that

(E.32)

−∇θ∇θ log ρpost(θ) =

∫
H(x)

e−
(θ−x)2

2σ2

σ
√
2π

dx H(x) =

{
β γ − σ < x < γ + σ

α Otherwise
,

∇θ log ρpost(θ) =

∫ θ

−∞
−∇θ∇θ log ρpost(θ

′)dθ′ + c,

where −∇θ∇θ log ρpost(θ) is a smoothed bump function containing four parameters
γ, σ > 0 and 0 < α < β. Clearly, we have

αI � −∇θ∇θ log ρpost(θ) � βI.

Moreover, we will have another parameter c to determine ∇θ log ρpost(θ). It is
worth mentioning that for such α-strongly logconcave posterior, the Gaussian vari-
ational inference (5.2) has a unique minimizer (m�, C�), which is determined by
the stationary point condition in eq. (E.24); see also [78].

The intuition behind the construction of the bump function is as follows. Our
objective is to ensure that the dominant eigenvalue, denoted as λ2 in equation
(E.25), as large as possible (thus leading to a lower bound). Since λ2 satisfies

λ2 = − 1 +A2 −A2
1C�

3
2 + 1

2A2 +
√
( 12A2 − 1

2 )
2 + 2A2

1C�

≥ −1 +A2 −A2
1C�

1 +A2

= −
1
A2

+ (1− A2
1C�

A2
)

1 + 1
A2

,

we require A2 to be as large as possible, whilst ensuring that the expression (1 −
A2

1C�

A2
) as small as possible. Recall the definitions of A1 and A2 in eq. (E.26); for

the latter term, we have

A2C
−1
� = A2Eρa�

[
−∇θ∇θ log ρpost(θ)

]
(E.33)

= Eρa�
[−∇θ∇θ log ρpost(θ)(θ −m�)

2]Eρa�

[
−∇θ∇θ log ρpost(θ)

]
(E.34)

≥ (Eρa�
[−∇θ∇θ log ρpost(θ)(θ −m�)])

2 = A2
1(E.35)

due to the Cauchy-Schwarz inequality. Thus we get (1− A2
1C�

A2
) ≥ 0. To make this

term as close to zero as possible, we consider when the Cauchy-Schwarz inequality
can become equality. In fact, we need −∇θ∇θ log ρpost(θ) to take the form of a
delta function. As in the assumption we have log ρpost(θ) ∈ C2 so this is not
achievable. To approximate this condition, we can construct −∇θ∇θ log ρpost(θ) as
a bump function H(x) and gradually narrow the width of the bump to approach
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zero. The Gaussian kernel is employed to smooth the bump function and simplify
the subsequent calculations; this is why the form of H in (E.32) is constructed.

Now, we will provide a detailed construction. Instead of specifying β and c, we
can specify m� and C� since there is a one-to-one correspondence between them.
We specify9 that

σ = γ1.5 m� = 0 C� = − γ2

2 log γ
− γ3 and α =

1

(− log γ)C�
.(E.36)

Then, β and c are determined by the stationary point condition (E.24), namely

(E.37)

C−1
� = Eρa�

[
−∇θ∇θ log ρpost(θ)

]
=

∫
H(x)

1√
2π(σ2 + C�)

e
− (x−m�)2

2(σ2+C�) dx

= α+ (β − α)

∫ γ+σ

γ−σ

1√
2π(σ2 + C�)

e
− (x−m�)2

2(σ2+C�) dx .

0 = Eρa�

[
∇θ log ρpost(θ)

]
=

∫ ∞

−∞
ρa�

(θ)

∫ θ

−∞
−∇θ∇θ log ρpost(θ

′)dθ′dθ + c.

We will let γ → 0 later. Note that in the above system, when γ is close to zero, for
any C� = 1

−α log γ ≤ 1
α , we will have β > α, so the above lead to valid specification

of parameters. We now only have one free parameter γ. We can now also view the
triplet ρpost, β, and α as functions parameterized by γ.

In the following, we will let γ → 0 and estimate the leading order of A1, A2, α

and β in terms of γ. Let m�σ = xC�+m�σ
2

σ2+C�
and C�σ = σ2C�

σ2+C�
, we have

−∇θ∇θ log ρpost(θ)N (m�, C�) =

∫
H(x)

e−
(θ−m�σ)2

2C�σ

√
2πC�σ

1√
2π(σ2 + C�)

e
− (x−m�)2

2(σ2+C�) dx.

Bringing this to eq. (E.26) leads to

A1 = Eρa�

[
−∇θ∇θ log ρpost(θ)(θ −m�)

]
=

∫
H(x)

m�σ −m�√
2π(σ2 + C�)

e
− (x−m�)2

2(σ2+C�) dx,

A2 = Eρa�
[−∇θ∇θ log ρpost(θ)(θ −m�)

2]

=

∫
H(x)

C�σ + (m�σ −m�)
2√

2π(σ2 + C�)
e
− (x−m�)2

2(σ2+C�) dx.

(E.38)

With the definitions in eq. (E.36), we have the following estimation about Gaussian
integration ∫ γ+σ

γ−σ

xne
− x2

2(σ2+C�) dx = 2
√
γγn+2(1 + Θ(log γ

√
γ)).(E.39)

Here we use Θ to denote the leading order term, as γ → 0. Bringing the definition
of σ and C� and using change-of-variable with y = x

γ , the left hand side of eq. (E.39)

becomes ∫ γ+σ

γ−σ

xne
− x2

2(σ2+C�) dx = γn+1

∫ 1+
√
γ

1−√
γ

yney
2 log γdy.(E.40)

9These choices of parameters are motivated by the subsequent calculations.
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Bringing the following inequalities into eq. (E.40) leads to eq. (E.39)

γn+1

∫ 1+
√
γ

1−√
γ

yney
2 log γdy ≥2

√
γγn+1(1−√

γ)ne(1+
√
γ)2 log γ

=2
√
γγn+2(1 + Θ(2 log γ

√
γ)),

γn+1

∫ 1+
√
γ

1−√
γ

yney
2 log γdy ≤2

√
γγn+1(1 +

√
γ)ne(1−

√
γ)2 log γ

=2
√
γγn+2(1−Θ(2 log γ

√
γ)).

Here we used the Taylor expansions of (1−√
γ)ne(γ+2

√
γ) log γ = Θ

(
(1−n

√
γ)(1+(γ+

2
√
γ) log γ)

)
and (1+

√
γ)ne(γ−2

√
γ) log γ = Θ

(
(1+n

√
γ)(1+(γ−2

√
γ) log γ)

)
. Then

the estimation for A1, A2 from eq. (E.38) and the covariance condition in eq. (E.24)
become

A1 =
(β − α)C�

σ2 + C�

∫ γ+σ

γ−σ

x
1√

2π(σ2 + C�)
e
− x2

2(σ2+C�) dx(E.41a)

=
(β − α)C�

σ2 + C�

2γ2.5
√
− log γ√
π

(1 + Θ(log γ
√
γ)) (Using (E.39))

=
2(β − α)√

π
γ2.5(− log γ)0.5 +Θ

(2(β − α)√
π

γ3(− log γ)1.5
)
,

A2 = αC� + (β − α)

∫ γ+σ

γ−σ

C�σ +m2
�σ√

2π(σ2 + C�)
e
− x2

2(σ2+C�) dx(E.41b)

= αC� + (β − α)
2
√
− log γγ3.5(1 + 2γ log γ)(1 + γ + 2γ log γ)√

π
(E.41c)

× (1 + Θ(log γ
√
γ)) (Using (E.39))

= αC� +
2(β − α)√

π
γ3.5(− log γ)0.5 +Θ

(2(β − α)√
π

γ4(− log γ)1.5
)
,

C�
−1 = α+ (β − α)

∫ γ+σ

γ−σ

1√
2π(σ2 + C�)

e
− x2

2(σ2+C�) dx(E.41d)

= α+ (β − α)2γ1.5

√
− log γ√

π
(1 + Θ(log γ

√
γ)) (Using (E.39))

= α+
2(β − α)√

π
γ1.5(− log γ)0.5 +Θ

(2(β − α)√
π

γ2(− log γ)1.5
)
.

From eq. (E.36), we have

α = Θ(
1

γ2
).(E.42)

Combining eq. (E.42), the definition of C� in eq. (E.36), and eq. (E.41d) leads to
the estimation about β, as follows:

β

α
= Θ(

(− log γ)0.5

γ1.5
) and β − α = Θ(

(− log γ)0.5

γ3.5
).(E.43)
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Combining eq. E.41–E.43 leads to the estimations about A1 and A2, as follows

A1 = Θ(
− log γ

γ
) A2 = Θ(− log γ),(E.44)

1− A2
1C�

A2
=

A2C
−1
� −A2

1

A2C
−1
�

=
Θ
(
(− log γ)/γ2

)
Θ
(
(− log γ)2/γ2

) = Θ(
1

− log γ
).(E.45)

Finally, we can bound the large eigenvalue of eq. (E.25) by

−λ2 =
1 + A2 −A2

1C�

3
2 + 1

2A2 +
√
( 12A2 − 1

2 )
2 + 2A2

1C�

≤
1
A2

+ (1− A2
1C�

A2
)

1 + 1
A2

= Θ(
1

− log γ
).

Here we use A2 ≥ 0 and 1 − A2
1C�

A2
≥ 0. Eq. (E.43) log( βα ) = Θ(− log γ) indicates

that for the constructed logconcave density, the local convergence rate is not faster
than −O(1/ log( βα )).

E.7. Proof of Theorem 5.8. Consider the following example, where θ ∈ R and

ΦR(θ) =
∑2K+1

k=0 a2kθ
2k with a4K+2 > 0. We will choose a2k later so that the

convergence of these dynamics is Θ(t−
1

2K ). Recall the Gaussian approximate Fisher-
Rao gradient flow is

(E.46)

dmt

dt
= CtEρat

[∇θ log ρpost],

dCt

dt
= Ct + CtEρat

[∇θ∇θ log ρpost]Ct.

We first calculate the explicit formula of the dynamics. For the mean part, we
have
(E.47)

Eρa

[
∇θ log ρpost(θ)

]
=−

2K+1∑
k=1

2ka2kEρa
[θ2k−1]

=−
2K+1∑
k=1

2ka2k

k−1∑
i=0

(
2k − 1

2i+ 1

)
m2i+1Ck−i−1 (2k − 2i− 2)!

2k−i−1(k − i− 1)!
.

In the above we have used the explicit formula for the moments of Gaussian distri-
butions. By (E.47), we know that when m = 0, Eρa

[
∇θ log ρpost(θ)

]
= 0. Later, we

will initialize the dynamics at m0 = 0; as a consequence, mt = 0 so we only need
to consider the covariance dynamics given m = 0.

For the covariance part (assuming m = 0), using Stein’s identity, we get

(E.48) Eρa

[
∇θ∇θ log ρpost(θ)

]
m=0

=
∂Eρa

[
∇θ log ρpost(θ)

]
∂m

|m=0 = −f(C),

where

(E.49) f(C) =

2K+1∑
k=1

2k(2k − 1)a2kC
k−1 (2k − 2)!

2k−1(k − 1)!
.

We choose {a2k}2K+1
k=1 such that

2k(2k − 1)
(2k − 2)!

2k−1(k − 1)!
a2k =

(
2K + 1

k

)
(−1)2K+1−k,
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which leads to the identity

1− f(C)C = −(C − 1)2K+1.

Now, we calculate the explicit form of the dynamics, with the above choice of ΦR.
We initialize the dynamics with m0 = 0. For the Gaussian approximate Fisher-Rao
gradient flow eq. (5.9), we have

(E.50)

dmt

dt
= 0,

dCt

dt
= Ct(1− f(Ct)Ct) = −Ct(Ct − 1)2K+1.

For the vanilla Gaussian approximate gradient flow eq. (5.18), we have

(E.51)

dmt

dt
= 0,

dCt

dt
=

1

2Ct
(1− f(Ct)Ct) = − (Ct − 1)2K+1

2Ct
.

For the Gaussian approximate Wasserstein gradient flow eq. (5.12), we have

(E.52)

dmt

dt
= 0,

dCt

dt
= 2(1− f(Ct)Ct) = −2(Ct − 1)2K+1.

For these ODE systems given in eqs. (E.50) to (E.52), when C0 is close to 1,
their behavior is well approximated by the following equation:

(E.53)
dCt

dt
= −α(Ct − 1)2K+1,

where α = 1,− 1
2 ,−2 for eqs. (E.50) to (E.52) respectively. This system has a

stationary point at Ct = 1. When C0 �= 1, the solution to eq. (E.53) is given by

(E.54) Ct = 1 +
(
2Kαt+ (C0 − 1)−2K

)− 1
2K

,

which converges to 1 at the rate O(t−
1

2K ).

Appendix F. Details of numerical integration

In this section, we discuss how to compute the reference values of E[θ], Cov[θ],
and E[cos(ωT θ + b)] for the logconcave posterior and Rosenbrock posterior in Sec-
tion 4.5. First, for any Gaussian distribution, we have∫

cos(ωT θ + b)N (θ;m,C)dθ = exp(−1

2
ωTCω) cos(ωTm+ b).

We can rewrite the logconcave function as

ΦR(θ) =
1

2

(θ(1) − θ(2)/
√
λ)2

10/λ
+

θ(2)
4

20
.
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The following integration formula holds:∫
e−ΦR(θ)dθ(1) =

√
20π/λe−θ(2)4/20,∫

e−ΦR(θ)θ(1)dθ(1) =
√
20π/λ

θ(2)√
λ
e−θ(2)4/20,∫

e−ΦR(θ)θ(2)dθ(1) =
√
20π/λθ(2)e−θ(2)4/20,

∫
e−ΦR(θ)θ(1)

2
dθ(1) =

√
20π/λ(

θ(2)
2

λ
+

10

λ
)e−θ(2)4/20,

∫
e−ΦR(θ)θ(1)θ(2)dθ(1) =

√
20π/λ

θ(2)
2

√
λ
e−θ(2)4/20,∫

e−ΦR(θ)θ(2)
2

dθ(1) =
√
20π/λθ(2)

2

e−θ(2)4/20,∫
e−ΦR(θ) cos(ω(1)θ(1) + ω(2)θ(2) + b)dθ(1)

=
√

20π/λe−
5
λω(1)2

cos(ω(1)θ(2)/
√
λ+ ω(2)θ(2) + b)e−θ(2)4/20.

Other 2D integrations can be addressed by first performing 1D integration with
respect to θ(1) analytically, and then the second 1D integration with respect to θ(2)

is computed numerically with 107 uniform points.
We can rewrite the Rosenbrock function as

ΦR(θ) =
1

2

(θ(2) − θ(1)
2
)2

10/λ
+

(1− θ(1))2

20
.

We have the following integration formula:∫
e−ΦR(θ)dθ(2) =

√
20π/λe−(1−θ(1))2/20,∫

e−ΦR(θ)θ(1)dθ(2) =
√
20π/λθ(1)e−(1−θ(1))2/20,∫

e−ΦR(θ)θ(2)dθ(2) =
√
20π/λθ(1)

2
e−(1−θ(1))2/20,∫

e−ΦR(θ)θ(1)
2

dθ(2) =
√
20π/λθ(1)

2

e−(1−θ(1))2/20,∫
e−ΦR(θ)θ(2)

2
dθ(2) =

√
20π/λ(θ(1)

4
+

10

λ
)e−(1−θ(1))2/20,∫

e−ΦR(θ)θ(1)θ(2)dθ(2) =
√
20π/λθ(1)

3
e−(1−θ(1))2/20,∫

e−ΦR(θ) cos(ω(2)θ(2) + ω(1)θ(1) + b)dθ(2)

=
√

20π/λe−
5
λω(2)2

cos(ω(2)θ(1)
2
+ ω(1)θ(1) + b)e−(1−θ(1))2/20.

Moreover, we have∫ ∫
e−ΦR(θ)dθ(1)dθ(2) =

20π√
λ

E[θ] =

[
1
11

]
Cov[θ] =

[
10 20
20 10

λ + 240

]
.
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Other 2D integrations can be addressed by first performing 1D integration with
respect to θ(2) analytically, and then the second 1D integration with respect to θ(1)

is computed numerically with 107 uniform points.
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Carlo from Poincaré to log-Sobolev, Found. Comput. Math. 25 (2025), no. 4, 1345–1395,
DOI 10.1007/s10208-024-09667-6. MR4951529

[32] S. Chewi, T. Le Gouic, C. Lu, T. Maunu, and P. Rigollet, SVGD as a kernelized Wasserstein
gradient flow of the chi-squared divergence, Adv. Neural Inf. Process. Syst. 33 (2020), 2098–
2109.

[33] S. Chewi, T. Le Gouic, C. Lu, T. Maunu, P. Rigollet, and A. Stromme, Exponential ergodicity
of mirror-Langevin diffusions, Adv. Neural Inf. Process. Syst. 33 (2020), 19573–19585.

[34] L. Chizat and F. Bach, On the global convergence of gradient descent for over-parameterized
models using optimal transport, Adv. Neural Inf. Process. Syst. 31 (2018).

[35] P. G. Constantine, E. Dow, and Q. Wang, Active subspace methods in theory and practice:
applications to kriging surfaces, SIAM J. Sci. Comput. 36 (2014), no. 4, A1500–A1524, DOI
10.1137/130916138. MR3233940

[36] S. L. Cotter, G. O. Roberts, A. M. Stuart, and D. White, MCMC methods for functions:
modifying old algorithms to make them faster, Statist. Sci. 28 (2013), no. 3, 424–446, DOI
10.1214/13-STS421. MR3135540

[37] J. Coullon and R. J. Webber, Ensemble sampler for infinite-dimensional inverse prob-
lems, Stat. Comput. 31 (2021), no. 3, Paper No. 28, 9, DOI 10.1007/s11222-021-10004-y.
MR4234336

[38] T. Cui, K. J. H. Law, and Y. M. Marzouk, Dimension-independent likelihood-informed
MCMC, J. Comput. Phys. 304 (2016), 109–137, DOI 10.1016/j.jcp.2015.10.008. MR3422405

[39] A. S. Dalalyan and L. Riou-Durand, On sampling from a log-concave density using ki-

netic Langevin diffusions, Bernoulli 26 (2020), no. 3, 1956–1988, DOI 10.3150/19-BEJ1178.
MR4091098

Licensed to Calif Inst of Tech. Prepared on Thu Sep 17 12:05:03 EDT 2026 for download from IP 131.215.250.0.

License or copyright restrictions may apply to redistribution; see https://www.ams.org/journal-terms-of-use

https://arxiv.org/abs/2407.15693
https://mathscinet.ams.org/mathscinet-getitem?mr=3804923
https://mathscinet.ams.org/mathscinet-getitem?mr=645898
https://mathscinet.ams.org/mathscinet-getitem?mr=4405495
https://mathscinet.ams.org/mathscinet-getitem?mr=4619955
https://mathscinet.ams.org/mathscinet-getitem?mr=4959980
https://mathscinet.ams.org/mathscinet-getitem?mr=4311012
https://arxiv.org/abs/2302.11024
https://mathscinet.ams.org/mathscinet-getitem?mr=4814274
https://mathscinet.ams.org/mathscinet-getitem?mr=4119003
https://mathscinet.ams.org/mathscinet-getitem?mr=4305361
https://mathscinet.ams.org/mathscinet-getitem?mr=4951529
https://mathscinet.ams.org/mathscinet-getitem?mr=3233940
https://mathscinet.ams.org/mathscinet-getitem?mr=3135540
https://mathscinet.ams.org/mathscinet-getitem?mr=4234336
https://mathscinet.ams.org/mathscinet-getitem?mr=3422405
https://mathscinet.ams.org/mathscinet-getitem?mr=4091098


SAMPLING VIA GRADIENT FLOWS 59

[40] M. Dashti and A. M. Stuart, The Bayesian approach to inverse problems, Preprint,
arXiv:1302.6989, (2013).

[41] K. Daudel, R. Douc, and F. Portier, Infinite-dimensional gradient-based descent for alpha-
divergence minimisation, Ann. Statist. 49 (2021), no. 4, 2250–2270, DOI 10.1214/20-
aos2035. MR4319249

[42] K. Daudel, et al., Mixture weights optimisation for alpha-divergence variational inference,
Adv. Neural Inf. Process. Syst. 34 (2021), 4397–4408.

[43] P. Del Moral, A. Doucet, and A. Jasra, Sequential Monte Carlo samplers, J. R. Stat. Soc.
Ser. B Stat. Methodol. 68 (2006), no. 3, 411–436, DOI 10.1111/j.1467-9868.2006.00553.x.
MR2278333

[44] G. Detommaso, T. Cui, Y. Marzouk, A. Spantini, and R. Scheichl, A Stein variational
Newton method, Adv. Neural Inf. Process. Syst. 31 (2018).

[45] M. P. Do Carmo and J. Flaherty Francis, Riemannian Geometry, vol. 6, Springer, 1992.
[46] C. Domingo-Enrich and A.-A. Pooladian, An explicit expansion of the Kullback-Leibler di-

vergence along its Fisher-Rao gradient flow, Preprint, arXiv:2302.12229, 2023.
[47] A. Doucet and A. M. Johansen, A tutorial on particle filtering and smoothing: fifteen years

later, The Oxford Handbook of Nonlinear Filtering, Oxford Univ. Press, Oxford, 2011,
pp. 656–704. MR2884612
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