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Several institutions have released global medium-range meteorological forecasting models based on methods
from machine learning, with training data provided by various reanalysis experiments. A proper and in-depth
assessment of these models and the quality of their forecasts has yet to be carried out. Although in terms of
simple and overall measures of skill such as mean square errors, Al-based forecasts clearly show very promising

skill, we are just beginning to understand where and when these forecasts are useful and when they are not.
Furthermore, while verification of meteorological forecasts has been subject to extensive (and still ongoing)
research with a well established core methodology, it is not clear to what extent this methodology needs to be
adapted or modified for Al-based models. Our paper aims to provide a vision on the verification of Al-based
weather forecasts, identifying challenges, outlining important research questions, and laying the groundwork for
a methodology to assess the quality of such forecasts.

1. Introduction

The start of the 2020s have seen considerable progress in the de-
velopment of weather forecasting systems based on machine learning
methodologies. From about 2022 onwards, several forecasting systems
based on machine learning (ML) or artificial intelligence (AI) were pre-
sented which seem to achieve scores rivalling operational short and
medium range weather forecasting systems such as the ECMWF high—
resolution (deterministic) IFS forecasting system (see for instance Bi
et al., 2023; Keisler, 2022; Lam et al., 2022; Pathak et al., 2022; Chen
et al., 2023). At least, in relation to specific meteorological variables,
there is evidence for Al-based forecasts exhibiting very competitive per-
formance. Specifically, Keisler (2022) produces forecasts of specific hu-
midity which appear to be more accurate than ECMWF’s IFS system be-
yond day 3, using a graph neural network (GNN) architecture, which
is also used in Lam et al. (2022) to produce forecasts which appear
to outperform the IFS on several atmospheric variables. Pathak et al.
(2022) combine a Fourier transform-based scheme with a vision trans-
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former (ViT) to produce forecasts for 2 metre temperature which ap-
pear comparable in accuracy to the IFS. With similar transformer ap-
proaches, Bi et al. (2023) and Chen et al. (2023) produce forecasts for
a range of variables that appear to be more accurate than IFS, and fur-
thermore improve the scores compared to Lam et al. (2022) at longer
lead times in particular.

In Ben Bouallegue et al. (2024), a systematic performance compar-
ison of Al-based forecasts in an operational-like context is presented.
The authors focus on the PanguWeather ML model in Bi et al. (2023),
which is freely available for non—commercial use. Both PanguWeather
and the operational NWP forecast are initialised on the same initial
conditions, unlike in previous studies where the Al-based forecasts
were typically initialized on ERA5 atmospheric conditions. The authors
of Ben Bouallegue et al. (2024) apply both standard verification tech-
niques that are normally used at ECMWF, and innovative statistical
tools suggesting new avenues for the verification of Al-based forecasts.
Several important advances in this domain have emerged since then,
such as the advent of ensemble-based models (for example GenCast,
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a probabilistic diffusion ensemble Al-based model introduced in Price
et al.,, 2025), expansion of datasets for potential benchmarking, and
growing use of precipitation as a diagnostic target (see also Section 5).
These trends underscore a shift toward more comprehensive, diverse,
and observationally grounded verification practices that extend beyond
conventional metrics and are increasingly aligned with both regulatory
and scientific expectations.

Moreover, Bonavita (2024) pointed to the limitations of Al-based
models in representing physical dynamical balances, arguing that cur-
rent models achieving good error scores despite lacking physically re-
alistic behaviour highlights a need for verification beyond root mean
square error (RMSE) and toward more physically and structurally mean-
ingful metrics. Liu et al. (2024) propose advancing beyond traditional
point-to-point comparisons and towards adaptive spatial, temporal,
and intensity-aware corrections. Whilst focused on nowcasting, their
proposal demonstrates the potential for more flexible and physically
grounded metrics in the space of Al-based forecasts for better capturing
the characteristics of the system. They offer one of many potential direc-
tions that could be encompassed within broader verification frameworks
as those set out here.

In this rapidly evolving context of Al-based forecasts, this present pa-
per aims to articulate a vision for the field of verifying Al-basedweather
forecasts. We discuss foundational ideas for methodologies and frame-
works for the verification of Al-based forecasts, and identify key re-
search questions in this area.

This paper is strongly informed by discussions held at the first Ver—
Al workshop, which took place at the University of Reading on 24th and
25th of June 2024 and brought together international experts across
the areas of operational weather forecasting, forecast verification, and
Al-based forecasts. The full workshop programme can be found in Ap-
pendix A. Key discussions around the following themes then influenced
the present paper:

Theme 1: statistical evaluation of Al-based forecasts, including ensembles.
What are the statistical properties of Al-based forecasts in terms of re-
liability, resolution, correlations, signal-to-noise ratios, and events of
extreme magnitude and duration? How do we assess these? How would
the methodology differ from classical weather forecasts?

Theme 2: ML benchmarks for weather and climate problems. Benchmarks
allow Al researchers without domain expertise to make significant con-
tributions. What are good design principles for such ML benchmarks?

Theme 3: physical properties and interpretability of AI-based forecasts. To
what extent do Al-based forecasts exhibit the typical atmospheric bal-
ances such as mass conservation or geostrophic balance? How realistic is
the representation of complex spatio—temporal meteorological patterns
such as storms, droughts or blocking events in Al-based forecasts?

The present work expands these themes into a vision paper for verifi-
cation of Al based weather forecasts. Sections 2-4 discuss points that
emerge from these three themes, respectively, partially with conclu-
sions. Section 4 furthermore lists additional considerations for verifying
Al-based forecasts beyond these themes. Section 5 concludes with a few
take-home points aimed at practitioners, a very brief overview over the
most recent developments that have taken place in the last year or so in
this rapidly evolving field, and finally with a variety of open research
questions.

2. Long term statistical properties of Al-based forecasts,
including ensembles

The long-term statistical properties of Al-based forecasts are not only
to be understood as performance fact sheets of a given forecasting sys-
tem. More generally, the statistical properties bear on the explainability
of Al-based forecasts, and the metrics and verification methods used in

Journal of the European Meteorological Society 4 (2026) 100032

the assessment need to be selected with that in mind. It is also clear that
a lot can be learned and incorporated from existing NWP assessment
practices and wisdom (see for instance Jolliffe and Stephenson, 2012;
Wilks, 2006, Ch. 7). Furthermore, there are a number of reasons as to
why the evaluation of Al-based forecasts require additional ideas and
methods—these will be discussed below.

An overarching issue which touches simultaneously upon several of
the points discussed below is statistical significance. Evaluations so far
have been over periods of one or a few years at best. Given the rele-
vant timescales of atmospheric processes however, these evaluations,
although useful, have to be treated with care, and conclusions based on
these evaluations must be seen with caution. (This point is not specific
to Al-based forecasts of course, and similar caveats would apply to clas-
sical forecasting systems.) Statistical techniques to assess significance
over longer periods, such as bootstrapping or cross validation over mul-
tiple years, will therefore play a very important role in the assessment
of Al-based forecasts, at least for some time.

Do Al-based forecasts require a different verification methodology?. De-
spite the wide range of new and additional possibilities for verifying
Al-based forecasts, there is the danger that a new methodology becomes
driven by the needs and constraints of Al-based forecasting systems,
rather than driving the development of Al-based forecasts. The method-
ology needs to be interpretable in meteorological terms and thus equip
Al-based forecasts with accountability. The enormous amount of exist-
ing knowledge, understanding, and theory about meteorology, weather
prediction, and geophysical model design needs to be harnessed for fur-
ther development of Al-based forecasts. This requires substantial knowl-
edge transfer and communication between different communities. Shar-
ing expertise on how the Al-based forecasts are developed and operate
would help researchers in the NWP community to understand where
their mathematical and physical knowledge is most usefully applied to
develop Al-based forecasts further.

Events of extreme duration and magnitude. Weather extremes are an im-
portant area for verification of Al-based forecasts. As in machine learn-
ing the data is split into training and test (and potentially validation)
subsets, therefore special attention is required to ensure that extremes
are adequately represented in those data sets. Certain extreme events
however, although rare locally, occur with larger frequency globally,
such as tropical cyclones. Such events could be artificially introduced
into datasets that have too few of them. However, lessons learned from
Large Language Models suggest that training on synthetic data can also
introduce biases or degrade performance elsewhere (see e.g. Shumailov
et al., 2024).

Forecast verification therefore may have to account for the use of
synthetic data, given that the data no longer reflects the statistical prop-
erties of the real weather. A potentially related problem with extremes
in Al-based models however seems to be the overly smooth fields pro-
duced by these forecasts (in particular those using transformer architec-
tures, see Bonavita, 2024), and addressing this issue will be important
in the future (see also Section 4).

This should include guidance and methods to treat or exclude the
smoothing effect in verification.

Large ensembles. The benefit of Al-based models is that, once trained,
they are fast and cheap to run, and taking advantage of large ensembles
is likely to be beneficial in the representation of extreme events and
their evaluation. Establishing criteria and methods for probabilistic ver-
ification of large ensembles, and in particular of extreme events in large
ensembles would be valuable (Brocker, 2018; Brocker and Ben Boual-
legue, 2020; Necker et al., 2024) This should also include quantifying
the benefit of increased ensemble sizes which requires a good under-
standing of the ensemble size dependence of applied verification meth-
ods. Another interesting opportunity created by our ability to produce
very large numbers of ensemble members is to have ensemble systems
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where the number of members is not fixed but depends on the dynami-
cal situation. The ensemble sizes could thus become “adaptive” depend-
ing on the predictability of the state of the atmosphere at the time. To
make use of this new possibility, a proper understanding and evalua-
tion methodology of flow-dependent forecast skill in Al-based models
is needed.

Precipitation. Precipitation forecasting is relatively new in Al-based
forecasts. A more complete evaluation of such important meteorolog-
ical variables is urgently needed as we require a better understanding
of these in particular in the context of Al-based forecasts. Although tra-
ditional evaluation methods could be applied to both classical as well as
Al-based models alike, issues like data sparsity in regions without ob-
servations may pose challenges in the training of Al-based models. This
could be particularly important in the evaluation of recently developed
models that include precipitation (see Section 5).

New assessment metrics. Statistical assessment of Al-based forecast
properties should involve an evaluation of the extent to which they in-
herit statistical characteristics from training data, which may vary de-
pending on initialisation methods and data sources such as reanalysis.
Again as current splits allow for only short verification periods, one
may consider methodologies for extending verification periods, possi-
bly through retrospective analyses or synthetic data generation. Indeed,
this could be applied to the above for extremes, but serves as a wider
point too.

Verification in latent space. A new approach to evaluating Al-based mod-
els which is not available in classical NWP models is the possibility of
evaluation in latent space. Al-based models transform the data from
the physical space onto a latent space, which typically has a lot fewer
dimensions. The possibilities and benefits of doing the verification in
that space should be explored. To assess the potential of latent space
methods for verification, the model forecast would not be mapped into
physical space but left in latent space. Meanwhile the current observa-
tion (which, for all currently available Al-based models, is an analysis
from a classical NWP model) would be mapped into latent space using
the map that is provided by the Al-based model. The comparison with
the model forecast would then take place in that space. This approach
to evaluation does not rely on the fact that “observations” are currently
analyses from a classical NWP model and could be performed even if
Al-based models use actual observations.

Latent space analysis might have drawbacks, however, for instance
in models such as Pangu-Weather which have a high dimensional latent
space with configurable dimensionality. In such cases, latent space anal-
ysis may be less straightforward. It is also possible that one might need
to perform latent space analysis across layers or blocks of layers which
also can increase the dimensionality once more. It may still nonethe-
less remain promising even in the these complex settings, as it could
offer an alternative view on forecast similarity and structure bypassing
challenges associated with physical output fields.

As an aside, Neighborhood Verification Methods (Ebert, 2009) are
an example of a classical NWP verification method that would be very
interesting to explore on the context of Al-based forecasting.

Instationarities and climate change. For prospective Al-based forecasts
covering longer leadtime such as annual or even decadal, instationari-
ties related to climate change become important (Rackow et al., 2024).
Currently, CO, forcing is not typically included in the training data but
it would clearly be important for such models.

3. ML benchmarks for weather and climate problems
Benchmarks are a very important paradigm in AT and Machine Learn-

ing. They allow Al researchers without domain expertise to make sig-
nificant contributions by developing Al-models and architectures that

Journal of the European Meteorological Society 4 (2026) 100032

perform well at least against the benchmark. A recent example is Weath-
erBench 2, see Rasp et al. (2024). In order for the achieved performance
to generalise, the benchmarks need to satisfy a number of requirements,
and it is important to consider what is actually needed from bench-
marking. Identifying “good” or desirable design principles for such ML
benchmarks is therefore crucial to further developing Al-based fore-
casts (Dueben et al., 2022).

Better benchmark datasets. Coordination across various international
stakeholders is required to create new benchmark datasets (or improve
existing ones) for various parameters (of various weather and climate
parameters but also of parameters related to impacts (for example pre-
cipitation, renewables, extremes, climate parameters, and damage due
to high winds, flooding, and storm surges). To ensure that contribut-
ing to benchmark datasets is easy and straight forward, the community
should aim for open-source verification tools and platforms that facili-
tate community contributions.

In addition to suitable datasets, a benchmark dataset should provide
a suite of experimental designs for testing the models. (Thus the name
benchmark dataset is not fully adequate.) The experiments should in-
clude (but not be limited to) scenarios of particular end user interests,
such as European windstorms, tropical cyclones, or heat waves. The
ECMWEF severe event catalogue (Magnusson, 2019) could be a source
of inspiration that should be supplemented with suitable experimental
design.

Verification of models against actual observations (rather than only
analysis fields) should also be included, although it is understood that
this is not a trivial thing to include as it requires additional domain
expertiseadditional domain expertise on the part of the user is typically
required to properly interprete the observational data as well as the
results from any verification analysis using such data.

Fairness of evaluation and standardisation of methodology and software. In
order for fairness across models a framework for comparison is needed,
and the characteristics a fair evaluation framework has to exhibit need
to be identified.the evaluation methodology to be fair across models, a
framework for comparison is needed, and the properties which such a
fair evaluation framework ought to have need to be identified. Fair com-
parisons should allow for a comparative evaluation of models which es-
sentially predict the same environmental variables (e.g. the global atmo-
sphere) but which use slightly different configurations, for instance dif-
ferent grids. In the case of Al-based models, different training data sets
might similarly impede a direct comparison of models. Fair scores for in-
stance (introduced in Ferro, 2014) have been developed to account for
differences in ensemble sizes when comparing classical physics—-based
models; they can obviously be applied to Al-based models. But more
generally, fair scores provide an example of how to suitably generalise
a concept so as to use it for comparing the performance of models with
different configurations in a fair manner. Other examples need to be
developed, such as a suite of standardised plots and code which could
then be referenced as an “official” set of tests that has been designed
and assessed for fairness, and be included in the benchmarking.

Explainable AI and assessing explainable behaviour. Accompanying the
use of benchmarks, with standard scenarios to assess the capability of
models, a core part of any assessment of the Al-based forecasts should be
using Explainable AI (or XAI) techniques. Explainability tools should be
integrated into the verification and benchmarking pipeline to compare
equally and understand model behaviour. Explainability in Al-based
systems will be required by law (European Union, 2024) as was noted
during the Ver-AI workshop itself by Anna-Louise Ellis (Met Office).!

! The EU Al act recital 27 states that “Transparency means that Al-systems are
developed and used in a way that allows appropriate traceability and explain-
ability, while making humans aware that they communicate or interact with an
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Standardisation of tests with explainable behaviour of Al-based
models would help with those models comply with ‘regulations” The ac-
cessibility of forecast data shapes model adoption, leading to questions
about the future role of national meteorological services and the influ-
ence of big tech companies entering the field. Ethical considerations,
such as those outlined in the Hiroshima Process International Code of
Conduct for Advanced Al Systems, (Group of Seven , 2023b), (see also
the related G7 Leaders’ Statement, Group of Seven, 2023a), emphasise
the need for transparent and explainable Al-based models, although
methods for doing this are not well developed and Al-based models
may be held to a higher standard than traditional NWP models which
may be problematic.

Diversity of data sets. There is lack of diversity in both the training and
evaluating datasets, which mainly consists of ECMWF Reanalysis v5
(ERADS) data. A more diverse portfolio of reanalysis data sets should be
used in training and evaluation. (Examples of potentially suitable but
apparently underused data sources are the NOAA 20th Century Reanal-
yses or NASA’s Integrated Multi-satellitE Retrievals for GPM (IMERG)
product.) Yet as there is no obvious economic incentive, private compa-
nies are unlikely to do this. As there is potentially great scientific insight
to gain, this is something that academic institutions should pursue, in
collaboration with public operational weather centres.

Evaluation on different datasets however might lead to unfair com-
parisons. “Standardising” verification data can help but also risks pro-
moting overfitting to benchmarks. It is not clear however how to stan-
dardize verification datasets so that model comparisons remain fair,
without encouraging models to overfit to benchmark data.

Related to this, the consistency of the global observations used was
discussed intensively. Currently, Al-based models are trained predom-
inantly on ERAS reanalysis data, and therefore a Al-multi-model en-
semble might not have the same diversity as witnessed in climate mod-
els. Yet as more Al-based models arise, and different data sources be-
come available for training, this might change, leading to greater di-
versity in Al-based models and to potentially greater benefit of using
Al-multi-model ensembles. Al-based models trained solely on observa-
tional data rather than reanalyses (see for instance McNally et al., 2024;
Alexe et al., 2024; Allen et al., 2025) are of course particularly interest-
ing in this regardwould of course further increase this diversity and thus
be particularly interesting in this regard. Again, in order to assess the
diversity and realise the potential benefits, a framework for comparison
against standardised benchmarks is required.

Authorities, institutions, and private vs public research. In principle, the
scientific community is incentivised to create benchmarks as there is
scientific value in them. It is not clear though how to practically facil-
itate not only the design of benchmarks but also associated scholarly
research into the design of appropriate benchmarks. It is not clear, nor
was there consensus in the Ver-Al workshop, as to whether this would
require a top—down approach, involving funding agencies and strategic
research plans of bigger institutions, or whether we can rely on the ini-
tiative of a few people to initiate this, in the hope that it catches on and
evolves over time with the input and contribution of the community.

Even though there do not seem to be any obvious economic incen-
tives to creating (publicly available) benchmarks, as discussed above
in relation to datasets, one may argue that benchmarking initiatives
should be driven by the scientific community, rather than by private
enterprises. The Coupled Model Intercomparison Project (CMIP) groups
provide good examples of how this could work as they are very active
communities.

However, since the private sector is currently one of the largest
drivers of Al-based forecasting, it is unclear if such an approach would

Al system, as well as duly informing deployers of the capabilities and limitations
of that Al system”

Journal of the European Meteorological Society 4 (2026) 100032

be also adopted by the private sector as well. Bauer (2024) for instance
emphasises the need for strong public—private collaboration. Such col-
laborations have achieved, for example, the development of a successful
prescriptive TOGAF standard for enterprise architecture (Josey, 2018).
How to strike a good balance between the potentially conflicting inter-
ests in such collaboration is noted as an open question for future discus-
sion at the end of our paper.

An important activity of the scientific community would be to or-
ganise periodical conferences or workshops to maintain the initiative,
especially when the benchmarking is expected to change in a field that
is evolving very rapidlybenchmarking is expected to change quickly in
a field that is evolving very rapidly overall.

End users and the economy. In addition to scientific institutions and pri-
vate companies, end users are obvious stakeholders that needs to be
incentivised to contribute to benchmarks. For this to work it is clearly
necessary that the benchmarks are useful tools for the contributors. This
bears on the employed metrics for instance; presumably metrics of inter-
est to typical users will relate to societal impacts and vulnerabilities, like
precipitation, wind and solar radiation for renewable energy industries,
or to extreme events like droughts, storm surges, etc.

Regulatory concerns. The proliferation of Al-based models underscores
the need for regulatory frameworks to distinguish between reliable and
unreliable models—this was echoed by participants of the Ver—AI work-
shop. Domain-specific expertise is important here, with considerations
of brand identity influencing model choice of end users. WeatherBench 2
represents a community—-driven effort where experimental Al-based
models have submitted forecasts for evaluation. Yet challenges persist
as models are evaluated in an automated fashion solely through metrics
without human intervention. Addressing this gap could involve creating
consumer-like reports to independently assess model suitability, poten-
tially involving professional societies to validate both public and private
sector Al-based models for weather and climate forecasts.

4. Physical properties and interpretability of AI-basedforecasts

A major feature of classical physics-based atmospheric and ocean
models is their interpretability in physical terms. Although this may
sound almost like a tautology, the physical interpretability (such as the
well-known balances, e.g. hydrostatic or geostrophic) is the reason for
much of the confidence we have in the adequacy of those models for
the purpose of simulating weather and climate. Despite the extensive
assessment of forecast performance which is carried out on a continuous
basis, model development and maintenance is still very much informed
by physical insight.

An important example of physical interpretability are the typical
atmospheric balances such as mass conservation and geostrophic bal-
ance, among others, that physics—based atmospheric and ocean mod-
els exhibit. Whether and to what extent Al-based forecasts also repro-
duce those balances is currently subject to intensive research (Bonavita,
2024). It is not clear how realistic and robust complex spatio-temporal
meteorological patterns such as storms, droughts or blocking events are
represented in Al-based forecasts, and whether there is a sense in which
the key features of such events are somehow encoded in the model.

XAI again. Interpretability is crucial for understanding how Al-based
forecasting models learn and make predictions, and techniques in ex-
plainable AI can uncover the “reasoning” behind Al-based predictions.
For example, measures of attention can be used to reveal which input
features or regions of the atmosphere the Al-based model focuses on
when making predictions. Techniques like deep latent space analysis
can determine how Al-based models organise and utilise information,
which aids in diagnosing biases and can potentially be used to identify
previously unknown relationships in the atmosphere.
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An important question in the context of explainable Al is how to
probe whether an Al-based model is getting the right answer for the
right reason. While traditional physics—based models represent explicit
physical equations which adhere to the typical atmospheric balances
(such as mass conservation and geostrophic balance), Al-based models
learn from data without enforcing such constraints directly. This can
lead to issues where Al-based models are not guaranteed to conserve
energy or maintain other physical balances, which then makes it difficult
to identify the reasons behind potential forecast errors or failures (or
indeed successes).

Stable evaluation benchmarks in the face of rapid development. Evaluation
of Al-based models is a moving target as development of these models
is very quick so the community needs to have tools to able to assess
these things that can be applied to newly published models or model
versions in both a timely and systematic manner. A set of standard scores
for instance that can be tracked over time would provide a very useful
picture of the Al-based model development. Likewise, basic physical
consistency checks can be used to validate and gain trust in Al-based
model output, but appropriate tools need to be provided to calculate
these.

Physical conservation, physical structure, physical realism. Classical NWP
models are designed to possess many of the fundamental balances and
conservation laws of the climate system as innate behaviour, while for
Al-based forecasts these are acquired traits. Failure of a classical NWP
model to exhibit a balance it has been designed to obey is a sure sign that
the model does not work as intended, and that an error has been made
at some point in the design or implementation.If a classical NWP model
fails to exhibit a physical balance that was originally built into the de-
sign of that model, we can be certain that the model does not work as
intended, and that an error has been made at some point in the design
or implementation. In Al-based forecasts the situation is more com-
plicated. Assessing whether a model shows certain balances (or more
generally exhibits certain dynamical behaviour) must be done through
evaluation, including but not limited to case studies. Yet in Al-based
forecasts there is generally less reason to believe that such a case study
generalises than in classical models based on physical reasoning. We can
check whether the model shows the required behaviour in the available
case studies but unlike as in classical models there are no structural guar-
antees, and we cannot be sure an Al-based model will behave correctly
in all future cases.

In Charlton-Perez et al. (2024), Al-based models and NWP models
are compared in their ability to forecast the case study of Storm Ciardn, a
rapidly deepening extratropical cyclone in November 2023 that brought
record low pressure and severe winds the UK and Europe. Whilst the AI-
based models generally got the cyclone’s track correctly, they were un-
able to capture the intensity of wind speeds in the storm. Furthermore,
whilst the Al-based models did well on the large scale structure of the
storm, the physical structure and realism of high impact mesoscale fea-
tures was insufficient, both when compared to observations as well as
to NWP models, even those with similar resolution. This left a mixed
message for the performance of Al-based models. Charlton-Perez et al.
(2024) noted that storms with genesis similar to Ciaran’s are common
even in a relatively short ERA5 record. It remains an open question as
regards how Al-based models perform for storms that are have less usual
dynamics.It remains an open question as to how Al-based models per-
form for storms that exhibit very unusual dynamics and are therefore
rare in the training data record.

A “critical theory” of AI-based model verification. Any purveyor of fore-
cast information (private or public) clearly has an incentive to overrate
the performance of the forecasts, especially if the purveyor is unlikely
to face repercussions if (typically after some time) the forecast turns out
to perform worse in the face of real data than was previously adver-
tised. Using “objective” metrics or scores does not completely remove
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the ability to produce overly optimistic performance assessment. The
assessment may focus on performance measures, forecast variables, and
forecast periods which present the forecasting system at its best and then
unduly generalise the results (or fail to highlight the limitations of the
assessment). Furthermore, also “objective” metrics may favour certain
properties of the forecast which are not necessarily of interest or of ben-
efit to the user. Although these concerns apply to all kinds of forecasts,
the fact that Al-based forecasts tend to exhibit a smoothing effect which
gets worse with lead time is probably a manifestation of this.

It is clear that Al-based models should also be assessed with criteria
against which they do not perform very well. It is not so clear however
how such criteria would be identified. Geographical areas for instance
that have a problem (e.g. rain over desert areas that would not be ex-
pected) are typically identified through visual inspection by skilled in-
dividuals. Therefore it does not seem straight forward to put this into a
general framework or set of metrics.

Community building. There is a need for revising the agenda of the
forecast verification research community, for widening the community
across several discipline boundaries, and for potentially adopting new
paradigms and methods. Learning from other domains and in particular
ML experts clearly needs to be facilitated. Furthermore, forecast verifi-
cation is important in other fields (such as finance and econometrics)
and we might need to learn from those communities, in particular as
Al-based forecasts are becoming more prevalent in other fields, too.
Verification of Al-based forecasts is now part of the mission of the
WMO Working Group on Forecast Verification Research for instance,
which may help further developments within the community. As already
mentioned in Section 3, operational weather centres should continue to
support the community and research into the verification of Al-based
forecasts, if only to ensure a level playing field with their private and
public counterparts, the list of which is likely to grow in the future.
Potential activities could include:

1. Workshops and annual meetings;

2. Regular publications of benchmarks and recommendations for veri-
fication;

3. Cross—disciplinary workshops to explore transferable verification
techniques, and to connect with ML experts to foster collaboration
and knowledge exchange;

4. Organize hackathons, prediction competitions, and collaborative
projects to encourage community participation;

5. Attract joint funding and secure resources in particular to coordinate
and develop benchmark datasets.

5. Take-home points and current developments

It is hard to draw final conclusions in the wider context of Al-based
weather models due to the rapid evolution of the field. We have however
identified key take-home points we feel will be integral to verification
of Al-based forecasts in the near future:

1. Al-based forecasts require at least as comprehensive evaluation as
classical physics-based forecasts; arguably, the evaluation has to be
more comprehensive as our understanding of Al-based forecasts is
currently much less complete than for classical forecasts.

2. Physical realism, balances, and dynamical consistency is not an in-
nate property of Al-based forecasts but at best an acquired trait. Sta-
tistical evaluation and case studies can assess the dynamical proper-
ties of Al-based forecasts but as long as we do not fully understand
the internal mechanisms of Al-based forecasts, we have less guaran-
tee that a specific Al-based model is able to reproduce the dynamics
not only of common and frequent features but also in less common
situations. Advances in explainable Al in Al-based forecasting sys-
tems would help building this confidence.

3. Benchmarks have proved to be invaluable for progress in various
machine learning contexts, and weather forecasting is no exception.
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There is much room for further development though, and an enor-
mous opportunity for the community of academics and practitioners.
A diverse set of easily available verification benchmarks is bound to
spurn further experimentation and development in Al-based fore-
casts. Finally, AI will increasingly be subject to legislatory regula-
tion, and the community has an important role to play with regards
to both coping with and shaping that legislation.

Current developments, open questions and future research. This paper dis-
cusses needs for verification of Al-based forecasts, building on discus-
sions about the verification of Al-based models which took place in
June 2024, in the context of a fast-evolving field of research. Since then,
progress has been made in Al for weather forecasting, with several note-
worthy developments. For example, Al-based models for ensemble fore-
casting have been developed that generate ensemble members with very
little smoothing effect (Lang et al., 2024b; Price et al., 2025). Ensem-
bles with large sizes have been explored in Mahesh et al. (2025), and
precipitation is becoming a diagnostic variable more commonly issued
by Al-based models (Lam et al., 2023; Lang et al., 2024a). Additional
benchmark datasets have been developed with various targets and ob-
servation reference (Jin et al., 2024; Radford et al., 2025), and Al-based
models trained directly from observations have been developed (Mc-
Nally et al., 2024; Alexe et al., 2024; Allen et al., 2025). Along with
these developments goes tremendous progress specifically in the field
of evaluation of Al-based forecasts. Future Ver—Al workshop editions
will also serve as a platform to continue the advancement of verifica-
tion of Al-basedforecasts, as outlined in this vision paper.

We leave the reader with some open questions (sometimes with ad-
ditional notes) to consider for future research that may play central roles
in verification of Al-forecasting.

1. Is there a circularity in using one and the same scoring rule to first
train the Al-based forecast model and then evaluate it? Would using
a variety of metrics be preferable, in particular different metrics for
training and verification, or would this constitute an unfair disad-
vantage?

2. Al is increasingly being used in longer-term simulations such as cli-
mate emulators or hybrid Al-physics models on longer horizons. Here
they may be increasingly used in policy decisions where verification
is also harder. What adaptations are needed to verify data-driven
models and hybrids when used in longer-term seasonal or climate
simulations? What do we expect from Al-based forecasts on longer
time scales such as seasonal or climate?

3. In the days when computing power was much more expensive,
multi-model ensembles were sometimes the only way of generating
heterogenous forecasts (hence the epithet “poor man’s ensemble”).
The ability to produce very large ensembles very cheaply is one of the
main advantages typically advertised of Al-based forecasts (and ex-
plored e.g. in Mahesh et al., 2025), and thus the need for poor man’s
ensembles seems to have disappeared (see Brocker and Kantz, 2011,
for the implications of exchangeable vs non-exchangeable ensem-
ble members). There might still be an advantage though of using
multi-Al-based forecast model ensembles, for instance to asses struc-
tural uncertainties. The argument is that the individual strengths of
each model will be present in the “supermodel”, although this clearly
needs to be investigated further.
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4. Selz and Craig (2023) found that Al-based forecasts do not exhibit
rapid error growth, and therefore do not simulate sufficiently the
chaotic dynamics of the atmosphere. Understanding better how er-
rors propagate in Al-based models and how to verify the sensitivity
to initial conditions of these models could be a goal of future re-
search.

5. Training on synthetic data may help improve performance of AI-
based forecast models, for instance with regards to extreme events.
Such gains might come at a price, so how should verification stan-
dards account for the use of synthetic data, given its potential to im-
prove extreme-event prediction but also risk degrading performance
elsewhere?
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Appendix A. Programme of the Ver-AI workshop 2024

Time Speaker Title
June 23rd:
13.10 Simon Lang The AIFS: ECMWEF’s ML forecasting
(ECMWF) system
13.50  Simon Driscoll Do Al models produce better
(Reading) weather forecasts than physics-based
models? A quantitative evaluation
case study of Storm Ciaran
14.20 (Discussion)
15.40 Tobias Necker The fractions skill score for ensemble
(ECMWF) forecast verification
16.20 Anna-Louise Ellis Ethics, “Explainability” and XAI
(Met Office)
16.50 Lewis Blunn The use of citizen weather stations
(Met Office) and urban flux observations in
training and evaluating machine
learning models
June 24th:
9.30 Zied Ben Forecast realism: a new verification
Bouallegue mantra?
(ECMWF)
10.00 Martin Leutbecher Ensemble size dependence of the
(ECMWF) logarithmic score for forecasts issued
as multivariate normal distributions
10.40 (Discussion)
13.00 Nkuiate Harris Sop ~ Evaluating Probabilistic Forecasts in
(Exeter) the Presence of Observation Error
13.40 Etienne Roesch Computational reproducibility
(Reading)
15.30  Cedric Mesnage Stability of Al models and transfer
(Exeter) learning
Poster Jose M. Rodriguez Development of systematic errors in
(Met Office) the East Asian summer monsoon
Poster Yoshinori Tashiro Evaluation of Al-driven weather
(Reading) forecasts of extreme wind events in
Europe
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