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Abstract  Spatio-temporal prediction plays a critically indispensable role in numerous real-world
scenarios, such as traffic forecasting, urban planning, environmental monitoring, and disaster
prevention; however, a significant limitation persists in existing spatio-temporal prediction meth-
odologies. These approaches tend to focus excessively on global average characteristics while sys-

tematically neglecting the inherent heterogeneity embedded within spatio-temporal data struc-
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tures. This oversight makes it fundamentally challenging to effectively capture nuanced local
differences and dynamic temporal variations in spatio-temporal patterns across diverse spatial re-
gions or evolving time periods, ultimately culminating in suboptimal prediction performance that
fails to address real-world complexity. To address this pervasive issue, this paper proposes a no-
vel spatio-temporal prediction method named STMP2G (Spatio-Temporal Meta-Pattern Prompt
Guidance) , which innovatively integrates meta-pattern mining with prompt guidance mecha-
nisms. The framework employs a deliberately simplified multi-layer perceptron (MLP) as its
core prediction network, thereby prioritizing adaptability over architectural complexity. Crucial-
ly, STMP2G captures spatio-temporal heterogeneity by dynamically generating specialized spatio-
temporal prompts. These prompts undergo enhancement through a dedicated self-supervised
learning phase designed to mine universally applicable meta-patterns from rich historical data re-
positories. Ultimately, the refined prompts guide the entire spatio-temporal modeling process,
strategically overcoming heterogeneity interference to achieve both accurate and robust predic-
tions even in highly non-stationary environments. Specifically, the method first constructs a spa-
tio-temporal prompt generation module. This component generates multi-scale temporal
prompts—spanning hourly, daily, and weekly granularities—using temporal prior embedding
combined with a memory network to comprehensively capture temporal heterogeneity. Simulta-
neously, it produces semantic spatial prompts via learnable spatial embedding matrices optimized
through representation learning objectives, thereby encoding region-specific attributes reflecting
spatial heterogeneity. To model intricate interdependencies, the module constructs a high-order
spatio-temporal interaction tensor and achieves deep fusion of spatial and temporal prompts using
advanced inverse tensor decomposition techniques, ensuring cohesive cross-dimensional feature
integration. Subsequently, STMP2G incorporates a self-supervised meta-pattern mining module.
This stage employs contrastive self-supervised learning to discover transferable, discriminative
meta-patterns from extensive historical sequences within a unified feature space. These founda-
tional patterns—once identified—have their parameters permanently frozen and are systematically
archived within a structured meta-pattern library, creating a reusable knowledge base for efficient
real-time retrieval during inference. Finally, the architecture features a spatio-temporal prompt
guidance module. During prediction, this component retrieves the top-k most relevant meta-pat-
terns from the meta-pattern library based on similarity to the input spatio-temporal sequence, u-
sing these to contextually supplement and enhance the initial prompts. The augmented prompts
are then mapped to the feature space of each MLP layer via lightweight, layer-specific adapters.
Through Hadamard product operations, the module achieves fine-grained., adaptive enhancement
of evolving spatio-temporal representations, thereby guiding the modeling process to dynamically
counteract heterogeneity interference at multiple hierarchical levels. Extensive experiments on six
real-world datasets demonstrate our spatio-temporal prediction method effectively counters heter-
ogeneity, boosting accuracy and robustness. It reduces prediction errors by 4.53% on average.
The method excels in interpretability, efficiency, generalization, and robustness, adapting to di-
verse patterns and conditions like data sparsity. Its lightweight design ensures real-time efficien-
cy, while interpretable prompts show dynamic adjustments based on learned patterns. This ver-
satility overcomes limitations of traditional methods in handling real-world variations, enabling

more reliable predictions for applications from smart cities to climate modeling.
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H, E, € R It el AR RLA RIE, d,
N HAFE4EEE, ConvlD, () #1 ConvlD, () 43 5
FRMZEREEE, 6 (o) A GELU #I% R % . Max-
PoollD ( « ) KR W P e K Ak
ZJE NELA 56 FAo A2 M 4 i i o0 v gk 4g
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D) 5% [7] B A7 i B 25 R A1 S B0 B i i 5 N T)
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52 (R B, 3 i T 2% 3 1 ik i 4 T R R T
25 A AR P, SEHL T B s SR A TR B

E,=OW,) W - (EW)" (5)
He,E, €R " RREA R IR SRR LW, €
RO AT ) s A Rk, d, WIS RS E.
WP, d, WEARZ%E,. W, € R mw, €
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FHEL AN FE  HE — 20 B9 38 T I 28 4 7R of 2 A AR Y
51 ARE Ty . I A A U XY S B 2 AR BT
RN e B N N @ vy 4 A Ry T U
e ik 2 S M ) AIE S 3 B A R ) I
T

& 4

AP 4 T o L AR He 1 S I 2 5 A B 2
] ke S 80 5 235 6] o LS00 08 308 6 3K RE F L R BRI DT b
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PRI AT T Z 5 Bbr Al DG —%dls RUZ 32 71
YIRS R ARG 1k
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ST L A TC S B0 2 2] B R E ISR
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P XUXEE < T IO A2 0 5 4278 51 = i i 28 1000 O vk 25

71

1o AR H LM BG4 Eab Ay T =0lsr
S T TSR AL 15 bR B 3 fELA: Dby A8 25 e 2 T

SR NFE 2 iR, STMP2G 1201 A B i 48 FiEAk 15
b B2 AR T A R s FEAMIE I T HA S

F2 XHIBER

BfidE  iRME#8FR  STGCN  GraphWaveNet AGCRN DMSTGCN  STSSL  MegaCRN TESTAM TGCRN HimNet STMP2G
MAE 3.3673 3. 3644 3.4135 3. 3989 3. 4515 3. 3463 3.422 3. 3747 3. 3536 3.2569

TZ2024  RMSE  5.0924 5. 0854 5.142 5.1743 5.1823  5.0772  5.2199  5.0804 5.0746  4.9735
MAPE 10. 2942 10. 2829 10. 402 10. 4401 10. 7414 10. 22 10. 4349 10.3091 10. 257 9.9724

MAE  19. 3812 18. 9261 19.2033  20.3561  19.8567 19.0814  19.4594 19.8066 18.6424 18.0219

PeMS04 ~ RMSE  29. 8266 28. 9847 29. 675 31.3527  30.0943 29.1666  29.4728 30.0197 29.206  28.1032
MAPE  12.8503 12. 6798 12.8752  13.8767  13.1662 12.5157  12.9235 13.6532 12.3569 11.9054
MAE 16. 8966 15. 6352 16. 0796 15. 3847 16. 6355 15.6374 15. 635 16. 781 15. 383 13. 8364

PeMS08  RMSE  25.5645 24. 0486 24. 329 24.0552  25.042  23.7418  24.3125 25.2231 23.6824  22.1409
MAPE 11. 0082 10. 3578 10. 7471 9.9208 10. 1982 9. 8438 11. 3711 11. 3653 10. 2204 9. 0568

MAE  12.615 12. 9254 13.1515  13.3816  12.5545 12.528  14.1526 13.8408 12.7136 12.1016

KnowAir RMSE  19.8722 20. 1974 20.0765  20.6932  19.6164 19.5352  21.7387 21.4599 19.9273  19.0377
MAPE  32.9993 35. 328 38.4106  37.5283  34.4903 35.7253  38.6702 41.2108 35.9345  31.195

MAE 20. 3012 19. 5245 21.5468 20. 3283 20. 7732  20.1075 22.2716  22.4652 20.8381 18. 3357

BJAQI RMSE  33.881 33.1811 34.5915  34.1822  34.4595 33.4858  36.8001 35.8109 34.5837  32.159
MAPE  34.1698 34. 5461 39.1352  37.1613  37.5391 37.2237  40.0052 40.7145 37.7068 32.3516

MAE  7.7395 6.8103 8. 4797 6.7793 7.8471  6.8816 8.3049  7.9618  7.4905 6. 602

GDAQI  RMSE  12.5682 11. 6488 13.8879  11.6135  12.8863 11.6459 13.1728 12.8378 12.1789  11.3695
MAPE  28. 2064 23. 9046 31.5456  23.5801  28.1894 24.6053  28.9435  30.201 26.845  22.4561

T IR SRR e i AR 1]

Forpr, STGCN 3 F i s S ] 45 B 4K 25 ) 4K
L AEL ] 5 P 45 v X LA Y R  T E R B
GraphWaveNet &% i3 H & N A9 48 7 50 (4 ok 22 >
BRI O F o (H H 2 20 B (14 25 [T SR 2 R A5 1, G
B BEAS [ B 8] 25 & A2 AE 4k, DMSTGCN 2 — K i
(18 A~ BsF i) 25 8 2 =) — A 80 42 J B o AR 3l 25 1 25
[] 56 7 o fH 220 T 3 Rl A Bsf (] ] 399 5 o ok 4
M52 . TGCRN 38 2 B[] Jg 0 12 25 ¥ 2% ) 2 25 i
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R B 25 M DA R AR T T ORY
AGCRN b B4~ 25 [8] 15 45 43 B T 4l 57 1) 2 8025 [
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BT T N B 28 R s A Ak, R L
EHBEERE R T ERBY . BT RAEA K
DX o3 F A A B 28 S ML S BOPE 2 Y B AR B R
hdEREZ R .

R T BRI s S M A, STSSL A 4 T 4
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1155 56 4 ity 31 0 1) 56 & P AL A7 7 I M. MegaCRN
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2
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FEHEBI R R RE T B 55 . HimNet 38 53 Bf
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o) i S R B FOIA T KR ITR S
S B R XE R 2 v 0 T 5B R N A A BRI T
TERIBS 25 G serp By i . Ak, B3R 7 vk oK g
Foor KT T Y R EB 2 B 5 Eh B AL, S BUE
A R R 28 S B R B AL

5 iR M . STMP2G 38 i 42 /R 2% 2] A2
T 2 R R 4R 518 SO 2 [ 427, I8 3
AHLRALA AR T 2 R i 28 5 ik s Rl B A g 1
M7 B W2 ST AT 55, AT S I s 41 rh A2 4 2
A4 BE 1 Ao 2, DL B8 58 ) RS B s S T Y
HERE ), “H M B AN AL G5 T R A L AR
AT el s 23 5 B Ve g T4 . itk , STMP2G Jig 3
H A B 1 0 2R B, 7S A Uk W] T AR S B A
B AT 501 R e
5.3 ABBHERR

N T BE STMP2G Hh SCHE 20 1 i A AL A SC
BT U0 T AR AR I - E A2 W R R 4R TZ2024 Fiss
A EEE S KnowAir BT T FE4H 09 5256 40 A

(D) base model : IZ BB M BR T B 25 467 5| 45
B, ATRALAH AR i 23 AR H T 7 4 AR I S 5 5T M 1Y
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FEREARL A, DL E A SO R SRR 5 R U7 R e FHEL AP BE

A R IR I 25 S5 J5 P 9 0 DA TR 8 A Y P i

(2)w/0 O, AR BR T[] $72 79 A2 iR B
P42 1A K A 4 ik 18] 42 7R 5k B, DL IR 2 RUBE
P8BS [5] B2 718 BE 75 A7 Z3CHH AR 1) S5 S P DA T 41 - 1
PERE ;

(3)w/o E, iZMBIRIMIER T 23 (8] $72 75 A2 iR B
P42 1A K 2 ()42 7R 5 i, LB IR AL
14 25 (6] 2 718 BE 75 A7 ZCHl AR 1) S Jo P DA T 418 - 1
PERE ;

(Dw/oW, . ZBERIMER T N2 52 75 il 5 B B
P42 1A K A i 2 52 B, DL IR [ 3
) I 23 4 75 il BE 75 A RO A I 25 58 E AR P T 4

(Sw/oE, . BRI ER T A W& ook 42
BB 40 1A ok B oA gk i, DUSRIE o
2 HE 75 A RO 58 B 28 B 7RO i 25 AR A 51 S B8 T A
17 i AR L i 5

(6)joint : 1Z A% ALHE TUAR R A 42 4T Ao 752 01 FL 0 10
26 (0 O Ak B [ 147, DA S I R FH B BE A 1 Ak
TR 2 15 BE U8 $2 155 °F > WOR RV B &t

(D w/o Adapter . ZBEERIMBR T & 2 18 BC A%
FHAR [R] 68 B 25 32 % %f 4% )22 I 25 SR AE 347 51 =, DU
B IR % 2 3 I s BE A5 A RCH 5 I S R AN [F] )2
YRR AIE 25 0] /9 38 PR 3R AE B T T B A A
RIVERE .

R 3 STMP2GC REMER TN &R

) TZ2024 KnowAir
o . . -
MAE RMSE MAPE MAE RMSE MAPE
base model 3.7402 5. 3741 11. 3809 14. 2917 21. 8661 43. 6437
w/00, 3. 3285 5.0642 10. 1987 12. 2419 19.4523 32.7956
w/oE_ 3.3419 5. 0995 10. 1912 12. 3147 19. 2891 32.4178
w/oW, 3.2911 5.0216 10. 1864 12. 2168 19. 2039 33. 8724
w/o E, 3.2812 5.0329 10. 0845 12. 3926 19. 4762 32. 4741
joint 3.2983 5. 0546 10. 0929 12. 4411 19. 5715 32.4912
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Background

Spatio-temporal prediction is a critical research area that
focuses on forecasting future trends across specific spatial and
temporal dimensions by analyzing historical spatio-temporal
data. Accurate predictions provide scientific support for deci-
sion-making processes, facilitating improvements in social
management and resource allocation. Due to its significant
applications in fields such as traffic management, weather
forecasting, and environmental monitoring, spatio-temporal
prediction has garnered extensive attention in recent years.

Deep learning techniques, with their strong feature
learning capabilities, have become the foundation for many
spatio-temporal prediction methods. These methods typically
model spatial dependencies using graph structures, where
nodes represent spatial units and edges encode their relation-
ships. Temporal dependencies are often captured as time se-
ries on graph nodes, employing recurrent neural networks
and their variants or convolutional neural networks and their
extensions. Additionally, graph convolutional networks are
utilized to model local spatial dependencies, while attention
mechanisms further enhance the capture of spatio-temporal
correlations. Despite these advancements, existing methods
primarily focus on global average characteristics and assume
uniform patterns across spatial regions and temporal periods,
overlooking the inherent heterogeneity of spatio-temporal da-
ta. This limitation significantly reduces the models’ ability to
capture localized variations and dynamic changes, leading to
suboptimal predictive performance.

Spatio-temporal heterogeneity refers to the uneven and
distinctive distribution and patterns of data across different

spatial regions and temporal periods. For instance, in traffic

scenarios, various types of roads (e. g. , highways, commer-
cial streets. residential roads) exhibit significantly different
speed distributions. Existing models often ignore these spa-
tial heterogeneities, treating all regions uniformly, which un-
dermines their ability to capture differentiated spatio-tempo-
ral patterns effectively. Methods attempting to address spa-
tial heterogeneity, such as assigning independent parameter
spaces to regions or leveraging meta-learning, face challenges
like high computational costs, overfitting, and dependence on
auxiliary spatial information.

Similarly, temporal heterogeneity is characterized by
distinct patterns in different time periods, such as weekday
rush hours or weekend shopping peaks. Existing methods
struggle with temporal heterogeneity, as they rely on global-
ly shared parameters or static modeling of dynamic depend-
encies, making them incapable of capturing multi-scale varia-
tions. Techniques like dynamic adjacency matrices or self-su-
pervised tasks have been proposed but are limited by fixed
periodicity assumptions, high computational overhead, or
optimization challenges.

To address these challenges, this paper introduces ST-
MP2G (Spatio-Temporal Meta-Pattern Mining and Prompt
Guidance) » a novel framework designed to capture spatio-
temporal heterogeneity comprehensively. STMP2G generates
spatio-temporal prompts to capture heterogeneity, mines me-
ta-patterns to enhance the prompts, and leverages them to
guide the spatio-temporal modeling process. The proposed
method achieves accurate predictions across various spatio-
temporal datasets and maintains robust performance in heter-

ogeneous temporal periods and spatial regions.



