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CPU Intel Xeon E5-2680 v4  2.4GHz X 2CPU
core/thread | l4cores / 28threads x 2CPU
Memory 256GiB
0S SUSE Linux Enterprise Server 12 SP2
GPU NVIDIA TESLA P100 for NVlink-Optimized Servers x 4
SSD 2TB
Interconnect | Intel Omni-Path HFI 100Gbps x 4
Complier gee 4.8.5
MPI openmpi/2.1.2
CUDA CUDA 8.0.61
cuDNN cuDNN 6.0
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