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Abstract

In the past few years, the realm of deep learn-
ing has captivated widespread interest, with
multimodal deep learning (MMDL) rising as
an exceptionally promising area. MMDL spe-
cializes in processing and amalgamating data
from varied communication channels, includ-
ing text, speech, vision, and spatial indicators.
This article delivers an exhaustive exploration
of MMDL methodologies and their expansive
applications. Furthermore, we delve into a
detailed examination of diverse MMDL tech-
niques, encapsulating the progression of model
architectures, advancements in data augmenta-
tion, refresh methods, and optimization tactics.
The main goal of this review is to tackle the
pressing challenges and delineate the trajec-
tory for future research in the dynamic field of
deep learning, especially focusing on the era of
Large Language Models (LLMs). We believe
that this comprehensive review will greatly en-
hance the comprehension of MMDL and act as
a crucial tool for researchers aiming to delve
into new and promising research paths.

1 Introduction

Multimodal deep learning is a promising technique
that utilizes information from multiple modalities,
including vision, text, audio, and others, to enhance
learning outcomes (Summaira et al., 2022). The
exponential growth of knowledge in our world has
created a need for more efficient and effective learn-
ing approaches. Humans have the ability to lever-
age cross-modal information to efficiently learn
new concepts, which has inspired the development
of multimodality (Vasco et al., 2022; Lin et al.,
2023).

Multimodality is fundamental to many areas of
our society, such as scientific research (Nancekivell
et al., 2021; Yan et al., 2022), education (Magnus-
son and Godhe, 2019), medical diagnosis (Sveric
et al., 2022; Chen et al., 2023c) and many more.
However, multimodal deep learning is a critical

yet underexplored problem in some areas, and
its exploration is essential for the development
of intelligent agents (Abdulrahman and Richards,
2022; Brinkschulte et al., 2022). The human abil-
ity to leverage cross-modal information is essen-
tial for effective learning and recognition of visual
objects, even with limited examples (Lin et al.,
2023). In this regard, verbal language has been
shown to facilitate the recognition of visual ob-
jects, and the neuroscience literature provides am-
ple evidence that cognitive representations are in-
herently multimodal (Jackendoff, 1987; Smith and
Gasser, 2005). For example, different types of
stimuli, such as visual images, textual strings, and
audio clips, can evoke the same neurons, indicating
the existence of cross-modal or inter-modal rep-
resentations (Quiroga et al., 2005; Nanay, 2018).
These representations are fundamental to the hu-
man perceptual-cognitive system and play a cru-
cial role in the acquisition of new concepts and
knowledge (Gibson, 1969; Cohn, 2016). Thus,
multimodal deep learning techniques hold the po-
tential to significantly enhance learning outcomes
in various applications, including speech recogni-
tion (Kumar et al., 2022; Kshirsagar et al., 2023),
multimedia indexing (Snoek et al., 2006), human
behavior analysis (Pantic and Rothkrantz, 2003),
video captioning (Song et al., 2018), visual ques-
tion answering (Antol et al., 2015), among others.
The combination of multiple modalities enables the
deep learning models to have a more comprehen-
sive understanding of the environment since certain
cues are only present in specific modalities. For ex-
ample, the task of emotion recognition (Koolagudi
and Rao, 2012) is not only reliant on facial ex-
pressions which are captured through the visual
modality, but also on tone and pitch of the voice,
captured through the audio modality. The inclusion
of both modalities can encode a vast amount of
information about the emotional state.

In recent years, the field of multimodal learning
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Figure 1: The overall structure of this paper.

has experienced a surge in growth and development,
with numerous studies exploring various aspects
of this field. However, due to the diverse nature
of multimodal data (Lahat et al., 2015) and the in-
terdisciplinary nature of the field (Magnusson and
Godhe, 2019; Yan et al., 2022; Chen et al., 2023c),
research in this area tends to be fragmented and iso-
lated within different domains. This lack of an in-
tegrated overview poses a challenge to researchers
seeking a comprehensive understanding of the lat-
est developments in the rapidly evolving field of
multimodal learning, especially in the context of
the explosive growth of large language models.

To this end, our paper endeavors to offer a com-
prehensive examination of the existing literature on
multimodal learning, as shown in Figure 1. And
our contribution can be summarized as following:
(1) We present an in-depth overview of various
MMDL methodologies, including model architec-
tural evolution, data augmentation and refresh, and
optimization strategies. (2) We summarise the ap-
plication of current large-scale models in MMDL
in four ways and the research pain points of mul-
timodal learning in the LLLM era, which opens up
new avenues for investigating multimodality. (3)
We provide a comparative analysis of current large
scale models in the field of multimodal learning on
various benchmark and evaluation metrics. Com-
parative analysis helps researchers to get directions
in future research. (4) We emphasize the five pri-
mary challenges and possible future research areas
of MMDL. By focusing on the challenges and op-
portunities inherent in multimodal learning, we aim
to bridge the gap between theoretical understanding

and practical implementation.

2 Prior work

2.1 Advancements in Multimodal Learning
Architectures

In recent times, the domain of multimodal repre-
sentation learning, particularly in the context of
vision-text tasks, has seen a significant surge in in-
terest. This area of study has become a focal point
of attention within the academic and scientific cir-
cles. Therefore, in our exposition, we primarily
focus on delineating the model architecture, with
specific emphasis on vision-text based models.
ViLT is a type of visual language model that was
proposed by (Kim et al., 2021). This model does
not require convolution or region supervision, and
it embeds text into Vision Transformer (Yuan et al.,
2021) with minimal design for visual and language
pre-training. Specifically, the embedding layers of
raw pixels are shallow and computationally light,
similar to text tokens, with most of the computation
concentrated on modeling modality interactions, as
shown in Figure 2 (b). While external visual infor-
mation typically provides a richer representation
of modalities compared to text information, which
aligns with human perception, ViLT’s suboptimal
performance can be attributed to the shallow encod-
ing of the visual modality, despite its fast computa-
tional speed. ALBEF (Li et al., 2021a) addresses
this performance issue by employing a deeper vi-
sual encoder and aligning image and text represen-
tations prior to fusing them through cross-modal
attention, as depicted in Figure 2(c). Another ap-
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Figure 2: The current vision-language models architecture can be classified into five categories, as represented by (a)
to (e). where VE, TE, and CE denote the Visual Encoder, Textual Encoder, and Cross-modal Encoder, respectively.
The height of each rectangle in the illustration corresponds to its relative computational cost, and VE = TE denotes
that the visual encoder and the textual encoder have comparable parameters or computational costs.

proach, CLIP (Radford et al., 2021), illustrated in
Figure 2(a), is renowned for its efficient computa-
tion and high-quality feature extraction. For tasks
like Visual Question Answering, CLIP relies on
a dot product to determine similarity. However,
CLIP’s encoder suffers from the limitation of equal
sizing for visual and textual inputs, resulting in
suboptimal performance in various model fusion
tasks due to shallow interaction. To better adapt
to various multimodal tasks, VLMo (Bao et al.,
2022) presents a unified approach to multimodal
pre-training and fine-tuning by utilizing modality
experts and freezing the parameters of the shared
multimodal layer. This approach strikes a balance
between computational efficiency and performance.
VLMo trains different experts for different tasks,
resulting in enhanced multimodal representation
learning while reducing computational costs. Table
1 shows the performance of some of the models
discussed above.

The above models use the encoder side of the
Transformer structure for multimodal tasks, and
there are also some recent works studying how to
use the decoder side of the Transformer for genera-
tion tasks, including BLIP (Li et al., 2022a), CoCa
(Yu et al., 2022) and the BEIiT series (Bao et al.,
2021; Peng et al., 2022; Wang et al., 2022).

BLIP is a recent model that utilizes two deep text-
visual encoders for effective information extraction.
It combines the advantages of both ALBEF and
VLMO, and unifies vision-language understand-
ing and generation in a single framework. The
model employs parameter sharing to reduce com-
putational complexity while achieving significant
progress. On the other hand, CoCa also adopts a
similar model architecture to ALBEF as depicted in
Figure 2(c), but uses a text decoder for encoding on
the textual side. It demonstrates excellent perfor-

mance in multimodal generation tasks. BEiT is a
type of multimodal model that uses self-supervised
learning to pre-training vision Transformers using
a masked image modeling task. BEiT-v2 and BEiT-
v3 further enhance this approach by employing new
pre-training tasks and architecture. BEiT-v3 also
draws inspiration from VLMo, utilizing multiple
experts and treating image information as a foreign
language to unify vision-language tasks, resulting
in exceptional performance. Table 2 includes a per-
formance comparison between the different mod-
els.

Model #IPretram VQA NLVR2
mages test-dev test-std dev  test-P
ViLT (Kim et al., 2021) 4M 71.26 75770 76.13
ALBEF (Li et al., 2021a) 4M 74.54 7470  80.24  80.50
VLMo (Bao et al., 2022) 4M 76.64 76.89 8277 83.34

Table 1: Model performance on VQA and NLVR2. We
report vqa-score on VQA test-dev and test-standard split,
and report accuracy for NLVR2 development and public
test set (test-P). The reported results are from published
literature (Bao et al., 2022).

However, previous works in multimodal learn-
ing have mainly focused on fusing input modali-
ties after significant independent processing, which
can be time-consuming and computationally ex-
pensive. In contrast, the human brain performs
multimodal processing almost immediately (An-
gelaki and Cullen, 2008). Therefore, one crucial
design decision in multimodal learning is how to
best combine, or fuse, the different input modal-
ities. To address this issue, recent research (Xu
et al., 2022) proposes a cross-model encoder that
simultaneously uses multimodal information fusion
during model encoding, as shown in Figure 2(e),
achieving excellent interaction under two-modal
fusion. This approach aims to better simulate the
way the human brain processes multiple modali-



ties, which may lead to improved performance and
efficiency in multimodal learning tasks.

Model VQAvV2 NLVR2
test-dev test-std dev test-P
ALBEF (Li et al., 2021a) 75.84 76.04  82.55 83.14
BLIP (Li et al., 2022a) 78.25 7832  82.15 82.24
CoCa (Yuetal., 2022) 82.30 82.30  86.10 87.00
BEIiT-3 (Wang et al., 2022)  84.19 84.03 91.51 92.58

Table 2: Model performance on visual question an-
swering and visual reasoning. We report vqa-score on
VQAV?2 test-dev and test-standard splits, accuracy for
NLVR?2 development set and public test set (test-P). The
reported results are from published literature (Wang
et al., 2022).

2.2 Enhancing Multimodal Data:
Augmentation and Refresh Strategies

In multimodal learning, training models often rely
on web-sourced data, which is prone to contain-
ing noise that may degrade model performance.
To mitigate this, researchers have devised various
methods for augmenting and refining data.

A notable technique is DataMix (Liu et al.,
2020), which implements a blending-based strat-
egy to create new image-text pairs. This method
involves altering existing pairs through random
weighted averaging, thus generating unique data
instances. Conversely, DataEcho (Cioffi and Bing-
ham, 1994) applies an echo-based technique to
modify image-text pairs, producing fresh data pairs
and thereby contributing to the data augmentation
process.

Differently, DataReMix (Mao et al., 2021) em-
ploys a strategy of pair replacement or swapping,
aiming to diversify the dataset and enhance model
resilience. Beyond simple augmentation and re-
finement, the advent of multimodal self-supervised
learning marks a significant stride forward. This
method uses one modality as a supervisory signal
for another, such as image-to-speech or image-to-
text. For instance, MixGen (Hao et al., 2023) inno-
vates by generating new training samples through
a process of image interpolation and text sequence
concatenation from existing pairs, enriching the
diversity and quality of multimodal data.

Additionally, the data filter and caption tech-
nique (Li et al., 2022a) involves fine-tuning models
with high-quality, manually labeled data and sub-
sequently filtering and enhancing a vast amount of
web data. This enhances the correlation between
images and text.

These advancements are proving to be invalu-
able in augmenting the quality and volume of mul-
timodal data, thereby elevating model performance.
They are especially critical in contexts where ac-
cess to high-quality training data is scarce.

2.3 Optimization Strategies in Multimodal
Learning

Optimization strategies play a pivotal role in aug-
menting the performance and broadening the gener-
alization capabilities of multimodal models, which
process diverse data types such as text, images,
and audio. These models typically necessitate ei-
ther alignment or fusion of modalities at feature or
decision levels for optimal functioning.

2.3.1 Refining Multimodal Loss Functions

The loss function in a multimodal model quanti-
fies the deviation between the model’s output and
the actual label, guiding the optimization process.
Recent advancements have introduced innovative
methods to enhance the alignment or fusion in mul-
timodal models. For example, Xu et al. (2023b) de-
veloped a balanced multimodal learning approach
using the multimodal cosine loss function. This
method adapts feature and weight normalization
to multimodal contexts, thus refining the model’s
discriminative capabilities.

In a similar vein, Yang et al. (2021) introduced
TACo, a method for multimodal alignment using
three distinct loss functions. This approach lever-
ages unimodal self-supervised information, cross-
modal comparison data, and cross-task shared in-
sights to construct these loss functions. They work
by improving the representation within each modal-
ity, enhancing similarity across different modalities,
and utilizing correlations between various tasks.

Other techniques focus on balancing the influ-
ence of different modalities or tasks by modulat-
ing the loss function’s weights. Approaches like
dynamic weighting (Abels et al., 2019) or adap-
tive weighting (Walia et al., 2019) allocate weights
based on the modality or task’s difficulty, signifi-
cance, or relevance, thereby optimizing the model
more effectively.

New loss functions have also been designed
to boost the alignment or fusion of modalities.
These include methods based on contrast learn-
ing (Li et al., 2021a, 2022a), self-supervised learn-
ing (Alayrac et al., 2020), and cross-task learning
(Chen et al., 2017; Hu et al., 2020). These tech-
niques utilize various levels of information, such as



unimodal intra-modal data, cross-modal similarity,
and cross-task shared information, to forge more
effective loss functions that enhance the model’s
generalization capabilities.

2.3.2 Incorporating Quantum Theory in
Multimodal Learning

Handling multimodal information and sentiment
analysis involves understanding human cognition,
a task where classical probabilistic methods often
struggle. These traditional methods typically fall
short in effectively capturing the dynamic interplay
between modalities and contexts from a cognitive
perspective. Quantum theory, however, has demon-
strated its prowess in overcoming the limitations
of classical probability theory in modeling human
cognition. It not only achieves superior perfor-
mance but also offers enhanced interpretability in
this context (Zhang et al., 2020; Li et al., 2021b).

Several groundbreaking studies have explored
quantum-inspired models for sentiment analysis
and multimodal information processing. Gkoumas
et al. (2021b) developed a quantum cognition-
based fusion strategy. In this model, utterances are
conceptualized as quantum states within a complex-
valued emotional Hilbert space, with single-modal
decisions represented as incompatible observables.
This approach allows for an innovative handling of
diverse emotional judgment scenarios.

Gkoumas et al. (2021a) introduced a quantum
probability neural model specifically for video emo-
tion analysis. The model uses the concept of en-
tanglement, a form of inseparability in quantum
mechanics, for the fusion of two modalities. It ef-
fectively captures both classical and non-classical
correlations between these modalities by quantify-
ing non-classical correlations accurately.

Li et al. (2021b) proposed a quantum-inspired
network for dialogue emotion recognition. This net-
work adeptly fuses multimodal data and integrates
dialogue context to accurately identify emotions in
each utterance. Additionally, Zhang et al. (2020) in-
troduced a quantum-inspired multi-modal network
(QMN) framework. This framework incorporates
a density matrix-based CNN (Kalchbrenner et al.,
2014), a quantum measurement-inspired influence
model, and a quantum interference-inspired deci-
sion fusion method. It is designed to model both
intra- and inter-utterance interactions, significantly
enhancing emotion recognition in speakers.

2.4 Exploring Additional Relevant Research

2.4.1 Advancements in General-Purpose
Modeling

Foundation models have garnered significant in-
terest for their versatility across various down-
stream applications. Despite architectural simi-
larities, most pre-trained models are generally op-
timized for specific tasks or modalities. Baevski
et al. (2022) introduced a universal learning frame-
work applicable to different modalities, yet it still
relies on modality-specific encoders. Tsimpoukelli
et al. (2021) demonstrated the transferability of
in-context learning capabilities of frozen language
models to vision-language settings. Alayrac et al.
(2022) implemented a broad-spectrum understand-
ing of images, videos, and text through a large-
scale frozen language model. Reed et al. (2022)
developed a multifaceted agent functioning as a
multi-modal, multi-task, and multi-embodiment
generalist policy. Furthermore, Hao et al. (2022)
proposed the METALM model, leveraging a semi-
causal language model as a universal interface to
various foundation models. This model integrates
a suite of pre-trained encoders to process diverse
modalities and interact with the language model,
thereby facilitating the resolution of a range of
tasks without necessitating individual task retrain-
ing.

2.4.2 Scaling Capabilities and Flexibility

Pre-trained models have proven efficacious in both
vision and language tasks, as highlighted by (Doso-
vitskiy et al., 2021; Zhai et al., 2022) in vision
and (Raffel et al., 2020; Kaplan et al., 2020) in
language. To scale effectively, a flexible task in-
terface is essential for large language models to
excel in diverse tasks. Chen et al. (2022) intro-
duced Pal.l, a model that concurrently processes
language and vision. PaLI generates text from vi-
sual and textual inputs, handling an array of vision,
language, and multimodal tasks across different
languages. The model utilizes a scaled-up 4B pa-
rameter Vision Transformer as its vision backbone,
optimizing compute resources through the use of
pre-trained models. Lu et al. (2022a) proposed
Unified-10, a Seq2Seq model capable of execut-
ing various tasks using a single architecture with-
out necessitating task or modality-specific compo-
nents. This unification is achieved by converting
every task’s output into a sequence of discrete to-
kens. Unified-IO demonstrates robust performance



across diverse benchmarks, including GRIT bench-
mark, NYUv2-Depth, ImageNet, VQA2.0, OK-
VQA, Swig, VizWizGround, BoolQ, and SciTail,
without the need for task-specific fine-tuning.

2.4.3 Advancing Efficiency and Flexibility in
Multimodal Frameworks

For the practical deployment of multimodal frame-
works, developing an efficient and adaptable frame-
work is critical. In this context, Li et al. (2022b)
introduced FLZP, a novel and efficient language-
image pre-training method. This approach en-
hances the learning capabilities and efficiency of
CLIP by incorporating MAE. The FLZP model un-
dertakes an exploration into the scaling of model
size, dataset size, and training epochs, yielding
impressive outcomes across a variety of vision-
language benchmarks.

Additionally, Zhu et al. (2022c) proposed Uni-
Perceiver, a unified architecture for generic percep-
tion tailored for zero-shot and few-shot tasks. This
model harmonizes vision and language modalities
into a singular framework, demonstrating robust
performance across a spectrum of diverse tasks.
The utilization of a large-scale dataset encompass-
ing images and text in its training phase enables it
to learn rich representations, which can be further
fine-tuned for specific downstream applications.

Moreover, Zhu et al. (2022a) introduced Uni-
Perceiver-MoE, a sparse generalist model featuring
conditional mixture of expertse. This model inte-
grates vision and language modalities into a single
unified system. Uni-Perceiver-MoE has garnered
considerable attention for its ability to efficiently
handle a wide range of tasks while maintaining a
unified approach. The flexibility and efficiency of
these frameworks mark significant strides in the
field of multimodal learning, paving the way for
more practical and versatile applications.

2.5 Exploring the Landscape of Large
Language Models in Multimodal Learning

The arena of multimodal learning has been revo-
lutionized by the advent of large-scale language
model pretraining, which has demonstrated ex-
ceptional performance in a variety of downstream
tasks, sparking widespread research interest. A key
distinguishing factor among these models is their
pretraining objectives and architectural designs.
Notably, GPT series (Radford et al., 2018, 2019;
Brown et al., 2020) have pioneered in pretraining
causal language models using decoder-only Trans-

formers, revealing remarkable capabilities in few-
shot and in-context learning.

GPT-4 (Tasar and Tasar, 2023), as one of the
most prominent models in this field, has emerged
as a titan with its 1.5 trillion parameters. It uniquely
processes both image and text inputs, producing
text outputs. Trained on a comprehensive multi-
modal dataset, including web texts, images, videos,
and audio, GPT-4 has demonstrated proficiency in
tasks such as natural language understanding and
generation, image captioning, visual question an-
swering, and more. Its performance on various
benchmarks has been compared to human-level
proficiency, as detailed in Table 3.

Our analysis primarily focuses on the applica-
tion of these large-scale models in multimodal
learning, categorized into four main approaches.
(1) Freezing LLMs and training additional struc-
tures like visual encoders to adapt them for spe-
cific tasks, exemplified by mPLUG-Ow]1 (Ye et al.,
2023), LLaVA (Liu et al., 2023a), Mini-GPT4 (Zhu
et al., 2023), and PaLM-E (Driess et al., 2023). (2)
Converting visual information into textual input
for LLMs, as seen in PICA (Yang et al., 2022),
PromptCap (Hu et al., 2022), and ScienceQA (Lu
et al., 2022b). (3) Utilizing visual modalities to in-
fluence LLM decoding, such as in ZeroCap (Tewel
et al., 2022). (4) Employing LLMs as a central hub
for integrating and leveraging multimodal models,
like VisualChatGPT (Wu et al., 2023a) and MM-
REACT (Yang et al., 2023b).

Due to the rapid development of large language
models (LLMs), there is an increasing trend to-
ward using LLMs as backbones for constructing
large-scale multimodal models. These models pri-
marily focus on the fusion of vision and text modal-
ities, aiming to create versatile and widely appli-
cable multimodal deep learning models. Table 4
in Appendix A presents an overview of the key
technologies and applications pertinent to Multi-
modal Large Language Models. This includes vari-
ous innovative approaches like Multimodal Instruc-
tion Tuning (M-IT), Multimodal In-Context Learn-
ing (M-ICL), Multimodal Chain-of-Thought (M-
CoT), LLM-Aided Visual Reasoning (LAVR), Mul-
timodal Hallucination (MMH), and Multimodal
RLHF (M-RLHF). These methodologies illustrate
the diverse ways in which LLMs can be leveraged
in multimodal contexts.



Models Perception

Cognition

Existence Count Position Color

Poster  Celebrity

Commonsense  Numerical Text

Code
Calculati Tr R i

Scene Landmark Artwork OCR

mPLUG-OwI (Ye et al., 2023)
LLaVA (Liu et al., 2023a)
MiniGPT-4 (Zhu et al., 2023)
MMICL (Zhao et al., 2023a)
Gemini Pro (Team et al., 2023)
LLAMA-Adapter V2 (Gao et al., 2023)
GPT-4V (Tasar and Tasar, 2023)

120.00
185.00
68.33

170.00
175.00
185.00
190.00

50.00

155.00
55.00

160.00
131.67
133.33
160.00

50.00
133.00
4333
81.67
90.00
56.67
95.00

55.00

170.00
75.00

156.67
163.33
118.33
150.00

136.05
160.54
41.84

146.26
164.97
147.96
192.18

100.29
152.94
54.41

141.76
147.35
136.76

135.5

161.25
71.75

153.75
144.75
156.25
151.00

159.25
170.50
54.00

136.13
158.75
167.84

96.25

117.75
60.50

135.50
135.75
123.75
148.00

65.00
125.00
57.50
100.00
185.00
102.50
185.00

78.57

127.86
59.29

136.43
129.29
106.43
142.14

60.00
42.50
45.00
82.50
77.50
47.50
130.00

80.00
71.50

57.50
47.50
40.00
717.50
85.00
90.00
170.00

132.50
145.00
112.50
75.00

Table 3: Model performance on MME benchmark. MME measures both perception and cognition abilities on a total
of 14 subtasks. Each of the 14 subtasks is worth 200 points. The score is the sum of the accuracy and the accuracy+.
We adopted reported results from published literature (Fu et al., 2023).

3 Challenges and Future Directions in
Multimodal Deep Learning

3.1 Addressing Imbalance in Multimodal
Learning Environments

Within the realm of multimodal deep learning,
the challenge of imbalance learning stands as a
formidable obstacle, arising when the distribution
of data across various modalities or classes assumes
an uneven, skewed configuration. This intricate
concern materializes in instances where certain
modalities assert dominance, eclipsing others in
frequency, or when specific classes are endowed
with a surplus of samples or features. The reper-
cussions of such imbalance reverberate through
the learning process, potentially engendering bias
and suboptimal performance. This manifests as
an overemphasis on majority modalities or classes,
and a corresponding neglect of their minority coun-
terparts.

Interestingly, even the expanse of large-scale
models is not immune to the clutches of this issue,
as the constraints of data quality and quantity re-
main steadfast. In the tapestry of training data, cer-
tain modalities might be absent, marred by noise, or
misaligned—a predicament that casts shadows on
the model’s capacity to glean meaningful represen-
tations and intermodal interactions. Furthermore,
class disparities can introduce complexities of their
own, ushering in intricate and diverse patterns that
beset the model’s predictive accuracy and confi-
dence.

The endeavor to judiciously sample imbalanced
data from diverse modalities while preserving
coherence between them stands as an intricate
quandary. Novel strategies are on the horizon,
encompassing modality-specific sampling tactics,
holistic joint sampling methodologies that take into
account the intermodal relationships, and the inte-
gration of generative models to conjure synthetic
samples. These prospective solutions beckon for

rigorous investigation and refinement, sparking the
evolution of effective approaches that can adeptly
surmount this challenge.

3.2 Advancing Domain Generalization in Al
with Multimodal Few-Shot Learning

Multimodal Few-Shot Learning stands at the fore-
front of artificial intelligence research, rapidly ex-
panding as it delves into leveraging multiple data
types like images, text, and audio. This field aims
to equip intelligent systems with the ability to
quickly comprehend new tasks or concepts from
minimal data input. The ultimate goal is to develop
agents that can effortlessly navigate and adapt to a
wide array of environments, transcending the limi-
tations of specific domains, languages, and modali-
ties.

The progression of Multimodal Few-Shot Learn-
ing relies heavily on pushing the limits of what’s
possible by venturing into complex scenarios that
test the boundaries of this technology. Central to
this progress is the ability to effectively align and
integrate data from various modalities. This align-
ment is crucial for the success of few-shot learning
initiatives, as it forms the basis for teaching intel-
ligent agents to grasp new concepts with limited
examples.

Moreover, the advancement of this field demands
rigorous testing and evaluation of these multimodal
few-shot learning models against the realities of
practical, real-world data and applications. A sig-
nificant challenge in this endeavor is to imbue these
models with robust domain generalization capabili-
ties. This involves preparing them to perform well
in unfamiliar, out-of-domain situations. Enhanc-
ing the models’ ability to generalize across varied
domains is a key objective, aiming to forge truly
intelligent agents that can perform effectively in
diverse and unforeseen environments.



3.3 Advancing Multimodal Category
Reasoning

Multimodal Category Reasoning, a vibrant field in
Al seeks to integrate diverse modalities like text,
images, and audio for complex reasoning tasks in-
cluding question answering and classification. This
integration marks a crucial evolution towards a
higher level of intelligence in Al, enhancing the
scope and adaptability of multimodal deep learning
across various domains. Key to advancing in this
field is enhancing the interpretability of multimodal
reasoning models. A pivotal approach here is the
adoption of multimodal thought chains, designed
to minimize reasoning errors and create a coherent,
interconnected thought process across modalities,
fostering a unified reasoning framework. Addition-
ally, integrating high-quality external multimodal
knowledge graphs into these models is essential for
addressing model hallucinations and ensuring accu-
racy in reasoning. This integration not only bolsters
the models’ cognitive capabilities but also guar-
antees precision and reliability in their outcomes,
significantly enriching their reasoning potential.

3.4 Navigating Towards Integrated
Multimodal Processing

In the current landscape of large-scale multimodal
models, a predominant approach involves a multi-
tiered process for interpreting user inputs. Typi-
cally, this starts with converting a user’s query into
a text-based format, followed by applying various
visual or other modal tools for generating results.
While this method effectively combines different
unimodal models for multimodal capabilities, its
sequential or multi-tiered nature is prone to the
compounding of errors, potentially leading to mis-
leading or incorrect outcomes.

In contrast, human cognition naturally processes
multiple modalities simultaneously, using this inte-
gration for judgment and logical reasoning. Thus,
the quest for true artificial general intelligence chal-
lenges us to develop a unified model within a single
framework. This model would need to efficiently
blend information from various modalities, allow-
ing for comprehensive reasoning and consistent
decision-making while avoiding the introduction
of noise from additional modalities.

The goal is to mimic the human brain’s skill in
merging information from different sensory inputs
with a similar level of accuracy in aligning different
modalities in large-scale multimodal models. Pur-

suing this path opens the door to a new generation
of computational systems that reflect the human
ability to synergistically process and incorporate
information from multiple sources. In different
scenarios, careful consideration of the appropriate
backbones is essential, as is the thoughtful selection
of prompts and their embedding strategies. This
nuanced approach is crucial for the development of
versatile and effective multimodal Al systems.

3.5 Prioritizing Safety, Explainability, and
Modality-Specific Considerations in
Large-Scale Multimodal Models

In the realm of large-scale multimodal models,
safety and explainability are paramount, but equally
important is the need to address the unique limi-
tations of different modalities. Each modality —
be it text, image, or audio — has its own set of
constraints and potential biases. Addressing these
modality-specific challenges is crucial for enhanc-
ing the model’s overall effectiveness and reliability.

A key strategy is to equip these models with ca-
pabilities to identify and counteract the weaknesses
inherent in individual modalities. This approach
enhances the model’s overall safety and reliability,
and ensures more controlled and accurate content
generation. Furthermore, incorporating these con-
siderations into the model’s framework involves
creating metrics that assess how well these chal-
lenges are managed. Such metrics will guide the
development of multimodal models that are not
only high-performing but also adhere to strict safety
and ethical standards, resulting in responsible, user-
centric, and trustworthy Al systems.

4 Conclusion

In this paper, we provide a focused synthesis of
multimodal deep learning, emphasizing its inte-
gration of diverse data types like text, speech,
and images, especially in the context of large lan-
guage models. Our exploration of evolving MMDL
methodologies, including advanced model architec-
tures and data handling techniques, offers a clear
view of the field’s current state and future poten-
tial. We also highlighted the diverse applications
of MMDL, identifying challenges and opportuni-
ties in the LLM era. Our comparative analysis
of current models provides a framework for un-
derstanding their performance and guides future
research directions.



5 Limitations

Despite our comprehensive approach, this survey
is subject to several limitations. Firstly, due to the
rapidly evolving nature of the field of multimodal
deep learning, our review may not encompass all re-
cent developments and methodologies. The field’s
rapid progression often leads to the emergence of
new models and techniques shortly after a literature
review is conducted. Secondly, while we strive for
a thorough comparative analysis of current models,
the assessment is limited by the availability and
accessibility of benchmark datasets and evaluation
metrics. As a result, some potentially impactful
models might not be included in our analysis due
to the lack of comprehensive evaluation data.
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A Key Technologies and Applications of
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Table 4 presents an overview of the key tech-
nologies and applications pertinent to Multimodal
Large Language Models.
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Aligning Large Multimodal Models with Factually Augmented RLHF (Sun et al., 2023) arXiv v

Table 4: Key technologies and applications of the Multimodal Large Language Model, including Multimodal
Instruction Tuning (M-IT), Multimodal In-Context Learning (M-ICL), Multimodal Chain-of-Thought (M-CoT),
LLM-Aided Visual Reasoning (LAVR), Multimodal Hallucination (MMH), and Multimodal RLHF (M-RLHF).
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