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Goal

• Explore heterogeneous computing with CPU-GPU cooperation enabled through SYCL

• Heterogeneous implementation of solvers for linear systems with SPD matrices using SYCL

• Conjugate Gradients algorithm 

• Cholesky factorization 

• Runtime comparison with CPU/GPU only implementations on various hardware 

including NVIDIA, AMD, and Intel GPUs
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How does heterogeneous computing 

affect the runtime of the two 

algorithms?
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Outlook

• Evaluation of the heterogeneous implementations on new compute architectures

• AMD MI300A APU

• NVIDIA Grace Hopper Superchip

→ CPU and GPU are tightly coupled

• Analysis of energy consumption
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Tim Thüring
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