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ABSTRACT

Multimodal large language models (MLLMs) have emerged as powerful tools for a diverse range of applications, particularly in enabling effective cross-domain knowledge transfer. By leveraging multimodal embeddings and transfer learning, MLLMs process and understand information from text, images, videos, and audio, enabling their capacity to generalize across various domains’ content without requiring domain-specific training. This research investigates the efficacy of MLLMs in transferring knowledge across different domains, focusing on their underlying mechanisms that facilitate generalization, including the capture of semantic relationships and patterns. We examine factors influencing the effectiveness of cross-domain knowledge transfer, such as the similarity between source and target domains, the quality and quantity of training data, and the architecture of the MLLM. Through empirical studies and case analyses, we demonstrate the potential of MLLMs to revolutionize various fields, including healthcare, education, and engineering. Experimental results highlight the capacity of MLLMs to improve context comprehension and reduce computational overhead, suggesting a scalable and adaptable future for AI systems poised to drive innovation and transformation across diverse industries.
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Introduction

The advent of large language models (LLMs) has transformed natural language processing (NLP) by enabling machines to understand human-like speech and making it available in a variety of environments. However, the potential of the LLM extends beyond these tasks, particularly in the transfer of knowledge across domains—the ability to transfer knowledge learned in one field to another. This process is important for the development of AI systems that can be cross-industry and geographically relevant. As the need to understand multidimensionality in real-world applications increases, cross-cultural knowledge transfer has emerged as a resource for researchers seeking to enhance the flexibility and capability of LLMs to do it all up.1–3

Despite their impressive capabilities, traditional LLMs face significant domain-specific constraints. These models are often trained on large datasets that are heavily skewed toward particular domains, without exposure to the variabilities and nuances of other domains. Consequently, when these models attempt to transfer knowledge to another domain, such as the healthcare or education sector, they may struggle to apply their skills technically once outsourced, because the nature of data and the context in which they are used can differ dramatically. This limitation markedly hinders the ability of models to generalize, resulting in poor performance on tasks requiring cross-domain understanding.4

However, the rise of multimodal large language models (MLLMs)—models that integrate and process multiple types of data—has provided a promising solution to these challenges. By combining text, visual, and audio information, multimodal models can create more robust, domain-invariant representations, allowing them to transfer knowledge more effectively between domains. This approach has shown promise in a variety of tasks, including text-to-image classification and speech-to-text transfer, where integrating multiple data types enhances the model’s ability to generalize.

Recent advancements in MLLMs have shown substantial improvements in cross-domain knowledge transfer. These models use multimodal embeddings to create unified representations that enable them to contextualize and interpret different types of data across domains. For instance, in the medical field, a model that can analyze MRI scans, patient records, and doctor’s notes has the potential to revolutionize personalized medicine by transferring knowledge seamlessly between these data types. Additionally, the use of transfer learning techniques, where a model is pretrained on a large source domain dataset and fine-tuned on a smaller target domain dataset, has further enhanced cross-domain generalization. These techniques have broad applications, from healthcare to autonomous vehicles and education, where the ability to adapt and transfer knowledge across modalities and domains is critical for success. As MLLMs continue to evolve, they offer new possibilities for creating flexible, scalable AI systems that can operate across complex, real-world environments (Figures 1–4).5–7


[image: An illustration depicts the definition of multimodal LLM.]

Fig 1 | Definition of multimodal LLM
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Fig 2 | Multimodal prompting in LLMs
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Fig 3 | Architecture of multimodal LLM
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Fig 4 | Summary table comparison





Background

Multimodal Large Language Models

MLLMs are a type of artificial intelligence that can process and understand information from multiple modalities, such as text, images, and audio. Unlike traditional language models that are limited to text-based data, MLLMs can integrate information from various sources to provide a more comprehensive and nuanced understanding of the world. This enables them to perform a wider range of tasks, including image and video captioning, visual question answering (VQA), and machine translation.

Multimodal prompting, a technique that involves combining text and visual inputs, has significantly enhanced the capabilities of LLMs. By incorporating both textual and visual information, MLLMs can generate more accurate and contextually relevant outputs.

Consider a scenario where an LLM is tasked with describing an event. When provided with a text prompt like “Describe the event” and an image of a crowded beach with fireworks, the model can leverage the visual cues from the image to generate a more detailed and informative description. The LLM can identify key elements such as the presence of people, the setting, and the fireworks, incorporating these details into its response to create a more comprehensive and engaging description of the festive beach event.

This demonstrates the power of multimodal prompting in enabling LLMs to draw from a richer information set, leading to more accurate and contextually relevant outputs. By combining textual and visual data, MLLMs can make connections and inferences that are impossible with text alone, providing a more nuanced and informative understanding of the world.2,8,8–10

Overview of MLLM Architecture

Modality-Specific Encoders (Figure 3)


	Textual Data: Transformers like GPT, BERT, or T5 are employed to encode text into numerical representations. They capture semantic relationships and contextual dependencies using self-attention mechanisms.



Emb text = Embed token(x) + Pos Embed(x)

Where Emb text is the text embedding, Embed token(x) is the token embedding function, and Pos Embed(x) adds positional encodings.


	Visual Data: Vision transformers or convolutional neural networks (CNNs) are used to extract visual features from images.



Emb image = Flatten(CNN(I)) + Pos Embed(I)

Where Emb image is the image embedding, Flatten(CNN(I)) converts the image into a set of feature vectors, and Pos Embed(I) adds positional encodings.11


	Audio Data: Mel-frequency cepstral coefficients or spectrogram encoders convert raw audio signals into frequency-based features. These features are then processed using recurrent neural networks or transformer-based models.12,13



Cross-Modal Fusion


	Concatenation: The encoded embeddings from different modalities are directly combined into a single vector.

	Attention Mechanisms: Attention mechanisms are used to weigh the importance of different modalities based on the task. Cross-attention layers are commonly employed:
Attn(Q, K, V)=softmax(QKTdk)V

Where Q, K, and V are the query, key, and value matrices for each modality, and dk is the dimensionality of the key vectors.


	Modality Gating: Gating mechanisms dynamically adjust the contribution of each modality using:
gi=σ(Wihi+bi)

Where gi is the gate value for modality i, Wi and bi are learnable parameters, and hi is the hidden representation from modality i.




Shared Transformer Layers


	Processing Unified Representation: The fused representation is passed through shared transformer layers to capture higher-level relationships.

	Self-Attention and Feed-Forward Networks: Transformers use multiheaded self-attention and feed-forward networks for processing.



Task-Specific Heads


	Fine-Tuning for Downstream Tasks: The output of the shared transformer layers is passed through task-specific heads tailored for specific tasks.

	Output Generation: Task-specific heads map output embeddings to the desired output space (e.g., token probabilities for text generation).



Training and Optimization


	Large-Scale Datasets: MLLMs require diverse multimodal datasets.

	Loss Functions: Task-specific loss functions (e.g., cross-entropy, contrastive loss) are used.

	Multitask Learning: Training on multiple tasks improves generalization.1

	Transfer Learning: Pretraining and fine-tuning enhance performance.



Uses and Challenges of MLLMs

Uses of MLLMs

MLLMs have a wide range of applications across various domains:


	NLP: MLLMs can be used for tasks like text generation, machine translation, summarization, and question answering. By incorporating multimodal information, they can provisde more contextually relevant and accurate responses.14 For example, an MLLM can generate a more detailed and informative summary of a news article by considering accompanying images or videos.

	Computer Vision: MLLMs can be used for tasks like image and video captioning, object detection, and VQA. By incorporating textual information, MLLMs can provide more descriptive and informative captions or answers. For example, an MLLM can describe a scene in a video in detail, including the actions of the people involved and the context of the situation.

	Healthcare: MLLMs can be used for medical imaging analysis, drug discovery, and patient diagnosis. For example, a model that combines X-ray images with written patient histories can accurately identify potential pathologies. This area includes the need for high-quality, annotated datasets and the integration of disparate datasets, which can be difficult to formalize.15

	Education: MLLMs can be used for personalized tutoring, adaptive learning, and content creation. By incorporating multimodal information, MLLMs can provide more engaging and effective learning experiences.4 For example, an MLLM can generate personalized quizzes or explanations based on a student’s individual needs and preferences.

	Entertainment: MLLMs can be used for tasks like content creation, recommendation systems, and interactive storytelling. By combining text, images, and audio, MLLMs can create more immersive and engaging experiences.4 For example, an MLLM can generate personalized movie recommendations based on a user’s viewing history and preferences.4,16

	Autonomous Vehicles: MLLMs can combine data with textual map data from multiple sensors (e.g., cameras, LiDAR) to enhance real-time decision-making. Challenges include the need for real-time operation and data from different sources being matched, which can be affected by environmental factors such as light and weather. 17,18



Challenges of MLLMs

Despite their many advantages, MLLMs also face several challenges:


	Data Scarcity: Obtaining large-scale multimodal datasets can be difficult, especially for less common modalities like audio or video. This can limit the performance and generalizability of MLLMs. 7,19

	Alignment Issues: Aligning representations from different modalities can be challenging, especially when the modalities are highly dissimilar. This can lead to inconsistencies and errors in the model’s output.

	Interpretability: Understanding how MLLMs make decisions can be difficult, especially when dealing with complex multimodal inputs. This can make it challenging to debug and improve the model’s performance.1,20

	Bias and Fairness: MLLMs can perpetuate biases present in the training data, leading to discriminatory or harmful outputs. This is a significant ethical concern and requires careful attention.

	Computational Cost: Training and running MLLMs can be computationally expensive, requiring significant hardware resources. This can limit their accessibility and deployment in certain applications.21,22



Recent Studies and Applications of MLLMs

MLLMs are becoming increasingly significant in AI research due to their ability to process and integrate information from different modalities such as text, images, audio, and video. This has led to breakthroughs across various domains, particularly in areas requiring a high degree of context understanding, reasoning, and knowledge transfer.1,7 In this section, we will review recent studies and applications that highlight the potential and versatility of MLLMs.

Recent Studies

CLIP (Contrastive Language–Image Pre-training): One of the landmark studies in multimodal AI is CLIP, developed by OpenAI. CLIP demonstrates the power of multimodal learning by training on pairs of images and text captions. Using a contrastive learning objective, the model learns to associate textual descriptions with corresponding images. This allows CLIP to perform zero-shot classification on new image datasets without any task-specific fine-tuning.2,9 CLIP’s multimodal approach has influenced subsequent research on vision-language models, showcasing the potential of LLMs to generalize across multiple tasks and domains.

Florence: Microsoft’s Florence is another notable contribution to the MLLM landscape. It combines visual and textual data to improve performance on a variety of vision-language tasks, including image classification, object detection, and image captioning. Florence builds on transformer architectures and employs self-supervised learning, which enhances its ability to learn cross-modal representations from large-scale unlabeled data.4,6 Florence represents a significant advancement in multimodal AI, showing how LLMs can be leveraged for complex, real-world vision tasks.

PaLI (Pathways Language and Image Model): Developed by Google Research, PaLI focuses on unifying language and vision tasks using a single model. PaLI is capable of handling tasks like object detection, image captioning, and VQA by training on both textual and visual data simultaneously. One key advantage of PaLI is its ability to achieve state-of-the-art results on various vision and language benchmarks, proving the potential of unified multimodal models to streamline AI development across different fields.1,13

VisualGPT: VisualGPT extends traditional text-based LLMs by integrating visual information into the text generation process. This model is particularly effective in generating captions for images, allowing for more context-aware text generation. VisualGPT uses transformers to combine text and image features, which enables it to produce more nuanced and accurate captions.

Studies around VisualGPT show its effectiveness in areas such as image-driven storytelling and generating descriptions for users with low vision.

Applications

Medical Diagnostics: MLLMs have found significant applications in healthcare, particularly in diagnostic systems that require the integration of multiple data types. For instance, models that combine text-based clinical notes with medical images (e.g., MRI scans or X-rays) can improve diagnostic accuracy by leveraging both modalities. Researchers are also using MLLMs to analyze genetic data, patient history, and medical literature to aid in personalized treatment plans. These systems allow for more holistic patient assessments, which are crucial for precision medicine.

Autonomous Vehicles: In the field of autonomous driving, MLLMs are being applied to combine data from different sensors (e.g., cameras, LiDAR, and radar) with textual map data and vehicle telemetry. By fusing these inputs, autonomous systems can make better real-time decisions, such as identifying obstacles, reading traffic signs, and predicting pedestrian movements. Tesla and Waymo have been exploring these architectures to make their autonomous driving systems more robust and capable of handling complex environments.17,18

Creative AI: Art and Music Generation: Creative applications of MLLMs are emerging in fields like digital art and music. Models such as DALL-E can generate images from text descriptions, allowing artists to collaborate with AI to produce new visual artworks. Similarly, models that combine textual descriptions with audio data are being used to compose music or generate soundscapes based on user inputs. These applications are pushing the boundaries of creativity by merging artistic expression with AI’s computational power.23

Content Moderation and Social Media Analysis: MLLMs are also being deployed in content moderation systems to filter harmful content more effectively. By combining text-based data (such as comments or captions) with visual data (such as images or videos), these models can detect hate speech, misinformation, or explicit content more accurately. Social media platforms like Facebook and Twitter are experimenting with these systems to ensure safer online environments.

Assistive Technologies: For people with disabilities, MLLMs have paved the way for innovative assistive technologies. Systems that integrate text and visual input can help users with low vision by reading out descriptions of their surroundings or translating sign language into text for hard-of-hearing users. These models are making significant contributions to accessibility by enabling more inclusive human-computer interactions.1,20

Evaluating the efficacy of MLLMs

Evaluating the efficacy of MLLMs involves assessing how well they can integrate and process information from various data types, such as text, images, and audio, to perform complex tasks across domains. Key metrics include accuracy, transferability, robustness, and generalization across modalities. The evaluation process typically begins with benchmark tests on standard datasets that include multiple modalities, allowing researchers to measure performance on tasks such as image-text classification, VQA, and cross-modal retrieval.1

One significant method of evaluation is zero-shot learning, where the model must generalize its learned knowledge from one domain to another without fine-tuning. This assesses the model’s ability to transfer information effectively across domains and modalities, a key indicator of its cross-domain knowledge transfer capabilities. In addition to task-specific accuracy, computational efficiency is an important metric. Models that achieve high performance with lower computational costs or memory usage are often considered more effective for real-world applications.

Qualitative evaluation also plays a role, focusing on the interpretability of results. Researchers examine how well the model generates human-like responses or interprets visual data. Advanced techniques like embedding analysis are used to visualize how the model represents multimodal inputs, which helps understand the alignment between different modalities.1 These comprehensive evaluations help establish how well MLLMs perform in complex, real-world scenarios, such as medical diagnostics, autonomous systems, or multilingual, multimodal tasks, pushing the boundaries of artificial intelligence across industries.6,16

Future Trends of MLLMs in Cross-Domain Knowledge Transfer

The future of cross-domain knowledge transfer through MLLMs is poised to witness significant advancements, driven by evolving AI architectures and increasing computational capabilities. As MLLMs gain widespread attention for their ability to process and integrate diverse types of data, such as text, images, and audio, the focus is shifting toward enhancing their efficacy in cross-domain applications. These models offer transformative potential across various sectors, including healthcare, finance, education, and autonomous systems. Below are some of the key future trends expected to shape this field.

Extensions to Modalities and Multimodal Fusion Techniques

A major trend in MLLMs is the expansion beyond traditional mediums such as text and images. In the future, models will integrate multiple data types, including 3D objects, video streams, sensory information, and even tactile information. This will open up entirely new possibilities for cross-domain applications, allowing models to learn from highly diverse dynamic datasets. For instance, to apply robotics in disaster management, MLLM can leverage 3D object detection recognition to process real-time disaster data from drones and satellite images during search and rescue operations, providing real-time identification of obstacles and disastrous objects.

The integration of these multiple data streams also shows growth. Newer algorithms and architectures focus on more sophisticated fusion techniques that efficiently combine information from different sources. Improved conceptual techniques, transducers, and neural networks will be key to seamlessly integrating disparate disciplines, ultimately increasing the ability of models to generalize across domains.1

Continual Learning and Adaptability

One of the main challenges of cross-cultural knowledge transfer is the need for continuous learning, where paradigms are adaptable without forgetting previously learned knowledge. Traditional LLMs face challenges in adapting to new tasks while retaining their understanding of old tasks, a process that is often “very disrupted.” They argue that the development of continuing education programs to address this issue will be made in the future so that LLMs can dynamically transition to new areas without having to retrain completely. Methods such as elastic weight consolidation become increasingly important in maintaining critical load and allowing new learning. The development of a lifelong learning model could further develop expertise in this system, making it more versatile in dealing with cross-site projects. This would be especially useful in real-world applications such as healthcare, where with knowledge retained before, the clinic may require new medical tests or changes to suit emerging diseases.7,24,25

Zero-Shot and Few-Shot Studies

The ability of MLLMs to learn zero-shot and few-shot—where models can generalize to other applications with no or little additional data—will be important to their future development. At present, although some models are zero-shot scenarios in terms of promising results, their efforts are often limited to specific types of tasks or data distribution. In the future, improvements in transfer learning and meta-learning approaches will enable more complex zero-shot and few-shot operations in a wide range of domains and modalities. For example, a model trained primarily on medical image data can be optimized with little additional data for segmentation or sensory analysis in physics.2,9

Improved Model Interpretability and Explainability

As MLLMs become more integrated into critical sectors like healthcare and finance, the demand for transparency in their decision-making processes will increase. The future will see a greater emphasis on making these models interpretable and explainable, ensuring that their cross-domain knowledge transfer capabilities can be understood and trusted by human users. Techniques such as focused attention, explainable AI systems, and ad hoc methods are playing a key role in this trend. Suggestions for improving interpretation include developing user-friendly interfaces that enable stakeholders to understand model decisions better. Models will not only be judged by their performance metrics but also by how well their decision-making process can be articulated, particularly in high-stakes domains where the consequences of errors can be severe.6,20

Efficient Computational Strategies

The growing complexity of MLLMs presents challenges in terms of computational resources. As these models become more sophisticated, they also require greater amounts of memory, processing power, and energy. Future trends will focus on developing more efficient computational strategies to reduce these requirements without compromising performance. Techniques such as model compression, quantization, and the use of smaller, more specialized models (e.g., TinyML) will allow for more efficient deployment of MLLMs, particularly in edge computing environments. This will be essential for applications like autonomous vehicles and Internet of Things devices, where computational resources are limited but real-time cross-domain knowledge transfer is critical.21,22,26

Cross-Domain Knowledge Transfer in Industry-Specific Applications

Future advancements will see MLLMs applied more frequently across specific industries, leveraging cross-domain knowledge to solve complex problems. For instance, in healthcare, models will be able to combine patient records, medical imaging, and genomic data to provide personalized diagnoses and treatment recommendations. In the legal field, MLLMs will assist with analyzing case documents, video testimonies, and previous rulings, leading to more informed decisions. In education, cross-domain models could revolutionize adaptive learning systems by analyzing text, voice data, and student behavior to tailor learning experiences to individual needs. The flexibility of these models will make them indispensable tools across a range of industries, leading to increased adoption and reliance on AI systems.27,28

Case Analyses and Experimental Results

Case Study 1: Health Research Support

In a recent study, MLLM was used to help identify medical conditions by combining written patient records with imaging data (e.g., X-rays and MRIs). The model was trained on datasets accompanied by clinical data and corresponding medical images. Experimental results showed that MLLM achieved 85% accuracy in the diagnosis of conditions such as pneumonia and epilepsy, outperforming traditional models that rely solely on textual or image data. This statement demonstrates its potential in healthcare advanced research. It demonstrates the model’s ability to use multimodal inputs for accuracy.15

Case Study 2: Educational Context

Another experiment was the use of MLLM to develop instructional content tailored to learning styles. The model was trained on a dataset consisting of text-based instructional materials, videos, and interactive questions. By analyzing student performance data, MLLM was able to develop personalized learning strategies that combined textual presentations with visual and interactive elements. Results showed a 30% improvement in independent learners’ penetration and retention rates compared to traditional methods. This case study highlights the versatility of the model in modifying content in various ways to enhance learning.27



Conclusion

The efficacy of MLLMs in cross-domain knowledge transfer marks a transformative development in artificial intelligence. These models, which integrate data from various modalities such as text, images, and audio, have demonstrated unprecedented abilities to generalize knowledge across disparate domains. By leveraging multimodal fusion techniques, advanced attention mechanisms, and neural networks, MLLMs offer enhanced flexibility in adapting to new tasks with minimal retraining. This makes them especially valuable for industries like healthcare, autonomous systems, and education, where diverse data types and dynamic environments are the norm.

Continual learning, zero-shot and few-shot learning, and improved interpretability represent key areas of future development for these models. MLLMs will increasingly be able to learn new tasks without forgetting previously learned knowledge, generalize effectively with minimal data, and provide more transparent decision-making processes. These advancements will lead to AI systems that are not only more efficient but also more trustworthy in critical applications. Moreover, computational strategies such as model compression and quantization will enable the deployment of sophisticated LLMs in resource-constrained environments, broadening their usability in edge computing and real-time applications.

In summary, MLLMs hold immense potential for advancing cross-domain knowledge transfer, providing a robust framework for developing AI systems capable of handling complex, multifaceted tasks. As these models evolve, they will play an increasingly central role in shaping the future of artificial intelligence, driving innovation across sectors, and setting new standards for adaptability and performance in AI systems.11,20,23
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