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low inference costs and outstanding chain-of-thought reasoning capabilities, performing comparably to, and in some
tasks surpassing, proprietary models like GPT-40 and ol. This achievement has garnered significant international
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strategy have ignited a wave of deployment and application within China, thereby promoting the widespread adoption

and development of Al technology. This work systematically analyzes the architectural design, training methodology,

and inference mechanisms of the DeepSeek model, exploring the transfer potential and application prospects of its core

technologies in Al-assistant protein research. The DeepSeek model integrates several cutting-edge, independently

innovated technologies, including a multi-head latent attention mechanism, mixture-of-experts (MoE) with load

balancing, and low-precision training. These innovations have substantially reduced the training and inference costs for

Transformer models. Although DeepSeek was originally designed for human language understanding and generation,

its optimization techniques hold significant reference value for pre-trained language models with proteins, which are

also based on the Transformer architecture. By leveraging the key technologies employed in DeepSeek, protein

language models are expected to achieve substantial reductions in training and inference costs.
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Fig.1 History with the development of DeepSeek models



%£6% www.synbioj.com 639
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Table 1 Architecture, parameter count, pre-training task, and application scenario of

currently available protein language models
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Fig. 5 Methods for enhancing protein language models
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