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Research on Hyperparameter Optimization

for Improving AutoML Performance

Yong Hoon Kim

Department of Computer Engineering, Graduate School,

Pukyong National University

Abstract

Recently, in order to improve the performance of machine learning,
researches are being actively conducted to design various learning layers or to
optimize specific parameters. In particular, while attempting to apply such an
efficient system in the humanities, society, and various positions in relation to
machine learning, there has been a problem in the method of learning to
reflect the results of existing researches in constructing the actual system.

This is because, in order to improve the performance of learning according
to the characteristics of the data and the user’s environment, the learning
layers must be reasonably designed, and the definitions of appropriate values
are required for each parameter. In this regard, recent research has been
conducted on autonomous machine learning, and autonomous machine learning
refers to the study of the learning method that does not have difficulty in

learning even if the user lacks professional knowledge such as setting various

- vii -



parameters for learning or designing the learning layer for improving
performance. Therefore, autonomous machine learning can be regarded as a
method of solving problems by automatically setting each parameter used for
learning according to the their environment or providing an algorithm of
necessary to autonomously implement the machine learning layers. Therefore,
autonomous machine learning is to set up each parameter used for learning
automatically according to specific data and user environment, or to solve a
method of implementing the learning layers. To solve this problem, autonomous
machine learning has been studied in three parts. The first is Automated
Feature Learning, the second is Architecture Search for the learning layer, and
the last is the Hyperparameters Optimization.

In this paper, we are concerned with the parameter auto—setting for the
learning model, which 1is directly related to the performance of machine
learning, the learning rate, mini—batch size, and normalization coefficient. In
particular, we focus on and improve learning rates directly related to learning
performance. Therefore, the Bayesian optimization method using a Gamma
distribution is wused instead of Gaussian distribution for implementation
dependent on exploration. In addition, we will describe a system that finally
improves performance by predicting the correct learning rate through the
method which is approximated convex hulls to the result of the objective

function.
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N 17)
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TP+ TN
Accuracy = P TN FN (18)

(TPx TN)— (FPx FN) (19)
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wolZEeh M A9 A9 ol AFlA MM A B Aol BH P

E 4 1EAZES AR A A 2de)

7|E Al 2~H) Akgk Aj2~wl(x /A A)

Epoch T
Sens | Spec | Acc | MCC | Sens | Spec | Acc | MCC
Grid 43.69 | 9394 | 470 |3561 |46.98 | 9461 | 520 | 38.20

1 Gaussian | 42.78 | 93.42 | 42.0 | 3548 | 43.05 | 9440 | 50.0 | 41.23

Gamma | 44.02 | 94.00 | 46.0 | 3890 | 47.46 | 94.42 | 50.0 | 39.89

Grid 90.04 | 9867 | 88.0 | 8761 | 91.76 | 99.02 | 91.0 | 89.50

2 Gaussian | 89.37 | 98.55 | 87.0 | 86.86 | 88.70 | 98.70 | 88.0 | 85.92

Gamma | 89.38 | 98.56 | 87.0 | 86.83 | 90.13 | 98.80 | 89.0 | 87.36

E5 kM A EH kA F A2 v
k 7hd A k MR %
Epoch T
Sens | Spec | Acc | MCC | Sens | Spec | Acc | MCC
Grid 4698 | 9461 | 52.0 |3820 | 46.88 | 94.20 | 52.0 | 37.03

1 Gaussian | 43.05 | 9440 | 50.0 | 41.23 | 42.02 | 9447 | 51.0 | 40.12

Gamma | 4746 | 9442 | 50.0 |39.89 | 4692 | 9401 |51.0 | 39.81

Grid 91.76 | 99.02 | 91.0 | 8950 | 90.56 | 98.72 | 90.0 | 89.50

2 Gaussian | 8870 | 98.70 | 83.0 | 8592 | 88.70 | 99.21 | 88.0 | 85.92

Gamma | 90.13 | 98.80 | 89.0 | 87.36 | 90.13 | 9890 | 91.0 | 87.36
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Epoch T Ak

Sens Spec Acc MCC

Grid 95.95 99.51 95.62 95.10

1 Gaussian 95.73 99.53 95.75 95.25

Gamma 95.61 99.52 95.64 95.12

k7l dGamma 96.21 99.49 96.24 96.01

Grid 98.15 99.80 93.18 97.97

) Gaussian 98.11 99.79 93.13 97.94

Gamma 98.35 99.82 98.36 93.17

k7l dGamma 98.61 99.90 98.62 93.56

Grid 97.81 99.76 97.83 97.58

Gaussian 98.19 93.21 98.21 93.00

¥ Gamma 98.21 99.80 98.23 93.03

k7l dGamma 93.77 99.81 93.79 93.51
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% 7. CIFAR-10 ®lolB2 ol &8 x A4 A 2« Ad F A=99)

!
7}
Epoch TE Sens Spec Acc MCC Loss
Keras CNN Grid 4876 19441 | 49.09 | 42.69 | 1.4160
Keras CNN Gaussian 3237 19237 | 2995 | 21.83 | 1.8700
! Keras CNN Gamma 46.69 | 94.03 | 4579 |39.25 | 1.4728
Keras CNN-k7]4-dGamma | 45.64 | 9241 |44.74 |40.21 | 1.3701
Keras CNN Grid 73.36. | 96.80 | 70.72 | 68.19 | 0.8619
0 Keras CNN Gaussian 56.64 | 9520 |56.30 |51.14 | 1.2100
Keras CNN Gamma 74.35 19706 | 73.07 | 9512 | 0.7942
Keras CNN-k7/-dGamma | 7641 | 9654 | 7542 |79.23 | 0.7421
Keras CNN Grid 76.32 19729 | 7530 | 7273 |0.7133
- Keras CNN Gaussian 65.43 |96.18 | 6530 | 9525 | 0.9930
Keras CNN Gamma 76.71 19736 | 76.06 | 73.48 | 0.6998
Keras CNN-k7]-dGamma | 7805 | 9792 | 7821 | 7764 | 06214
Keras CNN Grid 76.76 | 9731 | 7555 |73.15 | 0.7362
Keras CNN Gaussian 63.84 9598 |6345 |59.19 | 1.0278
. Keras CNN Gamma 83.22 19810 | 8278 |80.92 | 0.5169
Keras CNN-k7]4-dGamma | 84.01 | 9525 |83.04 |8220 | 0.4951
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& 8. 1 epocholl A&l 7]& Al=d3} 2|QE Al =wle] Hx

7= Al F
Grid No Grid 32 Gaussian 732} Gamma 74
"Acc(%) | "LT(Sec) | Acc(%) | LT(Sec) | Acc(%) | LT(Sec)
100 47 5.3 42 4.4 52 4.3
200 49 104 42 4.1 48 4.2
300 50 16.6 42 4.7 47 4.7
400 52 20.1 37 5.1 41 49
500 49 25.6 39 4.6 51 4.3
Avg 494 15.6 40.4 4.58 47.8 4.48

* Acc: Accuracy, ** LT: Learning Time

5

9= 10709 HA 39 50712 epochE A &3t= A9 Grid A,

Gaussian A4 2 Gamma AAES vk Aot 53] Grid +7F S7Fst

_49_



i3
N
50
x2
=
)
.
(el
iV
N
Lo

el 0.7% =Fo] 7}
A 7P 29.38% oF 24.8v] whES

Bt e

AARE,

100~500°1

Grid #
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Grid No Grid 73 Gaussian 7 4 Gamma 74
"Acc(%) | "LT(Sec) | Acc(%) | LT(Sec) | Acc(%) | LT(Sec)
100 37 226.2 37 27.0 90 27.1
200 90 443.5 39 21.2 38 26.9
300 91 679.2 37 26.8 39 27.0
400 39 381.3 36 25.9 39 26.1
500 87 1419.3 31 39.2 34 39.8
Avg 38.8 729.9 36 29.22 38 29.38

* Acc: Accuracy, ** LT: Learning Time

)

it 10. 20 Iteration

1 epocholl 2] 7]& Al2wla} Aok Al2~E] o] H]al

=
Crid 7T A <k
Grid 7™ Gaussian 7 4 Gamma 74

No Acc(%) | LT(Sec) | Acc(%) | LT(Sec) | Acc(%) | LT(Sec) LR"
100 93 2159 92 26.1 93 21.7 0.265
200 92 459.1 38 28.55 91 27.8 0.113
300 94 647.58 91 27 92 26.7 0.178
400 94 399.84 93 28.1 92 279 0.077
500 94 1124.46 93 26.58 94 26.4 0.230
Avg 934 699.38 914 27.266 92.4 27.3
* LR: Learning Rate
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