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Abstract Focusing on empowering the command and control(C2) procedure of generative Al,we analyze the challenges of course
of action(COA) generation in C2 and the prospects of pre-trained large language models(LLLMs). Then,a COA generation me-
thod based on pre-trained LLLLMs, COA-Gen,is proposed. Firstly, a multi-round generation framework is designed to align the
generated plans with objectives. Secondly, a multi-factor prompt templates is constructed to integrate vast amounts of multi-
source information. Lastly. knowledge-augmented generation technology is introduced to improve the generation quality of the
few-shot military domain. To validate the effectiveness of the generated plans,an emulation environment based on the StarCraft 11
engine and the “Tiger Claw” scenario is established. The results show the robustness of the method and its alignment with the
commander’s intention. The feasibility of using LLLMs for COA generation has been verified. Additionally. different pre-trained
models exhibit varying performances in the same task,indicating that the choice of model in real-world applications can lead to ac-
tion plans with different styles,thereby affect the ultimate outcomes.
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Fig. 1 Framework of single-round scheme generation
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Fig. 2 Framework of multi-round scheme generation
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Table 1  Detailed information on military configuration of both sides
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Fig. 10 Comparison of generative approach rating whether adopt

KAG technology or not
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Fig. 11 Comparison results of COA-Gen and A3C methods
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Table 2 Comparison of token consumption generated by single-round

and multi-round frameworks
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