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Figure 1 The technical logic of medical large language models
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Figure 2 Medical large language model technology architecture
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Building medical large language models: technology, challenge,
and development

Yuefeng Li & Wei Zhao™
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The medical large language models are reshaping the diagnosis, treatment, management, and education system of the
medical industry through technological integration and scenario innovation. Its core value lies in improving the accuracy of
diagnosis and treatment, reducing medical costs, and achieving universal healthcare. This article analyzes the technology,
challenges, and trends of constructing medical large language models, and proposes feasible development paths. The
construction of medical large language models is a systematic and complex process involving the comprehensive
application of key technologies, computing platforms, and medical professional terminology.

This article is based on the ideas of modeling, automation, and standardization. Through the comprehensive application
of technologies such as data, models, algorithms, and tools, it achieves multi-modal functions similar to the human brain,
such as memory, understanding, reasoning, and generation. This paper deeply studies the major domestic and foreign large
language models and their applications, including corpus collection, corpus classification, modeling analysis and model
application. Data technology is the foundation of medical large language model construction, including data collection and
integration, data cleaning and processing, data analysis and modeling, value creation, and digital assetization.In addition to
the classic architecture of Transformers, there are also new architectures such as the Mixture of Experts (MoE), Mamba
model, Brain-Inspired Intelligence, and temporal large models for modeling technology. The key to modeling technology
lies in selecting appropriate neural networks (or multiple neural networks in series or parallel) based on Transformer
architecture, and optimizing gradients and parameters accordingly.

The second is the mutual nesting of various technologies. The medical large language models utilize algorithmic
techniques rooted in machine learning, implemented via neural network codecs. The neural networks in codecs can adopt
four types of patterns: single neural networks, multiple neural networks in parallel, multiple neural networks in series, and
hybrid. The operation of medical large language models requires powerful platforms and computing technology support.
From a software perspective,

Software strategies include knowledge enhancement, cross-end proactive services, adaptive routing, centralized task
planning, and multi-agent collaboration, underpinned by software and algorithmic optimization.

The application of medical large language models enhances medical service quality, optimizes resource allocation, and
improves patient experiences However, the development of medical large language models still faces challenges: firstly,
the applicability of medical large language models requires continuous refinement. The second is that the development and
application of medical large language models require collaboration between business and technical teams to tackle
challenges. The third is that risks such as algorithmic bias, model hallucinations, and data privacy breaches must be
proactively addressed.

In summary, as Al evolves iteratively, humans concurrently learn and adapt. Technological innovation empowers our
societal progress, while our societal development broadens horizons for technological advancement.

The future of more accurate, effective, and convenient life and health empowerment technologies is promising.

medical large language models, technology, challenge, development
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