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Learned Step-Size Quantization (LSQ) PI‘OPOSECI Method
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Experiments
ImageNet top-1 accuracy (%) of MobileNetV2 (FP:72.9) ImageNet top-1 accuracy (%) comparison
Bits LSQ L1SQ UniQ LCQ LLSQ EWGS nulSQA Swin-T (FP:81.2) ConvNext (FP:81.87)
(WA) +Dp/Fz 2/2 3/3 4/4 3/3
2/2 46.7  50.6 - 50.5 - - - >8.4 LSQ* 74.58 77.48 78.33 72.9

3/3 653 674 678 650 @ - - - 67.9 nulSQ-WA  74.91 77.71 78.37 73.39
4/4 695 704 706 682 70.8 674 703 71.1

Comparison to QAT methods with distillation

ImageNet top-1 accuracy (%) of ResNet-18 (FP:69.76) Network Methods Top-1 Acc (%) Top-5 Acc (%)
PACT* DoReFa* LSQ* APoTt LQ-Nets* LCQ* nuLSQA _ QKD 67.4 87.0
MobileNet
62.48 63.28 64.51 64.41 63.71 64.67 64.89 V2 PROFIT 71.56 90.40
o nulLSQ-A 71.89 90.44
CIFAR100 top-1 accuracy (%) comparison to LSQ 4
Network Methods Bits (W/A) Comparison of Shannon Entropy
3/3 n 4-bit weights 4-bit activations
ResNet-20 LSQ* 65.82 68.60 69.56 3.75
(FP:69.8) nulLSQ-A 66.02 68.58 69.42 > 3.8 350 -
nulLSQ-W 66.00 68.70 69.40 % . I o -
ResNet-56 LSQ* 70.50 72.62 73.48 Ly nuLSQW 3.00 || pm nuLSQ A
(FP:74.9) nulLSQ-A 70.66 72.98 73.48 34 - 275 -
nuLSQ-W 70.82 72.82 73.42 1 5 | 10 15 20 1 5 10 15 20
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