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Abstract

Research into hyper parameter optimization (HPO) has recently revived with interest in models containing many 

hyper parameters, such as deep neural networks. In this paper, we introduce the most widely used HPO methods, 

such as grid search, random search, and Bayesian optimization, and investigate their characteristics through 

experiments. The MNIST data set is used to compare results in experiments to find the best method that can be 

used to achieve higher accuracy in a relatively short time simulation. The learning rate and weight decay have 

been chosen for this experiment because these are the commonly used parameters in this kind of experiment.
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Ⅰ. Introduction

Hyper parameter optimization is an important

component in finding the optimal hyper parameters

for the training process of neural networks.

Hyper parameters represent parameters such as

learning rate, weight decay, dropout rate, and

batch size. These parameters play an important

role in the accuracy and efficiency of neural

networks. In the past, we constantly adjusted it

through trial and error until satisfactory results

are obtained. Therefore, how to optimize hyper-

parameters becomes a key issue in a neural

network learning algorithm. Traditionally, two

search methods have been used: manual search

and automatic search. Manual search uses intuition

and experience. This method is fine for professionals

who are familiar and experienced with the system,

but difficult for non-professional users to apply.

The grid search is an automatic search that

searches an area within a range in a grid format.

Also, a random search algorithm has been proposed

to improve the problem in grid search. Random

search tries any combination of ranges of values.

Compare with grid search, random search can be

considered more efficient in high-dimensional

space. But random search is unreliable for training

some complex models. Bayesian method is recently

drawing attention to solve this kind of problem.

It combines prior information about the unknown

function with sample information, to obtain posterior

information of the function distribution by using

Bayesian formula.

In this paper, we attempt to compare methods
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of hyper parameter optimization. Section Ⅱ briefly

describes model free methods, Section Ⅲ discusses

Bayesian optimization method, and in Section Ⅳ,

we use MNIST dataset for an experiment to

compare the different methods.

Ⅱ. Model Free Methods for HPO

In general, every optimization method can be

applied to HPO. We first discuss model-free

HPO methods in this section and then describe

Bayesian optimization methods next.

1. Manual Search

If you have ever trained a deep learning model,

you've probably gone through a lot of trial and

error in determining the values of these key

hyper-parameters. In initial, candidate hyper-

parameter values are selected based on intuition

or experience. And then, the hyper-parameter

values will change over and over again trial and

error until you get a good performance evaluation

result. This method of searching for optimal

hyper-parameter values in this way is also known

as manual search. Manual search is the most

intuitive way to optimize hyper-parameter, but it

has some problems. First, the process of finding

the optimal hyper parameters depends somewhat

on luck. Based on your intuition, it is relatively

difficult to determine if those parameters which

you found are actually optimal parameters The

second problem with manual search is that if you

want to search multiple types of hyper parameters

at the same time, the problem becomes more

complicated. As such, there are several types of

hyper parameters that show mutual influence

relationships, so it becomes very difficult to apply

the existing intuition to each of a single hyper

parameter when searching for two or more hyper

parameters at once.

2. Grid Search and Random Search

Grid search is the primary method for hyper

parameter optimization and thoroughly searches

hyper parameter sets in a custom range. Users

should have prior knowledge of these hyper

parameters when selecting all candidates. Grid

search can be applied to multiple hyper parameters.

Grid search is the simplest search algorithm leading

to the most accurate predictions and users can

always find the best combination[2]. The advantage

of grid search is its mathematical simplicity and

the ability to run multiple hyper-parameters in

parallel. The downside is that as the number of

hyper-parameters to be searched increases, the

total search time increases exponentially. For

this reason, other search algorithms may have a

more favorable function, but grid search is still

the most widely used method because of its

mathematical simplicity and the ability to search

for multiple parameters[3].

Random search is a basic improvement to grid

search. The search process continues until the

predetermined iteration number or the desired

accuracy are reached. Random search is similar

to grid search, but has been proven to produce

better results due to the following two benefits[3]:

First, random search can perform better, especially

if some hyper-parameters are not evenly distributed.

In this search pattern, random searches are relatively

more likely to find the optimal configuration than

grid searches. Secondly, it is not a promise that

random searches will give you the best value,

but you can get good value. And the more time

you spend, the more likely you are to find a

better set of hyper-parameters. Conversely, for

grid search, we cannot guarantee better results

even with long search times. In most cases, random

search is more effective than grid search, but it

is still a computationally intensive method. Random

searches generally require more time and computational

resources than other search methods.

Ⅲ. Bayesian Optimization Method

Bayesian Optimization originally aims to find
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an optimal solution that maximizes or minimizes

the function value by assuming an unknown

objective function that receives an input. Bayesian

optimization is an iterative algorithm with two

key ingredients[4]: a probabilistic surrogate model

and an acquisition function to decide which point

to evaluate next. In each iteration, the surrogate

model is fitted to all observations of the target

function made so far. Then the acquisition function,

which uses the predictive distribution of the

probabilistic model, determines the utility of different

candidate points, trading off exploration and

exploitation.

1. Surrogate model

If you have ever trained a deep learning model,

you've probably gone through a lot of trial and

error in determining the values of these key

hyper-parameters. The Gaussian process (GP)

can be the default choice of surrogate models for

the objective function. Like Gaussian distribution

defined by mean and covariance, Gaussian process

is defined by its mean function   → and its

covariance function    ×→. The Gaussian process

can be expressed as

 ∼′  (1)

Assuming that the Gaussian process mean

function    , the covariance function  can

be written as bellows

  exp 


∥ ∥

 (2)

where ,  represent the  th and th samples,

respectively. The process of determining the

posterior distribution of f(x) is as follows.

1) Assume the function  values are drawn

with the observed training set    
  

 ,

and following to a multivariate normal distribution
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The function  in (3) measures the degree of

approximation between two samples where the

diagonal element   .

2) Compute the function value  at the

new sample point  based on the function .

The function value  follows the  dimensional

normal distribution:
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Where        
     

 and  follows one-dimensional

normal distribution, i.e.  ∼  
  , where

     (5)


       (6)

Fig. 1. Visualization for Probability of Improvement(PI)[5].

In the Fig. 1, the solid line is the surrogate

model with points observed so far. The maximum

function value  so far has occurred at the

far right point. The purple shaded area shows

the degree of standard deviation σ(x) on the

estimated surrogate model function. The standard

deviation narrows in areas where the gap between

the two observed points is narrow. This means

that larger function values may occur over the
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place that has not yet been investigated. The

point of  was chosen as the next best

candidate among the different points(    ),

because the value of    is the biggest

among these points. As shown in the above

figure, Probability of Improvement, PI( ), can

be calculated by using the surrogate function and

CDF(Cumulative Distributed Function).

The function PI can be expressed as

   ≥   
 

 (7)

As seen in (7), the PI function tries to find a

better point than the current optimal value. The

larger the positive difference in   , the

smaller of  , the better for the candidate

point. Also, this method has been known easily

be fallen to the local optimal solution. To solve

this problem, a parameter ε is added into PI

function as follows

   ≥    
   



(8)

So the next sampling point can be searched in

a larger area.

2. Acquision fuction

Among commonly used acquisition functions,

the Expected Improvement(EI) is most often

used as an acquisition function and is designed

to include both of these exploration strategies

and exploitation strategies[6].

The degree of improvement, , is defined as the

difference between the sampling point value and

the current optimal value.

  max     (9)

The  is normally distributed with the

mean  and the standard deviation 

satisfying the condition of    ≥ .

Then, the random variable  is also normally

distributed with the mean and the standard

deviation[7]. The expectation value of  (EI) can

be defined with the probability density function

of 

 


∞

  (10)

where

  


exp



  

 (11)

The strategy of EI function optimization[8] is

to find a point of  for maximizing EI with

  arg  (12)

Ⅳ. EMPIRICAL RESULTS AND OBSERVATION

The MNIST digits (LeCun et al., 1998a), dataset

has 60,000 training images, 10,000 test images,

each showing a 28x28 grey-scale pixel image of

one of the 10 digits[9]. We optimized back-

propagation networks with five hidden layers,

with one hundred hidden units per layer, and

with a softmax logistic regression for the output

layer. The cost function is a cross entropy error.

The neural networks were optimized with stochastic

back-propagation on mini-batches of size 100.

For experimenting, we tested the different types

of HPO method: grid search, random search and

Bayesian optimization method. Also, to save

training time, we only used 5,000 data from the

MNIST dataset, of which 80% were used for

training and 20% for validation.

Fig. 2 shows four good simulation results for

training and test data accuracy of over 100

epochs, respectively, using the grid search and

random search methods. The hyper parameters

used in this experiment are the learning rate and

weight decay, where learning rate is tested in

the range of  ∼  and weight decay in the

range of  ∼  . For grid search, the 18 grid

points(3x6) were tested, where 3 grid lines are in
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(a)

(b)

Fig. 2. Grid Search and Random Search

(a) Grid Search (b) Random Search

the learning rate and 6lines are in the weight

decay. For random search, 18 trials were tested

randomly in the same range as the grid search.

As shown in Fig. 2, simulation times and results

of both methods are very similar. For Bayesian

method, Gaussian process and EI are used for

the surrogate model and the acquisition function.

Fig. 3 shows how the Bayesian method progresses

in the first 3 iterations using a one-dimensional

graphic where the parameter used is the learning

rate. As can be seen from this acquisition

function, the next best candidate can occur in the

left area due to the wide shading standard

deviation. Bayesian method has been tested with

the same conditions of the above methods of grid

search and random search. In the table 1, the

numbers in the learning rate and weight columns

are the exponents of the exponential function.

The table 1 has shown that the simulation time

and test accuracy have been improved slightly

compared to the above results. Without the

previous experience of experiments, Bayesian

method is expected to outperform others.

Table 1. 18 iteration results using Bayesian optimization 

using two parameter.

Fig. 3. The first 3 iteration steps of Surrogate and Acquisition 

Model in one dimensional Bayesian progress.
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V. Conclusion

In this paper, we use a study of three HPO

methods: grid search, random search, and Bayesian

optimization method to predict optimal parameters

in neural networks. Experimental results show

that the Bayesian optimization method performs

better than other available methods. The Bayesian

method is mathematically complex to apply, but

the results did not improve significantly in this

experiment. This result may be due to previous

experience with this experiment. This allowed us

to guess the range of parameters to get good

results. Therefore, grid search and random search

can yield similar results to Bayesian method.

However, the Bayesian optimization method is

believed to be the best choice for the black box

problem that we have not experienced before.
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