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Abstract
Stock price movement prediction is considered a challenging task due to the complexity and vola-
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tility of the stock market. Based on the ability of graph convolution network (GCN) to process
non-European structured data, this paper proposes a stock trend prediction algorithm. The algo-
rithm extracts features from the historical trading data of stocks through TCN (Time Convolution
Network), quantifies the relationship between stocks using graph structure, and uses GCN to learn
local feature representation from related stocks to predict the movement of stock price. Different
from previous studies, this paper emphasizes the fusion of individual features and multi-scale lo-
cal features, and applies wavelet packet transform to denoise the data to improve the perfor-
mance of the algorithm. The algorithm proposed in this paper is verified in the data set of CSI300
constituent stocks in the Chinese mainland. The performance of two benchmark indexes is 2% and
3% better than that of the common time series prediction baseline models.
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DA ZEAN A AR R 1 S R 8] P2 51 (0 T30 — B S AOd oy AR vl . R TR E MM 26, R
S A7 A 2 W20 56 TN A ZE AN A AR A A T, FH SR MO N SR — A FH A T 43 Wi AR A T 2 A9 [ 1330475
Bk, Bt E M ARk ATk . BT ARG H R BURIZ S RIS R
1B A AN A B AR R 3 34T 20 AT, AT VEASUE S A SEBR OB, st s st bt ikt . JEd@d geit
7 R CMEN RS RN AZ S B, SEIUG AR SRS 43T, 3R O AR SRAE SR AR B0 E ). —Fh
LIBT3 A2 R SN b 7 A AT A, AT AR SR — A28 5 H AR AR ARG Dl IR R b
TREES I BRI W E, Rk 22 (R 78 #08 AH AR B R B R T HRORTH b, IF HLEE 7 AHER
Guit ARG (AR [2] [3] [4]e o TP B A ER IR S M IOR, A T IR T AE 2, — LSR5t
N ¥ HSR1E = kb7 (Natural Language Processing, NLP) S F 2 A ZEF b, 3@ i o0 4 — Se ik H s LA A
(ARG S, A A IS B[SIFR H S AE[6], WA SIS B, 456 P se ks Sl i 1T 2 4E
FEAAAT, K AT AN AR A B TN . BE A A LR [7] (GCN) ISR, IR 2
SJEA T RAMEMIRE T o A5 GRS B AR A BRI 8] 2 B B 2008 1 Sk 2 (Bl C &R, TR SR
HIRIN 208 1 B2 2 TR AR DS s B ArfEAT k. FrJ@ s A F FTIERLIX DA & /A ) 2 [8) ) AH B RE
KRG, HTIXEESCRIMFE, MR ERMAS RS EH — 2 IS, Chen 55 [8]18 F K45 1 Bk 3R
RSN, BRI SRR AE, AR EM S Z RIRIOER, XTI A& 551 sh 3R B Hds
REAE 2% S B s 4E I RFAE IR R T 0 B i, A5 7 A T R R A 2 () T A 1

SR B AT TARICAFAE — L6 [0 f: 1) GCN A& —Fh AT IS S S B 5 SRR IE ORI . DU EE
W FE B AR SR I T 18] 5 27 B B K e 7, FRAVTAE DN SAE 11 204 R P M A R 3R 2 T RARRAE 2 AT
2) B R ORI A SE PR . K JZ ) GCN RRZR (3 R il K ARk i 5 M5
B, FUBFE—EE 5 &N AR E TN, AR A s B R Sr.

BEXr BRI, ARSCHEH T —F2ET TCN A1 GCN B SEAM RS TROIASE 2, 25520 A 523 25 D R )
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i AN AR R SR 2 T (06 R 2 ST Y RrIE R s, T3 D + LRI ES /8Tl Bk, &
AT R 300 Lo IAE R AT, 1 St A sy IR I3 s ARk e 90 24T /DN B0 A8 e DA B g s
5500, BATME FHAERS 18] 7 41 40 #r 1 Eb RNN (Recurrent Neural Network).LSTM (Long Short-Term Memory)
RRIVIRE S ST RIS AF 1Y) TCN AR 56 BB S 4% 32 A1) (R AIE 1) B S . S =0, JRATMSE AR S
BT 2 R GCN REAY IR (RIRFAE b 2% = 1 52 I R AR AR DAEAT 2E S5 T o 3 190 A 0] 2T ReAiE 1)
Z REES T, Bt BRI E 7 T e 8 b SR A3 1 SRR R AE RIS [R] GCN 2, PACRIEAESZR 5 57
AT AN 1) FRUPE B R 0 1 [ IR AN 2 25 2R R IMARRRAE o FRATIE DI 300 Beoy i AT 1 AH IR SESR:, JF
KRV Bl (B BVESRAE T 455, £E K40 1100 R T, 58 FH I R 7 FI B 2R A AR bL, FRATRLAL 1)
SY TR FEAN FL Fa 803998 T 2%~3%.
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Figure 1. Algorithm framework
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6 FRITK M -
UP if B >0.5,
Movement =< DOWN if B <-0.5, (D)
STAY else.

AT TN TCN A1 GCN 244 1 I T IS A K A 35 T AR 38 2 S S, B PR 45
WP 1R, IZAE RS =AM 1) BT B JE N R AR AN I 18] S UEAT A &
WRANELEE; 2) [ SRARAESREUBEEL, dEId TCN W48 LM 5 SR IURFIE I 3) SR ARRFAE S ST
Beo EAIASCBREEI Multi-GCN 2% 52 3] il 1AM AE AN R SR S M R I RFAE AL &, T T e & (702K
T . AR AR ERGE T

2.2. BIETALIEHEIR

FEAREGL A, AT FH /N B AR Rt S AR IR AP I 18] PP S AT 250 o /N B AR 0 /N AR ) — T e
BRI, THZN TR S B AUR[O]. TN ARSI RS 2 RIS ifae 71, ERH N T4
RN 18] 3 51 ) 25 R [10] o /N AL AR 22 I SR AT AR RUBE 0 A e 18] 2 5, ey, BRAS 2y A B
ALAE S BRI D A REL FBRATT DBLE B ERI IE M & NIRRT K H A D IR
R 1) NI 2) BE D RIREG 3) tHHBIE; 4) ERBRERECT IR TIENE . ASGERAA R
Uf B IEAZ AN X 22 Daubechies /INE 2 A 1) DBA A DA /INEHE R 58 S/ INB B 70 fif o /N R KM 1 R BREAE T
THE BB R AR E sk 3 W LT RO R AR [ E B A T BB RE M T AR ATt
AR R A A TS xR E A, 55 BRI, N T RS SR R R A AN
W BATERFEBOA IR B TEAm IR T 5B N BUE TH S 5% TEm AR T I3 B e iU 5 &Aoo
RMEHE, IR ENIMINBIRHRSIF BN TR T T (2 3K(2) . AJFAZIRAX@)BEF TN
BofE . ek S E R R AT R B N BIME (A K (4))-

f (k)=(sort(s)’). (k=01.2.-+-,N -1 @
Risk (k) = N =2k + X1 f (i) + (N=k) f (N k) | /N @3)
Th = /argminRisk (k) @)

ARICR T FMeEE S [11] 58 i SO BB s B (A 30(B)), e il T hefl B bR B R AN I b, [k T
8 TR B30 4L R B0 BRI G 5 5 JRARTE 5 1R 22
sgn(x)(|x|-0.5Th)  x=Th,

5
0 x<Th. ©)

Threshold (x,Th) = {

TEZREER A 1 e Bs 45 A USRI 25 D R AN RS B0 EA T /N B 4 2o e o TR S AN A BT () 2 47

o AR ) e sy ARBRRARSR &, B S FRIGE S A ALBEA T, &. 1

fb 7y BRVONRA T &, n BRDEIEL, EATHREF YN ERE N 3. e e X 4811

ST R, T ()RR REL RN, X OSRERS R EY, [EERES S, WA
K (6) 7o

Sout =S5 +T(3)+T(5,)+++T (s, ) (6)

B R e I BB AN AR P AT H— A (A (7)) 78 OB TRAC PR T AE, JHorb 2 P 8IIAME, o 2
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Figure 2. Structure of TCN (left) and Residual Block (right)
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Figure 3. Causal convolution (left) and extended convolution (right)
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HI T PUER G RUIER B 5 248 R B VE AR O, O 1 BRI S RAS, TCN R 19 sk AR 20 (K
3 1), BEILER o N F T HEAT R RAT RS2 BT A R R S K [15]. X T —4E Al X e R™ AN
B, WPSITTER X YT SKRERIES F g SOV AR(8), Hr d 29 5K 7 CRIER), $E Eo8 2 1B
Fe, k REMRT .

F(Xt):(x*d f)(xi)zz::olf(i)'xx‘—d-i (8)

233 BREEE
W 25 R A M i FAE ResNet IIZ A 1 [16], — R T7EMI 2% s 2885 ., RV 48 IR A5 ok
R0 FEE T 2R e % L i K i N R A B S N B 5k 25 B R sk s R, T N R R T
BERA AR SE, UL TCN R T#IAMA 1 x 1 3582 DURRER R H 7k 2= R AR TR . TCN 8
WEBREBRZ, WE 2 HPR, BNEERAE 2 AP sk GRZEMIEL M ERZ ReLU [17], th4MT
LNIEIR N T ALE A — 42 [ 18181 dropout [19])2 LAEAT IE AL o B 28 B b (1 T H S AR T U A K (9) R -
Ztl = R(Ztl_l)+wlxlztl_1 9)

Horpt R(+) FoRFRZI A AL BT AR, W, %R 1 x 1R Z) 52 TCN M2 | EFRZEIRTER %1 t 1)
it

2.4, RRFHEE JHER

FEABH A FATEZTE B T I TAR: 1) BRAEBERNA R R RE L =R R, 2) 2R
J& GCN P RIES F RS, RO FIATWBEER (R I S8 AT EL R i 10 24 =] AR AR A A% AL S8R AE S F
BATIREGEH TN N, AN GBI

24.1. StkXAEME

MWK, MT KK G, S 4 R UUCENNIL. X ERATHE P8 s fon— 3k, A
IR RN R R BATZEMATIE . BRI L RR B H ILBESR 70 S rpo ISR 2 1] 1R 5% R kAT
e, IFSER =R R AR T FAT A EE, BATRIZ M R BRI AR 1 i BB v, AR
N Lo BEASAE F BT v 220 4 P DRt R B 22 90 e oLk 35 3 TR BB AT O —FbRs e 4, 5G MR Bt ds
T EIBGE, Ay 5G HIAHSRBSR AN B 20 BN (AR B A — e IS . 0TI SCRA MRS
MIfsE, BATRER AN E RS BERR U E ABEERGRM SR . N TH BRI A,
FRATTfa7 5 L i bE B DR LA

2.4.2. ZRE GCN M4

X P SRR P B H R A R Tk &, FRATIE H B T KM SR E N AN SRR . GCN
W24 58 LT — A B4 EAE I BSR4, ST | R il HY 2 in 2 3,(10)
FTR o

1 1
H('”)A:a(lj ZADZH('W”J (10)

Hr A=A+ 1, A REIMASEAERE, | RPAARE, D& AMBERE, o NIF&MBIERE ReLU, W
VRFEASARFE R . 1T GCN A B IS5 HRFIE, BEAE M2 IR, SRS s AR T8, 39 R R
MERIE R R AEE R T RERZFMILG, FEEIRH) GCN At L, wnl&l 4 fros, TATEXL T AT
ZRPR AR K2 RUE GCON MIZE AR, AT AAEAN SR 25 J5AT MARARF AL (K (R A7 ot AR 4k a5 A B (S S . 3
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Figure 4. Multi-GCN Structure
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W ZE B 1T Tushare (https://tushare.pro/). W% 1 ATo~, SATEIECS 6 Fixs BEE, 7002 %R EAE
HRPFEEAN, WEAY, B, BIEN, X5, ZHH

Table 1. Data sample of CSI 300 constituent stocks
Fz 1. IR 300 RS B BB AR AR

B AR H 9 TTELA ey 54 liNi) WAL Lo B 5
000001.SZ 2015/06/01 15.33 15.98 15.19 15.90 2,158,362 3,365,459
000001.SZ 2015/06/02 15.89 15.90 15.52 15.77 1,904,822 2,991,564
603993.SH 2019/07/05 4.02 4.03 4.03 4,01 315,105 126,263

BEAh, i 2 s, BABEMNIZ AP REL T Pk e St i) — SRS B T LA R R A, X
SLIE AR B RZBCEE BT B AR T LR A R R DL .

Table 2. Basic information of CSI 300 constituent stocks

522 PR 300 ROBREREE

JBEEEAREY AT LFR Tl W W&
000001.5Z PAARAT i N EINAH . X e
603993.SH 1B BHE) WHEE & HH A NEJFe

3.2. BEIEOZE

N T PRUESSUESEI 1, FRATEFRIE B0 & EHEN ST IO UE . JRAT TR a4 b i B Rl 70 \AN X
[ (DX 8] AR e AN 25 A (] % 3 o). RSB I IX TR 200 R TUI 24 « 50 K (156 UE 4 A1 50 K
FIAEE . WEE DB 100 K. SEERID I UEENIZEMLE, Rl E Ik e AU,
AT CAGRUE N ZR R AR e b RIS, AN [RTISS T B AR B0 IE P DA S0 e A i SE T SE PR
Table 3. Start and end time of sliding windows
= 3. IBEE O LERTE)
Window0 Window1 Window2 Window3 Window4 Window5 Window6 Window7
iR/l 2015-06-01 2015-10-29 2016-03-25 2016-08-18 2017-01-17 2017-06-20 2017-11-14 2018-04-13
ghER 2016-08-17 2017-01-16 2017-06-19 2017-11-13 2018-04-12 2018-09-04 2019-02-01 2019-07-16

33 SLWRE

ASCAE ] Pytorch HEALF T By 191 2k, 6% Adam ik #s, # & 2% 21 % K 0.005, epoch 4 1000,
MR JELUB 4 N B IO 4k FE R 2R As, AT E GCN [HBal /2 Bt ol 32w PR — il s ik E,
FATVHAT 7 —LeXT LSk F A £ 3l & LI SRE 95 520 200 K, R & 1 100, 150. 250 1F
DXTHRZH s R RRRE TN IRT 7 R IIAE G B AE AR AR, JFBE 5. 10, 15 RAE XA . ATk
PR XBE NN R BR R A ShAh, BATIEBEE 7 — 85 F (1R 28 50 5 A SR W ) Sk AT B A
£1.35 1) MLP; 2) CNN; 3) RNN; 4) LSTM; 5) GRU; 6) TCN; 7) GCN; 8) L-GCN; (LSTM + GCN); 9) G-GCN
(GRU + GCN); 10) T-GCN (TCN + Multi-GCN).
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Figure 5. Component curves of original signal curve after wavelet packet decomposition
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A =2, W 5 R, RIRGEE S S )\ ES Ry . Hd A
(Approximate) LR ZHIE R &, D (Detail/RERBERIA T &, HorELEFEGES T
B, ML AAA RS 5 EIBE SRR ESR, o ERANL S, MR, Wi
HenEQ &G —EmgsE, NI, X0 T EMMmEnE, WK 6 Brx, JAIEH LM EH
Y5 HIAE 5 R 22 M 26 (F R SR A6 15 5 b 26 A0 2 M A5 5 il R A 1A B 200 P A 224 o Je 908 7 o 2 7 O B ot
LRRARESA M FIRS, BRI T /NI RS, X AR T RA T — P R RE SR BRI A B B 6 AT LA
MELH], 245G A7 T BT R PR B (0~200 A1 500~750 Z5)i, e A (i 25 08) S35 B, e e B
(250~500 %5), ME7E AT LAZBSAN TS, X PR SERR R A B I AR A IE U [20], U EEANAR £ T B
SIS, BV S A AT 2 5 USRS R . SR B I AT NI E e, O BLAE A 2
A RS, [ 2 R R AT G B . AL, AN RIATCHT R R B AR SR I ] A
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Figure 6. Comparison between original signal curve and denoised reconstructed curve

6. RiafESHIZMEIREMFHLEIILL

4.2. FAMERES AT

Table 4. Comparison of prediction accuracy of algorithm
= 4. BUETUMERREI

iR Window0  Windowl  Window2  Window3  Window4  Window5  Window6  Window?7 T
MLP 0.3443 0.3558 0.3517 0.3818 0.3872 0.3638 0.3513 0.3411 0.3596
CNN 0.3622 0.3502 0.3396 0.3917 0.3839 0.3547 0.3564 0.3672 0.3632
RNN 0.3669 0.3813 0.3618 0.3965 0.3813 0.3662 0.3672 0.3527 0.3717
LSTM 0.3906 0.3638 0.3812 0.4015 0.4012 0.3923 0.3987 0.3664 0.3869
GRU 0.3959 0.3614 0.3701 0.4166 0.4052 0.3943 0.3769 0.3734 0.3867
TCN 0.4011 0.3712 0.3801 0.4212 0.4114 0.4249 0.3895 0.3667 0.3957
GCN 0.3712 0.3688 0.3742 0.3929 0.3984 0.4023 0.3752 0.3891 0.3840
L-GCN 0.3863 0.4073 0.4154 0.4163 0.4287 0.4064 0.3989 0.3861 0.4056
G-GCN 0.3817 0.3953 0.4021 0.4136 0.4238 0.4126 0.3919 0.4186 0.4049
T-GCN 0.4181 0.4267 0.4126 0.4285 0.4397 0.4274 0.4125 0.4168 0.4239

MRIE e 4 FI5E 5 BRI SLIGLE A5 5 Rt i, BAUEW 47

1) 7E3% 4 FISE 5 v, FRATHLER T E B 228 35 43 R TIINIAT 55 A FH R AN FH O R R (D 2 75 FH 38 B
ML) RE I RE . BRIEUGE GCN 4F, GCN 4565 UL A 8] 7 1 RFAE SR EU R 25 (LSTM. TCN Z8)ff A,
X TRINRE FE A — 2 3T . SEERBRLA L, A SRR R A1 T-GCN R I S dF P v ae,
NIRRT 20 2% 3%, W T3¢ 4 FoRHEf 2 1048 bR, A SRS IRAIE 8 /ME3)
&I 6 NRIURL:, WT3 5 Fin FL {8 s, ‘©7E 8 MEshE N 4 NP RILELF. GCN Hik
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FE R FR AL AT 22 JF A IE— SE R RE ST . DL, BUCPFIEER R T ik, SR, —&k
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Table 5. Comparison of F1 index of algorithm prediction results
2 5. BATUNLR FLIEFRRTEL

it Window0 ~ Windowl  Window2  Window3  Window4  Window5  Window6  Window?7 I
MLP 0.2871 0.3668 0.2804 0.3979 0.4098 0.2247 0.2501 0.2949 0.3139
CNN 0.2598 0.3409 0.2622 0.3749 0.3819 0.2047 0.2121 0.2929 0.2911
RNN 0.2891 0.3763 0.2817 0.3654 0.3849 0.3642 0.3037 0.3076 0.3341
LSTM 0.2993 0.3362 0.3784 0.3751 0.3672 0.3427 0.3426 0.3089 0.3438
GRU 0.2806 0.3521 0.3676 0.3495 0.3660 0.3341 0.3972 0.3062 0.3441
TCN 0.3357 0.3671 0.3696 0.3878 0.3543 0.3801 0.3566 0.3244 0.3594
GCN 0.2378 0.2924 0.3027 0.3133 0.3344 0.2719 0.2402 0.2672 0.2824
L-GCN 0.2554 0.3438 0.3398 0.3629 0.3762 0.3279 0.3221 0.3237 0.3314
G-GCN 0.2913 0.3575 0.3254 0.3733 0.3866 0.3329 0.3352 0.3472 0.3436
T-GCN 0.3013 0.4094 0.4050 0.4110 0.4361 0.3775 0.3945 0.2741 0.3761

Table 6. Performance comparison of T-GCN using different denoising threshold functions

%% 6. T-GCN £ B EIAEIE A R 2 A M BEXTEE

AN W E T HUABIE
Accuracy 0.3945 0.4132 0.4091 0.4239
F1 0.3438 0.3715 0.3639 0.3761

2) W6 FRTLLMEES], X RN KR MR, Zid /N AR M 2 e X B A A P RE A5 2
TR, RIS AR 1 20 AT DA R T B G AR R it A 55 TN s K Ve o 5 oA B AF B
HOHEL, SO A SO ) B B BUR R T BfERrERe. BIRE TEZRMERER, SR8 EA
A SRR 73 750

Table 7. Performance comparison of sliding window under different training data time span
= 7. BEE O RINGEIRIHCIEE T A REXTLE

100 150 200 250
Accuracy 0.3762 0.3904 0.4239 0.4158
F1 0.3461 0.3565 0.3761 0.3745

Table 8. Performance comparison of input data under different time spans

= 8. WABIEAEREEE TAIMREXTEL

5 7 10 15
Accuracy 0.3935 0.4239 0.4132 0.3944
F1 0.3541 0.3761 0.3680 0.3656
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