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Climate science has gained significant attention in the 
ML community

(Azari et al, 2021)

Fully AI-driven weather/climate models

GraphCast 
(Lam et al, 2023)

ACE (Ai2 Climate Emulator)
(Watt-Meyer et al, 2023)

CAMulator
(Chapman et al, 2025)

DiffESM
(Bassetti et al, 2024)

A rapidly evolving trend
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Urban areas remain marginalized in most AI-based 
approaches for climate science

under-represented?

Urban: blind spots in climate 
artificial intelligence?
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~ 3%
urban areas constitute 
only 3% of global 
surface area

> 50%
urban concentrates 
50% of the global 
population

~ 70%
urban emits 70% of 
greenhouse gas 
emissions

localized climate 
pattern

climate AI model urban
systematic bias?



surface emissivity
surface albedo

H/W ratio
others

The complexity and variability of urban surface

urban surface features
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Challenges in 
learning an urban climate-specific AI model



Challenges in 
learning an urban climate-specific AI model

• Terrain is one of the few surface data considered in the AI-model approach

terrain height

FengWu
(Chen et al, 2023)
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Challenges in 
learning an urban climate-specific AI model

• The model fails to use urban surface 
information efficiently

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

AI model acts as a black box without domain 
knowledge:

surface 
emissivity

surface 
albedo

H/W 
ratio

others



Physical-guided deep learning 
architecture for urban climate

Single-layer urban canyon scheme
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(Oleson et al, 2010)

Inspiration & Domain Knowledge Induction



Physical-guided deep learning 
architecture for urban climate

urban surface-
atmosphere 
interaction

radiatively 
interaction between 

urban surfaces
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AI model
(UCformer)

(Oleson et al, 2010)

mimic & represent

mimic & represent

guidance

guidance

Domain Knowledge Induction



Physical-guided deep learning 
architecture for urban climate

Model Component Role in Inference Scheme Input(s) Output(s)

forcing embedding layer encodes atmospheric forcing 
characteristics atmospheric forcing features forcing tokens

urban surface embedding 
layer

encodes urban surface 
feature characteristics urban surface features urban surface tokens

urban surface-atmosphere 
interaction block

learns interactions between 
urban surfaces and 

atmosphere

forcing query tokens, urban 
surface key tokens, urban 

surface value tokens
interaction-encoded tokens

surface fluxes interaction 
block

learns urban surface-surface 
radiatively interaction

updated interaction-encoded 
tokens intermediate features tokens

decoder branch 1 T (temperature) estimation
intermediate T query tokens, 
concatenated q and t tokens 

(as keys and values)
esitmated T

decoder branch 2 q (specific humidity) 
estimation

intermediate q query tokens, 
concatenated T and t tokens 

(as keys and values)
esitmated q

decoder branch 3 t (dew point temperature) 
estimation

intermediate t query tokens, 
concatenated T and q tokens 

(as keys and values)
esitmated t

mapping between the model components and the elements of the inference scheme.
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Physical-guided deep learning 
architecture for urban climate

Block A:

cross-attention

Radiation Albedo/Emissivity 

Wind Morphology

.….. ……

Focus

Focus

Focusrepresent urban surface-atmosphere interaction

distinct 
embedding
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Physical-guided deep learning 
architecture for urban climate

Block B
self-attention

radiatively cross-talk between urban surfaces

Laten 
Flux

Sensible 
Flux

Ground 
Flux

Focus

Focus Focus

represent surface fluxes interaction 
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Physical-guided deep learning 
architecture for urban climate
Block C:

Modeling the physical 
interdependence as an 

emergent property

Modeling Target: 
T: urban 2-m air temperature q: urban specific 

humidityTd: urban dew point temperature
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Multi-task modeling performances

Ours Transformer AutoML MLR Developed with CLMU simulation 
datasets from 2020-2044

 Evaluated with CLMU simulation 
datasets from 2050-2054

(a) T (b) Td (c) q

0.32 
0.37 

0.39 

0.76 

0.25 

0.18 0.20 

0.62 

0.24 

0.19 
0.22 

0.34 Average RMSE (g/kg) Average RMSE (K)Average RMSE (K)

Skillful urban climate estimations
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Fine-tuning model adaptation to 
real-world data

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

Community Land 
Model Urban (CLMU)

our UCformer model

real-world data
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Developed for Task A

Adjust to Task B
with minimal data

Fine-tuning Approach



Fine-tuning model adaptation to 
real-world data

latent heat flux latent heat flux

sensible heat flux sensible heat flux
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our model CLMU

our model CLMU
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Summary
• We introduce a UCformer that integrates domain and physical 

knowledge to learn urban climate efficiently.

• The model features a domain-aware encoder and a soft 
physics-constrained decoder, enabling accurate and 
generalizable urban climate estimations.

• 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

paper

code

contact: zhonghua.zheng@manchester.ac.uk;    
  jiyang.xia@Manchester.ac.uk 

mailto:zhonghua.zheng@manchester.ac.uk
mailto:jiyang.xia@Manchester.ac.uk


Task1

Task2

Task3

Task4

Task5

Training data ML model Large datasets

Pre-train

Pre-trained model
(foundation model)

Task1

Task2

Task3

Task4

Task5

Fine-tune

Traditional ML model Foundation model (pre-trained model)

GPT-3.5 (Foundation model)

Fine-tune
ChatGPT

Conversation task
E.g.

Fine-tuning Approach
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Testing (2070-2074)Physics-guided Architecture Transformer is more robust for extreme 
temperature estimation

Physics-guided Architecture Transformer Automated Machine Learning 
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Time interdependency



Time interdependency
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