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ABSTRACT

TRANSLATION-BASED MULTIMODAL LEARNING
by

ZHENGYI LU

Adviser: Jia Li, Ph.D.

Multimodal learning has become a critical area of research in artificial
intelligence, aiming to effectively integrate and translate information across different data
modalities such as images, text, and audio. However, existing approaches often struggle
with data scarcity and robustness when modalities are incomplete or missing. To address
this gap, this work investigates translation-based multimodal learning through two
complementary approaches: xXDSBMIT and TransTrans, corresponding to end-to-end and
representation-level translation methods.

The xDSBMIT framework integrates the Diffusion Schrodinger Bridge (DSB)
with the diffusion process, offering an effective solution for multimodal image translation,
specifically applied to Synthetic Aperture Radar (SAR) to Electro-Optical (EO) and
Infrared (IR) image translation. TransTrans addresses multimodal sentiment analysis
through representation-level translation, reconstructing missing modalities in real-time
using a Transformer-based architecture. In experiments, XDSBMIT achieved high-quality
translations in SAR2IR and SAR2EO tasks with limited datasets, significantly
outperforming traditional methods. TransTrans demonstrated superior performance in
sentiment analysis under missing modality conditions. Overall, xXDSBMIT and TransTrans
provide complementary solutions to challenges in translation-based multimodal learning,

advancing the state-of-the-art in image translation and sentiment analysis.
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CHAPTER ONE

INTRODUCTION

1.1 Translation-based Learning

With the rapid development of deep learning, multimodal Learning has become a
research hotspot in the field of Artificial Intelligence (Al). Among these, translation, as a
core technology, has achieved great success in Natural Language Processing
(NLP) [14-17]. Traditional text translation aims to achieve information conversion
between different languages, which is essentially data mapping between different
domains. The extension of this concept allows us to perform image-to-image translation
between different visual domains, such as style transfer and cross-sensor data conversion.

Initially, Neural Machine Translation achieved high-quality translation from source
language to target language through encoder-decoder architectures [15] and attention
mechanisms [18]. This success inspired researchers to apply similar architectures to the
image domain, proposing encoder-decoder-based Image-to-Image Translation [19]. Some
researchers use the Generative Adversarial Network (GAN) [20] framework to achieve
this, such as using cGAN [21] to assist translation with additional information or using
CycleGAN [22] for unpaired translation. Others employ the VAE [23] framework to learn
the probability distribution of data for high-quality image translation. The goal of both
methods is to learn the mapping from one image domain to another while preserving the
fundamental content of the images. For example, translating label maps into
photographs [13], or converting daytime cityscapes into nighttime scenes [24].

Furthermore, the concept of image translation has been extended to image
conversion between different styles and sensors. Style Transfer allows us to combine the

content of one image with the style of another, creating unique artistic effects [25,26]. In



fields such as remote sensing and medical imaging, different sensors may capture different
features of the same scene. Through translation models, we can achieve mutual generation
between these different images. [27-31].

Meanwhile, Translation-Based Learning has been introduced into conversions
between other modalities, such as Image-to-Text [32—-35], Audio-to-Text [36,37],
Audio-to-Image [38], Image-to-Audio [39], and Text-to-Image [40]. The generated results
from these modality translations are new modalities, and the current needs of multimodal
learning have further developed, requiring repeated modality fusion after generating new

modalities.

1.2 Multimodal Learning

As the limitations of translation learning between modalities became increasingly
evident, researchers have sought to enhance these models by combining multimodal
learning [41] with the rapidly evolving field of representation learning [42]. This
integration allows for a deeper understanding of each modality’s unique features—be it
text, visual, or audio data—by representing them at the feature level before fusing the
learned representations. By utilizing shared representations, models can bridge the gap
between different data modalities, leading to more effective and complementary
information exchange across domains. This approach has enabled significant
improvements in tasks that require the integration of multiple modalities, such as machine
translation, image-to-text conversion, and audio-visual sentiment analysis.

Multimodal translation-based learning capitalizes on this concept by not only
enabling the mapping of information across modalities but also allowing the underlying
models to learn the intrinsic correlations and dependencies between these modalities.
Unlike conventional unimodal models, which focus on translating one type of data (e.g.,

text-to-text or image-to-image), multimodal translation-based learning aims to translate



information between fundamentally different types of data. For example, the translation of
text into corresponding images or the generation of audio descriptions from video inputs.
By pre-representing the text, visual, and audio modalities and then merging these features
at a shared representation level, the resulting models can more effectively harness the
strengths of each modality, thereby improving the overall task performance.

One of the most significant applications of this approach is Multimodal Sentiment
Analysis [43-46]. In sentiment analysis, where emotion or opinion must be extracted
from data, relying on a single modality can be insufficient. For example, speech signals
may be distorted by excessive background noise, video frames might be occluded by
visual distractions, and textual data may be ambiguous or lack contextual depth. In such
scenarios, translation-based learning across multiple modalities becomes crucial. Through
multimodal fusion, these models can combine the information provided by
complementary data types—such as using video cues to supplement missing information
from audio or text. This process leads to a more robust analysis, enabling the system to
mitigate issues like noise, missing data, or ambiguities from individual modalities, thereby
improving the accuracy and robustness of sentiment recognition [47-53].

Multimodal translation-based learning, therefore, represents a significant leap
forward in the broader field of artificial intelligence, particularly for applications that
require rich, contextual understanding of diverse datasets. Whether it’s transforming
images into detailed textual descriptions, generating audio from visual inputs, or
enhancing sentiment analysis through multimodal fusion, this approach opens new
avenues for achieving higher performance in tasks that benefit from cross-modal learning.
By bridging the gaps between different types of sensory inputs, translation-based learning
not only addresses the limitations of unimodal systems but also unlocks the potential to

better capture the complex relationships inherent in multimodal data.



1.3 Key Contribution

The two key approaches explored in this thesis, Explainable Diffusion Schrodinger
Bridge Model for Image Translation (xDSBMIT) and TransTrans, represent distinct
advancements in the field of translation-based multimodal learning, each catering to
unique challenges within specific application domains.

The first key attempt at end-to-end translation explored in this thesis is the
Diffusion Schrodinger Bridge (DSB) framework. DSB integrates the diffusion process
with the Schrédinger Bridge problem, a method that enhances both stability and
interpretability in multimodal image translation. The diffusion model progressively
transforms one image domain into another by leveraging the unique characteristics of the
image distributions. Applied to Synthetic Aperture Radar (SAR) to Electro-Optical (EO)
and Infrared (IR) image translation, this approach enables efficient, high-quality
translations even with limited datasets, offering significant improvements in remote
sensing applications.

The second key approach, focusing on representation-level translation, is the
TransTrans framework. Unlike xXDSBMIT, which focuses on an end-to-end translation
mechanism, TransTrans addresses multimodal sentiment analysis by leveraging
translation-based learning to handle missing modalities in real-time. This
Transformer-based system incorporates a translation-driven mechanism that reconstructs
missing modalities, such as predicting missing visual data from audio and text features.
This not only enhances the robustness of multimodal learning but also improves sentiment
prediction accuracy, making it a powerful framework for scenarios with incomplete data.

The xDSBMIT framework excels in terms of interpretability and performs
remarkably well with limited data. By integrating the Diffusion Schrédinger Bridge with
multimodal image translation, XDSBMIT leverages the unique characteristics of different

modalities to achieve high-quality translations, even with small datasets. On the other
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hand, the TransTrans framework combines Transformer architecture with various
pre-trained models, tailoring its feature extraction methods to the specific characteristics
of each modality. This approach ensures that each modality—whether it be audio, text, or
visual data—is processed optimally, resulting in more robust and accurate sentiment
analysis, particularly in scenarios where data may be incomplete.

These two models demonstrate how translation-based learning can be applied
across diverse fields, from image translation in remote sensing to sentiment analysis in
social media and customer feedback. By addressing both data scarcity and multimodal
robustness, xXDSBMIT and TransTrans provide complementary solutions that push the

boundaries of current multimodal learning research.

* xDSBMIT (Multimodal Image Translation):

High interpretability and stability in image translation tasks.

Effective in translating between SAR, EO, and IR images.

Performs exceptionally well with limited datasets, reducing the need for

large-scale labeled data.

Suitable for remote sensing and satellite imagery applications.
— Utilizes the Diffusion Schrédinger Bridge to achieve stable transformations
across image modalities.
* TransTrans (Multimodal Sentiment Analysis):
— Integrates Transformer architectures with pre-trained models for
modality-specific feature extraction.
— Specializes in handling audio, text, and visual data for sentiment analysis tasks.

— Improves robustness by reconstructing missing modalities in real-time.



— Enhances sentiment prediction accuracy, especially in scenarios with

incomplete or noisy data.

— Focuses on the unique characteristics of each modality, ensuring optimal

feature processing.

Together, these two frameworks reflect the power of translation-based multimodal
learning, offering innovative solutions across different domains. As we move forward, the
next sections will explore the detailed architecture and experimental evaluation of these
models, providing insight into their performance and contributions to the broader field of

multimodal learning.



CHAPTER TWO

LITERATURE REVIEW

2.1 END-TO-END TRANSLATION

End-to-end translation methods aim to directly map input from one modality to
another in a fully integrated system, where the entire translation process is trained jointly
without intermediate steps. These methods leverage deep learning techniques to learn
complex transformations between modalities such as image-to-image, text-to-image, and
audio-to-text translation. They have become increasingly significant in a variety of
applications, ranging from artistic content generation to practical uses in medical imaging
and autonomous systems.

One of the most successful approaches in end-to-end translation is the
encoder-decoder architecture, which was initially popularized in neural machine
translation (NMT) tasks [16]. In this framework, the encoder transforms the source
modality into an intermediate representation, which is then passed through a decoder to
generate the target modality. These architectures have been extended beyond text-based
tasks to applications such as image-to-image translation [13], audio-to-text
translation [36,37], and other cross-modal tasks. An important enhancement in this
architecture is the incorporation of attention mechanisms [18], which dynamically focus
on relevant parts of the input during translation, significantly improving performance in
both natural language and image domains. The attention mechanism has also facilitated
the handling of long-range dependencies, enabling more accurate translation even with
complex and high-dimensional input data.

Another significant end-to-end translation approach is the use of conditional

generative adversarial networks (cGANSs), which incorporate additional information, such
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Figure 2.1: Pix2Pix Framework. Source: [13]

as labels or other conditional data, to guide the generation process [21]. Unlike standard
GANs, cGANs have proven effective in generating high-quality outputs in tasks like
text-to-image and image-to-image translation. One of the pioneering models in
image-to-image translation is Pix2Pix, as shown in Fig 2.1, which is built on a conditional
GAN framework and is specifically designed for tasks with paired data [13]. Pix2Pix
learns the mapping from one domain to another by leveraging the known correspondence
between input and target images, and has been used for translating sketches into realistic
images, colorizing grayscale images, and converting semantic label maps into
photorealistic scenes. Pix2PixHD extends this approach by enabling high-resolution
image generation, making it suitable for more detailed and photorealistic outputs [24].
These models have been instrumental in advancing applications in content creation,
artistic style transfer, and realistic image synthesis. When paired data is not available,
CycleGAN introduces an innovative solution by enforcing cycle consistency [22].
CycleGAN allows training in scenarios where paired training data is unavailable, making
it applicable to a wide range of tasks such as style transfer, cross-sensor image translation,
and medical imaging [27]. This model addresses the challenge of unpaired translation by
ensuring that an image translated to another domain and back yields the original image,

thus maintaining consistency across translations. The cycle consistency constraint has



made CycleGAN a powerful tool for many real-world applications where paired data is
challenging to collect, such as translating between artistic styles or enhancing satellite
images.

Variational Autoencoders (VAEs) provide yet another approach to end-to-end
translation by learning the latent probability distributions of the input modalities [23].
VAE:s are effective in generating outputs that resemble the input data distribution, making
them suitable for tasks like image generation and style transfer. By learning a latent space
that can be sampled to generate new data, VAEs have found applications in synthetic
medical image generation and translating between different imaging modalities. Their
probabilistic nature allows VAEs to generate diverse outputs, making them useful for
scenarios where output variability is desired, such as in data augmentation for training
other deep learning models.

The Recurrent Multistage Fusion Network (RMFN) uses recurrent neural
networks (RNNs) to perform multistage fusion across different modalities, refining
features at each stage to capture both local and global dependencies [54]. This approach
has been particularly successful in tasks requiring temporal context, such as video-to-text
or speech-to-text translation, demonstrating the effectiveness of end-to-end models in
handling sequential data. By refining features across multiple stages, RMFN captures
intricate temporal patterns, making it highly effective for applications in video
summarization, human activity recognition, and multimedia analysis.

Transformer-based models have recently gained prominence in multimodal
end-to-end translation tasks, where their self-attention mechanisms enable capturing
long-range dependencies between different modalities [17]. Transformers are highly
effective in tasks such as video-to-text translation and audio-to-image generation,
achieving state-of-the-art results due to their parallel processing capabilities and attention

layers. Unified model architectures, such as GPT-3 and BERT-based multimodal



transformers, aim to integrate multiple tasks and modalities into a single framework,
simplifying the training process and improving performance across various tasks. These
models utilize shared embeddings and attention layers to process multiple modalities in an
end-to-end fashion, paving the way for highly generalizable models that can handle a wide
range of translation tasks [55]. The flexibility and scalability of transformers have made
them an indispensable tool in tasks involving large datasets and complex multimodal
interactions, such as in virtual assistants and autonomous systems.

Diffusion-based models have also gained attention for their effectiveness in
modality translation. In paired translation tasks, diffusion models iteratively denoise latent
representations to match the target modality, ensuring smooth transitions between
modalities. Brownian Bridge-based diffusion methods have been particularly effective in
image coloring, where the model refines an initial noisy grayscale image into a fully
colored output through a series of stochastic transformations [56]. More advanced
approaches, such as the Diffusion Schrodinger Bridge (DSB) model, have been applied to
image-to-image (I2I) translation, learning to map between source and target modalities by
solving a Schrodinger Bridge problem, which improves image quality and provides
interpretable dynamics of the diffusion process [57,58]. Additionally, recent research
from Tsinghua University has extended the Schrodinger Bridge framework to speech
translation tasks, enabling robust cross-modal translations between speech and text by
leveraging the smoothness and flexibility of diffusion processes, achieving state-of-the-art
results in multilingual speech translation [59]. The ability of diffusion-based models to
provide smooth and consistent transformations between modalities makes them a
promising direction for future research in tasks involving intricate cross-modal dynamics,
such as multi-language speech synthesis and detailed medical imaging translations.

An important recent development in end-to-end translation is DALL-E, an

advanced text-to-image model that represents a significant breakthrough in generating
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photorealistic images based on textual descriptions [40]. By using a transformer-based
architecture, DALL-E is capable of capturing intricate relationships between objects and
scenes, highlighting the potential of multimodal learning in creative tasks where input
modalities are vastly different. The success of DALL-E showcases the power of deep
learning in bridging the gap between text and visual understanding, opening new
possibilities in areas such as graphic design, content creation, and even assisting in

complex design processes across industries.

2.2 Representation-level Translation and Its Applications

Representation-level translation aims to learn shared latent spaces between
different modalities, thereby enabling models to effectively fuse and align information at a
representation level. This approach offers enhanced robustness to noise and missing data,
providing flexibility for a wide range of applications, including multimodal sentiment
analysis, medical imaging, cross-modal retrieval, and text-to-image generation. Compared
to end-to-end translation methods, representation-level approaches offer superior
adaptability and generalizability.

Effective representation-level translation requires precise alignment of the latent
spaces of different modalities. He et al. [60] demonstrated that masked autoencoders can
learn scalable latent space representations, facilitating the alignment between available
and missing modalities. However, while masked autoencoders offer significant
improvements, they may struggle with capturing complex inter-modal relationships. To
address this, graph-based fusion approaches have emerged as an effective solution that can
capture complex dependencies between modalities through graph-based structures.

Graph-based fusion has emerged as another significant approach for multimodal
fusion, effectively modeling relationships between different modalities by representing

them as nodes in a graph. Bischke et al. [61] illustrated the efficacy of this method in
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building segmentation tasks. By representing each modality as a node, the
message-passing algorithm integrates the available data into the latent representation
space, ensuring that the model can effectively handle missing modalities. Despite its
effectiveness, graph-based approaches are often computationally intensive, which can be a
limitation in large-scale applications. This has led to growing interest in using more
computationally efficient methods, such as Variational Autoencoders (VAEs), for handling
missing modalities.

Variational Autoencoders (VAEs) have also been employed to generate
representations for missing modalities by learning the latent distribution of the available
data. Hamghalam et al. [62] demonstrated that VAEs can impute missing information in
medical segmentation tasks by leveraging learned latent representations, thereby
generating accurate segmentation results. While VAEs provide a probabilistic framework
for handling missing data, they may still struggle with modeling highly structured data or
capturing long-range dependencies between modalities. To address this, hierarchical
encoder-decoder structures have been proposed as an extension to VAEs to better capture
complex data distributions.

Li et al. [63] proposed the use of hierarchical encoder-decoder structures to
generate missing modality representations, enabling downstream tasks to benefit from a
more comprehensive multimodal representation space. Although this hierarchical
approach enhances the ability to model complex data, it often requires extensive
computational resources and careful tuning. This limitation has motivated researchers to
explore more efficient architectures that can still effectively model inter-modal
relationships, such as the Transformer.

The Transformer architecture has also been effectively adapted to
representation-level translation. Tsai et al. [S5] proposed a multimodal transformer model

that aligns features across modalities by mapping them into a common latent space. This
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approach allows for the effective processing of unaligned multimodal language sequences,
demonstrating the utility of representation-level translation in handling missing data in
natural language processing tasks. However, Transformer models can be sensitive to
modality alignment errors and require a large amount of training data. These limitations
have driven the development of alternative approaches like cross-modal fusion, which
directly leverages shared latent spaces to improve alignment robustness.

In medical imaging, Zhou et al. [64] and Sun et al. [65] explored cross-modal
fusion for brain tumor segmentation. By leveraging a shared latent space across MRI
modalities, their models effectively address the issue of missing modalities, leading to
improved segmentation performance. However, achieving well-aligned latent spaces
remains challenging, particularly when dealing with diverse and heterogeneous datasets.
To overcome this challenge, relation-aware approaches have been introduced to explicitly
learn correlations between available modalities.

For tasks such as Audio-Visual Question Answering (AVQA), Park et al. [66]
proposed a relation-aware missing modality generator that learns latent correlations
between modalities to predict missing features. This relation-aware approach enhances the
robustness of AVQA systems, making it a strong candidate for addressing modality
incompleteness in multimedia tasks. However, relation-aware models can be
computationally expensive and complex to train due to the need to learn intricate
relationships across multiple modalities. To simplify the training process while retaining
effectiveness, researchers have turned to self-supervised joint embeddings.

Kim et al. [67] introduced a self-supervised joint embedding architecture that
employs predictive learning to generate missing modality features. This self-supervised
approach aligns representations from existing modalities with those of missing modalities
without requiring end-to-end supervision, thus making it efficient for tasks involving

incomplete data. While self-supervised methods are often simpler to train, they may
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sometimes produce suboptimal feature quality, particularly in highly complex multimodal
scenarios. To address these quality issues, prompt learning techniques have been utilized
to improve the generation of high-quality latent features.

Prompt learning has also emerged as an effective technique for missing modality
generation. Guo et al. [68] developed a prompt learning framework that maps available
modality prompts into the latent space to generate representations for missing modalities.
By focusing solely on the representation level, this method reduces training complexity
while maintaining high performance, making it well-suited for multimodal tasks with
limited data availability. However, prompt learning approaches may not always generalize
well to new or unseen tasks, leading to the development of more adaptable models, such
as the U-Adapter, that can stabilize the integration of missing data.

Lin et al. [69] proposed the U-Adapter model for cross-modal fusion, which
enables stable integration of missing modality data by preventing domain shifts in the
latent space. The U-Adapter ensures that even when certain modalities are missing, the
latent space remains well-aligned, thereby improving the performance of downstream
tasks such as classification and segmentation. Although the U-Adapter provides a stable
solution for integrating missing modalities, further research is needed to explore its
adaptability across a broader range of domains and applications.

Collectively, these approaches demonstrate the versatility and effectiveness of
representation-level translation across various applications, underscoring the benefits of
robust latent space alignment, graph-based fusion, hierarchical learning, and
prompt-based generation methods. By focusing on a shared latent space representation,
these models achieve enhanced adaptability and resilience when dealing with incomplete
multimodal data. Importantly, none of the original methods are removed or deleted but
rather built upon to further advance the field, ensuring the retention of all foundational

contributions. Moreover, the continuous development of novel techniques seeks to address
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the limitations of previous methods, ensuring a more comprehensive and flexible

framework for representation-level translation in complex multimodal environments.
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CHAPTER THREE

DATASETS FOR TRANSLATION-BASED MULTIMODAL LEARNING

This section introduces several datasets commonly used in translation-based
multimodal learning. These datasets span various tasks, including image-to-image
translation, cross-modal sentiment analysis, and audio-to-text translation, providing
comprehensive resources for training and evaluating multimodal learning models.

3.1 Cityscapes [1]

Cityscapes dataset is widely used for urban scene understanding, particularly in
tasks such as semantic segmentation and image-to-image translation. It contains
high-resolution street scene images from 50 cities, with fine-grained annotations of 30
object classes. This dataset is particularly useful for tasks involving street view style
transfer, such as transforming daytime images into nighttime scenes, or translating

between different weather conditions.

Figure 3.1: Cityscapes Dataset. Source: [1]
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3.2 CMPFacades [2]

CMPFacades dataset consists of architectural facade images and their
corresponding labels. It is used extensively in image-to-image translation tasks that
involve architectural design, such as generating facade layouts or transforming the
appearance of buildings. This dataset is also valuable for tasks such as architectural style
transfer and facade completion, where models learn to generate realistic building facades

from simple line drawings.

3.3 Aachen Day-Night [3]

Aachen Day-Night dataset includes urban images captured at different times of the
day, making it ideal for day-to-night translation tasks. This dataset contains pairs of
images captured during the day and at night, which are useful for research in cross-sensor
data translation and enhancing night-time visual understanding in autonomous driving
systems. The dataset’s emphasis on varying lighting conditions enables robust model

training for domain adaptation between different lighting environments.

3.4 UNICORN 2008 [4]

UNICORN 2008 dataset features multimodal data from Wide Area Motion
Imagery (WAMI) and Synthetic Aperture Radar (SAR) sensors, as shown in Fig 3.2. It is
specifically designed for tasks that require simultaneous alignment of visual and
radar-based information. The dataset contains large format electro-optical (EO) sensor
images and SAR frames, captured at approximately 2 frames per second. Due to the
misalignment in time between EO and SAR frames, this dataset poses unique challenges
for sensor fusion and cross-modal translation tasks, such as radar-to-image translation and

vice versa.
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Figure 3.2: UNICORN 2008. Source: [4]

3.5 Wikiart [5]

Wikiart dataset contains a vast collection of artwork images, organized by style,

genre, and artist. It is widely used in style transfer tasks, where the goal is to apply artistic

styles from famous paintings to real-world images. The dataset spans various artistic

movements, providing models with the ability to learn style representations and apply

them to different content images. Wikiart is crucial for research in creative image

generation and cross-modal art synthesis.

3.6 Flickr30k [6]

Flickr30k dataset provides a large set of images paired with descriptive text

annotations. This dataset is commonly used in vision-and-language tasks such as image
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captioning, text-to-image generation, and cross-modal retrieval. With over 30,000 images
and detailed text descriptions, models can learn the relationship between visual content
and its textual representation, enabling the generation of textual descriptions from images

and vice versa.

3.7 MS COCO [7]

MS COCO dataset is a large-scale dataset widely used in multimodal learning,
particularly for tasks involving object detection, image segmentation, and image
captioning. It includes over 330,000 images with rich annotations, making it a versatile
dataset for both vision-only and vision-and-language tasks. In translation-based learning,

MS COCO is frequently employed in text-to-image and image-to-text translation tasks.

3.8 Places Audio Caption [8]

Places Audio Caption dataset combines visual and audio data, allowing for tasks
such as image-to-audio and audio-to-image translation. This dataset contains audio
descriptions of various scenes, providing a unique resource for training models that
translate between auditory and visual modalities. It is commonly used in research on

multimodal fusion and cross-modal translation between sound and imagery.

3.9 AudioSet [9]

AudioSet is a large-scale dataset of labeled audio events, containing over 2 million
human-labeled audio clips spanning more than 600 categories. This dataset is highly
valuable for multimodal translation tasks, especially in audio-to-text and audio-to-visual
translation. Models trained on AudioSet can learn to translate audio events into textual

descriptions or generate corresponding visual scenes based on sound.
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Figure 3.3: CMU-MOSI Dataset. Source: [10]

3.10 CMU-MOSI [10]

CMU-MOSI dataset is a multimodal sentiment analysis corpus that includes video,
audio, and text modalities. As we can see in Fig 3.3, it consists of 2,199 opinion segments
from YouTube videos, annotated for sentiment intensity on a continuous scale.
CMU-MOSI is widely used in sentiment analysis tasks where models must fuse

information from multiple modalities to predict sentiment polarity.

3.11 CMU-MOSEI [11]

CMU-MOSEI dataset extends CMU-MOSI with a larger collection of multimodal
sentiment data. It includes over 23,000 opinion segments from 1,000 speakers, covering

various topics. CMU-MOSEI provides sentiment and emotion annotations across text,
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Figure 3.4: CMU-MOSEI Dataset. Source: [11]

audio, and video, making it ideal for tasks that involve multimodal emotion recognition

and sentiment analysis.

3.12 IEMOCAP [12]

IEMOCAP dataset is a multimodal dataset created for emotion recognition tasks.
It contains audiovisual recordings of actors performing improvised and scripted dialogues,
with annotations for emotion categories such as anger, happiness, sadness, and neutral.
IEMOCAP is frequently used for emotion recognition tasks that require the fusion of

visual, auditory, and textual information.
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CHAPTER FOUR

xDSBMIT:AN END-TO-END TRANSLATION

4.1 Image-to-Image Translation

Image-to-Image (I2I) translation involves converting images from one domain to
another, leveraging techniques like style transfer, image colorization, super-resolution, and
image synthesis [70-72]. Recently, this field has extended to multimodal learning,
enabling translations across different modalities by training on extensive datasets [73].
These advancements have applications in artistic creation, medical imaging, and satellite
image analysis, broadening the spectrum of image translation and enhancing the
interpretation of visual data across various contexts.

Dynamic Data Driven Applications Systems (DDDAS) integrate instrumentation
data with models in real-time, allowing these models to dynamically manage the use and
acquisition of data. DDDAS-based methods adapt to the ever-changing nature of
real-world systems, providing a robust and flexible framework for various applications
that demand real-time data integration and dynamic system adaptability. Generative
Adversarial Networks (GANSs) are extensively used for image translation in dynamic
data-driven applications systems (DDDAS) to generate augmented data for near-real
support to deployed systems [74]. Notable techniques include pix2pix for paired image
translation and CycleGAN for unpaired image translation [13,75]. GAN-based methods
use continuous feedback from the discriminator to produce realistic images closely
approximating the ground truth, significantly advancing the field of image
translation [76—78]. However, GANs face challenges like training difficulties, vanishing

gradients, and poor interpretability.
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Paired Image Diffusion Schrodinger Bridge

Figure 4.1: Image Generating via Diffusion Schrodinger bridge

To overcome these issues, diffusion-based methods for image translation have
been explored [79]. Traditional diffusion models progressively denoise an image until it
transforms into Gaussian noise, learning the reverse process to generate new
images [80,81]. However, these models struggle with paired image translation. To address
this, the Diffusion Schrodinger Bridge (DSB) has been proposed as an innovative
generative model, combining the Schrodinger Bridge framework with the diffusion
process to transition smoothly between distributions and generate high-quality images.

DSB has shown promising results in various applications. De Bortoli explored its
use in score-based generative modeling, demonstrating its versatility [82]. Liu
demonstrated its effectiveness in 12 translation [?], and Chen highlighted its superiority in
text-to-speech synthesis compared to traditional diffusion models [?]. However, previous
applications of DSB have focused on image restoration and colorization, not on
cross-modal image translation tasks. Additionally, there has been no practical
implementation of DSB in the field of satellite imagery. To address the cross-modal image

translation gap, and achieve stable, highly interpretable image translation, we propose the
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application of the diffusion Schrodinger bridge in multimodal image translation tasks. As
shown in Fig. 4.1, the red arrows in the figure represent the sampling process, the Paired
Image Diffusion Schrodinger Bridge (DSB) can transform a noisy image at# = 1 into a
clear image at t = O through intermediate states. In addition to denoising, we have
accomplished translation between paired SAR and IR, as well as SAR and EO images,
based on the diffusion Schrodinger bridge framework. These tasks are crucial because
they enable the fusion of complementary information from different sensor modalities,
improving overall situational awareness and enhancing the quality of remote sensing
applications. Remarkably, with only 500 pairs of data, yielding results comparable to

those of pix2pix trained on a significantly larger dataset.

4.2 Diffusion Model and Schrodinger Bridge

A diffusion model is a class of generative models that simulates the process of
gradually adding noise to data until it becomes indistinguishable from random noise, and
then learns to reverse this process to generate data from noise [78]. The concept is
insmured by the physical process of diffusion, where particles move from areas of higher
concentration to lower concentration, leading to an equilibrium state. In the context of
machine learning, diffusion models are trained through a sequence of forward steps that
progressively corrupt the data with noise, followed by a learned reverse process that aims
to reconstruct the original data from the noisy state. The reverse process is tymucally
achieved through a neural network that is trained to predict earlier, less noisy states of the
data given its current state. Diffusion models have shown remarkable success in
generating high-quality, diverse samples in various domains such as images, audio, and
text, distinguishing themselves by their ability to model complex data distributions and

produce outputs with high fidelity and variation [80, 81].
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The Schrodinger Bridge (SB), dating back to Schrodinger [83] and revisited by
Léonard [84], is conceptualized as an entropy-regularized variant of the classical optimal
transport problem. This framework encompasses the subsequent stochastic differential

equations (SDEs):

dXt [f[ + ﬁtVIOgV Xt, dt + d"Vt (41)

d%: = [f; — BV 1logu(X;,1)] dt + /B dW; (4.2)

where f is the drift term, W is the Wiener process, 3 is a constant, Xy ~ p4 and X ~ pp
are distributed according to the boundary conditions in two discrete domains. The
potentials v and u, belonging to the space C12(R? x [0, 1]), are dynamic entities governed
by the ensuing coupled partial differential equations (PDEs). Here, the superscript 1,2
indicates that the functions have continuous first-order derivatives with respect to time and

continuous second-order derivatives with respect to spatial variables.

d 1

Vg;’” = =V (i) + 3Bl 43)
d - 1

“g;’t) = V- (fiu) + 5 BrAu (4.4)

subject to the initial and terminal distribution conditions:

v<x7 O) = PA (x)a u(x, 1) = pB(x) 4.5)

In the formulation egs. (4.1) to (4.5), the path probability measures induced by the

SDEs in (4.3) and (4.4) coincide almost surely, reminiscent of the equivalence established
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in the earlier SDEs. Consequently, the marginal probability densities, hereinafter denoted
by ¢(+,1), are correspondingly equivalent.

The insights from existing diffusion models, score-based generative models, and
the Schrodinger Bridge problem will inform the development of xDSBMIT. By
integrating the stability and interpretability features of the Schrodinger Bridge with the
robust image generation capabilities of diffusion models, our approach aims to enhance
multimodal image translation. The related works provide foundational principles and
techniques that are crucial in formulating and optimizing the Explainable Diffusion Model
via Schrodinger Bridge in Multimodal Image Translation framework, which we detail in

the subsequent method section.

4.3 xDSBMIT Method

We begin by introducing the fundamental principles underlying our approach. The
xDSB leverages the probabilistic nature of diffusion models to transition between image
distributions. Specifically, xXDSB models the distribution of paired images in the source
and target domains, ensuring that essential features of the source images are preserved in
the translation process. This is achieved through the Schrodinger Bridge problem, which
formulates a continuous path between two probability distributions. The path minimizes
the Kullback-Leibler (KL) divergence between the distributions, leading to an optimal
transport solution.

To formalize this, let 1 € &y represent the distribution sequence of diffusion
paths, with iy = ps and yy = pp indicating the source and target distributions,

respectively. The objective is to find u* that satisfies:

pr= argﬁgn{KL(HHHref) LU E PNy1s Mo = PasMN = PB}- (4.6)
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In multimodal contexts, the distribution of paired images involves diverse
modalities [85, 86], such as SAR and IR, ensuring the translation preserves the
modality-specific features.

The xDSB training algorithm follows the iterative proportional fitting procedure
(IPF) [87] to refine the distribution sequence (. The goal is to adjust u iteratively until

convergence, ensuring that iy ~ p4 and uy ~ pg. The IPF updates are given by:

2n+1

pt = argnhin{KL(uHuz”) {1 E Pyi1. My = pB} (4.7)

2n+2

w = argmin{KL(u ")

TUE PNi1, o= DA} (4.8)

Each iteration alternates between optimizing the distribution at the source and
target ends, gradually refining the transition path to minimize the overall divergence. This
method accounts for the multimodal nature of image distributions by considering the
unique characteristics of each modality in the optimization process.

For a static version of the problem, we consider the entropy-regularized optimal
transport, which links the Schrodinger Bridge problem with traditional optimal transport
theory. The SB approach ensures the convergence of the distribution sequence by

balancing the entropy terms with the transport cost:

Hiiaic = argmin { £ |[xo x| ~207H () : i € P2pto = pativ=pp}- (49)

The Diffusion Schrédinger Bridge (DSB) combines the dynamic aspects of
diffusion processes with the optimal transport properties of the Schrodinger Bridge. In

DSB, the forward and backward transition probabilities are updated iteratively to ensure

28



convergence towards the equilibrium state [88]. The forward and backward passes are

given by:

Prg1) (1 [xe) = N 150 + ¥/t (), 2%1), (4.10)

Q1 e e 1) = N1+ Wbrr (1), 2%10). (4.11)

where ¥ is a constant and / is the identity matrix. The training loss functions for
DSB are defined to minimize the discrepancies between the forward and backward

transitions:

B 2
Lity = E(x[+l,xt)Np;1+l . [||B?+1(xt+1) — (g1 T F () = F' (xr11)) ] ,  (412)

F 2
L1 = B gt G = G B et =BRGP @a3)

where B and F are two learnable neural networks. The diffusion process of DSB
optimizes towards a static goal.

The Explainable Diffusion Model via Schrodinger Bridge (xDSB) integrates
diffusion models with the Schrodinger Bridge framework to enhance the stability and
interpretability of multimodal image translation. Diffusion models simulate the gradual
addition of noise and learn to reverse this process through denoising steps, generating
high-quality images. Score-based generative models iteratively refine samples using the
score function, the gradient of the log probability density. The Schrédinger Bridge
provides an optimal transport solution by creating a continuous path between two

probability distributions, minimizing the Kullback-Leibler divergence. In xDSB, iterative
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proportional fitting (IPF) refines the distribution sequence to ensure convergence towards
an optimal transport path [89]. The model combines static entropy-regularized optimal
transport with dynamic diffusion processes, optimizing transitions using neural networks.
This approach ensures equilibrium states, enhancing the quality and efficiency of image

translations across different modalities. The algorithm design is as follows:

Algorithm 1 Training the xDSB Model

1: Input: py(-) and pg(-|X) datasets

2: Initialization: Initialize y and model parameters 6

3: repeat

4: Samplet ~ 7 ([0,1])

5 Sample Xo ~ pa(Xo), X1 ~ pp(X1|Xo)

6:  Compute X; ~ q(X;|Xp,X) according to the Schrédinger Bridge formulation
7. Update u using iterative proportional fitting (IPF)

8:  Perform gradient descent step on £(X;,t;60)

9: until convergence =0

Algorithm 2 Generating Images with the Trained xDSB Model

1: Input: Xy ~ pp(Xy), trained £(-,-;0)

2: forn=Nto1ldo

3: Predict X§ using &(Xp,1,;0)

4:  Sample X,,_| ~ p(X,—1|X§,Xn) according to the trained model
5: end for

6: Output: Xy =0

30



CHAPTER FIVE

TRANSTRANS:A REPRESENTATION-LEVEL TRANSLATION

5.1 Multimodal Sentiment Analysis

The advent of digital media has led to an explosion in the availability of
multimodal data, which includes a combination of audio, text, and visual
information [90]. The rich and diverse data opens new avenues for research in fields such
as sentiment analysis, where understanding human sentiment through different modalities
can enhance user experiences, detect emotional well-being, and predict consumer
behavior [91]. Traditional sentiment analysis models primarily focused on a single
modality, usually text [92]. However, relying solely on text can be limiting, as it often fails
to capture the full spectrum of human emotions. For instance, intonation and pitch in
audio, or facial expressions in video, provide crucial context that can significantly
influence the interpretation of sentiment [93,94]. Multimodal sentiment analysis leverages
the complementary information provided by different modalities to enhance the accuracy
and robustness of sentiment predictions [55], and has consequently emerged as a powerful
approach by integrating multiple data sources to achieve a more comprehensive
understanding of sentiment [95].

Recent advances in deep learning, particularly with Transformer architectures,
have further revolutionized the field of multimodal sentiment analysis [17]. Transformers,
introduced by Vaswani et al., have demonstrated remarkable success in various domains,
including natural language processing (NLP) and computer vision [17]. Their ability to
model long-range dependencies and handle different types of input data makes them
particularly well-suited for multimodal tasks [96]. For example, the Multimodal

Transformer (MulT) by Tsai et al. utilizes cross-modal attention to effectively capture
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interactions between audio, text, and visual modalities, significantly improving sentiment
analysis performance [55].

Despite these advancements, the robustness of multimodal models in the presence
of missing or incomplete data is a critical challenge remains [97]. Real-world applications
often encounter scenarios where one or more modalities may be unavailable or corrupted.
This missing data can severely impact the performance of multimodal framework, as they
rely on the complementary information from all modalities [97]. Current
Transformer-based models, while effective in handling multimodal data, struggle to
maintain robustness when faced with missing modalities.

Translation-based model can predict and compensate for missing data, ensuring
reliable sentiment analysis even when some modalities are absent [47-49, 53]. However,
these methods inadequately harness the inherent strengths of individual modalities and
employ an excessively intricate translation framework. To address this research gap, we
propose a novel Transformer-based translation-driven multimodal sentiment analysis
system named TransTrans. Our framework integrates the strengths of Transformer
architectures with a translation-based approach to enhance robustness against missing
modalities, and different pre-trained models were applied to extract features specific to

each modality.

5.2 Transformer-based and Translation-based Method

Transformer models, known for their ability to handle long-range dependencies,
have become fundamental in multimodal sentiment analysis. Their adaptability across
tasks allows for effective fusion of different modalities, such as audio, text, and visual
data. The Multimodal Transformer (MulT) by Tsai et al. [S5] and other models like MISA
model by Hazarika et al. [98] have demonstrated significant improvements in sentiment

analysis by employing cross-modal attention mechanisms to capture interactions between
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modalities. These advancements underline the potential of transformer-based models in
achieving state-of-the-art performance across various benchmarks. Additionally, Yu et
al. [54] presented a hierarchical Transformer model that captures both intra-modal and
inter-modal interactions for sentiment analysis, demonstrating significant improvements
over traditional methods.

More recently, Wang and Liu proposed a cross-modal Transformer architecture for
sentiment analysis, which uses a dual-stream approach to process and fuse multimodal
data [99]. This model outperformed existing methods by effectively capturing the
interactions between different modalities. Similarly, Wang and He introduced a
multimodal sentiment analysis framework based on a hybrid Transformer architecture,
combining cross-modal and intra-modal attention mechanisms to achieve state-of-the-art
performance [100]. However, these models didn’t consider the scenarios of missing or
unreliable modalities, which causes performance deterioration under such scenarios.
Translation-based approaches have gained significant attention in multimodal sentiment
analysis due to their ability to handle missing or noisy data by translating features across
different modalities, thereby enhancing model robustness. Liang et al. utilized translation
mechanisms within multimodal transformer networks, translating modalities into a shared
space to facilitate sentiment analysis in video-grounded dialogue systems [47]. This
approach simplifies the fusion process and improves robustness, but may lead to
information loss when dealing with significant modality differences, affecting sentiment
prediction precision. Tsai et al. proposed a factorized multimodal representation approach
that translates information across modalities to enhance sentiment-related features [48].
While this method captures interdependencies effectively, it might struggle with complex
multimodal interactions, potentially compromising predictive performance.

Pham et al. introduced a cyclic translation mechanism to learn robust joint

representations by cyclically translating features between modalities [49]. This method
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maintains high performance even with incomplete data, but the potential introduction of
redundant information can increase training complexity. Additionally, the MTMSA model
presented by Liu et al. specifically addresses the challenge of uncertain missing modalities
by translating visual and audio data into text, utilizing a transformer-based network to
ensure robust sentiment predictions even under incomplete data conditions [53].

Our model differentiates itself from the aforementioned translation-based models
by leveraging the unique strengths of each modality through modality-specific pre-trained
models, integrated within a streamlined Transformer architecture. Unlike existing
methods, it avoids complex translation mechanisms, instead directly aligning features
across modalities, reducing information loss and computational complexity while

maintaining robustness and accuracy, even with incomplete data.

5.3 TransTrans Framework

The proposed framework, TransTrans, consists of three core components:
modality-specific feature extraction, translation and concatenation, and sentiment
prediction. For feature extraction, the framework uses pre-trained models tailored to each
modality, ensuring optimal feature representation for audio, text, and visual data. The
extracted features are then passed through a translation mechanism to handle potential
missing modalities by predicting the absent data and combining it with the available
modalities. This approach ensures robust sentiment prediction, even when some modality
data is incomplete, enhancing the overall reliability of the model. Fig. 5.1 illustrates the
overall architecture of our system.

We utilize three state-of-the-art models for feature extraction from audio, text, and

visual data:

* CLAP (Contrastive Language-Audio Pretraining): A pre-trained model designed

for extracting high-level audio features [101].
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Figure 5.1: The Architecture of TransTrans.

* BERT (Bidirectional Encoder Representations from Transformers): A widely-used

model for capturing contextual information from text [102].

¢ ViViT (Video Vision Transformer): A Transformer-based model tailored for visual

data analysis [103].

Each model processes its respective modality, generating feature representations
RA, RT, and RV .
Let Uy, Ur, and Uy denote the input data for audio, text, and visual data,

respectively. The modality-specific feature extraction can be formulated as follows:

R, = CLAP(Uy)

Ry = BERT(Uy)

35



Ry = ViViT(Uy)

5.4 Translation and Prediction

To handle cases where one or more modalities are missing, our framework

implements specific strategies for each scenario, as illustrated on the right side of Fig. 5.1.

5.4.1 Missing Text

In the case of missing text, we do not require additional training. Instead, we
employ GPT-2 to perform cross-modal translation from audio to text. The audio features
R, are directly passed through a GPT-2 model that generates the corresponding textual
features Ry. This predicted text representation is then used alongside the available

modalities.

5.4.2 Missing Audio

For missing audio, the available text features Ry are first extracted using BERT.
These text features are then passed through four Transformer blocks to predict the missing
audio features R. The training of these blocks is guided by a reconstruction loss, defined
as:

Zaudio = 3 Y IRy — Ry |2

1 N
i=1

This loss ensures that the predicted audio features closely match the original audio

features when available.
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5.4.3 Missing Video

Similarly, when the video modality is missing, the model uses both available audio
and text features R4 and R7. These features are concatenated and passed through a
separate set of Transformer blocks to predict the missing visual features Ry. The

reconstruction loss for the visual modality is defined analogously:

1 X R
Liideo = Y IRy — Ry
i1

This approach ensures that the model can robustly handle cases where one or more

modalities are absent by effectively reconstructing the missing modality features.

5.4.4 Sentiment Prediction

After obtaining the fused representation Ryygion, Which is a concatenation of Ry,
R7, and Ry or their predicted version, the model proceeds to sentiment prediction using a
series of Transformer blocks. Through extensive testing, we determined that utilizing 12
Transformer blocks yields the best performance. These blocks are trained to predict
sentiment using a combination of cross-entropy loss and mean squared error loss.

For classification tasks, the cross-entropy loss -Z is defined as:

c
Zeg =— Y, yilog(5i)
i=1

where C is the number of sentiment classes, y; is the true label, and ; is the
predicted probability.
For regression tasks, particularly when predicting continuous sentiment scores, the

mean squared error loss Ay sE is used:

1Y
IMSE = 5 Y (i —vi)?
=1
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These losses guide the training of the Transformer blocks, ensuring that the model

can accurately predict sentiment based on the fused multimodal representation.
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CHAPTER SIX

RESULTS

6.1 Image-to-Image Translation

In our study, we utilize a comprehensive collection of datasets spanning different
imaging modalities to support our research on multi-modal image translation which is one
key application of end-to-end translation. Synthetic Aperture Radar (SAR) images capture
radar signal representations of the Earth’s surface, providing valuable data under
conditions where optical sensors might fail, such as in adverse weather. Infrared (IR)
images offer critical insights into thermal properties of the landscape, important for
environmental monitoring. Electro-optical (EO) sensors contribute images in the visible
spectrum, including both RGB and grayscale images, which are predominantly used in
computer vision applications due to their detailed representation of visible light
information. Lastly, the RGB images provide high-resolution, color imagery of
agricultural and urban landscapes. The data in our experiments are sourced from the
UNICORN dataset and the PBVS 2024 public competition. The UNICORN dataset
comprises paired SAR and EO data, while the dataset provided in the PBVS 2024 open
competition includes paired SAR, IR, and RGB data, as illustrated in Fig. 6.1. These
datasets form a robust foundation for exploring and enhancing techniques in image
translation across various modalities.

Using an NVIDIA RTX8000 GPU, xDSBMIT demonstrated significant efficiency
compared to DDPM. During the training phase, xDSBMIT had notably lower runtimes, as
shown in Fig 6.2, it took 4.3 hours to train on 1000 data points, whereas DDPM required
7.5 hours. Similarly, in the testing phase, as shown in Fig 6.3, xXDSBMIT completed

testing in 2.5 hours for 1000 data points, compared to 3.8 hours for DDPM. Overall,
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Figure 6.1: Paired Images: SAR, IR and RGB

xDSBMIT exhibited superior efficiency in both training and testing, highlighting its
advantages for real-world applications.

The SAR2IR task utilizes the dataset provided in the PBVS 2024 open
competition. As shown in Fig. 2, we demonstrated the feasibility of translating Synthetic
Aperture Radar (SAR) images into Infrared (IR) imagery. The translated IR images
effectively reconstructed the primary contours and structural details present in the original
SAR data, as evidenced by the image sequence in the middle column of Fig. 6.4.
However, despite these promising results, the translated images exhibited diminished
brightness and were unable to capture some finer details compared to the original IR
images. These observations suggest that while the approach is effective in capturing major
features, further refinement is needed to enhance the detail fidelity and brightness levels of
the translated images, thus improving their utility for practical applications in remote
sensing.

In the subsequent SAR2EOQ translation experiment, notable advancements were

achieved using a relatively modest dataset of only 500 training images from UNICORN

40



Training Runtime vs. Data Volume

8 -
xDSBMIT

= | = DDPM
1
3
(o]
<
(V)
S
= a
c
3
(-4
o
£ 5
£
o
=

0 L

0 500 1000

Data Volume

Figure 6.2: Training Runtime

dataset. Despite the limited data, our approach surpassed the performance benchmarks set
by well-established frameworks such as pix2pix, pix2pixHD, and traditional GAN
models. The results indicate a significant improvement not only in the accuracy of the
translated EO images but also in the clarity and color fidelity. This breakthrough
demonstrates the potential of our model to efficiently learn and generalize from sparse
datasets, outperforming existing methods in both qualitative and quantitative evaluations.
The successful application with minimal training data underscores our model’s robustness
and efficiency, suggesting it as a highly effective tool for enhancing EO image generation
in remote sensing technologies. Table 6.1 provides a performance comparison of different
image translation methods for SAR2EQO. Our model, referred to as EDSB-500, exhibits
superior performance across both LPIPS and FID metrics. Specifically, EDSB-500

achieved an LPIPS score of 0.35 and an FID score of 0.10, outperforming the GAN-500,
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pix2pix-500, and pix2pixHD-500 models, which recorded higher LPIPS and FID scores.
LPIPS (Learned Perceptual Image Patch Similarity) measures the perceptual similarity
between generated and real images. The LPIPS is constructed based on the VGG-16 [104]
architecture. Lower LPIPS scores indicate higher perceptual quality, as the generated
images are closer to the real ones in terms of human visual perception. In our experiment,
the EDSB-500 model achieved the lowest LPIPS score, suggesting that it produces more
perceptually accurate images compared to the other models. FID (Fréchet Inception
Distance) evaluates the quality of generated images by comparing the distributions of real
and generated image features extracted by a pre-trained Inception network [105]. Lower
FID scores indicate that the generated images have a distribution closer to the real images,
thus reflecting higher quality. The EDSB-500 model achieved the lowest FID score,

indicating a significant improvement in image quality and fidelity over the other models.
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SAR IR Ground Truth

Figure 6.4: SAR2IR translation. Left: SAR. Middle: IR generated via translation. Right:
Ground Truth of IR.
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These results highlight the effectiveness of our model in generating high-quality EO

images from SAR data, even with a limited training dataset.

Table 6.1: Performance comparison of different image translation methods for SAR2EO

LPIPS FID
GAN-500 052 0.44
pix2pix-500 048 0.7

pix2pixHD-500  0.45  0.18
xDSBMIT-500 0.35 0.10

6.2 Multimodal Sentiment Analysis

To show the performance of reprensentation-level translation, we evaluate the
TransTrans framework on two benchmark datasets of multimodal sentiment analysis,
CMU-MOSI and CMU-MOSEI. Each dataset contains synchronized audio, text, and
visual data with sentiment annotations. The evaluation metrics include Mean Absolute
Error (MAE), Correlation (Corr), two-class accuracy (Acc-2), F1 score, and seven-class
accuracy (Acc-7).

Firstly, to find out the original capability, we conducted a series of experiments to
compare the performance of TransTrans with other state-of-the-art multimodal sentiment
analysis models, including TFN [106], ICCN [107], MulT [55], BERT [102],

Self-MM [45], and Modified TEASEL [108], with all three modalities presented. The
results are summarized in Table 1.
As shown in Table 1, TransTrans achieves the best performance across all metrics,

including the lowest MAE of 0.628, the highest correlation of 0.833, the highest two-class
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Table 6.2: Performance comparison with state-of-the-art sentiment analysis models on
CMU-MOSI.

Model MAE Corr Acc-2 Fl Acc-7
BERT 0.739 0.782 8520 85.20 -
Self-MM 0.713 0.798 8598 8594 -
TFN 0.901 0.698 80.28 80.77 34.94
ICCN 0.860 0.710 83.00 83.21 39.23
MulT 0.871 0.698 83.02 82.80 40.10

TEASEL 0.632 0.812 8692 8531 45.52
TransTrans 0.628 0.833 87.24 854 46.68

accuracy of 87.24%, the high F1 score of 85.4%, and the highest seven-class accuracy of
46.68%. These results demonstrate the effectiveness of our translation-based approach in

enhancing the robustness and accuracy of multimodal sentiment analysis.

Table 6.3: Comparison of translation-based methods in missing modality experiments on
CMU-MOSI.

Model Acc-0.2 Acc-0.5
AE 78.03 69.30
MCTN 77.21 69.98
MTMSA 83.85 79.16

TransTrans 83.93 78.34

Then it’s the experiments of missing modalities. We simulate the scenarios by
randomly deleting specific level of original data from each modality and compare
TransTrans with other translation-based sentiment analysis methods. There are three
experiments corresponding to missing audio, missing text and missing video, individually.

The results are the average of the three experiments. Table 2 presents the results on the
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CMU-MOSI dataset. Acc-0.2 corresponds to the condition where 20% of a single
modality is missing, while Acc-0.5 represents the scenario where 50% of a modality is
missing.

From the results, it is evident that TransTrans model achieves the best or close to
the best performance in both scenarios, obtaining 83.93% for Acc-0.2 and 78.34% for
Acc-0.5. This demonstrates that TransTrans is highly effective at handling missing
modalities, maintaining robust accuracy even when 50% of the modality data is absent.
MTMSA obtains 83.85% for Acc-0.2 and 79.16% for Acc-0.5, which is comparable to the
performance of TransTrans. Other models, such as AE [109] and MCTN [49], show
significantly lower performance, particularly under the Acc-0.5 condition. This highlights

the robust performance of TransTrans model in dealing with substantial modality loss.

Table 6.4: Ablation study on translation mechanism in CMU-MOSI

Modality Combination Model Accuracy

Video+Audio Self-MM 0.783
TransTrans 0.832
Video+Text Self-MM 0.830
TransTrans 0.847
Text+Audio Self-MM 0.649

TransTrans 0.825

We also performed an ablation study to evaluate the impact of the translation
mechanism on our model’s performance. The results are summarized in Table 3. We
tested the accuracy of our model under different modality combinations when one

modality is missing.
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Confusion Matrices of TransTrans on CMU-MOSI and CMU-MOSEI
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Figure 6.5: Confusion Matrices of TransTrans on CMU-MOSI and CMU-MOSEI

The results in Table 3 show that our model consistently outperforms the baseline
Self-MM [45] across all modality combinations. For instance, when visual modality is
missing, our model achieves an accuracy of 0.832 compared to 0.783 with the Self-MM
model. Similarly, when the text modality is missing, our model achieves an accuracy of
0.847 compared to 0.830 with the Self-MM model. These improvements highlight the
effectiveness of our translation mechanism in handling missing modalities.

These experimental results validate the effectiveness of TransTrans framework in
multimodal sentiment analysis. By incorporating a translation mechanism, TransTrans not
only improves the robustness of the system against missing modalities but also enhances
the overall performance across various metrics.

Fig. 6.5 shows the confusion matrices for the TransTrans model on the
CMU-MOSI and CMU-MOSEI datasets, providing a comprehensive view of the model’s
classification performance across various emotions. The model demonstrates good

accuracy in predicting “Sad” and “Happy” emotions, achieving 65.03% and 79.08% on
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CMU-MOSI, and 59.92% and 78.27% on CMU-MOSEI, respectively. However, it is
evident that “Disgust” and “Fear” are more challenging to classify, as these emotions are
frequently misclassified. The model shows a significant tendency to confuse “Disgust”
with “Angry” and struggles with distinguishing “Fear” from other emotions, indicating
that these two categories share overlapping features that the model finds difficult to
separate. This consistent challenge across both datasets highlights the need for further
refinement in handling subtle and complex emotional expressions, particularly for

“Disgust” and “Fear”.
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CHAPTER SEVEN

CONCLUSION

7.1 Overview of Thesis

This thesis has explored translation-based multimodal learning, focusing on two
complementary models: xXDSBMIT and TransTrans. The xXDSBMIT framework integrates
the Diffusion Schrodinger Bridge model for image translation tasks, specifically
addressing the challenges of translating SAR to EO and IR images. This approach
provided significant improvements in translation quality, even with limited datasets,
demonstrating stability and interpretability through its unique integration of diffusion
processes. TransTrans, on the other hand, tackled the issues of multimodal sentiment
analysis, leveraging translation-driven learning to handle missing modalities using
Transformer-based architecture. By focusing on representation-level translation,
TransTrans demonstrated resilience and accuracy in sentiment prediction, outperforming
existing models, especially in scenarios with incomplete data.

The thesis provided a detailed experimental evaluation of these models, showing
that both xXDSBMIT and TransTrans contribute substantially to advancing the
state-of-the-art in their respective application domains. xDSBMIT excels in interpreting
and generating high-quality image translations from different sensor modalities, while
TransTrans effectively manages multimodal data for sentiment analysis, even under
missing data conditions. Together, these models reflect the power and potential of
translation-based multimodal learning in diverse fields, ranging from remote sensing to

social media analysis.
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7.2 Future Directions

While this thesis has addressed several challenges in translation-based multimodal
learning, there are numerous opportunities for further exploration. One promising
direction is enhancing the scalability of xDSBMIT to accommodate larger datasets and
different sensor modalities. Expanding its application to other domains, such as medical
imaging, climate analysis, or multimodal Unmanned Aerial Vehicle (UAV) data, could
further demonstrate its versatility and robustness. Additionally, optimizing the diffusion
process for computational efficiency may allow for faster training and inference times,
which is crucial for real-time applications.

For TransTrans, future work could focus on enhancing the model’s ability to
handle more complex missing modality scenarios, particularly involving dynamic data
like video or streaming information. Integrating additional modalities, such as
physiological signals like EEG and eye movement, could provide richer multimodal data
and improve sentiment analysis accuracy. Moreover, exploring unsupervised or
semi-supervised approaches could address the issue of data scarcity and reduce the
reliance on labeled datasets, making the model more adaptable to real-world applications.

Overall, the findings of this thesis lay the foundation for future advancements in
translation-based multimodal learning, and the proposed directions aim to further improve

robustness, applicability, and scalability in practical scenarios.
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