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Introduction DDPM Training

Diffusion Model ( DL ⊂  ML ⊂  AI )

The Copernicus Arctic Regional Reanalysis Second Generation (CARRA2) is a high-resolution 

climate dataset that spans the entire pan-Arctic area. Accurately quantifying uncertainty is crucial 

for enhancing the precision and dependability of weather and climate forecasting systems. This 

research investigates advanced uncertainty quantification methods using a machine learning-based 

Denoising Diffusion Probabilistic Model (DDPM). A key goal of the CARRA2 project is to assess 

ensemble uncertainties in important climate variables. To accomplish this, DDPM is applied to 

estimate uncertainties between the high-resolution CARRA2 data and the coarser ERA5-EDA 

datasets. The CARRA2 simulations are characterized by the following: Model – Harmonie-AROME 

Ensemble, CY46; Data Assimilation – 3D-VAR; Horizontal Resolution – 2.5 km; Grid Points – 2880 x 

2880; Vertical Levels – 65; Initial and Boundary Conditions – ERA5-EDA.

Results
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Next, the process of hyperparameter tuning, particularly when applied to extensive datasets in conjunction 

with score-based data assimilation (SDA), is crucial for improving the efficacy of machine learning (ML) models.

The Denoising Diffusion Probabilistic Model (DDPM), introduced in 2020, is a fundamental 

diffusion model that frames both the forward (adding noise) and reverse (removing noise) 

processes as Markov chains. It uses a fixed, linear noise schedule and requires a large number of 

steps to generate high-quality outputs. In the forward process, Gaussian noise is gradually added 

over T steps. During the reverse process, a U-Net is trained to predict and eliminate noise step by 

step. In our experiments, all T set to 4000 steps for a single image. The benefits of these 

methods include their simplicity and solid theoretical basis. They produce high-quality samples 

that can often outperform Generative Adversarial Networks (GANs) in some scenarios.
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The figure clearly shows that the diffusion model can capture the uncertainty patterns in the CARRA2 
area. It is also important to note that the diffusion model effectively captures the orographic features 
across various land areas, with particularly clear representation over the Greenland region.

A total of twenty variables were individually selected for model training. These comprised four 

surface or near-surface variables: 2-meter temperature (in kelvin), meridional and zonal wind 

components (in meters per second), and surface pressure (in hectopascals). Furthermore, 

temperature (in kelvin), meridional and zonal wind components (in meters per second), and specific 

humidity (g/kg) were included at multiple pressure levels, namely 500 hPa, 700 hPa, 900 hPa, and 

950 hPa.
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