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ource service system of Google, has problems of low throughput of
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Abstract: Tensorflow Serving, an
Tensorflow Serving single application, ome service invocation, and imperfect model lifecycle management. Aiming
at these problems, this paper propos esign a microservice software architecture solution based on Tensorflow Serving.
Monitoring program develope research is added to Docker (open source application container engine) container
where Tensorflow Servingyi ed. The monitoring program actively registers available model services to the registry of
the microservice architecture a€cording to loading status of each instance model, so to realize orchestration management of
the model. Experimental results show that the proposed microservice architecture solution effectively improves throughput
of Tensorflow Serving services, reduces service response time, and simplifies model invocation process. It can meet actual
needs of Tensorflow Serving deployment, operation, and maintenance in production environment.
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Tab.1 Tensorflow Serving HTTP interface API
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Fig.5 Model registration center interface
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Fig.8 Service throughput of single node with and without
monitoring, multi—node load balancing
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