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[FP8-GEMM Functions during Fwd/Bwd Pass] [FP8-AXPY Functions during Weight Update]

(Xt=) Wang, Naigang, et al., “Training deep neural networks with 8-bit floating point numbers”, Advances in neural
information processing systems 31, 2018.
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(XtZ) Sun, Xiao, et al., Supplemental of “Hybrid 8-bit floating point(HFP8) training and inference for deep neural
networks”, Advances in neural information processing systems 32, 2019.
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[Two-Phase Rounding] [Radix4 FP4 Pw/Bwd/Gradient Pass]

(Xt=) Sun, Xiao, et al., “Ultra~low precision 4-bit training of deep neural networks”, Advances in Neural Information
Processing Systems 33, 2020, 1796-1807.
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4. NVIDIA LNS
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Forward Pass in [-th layer Backward Passin Lihlayer
| ______________________ LNS Space
— 7_:_—,: - —— — « Loss Function L — —— LNS Formeat:
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.. Weight Update in! A layer
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L-.....___!'_N?__Sf’_a_‘f? ____________ ~~ Backward I’roo agation * Partial sum: 24bit

LNS Fud/BwdfGradient/Update of DNN Training

(Xt=2) Zhao, Jiawei, et al., “LNS-Madam: Low-Precision Training in Logarithmic Number System using Multiplicative
Weight Update”, IEEE Transactions on Computers, 2022.
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