\4,
. r“v

NEURAL INFORMATION
’i PROCESSING SYSTEMS
ole

MANCHESTER

1824
The University of Manchester

Learning Urban Climate Dynamics via Physics-
Guided Urban Surface—Atmosphere Interactions

Jiyang Xia', Fenghua Ling?, Zhenhui Li%, Junjie Yu', Hongliang Zhang?,
David O. Topping', Lei Bai?, Zhonghua Zheng'

'Department of Earth and Environmental Sciences, The University of Manchester, Manchester, UK
2Shanghai Artificial Intelligence Laboratory, Shanghai, China

3Yungi Academy of Engineering, Hangzhou, China

4Department of Environmental Science and Engineering, Fudan University, Shanghai, China

2026 CESM Winter Working Group Meeting for the Land Model Working Group and Biogeochemistry Working Groups



MANCHEsTER. ~ Climate science has gained significant attention
1624 ML community

Fully Al-driven weather/climate models Arapidly

NASA Science Directorate Topics
Share of Machine Learning Literature
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MANCHESTER =~ Urban areas remain margmallzed In most Al- based
B approaches for c:hmate _smence P
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only 3% of global 50% of the global
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Challenges in
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learning an urban climate-specific Al model
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The complexity and variability of urban surface

J

urban surface features



Challenges in MANCHESTER
learning an urban climate-specific Al model o
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« Terrain is one of the few surface data considered in the Al-model approach
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Al model acts as a black box without domain

knowledge: BLACK BOX PREDICTIONS

e urban surfaces are static and feature-
rich, which could place burdens on Al
model.

e The model fails to use urban surface
information efficiently




Physical-guided deep learning
architecture for urban climate

Inspiration & Domain Knowledge Induction
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Domain Knowledge Induction

r N
Atmospheric Model urban surface-
—u, — O atmosphere mimic & represent
—— [ —— ] a.fm’qGJm Pa,m,Sa,m ‘L,Larm ¢ InteraCtlon ) \
guidance
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Al model
(UCformer)
. Y,
guidance
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~ radiatively mimic & represent
interaction between
urban surfaces

(Oleson et al, 2010) 7



Physical-guided deep learning
architecture for urban climate

mapping between the model components and the elements of the inference scheme.
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Model Component

forcing embedding layer

urban surface embedding
layer

urban surface-atmosphere
interaction block

surface fluxes interaction

block

decoder branch 1

decoder branch 2

decoder branch 3

Role in Inference Scheme
encodes atmospheric forcing
characteristics

encodes urban surface
feature characteristics

learns interactions between
urban surfaces and
atmosphere

learns urban surface-surface
radiatively interaction

T (temperature) estimation

q (specific humidity)
estimation

t (dew point temperature)
estimation

Input(s)

atmospheric forcing features

urban surface features

forcing query tokens, urban
surface key tokens, urban
surface value tokens

updated interaction-encoded
tokens

intermediate T query tokens,
concatenated g and t tokens
(as keys and values)

intermediate q query tokens,
concatenated T and t tokens
(as keys and values)

intermediate t query tokens,
concatenated T and g tokens
(as keys and values)

Output(s)

forcing tokens

urban surface tokens

interaction-encoded tokens

intermediate features tokens

esitmated T

esitmated g

esitmated t
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Block A:

distinct cross-attention oﬁ%i@) °

embedding - Atmosphere Surfaces Focus Formed
Al A Asks Answer Cross-attention focuses on
L . ’ ) * the most important surface
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Block B

self-attention
) N~ g radiatively cross-talk between urban surfaces
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e — T ﬂ@i— Ty shawait T st ‘ ’
= KF e Norm /- p—J\N\/ 0.:9, /W\/‘—‘ T onava
F ' — <«
D % 1 H s 5 S F F ocus
VF = : Euan T imprord r E pavan ocus
o [ on~_/ : H/ \H b Ground 4
Self-attention : By =
@ Surface Fluxes ' b, 3 s Flux
- Interaction Block ‘ - C -

represent surface fluxes interaction
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Block C:

Modeling Target:
T: urban 2-m air temperature g: urban specific
T, urban dew point temperature humidity

Standard Models predict UCformer predicts variables
variables in isolation. collaboratively, as a team.

- em o o o o o - e e = = = =

S Modeling the physical
@ @ g interdependence as an

& " P emergent property
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Multi-task modeling performances

Skillful urban climate estimations
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real-world data

drive fine-tuned with 20% of a station dataset
(the remaining 80% are tests)

'/ Fme-tunmg Approach \‘
I
\ : @ Developed for TaskA :
| I |
[ I I
our UCformer model : I :
i : i
: : Adjust to Task B :
: —~+with minimal data'
Community Land N =5 /'
Model Urban (CLML) TTTTTmEmEmmmmmmmmmmmmmm—— 14



Fine-tuning model adaptation to
real-world data
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Learning Urban Climate Dynamics via Physics-Guided = Google Scholar Q s

Urban Surface-Atmosphere Interactions
4 Top publications

. ) Categories > Engineering & Computer Science > Artificial Intelligence ~
Jiyang Xia*'? Fenghua Ling® Zhenhui Jessie Li* Junjie Yu' Hongliang Zhang*
David O. Topping' Lei Bai’ Zhonghua Zheng!

1 The University of Manchester ? Shanghai Al Laboratory Publication hSindex  hS-median
3 Yunqi Academy of Engineering * Fudan University
[ 1 Neural Information Processing Systems 371 637 ]
{jiyang.xia, junjie.yu, david.topping, zhonghua.zheng}@manchester.ac.uk
{lingfenghua, bailei}@pjlab.org.cn jessielzhOgmail.com =zhanghl@fudan.edu.cn 2. International Conference on Learning Representations 362 652
3. International Conference on Machine Learning 272 471
Abstract
4. AAAI Conference on Atrtificial Intelligence 232 358
Urban warming differs markedly from regional background trends, highlighting
the unique behavior of urban climates and the challenges they present. Accurately 5. Expert Systems with Applications 183 268
predicting local urban climate necessitates modeling the interactions between urban
surfaces and atmospheric forcing. Although off-the-shelf machine learning (ML) 6. IEEE Transactions on Neural Networks and Learning Systems 165 242
algorithms offer considerable accuracy for climate prediction, they often function
as black boxes, learning data mappings rather than capturing physical evolution. 7. |EEE Transactions On Systems, Man And Cybernetics Part B, Cybernetics 157 213
As aresult, they struggle to capture key land-atmosphere interactions and may pro-
duce physically inconsistent predictions. To address these limitations, we propose 8. Neurocomputing 148 211
UCformer, a novel multi-task, physics-guided Transformer architecture designed
to emulate nonlinear urban climate processes. UCformer jointly estimates 2-m air 9. Artificial Intelligence Review 147 272

temperature (T°), specific humidity (g), and dew point temperature (¢) in urban areas,
while embedding domain and physical priors into its learning structure. Experimen-
tal results demonstrate that incorporating domain and physical knowledge leads to
significant improvements in emulation accuracy and generalizability under future
urban climate scenarios. Further analysis reveals that learning shared correlations
across cities enables the model to capture transferable urban surface—atmosphere
interaction patterns, resulting in improved accuracy in urban climate emulation.
Finally, UCformer shows strong potential to fit real-world data: when fine-tuned
with limited observational data, it achieves competitive lperformance in estimating
urban heat fluxes compared to a physics-based model. 1 6



MANCHESTER Summary
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* We introduce a UCformer that integrates domain and physical
@ @ knowledge to learn urban climate efficiently.

bf * The model features a domain-aware encoder and a soft
APE L A ol physics-constrained decoder, enabling accurate and
@ generalizable urban climate estimations.

(@) #i: (@] - It performs well on multi-task learning, adapts to sparse real-
world data, and this physics-guided design presents a
~; transferable concept for broader Earth system sciences

contact: zhonghua.zheng@manchester.ac.uk:
jivang.xia@Manchester.ac.uk
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Fine-tuning Approach

Traditional ML model
ML model

Training data
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Physics-guided Architecture Transformer is more robust for extreme

. . Testing (2070-2074)
temperature estimation
Scatter Plot of Actual vs UCformer Predicted for TSA Scatter Plot of Actual vs ML Predicted for TSA
330 330
320 320
E 310 E 310
= =
s z
2 2
& 300 - D 300 -
(=R =8
290 290
280 280 -
280 290 300 310 320 330 280 290 300 310 320 330
Observed TSA Observed TSA
Physics-guided Architecture Transformer Automated Machine Learning
0.01 0.02 0.03 0.04 0005 0010 0015 0020 0025 0030 0.035

Density Density



Simulation plus observed data
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Time interdependency
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Time interdependency
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