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Abstract: With the deep development of artificial intelligence technology into industry, the application of general large models in vertical
fields faces challenges such as sparse data, lack of domain knowledge and high reasoning costs. Existing research mostly focuses on the optimi-
zation of the pre training phase of the general model, or relies on large—scale domain specific data for model reconstruction, which is difficult
to meet the needs of enterprise level scenarios for rapid response, low—cost deployment and professional services. For the scenario where verti-
cal domain data has been accumulated, the construction scheme of large model production line based on modular technology stack is proposed.
Through base model selection, domain data enhancement, lightweight fine—tuning, efficient inference engine and knowledge architecture en-
hancement, the five dimensional linkage is realized to realize the rapid landing of specialized Al services. This scheme breaks through the bot-
tleneck of long development cycle and high computing power consumption of traditional large models, provides a reusable technical path for da-
ta enrichment fields such as finance, medical care and law, and has important practical value for promoting industrial intelligent upgrading.
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Fig.1 Construction scheme architecture of specialized large model production line
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Fig. 2 Base model selection module flow
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Fig. 3 Domain data enhancement module architecture
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Fig. 4 Knowledge architecture enhancement module flow
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