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ABSTRACT

In recent years, the importance of running deep learning models on-device has increased due to privacy and security
concerns. However, the limited memory and performance of accelerators such as embedded GPUs, compared to cloud
environments, limit the execution of large-scale models or multi-model inference. In this paper, we propose a
reinforcement learning-based dynamic deep learning model scheduling technique to overcome these limitations and achieve
high inference performance in an on-device environment. First, we use reinforcement learning to teach an agent to overlap
GPU computation and data transfer between the CPU and GPU offline. This provides the agent with a scheduling policy
to ensure minimum latency execution time online. This approach also overcomes memory constraints by partitioning deep
learning models into tasks and loading them into memory only when required. Experiments conducted in real on-device
environments demonstrate that this approach effectively reduces peak memory usage under constrained conditions and
decreases average inference time by approximately 30% through efficient scheduling.
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Fig. 1 Example of GPU memory utilization for
representative deep learning models.
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Fig. 3 Example of nesting data transfer and
computation using CUDA Streams.
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Fig. 4 Workflow of the proposed reinforcement learning.
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