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A Survey of Multimodal Large Language Models

ZHOU Hao-Rong"

B( School of Computer Science and Technology, Xi'an Jiaotong University, Xi'an , 710049)

Abstract Over the past year, significant progress has been made in multimodal large language models (MM-
LLMs), which have enhanced the support for multimodal inputs or outputs in off-the-shelf LLMs through cost-
effective training strategies. These models not only retain the inherent reasoning and decision-making capabilities
of LLMs but also augment their processing abilities for a variety of multimodal tasks. This paper presents a
comprehensive survey aimed at fostering further research in multimodal large language models. Firstly, we outlined
the general design principles of model architecture and training procedures. Subsequently, we introduce a taxonomy
encompassing 126 multimodal large language models, each with its specific formula. Furthermore, we review the
performance of some multimodal large language models on mainstream benchmarks and summarize the key training
strategies for enhancing their efficacy. Finally, we discuss promising directions for the development of multimodal
large language models. We hope that this survey contributes to the continuous advancement of the field of

multimodal large language models.
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