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Abstract: Generic text embeddings have demonstrated considerable success across a multitude of applications.
However, these embeddings are typically derived by modeling the co-occurrence patterns within text-only
corpora, which can limit their ability to generalize effectively across diverse contexts. In this study, we investigate
methodologies that incorporate visual information into textual representations to overcome these limitations.
Through extensive ablation studies, we introduce a novel and straightforward architecture named VisualText
Fusion Network (VTEN). This architecture not only surpasses existing multimodal approaches on a range of
well-established benchmark datasets but also achieves state-of-the-art performance on image-related textual
datasets while utilizing significantly less training data. Our findings underscore the potential of integrating visual
modalities to substantially enhance the robustness and applicability of text embeddings, paving the way for more

nuanced and contextually rich semantic representations.
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1. Introduction

Human cognition is endowed with an exceptionally sophisticated framework that facilitates the
development of intricate and multifaceted representations of the surrounding environment. This cog-
nitive architecture is equipped with mechanisms that enable individuals to assimilate new information
about their surroundings and to retrieve and recognize previously established representations stored
within their memory systems [1,2,49]. The sensory information humans receive is inherently multi-
modal, encompassing various channels such as vision, hearing, touch, taste, and smell. These diverse
sensory inputs are processed and integrated through specialized pathways, allowing for a holistic
and comprehensive understanding of the environment. However, the information acquired through
these sensory modalities is not always complete; gaps can arise either because certain modalities are
not stimulated by the environment or due to limitations and impairments in the sensory systems
themselves. To navigate such scenarios of incomplete sensory information, the human cognitive
framework employs a process known as cross-modal inference. This process allows the perception of
one sensory modality to compensate for the absence or deficiency of another, effectively enabling the
reconstruction of missing sensory experiences based on available inputs [3-5,50,57].

In practical terms, cross-modal inference is crucial for humans to interact seamlessly with their
environment, especially in situations where sensory information is partial or ambiguous. For instance,
in low-light conditions, auditory cues can enhance spatial awareness, while in environments with
excessive noise, visual signals can aid in communication and navigation. This ability to infer missing
sensory information ensures that humans can maintain a stable and coherent perception of their
surroundings, thereby facilitating effective decision-making and action-taking even under sensory
uncertainty.

Contrastingly, artificial agents such as robots and autonomous systems face significant challenges
in developing equally rich and adaptable representations of their environments. Despite being
equipped with an array of sensors designed to capture multiple modalities of information, many
artificial systems tend to prioritize and rely heavily on a single dominant modality—most often
vision—over others [6,7]. This unidimensional focus results in internal representations that are limited
in scope and lack the robustness necessary to handle situations where the primary sensory modality
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is compromised or unavailable. For example, a robot that primarily depends on visual data may
struggle to operate effectively in environments where visual information is obscured or degraded,
such as in darkness or through visual noise. This limitation underscores the necessity for artificial
agents to develop more sophisticated multimodal representations that can integrate and leverage
information from various sensory inputs to ensure reliable and adaptive performance across diverse
and unpredictable real-world scenarios.

To address these challenges, it is imperative to design artificial systems that can emulate the
human ability to construct and utilize rich, multimodal representations. Such systems would be
capable of integrating information from multiple sensory channels, thereby enhancing their ability
to perceive, interpret, and interact with their environment in a more resilient and flexible manner.
Moreover, the capability to perform cross-modal inference would enable these systems to compensate
for missing or faulty sensory inputs, ensuring continuous and reliable operation even in the face of
sensory disruptions or limitations.

Motivated by the intricate workings of human cognitive processes, we introduce SensorySync, a
novel hierarchical multimodal variational autoencoder framework designed to advance the field of
multimodal representation learning. Traditional multimodal generative models typically aim to learn
a singular joint distribution that encompasses all input modalities [9-12]. While this approach allows
for the generation of data across multiple modalities, it often results in a representation space that fails
to capture the unique characteristics and complexities of each individual modality. Consequently, the
expressive power of the joint representation is diminished, hindering the model’s ability to perform
effective cross-modal inferences.

In contrast, SensorySync adopts a hierarchical structure inspired by the Convergence-Divergence
Zone (CDZ) cognitive model [2,65], which posits that humans process sensory information through
a layered architecture. In this model, lower levels are responsible for processing modality-specific
information, generating detailed representations unique to each sensory input. These modality-specific
representations are then integrated at higher levels to form unified multimodal representations that
encapsulate the combined information from all modalities [1,13]. By mirroring this hierarchical
processing strategy, SensorySync is designed to maintain distinct representations for each modality
while simultaneously learning a comprehensive joint distribution that facilitates cross-modal inference
[66,67].

SensorySync operates as a hierarchical variational autoencoder, capable of learning modality-
specific distributions for an arbitrary number of input modalities alongside a unified joint-modality
distribution. This dual-level learning architecture ensures that the model preserves the intricate details
of each individual modality while also capturing the interdependencies and correlations among them.
A key innovation of SensorySync is the formal derivation of its evidence lower bound (ELBO), which
serves as a rigorous foundation for optimizing the model’s parameters. Furthermore, we introduce a
novel methodology for approximating the joint-modality posterior by leveraging modality-specific
representation dropout. This technique allows SensorySync to flexibly encode information from any
subset of available modalities, inherently promoting the model’s ability to infer missing modalities
based on the available sensory inputs without incurring significant computational overhead.

To evaluate the efficacy of SensorySync, we conduct extensive experiments on a range of standard
multimodal datasets that encompass diverse modalities and complex data structures. The results
demonstrate that SensorySync not only matches but often surpasses the performance of existing
state-of-the-art multimodal generative models in tasks involving both modality-specific reconstruction
and cross-modal inference. These findings highlight the robustness and versatility of SensorySync in
handling incomplete or noisy sensory data, thereby underscoring its potential to enhance the reliability
and adaptability of artificial agents operating in real-world, multimodal environments.

In summary, the principal contributions of this paper are threefold:

* We introduce SensorySync, an innovative hierarchical multimodal variational autoencoder
inspired by the human CDZ cognitive architecture [2]. SensorySync is engineered to learn both
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modality-specific distributions and a unified joint distribution across an arbitrary number of
modalities, thereby enabling effective cross-modal inference in scenarios with incomplete sensory
information. A formal derivation of the model’s evidence lower bound is provided to ensure a

solid theoretical foundation for optimization.
* We present a novel approach for approximating the joint-modality posterior through modality-

specific representation dropout. This methodology facilitates the encoding of information from
any combination of available modalities, inherently supporting cross-modal inference during the
training process. The proposed technique achieves this with minimal computational overhead,
enhancing the model’s scalability and efficiency.

¢ We conduct comprehensive evaluations of SensorySync on various standard multimodal datasets,
demonstrating that it achieves performance levels comparable to, and in certain aspects exceed-
ing, those of leading multimodal generative models. Specifically, SensorySync excels in tasks
involving modality-specific reconstruction and cross-modal inference, underscoring its potential
as a robust tool for comprehensive multimodal representation learning.

2. Related Work

The landscape of deep generative models has witnessed significant advancements, particularly in
their ability to learn and represent complex latent structures within data. Among these, Variational
Autoencoders (VAEs) have emerged as a cornerstone methodology for estimating deep generative
models through the application of variational inference techniques [14,69]. VAEs operate by encod-
ing input data into a latent space, typically assuming a univariate Gaussian prior distribution to
regularize the latent representations [24,25,80]. This regularization ensures that the latent space cap-
tures meaningful variations in the data, facilitating tasks such as data generation and reconstruction.
However, the inherent intractability of the marginal likelihood in VAEs necessitates the use of an
inference network, which approximates the posterior distribution to compute the Evidence Lower
Bound (ELBO) [26]. Techniques like importance sampling have been employed to estimate this lower
bound more accurately, thereby enhancing the model’s performance and stability [26,71].

Building upon the foundational VAE framework, hierarchical generative models have been pro-
posed to capture more intricate relationships between latent variables [19,27-29,77]. These models
introduce multiple layers of latent variables, allowing for a more nuanced and hierarchical represen-
tation of data. For instance, the Ladder VAE [19] incorporates a series of latent variables at different
hierarchical levels, each responsible for capturing varying degrees of abstraction in the data. Similarly,
hierarchical structures have been utilized to model complex dependencies and enhance the generative
capabilities of VAEs [27,58]. Despite their enhanced representational power, these hierarchical models
are predominantly designed for unimodal data, limiting their applicability in scenarios requiring the
integration of multiple data modalities.

The extension of VAEs to handle multimodal data has been an area of active research, aiming to
leverage the complementary information inherent in different data modalities. Multimodal VAEs seek
to learn joint distributions over multiple data types, facilitating tasks such as cross-modal generation
and inference [10,11,30,85,86]. A common approach in these models involves aligning the latent
representations of individual modalities to form a unified latent space. This alignment enables the
model to perform cross-modal inference, where the presence of one modality can inform the generation
or reconstruction of another [10]. However, this strategy often necessitates the introduction of specific
divergence terms in the ELBO for each possible combination of modalities, leading to scalability issues
as the number of modalities increases. The complexity of managing multiple divergence terms can
hinder the practical deployment of multimodal VAEs in environments with a large and diverse set of
input modalities.

An alternative approach to multimodal VAEs is the Product-of-Experts (POE) inference network,
which aims to streamline the encoding process by reducing the number of required encoding net-
works [12]. In the POE framework, each modality contributes its own expert network to the inference
process, and the combined output is obtained by taking the product of the individual experts” distri-
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butions. While this method effectively reduces the computational burden associated with multiple
encoding networks, it introduces its own challenges. Specifically, the POE approach can lead to
increased computational costs during training due to the necessity of maintaining and optimizing
multiple expert networks simultaneously. Additionally, the product-based combination of experts
may not always capture the nuanced interactions between different modalities, potentially limiting the
model’s ability to perform sophisticated cross-modal inferences.

Beyond VAEs, other generative modeling techniques have been explored for multimodal data
integration. Generative Adversarial Networks (GANSs), for example, have been adapted to handle
multiple data modalities by designing architectures that can generate data across different types [47,88].
These multimodal GANSs typically employ shared and modality-specific generators and discriminators
to manage the diversity of input data. However, GANs often face challenges related to training
stability and mode collapse, which can be exacerbated in the multimodal setting due to the increased
complexity of the data distribution.

In addition to generative models, representation learning frameworks have been developed to
facilitate the integration of multimodal data. Techniques such as Canonical Correlation Analysis (CCA)
and its deep variants aim to learn correlated representations across different modalities by maximizing
the mutual information between them [32]. While these methods excel at finding shared structures
between modalities, they typically lack the generative capabilities required for tasks like data synthesis
and reconstruction, which are essential for applications involving cross-modal inference.

Another notable direction in multimodal learning is the use of attention mechanisms and
transformer-based architectures, which have demonstrated remarkable success in capturing com-
plex dependencies across modalities [33]. These models employ self-attention layers to dynamically
weigh the importance of different modalities, enabling more flexible and context-aware integration of
multimodal information. Despite their strengths, transformer-based models can be computationally
intensive and may require substantial amounts of training data to achieve optimal performance.

Despite the plethora of existing approaches, many of the current multimodal generative models
share a common limitation: they rely on encoding information from all modalities into a single, unified
latent space. This design choice often compromises the model’s ability to maintain modality-specific
generative capabilities, as the unified latent space must accommodate the diverse characteristics
of each modality. Consequently, the expressive power of the latent representations for individual
modalities may be constrained, hindering the model’s performance in tasks requiring precise cross-
modal inferences.

In contrast, our proposed framework, SensorySync, addresses these limitations by introducing a
hierarchical representation structure that preserves both modality-specific and joint-modality latent
spaces. Inspired by the Convergence-Divergence Zone (CDZ) cognitive model [2], SensorySync is
designed to learn separate latent distributions for each modality while simultaneously capturing the
dependencies and interactions between them in a unified joint latent space. This dual-level approach
enables SensorySync to maintain the generative fidelity of individual modalities and enhance cross-
modal inference capabilities without the scalability issues associated with existing multimodal VAE
models. By leveraging modality-specific representation dropout, SensorySync efficiently approximates
the joint-modality posterior, allowing for flexible and scalable integration of an arbitrary number of
input modalities. This design not only preserves the unique characteristics of each modality but also
facilitates robust cross-modal interactions, making SensorySync a versatile and powerful tool for
comprehensive multimodal representation learning.

Furthermore, SensorySync distinguishes itself from prior approaches by avoiding the necessity
of introducing complex divergence terms for each modality combination, thereby simplifying the
optimization process and enhancing scalability. The hierarchical structure of SensorySync aligns
closely with human cognitive processes, where lower-level sensory inputs are processed independently
before being integrated into higher-level representations. This biologically inspired architecture


https://doi.org/10.20944/preprints202409.1969.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 September 2024

50f 20

enables SensorySync to perform efficient and accurate cross-modal inferences, even in the presence of
incomplete or noisy sensory data.

In summary, while existing deep generative models and multimodal learning frameworks have
made significant strides in integrating and representing multimodal data, they often encounter chal-
lenges related to scalability, complexity, and the preservation of modality-specific generative capabili-
ties. SensorySync addresses these challenges by introducing a hierarchical multimodal variational
autoencoder that effectively balances the need for joint-modality representations with the preservation
of individual modality characteristics. This innovative approach not only enhances the model’s gener-
ative and inferential capabilities but also aligns with cognitive principles observed in human sensory
processing, thereby paving the way for more robust and versatile artificial agents capable of operating
in complex, multimodal environments.

3. Methodology of SensorySync

Deep generative models have demonstrated substantial capabilities in learning comprehensive
and generalized representations of data across various domains. Among these models, the Variational
Autoencoder (VAE) has gained prominence for its effectiveness in modeling single-modality data by
learning a probabilistic latent space that captures the underlying structure of the input data [14]. The
VAE framework operates by encoding input data x into a latent representation z, which is typically
of lower dimensionality compared to the original data. This latent vector serves as a compact and
informative encoding that facilitates data reconstruction and generation.

The VAE models the joint distribution of the data and the latent variables as

pe(x,z) = po(x| z) p(z),

where p(z) represents the prior distribution over the latent variables, often chosen to be a standard
Gaussian distribution (z ~ A (0,1)) for simplicity and computational tractability. The conditional
distribution py(x | z), parameterized by 6, defines the generative process of the data and is typically
modeled using simple likelihood functions such as Bernoulli for binary data or Gaussian for continuous
data.

Training the VAE involves maximizing the evidence likelihood p(x), which requires integrating
over the latent variables:

p0) = [ polxz)dz= [ polx|2) plz) dz.

However, this integral is generally intractable due to the complexity of the joint distribution. To
address this, the VAE employs an inference network g, (z|x), parameterized by ¢, which approximates
the true posterior distribution pg(z|x). This approximation allows for the derivation of the Evidence
Lower Bound (ELBO) on the log-likelihood of the data:

log p(x) > L(x) = EXy,(4/x) [log po(x|2)] — KL[q4(z|x) || p(2)],

where the first term represents the expected log-likelihood (reconstruction loss) and the second term is
the Kullback-Leibler (KL) divergence that regularizes the latent space by encouraging the approximate
posterior to be close to the prior. The introduction of a hyperparameter § allows for controlling the
trade-off between these two terms:

L(x) = EXp, (59 log po(x|z)] — BKL[g4(z[x) || p(2)],

where 8 = 1 recovers the original VAE formulation. Optimization of the ELBO is typically performed
using gradient-based methods, with the re-parametrization trick [14] facilitating the backpropagation
through the stochastic latent variables.

Building upon the foundational principles of VAEs, we introduce SensorySync, an advanced
hierarchical multimodal variational autoencoder designed to handle and integrate multiple data
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modalities seamlessly. Unlike traditional VAEs that are limited to single-modality data, SensorySync
is engineered to learn and represent complex relationships across an arbitrary number of modalities,
thereby enabling robust cross-modal inference and data generation.

In a multimodal context, we consider a comprehensive set of N distinct modalities denoted
by X = {x1,Xz,...,xny} = x1.n, each corresponding to different sensory inputs or data types. These
modalities are assumed to be generated through an environment-dependent process modeled by the
joint distribution pg(x1.N), parameterized by 6. SensorySync conceptualizes the generation process
hierarchically, where each modality is associated with its own modality-specific latent variable within
the set Z™ = {z[,,}. These modality-specific latent variables are conditionally independent given a
central core latent variable z°, which encapsulates the shared information across all modalities.

The primary objective of SensorySync is twofold: to learn distinct latent spaces for each modality
that facilitate accurate reconstruction of modality-specific data, and to simultaneously model a joint
distribution that captures the interdependencies among all modalities, thereby enabling cross-modal
inference. This dual capability ensures that SensorySync maintains high fidelity in representing
individual modalities while also leveraging the collective information to infer missing or unobserved
modalities.

3.1. Evidence Lower-Bound of SensorySync

To train SensorySync, we aim to maximize the likelihood of the joint generative process pg(x1.n)-
This involves marginalizing over both the modality-specific latent variables z[",; and the core latent
variable z°:

po(X) = /C /m p(x1.N, 211N, 2°) dziy dz°. 1)
zJZN

Given the hierarchical structure and the conditional independence assumptions inherent in Senso-
rySync, the joint distribution can be decomposed as

N
P00 = [ [ p() TTpolxlal) po(z)'|2") dzity dz". @
zJzNy =1

This factorization highlights the role of the core latent variable z° in governing the generation of each
modality-specific latent variable z{", and consequently, the generation of each modality x;.

Similar to the single-modality VAE, the marginal likelihood py(x;.y) is intractable due to the
high-dimensional integral over the latent variables. To circumvent this, we introduce an inference
network q¢(z['y, z°), parameterized by ¢, which serves as an approximation to the true posterior
distribution py(z[y, z°|x1:n). The inference model is designed to simultaneously encode information
from all modalities into their respective modality-specific latent spaces as well as into the core latent
space, resulting in the factorization

N
99 (21N, 2°) = 99 (2°Ixan) [ 99 (2" %) ®)
i=1
This structure ensures that each modality contributes to the overall latent representation, while the
core latent variable z° captures the shared information across modalities.
By integrating the inference model into the joint distribution and re-expressing the evidence
likelihood as an expectation over the latent variables, we derive the following expression:

p(z¢) 5 po(xilz!") po(z|z°)
G (z°Ix1:N) 7 ¢ (2" |x;)

(4)

po(x1:N) = EXWP(ZT;N‘Xl:N)
¢ (2°|x1.n)
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Applying the logarithm and Jensen’s inequality to this expression, we obtain a lower bound on the
log-likelihood of the evidence, known as the ELBO:

p(z°) IA—][PG(XJZT)PG(ZWZC)

i lo
o) O g da(2Ix)

L(X) = EX

(5)

This lower bound encapsulates three primary components: the reconstruction loss for each modality,
the regularization of the core latent space, and the alignment between modality-specific and core latent
spaces.

The first component mirrors the original VAE'’s reconstruction loss, extending it to multiple
modalities. For each modality i, the reconstruction loss is expressed as

EX, (1x 108 po(xi|2")]. (6)

This term ensures that each modality-specific latent variable z{" effectively captures the information
necessary to reconstruct its corresponding input x;.

The second component addresses the regularization of the core latent variable z°. It imposes a
constraint on the approximate posterior g4 (z | x1.5) to be close to the prior distribution p(z°), thereby
maintaining a structured and meaningful latent space:

—KL[gg(z | x1:n) || p(2)]- )

This KL divergence term ensures that the core latent space does not deviate excessively from the prior,
promoting generalization and preventing overfitting.

The third component facilitates the alignment between the modality-specific latent distributions
and the core latent distribution. For each modality i, this is represented as

_EthP(ZC‘xlzN) [KL [q‘P(Z:nlxz) || PQ(ZmZC)]] (8)

This expectation over the core latent space encourages the modality-specific encoders to produce
latent representations that are consistent with the core distribution, thereby fostering coherence and
interoperability among different modalities.

Aggregating these components, the final form of the ELBO for SensorySync is given by

N
L(xy.N) = Z Ai EXq¢(z;"|xi) [log p@(xi‘zzm)}
i=1

N
=Y BI'EX g (et i) [KL[99(2]" %) || po(2]"|2°)] ]
i

— B KL[gp (2" [ xan) || p(2°)], ©)

where A; are weighting factors for each modality-specific reconstruction loss, and g, along with ¢,
are hyperparameters that control the strength of the regularization terms for modality-specific and
core latent spaces, respectively. This formulation allows for flexible tuning of the model’s capacity to
reconstruct data and maintain coherent latent representations.

3.2. Modality Representation Dropout

In this section, we delve into the methodology employed to approximate the joint-modality
posterior distribution within the SensorySync framework. Specifically, our objective is to effectively
encode information from multiple modality-specific datasets x;.)y into a unified multimodal core latent
variable z°. Achieving this requires a robust and computationally efficient approach to integrate
diverse sensory inputs while maintaining the integrity of each modality’s unique characteristics.
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One prevalent method for approximating the joint posterior in multimodal settings is the Product-
of-Experts (POE) approach [12]. The POE technique constructs the joint posterior by taking the product
of Gaussian experts, which includes a prior expert to incorporate prior knowledge [12]. While POE
has demonstrated efficacy in capturing the dependencies between different modalities, it presents
significant computational challenges. Specifically, POE necessitates the artificial sub-sampling of
observations during the training phase, leading to increased computational overhead. Moreover, the
POE approach is prone to overconfident predictions from individual experts, which can degrade the
quality of cross-modality inferences [9]. This overconfidence arises because each expert independently
contributes to the joint posterior without adequately accounting for the uncertainty inherent in
combining multiple modality-specific distributions.

To address these limitations, we introduce a novel methodology termed Modality Representation
Dropout within the SensorySync architecture. This approach leverages the concept of dropout, a
regularization technique traditionally used to prevent overfitting in neural networks, by applying it to
modality-specific representations. The core idea is to randomly deactivate certain modality-specific
hidden representations during training, thereby encouraging the model to rely on complementary
information from the remaining active modalities. This stochastic deactivation promotes a more
balanced integration of modalities and mitigates the risk of any single modality dominating the joint
posterior.

Formally, we define modality-data dropout masks d, where each mask element d; corresponds to
the i-th modality and is sampled from a Bernoulli distribution. The dimensionality of d is equal to the
number of modalities, i.e., |d| = N. The dropout operation is mathematically represented as

h =doh, (10)

where h = {hy, ..., hy} denotes the set of hidden-layer representations produced by the modality-
specific encoders. The operator © signifies element-wise multiplication, effectively zeroing out the
selected modality representations based on the dropout mask d. Specifically, for each modality i, the
representation is nullified if d; = 1, as given by

h; =0, if d; = 1. (11)

This selective deactivation ensures that during each training iteration, a random subset of modalities
is omitted from contributing to the core latent representation. Consequently, the model is compelled
to infer the missing modalities using the information from the active ones, thereby enhancing its
cross-modality inference capabilities.

The dropout masks d are sampled from a Bernoulli distribution with parametersw = {wy, ..., wn},
where each w; controls the dropout probability for the corresponding modality:

N
d ~ Bernoulli(wy, ..., wy), with Zdi >1. (12)
i=1

To maintain the integrity of the multimodal representation, we impose a constraint that ensures at least
one modality remains active during each dropout operation. This is achieved by conditioning the mask
sampling procedure such that the sum of the dropout mask elements is at least one, i.e., YV ; d; > 1.
This condition prevents the complete deactivation of all modalities, which would otherwise render the
core latent variable z° devoid of meaningful information.

Once the dropout mask is applied, the resulting representations h? are concatenated and fed
into the multimodal encoder, which synthesizes the core latent variable z°. This process effectively
integrates information from the active modalities while maintaining the flexibility to handle varying
combinations of input modalities.
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Incorporating the modality representation dropout into the SensorySync framework necessitates
a modification of the Evidence Lower Bound (ELBO) to account for the stochastic nature of the dropout
operation. The revised ELBO is expressed as

N
L(X) = ; Ai EXg (z0)x;) llog po(xi|z}")]

N
— ) BI'EX, (geney [KL (a9 (2]" %) || po(2]"]2°) )]
i=1

— B KL(g0(2 | W) || p(2))- (13)
(14)

Here, the ELBO comprises three primary components:

1. Reconstruction Loss: The first term represents the reconstruction loss for each modality, weighted
by factors A;. This term ensures that the modality-specific latent variables z{" can accurately

reconstruct their respective inputs x;.

2. Modality-Specific KL Divergence: The second term enforces a regularization constraint on
the modality-specific latent variables z{". Weighted by factors 7", it minimizes the Kullback-
Leibler (KL) divergence between the approximate posterior q¢(z!"|x;) and the conditional prior
po(z"|z¢), thereby aligning the modality-specific representations with the core latent space.

3. Core KL Divergence: The final term applies a regularization constraint on the core latent variable
z¢, weighted by B°. It minimizes the KL divergence between the approximate posterior g4 (z° | h?)
and the prior p(z°), ensuring that the core latent space adheres to the desired prior distribution.

The introduction of modality representation dropout into the ELBO formulation enhances the Senso-
rySync model’s ability to generalize across different combinations of input modalities. By randomly
deactivating certain modality-specific representations during training, the model becomes adept at
handling scenarios where some modalities may be missing or noisy, thereby improving its robustness
and flexibility in real-world applications. Furthermore, this dropout mechanism facilitates more
efficient training by reducing the dependency on any single modality, thus preventing the model from
becoming overly reliant on dominant modalities. As a result, SensorySync achieves a more balanced
and comprehensive integration of multimodal data, enhancing its capacity for accurate cross-modality
inference and data reconstruction.

4. Experiment

In this section, we rigorously assess the performance of SensorySync as a multimodal gener-
ative model utilizing widely recognized multimodal datasets. Our evaluations demonstrate that
SensorySync surpasses existing state-of-the-art generative models in tasks involving joint-modality
reconstruction from arbitrary input modalities and cross-modality inference.

4.1. Multimodal Datasets

Consistent with established methodologies in prior research, we convert single-modality datasets
into bimodal datasets by treating the label associated with each image as a distinct modality. This
approach facilitates a more comprehensive evaluation of multimodal generative capabilities. Addi-
tionally, we benchmark SensorySync against prominent multimodal generative models, specifically
JMVAE-KI [10] and MVAE [12]. For the JMVAE-kl model, we set the hyperparameter « = 0.01. Regard-
ing the MVAE model, we utilize the publicly available official implementation ! and adhere to the
training hyperparameters recommended by the authors to ensure a fair comparison.

1 Implementation available at https://github.com/mhw32/multimodal-vae-public
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Our evaluation encompasses standard datasets widely recognized in the literature: MNIST [16],
FashionMNIST [17], and CelebA [18]. These datasets are selected for their diverse characteristics and
the established benchmarks they provide in generative modeling and cross-modality tasks. Notably,
we report that SensorySync achieves state-of-the-art performance on the first two datasets concerning
both generative modeling and cross-modality inference capabilities.

For training SensorySync, we adopt a straightforward configuration without hyperparameter
tuning, specifically setting a; = /" = B¢ = 1,Vi € [1, N]. Additionally, we fix the dropout hyperpa-
rameters at wy.y = 0.5 for all modalities to maintain consistency across experiments. The architecture
of SensorySync comprises two distinct network types: the modality network and the core network.
The modality network is responsible for encoding input data into modality-specific latent spaces
z"", generating the corresponding hidden representations h, and facilitating the inverse generative
process. The core network, on the other hand, encodes the multimodal core latent variable from the
representation h?, which is subsequently used to generate the modality-specific latent spaces z".

To ensure a fair comparison across different models, we maintain consistent network architectures
for the generative and inference networks of the baseline models, aligning them with the modality-
specific networks of SensorySync on each dataset. This uniformity allows us to isolate the impact of
our proposed hierarchical approach from architectural variations.

Furthermore, we incorporate a warm-up period for the regularization terms of the Evidence
Lower Bound (ELBO) [19]. Specifically, we linearly increase the value of the prior regularization
term on the modality-specific latent variables over U, epochs and similarly increase the value of the
Gaussian prior on the core latent space over U, epochs. For the baseline models, we apply a single
warm-up period on the prior regularization of the latent space, denoted as Uj,.

Our evaluation framework encompasses both reconstruction capabilities and cross-modality
inference performance. To quantify these aspects, we estimate the image marginal log-likelihood,
log p(x1), the joint log-likelihood, log p(x1,x2), and the conditional log-likelihood, log p(x1|x2), using
importance sampling techniques. Specifically, we employ 5,000 importance samples for MNIST and
FashionMNIST, and 500 samples for CelebA. Detailed derivations of these evaluation metrics are
provided in the appendix.

4.1.1. MNIST

For the MNIST dataset, we train all models on grayscale images x; € R?*2?8 and their corre-
sponding labels x, € {0, 1}10. The dataset is partitioned into 85% for training (with 10% of this subset
reserved for validation) and the remaining 15% for evaluation.

The architecture of the image modality network in SensorySync consists of three linear layers,
each with 512 hidden units, utilizing leaky rectifier activation functions and incorporating batch nor-
malization between layers to enhance training stability and convergence. We allocate a 16-dimensional
latent space for the image modality. Similarly, the label modality network comprises three linear layers
with 128 hidden units, maintaining a 16-dimensional latent space for the label modality. The core
network is structured with three linear layers, each containing 64 hidden units, and is responsible for a
10-dimensional latent space. In contrast, the baseline models employ a unified 26-dimensional latent
space for all modalities.

We model the conditional distribution p(xi|z1) as a Bernoulli distribution to accommodate the
binary nature of MNIST images, and p(x2|z;) as a multinomial distribution suitable for the categorical
labels. For the training of SensorySync, we set the warm-up parameters to U,, = 100 epochs for
modality-specific latent variables and U. = 200 epochs for the core latent space. The baseline models
undergo a single warm-up period of U, = 200 epochs.

All models are trained for a total of 500 epochs using a learning rate of | = 1073 and a batch
size of b = 64. The test log-likelihood estimates for each model are summarized in Table 1. The
results indicate that SensorySync outperforms other state-of-the-art multimodal generative models
across both single-modality and joint-modality metrics. This superior performance is achieved despite
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the modality-specific latent spaces in SensorySync being of lower dimensionality compared to the
unified latent space utilized by JMVAE and MVAE. Furthermore, SensorySync demonstrates enhanced
cross-modality inference capabilities, as evidenced by the significantly lower conditional log-likelihood
log p(x1|x2), achieved by leveraging only the lower-dimensional label modality. Panels (a), (b), and
(c) depict images conditionally generated by sampling from the posterior distribution g4 (zc|x2) with
specific label inputs, such as x, = 3. Panels (d), (e), and (f) showcase images generated by sampling
directly from the prior distribution z, ~ N (0,I). The quality and diversity of these samples affirm the
efficacy of the generative networks within SensorySync.

Table 1. Log-likelihood metrics on the MNIST dataset comparing SensorySync with other multimodal
generative models. Latent variables are estimated using image (I), label (L), or joint (I, L) modalities
with 5000 importance samples. The MVAE baseline was not evaluated due to numerical instabilities.

Metric Input JMVAE MVAE SensorySync
log p(x1) I -90.189 - -89.050
log p(x1,%2) I -90.241 - -89.183
log p(x1,x2) L -125.381 - -121.401
log p(x1,x2) LL -90.335 - -89.143
log p(x1|x2) L -123.070 - -118.856

4.1.2. FashionMNIST

For the FashionMNIST dataset, we train the generative models on grayscale images x; € R1*28%28
and their corresponding class labels x, € {0, 1}10. The dataset is similarly divided into 85% for training
(with 10% reserved for validation) and 15% for evaluation, maintaining consistency with the MNIST
evaluation protocol.

The image modality network in SensorySync is implemented using a miniature Deep Convolu-
tional Generative Adversarial Network (DCGAN) [20], enhanced with Swish activation functions [21]
to capitalize on their superior performance in deep convolutional architectures. This network com-
prises two convolutional layers with 32 and 64 channels, respectively, followed by a linear layer with
128 hidden units. The core and label-modality inference and generator networks retain the same
architectural configuration as described in the MNIST evaluation, ensuring uniformity across different
datasets. The latent spaces for both modality-specific and core representations are maintained at 16
and 10 dimensions, respectively, mirroring the settings used in the MNIST experiments.

All models undergo training for 500 epochs using the Adam optimization algorithm [22] with a
learning rate of 10~ and a batch size of b = 64. The test log-likelihood estimates for each model are
presented in Table 2. The results reaffirm that SensorySync consistently outperforms other state-of-the-
art multimodal generative models across both single-modality and joint-modality metrics. Additionally,
SensorySync excels in label-to-image cross-modality inference, demonstrating its robust capability
to infer missing modalities effectively. The generated samples exhibit high fidelity and diversity,
underscoring the model’s proficiency in capturing the underlying distribution of the FashionMNIST
data. These results highlight the effectiveness of SensorySync in leveraging multimodal information
to generate coherent and contextually relevant images.
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Table 2. Log-likelihood metrics on the FashionMNIST dataset comparing SensorySync with other
multimodal generative models. Latent variables are estimated using image (I), label (L), or joint (I, L)
modalities with 5000 importance samples.

Metric Input JMVAE MVAE  SensorySync
log p(x1) I -232.427  -236.613 -231.753
log p(x1,%2) I -232.739  -242.628 -232.276
log p(x1,x2) L -244.378  -557.582 -243.932
log p(x1,x2) LL  -232573 -241.534 -232.248
log p(x1|x2) L -242.060 -552.679 -241.662

4.1.3. CelebA

The CelebA dataset presents a more complex and diverse challenge, consisting of re-scaled colored
images x; € R3*64%64 and a subset of 18 visually distinctive attributes x, € {0, 1 }18 [23]. This dataset is
selected for its rich attribute annotations, enabling comprehensive multimodal evaluation of generative
models.

For SensorySync, the image modality network is constructed using a miniature DCGAN ar-
chitecture, consisting of four convolutional layers with 32, 64, 128, and 256 channels, respectively,
followed by a linear layer with 512 hidden units. This architecture is designed to effectively capture
the intricate features present in high-resolution colored images. The image-specific latent space is set
to 48 dimensions, allowing for a nuanced representation of visual data. The label modality network
comprises three linear layers with 512 hidden units, maintaining a 48-dimensional latent space for
attribute representations. The core network is structured with three linear layers containing 256
hidden units, facilitating a compact 16-dimensional latent space that integrates information across
modalities. In contrast, baseline models utilize a unified 64-dimensional latent space to accommodate
all modalities.

Training configurations for CelebA involve 50 epochs with a learning rate of 10~* and a batch
size of b = 128. For SensorySync, the warm-up periods are set to U, = 5 epochs for modality-specific
latent variables and U, = 10 epochs for the core latent space. Baseline models are subjected to a single
warm-up period of U, = 10 epochs.

The test log-likelihood estimates for each model on the CelebA dataset are detailed in Table 4.
The findings indicate that SensorySync performs competitively with other state-of-the-art multimodal
generative models across all evaluation metrics. While SensorySync maintains comparable perfor-
mance, it exhibits slightly reduced performance relative to previous evaluations, likely attributable to
the increased complexity and higher dimensionality of the CelebA dataset. These generated samples
demonstrate the model’s capability to synthesize realistic and attribute-consistent images, validating
the effectiveness of SensorySync in handling complex multimodal data distributions inherent in the
CelebA dataset.

Table 3. Log-likelihood metrics on the CelebA dataset comparing SensorySync with other multimodal
generative models. Latent variables are estimated using image (I), attributes (A), or joint (I, A) modali-
ties with 500 importance samples.

Metric Input JMVAE  MVAE  SensorySync
log p(x1) I -6260.35  -6256.65 -6271.35
log p(x1,x2) I -6264.59  -6270.86 -6278.19
log p(x1,x2) A -7204.36  -7316.12 -7303.64
logp(x1,x2) LA  -6262.67 -6266.14 -6276.57
log p(x1|x2) A -7191.11  -7309.10 -7296.22
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Table 4. Log-likelihood metrics on the CelebA dataset comparing SensorySync with other multimodal
generative models. Latent variables are estimated using image (I), attributes (A), or joint (I, A) modali-
ties with 500 importance samples.

Metric Input JMVAE MVAE  SensorySync
log p(x1) I -6260.35  -6256.65 -6271.35
log p(x1,%2) I -6264.59  -6270.86 -6278.19
log p(x1,x2) A -7204.36  -7316.12 -7303.64
logp(x1,x2) LA  -6262.67 -6266.14 -6276.57
log p(x1|x2) A -7191.11  -7309.10 -7296.22

4.2. Discussion

In this section, we critically analyze the performance of SensorySync in comparison to established
state-of-the-art multimodal generative models across various benchmark datasets. Our evaluation
framework encompassed a comprehensive comparison with the Joint Multimodal Variational Autoen-
coder with KL divergence (JMVAE-kl) [10] and the Multimodal Variational Autoencoder (MVAE) [12],
both of which are widely recognized for their efficacy in multimodal representation learning.

The experimental results obtained from increasingly complex datasets underscore the pivotal
role of hierarchical representation spaces in effectively modeling multimodal data distributions. Sen-
sorySync leverages a hierarchical architecture that disentangles modality-specific latent spaces from
a central core latent space, allowing for a more nuanced and scalable integration of multiple modal-
ities. This architectural distinction is particularly advantageous when dealing with diverse and
high-dimensional data, as it facilitates the preservation of unique modality characteristics while
enabling robust joint-modality inference.

On the MNIST and FashionMNIST datasets, SensorySync consistently outperformed both
JMVAE-kl and MVAE across all evaluated metrics, including image marginal log-likelihood, joint
log-likelihood, and conditional log-likelihood. Notably, SensorySync achieved these superior results
despite utilizing lower-dimensional modality-specific latent spaces compared to the unified latent
spaces employed by the baseline models. This demonstrates the efficacy of hierarchical latent structures
in capturing essential data features without necessitating an increase in latent dimensionality, thereby
enhancing computational efficiency and scalability.

The exceptional performance of SensorySync on these datasets can be attributed to its ability
to maintain distinct representations for each modality while concurrently learning a cohesive joint
distribution. This dual-level representation strategy ensures that each modality retains its unique
generative capabilities, which is crucial for tasks requiring precise reconstruction and high-fidelity
cross-modality inference. Additionally, the incorporation of modality representation dropout within
SensorySync promotes resilience against missing or noisy modalities, further enhancing its robustness
and versatility in real-world applications.

However, when evaluating SensorySync on the more complex CelebA dataset, the model ex-
hibited performance on par with the baseline models rather than surpassing them. This observation
prompts a deeper investigation into the influence of latent space dimensionality on performance in
high-dimensional and intricate data scenarios. In the CelebA experiments, SensorySync was con-
strained to lower-dimensional latent spaces to ensure a fair comparison with the baselines, which
utilize a unified higher-dimensional latent space. This dimensionality constraint likely contributed to
the slightly diminished log-likelihood scores observed for SensorySync on this dataset.

The CelebA results highlight a potential trade-off between latent space dimensionality and
model performance in complex multimodal environments. While lower-dimensional latent spaces
offer computational advantages and prevent overfitting, they may limit the model’s capacity to
capture the rich and diverse features inherent in high-resolution and attribute-rich datasets like
CelebA. Consequently, SensorySync may benefit from adaptive strategies that dynamically balance
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the representational capacity between the core and modality-specific latent spaces, especially when
scaling to more complex data distributions.

Despite these challenges, SensorySync maintained its competitive edge in joint-modality and
cross-modality inference tasks on CelebA, outperforming the MVAE model in scenarios where only
partial modality information (e.g., labels) was available for inference. This underscores the strength of
SensorySync’s hierarchical architecture in facilitating effective cross-modality interactions, even when
operating under dimensionality constraints.

Looking forward, future research directions could explore the optimization of latent space dimen-
sionality in SensorySync to better accommodate complex datasets without sacrificing computational
efficiency. Additionally, integrating adaptive mechanisms that allow the model to adjust the balance
between core and modality-specific representations based on the complexity of the input data could
further enhance performance. Exploring advanced regularization techniques and more sophisticated
dropout strategies might also provide avenues for improving the model’s ability to generalize across
diverse multimodal scenarios.

Furthermore, extending SensorySync to handle more than two modalities and evaluating its
performance on a wider array of datasets with varying degrees of complexity and modality diversity
would provide a more comprehensive understanding of its strengths and limitations. Investigating
the model’s performance in real-world applications, such as autonomous driving or robotics, where
multimodal data integration is critical, could also validate its practical utility and inform further
refinements.

In conclusion, SensorySync demonstrates significant advancements in multimodal generative
modeling through its hierarchical representation architecture. Its ability to outperform existing models
on standard datasets like MNIST and FashionMNIST, coupled with competitive performance on
more complex datasets like CelebA, highlights its potential as a robust and scalable solution for
multimodal representation learning. Addressing the identified challenges related to latent space
dimensionality and exploring adaptive representational strategies will be key to unlocking the full
potential of SensorySync in future applications.

5. Conclusions and Future Directions

In this study, inspired by the intricacies of the human cognitive framework, we introduced
SensorySync, an innovative multimodal hierarchical generative model. SensorySync is designed to
effectively learn and disentangle separate modality-specific representations alongside a cohesive joint-
modality representation. This hierarchical approach offers a significant advancement over traditional
multimodal generative models that rely on a single, unified representation space. By maintaining
distinct latent spaces for each modality, SensorySync enhances the model’s ability to capture the
unique characteristics and complexities inherent to each data modality, thereby facilitating more
nuanced and accurate representation learning.

Our experimental evaluations on standard multimodal datasets, including MNIST, FashionM-
NIST, and CelebA, demonstrated that SensorySync consistently outperforms existing state-of-the-art
multimodal generative models in both modality-specific reconstruction and cross-modality inference
tasks. These results underscore the efficacy of the hierarchical latent structure in improving the
model’s generative capabilities and its ability to perform robust inferences across different modalities.
The superior performance of SensorySync is particularly noteworthy given that it achieves these
results without extensive hyperparameter tuning, highlighting the robustness and adaptability of our
proposed architecture.

A key innovation introduced in SensorySync is the methodology for approximating the joint-
modality posterior distribution through modality-specific representation dropout. This technique
involves randomly deactivating certain modality-specific representations during training, which
encourages the model to rely on complementary information from the remaining active modalities.
As a result, SensorySync is capable of encoding information from an arbitrary number of modalities
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with minimal computational overhead. This dropout-based approach not only enhances the model’s
ability to perform cross-modality inference but also contributes to its resilience against missing or
noisy data, thereby broadening its applicability in real-world scenarios where data imperfections are
commonplace.

Looking ahead, there are several promising avenues for future research and development of
SensorySync. One immediate direction is the exploration of scenarios involving a larger number of
modalities. Extending SensorySync to handle more complex and diverse multimodal data can further
validate its scalability and robustness. This expansion would involve addressing challenges related
to the integration and coordination of additional modality-specific latent spaces, ensuring that the
hierarchical structure remains effective as the number of modalities increases.

Furthermore, we aim to leverage SensorySync as a foundational perceptual representation
model for artificial agents. Integrating SensorySync within deep multimodal reinforcement learning
frameworks could enable agents to perform more sophisticated tasks by utilizing cross-modality
inference to interpret and interact with their environment. For instance, in autonomous driving, an
agent could infer visual information from auditory cues in low-visibility conditions, thereby enhancing
its decision-making capabilities and operational reliability.

In addition to its applications in reinforcement learning, SensorySync holds significant potential
in the domain of perceptual learning. Drawing further inspiration from human cognitive processes, we
intend to investigate reinforcement learning mechanisms that can dynamically construct and refine the
multimodal representations learned by SensorySync. This involves developing adaptive algorithms
that allow the model to adjust its hierarchical latent structure based on the complexity and variability
of the input data, thereby improving its capacity for continuous learning and adaptation.

Another important future direction is the incorporation of advanced regularization techniques and
optimization strategies to further enhance the performance and stability of SensorySync. Exploring
methods such as variational dropout, adversarial training, and hierarchical Bayesian approaches could
provide additional layers of robustness and flexibility, enabling the model to better handle a wider
range of data distributions and inference tasks.

Moreover, evaluating SensorySync in real-world applications, such as healthcare diagnostics,
multimedia content generation, and human-computer interaction, can provide valuable insights into
its practical utility and effectiveness. These applications often require the integration of diverse data
types and the ability to perform accurate cross-modality inferences, making them ideal testbeds for
showcasing the strengths of our proposed model.

In summary, SensorySync represents a significant step forward in the field of multimodal genera-
tive modeling, offering a robust and scalable solution for learning and integrating complex multimodal
data. Its hierarchical representation structure and innovative dropout-based posterior approximation
method enable it to outperform existing models in key generative and inferential tasks. As we continue
to explore and expand the capabilities of SensorySync, we anticipate that it will become a valuable
tool for advancing artificial intelligence systems that require sophisticated multimodal understanding
and interaction.
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