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Abstract

This paper analyses the performance characteristics observed when porting large-scale grid-resampling
CUDA code from a PC discrete-GPU environment to a Jetson AGX Orin-based UMA GPU environment.
In a PC environment, CPU memory and dedicated GPU memory are physically separated, whereas the
Jetson shares physical memory between the CPU and GPU. Therefore, the same memory method does not
necessarily produce equivalent performance across the two platforms. Explicit-copy memory (Device
Memory), Unified Memory, and Zero-copy were evaluated under linear, local-offset, and scatter access
patterns. The results showed that Device Memory provided the most stable performance on the PC. On
the Jetson, Unified Memory and Zero-copy showed potential advantages depending on data size and
memory-management conditions. Scatter access degraded performance on both platforms, indicating that
both memory architecture and data-access patterns should be considered when porting CUDA code.
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