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Abstract

We present Entropic Variational Inference Auto-
encoding (EVIA), a framework that extends classi-
cal variational approaches—including WAEs [Tol{
stikhin et al.l 2018|] and AAEs [Makhzani et al.}
2016]—by incorporating entropy regularization
[[Cuturil 2013[]. This regularization yields an en-
tropic objective with a closed-form Gibbs posterior,
established via the Donsker—Varadhan representa-
tion [[Donsker and Varadhan, [1975]], which admits
efficient sampling [Robert and Casellal |2004]] and
lets the model reconstruct data while aligning the
aggregated posterior with the prior. Empirical re-
sults show that EVIA performs well across genera-
tive modeling tasks, including posterior estimation,
variational inference, and image inpainting.

1 INTRODUCTION

Variational autoencoding seeks a mapping between the data
distribution p, and an aggregated latent distribution ¢,—a
marginal on the latent space, defined in Equation (3)) below—
which is typically constrained to approximate a predefined
prior p,. Many methods have been proposed for this align-
ment, most prominently the Variational Autoencoder (VAE)
[Kingma and Welling, 2014] and the Wasserstein Autoen-
coder (WAE) [Tolstikhin et al., [ 2018]].

Since exact Bayesian marginalization is often computation-
ally intractable, variational inference (VI) treats the task as
an optimization problem over a variational distribution, min-
imizing a functional that balances reconstruction accuracy
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against a regularization term:
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where Q £ {q € P(Z x X) : (mx)pq = p.} is the set
of joint probability measures whose z-marginal is the data
distribution, 7y denoting the coordinate projection. Every
-« € Q disintegrates as q. ,(dz,dz) = p,(dz) ¢.|.(dz |
) for a Markov kernel g, that is unique up to a p,-null set,
so the objectives below do not depend on the chosen version
of the kernel (Section[A] Supplement). Finally, pa(- | 2) is
the density, with respect to a fixed reference measure on X,
of the observation law given the latent z.

The loss in Eq. balances two competing terms: the
negative log-likelihood encourages accurate reconstruction,
while the Kullback-Leibler (KL) divergence pulls the poste-
rior toward the prior. This approach has widely recognized
drawbacks. The KL divergence is prone to numerical in-
stabilities and tends to be mode-seeking (or zero-forcing),
which often results in poor coverage of the true posterior
support. In addition, a parametric likelihood model restricts
the generative process, limiting its ability to model the non-
Euclidean data manifolds common in practice.

An alternative class of variational techniques, which we
term Wasserstein inference (WI) [Tolstikhin et al., [2018], is
formulated as follows:
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where ¢, , € Q and
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X
is the aggregated posterior: the mixture of all conditional
posteriors under the data distribution.

The structural difference between Equation (I)) and Equa-
tion () lies in where the prior acts. VI regularizes each



conditional g, (- | x) toward p. through the per-sample
KL term, so every posterior must individually overlap the
prior—a requirement that pushes the conditionals toward
one another and is a well-known driver of over-smoothed
generations and posterior collapse (the encoder ceasing
to use z). WI penalizes only the aggregated posterior of
Equation (3): individual conditionals may remain well sepa-
rated, preserving information about x, provided their mix-
ture matches p, [Makhzani et al., 2016} Tolstikhin et al.}
2018]. In Equation (2)), D is a chosen divergence enforc-
ing this distribution-level alignment, and c(z, A(z)) is a
transport cost measuring the discrepancy between an obser-
vation x and its reconstruction through the operator .A. Up to
an overall rescaling, Equation (2) matches the WAE objec-
tive of [Tolstikhin et al.|[2018]], in which the reconstruction
term is unweighted and the penalty coefficient multiplies
the latent divergence; we instead place the weight % on
the reconstruction term to match the likelihood convention
of Equation (I). For a deterministic decoder, minimizing
the reconstruction term over Markov kernels g, |, whose
aggregated posterior is held fixed at g, recovers the optimal
transport cost between p, and Aq. by Theorem 1 of [Tol{
stikhin et al.|[2018]]; the theorem itself, however, is stated
under the hard constraint ¢, = p., which Equation (2) re-
places with the divergence penalty ID. Once the entropic
term is introduced below, we no longer invoke this equiva-
lence and instead define all objectives directly on the joint
distribution ¢ .

However, WIs still rely on deterministic transport maps:
the encoder commits to a single latent code per observa-
tion, while for a many-to-one decoder the codes consistent
with an observation form a whole set and the conditional
posterior can be genuinely multimodal. WIs also enforce
distribution alignment through adversarial critics or kernel-
based penalties, which brings optimization instability, sen-
sitivity to hyperparameters, and reduced flexibility in high
dimensions, particularly when the critic induces a highly
nonconvex objective.

In this work, we extend the WI framework to the entropic
case, proposing a method we term Entropic Wasserstein
Inference (EWI). Formulated specifically for autoencoding,
EWI augments the WI objective with an entropic penalty on
the joint variational distribution:

L, ) 2 L) +YKL(qo e || o), (@)

where v > 0 is a temperature parameter and x,, €
Q is a reference joint distribution, &, ,(dz,dz) =
P2 (dz) k). (dz | ) with k|, a Markov kernel (in practice,
an isotropic Gaussian centered at a running latent estimate;
cf. Equation (I4)); by our convention the penalty equals
—+o00 unless ¢, , < K, ;. The additional KL term plays the
role of the entropic regularizer in entropy-regularized opti-
mal transport [[Cuturi, 2013]]: it smooths the inference dis-
tribution toward the reference coupling &, , and improves
numerical stability.

Conceptually, this construction differs from Sinkhorn-based
autoencoders [Patrini et al.| 2020]], which employ entropic
optimal transport in the latent space as a drop-in replace-
ment for the adversarial prior-matching term and evaluate
it on minibatches through Sinkhorn iterations. In contrast,
EWI regularizes the joint data—latent coupling itself: the
entropic term acts directly on the inference distribution g 4,
which, as we show below, yields a closed-form Gibbs pos-
terior amenable to efficient gradient-based sampling rather
than a fixed-point matrix-scaling procedure.

Motivated by this formulation, we introduce Entropic
Variational Inference Auto-encoding (EVIA), which yields
a generalized posterior determined by the optimal transport
cost and entropy regularization. The entropic term is what
turns inference from point estimation into distribution es-
timation: the optimal conditional is a closed-form Gibbs
posterior, the encoder only supplies an amortized anchor—
the reference-kernel center that tethers it—and the critic
shapes an energy landscape over the latent space.

In summary, we propose an entropic variational inference
framework for autoencoding that extends the WAE formu-
lation [Tolstikhin et al.l [2018]|] through a proper design of
the latent discrepancy term ID. Our main contributions are
summarized as follows:

1. We expand the WAE framework with an entropic reg-
ularization term, so that the optimal inference distri-
bution is a continuous Gibbs posterior rather than a
deterministic point. When several latent explanations
are consistent with the same observation—the typical
situation for a many-to-one decoder—EVIA recovers
the set of plausible codes where a deterministic encoder
must commit to one (Section|[C.I] Supplement).

2. We broaden the discrepancy measure beyond standard
f-divergences to integral probability metrics (e.g., the
W, distance), the instantiation we adopt throughout
our experiments.

3. We propose a training strategy driven by Stochas-
tic Gradient Langevin Dynamics (SGLD) sampling.
Trained on these samples, the critic learns an energy
landscape that captures the structure of the prior rather
than a mere decision boundary (Section [C.1I] Supple-
ment), and the expectation over the sampling process
parallels Entropy-SGD [Chaudhari et al.,[2017], steer-
ing the generative model away from suboptimal min-
ima and stabilizing the adversarial dynamics.

Notation. Throughout, A" is a Borel subset of RP and
Z = R% all distributions (p,, p, and the variational objects
of this paper) are Borel probability measures, never iden-
tified with densities, and conditional distributions such as
q-|» are Markov kernels. We write f u for the pushforward
of a measure y by a Borel map f, and set KL(u || v) £
[ log g—‘; dp if p < v and 400 otherwise. The decoder



A Z — X is a fixed Borel map. In expressions such
as G(z;x), the semicolon separates the varied argument
from arguments held fixed. The complete measure-theoretic
conventions (kernel measurability, expectation conventions,
disintegration, the entropy chain rule, and the Gibbs varia-
tional formula) are collected in Section[A] Readers focused
on the algorithms may read all measures as densities.

2 RELATED WORK

2.1 VARIATIONAL AUTOENCODERS

VAE:s introduced a framework for deep latent variable mod-
eling by maximizing a variational lower bound on the log-
likelihood of the data [Kingma and Welling, [2014, Rezende
et al.| 2014, Xu et al., 2026clb]. They regularize the approx-
imate posterior via a Kullback-Leibler divergence toward a
prior, typically Gaussian. While this enables efficient amor-
tized inference, it often leads to overly smooth generations
and posterior collapse with high-capacity decoders. Several
extensions have attempted to improve posterior flexibility
and generative quality, including 5-VAE [Higgins et al.,
2017]] and InfoVAE [Zhao et al.,[2017].

2.2 OPTIMAL TRANSPORT

Optimal Transport (OT) provides a geometry-aware distance
between probability distributions, with the Wasserstein dis-
tance being particularly attractive due to its weak topol-
ogy and meaningful gradients [Villani, 2009, [Wang et al.,
2025a.bl [Pan et al., 2026]]. For a cost ¢, the OT cost between
P and Q is inf e p,g) E(z,y)~nlc(, y)|—the cheapest
coupling of the two distributions—and the Wasserstein dis-
tances arise from ¢ = ||z — y||P. The application of OT
to generative modeling gained prominence with Wasser-
stein GAN (WGAN) [Arjovsky et al.,[2017]], which replaces
Jensen—Shannon divergence with the Earth Mover’s distance
to stabilize adversarial training. Subsequent improvements
such as WGAN-GP [Gulrajani et al., 2017]] enforce Lips-
chitz constraints via gradient penalties. OT-based objectives
provide better behaved gradients when distributions have
low support overlap.

2.3 WASSERSTEIN AUTOENCODERS

WAEs [Tolstikhin et al., |2018]] were introduced to con-
nect VAEs [Kingma and Welling, 2014} Rezende et al.|
2014 with OT. In contrast to VAEs, which optimize a KL-
regularized evidence lower bound, WAE formulates genera-
tive modeling as minimizing a relaxed OT distance between
the data distribution and the model distribution. Concretely,
WAE replaces the per-sample KL penalty with a divergence
penalty between the aggregated posterior ¢, and a prescribed
prior. This shift yields a transport-based objective that prior-

itizes distribution-level matching and often produces more
geometrically structured latent representations than classical
VAE:s.

2.4 GENERALIZED VARIATIONAL INFERENCE
VIA OPTIMAL TRANSPORT

Sinkhorn AutoEncoders [Patrini et al., [2020] extend the
WAE framework by substituting adversarial or MMD-based
latent regularization with an explicit entropically regularized
optimal transport objective, efficiently computed via the
Sinkhorn algorithm [Cuturil, 2013]].

Chi et al.|[2024]] propose a generalized variational inference
framework grounded in optimal transport rather than KL
divergence. In contrast to classical VI—which minimizes
KL and is therefore susceptible to mode-seeking behavior
and support mismatch—their OT-based approach quantifies
discrepancies through transport geometry.

More recently, the E-SUOT framework [Chen et al., 2026b]
revisits this line of work from a semi-dual optimal trans-
port perspective. By incorporating entropic regularization,
it derives an entropic Wasserstein objective under which,
when coupled with an f-divergence, the optimal solution ad-
mits a closed-form Gibbs posterior. However, the approach
is not specifically designed for autoencoding, suffers from
considerable computational overhead due to its sampling
procedure, and remains confined to f-divergence—based dis-
crepancy measures, which can limit numerical stability.

3 FORMULATION

To formalize the procedure, we restrict the divergence
D(- || -) to a specific class, which we refer to as an adver-
sarial divergence. In particular, we focus on the family of
(f,T')-divergences [Birrell et al.l [2022]], and accordingly
denote it by Dy (- || ).

We then show that the resulting objective can be optimized
using an SGLD scheme [Welling and Teh, 2011} |Xu et al.|
20264}, |Chen et al.;[2025/ 20264}, \Guo et al.,|2026| Teng et al.}
2025]], leading to an entropy-regularized variational adver-
sarial divergence. The resulting framework differs from
prior approaches in its variational structure and in the use
of entropy as a regularizer.

3.1 ADVERSARIAL DIVERGENCE

The expression D¢ 1 (- || -) quantifies the statistical mismatch
between the model’s latent marginal distribution and the
prior. This formulation includes both I'-divergences and
f-divergences. Since direct minimization of this term is typ-
ically computationally intractable, we adopt the variational
dual formulation proposed by Farnia and Tsel [2018]]. For
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where W is a convex, symmetric (w € W = —w € W)
class of bounded Borel functions on Z, each acting as a
latent-space discriminator (also called a critic or witness),
and F( characterizes the divergence type. This variational
representation includes two widely used families of dis-
tribution discrepancies: f-divergences [Csiszar, 1967]] and
integral probability metrics [Miiller, [1997]]. The integral
probability metrics (IPMs) are also commonly referred to as
I'-divergences. Both f-divergences and I'-divergences can
be recovered from Equation ():

 f-divergences: Recovered when Fg relates to the
Fenchel conjugate f*, appropriate for density matching
(e.g. x? and KL divergences).

* D-divergences: Recovered by setting Fg(w) =
Eqg[w(z)]. If we restrict W to 1-Lipschitz functions,
Ds r becomes the 1-Wasserstein distance (1), which
underlies WGAN [Arjovsky et al.l 2017].

f-divergence Classically, for a convex generator f with
f(1) =0and P < @, the f-divergence is Df(P || Q) =
S/ f(%) dQ; the generator f(t) = tlogt yields KL.
By Fenchel-Legendre duality [Rockafellar, [1970], with
f*(s) & sup,{st — f(t)} the convex conjugate of f, we
work directly with the variational characterization, a supre-
mum over bounded Borel witness functions w : Z — R
with Eg[f*(w)] understood in (—oo, +00]:

Dy (P Q) = sup {Ep[w(2)] - Eq[f*(w(2))I}.  (6)

By invoking this variational representation and substituting
the marginal penalty into our primal objective, we derive
the semi-dual result established below.

I'-divergence The class of I'-divergences (or IPMs)
[Miiller, [1997] is defined by:

Dr(P || Q) = Sup, {Ep[w(2)] - Eqlw()]}, (D

where )V is a prescribed class of Borel functions integrable
with respect to both P and @); throughout we take it to be the
witness class of Equation (5). Unlike f-divergences, which
typically require density ratios and absolute continuity, I'-
divergences depend only on expectations and remain well-
defined even when the supports of P and @ do not overlap.
This property is often associated with more stable gradients
in generative modeling.

3.2 ENTROPIC REGULARIZATION

Entropic regularization provides smoother gradients, robust-
ness against outliers, and better sample complexity in high-
dimensional settings [Genevay et al.,[2019].

For a fixed critic w, each latent code z trades off the critic
reward w(z) against the reconstruction cost. We encode this
trade-off in a utility function, in the spirit of the optimal
information processing principle [Zellner, |1988]:

R A
G (z12) £ w(z) = S lle = A3, (8)

Fix a temperature «y > 0 and a Markov kernel «(- | ) from
X to Z, and assume the integrability condition

Al .
/ exp(gm) k(dz | x) < o0 for p-a.e. z.
z v
C))

We define the conditional supremum variational functional:
Ui (7, k) = (10)
sup {Bungl0(z12)) — VKL(g 1 5(: | ) }-

qeEP(Z

By our KL convention, only ¢ < (- | =) contribute to the
supremum. By the Gibbs variational formula of Donsker—
Varadhan type (Theorem 2} [Donsker and Varadhan, [1975),
under () the supremum equals v log [ 9 (z0)/7 k(dz |
x) and is attained uniquely at the Gibbs measure whose den-
sity with respect to (- | =) is proportional to 9 (i@)/ 7
the reference exponentially tilted toward high utility, the
familiar softmax trade-off at temperature y; in particular,
x +— W (x; 7, k) is Borel measurable. For bounded w, con-
dition (9] in fact holds for every z, since G < ||w/|so-

3.3 EVIA OBJECTIVE

EVIA optimizes the joint variational distribution ¢, ,, € Q,
which trades off reconstruction accuracy against consistency
with the prior. The prior term is imposed through a general
(f,T')-divergence regularizer [Birrell et al. 2022]. Com-
bining this discrepancy with the entropically regularized
reconstruction cost gives the EVIA primal objective:

LEVIA»Primal (qz,w) 2 ]DfI (CIZ sz)

A
+ 5 qu,z [Hx - .A(Z)H%} + /YKL(qZ,I ” /fz,a:) 5 (11)

where ¢, £ (7z)4q... is the aggregated posterior and
Kz (dz,dz) = py(dx) k(dz | x) is the reference joint dis-
tribution built from the kernel of Equation (9)). Optimizing
this primal objective directly is intractable, since the adver-
sarial divergence couples all conditional distributions ¢,
through the marginal ¢,. We instead pass to its semi-dual
formulation.

Theorem 1 (Unified Semi-Dual of EVIA). Let Q = {q €
P(Z x X) : (mx)pq = pg} and let W be a conver,
symmetric class of bounded Borel functions on Z with
Fy. (w) < oo for every w € W. Under the compactness



assumption (Al) stated in Section[A] strong duality holds
for the EVIA primal objective of Equation (LI):

inf EEVIA-Prlmal (
q=,2€Q

= sup [~ Fp () = Bonp, Uik(mi7,0)], (1)
weW

z,m)

where F, is the variational dual functional unifying the
discrepancy families:

Benp. [f*(—w(2))],
—E.np. [w(2)],

if f-divergence,

Fow) 2 {

if I'-divergence,

(13)
and the regularized potential Vi (x;~, k) is defined as in
Equation . The star and negated argument in F, merely
record the substitution T' = —w unifying the two branches
(Section[A] Step 2)—it is not a Fenchel conjugate—and the
representation is a semi-dual because only the divergence is
dualized, the transport—entropy part being solved in closed
form by WA, In the T-branch, for instance, —Fy (w) =
E,. [w], so maximizing over w pushes the critic up on prior
samples and (through \Ilﬁ ) down on Gibbs samples. We
write LEVIA-SemiDual for the right-hand side of (12). The
complete proof is deferred to Section[A]

The semi-dual form becomes tractable for an isotropic Gaus-
sian reference kernel x(- | #) = N (2(z), %I), Z: X > Z
Borel; during training, Z(x) is the running mean of the
Langevin particles for = (Algorithm|[T} the amortized variant
uses Z = gg(x)). We fix v = 1 without loss of general-
ity (general v merely rescales w, A, and the potential in
the I'-branch used below; in the f-branch it additionally
rescales the generator, via W_1]D> r =Dy /~)» SO the entropic
strength is controlled by p and \. Substituting the Gaussian
log-density —£||z — Z(x)||3 + const into Equation and
dropping the constant, the conditional potential reduces to a
continuous Log-Sum-Exp:

U(w;p,z) &

A P _
log/ exp{w(z) - §H9€ —A@2)I3 - 5”2 - z||§}dz,
z

(14)

where dz is Lebesgue measure on Z and the integral is
finite for every bounded w. The integrand is, up to normal-
ization, the Lebesgue density of the Gibbs measure (- | 2)—
equivalently, % x e (52);
dg(- | = A
ML) wexp{ we) - 3lo- A= 5l-213 .
5)
so the critic function w can be optimized directly: the gra-
dients of the Log-Sum-Exp operator in Equation (I4) are
expectations under ¢(z | ) and can be estimated from neg-
ative samples (SGLD draws from ¢(- | z); positive samples

are draws from the prior p,) [Welling and Teh, |2011]—
exactly the training of an energy-based model with the critic
as its negative energy [Grathwohl et al.,2020b]], matching
the convention G = —G;* below.

3.4 COMPARISON OF WAE AND EVIA

Equation makes the adversarial structure of EVIA ex-
plicit, with the optimal conditional potential U+A(z; v, k)
incorporating the decoder cost into the latent energy. From
both optimization and sampling perspectives, WAE and
EVIA then differ in a basic way, which we describe for a
fixed critic w:

(1) WAE seeks a single latent code z that maximizes the
utility G} (z; x)—equivalently, minimizes the induced en-
ergy —G:(z;z). EVIA instead optimizes over a distri-
bution via ¥:(x;7, k), as defined in Equation (10): as
v — 0 the Gibbs measure collapses to a point mass at
arg max, Gi(z; x), recovering a deterministic, WAE-style
encoder, whereas EVIA keeps v > 0.

(2) Let z denote the mean of samples drawn from optimal
q at the previous iteration. The EVIA update based on Zz re-
covers an entropy gradient descent [[Chaudhari et al., [2017]]
algorithm, whereas WAE reduces to standard gradient de-
scent [LeCun et al.| [2012]]. Consequently, EVIA tends to
favor wider minima and is able to traverse energy barriers,
while WAE follows sharper descent directions (Figure [I)).

Figure 1: Comparison of EVIA (left) and WAE (right) under
optimization of a fixed energy landscape G = —G;2, visual-
ized through its Gibbs density exp(—G). WAE converges to
a sharp local minimum of the energy, whereas EVIA prefers
a flatter optimum. EVIA also models a conditional distribu-
tion rather than a single point.

4 ALGORITHM

In this section, we focus on variational inference under
the WW; metric. Wasserstein-based objectives are used in
many generative architectures, including StyleGAN [Kar{
ras et al. 2019]], BigGAN [Brock et al., |2019], and the
latent discriminators employed in Stable Diffusion [Rom/{
bach et al.| 2022]. In practice, these models commonly rely
on WGAN [Arjovsky et al., 2017] variants that enforce the
Lipschitz constraint through either gradient penalty [|Gul{
rajani et al., |2017]] or spectral normalization [Miyato et al.,
2018].
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Figure 2: Latent and observation space analysis for a 6-mode Gaussian mixture. Left: Gaussian initialization of the latent
samples z and centers z. Center: Alignment between Langevin samples z~, latent centers z, and the prior p,. Right:

Reconstructions of observations x.

We parameterize the potential w € VV using a neural net-
work wy,, optimized within the dual framework of Equa-
tion @ To enforce the 1-Lipschitz constraint on wy,
we employ a regularization strategy, denoted generally by
Ruyip (). The objective with W7 critic is:

L}Z/l = —E.np. [ww (Z)] + ]E,;sz[\ll(x; P 2)] + Reip(¥),

(16)
where ¥(x; p, Z) is the smoothed transport potential. Min-
imizing this loss corresponds to the maximization of the
dual form in Equation (T2) augmented with the Lipschitz
regularization term Ri,ip.

With gradient penalty regularization [Gulrajani et al.|
2017], the Lipschitz regularizer is set as Rpip(¢) =

Aep Ez [([[Vw(2) |2 — 1)?] , with 2 drawn on random inter-
polations between prior and posterior samples (Section[B.I));
under spectral normalization [Miyato et all, 2018]], we in-
stead set Rrip () = 0, as the Lipschitz constraint is directly
enforced via layer-wise weight normalization without ex-
plicit penalty term.

4.1 ADVERSARIAL TRAINING VIA SGLD

In practice, we estimate the objective using a mini-batch
of n independent pairs {(z;, z;")}?_; drawn from the data
distribution p, and the prior p,. For each observation z;, we

approximate the transport term using m samples {z; };”Zl,

Algorithm 1 EVIA-SGLD Algorithm

1: Input: Batch size n, particles per sample m, SGLD
steps T, sampling step size 7, learning rate .
2: Init: parameters 1, buffer 5.
3: repeat
4:  Sample batch {(z;, 2" )}, from p, X p..
5:  Initialize particles z;; < 255 from B for each 1, j,
1

and set Z; = 5 > 7L, #;; for each i.

6: fort =1to T (in parallel for all 7, j) do

7: Sample £ ~ N (0, I).
8: # Generate negative samples from the Gibbs den-
sity in Eq. (I3))
9: 2ij 2y + NV, log(j(zij | .Tz) + \/%5
10:  end for
11:  Update buffer B by storing final {z;;} as {z;; }.

121 1)« — aVy L} via Eq. (T6).
13: until convergence

generated via SGLD from the Gibbs distribution ¢(z | ;)
in Equation (T3)). Thus w learns from both positive samples
drawn from p, and negative samples produced by SGLD.
The complete algorithm is presented in Algorithm/[T} it treats
the operator A as fixed and known (the inverse-problem set-
ting illustrated below), while Algorithm [2]learns Ay jointly.
The buffer B is a persistent particle store (persistent-chain
MCMC): each iteration warm-starts its chains from the pre-



vious round’s particles, initialized from the prior on the first
round.

4.2 JOINT AMORTIZED MAPPINGS

Beyond optimizing the divergence functional, our objec-
tive includes learning the mapping = +— E. 4. |x)[2], a
smoothed latent representation induced by the entropy-
regularized posterior dynamics. We optimize the parameters
of an amortized encoder g4 by minimizing the expected
squared distance between the network’s predictions and the
empirical targets:

Encoder: Ly =By ng(|a) {qu)(x) - zHﬂ 17

When the forward operator A is unknown, we parameterize
it with a neural network decoder .4y, optimized jointly with
the encoder and the energy-based prior by minimizing the
expected reconstruction error:

Decoder: Lo =K, . .uq(lo)[l4a(z) — z||3], (18)
where (- | ) is the Gibbs measure of Equation (15). To

enforce consistency between the encoder g4 and the decoder
Ay, we combine these terms into a single objective:

Lo =Eonp, [I46(as(x)) — z[3] + Lo + Lo.  (19)

In this case, ¥(x; p, Z) can be written as

Uy o(x;p) = log/

zZ

A P
= Sl = Ao = 1z = a6l

exp { w(z) (20)

with the corresponding Gibbs density G4 ¢ (= | =) defined, as
in Equation (I3), by the integrand. The complete algorithm
is shown in Algorithm 2]

We consider an inverse inference task in which the forward
operator A is fixed and known, given by a smooth rotational
mapping in R?. Observations are generated by pushforward
sampling, z = A(z) with z ~ p,, inducing the observation
distribution p, = Ax(p.). Given i.i.d. samples {z;} ~ p,,
our goal is to learn a conditional inference model ¢(- | x)
that (i) produces latent codes whose forward images recon-
struct the observations (i.e., A(z) ~ z) and (ii) remains
compatible with the multimodal prior p..

As illustrated in Figure 2] for a 6-mode Gaussian mixture,
both EVIA-SGLD (top) and EVIA-Amortized (bottom) re-
cover the expected clustered latent structure: the inferred
samples z~ populate the prior modes and their per-sample
centers Z align with these regions, resulting in reconstruc-
tions A(z~) and .A(Z) that closely match p,.

Algorithm 2 EVIA-Amortized Algorithm

1: Input: Batch size n, particles per sample m, SGLD
steps 1, sampling step size 7, learning rate .

2: Inmit: parameters (1, 6, ¢), buffer 5.
3: repeat
4:  Sample batch {(z;, 2;")}7, from p, x p..
5:  Initialize particles z;; < z;; from B for each i, j.
6: fort =1toT (in parallel for all 7, j) do
7: Sample £ ~ N (0, I).
3: # Generate negative samples from the Gibbs den-
sity of Eq.
9: Zij £ Zij —H]VZ log(j¢79(zij | .L)-Fﬁf
10:  end for

11:  Update buffer B by storing final {z;;} as {z;;}.

12: ¢« —aVy,Ly" viaEq. (T6).
13: (0,9) < (0,¢) — aVgyLy,p via Eq. (09).

14: until convergence

S EXPERIMENTS

We use VAE, AAE, and WAE as baselines. For a matched
comparison, we regularize the latent space with a WGAN
gradient penalty and denote the resulting methods AAE-GP,
WAE-GP, and EVIA-GP; the CIFAR inpainting experiments
enforce the Lipschitz constraint via spectral normalization
instead, so those variants carry no -GP suffix. We evalu-
ate three tasks—posterior alignment on (Fashion) MNIST,
variational inference on CelebA, and image inpainting on
CIFAR-10/100—with architectures and training details in
Section

5.1 POSTERIOR ALIGNMENT ON (FASHION)
MNIST

We mirror VAE-style training on MNIST [LeCun and Cortes),
2010] and FashionMNIST [Xiao et al.l [2017]] with a two-
dimensional latent space, so the learned geometry can be
inspected directly; the encoder and decoder are small con-
volutional networks and the discriminator is a shallow MLP.
Figure [3] shows generated samples: EVIA-GP attains the
highest fidelity and diversity.

Figure [4] explains why by exposing the latent geometry:
the VAE collapses toward the center, giving poor coverage
and limited diversity; AAE-GP and WAE-GP match the
ring-shaped prior more closely and decode more smoothly;
EVIA-GP aligns tightest with the manifold, with well-
separated modes whose decodings vary smoothly and stay
semantically consistent.

5.2 VARIATIONAL INFERENCE ON CELEBA

On CelebA [Liu et al.| 2015]] (202,599 face images, center-
cropped to 64 x 64, 128-dimensional Gaussian prior), Fig-
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Figure 3: Comparison of generated samples from VAE,
AAE-GP, WAE-GP, and EVIA-GP on MNIST. The pos-
terior samples are deferred to Figure [?']in the Appendix.

Table 1: Average reconstruction error on CIFAR-10 and
CIFAR-100 masked inpainting. We report both the summed
/1 loss and sum of squared errors (SSE) over masked regions
for each method (lower is better). The formal definition of
the metrics is provided in Section@

CIFAR-10 CIFAR-100
Methods ~ #; |  SSE] 71}  SSEJ
AAE 172335 80.854 174322 82.073
WAE 172386 80.549 174.148 81.873
EVIA 170234 79.805 170.711 81.351

ure [5] compares generated samples. The VAE blurs high-
frequency detail such as hair texture—the averaging effect
of its reconstruction objective; AAE-GP is sharper but noisy;
WAE-GP improves structural coherence further. EVIA-GP
produces the sharpest, most realistic faces and trains more
stably.

5.3 IMAGE INPAINTING ON CIFAR-10/100

On CIFAR-10 and CIFAR-100 [Krizhevsky, [2009] we mask
a contiguous region of each 32 x 32 image and train a
conditional model to fill it in (channels normalized to [—1, 1]
for the tanh generator).

A binary keep-mask—a random square block or an i.i.d.
Bernoulli mask—rzeroes the missing region; the generator
sees the masked image, the mask, and noise injected only
into the hole (EVIA additionally receives an SGLD-refined
latent code; Section , and its prediction is composited

with the observed pixels. A conditional critic scores the
composite under a hinge loss, with an ¢; reconstruction loss
on the masked pixels.

Table[T)and Figure[6]agree: EVIA attains the lowest ¢1 and
SSE on both datasets and produces sharper, more coher-
ent inpainted regions, where AAE and WAE tend toward
blurrier textures and less consistent object boundaries.

6 CONCLUSION AND FUTURE WORK

Our framework builds upon the Wasserstein Autoencoder
(WAE) [Tolstikhin et al., 2018]] by mitigating the optimiza-
tion instability associated with deterministic optimal trans-
port. Because WAE minimizes a rigid objective, it often
yields stiff transport maps and potential mode collapse.
EVIA introduces three key improvements:

(1) We incorporate entropic regularization, reformulating
the transport objective as an optimization over distributions
rather than learning deterministic maps.

(2) Instead of using the discriminator solely for distribution
alignment, we adopt a semi-dual formulation within the
(T, f)-divergence framework. Here the critic produces stable
gradients and improves the conditioning and convergence
of the optimization.

(3) We adopt a progressive training scheme that enables
gradual refinement of the generative model. Analogous to
diffusion models [Ho et al.| [2020]], it approximates com-
plex targets via incremental updates rather than a single
deterministic map.

The approach relies on SGLD sampling, though other
MCMC methods apply equally (Section quantifies the
cost). Theorem |I] characterizes the inner optimum, but con-
vergence of the alternating optimization remains open. Effi-
ciency could be improved further via amortized inference
[[Grathwohl et al.,|2020a] or particle-based methods such as
Stein Variational Gradient Descent [Liu and Wang, [2016].
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Figure 4: Comparison of generated samples from VAE, AAE-GP, WAE-GP, and EVIA-GP on Fashion-MNIST. The orange
markers denote sampled latent codes; for EVIA-GP, the green markers additionally indicate the corresponding latent
means. EVIA learns a structured posterior with clear mode separation, avoids evident collapse, and produces higher-quality
generated images.
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Figure 5: Comparison of generated samples from VAE, AAE-GP, WAE-GP, and EVIA-GP on the CelebA dataset. The
zoomed figures can be found in Figure in the Appendix.
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EVIA: Entropic Variational Inference Auto-encoding
(Supplementary Material)

A  PROOF OF THE MAIN THEOREM

Conventions and auxiliary results. Throughout, X is a Borel subset of RP, Z = R4 both carry their Borel o-algebras,
and P(S) denotes the Borel probability measures on a space S; dz denotes Lebesgue measure on Z. A Markov kernel from
Xto Zisamap z — u(- | x) € P(Z) such that  — (B | x) is Borel for every Borel B C Z. Expectations are written
interchangeably as E,, [f] = Ey,[f(s)] = [ f dp, with values in (—oo, +00] when the integrand is bounded below (the
KL integral is nevertheless always well defined in [0, +00], its negative part being integrable). All measures below are Borel
probability measures on Z, on X, or on their product, and c4(z, z) = ||z — A(2)||3 with A : Z — X Borel. We use the
following standard facts.

(i) Disintegration. Since Z = R? is standard Borel, every ¢ € P(Z x X) with (7x)xq = p, can be written as ¢(dz, dz) =
px(dx) ¢(dz | x) for a Markov kernel ¢(- | x), unique up to a p,-null set [Kallenberg, [2021]]. Consequently, functionals
Eyp, [F(g(- | z))] with F Borel and bounded below on P(Z)—e.g., F' = KL(- || p,), which is lower semi-continuous,
hence Borel—do not depend on the chosen version of the kernel.

(ii) Chain rule for relative entropy. If q, k € P(Z x X) share the z-marginal p, and disintegrate as in (i), then
KL(q || k) = Exnp, [KL(q(- | 2) || 6(- | 2))] 2D
[Dupuis and Ellis, {1997, Thm. C.3.1].

Lemma 2 (Gibbs variational formula). Let x € P(Z), v > 0, and let G : Z — R be Borel and bounded above, so that
Za 2 = e/7dk < oo. Then
sup {fZqu—WKL((JH/i)} = vlog Za, (22)
q€P(2)
where the objective is set to —oo whenever KL(q|| k) = +00 or G~ is not g-integrable, and the supremum is attained
uniquely at the Gibbs measure q* with % = eG/“f/Zg.

Proof. For bounded G this is the Donsker—Varadhan variational formula [Donsker and Varadhan, [1975]; see, e.g., Dupuis
and Ellis|[[1997, Prop. 1.4.2] applied to f = —G//~ and multiplied by —~, which converts the infimum into a supremum.
The general case follows by applying the bounded case to the truncations G,, = GV (—n) and letting n — oco: since
G < Gy, the bounded case gives sup,{ [ Gdg — yKL(q || x)} < ylog [ €“"/7dk | vlog Z¢ by dominated convergence
(e¥n/7 | €%/7, dominated by the constant e™#x(suP G, =1)/7 ¢ [1(x)), while evaluating the objective at ¢* yields the
matching lower bound. Attainment and uniqueness use that G is bounded above, so that GT € L!(q) for every ¢ € P(Z)
and G~ € L'(q*) since G~ e%/7 < v/e. O

Assumptions. Recall that V is a convex, symmetric class of bounded Borel functions on Z with 77 (w) < oo for every
w € W; for the f-branch this requires f* to be finite on [— sup,,eyy [|W||oo, SUPLew |w]loo] (automatic, e.g., for the KL
and y? generators), while it holds trivially for the I'-branch. Since each w is bounded and c4 > 0, we have g;;‘ < JJw||oos S0
(@) holds for every x € X. Theorem|I]assumes:

(A1) W is compact in the uniform norm; Q carries the total-variation topology, with || ||y the total mass of the variation
measure | /.

By the Arzela—Ascoli theorem, (A1) covers, for instance, uniformly bounded and uniformly Lipschitz classes over a compact
latent domain; for unbounded Z, both the W instantiation of Equation and the f-branch of Equation @ are understood
with such a restricted critic class W, so that D r is the corresponding restricted divergence—a lower bound on the classical
f-divergence, recovered exactly as WV exhausts the bounded Borel functions. Compactness could instead be placed on the
measure side, restricting Q to a weakly compact (tight) subset, at the price of verifying that the Gibbs kernels of Step 4
remain feasible; we do not pursue this here.



Proof of Theorem|Il} We proceed in four steps: (1) rewriting the primal objective over the joint variational distribution, (2)
applying the variational representations of the discrepancy measures, (3) invoking Sion’s minimax theorem to exchange the
optimization order, and (4) disintegrating the joint distribution to recover the conditional variational potential.

Step 1: Reformulating the primal objective. Recall the EVIA primal objective from Equation , defined for ¢, , € Q:

-Prima. )\
LEVIATT(g, o) = Dy r(g:[p2) + 5 Ba. . [ca(@, 2)] + 7 KL(gz 0152 ), (23)

with ¢. £ (Tm2)#4-,. Since every w € W is bounded and c4 > 0, each term is well defined in (—oo, +00]. For
v € P(Z), write H(p,,v) = {qg € P(Z x X) : (Tx)pq = ps, (72)pq = v} for the couplings of p, and v. Then
Q= UueP( 2) II(p., v), so minimizing over aggregated posteriors v and, conditionally, over couplings 7 € II(p,, v) is the
same as a single unconstrained infimum over Q (cf. the analogous reformulation in Theorem 1 of [Tolstikhin et al.|[2018]];
unlike that setting, no hard marginal constraint ¢, = p, is imposed here):

LEVIA _ o

A
it {Drr(a:lps) + 5 Bo. . [ea(e, 2)] +7KL(gs e l52.0) 24)

2

Step 2: Variational dual of the adversarial divergence. The adversarial divergence is defined variationally in Equation (5),
specialized to the two branches by Equation () and Equation (7) with witnesses ranging over W. Substituting 7' = —w
(using that W is symmetric, i.e., w € YW =—> —w € W) unifies the two branches into

Dyr(a:lp:) = sup { —Eq.[w(z)] - F. (w)]. (25)
weW

where F (w) matches the definition in Equation (13), with E,_[f*(~w)] € (—oc, +oc]. Since ¢. = (7z)#¢:,., the
change-of-variables formula for pushforwards gives E,_ [w(z)] = E,, ,[w(2)]. Substituting back into yields the
saddle-point formulation:

[LEVIA _ , inég 516111/)\){ —F, (w) +E,. , [% calz,z) —w(z)| + 'yKL(quH/@Z,w)}. (26)

Step 3: Minimax interchange via Sion’s theorem. Denote by ®(q. ,, w) the bracketed functional in (26)); by the standing
assumptions on W, ® takes values in (—oo, +oo]. For each fixed w, the map g, , — P (¢, », w) is convex on the convex set
Q (strictly so on its finite domain, by the Kullback—Leibler term with v > 0) and lower semi-continuous in the total-variation
topology: g — KL(q|| #2,4) is lower semi-continuous; ¢ — E,[c.4] is lower semi-continuous by monotone approximation,
since c4 = sup,, (ca A n) with each ¢ — E,[ca A n] total-variation continuous; and ¢ — E,[w] is continuous, as
|Eq[w] —Eg [w]| < ||w||oollg — ¢'||Tv. For each fixed ¢, ., the map w +— ®(g, ,, w) is concave on the convex set W (affine
in the I"-branch; concave in the f-branch since f* is convex) and upper semi-continuous with respect to the uniform norm, by
dominated convergence and Fatou’s lemma. Since ® is extended-real-valued, we apply Sion’s minimax theorem [Sion, |1958]
to h o ® for a fixed increasing homeomorphism A : [—oo, +00] — [—1, 1]; this preserves quasi-convexity, quasi-concavity,
and both semicontinuities, and the resulting identity transfers back through h~1. As W is compact and convex under (A1),
we obtain:

LEVIA — sup {]-';z (w) 4+ inf [Eqm [% calz, z) — w(z)} + ’YKL(qz,zHKz,z)} } . 27)

qz,2€Q

Step 4: Disintegration and conditional potential recovery. By (i), every ¢, , € Q disintegrates as ¢ ,(dz,dz) =
pz(dz) q(dz | x) with ¢(- | x) a Markov kernel, and likewise k. (dz,dz) = p,(dz)k(dz | z); the chain rule @I)
then decomposes the entropic term. Writing the inner objective of through this disintegration and bounding the
integrand from below by its pointwise infimum gives

inf{E,.. [} eale ) - w(z)] + 7 KLlgzlnen) |

QZ,zeQ
>Eyp, [ inf {]EZNq [% calx,z) — w(z)} +vKL(q || &(- | m))}} . (28)
q€P(2)
The right-hand side of is well defined: the inner infimum equals —V:A(z;7y,x) = —vlog Z(x) with Z(z) £

= e9u (z52)/7 k(dz | ), it is bounded below by —||w||, and it is Borel in z by the measurability part of the Fubini-Tonelli



theorem for Markov kernels (see, e.g., [Kallenberg, [2021)), applied to the jointly Borel integrand 9/, Conversely, by
Theorem 2] (applicable since G;2(;2) < ||w||« for every x), the inner infimum at each x is attained by the Gibbs measure

* . dg* (fx
g*(- | @) with L1 =

applied to 15 e9% /7 shows that z — q*(B | ) is Borel for every Borel B C Z. Hence p,(dz) ¢*(dz | ) € Q attains the
right-hand side, and (Z8)) holds with equality. Recalling G:*(z; z) = w(z) — % ca(z, z) and factoring out a negative sign,
which flips the infimum to a supremum,

,Aur {Bena[-Gi(z2)] + v KL(a 1 6(- | 2)) } = - S {BenalGz50)] =/ KL(g ] 5 [2) }, @9)

9 i)/ /Z(x); the map x — ¢*(- | ) is a Markov kernel, since the same measurability fact

and by Equation the supremum is precisely the entropically regularized conditional potential W7 (x;, k). Substituting
back into (27),

inf EEVIA—Primal(qZ’z) = sup |:_ ]_-; (w) _ EINPI[\I]é(!E; v, Ii)]:| _ EEVIA-SemiDua17 (30)
qz,2€Q weW N
which is exactly Equation and concludes the proof. O

Remark 3 (Choice of the reference kernel). Nothing above requires the reference kernel (- | ) to be Gaussian: Theorem
only asks for a Markov kernel satisfying (9), so that the Gibbs measure is well defined. We use a Gaussian reference because
its log-density is smooth and cheap to differentiate, which is exactly what the SGLD updates consume. For discrete (e.g.,
binary) latent variables, SGLD itself is no longer the appropriate sampler; the Gibbs measure can instead be sampled by
discrete MCMC such as Gibbs sampling, or the latent space can be relaxed through a Concrete/Gumbel-Softmax distribution
[Maddison et al.,[2017, Jang et al.,[2017]], with SGLD run in the relaxed space and binary codes recovered by thresholding
or temperature annealing.

B EXPERIMENT DETAILS
B.1 MNIST AND FASHION MNIST

All (Fashion) MNIST experiments use 28 x 28 grayscale images and a two-dimensional latent space. The prior p, is a
10-component isotropic Gaussian mixture whose means sit evenly on a circle of radius 3, each component with standard
deviation 0.35. The encoder gy (two 4 x 4 stride-2 convolutions with 128 and 256 channels, then linear layers 128 — 2)
maps an image to a latent code; the decoder Ay mirrors it with transposed convolutions and outputs logits, converted to pixel
probabilities by a sigmoid; the critic w,, is an MLP with two hidden layers of 256 units. All activations are LeakyReLU(0.2).

Reconstruction uses a hybrid loss on the logits & = Ag(gs(x)),
Lrec = BCEWithLogits(Z, z) + allo(Z) — x||1, a=0.5, 31)

with o(+) the sigmoid. To align the aggregated posterior with the prior, the critic is trained with a WGAN-GP surrogate of
Equation : the positive phase (—E,_ [wy]) is kept, while the negative phase—in Equation an expectation under the
Gibbs measure, estimated by SGLD—is approximated by encoder outputs z ~ g4 (the exact SGLD negative phase is used
in Section[C.I):

Lp =E.ng, [wy ()] — Exnp(z) [wy ()] + AgpLep, (32)

with Ag, = 10 and Ly, = B (||[Viwy(2)[|2 — 1) ? evaluated on linear interpolations between prior and encoder samples;
the encoder in turn minimizes Loqy = —E.~q, [wy (2)].

For EVIA’s Langevin refinement, each input 2 receives m = 16 particles initialized at u(z) + 0.1, ¢ ~ N(0, ), with
() the encoder output, refined for T = 4 steps with step size n = 5 x 1073:

Zt4+1 :thrnVZ IOgZN)(Zf | 117)4’\/277'5,5, ftNN(O,I), (33)

log p(z | ) = wy(2) + log pamm(z) — )‘“2““ llz = m(2)]|? = Mdee - Lree(, Ag(2)), (34)
where Aene = Adee = 1074 and 6, 1 stay frozen during sampling. Relative to the idealized Gibbs target of Equation , the
implementation absorbs the prior density into the reference kernel and uses the hybrid loss in place of the squared cost.

Training runs 5000 iterations of AdamW (learning rate 10=3, (81, 32) = (0.5,0.9), batch size 256), enabling the critic and
the refinement after 200 reconstruction-only warmup iterations; each iteration performs one reconstruction step on (¢, 6),
five critic steps on v (encoder outputs detached), and one adversarial step on ¢.



B.2 CELEBA

We extend the WAE-GP setup to CelebA: train split, images resized and center-cropped to 64 x 64 RGB and scaled to
[0, 1], batch size 128, and a standard Gaussian prior on a d = 128-dimensional latent space. The encoder and decoder are
DCGANS-style with four symmetric stride-2 stages (64 — 128 — 256 — 512 channels and back); the encoder ends in two
parallel linear heads for (u,log o?) € R128 x R128, the decoder in a sigmoid. The critic is an MLP with two hidden layers
of 512 units.

The autoencoder minimizes the per-pixel BCE reconstruction loss plus a Wasserstein term,
Lag = Lrec + Ay Loy, Ly = _E[ww(zfake)]v Aw = 10, (35)

which pushes the aggregated posterior toward the prior, since the critic is trained to score prior samples higher: it minimizes
Lp = Elwy (2take)] — E[wy (2real)] + Agp Lap With zreal ~ D(2), Zrake ~ gy (2 | x), the same interpolated gradient penalty
(Agp = 10) as in Section and the same aggregated-posterior surrogate for the Gibbs negative phase. Training runs
20 epochs of Adam (learning rate 2 x 10™%), alternating n.iic = 5 critic updates (encoder latents detached) with one
autoencoder update; at the end of each epoch we generate unconditional samples by decoding z ~ A (0, I).

CelebA keeps the Langevin protocol of Section[B.T|and adjusts only for the higher-dimensional latent space. Two adjustments
matter. First, T = 8 steps are used both for posterior refinement and for unconditional generation, with p = 5 x 1073
chosen by a coarse grid search for stability in R'2%. Second, the log-posterior weights are rebalanced—the encoder tether
relaxed to Aene = 1075, the reconstruction penalty raised to Agec = 10~ 1—so that refinement is anchored by reconstruction
rather than by the initialization. Everything else (Euler—-Maruyama discretization, noise injection, gradients with frozen
decoder and critic) is unchanged.

B.3 CIFAR-10 AND CIFAR-100

We train a conditional inpainting GAN on CIFAR-10 and CIFAR-100 (32 x 32 RGB, train splits, channels scaled
to [—1,1] for the tanh generator); the two datasets share one configuration. For each image ., we sample a binary
keep-mask k € {0,1}1%32%32 (k;, = 1 for observed pixels)—either a 16 x 16 block at a uniform location or i.i.d. pixel
drop with probability 0.25—and form the masked input x,,5x = Treal © k together with an 8-channel spatial noise tensor
e ~ N(0,I) zeroed at observed pixels. The generator predicts a fill image xg), composited with the observed pixels as
Thyb = Tmask + Zan © (1 — k).

The generator Ay is a U-Net-style encoder—decoder with residual blocks and additive skip connections (64 — 256 channels
through two stride-2 stages and back): it consumes the concatenation [Zmask, k, €] and, for EVIA, additionally a learned
linear projection Pyz € R32 of the latent code, broadcast over the spatial grid. The EVIA encoder zeyc £ 96 (Tmask, k) €
R'28 (three stride-2 convolutions with 128 — 512 channels, then two linear layers) initializes and tethers the Langevin
refinement; the AAE and WAE baselines share the generator—critic pair but use no encoder or latent code. The conditional
critic wy ([x, k]) (four spectral-normalized convolutions, 128 — 512 channels) scores an image given the keep-mask;
spectral normalization provides the Lipschitz bound, so no gradient penalty is needed. All networks use LeakyReLU(0.2).

The critic minimizes the hinge loss
Lp=E [max (0,1 — wy([Trea, k]))} + E[Inax (0,1 + wy ([zhyb, k]))} , (36)

and the generator minimizes Lg = —E[ww([xhyb, k])] + Arec IE[||(1 — k) ® (zan — xreal)Hl} with A;ec = 10. Training
runs 50,000 iterations of Adam (learning rate 2 x 1072, (31, 32) = (0.0, 0.9), batch size 128), alternating one critic and
one generator update on freshly sampled masks and noise; inference and evaluation use an EMA copy of the generator with
decay 7 = 0.999.

The metrics reported in Table|I|are computed over the masked index set = {i : k; = 0},
LPN(z, &) = |oi— 2], SSE™N(x,2) = (i — &), (37
ieQ i€Q
both averaged over the dataset.

For EVIA sampling, the protocol of Section is adapted to the image-space critic. Abbreviating Ay(z) =
Ag([Zmask, k, Poz, €]), the posterior log-density becomes

IOgﬁ(z ‘ .Z‘) = Ay * ww([xhyba k]) + IOgN(Z | 07[) - % Z = Zenc||2 — Adec EIT,ESk(fE,.Ae(Z)), (38)




with m = 4 particles, T = 4 steps, n = 5 x 1073, initialization zene + 0.1 ¢, and weights Aepe = Adec = 1074, Nagy = 1.
The reconstruction loss covers only masked pixels, the pixel noise stays fixed throughout refinement, and the energy-guided
refinement starts after 1000 reconstruction-only warmup iterations.

B.4 COMPUTATIONAL COMPLEXITY

All autoencoding methods compared in this paper share the base cost of one encoder and one decoder pass per sample, so we
focus on what each prior-matching mechanism adds on top. Let B denote the batch size, H the cost of one forward/backward
network pass for a single sample, 7" the number of Langevin steps, m the number of posterior particles, and L the number
of Sinkhorn iterations.

Table 2: Dominant cost added per training iteration by each prior-matching mechanism.

Method Added cost per iteration
WAE-GAN  O(B- H)

WAE-MMD  O(B?)

Sinkhorn AE ~ O(L, - B?)

EVIA O(T-m-B-H)

WAE-GAN adds one critic pass per sample. WAE-MMD replaces the critic with a kernel statistic over all latent pairs in the
batch, and Sinkhorn autoencoders iterate a matrix-scaling procedure on the B x B transport cost, so both scale quadratically
in the batch size. EVIA adds the Langevin refinement: each of the T steps differentiates the log-density of Equation
through the decoder and critic for each of the m particles, a factor of 7' - m over WAE-GAN. This factor is the price
of sampling a conditional distribution instead of taking a single point estimate, and it is directly tunable: 7" and m trade
refinement quality against compute (all experiments in this paper use 7' € {4, 8} and m < 16). Since the added cost stays
linear in B, EVIA avoids the quadratic batch scaling of MMD- and Sinkhorn-based objectives.

B.5 HYPERPARAMETER SELECTION AND PRACTICAL RECOMMENDATIONS

The exact values used in each experiment are given in the corresponding sections above. The SGLD parameters follow
standard practice for MCMC-based training and transferred across tasks with little change: 1" = 4 Langevin steps, step size
n =5 x 1073, and initialization noise 0.1 worked unchanged from the 2-dimensional (Fashion) MNIST latent space to the
128-dimensional CIFAR setting, and CelebA only needed 7" = 8 (same step size, found by a coarse grid search for stability
in high dimension).

In practice two knobs control the sampling budget. Because the encoder amortizes initialization, small budgets suffice—
T € [4,8] and m € [4, 16] cover every experiment in this paper—and both can grow for strongly multimodal posteriors at
the linear cost quantified in Section[B.4] When the decoder is expensive, reduce m first; that is why the image-space CIFAR
critic runs with m = 4. The step size deserves caution only when the latent dimension jumps: re-check sampling stability on
a coarse grid before touching anything else.

The remaining weights track the data scale rather than the sampler. The encoder tether ey must stay small (10~°~10~%), or
SGLD cannot explore beyond the encoder output; the reconstruction weight \ge. follows the magnitude of the reconstruction
loss (10~* on the (Fashion) MNIST and CIFAR tasks, 10~! on CelebA so that reconstruction anchors the refinement).
Train the reconstruction path alone before switching on the energy-based refinement—200 iterations on MNIST, 1000 on
CIFAR; enabling the critic too early destabilizes the encoder. The critic side follows standard practice: the latent-space
critics—(Fashion) MNIST and CelebA—use ncric = 5 updates per autoencoder update with gradient penalty Ay, = 10,
while the image-space CIFAR critic uses spectral normalization with a single critic update per generator step.

C ADDITIONAL EXPERIMENTAL RESULTS

C.1 TWO-MODE GAUSSIAN: DISTRIBUTIONS, NOT POINT ESTIMATES

The following toy study isolates the two claims behind EVIA’s design: that the conditional posterior of an inverse problem
is worth modeling as a distribution, and that a critic trained on MCMC samples learns an energy landscape rather than a



decision boundary.

We train a classifier to separate samples drawn from two Gaussians and then freeze it as the forward operator A. The
inference task is to recover the conditional distribution ¢(z | x); since A is many-to-one, each observation admits a full set
of latent explanations, and the target conditional is bimodal by construction. All methods share the same encoder, which
supplies the initialization; what differs is whether the method can move beyond it.

EVIA vs encoder baselines (WAE-GAN, WAE-MMD, SAE)

Final checkpoint

Best full-KL checkpoint
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124 >

. EVIA
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Figure 7: KL divergence to the target on the two-mode Gaussian task, for the full distribution and for each conditional mode,
at the final checkpoint (left) and the best checkpoint (right). EVIA reaches a full-distribution KL of 0.141 (final) and 0.033
(best)—an order of magnitude below WAE-GAN and far below WAE-MMD and the Sinkhorn autoencoder, whose collapsed
conditionals leave one of the two modes uncovered.

Figure[7]compares EVIA with the encoder-based baselines. The gap is not a matter of tuning: extended training does not
close it, because a deterministic encoder has no way to represent two latent explanations at once. EVIA’s per-mode KLs stay
balanced, meaning both modes of the conditional are recovered for every input rather than one being sacrificed.

Figure 8] shows the mechanism. Removing the decoding loss and training the critic alone, the MCMC negatives force the
critic to shape a density over the whole latent space—an energy-based model in the sense of [Grathwohl et al.| [2020b]]—
whereas adversarial fake negatives only require a separating surface. (The critic D of this experiment corresponds to —w in
the main text’s convention.) This is the property the SGLD refinement of Equation (T3) exploits: the refined particles follow
an energy landscape that actually encodes the prior’s structure.
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Figure 8: Why the critic matters. The same critic architecture is trained on the same two-mode target, once with MCMC
negatives (top) and once with GAN-style fake negatives (bottom); each panel shows the target density, the density oc e~
induced by the trained critic D, and the samples. The MCMC-trained critic reproduces the target (KL = 0.020), while
the GAN-trained critic merely separates the two sample populations and its induced density misses the mode structure
(KL = 0.405).

C.2 ZOOMED QUALITATIVE RESULTS
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Figure 9: Comparison of generated samples (left) and posterior latent samples (right) from VAE, AAE-GP, WAE-GP, and
EVIA-GP on MNIST.



Figure 10: Comparison of generated samples from VAE, AAE-GP, WAE-GP and EVIA-GP on CelebA.



(a) CIFAR-10

(b) CIFAR-100
Figure 11: Comparison of inpainted results from AAE, WAE, and EVIA on CIFAR-10 and CIFAR-100.
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