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Infroduction

This poster investigates the challenges of dynamic memory allocations in a hierarchical parallel context using the SYCL 2020[1] programming model and extensions. The study explores
memory management using different parallelism paradigms. We study the performance, productivity and memory footprint of each implementation. Dynamic allocations in nested
parallel for loops can be found in many situations, such as the semi-Lagragian advection scheme in the GYSELA|2] plasma turbulence simulation code.
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