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Abstract

Machine-learnt weather prediction (MLWP) models are now well established as being competitive with conventional
numerical weather prediction (NWP) models in the medium range. However, there is still much uncertainty as to how
this performance extends to longer timescales, where interactions with slower components of the earth system become
important. We take GenCast, a state-of-the-art probabilistic MLWP model, and apply it to the task of seasonal forecasting
with prescribed sea surface temperature (SST), by providing anomalies persisted over climatology (GenCast-Persisted) or
forcing with observed SSTs (GenCast-Forced). The forecasts are compared to the European Centre for Medium-Range
Weather Forecasts seasonal forecasting system, SEASS. Our results indicate that, despite being trained at short timescales,
GenCast-Persisted produces much of the correct precipitation patterns in response to El Niflo and La Nifia events, with
several erroneous patterns in GenCast-Persisted corrected with GenCast-Forced. The uncertainty in precipitation response,
as represented by the ensemble, compares favourably to SEASS5. Whilst SEASS achieves superior skill in the tropics for
2-metre temperature and mean sea level pressure (MSLP), GenCast-Persisted achieves higher skill in some areas in higher
latitudes, including mountainous areas, with notable improvements for MSLP in particular; this is reflected in a slightly
higher correlation with the observed NAO index. Reliability diagrams indicate that GenCast-Persisted has little skill rela-
tive to climatology, whilst GenCast-Forced produces forecasts with reliability comparable to SEASS. These results provide
an indication of the potential of MLWP models similar to GenCast for the ‘full’ seasonal forecasting problem, where the
atmospheric model is coupled to ocean, land and cryosphere models.
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1 Introduction could be used to forecast to longer horizons, specifically out
to seasonal timescales.

Recent years have seen a proliferation of machine-learnt Since current MLWP models do not have an interactive

weather prediction (MLWP) models that are competitive
with conventional physics-based models at medium-range
weather forecasting, for both deterministic (Lam et al. 2023;
Bi et al. 2023; Allen et al. 2025) and probabilistic forecasts
(Price et al. 2025; Lang et al. 2024). So far, these models
have focused mainly on short- to medium-range weather
forecasts. A natural question to ask is whether these models
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ocean, seasonal forecast experiments using these models
must currently prescribe an evolving ocean state as a bound-
ary condition. In this context, a seasonal forecast experi-
ment primarily tests the ability of the MLWP atmosphere
to respond correctly to the changing ocean state. There are
several benefits of such an experiment. Firstly there is the
practical aspect of evaluating how skilful these models are
at seasonal timescales; if successful, then MLWP forecasts
would offer a means to efficiently generate large seasonal
forecast ensembles and potentially produce more skilful
and reliable forecasts. Rolling out to longer timescales also
serves as a useful test of the physical realism of models, and
how well they generalise to tasks they are not trained on.
Seasonal forecasting in particular is a test of how well the
MLWP model has learned to respond to other Earth system
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components such as the ocean. Such applications to differ-
ent tasks can build trust in the output of these models, and
provide insight into how general purpose the models can be.
It can also reveal undesirable behaviours of MLWP mod-
els that are not apparent at shorter timescales. For example,
these experiments allow an assessment of how stable the
models are at long timescales, which is important since sev-
eral are known to become unstable and produce unrealistic
values outside of the 14-day horizon (e.g. Karlbauer et al.
(2024)). Finally, it is of direct scientific interest to under-
stand to what extent accurately simulating short timescale
weather phenomenon automatically allows longer timescale
variability to be accurately simulated as well; such under-
standing has direct implications for, e.g., the ‘seamless pre-
diction’ framework (Palmer et al. 2008; Christensen and
Berner 2019), wherein one tries to use information about
short-term weather forecasts to constrain climate projec-
tions in models.

In order to perform forecasts beyond the medium range,
there are two main approaches to consider. In the ‘direct’
approach, a machine learning model is trained to directly
predict the forecast variables at the lead times of interest.
There are several studies that apply this approach to subsea-
sonal to seasonal (S2S) forecasting (up to around 6 weeks
lead time, Delaunay and Christensen 2022; Nguyen et al.
2023; Liu et al. 2025) and seasonal forecasting (Pinheiro
and Ouarda 2025). As an alternative to forecasting the atmo-
sphere, others have demonstrated how machine learning
models can predict key drivers of seasonal variability such
as the El Nifio/Southern Oscillation (ENSO) index (Ham
et al. 2019; Parthipan et al. 2025).

Alternatively, we can adopt an ‘autoregressive’ approach,
by which we mean a model that makes predictions at a daily
or sub-daily level, and is rolled out to seasonal timescales.
In this approach it is hoped that a MLWP model trained at
relatively short timescales will learn the correct physical
interactions in order to create the correct behaviour at longer
timescales. There are several studies applying this approach
for S2S timescales (Chen et al. 2024; Li et al. 2025; Chen
et al. 2024; Weyn et al. 2024; Ling et al. 2024; Zhou et al.
2025). However, to our knowledge, this autoregressive
approach has been tested on seasonal timescales in only two
works: Kent et al. (2025) use the ACE2 model (Watt-Meyer
et al. (2025)) to perform seasonal forecasts, with a model
that is forced with SST and sea ice cover anomalies, where
ensembles are created using a lagged ensemble approach.
Zhang et al. (2025) perform seasonal hindcasts with Neural-
GCM (Kochkov et al. 2024), similarly using persisted SST
and sea ice anomalies, with a focus on forecasting tropical
cyclone activity, and creating ensembles using initial con-
dition perturbations. We note that both ACE2 and Neural-
GCM were designed with climate applications in mind.
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In this work, we are are interested in further exploring
the autoregressive approach applied to seasonal forecasting,
since it provides an interesting test of the kind of physical
relationships that MLWP models can learn having being
trained at short timescales. It is also a useful precursor to
assess how different models could extend to climate times-
cales. We use GenCast (Price et al. 2025), a recently devel-
oped probabilistic model that achieves state-of-the-art skill
in the medium range, and explore how well it performs at
the task of seasonal forecasting over a four month period
with prescribed sea surface temperatures. Our setup mirrors
that of Kent et al. (2025) and Zhang et al. (2025) in that
persisted SST anomalies are used as boundary condition,
although we also consider a forced setup where ERAS SSTs
are provided, in order to assess where forecast skill is lim-
ited by factors beyond the ocean representation. Aside from
being the first application of GenCast to forecasting beyond
the medium-range, our work complements existing studies
in several ways. Firstly, GenCast is a probabilistic model,
which in theory can learn to directly predict the correct con-
ditional probability distribution. We may therefore expect
it to produce a more reliable ensemble compared to initial
condition or lagged ensembles. GenCast was also designed
specifically for the medium-range, unlike NeuralGCM and
ACE2. Evaluating the model on seasonal timescales may
reveal biases in GenCast that are not apparent at short lead
times, and evaluates whether a model designed purely for
the medium-range can possibly generalise to longer times-
cales. Finally, given the relatively small number of studies
for seasonal prediction using autoregressive models, it is a
useful additional case study, to explore any potential ben-
efits or disadvantages of using a different model.

2 Methods
2.1 Machine learning model

GenCast makes predictions at 12hr time steps, for 6 surface
variables, and 6 variables at 13 pressure levels. We use the
1° model since the GPU available to us was not large enough
to fit the 0.25° version. GenCast receives no inputs related
to the land surface (e.g. soil moisture) and, unlike ACE2
and Neural GCM, does not take information about sea ice
as an input. Each GenCast forecast is initialised on the 1st
November, and rolled out until the end of the following Feb-
ruary. We initialise the forecasts on years 1994-2024; this is
to incorporate as much data as possible that is completely
unseen by GenCast (2019-2024), as well as incorporating
years with a range of different conditions. Note that, even
though the years 1994-2018 are within the training period
for GenCast, by rolling the forecast out autoregressively
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to seasonal timescales, we are still exposing the model to
inputs it has not seen before. These years can therefore also
be considered out-of-sample for this experiment. In order
to verify that this is a reasonable assumption, globally aver-
aged CRPS scores were calculated for each of the initialisa-
tion years (Fig. S1 in Supplementary Information), which
showed no obvious degradation in CRPS scores over the
out-of-sample period compared to the training period.

GenCast is run with two different ocean boundary condi-
tions. The first setup, GenCast-Persisted, persists the ERAS
anomalies at 1st November on top of the SST climatology
for the duration of the forecast, similarly to the approach
in Kent et al. (2025) and Zhang et al. (2025), based on the
approach in Zhao et al. 2010. This setup is closest to a fore-
cast setup, where the real sea surface temperatures are not
known in advance. The climatology used for this experi-
ment is the daily SST climatology calculated over the ERAS
data from 1¥' January 1979-12th December 2018. The sec-
ond setup, GenCast-Forced, uses ERAS sea surface temper-
ature as input to GenCast. This serves as a useful indicator
of where skill or reliability might be improved by a more
accurate representation of the ocean.

2.2 Data

The ERAS reanalysis dataset (Hersbach et al. 2020) is used
as the ’ground truth’ for 2-metre temperature and mean sea
level pressure, since this is the dataset GenCast is originally
trained on. For precipitation, we compare with the Global
Precipitation Climatology Project (GPCP) version 3.2
monthly dataset (Behrangi et al. 2024); note that this dataset
only has temporal coverage up until December 2023, so pre-
cipitation verification is performed over initialisations on 1%
November from 1994-2022. Climatology for each dataset
is estimated by averaging the forecasts and observations by
month over the 30-year period.

As a baseline forecast, we use the European Centre for
Medium Range Weather Forecasts (ECMWF) SEASS fore-
casts (Johnson et al. 2019). For both SEASS and the Gen-
Cast experiments we use 20 ensemble members. Data is
aggregated to give an average value for the boreal winter
(December-February), and is detrended when calculating
the anomaly correlation coefficient and reliability diagrams
to remove the climate change signal. Subregions are chosen
to explore the precipitation distribution response to El Nifio
/ La Nifia in Sect. 3.1.1, taken from the regions in Davey
et al. (2014) for which there is a wetting or drying signal
over December-February for both types of events. The sub-
regions (using the same naming conventions as in Davey
et al. (2014)) are Indonesia ([10°S-5°N, 100°-130°E]),
SSAfrica ([28°-18°S, 18°-33°E]) and MexUSA ([30°-35°N,
120°-90°W]). Averages are taken over land points only,

with the exception of Indonesia which includes land and sea
points.

2.3 NAOindex

We calculate the North Atlantic oscillation (NAO) index as
the difference in mean sea level pressure for a region around
the Azores ([28-20°W, 36-40° N]) and around Iceland ([25-
16° W, 63-70° N]), following Dunstone et al. (2016). The
NAO series for each forecast is centred by subtracting the
mean NAO value for that series over the 30-year period.
Each series is then normalised by dividing by the standard
deviation of the NAO index calculated on ERAS data.

2.4 Tests of significance

In order to test where anomaly correlations 7, are signifi-
cantly greater than 0, we use a one-sided t-test of the test
statistic 7, (n — 2)%/2/(1 — r2)*/2 (Von Storch and Zwiers
1999), where 7 is the number of years used to calculate the
result. In order to test where there is a significant difference
between the anomaly correlation of two different forecasts,
we follow the approach outlined in Siegert et al. (2017),
which accounts for the fact that the two forecasts are them-
selves correlated. All significance results are reported at the
95% confidence level.

2.5 Reliability diagrams

To calculate the reliability diagrams, the forecasts and
observations are separately detrended in order to remove
any climate change signal. Terciles are then calculated for
each grid cell individually, allowing a calculation of prob-
abilities for each grid cell separately.

3 Results
3.1 Process-based analysis

In this subsection, we evaluate GenCast’s ability to fore-
cast key processes in the Earth system. We begin by looking
at El Nifio-Southern Oscillation (ENSO) via a case study
of two years with strong El Nifio or La Nifia conditions.
Since ENSO is one of the key ocean-related drivers of atmo-
spheric variability (McPhaden et al. 2006), it is important
that MLWP models can model the atmospheric response —
both mean and variability — correctly. We then look at how
well GenCast can predict the North Atlantic Oscillation,
which is an important driver of weather and climate vari-
ability in Eurasia and North America (Hurrell et al. 2003)

@ Springer
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3.1.1 El Nifio and La Nifa case studies

In order to gain insight into how GenCast responds to sea
surface temperature anomalies, we investigate precipitation
forecasts produced when initialised in a year with strong El
Niflo or La Nifia conditions. The periods chosen are Decem-
ber 2010—February 2011 (strong La Nina conditions) and
December 2015-February 2016 (strong El Nifio conditions),
selected as they are the years with strongest ENSO signal.
Whilst these periods are within GenCast’s training period,
this still represents an out-of-sample experiment since we
are rolling GenCast autoregressively out to seasonal times-
cales far beyond the model’s short training timescales. The
resulting ensemble mean 12hr precipitation anomalies for
December-February are shown in Figs. 1 and 2, using 20
ensemble members for both SEASS and GenCast, and com-
pared with GPCP.

For the 2010-2011 La-Nifa forecast anomalies shown in
Fig. 1, we can see that both GenCast-Persisted and Gen-
Cast-Forced (panels b and c) produce a distinct pattern of
drying over the tropical Pacific and wetting over the mari-
time continent, in agreement with GPCP and SEASS (panels
a and d). Some difference can be seen between GenCast-
Persisted and GPCP; e.g. there are additional wetting sig-
nals in the Hudson Bay, eastern Pacific, and Indian Ocean,

(a) GPCP

although these are removed with GenCast-Forced. Both
GenCast forecasts also capture the correct pattern of dry-
ing and moistening associated with La Nifia away from the
Pacific basin, for example over South America, and over
central and southern Africa.

For the 2015-2016 El Nifio forecast anomalies in Fig. 2,
we broadly see an agreement in the pattern of wetting and
drying over the tropical Pacific and maritime continent for
all models. The shape of the wetting signal in the tropical
Pacific and tropical Atlantic for GenCast-Persisted (panel b)
is however quite different to observations, and the model
predicts too much drying over the maritime continent; how-
ever, these artefacts are removed when moving to GenCast-
Forced (panel c). Both GenCast models appear to show a
slightly more accurate representation of the wetting and
drying pattern in the northern Atlantic. Both GenCast mod-
els also seem to produce a correct rainfall response in South
America, with drying over Brazil and wetting over Argen-
tina, in agreement with the observations. However, in this
instance SEASS predicts a wetting signal over the Amazon
region and southern Brazil that is not consistent with obser-
vations. Similarly, over South Africa all models show a dry-
ing response consistent with observations.

Apart from the ensemble mean prediction, it is also impor-
tant to check that the ensemble distribution is reasonable

(b) GenCast-Persisted
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Fig. 1 Seasonal 12hr precipitation anomalies for December 2010—February 2011 (Strong La Nifna). Red boxes indicate the subregions used in

Fig. 3
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Fig.2 As for Fig. 1, but for December 2015—February 2016 (Strong El Nifo)

compared to the physical forecast and observations. In
Fig. 3 we show the distribution across the ensemble of 12
hour precipitation anomalies averaged over several regions,
chosen from Davey et al. (2014) as areas with a notable
response to El Nifio and La Nifia in December-February (see
Sect. 2.2). Overall we can see that GenCast-Persisted and
GenCast-Forced produce distributions of a similar spread
and mean value to SEASS, with clear shifts across the 0
anomaly line between the La Nifia and El Nifio years, and
such that the ERAS5 data point (black line) lies within each
of the distributions. For Indonesia in panels a and b (wetter/
drier during La Nifa/El Nifio), we can see that the the bulk
of the forecast distributions fall on the expected side, with
GenCast-Persisted having the greatest variation between El
Nifio and La Nifia, whilst the SEAS5 and GenCast-Forced
distributions are fairly similar. For MexUSA in panels ¢ and
d (drier/wetter during La Nifia/El Nifio), all models show a
shift to increased precipitation moving from La Nifia to El
Nifio conditions, with GenCast-Persisted showing a particu-
larly pronounced drying signal during the La Nifia year. For
SSAfrica in panels e and f (wetter/drier during La Nifia/El
Nifio), all forecasts show clear drying and wetting signals,
with similar shaped distributions, although GenCast-Forced
showing a particularly pronounced drying signal during the
El Niflo year.

In summary, GenCast is able to capture the observed
response to these two strong ENSO events, indicating that
it has learned to correctly replicate some of the atmospheric
response to sea surface temperature, despite this interaction
not being a dominant driver in skill at the timescales it was
trained at. This is also reflected in the change in distribution
of precipitation averaged over several subregions; there is a
clear shift in all of the forecast distributions that reflects the
expected wetting and drying behaviour for each subregion
in response to the ENSO conditions, and the distributions of
both GenCast-Persisted and GenCast-Forced show similar
spread and mean to the SEASS distribution.

3.1.2 NAO prediction

In this section we evaluate how well GenCast predicts the
North Atlantic Oscillation (NAO). The predictions of the
NAO index are shown in Fig. 4, where each time series
has been centred by subtracting its mean over the 30 year
period, and normalised by dividing by the standard devia-
tion of the index calculated on ERAS data.

SEASS systematically underestimates the variability of
NAO values compared to observations, with a correlation
of just 0.20 (not significant at the 5% level). The underes-
timation of the magnitude of NAO variability is related to

@ Springer
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Fig. 3 Kernel density estimate for the distribution of DJF 12hr precipitation anomalies, averaged over each of the subregions shown in Figs. 1 and
2 (rows), and for each of the La Nifia and El Nifio case studies (columns). In each plot the ERAS value is shown in black

the so-called ‘signal-to-noise’ problem, a problem shared
by all physical models capable of performing skillful NAO
forecasts (Scaife and Smith 2018; Johnson et al. 2019).
Interestingly, the MLWP forecasts share the same issue,
consistent with the result of Watt-Meyer et al. (2025). With
regards to the skill, GenCast-Persisted obtains a slightly
higher correlation of 0.27 than SEASS does over this time
period, although also not significant at the 5% level. There
is a reasonable improvement realised with GenCast-Forced

@ Springer

(significant correlation of 0.43), consistent with the
increased skill seen for the MSLP over the North Atlantic
in Sect. 3.2.1. It is interesting to note that for the extremely
negative NAO event of 2009/2010, both GenCast models
also show an unusually negative NAO relative to the rest of
the series, particularly GenCast-Forced, whilst the SEASS
prediction is close to zero.

We emphasise that there is a crucial caveat to the above
results, namely a strong sensitivity to ensemble size. When
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Fig. 4 NAO Index calculated from the mean sea level pressure predic-
tions of GenCast, aggregated by season. Error bars indicate the spread
of the ensemble members. Numbers in brackets are the Pearson cor-

using all 51 available members, the NAO correlation
achieved by SEASS is higher, at 0.43 (Johnson et al. 2019).
Such sensitivity of NAO correlations to ensemble size are
well known, and given multiple 20-member ensembles from
the same model one can expect the correlations obtained to
vary randomly by around 0.2 or more: see, e.g., Dunstone
etal. (2016), their Figure 2c. This same figure also highlights
that skill with 50 or more members is expected to be nota-
bly higher than with 20 members, and thus our 20-member
ensemble will likely underestimate the real skill, consistent
with the higher correlation of 0.43 reported for SEASS in
Johnson et al. (2019). With only 20 members it is there-
fore difficule to make a strong statement about the relative
performance of GenCast-Persisted, GenCast-Forced and
SEASS when it comes to the NAO. The main takeaway here
should therefore probably just be that GenCast has a compa-
rable performance to SEASS.

3.2 Assessment of skill
3.2.1 Anomaly correlation
In this section we evaluate the skill of GenCast in predict-
ing seasonal 2-metre temperature (T2m) and mean sea level

pressure (MSLP), using the anomaly correlation coefficient
(ACC). Before calculating the correlation, all anomalies at

relation of each time series with ERAS, including an estimated p-value
(one-sided t-test)

each grid cell are detrended to remove any climate change
signal.

The ACC results for T2m are shown in Fig. 5. Panels a
and c show that there are similar patterns of skill for Gen-
Cast-Persisted and SEASS, with both generally achieving
higher correlation in the tropics. The correlations close to 1
for GenCast-Forced over the ocean (panel b) show that Gen-
Cast is using the SST input appropriately to set the 2-metre
temperature, whilst the low skill over much of the land
points highlights the need for more land surface information
in GenCast’s inputs. Figure. 5 (d) confirms that there is no
significant difference between the skill of SEASS and Gen-
Cast-Persisted over large parts of the extratropics, though
SEASS is significantly more skilful over tropical ocean
regions, particularly around the maritime continent, as well
as the northern and southern Pacific. In contrast, GenCast-
Persisted outperforms SEAS5 over some mountainous
regions including the Andes and the Himalayas. It is also
interesting to note that GenCast-Persisted shows a slight
improvement in the North-West Atlantic, a feature attributed
to how SEASS captures the variability of the North Atlantic
subpolar gyre (Johnson et al. 2019). There also appear to be
slight improvements over land in eastern Europe, western
Russia, and northern Greenland, which is perhaps surprising
given GenCast does not model land processes.
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Fig. 5 Anomaly correlation coefficient (ACC) for DJF 2-metre temperature, for forecasts initialised on 1% November 1994-2024. Higher ACC
indicates more skill. Hatching indicates where correlations or correlation differences are significant at the 95% level (see Sect. 2.4)

Table 1 Area-weighted average anomaly correlation coefficient results
by region.

T2m T2m Northern ~ T2m Southern
Tropics Extratropics Extratropics
GenCast-Persisted  0.63 0.37 0.49
GenCast-Forced 0.85 0.56 0.83
SEASS5 0.76 0.40 0.63
MSLP MSLP Northern MSLP
Tropics Extratropics Southern
Extratropics
GenCast-Persisted ~ 0.62 0.28 0.51
GenCast-Forced 0.69 0.30 0.56
SEAS5 0.77 0.28 0.57
12hr Precip 12hr Precip 12hr Precip
Tropics Northern Southern
Extratropics Extratropics
GenCast-Persisted ~ 0.30 0.14 0.22
GenCast-Forced 0.40 0.17 0.29
SEASS 0.39 0.14 0.27

Since GenCast does not does not receive any information
about the sea ice, such as ice concentration or temperature,
we might expect significant differences over areas of high
sea ice concentration. Whilst SEASS does seem to per-
form significantly better over some of the Ross and Laza-
rev seas, GenCast-Persisted generally shows comparable
skill in other regions such as the Weddell Sea and the Artic
ocean. The area-weighted ACC results for T2m for differ-
ent regions are shown in Table 1. From this we can see that
overall GenCast-Persisted performs comparably to SEASS
in the northern extratropics, with larger differences seen in
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the tropics and southern extratropics (differences in correla-
tion of 0.13 and 0.14 respectively).

The ACC results for MSLP are shown in Fig. 6. Again
all forecasts show similar patterns of skill, with SEASS
significantly outperforming GenCast-Persisted over much
of Africa, South America, around Japan, the Indian Ocean,
western tropical Pacific and tropical Atlantic (panel d).
There are, however, several areas in the midlatitudes where
GenCast-Persisted appears to improve upon SEASS, such
as over Siberia, the northern Pacific, the North Atlantic
ocean and several areas in the Southern Ocean. There is a
less pronounced difference between GenCast-Persisted and
GenCast-Forced for MSLP, suggesting that an accurate rep-
resentation of the ocean is not sufficient to achieve much
higher skill for this field, or perhaps reflecting the impor-
tance of atmosphere-ocean coupling in these regions. The
area-weighted ACC results for MSLP aggregated by region
are shown in Table 1. From this we can see that differences
in skill between GenCast-Persisted and SEASS are concen-
trated in the tropics, with the two models performing simi-
larly in the extratropics.

Results for 12hr precipitation are shown in Fig. 7 (a)-
(d). GenCast-Persisted (panel a) shows correlation val-
ues close to 1 over the tropical Pacific, with other notable
areas of skill such as East Africa, South America, around
the Gulf of Mexico, eastern China, and around the mari-
time continent. The most prominent differences for Gen-
Cast-Forced (panel b) are the improvements in skill over
the tropical Atlantic and Indian Ocean, with the pattern of
skill being otherwise quite similar, and similar patterns of
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Fig.7 As for Fig. 5 but for 12hr precipitation, and using GPCP data in the range 1994-2022

skill seen for SEASS (panel ¢) and GenCast-Forced (panel
b). The difference in skill between GenCast-Persisted and
SEASS (panel d) is quite noisy, but there appear to be some
areas of higher skill for SEASS in the tropics, particularly
the Indian Ocean and tropical Atlantic. This is reflected
in area-weighted ACC results for 12-hour precipitation in
Table 1. From this we can see a difference in correlation of
~ (.1 between GenCast-Persisted and SEASS in the trop-
ics, whilst the two models have similar skill in the extra-
tropics. GenCast-Forced achieves similar skill to SEASS in

the tropics, suggesting that a more realistic representation of
the ocean would improve GenCast’s skill in this area. The
skill of GenCast-Forced in the tropics is presumably in part
driven by its ability to simulate the ENSO response accu-
rately as seen in Sect. 3.1.1. In the extratropics, GenCast-
Forced seems to improve upon GenCast-Persisted mainly in
the southern hemisphere.
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3.2.2 Reliability of the ensemble

For any probabilistic forecasting system it is important that
the forecast probabilities are good indicators of how likely
an outcome is, in order for the forecast to have value to
decision makers. Whilst the skill of a probabilistic forecast
can be summarised by one of many forecast skill metrics,
a reliability diagram provides a fuller insight into the joint
probability distribution of the forecast and observations for
a particular binary event of interest (Wilks 2011; Hsu and
Murphy 1986). Reliability diagrams for T2m, 12-hr pre-
cipitation, and MSLP anomalies are shown in Figs. 8-10,
where in each plot we compare the forecast probability and
observed frequencies of the seasonal value being below the
lower tercile (panels a-c) or above the upper tercile (d-f).
In each plot, the dashed line indicates the line of perfect
reliability, where forecast probabilities correspond exactly
to observed probabilities, whilst the horizontal black line
indicates the line of ‘resolution’, where observed frequen-
cies equal the climatological event frequency for all forecast
probabilities. The intermediate black line indicates where
the resolution equals reliability (Wilks -2011), below which
the forecast does not have superior skill to climatology.

For T2m, the reliability diagrams for GenCast-Persisted,
in Fig. 8 (a) and (d), show that the forecast lies closely to

(a) GenCast-Persisted T2m q<0.33

(b) GenCast-Forced T2m gq<0.33

the no-skill line, therefore showing that the forecasts are
not more skillful than climatology. In contrast, SEASS,
shown in panels (c) and (f), gives forecast probabilities
more closely aligned with the observed frequencies for both
events. For GenCast-Forced, shown in panels (b) and (e),
we can see that the reliability becomes more aligned with
the dashed line, particularly for the upper tercile events; this
indicates that GenCast combined with a realistic representa-
tion of the ocean variability may be enough to produce a
well-calibrated probability distribution of these events.

For MSLP in Fig. 9, GenCast-Persisted shows some skill
for upper tercile events at forecast probabilities above 0.6
(panel d), but no skill for lower tercile events. GenCast-
Forced improves on this a little in both cases (panels b and
e), but does not reach the same skill level as SEASS (panels
c and f), particularly for the upper tercile events.

For 12-hour precipitation in Fig. 10, again we see that
GenCast-Persisted (panels a and d), lies along or below the
no-skill line, with skill particularly low for upper tercile
events. Whilst SEASS and GenCast-Forced seem to improve
reliability for events with forecast probabilities above 0.6,
both forecasts are still concentrated along the no-skill line.
This indicates that, whilst there may be some improvements
for certain events, realistic ocean input is not sufficient to
improve the reliability of precipitation forecasts.

(c) SEAS5 T2m g<0.33
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(a) GenCast-Persisted MSLP q<0.33

(b) GenCast-Forced MSLP q<0.33

(c) SEAS5 MSLP g<0.33
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Fig.9 As for Fig. 8, except for mean sea level pressure anomalies
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Overall, whilst GenCast-Persisted does not achieve the
same reliability as SEASS, and is often of similar skill to
climatology, GenCast-Forced achieves similar reliability to
SEASS. This indicates that the uncertainty quantification
learned by GenCast over short timescales is realistic when
conditioned on an accurate ocean representation, even when
rolled out to timescales beyond which the model was trained
on.

4 Model drift and trends

An important consideration for seasonal forecasts is the
extent to which the models change over time. In this sec-
tion we briefly examine the drift of the GenCast and SEASS
forecasts, as well as the trend in 2-metre temperature.

To begin with, we explore the long-term trend of the
seasonal predictions of 2-metre temperature. GenCast-Per-
sisted and GenCast-Forced are both given initial conditions
and SSTs that provide the relevant climate signal, so we
would expect that these models will in some way reflect the
observed warming signal in ERAS. However, it is not clear
if they will mirror it exactly or introduce some artefacts,
by for example regressing to the mean. Maps of trends of
DJF 2-metre temperatures are shown in Fig. 11. GenCast-
Persisted shows an anomalous increase in warming over the

(a) ERA5

northern polar regions; these are areas where sea-ice vari-
ability is high, so this is likely to be because the anomalies
used as input to GenCast-Persisted do not accurately reflect
sea ice changes. GenCast-Forced is more closely aligned
with ERAS and SEASS, although with some larger trends
over North America, and many coastal regions in Asia and
Europe. Note that the ACC results in Sect. 3.2.1 are linearly
detrended, so the linear climate signal does not contribute to
the ACC skill.

To examine climatological drift within the season, we
calculate the average NAO index for each month, including
November (Fig. 12). Since SSTs are prescribed, we expect
that drift would be confined to the first month, as this is the
approximate time taken for the atmosphere to spin up. We
can see that, although there could be some drift in February
away from ERAS, any differences are well within the spread
of the models, and so there is no obvious indication of drift
for the NAO. We this conclude that model drift and trends
in the GenCast forecasts considered here are entirely com-
parable to those of SEASS.

Additional plots showing the mean state bias, change in
skill aggregated by forecast month and initialisation year are
also provided in the Supplementary Information, Sect. S2.

(b) GenCast-Persisted
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Fig. 11 Trend in DJF 2-metre temperature for each seasonal forecast
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Fig. 12 NAO index averaged over all years for each 1.5
month separately
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5 Discussion

In this work we have demonstrated the first application of
GenCast to seasonal forecasting, far beyond the timescale
it was trained at, by running the model for 4 months with
prescribed sea surface temperature (SST) boundary con-
ditions: In the first setup, GenCast receives persisted SST
anomalies (GenCast-Persisted), whilst in the second setup
GenCast receives SSTs from ERAS5 (GenCast-Forced).
Whilst these are not full seasonal forecasts, as they lack an
interactive ocean, they provide a test into how well GenCast
has learned to model long term physical processes having
being trained on single timestep predictions and optimised
for the medium-range. The model produces a 4-month fore-
cast at 1° resolution in around half an hour on a single A100
GPU, compared to around 2-3 hours on 50 cores for the IFS
using the T255L62 grid (~ 78km resolution, Mogensen and
Keeley (2012)); whilst not as fast as some deterministic
MLWP models, it still offers the potential to achieve higher
ensembles much more efficiently than SEASS.

An evaluation of precipitation for two years with strong
El Nifio / La Nifio SST warming patterns shows that Gen-
Cast is able to capture the systematic patterns of wetting
and drying appropriately. An investigation of the distribu-
tion of 12hr DJF precipitation anomalies averaged over
three particular subregions also demonstrates distinct shifts
in distribution in response to the ENSO conditions, with
distributions that align well with SEASS in terms of mean
value and spread.

Anomaly correlations of 2-metre temperature calculated
over the full 30-year dataset reveal that, whilst SEASS tends
to achieve higher skill in many areas, particularly in the trop-
ics, several areas in the extratropics and some mountainous
regions appear to exhibit some improvement in skill. Whilst
there are areas of high sea ice concentration, such as the
Ross Sea, for which SEASS5 achieves significantly higher

skill, GenCast-Persisted achieves comparable skill in the
Arctic Ocean and Weddell Sea, which is perhaps surprising
since it receives no information about the sea ice concen-
tration or temperature. GenCast-Forced achieves anomaly
correlations close to 1 over many of the ocean points, which
confirms that SST input is being used appropriately to
inform the 2-metre temperature. Over land points, however,
there are still many areas where GenCast-Forced achieves
low correlation, highlighting the need for more land surface
information to be included in the model inputs.

Anomaly correlations of mean sea level pressure (MSLP)
show that SEASS achieves superior skill in the tropics,
although in the midlatitudes there are areas such as Sibe-
ria and the northern Atlantic for which GenCast-Persisted
achieves higher skill. This is reflected in forecasts of the
North Atlantic Oscillation (NAO) index, for which Gen-
Cast-Persisted achieves higher correlation with the NAO
index calculated using ERAS, although neither GenCast-
Persisted or SEASS produce p-values that indicate correla-
tion significantly greater than 0. Differences in skill between
GenCast-Persisted and GenCast-Forced for MSLP are rela-
tively small, indicating that accurate ocean information
alone is not enough to drive skill in this model. Instead, a
coupled ocean or additional variables may be needed. We
note that over the 1994-2016 period GenCast-Persisted
achieves a correlation of 0.35 (p = 0.06), lower than the
value of 0.42 reported for ACE2 over the same period using
20 ensemble members (Kent et al. 2025). Unlike GenCast,
ACE2 receives information about sea ice as an input, which
could be a source of the skill difference between the two
models.

Finally we investigate the reliability of probabilistic pre-
dictions of variables falling in the lower or upper terciles.
Over all variables, GenCast-Persisted generally shows little
skill compared to climatology. However, the probabili-
ties for GenCast-Forced are well-calibrated compared to
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SEASS, indicating that the missing variability in the sea sur-
face temperature may be enough to produce well calibrated
ensembles with GenCast.

We acknowledge several limitations of this study. Firstly,
it is common with seasonal forecasts to perform hindcasts
in order to correct biases and drifts in the forecasts. Since
we have not performed this step for either the GenCast or
SEASS forecasts, we cannot say to what extent differences
in performance are related to different lead-time dependent
biases, or which forecast would perform better if such biases
were removed. We also note that a 30-year period may not be
enough to fully understand the relative behaviours of these
forecast models over all possible conditions, given the long
term variability of the earth system; valuable future work
would therefore be to extend our analysis to more decades.
Finally, it is known that correlations for MSLP variability,
such as the NAO, are very sensitive to the ensemble size
(Dunstone et al. 2016), and SEASS typically shows higher
correlations using 51 members as opposed to the 20 mem-
bers selected here (Johnson et al. 2019). The comparison
of NAO skill between GenCast and SEASS here, and the
MSLP correlations more broadly, must therefore be viewed
cautiously, and further analysis using a larger ensemble size
would be required to draw robust conclusions.

Since the sea surface temperatures are prescribed, this is
also not a demonstration of full seasonal forecasting, but
an indication of how well GenCast has learned to model
long-term dynamics having been trained at short timescales.
In future work we intend to explore how coupling to a full
dynamic or machine-learnt ocean model will change Gen-
Cast’s seasonal forecasting skill and reliability.

Overall, the results show promise in the use of generative
models such as GenCast to perform seasonal forecasts, pro-
viding further validation as to how well the model has learnt
to capture physical processes. It can reproduce the atmo-
spheric response to drivers of variability on seasonal times-
cales, despite the limited role of these drivers on variability
at the training timescale of 12 hours. The results motivate
the further study of models similar to GenCast coupled with
a dynamical or machine-learnt ocean model.
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