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Abstract

In recent years, the large-scale pre-trained model represented by ChatGPT has continuously bro-
ken through the existing bottleneck of Al technology, and the problem of fragmentation of Al ap-
plication is expected to be fundamentally solved in the short term. In the future, centralized Al ap-
plication development will replace traditional individual workshop production, and this trend
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puts higher requirements on artificial intelligence platforms that support Al model training,
fine-tuning and deployment. Aiming at the existing problems in the main stream artificial intelli-
gence platform, this paper designs a training-reasoning integrated platform. This platform realizes
the efficient scheduling of machine learning pipeline through workflow engine, solves the problem
of hardware resource allocation and scheduling by using virtualization and containerization tech-
nology, and realizes the componentization and pluggability of Al operators based on automatic
form tools. The training-reasoning integrated platform designed in this paper will effectively lower
the development threshold of Al applications, facilitate the centralized and large-scale production of
Al applications, and accelerate the penetration of large-scale pre-training models into various ver-
tical industry.
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Figure 1. Integrated process of Al model development and operation
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Figure 2. Design of artificial intelligence model development pipeline
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Figure 3. Functional architecture diagram of the training-reasoning integrated platform
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Figure 4. Technical architecture diagram of training-reasoning integrated platform
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Figure 5. Operator plug-in technology: (a) Operator basic information management; (b)
Operator configuration information management
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Figure 6. Task scheduling process
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Figure 7. Computing power resource scheduling process
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