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Background

* What makes cities predictable?
* Spatio-Temporal (ST) Data & Properties

Spatio-Temporal Graph Forecasting
* What is Spatio-Temporal Graph (STG)?
* What is STG forecasting?
e Howwedoit?
* Application-Driven (Air Quality, Traffic, Parking)
* Theory-Driven (Causality, Uncertainty)

Beyond Prediction: What’s Next?
* LLMs-powered Agents & Causal Urban Insight
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Cities Are Alive e

Cities are not static e
structures. They are dynamic ﬁ
organisms — pulsing with R
people, data, and change.

April 19, 2025
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Cities are Data-Rich
Recent advances in sensing technologies (e.g., loT
devices, mobile apps, satellite imagery, and urban

sensors) have enabled the continuous collection
of rich spatio-temporal data.

April 19, 2025
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\ Artiﬁcial Intelligence

Al is a Powerful Tool

Advances in Al (ML/DL/LLM) provide tools to
analyze complex patterns, forecast urban
dynamics, and support data-driven decision-
making.



Foundation Models

of Singapore

- o o e o o e e e e R R e e e e Ee e e e e e e e e e e e e e e e e e e = = = = e

2019 <G5 /—@GPT-a G mTs

Codex@ 2020 /—&"4 PanGu-a £ PLUG
\

Ernie 3.0 & o
2021 — (#:70 GFLAN

CPM-2 Zhn

WebGPT@X— & GLamM @) Copher
| /—0 AlphaCode
o InstructGPT@— 2022 7\ 1t

- PalMGuL2( 0PTOQ O GPT-NeoX-208B

BLOOM ' '¥ mTQ . ~ .GLM GF]an_T5
OPT-IMLOX) ChatGPT &
2023 —@GPT'
LLaMA OX) Vicuna|ussy

aBard
Falcon @ Pythia @ PanGu-X é‘? $ Alpaca
\ LLaMA 2 (X) g

—— e e e e e e e M M e e M e e e e e e e M e e e e e e

I
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
I
|
|
|
|
|
|
|
|
|
|
I

April 19, 2025 6



NUS

J' National University
y’ of Singapore

() BiGANs & CoVe R

’ ~ o~ \ O fastText )
2019 ~<aT5/—@GPT—3 o mT5 eﬁ?ﬁ\ /~ WROBERT (5 BERT
2020 /% panGu-a £ PLUG Gpr2®~ 20207 ..o :
Codex®) VA €l S 5% Swin G CLIP G DALL-E

- s s e o e e e e e e e e e e e e e e e e e e e e e e = = = = e e

-
£ -~

Q : ""_/\
Er"'eg’gﬁ"l 2021 — © T0 GFLAN UNITERSE V'Ta_/ 2021 — Y2 FUIP CMU SimVLM
M “'”’““b & (5 GLaM ©) Copher ——— \/—OQFLAVA OQMAE
WebGPT
ebG _~© AlphaCode #BLUPEP~ 5022 —@ pALL-E2 (5 CoCa
Ai2 Tk-Instruct
~ ~
PaLM {5 UL2(5 OPTON"_ 7y GPT-Neox-208 EVA 255! GLIPV2W £1% PanGu-Weather
. 0 SAAI
BLOOM - mTO - 'GLM GFlan_TS MAGNETO= 2023 /'III-X'FM !mﬁmEVA-z

OPT-IMLOX) ChatGPT &} ClimaX ! BLIP-2 - UniDector

GPT-4
= 2023 9
LLaMA O Vicuna et SAMOO seem () Trv =lnternlmage
=" RetNet
NeRFsamazon RAM Oppo

aBard
Falcon ) Pythia O PanGu-Z Ve % Alpaca
‘ LLaMA 2 (0 A cv NLP CV+NLP Others

e e e e M M e e e =

© InstructGPT@ — 2022

1
I
I
I
|
|
|
I
I
I
I
I
I
1
I
I
I
I
|
|
|
I
I
I
I
1
I
1
I
I
I
I
|
|
I
I
I
I
I
I

[
 BrivL@ GLIP(L “—(@ Stable-Diffusion

~
e e e e = e e e e e e e = e e e e e e e e e e e e e e e e e e = = = =

- o e e G e M M e e e e e M M M G G e M M M e e e e

April 19,2025 M. Jin et al., Large Models for Time Series and Spatio-Temporal Data: A Survey and Outlook. arXiv 2023. /



Foundation Models: From General to STFMs
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FMs and LLMs are now capable of supporting
the entire urban Spatio-Temporal Data
Science lifecycle.

[ﬁ] Applications }

LA . J
Data Minin
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Diverse ST Data

“?‘%\ PATI / How to obtain STFMs
'\j% J . based on ST data?

-~
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[ ST Foundation Models

Numerical Problems Inferential Problems
Forecasting Imputation Event Analysis Physical Grounding
Anomaly Others Decision Making Scenario Simulation

i

il

ST Data Mining

Common-Sense Reasoning

Perception

Optimization

Numerical Reasoning

Causal Reasoning

i

Urban Data Management

Data Cleaning

Query & Retrieval

Data Integration

Urban Data Sensing

Real-World Dat

aSensing

Synthetic Data Generation

i
: Cross-domain ST Data

I / Location //Trajectory// Event /

3

i /ST Raster // ST Graph // Others /

April 19, 2025 Y. Liang, H. Wen, Y. Xia et al., Foundation Models for Spatio-Temporal Data Science: A Tutorial and Survey. arXiv 2025.




Spatio-Temporal (ST) Data NUS
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e Spatio-Temporal (ST) Data is data that changes both over space and time.
Tells us not just what is happening, but also where and when it’s happening.

* Type of Urban ST Data

Spatio-Temporal Static Data Spatial Static, Temporal Dynamic Data Spatio-Temporal Dynamic Data
(GeoData) (Aggregate-level) (Individual-level)
Vector | . <%~

Points Lines Polygons Weather/AQl/Traffic Sensor Data

Trajectory Data

Satellite Images DEMs NDVI OD Matrix Grided Weather Data

April 19, 2025 9



Spatial and Temporal Properties

of Singapore

e Spatial Properties
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Spatio-Temporal (ST) Data
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e Spatio-Temporal (ST) Data is data that changes both over space and time.
Tells us not just what is happening, but also where and when it’s happening.

* Type of Urban ST Data

Spatio-Temporal Static Data Spatial Static, Temporal Dynamic Data Spatio-Temporal Dynamic Data
(GeoData) (Individual-level)
Vector ... "’5/: .
Points Lines | léoly‘lgor;s’

Trajectory Data

Raster

Satellite Images DEM NDVI OD Matrix Grided Weather Data

April 19, 2025 11
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Background

* What makes cities predictable?
* Spatio-Temporal (ST) Data & Properties

Spatio-Temporal Graph Forecasting
* What is Spatio-Temporal Graph (STG)?
* What is STG forecasting?
e Howwedoit?
* Application-Driven (Air Quality, Traffic, Parking)
* Theory-Driven (Causality, Uncertainty)

Beyond Prediction: What’s Next?
* LLMs-powered Agents & Causal Urban Insight
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Spatio-Temporal Graph Forecasting

>0 * What is Spatio-Temporal Graph (STG)?
* What is STG forecasting?
* How we do it?

© O * Application-Driven (Air Quality, Traffic, Parking)
* Theory-Driven (Causality, Uncertainty)

April 19, 2025 13



Spatio-Temporal Graph (STG) Data

» Spatio-Temporal Graph (STG) is one type of ST data, which represents the spatial and
temporal relationships between nodes or entities.

//W //P@

to 1 © th—2 th-1 Ty tlme)

Graph Spatio-Temporal Graph

April 19, 2025 14



Spatio-Temporal Graph (STG) Data

» Spatio-Temporal Graph (STG) is one type of ST data, which represents the spatial and
temporal relationships between nodes or entities.

1M

Graph Spatio-Temporal Graph (Series)

April 19, 2025 15



Spatio-Temporal Graph (STG) Data

¢ of Singapore

e Graph Construction Methods
° Topology_based gra ph b {1, if v; connects to V;

?

0, otherwise

. e N

* Distance-based graph i _{ xp(— | 2),ifdfj <e

t] o )
0, otherwise
. . . ( L0 0: 0 0: 0:

* Similarity-based graph Liz1 (‘” — ) (o fﬂff?t)

ty=§ o () ()
| 0, otherw1se

* Interaction-based graph

Ft
: L if Ffj >0
a;; = Lmen() Fim ;

0, otherwise

April 19, 2025 G. Jin et al. Spatio-Temporal Graph Neural Networks for Predictive Learning in Urban Computing: A Survey. TKDE. 2023. 16



STG Forecasting Problem

* STG forecasting has become crucial in the context of smart cities (e.g.
Air quality prediction, traffic flow forecasting...)

Timestamps: § Timestamps: T

0=

Historical Data X(t—5):t
Graph Structure G

Future Data Y&t+T

19-Apr-25 17



STG Forecasting Method
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How to learn F(-)?

— e e — —— e — — — —— —

Theory-Driven

e Causal Inference k

* Uncertainty Awareness

Air Quality
Traffic Flow
Parking Availability

_— e e T e == = ==

April 19, 2025 19
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(_Hbu Air Quality Forecasting Traffic Flow Forecasting Parking Availability Forecasting
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* Solution: Querx,,c,‘?f’,c,‘?,t,[i,,'i%
. B q L '@ O(NMC) our DS-MSA
Ottom_up eterministic Stage (a) Spatial partition  (b) Spatial projection  (c) Spatial attention
e Dartboard Spatial-MSA (DS-MSA) DS-MSA ,
e Causal Temporal-MSA (CT-MSA) H"dde’”;‘”e“in _ 0(TC) MsA
« Top-down stochastic stage Receptive field i T #time stamps
. Reduced ' .
* Generation model b Block 3 W #windows
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* Inference model

p1aif aandasat pprodua]
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<> Deterministic (O Random (O Observed

April 19, 2025 Y. Liang, Y. Xia et al., AirFormer: Predicting Nationwide Air Quality in China with Transformers. AAAI 2023.



Application-Driven Method

Air Quality Forecasting

é‘% Traffic Flow Forecasting

LargeST (NeurlPs'23)

Parking Availability Forecasting

' National University
of Singapore

Released Source  Dataset  [Nodes Edges Degree Meta Time Range Frames Data Points
Yu et al. [34] PeMSD7(M)| 228 1,664 7.3 6 05/01/2012 - 06/30/2012 12,672 2.89M
. . . . . . . 4. S PeMSD7(L) | 1,026 14,534 142 0 05/01/2012 - 06/30/2012 12,672 13.00M
Motivation — Limitation in Existing Dataset Lictal (1)  MEIRLA [207 515 73 3 0301/2012-067272012 34272 700M
' PEMS-BAY | 325 2.369 7.3 3 01/01/2017 - 06/30/2017 52,116  16.94M
Lo . PEMSO03 358 546 1.5 1 09/01/2018 — 11/30/2018 26,208 9.38M
SCale: Existing datasets (e.g., PeMS03, PeMS04) contain only hundreds & L3 PEMS04 307 338 1.1 0  01/01/2018 — 02/28/2018 16.992 5.20M
of sensors, not reflecting real-world traffic network scales. ongetal BOI ppvso7 | 883 865 1.0 0 05/01/2017 - 08/06/2017 28,224  24.92M
. . . PEMS08 170 276 1.6 0 07/01/2016 - 08/31/2016 17,856 3.04M
Temporal Coverage: Typically cover less than 6 months, hindering CA 8,000 201,363 234 9 0I/01/2017 — 12/31/2021 525,888  4.52B
the study of long-term patterns. ) = GLA 3,834 98,703 25.7 9 01/01/2017 — 12/31/2021 525,888 2.02B
Y & P , , LargeST (ours)  Gpa 12352 61,246 260 9 01/01/2017 - 12/31/2021 525,888  1.24B
Metadata: Often lack comprehensive sensor metadata, affecting data SD 716 17319 242 9 01/01/2017 — 12/31/2021 525.888  0.38B

reliability and interpretability
1 P
-~ Sensor ID: 601500 @

Traffic Flow:

LargeST - A new large-scale dataset

2015 2016 2017 2018 2019 :
Coordinate: ( 36.327, -119.341)

Highway Category: State Route 198 East
Number of Lanes: 3

Larger Graph Size: 8,600 sensors across California.

Higher Temporal Coverage: 5 years of data (2015-2019) with a 5-
minute sampling rate.

Richer Node Metadata: includes sensor ID, location, highway
category, number of lanes, and direction.

Subsets: Provides regional subsets for Greater Los Angeles (GLA), Greater
Bay Area (GBA), and San Diego (SD).

Sensors in California (CA)

® Greater Los Angeles (GLA)

® Greater Bay Area (GBA)
San Diego (SD)

® Other Sensors

000909045 ,, o

SD

(@)

Dataset
& Code

(a) Overview of the LargeST dataset (b) Fine-grained distribution of sensors

April 19, 2025 X. Liu, Y. Xia et al., LargeST: A Benchmark Dataset for Large-Scale Traffic Forecasting. NeurIPS 2023. 21
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Air Quality Forecasting Traffic Flow Forecasting ~t Parking Availability Forecasting

DeepPA + SINPA (1Jcar24)

Predicting Parking Availability in Singapore with Cross-Domain Data
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: g m I ’,[ Embedding ] [ Encoder ] [ Embedding ] [] & [ Spatial feat. & hidden state
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' ~ ' | : .
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>/// ® 0-100 . © X ! 2 =1 ) ( ) / : | E
@® 100-200 6 oif ! i ol \ P 7, 1T =T ] =1
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° H 1 H |
xﬁ (o issc:):oo &1& \ %@ N ReSs% o o & ) H et E [ Temporal Learning Block H i
£ - \ 1 ] =1 3 b ' i
N SN . 1 ) | \ fa par Akl |
: : HH i ' Spatial Learning Block e ™ E AT HLT Pj .
Parking Availability Data | — : [ P 9 LI\ ®T mE R )
| 9 i L, L DR = R B
i <> *E L o T
__________________________ | i E o Hy T H:mT T H(l:'l‘ [ & [ PAreadings & hidden state
: :

. Loss Function B I A SR Ay T T8 di
Weather Time POIs Sensor Network P Spatial Info F, History PAXT  Temporalbfoppt | [l “oMPorpositioncncoting

Cross-domain Data

A New Dataset + A Novel Data-driven Method s

H. Zhang™*, Y. Xia* et al., Predicting Carpark Availability in Singapore with Cross-Domain Data: A New Dataset and A Data-Driven Approach. IJCAI 2024.

Dataset
& Code
April 19, 2025
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Application-Driven Method D

For application, we also deploy our cutting-edge Al solutions on large-scale cloud platforms

s I N PA [ Map Styles AirRadar Web System Multi-Granularity Heat Map Inference Stage
Sl PARKING PREDICTION AND ANALYSIS z . - - - - < n
7 ; '\kJrRadar[ Map Styles ] [ Heat Map } Enable Interpolation | §3  Q Search here : e T b o ol S L. . ! P
L o e —— : ) % E = . e v
A Kazakhstan g} Ulasrissar i 2
Mongolia p b
o’ skm * Skm . 4
8ok (e b
3 s
Uzbekistan - Kyrgyzstan ot
Turkmenistan Tajikistan 2 .. ¥ o A% - =z
st | 5
A 3
Alghanisten 2. Wan' & 0 SlPNTET T Mo © O Oy - U e L) °
5 ghanistan o 3

Coordinates
(102.301°E, 34.435°N)

Nz 4000
co n 160

Coordinates .
o ; (100.485°E, 34.102°N)
Pakistan
e NS Than ”
icma ¢ o
Coordinate (103.759°E, 1.346°N) A PM25 NN 208.00 o O o X
© Popular POIs: Bus Stop 43199 (Church of St Mary), Organic 4 Less, Catholic Church of St Mary of The Angels I3 F Yrnen 28 Mio NN 317.00

A9 Pv25 NN 000 PN
PMI0 S 9100
NO2 NN 2500 | o
M oco  mmm 600 Y
o3 N 5500
N sz mmmmm—m 510 fel

faike

so2 113.00

Jepeyliy

, Rainfall 0.00 mm

,,,,, | Temperalure 5.56°C
© Pressure 63463hPa
@ Humidity 31.00 %

£ Wind-Speed 1.04 mis

X' Wind-Direction Southwest

Weather Partly Cloudy

Update at 10:16 PM ®
S

L2 ® e
Yangon
0 Thailand ‘g
Vietnam

Parking Availability Prediction in Singapore Air Quality Inference in China

Update at 5:08 PM

H. Zhang*, Y. Xia*, et al., Predicting Parking Availability in Singapore with Cross-Domain Data: A New Dataset and A Data-Driven Approach. (IJCAI’24)
Q. Wang, Y. Xia, et al., AirRadar: Inferring Nationwide Air Quality in China with Deep Neural Networks. (AAAI’25)

April 19, 2025 23



STG Forecasting Method
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How to learn F(-)?

— e — — — — —

( Theory-Driven Application-Driven

l

I * Ai lit
| ¢ Causal Inference | k . Ir Quality
l

l

« Uncertainty Awareness Traffic Flow
! e Parking Availability

— — — — —— ey, T e — — —

April 19, 2025 24
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How to learn F(-)?

— . —— — — —— —

( Theory-Driven Application-Driven

l

I . : :
| ¢ CausalInference | k . Air Quality
l

l

« Uncertainty Awareness Traffic Flow
! e Parking Availability

T

April 19, 2025 .
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Theory-Driven - Causal Inference e NUS

Motivation A Causal Lens on STG Forecasting Causal Tools A DL Implement Experiments Results

=» T

Input ‘Black-box’ DL models©

\ output

A casual lens?

April 19, 2025 26



Theory-Driven - Causal Inference

Motivation A Causal Lens on STG Forecasting Causal Tools A DL Implement Experiments Results

 of Singapore

e Causal Inference is the process of determining if a relationship between
two things is a cause-and-effect relationship.

e Correlation doesn’t mean causality.

Weather
g
/ \(iausa/ity

Thermometer +t ----- > lce cream
temperature Correlation sales

April 19, 2025 27



Theory-Driven - Causal Inference

&/ of Singapore

Motivation A Causal Lens on STG Forecasting Causal Tools A DL Implement Experiments Results

Integrating deep learning with causal inference, we craft models that are

not only accurate but truly understand the real world.

 Why? - Advantage of a causal lens

* Improved Interpretability
* Real-world insights for better model design
* Enhanced generalization

* How? — A big picture

J
Underlying o » @ |
causal systems M) Lass| el % » DL implement

A )

April 19, 2025 28



Theory-Driven - Causal Inference

¢ of Singapore

Motivation A Causal Lens on STG Forecasting Causal Tools A DL Implement Experiments Results

Structure Causal Model

Temporal Spatial
environment 9 G context
Historical ®—® Future "
signals signals g‘a
Traditional model Underlying causal system
April 19, 2025 29

Y. Xia, Y. Liang et al., Deciphering Spatio-Temporal Graph Forecasting: A Causal Lens and Treatment. NeurlPS 2023.



Theory-Driven - Causal Inference
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Motivation A Causal Lens on STG Forecasting Causal Tools A DL Implement Experiments Results

Structure Causal Model
fe— A —>e— B —>e—test —

value

Temporal Spatial

environment 9 G context
time) | "
| —

L. 3 Prest(x)
2

Underlying causal system

R
§ I-hlj_;

PA(X) ia PB(X) ia Ptest (X)

« X € E > Y: The temporal Out-of-Distribution (OoD) can arise due to changes in external variables over
time (e.g., weather can affect traffic flow observations).

« X€ C->Y:XandY areintrinsically affected by the surrounding spatial context, comprising both spurious
and genuine causal components.

« X = Y:Ourprimary prediction goal.

April 19, 2025 ) . L . . 30
Y. Xia, Y. Liang et al., Deciphering Spatio-Temporal Graph Forecasting: A Causal Lens and Treatment. NeurlPS 2023.



Theory-Driven - Causal Inference
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Motivation A Causal Lens on STG Forecasting Causal Tools A DL Implement Experiments Results

Structure Causal Model

o

Underlying causal system

Temporal Spatial
environment G G context

« X € E > Y: The temporal Out-of-Distribution (OoD) can arise due to changes in external variables over
time (e.g., weather can affect traffic flow observations).

« X€ C->Y:XandY areintrinsically affected by the surrounding spatial context, comprising both spurious
and genuine causal components.

« X = Y:Ourprimary prediction goal.

April 19, 2025 . , L _ . 31
Y. Xia, Y. Liang et al., Deciphering Spatio-Temporal Graph Forecasting: A Causal Lens and Treatment. NeurlPS 2023.



Theory-Driven - Causal Inference 9 G NUS

of Singapore

Motivation A Causal Lens on STG Forecasting Causal Tools A DL Implement Experiments Results

Structure Causal Model

Confounding factors
Te ral Spati
) C
e onment co
Historical @_@ Future
signals signals
Traditional model Underlying causal system

Backdoor paths

and genuine causal components.
« X = Y:O0urprimary goal.

April 19, 2025 . . . . . . 32
Y. Xia, Y. Liang et al., Deciphering Spatio-Temporal Graph Forecasting: A Causal Lens and Treatment. NeurlPS 2023.



Theory-Driven - Causal Inference

Motivation A Causal Lens on STG Forecasting Causal Tools A DL Implement Experiments Results

Assumption: E and C are independent
Aim: P(Y|do(X))
Step 1. Back-door adjustment for E

z P(Y|X,E = e)P(E = ¢€)

Step 2. Front-door adjustment for C

Z PX*=x"|X)PY|X " =x"X=x")P(X =x")
x* x!

April 19, 2025 ) . L . . 33
Y. Xia, Y. Liang et al., Deciphering Spatio-Temporal Graph Forecasting: A Causal Lens and Treatment. NeurlPS 2023.



Theory-Driven - Causal Inference 9 G NUS

of Singapore

Motivation A Causal Lens on STG Forecasting Causal Tools A DL Implement Experiments Results

* To achieve Back-door adjustment ...

Z P(Y|X,E = e)P(E = ¢€)

1) Separate the entity and the environments

2) Discretizing the environment

* To achieve Front-door adjustment ...

e Obtain a surrogate entity

April 19, 2025 i . o . . 34
Y. Xia, Y. Liang et al., Deciphering Spatio-Temporal Graph Forecasting: A Causal Lens and Treatment. NeurlPS 2023.
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Motivation A Causal Lens on STG Forecasting Causal Tools A DL Implement Experiments Results

Causal Spatio-Temporal neural network (CaST)

8 & | Temporal —» Data Flow
| E ' Environment <€—» Loss Function
) - EEmEC e aak JN
Fg %)D _> — 'L;od _——V
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Figure 3: The pipeline of CaST. Env: Environment. Ent: Entity. Feat: Feature.
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A Causal Lens on STG Forecasting Causal Tools A DL Implement Experiments Results

Causal Spatio-Temporal neural network (CaST)
Back-door adjustment
H
H

Env. Feat H,

Ent. Feat H;

—
2
g
s
=
Q
2
a
>
=
—

(1) Separate Environment & Entity

Figure 3: The pipeline of CaST. Env: Environment. Ent: Entity. Feat: Feature.
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A Causal Lens on STG Forecasting Causal Tools A DL Implement Experiments Results

Causal Spatio-Temporal neural network (CaST)
Back-door adjustment

(2) Discretizing the environments

Figure 3: The pipeline of CaST. Env: Environment. Ent: Entity. Feat: Feature.
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A Causal Lens on STG Forecasting Causal Tools A DL Implement Experiments Results

Causal Spatio-Temporal neural network (CaST)
Front-door adjustment

Surrogate

§

|
|
;| Entity

Figure 3: The pipeline of CaST. Env: Environment. Ent: Entity. Feat: Feature.
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Motivation A Causal Lens on STG Forecasting Causal Tools A DL Implement Experiments Results

* To achieve Back-door adjustment ...

Z P(Y|X,E = e)P(E = ¢€)

1) Separate the entity and the environments

2) Discretizing the environment

* To achieve Front-door adjustment ...
 Obtain a surrogate entity — But how?
* Data/task-specific challenge — Causation’s ripple effect

e Solution — Graph convolution networks?

April 19, 2025 ) . L . . 39
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Motivation A Causal Lens on STG Forecasting Causal Tools A DL Implement Experiments Results

* To achieve Back-door adjustment ...

Z P(Y|X,E = e)P(E = ¢€)

1) Separate the entity and the environments

2) Discretizing the environment

* To achieve Front-door adjustment ...
 Obtain a surrogate entity — But how?
* Data/task-specific challenge — Causation’s ripple effect

e Solution — Graph Edge convolution networks

April 19, 2025 i . o . . 40
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A Causal Lens on STG Forecasting Causal Tools A DL Implement Experiments Results

Causal Spatio-Temporal neural network (CaST)
Front-door adjustment
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Figure 3: The pipeline of CaST. Env: Environment. Ent: Entity. Feat: Feature.
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A Causal Lens on STG Forecasting Causal Tools A DL Implement Experiments Results

Causal Spatio-Temporal neural network (CaST)
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Figure 3: The pipeline of CaST. Env: Environment. Ent: Entity. Feat: Feature.
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Theory-Driven - Causal Inference
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National University
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Motivation

A Causal Lens on STG Forecasting

* Datasets: PEMS08, AIR-BJ, AIR-GZ
* Experiment settings: predict over next 24 steps given past 24 steps
e Evaluation metrics: MAE, RMSE

Table 1: 5-run error comEarison. The bold/underlined font means the best/the second-best result.

Causal Tools

A DL Implement

Experiments Results

Effectiveness & Generalizability O

Interpretability ()

e PEMSO08 (24—24) AIR-BJ (24—24) AIR-GZ (24—24)
MAE RMSE MAE RMSE MAE RMSE
HA(2017) 58.83 81.96 32.12 43.95 19.56 25.77
VAR(1991) 37.04 53.08 29.79 42.04 14.97 20.61
DCRNN(2017) 2210 t04>5 3396 £(059 ] 23 2 (56 3584 1056 12994026 1527 t 041
STGCN(2018) 18.60 £0.08 28.44 +0.15|23.71 £0.21 36.30+£0.58 | 12.69+£0.04 17.66 £0.09
ASTGCN(2019) | 20.36 £0.48 30.87£0.55)23.78£0.22 3591 +£0.11 | 1291 £0.15 18.02+0.27
MTGNN(2020) 18.13+0.10 28.85+0.12 | 2435+0.74 3897181 | 1243+x0.11 17.99+0.18
AGCRN(2020) 17.06 £0.14 26.80+0.15|23.43+£0.29 3566+0.57 | 12.74+£0.01 17.49 £0.01
GMSDR(2022) 18.34 £0.68 28.36 £1.01 | 25.92+£0.52 39.60x0.44 | 1347 £0.31 19.04 £0.46
STGNCDE(@2022) § 17.55+0.30 27.28 +£0.36 | 24.35+0.31 3591048 | 13.70+£0.10 19.15 £ 0.07
CaST (ours) 16.44 + 0.10 26.61 +£0.15 | 22.90 £ 0.09 34.84 £0.11 | 12.36 £0.01 17.25+0.05
Traffic Flow Air Quality
April 19, 2025 43
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Motivation A Causal Lens on STG Forecasting Causal Tools

Dynamic Spatial Causation
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How to learn F(-)?

— e — — — — —

( Theory-Driven Application-Driven

l

I * Ai lit
| ¢ Causal Inference | k . Ir Quality
l

l

e Uncertainty Awareness Traffic Flow
! e Parking Availability

— — — — —— ey, T e — — —
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Theory-Driven - Uncertainty G o

y’ of Singapore

Motivation Background — DDPM Key Challenges Our Solution - DiffSTG Experiments Results

Urban dynamics are inherently uncertain.

Deterministic output ,,-\)
Ti . s e N
imestamps: S / Timestamps: T \ @
x x '@' I: 4

Historical Data X(¢t=5):t .
Future Data Y&t+T
Graph Structure G N

Can deterministic models handle real-world
complexity?

What about ...

100

A groud-truth =
90 —e— deterministic

probabilistic

B e T e

0 5 10 15 20 14
(b) Probabilistic Prediction
April 19, 2025 46



Theory-Driven - Uncertainty

of Singapore

Motivation Background — DDPM Key Challenges Our Solution - DiffSTG Experiments Results

Denoising diffusion probabilistic models (DDPM) - A powerful generative model

Forward Process
» Markov chain
» Fixed process
» add noise

Reverse Process
> Markow chain
» remove noise

April 19, 2025 J. Ho et al., Denoising diffusion probabilistic models. NeurlPS 2020. 47



Theory-Driven - Uncertainty

Motivation Background — DDPM Key Challenges Our Solution - DiffSTG Experiments Results

1. How to generalize DDPM to stochastic STG forecasting?

2. How to capture the ST-correlation in pg?

3. How to make it efficient in the reverse process?

April 19, 2025 48



NUS

Theory-Driven - Uncertainty G o

”  of Singapore

Motivation Background — DDPM Key Challenges Our Solution - DiffSTG Experiments Results

i e e e e ey aicieiui=-Sninininining
Forward Diffusion Process

1. Generalize

A

DDPM to STG K—W“ P e AR G
forecasting - i %_(_)?Of{?y g 45:():(% -»[NoiseSchedule]-» i
DiffSTG i 24 E::: P ey ] e— ’

4 Reverse Dengising Diffusion Process
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I v T | ] i T 1

: /‘“ ! _|:‘E ;; T Conditional Noise
: Spacey Predictor UGnet
|
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I

|

|

condition: (x*, ,G)

msk ?
T T &, Ern iRt - . .
2. Capture the | Fe’;(” . | -y 3. Efficient in the ! Jg‘ | 2 _ I I
Ty / T = =N -
_ 1 [y | Up/Down-sample | _ 7 7]
ST-correlation : ., ——— o reverse process T
. * r'y i L) o [ = t t t t
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April 19, 2025 H. Wen, Lin Y, Y. Xia et al., DiffSTG: Probabilistic Spatio-Temporal Graph Forecasting with Denoising Diffusion Models. SIGSPATIAL 23. 49
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Motivation Background — DDPM Key Challenges Our Solution - DiffSTG Experiments Results

Datasets Metrics

Dataset Nodes F Data Type Time interval #Samples
PEMS08 170 1 Trafficflow 5 minutes 17,856

CRPS(F, x) = / (F(z) - I{x < 2})? dz, i
R

Y| :

|

|

|

AIR-B 34 )| PM 1 hour 8,760 ~ 1 A
) 25 MAE(Y,Y) = — > |Y; - 1.
AIR-GZ 41 i PM5 5 1 hour 8,760 Y| oy
.- ____Z .
Results
Nathiod AIR-BJ AIR-GZ PEMSO08
MAE RMSE CRPS MAE RMSE CRPS MAE RMSE CRPS
Latent ODE [30] 20.61 3227 0.47 12.92 18.76 0.30 26.05 39.50 0.11
DeepAR [31] 20.15 32.09 .57 i R 17.45 0.23 21.56 3357 0.07
CSDI [37] 26:52 40.33 0.50 13.75 19.40 0.28 32.11 47.40 il
TimeGrad [26] 18.64 31.86 0.36 12.36 18.15 0.25 24.46 38.06 0.09
MC Dropout [44] 20.80 40.54 0.45 1112 17.07 0.25 19.01 29.35 0.07
DiffSTG (ours) 17.88 29.60 0.34 10.95 16.66 0.22 18.60 28.20 0.06
Error reduction -4.1% -7.1% -5.6% -1.5% -2.4% -4.3% -2.2% -3.9% -14.3%

April 19, 2025 H. Wen, Lin Y, Y. Xia et al., DiffSTG: Probabilistic Spatio-Temporal Graph Forecasting with Denoising Diffusion Models. SIGSPATIAL 23. 50
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National University
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April 19, 2025

Background

* What makes cities predictable?
* Spatio-Temporal (ST) Data & Properties

Spatio-Temporal Graph Forecasting
* What is Spatio-Temporal Graph (STG)?
* What is STG forecasting?
e Howwedoit?
* Application-Driven (Air Quality, Traffic, Parking)
* Theory-Driven (Causality, Uncertainty)

Beyond Prediction: What’s Next?
* LLMs-powered Agents & Causal Urban Insight

51



f Singapore

O u tl i n e 7 ational University

Beyond Prediction: What’s Next?
* LLMs-powered Agents & Causal Urban Insight
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The Road Ahead

 of Singapore

What next?

o
i'i We don’t just want to predict cities — we want to understand them.

Beyond Prediction:

Toward a More Intelligent
and Accessible Urban Causal Analysis

April 19, 2025 53
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Well, I'll just order
GrabFood instead.

|l Sha
, N
ﬁood
ny
Causal or
coincidence?

Do food court closures cause more people to order delivery?

April 19, 2025 54
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Causal or
coincidence?

Do food court closures cause more people to order delivery?

Confounding factors: time of year, ongoing promotions, income levels, weather

.. . Unobersved
This is where causal inference tools become necessary. Treatment Confounders
R S Yy B el T 1 :
N J— G/ ) ) .. Stochastic
Y= CF’L:/B’L an :X'z:dz +Us €5 Error

Outcome Causal Control
April 19, 2025 Effect Variable -



¢ of Singapore

B8 &|
Urban Causal Research 95 NUS

D A

e Causal or
- ﬁ - 1% coincidence:
Urban

Phenomenon
R Do food court closures cause more people to order delivery?
Confounding factors: time of year, ongoing promotions, income levels, weather
s Unobersved
) This is where causal inference tools become necessary. Treatment Confoun\(;ers
(I |-__I-__I I___I l-__l |-__I .
Causal Inference ' Y; :::Tz':Bi - :Xdéz' ‘|‘:Ui: _|_: Ei":_; Etrcsoc:wastm

[T | — o ——— [ — -——— -—

Outcome Causal Control
April 19, 2025 Effect Variable c6



Current Landscape of Urban Causal Research NUS

y’ of Singapore

VOLUME 161«
JUNE 2025 «

Systematic Review =
e Journal: Cities
e # total urban-related papers: 2,428 articles

 # total causal inference papers: 219 articles
* Timespan: 2012-2021

THE INTERNATIONAL JOURNAL OF
URBAN POLICY AND PLANNING

Key Findings: o
B2 Total Studies

* Trend: growing adoption *%) == Causal Studies s

3501 —e— Percentage

Percentage (%)

April 19, 2025 Y. Xia*, A. Qu* et al., Reimagining Urban Science: Scaling Causal Inference with Large Language Models. arXiv 2025. 57



Region Data Experiment Type Methods

| | =& NUS
National University
Fixed Effects Panel Regression of Singapore
Asia
Tabular / Structured Data Observational
Propensity Score Matching
. . /5
U Spatial Econometric Models
/8
o - o ¥ Dynamic Panel Models (GMM/Arellano—-Bond) I8
urope gt =
: Time-Series / Panel Dat : </
° sNe=-Sones ./ ranciuars Bunsi-Experimenitil ! Instrumental Variables (1V)
) \\ & : NV\E Interrupted Time Series (ITS)
M Y% ’ = :
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Current Landscape of Urban Causal Research

SyStematiC ReView @ o ne
e Journal: Cities
e # total urban-related papers: 2,428 articles

 # total causal inference papers: 219 articles
* Timespan: 2012-2021

THE INTERNATIONAL JOURNAL OF
URBAN POLICY AND PLANNING

Key Findings:
* Trend: growing adoption
* Region: geographical imbalances
e Data: a heavy reliance on structured data
 Method: limited methodological diversity
e Code: poor reproducibility

April 19, 2025 Y. Xia*, A. Qu* et al., Reimagining Urban Science: Scaling Causal Inference with Large Language Models. arXiv 2025. 59



Manual Urban Causal Research G .o
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@ - Challenges in timely and novel
Phase 1 E question formulation
Generating I - Subjectivity in hypothesis

Hypotheses ' formation
=D oo TmTommTmm--mmmme- \
=

Phase 2 i multiresolution data complexity
1

Assembling ! - Repetitive manual data
Urban Data . integration and cleaning
Q - Difficulty selecting the most
Phase 3 E suitable causal inferece

_____________________________

L4 . - Translating findings into ;
Phase4 . : |
Drawi i ' generalizable, policy-relevant |
raW|r.1g Po IC\II insights :
Insights )

_____________________________

April 19, 2025 60
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Multiple Sources Multiple Modalities
o Manual Workflow Limitzations “‘
» «| Geographical Data Spatio-temporal Modality

@ :’ ) -C-h_a-ll-e-n-gze-s-lr_w-tl-n-w_el_y_éﬁc-:l_n_o-v-e-l B ‘: POI/AOI; Satellite Image; Street-view Image POI; GPS Point; Time series; Trajectory...

Phasel quest.ion_f(.)rrr?ulation . i ? as 1 q ﬂ T]L\- @ 8 Q\ﬁ/g g
Generating i - Subjectivity in hypothesis ! * Traffic Data LV O @—D Qe €
Hypotheses ' formation X i _

= [ Sttty \ Trajectory; Road Network; Traffic Flow; Logistic _ Vlfual MOdal'ty

=

= - Multimodal, multisource, and

Phase2 | multiresolution data complexity | 000
| iti ! Social Media Data
' - Repetitive manual data ! ocia
! I

Assembling
Urban Data | integration and cleaning
T mmmEEEEEEEEEEE Geo-textual Data; Geo-tagged Photo; ; . " e
E :’ - D|ff|cu|ty Selecting the most \: Geo-tagged Video Satellite Image Street-view Image
1
suitable causal inferece ' 009 ; ,
AEREE : . Textual Modality
Executing CI ; methods : DemographicData | . T Ut
1 1
1 1

- Ensuring methodological rigor

_____________________________

Experiments Social Media Text:

. : s SomaiE
———————————————————————————— Population; Crime Data; Land Use Data Hery- e

( \I Geo-information Text:
v . - Translating findings into : A
Phase4 . ) | “Envi
i . . £ S nvironment Data sics
Drawing Policyt ;gnesr;gel'r]illzable, policy-relevant ! Other Modalities |
Insights + ——~ ) Meteorological Data; Greenery Data;

Air Quality Data

April 19, 2025 Zou, et al. (2025) Deep Learning for Cross-Domain Data Fusion in Urban Computing: Taxonomy, Advances, and Outlook. /Information Fusion, 113, 102606. 61
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‘ 0’ Manual Workflow Limitzations

@ i Challenges in timely and novel )
Phase 1 E question formulation

| - Subjectivity in hypothesis

i formation

____________________________

e T e e N

= - Multimodal, multisource, and

Phase 2 i multiresolution data complexity i
Assembling ! - Repetitive manual data i Can LLMS HEIp?

Generating
Hypotheses '

Urban Data . integrationand cleaning
BY  (Difficulty selecting the most !
Phase 3 E suitable causal inferece :
Executing CI | methods :
Experiments i - Ensuring methodological rigor _ |
b4 . - Translating findings into :
Phase4 . : |
Drawing Poli ' generalizable, policy-relevant !
raW|r.1g O'C&f insights :
Insights |

_____________________________

April 19, 2025 62
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LLMs & Agents NUS

LLM-powered
Agents? 0O

What can they do?

Contextual
Understanding

@
2
3

Programming

Data
Integration

April 19, 2025 65



=2 NUS

A Multi-Agents System - Smallville Town

What happens when putting multiple agents together in an environment?

Joining for coffee at a cafe

Taking a walk

in the park
[Abigail] : Hey Klaus, mind if
2R =

s
— 3 SNR ¥ I join you for coffee?
[Klaus]: Not at all, Abigail.

How are you?

Finishing a o | AR WS : 2 y ’
morning routine A= P ' : LY, 0~ o ) . '1 SLE " [John]: Hey, have you heard
8 L ’ 4 allll £ = ¥ ) anything new about the
¥ 5 upcoming mayoral election?
[Tom] : No, not really. Do you
know who is running?

> Aot d oy . SO

J. Park et al., Generative Agents: Interactive Simulacra of Human Behavior. UIST 2023. 66
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Agent 1 Agent 2 Agent 3
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Al Al Al Al
Agent 4 Agent 5 Agent 6 Agent 7
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of Singapore

o' Manual Workflow Limitzations
"Q _Challenges in timely and novel

Phase 1 E question formulation
Generating 1 - Subjectivity in hypothesis

Hypotheses ', formation .

— T T Ty Sy Sy - N
=

Phase 2 i multiresolution data complexity
1

Assembling ! - Repetitive manual data
Urban Data | integration and cleaning
BY  (Difficulty selecting the most
Phase 3 E suitable causal inferece :
Executing Cl i methods :
Experiments i_ - Ensuring methodological rigor _ i
b4 . - Translating findings into :
Phase4 . : |
Brawing Poli ' generalizable, policy-relevant !
rawing Po |cyf insights :
Insights |

_____________________________

April 19, 2025 Y. Xia*, A. Qu* et al., Reimagining Urban Science: Scaling Causal Inference with Large Language Models. arXiv 2025. 63
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S cens
o Manual Workflow Limitzations E LLMs/MLLMs’ Abilities
@ " _ Challenges in timely and novel ~i  Contextual
Phase1 | duestion formulation E O . Understanding
Generating | - Subjectivity in hypothesis ! %g R @—@@
Hypotheses ! formation K &ég PRt -
iy T it N 0 L Creativit I
% . - Multimodal, multisource,and ! 88 N y@ @
Phase 2 i multiresolution data complexity | <
Assembling | - Repetitive manual data ' Motivate Support - T \
0. . . ; : Writing .
Urban Data . integration and cleaning . -
BY  (Difficulty selecting the most | . \
Phase 3 E suitable causal inferece : /'\ Data Integration
Executing CI ; methods : §Q Tt
Experiments i_ - Ensuring methodological rigor _ S8 ) e \
(TS mmmmmmmmommooooooo e N 88 < ' Programming |
hd . - Translating findings into ; Egé R i
Phase4 . . | a Y
Drawine Poli ' generalizable, policy-relevant | e :
rawing om»{ i i ~i Tool Use
Insights ; \

April 19, 2025 Y. Xia*, A. Qu* et al., Reimagining Urban Science: Scaling Causal Inference with Large Language Models. arXiv 2025. /70
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because, and only when, they are created by everybody.”
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Our Perspetive ]

Al won’t replace urban researchers,

but it can assist their thinking, accelerate their work,
expand the horizons of urban science, and make urban

insights a shared power.

That’s the future we’re building toward.

April 19, 2025 Y. Xia*, A. Qu* et al., Reimagining Urban Science: Scaling Causal Inference with Large Language Models. arXiv 2025.



Takeaways

e Cities are predictable.

» STG forecasting gives us powerful tools to model these signals in domains like air
qguality and mobility.

* Application-driven modeling is tailored to the properties of specific data (e.g., air
quality, traffic),

* Theory-driven approaches incorporate causal lens and uncertainty modeling for
deeper insight.

* Towards prediction, what next?
e Toward a more intelligent and accessible urban causal analysis

 Large Language Models unlock new possibilities.

* Not to replace urban scientists, but assist their thinking, accelerate their work, expand
the horizons of urban science, and make urban insights a shared power.
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