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Experimental Setup

Dataset: CIFAR10

50,000 training images

10,000 test images

32x32 resolution, 10 classes

[3]Alex Krizhevsky. CIFAR example images (online).

Hardware & Software

Amazon AWS, r5.24xlarge

96 CPUs, 768 GB RAM

Microsoft SEAL, 3.6
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Approach MPCNN AESPA REDsec

Venue ICML22 arXiv22 NDSS23

Scheme CKKS CKKS TFHE

Polynomial high-
degree

low-
degree

n/a

Layerwise no no n/a

Strategy approx train train
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Latency and Accuracy Trade-offs under FHE

Approach MPCNN AESPA REDsec AutoFHE

Venue ICML22 arXiv22 NDSS23 USENIX24

Scheme CKKS CKKS TFHE CKKS

Polynomial high-
degree

low-
degree

n/a mixed

Layerwise no no n/a yes

Strategy approx train train adapt

Arch manual manual manual search

41



Multiplicative Depth of Layerwise EvoReLU
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Layerwise EvoReLU
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