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Response of precipitation extremes to climate warming in CMIP5 models

humidity, with relatively small contributions from changes
in vertical velocities and precipitation efficiency [56, 70,
77]. The same behavior is found when convection is orga-
nized in a squall line [55•]. However, for temperatures be-
low 295 K, the precipitation efficiency can change substan-
tially with warming and the scaling of precipitation ex-
tremes then depends on the accumulation period considered
[77], as discussed in the “Duration of Precipitation
Extremes” section.

Climate-Model Projections

Climate models provide global coverage for precipitation ex-
tremes [39•, 84] and more detailed coverage on regional scales
[8•, 22, 36, 37]. They may be applied to different emissions
scenarios or individual radiative forcings [18, 35•, 38], and
they allow relatively straightforward investigations into the
role of dynamics and other factors that contribute to precipi-
tation intensity [24, 61•, 65, 83]. Important limitations in the
ability of current models to simulate precipitation extremes
have also been recognized and are related in part to the use
of parameterized convection [38, 43, 58, 89, 93].

Global models precipitate too frequently with too low a
mean precipitation intensity [20, 82], but this does not neces-
sarily mean that they underestimate the intensity of precipita-
tion extremes. For example, in an analysis of 30-year return
values of daily precipitation over the conterminous USA, most
global climate models were found to overestimate or roughly
agree with observations that were conservatively interpolated
to the model resolution for comparison [17]. (Appropriate
interpolation of precipitation is important because of mis-
matches in time and space scales between models and obser-
vations.) One exception was the Community Climate Model
System 3 which underestimated the 30-year return values
[17], and increased horizontal resolution [90] or use of
superparameterization [49] has been shown to improve the
representation of the intensity distribution of precipitation in
the Community Atmosphere Model versions 2 and 3. The
model bias of too-frequent precipitation mentioned above will
affect percentiles calculated over only wet days rather than all
days [9], even if the extreme events are properly simulated,
which suggests that calculating extremes using all days (or all
hours) is preferable for comparison of precipitation extremes
between models and observations.

Projections of twenty-first-century climate change with
global climate models show a general increase in the intensity
of precipitation extremes except in some regions in the sub-
tropics [38, 39•]. To illustrate basic features of the response,
Fig. 2 shows the sensitivity of the 99.9th percentile of daily
precipitation to warming as a function of latitude in simula-
tions with 15 global climate models from the Coupled Model
Intercomparison Project phase 5 (CMIP5). Sensitivities for

climate change (% K−1) are calculated as the change in the
99.9th percentile between the final two decades of the twenti-
eth century in the historical simulations and the final two
decades of the twenty-first century in the warmer RCP8.5
simulations, normalized by the value in the historical simula-
tions and the change in global-mean surface air temperature.2

Note that the sensitivities from observations in Fig. 1 and from
simulations in Fig. 2 should not be compared in detail, be-
cause of the different time periods, geographic coverage, and
measure of extreme precipitation used. We first discuss
the simulated response of extratropical precipitation ex-
tremes, followed by tropical precipitation extremes and
the use of observed variability to better constrain the
intermodel spread.

Extratropical Precipitation Extremes

The multimodel-median sensitivity is shown by the green line
with circles in Fig. 2, and the multimodel median of the sen-
sitivity averaged over the extratropics is 6 % K−1. A slightly
lower extratropical sensitivity of 5 % K−1 is obtained if it is
normalized by the change in extratropical-mean surface tem-
perature rather than global-mean surface temperature. The
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Fig 2 Sensitivity of the 99.9th percentile of daily precipitation to global-
mean surface temperature for climate change under the RCP8.5 scenario
in CMIP5 global climate-model simulations. Shown are the multimodel
median (green line with circles) and the full model range (dotted lines).
Also shown are sensitivities inferred by constraining the model
sensitivities using observations of tropical variability (black line) with a
90 % confidence interval obtained by bootstrapping as in [58] (gray
shading)

2 The model names and the exact time periods used are given in [58]. The
daily precipitation rates are first conservatively interpolated [17] to an
equal-area grid with constant spacing in longitude of 3°. Following
[61], the precipitation extremes in a given climate are calculated by ag-
gregating daily precipitation rates (over both land and ocean and includ-
ing dry days) at a given latitude and then calculating the 99.9th percentile.
Calculating the change in precipitation extremes at each grid box and then
taking the zonal average has been found to give similar results [65]. The
sensitivities are averaged over 10° latitude bands for presentation in
Fig. 2.
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humidity, with relatively small contributions from changes
in vertical velocities and precipitation efficiency [56, 70 ,
77]. The same behavior is found when convection is orga-
nized in a squall line [55t]. However, for temperatures be-
low 295 K, the precipitation efficiency can change substan-
tially with warming and the scaling of precipitation ex-
tremes then depends on the accumulation period considered
[77], as discussed in the “Duration of Precipitation
Extremes” section.

Climate-Model Projections

Climate models provide global coverage for precipitation ex-
tremes [39t, 84] andmore detailed coverage on regional scales
[8t, 22, 36, 37]. They may be applied to different emissions
scenarios or individual radiative forcings [18, 35t, 38], and
they allow relatively straightforward investigations into the
role of dynamics and other factors that contribute to precipi-
tation intensity [24, 61t, 65, 83]. Important limitations in the
ability of current models to simulate precipitation extremes
have also been recognized and are related in part to the use
of parameterized convection [38, 43, 58, 89, 93].

Global models precipitate too frequently with too low a
mean precipitation intensity [20 , 82], but this does not neces-
sarily mean that they underestimate the intensity of precipita-
tion extremes. For example, in an analysis of 30 -year return
values of daily precipitation over the conterminous USA,most
global climate models were found to overestimate or roughly
agree with observations that were conservatively interpolated
to the model resolution for comparison [17]. (Appropriate
interpolation of precipitation is important because of mis-
matches in time and space scales between models and obser-
vations.) One exception was the Community Climate Model
System 3 which underestimated the 30 -year return values
[17], and increased horizontal resolution [90 ] or use of
superparameterization [49] has been shown to improve the
representation of the intensity distribution of precipitation in
the Community Atmosphere Model versions 2 and 3. The
model bias of too-frequent precipitation mentioned above will
affect percentiles calculated over only wet days rather than all
days [9], even if the extreme events are properly simulated,
which suggests that calculating extremes using all days (or all
hours) is preferable for comparison of precipitation extremes
between models and observations.

Projections of twenty-first-century climate change with
global climate models show a general increase in the intensity
of precipitation extremes except in some regions in the sub-
tropics [38, 39t]. To illustrate basic features of the response,
Fig. 2 shows the sensitivity of the 99.9th percentile of daily
precipitation to warming as a function ofl atitude in simula-
tions with 15 global climate models from the Coupled Model
Intercomparison Project phase 5 (CMIP5). Sensitivities for

climate change (% K−1) are calculated as the change in the
99.9th percentile between the final two decades of the twenti-
eth century in the historical simulations and the final two
decades of the twenty-first century in the warmer RCP8.5
simulations, normalized by the value in the historical simula-
tions and the change in global-mean surface air temperature.2

Note that the sensitivities from observations in Fig.1 and from
simulations in Fig. 2 should not be compared in detail, be-
cause of the different time periods, geographic coverage, and
measure of extreme precipitation used. We first discuss
the simulated response of extratropical precipitation ex-
tremes, followed by tropical precipitation extremes and
the use of observed variability to better constrain the
intermodel spread.

Extratropical Precipitation Extremes

The multimodel-median sensitivity is shown by the green line
with circles in Fig. 2, and the multimodel median of the sen-
sitivity averaged over the extratropics is 6 % K−1. A slightly
lower extratropical sensitivity of 5 % K−1 is obtained ifi t is
normalized by the change in extratropical-mean surface tem-
perature rather than global-mean surface temperature. The
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Fig 2 Sensitivity of the 99.9th percentile of daily precipitation to global-
mean surface temperature for climate change under the RCP8.5 scenario
in CMIP5 global climate-model simulations. Shown are the multimodel
median (green line with circles) and the full model range (dotted lines).
Also shown are sensitivities inferred by constraining the model
sensitivities using observations of tropical variability (black line) with a
90 % confidence interval obtained by bootstrapping as in [58] (gray
shading)

2 Themodel names and the exact time periods used are given in [58]. The
daily precipitation rates are first conservatively interpolated [17] to an
equal-area grid with constant spacing in longitude of 3°. Following
[61], the precipitation extremes in a given climate are calculated by ag-
gregating daily precipitation rates (over both land and ocean and includ-
ing dry days) at a given latitude and then calculating the 99.9th percentile.
Calculating the change in precipitation extremes at each grid box and then
taking the zonal average has been found to give similar results [65]. The
sensitivities are averaged over 10 ° latitude bands for presentation in
Fig. 2.
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humidity, with relatively small contributions from changes
in vertical velocities and precipitation efficiency [56, 70,
77]. The same behavior is found when convection is orga-
nized in a squall line [55•]. However, for temperatures be-
low 295 K, the precipitation efficiency can change substan-
tially with warming and the scaling of precipitation ex-
tremes then depends on the accumulation period considered
[77], as discussed in the “Duration of Precipitation
Extremes” section.

Climate-Model Projections

Climate models provide global coverage for precipitation ex-
tremes [39•, 84] and more detailed coverage on regional scales
[8•, 22, 36, 37]. They may be applied to different emissions
scenarios or individual radiative forcings [18, 35•, 38], and
they allow relatively straightforward investigations into the
role of dynamics and other factors that contribute to precipi-
tation intensity [24, 61•, 65, 83]. Important limitations in the
ability of current models to simulate precipitation extremes
have also been recognized and are related in part to the use
of parameterized convection [38, 43, 58, 89, 93].

Global models precipitate too frequently with too low a
mean precipitation intensity [20, 82], but this does not neces-
sarily mean that they underestimate the intensity of precipita-
tion extremes. For example, in an analysis of 30-year return
values of daily precipitation over the conterminous USA, most
global climate models were found to overestimate or roughly
agree with observations that were conservatively interpolated
to the model resolution for comparison [17]. (Appropriate
interpolation of precipitation is important because of mis-
matches in time and space scales between models and obser-
vations.) One exception was the Community Climate Model
System 3 which underestimated the 30-year return values
[17], and increased horizontal resolution [90] or use of
superparameterization [49] has been shown to improve the
representation of the intensity distribution of precipitation in
the Community Atmosphere Model versions 2 and 3. The
model bias of too-frequent precipitation mentioned above will
affect percentiles calculated over only wet days rather than all
days [9], even if the extreme events are properly simulated,
which suggests that calculating extremes using all days (or all
hours) is preferable for comparison of precipitation extremes
between models and observations.

Projections of twenty-first-century climate change with
global climate models show a general increase in the intensity
of precipitation extremes except in some regions in the sub-
tropics [38, 39•]. To illustrate basic features of the response,
Fig. 2 shows the sensitivity of the 99.9th percentile of daily
precipitation to warming as a function of latitude in simula-
tions with 15 global climate models from the Coupled Model
Intercomparison Project phase 5 (CMIP5). Sensitivities for

climate change (% K−1) are calculated as the change in the
99.9th percentile between the final two decades of the twenti-
eth century in the historical simulations and the final two
decades of the twenty-first century in the warmer RCP8.5
simulations, normalized by the value in the historical simula-
tions and the change in global-mean surface air temperature.2

Note that the sensitivities from observations in Fig. 1 and from
simulations in Fig. 2 should not be compared in detail, be-
cause of the different time periods, geographic coverage, and
measure of extreme precipitation used. We first discuss
the simulated response of extratropical precipitation ex-
tremes, followed by tropical precipitation extremes and
the use of observed variability to better constrain the
intermodel spread.

Extratropical Precipitation Extremes

The multimodel-median sensitivity is shown by the green line
with circles in Fig. 2, and the multimodel median of the sen-
sitivity averaged over the extratropics is 6 % K−1. A slightly
lower extratropical sensitivity of 5 % K−1 is obtained if it is
normalized by the change in extratropical-mean surface tem-
perature rather than global-mean surface temperature. The
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Fig 2 Sensitivity of the 99.9th percentile of daily precipitation to global-
mean surface temperature for climate change under the RCP8.5 scenario
in CMIP5 global climate-model simulations. Shown are the multimodel
median (green line with circles) and the full model range (dotted lines).
Also shown are sensitivities inferred by constraining the model
sensitivities using observations of tropical variability (black line) with a
90 % confidence interval obtained by bootstrapping as in [58] (gray
shading)

2 The model names and the exact time periods used are given in [58]. The
daily precipitation rates are first conservatively interpolated [17] to an
equal-area grid with constant spacing in longitude of 3°. Following
[61], the precipitation extremes in a given climate are calculated by ag-
gregating daily precipitation rates (over both land and ocean and includ-
ing dry days) at a given latitude and then calculating the 99.9th percentile.
Calculating the change in precipitation extremes at each grid box and then
taking the zonal average has been found to give similar results [65]. The
sensitivities are averaged over 10° latitude bands for presentation in
Fig. 2.
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Highly uncertain
 in tropics!

Clear need for improvement in parameterizations of 
moist convection for simulations of climate change



Four questions

Can a machine-learning-based parameterization of moist 
convection be used for:

1.Accurate simulations of climate?

2.Accurate simulations of extreme events (without special 
training)?

3.Climate change?

4. Learning about the underlying physics and dynamics?



Focus on behavior when machine-learning 
parameterization implemented in GCM 

using idealized tests

• Use “perfect-parameterization” test in which emulate a 
conventional parameterization

• View as best-case scenario for column-based learning 

• Use idealized aquaplanet GCM to simplify analysis       

O’Gorman & Dwyer, submitted to JAMES



Learn mapping from “features” (inputs) to “outputs”

Include surface pressure ps as a feature because using vertical sigma (σ) coordinate

Features: vertical profiles of 
temperature and specific humidity

Nonlinear function

Outputs: vertical profiles of 
convective tendencies of 
temeprature and specific humidity

y =

✓
@T

@t conv
,
@q

@t conv

◆

x = (T (�), q(�), ps)

y = f(x)



Machine-learning algorithm: 
Random Forest is an ensemble of decision trees

X[0] <= 3.1328
mse = 0.5471
samples = 80

value = 0.1222

X[0] <= 0.5139
mse = 0.2314
samples = 51

value = 0.5712

True

X[0] <= 3.8502
mse = 0.1244
samples = 29

value = -0.6675

False

mse = 0.1919
samples = 11

value = 0.0524

X[0] <= 2.0293
mse = 0.1479
samples = 40

value = 0.7138

X[0] <= 1.4205
mse = 0.0926
samples = 24

value = 0.8386

X[0] <= 2.6201
mse = 0.1724
samples = 16

value = 0.5267

X[0] <= 0.838
mse = 0.119
samples = 15

value = 0.7415

mse = 0.0068
samples = 9

value = 1.0004

mse = 0.0277
samples = 8

value = 0.6936

mse = 0.2177
samples = 7

value = 0.7962

mse = 0.1812
samples = 9

value = 0.5878

mse = 0.15
samples = 7

value = 0.4482

X[0] <= 3.4605
mse = 0.1241
samples = 14

value = -0.4519

X[0] <= 4.3906
mse = 0.0407
samples = 15

value = -0.8686

mse = 0.2701
samples = 6

value = -0.4773

mse = 0.0138
samples = 8

value = -0.4328

mse = 0.0104
samples = 6

value = -0.8288

mse = 0.0592
samples = 9

value = -0.8952



Why use a Random Forest for this application?

• Found that Random Forest leads to stable and accurate 
simulations when implemented in GCM (artifical neural nets 
lead to problems in GCM such as extremely dry or moist patches)

• Advantage that predicted tendencies respect physical 
constraints (energy conservation, non-negative 
precipitation)

O’Gorman & Dwyer, submitted to JAMES



Details: idealized GCM and Random Forest

• Idealized GCM has 30 vertical sigma levels and T42 
resolution, no land or ice, mixed layer ocean,  gray radiation 
scheme for longwave (GFDL dynamical core, as in Frierson et al 
2006, O’Gorman and Schneider 2008)

• Relaxed-Arakawa Schubert (RAS) convection scheme (Moorthi et al 
1992)

• Trained Random Forest (10 trees) on 700,000 samples 
from statistical equilibrium simulation 



O’Gorman & Dwyer, submitted to JAMES

Random forest accurately predicts convective tendencies 
in test dataset

Correlation coefficients of convective tendencies for original convection 
scheme (RAS) versus Random Forest

Confidential manuscript submitted to Journal of Advances in Modeling Earth Systems (JAMES)

ally and hemispherically symmetric, and thus di↵erences between the hemispheres in fig-219

ures are indicative of sampling errors, except for the climate-change results in which the220

fields have been symmetrized between the hemispheres to reduce noise.221

We consider two climates: a control climate with a global-mean surface air temper-222

ature of 288K (similar to the reference climate in O’Gorman and Schneider [2008]), and223

a warm climate with a global-mean surface air temperature of 295K that is obtained by224

increasing the longwave optical thickness by a factor of 1.4 to mimic a large increase in225

greenhouse-gas concentrations.226

4 Training and validation of the random forest227

Figure 1. Correlation coe�cient between the convective tendencies from the RAS parameterization and
the predicted tendencies from the random forest (RF) trained on the control climate for (a) temperature and
(b) specific humidity. The correlation coe�cient is calculated based on the samples from the test dataset for
the control climate. Results are plotted versus latitude and vertical level (�) since the underlying GCM is
statistically zonally symmetric. White regions are regions in which the tendencies are zero.
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232

Training of the RF is an example of supervised learning in which an ML algorithm236

and a training dataset are used to learn a mapping between features and outputs [e.g.,237

Hastie et al., 2001]. The aim of the training is to minimize the squared error between238

the known and predicted outputs, and the resulting model is referred to as a regression239

model because it predicts continuous variables. The features are the inputs to the RF, and240

they are chosen here to be the vertical profiles of temperature and specific humidity (dis-241

cretized at the vertical � levels) and the surface pressure. Given that � is pressure nor-242

malized by surface pressure, these inputs are equivalent to the inputs to RAS which are243

the vertical profiles of temperature, specific humidity and pressure. Tests in which surface244

pressure is not included as a feature in the RF gave similar performance (note that the245

idealized GCM does not include topography). The outputs are the vertical profiles of the246

convective tendencies of temperature and specific humidity. The nonlinear mapping that247

the RF learns may be written as y = f (x), where the vector of features is x = (T,q,ps )248

and the vector of outputs is y = (@T/@t |conv,@q/@t |conv). Here the time tendency from249

convection is denoted @/@t |conv, and the vectors of temperature and specific humidity at250

di↵erent vertical levels are denoted T and q, respectively. Since convection is primarily251

active in the troposphere, we include the 21 �-levels that satisfy � � 0.08. Thus, there are252

43 features and 42 outputs.253
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Random forest accurately predicts precipitation rate
(including heavy events) in test dataset

Scatterplot of instantaneous surface precipitation rate from original 
convection scheme (RAS) versus Random Forest

Confidential manuscript submitted to Journal of Advances in Modeling Earth Systems (JAMES)

Figure 2. Scatterplot of instantaneous precipitation from the RAS parameterization versus the random
forest (RF) trained on the control climate. The samples are from the test dataset for the control climate, and
only a random subset of 10,000 samples are shown for clarity. The black dashed line is the one-to-one line.
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235

We choose to have only one RF that predicts the convective tendencies of both tem-254

perature and specific humidity at all the vertical levels considered, and thus there are 42255

outputs at each leaf of each tree. This approach improves e�ciency, and it ensures con-256

servation of energy in the column and non-negativity of precipitation. These two physi-257

cal contraints would not hold if di↵erent RFs were used for predictions at each vertical258

level. Note also that we use the same RF for all latitudes (since RAS does not change de-259

pending on latitude) and that the RF is trained on data that includes both convecting and260

non-convecting gridpoints.261

To build the training and test datasets, the temperature and specific humidity profiles262

and surface pressure were output and stored from the GCM once a day immediately prior263

to the point in the code at which RAS is called, and the convective tendencies of temper-264

ature and specific humidity calculated by RAS were also output and stored. To make the265

samples more independent, we then randomly subsampled to 10 longitudes for a given266

time and latitude. Noting that the GCM is statistically zonally symmetric, time and longi-267

tude were combined into one sampling index, and the samples were then randomly shuf-268

fled in this index. The first 70% of the samples were stored for training while the remain-269

der of the samples were stored as a test dataset for model assessment. Lastly, the train-270

ing and test datasets were randomly subsampled so that the number of samples used at a271

given latitude is proportional to cosine of latitude to account for the greater surface area at272

lower latitudes. The training samples were then aggregated across latitudes and reshu✏ed,273

such that the final training dataset depends only on sample index and level.274

The choice of output scaling for temperature versus humidity tendencies a↵ects how275

the RF fits the training data because it a↵ects the mean squared error of the fit for a given276

set of temperature and humidity tendency profiles. We chose to multiply the temperature277

tendencies by the specific heat capacity of air at constant pressure (cp), and the specific278

humidity tendencies by the latent heat of condensation (L) to give the same units for both279

tendencies.280

To train the RF, we use the RandomForestRegressor class from the scikit-learn pack-281

age version 0.18.1 [Pedregosa et al., 2011]. An advantage of the RF approach is that there282

are only a few important hyper-parameters that control how the algorithm learns and they283

are relatively easy to tune. We analyzed the error of the RF using 10-fold cross-validation284

on the training dataset from the control climate. We varied the number of trees (n_estimators),285

the minimum number of samples required to be at each leaf node (min_sample_leaf), and286
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Precipitation rates are non-negative (see above)
Tendency of vertical integral of moist enthalpy is zero (not shown)

Confidential manuscript submitted to Journal of Advances in Modeling Earth Systems (JAMES)

Figure 2. Scatterplot of instantaneous precipitation from the RAS parameterization versus the random
forest (RF) trained on the control climate. The samples are from the test dataset for the control climate, and
only a random subset of 10,000 samples are shown for clarity. The black dashed line is the one-to-one line.
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age version 0.18.1 [Pedregosa et al., 2011]. An advantage of the RF approach is that there282
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Physical constraints 
for precipitation and energy conservation are 

automatically respected



Tropical means over 20S to 20N
O’Gorman & Dwyer, submitted to JAMES

GCM with Random-Forest convection scheme runs stably and 
leads to accurate simulations of control climate

Confidential manuscript submitted to Journal of Advances in Modeling Earth Systems (JAMES)
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Figure 3. Statistics from a GCM simulation of the control climate with the RAS parameterization (black)
versus a simulation with the RF parameterization (red dashed) and a simulation without any convection
scheme (blue). Shown are profiles of (a) tropical equivalent potential temperature versus vertical level (�),
(b) tropical eddy kinetic energy versus �, (c) zonal- and time-mean precipitation versus latitude, and (d) the
99.9th percentile of daily precipitation versus latitude. Eddy kinetic energy is defined using eddy velocities
with respect to the time and zonal mean. The tropical equivalent potential temperature and tropical eddy
kinetic energy are based on zonal and time means that are then averaged (with area-weighting) over 20�S to
20�N.
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by the 99.9th percentile of daily precipitation (Fig. 3d). In all cases, the GCM with the345

RF parameterization correctly captures the climate as compared to the GCM with the RAS346

parameterization (compare the black and dashed red lines in Fig. 3). This is a notewor-347

thy result, particularly for the tropical ✓e profile, tropical eddy kinetic energy, and ex-348
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of longwave absorber in gray radiation scheme (dT = 6.5K)

• Most conservative approach is to train a separate Random 
Forest for each of the control and warm climates
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GCM with Random-Forest scheme correctly captures 
climate-change response of mean and extreme precipitation

%/K relative to zonal- and time-mean surface temperature change 
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Figure 4. Changes in (a) zonal- and time-mean precipitation and (b) the 99.9th percentile of daily precipita-
tion between the control climate and the warm climate for simulations with the RAS parameterization (black),
with the RF parameterization (red dashed) and with no convection scheme (blue). Changes are expressed as
the percentage change in precipitation normalized by the change in zonal- and time-mean surface-air temper-
ature. The changes in this figure have been averaged between hemispheres, and a 1-2-1 filter has been applied
to reduce noise.
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a strong increase in precipitation extremes in the tropics, albeit not as strong as when it383

was implemented in the GFDL coupled models CM2.0 and CM2.1 [O’Gorman, 2012].384

Simulations in which the convection scheme is turned o↵ have a more muted increase385

in extreme precipitation in the tropics (Fig. 4). The GCM with the RF parameterization386

also faithfully captures the vertical and meridional structure of warming, with amplified387

warming in the tropical upper troposphere and polar amplification of warming in the lower388

troposphere (Fig. 5).389

Next we assess the performance of di↵erent RF training approaches for climate390

change as measured by the change in mean precipitation (Fig. 6). Other quantities such391

as the vertical profile of warming in the tropics lead to similar conclusions. When an RF392
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control and warm climates

2. Train on control climate only
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Climate change: alternative training strategies
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control and warm climates

2. Train on control climate only

3. Train on warm climate only

Which approaches work or don’t work?
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Training a Random Forest for each climate separately:
Accurate simulations of climate change
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Training one Random Forest on combined samples 
from both climates:

Accurate simulations of climate change

Vertical profile of warming in tropics
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Figure 6. Change in zonal- and time-mean precipitation versus latitude between the control climate and the
warm climate for the RAS parameterization (black) and the RF parameterization (dashed red) with di↵erent
approaches to training: (a) a di↵erent RF is trained for each climate separately, (b) one RF is trained using
combined training data from both climates, (c), one RF is trained using training data from the control climate
only, and (d) one RF is trained using training data from the warm climate only. Changes are expressed as the
percentage change in precipitation normalized by the change in zonal- and time-mean surface-air temperature.
The changes in this figure have been averaged between hemispheres, and a 1-2-1 filter has been applied to
reduce noise.
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is trained separately for each climate, the latitudinal profile of mean precipitation change393

is correctly captured (Fig. 6a, repeated from Fig. 4a). Training separately on di↵erent cli-394

mates is not necessarily feasible for simulations of tranisent climate evolution. An alterna-395

tive would be to train one RF using training data from a range of di↵erent climate states.396

We test this approach here by combining training data from the control and warm climates397

(using 1,400,000 training samples) and training one RF which is then used in GCM sim-398

ulations of both climates. The GCM with the RF parameterization performs well in this399

case, as illustrated for the change in mean precipitation in Fig. 6b, and the control climate400

is also correctly simulated (not shown).401

By contrast, training an RF on the control climate only and applying it in simula-402

tions of both the control climate and the warm climate leads to inaccurate climate-change403

results, with changes in precipitation in the tropics and subtropics that are incorrect and404

much too large (Fig. 6c). This failure is likely because climate warming leads to higher405

tropical surface temperatures and an increase in the height of the tropopause [Vallis et al.,406

2015] as part of a more general upward shift of the circulation and thermal structure [Singh407

and O’Gorman, 2012], but there are not examples in the training data from the control cli-408

mate with such a warm surface or high tropopause. The climate-change considered here409

is large (increase in global-mean surface temperature of 6.5K) and the results might be410

better for a smaller climate change. In addition, the control simulation does not have a411

seasonal cycle or ENSO-like variability, both of which might help by widening the range412

of training examples from the control climate. However, to the extent that the ML-based413
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parameterization must extrapolate at least at some times when applied to a warmer climate414

(e.g., during warm ENSO events), we expect it will not perform well.415

Interestingly, training the RF on the warm climate and then applying it in simula-416

tions of both the control and warm climate leads to much better results than training only417

on the control climate, albeit with a negative bias for the mean precipitation change in the418

tropics (Fig. 6d). Why is climate change better simulated when training on the warm cli-419

mate rather than the control climate? For a given tropical latitude in the control climate420

with a certain surface temperature and tropopause height, it is possible to find training421

samples at higher latitudes in the warm climate with a similar tropopause height and sur-422

face temperature. However, when training is based on the control climate, it is not pos-423

sible to find training samples with a su�ciently high tropopause or surface temperature424

that are needed for the tropics in the warm climate. At higher latitudes, moist convection425

is less important and there is more internal temperature variability which helps to broaden426

the range of training samples and makes it easier to generalize to a di↵erent climate.427

Overall, our results show that the RF parameterization performs well in simulations428

of climate change when the training data includes samples from both climates. An RF429

can be trained separately for each climate or the training data from both climates can be430

pooled to train one RF. Training on only the control climate gives poor results as might431

be expected. Training on only the warm climate leads to much better results than training432

on only the control climate, although there are still non-negligible biases in the simulated433

precipitation change at low latitudes.434

7 Feature importance of convection and sensitivity to perturbations435

Figure 7. Diagnostics measuring the responsiveness of convective tendencies to input temperature (blue)
and specific humidity (orange) at di↵erent vertical (�) levels according to the RF parameterization trained on
the control climate. (a) Sensitivity of surface precipitation in mm day�1 to perturbations in input temperature
and specific humidity at di↵erent vertical levels (�). The total perturbations are 1K for temperature and 1g
kg�1 for specific humidity and these are applied to samples with non-zero precipitation from the test dataset.
The sensitivities have been rescaled to approximately represent the response to a 50hPa-deep input perturba-
tion centered at a given level. (b) Feature importance of input temperature and specific humidity at di↵erent
� levels for convection (including both occurrence and strength of convection). The importance values have
been rescaled by 1/d� to account for the uneven � spacing. The vertically integrated importance is 0.24 for
temperature and 0.75 for specific humidity (the importance of surface pressure is 0.01).
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Training on control climate only:
Very inaccurate simulations of climate change

Vertical profile of warming in tropics
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Figure 6. Change in zonal- and time-mean precipitation versus latitude between the control climate and the
warm climate for the RAS parameterization (black) and the RF parameterization (dashed red) with di↵erent
approaches to training: (a) a di↵erent RF is trained for each climate separately, (b) one RF is trained using
combined training data from both climates, (c), one RF is trained using training data from the control climate
only, and (d) one RF is trained using training data from the warm climate only. Changes are expressed as the
percentage change in precipitation normalized by the change in zonal- and time-mean surface-air temperature.
The changes in this figure have been averaged between hemispheres, and a 1-2-1 filter has been applied to
reduce noise.
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is trained separately for each climate, the latitudinal profile of mean precipitation change393

is correctly captured (Fig. 6a, repeated from Fig. 4a). Training separately on di↵erent cli-394

mates is not necessarily feasible for simulations of tranisent climate evolution. An alterna-395

tive would be to train one RF using training data from a range of di↵erent climate states.396

We test this approach here by combining training data from the control and warm climates397

(using 1,400,000 training samples) and training one RF which is then used in GCM sim-398

ulations of both climates. The GCM with the RF parameterization performs well in this399

case, as illustrated for the change in mean precipitation in Fig. 6b, and the control climate400

is also correctly simulated (not shown).401

By contrast, training an RF on the control climate only and applying it in simula-402

tions of both the control climate and the warm climate leads to inaccurate climate-change403

results, with changes in precipitation in the tropics and subtropics that are incorrect and404

much too large (Fig. 6c). This failure is likely because climate warming leads to higher405

tropical surface temperatures and an increase in the height of the tropopause [Vallis et al.,406

2015] as part of a more general upward shift of the circulation and thermal structure [Singh407

and O’Gorman, 2012], but there are not examples in the training data from the control cli-408

mate with such a warm surface or high tropopause. The climate-change considered here409

is large (increase in global-mean surface temperature of 6.5K) and the results might be410

better for a smaller climate change. In addition, the control simulation does not have a411
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Training on warm climate only:
Does surprisingly well!

Can find training samples in warm climate at higher latitudes that 
match tropical samples in control climate

Vertical profile of warming in tropics
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Figure 6. Change in zonal- and time-mean precipitation versus latitude between the control climate and the
warm climate for the RAS parameterization (black) and the RF parameterization (dashed red) with di↵erent
approaches to training: (a) a di↵erent RF is trained for each climate separately, (b) one RF is trained using
combined training data from both climates, (c), one RF is trained using training data from the control climate
only, and (d) one RF is trained using training data from the warm climate only. Changes are expressed as the
percentage change in precipitation normalized by the change in zonal- and time-mean surface-air temperature.
The changes in this figure have been averaged between hemispheres, and a 1-2-1 filter has been applied to
reduce noise.
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is large (increase in global-mean surface temperature of 6.5K) and the results might be410
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seasonal cycle or ENSO-like variability, both of which might help by widening the range412

of training examples from the control climate. However, to the extent that the ML-based413
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parameterization must extrapolate at least at some times when applied to a warmer climate414

(e.g., during warm ENSO events), we expect it will not perform well.415

Interestingly, training the RF on the warm climate and then applying it in simula-416

tions of both the control and warm climate leads to much better results than training only417

on the control climate, albeit with a negative bias for the mean precipitation change in the418

tropics (Fig. 6d). Why is climate change better simulated when training on the warm cli-419

mate rather than the control climate? For a given tropical latitude in the control climate420

with a certain surface temperature and tropopause height, it is possible to find training421

samples at higher latitudes in the warm climate with a similar tropopause height and sur-422

face temperature. However, when training is based on the control climate, it is not pos-423

sible to find training samples with a su�ciently high tropopause or surface temperature424

that are needed for the tropics in the warm climate. At higher latitudes, moist convection425

is less important and there is more internal temperature variability which helps to broaden426

the range of training samples and makes it easier to generalize to a di↵erent climate.427

Overall, our results show that the RF parameterization performs well in simulations428

of climate change when the training data includes samples from both climates. An RF429

can be trained separately for each climate or the training data from both climates can be430

pooled to train one RF. Training on only the control climate gives poor results as might431

be expected. Training on only the warm climate leads to much better results than training432

on only the control climate, although there are still non-negligible biases in the simulated433

precipitation change at low latitudes.434

7 Feature importance of convection and sensitivity to perturbations435

Figure 7. Diagnostics measuring the responsiveness of convective tendencies to input temperature (blue)
and specific humidity (orange) at di↵erent vertical (�) levels according to the RF parameterization trained on
the control climate. (a) Sensitivity of surface precipitation in mm day�1 to perturbations in input temperature
and specific humidity at di↵erent vertical levels (�). The total perturbations are 1K for temperature and 1g
kg�1 for specific humidity and these are applied to samples with non-zero precipitation from the test dataset.
The sensitivities have been rescaled to approximately represent the response to a 50hPa-deep input perturba-
tion centered at a given level. (b) Feature importance of input temperature and specific humidity at di↵erent
� levels for convection (including both occurrence and strength of convection). The importance values have
been rescaled by 1/d� to account for the uneven � spacing. The vertically integrated importance is 0.24 for
temperature and 0.75 for specific humidity (the importance of surface pressure is 0.01).
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Machine-learning paramterization is a 
nonlinear mapping that can be interrogated to 

learn about underlying dynamics/physics

Illustrate here using two metrics:

1. Linear response function (e.g., Kuang 2010; Mapes et al 2017)

2. Feature importance

O’Gorman & Dwyer, submitted to JAMES



Similar to Mapes et al 2017
O’Gorman & Dwyer, submitted to JAMES

Linear response of surface precipitation rate to perturbations 
in temperature (1K) and moisture (1g/kg) at different levels
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the range of training samples and makes it easier to generalize to a di↵erent climate.427

Overall, our results show that the RF parameterization performs well in simulations428
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can be trained separately for each climate or the training data from both climates can be430

pooled to train one RF. Training on only the control climate gives poor results as might431

be expected. Training on only the warm climate leads to much better results than training432

on only the control climate, although there are still non-negligible biases in the simulated433

precipitation change at low latitudes.434

7 Feature importance of convection and sensitivity to perturbations435

Figure 7. Diagnostics measuring the responsiveness of convective tendencies to input temperature (blue)
and specific humidity (orange) at di↵erent vertical (�) levels according to the RF parameterization trained on
the control climate. (a) Sensitivity of surface precipitation in mm day�1 to perturbations in input temperature
and specific humidity at di↵erent vertical levels (�). The total perturbations are 1K for temperature and 1g
kg�1 for specific humidity and these are applied to samples with non-zero precipitation from the test dataset.
The sensitivities have been rescaled to approximately represent the response to a 50hPa-deep input perturba-
tion centered at a given level. (b) Feature importance of input temperature and specific humidity at di↵erent
� levels for convection (including both occurrence and strength of convection). The importance values have
been rescaled by 1/d� to account for the uneven � spacing. The vertically integrated importance is 0.24 for
temperature and 0.75 for specific humidity (the importance of surface pressure is 0.01).
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Feature importance of input temperature and moisture
 at different vertical levels
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tions of both the control and warm climate leads to much better results than training only417

on the control climate, albeit with a negative bias for the mean precipitation change in the418

tropics (Fig. 6d). Why is climate change better simulated when training on the warm cli-419

mate rather than the control climate? For a given tropical latitude in the control climate420

with a certain surface temperature and tropopause height, it is possible to find training421

samples at higher latitudes in the warm climate with a similar tropopause height and sur-422

face temperature. However, when training is based on the control climate, it is not pos-423

sible to find training samples with a su�ciently high tropopause or surface temperature424

that are needed for the tropics in the warm climate. At higher latitudes, moist convection425

is less important and there is more internal temperature variability which helps to broaden426

the range of training samples and makes it easier to generalize to a di↵erent climate.427

Overall, our results show that the RF parameterization performs well in simulations428

of climate change when the training data includes samples from both climates. An RF429

can be trained separately for each climate or the training data from both climates can be430

pooled to train one RF. Training on only the control climate gives poor results as might431

be expected. Training on only the warm climate leads to much better results than training432

on only the control climate, although there are still non-negligible biases in the simulated433

precipitation change at low latitudes.434

7 Feature importance of convection and sensitivity to perturbations435

Figure 7. Diagnostics measuring the responsiveness of convective tendencies to input temperature (blue)
and specific humidity (orange) at di↵erent vertical (�) levels according to the RF parameterization trained on
the control climate. (a) Sensitivity of surface precipitation in mm day�1 to perturbations in input temperature
and specific humidity at di↵erent vertical levels (�). The total perturbations are 1K for temperature and 1g
kg�1 for specific humidity and these are applied to samples with non-zero precipitation from the test dataset.
The sensitivities have been rescaled to approximately represent the response to a 50hPa-deep input perturba-
tion centered at a given level. (b) Feature importance of input temperature and specific humidity at di↵erent
� levels for convection (including both occurrence and strength of convection). The importance values have
been rescaled by 1/d� to account for the uneven � spacing. The vertically integrated importance is 0.24 for
temperature and 0.75 for specific humidity (the importance of surface pressure is 0.01).
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parameterization must extrapolate at least at some times when applied to a warmer climate414

(e.g., during warm ENSO events), we expect it will not perform well.415

Interestingly, training the RF on the warm climate and then applying it in simula-416

tions of both the control and warm climate leads to much better results than training only417

on the control climate, albeit with a negative bias for the mean precipitation change in the418

tropics (Fig. 6d). Why is climate change better simulated when training on the warm cli-419

mate rather than the control climate? For a given tropical latitude in the control climate420

with a certain surface temperature and tropopause height, it is possible to find training421

samples at higher latitudes in the warm climate with a similar tropopause height and sur-422

face temperature. However, when training is based on the control climate, it is not pos-423

sible to find training samples with a su�ciently high tropopause or surface temperature424

that are needed for the tropics in the warm climate. At higher latitudes, moist convection425

is less important and there is more internal temperature variability which helps to broaden426

the range of training samples and makes it easier to generalize to a di↵erent climate.427

Overall, our results show that the RF parameterization performs well in simulations428

of climate change when the training data includes samples from both climates. An RF429

can be trained separately for each climate or the training data from both climates can be430

pooled to train one RF. Training on only the control climate gives poor results as might431

be expected. Training on only the warm climate leads to much better results than training432

on only the control climate, although there are still non-negligible biases in the simulated433

precipitation change at low latitudes.434

7 Feature importance of convection and sensitivity to perturbations435

Figure 7. Diagnostics measuring the responsiveness of convective tendencies to input temperature (blue)
and specific humidity (orange) at di↵erent vertical (�) levels according to the RF parameterization trained on
the control climate. (a) Sensitivity of surface precipitation in mm day�1 to perturbations in input temperature
and specific humidity at di↵erent vertical levels (�). The total perturbations are 1K for temperature and 1g
kg�1 for specific humidity and these are applied to samples with non-zero precipitation from the test dataset.
The sensitivities have been rescaled to approximately represent the response to a 50hPa-deep input perturba-
tion centered at a given level. (b) Feature importance of input temperature and specific humidity at di↵erent
� levels for convection (including both occurrence and strength of convection). The importance values have
been rescaled by 1/d� to account for the uneven � spacing. The vertically integrated importance is 0.24 for
temperature and 0.75 for specific humidity (the importance of surface pressure is 0.01).

436

437

438

439

440

441

442

443

444

445

–12–

Integrated importance:
0.74 for specific humidity
0.25 for temperature 
(0.01 for surface pressure)
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sible to find training samples with a su�ciently high tropopause or surface temperature424

that are needed for the tropics in the warm climate. At higher latitudes, moist convection425

is less important and there is more internal temperature variability which helps to broaden426

the range of training samples and makes it easier to generalize to a di↵erent climate.427

Overall, our results show that the RF parameterization performs well in simulations428

of climate change when the training data includes samples from both climates. An RF429

can be trained separately for each climate or the training data from both climates can be430

pooled to train one RF. Training on only the control climate gives poor results as might431

be expected. Training on only the warm climate leads to much better results than training432

on only the control climate, although there are still non-negligible biases in the simulated433

precipitation change at low latitudes.434

7 Feature importance of convection and sensitivity to perturbations435

Figure 7. Diagnostics measuring the responsiveness of convective tendencies to input temperature (blue)
and specific humidity (orange) at di↵erent vertical (�) levels according to the RF parameterization trained on
the control climate. (a) Sensitivity of surface precipitation in mm day�1 to perturbations in input temperature
and specific humidity at di↵erent vertical levels (�). The total perturbations are 1K for temperature and 1g
kg�1 for specific humidity and these are applied to samples with non-zero precipitation from the test dataset.
The sensitivities have been rescaled to approximately represent the response to a 50hPa-deep input perturba-
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face temperature. However, when training is based on the control climate, it is not pos-423
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that are needed for the tropics in the warm climate. At higher latitudes, moist convection425

is less important and there is more internal temperature variability which helps to broaden426

the range of training samples and makes it easier to generalize to a di↵erent climate.427

Overall, our results show that the RF parameterization performs well in simulations428

of climate change when the training data includes samples from both climates. An RF429

can be trained separately for each climate or the training data from both climates can be430

pooled to train one RF. Training on only the control climate gives poor results as might431

be expected. Training on only the warm climate leads to much better results than training432

on only the control climate, although there are still non-negligible biases in the simulated433

precipitation change at low latitudes.434
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Figure 7. Diagnostics measuring the responsiveness of convective tendencies to input temperature (blue)
and specific humidity (orange) at di↵erent vertical (�) levels according to the RF parameterization trained on
the control climate. (a) Sensitivity of surface precipitation in mm day�1 to perturbations in input temperature
and specific humidity at di↵erent vertical levels (�). The total perturbations are 1K for temperature and 1g
kg�1 for specific humidity and these are applied to samples with non-zero precipitation from the test dataset.
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is less important and there is more internal temperature variability which helps to broaden426

the range of training samples and makes it easier to generalize to a di↵erent climate.427

Overall, our results show that the RF parameterization performs well in simulations428

of climate change when the training data includes samples from both climates. An RF429

can be trained separately for each climate or the training data from both climates can be430

pooled to train one RF. Training on only the control climate gives poor results as might431

be expected. Training on only the warm climate leads to much better results than training432

on only the control climate, although there are still non-negligible biases in the simulated433
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Integrated importance:
0.74 for specific humidity
0.25 for temperature 
(0.01 for surface pressure)

Doesn’t require small perturbations (e.g., can apply it to question of 
whether convecting)



Conclusions

• Machine learning shows potential for parameterization of 
moist convection in “perfect-parameterization” tests

• Random forest respects physical constraints and lead to 
accurate climate simulations

• Need training samples from warmer climate to capture 
climate-change

• Can use resulting nonlinear mapping to learn about 
interaction of convection with the large-scale environment

O’Gorman & Dwyer, submitted to JAMES





X - 2 O’GORMAN AND DWYER: MACHINE LEARNING FOR SUBGRID MOIST CONVECTION

Figure S1. Error of the random forest trained on the control climate as a function of the

number of trees in the ensemble (n estimators). The error is measured by 1-R
2
, and it is estimated

using 10-fold cross-validation on the training dataset. The other hyper-parameters are at their

default values of min sample leaf=10 and n train=700, 000.

Figure S2. As in Fig. S1 but showing the error as a function of the number of training samples

used (n train). The minimum value of n train shown is 10,000. The other hyper-parameters are

at their default values of min sample leaf=10 and n estimators=10.

X - 2 O’GORMAN AND DWYER: MACHINE LEARNING FOR SUBGRID MOIST CONVECTION

Figure S1. Error of the random forest trained on the control climate as a function of the

number of trees in the ensemble (n estimators). The error is measured by 1-R
2
, and it is estimated

using 10-fold cross-validation on the training dataset. The other hyper-parameters are at their

default values of min sample leaf=10 and n train=700, 000.

Figure S2. As in Fig. S1 but showing the error as a function of the number of training samples

used (n train). The minimum value of n train shown is 10,000. The other hyper-parameters are

at their default values of min sample leaf=10 and n estimators=10.

O’GORMAN AND DWYER: MACHINE LEARNING FOR SUBGRID MOIST CONVECTION X - 3

Figure S3. As in Fig. S1 but showing the error as a function of the minimum number of

training samples required to be at each leaf node (min sample leaf). The other hyper-parameters

are at their default values of n esimators=10 and n train=700, 000.

Figure S4. As in Fig. 1, but using the RF to predict the sum of the tendencies from the moist

convection scheme and the large-scale condensation scheme.

Cross-validation errors (1-R2) versus hyperparameters
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Also accurate when replace both the convection and 
large-scale condensation schemes

X - 4 O’GORMAN AND DWYER: MACHINE LEARNING FOR SUBGRID MOIST CONVECTION

Figure S5. As in Fig. 2, but using the RF to predict the sum of the precipitation from the

moist convection scheme and the large-scale condensation scheme.
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Figure S6. As in Fig. 3 but the RF in the GCM replaces both the moist convection scheme

and the large-scale condensation scheme.

Scatterplot of instantaneous surface precipitation rate from original convection 
schemes (RAS+large-scale condensation) versus Random Forest
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GCM with Random-Forest convection scheme correctly 
captures climate-change response of mean temperature

Change in mean temperature (K) with contour interval of 2K
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Figure 4. Changes in (a) zonal- and time-mean precipitation and (b) the 99.9th percentile of daily precipita-
tion between the control climate and the warm climate for simulations with the RAS parameterization (black),
with the RF parameterization (red dashed) and with no convection scheme (blue). Changes are expressed as
the percentage change in precipitation normalized by the change in zonal- and time-mean surface-air temper-
ature. The changes in this figure have been averaged between hemispheres, and a 1-2-1 filter has been applied
to reduce noise.
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a strong increase in precipitation extremes in the tropics, albeit not as strong as when it383

was implemented in the GFDL coupled models CM2.0 and CM2.1 [O’Gorman, 2012].384

Simulations in which the convection scheme is turned o↵ have a more muted increase385

in extreme precipitation in the tropics (Fig. 4). The GCM with the RF parameterization386

also faithfully captures the vertical and meridional structure of warming, with amplified387

warming in the tropical upper troposphere and polar amplification of warming in the lower388

troposphere (Fig. 5).389

Next we assess the performance of di↵erent RF training approaches for climate390

change as measured by the change in mean precipitation (Fig. 6). Other quantities such391

as the vertical profile of warming in the tropics lead to similar conclusions. When an RF392
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Figure 6. Change in zonal- and time-mean precipitation versus latitude between the control climate and the
warm climate for the RAS parameterization (black) and the RF parameterization (dashed red) with di↵erent
approaches to training: (a) a di↵erent RF is trained for each climate separately, (b) one RF is trained using
combined training data from both climates, (c), one RF is trained using training data from the control climate
only, and (d) one RF is trained using training data from the warm climate only. Changes are expressed as the
percentage change in precipitation normalized by the change in zonal- and time-mean surface-air temperature.
The changes in this figure have been averaged between hemispheres, and a 1-2-1 filter has been applied to
reduce noise.
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is trained separately for each climate, the latitudinal profile of mean precipitation change393

is correctly captured (Fig. 6a, repeated from Fig. 4a). Training separately on di↵erent cli-394

mates is not necessarily feasible for simulations of tranisent climate evolution. An alterna-395

tive would be to train one RF using training data from a range of di↵erent climate states.396

We test this approach here by combining training data from the control and warm climates397

(using 1,400,000 training samples) and training one RF which is then used in GCM sim-398

ulations of both climates. The GCM with the RF parameterization performs well in this399

case, as illustrated for the change in mean precipitation in Fig. 6b, and the control climate400

is also correctly simulated (not shown).401

By contrast, training an RF on the control climate only and applying it in simula-402

tions of both the control climate and the warm climate leads to inaccurate climate-change403

results, with changes in precipitation in the tropics and subtropics that are incorrect and404

much too large (Fig. 6c). This failure is likely because climate warming leads to higher405

tropical surface temperatures and an increase in the height of the tropopause [Vallis et al.,406

2015] as part of a more general upward shift of the circulation and thermal structure [Singh407

and O’Gorman, 2012], but there are not examples in the training data from the control cli-408

mate with such a warm surface or high tropopause. The climate-change considered here409

is large (increase in global-mean surface temperature of 6.5K) and the results might be410

better for a smaller climate change. In addition, the control simulation does not have a411

seasonal cycle or ENSO-like variability, both of which might help by widening the range412

of training examples from the control climate. However, to the extent that the ML-based413
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Figure 6. Change in zonal- and time-mean precipitation versus latitude between the control climate and the
warm climate for the RAS parameterization (black) and the RF parameterization (dashed red) with di↵erent
approaches to training: (a) a di↵erent RF is trained for each climate separately, (b) one RF is trained using
combined training data from both climates, (c), one RF is trained using training data from the control climate
only, and (d) one RF is trained using training data from the warm climate only. Changes are expressed as the
percentage change in precipitation normalized by the change in zonal- and time-mean surface-air temperature.
The changes in this figure have been averaged between hemispheres, and a 1-2-1 filter has been applied to
reduce noise.
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is trained separately for each climate, the latitudinal profile of mean precipitation change393

is correctly captured (Fig. 6a, repeated from Fig. 4a). Training separately on di↵erent cli-394

mates is not necessarily feasible for simulations of tranisent climate evolution. An alterna-395

tive would be to train one RF using training data from a range of di↵erent climate states.396

We test this approach here by combining training data from the control and warm climates397

(using 1,400,000 training samples) and training one RF which is then used in GCM sim-398

ulations of both climates. The GCM with the RF parameterization performs well in this399

case, as illustrated for the change in mean precipitation in Fig. 6b, and the control climate400

is also correctly simulated (not shown).401

By contrast, training an RF on the control climate only and applying it in simula-402

tions of both the control climate and the warm climate leads to inaccurate climate-change403

results, with changes in precipitation in the tropics and subtropics that are incorrect and404

much too large (Fig. 6c). This failure is likely because climate warming leads to higher405

tropical surface temperatures and an increase in the height of the tropopause [Vallis et al.,406

2015] as part of a more general upward shift of the circulation and thermal structure [Singh407

and O’Gorman, 2012], but there are not examples in the training data from the control cli-408

mate with such a warm surface or high tropopause. The climate-change considered here409

is large (increase in global-mean surface temperature of 6.5K) and the results might be410

better for a smaller climate change. In addition, the control simulation does not have a411

seasonal cycle or ENSO-like variability, both of which might help by widening the range412

of training examples from the control climate. However, to the extent that the ML-based413
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Figure 6. Change in zonal- and time-mean precipitation versus latitude between the control climate and the
warm climate for the RAS parameterization (black) and the RF parameterization (dashed red) with di↵erent
approaches to training: (a) a di↵erent RF is trained for each climate separately, (b) one RF is trained using
combined training data from both climates, (c), one RF is trained using training data from the control climate
only, and (d) one RF is trained using training data from the warm climate only. Changes are expressed as the
percentage change in precipitation normalized by the change in zonal- and time-mean surface-air temperature.
The changes in this figure have been averaged between hemispheres, and a 1-2-1 filter has been applied to
reduce noise.

364

365

366

367

368

369

370

371

is trained separately for each climate, the latitudinal profile of mean precipitation change393

is correctly captured (Fig. 6a, repeated from Fig. 4a). Training separately on di↵erent cli-394

mates is not necessarily feasible for simulations of tranisent climate evolution. An alterna-395

tive would be to train one RF using training data from a range of di↵erent climate states.396

We test this approach here by combining training data from the control and warm climates397

(using 1,400,000 training samples) and training one RF which is then used in GCM sim-398

ulations of both climates. The GCM with the RF parameterization performs well in this399

case, as illustrated for the change in mean precipitation in Fig. 6b, and the control climate400

is also correctly simulated (not shown).401

By contrast, training an RF on the control climate only and applying it in simula-402

tions of both the control climate and the warm climate leads to inaccurate climate-change403

results, with changes in precipitation in the tropics and subtropics that are incorrect and404

much too large (Fig. 6c). This failure is likely because climate warming leads to higher405

tropical surface temperatures and an increase in the height of the tropopause [Vallis et al.,406

2015] as part of a more general upward shift of the circulation and thermal structure [Singh407

and O’Gorman, 2012], but there are not examples in the training data from the control cli-408

mate with such a warm surface or high tropopause. The climate-change considered here409

is large (increase in global-mean surface temperature of 6.5K) and the results might be410

better for a smaller climate change. In addition, the control simulation does not have a411

seasonal cycle or ENSO-like variability, both of which might help by widening the range412

of training examples from the control climate. However, to the extent that the ML-based413
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Figure 6. Change in zonal- and time-mean precipitation versus latitude between the control climate and the
warm climate for the RAS parameterization (black) and the RF parameterization (dashed red) with di↵erent
approaches to training: (a) a di↵erent RF is trained for each climate separately, (b) one RF is trained using
combined training data from both climates, (c), one RF is trained using training data from the control climate
only, and (d) one RF is trained using training data from the warm climate only. Changes are expressed as the
percentage change in precipitation normalized by the change in zonal- and time-mean surface-air temperature.
The changes in this figure have been averaged between hemispheres, and a 1-2-1 filter has been applied to
reduce noise.

364

365

366

367

368

369

370

371

is trained separately for each climate, the latitudinal profile of mean precipitation change393

is correctly captured (Fig. 6a, repeated from Fig. 4a). Training separately on di↵erent cli-394

mates is not necessarily feasible for simulations of tranisent climate evolution. An alterna-395

tive would be to train one RF using training data from a range of di↵erent climate states.396

We test this approach here by combining training data from the control and warm climates397

(using 1,400,000 training samples) and training one RF which is then used in GCM sim-398

ulations of both climates. The GCM with the RF parameterization performs well in this399

case, as illustrated for the change in mean precipitation in Fig. 6b, and the control climate400

is also correctly simulated (not shown).401

By contrast, training an RF on the control climate only and applying it in simula-402

tions of both the control climate and the warm climate leads to inaccurate climate-change403

results, with changes in precipitation in the tropics and subtropics that are incorrect and404

much too large (Fig. 6c). This failure is likely because climate warming leads to higher405

tropical surface temperatures and an increase in the height of the tropopause [Vallis et al.,406

2015] as part of a more general upward shift of the circulation and thermal structure [Singh407

and O’Gorman, 2012], but there are not examples in the training data from the control cli-408

mate with such a warm surface or high tropopause. The climate-change considered here409

is large (increase in global-mean surface temperature of 6.5K) and the results might be410

better for a smaller climate change. In addition, the control simulation does not have a411

seasonal cycle or ENSO-like variability, both of which might help by widening the range412

of training examples from the control climate. However, to the extent that the ML-based413
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Figure 6. Change in zonal- and time-mean precipitation versus latitude between the control climate and the
warm climate for the RAS parameterization (black) and the RF parameterization (dashed red) with di↵erent
approaches to training: (a) a di↵erent RF is trained for each climate separately, (b) one RF is trained using
combined training data from both climates, (c), one RF is trained using training data from the control climate
only, and (d) one RF is trained using training data from the warm climate only. Changes are expressed as the
percentage change in precipitation normalized by the change in zonal- and time-mean surface-air temperature.
The changes in this figure have been averaged between hemispheres, and a 1-2-1 filter has been applied to
reduce noise.
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is correctly captured (Fig. 6a, repeated from Fig. 4a). Training separately on di↵erent cli-394

mates is not necessarily feasible for simulations of tranisent climate evolution. An alterna-395

tive would be to train one RF using training data from a range of di↵erent climate states.396

We test this approach here by combining training data from the control and warm climates397

(using 1,400,000 training samples) and training one RF which is then used in GCM sim-398

ulations of both climates. The GCM with the RF parameterization performs well in this399

case, as illustrated for the change in mean precipitation in Fig. 6b, and the control climate400

is also correctly simulated (not shown).401

By contrast, training an RF on the control climate only and applying it in simula-402

tions of both the control climate and the warm climate leads to inaccurate climate-change403

results, with changes in precipitation in the tropics and subtropics that are incorrect and404

much too large (Fig. 6c). This failure is likely because climate warming leads to higher405

tropical surface temperatures and an increase in the height of the tropopause [Vallis et al.,406

2015] as part of a more general upward shift of the circulation and thermal structure [Singh407

and O’Gorman, 2012], but there are not examples in the training data from the control cli-408

mate with such a warm surface or high tropopause. The climate-change considered here409

is large (increase in global-mean surface temperature of 6.5K) and the results might be410

better for a smaller climate change. In addition, the control simulation does not have a411

seasonal cycle or ENSO-like variability, both of which might help by widening the range412

of training examples from the control climate. However, to the extent that the ML-based413
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Figure 6. Change in zonal- and time-mean precipitation versus latitude between the control climate and the
warm climate for the RAS parameterization (black) and the RF parameterization (dashed red) with di↵erent
approaches to training: (a) a di↵erent RF is trained for each climate separately, (b) one RF is trained using
combined training data from both climates, (c), one RF is trained using training data from the control climate
only, and (d) one RF is trained using training data from the warm climate only. Changes are expressed as the
percentage change in precipitation normalized by the change in zonal- and time-mean surface-air temperature.
The changes in this figure have been averaged between hemispheres, and a 1-2-1 filter has been applied to
reduce noise.
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mates is not necessarily feasible for simulations of tranisent climate evolution. An alterna-395

tive would be to train one RF using training data from a range of di↵erent climate states.396

We test this approach here by combining training data from the control and warm climates397

(using 1,400,000 training samples) and training one RF which is then used in GCM sim-398

ulations of both climates. The GCM with the RF parameterization performs well in this399

case, as illustrated for the change in mean precipitation in Fig. 6b, and the control climate400

is also correctly simulated (not shown).401

By contrast, training an RF on the control climate only and applying it in simula-402

tions of both the control climate and the warm climate leads to inaccurate climate-change403

results, with changes in precipitation in the tropics and subtropics that are incorrect and404

much too large (Fig. 6c). This failure is likely because climate warming leads to higher405

tropical surface temperatures and an increase in the height of the tropopause [Vallis et al.,406

2015] as part of a more general upward shift of the circulation and thermal structure [Singh407

and O’Gorman, 2012], but there are not examples in the training data from the control cli-408

mate with such a warm surface or high tropopause. The climate-change considered here409

is large (increase in global-mean surface temperature of 6.5K) and the results might be410

better for a smaller climate change. In addition, the control simulation does not have a411
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Figure 6. Change in zonal- and time-mean precipitation versus latitude between the control climate and the
warm climate for the RAS parameterization (black) and the RF parameterization (dashed red) with di↵erent
approaches to training: (a) a di↵erent RF is trained for each climate separately, (b) one RF is trained using
combined training data from both climates, (c), one RF is trained using training data from the control climate
only, and (d) one RF is trained using training data from the warm climate only. Changes are expressed as the
percentage change in precipitation normalized by the change in zonal- and time-mean surface-air temperature.
The changes in this figure have been averaged between hemispheres, and a 1-2-1 filter has been applied to
reduce noise.
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is trained separately for each climate, the latitudinal profile of mean precipitation change393

is correctly captured (Fig. 6a, repeated from Fig. 4a). Training separately on di↵erent cli-394

mates is not necessarily feasible for simulations of tranisent climate evolution. An alterna-395

tive would be to train one RF using training data from a range of di↵erent climate states.396

We test this approach here by combining training data from the control and warm climates397

(using 1,400,000 training samples) and training one RF which is then used in GCM sim-398

ulations of both climates. The GCM with the RF parameterization performs well in this399

case, as illustrated for the change in mean precipitation in Fig. 6b, and the control climate400

is also correctly simulated (not shown).401

By contrast, training an RF on the control climate only and applying it in simula-402

tions of both the control climate and the warm climate leads to inaccurate climate-change403

results, with changes in precipitation in the tropics and subtropics that are incorrect and404

much too large (Fig. 6c). This failure is likely because climate warming leads to higher405

tropical surface temperatures and an increase in the height of the tropopause [Vallis et al.,406

2015] as part of a more general upward shift of the circulation and thermal structure [Singh407

and O’Gorman, 2012], but there are not examples in the training data from the control cli-408

mate with such a warm surface or high tropopause. The climate-change considered here409

is large (increase in global-mean surface temperature of 6.5K) and the results might be410

better for a smaller climate change. In addition, the control simulation does not have a411

seasonal cycle or ENSO-like variability, both of which might help by widening the range412

of training examples from the control climate. However, to the extent that the ML-based413
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Figure 6. Change in zonal- and time-mean precipitation versus latitude between the control climate and the
warm climate for the RAS parameterization (black) and the RF parameterization (dashed red) with di↵erent
approaches to training: (a) a di↵erent RF is trained for each climate separately, (b) one RF is trained using
combined training data from both climates, (c), one RF is trained using training data from the control climate
only, and (d) one RF is trained using training data from the warm climate only. Changes are expressed as the
percentage change in precipitation normalized by the change in zonal- and time-mean surface-air temperature.
The changes in this figure have been averaged between hemispheres, and a 1-2-1 filter has been applied to
reduce noise.
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is trained separately for each climate, the latitudinal profile of mean precipitation change393

is correctly captured (Fig. 6a, repeated from Fig. 4a). Training separately on di↵erent cli-394

mates is not necessarily feasible for simulations of tranisent climate evolution. An alterna-395

tive would be to train one RF using training data from a range of di↵erent climate states.396

We test this approach here by combining training data from the control and warm climates397

(using 1,400,000 training samples) and training one RF which is then used in GCM sim-398

ulations of both climates. The GCM with the RF parameterization performs well in this399

case, as illustrated for the change in mean precipitation in Fig. 6b, and the control climate400

is also correctly simulated (not shown).401

By contrast, training an RF on the control climate only and applying it in simula-402

tions of both the control climate and the warm climate leads to inaccurate climate-change403

results, with changes in precipitation in the tropics and subtropics that are incorrect and404

much too large (Fig. 6c). This failure is likely because climate warming leads to higher405

tropical surface temperatures and an increase in the height of the tropopause [Vallis et al.,406

2015] as part of a more general upward shift of the circulation and thermal structure [Singh407

and O’Gorman, 2012], but there are not examples in the training data from the control cli-408

mate with such a warm surface or high tropopause. The climate-change considered here409

is large (increase in global-mean surface temperature of 6.5K) and the results might be410

better for a smaller climate change. In addition, the control simulation does not have a411
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Figure 6. Change in zonal- and time-mean precipitation versus latitude between the control climate and the
warm climate for the RAS parameterization (black) and the RF parameterization (dashed red) with di↵erent
approaches to training: (a) a di↵erent RF is trained for each climate separately, (b) one RF is trained using
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only, and (d) one RF is trained using training data from the warm climate only. Changes are expressed as the
percentage change in precipitation normalized by the change in zonal- and time-mean surface-air temperature.
The changes in this figure have been averaged between hemispheres, and a 1-2-1 filter has been applied to
reduce noise.
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Asymmetry because can find training samples in warm climate at higher 
latitudes that match tropical samples in control climate (ultimately because of 
weaker temperature variability in tropics than extratropics)



O’Gorman & Dwyer, submitted to JAMES

Random forest accurately predicts convection+large-
scale condensation tendencies in test dataset

Correlation coefficients when train on convection+large-scale 
condensation tendencies using one Random Forest

O’GORMAN AND DWYER: MACHINE LEARNING FOR SUBGRID MOIST CONVECTION X - 3

Figure S3. As in Fig. S1 but showing the error as a function of the minimum number of

training samples required to be at each leaf node (min sample leaf). The other hyper-parameters

are at their default values of n esimators=10 and n train=700, 000.

Figure S4. As in Fig. 1, but using the RF to predict the sum of the tendencies from the moist

convection scheme and the large-scale condensation scheme.



Some similar information in linear response and feature 
importance, but feature importance doesn’t require small 

perturbations

O’Gorman & Dwyer, submitted to JAMES
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parameterization must extrapolate at least at some times when applied to a warmer climate414

(e.g., during warm ENSO events), we expect it will not perform well.415

Interestingly, training the RF on the warm climate and then applying it in simula-416

tions of both the control and warm climate leads to much better results than training only417

on the control climate, albeit with a negative bias for the mean precipitation change in the418

tropics (Fig. 6d). Why is climate change better simulated when training on the warm cli-419

mate rather than the control climate? For a given tropical latitude in the control climate420

with a certain surface temperature and tropopause height, it is possible to find training421

samples at higher latitudes in the warm climate with a similar tropopause height and sur-422

face temperature. However, when training is based on the control climate, it is not pos-423

sible to find training samples with a su�ciently high tropopause or surface temperature424

that are needed for the tropics in the warm climate. At higher latitudes, moist convection425

is less important and there is more internal temperature variability which helps to broaden426

the range of training samples and makes it easier to generalize to a di↵erent climate.427

Overall, our results show that the RF parameterization performs well in simulations428

of climate change when the training data includes samples from both climates. An RF429

can be trained separately for each climate or the training data from both climates can be430

pooled to train one RF. Training on only the control climate gives poor results as might431

be expected. Training on only the warm climate leads to much better results than training432

on only the control climate, although there are still non-negligible biases in the simulated433

precipitation change at low latitudes.434

7 Feature importance of convection and sensitivity to perturbations435

Figure 7. Diagnostics measuring the responsiveness of convective tendencies to input temperature (blue)
and specific humidity (orange) at di↵erent vertical (�) levels according to the RF parameterization trained on
the control climate. (a) Sensitivity of surface precipitation in mm day�1 to perturbations in input temperature
and specific humidity at di↵erent vertical levels (�). The total perturbations are 1K for temperature and 1g
kg�1 for specific humidity and these are applied to samples with non-zero precipitation from the test dataset.
The sensitivities have been rescaled to approximately represent the response to a 50hPa-deep input perturba-
tion centered at a given level. (b) Feature importance of input temperature and specific humidity at di↵erent
� levels for convection (including both occurrence and strength of convection). The importance values have
been rescaled by 1/d� to account for the uneven � spacing. The vertically integrated importance is 0.24 for
temperature and 0.75 for specific humidity (the importance of surface pressure is 0.01).
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