BACK-PROPAGATION ALGORITHM

CONVERGENCE / NUMERICAL STABILITY

Training LeNet-5 on CIFAR-10 (baseline: PyTorch Autograd).
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Back-propagation (BP) Algorithm: :extremely sparse:
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Implementation: custom CUDA kernels with PyTorch
Hardware: RTX 2070, RTX 2080Ti (Turing architecture GPUs)
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The overall training speedup:

n: length of the model; p: # of workers.
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Training VGG16 with 4-GPU PipeDream M: Space COmpIEXIty (

vs. 1-GPU PyTorch Baseline
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