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Abstract

We study sampling as optimization in the space of measures. We focus on gradient flow-based
optimization with the Langevin dynamics as a case study. We investigate the source of the bias
of the unadjusted Langevin algorithm (ULA) in discrete time, and consider how to remove or
reduce the bias. We point out the difficulty is that the heat flow is exactly solvable, but neither its
forward nor backward method is implementable in general, except for Gaussian data. We propose
the symmetrized Langevin algorithm (SLA), which should have a smaller bias than ULA, at the
price of implementing a proximal gradient step in space. We show SLA is in fact consistent for
Gaussian target measure, whereas ULA is not. We also illustrate various algorithms explicitly for
Gaussian target measure with Gaussian data, including gradient descent, proximal gradient, and
Forward-Backward, and show they are all consistent.

1. Introduction

We study sampling as optimization in the space of measures. In this paper we focus on gradient
flow-based optimization with the Langevin dynamics as a case study. Our starting point is the key
result of Jordan et al. (1998) that the Langevin dynamics in space corresponds to the gradient flow
of the relative entropy functional in the space of measures with the Wasserstein metric. This is why
running the Langevin dynamics is useful for sampling: It is the steepest descent flow that attracts
any initial distribution to the stationary target measure. Our motivating question is:

Is there an implementable discretization of the Langevin dynamics that is consistent and
converges exponentially fast under the logarithmic Sobolev inequality?

Recall in general, gradient flow converges exponentially fast under a gradient-domination con-
dition that is weaker than strong convexity. In the space of measures with the relative entropy
functional, this gradient-domination condition is the logarithmic Sobolev inequality (LSI) (Otto and
Villani, 2000). Therefore, in continuous time, the Langevin dynamics converges exponentially fast
under LSI. In discrete time, the situation is less clear. A basic discretization known as the unadjusted
Langevin algorithm (ULA) is biased, which means it converges to a limit different from the target
measure. This bias exists for arbitrarily small (fixed) step size, even for a Gaussian target measure.
This led to proposals to correct the bias, such as the Metropolis-Hastings correction step (Roberts
and Tweedie, 1996; Dwivedi et al., 2018) or decreasing the step size; however, the resulting algo-
rithms become more complicated, so here we focus on ULA in order to see the basic structure.
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Even with the bias, we can use ULA to get a one-time sampling algorithm as follows: given an
error threshold, first choose a small enough step size so the bias is within the threshold, then run
ULA with that step size to approximate convergence. See for example Dalalyan (2017a,b); Dalalyan
and Karagulyan (2017); Durmus and Moulines (2016); Cheng and Bartlett (2018).

The bias in the Langevin algorithm is actually puzzling. The bias is typically attributed to the
fact that ULA is a discretization of the continuous-time Langevin dynamics, so it necessarily has
a discretization error. However, this attribution is misplaced, because the discretization error is the
deviation between ULA and the Langevin dynamics at small time, while we are concerned with the
asymptotic bias of ULA at large time. And indeed it is possible for a discretization algorithm to be
consistent (unbiased). For example, gradient descent is a discretization of gradient flow; under the
gradient-domination condition, both gradient flow and gradient descent converge to the minimizer
exponentially fast. Since the Langevin dynamics is a gradient flow and it converges exponentially
fast under LSI, we expect the gradient descent version to also converge exponentially fast under
LSI, hence our motivating question. We note that the class of measures satisfying LSI is rather large
and closed under bounded perturbation, so even multimodal distributions satisfy LSI.

Why is ULA biased? It cannot be the gradient descent discretization of the Langevin dynamics.
Rather, it is performing the Forward-Flow (FFl) discretization, which in general is biased. Here we
observe that the problem of minimizing relative entropy in the space of measures is a composite
optimization problem, which means the objective function is a sum of two terms. Indeed, relative
entropy can be written as the sum of negative entropy and the expected function value, where the
function is the negative log density of the target measure. ULA (FFI) is a two-step algorithm: First,
it applies the forward method to the expected function value, which is implemented by the usual
gradient descent step in space. Second, it applies the exact gradient flow of the negative entropy, the
heat flow, which is implemented by adding independent Gaussian noise in space. Therefore, ULA
is implementable, which means we can run it in space with a given sample, but it is biased. We can
compute the bias explicitly for the Ornstein-Uhlenbeck (OU) process, which is the case of Gaussian
target measure; see Example 2 below.

For a composite optimization problem, the algorithm of choice is the Forward-Backward (FB)
algorithm, which is a composition of the forward method for one term and the backward method for
the other. The FB algorithm is consistent, which crucially uses the fact that the backward method
is the adjoint of the forward method. Furthermore, FB converges at exponential rate under the
gradient-domination condition and some smoothness assumptions. For our problem of optimizing
relative entropy, FB means we want to run the forward method for the expected function value
(which we can do via the usual gradient descent), and run the backward method for negative entropy
(which we cannot do in general). Indeed, the main interesting difficulty is that for negative entropy,
its exact gradient flow (the heat flow) is implementable via Gaussian noise, but neither its forward
nor backward method is implementable.l However, in one case, namely for Gaussian initial data, we
can solve the backward method for negative entropy. Therefore, for the OU process with Gaussian
initial data, we can solve the FB algorithm and see it is indeed consistent; see Example 8.

Finally, if we cannot remove the bias, we can try to reduce it. We propose the symmetrized
Forward-Flow (SFF]) algorithm, which is a composition of FFI and its adjoint. The SFFI1 algorithm
is symmetric and has order 2; therefore, its bias is also of order 2, smaller than FF1l. Applying SFFI to
the Langevin dynamics yields the symmetrized Langevin algorithm (SLA), which is a composition

1. This is the opposite of what typically happens in optimization, where we cannot run gradient flow but we can run the
gradient descent algorithm.
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of ULA and its adjoint. SLA requires being able to run the backward method for the expected
function value, which is implemented by the proximal gradient step for the function in space. This
may require some numerical computation in each iteration, but the prize is a sampling algorithm
that should have a smaller bias. As an example, we show how to solve SLA explicitly for the OU
process. We see in this case SLA is in fact consistent; see Example 3. As another example, we show
how to implement SLA for a mixture of two Gaussians as target measure, by solving an explicit
one-dimensional calculation in each iteration. We show using synchronous coupling under strong
log-concavity that SLA converges exponentially fast to its limiting measure.

2. Sampling as optimization in the space of measures

Sampling can be formulated as optimization in the space of measures. Indeed, to sample from
a target distribution, it suffices to optimize an objective function in the space of measures that is
minimized at the target distribution. Thus, we can translate methods from optimization to sampling
by applying them to the optimization problem in the space of measures, provided the resulting
methods are implementable as (possibly stochastic) algorithms in space.

In principle, we can choose any objective function that is minimized at the target distribution.
But in the space of measures, there is a special function that works, which is the relative entropy:

H,(p) = /plogﬁ. ()

This is also known as the Kullback-Leibler (KL) divergence. Here p is a probability measure on R"
absolutely continuous with respect to v, and the integral above is a shorthand for fR" p(z) log %dm.
Relative entropy is nonnegative: H,(p) > 0; and it is minimized at the target measure: H,(p) = 0
if and only if p = v. Furthermore, v is the only stationary point of H,,, even when v is multimodal.
Therefore, if we can minimize H,,, then we can sample from v.

Let v = e~ 7, or equivalently f = — log v. Relative entropy decomposes as a sum of two terms:

Hy(p) = E,[f] = H(p) 2)

where E,[f] = [ pf is the expected value of f and —H (p) = [ plog p is the negative entropy of p.

2.1. The Langevin dynamics as the gradient flow of relative entropy

We wish to minimize the relative entropy functional (1) in the space of measures. A general strategy
to minimize a function is to run the gradient flow dynamics. This requires a metric structure (Am-
brosio et al., 2008). In the space of measures over R™ there is a nice choice of metric, which is the
Wasserstein metric induced by the quadratic distance function (Villani, 2003, 2008).
In the space of measures with the Wasserstein metric, the gradient flow of relative entropy (1) is
the following partial differential equation, known as the Fokker-Planck equation:
Op :V-<pV10gB) = V- (pVf)+ Ap. 3)
ot v
Here p = p(x,t) is a smooth positive density evolving over time. This is the key result of Jordan
et al. (1998), which has been extended to vast generalities (Villani, 2008). So if we can follow the
flow of the Fokker-Planck equation in the space of measures, then we converge to the target measure
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v = e~ 7. Furthermore, if v satisfies the logarithmic Sobolev inequality (LSI), then the convergence
is exponentially fast, see §3.1.1. However, can we implement this in space?

It turns out the Fokker-Planck equation is the continuity equation of the Langevin dynamics,
which is the following stochastic differential equation in space:

dX = —Vf(X)dt +V2dW. 4)

Here X = (Xi)i>0 is a stochastic process and W = (W});>0 is the standard Brownian mo-
tion in R™. That is, if X; ~ p; evolves following the Langevin dynamics (4) in space, then
p(xz,t) = pi(x) evolves following the Fokker-Planck equation (3) in the space of measures; see
for example (Mackey, 1992, §11).

This means the Fokker-Planck flow (3) is implementable by the Langevin dynamics (4), as long
as we can follow the stochastic process (4) exactly. In one case, namely for the Gaussian target
measure, we know the exact solution; see Example 1 below. In general, we need to discretize to
obtain an algorithm in space; we discuss this further below.

Example 1 (Ornstein-Uhlenbeck.) Ler v = N (u,Y) be the Gaussian target measure with mean
1 € R™ and covariance ¥ = 0, so f(z) = &(z—p) 'S (x—p)+ 3 log det(27Y) is quadratic. The
Langevin dynamics (4) has a linear drift, and is known as the Ornstein-Uhlenbeck (OU) process:

dX = =YX — p) dt + V2 dW.

This has an exact solution as an It0 integral. In particular, the solution at each time t > 0 satisfies
1
Xi—p e ™ (Xo—p) + T3 (I - e_QtE_l) *z
where Z ~ N (0, I) is independent of Xo. Thus, X¢ ~ p; converges to N'(u,X) exponentially fast.

2.2. The unadjusted Langevin algorithm
A practical discretization of the Langevin dynamics (4) is the unadjusted Langevin algorithm (ULA):
Thi1 = 2 — €V f (k) + V22 )

where zj, ~ N (0, I) is independent of z. Here € > 0 is a step size, which is equal to the time step
in the discretization.

As € — 0, the ULA iteration (5) converges to the Langevin dynamics (4) (Mackey, 1992, §11).
However, when € > 0, ULA is biased, which means it does not converge to the target distribution
v = e~ 7. This bias is present even for Gaussian target measure, see Example 2.

Example 2 (ULA for OU.) Letv = N (u, ). ULAis vy 1 — p = (I — eS7 1) (2 — p) + v 2€24.
Unfolding and using the fact that the sum of independent Gaussians is Gaussian, we can write

ar— L A (2o — ) + V2e(I — A2)73 (I — A%)zz
where Ac = I —eX ™ and 2 ~ N(0, 1) is independent of zo. For 0 < € < 2Apin(%), klingo Ak =0,
Therefore, xj, LA w4 /2e(I — A?)_%Z- Thus, ULA for OU has the limit measure
ve=N(u, (I — 27171,



SAMPLING AS OPTIMIZATION IN THE SPACE OF MEASURES

At € = 0, this is the target measure v = N (u, X). For € > 0, v # v, so ULA is biased. The bias is
Wa(v,ve) = |52 — S2 (T — §571) 72 ||yg = \/ D) 4+ O(e
where || Bllus = /Tr(B?) is the Hilbert-Schmidt norm of a symmetric matrix B.

Above, we have used the formula for the Wasserstein distance between Gaussians (Takatsu, 2011).

2.2.1. CONVERGENCE TO THE BIASED LIMIT

We recall the following contraction result using synchronous coupling under strong log-concavity;
see (Dalalyan, 2017b, Lemma 1) or Appendix A.1. Note the similarity with the corresponding result
in strongly convex optimization, e.g., (Nesterov, 2004, Theorem 2.1.15).

Lemma 1 Suppose v is a-strongly log-concave and L-log-smooth (ol =< —V?logv < LI) for
some 0 < a < L. Let py, pj, be any two distributions evolving following the ULA algorithm (5).

Then for 0 < e < aJ%L Wa(pg, pj)? < (1 — 26a+L) Wal(po, pp)?

The above implies that ULA has a unique stationary measure v.. The bias should be of order
1 since ULA is a first-order discretization method, as suggested by Example 2. Using a simple
synchronous coupling argument with the same smoothness assumption as in Lemma 1 only yields
a bias of order % (Dalalyan, 2017b, Theorem 1). But with an additional smoothness assumption,
an expansion within the synchronous coupling argument yields a bias of order 1 (Dalalyan and
Karagulyan, 2017, Theorem 4). It is interesting to ask whether it is possible to prove a bias of order
1 with the minimal smoothness assumption as in Lemma 1.

Lemma 2 Suppose v is a-strongly log-concave and L-log-smooth, and —N? log v is M -Lipschitz.

For( <e< +L, the bias of ULA is Wa(ve,v) < £(3Mn + %VL?’n).

The bias from Lemma 2 and the exponential contraction from Lemma 1 imply an O(% log %)
iteration complexity bound for sampling from v up to Wasserstein error O(4), by choosing e = O(9)
and running ULA for k = Q(2 log %) iterations to get Wa (p,, v) < Wa(pg, ve)+Wa(ve,v) = O(e).
On the other hand, for the ideal unbiased discretization of the Langevin dynamics, exponential
contraction would imply a logarithmic iteration complexity bound.

2.2.2. ULA AS THE FORWARD-FLOW DISCRETIZATION OF LANGEVIN DYNAMICS

ULA is biased because it is the Forward-Flow (FFl) discretization of the Langevin dynamics (4).
Concretely, we can write ULA (5) as a composition of two operations:

Tyl =T — eV f(xr) (6a)
Thi1 = Tpp1 + V2ez,. (6b)

The first step (6a) is a gradient descent step or the forward method for f; the second step (6b) is the
exact solution for the heat flow. In the space of measures, the iterations in (6) correspond to

Pryi = (I— eV f)gpr (7a)
prr1 = N(0,2€l) x Pryl (7b)
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where  is the pushforward operator and * is the convolution. When f is smooth (V2f < %I ), the
first step (7a) is the gradient descent for the expected function value E,[f] (see §£.1.3). The second
step (7b) is the exact gradient flow for negative entropy —H (p) (see §F.2.1). These are the two
components of the decomposition (2) of relative entropy. Therefore, ULA—which in the space of
measures takes the form (7)—is the Forward-Flow method applied to the composite optimization
problem of minimizing relative entropy (2). The source of the bias is that the flow method is not the
adjoint of the forward method, so the Foward-Flow method does not conserve the stationary point
of the overall flow, which is the target measure v. See §F for a review on composite optimization.

In a recent work, Bernton (2018) proposes the proximal version of ULA, obtained by replacing
the forward method (gradient descent) in (7a) with the backward method (proximal gradient) for
E,[f], which is also implemented by the proximal gradient for f in space. This is the Backward-
Flow discretization of the Langevin dynamics, which has similar convergence guarantees as ULA,
but is also still biased.

2.3. The Forward-Backward method for Langevin dynamics

A general algorithm for a composite optimization problem is the Forward-Backward (FB) method,?
which means running the forward method (gradient descent) for one component and running the
backward method (proximal gradient) for the other. The FB algorithm is consistent (unbiased)
because the backward method is the adjoint of the forward method, so the minimizer is conserved;
see §F.1. Furthermore, FB converges exponentially fast under the gradient-domination condition
and some smoothness assumptions (Garrigos et al., 2017), which is formally applicable in our case.
Therefore, we wish to run the FB method for composite optimization.

However, for our problem of optimizing relative entropy, FB means we need to replace (7b)
with the backward method for negative entropy in the space of measures. This is well-defined, but
cannot be solved explicitly—unlike the exact flow (7b)—except for Gaussian initial data (Carlen
and Gangbo, 2003). In general this exception does not help, since Gaussianity is not preserved
under the forward step (7a) when V f is nonlinear. However, for the OU process, V f is linear, so
a Gaussian initial data stays Gaussian under the FB algorithm, and in this case we see FB is indeed
consistent; see Example 8 in §4.1.

2.4. The symmetrized Langevin algorithm

Now that we know the unbiased FB algorithm for the Langevin dynamics is not implementable in
general, we can try to reduce the bias of what we can implement.

Recall that the bias of an optimization algorithm is of the same size as its discretization order
(see § B for a review of discretization methods). Recall also that if an algorithm is symmetric, which
means it is equal to its adjoint, then its order is even; in particular, it must be of order at least 2.
In general we can symmetrize an algorithm by composing it with its adjoint. Therefore, given any
algorithm with a first-order bias, we can upgrade it to an algorithm with a second-order bias by
symmetrizing it.

Applying this idea to FFl as the base algorithm, we obtain the symmetrized Forward-Flow (SFFI)
algorithm, which is the composition of FF1 and its adjoint, the Flow-Backward (FIB) algorithm.

2. Or its adjoint, the Backward-Forward (BF) method. However, the forward method for the heat flow is also not
implementable, except for Gaussian data. We can also run the forward method (gradient descent) or backward
method (proximal gradient) for OU with Gaussian data, and see they are consistent; see Examples 4 and 5.
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Applying SFFI to the Langevin dynamics yields the symmetrized Langevin algorithm (SLA):
Tyl = (I + er)_l(mk - er(mk) + \/@Zk) )]

where z;, ~ N(0, I) is independent of ;.. Here (I 4 ¢V f)~! is the proximal gradient operator of f,
ie,y=(I+eVf)~!(z)ifand only if y+eVf(y) = z, ory = argminyern { f(v')+ 5|y — = *}.
This is not analytically solvable for general f, and may require numerical computation in each
iteration. However, if we can do this, then we can run SLA which in principle has a smaller bias.
When the target measure is Gaussian, namely for the OU process, we can write the SLA iteration
explicitly. In this case we see that SLA is in fact consistent,? and converges exponentially fast.

Example 3 (SLA for OU.) Let v = N (u,X). The SLA iteration is
Tepr —p= I+ e )T — 7" (wp — p) + Vde(I + €27z
Unfolding and using the fact that the sum of independent Gaussians is Gaussian, we can write
p— L A (2o — ) + VAEB(I — A3 (I — A%)3,

where Ac = (I +eX )T —ex™Y), Be = (I +eX7 Y)Y, and z ~ N(0, I) is independent of x.
For all € > 0, limy_,oo A¥ = 0. Therefore, x}, 4 -+ \4eB (I — Ag)féz ~ N (p, X). This shows
SLA converges to the correct target measure v = N (i, ).

We also note that there are other discretizations of the Langevin dynamics that are unbiased for
the Gaussian target measure, for example the Ozaki discretization which uses Hessian information;
see for example (Dalalyan, 2017a). We can also implement SLA for a mixture of two Gaussians,
which requires solving a one-dimensional numerical problem in each iteration; see §A.4.

2.4.1. CONVERGENCE TO THE BIASED LIMIT
Similar to ULA, we have the following contraction result for SLA under strong log-concavity;

see Appendix A.3.

Lemma 3 Suppose v is a-strongly log-concave and L-log-smooth (ol =< —V?logv < LI) for
some 0 < o < L. Let py, p). be any two distributions evolving following the SLA algorithm (8).
Then for 0 < € < —2

a+L’
1 — 22l
L
Wa(p, p)? < (1 5 ot ) Wa(po, ph)>.
T 26T

The above implies that SLA has a unique stationary measure 7.. Despite Example 3, in general
SLA is biased, and the bias should be of order 2 since SLA is a second-order discretization method.
However, using the expansion within synchronous coupling as in ULA seems to still yield a bias of
order 1 due to the stochastic terms.

3. This is surprising because SFFI is biased even for minimizing a sum of two quadratic functions in space. Here the
consistency of SLA for OU relies on the property that variance adds linearly when we sum independent Gaussians.
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Question 1 Is it true that if v is strongly log-concave, then Wy (v, i) = O(€2)?

If Question 1 is true, then combined with Lemma 3, it implies an O(% log %) iteration complex-

ity bound for sampling from v up to Wasserstein error O(8), by choosing € = O(+/§) and running
SLA for k = O(2 log §) iterations to get Wa(pk, v) < Wal(py, %) + Wa(ie,v) = O(€?) = O(9).

We also note that a bias of order 2 may be the best we can hope for, since in general any higher
order necessitates running the algorithm with negative step size (Hairer et al., 2006, Theorem 3.18).
For the Langevin dynamics, this means running the heat flow backward in time, which is not only
non-implementable, but also not well-posed mathematically (except in special cases, e.g., see Mi-
ranker (1961)). But as entropy is a very special functional, it is possible this apparent difficulty may
be circumvented and implementable algorithms with higher-order bias may be found.

3. Optimization in the space of measures

Let us discuss further how to optimize in the space of measures. We review optimization in a smooth
Riemannian manifold in §C, including gradient flow and the forward and backward methods, and
conditions for exponential convergence such as gradient domination and strong convexity. We also
briefly recall the Wasserstein metric; see § D for a review or Villani (2008) for more detail.

Let P = P2(R™) denote the space of probability measures on R" with finite second moments,
endowed with the Wasserstein metric W induced by the quadratic distance. Every element p € P is
a probability measure represented by its density function p: R™ — R with respect to the Lebesgue
measure dz. The tangent space T,P consists of functions R: R” — R of the form R = —V-(pV¢)
for some ¢: R™ — R; we write R = V¢. The normof R = V¢is ||R||, = (Ep[HquHQ])%.

Suppose we wish to solve the optimization problem

in F
min (p)

where F': P — R is a smooth functional. There are two basic classes of interesting functionals:

1. Expected value: Suppose F'(p) = E,[f] is the expected value of a smooth function f: R™ —
R. This is an example of a “potential energy” (Villani, 2003, §5.2.2). It involves only a scalar
product of a density p and a function f, so can be implemented by samples in space. The
gradient flow, gradient descent, and proximal gradient methods for [E,,[ f] are implemented by
the corresponding gradient flow, gradient descent, and proximal gradient methods for f, with
the same convergence guarantees. Therefore, we can view a deterministic problem from the
space of measures without loss of information. See §F.1 for more detail.

2. Negative entropy: Suppose F'(p) = —H(p) is the negative entropy. This is an example
of an “internal energy” where we apply a function to the density p before integrating, so it
apparently cannot be implemented from samples in space. Interestingly, the gradient flow of
negative entropy is the heat flow, which is implementable by the Brownian motion (Gaussian
noise) in space. This also gives an optimization interpretation of the Fisher information as the
squared gradient of entropy. See §£.2 for more detail.

There is a third class of functionals which is “interaction energy”, for example variance. We do
not use interaction energy for sampling in this paper, but see §£.3 for the gradient flow of variance.
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3.1. Minimizing relative entropy

Our objective function for sampling is the relative entropy, which is a combination of the potential
and internal energies:

F(o) = H,(p) = [ plog E,[f] - H(p) ©)

where v = e~/ is the target measure. Relative entropy is nonnegative, H,(p) > 0, and it is
minimized at the target measure: H,(p) = 0 if and only if p = v.

3.1.1. LOG-SOBOLEV INEQUALITY AS GRADIENT DOMINATION OF RELATIVE ENTROPY

The squared gradient of relative entropy F'(p) = H,(p) is the relative Fisher information:

Ju(p) =E, [HVIogi‘ﬂ .

Note that p = v is the only stationary point of H,; because if p is a stationary point of H,, then
| grad,, H,,H% = Jy(p) = 0, and it is clear that .J,,(p) = 0 if and only if p = v.

The gradient domination condition || grad F||?> > 2a(F — min F'), a > 0, for relative entropy
F = H, becomes the logarithmic Sobolev inequality (LSI) (Gross, 1975; Otto and Villani, 2000):

Ju(p) > 2aH,(p) VpeP.

The gradient flow identity %F(p) = —| grad, FH% becomes %Hl,(p) = —Jy(p), which is a
generalization of the De Bruijn’s identity.

The set of measures satisfying LSI includes all strongly log-concave measures, and it is closed
under bounded perturbation with a constant that decays exponentially with the size of the perturba-
tion (Holley and Stroock, 1987). Thus, even a multimodal distribution such as a mixture of Gaussian
satisfies LSI, and hence the Langevin dynamics converges exponentially fast.

The Hessian of relative entropy F'(p) = —H,(p) is, for a tangent function R = V¢ € T, P,

(Hess, H,)(R, R) = E,[|V?¢|fis + (Vo, (V2 f)V)].

Therefore, if f is strongly convex (v is strongly log-concave), then F' = H,, is also strongly convex,
in which case any two co-evolving solutions are contracting exponentially fast. However, note that
the Hessian of H,, is not bounded above.

3.1.2. LANGEVIN DYNAMICS AS GRADIENT FLOW OF RELATIVE ENTROPY
The gradient of F'(p) = H,(p) is grad, F' = —V - (pVlog £) = Vlog ©. Therefore, the gradient

flow equation p = — grad,, F’ of relative entropy is the Fokker-Planck equation (3):
dp p
5=V (leog;) = V- (oVf) + Ap. (10)

This is implementable in space as the Langevin dynamics stochastic differential equation (4):

dX = =V f(X)dt +2dW.
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When the target measure is Gaussian, namely for the Ornstein-Uhlenbeck (OU) process, we have
an exact solution, as we have seen in Example 1. However, in general we need to discretize.
If v satisfies a-LSI, then along the gradient flow (10),
d
dt

which implies exponential convergence in relative entropy:

H,(pi) < e > H,(po).

This also implies exponential convergence of the distance Wa(py, v), since LSI implies the Tala-
grand inequality: Wa(p,v)? < %Hl,(p),Vp € P (Talagrand, 1996; Otto and Villani, 2000). This
is because in general gradient domination implies the sufficient growth property, see Appendix C.1.

Hy(p) = —=Ju(p) < —2aHy(p),

3.1.3. FORWARD METHOD FOR LANGEVIN DYNAMICS

The forward method py.11 = exp,, (—egrad,, F') for relative entropy F' = H,, is

k
s =y, (- 10g )

where recall grad , F' = V log £ If py is K-log-semiconcave relative to v, which means —V?log Bl

K1 for some K € R, then for € < the exponential map above is given by:

1

max{0,— K}’
Pk

prir = (1= eViog ) py. (11)
v/ #

If we know the analytic form of pg, then we can implement one step of the algorithm by z; 1 =
xp— €V f(z) — €V log pi(z1). However, we cannot iterate this algorithm because at the next round
we do not know what py 1 is, we only have x4 1.

For Gaussian target measure, we can solve the forward method with Gaussian initial data.

Example 4 (Forward method for OU with Gaussian data.) Let v = N'(u,X) as in Example 1.
Let pg = N(u, So) with S5' = %71 Along the forward method (11) for OU, py, = N (u, Z)
stays Gaussian. Further, (11) becomes xj11 — p = (I + (X1 — S7Y)) (@ — p). Therefore,
Ype1 = Zp(I + E(EI;I — X712 The only fixed point is ¥, = Yy41 = 3. Thus, the forward
method is consistent for OU with Gaussian data.

3.1.4. BACKWARD METHOD FOR LANGEVIN DYNAMICS
The backward method py41 = arg min,ep{F(p) + 5-Wa(p, pi,)*} for relative entropy F' = H, is
PEk+1
eXPp, ., (EV log TJr) = Pk

If pj.41 is L-log-smooth with respect to v, which means —V? log p’“% = LI for some L > 0, then
for e < % the backward method above is implemented (implicitly) by:

Pk+1
I+eV1 ) = . 12
( +eVIog = 7 ) pret = pr (12)

In general this is not solvable analytically.
For Gaussian target measure, we can solve the backward method with Gaussian initial data.

10
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Example 5 (Backward method for OU with Gaussian data.) Lerv = N (u, X)) as in Example 1.
Let po = N(u,X0) for simplicity. Along the backward method (12) for OU, pr = N(u,Xy)
stays Gaussian. Further, (12) becomes (I — E(leil — YY) (g1 — p) = x — p. Therefore,
Ypr1(I — E(Eﬁl — %712 = %. The only fixed point is ¥, = Y11 = %. Thus, the backward

method is consistent for OU with Gaussian data.

4. Langevin dynamics as composite optimization in the space of measures

In §3.1 we have seen how to optimize H, (p) by considering it as a single function. We now study
how to optimize H,(p) as a composite function when we write it as a sum of two functions:

Hy(p) = Eplf] — H(p).

4.1. Forward-Backward for Langevin dynamics

In general, the algorithm of choice for composite optimization is the Forward-Backward (FB) algo-
rithm, which means we run the forward method for one component and the backward method for
the other. (Equivalently, we can run the Backward-Forward algorithm, which is the adjoint version.)
The FB algorithm is consistent because the backward method is adjoint to the forward method, so
the FB algorithm preserves the stationary point; see § F' for a review. FB can be shown to converge
exponentially fast under gradient domination condition and some smoothness assumptions (Garri-
gos et al., 2017); see also §F.2. In principle, the FB algorithm for the Langevin dynamics is the
answer we are seeking.

For optimizing relative entropy, the FB algorithm means running the forward method for E, | f]
(which is implemented by the gradient descent for f), followed by the backward method for —H (p):

pk_’_% = (I — GVf)#pk (133)
Pktl = argmin{ — H(p) + iVV (psp 1)2} (13b)

We cannot implement the backward method for the heat flow in (13b), so the FB algorithm
above is not implementable in general. For Gaussian target measure, we can solve FB for Gaussian
initial data. In this case the distributions stay Gaussian, and FB is indeed consistent; see Example 8
in §G.1.

4.2. Backward-Forward for Langevin dynamics

Similarly, we can run the Backward-Forward (BF) algorithm for the Langevin dynamics.
For optimizing relative entropy, BF means running the backward method for E,[f] (which is
implemented by the proximal gradient step for f), followed by the forward method for —H (p):

Prtl = ((I+ GVf)_l)# Pk (14a)
Pri1 =€xp, (—eVlogp, 1). (14b)
+3 2

The BF algorithm above is not implementable in general, since we cannot implement the for-
ward method for the heat flow beyond one step. For Gaussian target measure, we can solve BF for
Gaussian initial data. In this case the distributions stay Gaussian, and BF is indeed consistent; see
Example 9 in §G.2.

11
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5. Discussion and future work

In this paper we have studied sampling as optimization in the space of measures. We started with the
question of whether we can have a consistent discretization of the Langevin dynamics that converges
exponentially fast under LSI. We have seen that the difficulties are twofold: First, relative entropy
is a composite optimization problem in the space of measures, so we have to work with composite
algorithms. Second, the heat flow is exactly solvable, but neither its forward nor backward methods
are implementable. Therefore, unbiased algorithms such as the FB algorithm are not implementable
for the Langevin dynamics. The basic discretization known as ULA is implementable but biased.
We also proposed a symmetrized variant of ULA which should have a smaller bias, at the price of
implementing the proximal gradient step in space.

We have focused on the Langevin dynamics, which is the gradient flow dynamics for minimizing
relative entropy. More generally, we can apply more sophisticated optimization techniques, such as
acceleration, to sampling. There is a second-order variant of the Langevin dynamics known as
the underdamped Langevin dynamics, which is the stochastic version of the second-order heavy
ball dynamics for optimization, and has been shown to have better convergence properties than the
Langevin dynamics (Cheng et al., 2018). However, it is interesting to consider whether we can also
apply the acceleration principle directly in the space of measures, for example via the variational
Lagrangian approach (Wibisono et al., 2016).
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Appendix A. Details for §2
A.1. Proof of Lemma 1 (Contraction of ULA)

We use synchronous coupling to show iteratively that

2eal
a—+ L

Wo(pri1, Phsr)? < <1 - ) Wl pi, pi)?

which will imply the desired claim.
Let xy, ~ pg, @}, ~ pj, be coupled with the optimal coupling, so Wa(py, p}.) = E[||zx, — 2} ||?].
We evolve xy, :E;C via ULA (5) with the same Gaussian noise 2y, (this is the synchronous coupling):

Ty = T — eV f(xr) + V2ez;,
Tl = a), — eV f(z}) + V2ez.

Subtracting and taking the squared norm, we obtain

kst = @a I? = llow — @), — e(Vf () = V()]

= |l@ — 24 |1* = 2¢(V f(zx) — VF(2}), 26 — 2h) + €V f(wr) — V()]

Since f = — log v is a-strongly convex and L-smooth, we have by (Nesterov, 2004, Theorem 2.1.12):

(V5 on) = VI, on = o) = =" o — P+ — 9 (on) — VIGDIE 03)

“a+ L

Therefore, we have the bound

2eal 2
o = ol < (1= 205 ) o= bl e (e 2 ) 19 - SGIP

Ifo<e< QJ%L then the second term above is nonpositive, so we may drop it:

2eall
s = ol < (1= 290 ) o -

Now we take expectation and use the fact that z, =}, have the optimal coupling:

2eall 2eall
Bllss = aha ) < (1= 297 ) Bl - o) = (1= 225 ) Watouo i

Finally, by the definition of Wasserstein distance as the infimum over all coupling, we conclude

2eal
a+ L

Wa(prt1, Prr1)” < (1 - ) Wa(pk, p)?

as desired. O

A.2. Proof of Lemma 2 (Bias of ULA)
This follows from the noiseless case (& = o = 0) of (Dalalyan and Karagulyan, 2017, Theorem 4).
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A.3. Proof of Lemma 3 (Contraction of SLA)

We follow the same outline as §A.1. We use synchronous coupling to show iteratively that

Waprests Ppsy)? < % Walpi, Pl )2
+1s P41 = 1+26£F7LL » Pk

which will imply the desired claim.
Let y, ~ pg, @}, ~ pj, be coupled with the optimal coupling, so Wa(py, p}.) = E[||zx, — 2} ||?].
We evolve xp, :z:§C via SLA (8) with the same Gaussian noise 2y, (this is the synchronous coupling):

Trr1 + €V f(wp1) = o — €V (1) + V2ezp
st + V[ (@) = @) — €V f(a}) + V2ez,.

Subtracting and taking the squared norm, we obtain

k1 = 21 + e(VF(@ra1) = V(@) IP = lze — 2 — e(VF(@r) = V()]

We expand both sides and use the inequality (15). Asin §A.1, for 0 < e < OH%L, the right hand
side is upper bounded by (1 — ?jj‘f Mk — x}.||*. Similarly, the left hand side is lower bounded by
(1+ szf )| #x41 — 2,1 [|*. Combining and taking expectation, we obtain
1—2e2k 1—2e2k
El||lzps1 — 244 )P < | ——2EL ) E[||zg — 24 )17] = | ——22 ) Wa(pg, p),)2
oss — 7] < (1 et ) Bl =l = (T 5 | Wl

Finally, by the definition of Wasserstein distance as the infimum over all coupling, we conclude

Wapiots Popr)? < Lo 2 Wa(pr, p)?
+1 Pk+1) = 1+ 26@03_711 » Pk
as desired. O

A.4. SLA and ULA for mixture of Gaussians
Let the target measure be an equal mixture of two Gaussians:

1 1
v = 5./\/'(—&,[) —i—i/\/'(a,l)

for some a € R™. Then we can write f = — log v as
F(a) = g llall> ~ Togcosh((r, a)) + 5 all* + & log(2m).
The gradient of f is V f(x) = x — tanh((z, a))a.
ULA. The ULA iteration for mixture of Gaussians is:
Tpp1 = (1 — €)zp + etanh((zy, a))a + V2ez,

where z, ~ N (0, I) is independent of ;5. We can run this directly.
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SLA. The ULA iteration for mixture of Gaussians is:
(1 + €)zpy1 — etanh((zpy1,a))a = (1 — €)xp + e tanh((zy, a))a + Vez, (16)

where z, ~ N(0, I) is independent of z.
Let vy = (x,a) € R. Taking the inner product of both sides of (16) with a gives us

(1 + €)vpp1 — €]lal? tanh(vps1) = (1 — €)vy, + €|al|? tanh(vy) + VAe(zy, a).

Given v, and 2z, we can invert the equation above to solve for vy, 1, which is well-defined for small
€. Once we have vi41 = (241, a), we can substitute it to (16) to solve for zj1:
1—c¢ € V4e

TSk + e (tanh(vg) + tanh(viy1)) a + Tre

Tht+1 = 2.

Appendix B. A review of discretization methods for a flow in space

We provide brief review of discretization methods, and refer to (Hairer et al., 2006) for more detail.

B.1. Integrator, order, and adjoint

Let ¢ = (¢)er be the flow of the differential equation & = v(z) for a smooth vector field v on
R™. An integrator for ¢ is a family A = (A,)ccr of algorithms A.: R™ — R", indexed by a step
size € € R (or € in a neighborhood of 0), such that Ay = I is the identity map, (€, z) — A.(z) is

smooth, and
A _
lim Alz) —z =v(z) VazeR"
e—0 €

We say that the integrator A has order p, for some p € N U {+oc}, if
lpe(x) — Ac(z)|| < O(P™)  ase—0, Vo € R

where the bound on the right hand side above may depend on .
The adjoint of an integrator A = (A¢)ccr is another integrator A* = (A¥).cr defined by

A= (A7

(If A, is defined for € in a symmetric interval around 0, then A} is defined for € in the same interval.)
This definition of adjoint satisfies (A*)* = A and (A o B)* = B* o A* for any integrators A and
B, where A o B = (A¢ o Be)eer is the composition of two integrators.

We say that an integrator A is symmetric if it is self-adjoint: A* = A. We can symmetrize any
integrator A by composing it with its adjoint in either order; this gives two symmetric integrators
Ao A* and A* o A, which in general are not equal. We recall the following results.

Lemma 4 ((Hairer et al., 2006, Theorem 3.2))

1. An integrator A and its adjoint A* have the same order.
2. If A is symmetric, then its order is even.

For example, the exact flow ¢ = (¢¢)er is a symmetric integrator of order +oc. This is the
ideal integrator, but typically not computable in practice. There are two first-order integrators that
come from basic discretizations: the forward (explicit) method, and the backward (implicit) method.
We can also symmetrize them to obtain second-order integrators. We describe them further below.
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B.2. The forward method

We wish to approximate the differential equation & = v(x). The forward method F = (F,).cR uses
the approximation 2 (F¢(z) — 2) = v(z), or equivalently,

Fe(z) =z + ev(x). (17)
We also write
Fe=1+ev (18)

where I is the identity map. This is known as the forward or explicit Euler method, because given
where we are now, we can determine where to go next with little computation. If v is smooth and
Lipschitz, then the forward method F; is a diffeomorphism for ¢ in a small enough neighborhood
around 0, therefore F is an integrator. Furthermore, F has order 1 because F is performing a first-
order approximation.

B.3. The backward method

We wish to approximate the differential equation # = v(x). The backward method B = (B¢)ccr
uses the approximation 1 (B.(z) — z) = v(B.()), or equivalently,

Be(z) — ev(Be()) = = 19)
Therefore,

Be= (I —ev) L. (20)

This is known as the backward or implicit Euler method, because to determine where to go next

we need to solve an implicit equation (19), or equivalently compute the inverse of an operator (20).

As in the forward method, if v is smooth and Lipschitz, then for small |e|, the map [ — ev is a

diffeomorphism. So B, = (I — ev)~! is also a diffeomorphism, and therefore B is an integrator.
Furthermore, observe that we can write

Therefore, the backward method is the adjoint of the forward method, and thus by Lemma 4 they
have the same order 1.

B.4. Symmetrized methods

We can consider the symmetrized versions of the basic methods. There are two versions: the sym-
metrized forward method—which applies the forward method followed by the backward method—
is known as the trapezoid rule, while the symmetrized backward method—which applies the back-
ward method followed by the forward method—is known as the implicit midpoint rule. Both have
order 2, being symmetric methods. We can also consider compositions of basic methods with vary-
ing step sizes, properly chosen to increase the order of the resulting algorithm; see (Hairer et al.,
2006, §IL.IT.4).
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B.5. On order of error and order of bias

We show that the order of the discretization error of an algorithm is the same as the order of the
bias, at least under strong convexity. Thus, if we can find a discretization algorithm of high order,
then we are guaranteed the bias will be small.

Suppose the vector field v satisfies the following monotonicity property for some o > 0:

(w(z) —v(y),z—y) < —allz—y|* VYaz,yeR™ @21)

This is satisfied, for example, for gradient flow of a strongly convex function, i.e., v(z) = —V f(x)
where f: R™ — R is a-strongly convex. The condition above implies any two solutions of the flow
of v contract exponentially fast, and in particular there is a unique fixed point x*. We now show that
any integrator for the flow of v will also converge exponentially fast to a biased limit of the same
order as the discretization error.

Lemma 5 Let A = (A¢)cer be an integrator of order p € N for the flow of v satisfying (21). Let
xo € R™ and define iteratively xj11 = Ac(xy). Then

lzy, —a*|| < O(P) + e *F||lag — 2.
In particular, the bias of A¢ is O(€P).

Proof Let Z(t) = ¢i(xo) be the flow of v starting from z(0). We compare z;, with Z(ek). By
triangle inequality,
[l — 2™ < [lew — Z(ek)|| + [|Z(ek) — 2.
The first term is upper bounded by e =¥ ||#(0) — z*|| by property (21). We need to show the second
term O, := ||z — Z(ek)]| is O(€P).
Consider the flow ¢ (x_1) of v starting at z5_1. We also write z;, = Ac(zr_1) and Z(ek) =
©e(Z(e(k — 1))). By triangle inequality,

0k = |z — Z(ek)|| < [Ac(zr—1) — Pe(@p-1) |l + [|e(zr-1) — @c(Z(e(k — 1)))]-

The first term above is O(ePT!) since A, is an order-p integrator. The second term above is upper
bounded by e *“||zx_1 — Z(e(k — 1))|| = e~ *0r_1 by the contraction property of ¢, by (21).
Then

S < O(PH) +e76, .

Unfolding the recursion with o = 0 (since Z(0) = x(), we get

p+1 _ —«ek
5 < O@ (1=

- 1 —eac

= O(e?)

as desired. ]
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Appendix C. A review of optimization in Riemannian manifold

We review optimization in a smooth Riemannian manifold. We focus on gradient flow and simple

discretization methods including the forward and backward methods. We discuss sufficient condi-

tions ensuring exponential convergence rate including gradient domination and strong convexity.
Let M be a complete smooth Riemannian manifold of dimension n > 1. Let

f+M—R
be a smooth objective function. We assume f is bounded below and achieves its minimum in M
(not necessarily at a unique point), so the set of minimizers

z"(f) = arg min f(z)

is not empty. Let min f = ming¢ s f(x) be the minimum value of f.
We want to solve the optimization problem
min f(z)
which is equivalent to the problem of reaching the set of minimizers z*(f). The basic dynamics

that achieves this task is gradient flow. We first recall some conditions that ensure exponential
convergence rate.

C.1. Conditions ensuring exponential convergence

We say that f is a-strongly convex for some o > 0 if
Hess, f = al Ve M.

Here recall the Hessian Hess, f is the bilinear form on the tangent space T,M that measures
the second rate of change of f along geodesics, and the condition above means (Hess, f)(v) =
(Hess,, f)(v,v) > afjv||2 forallv € T, M.

We say that f is a-gradient dominated for some o > 0 if

| grad,, f||2 > 2a(f(z) —min f) Va € M.

For M = R", this is known as the Polyak-Lojaciewicz condition or the Kurdyka-t.ojaciewicz
condition (Polyak, 1963; Lojasiewicz, 1963). In the setting of M = P,(R™) with the relative
entropy functional, this is known as the logarithmic Sobolev inequality (Otto and Villani, 2000).
Observe that if f is gradient dominated, then any stationary point of f (where the gradient vanishes)
must be a global minimum.

We say that f has a-sufficient growth for some o > 0 if

F(z) — min f > %d(x,:p*(f))Q Ve M.

Here d(z,x*(f)) = inf,«cy«() d(w, ") is the distance from z to the minimizer set z*(f). In
the setting of M = Py(R™) with the relative entropy functional, this is known as the Talagrand
inequality (Otto and Villani, 2000).

We recall the following implications from (Otto and Villani, 2000, Propositions 1 & 2’), which
follow by interpolating the inequalities along the gradient flow.
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Lemma 6 Letr o > 0.
1. If f is a-strongly convex, then f is a-gradient dominated.

2. If f is a-gradient dominated, then f has a-sufficient growth.

C.2. Gradient flow

The basic dynamics for minimizing a function f is the gradient flow:
T = —grad,, f. (22)

Here grad, f € T;M is the metric gradient of f at x, which in local coordinate is given by mul-
tiplying the vector of partial derivatives of f by the inverse metric at . Gradient flow is a descent
flow:

d .
7/ (@) = (grad, f,3)z = | grad, f|7 < 0.

We are interested in quantifying how fast the convergence occurs.

C.2.1. EXPONENTIAL CONTRACTION OF SOLUTIONS UNDER STRONG CONVEXITY

Strong convexity is the weakest condition needed for exponential contraction between solutions.
Indeed, suppose f is a-strongly convex for some « > 0, and let z(¢), y(t) be two solutions of the
gradient flow (22). Assume x(t) and y(¢) are close enough so that the geodesic connecting them
is minimizing. Then the gradient of the squared distance x + d(z,y(t))? is grady ) d(- y(t))? =
—2log, ;) (y(t)) (see for example (Ferreira, 2006)). Here log,y € T, M is the logarithm map,
which is the inverse of the exponential map, i.e., v = log, v if and only if y = exp_(v). Similarly,
the gradient of y +— d(y, z(t))? is grad, d(, z(t)? = —2log,;)(x(t)). Then we have (hiding
dependence on t for simplicity):

gd(x(t% y(t))2 - _2< 10g$(y>7 $>x - 2< logy(x)v y>y

dt
= 2< log,(y), grad, f>x + 2< log, (), grad,, f>y. (23)

On the other hand, by the strong convexity of f, we have

o
a
f(@) > f(y) + (grad, f,log, x)s + Sd(z,y)*.
Summing yields (grad, f,log, y). + (grad, f,log, ), < —ad(z, y)2. Substituting to (23) yields

d

S (), y(1)* < —2ad(x(t), (1))

Therefore, d(x(t),y(t))? < e~22%d(x(0),y(0))?, as desired.
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C.2.2. EXPONENTIAL CONVERGENCE OF FUNCTION VALUE UNDER GRADIENT DOMINATION

Gradient domination is the weakest condition needed for exponential convergence of function value.
Indeed, suppose f is a-gradient dominated for some o > 0. Then along the gradient flow,

d . .
5 f(2) — min f) = —[| grad, I3 < —2a(f(x) — min f).

Therefore, f(x(t)) —min f < e~ 2¥(f(x(0)) — min f). This also implies exponential convergence
to the minimizer, since gradient domination implies sufficient growth.

C.3. Gradient descent

Gradient descent algorithm for minimizing f with step size € > 0 is the iteration

Try1 = exp,, (—egrad,, f).

Here we assume e is small enough so the geodesic from xy to 241 is minimizing.

As in gradient flow, in general we can get exponential contraction between solutions of gradient
descent under strong convexity, and get exponential convergence in function value under gradient
domination. However, we now also need a smoothness assumption on f. Specifically, suppose f
is a-gradient dominated for some o > 0. Assume further f is L-smooth for some L > 0, which
means Hess f < LI. This implies, for x, y sufficiently close,

fy) < f(x) + (grad, f,log, y)z + gd(w, y)>.

2

Plugging in 2 = x, y = 251 along gradient descent with d(x,y)? = €?|| grad,, f||2, . we obtain

Flann) < flan) = e (1= 5 ) lad, 712, (1)

Ifo<e< %, then we can chain the last term above with the gradient domination inequality to
conclude that

ansn) ~min < (120 (1= 5 ) ) (7o) - min ),

Unrolling the recursion gives the exponential convergence in function value:

Flan) = min f < (1 ~ 20¢ (1 - j))k (o) — min ).

For example, if € = %, then the rate is (1 — %)k This also implies exponential convergence in
the distance to minimizer by the sufficient growth property. See also, for example, (Ferreira and
Oliveira, 1998; Zhang and Sra, 2016; Karimi et al., 2016).
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C.4. Proximal gradient

The proximal gradient method for minimizing f with step size € > 0 is

) 1
Shs = arg min {f(o:) + Lag, W} | 25)
zeM 2e
Assume € > 0 is small enough so the minimizer above is unique and within the injectivity radius of

). Then the minimizer x4 is characterized by grad,, . (f + id(, 71)?) = 0, or equivalently,

log,, ., ok = egrad,,  f.

This is equivalent to the implicit update exp,, (e grad,, f) = xx, which generalizes the usual
update xi 1 + €V f(2r11) = x in the Euclidean case.

As before, in general we can get exponential contraction between solutions under strong con-
vexity, and get exponential convergence in function value under gradient domination. Unlike in
gradient descent, here we do not need a smoothness assumption on f, but we need to solve the
implicit update above.

Suppose f is a-gradient dominated for some o > 0. Since x4 is the minimizer of (25),

Flenan) + o dan, ) < flaw)

2

Equivalently, since d(zx41,2x)* = || grad,, ., f|Z,.

1 €
f(@pyr) = flag) < —Ed(xkﬂvxk)Q = —§H grad,, ngkH-

Now using the gradient domination inequality and collecting the terms give us

f(@ps1) —min f < (f(ax) — min f). (26)

~ 14 e
Unfolding the recursion, we conclude that

1

f(zg) —min f < m

(f(zo) — min f).
See also, for example, (Ferreira and Oliveira, 2002; de Carvalho Bento et al., 2016)

C.5. Symmetrized forward method

The symmetrized forward method for minimizing f is the composition of the gradient descent and
the proximal gradient methods:

xk+% = €XPg,, (_6 gra’dzk f) (273.)
. 1
Tl = arg min {f(l’) + Qed(x,:cﬂé)z} : (27b)

Note that this is the Forward-Backward algorithm for composite optimization, applied to the self-
decomposition 2f = f + f.
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Suppose f is a-gradient dominated and L-smooth for some 0 < o« < L, and let 0 < € < %
Then as in (24), the first update (27a) above implies

eL
Fapy) = Hawin) < = (15 ) lad, 712,
Similarly, as in (26), the second update (27b) above implies
€
Flawr) = flagg 1) < —5llgrads, FlZ s
Summing the two inequalities above and using the gradient domination inequality give us
el . .
Flawsr) = flzx) < —2ae (1= — | (f(2x) — min f) — ae(f(zp+1) —min f).
Collecting terms and unrolling the recursion, we conclude the exponential convergence rate

1—2a6( — <

) k
Y 2) (f (o) — min ).

f(zg) —min f < (

an k
. . [1-2 Lo .
For example, if € = %, then the rate is (H—é) , which is slightly better than for gradient descent.
L

Appendix D. A brief review of the Wasserstein metric in the space of measures

Let P = P,(R™) be the space of probability measures p on R™ with finite second moments. We
provide a brief review of the Wasserstein metric, and refer the reader for more detail to Villani
(2003, 2008); Carlen and Gangbo (2003); Otto and Villani (2000).

The Wasserstein metric W5 on P is defined as

Wa(p,v)? = inf E[|X —Y|? (28)

X~p, Y ~v

where the infimum is over all coupling of random variables (X,Y") with X ~ pand Y ~ v. This
formally endows P with an infinite-dimensional smooth Riemannian metric.
A tangent vector/function & € T, P is of the form

R=-V-(pV9)

for some function ¢: R™ — R. We also write R = V¢. The squared norm of R = V¢ is

IR, = IVglls = /p|!V¢\I2 =E,[[Vel?].

The gradient of a functional F': P — R is

oF
grad, FF = -V - <pV6p>

where %—i () is the naive (L?) derivative of F' with respect to p(x). There are also Hessian formulae

for specific functional classes (Villani, 2008, §15).
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When p and v are smooth and absolutely continuous, the optimal coupling in the Wasserstein
distance (28) is unique and induced by an optimal transport map which is the gradient of a convex
function: (X,Y) = (X, V¢(X)), where ¢: R™ — R is convex and satisfies (V¢)4p = v. There-
fore, if there is a convex function whose gradient pushes forward one measure to another, then that
gradient must be the optimal transport map. Furthermore, the geodesic in the Wasserstein metric
connecting one measure to another is obtained by linearly interpolating the optimal transport map
in space and taking the pushforward. We summarize this fact in the following lemma, which we use
in our discussion in this paper.

Lemma7 Let ¢: R" — R satisfy V2¢ = KI for some K € R. For0 < € < m, the
exponential map expp(eVd)) in the Wasserstein metric is given by the pushforward of the linear
map (I + eV) 4.

11

Proof The map I +eVop =V (T + egb) is the gradient of a convex function that pushes forward
pto exp,(eVe), so it must be the optimal transport map. [ |

Appendix E. Details for §3: Optimization in the space of measures

E.1. Expected value
Let
F() =Eylf] = [ pla)f(w)ds

for some smooth function f: R™ — R in space. If f is minimized at *(f) = arg mingcrn f()
with minimum value min f, then F' is minimized at any measure p supported on z*(f) with the
same minimum value, min /' = min f. Essentially, the behavior of F' is the same as that of f.

E.1.1. GRADIENT DOMINATION AND STRONG CONVEXITY

The gradient of F'(p) = E,[f] is grad, FF = =V - (pV f) = V[, s0 || grad, F|* = E,[[|[V f[?].
The gradient-domination condition || grad F'||?> > 2a(F — min F), a > 0, becomes

E,[IVf]I!] > 2aE,[f —min f] VpeP.

Therefore, I satisfies gradient domination in the space of measures if and only if f satisfies the
gradient-domination condition ||V £||? > 2a(f — min f) in space.

Similarly, the Hessian of F' is given by (Hess, F))(R, R) = E,[(V¢, (V2f)V¢)], for a tangent
function R = V¢ € T,P. Therefore, F'is strongly convex in the space of measures if and only if f
is strongly convex in space. In particular, if f (and hence F') is strongly convex, then f has a unique
minimizer * € R™, and F' has a unique minimizer = € P which is the point mass at =*.

E.1.2. GRADIENT FLOW
The gradient flow equation p = — grad, Fis

o _
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This is the continuity equation of the gradient flow equation of f in space:

T =—-Vf(z).

Therefore, the gradient flow of F'(p) = [E,[f] is implementable by the gradient flow of f in space.
Furthermore, the rate of convergence for F' is the same as the rate of convergence for f. If f (and
hence F') is gradient dominated, then the convergence is exponential in the function value, and
also in the distance to the set of minimizers. If f (and hence F') is strongly convex, then any two
coevolving solutions are contracting exponentially fast. If f (and hence F') is nonconvex, then the
limiting measure is supported on the set of local minima, with weights equal to the measure of the
corresponding basins of attraction under the initial measure.

E.1.3. GRADIENT DESCENT

The forward method or gradient descent py 41 = exp,, (—egrad, F’) becomes

Prt1 = exp,, (—eVf) (29)

where recall grad, F' = V f. Assume f is L-smooth, which means V2f < LI. Then for e < %,
the gradient descent for F' (29) is implemented by gradient descent for f in space:

pr+1 = (I — eV f)gpr.

Furthermore, if f (and hence F') is a-gradient-dominated for some o > 0, then gradient descent
converges exponentially fast in the function value:

F(pg) —min F < (1 — ce(2 — eL))*(F(pg) — min F).
3a

_ 1 . k . . . . .
For example, for € = 5, the rate is (1 — 3 ¢)". This also implies an exponential convergence rate in

the distance to minimizer. Similarly, if f (and hence F') is strongly convex, then any two solutions
are contracting exponentially fast.

E.1.4. PROXIMAL GRADIENT

The backward method or proximal gradient algorithm for F'(p) = E,|[f] is

1
= in<E —W 25,
Pie1 = argmin { plf1+ 5 Walp, pr) }
Equivalently, p;+1 solves the adjoint version of the equation (29):

exXPy, ., (€V ) = p.

This is implemented by the backward method or proximal gradient algorithm for f in space:
prr1 = (I + GVf)_l)# P

See below for detail. Here (I + eV f)~! is the proximal gradient operator for f; i.e., x4 =
(I + €V f)~(xy) if and only if

, 1
T+1 = arg min {f(x) + o5 llz = xk\|2} :
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This is well-defined if f satisfies —LI < V2f < LI forsome L > 0,and 0 < € < % Furthermore,
if f (and hence F') is a-gradient-dominated for some o > 0, then proximal gradient converges
exponentially fast in the function value:

F(pr) —min F < = (F'(po) — min F).

(14 ae)

This also implies an exponential convergence rate in the distance to minimizer. Similarly, if f (and
hence F') is strongly convex, then any two solutions are contracting exponentially fast.

E.1.5. DETAIL FOR §F£.1.4: PROXIMAL GRADIENT FOR EXPECTED VALUE

Let f: R™ — R be a smooth function.
The proximal step for f with step size € > 0 is the map F, ;: R” — R" given by

1
P, (z) = ' Sy — |2 Y
st =argmin {700 + 5l - ol

Taking derivative and setting it to zero, the solution y = P, y(x) satisfies V f(y) + (y — z) = 0,
or equivalently, y + €V f(y) = x. Thus,
Pg(z) = (I +eV )" ().
This is well-defined if f is L-smooth, i.e., —LI < V2f(z) < LI,and 0 < € < 1.
In the space of measure, this corresponds to the pushforward map
Pey(v) = (I +eVf) )y

We will show this is also the proximal step in the space of measure of the corresponding expected
value functional:

P f(v) = arggleig {Ep[f] + QLEW(@ 1/)2} .

We calculate the derivative and set it to zero at stationary point. At the minimizer p = R, (),
the gradient of F'(p) = E,[f] + 3-W (p,v)? vanishes. This means for any motion of p given by
% + V- (p€) = 0, we have

d 1 *
=g Fl)=[py) (VW) + -y = Ve (©), £) ) dy.

t=0

Here V is the optimal transport map that sends v to p, so I — V™ is the optimal map that sends
p to v. Since the integral above is zero for any &£, we must have (p—almost surely)

y+eVi(y) = Ve'(y).

0

Thus,
Ve*=1+¢€Vf

so the optimal map that sends v to p is
Vo= (I+evVf)™?
which is the proximal step map. Therefore, the solution p = P, (v) is given by
p=(Vo)pv = (I +eVf) v

which is the same as the pushforward of the proximal map above, as desired.
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E.2. Negative entropy
Suppose

F(o) =~H(p) = | p(o)logpla)da

is the negative entropy. It takes values in R U {4+o0}. The value 400 is achieved by a point
mass, or any distribution supported on a set of Lebesgue measure zero. Negative entropy is also
unbounded below, with the limiting value —oo achieved by the Lebesgue measure (which is not a
probability measure). For example, for a Gaussian distribution p = A (p, X), the negative entropy
is F(p) = —3 log det(2meX).

E.2.1. THE HEAT FLOW AS GRADIENT FLOW OF NEGATIVE ENTROPY

The gradient of F'(p) = —H(p) is grad, F' = =V - (pVlogp) = —Ap, or grad, F' = Vlog p.

Therefore, the gradient flow equation p = — grad,, F' of negative entropy is the heat equation:
dp
— = Ap.
ot~ 7

This has an exact solution which is the heat flow:
pt = po x N(0,2t1).
In space, this is implemented via addition of independent Gaussian noise:
Xy = Xo+ V2tZ (30)

where Z ~ N (0, I) is independent of X.* Note that p; tends to the Lebesgue measure as ¢ — 0.
Note also that variance grows linearly along the heat flow.

For example, if pg = N (p,X), then p; = N(u, X + 2tI). In this case negative entropy
decreases logarithmically: F(p;) = —%log(2me) — 2 3" | log(\; + 2t), where A1, ..., A, > 0
are the eigenvalues of > > 0. This logarithmic rate is also the fastest rate at which negative entropy
decreases along the heat flow. This follows from the fact that Gaussian minimizes negative entropy
for a given covariance, so F'(p;) > F(N(0,X + 2tI)) where X is the covariance of pg.

By the nonnegativity of mutual information, we also have a logarithmic upper bound on negative
entropy. Indeed, since I(Xo; X;) = H(X;) — H(X:| Xo) > 0and H(X; | Xo) = H(N(0,2t1)),
we have F'(p;) < F(N(0,2tI)). However, the upper bound is +o00 at ¢ = 0. Using the entropy
power inequality, we can improve this to F'(p;) < —2 log(e~» F(r0) 4 =2 FN(02D))  which has
the same logarithmic behavior for large ¢, and takes the correct value F'(pg) att = 0.

E.2.2. FISHER INFORMATION AND CONVEXITY OF NEGATIVE ENTROPY

The squared norm of the gradient of negative entropy F' = —H is the Fisher information:

J(p) = E,[[|V log p[|*].

4. The true solution of the heat flow is the Brownian motion in space. However, at each time, the solution has the same
distribution as (30) above.
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Therefore, the gradient flow identity £ F(p) = —|| grad, F||* becomes 4 H(p) = J(p), which is
known as De Bruijn’s identity in information theory (Stam, 1959).
The Hessian of F'(p) = —H(p) is, on a tangent function R = —V - (pV¢) € T, P,

(Hess, F)(R, R) = E,[[[V*¢|fs].

The expression above is nonnegative; therefore, negative entropy is a convex functional in the
space of measures. It is not strictly convex in general, but it is strongly convex along geodesics
that preserve the mean, with strong convexity parameter the Poincaré constant of the distribution;
see (Carlen and Gangbo, 2003, Corollary 2.5). Note that the Hessian of negative entropy is not
bounded above.

We also note that the gradient flow identity g—;F(p) = 2(Hess F')(grad F, grad F') becomes

%H(p) = —2K (p), where K (p) is the second-order Fisher information:

K(p) = E,[||V?log pl[fs].

This is used in the proof of the concavity of entropy power along the heat flow (Dembo et al., 1991;
2

Villani, 2000). Moreover, since %H (p) = J(p) > 0 and %H (p) = —2K(p) < 0, entropy is

increasing and concave along the heat flow; this is also a consequence of the general fact that a

convex function is decreasing in a convex manner along its own gradient flow.

E.2.3. FORWARD METHOD FOR HEAT FLOW

The forward method py 41 = exp,, (—egrad o F) for negative entropy F' = —H is

Pr+1 = exp,, (—€V log py)

where recall grad,, F' = Vlog p. If py is K-log-semiconcave, which means ~V2log py, = KI for
some K € R, then for e < m, the forward method above is implemented by:

pr+1 = (I — eV log py)4pk- (31

If we know the analytic form of V log pg, then we can run one step of the algorithm above by
Tpr1 = xp — €Vlog pr(xr). However, in the next step we do not know the analytic form of
V log pi+1, SO we cannot continue running it.

For Gaussian initial data, we can solve the forward method. In this case the distributions stay
Gaussian, but the variance grows faster than in the heat flow.

Example 6 (Forward method for heat flow with Gaussian data.) Ler po = N (19, %0), € > 0.
Along the forward method (31) for the heat flow, pr. = N (., L) stays Gaussian. Furthermore,
the algorithm (31) becomes the iteration x1 = (I + 62,;1)3:,1C — 62;1/%. Since xj; ~ N (g, ),
Tpa1 ~ N (g, 2k (I + 62;1)2). Therefore, g1 = pr = po and Ypr1 = Sg(I + 62;1)2. Note
that Xy, = X1 + 2el = Xg + 2ekl, so variance grows faster than in the heat flow (with t = €k).
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E.2.4. BACKWARD METHOD FOR HEAT FLOW

The backward method py,41 = arg min,cp{F(p) + - Wa(p, pi)?} for negative entropy F' = —H
is
exp,, ., (eV1og pri1) = pi.

If p41 is L-log-smooth, which means —V?log pj1 =< LI for some L > 0, then for ¢ < % the
backward method above is implemented (implicitly) by:

(I + €V 1og pri1)#Pk+1 = Pk (32)

In general this is not solvable analytically. For Gaussian initial data, we can solve the backward
method. In this case the distributions stay Gaussian, but the variance grows slower than in the heat
flow (and in contrast to the forward method), see also (Carlen and Gangbo, 2003, Remark, §3).

Example 7 (Backward method for heat flow with Gaussian data.) Let pg = N (o, Xo) and 0 <
€ < Amin(X0). Along the backward method (32) for the heat flow, pr = N (g, Xk) stays Gaus-
sian. Furthermore, the algorithm (32) becomes the iteration (I — EEI;il)ka + EE,;il,ukH = T.
Since 11 ~ N (pt1, Bkt1), Tk ~ N (pgs1, Zpr1(L — EZ,;il)Q). Therefore, jig+1 = jx = Jo
and Yy 1(I — 62,;1_1)2 = Yy Equivalently, Y11 = 3(Xj + 2el + {Z4(Zk + 46])}%) =
Y+ 2el — 622;1 + O(€3). In particular, X < Yp_1 + 2el < g + 2¢kI, so variance grows
slower than in the heat flow.

E.3. Gradient flow of variance

The variance of a probability density p on R" can be written as

1

Var(p) = 5 [ plalplu)le vl dedy.
77.>< n

This is an example of an “interaction energy” of (Villani, 2003, §5.2.2), which in general is of
the form F(p) = 3 [zn, gn p(2)p(y)W (z — y) dz dy where W: R™ — R is a symmetric convex
function. Variance is the case when W (z) = ||z||%.

In general, the gradient of the interaction energy is grad , F' = —V - (pV(pxW)) = V(px W),
where # is the convolution. For variance with W (z) = || 5, we have (p* W)(x) = [pn p(y)||z —
y|I?> dy. Then V(pxW)(x) = 2 [ p(y)(x—y) dy = 2(x — p(p)) where pu(p) = E,[X] is the mean
of p. Therefore, the gradient of variance is grad, Var = —V - (pV(p*x W)) = =2V - (p(z — u(p))).
Notice that

Jivad, Var | = [ pl9(p W2 =4 [ pllo ~ (o) [ = 4 Var(e).

Therefore, along the gradient flow of variance, % Var(p) = —|| grad, Var |> = —4 Var(p), which
implies Var(p;) = e~* Var(pp).
The gradient flow of variance p = — grad, Var is

%~ 29 (ol — (o).
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Observe that the mean is preserved:

d ap

Hp) = i 2 . V- (p(x = p(p)))z = —2/n p(z — p(p)) = =2(u(p) — n(p)) =0

where in the calculation above we have used integration by parts. Therefore, p(p) = pu(po) = po is
fixed along the gradient flow of variance. Thus, the gradient flow of variance becomes

P~ 29 (plar — o).

This has an exact solution
p(t,z) = e po(e*z 4+ (I — e* ).
Furthermore, this is implemented in space by shrinking around the mean:

(1) = po + e (x — po)-

Appendix F. A review of composite optimization

Let M be an n-dimensional smooth Riemannian manifold. We consider the composite optimization
problem

min f(z)+g(z)

where f,g: M — R are smooth functions. One way to solve this optimization problem is to apply
basic algorithms—gradient flow, gradient descent, or proximal gradient—to the objective function
f + g. However, sometimes we can compute these algorithms on f and g individually, but not on
their sum; an example is the Langevin dynamics in discrete time.

One algorithm for solving this optimization problem is the Forward-Backward (FB) algorithm,
which alternates between a forward step (gradient descent) for f and a backward step (proximal
gradient) for g. The iteration can be written as a composition of two steps, with a step size ¢ > 0:

Tpp1 = exp,, (—e grad, f) (33a)
. 1 2
Ti+1 = arg min {g($) + %d(x,kar%) } . (33b)

Recall that the optimality condition for the second equation (33b) is exp,, (€ grad,, g9) =
;. 1. Combining this with (33a), we can write the FB algorithm as defined implicitly by the identity
2

expka(G gradm+1 g) = expxk(—e grad,, ). (34)

F.1. Why does Forward-Backward work?

The minimizer (or any stationary point) of f + g is a fixed point of the forward-backward algorithm.
This is because the backward step (proximal gradient) is the inverse of the negative forward step
(gradient descent).

Concretely, let £* € M be a stationary point of f + g, so grad,- f + grad,. g = 0. Suppose
we start at 7, = x*. Then in the first half-step we move to x; 1= OXpge (—egrad,« f), which
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in general is different from z* (because x* may not be a stationary point of f, so grad,. f # 0).
However, the next half-step brings us back to ;41 = z*; this is because 41 by definition satisfies
the consistency equation

expmkﬂ(e gradxk“ g) = Tpp1 = exp,«(—e grad,. f)

and we see that ;41 = 2™ is a solution since grad . g = — grad« f.

This pairing between methods which are inverses of each other is important to make the algo-
rithm converge to the true minimizer of the composite function. By symmetry, we can also use the
backward and forward method, which will also converge to the correct minimizer. However, if we
choose any other pairing, then the algorithm will have a bias, i.e., it will converge to a point that is
different from the true minimizer.

F.1.1. EXAMPLE: QUADRATIC FUNCTION IN R

Let M = Rand f(z) = 4(z — a)?, for some a € R. The basic algorithms with step size e > 0 are:

Algorithm ‘ Iteration
Gradient descent (GD) Tpr1 = (1 —€)zp +€a
Gradient flow (GF) Tprr =€ T+ (1—e a
Proximal gradient (PG) Tpy1 = %ﬂxk + 1a

Table 1: Basic algorithms applied to f(z) = 3(z — a)® in R.

Observethat 1 —e < e € < %Jre, so in the quadratic case we see that PG is faster than GF which in
turn is faster than GD.
Now consider the composite optimization problem min,cr f(x) + g(x) where

1 1
@) =5=1? ad  g(r) = S(z+1)%
Then f(z) + g(z) = 2% + 1, which is minimized at z* = 0; but note that * = 0 is not a stationary
point of f or g.
We consider composite algorithms to solve the composite optimization problem in which we
alternately apply a basic algorithm to each of f and g¢:

Tyl = Ae r(Tg)
Te+1 = A:E,g(xk—i-%)

for some A, A’ € {GD,GF,PG}. For each combination, we use Table 1 to compute the exact
iteration from zj, to xx1 and determine the limit point. If the limit point is not z* = 0, then the
composite algorithm is biased; else, it is unbiased. The results are in Table 2. Note that all are
biased except for two: the Forward-Backward algorithm, and the Backward-Forward algorithm.
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Alg. for f | Alg. forg Iteration Limit

GD GD Tpr1 = (1 —€)%zp — €2 —
GF Tpr1 =€ (1 —€)xr+e (1+e)—1 %
PG Thil = 1Tk 0

GF GD Tpr1=€¢ (I—e€axp+(1—e)(1—¢)—¢ %&1;?)_6
GF Tpe1 = e 2 — (1 — e )2 - (i:i:;f
PG | i = femk + Te=rre

PG GD Thil = 1Tk 0
GF Tpa1 = g+ S — 14 e ezl
PG Tht1 = (Hle)z Tp + (1i)2 R

Table 2: Composite algorithms applied to f(z) = 3(z — 1)* and g(z) = 5 (z + 1)* in R.

F.2. Convergence rate of FB under gradient domination in Euclidean space

We review the exponential convergence rate of the Forward-Backward (FB) algorithm under gradi-
ent domination condition and partial smoothness assumptions. In this section we are working in the
Euclidean case M = R". The following is adapted from (Garrigos et al., 2017, Theorem 4.2.b.ii).

Lemma 8 Let f: R" — R be K-semiconvex and L-smooth (K1 = V2f~j LI) for some K € R,
L > max{0, —K}, and let g: R" — R be convex (V2g = 0). Assume [ = f + g is a-gradient
dominated for some o« > 0. Consider the FB iteration

Tpy 1 =Tk €V J (l'k)
1 = arg i ( ) H H
min - :
Tk a 1 glx) + 9 X $k+l
TI’le”lfOl () <€ S Hlill{ L' K+I1 }’

KL
1= 2ex7y

-k
; .7 a€e(2 — el = L
F(a) = min f < (1 - H) (F(x0) — min ).
Proof By the L-smoothness of f and the convexity of g,

f(iUkH
9($k+1

) < Flon) + (VT @) mi — i)+ o — ol
=g

) < 9(

Adding the two inequalities above yields

Tk
ry) — (Vg(Tpt1), T — Tpg1)-

Fari1) < flaw) + (VF(@r) + Va(@e), 2o — 2x) + g”ﬂﬂkﬂ — x|
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Since x; —€eV f (1) = Tyl = Thil +eVg(zki1), wehave V f(xp)+Vg(rgs1) = %(iﬂk —Tpa1).
Note that here the linearity R" is essential. Substituting this equality to the inequality above yields

1 L

Flonn) < Flan) = (£ = 5 ) o -l

Since f is K-semiconvex and L-smooth, we have [|zg 1 —2[|* > (1—2e555) 7wy s —2p 1 ||
2 2

by Lemma 9 below, so

KL
L =2ex7

- ~ L
Flaki) < flan) - (1) (-5 ) lowey -y

Furthermore, Tpps — Tyl = (k41 — €V f(zrt1)) — (Tpr1 + eVg(rps1)) = —e(Vf(xps1) +
Vg(xit1)) = —€Vf(xp41). Note that here the linearity of R™ is also essential. Therefore,

~ ~ 62 ~
f(xryr) < flog) — m <1 - §> IV f(@ps1) ]
K+L

Now using the a-gradient domination assumption on f , we get

KL 2
1 —2epg €

. - 20€? 1 L\ - oo
f(xpy1) < flag) — ﬁ ( — ) (f(zky1) — min f).
Collecting terms and unrolling the recursion give
-\
7 .z ae(2 —€ ~ L
flrg) —minf < [ 1+ ———7" (f(zp) — min f)
1-— 2€m

as desired. |
The proof of Lemma 8 uses the following lemma.

Lemma9 Let f: R" — R be K-semiconvex and L-smooth (KI < V?f < LI) for some K € R,
L > max{0,—K}. Let x,y € R", and fore > 0, let x(¢) = x — eV f(z) and y(e) = y — eV f(y).

2
Then for 0 < e < VTR

lofe) ~ y(@l < (1= 25257 ) e = ol

Proof Since f is K-semiconvex and L-smooth, the function ¢(z) = f(x) — & ||z||? is convex and
(L — K)-smooth. If K = L, then we are done. Else, by a standard property of smooth convex
function (Nesterov, 2004, Theorem 2.1.5) we have (Vo(z) — Vo(y),z — y) > 2% |Ve(z) —
Vo(y)||?. Since Vo(z) = Vf(z) — K, this is equivalent to

1
K+ L

(Vf(x)=Vf(y),z—y) > Iz — yl* + IV f(z) = V)l

K+ L
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Note this is the same as the bound for a smooth and strongly convex function (Nesterov, 2004,
Theorem 2.1.12), but here K may be negative (but not too negative, as K + L > 0). Then:

lz(e) = y()|* = llz —y — e(Vf(z) = V ()l
= |z =yl = 2e(VF(2) = Vf(y),z —y) + E€[Vf(2) = V)P

KL 2
< (1- 20 ) lo—olP = e (5o =€) 1950 - VI

Ifo<e< KLJFL, then the last term on the right hand side above is nonpositive, so we may drop it

to get the desired result ||z(e) — y(e)||? < (1 - 26%) |z — yl|>. [ |

Appendix G. Details for §4

G.1. Forward-Backward for Langevin dynamics

Example 8 (FB for OU with Gaussian data.) Letv = N (u, X)) as in Example 1, and € < A\pin (X).
Let po = N (10, X0) and let g = I for simplicity, so Xo commutes with 3. Along FB (13) for OU,
ok = N (g, Xk) stays Gaussian, and Xy, commutes with Y. Furthermore, (13) becomes:

tpps = (I = S (g — )
Th1 = Ppg1 + (L — Ezﬁl)*l(l’k% — Mk41)-
Since x ~ N (ug, Xk), this yields a system of updates (the second one is implicit):
pipr = p+ (I —eX7 1) (u — p)
Skt — €51 =S (I — e

The mean converges exponentially fast to the correct mean: py, = p+ (I — ezfl)k(uo — @) = [
For the covariance, note that ¥, = Y1 = X is the only fixed point of the update. Therefore, the
FB algorithm is consistent for OU with Gaussian data.

G.2. Backward-Forward for Langevin dynamics

Example 9 (BF for OU with Gaussian data.) Letv = N (u,X) as in Example 1, and € < Apin(2).
Let po = N (10, X0) and let Yo = I for simplicity, so o commutes with .. Along BF (14) for OU,
ok = N (uk, X) stays Gaussian, and Yy, commutes with 3. Furthermore, (14) becomes:

Tppy = p+ (I +eS™) 7 ok — p)
Thpr = e+ (L + e (= ) + (T4 X ) (I — e g — p).
Since x ~ N (ug, Xr), this yields a system of updates
e = p+ (T + e (g — )
g1 = Sk + e )21 —ex )2

The mean converges exponentially fast to the correct mean: py, = pu+ (I +eX™1) (g —p) — p.
For the covariance, note that ¥, = Y1 = X is the only fixed point of the update. Therefore, the
BF algorithm is consistent for OU with Gaussian data.
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