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king) — i # (Reconstruction), Chronos i 13 & 45
Jit (scaling) Fll it ft. (quantization ) £ A , 1 3% ZLH ] 5
S B HIE R [ R bRl OF BEER 515
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Tl SR iESE T ES
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540 583 PR RN R T I e A2 BIOCT . AR, X Lk
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RN T IS B AR A S R, A SR A A i
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18 5 FEATIAL TR 0 BORPIR S, I S st S B B
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321 WWHZIHHEEE
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H— R L1 5 - S s TN RAESE, il fl i T
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(method) (architecture) (applications)

UrbanVLP" Encoder—only iR A 2025
CityFM™ Encoder—only iR A 2024
UniTraj™ Encoder—Decoder WiiiHE B3 2024
TrajFM"™" Encoder—only S AITRA ) LoIRUI 2024
PTrajM"" Mamba iR s 2024
OpenCity"™" Encoder—only WA i 25 & 2024
GraphCast"” GNN M it 23 ] 2023
UniST™ Encoder—Decoder B AR s} 23 A% 2024
UrbanDiT™*" Diffusion A s} 25 A% 2024
ClimaX"” Encoder—only v A 2 WA 2023
FengWu'* Encoder—only S A 2 WA 2023
Pangu'*! Encoder—Decoder S Aif 25 A 2023

DREATEZR T i, B R s R Al ANz Ak g

YRGB AR PEMSs, 5 76 A B H 27>
I IUF AL . TrajFM 23X —J7 1] iy S8k, &
FIAT —FhRBAE SR DI 55 5% A% 1 0 BE il A5
AU, SR P 5 RN [ [l S A2 AL e 34 5 L2 > fig
775 UniTraj 3 Bl AR S~ > 23k 1142
G300 SR v o R, O L2 e R A A
TR, SCELES AT 55 | B8 X Iz AL e 71, FFAEA TR AL
P N AR & EYE . PTrajM NJE 5] A Trajectory—
Mamba 1R ] 22 2 1508, i of 8 G 37 A SR
AR AR S (R, SIS 4 2218 ZhA T M A AR
322 SBEGMIKRZGEE

G T S B s i Sl A B () LA Y 3
oo KA DeepMind A 5% BT & 1) R A T A 458 74
GraphCast 5& T K] 4 25 X 48 FIHT 1 1 43 BER 22 RUEE
A% s, R T A Bk R AR A 1Y 15 40 4 T A
TR, I Iy P2 R T 5 g A B AR AR R AT Y 5 4%
AHEAEM, ST TR ISR AR . ik
VAT BA A 4 ClimaX i BI85 14 20 65 10 23R 5 R i
T Transformer 4244, 38 3o (O B AR R DT 2 IS
KR AAESS . il N TR RESLE %8 A A B FengWu
KAL) SR FH 2 B0 2 N 2% R 24 55 I Bh 3 AL
T i R 22 P RS B R A FURH 5 e g [R]85, e AR,
18 M3 ) Pangu—Weather 38 33 5] A HBER AL BRI 3D
Transformer F1J2 UK Ak B8 2R A 1 AR 3R Hi— ] F ) 4=
BRRA
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PR REATS =1 BE AR I 2R 85 A e o A Rtk o an SRl
S 5 VN R o3 A A AE 0 AL I, B (1Y) R L AT fig
SRR R . T OCHE Y, IS B A 0 s A
T R R PR E — 2D RN T SRR T I A DL A A
8% 49 £ #1 (out—of—distribution, OOD) 17 = U HE %
SERABIARY R 7 P AR TR T I — PR AR AL TR
TR DRI . BB BOF T SR A2 T AU o Il
SR, T A X FFAS [R] ST A R AF 43 A , HfE sh AR AR 2
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B3 A B ORI, A 2D oA A A R AT S AR
RO 53 A B SR AT 7%, 2D 0 Ak T BRI Y L X
ST A AL e
4.4 BIFTEBEIZEY

MR 2R LT Transformer 2244, SR i f%
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TEANEER TP B T I PR R . A T ek ek g, 7 22
BIHTPE B Tk, A s i & L S A R TR
28 UL B Transformer 5 HoAL 42 4 45 & 19 1R & 4K
it 4 e 1 Y Infini-Transformer ™™ 5@ 13 5] A
“TCRR R AL, 415 LLMs e 7E A BRI INAF S
PR 5 A Meta 55T AT 444 Megalodon™
W WM I T JERR R SCARERRE T, PR
EVNGAE S5 R AR LA RCR . XL F o
$EF+ LLMs (4750 A BERE 1 FFRE T8 R BE A, XF
B ) 3 470 R 25 5l e o BT LA A

FRHTIT TR, KRR I 18] 5 51 R 23 208 73
Mreb B N T . —J5 i, 2T LLMs #9478 T
e PRI RSB SRR, S A RTE T 5 I 7/
2 B RS S FE R AL T RIAT R AR . S — T T, i)
PP 5 I 2 R 1) e P IR 3 o 5 B T 24, 18
A G — W 2 B A R AR RE T . N B,
LLMs BURE AR TF A AR A R | & H T/
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Research progress of large models for time series and spatio—temporal

data analysis

LUO Yuanbo', SUN Jia', TAO Lizhi*

1. Southern Marine Science and Engineering Guangdong Laboratory (Guangzhou), Guangzhou 511458, China

2. Key Laboratory of Poyang Lake Wetland and Watershed Research of Ministry of Education, Jiangxi Normal University, Nanchang
330022, China

Abstract In recent years, large models have made breakthroughs in natural language processing and computer vision by virtue of their
powerful sequence modeling capability, excellent representation learning potential, and flexible pre-training—fine-tuning paradigm, which
also bring new development opportunities for time-series and spatio-temporal data intelligent analysis and are expected to revolutionize
the analysis paradigm. This paper provides a systematic review of research progress on large models for time series and spatio-temporal
data analysis, focusing on two major directions: empowering large language models and building dedicated foundation models. The
former leverages prompt engineering, tokenization, and parameter-efficient fine-tuning to adapt large models to time series and spatio-
temporal tasks, while the latter employs large-scale cross-domain pre-training to establish unified dynamic representations. The path of
empowering large language models offers advantages such as low development costs and flexible zero-shot/few-shot transfer learning,
while specialized foundational models demonstrate superior cross-domain generalization capabilities. At the same time, both approaches
still face challenges including insufficient interpretability and difficulties in multimodal semantic alignment. Future research urgently

requires breakthroughs in enhancing interpretability, advancing multimodal joint modeling, and innovating model architectures.

Keywords time series; spatio—temporal data; large language models; pre—trained foundation models
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