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Abstract

Earth System Model (ESM) simulations underpin climate adaptation and mitigation choices,
but available projections are sparse due to their computational cost and display known biases,
particularly for precipitation extremes. ESM emulators offer inexpensive surrogates that can
rapidly explore alternative futures, but they inherit the distributional biases of their parent
ESM. We fine-tune a generative ESM emulator on reanalysis data to address both limitations
simultaneously. To validate this approach, we first fine-tune on a single historical member of a
high-resolution ESM ensemble and evaluate against held-out future simulations. We find that
fine-tuning corrects precipitation tail biases, and that this correction persists into out-of-sample
future warming scenarios. It also recovers the forced distributional response and variability for
temperature, relative humidity, and wind speed. This opens a new pathway to fast observation-
constrained projections of future physical risk from impact-relevant climate variables.

1 Introduction

Planning adaptation and mitigation measures depends on projections of future climate simulated by
Earth System Models (ESMs) (1, 2). ESMs have advanced our understanding of the climate system
and of climate change associated with increasing greenhouse gas concentrations (3). However, ESM
simulations also display systematic disagreement with trends and variability of certain variables
from historical observations (4). This disagreement is especially pronounced in the tails of global
precipitation, with large discrepancies and biases in ESMs, suggesting they may not reflect what
future extreme precipitation events will look like (5, 6, 7, 8). The computational cost of ESM
simulations compounds this problem, as it is prohibitive to simulate the large ensembles needed to
resolve rare events. Climate risk is the convolution of hazard probabilities and damages cost, which
is dominated by the severity of losses occasioned by extreme events. Mitigating biases in the tails
is thus of paramount importance for risk assessment.

Simulations that accurately reproduce the historical climate can be expected more likely to
offer reliable future projections. Under this assumption, a long line of work has used historical
observations to post-process ESM precipitation projections, either by re-evaluating their individ-
ual importance based on agreement with historical observations (e.g. 9, 10, 11, 12, 13, 14, 15),
or through bias correction, which realigns grid-cell distributions of simulated precipitation with
observed distributions (e.g. 16, 17, 18, 19, 20, 21, 22, 23, 24, 25). These approaches, however, are
restricted to correct events already simulated by ESMs, and do not provide a simple way to gen-
erate large ensembles of additional future climate realizations needed to study extremes. Climate
emulation with machine learning (ML) offers a route for generating such ensembles: once trained,
ML emulators are computationally cheap because they do not explicitly resolve climate dynamics.



Autoregressive emulators for example are trained directly on historical observations or reanaly-
sis data to predict the evolution of the atmospheric state in six or twelve hours increments (e.g.
26, 27, 28, 29) and can reproduce observed precipitation statistics. However, their application to
study future precipitation under warming has been limited due to lack of extrapolation guarantees
in warmer climates (30, 31). A second class of ML emulators are instead trained on ESM simula-
tions (e.g. 32, 33, 34), and can project precipitation beyond the historical warming range, but also
inherits the emulated ESM’s biases, including in precipitation tails. As such, each class captures
only part of what future precipitation projections require: fidelity to observed variability for emu-
lators trained on historical records, and extrapolation beyond the historical climate for emulators
trained on ESM simulations. Combining observations with ESM simulations may offer a means to
bridge this gap.

An immediate combination strategy is to pre-train an ML emulator on ESM simulations, and
finalize the training with observational data. This strategy, known as fine-tuning (35), rests on the
expectation that patterns acquired from prior training on a comprehensive and imperfect dataset
can improve performance when complemented with training on limited, but more accurate, target
data. Recent work has shown that ML models pre-trained on Coupled Model Intercomparison
Project (CMIP) simulations and fine-tuned on observational or reanalysis products have skill in
temperature forecasts at multi-seasonal and decadal timescales (36, 37). A conceptual analogy can
be drawn with bias correction, where the pre-trained ESM emulator acts as a background product
and refinement with observations acts as a corrective step that preserves learned relationships from
ESM simulations, while improving agreement with the historical climate.

The difficulty in applying fine-tuning to ESM emulators lies in evaluating whether the correction
learned over historical climates accurately carries over to warmer climates, where unprecedented
extreme events have no observational analogues. For annual temperature, Immorlano et al. (37)
address this validation problem by fine-tuning an ML model on historical temperature fields from a
held-out CMIP model and evaluating it against that model’s future projections. For extreme daily
precipitation, however, discrepancies in CMIP models undermines their credibility as proxies to
evaluate extrapolation under warming. More broadly, empirical evidence on the out-of-distribution
skill of ML methods is mixed: focusing on tropical cyclones, Sun et al. (38) find that a ML emulator
cannot generate storms whose severity exceeds that observed in the training data, consistent with
the expectation that ML models are unreliable outside their training distribution. At the same time,
ML models have been shown to transfer information about extreme events across regions (38, 39)
and to leverage short-term variability to inform longer-term trends (40). Such empirical evidences
indicate that fine-tuning with historical data might still improve the representation of distributional
features of climate beyond the range of observed variability. Yet, this is hardly sufficient to build
confidence that the learned relationships are consistent with physical principles governing the cli-
mate system. Settling this question requires a controlled experimental setting in which a credible
groundtruth in a future climate is available.

Here, we consider a ESM emulator pre-trained on historical and future simulations from a
CMIP6 model. We fine-tune it on a single historical member from a high-resolution CESM-HR
ensemble. We fine-tune it on a single historical member from a high-resolution CESM-HR ensemble.
We choose CESM-HR, because it captures the spatial distribution and intensity of daily extreme
precipitation more realistically than standard ESMs, in line with present climate observations (41),
but also simulates them in future climates (42). We ask whether the corrections learned through
historical fine-tuning carry over accurately to future CESM-HR simulations under 8.5 Wm~? forcing,



which lie well outside historical levels. Our results show that fine-tuning corrects the distributional
biases from the pre-training CMIP6 model. Precipitation tail biases in particular are well corrected
over the historical period, and this corrections extrapolate accurately to out-of-distribution future
warming, even for unprecedented events.

2 Results

2.1 ESM tail precipitation are biased and inherited by emulators

We pre-train the emulator on daily fields from a coarse-resolution ESM (MPI-ESM1-2-LR (43),
2°) using a score-based generative ML emulation approach (34). The emulator generates joint
daily fields of four surface variables: temperature, precipitation, relative humidity, and wind speed.
Fine-tuning on the high-resolution ESM (CESM-HR (42), 0.25°) is restricted to 1950-2015, with
2021-2025 held out for hyperparameter calibration (see Methods). To verify whether CESM-HR
provides a credible basis for model evaluation, we compare its global land precipitation distribution
to reanalysis and observational products regridded to a common resolution. Products show broad
mutual agreement on the magnitude of extreme precipitation, while the coarse-resolution ESM
displays a pronounced dry bias in the upper tail; inherited by the pre-trained emulator. A higher
resolution model such as CESM-HR does not have this bias (Fig. 1b). To evaluate whether fine-
tuning on historical climate helps mitigate this bias even under future warming, we fine-tune the
emulator on a single CESM-HR historical ensemble member and evaluate the emulator against
the CESM-HR 10-member ensemble under the RCP8.5 forcing scenario for the 2080-2100 period.
During this period, CESM-HR exceeds its historical GMST levels by more than 3°C, and annual
maximum precipitation (Rx1day) exceed historical levels by 50%, placing the evaluation well outside
the conditions seen during fine-tuning on the historical period (Fig. 1c).
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Figure 1: Experimental setup and precipitation tail biases in ESM outputs. (a) Schematic of the
experimental design: a score-based generative emulator is pre-trained on coarse resolution (MPI-
ESM1-2-LR) historical and future simulations, then fine-tuned on single high-resolution (CESM-
HR) historical ensemble member for evaluation, or on reanalysis data (ERA5) for projections. (b)
Distribution of daily precipitation over land grid cells during 1979-2014 on a common 2° grid for the
coarse-resolution model and its pre-trained emulator, the high-resolution model, reanalysis, bias-
corrected reanalysis (W5E5) and two observational products (iMERG, REGEN); high-resolution
simulations, observations, and reanalysis products cluster together whereas the coarse-resolution
model and its emulator underestimate precipitation tail frequencies. (¢) GMST and tropical mean
Rxlday trajectories for the coarse-resolution model, reanalysis, high-resolution training member
and full high-resolution future ensemble; shaded regions indicate the fine-tuning period (1950-2015),
validation period (2021-2025) and out-of-distribution evaluation period (2080-2100).



2.2 Fine-tuning corrects precipitation tails under warming

After fine-tuning, the emulator shows alignment with the CESM-HR wet-day precipitation dis-
tribution over land in 2080-2100, including in the upper tail (Fig. 2a). Over the same period,
MPI-ESM1-2-LR and the pre-trained emulator are significantly drier. CESM-HR simulates a de-
parture from historical precipitation levels under warming (see SI-X), which in particular is visible
for the historical CESM-HR member used for fine-tuning (dashed histogram in Fig. 2a). The fine-
tuned emulator reproduces this departure, providing a correction that extends beyond the range
of historical precipitation. It suggests that a distributional correction is learned from CESM-HR,
while preserving a forced response learned from pre-training on MPI-ESM1-2-LR; under warm-
ing, the emulator does not reproduce the historical CESM-HR, member used for fine-tuning, but
projects a shift in the precipitation distribution. This out-of-sample behavior is sensitive to fine-
tuning hyperparameters (see Methods). The emulator also produces extreme events that exceed
the simulated precipitation range, at both pre-training and fine-tuning stages. Similar behavior has
been reported with generative models, with samples generated outside the support of the training
distribution (? ). We therefore expect an overestimation of record-breaking floods frequency for
the emulator fine-tuned on ERAS5.

The spatial organization of extremes precipitation for the fine-tuned emulator also shows align-
ment with CESM-HR (Fig. 2b). Relative to the MPI-ESM1-2-LR pre-training data, the emulator
displays stronger extremes in the tropics, a sharper change in extremes intensity across the Hi-
malayas, and drier regions in the South Atlantic. Emulator samples and power spectra analysis
(see SI-X) tell the same story: fine-tuning modifies the emulator precipitation spatial structure
to align it with its fine-tuning target. Figure 2b also shows statistical artifacts in the emulated
Rx1day, with a grid cell noise that is absent from the CESM-HR Rxlday; the pre-trained emula-
tor also displays this, suggesting an artifact from the generative model (see SI-X). The emulated
precipitation extremes at at an individual grid cell may therefore be subject to a random under-
or overestimation bias. Regional aggregation however helps mitigate this bias. When the emulated
precipitation is pooled over progressively larger regions in Nigeria, the emulator distribution aligns
closely with CESM-HR (Fig. 2c). Therefore, a regional assessment of extreme precipitation can be
envisaged with the fine-tuned emulator.

2.3 The correction extends to near-surface variables

The emulator is pre-trained to sample precipitation jointly with near-surface temperature, relative
humidity, and wind speed. Fine-tuning is also performed for all four variables jointly. Figure 3
shows it stably modifies the 2080-2100 global land distributions of these near-surface variables (red),
shifting them away from the distribution of the MPI-ESM1-2-LR pre-training simulations (blue),
so they align better with CESM-HR (black).

For temperature, CESM-HR simulates in 2080-2100 a clear increase in land temperatures rela-
tive to its historical levels (compare Fig. 3a,d dashed and black). While fine-tuned with historical
simulations, the emulator reproduces a similar increase, drawing from the forced response learned
by pre-training. Similarly for relative humidity, the emulator reproduces the shift of probability
mass toward lower relative humidities on land that CESM-HR simulates with warming (Fig. 3b
compare dashed, black, red). However, the emulated future land relative humidity distribution con-
serves the shape learned from CESM-HR historical simulations, and does not project the apparition
of a second mode in CESM-HR future simulations. The fine-tuning also corrects the upper tail of
relative humidity distribution (Fig. 3e), although it exceeds values consistent with observations, a
known feature of ESMs (44). For wind speed on land, CESM-HR simulates little change in the dis-
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Figure 2: Fine-tuning corrects precipitation tail biases out of sample under future warming. (a)
Distribution of wet days over land during 2080-2100 for the MPI-ESM1-2-LR, CESM-HR, pre-
trained emulator and fine-tuned emulator, alongside the distribution of the CESM-HR historical
member used for fine-tuning; the fine-tuned emulator aligns with CESM-HR, 2080-2100 despite
being fine-tuned only on the historical period; shaded areas represent 95% confidence range. (b)
Maximum annual precipitation by grid-cell averaged over 2080-2100 for MPI-ESM1-2-LR, CESM-
HR and fine-tuned emulator; the fine-tuned emulator shows agreement with CESM-HR in the
spatial pattern of extreme precipitation but is noisy at grid-cell level. (¢) Distribution of wet days
over an increasing large region in Nigeria; the fine-tuned emulator produces distributions that align
better with CESM-HR when pooled over larger regions.



tribution with warming, and fine-tuning the emulator produces a distribution that aligns well with
CESM-HR (Fig. 3b,f), only with a small positive bias. Note that biases may reflect our fine-tuning
hyperparameter selection strategy, which favors alignment in precipitation tails (see Methods), and
can be modified to prioritize other variables.

The emulator preserves correlations across variables and thus can be used to project how ex-
treme precipitation covary with other variables after fine-tuning. This enables sampling from future
compound events, such as hot-wet or extreme precipitation-wind events (45), with distributions cal-
ibrated against observational data. In addition, fine-tuning also corrects the spatial characteristics
of the generated near-surface variables (see comparative samples in SI-X). Figure 3g-i show that
for spatial features larger than synoptic scales (e.g. heatdome, moonsoon) the power spectra of
MPI-ESM1-2-LR and CESM-HR are already comparable and well reproduced by the emulator.
However, because CESM-HR runs at horizontal resolution ten times finer than MPI-ESM1-2-LR,
it has greater energy at scales close to the numerical meshgrid. After fine-tuning, the emulator
aligns with the CESM-HR power spectra for these fine scales. Therefore, the emulator produces
spatially coherent future fields, with spatial characteristics close to the fine-tuning target.
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Figure 3: Fine-tuning corrects distributional biases and spatial characteristics of near-surface cli-
mate variables. (a—c) Distribution of daily temperature, relative humidity, and wind speed over
2080-2100 for MPI-ESM1-2-LR, CESM-HR, the fine-tuned emulator, alongside the distribution of
the CESM-HR historical member used for fine-tuning; shaded areas represent residuals 95% confi-
dence range. (d-f) Same as (a—c) with logarithmic y-axis to emphasize tail behavior; (g-i) Global
zonally averaged spherical power spectra computed using days from the 2080-2100 period for each
variable; full lines indicate the mean, shaded areas span 95% range across different days.



2.4 Pre-training constrains the spatial pattern of change
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Figure 4: Fine-tuning corrects extreme tropical precipitation trend but conserves spatial pattern
of change from MPI-ESM1-2-LR. (a) Relative change in Rx1day averaged over 30°S-30°N function
of global mean surface temperature for MPI-ESM1-2-LR, CESM-HR and fine-tuned emulator; the
fine-tune emulator gets closer to CESM-HR, despite fine-tuning on the historical period only; line
indicate least-square regression, shading 95% confidence range for values and dots values. (b)
Relative change in Rxlday per grid-cell between 2080-2100 and 1950-2000 periods; the fine-tuned
emulator projects a spatial pattern of change closer to the MPI-ESM1-2-LR simulations it was
pre-trained on.

Fine-tuning helps correct the scaling of extreme tropical precipitation with additional warming.
MPI-ESM1-2-LR shows a weak increase in Rxlday with GMST, of about 3% K~!, where CESM-
HR shows a trend closer to the Clausius—Clapeyron rate of ~7% K~! (Fig. 4a). After fine-tuning on
one historical CESM-HR member, the emulator shows a Rxlday trend of 7.7% K~! which exceeds
CESM-HR simulations but remains close to the CESM-HR ensemble spread, and markedly departs
from the MPI-ESM1-2-LR pretraining simulation data. It also shows an underdispersion of the
emulated Rx1day at a given warming level relative to CESM-HR, which may be due to fine-tuning
on a single member making the emulator underestimate variability in extremes.



Inspecting the spatial pattern of Rx1day change however shows that it remains largely inherited
from the MPI-ESM1-2-LR simulations (Fig. 4b). The historical period used for fine-tuning is
insufficient to inform the emulator on the spatial pattern of future change in Rx1day with warming.
Therefore fine-tuning on a CESM-HR historical member adjusts the magnitude and spatial features
of absolute extreme precipitation, the global rate of change with warming of extreme precipitation,
but the spatial pattern of change remains inherited from pre-training. The choice of pre-training
ESM therefore assumes a spatial pattern for future extreme precipitation change in projections.

2.5 Future extreme precipitation fine-tuned on reanalysis
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Figure 5: Projection of extreme precipitation under increasing global warming levels. (a) Trends
in relative change of Rxlday averaged over 30°S-30°N function of global mean surface temperature,
fitted for ERA5 and the fine-tuned emulator; shaded areas represent residuals 95% confidence range.
(b) Distribution of wet days over land in ERA5 and for the fine-tuned emulator at 2, 3 and 4°C
above pre-industrial levels; shaded areas represent 95% confidence range. (c) Grid-cell-level 20-year
precipitation return levels estimated from ERA5 over 1979-2025 and from the emulator at 3°C of
warming. Gray areas indicate areas with insufficient data to estimate return levels.

Following the evaluation against CESM-HR, we fine-tune the emulator on ERAS5 reanalysis data.
ERADS tends to underrepresent the upper tail of local precipitation relative to station observations,
particularly in the tropics (46). After spatial coarsening to a horizontal resolution of 2°, however, its
precipitation tails over global land align well with satellite and gauge-based observations (Fig. 1b),
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making ERA5 a credible proxy for observed extreme precipitation at this resolution. We fine-tune
the emulator on ERA5 data from 1950 to 2015, reserving 2021-2025 for hyperparameter tuning (see
Methods), and use the resulting emulator to project global precipitation at warming levels of 2°C,
3°C, and 4°C above pre-industrial levels.

Historical precipitation records are too noisy to constrain trends with high confidence. Never-
theless, the tropical Rx1day sensitivity produced by the emulator aligns with the central estimate
obtained from ERA5 (Fig. 5a). The emulator’s sensitivity exceeds global observational estimates of
approximately 6-10% - K~! (47, 48). However, it is consistent with evidence of higher sensitivity in
the tropics; for example, O’Gorman (12) estimates a 6-14%-K~! sensitivity for the 99.9'" percentile
of daily tropical precipitation.

This sensitivity is reflected in a progressive shift of the global land precipitation distribution
towards heavier extremes with warming (Fig. 5b). Comparing 20-year return levels estimated
from ERA5 with those projected by the emulator at 3°C shows increases in precipitation extremes
across most land regions, although their magnitude varies considerably (Fig. 5¢). The increases
are particularly pronounced in Western Africa and South Asia, where estimated 20-year return
levels rise from approximately 100 mm/day to around 400-500 mm/day. As shown in Section 2.1,
however, the emulator can generate events more extreme than those occurring in the corresponding
future climate simulation. The magnitude and frequency of the most exceptional projections (e.g.
>500 mm/day), should therefore be interpreted with caution.

Greater confidence can be placed in the projected increase in the frequency of events between 100
and 400 mm/day, a range over which the emulator demonstrated skill in the CESM-HR evaluation.
In ERA5 over 1979-2025, this range encompasses the estimated 20-year precipitation event across
most regions of the world. We therefore use the emulator to examine how the frequency of these
present-day 20-year events changes with warming (see Methods). Because small-scale artefacts
limit the reliability of grid-cell-level projections, we conduct this analysis at the regional scale using
ARG regions (49).

Figure 6 shows that over global land, the annual frequency of a present-day 20-year event ap-
proximately doubles at 2°C of warming and triples at 4°C. These increases are consistent with
CMIP6 projected ranges: the frequency of present-day 10-year events increases by factors of ap-
proximately 1.5-2.0 and 2.3-3.7 at 2°C and 4°C, respectively, while that of 50-year events increases
by factors of 2.0-2.6 and 3.3-6 (50). Our uncertainty ranges are considerably narrower because
the emulator is pre-trained on a single CMIP6 model and therefore does not represent inter-model
variability. The ranges capture only finite-ensemble statistical estimation uncertainty arising from
internal variability, which tends towards zero as the size of the emulated ensemble grows. The
changes in annual frequency vary considerably among regions. In South-West South America, the
frequency remains nearly unchanged, whereas in Western Africa it increases by a factor of seven
at 4°C of warming. A small number of regions (e.g. West North-America) show a slight decline
between 3°C and 4°C, but the frequency increases monotonically with warming across most regions.
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