
 
Abstract - In this study, we analyzed the hyper-parameters 

which are frequently used in deep learning methods on a generated 
DNN. On the Fashion-MNIST dataset, we had chance to interpret 
the evolution of the model to the end as a result of tests performed 
on a low epoch number. At the end of the study, we reached a 
success rate of about 90 percent on the test data and showed that 
the selected hyper-parameters by created model were the most 
accurate. 

Keywords – classification, deep learning, hyper-parameter 
optimization.  

I. INTRODUCTION 
EEP architects can be created easily and complex 
problems can be solved with high accuracy, due to the 

increased processing speed with today’s technology. Although 
deep architects have provided great benefits, two new problems 
have emerged that must deal by the researchers; time spent to 
train the model, and the hyper-parameter choice. In fact, since 
the selection of hyper-parameters is an element directly  
affecting the training time, this can be said that the most 
important problem is the hyper-parameter selection itself. 

Although several definitions have been made for the concept 
of DL (Deep Learning), non-linear structures can be generally 
solved using three or more hidden layers [1]. During the 
construction of these structures, two types of hyper-parameters 
are selected and model parameters are trained. Problems such 
as under-fitting and over-fitting that may be encountered during 
training are directly related to these hyper-parameters [2]. This 
makes the right hyper-parameter selection a must. 

Since the hyper-parameter selection is an optimization  
problem in itself, it is possible to make improvement with  
various optimization techniques. However, the high number of 
hyper-parameters and working with too many combinations do 
not provide a definite solution for the time consumed and the 
correct model. Apart from the optimization techniques 
developed, there is a trial/error-based method called  
babysitting, also [3]. This technique behaves like a brute-force 
and is quite beneficial in that it in the sense of observing how 
the constructed model evolves, even though it does not produce 
positive results for the time spent. 

In this study, we tried to construct a successful DNN (Deep 
Neural Network) model from scratch by using a problem that 
can be solved 90-95% success rate by CNN (Convolutional 
Neural Network) in order to examine the positive or negative 
effects of hyper-parameter selection. While trying to reach the 

best result, on the other hand, we were able to analyze the 
effects of hyper-parameters to learning process. 

II. DATA 
Using a term like “Hello World of Deep Learning” for 

MNIST dataset could not be wrong. However, this dataset, 
created by LeCun et al. in 1998, is now become easily 
resolvable with even simple CNN and MLP structures. 
Therefore, researchers have begun to perform benchmark 
operations with datasets such as Fashion MNIST [4]. 

This dataset consists of 28 x 28 grayscale images just like 
MNIST. There are 70,000 images (60,000 for train, 10,000 for 
validation) that are labeled in 10 different categories. So, we 
aimed to analyze the effects of hyper-parameters on deep 
learning architects by trying to achieve the highest score with a 
DNN on this dataset, which can be solved with CNN-based  
architects at high success rates. 

III. ARCHITECTURE AND TEST 
Hyper-parameters can be defined as factors provide model 

optimization. These factors can be examined in two groups as 
model-based and train-based [5]. 

A. Model-Based Hyper-parameters 
1) Number of hidden layers and units 

The DEEP term brings first to mind multi-layered and mult i-
noded complex architectures. Deep Learning is also thought to 
have taken its power from this complexity. This is both right 
and wrong hermeneutics. Increasing the number of parameters 
that can be trained, may increase the learning as well as it 
decreases. Since numbers of hidden layers and number of 
hidden nodes are the quantities that affect the number of 
parameters to be trained (weight, bias), the most optimal model, 
i.e. “the most complex model with least parameters”, must be 
established both in terms of time and learning. 

The “rule of thumb” methods are used in many topics as well 
as in selecting hidden layers and hidden units. Some of these 
rules [6]: 
 # of hidden neurons should be between size and input. 
 # of hidden neurons should be 2/3 size of input + output 

layer. 
Also, we took consider “growing/pruning” method [7], and 

finally, we tried to build our model with an algorithm that offers 
a pyramid-like architecture, based on the increasing and 
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decreasing of the number of neurons, as learning rate increased. 
The dynamics of the algorithm we used are shown in Algorithm 
1: 

 

 
 
In the algorithm, we increased the number of neurons in the 

first hidden layer as learning continues and until it reaches size 
of input layer, then, we tried to improve learning rate by adding 
new layers and decreasing number of neurons. Process 
continued until learning rate reaches to size of output layer. So, 
there are two main stop criteria; size of input/output layer and 
learning rate. While performing our tests, we used the Keras 
framework with TensorFlow backend. Each epoch took as long 
as about 6 secs with GeForce GTX 1050 TI GPU. For 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ  =
 5, we had a chance to analyze each hyper-parameter for in a 
short time as 30 secs. 

All this trial/error process performed for hidden units and 
layers can be seen in Table 1. 

Table 1: Searching for best model. 

 Layer 1 Layer 2 Layer 3 Layer4 
𝑛𝑛  2𝑛𝑛 acc loss acc loss acc loss acc loss 
1 2 0.663 0.852 - - - - - - 
2 4 0.761 0.567 - - - - - - 
3 8 0.787 0.494 - - - - - - 
4 16 0.794 0.476 - - 0.788 0.479 0.792 0.486 
5 32 0.797 0.470 - - 0.801 0.447 - - 
6 64 0.797 0.468 0.795 0.462 0.796 0.451 - - 
7 128 0.797 0.467 0.801 0.453 0.797 0.453 - - 
8 256 0.798 0.467 0.800 0.457 - - - - 
9 512 0.798 0.466 0.798 0.460 - - - - 

acc : test accuracy 
loss : test loss  

 
We have seen that after the tests performed, the second layer 

does not develop after 128 nodes and after 32 nodes for the third 
one. We did not add a new layer to model due to there is not 
observed any contribution to test accuracy of additional 16 
nodes. The final version of our model seen in Figure 1. 

 
2) Weight initialization 

Weight initialization is a significant agent on reducing the 
time spent on learning [8], [9]. When we examined the accuracy 

and loss values obtained from the tests performed, although no 
significant difference occurred, we decided to continue 
benchmark process with He Normal [10], in which the most 
improvement was observed (Table 2). 

We have also observed that zero or one weight initializat ion  
leads to local minimum problem. 

 
Figure 1: Constructed model. 

Table 2: Weight initialization methods. 

Initialization acc loss 
zeros 0.100 2.303 
ones 0.100 14.506 

random normal 0.800 0.470 
random uniform 0.803 0.469 
truncated normal 0.791 0.465 

orthogonal 0.800 0.455 
Lecun normal 0.805 0.453 
Lecun uniform 0.806 0.462 
Glorot normal 0.796 0.482 
Glorot uniform 0.809 0.466 

He normal 0.810 0.448 
He uniform 0.807 0.452 

 
3) Activation function 

The activation functions, which transfers the values from the 
previous layer to the next layer, and the success rates on the test 
values are given in the following Table 3. 

Table 3: Activation functions. 

Activation Function acc loss 
elu 0.839 0.394 

selu 0.840 0.394 
soft plus 0.806 0.4701 
soft sign 0.822 0.440 

relu 0.832 0.393 
tanh 0.824 0.407 

sigmoid 0.605 1.024 
hard sigmoid 0.506 1.256 

linear 0.805 0.465 
 

It has been observed that sigmoid and hard-sigmoid functions 
gave the worst accuracies due to the “gradient vanishing” 
problem [11]. On the other hand, selu was one step ahead of the 
“linear unit” family, which produced the highest accuracies 
[12]. 
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B. Train-Based Hyper-parameters 
1) Optimizers 

Optimizer functions provide to update the parameters and 
minimize the objective function. In this respect, it is one of the 
most important hyper-parameters for learning. It was seen that 
the best values were obtained with the adamax optimizer as a 
result of the tests that we performed with the most used 
optimizer functions among the researchers [13]. 

Table 4: Optimization functions. 

O ptimizer acc loss 
sgd 0.837 0.399 

rmsprop 0.857 0.400 
adagrad 0.864 0.344 
adadelta 0.852 0.391 

adam 0.858 0.379 
adamax 0.869 0.346 
nadam 0.850 0.382 

 
2) Batch size 

The batch size approach is a method that improves both 
learning speed and learning rate, which proposes of learning all 
the training data in small pieces instead of learning in one go 
[14]–[16]. 

Table 5: Batch sizes. 

Batch size acc loss 
None 0.867 0.367 
512 0.871 0.355 
256 0.870 0.344 
128 0.873 0.391 
64 0.863 0.379 
32 0.872 0.346 
16 0.873 0.382 

 
After performed tests for various batch size values, no 

improvement was observed after 128. 
 
3) Epoch 

The epoch number is defined as going through forward and 
backward once over all parameters [17]. An over-selected 
epoch number may increase the accuracy of the training data, 
but, stops the contribution after a step on the test data. This leads 
to the over-fitting problem [18], [19]. In our model, we have not 
seen any improvements after 20 epochs, briefly. 

Table 6: Epoch number. 

Epoch acc loss 
5 0.873 0.391 

10 0.881 0.327 
20 0.895 0.344 
30 0.886 0.406 
50 0.890 0.494 

IV. RESULTS AND DISCUSSION 
Right hyper-parameter selection is a process that directly 

affects the learning and prediction processes. Performing with  
the wrong hyper-parameters, learning cannot be realized at the 
desired rates, also, learning process can be unnecessarily 

prolonged due to problems such as under-fitting and over-
fitting. 

 

 
(a) weight initializers. 

 

 
(b) activation functions. 

 

 
(c) optimizers. 

 
Figure 2: Accuracy and loss progress for 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ =  20. 

 
One of the most important quantities of hyper-parameters is 

the number of hidden layer and number of hidden units. The 
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low number of this quantity may ensure low learning rates, 
while the high numbers may lead to long training times of the 
model. 

So, in order to overcome this problem, we suggested an 
algorithm that offers a pyramid-like architecture and 
considering the “rule of thumb” and “pruning/growing”, 
which are the most widely used methods for deciding the 
number of hidden layers and number of hidden units. Thanks to 
this algorithm, we were able to examine in detail that how using 
more or less layers and/or neurons affected the model, in the 
tests performed for 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ  =  5. Eventually, we were able to 
carry prediction values from 75% levels to 80% in a short time. 

In the second phase of the study, we again proposed a kind 
of “winner takes all” model in order to select the best hyper-
parameters as soon as possible. In this model, we implemented  
our trainings on the created model by testing both the model-
based and train-based hyper-parameters, which affects the feed-
forward and backpropagation processes, as the best to be 
fetched for 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ =  5. At the end of the training, we observed 
that the most contribution to learning rates was earned by 
activation function, optimizers and finally, epoch number. 

At the end of the study, we were able to estimate this 
classification problem, which can be solved 90% - 95% 
accuracy with CNN architecture, with 90% accuracy with DNN 
construction. When we tried to insert all hyper-parameters one 
by one for 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ  =  20 in the last model we created, we 
observed that the selected hyper-parameters for 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ  =  5 are 
the most contributing hyper-parameters to learning process 
(Figure 2). Hence, it can be said that getting proper results in 
choosing the hyper-parameters are realized at the beginning of 
the learning. It would not be wrong interpreting this situation as 
“As the twig is bent, so grows the tree”. 

In this study, we performed our tests for hyper-parameters, 
which are highly effective in learning, but, we think that 
performing tests with low epoch values using such as the 
method we proposed, would provide great benefits in obtaining 
the most accurate hyper-parameters that affects the learning  
positively and helps to overcome problems like over-fitting. 

We also think that it is important to examine how the train  
and test accuracy has been evolved by selection of sub-
quantities (L2 penalty, dropout rate, etc.) in hyper-parameters. 
Furthermore, hyper-parameter searching for different deep 
learning models (CNN, RNN, etc.) in low epochs is among the 
issues that need to be studied in the future to see how it would 
make difference in the rest of the training. 
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