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Sigmoid Activation: 

Fast Approx. of GELU: 

zk = 0.5x[W]k

zk = 0.851x[W]k

zk = xRk
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Moczulski, M., Denil, M., Appleyard, J., and de Freitas, N. ACDC: A structured efficient linear layer. In Ben- gio, Y. and LeCun, Y. (eds.), ICLR 2016
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GEMM with complexity  for all 𝒪(dhτ) k

xB1HB2HB3HB4H

xD1HD2H⋯Dk−1HDkH

zk = xRk
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Baseline Comparison
RoBERTa pretraining (small size and base size)
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CPU Latency Comparison
RoBERTa pretraining (small size)



Takeaway

mlpen/LookupFFN zzeng38@wisc.edu

LookupFFN recasts FFNs using efficient LSH strategies.


When married with LSH based approximations of self-attention, GEMM 
operations within Transformer models can be nearly eliminated. 


The resultant compute-lite model can allow deployment on CPU-based 
platforms.


Many other software/hardware opportunities exist: we have only 
scratched the surface.

https://github.com/mlpen/LookupFFN
mailto:zzeng38@wisc.edu
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