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Abstract

The Convolutional Neural Network (CNN) has shown an excellent performance in computer vision task.
Applications of CNN include image classification, object detection in images, autonomous driving, etc. This
paper will evaluate the performance of CNN model with ReLU and SELU as activation function. The
evaluation will be performed on four different choices of hyperparameter which are initialization method,
network configuration, optimization technique, and regularization. We did experiment on each choice of
hyperparameter and show how it influences the network convergence and test accuracy. In this experiment, we
also discover performance improvement when using SELU as activation function over ReLU.
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1. Introduction

Convolutional Neural Network (CNN) is one of Neural Networks model that has proven to produce an
excellent result in areas such as image recognition and classification. CNN is very similar to the normal
Fully Connected Neural Networks. The main difference between the two networks is the convolution process
in CNN. The main purpose of this convolution process is to extract features from input image. Convolution
process will preserve the spatial relationship between pixels by learning features of an image by sliding small
squares of matrix over the entire image. This small matrix is known as filter or kernel. With this change of
architecture, CNN has been very successful in image related tasks such as identifying faces, classifying
images, detect objects in images and much more application.

Optimizing deep learning algorithm involve choosing hyperparameter of the neural network before
training the model. Neural network can have many hyperparameters and it could be a tedious work to select
the right hyperparameter for the model. One of hyperparameter in deep neural network is the choice of
activation function. Activation function is a function to perform a transformation on the input it receives. The
purpose is to keep the value that has been multiplied by weight and added by bias, within a manageable
range.

This paper will evaluate the performances of two activation function, the currently most popular, ReLU
function, and its modification, SELU that is newly proposed in 2017. These two activation function will be
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analyzed on CNN model on four different choices of hyperparameter. The chosen hyperparameter are the
most commonly tuned to improve the performance of the neural network. The four hyperparameters are
initialization method, network configuration, optimization technique, and regularization. We then show the
result of our experiment and draw conclusion from it.

2. Activation function

The Rectified Linear Unit or ReLU is currently the most popular activation function in deep learning era.
It was found to speed up the convergence of neural network when compared to sigmoid or tanh functions. It
is believed that this advantage is because of its non-saturating form. The other advantage of ReLU over its
saturated counterpart is the simplicity of operation. ReLU can be implemented by thresholding an input of
activation at zero. The ReLu is given by the equation below:

f(x) = max(0, x) ey

The Scaled Exponential linear units or SELU [3] is one of modification of ReLU function. The main idea
of this activation function is to keep the network activation in a certain mean and variance value. The mean
and variance can be any values but the original paper suggest mean value as 0 and variance as 1. The SELU
equation is given as:

fix)=2x,ifx>0
hae* - A, ifx <0 ()

To achieve the mean and variance value as suggested by the paper the scale factor of A is set to 1.6733
and the scale factor of a is set to 1.0507. The author of SELU has proved that the output of this function will
stay within the mean and variance value even in a very deep neural network.

3. Experiments

In machine learning and deep learning, we can handle various types of datasets such as image, sound, and
text. These datasets can have multiple dimensions or scales. A feature that has smaller scale might play a tiny
role compare to the feature that has a bigger scale. However, both feature may contain important information
that will be useful for the task we want to perform. To deal with this situation, we will normalize the features
of the dataset independently to the same scale, so they contribute equally while performing the task. The
method we use to do normalization is Z-score normalization. The formula is given below,

z=2£ 3)

with p as the distribution mean and o as the standard deviation. This method is widely used for
normalization in many machine learning algorithms (e.g., support vector machines, logistic regression, and
neural networks). The result of normalization is the features will be rescaled to have the properties of a
standard normal distribution with zero-mean and unit-variance. Standardizing is not only important if we are
comparing measurements that have different units, but it is also a general requirement for many machine
learning algorithms.

3.1 Initialization method
The first hyperparameter we will experiment with is initialization method. When training deep neural
network, initializing the weights of the network can be the determining factor of successful convergence.
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Initialize the right weight can also lead to a faster convergence. Initialize weight with small value will make
the variance of the input signal shrink as it passes through layer in the network. Eventually, the input will
drops to a very small value it become useless for learning. Similarly, if the weight is initialized with a large
value the variance of input data tends to increase rapidly with every passing layer and become too massive to
be useful.

Initializing the network with the right weights (not too small or too big) is very important. Unfortunately,
it seems to be a random process as we don't know the weight that will work for our data. A group of
researcher [1] proposes a new method of initialization that makes sure the weights are initialized properly
and have a reasonable range. The main idea of Xavier initialization is to maintain the variance of the weight
to remain the same as it passes through layers. This helps the network to keep the input signal from
exploding to a high value or vanishing to zero.

2

Var(w;) = 4

Nin+tNout
Xavier initialization is derived based on the assumption that the neural network is using symmetric
activation function. It also assumed that the weights are initialized independently and both input and weights
have zero mean.
Building on Xavier initialization, He et al.[2] come up with different initialization method. Contrary to
Xavier initialization, He initialization derive based on a non-linear activation function and assume that both
input and weight do not have zero mean. This lead to a different conclusion to Xavier initialization.

Var(w;) = ni (5)
This paper evaluates the effect of Xavier and He initialization on Convolution Neural network with ReLU
or SELU as activation function. The result can be seen in Table 1 and Table 2. Additionally, this paper also
evaluates the initialization method that is used in Self-Normalizing Neural Networks (SNN) paper where the
variance calculation of weight is given in the formula below.

Var(w;) = ni (6)
From the tables 1 and 2, we can see the initialization method from SNN paper works best for SELU
network. According to the author, the initialization for SNN will help the output of SNN model to stay at
normalized point at zero mean and unit variance which could be the reason it is best suited for SeLU network.

The interesting point is that SNN initialization also works for ReLU network with test accuracy outperform
SELU network on SVHN dataset.

Table 1. Test accuracy on Cifar-10 for Xavier and He

Xavier He SNN Init
RelLU 73.61% 73.97% 75.13%
SELU 74.64% 73.98% 75.77%
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Table 2. Test accuracy on SVHN for Xavier and He

Xavier He SNN Init
RelLU 91.56% 91.33% 92.65%
SELU 90.68% 91.80% 91.85%

3.2 Network configuration
This paper compare four different network configuration. The network configuration is given in Table 3
From Table 4 reader can observe that SELU network gain a better test accuracy as the network goes
deeper and bigger on both datasets. This behavior is not seen in ReLU network. A deeper ReLU network
doesn't get a significant improvement in term of accuracy with accuracy goes down in model 2 and 3 on
Cifar-10 dataset. Similar behavior can be observed in Table 5 where deeper SELU network gets a bigger

improvement in term of test accuracy compares to ReLU network.

Table 3. Network configuration

Model | Model Il Model Il Model IV
64, 5x5, 2 64, 5x5, 2
64, 5x5, 2 64, 5x5, 2
4 2 4 2 ’ ’ ’ ’
Conv 64, 5x5, 64, 5x5, 64. 5x5, 2 64. 5x5, 2
64, 5x5, 2 64, 5x5, 2
Pool 3x3, 2 3x3, 2 3x3, 2 3x3, 2
64, 5x5, 2 128, 5x5, 2
64, 5x5, 2 64, 5x5, 2 128, 5x5, 2
Conv 64. 5x5, 2 64, 5x5, 2 64, 5x5, 2 128, 5x5, 2
64, 5x5, 2 64, 5x5, 2 128, 5x5, 2
64, 5x5, 2 64, 5x5, 2 128, 5x5, 2
64, 5x5, 2 128, 5x5, 2
Pool 3x3, 2 3x3, 2 3x3, 2 3x3, 2
128, 3x3, 2 256, 3x3, 2
128, 3x3, 2 128, 3x3, 2 256, 3x3, 2
128, 3x3, 2 128, 3x3, 2 128, 3x3, 2 256, 3x3, 2
128, 3x3, 2 128, 3x3, 2 256, 3x3, 2
Conv 128, 3x3, 2
128, 3x3, 2 128, 3x3, 2 256, 3x3, 2
128, 3x3, 2
128, 3x3, 2 128, 3x3, 2 256, 3x3, 2
128, 3x3, 2 128, 3x3, 2 256, 3x3, 2
128, 3x3, 2 256, 3x3, 2
Pool 3x3, 2 3x3, 2 3x3, 2 3x3, 2

3.3 Optimization techniques

This section will compare two Gradient Optimization Techniques. The first technique is Momentum [4].
Momentum is a method to help accelerate gradient descent to reach convergence. It does that by navigating
gradient descent along the relevant direction and dampens oscillations. Momentum adds a fraction y from the
update from the past step to the current update.

Ve = Yvey +1VJ(0) (7
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0=0-v, (8)

Table 4. Test accuracy on Cifar-10 for different configurations

Model | Model Il Model Ill Model IV
Conv 73.97% 69.88% 68.70% 70.12%
Pool 75.77% 76.23% 77.28% 80.19%

Table 5. Test accuracy on SVHN for different configurations

Model | Model Il Model Ill Model IV
Conv 91.33% 92.51% 92.99% 93.47%
Pool 91.85% 92.77% 93.46% 94.17%

The second optimization technique is Adam [5]. Adam stands for Adaptive Moment Estimation. It is a
method that computes adaptive learning rate for each parameter. Adaptive learning rate means it adapts the
learning rate to the parameters, performing larger updates for infrequent and smaller updates for frequent
parameters.

Oty =0, — ﬁmt )
We set the momentum term y with 0.9. For Adam optimization, this paper will use the default value

proposed by the Adam author which is 0.9 for By, 0.999 for B,, and 10” for €. The result can be seen in Table
6 and 7.

Table 6. Test accuracy on Cifar-10 for Momentum and Adam

Momentum Adam
RelLU 53.61% 73%
SELU 52.16% 75.89%

Table 7. Test accuracy on SVHN for Momentum and Adam

Momentum Adam
RelLU 79.75% 91.12%
SELU 82.27% 91.91%

It is obvious that Adam optimizer produces a better result compare to the Momentum optimizer. The
author of Adam describes this method as combining the advantages of two other optimization method,
AdaGrad and RMSProp. Not only adapting the parameter learning rate on the average first moment as in
RMSProp, Adam also uses the average of the second moments of the gradient. This combination has led to a
notable improvement from Momentum optimizer.

3.4 Regularization

This paper will observe the impact of two regularization method on CNN model. The first regularization
method is L2 regularization. L2 regularization adds a penalty equal to the sum of the squared of value of the
weights to the error term. L2 regularization will force the parameters to be small since the bigger the L2
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regularization penalty, the smaller the weight.

The second regularization method is dropout [6]. Dropout randomly ignores neurons during training which
means the neurons contribution is temporally removed. When neurons are randomly ignored during training,
the other neurons will step in to handle the representation required to make a prediction. This makes the
network became less dependent on the specific neurons, resulting in a network with better generalization and
less likely to overfit the training data.

Table 8. Test accuracy on Cifar-10 for L2 and Dropout

Momentum Adam
RelLU 73.48% 75.78%
SELU 75.95% 76.63%

Table 9. Test accuracy on SVHN for L2 and Dropout

Momentum Adam
RelLU 91.68% 93.04%
SELU 91.43% 92.16%

From the tables 8 and 9, the reader will notice a superior performance of dropout compares to L2
regularization. Randomly shut-off neurons during training prevent co-adaptation among them, therefore
forcing them to be less dependent on other neurons to correct its mistake. Dropout allow a single network to
model a large number of sub-networks in inexpensive way, making it a more robust regularization than L2
regularization.

4. Conclusion

This paper has compared ReLU and SELU network with four hyperparameters (initialization method,
network configuration, optimization technique, and regularization). All four hyperparameter give various
effect (negatively and positively) on both network in term of test accuracy and speed of convergence.

One clear advantage of SELU network over ReL U network that is observed from this paper is its speed of
convergence regardless the choice of hyperparameter. The only time that ReLU network beat SELU network
is when Momentum is selected as optimization technique.

One more advantage of SELU network is its ability to use a big and deep network and gain a better test
accuracy. This is clearly observed as the test accuracy become better with a deeper network with the deepest
SELU network in this paper gain the best test accuracy. Meanwhile, there is no obvious sign of this behavior
with ReL U network.
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