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Abstract:

This research aimed to use machine learning to come up with a model to
predict the liquidity of bank shares listed on the Amman Stock Exchange,
while studying the possibility of applying this model to the Damascus Stock
Exchange. To achieve the research objectives, the necessary daily data (
collected from the Amman Stock Exchange website for banks listed on the
market during the period from 2012 until the beginning of 2024.

In addition to the data of banks listed on the Damascus Stock Exchange for
the year 2023 and the months of September, October, November and
December of 2022, to study the possibility of predicting the liquidity of
these banks using the same model. To measure liquidity, trading volume,
trading value, trading ratio, and the difference between the best price and
the lowest price used, in addition to the Amhyud scale, which represents
stock returns on trading value in absolute value, which constitute the
characteristics or features on which the model is built. Using machine-
learning techniques represented by the long short—-term memory algorithm,
the model developed in terms of the number of windows and the number of
neurons needed for the study, based on the experimental results.

The study found that a neural network consisting of 6 windows and a
hidden layer consisting of three layers, where the first layer contains 16
neurons while the third layer contains 8 neurons, gave good results in
predicting the liquidity of banks listed on the Amman Stock Exchange, as

the prediction accuracy ranged between (93%—-99%), while the prediction



accuracy of the same model in the Damascus Stock Exchange ranged
(7%095-%84) between.

The research results can used to develop models that reach good
forecasting accuracy and can predict more than one financial market, in
addition to the possibility of inferring them in order to make decisions,
especially supportive ones in the stock markets. Through this study,
machine—learning algorithms can also used to predict the profitability and
returns of stocks and thus help investors in those markets.

Keywords: machine learning, deep learning, long—term memory, neurons,

stock liquidity.
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15 Hurwitz, Judith, Ibid, Counteracting Concept Drift in N/atural Language Classifiers2018, P15
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U7 QLA il dadlia e Lglans ) (5891 Al

SN (e docyd Ao gana 43d 2x (B gag ¢ V) alaill (e duc 8 degana g (Gaeall alailla
dapanll I Cipd ey lsd i Gaeal) abeil ey Aasen Chlans ¢ o llaa)
e S Winay o5 O 093 B ol g ehaY ULl e 808 b€ G plail
-l alaall

16 Hurwitz, Judith, ibid, Counteracting Concept Drift in Natural Language Classifiers2018, P15
17 Andrew Wolf, machine learning simplified2022, P8
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(8) LAY Qaadag ¢ ST f saaly dobiie didng JIaaY) disha tlids b Appeaanl) LD

Grenll abeill ASad 3 Gypemall DAY 1(1) o8, (S

Simple Neural Network Deep Learning Neural Network

. Input Layer O Hidden Layer ‘ Output Layer

Book: 'Deep Learning" by lan Goodfellow, Yoshua Bengio, and Aaron Courville :JJJAAS\

Chapter 6
O (sY) VL) 568 bava PIA (g GGread) alaill cilaa lsd alami sclilul) (ga alaili=2
bl 8 sagasdl AV o 3l dueaal) LAY
G aall 3 03s IS daalie ke due) lsall Cavnt ¢ oeall L) andi dilee DA (10
Jaal) 1 el GUAl Gag adasiai g gt

18 Deep Learning lan Goodfellow, Yoshua Bengio, and Aaron Courville Chapter 6,p164
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Gradient-based learning applied to document recognition" by Y. : jyraall
LeCun, L. Bottou, Y. Bengio, and P. Haffner
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5 Sal) (RNNS) (saall dligh 5,130 cul€ats Jin Lgilpiias (LSTM) il 5 jSaall cilassllg
Cllsdl (GRUS) . &iajl) dudladl 8 5aieal) Liel Llas) Llial) 8 Wl 2140 (19)

Jia dee bl b kit vie dald Gaenll aledl) 73l o) dpagill RLE-2

5ol Jalail) Lgi€ary S <& yobaill 446 # 3L 48 TensorFlow i PyTorch
Aaiadl)l Judbed) Glily (e 858 GleS aa

Gy dite Gaeal) aleil) o 3as cadf 3l bl @3 bl dgalse b ka3
Lren) dppanll I degally Auajgl) Aanslall eanss aladY) Al s dadliall Laig3l) Judlad
B8 (e Ml cileall @3 el e il Walah Alall @l e lagleal) dnay
Byl bl cld bl

Grand) aleill 3 saall Ak Bual 5SIA ) Clispand) o adind Cige Lialy b
Long short-term memory “LSTM”

e Gl 03¢ ALl ULl 8l PAA e M) Boadl (3 (a0 Lo agh ainall 3] 1308
L) Alas ey Laliia Wl ook ligh age IS Aalall Jolaill laady dajaall lS5a0 oo
L2l Alighg 8ymd BSIN Jans 13885 dagal) Jyualisll

) Abgh el S5 ULl Jededt g Jaleil] doacaal) Linanl) SIGEN (0 58 g
e pailly il Aallaag dnia)l) Jedladly guill Gals IS4 Base g8 UL el Jal
VN

19 Deep learning for time series classification Hassan Ismail Fawaz1 - Germain Forestier1,2 - Jonathan
Weberl - Lhassane Idoumgharl - Pierre-Alain Muller < 2019 <4
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1 e S el 13 iy v @llyy M Boadl o i) padle N ST Jualis
LGBl

Sl JEY) e 2l Lala) s S Glesladll dsall 038 2385 1yualy 1z DAY Llgea
O dncag ol (SN (adld) e Tolae) 3 o 7l A0S sgd (Al 5803 e 3l
L) gl 138

ISl (Say Sllsd) 23g] (SA Aol (PIA (eg LSTM sl cilnsl) Lalil

CO) fldeall bl 3 Jlad (Ko (524

20 LONG SHORT-TERM MEMOR: Sepp Hochreiter« JElurgen Schmidhuber< 1997 ,p8
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Pattern Recognition and Machine Learning, Christopher M. Bishop, : joaall
Chapter 10.

Gaall 3 3edll WlailDeep Reinforcement Learning

Cilialsh et g Casm ¢y pnal) il Gaaal) Abeill il Graall el Abeill e
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'Machine Learning Pipeline" : ¥} alaill )l .4
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21 Tutorials Points PVT LTD, ibid, 2019, P10
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- volume mno_of_trades diff Amihud_illiquidity trade_rate

index
2012-01-02 1569.00 3 0.0 1.000000 2252252
2012-01-03 203375538 74 0.1 1.000000 34101382
2012-01-04 20323931 73 0.1 0669578 20270270
2012-01-05 6324053 33 0.0 0552168 10091743
2012-01-07 5553637 45 0.1 1.622800  25.000000
2023-12-24 14147301 39 0.01 1543396 22941178
2023-12-26 5547062 21 0 1547387 12962063
2023-12-27 3109568 20 0.1 1.547971 10.256410
2023-12-28  37258.1% 19 0.02 1.543358 4.675799
2023-12-31 20115 45 14 0.1 1.544957 7.608698

2680 rows x 5 columns
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g <Ly alinl lia IS 13 L diyead 51 Clpuaiall 038 G AR dudys Lile a2 (1

oy Al 3y e Aghadll (g & (a9 COITelation matrixhls)y) déseas aladil

t ) AN e 500 clpial) oda G blaY) ad jedai a9 Heat map 4)5al)
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Chsiall dphall das ) 1(7) a8, J<al

1.0

volume
0.8

no_of trades
0.6

elljd 0.031 0.044 -0.021 0.033
0.4

Amihud _illiquidity e 0.2 -0.021 0.089
0.2

trade_rate R} IOIG8S 0.033 0.089

)

0.0

diff

quidity

volume
trade rate

no_of trades

Amihud _illi

Gl Aad aladnaly Galdl dlae) (e 1 jaaal)

Ly e leladll aae g Johall Loy

top il Chiie Cinal dlling No-of trades cdlabeall sae juxie dlediad pi bl
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name feature Kurtosis | skewness Avg min Max std_value Jarque-Bera
G el trade_rate 1.9210 1.2377 16.0806 0.4878 66.0920 9.3777 1095.8868
vy Amihud 3.1370 1.7114 0.0000 0.0000 0.0000 0.0000 2406.1994
diff 77.8940 5.8749 0.0161 0.0100 0.2400 0.0114 692692.0523
volume 160.1036 9.1795 | 119069.9914 | 272.8000 | 4644574.5900 | 186346.9085 2898924.8596
G bl trade_rate 20.3706 3.3593 3.9702 0.1715 48.2301 3.9178 48349.0579
GusS! Amihud 1.4177 1.7254 0.0000 0.0000 0.0001 0.0000 1462.6024
diff 330.6243 | -5.3999 0.0328 -2.7500 2.3900 0.1333 | 11499171.0398
volume 901.0174 | 27.9903 | 24252.0262 1.6300 | 5517489.6800 | 153436.0619 | 85639357.3680
é)l?-ﬂ"wl trade_rate 58.1424 5.5522 1.8334 0.0845 42.8571 2.5360 208187.0731
e Amihud -0.8968 0.3547 0.0002 0.0000 0.0005 0.0001 77.6872
diff 81.7971 1.0456 0.0286 -1.0900 1.2800 0.1025 397802.3762
volume 1011.3398 | 30.4307 | 22230.1456 0.8000 | 11949358.7800 | 345275.1843 | 60991945.2523
O8I el trade_rate 18.2893 3.4555 2.4427 0.1172 30.6620 3.0305 31855.1594
hgeslly Blnil Amihud -0.4721 0.9041 0.0000 0.0000 0.0001 0.0000 291.0622
diff 42.5364 0.0026 0.1239 -9.1000 8.3700 1.2437 150778.6616
volume 621.9839 | 22.9559 | 33338.0171 4.0800 | 8560174.6600 | 266539.7892 | 32414326.7882
Slsyl el trade_rate 13.6498 3.0455 4.3667 0.1227 47.1831 4.8157 22434.9727
Amihud 395.5840 | 14.9955 0.0000 0.0000 0.0003 0.0000 | 15804192.3432
diff 59.1664 5.2618 0.0199 0.0100 0.2600 0.0149 362645.9734
volume 1752.0425 | 39.9943 | 62312.4381 6.2400 | 35212935.8300 | 777829.0282 | 308886811.5971
dusangall iy trade_rate 19.0923 3.2990 2.8437 0.0947 35.0000 2.9277 37557.6766
o3 yviiw| Ami.hud 3.6259 1.6715 0.0001 0.0000 0.0004 0.0001 2238.7101
- diff 834.2761 | 27.1141 0.0152 0.0100 0.7100 0.0222 | 64333197.2825
volume 269.4928 | 13.9850 | 13241.8616 0.7700 1254495.0900 | 49987.6858 6756656.3928
ehdl trade_rate 12.0130 2.9079 2.3459 0.0709 24.0506 2.6496 13545.7648
Gl Amihud 1.2168 1.2676 0.0001 0.0000 0.0003 0.0001 601.3382
diff 282.4691 2.4685 0.0255 -1.4800 1.5000 0.0809 6069124.1968
volume 421.4561 | 19.1515 | 22148.8303 1.4700 | 4428590.3200 | 165604.4896 | 13618480.4491
Jledt ek trade_rate 3.5459 1.6379 11.0397 0.1305 66.9027 9.8003 2495.4532
vy Amihud 189.8984 | 12.0356 0.0003 0.0000 0.0331 0.0015 | 3923620.8346
diff 702.0833 | 25.3506 0.0160 0.0100 0.9100 0.0314 | 53058886.0233
volume 523.2843 | 19.6309 | 119655.6973 1.3000 | 12484806.6900 | 412030.6854 | 29487321.4912
8yaldll el trade_rate 5.9114 1.8470 6.9243 0.2137 51.6234 5.6381 5180.9206
olos Amihud 59.6599 5.7912 0.0000 0.0000 0.0005 0.0000 393814.6496
diff 412.4851 | 18.5392 0.0212 0.0100 0.9800 0.0410 | 18288184.0987
volume 686.8538 | 24.4173 | 61206.7989 5.3400 | 8207134.4900 | 260118.7034 | 50556553.7183
O el trade_rate 7.8484 2.2017 7.0935 0.2045 58.0547 5.9418 8898.4288
Amihud 2.1218 1.9188 0.0000 0.0000 0.0000 0.0000 2112.7343
diff 602.7682 | 24.1112 0.0226 0.0100 2.2000 0.0805 | 40176326.5462
volume 2617.0367 | 51.1064 | 137874.5096 10.0500 | 202912794.1600 | 3955122.9945 | 753668729.2337
JoI el trade_rate 5.6565 1.7601 10.4411 0.2793 69.0566 7.2021 4941.9390
il Amihud -0.5723 0.8698 0.0000 0.0000 0.0000 0.0000 373.4151
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diff 833.2878 | 28.4844 0.0125 0.0100 0.8200 0.0268 | 77667695.6000
volume 44.6563 |  5.6265 | 75908.3774 | 18.8000 | 1769129.4600 | 133110.4320 236117.7541
Gl el trade_rate 0.1090 |  0.6099 32.0082 4.4444 80.4781 13.1930 167.6537
Amihud -1.1525 | 0.2359 0.0000 0.0000 0.0000 0.0000 173.3795
diff 64.1238 |  5.2581 0.0254 0.0100 0.4800 0.0241 472034.8829
volume 265.8674 | 11.9116 | 505494.0965 | 4629.6000 | 25172347.8000 | 867635.1589 |  7965495.1322

, Volume Jglull aas \Diff jeu S8y jawe Ae) o 34, Trade-rate Jglull o

- 53¢l

cariall duibasy) Al (Ll

) BLYL (lad) Cahaily dad 5Sly rualy laliilly o) e IS Ay asiin

Coluad) o US Al bt By sSla alatiuly el ajsilly bl Jacgial)

e sl dag sl puadl @llg (Al (350 (Bed (Bgms las duaygs (S daaal

cylaqll sda

Aapaall gl (e ISV Aushall il Sl Caaagill (3)5 (1) &) dsaadl 0o IS G

A G ded (Bgw Ay Olas duaysy (b

Al 3he lae (Bow b Aapaall gill i piall Adlany) dudal) 1(1) A8y Jsanl)

JSY) el alasily Gaald) slae) (ha 1 yreadll

sl Lo AW (3l S Gl By 3 Ayl gl Lilean ) Auhall PA (e LDl

danpall dessgall calamy) @iy ¢ S5a)Y) DY) @il o IS 6 mdaliie dgsgal juaie -1

Bl ey ¢ Y JL) el (oY) A padl)

0.0003 52)¥) Jual) el b agagal el s Jassia ST o2

el sai dgile gl puen -3

Gl ares of LoDl i) paeald sl Javigiall e (glunal) CalaiV) davis o4

t V) Jsanll miase o WS %25 (e S il (68l caally Chaats

Al Lol Glee daysr (b Al sull cadall bl 1(2) o) Jsaal
Ll ool Amihud Diff trade_rate Volume

Q.)f)’l el il | 67.86926587 71.01734948 58.31669895

156.5019921
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Y L_;af)’l el
Y Gl el
Jogally 8yleild OB by
Syl el

48 panll deyal) dus §oll
o

Sl b

A Jlall by

Olas 8,28l iy

oV el

QY A2l el

Qo el

88.8516972

406.7553338

98.68242242

632.6731662

57.01663151

357.674995

138.3201393

1553.184538

85.9936575

1004.181192

124.0655587

799.5070276

64.27945492

75.22977581

110.282554

1248.272499

83.89073697

146.218916

102.9559883

377.4974183

76.05283567

317.1529261

112.9447029

747.6895503

512.9601779

196.4431298

88.77299936

344.3469009

185.0193477

192.9288841

81.42438881

424.9833485

116.3719126

356.6729848

83.76402221

2868.639755
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213.8803146

68.97839972
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58.31956215
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171.6410073

Gl dae] (e 1 Hradll
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name Feature Kurtosis Avg Min Max std_value Jarque-Bera Skewness
bl trade_rate 29.23400889 | 3.313871384 | 0.303951383 | 40.40404129 | 4.258293152 | 8638.20077 | 4.450625428
‘a?jﬁ' Amihud 65.62497749 | 5.25997E-06 0 | 1.58549E-05 | 9.71005E-07 | 40784.85854 | 5.06300864
- Diff - -0.63097
2.234480082 | 67.38739014 -2963 2588 | 922.468689 | 60.91495977
Volume 62.99968085 | 10789.33789 1 458929 | 46360.68359 | 38898.46977 | 7.68570407
el trade_rate | 8532059471 | 3.30725646 | 0.303951383 | 23.74100685 | 3.983445406 | 910.4541688 | 2.72902644
‘j:j' Amihud 69.43052275 | 4.89364E-06 0 | 1.90439E-05 | 1.28137E-06 | 44211.92814 | 6.3448190
? Diff - -0.57192
1.248641231 | 371.3333435 5513 5195 | 1867.192017 | 25.44898158
Volume 129.106229 | 32889.51563 1 3599000 281991 | 152373.3109 | 11.184871
gom el trade_rate 7.18780985 | 4.198462963 | 0.358422935 | 23.20000076 | 3.542711258 | 720.4257397 | 2.257096
‘5”,“‘.“" Amihud 0.370587351 | 8.28527E-06 0 | 1.56473E-05 | 3.10337E-06 | 4.025821382 | -0.257510
el Diff - -0.697108
2.270568003 | 384.6291809 -6829 6725 | 2036.632813 | 70.99318521
Volume 229.7032349 | 8879.354492 2 1323736 | 85532.38281 | 536811.2083 | 15.1455002
ek trade_rate | 7.149798012 | 3.617709398 | 0.275482088 | 24.13793182 | 3.733725071 | 658.4379237 | 2.3653997
)“j;“; Amihud 106.7071029 | 4.72318E-06 0| 2.2308E-05 | 1.42864E-06 | 104977.7365 | 9.1109714
e Diff 1.870906601 | 127.8139572 -1925 2000 | 700.8023682 | 31.40521108 | -0.036764
Volume 108.4648777 | 16174.01855 1 930864 | 76469.97656 | 109043.1562 | 10.0949196
B panll trade_rate 0.846417181 | 10.73445988 | 0.59523809 | 35.5263176 | 6.984830856 | 50.60648619 | 0.99435229
533“‘" Amihud 12.02057141 | 3.31817E-06 0 | 5.77936E-06 | 5.0602E-07 | 1599.133073 | 0.88291504
il Diff - -0.8695762
gatlly 6.531115005 | 50.11153793 -3893 3696 | 997.6455078 | 494.8679079
Volume 117.1459839 | 20692.40039 5 906700 | 71939.21094 | 153472.7058 | 10.5300732
ek trade_rate | 1.917883621 | 14.43018436 | 0.732600749 | 47.22222137 | 6.850883961 | 84.36182895 | 0.98444334
‘3’{;‘; Amihud 2.421962951 | 1.41857E-06 0 | 2.04768E-06 | 2.63708E-07 | 135.8211983 | -1.2547132
J;A" Diff 8.201674686 | 22.97014999 -3167 3013 | 793.538269 | 754.0891365 | -0.2563702
T Volume 8.119346867 | 22115.47461 195 142654 | 23439.66797 | 1026.797018 | 2.55089093
el trade_rate 45.91115365 | 3.000030279 | 0.259740263 | 44.21487427 | 4.248182297 | 17876.78186 | >.62946942
:“5’*“ Amihud 5.148252329 | 4.35622E-06 0 | 7.08873E-06 | 8.55108E-07 | 313.7843211 | -1.7831545
=y Diff 0.989855811 | -350.40625 -3900 3999 | 1180.283813 | 21.70209089 | -0.6582072
Volume 105.2388112 | 12306.40137 1 892396 | 74596.73438 | 91712.96823 | 9.8604467
shad el trade_rate 11.403058 | 9.227440834 | 0.425531924 | 61.41732407 | 7.986000061 | 1789.110159 | 2.82855445
'gj’j' Ami.hud 26.94855813 | 2.58171E-06 0 | 4.55234E-06 | 3.00032E-07 | 8203.32239 | -2.0443815
- Diff - -0.5185049
7.903282522 | 72.44905853 -5023 4899 | 1201.675781 | 701.5572873
Volume 110.8608349 | 40423.58203 33 2601392 | 205285.2969 140247.97 | 10.1436954
el trade_rate 15.88562196 | 3.072011948 0.25 | 29.10798073 | 4.009040356 | 2088.605926 | 3.4570923
—o [ Amihud - 0.9452041
)9 1.028374022 | 2.83633E-05 0 | 9.52046E-05 | 3.66751E-05 | 32.22541169
Diff - -0.7307726
1.087726732 | 875.4910278 -8016 3599 | 2149.183105 | 23.09654493
Volume 53.18572769 | 3354.586914 1 75000 | 7434.588379 | 20841.32132 | 6.4505488
ey trade_rate | 13.55407533 | 1.977837086 | 0.257731944 | 16.92307663 | 2.304294348 | 1271.41216 | 3.18801998
J “3{3'“‘" Amihud 3.073312804 | 9.21525E-06 0 | 1.27759E-05 | 1.91488E-06 | 67.75353246 | -0.7923469
g Diff - -0.2774347
1.171477975 | 1735.977905 -6350 6475 | 3610.16748 | 9.52136173
Volume 121.4099005 | 14148.19141 1 1281251 | 111108.0938 | 86239.84399 | 10.936545
el trade_rate 6.183078575 | 2.432015896 | 0.234741777 | 14.10256386 | 2.469985962 | 450.5213698 | 2.28332593
&l Amihud 3.742699347 | 4.86108E-06 0 | 8.04765E-06 | 1.38638E-06 | 128.5057227 | -0.8434165
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Diff - -1.4306816
2.485540668 | 800.7267456 -9256 6700 | 2411.161133 | 109.5354894
Volume 82.04246062 | 5843.437012 1 290000 | 26629.38672 | 53668.93628 | 8.76903181
hisud,® | trade_rate | 12.27439908 | 5.034450054 | 0.375939846 | 40.6593399 | 4.954430103 | 1791.923718 | 2.77487644
Ll Amihud 9.776408397 | 3.55896E-06 | 2.46246E-06 | 5.21219E-06 | 2.61033E-07 | 945.1639943 | -0.183509
Diff - -0.4461773
1.93377646 | 27.51054764 -2138 1917 | 690.8463745 | 44.79090604
Volume 115.0760886 | 12110.91992 1 560666 | 43306.94922 | 134782.3977 | 10.078943
el trade_rate 3.515455152 | 10.42714882 | 0.628930807 | 36.76470566 | 6.140825272 | 229.5353716 | 1.44495085
pLa Amihud -0.46503448 | 1.94034E-06 0| 2.6467E-06 | 4.68781E-07 | 2.397665956 | 0.00429108
Diff - -1.4387431
6.791584456 | 137.6804504 -4068 3521 1024.8302 | 602.9948006
Volume 185.8222118 | 17333.95117 29 807185 | 52804.19141 | 390004.5009 | 12.8304484
by trade_rate | 0.293728683 | 32.62399292 | 4.166666508 | 65.35087585 | 10.73052406 | 1.019685323 | 0.0366758
‘zfl’” Amihud 2.093543846 | 8.38765E-07 0| 1.7262E-06 | 2.06489E-07 | 53.45803762 | 0.32491957
L) g Diff - -0.5399346
7.760723226 | 277.9176025 7767 8245 | 1923.517944 | 683.0187329
Volume 9.74174906
102.6419372 | 50837.63672 1145 1229745 | 107231.7266 | 121429.0854

ALl 3 (3 Ggm (b el Ailasy) Al £(3) o8y Jsaal
JuSY) aliy alasinly Gaald) slae) (ga 2 jreadll

shle L 3)s 0 (3ded (Boes b Aaynall @yl Ailanyl duhall Pla e Laadls
iy AaY) Gl eling duyg el iy pliials dlsill U 8 mlaline dgagal yuiia o1
- agalls 4y
s Lacigia pial Lt calally g el 3 2gagal il olies Janigia ST )2
ceaY) ol i) 8 Sgagal yuial
bl ni ggile ggd ALAN iy oliiuly caadl gad Aagile gil) aaen Slisia =3
sl e o) 2aadl sl mead  leall haugiall Lo (glaall Cibat) denits )4
chaat Gpall g (Y iy sagally dnjgn cling san g JaY) HLat¥) ey e S

t V) Jsaall b mnse s LS %25 (e ) il (50 i casall,

34




TEISN  amibud | D | toderste | vome |
gl el 18.460273 -1368.904015 128.4990472 429.6897925
S oLl el 26.18444816 -502.8344611 120.4456157 857.388729
o iy 37.45653009 -529.5055377 84.38114827 963.2725317
ogally dygun el 30.24746755 548.2987801 103.206882 472.7951579
bgailly 8yll] 15.24996111 -1990.84991 65.06923438 347.6600567
el J ol 18.58968199 3454.649923 47.47606675 105.9876326
OP S 19.62956993 -336.8329799 141.6046473 606.1620465
sk 11.62144329 -1658.649271 86.54620717 507.8354925
oYl 129.3047573 -245.4831674 130.5021082 221.6245567
glly ) gun 20.77944076 207.9616031 116.5057711 785.3165861
Al 28.52003194 -301.1215931 101.561259 455.7144479
iy Ludyd 7.334536861 -2511.205461 98.41055229 357.5859596
pladl 24.15971268 -744.3541889 58.89265971 304.6287075
syl 24.61821035 -692.1180691 32.89151052 210.9298022

AL 3O (3 (Bms (A dmyaall gull sl (ks 2(4) ) Jsand

Gl dae] (e 1 Haadll

g OO ey (8 il aggal uxial daid ST -5

g eoad) il 8 dgugal il (Slaaall bl ded ST o)-6
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:( Scaling)abibull uuds GG
2 ) ) dasyg adll (pe Alaia dldes 2l o Jamy G ccililll KU i) s
cpatl) el Lgulid
:EN LD daladiad Sy

0o Ama Chise aie () Bilae uliial JASY) Clhae goua (635 1\ Aoy yujai—]
Cpmen L (ol A daiig ¢ pSl Claall o2 aaal Tl abaill ddee o 8ylasud)
g sl cadsat cuyS ) g5 Lan ST ey dayid) Cacall

alaill 2 3l 898 & omaa (S0 Lgaalid 5 3 JlasY) by palis 1z 3seil Ailie (ppueat=2
Aigye ST ASA Jaans Lan (JASY) s 8 Chariall 2 3saill daalin (ge By 5¢8 ¢(3an])
Gk IS Ayg puim dudeall 038 23 Al Jasi i Y AU ol AR uad) cilasbaal) sl
G oUas¥1 (e LA Jan ) Agal) bl e Gaea) abeill 23l

A0 dabeal) Java ddae Jasets o bl eld Jeas G 1258500 dabeal) Java Jiges3
A o) oo 31z SLaill 038 (55 () acdar Las ¢ Bandl alaill 2 3las 8 A8l
) adgigas D) AST adgat s ) (g Lae cilaledl)

Laa)yled alatindy i L) enil minmax scaller (abae¥ly (iaY) aall i)
150 g o6 Bale lhen 23n0 (3 ) llaal) o (el o aaiad G
2ana Bl e analiil Lgad Jania pe bl LY ajall U8 e ddylal) o3a Ladlas
e Glbes Cibad) o (ggiat ¥V ) sl sl aell s Y @bl e 8

Jas

23 LeCun et al., deep learning,2015,p440
24 Chollet, Deep Learning with Python,2017,p129
25 Bergstra & Bengio, Random Search for Hyper-Parameter Optimization,2012,p80
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