Introduction and
Empirical Evaluation of
Parametric RelLU
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* Vanishing Gradient Problem
* PReLU Activation Function
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- State-of-the-art 22 =2 i F& deep structure AtE
* PReLU Net: 22 layers CNN, 4.94% error on ImageNet (He at al., 2015)
* ResNet: 152 layers CNN, 3.57% error on ImageNet (He at al., 2016)
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*Vanishing/exploding gradient problem
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Gradient Descent Algorithms
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Gradient Descent Algorithms
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Chain Rule
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Activation Functions

-T2 sigmoid function2} hyperbolic tangent function= activation function2 E AtE
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Sigmoid function: f(x) = —— ,—~ = o 0<—=<0.25
* Hyperbolic tangent function: f(x) = tanh(x), = sechz(x) =0 <= f <1
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‘NN2| Z layerE = & & O £ Restricted Boltzmann Machine, Denoising Auto Encoder2} 7EI-%_L
unsupervised method = A2 5 pre-training®t &, T X| NN2 supervised methodE A& St
0] 2™ (e.g. Deep Belief Network (Hinton et al., 2006))

*Vanishing/exploding gradient effect& X[ 2312 4= Q= U2 2 2} layerE 7|2} (e.g. Xavier
initialization (Glorot et al., 2010))
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Rectified Linear Units

*Rectified Linear Unit(ReLU) (Nair et al., 2010)
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*Leaky ReLU (Maas et al., 2013)
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*Parametric ReLU (He at al., 2015)
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Hyper-parameters

*Training Data: MNIST

*Model: Multilayer Perceptron

*Number of Hidden Layers: 5, 10, 15, 20, 25, 30

*Hidden Layer Size: 500

*Optimization Algorithm: Adam Optimizer (Kingma et al., 2015)

*Training Duration: 10 epoch

*Activation Functions: PReLU (Channel-shared), PReLU (Channel-wise), ReLU, Tanh, Sigmoid

*Implementation: TensorFlow
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= 21 - 10 Layers
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= A1 - 15 Layers

Test Accuracy - 15 Layer Egew (Ehannel sharec) Cross Entropy Loss - 15 Lay _ Fror (Channershared)
eLU (Channel-wise) — PReLU (Channel-wise)
RelU RelU
— Sigmoid 25 — Sigmoid
Tanh ’ Tanh

1 MM\WWMW‘

2
0.8
2 s
g s
0.6 >
5 g
\d f=
= =
ki w
ks 2
o
Is} 1
04
02

Epoch Epoch




A A - 20 Layers

PReLU (Channel-shared)

—— PReLU (Channel-shared)

Test Accuracy - 20 Layer Cross Entropy Loss - 20 La'
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AE ATt 5

5 Layers 10 Layers 15 Layers 20 Layers 25 Layers 30 Layers

PReLU (Channel-shared) 98.09 98.04 97.95 97.78 94.77 92.96
PReLU (Channel-wise) 98.09 98.16 97.81 97.04 96.13 93.40
RelLU 98.25 98.11 97.89 93.33 93.10 93.87

Tanh 97.44 97.21 93.79 70.75 Fail Fail

Sigmoid 97.69 Fail Fail Fail Fail Fail
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=™ 41} - 30 Layers, 100 Epoch

Test Accuracy - 30 Layers —— PRelU (Channel Lwise)
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100 epochOf| Z %l trainingl| [H2 test accuracyl| Hat.
Test Accuracy Z[CHZf: 30 Layers PRelLU (Channel-wise) 97.23%, 30 Layers PRelLU (Channel-
shared) 97.56%, ReLU 96.75%
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