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Prediction paper survey
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* Prediction paper survey
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Related works

* Technical indicator
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Related works

* Feature engineering in DTML and AdvLSTM

- NEEer
Features ‘ Calculation
Zopen Zopen =§P‘;1“f/‘ilosef—1 - open, close, high, low, volume S& OI%EH ot
Zhigh Zhigh = high,/close; — 1 SojW £ 9= technical indicatorE 2712 212 o
Zlow Zlow = low;/closes — 1 =L o
Zclose Zelose = Closes/close;—1 — 1 T A

Zadj_close Zadj_close = adj_close, /adj_close,_; — 1

245, 2
d5> #d10 _ Zi‘zo adj_close,_;
Zd15> Zd20 e.g., 24k = k.adj_closet -1
2d25s Zd30
* |ssue

« DTML #Z & 5tLIQ! attention IstmO|l M attention mechanism| 2 & =20 LI2tl= of
27} ot self-attentionS 285t AHM =2 H5S 2.

« DTML =22| Al contribution 2 StLEZL transformer £ 7t correlations 0| &5t= G|, A
0| A A2 =,
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Experiment Setting

« CNN * Bidirectional attention Istm
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Experiment Setting

* CNN-BIiLSTM-AM [8]

- ol Al £ZGARE
- 2 =F0|M= Regression 24 Cte1l QR|CHH| W AHS

23l Classification2 2 HY

- B =20|A Inputl] HELE LEHAE QI normalizationS 0| &
to] HAHMUR| Tt SAUSHinputd]| TSt model?| & H|wE
|5H At

o 848t DTML, AdvLSTMZ} SUSt Feature AF2

I

Ho ol
0

* Blocked Cross validation [9]

- Ch4o MY Q53 LEZN L2 HACR 1071 B
sh2 Ay | mr—
- KDD 17 datasetsOl|A] 10742 E<t= QI5H test data — -
— | ‘
of {47t 131742 SHAE. | — |
Fig 7. Continuous dataset arrangement for training, validating and testing during the whole sample

period.

<PloS one>
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Experiment Setting

* (Cross validation

stol 3 SCl__IF =& ¥ HtEE Q8 5+ LHE
PloS one SCIE 3.24 A deep learning framework for financial time 2017 625 2890 Ji£: 6
series using stacked autoencoders and = S - a1
F& HlE :8:1:1
long—short term memory
Applied Sciences— SCIE 2.679 A Novel Approach to Short-Term Stock 2019 22 29 i3
Basel Price Movement Prediction using Transfer o e
. =& HlE :6:1:1
Learning
2008.07.01 2010.07.01 2010.10.1 2016.09.30

i ) 2012.07.31 2015.07.31  2016.01.31 2016.07.21 2017.07.31 2018.07.31
! 6 years . . . -
i

1 1 1
L] Ll ]
3 years | 6 months, 6 months,

< e
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T
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m L) L] ) L} L)
Fig 7. Continuous dataset arrangement for training, validating and testing during the whole sample Figure 2. Study periods.
period.
< i i - >
<PloS one> Applied Sciences—Basel

« DTML =& -> Random seedE AZ3I0] 10 EIE
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Experiment Setting

« KDD 17 (2007-01-01~2016-12-31)

- FA Oojg 3 E =& 'AAPL', 'AMZN', 'BA', 'BAC', 'BHP', 'BRK-B', 'CHL', 'CMCSA",
'CVX', 'DY, 'DCMY, 'DIS', 'DOW', 'DUK’, '"EXC', "GE’, 'GOOGL’, 'HD", 'INTC’, "JNJ', "JPM",
'‘KO', 'MA', ' MMM’, 'MQO", 'MRK', '"MSFT', 'NGG’, 'NTT', 'NVS', 'ORCL’, '"PEP’, '"PFE’, 'PG’,
'PTR', 'RDS-B’, 'RIO", 'SQO', 'SPY"', 'SYT', 'T", "'TM", "TOT', '"UNH", "UPS’, "VALE", '"VZ', "WFC’,
'WMT', 'XOM’, = 507H{.

« ACL 18 (2014-01-01~2015-12-31)

- A H|0|E] 2 & =& 'AAPL', 'ABB’, 'ABBV', 'AEP’, 'AGFS', 'AMGN’, 'AMZN', 'BA’,
'‘BABA', 'BAC’, 'BBL', 'BCH’, 'BHP’, 'BP’, 'BRK-A’, 'BSAC’, 'BUD’, 'C’, "CAT’, '"CELG’, "CHL",
'CHTR', "CMCSA", 'CODI’, 'CSCO’, 'CVvX', 'D’, 'DHR’, 'DIS’, 'DUK", '"EXC’, 'FB’, 'GD’, 'GE’,
'GOOG’, 'HD', '"HON', '"HRG', "HSBC', "IEP’, 'INTC", "JNJ*, "JPM’, '"KO', 'LMT', 'MA", ‘"MCD’,
'‘MDT', MMM"', 'MQO', 'MRK', "MSFT', 'NEE’, 'NGG', 'NVS’, 'ORCL", 'PCG", 'PCLN", 'PEF",
'PFE’, 'PG’, 'PICO’, 'PM’, 'PPL’, 'PTR’, 'RDS-B*, 'REX", 'SLB", 'SNP’, 'SNY"’, 'SO’, 'SPLP’, 'SRE’,
T, 'TM', 'TOT', 'TSM", "UL", 'UN", '"UNH’, 'UPS’, 'UTX", 'V', 'VZ', '"WFC', 'WMT', 'XOM"', &
877N.

- HIOJH 2 22 + 20| 2|2 ZEZ G|0|E] 22{27] 7ts
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Experiment Setting

« KDD 17 (2007-01-01~2016-12-31)
Train data = 2007-01-03 ~ 2015-01-01,
validataion data = 2015-01-02 ~ 2016-01-03
Test data = 2016-01-04 ~ 2016-12-31

« ACL 18 (2014-01-01~2015-12-31)
Train data = 2014-01-02 ~ 2015-08-02,
validataion data = 2015-08-03 ~ 2015-09-30
Test data =2015-10-01 ~ 2015-12-31
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Experiment Setting

« CNN-BILSTM-AM
- Turnover amount refers to the total amount of shares of all stocks traded that day

-Turnover= & 42| ADltlg& LIEIL=H, 2 =20 M= AlY index?| 0|52 SH2 2 5t
71 W20, TH A2 A2itle= LIEILLL AS.

- Turnover?| 7i'E0| A|YL| rad= LIEIUE ABREMN, 7IE FAS OIS I HEFAL] AHelitis=
=7t input22 F0{0F 2|, A[Ze| Atz = input 22 Z0{0F D] Z=28H0] £

- opening price, highest price, lowest price, closing price, volume, turnover, ups and downs, and change
E 8702 H==F turnovers A2l 7702 B2 1+
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Comparison results

« Accuracy (Index : NASDAQ)

Data Proposed- Standard DTML [2] Standard AdvLSTM [7] Standard CNN BiLSTM Standard
dtml-selfatt Deviation Deviation Deviation AM [8] Deviation
AAPL 0.5297 0.0587 0.5203 0.0766 0.4766 0.0403 0.4813 0.0684
AMZN 0.4922 0.0403 0.5125 0.0563 0.5313 0.0349 0.5188 0.0588
BA 0.4813 0.0473 0.5063 0.0459 0.5156 0.0407 0.5031 0.0473
BAC 0.5172 0.0366 0.5156 0.0376 0.5078 0.0710 0.4750 0.0856
BHP 0.5328 0.0548 0.4781 0.0637 0.5000 0.0469 0.4516 0.0491
BRK-B 0.5016 0.0373 0.4719 0.0608 0.5000 0.0576 0.5031 0.0394
CHL 0.5266 0.0442 0.5234 0.0573 0.5078 0.0744: 0.4750 0.0585
CMCSA 0.5000 0.0532 0.4906 0.0378 0.4875 0.0493 0.5219 0.0337
CVX 0.5188 0.0745 0.4813 0.0666 0.4969 0.0531 0.4891 0.0688
D 0.5047 0.0670 0.5109 0.0625 0.5031 0.0513 0.4984 0.0665
DCM 0.4844 0.0568 0.5266 0.0827 0.4844 0.0513 0.4953 0.0442
DIS 0.5172 0.0392 0.4875 0.0695 0.5109 0.0442 0.5016 0.0570
DOW 0.4844 0.0546 0.5000 0.0431 0.4828 0.0591 0.4875 0.0691
DUK 0.5406 0.0272 0.4828 0.0642 04734 0.0637 0.5344 0.0647
EXC 0.5156 0.0563 0.4953 0.0750 0.4688 0.0629 0.5203 0.0641
GE 0.5172 0.0574 0.5156 0.0504 0.5219 0.0706 0.4875 0.0462
GOOGL 0.5156 0.0363 0.5297 0.0461 0.5094 0.0713 0.5188 0.0596
HD 0.4703 0.0466 0.5047 0.1105 0.5281 0.0604 0.4875 0.0781
INTC 0.5031 0.0640 0.5109 0.0370 0.4859 0.0866 0.5188 0.0531
JNJ 0.5063 0.0824 0.5250 0.0622 0.4828 0.0520 0.5109 0.0555
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Comparison results

« Accuracy (Index : NASDAQ)

Data Proposed- Standard DTML [2] Standard AdvLSTM [7] Standard CNN BiLSTM Standard
dtml-selfatt Deviation Deviation Deviation AM [8] Deviation
JPM 0.5109 0.0484 0.5016 0.0439 0.5031 0.0303 0.5328 0.0353
KO 0.5063 0.0776 0.4734 0.0437 04797 0.0644 0.5109 0.0408
MA 0.5094 0.0459 0.5125 0.0666 0.4922 0.0757 0.5141 0.0693
MMM 0.4875 0.0889 0.4797 0.0681 0.5125 0.0616 0.4719 0.0517
MO 0.5125 0.0726 0.4891 0.0759 0.5125 0.0348 0.5281 0.0503
MRK 0.5016 0.0386 *0.4938 0.0649 *0.4938 0.0490 0.4859 0.0386
MSFT 0.5031 0.0462 0.5344 0.0636 0.4953 0.0564 0.4984 0.0718
NGG 0.5188 0.0368 0.5375 0.0390 0.5156 0.0576 0.5250 0.0649
NTT 0.5063 0.0564 0.5672 0.0730 0.5156 0.0593 0.5188 0.0536
NVS 0.5141 0.0481 0.4938 0.0514 0.5078 0.0586 0.4844 0.0537
ORCL 0.5000 0.0585 0.5094 0.0390 0.5047 0.0762 0.4938 0.0538
PEP 0.4719 0.0604 0.4875 0.0488 0.5031 0.0684 0.5000 0.0546
PFE 0.5063 0.0538 0.4859 0.0379 04781 0.0649 0.5188 0.0531
PG 0.5203 0.0609 0.4844 0.0474 0.5250 0.0656 0.5344 0.0418
PTR 0.4922 0.0598 0.5219 0.0480: 0.4844 0.0242 0.5109 0.0637
RDS-B 0.4969 0.0628 0.4875 0.0446 0.4969 0.0643 0.5016 0.0761
RIO 0.5016 0.0611 0.5234 0.0564 0.5172 0.0603 0.4969 0.0355
SO 0.5109 0.0609 0.5000 0.0305 0.5172 0.0525 0.5156 0.0349
SPY 0.4953 0.0489 0.4781 0.0364 0.5031 0.0858 0.5266 0.0699
SYT 0.5000 0.0791 0.5125 0.0368 0.5047 0.0688 0.5313 0.0494
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Comparison results

« Accuracy (Index : NASDAQ)

Data Proposed- Standard DTML [2] Standard AdvLSTM [7] Standard CNN BiLSTM Standard
dtml-selfatt Deviation Deviation Deviation AM [8] Deviation
T 0.4953 0.0585 0.5375 0.0797 0.5094 0.0560 0.4703 0.0672
™ 0.5250 0.0893 0.4813 0.0575 0.5000 0.0772 0.4906 0.0671
TOT 0.5156 0.0652 0.4844 0.0576 0.5203 0.0637 0.5297 0.0386
UNH 0.4891 0.0709 0.4641 0.0850 0.5156 0.0464 0.4875 0.0702
UPS 0.4969 0.0483 0.5109 0.0617 0.4984 0.0525 0.4875 0.0260
VALE 0.4969 0.0698 0.4969 0.0531 0.4922 0.0887 0.4953 0.0644
VZ 0.5172 0.0603 0.4641 0.0469 0.5141 0.0603 0.5234 0.0144
WEFC 0.4938 0.0560 0.5219 0.0585 0.4766 0.0776 0.5281 0.0658
WMT 0.5109 0.0420 0.4766 0.0397 0.5156 0.0447 0.4969 0.0666
XOM 0.4906 0.0637 0.4484 0.0453 0.4891 0.0572 0.5375 0.0689
A Proposed Standard DTML [2] Standard AdvLSTM [7] Standard CNN BiLSTM Standard
Deviation Deviation Deviation AM [8] Deviation
NASDAQ 0.505125 0.05649 0.5010 0.056139 0.5014 0.058897 0.5045 0.0556




Comparison results

- 2t Holy & E=2Hd0| &4 L2 Model

model =2 Hed0l U2 dold M=
Proposed vs DTML vs AdvLSTM vs CNN-
BiLSTM-AM 11 14 8 17

AL O| I1¢
- 29 B

model =2 d&84d0| L2 olE =
DTML-self-att (proposed) 2.36
DTML 2.56
AdvLSTM 2.66
CNN-BiLSTM-AM 2.36
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Comparison results

- X A|QtE ZEH(DTML-Self-att)O| accuracyO| A 226HAH CNN-BILSTM-AM 22 M

- Xl experiment setting LHOIA] A HIO|HE 102¢ ot22 HO|H =7} 7|20 2E2| Parameter
71 #2 DTMLE 7|22 2 3t modelO| overfitting &&= ZEH0| AUAS.

- 7|&E9| AccuracyllM &2 £=X|E EO|= CNN-BILSTM-AMO| Al 22 inputdt self attention &

- E2 technical indicator?| & =0 UHot= 7[=2 Z=8
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Comparison results

« Execution time (Index : NASDAQ)

Data Proposed DTML [2] AdvLSTM [7] CNN BIiLSTM
AM [8]
AAPL 277.2576 263.9149 335.3957 161.3731
AMZN 271.8871 253.9057 328.4342 155.5468
BA 272.1072 259.6827 330.7123 154.4373
BAC 271.8674 261.9649 328.6117 154.0428
BHP 272.2275 265.3077 330.0409 154.0612
BRK-B 273.5721 266.6888 332.5733 156.685
CHL 272.5819 258.5403 332.0283 156.9022
CMCSA 273.1618 260.0197 331.7802 154.8558
CVvX 272.4924 256.8395 333.7976 159.7776
D 272.7023 258.8118 336.75 161.0854
DCM 272.4823 257.2388 337.9522 151.6179
DIS 272.3872 259.0166 334.1846 153.217
DOW 272.5773 268.6049 332.3935 150.917
DUK 273.4325 264.1363 336.7299 151.8336
EXC 272.4871 258.7369 332.5818 154.4056
GE 272.8473 255.9551 332.274 151.5199
GOOGL 274.0214 257.6987 332.088 151.5865
HD 273.2945 258.7146 332.761 151.2423
INTC 272.7075 259.5852 330.7832 151.3641
JNJ 272.7015 256.9317 335.7759 151.2671
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Comparison results

« Execution time (Index : NASDAQ)

Data Proposed DTML [2] AdvLSTM [7] CNN BIiLSTM
AM [8]
JPM 272.4973 253.8562 330.5911 151.1496
KO 273.2475 256.2077 333.9058 152.251
MA 273.4073 253.8022 330.5462 152.4183
MMM 273.7122 256.4322 333.4852 151.9352
MO 2744323 255.4431 334.212 151.5931
MRK 274.5024 254.1493 331.877 151.7722
MSFT 273.8872 253.6562 330.5377 151.2965
NGG 274.1622 254.4988 333.7752 151.6819
NTT 274.1336 269.4161 331.5776 151.7267
NVS 274.8093 282.8205 333.1482 151.7732
ORCL 274.5472 285.2583 330.9961 151.7742
PEP 273.9875 286.9107 334.1579 152.1638
PFE 274.5314 276.5648 332.2469 151.719
PG 275.0316 276.1022 334.5486 151.5581
PTR 274.5576 273.6902 328.7153 151.6311
RDS-B 276.6224 276.4224 332.1698 151.7431
RIO 275.9973 277.6166 327.683 152.4093
SO 2744875 27419 334.8768 151.7444
SPY 274.7325 282.8317 335.1571 151.4708
SYT 2747375 283.6031 331.131 151.5391
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Comparison results

« Execution time (Index : NASDAQ)

Data Proposed DTML [2] AdvLSTM [7] CNN BIiLSTM
-AM [8]

T 2747372 278.2768 332.5667 151.8402
™ 275.3128 258.4921 329.7004 151.7582
TOT 275.2173 257.8805 330.9925 152.1022
UNH 275.182 255.8676 331.0006 151.5599
UPS 275.342 257.7907 332.7059 151.8602
VALE 275.6073 262.0775 328.3782 151.7032
VZ 274.0373 258.6767 332.8664 152.5361
WEFC 276.6782 256.6366 329.7513 152.2303
WMT 275.0723 261.3478 333.4359 151.9162
XOM 275.4223 258.9515 332.3697 151.7532

Al Proposed DTML [2] AdvLSTM [7] CNN BIiLSTM

AM [8]

NASDAQ 273.9886 263.8353 332.3351 152.8470

CNNE 283 BHUo| M¥A|ZI0| 71 Hg

CAU AutoML LAB




Comparison results

e Learning curve(loss)

o T o

loss

—— train_losses
02l — val_losses

0 6
epoch

loss
o

0364 —— train_losses
—— val_losses
4

e mm mm mm mm mm Em Em Em Em Em Em Em mm mm mm mm mm Em e e Em Em E—
N e e e o o o e e e e e e e e e e e = -

0 [+
epoch

-
~

N Vs

"~ <CNN-BiLSTM-AM> -~

CAU AutoML LAB




Introduction

- Univariate time series= SH-t2| time-dependent
variable= 74|11 Q=G| H|oll Multivariate time
series = Z|A~ot 57l 0|4He| time-dependent variable
=7 1US.

- Time series prediction= 22k 0|5, 71045, 2 0

- Univariate time series datas O|&¢t 0|2 0| A|H 0]|212] & (Seasonality, Tendency, cycle)
£ 0|23} CF2 A1 Q| 0|=2 ZISHSIR|BF Multivariate time series= H2H40| QCHD THote | =
time series dataZt2| CorrelationO| 235} CIS 2/=2 0|5t
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Introduct

5
>

20| A S22 2219 sectordf| £

Previous paper

- sectore| -E fistS 7HA| 12 QU1 sector@| pre-trained listo]] 2|25t
- A|7H0f| W2 A A © 2 HeH= AL Afnto| =20 &A1 2 912

— I O 1L o2 2O
- sector0| Bl= FA0|LL, sector/ | 2ot =A]0f| Cifsh Of| = 20| AEE|X| %42,
0|52| 20| sector =2 F20| A ==,

Univariate time series dataZ 0|25t 0f|=2 0f|= A | 0]2] HE (Seasonality, Tendency, cycle)=

Eofl L+ Al 82| Ofl5= 2ltle

data?Zt2| CorrelationO| 235} C}

0o
}J_

M

ujo

=y

[N
QIE
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Related works

» Correlated Stock prediction
Statistical method Neural network method

_________________________________________________________________________________________________________________________

" Vector Autoregression (VAR) [1] N A
i Y =c+ A1y + Asyr o+ -+ Apyrp e DA-RNN [2]
. -VARS 2 mz A 2do] 5 - Muttivariate time series2| Correlation2 Attention 22 & &850

~

9502 Multivariate time series = 0|2 ot5otes 27|19 2E!

o0 TH B4~ Autoregression 2ES - 22 A|AHZO||A Close Zf B2 0|25t= CHA0| 9|2

e - - - - - - ———————

Ol )
e = /' Spectral temporal GNN [4]
= o | . . . . . =
-SAHXQ DO HER MM HEBE 1 - Graph neural networkZ Multtivariate time series@| ComrelationS 5.
MEfMO = SkESICh=CHH0| RIS -2 COQl0| 20| 57| o2
,%?.e.'zs. ................................... .| Transforemr encoder [7] [8] [9]
| o o - e AH|gF A X 2IH0|= 52| YRS Transforemr encoderS
- _?-7}9! eSS E%Far]_, Markov L 2510 At (%FQQFO:HE 2134 e e =%
' random fieldE AEot0 g HE | o
2 0|23t N 2
- [6] - AIZDE7|HFHIALS HIAMSIH A HE S| BB A 912
- FALALO[Q] 43S Graph HEHR dET/[WSNE HUBA SES e ST 5
\ _[_q 2stas , Transformer &A1= 7| RNN2| Gradient vanishing 241 LI 4=
2| HHO| & AFHS pre- US.

defined correlationd| 2| Z&H = A
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Experiment Setting

 Model Structure

— | Att. LSTM —> Att. LSTM ——> - Aft. LSTM }------- — Data-Axis Attention Map
Time-Axis 4 A h' ' > S
| Feature Transformation Layer | Market |
Market A A A Context !
Index ; P ]
| Att. LSTM —> Att. LSTM ——> - Aft. LSTM " > o > Wy Wiy —> ——> U
4 4 : 1 -
n | Feature Transformation Layer | Individual ; MuIti- =
Individual . A A A Stock | Level s -
Stock Context % Context | [ | T @
[ Att. LSTM ——>] Att. LSTM ——> - Att. LSTM e > | w 3 Wi — S,
3 A hy by °ff | 2 g
| Feature Transformation Layer = k=
Individual A e 5
Stock 22 - — , 5 n
i =
| Att. LSTM —>{ Att. LSTM —— -+ Aft. LSTM » ~F o > Wo Wy — — 4
L A d d
| Feature Transformation Layer | —
Individual o
Stock 24 | 2 2 - | | |
! 1) Time-Axis Attention ' 2) context Aggregation ! 3) Data-Axis Attention !

- A 28 2= 3 371HA| 2 LHE
1) Time-Axis Attention
2) Context Aggregation
3) Data-Axis Attention
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Experiment Setting

 Model Structure - 1) Attentive Context Generation

P e e e e e e e e e e e e e T e e e e S

- {Zut }t S’Ij of Iength l, Wher? u and t are i Attg?_"c\;on N AtE?;c\iAon [ ) e p Attg%iﬁon N Atlfcsa?;c\;on [, hﬁ i
stock and time indices respectively | T T T T |

— ! Feature Transformation Layer !
- 99| z,, OIM ZZH QI context vector@l hE Y |
£ Y=Z40| Time-Axis AttentionTHA| 2| =& B P J j J j |

<Individual Stock> Zut

__________________________________________________________________

<Time-Axis Attention>

- Feature Transformation

Zur = tanh(Wszyr + bs), where w, e k" and bs € R"

- 2 Al4E2 Attention LSTM 20| b5 A|Z7(7] A AMEZEL| S7t §l0| 42| Time step=
aggregationst?| £et 1t
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Experiment Setting

 Model Structure - 1) Attentive Context Generation
- Attention LSTM

___exp(h/hy)

1 — NC —
S exp(h] hr) h® =) ; a;h
<Attention score> <Context vector>

o

- Context vectore attentionLSTME2 S1tst0] 2|Z4 o= A AHE
- AttentionLSTM=2 Vanila LSTMZ2} B woll 2utHoz dHS HEa

- Context Normalization

h¢ . — mean(hS )
h:':n = Yui & S’[d(h"ﬂ ) u + Pui

ui
- 22to] RA|0| YHE 20k5t Context vector= M2 THE 2he| HRIE T2 7| W20

Aggregation TtA| 40| Normalization2 2134,
- 2012t H|Et= &7 tsot Oi2t0|& 0|t

CAU AutoML LAB




Experiment Setting

« Model Structure - 2) Multi-Level Context Aggregation
- Multi-Level Contexts
h™ = h + ph’

- k2 JH’H R AIO| context vectorO| 11, hi= Market Index?| context vectord.
- B= Index context vector/} 0= Oﬂ'i% 0]&%| 74%12 4= Q= hyper parameterO|Ct,
- The Effect of Global Contexts
h)"Th]" = h{"hS + h'T (h, + h) + f°h' Th’

- Global Contextse| 2 tE YOI 7| flofl 71 Eeot Attention®! dot productE A
- LEZ SHO|M FEA termE EH, —7‘——!%3’4 A SIS AEtdo| 4 2 7ISX[E
- LEZSHNM MEY termS EH, Al SRS UAEE LIEIEH £~ UZ.

T

il
2

et
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Experiment Setting
« Model Structure - 3) Data-Axis Self-Attention

- Self-Attention o7 TTmTTTmmmmmmemmsmsmmssemosoooeoooooooooe S
H e R4xh , W € RhXh EI Attention Map \:
Q =HW,4 K = HW}, V=HW, | |
: |
H =SV where S = softmax (QK ) I B
Vh | =
- d is the number of stocks and h is the length of context | h"— W, . — Y1
vectors | punlevel | 5
- W is learnable weight ! S A
1 h”t > WQ 2 I yZ
1 2 — Z
. . | : : L !
- Nonlinear Transformation ; ° |
~ - E R W, H . s > Py !
Hp = tanh(H + H + MLP(H + H)) . < !
- The hidden layer size of MLPis4h 7 <Data-Axis Attention>
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Experiment Setting
« Model Structure - 3) Data-Axis Self-Attention

______________________________________________

- Transformer encoder® Al235= A
ZAIA| 20| A & SHALO|| CHH|5H CH2 Queryﬂ Key

Attention Map
—

0|| 1
i

- Final Prediction
§ = a(HyW, +bp) i p

_____________________________________________

<Data-Axis Attention>

<
[
=
I
<

' :

£ st55to 2 M H|Cl Aol Attention scoreS st& | - i
St A ol ! |
=2 T AMO. 1 [ :
- AttentionLSTMO| £/22] /A0l 0| 22 g Wel — 9

= 5= A= Uib|E[= A2 =2, Transforemr encode | Multi-level : C. |
L 2|H0| HHo| AL =32| o2 | Context | . ® |
- s e i LS ! m— W, b=l P,
E hz Q L~ 'Z yz :

: : o :

! F |

\J

H S S EE2 sijMst, A F ARl geko| =0
f7| 2|35l logistic sigmoid& ALE St

OI' _I
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Experiment Setting

* Training with Selective Regularization
- training
LXy) == 3 (gulogdu+ (1= ya) log(1 - )

- = =2 AetE Structureol DTMLEZ 4] oS4t &A| 4% AHO[2] Cross Entropy LossE Z|4~
ote &2 2 Traininggt
- xerwdx is an input tensor of the current time step, and y is the true stock movements

- Selective Regularization

Lreg(X,y) = L(X, Y)+PL(IIWpII%+Hb 13)
Regularization= deep learning traininA| overfittings =0|7| {/ofl 0| AFEE|RX|BF A 2] 2| A
22 2= o220l U8
- OFZ| 8t Predictor?] parameterOHE‘HIﬂ‘—*EI% 205tz HWAZ AHE
- 1 Z1t= output space= AlStotX|2F, Boid=2 B
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Experiment Setting

* Experiment Setting

- Datasets

Dataset | Country Stocks Days From To
ACL18! US 87 504 2014-01-01 2015-12-31
KDD17! Us 50 2,518 2007-01-01 2016-12-31
NDX100 Us 95 1,259 2013-01-01 2017-12-31
CSI300 China 219 1,119 2015-06-01 2019-12-31
NI225 Japan 51 856 2016-07-01  2019-12-31
FTSE100 UK 24 1,134 2014-01-01 2018-06-30

- ACL18 and KDD17 are public datasets

-CHSEol 229UL 0|25t A8 SHE D

- d5y=1) or ot=f(y=0) 2= =F&.
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Experiment Setting

* Experiment Setting
- Feature Vectors

- Evaluation
- Accuracy (ACQ)
- Matthews correlation coefficient (MCQC)

Features ‘ Calculation

Zopen Zopen = open,/close; — 1
Zhigh Zhigh = high, /close; — 1
Zlow Zlow = low;/close; — 1
Zclose Zclose = close/closer—1 — 1 - Hyperparamete I'S
Zadj_close Zadj_close = adj_close, /adj_close,_; — 1
Zi’; 25;20 e 2 = Diotdiclose,;
’ o <~ k-adj_close, i :
2 s, 2430 ! Window size (w) 10, 15
- z= RA U9 t AR (LR EBIEE QAL market context weight | 0.01, 0.1, 1
number of epochs 100, 200
- 2l 2f=2 S710ll thet open, high, low 52| &Th learning rate 0.001, 0.0001
Aol =2 o|0|at strength 2 of selective | 1
regularization
- zdk represents a long-term trend of the dropout rate to 0.15
adjusted closing prices during the previous k days. S pUlTIZEr G

CAU AutoML LAB




Experiment Result

* Prediction Accuracy

Model

ACL18 (US)

ACC

MCC

KDD17 (US)

ACC

MCC

NDX100 (US)

ACC

MCC

LSTM [24]
ALSTM [31]
StockNet [31]
Adv-ALSTM [9]

0.4987 = 0.0127
0.4919 = 0.0142
0.5285 £+ 0.0020
0.5380 = 0.0177

0.0337 £ 0.0398
0.0142 £ 0.0275
0.0187 £ 0.0011
0.0830 £ 0.0353

0.5118 = 0.0066
0.5166 = 0.0041
0.5193 + 0.0001
0.5169 £ 0.0058

0.0187 = 0.0110
0.0316 = 0.0119
0.0335 + 0.0050
0.0333 £ 0.0137

0.5263 £+ 0.0003
0.5260 £ 0.0007
0.5392 + 0.0016
0.5404 £ 0.0003

0.0037 £ 0.0049
0.0028 £ 0.0084
0.0253 £ 0.0102
0.0046 £ 0.0090

DTML (proposed) ‘ 0.5744 £ 0.0194 0.1910 £+ 0.0315 | 0.5353 = 0.0075 0.0733 = 0.0195 | 0.5406 £ 0.0037 0.0310 + 0.0193

Model

CSI300 (China)

ACC

MCC

NI225 (Japan)

ACC

MCC

FTSE100 (UK)

ACC

MCC

LSTM [24]
ALSTM [31]
StockNet [31]
Adv-ALSTM [9]

0.5367 = 0.0038
0.5315 = 0.0036
0.5254 + 0.0029
0.5337 + 0.0050

0.0722 £ 0.0050
0.0625 £ 0.0076
0.0445 £ 0.0117
0.0668 + 0.0084

0.5079 £ 0.0079
0.5060 = 0.0066
0.5015 = 0.0054
0.5160 = 0.0103

0.0148 £ 0.0162
0.0125 = 0.0139
0.0050 + 0.0118
0.0340 = 0.0201

0.5096 £ 0.0065
0.5106 £ 0.0038
0.5036 + 0.0095
0.5066 + 0.0067

0.0187 £ 0.0129
0.0231 £ 0.0077
0.0134 £ 0.0135
0.0155 £ 0.0140

DTML (proposed) ‘ 0.5442 + 0.0035 0.0826 + 0.0074 ‘ 0.5276 +£ 0.0103 0.0626 = 0.0230 ‘ 0.5208 £ 0.0121 0.0502 + 0.0214

L ¥112|S0] 0] M0 =2 2

|
O/

oM 2 d1= 24,

StAM

o
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Experiment Result

* |nvest simulation

—— DTML (proposed) —— LSTM —— DTML (propesed) — LSTM —— DTML (proposed) —— LSTM
—— Market Index (SNP500) —— Adv-ALSTM —— Market Index (SNP500) —— Adv-ALSTM —— Market Index (NDX100) =—— Adv-ALSTM
1.20 4 ')\ Unstable drop 1.4 +13.8%p 1.20 1 +3.4%p
(-12.8%p) Unstable drop | I
| 1.3 4 1.15 (-13.7%p)
g 115 +0.8%p v u
E 4 ERFY 2
2110 t ot 5 110
£ K3 £
£ £ 1.1 E |
S ] g 1.05
* 1.05 =
1.0 1
1.00 4
1.00 4 0.9
2015-10-01 2015-11-13 2015-12-31 2016-01-04 2016-07-01 2016-12-30 2017-06-01 2017-09-14 2017-12-29
(a) ACL18 (US) (b) KDD17 (US) (c) NDX 100 (US)
—— DTML (proposed) — LSTM —— DTML (proposed) — LSTM —— DTML (proposed) —— LSTM
—— Market Index (CS1300) —— Adv-ALSTM ~= Market Index (NI225) —— Adv-ALSTM —— Market Index (FTSE100) — Adv-ALSTM
1.14 +10.3%p +13.0%p 14l +4.7%p
1.4 I I
1.0 1 Unstable drop "
] @ @ 1.3
§ 0s % 1.3 - § (—21.8%p)
o ] 2 2127
g S12 £
5 0.8 E E 11 -
1.1
0.7 1.0-
0.6 107
7018-03-01 20190128  2019-12-30 20190107 20190704 20191230 2017-07-04 20171229 2018-06-29
(d) CSI300 (China) (e) NI225 (Japan) (f) FTSE100 (UK)

« SNP500 is used for the ACL18 and KDD 17 datasets G|O|E{AIS H| M2 & = 2|Ato| A 1to}
Hlwst 22 13.8%p & =2 d24= 2/
o LIHZ| A|ZHO|MUME S22 Z2HE Eo =M, H| W2 H| el O Ybtstel RIS F

A 0lS
T AMADO.
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Experiment Result
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Experiment Result
* |Interpreting Attention Maps

10-01
0.30
10-1% =~
= Important dates 0.25
= 10-291 (large scores)
] ‘ 0.20
% 11-12 1 “ \
o \ ! 0.15
® 11271
=4 Unimportant
I 0.10
dates
12111 (small scores)
e 0.05
12-28 1
10-01 11-02 12-01 12-31

Source date (2015)

<= T42| target data 2} source
dataOf| 23t attention score>
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Conclusion

- J=E Cheret OB A BTt metric O M BIUR2ASO| Hlo Mgt oz 22 5= 2Y.

- B 2E0f Hlg YEHHoZ 4s50| 22 Z2Y= & & US.
* Issue of DTML
ULl A AE Zt2 EA| &1 ContextE 2H=0{ €2 0| 70| CHSH |2 A
- Context NormalizationO| M && 7538t Parameters & 716H0F =|=2|0f| CHSH o] 24,
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