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Abstract: This survey paper aims to discuss the advancements in the field of multimodal document representation with a specific
focus on the fusion of textual and visual information. The overview begins with providing an historical context of multimodal
representation techniques, ranging from early hand- crafted feature-based approaches to recent advancements in deep learning.
Further the paper explores various strategies used to fuse multimodal information such as concatenation, attention mechanisms, and
shared layers. The paper also highlights various applications including image captioning, document retrieval, vi- sual question
answering, and multimedia analysis, to demonstrate the broad impact and significance of multimodal representation across diverse
domains. Despite the progress made in research and development of advanced techniques, challenges such as data heterogeneity,
scalability, and interpretability persist, which open up avenues for future research and development. Finally, the paper offers insights
into the current state-of-the-art techniques and identifies opportunities for advancing the field of multimodal document representation.
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1. Introduction

In this current era that is characterized by the proliferation
of digital content across diverse platforms, the development
of effective methods of understanding and organizing
information is the need of the hour. Multimodal document
representation, which encompasses the fusion of textual
data and visual data, has thus emerged as an effective
paradigm in this endeavor. By integrating multiple
modalities, multimodal document representation aims to
construct  comprehensive  and  semantically  rich
representations of digital content by enabling a deeper
understanding and more nuanced interpretation.

The significance of multimodal document representation
extends across a variety of applications, ranging from image
captioning and document retrieval to multimedia analysis
and content recommendation systems. In image captioning,
for instance, the ability to meaningfully integrate textual
descriptions with visual content is essential for generating
accurate and contextually relevant captions. Similarly, in
document retrieval tasks, the fusion of textual and visual
features can significantly enhance the relevance and
effectiveness of search results, thereby improving user
experience and efficiency.

The objective of this survey paper is to provide a com-
prehensive overview of existing literature on multimodal
document representation, with a specific focus on image-
text fusion. By synthesizing insights from a diverse array of
studies and methodologies, we aim to illuminate the current
state of-the-art techniques, challenges, and future directions
in this rapidly growing field. Through a systematic
exploration of the literature, we seek to offer valuable
insights and perspectives that can highlight future research
directions and practical applications.

Through this survey, we aim to address the following key
objectives:
e Provide a historical overview of the development of

multimodal representation techniques.

o Review and analyze existing methodologies and
approaches  used for  multimodal  document
representation.

« Discuss the applications and implications of multimodal
document representation in different domains.

« ldentify current challenges and opportunities for future
research in the field of multimodal document
representation.

By achieving these objectives, we aim to contribute to a
deeper  understanding of  multimodal  document
representation and its role in advancing information
processing and under- standing in the digital age.

2. Historical Overview

The evolution of multimodal representation techniques can
be traced back to the early years in the field of information
retrieval and multimedia analysis. These endeavors laid the
foundation for the development of methodologies aimed at
effectively integrating textual and visual modalities to
create comprehensive document representations.

Early methods of multimodal representation often relied on
handcrafted features and heuristic approaches. In the field
of document retrieval, for example, researchers explored
techniques such as bag-of-words models and vector space
models to represent textual documents. Concurrently, in the
domain of image analysis, basic features such as color
histograms and texture descriptors were employed to
characterize visual con- tent. While these early methods
provided initial insights into multimodal representation,
they were often limited by their dependence on manually
engineered features and simplistic fusion strategies.
Therefore, these handcrafted features lacked the ability to
capture complex relationships and semantic details present
in the multimodal data, leading to a suboptimal
performance in tasks such as image captioning and
document retrieval.
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The development of deep learning methods has led to a
paradigm shift in multimodal representation learning. With
the research and developments of neural network
architectures capable of automatically learning hierarchical
representations from raw data, researchers began to explore
more sophisticated fusion techniques. Models such as
convolutional neu- ral networks (CNNs) and recurrent
neural networks (RNNs) revolutionized the field by
enabling end-to-end learning of multimodal representations
from raw input data.

CNNSs, in particular, emerged as powerful tools for
extracting visual features from images, by leveraging their
ability to capture spatial hierarchies and local patterns.
Concurrently, RNNs proved efficient at modeling
sequential data such as textual documents, enabling the
creation of more contextually rich representations. Hence
the adoption of deep learning techniques facilitated the
effective integration of textual and visual modalities,
leading to significant advancements in tasks such as image
captioning, visual question answering, and document
retrieval.

Despite these advancements, various challenges remain in
effectively capturing the complex interplay between textual
and visual modalities, particularly in domains with
heterogeneous data sources and noisy input data.
Nevertheless, the historical evolution of multimodal
representation techniques highlights the continual progress
and innovation in the field, driving towards more robust and
semantically meaningful representations of digital content.

Handcrafted Feature- Based Approaches

The early approaches to multimodal representation often
relied on handcrafted features extracted from textual and
visual modalities. These methods aimed to capture principal
components of each modality and fuse them to create
comprehensive document representations.

3. Review of Early Methods

In the domain of textual document representation, bag-of-
words models and vector space models were commonly
used to encode the semantic content of documents. Bag-of-
words models represented documents as vectors of word
frequencies, capturing the distributional information of
terms within the document [1]. Vector space models, on the
other hand, employed techniques such as term weighting
and dimensionality reduction to create compact
representations of documents in high-dimensional spaces

2.

Similarly for visual data, early methods for visual document
representation focused on extracting low-level features such
as color histograms [3], texture descriptors [4], and shape
features [5]. These features aimed to characterize the visual
content of documents based on their properties such as
color, texture, and shape.

3.1 Advantages and Limitations

Handcrafted feature-based approaches offered several
advantages, including simplicity, interpretability, and

computational efficiency. By extracting predefined features
from textual and visual modalities, these methods provided
a transparent representation of document content,
facilitating easy interpretation by users and practitioners.
Moreover, the computational simplicity of handcrafted
features made them suitable for processing large-scale
datasets with limited computational resources.

However, the handcrafted feature-based approaches also
suffered from several limitations. One key limitation was
their inability to capture complex semantic relationships
and contextual information inherent in the multimodal data.
Handcrafted features often relied on predefined heuristics
and assumptions about the data distribution, leading to
suboptimal performance in tasks requiring detailed
understanding of document content.  Furthermore,
handcrafted feature-based approaches faced challenges in
handling data heterogeneity and modality mis- alignment.
In scenarios where textual and visual modalities exhibited
different statistical properties or varied in their semantic
content, handcrafted features often struggled to capture the
underlying relationships effectively. Additionally, the
manual engineering of features often required domain
expertise and extensive tuning, making it challenging to

generalize across different datasets and application
domains.
Despite these limitations, handcrafted feature-based

approaches created the foundation for subsequent
advancements in multimodal representation learning. They
provided valuable insights into the fusion of textual and
visual information and served as a benchmark for
evaluating the effectiveness of more sophisticated
techniques, such as deep learning-based approaches.

3.2 Deep Learning Approaches

In recent years, the advancement of deep learning has
revolutionized multimodal representation learning, thus
enabling the creation of more expressive and contextually
rich representations of multimodal data. This section
explores the recent advancements in deep learning
techniques for multimodal representation learning, with a
focus on popular architectures such as multimodal
transformers and convolutional neural networks (CNNs)
and their variants.

a) Multimodal Transformers

Multimodal  transformers extend the  transformer
architecture, which was originally developed for natural
language processing tasks, to handle multimodal inputs.
These models leverage self-attention mechanisms to capture
global dependencies between textual and visual features,
enabling the creation of comprehensive multimodal
representations. By attending to relevant information across
both modalities, multi- modal transformers can effectively
integrate textual and visual information, leading to
improved performance in tasks such as image captioning
and visual question answering [6].

b) CNNs and Their Variants
Convolutional neural networks (CNNs) have emerged as
powerful tools for extracting visual features from images,
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leveraging their ability to capture spatial hierarchies and
local patterns [7]. In the context of multimodal
representation learning, CNNs are often used to encode
visual content and extract high-level features that capture
the semantics of images. Variants of CNNs, such as region-
based CNNs and attention-based CNNs, have been
proposed to further enhance the representation of visual
content by attending to important regions and incorporating
contextual information.

c) Key Findings and Insights

Studies utilizing deep learning techniques for multimodal
representation learning have yielded several key findings
and insights. Firstly, deep learning-based approaches have
demonstrated superior performance compared to traditional
hand- crafted feature-based methods, particularly in tasks
requiring detailed understanding of multimodal data.
Secondly, multi- modal transformers have shown promise
in capturing complex relationships between textual and
visual modalities, leading to more robust and semantically
meaningful representations. Additionally, CNNs and their
variants have been instrumental in extracting discriminative
visual features from images, facilitating the creation of
more accurate and contextually relevant multimodal
representations.

Overall, the adoption of deep learning techniques has
enabled multimodal representation learning to reach new
heights, enabling the creation of more expressive and
informative representations of digital content. By
leveraging the complementary nature of textual and visual
modalities, deep learning- based approaches offer
opportunities for advancing our under- standing of
multimodal data and information processing and
understanding.

4. Fusion Techniques

Fusion techniques play a crucial role in integrating textual
and visual information to create comprehensive multimodal
representations.  This  section  discusses  various
methodologies employed in multimodal representation
learning, including concatenation, attention mechanisms,
and shared layers.

a) Concatenation

Concatenation is one of the simplest methodology used to
combine textual and visual features [8]. In this approach,
the features extracted from textual and visual modalities are
con- catenated into a single vector representation. This
concatenated vector serves as the input to subsequent layers
for  further  processing. While concatenation s
straightforward and easy to implement, it may suffer from
the curse of dimensionality when dealing with high-
dimensional feature vectors. Addition- ally, concatenation
does not explicitly model the relationships between textual
and visual features, potentially limiting its effectiveness in
capturing complex interactions.

b) Attention Mechanisms

Attention mechanisms have gained popularity in
multimodal representation learning for their ability to
selectively attend to relevant information from both textual

and visual modalities [9]. In this approach, attention
weights are computed based on the similarity between
textual and visual features, allowing the model to focus on
important regions or words in the input data. Attention
mechanisms enable the creation of dynamic and
contextually relevant representations by adaptively
weighting the contributions of different modalities.
However, designing effective attention mechanisms
requires careful consideration of factors such as attention
granularity, scalability, and interpretability.

c) Shared Layers

Shared layers leverage the idea of parameter sharing to
jointly model textual and visual information [10]. In this
approach, a shared neural network architecture is used to
extract features from both modalities simultaneously. By
sharing parameters between textual and visual encoders of
the network, shared layers enable the model to capture
common patterns and relationships across modalities. This
approach is particularly useful when dealing with aligned
textual and visual data, such as in image captioning tasks.
However, shared layers may struggle to capture modality-
specific details and may not be well-suited for tasks
involving heterogeneous data sources.

d) Comparison and Contrast

Each fusion method has its strengths and limitations,
making them suitable for different scenarios and tasks. Con-
catenation offers simplicity and ease of implementation but
may struggle with high-dimensional feature vectors.
Attention mechanisms enable the model to selectively
attend to relevant information but require careful design and
tuning. Shared layers facilitate joint modeling of textual and
visual information but may overlook modality-specific
details. Ultimately, the choice of fusion technique depends
on factors such as task requirements, data characteristics,
and computational constraints.

5. Applications

Multimodal document representation finds applications
across various domains, ranging from image captioning and
document retrieval to visual question answering and multi-
media analysis. This section surveys the diverse
applications of multimodal representation and highlights
key findings and advancements in each application domain.

a) Image Captioning

Image captioning involves generating natural language
descriptions for images, thereby bridging the gap between
textual and visual modalities. Multimodal representation
techniques play a crucial role in this task by integrating
visual features extracted from images with textual
embeddings [11]. Recent advancements in multimodal
transformers and attention mechanisms have led to
significant improvements in image captioning performance.
These techniques enable models to capture fine-grained
relationships between visual and textual information,
resulting in more accurate and contextually relevant image
captions.

b) Document Retrieval
Document retrieval aims to retrieve relevant documents
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from a large corpus in response to user queries [12].
Multimodal representation techniques enhance document
retrieval by leveraging both textual and visual features to
create more informative document representations. Fusion
strategies such as concatenation and attention mechanisms
have been successfully applied to integrate textual and
visual information, leading to improved retrieval
performance. Additionally, multi- modal transformers have
shown promise in capturing semantic relationships between
documents and images, facilitating more accurate and
contextually relevant retrieval results.

c) Visual Question Answering (VQA)

Visual question answering involves answering natural
language questions about images, requiring models to
understand both textual and visual content. Multimodal
representation techniques enable models to effectively
integrate information from both modalities, enabling
accurate and contextually relevant responses [13]. Recent
advancements in attention mechanisms and multimodal
transformers have led to significant improvements in VQA
performance. These techniques allow models to selectively
attend to relevant regions in images and words in questions,
resulting in more accurate and interpretable answers.

d) Multimedia Analysis

Multimedia analysis encompasses a wide range of tasks,
including  content-based  image  retrieval,  video
summarization, and multimedia event detection.
Multimodal representation techniques facilitate multimedia
analysis by enabling models to capture rich and
contextually relevant representations of multimedia data.
Fusion strategies such as shared layers and attention
mechanisms have been successfully applied to integrate
textual and visual features, leading to improved
performance in various multimedia analysis tasks.

e) Key Findings and Advancements

Across all application domains, key findings and
advancements in multimodal representation learning have
centered around the effectiveness of fusion techniques in
integrating textual and visual information. Attention
mechanisms and multimodal transformers have emerged as
powerful tools for capturing complex relationships between
modalities, leading to more accurate and contextually
relevant representations. Additionally, the adoption of deep
learning techniques has facilitated the creation of more
expressive and informative representations of multimodal
data, driving advancements in various application domains.

6. Challenges and Future Directions

Current challenges in multimodal document representation
include addressing data heterogeneity, ensuring scalability,
and enhancing interpretability. Data heterogeneity poses a
significant challenge due to the diverse nature of textual and
visual data sources, requiring robust fusion techniques that
can effectively handle varied modalities. Scalability is
another concern, as multimodal representation methods
must scale efficiently to handle large datasets and real-time
processing demands. Additionally, ensuring interpretability
remains crucial for understanding and validating the
representations learned by multimodal models. Future

research directions may involve exploring novel fusion
strategies, developing scalable algorithms, and enhancing
interpretability through model explainability techniques
such as attention visualization and feature attribution
methods. Furthermore, investigating the integration of
multimodal representation with emerging technologies such
as reinforcement learning and graph neural networks holds
promise for advancing the field and addressing these
challenges effectively.

7. Conclusion

In this survey paper, we have explored multimodal
document representation for image-text fusion, spanning
from early handcrafted feature-based approaches to recent
advancements in deep learning techniques. Through our
examination of various fusion strategies, including
concatenation, attention mechanisms, and shared layers, we
have highlighted the versatility and effectiveness of
multimodal representation methods in integrating textual
and visual information. By surveying applications such as
image captioning, document retrieval, visual question
answering, and multimedia analysis, we have illuminated
the broad impact and significance of multimodal
representation across diverse domains. However, despite the
remarkable progress achieved thus far, challenges such as
data heterogeneity, scalability, and interpretability persist,
which creates opportunities for future research and
development. Ad- dressing these challenges and exploring
novel fusion strategies through future research and hold
promise for advancing the field of multimodal document
representation  and  information  processing  and
understanding in the digital age.
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