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Abstract

The central challenge in multimodal generative modeling
lies in accurately approximating the joint data distribution,
even when some modalities are missing. Existing multimodal
VAEs solve this by designing increasingly complex encod-
ing architectures, relying on modality-specific encoders, fac-
torized posteriors, and custom inference procedures. This
restricts their ability to capture relations among modalities
by amortizing the encoding parameters. We challenge this
paradigm by introducing a model trained for arbitrary con-
ditioning, i.e., generating any modality given a subset of ob-
served modalities and a logical index indicating which modal-
ities are present or missing. This enables a single unified
encoder to handle any subset of modalities while capturing
inter-modal relationships via a compact, shared posterior. We
find that to work efficiently in the multimodal setup, arbi-
trary conditioning requires replacing the KL divergence with
Wasserstein regularization, which allows more dispersed la-
tent embeddings to support learning over diverse data and
modality subsets. This key insight exposes a critical defi-
ciency in existing methods, which rely on KL regularization
that tends to concentrate individual embeddings near the stan-
dard Gaussian prior, despite coming from very diverse sub-
sets of multimodal inputs. We prove that Wasserstein regular-
ization ensures that the aggregate latent distribution – span-
ning all conditioning subsets – aligns with the prior without
requiring mixture models or auxiliary inference tricks. Em-
pirically, the proposed model improves cross-modal gener-
ation and yields better reconstructions than state-of-the-art
multimodal VAEs.

Introduction
The goal of multimodal data modeling is to learn high-
quality representations (Bengio, Courville, and Vincent
2013) of multimodal data to facilitate downstream super-
vised tasks (Guo, Wang, and Wang 2019), while simulta-
neously to accurately approximate the data distribution to
support generative tasks (Suzuki and Matsuo 2022).

To meet this dual goal, considerable attention has been
paid to multimodal adaptations of variational autoencoders
(VAEs) (Kingma and Welling 2014). Current multimodal
VAEs use architectural designs that allow them to encode
any subset of modalities into a shared posterior distribution,
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and thus handle missing modalities during inference and
enable cross-modal generation, often referred to as modal-
ity translation (Suzuki and Matsuo 2022; Żelaszczyk and
Mańdziuk 2023).

The encoding architectures used in these models involve
complex inference via unimodal encoders, restricting the
ability of the neural networks to capture relations among
modalities by amortizing the encoding parameters. More-
over, these models use Kullback-Leibler (KL) regularization
encouraging the inputs to be encoded to posterior distribu-
tions that approximate the selected prior (usually a standard
Gaussian distribution), inadvertently forcing the latent em-
beddings to concentrate close to each other, despite coming
from diverse inputs, or subsets of observed modalities – a
critical limitation that remains largely overlooked.

To address these deficiencies, we propose to treat cross-
modal generation as arbitrary conditioning (Ivanov, Fig-
urnov, and Vetrov 2018; Belghazi, Oquab, and Lopez-Paz
2019), where the embeddings are conditioned on the logi-
cal index indicating which modalities are observed. Further-
more, we propose to replace KL-divergence with Wasser-
stein regularization (Arjovsky, Chintala, and Bottou 2017;
Tolstikhin et al. 2018), which permits the latent codes to be
far from each other if coming from distinct inputs or dif-
ferent subsets of observed modalities. Together, but not sep-
arately, these adaptations, allow us to flexibly handle any
combination of observed modalities and learn their joint rep-
resentation in a principled manner.

We prove that Wasserstein regularization imposes control
over the overall latent distribution, spanning across data in-
puts and, critically, also across the combinations of observed
modalities, without the need for non-standard priors (e.g.,
Gaussian mixtures) or complex training procedures. This is
a key insight that extends the original argument for the use of
Wasserstein autoencoders (WAEs) (Rubenstein, Schoelkopf,
and Tolstikhin 2018; Tolstikhin et al. 2018) and highlights
WAEs as particularly well suited for arbitrary conditioning.

The proposed method is denoted as Multimodal Arbitrary
Conditioning with Wasserstein Autoencoder (MAC-WAE)
(cf. Figure 1)1. To demonstrate the versatility and robust-
ness of MAC-WAE across diverse data, we conducted exper-

1The project code and supplementary materials are publicly
available at: https://github.com/tomastokar/MACWAE
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iments on four multimodal datasets, including image, text,
and audio modalities. Compared to state-of-the-art base-
lines, MAC-WAE achieves significantly better cross-modal
translation and yields learned representations that lead to
more faithful input reconstructions.

Preliminaries
Let xi denote the i-th data instance, comprising M inputs
from different modalities: xi = {x(m)

i }Mm=1. Assume that
each input x(m) comes from a distinct modality-specific in-
put space X (m): x(m) ∈ X (m). Furthermore, let x(A)

i =

{x(m)
i }m∈A denote an instance comprising only a subset of

modalities A, so that: A ⊂ P(M), where P(M) denotes
the power set of modalities; and let x(\m)

i = {x(j)
i }Mj ̸=m

be a specific case of an input comprising all modalities ex-
cept the m-th modality. Finally, consider x ∼ p(x), and
x(m) ∼ p(x(m)), where p(x) denotes the joint data distri-
bution, and p(x(m)) denotes the marginal distribution of a
given modality m; and let p(x(Q)|x(V)) denote the condi-
tional probability of x(Q) given the inputs x(V), assuming
Q∩ V = ∅.

Related Work
Multimodal VAEs
Multimodal VAEs are an extension of traditional
VAEs (Kingma and Welling 2014). In most cases, multi-
modal VAEs learn to model the multimodal data distribution
conditioned on a shared latent variable z: x ∼ pθ(x|z) and
z ∼ p(z), where θ represents the model parameters and the
p(z) is a prior distribution, which is usually assumed to be a
normal distribution: p(z) = N (0, I).

It is usually assumed that the likelihood factorizes across
modalities, so that pθ(x|z) =

∏M
m=1 pθm(x(m)|z), where

pθm is selected based on the statistical properties of x(m).
The assumed generative process can be then described as:

p(x, z) = p(z)
M∏

m=1

pθm(x(m)|z) (1)

The multimodal VAEs are trained to maximize the lower
bound of the marginal distribution p(x):

L(x) = Eqϕ(z|x)

[ M∑
m=1

log pθ(x
(m)|z)

]
−DKL(qϕ||p(z)) (2)

where qϕ(z|x) is an approximation of the true posterior dis-
tribution p(z|x), and ϕ denotes the associated model param-
eters.

The most important challenge with multimodal VAEs is
how to handle missing modalities, which is a prerequisite for
being able to perform modality translation. There are three
main approaches to this, which we survey as follows.

Surrogate unimodal inference models To handle miss-
ing modalities, (Suzuki, Nakayama, and Matsuo 2017)
introduced surrogate unimodal inference distributions
qϕm

(z|x(m)), alongside the joint posterior distribution
qϕ(z|x), while extending the objective in Eq. 2 for mini-
mizing the KL divergence between the surrogates and the
joint posterior. This way, each unimodal distribution was
encouraged to approximate the joint distribution and hence
the model was optimized to encourage conditional genera-
tion. Multiple modifications of this approach were later pro-
posed (Vedantam et al. 2017; Korthals et al. 2019; Senellart,
Chadebec, and Allassonnière 2023).

Mixture-based posterior models Mixture-based multi-
modal VAEs introduced a modified multimodal variational
posterior qϕ(z|x), the functional form of which can be gen-
eralized as follows (Javaloy, Meghdadi, and Valera 2022):

qϕ(z|x) =
1

|A|
∑
A∈A

qA(z|x(A)) (3)

where A is a subset of P(M): A ⊆ P(M), and qA(z|x(A))
is product of unimodal posteriors qϕm

(x|x(m)), sometimes
called “experts”, which are parameterized by neural net-
works and usually selected to have Gaussian form:

qA(z|x(A)) ∝
∏
m∈A

qϕm(x|x(m)) (4)

The individual methods (Wu and Goodman 2018; Shi
et al. 2019; Sutter, Daunhawer, and Vogt 2021) are then
a special cases of the above generalization, distinguished
by their choice of A: MVAE (Wu and Goodman 2018)
selects A = {{1, . . .M}} so that the eq. 3 converts
to qϕ(z|x) ∝ ∏M

m=1 qϕm(x|x(m)), i.e. “product of ex-
perts” (Hinton 2002). MMVAE (Shi et al. 2019) selects
A = {{1}, . . . {M}} so that eq. 3 reduces to qϕ(z|x) ∝
1
M

∑M
m=1 qϕm , i.e. “mixture of experts”. MoPoE (Sutter,

Daunhawer, and Vogt 2021) is the exhaustive case, where
A = P(M), the posterior in eq. 3 becomes “mixture of
products of experts”, bridging the previous two approaches.

Hierarchical models Hierarchical models introduce ad-
ditional latent variables, which are organized in the hierar-
chal structure, so that hierarchically lower-level variables are
conditioned on the upper-level ones. In the simplest case,
one assumes modality-specific latent variables z(m) encode
individual modalities, each conditioned on the joint latent
variable z, so that the generative process extends to a three-
step process:

p(x, z, z(1:M)) = p(z)
M∏

m=1

p(z(m)|z)p(x(m)|z(m)) (5)

The modality-specific encoders and decoders can be learned
either through independent pre-training or together with the
joint encoder and decoder.

In the presence of missing modalities, hierarchical mod-
els either fill the missing modality-specific latent variables
by sampling from their prior (Ma et al. 2020; Nazabal et al.
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Figure 1: MAC-WAE: A conditioning index b is sampled from pb to indicate which modalities are observed and which are
missing. The inputs x(m) and b are jointly encoded via encoder f to produce latent code z, which is then decoded by the
modality-specific decoders g(m). The model aims to simultaneously minimize the reconstruction loss C and the regularization
loss DMMD between the prior p(z) and the continuous mixture q(z).

2020; Vasco, Melo, and Paiva 2020), or they rely on joint
encoder architectures that are robust against the missing in-
puts; such as GraphSAGE (Hamilton, Ying, and Leskovec
2017) employed by Nexus (Vasco et al. 2022).

Wasserstein Autoencoders
Wasserstein autoencoders (WAEs) (Tolstikhin et al. 2018)
are a type of generative model that combine autoencoders
with the principles of optimal transport theory, particularly
the Wasserstein distance. Instead of using the DKL for reg-
ularization as in VAEs, they minimize the Wasserstein dis-
tance (Rüschendorf 1985) between the encoded latent distri-
butions and a prior distribution, thus encouraging the con-
tinuous mixture of posteriors: q(z) =

∫
qϕ(z|x)dx to match

the selected prior. This provides better control over the gen-
erative process and often leads to improved generative qual-
ity and training stability (Rubenstein, Schoelkopf, and Tol-
stikhin 2018).

In the original work (Tolstikhin et al. 2018), the authors
proposed the penalty based on maximum mean discrepancy
(MMD) (Smola, Gretton, and Borgwardt 2006), which mea-
sures the distance between the prior p(z) and q(z) using
distribution-embedding kernels:

DMMD(p(z), q(z)) = Ez,z̃∼p(z)[k(z, z̃)]

+ Ez,z̃∼q(z)[k(z, z̃)]− 2Ez∼p(z),z̃∼q(z)[k(z, z̃)] (6)

where k is a positive-definite kernel. While MMD is known
to perform well on high-dimensional standard normal dis-
tributions (Gretton et al. 2012), there are several alternative
penalties that can be used for this purpose (cf. Section ).

Surprisingly, the application of WAEs within a multi-
modal setup remains largely unexplored. In (Tsai et al.
2017), the authors proposed factorized multimodal latent
representations, consisting of private (modality-specific) and

shared variables, which were regularized by Wasserstein dis-
tance. However, the model requires designated neural en-
coders, each to handle a single missing modality, rendering
this approach unsuitable for general modality transfer.

Somewhat related are the works of (Tian and Engel 2019)
and (Schonfeld et al. 2019), where the authors used Wasser-
stein distance to match posterior distributions of two clas-
sical VAEs. Conversely, (Mahajan et al. 2019) pre-trained
a WAE to obtain Gaussian-regularized image and text rep-
resentations, which were then aligned using a contrastive
learning approach. However, these works are limited to bi-
modal cases and none of them allow for joint modeling of
the true multimodal data distribution.

Arbitrary Conditioning
Generative models, such as VAEs, aim to model the data dis-
tribution p(x) and so, hypothetically, these models should
also be able to approximate any arbitrary conditional dis-
tribution p(xu|xo), where xu and xo indicate unobserved
and observed portions of the data, respectively. However, in
practice, deriving the conditional by marginalizing the joint
model distribution is often not feasible, since the analyti-
cally solutions are generally unavailable and computational
approximations are often intractable. For that reason, we
may seek to model such arbitrary conditional distributions
directly – a task referred to as arbitrary conditioning.

Various types of generative methods were previously
modified for arbitrary conditioning. These modifications in-
clude GANs (Belghazi, Oquab, and Lopez-Paz 2019), nor-
malizing flows (Li, Akbar, and Oliva 2020), autoregressive
models (Strauss and Oliva 2021) as well as VAEs (Ivanov,
Figurnov, and Vetrov 2018; Ma et al. 2019; Strauss and Oliva
2022). However, none of these models were intended for
multimodal data; nor can they be easily adapted for multi-
modal applications. This motivated development of the pro-
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posed method.

Multimodal Arbitrary Conditioning with
Wasserstein Autoencoder

Problem Statement
VAE objective seeks to maximize the similarity (by mini-
mizing the KL-divergence in Eq. 2) between the prior and
each individual posterior q(z|xi,bj), thus forcing the latent
codes to remain close to each other despite coming from dif-
ferent instances. This deficiency of VAEs is well known in
various contexts (Makhzani et al. 2015; Hoffman and John-
son 2016; Alemi et al. 2018; Tomczak and Welling 2018).

This property of VAEs becomes especially problematic
when used to model arbitrary conditional distributions; as
the latent codes coming from distinct subsets of the observed
inputs are compressed together. Even more critical this be-
comes in a multimodal setup, where good approximation
of the conditional distributions requires subsets of observed
modalities to be mapped into vastly diverse latent codes. We
thus argue that multimodal VAEs suffer by inherent defi-
ciency when modeling arbitrary cross modal conditionals.

Rationale
Inference To encourage the model to learn to infer latent
representations of the inputs in spite of missing modalities,
we propose the following inference schema (cf. Figure 1).
The binary index b ∈ {0, 1}M is sampled from the distri-
bution pb, which serves as a conditioning index. By default,
the distribution pb is selected as follows:

p(b) =


0, if b = 0

1

1− pM0

M∏
i=1

p1−bi
0 (1− p0)

bi , otherwise
(7)

i.e., a joint Bernoulli distribution that is constrained to avoid
all values of b to be zeros that guarantees that at least one
modality is always observed; where p0 is a hyper-parameter
of the model.

The modality m is considered observed in the given batch
if bm = 1, and missing otherwise; in which case the input
x(m) is set to zero (cf. Section ). The inputs are then passed
to the joint neural encoder fϕ that implements the posterior
distribution qϕ(z|x,b).
Generative process The generative process is identical to
the one described in Eq. 1. The code z is sampled from
qθ(z|x,b) and subsequently passed to decoder g, which con-
sists of the set of M independent modality-specific neural
decoders g(m) with parameters θm: gθ = {g(1)θ1

, . . . , g
(M)
θM

}.
The reconstruction x̂ = gθ(z) is then a set of the modality-
specific reconstructions: x̂ = {g(m)

θm
(z)}Mm=1.

Loss computation The aim is to minimize the recon-
struction loss measured by the multimodal cost function
C: C(x, gθ(z)) =

∑M
m=1 c(x, g

(m)
θm

(z)), where c is the L2

norm. Simultaneously, we aim to minimize the regulariza-
tion penalty D, the choice of which and its subsequent theo-
retical implications are elaborated in the following sections.

For each batch, the encoding and decoding steps are re-
peated K times, each time using different conditioning in-
dex b. The incurred reconstruction and regularization losses
are summed into a reconstruction and regularization batch
losses respectively, which are then aggregated into a total
batch loss, where hyper-parameter β controls the strength of
regularization (Higgins et al. 2017; Burgess et al. 2018) (cf.
Algorithm 1).

Regularization Metric
Similarly to (Tolstikhin et al. 2018), we adopted the penalty
based on maximum mean discrepancy (MMD) (Smola,
Gretton, and Borgwardt 2006), using radial basis function
(RBF) kernel (Benoudjit and Verleysen 2003). We esti-
mate DMMD between the standard Gaussian prior p(z) and
marginal posterior q(z|b), which is essentially a continu-
ous mixture of posteriors across the instances: q(z|b) =∫
x
q(z|x,b)p(x)dx (Tolstikhin et al. 2018). To estimate

DMMD we use the U-statistic (Ferguson, Shapley, and Mac-
Queen 2005), so the resulting regularization penalty is de-
fined as

DMMD(p(z), qϕ(z|b)) =
1

n− 1

∑
l ̸=j

k(zl, zj)

+
1

n(n− 1)

∑
l ̸=j

k(z̃l, z̃j)−
2

n2

∑
l,j

k(zl, z̃j) (8)

where (zi)
n
i=1 are samples drawn from the prior p(z);

(z̃i)
n
i=1 are the latent codes of the inputs xi for i = 1, . . . n

in the batch under the sampled index b; i. e., essentially the
samples drawn from qϕ(z|b).

Theoretical Considerations
The learning objective of MAC-WAE is thus to minimize the
following loss:

LMACWAE = Ep(b)

[
Ep(x)Eq(z|x,b)[C(x, g(z))]

+ β · DMMD(p(z), q(z|b))
]

(9)

Theorem 0.1. For any fixed prior probability density func-
tion p(z), the loss LMACWAE incurred by the model is a sub-
ject to the following lower bound:

LMACWAE ≥ Ep(b)Ep(x)Eq(z|x,b)[c(x, g(z))]

+ β · DMMD(p(z), q(z)) (10)

where q(z) = Epb
[q(z|b)].

Importantly, from the Theorem 0.1 (proof is provided in
Supplementary Materials) follows that minimizing the loss
LMACWAE leads to minimizing the sum of reconstruction loss
incurred across the data and the conditioning indices (first
term) and the regularization loss (second term). The mini-
mization of the latter means to maximize the similarity be-
tween the prior p(z) and the continuous mixture of posteri-
ors: q(z) =

∫
x

∫
b
q(z|x,b)p(x)p(b)dxdb, going across the

data and the conditioning indices.
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Figure 2: Graphical models of the four baselines: JMVAE (Suzuki, Nakayama, and Matsuo 2017), MoPoE (Sutter, Daunhawer,
and Vogt 2021), MVTCAE (Hwang et al. 2021), Nexus (Vasco et al. 2022) and MAC-WAE. Shaded nodes indicate observed
variables, white nodes indicate latent ones. Frames indicate the modalities plate (M ) and instances plate (N ). Solid and dashed
arrows indicate generative and inference processes, respectively; and ⇔ indicates Kullback-Leibler divergence between the
distributions of the given variables. Note, only MAC-WAE exerts the inference jointly via a single multimodal encoder (z
outside of M plate); allowing it to better capture cross-modal relations by amortizing the encoder parameters.

Theoretical benefits The Wasserstein regularization lends
our method an important theoretical advantage with respect
to the cross-modal generation, since the resulting latent
codes are allowed to be far away from each other, if com-
ing from different instances and, more importantly, different
conditioning indices. This advantage is particularly benefi-
cial in a multimodal setup, where different subsets of ob-
served modalities are likely to result in vastly diverse la-
tent codes. Furthermore, the model comes with only a single
multimodal encoder that exerts the inference from all the ob-
served modalities jointly. In contrast, most existing methods
rely on unimodal encoders, losing the ability of the neural
networks to capture relations among modalities by amortiz-
ing the parameters (cf. Figure 2).

Encoder and Decoders
An important, yet often underappreciated, property of WAEs
is their permissibility for deterministic encoders, i.e., en-
coders that map the given input xi to the exact same latent
code zi, without the model losing its generative nature. The
posterior distribution then has the form of a Dirac δ distri-
bution, instead of a traditional Gaussian. Unless stated oth-
erwise, we use deterministic encoders in this work.

For the sake of epistemological clarity of our research,
we sought as parsimonious of an encoding and decoding ar-
chitecture as possible (cf. Supplementary Materials). Out-
puts of the modality specific encoders were concatenated
and passed to a simple joint encoder; consisting of a sin-
gle hidden layer, ReLU-activated, multi-layer perceptron
(MLP) (Noriega 2005) to produce the joint posterior. To ac-
commodate missing modalities, inputs from missing modal-
ities were replaced with zeros.

Experimental Design
Research questions Our experiments address the follow-
ing research questions: [RQ1] Does the MAC-WAE out-
perform state-of-the-art (SOTA) baselines with respect to
the three tasks: (a) reconstruction quality; (b) many-to-one
modality translation, i.e. the ability to estimate the single

missing modality given the remaining ones collectively; (c)
one-to-one modality translation, i.e. the ability to estimate a
single modality from other modalities individually; (d) gen-
erative quality. [RQ2] Does the use of the Wasserstein reg-
ularization by MAC-WAE significantly improve the model
performance compared to the use of KL regularization?

Baselines To provide meaningful and diverse baselines we
selected the 4 methods, which constitute canonical represen-
tatives of their respective research avenues (cf. Figure 2):
JMVAE (Suzuki, Nakayama, and Matsuo 2017) represent-
ing multimodal VAEs with unimodal surrogate inference.
MoPoE (Sutter, Daunhawer, and Vogt 2021) representing
an important generalization of the mixture-based posterior
VAEs. NEXUS (Vasco et al. 2022) representing hierarchi-
cal multimodal VAEs. MVTCAE (Hwang et al. 2021) is
an information-theoretic model that adopts a product-of-
experts joint encoder, but uses the variational information
bottleneck as an additional form of regularization.

We acknowledge the existence of several other works on
multimodal VAEs (e.g., (Palumbo, Daunhawer, and Vogt
2023; Sutter et al. 2024)). However, to the best of our knowl-
edge, these approaches build upon existing baseline archi-
tectures by introducing additional enhancements that are
equally applicable to our proposed method. Therefore, we
focus our comparisons on the selected canonical baselines
and do not include these variants in our evaluation.

Ablated models To evaluate the benefits of Wasserstein
regularization as compared to traditional KL-divergence we
ablated the proposed model by replacing the DMMD in the
Equation 9 with KL-divergence while simultaneously re-
placing our deterministic encoder with the commonly used
VAE stochastic encoder with Gaussian posterior. Hereafter,
we will refer to this ablated model as MAC-VAE. To eval-
uate the contribution of arbitrary conditioning, we proposed
a second ablated model, which uses Wasserstein regular-
ization but lacks arbitrary conditioning, hence reducing the
MAC-WAE model to a masked Wasserstein autoencoder,
which we refer to as M-WAE.
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Evaluation metric The quality of the reconstruction and
modality translation was measured by modality-specific
evaluation metrics, namely: statistical accuracy (ACC) for
the categorical modalities, root-mean-squared error (RMSE)
for the numerical modalities, structural similarity index
(SSIM) (Wang et al. 2004) for the images and BLEU-3 score
(BLEU3) (Papineni et al. 2002) for text (cf. Supplementary
Materials).

Datasets In our experiments we used only the following
publicly available datasets: PolyMNIST, instances of which
consist of a set of 5 MNIST images, where each image in
a set represents the same digit, but appears with different
backgrounds and in different handwriting styles, which in-
troduce a multimodal aspect of the data (Sutter, Daunhawer,
and Vogt 2021). MHD is a collection of multimodal hand-
written digits, combining images, motion trajectory, sound
and semantic information from digit handwriting (Vasco
et al. 2022). CUB-Captions consists of images of birds
paired with matching linguistic descriptions and the asso-
ciated species labels (Netzer et al. 2011; Shi et al. 2019).
CelebA is a large-scale face dataset containing celebrity im-
ages across diverse background, poses and lightning condi-
tions, with each image annotated for 40 binary attributes,
which we treated as individual modalities (Liu et al. 2015).

Results
The models were compared across three tasks and four
datasets comprising 14 modalities in total. This resulted
in 42 experimental outcomes (cf. Supplementary Table 4).
The MAC-WAE outperformed the baselines and the ablated
model in 29 of these outcomes, i.e., in approximately 70%.

Average performance ranking To obtain task-level per-
formance measures, the obtained results were aggregated by
computing the average performance ranking. The models
were ranked based on their performance on the individual
modalities, with the best-performing model assigned a value
of 1 and the worst-performing model assigned a value of
0. The obtained rankings were then averaged for each task
(cf. Figure 3). The MAC-WAE achieved the highest ranking
across all three tasks, and so we conclude that MAC-WAE
outperforms the given baselines (RQ1, a–c).

Win-loss matrix To provide compact pair-wise model
comparison across the experimental outcomes, the obtained
results were further conveyed as a win-loss matrix (cf. Fig-
ure 4). The MAC-WAE significantly (p–value < 0.05, bi-
nomial test) outperformed all the baselines as well as the
ablated model. This demonstrates that the use of Wasser-
stein regularization by MAC-WAE significantly improves
the model performance compared to the KL regularization
(RQ2).

Qualitative analysis of the produced embeddings We
visualized UMAP-processed (McInnes et al. 2018) latent
representations conditioned on various subsets of modalities
across the test portion of MHD dataset (multimodal hand-
written digits), as produced by the MAC-WAE and by the
non-Wasserstein ablation model MAC-VAE. The obtained

Figure 3: Average performance rank in reconstruction qual-
ity, many-to-1 and 1-to-1 modality translation. Rankings
were computed by assigning a score of 1 to the best-
performing model and 0 to the worst-performing model
across all datasets and modalities. The scores were then av-
eraged to obtain the final ranking per task, providing a com-
parative evaluation of the models’ performance.

results show qualitative differences between the latent rep-
resentations produced under Wasserstein and KL regulariza-
tion (Figure 5).

Robustness to the choice of hyper-parameter β We
investigated the sensitivity of model performance to the
strength of the regularization term, controlled by the hyper-
parameter β, for both MAC-WAE and baseline models
across three representative tasks: reconstruction, many-to-
one modality translation, and one-to-one modality trans-
lation. These evaluations were conducted on the PolyM-
NIST, CUB, and MHD datasets. The results demonstrate
that MAC-WAE exhibits overall greater robustness to vari-
ations in β compared to the baseline models, maintain-
ing more stable performance across range of regularization
strengths (cf. Supplementary Figures 2–4).

Discussion
The central challenge in multimodal data modeling lies
in learning high-quality representations of multimodal data
while simultaneously enabling effective cross-modal gener-
ation, or modality translation. We proposed framing cross-
modal generation as a problem of arbitrary conditioning
and leveraging Wasserstein autoencoders (WAEs) as the un-
derlying generative model. As we showed, WAEs are par-
ticularly well-suited to this task due to their unique reg-
ularization objective. By employing arbitrary conditioning
within the WAE framework, our approach creates a unified
model capable of excelling at both, multimodal representa-
tion learning and arbitrary cross-modal generation.

Notably, the closest contender to our model is MoPoE,
which derives its learning capacity from extensive factor-
ization of the joint posterior distribution using a mixture-of-
product-of-experts approach (cf. Section ). However, this ad-
vantage comes at the cost of limited applicability to datasets
with a high number of modalities, where the MoPoE’s
quadratic factorization complexity becomes a constraint. In
contrast, MAC-WAE scales linearly with the number of
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Figure 4: Heatmap depicting the relative number of out-
comes (summarized in Supplementary Table 4), where the
model in the given row outperformed the model in the given
column. An asterisk indicates p < 0.05, and a double aster-
isk denotes p < 0.01 (cf. Supplementary Materials).

modalities (cf. Algorithm 1) adding an additional advantage
to our method.

Known limitations Multimodal generative models may
be evaluated with respect to qualities other than those we
focused on in our experiments, such as probabilistic calibra-
tion, generative coherence, generative diversity, etc. While
interesting, we viewed these as secondary objectives beyond
the scope of our present empirical research investigation out-
lined in RQ1 and RQ2.

Future Work
The proposed model is intentionally simple, comprising a
single neural encoder and a set of modality-specific neural
decoders as its only trainable components; thus it bears the
potential for further extensions and modifications, which we
discuss in the following paragraphs.

Encoding architecture The previous works on arbitrary
conditioning used encoders that were specifically designed
to be robust against missing inputs. The architectures such
as DeepSet (Zaheer et al. 2017), PointNet (Qi et al. 2017)),
or graph attention layers (Veličković et al. 2017) can generi-
cally handle variable input structures. While introducing ar-
chitectural complexity, compared to the parsimonious solu-
tion that we used in our experiments, these architectures may
further enhance the performance of the model.

Regularization metrics The Wasserstein regularization
penalty can be computed via several algorithms other than
the MMD estimated by U-statistic. These include the fol-
lowing: (i) alternative MMD estimators (Yamada et al.
2018); (ii) a GAN penalty (Arjovsky, Chintala, and Bottou
2017; Tolstikhin et al. 2018) ; and (iii) sliced Wasserstein
losses (Kolouri et al. 2018; Wu et al. 2019).

Figure 5: UMAP-processed latent codes of the MHD test
samples produced by the MAC-WAE and MAC-VAE, con-
ditioned on a subset of modalities (point colors indicate the
label of the sample). The results reveal that KL-divergence
(right) but not Wasserstein regularization (left) forces the la-
tent embeddings to concentrate close to each other despite
coming from diverse inputs.
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