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CNN compaction based on Neuro-Coding/Unification
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We address the pruning problem for CNN that reduces the number of channels
while keeping the accuracy. We started from a simple idea that similar channel pair having similar
behaviors for training data can be replaced by a single channel. We further extended this idea to "
reconstruction™ that after pruning the channel all weights are updated for keeping the activation
patterns in the following layer. Our method REAP guarantees we can find the optimal pruning channel
that produces minimal error after the reconstruction. Also, we proposed a method SRN that serialize
ResNet for applying REAP and PRO that estimates optimal pruning ratio for each layer.
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Table1 VGGI16 on ImageNet. The changes of top-5 accuracy from the baseline (89.5%) are reported
(The greater, the better.). In this table, “rt” stands for “retraining”. *our implementation.

Speed-up ratio Method Acc. before rt Acc. after rt Retrain epoch#
REAP -2.0% +0.2% 10
NU[9] -5.0% - -
x2 CP[4] -2.7% 0.0% 10
“ThiNet[5] -65.0% -1.0% 10
SPP[19] - 0.0% -
REAP -9.4% -1.3% 10
CP[4] -22.0% -1.7% 10
x5 “ThiNet [5] -88.8% -3.4% 10
SPP[19] - -2.0% -
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¥ RV 5 7=, FLOPS 234V R TURIERE 72 D, LASL, pruned TiX, EfE
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Table VI.2: The results on CIFAR-10. The SRN models consistently outperform the
ResNet models. Unexpectedly, the SRN models run faster than the ResNet models

in some cases, despite the doubled FLOPs. *We did not measure the inference time

of SRN-x-naive as it must be the same with SRN-X.
Model Test error (%) FLOPs Inf. time (msec) at batch size
1 4 16
ResNet-20 8.46 40.5M 191.1 55.0 23.5
SRN-20 7.19 80.6M 173.7 50.9 25.3
SRN-20-naive 7.76 80.6M ¥ * ¥
SRN-20-pruned 8.17 40.5M 174.7 49.8 20.4
ResNet-32 7.40 68.8M 268.7 73.2 29.2
SRN-32 6.32 137.2M 247.0 67.9 36.5
SRN-32-naive 8.66 137.2M ¥ ¥ -
SRN-32-pruned 7.12 68.8M 245.6 68.0 28.4
ResNet-44 7.18 97.1M 347.6 91.0 36.6
SRN-44 6.03 193.9M 321.8 85.1 46.6
SRN-44-naive 9.58 193.9M ¥ ¥ ¥
SRN-44-pruned 6.98 97.1M 310.5 84.1 35.0
ResNet-56 6.63 125.4M 432.6 111.9 44.9
SRN-56 5.62 250.5M 397.9 102.2 56.9
SRN-56-naive 11.52 250.5M -* -* -*
SRN-56-pruned 6.57 125.4M 388.7 102.1 42.1
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Figure V.3: (a) Relationship of the error in the final layer and pruning ratio in each
layer. (b) Relationship of the error in the final layer and FLOPs reduction in each

layer, which we actually use for selecting the layer to be pruned.
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YT LRy hT—7 (K 92.8%) ORPAEELZ FIIC LR THD. ZDFED D, PRO & REAP
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Table V.2: The results with the ResNet-56 model on the CIFAR-10 dataset. The
top-1 accuracy are reported (The greater, the better.). The baseline accuracy is
92.8%.

Method FLOPs Acc. before rt Acc. after rt Time for optim.
PRO & REAP  x0.500 90.6% 92.1% 4,237 sec
PRO & CP x0.498 90.0% 92.0% 3,800 sec
AMC & CP x0.501 79.0% 91.4% 6,885 sec
uniform & REAP  x0.510 86.3% 91.2% -
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[9] Koji Kamma, Toshikazu Wada, Behavior-based DNN Compression: Pruning and
Facilitation Methods. 2020-CVIM-226.
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