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GPU-Based Tracking Algorithms

for the ATLAS High-Level Trigger

2 Abstract

GPU-accelerated event processing is one of the possible options for the ATLAS High-Level Trigger (HLT) upgrade for higher
LHC luminosity. This poster presents data preparation and track finding algorithms specifically designed to run on a GPU using
a “client-server” solution for hybrid CPU/GPU event processing and integration of the GPU algorithms into existing ATLAS HLT
software. The resulting speed-up of event processing times obtained with high-luminosity simulated data is presented and

discussed.
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5. The “client-server” architecture for hybrid CPU/GPU processing
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6. Results and discussion
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Data preparation time is reduced by a factor of 26 and Track finding also shows increased performance, though it is Overall processing throughput is increased when using the host system.
shows very little dependence on input data volume limited by the track merging/removal being run on the CPU GPU, limited only by the number of GPU multiprocessors

Conclusion and outlook
Significant speed-up for both data preparation and track finding is observed and the client-server architecture viability demonstrated. Future goals include porting kernels
and server code to OpenCL to perform tests with ATl FirePro cards and multi-core CPUs working as co-processors.
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