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float *gSyn = data2 + idx;
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& HSW is fast : :
+ Supports sparse coding unsupervised learning _ Full calculation performance (not only the hotspot kernel mini-app) & os| - Predict future states (8th frame) of a system from a sequence of previous states (7 frames)
- Single node: 2 MPI ranks on HSW, 1 MPI rank on KNL (quad-cache) cz 0.8 | * Training
- KNL is faster when problem size is large S 07| - ImageNet video frames
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* Supercomputer at Los Alamos National Laboratory in United States Multi-node Optimization * Results
: - The SPM was able to predict the 8th frame from the preceding 7 frames
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Y o Two level parallelization: including successful separation of foreground and background motion
* Interconnect: Cray Aries interconnect Parallelization 1: Gridding Parallelization 2: Batching Original Prediction
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- Non-blocking MPI communication - quad cache is slightly (1-5%) faster than quad flat ConCI usion
- Overlapping MPI comm. with calculations - 1 MPI rank / KNL 1s optimal (2 for HSW)
- N-to-1 Serial I/O — N-to-M Parallel I/O - N threads/core = 2 (large problems) or 1 (others) * PetaVision is optimized for Trinity supercomputer
o Direct comparison between “before” and “after” multi-node optimization 1s NOT available - Optimizations applied for single-node and multi-node

because the ML models we use cannot be run on the “before” version of PetaVision

- Reasonable scaling up to 8192 KNL nodes

* Scaling curves * Sparse prediction machine (SPM) is trained
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o Cost Factor: Wall-time compared to 8-nodes run
o Speedup Factor: Inverse wall-time compared to the smallest (16 nodes on strong, 128 nodes on batch scaling) run




