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Abstract: With the rapid advancement of artificial intelligence technology, single-modal intelligent systems 
struggle to meet the demands of complex and dynamic applications. Cross-modal AI, particularly the integration 
of vision and language, has emerged as a hotspot and frontier in current research. This paper explores new 
trends in vision-language fusion within cross-modal AI, analyzing its theoretical foundations, key technologies, 
application scenarios, and future development directions to provide insights for research and practice in related 
fields.
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1. Introduction

In the field of artificial intelligence, modality 
refers to the specific ways in which intelligent 
agents receive and output information, primarily 

encompassing speech, text, images, video, and other 
forms. In recent years, single-modal research based 
on deep learning technologies—such as computer 
vision and natural language processing—has achieved 
remarkable progress. However, when tackling 
higher-level AI tasks, the limitations of single-modal 
approaches have become increasingly apparent, making 
cross-modal information processing an inevitable 
trend. The integration of vision and language, as a 
crucial component of cross-modal research, holds vast 
application potential and research value.

2. Theoretical Foundations of Cross-Modal 
Artificial Intelligence
2.1 Concept of Multimodal Learning
Multimodal learning aims to leverage diverse 
information forms obtained through different sensory 

channels—such as vision, hearing, and touch—
to achieve superior learning outcomes compared to 
single-modal approaches. This is accomplished through 
cross-modal feature extraction, correlation modeling, 
and joint optimization. Its core principle involves 
learning and integrating intrinsic connections between 
different modal data to derive richer and more accurate 
semantic representations, thereby enhancing the 
overall performance of intelligent systems. Multimodal 
learning transcends the simple aggregation of multiple 
modal data streams; it involves deep integration and 
mining of these data to achieve complementarity and 
enhancement across modalities[1]. For instance, in 
speech recognition tasks, combining audio signals 
with visual information (such as a speaker's facial 
expressions and gestures) can significantly improve 
recognition accuracy.

2.2 Cross-Modal Representation Learning
Cross-modal representation learning projects semantic 
information from multiple modalities onto a continuous 
vector representation space to enable information fusion 
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and reasoning. Research in this domain focuses on 
constructing a unified semantic space across modalities 
to effectively integrate features from different 
modalities. This requires models to capture shared 
semantic features across modalities while preserving 
each modality's unique information. To achieve 
this, researchers have proposed various methods, 
including shared representation learning, collaborative 
representation learning, and adversarial learning. 
Recent models like VL-BERT have made significant 
progress in image/video-text fusion, offering new 
insights and approaches for cross-modal representation 
learning. VL-BERT achieves joint modeling of image 
and text data by adopting the Transformer architecture, 
enabling simultaneous processing and understanding 
of both modalities. Furthermore, the model employs 
a pre-training strategy, enhancing its generalization 
capabilities across cross-modal tasks through extensive 
learning on image-text pairs. These research outcomes 
not only advance cross-modal representation learning 
but also provide robust support for cross-modal 
artificial intelligence applications.

3. Key Technologies in Cross-Modal Artificial 
Intelligence
3.1 Feature Extraction and Representation
Different modal data possess distinct physical and 
semantic characteristics. Effectively extracting and 
representing these features forms the foundation 
of multimodal learning. In cross-modal artificial 
intelligence, feature extraction and representation 
technologies play a crucial role, requiring models to 
extract useful information from data across different 
modalities and transform it into a unified, comparable 
format. For image data, Convolutional Neural Networks 
(CNNs) represent a widely adopted feature extraction 
approach. Through structures like convolutional layers, 
pooling layers, and fully connected layers, CNNs can 
automatically learn low-level features such as edges, 
textures, and shapes within images, as well as higher-
level semantic features like objects and scenes. These 
features are highly significant for subsequent cross-
modal association modeling and task optimization. 
For text data, Recurrent Neural Networks (RNNs) 
and Transformers represent two mainstream feature 
extraction approaches. RNNs effectively process natural 
language text by capturing temporal dependencies 

within sequence information. They convert text into a 
sequence of vector representations, where each vector 
contains information about the word at that position 
and its surrounding context. Transformers, on the other 
hand, employ a self-attention mechanism that better 
handles long-range dependencies and has demonstrated 
remarkable performance across multiple tasks. Beyond 
CNNs, RNNs, and Transformers, other techniques are 
frequently employed for multimodal feature extraction. 
These include deep neural networks (DNNs) for 
audio signal processing and long short-term memory 
(LSTM) networks for handling time-series data. Such 
technologies extract feature representations tailored 
to the characteristics of different modal data, laying 
the groundwork for subsequent multimodal fusion and 
inference.

3.2 Cross-Modal Association Modeling
Cross-modal association modeling is the core 
component of multimodal learning, aiming to 
establish intrinsic connections between different 
modal data to achieve effective information fusion and 
inference. Common methods include collaborative 
attention mechanisms, cross-modal contrastive 
learning, and multimodal fusion networks, which 
have demonstrated strong modeling capabilities 
across diverse application scenarios. Cooperative 
attention mechanisms serve as an effective cross-
modal association modeling approach. By computing 
attention weights between different modalities, they 
facilitate information exchange and enhancement 
across modalities. Specifically, cooperative attention 
utilizes data from one modality as a query to retrieve 
relevant information from another modality, thereby 
achieving cross-modal association and alignment. 
Cross-modal contrastive learning is a method that 
establishes correlations by comparing similarities and 
differences between different modal data. It typically 
maps data from different modalities into a common 
semantic space and calculates distances or similarities 
within this space. By optimizing these distances or 
similarities, the model learns the intrinsic connections 
and correspondences between different modal data[2]. 
Multimodal fusion networks integrate data from 
different modalities and employ deep learning models 
for joint modeling and optimization. These networks 
typically comprise multiple subnetworks, each 
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processing data from a specific modality, with fusion 
layers combining features across modalities. Through 
end-to-end training, multimodal fusion networks 
can learn complex associations and interactions 
between different modalities. These approaches play 
a crucial role in cross-modal artificial intelligence 
by establishing intricate cross-modal connections, 
enhancing the system's understanding of objects, 
and improving model robustness and accuracy. In 
practical applications, these methods can be selected 
and combined based on specific tasks and data 
characteristics to achieve optimal cross-modal learning 
outcomes.

3.3 Joint Optimization and Training Strategies
In multimodal learning, joint optimization is a 
critical step requiring end-to-end optimization across 
multiple stages—feature extraction, association 
modeling, and task optimization—to achieve optimal 
learning outcomes. To accomplish this, complex 
neural network architectures must be designed and 
a series of appropriate training strategies adopted. 
Regarding neural network architectures, researchers 
typically employ deep neural networks (DNNs) as 
the foundational framework, customizing designs for 
specific multimodal tasks. These architectures often 
comprise multiple layers to progressively extract and 
fuse features from different modalities. For instance, 
in image-text multimodal tasks, convolutional neural 
networks (CNNs) can extract image features, while 
recurrent neural networks (RNNs) or Transformers 
handle text features. Fusion layers then effectively 
integrate these features. Regarding training strategies, 
multi-task learning is a common approach. It enhances 
model generalization by simultaneously optimizing 
multiple related tasks. In multimodal learning, different 
modal tasks can be treated as related subtasks, enabling 
multi-task learning through shared representation layers 
or joint loss functions. This allows the model to share 
useful information across tasks, thereby improving 
overall performance. Furthermore, transfer learning 
is another prevalent training strategy in multimodal 
learning. It leverages existing pre-trained models as a 
foundation, transferring knowledge to new multimodal 
tasks through fine-tuning or feature extraction. Transfer 
learning effectively utilizes large amounts of unlabeled 
multimodal data for pre-training, thereby improving 

the model's generalization capabilities and learning 
efficiency.

4. Cross-Modal Artificial Intelligence 
Application Scenarios
4.1 Visual Question Answering (VQA)
Visual Question Answering (VQA) is a cross-
modal task integrating computer vision and natural 
language processing technologies. This task requires 
systems to answer natural language questions posed 
by users based on the content of input images. Visual 
Question Answering systems must not only accurately 
comprehend visual information within images—such 
as objects, scenes, and actions—but also understand 
the semantic meaning of questions. They must then 
integrate both elements to generate precise answers. 
Application scenarios include: (1) Early Education: In 
educational settings, VQA systems serve as auxiliary 
tools, helping younger students better understand image 
content while enhancing their observational and verbal 
expression skills. (2) Assisting the Visually Impaired: 
For individuals with visual impairments, these 
systems enable access to image information via voice 
commands, helping them understand their surroundings 
and improve self-care abilities. (3) Intelligent Customer 
Service: In e-commerce, healthcare, and other sectors, 
intelligent customer service systems can integrate 
visual question-answering technology to provide 
more intuitive and accurate responses based on user-
uploaded images and queries.

4.2 Image/Video Captioning
Image/video captioning tasks require systems to 
automatically generate textual descriptions of visual 
content. This task tests both a system's ability to 
comprehend visual information and its capacity to 
translate it into natural language. Key applications 
include: (1) Social Media: Automatically generating 
descriptive text for user-uploaded images and videos 
on social platforms enhances content readability and 
shareability. (2) News Reporting: News organizations 
can leverage image/video-to-text technology to 
automatically generate descriptions for news photos or 
videos, accelerating reporting speed and efficiency. (3) 
Video Production: In video production, this technology 
can be used to automatically generate video captions, 
improving video accessibility and internationalization.
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4.3 Cross-Modal Retrieval
Cross-modal retrieval enables users to search for 
information in one modality (e.g., text) to retrieve 
information in another modality (e.g., images, videos, 
or audio). This approach breaks the limitations of 
traditional single-modal retrieval, enabling more 
flexible and efficient information access. Application 
scenarios include: (1) Image Retrieval Based on 
Text Descriptions: Users can input descriptive text 
to retrieve related image resources. This has broad 
applications in e-commerce, tourism, healthcare, etc., 
such as searching for product images, tourist attraction 
photos, or medical images via descriptive queries[3]. 
(2) Speech recognition based on video content: In 
video processing, cross-modal retrieval enables speech 
recognition and keyword search within video content, 
allowing users to quickly locate critical information. (3) 
Multimedia event detection: In fields like online public 
opinion monitoring and public safety, cross-modal 
retrieval can detect and analyze multimedia events, 
enhancing response speed and processing efficiency.

5. Future Development Directions of Cross-
Modal Artificial Intelligence
5.1 Unified Cross-Modal Modeling
As artificial intelligence technology continues to 
advance, the processing capabilities of single-modal 
approaches are increasingly insufficient for complex 
tasks. Unified cross-modal modeling aims to construct 
a general-purpose model capable of handling multiple 
data modalities—such as text, images, video, and 
audio—to address the complexity and diversity 
of multimodal information in the real world. To 
achieve cross-modal unified modeling, innovative 
model architectures are essential. For instance, 
leveraging advanced neural network architectures 
like Transformers, combined with multimodal pre-
training techniques, enables the construction of a 
universal model capable of simultaneously processing 
multiple modal data types. Such models will exhibit 
stronger cross-modal semantic alignment capabilities, 
enabling more effective fusion of information across 
different modalities. The key to cross-modal unified 
modeling lies in achieving cross-modal semantic 
alignment. This demands that models comprehend 
the intrinsic connections and semantic relationships 
between different modal data, enabling seamless 

conversion and fusion across modalities. To achieve 
this goal, research into key technologies such as 
cross-modal representation learning and cross-modal 
information fusion is essential. Cross-modal unified 
modeling requires training on large-scale, high-quality 
multimodal datasets. Simultaneously, incorporating 
external information like domain knowledge and 
common-sense knowledge can further enhance the 
model's cross-modal understanding and generation 
capabilities.

5.2 Advanced Cognitive Intelligence
As artificial intelligence technologies become more 
widespread and applied, expectations for their 
intelligence levels continue to rise. Advanced cognitive 
intelligence aims to enable machines to think in ways 
closer to humans, delivering more intelligent and 
human-like interactive experiences. Common sense 
knowledge constitutes a vital component of human 
intelligence and is key to machines achieving advanced 
cognitive intelligence. Cross-modal common sense 
learning requires machines to integrate information 
from multiple modalities for common sense reasoning 
and judgment, enabling more accurate comprehension 
of complex real-world scenarios and tasks. Emotional 
intelligence, a uniquely human cognitive ability, is 
also a vital element in human-machine interaction. 
Cross-modal emotional intelligence requires machines 
to comprehend and simulate human emotional 
expressions, enabling more intelligent and human-
like interaction experiences[4]. For instance, in the field 
of intelligent voice assistants, cross-modal emotional 
intelligence allows voice assistants to better understand 
users' emotional states and needs, providing more 
thoughtful and personalized services.

5.3 Multimodal Interaction Across Scenarios
With the widespread adoption of AI technologies and 
the diversification of application scenarios, multimodal 
interaction has become crucial  for enhancing 
application performance. Multimodal interaction across 
scenarios demands that intelligent systems flexibly 
utilize information from multiple modalities to interact 
in various complex environments, addressing diverse 
tasks and challenges. This requires intelligent systems 
to possess stronger adaptability to complex scenarios. 
This necessitates systems that can flexibly select and 
combine different modal information based on specific 
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scenarios and task requirements to achieve optimal 
interaction outcomes. Multimodal interaction aims to 
deliver more natural and efficient human-computer 
interaction experiences. By integrating information 
from multiple modalities (such as voice, gestures, 
facial expressions, etc.), intelligent systems can more 
accurately understand user needs and intentions, 
providing more precise and personalized services. 
Achieving multimodal interaction across diverse 
scenarios necessitates overcoming a series of technical 
challenges, including cross-modal data synchronization 
and alignment, as well as multimodal information 
fusion and reasoning. In the future, with continuous 
technological advancements and innovations—
such as optimized cross-modal learning algorithms 
and improved multimodal fusion techniques—these 
challenges will gradually be resolved, propelling cross-
modal artificial intelligence toward higher levels of 
development.

6. Conclusion
Cross-modal artificial intelligence, particularly the 
integration of vision and language, represents a 
significant research direction in the current field of 
artificial intelligence. Through theoretical innovation, 

technological  breakthroughs,  and application 
expansion, cross-modal AI will provide robust support 
for achieving higher-level AI tasks, driving the 
continuous advancement and development of artificial 
intelligence technology.
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