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where X is original value at a data point, X max and X min
are maximum and minimum value of a specific feature, re
spectively. Consequently, every feature change could be
captured in the range of [0,1].

After decomposition of indices into various frequency spe
ctra, it is required to convert the original

data to normal data before training. Normalization leads t
o the adjustment of the data noise effect

and implementation of neural networks with high efficienc
y and speed (Makridakis, 1993; Diehl,

et al., 2015). To this end, we use the following equation.
To detect the agricultural commodity futures price
pattern, it is necessary to normalize the agricultural comm
odity futures price data. Since the LSTM neural network re
quires the agricultural commodity futures patterns during t
raining, we use the “"'min—max'' normalization method to r
eform dataset, which keeps the pattern of the data, as fol
low:

batch normalization was added to the model, and early st
opping in Keras’s callback functions was utilized. For the
loss function and the optimization function, both the auto
encoder and the predictive model used MSE (Mean—-Squa
red—Error) and Adam Optimizer.

Due to the different measurement unit of different stock i
ndex data, for avoiding the impact of different measurem
ent unit, all the attribute data are normalized to fall within
a same range. In this paper, the min—-max normalization m
ethod is used. The normalization function is shown in Eqg.
11
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« Stock data Normalization

Stg| & == gt Ede 918 == normalization &A1 normalization 82| &M LS
The next step of the pre—processing step is data normalizatio
n. We perform a filtering and a normalization method during th
e feature extraction process and training. The first one is a sta
Feature Engineering for Mid-Price min—max normalizati - ~ o lstical filtering method , while the second one is based on Mi
IEEE ACCESS Prediction With Deep Learning 2019 18 on Sxl EolEd =8 nMax. More specifically, we perform the filtering methodology
first and apply it directly on the raw MB data. The main idea of
the methodology is to identify and eliminate any observation t
hat does not reflect market activity.
N . . . _ - To facilitate better observation and comparison of the experim
eural Computing and Stock price prediction based on deep 5019 43 min—max normalizati o=y ental results. PSR. de—noising and normalization were first per
Applications neural networks on = ¢ ) ’ ' g ! P
ormed in the model parameter experiment.
Notice that the MSE we calculated are derived from
normalized data. That's because there exists huge value gap
among different stocks. If we use original stock price to evalu
Proceedings of Machine Stock Price Eredlctlon Using Attention min—max normalizati &cl:]erﬁgr%r’Ie:?ge(rartrr?eznolfor\l\l/ggri?zgcoenztscvﬁi\évr?LiJrlgp?ireosbri%léebls pr)neL:f
-based Multi-Input 2018 33 AZ x ’

Learning Research LSTM on orm better on high price stocks would very likely to have bette
r overall performance. Thus the performance on low price sto
cks would become dispensable. To avoid the bias caused by t
he aforementioned problem we evaluate the error with normali
zed stock price ranged from =1 to 1.

we present the normalized training data form 1950
to 2002. The curve shows the randomness of stock price data
) . . L . Our main goal is to predict the closing price of next day. We
E%Egdpgz?sﬂéiammg Model for Stock 2018 18 (Trlln max normalizati &K IO 22 put all the training data into a one dimensional vector and pas
s it to the network with a fixed learning rate(.001). Figure 6 sh
ows the normalized test dataset representation, which is also
showing the randomness of stock price.
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« Stock data Normalization
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Where minx(t) and maxx(t) are the minimum and maximum
value of the whole time series respectively.

The data varies with in a range of 2000 to 4000 for Infosys
and TCS and for Cipla it is 400 to 700. To unify the data ra
nge, it was subjected to normalization and was mapped to
a range of 0 to 1. This normalized data was given to the n
etwork for training.

The data of each stock consists of approximately 85000 —
90000 points. The data was normalized into the range of [
0, 1] using MinMaxScaler(2), since neural networks are kn
own to be sensitive to unnormalized data, which is then fe
d to the prediction model.

normalization was applied for each vector of a sequence b
y using the mean and standard deviation of each stock co
mputed from the training set.

The raw data is normalized using the min—max normalizati
on

X max and X min are max— imum and minimum value of a
specific feature,
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* [nvestment stratege

— normalization applied to each split sequence

“normalization was applied for each vector of a sequence by using”, A LSTM-
based method for stock returns prediction : A case study of China stock market (2015)

— normalization applied to entire sequence

“The raw data is normalized using the min—max normalization”, Stock Price
Prediction Using Machine Learning and Deep Learning Frameworks

>> |n the result of an experiment, normalization applied to each split sequence shows better
performance than normalization applied to entire sequence
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« Time series decomposition (S&P 500 Index)
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. A JIAHO LO|X HH L

oS ?loll AIEE= &4,

Rl

— STL(Seasonal and Trend decomposition using Loess)
— |loess regression=2 0| &
1) Hetst 2 A A& s =0

2) Z=NIOIE AHZO0A seasonal A|lHIE S =L,
3) De—seasonalised datalil A CI&t3|HE ®EZ6HLY.

A novel hybrid model based on STL decomposition and one-dimensional convolutional neural
networks with positional encoding for significant wave height forecast, ShaoboYang:
ZeguiDeng-XingfeiLi- ChongweiZheng, LintongXi- JuchengZhuang- ZhenquanZhang-
ZhiyouZhang, RENEWABLE ENERGY(2021), SCIE, IF 5.439
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o A JPHO LOIX M L 2HE 2
— Wavelet Transform
— global frequency information=

S=0O E ) 22 IlegsS M-
convolusion 04/\F° Al A0 A
HH & H =2 wavelet scale = =

Electricity price prediction based on hybrid model of adam optimized LSTM neural network
and wavelet transform, ZihanChang: YangZhang WenboChen, Energy (2019), SCIE, 6.082
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Hybrid deep learning predictor for smart agriculture sensing based on empirical
mode decomposition and gated recurrent unit group model, XB Jin, NX Yang, XY Wang, YT
Bai, TL Su, JL Kong, Sensors, (2020), SCIE, IF 3.275
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Experimental setting

e Data normalization
— min—max normalization

 Loss function

— Used MSE Loss as loss function

o Optimizer
— Adam
e Metric

— MAE(epredlcted value' etrue value)
- RMS E(epredwted value' e true value)
— MAPE(epredlcted value, etrue value)

CAU AutoML LAB

Hyperparameters Number
hidden state, cell state dimension 10

input sequence length 20
output sequence length 1

epoch 120
Batch size 128




Experimental setting

 To determine the detailed performance of a model

 Add another model evaluation metric.

Zn= Y=Yt
- Mean Absolute Percentage Error (MAPE) = 1‘71“ ‘-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)57: 100n=1 - MAPE = 50%
y =10,9 = 20,n = 1 —» MAPE = 100%

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

 Stock dataset split in timeseries data

Expanding window Cross , , o
Nasted time series Cross Validation

Validation
o I o -
1 I 1 I
_ Outer
2 I > I loop
3 I average
3 I -
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Experimental setting

 Nasted time series Cross Validation

NASTED TIME SERIES
CROSS VALIDATION

M train Mvalidation M test ° MaXimum iteration iS 8
Bl 100 100 1100 |
1 00 00100 . . )
2 i 00 » Iteration from 3 to 5 is used universally
; i o in timeseries data cross-validtaion.
5 600 ()() ()()
6 0Q N0 | 100 |
7 300 (00 ()0

. S - More data should be collected.
Train : validataion : test = 8 : 1 : 1
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Comparison results

« Mean Absolute Error (Normalized to each sequence)

Data Proposed Standard LSTM  Standard GRU Standard Enc-Dec  Standard Attention— Standard
: Deviation : Deviation : Deviation : LSTM Deviation : LSTM Deviation
KOSPI(KS11) : : 52.269 16.096: 46.564 23.827: 45915 21.731: 17.250 8.260
KOSDAQ(KQ11) . 20.508 11.049 18.655 12.548: 18.530 10.324: 7.857 4167
NASDAQ(IXIC) L 140,401 65.606: 147.686 57.498; 157.117 69.279: 58.532 38.878
S&P 500(US500) L4112 11.981: 40977 16.903; 42.704 21.420; 19.206 12.596
2 EA(DJI) : : 356.113 133.257: 375.481 325.451: 437.524 264.019; 178.295 123.787
=32 54(HK50) . 709.597 320772 511.271 272419 546,580 120.305 274359 140.845
o= 113(0](JP225) . 626.806 227.996: 517.073 202.957: 655.157 243.966: 201528 77.740
=2 DAX(DES0) L 302292 180.307 246,625 59.946: 284.468 113.072 124.023 53.905
22 (UK100) . 153512 76.844 167.632 78.981: 137.754 61.359; 62.119 30.127
T2t A CAC(FCHI) : :129.893 41.228: 101.318 31.562: 122.388 62.802: 48.697 23.605
Chet 212 (TWII) . 158.075 67.362: 136.624 47.783 134.362 54172 70.467 26273
Gold price(GC) L 0,930 0.379 0.806 0.272 0.741 0.271: 0.435 0.276
Oil price(CL) L1582 0.671: 1377 0.647 1.083 0.350; 0.719 0.419
443} S8 (SSEC) . 81.627 99.271: 99.507 120.175; 102.138 105.932 34.387 22.425
B E & 5t 01 (HNX30) : I 6446 4.547: 6.856 4.035; 4.998 3410 2.003 0.805
e LSTM

Sidra Mehtab, Jaydip Sen, Stock Price Prediction Using CNN and LSTMBased Deep Learning Models,
International Conference on Decision Aid Sciences and Application (2020)
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Comparison results

« Root Mean Squared Error (Normalized to each sequence)

Data Proposed Standard LSTM  Standard GRU Standard Enc-Dec  Standard Attention— Standard

: Deviation : Deviation : Deviation : LSTM Deviation : LSTM Deviation
KOSPI(KS11) : . 58.669 17.005: 52.943 25.823: 53.453 24.670: 21.683 10.130
KOSDAQ(KQ1 1) L 23446 12.091: 21380 14.291: 21173 11.706: 10.026 5.095
NASDAQ(IXIC) :159.799 73.093: 166.428 64.075: 177.779 77.271; 76.243 53.801
S&P 500(US500) L 47623 15.881: 48.633 21.177: 49.705 25.414; 25.206 18.582
R ZEA(DJ) : : 421385 170.491: 450.714 405.722: 517.107 346.696: 232.836 174.092
£32 8 8(HK50) . 802,987 353.642 606.757 312,592 648.929 152,322 340.568 156.537
2= LI3M01(JP225) L 721.720 263.764: 599.662 213.054: 759.353 287.823: 261.827 92.105
S 2 DAX(DE30) . 354197 221.421: 289.596 70.678; 329.801 125.248 156.229 67.232
2 (UK100) . 183.228 86.025; 202.836 90.123; 166.142 74.387: 78.305 34.973
Z2tA CAC(FCHI) : © 148.157 47.911: 119.451 34.999: 142.074 75.492: 61.816 28.576
Che 21 (TWII) L 191475 82.745; 160.451 53.865: 158.479 61.736: 90.073 33.408
Gold price(GC) L 1.230 0.527: 1.079 0.303; 1017 0.401: 0.618 0.398
Oil price(CL) L1835 0.627: 1.660 0.695: 1341 0.411: 0.926 0.480
A5l Z8H(SSEC) . 96.571 111.584 115.555 129.105; 119.350 117.891: 44.479 28.587
B E &t 5t 0l (HNX30) : L 7304 4.939: 7.799 4.327: 5717 3.623: 2.626 1.059

« Encoder—decoder LSTM
Qiang Jiang, Chenglin Tang, Chen Chen, Xin Wang and Qing Huang, Stock Price Forecast Based on LSTM
Neural Network, International Conference on Management Science and Engineering Management (2018)
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Comparison results

« Mean Absolute Percentage Error (Normalized to each sequence)

Data Proposed Standard LSTM  Standard GRU Standard Enc-Dec  Standard Attention— Standard

: Deviation : Deviation : Deviation : LSTM Deviation : LSTM Deviation
KOSPI(KS11) : ©0.02470 0.00799: 0.02178 0.01131: 0.02166 0.01108: 0.00851 0.00455
KOSDAQ(KQ11) . 0.03224 0.01956: 0.02830 0.01929 0.02807 0.01626: 0.01224 0.00758
NASDAQ(IXIC) . 0.02362 0.00754 0.02490 0.00740; 0.02686 0.01003: 0.00991 0.00531
S&P 500(US500) . 0.01845 0.00677: 0.01785 0.00679; 0.01946 0.01065; 0.00842 0.00512
CGHRZEA(DJ) : : 0.01765 0.00648: 0.01820 0.01417: 0.02150 0.01075: 0.00882 0.00569
£2 5 M(HK50) : 002907 0.01435: 0.02118 0.01261: 0.02214 0.00578 0.01123 0.00636
2= LI310l(JP225) . 0.03463 0.01485: 0.02916 0.01448: 0.03617 0.01575: 0.01128 0.00567
S9! DAX(DES0) . 002918 0.01838; 0.02325 0.00714: 0.02750 0.01365: 0.01218 0.00704
2 = (UK100) . 0.02321 0.01238; 0.02550 0.01317: 0.02096 0.01073; 0.00947 0.00505
matA CAC(FCHI) : :0.02831 0.01145: 0.02174 0.00800: 0.02641 0.01441: 0.01077 0.00623
CHEE 21 (TWII) . 001680 0.00828: 0.01425 0.00505: 0.01440 0.00699: 0.00747 0.00324
Gold price(GC) . 003601 0.01071: 0.03630 0.01747: 0.03059 0.01329 0.01680 0.00747
Oil price(CL) . 002382 0.01169: 0.02067 0.01098: 0.01616 0.00615: 0.01091 0.00733
ASH E8H(SSEC) | 0.02525 0.02362; 0.03038 0.02754; 0.03207 0.02409; 0.01166 0.00666
B E &t 5t 0l (HNX30) : : 0.03150 0.01939: 0.03360 0.01650: 0.02549 0.01488: 0.01047 0.00368

e Attention LSTM
Jiayu Qiu, Bin Wang, Changjun Zhou, Forecasting stock prices with long—short term memory neural
network based on attention mechanism, PLOS ONE (2020)
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Comparison results

e Experiment time

Data Proposed LSTM GRU Enc-Dec LSTM Attention—LSTM
KOSPI(KS11) 377.839 356.383 368.567 486.881
KOSDAQ(KQ11) : 448,653 457.874 497.858 487.970
NASDAQIIXIC) 472.790 455613 467.439 515.746
S&P 500(US500) 450.805 456.490 466.514 487.306
CHeE2(0J) 455.009 455.959 468.064 540,474
22 2 M(HK50) 431.069 431.210 447.140 491.001
o= L|3i|0](JP225) : 431.893 433.239 474211 461.090
=2 DAX(DEB0) 455151 470.198 468.867 517.094
2 = (UK100) 444.334 444.297 454.792 473.904
T2 A CAC(FCHI) 455.020 456.143 467.980 488.779
CHSF 212 (TWI) 449197 450.092 490.981 482.663
Gold price(GC) : 454917 483.206 468.068 489.279
Oil price(CL) 455306 455.481 467.408 487.658
A5} S EH(SSEC) 455527 456.932 467.553 487.021
BHE & 5t 01 (HNX30) : 329.476 299.248 306.398 319.439
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Comparison results

« Summary

- Attention LSTMO| CHE 22| 20 A £2 A== EF 2L
AlLtgE SIH7F =X

rok

- Attention LSTM= A 2[gt R =29| training time2 AHL2| FAI

CAU AutoML LAB




Reference

1

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, Vol.103. 25-37.
https://doi.org/10.1016/j.eswa.2018.03.002

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. Vol. 32. 393-408. https://doi.org/10.1007/978-3-319-93351-1 32

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, Vol.17.
10.1109/ICMLA.2018.00227

Hui li, Yunpeng cui, Shuo wang, (Member, IEEE), Juan liu, Jinyuan gin, And Yilin Yang (2020), Multivariate
Financial Time-Series Prediction With Certified Robustness. IEEE Access, Vol. 8. 109133 - 109143.
10.1109/ACCESS.2020.3001287

Hadi Rezaei, Hamidreza Faaljou, Gholamreza Mansourfar (2020), Stock Price Prediction using Deep Learning
and Frequency Decomposition. Expert Systems with Applications, Vol. 169. 114332.
https://doi.org/10.1016/j.eswa.2020.114332

Kai Chen, Yi Zhou, Fangyan Dai (2015), A LSTM-based method for stock returns prediction : A case study of
China stock market. IEEE International Conference on Big Data (Big Data), 15679536.
10.1109/BigData.2015.7364089

CAU AutoML LAB



https://doi.org/10.1016/j.eswa.2018.03.002
https://doi.org/10.1109/ICMLA.2018.00227
https://doi.org/10.1109/ACCESS.2020.3001287
https://doi.org/10.1016/j.eswa.2020.114332
https://doi.org/10.1109/BigData.2015.7364089

Reference

Z

10

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, Vol.103. 25-37.
https://doi.org/10.1016/j.eswa.2018.03.002

ShaoboYang ZeguiDeng XingfeiLi: ChongweiZheng, LintongXi JuchengZhuang ZhenquanZhang
ZhiyouZhang (2021). A novel hybrid model based on STL decomposition and one-dimensional convolutional
neural networks with positional encoding for significant wave height forecast. Renewable Energy, Vol.173. 531-
543._https://doi.org/10.1016/].renene.2021.04.010

ZihanChang YangZhang WenboChen (2019). Electricity price prediction based on hybrid model of adam
optimized LSTM neural network and wavelet transform. Energy, Vol.187. 115804,
https://doi.org/10.1016/j.energy.2019.07.134

XB Jin, NX Yang, XY Wang, YT Bai, TL Su, JL Kong (2020). Hybrid deep learning predictor for smart
agriculture sensing based on empirical mode decomposition and gated recurrent unit group model. Sensors.
\ol.20. 1334. https://doi.org/10.3390/s20051334

CAU AutoML LAB



https://doi.org/10.1016/j.eswa.2018.03.002
https://doi.org/10.1016/j.renene.2021.04.010
https://doi.org/10.1016/j.energy.2019.07.134
https://doi.org/10.3390/s20051334

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= A2 &= A=A0 et 4.
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