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CloudFlow: A Flow Matching Model to Generate High-Resolution Cloud
Structures
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Abstract
Our limited understanding of clouds is the domi-
nant source of uncertainty in future climate predic-
tions. Understanding how changing atmospheric
environmental conditions constrain cloud organi-
sational patterns and their radiative effects is key
to understanding their impact on future climate
change. We present CloudFlow, a flow match-
ing model that is able to generate high-resolution
cloud structures conditioned on coarse-scale atmo-
spheric conditions. Our model generates realistic
cloud structures that match the spectra and dis-
tributions of the original high-resolution scenes.
CloudFlow introduces a new modeling regime to
study how atmospheric environmental conditions
impact cloud morphologies which will contribute
to an improved understanding of cloud feedbacks,
the cloud response to a changing climate and its
effect on climate itself.

1. Introduction
A fundamental problem of climate science is predicting the
expected amount of warming with increased CO2 concen-
trations in the atmosphere. A key quantity of interest in the
climate community is the Equilibrium Climate Sensitivity
(ECS), the expected amount of equilibrium warming for a
doubling of CO2 concentrations in the atmosphere. Our best
estimates of ECS have uncertainties ranging from around
2 Kelvin to 5 Kelvin (Arias et al., 2021). This wide uncer-
tainty range has significant impacts on policy planning: if
the goal is to constrain warming to two degrees an ECS on
the low end would allow us to emit around twice as much
carbon as an ECS on the higher end (Bony et al., 2015).

The dominant source of uncertainty in ECS estimates is due
to cloud feedbacks, the response of cloud patterns and their
radiative properties due to increased surface temperatures
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(Arias et al., 2021). Key to constraining cloud feedbacks
is our ability to understand the processes that govern cloud
formation and organisation at the mesoscale, which are the
scales ranging from approximately 5 kilometres to several
hundred kilometres (Bony et al., 2015). At these scales
clouds can organise into complex patterns which have a
direct effect on the Earth’s energy budget because their or-
ganisation can determine cloud amount, radiative properties,
and vertical structure, which combined control the com-
plex balance between reflecting of incoming solar radiation
(cooling effect), or trapping outgoing longwave radiation
(warming effect) of the cloud field. The evolution of com-
plex mesoscale cloud structures encodes the underlying
physics.

Existing methods to constrain cloud feedbacks include the
usage of numerical models and observational datasets. Clas-
sic numerical global climate models (GCMs) that are used
in large model intercomparison studies like the Coupled
Model Intercomparison Project (CMIP) (Eyring et al., 2016)
model the atmosphere at coarse resolutions of around 25-
100 kilometers which means they do not explicitly resolve
mesoscale cloud features and associated cloud feedbacks.
This contributes to the huge uncertainties in cloud feedback
estimates from numerical models (Stevens & Bony, 2013;
Schneider et al., 2017). Global storm resolving models that
resolve the atmosphere at km-scale resolutions are starting
to emerge but these models are computationally so expen-
sive to run that they cannot yet be used to make century
scale predictions (Stevens et al., 2019; Segura et al., 2025).

Another approach relies on cloud controlling factor (CCF)
analysis. CCFs are physics-based hand designed features
that are computed from full 3D atmospheric profiles and
that have been shown to correlate well with cloud cover and
cloud radiative effects (Stevens & Brenguier, 2009; Wood
& Bretherton, 2006; Klein et al., 2018; Ceppi & Nowack,
2021; Myers et al., 2021). One application of CCFs is to
inform numerical experiments with large eddy simulations
(Zhang et al., 2012; Bretherton, 2015; Bretherton & Blossey,
2017). Additionally, CCFs can help estimate cloud radiative
effects directly from observational data which can lead to
tighter constraints on cloud feedbacks compared to relying
on numerical models (Klein et al., 2018; Ceppi & Nowack,
2021; Myers et al., 2021). But a lot of these methods rely on
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coarse scale observational products, this ignores most of the
information content in high-resolution data that encapsulates
the underlying physics.

However, we have an extensive observational record of
mesoscale cloud systems from satellite missions. For exam-
ple, the Moderate Resolution Imaging Spectroradiometer
(MODIS) satellites have been capturing spectrally resolved
∼1 km scale resolution data for the last 20 years, providing
a valuable resource for studying mesoscale cloud patterns
and their response to increased CO2 emissions. Data at this
resolution, resolving mesoscale cloud structures, is currently
underutilized in our efforts to constrain cloud feedbacks.

In this work, we present CloudFlow, a conditional flow
matching model that generates high-resolution cloud fields
from coarse scale atmospheric conditions. CloudFlow takes
as input atmospheric profiles of temperature, humidity, and
wind from reanalysis data, and generates MODIS calibrated
radiances and cloud properties. We believe that CloudFlow
will be a useful tool to study how large scale atmospheric
conditions influence mesoscale cloud patterns and help to
constrain cloud feedbacks, the dominant uncertainty in cli-
mate predictions.

2. CloudFlow
Our goal is to generate satellite data which we model as a
multi-channel image x ∈ RH×W×C with C output chan-
nels. Additionally, we assume that we have access to en-
vironmental conditions c = {cA, cS} which break down
into atmospheric profiles cA ∈ RN×L×VA , with L levels
and VA variables, and a land/sea mask cS ∈ RN×VS . Cru-
cially, the satellite data and the environmental conditions do
not lie on a shared grid, the environmental conditions are
generally much coarser resolution than the satellite data, i.e.
N ≪ HW . For modeling purposes, we assume both the
satellite data and the environmental conditions are generated
from some data generating distribution x, c ∼ pdata(x, c).

Due to their success in image modeling domains (Esser
et al., 2024), we use a flow matching formalism (Lipman
et al., 2024; Li & He, 2025) to learn a conditional genera-
tive model that generates the satellite data conditioned on
environmental conditions. As is standard in flow matching
models, during training we generate interpolations between
the training data and random noise ϵ ∼ N (0, I), as follows

zt = tx+ (1− t)ϵ (1)

with t sampled uniformly between 0 and 1.

Under the formalism introduced by Li & He (2025), we
follow the x-prediction and v-loss setup in which we train
a neural network xθ(zt, c, t) that learns to directly predict
denoised data from noisy quantities zt. This is done by

optimizing the loss

L = Ex,c,ϵ,t [vθ − v] (2)

where vθ := (xθ(zt, c, t)− zt)/(1− t) and v := x− ϵ.

To parameterize xθ(zt, c, t), we use the same U-Net back-
bone as the CorrDiff model (Mardani et al., 2025) due to its
success in downscaling coarse scale numerical model data
to high-resolution fields.

2.1. Preprocessing of Environmental Conditions

Internally, the network xθ(zt, c, t) transforms the environ-
mental conditions c into a latent representation h ∈ RN×D.
This preprocessing operates on each column of environmen-
tal conditions cAi and cSi independently. The environmental
conditions are passed to the U-Net backbone by matching
each pixel of satellite data to the closest column of environ-
mental conditions so that the latent representation of envi-
ronmental conditions is effectively upsampled to a H ×W
resolution.

We consider two separate architectures to do the preprocess-
ing, the first being a simple linear projection of the atmo-
spheric conditions and the second being a cross-attention
mechanism that is inspired by the pressure-level encoding
of the Aurora model (Bodnar et al., 2025).

2.1.1. LINEAR TRANSFORM

The linear preprocessing architecture simply flattens the
atmospheric profiles cAi into a LVA length vector before
passing it through a feedforward neural network, resulting
in the transformation:

hi = Concat(MLP(Flatten(cAi )), c
S
i ). (3)

2.1.2. ATTENTION TRANSFORM

For the attention-based preprocessing we first encode all
variables at each pressure level into a latent representation

zi,j = MLP(cAi,j) + pj (4)

with pj denoting a pressure-level Fourier encoding for the
pressure level j. Each of these encodings is then passed
through a cross-attention mechanism

Att(zi) = softmax
(
Q(ziWk)

⊤
√
da

)
zWv (5)

with trainable parameters Q ∈ RDq×Da , Wk ∈ RDa×Da ,
and Wv ∈ RDa×Da . We use multiple attention heads that
are then projected into a shared representation space with a
projection matrix Wo ∈ RDa×D, as follows

MultiHead(zi) = Concat(Att1(zi), . . . ,AttM (zi))Wo

(6)
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The final latent representation for the environmental condi-
tions is then given by passing the learned encodings through
the multi-head attention mechanism

hA
i = MultiHead(zi) (7)

These atmospheric latent embeddings are then concate-
nated with the land/sea mask for the final embedding:
hi = Concat(hA

i , c
S
i ).

Compared to the linear transform, the attention-based mech-
anism introduces an inductive bias by grouping variables at
the same pressure level together and by allowing different
attention heads and queries to attend to different parts of the
atmospheric profiles.

3. Related Work
Cloud Controlling Factors (CCFs). The cloud controlling
factor approach has been successful in constraining cloud
feedbacks using observational data (Stevens & Brenguier,
2009; Klein et al., 2018; Ceppi & Nowack, 2021; Myers
et al., 2021; Cesana & Del Genio, 2021). CCFs are manually
defined physics-informed features derived from atmospheric
profiles that are used to predict the cloud radiative effect
in observational data (sometimes, large-eddy simulations
are used instead of observational data as well (Zhang et al.,
2012)). Some CCFs, like convergence and divergence of
wind fields, do not depend on a single profile but instead
explicitly account for the full 3D (latitude, longitude, ver-
tical) organisational structure of environmental conditions.
Common choices of cloud controlling factors include: esti-
mated inversion strength (EIS) (Wood & Bretherton, 2006),
surface temperature, vertical velocity at 500 hPa, upper tro-
pospheric relative humidity (RH), and 700-hPa RH. A com-
mon workflow of using CCFs to constrain cloud feedbacks
with observational data proceeds as follows: 1. Compute
historical statistics of CCFs on atmospheric profiles from
reanalysis datasets; 2. Based on the computed CCFs, fit a
linear statistical model to predict cloud radiative effects in
observational datasets such as CERES (Loeb et al., 2018);
3. Compute potential future values of CCFs from atmo-
spheric profiles taken from GCM predictions; 4. Use the
fitted linear model and the CCFs derived from GCM pre-
dictions to constrain cloud feedbacks. While this approach
has been especially successful in constraining the feedback
for low-level marine clouds, it has proven harder to find
appropriate CCFs for high-clouds (Wilson Kemsley et al.,
2024). The preprocessing step of the CloudFlow model
can be interpreted as a fully data driven method to learn
cloud controlling factors. Rather than using manually de-
fined CCFs that discard most of the information from the
atmospheric profiles, CloudFlow can learn which aspects of
the atmospheric profiles are relevant to generate the MODIS
observed cloud structures.

Generative Models in Weather and Climate. In recent
years, data-driven generative models have shown the ability
to increase forecast skill in weather forecasting compared
to physics-based numerical models (Price et al., 2025; Bod-
nar et al., 2025; Couairon et al., 2024; Alet et al., 2025;
Kochkov et al., 2024). However, these models are unsuit-
able for long-term climate predictions due to instabilities
in long autoregressive rollouts. Moreover, their training
data is insuffient to constrain cloud feedbacks, limiting their
generalisability to future climate. Models such as ACE
(Watt-Meyer et al., 2023; 2025) aim to address these issue
and show initial promise but their reliability for climate pro-
jections is yet to be proven and they rely on highly uncertain
GCMs to learn cloud feedbacks. In any case, these models
operate at the coarse scale of reanalysis data and therefore
do not explicitly resolve clouds which limits their ability
to constrain the physics underlying cloud feedbacks. The
cBottle class of models (Brenowitz et al., 2025) proposes an
alternative mechanism to do climate projections that is not
based on autoregressive rollouts and that is able to generate
output fields at kilometre scale resolution. However, cBottle
still inherits the biases of the underlying numerical physics-
based models on which it is trained on. This is why instead
we use observational satellite data as our generation target
to avoid inheriting any biases from numerical models.

4. Experimental Results
Data. We train our model on multiple channels of MODIS
satellite data, namely we generate the raw calibrated radi-
ances of the bands 1, 3, 4, 29, 31, 32.1 Additionally, we also
directly generate corresponding MODIS level 2 retrieved
cloud properties of cloud top temperature (CTT), cloud top
height (CTH), cloud water path (CWP), and cloud optical
thickness (COT). As environmental conditions, we use atmo-
spheric profiles of temperature, specific humidity, as well as
the vertical, zonal, and meridional wind components taken
from ERA5 reanalysis data (Hersbach et al., 2020) using
all 37 available pressure levels. The only explicit surface
level variable we consider is a binary land/sea mask. We
deliberately do not include any location information such as
latitude and longitude metadata to prevent the model overfit-
ting onto the climatologies of geographical regions. Overall,
the MODIS satellite data is available at ∼1 km resolution
while the ERA5 data is at roughly 25 km resolution. For
training, we extract 40,000 MODIS tiles of size 128× 128
pixels collocated with ERA5 data from the years 2003, 2006,
2008, and 2011. We use 1,000 tiles MODIS tiles from 2018
as a test set for evaluation.

1Bands 1 (620-670nm), 4 (545-565nm), and 3 (459-479nm)
correspond to red, green, and blue visible light, whereas channels
29 (8.4-8.7µm), 31 (10.78-11.28µm), and 32 (11.77-12.27µm)
measure infrared radiation that are important to capture cloud
properties.
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Figure 1. Sample generations for the CloudFlow (Att) model. First column contains the true MODIS data and the remaining columns
show samples from our model.

4



220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274

Submission and Formatting Instructions for ICML 2026

10 2 10 1

Wavenumber (1/km)

102

103

104

105

106

Ra
di

an
ce

 sp
ec

tra
 (W

/(m
²·µ

m
·sr

)) Band 1

MODIS
Linear (D=8)
Attention (D=8)
CCF (D=5)

10 2 10 1

Wavenumber (1/km)

102

103

104

105

106
Band 3

10 2 10 1

Wavenumber (1/km)

102

103

104

105

106
Band 4

10 2 10 1

Wavenumber (1/km)

10 2

10 1

100

101

102

Band 29

10 2 10 1

Wavenumber (1/km)

10 2

10 1

100

101

102

Band 31

10 2 10 1

Wavenumber (1/km)

10 2

10 1

100

101

102

Band 32

Figure 2. Comparison of the power spectra of MODIS calibrated radiances and model generations averaged over all test tiles. Spectra for
the cloud properties are excluded because they often contain a large proportion of missing values. Note that the bumps in the Band 29
spectra are due to known striping artifacts in the MODIS sensor.
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Figure 3. Rank histogram calibration plots. To produce these plots, first for a given ground-truth MODIS tile and pixel location the model
generated values are sorted from smallest to largest. Then over all tiles and pixels the we aggregate what rank of ensemble member is
closest to the true observations. A perfectly calibrated model would result in a uniform distribution.

Model hyperparameters. Overall, we train two versions
of the CloudFlow model described in Section 2, one using
the linear transform and another using the attention based
transform which we will refer to as CloudFlow (Linear)
and CloudFlow (Att), respectively. Both of these models
compress the atmospheric profiles into latents of dimension-
ality D = 8. For training the models we use the Adam
optimizer with learning rate 0.0002 and batch size 32. All
models are optimized for 185,000 iterations.

Baseline. As a baseline model we consider using a flow
matching model that only takes in the cloud controlling
factors used in Ceppi & Nowack (2021) rather than the
full atmospheric profiles. Namely, these factors are: esti-
mated inversion strength (EIS), surface temperature, vertical
velocity at 500 hPa, upper tropospheric relative humidity
(RH), 700-hPa RH. We will denote this model as Cloud-
Flow (CCF) and it can be interpreted as replacing the learnt
atmospheric profile processing with a hand-designed feature
transform that results in latent representations h with D = 5.
To ensure a fair comparison, these CCFs are computed from
the exact same ERA5 profiles that are used to train the other

CloudFlow models and we re-use the same optimization
hyperparameters.

Sampling. To generate samples from the trained models
we use an Euler integration scheme with 30 time steps. For
each test data point we generate 10 ensemble members.

Evaluation. In general, because the specified environmental
conditions are so coarse and the chaotic nature of this non-
linear system, we do not expect CloudFlow to be able to
perfectly reconstruct the original MODIS image with pixel-
wise accuracy. Therefore, we do not use pixel-wise error
metrics to evaluate and compare the trained models. Instead,
we validate whether the models are able to generate images
with realistic spower spectra (Figure 2), are well calibrated
in their probablistic predictions (Figure 3) and whether the
models predict the correct tile-level means for each channel
(Tables 1 and 2).

Example generations of the CloudFlow (Att) model are
shown in Figure 1 along with the corresponding ground-
truth MODIS observations. The generations show that it
is able to generate realistic looking samples.Importantly,
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Table 1. Mean absolute error (MAE, lower is better) for estimating the tile-wide mean per channel. The best model per channel is
highlighted in bold. Additionally, models that are not significantly worse according to the Wilcoxon signed-rank test (p ≥ 0.05) are also
highlighted in bold. Units: B{1, 3, 4} (Wm−2 µm−1 sr−1), B{29, 31, 32} (K), CTT (K), CTH (m), CWP (gm−2).

Model B1 B3 B4 B29 B31 B32 CTT CTH CWP COT

Linear (D=8) 47.60 53.85 50.67 7.07 7.76 7.69 16.32 2473.32 85.62 5.76
Attention (D=8) 31.16 35.00 32.62 4.89 5.41 5.43 13.92 2116.99 92.64 4.20
CCF (D=5) 40.38 44.76 42.98 6.67 7.30 7.43 16.56 2415.23 58.13 4.29

Table 2. Continuous Ranked Probability Score (CRPS, lower is better) for estimating the tile-wide mean per channel. The best model per
channel is highlighted in bold. Additionally, models that are not significantly worse according to the Wilcoxon signed-rank test (p ≥ 0.05)
are also highlighted in bold. Units: B{1, 3, 4} (Wm−2 µm−1 sr−1), B{29, 31, 32} (K), CTT (K), CTH (m), CWP (gm−2).

Model B1 B3 B4 B29 B31 B32 CTT CTH CWP COT

Linear (D=8) 34.63 38.79 36.67 5.07 5.55 5.49 11.29 1709.95 60.03 4.00
Attention (D=8) 23.16 25.56 24.25 3.69 4.06 4.06 9.76 1530.69 69.39 2.97
CCF (D=5) 29.84 33.12 31.69 5.02 5.49 5.61 12.33 1800.68 42.48 3.11

the generations for individual samples are consistent across
channel, especially the longwave bands (bands 29, 31, 32)
are consistent with the cloud property retrievals, e.g. cooler
brightness temperatures in the longwave bands coincide
with higher cloud top height retrievals.

To consider more quantitative metrics, Figure 2 shows that
CloudFlow generates realistic power spectra that match well
with the MODIS spectra even for high wavenumbers. This
is consistent with results from the weather forecasting com-
munity that demonstrated that generative models have the
ability to have “sharp” predictions with realistic spectra
(Price et al., 2025). Based on manual inspection of the
generations of the CCF model, the spectral bias can be ex-
plained by the fact that the CCF model tends to have a bias
to generate cloudy scenes, even if the true MODIS image
does not contain any clouds.

The rank histograms in Figure 3 show that the CloudFlow
(Att) model is generally well calibrated across the different
output bands, although it has a tendency to be underdis-
persive. It especially struggles with the Cloud Water Path
(CWP) generations, often over-estimating the true value.
The CCF model is surprisingly well calibrated for this out-
put channel given that CWP is a column integrated quantity
and the CCF model does not get access to the full atmo-
spheric profiles.

Tables 1 and 2 demonstrate that CloudFlow (Att) is able to
better predict per-channel averages compared to CloudFlow
(Linear) or the CCF model for most of the output bands.
For the level 1 MODIS bands CloudFlow with an attention
encoder is consistenly the best model. One thing to note
is that the MAE for the mean estimate in cloud top height
(CTH) is around 2 km. To put this into context, the MODIS
derived CTH is itself an approximation because it relies
solely on passive sensing. When comparing MODIS CTH

values to more reliably CTH estimates derived from active
sensors the MODIS retrieval error has been shown to aver-
age around 1-2 km for high-level cirrus clouds and 100-500
m for low-level clouds (Menzel & Strabala, 1997). Hence,
the errors in the CloudFlow model predictions are roughly
on the same order of magnitude than some of the MODIS
retrieval errors.

In general, the baseline model using the hand-defined
physics-informed CCFs provides a surprisingly strong base-
line, often outperforming the simple linear encoder and
sometimes even the attention based encoder. This demon-
strates that the CCFs are already successfully compressing
a lot of the information content contained in the full at-
mospheric profiles and that it is a non-trivial task to find
features that provide better predictive capabilities of the
cloud fields. Notably, the estimated inversion strength (EIS)
and relative humidity quantities are quantities that require
non-linear transforms of the atmospheric profile data and
therefore these features cannot be reproduced exactly by the
linear encoder model.

5. Conclusion
Our limited understanding of how atmospheric environmen-
tal conditions influence cloud organisational patterns consti-
tutes one of the biggest sources of uncertainties in climate
predictions. We presented CloudFlow, a flow matching
model that resolves mesoscale cloud structures conditioned
on atmospheric environmental conditions of temperature,
humidity, and wind. Our experiments demonstrated that
CloudFlow is able to generate realistic mesoscale structures.
Its generations have power spectra that match observations,
its predictions are well calibrated for most output channels
(with a tendency to be slightly underdispersive), and the
features learned by CloudFlow’s preprocessing step lead

6
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to lower reconstruction errors compared to hand-designed
CCFs.

The natural next step is to use CloudFlow to tackle mean-
ingful research questions in climate science. One promis-
ing avenue is using CloudFlow to study and explain exist-
ing taxonomies of cloud structures. For example, Stevens
et al. (2020) categorised clouds in the trade wind regions
into four visually distinct classes called “sugar”, “gravel”,
“flower”, and “fish”. Traditionally, studies used large-eddy
simulations (LES) to investigate how environmental con-
ditions impact these organisational patterns (Jansson et al.,
2023). However, running an LES even for small domains
often takes hours on a supercomputer whereas sampling
from CloudFlow can be done in seconds on a single A100
NVIDIA GPU. CloudFlow therefore provides a cheaper,
more interactive model to study cloud organisational pat-
terns with the potential to constrain cloud feedbacks glob-
ally.

Additionally, it will be insightful to use tools from mechanis-
tic interpretability (Bereska & Gavves, 2024) to study how
CloudFlow uses the atmospheric profile information and
whether the features learned by the model can be mapped
onto existing cloud controlling factors or whether they con-
stitute new, previously unconsidered factors. Tools from
mechanistic interpretability have recently been successfully
applied to study the internal mechanisms of data-driven
weather forecast models (MacMillan & Ouellette, 2025)
and we believe they can also help to understand the internals
of the CloudFlow models.

Overall, CloudFlow extends the types of models available
to climate researcher which we hope will contribute towards
new lines of evidence for constraining cloud feedbacks that
provides complementary strength compared to existing mod-
elling approaches (Sherwood et al., 2020; Arias et al., 2021).

Impact Statement
This paper presents work whose goal is to leverage tools
from machine learning to advance the field of Climate Sci-
ences. There are many potential societal consequences of
our work, none which we feel must be specifically high-
lighted here.
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