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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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* 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

— T M- O=2 doO

- sector0f| Gi= FAO0|LL, sector? | =5k A0 Thal 0= 20| 4E5[A| 5.
Oi52| 520| sector YE2| Z20f| I/ 2=,

 Univariate time series dataZ O| 2%t 0|22 O|= A|H 0|212] A2 (Seasonality, Tendency, cycle)S
23l CtS AldQ| 0|22 Rlgts

data?Zt2| CorrelationO| 235} C}

Z|8F Multivariate time series= H240| QICH D TS| = time series
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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 - - - - - - ———————

| =
e = /' Spectral temporal GNN [4]
= o | . . . . . =
-SAHRI 2RO HER MIHMIHETS ¢ - Graph neural network 2 Multivariate time series?]| CorrelationS 845
MEH o = SEICH= HHE0| S -2 COQl0| 20| 57| o2
,%?.e.'zs. ................................... .| Transforemr encoder [7] [8] [9]
| i o -4 AH|gF M- AT} 201012 2| YE-E Transforemr encodersS &
- AUICIIES BRI, Markov || g6 oy st o2 2t
. random fieldS AtE0ot0] Had &2 | |
. = 0| 8dt N 2
- [6] . A|AHOF7|HFHIAIS M 22 5P)| a1a3H 2 9l
- A AL0|9] M-S Graph EE{E dET/[WSNE HUBA SES e ST 5
\ _[_[l.i_gl-_ﬁol- ______________________________ , Transformer A2 7= RNN2| Gradient vanishing =AIIE TIg 4=
Q| HiHo| & HEHAS 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
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Experiment Setting
« Model Structure - 2) Multi-Level Context Aggregation

- Multi-Level Contexts
h]" = h{, + fh’

- 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
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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

CAU AutoML LAB




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
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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 (proposed) — LST™M —— DTML (proposed) —— LSTM
—— Market Index (SNP500) —— Adv-ALSTM —— Market Index (SNP500) —— Adv-ALSTM ——— Market Index (NDX100) —— Adv-ALSTM
1.20 % /| Unstable drop 1.4 1 +13.8%p 120 +3.4%p
(-12.8%p) Unstable drop *, I
] ) 1.3 1.15 (-13.7%p)
g 1P +0.8%p g e
2 4 g 1.2 g 1.10 4
2110 $ L 2~
£ £ L
b= £ 114 £ 4
S ] g 1.05
* 1.05 A &
1.0
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) = Adw-ALSTM —— Market Index (FTSE100) — Adv-ALSTM
1.1+ +10.3%p +13.0%p 1.4 +4.7%p
1.4 I
1.0 4 Unstable drop *
] o @ 1.3
§ o § 134 § (-21.8%p)
2 ] o 2 12+
8 £ 1.2 8
5 0.8 - E E 11 -
1.1
0.7 1.0
06 1.0 - . . .
2018-03.01  201901-28  2019-12-30 2016°01-07  2019.07-04  2019-12-30 2017-07-04  2017-1229  2018-06-29
(d) CSI300 (China) (e) NI225 (Japan) (f) FTSE100 (UK)
. o Gl = Z|AFO| A7
. he ACL18 and KDD17 datasets G|O|E{Al ] = L
SNP500 is used for the an atasets G|O|E{AIS H| 28! & 2| AO| M1

Bk 210 13.8%p H =2 d4rs 20

o LIHA| A|Z220|H0ME 22 E1UE EYU2 2N, |2t B W5 O Ytz REHAUS &
A Ol
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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Dataset survey

* Available Dataset

- from pandas_datareader import data as pdr
pdr.get_data_yahoo

¢ GAS ArEof| OF= OO|HAS| R= FAYES A

A 0l©S
T AADO.

uto

- Open, High, low, Close, Adj_close, Volume0| Cgt &
HE ==

- S&P 50058 A+~ AELQ O E, = 54| /EFA &
EolH=E Jts

CAU AutoML LAB

Date

2018-01-02
2018-01-03
2018-01-04
2018-01-05
2018-01-08

2021-08-23
2021-038-24
2021-09-27
2021-038-28
2021-08-29

Date

2018-01-02
2018-01-03
2018-01-04
2018-01-05
2018-01-08

2021-08-23
2021-09-24
2021-08-27
2021-08-28
2021-08-29

Open

2683. 729980
2697. 850098
2719.310058
2731.330078
2742.669922

4406. 750000
4438.040033
4442120117
4418,540039
4362.410156

Volume

3367250000
3538660000
3695260000
3236620000
3242650000

2833230000
2772090000
3032870000
3495970000
2753800000

High

2685.8893893
2714.370117
2729.290039
2743. 448951
2748.510010

4465.389302
4463.120117
4457.293805
4419,540039
4385.569824

Low

2682. 360107
2687, 770020
2719, 070068
2727.919922
2737. 600098

4406. 750000
4430, 270020
4436. 189941
4346, 330073
4355.080078

Close

2685.810058
2713. 060059
2723.989990
2743.143302
2747, 709361

4448. 979980
4455, 473380
4443.109863
4352.629883
4359. 458961

Adj Close #

2685.810059
2713.060059
2723.989990
2743.149302
2747, 709961

4448.979380
4455, 479380
4443, 109863
4352, 629883
4359. 459961

<A HOHE =2 GlAl>




Dataset survey

* Available Dataset

» Public Datasets(https://github.com/fulifeng/Adv-ALSTM)

- KDD 17
-ACL 18

 Non-Public Datasets

- NDX100
- CSI300
- NI225

- FTSE100

-> Non-Public Datasets&= &2
3 Z220| B7|A Y.

CIOIEAI22 oAl

—_ O O

| A AE7}

A —_—
S5

Table 2: Summary of datasets.

Dataset | Country Stocks Days From To

ACL18! Us a7 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
C5I300 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
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Dataset survey

« 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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Dataset survey

« 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

CAU AutoML LAB




Comparison results

« Accuracy (Index : NASDAQ)

Data Proposed DTML Data Proposed DTML Data Proposed DTML
AAPL 04766 MMM 0.5625 VZ 0.4922
AMZN 04766 MO 0.5938 WFC 0.4766
BA 0.5313 MRK 04609 WMT 0.5234
BAC 0.5625 MSFT 04766 XOM 0.5391
BHP 04375 NGG 0.5391

BRK-B 0.5391 NVS 0.5156

CMCSA 0.5547 ORCL 0.5078

CVX 0.5078 PEP 0.5703

D 05938 PFE 06004 N Proposed S;:J:g;g:‘ DTML gtfﬂgﬁéf,
DIS 04531 PG 0.5313

DUK 0.5859 PTR 0.5391 HASDAQ 0.2291 0.042>
EXC 0.5156 RDS-B 0.5391

GE 0.5391 RIO 0.4531

GOOGL 0.5703 SO 0.5391

HD 0.5078 SPY 0.5703

INTC 05703 T 0.5547

JNJ 0.5391 T™ 0.4766

JPM 0.5000 UNH 0.5234

KO 0.5781 UPS 0.5859

MA 0.5469 VALE 0.5156
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Comparison results

« Matthews correlation coefficient (Index : NASDAQ)

Data Proposed DTML Data Proposed DTML Data Proposed DTML

AAPL -0.0305 MMM 0.0000 VZ -0.0828

AMZN -0.0476 MO -0.0722  WFC -0.0676

BA 0.0083 MRK -0.0825 WMT 0.0000

BAC 0.2267 MSFT -0.0507 XOM 0.0786

BHP 0.0000 NGG 0.0000

BRK-B 0.0670 NVS 0.0000

CMCSA 0.0000 ORCL 0.0158

CVX -0.0284 PEP 0.0000 ” - 1 Standard  DTML Standard
D 00000 PFE 0.0962 ropose D:J:aagn D:J;aggn
DIS 0.0000 PG -0.0829

DUK 0.0611 PTR 0.0781 HASDAQ 0.0136 0.0699
EXC 0.0080 RDS-B -0.0514

GE 0.0670 RIO 0.0000

GOOGL 0.1916 SO -0.0713

HD 0.0887 SPY 0.0000

INTC -0.1002 T 0.0990

JNJ 0.0766 TM -0.0064

JPM 0.0355 UNH 0.0916

KO 0.0000 UPS 0.0881

MA 0.0000 VALE -0.0038

CAU AutoML LAB




Comparison results

* Experiment time

Data Proposed DTML Data Proposed DTML Data Proposed DTML
AAPL 126.8057 MMM 124.8648 VZ 125.4543
AMZN 126.8699 MO 124.7213 WEFC 128.2533
BA 126.1356 MRK 1245214 WMT 130.1138
BAC 124.8066 MSFT 124.8175 XOM 130.3148
BHP 124.7631 NGG 124.4076

BRK-B 126.067 NVS 124.7485

CMCSA 125.7468 ORCL 124.6441

CvX 125.026 PEP 124.4993

D 126.6646 PFE 1247191 Proposed SDt:J:g;g:‘ DTML SDt:J;g;g:‘
DIS 125.3976 PG 127.5654

DUK 1245573 PTR 124.8217 e 12572 L4
EXC 126.5101 RDS-B 125.0658

GE 125.724 RIO 124.1594

GOOGL 126.4387 SO 125.1964

HD 124.7687 SPY 125.3137

INTC 125.0692 T 125.2871

JNJ 1246319 T™ 126.3575

JPM 125.1084 UNH 124.9864

KO 124.9561 UPS 126.6688

MA 125.3641 VALE 128.9776
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Comparison Models

« LSTM [1]
- 7| 2491 A B AAE o=
« ALSTM [2]
- &g S 0| 2ot AlAIE O|=
« StockNet [2]
- ERQIHE 0|&¢t AlAE O|=
« Adv-ALSTM [3]
- Adversarial training= O|&¢t A A G ¢|=
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