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Abstract

As the performance of computers increases, the use of deep learning, which has faced technical

limitations in the past, is becoming more diverse. In many fields, deep learning has contributed to the

creation of added value and used on the bases of more data as the application become more divers.

The process for obtaining a better performance model will require a longer time than before, and

therefore it will be necessary to find an optimal model that shows the best performance more

quickly. In the artificial neural network modeling a tuning process that changes various elements of

the neural network model is used to improve the model performance. Except Gride Search and

Manual Search, which are widely used as tuning methods, most methodologies have been developed

focusing on heuristic algorithms. The heuristic algorithm can get the results in a short time, but the

results are likely to be the local optimal solution. Obtaining a global optimal solution eliminates the

possibility of a local optimal solution.

Although the Brute Force Method is commonly used to find

the global optimal solution, it is not applicable because of an infinite number of hyper parameter

combinations. In this paper, we use a statistical technique to reduce the number of possible cases, so

that we can find the global optimal solution.

» Keyword:LSTM, Optimization, Hyper parameter tuning, Sampling
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[I. Preliminaries

1. RNN(Recurrent Neural Network)[5]

QF A CNN(Convolution Neural
Network) ¥} RNNS.2 UHth 1 5 RNN2 =417} Q1 dlolH
& 7o 2 slo] §48 Fdshs A Edlolr), of 7o A8
g 5 9= UlEARl vlolE Jel= 4 5 Aol wef ghe
HEo] e vlelE 9} o7l wof Fo| EA-stA A3zl woizt
A== EA7E Qe 27t ARSShE Aof’] A<lo] dlolEl 7}
ALt LRkE oz AIAE dlolE & v Al A 5 Qe
o] oSl AREH, x}91o] dlo|EE A}lo] A9} 243 914
5 AolZA MdEAE T8RS Fofoll A ALE-F T

)
ARy wae

Fig. 1. Basic RNN construction
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Fig. 2. Various structures of RNN

oA drd 3t AjU(one-to-one) FEIQ Fig. 1.5 712 &
ChFEE meke] RNNe| AA = Qle). Fig. 2.9 31 AA) A
g9l Tl (many-to—one)9] RNN2 Foi7l Z¢] 9]n|
A EE RAoR ydslal o= Fx FFE] A
A AFE AT FoR 4 F 9y FHEA AR
Al AREETEE[6] T AlA] @l ol tHmany-to-many) 3
Ele] RNNoJt}, o2 JofE Fhatol2 Wit 3zt Yo

o] et do] shtsiy MYste Aol opd
T o] ePu]ofof it} o] g WS
oz WS Alge = 9le FH7E vtk RNNo|th[7]
o] 9lol= drjthone-to-many) HE|e] RNNo| AR&EH7|%=
gt

2. LSTM(Long Short Term Memory)[8]

RNN¢| 24317} 3tAlo] 288 J=ko) gl THEE &4
AL A7) o]&4 FA4(Gradient Vanishing Problem)o]t}. %
7] 9EA FAlE 71Ee] He AAY dlolee} 11 ojxle] b
o[E] Atole] A7} W 9 o)A dHolHE 715 A% dlolH
| &L A Eahs BAS oJudith RNNG A7) o&
A A AEE 93 AN Bd2A LSTMe] 53sisith

LSTM2} RNN¢| 71 & o]z RNN9| 24 50|
FEEEol A Aol E(gate) S X ek Al(cel) o] FEi7t H
Aot} Alo|Ex oA 2gsH= e Hlojgje] &g
A7stA ot At H= FEHE A EE RNNS 25
o& o]FolA glo] gho] M EA|g LSTME Sl
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[1l. The Proposed Scheme

1. Proposed Method
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ol Ao A AAH stolF v H el e A9} 7} &
Start ol# mtulEle] 231ef o] o] whEol Wk A WA uH
o 7% 2708l sols) setuleirio] mesy) uhiel] Zlztel
sto]¥ Etu|E] 7} Zhs 27| SJeiA Rl 2§ o] A E . A
Order Parameters A ZFnid 54 3] 18 35 3gE s, e
Bl A& Ak kg oz 7 2ye] xg dur)
FE FES /INeR B E e o] $AL - X E 7HE}
Set the conditions o] BXE AAsIgon o]= 7} xslHo] nd %S 373
ghe] B3olu), olu) 7k gl AGA) ek sholw stepv]
. B P92 A4EE FHR B2 F350] o|FolXA] T}
Check the distributions P
of combination
Set a criterion
50%
i=i+1
vy

Filter the combinations

the number o

i<
hyper parameters

Decide an optimal
combination

End

Fig. 3. Algorithm flow chart
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Fig. 4. Distribution of sample with criterion
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Fig. 5. Example of filtering combinations
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2. Experiment

w=7Fe} BDL HolHE &-8-3lo] LSTM Bille] 2185 3lom,
o] o] 4| slo]y dhefulE Z3Hs 3] 93 & dudEs

a5ttt ‘wen g A vl ‘2] AR ol A oA} AA o]
Zagh 2 Qo= ARulo] A=At e stol et
= Z 7o, 29T e < 24T AR WHAl(time
step), Acell) 443} &4, &3 AA(fully connected) 2433}
o] AR o] A3ISITt. ol Table. 1.9] U482 A=

Aguglon], 0B 71Eoz 7t sholo sehule Wa e
zA0] AR, FLHE BEF A WA A9 A4S a
4, b= 5ole, BDI HlelBE 288 7 WAl A3e 242} 6, 5olck

=
=
231 el s }_;,b] A g Aok Ve g5

23 o 200e]

Table 1. Condition of experiments

a = the number of input variables
b = any integer, b>0

condition 1 condition 2 condition 3

the number of
) 0.5 1.5
hidden nodes a a a
the number of
) 1 2 3
hidden layers
time steps b-5 b b+5
cell éctlvanon sigmoid tanh RelLU
function
fully connected ) )

L . sigmoid tanh RelLU
activation function

Table 2. Mean RMSE from experiment’s first loop using gold
price

the number of hidden nodes
2 4 6
the 1 0.435902 0.457579 0.426798
number 2 0.463402 0.423339 0.384658
of hidden
layers 3 0.496571 0.455801 0.428734
A A A A A] A E A 2 stols et EQl Al
7, A B3 B, S A2 B3 B wE P
= 249 dg 5ol 24F wE9] 47h 2003, 2YFe|
57 19] Z2ReIAE 20Me) Ago] Wysew), of o B4
A e oA Al 7 stels sl 2§e TR
Agwlo] 2009 A9 e The Felel male] so] A,

Table. 2.914 2 4= Q)% 3 Wa) FAoA dojr x3hd
Fa# F 7 22> RMSEE 0.3846580]t}, &, 3 WA uks
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Aol AARE 71FS 2YF w29 716, &
9l 2%te] W3t 0.38465801H, 7} Z23te] A 7|FRT
248 52 Table. 3.9} 2t}

w
;
P

Table 3. Probability that the distribution is bigger than the
criterion from experiment’s first loop using gold price

the number of hidden nodes
2 4 6

the 1 0.023755 0.015174 0.067371
number 2 0.012135 0.090607 0.5
of hidden

layers 3 0.000161 0.006362 0.047751
Ag Al o A 9] ae] 55 AAsh= f%%% 5%
29

2 ARSIl ofol whe} ok FelA e HE
LYT w=o ot 24F9] 47t 7474 6, 1),
(4, 2), (6, 2)°lth. o] HAL T3l 6719 3] Bl
ol  120(=6x200We] AFom Hda o]Foixoksh=
3240(=6X3X3X3X20)H2] A&S thAslct.

510
252

r

Table 4. Experiment result — performance(RMSE)

0.2
0.169479 0.169402
0.1 I I
0 I I
Gold price
=Brute force =Propsed algorithm
Gold price BDI
Brute force 0.169479 0.087583
Proposed algorithm 0.169492 0.074998

Table 5. Experiment result — the number of experiments

The number of experiments

5000 4860 4860
4000
3000
2000
1100
. |
0
Gold price BDI
=Brute force =X gt D2|F
Gold Price BDI
Brute force 4860 4860
Proposed algorithm 1100 2700

3 AAZ g delHE FE7IE 19699 1294
2018»4 497149 A gl Holgolth qlej= AH fY W

w5, g, Y] FEvben 8 Wa vl
u%ﬂow A3hE Sl ghd g ow Folzl A w2
9ol RMSEx 0.1694790]9, A9t <arg]&e] RMSE:
0.169492= A5 WA & zfo]& HolA] &5-5 & F Stk

Hh, e srle] - 486039 A Baw aiglon,
AR Fare]HE 11003]9] AP Ao} F2 A Sl
F2 AkE 4S5 QUTh

BDI(Baltic Dry Index)9t ¥+l dlo|HE 28-3te] tha4
F& Fagaision], 20099 54 2017 119744 4 o
9ol deleE &&3lsith BDIE d33sk7l 98 BDI
BCI(Baltic Capesize Index), BPI(Baltic Panamax Index),
BSI(Baltic Supramax Index), t+$-(DOW), th$- AiZe] 67}

7] HlolElE dol& AFEEglth BDI o5 = oA sto] ¥
glepulele] ML Algtd R4 Fe AAS AXA HA
S o e B ARRE daE]Es vlaskd AF Slge
247} 48603]014 270032, 24 E@e] RMSET 0.087583
o4 0.074998= 52 F 2fo|7}F iAW &2 AR Ul A
= o]EATRE AS &+ dth

V. Conclusions

Ut-ng] ‘qu-l Q_
= AMA|(grid search)e} v7%E A1X|(mannual search)
olth[10] H&Eo] £8] ARHE 7 WHOR 7|Edl= it
& 18EHGA, Genetic  Algorithm)[11], wlo]x|eF A3}
q2b ] HAs darEs
(particle swarm optimization)[14 ], BA(Bat Algorithm)[15],
57+ M(backtracking search algorithm)[16] 5¢] F&]2¥
UE|FE AREBISITE B FEjaE daEsd 54 He] 7
rs 340}74] wo] Algke F7HS Gl A W9} =
b Al A AlQksheE dare]Ee A el
3= WAS Fsh o] o] AF
O RHE Ak QlTh
AE
= R~

ﬁgﬁé 7‘<L7] 51343]_ o]u].x—lo] E)

—
0—6_/1\17:]‘:”_ 1w T o
[e]

(Bayesian optimization)[12,13],
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QB 71 ABANES Felgel Mgk AEA

Aol AlolE Wew ahs ke djold
shepelele] e HAststad @ 0 AFoEH Wes)
& 4 QES Frrh B 7o) Al A8

3]
o] so]s] sehvlEzL EAISH: olnlA] Q4 &

=

At 2
i gl Aol BE e EAIL Q7] uRel shie] &
Fe o Ao 272 st ek mepd 2719 s
zgo] AASY Fo 32l ole] 2FFo] & Wol AAH =
Zol7] whitel 2710] Helg we 23e sk Aol 4
sk, o) SlalE 23tel Anot B REaha Qlofef B
v, 28 Aol Ngshl weshe 24do] $H40R ueln
F ol 24 R PEe A8 o B 4ES 1Y Ao
= et

279] W Fashs e ASH e %e 2L
Qg WS el A 2 Ael§ wolX e ARE wIThe 7}
A solA] ol Fol AT, Z7ie] Wale] ue) Aute] Ao]} e
AXA oY RE W8E 1T D gl ag ¥es
ES Qe 54 gl 20%E Hrew A 23L A
zslel) g $HH oz 20 WS Faa Hed ol
SR BRI Aol7} gl thERRE A g3e] sols
eole) xgo] AAT EBE & YES F/H4Q A7t 44
stk

REFERENCES

[1] L. Deng, and D. Yu, “Deep learning: methods and
applications,” Foundations and Trends in Signal
Processing, Vol. 7, No. 3-4, pp. 197-387, 2014.

[2] C. Paar, and J. Pelzl, “Understanding cryptography: a
textbook for students and practitioners,” Springer
Science & Business Media, pp. 7, 2009.

[3] R. E. Korf, “Depth-first iterative-deepening: An optimal
admissible tree search,” Artificial intelligence, Vol. 27,
No. 1, pp. 97-109, 1985.

[4] T. Pukkala, and J. Kangas, “A heuristic optimization method
for forest planning and decision making,” Scandinavian
Journal of Forest Research, Vol. 8 No. 1-4, pp. 560-570,
1993.

[5] A. Graves, “Supervised sequence labelling with recurrent
neural networks,” Springer, pp. 35-42, 2012.

[6] R. Socher, A. Perelygin, J. Wu, J. Chuang, C. D. Manning,
A. Ng, and C. Potts, “Recursive deep models for semantic
compositionality over a sentiment treebank,” Empirical

Methods in Natural Language Processing, pp. 1631-1642,
Seattle, Washington, USA, October 2013.

[7]1 T. Mikolov, M. Karaflat, L. Burget, J. Cernocky, and S.
Khudanpur, “Recurrent neural network based language
model,” the International Speech Communication
Association, Makuhari, Chiba, Japan, September 2010.

[8] S. Hochreiter, and J. Schmidhuber, “Long short-term
memory,” Neural computation, Vol 9, No. 8, pp.
1735-1780, November 1997.

[9] R. V. Hogg, and E. A. Tanis, “Probability and statistical
inference,” Pearson Educational
204-205, 2015.

[10] J. Bergstra, and Y. Bengio, “Random search for

International, pp.

hyper-parameter optimization,” Journal of Machine
Learning Research, Vol. 13, pp. 281-305, February
2012.

[11] H. K. Lam, S. H. Ling, F. H. Leung, and P. K. S. Tam,
“Tuning of the structure and parameters of neural
network using an improved genetic algorithm,” Industrial
Electronics Society 2001( IECON'01), pp. 25-30,
Denver, Colorado, USA, November 2001.

[12] J. Snoek, H. Larochelle, and R. P. Adams, “Practical
bayesian optimization of machine learning algorithms,”
Advances in neural information processing systems, pp.
2951-2959, 2012.

[13] Y. Xia, C. Liu, Y. Li, and N. Liu, “A boosted decision
tree approach using Bayesian hyper—parameter
optimization for credit scoring,” Expert Systems with
Applications, Vol. 78, pp. 225-241, 2017.

[14] B. Qolomany, M. Maabreh, A. Al-Fugaha, A. Gupta, and
D. Benhaddou,
learning models using particle swarm optimization,” In

“Parameters optimization of deep

Wireless Communications and Mobile Computing
Conference((WCMC), pp. 1285-1290, Valencia, Spain,
June 2017.

[15] A. Tharwat, A. E. Hassanien, and B. E. Elnaghi, “A
ba-based algorithm for parameter optimization of
support vector machine,” Pattern Recognition Letters,
Vol. 93, pp. 13-22, 2017.

[16] C. Zhang, J. Zhou, C. Li, W. Fu, and T. Peng, “A compound
structure of ELM based on feature selection and
parameter optimization using hybrid backtracking search
algorithm for wind speed forecasting,” Energy
Conversion and Management, Vol. 143, pp. 360-376,
2017.



Hyper Parameter Tuning Method based on Sampling for Optimal LSTM Model

143

Authors

Hyemee Kim is an undergraduate student
of Pusan National University, majoring in
Industrial ~ Engineering  since 2015,
respectively. Kim joined the research
member of business and service computing
laboratory of the industrial engineering

at Pusan National University, Pusan, Korea, in 2017. She
is currently an undergraduate researcher in the
laboratory. Her interests lie in data mining and deep

learning.
Ryeji Jeong is an undergraduate student of
Pusan National University, majoring in
- = Industrial Engineering and Global Studies
| T since 2014 and 2016, respectively. Jeong

joined the research member of the applied
statistics laboratory of the industrial

engineering at Pusan National University, Pusan, Korea, in
2017. She is currently an undergraduate researcher in the
laboratory. Her interests lie in applied statistics, quality
control, and quality assurance.

| Hyerim Bae received B.S., M.S. and Ph.D.
’i degrees in Industrial Engineering
Department from Seoul National
University, Korea, in 1996, 1998, and 2002,
respectively. Dr. Bae has been a professor
at Department of Industrial Engineering

Pusan National University since 2004. His research
interests include process mining, operational big data
analytics, BPM, ICT logistics convergence.



