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Introduction
• Quantization typically assumes a uniform step size

• Use of non-uniform step size can better capture the distribution
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Learned Step-Size Quantization (LSQ) 
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• Uniform step-size gradient approximated with straight 

through estimator (STE).
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• Non-uniform step-sizes gradient approximated with straight 

through estimator (STE).

Non-uniform step sizes 𝑠𝑖
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UniQ LCQ LLSQ EWGS nuLSQA

2/2 46.7 50.6 - 50.5 - - - 58.4

3/3 65.3 67.4 67.8 65.0 - - - 67.9

4/4 69.5 70.4 70.6 68.2 70.8 67.4 70.3 71.1

ImageNet top-1 accuracy (%) of ResNet-18 (FP:69.76)

PACT* DoReFa* LSQ* APoT† LQ-Nets* LCQ* nuLSQA

62.48 63.28 64.51 64.41 63.71 64.67 64.89

ImageNet top-1 accuracy (%) comparison

Methods Swin-T (FP:81.2) ConvNext (FP:81.87)

2/2 3/3 4/4 3/3

LSQ* 74.58 77.48 78.33 72.9

nuLSQ-WA 74.91 77.71 78.37 73.39

Comparison to QAT methods with distillation

Network Methods Top-1 Acc (%) Top-5 Acc (%)

MobileNet
V2

QKD 67.4 87.0

PROFIT 71.56 90.40

nuLSQ-A 71.89 90.44
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