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Abstract

With the rapid development of applications such as generative Al, large model training, and intelligent
video analytics, the global demand for intelligent computing power is growing exponentially. Tradi-
tional computing power pricing models, primarily based on hardware configuration or usage duration,
struggle to accommodate the requirements of diverse, highly concurrent intelligent computing tasks.
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These models face challenges including poor task adaptability and insufficient Service Level Agree-
ment (SLA) coverage. This paper proposes a tiered pricing model for intelligent computing power
transactions, dividing the pricing structure into basic services and value-added services. The basic ser-
vice tier establishes pricing models based on core prior parameters of task types (such as image detec-
tion, natural language processing, and speech recognition). The value-added tier incorporates dynamic
adjustments according to users’ SLA requirements including timeliness, concurrency, and multi-node
collaboration. Empirical research is conducted using real intelligent computing task logs, and the su-
periority of the model is verified by comparing costs, task completion rates, and other indicators be-
tween traditional billing and layered billing. This model demonstrates significant advantages in en-
hancing resource utilization and meeting differentiated service demands, providing a viable technical
pathway for the market-based allocation of computing power resources.
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Table 1. Pricing model for model training scenario
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Table 3. Pricing model for value-added services
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