H25% 3 R S A 12 Vol. 25, No. 3
2025 4F 2 H Science Technology and Industry Feb., 2025

=T B 4 i 25 o 3013 Rz R 25 00 5 o e 2

X B, KR
(KL AFHHIPES B HERERFER. R KX 430100)

WE: AEBR T, M i KA AR TG R T R Fe BE A A 2 4000 W) 3, 5 B30 R TN R, R AR TR K
LB BAE KAHILILMAFEZE NI, ME AE-LSTM-AT(H % A B-KE I 00 W &2 & A DR
AECH % 3) ¥ BB Ao B AR B BB ORI H L — 2R — =0, AGAKE BB S HLF ™3RO ER T
BAGTFH KRB LSTM(KAEHIRIC ML) EEIRT AR FH R A, LIGR T ZIEH N1 F e 42, BV
1585 4@ Attention (EZ /MM IANFE A EAT MG EEZAINE NMm I ERRBEXHHILE.RF
MR ERTRF I KETFGEEREIL, XL RA MLP(S B E) A LSTM.# 47 4 413306 £ 3, 52 B3 9 A L
89 LAY 25 M A2 K A TR BB IR TR P A SR ROR

KEIWF: BHAE; MFwL; KA MS; EE AN LM E TR

FESFES: P63l XERFR AR A

XEHS: 1671—1807(2025)03—0013—07

e A7 I TR B8 4R AT b L 0 Al A B A E
PR SR B AT R AL 1 X A il it 2 A il R I B0 BE ) Y Al
TR DU T4 2 0 3t R i 2 AR LB R 3
R T i )2 A A LB A ) Y AR AR, B R
&R AR GG AEFZ RO RE S . FLI B RS o 4K
OGS0 AT A J7 8 WA R 8 4 S 5 K
PR MRS 2 BT R AR AT 1 4 B R R 3
S S U 10 3 BT SCHE S ) 0 S AR A AL R R A
it )2 2 B0 TN — 2 A 5 ) B,

HL#% % 2J (machine learning) i) & & 5 & L ,
C B LR IRZ A & 4 A8 B AR, P
R AEZ M 4G RE T, A Il A 4R 01 Sl R T
X Ty R T 0T WO A 2 S 8. SR, BP
(back propagation, JZ [0] 1% %) # 42 R 2% 17 7F — L [iF]
A TR) L, A 455 WAL SI0H BE G L B B A JR) S B A0 ik LA K
W0 265 J2 48 R A BRI TR 2 20 S T A L )
T BRI, 2 TR Z R )z B
AR WE WU, B S R IR 246
2 I 25 SO AR AL o TR B2 27 2 H R 5T )2 S 4L
T G, A RE P U L A AR N e i
BrELIX 4 B IS O A B 2 2 AT I 2L AR
) 1 FL B E TR 45 5 5 SR (B i EE WA . xR AE
R R K S 8 12 (BILSTMD # 28 ) 45 7543 F
HARFE Y 51 Ak 25 #8 B0CHE I ET RS AN Y P B

s B HA: 2024-08-28

i 22 U 2k AR AL B L, N7 BUR S B CNL
CEMEEH ) \DEN C B2 VDT (G i) L GR CF 441l
) 15 LB Z 18] dE Lt e Ot 6 &R, e, 155
4 BILSTM A5 8 75 £L Bt B 000 5 i 2 BRAL T 4K J
#1142 (long short term memory, LSTM) | 7 ¥ #if
2 M 4% (recurrent neural network, RNN) Fl ¥R £ #
Z W 2% (deep neural networks, DNN) A B 22 g
ZENSR ) LSTM 1 20 i 28 ) 2% 14 47 L B 5 Fi ), 5
HAeEEREMAE MK TILE, FR4RE
7 LSTM 1 BR 1 28 ) £ 7 15 DK J3E 0 AR %k 5 Tid
MR T A i HE TR BTl 28 X %, JR 30 L 7R L R R
TOMAE: 55 2Z rh i o 2 L

XTI B 58 BR HE A7 S8 45 0 A s AR SR T Pk
i AE-LSTM-AT (auto-encoder-long short-term
memory network-attention mechanism, H 4 % #5-
A 102 W) 283 T T AL D AR Y, A AR R 25 4 (1)
HERTIA AE 2544, 8 i B I 5 B8O A H AR RO
F) A 22 5 DA o 455 4 2 B o 1 1 2 R ik 4R
R —2:, A %48 Cauto-encoder, AE) 1 5| AN
AT LAAS 3] e 28 0 A R 2R 17 HL AT DA B AR it 49
XA TP, MR LSTM A4 4 78 Ak 2
IR X BRI, L 58 LSTM e B 2 19
BFFE . Attention AL A & A4S B[] 25 7 A — D E
JIACE [y i, FH T A AT 8 0 SRR AR R 1B A g

EEBN: ARW998 ), 4, EATEAHAAETHAAEHARATOAREFISUATHESGBERREL
(1999—), B, AL MA LR R A R F o1 AN HF MBS ATHE,

13



BHE Al

Fosk 3

B AT 6 456 1 OC T 5 S AT 5 AHOC AR B el R R
LSTM % th R A i M BT IR R IE r i R T 2
BT 5 M AR AE A5 B, AE-LSTM-AT #5 %1 (i 15 /F
) B HE EL A 3 TR T O AR

1 FHERE

1.1 B4%#f3:5(AE)

FI 4 5 i 0 — i 0 WE B 2 ST 1 bl 8 I 4% L
RIS H A AT S5 2 il IR S A B T B T TR R L A
11 BE 08 A7 28 1t 5 A4 I 0 B . LI B 7Rl i 2
> B 4 R 2 s R 2 R Bl e R 8 RN Ak B A RO
HCAR AR T ] LA R B 27 27 T 4 B0 v i Ze vk A
2R A B, 3 k] A 20 N % 45 R RS pR B AT
A 2 e WS o B b A A 1 A AR ARAET L A G
g 2 i 49 2% (Encoder) UL K fi# % #% (Decoder)
TR S 4 2K R A TR A RO e 4 3V A
RRAE 2 ] e 0 25 D) K s 7 1) s [ 2540 38 5y
S B 0T o A B RS

% JZ & 48 (multilayer perceptron, MLP) {E
gt g Y A L E T 2 )R WS W4 HE
B, ] DL SE A 2 b JBRR AR Y A R I, AR SR
FH 22 J2 IR 28 A A i B 2% 1 R AR 2 L 38 A R )
1% B 530 2 U A A 1 5 19 2 50, 52 X T 7R R AE 1Y
WA J5 . AE-LSTM-AT 4 5 & 4% F H A % 15
AT B P SR 4 R I B
PEATHRAE 24 ) L o I 2R @ 4 A% 2% . 1T LLAS 20
i A 2 B0y 4E B WA RRAE ROk . DL IR
BB A bR BB B R AR A A e — B[R] 2
(] o LA ARG DR 850 40 43 A 22 5 i 5 1 S 1Y) o 49 A8 1k XF
[ RIVNE R 7
1.2 KEHIZIZHMERL(LSTM)

LSTM /& RNN i) — AR M 4, LSTM B A&
T RNN — 1y 55 245 4, B £ BOBs 19 B Sofs B
5RO A B 0 AR OGP L T T B I 2 R B A e Ak
R, BEXE RNN S5 0 0 B B2 8 K A 0 AR s 1 [5]
B LSTM i 51 AICAZ B IT W T 25 /0 i AT T A AL
A ik e o A T A At B 0T A T) R 4 oS A 2% Y A
ST T AT BE 05 7E AR — B ) 9 AR RE A B O
A PR B ) T & R AR R XA AR S S
T 53 A G 5040 R S A AR DG 1A T FO

LSTM A 3 T4 . o3 5l st &) m AT
Al b 1] Herb s s T B AN e A2 o AE
SN Ris SuiE NI E 4L SRR SN A TRR VAR
BN IRTRR VA STois (1 v ol e AR TRR VA STt S X =R
Bl L BCA A R SRR T R ) 5 )2 e

14

BH 2 HESH X
X = {x1sa5 s sy} (@)
BT R RR N
fi =W, [h 1 a]+b)s 2z, € X (2
AT R R RN
i =cW,[h y,x,]+b)s 2, € X (3)
C‘t = tanhW_ [h, 12, ] +b., 2. € X 4)
W TR R N
oo =cW,[h1,x,]+b)s 2, € X 4)
Korfre o PTG KRB Wb AU A R R b
g BT — BF 2 B BB AR 5 5, M 2RI 2 AR S
iR T s AT o T TR
C, i B2 RS, BV AT TR 0 125 L
FEACAC B ICE I R b, AN C, T A, X H Y
RCICRS C, g, AR F R R
C, = fC.+iC, (6)
h, = o,tanh C,, t € {1,2,++,d —1} 7
LSTM I L4 B I 2 807 TR 1) 14 )7 91
FRAE ARAE B 1 A 38 T B & B 1 A7 7E KRR AE
4 T e B 5 iy 300 AR AIE X6 A S5 14 52 Wi LL HR TR KL
PATES 2 J2 LSTM H i B 3B 40 AS 51 22 1) 1 41 AR 1F
DUAR B R P 7 8 B R AE . AE-LSTM-AT #5584
R LSTM J 3 W 2500 6] 0 S 56 WA L R 17
— K LSTM M4 J . % it (8 Fe FUER O 28 ) 2R 17 BF
B2, AR S B0 10 [R) B, 36 50 T A BE R I () 45 9
fESZ ) W B5 e .

0 0.050 1
] -
2 -
3 I
A 0.050 0
5 -
6 -
7k - 0.0499
w 8
R 9r
Z10r - 0.0498
ok
12k
13+
" 0.049 7
15
16
17F 0.049 6
18 -
19 |

012345678910111213141516171819
LIRS

1 #hE

1.3 EE A # % (attention mechanism)

FEAL B 50 ECHE B 1 B ) AL O — OGS
AR T AT B b R AR TR, LR
Rb BRI AERS P . 38 X A AL £ AR B



X A T B S A i A S O A 2 0 iy £ T A Y

X S LA B8 09 52 2 PR 2 A P . AR IR B 4
Hh TR HR A Ak B B B8 I AL B 5EA
R % fof A5 70 0 i 52 36 b X A A BCHE AT b B TR
I HL A J B 0 o) ST 5 A B A ]
AP AU X SEAEE BT DL A R A4 O G
I K N/

T

K
Attention(Q,K,V) = SOfImaX(%)V (8)
k

P .Q AR K HEEE MV ZEEE d A
) A

LSTM 24X LA} [] 25 4 2k [ B ok 41 42 )5 9 15
B O, R R TR B Y A R B R B IE
P25, AE-LSTM-AT #E# e, 5] A i 8 1 ML 47
TR LSTM 2 2Z i, S BA B[R] 25 77 4 — 4N
BAORCGE & IS AT SRR E R R B
R A i A BCHE A1 E AR S 22 18] 0 A R0 >k 43 it AL
XA AN [ e TR A B R 2 Y A 2 R
I R] 25 A F M, AR B R L 3R i A B X T
H b 220l A A BB A 1R R b OG T 5 S AT AT
45 MR B9 M5 B ek B LSTM i 45 A v 24 iy 7%
FERFAE 43 i R AR TE 2 A R B O 10 AR AR A D .
1.4 ZAXIRE

AE-LSTM-AT # 80K AE, 2 K A9 LSTM LA
F Attention AL #EAT U8 il A, BE B AT 250 46 42
R 22 6] 0 5 2 56 2, 52 B AL B R 5 0 B4 2 1)
e S 5 2 110 R A S S RDORS o TN . A SO AU AR
R VR T R4 3 A4 I 2 fiR .

2 LBINA
2.1 XWHIEESHEFLE

SO RO AR B IX SR A R B 3 B S
HBARA R, A 1 578 AL SRR A, Tk
AT 38 7 1) LB T S 55 K AR B 1 8K
43 590 3 3 Ay DR SR B A H AR ECHE . A A S
VERUR BETE I 4 165~4 279. 7 m [ BCHEAE Jy U5 35,
BESE, I 1 147 AW B FEA . N B o
YRR BETE I 4 166.9~4 210 m EIEME N H 5
BOBE 4 A 431 IR REAR

FE AT S0 221 5 P8 DR IR B0 Hh SR B 5 AL
Bt BE AH DG Y RE AR, 2k B2 B (DEN) | 7 i B 2
(AC) AME 1 F (CNL) AT SR (GR) 4 Ffi 3
AR IEVE A AL A . AC.DEN.CNL fl GR
T fh 2 AN AN B i 22 10 3 P L DR B T AR R
ACHET L O R AR R HE AT BN AL PR R 4 & 5
B8 g i 2K B M. AR DR B 19 5T S A
WM, BT WA EEN N ER. S5
AN T) ) 5 40 A 5 R 2 B 0 17T 52 el ASE AR g )
AE. N TR — ), o A A 4R AE E AT —
PR AL HR , LG A T AT AT 8 4 30 AR [R] A 2000 0 L
NS W

r=——"" (€]

A o H— AR B, = € (0,152 A
USG5 i AT 0 0 I R A 50 30 19 5 /0N L 0D 5
PN

H AR VR ® 6 0 O
|
| ® ®© 0O
Q%ﬁ%%& ‘\_‘; : :
. ® ®© 0O

R -4 -1

i 5 A I 5.2 ‘

l

RSB

\ RN &EIER

IR )

SR &I R \

- 90®
\‘.\. ./m\“ﬁﬁ%%

B2 ®ELH

15



BRIl

%25 % %3

2.2 HEMETFETE

N TG AE-LSTM-AT #5576 1 i 1 A 2 3k
P T 2 B, R O 2 48 X iR 2% (mean absolute
error, MAE) .Y #1222 (root mean square error,
RMSE) FIHE 22 8 (R®) A5 S 34l 455 2 1 0 € 7 /9
fEhR . MAE H A7 5008 10 & 0 1 % 5 8 (80 19 52 0
BN L TR A T S AR B 1 B R R 25 . RMSE X 5+
"B T Ry SO T 5 T 3 X A AR N A A
A2 . MAE #1 RMSE B {EL /)N , 45081 2008 B
R* BUEJEHE AT 0~1.R* #4301, 0] 136 W 455 784 i
fi B A 20 e R L B 3 A0 1) 22 Al L R WA A Y 4
BRCRBAE, KX 3 AR AR 4SS G R LUTORS E PP AG
55 Y By F50 00 M B L 15 KA o

MAE:%E ly: — i (10)
i=1
RMSE = [-L37(y, =3, (1)
i=1
E (&;*y{)2
R—1— (12)
Z(y,-*y,-)z

S 2y oy A3 R S LR (LR T L R A 5
2.3 XWaH
2.3.1 REREH

ST R G 5 2 A L B RE TR0 s R TR
Ik B I AR AR SOBE R N AR B L R R — £ )2
B 28 ) 25 (MLP) #8284 SRy 5%k L, DAYl 45 fin
A 9 is &% 5 1t se 48 FHE 00 . BT T A LI &
. O & HEF A (Baseline) /i FH £ 2 AP &
I 2% (MLP) #5558 5F 77 L B B2 000 5 @ I A 4 7% 2%
FIBL AL (AE-MLP) « 75 FEMERI A A LA L 38 B gw
T 28 5K 2 ) B0 1Y) 8 SRR AE R . XA SR &
T BT A B SR AT I 2R i B R4

10

[+ Label
= AE-MLP f
9 F+MLP W k
\
“I"‘ 'A ‘r‘ l« "I ;i\ 1 \
8 h ||‘¥A X :J

FLERE/ %
=3
—
¥
o
e
-
=t
S
=
e

o A TR U A5k S A AT X Ll L A5 L R R I ORG E
X (R D, i 3R 1 nf LA L3N A G S
BRI MAE F1 RMSE 43 5K T A 45 0 ity 56 ofiz 45 44
0.314 4 A1 0.294 8, R ZH /N, I H R* & 0. 278 7,
AT UL G ) 25 A L0 8 00 R B R ) R
R A (] A5E 78 1) 3503000 51 2 il AH L 9 £L B B 500
Mk, s 3 o, B3 R T LB ih 2k il &
AR BIN T A G B 2 04 55 78 T 00 i £ 5 L B R S
o (R T 2 A DG T B, o A R S Y B A R
R T U i (0 B0 43 A o T 52 B A 0 o Bl T ) R
b EA B AR Y BT, WS R B AN [ 3 22 1) AR
P AR K 22 57, FE MR R JE vk 2% 2] 3] H b5 3
F) B 43 A 45 8 SOFF R R B 158 22 T AR SCHR
R 6 56 A1 A ek G B e TR Sk B s AN B S
B W B ] — R AR b, BRI T R A A AR
G325 5 L AT B A0 T S it i R R AR (9% A A

R 1 FLIRETAEE X

A7 MAE/ % RMSE/ % R?
AE-MLP 0.890 3 1.116 2 0.590 9
MLP 1.204 7 14110 0.312 2
2.3.2 LSTM it KL 5

XL AR SCER R B RO LSTM Al {5 4t
LSTM 7EFLBR T b v e R B, 1 H A 5
EHATEAR ISR, B AU R AT S E . MR
Jit LSTM £ 45 LSTM HY #8 = $ i & 15 15 — 2,
DATH B LA DR 2R 0 T 4. 40 3 feft ) 79 e A2 780 %o 0
B HE AT U1 25 R0, A5 ) T0I0ORS BE X L 2
(£2), £2HHEMLSTM 1 MAE #1 RMSE {§
WS /NT A% 58 LSTM, R B¢ K T 48 LSTM, £ W]
Tofr 8] £ A5 50 A T | B 36 4220, {H Bk )RR LSTM
PR 25 B /DN o A PR T e A AR O A 2
T xof b an & 4 s i i 1B 4 A] DLE B0 R IR

16

‘ AR W ! \
6LV Wi Y "
o ®, \4 °
st h‘
1 1 1 1 1 1 1 1 ]
4170 4175 4180 4185 4190 4195 4200 4205 4210
B/

B3 FEEEFL T g



R TR 45 < T T b ) S 7 I s 0 A o T A 2

-+ Label
= Filter-LSTM A

FLERBE/%

1 1 1 1
4170 4175 4180 4185

1 1 1 1
4190 4195 4200 4205 4210

W /m

4 AEIEEFLER BRI

2 FLEAE TS B XL

R3 BERTEEX L

155 7 MAE/% RMSE/ % R?
Filter-LSTM 0.706 9 0.892 2 0.690 5
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JITRG T, 15 25 78 v RS BE R AR . DR B g A g A
RUA] DL SCBIE0GE N JF B v iR T 3R 38 R DL 4R
TR R TR A B BR R R LSTM B )R,
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M A R R G 3 Rl R 7 ik L BT — 1K, B
% 7 L st TN+ BRSO
2.3.4 ¥y

J T HE— e AE-LSTM-AT #5581 5 H At A5
TR TN L B B Ty 1 A A e 88 T A ) 5 40 ke
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Self-encoder-based Domain-adaptive Spatio-temporal Logging Curve Prediction Models

LIU Chengli, ZHU Chenguang
(School of Geophysics and Oil Resources, Yangtze University, Wuhan 430100, China)

Abstract: In previous studies, incomplete extraction of logging curve features and simpler model construction resulted in limited porosity

prediction accuracy. In order to improve the prediction accuracy, the self-encoder, long and short-term memory network and the Attention

mechanism were combined to construct the AE-LSTM-AT (auto-encoder-long short-term memory network-attention mechanism)model. the AE

(self-encoder) unifies the feature distributions of the source domain data and the target domain data into the same space, in order to reduce the

interference of the magnitude changes on the model due to the differences in data distribution, the modified LSTM (long short-term memory

network) reduces the number of parameters while enhances the feature impact of distant time steps and reduces information pollution, and the

introduction of the Attention mechanism dynamically calculates the attention weight of each time step, thus focusing on the key features more

accurately and improving the performance and performance of the model in processing sequence data. a control group including MLP(multilayer

perceptron machine) and LSTM was set up, and four sets of comparison experiments were conducted. It is proved that the model structure of

has superior results in the problems of long-term prediction and cross-domain prediction.

Keywords: self-encoder; logging curve; long short-term memory network; attention mechanism; porosity prediction
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