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Table 2: BasicBlock(C,K) 2] F£%. B+ mini-batch Z7]o]|t}.

Layer Input size
Linear B, C
LayerNorm B, K
ReLU B, K|
Linear [B, K]
LayerNorm [B, K]
Addition [B, K]
ReLU B, K|

L)

Z:0]| = cross entropy lossE AFR5}9].© ™ Adam optimizerQ} mini-batch size 1k, learning rate 10742 A}835}9 ).



Table 3: AA| B9 1Lz, W 9] ZoJo|t}. (4-round®] -9 11, 5-round®] 7% 15)

Layer Input size
BasicBlock(W, 64) B, W]
BasicBlock(64, 64) [B, 64]
BasicBlock(64, 64) [B, 64]
BasicBlock(64, 128) [B, 64]

BasicBlock(128, 128) | [B, 128
BasicBlock(128, 256) | [B, 128]
BasicBlock(256, 256) | [B, 256]
Linear [B, 128]
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# Hou et al. style 4-round DES attack model train
python train.py --round 4 --model hou

# Our style 4-round DES attack model train

5 python train.py --round 4 --model ours

# Hou et al. style 5-round DES attack model train
python train.py --round 5 --model hou

# Our style 5-round DES attack model train
python train.py --round 5 --model ours

= o) = = =1 0 =] =1 =
-4 A9 dAe =T 2k A4 A AHAS AsiME exp.shE Yt Hot
# Compute average rank across 10 iteration with Baseline using 32 pairs
python attack.py --round 4 --model xor --npair 32 --niter 10

# Compute average rank across 10 iteration with Hou et al. style model using 64 pairs

5 python attack.py --round 4 --model hou --npair 64 --niter 10

# Compute average rank across 10 iteration with our model using 128 pairs
python attack.py --round 4 --model ours --npair 128 --niter 10
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