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= HW-Software co-design is a challenge as we move towards Exascale era
o Existing solutions e.g., DVFS, memory throttling are becoming less efficient

" Problem is exacerbated when:
o Implementing application specific hardware Intel 17-6660 2.4 GHz 32 GB 34.1 GB/sec  Tesla K20c 5GB 2.6 GHz

o Integrating hardware with software
o Changing application/hardware specifications at runtime

o Baseline is vendor-specifications of underlying hardware
o Y-axis for sensitivity analysis results is % difference with respect to baseline
Our Approach: o Small, medium and large input sizes are inspired by SHOC benchmarks, e.g., Matrix Multiply, small=1K,

= Automated hardware software co-design for Aspen, which generates medium=500K, large=1M
o Automated application model for Aspen
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. Sensitivity analysis of appllcatlon with respect to hardware What-If Analysis

2. Strong and weak scaling and energy profiling of LULESH on Titan
3. Strong and weak scaling and energy profiling of LULESH on Future Exascale
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Strong & Weak Scaling with Energy Profiling for Future Exascale Systems
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