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Foundation model for mineral prospectivity mapping
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Abstract: Mineral prospectivity mapping (MPM) driven by big data and artificial intelligence (Al) represents a cutting-edge approach
in mineral exploration. However, traditional methods typically suffer from limited generalization ability, poor transferability, and
insufficient interpretability, resulting in the inability to achieve stable cross-regional applications. Foundation models, based on the
“pretrain and fine-tune” paradigm, have demonstrated excellent cross-task transfer and strong generalization ability in the fields such
as natural language processing and computer vision, offering a promising path to overcome the aforementioned bottlenecks. The
development of foundation models for MPM holds significant potential to revolutionize traditional models and improve exploration
efficiency, representing a new research direction for intelligent MPM. This study systematically reviews the state-of-the-art of the
development and construction processes of foundation models, focusing on the technical characteristics of large language models,
visual foundation models, and multimodal foundation models. This study also summarized the limitations of existing foundation
models for MPM, and explored the construction process of MPM foundation models from a perspective of language-based,
visual-based and multimodal-based foundation models, and discussed the challenges of developing MPM foundation models,
providing a reference for development of MPM foundation models.
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0 5l

W= N A% O H bR 2 PEAS I P X IR I S (B 40 A R, AR S P&, AW 7 B & R SR R 24K
J& (Taylor and Steven, 1983; Agterberg, 1989; Carranza, 2009). £# ¥4l B3 LR M. 24E. dEdkit. 2R
£, PARHGREERS s (Zuo, 2016; 2020), A LA Ae SRy A H ol R AR A MR AR R B S A a0l BE 0,
T2 N T RO R R G et Hh i A A A X A IR 2t G HK (Zuo and Carranza, 2011; Zuo et al., 2023).
WRIEHA Bl A AN RIIE,  IXEETT ] 70 N TR R (WBEHLARAK) (Zhang et al., 2016; Xiong et al., 2018;
Wang and Zuo, 2022; Yin et al., 2022). £ T EIR (B4 M 4%, Convolutional Neural Network, CNN) (Li et al.,
2021; Yang et al., 2023; Yang and Zuo, 2024) [ H&:T-#H4hE (W EI# £ M 4)(Xu and Zuo, 2023; Zuo and Xu
2023; Shi etal., 2024) HJ= K. SR, AR IKS) B E A R A RE 155 PIRHEIEZE . AT fdRe
PEAS R & I o 2 AT 30 T 8 5 O R R RS R o S B e, A — B AR 2R 1 IR MR (Zuo et al.,
2023; Xu and Zuo, 2023; Yang and Zuo, 2024; /A=) %, 2024; A=), 2025). {HIX SR RLE H HAELE R —
FXSERN S B, M LUER R RLIIZMIX IR (Shi and Zuo, 2025a), X—AEHIZ T N TR REHEILE
A7 FHEI AT R S S o

FERAR R B 6 A2 RS EE S BT TSR, A ROR, IR TS LA B R AT
AR IERL1ZAT % (Bommasani et al., 2022; Awais et al., 2025). 4FEREIAY (1) S HORBUE B —C FERE,
PR KRR (A SCGEAR Ay R o AR AR 4 HeAm At 7T 70 9 kil S 4% (Radford and Narasimhan, 2018;
Devlin et al., 2019; Lewis et al., 2019; Brown et al., 2020; Bommasani et al., 2022; Touvron et al., 2023). 5 K

ol

& (Dosovitskiy et al., 2020; He et al., 2021; Z. Liu et al., 2021; Bao et al., 2022) F1Z A KA (Radford et
al., 2021; Rombach et al., 2021; Kirillov et al., 2023), %% F T-%I 1% &4t (Achiam et al., 2023; Bai et al., 2023; A.
Liu et al., 2024; Gong et al., 2025). & /4 /& (Rombach et al., 2021; Gong et al., 2025). #4544 (Y. Liuetal.,
2024; Gong et al., 2025) L FEAAESS, HBRKIIZ AR TS T U 55 1 50 14 5 G 1 oA &% e ) e B B RV
3o FEHBERBL 2O, WIMPLH 7 2 A& R 2 7 55 B ORRE Y, fn st sk KA R (Liu and Ma, 2024; Sheng
etal., 2025a, 2025b; Guo et al., 2025). #EE AR (Hu et al., 2023; F. Liu et al., 2024; Guo et al., 2024; Hong et
al., 2024). HI(E S RGKEMY (Zhang et al., 2023; Zhang et al., 2024) Sz b5 KiE 5B (FF PHAADR A,
2025; Lin et al., 2023; Deng et al., 2024; 2 JT.5256 %, 2025) 5.

FER PN, A N TR R EIEZ AR T A & ROy H R R ) G (2242, 2025), Tk
B Y I TR — RS R T e ble 4R R 0 & A 5 0O S, RIE S A L & 0 R iE
SCRFAESR S HERERE /7, L0 KB WAE A (A5 B AR B, = 45 G A0 0 AR B F) ) 2 R AT g
T, OF ZBURRMEM ARR TIX—J7 M H— i =& Gk (MineAgent)(Yu et al., 2024), %541 LU
MR N T, @i Agent RSE51F KBAY 58 B0 H43E (1) B B $E B0 2 907 = 00 7 (8] KA Y
(Geospatial Foundation Models for Mineral Prospectivity Mapping, GFM4MPM) (Daruna et al., 2024), {7
AL AR, B T A6 58 SRR P 3t 5 A b R R A A, IR R B B T R kAT A
T DA RE s FRT B X s e = M Bk Ak 5 R R IR 0l K Y (Foundation Model for Geochemical Anomaly
Identification, FM4GAI)(Shi and Zuo, 2025b), [FIFE&M T RAAY, Bk T DX BR AL 22 2R AT N0 3



I3 A FERS 2 ST AU A 22 3] (K 5 AT A B O, EASRIRAT 53 T e i BOt B 2 e 1. R
1M, MineAgent AR A E MV ARF Bt AT 0, SECHL IR AR GFM4MPM K] One - Hot i i 4b 2
NABIEE K 7B SAEEER, HARE M AR E A DUE Fe H A AT 7T X S5 R ;. FMAGAL Sl SR U —
M ERAL AR B R 23 TRIRFALE AL REAS N A R TEIX

ASCRGEE 7T R AL KR AN 2 B KRR O FE B, BB T R R A R B 2, 4R
BTN R R B BT, SHE T IONORTE SRR AL R e 2 WS R R A S A v
i BBk, 5 AR AT ARG S XAz AL BE 775 e it @& IO R A7 TN KA R R 1k 5 55

1 KRIER L

KRR B KBS IR E A M 27 (Bommasani et al., 2022; Awais et al., 2025), JH:EAEYE T
MUER ST RE R 20, R I b 22 3] B AT R8 21 B Ar s gt AT SR, BRI D AR B AR bR
RIS (Krizhevsky et al., 2012). % B4 FAEIRE(E &M 2 14532 7 M (Hinton et al., 2006). (S
W% R 2RI UR2% ML (Restricted Boltzmann Machine, RBM) 41k, iBidiZ ETiIIZ: RBM, 1%
I (1) JZ AL RRAE, A58 A BR 2500 o A WX 28 AT DAk, AT 3 BT 2L 444F 2% (Hinton and Salakhutdinov, 2006).
RAGERL I 5 B KU HE R AT B ZRoR SRAG R M2 AR /T, SRS 1E T4 B 4R 1o f5 B
A HArPEEE (Devlin et al., 2019; He et al., 2021). AALRUR 3 Ham NE 0, J@% 0 N RKIE S A,
REBE RAB R AN 2 25 KA (Bommasani et al., 2022)

1.1 KiE s A

H SRE 5 A0 2R U % o I R 4 1 ARVE R AE N TH SN RE SR RO BUE R AE , AT BB A% ) F 2 0KE
AESE LA H IRTE 5 AR5, WIE R G BHIEAE S5« dr 44 SEARiR 048 (Nadkarni et al., 2011; Chowdhary, 2020).
421 One - Hot 4afih RAE 7 xR AN NI 8 XONAE LIRSS 1 m g b o &, S 80 5 18 2 (A5 kST,
0% e RO R 1R T TR) B30 SO 2R o AT I o ] 1 R A B 2 1 SOM TR SCSR R E A (A], A
Word2Vec (Mikolovet al., 2013). GloVe (Pennington et al., 2014) 4. %A%k 5 W48 F (B8 5 iR 2 HIAL
B8 ) WA AR 2 N 2% Je FLAR YA (Collobert et al., 2011; Mikolov, et al., 2013; Sutskever et al., 2014; Tang et al.,
2015), XEERIRIA TR AR, 2mIE TR I . AT ¥R 1% 2 (Vaswani et al., 2017). Transformer
BEAYBER (K] 1) T T EE B AR 0 R RE ), (A AL T DL B T Ak (KA A5 A AT SR B
(Vaswani et al., 2017). Transformer FLATHCHR I PTH0 A o 3 F PR RGN, AEA5 RIS () P ZRAsE 20l
AlRe, HESh TOREBRAIAN T “HIZE - ol EIER (Zhao et al., 2023)(& 2).



&l 1. Transformer £~ EE (% & Vaswani et al., 2017)
Figure 1. An architecture of the Transformer architecture (Vaswani et al., 2017).

IRI2|#

K2 AKEEHEAEHNTEHE
Figure 2. An architecture of the large language model

TRNZRAESS U E T BN H IRE T 2 2 SCARE UE B 77, 41 BERT (Devlin et al., 2019) Al GPT
(Radford and Narasimhan, 2018; Brown et al., 2020). BERT K H##ii5E 5 &4 (Masked Language Model,
MLM)(& 3a) A1 F—AMA) 7l (Next Sentence Prediction, NSP)(F& 3b)24 =] SCAF HiE XEE., @i
SR AN E, PR IIZ R 28 (RIE SCRERE /1) TR B TS, WCAs K. ME RS,
42 SEAR IR HARE S ISR 45 . GPT A 5 A 375 5 224 (Causal Language Modeling, CLM) % >]iE
A (B 3c), RAMR/RE ARG SR AR H Frfm il Bod e 3T NS Rt s b 5 > R THE
Tt 45 R BT E (Ouyang et al., 2022), fieZ BT SCARE G W1l RS0 ARG A A R lEAESS (Achiam et
al., 2023). BERT #l GPT 70 fQ3R 1 HAL AN B SRR, BRI A s A>T [ Q38 1 B R S
REFRI T35, ON RS 5 B @ A EERE (Zhou et al., 2023). 7EFHT, I Lo AL i ol 42 2 o 1 A 2R
1 ARG AL G SR 25 ILAR. (Lewis et al., 2019; Liang et al., 2025). [FIRY, SRATEAERE . HIK
TR ACHE BB AR SR 98 K00 5 B HE R R )y, U HAE R R R AR S5 N (Wei et al.,
2022). Kifi FHMLEPERE ST R RIS, HSHE oo K, 7 2 FE TR SRR S . T L
T SBEIEE . FHIREM. BERENSGARS L FER (Mixture of Expert) SIRTHER A HHEAE, FBFIL
HIgE A (Jacobs et al., 1991; Fedus et al., 2022). 414>, Kifi 5HALE N B —BRL M ZEE, RS
I RTE S AAA [ A RE . T AUIE A RIE S 4L (Yin et al., 2024).



K 3. AEFEATNEAESTEE
Figure 3. An architecture of pre-training tasks for large language models

1.2 R o KA

THRCHURR 52 SR PR A% O 1] LE T AT A MR B AR rh SR IO F B AL e 5 8, S R 8 S En A0 e pfr
P N2, JERREBI . BAstaill, =4k @S5 iE%%5 (Voulodimos et al., 2018; Szeliski, 2022). 5]
MARFAE TR (1)3R E N LA 22 SR 5 82 4 HLAE DA 52 24375 (Viola and Jones, 2001; Lowe, 2004; Dalal
and Triggs, 2005; Lazebnik et al., 2006; Krizhevsky et al., 2012) . CNN(LeCun et al., 1989, 1998; Krizhevsky et al.,
2012) U4 K ImageNet 25 KB EHESE (Deng et al., 2009) 1 & A S [FHES) 1 AR T8 80 & & .
VGG (Simonyan and Zisserman, 2014). ResNet (He et al., 2016) 544076 KA E I 42 EHT TG, T
¥ 2=/NIBEE AR EEUS T RIFEIRCR . SR CNN I3 se ik 4 R @ iine 9. RIEME . tHE R 5%
J& PR M (Azulay and Weiss, 2019). 2020 4=, Google HIPA#2H T # % Transformer (Visual Transformer,
ViT)(Dosovitskiy et al., 2020), K R &I A 71EdE (1B &), B Transformer 22 k) i B 25 23 A e
G REB r RAESS (K 4).

B 4. Y% AEERERE (5% B Dosovitskiy et al., 2020)
Figure 4. An architecture of the visual foundation model (Dosovitskiy et al., 2020).

VT OB, A2 AR R Y 2844 77 7] ) CNIN #% 1) 7 Transformer (Dosovitskiy et al., 2020; Z. Liu et al.,



2021). [FIFF, VAT SRAHJE MR B PN RAT 45 W fil E Zmiid % (Masked AutoEncoder, MAE)(He et al., 2021)fil~
B (Diffusion Models, DM)(Ho et al., 2020; Rombach et al., 2021)([&] 5)3 i 8 (A i A AEHRBCRE J1 . R
FRTRUIZRAE 55 53 TARTE T WU A AE B BORN AR B R P S 2 (A o0 RS2 o FE TR R B RS Y (R kil B, W
Tt RAE S8 14y KA 5, BEAT A B oM bR e s R AR 38 . BRI . AR AR R AR AR
f£45 (Kirillov et al., 2023; J. Zhang et al., 2024).

B 5. WEAERBNEESTEE
Figure 5. An architecture of pre-training tasks for visual foundation models.

1.3 BRI AHA

ZHEHERBHEZMRTERE (WSO, BUE . S S RS EESF) MR RIETE R,
BRI O 2 R e AR E ThRE, AR A B2 Sk H AR 55 HOHFAE . 2 BRI & A% O A T4T 1
RoFEEREANRER, SdBG2HESER, LN REUES Eaim. R PEE (Baltrusaitis et al,
2019). R NBRE —FPRENS AL PRI 2 AN AE BN TR Y (Bommasani et al., 2022).
ERAMBERELS, BRESHERN - MERE R, A0S A S AR Z RNCE SO )7L
iR, W RIRERER SR STHIESE DSBS KOC R (Brown et al., 2020; Chowdhary, 2020).
HAREHG A B BARE S IR A, AU R USRI A 0 B AT A1 e = B s (4 AR /) (Radford et
al., 2021). Bk, W74 B OKAR 5 AR OR R TH AL S8 AR T () HE B RE ) MR A S22 BEJJ, 4N Constrastive
Language-Image Pre-training (CLIP) (Radford et al., 2021; Achiam et al., 2023; Y. Liu et al., 2024; Gong et al.,
2025). XA ST RTT A, A ER S SO RR R ERFAE A OCER (K 6), A BIORIE 5 AR R HE PR RE ) S
DXt BAREUR R REA NI FELEEERT B, R N RIS R AL 5 SCACRF AL [R] I 4 A 2 0 ZR AR 5 1A,
SEHLKTE 5 AR WL e S A AR . KSR DUKIE SR T, 383 RS g A5 o M a3 1 FL e 70
FHEI R FR N 2 A RE F AL (Yin etal., 2024)(1&1 7).



Bl 6. ZHAEAEBFIAME S FEE (%8 Radford etal., 2021)
Figure 6. An architecture of pre-training tasks for multimodal foundation models (after Radford et al., 2021).

HAl, ZHRERESFHEMERHRMEET N, H—RG I NFEE 7% (EBZ SRS RS,
¥ 2 BB MR ER Y 2 5 SUARFHEA AR RRAE S 7], 2 PRI 5— MR 3s (KB 5 A
T, S BESRHIER S (Gemma Team, 2024); L —RESHLTERE A% 207 AR A5 S
AR AR 2 1 2 A RHIE DS SUAE R I 77 R BIRIE 5 BRI 2 Sk upL t, IF 5 SCRRHE AT
TXIEE SIS, NSRBI BSRHER A (Grattafiori et al., 2024). 7E iR i F b 7 A% A CLIP Tyl 444
550 Z A RHEREAT X 55, B S AT B RHZ 22 E S AL Th R R IE B A & TN GMTE S, 2 B 1
BARL (BT DM KIFIZRAESS), BSOS (BT CLM BITRIIZRESS) 5.

B7. ZBARESELRM

Figure 7. An architecture of the multimodal large language model

1.4 KI5

TR F ) R R o LB RR v £ . RTINSy AR AR AR 5 B 9 P S5 D AN AZ o 3R o X
AT BRI, MR T M AR 3 A 5 B AR 1) 58 B R R B 5

(1) BoEues . BERER BB A R E A, HiE e TEARERE . o 5 1t £ 7R M 55
ERCVEJE . (a) TR A AR R R, SRR 4ERE E AL Common Crawl Z5iE L E Had WG #
SCARARE: (b) £FAHIS A AT %%, 8% K H GitHub AJFCHSZE . CodeSearchNet Z54 VAL ¥idiE 15 (c)
BEXS P SORARAT 55 I, B i A EHR O SCAOR TR 8E 5 (Schuhmann et al., 2022) . il Jim X #idfa #E47 T AL 2E,
WO SCARBEATHRIE B . BRI g i Mgt o G EAREAT AR T — A RST b o A e T A 6 55
(Dosovitskiy et al., 2020).



(2) BERFNLR. TGRS MR B 7B R /il i, KR OE T EE RS - Hisxsr i
W, K TN GRAT 55 SRR N H ARIEATUCED . TIZR A B b A AR 2R AN RARE f S04 45 v 2 >0 38 F Bk
I MLM F1 MAE 3 i A5 5 R A5 7R B 65 4 1) 27 o SCASRITEMG b (9035 SUE BN A A R0, BTS2 i
it 71 (Devlin et al., 2019; He et al., 2021); CLM il DM #R 4 A~ [8] 1 2E il 7 2050 0 B0 S SCA B G 04T A,
A H AT, $2TH5RY ()4 i BE /7 (Radford and Narasimhan, 2018; Rombach et al., 2021); CLIP | F %} e
PR, W ZRAEEE RE R W AT X 5%, SETHE I 2 RSN RE /) (Radford et al., 2021).

(3) AL . SR B B B AR I SRR ALE B R AR SS SRR R T R ZEAHE: () BT M
SR TE: ETI SRR At A NN BRI ZR 24, FERRR B VR 25 TR0 25 ) 2 w4 N PR Rl )l 5
S8, WIERC A 10H (Houlsby et al., 2019). RiZ% 10 (Li and Liang, 2021; X. Liu et al., 2021)%; (b) & T&%
PRI TV LE RO I e B 1t R B SR SRR o ) S B i B L VE R IR ESE (Zaken et al., 2021);
(c) MRBRIERC ¥ 51 NHT I RRAE R I 5 T RS B (10 RS 6 RO A afe e AR T 0 (R B A R, (i I 1R 5
JRUA AL E 4, 3 3 SRR AR B 1 5 ORI 415507, i LoRA (Hu et al., 2022). AdaLoRA (Zhang et al., 2023)

faray
SFo

(4) BERSERE N o TESEBRE T b, ORI 30 2 75 258 R AT AR 8 IS AT R DO 8L o 385 25 JE 2 3
FMPRHERI RS 3, T ARG WA, JRiE B A B SR SR BRI T 5, SRR AN R [
RV 7, ARIE R G Eia4T (Dong and Xie, 2024). A 7 ik AL B E R . HATACFEE ZiE R, ALK
F— SR FAR,  HLlnks 2 MR A Itk — 2 b B, st i A g R AR, B E i
B, MR AN BRI . PERIEIR (Poddar et al., 2022). [FIRY, EFREE T BN RS, FHFaMEag
HERARE o 5L T[] DA BONT R 55 25 BE VR o PR 00, A BT R B0 I R S HEAT (AR o 0F T S 0 AN T 53 17
Fi g3, (8 AT DA AR E IS A7 i B2 P ig 25 2 ST B 8cdis , AN 8 1 5, W (e 0000 &6 7 )&% A1 2L (Feng
et al., 2023)., BtAh, AFEIEAIRZEE (Hinton et al., 2015) fJ5 30K KA AR RS 2/ MR, sl &1k
(Jacob et al., 2018). BIH; (Han etal., 2015) SRR L4 R AR HH E R E .

2 BT KA Y

U KEHE A B E W2 AESRE, MR (M2, Wis, ERE. BIRSE). Bk, HhERy e,
PSS AR, DAACEARSCR, TR S AR M SO BUER (Z240) 4%, 2020; AAT)T, 2021). KR
B TR 25 TR A T B AR R AT A ORI R = 3, (HBUE i AFE R IR . — 7T, AL
e PEE AU T IX 1 B 31 7 25 15 S RO AR AL, A N B 1 8 DL 15 ) AR AT AR R 3 B 2R 2 AL R
TIAE, (EERE B A b 57 15 55 22 57 K 1) DXk F9000 E KR N B% (Shi and Zuo, 2025a). 53— 7T, X
REE (nSTHR T4 HBAE A eI i sl sl Rk T A (Yang and Zuo, 2024; Xu et al., 2025a; Zuo et
al., 2025), AKRAES5 2 (A AR SEIBH ARG, U U 2 (AL B) 1 R A R R R LA e F2 9 . R
A W T2 R SO R TR L oo ROR DS A N 2% ] B REAIE (Wang et al., 2022; Yan et al., 2023;
Qiuetal., 2023; Yan et al., 2024), {HASZFRT 85 XBOERL 2 . S HASEHE RS KL KSR %
I o X R A AT 9 A ) RS R R I 78 (Y. Zhang et al., 2023), 3@ 85 X3z 10 2 A5 A TR i il



B SRR SRS QR AR, R PSR R e SR R AR R T R

2.1 BN KA AL B TR

SFTAT 7 T I L 2R B R BR A, AR ] Agent FR G0 RE 2 B B B H O
B BEME (MineAgent)(Yu et al., 2024) DL K A% F b Joit %54 A1y 3R 47 B K 40 Ay 2 (0 4 72 00 4 1) KA 7Y
(Geospatial Foundation Models for Mineral Prospectivity Mapping, GFM4MPM)(Daruna et al., 2024). IHAMEHS
BRI R, AR S T bR 2 5 R R KA (Foundation Model for Geochemical
Anomaly Identification, FM4GAI)(Shi and Zuo, 2025b).

MineAgent % T 452 i 5, @It Agent R4t 5 IA 2R KA, 41 GPT - 4 (Achiam et al., 2023),
Qwen (Bai etal., 2023) %5752 H., 5|5 H 58 M0 MG S S o MR TH R AT %S (B 8). x5k
FFINGRORBAY, AGE I TR WA P A BTN 5 5, B 7 TR R AR . SR, M T AR T
A KRB, S0 M IE RS LA R, HSor B2 Sk = BT RIR A, 3 39l 45 SR A8 B %
M5 AR B B m AN SE 1

A 8. MineAgent -~ & (5% B Yuetal, 2024)
Figure 8. An architecture of MineAgent (Yu et al., 2024)

GFM4MPM (Daruna et al., 2024) LAt 3& Jz RSP HO X i . MU BRI ER E 0 Al 2R, N E M E L H
T =T AL B AR (K] 9). ZAEAYIE I VIT AbFE A= (A1 40% (Dosovitskiy et al., 2020), 454 #EAS 5 4T
FHATIONZR (He et al., 2021), FFLUEYERE PR 25 18] 50 A AR R EAT A W B0 (1 9). R HAEILSE ., M
RFWHAG T AT G5 TN AR, ARARIRAFAE — S8 R PR o e — 2l SOAR T M R B 4 4l One -
Hot 4w, ZK TG SCOREME. H RS NFHERE (URMURE € Hh i . HOBRPIEREOR), e LA A% 2 H A
JSCH L5 T 5 2 ORI A X



K 9. GFM4MPM = E & (4% & Daruna et al., 2024)
Figure 9. An architecture of GFM4MPM (Daruna et al., 2024).

FMA4GAI (Shi and Zuo, 2025b) [FI#¥ 72 M SR IR R AL 484, DL 39 b X 455t 2K 14 2% Bl 25 040 o i
YIREEREE, RAMDEMERNTIGATS, 5 HER 2S5 (K 25 RFAE, 43 508 FEAS 2 ST RUINRE AR
SR AT A MBI, KRR IR ARRAE RO O AR R B N
REALE [E 1 55 A Py 5 P 1

l 10. FM4GAI m E B (% B Shiand Zuo, 2025b)
Figure 10. An architecture of FM4GAI (Shi and Zuo, 2025b).

R 1 i, MineAgent DMK BRI AR VIS, EEOBILA B FEMNRE N, sh = Tk ik.
GFMAMPM &L LI ZRSE Bl miks EE T, A0 SZPRTARFALREAL, SR 2 AL RE IR EREAE ST RE S, E Y
FEZ A RE I 5 LV E B 2 () A AE B, R 75 il o0 AR B B0 15 B8l BBl B TR 5 S8 LR DA 30
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Figure 11. An architecture of the large language model for mineral prospectivity mapping
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Figure 12. An architecture of the visual foundation model for mineral prospectivity mapping
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Figure 13. Mineral exploration text-spatial pre-training dataset.
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Figure 14. Mineral exploration text-spatial fine-tuning dataset
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Figure 15. An architecture of pre-training for the mineral prospectivity mapping multimodal foundation model.
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