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Urban Spatio-Temporal Intelligence
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https://www.coxblue.com/10-things-to-consider-in-planning-and-building-a-smart-city/

Urban Spatio-Temporal Intelligence

Diverse Spatio-Temporal Scenarios

Various domains: human mobility, road traffic, network service,
environmental pollution, power dispatch......
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Urban Spatio-Temporal Intelligence

Diverse Spatio-Temporal Scenarios

Various cities around the world
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Existing Al models for ST data

Separate models for different spatio-temporal scenarios
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Is It possible to build a universal model?

Urban

Urban spatio- Cross-city spatio-temporal
temporal prediction ~ ~ transfer learning - model? —

Cross-city
Cross-domain
One-for-all

D D2024 Zero-shot prediction
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Urban Spatio-Temporal Universal Model

LLMs

LVMSs

Taxi data Environment data
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Urban Spatio-Temporal Universal Model

ST data does not
directly depend on
language and imag
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Urban Spatio-Temporal Universal Model

How far can we go
from ST data alone?
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Urban Spatio-Temporal Universal Model

b _A Urban ST
Universal Model
Mobility data Population data

Universality Generalization

Taxi data

Environent data
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Urban Spatio-Temporal Universal Model

Separate models Diverse scenarios / data
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One-for-All
model
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There exist universal laws in various ST data, which can

be trained in a GPT-like manner.
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v’ Scalability with massive and
diverse datasets

v’ Self-supervised learning to
capture inherent relationships

v Powerful generalization
capabillities
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Two Challenges

Dat a Different spatio-temporal scales

Complex and varied spatio-temporal
dynamics and patterns

Patterns
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20+ ST datasets, with over 130 million ST points

Stage 1 - Spatio-Temporal Pre-Training
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Diverse spatio-temporal data
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Stage 2 - Spatio-Temporal Knowledge-Guided Prompt Learning
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Spatio-Temporal Patching
Patching: ST data - Sequential units
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Fine-grained
ST relationships
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Temporal Pre-training
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Capture complex spatio-temporal dynamics
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Spatio-Temporal Prompt-tuning
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Spatio-Temporal Prompt-tuning
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Spatio-Temporal Prompt-tuning
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Spatio-Temporal Prompt-tuning
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Performance Evaluations

Long-term and short-term prediction Zero-shot capabilities
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Model AMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE E E
15 1 -7 =
HA 53.77 29.82 17.80 6.79 72.94 27.57 11.41 3.43 1.38 0.690 150.2 74.5 1.24 0.771 = E
56.70 39.53 21.87 10.23 81.31 40.22 12.37 3.86 1.20 0.651 2113 108.5 1.17 0.769 S @.
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ACFM 37.77 21.59 4.17 2.34 22.79 12.00 3.93 1.67 0.920 0.559 98.1 51.9 0.833 0.566 T p— — =
STID 27.36 14.01 3.85 1.63 18.77 8.24 4.06 1.54 0.880 0.495 47.4 233 0.742 0.469 e = === -3
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Future Work

More universal
» more formats, graph-based ST data, trajectory

» more domains, natural / earth system
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