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cuDNN: Substantial memory workspace needed for intermediate results.
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Preserve enough of the spectrum to 
retain high accuracy of models.
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2. Conjugate symmetry 1-j 1+j
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Cross-correlate input data and filter: x ∗c y
Fx ω = F x n Fy ω = F y n

x ∗c y = F−1(Fx ω ʘ Fy ω )

Spectrum of convolution: S ω = Fx ω ʘ Fy ω

𝐌𝐜 𝛚 = ቊ
𝟏,𝛚 ≤ 𝐜
𝐎,𝛚 > 𝐜

x ∗c y = F−1[ Fx ω ʘMc ω ) ʘ (Fy ω ʘMc ω ]

x ∗c y = F−1 S ω ʘMc ω
Energy (Parseval’s theorem): σ𝑛=0

𝑁−1 |𝑥 𝑛 |2 = σ𝜔=0
2𝜋 |𝐹𝑥 𝜔 |2
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“Speaking of longer term, it would be nice if the 

community migrated to a fully open sourced 

implementation for all of this [convolution operations, 

etc.]. This stuff is just too important to the progress of 

the field for it to be locked away in proprietary 

implementations. The more people working together 

on this the better for everyone. There's plenty of room 

to compete on the hardware implementation side.”

Scott Gray                  
https://github.com/soumith/convnet-benchmarks/issues/93


