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Proposed method
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Experimental setting

« Dataset
stocks N Train val test
KOSPI 5156 3210 979 967
KOSDAQ(2013-03-03 ~) 1898 938 474 486
NASDAQ 5265 3263 1002 1000
S&P 500 5265 3263 1002 1000
ChREA 5265 3263 1002 1000
23 Y 5151 3196 976 979
2= LA 0 5124 3182 971 971
=2 DAX 5306 3300 1005 1001
A CAC 5343 3313 1015 1015
A0 Q1 IBEX 5314 3283 1017 1014
oot 71 d 5144 3206 971 967
HE2tE AEX 5347 3316 1016 1015
Rl MAA 5151 3204 970 977
BeEtE EH|AD) 5265 3263 1002 1000
Gold price 5050 3067 994 989
Oil price(2000-08-23 ~) 5060 3076 994 990
10 27| O|= FxY 3264 3264 1027 688
10 27| o= = x|
HIEZQl Y2 %}HH[(2014-09-17 ~) 2275 1560 359 356
o|E2|& Y=2tH|(2015-08-07 ~) 1951 1236 359 356
KOSPI INDEX log difference 2000.01.01 = 2020.12.31
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Experimental setting

« Statistics
stocks Mean Standard deviation Skewness Kurtosis(3) Jerque Bera ADF
KOSPI 1582.518 587.343 -0.421 1.861 432,67+ -0.438834
KOSDAQ 668.623 103.98 0.46 2.632 78.4663*+* -1.173884
NASDAQ 3791.769 2367.556 1.388 4395 2125.9183*** 3.346301
S&P 500 1653.635 674.270 1.033 3.067 941.5057**+ 1.678640
CHREX 14655.366 5792.134 1.043 2.906 959.6158**+ 0.870942
23 19919.806 5726.487 -0.18 2.076 211.8634**+ -1.579436
L= LA O 14640.566 4694.21 0.393 2.009 342.692*+* -0.491717
=2 DAX 7661.465 3006.491 0.385 1.978 363.2483**+ -0.506127
ZA CAC 4469.135 918.824 0.153 2.207 161.6942%** -2.233112
22l IBEX 9680.838 2017.084 0.667 3.565 466.6305*** -2.262163
CHEE 713 7903.82 2055.782 0.243 2.707 69.2831*** -0.264858
HE2tE AEX 435655 108.924 0.265 2222 197.9852%** -1.899507
ol MAMA 17921.698 11385.273 0.401 2.120 305.4783**+ 0.679944
ety At 3791.769 2367.556 1.388 4395 2125.9183%** 3.346301
Gold price 997.637 479.258 -0.105 1.796 315.6375%*+ -0.459757
Oil price 61.785 25912 0.400 2.381 216.5233%*+ -1.997886
10 BH7| Oj= =4 118.257 9.575 -0.285 2.145 219.8195%*+ -2.216594
104 2t7| oh= XY
HEZQ =3t 4925.441 4830.747 1.056 4332 595.9625*+* 1440318
o|Hz|8 Y=ot 223.111 231.702 1.601 6.123 1642.5896*** -2.082944
KOSPI INDEX log difference 0.000193 0.0149 -0.572 10.03 10943.0983**+ -33.339841%*+

Used Close(Z7}) variable.
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Experimental setting

e logarithmic return : In((t+1)/t) t: AI=0| t20§ Z7}close)

KOSPI logarithmic return
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Experimental setting

 Stock Dataset
- data normalization
- log(x; ) —log(x, ),i=1,..,8
- prevents the denominator to be zero
- Value added by 1 approximates to value without 1 added

* Metric
- MSE(epredlcted value, etrue value) or MAE(epredlcted value’ etrue value)

* Train, validataion

- Used MSE Loss as loss function Hyperparameters Number
hidden state, cell state dimension 10
input sequence length 7
output sequence length
* TeSt' epoch 20
- Ran model final evaluation by metric Batch size 128
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Experimental setting

« To determine the detailed performance of a model

« Add another model evaluation metric.

n ‘J’t—f’t

- Mean Absolute Percentage Error (MAPE) = _1nyt ‘-100(%)

- MAPE is undefined for data points where the value is zero.
- MAPE is biased towards prediction that are systemically less than the actual values themselves

y=20,9=10,n=1 - MAPE = 50%
y=10,9 =20,n=1 > MAPE = 100%

« Compare three metrics.
- MAE
- MSE
- MAPE
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Experimental setting

 Stock dataset split in timeseries data

Expanding window Cross Nasted time series Cross

Validation Validation
o 000 o I
1 1
2 I 2 I
3 e, 3 T —— Outer

loop
0 200 400 600 800 1000 ) 200 400 600 800 1000
M train M test M train M test
loop
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Experimental setting

 Stock dataset split in timeseries data
— In many papers

“The first eight years of the data as a training set, the next two years of the data as a test set.”

- Qiang Jiang, Chenglin Tang, Chen Chen, Xin Wang and Qing Huang(2019), Stock Price Forecast Based on LSTM Neural Network. Proceedings of
the Twelfth International Conference on Management Science and Engineering Management

“In both neural network models, 20% of the training set was used for the validation set, and

the realized volatility was set as the target value.”

- Ha Young Kim, Chang Hyun Won(2018), Forecasting the volatility of stock price index: A hybrid model integrating LSTM with multiple
GARCH-type models, Expert Systems With Applications

“training and test datasets where 70% of each dataset was used for training and the remaining

30% of each dataset was used for testing the accuracy of models.” - sima Siami-Namini, Neda Tavakoli, Akbar

Siami Namin(2018), A Comparison of ARIMA and LSTM in Forecasting Time Series. IEEE International Conference on Machine Learning and
Applications

“Each sample data of agricultural commodity futures prices is split into a training set (60%),

validation set (20%), test set (20%) in chronological order.” - HUI L1, YUNPENG CUI, SHUO WANG, (Member,
IEEE), JUAN LIU, JINYUAN QIN, AND YILIN YANG (2020), Multivariate Financial Time-Series Prediction With Certified Robustness. IEEE Access
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Experimental setting

 Stock dataset split in timeseries data

250 1
A A

wi(t) I

w';‘if?<= o “we select 150 data for testing (out-of-
A sample data), and split the remaining data

into training set (80%) and validation set
(200/0) .” - Hadi Rezaei, Hamidreza Faaljou, Gholamreza

Mansourfar (2020), Stock Price Prediction using Deep Learning and
A Frequency Decomposition. Expert Systems with Applications
rice index

Time

« Conclusion

We investigated 14 time series prediction papers between 2019 and
2021, and they adopted chronological data split method.
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Experimental setting

e Some issue

— |learning curve
— Each is a learning curve of the same data, different iterations of the same model.
— In most of learning curve, the scale that unexpected shape of the learning curve was large.

—— train_losses —— train_losses
—— val_losses 0257 —— val_losses

loss
o
loss
o

epoch 0 5 10 15 20 25 30
epoch

Expected shape Unexpected shape

« Expected cause
— input sequence length is short
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Experimental setting

« Model training speed
— dropout
— dropout can reduce model accuracy

MLP with one hidden layer Hidden layer after dropout

« A Model for Applying the Stock Market

- Momentum effect in stock market.
— Asset prices follow a trend for a rather long time.

— Attention LSTM may reflect a tendency
— Attention mechanism may serve as a weight to reflect the trend.
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Comparison results

« Mean Absolute Error (mean of 30 iteration)

Data Proposed Standard RNN Standard LSTM Standard GRU Standard Enc-Dec Standard
: Deviation : Deviation : Deviation : Deviation : LSTM Deviation

KOSPI(AKS11) : © 0.021195 0.019049 © 0020116 0.025005 £ 0.018809 0.020418 :

KOSDAQ(*KQ11)  0.102302 0.071357 0078273 0.078779  0.108261 0.080757

NASDAQ(IXIC) : © 0.016808 0.012544 © 0.025125 0.027928 © 0.020856 0.019298

S&P 500(AGSPC) 0.020992 0.025467 0016364 0.016857 0021337 0.020431

CERZEA(AD))) : 0.022184 0.022629 : 0.013185 0.013078 0.016047 0.015028

T2 SHA(AHSI)  0.022545 0.020101 0013334 0.009264  0.026282 0.031992

A= L|# 0|(AN225) : 0.016286 0.015128 £ 0.018038 0.015499 £ 0.021768 0.023830

=9l DAX(AGDAXI) : © 0.017664 0.017576 © 0.013985 0.011829 : 0.021262 0.019056

Z2A CAC(AFCHI)  0.022548 0.021522 0016373 0.015951 0031835 0.035117

AT Q! IBEX(AIBEX)  0.016077 0.023092  0.019598 0.020462  0.018918 0.019273

Tt 7| (A TWi 0016150 0018184  : 0014470 0017367  : 0.019759 0023773

HIEIE AEX(MAEX)  0.023351 0023820  : 0.019398 0021147 0.023697 0.028435

Ol A4 A(ABSESN) : © 0017187 0.021773 © 0.011863 0.011989 © 0.018064 0.022021

HAY HHATHABYSP) 0034658 0.029081 0023900 0.028509 0022915 0.013754

Gold price(GC=F)  0.025382 0.029737  0.020862 0.024010  0.026176 0.028744

Oil price(& =)
104 27| oj= =xj
104 27| oh= = 1|
H EZQl 2% 3tH|(BTC-USD) 0.077903 0.052344 0.090269 0.068051 0.053026 0.043577
F§§}1_11|(ETH—USD)§ 0.092046 0.049431 0.079820 0.044870 0.091226 0.059508

oo

0

—
olHZ| &

0
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Comparison results

« Mean Squared Error (mean of 30 iteration)

Data Proposed Standard RNN Standard LSTM Standard GRU Standard Enc-Dec Standard
: Deviation : Deviation : Deviation : Deviation : LSTM Deviation

KOSPI(AKS11) : : 0.001275 0.002006 : :

KOSDAQ(*KQ11) £ 0.010130 0.015369

NASDAQ(AIXIC) § © 0.000987 0.001767

S&P 500(*GSPC) ' 0.001236 0.001681

CHRZEA(ADJI) 0001389 0.002728

B2 M (AHSI)  0.001570 0.003137

U= L 0|(AN225) © 0.001250 0.002907

=2 DAX(AGDAXI) § © 0.000778 0.001146

ZA CAC(MFCHI) ' 0.000654 0.000965

ATH| Q1 IBEX(AIBEX) 0001022 0.001471

Tt 7| (A TWi  0.000705 0.001687

HIZZHE AEX(AAEX) © 0.000935 0.001855

ol MMIA(ABSESN)
H2tE B H| AL ABVSP)
Gold price(GC=F)

Qil price(&= =)

108 2H7| O|= I &y

10 27| o= I XY

H EZAQl 2= oHH|(BTC- USD)
0|28 Y= }H (ETH-USD) :
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Comparison results

« Mean Absolute Percentage Error (mean of 30 iteration)

Data Proposed Standard RNN Standard LSTM Standard GRU Standard Enc-Dec Standard
: Deviation : Deviation : Deviation : Deviation : LSTM Deviation
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Appendix




AppendiX
« Jargue—bera test
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« ADF test
- AAHE IO I B A M (stationary)S SHESH= X0 CHE 2 A
e LM-ARCH & &

- ARCH, GARCHSr €2 E2g= R=2 += A=A0 et 4.

CAU AutoML LAB




