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ABSTRACT

Deep learning foundation models are revolutionizing many facets of science by leveraging vast
amounts of data to learn general-purpose representations that can be adapted to tackle diverse
downstream tasks. Foundation models hold the promise to also transform our ability to model our
planet and its subsystems by exploiting the vast expanse of Earth system data. Here we introduce
Aurora, a large-scale foundation model of the atmosphere trained on over a million hours of diverse
weather and climate data. Aurora leverages the strengths of the foundation modelling approach to
produce operational forecasts for a wide variety of atmospheric prediction problems, including those
with limited training data, heterogeneous variables, and extreme events. In under a minute, Aurora
produces 5-day global air pollution predictions and 10-day high-resolution weather forecasts that
outperform state-of-the-art classical simulation tools and the best specialized deep learning models.
Taken together, these results indicate that foundation models can transform environmental forecasting.

1 Introduction

Deep learning foundation models have revolutionised various scientific domains, such as protein structure prediction
(Abramson et al., 2024), drug discovery (Chithrananda et al., 2020), computer vision (Betker et al., 2023), and natural
language processing (OpenAI, 2024). The key tenets of foundation models include pretraining, where a single large-
scale neural network learns to capture intricate patterns and structure from a large corpus of diverse data; and fine-tuning,
which allows the model to leverage its learned representations to excel at new tasks with limited training data (et al.,
2021; Brown et al., 2020).

The Earth system is a complex and interconnected network of subsystems, such as the atmosphere, oceans, land, and ice,
which constantly interact in intricate ways. In a rapidly changing climate, accurate understanding of these subsystems
becomes increasingly important. We envision that foundation models can revolutionise our ability to model subsystems
of the Earth, and eventually the whole Earth.

Amongst the Earth’s subsystems, the atmosphere stands out as particularly data-rich (Reichstein et al., 2019; Bauer
et al., 2015) and therefore constitutes ripe ground for pretraining a foundation model. Classical atmospheric simulation
approaches, such as numerical weather prediction (NWP), are costly and unable to exploit this wealth of data (Bauer
et al., 2015). Recent deep learning approaches are cheaper, more flexible, and have shown great promise in specific
prediction tasks with abundant training data (Lam et al., 2023a; Bi et al., 2023; Chen et al., 2023a,b; Han et al., 2024;
Kochkov et al., 2024; Lessig et al., 2023; Pathak et al., 2022; Bonev et al., 2023; Andrychowicz et al., 2023; Ham et al.,
2019; Nguyen et al., 2023a,b). However, these methods struggle when atmospheric training data are scarce (Chantry
et al., 2021) or heterogeneous (Reichstein et al., 2019), and they lack robustness in predicting extremes (Charlton-Perez
et al., 2024). By learning generalizable representations from vast amounts of diverse data, foundation models have been
able to overcome analogous challenges in other domains (Zhai et al., 2022; Radford et al., 2021; et al., 2021; Nguyen
et al., 2023a).
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Figure 1: Aurora is a 1.3 billion parameter foundation model for high-resolution forecasting of weather and atmospheric
processes. Aurora is a flexible 3D Swin Transformer with 3D Perceiver-based encoders and decoders. At pretraining time, Aurora
is optimised to minimise a loss L on multiple heterogeneous datasets with different resolutions, variables, and pressure levels.
The model is then fine-tuned in two stages: (1) short-lead time fine-tuning of the pretrained weights (2) long-lead time (rollout)
fine-tuning using Low Rank Adaptation (LoRA). The fine-tuned models are then deployed to tackle a diverse collection of operational
forecasting scenarios at different resolutions.

Here we introduce Aurora: a foundation model of the atmosphere. Aurora can produce forecasts for a wide variety of
atmospheric forecasting problems, including those with limited training data, heterogeneous variables, and extreme
events. We demonstrate this ability by producing operational forecasts for global air pollution and global high-resolution
medium-term weather patterns that match or outperform state-of-the-art classical simulation tools, at orders of magnitude
smaller computational cost. Specifically, in under a minute, Aurora generates 5-day air pollution forecasts at 0.4◦
spatial resolution surpassing state-of-the-art resource-intensive atmospheric chemistry simulations on 74% of all targets;
10-day global weather forecasts at 0.1◦ resolution surpassing the state-of-the-art NWP model on 92% of all targets,
significantly improving performance in extreme events compared to other deep learning approaches; and 10-day global
weather forecasts at 0.25◦ surpassing state-of-the-art NWP and GraphCast (Lam et al., 2023a) on over 91% of all
targets.

Aurora is able to efficiently adapt to new atmospheric prediction tasks by learning a general-purpose representation of
atmospheric dynamics. This representation is learned by scaling Aurora to 1.3B parameters and pretraining on over a
million hours of diverse atmospheric data, mostly consisting of simulations generated by weather and climate models
(Reichstein et al., 2019; Bauer et al., 2015). For the first time, we demonstrate that training a large model on more
diverse datasets improves atmospheric forecasting compared to training on single dataset. This major finding supports
our foundation model approach and represents a departure from the single-dataset training followed by most of the
aforementioned data-driven approaches.

Aurora serves as a blueprint for foundation models for other Earth subsystems, and is an advancement towards building
a single comprehensive foundation model capable of tackling a wide range of environmental prediction tasks.

2 Aurora: A flexible 3D foundation model of the atmosphere

Aurora can ingest and make predictions for any collection of surface-level and meteorological variables, at any pressure
levels, resolution, and level of fidelity. The model consists of three parts: (1) an encoder, whose role is to convert
heterogeneous inputs into a standard 3D representation of the atmosphere across space and pressure-levels; (2) a
processor which evolves the representation in time; and (3) a decoder which translates the standard 3D representation
back into specific predictions. The processor is a Vision Transformer (Dosovitskiy et al., 2021; Liu et al., 2021) and the
encoder and decoder are Perceiver-based modules (Jaegle et al., 2021, 2022) (Figure 1). Forecasts at different lead times
can be generated by iteratively feeding predictions back into the model as inputs. We defer a more detailed discussion
of the model to Supplementary B.
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We pretrain Aurora on a vast body of weather and climate data. By including as much and as diverse data as possible,
Aurora attempts to learn a general-purpose representation of atmospheric dynamics. The pretraining data is a mixture of
six weather and climate datasets: ERA5, CMCC, IFS-HR, HRES Forecasts, GFS Analysis and GFS Forecasts. These
datasets are a mixture of forecasts, analysis data, reanalysis data, and climate simulations. The pretraining datasets
comprise a standard collection of meteorological variables (see Supplementary C for more details on the datasets).
During pretraining, we minimise the next–time step mean absolute error (MAE) with a 6-hour lead time for 150 k
steps on 32 A100 GPUs, which corresponds to approximately two and a half weeks of training. Once pretraining is
completed, Aurora is ready to be fine-tuned for new atmospheric prediction tasks. Fine-tuning takes place in multiple
stages, ending with a roll-out fine-tuning stage (Supplementary D).

For lead times up to 15 days, the Integrated Forecasting System (IFS; European Centre for Medium-Range Weather
Forecasts, 2023a) is the gold-standard and state-of-the-art numerical forecasting system. This system, however, operates
at considerable computational cost: producing a 10-day forecast takes approximately 65 minutes on 352 high-end CPU
nodes with 36 cores each (see section 2.1.5 in Buizza et al., 2018), corresponding to approximately 5720 node-seconds
per hour lead time. In contrast, Aurora can make predictions at approximately 1.1 s per hour lead time on a single A100
GPU, thus yielding roughly a ×5,000 speedup over IFS.

3 Fast prediction of atmospheric chemistry and air pollution

We selected forecasting atmospheric chemistry and air pollution as our first application of Aurora due to its societal
importance, the significant challenge it poses to data driven approaches, and the potential these methods hold for
acceleration and improving accuracy.

Air quality is a key factor in non-communicable disease and therefore the health of humans, and is determined by
concentrations of various gasses and aerosols in the atmosphere (World Health Organization, 2021). Accurately
predicting global atmospheric composition (the distribution of trace gases and aerosols in the air) can aid mitigation of
air pollution event.

Forecasting atmospheric composition is much more complex and costly than weather forecasting. Not only does
atmospheric composition depend on transport via weather systems, atmospheric chemistry models also simulate
nonlinear reactions between different chemical species through hundreds of stiff equations (Brasseur and Jacob, 2017).
In addition, atmospheric composition strongly depends on anthropogenic emissions of trace gases and aerosols, which
drive the heterogeneous levels of pollution seen across the globe. Predicting global atmospheric composition therefore
requires a model to understand complex atmospheric chemistry and account for human behaviour.

The Copernicus Atmosphere Monitoring Service (CAMS) is an operational system that produces forecasts, analysis
products, and reanalysis products for global atmospheric composition (European Centre for Medium-Range Weather
Forecasts, 2023b) at 0.4◦ resolution. CAMS is an extension of IFS with additional modules for aerosols, reactive gases,
and greenhouse gases. For the reasons mentioned above, these extension modules make the already computationally
expensive IFS significantly more costly (by a factor of 10×, based on private communication with ECMWF). Although
machine learning methods could amortise these computational costs and even improve accuracy, thus far no AI
method has attempted to produce operational predictions for global atmospheric composition. In this experiment,
we demonstrate that Aurora can be successfully fine-tuned to CAMS analysis data to produce operational forecasts
that match or outperform CAMS forecasts in terms of RMSE on 74% of all targets, at orders of magnitude lower
computational cost.

Fine-tuning Aurora (or training any AI model) on CAMS analysis data is extremely challenging for three reasons. First,
unlike NWP systems (e.g., IFS) which are relatively stable across update cycles, CAMS undergoes frequent updates that
significantly affect the data distribution. In addition, CAMS analysis data only goes back to 2015, and quality of the
data generally decreases the further you go back. This means that CAMS analysis data is very scarce and non-stationary.
Second, unlike meteorological variables, air pollution variables are concentration values with a large dynamic range.
These variables are highly heterogeneous (Figure 2a), and often extremely sparse and skewed. Finally, air pollution
variables are strongly dependent on anthropogenic factors such as factory emissions. The global response to the COVID
pandemic contributes to complex distribution shifts in pollutant data.

Experimental setup. Six air pollutants are the main drivers of poor air quality (World Health Organization, 2021):
carbon monoxide (CO), nitrogen oxide (NO), nitrogen dioxide (NO2), sulphur dioxide (SO2), ozone (O3), and particulate
matter at 1 µm (PM1), 2.5 µm (PM2.5), and 10 µm (PM10). Air quality warnings are usually based on threshold values
for PM2.5 and/or PM10. Aurora models the five chemical species (CO, NO, NO2, SO2, and O3) both as 3D atmospheric
variables and as 2D surface-level variables as their total column values, and models the PMs as surface-level variables.
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Figure 2: Aurora outperforms operational CAMS across many targets. a: Sample predictions for total column nitrogen dioxide
(TC NO2) by Aurora compared to CAMS analysis. Aurora was initialised with CAMS analysis at 1 Sep 2022 00 UTC. Predicting
atmospheric gasses correctly is extremely challenging due to their spatially heterogeneous nature. In particular, NO2, like most
variables in CAMS, is skewed towards high values in areas with large anthropogenic emissions such as densely populated areas
in East Asia. In addition, NO2 exhibits a strong diurnal cycle; e.g., sunlight reduces background levels of NO2 through a process
called photolysis. Aurora accurately captures both the extremes and background levels. b: Latitude-weighted root mean square error
(RMSE) of Aurora relative to CAMS, where negative values (blue) mean that Aurora is better. The RMSEs are computed over the
period Jun 2022 to Nov 2022 inclusive. Aurora matches or outperforms CAMS on 74% of the targets. See Supplementary G.7 for
full results. c: Latitude-weighted RMSE of Aurora relative to CAMS at a three-day lead time, where negative values mean that
Aurora is better. The RMSEs are computed over the period Jun 2022 to Nov 2022 inclusive. Aurora matches or outperforms CAMS
on 86% of all variables. See Supplementary G.7 for full results. The full results show that, at a three day lead time, Aurora is also
significantly better than the persistence prediction for all variables.
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CAMS uses spatially and temporally disaggregated emissions data as inputs. These inputs allow natural factors
(wildfires, vegetation, etc.) and anthropogenic factors (vehicle combustion, energy production, etc.) to influence the
levels of the air pollutants simulated by CAMS. Aurora does not use any emissions data as inputs, except for some
additional static variables which are fixed across all times and experiments (Supplementary B.7). Instead, by learning
from historical data which is affected by natural and anthropogenic factors, Aurora implicitly learns to account for these
effects.

We fine-tune Aurora on CAMS analysis data from Oct 2017 to May 2022 and test on CAMS analysis data from May
2022 to Nov 2022 (Supplementary C.3). Since CAMS analysis data is very limited in temporal extent, to better learn
the dynamics of the pollutants, we also incorporate lower resolution and CAMS reanalysis data (EAC4; Inness et al.,
2019) from Jan 2003 to Dec 2021 in the fine-tuning process. CAMS reanalysis data is considered to be lower quality
because it uses a lower resolution and a significantly older version of IFS (Supplementary C).

Results. Aurora is competitive with CAMS (within 20% RMSE) on 95% of all targets, and matches or outperforms
CAMS on 74% of all targets (Figure 2b). At the three day mark, Aurora is competitive with CAMS (within 20% RMSE)
on all variables, and matches or outperforms CAMS on 86% of all variables (Figure 2c). Aurora is outperformed by
CAMS on ozone in the very upper atmosphere and the twelve-hour prediction of all species in the lower part of the
atmosphere. Note that variables near the surface and in the lower part of the atmosphere are primarily affected by
anthropogenic factors, which Aurora does not explicitly account for. For these variables, assimilation by CAMS is also
relatively weak. For example, the PMs are only weakly constrained via aerosol optic depth satellite measurements;
CAMS does not assimilate any real-time emission observations. Weak assimilation means that CAMS analysis is more
like CAMS forecasts than is the case for meteorological variables, especially at the 12 hour mark. Since we take CAMS
analysis to be the ground truth, this may disadvantage Aurora in this benchmark.

In a case study, we evaluate Aurora’s predictions for PM10 for 13 June 2023, when Iraq was hit by a particularly
bad sandstorm (Figure 27 in Supplementary G.7). Aurora is able to predict the sandstorm a day in advance. This is
one in a series of devastating sandstorm events that took place in the late Spring of 2022 leading to more than 5,000
hospitalizations in the Middle East (Francis et al., 2023).

4 Skillful operational weather forecasting at 0.1◦ resolution

We selected weather forecasting at 0.1◦ resolution as our second application of Aurora because of its operational
importance, and the significant demands it places on data driven approaches in terms of the criticality of performance
on extreme events and data-efficiency.

To accurately resolve high-impact weather events such as severe storms, hurricanes, and heatwaves, it is essential that
weather prediction systems operate at a high resolution to better resolve, among other things, convective effects at
smaller scales of motion. The Integrated Forecasting System (IFS-HRES; Malardel et al., 2016), the gold-standard
and state-of-the-art numerical medium-term weather forecasting system, operates at 0.1◦ (approximately 11 km at the
equator), at considerable computational cost. Current state-of-the-art artificial intelligence weather prediction (AIWP)
models (Lam et al., 2023a; Bi et al., 2023; Pathak et al., 2022; Chen et al., 2023a; Bonev et al., 2023) are designed to
process and predict global weather states at 0.25◦ resolution, corresponding to approximately 28 km at the equator and
a 2.5× decrease in resolution compared to IFS-HRES. Adapting AIWP methods to 0.1◦ resolution faces a series of
major hurdles (Chen et al., 2023b). The most salient issue is that high-resolution training data is scarce only going back
to 2016, when IFS was upgraded to 0.1◦ (Malardel et al., 2016). Here we demonstrate that Aurora can efficiently adapt
to this data-scarce setting and surpass the forecasting skill of IFS-HRES under operational evaluation protocols.

Experimental setup. In order to unlock high-resolution prediction capabilities for AIWP, a series of substantial
technical challenges must be overcome. First, the sheer size of 0.1◦ data (1.78GB per datapoint) presents a stress
test for all the components of a training pipeline, from storage and network speeds, to data-loading performance,
to model evaluation and memory management (see Supplementary D for details). And although the size of each
individual datapoint at 0.1◦ resolution is much larger, the amount of available training datapoints is substantially
smaller. While 0.25◦ data date back to 1950, including both analysis, reanalysis and forecast products, global analysis
data at 0.1◦ resolution are only available from 2016 onwards and a reanalysis product does not yet exist. Aurora is
well-equipped to operate in this setting, as it can be pretrained on 0.25◦ data and then finetuned on a smaller corpus of
0.1◦ data to unlock high-resolution forecasting capabilities. Here we demonstrate this by finetuning a pretrained 6-hour
Aurora model on 2016-2022 IFS-HRES analysis data. To cope with the increase in resolution, we perform some minor
modifications to the model after pretraining (see Supplementary B and Supplementary D for details). For evaluation,
we follow the protocol in Ben-Bouallegue et al. (2024) initialising Aurora with IFS analysis and evaluating forecasts
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Figure 3: Aurora outperforms operational HRES at 0.1◦ across the vast majority of targets and is the only AI model to
accurately estimate the maximum 10m wind speed in storm Ciarán. a: Scorecard vs HRES at 0.1◦. Aurora outperforms
HRES on over 92% of targets. The scorecard is limited to pressure levels lower in the atmosphere due to restricted availability of
the test year data. b: Results for headline metrics at 0.1◦. Aurora outperforms NWP across all variables. c: Wind speed RMSE
and MAE compared to ground truth at weather stations, for HRES at 0.1◦and Aurora 0.1◦. Aurora significantly outperforms
HRES. d: Operational predictions for maximum 10m wind speed during Storm Ciarán by Aurora, FourCastNet, GraphCast, and
Pangu-Weather. The numbers for all AI models except Aurora have been extracted from Figure 3 by Charlton-Perez et al. (2024).
Aurora is able to predict the sudden increase in 10m wind speed, unlike the other AI models. e: Operational predictions for Storm
Ciarán compared to IFS analysis at 0.1◦ resolution. Black dots show the location of minimum MSL and therefore trace the path
of the storm. The maximum 10m wind speed of the storm is shown in the bottom left corner of each prediction, and is computed
without LoRA, according to a bounding box tracking Ciarán (Supplementary G.6).
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against IFS analysis, which mimics an operational setting. To compensate for the fact that IFS uses a slightly different
analysis product internally, called HRES-T0, we follow (Lam et al., 2023a) and evaluate IFS against HRES-T0.

Results. Aurora has lower RMSE than HRES across the vast majority of target variables, pressure levels and lead
times (Figure 3b). The performance gains are most pronounced at lead times more than 12 hours into the future,
where we observe a reduction in RMSE up to 60% at long lead times. The biggest gains are obtained for variables
such as temperature and wind velocity components, whereas the smallest gains are observed for geopotential height,
where HRES tends to yield more accurate predictions at the higher atmospheric levels. At long lead times Aurora’s
forecasts resemble the IFS ensemble mean (see Supplementary G.8), a common trait of AIWP. In contrast, HRES
yields consistently better performance for all variables at very short lead times, up to 12 hours. Overall, this is the first
time that an AIWP model is shown to consistently outperform HRES in terms of RMSE skill at 0.1◦ resolution when
evaluated using operational initial conditions.

This use case illustrates the benefits of a foundation modelling approach which can operate across multiple resolutions
at pretraining and fine-tuning stages, and handle downstream tasks with small amounts of data.

Verification against station observations. Most verification efforts for AIWP models have focused on gridded analysis
data such as ERA5 (c.f. WeatherBench 2; Rasp et al., 2024). Not only are weather station observations a more accurate
representation of weather experienced by people, but they can also reveal deficiencies in models relying on diagnostic
parameters generated by the NWP models producing the analysis. Therefore, we also analyse the performance of
Aurora at predicting raw observations. The observation dataset includes over 13 thousand weather observing stations
globally from the Integrated Surface Database (ISD) (Smith et al., 2011). We apply some basic quality control checks
including inconsistent variable checks and range checks. This evaluation includes forecasts issued at 00 UTC between 2
January 2023 and 19 December 2023.

As shown in Figure 3c, Aurora outperforms IFS-HRES for 10m wind speed forecasts across all lead times up to 10 days.
Further results for 2m temperature are available in Supplementary F.2. This result, for the first time, shows how a
global high-resolution AIWP model can set a new state-of-the-art as measured by real weather observations.

Case study at 0.1◦: Storm Ciarán. Storm Ciarán was a high-impact windstorm which took place across North-West
Europe in late 2023. It is considered to be a meteorological outlier event because it was the lowest pressure ever
recorded in November in England (UKMO). The point of lowest pressure corresponds to the center of the storm.

Charlton-Perez et al. (2024) evaluate the performance of various AI models on predicting Storm Ciarán, in terms of
(i) minimum mean sea level pressure (MSL) and (ii) maximum wind speed 10m from the surface of the Earth. They
find that, although the AI models are able to accurately forecast the minimum MSL, a common shortcoming is that
none of them is able to capture the spike in maximum 10m wind speed that occurs on 00 UTC 2 November 2023. In
Figure 3d, we reproduce the findings by Charlton-Perez et al. (2024) and include a version of Aurora which is suitable
for predicting wind speed at 0.1◦resolution (see See Supplementary G.6). All models are initialized on 31 Oct 00 UTC
using the latest cycle of IFS analysis, CY48R1. We observe that among the AI models tested, Aurora stands out as the
only one capable of accurately predicting the abrupt rise in maximum 10m wind speed. It forecasts approximately
7 ms−1 higher than the other AI techniques, closely matching IFS analysis, which we take to be the ground truth.
Notably, FourCastNet (Pathak et al., 2022), GraphCast (Lam et al., 2023a), and Pangu-Weather (Bi et al., 2023) are
constrained to a 0.25◦ resolution, potentially hindering their ability to capture rapid onset phenomena. However, even at
0.25◦ resolution, Aurora demonstrates some capability in capturing this sharp increase, albeit to a lesser degree than its
0.1◦ counterpart; see Figure 23 in Supplementary G.6.

Figure 3e shows Storm Ciarán’s intensification over a 24 hour period, where we compare Aurora forecasts (top) to IFS
analysis (bottom) visually in terms of 10m wind speed. We also plot the minimum MSL, corresponding to the center of
the storm, and find that the Aurora’s forecasts are similar to IFS analysis. The primary difference lies in the level of
detail: IFS analysis captures higher spatial frequency content, whereas Aurora’s forecasts are smoother, although less
so than those from the 0.25◦model (see Supplementary G.6 for details and Supplementary G.8 for a power-spectrum
analysis). Despite this disparity, the forecasts are visually similar.

5 Data diversity and model scaling improve atmospheric forecasting

A key tenet of the foundation model paradigm is that performance improves in a significant and predictable fashion as
the data and the model are scaled (Hoffmann et al., 2024; Kaplan et al., 2020). For the first time, we provide evidence
that these findings from the fields of natural language processing and computer vision also hold for weather forecasting.
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Data scaling. Most AI-based medium range weather forecasting approaches have employed a single dataset in their
training strategy, often consisting of ERA5 at 0.25◦resolution. Training Aurora on multiple datasets allows us, for the
first time, to examine the benefits of employing a selection of diverse datasets in pretraining. To that end, we pretrain
the main Aurora model on four different dataset configurations (labeled C1-C4) and verify: (1) the RMSE of the models
across different variables and levels on ERA5 2021 (Figure 4a), and (2) the RMSE of the models for extreme values at
the surface on HRES 2022 (Figure 4b). Neither of these two years of data were included in pretraining and no further
fine-tuning was applied to these models.

Adding climate simulation data consisting of CMIP6-CMCC and CMIP6-IFS-HR alongside high-quality ERA5
reanalysis data (C2) results in lower RMSEs than the ERA5-only model (C1) across all the groups of variables (except
for 2T) (Figure 4a). Despite being lower fidelity than reanalysis datasets like ERA5, climate simulations increase the
data diversity and, as our results suggest, generalization performance. By additionally using IFS ensemble data, IFS
HRES forecast data, and the IFS ensemble mean (C3), the performance improves further at the surface and around
the levels present in the IFS-ENS data, which are highlighted in the figure. Since the improvements of C3 diminish in
other parts of the atmosphere, we also test an alternative configuration (C4), which provides a good coverage of the
entire atmosphere. Additionally, it limits the samples used in training for the forecasts datasets to one-day lead-times to
increase the data quality. This last configuration performs best overall and, for this reason, it is also the configuration
used for the main results reported in this paper.

Including additional data in pretraining does not only improve the RMSEs in aggregate, but it also leads to significant
improvements (up to 35%) in the tails of the distribution at the surface on HRES 2022 (Figure 4b). Climate simulations
and diverse data sources expose the model to more rare events than historical data can provide, which ultimately
improves the model robustness in these regimes. As before, C2 improves over C1, while C3 and C4 further improve
upon C2. In all instances, the improvements compared to the ERA5-pretrained model (C1) are mostly in the extremes.

Overall, these results provide evidence that using a heterogeneous group of weather and climate datasets, of mixed
fidelity, can improve forecasting performance. In Supplementary G.1 we verify that these findings also hold across
the individual atmospheric variables and include additional results on HRES 2022. Finally, we also discuss one other
dataset configuration that does not yield performance improvements.

Model scaling. Orthogonal to the data scaling dimension, we test the impact of model scaling on three pretrained
Aurora configurations, each corresponding to a different model size: 113M, 660M and 1.3B parameters (see Supplemen-
tary B.8). All models are pretrained on the dataset mixture from C4 and validated throughout training on IFS analysis
data. After the initial training phase, bigger models achieve lower validation loss for the same number of GPU hours
(Figure 4c). The bigger models do so while also being trained on fewer data samples (measured in number of tokens in
the figure). When fitting a power-law to the performance of the three models at the 5k GPU hours mark, we obtain a
scaling law suggesting that validation performance improves by approximately 5% for every doubling of the parameters.
Finally, it is important to note here that, in the particular case of weather modelling, training is typically bottlenecked
by data loading (and not by the model) since a single datapoint is usually several hundreds of MB in size. Therefore,
models that are 10× smaller cannot necessarily process 10× more tokens in the same amount of time. This creates an
additional bias towards using larger models and indicates that training large models is not as costly as might first appear.

6 Comparison with AI models at 0.25◦ resolution

The vast majority of AI models for weather prediction have been (pre)trained at 0.25◦ resolution on a single dataset. As
an additional validation of the benefits of fine-tuning a large model pretrained on many datasets, we compare Aurora
against GraphCast (Lam et al., 2023a) – pretrained only on ERA5 and currently considered the most skillful AI model
at 0.25◦and lead times up to 5 days (Rasp et al., 2024). Additionally, we include IFS HRES in this comparison, the gold
standard in numerical weather prediction. We show that Aurora outperforms both when measured against analysis,
weather station observations, and extreme values.

Experimental setup. This comparison uses the HRES-T0 2022 dataset as a test year and is carried out at the standard
0.25◦ resolution used in AIWP. To this end, Aurora is finetuned on HRES-T0 “Analysis” data for years 2016-2021, the
same years operational GraphCast was finetuned on. In order to ensure a consistent comparison against operational
NWP systems, both GraphCast and Aurora are evaluated using a 00Z/12Z initialization from the HRES-T0 dataset
provided by WeatherBench 2. We also treat HRES-T0 as the ground truth targets for this evaluation. To facilitate
a complete comparison between models across different variables, pressure levels and lead times we compute and
visualize RMSE skill scores which correspond to the relative RMSE difference between the models that are compared,
normalized by the RMSE score of the model we compare against. We also include comparisons based on the ACC
metric in Supplementary G.
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Figure 4: Pretraining on diverse data and increasing model size improves performance. a: Performance versus ERA5 2021
at 6 h lead time for models pretrained on different dataset configurations (i.e. no fine-tuning) labeled by C1-C4. The root mean
square errors (RMSEs) are normalised by the performance of the ERA5-pretrained model (C1). Adding low-fidelity simulation
data from CMIP6 (i.e. CMCC and IFS-HR) improves performance almost uniformly (C2). Adding even more simulation data
improves performance further on most surface variables and for the atmospheric levels present in this newly added data (C3). Finally,
configuration C4, which contains a good coverage of the entire atmosphere and also contains analysis data from GFS achieves the
best overall performance with improvements across the board. b: Pretraining on many diverse data sources improves the forecasting
of extreme values at 6h lead time across all surface variables of IFS-HRES 2022. This is consistent with the aggregate results in
Figure 12. Additionally, the results also hold on wind-speed, which is a nonlinear function of 10U and 10V. c: Bigger models obtain
lower validation loss for the same amount of GPU hours. We fit a power law L(N) ∝ Nm, where L is the training loss and N is the
model size using the losses at 5 k GPU hours. We obtain a coefficient m = −0.073. This roughly translates into a 5% reduction in
the training loss for every doubling of the model size.
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Aurora vs GraphCast. Aurora consistently outperforms GraphCast (Lam et al., 2023a) across the vast majority of
target variables, pressure levels and lead times (Figure 5a). The performance gains are most pronounced at lead times
past 3 days, as well as for the upper atmospheric levels where we see a reduction in RMSE up to 40%. The biggest
gains are observed for variables such as temperature, geopotential height and wind velocity components, whereas the
smallest gains are observed for specific humidity where GraphCast tends to yield more accurate predictions at short
lead times (1–3 days) for the surface and lower atmospheric levels. At long lead times Aurora’s forecasts more closely
resemble the ensemble mean than GraphCast (see Supplementary G.8), but Aurora also outperforms GraphCast at
short lead times on U, V, T and Z. Taken together, these results are a collective consequence of Aurora’s scale, both in
terms of architecture design and training data corpus, as well as its pretraining and fine-tuning protocols. For additional
visualisations of this comparison, see Supplementary G.2.

Verification against weather station measurements. As for the high-resolution model, we also evaluate Aurora
against station observations for forecasts issued at 00 UTC between 2 January 2022 and 19 December, this time for
2022. Figure 5b shows the RMSE and MAE as a function of lead time for the 0.25◦AIWP models versus IFS-HRES.
The relative error in temperature between Aurora and GraphCast tracks very closely with the scorecard results in
Figure 5a. Despite an advantage in resolution, IFS-HRES only leads within the first 12 hours. For wind speed, Aurora
outperforms GraphCast by a larger margin over the first 6 days compared to evaluations on gridded data, but performs
worse than GraphCast after day 7 on RMSE values, particularly at 18 UTC timestamps. These results show that AIWP
models such as Aurora are still capable of achieving high forecast accuracy as measured by observations, even at the
coarser 0.25◦resolution.

Extreme event prediction. From a meteorological perspective, accurate forecasting of the extremes of surface
weather, such as wind speed and temperature, is of critical importance in forward-planning to mitigate the impact on
life. To verify the performance of Aurora in predicting the tails of the relevant distributions, we present a comparison
with GraphCast and IFS-HRES using the 06Z/18Z initialization from the 2022 year of the IFS-HRES 0.25◦dataset
in Figure 5c. Here we show RMSEs computed in the upper and lower tails of the data distribution as described
in Supplementary F.2, normalized against IFS-HRES. By sweeping a threshold we can analyse performance as we
move further into the extremes. Values for thresholds above zero are shown on the right of the x-axis in each plot, and
below zero on the left.

We find that Aurora outperforms GraphCast on wind speed prediction at the surface, and as lead times lengthen, the
performance of AIWP models relative to IFS-HRES becomes markedly improved across the distribution. Note however
that T2m exhibits a difference in behaviour between the warmer and colder sections of the distribution; it is reported
that IFS-HRES performance for winter extremes is biased, resulting in less accurate forecasting during winter months
(Ben-Bouallegue et al., 2024). Since AIWP models include such biased forecasting data rather than just forward
simulation within physical constraints, there is a tendency to exhibit these biases when compared to NWP models such
as IFS. A detailed exploration of the results including atmospheric variables is found in Supplementary G.5.

7 Discussion

The development of Aurora represents a significant step forward in environmental prediction, leveraging the scaling
properties of AI foundation models to extract valuable insights from vast amounts of Earth system data. By improving
predictive accuracy, resolution, and adaptability, Aurora demonstrates the potential for AI to advance operational
weather forecasting and related fields. This progress highlights the importance of continued investment in AI research
to address complex challenges in Earth system modeling. As we enter a new era of environmental prediction, Aurora
provides a foundation for harnessing the power of AI to enhance our understanding of the planet’s systems and thereby
inform decisions that have far-reaching impacts on society and on the environment.

While Aurora introduces many new capabilities, there is still a lot of room for improvement along multiple axes. At
the moment, the model can only generate deterministic forecasts. A probabilistic treatment is particularly important
for variables such as precipitation whose behaviour is inherently stochastic (Price et al., 2024; Lessig et al., 2023; Li
et al., 2024; Chen et al., 2023b; Zhong et al., 2024). In the future, this can be addressed by fine-tuning the model into
a probabilistic version or by using ensembles of deterministic Aurora models, potentially trained on different data
sources. In terms of datasets, while Aurora pushes the boundary of data diversity, it has only been trained on global
datasets. With many local high-resolution datasets such as HRRR and CONUS404 being available (Dowell et al., 2022;
Rasmussen et al., 2023), exploiting this new spatial scale remains a promising avenue for future work. In terms of
computing, our infrastructure consisted of a small pool of preemptible A100 GPUs without InfiniBand, which greatly
limited the extent to which we could run expensive data and model scaling ablations. Finding the compute-optimal
model size and dataset configuration for pretraining such models can certainly benefit from additional experimentation.
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Figure 5: Aurora outperforms operational GraphCast across the vast majority of targets. a: Scorecard versus GraphCast at
0.25◦. Aurora matches or outperforms GraphCast on 94% of targets. Aurora obtains the biggest gains (40%) over GraphCast in the
upper atmosphere, where GraphCast performance is known to be poor. Large improvements up to 10-15% are observed at short and
long lead times. The two models are closest to each other in the lower atmosphere at the 2–3 day lead time, which corresponds to the
lead time GraphCast was rollout-finetuned on. At the same time, GraphCast shows slightly better performance up to five days and at
most levels on specific humidity (Q). b: Root mean square error (RMSE) and mean absolute error (MAE) for Aurora, GraphCast, and
IFS-HRES as measured by global weather stations during 2022 for wind speed (left two panels) and surface temperature (right two
panels). c: Thresholded RMSE for Aurora, GraphCast and IFS-HRES normalized by IFS-HRES performance. Aurora demonstrates
improved prediction for the extreme values, or tails, of the surface variable distributions. In each plot values to the right of the centre
line are cumulative RMSEs for targets found to sit above the threshold, and those to the left represent target values sitting below the
threshold. The full procedure is outlined in Supplementary F.2.
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Finally, while Aurora outperforms NWP at multiple scales and resolutions, we believe that a lot more work has to be
done in terms of model robustness and verification before AI models can truly replace NWP.

The implications of Aurora extend far beyond the realm of atmospheric forecasting. With its extensive potential
applications in weather and climate sciences, Aurora represents a significant first step towards the development of a
comprehensive foundation model encompassing the entire Earth system. Moreover, the ability of foundation models
to excel at downstream tasks with scarce data could have profound implications for environmental forecasting in
data-sparse regions, such as the developing world and the polar regions. By leveraging the knowledge learned from
data-rich regions, foundation models could enable accurate forecasts even in areas where observational data is limited,
thereby democratizing access to life-saving weather and climate information. This could have far-reaching impacts on
sectors such as agriculture, transportation, energy harvesting, and disaster preparedness, enabling communities to better
adapt to the challenges posed by climate change.
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A Notation and problem statement

We denote the observed state of the atmosphere (including the surface) at a certain time t via a V ×H ×W tensor Xt,
where V denotes the total number of variables, H specifies the number of latitude coordinates (i.e., the height) and W
denotes the number of longitude coordinates (i.e., the width). Thus, we use the Xt

v,i,j indexing scheme to refer to the
state of variable v at time t and latitude-longitude coordinates given by (i, j). It is sometimes convenient to split this
observed state Xt into its surface (St) and atmospheric components (At). The surface state St is a VS ×H ×W tensor,
where VS denotes the number of surface variables. The atmospheric state is a VA × C ×H ×W tensor where VA

denotes the number of atmospheric variables and C represents the number of pressure levels throughout the atmosphere.
Thus, the total number of variables is given by V = VS + VA × C.

Given a system state at time t, our goal is to learn to predict the next state at a time t′ > t. For simplicity, we operate
with discrete time units of ∆t (which is sufficient for any practical purposes), and consider t′ = t + k∆t for some
positive integer k. To predict the state at the next time step, we learn a simulator Φ: (Xt−∆t, Xt) 7→ X̂t+∆t, which
maps the observed state of the world at the previous time and the current time to a predicted state X̂t+∆t at future time
t+∆t. Since ∆t might vary from one task to another, we will often simplify this notation to Φ: (Xt−1, Xt) 7→ X̂t+1.

To generate predictions for later time increments, the predictions of the learned simulator can be stacked together in an
autoregressive manner. Assuming X̂t = Xt, X̂t−1 = Xt−1, this can be described recursively as

X̂t+k = Φ(X̂t+k−2, X̂t+k−1). (1)

We call this an autoregressive roll-out. It is obtained by applying the function Φ iteratively, a total of k times. Finally,
for a certain prediction X̂t′ , we denote the surface and atmospheric components of that prediction by Ŝt′ and Ât′ ,
respectively.

B The Aurora model

In this section, we provide a more detailed description of each component of the Aurora model architecture.

B.1 3D Perceiver encoder

Compared to the textual data, training large models on a diverse collection of weather datasets is a substantially more
challenging due to the heterogeneous nature of the data. While language is generally homogeneous, weather datasets
come equipped with different variables, pressure levels and resolutions. Moreover, due to the costs of storing the
complete outputs of a simulation, many sources only make subsets of the total data available by reducing the dataset
size along one or more of the axes mentioned above. To accommodate such heterogeneous datasets, we design a flexible
encoder that maps different datasets into a standardised 3D tensor that enters the model backbone.

Inputs. The encoder treats all the variables as H ×W images on a regular latitude-longitude grid. For each variable,
we include the state at the current time t and the state at time t− 1. This results in a T ×H ×W tensor, where T = 2
is the time dimension. For a dataset with C pressure levels and VA atmospheric variables, the state of the atmosphere is
represented as a VA ×C × T ×H ×W . Similarly, for a dataset with VS surface variables, the state of the surface level
is represented as a VS × T ×H ×W tensor. In practice, all computations are batched, which adds an additional batch
dimension in front of these tensors, which we omit for simplicity.

Static variables. Aurora includes three so-called static variables: (1) information about local orography in the form
of geopotential at the surface (Z), (2) a land–sea mask (LST), (3) a soil-type mask (LSM). Internally in the model, the
static variables are incorporated by appending them to the collection of surface-level variables. The static variables are
part of ERA5’s invariant surface-level variables.

Level embeddings. As in standard ViTs, we split each of the H × W images in P × P patches. The patches
at each level are then mapped into a vector in RD by a linear layer, i.e. C × VA × T × P × P 7→ C × D and
VS × T × P × P 7→ 1 × D. In order to accommodate datasets with different variables, this linear transformation
is constructed dynamically for each variable v using a set of weights Wv specific to that variable. Each of the level
embeddings is then tagged with an additive level encoding. For the atmospheric levels, the level encoding is computed
via a sine/cosine encoding of the atmospheric pressure associated with each level (e.g., 150 hPa). For the surface level,
we use a fully-learned vector of dimension D.
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Figure 6: An illustration of Aurora’s encoder module. Input weather states are tokenized and compressed into a 3D latent
representation using Perceiver-style cross-attention blocks. The resulting latent tokens are augmented with appropriate encodings
that provide spatial, temporal, and scale information.

Level aggregation. The next step is to reduce the physical pressure levels in the atmosphere, which can vary in
number across datasets, to a fixed set of latent pressure levels. (Nguyen et al., 2023a) introduced a simple aggregation
mechanism using attention pooling. Here, we adopt a more expressive scheme that leverages Perceiver modules (Jaegle
et al., 2021) consisting of one cross-attention layer followed by a residual MLP. The inputs to the Perceiver are CL = 3
latent query vectors, along with C keys and values vectors computed from the level embeddings via a linear transform.
The output of the Perceiver is a CL ×D tensor, encoding the latent state of the atmosphere. Concurrently, the surface
level embedding is simply passed through a residual MLP. This latent state of the surface is then concatenated with the
latent state of the atmosphere across the vertical dimension, which yields a (CL + 1)×D latent representation of the
weather state at the location of each patch.

Scale, position and absolute time embeddings. By gathering the latent representations at each patch, one obtains a
3D tensor CL ×H/P ×W/P , which can be seen as a latent grid on which the backbone will perform the simulation.
Therefore, we equip these tokens with information about their latitude and longitude coordinates as well as their physical
size (ie., km2 per patch – which differs depending on the latitude). Finally, we include absolute time information for
each of the patches. For more information about these encodings are computed, see Supplementary B.4.

B.2 Multi-scale 3D Swin Transformer U-Net backbone

If the 3D tensor that the backbone receives as input can be viewed as a latent 3D mesh on which the simulation
is performed, then the backbone can be viewed as a (neural) simulator. Transformers, due to their proven scaling
properties (Kaplan et al., 2020) and connections with numerical integration (Brandstetter et al., 2022), are a natural
architectural choice for this simulation engine. To this end, we opt for a 3D Swin Transformer U-Net (Liu et al., 2021,
2022) architecture (Figure 7), which has also been successfully employed by (Bi et al., 2023).

The backbone itself is also composed of an encoder and a decoder, each made out of three stages. After each stage of
the encoder, the spatial resolution of the 3D tensor is halved. After each decoder stage, the resolution is doubled and the
output is combined with the corresponding outputs of the encoder. This structure enables the backbone to simulate the
underlying physics at multiple scales.

Each layer of the backbone is a 3D Swin Transformer layer performing local self-attention operations between tokens
in the same regions (called windows), which can be seen as a form of message passing (Gilmer et al., 2017). One such
window (of size (2, 4, 2)) is highlighted in Figure 7. Every other layer, all the windows shift across all dimensions by
half of the window size along that dimension. In this case, the window would shift by (1, 2, 1) along the three axes,
which allows the model to propagate information between neighbouring regions. Due to the spherical topology of the
Earth, when the window is shifted, we allow the left and right side of the images to communicate directly as in Bi et al.
(2023). Overall, this procedure emulates the local computations performed by numerical integration methods, while
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Figure 7: Overview of the 3D Swin Transformer U-Net which is the backbone of Aurora. The U-Net is formed by an encoder
(left) and a decoder (right). Each of these is composed of three stages with (6, 10, 8) and (8, 10, 6) Swin 3D Transformer layers,
respectively. In total, the backbone has 48 layers. The highlighted tokens show a single 3D self-attention window of size (2, 4, 2)
along the depth, width and height dimensions, respectively. The patch merging layers halve the spatial resolution of the 3D tensor,
while the patch splitting layers double it. This allows the backbone to simulate the underlying physics at multiple scales. Although
not shown in the figure, the embedding dimension of each token is doubled after each patch merging layer and halved after each
patch splitting layer.

avoiding the quadratic complexity of vanilla Transformers, which is impractical for the resolutions Aurora operates at.
In practice, we use a window size of (2, 12, 6) for all of our experiments, similarly to Bi et al. (2023).

Notably, to increase stability throughout training, we use the res-post-norm layer normalisation introduced in Liu et al.
(2022), but opt for a standard dot-product attention operation instead of the cosine attention procedure from Swin v2
(Liu et al., 2022). Furthermore, to obtain a simple and flexible backbone that can operate at multiple resolutions, we do
not use any form of positional bias in the attention operations as previously done by Bi et al. (2023); Liu et al. (2021,
2022), which requires inputs with a fixed spatial resolution. Instead, we opt for positional and scale encodigs in the
encoder, as described in the previous section, which does not impose any constraints on the inputs.

Finally, we note that the encoding procedure we employ allows us to flexibly use a small number of latent levels, which
in turn frees up memory for massively scaling the number of parameters in the backbone. Compared to the backbone
in Bi et al. (2023), which has 16 layers and two stages, our backbone has an additional stage and contains 48 layers.

B.3 3D Perceiver decoder

The decoder maps the standardised outputs of the latent simulation back into images on the regular lat-lon grid.
Its structure mirrors that of the encoder. The three latent amtopsheric pressure levels are de-aggregated into C, D-
dimensional embeddings (i.e., one per output atmospheric level). As in the encoder, this is done via a Perceiver layer
(Jaegle et al., 2021), which uses the sine/cosine embeddings of the output levels’ pressure as queries. These vectors are
then decoded into P × P patches via a linear layer. The latent surface level is decoded directly. Analogously to the
patch embedding layer in the encoder, the linear layer constructing the output patches is constructed dynamically by
selecting the weights associated with each variable. This overall architecture allows the decoder to output predictions at
arbitrary pressure levels, for an arbitrary set of variables.

B.4 Position, scale, level, and time encodings

Given the minimum and maximum wavelengths λmin and λmax we want to capture, we use a Fourier encoding of the
following form to encode a value x into a D-dimensional vector,

Emb(x) =
[
cos

2πx

λi
, sin

2πx

λi

]
for 0 ≤ i < D/2, (2)

where the fi are log-spaced values between the minimum and maximum wavelength, i.e.,

λi = exp

(
log λmin + i · log λmax − log λmin

D/2− 1

)
. (3)

In the following, we describe how the value x is computed for all the encodings and how λmin and λmax are chosen.
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Figure 8: An illustration of Aurora’s decoder module. The target output variables are reconstructed in spatial patches by decoding
Aurora’s 3D latent state using Perceiver-style cross-attention blocks.

Positional encoding. A two-dimensional positional encoding is used to account for the spatial position of each token
that enters the Transformer backbone. For an input token of dimension D, the first D/2 dimensions are used for latitude
information while the next D/2 dimensions for longitude information. In contrast to standard positional encodings
used in ViT (Dosovitskiy et al., 2021; Nguyen et al., 2023a), where the coordinate IDs of the patch are used, we use a
geometry-aware positional encoding given by the average latitude and longitude of each patch. We set λmin = 0.01 and
λmax = 720.

Scale encoding. A separate, non-trainable, two-dimensional positional encoding is added to account for the physical
scale of each patch token. Specifically, give a patch with minimum and maximum latitudes ϕ1, ϕ2, and minimum and
maximum longitudes θ1, θ2 (measured in radians), we compute the area of the patch using the formula

A = R2(sinϕ2 − sinϕ1)(θ2 − θ1), (4)

where R = 6371 km is the radius of the Earth. Therefore, patches that originate from a high-resolution input data-set
(e.g., IFS HRES data) will yield small areas, while patches that originate from coarser data-sets (e.g., CAMS) will be
assigned encodings with larger magnitude. We set λmin to a sufficiently small value and λmax to the surface area of the
entire Earth.

Pressure level encoding. Here, we simply encode the value of the atmospheric pressure associated with each level
(e.g., 500 hPa). We set λmin = 0.01 and λmax = 10, 000.

Absolute time encoding. We encode the absolute time associated with a certain input as the number of hours since
January 1, 1970. We set λmin to one hour and λmax to the number of hours in a year. Therefore, this encoding is able to
capture important information such as time of day, time of the week, month of the year, etc..

B.5 Data normalisation

Aurora normalises all variables before processing them in the encoder and unnormalises the output of the decoder to
produce the final predictions. Every surface-level variable and every pressure level of every atmospheric variable is
normalised separately by a spatially constant scale and centre:

Xt
v,i,j,normalised =

Xt
v,i,j − centrev

scalev
. (5)

We collectively call the scales and centres the normalisation statistics. The centres are estimated by the empirical
means computed over the whole ERA5 training data, and the scales are estimated by the empirical standard deviations
computed over the whole ERA5 training data. These normalisation statistics are then used for all datasets. Final
predictions are produced by unnormalising the output of the decoder:

X̂t
v,i,j = scalev · X̂t

v,i,j,normalised + centrev, (6)

where X̂t
v,i,j,normalised = Φ(Xt−1

v,i,j,normalised, X
t−2
v,i,j,normalised) represents the raw, unnormalised output of the decoder.
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B.6 Extensions for 0.1◦ weather forecasting

Due to increase in resolution, it becomes extremely challenging to make a large vision model like Aurora fit in the
available GPU memory. To that, end we perform a few minor modifications to the architecture at finetuning time.

Patch size increase. We increase patch size 2.5×, from 4 (used in pretraining) to 10. Since this corresponds to the
increase in resolution from 0.25◦ to 0.1◦, the spatial resolution of the backbone input remains the same as in pretraining.
Therefore, there is no memory increase in the backbone computations, where most of the parameters reside. To ensure
maximum transfer of skills from pretraining to finetuning, we use a bilinear interpolation to interpolate from the smaller
patch size to the larger patch size and scale the magnitude of the interpolated weights by the ratio of the two patch sizes
in order to preserve the magnitude of the inputs (Beyer et al., 2023). This ensures that the pretrained model can make
reasonable predictions at 0.1◦ even before it is fine-tuned. Ultimately, this also makes fine-tunig significantly faster.

Remove backbone layers. We remove two layers from the two middle stages of the backbone encoder and decoder,
respectively. Thus, the number of layers for all stages becomes (6, 8, 8) for the backbone encoder and (8, 8, 6) for the
backbone deocoder. Since the model is pretrained using stochastic depth, the model is robust to this change and we do
not notice any significant drop in the initial loss before fine-tunning.

B.7 Extensions for air pollution forecasting

In Section 3, we fine-tune Aurora to predict concentrations of air pollutants in addition to a standard collection
of meteorological variables. For the reasons described in Section 3, predicting concentrations of air pollutants is
considerably challenging. We therefore slightly adapt Aurora to better predict these variables. All adaptations are
carefully described in this section.

12-hour model. Some pollutants, such as NO, show clear diurnal cycles (Figure 2a). We therefore fine-tune a version
of Aurora that was pretrained with time step equal to 12 hours instead of 6 hours. A 12-hour model which takes in two
previous time steps can use the state at time t− 24 h to make predictions for time t. The 12-hour model was pretrained
exactly like the 6-hour model, but only for 80.5 k steps, corresponding to roughly a week and a half of training.

Differencing. Since some pollutants show clear diurnal cycles, we build the ability to predict the difference with
respect to a previous state explicitly into the model. Only for the new pollution variables, Aurora explicitly predicts the
difference with respect to either time t− 12 h or time t− 24 h. Variables NO, TC NO, NO2, TC NO2, SO2, TC SO2,
PM1, PM2.5, and PM10 show clear diurnal cycles, so for these variables we predict the difference with respect to time
t− 24 h. For variables CO, TC CO, O3, and TC O3 the behaviour is less clear, so for these variables we predict the
difference with respect to time t− 12 h.

We do not restrict Aurora to necessarily predict the difference. In the decoder, we introduce a modulation factor,
initialised to one, produced by an additional head:

X̂t =
[
Φmod(X

t−1, Xt−2) + 1
]

modulation factor

Xa +Φpred(X
t−1, Xt−2)

delta or direct prediction

(7)

where a is either t− 1 or t− 2, depending on the variable. Φmod and Φpred are two different heads of the decoder, both
initialised to zero. Therefore, at initialisation, Aurora predicts the appropriate persistence prediction only for the new
pollution variables.

Normalisation for concentrations of air pollutants. Normalisation statistics for the new variables are computed over
the whole CAMS reanalysis fine-tuning data. Due to the heterogeneous and skewed nature of air pollution variables,
the empirical standard deviation is not a good estimate of the scale. Instead, for all air pollution variables v, we set
centrev = 0, and estimate scalev by half the spatial maximum averaged over time,

scalev =
1

2
· 1
T

T∑
t=1

max {Xt
v,i,j : i = 1, . . . ,H j = 1, . . . ,W}. (8)

By construction of this normalisation, the normalised air pollution variables will typically be in the range [0, 2].

The normalisation statistics for the air pollution variables are computed over the whole CAMS reanalysis fine-tuning
data (see Table 4). However, these statistics might not optimally match the CAMS analysis fine-tuning data. Based on
some heuristics, we increase scalev for specific v by a specific factor (Table 1) when running Aurora on CAMS.
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Table 1: Heuristic factors to increase scalev by when running Aurora on CAMS analysis data. The normalisation statistics were
computed on CAMS reanalysis data. These factors intend to very roughly account for the difference in distribution between CAMS
analysis and CAMS reanalysis.

Variable Pressure level Factor

PM1 2
NO 50 hPa 3
NO 500 hPa 4
NO 600 hPa 10
NO 700 hPa 4
NO2 50 hPa 3
SO2 200 hPa 2
SO2 250 hPa 3
SO2 300 hPa 5
SO2 400 hPa 10
SO2 500 hPa 14
SO2 600 hPa 9

Transformation of concentration variables. Variables which are concentration values have a large dynamic range
by exhibiting important structure on varying orders of magnitude. Including these variables without any modification
makes the network sensitive to high-magnitude values (spikes) and insensitive to low-magnitude values. The usual
solution is to use the logarithm of these variables. However, including the logarithm of positive variables makes the
network overly sensitive to extremely-low-magnitude values (e.g., zero becomes negative infinity). We therefore include
a linear combination of the original variable x and log(x) which clips away the weaknesses of x and log(x):

xtransformed = c1 min(x, 2.5) + c2
log(max(x, 10−4))− log(10−4)

log(10−4)
, (9)

where c1 and c2 are initialised to 1
2 . The particular constants in the above transformation assume that V is normalised

to usually be in the range [0, 2]. For 10−4 ≤ x ≤ 2.5, which is the most interesting range, xtransformed depends both
on x, which is sensitive to normal-magnitude values, and on log(x), which is sensitive to low-magnitude values. For
x ≥ 2.5, min(x, 2.5) clips x to 2.5, so xtransformed then only depends on x through log(x). For x ≤ 10−4, the c2-term is
zero exactly, so xtransformed then only depends on x through x.

Additional static variables. To help Aurora better understand diurnal cycles and human behaviour, we extend the
static variables to include the time of day (normalised to [0, 1)), the day of week (normalised to [0, 1)), and the day of
the year (divided by 365.25). These normalised values x are included as two constant masks cos(2πx) and sin(2πx).
We also include more pollution-related static variables: the monthly average anthropogenic emissions in the year 2019
summed across all industries for (1) ammonia, (2) CO, (3) the sum of NO and NO2, and (4) SO2. These monthly
averages x are included in two forms: as

x

max(x)
and

[
log
(
max

( x

max(x)
, 10−10

))
− log(10−10)

]
/10. (10)

The monthly averages can be downloaded from CAMS global emission inventories at https://ads.atmosphere.
copernicus.eu/cdsapp#!/dataset/cams-global-emission-inventories and are regridded to the resolution
of CAMS analysis data. In total, there are 3 · 2 + 4 · 2 = 14 additional static variables.

Finally, whereas Aurora originally only includes the static variables as additional surface-level variables, we now also
include them as additional atmospheric variables by replicating them for every pressure level.

Variable-specific clipping. SO2 at 850 hPa and above tends to be particularly spikey. To help stabilise roll-outs,
during and after LoRA roll-out fine-tuning, we clip the predictions only for SO2 at 850 hPa and above at 1. This
clipping happens before unnormalisation.

Patch size decrease. The lower resolution of CAMS analysis data (0.4◦ instead of 0.25◦) allows us to use a smaller
patch size of 3 instead of patch size 4. To ensure maximum transfer, we initialise the size 3 patches following the
procedure described in Supplementary B.6.

24

https://ads.atmosphere.copernicus.eu/cdsapp#!/dataset/cams-global-emission-inventories
https://ads.atmosphere.copernicus.eu/cdsapp#!/dataset/cams-global-emission-inventories


Aurora: A Foundation Model of the Atmosphere (Supplementary Material)

Table 2: The three Aurora model configurations used for the model scaling experiments in section Section 5.

Model size Backbone enc layers Backbone dec layers Embed dim Attention head dim Perceiver heads

117M (2, 6, 2) (2, 6, 2) 256 64 8
660M (6, 8, 8) (6, 8, 8) 384 64 12
1.3B (6, 10, 8) (8, 10, 6) 512 64 16

Pressure-level-specific patch embeddings. Near the surface, air pollution variables are strongly affected by human
behaviour. However, near the top of the atmosphere, air pollution variables evolve according to complicated atmospheric
chemistry dynamics. To deal with the increased variety of behaviours across pressure levels for the atmospheric variables,
we make the patch embeddings in the 3D Perceiver encoder and the patch reconstructions in the 3D Perceiver decoder
dependent on the pressure level. The pressure-level-dependent patches are initialised with existing pressure-level-
independent patches wherever possible and otherwise with uniform random values on the encoder side and with zeros
on the decoder side.

Additional 3D Perceiver decoder. To help Aurora with the difference in behaviour between meteorological and air
pollution variables, we use a separate 3D Perceiver decoder for the air pollution variables. This separate 3D Perceiver
decoder is initialised to the one learned during pretraining.

32-bit floating point computation. To better handle low-magnitude values, all computations before and after the
backbone are performed in float32. The backbone operates in bf16 mixed precision mode.

B.8 Model hyperparameters and configurations

The 1.3B parameter Aurora model which we use in the main experiments instantiates the architecture as follows. The
embedding dimension in the encoder and first stage of the U-Net backbone is 512. This dimension doubles at every
subsequent stage of the backbone. The number of attention heads in the backbone is selected such that the embedding
dimension per head is 64 throughout the backbone. Due to the concatenation at the end of the backbone, the embedding
dimension in the decoder is 1024. In the Perceiver layers of the encoder and decoder, we use an increased number of
cross-attention heads (16), in order to give the model fine-grained control over how the latent state of the atmosphere is
constructed.

For the model scaling experiment in section Section 5, we instantiate smaller versions of this model by reducing
the number of backbone layers, the embedding dimension and the number of (cross) attention heads, while always
preserving the attention head dimension of 64 (Table 2).

C Datasets

We use several different datasets throughout our experiments with Aurora. This section provides a detailed inventory of
all these datasets and the various details behind them.

C.1 Types of datasets

The datasets used in the paper can be classified in five categories: analysis, reanalysis, forecast, reforecast and climate
simulation datasets. Reanalysis is generated by using a fixed numerical model and data assimilation scheme to recreate
a best-guess approximation of observed weather on a 3D grid. The numerical model is needed to estimate weather
parameters that are not directly observed. Such reanalyses include an assimilation of real observations from time-points
forward in time from the frame of interest. However, to initialize operational NWP forecasts, a best-guess state must
be provided with incorporation of observations at run time – these are operational analyses, resulting in operational
forecasts.

In addition, one can make after-the-fact reforecasts using reanalysis as an initial condition, but since these initialisation
values would not be available when making a true forecast, and since they, in effect, ‘cheat’ by assimilating observational
data from the future, these are not representative of realistic forecast settings, but do serve to indicate how NWP models
would have predicted the weather if they had access to the best possible global state at initialisation time. Finally,
climate simulations model the physics, chemistry and biology of the atmosphere to generate potential climate scenarios
under different forcing factors (e.g. various emission levels).
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C.2 Dataset Inventory

We enumerate all the datasets used in the paper below. Unless otherwise specified, we use the 13 pressure levels from
WeatherBench2 (Rasp et al., 2024): 50, 100, 150, 200, 250, 300, 400, 500, 600, 700, 850, 925, 1000.

• ERA5 (Hersbach et al., 2018a,b) is a global reanalysis dataset from ECMWF for weather and climate. Since
reanalysis data combines observational data with simulation data, it provides the best estimate we have of the
total state of the weather at 0.25◦.

• HRES Forecasts (ECMWF, 2024a) refers to the high-resolution version of the operational NWP forecasting
model run by ECMWF. It is considered to be the most accurate NWP forecasting model and it runs at
0.1◦resolution. We use it both at its native resolution and regrided to 0.25◦.

• HRES-T0 "Analysis" provides the initial conditions used to initialise the HRES forecasts and it is often
considered as the ground truth against which to evaluate the quality of the forecasts (Rasp et al., 2024).

• HRES Analysis represents the official analysis product of ECWMF and it contains an additional assimilation
step on top of HRES-T0. In this sense, it provides a slightly more accurate source of truth.

• IFS ENS (ECMWF, 2024b) is the ensemble version of IFS, with 50 members run at a slightly coarser
resolution of 18 km (prior to June 27 2023, after which the resolution increased to 9 km with model cycle
48R1). The 50 ensemble members are generated with perturbed initial conditions and stochastic model physics
within the IFS model. We use the dataset from the WeatherBench2 repository (Rasp et al., 2024), where there
are only 3 pressure levels: 500, 700, 850.

• IFS ENS mean contains the mean predictions for each variable based on IFS ENS. It is provided by Weather-
Bench2 (Rasp et al., 2024) and contains the same 3 pressure levels.

• GFS Forecast (NOAA, 2024a) provides operational forecasts with a base resolution of 18 km. Here we use the
data re-gridded to 0.25◦. The zero time (initialisation) of these forecasts is the real-time operational analysis,
derived analogously to IFS-HRES zero time.

• GFS-T0 Analysis (NOAA, 2024a) refers to the real-time operational analysis, obtained from the zero time
(initialisation) of the GFS forecasts.

• GEFS Reforecast (NOAA, 2024b) is based on 21 ensemble members to address underlying uncertainties in
the input data such limited coverage, instruments or observing systems biases, as well as the limitations of the
model itself. In practice, such large quantities of data are only archived for a few preceding months. Therefore,
we use the reforecast data, spanning 2000-2019, initialised with reanalysis initial conditions at 00 UTC each
day. In this setting, there are only five ensemble members, all of which are included. GEFS has 6 pressure
levels, we use 3 that line up with those from WeatherBench2: 850, 925, 1000.

• CMIP6 is a climate model inter-comparison project, combining various climate modeling experiments, which
include land, sea, atmosphere, and aerosol variables. We have two datasets from CMIP6: CMCC-CM2-
VHR4 (Scoccimarro et al., 2018) and ECMWF-IFS-HR (ECMWF, 2022), which each have 7 pressure levels:
50, 250, 500, 600, 700, 850, 925.

• MERRA-2 (GMAO, 2022) is an atmospheric reanalysis dataset from NASA’S Global Modeling and Assimila-
tion Office, incorporating space-based observations of aerosols.

• CAMS (ECMWF, 2024c) refers to analysis and forecast data from the Copernicus Atmospheric Monitoring
Service. The data has 0.4◦ resolution and includes meteorological variables as well as variables describing the
composition of the atmosphere, such as concentrations of air pollutants. CAMS undergoes frequent model
updates.

• CAMSRA (Inness et al., 2019) refers to the fourth generation ECMWF global reanalysis of atmospheric
composition (EAC4) from the Copernicus Atmospheric Monitoring Service (Inness et al., 2024). The data
has 0.75◦ resolution and, like CAMS, includes meteorological and variables as well as variables describing
the composition of the atmosphere. However, unlike CAMS, CAMSRA is produced with a single, albeit
considerably older, IFS model cycle: CY42R1. Because the resolution is coarser the model cycle is so much
older, CAMSRA is considered to be less accurate than recent CAMS data; a quantitive comparison of CAMS
and CAMRA against station observations can be found at https://aeroval.met.no/.

Collectively, these data sources open different windows onto the underlying atmospheric dynamics, and expose Aurora to
different factors that reflect variability with respect to initial conditions, model parametrizations, and chaotic dynamics.

In Table 3, Table 4, and Table 5, we detail the dataset details used for pretraining, fine-tuning, and evaluating Aurora,
respectively.
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Table 3: Summary of the 10 datasets used to pretrain the different Aurora configurations presented in this work.
Pretraining Datasets

Name Resolution Timeframe Surface
Variables

Atmospheric
Variables

Num
levels Size (TB) Num

frames

ERA5 0.25◦× 0.25◦ 1979-2020 2T, U10, V10, MSL U, V, T, Q, Z 13 105.43 367,920
HRES-0.25 0.25◦× 0.25◦ 2016-2020 2T, U10, V10, MSL U, V, T, Q, Z 13 42.88 149,650
IFS-ENS-0.25 0.25◦× 0.25◦ 2018-2020 2T, U10, V10, MSL U, V, T, Q, Z 3 518.41 6,570,000
GFS Forecast 0.25◦× 0.25◦ 2015-2020 2T, U10, V10, MSL U, V, T, Q, Z 13 130.39 560,640
GFS Analysis 0.25◦× 0.25◦ 2015-2020 2T, U10, V10, MSL U, V, T, Q, Z 13 2.04 8,760
GEFS Reforecast 0.25◦× 0.25◦ 2000-2019 2T, MSL U, V, T, Q, Z 3 194.02 2,920,000
CMCC-CM2-VHR4 0.25◦× 0.25◦ 1950-2014 2T, U10, V10, MSL U, V, T, Q 7 12.6 94,900
ECMWF-IFS-HR 0.45◦× 0.45◦ 1950-2014 2T, U10, V10, MSL U, V, T, Q 7 3.89 94,900
MERRA-2 0.625◦× 0.5◦ 1980-2022 2T, U10, V10, MSL U, V, T, Q 13 5.85 125,560
IFS-ENS-Mean 0.25◦× 0.25◦ 2018-2022 2T, U10, V10, MSL U, V, T, Q, Z 3 10.37 131,400

Total 1,219.91 11,023,730

Table 4: Summary of the datasets used to fine-tune the different Aurora experiments presented in this work.
Fine-tuning Datasets

Name Resolution Timeframe Surface
Variables

Atmospheric
Variables

Num
levels Size (TB) Num

frames

HRES-0.25 0.25◦× 0.25◦ 2016-2021 2T, U10, V10, MSL U, V, T, Q, Z 13 51.46 179,580

HRES-0.1 0.10◦× 0.10◦ 2016-2022 2T, U10, V10, MSL U, V, T, Q, Z 13 18.29 10,220

CAMSRA 0.75◦× 0.75◦ 2003-2021

2T, U10, V10, MSL,
TC CO, TC NO, TC NO2,

TC SO2, TC O3, PM1,
PM2.5, PM10

U, V, T, Q, Z,
CO, NO, NO2,

SO2, O3

13 3.64 55,480

CAMS Analysis 0.40◦× 0.40◦ Oct 2017-
May 2022

2T, U10, V10, MSL,
TC CO, TC NO, TC NO2,

TC SO2, TC O3, PM1,
PM2.5, PM10

U, V, T, Q, Z,
CO, NO, NO2,

SO2, O3

13 0.79 3,408

C.3 Training, validation, and test splits

For validation while pretraining, we use one year of IFS HRES at 0.25◦resolution: 2020. Our test years are 2022 and
2023, depending on the dataset. Details of dataset splits can be found in Table 3, Table 4, and Table 5.

Motivation for CAMS analysis train–test split. CAMS undergoes frequent updates that dramatically affect the data
distribution. Particularly notable are the updates in Sep 2017, when an issue was fixed that caused PM2.5 and PM10 to
be zero; July 2019, when the vertical resolution was increased; May 2021, which significantly alters the behaviour
of the PMs; Dec 2022, which alters the background error covariances and significantly alters the distribution of the
data; and June 2023, when CAMS is updated to the latest cycle C48R1 and is officially included as a chapter in the
IFS documentation (European Centre for Medium-Range Weather Forecasts, 2023b). Note that there were many more
updates, but the mentioned ones were observed to be the most significant. Between these updates, the period May 2021
to Nov 2022 inclusive appears to be the most stable period. From this period, we use the last five months, Jun 2022
to Nov 2022 inclusive, for testing; and we include the first twelve months, Jun 2021 to May 2022 inclusive, in the
fine-tuning data. We additionally include in the fine-tuning data all data going back to Oct 2017, when the issue where
PM2.5 and PM10 were zero was fixed.

D Training methods

The overall training procedure is composed of three stages: (1) pretraining, (2) short-lead-time fine-tuning, (3) rollout
fine-tuning. We describe each of these stages in detail in the following subsections.
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Table 5: Summary of the datasets used to evaluate the different Aurora experiments presented in this work.
Evaluation Datasets

Name Resolution Timeframe Surface
Variables

Atmospheric
Variables

Num
levels Size (TB) Num

frames

HRES-0.25 0.25◦× 0.25◦ 2022 2T, U10, V10, MSL U, V, T, Q, Z 13 8.58 29,930

HRES-0.1 0.10◦× 0.10◦ 2023 2T, U10, V10, MSL U, V, T, Q, Z 13 2.61 1460

CAMS Analysis 0.40◦× 0.40◦ June 2022-
Nov 2022

2T, U10, V10, MSL,
TC CO, TC NO, TC NO2,

TC SO2, TC O3, PM1,
PM2.5, PM10

U, V, T, Q, Z,
CO, NO, NO2,

SO2, O3

13 0.08 366

D.1 Training objective

Throughout pretraining and fine-tuning, we use the mean absolute error (MAE) as our training objective L(X̂t, Xt).
Decomposing the predicted state X̂t and ground-truth state Xt into surface-level variables and atmospheric variables,
X̂t = (Ŝt, Ât) and Xt = (St, At) (Supplementary A), the loss can be written as

L(X̂t, Xt) =
γ

VS + VA

[
α

(
VS∑
k=1

wS
k

H ×W

H∑
i=1

W∑
j=1

|Ŝt
k,i,j − St

k,i,j |

)

+ β

(
VA∑
k=1

1

C ×H ×W

C∑
c=1

wA
k,c

H∑
i=1

W∑
j=1

|Ât
k,c,i,j −At

k,c,i,j |

)]
, (11)

where wS
k denotes the weight associated with surface-level variable k and wA

k,c denotes the weight associated with
atmospheric variable k at pressure level c. The overall surface loss is weighted by α = 1

4 , while the overall atmospheric
loss is weighted by β = 1. Finally, the entire loss for a particular example is weighted by a dataset weight γ, which
allows us to upweight the datasets with higher fidelity like ERA5 and GFS-T0. Specifically, we use γERA5 = 2.0,
γGFS-T0 = 1.5, and set the rest of the dataset weights to 1. When training, we minimise the expected value of this loss
computed over a mini-batch of samples.

Variable weighting for pretraining. During pretraining, we set wS
MSL = 1.5, wS

10U = 0.77, wS
10V = 0.66, and

wS
2T = 3.0. For the atmospheric variables, for all pressure levels c, we set wA

Z,c = 2.8, wA
Q,c = 0.78, wA

T,c = 1.7,
wA

U,c = 0.87, and wA
V,c = 0.6. The weights are chosen to balance the losses of the individual variables and have been

inspired by the weights used by Bi et al. (2023).

Variable weighting for concentrations of air pollutants. Air pollutants are extremely sparse. To balance these
variables with the meteorological variables, we require a radically different approach. For the air pollution variables, we
will engineer the weights in a way that the per-variable normalised MAE is roughly one.

To begin with, for all air pollution variables, we compute the MAE for the persistence prediction of 12 h or 24 h, de-
pending on whether the model predicts the difference with respect to the state 12 h ago or 24 h ago (Supplementary B.7).
These persistence errors are computed on CAMS reanalysis data. We then set

wS
v =

scalev
persistence MAEv

, wA
v,c =

scalev,c
persistence MAEv,c

. (12)

Intuitively, multiplication by the scale first undoes the data normalisation and then dividing by the persistence MAE
brings the normalised MAE to roughly one.

Variable weighting for IFS analysis fine-tuning. During fine-tuning on IFS analysis 0.25◦ and 0.1◦-resolution
data, we slightly adjust the pretraining weights. For the surface-level variables, we set wS

MSL = 1.6, wS
10U = 0.77,

wS
10V = 0.66, and wS

2T = 3.5. For the atmospheric variables, for all pressure levels c, we set wA
Z,c = 3.5, wA

Q,c = 0.8,
wA

T,c = 1.7, wA
U,c = 0.87,and wA

V,c = 0.6.
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D.2 Pretraining methods

All models are pretrained for 150 k steps on 32 GPUs, with a batch size of one per GPU. We use a (half) cosine decay
with a linear warm-up from zero for 1 k steps. The base learning rate is 5e−4, which the schedule reduces by a factor
10× at the end of training. The optimizer we use is AdamW (Loshchilov and Hutter, 2019). We set the weight decay of
AdamW to 5e−6. The only other form of regularisation we use is drop path (i.e., stochastic depth) (Larsson et al.,
2017), with the drop probability set to 0.2. To make the model fit in memory, we use activation checkpointing for
the backbone layers and we shard all the model gradients across the GPUs. The model is trained using bf16 mixed
precision.

12-hour model. The 12-hour model, used in the air pollution experiments, was trained in exactly the same setting,
but only for 80.5 k steps.

D.3 Short lead-time finetuning

For each task we wish to adapt the pretrained Aurora model to, we start by fine-tuning the entire architecture through
one or two roll-out steps (depending on the task and its memory constraints). In all cases, we use a task-dependent
hyperparameter selection, which we describe below.

HRES 0.25◦ Analysis. We fine-tune the weights of the entire model for 8 k training steps across 8 GPUs, with a batch
size of 1 per GPU. At each iteration, we perform two roll-out steps and backpropagate through both of these steps. The
model is optimised to minimise the MAE loss averaged across both rollout steps. For this regime, we use a 1k step
learning rate warm-up, followed by a constant learning rate of 5e−5. We use the same weight decay as in pretraining
and disable drop path. To ensure the model fits in memory for two rollout steps, we also use activation checkpointing
for the encoder and the decoder, along with gradient sharding as in pretraining.

HRES 0.1◦ Analysis. We fine-tune the weights of the entire model for 12.5k steps across 8 GPUs, with a batch size
of 1 per GPU. Due to the increased memory constraints at this higher resolution, we train the model only through a
single step prediction. We use a 1k step learning rate warm-up, followed by a constant learning rate of 2e−4. We set
the weight decay to zero and disable drop path. To accommodate the higher memory requirements, we use activation
checkpointing for all the layers of the model and use sharding for the weights and gradients.

CAMS 0.4◦ Analysis. By the high learning rate, we mean 1e−3 for the encoder patch embeddings of only the new
pollution variables and 1e−4 for the rest of the the network. By the low learning rate, we mean 1e−4 for the encoder
patch embeddings of only the new pollution variables and 1e−4 for the rest of the network. We train with single-step
prediction, 12 h in this case, and the batch size is fixed to 1 per GPU. We use a linear warmup of 100 steps from zero,
but we do not use a learning rate schedule after that. We also use no weight decay, disable drop path, use activation
checkpointing for all the layers of the model, and use sharding for the weights and gradients.

Fine-tuning on CAMS analysis data proceeds in two steps. In the first step, we fine-tune on CAMS reanalysis data
using 16 GPUs for 22 k steps at the high learning rate and then for 14.5 k steps at the low learning rate. To ensure
maximum transfer from the CAMS reanalysis data to the CAMS analysis data, the CAMS reanalysis data is regridded
to the resolution of CAMS analysis data, 0.4◦. In the second step, we fine-tune on CAMS analysis data using 8 GPUs
for 7.5 k steps at the high learning rate and finally for 5.5 k steps at the low learning rate. The final model is fine-tuned
for 49.5 k steps in total.

D.4 Roll-out fine-tuning

To ensure long-term multi-step dynamics, AI models typically fine-tune the model specifically for rollouts. Backpropa-
gating through the auto-regressive rollouts for a large number of steps is unfeasible for a 1.3B parameter model such as
Aurora. This is particularly true at 0.1◦ resolution, where even a single step rollout is close to the memory limit of an
A100 GPU with 80GB of memory.

To take advantage of the large size of the model and the fact that it can be easily adapted, for rollout finetuning we use
Low Rank Adaption (LoRA) (Hu et al., 2021) layers for all the linear layers involved in the self-attention operations of
the backbone. That is, for each linear transformation W involved in the Swin self-attention layers, we learn low-rank
matrices A,B to modulate the outputs of W for an input x via Wx+BAx. For more details, see Hu et al. (2021).

Furthermore, to avoid any memory increases compared to single-step fine-tuning, we use the “pushforward trick”
introduced in Brandstetter et al. (2022), where gradients are propagated only through the last roll-out step. However, to
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Sample Training Example

Backprop and add prediction at time T with 
target at time T + 1 as new training sample  

DATASET

Sample training example and 
add to buffer every K steps

Figure 9: Diagram of the Rollout finetuning procedure. The replay buffer is initially populated with samples from the dataset. At
each fine-tuning step, the model fetches a training sample from the replay buffer, performs a training step, and then it adds this new
prediction (together with its next step target from the dataset) to the replay buffer. Every K steps, the replay buffer is refreshed with a
new training sample from the dataset. Since the replay buffer is generally much smaller than the dataset size, this ensures that enough
samples from the dataset are seen. Overall, this procedure allows the model to train fast on an evolving distribution of auto-regressive
rollout steps coming from a mixture of model versions. This avoids the need to run expensive rollout procedures at each step.

avoid delays with generating long roll-outs on each training step, we run this at scale by using an in-memory replay
buffer, similarly to how it is used in deep reinforcement learning (Lin, 1992; Mnih et al., 2015) (Figure 9). At each
training step, the model samples an initial condition from the replay buffer, computes a prediction at the next time step,
and then adds this prediction back to the replay buffer. Periodically, fresh initial conditions are fetched from dataset and
added to the replay buffer (the dataset sampling period). This procedure allows the model to train at all roll-out steps
without extra memory or speed penalties.

HRES 0.25◦ Analysis. We use 20 GPUs with a buffer size of 200 on each GPU to fine-tune the LoRA layers for 13 k
steps. This results in a total replay buffer size of 4000 samples. We use a dataset sampling period of 10. To ensure the
model learns to predict the early steps well before predicting at later steps, we use a schedule, where for the first 5 k
steps, we only keep in the buffer predictions up to 4 days ahead. The 4-10 days lead times are allowed in the buffer only
after 5 k. We use a constant learning rate of 5e−5.

HRES 0.1◦ Analysis. Since the 0.1◦ data is 6.25× larger than 0.25◦ data, we use 32 GPUs with a buffer size of 20 on
each GPU, the maximum we can fit in the CPU memory of each node (i.e. 880GB). We use a dataset sampling period
of 10. We train the LoRA weights of the model for 6.25 k steps. We use a constant learning rate of 5e−5.

CAMS 0.4◦ Analysis. We use 16 GPUs with a buffer size of 200 on each GPU and a dataset sampling period of 10.
We train the LoRA weights of the model for 6.5 k steps, and use a constant learning rate of 5e−5.

E Data infrastructure

Dataloading represented one of the major technical challenges when training Aurora. First, due to the sheer size of
one datapoint (close to 2GB for 0.1◦ data), loading the data efficiently on the GPUs becomes extremely challenging.
Second, training Aurora on many heterogeneous datasets with different resolutions, variables, and pressure levels,
makes the task even more difficult as batching together samples from different datasets becomes nontrivial and the
workload of the GPUs must be balanced. In what follows, we describe the data storage and dataloading infrastruture we
built to handle these two problems.

Data storage and preprocessing. Because of the large size of the datasets, the data cannot be stored locally, so must
be stored with a cloud solution. We use Azure’s blob storage. To ensure that data can be efficiently downloaded from
blob storage, we perform several optimizations in how the data is stored:

1. Collocate data and compute to minimise latency and costs.
2. To make sure that a worker does not have to download a lot more data than necessary to access a given sample

from the dataset, we store each dataset into small chunks/files, containing one or just a few samples. This is
particularly necessary as many datasets store in their raw form a month of data (or more) into a single file.

3. For large datasets (like ERA5), we compress the files in order to minimise network bandwidth when down-
loading samples.

4. For large datasets, we also make sure that all the variables at a given timestep are stored in the same file. This
minimises the number of concurrent file downloads that have to be performed to fetch one sample.
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Figure 10: Overview of the multi-source dataloader. Each dataset produces a stream of lightweight BatchGenerator objects. The
streams are combined, shuffled, and sharded across GPUs. After sharding, each GPU receives a fraction of the BatchGenerator
objects, which are then unpacked. This step performs the expensive procedures like downloading the data associated with the object
from Azure blob storage. This procedure ensures that only samples from the same together are batched together and provides the
flexibility to perform custom per-dataset operations.

Data loading. To load heterogoenous data efficiently, we have developed an advanced multi-source data loading
pipeline that can satisfy these requirements (Figure 10). Each dataset is instantiated by a yaml config specifying how
the data from that dataset should be loaded (e.g., dataset location, what lead time should be used, the number of past
steps to be supplied as input, etc.). Then, each dataset generates a stream of BatchGenerator objects. These are
lightweight objects containing the necessary metadata (e.g., file paths) to download and generate at least one batch from
the associated dataset. The streams of BatchGenerator objects from all the datasets are combined into one stream
via sampling, which allows us to adjust the relative proportions of the datasets within each epoch. This is followed
by shuffling all the BatchGenerator objects and sharding them across GPUs. Up to sharding, all these lightweight
operations are run identically on all the GPUs using the same random seeds.

The expensive operations of the dataloading pipeline follow the sharding. The BatchGenerator objects sent to each
GPU are unpacked into actual batches of data that can be used for training and inference. This unpacking process,
consists of a series of sequential transformations that are specific to each dataset and the particular way it instantiates
its BatchGenerator objects. In general, the sequence of transformation includes: downloading some (compressed)
dataset files, decompressing them, reading the data from the files, generating the samples, mapping the variable names
to a canonical set of names, performing data checks (e.g., handling NaNs), batching, and, finally, loading batches to
device. Additionally, all these operations are performed across multiple workers.

This dataloading pipeline is able to enable efficient training on multiple heterogeneous datasets. Because only samples
from the same dataset are batched together, performing batched computations becomes easy and does not impose any
additional constraints on the model. Furthermore, since samples from different datasets have different sizes, one can
use bigger batch sizes for the smaller datasets and smaller batch sizes for the bigger datasets to balance the workloads
across GPUs/workers.

Finally, we note that the simpler problem of training ViTs on multi-resolution images has also been tackled by Dehghani
et al. (2023). Their proposed solution is to solve the issue at the model layer by concatenating tokens from different
images and using masking to prevent tokens from different images to communicate during self-attention operations.
However, their approach imposes a constraint on the model architecture and it is more difficult to implement in the
context of more sophisticated ViT architectures like the Swin Transformer. Furthermore, masked self-attention, even if
implemented with sparse matrix multiplications, is not able to achieve the expected theoretical performance due to the
lack of semi-structured sparsity support on current hardware. Therefore, the advantage of our dataloading pipeline is
that it is simple and allows the freedom to experiment on the model architecture side.

F Verification methods

F.1 Main evaluation metrics

The main metrics we use to measure the performance of Aurora against other methods are the root mean square error
(RMSE) and the anomaly correlation coefficient (ACC). Because the variables and targets live on a non-uniform grid,
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these metrics use a latitude weighting,

w(i) =
cos(lat(i))

1
H

∑H
i′=1 cos(lat(i′))

, (13)

which downweights smaller cells (closer to the poles) and upweights bigger cells (closer to the equator). The weights
are also normalised to unit mean. While various versions of this weighting are used in practice, the form used here is
the one from Rasp et al. (2020).

Root mean square error (RMSE). The latitude-weighted RMSE measures the magnitude of the errors between the
predictions and the ground truth. It is given by
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2, (14)

where t indexes over the sample datasets, i, j index over the latitude and longitude of each image, and w(i) is the
latitude weighting factor.

Anomaly correlation coefficient (ACC). The ACC measures the correlation between the deviation of the prediction
and the ground truth from the daily climatology (i.e., the daily mean of a variable for that day of the year). It takes the
form
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where Ct
i,j is the daily climatology for location i, j for the day of the year corresponding to time t. Our daily climatology

is computed based on the climatology provided by Rasp et al. (2024).

F.2 Extreme weather metrics

Thresholded RMSE. The thresholded RMSE measures the magnitude of the errors between the predictions and the
ground truth. However, here an additional threshold is applied to indicate which latitude-longitude gridpoints should be
included in the sum. This can we written as:

RMSEg =
1

T

T∑
t=1

√√√√ H∑
i=1

W∑
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i,j (X̂

t
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2, (16)

where, in the case of computing RMSEs above a threshold, the weighting factor is now defined by:

w̃g,t
i,j =

1(Xt
i,j > bgi,j)w(i)∑H

i=1

∑W
j=1 1(X

g
i,j > bgi,j)w(i)

. (17)

For the right-sided thresholds (plotted on the right side of the relevant plots). For the left-sided thresholds this is instead
defined by:

w̃g,t
i,j =

1(Xt
i,j < bgi,j)w(i)∑H

i=1

∑W
j=1 1(X

g
i,j < bgi,j)w(i)

. (18)

This incorporates the threshold b defined as:

bi,j = µi,j + g · σi,j , (19)

using the mean and standard deviation of the ERA5 reanalysis data over all training years, computed for each latitude-
longitude point i, j. Here, g is a factor that is varied linearly for both positive and negative values and is used to obtain
the thresholded RMSEs at a number of points, and in the figures we plot the resulting curves. The latitude weighting
factor w(i) is as defined above. The value is computed for every example frame, and it is this set of values sampled
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with replacement to bootstrap 95% confidence intervals by recomputing Equation (16). For g > 0, we plot RMSEg

computed using Equation (17), and for g < 0 we plot RMSEg computed using Equation (18).

The plots show a discontinuity at zero; this is merely due to the lower or upper half of the right-hand or left-hand
side curve, respectively, not being shown to prevent over-crowding. However, it is important to point out that
RMSEg is directly comparable to RMSE, and that these checks were performed. Specifically, RMSEg computed
using Equation (18) follows RMSEg → RMSE as g → ∞, while RMSEg computed using Equation (17) follows
RMSEg → RMSE as g → −∞.

G Additional results

In this section, we present numerous supplementary results.

G.1 Effects of data diversity

In addition to the data scaling analysis in Section 5, here we examine with higher granularity the effects of increasing
data diversity across all variables and levels. Besides the four dataset configurations C1-C4 discussed in the main body,
we also consider here an even bigger dataset configuration based on all the datasets described in Table 3, which we label
as C5. This latter configuration contains all the datasets included in C3 and additionally Merra-2, GFS-T0 Analysis,
GFS Forecasts and GEFS Reforecasts. We evaluated all these pretrained jobs both on ERA5 2021 (Figure 11) and
HRES-T0 Analysis 2022 (Figure 12). No further fine-tuning was performed after the pretraining.

On ERA5, we observe that the trend described in Section 5 holds across all the individual atmospheric variables. C2
improves over C1 almost universally, C3 improves further over C2 on most atmospheric variables for those levels that
are covered by the IFS-ENS and IFS-ENS-Mean datasets (which are the biggest datasets in C3). Similarly, C4 improves
over C2, as expected due to the inclusion relationship between them. Furthermore, C4 also generally performs better
than C3.

Perhaps surprisingly, we notice that C5, which is a superset of all the other configurations, does not perform as well as
other configurations and often does worse than the ERA5 job. There are couple of potential hypothesis behind this.
A first possibility is that some of the newly introduced datasets in C5 do not align well with the evaluation dataset
(ERA5). For instance, Merra-2 is the lowest resolution dataset in the entire pretraining mix and its addition might harm
performance on a high resolution dataset like ERA5. At the same time, the GEFS Reforecast dataset only includes
three levels in the lower part of the atmosphere (850, 925, 1000 hPa), so it does not provide a good coverage of the
atmosphere. A second possibility is that adding such a large amount of data likely requires significantly more training
than 150k steps to yield good performance.

On HRES-T0 2022 Analysis, the trend on the surface variabes looks looks similar to ERA5, with the exception of 2T.
Since IFS-T0 Analysis is missing an extra assimilation step for the surface, 2T exhibits different biases compared to
2T on ERA5. Therefore, adding any kind of IFS forecast data in pretraining helps alleviate this distribution mismatch
and leads to massive improvements. In terms of the atmosphere, performance also generally improves across most
variables with the addition of more data, but the order of the configurations fluctuates more. One interesting case is
specific humidity (Q), where for unknown reasons, C3 and C4 perform significantly worse than the ERA5-pretrained
model on some levels. This could be a potential explanation for why Aurora performs slightly worse than GraphCast at
certain lead times and levels of Q in the scorecard from Figure 5a.

Finally, we note that on both test datasets, the biggest improvements from additional data on the atmospheric variables
are obtained on the geopotential (Z). This is likely explained by the fact that the physical equations describing the
evolution of the geopotential are well-understood and, therefore, the NWP-simulations we added in pretraining provide
very high-quality data for this variable. Interestingly, the geopotential also improves universally on C2, despite being
absent from the new datasets in this configuration. This demonstrates the ability of the model to learn useful patterns
even from incomplete variable sets.
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Figure 11: Effects of data scaling measured vs ERA5 2021 across five dataset configurations. The top part of the figure shows
aggregate RMSE per level normalised by the performance of the ERA5 pretrained model. The bottom part shows performance across
all the individual atmospheric variables and levels.
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Figure 12: Effects of data scaling measured vs HRES-T0 Analysis 2022 across five dataset configurations. The top part of the figure
shows aggregate RMSE per level normalised by the performance of the ERA5 pretrained model. The bottom part shows performance
across all the individual atmospheric variables and levels.
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Figure 13: Scorecard of Aurora 0.25◦ versus HRES 0.25◦. Despite significantly improving versus GraphCast in the higher
atmosphere, Aurora is also worse than HRES at the top of the atmosphere. However, Aurora generally outperforms HRES on other
levels.

G.2 Comparison against operational IFS-HRES and GraphCast at 0.25◦ resolution

To expand upon the evaluation of Aurora at 0.25◦, we include a scorecard comparison with HRES 0.25◦ in Figure 13.
Aurora largely outperforms HRES, but despite its improvements in the upper atmosphere compared to GraphCast, it
still performs worse than HRES at the top of the atmosphere.

For a more granular comparison with HRES, we include additional rollout plots comparing Aurora with GraphCast
along the following axis: RMSEs in the lower atmosphere (Figure 14), ACCs in the lower atmosphere (Figure 15),
RMSEs in the upper atmosphere (Figure 16), ACCs in the upper atmosphere (Figure 17), and RMSEs for the headline
metrics (Figure 18).
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Figure 14: Root mean square error (RMSE) of Aurora 0.25◦ compared to GraphCast in the lower atmosphere. Shows both
unnormalised and normalised RMSEs.
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Figure 15: Anomaly correlation coefficient (ACC) of Aurora 0.25◦ compared to GraphCast in the lower atmosphere. Show both
unnormalised and normalised ACCs.

38



Aurora: A Foundation Model of the Atmosphere (Supplementary Material)

0 1 2 3 4 5 6 7 8 9 10
0.00
0.02
0.04
0.06
0.08
0.10

mg kg 1

RM
SE

Q 50 hPa

0 1 2 3 4 5 6 7 8 9 10
-40%
-30%
-20%
-10%

0%

No
rm

al
ise

d 
RM

SE

Q 50 hPa
0 1 2 3 4 5 6 7 8 9 10

0
200
400
600

m2 s 2 Z 50 hPa

0 1 2 3 4 5 6 7 8 9 10
-25%
-20%
-15%
-10%
-5%
0%

Z 50 hPa
0 1 2 3 4 5 6 7 8 9 10

0

1

2

3
K T 50 hPa

0 1 2 3 4 5 6 7 8 9 10
-30%

-20%

-10%

0%
T 50 hPa

0 1 2 3 4 5 6 7 8 9 10
0
1
2
3
4
5
m s 1 U 50 hPa

0 1 2 3 4 5 6 7 8 9 10

-20%
-15%
-10%
-5%
0%

U 50 hPa

0 1 2 3 4 5 6 7 8 9 10
0

5

10

15
mg kg 1

RM
SE

Q 200 hPa

0 1 2 3 4 5 6 7 8 9 10
-8%
-6%
-4%
-2%
0%

No
rm

al
ise

d 
RM

SE

Q 200 hPa
0 1 2 3 4 5 6 7 8 9 10

0
200
400
600
800

m2 s 2 Z 200 hPa

0 1 2 3 4 5 6 7 8 9 10

-10%
-8%
-5%
-2%
0%

Z 200 hPa
0 1 2 3 4 5 6 7 8 9 10

0
1
2
3

K T 200 hPa

0 1 2 3 4 5 6 7 8 9 10
-15%

-10%

-5%

0%
T 200 hPa

0 1 2 3 4 5 6 7 8 9 10
0
2
4
6
8

10

m s 1 U 200 hPa

0 1 2 3 4 5 6 7 8 9 10

-10%

-5%

0%
U 200 hPa

0 1 2 3 4 5 6 7 8 9 10
0

100
200
300
400

mg kg 1

RM
SE

Q 400 hPa

0 1 2 3 4 5 6 7 8 9 10
-10%
-8%
-5%
-2%
0%

No
rm

al
ise

d 
RM

SE

Q 400 hPa
0 1 2 3 4 5 6 7 8 9 10

0
200
400
600
800

m2 s 2 Z 400 hPa

0 1 2 3 4 5 6 7 8 9 10
-12%
-10%
-8%
-5%
-2%
0%

Z 400 hPa
0 1 2 3 4 5 6 7 8 9 10

0

1

2

3
K T 400 hPa

0 1 2 3 4 5 6 7 8 9 10

-10%

-5%

0%
T 400 hPa

0 1 2 3 4 5 6 7 8 9 10
0
2
4
6
8

10
m s 1 U 400 hPa

0 1 2 3 4 5 6 7 8 9 10
-15%

-10%

-5%

0%
U 400 hPa

Lead time / days

Aurora 0.25 GraphCast 0.25

Figure 16: Root mean square error (RMSE) of Aurora 0.25◦ compared to GraphCast in the upper atmosphere. Shows both
unnormalised and normalised RMSEs.
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Figure 17: Anomaly correlation coefficient (ACC) of Aurora 0.25◦ compared to GraphCast in the upper atmosphere. Shows both
unnormalised and normalised ACCs.
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Figure 18: Root mean square error (RMSE) of Aurora 0.25◦ compared to GraphCast for the headline variables. Shows both
unnormalised and normalised RMSEs.
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Figure 19: Root mean square error (RMSE) of Aurora 0.25◦ compared to HRES 0.1◦ in the lower atmosphere. Shows both
unnormalised and normalised RMSEs.

G.3 Comparison against operational IFS-HRES at 0.1 degrees resolution

We include rollout plots vs HRES 0.1◦for the lower atmosphere RMSE (Figure 19). Due to the lack of 0.1◦forecasts
in the upper atmosphere, we include as a preliminary result, a scorecard vs HRES 0.25◦in Figure 20. Although this
is not an apples to apples comparison, HRES 0.25◦RMSEs tend to be lower than HRES 0.1◦RMSEs since higher-
resolution models have more fine-grained details that they need to get right. Therefore, the scorecard provides a good
approximation to the performance of Aurora 0.1◦in the upper atmosphere.
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MAE. Due to the different initialisations, Aurora has an advantage. Nonetheless, Aurora’s forecast performance degrades at roughly
the same rate as HRES as the lead time increases.

G.4 Comparison against weather station measurements

As discussed in Section 4 most verification efforts for AIWP models have focused on gridded analysis data such as
ERA5 (c.f. WeatherBench 2). Here we make a comparison of Aurora and IFS-HRES at 0.1◦resolution. This evaluation
includes forecasts issued at 00 UTC between 2 January 2023 and 19 December 2023. As we showed in Figure 3c,
Aurora outperforms IFS-HRES for 10m wind speed forecasts across all lead times up to 10 days. This section includes
further results on further results for 2m temperature (Figure 21).

As explained in Section 4, Aurora is initialised from the official analysis product, while forecasts are initialised from
T0 "Analysis". The former includes an additional assimilation step for the surface, which improves the 2T estimate.
Therefore, Aurora has an unfair advantage in terms of initial conditions when compared on 2T (Figure 21). Nonetheless,
the errors of HRES and Aurora remain parallel as the lead time increases which shows that the forecast quality of
Aurora does not degrade over time compared to HRES.

G.5 Extreme events forecasting

In addition to an evaluation of model performance on extremes of surface variables, here we extend the analysis to
include the atmospheric variables. In Figure 22 we show the thresholded RMSES for atmospheric variables distributed
over four pressure levels throughout the atmosphere. At the higher pressure levels (near surface) results are consistent
with those shown for the surface variables in Section 6. However, the temperature in the atmosphere is more typically
distributed as it is less susceptible to bias through near-surface effects. In the higher atmosphere, overall performance is
more challenging, although Aurora remains able to out-perform GraphCast, consistent with total RMSE results shown
in Figure 5a.
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Figure 22: Thresholded RMSE results for atmospheric variables at four pressure levels distributed throughout the atmosphere,
presented as percentages relative to the performance of IFS-HRES at 0.25◦resolution. The origin of these curves is explained in
Supplementary F.2. The discontinuity at zero reflects that only one side of the curve is shown; on the right hand side of each figure we
show RMSEg where target values are above the threshold determined by g, and on the LHS of the figure, RMSEg is the cumulative
RMSE found against target values below the threshold.

G.6 Storm Ciarán

Figure 23 shows minimum mean sea level pressure (left) and maximum 10m wind speed (right), including additional
variants of Aurora, namely, with and without LoRA fine-tuning, at both 0.25◦and 0.1◦resolution. We evaluate all
methods based on how closely they resemble IFS analysis at the corresponding resolution, and find that (as expected)
the Aurora variants at 0.1◦resolution clearly outperform those at 0.25◦resolution. For minimum mean sea level pressure,
we see that Aurora at 0.1◦(with LoRA fine-tuning) aligns almost perfectly with IFS analysis at 0.1◦. In Section 4,
we showed that Aurora is the only AIWP model capable of capturing the peak in maximum 10m wind speed on 2
November 2023 at 00 UTC, where the best version of Aurora is at 0.1◦, without LoRA fine-tuning.
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Figure 23: Minimum mean sea level pressure (left) and maximum 10m wind speed (right) for Storm Ciarán, at 0.25◦and
0.1◦resolution, both with and without LoRA fine-tuning.

We now compare Aurora with and without LoRA fine-tuning. For minimum mean sea level pressure, we find that the
Aurora variants with LoRA fine-tuning perform better (i.e., align more closely with IFS analysis) than those without
LoRA fine-tuning. For maximum 10m wind speed, we find that the opposite is true: Aurora variants without LoRA
fine-tuning perform better. We postulate that LoRA fine-tuning is more useful when forecasting quantities such as mean
sea level pressure because this is a smoother quantity. This is in contrast to forecasting maximum wind speed, which
relies on generating realistic forecasts as opposed to smoothed-out ones.

We view that the difference between Aurora forecasts with and without LoRA fine-tuning is analogous to the difference
between the forecasts by the IFS ensemble mean and IFS HRES. Forecasts based on the ensemble mean give us the
“best prediction” according to minimizing the RMSE, which typically results in less realistic, more smoothed-out
predictions. In contrast, forecasts based on IFS HRES give more realistic-looking samples. Choosing whether or not to
employ LoRA fine-tuning therefore allows us to offer two versions of Aurora: one for when we want to minimize the
forecast RMSE, and another for when we want to generate realistic predictions.

G.7 Fast prediction of atmospheric chemistry and air pollution

Figure 24 shows a scorecard for the full collection of variables. For the full collection of variables, Aurora is competitive
to CAMS (within 20% RMSE) on 96% of all targets, and Aurora matches or outperforms CAMS on 76% of all targets.
For just the surface-level variables, Figure 25 compares RMSEs to CAMS. Figure 26 compares the RMSE of Aurora,
CAMS, and the persistence prediction at a three day lead time. Finally, Figure 27 visualises predictions for PM10 on 13
June 2022, when Iraq was hit by a particularly bad sandbox. Aurora predicts the sandstorm a day in advance.
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Figure 24: Latitude-weighted root mean square error (RMSE) of Aurora relative to CAMS, where negative values (blue) mean that
Aurora is better. The RMSEs are computed over the period Jun 2022 to Nov 2022 inclusive. Aurora is competitive to CAMS (within
20% RMSE) on 96% of all targets, and Aurora matches or outperforms CAMS on 76% of all targets.
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Figure 25: Latitude-weighted root mean square error (RMSE) of the surface-level variables compared to CAMS. The RMSEs are
computed over the period Jun 2022 to Nov 2022 inclusive.
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G.8 Power spectra

To assess the quality of predictions, a useful characteristic is the power spectrum. This section contains plots of power
spectra for predictions and targets calculated using the method described in (Lam et al., 2023b).

At short wavelengths (i.e. high frequencies) Aurora’s forecasts are uniformly higher in power than those of Graphcast,
which means less blurring (Figure 28). In the mid-range of the spectrum, Aurora’s forecasts have higher power than
those of Graphcast for lead times of 1 and 2 days, but then drop in power below Graphcast’s forecasts with 5 and 10
days lead times. In general, as more LoRA steps are added, the power in the forecast is reduced, especially in the
mid-range of the spectrum (Figure 29). For the longest lead time of 10 days and with 40 LoRA steps, there is a clear
reduction in power at the short wavelengths (i.e. high frequencies) which results in blurring.

When comparing the spectrum of Aurora between 0.25◦and 0.1◦, the power of the 0.1◦forecasts is generally lower than
the power of the 0.25◦forecasts. However, the power of the 0.1◦forecasts extends to shorter wavelengths (i.e. higher
frequencies) than 0.25◦forecasts, reflecting the higher resolution of the latter. These observations are in agreement with
the discussion provided in Supplementary G.6, where we pointed out that the difference between Aurora forecasts with
and without LoRA fine-tuning can be viewed analogously to the difference between the forecasts produced by the IFS
ensemble mean and IFS HRES.
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Figure 29: Power spectra of Aurora’s predictions with different numbers of LoRA steps for 2022. The first row plots the mean power
for 2T predictions. Each column represents a different lead time of 1, 2, 5, or 10 days, respectively. The second row plots the mean
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Figure 30: Power spectra of Aurora’s predictions at both 9km and 25km resolutions for January 2022. The first row plots the mean
power for predictions. The columns represent 2T, 10U, 10V, and MSL, respectively. The second row plots the mean power relative to
the HRES targets.
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