The KDD Tutorial on FM4ST

Foundation Models for
Spatio-Temporal Data Science

Yuxuan Liang Qingsaong Wen

ASS|stant Professor Head of Al =~
T a— 1 i .
g L JIJI-Ii\IE\I/-iEOR,S\II?YKgFNSGCIENCE D \ : e -
| AN : ik

JL CHNOL GUANGZHOU — -.—';

R,

[E

R Squirrel Ai SRR
Learning [eeESsssE

q
3
|

August 4th, 2025, Toronto, Canada
Held in conjunction with the 31st ACM SIGKDD 2025




Organizers

s o4 F)

Yuxuan Liang Haomin Wen Yutong Xia
HKUST (Guangzhou) Carnegie Mellon University National University of Singapore

Ming Jin Bin Yang Flora Salim
Griffith University East China Normal University UNSW

Qingsong Wen Shirui Pan Gao Cong
Squirrel Al, USA Griffith University Nanyang Technological University

NANYANG
TECHNOLOGICAL
UNIVERSITY

SINGAPORE

B )
& EEREAL (M .. Q" arnegie BE & NUS
uM Lﬁ\;’EORgTGYKgFNSGOENCE AND u')J UGNl;\I/g;ISFrI\} Squirre.| Ai Me]_l()n W National University

e, . .
TECHNOLOGY (GUANGZHOU) Barmng UNSW Univer s]ty of Singapore

SYDNEY




Schedule

3:00-9:30 Background of FM/LLM for TS/ST Data Qingsong Wen
- FM/LLM for Time Series Data Squirrel Ai Learning
9:30-10:00 Coffee Break -
10:00-11:00 When Foundation Models Meets Yuxuan Liang
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Schedule

Background of FM/LLM for TS/ST Data Qingsong Wen

8:00-9:30 FM/LLM for Time Series Data Squirrel Ai Learning



What is Time Series (TS) Data”

» With recent advances in sensing technologies, a myriad of Time Series (TS)
Data has been collected and contributed to various disciplines

* Time series is a sequence of data points collected or recorded at specific
time intervals, showing how a variable changes over time

Social Science Transportation Sports Analysis




What is Spatio-Temporal (ST) Data?

» With recent advances in sensing technologies, a myriad of Spatio-Temporal Data

has been collected and contributed to various disciplines
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Motivation

» Modeling ST/ST data is the foundation of many real-world applications with high social
impacts.

» Creating win-win-win solutions that improve the environment. human life quality, and city

operation systems _
Environment {
Win
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Modeling
TS/ST Data

People Cities ,



Time Series & Spatio-Temporal Data Mining (TS/ST DM) ﬁﬂ

 TS/ST DM aims to harness the power of ST data with DM/AI techniques by
— transforming them into useful knowledge, i.e., representations

— leveraging the extracted knowledge to support a diversity of real-world, such as AlOps,
energy system, intelligent transportation, smart environment, etc.

Big TS/ST data



Our ST/ST Methodologies & Applications
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Roadmap of LLMs

 LLMs and Foundation Models
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Time Series Data

Aty

Spatio-Temporal Data
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Training

Repurposing Language & Other
Foundation Models

LLMs can be either trained or adeptly repurposed to handle TS data for a range
of general-purpose tasks and specialized domain applications.

__________________________

General Purposes

L i
i 2{}; !

Forecasting  Classification

| 5 =

sl Anomaly
Imputation Detection |
1

__________________________

/ Domain-Specific Applications \:

1

Climate” Clinical :
Modeling Q&A :

- :

®

Urban Video E
Computing Reasoning | |

__________________________

M. Jin et al., Large Models for Time Series and Spatio-Temporal Data: A Survey and Outlook. arXiv 2023. 11



Frontier Approaches: FM and LLM for TS Analysis

< FM for Time Series Forecasting
o  Train from scratch based on time series data
o E.g.: Time-MoE, Moirai, TimesFM, Chronos, Moment,...
< LLM for Time Series Forecasting
o Leverage/repurpose LLM for time series forecasting
o E.g.: Time-LLM, LLMTime, AutoTimes, OFA, UniST, ...
% LLM for Multi-Task Time Series Analysis
o Leverage LLM for general multi-task time series analysis
o E.g.: Time-MQA

[1] Yuxuan Liang, Haomin Wen, Yugqi Nie, Yushan Jiang, Ming Jin, Dongjin Song, Shirui Pan, Qingsong Wen*, "Foundation Models for Time Series
Analysis: A Tutorial and Survey", KDD 2024.

[2] Ming Jin, Qingsong Wen*, Yuxuan Liang, Chaoli Zhang, Sigiao Xue, Xue Wang, James Zhang, Yi Wang, Haifeng Chen, Xiaoli Li, Shirui Pan, Vincent
8. Tseng, Yu Zheng, Lei Chen, Hui Xiong, "Large Models for Time Series and Spatio-Temporal Data: A Survey and Outlook", arXiv 2023.




FM for Time Series: Motivation

e Scaling Laws & Capabilities in LLM
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Jared Kaplan, et al. "Scaling laws for neural language models."arXiv:2001.08361, 2020.

Model scale (training FLOPs)

Jason Wei, et al., Emergent Abilities of Large Language Models. TMLR, 2022.

How about Time Series ?
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Figure 1: Performance overview. (Left) Comparison between TIME-MOE models and state-of-the-
art time series foundation models, reporting the average zero-shot performance across six benchmark
datasets. (Right) Comparison of few- and zero-shot performance between TIME-MOE and dense
variants, with similar effective FLOPs per time series token, across the same six benchmarks.

» time series forecasting benefits from the scaling laws
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Time-300B, Time-MoE

Key statistics of the pre-training dataset Time—300B from various domains.

Energy Finance  Healthcare Nature Sales Synthetic  Transport Web Other Total
# Seqs. 2,875,335 1,715 1,752 31,621,183 110,210 11,968,625 622,414 972,158 40,265 48,220,929
#O0bs. 15981B 413.696K 471.040K 279.724B 26382 M 9.222B 2.130B 1.804 B 20.32M | 309.09B
% 517 % 0.0001% 0.0001% 90.50 % 0.008 % 2.98% 0.69 % 0.58 %  0.006 % 100%

A high-level summary of TIME-MOE model configurations.

Layers Heads Experts K  dmodel dif  dexpenn  Activated Params  Total Params

TIME-MOEpqse 12 12 8 2 384 1536 192 50 M 113 M
TIME-MOE g 12 12 8 2 768 3072 384 200 M 453 M
TIME-MOE1rq 36 16 8 2 1024 4096 512 1.1B 24B

» Time-300B: the largest open-access time series data collection
» Time-MoE: the first work to scale time series foundation models up to 2.4 billion

arameters
Shi, Xiaoming, Shiyu Wang, Yuqi Nie, Dianqi Li, Zhou Ye, Qingsong Wen*, and Ming Jin*. "Time-MoE: Billion-Scale Time Series Foundation Models
with Mixture of Experts." ICLR 2025.

14



Time-MoE: Architecture
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The architecture of TIME-MOE, which is a decoder-only model. Given an input time series of arbi-
trary length, (D) we first tokenize it into a sequence of data points, 2) which are then encoded. These
tokens are processed through N-stacked backbone layers, primarily consisting of causal multi-head
self-attention and 3) sparse temporal mixture-of-expert layers. During training, ) we optimize
forecasting heads at multiple resolutions. For model inference, TIME-MOE provides forecasts of
flexible length by (5) dynamically scheduling these heads.
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Time-MoE: Zero-shot Performance

Table 3: Full results of zero-shot forecasting experiments. A lower MSE or MAE indicates a better
prediction. TimesFM, due to its use of Weather datasets in pretraining, is not evaluated on these two
datasets and is denoted by a dash (—). Red: the best, Blue: the 2nd best.

4% TIME-MOE (Ours) (&) Zero-shot Time Series Models
Models | yye MoE,,,. TIME-MOE,,,,. TIME-MOE,,, Moirai,,.; Moirai,,,. Moirai,,. TimesfM Moment Chronos,,.. Chronos,... Chronos,,,,.
Metrics  MSE MAE |MSE MAE |MSE MAE |MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE MSE MAE |MSE MAE MSE MAE

960357 0381 [(0.350 0382 0349 0379 |0.401 04020376 0.392|0.381 0.388 |0.414 0.404 |0.688 0.557 |0.466 0.409 |0.440 0.393 0441 0.390

19210384 0404 |(0.388 0412 0395 0413 |0.435 0421|0412 0.413|0.434 0415|0465 0.434 |0.688 0.560 0.530 0.450 |0.492 0426 0.502 0.424

ETTh1 336 0411 0434 |0411 0430 |0447 0453 |0438 0434|0433 0.428|0.495 0.445|0.503 0.456 | 0.675 0.563 |0.570 0486 |{0.550 0.462|0.576 0.467
72010449 0477 |0.427 0455 (0457 0462 0.439 0454|0447 0.444|0.611 0.510|0.511 0.481 |0.683 0.585|0.615 0.543 |0.882 0.591 |0.835 0.583

AVG 0400 0424 [0.394 0419 (0412 0426 |0.428 0427|0417 0.419|0.480 0.439|0.473 0.443|0.683 0.566|0.545 0472 |0.591 0.468 0.588 0.466

96(0305 0359 (0302 0354 (0292 0352 |0.297 0.336|0.294 0.330[0.296 0.330|0.315 0.349(0.342 0.396|0.307 0.356 |0.308 0.343 |0.320 0.345

ETTh2 192/0.351 0386 (0364 0.385 |0.347 0379 |0.368 0.381|0.365 0.375|0.361 0.371|0.388 0.395|0.354 0.402 0.376 0.401 |0.384 0.392 0406 0.399
336 /0.391 0418 |0417 0425 |0406 0419 |0.370 0393 |0.376 0.390|0.390 0.390 |0.422 0427 | 0.356 0.407 |0.408 0431 [0.429 0430|0492 0453

72010419 0454 (0537 0496 0439 0447 0411 04260416 0.4330.423 0.418 [0.443 0454 |0.395 0.434 0.604 0.533 |0.501 0.477 0.603 0.511

AVG 0366 0404 |0405 0415 0371 0399 |0.361 0.384|0.362 0.382|0.367 0.377|0.392 0.406 |0.361 0.409 0.424 0430 0405 0410 0455 0.427

96/0.338 0.368 [0.309 0357 |0.281 0341 0418 0.392|0.363 0.356 |0.380 0.361|0.361 0.370|0.654 0.527 | 0.511 0.423 |0.454 0.408 |0.457 0.403

ETTml 19210353 0388 (0346 0381 |0.305 0358 |0.431 0.405|0.388 0.375|0.412 0.383 0414 0.405|0.662 0.532 0.618 0.485 |0.567 0.477 0.530 0.450
336/ 0.381 0413 |0373 0408 |0.369 0395 |0433 0412|0416 0.392|0.436 0.400 0445 0429 0.672 0.537 |0.683 0.524 |0.662 0.525|0.577 0.481

72010504 0493 (0475 0477 (0469 0472 |0.462 0432 0.460 0.418 ) 0.462 0.420|0.512 0.471|0.692 0.551 0.748 0.566 0.900 0.591 |0.660 0.526

AVG 0394 0415 (0376 0405 |[0.356 0391 |0.436 0410|0406 0.385|0.422 0391|0433 0.418|0.670 0.536 |0.640 0499 |0.645 0.500|0.555 0.465

96(0.201 0291 |[0.197 0286 |0.198 0.288 |0.214 0.288 |0.205 0.273 |0.211 0.274|0.202 0.270|0.260 0.335|0.209 0.261 |0.199 0.274 |0.197 0.271

ETTm2 19210258 0334 (0250 0322 |0.235 0312 |0.284 0.332]0.275 0.316|0.281 0.318 [0.289 0.321 |0.289 0.350 |0.280 0.341 |0.261 0.322 0.254 0.314
3360324 0373 0337 0375 |0.293 0348 |0.331 03620329 0.350|0.341 0.355|0.360 0.366|0.324 0.369 |0.354 0.390 |0.326 0.366|0.313 0.353

7200488 0464 |0480 0461 0427 0428 0402 0408|0437 0411|0485 0428|0462 0.430|0.394 0409 0.553 0499 |0.455 04390416 0415

AVG 0317 0365 (0316 0361 |0.288 0.344 |0.307 0.347|0.311 0.337 |0.329 0.343 |0.328 0.346|0.316 0.365|0.349 0.380 |0.310 0.350|0.295 0.338

96(0.160 0.214 [0.159 0213 |0.157 0.211 |0.198 0.222|0.220 0.217|0.199 0.211| - - 10.243 0.255/0.211 0.243 |0.203 0.238 |0.194 0.235

Weather 19210210 0260 (0215 0.266 0.2(_!8 0256 |0.247 0265|0271 0.259|0.246 0.251| - - 10278 0.3290.263 0294 |0.256 0290 0.249 0.285
336/0.274 0309 0291 0322 |0.255  0.290 |0.283 0.303|0.286 0.297|0.274 0.291| - - 10306 0.3460.321 0339 |0.314 0.336|0.302 0.327

720/0418 0405 (0415 0400 0405 0397 |0.373 03540373 0.354|0.337 0.340| - - 10350 0.3740404 0397 |0.397 0.396|0.372 0.378

AVG 0265 0297 (0270 0300 |0.256 0288 |0.275 0.286|0.287 0.281|0.264 0.273| - - 10.294 0.326/0.300 0318 |0.292 0.315|0.279 0.306

96(0.211 0343 [0.210 0342 |0.214 0345 |0.227 0.354|0.224 0.351|0.224 0.351|0.255 0.375(0.363 0.4720.234 0.361 |0.230 0.355|0.228 0.354

Global Temp 19210257 0386 |0.254 0.385 |0.246 0.379 |0.269 0.396 |0.266 0.394|0.267 0.395|0.313 0.423 | 0.387 0.489|0.276 0400 [0.273 0.3950.276 0.398
336(0.281 0405 (0267 0395 0266 0398 |0.292 04190296 0.420|0.291 0.417[0.362 0.460|0.430 0517 0.314 0431 |0.324 04340327 0437

72010354 0465 (0289 0.420 |0.288 0421 |0.351 04370403 0.498|0.387 0.488 [0.486 0.545|0.582 0.617 0.418 0.504 |0.505 0.542 0472 0.535

AVG 0275 0400 (0255 0.385 |0.253 0.385 |0.285 0409 |0.297 0.416|0.292 0.413 |0.354 0.451 |0.440 0.524 | 0.311 0.424 |0.333 0431|0326 0.431

Average 0336 0384 [0.336 0380 0322 0372 0349 0377]0.347 0370|0359 03730396 0.413[0.461 0454|0428 0420 |0.429 0412[0416 0.405
1 Count | 3 | 10 \ 28 | 2 [ § 0| 1 \ 4 \ 0 \ 0 \ 1

All pretrained time series models were evaluated without further training for different forecasting horizons



Time-MoE: Scalability Analysis
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LLM for Time Series: Motivation

* Multimodal large language models

How time series forecasting benefits from the recent advances of LLIVs?
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context Data
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Motivation

* Reprogramming makes LLMs instantly ready, more powerful for time series tasks

Input Time Series e~

v
Lf
o
© _ﬁ:
o L L M Reprogrammer
2. G
a0
e 7B/13B/33B/65B
% Parameters
o
Analytic Tasks

We keep pretrained LLMs intact and only fine-tune
reprogrammer to achieve certain alignments

A

Reprogramming ~ Adaptation + Alignment

A

makes LLMs to understand how to process the time
series data — Breaking domain isolation and enabling
knowledge sharing

further eliminates domain boundary to facilitate
knowledge acquiring

19

Chen, Pin-Yu. "Model reprogramming: Resource-efficient cross-domain machine learning." AAAI Conference on Artificial Intelligence, 2024.




Time-LLM: Architecture
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Ming Jin, Shiyu Wang, Lintao Ma, Zhixuan Chu, James Y. Zhang, Xiaoming Shi, Pin-Yu Chen, Yuxuan Liang, Yuan-Fang Li, Shirui Pan*, Qingsong Wen*, 20
"Time-LLM: Time Series Forecasting by Reprogramming Large Language Models", ICLR 2024.




Time-LLM: Few-shot & Zero-shot

Table 3: Few-shot learning on 10% training data. We use the same protocol in Tab. 1. All results are averaged
from four different forecasting horizons: H € {96, 192, 336, 720}. Our full results are in Appendix E.

Autoformer

Methods
‘ (2021)

TIME-LLM | GPT4TS DLinear PatchTST TimesNet | FEDformer Stationary | ETSformer LightTS Informer Reformer
(Ours) (2023a) (2023) (2023) (2023) (2022) (2022) (2022) (2022a) (2021) (2020)

Metric | MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE

ETTh1 |0.556 0.522]0.590 0.525]0.691 0.600|0.633 0.542[0.869 0.628|0.639 0.561]0.702 0.596|0.915 0.639|1.180 0.834|1.375 0.877|1.199 0.809|1.249 0.833

ETTh2 0370 0.394]0.397 0.421]0.605 0.538|0.415 0.431[0.479 0.465|0.466 0.475]0.488 0.499|0.462 0.455]0.894 0.713]2.655 1.160|3.872 1.513|3.485 1.486

ETTm1 |0.404 0427|0464 0.441[0411 0429|0501 0.466|0.677 0.537[0.722 0.605|0.802 0.628]0.797 0.578|0.980 0.714]0.971 0.705|1.192 0.821|1426 0.856
ETTm?2 |0277 0.323]0.293 0.335|0.316 0.368 [0.296 0.343|0.320 0.353[0.463 0.488|1.342 0.930|0.332 0.366|0.447 0.487|0.987 0.756|3370 1.440|3.978 1.587

Weather |0.234 0.273 |0.238 0.275]0.241 0.283|0.242 0.279]0.279 0.301|0.284 0.324]0.300 0.342]0.318 0.323|0.318 0.360|0.289 0.322]0.597 0495 |0.546 0.469

ECL 0175 0.270]0.176 0.269 |0.180 0.280]0.180 0.273[0.323 0.392|0.346 0.427]0.431 0.478|0.444 0.480]0.660 0.617|0.441 0.489|1.195 0.891]0.965 0.768

Traf fic |0.429 0.306]0.440 0.310|0.447 0.313]0.430 0.305|0.951 0.535]|0.663 0.425[0.749 0.446|1.453 0.815|1.914 0.936|1.248 0.684|1.534 0.811|1.551 0.821

1*Count | 8 | 1 | 0 | 1 | 0 | 0 | 0 | 0 | 0 | 0 | 0 | 0

Table 5: Zero-shot learning results. Red: the best, Blue: the sec-
ond best. Appendix E shows our detailed results.

Methods TiME-LLM | GPT4TS | LLMTime | DLinear PatchTST | TimesNet
(Ours) (20232) (2023) (2023) (2023) (2023)
Metric |MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE

ETTh1 — ETTh2 0353 0.387]0.406 0.422|0.992 0.708]0.493 0.488|0.380 0.405)0.421 0.431

ETThl — ETTm2 |0.273 0.340|0.325 0.363|1.867 0.869|0.415 0.452|0.314 0.360(0.327 0.361
ETTh2 — ETTh1 [0.479 0.474]0.757 0.578|1.961 0.981|0.703 0.574|0.565 0.513]0.865 0.621
ETTh2 — ETTm2 [0.272 0.341]0.335 0.370]1.867 0.869|0.328 0.386|0.325 0.3650.342 0.376 21




Time-LLM: Ablation & Efficiency

Table 6: Ablations on ETTh1 and ETTml in predicting 96 and 192 steps ahead (MSE reported). Red: the best.

Variant | Long-term Forecasting | Few-shot Forecasting
| ETTh1-96 ETTh1-192 ETTm1-96 ETThml-192 | ETTh1-96 ETTh1-192 ETTml1-96 ETThml-192

A.1 Llama (Default; 32) 0.362 0.398 0.272 0.310 0.448 0.484 0.346 0373
A.2 Llama (8) 0.389 0.412 0.297 0.329 0.567 0.632 0.451 0.490
A3 GPT-2(12) 0.385 0.419 0.306 0.332 0.548 0.617 0.447 0.509
A4 GPT-2 (6) 0.394 0.427 0.311 0.342 0.571 0.640 0.468 0.512
B.1 w/o Patch Reprogramming 0.410 0.412 0.310 0.342 0.498 0.570 0.445 0.487
B.2 w/o Prompt-as-Prefix 0.398 0.423 0.298 0.339 0.521 0.617 0.432 0.481
C.1 w/o Dataset Context 0.402 0.417 0.298 0.331 0.491 0.538 0.392 0.447
C.2 wfo Task Instruction 0.388 0.420 0.285 0.327 0.476 0.529 0.387 0.439
C.3 w/o Statistical Context 0.391 0.419 0.279 0.347 0.483 0.547 0.421 0.461

Table 17: Efficiency comparison between model reprogramming and parameter-efficient fine-tuning (PEFT)
. . with QLoRA (Dettmers et al., 2023) on ETTh1 dataset in forecasting two different steps ahead.
Table 7: Efficiency analysis of TIME-LLM

Length | ETThl-96 | ETTh1-192 | Length | ETThl1-96 \ ETTh1-336
Metric |Pa.ram. (M) Mem. (MiB) Speed(s/iter) | Param. (M) Mem. (MiB) Speed(s/iter) | Metric | Trainable Param. (M) Mem. (MiB) Speed(s/iter) \ Trainable Param. (M) Mem. (MiB) Speed(sfiter)
D.1 LLama (32)| 340453 32136 0.517 3404.57 33762 0.582 Ll ) QLoRA 12.60 14767 0.237 12.69 15982 0.335
D.2 LLama (8) 975.83 11370 0.184 97587 12392 0.192 ama Reprogram 5.62 11370 0.184 5.71 13188 0.203
D.3 wio LLM 6.39 3678 0.046 6.42 3812 0.087
wio L 32) QLoRA 50.29 45226 0.697 50.37 49374 0.732
ama Reprogram 6.39 32136 0517 6.48 37988 0.632

* Language model variants: The scaling law retains with the LLM reprogramming.

e Cross-modality alignment: (1) we find that the alignment is crucial (see B.1 and B.2); (2) domain knowledge and task instructions
are both valuable (C.1-C.3) and can be integrated via Prompt-as-Prefix (PaP)

* Reprogramming efficiency: (1) our reprogramming network is lightweight in activating the LLM’s ability for time series forecasting
(see D.3 --i.e., fewer than 6.6M trainable parameters; only around 0.2% of the parameters in Llama-7B); (2) this is favorable even

compared to parameter-efficient fine-tuning (PEFT; Tab. 17) 22



LLM for Multi-Task Time Series Analysis:

Motivation

Motivation

* Current time series analysis focus on narrow and specific tasks
such as forecasting or anomaly detection.

* Need frameworks that address a broader array of analytical and
reasoning tasks on time series data.

Designed Framework: Time-MQA

* Unified framework for multi-task time series question answering
(QA), enabling natural language queries across common time
series tasks, including both numerical analysis and open-ended
reasoning.

Data Contribution: TSQA

* Around 200k question-answer pairs across diverse domains and a
variety of time series tasks.

Healthcare Domain - Time Series Array (150 time points)

AN NP

Q: The dataset involves EEG recordings from an ALS\

n patient performing self-regulation of slow cortical
‘:; potentials (SCPs) to control a cursor.. Please first
Aldn N\ summarize the fime series.

J
A: Based on the given time series, we can identify a ssa
general decreasing trend from ... fo about ... Additionally, o)
there are fluctuations and local trends that deviate from 5

this overall descent, such as an .. and a subsequent
decrease to .. These dynamics suggest the patient ...

@O | @ Please predict the next 9 time series point given
L% information above and explain your reason behind your

im . forecasting.

A: Based on the observed pattern in the provided time e
series, we can make the following predictions for the de.%h
next 9 points: .. To arrive at these predictions, we
continue the downward trend observed from .. fo ..,
considering the overall pattern and adjusting for smaller
values ...

(1) Task Scope (2) Context (3) Multi-Task
(Reasoning) Enhancement Generalization
A ~ A
Time-MQA
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Time-MQA: Overall Framework

o~

Continue Pretraining LLM
(A’ onmne 9 laf Time Series Forecasting

f ’
: l :
I
| Pretrained weight |
: refrainec wels o| | '8, Time Series Imputation
| -'s" ' I
i E o ' &8, Time Series Anomaly Detection
> ! e
i : ' 5od Time Series Classification
| |
! I
\

0 bd| 6} | Open-Ended Reasoning QA
L

Llama  Mistral Qwen ChatGPT

—— =

@ Context
+

1 [
| @ Task specific prompts

Unified QA Function Key Innovations
Given a time series X, contextual information C, and a Time-MQA distinguishes itself by supporting multitask
natural language question Q, the Time-MQA model QA, leveraging contextual information to enhance
generates an answer A. robustness and adaptivity, and dynamically generalizing
Tasks can involve data forecasting, classification, across various question types within a single, flexible
anomaly detection, or reasoning responses. architecture.

Yaxuan Kong, Yiyuan Yang, Yoontae Hwang, Wenjie Du, Stefan Zohren, Zhangyang Wang, Ming Jin*, Qingsong Wen*,
"Time-MQA: Time Series Multi-Task Question Answering with Context Enhancement," ACL 2025 (Main).

T e e o e e
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TSQA Dataset: ~200k QA pairs

| (1) Forecasting |

[Context] This dataset aims to
estimate heart rate during physical
exercise using wrist-worn PPG
sensors and sampled at 125 Hz
from subjects aged 18 to 35 ...

The input Time Predict the next 24
Series are: time series point given

: information above.
N o
Past Future Time Series

- |

| (2) Imputation |

[Context] The Self-regulation of
Slow Cortical Potentials dataset,
provided by the University of
Tuebingen, involves EEG recordings
from ...

Please give full time series with
missing value imputed.

e

Why?

—{(3) Anomaly Detection|

[Context] The following data is
derived from traffic systems,
recording variations in traffic flow,
such as ...

Please determine whether there are
anomalies in this time series given
information above.

Why?

[Indusfrlal Maintenance]

| (4) Classification |

[Context] This dataset captures
gait freezing using wearable
accelerometers placed on the ankle
(lower leg), thigh (above the knee),
and hip ...

Given information above, please judge

No Freeze or Freeze?
Why?

~

. [ (5) Open-Ended Reasoning QA I—

~
-

20.38, 19.28 . .

Examine the data points [19.34, 20.41,
. ] and summarize the
overall movement trend in this data.

MCQ True/False

Open-Ended Question

increasing trend from ...

trends can be described as follows: ...
[To Conclude] The data exhibits ...

Summarization] The data shows an initial

Why? Detailed Explanation] The movement

de.%h I can identify trend, conduct
volatility ~ analysis, check
seasonality and so on.
Importantly, 1 can provide
reasoning behind my choice!

Figure 3: The demonstration of the Time-MQA and example of TSQA dataset with context enhancement.

Note: the TSQA dataset can be found at https://huggingface.co/Time-MQA.

Finance Mf‘fkiw
1.05% Sensors
IOTU (2 030) 0.37% (721) Traffic
2.63% 0.34% (651)
(5,072)
TR - A &% Healthcare
; 2 & ] °o
gy it
Anomaly @ .
ﬂ 26 Detection .
3.43% (| A 19.18% Forecdshng
(6,610) (37000)  22:07%
AIOps (42,557)
o B8-0  Classification
5.27% 5
(10,161) 5l 19.18%
(37,000) :
Imputation
< = Open-Ended 20.05%
Environment W Reasoning QA (38,657)
9.12% 19.52%
(17,584) (37,629)
Nature ﬁ ﬁ
A 7
' Activities
The Web 19.15%
16.65% Z o
(32,108) (37,000)

Figure 4: The distribution of data statistics in the TSQA dataset. The
inner ring shows task types, and the outer ring shows domains.
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Open-Ended Reasoning QA

MCQ (multiple-choice question)

Question: Determine if there’s a structural break in the data points [Time Series Data Points]. A) Yes, between
0.71and 0.72 B) Yes, between 0.65 and 0.63 C) No structural break.

Answer: C) No structural break. The data follows a gradual upward trend and subsequent flattening with slight
variability, but no abrupt change in the level or direction indicating a structural break.

Judgment (true or false)

Question: The data points [Time Series Data Points] exhibit a clear seasonal pattern. True or False?

Answer: False. While there are fluctuations and some repeated values, no clear cyclical pattern emerges that
would indicate seasonality. The variations appear to be more random than driven by any seasonal influences.

Open-Ended QA

Question: Summarize the overall behavior observed in the data points [Time Series Data Points].

Answer: The data initially shows a slow increase followed by a decreasing trend. The middle part of the data
points represents a peak with few higher fluctuations and later shows a slightly decline indicating a volatile
pattern.

n Q: Does the sequence [0.28, 0.3, 0.34, 0.39, 0.44,

b 0.49, 0.54, 0.58, 0.62, 0.65, 0.68, 0.7, 0.71, 0.72,

":‘ 0.73, 0.73, 0.73, 0.73, 0.73, 0.72, 0.71, 0.7, 0.69, 0.68]
exhibits an increasing pattern?

A: The sequence consistently increases until it peaks at m
0.73, after which it slightly decreases, but remains

relatively high. Llama 3
-

(A: The given sequence does not display a clear

increasing pattern throughout. While there is an initial
increase up to 0.73, followed by a period of stability, e
the later points decrease consistently from 0.73 to

\0.68, breaking the continuity of an upward pattern. Mistral

/I-\: The sequence does show an initial increase from

0.28 to 0.73, but it then stabilizes at 0.73 for several
data points before decreasing slightly towards the end
(down to 0.68). Therefore, while there is a phase of
increase, the overall description suggests both rise and Qwen 2.5

stability/decline, which contrasts with an exclusively
anreasing pattern.

/A: The sequence initially increases from 0.28 to 0.73,
but after reaching 0.73, it remains constant for a few @
terms and then starts decreasing from 0.73 to 0.68.

Therefore, the sequence does not exhibit a GPT-40

\conﬁnuously increasing pattern throughout.

Left: examples of three main types of open-ended reasoning QA. Right: an example of an open-ended reasoning question answering and generated model responses comparison between

our fine-tuned models with those from GPT-40.
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Time-MQA: Result Comparison

Table 3: Comparison of our three fine-tuned models, GPT-40, and Doubao across diverse tasks. Forecasting and
imputation tasks were evaluated using average MSE, while anomaly detection, classification, and open-ended
reasoning tasks (including multiple-choice questions (MCQs) and true-false questions (Judgment)) were measured
by accuracy. A lower value of MSE | and a higher value of accuracy 1 indicate better performance. * Doubao uses
simple mean forecasting, which outputs the same value for all forecasting.

Backb Classical Numerical Task Open-Ended Reasoning QA
ackbone Forecasting | Imputation| Anomaly Detection{ Classification T | Judgment 1 MCQ t
Doubao —* 0.018 0.52 0.44 0.78 0.56
GPT-4o 1.79 0.018 0.64 0.32 0.72 0.58
Llama-3 8B 2.01 0.020 0.54 0.24 0.74 0.48
Qwen-2.5 7B 1.82 0.016 0.68 0.52 0.82 0.54
Mistral 7B 1.35 0.014 0.58 0.44 0.80 0.64
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Task-solving Ability

Roadmap

Universal Task

Domain-agnostic Solvers
Task-agnostic Task Solvers Time-LLM, UniTime
Task-specific Pattern Machine TimeCLR, STGCL LLMs as domain expert models
. P Pre-training + Fine-tuning Solve complex real-world analytical
Assistant CNNs, RNNs, GNNs Learn domain- and task-agnostic TS tasks involving data
ARIMA, SVM, PGM, MF Learn domain-specific but task- knowledge and patterns
agnostic TS knowledge Solve various tasks LLM-Centric Models

Extract interested spatio-temporal
patterns in specific scenarios

Solve typical tasks

Pre-trained Models

Assist in specific tasks
pecifi Deep Neural Networks

1950 — 2000s 2010s 2022 2024

Ming lJin, Yifan Zhang, Wei Chen, Kexin Zhang, Yuxuan Liang*, Bin Yang, Jindong Wang, Shirui Pan*, Qingsong Wen*, "Position: What
Can Large Language Models Tell Us about Time Series Analysis", ICML 2024
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Multimodal Time Series

Image

Beyond Traditional TS Tasks

Q |5

» Future: Empowering Time Series Reasoning with - ~ -
MUItimOdaI LLMS [K"éjd“[wé } Q J Rg::;;lng E

@ Contextual Guidance

@ Reasoning Process

/ - N N
( Company Overview b Question: The company is [Context

Jan 30 - Apr 28, 2024

Apr 29 - Jul 28, 2024

Jul 29 - Oct 27, 2024

The company is one of the most
influential technology firms globally.
Founded in 1993, the company
initially focused on creating graphics
solutions for gaming but has since
expanded into various industries.

Guidance]. Given [Financial Reports]
+ [News Articles] + [Stock Prices],
please predict the return direction
for January 26, and explain the
reasoning behind your logic.

News Articles

Answer with Reasoning:
This 11,4 Supplier’s Stock

" Stock Rises After Trumy Market Talk: (" still the ‘easiest’  Chinese AlLab 1
Is Down 30% in 3 Months— Rﬂuksmom“_vnm[mﬂi;fm Al play for investors D § ok Has 50,000 Business Focus 1. State the U?Ef Problem.
;‘:;;‘t.‘;‘;’xﬁ;‘fy"‘e“'“k Chip Makers. - o HooNGk Core Market Coverage: Gaming, data 2. Extract Insights from Context
o e mammm""’w‘ A centres, automotive, cloud computing Information, Financial Repons,
Jan 19 Jan21 Jan 24 Jan25 and Al. News Articles and Stock prices.

3. Wait a second - realign the

Industry Position timeframe and extract insights.

Stock Prices
\/NJ\’@ The company competes with key 4.
P v \ players such as company A and B, 5.
\/\f - while also facing challenges from
emerging Al hardware startups and
alternative technologies.

Give Answer.

Jan25 Iterative Feedback

—_— Jan2l Jan 22 Jan 23 Jan 24

Figure 2. Key components for achieving time series reasoning (illustrated with financial time series example).

Yaxuan Kong, Yiyuan Yang, Shiyu Wang, Chenghao Liu, Yuxuan Liang, Ming Jin, Stefan Zohren, Dan Pei, Yan Liu, Qingsong Wen*, “Position: 29
Empowering Time Series Reasoning with Multimodal LLMs”, arXiv 2025.
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When Foundation Models Meets Yuxuan Liang

BRSO Spatio-Temporal Data HKUST (Guangzhou)
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When Foundation Models Meets
Spatio-Temporal Data

Yuxuan Liang

Assistant Professor, INTR & DSA Thrust
yuxuanliang@hkust-gz.edu.cn
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What is Spatio-Temporal (ST) Data?

» With recent advances in sensing technologies, a myriad of Spatio-Temporal Data
has been collected and contributed to various disciplines

o -

~——
=< , S o<

Time, Location,

Social Science Transportation Sports Analysis 34



ST Modeling Pipeline

Data
Transformation

Standard
ST Dataset

ST Grid
Data

ST Graph

Traj Data

ST Series
A variety of data in
ST domains

Credit to Ju

Model SPEUte: Training Real-world
. Temporal Al e
Selection Model & deploy Application

Prediction
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Popular Downstream Tasks

ST Prediction

ST Recommendation

Anomaly Detection

T

A) Taxi flow B) Social media

Scheduling

M.S. Crowd Flow Pred. Energy Adaptive Scheduling

ST Interpolation

é“ Q S5/ () Missing
r Sl‘ 2‘ 153 ’s ’ reading
i+l
55/ @ Observed
‘ 52@ |s3 ‘ ¥ reading
t' f \ \
t ¢‘ @ s3 @S é? &
T | g
s ‘ S5/ &
h Sl‘ 2® ‘SA ‘ (59

A) Missing situation

prms=em=———— f
1 Previous !

'l
| Crowd Flows 1
i

Classification

Multi-level Max Cover Scheduling |

1Co|

Energy-aware Scheduling |

[ Multi-step Crowd Flow Prediction [

,
' - e b

1 210

™ 5 7

X 1 . .

\External Factors} /____ NextLocation A y
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A Revisit on Existing Methods

Modeling ST Trajectory Modellng ST Grid Data Modeling ST Graphs Modellng ST Series




Methodologies for Learning ST Trajectories

» Existing Al approaches for CV/NLP are NOT always good choices for modeling trajectories
» Capturing the irregularity of trajectories is of great importance to trajectory modeling

* We demonstrate how to encode the domain knowledge (i.e., irregularity) into existing Al
methods, including RNNs and Transformers

, Y [y i 1 Outputs
i Spatio-Temporal ODE 5 ol ZolX; ... X,) @ :’ z :; Subpath Labelling : ;
[ ¥ :
Aty du | 'GP AP & 1| Lx (+)
[ e “@ @ d ’@”@5 B - o]
‘[ ODESalve 1 U :} - i
_— | | L o R — - H
T T T | N @ e —— head: Tl ad; —LJ‘CN: E LayerNorm
o |m Az wereen Xq :‘ ~  Posterior Squeezed Transformer Encoder J '
t" Approximation H
A Ay : u@ ) GD G - :
i i i i ; =
. ' T s i M Continuous Point Embeddin; H
e é o PN [ g. [ ] :
@ E m ” e Pa ; ‘ :
Irregular Trajectory

Encoder Decader [/ Irregular Trajectory [ Point features

Classic RNNs Continuous trajectory modeling Efficient trajectory modeling

Y. Liang et al., Modelling Trajectories with Neural Ordinary Differential Equations. IJCAI 2021.

Y. Liang et al., TrajFormer: Efficient Trajectory Classification with Transformers. CIKM 2022. o



— Generation helps protect users’ privacy
— DDPM outperforms GAN and VAE

Same origin and destination Different origin and destination

Y. Zhu et al., ControlTraj: Controllable Trajectory Generation with Topology-Constrained Diffusion Model. KDD 2024. 39



Methodologies for Learning ST Rasters

Citywide crowd flow prediction

* Predicting the inflow/outflow of every region

» Challenges
— Complex ST dependencies

— Long-range spatial dependencies

time Label X,

Py

exlemi €,
Fetch external ?Q o 1

Loss Function
Y

Ext & Land
Features

POI&RN [ Mincut loss

== [ MAE loss ]

closeness | W, X’ (Conv

Select X
Key Perod owmmM %, oy Backbone
Timesteps ) Network

- | CJ—
SN, el [ Cony
L ] 1

GloNet

Prediction ﬁ

(1) Data preparation (2) Model learning/predicting

Y. Liang et al., Fine-grained Urban Flow Prediction. WWW 2021.

in several hours
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Methodologies for Learning ST Graphs

» Spatio-Temporal Graph Neural Network (STGNN)
— Capturing spatial correlations by Graph Neural Networks (GNN)
— Learning temporal dependencies by RNN or CNN

Diffusion Convolutional  Diffusion Convolutional ~ Diffusion Convolutional  Diffusion Convolutional
Recurrent Layer Recurrent Layer Recurrent Layer Recurrent Layer
[y I - | [y I e I
Input Graph “ ] L Ty Predictions

5. I ] L ] ] L ] » L ] ] L ] *a
ignais ¥ oy LI LI " Ny o

& N <GO>- o

=)
/l\_ ... - - ses RelU- e e RelLU- ses - o L
. L ] L J *
L —a L - .-g L
Y “o? L L= i o7 : :
] L ] ] » ) . ] [ ] ] ! |
L o L . L] . L ] . l} . | ;
1 A N ——— | .
t | Lo T _ Skip )
| I I connections
I L S T _________ j,. = Devhn;e -
Linear
Encoder Copy States Decoder T
Input

G. Jin et al., Spatio-Temporal Graph Neural Networks for Predictive Learning in Urban Computing: A Survey. TKDE 2023. 41



Methodologies for Learning ST Series

Nationwide Air Quality Prediction in China

» We present the first attempt to collectively predict air quality in the Chinese mainland with
an unprecedented fine spatial granularity, covering 1,000+ stations.

» To capture dynamic spatial correlations @
» Using self-attention mechanism - °
» Challenge: quadratic complexity w.r.t tzSinde:  Stationilas
#locations y } LY
. 3 ‘[ @ sef WJ z ‘
| B@0=0 Outmost | N0
(0028 Middle | o O
J\ | @ZO=8 Innermost | PM2.5 Concentration
Qi Concat K 8 ?6.120 (pg/m*)
® 8@ 08070 o
N . T ® 150-300 0 500 1,000 km \@
—— ) 3
(a) Spatial partition ~ (b) Spatial projection  (c) Spatial attention Shing N

Y. Liang et al., AirFormer: Predicting Nationwide Air Quality in China with Transformers. AAAI 2023. 42



Key Limitation

 There is no free lunch

* Prior literature mostly concentrated on solving specific tasks

'._:;_“;-'. = ST Dataset Feature Engineering + ML Tasks
o
T :
= Trajectory
Ll Data
Classification
. Data
A variety of data in Data .
ST domains




Roadmap of LLMs

 LLMs and Foundation Models
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Time Series Data

Aty

Spatio-Temporal Data

M. Jin et al., Large Models for Time Series and Spatio-Temporal Data: A Survey and Outlook. arXiv 2023.
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Repurposing Language & Other

Training

Foundation Models

_________________________

General Purposes

e I

Forecasting  Classification

Lﬂﬂiﬂ Anom\aly

Imputation Detection

_________________________

®

Urban Video :
Computing Reasoning
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Overview — Two Key Questions
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How to Apply STFMs for ST Data Science?
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Leveraging FMs for ST Data Science

: Numerical Problems Inferential Problems
 Overview J
Forecasting Imputation Event Analysis Physical Grounding
- ST data SenSIng Anomaly Others Decision Making Scenario Simulation
N\ Fat
— ST data management 1[ 1[
ST Data Mining Common-Sense Reasoning

— ST data mining

Perception

Optimization

Numerical Reasoning

Causal Reasoning

— Applications

ifi

ST Data Management

Data Cleaning

Query & Retrieval

Data Integration

ST Data Sensing

Real-World Dat

aSensing

Synthetic Data Generation

E Cross-domain ST Data i
_,i / Location //Trajectory// Event / i
i-/ST Raster // ST Graph // Others / i
____________________________ 1

Y. Liang et al., Foundation Models for Spatio-Temporal Data Science: A Tutorial and Survey. KDD 2025.
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Crowdsensing: How to arrange
the incentives dynamically?

Static sensing: Where to deploy
sensor to maximize the gain?

 Alimited resource (budget, labors, land..




FMs for ST Data Sensing

* Real-world data sensing [1] » Synthetic data generation [2, 3]

Trajectory L™ semantic activity location coordinates "L e
(=] e et Shopping Mall (35.532, 139.637)
Shapes @ Shapes Ramen Restaurant (35.581, 139.623)
Knowledge from - -
~ Internet i Railway Station (35.704, 139.774) |
Language-centric ~ Large language » ¢3 i 9 Seaside Park e (35.461,139.680)) /'
& J
framawork model(LLM) f : i ltalian Restaurant (35.723, 140.117) |
‘ | Reviewsfrom i Home (35.773, 140.092) )

.' Social media senseang, i
o o, J b
o% (Personal activities on 2024-03-01) “plan”: [Shopping Mall at 10:30, Ramen
= e Restaurant at 12:22, Railway Station at 14:54, Seaside Park at 16:45, Italian
e.g. Bidirectional : Int jent ) b ™1 v . ' ? Restaurant at 19:00, Home at 21:00]
knowledge transfer g : Aok = ohod L I d “reason”: My plan today is to go shopping in the morning and then grab something
between humans : d Lo oL to eat. In the afternoon, | will visit the seaside park and have a ...
andLLM

v Next-generation urban sensing

[VOGEGRIT G Upload latest
knowledge
toltm £

e.g. Autonomous urban emergency event sensing

Urban transportation,

Initial i Trajectory T

Humans retrieve ° managementgis
Kniow How can | . o '
from LLM goto||.? Urban emergency sensing x Urban emergency solving ‘Traj . I
‘Trajectories X
a h - 1

: s [Car A X:234  y:345
: i Change Lane: There are speed: 12 m/s
. H oo oo -7 F o yaw: 0°
Nan M Polylin e
ap Encoder P Stop: Prepare for chang- 4

H : “ ing lanes to the right... ‘9"-6
: | Keep Still: Wait for the

[1] C. Hou et al., Urban sensing in the era of large language models. The Innovation 2025.  (car A bypasses Car B : E?;’é;he right to pass... s X &

. ' . . . et

[2] W. Wang et al., Large Language Models as Urban Residents: An LLM Agent Framework | Car4 overtakes Car C. ! Cruise: There is 0 vehi- é“'

' Interactions I \\ 1 cle ahead,allowed to...

for Personal Mobility Generation. NeurlPS 2024.
[3] K. Yang et al., Trajectory-LLM: A Language-based Data Generator for Trajectory
Prediction in Autonomous Driving. ICLR 2025.



FMs for ST Data Management

- Data Cleaning

(d) Our UrbanCLIP Framework
(Spatial Modality + Textual Modality)

(c) Downstream Tasks |

Economics l’
Indicators * ﬂ

— Filling missing values

Outputs

LT

4

— Filling missing views

|8

(a) Cross-Variable Generalization and
Cross-Domain Generalization

bustling with activity, as numerous

Step 1: N Step 2: — Step 3: LIS WAL
cars are driving on the streets.

Pre-training  Fine-tuning  Evaluation
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: Same Domain, Different Variable, | : Cros#-Variable Generalization : = 1 : Contrastive € Pre-trained i
! Similar Patt ' i el . = H .. ] H
! Simier patter o ! (b) Self.supervised Learning . 1 Environment ‘% 1@ | Pre-training LLM i
i - & : . ‘ i 1 ‘.‘ :

} (with only Spatial Modality) w i Indicators ‘ Do R T : i

‘ Lol ro 1 Additional data ! !

1 ot - Lo 1 0. 4+ | |Refine |
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| . 1 - I NN Co 7 Traffic i E '
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- |, { \/ Wil . ] s t  Mobilit POIs Road Net Indicators High-Quality Description H
Existing Data; = _,_/ .f\j\\f/ v‘., Pl ’r\ i | R y A —p ! k Lo gh-Q ] P !
. ~ S . ! T o . o Thi e : . E |

PO . o - ! Lo . his region is featured by a park |

! I | - 5 - ]

Existing data from Data from unseen [ Existing data from | Model Outputs i E surrounded by a mix of residential
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J. Cheng et al., NuwaTsS: a Foundation Model Mending Every Incomplete Time Series. arXiv 2024
Y. Yan et al., UrbanCLIP: Learning Text-enhanced Urban Region Profiling with Contrastive Language-Image Pretraining from the Web. WWW 2024



FMs for ST Data Management

* Querying & Retrieval

— E.g., UrbanLLM functions as a problem solver by decomposing urban-related queries
into manageable sub-tasks, identifying suitable Al models for each sub-task, and
generating comprehensive responses to the given queries.

Input Seeds

LT T 1 ]

User: | want to go to Jurong East for dinner and
| will leave from Boon Lay MRT station at 6PM,
where can | park?

1

1

I

1

1

I

1

| [T T T

1

¥ v 1 UrbanLLM

I Input Prompt

1

1

! Results

Evaluate o Train : MO
+ + " Formulation

1

I

1

UrbanLLM 1 Database
Y

Self-Instruct

in JSON Format

Spatio-temporal task decomposition}

Instruction Evaluation Dataset Instruction Training Dataset @—l
1
} Final Output: Your ETA is 18 mins, by Spatio-temporal machine
I:I Instruction Prompt [:I Causal Understanding Prompt : the time you arrive (6:18PM), your learning models in
I parking options are... @ JSON Format
1
1
) U | :
|:I Task Understanding Prompt I:I ser Query |:I JSON Output ‘ Execution
Spatio-Temporal Analysis = Model Matching = Results Generation

Jiang et al., UrbanLLM: Autonomous Urban Activity Planning and Management withLarge Language Models. EMNLP 2024.



FMs for ST Data Management

- Data Integration

— It aims to combine information from disparate sources, necessitating the understanding
and mapping of relationships between entities in heterogeneous datasets

— Example: Building knowledge graphs for urban data

7 - B B —— TN
__________ e —— F___f__,—‘_._\\ i ) o N
ﬁEntity Recognition 1! Relation Extraction\ |{ Knowledge Graph ‘\] r;- f Feedback - LoRA =
. ! . b . .
| <Given urban text> |1| <Given urban text> | | Completion |[ - | - Fine-tuning
'3\3!' <Task profile> |‘ <Task profile> I\ <Given entities> | — —bl‘l N - I —
T°| <Entity definition> JJ <Relation definition> | | <Geometry information> | b i —_—r
= \:F_or_‘Tat> _ J’\ <F_c_)rmat> Jl | <Task profile> | Augmented | Trajectory Refine Trajectory -
£ ———5 _____,_.______::___ - =" | <Geospatial relation [ e e | Updater Verifier ) R.Ef:"‘ed_ UrbanKGC agent
5 \ . A A \ \ definition> | 3 N . L s Trajectories
+ | Relational Triplet Extraction | | <Format> ‘ - — e
g | <Given urban text> [ | <coT> Let’s think step | i External Geospatial Tools mencesce
'_| <Task profile> | | by step | — ——— 3
; ; ; o | o —
| <Spatial entity and relation types> | \ —_—— - Point within | / \
| <Format> | @ Polygon | ]
| <COT> Let’s think step by step [5 L | \ o Y8 |J | {
N e j n
Spatial view . | | Relati 1 Triplet |
- @ _#\Polygon within | | elational Triplet Knowledge Graph
Temporal view | Extraction Completion
P Polygon N o o U/
Functional view Instructions General LLMs \ e /‘l —— = -
U ror = e S i i (b) Tool-augmented Iterative Trajectory (c) Hybrid Instruction
a nowle ea e nstructlion eneraction o i = i
5 Refinement Fine-tuning

Y. Ning et al., UrbanKGent: A Unified Large Language Model Agent Framework for Urban Knowledge Graph Construction. NeurlPS 2024



FMs for Spatio-Temporal Data Mining

* Key capabilities
— Perception
— Optimization
— Reasoning
» Common-sense reasoning

» Numerical reasoning

» Causal reasoning

ST Data Mining

Common-5ense Reasoning

Perception

Optimization

Numerical Reasoning Causal Reasoning

7¥




Downstream Applications

 Numerical problems

— E.g., forecasting, imputation, anomaly detection

* Inferential problems

Event Analysis Physical Grounding

* Event Detection * Geo-Localization

* Map Reconstruction
* Intelligent Routing

{ * Navigation

* Event Prediction
* Even Interpretation

%
S 3 . (o) sl igis "
Decision-Making (“’6 Scenario Simulation
» Traffic Signal Control 06 e Urban Planning
e Traffic Managemnt - * Society Evolution
* Autonomous Vehicles * Epidemic Simulation

* Diasater Response System * Gameplay



How to obtain STFMs based on ST Data?

ST Data
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Two Ways of STFMs

* By harnessing Large Language Models (LLMs), it becomes possible to develop more
generalized, adaptable solutions that can be fine-tuned for specific tasks with minimal data.

» Another prominent approach involves Pretrained Foundation Models (PFMs) on cross-
domain ST data and adapting them for particular domains.

Prompt Engineering )—(Time—LLM [53], AuxMobLCast [149], Promptcast [147], LLMTIME [33], LSTPrompt [87]

Agentic Engineering )—(Geo(‘:P’l‘ [174], LLMob [50], STMA [64], TrafficGPT [168], TimeXL [49], TimeCAP [63]

r{All Parameters

HW—MAE ; (98], ClimaX [104], FourcastNet [108], GeoLLM [99]

—(Pmtial Parameters )—(LLM«:TS [13], OFA [183], ST-LLM [86]

Neural
Architecture

—(Add-on Parameters HTimc-LLM [53], LLMLight [61], Time-VLM [180]

—(Transfonner—based )—(ijFM [85), GeoLM [77), CityEM [7], OpenCity [72), UniST [158], ROSE [131

Hpiffusion-based

)—(TimeDiT [12], UrbanDiT [160], GPD [161], TrajGDM [21], UniMob [96

—(Graph—based

)_(mvr [130), GraphCast [62]

Hothers

TSMamba [97], MambadCast [8], Time-SSM [43], NeuralGCM [59]. DADA [118]

{Generative

)—(ijFMM, TEM [130], W-MAE [98], G2PTL [138], UniTraj_[189], ROSE [131]

Pre-training
)l

HContrastive

]—(CilyFM 17], PTrajM [84], MTE [171]

Data
Modality

—(Hybrid

)—(GeoLM [77], DADA [118

—(Location

}—{CilyFM [7], SpaBERT [71], G2PTL [138], UrbanCLIP [150], UrbanVLP [40], ReFound [142

—(Trajectury/Evenl )—(ijFM [85], LTM_[103], PTrajM [84], UniTraj [189], TrajGDM [21], MOTOR [121]
-(s-r Raster HW—MAE , [98], UrbanDiT [160], ClimaX [104], Pangu [10], Fengwu [15], UniST [158]
—(ST Graph )—(STEP 117], OpenCity [72], GraphCast [62], SCPT [111], Moirai [137

L L JL JL UL UL JUL U JUL JL JUL JUL JU JU

SpaBERT [ ™ UrbanCLIP UrbanVLP Location
pal L rban eemer | an’
‘/47 L U""T'aj J D Trajectory/event
S %
~ ~
P 'Y N A
GeoVectors MOTOR | \ G2PTL oo
h P T R T eFoun
TrajGDM TrajfM CityFM
[ Climax |
[ f {OpenCity [ ] STRaster
r X —F
FourCastNet v h‘:'AE ‘FE’_"QW“ [] STGraph
STEP v ™~ N
\ TFM Y MOIRAI — Y
Y ‘ W ("uUniST ] { ! UrbanDiT
Pangu | “ o
2023 2024 ]2025|—>

Y. Liang et al., Foundation Models for Spatio-Temporal Data

Science: A Tutorial and Survey. KDD 2025
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Category Content Format Dataset Link Reference
ArcGIS s.com 186
PlanctSc pers. planet. con/docs/data/planetscope/ 154
Satellitc Image Image Google Earth v pers. google. con/maps/docusentation/ 116
https://uwu.openstreetsap. org/ 137
Baidu Maps https://lbsyun.baidu. cos 124,313
Baidu Map httpa://lbsyun.baidu.com 1186, 124)
St Vew Ioage Google Street Nttpas//developers, google. con/uape/
=3 Tencent Map https://1bs.qq.con/tool /streetview/index. htal
Tencent Map Service  https://1bs.qq. con/getPoint/
Geographical WeChat POIs s://open.weixin.qq. con
Data BaiduMapPOIs  https://lbsyun.baidu.com
NYCOpenPOls  https://opendata.cityofneuyork.us/
Foursquare s://developer. foursquare. com/docs/checkins/checkinas
POIs Point Vector Wikipedia POIs //wwu uikipedia.org
AMap Service https://1bs.amap.com
Yelp POIs 1p.con/developers
Dianping POIs https://api.dianping.con/
Weibo POIs https://open.veibo.com/wiki/API
Flickr POIs //wwa.t1icke , con/services/developer/api/
Bing Map POIs ortal.com
Shenzhou UCar /2MGATx2
Chicago Transportation //data.cityofchicago.org/
VED https://github. con/gaoh/VED
Taxi Shenzhen https://github.com/cbdogd4/STL
NYC Open Taxi Data //opendata. cityofnewyork. us/how-to/ 1368, 366]
Traffic Spatio-temporal Geolife tp://urban-comput ing. con/index-893. htz 196, 398, 400, 394, 347
Trajectory Trajectory T-Drive Taxi ://urban-computing. con/index-58 350,351, 217, 191]
DDi Traffic data/ 340, 18K, 228, 328, 261
Xiamen Taxi 6xg39x9vgd/1 342, 40, 124,39
Grab-Posisi 1337,339)
Traffic California-PEMS ://pens..dot..ca.gov .25
Data METR-LA vps://www.metro.net 143,171
Taflic Flow  SPatio-temporal Large-ST https://github. con/1iuxu?7/LargeST
Graph MobileBJ //github.con/FIBLAB/DeepSTN/issues/4
TaxiBJ //goo.su/ay;jTAz 74]
BikeNYC //citibikenyc. con/
% OpenStrectMap https://wwv.openstreetzap.org 339, 13, 188, 349, 84]
RoadNetwork  Spatial Graph 115/ ¢venc1c Bureau a://wwa. census. gov/data. htal 66
Ligiat Spatio-temporal LaDe https://cainiaotechai.github. fo/LaDe-website/ 05|
o] Trajectory ID Logistics s://corporate. jd. con/ourBus #jdLogistics 235
20, 381, 383, 352, 270, 301, 240)
Twitter Bttpe://developer. tuitter. con/en/docs 1. B I
Common Crawl stry.opendata.aws/commoncravl/ [380)
e o Yelp Reviews yelp.com/dataset 380, 383
Weibo Traffic Police veibo.com/d: opers/ 342
Sochal ot YFCC100M su/jzaDU 386, 340,09
Media | COOIRES  magekVideo NUS-WIDE su/dWPQZeD 340, 338
Data Sl GeoUGV https://qualinet,github.io/databases/video/ 1187)
Jiepang User Check-in  https://jiepang. app/ 174
Users’ Info Time Series  Gowalla User Location  http://konect . cc/networks/loc-gowalla_edges/ 3
WeChat Mobility ~ https://open.veixin.qq.con/
Crime Time Series NYC Crime https://opendata.cityofnevyork.us/ 368
. Land Use SG httpa://uwu.ura.gov.sg/Corporate/Planning/Master-Plan  [156]
Demographic  Land Series 3 2t
ool Y T LandUseNYC  httpa://goo. su/puTuG 156
Population Time Serics ‘WorldPop https://wwe.vworldpop.org/ 309, 154, 10]
TipDM China Weather  https://www. tipdn. org/ 7
DarkSky Weather s://support . apple. con/en-us/102594
WeatherNY https://opendata. cityofnevyork.us/
WeatherChicago s tyofchicago. org/
Metcorology  Time Sefies e her Underground / /4wy .wunderground. con/
X DidisY //wwe.didiglobal .con/
Environment WD_BJ weather https://goo. su/DuHFHd
Data WD.USA weather  https://goo. su/RVEBA
Greenery Time Series Google Earth //earth.google. con/
. UrbanAir //goo . su/hizNBS3 399, 396, 392
Alr Quabey Timo Sevies KnowAir https://github. con/shuowang-ai/PH2.5-GNN 286, 346, 370, 318




Taxonomy on Methodology

—[Pmmpt Engineering J—[Time—LLM [53]. AuxMobLCast [149], Promptcast [147], LLMTIME [33], LSTPrompt [87]

Zero-shot
Learner

Fj.neftuning]-{Parlia] Parameters ]—[LLM4TS [13], OFA [183], ST-LLM [86]

—|Addfon Parameters HTimefLLM [53], LLMLight [61], Time-VLM [180]

—{Transformer—based ]—[TrajFM [85], GeoLM [77], CityFM [7], OpenCity [72], UniST [158], ROSE [131]

STFM e HDiffusion-based HTimeDiT [12], UrbanDiT [160], GPD [161], TrajGDM [21], UniMob [96]

|

Agentic Engineering GeoGPT [174], LLMob [50], STMA [64], TraflicGPT [168], TimeXL [49], TimeCAP [63]

—[A]] Parameters ]—[WfMAEﬁ], ClimaX [104], FourcastNet [108], GeoLLM [99]

—[Graphfhased ]—[TFM [130], GraphCast [62]

TSMamba [97), MambadCast [8], Time-SSM [43], NeuralGCM [59), DADA [118]

—(Generative ]—[TrajFM [85], TFM [130], W-MAE [98], G2PTL [138], UniTraj [189], ROSE [131]
Pre-training N , .- B

PFM -[Scheme I— ityFM [7], PTrajM [84], MTE [171]

—[Hybrid HGeoLM [77], DADA [115]

SityFM [7], SpaBERT [71], G2PTL [138], UrbanCLIP [150], UrbanVLP [40], ReFound [142]
Data —[Trajeclory/Evem J—[TrajFM [85], LTM [103], PTrajM [84], UniTraj [189], TrajGDM [21], MOTOR [121]
Modality _ - .

—|ST Raster HWfMAEﬂJ, UrbanDiT [160], ClimaX [104], Pangu [10], Fengwu [15], UniST [158]

| S ) W S W W W S G S W W W ) S N D

—[ST Graph J—[STEP [117], OpenCity [72], GraphCast [62], SCPT [111], Moirai [137]

Y. Liang et al., Foundation Models for Spatio-Temporal Data Science: A Tutorial and Survey. KDD 2025.



Our Methodologies

(2) Domain-Specific Leaming | {b) Cross-Domain Learning
i
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Moirai-MoE [ICML'25] Time-FFM [NeurlPS’24] Time-LLM [ICLR’24]
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LLMs for ST Data Science

Survey on LLMs

SignalGPT (Liu et al., 2023a), LLM-MPE (Liang et al., 2023), SST (Ghosh et al., 2023),
f Data-based Enhancer — Insight Miner (Zhang et al 3c), AmicroN (Chs\llh]‘]t& et al., 2023),
(Yu et al., 2023b), (Yu et al,, 2023c), (Fatouros et al., 2024)

LLM-assisted Enhancer L]
(Section 3)

F------------.

=

L — - IMU2CLIP (Moon et al., 2023), STLLM (Zhang et al., 2024c), (Qiu et al., 2023b),
Model-based Enhancer | 1, eGP (Zhang et al., 2024d), (Li et al., 204), (Yu et al.. 2023a), (Qiu et al, 2023a)
Time-LLM (Jin et al., 2024), FPT (Zhou et al., 2023a), UniTime (Liu ef al., 2024b),
r Tuning-based Predictor ~ — TEMPO (Cao et al., 2023), LLM4TS (Chang et al., 2023), ST-LLM (Liu et al., 2024a),
GATGPT (Chen et al., 2023b), TEST (Sun et al., 2024)

sapias aw|L
SYSEL anpa|paid

L

LLM-centered Predictor PromptCast (Xue & Salim, 2023), LLMTIME (Gruver et al., 2023),

When Time Series Meet LLMs

:- ToTm -ﬂ-: | ;_i M (Section 4) H{_Non-tuning-based Predivtor }— (Spathis & Kawsar, 2023), (Mirchandani et al., 2023), (Zhang et al., 2023d)
I ] %1 L o
: ° Domain Knowledge g: L 3,! Lag-Llama (Rasul et al., 2023), PreDcT (Das et al., 2024), CloudOps (Woo et al., 20 m_
1 el T E: Y Others — TTMs (Ekambaram et al., 2024), STR (Sun et al., 2023), MetaPFL (Chen et al., 21
: el gl Multimodal Inputs L Time-GPT (Garza & Mergenthaler-Canseco, 2023), PEMs (Kamarthi & Prakash, "U‘?J

] =
1 ) ® &
1 EX LLMs % : GPT3-VQA (Yang et al., 2022b), PromptGAT (Da et al., 2023),
1 w | A External Knowledge — Open-TI (Da et al., 2 Planner (Huang et al., 2 Sociodojo (Cheng & Chin, 2024),
Hi H @ 1 A g pe 2 ) g

. . . LLM-empowered Agent ProgPrompt (Singh et al., 2023), Visual ChatGPT (Wu et al., 2023)
Multiple Data Modalities Domain Models Complex Problem Solving — iy
S Adapt Target Modality ~ — Toolformer (Schick et al., 2024), LLaVA (Liu et al., 2023b), PIXIU (Xie et al., 2023)

[ICML'24]

M. Jin, Y. Zhang, W. Chen et al., Position: What Can Large Language Models Tell Us about Time Series Analysis. ICML 2024.



LLMs for ST Data Science

« Our standpoint is that LLMs can serve as the central hub for understanding and
advancing ST Data Science in three principal ways

— LLM-as-Enhancers: augmenting ST data and existing approaches with enhanced
external knowledge and analytical prowess

— LLM-as-Predictors: utilizing their extensive internal knowledge and emerging reasoning
abilities to benefit a range of downstream tasks, e.g., forecasting

— LLM-as-Agents: transcending conventional roles to actively engage in and transform
spatio-temporal data mining



LLM-as-Enhancers

« Our standpoint is that LLMs can serve as the central hub for understanding and
advancing ST Data Science in three principal ways

— LLM-as-Enhancers: augmenting ST data and existing approaches with enhanced
external knowledge and analytical prowess

— LLM-as-Predictors: utilizing their extensive internal knowledge and emerging reasoning
abilities to benefit a range of downstream tasks, e.g., forecasting

: transcending conventional roles to actively engage in and transform
spatio-temporal data mining



Categories of LLM-as-Enhancers

 Data-centric enhancer  Model-centric enhancer

External
Knowledge

External
Knowledge
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Data-Centric Enhancers: An Example in Finance {j

» This study focuses on NASDAQ-100 stock price prediction, supplemented by
metadata about the stock company and relevant financial news data

format Description: ..., Positive Factors: ..., Negative factors: ...

GPT-4 Response:
Description:

and more.

Positive Factors:
Macroeconomic: Economic growth, increased consumer spending

Brand: Strong global brand, loyal customer base
Legal/Regulatory: Favorable policy changes, successful patent applications

Negative Factors:

Macroeconomic: Inflation, economic downturn, trade restrictions

Business: Decreased sales, poor earnings reports, lack of new investments

Technology: Slow pace of innovation, delays in product launches

Brand: Damage to brand reputation, loss of customer loyalty

Legal/Regulatory: Antitrust investigations, unfavorable policy changes, patent disputes
Environmental: Failure to meet sustainability goals, negative environmental impact

Prompt: Generate a short description for stock AAPL’ s company. Also list general positive and negative factors that might
impact the stock price; be brief and use keywords. Consider diverse general factors, such as macro economic situation (e.g.
inflation, CPI growth), business factors (e.g. sales, investment, products), technology factors (e.g. innovation), and others. Use

AAPL (Apple Inc.) is a world-renowned technology company based in Cupertino, California. Known for its sleek designs and innovative
technologies, the company produces a wide range of products including the iPhone, iPad, Mac, Apple Watch, and services like iCloud, App Store,

Business: Strong sales, expansion into new markets, positive earnings reports, strategic acquisitions
Technology: Innovation, new product launches, advancements in artificial intelligence and augmented reality

An example of a stock’s company profile
consisting of the company description

X. Xu et al., Temporal Data Meets LLM -Explainable Financial Time Series Forecasting. arXiv 2023.
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« Urban Contrastive Language-Image Pre-training (UrbanCLIP) is the first framework that
integrates the knowledge of text modality into urban region profiling

(c) Downstream Tasks i (d) Our UrbanCLIP Framework

(Spatial Modality + Textual Modality)
Economics "
Indicators * ﬂ

Demographics
Indicators
I

(a) Task-specific Supervised Learning

A\ermﬂ‘ : _,@ Model 1

Definition

Outputs

Input: location coordinates

(51.4767, 7.2166)

Fine-tuning

i

i

i

i

i

E Contrastive L) Pre-trained ‘
1 | Pre-training LLM
! 7'y

i

i

i

i

i

ocoa Task-Specific Data Sources
.................................... -

---- Prompt
4 4¥n
(b) Self-supervised Learning E?V:ll__oninemc }
. Y it ndicators o ,
(with only Spatial Modality) r~Additional data |
2 ‘ ! 9 4 4 | |Refine
A e T b | |

p .
oo RO\
High-Quality Description

|
|
|

This region is featured by a park
surrounded by a mix of residential
and commercial buildings, and is
bustling with activity, as numerous
cars are driving on the streets.

Climate ﬂ&
Indicators \- W

Output: Semantic embedding

Step_]i lStep 2 Step ?
Pre-training ~ Fine-tuning Evaluation

Mobility  POIs Roaleet‘.

1.38 (7.58 |-0.13|-0.11/0.22 | .. |0.37 |235|0.23 | 047 |0.13

Y. Yan et al., UrbanCLIP: Learning Text-enhanced Urban Region Profiling with Contrastive Language-lmage Pretraining from the Web. WWW 2024. 66



Text Generation & Refinement

(a) Text Generation Generated Text: The image is a satellite view of a large city with a mix of

= residential and commercial buildings. 2§
: Visual Image2Text LLMs g

| cege | The city is filled
i Instruction e S % ‘

21 Infer with various buildings, including apartment complexes, office buildings, |

: LLaMA® ™ Y= and other structures. The streets are lined with trees, adding a touch of

Adapter V2| greenery to the urban landscape. There are several cars and trucks visible |
i Lava  on the streets, indicating that the city is bustling with activity )
4 5 /i . ~ Emu -~ ;
: erial image &
‘ Milmpidal @ oot SsREestrmRsnesatememsthara T e a s R T e e 2
; Instruction (b) Text Refinement W

1 Language Instruction High-quality Summary

- Describe the satellite image in detail

- Provide a detailed description of the
geographical features in the image

. - Offer a comprehensive summary of
human activity, urban infrastructure,
and environments in aerial imagey

The image is a satellite view of a large city with a mix of residential and
commercial buildings. The city is filled with various buildings, including
apartment complexes, office buildings, and other structures. The streets are |
lined with trees, adding a touch of greenery to the urban landscape. There
are several cars and trucks visible on the streets, indicating that the city is
bustling with activity.
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LLM-as-Predictors

« Our standpoint is that LLMs can serve as the central hub for understanding and
advancing ST Data Science in three principal ways

— LLM-as-Enhancers: augmenting ST data and existing approaches with enhanced
external knowledge and analytical prowess

— LLM-as-Predictors: utilizing their extensive internal knowledge and emerging reasoning
abilities to benefit a range of downstream tasks, e.g., forecasting

: transcending conventional roles to actively engage in and transform
spatio-temporal data mining



Categories of LLM-as-Predictors

[0 lask Layer ] [ %@Zﬁggﬁ: ]
&, .
White-box LLMs Black-box LLMs
) ) Customized Prompt
[ Patching [ Tokenizer Tokenizer Engineering
Transform
or —
|% Supplement % I% ﬁ
ST Data  Related Text ST Data Instruction Text

(a) Tuning-Based (b) Non-Tuning-Based
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Tuning-based LLM Predictors

* Tuning-based predictors use accessible LLM parameters, typically
involving patching and tokenizing numerical signals and related text
data, followed by fine-tuning for ST data

 Examples [GTaskLayer ]
— Time-LLM |
_ Time-VLM ["’ White-box LLMs ]

[ Patching [ Tokenizer

Transform

or
| % Supplement %

ST Data Related Text
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Time-LLM for Time Series Analysis

-
@[’4 Output Projection ]

| \
| | |
I | |
i Flatten & Li i 11 - ! Feed Forward
atten & Linear ' |
I | .
i i L ‘ | | | Tll | | | | i Add & Layer Norm
i | |
I | |
|
|
|
|

Output Patch
# Pre-trained LLM

Embeddings Multi-Head

___________ (Body) Attention
S U———— L Ioput embeddings
e ey

‘ ffffffffff T "*”W""W""*"*WWTI ********** ’ By, Reprogrammed

Patch Embeddings
%Pm—’rmined LLM [/‘ Patch Reprogram ]

Time Series Pre-trained
Patches ~ Word Embeddings

|

|

|

|

|

(Embedder) K [@ Multi-Head Attention J I

|

Patching (1) |

|

l@ |

s Domain << !
### Instruction: <task information> |
|

|

#54 Input st

M. Jin et al., Time-LLM: Time Series Forecasting by Reprogramming Large Language Models. ICLR 2024. 71



Time-VLM for Multimodal Learning

It presents the first attempt to leverages pretrained Vision-Language Models (VLMs) to
bridge temporal, visual, and textual modalities for time series analysis

Temporal Visual Transformation

Residential Electricity Usage Patterns Over a Week

=
CNN z +— Day 1 (Weekday)
< ~— Day 2 (Weekday)
g —— Day 3 (Weekday)
:; -+~ Day 4 (Weekday)
ResNet H +— Day 5 (Weekday) =
.E e Day 6 (Weekend) —
3 Day 7 (Weekend) §
g £ 2
] ViT & =
= 2
= i = 24:00 >
=
MAE s
Recurrence Plot =
Late Down Early Up Steady Short Long Increase o
C;I’“" i |Context|: These are residential electricity usage patterns.
= i [Dataset]: Electricity consumption peaks on w gcl\d;;yo
i evenings, drops during daytime; and reverses on rest days.
Conv gs, d 1 layt d t day
NeXt i |Statistic|: The input range from <min> to <max>, with a

Vision-Text T

Grayscale Image | | median of <median>. The overall trend is <upward>.

CLIP BLIP Llama BERT

+——  predicor +~——Il B O [] [+ J\cmc.i
: " oM
e Output Fusion Embeddings ¥

[ T

[ \ -

¥ Multimodal Fusion Network

(*)(*) Leamable [class] token (7

() Token position encoding
)

| Model-type mark [ ] Patch position encoding
EL
T | |

1 [

Epatcn I

|

95 080 - o@

Multi-scale Convolution + Projection .m]

( Positional Embedding ] — iy Ry Periodicity
W |
Patchify | 2 +—| Reshape |+
o |

(batch_size, seq_len, n_vars)

Time Series n_vars

1) Retrieval-Augmented Learner (RAL) b) Vision-Augmented Learner (VAL)

3\ UL
VLM Vision Encoder J VLM Text Encoder }
¥ T I I
Image Interpolation & Normalization } Electricity, Sonsumption 'pesk foost
*

Tusk]: Forecast the next {pred len} steps using past {seq_len} steps.
[Domain]: Electricity consumption typically peaks at noon. drop at
night. [Statistics]: Input value ranges from <min> to «max>, with a
median of <median> and an overall <downward> trend. and top k lags
are {lags). [Image]: The time series is converted into an image using
multi-scale convolutional layers and periodicity encoding. highlighting
trends, periodic pattems, and multi-scale features for forccasting.

—»| Domain Statistic Image
Context Compute Description

¢) Text-Augmented Learner (TAL)

Time Senes

S. Zhong et al., Time-VLM: Exploring Multimodal Vision-Language Models for Augmented Time Series Forecasting. ICML 2025.



Supplementary on Vision-Based TS Modeling

(a) Line Plot (b) Heatmap (c) Spectrogram - STFT (d) Spectrogram - Wavelet (e) GAF

Value

150 00

B0
Timestep Timestep

Embedding [TTTTTTTIT] O I o Y s e g Response: class, anomaly, ... Recover- Classes,
AT, Transformer Encoder ﬁ :larecaf‘ts,
& nomalies, ...
CNNs ﬁﬁmﬁmﬁﬁﬁmﬁmﬁmﬁ LMMsA\ i@] A A
Projection layer Y Image h MLP/FC
E i [ﬁ ﬁﬁ éu T Prompt <Image> Predictor layers
3 nq { S
E Imaging, Time Series W [EEEEEEEEEE
e Pat‘-‘h'"g)\/\/\/\f\/\" Time Series Embedding
(a) Conventional Vision Models (b) Large Vision Models (LVMs) (c) Large Multimodal Models (LMMs) (d) Task-Specific Heads

J. Ni et al., Harnessing Vision Models for Time Series Analysis: A Survey. arXiv 2025.



Non-Tuning-based LLM Predictors

« Non-tuning-based predictors, suitable for closed-source models, involve
preprocessing ST data to fit LLM input spaces

— Tokenizer ﬂn =0
— Prompt design [ Language ]
Response
— In-context learning
« Example [ Black-box LLMs ]
— LLM-Mob for human mobility Costorizod Prompi
[ Tokenizer ] [Engineering]

g — 67

TSihd ¥atdes Instruction Text
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Example: LLM-Mob

« LLM-Mob leverages the language understanding and reasoning capabilities of
LLMs for analyzing human mobility data

Instruction | Specify the task| Your task is to predict a user's next location based

on his/her activity pattern.

[Data | Describe the data) You will be provided with <history> which is a list
containing this user's historical stays, then <context> which provide
contextual information about where and when this user has been to recently.
Stays in both <history> and <context> are in chronological order. Each stay
takes on such form as (start_time, day_of_week, duration, place_id). The
detailed explanation of each element is as follows:

start_time: the start time of the stay in 12h clock format.

day_of_week: indicating the day of the week.

Target stay time duration: an integer indicating the duration (in minute) of each stay. Note
that this will be None in the <target_stay> introduced later.

place_id: an integer representing the unique place ID, which indicates where

Historical stays

(a) Human mobility data
Real world example Tabular format

ot ot | Pce
.| T

23:04 Tuesday 432 min
the stay is.

1
10:23 Tuesday 52 min 2 ; et ieh 1
<: Then you need to do next location prediction on <target_stay> which is the
14:55 Tuesday 35 min <) Prampt: Your task is to predict . prediction target with unknown place ID denoted as <next_place_id> and
2
?

Context stays

Mobility
data

—

information

Ui niext Ioenticnibasedon Va unknown duration denoted as None, while time information is provided.

. o > [Instruction | Specify the number of output places]Please infer what the <next_place_id>
hlS/th act/vrty pattern. You \ might be (the {k} most likely places which are ranked in descending order
will be provided with ... in terms of probability).

P

16:43 Tuesday 20 min
19:50 Tuesday -

_______________________________________________________________________________________________ (Instruction | Guide the model to “think”] Please consider the following aspects:
1. the activit attern of this user that you learned from <history>, e.g.,
(b) Large Ianguage mOdeI-based L Large Language Model l repeated visi(ys' 20 certain places during c‘:r‘tain times; Y &
e pl’ediction o o + 2. the context stays in <context>, which provide more recent activities of
Mobility data Prediction this user;
- Answer: { 3. the temporal information (i.e., start_time and day_of_week) of target
N \b/\ stay, which is important because people's activity varies during different

Large Language Model 4 prediction: 89, 36, ...], time (e.g., nighttime versus daytime) and on different days (e.g., weekday
@

reason: Based on the user’s versus weekend).

historical stays, we can know ... (Instruction | Format the output and ask for ions) Please organize your answer in
) a JSON object containing following keys: “prediction" (the ID of the {k}
most probable places in descending order of probability) and “reason” (a

concise explanation that supports your prediction). Do not include line
breaks in your output.

| Prediction | Renoon | l'rhe data are as follows:
<history>»: {historical_stays}

<context>: {context_stays}

<target_stay»: {target_stay}

X. Wang et al., Where Would | Go Next? Large Language Models as Human Mobility Predictors. arXiv 2024. 75



LLM-as-Agents

« Our standpoint is that LLMs can serve as the central hub for understanding and
advancing ST Data Science in three principal ways

— LLM-as-Enhancers: augmenting ST data and existing approaches with enhanced
external knowledge and analytical prowess

— LLM-as-Predictors: utilizing their extensive internal knowledge and emerging reasoning
abilities to benefit a range of downstream tasks, e.g., forecasting

— LLM-as-Agents: transcending conventional roles to actively engage in and transform
spatio-temporal data mining



Limitations of LLM-as-Predictors

 Tuning-based LLM-as-Predictors utilize LLMs as robust model checkpoints, attempting to
adjust certain parameters for specific domain applications.

— However, this approach often sacrifices the interactive capabilities of LLMs and may not fully exploit
the benefits offered by LLMs, such as in-context learning or chain-of-thought.

* Non-tuning-based LLM-as-Predictors, integrating ST data into textual formats or
developing specialized tokenizers

— Facing limitations due to LLMs’ primary training on linguistic data, hindering their comprehension of
complex ST knowledge and patterns not easily captured in language

A new promising paradigm rises:

LLM-as-Agents!




LLMs Open New Opportunities

* LLMs are good at processing multi-modal data

— Multi-modal data understanding

» e.g., vision, texts, time series

— Multi-format data parsing XEHE
» tabular, json, images

— Example: Qwen-VL
* Tool calling capability (LLM Agents)

Tool Use
==
+ I Prompt
UM [ — B3 Vector Store Python
+I es0s — Web Search Interpreter
N ::‘A =
,,,,,,,,,,,,, Tool Result: ] % \\ L/ an s




LLM-as-Agents

« Categories
— Problem-solving agents

— Simulation-based agents
« Key Capabilities of LLM Agents
¢

White-box LLMs

l]
2 B B

Related Text Time Series

( 6 White—box LLMs )

E s
Time Series

/ T[Hl( S(/[L\ \ / T()/\CI”Z@’\ E”(()(I'(]

Encoder
Related Text

@Tool Manager

Fusion-former

t

Learnable ()u Ty
Embeddings

Time Series

(b) Fusion

Time Series

(a) Aligning

( Black-Box LLMs )ﬂ
Until
/ Prompt Manager *{

Related Text

. a
-

/ Cfassiﬁers\ / Forecasrers\
/ \ / Imputers \

Time Series Model Hub

e GS{)H!HU

Anomaly
Detectors

(c) Using External Tools



Problem-Solving Agents: Traffic Light Control U_Uﬂ

LLMLight (LightGPT)

Number of vehicles 63

Current step 181

Start

Info Box
Step 1: Analysis

To identify the optimal traffic signal, we need to consider the
number of early queued vehicles and approaching vehicles in
each lane. The early queued vehicles have the most
significant impact on traffic congestion, so we should
prioritize the lanes with the most early queued vehicles

Looking at the data, we can see that the signal NTST
(Northern and Southern through lanes) has the highest
number of early queued vehicles, with a total of 10. This is
followed by the signal ELWL (Eastern and Western left-turn
lanes) with a total of & early queued vehicles. The signals
ETWT (Eastern and Western through lanes) and NLSL
(Northern and Southern left-turn lanes) have fewer early
queued vehicles, with totals of 7 and 0 respectively.

In terms of approaching vehicles, the signal ETWT has the
highest total number of vehicles in segments 2 and 3, with a
total of 6. However, as the task description states, it is not
urgent to consider vehicles in distant segments since they are
unlikely to reach the intersection soon. Therefore, the number
of approaching vehicles should not be the primary factor in
our decision.

Step 2: Answer

S. Lai et al., LLMLight: Large Language Models as Traffic Signal Control Agents. KDD 2025. 80



Simulation-based Agents: Urban Planning

(A) Role-playing (C) Feedback iteration
. . . . The number of business
m "' !Il !l' areas, hospitals does not
Evaluation meet the requirement...
Chief planner Sub-community planners
Gender: Male {‘6:} > &
gﬂ (@] ces &['acaﬁ'? Age: 85 g
{ ) Education: Junior high A
} 4 @ Family size: 1

Background: elderly person

Residents with various profiles

living alone Final p|an
(B) Collaborative generation *"Sub-community revision
21 business areas
24 business areas >2 schools...
Requirements 22 hospitals
26 schools... 3®
>

o

o1 .
ais

I'm satisfied with ﬂ
the clinic nearby... gy

2

Are you satisfied
with the facilities in

your neighborhood?
The office areas can 6

Q9
Foul | prefer more green
1 space to relax... meet my need... @3 b

~n

Revised plan

e

Z.Zhou et al., Large language model empowered participatory urban planning. arXiv 2024. 81



Simulation-based Agents: Urban Causal Inference@?@ﬂ

What if we create a team of agents to simulate an urban research lab?

Multimodal, Multisource, Unstructured Data in NYC ‘f Help Report Writing
ks R ¥ ¥ 1
!
I

( Help Report Writing )
: Use findings to inform urban policy 1
! and planning decisions. }

Synthesizes insights, interprets results, and

summarizes methods. Title: Impact of Congestion

Pricing on Low-Income
Commuters in NYC
Abstract: This study
examines how NYC’s
congestion pricing policy
influences commute times
in low-income
neighborhoods, using a
difference-in-differences
framework with

VLM, | sidewalk quality ?

Bike lane presence ?

Methods Suggestion

Method: DiD with fixed effects, SCM as sensitivity
check
Confe ders: weather, route closure, service delay

Adjust hypothesis based on policy
needs, define data requirements

"89 just to drive Sentiment score

into the city? What LIM
Geo-Location ?

about working-

Assumption checks: Parallel trend
User j SO DEDEEE

O e -
g8 Table = Exp.
&y O e S | Initial d::gn {g‘

Urban Scientist ,,,,,,,,,,,,,,,,,, P ?I, . Ev,erlt, __ [EIISEErETS regression . . neighborhood-level data.
Refine insights Data SClentISt Key confounders are
e LT Hypothesis controlled, and sensitivity
NYC congestionpricing ' & . #% __+ = | S eeee e e m e e e e — o checks via SCM are
Announcement (Source: MTA) o Code Generation & Executlcm - = performed.
- Exploratory Regression Cj Results:

Commute times dropped
by 6.xx% citywide, but only
2.xx% in the lowest
income quartile, indicating
unequal policy benefits.

- Parallel trend, DiD & SCM
A paper on Srockholm s - Subgroup ATT by income quantile
mnge.ﬂ‘mn;m‘cmﬂ

\
1
1
1
1 q »
Tweets from local transit I +
activists 1
!
|
1
|
’

Reader Data Engineer Experimeinitiériﬁﬁ';:j 777777 E Writer

¥ Preprocess Validity v/ i Robustness?
e N 9 ’
= Y V. T ——
I Hypothesis: "In NYC, congestion pricing reduces average : /'_ i S\ " e i 1 :
| commute times less significantly in low-income ' o & : L Results Output | Policy
[ f et Ny ” I | - Missing Data Imputation ' Validity? Robustness v 1y ivev”
, neighborhoods than in higher-income areas. : I Spatial and Temporal Alignment - —— N & Narrative
] Required Data: Subway/bus logs, taxi trips, street view : - st B 1 E‘ * =] [| ]
1 images, social media posts, and census income data. : \\ ————— ' = DDD I :
\ = . Tabl Bar Chart 1
S + '\ Structured rban Dat = Validator , __Table _ _BarCha ¥ Eﬂ
L _ B
Requiring New Research Question Requiring Additional Data i 0 7

82
Y. Xia_et al., Reimagining Urban Science: Scaling Causal Inference with Large Language Models. arXiv 2025



PFMs for ST Data Science

Survey on PFMs

| Standard TS

[sTecL
TimesNet TSMixer (] spatialTs

5 Trembr / TF-C (] others
+ E J , d
52 - : —
g ~ X
= A TTM™s
1 ¥ SPGCL y
TS2Vec CLUDA RWKV-TS
AuxMobLCast (BarauWeather -
, - —
. ——— Clmax | —
CPPBTR FourCastNet| S [ Time-LLM /[ uniTs
_~ S /' v e i

Transformer

—

STEP

o
'\\ - \\‘ ‘\\ .
N ﬁ FengWu \ LLM4TS\ TmeGPT
\ \
- - OFA t
Voice2Series NYUTron

Moirai

2022 2023 —{2024}

[KDD’24] & [arXiv'25]

(General: Time-LLM [46], OFA [110], LLATS [12), PromptC
[ TEMPO [11], LLMTime [35), VoiceZSeries [98), AutaTimes [5

nee Vot 10, Chen e o (18, o L, W 1 L 01

)

Healtheare: Liu ef al [55)

TimeGPT-1 [34], Chronos (1], MTSMAE [81]

(General: PatchTST [65], Moirai (91], Lag-Llama [73),
TimeSiam [24]. Timer [60). Das ef al. [22], UniTS [33].

(General: TEST [30], TineCLR [101]

Healtheare: METS [50]

General: SimMTM [25]

|
)
)
)

Fully-supervised (General: TimeXer [86]. UniTS [33] ]

)

(Genera (General: TSMixer [30]
[Contrastive (General: TF-C [108] . TS2Vec (104] , CLUDA [66]

[bon- Transformer-based
[(MLP RNN CNN)

]

Fully-supervised (General: TTMs [31], TimesNet [92], RWKV-TS [39] ]

(Generat TeneGrnd (4] DPVAE (52 T (3] Seorerad (7]
[Bilos et al. [6] . Crabbé ef al [21] . TimeDiff [77] . Wang et al. [85] , Diff Time [2
Fmance: P Difin (] )
(P U {Frmsportation: ST1LM 55 )
{ st 0o

)
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[ Gl w0 e
[FengWa [13], CliomaX (randomize forecast) [64]

J

(Transportation: CPPBTR (29) . TFM [34] )
[Climate: FourCastNet [67] , FedWing (15] , Pangu-Weather [4] J
e s o I—{wmpmmi H{enerat sroct. 51l stoct (71 )|

Diffusion-based ]—{:;mml: DAMfSTG (8] . DSTPP [103] , DYffusion [10] , Yun et al. [105] , USTD [41] , PriSTI [56] ]

(Mobility: AuxhobLCast [96] , LLM-Mob [83] ]

Event: LANP (78], Gunjal & Duret ol 7] ]

ity: GTM (53]
SR =
Event: NYUTron (44] , GatorTron (9]

Mobility: Trembe (32]

)

= Yoty stas o1

JUJuJUJu)

-t v v )

Y. Liang et al. Foundation Models for Time Series Analysis: A Tutorial and Survey. KDD 2024
Y. Liang et al. Foundation Models for Spatio-Temporal Data Science: A Tutorial and Survey. KDD 2025

83



Pretrained Foundation Models (PFM

« Beyond the previously LLM-based methods, another significant approach
in STFM involves building foundation models from scratch

Table 14. Datasets and key properties from the Monash Time Series Forecasting Repository.

i Z) Dataset Domain  Frequency #Time Series # Targets #Past Covariates  # Obs.
£ 508 London Smart Meters Energy 30T 5520 166,238,380

1 0
Wind Farms Encrgy T 337 1 0 172,165370
Wind Power Energy a8 1 1 0 7397,147
Solar Power Energy 18 1 1 0 7307222
- Oikolab Weather Climate H 8 1 0 800,456
Elecdemand Encrgy 301 1 1 0 17,520
O Tusk La yer ot — B w1 5 i
. . Kaggle Web Traffic Weekly Web w 145,063 1 0 16,537,182
A m aJ orc h a I | en ge . Extended Web Traffic Web D 145.063 1 0 370926091
MI Yearly Econ/Fin ¥ 106 1 0 3136
MI Quarterly Econ/Fin Q 198 1 0 0854
MI Monthly Econ/Fin M 617 1 0 4489
a rge - S ca e M3 Yearly Econ/Fin ¥ 645 1 0 18319
M3 Quarterly Econ/Fin Q 756 1 0 37,004
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Neural Architectures
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Pretraining Schemes

« Contrastive Learning * Generative Learning
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UniTime: Building Time Series Foundation Models{j}

» The prerequisite of training a Foundation Model for time series is training a
model on cross-domain time series all at once

(b) Cross-Domain Learning

/—\_)M

(a) Domain-Specific Learning
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X. Liu, Y. Liang* et al., UniTime: A Language-Empowered Unified Model for Cross-Domain Time Series Forecasting. WWW 2024 87



Diverse scenarios / data

Stage 1 - Spatio-Temporal Pre-Training

 Integrate ST correlations into UniTime while designing spatio-temporal prompts
to enhance out-of-domain generalization

Stage 2 - Spatio-Temporal Knowledge-Guided Prompt Learning
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Y Yuan et al., UniST: A Prompt-Empowered Universal Model for Urban Spatio-Temporal Prediction. KDD 2024




UniTraj: A Trajectory Foundation Model U?Uﬂ

* The first trajectory foundation model across the world!

Recovery Prediction

Improvement(%) Improvement(%)

Geolife
MAE RMSE
189.02 20134
18032  187.59
165.02 17084
11646
11368 12118
12194 128.16
10835 13360

90,97

102.88
5.10

1
'

1 WorldTrace Chengdu Xi'an GeolLife Grab-Posisi Porto WorldTrace Chengdu

' Methods Methods

' MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE
'

' Linear 42768 51605 20574 25852 17649 22087 19685 24976 50741 61728 39661 48239 Linear 15312 159.65 15685 164.58
' DHTR 22035 30247 7519 9868 6285 8343 8004 16825 35120 41516 19437 23259 DHTR 14648 15163 12347 129.73
] Transformer 13082 14762 5523 6285 4585 5196 9468 13658 163.29 10436 11425 117.07 6738 T0.86

: DeepMove 5116 62290 2932 3902 2731 3567 863 12693 16807 6617 55.69  58.67 3631  39.10

i TrajBERT 5813 7004 2648 1945 2513 3453 11268 136,24 99.23 8057 8636 6473 6892

' TrajFM 4764 5892 1910 1886 2413 5934 10764 130.69 92.96 7545 Bl32 7782 80.48

! UniTraj (zero-shot)  10.22 1356 1198 593 1383 3721 6389 11407 16701 7828 10014 UniTraj (zero-shat] 5502 4275 45.93

' Improvement(%) : T 4 Improvement(%) “

! UniTraj (fine-lune) 694  9.67  6.92 650 9935 2323 3470 4895 6923 6018 79.76 UniTraj (fine-tune) 28.78 3244
! 5 ; s '
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Model training
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(d) Original (¢) ControlTraj (f) ControlTraj + UniTraj
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Y. Zhu et al., UniTraj: Learning a Universal Trajectory Foundation Model from Billion-Scale Worldwide Traces. arXiv 2024

(a) Original (b) ControlTraj (c) ControlTraj + UniTraj.
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Comparison between LLMs and PFMs

Capabilities | Large Language Models (LLMs) Pretrained Foundation Models (PFMs)
Perception v Strong perception for unstructured modal- | v Strong perception for structured ST data
ities, such as texts; A Limited native ST per- | (e.g., trajectories, ST graphs); A Weak for free-
ception form text & images
Optimization v/ Agent-based reasoning for decision-making; Limited; lacks interaction and decision-

relies on prompting and heuristics

making ability for control and planning

Common-sense

v Strong via pretraining on vast textual data;

Limited; relies on structured ST data rather

Reasoning can be enhanced with fine-tuning than broad world knowledge
Numerical Handles arithmetic but struggles with struc- | v Designed for numerical problems, e.g., fore-
Reasoning tured ST computations casting, anomaly detection

Causal v/ Can infer causal relations from texts; v/ Built-in graph-based and ST causal modeling
Reasoning Lacks causality modeling in structured ST data




Summary

 When ST Data Science Meets Large Foundation Models

— How to leverage STFMs for benefiting each stage of ST Data Science?
— How to obtain STFMs based on Urban Data?
» Ultilizing LLMs in zero-shot or few-shot ways

» Pretraining STFMs from scratch based on large-scale urban data
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Limitations & Future Opportunities

The curse of accuracy against interpretability

Large foundation models are all we need?

One-fit-all FMs across the full workflow of ST Data Science

ACM multimedia

Integrating STFMs with multimodal understanding — “m

plin, Ireland 27-31.10.2025
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Foundation Models for Spatio-Temporal Data Science:
A Tutorial and Survey
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damental to understanding complex systems in domains such as Data Mining

urban computing, climate science, and intelligent transportation.
Traditional deep learning approaches have significantly advanced
this field, particularly in the stage of ST data mining. However,
these models remain task-specific and often require extensive la-
beled data. Inspired by the success of Foundation Models (FM),
especially large language models, researchers have begun explor-
ing the concept of Spatio-Temporal Foundation Models (STFMs)
to enhance adaptability and generalization across diverse ST tasks.
Unlike prior architectures, STFMs empower the entire workflow of
ST data science, ranging from data sensing, management, to min-
ine. therebv offerine a more holistic and scalable anbroach. Desoite
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Figure 1: ST Foundation Models (STFM), which include LLM
and PFM, are pretrained with or applied to diverse ST data,
with the abilities of perception, optimization, and reasoning,.
STFMs can, in turn, enhance each stage of ST data science.
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Other Related Surveys

« [TPAMI’24] Zhang et al. Self-Supervised Learning for Time Series Analysis
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(b) Prediction contrast
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Other Related Surveys

[arXiv] Diffusion Models for Time Series and Spatio-Temporal Data
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Our Related Workshops & Tutorials at KDD’25

» We just organized Workshop on Urban Computing (Urbcomp) at KDD 2025!

» We just organized Workshop on Mining and Learning from Time Series at KDD 2025!

« We just organized Tutorial on Deep Learning in the Frequency Domain: Advances,
Challenges, and Applications for Time Series Analysis at KDD 2025!

Deep Learning in the Frequency Domain:
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