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1 ETH AI Center 2 Department of Computer Science, ETH Zurich
3 Department of Intensive Care and Neonatology and Children’s Research Center,
University Children’s Hospital Zurich, University of Zurich
emanuele.palumbo@ai.ethz.ch

ABSTRACT

Multimodal VAEs have recently gained significant attention as generative mod-
els for weakly-supervised learning with multiple heterogeneous modalities. In
parallel, VAE-based methods have been explored as probabilistic approaches for
clustering tasks. At the intersection of these two research directions, we propose
a novel multimodal VAE model in which the latent space is extended to learn data
clusters, leveraging shared information across modalities. Our experiments show
that our proposed model improves generative performance over existing multi-
modal VAEs, particularly for unconditional generation. Furthermore, we propose
a post-hoc procedure to automatically select the number of true clusters thus miti-
gating critical limitations of previous clustering frameworks. Notably, our method
favorably compares to alternative clustering approaches, in weakly-supervised set-
tings. Finally, we integrate recent advancements in diffusion models into the pro-
posed method to improve generative quality for real-world images.

1 INTRODUCTION

Multimodal VAEs are powerful generative models for weakly-supervised learning with multiple
modalities. Different from initially proposed models (Suzuki et al., 2017; Vedantam et al., 2018),
more recent scalable approaches (Wu & Goodman, 2018; Shi et al., 2019; Sutter et al., 2021; Hwang
et al., 2021; Palumbo et al., 2023) can handle a large number of modalities efficiently, thereby en-
abling compelling applications in segmentation tasks or data integration in the healthcare domain
(Lee & van der Schaar, 2021; Dorent et al., 2019). Multimodal VAEs have been mostly investi-
gated in the realm of generative tasks, demonstrating significant success in cross-modal generation,
despite less remarkable results for unconditional generation (Hwang et al., 2021; Palumbo et al.,
2023). However, VAE-based approaches generally fall behind in image synthesis applications, often
yielding blurry generated images. Among several extensions proposed to address these limitations
(Vahdat & Kautz, 2020; Bredell et al., 2023), the most promising approaches integrate recent ad-
vancements in Denoising Diffusion Probabilistic Models (DDPMs) (Sohl-Dickstein et al., 2015; Ho
et al., 2020) into the VAE framework (Pandey et al., 2022; Preechakul et al., 2022). They retain a
meaningful and decodable representation of the input while leveraging the generative capability of
diffusion models. Even though these methods have demonstrated to greatly enhance the quality of
generated samples, their adaptation to multimodal VAEs remains unexplored.

A parallel line of research has explored VAE-based generative approaches for clustering tasks (Jiang
et al., 2017; Dilokthanakul et al., 2016). In particular, deep variational clustering methods have
been employed to identify sub-groups of patients in survival analysis (Manduchi et al., 2022), or
to integrate domain knowledge from clinicians through prior probabilities (Manduchi et al., 2021).
Other works use VAE-based methods to learn interpretable representations for clustering time-series
(Fortuin et al., 2019), and hierarchical structures of latent semantic concepts of the data (Li et al.,
2018).

With this work, we position ourselves at the intersection of these two lines of research by proposing
a deep variational generative approach for clustering in a multimodal setting, where shared infor-
mation across modalities is integrated to model data clusters. In particular, we introduce a novel
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multimodal VAE model, called Clustering Multimodal VAE (CMVAE). An overview of the method
is illustrated in Figure 1. The proposed approach divides the latent space into shared and modality-
specific embeddings (Palumbo et al., 2023), and imposes as prior a mixture distribution to enforce
a clustering structure in the shared latent representation of the data (see Figure 1(a)). In our experi-
ments, we show that our method represents an improvement over existing multimodal VAEs, partic-
ularly for unconditional generation, where existing methods struggle to achieve satisfactory results.
Moreover, we showcase the effectiveness of CMVAE for clustering weakly-supervised data, where
unimodal approaches fail to achieve adequate performance, in comparison to alternative weakly-
supervised methods. Notably, we introduce a post-hoc procedure to effectively infer the number
of clusters at test time, without the need for training multiple instances of our model with differ-
ent hyperparameters. The proposed algorithm selects the optimal configuration of latent clusters,
to minimize the entropy of the posterior distribution of cluster assignments (see Figure 1 (b)). Fi-
nally, inspired by the work of Pandey et al. (2022), we propose to integrate DDPMs (Sohl-Dickstein
et al., 2015; Ho et al., 2020) into the CMVAE framework, to further improve the generative qual-
ity of reconstructed and generated images while retaining the clustered latent space of CMVAE. In
particular, we train the diffusion process conditioned on the CMVAE reconstructions, using both
the self and the cross-modal reconstructions, thus enhancing the model’s capacity of generalization
(see Figure 1 (c)). Overall our approach significantly improves over alternative methods in realistic
settings and is able to generate cluster-specific sharp images.

Our main contributions in this work can be summarized as follows:

• we propose CMVAE, a novel multimodal VAE model designed to model data clusters in
the latent space and we show that our approach (a) outperforms existing multimodal VAEs,
with a remarkable improvement in unconditional generation, and (b) outperforms alterna-
tive scalable weakly-supervised methods for clustering tasks in multimodal datasets;

• we propose a post-hoc procedure for selecting the optimal latent clusters at test time, in-
spired by previous work, thereby avoiding the need to specify the correct number of clusters
a-priori during training;

• we propose the integration of DDPMs into our framework, yielding D-CMVAE, to improve
the generative performances in multi-modal real-world settings, taking a crucial step in the
design of multimodal VAEs for realistic applications.

2 RELATED WORK

Multimodal VAEs Multimodal VAEs extend the well-known VAE framework (Kingma & Welling,
2014) to handle data consisting of multiple modalities, leveraging the pairing across modalities as
weak supervision. While early approaches (Suzuki et al., 2017; Vedantam et al., 2018) faced scala-
bility challenges due to inference requiring a separate encoder network for each subset of modalities,
more recent scalable approaches (Wu & Goodman, 2018; Shi et al., 2019; Sutter et al., 2020; 2021;
Hwang et al., 2021) assume the joint encoder decomposes in terms of unimodal encoders. Despite
promising applications (Lee & van der Schaar, 2021; Dorent et al., 2019), recent work (Daunhawer
et al., 2022) has uncovered important limitations for three main formulations of multimodal VAEs.
In particular, these approaches exhibit a trade-off between generative quality (the similarity of gener-
ated samples to real ones) and generative coherence (the semantic consistency in generated samples
across modalities). Since then, attempts to enhance the performance of multimodal VAEs involved
additional regularization terms (Sutter et al., 2020; Hwang et al., 2021), or mutual supervision (Joy
et al., 2022). Recently, Palumbo et al. (2023) proposed to model shared and private subspaces (Sutter
et al., 2020; Lee & Pavlovic, 2021; Wang et al., 2016) and design an ELBO that exploits auxiliary
distributions to facilitate the estimation of cross-modal likelihood terms. The resulting MMVAE+
model proves to achieve both high generative quality and high generative coherence.

Variational approaches for clustering Following the seminal work of Kingma & Welling (2014),
variational autoencoders (VAEs) have been investigated for clustering with approaches such as GM-
VAE (Dilokthanakul et al., 2016) and VaDE (Jiang et al., 2017). More recently, there has been a
revived interest in these models. In particular, Manduchi et al. (2021) have proposed an ELBO for
clustering data and incorporate prior knowledge in the form of prior probabilities. In another work,
(Manduchi et al., 2022) use a VAE approach to cluster patients in subgroups for survival analysis.
Finally, Xu et al. (2021) propose a variational approach to cluster multi-view data, that however has
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Figure 1: (a) CMVAE divides the latent space into shared and modality-specific embeddings. It
enforces a mixture distribution as prior on the shared latent subspace, to create a clustering structure
in the shared representation. (b) A post-hoc procedure infers the number of clusters at test time
efficiently by minimizing the entropy of p(cjz), penalized by the normalized joint log-likelihood.
(c) D-CMVAE integrates DDPMs into the framework by conditioning the reverse process on the
self and cross-modal CMVAE reconstructions. This enhances the generative performance while
maintaining the clustered latent space.

the limitation of not handling missing modalities for inference, which impacts its scalability to a
large number of modalities.

Scalable weakly-supervised clustering Weakly-supervised clustering refers to clustering algo-
rithms that integrate high-level and often noisy sources of supervision to improve the clustering
performance. While several forms of weak supervision have been previously investigated in the lit-
erature, such as coarse-grained labels (Ni et al., 2022), bag level labels (Oner et al., 2019), and pair-
wise similarities (Manduchi et al., 2021), in this work we restrict ourselves to methods that exploit
weak-supervision in the form of multiple modalities. In the multimodal setting, weakly-supervised
clustering methods are often not designed to scale to a large number of modalities (Alwassel et al.,
2020; Chen et al., 2021; Zhou & Shen, 2020). For instance, DeepCluster (Caron et al., 2018) is a
unimodal clustering approach that iteratively learns cluster assignments and neural network param-
eters. An adaptation of this method for two modalities, XDC, was introduced by Alwassel et al.
(2020). XDC relies on pseudo-labels from one modality to learn better feature representation for an-
other modality, improving unimodal clustering for both, but is not intended to generalise to a larger
number of modalities. Learning representations from datasets of a large number of views has been
investigated, for instance, in the realm of contrastive approaches. As an example, Tian et al. (2020)
propose the CMC loss which maximizes mutual information between different views with a con-
trastive objective, and can be extended to a large number of views. While not specifically developed
for clustering tasks, training aK-means model on the learned representations can be used as a proxy
for the adaptability of the learned representations for clustering.

3 METHOD

3.1 A SCALABLE VAE OBJECTIVE FOR MODELING LATENT CLUSTERS IN MULTIMODAL
DATA

We assume data consisting of M modalities X := x1; : : : ;xM is generated according to the
following process. For each datapoint xi1; : : : ;x

i
M where i 2 f1; : : : ; Ng and N is the dataset

size, a cluster assignment ci is drawn from a categorical distribution p�(c) with probabilities
� = �1; : : : ; �K where K is the number of clusters. Then the M modalities are drawn ac-
cording to xi1; : : : ;x

i
M � p�1(x1jwi

1; z
i); : : : ; p�M (xM jwi

M ; z
i) where the shared encoding

zi � p(zjci) is generated conditioning on cluster assignment, while modality-specific encodings
wi

1 � p(w1); : : : ;wi
M � p(wM ) are drawn from prior distributions. The resulting generative

model is pΘ(X;W ; z; c) = p�(c)p(zjc)
QM
m=1 p�m(xmjwm; z)p(wm), where priors and likeli-

hoods are assumed to belong to a specific family of distributions, e.g. Gaussian or Laplace, and
likelihoods are parameterized by neural network decoders. Note that the shared encoding z and
modality-specific encodings w1; : : :wM =: W are assumed to be independent.
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To obtain a tractable objective, variational encodersq� z (z jX ); q� w 1
(w1jx 1); : : : ; q� w M

(wM jx M );
q(cjz; X ) are introduced to approximate posterior inference for each of the latent variables. In
line with our generative assumptions, the shared and modality-speci�c encoders are assumed to be
conditionally independent given the observed data. As in previous approaches (Shi et al., 2019;
Palumbo et al., 2023), to achieve scalability in the number of modalities, we model the joint encoder
for z as a mixture of expertsq� z (z jX ) = 1

M

P M
m =1 q� z m

(z jx m ). In our objective, we incorporate
two key ideas from previous related work. First, to accurately model both shared and modality-
speci�c information in separate latent subspaces without con�icts, as in (Palumbo et al., 2023),
we use auxiliary distributionsr 1(w1); : : : ; rM (wm ) for private features to estimate cross-modal
reconstruction likelihoods (second summand in the right-hand side of Equation (2)). This leads to
our proposed ELBO objective

L CMVAE(X ) =
1

M

MX

m =1

E q(cjz ;X )
q� z m

(z jx m )
q� w m

(w m j x m )

h
G� ;� z ;� w m ;� (X ; c; z; wm )

i
; (1)

where

G� ;� z ;� w m ;� (X ; c; z; wm ) = log p� m (x m jz ; wm ) +
X

n 6= m

E ~w n � r n (w n ) [logp� n (x n jz ; ~wn )]

+ � log
p� (c)p� (z jc)p(wm )

q� z (z jX )q� w m
(wm jx m )q(cjz; X )

; (2)

and a� hyperparameter weights latent space regularization. Furthermore, instead of learning an
additional encoder to approximate inference inc, we adopt the formulation for the approximate
posterior of cluster assignments givenz proposed in the work of (Jiang et al., 2017), which has the
advantage of not requiring additional parameters

q(cjz; X ) = p(cjz) =
p(c)p(zjc)

P K
c0=1 p(c0)p(zjc0)

:

Different from the expectations with respect to theq� z (z jX ); q� w 1
(w1jx 1); : : : ; q� w M

(wM jx M )
encoders, that need be approximated via sampling with reparameterization,Eq(cjz ;X ) can be com-
puted exactly sincec assumes a discrete �nite set of values. Finally, our proposed CMVAE objective
is a valid evidence lower bound (ELBO), and Appendix A contains a formal proof.

3.2 ENTROPY OF POSTERIOR CLUSTER ASSIGNMENT DISTRIBUTION FOR POST-HOC
LEARNING OF THE NUMBER OF CLUSTERS

A critical limitation of many existing methods for deep clustering is the need to specify the number
of clustersa-priori. This can result in highly complex model selection procedures, in failure cases
when a proxy for this information cannot be obtained, or in limiting modelling capacity. As with
other methods, CMVAE requires specifying aK value for the number of latent clusters assumed in
the generative process for training. However, the true number of clusters in the data�K is in general
unknown, and in practiceK may differ from �K . While few approaches use non-parametric prior
distributions to overcome this challenge (Goyal et al., 2017; Hu et al., 2015; Grif�ths et al., 2003),
we instead propose a simpler post-hoc procedure to recover the optimal clusters in the data given an
instance of our model trained with an over-speci�ed number of clusters, i.e.K > �K .

The proposed procedure is described in the pseudocode in Algorithm 1, and aims at obtaining a
posterior cluster distributionp(cjz) whereexactly �K clusters have positive probability and each
latent cluster correctly models a different true cluster of the data. In other words, it aims at recovering
the true �K clusters in the data without adding extra complexity in the number of model parameters.
In a nutshell, the procedure iterates over the data, ranking latent clusters by their importance. At
each iteration, unimportant clusters are pruned by setting their prior probability to zero, and the
entropy ofp(cjz) is kept as a metric to select the optimal set of clusters to model the data. More
speci�cally, the clusters are ranked by the probability mass each one is assigned to, and the average
normalized entropy ofp(cjz) is computed. Note that cluster assignments are determined by majority
voting between modalities. Then, the latent cluster with the lowest probability mass is set null
prior probability at the next iteration, with the remaining probabilities recomputed accordingly to
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maintain a valid probability distribution. Iteratively, the latent clusters are effectively pruned, while
the average normalized entropy ofp(cjz) is calculated at every step. We select the optimal cluster
con�guration as corresponding to the lowest value for the normalized entropy penalized by the
normalized joint log-likelihood to avoid overly restricting modeling capacity (Biernacki et al., 2000;
Baudry et al., 2010). By minimizing the entropy overlapping clusters are effectively pruned and
the data are partition into meaningful subsets. In fact, as con�rmed in our results in Figure 5a
and Appendix B, when unimportant latent clusters are pruned, the normalized entropy termp(cjz)
decreases, as uncertainty over cluster assignments is reduced, up to a minimum, which is attained at
the true number of clusters�K . As clusters are further pruned, not all data clusters are represented in
the latent space, which results in the entropy term increasing again. Note this procedure is performed
on a separate validation dataset in our experiments (see Appendix D.2), and is fully unsupervised.
Finally, note this procedure obtains high clustering performance without limiting modelling capacity.

3.3 INTEGRATING DIFFUSION PROBABILISTIC MODELS INTO MULTIMODAL VAES

We hereby propose to incorporate Denoising Diffusion Probabilistic Models (DDPMs) into the CM-
VAE framework. For this section we will denote the input dataX asX 0 := x 10 ; : : : ; x M 0 . Then,
for each modalitym we de�ne a sequence ofT noisy representations of the inputx m 0 , yelding
x m 1: T . As in standard DDPMs (Sohl-Dickstein et al., 2015; Ho et al., 2020) we de�ne a forward
processq(x m 1: T j x m 0 ) that gradually destroys the structure of each data modalityx m 0 :

q(x m 1: T j x m 0 ) =
TY

t =1

q
�
x m t j x m t � 1

�
(3)

q
�
x m t j x m t � 1

�
= N

� p
1 � � m t x m t � 1 ; � m t I

�
(4)

q(x m t j x m 0 ) = N
� p

�� m t x m 0 ; (1 � �� m t ) I
�

where� m t = (1 � � m t ) , �� m t =
Y

t

� m t ; (5)

where� m t for t = 1 ; : : : ; T andm = 1 ; : : : ; M are the noise schedules. We then follow the work of
Pandey et al. (2022) to de�ne a reverse process that is conditioned on the VAE reconstructionsx̂ m 0 :

p (x m 0: T j x̂ m 0 ) = p(x m T )
TY

t =1

p 
�
x m t � 1 j x m t

�
(6)

p 
�
x m t � 1 j x m t ; x̂ m 0

�
= N (�  (x m t ; t; x̂ m 0 ) ; �  (x m t ; t; x̂ m 0 )) : (7)

In practice, the VAE reconstruction̂x m 0 are concatenated to the reverse process representationx m t

at each time stept to obtainx m t � 1 . While DiffuseVAE (Pandey et al., 2022) is designed for a VAE
with one data modality, we extend it to the multimodal setting and we sample from both the self and
cross-modal reconstructions of CMVAE with equal probability:

x̂ m 0 �

8
>>><

>>>:

p� m (x m jz ; wm );
z � q� z m

(z jx m ) ;
w m � q� w m

(w m j x m ) if b = 0 self-reconstruction

p� m (x m jz ; ~wm );
z � q� z n

(z jx n ) ;
~w m � r m (w m ) ;
n � Cat (M; 1

M )
if b = 1 cross-reconstruction;

(8)

whereb is sampled from a Bernoulli distribution withp = 0 :5. Using the cross-modal reconstruc-
tions, which are usually noisier than the self-reconstructions, improves and stabilizes the training,
making the diffusion process more robust at test time.

The new objective function is then de�ned as

L D-CMVAE(X 0) = L CMVAE(X 0) +
1

M

MX

m =1

E q� z m
(z jx m 0 )

q� w m
(w m j x m 0 )

L DDPMm (X 0; z; wm ) (9)

L DDPMm (X 0; z; wm ) = Eq(x m 1: T j x m 0 )

�
p (x m 0: T j x̂ m 0 )
q(x m 1: T j x m 0 )

�
: (10)

As in DiffuseVAE (Pandey et al., 2022), we �rst train CMVAE using Equation (1) and then we
freeze the CMVAE's weights and train theM diffusion processes.
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