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Abstract

Predicting stock prices has always been a challenging task due to the multitude of
factors that can influence them. Adding too many features can make the model overly
complex, so identifying key features is crucial for accuracy. In the field of stock price
prediction, many studies have shown that Long Short-Term Memory (LSTM) models
perform well. Similarly, the Temporal Convolution Network (TCN) has achieved good
results in time series research. Therefore, this study combines LSTM and TCN models
and compares them with RNN-LSTM, CNN-LSTM, and LSTM models for stock price
prediction using various loss functions. The results indicate that the proposed TCN-
LSTM model performs better than the other models. This study not only tested the
proposed method with historical data sets but also validated it through day trading. The
TCN-LSTM model proposed in this study outperforms the LSTM model in predicting

stock prices during large price trend fluctuations, making it more suitable for active
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stocks with high hedging volume. These findings can contribute to the field and inspire

practitioners in related fields.

Keywords: Stock prediction, Deep learning, Temporal Convolutional Network
(TCN), Long Short-Term Memory (LSTM)
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TEOROR R b REED 0 fr ] |8 720
oo i@ P L RS 0 R
moF TR B ERIERIAF o

X—=Xmi
Xnorm = ———— € [0,1]
Xmax—Xmin

SR SRR = =
*# 3 i * Tensorflow fr Keras e ;¢ E2& = TCN-LSTM ~ CNN-LSTM -~
RNN-LSTM { LSTM = 7] « & @ H730 cndi » s o 5~ » B 44~ #0720 4p

Mk T %+ (Luetal.2020) > #-7) % #27&% % 4v# 5 Epoch % % 100 ~ Batch size
¢ % 256 ~ Optimizer i * adam ~ kernel _initializer # * RandomNormal ~ activation

2 ﬂ.i&—%"”ﬁ‘%i?{ﬁ”?*ﬁlﬁﬁ)\ T\
(VR A F A 02T g'—]ﬁﬂﬁ:lax * g i)

(258 1)

#* relu> 2¢ N A4 -
Units ¥ 3% %
RoRE > Tl % = K
/P'I&@zﬁﬁ:a% v T pt

,,\gi.ﬂ)»m—‘kﬁﬁ:’ L ey

Rk G-k 64 B G
LSTM & X & fd i§

%= & Units 38K & ‘5,\%% 5 - %1 10 llﬂszé o b’“r*p -3

%10 & ey AR - K
o 2 LSIM SRR 65 7 /?'Jﬁf@— = i

;FK‘QE » — i@ T 3 K (Flattenlayer)#- % ‘s 5 — > B (5573 30X E- & 5 -
B G R ARR F R BN B % S AR i .%féo
%5 %ﬁr | $ Bk T
+k e

Feature (AB’IJZ;%SI%’&‘«‘J*BF’” WA Ep AN
B aEp M Fp g 25
§ 42

Label (N+DF p e if t

Epoch 100

Batch size 256

Optimizer adam

TCN-LSTM ~ CNN-LSTM ~ RNN-
LSTM ~ LSTM

input_shape(N,6),
return_sequences =True,
Units=64

TCN-LSTM ~ CNN-LSTM ~ RNN-
LSTM ~ LSTM

Units=10
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2100 SR ERRE L HAER RS

Model MAE RMSE MAPE
TCN-LSTM 0.0327 0.0447 3.2568
RNN-LSTM 0.1313 0.1773 12.9263
CNN-LSTM 0.1319 0.1805 12.9757

LSTM 0.1319 0.1799 12.9854
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Model MAE RMSE MAPE
TCN-LSTM 0.034 0.0538 3.3679
RNN-LSTM 0.133 0.1983 12.8483
CNN-LSTM 0.1322 0.201 12.7457

LSTM 0.1356 0.2046 13.1515
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Model MAE RMSE MAPE
TCN-LSTM 0.0379 0.0647 3.7548
RNN-LSTM 0.1302 0.1983 12.5453
CNN-LSTM 0.1351 0.2059 13.0179

LSTM 0.1385 0.2081 13.3904
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Model MAE RMSE MAPE
TCN-LSTM 0.0374 0.0739 3.6668
RNN-LSTM 0.1346 0.2025 13.0161
CNN-LSTM 0.1409 0.2119 13.6154

LSTM 0.1439 0.2169 13.9023
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Prediction Prediction
30.0 { — Real 2618 Stock Price 00l Real 2618 Stock Price
—— Predicted 2618 Stock Price —— Predicted 2618 Stock Price
2751 275
25.0 4 5.0
z 2251 E 25
= 200 { “ 00
17.5 4 17.5
15.0 1 15.0
125 4 125
0 50 100 150 200 250 0 50 100 150 200 250
Time(days) Time(days)
B] 20 : TCN-LSTM £ ﬁml% A5 % B B] 21 : RNN-LSTM £ Jiru} AR % B
Prediction Prediction
30.0 1 — Real 2618 Stock Price 30,0 { — Real 2615 Stock Price
—— Predicted 2618 Stock Price —— Predicted 2615 Stock Price
27.51 75
25.0 1 25.0
- 251 _ 2s
i it
& 20.0 4 = 200
17.5 1 17.5
15.0 4 15.0
125 4 125
6 5'0 lt;(] 15'0 2(|]0 25'0 6 SIO 160 15'Cl 260 ZS'O
Time(days) Time(days)
22 : CNN-LSTM £ % iy 1455 ] M 23 : LSTM £ % &ciy 1485 ]
* *“ﬁmﬁx#ﬂi ROTBRE PP REHRET 13 1'<>-' 511616 & 0t
PSR T 6 Sl 6 EAR T AT 9% g

AR SR EVIEND S IEE SN S EslE aE
FAA R R ek K iy 0 A g TR e

B 4F eniE At o

s

B3

e
9F 86% - wif & china
| ] g RS L

~=h

M~ B

o 2 5

G AR EERI G EART A L ARG A4 HilFR AR R B S A 47
(Devadoss & Ligori 2013) » i3 feiz B L 2w 3 + F i * Fprs 7o i &
FlaAT o WA T FEE i B Rfr E B AL AT EIR RITERRE o F
BRERL I% RAF E B~ RI~AFF el b FlZ o ML A j\fﬂl% il § B
WiEd B H B AP R E B B i ¥ RIPRIREH PERF A AT T F
PRREY 2R E e B ady e eniEiplY {o Shen & Shafiq (2020) #
F g IR RenBRIRE A ARG A ERORE e (F B
AR)PANEP AR E S TP IFREIP ARE FREBEKEF V0
R 2 T T SRR VA R T R R B TR TR S ot
Bl & Dz W SR e 4 o - N AR TS ﬁﬁﬁf?\ﬂfrigﬁ - fé lg;'{\—% P
(Agrawal etal. 2013) - Huang, Capretz, & Ho (2021) 3% & & 4 47 KIgpR L e



VREEBREEaRAEMREREARE . ERFUER 201

EPEAR T EFET R Paaﬁ;wsgﬂ S ERFERELEYRE AR HEE AP
fERERT FEFE P HTRG - &35 L5 /\’f"’r Arm AP {eERF R
;ljln\v}’-’rm"é‘ﬁ’ipﬁﬁ Bt ART I E B 2eiERs o

N ERE = SR o Nl A ) S ,iﬁuf%ﬂﬂﬂﬁ g
BV TS FER R FI R By FFRIZEF R PR 50 _g ;w?
FREIEG FIFETARRY 2 RavEREY B EE T 7 48 a3 % o Huy,
Zhao, & Khushi (2021) i * ;a’?)iﬁ EEh R R R RIFR AL BEEP
RAANIFREY O ZEFREFRPOBT T EHE o LEF T ROER
FoAETARY 1A Bﬁﬁ*a‘“ﬁ;%wa%ﬁ;ﬁ—iﬁwa‘ﬂ&mk o fe RERI T FeAR
FR Ao (T HE R L ARO B - X Sl B F AP < R
5= XA B A7 &40 (Hotaetal 2017) » 48R 7 av &K & R ARRIAEE 1€
1 AT R T i%’fé%ﬁ%;@ﬂiif’;%\§§”% JEEE AR P il S/
Chou & Nguyen (2018) e#= 3 ¢ * 10 X echpF P g oL 279 % -

2% %3 Selvin et al. (2017) #74% 41 51 SLIDING WINDOW = j# » A5 5%
B2 PR TR WA Sl B B AeRi 40 F e AR AR I
- ”f ol #rig * chH - 2 E b2 ¢h o Bfrd 8 B8 LSTM i & 3 21t
BT U T o R o Bl R T PHE 2021 &R 10 % fE @k m’i)t;i%_l'z
b BPeiE T 2021 ﬁ)il% Rkt g 2§ BRSO R EFLIAY B
- ®F 10 x PR RE IR R B avt 0 K RS R AT R
3 TCN-LSTM -3 4p #23% RNN-LSTM ~ CNN-LSTM 4= LSTM H-73] i& = #& #-7]
g o A bz B A iR R R RIS % B g 2 ;QS:F’“'FKK
E- ¥ F FRH B TIRR 1r§%ﬁiﬁﬁ%kﬁ‘ﬁwﬁli#\#&:”.— B R TSHS Z0m A
FE RIESE o BB S TARRD TN e 2 R Rt H - 2 o i
£ = ,;:Igrs BAF IR R BT - BFET UE T 2 TR E

2B P o

m%a % B enip 2 57R1A8 % B3 . > RNN-LSTM ~ CNN-LSTM {= LSTM #:-%

I RARE A R LB P TIPS R B EF B LR S o @ TCN-LSTM
l* BReARR A R A B RS R AR F B AR 0 Flpt Ap ot H

& %i’;'] » TCN-LSTM $:3) #ii i { 5 g 4 o
L@ ;}ﬁgz't‘mfriéa\ ;gg.fﬁ R A - R H o A AR R - B

-

[
bt

/

i

F_*

ERPEE g N REFRE O BErd 16977 0 ROHR g@;gzﬁ
chad w4 g4 70%; ,,égrlwzérg&é EAlehd &% 9% 93%; i X b

¢l R L G4 88%; fk N awdch B v gﬁ Jerai 7 5 X 5 92%- Bdp
EERRL ‘F"k* BRP R d W ame AP R R A g Y R
- B Ao Bjr g At s WA R

PR e E B 15 5 Rty B ST R Ay ey Y B
B e AN H P AR ISR SR # ?E’?E‘éi‘i’f.mfrii’f & AP EHER e
BRI URR RSP T 8- BB L R TR D e



202 BNEEAR F=1t—5 £_H
LR LA S ”ﬁﬁﬁ@é@fgﬁiﬁkm@wo

.&gfﬂ— *Iﬂ 7::\' {%:F'—'g ’ IE 1757' g,t/?";};\’g\ A /“,\i g ‘—_l-v—* d'_BaI'beI‘etal
(2004) eFT 5 ¢ FI o E PR b B SR ¢ B FARE X F\gg,i;_gﬁ;% 5
TS F LR CRTH LER RS B2 —Em@mmm
;%ﬁr“]%ﬁ%@, "‘Lt g'%{?‘i‘ %E\'d\‘fr#éﬁfﬁﬁ&i°mfa/l%ﬁ?{’—kggﬁ
i A é d’ﬁ%‘ﬁmleﬁ,lﬁr’ﬁ BT kT, H 4Lped ¢¥'*£F‘ & ® é?}ﬁﬁé BT

A CHEREAR PRI RDBREL AT R ERIPF P F T L
£ 2% % A& ; Newall & Weiss-Cohen (2022) 3 33 3 7 &2 F‘* 2 B ehdp 10 2 fe

#AOBTF K AVac g Pl BB ERE AR R ‘:@ﬁif‘iﬁﬁ ik 2GRS g
% & iﬁ"“’&ﬁ? o 1Y %\s’u ’ %9»?‘ A EER R R ST g
RS Y 0 A R ok ‘ﬁ?«#ﬁ’ APTF A Rl g
%016 BAE b T K
% E e 8 F v RlRE IR E
Iy 70% 8.38 NT$23,912
xR 93% 1231.1 NT$161,143
£ ® 88% 22.04 NT$34,405
£ B 92% 26.14 NT$11,616

R dEs > AT RS

1. K3 %% ® TCN-LSTM #i3]4p#>> RNN-LSTM » CNN-LSTM
Fo LSTM = HR| { 4eif £ * AR A7 RIERL > §F BRTF
< g R e P RGBS S F AT TR I el A FRapl i
BILFE-

2. AR A Ad RN R TY B G 2 Henda ArER
iR B e P F A T0%00 b 0 AAFF et A S FRE A Rl

3. *F iﬁym§@“Amﬁfﬁﬁfnmgﬁﬁﬁy@%gﬂggﬁ
BT A7 0 BE R B Bt 0 AR E R ATy A % A i (Bitvai
& Cohn 2015; #*= ~ ™ {2k 2022) -

e p;‘- rqﬂg;\g&pi%

CGER UL

I H-gpp &

AT AR R AR R T P BN E R FL P kBl
» P REHHIGAREA U RE ERE & I TR R AR UNERRE &

2. P EEyy ERG R

ip;m&%gﬁxg;ﬁvgﬁ%ﬁﬁ@u»ﬂ&ﬂpiﬁ%@ﬁF%#
TRFIREL > A A FRFEERE B ROFIET NG A b ERA KGR
Fodde o~ A e R ROV R By B ke A -



VREEBREEaRAEMREREARE . ERFUER 203
3. g iy sa “’5:}& Rz zled ﬁu]

FALAPENTZRFEL RSB ZB (FUVE- SF ) ig- Ep D
%%*iqﬁéloqu#%%w%wﬂ&%ﬁééJfr@dgsﬁﬁai
FRESHERROF 0 23 LG OREFREFEF L 0§ BFRGIRL
g ARAcE G LA LA AR R R ERE R
oo BRI S AR E DS A 1000 0B R KR T T L RA
EFF AR ENR A ERTEAEFEDILE -

4. 5 F LA

F1h 2 b KR s AT b R A M F R (2 bR
PREEEFRIFFFREF FHEN I TV I NDYRF IS 2R
BERET IR E Xk AF PR TR 2P R 3T AR
B e AR o

S ESYE AR

FEEES VRS RS N FE RS TE R P E S S YT
H= f'J“' WRPPE R SR LBRIFERFIFRNER L B AFTT
ar

u'“ri 7 TCN-LSTM {58 i8] § AB %L #e i & PFIT | 245 chd & o | Rehdf (%
Zéf* L thfﬂ”wW BB AR IR bk f'w@f» ! mj.s Py
[ #\i“’ [DETINE ) Fgﬁi}ém*&ﬁ{&ﬁﬁ Rk v Ripiracie iea EEL
Fa AR iR p % kﬁ Hig e 5T N EE { Favey o
Flot e e T A Pizf#\ixzﬂ"w;ﬁ\méﬁi:
. ERESNLSFEARDDFY AFEILFT o dolpp i & S
FiTEHE o

2. HFAFFTOFHREEF A HENE MR 2 HE DY B
Em PR BRFHEY TR EAMG TR WRATE T MIRREL B
7L A B pr eI

3. BEAMRLIACDOTHIFPRILGZ oA ABEHIECREFTASY
RARRIZF Y -

54 %

e AEFE T (202]) 0 BEX KL ERPHRFT AR S R A EF
https://www.twse.com.tw/zh/statistics/statisticsList?type=07&subType=261 -
VASTLE A St NS SEE R4 Fiz4 (2018) "EERTHE 2 R I RPRY K

BABH AR AR L Ee R 0 FAFEEE B

1T 5w F 363-39 -

MR L~ Hrcik (2019) TR B BE Y SHORAG TR IRBRIFRIZFT 0 7
LFEEE LK 5o | O153-178 -


https://www.twse.com.tw/zh/statistics/statisticsList?type=07&subType=261

204 EMEEER F=1—% F5_H

P Rl (2022) 07 SRR GRIB P 2 ¥ MRS 0 T EF I
P-4 E %528 | 127

AR~ B F T (2022) 00 fREFRMN SRRAFREIEL e 2L
R FAFEEHF 524 %X 5w F 303333

Agrawal, J., Chourasia, V. S., & Mittra, A. K. (2013). State-of-the-art in stock prediction
techniques. International Journal of Advanced Research in Electrical, Electronics
and Instrumentation Energy, 2, 1360-1366.

Anuradha, J. (2021). Big data based stock trend prediction using deep CNN with
reinforcement-LSTM model. [International Journal of System Assurance
Engineering and Management, 1-11.

Ashraf, B. N. (2020). Stock markets’ reaction to COVID-19: Cases or fatalities?
Research in International Business and Finance, 54, 101249,

Bai, S., Kolter, J. Z., & Koltun, V. (2018). An empirical evaluation of generic
convolutional and recurrent networks for sequence modeling. arXiv preprint
arXiv:1803.01271.

Barber, B. M., Lee, Y. T., Liu, Y. J., & Odean, T. (2004). Do individual day traders make
money? Evidence from taiwan, Working Paper, UC-Davis, Davis, CA.

Bharambe, M. M. P. & Dharmadhikari, S. (2017). Stock market analysis based on
artificial neural network with big data. 8th Post Graduate Conference For
Information Technology.

Bitvai, Z. & Cohn, T. (2015). Day trading profit maximization with multi-task learning
and technical analysis. Mach Learn 101, 187-209. https://doi.org/10.1007/s10994-
014-5480-x.

Chen, C. H., Kung, H. Y., & Hwang, F. J. (2019). Deep learning techniques for
agronomy applications. Agronomy, 9(3), 142. https://www.mdpi.com/2073-
4395/9/3/142.

Chen, Y., Fang, R., Liang, T., Sha, Z., L1, S., Y1, Y., Zhou, W., & Song, H. (2021). Stock
price forecast based on CNN-BiLSTM-ECA model. Scientific Programming, 2021,
2446543. https://doi.org/10.1155/2021/2446543.

Chen, Y., Kang, Y., Chen, Y., & Wang, Z. (2020). Probabilistic forecasting with
temporal convolutional neural network. Neurocomputing, 399, 491-501.

Chou, J. & Nguyen, T. (2018). Forward forecast of stock price using sliding-window
metaheuristic-optimized machine-learning regression. [EEE Transactions on
Industrial Informatics, 14(7), 3132-3142. https://doi.org/10.1109/TI11.2018.
2794389.

Deng, S., Zhang, N., Zhang, W., Chen, J., Pan, J. Z., & Chen, H. (2019). Knowledge-
driven stock trend prediction and explanation via temporal convolutional network.
Companion Proceedings of The 2019 World Wide Web Conference.



VREEBREEaRAEMREREARE . ERFUER 205

Devadoss, A. V. & Ligori, T. A. A. (2013). Forecasting of stock prices using multi layer
perceptron. International Journal of Computing Algorithm, 2(1), 440-449.

Gandhmal, D. P. & Kumar, K. (2019). Systematic analysis and review of stock market
prediction techniques. Computer Science Review, 34, 100190.

Han, J. J. & Kim, H. j. (2021). Stock price prediction using multiple valuation methods
based on artificial neural networks for KOSDAQ IPO companies. Investment
Analysts Journal, 50(1), 17-31.

Hasan, R. & Mohammad, S. M. (2015). Multifractal analysis of asian markets during
2007-2008 financial crisis. Physica A: Statistical Mechanics and its Applications,
419, 746-761. https://doi.org/https://doi.org/10.1016/j.physa.2014.10.030.

Heaton, J. B., Polson, N. G., & Witte, J. H. (2017). Deep learning for finance: deep
portfolios. Applied Stochastic Models in Business and Industry, 33(1), 3-12.

Hewage, P., Behera, A., Trovati, M., Pereira, E., Ghahremani, M., Palmieri, F., & Liu,
Y. (2020). Temporal convolutional neural (TCN) network for an effective weather
forecasting using time-series data from the local weather station. Soft Computing,
24(21), 16453-16482. https://doi.org/10.1007/s00500-020-04954-0.

Hochreiter, S. & Schmidhuber, J. (1997). Long short-term memory. Neural
Computation, 9(8), 1735-1780. https://doi.org/10.1162/neco.1997.9.8.1735.
Hoseinzade, E. & Haratizadeh, S. (2019). CNNpred: CNN-based stock market
prediction using a diverse set of variables. Expert Systems with Applications, 129,

273-285.

Hota, H., Handa, R., & Shrivas, A. (2017). Time series data prediction using sliding
window based RBF neural network. International Journal of Computational
Intelligence Research, 13(5), 1145-1156.

Hu, Z., Zhao, Y., & Khushi, M. (2021). A survey of forex and stock price prediction
using deep learning. Applied System Innovation, 4(1), 9. https://www.mdpi.com/
2571-5577/4/1/9.

Huang, Y., Capretz, L. F., & Ho, D. (2021). Machine learning for stock prediction based
on fundamental analysis. 2021 [EEE Symposium Series on Computational
Intelligence (SSCI), Orlando, USA, 1-10.

Jin, Z., Guo, K., Sun, Y., Lai, L., & Liao, Z. (2020). The industrial asymmetry of the
stock price prediction with investor sentiment: Based on the comparison of
predictive effects with SVR. Journal of Forecasting, 39(7), 1166-1178.

Jin, Z., Yang, Y., & Liu, Y. (2020). Stock closing price prediction based on sentiment
analysis and LSTM. Neural Computing and Applications, 32(13), 9713-9729.
Kumar, K. & Haider, M. T. U. (2021). Enhanced prediction of intra-day stock market
using metaheuristic optimization on RNN-LSTM network. New Generation

Computing, 39(1), 231-272.



206 EMEEER F=1—% F5_H

LeCun, Y., Bengio, Y., & Hinton, G. (2015). Deep learning. Nature, 521(7553), 436-
444,

Lin, Y, Yan, Y., Xu, J., Liao, Y., & Ma, F. (2021). Forecasting stock index price using
the CEEMDAN-LSTM model. The North American Journal of Economics and
Finance, 57, 101421.

Liwei, T., Li, F., Yu, S., & Yuankai, G. (2021). Forecast of LSTM-XGBoost in Stock
Price Based on Bayesian Optimization. Intelligent Automation \& Soft Computing,
29(3), 855-868. http://www.techscience.com/iasc/v29n3/43035.

Lu, W, Li, J., Li, Y., Sun, A., & Wang, J. (2020). A CNN-LSTM-Based model to
forecast stock prices. Complexity, 2020, 6622927. https://doi.org/10.1155/2020/
6622927.

Medsker, L. & Jain, L. C. (1999). Recurrent Neural Networks: Design and Applications,
CRC Press.

Newall, P. W. S. & Weiss-Cohen, L. (2022). The Gamblification of investing: How a
new generation of investors is being born to lose. International Journal of
Environmental Research and Public Health, 19(9), 5391. https://doi.org/10.3390/
1jerph19095391.

Pawar, K., Jalem, R. S., & Tiwari, V. (2019). Stock market price prediction using LSTM
RNN. Emerging Trends in Expert Applications and Security, Springer, 493-503.

Rahimy, E. (2018). Deep learning applications in ophthalmology. Current opinion in
ophthalmology, 29(3), 254-260.

Rundo, F. (2019). Deep LSTM with reinforcement learning layer for financial trend
prediction in FX high frequency trading systems. Applied Sciences, 9(20), 4460.
https://www.mdpi.com/2076-3417/9/20/4460.

Selvin, S., Vinayakumar, R., Gopalakrishnan, E. A., Menon, V. K., & Soman, K. P.
(2017). Stock price prediction using LSTM, RNN and CNN-sliding window model.
2017 International Conference on Advances in Computing, Communications and
Informatics (ICACCI).

Serrano, W. (2018). Fintech model: The random neural network with genetic algorithm.
Procedia Computer Science, 126, 537-546.

Sezer, O. B., Ozbayoglu, M., & Dogdu, E. (2017). A deep neural-network based stock
trading system based on evolutionary optimized technical analysis parameters.
Procedia Computer Science, 114, 473-480.

Shen, J. & Shafiq, M. O. (2020). Short-term stock market price trend prediction using
a comprehensive deep learning system. Journal of Big Data, 7(1), 66.
https://doi.org/10.1186/s40537-020-00333-6.

Usmani, S. & Shamsi, J. A. (2021). News sensitive stock market prediction: literature

review and suggestions. PeerJ Computer Science, 7, €490.



VREEBREEaRAEMREREARE . ERFUER 207

Vidal, A. & Kristjanpoller, W. (2020). Gold volatility prediction using a CNN-LSTM
approach. Expert Systems with Applications, 157, 113481. https://doi.org/10.1016
/j.eswa.2020.113481.

Wang, H., Wang, J., Cao, L., Li, Y., Sun, Q., & Wang, J. (2021). A stock closing price
prediction model based on CNN-BiSLSTM. Complexity, 2021, 5360828.
https://doi.org/10.1155/2021/5360828.

Wang, J., Wang, X., Li, J., & Wang, H. (2021). A prediction model of CNN-TLSTM for
USD/CNY exchange rate prediction. [EEE Access, 9, 73346-73354.
https://doi.org/10.1109/ACCESS.2021.3080459.

Wang, X., Wang, Y., Weng, B., & Vinel, A. (2020). Stock2Vec: A hybrid deep learning
framework for stock market prediction with representation learning and temporal
convolutional network. arXiv preprint arXiv:2010.01197.

Wu, D., Wang, X., Su, J., Tang, B., & Wu, S. (2020). A labeling method for financial
time series prediction based on trends. Entropy, 22(10), 1162.

Wu, J. M. T., Li, Z., Herencsar, N., Vo, B., & Lin, J. C. W. (2021). A graph-based CNN-
LSTM stock price prediction algorithm with leading indicators. Multimedia
Systems. https://doi.org/10.1007/s00530-021-00758-w.

Wu, Y., Schuster, M., Chen, Z., Le, Q. V., Norouzi, M., Macherey, W., Krikun, M., Cao,
Y., Gao, Q., & Macherey, K. (2016). Google's neural machine translation system:
Bridging the gap between human and machine translation. arXiv preprint
arXiv:1609.08144.

Wu, Z., Fan, J., Gao, Y., Shang, H., & Song, H. (2019). Study on prediction model of
space-time distribution of air pollutants based on artificial neural network.
Environmental Engineering & Management Journal (EEMJ), 18(7), 1575-1590.

Zhang, X., Gu, N., Chang, J., & Ye, H. (2021). Predicting stock price movement using
a DBN-RNN. Adpplied Artificial Intelligence, 35(12), 876-892.

Zhao, Z.,Rao, R., Tu, S., & Shi, J. (2017). Time-Weighted LSTM model with redefined
labeling for stock trend prediction. 2017 IEEE 29th International Conference on
Tools with Artificial Intelligence (ICTAI).

Zhou, X., Pan, Z., Hu, G., Tang, S., & Zhao, C. (2018). Stock market prediction on
high-frequency data using generative adversarial nets. Mathematical Problems in
Engineering, 4907423. https://doi.org/10.1155/2018/4907423.

Zhu, R., Liao, W., & Wang, Y. (2020). Short-term prediction for wind power based on
temporal convolutional network. Energy Reports, 6, 424-429.


https://doi.org/10.1016

208 ANEWER B=1+—% 55




	摘要
	Abstract
	壹、緒論
	一、研究背景
	二、研究動機
	三、研究目的
	四、研究流程

	貳、文獻回顧
	一、股票價格預測
	二、深度學習
	(一) 遞歸神經網路(Recurrent Neural Networks; RNN)

	三、混合模型預測財務時間序列價格的相關研究

	參、研究方法
	一、時間卷積網路 (Temporal Convolutional Networks; TCN)
	(一) 因果卷積層(Causal Convolutions)
	(二)擴張卷積(Dilated Convolutions)
	(三)殘差連接(Residual Connections)

	二、長短期記憶 (Long Short-Term Memory, LSTM)
	三、TCN-LSTM

	肆、 實驗設計
	一、實驗準備
	(一) 系統環境
	(二) 數據蒐集

	二、資料預處理
	(一) 資料整理與標準化

	三、模型相關參數設置
	四、評估方法
	(一) 平均絕對誤差(Mean Absolute Error; MAE)
	(二) 平均絕對百分比誤差(Mean Absolute Percentage Error; MAPE)
	(三) 均方根誤差(Root Mean Squared Error; RMSE)


	伍、當沖交易測試與實驗結果
	一、台積電數據集實驗結果
	二、智原數據集實驗結果
	三、長榮數據集實驗結果
	四、長榮航數據集實驗結果

	陸、結論
	一、結論與討論
	二、 研究限制與未來研究方向
	(一) 研究限制與建議
	(二) 未來研究方向


	參考文獻

