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Machine learning models have shown great success in predicting weather up to two weeks ahead,
outperforming process-based benchmarks1–5. However, most existing approaches do not fully
integrate data assimilation into the prediction workflow6,7, and often suffer from error accumulation in
autoregressive computation, limiting their applicability to predictions beyond the medium range8 and
climate projections9. We introduce Generative Assimilation and Prediction (GAP), a unified deep
generative framework that connects data assimilation, weather forecasting, and climate simulation
through a shared probabilistic representation of atmospheric states. GAP learns the climatological
distribution from reanalysis data, and adapts it to different tasks by incorporating observational,
predictive, and forcing constraints. Evaluated across a range ofweather-climate tasks, GAPproduces
probabilistic weather forecasts competitive with leading forecasting systems, using its own
assimilated initial states derived from 5% synthetic perfect observations, with particular skill in
capturing extreme events such as atmospheric rivers, heatwaves and the Madden-Julian Oscillation.
At seasonal timescales, GAP shows promising predictive skill when constrained by oceanic boundary
forcing. Moreover, GAP supports stable millennial-scale climate simulations that reproduce
atmospheric variability from daily weather fluctuations to decadal oscillations. These results suggest
that generative modeling of the climatological distribution offers a viable foundation
for seamless weather and climate prediction, thereby opening a path toward integrated, observation-
to-climate workflows.

Reliable modeling of Earth’s chaotic atmosphere is fundamental to
predicting both day-to-day weather and long-term climate change.
Recent decades have seen steady progress in our understanding and
simulation of atmospheric dynamics10. These improvements have
enhanced forecasting through two key processes: data assimilation
(Fig. 1A left), which combines observations with models to infer current
atmospheric states11; and prediction (Fig. 1A right), which projects the

initial state estimates forward in time, until chaos inevitably blurs our
view of the future12. At the core of both processes lies a fundamental
challenge — how to accurately represent and evolve the probabilities of
possible atmospheric states, given sparse observations, imperfect pre-
diction models, and inconspicuous natural and anthropogenic forcings13.
Successfully addressing this challenge would bridge a long-standing gap
between weather forecasting and climate projection, connecting our
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understanding of individual atmospheric processes14 to the climate sys-
tem’s overall behavior15. Despite steady progress, accurately tracking
these probability distributions remains difficult due to model biases, the
curse of dimensionality, and computational constraints.

Machine learning (ML) has emerged as a transformative avenue for
weather forecasting1–5, achieving accurate predictions up to 2 weeks ahead
with unprecedented computational efficiency. Yet, most existing approa-
ches have primarily emphasized prediction accuracy16–19, with compara-
tively less attention to other essential components of the prediction
workflow. In particular, these models typically depend on initial conditions
provided by separate data assimilation systems and lack mechanisms to
incorporate new observations as they become available. Meanwhile, they
struggle to maintain stability over the longer integration horizons required
for seasonal prediction and climate projection. Efforts to address these gaps
are progressing on multiple fronts. ML-based data assimilation methods
have gained considerablemomentum20–24, though existing implementations
often suffer from inadequate uncertainty quantification12, or face challenges
when scaling to high-dimensional operational settings22,24. Extensions
toward longer temporal ranges have created new opportunities for seasonal
prediction8 and climate simulation9,25, yet improved stability often comes at
the cost of prediction skill9, underestimation of extremes8,26, and many
models fail to capture the intrinsic stochasticity essential to climate
dynamics25. Taken together, these developments reveal a broader structural
limitation: currentMLmethods often address individual components of the
weather-climate modeling pipeline without recognizing that they are
manifestations of a single underlying challenge: how to represent and evolve
the probability distribution of atmospheric states across all timescales.

The fundamental pursuit of climate science extends beyond efficient
prediction or emulation— it seeks a comprehensive understanding of how
the climate system evolves as a chaotic, high-dimensional, multi-scale sys-
tem under various forcings13,27,28. Achieving such an understanding requires
an inherently probabilistic perspective, as neither observation nor model is
comprehensive or errorless29. Consequently, the atmospheric state cannot
be known with certainty, but only in terms of a distribution over possible
states30,31. Yet despite this complexity and uncertainty, the atmosphere
exhibits structured patterns across scales, giving rise to a characteristic cli-
matological distribution: the set of all possible states weighted by their
probability of occurrence. This distribution encodes both natural variability
and the system’s response to external forcings.

Fromthis perspective, assimilation andprediction canbeviewedas two
complementary operations on the distribution (Fig. 1A32). Observations
constrain it toward states consistent with the available observations, while
prediction advances it forward in time. As chaotic dynamics progressively
erase memory of the initial state, the distribution relaxes back toward cli-
matology across weather, subseasonal-to-seasonal, and climate timescales
(Fig. 1A). Realizing such Probabilistic Assimilation and Prediction (PAP,
see “Methods”) in practice has proven difficult. Conventional methods rely
on Gaussian assumptions and linear approximations that poorly represent
the high-dimensional, nonlinear structure of the atmosphere33,34. Stochastic
parameterizations35 and perturbation-based ensemble approaches36 offer
partial remedies, yet they remain tailored to specific timescales. Recent
advances in deep generative models37–39 — applied separately to data
assimilation22,40–42, ensemble forecasting4, and climate simulation43,44 —
suggest a more direct path forward. Yet these efforts remain narrowly

Fig. 1 | Schematic of the Generative Assimilation
and Prediction (GAP) framework. A Evolution of
atmospheric state probability distributions, illus-
trating the Probabilistic Assimilation and Prediction
(PAP) concept. A logarithmic timeline is adopted to
highlight the duality between assimilation and pre-
diction that we aim to unify32. During assimilation
(left), observations progressively constrain the cli-
matological distribution, narrowing possible states.
During prediction (right), uncertainty evolves
through distinct phases: weather forecasting (up to
around two weeks) shows growing uncertainty until
deterministic predictions lose utility; seasonal pre-
diction (up to around 1–2 years) maintains pre-
dictability below climatological levels through low-
frequency climate process constraints; and climate
prediction (beyond 1–2 years) shows complete dis-
sipation of initial condition information while
external forcings modify the underlying climatolo-
gical distribution. B–D Practical implementation of
GAP. B Assimilation phase implementation: given
state estimates sampled from p(Xt∣Xt−Δt,Ot) --- the
probability distribution of the current state Xt con-
ditioned on the previous state Xt−Δt (or climatolo-
gical distribution if Xt−Δt were unavailable) and
current observations Ot --- we use a forecasting
modelM to generate preliminary predictions, which
together with observations Ot+Δt guide subsequent
probabilistic state estimation for p(Xt+Δt∣Xt,Ot+Δt).
C Transition point marking the end of assimilation
and beginning of prediction, where forecasts pro-
ceed without observational input while yielding
predicted observations via p(O∣X). D Prediction
phase implementation: preliminary model predic-
tions are combined with climatological priors to
sample possible states across weather-to-climate
timescales, maintaining physical consistency
throughout.
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focused on individual tasks, rather than providing a unified representation
of the climatological distribution across all scales45.

Here we present GAP, a framework that implements this unified
probabilistic view using deep generative models. GAP learns the climato-
logical distribution of atmospheric states from reanalysis data, and adapts it
to different tasks— assimilation, forecasting, and climate simulation— by
incorporating observational, predictive, and forcing constraints at inference
time, without requiring separate models or training objectives for each task.

Results
Generative assimilation and prediction
We formalize the unified probabilistic view described above as PAP
(Fig. 1A): the ideal Bayesian target is the conditional distribution of atmo-
spheric states given observational, predictive, and forcing constraints;
assimilation progressively narrows this distribution as observations arrive,
while prediction allows it to evolve back toward climatology as chaos erases
initial-state information. GAP provides a practical, approximate realization
of PAP using diffusion-based inference, chaining two components
(Fig. 1B–D):
1. A generative model — a probabilistic diffusion model 37–39 trained on

atmospheric reanalysis (Supplementary SectionA) to approximate the
climatological distribution of atmospheric states (Supplementary
Section B.1). Themodel learns this distribution by iteratively reversing
a noise-adding process, and at inference time flexibly incorporates
observational, predictive, and external forcing constraints via
approximate Bayesian computation39,46–50.

2. A forecasting model that propagates the state estimate forward in time
through both the assimilation and prediction stages (Supplementary
Section B.2). This component can be either numerical or data-driven;
we demonstrate GAP with the latter for implementation convenience,
though either is viable in principle.

In practice, these two components form a coherent cycle. At each
assimilation step (Fig. 1B), observations and preliminary predictions con-
strain the generative model using modified diffusion posterior sampling
methods 46,47,49,50, (see “Methods”). These constrained estimates are then
evolved forward by the forecasting model, creating preliminary predictions
for the next time step. Rather than directly using these predictions, GAP
applies calibrated noise and reverses the diffusion process43,49, effectively
introducing stochasticity that adheres to the learned phase space structure,
while simultaneously correcting systematic biases in the forecastingmodel51.

Aswe transition to prediction (Fig. 1C,D), this cycle continueswithout
observational constraints, allowing the well-constrained initial state dis-
tribution to gradually drift toward the climatological distribution. This
evolution passes through distinct phases: weather forecasting (up to
2 weeks), where initial conditions dominate; subseasonal-to-seasonal pre-
diction (up to 1 year), where ocean-atmosphere coupling provides extended
predictability; and climate projection, where external forcings modulate the
underlying climatological distribution. For these longer timescales, we
leverage sea surface temperatures as a simplified external forcing constraint
capturing both seasonal memory and climate change signals, effectively
translating oceanic influences into appropriate atmospheric responses
(Supplementary Sections B.4 and B.5). This unified framework maintains
probabilistic rigor and physical consistency across all prediction horizons
without requiring separate training for different timescales. An ablation
study demonstrating the contribution of each component of GAP is pro-
vided in Supplementary Section D.7.

We evaluate GAP’s capabilities across five key aspects in weather-
climate modeling: (1) its ability to reproduce climatological patterns and
variability; (2) its effectiveness in data assimilation for establishing accurate
initial conditions; (3) its skill in weather forecasting; (4) its potential for
seasonal prediction; and (5) its capacity to generate stable long-term climate
simulations and projections. Details of the evaluation metrics can be found
in Supplementary Section C.

Climatology
The GAP framework rests on the premise that a generative model can
faithfully approximate the climatological distribution of atmospheric states.
Before evaluating on assimilation and prediction tasks, we must therefore
assess whether the generative model captures this distribution with suffi-
cient fidelity. As direct comparison of high-dimensional distributions is
intractable, we follow established strategies developed for evaluating phy-
sical climate models52: we generate 5,000 unconditional samples and com-
pare their statistical properties against ERA5 reanalysis53 across the training
period (1979–2017), progressing from grid-point statistics to large-scale
dynamical structures to inter-variable physical consistency. To provide
context for interpretingGAP’s performance,we include aparallel evaluation
of the Community Earth SystemModel version 2 (CESM254)— a state-of-
the-art physical climate model — using the same diagnostics (Supple-
mentary Fig. 4).

At the grid-point level, GAP accurately reproduces the statistical
properties of individual atmospheric variables: Fig. 2A shows that the spatial
patterns of mean, variance, minimum, and maximum of 2-m temperature
closelymatch those of ERA5. Stippled regions showwhereGAP’s generated
distributions are statistically indistinguishable from ERA5 at the 95% con-
fidence level, according to a Kolmogorov–Smirnov test (Supplementary
Section C.4), confirming that the generative model captures the full local
probability distribution rather than just the central tendency. This fidelity
extends across all variables andpressure levels, with typical deviations below
10% for most metrics (Supplementary Fig. 5; spatial patterns for additional
variables in Supplementary Figs. 6–10). By comparison, CESM2 reproduces
the broad spatial patterns of 2-m temperature statistics but exhibits larger
systematic deviations in variance and extremes (Supplementary Fig. 4A),
consistent with the known biases of physical climatemodels in representing
regional-scale variability.

Beyond point-wise statistics, GAP reproduces the organized spatial
and dynamical structures of the atmosphere. The leading empirical ortho-
gonal function of 500 hPa geopotential height (Fig. 2B) shows that GAP
captures the Northern Annular Mode— a dominant pattern governing jet
stream position and storm tracks. CESM2 also captures this mode, though
with reduced amplitude compared with ERA5 (Supplementary Fig. 4B).
This large-scale accuracy extends to the vertical structure of the general
circulation: GAP faithfully reproduces the Hadley cell (Fig. 2C), including
both the tropical cell’s strength and vertical extent. CESM2 represents the
Hadley circulation with correct gross meridional extent but shows notable
biases in vertical structure and zonal-mean wind strength (Supplemen-
tary Fig. 4C).

Across spatial scales, the spherical harmonic power spectra (Fig. 2D)
confirm that GAP preserves the characteristic power-law decay from pla-
netary to regional scales (Supplementary Figs. 11 and 12 for additional
variables). CESM2 reproduces the expected spectral slope but shows excess
power at intermediate wavelengths (Supplementary Fig. 4), indicating a
mismatch in synoptic-scale variability that is largely absent inGAP’s output.

Finally, themodelmaintains physically consistent relationships among
variables. The vertical profiles of ageostrophic-to-geostrophic wind ratios in
the extratropics (Fig. 2E) are nearly identical between GAP and ERA5,
indicating that the generative model preserves fundamental atmospheric
balance conditions without these being explicitly imposed. CESM2 shows
reasonable large-scale balance in this diagnostic, but with systematic
deviations in the upper troposphere (Supplementary Fig. 4).

Thismulti-scale agreement— spanninggrid-pointdistributions, large-
scale circulation patterns, and inter-variable physical relationships —
demonstrates that the generative model yields a reasonable approximation
of the climatological atmospheric distribution. These results position GAP
as a promising foundation for the assimilation and prediction tasks that
follow.

Assimilation
We now evaluate whether GAP can use the learned climatology prior to
infer atmospheric states from sparse observations — the data assimilation
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task11. As denoted earlier, GAP performs assimilation through sequential
Bayesian inference: at each time step, the generative model updates its
estimate of the atmospheric state by conditioning on both predictive
information and incoming observations (Fig. 1B), analogous in spirit to
ensemble Kalman or particle filters but using a generative model for sam-
pling and inference (see “Methods”).

We design two complementary experiments to test this capability
under different levels of observational idealization. GAP-OSSE (Observing
System Simulation Experiment) uses synthetic “perfect” observations
drawn from ERA5 reanalysis, isolating GAP’s assimilation performance
from complications introduced by real-world measurement error55. GAP-
OBS assimilates actual observations from global radiosondes and surface
stations (Supplementary Section A.2), which are irregularly distributed and
contain measurement uncertainties. It is worth noticing that GAP-OBS is
not designed as an operational system for now. It serves purely as a pre-
liminary proof-of-concept test of whether the framework can handle the
complexities of real observational data.

A central question, echoing the probabilistic emphasis of the proposed
framework, is whether GAP’s ensemble representation provides reasonably
calibrated uncertainty estimates.We illustrate thiswith a representative case
at 00 UTC on 3 March 2023 (Fig. 3A–H). In both GAP-OSSE and GAP-
OBS experiments, the ensemble mean fields converge to closely match the
ERA5 reference state (Fig. 3A–D).More importantly, the spatial patterns of
ensemble spread (Fig. 3E, F) show strong correspondence with the actual
ensemble mean error (Fig. 3G, H). This alignment indicates that GAP’s
uncertainty estimates are informative rather than arbitrary: regions where
the ensemble is more uncertain tend to be regions where the analysis is less
accurate, and vice versa. Comparing the two experiments, GAP-OSSE
exhibits slightly tighter spread and error patterns, as expected from its
idealized observations, while GAP-OBS demonstrates robustness to real-
world observational uncertainties without substantial degradation in relia-
bility. A more formal assessment using coverage probabilities and rank
histograms (SupplementaryFigs. 16 and17) confirms that the ensembles are
informative and approximately calibrated, though not perfectly: the nar-
rower prediction intervals are mildly under-covered, and the rank histo-
grams showmild underdispersionwith the truth preferentially falling below
the ensemble, a deficiency that diminishes with DA cycling.

We further examine how observational information propagates spa-
tially: Fig. 3I shows that both ensemble variance and ensemble mean error
decrease near observation locations and increase with distance, following a
consistent spatial decay pattern (Supplementary Fig. 14). This behavior is
physically expected— observations should most strongly constrain nearby
states — and its presence in GAP’s output indicates that the generative
model respects the spatial correlation structure of atmospheric fields rather
than treating observations as isolated constraints.

A systematic evaluation across observation densities (Fig. 3J, and
SupplementaryFig. 15) reveals the interplaybetweenobservational coverage
and the atmosphere’s chaotic tendency to amplify uncertainty. As obser-
vation density increases from 0 (climatological level) to 104 points (~15%
global grid coverage), the analysis converges more rapidly to the reference
state. At lowdensities,multiple assimilation cycles are needed to accumulate
sufficient constraints, while dense observations can constrain the state
almost immediately. This sensitivity to observation count is consistent with
the theoretical expectation that denser measurements more effectively
counteract chaotic error growth.

While these diagnostics assess the internal consistency of GAP’s
assimilation, the most stringent test of any analysis system is whether the
resulting initial conditions support skillful forecasts. We turn to this eva-
luation next.

Weather forecast
GAP generates an ensemble forecast following a similar prediction-refine
process as in assimilation, but without observational constraints (Fig. 1C,
D): at each step, a forecasting model produces a deterministic prediction,
which is perturbedwith calibratednoise andprojectedbackonto the learned
climatological manifold through the reverse diffusion process (see “Meth-
ods”). This introduces structured stochasticity reflecting the atmosphere’s
intrinsic variability, while correcting systematic drift that accumulates over
extended integration51.We evaluate GAP’s weather forecasting capability in
case studies of high-impact weather events across increasing lead times, and
systematically compare its skills against leading forecasting sys-
tems. Throughout this section, all GAP forecasts are initialized fromGAP’s
own assimilated analyses in the GAP-OSSE setting, rather than from ERA5
or operational analyses.

Fig. 2 | Multi-scale evaluation of GAP’s climato-
logical representation. A Grid-point scale com-
parison between ERA5 and GAP using 2-m
temperature statistics (mean, variance, minimum,
and maximum). Stippled areas indicate regions
where GAP's generated distributions are statistically
indistinguishable from ERA5 at the 95% confidence
level according to a Kolmogorov–Smirnov test.
B Leading empirical orthogonal function (EOF) of
500 hPa geopotential height, revealing GAP's accu-
rate reproduction of the Northern Annular Mode
pattern. C Hadley cell circulation represented by
mass streamfunction (contours) and zonal-mean
winds (colors) as a function of pressure and latitude.
Solid (dashed) contours indicate positive (negative)
values of the stream function, with contour intervals
set to 2 × 1010 kg/s. D Spatial power spectral density
as function of wavelength for 2-m temperature,
showing the characteristic power law decay from
global to local scales. E Vertical profiles of
ageostrophic-to-geostrophic wind ratio in the extra-
tropics (∣lat∣≥20∘), demonstrating preservation of
fundamental atmospheric balance conditions.
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We first examine GAP’s ensemble forecasts, initialized from its own
assimilated analyses, for four high-impact events spanning lead times from 3
to 42 days: Typhoon In-Fa (3-day lead; Fig. 4A), an atmospheric river
making landfall in California (10-day lead; Fig. 4B), a European heatwave
(21-day lead; Fig. 4C), and the Madden–Julian Oscillation (MJO; 42-day
lead; Fig. 4D). For each case, we present the ERA5 reference, the GAP
ensemble mean, ensemble standard deviation, ensemble mean error, and
individual ensemble members (additional members in Supplementary
Figs. 18–21). For Typhoon In-Fa (Fig. 4A), GAP captures the cyclone’s
structural evolution in the 500 hPa wind and geopotential height fields at a
3-day lead time. The ensemble mean is naturally smoothed, but individual
members exhibit sharp, physically realistic cyclone structures closely aligned
with reanalysis — illustrating that GAP generates diverse yet plausible
atmospheric realizations rather than blurred averages51. The atmospheric
river forecast (Fig. 4B) extends to 10 days, where GAP maintains physical
consistency in both 850 hPa geopotential height patterns and specific
humidity distributions. Atmospheric rivers involve organized, filamentary
moisture transport that is sensitive to synoptic-scale flow; the ability to
maintain coherent moisture structures at this lead time suggests that the
diffusion-based correction helps preserve the organized spatial relationships
that purely autoregressive models tend to lose through successive blurring.
The European heatwave prediction (Fig. 4C) at 21 days captures both the
temperature anomaly pattern and the associated large-scale circulation,
indicating that GAP can identify and preserve slow-evolving atmospheric
structures that extend predictability beyond conventional deterministic
limits. The 42-day MJO forecast (Fig. 4D) shows that GAP represents the

characteristic eastward propagation and amplitude modulation of this
organized tropical phenomenon over subseasonal timescales— a result that
is consistent with the diffusion model’s role in maintaining the phase-space
structure of large-scale organized modes that would otherwise decay under
error accumulation. Across all four cases, the ensemble spread patterns track
the spatial structure of the ensemble mean error, extending the spread-skill
consistency observed in the assimilation experiments to the prediction
setting.

We next conduct a systematic forecast verification over a full calendar
year of 2020 (Fig. 5A–C), comparing GAP against forecasting systems
representing fourdistinctmodeling strategies: thephysics-basedoperational
ensemble (IFS-ENS36), deterministic ML models including Pangu1 and
GraphCast2, physics-ML hybrid NeuralGCM3, and conditional generative
model GenCast4. We focus on 500 hPa geopotential height (z500), a stan-
dard benchmark formid-tropospheric weather prediction. A key difference
in experimental design is that GAP’s forecasts are initialized from its own
assimilated analyzes in the GAP-OSSE setting—which uses approximately
5% of grid points as observation locations— whereas all comparison sys-
tems are initialized from ERA5 reanalysis or operational analyzes that
incorporate far more complete observational coverage. Measured by the
Anomaly Correlation Coefficient (ACC, see “Methods”, Fig. 5A), GAP
performs favorably relative to the deterministic MLmodels throughout the
forecasting period, with skill improvements of approximately 3–14%. This
advantage widens beyond day 7, where deterministic autoregressivemodels
declinemore rapidly— a pattern consistent with the progressive blurring of
spatial structures under repeated deterministic rollout, which GAP’s

Fig. 3 | Evaluation of GAP’s data assimilation capabilities. A–D Spatial patterns
of 500 hPa specific humidity and geopotential height at 00 UTC on 3 March 2023
fromERA5 (ground truth), IFS t = 0 analysis, GAP-OSSE (perfect observations), and
GAP-OBS (real observations). E–H Ensemble standard deviation and error patterns
at the same time from GAP-OSSE and GAP-OBS, showing strong correspondence
between predicted uncertainty (spread) and reference error, indicating reliable
uncertainty quantification. I RMSE statistics as a function of distance from

observation points through the assimilation window, illustrating how error (deep
colors) and ensemble variance (shallow colors) decrease near observations and
increase with distance. J RMSE skill (global mean, withheld from observations) at
different observation density levels through the assimilation window for GAP
ensemble (colored line with shading), showing progressive acceleration in con-
vergence as observation density increases from climatological levels to 104 obser-
vational points.
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Fig. 4 | GAP produces skillful ensemble forecasts of high-impact weather events
across lead times. A 3-day forecast of typhoon In-Fa (July 28, 2021), showing wind
speed (color shading) and geopotential height (contours) at 500 hPa from ERA5
reference, GAP ensemble mean, standard deviation, ensemble mean prediction
error, and individual ensemble members. B 10-day forecast of an atmospheric river
hitting California (April 12, 2023), displaying 850 hPa geopotential height

(contours) and specific humidity (color shading). C 21-day forecast of a European
heatwave (June 23, 2023), showing 2-m temperature anomalies (color shading) and
500 hPa geopotential height (contours). D 42-day forecast of the Madden–Julian
Oscillation (January 20 to March 1, 2023), presenting Hovmöller diagram of zonal
wind anomalies at 850 hPa (color shading) across latitudes (0–45∘S) and long-
itudes (0–180∘E).
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diffusion-based correction is designed tomitigate. For probabilistic skill, the
Continuous Ranked Probability Score (CRPS, see “Methods”, Fig. 5B)
shows that GAP attains skill comparable to IFS-ENS, GenCast, and Neur-
alGCM, particularly in the 5–15 day range, where the quality of uncertainty
estimates becomes as important as the accuracy of the central forecast. The
Spread-Skill Ratio (SSR, see “Methods”, Fig. 5C) provides further insight
into ensemble calibration. IFS-ENSmaintains a ratio close to the ideal value
of 1, reflecting decades of careful operational ensemble design.GAP shows a
similar tendency through its generative formulation: although its ensemble
spread is somewhat tight during the first few forecast days, it gradually
converges toward reasonably calibrated uncertainty at longer lead times,
consistent with a realistic growth of forecast error. A complementary
assessment using central interval coverage and rank histograms (Supple-
mentary Figs. 16 and 17) confirms this trend: the initial mild under-
dispersion is progressively alleviated at longer leads, with coverage curves
moving toward the diagonal and rank histograms approaching uniformity.

These results suggest that GAP’s generative assimilation framework
can extract sufficient information from limited observational coverage to
produce forecasts that are competitive in both deterministic and probabil-
istic skill with systems that benefit from substantially more complete initi-
alization data. The consistency of performance across deterministic,
probabilistic, and calibration metrics — rather than strength in one at the
expense of others — points to the value of coupling assimilation and pre-
diction within a shared probabilistic framework.

Potential for seasonal prediction
Atmospheric predictability from initial conditions is inevitably lost within
weeks, as chaos amplifies small uncertainties. Beyond this horizon, pre-
dictive skill must arise from slowly evolving components of the climate
system, primarily the ocean, whose persistent thermal memory constrains
atmospheric evolution over months. A central challenge is whether this
signal can be properly translated into physically coherent atmospheric
responses. GAP’s generative framework provides a natural mechanism for
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Fig. 5 | Forecast skill of GAP at medium-range and seasonal timescales.
A–CMedium-range forecast skill for 500 hPa geopotential height (z500), comparing
GAP-OSSE (initialized from ~5% of the “perfect” synthetic observations) against
IFS-ENS, GenCast, NeuralGCM-ENS, Pangu, and GraphCast (all initialized from
full analysisfields).Metrics include:A anomaly correlation coefficient (deterministic
skill); B continuous ranked probability score (probabilistic skill); and C spread-skill

ratio (uncertainty calibration). Seasonal prediction skill for 2-m temperature at
2-month (D–F) and 3-month (G–I) lead times. Panels show GAP (D, G), GAPSAP
with simple SST anomaly persistence forcing (E, H), and ECMWF SEAS5 (F, I).
Latitude-weighted mean ACC values are indicated above each panel.
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this translation. At each forecast step, the generative model conditions its
sampling jointly on the preliminary atmospheric forecast and on imposed
oceanic boundary forcing, producing posterior states that are consistent
with the predictability source, coherent with the forecasted atmospheric
trajectory, and faithful to the multi-scale variability structure learned from
reanalysis. This joint conditioning can potentially allow slowly evolving
boundary signals to inform the forecast without explicit coupling para-
meterization, instead relying on co-variability patterns encoded in the
learned climatological distribution.

To test this potential for seasonal prediction, we introduce GAPSAP
(GAP constrained by Sea Surface Temperature Anomaly Persistence),
which incorporates SST information through a deliberately simple proce-
dure (Supplementary Section B.4): initial SST anomalies are persisted
throughout the forecasting period, then translated into 2-m air temperature
constraints imposed on the generative process. This is not intended as a
complete seasonal prediction system— it ignores dynamic ocean evolution,
and the SST-to-air-temperature inference introduces additional uncer-
tainty. Rather, it provides a controlled setting for assessingwhether the same
probabilistic machinery developed for assimilation and weather prediction
can incorporate slowly evolving boundary information to extend predictive
skill, without burdensome additional training or architectural modification.

To ensure a fair comparison for seasonal prediction, we retrain all
models exclusively on pre-2015 data, with the 2015–2024 period held out
entirely for evaluation (see “Methods” for the detailed protocol). We eval-
uate three configurations in a 10-year reforecast experiment: GAP without
SST forcing, GAPSAP, and ECMWF’s operational seasonal forecasting sys-
tem SEAS556. The comparison betweenGAP andGAPSAP (Fig. 5D, E, G,H)
isolates the effect of incorporating SST information. GAPSAP yields sub-
stantially higher ACC values at both 2-month and 3-month lead times
(ACC ≈ 0.462 vs. 0.219 at 2 months; 0.396 vs. 0.127 at 3 months; Supple-
mentary Figs. 25 and 26 for comprehensive comparison). The spatial pat-
tern of improvement is informative: skill gains are most pronounced in
regions with strong ocean-atmosphere coupling, suggesting that the diffu-
sion model translates the imposed surface constraints into appropriate
regional atmospheric responses rather than simply improving the
global mean.

To gauge what this simple configuration achieves relative to an
established operational system, we compare GAPSAP with ECMWF’s
SEAS5 (Fig. 5F, I). At a global level, GAPSAP achieves higher latitude-
weightedACC (0.462 vs. 0.432 at 2months; 0.396 vs. 0.376 at 3months), but
with distinct regional variation (Supplementary Fig. 26). Over ocean-
dominated regions such as the North Pacific, GAPSAP frequently exceeds
SEAS5, consistent with effective propagation of the prescribed oceanic
constraint into the overlying atmosphere. Over continental interiors such as
Africa, skill is weaker— likely reflecting compound uncertainties from SST
persistence errors, the SST-to-air-temperature inference, and the difficulty
of propagating oceanic information over land through the inpainting-based
mechanism.

These results provide initial evidence that GAP’s conditioning
mechanism generalizes from assimilation to seasonal timescales. The sim-
plicity of the current SST approach also points to clear avenues for
improvement — including dynamical ocean prediction and more sophis-
ticated coupling strategies— which we expect would strengthen skill, par-
ticularly over land regions.

Climate simulation
The seasonal prediction experiments demonstrate that GAP can incorpo-
rate boundary forcing to extend skill beyond the weather timescale. A
natural question is whether this capability extends further — to climate
timescales where initial atmospheric state information has been entirely
dissipated, and the system’s behavior is governed by internal variability and
external forcing alone. This regime poses a distinct challenge for auto-
regressive ML models, which typically accumulate errors over extended
integration, leading to drift or numerical instability8,9,25,26. For GAP, the
generative posterior sampling approach that projects each forecast stepback

onto the learned climatological manifold should, in principle, prevent such
drift. We test this through three experiments: a free-running simulation
without any external constraint, to assess whether GAP maintains numer-
ical stability and realistic variability over extended periods; a historical
simulation with prescribed sea-air temperatures, to evaluate whether the
framework produces appropriate atmospheric responses to observed
oceanic forcing; and a set of boundary-forced experiments using sea-air
temperatures from CESM2 climate projections under different Shared
Socioeconomic Pathways, to examine whether GAP’s atmospheric model
produces physically reasonable responses when driven by boundary con-
ditions outside its training distribution.

Our millennium-scale free-running simulation provides the most
basic test: without any external constraint, GAP maintains physically
realistic temperature variability around a stable mean for over 1000 years
(Fig. 6A), avoiding the drift that typically limits ML-based forecasting
models. This stability extends to the seasonal cycle, which GAP repro-
duces with correct amplitude and phase even after a millennium of
integration (Fig. 6B). Beyond stability, the free-running model repro-
duces several key modes of climate variability: realistic tropical cyclone
spatial distributions and intensity characteristics (Fig. 6C), mid-latitude
blocking patterns (Fig. 6D), and the Arctic Oscillation (Fig. 6E). These
emerge without being explicitly trained for, suggesting that the learned
climatological distribution encodes sufficient dynamical structure to
sustain these phenomena through internal variability alone. The free-
running model does, however, show limitations for phenomena strongly
tied to ocean forcing— notably the Southern Oscillation Index (Fig. 6F),
which requires ocean-atmosphere interaction that a free-running
atmospheric model cannot represent.

When provided with prescribed historical sea-air temperatures as
boundary forcing (GAPPSAT), the model successfully reproduces these
ocean-driven patterns (Fig. 6F, bottom row), confirming that the limitation
lies in the absence of oceanic information rather than in the atmospheric
framework itself. Further temporal consistency analyzes such as auto-
correlation, temporal spectra, persistence of circulation regimes and
blocking duration, are shown in Supplementary Fig. 29. To examine whe-
ther GAP produces physically reasonable atmospheric responses under
boundary conditions not encountered during training, we drive it with sea-
air temperatures from CESM2 simulations under three Shared Socio-
economic Pathways (SSP1-2.6, SSP3-7.0, SSP5-8.5). Under these externally
prescribed conditions, GAP maintains stable atmospheric structure and
circulation patterns (Supplementary Figs. 32–35), reproduces key modes of
variability consistent with the imposed forcing (Supplementary
Figs. 37–40), and captures the expected trends in temperature profiles,
though it exhibits distributional shift problems common to other ML
models (Supplementary Fig. 41). It is worth noticing that these experiments
should not be interpreted as independent climate projections — the
atmospheric response is entirely conditioned on boundary information
produced by an external coupled model — but they suggest that GAP’s
atmospheric framework can respond appropriately to forcing conditions.

We also compare the climatological bias of GAP’s simulations over the
period 1959-1978 against CMIP6 models13 and ACE2-ERA525, an ML
atmospheric emulator trained on ERA5 (Fig. 6G). We examine three GAP
configurations with increasing levels of constraint: unconditional genera-
tion (GAPclim), a free-running simulation initialized in 1959 (GAP), and the
boundary-forced simulation (GAPPSAT). GAP reduces climatological biases
relative to most CMIP6 models, and GAPPSAT achieves further improve-
ment, approaching the performance of ACE2-ERA5 for most variables
while still falling short for some, such as z500.

These results suggest theGAP framework provides the stability needed
for extended atmospheric integrations. The conditioning mechanism
demonstrated for seasonal prediction extends naturally to climate-scale
boundary forcing, enabling GAP to serve as an efficient atmospheric model
for exploring atmospheric responses to prescribed oceanic and radiative
conditions.We note, however, that the future-scenario experiments rely on
boundary conditions derived from CESM2 and should therefore be
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Fig. 6 | GAP sustains stable long-term climate simulation and reproduces key
modes of variability. A Millennial-scale free simulation: global mean surface air
temperature from a run of more than 1,000 years (initialized in 1980 and integrated
to year 3030).BReproduction of the seasonal cycle in the final 40 years (2990–3030),
with individual years (thin red lines) and climatological mean (thick red line)
compared against ERA5 climatology (blue line).C-FRepresentation of keymodes of
climate variability during the test period 1959-1978 in ERA5 (top row), GAP free run
(middle row), and GAP with prescribed sea air temperatures (GAPPSAT, bottom

row): C tropical cyclone track density with duration indicated by color; D mid-
latitude blocking frequency; E Arctic Oscillation pattern represented by sea-level
pressure regression; F SouthernOscillation Index time series illustrating interannual
variability. G Spatial RMSE of global seasonal climatologies across selected CMIP6
models, ACE2, and GAP (GAPclim, unconditional GAP generation) over the same
period (1959–1978), normalized by the median RMSE (lower values indicate better
performance).
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interpreted as conditional atmospheric responses to externally prescribed
forcing rather than as independent climate projections.

Connection to existing approaches
The application of ML to weather and climate science is advancing rapidly,
with new methods appearing across data assimilation23,40,41, weather
forecasting1–4, subseasonal-to-seasonal prediction8,57, and climate
simulation25. Several recent systems already couple learned forecasting
models with data assimilation within a single framework7,23,58. To clarify
GAP’s contribution, we discuss how it relates to existing approaches along
the assimilation and prediction axes.

ML-based data assimilation methods can be organized along two
classical paradigms— variational and sequential— distinguished by whe-
ther they seek a single optimal state estimateorpropagate a state distribution
forward in time.

Variational data assimilation finds the atmospheric state that best
reconciles background information with observations, typically by mini-
mizing a cost function. ML has entered this paradigm in two main ways.
Auto-differentiation–based methods replace the adjoint model in 3D/4D-
Var with automatic differentiation through data-driven forecastingmodels,
greatly accelerating gradient computation23,59. However, because the
underlying forecast models operate at fixed time steps, these methods
cannot assimilate observations arriving at higher temporal frequency. End-
to-end supervised methods frame assimilation as a regression from back-
ground states and observations to a reference analysis, using architectures
such as masked transformers60 and neural processes7. While some of these
methods do provide uncertainty estimates, the quantification is inherently
tied to the fixed observation–reanalysis pairing seen during training: the
learned uncertainty reflects the residual statistics of this regression rather
than the actual uncertainty arising from the background quality, the
observation network configuration, or the flow regime. When observation
coverage or error characteristics change at inference time as they inevitably
do in operational settings, these methods offer no principled mechanism to
adapt their uncertainty estimates accordingly.

Sequential assimilation propagates a state distribution forward in time
and updates it as new observations arrive, separating a prediction step from
an analysis step. Recent work uses deep generative models — particularly
diffusion models — to represent and sample from the complex, high-
dimensional distributions involved. Existing methods differ in what dis-
tribution they learn and how they adapt it to observations.

One line of work learns the state transition distribution p(Xt+Δt∣Xt)
from reanalysis data, then incorporates observations during sampling to
approximate the posterior p(Xt+Δt∣Xt, Ot+Δt) — for example via diffusion
posterior sampling40 or conditional scoremodeling41.Akey limitation is that
the transition distribution is shaped by reanalysis backgrounds, which are
high-quality, dynamically balanced states produced by mature operational
systems. In practice, however, the backgroundXt is a forecast thatmay carry
substantial, flow-dependent biases— a setting that diverges from the stable,
information-rich conditions under which the distribution was trained. This
mismatch can degrade both the state estimates and the associated uncer-
tainty quantification.

An alternative line of work addresses this gap by using sequential
Monte Carlo frameworks22 or fine-tuning24 the generativemodel during the
assimilation cycle, allowing the distribution to adapt to the evolving back-
ground. While conceptually appealing, continuously updating a deep gen-
erative model in real time introduces significant computational overhead
and risks distributional instability — both of which pose challenges for
operational deployment where reliability and speed are essential.

GAP takes a distinct path fromboth paradigms. Rather than learning a
state transition distribution p(Xt+Δt∣Xt) shaped by reanalysis backgrounds,
or continuously adapting a generative model during operation, GAP pre-
learns the climatological distributionof atmospheric states— a general, task-
independent prior that reflects the climate system’s intrinsic variability
rather than the systematic characteristics of any particular forecastmodel or
analysis system. At inference time, this fixed prior is conditioned on

observational and predictive constraints through sequential Bayesian
updates.

This design offers three advantages. First, because the prior captures
the climate system’s own variability rather than the residual error of a
specific model, it provides uncertainty estimates that remain physically
grounded as observation networks and forecast models change. Second,
because the distribution is learned once and held fixed during operation,
GAP avoids the computational cost and potential instabilities of online
distributional adaptation. Third, andmost fundamentally, the same learned
climatological distribution serves as the foundation for prediction and cli-
mate simulation — establishing a bidirectional link between assimilation
and forecasting that is unavailable tomethods designed for a single task.We
discuss this connection next.

ML weather models now match or exceed numerical weather predic-
tion accuracy at greatly reduced cost1,2, but extending these capabilities
requires solving two additional problems: uncertainty quantification and
long-term stability.

For uncertainty, methods have progressed from ad hoc perturbations1

through distribution-aware training losses such as CRPS57,61 to conditional
generative models that capture structured forecast-error distributions4. For
stability, strategies include physics-constrained architectures3, multi-step
autoregressive training8, resolution reduction9, and prescribed boundary
conditions25. Each entails trade-offs. Physics-constrained designs add
complexity; spatially averaged probabilistic losses improve calibration but
do not enforce spectral consistency of the predicted fields; conditional
generativemodels likeGenCast4 capture structural uncertainty but have not
demonstrated stable long-term integration, likely because they model
forecast-error distributions rather than the climatological distribution; and
resolution reduction or boundary conditioning extends forecast horizons at
the cost of spatial detail or coupled dynamics. In practice, mostmethods are
optimized for specific timescales, making seamless prediction across
weather and climate regimes difficult within a single framework.

GAP addresses both problems through a single mechanism. At every
forecast step, the learned climatological distribution generates calibrated
ensemble perturbations reflecting how uncertainties evolve, while simul-
taneously preventing the predicted state fromdrifting outside the physically
plausible region of phase space. Because this mechanism is timescale-
agnostic— operating identically whether the lead time is hours or centuries
— it connects ensembleweather forecastingwith long-term climate stability
without separate training or architectural modification.

Discussion
Machine learning is rapidly reshaping how we simulate and predict the
climate system, delivering forecast skill that rivals or exceeds decades of
numerical model development1–4. Yet the advances have arrived piecemeal:
data assimilation, weather forecasting, seasonal prediction, and climate
simulation are often each addressed by dedicated architectures, training
objectives, and operational pipelines45,62, with limited awareness that they
are manifestations of a single underlying challenge. Stepping back, a com-
mon thread runs through all of them: each seeks to estimate the distribution
of atmospheric states under a particular combination of observational,
predictive, and forcing constraints. Assimilation narrows the distribution
using observations; forecasting evolves it forward under chaotic dynamics;
seasonal prediction sustains it through slowly varyingboundary forcing; and
climate simulation tracks how external forcings reshape it over decades and
centuries. The differences among these tasks lie not in the object being
estimated, but in which constraints are active and over what timescales.

This recognition motivates a simple but consequential design choice:
learn the climatological distribution once, and condition it flexibly for each
task. The result is a bidirectional link between assimilation and prediction.
In one direction, the climatological prior constrains analyzes to physically
plausible, uncertainty-aware initial states. In the other direction, the same
prior anchors long-range forecasts against drift, projecting each prediction
step back onto the climatological distribution rather than allowing auto-
regressive errors to compound unchecked. This creates a self-reinforcing
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cycle: a better-learned climatology yields sharper analyzes, which in turn
produce better-initialized forecasts, whose statistics further validate and
refine the climatological representation.

The strength of this unified framework becomes evident not at any
single task, but across the full assimilation–prediction continuum. When
conditioned on sparse observations, this learned distribution produces
assimilated states with reasonably calibrated uncertainty estimates, where
ensemble spread tracks the spatial structure of analysis error. These ana-
lyzes, derived from approximately 5% of grid-point coverage, support
ensemble weather forecasts competitive in probabilistic skill with leading
systems initialized from far more complete observational data. At seasonal
timescales, the same conditioning mechanism incorporates slowly evolving
oceanic boundary information to extend predictive skill. And over
millennial-scale free-running integrations, the diffusion-based correction
maintains numerical stability and realistic atmospheric variability —
including tropical cyclones, blocking events, and the Arctic Oscillation. We
note that the future-scenario experiments rely on boundary conditions
derived fromCESM2 and should be interpreted as conditional atmospheric
responses to prescribed forcing rather than as independent climate
projections.

Several directions could substantially strengthen this framework. GAP
is anapproximateBayesian realizationofPAP: observational conditioning is
implemented through inpainting and diffusion posterior sampling, pre-
dictive conditioning through SDEdit49, and forcing information enters only
indirectly through prescribed surface air temperature. More advanced
posterior-sampling schemes47,63 would tighten the gap between generated
samples and the target conditional distributions, improving ensemble
calibration, particularly at short lead times where GAP currently exhibits
mild underdispersion. Incorporating greenhouse gas concentrations and
aerosol loadings as explicit forcing constraints would free GAP from its
current reliance on externally prescribed sea–air temperatures, enabling it to
represent radiative forcing pathways directly. Extending the observation
operator beyond grid-point measurements to accommodate satellite
radiances and other remote-sensing data would bring the assimilation
substantially closer to operational requirements. Finally, the modular
architecture of GAP, where the generativemodel and the forecastingmodel
are independent, interchangeable components, means that advances in
either can be incorporated without retraining the other. Replacing the
current data-driven forecastingmodelwith a physics-based dynamical core,
for instance, would combine GAP’s probabilistic framework with explicit
conservation laws, potentially offering the physical guarantees of numerical
models together with the distributional flexibility of generative modeling.

More broadly, GAP reveals a connection between generativemodeling
and the dynamics of chaotic systems. Both transform unstructured inputs
into structured patterns: a diffusion model maps Gaussian noise to atmo-
spheric states through a learned score function, while the climate system
maps arbitrary perturbations to its characteristic variability through non-
linear dynamics. The difference is that generative models learn this trans-
formation from data, while chaotic systems realize it through physical
dynamics. The climate system, with its well-characterized chaotic behavior,
rigorous prediction metrics, and century-long observational record, pro-
vides a more demanding test for generative models than conventional
benchmarks64 — one where physical consistency, spectral fidelity, and
calibrated uncertainty matter far more than perceptual quality. That a
generative model can approximate the atmospheric distribution well
enough to sustain realistic variability over a millennium suggests possibi-
lities for productive exchange among chaos theory, machine learning, and
climate science.

Methods
Probabilistic assimilation and prediction
We tackle the task of assimilation and prediction in a unified formulation,
i.e., estimating the probabilistic distribution of atmospheric states given
observational, predictive, and external forcing constraints.

Let X 2 Rd represent the atmospheric state vector, which comprises
five atmospheric variables (zonal and meridional wind velocity, tempera-
ture, specific humidity, and geopotential height) defined on a three-
dimensional grid (latitude × longitude × pressure levels), along with four
surface variables (10-m winds, 2-m temperature, and sea-level pressure)
defined over latitude and longitude spans (Supplementary Table 1). At our
current resolutionof 1∘×1∘with13pressure levels, the state spacedimension
d ≈ 4.5 million.

We now define three key timestamps that delineate different phases in
an assimilation and prediction cycle:

• ta: The start of the assimilation window, when observations begin to
constrain state uncertainty.

• t0: The transition point between assimilation and prediction, after
which no new observations are available.

• tp: The end of the prediction window, which may extend to climate
timescales.

Given this setup, we address the following three interconnected esti-
mation tasks:
1. Climatological distribution estimation: For t < ta, we estimate the

baseline climatological distribution by maximizing

pθ� ¼ arg max
pθ

YN

i¼1

pθðXijΘÞ; ð1Þ

where pθ is a parameterized probability distribution with parameters θ,
Xi∈[1, N] are atmospheric state samples from climate reanalysis, and Θ
represents external forcing conditions.
2. Assimilation: For t = ta, given observations Ota

and an observation
operator defining p(O∣X), we estimate the conditional distribution

pðXta
jOta

Þ / pθ� ðXta
jΘÞpðOta

jXta
Þ ð2Þ

For t ∈ [ta + Δt, t0], where Δt denotes the computation time step, given a
sequence of observations Ota:t

, and a forecasting model M that induces
transition p(Xt+Δt∣Xt), we then estimate the evolving state distribution
through approximate recursive Bayesian updates:

pðXt jOta :t
Þ �

Z
pðXt jXt�Δt ;OtÞpðXt�ΔtjOta :t�ΔtÞdXt�Δt ð3Þ

3. Prediction: For t > t0, starting from the assimilated distribution
pðXt0

jOta:t0
Þ, project forward to estimate:

pðXt0 :tp
jXt0

;ΘÞ ¼
Ytp�Δt

t¼t0

pðXtþΔt jXt ;ΘÞ ð4Þ

This prediction spans multiple characteristic ranges from weather to cli-
mate, with dominant source of predictability shifting from the initial state
Xt0

to the external forcing Θ.

These three tasks are linked through their dependence on the under-
lying climatological distribution, with each task addressing distinct sources
of uncertainty — from observational uncertainties in data assimilation, to
chaos-induced growth of forecast uncertainty in prediction, to forcing-
dependent variability in long-term climate projections. Together, they
constitute the PAP framework.

Generative assimilation and prediction
GAP offers a practical solution to the PAP formulation regarding the
computation of the distributions pθ� ðXjΘÞ, pðXta

jOta
Þ, p(Xt∣Xt−Δt, Ot),

p(Xt∣Xt−Δt), and p(Xt∣Xt−Δt, Θ), as explained in detail below. An ablation
study of GAP can be found in Supplementary Section D.7.
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pθ� ðXjΘÞ: climatological distribution estimation
To approximate the climatological distribution of atmospheric states, we
parameterize pθ� ðXjΘÞ using a probabilistic diffusion model trained on
atmospheric reanalysis data. Specifically, the diffusion framework applies a
forward process defined by the following stochastic differential equation
(SDE):

dx ¼ fðx; τÞdτ þ gðτÞdw; τ 2 ½0;T� ð5Þ

where w is a standard Wiener process,f is the drift term, and g is the
diffusion term. f and g are predetermined so that the forward SDE trans-
forms the target climatological distribution to a standard Gaussian dis-
tribution: pðxτ¼0Þ ¼ pθ� ðXjΘÞ, pðxτ¼T Þ ¼ N ð0; IÞ.

The corresponding reverse SDE for generation is given by

dx ¼ ½fðx; τÞ � g2ðτÞ∇x log pðxÞ�dτ þ gðτÞd�w ð6Þ

where �w is a standard Wiener process running backward in time,
∇x log pðxÞ, known as the score function, is approximated using a deep
neural network sθ trained for score matching:

∇xτ
log pðxτÞ � arg min

sθ
Eτ;x0

Exτ jx0 k sθðxτ ; τÞ � ∇xτ
log pðxτ j; x0Þk22

ð7Þ

Weparameterize sθwith aU-Net backbone
39, extendedwith residual blocks

at intermediate scales, and time-step embeddings to effectively capture both
spatial hierarchies and temporal noise levels. For training, we employ the
Adam optimizer with learning rate 1 × 10−4, batch size of 4, and train for
over 1000 epochs until convergence. A cosine noise schedule is used to
ensure smooth transitions across noise levels, and gradient clipping is
applied to stabilize optimization. Training is performed on NVIDIA A100
GPUs,withmixed precision enabled for efficiency. For generation,we adopt
denoisingdiffusion implicitmodel sampling,whichsignificantly reduces the
number of function evaluations required for high-fidelity output65.
Additional details on data preprocessing, model hyperparameters, noise
scheduling, and training implementation are provided in Supplementary
Section B.1.

p(Xt∣Ot): enforcing observational constraint
At the start of assimilation,we combine the learned climatological priorwith
observational evidence to obtain posterior state estimates. For notational
clarity, we drop the subscript ta from Xta

and Ota
when discussing the

diffusion process, and use subscripts to denote diffusion time instead.
The general measurement process can be formulated as

O ¼ Aðx0Þ þ n; O;n 2 Rk; x0 2 Rd ð8Þ

whereAð�Þ : Rd 7!Rk is the forwardmeasurement operator andndenotes
measurement noise. To incorporate observational constraints into the
generative process, we modify the learned score function to include obser-
vational information:

∇xτ
log pðxτ j;OÞ ¼ ∇xτ

log pðxτÞ þ ∇xτ
log pðO j; xτÞ ð9Þ

The first term is provided by the score function of the pretrained
diffusionmodel. The second term represents the likelihood gradient, which
is not tractable in closed form because the observations O depend only on
the clean state x0 at diffusion time τ = 0, but not directly on the noisy
intermediate state xτ.

Following47,48, we assume that the clean state x0 can be approximated
from the intermediate state xτ, and replace the intractable likelihood p(O∣xτ)
by pðOjx̂0Þ, where x̂0 denotes the estimated clean state obtained either via
Tweedie’s formula47 or a one-step approximation48. For instance, under
Gaussian measurement noise n � N ð0; σ2IÞ with measurement operator

Að�Þ, the likelihood term becomes

∇xτ
log pðO j; xτÞ � � 1

σ2
∇xτ

k O�Aðx̂0Þk22 ð10Þ

and the posterior score is then obtained by adding this correction to the
diffusion prior score. In the OSSE experiments, synthetic observations are
generated by perturbing the ERA5 referencefields at designated observation
locations with Gaussian noise n � N ð0; σ2IÞ, where σ = 0.1 (in units of the
climatological standard deviation of each variable).

For linearAðxÞ ¼ Ax, the likelihood gradient can be evaluated directly
under the clean-state approximation; for nonlinear but differentiableA, we
backpropagate through the Jacobian JAðx̂0Þ; if A is non-differentiable, we
use a smooth or learned differentiable surrogate and the same update
applies47. These updates remain approximate because the diffusion-time
likelihood is evaluated through the estimated clean state.

To further encourage coherence between observed and unobserved
regions, we adopt the “time-travel” strategy, in which the sampling trajec-
tory is periodically perturbed by reverting to earlier diffusion steps. This
resampling mechanism improves global consistency across the recon-
structed fields. The complete observation-error specification and all like-
lihood and guidance weights are detailed in Supplementary
Sections A.3 and B.3, respectively.

p(Xt∣Xt−Δt, Ot) & p(Xt∣Xt−Δt): enforcing predictive constraints
To incorporate predictive information into the generative process, GAP
combines the learned climatological prior with forecasts from a predictive
modelM that induces state transition p(Xt∣Xt−Δt,Ot) (during assimilation)
and p(Xt∣Xt−Δt) (during prediction). While various models could serve this
purpose, including physics-based approaches, we demonstrate GAP’s
capabilities using a data-driven forecasting model.

The predictivemodelMmaps the current atmospheric state to the next
state that is 6 h ahead. This model, which we call ConvCast, is trained on 39
years of ERA5 reanalysis data (1979–2017) at 1° spatial resolution, mini-
mizing a weighted mean squared error loss function aligned with Graph-
Cast’s weighting scheme2. The training process incorporates cosine-
annealing learning rate scheduling initialized at 0.001 and utilizes a sched-
uled drop path with a 0.2 ratio to prevent overfitting. This combination of
architectural design and training strategies ensures robust performance in
weather prediction tasks while maintaining the computational efficiency
needed for operational forecasting applications. Supplementary Section B.2
provides details of this predictive model.

Since M inevitably contains systematic biases and uncertainties, we
adopt Stochastic Differential Equation Editing (SDEdit)49 to enforce pre-
dictive constraints. Rather than generating samples frompure noise, SDEdit
initializes the diffusion process with the raw forecast M(Xt) perturbed by
calibrated noise: the forward SDE is run from τ= 0 to a chosen noise level τ*,
and the reverse SDE is then solved back to τ = 0 to yield the probabilistic
estimate p(M(Xt)).

The parameter τ* governs the trade-off between relying on raw fore-
casts and reverting to the climatological prior. In practice, τ* is selected via
spectral diagnostics and probabilistic forecast scores (e.g., CRPS).

For assimilation steps p(Xt∣Xt−Δt, Ot), the same strategy is used while
additionally enforcing observation likelihoods during reverse sampling.
Further practical guidance for selecting τ* can be found in Supplementary
Section B.6.

p(Xt∣Xt−Δt, Θ): enforcing forcing constraints
To represent how forcings (Θ) influence predictions, we capture their
impacts through key state variables, primarily focusing on ocean tempera-
tures. Since oceans absorb over 90% of excess greenhouse gas heat, they
contain themost salient climate change signals. Our approach incorporates
the ocean temperature constraints into the generative process by adding a
modified likelihood term analogous to that used for observational
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constraints, effectively translating ocean climate signals into appropriate
weather patterns.

For seasonal prediction,wefirst project future sea surface temperatures
using anomaly persistence, then infer corresponding 2-m air temperatures,
and finally incorporate these constraints throughout simulations (see
Supplementary Section B.4 for implementation details). To ensure a strictly
out-of-sample evaluation, all trainable components, including thediffusion-
based GAP model, the ConvCast forecasting model, and the SST-to-t2m
statistical mapping, are retrained exclusively on ERA5 data from 1979 to
2014. The entire 2015–2024 period is held out. Under this protocol, for each
evaluationyearwithin2015–2024, seasonal hindcasts are initialized inApril,
May, and June, respectively, and integrated forward to produce seasonal
forecasts.

For historical climate simulations, we incorporate sea-air temperatures
from ERA5 as boundary forcings. In climate projections, we incorporate
sea-air temperatures from CESM2 simulations under different forcing
scenarios (SSP1-2.6, SSP3-7.0, SSP5-8.5, see Supplementary Section B.5).

While this approach intentionally ignores dynamic ocean-atmosphere
feedbacks, it enables GAP to bridge weather prediction and climate pro-
jection while maintaining physical consistency across timescales without
additional training. We recognize the limitations of this approach— par-
ticularly the lack of dynamic ocean-atmosphere feedback and reliance on
externalmodels to represent climate change signals. Futureworkwill aim to
directly represent forcing-response relationships in a coupled modeling
framework.

Data
We train the generative model and the predictive model using hourly
atmospheric reanalysis data from ECMWF’s ERA5 reanalysis at 1∘ spatial
resolution (Supplementary Section A.1). The training dataset spans from
1979 to 2017 and includes nine key weather variables across 13 standard
pressure levels (50–1000 hPa). For model evaluation across different time-
scales, we use several reference datasets:

• In data assimilation experiments, we use observational data from the
Integrated Global Radiosonde Archive (IGRA) and Global Hourly
Integrated Surface Database (ISD).

• Forweather forecasting (1–14 days), we benchmark against ECMWF’s
operational ensemble forecast system (IFS-ENS) as well as recently
introduced ML models.

• For seasonal prediction (1–3 months), we compare with ECMWF’s
fifth-generation seasonal forecasting system (SEAS5).

• For climate simulation and projection experiments, we utilize sea-air
temperatures from CESM2 simulations under various shared socio-
economic pathway scenarios (SSP1-2.6, SSP3-7.0, SSP5-8.5).

For operational observations, we employ two primary datasets: the
Integrated Global Radiosonde Archive (IGRA) and the Global Hourly
Integrated Surface Database (ISD). IGRA provides quality-controlled
radiosonde observations from over 2800 globally distributed stations,
offering vertical profiles of atmospheric variables since 1905, while ISD
integrates hourly surface observations from more than 100 sources, mea-
suring parameters including wind, temperature, pressure, and precipitation
(Supplementary Section A.2). Extensive preprocessing was applied to
handle missing values and measurement errors, with specific protocols for
near-surface wind components, surface air temperature, pressure, and
radiosonde data. All grid-based data underwent first-order conservative
regridding following established benchmarking protocols (Supplementary
Section A.3).

Statistical methods
We implement a comprehensive evaluation framework that spans deter-
ministic, probabilistic, and physical metrics across different spatial and
temporal scales. For deterministic assessment (Supplementary Section C.1),
we use:

• The Root Mean Square Error (RMSE) to quantify the magnitude of
forecast errors.

• The ACC tomeasure pattern similarity between forecast and observed
anomalies.

For probabilistic evaluation of ensemble forecasts (Supplementary
Section C.2), we employ:

• The CRPS to assess the overall quality of probabilistic forecasts.
• The SSR to evaluate ensemble reliability by comparing ensemble

spread with forecast error.

To assess physical consistency and scale-dependent behavior, we
analyze

• spectral characteristics using zonal Fourier analysis.
• statistical distribution matching using the Kolmogorov–Smirnov test

at individual grid points (Supplementary Section C.4).
• Multi-variable consistency through derived fields including wind

speed, mass streamfunction, geostrophic/ageostrophic wind separa-
tion, humidity parameters, and water content (Supplementary
Section C.5).

For high-impact weather and climate phenomena, we implement
specializeddetection algorithms for tropical cyclones, atmospheric blocking
and major oscillation indices (Arctic and Southern Oscillation, Supple-
mentary Section C.7).

Data availability
All datasets used in this study are publicly available through their respective
repositories. The ERA5 reanalysis data were obtained from the Copernicus
Climate Change Service's Climate Data Store (CDS) (https://cds.climate.
copernicus.eu). The ECMWF ensemble (ENS) and high-resolution (HRES)
forecast datasets were accessed from https://apps.ecmwf.int/datasets/data/
tigge/. For the quickest access to these datasets, the WeatherBench2 data
archive provides an efficient alternative (https://console.cloud.google.com/
storage/browser/weatherbench2). The Integrated Surface Database (ISD)
was obtained from the National Centre for Environment Information
(NCEI) (https://www.ncei.noaa.gov/products/land-based-station/integrated-
surface-database), while the Integrated Global Radiosonde Archive (IGRA)
sounding data were accessed through the NCEI Weather Balloon Database
(https://www.ncei.noaa.gov/products/weather-balloon/integrated-global-
radiosonde-archive). Additional model datasets include the North American
Multi-Model Ensemble (NMME) (https://iridl.ldeo.columbia.edu/
SOURCES/.Models/.NMME), SEAS5 from the Copernicus CDS (https://
cds.climate.copernicus.eu/datasets/seasonal-monthly-pressure-levels), and
CESM2 from the Copernicus CDS CMIP6 Archive (https://cds.climate.
copernicus.eu/datasets/projections-cmip6). We utilized a publicly available
pre-trained model checkpoint from the ACE2 model (https://huggingface.
co/allenai/ACE2-ERA5).

Code availability
The code implementing GAP, including inference scripts and model con-
figurations, is available on Zenodo at https://doi.org/10.5281/zenodo.
19112552. Additional analysis scripts and data files used in this study are
also included in the repository.
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