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Fig.2 The supervised spatial and spectrum dual-branch deep learning model for geochemical spatial pattern recognition and

anomaly extraction
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Fig.3 The unsupervised spatial and spectrum dual-branch deep learning model for geochemical spatial pattern recognition and

anomaly extraction

112 FHREZ-ENSIZTREFIEE FREE
25 =% WGy S BEAE ) B R T O e B e,
SR 25 E) H g B A A A g A a8 4 B (Xu et al.
20245 [#1 3) . =3 6] i B 4% 3 0 R T P ER R
A A5 R O 2% 2 b BK Ak A s ) B O A Rl b B A
25 G B, 1% B g A% b TR R 30T 90 BE 1Y
1‘%*”%?“Iﬂill{ﬁﬂ?ﬂﬁ%E%ZEA#EW AN
B Rl A5 RORs A 0 S [R) ER B RN R A E
(T SR RO T g = N e Sl NI R e
RN Rl N U RC R R = /U 0 N F A
15 22 A7 A AL I 25 0F LU0 b BR AR 2 S
XF T8 ] 43 SR gy SCHR I T 2 R R A
S RSN TR HE G S 0k B () 1Y I 2% 4 4 O B
N 2B, AT DhAS AN [ A AR Y AT b 3K Ak 2 2 [
BRI SR 4 . Ho, a8 Rl S A S 4R
HRUZ (Lier al., 2021) B 4 B2 (Kipf and well-
ing, 2017; Zuo and Xu, 2024) #1 A # & H 2

(Velickovi¢ et al., 2018; Xu et al., 2024 ; Xu and
Zu0, 2024 ; Zuo and Xu, 2024 ) ; B& 4 % M fil A A5 Al
£, 55 — 4k 5 BLUZ (Zhang et al., 2021) 1% ¥R 4 22 ™)
#% )= (Elman, 1990; Yin ez al., 2022) Fl 4= & # )2 .
1.2 Heey =

R BRI T M BT 2 ) 3 M B Bl -Trans-
former 54 84 1 iy 5T 29 B K] 5 Ak 2% > PR RR T 7 00
TR JE o7 2] LR b A TR R T ] 45 4 SR AL 4R 4
G S SRR A CTR = R B R SN 1 |
JH AW B A2 4 0 Ak 27 2] JF i A |l BT TR R i
Pl SR e AR I B AY B i PR 22 T2 fkBR Ty 55 AN
A fif B M 22 19 ) 8 (Xu et al. , 20255 Zuo , 2025)
1.2.1 HEARE MEE-Transformer A} i
2y o F W K] -Transformer 8 1 43 Sy T 1 24 R {3l
P AN 43 (I 4) . T 25355 434t B F 9 IX 50 40 4
JUAR] [ 5% i1 340 47 BE BL A B, ol FH XF Bb =7 ) oF B /)N
Ak B S A [ 5 B L AR 3 =2 ) R ] 4 e B T A



5% 3 TEAT)T A R

S REW = WU K AF AreMPM 2.0 1167

———> [4-Transformer ||

N
AL > S I 45

| —

N
je— o a
b
oy

[0.8,0.2]
[0.9,0.1] ﬁiwﬁﬁ'ﬁ%@&

Lo vor | stk e

B4 HiETZ R [ Wi B - Transformer 7 7= 1 U A5

Fig.4 The geologically constrained self-supervised graph-Transformer model for mineral prospectivity mapping
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Fig.5 The geologically constrained graph reinforcement learning model for mineral prospectivity mapping
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