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Climate projections: ScenarioMIP



Exploring scenario uncertainty:    
(Simple) Emulators

Emulate

E.g., FAIR, MAGGIC, WASP etc.



Exploring scenario uncertainty:    
Pattern Scaling

Emulate

E.g., MESMER
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Exploring scenario uncertainty: 
ClimateBench

Emulate

Spatially resolved emissions of SO2 and BC

1850 2020



Evaluation

Ranked by RMSE 
for 2050 - 2100

Given SSP245, estimate:



ClimateBench training dataset

• Selection of future ‘Socio-economic pathways’ 
designed to span range of likely future scenarios

• Two idealised simulations modelling the effect of 
abrupt and gradual increases in CO2

• Core historical experiment plus two detection and 
attribution simulations of the historical period with 
either aerosol or GHG held constant

• Together they do a good job of spanning the input 
space – although aerosol species are correlated

Seland et al. 2020

Pre-processed input4MIPS inputs and NorESM2 outputs for multiple experiments



ESEm: Earth System Emulator

Inference / Calibration

Validation

Observed data

Emulation
Model data

Validation

Training
Collocation

CIS ESEm

Model data

Watson-Parris et al. GMD 2021https://github.com/duncanwp/ESEm

https://github.com/duncanwp/ESEm


Hackathon Baseline Models
• 8 teams participated in the 3rd NOAA AI workshop hackathon
• Competed to score the best RMSE averaged across all variables
• Three best models so far: Random Forest (RF) and Gaussian process (GP) 

trained using each year independently. LSTM accounts for temporal evolution

Variable GP RF LSTM (UKESM)
Mean 
temperature

0.39 K 0.49 K 0.39 K 1.8 K

Temperature 
range

0.17 K 0.16 K 0.17 K 1.2 K

Mean 
precipitation

0.53 mm/day 0.57 mm/day 0.55 mm /day 0.8 mm/day

90th percentile 
precipitation 

1.5 mm/day 1.7 mm / day 1.5 mm /day 2.4 mm/day
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ClimateBench: Energy conservation

Allen & Ingram 2002



GP Model: Sampling Internal Variability



● An open-source dataset is presented to allow the training and 
benchmarking of spatially resolved Earth system emulators 

● Machine learning techniques are used to create such emulators with 
excellent accuracy across multiple climate variables

● Each approach has its benefits: GPs allow sampling of variability; 
CNNs can capture spatial covariances and RFs provide sensitivities

● We have physical constraints on the (global) response, and these 
could be encoded using recent physically-informed ML approaches

● Build your own model: https://github.com/duncanwp/climatebench ! 

Summary

https://github.com/duncanwp/climatebench


Spare slides


