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I Modern CNNs are complex, encompassing millions of parameters and MACs. (A) Model Sparsity vs. Topb5 Accuracy (ImageNet dataset)
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1. Regularizations in CNNs tend to center weights around 0 (Figures above for Inception-v3) ? to B . » *
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I We use a fraction of we use a fraction 3, 0 < § < 1, of the span to avoid over sparsifying the (C) Quantized Models
smallest layers: TI = Omin X O There are two main driving motivations behind using a quantized model:

1. Using an 8-bit integer, rather than a 32-bit floating point, drastically shrinks the size of the model.
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2. Itreduces the computational needs for inference, especially important for mobile platforms.

' We reproduce the sparsifed result with a quantized version of the models and we ensure that

| It 1s mnspired by the size variation of layers in state-of-the-art CNNs: early Convlayers have a , , ,
floating-point zeros always translate to the quantized value 128.

smaller number of parameters than in later layers, 1.e., final Convand FC layers.
Il 'We do so by adjusting the range of the weights (only in quantized versions), so that the range 1s

symmetric around 0, ensuring that 0 maps to 128. Figure bellow represents the FC layer of
Inception-v3 after quantization and that shows the original distribution are similar to the one
Tmin = Oconv * Oconv showed in the first figure before sparsification.

It mimics an 1sosceles shape to define the smallest threshold for the first layers 1., and
gradually increases to it highest threshold t,,,,, These two values are defined as :
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| Threshold of the remaining layers | , 1 <| <L, are defined by their position in the network:
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State-of-the-art CNNs, such as Inception and ResNet no longer exhibit a linear expansion in the
design of their layers’ parameters. They rather exhibit a complex structure in groups of smaller (1] Ashouri, Amir H., Tarek S. Abdelrahman, and Alwyn Dos Remedios. "Fast On-the-fly Retraining-free Sparsification of Convolutional Neural
layers. -> Relative method is an intuitive approach to sparsify this group of CNNs based on the Networks." arX1v preprint arXiv:1811.04159 (2018).
distribution of the weights of that layers. The threshold 7, is the 8, percentile (0 < 6, < 1) of the
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weights in layer | . Thus, each element of vector T(l) = 1, is defined as:
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