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Time series prediction model integrating temporal

convolutional networks and multi-head self-attention
WANG Songwei, SUN Lin

(Collage of Artificial Intelligence, Tianjin University of Science and Technology, Tianjin 300457, China)

Abstract Traditional forecasting models exhibit notable limitations in capturing long-term dependencies
and enhancing the accuracy of multi-step predictions. To further address issues such as gradient vanishing
during long-sequence training, low computational efficiency, and error accumulation in multi-step forecas-
ting, this paper proposes a time series forecasting model that integrates temporal convolutional networks,
a multi-head self-attention mechanism, and a sequence-to-sequence architecture. First, temporal convolu-
tional networks are employed to extract local temporal features, leveraging their dilated convolution struc-
tures and residual connections to mitigate gradient vanishing and support parallel computation. Then, a
multi-head self-attention mechanism is introduced to model global dependencies and enhance contextual

semantics based on the outputs of the temporal convolutional networks, forming a “local-global” collabo-
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rative feature extraction mechanism. Finally, a sequence-to-sequence framework equipped with an atten-
tion mechanism maps the enhanced feature sequences into future multi-step price sequences. Experimental
results based on daily historical datasets of multiple A-share stocks in the Chinese stock market demon-
strate that the proposed model significantly outperforms baseline methods across multiple metrics, with
notable reductions in both mean squared error and mean absolute error, validating its effectiveness and su-
periority in the task of multi-step stock price forecasting.

Keywords temporal convolutional network; multi-head self-attention; sequence to sequence; multi-step

stock price forecasts
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Fig. 1 Overall network architecture of the TCNMS model
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2. BIEEER4EZL StockDataset(data)

3. FadEEw Ak 15 Ak 5 B SN E O build_sliding window(data s window=15, horizon=5)
4. BIEINZRC0. D VHE 0. DMK 0. 2) Kidi4E . split_data(data » ratios=[0.7, 0.1, 0.2
5 EIEIT—AL N2k 500 LA IR B 4 standard_scaler (BU¥E4E)

6. fE TCN #HeZ TCN_Block(nn. Module)
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8
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10, 4rilh 8 KArHIHH 8 HAE it bmm BREH#HITET
11. Bt s B AR #2538 Seq2Seq_Decoder(nn. Module)
12.  #57 GRU Layer + &2 X ¥ /) Attention 2
13. Function train()
14, AR PR Ak 28 IR SRR
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17. Function predict()
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Fig. 2 Overall business process flowchart

2 R SEIR B

2.1 BkIg

ARSI I Y S T b 0 E R AL RS | R FH A UE R DU AR B i 2 R EEAE S BE
FEXTG . ST s g R T AR share 32 FTMHEFE V283K E, B [RIFE R 2010 A5 1 H 1 H 2 2025 4F 9 H 30
H 8 HBEER B HBZ 300 K. JFIAEIE I & 12 N7 B B BEEEARES T8 VA s i ik
B LS i BLAE A  IR I KRR R S TR FERR IR R h SR R B R RS LLARY 10
THAE J R R AR . AR SCLARELACAS S 600004 1 IREZAE g s 9] JE A IS4 i AR sk 1 B,



480 R 224l AL AR JO

2.2 BRIy SRk B

AT 55 A EE T id 25 ¢ D325 A BEERIT Bl AR e 325 H LA P51 B S g
BT ¢ JA AR TN AR ST H L+ 1. ¢ Fn JRPUCELIAG . DB L AR A S S K30 22 7 ik T 5T
Ir A INZREE R R AR LB 7+ 1 s 20 D4R i P AR A R, AR SCR IR 3 7 1 07 vk R o3 R
A BB B ER S ¢ BHShE 1, 1258 5 HINREZ H 1 A sl B 0CBE 0N ¢ REVEEAE i AL, 5
BEHSE 8 0 KNS RS . B4 70 S REAS A i SN 3 B

F1 FREESRK(ES)
Tab.1 Raw data format (partial)

Date Open Close High Low Volume Turnover  Amplitude Percentage Price Turmover

change change rate
2010-01-04 10. 15 10. 15 10. 28 10. 14 154 789 157 747 809 1. 38 0. 00 0. 00 1.53
2010-01-05 10. 15 10. 19 10. 24 10. 14 110 709 112 683 563 0.99 0. 39 0. 04 1.09
2010-01-06 10. 17 10. 04 10. 19 10. 02 94 107 952 058 63 1. 67 —1.47 —0.15 0. 93
2010-01-07 10.0 9.78 10. 05 9.71 89 618 88 611 912 3.39 —2.59 —0. 26 0. 88
2010-01-08 9.73 10. 18 10. 25 9.72 149 238 149 969 456 5.32 4. 09 0. 40 1.47
2010-01-11 10. 26 10. 39 10. 46 10. 18 213 822 22 1095 349 2.75 2. 06 0.21 2.11
2010-01-12 10. 33 10. 46 10. 47 10. 25 128 943 133 964 253 2.12 0.67 0.07 1. 27
2010-01-13 10. 26 10. 31 10. 50 10. 21 144 030 149 155 601 2.77 —1.43 —0.15 1. 42
2010-01-14 10. 30 10. 68 10. 73 10. 28 185 264 196 244 561 4. 36 3.59 0. 37 1. 83
2010-01-15 10. 67 10. 60 10. 73 10. 53 100 716 106 958 605 1. 87 —0.75 —0. 08 0.99
2010-01-18 10. 60 10. 96 11. 08 10. 50 191 836 208 241 848 5.47 3.40 0. 36 1. 89
2010-01-19 10. 90 11. 10 11. 20 10. 85 202 184 224 091 042 3.19 1. 28 0. 14 1.99
2010-01-20 11.12 10. 99 11. 16 10. 89 198 384 218 072 462 2.43 —0.99 —0.11 1. 95
2010-01-21 11. 25 10. 84 11. 35 10. 80 194 460 215 431 588 5. 00 —1. 36 —0.15 1.92
2010-01-22 10. 90 11. 08 11. 58 10. 81 406 182 454 945 617 7.10 2.21 0. 24 4. 00

Raw Price Series 3 3 Hn ]l e

Train
Dataset . N ]
Series = =

tHn+2

B3 BEBEATEE

Fig. 3 Sliding window illustration
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O FRUEZEH 1 B0 A HEUE G Bl F S TL—1, 1AL EARN 2 * =G —w) /(c+e) . K,z
FFEAEECIRAE s 10 R o BIBIE 0 o & BIBRIETT 25 e AR/ (1 <10 ) W RIEA P AR R E . 20t
FYEIH 5 B a3k 2 Fos .

2.3 HGERBE S VAN bR

ARG TE Windows 10 #4E RGN ##47, - & 155 4 Python 3. 12, BEFACE Jy: %5 111X Intel Core
i7-1165G7 ZEHAR (FH 2. 80 GHz) - INAF 8. 00 GB, BEEIYIZRET BoR ) Adam PR ALAS X 19 45 45T -5 i . 7E
TR AT, R R BGE S 5 iR 22 W1 iR 24 2 R 1 x10 ', gt R b, e kAR AR Eiak o 100, 315
AP I S IR R B R A i S 2 A0 MR RETC SR TH I SR M 2% 1k . AL TR/ N E Ry 32, LISF-# N A i
SINGRRCR ., MEERREZ4ERE G — B 64, BEHLEFERBE R 0. 1, BEBRIPEAL BBl AU 2558 it 2 LX)
MR EE FEAT T, PEAL 8 F5 R 7715 22 (Mean Squared Error, MSE) SF-#46 %1% 22 (Mean Absolute Er-
rors MAE) MAUA I (R-squared, R?) .3 i %f b 0 235 S 5 B S L 27 4 DA AR R 78 I 2240 % 22 A8 T
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1255 i PERE
2.4 ERER S
2.4.1 PR, HRGEPFEA SCHE LAY TCNMS #5E AL, S BT 24857772 A FH A T B 2 = B e 10000 45 784
PEATXT HE 52 56, LA 6 I A SR AR A B B 48 RPN AT 45 b i A S0 S et . B X FE B AL I R . (D)
LSTM"'* . 2 BUAR Bl 28 I 45 A5 A, 384 RS B TR 06 2R S iR T 3 FHSEMERRRS 5 (2) CNINU'T 458
i BB A SR BUFE I R R A R EUERAE s (3) CNN-LSTMU ;454 CNN By & 3 ERE R I RE 11 5
LSTM By AR AR, 52 03 380 0 B9 IRE 803000 5 (4) CNN-LSTM-AMM™ . 78 CNN-LSTM JEailk F5 AT &
FIHLH L SR CHEARRAE s (5) LSTM-RNN" . XU 1 4544, 1 i ARG R I T R BUTH P 4RAE L 5 45
fERLAETT 5 (6) ResNet-LSTM™!  filt 5 5% 22 B AU B 5 LSTM., My B2 R4 LA 78 4SBT SR O (7
TCN" FE TR MK R RS A B 4, SR RAT T B WA A KRR AR I AR E T 5 (8) Seq2Seq ™ : 4
T - RS AR HE S , L FH T Ab B AR K 7 51 A 22 48 T 1] 505 (9) TCN-Seq2Seq ' : £54 TCN K A HEAR 5
Seq2Seq MJFFN A= BRE T SR AL AL T . b {6 RO LA LA SRy JE R X AR RS, B S AR SC R
) TCNMS BRI AT P REXT L s J& 3 AU Sy 3 il 52 35 2 AL, FHF 73 Fr TCNMS B8 e 3 > 21
(TCN.MHSA 1 Seq2Seq) () TRk 5 2 B

F2 A LAMEE IR (E5Y)

Tab. 2 Data after normalization( partial )

Date Open Close High Low Volume Turnover  Amplitude Percentage Price Turnover

change change rate
2010-01-04 —0. 35 —0. 35 —0. 35 —0. 32 0.52 0.12 —0.74 —0.02 —0.00 1.31
2010-01-05 —0. 35 —0. 34 —0. 36 —0.32 0. 05 —0.19 —0.97 0. 16 0.13 0. 59
2010-01-06 —0. 34 —0.38 —0.38 —0.35 —0.13 —0.31 —0.58 —0.69 —0. 49 0. 33
2010-01-07 —0.39 —0.45 —0.41 —0.43 —0.18 —0. 35 0. 41 —1.20 —0. 84 0. 25
2010-01-08 —0. 46 —0. 34 —0. 36 —0.43 0. 46 0. 07 1.52 1. 85 1.29 1.21
2010-01-11 —0. 32 —0. 29 —0. 31 —0. 31 1. 15 0. 55 0. 04 0.93 0. 67 2. 26
2010-01-12 —0. 30 —0.27 —0. 30 —0.29 0. 24 —0. 04 —0. 32 0.29 0. 22 0. 89
2010-01-13 —0.32 —0. 31 —0. 30 —0. 30 0. 40 0. 06 0. 05 —0. 67 —0. 49 1.13
2010-01-14 —0. 31 —0.21 —0.24 —0.28 0. 84 0. 38 0. 97 1. 62 1. 19 1. 80
2010-01-15 —0.21 —0. 24 —0.24 —0. 24 —0.21 —0.23 —0. 46 —0. 36 —0. 26 0. 43
2010-01-18 —0. 23 —0. 14 —0.15 —0. 22 0.91 0. 46 1. 60 1. 54 1.16 1. 90
2010-01-19 —0.15 —0.11 —0.12 —0.13 1.02 0. 57 0. 29 0. 57 0. 45 2.07
2010-01-20 —0.10 —0.13 —0.13 —0.12 0.98 0.53 —0. 14 —0.47 —0. 36 2.00
2010-01-21 —0. 06 —0. 17 —0.08 —0. 14 0. 94 0.51 1. 33 —0. 64 —0. 49 1.95
2010-01-22 —0.15 —0.11 —0.02 —0.14 3.20 2.14 2.54 0.99 0.77 5. 36
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Tab.3 Experimental results of stock index prediction by different models

Model MSE MAE R?
LSTM 0.186 8 0.385 8 0.498 2
CNN 0.030 3 0.146 7 0.918 5
CNN-LSTM 0.073 3 0.224 6 0.802 9
CNN-LSTM-AM 0.036 2 0.136 4 0.902 8
LSTM-RNN 0.045 2 0.170 4 0.878 5
ResNet-LSTM 0.146 8 0.320 9 0. 605 5
TCNMS 0.009 7 0.072 9 0.973 8

2.4.3 BEAVMEREAR IS, AR TCNMS 158U B A7 2500, A SCH S 7E L IEFE £ 3 e 600004 1847 T 58
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Fig. 4 Training loss variation and stock price prediction of multiple stocks
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Tab. 4 Performance comparison of model on various stock datasets
Stock Code Model MSE MAE R?
LSTM 0.1321 0.316 7 0.707 9
CNN 0. 008 6 0. 067 6 0.980 9
CNN-LSTM 0.0319 0.136 7 0.929 6
600000 CNN-LSTM-AM 0.034 0 0.159 7 0.924 7
LSTM-RNN 0.028 4 0.141 9 0.937 1
ResNet-LSTM 0.192 7 0.387 5 0.573 8
TCNMS 0.008 8 0.070 4 0. 980 6
LSTM 0.135 8 0.294 1 0.440 7
CNN 0.019 9 0.105 3 0.918 3
CNN-LSTM 0.098 5 0.246 9 0.594 4
600023 CNN-LSTM-AM 0.084 4 0.234 1 0.652 6
LSTM-RNN 0.043 6 0.164 0 0. 820 4
ResNet-LSTM 0.111 6 0.2737 0.540 6
TCNMS 0.020 6 0.107 5 0.9151
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(Continued) Tab. 4 Performance comparison of model on various stock datasets
Stock Code Model MSE MAE R?
LSTM 0.095 7 0.259 3 0.287 2
CNN 0.020 8 0.108 9 0.844 7
CNN-LSTM 0.081 0 0.226 1 0.396 5
600019 CNN-LSTM-AM 0. 080 4 0. 220 4 0. 401 2
LSTM-RNN 0.046 5 0.170 9 0.653 5
ResNet-LSTM 0.125 6 0.287 8 0.064 7
TCNMS 0.014 9 0.090 3 0. 888 3
LSTM 0.264 1 0.348 0 0.169 1
CNN 0.072 6 0.163 9 0.772 3
CNN-LSTM 0.151 3 0.278 7 0.524 4
600498 CNN-LSTM-AM 0.170 5 0. 264 4 0.464 1
LSTM-RNN 0.100 0 0.230 4 0.685 8
ResNet-LSTM 0.232 2 0.364 7 0. 269 4
TCNMS 0.058 3 0.177 9 0.817 6
Model: TCN-MHSA-Seq2Seq  StockCode:600000 Model: TCN-MHSA-Seq2Seq  StockCode:600000 Model: TCN-MHSA-Seq2Seq  StockCode:600023
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Fig. 5 Training loss variation and stock price prediction of multiple stocks
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Tab. 5 Ablation study on model performance under different strategies

Stock Code Strategy MSE MAE R?

TCN 0.045 8 0.158 1 0.899 9
Seq2Seq 0.064 9 0.194 9 0.858 1

600011
TCN-Seq2Seq 0.049 5 0. 160 6 0.8917
TCNMS 0.042 2 0.153 0 0.907 7
TCN 0.026 1 0.118 0 0.972 8
Seq2Seq 0.045 1 0.161 2 0.953 2

600048
TCN-Seq2Seq 0.0257 0.1191 0.973 2
TCNMS 0.025 6 0.119 4 0.973 3
TCN 0.013 3 0. 087 6 0.964 3
Seq2Seq 0.017 4 0. 100 5 0.953 3

600004
TCN-Seq2Seq 0.009 3 0. 069 2 0.9750
TCNMS 0.008 3 0. 068 4 0.977 6
TCN 0.023 6 0. 093 6 0.946 9
Seq2Seq 0. 028 6 0.114 4 0.9355

600030
TCN-Seq2Seq 0.0211 0. 089 7 0.952 4
TCNMS 0.017 2 0. 086 6 0.961 3
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