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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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Cholesky — blocked algorithm
- Factorizes an SPD matrix A4 into a lower triangular matrix L with A = LLT
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Cholesky — blocked algorithm

- Factorizes an SPD matrix A4 into a lower triangular matrix L with A = LLT
Right-looking: one column after another

for k = 0...N-1
Cholesky on
Ay = Cholesky(Axx) one block
form = k+1..
A = solve(Agk, Amrk) Symmetric matrix-

matrix multiply

for m = k+1...N-1

Matrix-matrix

Finished blocks multiply

Apn —=Apik Agk

Block triangular

solve
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Cholesky — blocked algorithm

- Factorizes an SPD matrix A4 into a lower triangular matrix L with A = LLT
Right-looking: one column after another

fork =0...N-1 N
S Problem: CPU
Communication
Ay = Cholesky(Agy) to GPU runs out of work
form =k+1..
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Conjugate Gradients and Cholesky

CG Cholesky

- |terative solver to approximate the result  Direct solver that produces exact solution
« Dominated by BLAS-2 operations « Dominated by BLAS-3 operations

« Constant workload across iterations » Workload decreases over time

How does heterogeneous computing

affect the runtime of the two
algorithms?
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Experimental Setup

« Solving large systems of linear equations with dense kernel matrices obtained from
simulation data for Gaussian Process Regression [2]

« Sizes 212 x 212 tg 216 x 216

« Results for two main Systems are shown:

[2] Helmann, Maksim, Alexander Strack, and Dirk Pfliger. 2025. “Replication Data for: GPRat: Gaussian
Process Regression with Asynchronous Tasks.” DaRUS. https://doi.org/doi:10.18419/DARUS-4743.
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Experimental Setup

« Solving large systems of linear equations with dense kernel matrices obtained from
simulation data for Gaussian Process Regression [2]

« Sizes 212 x 212 tg 216 x 216

« Results for two main Systems are shown:

| System System 2

CPU 2x AMD EPYC 9274F (48 Cores)
CPU FP64 FLOPS 3.11 TFLOPS

GPU NVIDIA A30 AMD Mi210
GPU FP64 FLOPS 5.2 TFLOPS 22.6 TFLOPS

 All computations are performed using double precision

« AdaptiveCpp is used if not stated otherwise
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Conclusion
« Considerable performance improvements can be achieved with heterogeneous computing
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Conclusion

« Considerable performance improvements can be achieved with heterogeneous computing

* Improvements compared to GPU-only on various systems for large matrices:
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Outlook

- Evaluation of the heterogeneous implementations on new compute architectures
« AMD MI300AAPU
* NVIDIA Grace Hopper Superchip
- CPU and GPU are tightly coupled

* Analysis of energy consumption
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