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Abstract

In traditional embedded systems, DNN operations were entirely dependent on server systems, but improved performance
of embedded GPUs allowed the embedded system to perform DNN operations on its own. Thus, systems such as
unmanned aerial vehicles, smart cities, and self-driving cars, which relied on the cloud to perform DNN operations, have
the ability to run DNN models only with internal resources. Especially for self-driving cars, various data input from
multiple cameras and sensors is transmitted to applications such as image recognition and lane detection. Subsequently,
each application uses several kinds of DNNs to process the data. To use multiple DNNs, each DNN must be allocated to
a process or a thread to run in batches, and there are many differences in overall execution time depending on the
environment in which it runs. In this paper, we first analyze the overhead that occurs in each environment when multiple
DNNs are executed in a multi-context environment and a single-context environment. Secondly, we analyze the memory
copy problem between CPU and GPU that can occur in embedded GPU systems and the cache issue associated with it.
Finally, we propose a framework that can solve the analyzed problem and minimize overhead. After applying the proposed
framework to a commercial board, experiments result in up to 40.8% reduction in running time compared to the
multi-context environment.
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Fig. 2. Execution method of GPU kernel function.
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