AIFS Single 1.1.0: An update to ECMWEF’s machine-learned
weather forecast model AIFS

Gabriel Moldovan*!, Ewan Pinnington*!, Ana Prieto Nemesio*?, Simon Lang?!, Zied
Ben Bouallegue!, Jesper Dramsch?, Mihai Alexe?, Mario Santa Cruz!, Sara
Hahner?, Harrison Cook!, Helen Theissen!, Mariana Clare?, Cathal O'Brien?, Jan
Polster?, Linus Magnusson!, Gert Mertes!, Florian Pinault?, Baudouin Raoult!,
Patricia de Rosnay!, Richard Forbes!, and Matthew Chantry*

'European Centre for Medium-Range Weather Forecasts, Shinfield Park, Reading,

27

28

29

30

RG2 9AX, United Kingdom

2European Centre for Medium-Range Weather Forecasts, Robert-Schuman-Platz 3,

53175 Bonn, Germany

Correspondence: Gabriel Moldovan, gabriel.moldovan@ecmuwf.int

September 2025

Abstract

We present version 1.1.0 of ECMWZF’s Artificial Intelligence Forecasting System (AIFS
Single), operational since 25 February 2025. The revised system introduces a bounding-layer
framework that enforces physical constraints, such as non-negativity and internal consistency
within precipitation and cloud cover variables, alongside expanded training data, revised loss
weighting, and an extended set of surface and atmospheric variables. Overall skill improves by
4-6% in the upper air and near-surface variables without degradation of spatial variability. A
controlled comparison shows that training data expansion is the dominant source of upper-air
skill gains, highlighting the importance of frequent model updates. The bounding framework
delivers the largest precipitation improvements, up to 12% and an approximately one-day
advantage using a categorical measure of skill. We further show that enforcing precipitation
non-negativity resolves a gradient ambiguity at the zero-precipitation boundary under MSE
training, explaining the reduction in drizzle bias and the improvements in precipitation.

1 Introduction

Machine-learned weather forecast models have started to rival or outperform physics-based
numerical weather prediction (NWP) models in recent years (Pathak et al.l 2022 |Keisler]
2022 [Lam et al.| [2023; |Chen et al., |2023} |Bi et al., [2023} [Lang et al., 2024a)). For both training
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and forecasting, these machine-learned forecast models mostly depend on the Copernicus ERAS
reanalysis dataset produced by ECMWF (Hersbach et al.l |2020) and operational analysis by
ECMWZEF’s physics-based integrated forecasting system (IFS).

ECMWF has developed the artificial intelligence forecasting system (AIFS) (Lang et al.,
2024a)), its own machine-learned forecast model. After a successful pre-operational test phase
running four times daily since October 2023, with forecasts publicly available under ECMWE’s
open data policy, AIFS has now transitioned to operational status. The first operational ver-
sion, AIFS 1.0.0 replacing AIFS 0.2.1, was implemented on 25 February 2025. The current
operational version, AIFS 1.1.0 described here, was released on 27 August 2025 to correct a
precipitation forecast issue in the initial version. The model is trained with a mean-squared
error (MSE) loss function and is referred to as AIFS Single, to distinguish it from the proba-
bilistically trained version, the AIFS ENS (Lang et al.l |2024b).

Although such MSE-trained forecast models have been shown to smooth forecast fields at
longer lead times to avoid the double-penalty of incorrectly positioned weather phenomena
(Lam et al.l |2023; |Ben Bouallegue et al. |2024; [Lang et al., [2024a} [Bonavital |2024; |Brenowitz
et al.||2025)), they still display physically robust characteristics (Hakim and Masanam)| |2024) and
are able to make useful predictions of extreme events (Ben Bouallegue et al.,|2024)). The cheaper
training costs associated with MSE-trained models (compared to probabilistically trained mod-
els) make them attractive for prototyping new features and model components.

To date, most machine-learned weather forecast models only include a limited subset of
forecast variables available from current NWP systems. Here, we include for the first time in
the AIF'S soil moisture, soil temperature and runoff together with energy sector variables such
as cloud cover, 100 metre winds and solar radiation. The choice of additional variables has been
guided by utility to users and with considerations of future applications of the model, alongside
pragmatic considerations on data availability and readiness. Surface solar radiation and 100-
metre wind speeds have been included, important for renewable energy sectors. We added an
initial characterization of the land surface with prognostic soil moisture and soil temperature,
important for drought forecasting. We also include snowfall, improving the representation of
distinct precipitation types in the model. Finally, we have added run-off as a diagnostic model
output, pushing towards a hydrological component for the AIFS.

Despite their ability to produce skilful forecasts, machine-learned forecast models are prone
to producing outputs that violate known physical relationships and limits (e.g., negative pre-
cipitation or mass imbalances). In current applications, including the pre-operational version
of AIF'S, post-processing of forecasts is commonly applied to remove such physical inconsisten-
cies. Instead, we propose an additional final layer of activation functions that bound certain
variables within physically meaningful limits and enforce physical constraints between related
quantities. This simplifies the learning task by constraining the model output space to physi-
cally plausible regimes. This bounding strategy also proves particularly beneficial for variables
with non-Gaussian distributions, such as precipitation, where the model must effectively dis-
tinguish between rain and no-rain states. Enforcing precipitation non-negativity resolves a
gradient ambiguity at the zero-precipitation boundary under MSE training, greatly reducing
drizzle bias and improving forecast skill in the light-precipitation regime.

In this paper we begin by outlining the training setup of the model and how this differs from
the previous AIF'S version. Then we motivate and describe the new bounding strategy to make
the model forecast more physically consistent. We demonstrate the improved performance of
the revised AIFS version via evaluation results and selected case studies. We conclude by
summarizing main results and future work in the discussion and conclusions.



78 2 Training

79 The architecture of AIFS follows an encoder-processor-decoder design. Here, encoder and
80 decoder are attention-based graph neural networks, and the processor is a transformer with a
81 sliding window attention (see Lang et al.| (2024a) for details).

82 The model operates on a reduced Gaussian grid, (N320, approximately 0.25° resolution).
83 The processor (or hidden) grid is an 096 octahedral reduced Gaussian grid (Wedif (2014)) with
84 40,320 grid points, approximately 1° resolution, and consists of 16 processor layers.

85 ATF'S is trained to produce 6-hour forecasts t+en using past and present atmospheric states
86 at t_sn and to (from ERA5 or ECMWEF’s operational analyses at initialization, or from the
87 model forecast itself). Longer lead times are produced auto-regressively by feeding the model’s
88 predictions back as inputs, a process commonly referred to as rollout.

8 2.1 Training Schedule

9% The training is divided into two phases. The first is a pre-training phase, where the model
o1 learns to predict the atmospheric state 6 hours ahead (t+en) using ERA5 analysis at t_en and
92 to. The second phase, rollout fine-tuning, continues from the pre-trained weights and trains
03 the model to forecast auto-regressively up to 72 hours. Here, the model learns to forecast
04 from its own predictions. Unlike the previous AIFS version, where rollout fine-tuning was first
95 performed using ERA5 and then followed by final fine-tuning on ECMWTF operational analysis,
9% we directly use operational analysis for the entire fine-tuning stage. This simplifies the training
o7 pipeline, reduces computational costs and is associated with improved forecast performance.
98 Pre-training is performed on ERA5 data covering the years 1979-2022 (compared to 1979-2020
99 in the previous AIFS version), using a cosine learning rate (LR) schedule, a batch size of 16,
100 and a total of 260,000 training steps. The LR is linearly increased from 0 to 5 10™* during
101 the first 1,000 steps, then annealed to a minimum of 3 1077. This is followed by rollout fine-
102 tuning on ECMWF operational analysis from 2016 to 2022, also using a cosine LR schedule
103 and batch size of 16, for approximately 7,900 steps (equivalent to one epoch per rollout step).
104 The LR started at 1:28 107> and is annealed to the same minimum value of 3 10~’. The
105 rollout length is initially set to 6 hours (1 step) and progressively increased by one step per
106 epoch up to 72 hours (12 steps), following the approach of [Lam et al.| (2023) and |[Lang et al.
107 (2024a). We used the AdamW optimizer (Loshchilov and Hutter, [2019) with  coefficients of
108 0.9 and 0.95. Here, the rollout dataset is extended to eight years of operational IFS analysis
109 (2016—2022), compared with only two years (2019-2020) in the previous AIFS version.

110 2.2 Variables used in training

111 The variables used in the new AIFS version are listed in Table[] As in AIFS 0.2.1, the upper
112 atmosphere is represented by geopotential, horizontal wind components, specific humidity,
113 and temperature at 13 pressure levels: 50, 100, 150, 200, 250, 300, 400, 500, 600, 700, 850,
114 925, and 1000 hPa. Newly introduced variables are marked with *. We have increased the
115 characterization of the land surface in the model by including new prognostic variables of soil
116 moisture at levels 1 and 2 (swvll and swvl2), and soil temperature at levels 1 and 2 (stl1
117 and stl2), important for drought monitoring and forecasting. A notion of hydrology has been
118 included with runoff (ro), forecast as a diagnostic variable. A second set of variables, related
119 to energy forecasting and clouds, adds real value to the model’s utility. These are forecast
120 diagnostically and include the 100-metre wind components (100u and 100v), surface solar and
121 thermal radiation (ssrd and strd), and cloud cover at various levels (tcc, hee, mec, lec). Finally,
122 snowfall (sf) has been added to complement the set of total precipitation-related variables. An
123 illustration of a selection of these variables can be seen in the forecast presented in Figure |1}
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Figure 1. A selection of new variables available from the revised AIFS Single forecasts: cloud cover
(left), surface solar radiation (centre), and 100 m wind speed/direction (right). The consistency
between these new variables is clear, with areas of higher cloud cover corresponding to lower solar
radiation at the surface and consistent weather patterns for 100-metre winds.

where the consistency between these new variables is clear, with areas of higher cloud cover
corresponding to lower solar radiation at the surface and consistent weather patterns for 100-
metre winds. These new variables are sourced from the ERA5 reanalysis and IFS operational
data archive, in line with those used in the previous AIFS version (0.2.1).

The per variable normalization strategy used in AIFS is summarized in Table 1] Unless
stated otherwise, data is normalized to zero mean and unit variance (z-score normalization). For
some bounded output variables (see Sectio@), only standard deviation normalization is applied
to avoid shifting of the absolute zero in the normalized space. The loss function is unchanged
from the previous AIFS version. Table []shows the loss scaling factors we use in the revised
AIFS version. Scaling factors were chosen empirically to ensure that all prognostic variables
contribute approximately equally to the loss function, with the exception of vertical velocities
and soil moisture, deliberately down-weighted. Vertical velocity is down-weighted due to known
accuracy limitations in ERAS5, particularly in convective regions. Soil moisture receives reduced
weight for similar reasons, and additionally because the transition from ERA5-based pretraining
to operational IFS analysis during ne-tuning introduces distributional inconsistencies; down-
weighting mitigates the in uence of this mismatch on training. Furthermore, the loss weights
decrease linearly with height, so that upper atmospheric levels contribute less to the total loss.
The pressure level weights are calculated following w = max(pressure level=1000, 0:2), like in
the AIFS-ENS (Lang et al., 2024b). A minimum weight of 0.2 is imposed in the revised version
to avoid assigning excessively low values in the stratosphere.

AIFS is trained using data parallelism with a batch size of 16, while each model instance is
distributed across four GPUs within a single node (Lang et al., 2024a). Training was conducted
on the European supercomputer Leonardo (EuroHPC), hosted and managed by Cineca, on
64GB A100 GPUs. Mixed-precision training is used (Micikevicius et al. (2018)), and the full
process takes approximately three days. A 10-day forecast can be produced in about 2 minutes
and 30 seconds on a single A100 40GB GPU, including data input and output.

3 Enforcing Model Constraints

Machine-learned forecast models for numerical weather prediction show very good forecast
skill, yet they are prone to producing outputs that violate known physical laws or expected
statistical consistency. Unlike traditional numerical models, which are governed by equations
ensuring mass conservation, positivity, or energy bounds, machine-learned forecast models lack



Variable name Short Level type Variable Normalization Scaling
name Pressure type :

level  (50- | Prognostic,

1000 hPa) | Diagnostic,

or Surface Forcing
Geopotential z PI P Z-score 12
Horizontal wind components u, v PI P Z-score 0.8, 0.5
Speci ¢ humidity q Pl P Std 0.6
Temperature t PI P Z-score 6
Surface pressure sp S P Z-score 10
Mean sea-level pressure msl S P Z-score 1
Skin temperature skt S P Z-score 1
2 m temperature 2t S P Z-score 1
2 m dewpoint temperature 2d S P Z-score 0.5
10 m horizontal wind compo- | 10u, 10v S P Z-score 0.5, 0.5
nents
Total column water tcw S P Std 1
Volumetric soil water level 1 | swvll, S P None 1,2
and 2* swvl2
Soil temperature level 1 and | stl1, stl2 S P None 1,10
2*
Total precipitation tp S D Std 0.025
Convective precipitation cp S D Std (tp) 0.0025
Snowfall* sf S D Std (tp) 0.025
Total cloud cover* tcc S D None 0.1
High cloud cover* hcc S D None 0.1
Medium cloud cover* mcc S D None 0.1
Low cloud cover* Icc S D None 0.1
Runo * ro S D Std 0.005
Surface solar radiation down- | ssrd S D Std 0.05
wards*
Surface thermal radiation | strd S D Z-score 0.1
downwards*
100 m horizontal wind compo- | 100u, 100v | S D Z-score 0.1, 0.1
nents*
Land-sea mask Ism S F None
Orography z S F Max
Standard deviation of sub- | sdor S F Max
grid orography
Slope of sub-scale orography | slor S F Max
Insolation insolation S F None
Latitude/longitude (cos/sin) lat/lon S F None
Time of day/day of year local time, | S F None

julian day

Table 1: Variables used in the training of AIFS, with their short names, level type, variable type,
normalization method, and scaling factors. Variables marked with * were newly introduced com-
pared to AIFS v0.2.1.
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such guarantees by default. As a result, physically implausible outputs, such as negative
precipitation, can emerge. We show that incorporating constraints into the model design to
enforce physical realism improves forecast skill. In this section, we rst identify speci c issues
in the output of the previous AIFS version related to total precipitation, and then introduce

a simple yet e ective method to bound the model outputs using activation functions. The
proposed method is not restricted to total precipitation but can be equally applied to other
variables.

3.1 Lack of Physical Realism in Precipitation Forecasts

The previous AIFS version su ers from signi cant drawbacks in forecasting precipitation. Most
notably, the model's output is not constrained, leading to a frequent occurrence of negative
values. This is illustrated in Figure 2, which compares the 24-hour accumulated total precip-
itation forecasts from the previous AIFS version, the revised version, GraphCast (Lam et al.,
2023), FuXi (Chen et al., 2023) and an IFS (47r3) 24-hour forecast, for the run initialized
on 01/06/2023 at 00:00 UTC and valid at 02/06/2023 00:00 UTC. The previous AIFS model
and GraphCast show spurious negative precipitation values, which are largely corrected in the
revised AIFS. While negative values can be clipped to zero at inference time (as is done in FuXi
in this gure and thus non visible), their presence highlights a lack of physical consistency in
the model.

Figure 2: Comparison of 24-hour total precipitation accumulation from ve forecasting systems for
the forecast issued at 01/06/2023 00:00 UTC and valid at 02/06/2023 00:00 UTC: previous AIFS,
revised AIFS, operational IFS, GraphCast, and FuXi. The previous AIFS, GraphCast, and FuXi
all exhibit an excess light rainfall, characteristic biases of ML weather models. The revised AIFS,
incorporating the bounding layer framework, largely corrects the excess light precipitation issue
and provides a precipitation distribution closer to the IFS reference in the light precipitation range.
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(a) 24h (b) 72h (c) 144h

Figure 3: Frequency Bias Index (FBI, top) and Peirce Skill Score (PSS, bottom) for 24-hour ac-
cumulated precipitation over Europe as a function of threshold, at forecast day 1, 3, and 6 (left
to right). Scores are averaged over all initialisation dates in 2023. Filled markers indicate that
the di erence relative to the previous AIFS version is statistically signi cant (paired Wilcoxon
signed-rank test, p < 0:05); open markers indicate non-signi cant di erences. The previous AIFS
version exhibits a pronounced positive frequency bias at low thresholds, consistent with systematic
overforecasting of light precipitation.

In addition to the negative values, a second noticeable issue, also visible in Figure 2 and
present for all the models but the AIFS revised version, is the excess of light precipitation
in the forecast. The models produce excessive light rain leading to a bias in the forecast.
Similar behaviour has been reported in benchmark studies such as WeatherBench 2 Rasp
et al. (2024), where Al-based systems including GraphCast, Pangu-Weather, and FuXi produce
overly smooth precipitation elds and in ated frequencies of weak events, despite substantial
architectural di erences.

This is further supported by veri cation metrics computed against in situ observations
(SYNORP stations). The Frequency Bias Index (FBI) scores for 2023 over Europe (Figure 3)
con rm that the pre-operational AIFS systematically over-forecasts light precipitation events
(< 1 mm). While a similar tendency is present in the IFS, it is considerably more pronounced
in the machine-learned forecast model. At the other end of the distribution, the model tends
to under-forecast more intense precipitation, as indicated by FBI values well below unity for
thresholds exceeding 10 mm. This may be attributed to a well-known characteristic of ma-
chine learning-based forecasts: a tendency to produce overly smooth spatial elds, which can
suppress extremes (Ben Boualegue et al., 2024; Bonavita, 2024). Additionally, the coarser
native resolution of AIFS (N320 0.25° grid) compared to IFS (0.1° grid) reduces its spatial
representativeness.

Convective precipitation forecasts also exhibit similar shortcomings. In addition, there
is a further lack of physical consistency. Convective precipitation represents the part of the
total precipitation that originates from convection, and therefore should always be less than or
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