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Our project explores how machine learning can be used to create an accurate climate projection model. It implements the concept of Universal Differential

Equations (UDE), which combines known physics with machine learning. The model aims to predict the climate, which differs from the weather. Rather than 2017:2024 reconstructed 1000 hPa climate satistis
predicting the exact state of the atmosphere for a certain day, we have assessed whether the predictions from our model can reproduce the correct long-term " m -

chaotic statistical probabillity distributions
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A neural network learns a rule for the local rate of change. An ODE solver applies that rule Instead of asking a neural network to learn the entire
repeatedly to evolve the system through time. system from scratch, the model keeps the physical
relationships we already understand and learns only

. . _ the missing parts from past data.
1 Observe a system 2 Learn its motion rule 3 Evolve through time
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Keep the physics you know,
learn the residual you don’t
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- . ... ' Our two-layer EBM supplies scenario response through 2100
I I Global 1000 hPa diagnostic; bands include EBM parameter/discrepancy uncertainty and stochastic 41-mode internal variability.
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