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2. UNIFIED SOFTWARE STACK DESIGN 4. EXPERIMENTAL RESULTS

2.1 Implementation Overview 4.1 Setup

Our Contributions & & & & o e o e e e e e e e e e e e e e e e e e e e e e e e o - Setup 1 8 x NVIDIA A100 40GB HBM2e 400W TDP PDE Solver - Helmholtz Equation: High-order FEM
) Nvidia GPU 2 x AMD EPYC 7713 (Zen3), 2 x 64 cores @2.0 GHz | Application 1 with Polynomial Degree 7 using deal.ll Library [8],
Performance Estimates + Resource Bottleneck RePOI‘tS (Nvidia ) (Multiple-GPUs/nodes: upto 2x 8 =16 GPUs) Varying # of Degrees of Freedom that fits on the GPU

Final Analysis

(Error Modeling + Mgde"ng and Sca|abi|ity Ana|ysis AMD Instinct MI210 64GB HBM2e 300W TDP Molecular Dynamics Simulations - Gromacs [9]:

2 x AMD EPYC 7713 (Zen3), 2 x 64 cores @2.0 GHz | Application 2
(Single-GPU/node)

Setup 2
Error Correction (via learning parameter) (AMD GPU)

Simulation Types: (1) R-143a in Hexane,
(2) RNA Piece with Explicit Water, (3) Protein inside a
Membrane, (4) Protein in Explicit Water

4.2 Evaluations
Analytical Modeling

Implementation Model Estimates Kernel Model Estimates Actual vs Estimated Kernel Runtime (Helmholtz) Actual vs Estimated Kernel Runtime (Gromacs)

Visualizations)

(based on Prior Work) (runtime/ Performance (transfer_time) Communlcatlon _| —— Actual Runtime (us) [Nvidia A100] mm Actual Runtime (us) [Nvidia A100]
gpu_cycles) Bottleneck - Patterns 7:’5" 10°; Esiimffd Eunti:ne)(EJ::AEDN\I\//:flziiSlOO] = 103 BB Estimated Runtime (us) [Nvidia A100]
Ctual RUNtime (us -] ]
v —— Estimated Runtime (us) [AMD MI210] °
. - - I _g 104' .g
GPU Configs App Configs Network Configs = S 102
3rd Party Tool : 3 10%, E
Integrations MT4G osu-bench ||, = = 107
(based on Existing tools) V4 N
I 102;
o . . . . T T r T : ; 100 | | |
Microbenchmarking MPI Traces Microbenchmarking : 25 27 22 21l 213 Qls pl7 i 1 2 3 a
I Problem Size (# of Degrees of Freedom) Simulation Type

GPU KERNEL RUNTIME ESTIMATIONS

Kernel Model Estimation Error (Helmholtz)

Cross-Vendor Portable Application-level e TG o o — (Single GPU evaluations)
Profiling!®4] GPU Specification MPI Tracing(®! Measurements!”] 5/ (1 cache effects dominate lvidia A1G0 = High accuracy achieved for larger grid
Support Auto-Discoveryl®] (Message sizes, (Latency, —e— AMD MI210

(nsight-compute, (Nvidia, AMD GPUs) Communication
rocprof-compute) Patterns)

2.2 Proposed Workflow
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CONCLUSION: Using a combination of analytical insights and ML-based error corrections, this work proposes software ecosystem for end-to-end performance modeling and
scalability analysis for distributed GPU applications, achieving estimation errors < 5% for GPU kernels (for adequate problem sizes) and < 9% for inter-GPU communications.
FUTURE WORK: (1) validate model for other HPC and Al workloads, (2) compare against other SOTA performance modeling methods or tools.
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