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Abstract. Stochastic parametrisation schemes represent sources of uncertainty in atmospheric model and several types of these

schemes are in widespread use in general circulation models across a variety of temporal and spatial resolutions. We introduce

a new stochastic scheme for use in global atmospheric models, which uses a machine learning model trained on high-resolution

convection-permitting simulation data to estimate properties of the distribution of subgrid variability in potential temperature.

This then informs the profile of stochastic perturbations being applied to the inputs of traditional parametrisation schemes. This5

scheme is tested in single column model experiments over the tropical west Pacific and is shown to improve model performance

in this case.

1 Introduction

Physics-based models of the atmosphere used for weather and climate prediction discretise the atmosphere onto a three-

dimensional grid and then predict the time evolution of the atmosphere by solving the dynamical equations that govern the10

motion of the fluid on the rotating sphere (e.g. Krishnamurti and Bounoua, 1996; Bauer et al., 2015; Gettelman and Rood,

2016). The resolution of this discretisation is limited by computational resources. On climate timescales, the horizontal grid-

spacing is typically of the order of one to two hundred km; while on weather timescales for global models, it is around ten

to twenty km (Brown et al., 2012). For regional weather forecasting, the grid-spacing is typically less than 5 km (e.g. Bush

et al., 2023). In all cases, there are important physical processes which are unresolved by these coarse grid spacings, from15

the microscale (e.g. aerosol chemistry, raindrop formation) to scales comparable to the grid spacings of our highest resolution

models (e.g. shallow convection). To ensure a realistic evolution of the simulated atmosphere, these processes are represented

in numerical models by parametrisations, additional terms added to the primitive equations (Stensrud, 2007).

A parametrisation is usually a set of deterministic formulae which maps a set of grid-scale variables to a set of increments

to those variables to represent the effects of a sub grid-scale process. However, this deterministic mapping has been criticised.20

Proponents of stochastic parametrisation suggest one grid-scale state is better mapped to a distribution of increments that can

be randomly sampled from, rather than mapped deterministically to a single increment (which could be thought of as aiming to

represent the mean of that distribution), a key justification being that this stochasticity can represent the effects of unresolved

sub-grid variability (Berner et al., 2017; Palmer, 2019). Introducing stochastic schemes has been shown to provide some of the
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benefits of increasing resolution, at a fraction of the cost (Watson et al., 2017). Benefits have been shown across both weather25

and climate timescales and resolutions (Sanchez et al., 2016a; Palmer et al., 2009).

There are several types of stochastic scheme in common use. First, there are stochastically perturbed parametrisation ten-

dency (SPPT) type schemes (Buizza et al., 1999; Palmer et al., 2009; Charron et al., 2010; Sanchez et al., 2016b). These apply

multiplicative noise to the profiles of prognostic variable tendencies for some or all parametrisation schemes. The noise has

spatio-temporal structure. In the horizontal, this is typically spectral Gaussian noise, while in the time dimension an autore-30

gressive process of order 1 is assumed. This type of stochastic schemes is quite holistic: they attempt to sample the uncertainty

associated with a large number of process-based parametrisation schemes in a way that is decoupled from the structural details

of the schemes in question.

Secondly, there are random parameter (RP) type schemes (Bright and Mullen, 2002; Bowler et al., 2008; Grell and Freitas,

2014; Ollinaho et al., 2017)2. In most parametrisation schemes, there are several parameters with uncertain values. These35

may have been set to best guesses based on physical principles, or by some kind of optimisation that best improves model

performance according to some desired metric (e.g. by using perturbed parameter ensembles (Murphy et al., 2004)). With an

RP-type scheme, the values of the uncertain parameters are perturbed stochastically within a plausible range of uncertainty

during the model run. A spatio-temporal structure is usually also imposed (McCabe et al., 2016; Ollinaho et al., 2017). These

schemes are less holistic in terms of the overall physical process, instead they attempt to stochastically represent a single source40

of uncertainty (parameter uncertainty).

Thirdly, there are stochastic kinetic energy backscatter (SKEB) schemes (Shutts, 2005; Berner et al., 2009; Palmer et al.,

2009; Charron et al., 2010; Tennant et al., 2011; Sanchez et al., 2016b). These stochastically inject kinetic energy back into

the model, typically into the high wavenumbers (small scale) to compensate for dissipation by the numerics, dynamics, or

parametrisations schemes.45

Then there exists a variety of bespoke stochastic schemes that introduce stochasticity within a parametrisation to target a

particular source(s) of uncertainty, for example a Betts-Miller type convection scheme (Betts and Miller, 1986) that perturbs the

result of the CAPE calculation additively (Lin and Neelin, 2000). New stochastic schemes have often been developed for use

in the so-called "grey zone" of km-scale resolution numerical weather prediction (NWP) models where some assumptions of

scale separation between processes made in parametrisations developed for coarser resolutions break down. Examples include50

a grey-zone cumulus scheme that treats the cloud population in a grid box as stochastic (Sakradzija et al., 2016); and a grey-

zone boundary layer scheme that uses stochastic perturbations to represent the effects of an unresolved but small and variable

population of turbulent eddies, which improves NWP forecasts of convection (Puh et al., 2023).

SKEB and RP target only specific sources of uncertainty. By contrast, SPPT represents a variety of uncertainties across the

whole scheme, but by design represents only multiplicative uncertainties linearly proportional to the parametrised tendency55

(or some other simple multiplicative relation, such as proportional to the square root of the tendency as in Shutts and Pallarès

(2014)). The fraction of the overall structural uncertainty in the model which can be represented this way is unclear, though

2Note that in Ollinaho et al. (2017) a scheme of this type is referred to as Stochastically Perturbed Parameters, SPP, which should not to be confused with

SPPT above.
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the improvements in model performance that SPPT causes (Weisheimer et al., 2014) indicate it is not negligible. However,

certainly all uncertainty cannot be represented this way. An example of a source of uncertainty that cannot be represented in

this way is now given.60

By considering a spatial region of a certain size, one could imagine a thermodynamic profile with significant convective

instability and some convective inhibition. This profile could be stable but just on the cusp of convecting. As a result, in the

model, convection would not initiate. In the real world however, spatial variability in temperature and humidity could mean

that although the spatially-averaged profile is stable, convection could actually be initiated and does develop in some part of

the region. This has of course not been ignored by developers of purely deterministic convective parametrisations, and can65

be partially represented with a small increase in initial buoyancy of parcels over the grid box mean (Gregory and Rowntree,

1990b). However, the ideal treatment of this effect would be stochastic, recognising the uncertainty in estimating subgrid

variability (Tompkins and Berner, 2008; Giles et al., 2024), and moreover, would have a means of estimating the distribution

of the stochastic perturbations as a function of the local conditions. Likewise, spatial variability may have minimal effects

on the lifting condensation level (LCL), level of free convection (LFC) and convective cloud top (CCT), or it may have very70

large effects, depending on the extent to which changes in near-surface properties on the subgrid scale are accompanied by

counterbalancing changes higher up. As to which of these is the case is determined by unresolved subgrid variability, this may

also be a target for some stochastic representation.

An example of the latter kind of states is illustrated in Fig. 1, showing the effect of spatial variability on parcel buoyancy.

The data are from some km-scale simulations described in the next section. The profiles were chosen to be in the same75

geographical region and with similar CAPE, CIN and LFC when the parcel and environmental properties were calculated from

high-resolution data averaged to the scale of a typical global model gridbox. As an illustration of sub-global model gridbox

variability, the ascent can also be calculated by perturbing the potential temperature at each height by ±3 standard deviations

about the mean. In the left-hand panel, this has a minimal effect. Although the amount of negative buoyancy is affected, the

heights of the LFC and CCT and the amount of CAPE do not change much. In the right-hand panel however, the effects of80

subgrid variability on the LFC, CCT and CAPE are enormous. Although an ascent following an extreme tail of temperature

perturbations at each level all the way up is unlikely, Fig.1 illustrates that even with a similar sounding in a grid-box mean

sense, the depth and vigour of convection will be sensitive to subgrid variability. Distinguishing between these cases using only

mean state information is not trivial, but can be tackled using machine-learning approaches as will be shown later.

In the example of a case where there is considerable uncertainty about whether convection triggers, a convection scheme85

may predict no triggering, and no multiplicative perturbation to the increments from the convection scheme could make them

anything other than zero. This is thus an example of a source of uncertainty whose effects cannot be represented by an SPPT-

type scheme. Likewise, if the scheme does trigger, there may still be considerable uncertainty in the height of the convective

cloud top (as in Fig. 1), but multiplicative perturbations above the scheme’s predicted cloud top will again be around zero. To

represent these effects, a different type of scheme is needed.90

The final approach to stochastic parametrisation that will be discussed here, and the one that is used in this work, is the idea

of perturbing the inputs to a parametrisation scheme (Tompkins and Berner, 2008; Giles et al., 2024).
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Figure 1. Profiles of temperature difference between a rising parcel and the environment. In each panel a solid black line shows this difference

computed using grid-box mean properties. The subgrid standard deviation of potential temperature is computed at each height. The difference

is then computed again for profiles plus and minus three standard deviations from the grid-box mean. Negative buoyancy is shaded in blue,

positive buoyancy in pink. Convective Available Potential Energy (CAPE) and Convective Inhibition (CIN) are computed for each of the

three profiles per panel. The dataset these were taken from is described in section 2 and is the same region used in fig. 3.

This work develops a stochastic approach that makes use of a machine learning model, trained on high-resolution atmo-

spheric simulations to predict plausible alternative profiles, generated by perturbing grid-box mean profiles according to esti-

mated subgrid variability. These plausible alternative profiles are then passed to the traditional process-based parametrisation95

schemes. The scheme is called PAPILLON, as a nod to the butterfly effect (Lorenz, 1972) and based on it generating “Plausible

Alternative Profiles Intelligently Learnt from Lots of Output from NWP".

This paper is structured as follows. The methods are outlined in Section 2. Results are presented in Section 3. A discussion

appears in Section 4. Concluding remarks are given in Section 5.

——100

4

https://doi.org/10.5194/egusphere-2025-6312
Preprint. Discussion started: 20 March 2026
c© Author(s) 2026. CC BY 4.0 License.



2 Methods

2.1 Machine Learning Model

2.1.1 Training Data

The training data were produced using the Met Office Unified Model Nesting Suite (Webster et al., 2008). The simulations are

identical to those described by Giles et al. (2024) and Morcrette et al. (2025) but are summarised here for completeness.105

A global model with GA6 configuration (Walters et al., 2017) was run using a N1280 resolution thus gridboxes have

meridional sizes of ∼ 15km at the equator. The global model is reinitialised from operational reanalysis every 24 hours and

provides lateral boundary conditions for a set of 80 free-running Limited Area Models (LAMs) once per hour. The location of

the LAMs are shown in Fig. 2.

Figure 2. Location of the 80 limited area models (LAMs) used to generate the training data. Each LAM is 768 km x 768 km and uses a

gridlength of 1.5 km.

The LAMs use a regional atmosphere and land configuration (RAL2-T) with a timestep of 1 minute (Bush et al., 2023).110

The LAM grid is a regular latitude-longitude grid with 512x512 grid points spaced 0.0135° apart. A rotated pole is used in

each LAM’s grid, such that regardless of the LAM’s location on Earth, the LAM centre is at the equator on that grid, meaning

the deformation of the grid boxes in the meridional direction is smaller than if the pole was not rotated. Thus grid boxes are

approximately square with side lengths dx≈ 1.5km. The phrase "rotated pole" here refers only to the choice of coordinate
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for discretisation on a sphere - the polar regions of Earth remain physically unchanged, solar zenith angle calculations are115

unaffected, etc. For both the driving global model and the nested regional model, the vertical discretisation is a height-based

coordinate with 70 levels. The first 50 levels above the surface are compressed in a terrain-following manner. Level 50 is at an

altitude of 18km and the model top is at 80km. Regional configurations of the UM are more routinely run with a model top at

40km but to avoid interpolation between vertical levelsets the LAMs were run with the same vertical resolution as the global

model within which we wish to ultimately incorporate our stochastic parametrisation scheme. In contrast to the global model,120

the LAMs are only initialised from reanalysis once. No ocean model is coupled in either model, sea surface temperatures

are prescribed from OSTIA (Donlon et al., 2012). The models were run for one day (30th December 2019) plus one month

(January 2020). As it takes time and space for fine-scale details to spin up, the first day of data was discarded, as well as a

perimeter 16 grid points wide around the edge of the LAMs, as was done in Morcrette et al. (2025).

Horizontal averaging of the 0.0135° (hereafter “fine") LAM data is performed to 0.54° resolution (i.e. 40 x 40, dx≈ 60km,125

hereafter “coarse") to produce the following coarse variables: specific humidity on model levels q, temperature on model levels

T , pressure on model levels P , land-sea mask where 0 is sea and 1 is land fland, and orography h. The standard deviation

of h, σh, in each coarse grid box is calculated from the fine orography field. The standard deviation of potential temperature

for each model level in each coarse grid box, σθ, is calculated from the fine potential temperature field. The coarse-graining is

illustrated in Fig. 3.130

2.1.2 Neural Network

A neural network is then trained to output σθ from the coarse variables:

σθ,ml(X̄) = G(X̄,W̄ ) (1)

Where X̄ is the coarse inputs X̄ = (fland,h,σh,q,P ,T ), G is inference of the neural network and W̄ represents the weights

and biases of the trained neural network. Since these are only varied during training and are constant at inference time when135

the network is called within an atmospheric model, we consider the trained network to be a function of X̄ only that outputs

σθ,ml.

The neural network is a densely connected network with four hidden layers of 512 nodes each with leaky ReLU activation

with a slope of 0.1 to the left of x = 0. The inputs are the aforementioned X̄ which have a total length of 213, and the output

is 70 model levels of σθ. The loss function is the Huber loss (Huber, 1964), and the Adam optimiser was used for training140

with an initial learning rate of 1.0× 10−3 (Kingma and Ba, 2014). A random eighty percent of the data was used for training,

ten percent for validation, and ten percent was reserved as test data. The learning rate was halved after three epochs if no

improvement in the loss occurred. The model was trained until the loss showed no further improvement.

The trained model was translated to Fortran for implementation in the LFRic model using Python-to-Fortran tools based on

Morcrette (2024) and Reid et al. (2025).145
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Figure 3. Illustration of the coarse-graining process using data from region 38 (eastern Brazil in Fig. 2): a) original 1.5 km near-surface level

potential temperature data on 480 × 480 grid (having ignored a 16 gridpoint region around all 4 edges), b) mean data coarse-grained by a

factor of 40 × 40 (i.e. 60 km × 60km) and hence now on a 12 × 12 grid, c) standard deviation of surface potential temperature on scale of

60 km × 60km, d) mean orography on scale of 60 km × 60km.
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2.2 Stochastic Parametrisation Scheme

The PAPILLON scheme is implemented into the LFRic atmospheric model (Adams et al., 2019). The specific details are as

follows.

Simplex noise is a computationally efficient type of gradient noise commonly used for generating natural-looking patterns

easily extensible to higher dimensions(Gustavson, 2005; Perlin, 2002).150

Consider a function for generating 4-dimensional simplex noise η(x̄, t), where x̄ is a position vector in space and t is

time. The simplex noise algorithm used uses Cartesian coordinates but can be straightforwardly called for any point on the

atmospheric model’s coordinate grid by converting the model grid coordinates to Cartesian ones. The model vertical and

temporal coordinates are in metres and seconds respectively. Two free parameters are introduced, lz and τ , which the vertical

and temporal coordinates are divided by respectively before η is computed. These thus control the characteristic length scale of155

the noise in the vertical and temporal directions. The horizontal length scales of the noise could also be varied in a similar way,

but since only single column model experiments are discussed here this is not relevant as η is called only at a fixed latitude and

longitude.

The simplex noise, η, naturally produces values between -1 and 1 with a standard deviation of ση ≈ 0.3021. We divide this

such that the resulting distribution has a standard deviation of 1 and varies between ± 1
ση
≈ 3.31. Temperature perturbations160

are applied like so:

θperturbed = θ +
η(ϕ,λ,z/lz, t/τ)σθ,ml(X̄)

ση
(2)

Where θperturbed is the perturbed potential temperature, ϕ latitude, λ longitude, and z height above Earth’s surface. Note the

range of the noise distribution means that the perturbed potential temperature at any vertical level can only ever be a maximum

of 1
ση

(machine-learnt) standard deviations away from the original temperature. This is a desirable quality, as it naturally caps165

the perturbations, preventing them from being large enough to cause instability in the model.

These potential temperature perturbations are not applied to the prognostic potential temperature. They are applied to the

potential temperature profile which is passed as input to one of the other parametrisation schemes in the model. That scheme

then outputs tendencies which are added to the prognostic variables. Thus, the modification of the prognostic variables by

the PAPILLON scheme is indirect - it modifies the inputs to other schemes, causing those other schemes to output different170

tendencies to what they would have output had PAPILLON not been called.

In all experiments run here, PAPILLON is called before the schemes in the “fast physics" section of the LFRic timestep,

namely the parametrisations of boundary-layer mixing and moist convection (Walters et al., 2017).

2.3 Single Column Model Experiments

Single-column models are a common tool for testing new parametrisation schemes. Their one-dimensional nature allows new175

schemes to be tested in a simple system without complex feedbacks. They are very cheap to run and allow easier debugging

(e.g. Derbyshire et al., 2004; Daleu et al., 2023; Li et al., 2025) and SCM experiments may also make use of the benefits of
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ensembles (e.g. in the multi-model ensemble and ensemble forcing dataset used in Davies et al., 2013) commonly used in less

idealised models.

The LFRic Single Column Model (SCM) can be forced using large-scale advective tendencies and its outputs compared to180

a reference dataset. In this case, we take ERA5 data (Hersbach et al., 2020) for the entire month of November 1992 centred on

latitude -1.79°, longitude 155.71°, which is in the tropical west Pacific. This time and location were chosen for two reasons.

Firstly, so that we can expect the convective parametrisation to play a significant role in this area. Second, because it overlaps

with the TOGA-COARE intensive observation campaign (Webster and Lukas, 1992), and we expect reanalysis errors will be

lower where there is an abundance of observations. The ERA5 dataset is used to compute a time series of advective tendencies185

of prognostic variables into the specified SCM region from a discrete approximation of the divergence of those variables. This

time series is then used as a forcing dataset, applied as increments every timestep in the SCM. The SCM also performs temporal

interpolation to compensate for any differences in the timestep of the model compared to the timestep of the forcing data - the

SCM timestep is 20 minutes in these experiments, while the forcing data is hourly. Thus, the forcing is smoothed out over

several timesteps rather than applied suddenly every hour, but the total increment due to forcing remains the same. We force190

temperature, specific humidity, and zonal and meridional winds.

The same vertical discretisation is used in the SCM as in the training data for the ML model. All SCM experiments per-

formed are over the sea. As a result, the terrain-following nature of the coordinate is not relevant and thus there is a constant,

straightforward mapping of each level to a particular height above the surface, which is provided in Appendix A1 for reference.

The SCM provides an initial temperature perturbation option for generating ensembles. We make use of this to run 20-195

member ensembles for all experiments.

Each ensemble member consists of many 5-day SCM runs. We first initialise the SCM at the start of the first day of our

forcing data, then run for 5 days. Then we initialise it at the start of the second day, and again run for 5 days. This is repeated

until the end of a simulation reaches the last day of our forcing data. The SCM provides the ability to have runs overlap with

one another like this so the effect of lead time can also be investigated if desired.200

Thus, there are 25 5-day runs, each covering a different portion of a 1-month period, per ensemble member. These runs are

repeated with perturbed initial temperatures to produce new ensemble members. There are thus 500 5-day runs in total per

ensemble.

The SCM has several limitations beyond those inherent to all SCMs. First, that while initialised from reanalysis, the sea

surface temperature is fixed throughout the run. The same is true for ozone concentration. Interpolation from the ERA5 vertical205

coordinate onto the LFRic grid is also necessary, and is performed using cubic splines.

The model control configuration is set to GA7 as described in Walters et al. (2019) with minor modifications for running in

SCM mode (gravity wave drag parametrisations are switched off; the aforementioned constant SSTs and ozone). All experiment

configurations are identical to the control configuration where not otherwise stated.

The SCM then outputs a comparison between the control, the experiment, and the user-supplied ground truth.210

The control in our case is the LFRic SCM with no stochastic physics scheme active. Like all the experiments, the control is

an ensemble of 20 members, each containing 25 5-day runs.
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We perform sensitivity tests for the two relevant free parameters τ and lz . The temporal length scale is varied between

values that imply almost no correlation in stochastic perturbations from one timestep to the next (set to 20 minutes, 1 timestep),

to values that imply temporal correlation durations similar to the length of the runs (set to 5 days, same as the model run215

length). In keeping with the SPPT timescale in (Palmer et al., 2009) we use a default of 6h. In addition, lz is varied from

100m to 1000km, which again reaches both extremes (almost no vertical correlation in perturbations, to maximally correlated

vertical perturbations respectively). Stochastic physics schemes such as SPPT typically assume maximal vertical correlation in

perturbations in the region of the atmosphere in which they are active. We set a default of 10km. We do not perform a full grid

search of the parameter space, only sweeping a single row and column - when varying lz , τ is set to 6h; when varying τ , lz is220

set to 10km.

We also run an experiment comparing runs with PAPILLON to runs with an existing Met Office stochastic physics SPPT-

type scheme called SPT (Sanchez et al., 2016b). A typical configuration of this SPT scheme was selected, described briefly as

follows.

If the SPT perturbations would cause the convective mass flux to breach the Courant–Friedrichs–Lewy (CFL) condition, then225

the SPT perturbations are not applied to this column (so in SCM mode, they are skipped for this timestep). The decorrelation

time for the first-order autoregressive temporal component of the forcing pattern is 20,000s (≈ 5.5h). A linear taper is applied

to perturbations from 1700m down to 800m, and again from 11.2km up to 18.0km, such that the perturbations are zero low

and high in the atmosphere. Moisture conservation in the column is enforced. Potential temperature increments are linked to

specific humidity increments in a way that conserves moist static energy. Three smoothing iterations with a 1-2-1 filter are230

applied to the SPT perturbations. All forcing pattern standard deviation scaling coefficients are set to 1. SPT is applied to the

increments from the convection, microphysics and radiation parametrisations.

We also run an experiment where the ML model was replaced with a constant profile of standard deviation of temperature,

obtained by globally averaging the training data. The reason for this experiment is to isolate the effects of simply perturbing

the inputs to schemes from the effects of dynamically varying the perturbations based on local conditions.235

Finally, to provide a benchmark to compare the impact of our stochastic physics approach, we ran two experiments where a

parametrisation was swapped for an alternative which we would expect to cause a significant change (and an overall degradation

of) performance. In one case, we replace the operational PC2 cloud scheme (Wilson et al., 2008a, b) with the Smith (1990)

cloud scheme (Smith, 1990), which diagnoses cloud fraction and condensate from grid-scale variables assuming a triangular

probability distribution function (PDF) of subgrid saturation departure. In the other, we swap the 6a convection scheme (a240

mass-flux scheme based on Gregory and Rowntree (1990a) with developments as described in Walters et al. (2017)) for the

Lambert-Lewis convection scheme, in which convection is simply represented as a relaxation towards a moist adiabat (Lambert

et al., 2020).
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Figure 4. Evaluation of ML performance on the test dataset. a) Comparison of the mean, median, 5th and 95th percentiles of the standard

deviation of potential temperature with height in the test dataset vs ML predictions. b) 2D histogram of standard deviation of potential

temperature (K) as in the test dataset vs as predicted by the ML model. c) As (b), but with a logarithmic colour scale. While the ML model

was trained on all model levels, performance here is evaluated only for the first 50 (approximately to the tropopause) because in the stochastic

scheme described later which makes use of this ML model, we do not apply perturbations above this altitude.

3 Results

3.1 Machine Learning Model: Offline Evaluation245

To illustrate the variations in the target, fig. 4a shows the profile of the standard deviation of potential temperature, σθ, averaged

over the different locations and over time for the validation data (solid blue line). Near the surface, potential temperature has a

standard deviation of around 0.45 K on average. This reduces gently with height rising up through the boundary layer, before

increasing again, peaking around model level 12 (≈ 1100m, see table A1 for level-height mappings). The mean value of σθ

reduces again through the free troposphere, reaching a minimum of around 0.3 K near model level 30 (≈ 6400m). Above that250

height, σθ increases gently again, before increasing more abruptly around level 45 as some of the samples find themselves in

the stratosphere.

In fig. 4a the 5th, 50th (median) and 95th percentile profiles are also shown. The median is notably lower than the mean at

all heights, indicating that σθ has a positively skewed distribution. Larger values of subgrid variability in θ may be an order of

magnitude higher than the median.255

Figure 4a also shows the prediction made by the NN. The NN mean and 95th percentile profiles agree with the target data

fairly well with the latter underestimated at higher altitudes, while both the 5th percentile and median are somewhat over-

estimated at all heights.

We see from fig. 4a that the ML reproduces the expected distribution, but this is only one aspect of performance - it would

be possible to predict the correct distribution of σθ but to predict large values whenever the true value was small and vice versa.260

We thus plot 2D histograms of targets vs predictions of σθ in fig. 4b and fig. 4c. Perfect performance would have all predictions

equal to the target (red diagonal line). From the r2 score here of 0.78, the ML model is not without skill, though it is apparent
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Figure 5. Coefficient of determination r2 score of the ML model with height.

from the position of the peak of the histogram in fig. 4b that the ML model has a bias towards overpredicting σθ when its value

is low, and when its value is high fig. 4c shows more spread in the predictions.

In fig. 5, a vertical profile of the coefficient of determination (r2) score for model predictions compared with the test dataset265

is plotted. The performance in the planetary boundary layer (PBL) (level 10 being 800m, level 20 being approx 3km, see

table A1 for level-height mappings) is best, with a trough in free tropospheric performance in the mixed-phase cloud region,

and a minimum tropospheric performance around the height of the tropopause (level 49 is approx 17km). The performance

improves again in the stratosphere, before dropping significantly above 70km (levels 69 and 70). As ultimately it was decided

to not apply stochastic perturbations above the tropopause owing to this having no expected benefits for the convective and270

boundary layer parametrisations as they should be inactive in this region of the atmosphere, the poor performance at very high

altitude was not considered a problem. The opposite is so for the good performance in the PBL, which is a desirable quality as

we expect perturbations here to have a larger effect.

3.2 Perturbed profiles used in Single Column Model simulations

An obvious way to examine single-column model data is to look at time-series plots of individual variables, an analysis of275

which follows. There are problems with this approach however, which will be described below. Consequently, the results of

the SCM simulations are synthesised into a scorecard of statistics.

Example SCM outputs of a selection of variables can be seen in fig. 6 and fig. 7. Each compares the control and experiment

outputs to a source of truth, in this case the aforementioned ERA5 reanalysis. The control and experiment are in general visually

more similar to one another than to the reanalysis, which is rather to be expected given they differ only in the introduction of280

stochastic perturbations - the entire set of physical parametrisations and forcings are otherwise identical. fig. 6 shows a time-
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Figure 6. Top row: time-height cross-sections of bulk cloud fraction in a) the control, b) the experiment and c) the data the SCM analysis

tool is treating as the ground truth, here ERA5 reanalysis. Bottom row, differences between d) control and ERA5, e) experiment and ERA5

and f) experiment and control. All plots are for a 5-day period.

height cross section of bulk cloud fraction over the course of one of the 5-days of simulation. In this example there is expansive

cloud in the middle and high troposphere with more modest cloud extent in the boundary layer.

Figure 7 shows the evolution of two variables for two separate dates. Figure 7a shows the outgoing long-wave radiation

(OLR) at the top of the atmosphere (TOA). In this case both the control and experimental ensembles initially over-estimate the285

OLR, but later on have envelopes which encompass the value from the ERA5 reference data. Figure 7b shows the ice water

path (IWP). There are a few deep cloud events with peaks 40 and 60 hours into the simulations. In both cases the experimental

ensemble has both a higher mean value and a broader variability which is in better, albeit not perfect, agreement with the

reference data. Conversely, the experiment sees a spike in IWP at around 100 hours that is not seen in the control or reanalysis.

We must highlight the subjectivity of this analysis of specific variables at specific points in time. These examples were290

selected because differences between the control and experiment were very clear to see by eye. Thus they demonstrate that
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Figure 7. Example output from the SCM experiments. Here "control" refers to the control ensemble with default configuration; "experiment"

refers to PAPILLON being switched on with the length parameter set to 10km and the temporal to 6h; "truth" refers to the ERA5 reference

dataset. The bold lines are the minimum, mean and maximum of the variable in the ensemble. The shaded areas are the ensemble mean plus

or minus one, two or three standard deviations. The top plot is of outgoing long-wave radiation (OLR) at the top of the atmosphere (TOA)

on 11 Nov 1992, the bottom plot is for ice water path (IWP) on 5 Nov 1992.

noticeable differences do occur - but there are 525 such plots possible per experiment, and in general, it is difficult to discern

points in time where there was an obvious advantage or disadvantage for the experiment over the control. To determine which

case is more common and whether this is significant will require robust quantification. We therefore turn to an analysis of

broader statistics.295
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4 Discussion

To summarise all the information from the experiments, we construct a scorecard that includes all the variables output by the

SCM which have a straightforward equivalent in the reanalysis dataset (fig. 8). We compute the continuous ranked probability

score (CRPS, Epstein (1969)) for each of these variables across all ensembles and all timesteps, for both the control and the

experiments. The rows of the scorecard are variables, the columns experiments, and values in the scorecard are then:300

CRPS/µtrue (3)

Where CRPS is the overall CRPS scores for that variable and experiment, divided by the mean value for that variable over

time in the truth dataset µtrue.

Examining first the sanity check runs, where the cloud or convection schemes were replaced with simpler parametrisations.

One can see the expected general degradation of performance in both cases, particularly in the convection scheme replacement.305

These experiments show the impact of PAPILLON is comparable in magnitude to the impact of swapping one parametrisation

scheme for another - not a negligible effect.

The experiment with SPT unexpectedly turned out to degrade performance across the board compared with the control. This

was unexpected as SPT is known to improve performance in both regional and global scales (Weisheimer et al., 2014; Sanchez

et al., 2016a; Jankov et al., 2017). We recognise the SPT scheme is here being used outside the environment it was developed310

and tested in, which was 3D rather than 1D. A possible explanation for the different effects in the SCM may involve the lack of

dynamics for the SPT scheme’s effects to interact with. The SPT scheme’s large perturbations, of similar order to the scheme

tendencies themselves, may provide benefit only through the interaction of the effects of these perturbations across many grid

points. That is, in a single column, SPT may push its state very far away from the state that would be reached by applying

the unknown true tendency due to subgrid processes, but in a 3D run errors in different locations are able to compensate315

for one another. For example, if one grid box has the mid troposphere significantly dried out by a particularly extreme SPT

perturbation, but adjacent grid boxes did so less, then advection and diffusion could quickly smooth the model state back out.

The experiment where the ML model was replaced with a constant profile also showed this improvement in all variables,

but to a lesser degree than most of the configurations that used ML. The magnitude of the improvement between this non-ML

configuration and the control is similar in size to that between ML configurations and the non-ML configuration. This suggests320

the effects of dynamically scaling the perturbations based on local conditions are significant, its effects being of comparable

magnitude to the introduction of the perturbations.

Crucially, for all experiments where PAPILLON was active, variables showed universal improvement in CRPS.

The experiments varying the vertical length scale show a peak in CRPS improvement for most variables in the 1 to 3 km

range. A possible explanation for a km-scale length being optimal is that the greatest impact on the convection scheme may be325

had when the length scale is large enough to perturb the whole boundary layer coherently (which would have a big impact on

the initial parcel properties and trajectory), but not so large that the perturbations in the rest of the troposphere are always of
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Figure 8. Each column represents an experiment and each row a variable of interest. Each cell gives the CRPS score for that variable in

that experiment, normalised by dividing all the values in each row by the time-mean value of that variable in the truth dataset. The cells are

coloured according to difference from the control, with better CRPS in blue and worse CRPS scores in orange. From left to right, the first

three experiments are benchmarks (where the default cloud scheme was replaced with the Smith scheme, the default convection scheme with

the LLCS, and the SPT stochastic scheme was switched on, respectively); in the fourth PAPILLON was switched on with the ML component

replaced with a constant profile; the fifth through ninth are the experiments where the length scale parameter was varied; the tenth through

fifteenth are those where the temporal scale parameter was varied; and the final column is the control.

the same sign to those in the boundary layer (which would reduce the variety of possible effects the perturbations could have

on parcel ascent).

The experiments varying the temporal length scale show a peak in improvement for most variables in the 3 to 6 hour range.330

This is also the timescale other stochastic schemes typically use. A possible explanation for this is that this stochastic timescale

is similar to the typical lifetimes for tropical cloud system (e.g. Hagos et al. (2013)).

5 Conclusion

A new stochastic parametrisation approach has been developed and tested in single-column model experiments. The parametri-

sation stochastically perturbs the input profile of potential temperature seen by the convection and boundary-layer mixing335

schemes. The perturbations are generated by first calling a NN to generate a profile of standard deviation of potential tem-

perature, and then multiplying this by a noise field which has correlations on spatial and temporal length scales specified by

the user. The NN is trained on convection-permitting regional simulations run at various locations around the globe and then

coarse-grained spatially to the size of a global model gridbox. The NN performs best at predicting the variance in potential tem-

16

https://doi.org/10.5194/egusphere-2025-6312
Preprint. Discussion started: 20 March 2026
c© Author(s) 2026. CC BY 4.0 License.



perature in the planetary boundary layer. This is advantageous as both schemes the perturbations are applied to are particularly340

sensitive to perturbations there.

The effects of PAPILLON are found to be comparable in magnitude to replacing one of the parametrisation schemes with

a completely different scheme. Running the scheme without the ML model, that is by perturbing the profile using a fixed

profile of standard deviation of temperature is found to also improve CRPS scores. But crucially, switching on the ML model

which dynamically varies the profile of standard deviation of potential temperature based on local conditions is found to345

approximately double these improvements. The optimal vertical length scale is found for most variables to be around 1 to 3km.

The optimal temporal length scale is found to be approximately 3 to 6 hours. An improvement in CRPS for all variables is seen

in all experiments in which PAPILLON was switched on.

In future work the machine-learning model could be developed further. This could be by making use of one-dimensional

convolutional neural networks in the vertical to better capture the importance of atmospheric stability variations on subgrid350

temperature variability. In addition, the amount of training data could be increased by making use of km-scale simulation from

sources beyond the simulations described here. This could include data from previously completed km-scale such as those

performed as part of the DYAMOND project (Stevens et al., 2019).

The clearest next step for future work would be to evaluate this stochastic scheme in a full three-dimensional atmospheric

model (either LFRic in 3D mode, or in a different general circulation model) to examine its applicability to less idealised355

scenarios than those presented here.
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Appendix A: Model level to height conversion

The mapping between model levels used in all experiments in this paper and heights above the surface is given in table A1.
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Level Height (m) Level Height (m)

0 0 36 9121

1 20 37 9622

2 53 38 10137

3 100 39 10667

4 160 40 11213

5 233 41 11775

6 320 42 12355

7 420 43 12954

8 533 44 13575

9 660 45 14221

10 800 46 14895

11 953 47 15602

12 1120 48 16348

13 1300 49 17137

14 1493 50 17980

15 1700 51 18884

16 1920 52 19861

17 2153 53 20923

18 2400 54 22087

19 2660 55 23369

20 2933 56 24789

21 3220 57 26371

22 3520 58 28141

23 3833 59 30130

24 4160 60 32371

25 4500 61 34904

26 4853 62 37771

27 5220 63 41022

28 5600 64 44712

29 5993 65 48902

30 6400 66 53659

31 6820 67 59060

32 7253 68 65187

33 7700 69 72133

34 8160 70 80000

35 8634
Table A1. Levels and corresponding heights in meters
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