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• 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

What is Time Series (TS) Data?

Climate Epidemiology Environment

Urban Planning Epidemic Tracking Smart Transportation Crime Analysis

Human Mobility

Social Science Transportation Sports Analysis
5



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

has been collected and contributed to various disciplines

What is Spatio-Temporal (ST) Data?

Climate Epidemiology Environment

Urban Planning Epidemic Tracking Smart Transportation Crime Analysis

Human Mobility

Social Science Transportation Sports Analysis

Time, 
Location, 

Event

6



• 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

7

Motivation

Win

Win Win

Modeling 
TS/ST Data 

Environment

CitiesPeople



• 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 AIOps, 

energy system, intelligent transportation, smart environment, etc.

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

Big TS/ST data

+

DM/AI 8



Our ST/ST Methodologies & Applications

Modeling ST Graphs

CaST [NeurIPS’23]

LargeST [NeurIPS’23]

Modeling ST Trajectory

ControlTraj [KDD’24]

TrajODE [IJCAI’21]
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Modeling ST Grid Data

PhysicNet [TKDE’23]

NuwaDynamic [ICLR’24]

Modeling ST Series

AirFormer [AAAI’23]

STGNP [KDD’23]

Multivariate 
Time Series



• LLMs and Foundation Models

10

Roadmap of LLMs

Given the remarkable capabilities emerging in 
LLM-related recent research, we believe that 
the field of TS research is undergoing an 
exciting transformative moment!



•  LLMs can be either trained or adeptly repurposed to handle TS data for a range 

of general-purpose tasks and specialized domain applications.

11

Towards General Intelligence for TS/ST

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



Frontier Approaches:  FM and LLM for TS Analysis



13

• Scaling Laws & Capabilities in LLM

FM for Time Series: Motivation

How about Time Series ?

Jared Kaplan, et al. "Scaling laws for neural language models."arXiv:2001.08361, 2020.

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

➢ time series forecasting benefits from the scaling laws



Time-300B, Time-MoE

14

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.

➢ 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 

parameters



Time-MoE: Architecture

15

Huber loss (-> outlier) 
Auxiliary loss (-> routing collapse)  
Multi-resolution forecasting (-> various horizons)

MoE Structure (-> efficiency and capacity ) 



Time-MoE: Zero-shot Performance

16All pretrained time series models were evaluated without further training for different forecasting horizons



Time-MoE: Scalability Analysis

17
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• Multimodal large language models

LLM for Time Series: Motivation

How time series forecasting benefits from the recent advances of LLMs?

LLMs

TS forecastingtext 
context

Time Series 
Data
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Motivation

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

e.g., forecasting

R
ep

ro
g.

Sp
ac

e

LLM
7B/13B/33B/65B

Parameters

Analytic Tasks

Reprogrammer

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

 Reprogramming≈ Adaptation + Alignment

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

Alignment further eliminates domain boundary to facilitate
knowledge acquiring

Prompts

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



TL;DR Domain expert knowledge & Task instructions + Reprogrammed input time series = Significantly better forecasts

Unlocking the LLM’s ability for time series

Cross-modal Adaptation:

Cross-modal Alignment:

Time-LLM: Architecture

• Patch Reprogramming: we reprogram TS patch 
embeddings into the source data representation 
space to align the modalities of time series and 
natural language to activate the backbone’s time 
series understanding and reasoning capabilities.

• Prompt-as-Prefix: natural language-based prompts
(domain knowledge & task instructions & input 
statistics) can act as prefixes to enrich the input
context and guide the transformation of
reprogrammed TS patches

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



Time-LLM: Few-shot & Zero-shot

21



Time-LLM: Ablation & Efficiency

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

23

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.



Time-MQA: Overall Framework

24

Unified QA Function

Given a time series X, contextual information C, and a 
natural language question Q, the Time-MQA model 
generates an answer A. 

Tasks can involve data forecasting, classification, 
anomaly detection, or reasoning responses.

Key Innovations

Time-MQA distinguishes itself by supporting multitask 
QA, leveraging contextual information to enhance 
robustness and adaptivity, and dynamically generalizing 
across various question types within a single, flexible 
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).



TSQA Dataset: ~200k QA pairs

25

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

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.

https://huggingface.co/Time-MQA
https://huggingface.co/Time-MQA
https://huggingface.co/Time-MQA
https://huggingface.co/Time-MQA
https://huggingface.co/Time-MQA
https://huggingface.co/Time-MQA
https://huggingface.co/Time-MQA


Open-Ended Reasoning QA

26

MCQ (multiple-choice question)

Question: Determine if there’s a structural break in the data points [Time Series Data Points]. A) Yes, between 
0.71 and 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.

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-4o.

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.



Time-MQA: Result Comparison

27
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Roadmap

Ming Jin, 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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LLM-Centric Models

Universal Task
Solvers

2024

Solve complex real-world analytical

tasks involving data

Time-LLM, UniTime

LLMs as domain expert models

Deep Neural Networks

Task-agnostic
Pattern Machine

2010s

Solve typical tasks

CNNs, RNNs, GNNs

Learn domain-specific but task-
agnostic TS knowledge

Statistical or ML Models

Task-specific
Assistant

1950 – 2000s

Assist in specific tasks

ARIMA, SVM, PGM, MF

Extract interested spatio-temporal
patterns in specific scenarios

Pre-trained Models

Domain-agnostic
Task Solvers

2022

Solve various tasks

TimeCLR, STGCL
Pre-training + Fine-tuning

Learn domain- and task-agnostic TS 
knowledge and patterns



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

➢ Future: Empowering Time Series Reasoning with 
Multimodal LLMs
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Coffee Break
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Our tutorial on FM for Time 
Series (FM4TS) at KDD’24



Yuxuan Liang

Assistant Professor, INTR & DSA Thrust

yuxuanliang@hkust-gz.edu.cn

When Foundation Models Meets 
Spatio-Temporal Data



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

has been collected and contributed to various disciplines

What is Spatio-Temporal (ST) Data?

Climate Epidemiology Environment

Urban Planning Epidemic Tracking Smart Transportation Crime Analysis

Human Mobility

Social Science Transportation Sports Analysis

Time, Location, 
Event

34



ST Modeling Pipeline

Real-world

Application

Data

Transformation

Raw ST 

Data

Standard

ST Dataset

Spatio-

Temporal AI 

Model

Model 

Selection

Training 

& deploy

…

POI

RN

Traj

A variety of data in 

ST domains

Feature Engineering + ML

Spatio-Temporal Neural Networks

...

Prediction

Classification

Interpolation

Recommendation

Anomaly

Clustering

Scheduling

Tasks

ST 

Trajectory

ST Grid 

Data

ST Graph

Data

ST Series 

Data

ST Dataset

35

Credit to Junbo Zhang



Popular Downstream Tasks

s2
s1 s3 s4

s2s1 s3 s4
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reading

ti+1

A) Missing situation

ST Prediction

A) Bike rentingB) Social mediaA) Taxi flow

r1
r2

r3

r6
r4

r5

r1

Anomaly Detection ST Interpolation

ClassificationST Recommendation Scheduling
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A Revisit on Existing Methods

Modeling ST Graphs

CaST [NeurIPS’23]

EAC [ICLR’25]

Modeling ST Trajectory

ControlTraj [KDD’24]

OmniTraj [KDD’25]

Modeling ST Grid Data

PhysicNet [TKDE’24]

NuwaDynamic [ICLR’24]

Modeling ST Series

AirFormer [AAAI’23]

STGNP [KDD’23]



• Existing AI 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 AI 

methods, including RNNs and Transformers

38

Methodologies for Learning ST Trajectories

Continuous trajectory modeling Efficient trajectory modeling Classic RNNs

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.



• Using real-world human trajectories usually has privacy concerns

– Generation helps protect users’ privacy

– DDPM outperforms GAN and VAE

39

Methodologies for Generating ST Trajectories

Same origin and destination Different origin and destination

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



• Predicting the inflow/outflow of every region in several hours

• Challenges 

– Complex ST dependencies

– Long-range spatial dependencies

Methodologies for Learning ST Rasters

Citywide crowd flow prediction

40Y. Liang et al., Fine-grained Urban Flow Prediction. WWW 2021.



• Spatio-Temporal Graph Neural Network (STGNN)

– Capturing spatial correlations by Graph Neural Networks (GNN)

– Learning temporal dependencies by RNN or CNN

41

Methodologies for Learning ST Graphs

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



• We present the first attempt to collectively predict air quality in the Chinese mainland with 

an unprecedented fine spatial granularity, covering 1,000+ stations.

Methodologies for Learning ST Series

• To capture dynamic spatial correlations

• Using self-attention mechanism

• Challenge: quadratic complexity w.r.t 

#locations

Nationwide Air Quality Prediction in China

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



• There is no free lunch 

• Prior literature mostly concentrated on solving specific tasks

Key Limitation



• LLMs and Foundation Models

Roadmap of LLMs

Given the remarkable capabilities emerging in 
LLM-related research, we believe that the field 
of ST data mining research is undergoing an 
exciting transformative moment!



•  Foundation models can be either trained or adeptly repurposed to handle ST 

data for a range of general-purpose tasks and specialized domain applications.

Towards ST Foundation Models (STFM)

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



Overview – Two Key Questions

Data Management

Data Sensing

Data Mining

Applications

ST Foundation Models

ST Data

How to apply STFMs for 
enhancing each stage?

Diverse ST Data

How to obtain STFMs
based on ST data?

TrainAdapt

LLM PFM

Reasoning

Optimization

Perception

Capabilities

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



How to Apply STFMs for ST Data Science?

Data Management

Data Sensing

Data Mining

Applications

ST Foundation Models

ST Data

How to apply STFMs for 
enhancing each stage?

Diverse ST Data

How to obtain STFMs
based on ST data?

TrainAdapt

LLM PFM

Reasoning

Optimization

Perception

Capabilities



• Overview

– ST data sensing

– ST data management

– ST data mining

– Applications

Leveraging FMs for ST Data Science

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



• A limited resource (budget, labors, land…)

ST Data Sensing: Current Challenges



• Real-world data sensing [1]

FMs for ST Data Sensing

• Synthetic data generation [2, 3]

[1] C. Hou et al., Urban sensing in the era of large language models. The Innovation 2025.

[2] W. Wang et al., Large Language Models as Urban Residents: An LLM Agent Framework 

for Personal Mobility Generation. NeurIPS 2024.

[3] K. Yang et al., Trajectory-LLM: A Language-based Data Generator for Trajectory 

Prediction in Autonomous Driving. ICLR 2025.



• Data Cleaning

– Filling missing values

– Filling missing views

FMs for ST Data Management

J. Cheng et al., NuwaTS: 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



• Querying & Retrieval

– E.g., UrbanLLM functions as a problem solver by decomposing urban-related queries 

into manageable sub-tasks, identifying suitable AI models for each sub-task, and 

generating comprehensive responses to the given queries. 

FMs for ST Data Management

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



• 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

FMs for ST Data Management

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



• Key capabilities

– Perception

– Optimization

– Reasoning

➢ Common-sense reasoning

➢ Numerical reasoning

➢ Causal reasoning

FMs for Spatio-Temporal Data Mining



• Numerical problems

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

• Inferential problems

Downstream Applications



How to obtain STFMs based on ST Data?

Data Management

Data Sensing

Data Mining

Applications

ST Foundation Models

ST Data

How to apply STFMs for 
enhancing each stage?

Diverse ST Data

How to obtain STFMs
based on ST data?

TrainAdapt

LLM PFM

Reasoning

Optimization

Perception

Capabilities



• 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.

Two Ways of STFMs

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

Science: A Tutorial and Survey. KDD 2025



Scan it for Accessing ST Datasets



Taxonomy on Methodology

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



Our Methodologies

PFMs LLMs

Time-FFM [NeurIPS’24]UniTime [WWW’24]

UniTraj [arXiv’24]

Moirai-MoE [ICML’25]

Time-SSM [arXiv’24] UrbanCLIP [WWW’24] Time-VLM [ICML’25]

Time-LLM [ICLR’24]



LLMs for ST Data Science

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

Survey on LLMs

[ICML’24]



• 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

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



• Data-centric enhancer

64

Categories of LLM-as-Enhancers

• Model-centric enhancer

ST

ModelData

External 

Knowledge

LLM

ST

ModelData

External 

Knowledge

LLM



• This study focuses on NASDAQ-100 stock price prediction, supplemented by 

metadata about the stock company and relevant financial news data

65

Data-Centric Enhancers: An Example in Finance

X. Xu et al., Temporal Data Meets LLM -Explainable Financial Time Series Forecasting. arXiv 2023.

An example of a stock’s company profile 
consisting of the company description
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Model-Centric Enhancers: UrbanCLIP as Example

• Urban Contrastive Language-Image Pre-training (UrbanCLIP) is the first framework that 

integrates the knowledge of text modality into urban region profiling

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

Definition



67

Text Generation & Refinement



• 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-Predictors
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Categories of LLM-as-Predictors

ST Data ST Data



• 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

– Time-LLM

– Time-VLM

70

Tuning-based LLM Predictors

ST Data



• Key question: How to enable LLMs to understand time series?

71

Time-LLM for Time Series Analysis

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



• It presents the first attempt to leverages pretrained Vision-Language Models (VLMs) to 

bridge temporal, visual, and textual modalities for time series analysis

Time-VLM for Multimodal Learning 

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



Supplementary on Vision-Based TS Modeling

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



• Non-tuning-based predictors, suitable for closed-source models, involve 

preprocessing ST data to fit LLM input spaces

– Tokenizer

– Prompt design

– In-context learning

• Example

– LLM-Mob for human mobility

74

Non-Tuning-based LLM Predictors

ST Data



• LLM-Mob leverages the language understanding and reasoning capabilities of 

LLMs for analyzing human mobility data

75

Example: LLM-Mob

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



• 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-Agents



• 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

Limitations of LLM-as-Predictors

A new promising paradigm rises: 

LLM-as-Agents!



• LLMs are good at processing multi-modal data

– Multi-modal data understanding

➢ e.g., vision, texts, time series

– Multi-format data parsing

➢ tabular, json, images

– Example: Qwen-VL

• Tool calling capability (LLM Agents)

LLMs Open New Opportunities



LLM-as-Agents

• Categories

– Problem-solving agents

– Simulation-based agents

• Key Capabilities of LLM Agents



80

Problem-Solving Agents: Traffic Light Control

S. Lai et al., LLMLight: Large Language Models as Traffic Signal Control Agents. KDD 2025.
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Simulation-based Agents: Urban Planning

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



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

82

Simulation-based Agents: Urban Causal Inference

Y. Xia et al., Reimagining Urban Science: Scaling Causal Inference with Large Language Models. arXiv 2025 
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PFMs for ST Data Science

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

Survey on PFMs

[KDD’24] & [arXiv’25]



• Beyond the previously LLM-based methods, another significant approach 

in STFM involves building foundation models from scratch

84

Pretrained Foundation Models (PFM)

A major challenge: 

Large-scale 
datasets!



• Transformer-based

• Diffusion-based

• Graph-based

• Others, e.g., ODE-based, SSM-based

Neural Architectures



• Contrastive Learning

Pretraining Schemes

• Generative Learning



• The prerequisite of training a Foundation Model for time series is training a 

model on cross-domain time series all at once

87

UniTime: Building Time Series Foundation Models

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



UniST: A Spatio-Temporal Foundation Model

• Integrate ST correlations into UniTime while designing spatio-temporal prompts 

to enhance out-of-domain generalization

88Y Yuan et al., UniST: A Prompt-Empowered Universal Model for Urban Spatio-Temporal Prediction. KDD 2024



• The first trajectory foundation model across the world!

89

UniTraj: A Trajectory Foundation Model

Recovery Prediction

Classification Generation

Y. Zhu et al., UniTraj: Learning a Universal Trajectory Foundation Model from Billion-Scale Worldwide Traces. arXiv 2024



Comparison between LLMs and PFMs



• 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?

➢ Utilizing LLMs in zero-shot or few-shot ways

➢ Pretraining STFMs from scratch based on large-scale urban data

Summary



• 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

• Integrating STFMs with multimodal understanding → 

Limitations & Future Opportunities



Main Reference



• M. Jin, Y. Liang*, Q. Wen* et al., Position: What Can Large Language Models Tell Us about Time Series Analysis. ICML 2024.

• M. Jin, Y. Liang, Q. Wen* et al., Time-LLM: Time Series Forecasting by Reprogramming Large Language Models. ICLR 2024. 

• Y. Liang, Q. Wen* et al. Foundation Models for Time Series Analysis: A Tutorial and Survey. KDD 2024.

• M. Jin, Q. Wen, Y. Liang et al., Large Models for Time Series and Spatio-Temporal Data: A Survey and Outlook. Under review. 2024.

• Y. Liang, Q. Wen et al. Foundation Models for Spatio-Temporal Data Science: A Tutorial and Survey. KDD 2025.
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• [TPAMI’24] Zhang et al. Self-Supervised Learning for Time Series Analysis
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Other Related Surveys



• [arXiv] Diffusion Models for Time Series and Spatio-Temporal Data
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Other Related Surveys



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!



Q&A

Thanks!Yuxuan Liang

Assistant Professor, HKUST(GZ)
yuxliang@outlook.com

Qingsong Wen

Head of AI, Squirrel Ai Learning
qingsongedu@gmail.com
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