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Abstract

Multimodal variational autoencoders (VAEs)
are widely used for weakly supervised gener-
ative learning with multiple modalities. Pre-
dominant methods aggregate unimodal infer-
ence distributions using either a product of
experts (PoE), a mixture of experts (MoE),
or their combinations to approximate the
joint posterior. In this work, we revisit mul-
timodal inference through the lens of prob-
abilistic opinion pooling, an optimization-
based approach. We start from Hölder
pooling with α = 0.5, which corresponds
to the unique symmetric member of the
α-divergence family, and derive a moment-
matching approximation, termed Hellinger.
We then leverage such an approximation to
propose HELVAE, a multimodal VAE that
avoids sub-sampling, yielding an efficient yet
effective model that: (i) learns more ex-
pressive latent representations as additional
modalities are observed; and (ii) empirically
achieves better trade-offs between generative
coherence and quality, outperforming state-
of-the-art multimodal VAE models.

1 INTRODUCTION

Recently, frameworks for cross-generation, such as
image-to-text (Li et al., 2021) and text-to-image (Rad-
ford et al., 2021; Nichol et al., 2022), have received
attention (Li et al., 2019; Zhang et al., 2021; Nichol
et al., 2022; Saharia et al., 2022; Gu et al., 2022). How-
ever, these advances focus on cross-modality learning
through conditional dependencies from one modality
to another, often neglecting shared semantic repre-
sentations across modalities. In practice, multimodal
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datasets are weakly supervised, as collecting com-
plete annotations is costly, and access to all modali-
ties at inference time is rarely guaranteed. Multimodal
VAEs address this by providing a probabilistic frame-
work that learns joint latent representations captur-
ing shared and modality-specific structures, while also
enabling cross-generation, missing-modality inference,
and weakly supervised learning.

To handle missing-modality inference, early multi-
modal VAEs (Suzuki et al., 2016; Vedantam et al.,
2018) lacked scalability, as they required a separate
encoder for each subset of modalities. More recent
methods (Wu and Goodman, 2018; Shi et al., 2019;
Sutter et al., 2021) introduce scalable inference mecha-
nisms that efficiently learn from many modalities using
a joint encoder factorized into unimodal components.
These approaches primarily follow two paradigms:
product of experts (PoE), such as MVAE (Wu and
Goodman, 2018), and mixture of experts (MoE), such
as MMVAE (Shi et al., 2019). Both, however, have
flaws in estimating the joint posterior: PoE can be bi-
ased when expert precisions are miscalibrated or col-
lapse if any expert assigns low density, while MoE
cannot yield a posterior sharper than its components,
limiting efficiency in high-dimensional spaces (Hinton,
2002). Their performance is typically assessed through
two criteria: generative quality, which measures how
well the model fits the data distribution, and genera-
tive coherence, which evaluates semantic consistency
across modalities. Thus, an effective multimodal gen-
erative model should ideally achieve both. However,
in Daunhawer et al. (2021), the authors show that ex-
isting approaches struggle to balance these objectives,
limiting applicability to complex real-world settings.
In particular, they note that mixture-based models
such as MMVAE rely on sub-sampling,1 which imposes
an undesirable upper bound on the multimodal ELBO
and limits generative quality (Daunhawer et al., 2021).

In this work, we study PoE and MoE aggregation

1Sub-sampling refers to training multimodal VAEs by
randomly selecting subsets of modalities instead of using
all modalities at once.
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through probabilistic opinion pooling, and more specif-
ically, Hölder pooling, which corresponds to mini-
mizing α-divergence (Amari, 1985; Zhu and Rohwer,
1995). In this perspective, PoE can be seen as log-
linear pooling (Genest, 1984) when α → 0 and MoE
as linear pooling (Stone, 1961) when α = 1. We then
leverage the unique symmetric case of the α-divergence
family, α = 0.5, proportional to the squared Hellinger
distance. This distance is a bounded metric on prob-
ability measures, defined as the L2 norm between
square-root densities (Nikulin et al., 2001). Build-
ing on this, we apply moment matching to project
the pooled distribution onto a single Gaussian, allow-
ing multimodal VAEs avoid sub-sampling. We then
leverage this approximation to propose the HELlinger
multimodal VAE (HELVAE), an efficient yet effective
model without sub-sampling during training.

In summary, our main contributions are three-fold:
(i) We introduce a probabilistic opinion pooling per-
spective for multimodal VAEs, which generalizes com-
mon methods such as PoE and MoE as special cases
of Hölder pooling with respective α; (ii) we develop
a moment-matching approximation of Hölder pooling
with α = 0.5, termed Hellinger aggregation, which is
particularly effective when combining different types
of experts; and, building on this, (iii) we then propose
HELVAE, a multimodal VAE that provides an efficient
multimodal VAE that balances generative coherence
and quality. Our empirical results on three bench-
mark datasets (PolyMNIST, CUB Image-Captions,
and bimodal CelebA), show that HELVAE learns bet-
ter latent representations and shows synergy 2 across
modalities, leading to better trade-offs between gener-
ative coherence and quality than existing methods.

2 RELATED WORK

Extending VAEs (Kingma and Welling, 2013) to mul-
tiple data modalities, early multimodal VAEs (Suzuki
et al., 2016; Vedantam et al., 2018) lacked scalability.
More recent approaches address this using PoE (Wu
and Goodman, 2018), MoE (Shi et al., 2019), or
their combination, the mixture of product of experts
(MoPoE) (Sutter et al., 2021). Building on this line,
later work has introduced WBVAE (Qiu et al., 2025),
which leverages Wasserstein barycenter aggregation,
and CoDEVAE (Mancisidor et al., 2025), which de-
fines joint distributions through a mixture of consensus
among dependent experts (CoDE). Although CoDE-
VAE claims it does not require sub-sampling, since all
loss terms for all subsets are trained rather than some

2Synergy (Shi et al., 2019) is the effect that learning
from multiple modalities improves generative performance
in each modality.

as in mixture-based methods, CoDEVAE still incurs a
relatively high computational cost of O(2M − 1), simi-
lar to MoPoE and MWBVAE, where M is the number
of modalities. Beyond these approaches, flexible aggre-
gation methods based on permutation-invariant neural
networks (Hirt et al., 2024) have also been proposed.

In this context, Daunhawer et al. (2021) show that
multimodal VAEs struggle with a trade-off between
generative coherence and quality. Javaloy et al. (2022)
further identify modality collapse as a consequence of
conflicting gradients during training. Since then, per-
formance has been improved by regularization objec-
tives such as mmJSD (Sutter et al., 2020), which aligns
unimodal and joint posteriors via Jensen–Shannon di-
vergence, and MVTCAE (Hwang et al., 2021), which
captures cross-view dependencies via total correla-
tion. In addition, hierarchical latent spaces have
been leveraged to capture heterogeneity among modal-
ities (Vasco et al., 2022; Wolff et al., 2022). An-
other line of work has focused on dynamic priors and
posteriors, using unimodal posteriors as priors (Sut-
ter et al., 2020; Joy et al., 2022), energy-based pri-
ors (Yuan et al., 2024), variational mixtures of poste-
riors (Vamp) priors (Sutter et al., 2024), score-based
priors (Wesego and Rooshenas, 2024b), Markov ran-
dom field (Oubari et al., 2024), and flow-based pos-
teriors (Senellart and Allassonnière, 2025). More re-
cently, diffusion models have been used in multimodal
VAEs, either at the decoder or the latent level (Wesego
and Rooshenas, 2024a; Bounoua et al., 2024; Palumbo
et al., 2024). Finally, prior work has considered sep-
arating modality-specific latent subspaces alongside a
shared subspace (Sutter et al., 2020; Lee and Pavlovic,
2021; Palumbo et al., 2023), with MMVAE+ (Palumbo
et al., 2023) as the state-of-the-art model that intro-
duces a new objective for mixture-based models.

While these approaches consider different aspects of
multimodal representation learning, they generally use
the two most common combination schemes and are
orthogonal to this work, which specifically focuses on
the modality aggregation approach. We compare our
model with recent aggregation-based methods, as well
as MMVAE+ with additional modality-specific latent
variables, and show that it achieves comparable gener-
ative performance without requiring extra complexity.

3 PRELIMINARIES

3.1 Multimodal VAEs

We consider multimodal data X, comprisingM modal-
ities x1,x2, . . . ,xM , which are assumed to be gener-
ated from a shared latent variable z using modality-
specific parametric decoders {pθj (xj |z)}Mj=1. Assum-
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ing conditional independence between modalities given
z, the joint distribution factorizes as: pθ(X, z) =

p(z)
∏M

j=1 pθj (xj |z), where p(z) is the prior over the
latent space. The objective of a multimodal VAE is to
maximize the log-likelihood of data overM modalities:

log pθ(X) = KL(qϕ(z|X)∥pθ(z|X)) + L(θ, ϕ;X),

L(θ, ϕ;X) = Eqϕ(z|X)[log pθ(X|z)]−KL(qϕ(z|X)∥p(z)).

The distribution qϕ(z|X) is a variational posterior ap-
proximation with learnable parameters ϕ, since the
true posterior is intractable. From the non-negativity
of the KL divergence, yielding log pθ(X) ≥ L(θ, ϕ;X).
The term L(θ, ϕ;X) is the evidence lower bound
(ELBO) on the marginal log-likelihood, and we max-
imize this bound instead. Maximizing the ELBO re-
quires approximating the joint posterior qϕ(z|X) in a
way that scales flexibly to many modalities. Two com-
mon approaches are PoE (Wu and Goodman, 2018)
and MoE (Shi et al., 2019), where the joint distribu-

tions are approximated as qϕ(z|X) = c
∏M

j=1 qϕj
(z|xj)

and qϕ(z|X) = 1
M

∑M
j=1 qϕj (z|xj), respectively, with c

a normalization constant that guarantees the validity
of the resulting probability measure.

3.2 Probabilistic opinion pooling: an
optimization-based approach

Probabilistic opinion pooling is a principled frame-
work for aggregating multiple probability density func-
tions (pdfs) into a single consensus pdf. Let z =
(z1, z2, . . . ,zD)⊤ ∈ RD be a continuous random vari-
able. Given a set of pdfs {qj(z)}Mj=1 ∈ PM with

associated non-negative weights {λj}Mj=1 satisfying∑M
j=1 λj = 1, a pooled density is defined as a weighted

aggregation of these pdfs. A popular pooling func-
tion is linear pooling (Stone, 1961), which computes a

weighted arithmetic average: q(z) =
∑M

j=1 λjqj(z).
Another popular one is the log-linear pooling func-
tion (Genest, 1984), which takes a weighted geometric

average: q(z) = c
∏M

j=1(qj(z))
λj where c is a normal-

ization factor.

In an optimization-based approach, the pooling func-
tion is obtained by minimizing a weighted average of
some discrepancy measure between the aggregated pdf
and the individual pdfs. One class of discrepancy mea-
sures that we consider in this paper is the family of
f -divergences. Given a convex function f : R+ → R
satisfying f(1) = 0, the f -divergence between two pdfs
qj(z) and φ(z) over the domain RD is defined as:

Df (qj∥φ) =
∫

φ(z)f

(
qj(z)

φ(z)

)
dz.

The aggregated pdf q(z) is obtained by solving the
following minimization problem:

q(z) = argmin
φ∈P

M∑
j=1

λjDf (qj∥φ). (1)

As stated in Abbas (2009); Qiu et al. (2025), log-
linear pooling and linear pooling can be derived as
solutions to the minimization problem in Equation 1,
corresponding respectively to the reverse and forward
KL divergences, which are both members of the f -
divergence family: f(x) = − log x for the reverse KL
and f(x) = x log x for the forward KL. We generalize
these two special cases to an entire family of diver-
gences and corresponding pooling functions, both pa-
rameterized by a real-valued parameter α. Specifically,
we consider f(x) = xα−1

α(α−1) for x > 0 and α ∈ R\{0, 1}.
This yields the family of α-divergences defined as:

Dα(qj∥φ) =
1

α(α− 1)

∫
φ(z)

(qj(z))
α − (φ(z))α

(φ(z))α
dz.

The solution to the problem in Equation 1 for the
α-divergences is an α-parameterized family of Hölder
pooling functions, as mentioned in Garg et al. (2004);
Koliander et al. (2022):

q(z) = c

 M∑
j=1

λj(qj(z))
α

1/α

,

where c = 1/
∫ (∑M

j=1 λj(qj(z))
α
)1/α

dz. In the limit

α → 0, the Hölder pooling function reduces to the
log-linear pooling function, and for α = 1, it becomes
the linear pooling function, consistent with the facts
that limα→0 Dα(qj∥φ) = KL(φ∥qj) (reverse KL) and
limα→1 Dα(qj∥φ) = KL(qj∥φ) (forward KL) (Minka
et al., 2005). It is worth noting that the above choices
of α yield asymmetric and unbounded discrepancy
measures, which do not define a metric space for prob-
ability measures. In what follows, we consider the
unique symmetric case of the α-divergence family, cor-
responding to α = 0.5:

D0.5(qj∥φ) = 2

∫ (√
qj(z)−

√
φ(z)

)2

dz

= 4Hel2(qj∥φ),

where Hel(qj∥φ) is the Hellinger distance (Nikulin
et al., 2001) between two distributions, symmetric and
bounded between 0 and 1 (Tsybakov, 2009).

The use of α-divergence with α = 0.5 was introduced
in Black-Box α (BB-α) (Hernandez-Lobato et al.,
2016), an approximate inference method based on
the minimization of α-divergence. Their experiments
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demonstrate that BB-α with non-standard settings of
α, such as α = 0.5, often yields better predictive per-
formance compared to α → 0 variational Bayes (VB)
or α = 1 expectation propagation (EP). This moti-
vates our use of α-divergence with α = 0.5 in Hölder
pooling, which is defined as:

q(z) = c

 M∑
j=1

λj

√
qj(z)

2

(2)

= c

 M∑
j=1

λ2
jqj(z) + 2

M∑
i=1

M∑
j>i

λiλj

√
qi(z)qj(z)

 ,

where c = 1/
∫ (∑M

j=1 λj

√
qj(z)

)2
dz.

We note that q(z) takes the form of a squared mix-
ture model, closely related to recent squared subtrac-
tive mixture formulations, which have been shown to
provide increased expressiveness for density estimation
tasks (Loconte et al., 2024, 2025, 2026). This sug-
gests that exploring negative pooling weights could be
a promising direction for future work.

4 METHODOLOGY

By applying the probabilistic opinion pooling view to
multimodal VAEs, we aim to design a pooling function
that aggregates unimodal posteriors to approximate
the true joint posterior. MVAE (Wu and Goodman,
2018) employs a PoE, corresponding to log-linear pool-
ing, which yields sharp approximations but struggles
to optimize the individual experts, as noted by the au-
thors. In contrast, MMVAE (Shi et al., 2019) adopts a
MoE, corresponding to linear pooling, which optimizes
experts effectively but cannot produce a sharper poste-
rior than its components. Thus, the choice of pooling
function directly shapes the properties of the learned
model. Moreover, as highlighted by Winkler (1981);
Dietrich and List (2016); Mancisidor et al. (2025), both
PoE and MoE depend on an overoptimistic indepen-
dence assumption between experts for simplicity. In
practice, this assumption rarely holds, as data modali-
ties are different sources of information about the same
object. By contrast, Hölder pooling with α = 0.5 in-
troduces cross terms such as

√
qi(z)qj(z), which natu-

rally induce soft dependencies between experts by am-
plifying regions of mutual support.

To illustrate, we consider three Gaussian experts with
diagonal covariance {N (µj , diag(σ

2
j ))}3j=1, expert 1

with µ1 = (0, 0)⊤,σ2
1 = (0.5, 0.5)⊤, and expert 2 with

µ2 = (1.0, 0.2)⊤,σ2
2 = (0.6, 0.6)⊤, close to each other,

while expert 3 with µ3 = (4, 0)⊤,σ2
3 = (0.2, 0.2)⊤, is

sharp and far away. As shown in Figure 1, PoE shifts
toward the sharpest expert, while MoE spreads mass

μ=[2.5  0.04]
σ²=[0.12 0.12]

PoE
μ=[1.67 0.07]
σ²=[3.31 0.43]

MoE
μ=[1.3  0.08]
σ²=[2.73 0.47]

Hölder (α= 0.5)
Expert 1 Expert 2 Expert 3 PoE MoE Hölder (α= 0.5)

Figure 1: PoE, MoE, and Hölder pooling (α = 0.5) with
two agreeing experts and one disagreeing sharp expert.

across all experts and fails to capture the local agree-
ment between experts 1 and 2. In contrast, Hölder
pooling with α = 0.5 overcomes this by placing more
mass around the first two experts, yielding a sharper
distribution with reduced variance compared to MoE.
This shows how Hölder pooling better reflects multi-
modal structure than either PoE or MoE.

In the multimodal VAE setting, each unimodal pos-
terior (expert) is modeled as a multivariate Gaussian
with diagonal covariance matrix, which we propose to
aggregate using the Hellinger function. This function
is derived from Hölder pooling with α = 0.5 and uses
moment matching (Bowman and Shenton, 2004) to
project the pooled density onto a diagonal Gaussian.
In the next part, we derive this aggregation function
and then use it in the proposed HELVAE.

Hellinger aggregation. Let unimodal inference
distributions {qϕj

}Mj=1 be explicitly given as Gaus-

sian probability densities on RD with diagonal
covariance matrices, {N (µj , diag(σ

2
j ))}Mj=1, where

µj = (µj,1, µj,2, . . . , µj,D)⊤ ∈ RD and σ2
j =

(σ2
j,1, σ

2
j,2, . . . , σ

2
j,D)⊤ ∈ RD. For each pair of modal-

ities (i, j) with 1 ≤ i < j ≤ M , we then define the
auxiliary parameters µij ,σ

2
ij ∈ RD by specifying their

corresponding dimension d ∈ {1, 2, . . . , D} as follows:

µij,d =
µi,d σ

2
j,d + µj,d σ

2
i,d

σ2
i,d + σ2

j,d

, σ2
ij,d =

2σ2
i,dσ

2
j,d

σ2
i,d + σ2

j,d

.

The Bhattacharyya coefficient 3 between qϕi
and qϕj

is given by

Sij =

D∏
d=1

√
2σi,dσj,d

σ2
i,d + σ2

j,d

exp

(
− (µi,d − µj,d)

2

4(σ2
i,d + σ2

j,d)

)
,

which allows us to compute the the normalizing con-
stant as:

c = M + 2

M∑
i=1

M∑
j>i

Sij .

Finally, we approximate the joint posterior resulting
from Hölder pooling with α = 0.5 in Equation 2 via

3The Bhattacharyya coefficient measures the overlap
between two probability distributions, taking values in
[0, 1], with 1 indicating identical distributions.
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moment matching as a D-dimensional Gaussian distri-
bution, qϕ(z|X) ∼ N (µ̃, Σ̃), with mean µ̃ ∈ RD and

covariance matrix Σ̃ ∈ RD×D, corresponding to the
first moment and the second central moment of the
Hölder-pooled density, i.e.,

µ̃ =

∫
zq(z)dz, Σ̃ =

∫
zz⊤q(z)dz − µ̃µ̃⊤.

In VAE models, the latent variable is typically pa-
rameterized as a multivariate Gaussian with diago-
nal covariance (Kingma and Welling, 2013). Thus,
we simplify Σ̃ by removing off-diagonal terms, yield-
ing Σ̃ ≈ diag(σ̃2

1 , σ̃
2
2 , . . . , σ̃

2
D). As a result, we com-

pute the mean and the variance of each dimension
d ∈ {1, 2, . . . , D} of the latent vector z as follows:

µ̃d =
1

c

 M∑
j=1

µj,d + 2

M∑
i=1

M∑
j>i

µij,dSij

 ,

σ̃2
d =

1

c

(
M∑
j=1

(µ2
j,d + σ2

j,d)

+ 2

M∑
i=1

M∑
j>i

(µ2
ij,d + σ2

ij,d)Sij

)
− (µ̃d)

2.

The derivation above presents the moment-matching
approximation of Hölder pooling with α = 0.5 for a
set of multivariate Gaussians with diagonal covariance.
The complete derivation is given in Appendix A, where
it is derived under the assumption of subset weights.
Since determining these weights in multimodal VAEs
is generally nontrivial, we follow PoE and MoE and
set them uniformly. Hellinger aggregation defines a
novel multimodal VAE, called HELVAE. An important
property of HELVAE is that it does not rely on sub-
sampling, which negatively affects likelihood estima-
tion and generative quality in multimodal VAEs. As
shown by our experiments in Section 5, HELVAE leads
to better trade-offs between generation quality and
coherence than MVAE and MMVAE, yielding com-
petitive or even better results than more complex ap-
proaches such as the state-of-the-art, MMVAE+.

Illustrative example. We construct a synthetic
setup to evaluate PoE, MoE, Hölder (α = 0.5), and
Hellinger in Figure 2. The set of experts is defined as:

qi(z) =

{
N (z | (0, 0)⊤, 0.5I), i ∈ G (good experts),

N (z | (4, 4)⊤, 0.2I), i ∈ B (bad experts),

and the true distribution is N (0, I). Evaluation met-
rics include (i) expected negative log-likelihood (NLL),
estimated by Monte Carlo samples from the true dis-
tribution; (ii) the Bhattacharyya coefficient with re-
spect to the true distribution; and (iii) sharpness, mea-
sured as the trace of the covariance of the Gaussian

2 4 6 8
# good experts (with 2 bad)

3.0

3.5

4.0

4.5 PoE: [84.72, 120.03]

Negative log-likelihood

2 4 6 8
# good experts (with 2 bad)

0.0

0.2

0.4

0.6

0.8

Bhattacharyya coefficient

2 4 6 8
# good experts (with 2 bad)

0

2

4

6

8

Sharpness
PoE MoE Hölder (α= 0.5) Hellinger

Figure 2: Performance of PoE, MoE, Hölder pooling (α =
0.5), and Hellinger aggregators as a function of the number
of good experts (with two bad experts fixed). Evaluation
is based on negative log-likelihood (↓), the Bhattacharyya
coefficient (↑), and sharpness (↓). We show the minimum
and maximum NLL values for PoE.

approximation. Since MoE and Hölder (α = 0.5) do
not yield Gaussian densities in closed form, all met-
rics are approximated by sampling. The results show
that PoE performs poorly, with high NLL and low
Bhattacharyya coefficient, as it is biased toward the
sharper bad expert. Other models maintain low NLL.
Compared to MoE, Hölder (α = 0.5) and Hellinger
yield lower NLL, sharper distributions and stronger
distributional overlap with the true distribution as the
number of good experts increases, demonstrating their
ability to capture dependencies among good experts.

Mixture of HELVAEs. Following MoPoE (Sutter
et al., 2021), we introduce a variant of HELVAE that
constructs a mixture of Hölder poolings with α = 0.5,
termed MoHELVAE. Specifically, we consider the pow-
erset of M modalities P(X), consisting of all 2M − 1
non-empty subsets. For each subset Xk ∈ P(X), we
define its posterior approximation as:

q̃ϕ(z|Xk) = HEL({qϕj (z|xj), ∀xj ∈ Xk}),

then the joint posterior of MoHELVAE is given by

qϕ(z|X) =
1

2M − 1

∑
Xk∈P(X)

q̃ϕ(z|Xk).

The proposed MoHELVAE model outperforms state-
of-the-art approaches in terms of latent representation
and generative coherence on the challenging CelebA
dataset, as demonstrated in Ablation study 6.1.

5 EXPERIMENTAL RESULTS

Following prior work in this domain (Sutter et al.,
2021; Daunhawer et al., 2021; Palumbo et al.,
2023), we evaluate our approach on three benchmark
datasets: PolyMNIST (Sutter et al., 2021), Caltech
Birds (CUB) Image-Captions (Wah et al., 2011), and
bimodal CelebA (Liu et al., 2015). PolyMNIST is a
synthetic dataset with five modalities, where each sam-
ple consists of MNIST digits of the same label patched
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Figure 3: Trade-offs on the PolyMNIST dataset between generative coherence (↑) and log-likelihood estimation (↑), as
well as between generative coherence and generative quality (↓), for β ∈ {1, 2.5, 5, 10}. For each model, the Pareto front
(dashed line) connects the non-dominated points that achieve the best trade-offs.

MVAE MMVAE MoPoE MMVAE+ MWBVAE CoDEVAE HELVAE

Figure 4: Conditionally generated samples of the second modality (fifth to last rows), given the corresponding test examples
from the other four modalities (first four rows) on PolyMNIST, with each model evaluated at its best β ∈ {1, 2.5, 5, 10}.

onto random crops from five distinct background im-
ages. CUB Image-Captions consists of bird images
paired with textual descriptions. The bimodal CelebA
dataset consists of human face images paired with text
describing facial attributes.

We compare the performance of HELVAE with
MVAE (Wu and Goodman, 2018), MMVAE (Shi
et al., 2019), MoPoE (Sutter et al., 2021), MM-
VAE+ (Palumbo et al., 2023), MWBVAE (Mixture
of WBVAE) (Qiu et al., 2025), and CoDEVAE (Man-
cisidor et al., 2025). Among these, MMVAE+ is the
only model that incorporates both modality-specific
and shared latent variables, while the others focus on
aggregating unimodal posterior distributions.

We evaluate performance based on generative co-
herence and generative quality (measured using
FID (Heusel et al., 2017)), using samples generated
from both the joint posterior and the prior. To assess
the approximation quality of the joint posterior, we
estimate the log-likelihood, which provides a tightness
lower bound. We further evaluate the quality of the
joint latent representation z using a linear classifier.
All experiments report the average performance over
three different seeds. Technical details and further re-
sults are provided in Appendix B.

5.1 Trade-offs between generative coherence
and generative quality

PolyMNIST. Figure 3 shows the trade-offs between
generative coherence and log-likelihood estimation,
as well as between generative coherence and quality
across all β values 4. MVAE, based on PoE, yields
tight log-likelihood estimates but performs poorly in
coherence. In contrast, mixture-based models such as
MMVAE, MoPoE, MWBVAE, and CoDEVAE achieve
relatively high coherence, though not the best over-
all. Meanwhile, MMVAE+ and HELVAE both achieve
better trade-offs: HELVAE attains higher coherence
in both conditional and unconditional settings; while
MMVAE+ provides a tighter log-likelihood bound,
which is a direct result of the modality-specific vari-
ables. While generative coherence is important, the
generated modalities should also be of high quality.
Following the same pattern, MVAE generates high-
quality images but lacks coherence. HELVAE achieves
generative quality comparable to MMVAE+ while at-
taining better coherence. The other models yield
lower-quality images due to sub-sampling of modali-
ties during training. Qualitative results in Figure 4

4β-VAE (Higgins et al., 2017) scales the KL term to
balance reconstruction and disentanglement.
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Table 1: Generative coherence and quality on the bimodal CelebA dataset, with each model evaluated at its best β ∈
{1, 2.5, 5}, and rankings are reported accordingly.

Conditional Unconditional
Coherence (↑) FID (↓) Coherence (↑) FID (↓)

MVAE 0.315 ± 0.013 (7) 75.62 ± 3.01 (1) 0.199 ± 0.021 (6) 78.64 ± 2.73 (1)

MMVAE 0.370 ± 0.007 (6) 95.10 ± 11.68 (6) 0.209 ± 0.011 (4) 91.04 ± 5.82 (6)

MoPoE 0.376 ± 0.005 (4) 81.74 ± 2.85 (3) 0.219 ± 0.006 (2) 82.50 ± 2.45 (3)

MMVAE+ 0.382 ± 0.013 (2) 99.72 ± 5.23 (7) 0.258 ± 0.024 (1) 101.85 ± 5.13 (7)

MWBVAE 0.376 ± 0.003 (4) 88.28 ± 1.58 (4) 0.197 ± 0.006 (7) 88.74 ± 1.09 (5)

CoDEVAE 0.378 ± 0.004 (3) 91.24 ± 11.27 (5) 0.219 ± 0.020 (2) 88.15 ± 6.68 (4)

HELVAE 0.386 ± 0.003 (1) 80.17 ± 1.52 (2) 0.204 ± 0.013 (5) 81.89 ± 1.56 (2)

Table 2: Caption-to-image conditional generative coher-
ence and quality on the CUB Image-Captions dataset, with
each model evaluated at its best β ∈ {1, 2.5, 5}, and rank-
ings for each metric are reported accordingly.

Conditional
Coherence (↑) FID (↓)

MVAE 0.233 ± 0.038 (7) 148.69 ± 1.97 (1)

MMVAE 0.688 ± 0.054 (5) 225.77 ± 1.66 (7)

MoPoE 0.675 ± 0.084 (6) 202.19 ± 4.68 (6)

MMVAE+ 0.720 ± 0.090 (3) 164.94 ± 1.50 (3)

MWBVAE 0.704 ± 0.079 (4) 196.42 ± 5.58 (5)

CoDEVAE 0.750 ± 0.050 (1) 175.97 ± 0.30 (4)

HELVAE 0.750 ± 0.105 (1) 157.56 ± 0.95 (2)

Table 3: Classification accuracy based on the latent repre-
sentation learned from the bimodal CelebA dataset, with
each model evaluated at its best β ∈ {1, 2.5, 5}. We report
the mean average precision over all attributes (I: Image; T:
Text; Joint: I and T), and rankings accordingly.

Latent Representation (↑)
I T Joint

MVAE 0.326 (6) 0.327 (7) 0.349 (6)

MMVAE 0.360 (5) 0.410 (4) 0.369 (5)

MoPoE 0.362 (3) 0.398 (6) 0.398 (4)

MMVAE+ 0.314 (7) 0.461 (1) 0.346 (7)

MWBVAE 0.361 (4) 0.415 (3) 0.410 (1)

CoDEVAE 0.365 (1) 0.418 (2) 0.399 (3)

HELVAE 0.365 (1) 0.400 (5) 0.408 (2)

show that HELVAE achieves a better balance between
coherence and quality compared to the other methods.

CUB Image-Captions. Table 2 reports quantita-
tive results for caption-to-image generation, where
conditional coherence is computed following Palumbo
et al. (2023), since we do not have annotations for
the shared content between modalities. Results from
MVAE, MMVAE, and MoPoE highlight the difficulty
of the task with real images: MVAE produces reason-
able image quality but lacks coherence, while MMVAE

and MoPoE suffer from modality collapse in mixture-
based models. In contrast, our model achieves the
highest conditional coherence, which is the same as
CoDEVAE but with lower conditional FID than other
models. HELVAE ranks second in FID and outper-
forms MMVAE+. These results confirm the effective-
ness of our approach in real-world multimodal settings
with substantial modality-specific information and sig-
nificant heterogeneity across modalities.

Figure 5 shows qualitative results for caption-to-image
generation. As we can see, although MVAE achieves
high-quality images, these images do not follow the
captions well and are noisy, resulting in low coherence.
MMVAE, MWBVAE, and CoDEVAE often collapse
modality-specific features to average values, yielding
blurred images. In contrast, HELVAE and MMVAE+
avoid this collapse, producing images that are both
high quality and coherent with the captions. Although
HELVAE images are less diverse due to the lack of a
modality-specific latent space, its generated images are
well-shaped and align closely with the captions.

Bimodal CelebA. As shown in Table 1, HELVAE
achieves the highest conditional coherence while main-
taining generative quality (second-best FID). By con-
trast, MMVAE+ attains the highest unconditional co-
herence but suffers from high FID. CoDEVAE and
MoPoE achieve the second-best unconditional coher-
ence; however, CoDEVAE has high FID, and MoPoE
underperforms HELVAE on other metrics. Consistent
with the previous dataset, MVAE has the best gener-
ative quality but at high degradation in coherence.

5.2 Latent representation quality

The quality of the learned representations serves as a
proxy for their usefulness in downstream tasks. From
Table 3, when evaluating latent representation accu-
racy on the CelebA dataset, HELVAE shares the high-
est score on the image modality with CoDEVAE. Al-
though it ranks fifth on the text modality, it achieves
the second-best performance in the joint setting, show-
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Figure 5: Qualitative results for caption-to-image generation on the CUB Image-Captions dataset, with each model
evaluated at its best β ∈ {1, 2.5, 5}, where the input caption is used to conditionally generate four images per model.
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Figure 6: Conditional generative quality (↓) on the PolyMNIST dataset for target modalities X1 . . . X5 as a function of
the number of input modalities, averaged across subsets of a given size excluding the target. Markers indicate means, and
shaded regions represent standard deviations.

Table 4: Model performance of HELVAE and MoHELVAE
on the bimodal CelebA dataset. Evaluation is based on
generative coherence (Coh ↑), generative quality (FID ↓),
and latent representation accuracy (LR ↑).

HELVAE MoHELVAE

Coh
Conditional 0.386 ± 0.003 0.394 ± 0.011

Unconditional 0.204 ± 0.013 0.229 ± 0.020

FID
Conditional 80.17 ± 1.52 82.28 ± 4.72

Unconditional 81.89 ± 1.56 83.14 ± 4.87

LR
Image 0.365 ± 0.004 0.379 ± 0.013

Text 0.400 ± 0.004 0.441 ± 0.019

Image & Text 0.408 ± 0.005 0.430 ± 0.018

ing a gain over its single-modality performance. In
contrast, MWBVAE, CoDEVAE, and MMVAE+ do
not benefit from additional modalities in the same way.
This is an important criterion in multimodal genera-
tive models, known as synergy (Shi et al., 2019).

6 ABLATION STUDIES

6.1 Effectiveness of Mixture of HELVAEs

From Table 4, MoHELVAE surpasses HELVAE in gen-
erative coherence (conditional and unconditional) and
latent representation accuracy. However, its FID is

slightly higher than that of HELVAE, and representa-
tion accuracy drops when combining image and text,
a pattern also observed in other mixture-based models
on the bimodal CelebA dataset. Compared with Ta-
bles 1 and 3, MoHELVAE outperforms other models
and, in particular, achieves a better balance between
coherence and quality than MMVAE+, highlighting
the efficiency of incorporating the joint posterior across
all subsets of modalities.

6.2 Effect of the number of input modalities
on model performance

Figure 6 shows PolyMNIST performance as a function
of the number of observed input modalities at β = 2.5,
the setting recommended for MMVAE+ (Palumbo
et al., 2023). As the number of observed modalities
increases, MoPoE and CoDEVAE exhibit decreased
generative quality, while MMVAE+ maintains com-
petitive FID scores but shows only limited benefit from
additional inputs. In contrast, HELVAE exhibits clear
multimodal synergy: its FID steadily decreases as ad-
ditional modalities are provided, suggesting that it can
effectively exploit complementary information across
views. This trend is also consistent with the qual-
itative results: for examples showing that HELVAE
generates more coherent samples when conditioned on
four modalities rather than one, see Appendix B.
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Figure 7: Performance on the PolyMNIST dataset for different values of β ∈ {3e−4, 3e−3, 3e−2, 3e−1, 1, 2.5, 3, 5, 10}.
Metrics include conditional generative coherence (↑), conditional generative quality (↓), and log-likelihood estimation (↑).
Markers denote means, while shaded regions represent standard deviations.

Table 5: Average training time per batch, measured in
seconds, on the three benchmark datasets.

PolyMNIST
M = 5

CUB
M = 2

CelebA
M = 2

MVAE 0.1887 0.2184 1.0294
MMVAE 0.2362 0.1876 0.5764
MoPoE 0.1216 0.2269 0.6011

MMVAE+ 0.2884 0.2270 0.9916
MWBVAE 0.1134 0.1408 0.5712
CoDEVAE 0.1614 0.0950 0.5817
HELVAE 0.0895 0.0863 0.5272

MoHELVAE — — 0.5918

6.3 Effect of β on model performance

Figure 7 reports performance across different β values
on the PolyMNIST dataset, chosen following Daun-
hawer et al. (2021). While MMVAE+ reaches the
highest log-likelihood, its coherence drops and FID in-
creases sharply at both small and large β. MMVAE,
MoPoE, MWBVAE, and CoDEVAE remain stable but
yield lower coherence and higher FID than HELVAE.
Overall, HELVAE delivers the best performance. It
achieves the highest coherence, maintains competitive
FID, and attains high log-likelihood across a broad
range of β values, indicating that its performance is
robust to the choice of this hyperparameter.

6.4 Computational cost analysis

Table 5 reports the average batch training time on the
three benchmark datasets. HELVAE consistently has
the shortest batch training time across all three. For
mixture-based models with O(2M ) cost for the aggre-
gation, such as MoPoE, MWBVAE, CoDEVAE, and
MoHELVAE, training times on CelebA are compara-
ble to HELVAE, but the gaps are larger on PolyM-
NIST and CUB. By contrast, MVAE, MMVAE, and
MMVAE+ are the most time-consuming models: for

MVAE, this is mainly due to its training scheme rather
than PoE aggregation, while for MMVAE and MM-
VAE+, the higher cost comes from the multi-sample
estimator. Overall, HELVAE is the most computation-
ally efficient baseline while remaining effective.

Besides, when the number of modalities is small, such
as in CelebA with two modalities, MoHELVAE re-
mains computationally efficient, with batch training
time comparable to HELVAE and MoPoE, while also
outperforming other approaches in terms of latent rep-
resentation quality and generative coherence.

7 CONCLUSION

This work introduced HELVAE, a multimodal VAE
based on Hellinger aggregation and Hölder pooling,
that improves semantic coherence without sacrificing
generative quality. However, the gains in conditional
coherence come with a slight trade-off in unconditional
coherence and sample diversity, especially compared
to MMVAE+, which uses modality-specific private la-
tents. A natural promising extension is therefore to in-
corporate private latent variables into HELVAE. More-
over, we plan to study HELVAE with more expressive
encoders, such as CLIP-style encoders (Radford et al.,
2021). In addition, learnable pooling weights or the
use of negative weights, as proposed in the squared
subtractive mixture model (Loconte et al., 2024, 2025,
2026), may further improve performance. We also
aim to extend Hellinger aggregation beyond VAEs,
including to Gaussian process experts (Cohen et al.,
2020) and other broader settings that aggregate infor-
mation from expert distributions (Liusie et al., 2024;
Zhang et al., 2025). In the future, we want to explore
more multimodal learning frameworks with other pow-
erful generative models, such as diffusion (Chen et al.,
2024; Rojas et al., 2025) and flows (Campbell et al.,
2024). The Pytorch code of our paper can be found
at https://github.com/vothuckhanhhuyen/hellinger-
multimodal-variational-autoencoders.

https://github.com/vothuckhanhhuyen/hellinger-multimodal-variational-autoencoders
https://github.com/vothuckhanhhuyen/hellinger-multimodal-variational-autoencoders
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The supplementary material is organized as follows: In Section A, we provide the derivation of Hellinger ag-
gregation and ablation studies on different types of experts across multiple aggregation methods. Section B
provides details on the dataset, evaluation criteria, as well as the experimental setup, including architecture and
hyperparameters. Additional qualitative and quantitative results on three benchmark datasets are also included
in Section B, which could not be included in the main paper.

A AGGREGATION METHODS

A.1 Derivation of Hellinger aggregation

Consider the Hölder pooling function with α = 0.5, applied to the set of unimodal posteriors {qϕj (z|xj)}Mj=1. Each

posterior is a multivariate Gaussian distributions with diagonal covariance matrix, qϕj (z|xj) = N
(
µj , diag(σ

2
j )
)
,

where z = (z1, z2, . . . , zD)⊤ ∈ RD denotes the latent variable, µj = (µj,1, µj,2, . . . , µj,D)⊤ ∈ RD the mean vector,
and diag(σ2

j ) = diag(σ2
j,1, σ

2
j,2, . . . , σ

2
j,D)⊤ ∈ RD×D the covariance matrix. For simplicity, we denote the unimodal

posterior by qj(z) = qϕj (z|xj), and the approximate joint posterior by q(z) = qϕ(z|X). The pooled density is
then defined as:

q(z) = c

 M∑
j=1

λj

√
qj(z)

2

, (3)
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where c = 1/
∫ (∑M

j=1 λj

√
qj(z)

)2
dz. As the exact pooling function is not Gaussian, we will project the optimal

q(z) in Equation 3 back onto Gaussian family by moment matching, with mean and variance are defined as follow:

µ̃ =

∫
zq(z)dz =

∫
z
(∑M

j=1 λj

√
qj(z)

)2
dz∫ (∑M

j=1 λj

√
qj(z)

)2
dz

, (4)

Σ̃ =

∫
zz⊤q(z)dz − µ̃µ̃⊤ =

∫
zz⊤

(∑M
j=1 λj

√
qj(z)

)2
dz∫ (∑M

j=1 λj

√
qj(z)

)2
dz

− µ̃µ̃⊤. (5)

Step 1. We calculate the denominator term in both Equations 4, and 5 for mean and variance:

∫  M∑
j=1

λj

√
qj(z)

2

dz =

M∑
j=1

λ2
j

∫
qj(z)dz + 2

M∑
i=1

M∑
j>i

λiλj

∫ √
qi(z)qj(z)dz

=

M∑
j=1

λ2
j + 2

M∑
i=1

M∑
j>i

λiλjSij , (6)

as
∫
qj(z)dz = 1 and Sij =

∫ √
qi(z)qj(z)dz is a Hellinger affinity between two Gaussians. As qi(z) and

qj(z) are two multivariate Gaussian distributions with diagonal covariance matrix, they can be factorized across
dimensions as follows:

qi(z) =

D∏
d=1

qi,d(zd), qj(z) =

D∏
d=1

qj,d(zd),

where each qi,d(zd) and qj,d(zd) denotes a one-dimensional Gaussian distribution along the coordinate zd. Hence,
we can express Sij as:

Sij =

∫ √
qi(z)qj(z)dz =

∫ √√√√ D∏
d=1

qi,d(zd)qj,d(zd)dz =

D∏
d=1

∫ √
qi,d(zd)qj,d(zd)dzd. (7)

To derive further, we need to know the density of qi,d(zd) and qj,d(zd):

qi,d(zd) =
1√

2πσi,d

exp

(
− (zd − µi,d)

2

2σ2
i,d

)
, qj,d(zd) =

1√
2πσj,d

exp

(
− (zd − µj,d)

2

2σ2
j,d

)
.

Then,
∫ √

qi,d(zd)qj,d(zd)dzd becomes:∫ √
qi,d(zd)qj,d(zd)dzd =

∫
1√

2πσi,dσj,d

exp

(
−1

4

[
(zd − µi,d)

2

σ2
i,d

+
(zd − µj,d)

2

σ2
j,d

])
dzd.

Next, we expand the expression inside the exponential term:

−1

4

[
(zd − µi,d)

2

σ2
i,d

+
(zd − µj,d)

2

σ2
j,d

]
= −1

2
Adz

2
d +Bdzd + Cd

= −1

2
Ad

[
z2d − 2

Bd

Ad
zd +

(
Bd

Ad

)2
]
+

B2
d

2Ad
+ Cd

= −1

2
Ad

(
zd −

Bd

Ad

)2

+
B2

d

2Ad
+ Cd,

where

Ad =
1

2

(
1

σ2
i,d

+
1

σ2
j,d

)
, Bd =

1

2

(
µi,d

σ2
i,d

+
µj,d

σ2
j,d

)
, Cd = −1

4

(
µ2
i,d

σ2
i,d

+
µ2
j,d

σ2
j,d

)
. (8)
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Combining all the above terms, we obtain an expression proportional to a Gaussian in zd. Consequently, we can
write

∫ √
qi,d(zd)qj,d(zd)dzd as:

∫ √
qi,d(zd)qj,d(zd)dzd =

∫
1√

2πσi,dσj,d

exp

(
−1

2
Ad

(
zd −

Bd

Ad

)2

+
B2

d

2Ad
+ Cd

)
dzd

=

∫
1√

2πσi,dσj,d

exp

(
B2

d

2Ad
+ Cd

)
exp

(
−
(zd − Bd

Ad
)2

2A−1
d

)
dzd

=
A

−1/2
d√

σi,dσj,d
exp

(
B2

d

2Ad
+ Cd

)
. (9)

The first term in the product is given by:

A
−1/2
d√

σi,dσj,d
=

1
√
σi,dσj,d

(
σ2
i,d + σ2

j,d

2σ2
i,dσ

2
j,d

)−1/2

=

√
2σi,dσj,d

σ2
i,d + σ2

j,d

.

The second term in the product is given by:

exp

(
B2

d

2Ad
+ Cd

)
= exp

(
−1

4

(µi,d − µj,d)
2

σ2
i,d + σ2

j,d

)
.

Then, we obtain the final expression for
∫ √

qi,d(zd)qj,d(zd)dzd:

∫ √
qi,d(zd)qj,d(zd)dzd =

√
2σi,dσj,d

σ2
i,d + σ2

j,d

exp

(
−1

4

(µi,d − µj,d)
2

σ2
i,d + σ2

j,d

)
. (10)

For each dimension d, this term corresponds to the Hellinger affinity between the one-dimensional Gaussians
qi,d(zd) and qj,d(zd). Hence, Sij in Equation 7 can be rewritten as:

Sij =

D∏
d=1

√
2σi,dσj,d

σ2
i,d + σ2

j,d

exp

(
−1

4

(µi,d − µj,d)
2

σ2
i,d + σ2

j,d

)
. (11)

Step 2. We compute the numerator in Equation 4 for the mean:

∫
z

 M∑
j=1

λj

√
qj(z)

2

dz =

M∑
j=1

λ2
j

∫
zqj(z)dz + 2

M∑
i=1

M∑
j>i

λiλj

∫
z
√
qi(z)qj(z)dz

=

M∑
j=1

λ2
jµj + 2

M∑
i=1

M∑
j>i

λiλjMij , (12)

as
∫
zqj(z)dz = µj and Mij =

∫
z
√

qi(z)qj(z)dz. Vector Mij ∈ RD represents the first moment of√
qi(z)qj(z), it can be computed analogously to Sij by factorizing across dimensions. Denoting Mij =

(Mij,1,Mij,2, . . . ,Mij,D)⊤, we obtain Mij,d for each coordinate d:

Mij,d =

∫
zd

√
qi(z)qj(z)dz

=

[∫
zd

√
qi,d(zd)qj,d(zd)dzd

] D∏
m̸=d

[∫ √
qi,m(zm)qj,m(zm)dzm

]
.
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The first term in the product is computed in the same way as in Equations 9 and 10:∫
zd

√
qi,d(zd), qj,d(zd)dzd =

∫
1√

2πσi,dσj,d

exp

(
B2

d

2Ad
+ Cd

)
zd exp

(
−
(zd − Bd

Ad
)2

2A−1
d

)
dzd

=
A

−1/2
d√

σi,dσj,d
exp

(
B2

d

2Ad
+ Cd

)
Bd

Ad

=

√
2σi,dσj,d

σ2
i,d + σ2

j,d

exp

(
−1

4

(µi,d − µj,d)
2

σ2
i,d + σ2

j,d

)
µij,d, (13)

where

µij,d =
Bd

Ad
=

µi,dσ
2
j,d + µj,dσ

2
i,d

σ2
i,d + σ2

j,d

, (14)

be derived from Equation 8. The second term in the product can be computed from Equation 10:

D∏
m̸=d

∫ √
qi,m(zm)qj,m(zm)dzm =

D∏
m̸=d

√
2σi,mσj,m

σ2
i,m + σ2

j,m

exp

(
−1

4

(µi,m − µj,m)2

σ2
i,m + σ2

j,m

)
Then, we obtain the final expression for Mij,d:

Mij,d = µij,d

D∏
d=1

√
2σi,dσj,d

σ2
i,d + σ2

j,d

exp

(
−1

4

(µi,d − µj,d)
2

σ2
i,d + σ2

j,d

)
= µij,dSij . (15)

Therefore, Mij = (µij,1, µij,2, . . . , µij,D)⊤Sij .

Step 3. The mean µ̃ is obtained by combining Equations 6, 12, and 15, yielding:

µ̃ =

∑M
j=1 λ

2
jµj + 2

∑M
i=1

∑M
j>i λiλjMij∑M

j=1 λ
2
j + 2

∑M
i=1

∑M
j>i λiλjSij

.

For each dimension d, the component µ̃d of µ̃ = (µ̃1, µ̃2, . . . , µ̃D) ∈ RD can be expressed as:

µ̃d =

∑M
j=1 λ

2
jµj,d + 2

∑M
i=1

∑M
j>i λiλjMij,d∑M

j=1 λ
2
j + 2

∑M
i=1

∑M
j>i λiλjSij

=

∑M
j=1 λ

2
jµj,d + 2

∑M
i=1

∑M
j>i λiλjµij,dSij∑M

j=1 λ
2
j + 2

∑M
i=1

∑M
j>i λiλjSij

. (16)

Step 4. We compute the numerator in Equation 5 for the variance:

∫
z

zz⊤

 M∑
j=1

λj

√
qj(z)

2

dz =

M∑
j=1

λ2
j

∫
z

zz⊤qj(z)dz + 2

M∑
i=1

M∑
j>i

λiλj

∫
z

zz⊤
√
qi(z)qj(z)dz

=

M∑
j=1

λ2
j (µjµ

⊤
j + diag(σ2

j )) + 2

M∑
i=1

M∑
j>i

λiλjVij , (17)

as
∫
z
zz⊤qj(z)dz = µjµ

⊤
j +diag(σ2

j ) and Vij =
∫
zz⊤√qi(z)qj(z)dz. Matrix Vij represents the second moment

of
√
qi(z)qj(z), it can be computed analogously to Sij by factorizing across dimensions. For the off diagonal

term of Vij (when d ̸= e), the expression factorizes as:

Vij,d,e =

∫
zdze

√
qi(z)qj(z)dz

=

[∫
zd

√
qi,d(zd)qj,d(zd)dzd

] [∫
ze

√
qi,e(ze)qj,e(ze)dze

] D∏
m̸=d,e

[∫ √
qi,m(zm)qj,m(zm)dzm

]

= µij,dµij,e

D∏
d=1

√
2σi,dσj,d

σ2
i,d + σ2

j,d

exp

(
−1

4

(µi,d − µj,d)
2

σ2
i,d + σ2

j,d

)
= µij,dµij,eSij ,
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be derived from Equations 10 and 13. For the diagonal term of Vij (when d = e), the expression factorizes as:

Vij,d,d =

∫
z2d

√
qi(z)qj(z)dz

=

[∫
z2d

√
qi,d(zd)qj,d(zd)dzd

] D∏
m̸=d

[∫ √
qi,m(zm)qj,m(zm)dzm

]
.

The first term in the product is computed in the same way as in Equations 9 and 10:∫
z2d

√
qi,d(zd), qj,d(zd)dzd =

∫
1√

2πσi,dσj,d

exp

(
B2

d

2Ad
+ Cd

)
z2d exp

(
−
(zd − Bd

Ad
)2

2A−1
d

)
dzd

=
A

−1/2
d√

σi,dσj,d
exp

(
B2

d

2Ad
+ Cd

)(
B2

d

A2
d

+A−1
d

)
=

√
2σi,dσj,d

σ2
i,d + σ2

j,d

exp

(
−1

4

(µi,d − µj,d)
2

σ2
i,d + σ2

j,d

)
(µ2

ij,d + σ2
ij,d),

where

σ2
ij,d = A−1

d =
2σ2

i,dσ
2
j,d

σ2
i,d + σ2

j,d

, (18)

be derived from Equation 8. The second term in the product follows from Equation 10. Thus, Vij,d,d becomes:

Vij,d,d = (µ2
ij,d + σ2

ij,d)

D∏
d=1

√
2σi,dσj,d

σ2
i,d + σ2

j,d

exp

(
−1

4

(µi,d − µj,d)
2

σ2
i,d + σ2

j,d

)
= (µ2

ij,d + σ2
ij,d)Sij . (19)

Therefore, we can express matrix Vij by using off diagonal terms Vij,d,e = µij,dµij,eSij when d ̸= e and diagonal
term Vij,d,d = (µ2

ij,d + σ2
ij,d)Sij when d = e.

Step 5. The variance Σ̃ is obtained by combining Equations 6, 17, and 19, yielding:

Σ̃ =

∑M
j=1 λ

2
j (µjµ

⊤
j + σ2

j ID) + 2
∑M

i=1

∑M
j>i λiλjVij∑M

j=1 λ
2
j + 2

∑M
i=1

∑M
j>i λiλjSij

− µ̃µ̃⊤.

By approximating q(z) with a diagonal covariance matrix, we simplify Σ̃ by removing the off-diagonal terms,
yielding Σ̃ ≈ diag(σ̃2

1 , σ̃
2
2 , . . . , σ̃

2
D), where each σ̃2

d corresponds to dimension d and can be expressed as:

σ̃2
d =

∑M
j=1 λ

2
j (µ

2
j,d + σ2

j,d) + 2
∑M

i=1

∑M
j>i λiλjVij,d,d∑M

j=1 λ
2
j + 2

∑M
i=1

∑M
j>i λiλjSij

− (µ̃d)
2

=

∑M
j=1 λ

2
j (µ

2
j,d + σ2

j,d) + 2
∑M

i=1

∑M
j>i λiλj(µ

2
ij,d + σ2

ij,d)Sij∑M
j=1 λ

2
j + 2

∑M
i=1

∑M
j>i λiλjSij

− (µ̃d)
2. (20)

Step 6. Assuming λj = 1/M for all j, we approximate q(z) ∼ q̃(z) = N (µ̃, diag(σ̃2)), with µ̃ =
(µ̃1, µ̃2 . . . , µ̃D)⊤ ∈ RD and σ̃2 = (σ̃2

1 , σ̃
2
2 . . . , σ̃

2
D)⊤ ∈ RD. For each dimension d, Equations 16 and 20 give:

µ̃d =

∑M
j=1 µj,d + 2

∑M
i=1

∑M
j>i µij,dSij

M + 2
∑M

i=1

∑M
j>i Sij

,

σ̃2
d =

∑
j(µ

2
j,d + σ2

j,d) + 2
∑M

i=1

∑M
j>i(µ

2
ij,d + σ2

ij,d)Sij

M + 2
∑M

i=1

∑M
j>i Sij

− (µ̃d)
2,

with µij,d, σij,d, and Sij as defined in Equations 14, 18, and 11. □
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A.2 Hellinger aggregation beyond Gaussians: the exponential family

Our proposed Hellinger aggregation is not restricted to Gaussians: it can be adapted to many distributions in
the exponential family for which the closed-form expressions of their Hellinger distances are known. Assume
each modality posterior qj(z) belongs to the same exponential family with a common base measure h(z), a fixed
sufficient statistics T (z), and common support Z: qη(z) = h(z) exp(η⊤T (z)−A(η)), z ∈ Z. Let modality j have

natural parameter ηj for all j ∈ {1, . . . ,M}, we then expand the cross-term
√
qi(z)qj(z).√

qi(z)qj(z) =
√

qηi
(z)qηj

(z)

=
√
h(z) exp(η⊤i T (z)−A(ηi))h(z) exp(η⊤j T (z)−A(ηi))

= h(z) exp

(
η⊤i + η⊤j

2
T (z)− A(ηi) +A(ηj)

2

)

= h(z) exp

(
η⊤ijT (z)−

A(ηi) +A(ηj)

2

)
, ηij =

ηi + ηj
2

.

Hence, we can expand the Hellinger affinity Sij =
∫ √

qi(z)qj(z)dz as:

Sij =

∫
h(z) exp

(
η⊤ijT (z)−

A(ηi) +A(ηj)

2

)
dz

= exp

(
−A(ηi) +A(ηj)

2

)∫
h(z) exp(η⊤ijT (z))dz

= exp

(
−A(ηi) +A(ηj)

2

)
exp(A(ηij))

= exp

(
A(ηij)−

1

2
A(ηi)−

1

2
A(ηj)

)
.

Next, we will derive the first moment of
√
qi(z)qj(z), namely Mij =

∫
z
√

qi(z)qj(z)dz.

Mij =

∫
zh(z) exp

(
η⊤ijT (z)−

A(ηi) +A(ηj)

2

)
dz

= exp

(
−A(ηi) +A(ηj)

2

)∫
zh(z) exp(η⊤ijT (z))dz

= exp

(
A(ηij)−

1

2
A(ηi)−

1

2
A(ηj)

)∫
zh(z) exp(η⊤ijT (z)−A(ηij))dz

= Sij

∫
zqηij

(z)dz

= SijEqηij
[z].

Similarly, for the second moment of
√
qi(z)qj(z), we can derive Vij =

∫
zz⊤√qi(z)qj(z)dz = SijEqηij

[zz⊤].

Since exponential-family distributions satisfy Eqη [T (z)] = ∇A(η) and Covqη [T (z)] = ∇2A(η), if z and zz⊤ are
included in T (z) (e.g., for a Gaussian), this yields Eqηij

[z] and Eqηij
[zz⊤] immediately; otherwise these moments

can be obtained from the known closed-form moments of the chosen family evaluated at ηij .

Example: Exponential distribution. Let each unimodal distribution be qj(z) = Exp(αj) = αje
−αjz on

z ≥ 0. The corresponding exponential-family components are:

T (z) = z, h(z) = 1{z ≥ 0}, ηj = −αj , A(ηj) = − log(−ηj).

Using these, we can calculate the Hellinger affinity Sij as:

ηij = −αi + αj

2
, Sij = exp

(
− log

(
αi + αj

2

)
+

1

2
logαi +

1

2
logαj

)
=

2
√
αiαj

αi + αj
.
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Since qηij
(z) = Exp

(
αi+αj

2

)
, we have

Eqηij
[z] =

2

αi + αj
, Eqηij

[zz⊤] =
8

(αi + αj)2
.

Therefore, we can obtain Mij and Vij .

A.3 Effect of the number of good and bad experts on multiple aggregation methods

We extend the setting in Figure 2 by comparing with the Wasserstein barycenter (WB) from Qiu et al. (2025),
which uses the 2-Wasserstein distance. As shown in Figure 8, PoE suffers from overconfidence, resulting in
significantly higher NLL and lower Bhattacharyya coefficients. WB is more stable than PoE, achieving a sharp
distribution and reasonable overlap with the true distribution, though its NLL increases noticeably with more
bad experts. Without bad experts, MoE performs slightly better than Hölder (α = 0.5) and Hellinger, but with
more bad experts, it yields higher NLL, lower Bhattacharyya coefficients, and less sharpness. This is because
MoE and WB do not model dependencies between experts, which prevents them from distinguishing bad experts
from good ones as their number increases. In contrast, for Hölder (α = 0.5) and Hellinger, the overlap term Sij

between good and bad experts is small, which lowers the contribution of bad experts to the joint posterior. As
a result, they achieve the best balance across all metrics, showing strong robustness to different expert types.
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Figure 8: Performance of PoE, MoE, Hölder pooling (α = 0.5), Hellinger, and WB aggregators as a function of the number
of good experts (with 0, 1, 2, and 3 bad experts fixed). Evaluation is based on negative log-likelihood (↓), Bhattacharyya
coefficient (↑), and sharpness (↓). Minimum and maximum NLL and BC values for PoE and WB are shown.

A.4 Effect of learnable pooling weights on model performance

Since we use uniform pooling weights, we also trained HELVAE with learnable pooling weights to examine the
difference. In Table 6, on PolyMNIST at β = 5 (the best trade-off setting), uniform and learned pooling weights
give comparable results, and the learned weights converge to nearly uniform values across modalities. In contrast,
on CUB and CelebA, learning pooling weights degrades generative coherence and quality, as the optimization
downweights noisier modalities in the aggregated posterior, allowing a few modalities to dominate. We therefore
keep uniform pooling weights, as in PoE and MoE, since they provide a robust trade-off across modalities.

B EXPERIMENTAL DETAILS

B.1 Datasets

PolyMNIST. The dataset was introduced by Sutter et al. (2021) as an extension of MNIST with varied
backgrounds. A random 28×28 crop from five images serves as the background, forming a five-modality dataset.
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Table 6: Generative quality and generative coherence on the PolyMNIST dataset. The table shows the results for HELVAE
with uniform vs. learned pooling weights at β = 5.

Conditional Unconditional
Coherence (↑) FID (↓) Coherence (↑) FID (↓)

HELVAE (uniform) 0.887 ± 0.006 132.35 ± 0.92 0.399 ± 0.006 116.27 ± 1.19

HELVAE (learned) 0.886 ± 0.002 130.25 ± 1.84 0.421 ± 0.028 115.20 ± 1.04

Shared information is the digit label, while background and handwriting style represent modality-specific features.
The training and test sets contain 60,000 and 10,000 images, respectively.

CUB Image-Captions. The Caltech Birds dataset consists of 11,788 natural images of birds, each paired with
10 fine-grained captions describing appearance characteristics. The training and testing sets contain 88,550 and
29,330 samples, respectively. It has been widely used in multimodal VAE research (Shi et al., 2019; Daunhawer
et al., 2021; Palumbo et al., 2023; Mancisidor et al., 2025). However, Shi et al. (2019) employed a simplified
version in which bird images were replaced with ResNet embeddings.

Bimodal CelebA. Each CelebA image (Liu et al., 2015) is annotated with 40 facial attributes. The bimodal
CelebA dataset, introduced by Sutter et al. (2020), extends the original dataset with a text modality describing
each face using these attributes. In this setting, negative attributes are omitted rather than explicitly negated,
making learning more challenging since attributes appear in varying positions within the text, introducing
additional variability. The training and test sets contain 162,770 and 19,867 samples, respectively.

Figure 9: Illustrative samples from PolyMNIST (5 modalities), CUB Image-Captions (2 modalities) and bimodal CelebA
(2 modalities), respectively.

B.2 Evaluation criteria

Generative coherence (PolyMNIST and CelebA). The coherence of conditionally generated samples
reflects how well the imputed modalities align with the available ones in shared information. To compute
generative coherence, we first train classifier networks on the training samples of each individual modality.
Unconditional coherence is evaluated by classifying modalities generated from the prior and measuring the
proportion assigned the same label. Conditional coherence is measured by classifying modalities generated from
non-empty subsets that exclude the modality being evaluated. The reported generative coherence values are
averaged over all generated images conditioned on all corresponding subsets and modalities.

Generative coherence (CUB). We follow the approach of Palumbo et al. (2023) to calculate conditional
coherence. We construct captions of the form this bird is completely [color ], where [color ] is one of {white, yellow,
red, blue, green, gray, brown, black}. For each caption, we generate ten images (eighty in total). We then count
the number of pixels within the HSV ranges specified in Table 2 in Palumbo et al. (2023). An image is considered
coherent if the caption color appears among the two dominant color classes (highest pixel counts). Conditional
coherence is then reported as the fraction of coherent images over the total number generated.

Generative quality. To evaluate generative quality, we use the Fréchet Inception Distance (FID) score (Heusel
et al., 2017), a state-of-the-art metric for quantifying the visual quality of samples produced by generative models
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in image domains. FID measures the distance between the feature distributions of real and generated images,
computed using activations of a pretrained Inception network, and has been shown to correlate well with human
judgment. Lower FID values indicate closer alignment between generated and real data distributions.

Latent representation. The quality of the learned representations serves as a proxy for their usefulness in
downstream tasks beyond the training objective. High-quality representations of modality subsets are essential
for conditionally generating coherent samples. We evaluate latent representations using logistic regression in
scikit-learn (Pedregosa et al., 2011). The classifier is trained on 500 encoded samples from the training set and
evaluated on the test set. Reported results correspond to average performance across all test batches.

B.3 Experimental setups

We train all models using the reparameterization trick (Kingma and Welling, 2013) and the Adam opti-
mizer (Kingma, 2014) on NVIDIA A100-PCIE-40GB GPUs with 64 CPU cores. Following prior work, KL
terms in Equation 3.1 are weighted by a coefficient β (Higgins et al., 2017), i.e. βKL(qϕ(z|X)∥pθ(z)), selected
via cross-validation from {1, 2.5, 5, 10}, with the best β for each dataset reported in Table 7. For all datasets,
the prior is assumed to be an isotropic Gaussian, while unimodal posterior distributions are modeled as multi-
variate Gaussians with diagonal covariance. For all experiments, modality likelihoods are weighted by relative
dimensionality, where the dominant modality is fixed to 1.0 and the others are scaled proportionally to their data
dimensions (Shi et al., 2019; Sutter et al., 2021; Javaloy et al., 2022). We trained HELVAE with mixed precision.
Results are reported as the mean and standard deviation across three independent runs. For benchmark models,
we rely on the original implementations: MVAE, MMVAE, MoPoE, MMVAE+, CoDEVAE and open source
library MultiVAE (Senellart et al., 2025).

Table 7: Optimal β for all models on the PolyMNIST, CUB and CelebA datasets.

MVAE MMVAE MoPoE MMVAE+ MWBVAE CoDEVAE HELVAE

PolyMNIST 2.5 2.5 5 2.5 2.5 5 5
CUB 2.5 2.5 5 2.5 2.5 5 2.5

CelebA 1 1 1 1 1 1 1

PolyMNIST. The encoder and decoder architectures follow Daunhawer et al. (2021); Palumbo et al. (2023),
which employ ResNet backbones for all image modalities. We assume Laplace likelihoods for all modalities with
Gaussian priors and posteriors, except for MMVAE and MMVAE+, where Laplace priors and posteriors are
used. All models were trained for 500 epochs with an initial learning rate of 5e−4 and a latent space of size 512,
except for MMVAE and MMVAE+, which were trained for 150 epochs. For MMVAE, the latent space size was
set to 160, while for MMVAE+ the shared and modality-specific latent subspaces were both set to 32 dimensions,
as suggested in the original implementations. The batch size was set to 256.

CUB Image-Captions. The encoder and decoder architectures follow Palumbo et al. (2023), using ResNet
networks for image modality and CNNs for text modality. We assume Laplace and one-hot categorical likelihood
distributions for images and captions, respectively, with Gaussian priors and posteriors. All models were trained
with an initial learning rate of 5e−4 and a latent space of 64 dimensions. For MMVAE+, the modality-specific
latent space was set to 16 dimensions and the shared latent space to 48 dimensions. We trained MVAE, MoPoE,
MWBVAE, CoDEVAE, and HELVAE for 150 epochs, while MMVAE and MMVAE+ were trained for 50 epochs
with K = 10, using the DReG estimator in the objective. The batch size for MMVAE and MMVAE+ was set
to 32, while for the other models it was 128.

Bimodal CelebA. The encoder and decoder architectures follow Sutter et al. (2021), using residual blocks for
both modalities. We assume Laplace and one-hot categorical likelihood distributions for images and captions,
respectively, with Gaussian priors and posteriors. All models were trained with an initial learning rate of 1e−4

and a latent space of 32 dimensions. Following Sutter et al. (2021), an additional modality-specific latent space
of 32 dimensions was added to each modality, resulting in a total latent dimension of 64 per modality. The batch
size was set to 256, and models were trained for 200 epochs.

https://github.com/mhw32/multimodal-vae-public
https://github.com/iffsid/mmvae/tree/public
https://github.com/thomassutter/MoPoE
https://github.com/epalu/mmvaeplus/tree/new_release
https://github.com/rogelioamancisidor/codevae
https://github.com/AgatheSenellart/MultiVae
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Note. For MMVAE+ on the CUB dataset, we report results from the original source code and paper, as we were
unable to reproduce the results in our experimental setting despite extensive efforts.

B.4 Additional results: PolyMNIST

In Table 8, we report the numerical values corresponding to the quantitative comparison in Figure 3. The
results show that only HELVAE and MMVAE+ consistently achieve both high generative quality and high
generative coherence across different β values, for both conditional and unconditional generation. In contrast,
alternative models either underperform on one of the two criteria or reach competitive scores only for conditional
or unconditional generation (e.g. CoDEVAE). Furthermore, while MMVAE+ achieves its best performance at
β = 2.5, HELVAE outperforms MMVAE+ at both smaller β = 1 and larger β = 10 values. Figure 10 show
qualitative results of conditionally generated samples of the second modality given corresponding test examples
from one, two, three, and four modalities. Each column shows distinct samples drawn from the approximate joint
posterior, ideally preserving digit identity while capturing stylistic variations. HELVAE generates more coherent
samples when conditioned on four modalities compared to a single one, whereas MMVAE+ shows decreased
coherence under the same setting, indicating that HELVAE effectively benefits from additional modalities.

B.5 Additional results: CUB Image-Captions

Figure 11 shows the generated samples used to assess generative coherence across models on this dataset. The
qualitative results of HELVAE are consistent with the quantitative results: the generated images are coherent
with the captions and exhibit high visual quality. Figure 12 shows caption-to-image generations. For MVAE,
which is a product-based approach, we observe substantial variation in the generated images but low coherence.
MMVAE, MWBVAE, and CoDEVAE often collapse modality-specific features to average values, yielding blurred
images. In contrast, HELVAE and MMVAE+ avoids this collapse, producing images that are both high in quality
and coherent with the captions. Moreover, in Figure 12, HELVAE generates samples where colors align well with
the captions, and the faces and beaks are more structured, yielding coherent bird shapes.

B.6 Additional results: Bimodal CelebA

We show the distribution of evaluations for each attribute in Figure 14 (latent representation) and Figure 15 (gen-
eration coherence). HELVAE achieves good performance on most large attributes, though smaller ones remain
more challenging. Across all input modalities, latent representation quality and generative coherence remain
consistent, indicating that the model can generate effectively even when a modality is missing. Figure 13 shows
that global attributes such as gender and smiling are captured well, consistent with the latent representations.
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Table 8: Generative quality and generative coherence on the PolyMNIST dataset. Each table shows the results for the
compared models for a different β values, and rankings for each metric are reported accordingly.

Conditional Unconditional
β = 1 Coherence (↑) FID (↓) Coherence (↑) FID (↓)

MVAE 0.176 ± 0.007 (7) 52.58 ± 0.42 (1) 0.000 ± 0.000 (7) 51.08 ± 0.33 (1)

MMVAE 0.793 ± 0.015 (5) 219.21 ± 3.38 (7) 0.197 ± 0.004 (1) 165.66 ± 4.42 (7)

MoPoE 0.774 ± 0.023 (6) 203.92 ± 4.58 (5) 0.019 ± 0.002 (6) 107.69 ± 1.51 (4)

MMVAE+ 0.796 ± 0.012 (4) 118.89 ± 5.40 (3) 0.155 ± 0.011 (2) 117.97 ± 4.05 (6)

MWBVAE 0.850 ± 0.029 (2) 206.88 ± 4.86 (6) 0.046 ± 0.002 (4) 111.45 ± 4.79 (5)

CoDEVAE 0.817 ± 0.010 (3) 196.64 ± 3.63 (4) 0.025 ± 0.001 (5) 102.61 ± 2.41 (2)

HELVAE 0.910 ± 0.001 (1) 116.83 ± 0.62 (2) 0.142 ± 0.011 (3) 106.05 ± 0.25 (3)

Conditional Unconditional
β = 2.5 Coherence (↑) FID (↓) Coherence (↑) FID (↓)
MVAE 0.475 ± 0.053 (7) 64.01 ± 1.45 (1) 0.019 ± 0.004 (7) 63.87 ± 1.63 (1)

MMVAE 0.798 ± 0.008 (6) 218.62 ± 1.72 (7) 0.199 ± 0.011 (3) 165.71 ± 1.83 (7)

MoPoE 0.802 ± 0.020 (5) 208.48 ± 1.66 (5) 0.113 ± 0.026 (5) 116.34 ± 1.28 (5)

MMVAE+ 0.875 ± 0.018 (2) 115.67 ± 11.83 (2) 0.408 ± 0.016 (1) 115.13 ± 9.78 (4)

MWBVAE 0.832 ± 0.008 (3) 209.51 ± 2.20 (6) 0.145 ± 0.020 (4) 118.61 ± 4.46 (6)

CoDEVAE 0.828 ± 0.011 (4) 202.81 ± 1.86 (4) 0.104 ± 0.012 (6) 113.20 ± 2.61 (3)

HELVAE 0.900 ± 0.004 (1) 121.78 ± 3.21 (3) 0.299 ± 0.017 (2) 108.21 ± 2.44 (2)

Conditional Unconditional
β = 5 Coherence (↑) FID (↓) Coherence (↑) FID (↓)

MVAE 0.410 ± 0.033 (7) 96.56 ± 0.67 (1) 0.019 ± 0.057 (7) 96.75 ± 0.73 (1)

MMVAE 0.792 ± 0.011 (5) 218.32 ± 0.77 (7) 0.197 ± 0.014 (6) 166.00 ± 1.50 (7)

MoPoE 0.812 ± 0.010 (4) 206.79 ± 1.59 (5) 0.314 ± 0.011 (3) 126.27 ± 2.67 (5)

MMVAE+ 0.835 ± 0.063 (2) 121.68 ± 13.01 (2) 0.452 ± 0.095 (1) 120.52 ± 11.16 (3)

MWBVAE 0.790 ± 0.022 (6) 211.23 ± 2.37 (6) 0.248 ± 0.012 (5) 131.39 ± 3.58 (6)

CoDEVAE 0.826 ± 0.010 (3) 206.04 ± 1.90 (4) 0.302 ± 0.032 (4) 125.63 ± 1.60 (4)

HELVAE 0.887 ± 0.006 (1) 132.35 ± 0.92 (3) 0.399 ± 0.006 (2) 116.27 ± 1.19 (2)

Conditional Unconditional
β = 10 Coherence (↑) FID (↓) Coherence (↑) FID (↓)
MVAE 0.372 ± 0.006 (7) 137.33 ± 0.06 (1) 0.056 ± 0.010 (7) 137.67 ± 0.41 (2)

MMVAE 0.803 ± 0.011 (2) 217.84 ± 3.90 (7) 0.185 ± 0.013 (6) 164.66 ± 2.62 (7)

MoPoE 0.726 ± 0.009 (4) 197.64 ± 1.57 (4) 0.397 ± 0.017 (4) 147.95 ± 1.35 (4)

MMVAE+ 0.651 ± 0.138 (6) 168.08 ± 29.47 (3) 0.401 ± 0.143 (3) 162.94 ± 27.75 (6)

MWBVAE 0.686 ± 0.008 (5) 211.89 ± 1.51 (6) 0.297 ± 0.002 (5) 152.39 ± 1.50 (5)

CoDEVAE 0.771 ± 0.001 (3) 197.76 ± 0.93 (5) 0.431 ± 0.006 (2) 144.99 ± 1.32 (3)

HELVAE 0.852 ± 0.008 (1) 154.63 ± 0.73 (2) 0.508 ± 0.019 (1) 134.54 ± 1.10 (1)
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MVAE MMVAE MoPoE MMVAE+ MWBVAE CoDEVAE HELVAE

MVAE MMVAE MoPoE MMVAE+ MWBVAE CoDEVAE HELVAE

MVAE MMVAE MoPoE MMVAE+ MWBVAE CoDEVAE HELVAE

MVAE MMVAE MoPoE MMVAE+ MWBVAE CoDEVAE HELVAE

Figure 10: Conditionally generated samples of the second modality on the PolyMNIST dataset, with each model evaluated
at its best β ∈ {1, 2.5, 5, 10}. The four panels show generations conditioned on (i) the first modality, (ii) the first and
third, (iii) the first, third, and fourth, and (iv) the first, third, fourth, and fifth modalities. In each panel, the top rows
show the conditioning inputs and the subsequent rows display the generated samples.
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(a) MVAE (b) MMVAE (c) MMVAE+

(d) MWBVAE (e) CoDEVAE (f) HELVAE

Figure 11: Qualitative results of caption-to-image generation on the CUB Image-Captions dataset, used to assess gener-
ative coherence across models, with each model evaluated at its best β ∈ {1, 2.5, 5}.
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(a) MVAE (b) MMVAE (c) MMVAE+

(d) MWBVAE (e) CoDEVAE (f) HELVAE

Figure 12: Qualitative results of caption-to-image generation for the CUB Image-Captions dataset, with each model
evaluated at its best β ∈ {1, 2.5, 5}.

Figure 13: Qualitative results on the bimodal CelebA dataset using MoHELVAE, with β = 1. Each column shows images
conditionally generated from the text shown at the top.
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Figure 14: Latent representation (↑) of the bimodal CelebA dataset using the HELVAE model, with β = 1.
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(a) Input modality: image

5 
o 

Cl
oc

k 
Sh

ad
ow

Ar
ch

ed
 E

ye
br

ow
s

At
tra

ct
iv

e

Ba
gs

 U
nd

er
 E

ye
s

Ba
ld

Ba
ng

s

Bi
g 

Lip
s

Bi
g 

No
se

Bl
ac

k 
Ha

ir

Bl
on

d 
Ha

ir

Bl
ur

ry

Br
ow

n 
Ha

ir

Bu
sh

y 
Ey

eb
ro

ws

Ch
ub

by

Do
ub

le
 C

hi
n

Ey
eg

la
ss

es

Go
at

ee

Gr
ay

 H
ai

r

He
av

y 
M

ak
eu

p

Hi
gh

 C
he

ek
bo

ne
s

M
al

e

M
ou

th
 S

lig
ht

ly
 O

pe
n

M
us

ta
ch

e

Na
rro

w 
Ey

es

No
 B

ea
rd

Ov
al

 Fa
ce

Pa
le

 S
ki

n

Po
in

ty
 N

os
e

Re
ce

di
ng

 H
ai

rli
ne

Ro
sy

 C
he

ek
s

Si
de

bu
rn

s

Sm
ilin

g

St
ra

ig
ht

 H
ai

r

W
av

y 
Ha

ir

W
ea

rin
g 

Ea
rri

ng
s

W
ea

rin
g 

Ha
t

W
ea

rin
g 

Lip
st

ick

W
ea

rin
g 

Ne
ck

la
ce

W
ea

rin
g 

Ne
ck

tie

Yo
un

g

0.0

0.2

0.4

0.6

0.8

1.0
Conditional Coherence

Modality
image
text

(b) Input modality: text
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(c) Input modality: image and text

Figure 15: Conditional coherence (↑) on the bimodal CelebA dataset using the HELVAE model, with β = 1. In each
subplot, images and texts are generated conditionally from the modality or subset of modalities indicated in the caption.
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