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Abstract: Aiming at the problems that graph attention networks were weak in handling noisy and
temporal data., as well as gradient explosion and oversmoothing after stacking multiple layers, we
proposed an improved graph attention network model. Firstly, we used the Squeeze-and-Excitation
module to pay different levels of attention to the feature information of the sample input data to
enhance the model” s ability to handle noise. Secondly, the temporal sequence of the data was
extracted by using the multi-head attention mechanism, which weighted and summed each sequence in
the sequence data relative to the other sequences. Thirdly, the node features extracted from the graph
attention network were spliced with the degree centrality of the nodes to obtain the local features of
the nodes, and the global features of the nodes were extracted by using global average pooling.
Finally, the two were fused to obtain the final feature representation of the nodes, which enhanced the
representational ability of the model. In order to verify the effectiveness of the improved graph

attention network, the improved graph attention network model was compared with LSTM, GRU and
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GGNN models. The experimental results show that the prediction effect of the model has been
effectively improved, with higher prediction accuracy.
Keywords: graph attention network; multi-head attention; node degree centrality; global average

pooling

T A I O Y EE AR AR, A T 7 T O AR O R L 4 R R ORI R AR
TER WA, AR, B N T2 0 25 B0 1 S T i i, B ke B 22 1) 8 bl 428 199 2465 Bk 17 FH 7 il P 7
T e TR B R T A 2 (1 A 2 0 % A AR A e 10 T e A O A0 . AR AR A
KT ICAZ 0 25 3 7T il FE 7 TN A B 5 9 /D A0 A K SR 1L I 4 1 R A R D PL R
PRICT B (g i PP, SR T ORI P RS A s SRR ARV AR I T — R T R S B A 1 T Ar B
Bty i WA AL, JEXZ AL R A 1 REE AL B S o m TR BRI 2R L X e A A
SIRARIPAT T BF B0CR s ABAR R 25 T8 TSR b A2 A1 =y B9S2 i, RIDOR 25 B8 T 0 4 4 45 4 X 7
1Y 5.

TEZK B BT ok A b, pl T 9l 5 9 ) 5 23 Rt 22 S 140 &) g R e, il TR A S 7 A1 SRy R TS AR
RUAG Ry B IR0 K I 88 SCB A SO A 8 5 2, 3 i A 8 5 = il FH BB R 77 i G R PR
N AAZ A I A Rl SRR O B SC R AR R, BAR B AN R K X o B RS2 m fE R, W] LA
H K I 1) B i AR R )RR AR AR R R R0 B 3 D A Bl g R B VB L O SR IR O 4% (graph
attention network, GAT)HATALHR. AH b AL GE f Bl A% 2% >, 181 T 25 07 0 2% 6B 2% 1 3] IR0 1 40 Fh 25
H, F AR R S R S R R SR Z A O R, B R R Rz ALRE . H IR T M
ZRAFAERL PR PSR 7 55 . AN AR AL BRI P K s LA R AEHE AR 22 2 5 23 10 BB B L G P i S A,
fifp TR 3K 6 i) 0, A SO — ol O 0 T T R O R RS A e IO RS, 1 8, R SE (squeeze-and-
excitation) A5 B I B iy A\ KK REAE 9 TP,k MR SRR AR ACHE 7 A R, o AR R 0 R
Hw, R Z B P e 508 v A 7 40 o A AN 8] A R, Tl b Y R 81 BT o Y
FOE B, 2 g 181 33 A I 45 4k B e B RO BE 05 B SR 2 ROBERRAE SR IR J5 v 20 ol 2K B T&T 2
P vh T S A R R R R PR AE . R T A AR RS A5 B0 AR RRIE R R DASR R B ) RAERE ).

1 BEiEEHhMEER

P o 222 ) 2% 0 T D €T A AR Ak B A A ) R 0 AR AL, A SEL AR e A P A 5 S OR S
SRR T SRR L A5 3T AR SR A F R E XA R T A A B A, AN REAR Ll S 4 4T
J T RO RO SRS AR B PR ) R I R T AT AR T A RS O A, AR R
i P AR F R B 1 07 U A e 7R 3% A s v F I B 0 LA O =3R4 A 48 3 s i T B A, D
G T AN [ 408 Ja 19 5 X A A R M R L 1Y R S AR
Ja 1 R A R AOTH A AO

exp{ LeakyReLU(B" (Wh, || Wh,))} 0
N ’

2 exp{ LeakyReLU(S" (Wh, || Wh,)) }
Hop by FoRHOAT S hy FoRABETT A WA
FBH MHPHERARIG RIS 0 b A1 Ry PR H
B" FARSEUIREAE, W AR A 225 L 1T 0 — 1k

B baEma BT 43 FU R T R G o R IR 955 5. 368 b,
Fig. 1 Node aggregation Xt b SRS, X R K R

fn th s, RSB AE 1 PR, HEAR.

N,
h =o( 2 a,Wh,). (2
i=1



%4 W K ER, A R T Rt IR T D IR e e I A Y 935

2 U EEE S W T A

St GAT Ab 3R 7S K0 A 7 B0 (0 RE ) . AE M 48 h 5 SE BRI Z 3L TR S HLE. SE #
Hegs [ 3 7 A R i ACBCHE R AR 0 E B ol e R R RS X R R R A R . 22 Sk v R O L £ RO [
P9 22 1) AR, AR A 8 B8 rh A 44 SR At 8 AT BRI, Lk 4R B A RO B s
JPE. TRIB 8 58R GAT W45 09 RAERE 7, X A 00 R kR 2 ROBERG 10 77 vk BIDRE 28 50 3080 e
A5 He A5 2] 1) PRUECHE i A B ARRAE B IBOBEHR e, o S B8 HCPL 500 vy a5 0 SRy SRR AE R 4 SR R AIE 5 B AR
(14 J5) 0 AR AE AN 42 Ry RRAE AT A, DTRTAS BT 35 M e 28 R, AL I IR REZR I &) 2 P, A5E80 g
.

D) B FEARFRE TR B X i A SE BEH, fif SE #ibe2E > gk i X AN RRAE 9 BB ACE SR R AL
5 IR 5K X A SRR B AL (Y RRAE ] f A

2) ¥4 SE ASEHLA (10 FRAE A B 22 Sk TR ALE b, R 23k R ML AF 2D RRAE 1) b A
AT HN WAL , RS 7 AR G LAt 5] 3E AT AR AR 15357 (0 46 S ) o

3) MR BRI A B i 22 3k i R D HL S A R ] R A B RO e i e, i A
i 7 4 SRS i A B T 45 Ay R 45 R 3l

4) A3 SRR AL (Y FRAEBE T K T 0 1 BRI g A B ARRAE B IO, 3 S0 % B B 1 J S R A A
LR REAE PR Bl G, BRI A B R A ok X

FHIE RIS R

FR2E KR M 2%

i
i
\
L R WA |
i \ |
RHERRREX L ----- 2 b-mmm-m-m oo LT N ST -

ERSEER RIS

B2 #EER
Fig.2 Model framework
2.1 MEEAbIE
SE #8555 A 38 3 I 5 A SRR AR B AR DG AR B B RRAE s AR AU b B MR 7S Y RE f). SE R
MZE RN IE 3 FroR. X T4 E kit X€ R OO H RORHEAYGE, C RRFFERD , HHE AN

1 H
Zi:ﬁ;x;,jﬁ (3)

Hop 2, RoRE i DMRRIEZ DREARBIE S RO E5 R, b Ui B 28 = AR e, TR
AMFFIERTE RO, 2 s, hkad X PR AR A, TR AU

f(2,> :ReLU(lei +b1), (4)
si=o(W, f(z) +b). (5)
1xC 1xC
X
Scalefi:ff:
A Sl
e 3 SE #k

Fig.3 SE module



936 oMK A R (B 2R RO %62 %

2.2 BF4FAEREX

TR IR — Bl S UL E R A AR 1 7 b B A U R R e Rl DU G E AT A
SR A TR R 7R 4R e B R A A0 O . LR AR AR O B A DT R 2 L — AL
o, SRR AU S A B AR SR A BUINBUS ROt BRI IR R 2 AR 55 BRI S, (HEE
TIWUHIATAFAE TS T 85 CFIAS BE A4 I B B (OB AR A Bl . A TE R 0 AL U s e 175k 2 ke L 2
TER AL B — MR R 30, B R AT AT 3158 19 T 208w A 28 1 31 B AR . I EL BB B2 A ¥ 5] Z (6]
I BB RO 2R 72 BT B WL o A 1 A 2 R X HG At 1 R R A SRS R AT AR
SROIZRAG B (0 i b 10 2. 181 4 S Iy a4 e 0 B9 O B PR Sl

el 4 P o SR WO WE WY S BiIAR SR BT A3 5 g ko vy s B BN R A 81 5 AR
FEE We WE WY S AR et 23 15 B XTI Y q o kove BRRZHE X BE SR AR S5 A BN AT A3 3] 3 M EF QKL V.
MAAREI R Q. K.V BIRTIF5 i 285 (1 1 B 0 LS i th s, B e i 5 pros . Hop
Jd EAREABRAE.

EEREEa
T T
iy ‘
||
&
Lo k
e _ !
 [TTT11 | ——=—[T T[]
,\’1 zgg ; :
X %i w i
1 |
|

B4 BEEANHGTELE
Fig. 4 Calculation process of self-attention mechanism

Q K"

Softmax(

-

Jd:

B s sHEHEITHEIRE
Fig.5 Matrix calculation process
223 B PRI R AE [ Ry LA b R A S BN [R] A =S (8] AR S e B
PEAT A TR I HLE BT 5 R 2 A s TR U R ) RN ARG OT A B e A R OR L Rt
HALE BRI HUR 22 Sk i 5 0 ML) BE Al 4 far A 80 A [R] O TR AR, B AR R SRAERE . S E — 1
AR Xe R, ZRERNIHEE Dk, X T AEREIK i, Head, 7T BT .

Qi(K;)Tj
Head;, = Softmax V., (6)
Wi
Q,’:XW,'Q’ K,':XWf’ V,':XWY’ (7)
Horp, W WE WY e R e iy ARk § ALE 5 dyed MRS 045, dHcad:%- i o U 4E
PrES A EE IS5 .
MultiHead(x) =Concat(Head;, -+, Head,). (8)

2.3 KEIERE
AR AR IRORE B 4] 5 SRR, 0 1) 2 SRy e i R BBORSE B 1 JRp 3 A A 2 BB B TG v 4 R e I A B



%4 W K ER, A R T Rt IR T D IR e e I A Y 937

oA 4 SR P A SR IRCTY R A R R, AR P R T A T R REAS () A RRAE SR P 2, SRS
B A DR AR 2/ E . 8 A20

N
global_feature = % DX, 9
i=1

Hr, NRRWALE: X BTN IERE, X€ RV, D KR &A1 SURRE ) & 09 48 52
X; AR E 1 BEHE IR &5 global_feature€ R” FR 7S M REE, 0T A B 5 2 5 FRE
IR,

TE Jm) PR AE S U He b (6 GA'T I 26 RTS8 O P AR 45 6 1 O X BT 0 Jmy B AR E. ]
FEERAEM ] GAT MZIIZnt, fZd 22 HHn @
REALIRAL | A B AR A A5 (0] L, FE M6 5| ] T AR 2

B, N 6 iR, 6 h(e) FRH GAT

R FR 22, o FoRTT— 2 M4 . R h(x) GAT X

TR AR R R T — )2 1) s e A 3 R 2 b AR BT i T

W SRR R T IS A B R M g rhL Ak 2E sk Mo REETEHME

AT LK B0 ) U A J2 0788 S i S S, DTG A Fig. 6 Residual graph attention network
AR AR AL B G2

A AL RAERE 7, K2t GAT Z8J5 (i 5 19 5 B o Y BRI B i . A RAE
S SR PR, Y R PO P RN T AR T A TR R A R L R b PR R B T R Y AR
TR L, TR RN AR AR RE T B, AR BRI A U2 X A AT A 3 3 M T R R R
Ma. PR, 5 PR R R R RO PR R e B AR S AT XA 1 P B A B, A ) PR A Y SR RO
(-1 AN =S ST | A - S G AN R L R L i | I 3 i /N W

Co (i) =L (10)
n—1

Con (i) = LoD (1)
n—1

CGY = Co (i) + Con () » (12)

Horb Co DFRRTT A i AR LYE, &, (DR AT ATEE, n RR S8 R R EE TG
PE Co (005 A L5 BRI IS A o0 15 00 OE o P AT B 78 095 8 4 9 E o
C@).
3 HESR

A28 H O R T S LT (SMF-G AT s) 5.

Bk 1 SMF-GATs HiHl,

BN RWMIFMEBAFGHALETHEE X= (o, a0, xy). KM MEAFEEFE
A=(a;says*"san);

By s o 2R R X

B 1) W,<fc(globalAvgPool (X))

I 2) X<cal(X,W,)

$ 88 3) for i<=1 to num do //num 7~ Head %1

ER W2 ,WE WY <linear(X)

LB 5) Q< XW?, K, < XWK, V< XW/

,'(K,' )T
H 8% 6) Head,-«Softmax[Q jVi

Head

H B 7) end for



938 oMK A R (B 2R RO %62 %

LB 8) X, < concat(Head;, *, Head,u,)

H B 9) for i<=1 to N do //N Ex H B4

£ 10) g:<Graph(x,,a;)

£ 11) end for

HBE12) for G<=(g,.g2,»gx) » Xgonu<globalfeature(G)

H I 13) X< concat(resGAT(G) ,degreeC(G))

B 14) X~ W, X o TWo XD

A% 15) end for

B 16) return X,.

BT AL

D MIAEFEE X= (220, x) G, BIEXE X SRS TR A B, B e X X 617 2
PB4 5 BIACE AR FE W, . 15 56 f S B X AR 2R A

2) THA M S X A Q) . GO FIE (V) JFH X =3 M TR ARAT BT i X, DAIEAZ 3
Hh A AR L TR] A AR OC R

3) B X GRIMIERIE AT GG R A= (aysas s san) TR RN EHURE S G

O FEEBAEE G o TR AT B b R Y A SR T AR T U T A IR
A, 3R 50 R FR AR IR ROR

5) >k 4 R V2 Ak 1 Oy SR BRI EE 45 G M R RRAE . JFE L 5 ET— 20 T AR B R AR AR N
[F) A e Rl A 30T A R A R R A B A 0 R A SR AE ¢ I 20 7 X

BEVE 1 R XAl GAT SRS B . 5 SRR | Rl A TE B I LI A S 22 ROBE 4 IURBE B A5 B 4, gk i
FRAEINGR T GAT B 4b P PSRN PP B8 RO BE 7, ANINTINAR 1 GAT BRI FRidt B, I (1) 52 A% 2
IR Tl GAT B8 s [H AL Hy T35k 43 ) 15 4 %1 25080 4 00 R A RR AR RN 22 JR RS, ] T T 2110
TR B 5T, ARk i 2 0] 52 2R B AR il GAT Bl .

4 EWiRITS5aH

4.1 HIESERPF—LLE
RSS2 36 AT P A Al A e B i T S B A T AR b AR K R A Bl B SRR RS TR L
F 1AL R A BE 7 992 A SERR bR R $E A 4y 30 o e, BT 24 A H 0 BUEAE
RS, 3 A MR KR . BRI A Bodla vh i) 7 104 280 IR 46 . 888 2% Judie A S ik
AT
F1 FEimER KSR

Table 1 Monthly data of oil and water wells of certain oilfield
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Table 2 Oil and water well graph data of certain oilfield
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Table 3 Evaluation indicators of improved graph attention network model
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Table 4 Performance comparison of different modules for improved graph attention network
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Table 5 Comparison of prediction performance of different models
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