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Abstract: Addressing the challenges of effective fusion of multi-source heterogeneous data and
misaligned labels in earthquake prediction, this paper proposes a multimodal machine learning fr
amework, the GeoViT-PFN model, with a focus on a novel approach that integrates GNSS defor
mation images and seismic parameters for collaborative modeling. The model converts GNSS sta
tion displacement data into image time series through distance-weighted interpolation, while extr
acting b-values and a-values from earthquake catalogs as tabular sequences. A Vision Transform
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er (ViT) is employed to encode the images, followed by PCA for dimensionality reduction. The r
esulting features are fused with seismic characteristics and input into a Transformer-based TabPF
N decoder for regression prediction. Experiments demonstrate that the proposed multimodal fusi
on method reduces the mean squared error (MSE) for predicting seismic activity to 0.7x10~* on t
he test set, with a coefficient of determination (R of 0.97, representing an improvement of appro
ximately 50% compared to single-modal approaches. This validates the effectiveness of integrati
ng GNSS deformation with seismic statistical parameters, and the framework exhibits scalability,
offering a potential solution for incorporating multi-source geophysical data.

Key words: GNSS crustal deformation, seismic catalog, multimodal, deep learning, Vision Tran
sformer (ViT)
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Fig 1 Randomly displaying a portion of GNSS image sequences, including east, north, and vertical directions
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Table 1 Analysis of stationarity, predictability, and volatility of b-value time series under different time

windows
[GARPNGN cVv ADF P KPSS P PRtk MAE
32 0.22 4.39X 10710 0.1 True 0.006
64 0.25 3.05X 108 0.1 True 0.007
128 0.29 2.32X10* 0.051 True 0.003
192 0.31 2.23x10°3 0.023 False 0.001
256 0.33 1.95X 1072 0.017 Fasle 0.0003
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Fig 2 Time series of b and a values with a time window of 128 days and a step size of 1 day from 2009 to 2024
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Fig 3 shows the variation of seismic frequency probability density label curve, where high-density values

correspond to corresponding high seismic frequencies
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Fig 5 GeoViT PFN deep learning architecture, where the encoder is Vision Transformer (ViT) for processing

image data, and the decoder is TabPFN for processing multimodal data fusion information
“mti s K Vision Transformer (ViT) |, ViT ¥ Transformer 2244 5 H T B S, #%

O BAE S B EG  Bh [E 2 R/ B B (patches) , JF 5 X s B 2 M i N S 1E N
Transformer Zifid 8% (HEI N4 . BT VIT gifidas, K GNSS BMGAFEIR BN I & F — 4 Hh

12



R R B AT B A A RS K. GNSS MG B bl o o S, A IR s i 26
YR oy, @ G N AL B g R B S S R . HUCK AR B LF 1) GNSS EIHURN
Transformer H13f i B V3 = L6 AN 2 2 HE S #EAT Rp AR S B . XAk A28 BB R
(samples,50,50,3) %% # 1y (samples,197,768) [ [ & JEAR,  FUGE T #)th AL J5 15 1) = 1 T
AL He Oy (samples,768) ,  1X AN B4l TR AT & — MR AR B o X LG 2 I8 B AR D A5 1
TabPFN CFEEATULAD Wit, KA T PCA ERM T EAR, ¥ 768 MR EUE 45 2
498 N UME T AR 28 IEAA AR EE . X LAY VAT 4mh a3 K H BUIIZRIY) Vision Transformer (ViT)
[ vit-base-patch16-224-in21k kit A, H Google Research J & FJJ& (Dosovitskiy et al,
2021) .

fifttith 4% K F TabPFN ) Transformer 4244, TabPFN J&—AN% | T e 2% 200 it )1 5
B, TE & FPAT 55 L #0 0 3% bkfE 4o 77 i% (Hollmann et al,2025) . H A% At 2]
(Meta-Learning) + N33 (In-Context Learning, ICL) , 3 HAHEL FAEG %, HA
FEBATSEOREE, 2 HEARYE TS AT o 125 8K A T WA 3 = 2L
T IS0 AR B B AN B2 S ) AT B O RCE I THA . X BLIRA TR A ) b B a fH R
B EE 5 g ds A0 B2 5 ) GNSS EHE B i k1T 1%, |11 TabPFN () Transformer 42
e R BEALFE 500 MRFAELERE, Pt AKX HLIRATTH GNSS HI% 4K (samples,498) 5 b 671 a
1H R B 2R (samples, 2) BEAT RFAE4E S Pz, RIS 2L B0 2R A (samples,500) 757 &
FRRGE I N SR . B 20 RS 2% HEAT [ A TR AR 25
3EREHM

K E 28 R? (R-Squared) A5 /7% % (Mean Squared Error) K&k [A] )77
MEs R g Rz )z HitE AT .

ng=1(}’i - 371')2
R?=1- 24
Z?’=1(3’i - ¥i)? (24)
Y17 % MSE it E A RN
1w A
MSE = r—l;()’i — 9:)? (25)

Horpe y NESHE, §o8T0ME, v SERISME .
3.1 BT

13



3.1.1 GNSS IEzh

AR5 1 S SR SIS ] GNSS 152 T AR BB Sk Tl 2 v s AR Ak, FRATT R
N\ GNSS HiFE AR EUG i 14E N GeoViT-PREN A8 b df AT 00, 25 i 1814 FE iy 2009 4 1
H1H2120244 1 H 1 H. @ik ViT gafidds. 5 PCA FR4ER 7775, ¥ GNSS K
GG GRS N AR A (samples, 500) ¥k N, Fi RS 4F TabPFN ZEAT U4 H . SLd 4R
R 7 3 T RRN N GERNEREE, KB 6 B/RT GeoViT-PFN HAITE I 24 AR 4
A TIOAE 5 B SAE o A 1 AR AR R ZE A . AT IR AT A, IR AR
(¥ R2 Mo, RIBARNEA M LGB G . 52z B il E S e 0.15 3 0.25,
X DRI R A, ESFREAR D IR R 2 . B GNSS Hh 52 %48 B4 Kt
Y5l GeoViT-PFN AL TG LA RO & s A4k, JF BB T AR R R0 R Gt 2% .
ST IR A AT e GNSS 55 5 SZ AR % 5 AR BE AL RE . (. 3 R KARfb . R IF
Foo RITEBNEE) , AU — GNSS BV, oA R 3] o T B A A A S
RFAE -

Predicted Values

(a) VIR PRE TN 245 (b) WRERZE R
6 B GNSS EMRIEE) GeoViT-PFN BEEIZEYI 2 ERMRE F R

Fig 6 Performance of the unimodal GNSS image-driven GeoViT-PFN model on training and test sets
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Fig 7 Performance of the unimodal b-value a-value tabular data-driven GeoViT-PFN model on training and test sets 3.2
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