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Abstract
This paper presents a novel generative framework for learning
shared latent representations across multimodal data. Many
advanced multimodal methods focus on capturing all com-
binations of modality-specific details across inputs, which
can inadvertently obscure the high-level semantic concepts
that are shared across modalities. Notably, Multimodal VAEs
with low-dimensional latent variables are designed to capture
shared representations, enabling various tasks such as joint
multimodal synthesis and cross-modal inference. However,
multimodal VAEs often struggle to design expressive joint
variational posteriors and suffer from low-quality synthesis.
In this work, ShaLa addresses these challenges by integrat-
ing a novel architectural inference model and a second-stage
expressive diffusion prior, which not only facilitates effec-
tive inference of shared latent representation but also signif-
icantly improves the quality of downstream multimodal syn-
thesis. We validate ShaLa extensively across multiple bench-
marks, demonstrating superior coherence and synthesis qual-
ity compared to state-of-the-art multimodal VAEs. Further-
more, ShaLa scales to many more modalities while prior mul-
timodal VAEs have fallen short in capturing the increasing
complexity of the shared latent space.

Code — https://jcui1224.github.io/shared-latent-space-proj

1 Introduction
Deep generative models have demonstrated remarkable suc-
cess in generating high-fidelity outputs across a variety of
single modalities (Ho, Jain, and Abbeel 2020a; Karras et al.
2020). These advances have then rapidly extended to mul-
timodal generation tasks, such as text-to-image, image-to-
text, and other cross-modal flows (Ramesh et al. 2022;
Alayrac et al. 2022; Li et al. 2023). However, many of these
approaches are tailored to specific generation directions (i.e.,
single-flow model) and often require dedicated models for
each modality pair (Chen et al. 2020; Bao et al. 2023). To
address this limitation, recent work (Xu et al. 2023; Le et al.
2025) has explored unified frameworks capable of handling
multiple generation flows within a single model (i.e., multi-
flow model). Yet, such models tend to emphasize captur-
ing modality-specific combinations and fine-grained details,
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Figure 1: Comparison of multimodal modeling paradigms.
Left: Single-flow and multi-flow models typically learn di-
rect mappings between modalities such as images, text, or
views. Right: Shared latent space models capture modality-
invariant shared concepts, enabling both multi-flow cross-
modal synthesis and unconditional joint generation.

while often ignoring the semantic structure that conceptually
links different modalities (Wu and Goodman 2018; Thomas
M. Sutter 2021; Han, Xing, and Wu 2018) (See Fig.1).

To align with the way human cognition abstracts high-
level concepts across different sensories, Multimodal Vari-
ational Autoencoders (VAEs) have emerged as a promising
class of generative frameworks (Shi et al. 2019; Palumbo,
Daunhawer, and Vogt 2023; Palumbo et al. 2024). By pro-
jecting multimodal inputs into a low-dimensional shared la-
tent space, they aim to capture modality-invariant seman-
tic representations, forming the basis of what we refer to as
shared latent variable generative modeling.

However, a major bottleneck in multimodal VAEs lies in
the design of the joint inference model. Most existing ap-
proaches are built upon two dominant paradigms: Product
of Experts (PoE) (Wu and Goodman 2018) and Mixture of
Experts (MoE) (Shi et al. 2019). While PoE models enforce
agreement across modalities, they struggle under missing-
modality scenarios. Alternatively, MoE models are more
robust to missing inputs but lack the expressivity needed
to accurately capture complex joint posteriors (Daunhawer
et al. 2021). Besides this trade-off, the variational learning
paradigm itself introduces an additional challenge: the prior-
hole problem, a distributional mismatch between the aggre-



gated joint posterior and the assumed prior (e.g., Gaussian
or Laplacian). This gap often leads to poor sample quality
and severely limits the effectiveness of multimodal VAEs
in downstream generation tasks (Aneja et al. 2021; Cui and
Han 2024).

The recent success of latent diffusion models has opened
new horizons for generative modeling (Rombach et al. 2022;
Vahdat, Kreis, and Kautz 2021). These models are typically
trained in two stages: first, a VAE is used to encode data
into a compact latent space; second, a diffusion model is
trained to model the aggregated posterior distribution in that
space, thereby bridging the prior-posterior gap and improv-
ing synthesis quality. However, most existing works focus on
single-flow mappings (e.g., text-to-image) (Rombach et al.
2022) or use attention mechanisms to implicitly fuse inputs
in multi-flow settings (Xu et al. 2023; Le et al. 2025), with-
out learning a shared latent variable that captures common
semantic structure across modalities.

In this work, we introduce ShaLa — short for Shared
Latent space modeling — a generative framework for learn-
ing multimodal shared latent representation. ShaLa brings
together the strengths of Multimodal VAEs and diffusion
models, explicitly learning shared semantic representations
through latent variables while simultaneously addressing
two primary challenges: inference under missing modalities
and low-quality synthesis due to the prior-hole problem.

At its core, ShaLa adopts an architectural inference model
that encodes each modality into deterministic features and
fuses them into a joint representation. This fused represen-
tation acts as an information bottleneck, conditioning the
shared latent variable and promoting semantic alignment
across modalities. On top of this, ShaLa employs a second-
stage diffusion prior over the shared latent space, condi-
tioned on these deterministic representations. The diffusion
model is trained to approximate the aggregated joint poste-
rior with modality-aware guidance, thereby overcoming the
prior-hole issue and enabling robust, coherent generation.
Importantly, ShaLa supports flexible inference even in the
presence of missing modalities and scales to complex multi-
view settings with a large number of modality instances.

In summary, our contributions include: (i) We propose
ShaLa, a novel generative framework that unifies the ar-
chitectural inference and diffusion model for jointly mod-
elling the multimodal shared latent space. (ii) We conduct
extensive experiments on standard datasets, demonstrating
that ShaLa achieves state-of-the-art coherence and synthe-
sis quality compared to other shared latent variable genera-
tive models. (iii) We performed evaluations on the challeng-
ing multi-view dataset, which features a significantly larger
number of modalities (16 views), suggesting the scalability
of ShaLa for learning complex shared latent variables.

2 Related Work
2.1 Multimodal Deep Generative Model
To place multimodal VAEs in context, it is important to
recognize the broader trajectory of research on multimodal
generative modeling. In recent years, multimodal advances
have enabled applications such as text-to-image synthesis

(Ramesh et al. 2021; Saharia et al. 2022), audio-visual
generation (Owens et al. 2016; Mo and Raj 2023), and
multi-sensory robotics (Lee et al. 2019). However, many of
these models are tailored for specific cross-modal tasks (i.e.,
single-flow models), typically using modality-specific archi-
tectures. To address this limitation, recent studies have pro-
posed unified frameworks that support multiple generation
flows within a single model, referred to as multi-flow models
(Xu et al. 2023; Le et al. 2025). Our approach differs in that
it centers on explicitly learning a shared latent space. This
line of work complements existing trends in unified mod-
eling by providing a probabilistic framework grounded in
the shared representation of multimodal data. See Fig.1 for
comparison.

2.2 Multimodal VAE
Multimodal VAEs have emerged as a principled and flex-
ible class of models for learning joint representations
across modalities within a shared latent space. Early efforts
(Suzuki, Nakayama, and Matsuo 2016; Hsu and Glass 2018;
Vedantam et al. 2018) proposed factorized latent structures
and separate inference networks for each modality subset.
However, such designs suffer from poor scalability, as the
number of inference networks grows exponentially with the
number of modalities.

To address this, MVAE (Wu and Goodman 2018) in-
troduced the Product-of-Experts (PoE) formulation, which
combines unimodal posteriors into a single joint distribu-
tion, enabling efficient training. This formulation was ex-
tended by MoPoE (Sutter, Daunhawer, and Vogt 2020),
which generalized the encoder to a Mixture-of-Products, al-
lowing richer combinations of modality subsets. Parallelly,
MMVAE (Shi et al. 2019) proposed the Mixture-of-Experts
(MoE) to improve robustness for missing modalities, and
follow-up work (Sutter, Daunhawer, and Vogt 2021) pro-
posed hybrid PoE/MoE formulations to balance expressivity
and flexibility.

Other directions focused on improving the latent space
itself. MVTCAE (Hwang et al. 2021) encouraged cross-
modal consistency via total correlation regularization. MM-
VAE+ (Palumbo, Daunhawer, and Vogt 2023) introduced
modality-specific priors, while MVEBM (Yuan et al. 2024)
proposed energy-based priors to capture richer structures
than the Gaussian prior. CMVAE (also known as D-
CMVAE) (Palumbo et al. 2024) enforced clustering in the la-
tent space for better semantic separation. Note that CMVAE
integrates DiffuseVAE (Pandey et al. 2022) to the data gen-
erated by each modality, but the diffusion process is applied
to multiple high-dimensional data outputs. Instead, ShaLa
employs a diffusion process in a single low-dimensional
shared latent space, allowing faster sampling and scaling to
an increasing number of modalities.

Despite these advancements, a major challenge remains:
most multimodal VAE variants either rely on rigid inference
structures or suffer from limitations in modeling complex
joint distributions, particularly in the presence of modality
dropout or missing data. Our work addresses this by propos-
ing a more expressive prior and a flexible inference structure
enabled by diffusion-based modeling.



3 Methodology
In this section, we review two inference paradigms: PoE and
MoE, widely adopted in Multimodal VAEs, and summarize
their strengths and limitations (cf. Tab.1). We then discuss
the prior-hole problem, followed by our approach ShaLa.

3.1 Preliminary: Shared Latent Variable Model
Let X = {x1,x2, . . . ,xM} represent an observation com-
posed of M modalities, where each xi corresponds to one
modality. The true multimodal data distribution is denoted
pdata(X), and our goal is to approximate it using a param-
eterized model pθ(X). Shared latent variable models intro-
duce a global latent variable z to capture common semantic
information across modalities, i.e., pθ(X) =

∫
pθ(X, z)dz.

pθ(X, z) = pθ(X|z)p0(z) where
pθ(X|z) = pθ1(x1|z)pθ2(x2|z) · · · pθM (xM |z) (1)

Here, p0(z) is the prior distribution over the latent vari-
able, typically assumed to be a standard Gaussian: p0(z) =
N (0, Id), where d is the latent dimensionality. The condi-
tional distribution pθ(X|z) defines a set of modality-specific
decoders parameterized by θ = {θ1, θ2, . . . , θM}, each
mapping the latent code z to an individual modality xM .

To train this model, one can use maximum likelihood es-
timation (MLE), which maximizes the log-likelihood, i.e.,
maxθ L(θ) = 1

n

∑N
i=1 log pθ(Xi). With a sufficiently large

N , this is equivalent to minimizing the KL divergence be-
tween the true data distribution and the model distribu-
tion, i.e., KL(pdata(X)||pθ(X)). The gradient can be writ-
ten as ∂

∂θL(θ) = Epdata(X)pθ(z|X)

[
∂
∂θ log pθ(X, z)

]
. How-

ever, evaluating this gradient requires access to the true joint
generator posterior pθ(z|X), which is typically intractable.

3.2 Preliminary: Multimodal VAE
To address the intractability of the true posterior, Mul-
timodal VAEs leverage Variational Autoencoders (VAEs)
(Kingma and Welling 2013) as an inference network (or en-
coder) and optimize a tractable surrogate objective known
as the Evidence Lower Bound (ELBO). Hence, the central
question becomes how to design an effective joint inference
distribution qϕ(z|X). Two main paradigms have emerged:

Product-of-Experts (PoE) The PoE introduced by
MVAE (Wu and Goodman 2018), defines the joint posterior
approximation as the product of modality-specific encoders:

qϕ(z|X) =

M∏
i=1

qϕi
(zi|xi)

Each encoder provides complementary evidence about z,
and the product enforces consistency across modalities,
leading to sharp and coherent posteriors when all modali-
ties are present. However, the product becomes ill-defined
when one or more modalities are missing. Therefore, PoE
alone does not naturally support flexible inference under par-
tial observations, e.g, cross-modal inference, and the train-
ing procedure remains heuristic.

Method Modelling Expressivity Cross-modal Inference
Product of Expert ✓ ✗
Mixture of Expert ✗ ✓

ShaLa ✓ ✓

Table 1: Comparison with PoE and MoE in terms of ex-
pressivity and support for cross-modal inference. In contrast,
ShaLa facilitates both capabilities. See Sec.3.3 and Sec.3.4.

Mixture-of-Experts (MoE) To better facilitate missing
modalities, MMVAE (Shi et al. 2019) proposes the MoE.

qϕ(z|X) =
1

M

M∑
i=1

qϕi
(zi|xi)

This formulation inherently supports partial input by exclud-
ing missing modalities from the mixture. However, due to its
averaging nature, MoE often produces over-smoothed poste-
riors and weak modality alignment. As such, it may struggle
to model fine-grained semantic interactions between modal-
ities, limiting its expressiveness (Daunhawer et al. 2021).

Prior-hole Problem Another major challenge in multi-
modal VAEs arises from the mismatch between the ag-
gregated posterior and the fixed prior, known as the
prior-hole problem (Aneja et al. 2021; Cui and Han
2024). The aggregated posterior is defined as qϕ(z) =∫
qϕ(z|X)pdata(X)dX. In practice, this distribution often

occupies only a narrow subset of the latent space, leaving
large regions of the prior unaligned with any training data.
As a result, prior samples may fall into these low-density
“holes” (see Fig.2), leading to low-quality generations.

Figure 2: Prior-hole problem: the aggregated posterior
(dashed line) occupies a narrow region of the latent space,
while the prior (solid line in the left figure) covers a broader
area, leading to mismatched samples. Our diffusion prior
(solid line in the right figure) is learned to approximate this
aggregated posterior, bridging the distribution gap.

3.3 ShaLa: Architectural Inference Model
We now introduce ShaLa to overcome two major challenges
in multimodal VAEs: (1) the design of a flexible and expres-
sive joint inference model, and (2) the prior–posterior mis-
match known as the prior-hole problem. ShaLa addresses
these issues by combining a novel architectural inference
model with a second-stage diffusion-based prior.

Unlike PoE and MoE, ShaLa adopts a more direct ap-
proach by parameterizing the joint posterior qϕi

(z|X) as a
single conditional Gaussian distribution, whose parameters
are inferred from the entire set of input modalities. Rather
than relying on explicit unimodal posteriors, we encode each
modality xi into a deterministic representation hi using a



Figure 3: Left: PoE and MoE models construct the joint posterior by combining modality-specific stochastic encoders, each
introducing limitations under missing modalities or expressivity constraints. Right: ShaLa replaces stochastic encoders with
deterministic modality-specific embeddings fused into a shared representation, which then conditions a latent diffusion prior,
enabling robust and flexible inference while bridging the prior-posterior gap for high-quality multimodal generation.

modality-specific encoder composed of multiple convolu-
tional and down-sampling layers. These deterministic em-
beddings are then fused via a shared function ⊙(·), imple-
mented in practice as concatenation followed by several lin-
ear layers, into a global summary ℏ, which conditions the
final posterior:

h1,h2, . . . ,hM = Iϕ(x1,x2, . . . ,xM )

ℏ = ⊙(h1,h2, . . . ,hM ) (2)
z ∼ N (µϕ(ℏ), Vϕ(ℏ))

Here, ℏ serves as an information bottleneck, summarizing
modality-specific semantics into a compact, high-level ab-
straction. By conditioning solely on this fused representa-
tion ℏ, our approach avoids the complexity of combining in-
dividual posteriors while retaining the ability to capture rich
cross-modal interactions. Importantly, this formulation natu-
rally supports guiding the generative process from the fused
features and also forms the foundation for our diffusion-
based prior in the next stage.

3.4 ShaLa: Expressive Prior via Latent Diffusion

While our architectural inference model offers a compact pa-
rameterization of the joint posterior qϕ(z|X), it inherently
assumes access to all modalities at inference time. In partic-
ular, since we do not model per-modality posteriors (as in
PoE or MoE), our inference pathway cannot readily accom-
modate missing modalities at test time.

To overcome this limitation and simultaneously address
the prior-hole problem, we introduce a second-stage latent
diffusion model that serves as a flexible prior over the shared
latent space. This diffusion-based prior enables cross-modal
inference by conditioning its generative process on deter-
ministic modality-specific features hi, allowing generation
from any subset of modalities without retraining the encoder.

Forward and Reverse Process We adopt the denois-
ing diffusion probabilistic model (DDPM) (Ho, Jain, and
Abbeel 2020b), applied in shared latent space. Given a latent
sample z0 ∼ qϕ(z) from the aggregated posterior, we define
a forward diffusion trajectory z0:T = {z0, z1, . . . , zT } us-
ing the Gaussian transition:

q(zt|zt−1) = N (zt;αtzt−1, σ
2
t I) (3)

Here, αt :=
√
1− σ2

t controls signal preservation, and σt

is defined by a pre-specified schedule. As t → T , zT ap-
proaches an isotropic Gaussian q(zT ) ∼ N (0, Id). The full
forward trajectory is:

q(z0:T ) = q(z0)

T∏
t=1

q(zt|zt−1) (4)

where q(z0) = qϕ(z) =
∫
qϕ(z|X)pdata(X)dX. This pro-

cess gradually transforms latent representations into noise,
which is our prior distribution defined in Eqn.1.

To model the generative prior, we learn a reverse process
that bridges from our prior distribution back to the aggre-
gated posterior distribution of interest as

pβt
(zt|zt+1) = N (zt;µβt

(zt+1), Vβt
(zt+1)) (5)

The full generative trajectory is

pβ(z0:T ) = p(zT )

T−1∏
t=0

pβt(zt|zt+1) (6)

This learned prior thus bridges the mismatch between the ag-
gregated posterior and the assumed Gaussian prior, resolv-
ing the prior-hole problem and improving generation quality.

Cross-modal Conditioning To support cross-modal in-
ference, i.e., sampling from pβ(z|subset of modalities), we
condition the reverse process on deterministic modality-
specific embeddings, h1, . . . ,hM from Eqn.2. During train-
ing, we adopt a random conditioning strategy inspired by



prior work (Zhang et al. 2023; Bie et al. 2024), which im-
proves flexibility in multimodal generation. Concretely, we
randomly sample one available modality-specific embed-
ding hj ∈ {h1, . . . ,hM} and condition the reverse step as

pβt(zt|zt+1,hj) = N (µβt(zt+1,hj), Vβt(zt+1,hj))

where hj ∼ Uniform(h1:M )
(7)

This approach ensures that any single modality can serve
as conditioning input, enabling robust inference even when
other modalities are missing.

We train the diffusion prior via MLE, optimizing the
marginal likelihood of latent trajectories under the learned
generative model. Following common DDPM practices (Ho,
Jain, and Abbeel 2020b), we optimize a time-averaged sur-
rogate by randomly sampling diffusion step t and computing
∂
∂βEUni(t),Uni(h1:m),q(z0:T ) [log pβt(zt|zt+1,hj)].

Joint and Cross-modal Sampling: Our framework sup-
ports both unconditional generation and conditional cross-
modal synthesis. During training, we randomly drop con-
ditioning signals to enable the model to learn both condi-
tional and unconditional pathways within a unified diffu-
sion framework. This allows the model to flexibly control
the strength of conditioning using a guidance scale, enabling
high-quality generation under both complete and incomplete
observations.

4 Experiment
Our experimental objective is to evaluate the learned latent
representation of ShaLa in terms of multimodal coherence
and scalability compared to several established baselines
of shared latent variable generative modeling. Toward that
goal, we assess ShaLa in the following tasks: (1) generate
semantically coherent outputs across modalities, (2) perform
conditional cross-modal inference, (3) scale to many more
modalities in multi-view generation tasks, and (4) maintain
the quality and structure of the shared latent space.

Baselines To ensure fair and consistent comparisons, we
benchmark ShaLa against a diverse set of representative
shared latent variable generative models, including MVAE
(Wu and Goodman 2018), MVTCAE (Hwang et al. 2021),
mmJSD (Sutter, Daunhawer, and Vogt 2020), MoPoE (Sut-
ter, Daunhawer, and Vogt 2021), MMVAE (Shi et al. 2019),
MMVAE+ (Palumbo, Daunhawer, and Vogt 2023), CMVAE
(Palumbo et al. 2024), and MVEBM (Yuan et al. 2024).

Datasets We utilize standard multimodal datasets used
in our baselines, such as PolyMNIST (Sutter, Daunhawer,
and Vogt 2021), MNIST-SVHN-Text (MST) (Sutter, Daun-
hawer, and Vogt 2020), and Caltech UCSD Birds (CUB)
(Wah et al. 2011), which provide clear and interpretable
benchmarks for assessing generation quality and semantic
coherence across modalities.

4.1 Shared Latent for Synthesis Coherence
A central objective of shared latent variable generative mod-
els is to render semantically coherent outputs across multi-
ple modalities. This includes both unconditional joint gen-
eration, i.e., sampling all modalities from the latent prior,

PolyMNIST MST
Method Unconditional Conditional Unconditional Conditional

MVAE 0.008 0.298 0.12 0.27
MVTCAE 0.003 0.591 - -
mmJSD 0.060 0.778 - 0.72
MoPoE 0.141 0.720 0.31 0.69

MMVAE 0.232 0.844 0.28 0.68
MMVAE+ 0.344 0.869 - -
MVEBM∗ 0.735 0.857 0.42 0.43
CMVAE 0.781 0.897 - -

Ours 0.815 0.897 0.44 0.75

Table 2: Coherence (↑) for unconditional and conditional
cross-modal generation. Note that several baselines do not
report results on the MST benchmark. We nonetheless in-
clude these models to present a broad landscape of multi-
modal generative approaches.

and conditional cross-modal inference, i.e., generating tar-
get modalities from given modalities.

Unconditional Joint Coherence We assess ShaLa’s ca-
pacity for coherent multimodal synthesis on the two bench-
marks, PolyMNIST and MST, widely adopted in our di-
rect baselines which use quantitative metrics computed us-
ing pre-trained modality-specific classifiers (Sutter, Daun-
hawer, and Vogt 2021). These classifiers assess whether the
different modalities generated from the same latent code cor-
respond to the same semantic class. Higher coherence indi-
cates a better alignment of modalities in the latent space and
thus a more accurate modeling of the joint distribution.

Unconditional generation forms the bedrock of genera-
tive models, and reveals the quality of the shared latent. We
evaluate ShaLa’s ability to generate all modalities simulta-
neously from samples drawn from the learned latent prior z.
As shown in Tab.2, ShaLa demonstrates superior coherence
in this setting, consistently outperforming our baselines.

Conditional Cross-modal Coherence We next assess
ShaLa in conditional generation, where one modality is used
to infer a latent representation that is then used to generate
unseen modalities. Specifically, given an input xi, we en-
code it into a deterministic representation hi and use it to
condition the diffusion-based prior, which samples the la-
tent variable z. This latent is then decoded into the target
modality xj . The semantic coherence of xj is again mea-
sured using a pre-trained classifier to determine whether it
aligns with the semantic label of the observed input xi.

ShaLa consistently achieves high coherence across all
modality pairs, reflecting strong alignment and semantic
consistency between observed and generated modalities.
This effectiveness is largely due to ShaLa’s conditioning
mechanism, which enables flexible cross-modal generation
by leveraging deterministic modality-specific embeddings
within a learned diffusion prior.

4.2 Shared Latent for Synthesis Quality
Besides multimodal coherence, a major challenge in vari-
ational frameworks is the prior-hole problem, where latent
samples drawn from the prior often fall into low-density re-
gions of the aggregated posterior. This misalignment leads to



Figure 4: Visualization of shared latent space. The leftmost
panel shows Gaussian prior samples. The center panels
show diffusion approximation. The rightmost panel shows
posterior (encoded) samples.

degraded sample quality and unrealistic generations. ShaLa
addresses this issue through the integration of a second-stage
diffusion-based latent prior, bridging the distributional gap
between the learned posterior and the assumed prior.

To assess the learned latent prior, we conduct a 2D latent
space visualization on PolyMNIST using only digits 0 and 1.
As shown in Fig.4, the posterior samples form two clusters
that correspond to digits 0 and 1, which indicates that ShaLa
successfully extracts semantic structure shared across mul-
timodal inputs. As sampling progresses, the learned prior
distribution approximates the posterior, bridging the distri-
butional gap and producing informative latents that are se-
mantically coherent with the underlying digit identity.

We evaluate the quality of the data generated from this
shared latent using full PolyMNIST and CUB, which is
considered a more complex and realistic multimodal bench-
mark. We report Fréchet Inception Distance (FID) as our pri-
mary quantitative metric. As shown in Tab.3, ShaLa achieves
lower FID scores compared to competitive baselines of mul-
timodal shared representation learning, indicating superior
sample quality. Qualitative results on CUB in Fig.?? illus-
trate that ShaLa’s shared latent can generate visually real-
istic and semantically meaningful multimodal samples in
both unconditional and conditional settings. These results
demonstrate that ShaLa achieves high perceptual fidelity,
validating the effectiveness of its diffusion-based latent prior
in overcoming key limitations of traditional variational ap-
proaches. We report the best results as originally published
in our baselines to ensure consistency.

PolyMNIST CUB
Method Unconditional Conditional Conditional

MVAE 50.65 82.59 172.21
MVTCAE 85.43 58.98 208.43
mmJSD 179.76 178.27 262.80
MoPoE 98.56 160.29 265.55

MMVAE 164.29 150.83 232.20
MMVAE+ 86.64 80.75 164.94
MVEBM - - 136.16
CMVAE 78.52 74.53 28.00

Ours 47.30 40.18 25.58

Table 3: Generation quality by FID (↓).

4.3 Scalability for Multi-View Challenge
To further assess the scalability of ShaLa, we evaluate its
performance on multi-view datasets, where different view-

points of the same object are treated as distinct modalities.
Specifically, we conduct experiments on ShapeNet (Chang
et al. 2015), a widely used benchmark for view-consistent
synthesis. In this setting, each view captures complemen-
tary visual information of the same 3D object, analogously
to how multimodal data share the same semantic content.

Figure 5: Example 16-view samples from ShapeNet Car.

Experiment Setting We frame this task as a challenging
instance of multimodal generative modeling, due to the sig-
nificantly increased number of modalities (i.e., views). Fol-
lowing standard practice (Liu et al. 2023; Anciukevičius
et al. 2023), we render 16 canonical views per object,
each resized to a resolution of 128×128. We assess cross-
view synthesis quality, i.e., generating unseen views, us-
ing two standard image similarity metrics: peak-signal-to-
noise-ratio (PSNR) and structural-similarity-index-measure
(SSIM).

Figure 6: ShaLa unconditional and cross-modal multi-view
generation. The input views are denoted by green boxes.

Benchmark Performance We adapt MMVAE+
(Palumbo, Daunhawer, and Vogt 2023) and CMVAE
(Palumbo et al. 2024), both of which serve as prominent
shared latent variable backbones in multimodal VAEs.
As a reference, we also report results from task-specific
view synthesis baselines, including SyncD (Liu et al.
2023), Px-NeRF (Yu et al. 2021), EG3D (Chan et al.
2022), and RenderD (Anciukevičius et al. 2023). These
methods incorporate explicit 3D priors or inductive biases
to maintain geometric consistency and are tailored for the
view synthesis task. In contrast, ShaLa is trained without
any 3D supervision or assumptions, relying solely on
image views and latent alignment. As shown in Tab.4,
ShaLa significantly outperforms MMVAE+ and CMVAE.
Compared to task-specific methods, it achieves competitive
performance, highlighting the flexibility and effectiveness
of ShaLa as a unified generative modeling framework for
both traditional multimodal and multi-view data.



Figure 7: Visualization of latent transfer. The left column is Xref, the first row is Xsource, and the second row is the result.

Ours MMVAE+ CMVAE Px-NeRF EG3D RenderD Ours∗ SyncD

PSNR 24.7 19.3 20.5 23.2 21.8 25.4 22.2 21.9
SSIM 0.89 0.59 0.64 0.90 0.71 0.81 0.88 0.88

Table 4: PSNR (↑) and SSIM (↑) for novel view synthesis.
Ours∗ use image size 256×256 as SyncD for fairness.

4.4 Latent-Based Multi-View Style Transfer
By modeling a meaningful and flexible shared latent space,
ShaLa can support a range of downstream tasks that go be-
yond traditional joint and conditional generation. In this sec-
tion, we explore multi-view style transfer, a novel appli-
cation setting that transfers a reference style to multiviews
where the generated views not only carry the style (e.g., tex-
ture of car) but also maintain the structure presented in the
source views (e.g, shape of car). This can be challenging
for prior multimodal VAEs lack a conditioning mechanism,
or task-specific models such as SyncD, which are typically
constrained to only novel-view synthesis.

Given a source instance Xsource and a reference instance
Xref, each comprising multiple views, the goal is to trans-
fer low-level visual features (e.g., color, texture) from the
reference to the source while preserving the source’s struc-
tural semantics (e.g., shape). We achieve this by first sam-
pling a latent code zsource ∼ qϕ(z|Xsource) and applying K
steps of forward diffusion to obtain a partially perturbed la-
tent zsource

K . This serves to remove view-specific low-level
information while retaining higher-level semantic structure.
Then, we condition the reverse diffusion process on a de-
terministic feature href

j randomly selected from Xref to re-
sample the latent code for the decoder to synthesize outputs
while adopting style features from the reference.

Qualitative results in Fig.7 demonstrate ShaLa’s ability to
produce faithful structural preservation with successful style
transfer across views. These results highlight the expressive
and compositional nature of the shared latent representation
learned by ShaLa.

4.5 Ablation Study
Architectural Inference In Eqn.2, our architectural infer-
ence model encodes each modality xi into a deterministic
embedding hi, which is then fused to produce a shared latent
posterior. This formulation treats h1:m as an information

bottleneck, providing a compact and semantically meaning-
ful conditioning signal for the second-stage diffusion prior.
To validate this, we compare performance when condition-
ing the diffusion model directly on x1:m versus on h1:m.
As shown in Tab.5, using h1:m improves both unconditional
and conditional synthesis, suggesting the benefit of our ar-
chitectural inference model.

PolyMNIST MST
Condition Unconditional Conditional Unconditional Conditional

x1:m 0.584 0.612 0.23 0.35
h1:m 0.815 0.897 0.44 0.75

Table 5: Coherence of using different conditional signals.

Ablation of Diffusion Prior We assess the effect of the
diffusion prior by varying the capacity of the diffusion net-
work. As shown in Tab.6, reducing the model size leads to
noticeable drops in generation quality (as measured by FID),
while increasing the model size yields consistent improve-
ments. This suggests that ShaLa’s shared latent space pro-
vides a stable foundation across different diffusion configu-
rations, and that our second-stage diffusion prior effectively
leverages this representation for high-quality synthesis.

FID / #P (parameter) 2× #P 1× #P 1/2× #P 1/4× #P

Unconditional 45.24 47.30 50.24 56.44
Conditional 37.15 40.18 45.86 49.75

Table 6: Varying diffusion configuration.

5 Conclusion
In this work, we present a novel framework for learning
shared latent space, coined as ShaLa. We leverage an archi-
tectural inference model for learning the shared latent vari-
ables, where the conditional deterministic variables can fa-
cilitate the second-stage shared latent diffusion model. Ex-
tensive experiments demonstrate favorable results of ShaLa
and the scalability in modelling the difficult multi-view data.
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