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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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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

B85 115 5 ff Lty b 210 % R R s B F TR R
L#ﬂFXﬁ%ﬁﬂﬂ%O{ﬂé—ﬁﬁﬁcmSOHEE%iﬁ%ﬁi¢ﬁ#ﬁ
HF 3250875 2194 > ¥ Bl & BHA A 10 X R F T S B
MﬁgoKiymﬁu%ﬁjwmiﬂM\mmimMﬁﬂsnAﬁﬂaaw%
PRE K RS BEPE 0 TERIE AR e R Lkt 0 @ TCN-LSTM B3t 8 & = 8
A r fom g TR E Gz B ARG - Rk FR AP L ED- B
Bk b R AREE 2 R B B 0 AR TR ) 4 TON-LSTM $53) 4p
W RO RSB Bl AR



196 EMEEER F=1—% F5_H

Frediction Prediction
680 650
—— Real 2330 5tock Price —— Real 2330 5tock Price
BA0 —— Predicted 2330 Stock Price (=] —— Predicted 2330 Stock Price
640 640
620 620
E 600 E 600
580 580
560 5a0
540 540
E& SIO JC;G 15I0 260 25IO E‘.\ SIO 1(.’;0 15IO 260 ZSIO
Time{days) Time{days)
. \ = % . \ = %
# 8 : TCN-LSTM ¢ # = i 453 B B 9 : RNN-LSTM ¢ # = 1§ AR S B
w0 Prediction
e0 Prediction —— Real 2330 Stock Price
—— Real 2330 Stock Price Ba0 = Predicted 2330 Stock Price
G0 —— Predicted 2330 Stock Price
540
&40
620
820 T 600
5 e
& B0 580
580
5a0
560
540
540 . . . . . .
) . . . . . o 50 100 150 200 250
0 50 100 150 200 250 Time(days)
Time(days)
. \ = % . N = %
® 10 : CNN-LSTM ¢ # = 453 B B 11 :LSTM -2 % AR5 B

SHREIRE g TR F A TR i TP P R A K
AT E RS AT 0 BT R A T g (AR R AR TR R 0
B TR Aok 6k TATn o TREFETIFEEFAREAIL O ONERIEIFA
ARG oMW E AT oA BAL PHERR R HERSAF D g
FRZEEE AEFEFFE - Ran > AP i §h2 b7 g% 475
APOTIRE P AAEE T G DL AR Z FR LGRS £ -

110 & 12 2 1 B T 111 #4229 pen97 s prP BEHEITT O
BACE 522250 A0 hpA S enINABRIET 6 EAlendict 45 0 Bl
F LG 66%; b A gk (F1 3 % Jé?l:’z i 2= EflhE S L g
3 66% - i F g e KAJ\’Z\]IP%?I‘E“ﬁ‘ fr e fieat B35 e £ 12 %
FOREREE A A110# 127 1 p RSk ERME RS > BT RSN S
MR 596 F i SR A 237 A v AEREF R G Med NTmE AN

ER o Flt e AR 600 EAIE B0 f O E R frE s w239
A4r 900 & > JTF H 26245 t 110 & 12 7 3 P {24k (PR B D 0 (D
SMUBER614E D § TP rEIRAS NG 244 e 021 Ao EHT R * AR
BB 613 E A ‘% E xii“&““ 5244 7o T F 5409 - IR EFRTE
R A R RR) RE e B GR B - B R AR 0TI O A HA] G Rl TR
24 ="ﬁ+m%*;

Fef i g-g S P-BEIR-F G E-F RS ~345)



DEESERBEERAATEBERATFIRE . SRBEIER 197
%llﬁiﬁﬁfﬁﬁiﬁﬁ%E*$
e FEAS
R B e £%0.001425% 4730 (FE K ¥ 7 & 5 2.8 47)
fEg f o0 £%0.001425%47 10 (FE K ¥ B #& & 2.8 47)
AR ) § 41 £%0.0015
% 12 3 Wt ERE 4
& (&
o RS Yo F g RS Yo F
110/12/1 — — — 110/12/23 — — —
FRHHE | 600 596 — R ol4 613 —
B 1000 1000 — B 1000 1000 —
%4 600000 596000 — %4 614000 613000 —
3% -239 237 — %% 244 244 —
AR ) -900 — — AR ) 921 — —
kX 598861 596237 2624 kX 612835 613244  -409

ST RhERFRESF

E

2 A hBRBEETRES

A10XEFRFE RIS T » KATE Nz

#* % 4p '(MAE ~ RMSE ~ MAPE) > MY AT 0 e TCN-LSTM #0273 £ IR0

¥ ook = B

52 FRERE AR HESE

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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