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Abstract

Multimodal variational autoencoders have demonstrated
their ability to learn the relationships between different
modalities by mapping them into a latent representation.
Their design and capacity to perform any-to-any condi-
tional and unconditional generation make them appealing.
However, different variants of multimodal VAEs often suf-
fer from generating low-quality output, particularly when
complex modalities such as images are involved. In addi-
tion to that, they frequently exhibit low coherence among the
generated modalities when sampling from the joint distribu-
tion. To address these limitations, we propose a new vari-
ant of the multimodal VAE ELBO that incorporates a bet-
ter decoder using a diffusion generative model. The diffu-
sion decoder enables the model to learn complex modalities
and generate high-quality outputs. The multimodal model
can also seamlessly integrate with a standard feed-forward
decoder for different types of modality, facilitating end-to-
end training and inference. Furthermore, we introduce an
auxiliary score-based model to enhance the unconditional
generation capabilities of our proposed approach. This ap-
proach addresses the limitations imposed by conventional
multimodal VAEs and opens up new possibilities to improve
multimodal generation tasks. Our model provides state-of-
the-art results compared to other multimodal VAEs in dif-
ferent datasets with higher coherence and superior quality
in the generated modalities.

1. Introduction

Deep learning has revolutionized many fields through its
ability to extract and learn patterns that are otherwise dif-
ficult through other means [16, 29]. One area that has
seen immense progress is generative models, where neural
networks learn to generate samples that are similar to the
training distribution. Variational autoencoders (VAEs) have
emerged as one powerful framework for this task [14, 26].
VAEs were initially built to process a single modality, such
as an image. However, in the real world, data often comes
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from multiple modalities that are interconnected and ex-
pressed in different formats [2]. Multimodal learning aims
to build models that can process and relate information
from various modalities, such as vision, language, and other
modalities together [21]. Incorporating this multimodal in-
formation can have a huge impact on the performance of
the model in tasks that require understanding from multiple
perspectives [33].

Multimodal variational autoencoders extend the VAE
framework to learn joint representations across modalities
[21, 36, 43]. By capturing the correlations between modal-
ities, these models can learn robust and informative repre-
sentations. These learned multimodal representations can
be used in different ways, including transfer learning in
downstream tasks [11, 12], and they also provide a frame-
work to perform unconditional and conditional generation
across the different modalities [30, 42].

Despite their promising potential, multimodal VAEs
continue to face significant challenges in effectively inte-
grating diverse modalities, generating high-quality samples,
and scaling to high-dimensional data [5, 42]. Various prior
works have attempted to address these issues by proposing
alternative ELBO objectives, yet the core problems still per-
sist in multimodal VAEs [34, 35]. Due to these ongoing lim-
itations, most multimodal studies have been constrained to
low-dimensional datasets such as MNIST or PolyMNIST
[15, 34]. Additionally, Daunhawer et al. [5] highlights
the generative discrepancies in mixture-based models and
raises concerns about the practicality of these models in
real-world applications.

On the other hand, diffusion models have emerged as
a powerful class of generative models, gaining substantial
attention in recent years for their ability to produce high-
quality samples [6, 9]. These models operate by grad-
ually transforming a data distribution into a noise distri-
bution, with the goal of learning to reverse this process.
The forward process is a Markovian sequence that incre-
mentally adds noise to the data distribution over several
timesteps, while the reverse process, typically modeled by
a neural network, learns to remove the noise and recon-
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Figure 1. Architecture of our model where modality-specific en-
coders map the input data from different modalities into latent
space, which are then fused using a mixture of PoE and passed
to the respective decoders.

struct the data [9]. A notable advantage of diffusion mod-
els is their capacity to generate exceptionally high-quality
samples, achieving state-of-the-art performance in various
generative tasks, including image synthesis and inpainting
[20, 28]. Preechakul et al. [25] introduced diffusion autoen-
coder, where the encoder resembles that of a VAE, but the
decoder is modeled using a diffusion process. The key dif-
ference between a diffusion decoder and a traditional feed-
forward decoder used in VAEs is that the diffusion decoder
conditions the generation process on the latent representa-
tion rather than directly feeding it as input. This approach
enables the diffusion autoencoder to learn meaningful rep-
resentations as well as generate high-quality samples.

In this study, we introduce a novel multimodal generative
model that combines the strengths of diffusion autoencoders
and multimodal VAEs to learn a unified joint representation
across multiple modalities. Traditional multimodal VAEs
often face limitations in generating high-quality outputs
from their joint representations, which may not capture all
the details of all modalities [11, 22]. These challenges are
further exacerbated by the low-performance decoders typi-
cally used in standard VAEs, resulting in suboptimal model
performance. To address these issues, we propose the use of
a flexible diffusion decoder, which allows the compressed
joint representation to effectively generate high-quality out-
puts for complex modalities while leveraging feedforward
decoders for simpler modalities.

To achieve this, we propose a multimodal ELBO that
is integrated with diffusion decoders for modalities where
feed-forward decoders have shown limitations, such as
images, ensuring high-quality sample generation and im-
proved representation capacity. Conversely, for modalities
where standard decoders have proven effective, such as text

Mo,

\
B -

Diffusion -

Bangs Brown_Hair Heavy_Makeup Decoder

Mouth_Slightly_Open Smiling Straight_Hair

Figure 2. Unconditional sampling technique that leverages a score-
based model to transform a Gaussian noise distribution into the
PoE posterior distribution of all modalities.

or sparse outputs, we retain standard VAE decoders. This
hybrid approach allows our model to harness the strengths
of each generative model class while effectively addressing
their respective limitations.

Our model achieves better coherence in conditional gen-
eration among the generated modalities while generating
high-quality samples. We use a mixture of product of ex-
perts (MoPoE) to fuse the representations from different
modalities [35]. This approach enables our model to cap-
ture the correlations and dependencies between modalities.
For unconditional generation tasks, where the goal is to gen-
erate samples from all modalities simultaneously without
conditioning on any specific modality, we propose the use
of an auxiliary model. This auxiliary model transforms a
Gaussian noise distribution into the approximate posterior
product of experts distribution. By leveraging this tech-
nique, our model gains increased flexibility and can per-
form well in both conditional and unconditional generation
settings.

Figure | illustrates the general design and architecture of
our proposed model. The modality-specific encoders map
the input data from different modalities into latent represen-
tations, which are then fused using the MoPoE mechanism.
The fused representation is then passed to the respective de-
coders, which can be either diffusion decoder or a standard
one, depending on the modality. Figure 2 shows how to per-
form unconditional sampling where the score-based model
is employed to provide the necessary input distributions to
the decoders.

Our proposed model demonstrates superior performance
compared to previous variants of multimodal variational au-
toencoder models. Our key contributions can be summa-
rized as follows:
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We introduce a novel generative multimodal autoencoder
architecture that seamlessly integrates diffusion and stan-
dard decoders. This hybrid design allows our model to
generate high-quality samples across modalities without
compromising the coherence and consistency among the
generated modalities. In doing so, our architecture strikes
an optimal balance between sample quality and cross-
modal coherence.

To enhance the model’s performance in unconditional
generation settings, we propose to use a sampling tech-
nique that employs an auxiliary score-based model that
transforms a Gaussian noise distribution into the approx-
imate distribution of the PoE posterior to improve the
model’s ability to generate coherent and diverse samples
across all modalities in an unconditional manner for mul-
timodal VAEs.

Our approach can be scaled to high-dimensional data
modalities with good generative quality compared to pre-
vious approaches, which opens a new research direction
toward multimodal VAEs.

Through these contributions, our model addresses the
critical limitations of previous multimodal VAE approaches
while retaining their desirable properties and extending
their capabilities to handle high-dimensional data modali-
ties effectively. Our approach paves the way for more pow-
erful and flexible multimodal generative models capable of
generating high-quality samples with enhanced coherence.

2. Related Works

Multimodal learning has emerged as a promising research
direction in the deep learning field that has started from
early works such as Ngiam et al. [21], Tsai et al. [38].
Ngiam et al. [21] demonstrated the potential of multimodal
deep learning models in leveraging information from mul-
tiple modalities to improve performance on multiple tasks
by learning combined features. As variational autoencoders
(VAEs) gained traction for simultaneously learning repre-
sentations and generation models within individual modal-
ities, researchers soon explored extending the VAE frame-
work to handle multiple modalities simultaneously, giving
rise to multiple variants of multimodal VAEs.

Suzuki et al. [36] first presented a model that is trained
jointly and can accept multiple modalities. They propose
training additional encoders for each modality and mini-
mizing the KL loss between the joint ones to handle miss-
ing modalities. Wu and Goodman [43] proposed a product
of experts approach to encode the modalities jointly. They
posterior is constructed as g4(z|x) = p(z) Hi\/[ 44 (z|x31).
This approach allowed different formulations of the ELBO
in future works because the product of experts can be calcu-
lated in a closed form, and it allows the generation of miss-
ing modalities by simply plugging 1 in the product for the
missing modalities. The model proposed by Wu and Good-
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man [43], which is called MVAE, generates images com-
parative to a unimodal VAE but has low coherence amongst
the generated modalities.

Shi et al. [30] proposed a mixture of experts posterior
formulation that samples one modality at a time from the
set containing all the modalities. Their model shows better
coherence but, in general, has degraded quality, especially
visible in image modalities. Sutter et al. [35] further ex-
panded the subsets in the mixture by proposing a mixture of
product of experts posterior. Daunhawer et al. [5] showed
that models that subsample will have a loss in generative
quality because of reconstructing all available modalities
from a few of them. Other approaches by Lee and Pavlovic
[18], Palumbo et al. [22], Sutter et al. [34] explored split-
ting the latent space into modality-specific and shared repre-
sentations to improve the generative quality of multimodal
VAEs.

In the work by Hwang et al. [11], the authors propose
an evidence lower bound (ELBO) objective derived from
an information-theoretic perspective that uses a product of
experts approach. Their main objective is to learn a rep-
resentation that minimizes the conditional total correlation
between the joint conditional and the factorized condition-
als. Their final objective is a convex combination of two
terms: one based on the variational information bottleneck
(VIB) and the other based on the conditional VIB.

Pandey et al. [24] proposed a two-stage training in which
a unimodal VAE is trained in the first stage, and a diffu-
sion model conditioned on the output of the VAE is trained
in the second stage to refine the lower-quality output of a
VAE. Similar approaches have also been proposed in mul-
timodal works to refine the outputs of the image modalities
of multimodal VAEs by Palumbo et al. [23], Wesego and
Rooshenas [42], but the diffusion model is not directly inte-
grated to the ELBO like our proposed work.

Alternatively, Bounoua et al. [3], Wesego and Rooshenas
[42] proposed to use unimodal VAEs to represent each
modality and use an additional neural network to fuse the
modalities instead of a product/mixture of experts using a
two-step training process. They both select a score-based
network to join the modalities in the latent space and sam-
ple from the joint distribution. Rombach et al. [27] pro-
posed text-to-image generation that employs a high-quality
autoencoder to compress images into latent space, allowing
for diffusion processes to occur in this reduced dimension-
ality. They integrated CLIP models using cross-attention
to effectively represent and condition text inputs. Build-
ing upon this, Tang et al. [37], Xu et al. [44] proposed
multi-modal latent diffusion models that can generate any
modality from any given condition. They expand Rombach
et al. [27] work to use multiple diffusion flows to achieve
this. It’s worth noting that these advanced models require
training on extremely large-scale datasets, which requires



extensive computational resources.

Preechakul et al. [25] introduced diffusion autoencoder
as a means for diffusion models to generate images and
learn representations. They transformed the diffusion
model into an autoencoder form where an encoder learns
a latent space that will be used in the reconstruction pro-
cess. Hudson et al. [10] modified the diffusion autoen-
coder to reconstruct multiple views in the diffusion decoder.
Wang et al. [41] proposed a diffusion autoencoder archi-
tecture where the latent variable z is encouraged to learn
disentangled meaningful representation by regularizing the
objective with mutual information among x and z.

In this work, we focus on improving multimodal VAEs
by proposing an objective that flexibly combines both diffu-
sion autoencoder and standard VAEs. Overall, Daunhawer
et al. [5] illustrated that the current multimodal VAEs are
very limited due to their lack of generation capability as
the modalities become more complex. This is caused by
how the multimodal ELBO objective is constructed and
by the limitation in VAEs to generate high-quality images
[24]. Our approach enhances the generative quality of mul-
timodal VAEs while still preserving the fundamental frame-
work and strengths of the multimodal VAE architecture in
conditional and unconditional settings.

3. Methodology

We first present our method starting with diffusion autoen-
coders. Subsequently, we introduce the multimodal VAE
framework that incorporates diffusion autoencoders. The
section concludes by explaining how to perform both con-
ditional and unconditional sampling techniques.

3.1. Diffusion Autoencoder

A diffusion model can be formulated as a latent vari-
able model where the marginal distribution is expressed as
po(x0) = [ po(x0.7)dx1.7 [9]. The combined probabil-
ity distribution pg(x0.77) = p(x71) Hthl po(Xi—1]x¢) is the
reverse joint process where p(x7) = N(0,I). One can
sample any intermediate time step ¢ in the forward process
starting from the data point x( using the Gaussian distribu-
tion q(x¢|x0) = N (x¢; vVarxo, (1 — a@;)I) to add noise to
the data. A neural network is trained to reverse this pro-
cess where pg(x;—1[x;) = N(x¢—1; po (X, 1), Lo (X, 1)).
Ho et al. [9] observed that using a simplified objective and
predicting the noise is better and easier to implement. The
objective is shown in eq. 1.

L(0) = Buxg.e [lle = eolxe, )] (M

where x¢ = /ayXg + /1 — ar€; and &, are schedule hy-
perparameters.
A diffusion autoencoder combines the architectural setup

of an autoencoder with a diffusion decoder [25]. An en-
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coder ¢(z|x) projects the data into a latent representation
z. This latent representation is fed to the diffusion decoder
which generates samples conditioned on z. By training the
model this way, the diffusion model can be used as a pow-
erful representation where the encoder learns a meaningful
latent representation of the data similar to an autoencoder
[10]. The objective for a diffusion autoencoder is very sim-
ilar to the diffusion objective, except we have additional
conditioning from the encoder. It is trained by minimizing
Exg.c.[|l€ — €0(x¢, 2, 1) |*] where z comes from the encoder
network ¢(z|x).

In addition, diffusion models can be trained to maximize
the log-likelihood of training data by using a specific weight
on the score-matching loss term [32]. By using this objec-
tive, which is upper bounded by the log-likelihood, diffu-
sion models can achieve log-likelihoods that are compara-
ble to the best models. Specifically, with a stochastic differ-
ential equation (SDE) of the form dx = f(x, t)dt+ g(t)dw
that diffuses data to noise with a drift coefficient f and a dif-
fusion coefficient g where w is a standard Wiener process,
we can use a weighting A(t) = g(t)? for likelihood weight-
ing. The denoising score-matching loss to train diffusion
models for likelihood training is shown in eq. 2, where ad-
ditional conditioning term z is added from the encoder to
form the autoencoder setup and a Monte Carlo estimate is
used for the expectation with ¢ sampled from uniform distri-
bution, x from the training data, and sy() denotes the score
function [32].

1

5)\@) 2

L(0) =Ep(x)p(t)p(alx)p: (x: x.2) l

Hvxt log pe(x¢ | x,2) — 89(xt7z’t)Hj

3.2. Multimodal VAE with Diffusion Decoder

Assuming that we have M modalities, the observed data is
represented as x = xM x@ . xM) Mixture-based
multimodal models encode the posterior distribution using
a mixture of experts of Gaussian distributions ¢} (z[x)

> Acswads(z|x?) where 0 < wy < 1and S is a se-
lected set of modalities formed from the powerset of the
combination of modalities. Using a mixture of experts al-
lows easy inference when some of the modalities are not
observed, and training can be performed by sampling one
component from the mixture at a time. Daunhawer et al. [5]
highlighted that mixture-based multimodal models face an
inherent limitation compared to unimodal VAEs due to the
sub-sampling of modalities in the encoder. In these models,
a restricted subset of modalities is used to encode informa-
tion for all modalities, requiring the decoders to reconstruct
all modalities from this limited input. This challenge is par-
ticularly evident in multimodal VAEs, where the decoder



often struggles with the insufficient information provided
by the encoder. However, incorporating a more powerful
decoder can help address this issue effectively. For any sub-
set S of modalities, a multimodal evidence lower bound
(ELBO) can be derived for the log-likelihood of the mul-
timodal data [5]:

logpo(x) > 3 wa

AeS

— Dy (gs(z | x*) |p(Z))}- 3)

{E%(Z|XA) [logpe(x | z)]

The full derivation is given in the supplementary material
for reference. Daunhawer et al. [5] demonstrates that this
bound generalizes various multimodal VAE objectives, such
as MoPoE [35], MMVAE [30], and MVAE [43].

Assuming that the modalities are conditionally indepen-
dent given the latent representation z (i.e. x’ | x\* | z), the
ELBO can be written the following:

M .
{E%(ZXA) [Z 10gp9(xl ‘ Z)]

i=1

logp(x) > > wa
AeS

— Dxi(qs(z | x) || p(2)) } @)

These conditional independencies enable us to support
modality-specific decoders — specifically, feed-forward and
diffusion-based decoders. To distinguish between them,
we denote the number of modalities with feed-forward de-
coders as Mr and those with diffusion-based decoders as
Mp.

The objective defined in eq. 5 is a valid lower bound
on the marginal likelihood of the data under the proposed

model.
logp(x) >
Mp
> wa {Eq¢(zxA) [Z log py(x;|z)+
Aes =1

Mp 1
ZEthzA(t)Hvxj-t log pt(x;e | x;,2)—
Jj=1

s0(xjt,2,t)

2] - DKL((]¢(Z|XA)HP(Z))}~ )

See Appendix for the proof.

The objective in the eq 5 can be decomposed into the
normal multimodal VAE objective shown in eq. 4 if we use
normal feed-forward decoders for each modality. If we use
diffusion decoder models, we train the reconstruction terms
po(x|z) using the denoising score-matching loss shown in
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2 for likelihood training which is equivalent to maximizing
the likelihood of the data under the diffusion process condi-
tioned on z.

3.3. Conditional Sampling

To perform conditional sampling (i.e. generate missing
modalities given some modalities) utilizing our model, we
can leverage the factorized nature of the posterior distri-
bution. We first sample from the joint posterior distri-
bution conditioned on the available modalities and then
use the sampled latent variable to generate samples using
the respective generative model for each modality. The
posterior will be the product of the observed modalities
46(z|%0) = [l;c, 94(2i|x:) where the subscript o denotes
observed modalities. Then, we can generate an unobserved
modality u from the posterior g4 (z|x,) by feeding it to the
appropriate decoder p(x|z). By following this, we can gen-
erate any modality from any other given modality.

3.4. Unconditional Sampling

Unconditional generation occurs when no specific modality
is provided as input. In this scenario, the goal is to produce
samples that exhibit coherence across all modalities with-
out relying on any initial conditions. Previous multimodal
VAEs perform unconditional generation by first sampling
from a N/(0, I) and then feeding the sample to each decoder.
Doing that may produce suboptimal results as there is a gap
between the posterior and the prior [1]. To get better sam-
ples, we train an auxiliary score-based diffusion model to
sample from the posterior. Figure 2 demonstrates how the
score model facilitates unconditional sampling. This aux-
iliary score model is trained using the diffusion objective
but on the latent space z to generate samples from the pos-
terior. The objective is E; 5, [||€ — €g(z¢, 7§)||2 where zq
is sampled from g¢4(z|x) = []; ¢4(2;|x;) where x; con-
sists of each modality in x. The main objective of train-
ing this auxiliary model is to get high-quality samples from
the posterior instead of using A/(0, I) as the starting sample
for unconditional generation. To generate samples uncon-
ditionally, we first sample z from the auxiliary score model
and use the respective generative model py(x;|z) of each
modality to get the final samples.

4. Experiments

We perform experiments on two datasets. The first one
is from Wah et al. [40], which contains images of birds
with text captions describing the birds. We use actual im-
ages of the birds instead of ResNET features, unlike previ-
ous multimodal VAEs that struggle with image data [30].
The second dataset is a high-dimensional CelebAMask-
HQ [17] dataset that consists of images, masks, and at-
tributes of celebrities expressed in the three modalities. We
compare different multimodal VAE baselines consisting of
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Figure 3. Conditional samples given text using Diff-MVAE (left),
Diff-MVAE*(right)

MVTCAE [11], MoPoE [35], and MMVAE+ [22]. MM-
VAE+ is not included in the CUB dataset experiment as
we use pre-trained VAE for the text captions, which will
require changing the structure of the text VAE because of
the modality-specific and shared representations in MM-
VAE+. Nonetheless, we added the results from their pa-
per for the text-to-image results, which can be referenced
from their work [22]. We also add additional baselines from
Bounoua et al. [3], Wesego and Rooshenas [42] that use
a latent score-based diffusion model to learn the joint la-
tent space discussed in the next sections. We compare these
baselines with our proposed model variants Diff-MVAE and
Diff-MVAE*. Diff-MVAE¥* is trained using the same objec-
tive as eq. 5, but with A(¢) = 1. This choice introduces a
mismatch between the ELBO and the score-matching ob-
jective, resulting in a violation of the ELBO in Eq. 5. How-
ever, empirical results indicate that setting A(¢) = 1 leads
to higher-quality generated samples, a finding that has also
been reported in previous works [9, 39].

4.1. Caltech Birds (CUB)

The CUB dataset consists of two modalities: image and text
describing the image (caption). In order to get meaning-
ful text outputs, we initialized the text VAE from the pre-
trained weight of Li et al. [19] that uses a BERT encoder
and GPT-2 decoder for all models. The images are resized
to 64x64. We used a latent size of 768 for both the image
and text. The encoder architecture for the image modality
is similar to that of Daniel and Tamar [4] and the diffu-
sion decoder uses a UNET architecture. The models were
trained for 500 epochs using the Adam optimizer [13]. The
baseline models are trained using different /3 values listed
in the appendix, and the best model was selected by using
the average of the conditional and unconditional FID. The
unconditional auxiliary score model also uses a 1D UNET
architecture and accepts input similar to the size of the latent
dimension. DDIM sampling was used for 50 steps to gen-
erate samples for the image modality for Diff-MVAE* and
for unconditional sampling [31]. We used Euler—Maruyama
sampling for Diff-MVAE. More details about the training
and inference are in the Appendix section.

We use FID, which is a widely adopted metric for evalu-
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Table 1. CUB FID Result

Txt-to-Img Unc
Diff-MVAE 57 4o 70.4x00s)
Diff-MVAE* 35.5x05 37.5x01
MoPoE 290.6(i0.5) 199.6(i0,75)
MVTCAE 176.3+00s) 168.9+02
MLD 62.6 63.4
MMVAE+ 164.9 -

ﬁhis bird has wings that are brown and has a white be]ly] [ a small bird with a long bill and bright orange breast }

Figure 4. Unconditional samples using Diff-MVAE (left), Diff-
MVAE*(right)

ating the quality of images, as the evaluation metric to mea-
sure conditionally and unconditionally generated samples
[8]. In addition to that, we use Clip-Score to measure the
similarity of the image-text pairs [3, 7]. It’s clear that a
good multimodal VAE model will have coherent uncondi-
tional samples where the image and text represent the same
concept expressed in its respective modality. In addition,
conditionally generated images should follow the descrip-
tion in the text, and conditionally generated text should fol-
low the given image.

We present the results in Table 1 and 2. In addition
to the implemented baselines, we add results from previ-
ous works of MLD by Bounoua et al. [3] and MMVAE+
on text-to-image FID. The FID scores evaluation demon-
strates that our model, Diff-MVAE, outperforms the base-
lines, generating high-quality images that exhibit greater
coherence and alignment with the text modality. In con-
trast, the baselines struggle to generate meaningful images
that are consistent with the textual information, supporting
the findings of Daunhawer et al. [5] regarding the challenges
faced by existing multimodal VAEs in difficult tasks. Ta-
ble 2 also shows that Diff-MVAE generates more coher-
ent conditional outputs that follow the given modality. We
also added qualitative results from our model, which is the
only multimodal VAE model generating good images in this
dataset, are shown in figure 3 and 4 for conditional and un-
conditional generation respectively.



4.2. CelebAMask-HQ

The CelebAMask-HQ dataset provides multimodal repre-
sentations of visual characteristics related to human faces.
In this dataset, the images, masks, and attributes can be
viewed as distinct yet complementary modalities that cap-
ture various aspects of an individual’s appearance. We re-
size the images and masks to a resolution of 128 by 128
pixels. We combine multiple masks of parts of the face into
a single 0/1 mask similar to Wesego and Rooshenas [42].
Specifically, all the provided masks in the CelebAMask-HQ
dataset, except for the skin mask, are drawn on top of each
other, resulting in a single composite mask. This composite
mask encodes the presence or absence of various facial fea-
tures. For the attribute modality, we follow the preprocess-
ing approach described by Wesego and Rooshenas [42], Wu
and Goodman [43]. Out of the 40 existing attributes in
the CelebAMask-HQ dataset, we selectively choose 18 at-
tributes that are most relevant and informative for represent-
ing the visual characteristics of a person’s face. We used a
latent size of 256. Similar to the previous dataset, the en-
coder and decoder architecture for the image modality are
inspired by Daniel and Tamar [4] except for the diffusion
decoder, which uses a UNET architecture. The uncondi-
tional auxiliary score-based model also works on the 256
dimension latent size resized to 16x16 utilizing a UNET ar-
chitecture. We used a similar sampling strategy of the pre-
vious dataset for Dift-MVAE variants. More details about
the experimental setup are located in the appendix section.
The baselines here are MoPoE, MVTCAE, MMVAE+ plus
SBM-VAE-C [42] and MLD [3], which use unimodal
variational autoencoders (VAEs) or autoencoders (AEs) for
each modality and fuse them using a score-based model for
learning the joint distribution. We also add MoPoE*, which
is trained with the same hyperparameters as Diff-MVAE but
without diffusion decoders.

To assess the performance of the models in generating
high-quality samples across different modalities, we em-
ploy two quantitative evaluation metrics. For the image
modality, we utilize the Fréchet Inception Distance (FID)
score. On the other hand, for the mask and attribute modal-
ities, we employ the sample-average F1 score as the evalu-
ation metric. The F1 score provides a comprehensive mea-

Table 2. CUB Clip Score Result

Img-to-Txt  Txt-to-Img Unc
Diff-MVAE 27 Tcxoon 28.8(x002) 28.23 1001
Dift-MVAE*  28.1x0001) 28.52x00n  28.12x0.005)
MoPoE 26.8(i0.03) 22.0<i0.03) 24.8(i0.05;
MVTCAE 27 . 1=003 26.6(+0.004) 28.08 002
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(d) MMVAE+
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Figure 5. Conditional generated images for different models given
the same masks and attribute for all the models

sure of the model’s ability to accurately generate binary pre-
dictions in multi-label classifications.

We present our results in table 3 which shows the per-
formance of the models in both conditional and uncondi-
tional settings. Diff-MVAE generates high-quality images,
achieving the best FID scores among all models in image
generation. Not only that but also the performance of the
model in the other modalities where Diff-MVAE outper-
forms the baselines in attribute prediction, even if the at-
tribute modality architectures are the same for all models.
Our models also have very close results to supervised pre-
diction models that are trained to predict the attribute or
mask directly from the image modality [42]. Unconditional
results also show that the baselines do not generate good-
quality images unconditionally. The effect of the auxiliary
score-based model can be seen in this case, where Diff-
MVAE can leverage it to generate coherent outputs along all
the modalities. In general, the results indicate that our pro-
posed Diff-MVAE model exhibits superior performance in
both conditional and unconditional generation tasks, consis-
tently producing higher-quality and more coherent outputs
compared to the baselines. We show qualitative results in
Figure 5. The figure shows conditionally generated images
for Diff-MVAE and the baselines where Diff-MVAE gener-
ates higher-quality images that are more coherent with the
given conditions.

4.3. Ablation: Effect of the Auxiliary Score Model

This section covers the importance of using the auxiliary
score-based model. By default, multimodal VAEs sample
from N(0,I) to perform unconditional generation. The
problem with this is there could be considerable differences
in distribution between the prior and the posterior, which
will lead to low-quality samples. Previous unimodal VAE
works improved sample quality by training an energy-based
model on the latent space that will serve as a prior instead of
the standard normal distribution and provide samples closer



Table 3. CelebAMask-HQ Result

Attribute

Image Mask

GIVEN Both Img Both Mask Attr Unc ‘ Both Img

F1 Fl1 FID FID FID FID ‘ Fl1 F1

Diff-MVAE 0.76(+000y  0.750001) 42 3(+02 41.9+0.06) 45.1 (045 43.5(+02) 0.90+000y  0.900.001)
Diff-MVAE*  0.76(x0001)  0.76(x0001) | 28.3(x0.02) 28.5(+0.1 32.3(+035 28.4(+03) 0.90+000n  0.90+0.001)
MoPoE* 0.74x0002y  0.75x0002) | 104.8x031y  105.8xo01s)  182.3(x020  139.8(x065 | 0.90x000n  0.90x0.001)
MoPoE 0.68(+0002)  0.71(0004y | 114.9x032 101.1x0160 186. 7028y 164.8x062 | 0.85%00020  0.92(+0.001
MVTCAE 0.71x000n  0.69(x0.004) 94 (+043) 84.2(+032) 87.2(+0.08 162.2(+108) | 0.89xo000n 0.8 0003
MMVAE+ 0.64(z0003)  0.61(z0.002) 133(414.28) 97.3(40.04) 1534049 103.7x061 | 0.82(x003  0.89=+0002
SBM-VAE-C  0.690005)  0.66(%0.001) 82.4+o1) 81.7(+029) 76.3(x07) 79.1(x403) 0.84x002  0.84(x0.001)
MLD 0.71x000s)  0.67xo006) | 81.7(x025 82.4(+0.15 80.29x06)  82.8(xx008) | 0.86(xooon  0.86x0001

Supervised 0.79+0.001)

‘ 0.94(4-0.001)

to the posterior, thereby improving generated outputs [1].
Preechakul et al. [25] also used a score-based model in the
unimodal diffusion autoencoder to generate samples uncon-
ditionally. In light of these, we train an auxiliary score-
based model to generate prior samples for unconditional
multi-modal generation. The auxiliary score-based model
will transform the standard normal sample to a sample from
the posterior g4(z|x). Figure 6 compares outputs with and
without the auxiliary score model, showing inferior results
on the left and improved ones on the right.

BrownHair  BlackHair  Brown Hair  Male Blond Hair Brown Hair  Black Hair  Eyeglasses

Heavy Mouth Slightly Heavy Makeup ~ Heavy Bushy Male

Makeup Open Mouth Slightly ~ Makeup Eyebrows ~ Mustache

Receding Smiling Open Straight Male Receding

Hairline Smiling Hair Hairline

Smiling Wavy Hair

Male Bangs Brown Hair ~ Bangs

BlackHair Black Hair ~ Blond Hair ~ Wavy Hair Mustache Black Hair  Male Blond Hair
Heavy Makeup  Heavy Brown Hair Wearing Hat ~ Heavy Wavy Hair  Heavy Makeup
Mouth Slightly ~ Makeup Heavy Makeup Mouth Slightly
Open Makeup Open Smiling
Smiling Straight Hair

Wavy Hair

Figure 6. Unconditional generation using Dift-MVAE* when us-
ing no auxiliary score model (left) and when using auxiliary score
model (right)
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5. Conclusion and Discussion

In this paper, we introduce Diff-MVAE, a new multimodal
VAE that enhances the capabilities of traditional multi-
modal VAEs by incorporating diffusion decoders, leading
to superior performance. Additionally, we implement
an auxiliary model to bridge the gap between the prior
and posterior distributions, achieving high-quality and
coherent results. A notable limitation of Diff-MVAE
is its higher computational demand during sampling
due to the iterative diffusion process. Nonetheless, our
model demonstrates significant performance improve-
ments across multiple challenging datasets, advancing
the field of multimodal VAEs and positioning them as
a preferred choice for multimodal applications. Future
work will focus on optimizing the multimodal model
to reduce computational overhead. Our contributions
provide a robust framework for future research and
development in multimodal VAE generative modeling.
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