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Parameter-Efficient Neural Networks Using Template Reuse

Daeyeon Kim' - Woochul Kang'

ABSTRACT

Recently, deep neural networks (DNNs) have brought revolutions to many mobile and embedded devices by providing human-level
machine intelligence for various applications. However, high inference accuracy of such DNNs comes at high computational costs, and,
hence, there have been significant efforts to reduce computational overheads of DNNs either by compressing off-the-shelf models or
by designing a new small footprint DNN architecture tailored to resource constrained devices. One notable recent paradigm in designing
small footprint DNN models is sharing parameters in several layers. However, in previous approaches, the parameter-sharing techniques
have been applied to large deep networks, such as ResNet, that are known to have high redundancy. In this paper, we propose a
parameter-sharing method for already parameter-efficient small networks such as ShuffleNetV2. In our approach, small templates are
combined with small layer-specific parameters to generate weights. Our experiment results on ImageNet and CIFAR100 datasets show
that our approach can reduce the size of parameters by 15%-35% of ShuffleNetV2 while achieving smaller drops in accuracies compared
to previous parameter-sharing and pruning approaches. We further show that the proposed approach is efficient in terms of latency
and energy consumption on modern embedded devices.
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Fig. 1. Parameter Saving Approaches in Convolution Layers.
(a) Typical Convolution Layers Without Parameter Sharing (b) Layer Reuse Method [5, 6]: A Weight 1/ is used Repeatedly in

i

Successive Convolution Layers, (c) Templated Layer Method [7]: Each Layer's Weight 1/ is Generated by Multiplying Coefficients
a, and Common Templates 7, (d) Templated Layer Reuse (Our Proposed Method): Layer-specific Coefficient Matrix 4, is
Combined with Light-weight Templates 7 to Generate Weight 177, and a Layer is Repeatedly used.
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Fig. 2. Parameter Sharing Through Templated Layers
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Table 1. Results for Templated Layers Experiments on CIFAR-100, ShuffleNetv2 1.0x

Top-1 Accuracy Top-5 Accuracy Parameters Parameters (%)
Original 73.01% 93.05% 1.356M 100.00%
shuffleet v2 Reduced 70.51% 92.25% 1.223M 90.15%
. Templated Layer 70.76% 92.06% 1.238M 91.32%
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Table 2. Results for Layer Reuse Experiments on CIFAR-100, ShuffleNetv2 1.0x

Top-1 Accuracy Top-5 Accuracy Parameters Parameters (%)
Original 73.01% 93.05% 1.356M 100.00%
Shuflelet v2 Reduced 70.15% 91.70% 0.948M 69.88%
' Layer Reuse 71.53% 92.10% 0.954M 70.38%

Fig. 3. Parameter Sharing Through Layer Reuse
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Table 3. Results for Template Layer Reuse Experiments on CIFAR-100, ShuffleNetv2 1.0x

Top-1 Accuracy Top-5 Accuracy Parameters Parameters (%)
Original 73.01% 93.05% 1.356M 100.00%
Shuf?eget v2 Reduced 70.15% 91.70% 0.948M 69.88%
X Templated Layer Reuse 72.33% 92.76% 0.964M 71.05%
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Table 4. Results for Parameter Sharing Methods on CIFAR-100, ShuffleNet v2

Top-1 accuracy Top-5 accuracy Parameters Parameters (%)
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Table 5. Results for Parameter Dharing Methods on ILSVRC2012, ShuffleNetv2 1.0x

Top-1 Accuracy Top-5 Accuracy Parameters Parameters (%)
Original 68.77% 88.56% 2.279M 100.00%
ShuffleNetV2 | Templated Layer Reuse 65.30% 85.98% 1.956M 85.86%
1.0x Layer Reuse 64.31% 85.25% 1.877M 82.37%
Pruning 63.36% 84.75% 1.894M 83.10%

Table 6. Inference Performance of Naseline CNN Models on Jetson TX2 Embedded Board (GPU Device)

Model Latency (msec) | Energy per Inference (mJ/Image) | Parameters (millions) | Parameters (%)
Original 71.90 5.54 1.356 100.0
CIFAR-100 | Templated Layer Reuse 64.89 5.31 0.964 71.05
Layer Reuse 66.75 5.56 0.954 70.38
Original 1166.72 96.98 2.279 100.0
ILSVRC2012 | Templated Layer Reuse 1120.69 95.07 1.956 85.86
Layer Reuse 1109.23 93.59 1.877 82.37
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