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Abstract :

As convolutional neural networks get deeper

and wider, model compression is being

widely used to reduce the amount of computation and memory usage. Pruning, which includes

structured pruning and unstructured pruning, is one of the widely—adopted model compression

methods. The structured pruning can reduce the size of the network model by model thinning,

but it may suffer from worse accuracy degradation than the unstructured method. In this study,

we claim that if quantization is used in conjunction with the structured pruning, the data size can

be reduced without significantly sacrificing the model's performance. We propose a lightweight

model on which both the GraNet structured pruning and an 8-bit weight quantization are applied.

We evaluate the performance of both static and dynamic quantization to quantize the pruned

model. The experiment was conducted to perform image classification tasks using the ResNetl8

model with pruning and quantization on CIFAR-100 datasets. Compared to the original model, we
reduced the weight size of the model by 84.25%,
and 10% accuracy degradation using GraNet filter pruning and 8-bit quantization.

88%,

and 96.25% with constraints of 2.5%, 5%,
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Fig. 1. Example of GraNet
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Fig. 2. Example of filter pruning
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13 3. GraNet filter pruning A
Fig. 3. Example of GraNet filter pruning
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¥ 1. CIFAR-1000149] top-1 Ao} Ak
(c+9]: MAC Operations)

Table 1. Top—-1 accuracy and computational
cost (unit: MAC Operations) in CIFAR-100

GraNet
pruning GraNet . .
filter pruning

e Ugas [ auw | RgE | daw
0% 74.84 % | T42.64N | 74.84 % 742.64N
21 % | 73.23 % | 742.64N | 73.11 % 447.09N
37 % | 73.39 % | TA42.64N | 72.40 % 294.51M
52 % | 73.26 % | 742.64N | 70.98 % 180.72N
65 % | 73.13 % | T42.64N | 69.87 % 105.16M
76 % | 72.88 % | T42.64N | 67.80 % 49.89M
85 % | 72.72 % | T42.64N | 65.68 % 24.33M
91 % | 72.01 % | 742.64N | 64.32 % 9.356M
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Fig. 4. Top—1 accuracy comparison by
quantization method and relative weight size
in CIFAR-100
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Table 2. Top-1 accuracy in CIFAR-100

pruning no static dynamic
rate quantization | quantization | quantization
0% 74.84 % 475 % 474 %
21 % 73.11 % 72.72 % 72.81 %
37 % 72.40 % 72.26 % 72.35 %
52 % 70.98 % 70.81 % 70.87 %
65 % 69.87 % 69.66 % 69.64 %
76 % 67.80 % 67.51 % 67.54 %
85 % 65.68 % 65.21 % 65.34 %
91 % 64.32 % 63.60 % 63.50 %
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