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Chart-based Stock Price Prediction by Combing
Variation Autoencoder and Attention Mechanisms
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(VIX: volatility index) Xt ES WEXEH AFE S} g 1Esle g5A|7]2 o] 5 WHold QEQFY
(VAE' variational auto encoder)®} o€l v 7 1] Z (attention mechanisms)= 233 A2 WHOZ
Aete] WE2g JFE AALH 545 neFozn 7|E A9 dAE SE5stuA g &
0471011/\1 Aeksk W o] A% HlaE 98 S&P 500 71 7be-Hl 505 dojE FE8ke] A
WS B3 o]59 FAVIA S dF3ta o] & FAH 417 W(CNN: convolutional neural network) T+
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Fo e o3 olele Solt tSe] FAN ol Zsh] A% BUghs o] olRold
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12 (fundamental analysis)@} 7]& 2] 4] (technical
analysis) > 2 T o Stk 7127 42 @A)
ZBA &, FA A 4 7199 AT

o] FATMA O S vA= 78 20 Y

R4 h R b
T M SA Y AA TS Ak v =471
2 FME oS3t Wy o] tHMurphy, 2011). 7]
22 FAo] 32 714 WFe] dJs B
Wijolgbd Ve FA4L ARt dA] YE

U Axbd] A=st= BAolgt & 4 9ok
Fama(1965)7} A3t &4 Al 714 (efficient
market theory)ol] W2 F=2]7174 of J3S v
= BE JEE ov] @A T4 7ol whedEof
A7 W&o 712EA EAolv 7ed 4 BF
njef FA7H dFee A T80 HA F=
o 28y A 9 B2 A7ELS 7 AEES
BEH AFo] obd BIEEH AFO R ZHFatal
71Ed A 5L 7|EH B8 T FAE S
o =3t A} sl Utk & &% Marshall et

al. 20062 77 F47H4 do|HE 7|¥ke g v
FAMAE ASFeEZN =2 F

and Chandler, 1987; Ou and Penman, 1989).
Ho]E ¢} AF AT 7o) Wl weh A
AL TN Al o) P Tee 18T
o2 FA1A8) d5ete solnd B A
T & 3} )t}(Patalay and Bandlamudi, 2020). &
3 Aoz dlZe) HAA} 719 ARAES)
34 BAZ AR e 7)RE BAnTe F
H7AY WE FAE 7
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c
volutional neural network)2- /\]-%3]-04 NE2E 2}
EZ BAgozH Z2A7A =
A} 3F%3.2.™, Zhipeng and Chao(2019)‘: A )
E] ™ 2(SVM: support vector machine)S E-8-3}¢]
NEAE RFEE BEAgozH F27149] =8
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o] o] FfA1L k= A, i) A1 oAt
FEHE a1gsHA] Z3tte A Fol 9o
A&l ‘Zl‘:} ol Hu} FA| AR AuE
AR, 71€ AFELS FA7HE 435S A% 54
%(feature extraction)Z} X} Z2>(dimension re-
duction)E $|3l 2 ESIFT|(AE: autoencoder) 7|H
= T2 &tk 19y LERIAY Ve
FATVA oS0 BastA i SA7A S
o =M B 9fFo] A oE & AE A
2 o] tH(Chu and Cai, 2017). WtA] A3 F217}
A dE5 fleiME olefdt LEISAY 7 g
AR FEo] a3tk 4, 71€ AFE2 A
g4 E4S 7k 1”7}734 HalE AA-stA 1
BatA] Zotal ok F2714 o] wiste} ol 11
Hafofst= AlAlE ]Z_} | 2 A5 Z71EA
(long term dependencies) = A| 7} A ghct. o] gk
7194 A 2 S8l A7 |e = (LST™:
long-short term memory) *§H o] 7¢E o] &85

ot o] W JA] Z7IeEA EAlCA &
A3 AfEA Zstthe A%e v thBao er
al, 2017). A719&EAHLE F2714 =& Y3t g
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FY Aes AT ARH o2 o= AE
A& Asfisith wekA o5 B AT
A olefst dAHS 5T vt U
np g o 2 7|E AFEL A FAREe A
ZBEI7F F27HA ] v g gFo] w9 S8 gl
T ET8kal o] & aLeshA] Xstal A tHDing er
al., 2015.; Huynh et al., 2017; Nguyen et al., 2015).
PE A8 o] 2o 2 =] 1AL 72l
5 JAAA ] 2 FEFS v F = Ut o) E
T2 Aol A8 A1 FoixtEe] 782 7l
FAAES] 5o 43S vA TFHoE )
T2V o JEFs vzinka & & itk et
F27HA ¢ Augh 6 &S e Al 3
=9 A8 1Este Aol F88th
2 AFAE 7]E AT o3t sAES
B317] ¢138l i) oJ9l A vl 7)Y = (attention mecha-
nism)¥} WHold < EQIFT|(VAE: variational au-
toencoden & A M= &4 7IHE A¢kstar
i) A7 FARES 78 HE 1838H7] S
W5 A A 4=(VIX: volatility index) X}E 9} JHE2H
AEE 3 nEstoZN 2 71A 9] o= Aat
£ FoluA s B A V& AT g
Holg QEJIEE &83ozHN LEQSY
o] #AG HFS MNET F Uve A, ofuA
3 S 9Fak(bi-directional) et 7]H]
2o AgsozH Fev|v el Fr]efE
AT 4 Avk= A, WsdAS &

e

s

E9 1¥E Tl 7|E AELE AE AFE]
st ZA A Felase] 28 FEE i
AT 5 Arhke AQellA 71 Ak 2P Ao) it

A7 v ol En g AellA
= AeA e 8T VIS T odF A=
< QoFsla ¥ AT AT 7S 2T A
Mol M= A7 2%, B8 A(data set), 37}
T S A AT S AR ANV
AE dolEE B43la FA 459} o9 oS
mojgit) vpAet oM B A7 28 R F
¥ AFAAE Alteh

. A% A+
2.1 ABASS BRE JIE FAKA 05
ol

J(deep learning) — 7]HH el thdt A7} L)
Y= 1 k. FA7HE 45 AFE olHd F
Alel] F-g-8te] thekst J1FA5 7IHS &850
ZH FATME 5 HYEE Fo|aA} s Al
T7F o] F AL Qi

ADEATE FE3I FH7HA o5 7= =2

R4 A
TES 5 Utk 24 5L 95 93HQ
F4714 Hol8E B89 27] QA ATE
% sl e 2447

and Hoseinzade, 2013). 121} 7]&2] w3} o
o] A3 AFFCNNS AHESHAY =8 2178
(RNN: recurrent neural network)= AF&-3fe] F2)7}
A &S A Eshe AFE0] EHs] A&
o, A G 7a FA7EE oS AT ARE-
HAE 2l AEAQ 54 NAY o] Y (feature
engineering) A& T8 she WY 3 A4 &8
%31 ) THPersio and Honchar, 2016; Song, 2018;
Zhong and Enke, 2017). B=3F Z ol A3 A4
71H 3} A La1e]E(GA: genetic algorithm)S 2
&8+ AA7(Chung and Shin, 20209} A17}, 71 HaL
7h, HAZEY #AZE DA RS o] 835ty
o8 FA7v RS 2t F71E d5s A
T-(Ding and Qin, 2020) F°] °]F|A 1L Ut}
v G20 A1) 744 dlolHE &8 A7
= Aoy A Ve dAF gE Yeh})
A28} BH(Nguyen et al., 2015; Pagolu et al., 2016).
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o] o]Fo) A3 )T} Ding ef al (20152 7Z4A] A2
W&ol e AES 7 719E s FE
(tuple) = F5o] oJHIE QMY (event embedding) =
HEglely gy ZdS &83le o5 B4
S B2t F FAH Y S dSstaat o
ATk 2= B ofyet AU E A AH] 2] S8}
o= —“1‘:4 7L/H ;{4 o]Q_O].oq 12\17]_71 cq]__
A& AFE tg o] FoA] gt o & 59,
Nguyen et al(2015)2 A tlg]&d TFH(LDA:
latent dirichlet allocation) 32 &85} E 9JE]
ANES AT EA B e 4714 4
Z0] 7V S A3 T Huynh et al.(2017)2
A FARE9 78 e T4 Al BAE
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2 9] tﬁ%é olmA & Yelf& ES 7|Hto g
FAVA S dS53taA} she A7 298 W) A
?ﬂro}ait} Bao et al(2017)& NE2E R E 9} thek
St 7]E4 ARE dlo]E3 W EH(wavelet transform),
SEQAY, AdriH R Y o s &Es)
of FA7}A S =314} 89tk Kim and Kim
(2019) 7 % g AES} HE2E FE| 74
tolEE 87 AT Ar|H =] 4
HoZ &gt FATMA S dSstaat &k
Uob7} Liu and Song(2018)2 NEXE AEE T
3 gyd iz FMoZH AEXY IES}
Held 299 A setstaat skl
AFA TS &5 FA7H4 o5 &4 71&
%L FAR1 F2714 HolElE 7|Hte= ]l
73 (Niaki and Hoseinzade, 2013), 4% Al
7§%(Chung and Shin, 2020), <=3+ 417 (Song,
2018), A<+7]v 28] (Ding and Qin, 2020) 5 t}F
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43"1‘3‘]_(Nguyen et al., 2015) o«] g
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(E 1) BN BB FAK ofF 71E 17 2o
T A A} o o] EJ Al 245d d=5Fe | A%
Niaki and Technical VAN E (19943 ~
Hoseinzade(2013) S&P 500 indexes ANN Gt 2008.6
Persio and Honchar Technical VAN S =] 2006 ~
S&P 500 ANN, WCNN, RNN -
(2016) > indexes ’ ’ SR 2016
Zhong and Enke Technical 7144 E=+(2003.6 ~
P A PCA -
(2017) S&P 300 indexes NN, PC 5= 2015.5
= Technical VA% E=2010.1 ~
ke VAR =786
Song(2018) S&P 500 indexes RNN, SVM,XGBoost o 2017.12
. 2000.1 ~
Ch“n(gzg;g) Shin KOSPI index GA, CNN A |2016.12.3
1
. . Shanghai composite index
Dm%zggg) Qin Petro China LSTM 742 24| NA
ZTE
. Finance 7VAAS T 2006.10 ~
Ding et al.(2015) S&P 500 news EB, CNN g 2013.11
. . 7V 845 EE(2012.7 ~
74 Nguyen et al.(2015)| Twitter, price(OHLC) LDA 312 20137
Reuters AL EE|2006.10 ~
Huynh er al.(2017) | S&P 500 News GRU o T '
’ ( : dataset atet 2013.12
S&P 500;
Hang Seng |Candlestick
index; chart 2008.7 ~
i ’ ’ 7} A A
Bao et alQO17) | 1 300, | Technical AE+LSTM FAZAL 50169
Nikkei 225; indexes
1) ¥ Nifty 50
Candlestick VA EE| 1998 ~
(201 TAIFEX AE+CN -
olu =z Guo et al.(2018) chart CNN I3 2016
10 China
Market index
lestick 7V AA}E == 2006.1 ~
Liu and Song2018) | stock; | C2ItK gy o, pa | 7HA RS 12006
10 White chart o= 2017.8
Horse stock
Candlestick 2016.10 ~
. . S1A 2%
Kim and Kim(2019)| S&P 500 har CNN, LSTM FAA
Candlestick VAE+
A+ 7VAAE =51 7 ~
i L S&P 500 chart, |Attention model and f e 993.7
ojm] A 3t 2019.7
VIX chart Dense layer

ANN: artificial neural network, WCNN: wavelet CNN, PCA: principal component analysis,
XGBoost: extreme gradient boosting, EB: event embedding, GRU: gated recurrent unit, DNN: deep neural network
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Kingma and Welling(2013)©] #|9F3h #o]d ¢
EQFde HAE 7k A4 REE QBT
S} Hl o] A 2H(Bayesian) F2-< WO E Ho|H <]
ks Wholth LESIFT S A W
2155 (encoden)dl] 23l +5d A HlolH
golgtal & 4 9le WA Holy QERIF

LEQFAY £4% < (loss function)= ¥H
t| o] 5 (Input) X9} #HA| MG 27} T . (decoder)
E AA U =9 tlo|E(Outpur)7te] Zo]Z 3t
ofsl o]= th29] 4 ()3 Zo] YeRd 4= Qlok
LEQFIHE o] AT E HAGSIEE S5

SHA Eo A W 2= 9 HlolH xo] SAS

HEST YO Y e RS FHAL
27 A AgsA Hrt

2HKullback-Leibler divergence)S AF-&-3Hc}. ul-
glol | Wito|dt F gE BX9 AolE ALtet
< H AMSse FE e 2 (9 2ol vEhd
g o, o] oW o] FHQl i sl 1
BAE A o2 BEXE A AZHS 9
S o S 5= Qe AR JEZS] Zfo]E 9]
Bl
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Total Loss =binary cross entropy(X, X ) (3)
+KLIN(, )| M0, 1)]

binary cross entropy(X, X ) (€))

| , , NE AS2Y AES 0T FANA A
Ty R Ml (HImXLE (X ghne £y 220 quzes 9 oxaa
UlE ASIITE Tt @4 A5 ek 2ol
ols ] Wold sEALlE A Mg 27h QEARL BAL ATF W4 Hasee
SbE X5 mEA 3] S8 Fu-ghol & T Aol 7] WLl AFFel BostA| & SH7HA

}mean\

Z<
}variance /T
Random sample
Decoder
(a8l 1) ¥olg 2EIFAH(Variational Autoencoder)
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2.3 OHIM HFHUZE

AeA%F B4 P ke Sl 8 A3
o Ul g $AH0R AAPORH £ 3

HE vt e /\]7410“ dole £l de] &-&
= thKarevan and Suykens, 2020; Liu et al., 2017).
a8y 317 o—% AIAE 717to] YR 29 H|
& ] Al A7t 00l 747E] A AL w9
ARAE FA7} B8t Shgo] AR o] FolA]
2] %A FohBengio et al, 1993). ©]2 3 FAH S
3| 243}7] ¢8| Hochreiter and Schmidhuber(1997)<
A7 Ry 2d-S AtstAnh & %7113115'_31
7B =% A4TH v F2E 7HAAN
ATE v dolgts 72& THEoZH
278 SAE SEIATE T3 =8 417
A1 ¢ glolE7L Aeroll= ET-ekaL o]

219] HolERHE 7HA AL o5& FO2H o
o] Aol AA oz oFstE e FAHS 7t
3L Qltk ol gk EAIH S sfdat] Sisl Bl
Ao Holr] BBV TRTE 7IE &9
A sl velel BAze) BEE @
| wesls olber S8k AlATe] AokE| QT
(Schuster and Paliwal, 1997). 1}o}7} Graves and
Schmidhuber(2005)= F4aF 3 217843} 7]
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3] Bahdanau ez al.(2015)= oJ€lA HAUZS A
et °1E* A Uﬂﬂ\%?e 83 d33te v

O

Ux
N

0] 2} BAI el o|%o] slo] et 3
28 BES B FozA A9 JAYL
U 5 ek b PP Ao o of
WA AAUZS HEFoRA B AT BHE
uoh B0 GHT 5 gk B ATAA A}
§3he i A MAUZS e BYe <1
% 2>9) gow o8 ur} PAHOR Aysty
o3t 2k

b HH b > Ty
hl _<_ hd B I }TT
X, X, X, X

(a3 2) oEIM HFHLZ (Attention Mechanism)

tA7e] oA 2 oY wE (s ) S a7 9
S~ 1389 4 Fhs,_ )T ol 29 3
9l

(y,-)°] BasHH tAHe] E9& «537] A
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oAdIA gs =E3H7] e rHe] &4
fh(y)°l Basitt ol F37] HsliAe dd #t
24 =E(h) Z7to] of’lA #olo]e t—14]
&9 @ dupd fAF §A] Adske odlA
2~ 5 %](attention score)E T 7} AT} ofEl
A 230 s T3] AsiME ot #lo]ofd
t—1A13 &Y 78 A X|(transpose)dte] U

&Y =& 24743 W F(dot product)yS G2 3l ok
SFTHA (5) F=x). oA A& o'l 230
(2] (6) F2)oll £ZEH X(softmax) TS 2&
ato] o'l ¥ (attention distribution)S T

ATHA () F=).

F

[¢)

Lo
|

¢

score(stT_l, h;) = StT—lhi ®
e =l by s s Byl ©)
of = softmax (et) @)

olgA Aoj7l ofelM B¥(e)E 98 o] o4
=g} Fste] BF Tdk gro] ol gro] k]
®) F=). o|FA 7k o'l kS o'l Hlo]ofo
t—1A1 &Y 23 AT (concatenate) $HO = =
Y =28 7 JA Dok 9) ZFR).

a, =X a'h ®)

5= (v Y1) ©)

B ApolA oA MAYZS e AFA
5 24 o] Bla) o U A5 nyon ol
2 Q8] A olFlA) $AS T G Rof
ol HF2H oz &85 rhRush ef al, 2015;

m. a4
3.1 97 2

B A79) F0 24g 9] S8 wA )
W 49 A52E HES Woly 0 Al
R g2 AR F ATE E0] HoAEs

342 AT olgA & WolY OE A=
U ol g3tel AE2ER WEYAS AEe
Aateny 3 T8 B, o] 2HA) FEL o
GEXERL %}Qi g3l =9 dolg o

< g83to] T2 WF
EQO] Q‘:} auy E 05'3101]’\1
£ Bt} Eo]7] 3 JiF
RVt ig ﬁog s = o3 A 20%%1«1
Azl F o 7FeAE Fol7] Y3l D3 S(dense
layer)S F7Fete] ofdld Bdly} WHFS 0|83
o tE (ensemble) RES &3
LR ol 2o )

<
¢

2y
o
il
ot
fo
o, o T
_&
:\é
i
>
ol
O
L e
At
W o
‘b‘ >~ H.I-{U _[}1_{
I RN k)
o ﬂilo B nlo
my oo [0
oo ook

o[)« i
rie ] oft

b
52
o

(concatenate) 3+ & o] & YH FS
upz|Eko g /\i,E_”lV\(softmax) s}
29 FAH@ATH7 Y Frhc 3
A ohu ke AAAE S oA
9] &S gAT 4 A ) o]zid AF wr
W A48 gokabE g <1 Bu pov 2
Ao A= |5 VATD(variational autoencoder with
attention technic and dense layer)= T gttt

4
St

S

o
Ae e
O

3.1.1 =A 1: Hiole A 7%

G 1oX= thdol He AkES S4E wWeld
QEQIGE F&3l1 F&5H EAS nigo g
T 20 o] H= HlolH Ale .
dlolg] Al 75317] fl8) WESE AFES} A1
Foizte] S vehll= Ws AT AEES 8t
we] ojm A& FAg Aol AEE 72t
AEE o] o|vA R HtEE o]fre AL
2 49" E vls) shte] ojm Ao th4=9

AEES Y= Aol s ol B a3 0]7]

0] THKim and Kim, 2019). <1% 4>= 2 A
oA dgoz &g volE Ao oAt

oA wEX AEE o]y LEAH Y
A dlolB7} Hal #olg Q& JIAHE &8s}
%74] 2011 ARE A Fhes F=5HAl "k Wol
¥ LEQIFAT fdHH= on|x|9] A= Holeh
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Hol 2EQIAHS olfd HFHES

Zet AET|BE F7t oF

EFo] B 1288 A7431al Wold QEIFAH Y]
HESA 72 that o] 38kt 3, <
3t Faioll oAl S-9] 33 (convolution) W E 9=
£ 23 24 e Y BH = 4E3l ke
At E 128, 256, 256, 512, 1,0247) 2 A5}
e A7) 3, 2EZO|Esride)E BT 28 A4
stk 3% AR Y Aol Hetsl S-S

=0

3 QE1HT 9 ZA] 2} (latent dimension)<
3002 AT 4, tEy 52 Q=Y
A0 Z A A (transpose convolution)
#okow oo wat zk JE|C] T 1,024,
512, 256, 256, 128717} T} AFER B S0 243}
e PFReLU: rectified linear unit) -3 AFE-

S 23t darg]ES ol (Adam: adaptive mo-

o =
243 & AHES AFsIG THSE == 9 ment estimation) 42 A8-3FTH
Q vDense
2 A Q:;;P
"l ,_.l h l|'II il 8:&0 X1 Concat
0 "-: . i
[N N —— Or»% (e \ [
v 04
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Chart-based Stock Price Prediction by Combing
Variation Autoencoder and Attention Mechanisms
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Abstract

Recently, many studies have been conducted to increase the accuracy of stock price prediction by
analyzing candlestick charts using artificial intelligence techniques. However, these studies failed to
consider the time-series characteristics of candlestick charts and to take into account the emotional
state of market participants in data learning for stock price prediction. In order to overcome these limi-
tations, this study produced input data by combining volatility index and candlestick charts to consider
the emotional state of market participants, and used the data as input for a new method proposed on
the basis of combining variantion autoencoder (VAE) and attention mechanisms for considering the
time-series characteristics of candlestick chart. Fifty firms were randomly selected from the S&P 500
index and their stock prices were predicted to evaluate the performance of the method compared with
existing ones such as convolutional neural network (CNN) or long-short term memory (LSTM). The
results indicated the method proposed in this study showed superior performance compared to the ex-
isting ones. This study implied that the accuracy of stock price prediction could be improved by con-
sidering the emotional state of market participants and the time-series characteristics of the candlestick
chart.

Keywords: Candlestick chart, Variation autoencoder, Attention mechanism, Volatility index, Stock
price prediction
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