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= Applying sparsity regularization to achieve a

= Model pruning is an efficient method to remove

N (o

compact model without loss in quality;

multiple layers, and align the weight sparsity
across multiple layers.
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Figure 2: An example of layer group definition
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Multiple layers are connected by element-wise operations In
residual blocks of ResNet [1].

Propose to align weight sparsity across connected layers.
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Figure 1: The proposed method reduces the sparsity mismatch among layers.
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= The weights sparsity across multiple layers are well aligned

with the proposed approach; whereas mismatched by L1
regularization.

Sparsity samples of L1 regularization
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Sparsity samples of CLG regularization
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Figure 3: Weights sparsity comparison between L1 regularization (top)
and the proposed method (bottom)
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Figure 4: Runtime comparison

Nb?%lgcrer Method Psza;}nbe;?r Accuracy Pruned Ratio
ResNet vl 0.85M 93.0% --
Li's method [2] 0.73M 93.1% 13.7%
ResNet v22 1.67/M 92.9% --
>0 L1 regularization v22 0.69M 93.6% 58.5%
CLG-L1 Av2a 0.44M 93.4% 74.0%
CLG-L1 B v22 0.24M 93.0% 85.7%
ResNet vl 1.72M 93.5% --
Li's method [2] 1.16M 93.3% 32.4%
ResNet v22 3.32M 93.7% --
110
L1 reqularization v22 0.84M 93.5% 74.7%
CLG-L1 A v2? 0.46M 93.7% 86.1%
CLG-L1 B v22 0.32M 93.4% 90.4%

~

a stands for v2 with bottleneck.

» >=749% less parameters, up to
50% speedup compared to
original ResNet model;

= 37%-65% less parameters,
up to 32% speedup compared
to L1 regularization;

= 40% to 72% less parameters
compared to Li's[2] pruning
method.
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